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Preface

Many testbeds in Artificial Intelligence are a priori known and static. However, as Artificial Intelligence sys-
tems are applied to more realistic problems, they need to be able to cope with a priori unknown and dynamic
domains. The state of an environment, for instance, can Change over time due to the presence of other (coopera—
tive or competitive) agents or exogenous events. In such domains, an agent cannot predict the effects of its actions
with certainty and thus needs to be able to plan under uncertainty with its current domain model as well as learn
improved domain models, often in real time. Example domains include real-time games, mobile robotics, space
applications, supply-chain management, and decision support for crisis management. The following research ar-
eas are important for planning and learning in a priori unknown or dynamic domains:

o finding robust plans and enhancing the robustness of existing plans,
e time-dependent planning,

o trading off planning time and plan quality,

interleaving planning and plan execution,

fast replanning and plan adaptation,

planning when and what to sense,

multi-agent planning and learning,

life-long learning of domain models,

acting robustly in the presence of unknown but important state features or discovering them,

reinforcement learning, and
e learning with very few training data.

These issues are being explored by researchers from different communities in Artificial Intelligence. They are, for
instance, being studied in search, generative and reactive planning, scheduling, agents, robotics, reasoning and
meta reasoning, and machine learning. This workshop brought together researchers from these communities to
learn about each other’s approaches, form long-term collaborations, and cross-fertilize the different areas to accel-
erate progress towards scaling up to larger and more realistic applications. If you would like to keep informed on
the developments in the area, you can check the webpage of the workshop periodically or subscribe to the mail-
ing list as follows.

Mailing list

To sign up, please send an email to ijcai05-pludd-request@cs.ualberta.ca with the line: “subscribe” in the body
of the message. This will add you to the mailing list for the workshop. The mailing list is moderated against spam
abuse.

Web page

http:/ /www-rcf.usc.edu / ~skoenig / workshop.html



Program Committee

Douglas Aberdeen, The Australian National University (Australia)
Blai Bonet, Universidad Simon Bolivar (Venezuela)

Adi Botea, University of Alberta (Canada)

James Bruce, Carnegie Mellon University (USC)

Greg Calbert, DSTO (Australia)

Alessandro Cimatti, IRST (Italy)

Alan Fern, Oregon State University (USA)

Natalia Gardiol, MIT (USA)

Russ Gayle, University of North Carolina (USA)

Enrico Giunchiglia, Universita di Genova (Italy)

Russ Greiner, University of Alberta (Canada)

Charles Gretton, National ICT Australia (Australia)

Richard Korf, University of California at Los Angeles (USA)
Lihong Li, Rutgers University (USA)

Michael Littman, Rutgers University (USA)

Yaxin Liu, University of Texas (USA)

Frederic Maire, Queensland University of Technology (Australia)
Mausam, University of Washington (USA)

Martin Mueller, University of Alberta (Canada)

Doina Precup, McGill University (Canada)

Ioannis Refanidis, University of Macedonia (Greece)

Matt Rudary, University of Michigan (USA)

Jonathan Schaeffer, University of Alberta (Canada)

Masashi Shimbo, Nara Institute of Science and Technology (Japan)
Bill Smart, Washinton University in St. Louis (USA)

Trey Smith, Carnegie Mellon University (USA)

Finnegan Southey, University of Alberta (Canada)

Peter Stone, University of Texas at Austin (USA)

Nathan Sturtevant, University of Alberta (Canada)

Rich Sutton, University of Alberta (Canada)

Sylvie Thiebaux, The Australian National University (Australia)
Vincent Vidal, CRIL (France)

Eric Wiewiora, University of California in San Diego (USA)
Martin Zinkevich, Brown University (USA)

Chairs
Vadim Bulitko (Canada)
Sven Koenig (USA)

Additional credits

Carlos Guestrin (coordinating IJCAI'05 workshops)
Alex Morrice (cover photograph)



Papers

Learning Planning Rules in Noisy Stochastic Worlds,
Luke Zettlemoyer, Hanna Pasula, Leslie Kaelbling / 1

Adaptive Partitioning of State Spaces using Decision Graphs for Real-Time Modeling and Planning,
Mykel J. Kochenderfer, Gillian Hayes / 9

Modeling and Planning in Large State and Action Spaces,
Mykel J. Kochenderfer, Gillian Hayes / 16

Apprenticeship Learning for Initial Value Functions in Reinforcement Learning,
Frederic Maire, Vadim Bulitko / 23

Fast Reachability Analysis for Uncertain SSPs, Olivier Buffet / 29

Putting Olfaction into Action: Anchoring symbols to sensor data using olfaction and planning,
Amy Loutfi, Silvia Coradeschi, Lars Karlsson and Mathias Broxvall / 35

Using LTL Assumptions to Generate Safe Plans for Partially Known Domains,
Alexandre Albore, Piergiorgio Bertoli / 41

Path planning for unmanned underwater vehicles, Clement Petres and Pedro Patron / 47

Speeding Up Learning in Real-time Search via Automatic State Abstraction,
Vadim Bulitko, Nathan Sturtevant, Maryia Kazakevich / 55

Generating Temporally Contingent Plans, Janae Foss and Nilufer Onder / 62
Improving convergence of LRTA*(k), Carlos Hernandez, Pedro Meseguer / 69

Learning Task Allocation via Multi-level Policy Gradient Algorithm with Dynamic Learning Rate,
Sherief Abdallah, Victor Lesser / 76

An Algorithm better than AO*?, Blai Bonet, Hector Geffner / 83
Hypothetical Planning, Tamara Babaian / 90

Risk-directed Exploration in Reinforcement Learning,
Edith L.M. Law, Melanie Coggan, Doina Precup, Bohdana Ratitch / 97

Best-first Utility-guided Search, Wheeler Ruml, Elisabeth H. Crawford, Minh B. Do / 103
Heuristic Speed-Ups for Learning in Complex Stochastic Environments, Christian J. Darken / 110
Deduction and exploratory assessment of partial plans, Jacek Malec, Stawomir Nowaczyk / 117

Robust and Opportunistic Planning for Planetary Exploration, Daniel M. Gaines, Tara Estlin, Caroline Chouinard,
Forest Fisher Rebecca Castano, Robert C. Anderson, and Michele Judd / 125

Bayesian Models of Nonstationary Markov Decision Processes, Nick Jong, Peter Stone / 132
Simulation Methods for Uncertain Decision-Theoretic Planning, Douglas Aberdeen and Olivier Buffet / 135
Dynamic Domains in Data Production Planning, Keith Golden, Wanlin Pang / 141
Hedged learning: Regret-minimization with learning experts, Yu-Han Chang, Leslie Pack Kaelbling / 149
Supervised Learning of Options: A Pilot Study, Cosmin Paduraru, Vadim Bulitko / 155



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

V. Bulitko & S. Koenig (eds.)

Learning Planning Rules in Noisy Stochastic Worlds

Luke S. Zettlemoyer
MIT CSAIL
Isz@csail.mit.edu

Abstract

We present an algorithm for learning a
model of the effects of actions in noisy
stochastic worlds. We consider learning
in a 3D simulated blocks world with real-
istic physics. To model this world, we de-
velop a planning representation with ex-
plicit mechanisms for expressing object
reference and noise. We then present a
learning algorithm that can create rules
while also learning derived predicates,
and evaluate this algorithm in the blocks
world simulator, demonstrating that we

Hanna M. Pasula
MIT CSAIL
pasula@csail.mit.edu

Leslie Pack Kaelbling
MIT CSAIL
Ipk@csail.mit.edu

piles sometimes fall over. We would like to learn models that
enable effective action in this world.

Unfortunately, previous approaches to action model learn-
ing cannot solve this problem. The algorithms that learn
deterministic rule descriptiongShen & Simon, 1989; Gil,
1994; Wang, 1996have limited applicability in a stochas-
tic world. One approaciPasula, Zettlemoyer, & Kael-
bling, 2004 has extended those methods to learn probabilis-
tic STRIPS rules, but this representation cannot cope with
the complexity of the simulated blocks world. The work of
Benson (1996), which extends a deterministic I[LRwvrat &
DZeroski, 1994 learning algorithm that is robust to noise in
the training set, would, perhaps, come the closest, but it lacks
the ability to handle complex action effects such as piles of

can learn rules that effectively model the

: blocks falling over. We address this challenge by develop-
world dynamics.

ing a more flexible algorithm that creates models that include
mechanisms for referring to objects and abstracting away rare
. or highly complex action outcomes, and also invents new con-
1 Introduction cepts that help determine when actions will have different ef-

One of the goals of artificial intelligence is to build systems€cts- .

that can actin complex environments as effectively as humans When learning these models, we assume that the learner
do: to perform everyday human tasks, like making breakhas access to training examples that show how the world
fast or unpacking and putting away the contents of an ofchanges when an action is executed. The learning problem
fice. Any robot that hopes to solve these tasks must be al§ then one of density estimation. The learner must estimate
integrated system that perceives the world, understands it ithe distribution over next states of the world that executing an
an, at least naively, human manner, and commands motors &stion will cause.

effect changes to it. Unfortunately, the current state of the In the rest of this paper, we first present our representa-
art in reasoning, planning, learning, perception, locomotiontion, showing how these extensions are added to probabilistic
and manipulation is so far removed from human-level abil-STRIPS rules. Then, we develop a learning algorithm for
ities that we cannot even contemplate working in an actualhese rules. Finally, we evaluate these learned rules in the
domain of interest. Instead, we choose to work in domainsimulated blocks world.

that are its almost ridiculously simplified proxies.

. One pop_ular spch proxy, used sincg the beginning of worky Representation

in Al planning [Fikes & Nilsson, 197]Lis a world of stack-

ing blocks. Thisblocks worldis typically formalized in  This section describes representations for thé sépossible
some version of logic, using predicates sucloag,b) and  states of the world, the sgt of possible actions the agent can
clear(a) to describe the relationships of the blocks to one antake, and the probabilistic transition dynamies(s’[s, a),
other. Blocks are always very neatly stacked; they don't falwheres, s’ € S anda € A. In each case, we use a subset
into jumbles. In this paper, we will work in a slightly less of a relatively standard first-order logic with equality. States
ridiculous version of the blocks world, one constructed usingand actions are ground; the rules used to express the transition
a three-dimensional rigid-body dynamics simulaf@DE, dynamics quantify over variables.

2004. An example domain configuration is shown in Fig- We begin by defining a language that includes a set of pred-
ure 1. In this simulated blocks world, blocks are not alwaysicates® and a set of function$). There are three types

in tidy piles; blocks sometimes slip out of the gripper; andof functions inQ: traditional functions, which range over
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could represent the action where the gripper attempts to

L action for putting down blocks. The action liteggitkup(c;)
pickup the block:; in the state represented in Sentence 1.

2.3 World Dynamics Representation

We begin by defining probabilistic STRIPS ruleBlum &
Langford, 1999. Next, we describe the changes we have
made to the rules to enable them to model more complex
worlds. Then, we explain how the representation language
is extended to allow for the construction of additional pred-
icates and functions. Finally, we show how to use a set of
rules to provide a model of world dynamics.

Probabilistic STRIPS rules

) Each probabilistic STRIPS rule specifies the conditions under

Figure 1: A screen capture of the simulated blocks world. The which it applies, as well as a small number of simple action

blocks come in various sizes, visible here, and various colors. Theutcomes-sets of changes that might occur in tandem. More

gripper can perform two macro actiongickup which centers the formally, a rule for actiorr has the form

gripper above a block, lowers it until it hits something, closes it, /=
: SR X . p1 V(%)

and raises the gripper; apaiton which centers the gripper above a VEU(Z) A 2(T) — 84 .. ...

block, lowers until it encounters pressure, opens it, and raises it. P WL (T)

wherez is a vector of variablesy is thecontext a formula

objects; discrete-valued functions, which range over a prethat might hold of them at the current time stalp, ... ¥;,
defined discrete set of values; and integer-valued function@reoutcomesformulas that might hold in the next step, and

which range over a finite subset of the integers. p1...pn are positive numbers summing to 1, representing a
probability distribution over the outcomes. Traditionally, the
2.1 State Representation actionz(z) must contain every; € z. We constrainl and

, : . . .
In this work, we assume that the environment is completely‘l} to be conjunctions of literals constructed from the predi

observable; that is, that the agent is able to perceive an u ates in® and the variables as well as equality statements

ambiguous and correct description of the current st&ach comparing a function (taken froff) of these variables to a

state consists of a particular configuration of the propertie%?él;e;gétfe?srl?ﬁér:ng?;{gﬁ%ﬁ;s allowed to contain greater-

of and relations between objects for all of the objects in the We sav that a ruleoversa statel’(C) and actiona(C) if
world, where those individual objects are denoted using con; ere exi)s/ts an action substitutiarm(a ) ing the varia(lbl)es in
stants. State descriptions are conjunctive sentences that "%}to C (note that there may be fewerrz/%rigbles*ciman con-
the truth values for all of the possible groundings of the pred-: tants in C) such that(C) = (o(z)) anda(C) = =(o(7)).

icates and functions with the constants. When writing the hat is, if there exists a substitution of constants for variables
down, we will make the closed world assumption and omitthat W,hen applied to antecedent, grounds it so that it is en-
the negative literals. : PP ' 9

As an example, let us consider representing the state of iled by the state and, when applied to the rule action, makes

simple blocks world, using a language that contains the pred? €qual the action the rule covers. _
icateson, table, clear, inhand andinhand-nil The objects ~ Here is an example using the language of Sentence 1:
in this W‘?’Hd inclgde two blocksg; andc,, a tablet, and a pickug(X, Y) :

gripper. The sentence on(X, Y), inhand-ni

on(cy, c2) A on(ez, t) Ainhand-nilA clear(c) A table(t) (1) S0 —on(X, Y), inhand X), —inhand-nil
represents a blocks world where the gripper holds nothing -9 10 ilgﬁ&Y)y) on(X, 1), clear(Y)

and the two blocks are in a single stack on the table. .10 : no change

2.2 Action Representation The context of this rule states thitis onY, and there is

Actions are represented as positive literals whose predicatd®thing in the gripper. The rule covers the world of Sen-
are drawn from a special set, and whose terms are drawn t€nce 1 and actiopickup(cy, ¢2) under the action substitution
from the set of constants C associated with the werdhere ~ 1X — ¢1,Y — ¢2}. The first outcome describes the situation
the action is to be executed. where the gripper successfully picks up the blogkand the
For example, in the simulated blocks world, contains ~ S€cond indicates thatfalls onto the table.
pickup/1, an action for picking up blocks, arglitory1, an Let us now consider what a rule that covers the state and ac-
’ ' ' tion can tell us about the possible subsequent states. Each out-
LThis is a very strong, and ultimately indefensible assumption.come directly specifies that’(o(z)) holds at the next step,
one of our highest priorities for future work is to extend this to the but this may be only an incomplete specification of the state.
case when the environment is partially observable. We use the frame assumption to fill in the rest; every literal
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that would be needed to make a complete description of thalso that, in this representation, different rules for the same

state that is not included M’(o (%)) is retrieved, with its as-  action can abstract over different sets of objects.

sociated truth value or equality assignment, fiB(). To use rules with deictic references, we must extend our
Thus, each outcom®, can be used to construct a new stateprocedure for computing rule coverage to ensure that all of

s%, which will occur with probabilityp;. The probability that  the deictic references can be resolved. The deictic variables

a ruler assigns to moving from stateto states’ when action  are bound by starting with bindings far and working se-

a is taken,P(s'|s, a,r), can be calculated as: guentially through the deictic referencés using their re-
n strictions to determine their unique bindings. If a deictic vari-
P(s']s,a,r) = Z P(s', Wls, a,r) a_ble dqes_ not have a uniqug biljding—if it has either no pos-
— sible bindings, or several—it fails to refer, and the rule fails

to cover the state and action.

> P(s'|¥},5,0,1)P(¥i[s,a,r)  (2)  The Noise Outcome

i=1 Probability models of the type we have seen thus far, ones
where P(W/|s,a,r) is p;, and the outcome distribution With a small set of possible outcomes, are not sufficiently

P(s'|W}, 5,a,r) is a deterministic distribution that assigns all flexible to handle noisy domains where there may be a large

of its mass to the relevast. If P(s'|U), s, a,7) = 1.0, that ~number of possible action effects that are highly unlikely and

is, if s’ is the state that would be constructed given that rule/et hard to model—such as all the configurations that may

) o appropriate to model such effects as impossible, and yet we
Noisy Deictic Rules don’t have the space or inclination to model each of them as

We extend probabilistic STRIPS rules in two ways: by per-an individual outcome.

mitting them to refer to objects not mentioned in the action We handle this issue by augmenting each rule with an ad-
description, and by adding a noise outcome. ditional noise outcome This outcome has the probability
Pnoise = 1 — > p;, but no associated’; we are declining

Deictic References to model in detail what happens to the world in such cases
Relational planning representations use a list of action vari- As an example, consider the rule

ables to abstract over the objects in the world. For example,

pickup(X,Y) abstracts the identity of the blodkto be picked pickup(X) : { Y:on(X,Y), Z:table(z) }

up and the blocky that X will be picked up from. This ab- inhand-nil

straction allows the rules to compactly encode actions that af- _—on(X,Y),inhandX), ~inhand-nil
fect many different objects. Part of the challenge of creating 80 clear(Y)

effective rules is to determine what to abstract over. Tradi- — ¢ .10 —on(X,Y),on(X, Z), clear(Y)
tionally, this is done when defining the set of actions, since .05 : no change

abstraction can occur only in the action argument list. 05 noise

We have developedeictic referencgsan extension of a  where noise can happen with a probabilityoais. Here, the
mechanism originally introduced by Benson (1996), as a wayioise outcome might model the fact that towers sometimes
of introducing additional variables to the rules. Our rulefall over when you are picking up a block.
learning algorithm uses them to learn useful abstractions that Since we are not explicitly modeling the effects of
were not initially included in the action arguments. noise, we can no longer calculate the transition probability

We extend probabilistic STRIPS rules as follows. Eachpr(s'|s, a,r) using Equation 2: we lack the distribution over
rule is augmented with a list), of deictic references. A next states given the noise outconi¥s’|noise, s, a,r). In-
reference consists of a variahlgand a restriction;, which  stead, we substitute a worst case constant baypgd <
is a set of literals that defing with respect to the variables P (s'|noise, s, a, r) everywhere this distribution would be re-

in the action and the other; such thatj < i. quired, and bound the transition probability as
For example, theickup(X,Y) rule we saw earlier can be n
rewritten to use deictic references as follows: P(s')5,0,7) = ProisePrmin - Z P51V, 5, a,7)p;
pickup(X) : { Y:on(XY), Z:table2) } i=1
inhand-nil < P(s|s,a,r).
80 : ﬁlon(x\,(Y), inhand(X), —inhand-nil In this way, we create a partial model that allows us to ig-
- clear(y) nore unlikely or overly complex state transitions while still

.10 —on(X,Y),on(X, Z), clear(Y)

10 no change learning and acting effectively.

. . o 2P(s'|noise, s, a, ) could alternately be any well-defined prob-
whereY is now defined as a deictic reference that names thaa%bility distribution that models the noise of the world. However, we

unique thing thax(is on. In many ways, this is a more natural .4 have to ensure that this distribution does not assign probabil-

encoding because it makes explicit the fact that the only blocky 14 worlds that are impossible (for example, blocks worlds where
thatY should ever name is the one thats on. This reduces plocks are floating in midair), because this would complicate plan-

the number of arguments to the action, which can greatly inning. We will leave the exploration of this alternative approach to
crease planning efficiendardiol & Kaelbling, 2003. Note  future work.
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2.4 Background knowledge ﬁq%ingeset(E)

In the rule semantics as described so far, the same set of prim-Training example&
itive predicates has been used to construct all the elements 6pmputation: )
the rule. However, it is often useful to divide the predicates !nitialize rule setr to contain only the default rule
and functions of the language into two sets: a set of primitives While better rules sets are found
whose values are observed directly, and represented within a Focr:esactg Siarﬁhlgpzrf@.m R — ORE
state, and a set of additional predicates and functions that can F(;r eacﬂ rVL\J,Ieuseg’ esglo  Fo = O(R, E)
be derived from these primi_tives, and_so do not need to be rep- If the score improves{(R') > S(R))
resented directly. The derived predicates and functions can Update the new best rule sét,— R’
then be used in the antecedents, but not in the outcomes—eutput:
good thing, since it can be difficult to describe how the val- The final rule sef?
ues of the derived predicates change directly. (The predicate
above the transitive closure adn, is an example of a hard-
to-update predicate.) This has been found to be essential f
representing certain advanced planning doméiitelkamp
& Hoffman, 2004.

We define such background knowledge usingoacept
languagethat includes existential quantification, universal
quantification, transitive closure, and counting. Consider the.5 Action Models

situation where the only primitive predicates areandtable. | gividual rules define the world dynamics only in specific
Quantification is used for defining predicates suchand situations; a general description is provided by aution
Transitive closure is included in the language via the K|ee”%odel which consists of some background knowledge and
star and plus and defines predicates sucamse Finally, 5 get of rulesk that, together, define the action dynamics of
counting is included using a special quantifigrwhich re- 4 \yorid. Given an action and states, the ruler € R that
turns the number of objects for which a formula is true. It oyerss anda is used to predict the effects afin s. When
is useful for defining integer-valued functions sucthagght no such rule exists, we use tiefault rule This rule has
The derived prgd!cates can be used in the context and deictig, empty context and two outcomes: a no-change outcome
reference restrictions. o ~(which, in combination with the frame assumption, models
As an example, here is a deictic noisy rule for attemptingthe situations where nothing changes), and, again, a noise out-
to pick up blockX together with the background knowledge come (modeling all other situations). This rule allows noise to
used by this rule: occur in situations where no single non-default rule applies;
the probability assigned to the noise outcome in the default

Figure 2: LearnRuleSePseudocode. This algorithm performs
%l}eedy search through the space of rule sets. At each step a set
of search operators each propose a set of new rule sets. The highest
scoring rule set is selected and used in the next iteration.

. rule specifies a kind of “background noise” level. The de-
Y : topstackY, X), .
pickup(X) : ¢ Z:on(Y,Z2), fault rule is allso used when more than one rule coyeand
T table(T) a. However, in general, we hope to learn rule sets where the
inhand-nil heightY) < 9 @) rules are mutually exclusive.
.80: —on(Y,Z) .
_, ) -10: —on(Y,Z),on(Y,T) 3 Learning
.05 : no change In this section, we describe an algorithm for learning action
{05 : noise models from training examples that describe action effects.
More formally, each training example € E is a state, ac-
tion, next state tripls, a, s') where states are described in
_ clear(Vi) = =3va.on(Vz, V1) terms of primitive functions and predicates.
inhand V) := =3V>.0n(V1, V2) We divide the problem of learning action models into two
inhand-nil := —=3VsinhandVz) parts: learning background knowledge, and learning a rule
aboveVq, Vo) = on"(Vi,Va) setR. First, we describe how to learn a rule set given some
topstackVi, Vo) := clear(Vy) A above Vi, Vs) background knowledge. Then, we show how to derive new
heightVi) = #Vs.abovéVi,Va)) useful concepts.

3.1 Learning Rule Sets

The rule is far more complicated than our running exampleThe LearnRuleSealgorithm takes a set of exampl&sand
it deals with the situation when the block to be picked up,a fixed language of primitive and derived predicates. It then
X, is in the middle of a stack. It is now useful to abstractperforms a greedy search through the space of possible rule
over even more objects: the deictic variabédentifies the sets as described in the pseudocode in Figure 2.
(unique) block on top of the stack, and the deictic variable The search starts with a rule set that contains only the noisy
Z—the block underY”. As might be expected, the gripper default rule. At every step, we take the current rule set and
succeeds in liftingr with a high probability. apply all our search operators to it to obtain a set of new rule
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sets. We then select the rule g&that maximizes the scoring ExplainExamples(R, E)

metric Inputs:
A Arule setR
S(R) = Z log(P(s'|s, a,7(s,a))) — Z PEN(r) A training setE
(s,a,s")EE rcR Computation:

wherer, . is the rule that covergs, a), a is a scaling pa-
rameter, and the penalfyE N (r) is the number of literals in
the ruler. Ties inS(R) are broken randomly.

As a greedy search through the space of rule $&tarn-
RuleSeis similar in spirit to previous workPasula, Zettle-
moyer, & Kaelbling, 200k However, adapting that work to
handle our representation extensions involved substantial re-
design of the algorithm, including changing the initial rule
set, the scoring metric, and the search operators.

Search Operators

Each search operat6rtakes as input a rule s&tand a set of
training exampled, and creates a set of new rule sBs to

be evaluated by the greedy search loop. There are eight search
operators. We first describe the most complex operé&or,
plainExamplesand then the most simple ori&opRules Fi-

nally, we present the remaining six operators which all share
a common computational framework, outlined in Figure 4.

e ExplainExamplegakes as input a training sét and a
rule setR and creates new rule sets that contain addi-
tional rules modeling the training examples that were
covered by the default rule i®. Figure 3 shows the
pseudocode for this algorithm, which considers each
training exampleE that was covered by the default rule
in R, and executes a three-step procedure. The first step
builds a large and specific ruté that describes this ex-
ample; the second step attempts to trim this rule, and so
generalize it so as to maximize its score, while still en-
suring that it coverds; and the third step creates a new
rule setR’ by copyingR and integrating the new rulé
into this new rule set.

As an illustration,
1 and 2 of ExplainExamples might be ap-
plied to the training example (s,a,s’) =

({on(a,1), on(b, &)}, pickup(b), {on(a,1)}),  when
the background knowledge is as defined for Rule 3.
Step 1 builds a rule.. It creates a new variabl¥ to
represent the objettin the action; then, the action sub-
stitution becomes = {X — b}, and the action of

is set topickup(X). The context ofr is set to the con-
junctioninhand-nil —inhandX), clear(X), heigh(X) =

2, -on(X, X), ~abové X, X), -topstackX, X) Then, in
Step 1.2,ExplainExamplesattempts to create deictic
references that name the constants whose properties
changed in the example. In this case, the only changed
literal is on(b,a), soC' = {a}; a new deictic variable

Y is created and restricted, andis extended to be

{X — b,Y — a}. The resulting rule”’ looks as fol-

For each examplés, a, s') € E covered by the default

rulein R
Step 1: Create a new rule
Step 1.1:Create an action and context for
Create new variables to represent the arguments of
Use them to create a new action substitution
Setr’s action to bes ! (a)
Setr’s context to be the conjunction of boolean
and equality literals that can be formed using the
variables and the available functions and predicates
(primitive and derived) and that are entaileddy
Step 1.2:Create deictic references for
Collect the set of constants whose properties changed
from s to s’, but which are not i
For eachc € C
Create a new variableand extendr to mapw to ¢
Createp, the conjunction of literals containing
that can be formed using the available variables,
functions, and predicates, and that are entailed by
Create deictic referencéwith variablev and
restrictions ~* (p)
If d uniquely refers t@ in s, add it tor
Step 2: Trim literals fromr
Create a rule sei®’ containingr and the default rule
Greedily trim literals from while r still covers(s, a, s’)
andR’’s score improves
Step 3: Create a new rule set containing
Create a new rule sét’ = R
Add r to R’ and remove any rules iR’ that
cover any examplescovers
Recompute the set of examples that the default rulg’in
covers and the parameters of this default rule
Add R’ to the return rule setRo

Output:
let us consider how steps AsetofrulesetsRo

Figure 3: ExplainExample®seudocode. This algorithm attempts
to augment the rule set with new rules covering examples currently
handled by the default rule.

In Step 2 ExplainExamplerims this rule to remove the
invariably true literals, like-on(X, X), and the redundant
ones, like-inhand)) and—clear(Y), to give

pickup(X) : {Y: on(X,Y), heightY) =0 }
inhand-nil clear(X), heigh{X) = 1
— { 1.0: ﬁOﬂ(X,Y)

which is then integrated into the rule set.

o DropRulescycles through all the rules in the current rule

set, and removes each one in turn from the set. It returns

lows: - | a set of rule sets, each one missing a different rule.
~inhandy), ~clear(Y), on(X, Y), The remaining six operators create new rule sets from the
. aboveX; Y), topstackX, Y), . h
pickup(X) = 9 Y+ “ahoveY, Y), —topstackY, Y), input rule setk by repeatedly choosing a rutes R and mak-

ing changes to it to create one or more new rules. These new
rules are then integrated inf®, just as inExplainExamples

to create a new rule s&t’. Figure 4 shows the the gen-
eral pseudocode for how this is done. The operators vary in

-on(Y,Y), heigh{Y) = 1
inhand-nil —inhandX), clear(X), heigh{X) = 2, —on(X, X),
—abovéX, X), ~topstackX, X)
— { 1.0: ﬁOﬂ(X,Y)
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OperatorTemplate(R, E)
Inputs:
Rule setk
Training example®&
Computation:
Repeatedly select a ruteec R
Create a copy of the input rule skt = R
Create a new set of ruled], by making changes to
For each new rule’ € N
Estimate new outcomes fof with the InduceOutcomes
algorithm described by Pasula et al (2004)
Add 7’ to R’ and remove and rules iR’ that
cover any exampleg covers
Recompute the set of examples that the default rulg’in
covers and the parameters of this default rule
Add R’ to the return rule setBo
Output:
The set of rules setRo

V. Bulitko & S. Koenig (eds.)

e AddLitsselects each rule € R n times, wheren is the
number of predicate-based literals that are absent from
the rule’s antecedent. It constructs a new rule by in-
serting that literal into the earliest place in which the its
variables are all well-defined. If the literal contains no
deictic variables, this will be the context, otherwise this
will be the restriction of the last deictic variable men-
tioned in the literal. (If\; and V% are deictic variables
andV; appears firstp(17, V2) would be inserted into the
restriction of15.)

o AddRefsselects each rule € R n times, wheren is the
number of literals that can be constructed from variables
in » and a new variable. It then creates a new rule
by adding a deictic reference with the variabland a
restriction defined by one of the literals.

We have found that all of these types of operators are con-
sistently used during learning. While this set of operators is

Figure 4: OperatorTemplatéPseudocode. This algorithm is the heyristic, it is complete in the sense that every rule set can
basic framework that is used by six different search operators. Eache constructed from the initial rule set—although, of course,

operator repeatedly selects a rule, uses it to makew rules, and

there is no guarantee that the scoring metric will lead the

integrates those rules into the original rule set to create a new rulgreedy search to the global maximum.

set.

3.2 Learning Background Knowledge

the way they select rules and the changes they make to thee learn background knowledge using an algorithm which

These variations are described for each operator below:

e DroplLits selects every rule € R n times, wheren is
the number of literals in the context ofin other words,
it selects eachr once for each literal in its context. It
then creates a new ruté by removing that literal from
r's context; N of Figure 4 is simply the set containing
.

e DropRefsselects each rule € R once for each deictic
reference in. It then creates a new rulé by removing
that deictic reference from

e ChangeRangeselects each rule € R n times for each
equality or inequality literal in the context, whereis

the total number of values in the range of each literal.

Each time it selects it creates a new rule’ by replac-

ing the numeric value of the chosen (in)equality with

iteratively constructs increasingly complex concepts, then
tests their usefulness by runnihgarnRuleSeand checking
whether they appear in the learned rules. The first set is cre-
ated by applying the operators in Figure 5 to literals built with
the original language. Subsequent sets of concepts are con-
structed using the literals that proved useful on the latest run;
concepts that have been tried before, or that are always true
or always false across all examples, are discarded. The search
ends when none of the new concepts prove useful.

Since our concept language is quite rich, overfitting (e.g.,
by learning concepts that can be used to identify individual
examples) can be a serious problem. We handle this in the
expected way: by introducing a penalty temi¢(R), to cre-
ate a new scoring metric

S'(R) = S(R) — o/¢(R)

another other possible value from the range. Thus, ifvherec(R) is the number of distinct concepts used in the

f()ranges ovefl ... n], ChangeRangeould, when ap-
plied to a rule containing the inequalitfy() < ¢, con-
struct rule sets in whichis replaced by all other integers
in[l...nl.

e SplitOnLitsselects each rule € R n times, wheren is

rule setR andc’ is a scaling parameter. This new metfit
is now used by earnRuleSeit avoids overfitting by favoring
rule sets that use fewer derived predicates.

4 Evaluation

the number of literals that are absent from the rule’s condn this section, we demonstrate that noise outcomes and de-
text. (The set of absent literals is obtained by applyingrived predicates are necessary to learn good action models
the available predicates and functions—both primitivefor the physics-based blocks world simulator of Figure 1, and
and derived—to the variables defined in the rule, and realso that our algorithm is capable of discovering the relevant
moving those already present.) It then constructs a sdtackground knowledge. We accomplish this by learning a va-
of new rules. In the case of predicate and inequality lit-riety of action models and then comparing their performance
erals, it creates one rule in which the positive version ofon a simple planning task.

the literal is inserted into the context, and one in which  All the experiments are set in a world containing twenty

it is the negative version. In the case of equality literals,blocks. The observed, primitive predicates incluegX; Y)

it constructs a rule for every possible value the equality(which is true if block X exerts a downward force oW),

could take. This time]V contains all these rules.

size(X), color(X), and the typing predicat@ble(X). There
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p(X) — n:=QY.p(Y) Learning in the Simulated Blocksworld
p(X1,X2) —  n(Y2):=QY1.p(Y1,Y2) 18 ' ' ' ' '!eamed'concep'ts
LD () = QY1) s
p(X1,X2) — n(Y1,Ys):=p (Y1,Y2) with a restriéted language
p(X1, X2) n(Y1,Yz) := pt (Y1, Y2) e

14 + -T

p1(X1), p2(X2) H
p1(X1), p2(X2, X3)
p1(X1), p2(X2, X3)
p1(X1, X2), p2(Xs, X4)

p1(X1, X2), p2(X3, Xa)

n(Y1) :=p1(Y1) A p2(Y1)

n(Y1,Y2) := p1(Y1) A p2(Y1, Ya)
n(Y1,Y2) := p1(Y1) A p2(Y2, Y1)
n(Y1,Y2) :=p1 (Y1, Y2) A p2(Y,Ys)
n(Y1,Y2) := p1(Y1, Y2) A pa(Ya, Y1)

Total Reward
=
N
T

10 +

I

p1(X1, X2), p2(X3, X4) n(Y1,Ys) := p1(Y1, Y2) A p2(Y1, Y1) gl ]

p1(X1, X2), p2(X3, X4) n(Y1,Y2) := p1(Y1, Y2) A p2(Y2, Yz2) S i i
fX)=c n() = #Y.f(Y) = ¢ P U |
F(X)<e n() = AY.f(Y) < ¢ 200 300 400 500 600 700 800 900 1000
f(X)>e¢ n() :=#Y.f(Y) > ¢ Training set size

. Figure 6: The performance of various action model variants as a
Figure 5:Operators used to invent a new predicaté&ach operator  fynction of the number of training examples. All data points were
takes as input one or more literals, listed on the left. fdiepresent  gyeraged over five runs each of three rule sets learned on different
old predicates;f represents an old functior can refer to¥ or  raining data sets. For comparison, the average reward for perform-

3; andc is a numerical constant. Each operator takes a literal anghg no actions is 9.2, and the reward obtained when a human directed
returns a concept definition. These operators are applied to all of th@e gripper averaged 16.2.

literals used in rules in a rule set to create new predicates.

) . ) ) o associate values with noise outcomes. For example, the value
were five sizes and five colors, both uniformly distributed. 5f the outcome where a tower of blocks falls over is different

The color attribute is a distractor. The sizes complicate thef the goal is to build a tall stack of blocks than if the goal is
action dynamics, both because they influence stack stability put all of the blocks on the table.

and because the gripper does best with blocks of average size,

and is unable to grasp giant blocks at all. The training datat.2 Experiments
were generated by repeatedly attempting to perform randoRy set our planner the task of building tall stacks: our reward
actions in random simulator states and noting the result. Th

random starting states were generated by randomly placing nction was the average height of the blocks in the world.
he plans were executed for ten time steps. The scaling pa-
blocks on each other, or on the table. The last block was b b gp

. : . ametersy anda’ (associated respectively with the rule com-

sometimes placed in the gripper. plexity penalty term, and the background knowledge com-
; plexity penalty term) were set to0 and5.0. The noise prob-

4:l Planning ability boundp,,.;,, was set ta@).00001.
Since we have no true model to compare the rule sets to, We 14 eyaluate the overall quality of the learned rules, we did
evaluate them by using them to plan. We implemented a simyp, informal experiment to measure the reward achieved when
ple planner based on the sparse sampling algoritkeams, 5 hyman domain expert directed the robot arm. (Note that
Mansour, & Ng, 200, which treats the domain as a Markov hymans have an advantage over the planner, since they can
Decision Problem (MDPJPuterman, 1999 Given a state, i\ the entire 3D world while the planner only has access to

it creates a tree of states (of predefined depth and branchinge jnformation encoded in then, height andsizerelations.)
factor) by sampling forward using a transition model, com-

putes the value of each node using the Bellman equation, arfdesults
selects the action that has the highest value. In our implemeM/e tested four action model variants, varying the training
tation, the transition function is defined using an action modeket size; the results are shown in Figure 6. The curve la-
and the reward function is defined by hand. beled ‘learned concepts’ represents the full algorithm as pre-
We adapt the algorithm to handle noisy outcomes, whictsented in this paper. Its performance approaches that ob-
do not predict the next state, by estimating the value of théained by a human expert, and is comparable to that of the
unknown next state as a fraction of the value of staying inalgorithm labeled ‘hand-engineered concepts’ that did not
the same state: i.e., we sample forward as if we had stayedb concept learning, but was, instead, provided with hand-
in the same state and then scale down the value we obtainoded versions of the concepttear, inhand inhand-nil
Our scaling factor wa$.75, our depth was three, and our above topstack and height The concept learner discov-
branching factor was five. ered all of these, as well as other useful predicates, e.g.,
This scaling method is only a guess at what the value of the(X, Y) := clear(Y) A on(Y, X), which we will call onclear.
unknown next state might be; because noisy rules are partidlhis could be why its action models outperformed the hand-
models, there is no way to compute the value explicitly. Inengineered ones slightly on small training sets. In domains
the future, we would like to explore methods that learn toless well-studied than the blocks world, it might be less obvi-
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ous what the useful concepts are; the concept-discovery tecksil, 1994; Wang, 1995 which has the potential to help scale

nigue presented here should prove helpful. this approach to larger domains. Finally, we plan to explore
The remaining two model variants obtained rewards comihe learning of parallel planning rules.

parable to the reward for doing nothing at all. (The planner

did attempt to act during these experiments, it just did a poog Acknowledgments

job.) In one variant, we used the same full set of predefine%_‘

; his material is based upon work supported in part by
concepts but the rules could not have noise outcomes. Ther .
guirement that they explain every action effect led to signifi- e Defense Advanced Research Projects Agency (DARPA),

o : h the Department of the Interior, NBC, Acquisition
cant overfitting and a decrease in performance. The other ru%]rou_g - X
set was given the traditional blocks world language, which ervices Division, under Contract No. NBCHD030010; and

does not includebove topstack or height and allowed to part by DARPA Grant No. HR0011-04-1-0012 .

learn rules with noise outcomes. We also tried a fuII—Ianguag%

variant where noise outcomes were allowed, but deictic refReferences

erences were not: the resulting rule sets contained only a fefmir, 2005 Amir, E. 2005. Learning partially observable deter-

very noisy rules, and the planner did not attempt to act at all. ministic action models. IfProceedings of the Nineteenth Inter-

The poor performance of these ablated versions of our repre- national Joint Conference on Artificial Intelligence

sentation shows that all three of our extensions are essentigdenson, 1996 Benson, S. 1996Learning Action Models for Re-

for modeling the simulated blocks world domain. active Autonomous AgentBh.D. Dissertation, Stanford Univer-

Example Learned Rules sib.

To get a better feel for the types of rules learned, here are twiBlum & Langford, 1999 Blum, A., and Langford, J. 1999. Prob-

interesting rules learned by the full algorithm. abilistic planning in the graphplan framework. Rmoceedings of
the Fifth European Conference on Planning

pickup(X) : { .\Fj ?;JL?%(X’Y)’ Z:on(Y,2), } [Edelkamp & Hoffman, 2004 Edelkamp, S., and Hoffman, J.
) 2004. PDDL2.2: The language for the classical part of the 4th in-
inhand-nil sizgX) < 2 ternational planning competitiorTechnical Report 195, Albert-
80: —on(Y,2) Ludwigs-Universit, Freiburg, Germany
— ¢ .10 —on(X,Y) [Fikes & Nilsson, 1971 Fikes, R. E., and Nilsson, N. J. 1971.
.10 : —on(X,Y),on(Y, T),—on(Y, Z) STRIPS: A new approach to the application of theorem proving

. . . . . to problem solvingArtificial Intelligence2(2).
This rule applies when the empty gripper is asked to pick i ) i _
up a small blockX that sits on top of another block The [Gardlol & Kaelbllng, 2003 Gal’lel, N., and Kaelbllng, L. 2003.

gripper grabs both with a high probability. Envelope-based planning in relational MDPs. Advances in
Neural Information Processing Systems 16

puton(X) : { ¥: :ggiset(a}rc)KY, X), 2 :inhandz), } [Gil, 1994 Gil, Y. 1994. Learning by experimentation: Incremental
' refinement of incomplete planning domains. Rroceedings of
siz€Y) < 2 the Eleventh International Conference on Machine Learning
62: on(Z,Y) [Kearns, Mansour, & Ng, 2092Kearns, M.; Mansour, Y.; and Ng,
J12: on(Z,T) A. 2002. A sparse sampling algorithm for near-optimal planning
- .04: on(Z,T),on(Y,T),—on(Y, X) in large Markov decision processddachine Learningi9(2).
.22 : noise
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Z, on a blockX which is inside a stack topped by a small block ~ Horwood.

Y. Because placing things on a small block is chancy, theréODE, 2004 ODE.  2004.  Open dynamics engine toolkit.

is a reasonable probability thAtwill fall to the table, and a
small probability thaty will follow.

5 Discussion and Future Work
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ing setup in the deterministic casgShen & Simon, 1989;
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Abstract

This paper introduces a framework that integrates
incremental model learning and reactive plan con-
struction for real-time control of an agent situated
in a stochastic world. This system is designed to
achieve competent performance in continuous-time
problems involving large or infinite state spaces.
In order to learn and plan in such domains effec-
tively, experience must be generalized over time
and space. This system achieves generalization by
incrementally adapting a discretization of the state
space using a decision graph as the agent gains
experience and refines its plan. In contrast with
other approaches, the framework presented in this
paper makes no assumption about the representa-
tion of the state space, making it broadly applicable
across relational and continuous-valued domains.
The mechanism of this framework is illustrated on
an artificial problem.

1 Introduction

This paper presents a new system that integrates incremental
model learning and reactive plan construction for real-time
control of an agent situated in a stochastic world. This system
is a specialized instance of our more general “Adaptive Mod-
eling and Planning System” (AMPS). Under consideration in
this paper are problems with large or infinite state spaces and
durative actions that operate in continuous time. The agent
has no prior knowledge of the dynamics of the world or its
task. The objective of the agent is to use its experience in
the world to competently maximize its expected discounted
reward.

In order to make problems with large or infinite state spaces
tractable, a decision graph partitions the state space into re-
gions and treats all states in the same region collectively. A
decision graph is a generalization of a decision tree where
nodes may have multiple parents. Associated with every in-
ternal node is a condition, which is a binary test that maps
states to truth values. The leaf nodes represent regions of the
state space. A state is mapped to a region through a series
of tests starting at the root and continuing through the graph
according to the results of these tests until arriving at a leaf.

’ (north current person) ‘

-

- l (north current destination) ‘
T

-

’(north destination current)‘ I
I

N 1 (north person destination) ‘

‘0 -
O

’(nonh person current) ‘

o-

Figure 1: A decision graph constructed by AMPS during
early exploration of the Taxi World domain. Decision nodes
are represented by rectangles and leaf nodes, corresponding
to regions of the state space, are represented by circles. When
the test at a decision node evaluates to true, the solid edge is
followed. Otherwise, the dashed edge is followed.

Figure 1 is an example of a decision graph that was incremen-
tally constructed by AMPS.

AMPS begins with a decision graph consisting of a single
node representing the entire state space. As the agent accu-
mulates experience, AMPS incrementally refines its partition
of the state space by splitting and merging regions, thereby
growing the decision graph, aiming to arrive at a model that
is consistent with its experience and conducive to building a
successful reactive plan.

The primary contribution of this paper is a method for in-
crementally adapting the partition of the state space by split-
ting and merging regions. One of the methods for splitting
regions in AMPS is inspired in part by the work of Uther and
Veloso [1998] where regions of the state space are split when
there are observed differences in expected discounted reward
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Processes Data Structures

Map Revision
splits, merges

Map

state regions

Experience Revision Experience
add and remove observations observations
Action Selection Model

choose best action dynamics, reward, failure

Plan
value, greedy action

Plan Revision
choose region to update

Figure 2: A high-level view of AMPS showing the four pro-
cesses and the four data structures.

for different states within the same region. Another method
for splitting regions in AMPS is inspired by the PARTI-GAME
algorithm [Moore and Atkeson, 1995]. In PARTI-GAME and
AMPS, the agent detects when it has become “‘stuck,” mean-
ing that the repeated application of the same action is not
likely to achieve success in transitioning out of the current
region. Both PARTI-GAME and AMPS use this information
to refine the discretization of the state space. In AMPS this
is known as failure revision. In addition to splitting regions,
AMPS merges regions when possible, which is not typically
done in other discretization algorithms.

AMPS is composed of four processes and four data struc-
tures as illustrated in Figure 2. The Map Revision process
splits and merges regions of the state space. The Experience
Revision process maintains past experience. The Action Se-
lection process makes control decisions. The Plan Revision
process incrementally improves the plan. These processes
read from and modify the Map, Experience, Model, and Plan
data structures.

The next section defines the problem under investigation,
followed by a description of the data structures and processes
involved in AMPS. We then present our experiments and re-
sults. We conclude with comparisons to related work and a
discussion of further research.

2 Problem Statement

The class of problems considered in this research involves
an agent situated in a world. The agent continuously (or at
high frequency) observes and acts in this world. At any point
in time, the agent is in exactly one of potentially infinitely
many states and the agent may execute exactly one of a small
finite number of possible actions. Actions may be durative
meaning that they may be interrupted at any time (e.g. “rotate
left at 1 rad/s”) or ballistic meaning that they return control to
the agent after some amount of time (e.g. “rotate left 1 rad”).

The experience of the agent may be recorded as a sequence

817a17t17fl,Tl,SQ,GQ,tQ,fQ,T27...

where sy, is the state at the kth sample, ay, is the action taken
after the kth sample, ¢ is the time spent between sample &
and k + 1, fr indicates whether a failure was encountered,
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and ry is the reward received after the kth sample. The ob-
jective of the agent after sample £ is to maximize its expected
discounted reward,

E

o0
§ 6—50k+irk+i
=0

where o), = Zle tr and 8 € (0, 00) is the continuous com-
pound discount rate. Discounting the reward pressures the
agent to aggressively pursue reward.

AMPS is expected to perform well on problems that are
modeled sufficiently well by a semi-Markov decision process
[Puterman, 1994] over a state space that has been partitioned
into a finite set of regions N. Transitions, reward, and failures
are determined by fixed probability distributions:

e P(:|n,a) is the probability distribution over the regions
transitioned to after starting in n and continuously ap-
plying a.

e Pi(:|n,a,n’) is the c.d.f. for the time required to transi-
tion from 7 to n’ by continuously applying a.

e P.(:|n,a,n’) is the c.d.f. for the lump sum reward re-
ceived after transitioning from n to n’ by continuously
applying a.!

If V and these probability distributions are known, then the
optimal value function, V*, and optimal reactive plan, 7*,
satisfy:

V*(n) = maxQ(n,a,n’) (1
7*(n) = argmax Q(n,a,n’) )
where
y(n,a,n’) £ / e PtdP,(t|n, a,n’)
0

o0

R(na.n') 2 P(un,a)y(nan') [ vdPy(rina. )

— 00

Q(n,a,n') = R(n,a,n’) + Z P(n'In,a)y(n,a,n')V*(n)

n’

The value function V*(n) is the expected discounted reward
given that the agent starts in region n and follows an optimal
policy. The expected discounted reward given that the agent
starts with a transition from n to n’ by action a and then fol-
lows an optimal policy is given by Q(n,a,n’')/P(n’|n,a), a
value that will be used in the map revision process described
in Section 4.1.

The agent has no prior knowledge of N, P, P;, or P..
AMPS incrementally adapts its partitioning of the state space
and revises its estimates of P, -, and R accordingly. As these
estimates are revised, AMPS uses prioritized value iteration
to improve its reactive plan.

'Other SMDP models considered in the literature [Bradtke and
Duff, 1995] involve reward that is accumulated at some constant rate
as opposed to lump sum rewards following transitions. In this paper
we will only consider lump sum rewards, although AMPS can easily
be extended to handle reward rate models.
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3 Data Structures

The data structures in AMPS store information about state
regions, observations, world models, and plans. This section
will describe each data structure in turn.

3.1 Map

The Map data structure maps states to regions and allows
these regions to be efficiently split and merged to adapt with
the experience of the agent. The instance of AMPS consid-
ered in this paper performs these operations using a decision
graph.?

Merging regions is straightforward in a decision graph, but
splitting regions requires a mechanism called a separator.
The separator mechanism creates binary tests based on sam-
ple states belonging to different categories, much like a su-
pervised learning classifier [Duda and Hart, 1973]. The tests
that are generated by the separator should be simple. A test
should not be, for example, an entire decision tree, a neural
network, or a lengthy sentence in first order logic. Instead,
simple tests such as 25 < 2.3 or 32 ON(A, z) should be used.
Simple tests are to be combined using the decision graph.

Clearly, the separator mechanism must be engineered ac-
cording to how the state space is represented. It is important
to note that the separator is the only component in AMPS
that interacts with the state space representation directly. This
is intentional. AMPS is designed to be representation inde-
pendent, unlike most other partitioning algorithms,? enabling
it to be applied across both relational and continuous-valued
domains with only the separator requiring changing.

We implemented a program that generates separators for
any logical domain given the names of the constants, func-
tions, and relations and their associated types. We integrated
the JTP theorem prover [Fikes ef al., 2003] to prune unnec-
essary logical sentences from consideration based on a set of
axioms about the domain. The separator selects the sentence
that provides the greatest information gain [Shannon, 1948].

3.2 Experience

The Experience data structure keeps a record of the states and
transitions experienced by the agent and associates them with
the regions, i.e. the leaf nodes of the decision graph, managed
by the Map. When regions are split and merged, the associa-
tion of past observations to regions is updated appropriately.

3.3 Model

The Model data structure models state transition dynam-
ics, failure, and reward. Let Ps(n,a) be the probability of
encountering failure when executing action a from region

2 Alternatively, nearest-neighbor [Cover and Hart, 1967] may be
used provided that a distance metric is defined over the state space.

3Other partitioning algorithms in the literature make strong as-
sumptions about how states and actions are represented. For exam-
ple, Chapman and Kaelbling [1991] and Munos and Patinel [1994]
assume that states are represented as fixed-length binary strings, Mc-
Callum [1995] assumes an attribute-value representation, Dean et al.
[1998] assume a factored state and action representation, and Ma-
hadevan and Connell [1992] assume that states are represented as
real-valued vectors.
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n. This may be estimated directly from experience as can
P(n’In,a). Instead of estimating the c.d.f.s P; and P, di-
rectly, AMPS estimates v and R instead. The integrals in ~y
and R are approximated as follows (see Kalos and Whitlock
1986, pp. 89-116):

o ;7 e PtdP(t|n,a,n’) is approximated by averaging
e~PTi where 7; is the time required to make the ith tran-
sition from n to n’ by action a.

e [%_rdP.(r|n,a,n’) is approximated by averaging the
reward received while transitioning from n to n’ by ac-
tion a.

These approximations are used by the Plan data structure,
which is described next.

3.4 Plan

The Plan data structure maintains the value function and the
greedy policy. The estimated value function, V'(n), is an es-
timate of the expected discounted reward starting in region n
and proceeding with an estimate of optimal behavior. The es-
timated greedy policy, 7(n), associates with each state region
an estimate of the greedy action that maximizes the expected
discounted reward.

As can be seen in the equations given in Section 2, the
value and the greedy action associated with each state region
depend upon the value of other state regions. The Plan data
structure supports a function called UPDATE(n) that updates
the value and greedy action of region n using Equation 1 as-
suming that the values of all other regions are correct. The
Plan Revision process is responsible for calling UPDATE on
state regions in response to changes in the Model and Plan.

4 Processes

The four processes in AMPS are responsible for splitting and
merging regions of the state space, recording experience, se-
lecting actions, and constructing plans. All processes are de-
signed to be incremental and perform (relatively) simple op-
erations on the data structures at a frequency dependent on
available computational resources.

4.1 Map Revision

The Map Revision process is responsible for dynamically
splitting and merging state regions in response to changes in
the Model and Plan. If the agent has no prior knowledge of
how the state and action space should be partitioned when
it commences its interaction with the world, the entire state
space is contained within a single region. Over time, this re-
gion is incrementally refined and simplified as experience is
acquired, growing the decision graph. The objective is to find
a partition of the state space that has the following properties:

1. All transitions resulting from a greedy action have ap-
proximately the same estimated value.

2. The expected failure of greedy actions is minimal.
3. The partition is as simple as possible.

Different types of revision can be done to bring the Map
closer to the criteria listed above. Each type of revision is
given a priority at each region that indicates (heuristically) the
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likelihood that performing that particular type of revision will
improve the Map. When the Map Revision process runs, it
will perform the highest priority revision. The Map Revision
process ignores revisions below a certain threshold so as to
not over-fit potentially noisy experience.

The three types of revision used in this system correspond
to the three criteria above, and they are as follows:

Value Revision

This type of revision attempts to separate state observa-
tions that have resulted in transitions with differing esti-
mated value. This separation is done with the separator
mechanism for the decision graph. The priority of perform-
ing this type of revision is proportional to a measure of
variation of estimated value. The experimental implemen-
tation separates states involved in greedy transitions based
on whether Q(n,w(n),n")/P(n'|n,m(n)) is above or below
the mean. The priority is proportional to the variance of
Q(n,m(n),n')/P(n'|n, 7(n)).

Failure Revision

This type of revision uses the separator mechanism to sepa-
rate states that have led to success from those that have led to
failure. The priority of this type of revision for a state region
is related to the estimated probability of failure in the Model
when taking a greedy action, which is given by Py (n,m(n)).

Simplification Revision

This type of revision merges state regions when their distinc-
tion seems to be irrelevant to the task. Non-greedy action re-
gions are merged with low priority. State regions are merged
in two situations. The first situation occurs when there exists
an approximately deterministic greedy transition* from n to
n’ and both nodes have the same greedy action, in which case
n and n’ are merged. The second situation occurs when there
exists approximately deterministic greedy transitions from n
and n’ leading to the same node and 7(n) = 7(n’), in which
case n and n’ may be merged. These conditions for merg-
ing are related to the SQUISH algorithm described by Nilsson
[2000] for deterministic teleo-reactive trees.

4.2 Experience Revision

The Experience Revision process adds state and transition ob-
servations to the Experience data structure. If the state space
is continuous and it is being sampled at a high frequency, it
is impractical to add each sample. Instead, the agent should
filter out samples that are not likely to be useful. The ex-
act mechanism for determining significance is domain depen-
dent, but one approach to filtering out states is to ignore all
states until the agent has transitioned to a new state that is
outside some threshold distance.

In addition to filtering out insignificant samples, the Expe-
rience Revision process is also responsible for removing old
samples from the Experience data structure. The schedule for
removing old samples depends upon memory and processor
constraints. The removal of old samples also allows the agent
to adapt to slowly changing environments.

* An approximately deterministic greedy transition from n to n’
is one where P(n’|n, m(n)) = 1.
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4.3 Action Selection

The Action Selection process is responsible for continuously
selecting a single action to execute. This process must be ex-
tremely efficient because it is typically executed as frequently
as the agent samples the state of the world.

Usually, the agent should execute an action from the greedy
region of the current state region as computed by the policy
revision process. However, as with traditional reinforcement
learning there are issues with balancing exploration of the
world and exploitation of the optimal policy. There have been
many techniques proposed for balancing exploration with ex-
ploitation [Thrun, 1992], any of which may be used in this
system.

As mentioned earlier, the agent is able to sense failures
when they occur. What exactly counts as a failure depends
upon the domain, but failures are generally situations where
executing the same action repeatedly will not lead to success.
In the Taxi World domain described later, a failure might be
trying to drop off a person who is not in the taxi. The Action
Selection mechanism uses information about past failures to
better direct the agent toward a goal.

In our current implementation of AMPS, the agent
will take the greedy action 7(n) with probability 1 —
Pr(n,m(n)) — ¢, where € is a small positive value allowing
random exploration even when no failure has been observed.
If m(n) is not taken, then the last action a is followed with
probability 1 — Pf(n,a) — e. Otherwise, a random action is
selected.

4.4 Plan Revision

The Plan Revision process incrementally builds an optimal
plan with the assumption that the current Model is correct.
This process calls the UPDATE(n) function supplied by the
Plan data structure, which updates the value and greedy action
for n.

One way to arrive at an optimal policy is to repeatedly it-
erate through the state regions calling UPDATE until conver-
gence [cf. Bellman 1957]. However, doing so is not likely to
be feasible in real time since the Model is continually chang-
ing. Instead, it is better to use a method related to prioritized
sweeping [Moore and Atkeson, 1993], which was designed
for solving Markov decision processes (MDPs) but can be
adapted for solving SMDPs. The idea of the algorithm is to
prioritize updates of regions based on observed changes in the
value function from earlier updates. Pseudo-code is given in
Figure 3.

S Experiments and Results

This section demonstrates AMPS in the Taxi World domain.
In this problem the agent must control a car in a grid world to
pick up people and transport them to their desired destination.
The agent may move up, down, left, and right and pick up and
put down passengers. When the agent moves around in the
world, it will move in a direction orthogonal to the direction
it intended with 5% probability.

The state space is represented by a seven-dimensional vec-
tor containing the = and y coordinates of the car, person, and
desired destination and a Boolean value indicating whether
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PRIORITIZED-SWEEPING

1 while priority queue is not empty

2 do remove region n from the front of the queue
3 v V(n)

4 UPDATE(n)

5 A —|V(n)—v|

6 for each pair (n’,a’)

s.t. n’ #nand P(n|n’,a’) >0
7 do p — P(n|n/,d")y(n',a’,n)A
8 if p > ¢ and n’ is either not in the queue
or p is greater than its current priority
9 then promote the priority of n’ to p

Figure 3: The adapted version of prioritized sweeping used
by the Plan Revision process.

the person is in or out of the car. The separator partitions the
state space using the IN-CAR relation and various directional
relations (e.g. NORTH and DIRECTLY-WEST) that take two
objects as arguments, where the objects may be CURRENT,
PERSON, and DESTINATION, representing the current posi-
tion of the taxi, the person, and the destination respectively.
Failures occur when the agent attempts to pick up or put down
a person when not occupying the same square or when it at-
tempts to move past the border of the world. Goal states are
states where IN-CAR is true and the person is at its destina-
tion. The agent receives zero reward except at goal states
where it receives unit reward. The continuous compound dis-
count rate, 3, was set to 0.01.

In our experiments we used a 40 x 40 grid, which allows for
over 4 billion states. Since the agent has no prior knowledge
about the dynamics of the world or its task, it considers all
states to be equivalent. Hence, the agent must rely upon ran-
dom exploration until it reaches a goal. Random exploration
is not practical in the Taxi World or most other interesting
domains because the state space is so large, and therefore the
agent needs some mechanism to bias it toward the relevant
goal states [Whitehead, 1991]. In our experiments, we used a
teacher to guide the agent to a goal for two training episodes.
These two training episodes allowed AMPS to partition the
state space and distribute the observed reward through the
model. The teacher used in the experiments returned random
actions 5% of the time.

For comparison purposes and to control for the informa-
tion gained from the noisy teacher, we trained a decision tree
based on the same teacher. The decision tree is induced us-
ing the separator to partition the state space according to the
actions taken by the teacher. This sort of supervised learning
of control is known as behavioral cloning and has been suc-
cessfully applied to a variety of domains including aircraft
control [Sammut et al., 1992]. The primary disadvantages of
a behavioral clone is that it is entirely dependent on a good
teacher and it is not able to adapt its behavior based on its
own experience in contrast to AMPS.

In our experiments, we tested seven different agents:
AMPS with all forms of map revision (A), AMPS without
value revision (V), AMPS without failure revision (F), AMPS
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20.00 | 0.00 || 10.29 | 0.69 N/A | N/A
0.02 | 0.14 0.02 | 0.14 N/A | N/A

Successes Disc. Reward Regions
mean | s.d. || mean | s.d. || mean | s.d.

A | 1449 | 427 6.05 | 2.20 | 66.73 | 11.78
V| 097 ] 2.01 0.31 | 0.99 | 18.48 | 8.28
F| 002]0.14 0.02 | 0.14 1.00 | 0.00
S | 14.33 | 3.81 6.11 | 2.02 | 84.66 | 13.12
C| 349|324 148 | 1.82 || 12.39 | 2.11
T

R

Table 1: Experimental results of various agents in the Taxi
World domain. Shown are the means and standard deviations
of the number of successes and discounted reward over 100
runs of 20 episodes each. Shown for each AMPS-based agent
is the mean and standard deviation of the number of regions
at the end of the run.

without simplification revision (S), behavioral clone (C), the
noisy teacher that was used to train the other agents (T), and
random (R). We ran 100 runs of 20 episodes (not including
the two training episodes) each using different random seeds.
For the AMPS agents, no more than one merge or split of the
state space was allowed per time step. Each episode lasts 300
steps or when the agent successfully picks up and drops off
its passenger at the desired destination. The results of 100
repeated experiments are summarized in Table 1.

6 Discussion

As can be seen in the table of results, AMPS quickly learned
how to navigate from a state selected randomly from the
space of over 4 billion possible states to one of the 160 goal
states. The success of AMPS is due to its ability to take ad-
vantage of the structure inherent in the task.

AMPS began with a simple model of the world where all
states are equivalent. After two teaching episodes, AMPS
proceeded on its own with the reactive plan that it developed.
As AMPS encountered evidence indicating that its model and
plan was incorrect, the Map Revision process revised the state
space partition appropriately. The complexity of the agent’s
model increased rapidly as the agent initially explored the
world but then this complexity leveled off. The number of re-
gions commonly used in effective solutions to the Taxi World
problem was typically in the range of 60—80. Figure 6 shows
the connectivity between regions after five episodes.

The results demonstrate that AMPS without value revision
performs extremely poorly and AMPS without failure revi-
sion performs like a random controller. As can be expected,
AMPS without simplification revision is capable of quickly
learning effective behavior. However, without simplification
revision the model consists of about 27% more regions, and
consequently requires more memory and processing power.

Behavioral clones did quite poorly, solving on average only
3.49 of the 20 random problems. This poor performance is
due to the fact that behavioral clones do not adapt their poli-
cies in response to their experience. Because the two training
instances provided such a limited exposure to the state space,
the clones could not consistently generalize the training in-
stances to new situations.



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

O Q Q O Q
¢ @, O O 5
O S o
O
Q) 2 O
Q) O )
O O

Figure 4: A graph illustrating the connectivity between re-
gions after running AMPS for five episodes.

Although AMPS is unique in the way it decides how and
when to split and merge regions of the state space, there
have been other algorithms proposed, both model-free and
model-based, that use decision trees to partition the state
space [Chapman and Kaelbling, 1991; McCallum, 1995;
Uther and Veloso, 2003; 1998]. Other techniques have been
proposed for solving problems with large or infinite state
spaces that do not involve partitioning the state space into
regions. For example, parameterized function approxima-
tors, such as neural networks, may be used with traditional
reinforcement learning techniques to estimate the value func-
tion [Bertsekas and Tsitsiklis, 1996]. Other work has been
done on problems with durative actions [Benson and Nilsson,
1995]. The way AMPS uses SMDPs to model durative ac-
tions relates to work done in hierarchical reinforcement learn-
ing [surveyed in Barto and Mahadevan 2003].

7 Conclusions and Further Work

This paper has introduced a real-time system that integrates
adaptive partitioning of the state space and incremental plan-
ning over the estimated model to produce goal-directed be-
havior. The system was tested on the Taxi World domain and
was shown to quickly learn successful behavior in the pres-
ence of noise in the environment and the teacher.

AMPS is currently being tested in other more complex do-
mains and compared against other methods such as traditional
reinforcement learning with function approximation. Further
work will investigate the use of different separators that take
into account values of previous observations, making AMPS
potentially applicable to domains where the current state is
only partially observable.
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Abstract

This paper introduces a general framework that
integrates incremental model learning and reac-
tive plan construction for real-time control of an
agent situated in a stochastic world. This system
is designed to achieve competent performance in
continuous-time problems involving large or infi-
nite state and action spaces. In order to learn
and plan in such domains effectively, experience
must be generalized over time, state, and action.
This system achieves generalization by incremen-
tally adapting a discretization of the state and ac-
tion spaces as the agent gains experience and re-
fines its plan. In contrast with other approaches,
the framework presented in this paper makes no
assumption about the representation of the state
space, making it broadly applicable across rela-
tional and continuous-valued domains. The mecha-
nism of this framework is illustrated on an artificial
problem.

1 Introduction

This paper presents the “Adaptive Modeling and Planning
System” (AMPS), a general framework for integrating incre-
mental model learning and reactive plan construction for real-
time control of an agent situated in a stochastic world. Un-
der consideration are problems with large or infinite state and
action spaces where individual actions operate in continuous
time. The agent has no prior knowledge of the dynamics of
the world or its task. The objective of the agent is to use
the experience it gains through interacting with the world to
maximize its expected discounted reward.

In order to make problems with large or infinite state spaces
tractable, AMPS partitions the state space into regions and
treats all states in the same region collectively. Since the ac-
tion space is also large or infinite, AMPS also partitions the
action space into regions and treats all actions from the same
region identically. AMPS incrementally refines its partition
of the state and action spaces by splitting and merging re-
gions of the state and action spaces to arrive at a model that
is consistent with its experience and conducive to building a
successful reactive plan.

Processes Data Structures

Map Revision
splits, merges

Map

state regions

Experience Revision Experience
add and remove observations observations
Action Selection Model

choose best action dynamics, reward, failure

Plan
value, greedy action

Plan Revision
choose region to update

Figure 1: A high-level view of AMPS showing the four pro-
cesses and the four data structures.

The primary contribution of this paper is a method for in-
crementally adapting the partitions of the state and action
spaces by splitting and merging regions. One of the meth-
ods for splitting regions in AMPS is inspired by the work of
Uther and Veloso [1998] where regions of the state space are
split when there are observed differences in utility for dif-
ferent states within the same region. Another method for
splitting regions in AMPS is inspired by the PARTI-GAME
algorithm [Moore and Atkeson, 1995]. In PARTI-GAME and
AMPS, the agent detects when it has become “stuck,” mean-
ing that the repeated application of the same action is not
likely to achieve success in transitioning out of the current
region. Both PARTI-GAME and AMPS use this information
to refine their discretization. In AMPS this is known as fail-
ure revision. In addition to splitting regions, AMPS merges
regions when possible, which is not typically done in other
discretization algorithms.

AMPS is composed of four processes and four data struc-
tures as illustrated in Figure 1. The Map Revision process
splits and merges regions of the state and action spaces. The
Experience Revision process maintains past experience. The
Action Selection process makes control decisions. The Plan
Revision process incrementally improves the plan. These
processes read from and modify the Map, Experience, Model,
and Plan data structures.

The next section defines the problem under investigation,
followed by a description of the data structures and processes
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involved in AMPS. We then present our experiments and re-
sults. We conclude with comparisons to related work and a
discussion of further research.

2 Problem Statement

The class of problems considered in this research involves an
agent situated in a world. The agent continuously (or at high
frequency) observes and acts in this world. At any point in
time, the agent is in exactly one state belonging to a poten-
tially infinite set S and the agent may execute exactly one
action from a potentially infinite set A. Actions may be du-
rative meaning that they may be interrupted at any time (e.g.
“rotate left at 1 rad/s”) or ballistic meaning that they return
control to the agent after some amount of time (e.g. “rotate
left 1 rad”™).

The experience of the agent may be recorded as a sequence

517al7t17flaT17527a27t27f27T27 e

where sy, is the state at the kth sample, ay, is the action taken
after the kth sample, ¢ is the time spent between sample k
and k 4+ 1, fj indicates whether a failure was encountered
after the kth sample, and 7y, is the reward received after the
kth sample. The objective of the agent after sample £ is to
maximize its expected discounted reward,

o0
E e*ﬁtfk-u Thai

k=0

E

where o), = Zle ti and 8 € (0, 00) is the continuous com-
pound discount rate. Discounting the reward pressures the
agent to aggressively pursue reward.

AMPS is expected to perform well on problems that are
modeled sufficiently well by a semi-Markov decision process
[Puterman, 1994]. It is assumed that S may be partitioned
into a finite set of regions /V and for each region n € N there
exists a partition of A into regions U (n) such that the transi-
tions, reward, and failures are determined by fixed probability
distributions:

e P(:|n,u) is the probability distribution over the regions
transitioned to after starting in n and continuously ap-
plying actions in .

e Pi(:|n,u,n’) is the c.d.f. for the time required to tran-
sition from n to n’ by continuously applying actions in
U.

e P.(:|n,u,n’) is the c.d.f. for the lump sum reward re-
ceived after transitioning from n to n’ by continuously
applying actions in w.!

If N, U, and these probability distributions are known, then
the optimal value function, V*, and optimal reactive plan, 7%,
satisfy:
V*(n) = mqaxQ(n,u,n') (1)
L
'Other SMDP models considered in the literature [Bradtke and
Duff, 1995] involve reward that is accumulated at some constant rate
as opposed to lump sum rewards following transitions. In this paper
we will only consider lump sum rewards, although AMPS can easily
be extended to handle reward rate models.
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state
space

action
space

Figure 2: Associated with each region of the state space is a
different partition of the action space.

7*(n) = arg max Q(n,u,n’) 2)
where -
y(n,u,n’) = / e PtdP;(tln, u,n')
0
R(n,u,n’) £ P(n/|n, u)fy(n,u,n')/ rdPy(r|n,u,n’)

Q(n,u,n') & R(n,u,n’) + Z P(n/|n,u)y(n,u,n )V*(n)

The value function V*(n) is the expected discounted reward
given that the agent starts in region n and follows an optimal
policy. The expected discounted reward given that the agent
starts with a transition from n to n’ by actions in u and then
follows an optimal policy is given by Q(n, u,n’)/P(n’|n,u),
a value that will be used in the map revision process described
in Section 4.1.

The agent has no prior knowledge of N, U, P, P, or P,.
AMPS incrementally adapts its partitioning of the state and
action spaces and revises its estimates of P, -y, and R accord-
ingly. As these estimates are revised, AMPS uses prioritized
value iteration to improve its reactive plan.

3 Data Structures

The four data structures in AMPS store information about
state and action regions, observations, world models, and
plans. These data structures are manipulated by the processes
described in the next section, and changes in one data struc-
ture can result in changes in another data structure. Of the
four data structures, the Map is the most significant and so
most of the following discussion will focus on it.

3.1 Map

The Map data structure maps states and actions to regions and
adapts this mapping by splitting and merging regions. The
map partitions the state space into a finite set of state regions,
N. Associated with every state region is a finite partition
of the action space, as illustrated in Figure 2. Let U be the
set of all action regions defined across all state regions. The
computational mechanism implementing the Map should be
such that mapping from S — N and N x A — U is efficient.
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The representation used by the Map must allow the Map
Revision process to split and merge regions. The Map imple-
ments the following functions to support revision:

1. SpLIT(n,Sy,...,Sm). This function splits the state re-
gion n into some number of new regions such that each
set of states Sp,...,S,, C S that were all mapped to
n become mapped as well as possible to separate state
regions.

2. SpLIT(u, Aq,..., A, ). This function splits the action
region v into some number of new regions such that each
set of actions Ay, ..., A, C A that were all mapped to
u become mapped as well as possible to separate action

regions.

3. MERGE(nyq, ..., Ny, ). This function merges the state re-
gions Ny, ..., Ny

4. MERGE(uq,...,Uy). This function merges the action
regions uq, . . . , U, belonging to the same state region.

The Map can be implemented, in principle, using any rep-
resentation that supports these operations. For example, if a
distance metric may be defined between any two states and
any two actions, then a mapping based on nearest-neighbor
[Cover and Hart, 1967] may be used. There have been com-
putationally efficient algorithms and data structures, such as
vantage point trees [Yianilos, 1993], suggested for computing
nearest neighbors without making any additional assumptions
about the representation of the space (e.g. that the space is
Euclidean).

Another representation that can be used is a decision graph.
Decision graphs are extremely well suited because they allow
regions to be split and merged very quickly, and this is the
representation used in the experiments here.

Merging regions is straightforward in a decision graph, but
splitting regions requires a mechanism called a separator that
produces the (typically binary) tests in the decision graph.
The separator produces a test based on sample states belong-
ing to multiple categories, much like a supervised learning
classifier [Duda er al., 2000]. The test returned by the separa-
tor should be simple. The condition should not be, for exam-
ple, an entire decision tree, a neural network, or a lengthy
sentence in first order logic. Instead, simple tests such as
2o < 2.3 or 3z ON(A, x) should be used. Simple tests are
to be combined using the decision graph to create more com-
plex boundaries between regions.

The separator function must be engineered according to
how the state and action spaces are represented. It is interest-
ing to note that the separator function is the only component
in the system that interacts with the state space representation
directly, enabling the system to be applied across domains
with only the separator requiring changing.”

2Other partitioning algorithms in the literature make strong as-
sumptions about how states and actions are represented. For exam-
ple, Chapman and Kaelbling [1991] and Munos and Patinel [1994]
assume that states are represented as fixed-length binary strings, Mc-
Callum [1995] assumes an attribute-value representation, Dean et al.
[1998] assume a factored state and action representation, and Ma-
hadevan and Connell [1992] assume that states are represented as
real-valued vectors.
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In the experimental domain described later, the state and
action space requires a representation in the form of a vec-
tor of real values. The separator used in the experiments was
designed to run in time linear with respect to the number of
samples. The function returns the condition that best sepa-
rates the points along some axis-parallel hyperplane accord-
ing to information gain [Shannon, 1948].

It should be noted that the mechanism for partitioning the
state space does not have to be the same mechanism for parti-
tioning the action space. For example, the state space may be
partitioned using nearest-neighbor, but the action space as-
sociated with each state region may be partitioned using a
decision graph.

3.2 Experience

The Experience data structure keeps a record of the states and
transitions experienced by the agent and associates them with
the state and action regions managed by the Map. When state
and action regions are split and merged, the association of
past observations to regions is updated appropriately.

3.3 Model

The Model data structure models state transition dynamics,
failure, and reward. Let Py(n,u) be the probability of en-
countering failure when executing an action in u from region
n. This may be estimated directly from experience as can
P(n'|n,u). Instead of estimating the c.d.f.s P; and P, di-
rectly, AMPS estimates v and R instead. The integrals in ~y
and R are approximated as follows [see Kalos and Whitlock
1986, pp. 89-116]:

o [ e PtdP,(t|n,u,n’) is approximated by averaging
e~ A7 where 7; is the time required to make the ith tran-
sition from n to n’ by actions in w.

. ffooo rdP,(r|n,u,n’) is approximated by averaging the
reward received while transitioning from n to n’ by ac-
tions in u.

These approximations are used by the Plan data structure,
which is described next.

3.4 Plan

The Plan data structure maintains the value function and the
greedy policy. The estimated value function, V'(n), is an es-
timate of the expected discounted reward starting in region n
and proceeding with an estimate of optimal behavior. The es-
timated greedy policy, 7(n), associates with each state region
an estimate of the greedy action that maximizes the expected
discounted reward.

As can be seen in the equations given in Section 2, the
value and the greedy action associated with each state region
depend upon the value of other state regions. The Plan data
structure supports a function called UPDATE(n) that updates
the value and greedy action of state region n using Equation 1
assuming that the values of all other regions are correct. The
Plan Revision process is responsible for calling UPDATE on
state regions in response to changes in the Model and Plan.
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4 Processes

The four processes in AMPS are responsible for splitting and
merging regions of the state and action space, recording ex-
perience, selecting actions, and constructing plans. All pro-
cesses are designed to be incremental and perform (relatively)
simple operations on the data structures at a frequency depen-
dent on available computational resources.

4.1 Map Revision

The Map Revision process is responsible for dynamically
splitting and merging state and action regions in response to
changes in the Model and Plan. If the agent has no prior
knowledge of how the state and action space should be parti-
tioned when it commences its interaction with the world, the
entire state space is contained within a single region. Over
time, this region is incrementally refined and simplified as
experience is acquired. The objective is to find a partition of
the state and action space that has the following properties:

1. All transitions resulting from a greedy action have ap-
proximately the same estimated value.

2. The expected failure of greedy actions is minimal.
3. The partition is as simple as possible.

Different types of revision can be done to bring the Map
closer to the criteria listed above. Each type of revision is
given a priority at each region that indicates (heuristically) the
likelihood that performing that particular type of revision will
improve the Map. When the Map Revision process runs, it
will perform the highest priority revision. The Map Revision
process ignores revisions below a certain threshold so as to
not over-fit potentially noisy experience.

The three types of revision used in this system correspond
to the three criteria above, and they are are as follows:

Value Revision

This type of revision attempts to separate state-action obser-
vations that have resulted in transitions with differing esti-
mated value. This separation can be done by splitting ac-
tion regions within a state region or by splitting the state
region. Deciding whether to split by state or by action
can be done using information gain.> The priority of per-
forming this type of revision is proportional to a measure
of variation of estimated value. The experimental imple-
mentation separates samples involved in greedy transitions
based on whether Q(n, 7(n),n’)/P(n'|n,u) is above or be-
low the mean. The priority is proportional to the variance of
Q(n,m(n),n")/P(n|n,u).

Failure Revision

This type of revision separates states that have led to success
from those that have led to failure. The priority of this type
of revision for a state region is related to the estimated prob-
ability of failure in the Model.

31f the Map is implemented using a nearest-neighbor classifier, it
does not make sense to make splits based on information gain since
nearest neighbor can always separate two different sets (assuming
that the same exact sample does not appear in both sets). Instead,
an approach based on cross-validation or bootstrapping would be
appropriate [Weiss, 1991].
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Simplification Revision

This type of revision merges state and action regions when
their distinction seems to be irrelevant to the task. Non-
greedy action regions are merged with low priority. State re-
gions are merged in two situations. The first situation occurs
when P(n’|n,7(n)) = 1 and w(n) ~ 7(n’), in which case n
and n’ are merged. Since action regions are partitioned dif-
ferently in different state regions, it is necessary to define the
equivalence relation u ~ u’, which means that all the actions
experienced in u can be mapped to action region v’ in the
state region of u’ and vice versa. The second situation when
two state regions are merged is when P(n|n’, w(n’)) = 1 and
P(n|n”,n(n”)) ~ 1 and w(n') =~ 7(n”). In this case, n’
and n”’ can be merged. These conditions for merging are re-
lated to the SQUISH algorithm described by Nilsson [2000]
for deterministic teleo-reactive trees.

4.2 Experience Revision

The Experience Revision process adds state and transition ob-
servations to the Experience data structure. If the state-space
is continuous and it is being sampled at a high frequency, it
is impractical to add each sample. Instead, the agent should
filter out samples that are not likely to be useful. The ex-
act mechanism for determining significance is domain depen-
dent, but one approach to filtering out states is to ignore all
states until the agent has transitioned to a new state that is
outside some threshold distance.

In addition to filtering out insignificant samples, the Expe-
rience Revision process is also responsible for removing old
samples from the Experience data structure. The schedule for
removing old samples depends upon memory and processor
constraints. The removal of old samples also allows the agent
to adapt to slowly changing environments.

4.3 Action Selection

The Action Selection process is responsible for continuously
selecting a single action to execute. This process must be ex-
tremely efficient because it is typically executed as frequently
as the agent samples the state of the world.

Usually, the agent should execute an action from the greedy
region of the current state region as computed by the policy
revision process. However, as with traditional reinforcement
learning, there are issues with balancing exploration of the
world and exploitation of the optimal policy. There have been
many techniques proposed for balancing exploration with ex-
ploitation [Thrun, 1992], any of which may be used in this
system.

As mentioned earlier, the agent is able to sense failures
when they occur. What exactly counts as a failure depends
upon the domain, but failures are generally situations where
executing the same action repeatedly will not lead to success.
In the Corner World domain described later, a failure might
be trying to push through a wall. The Action Selection mech-
anism uses information about past failures to better direct the
agent toward a goal.

4.4 Plan Revision

The Plan Revision process incrementally builds an optimal
plan with the assumption that the current Model is correct.
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This process calls the UPDATE(n) function supplied by the
Plan data structure, which updates the value and greedy action
region for n.

One way to arrive at an optimal policy is to repeatedly it-
erate through the state regions calling UPDATE until conver-
gence [cf. Bellman 1957]. However, doing so is not likely to
be feasible in real time since the Model changes in response to
the Map Revision and Experience Update processes. Instead,
it is better to use a method related to prioritized sweeping
[Moore and Atkeson, 1993]. Prioritized sweeping was de-
signed for solving Markov decision processes (MDPs) but it
can be easily adapted for solving the class of problems under
consideration here. The idea of the algorithm is to prioritize
updates of regions based on observed changes in the value
function from earlier updates.

S Experiments and Results

In the Corner World domain the agent starts at a random lo-
cation on the starting line and maneuvers along an L-shaped
track to the finish line. The track is contained within a 10 x 10
meter square, and the width of the track is 1 m. Each experi-
mental run consists of 20 episodes of this task. The continu-
ous compound discount rate (3 was set to 0.01.

The state space is represented by the tuple (x,y) corre-
sponding to the agent’s location. The agent may translate in
any direction at 5 m/s. The agent samples the environment
and makes control decisions at 5 Hz. Also at 5 Hz, the po-
sition of the agent is perturbed by an amount selected from a
normal distribution with 5 mm standard deviation.

Since AMPS has no prior knowledge about the dynamics
of the world or its task, it considers all states to be equivalent.
Hence, the agent must rely upon random exploration until it
reaches a goal. Random exploration is not practical in the
Corner World or most other interesting domains because the
state space is so large, and therefore the agent needs some
mechanism to bias it toward the relevant goal states [White-
head, 1991]. In our experiments, we used a teacher to guide
the agent to a goal for two training episodes. These two
training episodes allowed AMPS to partition the state space
and distribute the observed reward through the model. The
teacher used in the experiments returned random actions 5%
of the time.

For comparison purposes and to control for the informa-
tion gained from the noisy teacher, we trained a decision tree
based on the same teacher. The induction of the decision
tree is done by using the separator function to partition the
state space according to the actions taken by the teacher. This
sort of supervised learning of control is known as behavioral
cloning and has been successfully applied to a variety of do-
mains including aircraft control [Sammut et al., 1992]. The
primary disadvantages of a behavioral clone is that it is en-
tirely dependent on a good teacher and it is not able to adapt
its behavior based on its own experience in contrast to AMPS.

In our experiments, AMPS was allowed to perform a merge
or split of the state or action space at 5 Hz. Episodes termi-
nated when the agent reached the finish line or after 100 s
without success. The results of 100 repeated experiments are
summarized in Table 1.
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Successes Disc. Reward
mean | s.d. mean | s.d.
AMPS | 16.02 | 6.04 954 | 4.13
Clone | 12.75 | 5.74 7.87 | 3.85
Teacher | 20.00 | 0.00 || 13.00 | 0.18
Random 0.00 | 0.00 0.00 | 0.00

Table 1: Experimental results of various agents in the Cor-
ner World domain. Each experiment was repeated 100 times.
Shown above are the means and standard deviations of the
number of successes and discounted reward in each run of 20
episodes.

6 Related Work

There have been algorithms proposed that assume a discrete
action space but partition a large state space using a decision
graph such as the G-ALGORITHM [Chapman and Kaelbling,
1991] and U-TREE [McCallum, 1995]. Uther and Veloso
extended the work by McCallum to continuous state spaces
[1998] and temporally abstract actions [2003]. None of these
algorithms consider continuous action spaces.

Other techniques have been proposed for solving problems
with large or infinite state spaces that do not involve parti-
tioning the state space into regions. For example, parameter-
ized function approximators, such as neural networks, may
be used with traditional reinforcement learning techniques to
estimate the value function [Bertsekas and Tsitsiklis, 1996].

Doya [2000] developed a reinforcement learning frame-
work for continuous state, action, and time that uses function
approximation. However, it assumes that the dynamics of the
system are deterministic and the state and action spaces are
represented by real-valued vectors. Smith [2002] used self-
organizing maps to handle continuous state and action spaces
represented as vectors of real-values.

Other work has been done on problems with durative
actions in relational domains [Benson and Nilsson, 1995;
Ryan, 2004]. The way AMPS uses SMDPs to model durative
actions connects to work done in hierarchical reinforcement
learning [surveyed in Barto and Mahadevan 2003].

7 Conclusions and Further Work

This paper has introduced a real-time system that integrates
the adaptive partitioning of the state and action space and the
incremental planning over the estimated model to produce
goal-directed behavior. The system was tested on the Cor-
ner World domain and was shown to quickly learn successful
behavior in the presence of noise in the environment.

AMPS has been designed to be broadly applicable across
domains and representations. The state and action space may
be infinite, and actions may have a continuous effect on the
world and may be of variable duration. The Map data struc-
ture has been defined generically so that states and action
spaces may have any representation. The Map may be im-
plemented using a decision graph, in which case a separator
must be defined. Alternatively, the Map may be implemented
using a nearest-neighbor classifier, in which case only a dis-
tance metric must be defined. In either case, the separator or
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the distance metric can be built to exploit the structure inher-
ent in the state and action representation.

AMPS is currently being tested in other more complex do-
mains and compared against other methods such as traditional
reinforcement learning with function approximation. Further
work will investigate the use of different separators and dis-
tance metrics that take into account values of previous ob-
servations, making AMPS potentially applicable to domains
where the current state is only partially observable.
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Abstract

Reinforcement Learning has had spectacular suc-
cesses over the last several decades. While meant
to require less human input than supervised learn-
ing, reinforcement learning can be substantially ac-
celerated witha priori available domain expertise.
The ways of providing human knowledge to a re-
inforcement learning agent vary from crafting state
features to initial policy design to initial value func-
tion design. We chose the latter and propose a
novel approach for acquiring a high-quality initial
value function via apprenticeship learning. This ap-
proach works well in domain when a body of expert
data are available. Our apprentice reinforcement
learning (ARL) agent uses dynamic programming
to compute values for the states visited by the ex-
pert. A Laplacian regularizer is then engaged to
extrapolate these onto the entire state space. The
result of this process is a high-quality initial value
function to be further refined by any value-function
based reinforcement learning method. In a grid
world domain, ARL was able to speed up TI(
learning method by a factor of two from a single
observed expert’s trace.

Introduction and Related Research
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Apprenticeship Learning for Initial Value Functions in Reinforcement Learning
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Work onreward shapingdemonstrates that a well-chosen
reward function can, indeed, significantly speed reinforce-
ment learningdLaud and DeJong, 2003 Furthermoresafe
shaping rewards are differentials in a potential funcfinig
et al, 1999. Therefore, by supplying a non-trivial potential
function, the user can speed the learning process. This is not
surprising since learning with shaping rewards derived from
potential function is equivalent to learning without the shap-
ing rewards but with the initial value function being equal to
potential function [Wiewiora, 2003. For instance, learning
with the optimal value functio* as the potential function
is equivalent to learning with’* as the initial value function
—in both cases no further learning is needed.

Over the years, a number of methods for acquiring a non-
trivial initial value function have been proposed. They vary
from hand-engineeringKorf and Taylor, 1996; Nget al,,
1999 and solving abstracted problenisiolte et al., 1994;
Korf and Felner, 200Rto artificial evolution[Ackley and
Littman, 1991.

In this paper, we propose a novel method for deriving high-
quality initial value functions from existing demonstrations
by an expert. Our apprentice learning agent first builds an
auxiliary graph whose vertices are points in the state space
and whose arcs are transitions used by the expert. After es-
timating the state-values of the vertices visited by the expert,
we extrapolate these values onto all other states with a graph

For some application domains of reinforcement learningLaplacian operator. This step requires a similarity measure
demonstrations by an expert are readily available. For inover the state space. The resulting value function constitutes
stance, extensive databases of games between strong p|@/starting point for any value function based reinforcement
ers can be easily found for popular board games like Chesg—;arning method. As the initial value function is substantially
go or hex. The task of learning by observing an expert ignore informative than a random or optimistic value func-
called apprenticeship learning Most apprenticeship learn- tion frequently used with RL methods, the remaining on-line
ing approaches try to mimic the observed experts by applylearning process is substantially accelerated. We evaluate the
ing a supervised learning algorithm to learn a direct map£ffectiveness of deriving an initial value function in a standard
ping from the states to the actions as pioneered[@ﬁm_ grid-world domain and find thatsingleobserved demonstra-
mut et al, 1994. A recent alternative to this is to assume tion by an expert speed up learning as much as 300 additional
a reward-maximizing nature of the expert and then estimatd D()) episodes. This constitutes a two-fold speed-up.

the unknown reward function employed by the expert as a

linear combination over given state featuféfbeel and Ng, The rest of the paper is organized as follows. In section 2
2004. The premise of this approach is that the reward funcwe detail our method. Section 3 sets up the experimental en-
tion, rather than the policy or the value function, is the mostvironment and presents results of the empirical evaluation. A
succinct, robust, and transferable definition of the task. discussion of future research follows.
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2 ARL: The Proposed Approach “ground truth” was provided for each training image, a roll-

The presentation will be tailored to non-discounted episodicoute('tﬁé' efugcstugtlreee g}(ggzz'pnn) tte;r?g'qulf :"O"e"ﬁtd :gtgom'l:he
reinforcement learning tasks with a single absorbing stat@Y xactvalues Inpu subsequent states.

(called thegoal statehenceforth). While this setting covers rgsulting Very sparse samples_were ggneralized onto the en-
a number of planning tas{8onetet al, 1997; Aberdeert tire abstracted state space using Artificial Neural Networks
al., 2004, combinatorial puzzlefKorf, 1997; Korf and Fel- and hanq-crafted state features. i

ner, 2002, games[Tesauro, 1995; Schaeffet al, 2001 In [Bulitko and Wilkins, 2003, Artificial Neural Networks
path—findiﬁg[Ng et al. 1999° Shimbo and Ishida. 2003: Were used to generalize the values of damage control status
Koenig, 2004 and othe“r applic’atior[st(ohl and Stone, ’20(]4 ' (i.e., state) of a naval vessel computed from past scenarios

our approach can be extended to handle multiple goal staté¥'0 the entire state space. Aggm, hand-bunt state features
as well as non-episodic tasks, were used to reduce the dimensionality of the state space.

The agen operates on a directed weighted graph whosg U 2209 & Ly 00 8 et expert bahavior
vertices are agent’s states. A single state is designated & 9 P

the goal state. Edges correspond to actions available to thgs opposed to the final state that the expert arrived at. An ad-

; : . tional difference from this and the second approach is that
agent. By traversing an edge, the agent incurs a negative ré- S
w%rd eqli/al to the egdge’s V\?eight. A%riving at the g o%l stateV® take an advantage of the similarity between states by us-

ends the episode and does not deliver any additional rewardl!d & Graph Laplacian. This allows us to induce high-quality

The learning task is to learn a state value function such tha\falue funciions from a single expert trajectory whereas hoth

following this function greedily from any state will maximize aforementioned systems required large bodies of labeled im-

g : ; _ages or damage control scenarios.
teh; gg{f?rtgg gar\:;aéférg—shtlzt:astﬁiﬁgzlgglt to following a short We will now present the details of Step 2 of the ARL ap-
Notationally, the sum of negative rewards (i.e., the costsproach. The training seff[s, h(s)]} computed in Step 1 is
incurred along a pattP between states andb is denoted NOW fed into a Graph Laplacian regularizEZhung-Graham,
asdistp(a,b). As usual, the valud, (s) of a states with 1997 to generalize the data onto all other states. To illustrate
respect to the policy: is the expectation of the cumulative the role of the graph Laplacian, consider the toy-sized graph
cost incurred by the agent when following the policjrom of Figure 1 where verte% represents the goal state. Given

the states. the values of the vertices on the pdfh4,2,1,5), traversed
by the expert, we would like to generalize the values of these
2.1 Step 1: Collecting Observations vertices to non-visited vertices. That is, we are looking for

. .. reasonable values for verté&and vertex6. The valuevs
The observed demonstrations by an expert are encoded in tl%ﬂould be related to the values andwv- of its neighbours.

form of trajectories in the state space. The premise of Ouéimilarly, the valuevs should be related to,, v5 andvy,. We

approach is that' an expert agent W'I.I follow trajectories tha etermine the values; andvg by minimizing the Laplacian
are close to optimal. On this premise, we induce a partia ost function:

order over the states visited by the expert. The training se
(i.e., the set of state trajectories) therefore induces a directefds — 2)% + (vs — 4)% 4 (vg — 1)? + (vs — 3)2 + (vs — 4)>.
subgraph on the set of visited states. If a sequence of stat
from an expert agent has a state repeated, we prune out
states between the two occurrences. That is, the sequen
(o ey 861,58, 8t415 -+ -5 St4ms Stem+1, - - - ) With states; =
St+m will become(. ey St—1,S5ty St+m+15- - - )

Once all cycles have been eliminated, we label each stat;
in each sequence with its distance from the goal state. [P
then merge multiple sequences labeled with their distances 5 Ho— fo
into one directed labeled graph. If several sequences pa:
through the same state, we use the minimal distance as the?;?n
nal label of this state. In other words, we compute the shorte%

wgighted paths to the gpal state in this auxiliary graph usinqhe optimization problem as a quadratic progran @tie full
DISJktI’a-. glgonthm. At thlslstage, th? vaIueA of a state that ha%/ector) with equality constraints for the visited states. The
been visited by an expert is approximatediify), the length  yaiues of the states visited by the experts are clamped to the
of a shortest path from the goal statesto values found in Step 1. The pseudo-code of Step 2 is found
o . . in Algorithm 1.

2.2 Step 2: Generalization with a Graph Laplacian Thge use of a set of non-visited states is motivated by the
Several approaches in the past generalized high-quality vafact we may have access to valuable information on the en-
ues of sample states onto the entire space[Lévner and tire state space. For instance, in game playing, such infor-
Bulitko, 2004, the researchers applied reinforcement learnmation is in the form of a database of games where some
ing methods to acquire a computer vision policy in the do-games were played by experts and other games by non-expert
main of tree canopy recognition. A training set of aerial im- players. The board positions reached by non-expert players
ages was used as the starting states of an RL-agent. Since the still relevant to learning a strong program for this game as

jjom here the optimal values are computed-as- 3 (which
appens to be its correct value) and= 2.667 (which ex-
Ceeds its correct value @). If there were an edge between
vertex3 and vertexs, we would add the terrfvs —vg )? to this
ost function. In general, the cost function to be minimized is
f the form:

erev represents the vector of the values of the states not
sited by the experts. The solution fois H f, whereHd +
the pseudo-inverse df. Alternatively, we can formulate
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Figure 1: Top: a hand-traceable micro-graph used to illus-
trate the first two steps of our ARL algorithm. The vertex la-
bels are inside the nodes through6). The expert path from
vertex7 to vertex5 (the goal) is shown by the solid arrows.

The numbers next to vertices of the path are the values of th

verticesh computed in Step 1Bottom: the values estimated
for vertices3 and6 in Step 2 are shown.

V. Bulitko & S. Koenig (eds.)

much larger) unlabeled data et 1, ..., «.,, } where ther;’s

are in some general input space and}ie are real values.

In addition to this training sef’, we are given a graph of
similarity on the input state space. That is, two vertices are
connected by an edge if they are deemed similar. From the
adjacency relation of the graph, the Laplacian operatis
defined as the matrix whose entries satisfy:

1 ifi~j
Li’jz{ —d; ifi=y
0 otherwise

whered; represents the degree of vertexandi ~ j means
that vertexi is adjacent to vertex. It is easy to check that:

1 Z(’Ui - ’Uj)z.

v y=—-2=
2 £~
g

The scalaw” Lv quantifies how much varies locally, or how
smoothw is over the vertex set.

In [Smola and Kondor, 2003 graph Laplacians are put
into the principled framework of Regularization Theory and
a family of regularization operators (equivalently, kernels)
on graphs that include Diffusion Kernels is proposed. It is
worth mentioning that the approach we propose herein can
e extended to any of these regularization operators. For in-
stance, consider the diffusion kerngl and the training set
T as above. Then we would be maximizin§ Lv subject to

v; = h(z;) fori € [1:1].

2.3 Step 3: On-line Refinement via RL
they correspond to states likely to be visited. If we have a rea- P

sonable quality similarity measure between board positionsIhe result of Step 2 is the initial value functidry(s) =

then we can derive a weighted graph similar to the graph of-A(s). This function is then refined during the on-line re-
Figure 1. The weights of the egdes are the similarity mealnforcement learning with a value-function based algorithm
sures between states and the Laplacian will be defined for th&ch as the simple value iteration or PP{Sutton and Barto,
weighted graph. Then we can induced some initial valued998. The initial value function computed during Steps 1
of the board positions for the games of non-expert playersand 2 captures certain expert knowledge induced from the
Despite not having seen expert behavior in these states, tfiecorded experiences. We believe that our approach is su-

initial values can still be expected to be of a higher qualityPerior to the learning by value iteration by replaying the ob-
than a random initial values. served state trajectories of the experts. Indeed, assume we

As usually done within the semi-supervised learningh@ve two expertsi and B such thatA makes a good deci-

framework [Zhu et al, 2009, the machine learning mod- sion in the state and a lower quality decision in the stdte
ule is not only given a labeled data set consisting of inputOn the other hand, the expetis strong in the staté and
output pairs{(z1,v1), ..., (z,u)}, but also a (typically less optimal in the state. The value of the state obtained

by value iteration on the trajectories dfand B will depend
on which expert trajectory was presented lastB fvas used
Algorithm 1 V = InitializeValueFunctiori(’) last, then the result will not be as accurate ad ivas used

Require: T, a collection of experts’ trajectories in a discrete [aSt- Our approach does not suffer from this ordering problem
state space. because of the way we determine the values of the states in

Ensure: V is an initial value function. the auxiliary graph.
- Build auxiliary digraph by inserting an arc between state
s; ands; whenevers; is a successor state gfin a expert

trajectory ofT".

- Compute the distance to a goal of each visited state verte}0 assess the benefits of the propc_)sed apprpach, we have
in the auxiliary digraph. ested the performance of the ARL in a classical maze-like

- Clamping the computing value of visited states, deter.97d world such as the one in Figure 2. The primary objective
mine the vectol’ of values of the other states by miﬁimiz- of the empirical studies was to measure the acceleration in re-

ing the Laplacian subject to the clamping constraint. inforcement learning v_vith respect to the amount and quality
of observed expert trajectories.

3 Empirical Evaluation
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Goal

Figure 2: A sample grid-world used for empirical evaluation.

We used a heuristically guided full-width fixed-lookahead ) ) o
search with the user-specified lookahefzak the domain ex- Figure 3: The optimal value function of the maze in Figure 2.
pert and recorded the trajectories it traversed. In the state The valueV’™ of the optimal policyr™ is —12.82. To make
the expert agent with the lookaheddomputes the frontier the plot easier to read, we are showing the negative policy
S(s,d) of all states reachable fromin exactlyd moves. For  value as positive numbers. Hence, visually lower values are
each of the state’ on the frontierS(s, d), its heuristic value  better.
h(s’) is computed. As commonly done, we used the Manhat-
tan distance between the state and the goal state as the heuris-

tic. The agent then takesmoves from state to the frontier ~ value. While it is computationally less expensive to assess
state with the most promising heuristic: the quality of a value function as the mean squared devia-

i h(s' tion from the optimal value functiof*, [Li et al, 2004b;
A8 S (s"). 20043 demonstrates that such measure does not lead to maxi-
s . o mizing reward collected by the agent. The value of the greed
Note that in this example, the distance frerto s” is ignored oIicygwith the zero vaIueyfunctign i527.69. The valuegof g
in the selection as all moves have uniform cost. Upon reac he optimal policy is—12.83 o
Irggv?s(ijtia(;jf i?zié?ﬁ&g:unér? %cok;;aglr(es.r;'rr;]%\?:gli(;rastiléggi%?l:rs]%sm evaluate the benefits of the apprenticeship-based value
. . nction initialization, we compared the policy values from

Qllj\)rli_nng]c?hd'trgls (\)I&g g)épﬁgt &:‘geeer:jt {ggﬁ%gﬂﬁé&hgjﬂ%ﬁgqhe ARL-initialized policies with TD-learned policy with the

9 ! J initial value function of zero. Initializing the value function

iggdé) ?gellcgi(eﬁr;lzmteesceilrgg algorithms such as RIFf, with the Manhattan distance immediately yielded a greedy

As we real-time sear)c/;h agjents deeper lookahead leads ((golicy whose performance is18.20. This initial heuristic is

. ! I31uiva|ent to the one obtained by approximately episodes

average) to more optimal paths. Thu_s, by varyi’n_g/e were f zero-initialized TD-learning as seen in Figure 4
able to adjust the degree of expertise f_rom being a perfec? Figure 6 shows the induced value function frohw the sin-
3?uesr;tt(()eiﬁé uWr:}(nePo:?neegosael as;::age(é.sg\f/ihl(?).trﬁ lg,?ek; ge;fj rag]le trajectory in Figure 5. It is remarkable that the Laplacian
ARL, the heuristic estimates derived from the recorded trajec(-)pelr"’ml)r alflows_thefcapture Ofl a roqghllandscape of the opti-
tories were extrapolated onto the entire maze using the Graghe V2/u€ function from r‘réerg y a single trajectory: as seen
Laplacian approach. In Step 3, the initial value function pro- y comparing Figure 3 and Figure 6.
duced was further refined by a temporal difference (TD) al-

gorithm withA = 0.7,¢ = 0,7 = 1.0 and a learing rate of - 31,16 1. 70p: value of the greedy policy over the value func-

0.1 [Sutton and Barto, 1998, Figure 7.7, p. 17%he initial 0" derived by ARL. A single trajectory of the expert with

state for the TD agents was chosen randomly while the 908ha shown lookahead was used as the input to ARittom:

state and the maze were fixed. . the number of TD-learning episodes required to learn a value
In order to evaluate the quality of a value functitn we b

computed the average expected return of a policy greedy wit uqugczraj(gcigfyfquahty produced by ARL from a single ex-

respect td/:
) Expert’s lookahead 1 5 10 30
VT — i Z E. {ststan: 8} _ Policy valueV'™ -19.31| -19.28| -16.39 | -13.47
s€s ‘ Expert’s lookahead 1[5 10 | 30

~ A policy greedy with respect t&” always selects the ac-  Equivalent number of TD episodgs95 | 95 | 140 | 300
tion that is expected to lead to the state with the highest
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Figure 4: Learning curve of TD(= 0.7, « = 0.1, v = 1.0)
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Figure 6: The results of Step 1 (Figure 5) are generalized onto
the entire space with the Laplacian in Step 2.

initialized with a zero value function. Each point is averaged
over 30 independent TD-learning runs starting from random
initial states. To make the plot easier to read, we are showing ¢ top portion of Table 1 shows how the quality of the
the negative policy value as positive numbers. Hence, VisUpitial value functions produced by ARL from a single ex-

ally lower values are better.

Figure 5: Values of states computed in Step 1 from a single éto high-quality initial value functions.

pert’s trajectory depends on the expert's lookahead depth.
The bottom portion demonstrates the number of TD learn-
ing episodes required to produce a value function of the same
quality as those produced by ARL.

We have experimented with the number of trajectories used
as the input to ARL. In this micro-maze, the gains in per-
formance are negligible. We expect that in larger and more
complex state spaces leading to sparser sampling with each
trajectory, ARL will be able to benefit substantially from a
collection of recorded expert problem-solving traces.

4 Future Work and Conclusions

The promising initial results encourage several follow-up re-
search directions. First, we would like to extend the approach
to non-episodic tasks. Second, it is of interest to investigate
the extent to which this novel method applies to approxi-
mated (as opposed to tabular) value function. Third, we are
presently working on scaling up this approach to challeng-
ing real-world tasks such as the game of Hex wherein hu-
man players are presently far superior to computer players
and massive amounts of past games are available for appren-
ticeship learning.

In summary, we have proposed a novel effective approach
for generalizing problem-solving traces from expert agents
Practical evalua-

trajectory of our expert search agent with the lookahedd of tion in a standard grid world micro-domain demonstrated that

27

even as few as a single recorded expert trajectory speeds up
temporal differences with eligibility traces TBY by as many

as 300 learning episodes. That is equivalent to halving the
convergence process.
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Fast Reachability Analysis for Uncertain SSPs

Olivier Buffet
National ICT Australia &
The Australian National University
olivier.buffet@nicta.com.au

Abstract Uncertain probabilities have been investigated in resource
_ allocation problem$Munos, 2001 — investigating efficient
Stochastic Shortest Path problems (SSPs) canbe ef-  exploration[Strehl and Littman, 20d4and state aggregation
ficiently dealt with by theReal-Time Dynamic Pro- [Givanet al., 200§ — and policy robustned8agnellet al,
grammingalgorithm (RTDP). Yet, RTDP requires 2001; Hosakat al, 2001; Nilim and Ghaoui, 2004 We fo-
that a goal state is always reachable, what can be  cus on the later, considering a two-player game where the op-
checked easily for a certain SSP, and with a more  ponent chooses from the possible models to reduce the long-

complex algorithm for amncertainSSP, i.e. where term utility.
only a possible interval is known for each transition Our principal aim is to develop an efficient planner for a
probability. This paper makes a simplified descrip-  common sub-class of MDPs for which optimal policies are

tion of these two processes, and demonstrates how  guaranteed to eventually terminate in a goal state: Stochas-
the time consuming uncertain analysis can be dra-  tic Shortest Path (SSP) problems. A greedy versioRexl-

matically speeded up. The main improvement still  Time Dynamic Programming algorith(RTDP)[Bartoet al,,
needed is to turn to a symbolic analysis in orderto 1995 is particularly suitable for SSPs, as it finds good poli-
avoid a complete state-space enumeration. cies quickly and does not require complete exploration of the

state space. Yet, if it can be made rob[Buffet and Ab-
. erdeen, 2004; 20Q5it also requires that a goal state is reach-
1 Introduction able from any visited state, which can be checked through a

In decision-theoretic planning, Markov Decision Problemsréachability analysis. . .
[Bertsekas and Tsitsiklis, 19p@re of major interest when This paper makes a simple description of the reachability
a probabilistic model of the domain is available. A range of@nalysis for certain and uncertain S9Rsiffet, 2004, and
algorithms make it possible to find plans (policies) optimiz-ShO‘_’VS how the time consuming uncertain analysis can be dra-
ing the expected long-term utility. Yet, optimal policy con- Matically speeded up. In Section 2 we present SSPs, RTDP
vergence results all depend on the assumption that the prob@d robustness. We then explain the algorithms for reacha-
bilistic model of the domain is accurate. bility analysis in the certain and uncertain case. Finally, the

Unfortunately, a large number of MDP models are based@st uncertain reachability analysis is depicted and practical

on uncertain probabilities (and rewards). Many rely on statis€XPeriments are presented before a conclusion.

tical models of physical or natural systems, may they be toy
problems such as the mountain-car or the inverted-pendulurd,  Background

or real problems such as plant control or animal behaviop 1  Stochastic Shortest Path Problems

analysis. These statistical models are based on simulatio . -
(themselves being mathematical models), observations ofrgsmcrlastIC Shortest Path Markov Decision Prob[&®rt-

real system or human expertise Sekas and Tsitsiklis, 1996is defined here as a tuple

Working with uncertain models first requires answering-<S’ SO’G’-A’T’ ). It describes a control problem Whe&
two closely related questions: 1- how to model this uncer-IS the f_|n|te set obtatesof the system consideredy < Sls
tainty, and 2- how to use the résulting model. Existing work? starting state, a}n@ < 5is a set.of goal statesd 'S t_he

! S . . finite set of possibleactions a. Actions control transitions
shows that uncertainty is sometimes represented as a set

ossible models, each assigned a model probahMynos m one state to another state’ according to the system'’s
P > gned P Muynos, robabilistic dynamics, described by ttransition function
2001. The simplest example is sets of possible model

defined asl'(s,a,s’) = Pr(siy1 = §'|s¢ = s,a; = a).
that are assumed equally probaj@agnell et al, 2001; L ) ’
Nilim and Ghaoui, 200k Rather than construct a possibly The aim is to optimize a performance measure based on the

H . +1
infinite set of models we represent model uncertainty by al—COSt functionc: § x A x § — R*.

lowing each probability in a single model to lie in an interval ~ 'As the model is not sufficiently known, we do not make the
[Givanet al, 2000; Hosakat al, 2001. usual assumptioa(s, a) = E[c(s, a, s')].
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SSPs assume a goal state is reachable from any st&te in simulating the system’s dynamics, common transitions are fa-
at least for the optimal policy, so that one cannot get stuck irvored, so that good policies are obtained early. Yet, the bad
a looping subset of states. An algorithm solving an SSP haspdate frequency of rare transitions slows the convergence.
to find apolicy that maps states to probability distributions )
over actionsr : S — II(A) which optimizes the chosen per- 2.3 Robust Value Iteration

formance measure, here thalue V' defined as the expected \we now turn to the problem of taking the model’'s uncertainty

sum ofcoststo a goal state. . into account when looking for a “best” policy. The (possibly
Inthis paper, we only consider SSPs for planning purposespfinite) set of alternative models is denotéd.
with only inaccurate knowledge of the transition functibn We follow the approach described[iBagnellet al., 2001,

In this framework, well-known stochastic dynamic program-that consists of finding a policy that behaves well under the
ming algorithms such asalue iteration(VI) make it possible  worst possible model. This amounts to considering a two-
to find a deterministic policy tha_t corrgsponds to the m|n|malp|ayer zero-sum game where a player’s gain is its opponent’s
expected long-term co$t. Value iteratiorworks by comput-  |oss. The player chooses a policy while its “disturber” oppo-
ing the value functiori”*(s) that gives the expected reward nent simultaneously chooses a model. A simple process may
of the optimal policies. It is the unique solution of the fixed pe ysed to compute the value function while looking simul-

point equatioriBellman, 195F. taneously for the worst model. It requires the hypothesis that
v _ . T(s,a,s a0, )+ V(). @ sta_te-dlst_rlbutlon§(s,a, -) are mdep_endent from one state-
() e Z (5,0, [e(s,0,8) + V()] (1) action pair(s, a) to another. Under this assumption, the worst

ves model can be chosen locally whéhis updated for a given

#de?ting v I‘:Nith this formula leads Ito the opétimal tvalue state-action pair. If this assumption does not always actually
unction.  For convenience, we also introduce e 54 it induces a larger set of possible models, what results

valuer)(s,a) = > s T(s,a,s)[c(s,a,s") + V(). ; ] L e
This kind of probﬁem can easily be viewed as a shortes{n aworst-case assumption in the pessimistic approach.

path problem where choosing a path only probabilistically . ] . ]
leads you to the expected destination. SSPs can represenPgblem — We are particularly interested in handling

useful subset of MDPs. They are essentially a finite-horizor¥ncertain  SSPs(USSP), where only intervals of pos-
MDP with no discount factor. sible transition probabilities are known:T'(s,a,s’) €

[Prmin(s'|s, a), Pr™®X(s'|s,a)]. Yet, to use (robust) RTDP,
2.2 RTDP this theorem is of major interest:

A first algorithm making use of the structure of SSPs is arheorem 1. [Bertsekas and Tsitsiklis, 1998 If the goal is
version of theReal-Time Dynamic Programmirglgorithm  yeachaple with positive probability from every state, RTDP
(RTDP) [Bartq et al, .1993. It uses the fact that the SSP | jike the greedy policy cannot be trapped into loops forever
cost functlon is positive and the ad_d|t|onal assumption thab g must eventually reach the goal in every trial. That is,
every trial will reach a goal state with probability 1. Thus, gyery RTDP trial terminates in a finite number of steps.
with a zero initialization of theJ, both theJ and Q-values ) _ } i
monotonically increase during their iterative computation. The purpose of this paper is to determine from which states
The idea behind RTDP (Algorithm 1) is to follow paths & goal state is still reachable in S_SPs. The uncertain case
from the start state,, always greedily choosing actions of could be brought back to the certain case by finding an ap-
low value and updating(s, a) as states are encountered. In Propriate pessimistic model. To that end, our policy should
other words, the action chosen is the one expected to lead {Qg fixed to one that chooses all actions with equal probabil-
the lowest future costs, until the iterative computations showty and the opponent could then learn a model to prevent goal

that another action may do better. states from being reached. Yet, the opponent’s problem is no
SSP, what would imply coming back from RTDPValue It-
Algorithm 1 RTDP algorithm for SSPs eration Moreover, we prefer performing a graph analysis, as

it gives more practical information and would be a first step
toward a symbolic analysis avoiding the enumeration of the
complete state-space.

RTDP(s:state)l/ s = sg
repeat
RTDPTRIAL(S)
until // no termination condition

3 Reachability Analyses

RTDPTRIAL (s:state) When applying algorithms such as RTDP on an SSP hav-
while -GOAL(s) do ing no proper policy, the main problem is to detect if cur-
a =GREEDYACTION(s) rent states still has a positive probability of reaching the goal
J(s) =QVALUE(s, a) set, in which case is said to be feaching . If s is non-
s :PI_CKN EXTSTATE(s, a) reaching , RTDP should stop and a specific process be ap-
end while plied, such as associating this state to an infinite cost.

Non+eaching  states constitute looping sub-sets of
RTDP has the advantage of quickly avoiding plans that leadtates which we will refer to as “dead-ends”. The process
to high costs. Thus, the exploration looks mainly at a promisjust described results in dead-ends avoidance. Yet some states
ing subset of the state space. Because it follows paths byay bereaching but also have a positive probability to
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lead to a dead-end whatever the policy. If meaching Prmin(s'|s,a) = 0. A difficulty is that Pr™i® (s} |s,a) = 0
states incur infinite costs, thesddngerous ” states will — and Pr™®(s)|s,a) = 0 are not sufficient to tell ifs; and
necessarily have an infinite long-term cost to the goal. Its}, may be forbidden simultaneously in some possible model.
would thus be of interest to also identify thedangerous Fig. 1 shows an example where the 3 potentially reachable
states. states cannot be forbidden simultaneously (there is no possi-

Note that what to do when in a noeaching state may ble model s.tvj € {1,2,3} T'(s,, ao, s7) = 0). With upper
depend on the user’s preferences. Butin all cases the first stgpobabilities ofl, any 2 states could be forbidden.
is to perform a “reachability analysis” through a graph traver-
sal beginning with goal states. Then, if required, a “danger
analysis” can be performed through another (simpler) graph ao
traversal beginning with noreaching states. This paper

mainly focuses on the “reachability analysis”, as this process

is necessary and somewhat subtle in the case of USSPs. [0,.6].~ ~.[0,.6]
(c=1),~ L (e=1)

3.1 Certain SSP 7 10,.6](c=1) -
In a certain SSP, it’ is reaching , any states such that

T(s,a,s’) > 0 for some actioru is also reaching. This re-

sults in a straightforward analysis by making a graph traversal

starting with goal states.

Let Parents(s) be the set of states for which there ex-
ists atransitionis’, a) — s: Parents(s) = {s' € Ss.t.3a €
APr(s|s’,a) > 0}. Alg. 2 uses this information to perform , . .
the reachability analysis. Then states which have not been Let us define the set of all lists ofgstates which cannot be
marked aseaching are dead-ends, and a second grapHorbidden simultaneously (frorfs, a)):

7
7N
|
|
|
|
|

Figure 1: USSP where only 1 of the 3 reachable states can be
forbidden (goal states in bold circles).

traversal starting with these states will identifgngerous 1CSsts €l= Prmax
states (see Alg. 3). o = (&)
L(Sﬂ) = and ds" e [ s.t. PT(S,‘S’(L) >0
Algorithm 2 PROPAGATEREACHABILITY SSP Parents) or Zs’eS\l P?”?éf‘fém <l
PUSHALL (G, st) {st: stack of goal statgs To know if a given actiorn can lead to a goal state from
while st # () do current states, one has to find at least one such list where
POR(s, st) all states areeaching . In this case, the opponent cannot
if —=reaching(s) then prevent the planner having some chance of terminating. The
MARK (s, reaching ) reachability analysis only needs to work with the subset of
PUSHALL (Parents(s), st) minimal lists:
end if o o
end while [min® _ LeLi g StV e L -
(@) T Il =lor(inl') ¢ L(, ,

In other words, removing any state of such a list makes it

Algorithm 3 PROPAGATEDANGER(Parents) possible for the opponent to forbid all states in the list. On

f ” M Pl ) H . 7 min

e oy oaching(s) do Fig. 1: LY 2) = {{sh. 55} {sf. 54} {s5. 54}}.

end for ’ From this basic idea, two problems arise:

while st # () do e How to perform the reachability analysis ?
POR(s, st) e How to obtain these lists ?

if =dangerous(s)andvVa € A :
3¢’ € Ss.t. Pr(s'|s,a) > 0 & dangerous(s’) then
MARK (s, dangerous )
PUSHALL (Parents(s), st)
end if Performing the Reachability Analysis— The minimal lists
end while we have just described are defined with respect to a given
state-action paifs,a). They are used to obtain a new set

L‘(‘;i)n © of minimal lists relative to the state since the precise

We now just give a brief idea of the answers to these two
guestions (details in Sections 3.2 and 3.3Ruiffet, 2004).

3.2 Uncertain SSP action chosen is of no interest when just checking whether a
In an uncertain SSP, the reachability analysis depends on tistate could reach the goal or not.
fact that the opponent can forbid a transitiona) — s’ if From there, determining which states can reach a goal state

[ is again done through a propagation starting from these goal
2Alg. 3 can be implemented efficiently by remembering which — —
state-action pairs are known to be dangerous. 3@ ~ “statescannot be forbidden simultaneously”
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states. This “back™propagation takes place infA¥D-OR  Experiments — The various algorithms developped to per-
graph where nodes are states and their minimal lists, as iform the reachability and danger analyses have been devel-
lustrated by Fig. 2. This is aAND-ORgraph because a opped and tested on several problems (&aefet, 2004).

list is “reaching " if all its children states ameaching The three main remarks coming from these experiments are
(AND, and a state iseaching if oneof its children listsis  the following:

reaching  (OR. 1. In some problemsPr(s'|s,a) = e can be sufficient to

consider that transitiois,a) — s’ can be forbidden
[ u» @ (because of “attracting” parts of the state space which

nearly behave like dead-ends).

2. The analyses require enumerating the whole state-space,
whereas this is often not feasible. This is all the more

12 ,,,,,, - unfortunate that one of (L)RTDP’s main advantage is to
J avoid visiting the complete state-space.

1 3. The reachability analysis for uncertain SSPs can be very
Y time consuming.

|- — —

The second point is a major subject for future work, with
the idea that we should turn our algorithms into a symbolic
analysis. Next section shows how to easily address the third
point through a simple preprocessing phase.

Figure 2: Example oAND-ORgraph in which the reachabil-
ity analysis is done (starting with goal statessasere). If
sz isreaching ,then so id; (the opponent cannot forbig
andss), and therefora;. N .
4 Improved Reachability Analysis

The improved algorithm we propose here is based on the idea
that, if the reachability analysis for uncertain SSPs is time
onsuming, in many cases only a small part of the model re-
. : 2 'a\‘ﬁres a special treatment. A lot of information can already be

transitions from happening (by assigning them a zero probgspained through analyses performed on chosen certain SSPs.
bility mass). On the contrary, its aim should be to allow all ;.o recisely, we apply the certain reachability and dan-
possible transitions in a view to give more ways of getting toger analyses on ,an optimistic and a pessimistic model first,
a dead-end. to quickly classify most states. Then, the uncertain algo-
rithms only need to be run on states which remain unclassi-
How to Obtain the Lists — Previous section has shown fied. As detailed below, this process can be viewed as lower-

how to use minimal lists of states which cannot be forbidderand upper-bouding a solution with simple technics before us-
simultaneously so as to perform the reachability analysis. Aling an exact —but costly— computation.

essential question that we still have to answer is how to obtain
these lists. This is an indirect process as it consists in 1- look4,1  Upper- and Lower-Bounding Reachability

After this reachability analysis for uncertain SSPs, the dan
ger analysis from Alg. 3 can be performed with no modifica-
tion, using the most probable model for example. Indeed i

ing for maximallists of states whiclcanbe forbidden simul- Graphs
taneously, then in 2- adding a state to turn them minimal . .
lists of states whicltannotbe forbidden simultaneously. The precomputation phases work on two reachability graphs

As we have defined the notion of “list of states whigm-  °Ptained from the original uncertain SSP:
notbe forbidden simultaneously”, we define the opposite no- e the lower-bounding reachability graph G;,: in which

tion of “list of states whicttanbe forbidden simultaneously”: s’ is reachable from if and only if there exists an action
max min ( o/
o _ 1C Ssit. Zs{esv P > 1and a such thatPr™*(s'[s,a) > 0, and
(s,a) sel= Prf‘;}r“m) =0& Prm’;a) >0 [° e the upper-bounding reachability graph G“P: in

But we only need to consider the subset of these lists which ~ Which s’ is reachable froms if and only if there exists
are “maximal’™ an actiora such thatPr™*(s’|s, a) > 0.

] leL® st¥Yl'el® .- G, represents all transitions which are certainly valid, and
L?;?;‘)G =9 ur (ial)orl Ul ¢ L(é’a) : G"? represents all transitions which could be valid. Yet,
(s.0) these graphs should not be seen as an “optimistic” and a “pes-
Indeed, adding any reachable state to such a list turns it into simistic” graph, as the point of view may differ depending on
list from L(?S o) Obtaining the minimal lists required for the which analysis is being performed.

reachability7analysis requires then two algorithms:

e Oneto createﬂzga;‘)@ (¥(s,a) € S x A), and 4.2 Principle
max® : . The optimistic, pessimistic and exact-computation phases are
e One to turn any seL<M) in the corresponding set the following:
min @ i )
L(s,a) ' 1. optimistic:
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(a) useG“? to perform a certain reachability analysis reducing the number of unidentified states which require an
and get states whiamay bereaching (and sub- uncertain reachability analysis, therefore cutting down the

sequently those certainly ne¢aching ), and complexity of this last algorithm.
(b) useG, to perform a danger analysis and get states )
which are certainlydangerous . 5 Experiments
2. pessimistic: Problems — Experiments have been conducted on two dif-

a) useGy, to perform a certain reachability analysis ferent problems: o
@ and glet start)es whicire certainlyreachingy an)é ¢ One is themountain-car problem as defined ifSutton and
. ' Barto, 1998: starting from the bottom of a valley, a car has

useGto-performadangeranalysisandgetstate: .
(b) X (useless step) S 1o get enough momentum to reach the top of a mountain (see
whichmay bedangerous— P Fig. 3). The same dynamics as described in the mountain car

3. exact-computation: To complete the analyses, two softwaré have been employed, with the only difference that
graphs must be designed which embed states not yehe left boundary has been moved frem.2 to —2.0, creat-
certainlyreaching (or dangerous ) and their direct ing a valley in which the car can be trapped. The objective is
children. Then can be performed: to minimize the number of time steps to reach goal.

(a) the construction of the required AND-OR graph,

(b) the reachability analysis (starting with states known
to potentially reach a goal), and

(c) the danger analysis (starting with states known to
be trapped).

Here, one could say that the planner is optimistic when the
opponent is pessimistic (and conversely), what explains the
inverted use of7;, andG"? with the reachability and danger
analyses. The former tells whether the planner has some hope
to reach a goal state, and the later tells if the opponent has
some hope to definitely avoid a goal state.

A useful implementation detail is that this complete pro-
cess requires a three-state logic tellingjifraperty  istrue,
false or unknown.

. oal
road reaction X &
acceleratign

dead—end

gravity

-2.0 -1.2 position 0.6
Figure 3: The mountain-car problem with a dead-end.

The continuous state-space is discretiza?l x 32 grid)
4.3 Algorithms’ Complexities and the corresp(_)nding uncer_tain model of transitions is ob-
e . . tained by sampling 000 transitions from each state-action
Here is a list of the most important parameters with respect iy (5 o). For each transition, we computed intervals in
the algorithmic complexities of the various algorithms: which the true model lies with5% confidence (cf.[Buffet
|S]: number of states, and Aberdeen, 2004ppendix B.1).
| AJ: maximum number of actionsiax.cs |A(s)|), . _The other is e_salllng proble,m sharing some _S|r_n|Iar|t|es
i ] _ ~with the mountain-car task. It's complete description can be
be: maximum branching-factor for a state-action pair, found in [Vanderbei, 1995 Here, the space is discretized
e b,: maximum “reverse” branching-factor for a state (i.e. to 210 x 10 grid, x8 wind angles anc8 possible headings.
maximum number of parents for a state). The system’s stochasticity is due to the random changes in the
With this. we have the followina worst-case complexities: wind’s direction. If there is here no true dead-end, rLRTDP is
T 9 _ P " easily trapped in some parts of the state-space, forcing us to
e constructing Parents(-) for a certain SSP: consider that a transition with probabilifyr™* (s'|s,a) <
O(]S|.|A].ba), 0.01 can be forbidden. The uncertain model is also learned

e certain reachability analysis (Alg. 202(|S|.b, ), and by drawinglé)é)() samples for each state-action pair, using the
samex = 0.05.

¢ danger analysis (Alg. 3Y9(]S|.b,).

While these t_h_ree algor?thms remain rea_sonable, the Ukesults —  As we have just seen, branching factors play a
certain reachability analysis creates many lists of states (ofygticeable role. This, and the important number of available
ten singletons) and performs various manipulations on themytions, may explain the dramatic increase in observed com-

This easily leads to a high increase in complexity. Due to,ation time in the sailing problem, as shown on Table 1, col-
the number of independent steps in the uncertain reachability,, “sailing™“raw”. Yet, the preprocessing obviously helps

analysis, it is a difficult task to give _it_s algorithmic co_mplex- quickly determining for most states if they asmching  or
ity through a formula. A good intuition can be obtained by not, hence the huge speed-up observed for each problem’s

computing the complexity of the various steps of this com-ra5chability analvsis (columns “help”. In both problems
plex algorithm, as done ifBuffet, 2004, Appendix A. Y ysis ( P P '

The preprocessing quickly determines for most states if “*http://www.cs.ualberta.ca/sutton/
they arereaching or dangerous . This results in largely MountainCar/MountainCar.html
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most of the state space is effectively handled through the ceReferences
tain analyses, only a small part depending on “uncertain” dy[BagneIIet al, 2001 J.A. Bagnell, A. Y. Ng, and J. Schnei-

namics. der.  Solving uncertain markov decision problems.
mountain-car sailing Techniqal Relfort CI\/I2U—RI—TR—01—25, Robotics Institute,
5] 1024 6400 Carnegie Mellon U., 2001.
| Al 2 8 [Bartoetal, 1999 A.G. Barto, S. Bradtke, and S. Singh.
raw help raw help Learning to act using real-time dynamic programmiAg.
Init - 0.7780 0.7801 5.8647 5.8670 tificial Intelligence 72, 1995.
Reach”™ | 0.2810 ~ 0.0277  167.7658 0.4468 [Bellman, 1957 R. Bellman. Dynamic Programming
rLRTDP | 10.6862 10.6447  1.4320  0.5442 Princeton U. Press, Princeton, New-Jersey, 1957.

Table 1: Average performance (duration in seconds) oblBertsekas and Tsitsiklis, 19p@.P. Bertsekas and J.N.
tained with 100 executions for the 3 phases: 1- model Sitsiklis. Neurodynamic ProgrammingAthena Scien-
Init ialization (including the statistical modeling), 2-  ffic, 1996.

Reachability analysis and 3rLRTDP itself. [Bryant, 198% R.E. Bryant. Symbolic manipulation of

(“raw”= “no preprocessing”, “help”= “with preprocessing”) boolean functions using a graphical representation. In
ACM/IEEE Design Automatigmpages 688-694, 1985.

A surprising observation is that rLRTDP is much faster on[Buffet and Aberdeen, 20040. Buffet and D. Aberdeen.

the sailing problem when a preprocessing phase is used. This Planning with robust (l)rtdp. Technical report, National
may be linked to the fact that the computer has no problem |CT Australia, 2004.

handling memory in this case, what may slow down rLRTDP
: . . . Buffet and Aberdeen, 20050. Buffet and D. Aberdeen.
if used after the expensive reachability analysis on a complet[e Robust planning with (I)rtdp. IRroc. of the 19th Int. Joint

uncertain graph. The same experiment on a lake af4 e . :
instead ofl0 x 10 shows little difference between both cases: Cont. on Artificial Intelligence (IJCAI'03)2005.

without (0.0161s) and with (0.0197s) preprocessing. [Buffet, 2004 O. Buffet. Robust (l)rtdp: Reachability anal-
ysis. Technical report, National ICT Australia, 2004.

6 Conclusion [Coudertetal, 1990 O. Coudert, J.-C. Madre, and

The goal reachability checked through the algorithm pre- C. Berthet. Verifying temporal properties of sequential

sented here is an essential tool for robust RTBERffet and machines without building their state diagrams. Piroc.

Aberdeen, 2004; 2095 This paper briefly describes how  ©f the Workshop on Computer-Aided Verificatia890.

to perform reachability and danger analyses in certain anfiGivanet al, 200§ R. Givan, S. Leach, and T. Dean.

uncertain SSPs, and explains how the analyses for uncer- Bounded parameter markov decision procesgetficial
tain SSPs can be speeded up through a simple preprocessingintelligence 122(1-2):71-109, 2000.

phzrs]e(.) en question is how to use the information obtaineo“_k)s’akaet al, 2001 M. Hosaka, M. Horiguchi, and M. Ku-
pen g rano. Controlled markov set-chains under average cri-

throughthe rgachabll|ty analyss. If one does not want to for- teria. Applied Mathematics and Computatiod20(1-
bid states which areeaching anddangerous , the cost 3):195-209, 2001

function is not sufficient for decision-making and a new (non-
classical ?) preference criterion has to be introduced. [Munos, 200} R. Munos. Efficient resources allocation for

The main remaining issue is then how to avoid enumerat- markov decision processes. Aulvances in Neural Infor-
ing the complete state-space. In a structured domain, as in Mation Processing Systems 13 (NIPS;@001.

temporal planning, it would be of great interest to conduct gNilim and Ghaoui, 2004 A. Nilim and L. El Ghaoui. Ro-
symbolic analysis, as it has been done for other purposes for pustness in markov decision problems with uncertain tran-
Finite State AutomatéCoudertet al, 1994 by using BDDs sition matrices. InMAdvances in Neural Information Pro-
[Bryant, 198%. The major problem should be the algorithm  cessing Systems 16 (NIPS'03D04.

m

produci_ng the minimal_lists irL(si-,E)®’ what would enable a [Strehl and Littman, 20G4A. L. Strehl and M. L. Littman.
symbolic characterization of the AND-OR graph. An empirical evaluation of interval estimation for markov

_ Finally, it is important to notice that the core of the algo-  decision processes. Rroc. of the 16th Int. Conf. on Tools
rithms presented in this document is not specific to decision- ith Artificial Intelligence (ICTAI'04) 2004.

making, but rather to certain and uncertain Markov chain .
(with end states). It would be simple to rewrite the VariOUjS%tggtana?n?sg: 1:3?2} ;UJL?in?nSrSdfggtg%%EfOW{

procedures to that end, as Markov chains could be described :
as SSPs with no costs and a single available action per state. Fress: Cambridge, MA, 1998.
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Abstract We focus in particular on the use of planning to determine the
sensory actions needed to correctly collect the olfactory data.

Using an electronic nose in the context of object detection
has several benefits. Firstly, descriptions of objects can in-
clude an odour and the respective recognition can be based on
smell. For example, in the detection of “a cup of ethanol”, vi-
sion may serve to detect certain properties of the cup or even
the colour of the substance but the actual substance of ethanol
is best determined through chemical analysis. Another ben-
efit emerges when two similar objects create an ambiguous
: case for the decision-making system. The property of smell
and where the e-nose should be activated. can be used to disambiguate and distinguish between these
Finally, experiments are performed on a objects. Even in non-ambiguous cases, acquiring the odour
mobile robot equipped with an e-nose to- characteristic can be used to confirm the belief that the de-
gether with a variety of sensors and used sired object has in fact been found. Finally, in the case of
for object detection. reacquiring an object, the odour property can be determined,
stored, and reused in order to find the same object again.

A naive approach to implementing odour recognition in the
experiments mentioned above, may be to use an electronic
Mobile robots are becoming equipped with more diverse andhose as a passive sensor i.e., constantly smelling the environ-
numerous sensing modalities. Still, however, many of thes@ent and associating the odour characteristic to the object in
modalities focus on obtaining the structural properties of arffocus. There are however, several problems to passive sens-
environment using for example, cameras, sonars and laseiigg in this case. First, there is the conceptual problem that
In object detection applications, objects may be discriminatedjuestions the validity of associating a dispersed odour in the
more than just on their structural properties. One example igir to an object physically located at a distance from the ac-
the property of smell. With the development of electronictual point of detection. There is also the practical problems of
olfaction and small electronic noses, gas sensors can be dfie sensing mechanism that include long sampling time (2-5
fectively integrated on mobile platforms. Furthermore suchminutes), high power consumption (pumps and heaters), and
an integration could be of benefit to a number of robotics redong processing time for the multivariate sensor data. In a real
lated applications for rescue robots, home-care robots and efime application that considers a mobile platform with mul-
ploratory robots. tiple sensing modalities, the electronic nose is an expensive

Electronic noses (e-noses) offer the potential to systemasensor. For these reasons, the electronic nose in this work is
ically quantify odours and this ability is attractive to many used instead as an active sensor that is explicitly called upon
research and industrial applications. E-noses have also b#side a complex decision making system.
come commercially available, facilitating the integration of The work in this paper presents an overview of a system
artificial olfaction in the Al community. Over the past two that receives as input a symbolic description of an object and
decades e-noses have been used in the detection of substanioeates that object in a complex environment. The system has
in the context of quality control in the food industry, detection different sensing modalities available (in this case olfaction
of toxins, and discrimination of odouf®ersaud and Dodd, and vision) and should determine when to use these modal-
1983. In this work we present a new kind of application ities in order to most effectively reach the goal. The system
where e-noses are added in the context of a larger sensing syaso reasons about its perceptions on a symbolic level. For
tem, including vision, and planning. The e-nose is used fothis reason, a planner and an anchoring module are included
detecting objects where the odour characteristic is consideradlithin the system architecture. The purpose of the planner is
in a symbolic context as an additional property of the objectto treat ambiguities, generate plans, call the execution of ap-

Olfaction is a challenging new sensing
modality for intelligent systems. With

the emergence of electronic noses (e-
noses) it is now possible to train a system
to detect and recognise a range of differ-
ent odours. In this work, we integrate the
electronic nose on a multi-sensing mo-
bile robotic platform. We plan for per-

ceptual actions and examine when, how

1 Introduction
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User goals & tasks,

propriate behaviours (that may include the command to smell

an object) and determine when the goal has been reached.
The anchoring component is important since it creates and

maintains the connection between the symbols denoting ob- [ Plan exceutor & monitor
jects at the symbolic level and the perceived physical objects MT i“s DT ls
[Coradeschi and Saffiotti, 20D0

Planner (top-level & recovery)

Interface

Plan T pro&lcm(smc&gmn

Navigation

The paper begins with a description of related works in Anchoring Planner
Section 2. In Section 3, an overview of the system and its CdT l(] ﬁp. an l Staus
components is given. In Section 4, different scenarios such Odour Vision Fuzzy Control
as disambiguating between objects and reacquiring objects Processing Processing
are tested using vision together with olfaction on a robotic <de io T. (“T l’

|atf0rm . - N . § Robot,control,
p E-Nose CCD Camera odometry etc..

2 Related Work
o Figure 1: Overview of the robotic complete system which
To the knowledge of the authors, very little if not any at- yses an anchoring module. On the left side of the arrows

tempts have been made to integrate an electronic nose Ggformation is flowing downward and on the right side infor-
a multi-sensing mobile platform that specifically executesmation is flowing upward.

object recognition tasks. Although significant contributions
have been made in the areas on odour source localization us-
ing mobile robots, it should be emphasized that this topic isntegrated e-noses on multi-sensing stationary platforms for
outside the focus of this paper. Despite the absence of simildhe purpose of sensor fusion, but have not considered an
works however, there is well-developed research from botlapplication with intelligent or autonomous systems. Con-
the electronic nose community and the Al community thatversely, many intelligent or autonomous systems that con-
facilitates the integration of odour recognition into intelligent sider planning for perceptual actiofBarrouil et al, 1998;
systems. Kovacicet al, 1998; Wassoet al., 1999 and perceptual an-

In [Gardner and Bartlett, 199@ general definition of an choring[Coradeschi and Saffiotti, 20Nhave focussed pri-
electronic nose includes both an array of gas sensors of pamarily on vision-based sensors.
tial selectivity and a respective pattern recognition process to
detect simple or complgx odou(s. Both a variety of sensingg  An overview of the complete system
technologies (metal oxide semiconductor, conducting poly- _ _
mers, acoustic wave devices and fibre-optic sensors) as welhe components of the complete system used in our experi-
as pattern recognition techniques have been applied in réhents and their interrelations are shown in Figure 1. Signif-
search, industrial and commercial domains. The most comicant attention is placed on the olfactory module with a de-
mon of the pattern recognition used has been artificial neurgicription of the sensor operation and data processing. Further
networks, which are trained on odour categories. Althougtfletails regarding the other components of the system can be
ANN's have provided good results in applications with lim- found in their respective references.
ited amount of odours categories as showiKaller et al,
1994, using black-box classification fails to address the prob3-1 ~ Planner

lem of representing the knowledge of odour categories in orThe planner, PTLplan, is a conditional progressive planner
der to classify a larger spectrum of odours. A study on thgkarlsson, 2001 It has the capacity to:
meaning of categorisation by Dub¢00q has attributed the _ o . )
absence of fixed standards in odour classification to the lack ® '€ason about incomplete and uncertain information: it
of correlation between the chemical composition of an odour ~ Might be unknown whether a cup contains ethanol or
and the common name that refers to it. Consequently, chem-  SOMe other substance.
ical models such as Dravnie200d character profiles or o reason about informative actions: by smelling the cup,
Amoore’s[1965 primary odour tables, have not adequately ~ one might determine whether it contains ethanol or
represented in a generally accepted manner odour categori- something else.
sations due to the large possibility of odour categories and
descriptions. Thus, in recent years, there has been a move-*® ; 0 - .
ment to treat e-nose data in a more human-like manner by ei-  CUP contains ethanol, pick it up; otherwise, check the
ther relying on expert knowledge using fuzzy-based logic in other cup.
tailored application§Lazzeriniet al,, 200] or using explicit ~ PTLplan is used on two different levels: for constructing the
symbolic descriptions in order to relate odours categories tplan for achieving the current main goal, and for constructing
one anothef?]. repair plans in case problems occur while the main plan is ex-
Aside from performing navigation by smdlLilienthal et  ecuted. The repair planning facility mainly deals with actions
al., 2001, little work has explored the possibility of using an and plans for disambiguating an ambiguous situation, e.g. by
electronic nose together with other sensors on robotic platfinding out which of the two cups is the one that contains
forms. Some studies such §Sundicet al, 2004 have ethanol?].

generate plans that contain conditional branches: if the
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The planner functions by searching in a space of belieings We consider a matching between a description and the
states. A belief state represents the agent’s incomplete angérceptual properties of an object partial when all perceived
uncertain knowledge about the world at some point in timeproperties of the object match the description, but there still
A belief state can be considered to represent a set of hypotheemains properties in the description that have not been per-
ses about the actual state of the world. The planner can reasarived. This is a typical case for olfaction that requires that
about perceptive actions and these actions have the effect thiie sensors are close to the odour source for detection.
the agents makes observations that may help it to distinguish The anchoring module is also able to determine whether
between different hypotheses. Each different observation wilbbjects have been previously perceived, so as to not create
result in a separate new and typically smaller belief state, anflew anchors for existing objects. Ambiguous cases such as
in each belief state the robot will know more than before. Towhen two objects partially match a given description, and
summarize, the planner searches for plans that maximize tHailure to find an object are detected by the module and dealt
probability of success, as well as mimimize the cost. Costith at the planner level.
can be defined simply in terms of the number of steps, or by A more detailed description of the anchoring module and
associating each action with a numerical cost. its functionalities can be found ifCoradeschi and Saffiotti,
3.2 Plan executor 200d.
The plan executor takes the individual actions of the planan@.4  Thinking Cap
translates them into tasks that can be executed by the control . o ) .
system (the Thinking Cap). These tasks typically consist ofn this system, execution monitoring on a mobllg ro_bot is con-
navigation from one locality or object to another. Planningtrolled by a hybrid architecture evolved frojBaffiotti et al,
actions might also be translated into requests to the anchorinkP99 called the Thinking Cap. The Thinking Cap (TC) con-
system to find or reacquire an object that is relevant to thsists of a fuzzy behawo_ur-based controller, and a navigation
plan, either in order to act on that object (e.g. moving toward®lanner. In order to achieve a goal the planner selects a num-
it) or simply to acquire more information about the object. ber of behaviours to be executed in different situations. De-

The plan executor also reacts when the execution of an a@endmg on th_e current situation, the different behaviours are
tion fails, e.g. due to ambiguities when it tries to anchor an@ctivated to different degrees.
object. In such cases, the repair planning facility is invoked.

' 3.5 Vision Module
3.3 Anchoring Module In addition to the sonars used by Thinking Cap to navigate

The anchoring module creates and maintains the connectioghq detect obstacles, the system also uses vision to perceive
between symbols referring to physical objects and sensor dafgjects. This is done by continuously receiving images from
provided by the vision and olfaction sensors. The symbol; ccb camera connected to the robot and using standard im-
data correspondence is represented by a data structure callgge recognition techniques for image segmentation. The seg-
an anchor, that includes pointers to both the symbol and thgyented images are used for recognising a number of predeter-
sensor Qata connected to it. Thg anchors also_ maintain a set@fined classes of objects and properties such as shape, colour
properties that are useful to re-identify an object e.g., coloupng relative position. The resulting classified objects are de-
and position. These properties can also be used as input [Rered to the rest of the system at approximately 1fps.
the control routines. Different functionalities are included i The result of these classifications are collected over time
the anchoring modules. In this work, two functionalities in 5,4 presented to the planning and anchoring system. The sys-
particular are used. tem tries to represent objects so that they are persistent over
Find is used to link the symbol e.g., “cup-22” to a percepttime but due to uncertainties in our sensing this is not always
such as aregion in an image that matches the descriptigmossible and ambiguities which has to be dealt with at the
“red cup containing ethanol”. The output of Find is an planning level may arise.
anchor that contains properties such as(#g) position In order to maintain and predict sensed object currently
or the odour of the cup. outside the camera’s viewpoint an odometry based localisa-
Reacquire is used to update the properties of an existing anfion is used. As long as our movements are limited this

chor. This may be useful if the object goes out of view orMakes it easy for the system to reacquire objects based on
a period of time elapses resulting in a change of objectheir stored position, if however the objects move or if accu-

properties (e.g., chemical characteristic). mulation of odometry errors is large this might lead to reac-
. . " . quisition ambiguities which can only be resolved using other
The anchoring functionalities are typically called by the ¢onqqrs.

planner via the plan executor. To be able to execute actions

referring to an obJect, the planner interacts W|th_the anchormg‘,’.6 Olfactory Module

module by referring to objects using a symbolic name and &

description expressed in terms of predicates. For instance, whe olfactory module consists of a commercially available

can execute the command “move-near cup-25” where “cupelectronic nose. This e-nose contains 32 thin-film carbon-

25" is described as a “green cup”. black conducting polymer sensors of variable selectivity.
Since all properties of an object are not always accessiblé&ach sensor consists of two electrical leads on an aluminium

the anchoring module also considers casesanfial match-  substrate. Thin films are deposited across the leads creating
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Figure 2: A scenario where the robot discriminates four visu-Figure 3: A closer view of the Pippi and the electronic nose.
ally similar green cup objects based on their smell property
. P Ny

a chemiresistor. Upon exposure to an analyte, a polymer ma- PR 4 1 <ure S
trix absorbs the analyte and increases in volume. This in- £ A
crease in volume is reflected in a increase in resistance across
the sensor. Each polymer in the array is unique and designed
to absorb gases to different degrees, creating a pattern of re-
sponses across the array. The array of sensors are contained ]
in a portable unit also consisting of pumps, valves and filters -
that are required to expose the sensor array to a vapour gas. ]

The sampling of an odour occurs in three different phases. L _
The first phase is a baseline purge, where the sensors are ex- hotpostion : 21120 : 3.0 hea: 450
posed to a steady state condition, for example the air in the B
room. The duration of the purge is 180 seconds. The second
phase is a sampling cycle where a valve is switched to al-
low vapours from a sampling inlet to come into contact with Figure 4: The local perceptual space of Pippi given 4 similar

the sensing array. The duration of this cycle is 60 seconds,ps and obstacles. Pippiis located in the center of the space.
Finally, a sequence of purging cycles is used to remove the

sampled odour from the unit and restore the sensor response

to the baseline values. A total of 30 seconds are dedicatey snout protrudes from the robot so that sampling of an ob-

to purging the unit however the time for full recovery of the ject can be done easily see Figure 3. The nose has been pre-

sensors may vary according to the odour being sampled.  viously trained on a number of different substances including
The signals are gathered in a response vector where eatfose used in the first experiment.

sensor’s reaction is represented by the fractional response of

the reaction phase to the baseline. The response vectors #el Disambiguiting Objects

then normalised using a simple weighting method and aup, this scenario, we consider a situation where Pippi is in
toscaled. Classification of new odours is performed by firsly yoom where there are several different objects present as
collecting a series of training data. With this type of data, theshown in Figure 4. On the floor of the room are visually iden-
authors have used an unsupervised technique based on fuzgya| green cups. Given the request to identify an object such
clustering such as that presented?h However, for the the a5 cup of ethanol, the planner in this case activates a Find

experiments described below and in order to optimise compuynctionality creating anchors for the matching objects. An
tation time in a real-time environment, a minimum distancegyample of the call to Find may look like:

classifier was implemented. The result from this classifier
provides a linguistic name which refers to the class to whicH(find c1 ((shape = cup) (smell = ethanol)))
the unknown odour belongs. Later work intends to explore 1, anchoring module examines the percepts sent from the
the ability to output not only the class name but also a degregjgion module, and finds several percepts that match the in-
of membership, which could then be used in the planning progjicated shape of c1. The percepts are considered as partially
Cess. matching the description as the smell still remains to be per-

. ceived. The anchoring module classifies this as an ambiguous
4 Experiments situation and creates several candidate anchors, one for each
The experimental setup consists of a Magellan Pro Researctup.
robot, called Pippi, equipped with a CCD camera, sonars, in- The repair planner is invoked, and considers the properties
frared sensors, compass and a Cyranose 320 electronic noséthe requested cup c1 and of the new percepts. It finds that

— e e

CUP-1
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cl is expected to smell ethanol, but that there is no smell a
sociated with either anchor (the case of two identical cups
It then automatically generates an initial state consisting o

V. Bulitko & S. Koenig (eds.)

Sf’able 1: Experimental results from Disambiguating visually
gimilar objects

three hypotheses: that only anchor-1 smells ethanol and is Olfactory Olfactory
the target for anchoring c1; the corresponding for the other No.of Odours Trials Failures Failures
anchors; and finally that no anchors smell ethanol. This initial (Vision, (Classifica-
state, and the goal to either have c¢1 anchored or to determine Odometry) | tion)
it cannot be anchored, is given as input to the planning algo- 2 11 18% 0%
rithm, which then produces the following conditional plan: 3 15 20% 0%
(Egnoc;]vde-near anchor-1) (smell-obj anchor-1) 4 21 19% 4.7%
((smell anchor-1 = ethanol) (anchor c1 anchor-1) :success) 5 25 16% 8%

((smell anchor-1 = not-ethanol) (move-near anchor-2)
(smell-obj anchor-2)
(cond

((smell anchor-2 = ethanol)

(anchor c1 anchor-2) :success)

((smell anchor-2 = not-ethanol)

(anchor c1 :fail) :success)))))

the odour range is between 5 cm and 23 cm. Most visual fail-
ures are due to the odometry and as the number of candidate
objects increase, Pippi needs to move a longer distance and
a larger odometry error is accumulated. There are cases in
which the e-nose misclassifies the odour independently of vi-
: o Bual failures. These misclassification errors slightly increase
anchor cl to one of the candujate;, or to none (:fail). when the number of different odours increase. The source of
The plan is executed and Pippi moves close enough 1o thiis error can be the e-nose’s inability to discriminate between
object denoted by anchor-1 so that the snout of the nose {§55ses of odours. However, in our case the error was actually
within reasonable sampling proximity (see Figure 4). They, e 1 the sensing parameters given in the sampling process.
planner sends to the anchoring module a request to smell the 4 ticylar, when two cups were separated by a short dis-
object. The anchoring module receives the command and 15 e there was an inadequate recovery time between “sniffs”
quests the sensing data from the e-nose. Now the e-nose i this resulted in a misclassification of samples. This re-

vokes a 4-minute sampling procedure where the result is g, ey fime depends on the type of odour being sampled.
classification based on the comparison with the trained val-

ues. The classification is sent and anchor-1 is updated. Aﬁ
indication that the smelling process has finished sampling is”
sent to the planner from the anchoring module. If the smellThe purpose with this experiment is to show a different ap-
was found to be ethanol, the planner decides to associate tlpdication of an electronic nose in which the e-nose is used to
symbol cl to anchor-1. If the object denoted by anchor-1 dicacquire the specific odour of an object. Assuming that the
not smell like ethanol then the planner would proceed to apedour characteristic is a unique property of that object, this
proach the second object. If neither of the objects denotethformation can be used to reacquire the object again. In this
by the anchors return the desired classification, the plannescenario, the robot is in a room and a cup is located on the
registers that no anchors for c1 have been found. floor. Pippi is first given the task to find the cup and then to
A number of configurations of the above scenario wereacquire its odour. Pippi first looks for the cup, finds it, and
tested, where the number of cups were 2, 3, 4 or 5, eachmoves close to it. It then requests the e-nose to start sam-
cup with a different content. The contents of the cups wereling. In this case, however, the objective is not to recognise
one of the following: Ethanol, Hexanal, 3-Hexanol, Octanol,the smell but instead acquire it in order to use it for identify-
or Linalool. These substances are part of an ASTM atlas oing the cup at future occasions. The e-nose samples the odour
odour descriptiongDravnieks, 200pDwhose characters are and stores the sensor signals as a new pattern within the train-
best described as alcoholic, sour, woody, oily and fragraning depository. A new name is generated for the odour. Fi-
respectively. nally, the anchoring module stores the information that this
Table 1 summarizes the results from different configura{particular cup has the acquired smell.
tions involving different numbers of candidate objects. Note The robot then wanders throughout the room. Meanwhile,
that in order to execute the smell action Pippi needs to movan additional cup of similar shape and colour is added and
close to the objects. As a result, errors may arise from eithethe original cup is displaced so that it cannot be recognised
the olfaction module (misclassification of odours) and/or theby its position. The planner then requests the anchoring mod-
vision module (accumulated odometry errors cause the anile to reacquire the original cup. Two possible candidates are
choring module to lose track of an object). The table alsdound, the original cup and the new cup, and the planner is in-
provides information regarding the source of failures in theformed that there is an ambiguous situation. A plan is created
unsuccessful cases. consisting of first going to one of the cups and smelling it, if
Analysis of the results shows that visual failures provokethe classification of the odour matches the one that was stored
olfactory failures. This is due to the fact that the e-nose perduring the first acquire then the plan succeeds. Otherwise, the
forms best when close to an object. Depending on the odowecond cup is checked. In our experiment, Pippi successfully
(rate of vapourization), the distance to accurately recognizeeacquired the cup.

2 Reacquiring Objects
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5 Conclusions

Olfaction is a valued sense in humans, and robotic systems
which interact with humans, and/or execute human-like tasks
also benefit from the ability to perceive and recognise odours.

[Karlsson, 2000 L. Karlsson. Conditional progressive plan-
ning under uncertainty. IRroc. of the 17th Int. Joint Con-

' ferences on Artificial Intelligence (IJCAlpages 431-438,
2001.

While previously gas sensors were difficult to use and needetKeller et al, 1994 P. Keller,

certain expertise to successfully implement odour recogni-

tion, commercial products have now made it possible to suc- applications.

cessfully employ electronic olfaction in new domains. One

L. Kangas, L. Liden,

S. Hashem, and R. Kouzes. Electronic noses and their
InWorld Congress on Neural Networks
(WCNN) pages 928-931, San Diego, CA, USA, 1996.

such domain is intelligent systems that rely on multi-sensingKovacicet al, 1999 S. Kovacic, A. Leonardis, and F. Per-
processes to perform autonomous tasks. The integration of nys. Planning sequences of views for 3-D object recog-

electronic olfaction presents interesting challenges with re-
spect to the use of Al techniques in robotic platforms. Some
of these challenges are due to the properties of the sensi
mechanism, such as long sampling time, and close proximit
required for smelling an object.

In this work, we show how an electronic nose could be

successfully used as a tool for the recognition of objects. We

nition and pose determination. Pattern Recognition
31:1407-1417, 1998.

azzerinietal, 200] B. Lazzerini, A. Maggiore, and

F. Marcelloni. Fros: a fuzzy logic-based recogniser of ol-
factory signals. Pattern Recognition34(11):2215-2226,
2001.

also show that successful integration requires that the e-nodbkilienthal et al, 2001 A. Lilienthal, A. Zell, M. Wandel,

is explicitly called within the system at the appropriate occa-

and U. Weimar. Sensing odour sources in indoor envi-

sion. Planning is essential for this task. The result is a system ronments without a constant airflow by a mobile robot. In
capable of using odour recognition to disambiguate between Proc. of the IEEE Int. Conf. on Robotics and Automation

visually similar objects of different odour property and reac-
quire them at a later time.
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Abstract

Planning for partially known domains is an extremely
demanding task. However, it is often possible to for-
mulate assumptions over the expected dynamics of the
domain; these can be used to effectively cut the search,
dramatically improving plan generation. In turn, the ex-
ecution of assumption-based plans must be monitored
to prevent run-time failures that may happen if assump-
tions turn out to be untrue, and to replan in that case.
In this paper, we use an expressive temporal logics,
LTL ([Emerson, 1990]), to describe assumptions, and
we provide two main contributions. First, we describe
an effective, symbolic forward-chaining mechanism to
build (conditional) assumption-based plans for partially
known domains. Second, we constrain the algorithm to
generate safe plans, i.e. plans guaranteeing that, during
their execution, the monitor will be able to unambigu-
ously distinguish whether the domain behavior is one of
those planned for or not. This is crucial to inhibit any
chance of useless replanning episodes. We experimen-
tally show that exploiting LTL assumptions highly im-
proves the efficiency of plan generation, and that enforc-
ing safety improves plan execution, inhibiting useless,
expensive replanning episodes without significantly af-
fecting plan generation.

1 Introduction

Many realistic scenarios require the ability to generate plans
for domains whose behavior is not completely known a pri-
ori; on top of this, the internal status of these domains is of-
ten only partially observable. Planning under these premises
is an extremely challenging task: only rarely, in this situa-
tion, strong solutions that guarantee reaching a given goal
exist, and finding them requires traversing a huge search
space. However, in many cases, it is possible to express rea-
sonable assumptions over the expected dynamics of the do-
main, e.g. by identifying “nominal” behaviors; using these
assumptions to constrain the search may greatly ease the plan-
ning task, allowing the efficient construction of assumption-
based solutions. Of course, assumptions taken when gen-
erating a plan may turn out to be incorrect when executing
it. For this reason, assumption-based plans must be executed
within reactive architectures such as [Muscettola et al., 1998;
Myers and Wilkins, 1998], where a monitoring component
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traces the status of the domain, in order to replan when an un-
expected behavior has compromised the success of the plan.
However, due to the incomplete run-time knowledge on the
domain state, it may not be possible for a monitor to estab-
lish unambiguously whether the domain status is evolving as
expected or not; then, replanning must occur whenever a dan-
gerous state may have been reached. But if the actual domain
state is one of those planned for, replanning is unnecessary
and undesired. These situations can only be avoided if states
not planned for can unambiguously be identified at plan exe-
cution time; in turn, whether this is possible crucially depends
on the actions performed by the plan. In this paper, we model
partially known domains as partially observable, nondeter-
ministic finite state machines, and we consider an expressive
language that provides us with the key ability to specify as-
sumptions over the domain dynamics, called linear tempo-
ral logics (LTL, [Emerson, 1990]). In this framework, we
provide two main contributions. First, we provide an effec-
tive, symbolic mechanism to constrain forward and-or search
to generate (conditional) LTL assumption-based solutions for
nondeterministic, partially observable domains. Second, we
further constrain the search to obtain safe LTL assumption-
based solutions, i.e. plans that not only guarantee that the goal
is reached when the given assumption holds, but also guaran-
tee that, during their execution, the monitor will be able to
unambiguously distinguish whether the current domain sta-
tus has been planned for or not. In this way, no unneeded
plan abortion (and consequent replanning) may be triggered
by the monitor. We experimentally show that generating LTL
assumption-based solutions can be dramatically more effec-
tive than generating strong plans, and that enforcing safety
can highly improve plan execution, since it inhibits costly
and useless replanning episodes without significantly affect-
ing plan generation.

The paper is organized as follows. Section 2 provides
the basic background notions. Section 3 introduces LTL as-
sumptions, and defines LTL assumption-based solutions for a
planning problem. Section 4 provides the key notion of safe
(LTL) assumption-based plan. Section 5 describes a forward-
chaining procedure to generate LTL assumption-based solu-
tions, and in particular safe ones, using symbolic representa-
tion techniques. Section 6 provides an experimental evalua-
tion of the approach. Section 7 draws conclusions and illus-
trates future work directions.
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2 Domain, Goals, Plans

To represent uncertainty over the nature and dynamics of a
planning domain, we model it as a nondeterministic, partially
observable finite state machine. Following [Bertoli ef al.,
20011, we allow for initial state uncertainty, non-deterministic
action outcomes, and partial observability with noisy sensing:

Definition 1 (Planning domain). A non-deterministic plan-
ning domain with partial observability is a 6-tuple D =
($,4,U,1,7,X), where:

S is the set of states.

A4 is the set of actions.

U is the set of observations.

I C S is the set of initial states; we require I # 0.

T :§ x A — 2% is the transition function; it associates with

each current state s € S and with each action a € 4 the set

T (s,a) C S of next states.

e X : 5 — 2Y js the observation function; it associates with
each state s the set of possible observations X (s) C .
Some observation must be possible for any given state:
X (s) #0.

We indicate with [ o ] the set of states compatible with the
observation o: [o]={s€ S :0¢€ x(s)}. We say that ac-
tion a is executable on state s iff T (s, o) # 0, and we denote
with a(s) = {s' : s € T (s,a)} its execution. An action is
executable on a set of states B (also called a belief) iff it is
executable on every state of the set; its execution is denoted
a(B)={s:5 €7 (s,a), s € B}

Moreover, we assume the existence of a set of basic propo-
sitions 2, and of a labeling of states with the set of propo-
sitions holding on them. We denote with 2 rop the proposi-
tional formule over 2, and with [ @ ] the states satisfying a
formula ¢ € Prop.

A planning problem is a pair (D, G ), where ¢ C § is a set
of goal states. We solve such problems considering condi-
tional plans that may branch on the basis of observations:

Definition 2 (Conditional Plan). The set of conditional
plans I for a domain D = (5,4,U,1,7 ,X) is the minimal
set such that:

o ccIl;

e ifa€ a2 andw €11, then aom € I1;

e ifo € U, and |, my €11, then if o then 7y else wy € I1.

Intuitively, € is the empty plan, oto 7 indicates that action
o has to be executed before plan 7, and if o then 7| else T,
indicates that either t; or T, must be executed, depending on
whether the observation o holds. A plan is a finite state ma-
chine that controls the domain by executing synchronously
with it: at each step, the plan evolves on the basis of the cur-
rent observation and of its internal state, producing an action
which, in turn, makes the domain evolve and produce a new
observation.

An execution of a conditional plan can be described as a
trace, i.e. a sequencel of traversed domain states and associ-
ated observations, connected by the actions of the plan.

'We use the standard notation % = [x' ...x"] for a sequence of n
elements, whose i-th element is indicated with x!. Concatenations
of two sequences X; and X, is denoted x| o ¥;. The length of ¥ is
denoted |%|, and | x|, is its prefix of length L.
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Since a plan may attempt a non-executable action, we have
to distinguish failure traces from non failure traces:

Definition 3 (Traces of a plan). A trace of a plan is a se-
quence [s°,0°,00, ..., 5", 0" End], where s', o' are the domain
state and observation at step i of plan execution (i.e., sOcr ),
and o' is the action produced by the plan on the basis of o'
(and of the plan’s internal state). End can either be Stop,
indicating that the plan has terminated, or Fail(0"), indi-
cating execution failure of action o* on s". We also write
a trace (§,0,Q.), splitting it into sequences of states, observa-
tions, and actions, respectively, and omitting the final symbol.

A trace t is a goal trace for problem (D, G) iff t is not a
failure trace, and its final state, denoted final(t), belongs to
G. We indicate with Trs(T, D), the set of traces associated
to plan T in domain D. TrsFail(n,D) and TrsG(®n,D,G)
are, respectively, the subsets of the failure and goal traces in
Trs(m, D).

A plan is called a strong solution for a planning problem
(D, g ) iff every execution does not fail, and ends in G :

Definition 4 (Strong solution). A plan Tt is a strong solution
for a problem (D ,G) iff Trs(n,D)=TrsG(®n,D,G)

3 Assumptions, Assumption-based solutions

To express assumptions over the behavior of D, we adopt
Linear Temporal Logic (LTL) [Emerson, 1990], whose un-
derlying ordered structure of time naturally models the dy-
namic evolution of domain states. LTL expresses properties
over sequences of states, by introducing the temporal opera-
tors X (next) and U (until):

Definition 5 (LTL syntax). The language £ of the LTL
formulee @ on P is defined by the following grammar, where
geP:
0:=q|-9[0N0[X0|oUe

The derived operators F (future) and G (globally) are de-
fined on the basis of U: F¢ = T U@, and G¢ = -F—¢.

The semantics of LTL are given inductively on state se-
quences, see [Manna and Pnueli, 1992].

Definition 6 (LTL semantics). Given an infinite state se-

quence 6 = [s*,...,s",...], an LTL formula ¢ holds at a po-
sition i > 0 in ©, denoted by (0,i) = @, iff

ands' =@, or
and (6,i) -y, or
and (0,i) EyA(c,i) EY, or
¢=Xy and (c,i+1) vy, or

¢=vyUy and Ji,(0,i) EYAVjstj<i, (0,])EWw.

We say that an LTL formula ¢ is satisfiable over a plan
trace (§,0,0) € Trs(m,») iff it holds at position O for
some prolongation of 5. Thus, given an LTL assumption
#H, the traces Trs(m,») of a plan @ can be partitioned
into those traces for which # is satisfiable, and those for
which it is not, denoted Trs, (T,D) and Trs; (%, D) re-
spectively. The failure traces TrsFail(m, D) are partitioned
analogously into TrsFail, (n,D) and TrsFail (%, D), and
so for TrsG(m, D, G ), partitioned into TrsG,, (%, D,G) and
TrsG;(®,D,G ).

Q<€ Prop
o=y
¢=VYAY
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If every possible execution for which # is satisfiable suc-
ceeds, then the plan is a solution under assumption % :

Definition 7 (Solution under Assumption). A plan 7t is a
solution for the problem (D, G ) under the assumption H iff

Trs, (n,D)=TrsG, (n,D,G)
Example 1. We introduce a simple navigation domain for
explanatory purposes, see Fig. 1. A mobile robot, initially
placed in room I, must reach room K. The shaded cells
K\,K,,K5 are kitchens, while the other ones are normal
rooms. The robot is only equipped with a smell sensor K,
that allows to detect whether it is in a kitchen room. The
robot moves at each step in one of the four compass direc-
tions (n,e,s,0); moving onto a wall is not possible.

We do not know the speed of the robot: a movement might
terminate in any of the rooms in the movement direction (for
instance, moving north from I may end up in K1,R, or in R3).

N
7
!

7
%2

Ry
I

Figure 1: An example domain.

A strong solution for this problem does not exist, as it
is easy to see. However, solutions exists if we assume
that the robot steps of one room at a time, at least until
it reaches the goal. The considered assumption formula is
Hy = (X(8=1)UKj3), where & models the Manhattan dis-
tance between two successive cells. The simple plan T =
nononoeoeot is a solution under #Hy. This plan has the
following possible traces Trs(T),D):

ll : [17E7n7K17K7n7R27F7n’R37F7e7R57E7€7K37K7Sl0p']

tr: [I,K,n,Ky,K,n,R3,K,Fail(n)]
t3:[I,K,n,Ry,K,n,R3,K, Fail(n)]

t4 : [I,K,n,R3,K, Fail(n)]

ts: [I,K,n,Ki,K,n,Ry, K,n,R3,K,e,K3,K, Fail(e)]

Indeed Trs, (t1,D) = TrsG,, (1,D,G) = {t1}.

4 Safe assumption-based plans

Assumptions may not hold at run-time; for this reason,
assumption-based plans are usually executed within a reactive
framework (see e.g. [Bertoli et al., 2001; Muscettola et al.,
1998]), where an external beholder of the execution (called
monitor) observes the responses of the domain to the actions
coming from the plan, and triggers replanning when such ob-
servations are not compatible with some expected behavior.
However, the monitor may not always be able to decide
whether the domain is reacting as expected or not to the
stimuli of a plan ®. This happens when, given a sequence
of actions @, the domain produces a sequence of observa-
tions 0 compatible both with some assumed domain behav-
ior, and with some behavior falsifying the assumption, i.e.
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3s,t : (5,0,&) ot € Trs,, (m, ) and 35,1 : (§,0,&) 01’ €
Trs; (n, D). In this case, if final((¥,5,0)) is a state for
which the next plan action is not applicable, the monitor will
trigger replanning, in order to rule out any chance of run-time
failures. This is undesirable: the assumption might actually
hold, in which case plan execution should proceed.

Example 2. Consider the plan ® from example 1. Trace
1y produces the same observations (namely [K,K,K]) of the
successful trace t|, in response to the same actions (non),
up to its failure. Thus, after the first n move, the monitor
knows the robot is in K1 ; after the second, the monitor cannot
distinguish if the robot is in Ry or R3. In case it is in R,
the next north action is inapplicable, so the plan execution
has to be stopped. This makes T practically useless, since
its execution is always halted after two actions, even if the
assumption under which it guarantees success actually holds.

Similarly, an assumption-based solution plan may termi-
nate without the monitor being able to distinguish whether
the goal has been reached or not, therefore triggering replan-
ning at the end of plan execution.

Whether such situations occur depend on the nature of the
problem and, crucially, of the plan chosen as an assumption-
based solution. We are interested in characterizing and gen-
erating assumption-based solutions such that these situations
do not occur, i.e. every execution that causes action inappli-
cability, or ends up outside the goal, must be distinguishable
from every successful execution.

Thus we define safe LTL assumption-based plans as those
plans that (a) achieve the goal whenever the assumption
holds, and (b) guarantee that each execution where an as-
sumption failure compromises the success of the plan is ob-
servationally distinguishable (from the monitor’s point of
view) from any successful execution.

Definition 8 (Distinguishable traces). Let t and t' be two
traces; let L = min(|t|,|t']), [t]L = (5,0,@) and |t'|L =
(§,0',&'). Then t,t' are distinguishable, denoted Dist(t,t’),
iff (0# )V (a#a).

Definition 9 (Safe LTL assumptions-based solution). A
plan 1 is a safe assumption-based solution for LTL assump-

tion H iff the conditions below are met:

a) Trs, (m,D) =TrsGy (%, D,G)
b) Vt € Trs;, (0, D)\TrsG; (%, D, G ),
Vi’ € Trs, (M, D)U TrsG; (m,D,G): Dist(t,t")

Example 3. Consider the plan Ty =noeoeonono€. This
is a safe assumption-based solution for the problem of exam-
ple 1, as it is easy to see. The traces Trs(Ty, D) are:

f:

:[LK,n,K{,K,e,R|,K,e,Kr,K,n,K3,K, Fail(n)]

t5: [LK,n,Ky,K,e,K>, K, Fail(e)]

[I,K,n,K|,K,e,R1,K,e,Ky,K,n,Ry,K,n,K3,K,Stop]
[
[
ty: [I,K,n,Ry,K, Fail(e)]
[
[

;!
/!

/!

ts: [I,K,n,R3,K,e,Rs,K,e,K3,K, Fail(n))

1,K,n,R3,K,e,K3,Fail(e))

1

We have TrsG (T2, D, G ) = Trs,, (T, D) = {11}, and eve-
ry trace ty,t5,ty, 5, t¢ is distinguishable from t}.
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5 Generating safe LTL assumption-based
plans

We intend to efficiently generate safe LTL assumption-based
plans for partially observable, nondeterministic domains. For
this purpose, we take as a starting point the plan generation
approach presented in [Bertoli e al., 2001], where an and-
or graph representing an acyclic prefix of the search space
of beliefs is iteratively expanded: at each step, observations
and actions are applied to a fringe node of the prefix, remov-
ing loops. Each node in the graph is associated with a belief
in the search space, and to the path of actions and observa-
tions that is traversed to reach it. When a node is marked
success, by goal entailment or by propagation on the graph,
its associated path is eligible as a branch of a solution plan.
The implementation of this approach by symbolic techniques
has proved very effective in dealing with complex problems,
where uncertainty results in manipulating large beliefs.

To generate plans under an LTL assumption # , using this
approach, we have to adapt this schema so that the beliefs
generated during the search only contain states that can be
reached if # is satisfiable. Moreover, in order to constrain
the algorithm to produce safe plans, success marking of a leaf
node n must require the safety conditions of def.9 (recast to
those traces in Trs,, and Trs, that can be traversed to reach
n). We now describe in detail these adaptations, and the way
they are efficiently realized by means of symbolic represen-
tation techniques.

5.1 Assumption-induced pruning

In order to prune states that may only be reached if the as-
sumption is falsified, we annotate each state s in a (belief
associated to a) search node with an LTL formula @, repre-
senting the current assumption on how s will evolve, and we
evolve the pair (s,@) in a way conceptually similar to [Ka-
banza et al., 1997]. Thus, a graph node will now be associated
to a set {(s, @) :s € 5,9 € L} called annotated belief. For-
mulae will be expressed by unrolling top-level Us according
to the tableau expansion rules [Somenzi and Bloem, 2000],
so that they can be evaluated on the current state:

Unroll(y) = if ye{T,L}U®Prop

Unroll(—¢) = —\Unroll((p)

Unroll(xy) = Unrall((p)*Unroll(\v) if xe{V,A}
Unroll(Xo) =

Unroll(oUvy) = Unroll(\u) V (Unroll(9) NX(eUV))

Thus, the initial graph node will be

B, = {(s,Unroll(3{)|s) : s € I, Unroll(s{)]; # L}
where @|; denotes the formula resulting from ¢ by replacing
its subformulaz outside the scope of temporal operators with
their evaluation over state s. Notice that the formula associ-
ated to states have the form A X@; A A =Xy}, with @;,y; € £.
When a fringe node in the graph is expanded, its associated
annotated belief B is progressed as follows:

e if an observation o is applied, B is restricted to

Eo(B,0)={{(s,0) €B:s€[0]}
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e if an (applicable) action o is applied, each pair (s, @) € B is
progressed by rewriting @ to refer to the new time instant,
expanding untils, and evaluating it on every state in o(s):

Z4(3,0) ={(, X ()ly): (5.0) €3, 5" €a(s), X' (@)ly # L}
where X ' (@) is defined as follows:

X Hy)=vy if ye{T, 1}

Xy ) — X (y)

X7 oxy) =X @) *X M) if x€ {v,A}

XX (p)=Unroll((p)

An annotated belief associated to a graph node contains the
final states of the traces Trs,, (p, D) which traverse the path
p associated to the node.

5.2 Enforcing safety

Def. 9.a is easily expressed as an entailment between the
states of the current annotated belief and the goal. To effi-
ciently compute the distinguishability (requirement 9.b), we
associate to a search node the sets of undistinguishable final
states of Trs, (p,D) and Trs, (p, D), storing them within a
couple of annotated beliefs (B,,,8,,). When 8, and 3,
only contain goal states, this indicates that the only undis-
tinguishable behaviors lead to success, so the path satisfies
requirement 9.b (in particular, if B8,, and B8 are empty, this
indicates that the monitor will be able to distinguish any as-
sumption failure along p).

During the search, B, and B, are progressed similarly
as the annotated belief representing the search node; but on
top of this, they are pruned from the states where the success
or failure of the assumption can be distinguished by obser-
vations. While progressing (B,,,8,,), we detect situations
where undistinguishable assumption failures may compro-
mise action executability. These situations inhibit the safety
of the plan, and as such we cut the search on these branches
of the graph.

Initially, we compute (fzf 4> B, ) by considering those states

of 1 for which # (resp. # ) is satisfiable, and by eliminating
from the resulting couple the states distinguishable with the
initial observation, i.e.

(73}[,%}):<prune($2[,28%),prune($2—{,$g{)>,where
132[ ={(s,Unroll(3)|s) : s € 1, Unroll(# )| # L}
139 :{(s,Unroll(_)H s € I, Unroll(H \ 7éJ_}
prune(8,8") ={(s,9) € 3: (s, ¢') € 8" : x(s)Nx(s') #0}

When a node is expanded, its associated pair is expanded
as follows:

e if an observation o is applied, B, and B, are simply
pruned from the states not compatible with o:

‘EO(<IB}UEB£{>70) = <ZO($}U0)7 ZO(gyf[ao»

o if the node is expanded by an action o, and o is not ap-
plicable on some state of B -, then a “dangerous” action
is attempted on a state that can be reached by an undistin-
guishable assumption failure. This makes the plan unsafe:

as such, we mark the search node resulting from this ex-
pansion as failure.
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Figure 2: Tests for grid.

o If the node is expanded by an action o, and o is applicable
on every state of 8, and B e then

‘EA(<$}H$;;_{>7OC) = <prune($;[a$;’{)7prune($;’[a$;{)>
where B = Z4(B,,,0) and B, = £4(B ;).

5.3 Symbolic annotated beliefs

Progressing annotated belief states by explicitly enumerat-
ing each state becomes soon unfeasible when beliefs contain
large sets of states. To scale up on significant problems, we
exploit symbolic techniques based on BDDs ([Bryant, 1986])
that allow efficiently manipulating sets of states; such tech-
niques are indeed the key behind the effectiveness of ap-
proaches such as [Bertoli et al., 2001]. To leverage on
BDD primitives, we group together states associated with the
same formula, and represent annotated beliefs as sets of pairs
(B, @), where B is a set of states (a belief). Inside a symbolic
annotated belief, we do not impose that two beliefs are dis-
joint. A state belonging to two pairs (B1,®;) and (Ba,®,) is
in fact associated to @1 V @,. Then, to progress a symbolic
annotated belief, we observe that, given a belief B and an
LTL formula ¢, ¢ induces a coverage of B, where each ele-
ment (a subset of B) collects the states for which a disjunct ¢
in the disjunctive normal form of @ is satisfiable. If we de-
note with Prop(t) the propositional part of a disjunt ¢ (i.e.
the conjunction of its literals that appear outside any tempo-
ral modality), and Time(t) the complementary temporal part,
the coverage is {BN Prop(t) : t € Dnf(Unroll(t))}, where
Prop(t) and Time(t) identify the propositional and temporal
portion of a disjunct respectively. Applying this idea, the ini-
tialization and progression of search nodes given in Sec. 5.1
are represented as follows:

B, ={{1 NProp(t),Time(t)) :

t € Dnf(Unroll(#)),1 NProp(t) # 0}
Zo(B,0)={(BN[0],9): (B,¢) € B,BN[0] # 0}
Ea(B,0) = {{o(B) N Prop(t), Time(t)) :

(B,@) € B,t € Dnf(X~*(¢)),a(B)NProp(t) # L}

The initialization and progression of the undistinguishability
sets are expressed similarly; we omit them for lack of space.
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6 Experimental evaluation

Our experiments intend to evaluate the impact of exploit-
ing LTL assumptions, and of enforcing safety, when gen-
erating plans and executing them in a reactive framework.
For these purposes, the MBP planner inside SYPEM reac-
tive platform [Bertoli ez al., 2001] has been modified so that
it generates safe LTL assumption-based plans. We name
SLAM (Safe LTL Assumption-based MBP) our extension of
MBP; SLAM can also be run with the safety check disabled,
thus performing unsafe LTL assumption-based planning.

We also adapted the monitoring component of SYPEM to
detect the failure of LTL assumptions; we will name
SALPEM the reactive platform including SLAM and the
adapted monitor. Basically, the monitor of SALPEM pro-
gresses the symbolic annotated belief associated to the as-
sumption via the £4 function, and prunes away states in-
consistent with the actual observations, signaling assumption
failure when such annotated belief is empty.

We tested SALPEM on a set of problems, using a Linux
equipped 2GHz Pentium 4 with 224MB of RAM memory.

We first consider a navigation problem where a robot must
traverse a square grid, from the south-west corner to the
north-east one. There can be obstacles (persons) in the grid,
and of course the robot cannot step over them; the number
and positions of these obstacles is unknown. The robot can
move of one cell at a time in the four compass directions,
and it can interrogate its proximity sensors to detect obstacles
around him. A strong plan does not exist; however, if we as-
sume that no obstacle is ever met by the robot, a plan can be
found rather easily. Fig. 2 reports the timings for safe and un-
safe planning. Enforcing safety in this case causes a pruning
of the search that reflects on an improved search time. More-
over, when the assumption holds, safe plans reach the goal
without replanning, while unsafe plans cause infinite replan-
ning episodes. This is because, while safe plans exploit sens-
ing at every step to allow monitoring the assumption, unsafe
plans do not; but then, the monitor cannot establish whether
moving is actually possible and, to avoid a possible run-time
failure, replans, possibly even before any progress is made by
the plan. We also experimented with a more relaxed assump-
tion, namely that the persons are “fair” and always leave at
least one free direction for the robot to get closer to its goal.
While unsafe and safe plans become more complex, we ob-
tained qualitatively similar results: enforcing safety imposes
a very minor overhead, but prevents useless and infinite re-
planning episodes. We omit the results for reasons of space.

To evaluate the convenience of using assumptions, even
when strong plans exist, let us consider the following exam-
ple. A production chain must transform an initially raw item
by applying a sequence of manufacture phases to get the item
in a final, refined form. Each phase, modeled as an action,
prepares the item for the next one, but may also fail once,
in which case the item is ruined and we have to “undo” the
phase by performing an ad-hoc operation. An item inspec-
tion operation can be commanded, which allows detecting
whether the item is ruined. Fig. 3 shows that strong plan-
ning becomes very hard but for small domain instances, due
to the high number of branches to be considered; if we con-
sider the assumption that no failure ever occurs, safe and un-
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Figure 3: Tests for production chain.

safe assumption-based plan generation scale up much better,
exhibiting similar performances. Once more, when the as-
sumption holds, the execution of safe solutions achieves the
goal without replanning, while unsafe solutions may (and in
our experiments do) cause infinite sequences of replannings,
due to the attempt of performing manufacturing phases prior
to checking the status of the item. To prevent infinite replan-
nings when safety is not enforced, we also experimented with
an ad-hoc heuristic that forces initial inspections; but also in
this case, useless replanning episodes do take place, degrad-
ing the overall plan-execution loop performance: basically,
then, the performance of the plan-execution is independent
on whether the assumption actually holds.

The results of our experiments clearly show the advantages
of exploiting LTL assumptions, and of enforcing safety for
LTL assumption-based plans. In particular, we observe that,
at plan generation time, the safety-induced search pruning
appears to balance the cost of computing safety conditions;
thus the overhead of imposing safety is very limited, if at
all present, and is more than compensated by the highly im-
proved run-time behavior of the obtained solutions.

7 Conclusions

In this paper, we tackled the problem of efficiently building
assumption-based solutions for partially observable and par-
tially known domains, using an expressive logics, LTL, to de-
scribe assumptions over the domain dynamics. Moreover, we
constrained the search to generate safe solutions, which allow
a monitor to unambiguously identify, at run-time, domain be-
haviors unplanned for. Both of our contributions are, to the
best of our knowledge, novel, and substantially extend exist-
ing works on related research lines.

In particular, LTL has been used as a means to describe
search strategies (and goals) in ([Bacchus and Kabanza,
2000]). While also that work exploits LTL to restrict the
search, it focuses on the much simpler framework of fully
deterministic and observable planning. This greatly simpli-
fies the problem: no ambiguous monitoring result is possible
(thus safety is guaranteed), and since the nodes of the search
space are single states, it is possible to simply evaluate the
progression of formula over states, without recurring to sym-
bolic representation techniques to progress beliefs.

A first, less general notion of safety is first presented in
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[Albore and Bertoli, 2004], considering the limited setting of
propositional assumptions over the initial state. The ability
of representing assumptions over the dynamics of the domain
is crucial to the applicability of assumption-based planning;
none of the examples presented here could have been handled
within such a setting. At the same time, using temporal logic
assumptions implies a much more complex treatment of how
beliefs are progressed during the search.

Several future directions of work are open. First, in our
work, assumptions are an explicit input to the planning pro-
cess; e.g. they could be provided by a user with a knowledge
of the domain. While it is often practically feasible to for-
mulate assumptions (e.g. on nominal behaviors), it would
be extremely useful to be able to (semi-)automatically extract
and formulate assumptions from the domain description, pos-
sibly learning by previous domain behaviors. Second, in cer-
tain cases a more qualitative notion of safety can be useful to
practically tune the search to accept ’almost safe’ plans, or
score the quality of plans depending on a degree of safety.
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Abstract

Efficient path planning algorithms for embedded
systems are a crucial issue for modern unmanned
underwater vehicles. This paper proposes a method
which is able to find paths from continuous en-
vironments prone to fields of force in a reliable
and efficient manner. Classical path planning al-
gorithms in artificial intelligence have limited per-
formance and they are not designed to cope with
real-time constraints of systems moving in a hos-
tile underwater environment. We present a novel
approach based on an advanced numerical tech-
nigque called the Fast Marching algorithm to solve
the following three issues. First, we extract a con-
tinuous path in an environment evenly mapped to
a discrete grid. Secondly, the vehicle kinematics
is introduced as a constraint on the optimal path
curvature, and thirdly we take underwater currents
into account thanks to an efficient extension of the
original Fast Marching algorithm. Finally, a mul-
tiresolution scheme based on adaptive mesh gener-
ation is compared to incremental search techniques
to speed up the overall process. A flexible platform
is eventually presented to simulate path searching
behaviors in real-time.

Introduction

1.1 Underwater environment

In mobile robotics path planning, research has focussed on
wheeled robots moving on 2D surfaces fitted out with high
rate communication modules. The underwater environment
is much more demanding: it is difficult to communicate; it is
prone to currents; and the set of possible paths is a 3D space.
Moreover, underwater torpedo like vehicles are strongly non-
holonomic, whereas wheeled robots are easily capable of
stopping and rotating.

Although theoretical studies have been carried out, little
work has been done in the underwater field on systems that
actually implement real obstacle avoidance systems. Most of
the approaches suffer from a lack of efficiency when they are
moved to the real-time frame.

1.2 Current approaches

Several studies have been realized in the Ocean System Labo-
ratory (OSL) over the last few years for real time applications
[Petillotet al, 2001; D.M.Laneet al., 2001; Y. Wang, 1999
They were developed as a safety module for projects not di-
rectly related with obstacle avoidance. They used potential
field algorithms with constructive solid geometry (CSG) data
structures coming from the sensor fusion that allows them to
run embedded in real vehicles.

Modern deliberative solutions of high-level obstacle avoid-
ance and path planning systems use some form of local map-
ping system. There are few references to works in more than
two spatial dimensions. One of the reasons for this could be
the lack of resources to collect three-dimensional information
from the local environment of the vehidl€odaOctopus Ltd.,

National security is a priority for governments all over the 2004[Zimmerman, 2004

world. The increasing political importance of human losses ] o

and the current state of technologies allow us to move forl.3 Main contributions

ward in the development of unmanned vehicles prototype®revious research suggests that methods such as potential

for battlefield access. Huge investments in time and monesjeld or roadmap methods are useful for path planning. We
are currently being dedicated to this field of research.

will briefly review these methods. However, they have proved

One of the environments that is most promising is the unto be inefficient when embedded in real vehicles moving in

derwater world. High stealth levels combined with high mo-complex and dynamic environments.
bility allow access to places that were inaccessible before We propose to rate another direction in path planning

without risking human lives. In this environment, impact or which uses cell decomposition.

Cell decomposition ap-

entrapment could produce the loss of an expensive vehiclproaches are widely used in mobile robotics because the are
and, maybe more importantly, the failure of the mission. It issuitable for sensor images mapped to a grid of pixels. The
very important to have a reliable deliberative obstacle avoidkey issue is then to use an efficient grid-search algorithm to
ance system.
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Breadth-first, depth-first and hybrid search algorithms are/oronoi diagrams
extensively used in artificial intelligence (Al) because of theirA Voronoi diagram is the set of points that are equidistant
low complexity. But these discrete graph-search algorithms$rom two or more obstacles (see for examjfakahashi and
are not consistent in the continuous domain, they assimilatgchilling, 1989. The result is a roadmap where the edges
the vehicle as a static point and they do not deal with direc{and therefore the generated path) stay away from the obsta-
tional constraints. cles. This method was extended for path planning in arbitrary
The main contribution of the authors is to present thedimensions (the silhouette methd@anny, 1988). It has not
Sethian’s Fast Marching algorithm (FM) as an advanced toobeen widely used as a practical solution but has been a tool
for path planning. With the same low complexity of the abovefor analyzing the complexity of motion planning.
classical grid-search algorithms FM converges to the righbrobabilistic Path Plannin
continuous path when it is implemented on a discrete grid 9

; PR ; ; ; Probabilistic Path Planning (PPP) is a general planning
Th ficit | for the foll t t f . . e
Ou;srsgtigé?lyls cruciat for tne Toflowing two properties o scheme which includes probabilistic roadmap methods

First, the precision of Fast Marching allows the curvature(PRM) (see[Svestka and Overmars, 1998r a survey) and

s : . pidly exploring random trees (RRT) developped by Lavalle
g :Qlfeﬁt?]ag \E;E?Cltg Igﬁecrﬁgitcrg Iirr]sg é;':c;irﬁ)tr.operty enables u aValle, 2003. Both methods share the same idea. A reach-

. bility graph is incrementally built between the start and the
ars 2%?2 dtlg (\j’vezls Cv?;ﬁ tggtoi?ﬁtf?gﬂghé?%obrzzedvﬁ’gtiﬁéwgan%oal positions based on randomized intermediate positions.

application with underwater currents but the concept can bg‘ local operator is used to locally fink positions in a feasi-
generalized for any kind of directional constraints, le way for the the robot (avoiding obstacles and respecting

Finally we propose a multiresolution scheme to speed u kinematic constraints for example). PPP is probabilistically

the overall method. This is achieved by coupling an octre%-ompk-ate and allows one to deal W-'th high d|men3|or)al con-

o " ; : ehguratlon spaces. Nonetheless this method may fail to find
decomposition with an adapiive mesh genferatlon. . a solution when the environment presents singularities (the
The methods proposed are validated using a complete SiMs 5,y passage’ problem) and it is heavy to implement for
ulator developed over the last few years in OSL. It uses sam@ygl-time applications in dynamic environments.

interfaces as the real prototype and has been demonstrated to

be a reliable tool for *hardware in the loop’ simulations. 2.3 Classical grid-search algorithms
) ) In this section we assume that the environment is sampled on
2 Path planning overview a uniform grid. The key issue is then to use a suitable search

algorithm to find an optimal path for a particular criterion,

Many methods were proposed in the literature to address t sually defined by a metric.

path planning problem. We give here an overview of the mos

popular ones. Metric definition
The metricp which we will refer to from now on, is defined
2.1 Potential field methods as:
Potential field methods use the physics of electrical poten- p(z, ") :/ 7(C(s))ds 1)
c

tials as an heuristic to guide the search for a patitombe,

1991. Movements of the robot (represented as a particleyvhereC' is a path between two pointsandz’, andr is a

are governed by a potential field which is usually comprisedstrictly positive cost function.

of two components, an attractive potential drawing the robot This metric defines the distance to be the cost-to-go for a
towards the goal and a repulsive potential pushing the robdipecific robot moving in an environment described in the cost
away from obstacles. The main drawback with these method&Inction.

is their susceptibility to local minima. Grid-search principle

The next three types of graph-search algorithms (called grid-
2.2 Roadmap methods search algorithm when they are implemented on a grid) are
The idea behind roadmap approaches is to reduce the magry popular in Al for planning paths. Their principle is al-
to a network of one dimensional curves. If start and goalways to build a ‘minimum cost-to-go’ majg defined as fol-
points are linked to this network then path planning becometows:

a graph searching problem. The key issue is the method used U(z) = inf p(xo,x) (2)
to construct the roadmap. Asg .

o whereA,, . is the set of all paths between the sourgeand
Visibility graphs the current point.

A visibility graph is constructed by considering all the ver- The mapU can be seen as a distance map weighted by the
tices of the obstacles and the start and goal points as the grapbsts of the features of the image.

nodes[Liu and Arimoto, 1992 The graph links are the line

segments which connect two nodes without intersecting any All grid-search algorithms (including the Fast Marching al-
obstacle. This method becomes complex in more than twgorithm described in the next section) share the necessary
dimensions. backtracking step. Once the distance map is built until the
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goal point the optimal path is the one which follows the steep- |~ N\~ N
est descent from the goal to the start point. It is equivalent |~ N7 N

to say that we solve a functional minimization problem. The
overall method is robust as no local minima are exhibited dur-
ing the exploration process.

Breadth-first search

Breadth-first (BF) algorithm explores the grid points in order ~ \ /

of their distance from the start poifiKorf, 199§. At each N 2 N 7

step, the next point to be computed is one whose distance . 7 Z

U(p) is the lowest. This algorithm is also known as Dijkstra’s

single source shortest-path algorithm, and one can show that .

its complexity is inO(n log(n)), wheren is the number of Figure 1: In these examples the cost functiors constant

grid points (or pixels in an image). on the entire image, so themetric can be_seen as the_ Eu-
The set of points between the points already computed angfidéan distance. On the left, a 4-connexity breadth-first al-

the points not yet explored is an interface which can be seeforithm gives square level sets. On the right, the distance is

as a front propagating outward the start point (like a flame iffomputed with a 4-connexity FM, giving circles. Therefore
a landscape). optimal paths are different for the same criterion.

Depth-first search

Depth-first (DF) algorithm is very similar to BF search. The
only difference is in the choice of the next point to compute.
In a depth-first algorithm the priority of the poiptis given

classical over-shooting of finite differences schemes. At each
pixel (i, j), the unknown satisfies:

heuristically by a distance functioh(p) which is an esti- (max{u — U;_1;,u — Ui+1,j,0})2 +
mate of the residual distance between the pperd the goal 5 )
point. Instead of developing a front around the start point, this (max{u — Ui ;-1,u—Ui;11,0})" = 775 (3)
method tends to focus the search directly to the goal point. yielding the correct viscosity solutionfor U; ;. See figure 2
Hybrid search for an illustration of the expansion of FM.
The A* algorithm is probably the most popular hybrid search
algorithm in artificial intelligence. It combines features of BF Front coont
and DF to efficiently compute acceptable solutions. A* is an - \_ Movementof >
algorithm in which the priority for a point to be computed :I © of the front N | 7 thefront =7
is given by a mixed distance functigf(p) = U(p) + h(p), Aot alX ]
where U(p) and h(p) are the distance functions defined - Tu Al
above. W / T
All these grid-search algorithms aresolution complete LUX N

but they suffer from ‘metrication errors’. Results from these
discrete search algorithms can be improved by taking a larger. )
neighborhood as a structuring element, giving better approxEigure 2: On the left, an example of a new expanded point
imations ofp in some directions like/2 - 7 for the diagonals. Only surrounded (in 4-connexity) by one other computed
However, there will always be an error in some direction tha@int- On the right, a new expanded point surrounded by at
will be invariant to the grid resolution. It is not the case with '€ast two other computed points.

the Sethian’s Fast Marching algoritH@ethian, 1990

, _ Curvature constraints
3 Fast Marching based path planning It has been showbiCohen and Kimmel, 1997hat the cur-
The FM algorithm is also a Dijkstra’s like graph-search algo-vature radius- along the geodesic given by performing a FM
rithm but is consistent in the continuous domain. The ideavhich minimizes the functionaf;, 7(C(s))ds on the image
behind the FM algorithm is to improve the update of com-domainD is explicitly bounded by:
puted points by approximating the first derivative of the dis-

tance functiorlU. For the samé (n log(n)) complexity, this > infp {7} 4)

algorithm provides a better approximation as we can see on ~ supp {[|[VTl}

the figure 1. This result gives us a nice interpretation of the connection
. . between the cost function and the curvature along the re-

3.1 Fast Marching algorithm (FM) sulting path. It is useful because we can kreriori if the

Sethian proposed using the Godunov HamiltolRauy and  path will be reachable or not by the vehicle. We just have to
Tourin, 1992 which is a one-sided derivative. It looks to the compare the turning radiug of the vehicle with the lower
up-wind direction of the moving front, and thereby avoids theboundr;;,,, of the optimal path curvature radius:
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o if R < r;m, itis certain that the path will be reachable. square in this equation our idea is to build a new cost function

o if R > ry,, there is a risk of collision. In that case we
just have to smooth to increase the curvature limit until
rum > R (see figure 3).

7 linearly dependent on. We split the cost functiom in two
parts: T = Topst + Toect- Tobst FEMAINS linked to obstacles as
previously andr,.; is defined as follows:

Toeet(i,7) = a (1 _ M) >0 (5)

i.J
where« is a positive gain and) is a normalization term so
thatv(i, j) € D H% ‘ <1.
%)

It is equivalent to say that a force favors the vehicle when
both force and vehicle are pointing in the same direction (see
figure 5).

R N = X
o S ——> e
e
Figure 3: On the top, from left to right, cost functions cor-
responding respectively ta;,, = 14, 34,140 (in arbitrary —

unit). On the bottom, the related optimal paths. R
I
g
Directional constraints 0 e <o s
Classical grid-search algorithms and the original FM algo-
rithm are based on an implicit isotropic assumption of theF
free space. However, as FM explicitly estimates the gradiené
of the distance map, which can be interpreted as the moving
di_rection, it is possible to take directional constraints such as With our new cost functiort we show in[Pétréset al,
winds or currents into account. . . 2004 that the path curvature radius is bounded by:

The theory of anisotropic Fast Marching was first devel-
oped by Vladimirsky[Vladimirsky, 2003. The principle inf p{Topst }
is to make the cost functiom dependent not only from 2 - (v F+ =22 [ Jp]
scalar representation of obstacles but also dependent on SUPp Tobst infp {QY IV Fllee
vectorial forces. Vladimirsky formally demonstrates how where J is the Jacobian of’ on D and | - || is the Lo
the characteristic of the distance map can be used for thisorm.
purpose.

/

igure 5: On the left, positive and negative actions of force
pplied to a mobile vehicle. On the right, appearance Qf .

(6)

Similarly to the isotropic case we have two main choices
In this section we propose a simplified implementation ofto increase the curvature radits

his method by con3|de_r|n_g the_gr_adlen@fas an approxi- e SMoothingr,,.; to decreaseup , { 1V Topst | }
mation of the characteristic. This is equivalent to assume that . . .
the field of forceF is smooth. Figure 4 shows an example of ® Smoothing the field of forcé’ to decreasg./r || -
the influence of currents on our path planner.
Heuristic
Similarly to the A*, which is a BF algorithm speeded up
by an heuristic, we can easily implement an isotropic or
] anisotropic FM*. Nevertheless we loose the nice curvature
Goalpointy property of the resulting path.

&

Goalpinr N
Classical grid-search algorithms and Fast Marching share

the sameD(n log(n)) complexity, wheren is the number of

pixels. Sincen grows exponentially with the number of di-

mensions, these methods are limited by their memory require-

ment.

Figure 4: On the left, an isotropic Fast Marching. On the right

our anisotropic version with currents symbolized by arrows. 3.2 Real-time path planning
After a brief overview of incremental and multiresolution
Original Sethian’s FM rapidity relies on the resolution of methods, we describe our novel approach to speed up graph-
the simple quadratic equation 3 far Sincer appears as a search algorithms. We then discuss the novel results.
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Incremental search [Sethian and Vladimirsky, 2000We partially overcome
Incremental search reuses information from previous the problem of suboptimal paths by interpolating the dis-
searches to find solutions to a series of similar search prob- tance function (computed on vertices) to the entire grid
lems. Incremental methods are potentially faster than solving ~ and performing a gradient descent backtracking.
each search problem from scratch. This is important in our o Results
underwater path planning application since our system may
have to adapt its plans continuously to changes in (its knowl-
edge of) the world.

Focussed Dynamic A* (D*)Stentz, 199%and the new and
simpler Lifelong Planning A* (LPA*)[Koenig et al., 2004
are probably the two most popular solutions used with real _ _
robots. The closer the changes are to the goal point, the Iargerfff \\\\\\ 77
the advantage of the LPA* because modifications take place!’ NV
in the lower levels of the search tree. g

In our robotic application, newly detected objects are usu-
ally observed close to the robot location. This leads us to
launch the LPA* algorithm from the fixed goal point towards
the moving vehicle position. To minimize the number of ex-
pensive initial iterations a scrolling map can be implemented AR /
which only moves when the robot-agent is close to the bound- | 274 N Y
aries. : e :

These incremental methods are indeed efficient but the ini-
tial computations may be unacceptable for uniformly highrigure 6: BF (on the left) and FM (on the right) implementa-
resolution complex maps. tions on meshes look similar (contrarily to those depicted in

Multiresolution path planning figure 1).

Multiresolution methods start with the idea that it is not nec- . )
essary to represent the entire grid with a high uniform resolu- ~ 1"e second interesting feature of both BF and FM on

A first interesting result shows the much better behavior
of the BF on meshes than on uniforms grids, see figures
1 and 6 to compare the results. The accuracy gap be-
tween BF and FM is not so wide any more.

tion. adaptive meshes compared to their implementation on
) . uniform grids is their computation time, which is ap-
e Grid decomposition proximately divided by 1000 for similar looking paths

The octree decomposition (or quadtree decomposition  (see figure 7).
in 2D) is one of the most popular multiresolution ap-
proach. Itis a recursive decomposition of a uniform grid
into blocks. The size of blocks can depend either on
the information into them (classical octree decomposi-
tion [Kambhampati and Davis, 19B6or on their dis-
tance from the robdiBehnke, 2004

Octrees allow efficient partitionning of the environment
since single blocks can be used to encode large empty
regions. However, two main drawbacks remain. First,
since the initial space (or image) is transformed in a tree {;
data structure it is not easy to define the spatial neigh- |
borhood of each block. Secondly, paths generated by
octrees are suboptimal because they are constrained tc
segments between the centers of blocks. The framed-
quadtree techniqufyahja et al, 1999 improves this
problem but it is only applicable for sparse environ-

ments. Figure 7: On the top, the original 1000x1000 image (left),
e BF and FM on adaptive meshes optimal paths found with BF (middle) and FM (right) based

The method proposed by the authors is to Coup|e thénethods over the entire g”d of piXeIS take about 100 Secqnds.

quadtree decomposition with an adaptive mesh generon the bOttom, the adaptlve mesh with Only 1400 vertices

ation. The Delaunay triangulation is a good candidate a§left), optimal paths found with BF (middle) and FM (right)
fast and robust implementations exist. based methods over the mesh take about 0.1 second. Compu-

tation time is divided by 1000 for similar looking paths.

The input of this mesh generation is the set of nogles
with their costr(¢q) given by the quadtree decomposi-
tion, and the output is a net of vertices linked to their At this stage we need to compare results from what we
neighbors by edges. We implemented versions of BRhink to be among the best solutions for underwater vehicles,
and FM algorithms on this kind of unstructured mesheshat is to say incremental search or BF like search methods
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on meshes. For this purpose analytical tools have still to beobot they are inserted into the map following the occupancy
designed in order to compare the quality of paths generategrid schema. Their probability (or grey levels) are based on
by these advanced methods. the number of times they have been sensed.

4 Application

As an attempt to compare results between the different ap-
proaches in a real world situation, a general COAE (Collision

Obstacle Avoidance and Escape) module is being developed
in the OSL laboratory. Its communication protocol and its
transparent interface have been designed in a flexible way. |8
Consequently this platform allows us to interchange different
path planning methods and switch between the simulator and
the real vehicle without the need of any tedious migration.

4.1 Control architecture

The COAE module can be viewed as a trajectory verificationrigure 9: On the left, the OSL vehicle simulator following a
system. The higher-level mission planner sends a desired trgmjectory designated by the deliberative obstacle avoidance

jectory via a waypoint request to COAE. The deliberative parimodule. On the right, a scrolling local map representation of
of the COAE module attempts to verify this trajectory againstihe environment

its local representation. If the route is clear, the trajectory is
calculated and sent to the vehicle’s control system. However, _ _
if the route is obstructed, or the route becomes obstructed du#.4  Path planning algorithms

ing the manoeuvre, a course of avoidance is calculated angye to the availability of the sensors, we have initially re-
transmitted to the vehicle as an updated trajectory. duced the complexity of the underwater environment to a
4.2 Communication protocol depth dependent horizontal scrolling map that moves locally

o o with the vehicle (seen as an agent) inside the environment.
The modules within the COAE use a communication protocol - path planning algorithms are applied to the planes gener-

that provides transparent access so that the interface remaiggq through this mapping technique. The implementation of
the same for both the simulator and the real vehicle. Anillusyyr approach on the 3D domain representation is straight for-
tration is depicted in figure 8 (taken frofbane, 1998). Data  \yard as soon as more sophisticated sensors become available.
are generated in a common format for either real or simulated Thig application is used to test and verify algorithms and
sensors and actuators of the vehicle. This data is then sent .y theoretical approaches in a real situation. This can be

the internal systems, which may be simulated or real devicegasily done by using the transparency provided by the inter-
This architecture allows combinations of simulations to take&ce oriented architecture.

place as new systems are built and integrated. Additionally, when environmental features, like water cur-
rents or levels of terrain, are sensed they can be modelled into
Envitonment State /\ Ettects the system by weighting the input space and representing the

estimated difficulty of traversing them. In this way, we can
prioritize certain places in the map and penalize others by
playing with the inputs of the algorithms.

Finally, by computing the lower bound of the path curva-
ture radius, we can smooth the input space accordingly until
the trajectory is reliable for a specific underwater vehicle.

Simulation
Environment

Real Sensor Data

Constants

Sensor
Data

Internal Commands

Subsystems

5 Conclusion

The underwater world is a very demanding environment for
el path planning algorithms. However,a great effort is currently
P—— v p— being made to develop autonomous systems as underwater

technology becomes more mature. Several key issues for un-
derwater path planning are improved on in this paper.

Figure 8: Using a communication protocol that provides Reliability of path planners is improved by introducing an
transparent access, the interface of the system remains tgéficient algorithm called Fast Marching. We present a solu-
same for both simulator and real vehicle. tion to take the vehicle kinematics into account by smoothing

the map of the environment. A practical implementation of
. . anisotropic Fast Marching is proposed to make our path plan-
4.3 Environment representation ning method robust to underwater currents.
A scrolling local map is used to compute the path in real- Incremental search algorithms are efficient in comput-
time. When new objects are detected in the vicinity of theing environmental modifications without recalculating from

Observer Interactions

Constants
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Abstract

Situated agents which use learning real-time search
are well poised to address challenges of real-time
path-finding in robotic and computer game appli-
cations. They interleave a local lookahead search
with movement execution, explore an initially un-
known map, and converge to better paths over re-
peated experiences. In this paper, we first investi-
gate how three known extensions of the most pop-
ular learning real-time search algorithm (LRTA*)
influence its performance in a path-finding domain.
Then, we combine automatic state abstraction with
learning real-time search. Our scheme of dynami-
cally building a state abstraction allows us to gen-
eralize updates to the heuristic function, thereby
speeding up learning. The novel algorithm con-
verges up to 80 times faster than LRTA* with only
one fifth of the response time of A*.

1

In this paper, we consider a simultaneous planning and learn-
ing problem. More specifically, we require an agent to navi-
gate on an initially unknown map under real-time constraints.
As an example, consider a robot driving to work every morn-
ing. Imagine the robot to be a newcomer to the town. The
first route the robot finds may not be optimal because the
traffic jams, road conditions, and other factors are initially un-
known. With a passage of time, the robot continues to learn
and eventually converges to a nearly optimal commute. Note
that planning and learning happen while the robot is driving
and therefore are subject to time constraints.

Present-day mobile robots are often plagued by localiza-
tion problems and power limitations, but simulation counter-
parts already allow researchers to focus on the planning and
learning problem. For instance, the RoboCup Rescue simu-
lation [Kitano ef al., 1999] requires real-time planning and
learning with multiple agents mapping out unknown terrain.

Similarly, many current-generation real-time strategy
games employ a priori known maps. Full knowledge of the
maps enables complete search methods such as A*. Prior
availability of the maps allows path-finding engines to pre-
compute data (e.g., visibility maps) to speed up on-line nav-
igation. Neither technique will be applicable in forthcom-
ing generations of commercial and academic games [Buro,
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2002] which will require the agent to cope with the initially
unknown maps via exploration and learning during the game.

To compound the problem, the dynamic A* (D*) [Stenz,
1995] and D* Lite [Koenig & Likhachev, 2002], frequently
used in robotics, work well when the robot’s movements are
slow with respect to its planning speed. In real-time strat-
egy games, however, the Al engine can be responsible for
hundreds to thousands of agents traversing the map simulta-
neously and the planning cost becomes a major factor. We
thus discuss the following three questions.

First, how planning time per move and, particularly the
first-move delay, can be minimized so that each agent moves
smoothly and responds to user requests nearly instantly. Sec-
ond, given the local nature of the agent’s reasoning and the
initially unknown terrain, how the agent can learn a better
global path. Third, how learning can be accelerated so that
only a few repeated path-finding experiences are needed be-
fore converging to a near-optimal path.

In the rest of the paper, we first make the problem settings
concrete and derive specific performance metrics based on the
questions above. Then we discuss the challenges that incre-
mental heuristic search faces when applied to real-time path-
finding. As an alternative, we will review a family of learn-
ing real-time search algorithms which are well poised for use
by situated agents. Starting with the most popular real-time
search algorithm, LRTA*, we make our initial contribution
by evaluating three known complementary extensions in the
context of real-time path-finding. The resulting algorithm,
LRTS, exhibits a 46-fold speed-up in the travel until conver-
gence while having one sixth of the first-move delay of an
A* agent. Despite the improvements, the learning and search
still happen on a large ground-level map. Thus, all states are
considered distinct and no generalization is used in learning.
We then make the primary contribution by introducing an ef-
fective mechanism for building and repairing a hierarchical
abstraction of the map. This allows us to constrain the search
space, reduce the amount of learning required for conver-
gence, and generalize learning in each individual state onto
neighboring states. The novel algorithm, PR-LRTS, is then
empirically evaluated.

2 Problem Formulation

In this paper, we focus on a particular real-time path-finding
task. Specifically, we will assume that the agent is tasked to
travel from the start state (z,,ys) to the goal state (z4,y,).
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The coordinates are on a two-dimensional rectangular grid.
In each state, up to eight moves are available leading to the
eight immediate neighbors. Each straight move (i.e., north,
south, west, east) has the travel cost of 1 while each diagonal
move has the travel cost of v/2. Each state on the map can be
passable or occupied by a wall. In the latter case, the agent
is unable to move into it. Initially, the map in its entirety is
unknown to the agent. In each state (z,y) the agent can see
the status (occupied/free) of the neighborhood of the visibility
radius v: {(z',y') | |2/ — 2| <v & |y —y| < v}. The
agent can choose to remember the observed parts of the map
and use that information in subsequent planning.

A trial is defined as a finite sequence of moves the agent
takes to travel from the start to the goal state. Once the goal
state is reached, the agent is reset to the start state and the
next trial begins. A convergence run is defined as the first
sequence of trials such that the agent does not learn or explore
anything new on the subsequent trials.

Each problem instance is fully specified by the map and
start and goal coordinates. We then run the agent until con-
vergence and measure the cumulative travel cost of all moves
(convergence travel), the average delay before the first move
(first-move lag), and the length of the path found on the final
trial (final solution length). The last measure is used to com-
pute the amount of suboptimality defined as percentage of the
length excess.

3 Incremental Search

Classical A* search is inapplicable due to an initially un-
known map. Specifically, it is impossible for the agent to
plan its path through state (x, y) unless it is either positioned
within the visibility radius of the state or has visited this state
on a prior trial.

A simple solution to this problem is to generate the ini-
tial path under the assumption that the unknown areas of
the map contain no occupied states (the free space assump-
tion [Koenig, Tovey, & Y., 2003]). With the octile distance'
as the heuristic, the initial path is close to the straight line
since the map is assumed empty. The agent follows the ex-
isting path until it runs into an occupied state. During the
travel, it updates the explored portion of the map in its mem-
ory. Once the current path is blocked, A* is invoked again to
generate a new complete path from the current position to the
goal. The process repeats until the agent arrives at the goal.
It is then reset to the start state and a new trial begins. The
convergence run ends when no new states are seen.

To increase efficiency, several methods of re-using infor-
mation over subsequent planning episodes have been sug-
gested. The two popular versions are D* [Stenz, 1995] and
D* Lite [Koenig & Likhachev, 2002]. Unfortunately, these
enhancements do not reduce the first-move lag time. Specif-
ically, after the agent is given the destination coordinates, it
has to conduct an A* search from its position to the desti-
nation before it can move. Even on small maps, this de-
lay can be substantial. Consider, for instance, a map from

'Octile distance is a natural adaptation of Euclidian distance to
the case of the eight discrete moves and can be computed in a closed
form.
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Figure 1: A sample map from a BioWare’s game.

BioWare’s game “Baldur’s Gate” shown in Figure 1. Before
an A*-controlled agent can make its first move, a complete
path from start to goal state has to be generated. This is in
contrast to LRTA* [Korf, 19901, which only performs a small
local search to select the first move. As a result, several or-
ders of magnitude more agents can calculate and make their
first move in the time it takes one A* agent.

A thorough comparison between D* Lite and an extended
version of LRTA* is found in [Koenig, 2004]. It investigates
the conditions under which real-time search outperform in-
cremental search. Since our paper focuses on real-time search
and uses incremental search only as a reference point and be-
cause D*/D* Lite does not reduce the first-move lag on the
final trial, we use the simpler incremental A* in our experi-
ments.

4 Real-time Search

Real-time search was pioneered by [Korf, 1990] with the pre-
sentation of RTA* and LRTA* algorithms. Unlike A*, which
can freely traverse its open list, each RTA*/LRTA* search as-
sumes the agent to be in a single current state that can be
changed only by taking moves and, thereby, incurring travel
cost. From its state, the agent conducts a full-width fixed-
depth local forward search (called lookahead) and, similarly
to minimax game-playing agents, uses its heuristic h to eval-
uate the frontier states (Figure 2). It then takes the first move
towards the most promising frontier state (i.e., the state with
the lowest g + h value where g is the cost of traveling from
the current state to the frontier state) and repeats the cycle.
The initial heuristic is set to the octile distance. On every
move, the heuristic value of the current state is increased to
the g + h value of the most promising state.> As discussed
in [Barto, Bradtke, & Singh, 1995], this operation is analo-
gous to the “backup” step used in value iteration reinforce-
ment learning agents with the learning rate &« = 1 and no
discounting. LRTA* will refine an initial admissible heuristic
to the perfect heuristic along a shortest path. This constitutes
a convergence run. The updates to the heuristic also guar-
antee that LRTA* will not get trapped in infinite cycles. We

2As [Shimbo & Ishida, 2003], we do not decrement h of any
state. Convergence to optimal paths is still possible as the initial
heuristic is admissible but the convergence is accelerated.
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LRTA*
1 initialize the heuristic: h < hg
2 reset the current state: s «— Sqtart
3 while s # sgoa do
4 expand children one move away
5 find the state s” with the lowest f = g + h
6 update h(s) to f(s")
7 execute the action to get to s’
8  end while

Figure 2: LRTA* algorithm with the lookahead of one.

Table 1: Top: Effects of the lookahead depth d on deliberation time
per unit of distance and average travel per trial in LRTA*. Middle:
Effects of the optimality weight v on suboptimality of the final solu-
tion and total travel in LRTA* (d = 1). Bottom: Effects of learning
quota 7" on amount of first trial and total travel.

d | Deliberation per move (ms) | Travel per trial
1 0.0087 661.5
3 0.0215 241.8
5 0.0360 193.3
7 0.0514 114.9
9 0.0715 105.8
ol Suboptimality | Convergence travel
0.1 6.19% 9,300
0.3 4.92% 8,751
0.5 2.41% 9,435
0.7 1.23% 13,862
0.9 0.20% 25,507
1.0 0.00% 31,336
T First trial travel | Convergence travel
0 434 457
10 413 487
50 398 592
1,000 390 810
5,000 235 935

now make the first contribution of this paper by evaluating
the effects of three known complementary extensions in the
context of real-time path-finding.

First, increasing lookahead depth increases the amount of
deliberation per move but, on average, causes the agent to
take better moves, thereby finding shorter paths. This effect
is demonstrated in Table 1 with averages of 50 convergence
runs over 10 different maps. Hence, the lookahead depth can
be selected dynamically depending on the amount of CPU
time available per move and the ratio between the planning
and moving speeds [Koenig, 2004].

Second, the distance from the current state to the state on
the frontier (the g-function) can be weighted by the v € (0, 1].
This allows us to trade-off the quality of the final solution and
the convergence travel. This extension of LRTA* is equiv-
alent to scaling the initial heuristic by the constant factor of
14+¢ = 1/~ [Shimbo & Ishida, 2003]. Bulitko [2004] proved
that v-weighted LRTA* will converge to a solution no worse
than 1/~ of optimal. In practice, much better paths are found
(Table 1). A similar effect is observed in weighted A*: in-
creasing the weight of h (i.e., decreasing the relative weight
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LRTS(d,~,T)
1  initialize: h < ho, $ +— Sstart, w < 0
2 while s # sg0a do
3 expand children ¢ moves away, s = 1...d
4 on level 4, find state s; with the lowest f =~v-g+ h
5 update h(s) < maxi<i<a f(si)
6 increase amount of learning u by |Ah)|
7
8

if u < T then
execute d moves to get to sq
9 else
10 execute d moves to backtrack to previous s, set u = T’
11 end if

12 end while

Figure 3: LRTS algorithm unifies LRTA*, e-LRTA*, and SLA*T.

of g) dramatically reduces the number of states generated, at
the cost of longer solutions [Korf, 1993].

Third, backtracking within LRTA* was first proposed
in [Shue & Zamani, 1993]. Their SLA* algorithm used the
lookahead of one and the same update rule as LRTA*. How-
ever, upon updating (i.e., increasing) the heuristic value in a
state, the agent moved (i.e., backtracked) to its previous state.
Backtracking increases travel on the first trial but reduces the
convergence travel (Table 1). Note that backtracking does
not need to happen after every update to the heuristic func-
tion. SLA*T, introduced in [Shue, Li, & Zamani, 2001],
backtracks only after the cumulative amount of updates to
the heuristic function made on a trial exceeds the learning
quota (7). We will use an adjusted implementation of this
idea which enables us to bound the length of the path found
on the first trial by (h*(Sstar) + 1)/ where h*(Sgan) is the
actual shortest distance between the start and goal.

An algorithm combining all three extensions (lookahead
d, optimality weight -y, and backtracking control T") operates
as follows. In the current state s, it conducts a lookahead
search of depth d (line 3 in Figure 3). At each ply, it finds
the most promising state (line 4). Assuming that the initial
heuristic hg is admissible, we can safely increase h(s) to the
maximum among the f-values of promising states for all plies
(line 5). If the total learning amount u exceeds the learning
quota T, the agent backtracks to the previous state (lines 7,
10). Otherwise, it executes d moves forward towards the most
promising frontier state (line 8). In the rest of the paper, we
will refer to this combination of three extensions as LRTS
(learning real-time search).

LRTS with domain-tuned parameters converges two orders
of magnitude faster than LRTA* while finding paths within
3% of optimal. At the same time, LRTS is about five times
faster on the first move than incremental A* as shown in Ta-
ble 2. Despite the improvements, LRTS takes hundreds of
moves before convergence is achieved, even on smaller maps
with only a few thousand states.

5 Novel Method: Path-refinement LRTS

The problem with LRTA* and LRTS described in the previ-
ous section stems from the fact that the heuristic is learnt in a
tabular form. Each entry in the table corresponds to a single
state and no generalization is attempted. Consequently, thou-
sands of heuristic values have to be incrementally computed
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Figure 4: The process of abstracting a graph.

via individual updates — one per move of the agent. Thus, sig-
nificant traveling costs are incurred before the heuristic func-
tion converges. This is not the way humans and animals ap-
pear to learn a map. We do not learn at the micro-level of
individual states but rather reason over areas of the map as if
they were single entities. Thus, the primary contribution of
this paper is extension of learning real-time heuristic search
with a state abstraction mechanism.

5.1 Building a State Abstraction

State abstraction has been studied extensively in reinforce-
ment learning [Barto & Mahadevan, 2003]. While our
approach is fully automatic, many algorithms, such as
MAXQ [Dietterich, 1998], rely on manually engineered hi-
erarchical representation of the space.

Automatic state abstraction has precedents in heuristic
search and path-finding. For instance, Hierarchical A* [Holte
et al., 1995] and AltO [Holte et al., 1996] used abstraction to
speed up classical search algorithms. Our approach to auto-
matically building abstractions from the underlying state rep-
resentation is similar to Hierarchical A*.

We demonstrate the abstraction procedure on a hand-
traceable micro-example in Figure 4. Shown on the left is the
original graph of 11 states. In general, we can use a variety of
techniques to abstract the map, and we can also process the
states in any order. Some methods and orderings may, how-
ever, work better in specific domains. In this paper, we look
for cliques in the graph.

For this example, we begin with the state labeled A, adding
it and its neighbors, B and C, to abstract group 1, because
they are fully connected. Their group becomes a single state
in the abstract graph. Next we consider state D, adding its
neighbor, E, to group 2. We do not add H because it is not
connected to D. We continue to state F, adding its neighbor,
G, to group 3. States H, I, and J are fully connected, so they
become group 4. Because state K can only be reached via
state H, we add it to group 4 with H. If all neighbors of a
state have already been abstracted, that state will become a

Table 2: Incremental A*, LRTA*, LRTS averaged over 50 runs on
10 maps. The average solution length is 59.5. LRTA* is with the
lookahead of 1. LRTS is with d = 10,y = 0.5,7 = 0. All timings
are taken on a dual G5, 2.0GHz with gcc 3.3.

Algorithm | 1st move time | Conv. travel | Suboptimality
A* 5.01 ms 186 0.0%
LRTA* 0.02 ms 25,868 0.0%
LRTS 0.93 ms 555 2.07%
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single state in the abstract graph. As states are abstracted, we
add edges between existing groups. Since there is an edge
between B and E, and they are in different groups, we add
an edge between groups 1 and 2 in the abstract graph. We
proceed similarly for the remaining inter-group edges. The
resulting abstracted graph of 4 states is shown in the right
portion of the figure.

We repeat the process iteratively, building an abstraction
hierarchy until there are no edges left in the graph. If the orig-
inal graph is connected, we will end up with a single state at
the highest abstraction level, otherwise we will have multiple
disconnected states. Assuming a sparse graph of V' vertices,
the size of all abstractions is at most O(V'), because we are
reducing the size of each abstraction level by at least a factor
of two. The cost of building the abstractions is O(V'). Fig-
ure 5 shows a micro example.

Because the graph is sparse, we represent it with a list of
states and edges as opposed to an adjacency matrix. When
abstracting an entire map, we first build its connectivity graph
and then abstract this graph in two passes. Our abstractions
are most uniform if we remove 4-cliques in a first pass, and
then abstract the remaining states in a second pass.

5.2 Repairing Abstraction During Exploration

A new map is initially unknown to the agent. Under the free
space assumption, the unknown areas are assumed empty and
connected. As the map is explored, obstacles are found and
the initial abstraction hierarchy needs to be repaired to reflect
these changes. This is done with four operations: remove-
node, remove-edge, add-node, and add-edge. We describe
the first two in detail here.

In the abstraction, each edge either abstracts into another
edge in the parent graph, or becomes internal to a state in
the parent graph. Thus, each abstract edge must maintain
a count of how many edges it is abstracting from the lower
level. When remove-edge removes an edge, it decrements
the count of edges abstracted by the parent edge, and recur-
sively removes the parent if the count falls to zero. If an edge
is abstracted into a state in the parent graph, we add that state
to a repair queue to be handled later. The remove-node oper-
ation is similar. It decrements the number of states abstracted
by the parent, removing the parent recursively if needed, and

Figure 5: Abstraction levels 0, 1, and 2 of a toy map. The number
of states is 206, 57, and 23 correspondingly.
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Figure 6: Repairing abstractions.

then adds the parent state to a repair queue. This operation
also removes any edges incident to the state.

When updating larger areas of the map in one pass, us-
ing a repair queue allows us to share the cost of the addi-
tional steps required to perform further repairs in the graph.
Namely, there is no need to completely repair the abstraction
if we know we are going to make other changes. The repair
queue is sorted by abstraction level in the graph to ensure that
repairs do not conflict.

In a graph with n states, the remove-node and remove-edge
operations can, in the worst case, take O(logn) time. How-
ever, their time is directly linked to how many states are af-
fected by the operation. If there is one edge that cuts the entire
graph, then removing it will take O(logn) time. However,
in practice, most removal operations have a local influence
and take time O(1). Handling states in the repair queue is
an O(logn) time operation in the worst case, but again, we
only pay this cost when we are making changes that affect
the connectivity of the entire map. In practice, there will be
many states for which we only need to verify their internal
connectivity.

Figure 6 illustrates the repair process. Shown on the left is
a subgraph of the 11-state graph from Figure 4. When in the
process of exploration it is found that state H is not reachable
from G, the edge (H,G) will be removed (hence shown with
a dashed line). Thus, the abstraction hierarchy needs to be
repaired. The corresponding abstracted edge (4,3) represents
two edges: (G,H) and (G,I). When (G,H) is removed, the edge
count of (4,3) is decremented from 2 to 1.

Suppose it is subsequently discovered that edge (F,G) is
also blocked. This edge is internal to the states abstracted by
group 3 and so we add group 3 to the repair queue. When
we handle the repair queue, we see that states abstracted by
group 3 are no longer connected. Because state G has only
a single neighbor, we can merge it into group 4, and leave
F as the only state in group 3. When we merge state G into
group 4, we also delete the edge between groups 3 and 4 in
the abstract graph (right part of Figure 6).

5.3 Abstraction in Learning Real-time Search

Given the efficient on-line mechanism for building state ab-
straction, we propose, implement, and evaluate a new algo-
rithm called PR-LRTS (Path-Refining Learning Real-Time
Search). A PR-LRTS agent operates at several levels of ab-
straction. Each level from 0 (the ground level) to N > 0 is
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PR LRTS
assign A*/LRTS to abstraction levels O, ..., N
initialize the heuristic for all LRTS-levels
reset the current state: s «— Sgart
reset abstraction level £ = 0
while s # sg0u do
if algorithm at level ¢ reached the end of corridor ¢, then
if we are at the top level £ = N then
run algorithm at level N
generate path px and corridor cy—1

O 001NN W —

10 go down abstraction level: £ = ¢ — 1
11 else

12 go up abstraction level: £ = ¢ 4 1

13 end if

14 else

15 run algorithm at level £ within corridor ¢
16 generate path p, and corridor c¢—1

17 if £ = 0 then execute path po

18 else continue refinement: £ = ¢ — 1

19 end if

20 end while

Figure 8: Path refinement learning real-time search.

“populated” with A* or LRTS. At higher abstract levels, the
heuristic distance between any two states is Euclidian dis-
tance between them, where the location of a state is the av-
erage location of the states it abstracts. This heuristic is not
admissible with respect to the actual map. Octile distance is
used as the heuristic at level 0.

At the beginning of each trial, no path has been constructed
at any level. Thus, the algorithm at level IV is invoked. It
works at the level N and produces the path py. In the case
of A*, pn is a complete path from the N-level parent of the
current state to the N-level parent of the goal state. In the
case of LRTS, py is the first d steps towards the abstracted
goal state at level V. The process now repeats at level N — 1
resulting in path py_;. But, when we repeat the process,
we restrict any planning process at level N — 1 to a corri-
dor induced by the abstract path at level N. Formally, the
corridor ¢y — is the set of all states which are abstracted by
states in py. To give more leeway for movement and learn-
ing, the corridor can also be expanded to include any states
abstracted by the k—step neighbors of py. In this paper, we
choose £ = 1. While executing pg, new areas of the map
may be seen. The state abstraction hierarchy will be repaired
as previously described. This path-refining approach, sum-
marized in Figure 8, benefits path-finding in three ways.

First, algorithms running at the higher levels of abstraction
reason over a much smaller (abstracted) search space (e.g.,
Figure 5). Consequently, the number of states expanded by
A* is smaller and the execution is faster.

Second, when LRTS learns at a higher abstraction level,
it maintains the heuristic at that level. Thus, a single update
to the heuristic function effectively influences the agent’s be-
havior on a set of ground-level states. Such a generalization
via state abstraction reduces the convergence time.

Third, algorithms operating at lower levels are restricted to
the corridors ¢;. This focuses their operation on more promis-
ing areas of the state space and speeds up search (in the case
of A*) and convergence (in the case of LRTS).
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Figure 7: First-move lag, convergence travel, and final solution suboptimality over the optimal solution length.
6 Empirical Evaluation Table 4: Summary of the trade-offs.
We evaluated the benefits of state abstraction in learning real- Algorithm | compared to PR-LRTS
time heuristic search by running PR-LRTS against the incre- A* | slower per move, converges faster, optimal
mental A* search, LRTA*, and LRTS for path-finding on LRTA* | converges slower, faster per move, optimal
9 maps from Bioware’s “Baulder’s Gate” game. The maps LRTS | converges slower

ranged in size from 64 x 60 to 144 x 148 cells, averaging  gtate abstraction for learning real-time search. The dynami-
3212 passable states. Each state had up to 8 passable neigh-  ¢ajjy built abstraction levels of the map increase performance
bors and the agent’s VlSlbl]le radius was set to 10. LRTS and by: (i) constraining the search space, (i) reducing the amount
PR-LRTS have been run with a number of parameters and a o ypdates made to the heuristic function, thereby accelerat-

representative example is found in Table 3. Starting from the  jno convergence, and (iii) generalizing the results of learning
top entry in the table: incremental A* shows an impressive  qyer nejghboring states.

convergence travel (only three times longer than the shortest
path) but has a substantial first-move lag of 5.01 ms. LRTA*  oained by learning at a higher abstraction level will afford
with the lookahead of 1 is about 250 times faster but travels application of PR-LRTS to moving target search. The previ-
140 times more before convergen;:’e. LRTS(d = 10,7 = 0.5, ously suggested MTS algorithm [Ishida & Korf, 1991] re-
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Abstract

Uncertainty applies to many aspects of planning
problems. Much research has been done to deal
with problems where actions have uncertain effects.
In reality, many planning problems also involve ac-
tions with uncertain durations, but this type of un-
certainty has not been widely studied in planning
until the recent development of several planners
which incorporate durational uncertainty. Addi-
tionally, theoretical work has been done on charac-
terizing the level of controllability in plans involv-
ing actions with uncertain durations. We have de-
veloped an approach for finding temporally contin-
gent plans, i.e., plans with branches that are based
on the duration of an action at execution time. More
specifically, the problems we are studying satisfy
the following criteria: (1) there is more than one so-
lution plan, (2) solution plans are ranked by a met-
ric that is not fully based on makespan, (3) actions
have uncertain durations, (4) the start and/or end
times of some actions are constrained, and (5) as
actions require more time to complete, plans that
are judged highly by the metric become invalid.
We describe our approach for determining the time
points that cause an unsafe situation and for insert-
ing temporal contingency branches. Experimental
results with both sequential and parallel plans are
discussed.

1 Introduction

Uncertainty applies to many aspects of planning problems.
Much research has been done to deal with problems where ac-
tions have uncertain effects. A classification of planners that
can handle this kind of uncertainty is given in [Dearden et al.,
2003]. In reality, many planning problems also involve ac-
tions with uncertain durations, but this type of uncertainty has
not been widely studied in planning until the recent develop-
ment of several planners which incorporate durational uncer-
tainty [Younes and Simmons, 2004; Mausam and Weld, 2005;
Little et al., 2005]. Additionally, there has been theoretical
work on characterizing the level of controllability in plans in-
volving actions with uncertain durations [Vidal and Fargier,
1999]. Conservative planning (i.e., finding plans that are
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likely to be safe regardless of action duration) is one way to
handle durational uncertainty. The advantage to this approach
is that the resulting plans are robust. However, conservative
planning often results in missed opportunities. To take advan-
tage of available opportunities while still having a robust plan,
we have developed an approach for finding temporally con-
tingent plans (TCPs), i.e., plans with branches that are based
on the duration of an action at execution time. Specifically,
the problems we are studying satisfy the following criteria:
(1) there is more than one solution plan, (2) solution plans
are ranked by a metric that is not fully based on makespan?,
(3) actions have uncertain durations, (4) the start and/or end
times of some actions are constrained, and (5) as actions re-
quire more time to complete, plans that are judged highly by
the metric become invalid. We take an optimistic approach
by first finding a plan that is valid when all actions complete
quickly. We then use the methods described in [Dechter et
al., 1991] to determine when the plan may fail. At time points
that cause an unsafe situation, temporal contingency branches
are inserted.

As an example, consider the problem of traveling from
home to a conference. One solution plan is to drive to the
airport, fly to the destination city, take a shuttle to the confer-
ence venue, and finally register for the conference. Another
solution plan could involve taking a taxi instead of a shuttle to
the venue. Assuming the metric is to minimize money spent,
the plan with the shuttle action would be preferred. How-
ever, the taxi may be faster than the shuttle and since there
are constraints on the time one can register for the confer-
ence, depending on how long the flight takes, there may only
be enough time for the more expensive taxi option. To always
have a safe plan, and be able to save money when possible,
our approach would generate a TCP to drive to the airport,
fly to the destination, take the shuttle if there is enough time,
otherwise take the taxi, and register for the conference. In
this way, our approach ensures enough time for the worst
case while making use of better options when time allows.
Throughout this paper our running example will be the con-
ference domain.

Our contributions are threefold: (1) we introduce the no-

1As we define it, a metric may either combine makespan with
some nontemporal measure or simply be stated as a nontemporal
measure.
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tion of TCPs, (2) we provide a greedy iterative algorithm that
inserts branches based on time rather than world conditions,
(3) we show that viable plans can be generated in this frame-
work. In the remainder of this paper we first define temporal
uncertainty and explain our algorithm for creating TCPs. We
then give a theoretical framework for characterizing solution
plans. This is followed by preliminary experiments, general
remarks, and a description of future work.

2 Planning with Temporal Uncertainty

Temporal planning and reasoning activities involve actions
that have a temporal extent, such as an action duration, and
general temporal constraints, such as a deadline for when an
action must begin. Problems with temporal aspects may have
actions with uncertainty present in one of the following three
ways. First, the temporal aspects are certain while the effects
on the world are uncertain. For example, eating a meal may
take 30 minutes, but it is uncertain if hunger will be satisfied.
Second, the changes in the world are certain, but the temporal
aspects are uncertain. For example, hunger will be satisfied
after eating a meal, but the duration of the meal is uncertain.
Third, both the temporal aspects and changes in the world are
uncertain. For example, a meal will be eaten but it is uncertain
how long it will take and whether hunger will be satisfied. For
simplicity, our current work is concerned with only the first
type of uncertainty. We plan to deal the other two types of
uncertainty in future work.

In our framework, uncertainty in action duration is rep-
resented with the interval [min-d, max-d], where min-d and
max-d are minimum and maximum reasonable durations?, re-
spectively (min-d > 0 and max-d < o). We have extended
PDDL2.2 [Edelkamp and Hoffman, 2004] to represent inter-
val durative actions as opposed to single point durative ac-
tions. In temporal reasoning literature when an interval dura-
tion is assigned to an action, it is generally assumed that the
user can select any value from the interval. In our work we
build on the model described in [Vidal and Fargier, 1999] and
assume that some action durations will be known only at exe-
cution time and thus are uncertain. Hence we define two types
of interval durative actions. If the duration is assignable, the
executing agent (user) can choose a duration between min-d
and max-d. If the duration is uncertain the action will con-
sume some time between min-d and max-d, but the exact du-
ration is beyond the control of the agent. In the conference
domain, the duration of a flight is uncertain, but the duration
of eating a meal is assignable.

In Figure 1 our coding of the conference domain is given.
Note that the eat - neal action has an assignable duration but
the other actions have unassignable (i.e., uncertain) durations.
As defined, f | y_ai rport 2_ai rport 1 has a duration between
45 and 90 time units, starting at time 30 and conference reg-
istration has a duration between 5 and 10 time units, starting
between times 84 and 141, exclusive. These two actions show

2These durations may be determined using a probabilistic distri-
bution. The 95th percentile has been used to produce conservative
plans (e.g. [Fox and Long, 2002]) and may be a good selection for
max-d. Experimental work must be done to determine a reasonable
percentile for min-d.
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the syntax we have added for associating actions with their
execution time constraints. In our framework we assume that
there is no penalty involved with waiting to begin execution of
an action. The addition of assignable and unassignable inter-
val durations is a conceptual extension to PDDL2.2, whereas
the execut i on-ti me syntax provides convenience in coding
but can be represented indirectly by the timed initial literals
of PDDL2.2 which are used to define temporal windows.

Domain description

(define (domain conference-travel)

crequirenents :fluents :equality

cinterval -durative-actions :execution-times)

cpredicates (at_airportl) (at_airport2) (at_hotel)

(not _hungry) (attending_conference))
(money_spent))

functions

vinterval -durative-action fly_airport2_airportl
:unassi gnabl e-interval - duration

(and (min ?duration 45) (max ?duration 90))
ccondition (at start (at_airportl))
ceffect (and (at end (at_airport2))
(at start (not (at_airportl)))
(at start (increase (noney_spent) 200)))
cexecution-tinme (start at 30))

cinterval -durative-action taxi_hotel _airport2
:unassi gnabl e-interval - duration

(and (min ?duration 15) (max ?duration 20))
ccondition (at start (at_airport2))
ceffect (and (at end (at_hotel))
(at start (not (at_airport2)))
(at start (increase (noney_spent) 120))))

cinterval -durative-action shuttle_hotel _airport2
:unassi gnabl e-interval -duration

(and (min ?duration 30) (max ?duration 60))
ccondition (at start (at_airport2))
ceffect (and (at end (at_hotel))
(at start (not (at_airport2)))
(at start (increase (noney_spent) 20))))

cinterval -durative-action eat_neal
. assi gnabl e-interval -duration

(and (mn ?duration 20) (max ?duration 60))
ccondition (at start (attending_conference))
ceffect (at end (not_hungry))
(at start (increase (noney_spent) 20))))

(:interval -durative-action register_for_conference
:unassi gnabl e-interval -duration
(and (mn ?duration 5) (max ?duration 10))
»condition (over all (at_hotel))
ceffect (at end (attending_conference))
cexecution-time (and (start after 84) (start before 141))))

Problem description

(define (problem conference-travel -1)

(: domai n conference-travel)

(:init (at_airportl)
(= (noney-spent) 0))
(attending_conference))
mni mze (noney-spent)))

(:goal
(:nmetric

Figure 1: Conference travel domain and problem.

3 Creating Temporal Contingency Plans

When creating a TCP it is important to find a plan that is both
safe and ranked highly by the plan metric. Intuitively, a plan
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is safe if its validity is guaranteed, even when all of its un-
certain actions require their maximum duration to complete.
One approach to building safe plans in this context is to as-
sume that all actions always require their maximum duration.
Though the result is a robust plan, in our framework this pes-
simistic assumption leads to a plan that is not ranked well
by the metric. We take an optimistic approach and assume
that actions require only their minimum duration. Since this
assumption may yield an unsafe plan, we build temporally
contingent branches into it using a general Just-In-Case style
algorithm [Drummond et al., 1994] where we generate a seed
plan, find points where it is likely to fail, and then insert con-
tingency branches at those points. Our algorithm is given in
Figure 2. To generate the seed plan, we make the optimistic

TCP Algorithm

(1.1) Generate a seed plan, P with n actions, assuming all actions require only
their minimum duration

(1.2) Construct the distance graph D of P
(1.3) TCP — MakeSafePlan(P, D)
MakeSafePlan(Plan P, DistanceGraph D)
(2.1) Create TCP with P as main branch
(2.2) Foreachactioni=ntolinP

(2.3) maxAllowedDuration < shortestPathDistance(s;, &, D)
(2.4) While maxAllowedDuration < maxDuration(i)
(2.5) newMinDuration < maxAllowedDuration + 1
(2.6) TCB « GetContingencyBranch(i, newMinDuration)
(2.7) Insert TCB into TCP to be executed when i requires more time
than newMinDuration
(2.8) maxAllowedDuration < shortestPathDistance(s;, &, DB)

(2.9) Modify D so that i is constrained to start at the latest time i can
safely start

(2.10) return TCP
GetContingencyBranch(Action i, Duration newMinDuration)

(3.1)
(32)
(33
(34)
(35)
(36)
(37
(3.8)

Modify domain to assume i requires newMinDuration

Modify initial conditions of problem to reflect state of world at start of i
earliestStartTime « -1 x shortestPathDistance(s;, S, D)

Modify problem to constrain i to start at earliestSartTime

Using the modifi ed domain and problem, generate a branch B
Construct the distance graph DB of B

TCB — MakeSafePlan(B, DB)

return TCB, DB

Figure 2: Algorithm for creating TCPs.

assumption, i.e., for each action assign min-d as the duration.
This yields a plan that is ranked highly by the metric (step
1.1). Next, we analyze the seed plan to find out, temporally
speaking, when it becomes unsafe (steps 1.2 and 1.3). At any
time point where the seed plan becomes unsafe, we generate
and insert a branch that is safe. This technique creates a plan
that includes a path that can be safely executed when all of
its actions require their maximum duration, but also includes
branches yielding a more desirable result that are executed
when actions require less time.

As stated above, when generating the seed plan (and sub-
sequent branches), the duration of each action is set at min-d,
removing all uncertainty at planning time. (For the remain-
der of this section, the term plan is used to refer to either a
seed plan or branch plan.) This allows expression of the prob-
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lem and domain in PDDL2.2 and plans can be generated with
any planner that understands PDDL2.2. A plan P returned
by such a planner will be temporally deterministic. Our al-
gorithm factors in temporal uncertainty by converting P to a
directed, edge-weighted graph called a distance graph, thus
expressing P as a simple temporal network (STN) [Dechter et
al., 1991]. STNs are widely used in temporal reasoning and
include nodes representing time points and edges between
pairs of nodes representing temporal constraints between time
points. Figure 3 shows (a) the seed plan that would be gen-
erated for the problem in Figure 1 and (b) the corresponding
distance graph. An in-depth description of how to perform
step 1.2 of the algorithm is given next.

Execution Time | Action

30 flyairport2airportl
76 shuttle_hotel _airport?2
107 regi ster _for _conference

@)

(b)

Figure 3: (a) A seed plan for the problem in Figure 1. Note
that the times given by the seed plan assume actions require
their minimum durations. (b) The distance graph for the seed
plan in (a), incorporating temporal uncertainty. For clarity,
only the most important edges are shown.

Since the execution times in P are based on a deterministic
temporal assumption, they are ignored during the construc-
tion of the distance graph D. Only the actions of P are con-
sidered. In construction of D, each action is dealt with indi-
vidually to allow any possible concurrency in P to be present
in D. The first step in constructing D is to add two nodes for
each action i, one for its start time s; and one for its end time
ej, and a node s representing time 0. Edges are then added in
pairs representing temporal relations and weighted with tem-
poral distances. For each action i, a pair of edges is added
between s; and ;. The edge s; — ¢€;j is weighted with max-
d of i and the edge e; — s; is weighted with -1 x (min-d
of i). Next, pairs of edges are added between sg and each s;
node. (Pairs of edges can also be added from sg to each e,
but are not necessary and add no new temporal information.)
If an action i has a constrained start time, the edge sop — s; is
weighted with the latest start time of i and the edge s; — s
is weighted with -1 x (earliest start time of i). This is shown
with the fly and register actions in Figure 3(b). When an ac-
tion does not have a constrained start time, the edge sg —
is weighted with o and the edge s; — sg is weighted with 0,
signifying that the start of action i comes after time 0, but
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there are no other constraints. For clarity, these edges are not
included in Figure 3(b).

The final step in constructing the distance graph is to insert
edges that represent relationships between actions. Though P
contains a sequence of steps, some concurrency may be pos-
sible. To properly discover and encode this in D, causal links
and threats in P must be identified. This is done using an
algorithm similar to the one described by [R-Moreno et al.,
2002]. For every condition ¢ of each action i, a causal link is
added to the closest action j in the plan that appears before i
and produces c as an effect. The causal link forces the pro-
ducer action to occur before the consumer. A threat link is
added between an action i and an action j when an effect of j
negates a condition of i.2 This algorithm discovers no knowl-
edge about temporal distance, so pairs of edges labeled with
0 and o are added to the graph simply expressing that one ac-
tion must occur before the other. There is no concurrency in
the plan of Figure 3, so edges are added from the start of each
action to the end of the previous action, representing causal
links. There are no threats in this example.

Since D contains all temporal constraints given in the do-
main, it can be used to determine when P becomes unsafe.
This procedure is given by the MakeSafePlan function of Fig-
ure 2. In [Dechter et al., 1991] it is proved that the abso-
lute bounds on the temporal distance between any two time
points represented by nodes a and b (assuming a < b) in D,
is given by the interval [-1 x (weight of shortest path from
b to a), weight of shortest path from a to b]. The shortest
path can be found using an algorithm such as the Bellman-
Ford single source shortest path algorithm with a runtime of
O(|VI|E]). In Figure 3(b) we see that the duration of the fly
action is expressed by the interval [45, 90]. However, using
the shortest path method (step 2.3 in Figure 2), it is found
that the absolute bounds on the duration of the fly action are
expressed by the interval [45, 80]. This indicates that if the
fly action takes more than 80 time units, the rest of the plan
becomes unsafe. To have a safe solution, a contingency must
be generated that can reach the goal safely when the fly ac-
tion takes more than 80 time units, so the loop in step 2.4
will be entered. Currently, the loop considers actions in re-
verse order. We plan to experiment with different orderings
in the future. This loop allows multiple contingency branches
to be generated for the same time point. The GetContingen-
cyBranch function modifies the domain and problem to re-
flect the state of the world when the branch occurs and then
generates a branch plan which is verified in the same way
as the seed plan. Hence, branches may themselves contain
branches. After a safe contingency branch has been gener-
ated, it is inserted into the seed plan (step 2.7). For the exam-
ple problem, the contingency branch that will be generated is
taxi _hotel _airport?2, register _for _conference. After
leaving the loop of 2.4, it is known that action i can safely
execute, even if it requires its maximum duration. In step 2.9,
D is modified to ensure that actions occurring before i com-
plete early enough so that i has enough time to consume its

3In the future, we plan to extend this algorithm to discover threats
that may be caused by actions consuming the same resource. Cur-
rently, actions of this sort are disallowed.
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maximum duration if necessary. Once all actions have been
verified, the TCP is safe. The TCP of the example problem is
given in Figure 4(a). In the next section, we formally explain
a data structure that can be used to represent TCPs.

At time 30: fly airport2 airportl
IF (time < 85)
Before time 85: shuttle_hotel _airport?2
Before tinme 140: register _for_conference
ELSE
Before time 120: taxi_hotel _airport2
Before tine 140: register _for_conference

(b)

Figure 4: (a) A TCP for the problem in Figure 1. (b) The
TCN for the plan in (a).

4 Temporal Contingency Networks

We represent TCPs using a new data structure called a Tem-
poral Contingency Network (TCN). TCNs are an extension of
STNs and are inspired by the STPU model defined in [Vidal
and Fargier, 1999]. TCNs extend STNs in two dimensions.
First, interval durations are labeled as user assignable or not;
second, some nodes represent decisions based on observa-
tions of time. The second aspect enables the representation
of TCPs. Part (b) of Figure 4 depicts a TCN for the TCP in
part (a).

Formally, a TCN is a quadruple <T, O, E, B>. T is a set
of nodes representing start and end times of actions. A node
representing the absolute start time is also included in T. Each
node in T is referred to as a time point. Nodes in T that are not
included in all paths of execution contain a context label [Peot
and Smith, 1992] identifying the branch of execution they be-
long to. Oval nodes in the figure belong to T. The shuttle and
taxi nodes contain context labels because these actions do not
belong to all paths of execution. O is a (possibly empty) set
of observation nodes representing decisions about which sub-
sequent actions to execute. Observations of time are assumed
to be executable at any time (no preconditions) and instanta-
neous; and should be executed immediately after the preced-
ing time point. A TCN with observation nodes is safe if all the
possible paths are safe. In the figure, the diamond represents
an observation node. E is a set of interval labeled edges rep-
resenting constraints between time points. Edges in E can be
marked as uncertain, assignable, or unmarked. The non-bold
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edges in the figure belong to E. Edges representing assignable
durations are marked with a and those representing uncertain
durations are marked with u. Edges with intervals represent-
ing an exact amount of time (such as Time 0 — start: fly)
are unmarked. B is a set of temporally labeled edges leaving
observation nodes. The bold edges in the figure belong to B.
As shown, these edges are given a label indicating when each
branch can safely be taken. This data structure provides a rich
context for reasoning about TCPs.

5 Experimentsand Discussion

In this section we provide preliminary experimental results.
To the best of our knowledge, there are no planners that pre-
pare contingency branches based on time. We therefore de-
signed our experiments to show that our algorithm works and
to help identify the ways in which it can be improved. LPG-
TD [Gerevini et al., 2004] was the planner that we used for
generating seed plans and branches. We choose LPG-TD be-
cause it can handle the timed initial literals of PDDL2.2 and
can optimize for temporal and nontemporal metrics. All ex-
periments were performed on a machine with a 3.0GHz Pen-
tium 4 CPU and 1GB of RAM.

The domain used in the experiments is another version of
the domain in Figure 1. The experimental domain has no
meal action, but three new actions are added. First, there is
a drive action that must occur in order to arrive at airportl.
Next, actions are added to include the possibility of taking
a flight from airportl to a new airport, airport3, and from
airport3 to airport2. The direct flight is more costly than
flying through airport3. Finally, an action is added to the
domain for taking public transportation as the least costly way
to get to the hotel from airport2. The domain was created
in this way to allow many different possible solutions when
registering for the conference is the only goal.

The first set of experiments involved plans with no possi-
ble parallelism. These experiments were done to compare the
runtime as more conditional branches were added to the seed
plan. The domain was modified for each run to force different
numbers and combinations of branches. The same seed plan
was generated every time. Table 1 shows the results of these
experiments. In the first run, the seed plan was always safe
and thus no branches were created. In successive runs, the
number of created branches ranged from 1 to 4. There were
2 different runs that each produced 3 branches. In general,
as more branches were created, the runtime increased. How-
ever, one of the runs with 3 branches took much longer than
the other, and even longer than the run with 4 branches. There
are two reasons for this. First, as is clear in the table, gener-
ation of the seed plan and branches by LPG-TD accounts for
nearly all of the runtime. Due to the conditions in this ex-
periment, LPG-TD required extra time to create one of the
branches. Second, this run contained longer branches than
the other run with 3 branches, thus requiring more time for
verification time by our algorithm.

The second set of experiments involved parallel plans. In
our algorithm, no dependencies are assumed between actions
in the plan. As described previously, dependencies are dis-
covered when the distance graph is built. In this way, our
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branches created | LPG-T D runtime | total runtime
0 260 260.1

1 520 527.0

2 780 788.5

3 1040 1054.0

3 1290 1302.6

4 1130 11449

Table 1: Run times in milliseconds of experiments with prob-
lems requiring different numbers of conditional branches.

algorithm inherently allows parallel plans. To test this aspect,
three new actions were added to the domain. The first was
an action for grading exams that had to be completed before
arriving at the hotel. The other two actions were for reading
papers (one for a long paper and one for a short paper) which
had to be completed after grading the exams and before ar-
riving at the hotel. More knowledge was gained by reading
the long paper. The problem was then modified by adding
two goals to read some paper (either or both) and grade the
exams. The metric was modified to rank plans higher when
more knowledge was gained while still trying to minimize
the money spent. The sequential experiments were re-run
with the new modified domain and problem. The addition
of the parallel actions caused no significant change in run-
time among these tests. But, when the domain was modified
so that a branch had to be inserted to read the short paper
when the exams took a long time to grade, there was a spike
in runtime. The reason for this is that our algorithm does not
currently identify parallel paths of execution and treat them
separately. In the plan that LPG-TD created, grading the ex-
ams was the first action, reading the paper was the second
action, and the rest of the plan followed. In creating a branch
to insert after the grading action, our algorithm had to re-
discover the entire rest of the plan, though the grading action
only directly affected reading the paper. Our algorithm pro-
duces a valid result, but it is inefficient. We plan to research
this topic in the future.

6 Reated work

The main framework of our algorithm is very close to Just-
In-Case (JIC) scheduling [Drummond et al., 1994]. The
JIC scheduler analyzes a seed schedule, finds possible fail-
ure points, and inserts contingency branches so that valuable
equipment time is not lost when an experiment fails. Our
work extends this framework to multiple planner goals, par-
allel plans, and nontemporal metrics, but does not consider
probability of failure. Presently we insert contingent branches
for every action that might not have sufficient time. We plan
to improve our algorithm by systematically evaluating and
selecting branch insertions points as in [Onder and Pollack,
1999; Dearden et al., 2003]. Dearden et al’s [2003] approach
involves generating a seed plan and adding contingent plans
based on a rich utility metric involving goal values and con-
tinuous resources.

There are a number of domain independent planners that
can handle durative actions. We used LPG-TD because it
can optimize based on a nontemporal metric. Other plan-
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ners include TGP [Smith and Weld, 1999], a planner that
uses mutual exclusion reasoning in a temporal context, SAPA
[Do and Kambhampati, 2002], a heuristic forward chaining
planner; HSP [Haslum and Geffner, 2002] a heuristic planner
with time and resources; and CPT an optimal temporal POCL
planner based on constraint programming [Vidal and Geffner,
2004].

Vidal and Fargier [1999] present an analysis of three lev-
els of controllability given a plan. The plans analyzed have
actions with uncertain durations and temporal constraints but
the start times of actions and the durations of assignable in-
tervals have not been assigned yet. A control sequence is an
assignment of times to time points and durations to assignable
intervals such that all the constraints are respected regardless
of the actual durations of the uncertain intervals. A control
sequence is strong if it can be determined prior to execution.
A control sequence is weak if (parts of) it can only be de-
termined during execution right after some actual action du-
rations have been observed. Finally, a control sequence is
dynamic if the completion of an action is too late to make an
assignment of start times to the remainder of the actions but
there exists a time point t such that if an actual duration is
learned in advance at time t safe assignments can be made. In
our work we are concerned with generating plans with strong
control sequences.

Tsamardinos et al. describe an algorithm for merging ex-
isting plans with assignable durations and nontemporal con-
ditional branches [2000]. We plan to extend our algorithm
by using their plan merging framework. In particular, we
will be generating two plans, one with the minimum dura-
tion and one with the maximum duration for each uncertain
interval and merging those two plans into a conditional plan
such that common actions are executed unconditionally and
actions that differ are executed under appropriate contexts.

Tempastic [Younes and Simmons, 2004] is a planner that
models continuous time, probabilistic effects, probabilistic
exogenous events and both achievement and maintenance
goals. It uses a “generate-test-debug” algorithm that gener-
ates an initial policy and fixes the policy after analyzing the
failure paths. In producing a better plan, the objective is to
decrease the probability of failure. Nontemporal resources
are not modeled.

Mausam and Weld [2005] describe a planner that can han-
dle actions that are concurrent, durative and probabilistic.
They use novel heuristics with sampled real-time dynamic
programming in this framework to generate policies that are
highly optimal. The quality metric includes makespan but
nontemporal resources are not modeled in the planning prob-
lem.

Prottle [Little et al., 2005] is a planner that allows con-
current actions that have probabilistic effects and probabilis-
tic effect times. Prottle uses effective planning graph based
heuristics to search a probabilistic AND/OR graph consisting
of advancement and placement nodes. Prottle’s plan metric
includes probability of failure but not makespan. Prottle does
not model metric resources.

Finally, we would like to mention work from the field of
microarchitecture where the objective is to analyze a bottle-
neck situation which consists of parallel events and deter-
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mine which events are worthwhile to optimize so that the total
makespan of the bottleneck decreases [Fields et al., 2003]. In
our future work we will employ techniques from this work to
identify portions of a plan that can be optimized rather than
to prepare contingent plans as a response to suboptimal exe-
cution times.

7 Conclusions and Future Wor k

We have presented a framework for characterizing and di-
rectly dealing with temporal uncertainty. We define temporal
uncertainty by assigning actions an interval duration, rather
than a single point duration. Our approach is to make an opti-
mistic assumption that all actions complete as quickly as pos-
sible. We then generate a plan with inexpensive actions that
may become invalid at some point when the optimistic as-
sumption proves wrong. We create more costly contingency
plans to be executed only when actions in the inexpensive
plan run long enough that an unsafe situation occurs.

Our algorithm is greedy and thus it can return locally op-
timal solutions which are not globally optimal. In the future,
we plan to develop several heuristics to help avoid this prob-
lem. One idea is to re-generate the entire plan when a tem-
porally unsafe situation is found. This new plan could be
compared to the current plan to determine whether a contin-
gency branch should be added to the current plan or if the
new plan should replace the seed plan. In addition to avoid-
ing locally optimal solutions, this approach would generate
an appropriate solution in the case that no valid contingency
branch existed. The main drawback to this approach is that re-
generating the entire plan can be very time consuming. An-
other way to avoid locally optimal solutions would be to take
an MDP based approach where every state in the world con-
tains a time stamp. The naive approach of creating a state
representing every possible time point would not be efficient,
but improvements could be gained by using states represent-
ing intervals of time.

As we continue this work, we plan to extend it in several
ways. Our algorithm improves on a strictly conservative ap-
proach, but the safe TCPs that it generates may still include
missed opportunities. We plan to develop algorithms that can
find idle time in a TCP and then insert opportunities as de-
fined by [Fox and Long, 2002]. We would also like to extend
our work to be able to handle actions with uncertain effects,
including uncertain consumption of nontemporal resources.
Finally, we will develop a test bed of problems involving not
only our conference domain, but other domains that may ben-
efit from our approach, such as the Rover and Satellite do-
mains.

Acknowledgements

We thank anonymous reviewers for their helpful comments
and discussion. Janae N. Foss’ research was supported by
the Harriett G. Jenkins Predoctoral Fellowship Program and
a grant from the Michigan Council of Women in Technology.

References

[Dearden et al., 2003] Richard Dearden, Nicolas Meuleau, Sailesh
Ramakrishnan, David Smith, and Richard Washington. Incre-



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

mental contingency planning. In ICAPS-03 Workshop on Plan-
ning Under Uncertainty, June 2003.

[Dechter et al., 1991] Rina Dechter, Itay Meiri, and Judea Pearl.
Temporal constraint networks. Artificial Intelligence, 49:61-95,
1991.

[Do and Kambhampati, 2002] Minh B. Do and Subbarao Kamb-
hampati. Planning graph-based heuristics for cost-sensitive tem-
poral planning. In Proc. 6th Int. Conf. on Al Planning & Schedul-
ing, 2002.

[Drummond et al., 1994] M. Drummond, J. Bresina, and K. Swan-
son. Just-incase scheduling. In Proc. 12th National Conf. on
Artificial Intelligence, pages 1098-1104, 1994.

[Edelkamp and Hoffman, 2004] Stefan Edelkamp and Jorg Hoff-
man. PDDL2.2: The language for the classical part of the 4th
international planning competition. Technical Report 195, Com-
puter Science Department, University of Freiburg, January 2004.

[Fields et al., 2003] Brian A. Fields, Rastislav Bodik, Mark D. Hill,
and Chris J. Newburn. Using interaction costs for microarchitec-
ture bottleneck analysis. In Proc. 36th international Symposium
on Microarchitecture (MICRO-3603), 2003.

[Fox and Long, 2002] Maria Fox and Derek Long.  Single-
trajectory opportunistic planning under uncertainty. In Proceed-
ings of the 21st Workshop of the UK Planning and Scheduling
Special Interest Group, November 2002.

[Gerevini et al., 2004] Alfonso Gerevini, Alessandro Saetti, Ivan
Serina, and Paolo Toninelli. Planning in PDDL2.2 domains
with LPG-TD. In International Planning Competition booklet
(ICAPS-04), 2004.

[Haslum and Geffner, 2002] Patrik Haslum and Hector Geffner.
Heuristic planning with time and resources. In Proc. 6th Eu-
ropean Conf. on Planning, 2002.

[Little et al., 2005] lain Little, Douglas Aberdeen, and Sylvie
Thiebaux. Prottle: A probabilistic temporal planner. In Proc.
20th National Conf. on Artificial Intelligence (AAAI-05), 2005.

[Mausam and Weld, 2005] Mausam and Daniel S. Weld. Concur-
rent probabilistic temporal planning. In Proc. 15th International
Conf. on Automated Planning and Scheduling (ICAPS-05), 2005.

[Onder and Pollack, 1999] Nilufer Onder and Martha E. Pollack.
Conditional, probabilistic planning: A unifying algorithm and ef-
fective search control mechanisms. In Proc. 16th National Conf.
on Artificial Intelligence, pages 577-584, 1999.

[Peot and Smith, 1992] Mark A. Peot and David E. Smith. Con-
ditional nonlinear planning. In Proc. 1st International Conf. on
Artificial Intelligence Planning Systems, pages 189-197, 1992.

[R-Moreno et al., 2002] M Dolores R-Moreno, Angelo Oddi,
Daniel Borrajo, Amedeo Cesta, and Daniel Meziat. Integrating
hybrid reasoners for planning and scheduling. In The Twenty-
First Workshop of the UK Planning and Scheduling Special In-
terest Group, pages 179-189, 2002.

[Smith and Weld, 1999] David E. Smith and Daniel Weld. Tem-
poral planning with mutual exclusion reasoning. In Proc. 16th
International Joint Conf. on Artificial Intelligence, 1999.

[Tsamardinos et al., 2000] loannis Tsamardinos, Martha E. Pol-
lack, and John F. Horty. Merging plans with quantitative tem-
poral constraints, temporally extended actions, and conditional
branches. In Proc. 5th International Conf. on Artificial Intelli-
gence Planning and Scheduling, pages 264-272, 2000.

68

V. Bulitko & S. Koenig (eds.)

[Vidal and Fargier, 1999] Thierry Vidal and Helene Fargier. Han-
dling contingency in temporal constraint networks: from consis-
tency to controllabilities. Journal of Experimental and Theoreti-
cal Artificial Intelligence (JETAI), 11(1):23-45, 1 1999.

[Vidal and Geffner, 2004] Vincent Vidal and Hector Geffner.
Branching and pruning: An optimal temporal POCL planner
based on constraint programming. In Proc. 19th National Conf.
on Artificial Intelligence, pages 570-577, 2004.

[Younes and Simmons, 2004] Hakan L.S. Younes and Reid G. Sim-
mons. Solving generalized semi-markov decision processes us-
ing continuous phase-type distributions. In Proc. 19th National
Conf. on Artificial Intelligence (AAAI-04), 2004.



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

Improving Convergence of LRTA*(k) *

Carlos Hernandez and Pedro Meseguer

Institut d’Investigacio6 en Intel.ligéncia Artificial, CSIC

Campus UAB, 08193 Bellaterra, Spain
{chernan,pedro} @iiia.csic.es

V. Bulitko & S. Koenig (eds.)

Abstract

LRTA* is a real-time heuristic search algorithm
widely used. In each iteration it updates the heuris-
tic estimate of the current state. In this paper, we
present three versions of LRTA*(k), a new LRTA*-
based algorithm that is able to update the heuristic
estimates of up to k states, not necessarily distinct.
Based on bounded propagation, this updating strat-
egy maintains heuristic admissibility, so LRTA*(k)
keeps the good theoretical properties of LRTA*,
The new algorithm produces better solutions in the
first trial and converges faster when compared with
other state-of-the-art algorithms on classical bench-
marks for real-time search. We provide experimen-
tal evidence of the improvement in performance of
these versions, at the extra cost of longer planning
steps.

1 Introduction

LRTA* [Korf, 1990] is a real-time heuristic search algorithm
that interleaves planning and action execution in an on-line
manner. It improves its performance over successive trials on
the same problem instance, by recording better heuristic esti-
mates. This algorithm works on a search space where every
state  has a heuristic estimate h(z) of the cost from z to a
goal. It is complete under a set of reasonable assumptions. If
h(x) is admissible, after a number of trials i (x) converges to
their exact values along every optimal path.

In this paper we present three versions of LRTA* (k) [Her-
nandez and Meseguer, 2005], an algorithm based on LRTA*
that updates the heuristic estimate of up to & —not necessarily
distinct— states per iteration, following a bounded propaga-
tion strategy. This updating maintains heuristic admissibility,
so LRTA*(k) converges to exact heuristic values in optimal
paths. In fact, LRTA* is a particular case of LRTA*(k) with
k = 1. Bounded propagation causes significant benefits in the
first solution, convergence and solution stability, at the cost of
extra computation per planning step. In our experiments on
classical real-time benchmarks, with small to medium % the

*Partially supported by the Spanish REPLI project TIN2002-
04470-C03-03.
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time per planning step has remained reasonable when com-
pared with LRTA*.

The three versions presented are denoted with the
subindexes 0, 1 and 2. They differ in the extra condition that
a state, selected by bounded propagation, has to satisfy to be
considered for updating. In LRTAf(k), a state involved in
the propagation process is considered for updating only if it
has already been expanded in the current trial. In LRTAT (%),
this condition is relaxed to have been expanded in the the cur-
rent or previous trials. In LRTA3(k), no extra condition is
imposed, so any state involved in the propagation is consid-
ered for updating. Relaxing the condition for state updating
causes to improve convergence, at the extra cost of increasing
the duration of the average planning step.

This paper is organized as follows. In Section 2, we
summarize the main search concepts used for the LRTA*
algorithm. In Section 3, we describe the new algorithm
LRTA*(k), and present its three versions. We provide exper-
imental results in Section 4 on four classical real-time bench-
marks. Comparison with existing work appears in Section 5.
Finally, Section 6 contains some conclusions.

2 LRTA*

The state space is defined as (X, 4, ¢, s, G), where (X, A)
is a finite graph, ¢ : A — [0, 00) is a cost function that as-
sociates each arc with a finite cost, s is the start state, and
G C X is the set of goal states. X is a finite set of states, and
A C X x X —{(x,z)|z € X} is afinite set of arcs. Each
arc (v, w) represents an action whose execution causes the
agent to move from v to w. The state space is undirected: for
any action (z,y) € A there exists its inverse (y,xz) € A with
the same cost ¢(z,y) = ¢(y,x). The successors of a state x
are Succ(x) = {y|(z,y) € A}. Apath (zo,21,22,...) 5@
sequence of states such that every pair (z;,z;+1) € A. The
cost of a path is the sum of costs of the actions in that path. A
heuristic function h : X — [0, co) associates with each state
x an approximation h(z) of the cost of a path from z to a
goal. The exact cost h*(x) is the minimum cost to go from x
to a goal. h is admissible iff Vo € X, h(x) < h*(z). A path
(xo, 21, ..., xn) With h(z;) = h*(z;), 0 <14 < nis optimal.

The LRTA* algorithm works as follows. From the cur-
rent state z, it performs lookahead at depth d, and updates
h(z) to the max {h(z), min [k(z,v) + h(v)]}, where v is
a frontier state and k(x, v) is the cost of going from z to v.
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Then, it moves to a state y, successor of x, with minimum
c(x,y) + h(y). This state become the current state and the
process iterates, until fi nding a goal state. This process is
caled a trial. If the fi nal heuristic estimates of a trial are
used to solve the same problem instance, LRTA* improves
its performance. Repeating this strategy, LRTA* eventually
convergesto optimal pathsif h isadmissible.

The LRTA* agorithm with lookahead at depth 1 (the case
considered in this paper) and converging to optimal paths
(with h admissible) appearsin Figure 1. Likein [Korf, 1990],
we assume the existence of Succ and hg functions, which
when applied to a state = generate its set of successors and
its initial heuristic estimate, respectively. Procedure LRTA*
initializes the heuristic estimate of every state using the func-
tion hg, and repeats the execution of LRTA*-tri al until
convergence (h does not change). At this point, an optimal
path has been found. Procedure LRTA*-tri al performsa
solving trial on the problem instance. It initializes the cur-
rent state x with the start s, and executes the following loop
until fi nding a goal. Firgt, it performs lookahead fromx at
depth 1, updating its heuristic estimate accordingly (call to
function LookaheadUpdat el). Second, it selects state y
of Succ(z) with minimum value of ¢(z,y) + h(y) as next
state (breaking ties randomly). Third, it executes an action
that passes from = to y. At this point, y is the new current
state and the loop iterates. Note that the heuristic estimators
computed in atrial are used asinitia valuesin the next trial.

Function LookaheadUpdat el performs lookahead
from x at depth 1, and updates i () if it islower than the min-
imum cost of moving from x to one of its successors y plus
its heuristic estimate h(y). It returns true if h(x) changes,
otherwise it returns false.

In a state space like the one assumed here (fi nite, positive
costs, fi nite heuristic estimates) where from every state there
isapath to agoa it has been proved that LRTA* is complete.
In addition, if h isadmissible, over repeated trials the heuris-
tic estimates eventually converge to their exact values along
every optimal path [Korf, 1990].

3 LRTA*(k)

LRTA* (k) is a LRTA*-based algorithm that propagates the
changes of heuristic estimates up to k states per iteration. Let
x bethe current state. After lookahead, LRTA* updates h(x).
If it changes, this change is propagated on Succ(z) with the
same strategy, lookahead plus update. Let y € Succ(z) be
a state that changes h(y). This change is again propagated
on Suce(y) and so on. This process would iterate until no
further changes, which could be very long and act on regions
quite far from the current state. To make it acceptable for
real-time search, we limit the updating capacity to & states
per iteration. This allows to make movements in bounded
time (up to & updates) [Koenig, 2001][Koenig, 2004] and to
limit actions to the vicinity [Shimbo and Ishida, 2003]. We
call this strategy bounded propagation.

If we limit bounded propagation to states already visited,
we can use the notion of support to avoid checking states that
will not change. State y is the support of A(x), written y =

supp(x), iff Yy = argminvGSucc(m)(c(x’U) + h(U)) If h(y)
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procedure LRTA* (X, A, ¢, s,G)
for each x € X do h(x) <« ho(x);
repeat

LRTA*-tri al (X, A,c,s,G);
until ~ does not change;

procedure LRTA*-tri al (X, A,c,s,G)
T «— S,
whilez ¢ G do
dummy <« LookaheadUpdat el(x); /* look+upt*/
Y — AGMINy, ¢ gyce(z) [c(x, w) + h(w)]; [* next state */
execut e(a € Asuchthat a = (z,y)); /* action exec */
T —y;

/* initidlization */

function LookaheadUpdat el(x): bool ean;
Yy — argminthSucc(x) [C(l', 'U) + h(’l))}, /* lookahead */
if h(z) < ¢(z,y) + h(y) then
h(z) — c(z,y) + h(y);
return true;
ese
return false;

Figure 1: The LRTA* agorithm.

changes, only those states = successors of y such that y is
their support could change. If z is a previously visited state,
z € Succ(y) but y # supp(z), no matter h(y) change h(z)
will not change because supp(z) is the state with minimum
value of ¢(z, w) + h(w) withw € Suce(z).

With these ideas, bounded propagation and the use of sup-
ports, we have devel oped three versions of LRTA* (k) that dif-
fer in the extra condition that a state, involved in the bounded
propagation process, must satisfy to be considered for updat-
ing. They are explained in the following.

3.1 Original Version

Theorigina version of LRTA* (k) [Hernandez and Meseguer,
2005], from now on LRTA%(k), limits heuristic updating to
states previoudly visited in the current trial. To do this, it
keeps the sequence of expanded statesin the current trial.
The LRTAj (k) algorithm appears in Figure 2. Procedure
LRTA* (k) performs heuristic initialization and executes
LRTA* (k) -trial until convergence (h does not change).
Procedure LRTA* (k) -t ri al differsfromLRTA*-tri al
in three points. it initializes the support of every state to
null, it records the sequence of expanded states in path, and
it executes LookaheadUpdat eK (that performs bounded
propagation) instead of LookaheadUpdat el. Procedure
LookaheadUpdat eK performs bounded propagation as
follows. It maintains a sequence ) of states candidates to
update their heuristic estimates. @ isinitialized with the cur-
rent state. At mogst, £ states will be entered in Q. Thisis
controlled by the counter cont, initialized to & — 1. Then,
the following loop is executed until ) contains no states.
The fi rst statev in @Q is extracted, from which lookahead is
performed and it is updated accordingly. If h(v) changes
(LookaheadUpdat el returns true), this is propagated
over its successors as follows. Any w successor of v that be-
longsto path enters @ in thelast position, provided that there
isstill roomin @ (thelimit of & states has not been exhausted
during the current execution of the procedure). If h(v) does
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procedure LRTA* (k) (X, A, ¢,s,G, k)
for each z € X do h(zx) «—
repeat

LRTA* (k) -trial (X, A, ¢ s,G,k);
until h does not change;

procedure LRTA* (K) -trial (X, A, ¢, s,G,k)

for each x € X do supp(x) < null;

x «— S,

path «— (s);

whilez ¢ G do
LookaheadUpdat eK(z, k, path);
Y — argminwESucc(cc) [C($, ’LU) + h(’U.))],
execut e(a € Asuchthat a = (z,y));
path — add- | ast (path,y);
T — vy,

procedure LookaheadUpdat eK(z, k, path)

Q — (z);
cont — k —1;
while Q # 0 do

v<«—extract-first(Q);

if LookaheadUpdat el (v) then

for each w € Succ(v) do
if w € path A cont > 0 A v = supp(w) then
Q <— add- | ast (@, w);

cont «— cont — 1,

hol?,

function LookaheadUpdat el(x): bool ean;
Y — argmin'UGSucc(a:) [C(iﬂ, 'U) + h(’l})],
supp(z) < y;
if h(z) < c(z,y) + h(y) then
h(z) — c(z,y) + h(y);
return true;
else
return false;

Figure 2: LRTA((k): Original LRTA* (k) algorithm.

not change, the loop iterates processing the next state of Q.
After bounded propagation / remains admissible (Lemma 2
of [Edelkamp and Eckerle, 1997]). Therefore, convergence of
LRTA* (k) to optimal paths is guaranteed, because Theorem
3 of [Korf, 1990] is also valid for LRTA* (k).

3.2 First Version

The next version of LRTA*(k), that we call LRTAT(k), lim-
its heuristic updating to states already visited in the current or
previoustrials. To do this, it keeps the sequence of expanded
states of the current or previous trials. We also maintain the
table of supports between trials, because they are valid sup-
ports for visited states.

This version increases the effect of propagation after the
first trial. From the second trial on, the agent have a higher
possibility of making updates, because there are statesin path
from the fi rst step.

The LRTA7 (k) agorithm appears in Figure 3. Differences
with LRTA (k) are located in procedure LRTA* (k) , which
initializes the table of supports and path at the very begin-
ning, instead of being initialized at each trial (aswas made by
procedure LRTA* (k) -tri al intheorigina version).
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procedure LRTA* (k) (X, A, c,s,G, k)
for each x € X do
h(z) < ho(z);
supp(z) — null;
path «— (s);
repeat
LRTA*(k)-trial (X,A,¢s,G,k),
until ~ does not change;
procedure LRTA* (k) -trial (X, A,c,s,G, k)
T «— S,
whilez ¢ G do
LookaheadUpdat eK(z, k, path);
Yy — argminwESucc(z)[c(xv w) + h(w)]:
execut e(a € Asuchthat a = (z,y));
path «— add- | ast (path, y);
Ty,

Figure 3: LRTA? (k): First version of LRTA* (k). Only pro-
cedures that change with respect to LRTA (k) are shown.

3.3 Second Version

In the second version of LRTA*(k), we give up the condi-
tion of updating on previously expanded states only. If z is
the current state and i (z) changes, this change can be propa-
gated to any state y € Succ(x). We call this second version
LRTA%(k), and the algorithm appearsin Figure 4.

Variable path isnolonger needed. Supportsare defi ned for
states previoudly visited. Now, since any state (visited or not)
can be updated, the use of supports hasto be limited to visited
states. Thisisdonein the procedure LookaheadUpdat eK,
which differentiates between successors with support (vis-

procedure LRTA* (k) (X, A, c,s,G, k)
for each x € X do
h(z) < ho(x);
supp(z) — null;
repeat
LRTA*(k)-trial (X,A,c¢,s, G, k),
until ~ does not change;

procedure LRTA* (k) -trial (X, A, c,s,G,k)
T «— S;
whilez ¢ G do
LookaheadUpdat eK(z, k, path);
Y — argminweSucc(m)[C(m> U)) + h(w)];
execut e(a € Asuchthat a = (z,y));
T <,

procedure LookaheadUpdat eK(z, k, path)

Q « (z);
cont — k —1;
while @ # 0 do

v—extract-first(Q);

if LookaheadUpdat e1(v) then

for each w € Succ(v) do
if cont > 0 A (supp(w) = v V supp(w) = null) then
Q < add- | ast (Q,w);

cont «— cont — 1;

Figure 4: LRTA3(k): Second version of LRTA*(k). Only
procedures that change with respect to LRTA (k) are shown.
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ited) and without (not visited). A visited successor is entered
in @ if it is support of the state currently processed. A non
visited successor is aways entered in Q.

4 Experimental Results

In this Section we compare the performance of the three
LRTA* (k) versions in the fi rst trial, convergence and stabil-
ity, for different values of k. The experimental analysis is
centered in the comparison of the three versions, although we
include results for RTA* and FALCONS for reference pur-
poses . As benchmarks we use four-connected grids where
an agent can move one cell north, south, east or west, plusthe
popular 8-puzzle.
We use the following grids as benchmarks:

1. Grid35. Gridsof size 301 x 301 with a35% of obstacles
placed randomly. In thistype of grid heuristics tend to
be only dlightly misleading.

2. Grid70. Grids of size 301 x 301 with a 70% obstacles
placed randomly. In this type of grid heuristics could be
misleading.

3. Maze. Acyclic mazes of size 181 x 181 whose corridor
structure was generated with depth-fi rst search. In this
type of grid heuristics could be very misleading.

In each case, results are averaged over 1000 different in-
stances. In grids of size 301 x 301 the start and goal state
are chosen randomly with the restriction that there is a path
from the start state to the goal state. In mazes, the start state
is(0,0), and the goal stateis(180,180). In 8-puzzle, theinitial
state was chosen randomly. Asinitial heuristic between two
states in four-connected grids we use the M anhattan distance.
Asinitial heuristic in 8-puzzle we use the Manhattan distance
defi ned asthe sum, for al tiles, of their horizontal and vertical
distances from their respective goal positions.

Results for Grid35, Grid70, Maze and 8-puzzle appear in
Tablel, Table 2, Table 3 and Table 4, respectively. Theresults
are presented in terms of solution cost (x10?) , number of
expanded states or memory (x 10%) and time per step (x 106
seconds), for the fi rst trial, convergence (with the number of
trials x 103 to converge), and stability indexes [Shimbo and
Ishida, 2003].

Regarding the first trial, there is no difference between
LRTA} (k) and LRTAS(k), since they perform the same ex-
ecution (differences between them appear from the second
trial on). Comparing with LRTA%(k), in terms of cost this
version improves over the previous ones for high & (k = 500
in Grid35, k£ = oo in Grid70, k = oo in 8-puzzle), although
it exhibits worse performance for small k. LRTA%(k) al-
ways requires more memory and longer planning steps than
LRTAS(k)ILRTAS (k).

Regarding convergence, in the grid benchmarks we
observe that LRTAj(k) (almost) always improves over
LRTA§ (k) in number of trials. This improvement is minor
with small &, and becomes substantial with large k. The same

!In [Hernandez and Meseguer, 2005], it can be found an analysis
of LRTA™ (k) performance compared with RTA* and FALCONS.
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effect can be observed in the total solution cost. This im-
provement does not always causes a higher memory usage,
but it requires longer planning steps (moderate increments
for small &, substantial increments for large k). In the 8-
puzzle, LRTA% (k) moderately improves over LRTA (k) in
terms of trials and cost, requiring a slightly longer planning
step. Considering LRTAZ (k), both gridworlds and 8-puzzle,
it get worse than LRTA; (k) for small £ and only for large
k it achieves some improvement. LRTAZ (k) aways requires
more memory and the planning step becomes longer (very
long with high £).

Regarding solution stability, we computed theindices | AE,
ISE, ITAE, ITSE, and SOD [Shimbo and Ishida, 2003]. IAE
provides the sum of the error in the convergence. |ISE pro-
vides the square of the sum of the error in the convergence,
it penalizes large overshoots. ITAE and ITSE are two time-
weighted versionsof |AE and | SE, that impose large penalties
on sustained errors. SOD sums up the difference in solution
costs between two consecutive trials when the solution wors-
ens. If SOD isequal to 0 convergence is monotonic.

In Grid35, LRTAZ (k) shows better stability indexes than
LRTA} (k) and LRTA3 (k). In Grid70, LRTAZ (k) is better
than LRTA}(k) and LRTA3(k) only in SOD index for all
values of k. For the other indexes there is no clear winner.
Something similar happens in Maze, where there is no clear
winner (except for £ = oo, where the winner is LRTA%(k)).
In 8-puzzle, results are very close. LRTAj (k) has the best
results by a small margin.

In summary, we observe that for the four benchmarks
tested, LRTA7(k) improves consistently over LRTAf(k),
at the extra cost of more memory (in some cases) and a
moderate-to-substantial increment in the planning step time.
LRTAj (k) performance tends to decrease with small %, get-
ting some moderate gains with a very high &, but it requires
much longer planning steps. We consider that its benefi ts are
small compared with the extra cost in planning time. There-
fore, LRTA7 (k) seemsto be the algorithm of choice for these
benchmarks. Other domains may require further experimen-
tation.

5 Reated Work

In his seminal work, Korf proposed LRTA* and RTA* (an
algorithm with a different updating strategy, able to fi nd bet-
ter solutionsin thefi rst trial but without converging to optimal
routes) [Korf, 1990]. After that, several approaches have been
made to to improve LRTA* on the quality of the fi rst solu-
tion, convergence and stability. LCM [Pemberton and Korf,
1992] keeps expanded states locally consistent (a State z is
locally consistent iff h(z) = min,csyce(z)[c(x, v) + h(v)]),
by propagating changes in the heuristic estimates. HLRTA*
[Thorpe, 1994] is a hybrid between RTA* and LRTA*. It
fi nds better solutions than LRTA* in the fi rst trial and con-
verges to optimal paths. As RTA*, it avoids the ping-pong
effect [Edelkamp and Eckerle, 1997] but requires more mem-
ory. The weighted and bounded versions of LRTA* [Shimbo
and Ishida, 2003] speed up convergence and improve solu-
tion stability, but sacrifi ce optimality. FALCONS[Furcy and
Koenig, 2000] accelerates convergence and keeps optimality
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Grid35

LRTA(F)
k Cost% Memory% Time/Step% Cost% Trials% Memory% Time/Step% IAE ISE ITAE ITSE SOD
68.7=100% 4.8=100% 0.34=100% 6493.8=100% 2.5=100% 44.9=100% 0.36=100% x10° x10° x 108 x 1011 x10°
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 52 56.5 38.1 130.9 15.9
6 24% 72% 202% 48% 63% 89% 163% 23 10.6 11.7 26.3 6.8
15 17% 76% 263% 36% 48% 100% 189% 17 7.6 6.5 14.2 51
500 15% 120% 579% 26% 42% 133% 216% 12 4.3 3.9 6.5 3.6
o 14% 126% 782% 25% 42% 136% 223% 11 3.7 3.8 6.2 34

LRTAT (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 52 56.5 38.1 130.9 15.9
6 24% 2% 202% 46% 67% 100% 182% 22 9.3 11.7 245 6.5
15 17% 76% 263% 28% 41% 100% 231% 13 51 4.4 838 39
500 15% 120% 579% 5% 6% 100% 685% 0.3 13 0.1 03 0.8
o 14% 126% 782% 1.3% 1.2% 93% 2220% 0.07 0.5 0.006 0.02 0.2

LRTAZ (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 52 56.5 38.1 130.9 15.9
6 30% 112% 191% 52% 76% 153% 170% 24 10.7 14.6 305 73
15 20% 117% 256% 32% 47% 154% 222% 15 6.5 5.7 118 4.5
500 9% 181% 894% 6% 8% 153% 736% 11 37 38 6.2 34
o % 206% 1762% 0.7% 0.9% 145% 4306% 0.3 11 0.2 0.4 0.9
RTA* 45% 66% 91% - - - - - - - - -
FALCONS 1402% 183% 126% 62% 26% 245% 122% 37 3898.1 6.3 88.3 10.6

Table 1: Grid35 resultsfor thefi rst tria (Ieft), convergence (middle) and stability (right) for LRTAS (k), LRTAS (k) and LRTA% (k). Average
over 1000 instances.

Grid/70

LRTAZ (F)
k Cost% Memory% Time/Step% Cost% Trials% Memory% Time/Step% | IAE ISE ITAE ITSE SOD
146.3=100% 1.4=100% 0.34=100% 790.0=100% 0.3=100% 1.6=100% 0.37=100% %103 %108 x10% x107 X102
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 509.1 242277 2029.2 9145.2 11748
6 34% 99% 182% 44% 57% 100% 148% 1884 29314 702.6 1265.5 592.0
15 18% 100% 240% 2% 37% 103% 179% 112.9 950.8 3017 501.4 379.7
500 4% 104% 769% 10% 17% 107% 302% 26.5 75.2 25.0 26.8 65.3
oo 2% 108% 5236% 2% 5% 111% 906% 4.0 59 2.7 11 5.8

LRTA; (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 509.1 242277 2029.2 9145.2 11748
6 34% 99% 182% 45% 56% 100% 158% 200.0 3110.0 600.0 1520.0 533.0
15 18% 100% 240% 26% 33% 100% 195% 100.0 1110.0 2310 501.0 327.0
500 4% 104% 769% 4% 6% 100% 557% 20.0 64.0 8.1 16.4 512
oo 2% 108% 5236% 0.8% 1.2% 100% 2715% 2.0 4.7 0.3 0.5 0.2

LRTAS (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 509.1 242277 2029.2 9145.2 11748
6 42% 178% 184% 53% 67% 185% 157% 2311 4480.0 791.6 2070.5 618.0
15 25% 178% 247% 32% 41% 187% 199% 139.5 1670.8 333.2 7321 383.8
500 4% 182% 882% 5% % 187% 646% 224 88.8 11.4 234 64.7
co 1.1% 175% 4279%% 0.7% 1.2% 186% 3666% 1.6 17 0.2 0.2 0.4
RTA* 29% 101% 97% - - - - - - - - -
FALCONS 53% 103% 105% 81% 55% 104% 103% 480.9 17268.5 4088.3 46665.2 12445

Table 2: Grid70 resultsfor thefi rst tria (eft), convergence (middie) and stability (right) for LRTAS (k), LRTAS (k) and LRTA% (k). Average
over 1000 instances.

Maze

LRTAG (k)
k Cost% Memory% Time/Step% Cost% Trials% Memory% Time/Step% IAE ISE ITAE ITSE SOD
588.0=100% 8.2=100% 0.35=100% | 27767.1=100%  15=100%  13.8=100% 0.35=100% | x10° x10°  x10° x1010  x10%
T(LRTA") 100% 100% 100% 100% 100% 100% 100% 2216 53383 60521 1202971 13311
6 29% 92% 186% 39% 48% 120% 169% 82,0 4038  2109.0 4490.6 4124
15 16% 89% 252% 23% 24% 128% 232% 50.7 2003 659.2 12429 188.8
500 4% 89% 1116% 5% 7% 120% 663% 9.6 284 3438 66.6 486
) 2% 90% 8513% 2% 6% 116% 1792% 15 16 42 16 7.0

LRTAI(k)
T(LRTA") 100% 100% 100% 100% 100% 100% 100% 2216 53383 60521 1202971 13311
6 29% 92% 186% 41% 47% 107% 180% 873 11000  1580.0 15000.0 5310
15 16% 89% 252% 23% 25% 111% 237% 505 485.0 556.0 4010.0 301.8
500 4% 89% 1116% 4% 3% 112% 881% 80 431 14.3 57.6 026
) 2% 90% 8513% 0.1% 0.2% 112% 20541% 0.3 0.4 0.05 0.08 11

LRTAZ (k)
T(LRTA") 100% 100% 100% 100% 100% 100% 100% 2216 53383 60521 1202971 13311
6 53% 198% 190% 52% 65% 199% 176% 1070 14600 27200 27600.0 671.0
15 36% 201% 259% 31% 35% 199% 238% 66.8 7360 10100 8260.0 4020
500 % 211% 1082% 5% 5% 200% 998% 104 60.7 24.4 106.0 543
) 2% 198% 13662% 0.1% 0.2% 212% 28549% 0.2 03 0.05 0.06 08
RTA*® % 88% 96% - - - - - - - - -
FALCONS 15% 129% 106% 78% 50% 134% 105% 189.4 11362 70726 436956 680.8

Table 3: Maze results for the fi rst trial (l€ft), convergence (middle) and stability (right) for LRTA; (k), LRTAT (k) and LRTA3 (k). Average
over 1000 instances.
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8-puzzle

LRTA; ()
k Cost% Memory% Time/Step% Cost% Trials% Memory% Time/Step% | IAE ISE ITAE ITSE SOD
0.361=100% 0.208=100% 0.57=100% 87.1=100% 0.272=100% 33.8=100% 0.53=100% x10% x107 x107 x10° x10%
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 8.0 47 18 9.2 43
4 61% 93% 101% 55% 81% 84% 104% 43 16 0.8 2.7 24
16 66% 102% 102% 43% 62% 71% 105% 33 13 05 17 18
32 65% 101% 105% 43% 62% 71% 105% 33 13 0.5 16 17
128 63% 98% 104% 43% 62% 2% 105% 33 13 0.5 16 17
co 68% 106% 102% 43% 62% 2% 105% 33 1.3 0.5 1.7 1.7

LRTAT (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100% 100% 8.0 47 18 9.2 43
4 61% 93% 101% 57% 85% 89% 104% 4.4 17 0.9 29 25
16 66% 102% 102% 39% 54% 7% 107% 31 13 04 15 17
32 65% 101% 105% 38% 51% 76% 108% 30 13 04 14 16
128 63% 98% 104% 38% 50% 5% 109% 3.0 12 04 14 15
oo 68% 106% 102% 38% 50% 75% 109% 3.0 12 0.3 1.4 15

LRTAL (k)
1 (LRTA*) 100% 100% 100% 100% 100% 100 100% 8.0 4.7 18 9.2 43
4 78% 127% 104% 58% 86% 92% 105% 4.4 17 09 28 25
16 62% 193% 115% 36% 62% 103% 113% 27 0.9 04 11 15
32 63% 266% 116% 30% 55% 111% 118% 23 0.7 0.3 0.7 12
128 62% 325% 123% 26% 49% 124% 126% 19 0.6 0.2 0.5 1.0
o 60% 317% 123% 26% 48% 127% 128% 19 0.6 0.2 0.5 1.0
RTA* 63% 97% 99% - - - - - - - - -
FALCONS 250% 258% 102% 41% 30% 48% 103% 34 3.4 2.8 1.9 1.6

Table 4: 8-puzzleresultsfor thefi rsttrial (Ieft), convergence (middle) and stability (right) for LRTAS (k), LRTA (k) and LRTA (k). Average

over 1000 instances.

by using g(x) + h(x) as heuristic function, where g(z) is
the cost from the start state to . FALCONS improves con-
vergence but it may perform a large amount of exploration
in earlier trials. eFALCONS [Furcy and Koenig, 2001] is
a hybrid between HLRTA* and FALCONS. It converges as
FALCONS, performing a smaller amount of actions in ear-
lier trias, although it may be greater than LRTA*. A new
version of LRTA* [Koenig, 2004] improves convergence by
increasing lookahead depth, causing to increase the planning
time per step.y—Trap [Bulitko, 2004] uses adaptive looka-
head depth and offers control on the exploration vs. exploita-
tion trade-off, but sacrifi ces optimality. Other approaches
consider search with moving target [Ishida and Korf, 1991]
and (]:ooperative agents [Knight, 1993], [Goldenberg et al.,
2003].

The idea that motivated LRTA* (k), bounded propagation
of changes in heuristic estimates, is clearly related with the
LCM algorithm, which performs an unbounded propagation
of those changes. Infact, LCM can beseenasan LRTAf(k =
oo) without using supports. In addition, LCM is able to
switch to a shortest path approach in case unbounded prop-
agation exceeds some limit of updates (see [Pemberton and
Korf, 1992] for further details).

6 Conclusions

LRTA* (k) is a real-time search algorithm that converges to
optimal routes. Based on LRTA*, it performs bounded propa-
gation of heuristic changesup to & states, which causeslonger
planning steps. Experimentally, LRTA* (k) shows a substan-
tial performance improvement with respect to LRTA* and
FALCONS, in terms of fi rst trial, convergence and solution
stability. Improvements depend on the & value: the higher &,
the better results at the cost of longer planning steps.

We have presented three versions of LRTA*(k), that dif-
fer in the extra condition for a state to be considered for up-
dating. LRTA}(k) limits heuristic updating to states previ-
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oudly visited in the current trial, LRTAj (k) to states previ-
oudly visited in the current or previous trials, and LRTAj (k)
reguires no extra condition. Experimentally, we show that
LRTA; (k) solves benchmarks better than LRTAf(k), at the
cost of longer planning steps. When comparing LRTA} (k)
against LRTAj(k), the former does not solve benchmarks
better than the later, although LRTA% (k) always uses more
memory and time per planning step. We think these versions
could be very useful for applications with different require-
ments on the time available between execution of consecutive
actions.
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Abstract

Task allocation is the process of assign-
ing tasks to appropriate resources. To
achieve scalability, it is common to use
a network of agents (also called media-
tors) that handles task allocation. This
work proposes a novel multi-level policy
gradient algorithm to solve the local de-
cision problem at each mediator agent.
The higher level policy stochastically
chooses a task decomposition. The lower
level policy assigns subtasks to neigh-
boring agents also stochastically. Agents
learn autonomously, cooperatively, and
concurrently to increase system perfor-
mance. No state information is used ex-
cept for the task being allocated. Fur-
thermore, the algorithm dynamically ad-
justs the learning rate, to speed up con-
vergence, using the ratio of action val-
ues. Experimental results show how our
proposed solution outperforms other de-
terministic approaches by balancing the
load over resources and converging faster
to better policies.

1 Introduction

Task allocation is the process of assigning tasks to appro-
priate resources. The problem appears in many real appli-
cations like the Grid, web services, sensor nets and other
domains[Czajkowski and et al, 2001]. Consider the web ser-
vices as an example. In that domain there are servers dis-
tributed over the web. Each server provides a set of services
for applications. Users may appear anywhere in the web ask-
ing for a composition of services (also called a task) that re-
quires more than one server. Any server can work on more
than one task at a time. However, the cost of executing a task
increases in proportion to the total number of tasks being ser-
viced by the server. Since users usually do not know where
servers are, a network of agents (also called mediators) that
know about different servers is used. Such agents take re-
quests from users and reply to users with the appropriate set
of servers.

76

This work illustrates how agents in such a network can
learn to work cooperatively in order to optimize the task al-
location problem. In particular, this work proposes a novel
multi-level policy gradient algorithm to optimize the local de-
cision of each agent in the network. The higher level policy
stochastically chooses a task decomposition. The lower level
policy stochastically assigns subtasks to neighboring agents.
Agents learn autonomously, cooperatively, and concurrently
to minimize the cost of executing tasks. The algorithm does
not use any state information except the type of the task be-
ing allocated and estimates of the cost for assigning task types
to neighbors. Furthermore, to speed up convergence, our pro-
posed algorithm dynamically changes the learning rate in pro-
portion to the cost of choosing an action (whether this action
is choosing a decomposition or assigning a task to a neigh-
bor).

Two factors make the problem both interesting and chal-
lenging: the limited local view of each agent and the need
for load balancing. In large distributed systems, having a
global view of the system’s state is impossible from practi-
cal point of view. Agents usually rely on their limited local
view and use communication to augment this view. This is
a trade-off between optimality and scalability. In our sys-
tem, the only a priori knowledge known by an agent (as will
be described shortly) is the addresses of its direct neighbors.
Furthermore, agents do not communicate their states, but rely
solely on the statistical outcomes of interacting with neigh-
boring agents. In other words, agent A’s knowledge about its
neighbor agent B is summarized via a statistical average of
previous outcomes when A tried assigning a task to B.

What makes load balancing needed in many real systems
is the nonlinear increase of task execution cost with respect
to the increase in load. Cost here is a signal of the system’s
performance. For example, cost may increase due to an in-
crease in task waiting time to indicate a reduction in users’
satisfaction. Therefore, in real systems, it is almost always
better to divide the load as fairly as possible among servers
and resources. The algorithm presented in this paper aims
at balancing the load over servers/resources. Experimental
results show how our algorithm significantly outperforms de-
terministic approaches that ignore load balancing.

The paper is organized as follows. The rest of this section
presents a motivating example. Then a formal problem def-
inition is presented, followed by a description of local agent
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decision problem. Next a description of our algorithm that
optimizes the local agent decision is given. Experimental re-
sults are then presented and discussed, showing how our al-
gorithm outperforms other deterministic approaches. Then a
discussion of related work is given. We finally conclude and
lay out our future directions.

1.1 Motivating Example

To get a better insight into the complexity of the decision
making of each agent, consider the example in Figure 1. This
system consists of three agents, M A, M D, and M F. Each
agent is connected to two resources. There are two main types
of resources, A and B. Resource A; is of type A and can
undertake only task type T'A. Similarly, resource B; is of
type B and can only undertake task type 7'B. Resources A
and By are of types A and B respectively but they are fast
resources that need half the time of other resources to fin-
ish their tasks. Task T'AB is a more complex task that has
three alternative decompositions: {T'A, T A}, {T'B,TB} and
{T' A, TB}. However, only agent M D knows how to decom-
pose task T AB.

Suppose agent M A receives many tasks of type T'A. If
M A always chooses Al to assign T'A to (i.e. determinis-
tic policy), then A1 will be overloaded and its cost rapidly
increases. After several trials, M A will not see A1 as ap-
pealing and will switch its policy to another neighbor. As the
other neighbor gets overloaded M A will switch again and so
on. This means that M A will not converge on a determinis-
tic policy and will keep oscillating after spikes of high costs
due to overloading. One would expect a stochastic policy,
where M A chooses each neighbor with a certain probability,
would perform better. Similarly, suppose agent M D receives
a task of type TAB. M D then needs to choose among the
three possible decompositions of T'AB. Each decomposition
imposes certain load patterns on the system. For example,
always choosing the decomposition {T'A, T B} means there
will be equal load on both resource types A and B.

Task TAB QO resource
MD
D(AB)={TA,TA} agent
MA OR {TB,TB} D
OR {TA,TB}
® -

Task TAB

&)

Figure 1: A network of agents that are responsible for assigning
resources to incoming tasks.

2 Problem Definition

Let ' = {T1,..., 7|7} be the set of task types. Different
instances of tasks types appear randomly at different agents.
Each task instance I; is defined by an arrival time ¢, a task
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type Ty, € T, and a payoff O;,. A decomposition function
D(T;) = {ds, ...,d|p(r,)| } associates with each task a set of
decompositions, where d; C T (hence D(T;) provides alter-
native ways to do task 7;). The system has a set of resources
R = {Ri,...,R|p}. A resource R; can undertake a set of
task types Hg, C T. V1I; € Hpg, : Fg,(T;) > 0 is the time
resource R; needs to finish a task of type 7. The cost of ex-
ecuting a task 7; at resource R; at time ¢ is C*(T}, R;). The
cost is time-dependent because it depends on the total load
on resource R; at that time. The goal is to optimize the al-
location of tasks to appropriate resources such that net profit
(which is payoff reduced by total cost) over period of time
A is maximized. More formally, the global system goal is to
maximize the objective function I" defined as follows.

I'= > 0/— Y CYT,R)

IitreA (Ti,R;)EA

where A = {ai,...,a)4} is a set of task-resource assign-
ments, where a; = (T}, R;). However, because there is not
any centralized entity that has a global view of the whole sys-
tem, evaluating and optimizing I" is practically impossible.
Instead, one needs a local objective function I',,, that each
agent M, attempts to optimize. Let M = {M, ..., My}
be the set of agents interconnecting the set of resources R.
Each agent M, has a set of neighbors N(M,) € M U R.
Each agent knows of a set of decompositions D, , where
D, (T;) € D(T;). The goal of each agent M, is to allo-
cate incoming task instance I = (¢;, Ty, O;) to neighboring
agents such that "5z, (I) is maximized, where

T, (I) = O — > C' (Ti,nj)

(Ting)€AM, (I,d)

where Ay, (I,d) = {a : ar, = (T;,n;)} is a set of task-
neighbor assignments, where n;, € N(M,) and T; € d €
Dy, (T7). C'(T;,n;) is the cost of assigning task T; to
neighbor n;. In other words, agent M; needs to find both
a decomposition d and an assignment of neighbors to each
of the subtask types in d such that the total estimated cost of
executing I is maximized (note that cost is negative). The
cost C*1(T;,n;) is only an estimation because it depends on
how agent n; will conduct the allocation of 7;. For exam-
ple, if n; is still learning then it is likely that the cost will
be higher than the real cost (e.g. because n; is allocating 7
poorly). As agents interact with each other, one would hope
that the local agent policies converge to good (if not optimal)
collective policy. Therefore, the local objective function at
each agent I';, only approximates the global objective func-
tion I". However, as the results in this paper show, using our
algorithm agents successfully converge and learn cooperate
in allocating tasks. The following section presents our algo-
rithm

3 Multi-level policy gradient algorithm

An agent, in a task allocation framework, makes its decision
in a two-step process. First, it chooses a decomposition from
the set of alternative decompositions. Then for each sub-
task in the chosen decomposition the agent chooses one of
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its neighbors to assign. Formally, each agent needs to learn
two policies: mpign(Ti, d;) and myow (Ti,15). Thign(Ti, d;)
is the probability of choosing decomposition d; € D(T;),
while 0., (T3, ;) is the probability of choosing neighbor 7
to assign to task 7;. Any of the two policies (or both) can be
deterministic (e.g. V1;3n; : w(T;,n;) = 1). However, one
would expect deterministic policies to be suboptimal as they
can not balance the load as well as stochastic policies.

While 7., could have been conditioned on the chosen
composition (i.e. wﬁjﬁw(Ti,nj), where d,, is the chosen de-
composition by m;45) We opted to make both 7,41, and 76,
independent. This speeds up learning, because a single ;4.
is shared across decompositions and across tasks, but is not
always optimal. For example, consider again the scenario in
Figure 1. Let agent M A receives task T'AB and assume M A
can decompose TAB to {T'A, T A}. Now the cost of assign-
ing one task T'A to A1 is not independent of the decomposi-
tion. The cost depends on how the other task is assigned (if
both are assigned to the same agent then the cost should be
higher). Nevertheless, in most cases this is a valid approxi-
mation as verified by our results.

Agents communicate with each other using messages.
There are only two types of messages: REQUEST and RE-
SPONSE. A agent Menger Sends a REQUEST message
to agent Meceiver asKing it to accomplish certain task.
M, cceiver €Stimates the cost for accomplishing the requested
task (as will be described shortly) and sends a RESPONSE
message, with the estimated cost, back to M qe-. There-
fore, the operation of each agent is driven by received mes-
sages (i.e. event driven) and is divided into two algorithms for
processing each message type. Algorithm 1 is where decision
making occurs (deciding how to decompose a task and assign
subtasks) while Algorithm 2 is where learning takes place.

Algorithm 1: Process REQUEST message
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Algorithm 2: Process RESPONSE message
Input: RESPONSE from neighbor n; regarding task 7’; with

estimated cost C
2.1 begin
22 Letn* = argmaxn,;C(T;,n;).
23 update the cost C (T, n;) «— (1 — a)C(Ti,n;) + aC.
24 update policy (either deterministically or stochastically as
described shortly)
25 end

neighbor. This negative value can be learned using a simple
update equation derived from Q-routing [Boyan and Littman,
1994] C(Tl,n]) — (1 — a)C(Ti,nj) + aC"ew(Ti,nj).
The equation merges previous cost estimate, C(75, n;) , with
a newly received cost estimate, C"“* (T}, n;), using a weight
parameter c.

Updating policies m;,,, and ;4 can be done either de-
terministically using Q-routing-based [Boyan and Littman,
1994] approach or stochastically using policy gradient ap-
proach. Algorithm 3 shows the deterministic approach while
Algorithm 4 shows the policy gradient approach. Experimen-
tal results compares both extremes and hybrids of them.

Algorithm 3: Deterministic Policy Update

Input: task T;
3.1 begin
32 VY : Tow(Ti, ny) — 1iff ny = argmaziCr,, (1)
33 otherwise ;0. (Ti, n]‘) —0
34 VTl,dj st. T; Ed]‘ ande ED(Tl):ﬂ'high(Tl,dj)Hl
iff d; = argmaxy, ZTuedk MaZLmCh,, (Tu)
35 otherwise mpign (11, d;j) <— 0
36 end

11 begin

12 Choose a decomposition d* uniformly at random
proportiona to mrign (T3, d;), Vd; € D(T3).

13 for each task T}, € d* choose aneighbor n; uniformly at
random proportional to miow (T, n1),
Vn; € N(Mreceiver)- Let A = {al, ceny a‘d*‘} bethe
chosen set of assignments for each subtask of d*, where
ak = <Tak7nak>'

14 Send a RESPONSE message to Msender With the
estimated cost of A, C'r; = 327, . yea C(Tis15).

15 Send REQUEST messages to neighbors according to A.

16 end

3.1 Learning

Learning a stochastic policy is usually slower and more diffi-
cult than learning a deterministic policy (Q-learning [Sutton
and Barto, 1999] is a well known and understood learning al-
gorithm for deterministic policies). Learning a stochastic pol-
icy usually involves some sort of policy gradient algorithms
as described in Algorithm 2. The main unknown variable for
each agent is the cost of assigning a certain task type to a

78

Algorithm 4: Policy Gradient Update
Input: task 75 and neighbor n;

41 begin
4.2 Wlow(Ti,’rLj) <—7’l’low(Ti,TLj)+(5iff
n; = argmaziChn, (T;)
4.3 otherwisemow(Ti, nj) — W(Ti, nj) -0
44 normalize mo, St. 3, (i, n;) =1
45 VT, d; st. d; € D(Tk) andT; € d :
Trhigh(Tk7 dl) “— Whigh(Tky dl) +4if d; isthe best
decomposition for Ty,
4.7 otherwisewhigh (Tk, dl) — 7'l'(Tk7 dl) -0
48 normalize mp;gn St. Zdj w(Ti,d;) =1
49 end

The policy gradient algorithm above uses a fixed learning
rate 5. The smaller ¢ is the more careful our algorithm ex-
plores the policy space, and hence the more likely it will
converge to an optimal policy. However, the smaller the
o0 is the slower the convergence. In this work we propose
using dynamic learning rates that are derived from learned
costs. The use of different learning rate of an agent de-
pending on the agent’s performance has been proposed be-
fore [Michael Bowling, 2002]. However, previous work
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only used two fixed values of learning rates. We propose
taking advantage of the consistency of the cost estimates
(all are non positives) and scales § accordingly. In par-
ticular, line 4.7 is modified to “otherwise mpign(Tk, di) —

C(Tyd ” - .
m(Tg, dy) — 6#@’:%) , Where C.(.Tk,du) is the_ maxi-
mum cost of allocating T, if decomposition d,, € T, is cho-
sen; i.e. C(Tg,dy) = ZTied max,,;C(T;,n;). To prevent

spikes in learning rate, especially in the beginning of learning,
the learning rate is not allowed to surpass a threshold §,,,....

3.2 Cycles

Like any routing algorithm, it is possible to have cyclic poli-
cies. For example, two neighboring agents may send the same
task back and forth between each other. Such a policy is un-
desirable as it wastes system resources without getting any
real work done. This problem has two aspects. The first is
detecting such a cycle. The second is choosing an appropri-
ate reinforcement signal to penalize such behavior.

There are two known methods to detect cycles. The first
method assigns a unique identifier for each task. Each agent
then keeps track of task identifiers it had seen. A cycle is
detected once a task identifier is seen twice. Two problems
make this approach unappealing: ensuring the uniqueness of
task identifiers across the distributed network and deciding
for how long to keep task identifiers. A simpler yet approx-
imate approach is to use the age of a task to detect a cycle.
If a task has been floating in the system for too long, then
it is likely that there is a cycle. What makes this approach
approximate is defining the maximum age. Optimally, max-
imum age should be the diameter of the network. However,
in an open and dynamic system, it is unlikely that any agent
would know the diameter of the network. We use the second
approach in our experiments.

Once a cycle is detected at an agent, the system faces the
credit assignment problem: determining who is/are responsi-
ble and penalizing them. Several factors make this problem
difficult: use of stochastic policies, partial observability, and
using task age for detecting cycles. All these factors add un-
certainty to determining who is/are responsible for the cycle.
For example, the agent that received an old task may not even
be part of the cycle. The work in [Tao et al., 2001] used a
global penalty signal (i.e. all agents are penalized once a cy-
cle is detected). Their approach does not scale to a large open
system. Our work on the other hand uses a local penalty:
the agent who received a too old task sends a high nega-
tive penalty to the sender of that task. Experimental results
show the effectiveness of this approach in conjunction with
our learning algorithm.

4 Experimental Results

The first part of our results evaluate the performance using
the example scenario in Figure 1. This helps in getting better
understanding of how our approach works. The second part
evaluates the scalability of the approach using the scenario
in Figure 2. Both parts aim at evaluating the benefit of both
multi-leveled policies and the dynamic learning rate.

For the small scenario in Figure 1, in each time step a
task of type T'AB appear at agent M F' with probability 0.5

79

V. Bulitko & S. Koenig (eds.)

and at agent M A with probability 0.5. Agent M D, the only
agent who knows how to decompose T'A B, does not receive
any task directly. The cost of any task at a resource R is
—10 x load(R)?, where load(R) is the number of tasks cur-
rently being serviced at resource R. When a resource fails to
accomplish a task (e.g. when a resource of type A is assigned
a task of type T'B), a penalty of -10000 is imposed as a cost.
A task also fails if it reaches age 10 time units. The cost of
communicating a task to a neighbor is -1. Tasks takes 5 time
units to execute on resources of type A or B and only 3 time
units to execute on either Ay or By.

Figure 3 compares the performance of our algorithm for
three settings of the learning rate §: dynamic between 0.0001
and 0.01, static at 0.01, and static at 0.0001. The horizontal
axis is the time steps while the vertical axis is the absolute
sum of incurred costs per 100 time steps, averaged over 10
simulation runs (lower is better). The static-at-0.0001 is too
slow and it did not converge even after 10000 times steps.
As expected, a larger static learning rate (0.01) leads to faster
convergence. Using a dynamic learning rate strikes a balance
by converging to a much better policy than static-at-0.01 (less
than 25% of its cost) in much less time than the static-at-
0.0001. Although there might be a static learning rate that
achieves performance similar to that of the dynamic rate, it is
much harder to fine tune the learning rate to a fixed value than
to specify the range of the dynamic rate (we used § = 0.0001
and 4,4 = 0.01).

1le+06 X 0

800000 —

~0——0 dynamic
~—2 static-0.0001
~O——= static-0.01

600000 —

7}
Q

o
400000 —
200000 —

04

Figure 3: The effect of the dynamic learning rate.

Figure 4 compares the performance of our algorithm using
four settings of the policies 7,4, and 745, both are deter-
ministic (deterministic), only 7., is stochastic (low), only
Thagh 1S stochastic (high), and both are stochastic (two-level).
As expected, two-level is the slowest to converge but achieves
the lowest steady cost (about 80% of the second lowest steady
cost, low). On the other hand, and to our surprise, high con-
verges faster than deterministic (and achieves lower steady
cost than deterministic, which is expected). The reason is
that even without any learning, 7,4, selects a decomposition
uniformly at random. This slightly balances the load with-
out paying the price of slow convergence due to learning a
stochastic ;4.

Figure 5 illustrates the evolution of stochastic policies in
agents M D and M A during a simulation run. The horizontal
axis represents time steps. The vertical axis represents poli-
cies, i.e. the total 1.0 probability divided over actions (an
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Figure 2: A large scale network of 100 resources and 20 agents.
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Figure 4: The effect of two level stochastic policies on perfor-
mance.

action is a neighbor in case of m;,,, and a decomposition in
case of 7p;44). Figure 5(a) shows 7, Of task 7' at agent
MD. There are four possible assignments of T'B, to each
neighbor of M D. The probability of assigning A3, which is
a resource of type A, quickly drops to zero as expected. Also
since M A is not directly controlling any resources of type B,
the probability of A D choosing M A also drops to zero but
after a while (about 6000 steps). The reasons are cycles and
indirect links. Initially M D may send a request for a task of
type T'B to M A who in turn either sends it to M F' or back to
M D. However, using the simple maximum task age mech-
anism, eventually M D learns to stop sending tasks of type
TB to MA. Inthe end, M D only chooses among two as-
signments for TB: B1 and M F, with more probability of
choosing M F'. This what one would expect to balance the
load: faster resources get more tasks.

Figure 5(b) shows 7., (T'B, .) for agent M A. After step
6000 we see the policy almost fixed. This is because M A is
not receiving any tasks of type 7'B from agent M D, there-
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fore it stopped learning about it. Figure 5(c) shows how M D
learns ;4 for different decompositions of task 7'5. Agent
M D quickly learns to drop decomposition {T'A, TB}. The
reason is that this decomposition requires equal numbers of
resource types A and B, while the system contains 4 A re-
sources and only 2 B resources. M D converges to an intu-
itive policy that produces more T'A tasks than T'B tasks.

The second part of the results show the scalability of our
approach using the system in Figure 2. This system consists
of 100 resources (rectangles) and 20 agents (ellipses). With
probability 0.67 the resource is of type A, otherwise it of type
B. Also with probability 0.67 the resource is normal, other-
wise it is fast. Each agent has two neighboring agents picked
randomly from the set of agents. Each resource is connected
randomly to one of the agents. At each time step, tasks of
type T'AB appear at 11 agents (light gray) with probability
0.5. The other 9 agents (dark gray) know how to decompose
tasks of type T'AB. Other parameters are the same as the
small scenario. Therefore, the average number of T'A B tasks
per 100 time steps is 0.5 x 11 x 100 = 550, which requires
(after decomposition) 1100 resources. A lower bound on the
average cost, assuming perfect knowledge and perfect distri-
bution of load, is 11000. The highest average cost (if all tasks
allocated to the same resource) is Figures 6 and 7 show the
performance of the different approaches in the larger system.
We can see significant savings of our approach compared to
the other approaches.

5 Related Work

In [Hannah and Mouaddib, 2002], a mediator serially allo-
cates tasks to agents. That work used a Markov Decision
Process (MDP) model where actions are agent-task assign-
ments and learned a deterministic policy. This differs from
our work where all subtasks are allocated concurrently and
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Figure 5: Policies of different agents.

using two-level stochastic policy. That work also assumed
the set of tasks were fixed and arrived in fixed order, while we
assume tasks arrive stochastically in time and location. They
also assumed agents with homogeneous capabilities, while
our model supports heterogeneous agents.

The work in [Dolgov and Durfee, 2004] modeled the re-
source allocation problem as a constrained MDP, or CMDP.
A CMDP is an MDP augmented with a set of (resource) con-
straints. The set of actions were assumed fixed and the pol-
icy was serial and deterministic. They also used an offline
algorithm which solved the problem assuming the transition
probabilities are known. We use an on-line algorithm without
sharing state information among agents.

Task allocation can be viewed as a more complex and more
general form of packet routing. As in routing, each agent acts
as a router, trying to route the packet through the least costly
path. Packets impose little load on the nodes (resources)
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as opposed to tasks, which raises the issue of load balanc-
ing. Also task allocation involves alternative decompositions
while packets are routed as non-decomposable units. Most
of the previous work in packet routing [Boyan and Littman,
1994; Kumar and Miikkulainen, 1998] maps the routing prob-
lem to a set of local decision problems for each agent. The
work used reinforcement learning techniques to learn a de-
terministic policy for each router. The goal was to minimize
average packet delay. Experimental results showed the ef-
fectiveness of the approach. More recently, a policy gradi-
ent approach was used to solve the packet routing problem
[Tao et al., 2001]. However, the work ignored the load on the
nodes and only focused on the capacity of links. Their policy
gradient also used a fixed learning rate, unlike the algorithm
presented here.

6 Conclusion and Future Work

This paper presents a novel algorithm that allows agents in a
network to learn cooperatively how to allocate a task. The al-
gorithm learns two-level stochastic policies using policy gra-
dient. The high level policy selects a decomposition for an in-
coming task while the low level policy assigns a neighboring
agent to each task in the selected decomposition. Experimen-
tal results show the benefit of introducing each of these levels
with more than four times saving in cost as compared to de-
terministic approaches. Our algorithm also dynamically ad-
justs the learning rate. Experimental results show how using
a dynamic learning rate significantly speeds up convergence
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while outperforming learners with fixed learning rate.

An interesting issue that was not covered in the paper is
how to set up the network connections, i.e. the neighbor-
hood of each agent N. Optimally, the network should reduce
communication overhead by adapting to task arrival patterns.
For example, an agent that receives many tasks asking for
resource R, should be connected as closely as possible to re-
sources of that type. A related issue is how the system would
perform in the face of changes in the network (e.g. an agent or
a resource leaving the system or another agent or a resource
entering.) Furthermore, this work models resource failures
implicitly using penalties. An explicit model of failure prob-
ability may allow agents to learn better policies (e.g. pre-
ferring an agent with high probability of failure if its cost is
cheap and the task payoff is low, or vice versa).
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Abstract

Recently there has been a renewed interest in AO*
as planning problems involving uncertainty and
feedback can be naturally formulated as AND/OR
graphs. In this work, we carry out what is prob-
ably the first detailed empirical evaluation of AO*
in relation to other AND/OR search algorithms. We
compare AO* with two other methods: the well-
known Value lteration \(1) algorithm, and a new
algorithm, Learning in Depth-First Searclbfs).

We consider instances from four domains, use three
different heuristic functions, and focus on the opti-
mization of cost in the worst case (Max AND/OR
graphs). Roughly we find that while AO* does bet-
ter thanvi in the presence of informed heuristics,
vl does better than recent extensions of AO* in
the presence of cycles in the AND/OR graph. At
the same timea,DFs and its variant BoundedDFs,
which can be regarded as extensions of IDA*, are
almost never slower than either AO* gr, and in
many cases, are orders-of-magnitude faster.

1 Introduction

A* and AO* are the two classical heuristic best-first algo-
rithms for searching OR and AND/OR grapHdart et al,
1968; Martelli and Montanari, 1973; Pearl, 1983 he A*

Héctor Geffner
ICREA & Universitat Pompeu Fabra
Paseo de Circunvalam, 8
Barcelona, Spain
hector.geffner@upf.edu

RTDP[Bartoet al., 1995 perform Bellman updates on top of
successive greedy (real-time) searches.

In the absence of accepted benchmarks for evaluating
AND/OR graph search algorithms, we introduce four para-
metric domains, and consider a large number of instances,
some involving millions of states. In all cases we focus on the
computation of solutions with minimum cost in the worst case
using three different and general admissible heuristic func-
tions. We find roughly that while AO* does better then
in the presence of informed heuristicsiFs, with or without
heuristics, tends to do better than both.

AO* is limited to handling AND/OR graphs without cy-
cles. The difficulties arising from cycles can be illustrated
by means of a simple graph with two states and two ac-
tions: an actiorz with cost5 maps the initial state, non-
deterministically into either a goal state: or s itself, and
a second actioh with cost10 mapssy deterministically into
sa. Clearly, the problem has cos) andb is the only (opti-
mal) solution, yet the simple cost revision step in AO* does
not yield this result. Thus, for domains where such cycles
appear, we evaluate a recent variant of AQEC,..,+, intro-
duced in[Jimeréz and Torras, 200Qhat is not affected by
this problem. We could have used LAO* as wigllansen and
Zilberstein, 200}, but this would be an overkill as LAO* is
designed to minimize expected cost in probabilistic AND/OR
graphs (MDPs) wheraolutions themselvesan be cyclic,
something that cannot occur in Additive or Max AND/OR

raphs. Further algorithms for cyclic graphs are discussed in

algorithm is taught in every Al class, and has been studiefi\iahantiet al, 2003. LDFs has no limitations of this type;

thoroughly both theoretically and empirically. The AO* al-

gorithm, on the other hand, has found less uses in Al, an

while prominent in early Al textENilsson, 1980it has disap-
peared from current on¢Russell and Norvig, 1994 In the

nlike AO*, it is not affected by the presence of cycles in the
éraph, and unlike Value lteration, it is not affected either by
the presence of dead-ends in the state space if the problem is
solvable.

last few years, however, there has been a renewed interest inThe paper is organized as follows: we consider first the

the AO* algorithm in planning research where problems in-ygdels; then the algorithms, the experimental set up and the
volving uncertainty and feedback can be formulated as searglygits and close with a brief discussion.

problems over AND/OR grapH8onet and Geffner, 2090

In this work, we carry out what is probably the first in-
depth empirical evaluation of AO* in relation with other
AND/OR graph search algorithms. We compare AO* with
an old but general algorithrvalue Iteration[Bellman, 1957;
Bertsekas, 1995 and a new algorithml earning in Depth-
First Search and its variant BoundedDFs [Bonet and
Geffner, 2005. While vi performs a sequence of Bellman
updates over all states in parallel until convergeno&s per-

2 Models

We consider AND/OR graphs that arise from non-
deterministic state models as those used in planning with non-
determinism and full observability, where there are

1. adiscrete and finite state spdate

2. aninitial statesg € S,

forms selective Bellman updates on top of successive depth-3. & non-empty set of terminal statgis C S,

first searches, very much as Learning RTKorf, 1990 and
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5. a function mapping non-terminal statesand actions 3 Algorithms

a € A(s) into setsof states'(a, s) € .5, We consider three algorithms for computing such optimal
6. action costs(a, s) for non-terminal states, and solutions for AND/OR graphs: Value Iteration, AO*, and
7. terminal costsr(s) for terminal states. Learning in Depth-First Search.

Models where the states are opigrtially observablegcan be ;

described in similar terms, replacing statesbis of statesr 3.1 \_/alug Itgratlop ] ] )

belief stategBonet and Geffner, 2090 Value iteration isa S|mple and quite effective algorlthm that
We assume that both(s) andF(a, s) are non-empty, that computes the fixed point*(s) of Bellman equation by plug-

action costs(a, s) are all positive, and terminal costs(s)  9ing an estimate value functidii(s) in the right-hand side

are non-negative. When terminal costs are all zero, termingtnd obtaining a new estimatg, 1 (s) on the left-hand side,

states are Ca"egoajs iterating Untll%(s). = Z:+1(S) for all s E S [Bellman,
The mapping from non-deterministic state models to1957. In our setting, this convergence is guaranteed pro-

AND/OR graphs is immediate: non-terminal statdsecome vided that there are no dead-end states, i.e., stdt@svhich

OR nodes, connected to the AND nodess, a > for each V*(s) = oco. Often convergence is accelerated if the same

a € A(s), whose children are the statesc F(a,s). The Value function vectol/(s) is used on both left and right. In
inverse mapping is also direct. such a case, in each iteration, the states valuesizdated

. . . sequentially from first to last as:
The solutions to this and various other state models can

be expressed in terms of the so-called Bellman equation V(s) == min Qv(as). 4
that characterizes theptimal cost functioriBellman, 1957; acA(s)
Bertsekas, 1995 The iterations continue untif’ satisfies the Bellman equation,
. . and hencd” = V*. Any policy = greedy inV* provides then
V(s) & { er(s) if s terminal (1)  anoptimal solution to the probler can deal with a variety
minge 4(s) Qv (a,s)  otherwise of models and is very easy to implement.

whereQy (a, s) is an abbreviation of the cost-to-go, which 3 5 A

for Max and Additive AND/OR graphs takes the form: AO* is a best-first algorithm for solving acyclic AND/OR

) c(a,s) + maxyecpa,s) V(s') (Max) graphs[Martelli and Montanari, 1973; Nilsson, 1980; Pearl,
Qv(a,s) : c(a,s) + X ger@s V() (Add) (2) 198d. Starting with a partial grapli? containing only the
o ) . initial statesq, two operations are performed iteratively: first,
Other models can be handled in this way by choosingg pest partial policy ovef is constructed and a non-terminal
other forms forQy (a,s). For example, for MDPs, it is iy states reachable with this policy is expanded; second,
the weighted sum(a, s) + 3 cpq,s) V(") Pa(s|s) Where  the value function and best policy over the updated graph
P,(s'|s) is the probability of going frons to s’ givena. are incrementally recomputed. This process continues until
In the absence of dead-ends, there is a unique (optimathe best partial policy is complete. The second step, called
value functionV*(s) that solves the Bellman equation, and the cost revision stepexploits the acyclicity of the AND/OR
the optimal solutions can be expressed in terms of the poligraph for recomputing the optimal costs and policy over the
ciesw that aregreedywith respect td/*(s). A policy misa  partial graphG in a single passunlike Value Iteration (yet
function mapping states € S into actionsa € A(s), and a  see[Hansen and Zilberstein, 200 1In this computation, the
policy 7y is greedy with respect to a value functidii{s), or  states outside&s are regarded as terminal states with costs
simply greedy inV/, iff my is the best policy assuming that given by their heuristic values. When the AND/OR graph

the cost-to-go is given by (s); i.e. contains cycles, however, this basic cost-revision operation is
(s) = inQy (a, 5) 3) not adequate. In this paper, we use the AO* variant devel-
Tvis) = iregf(g? via, s). oped in[Jimeréz and Torras, 20@0calledcFC, .-, which is

based in the cost revision operation fré@hakrabarti, 1994
Since the initial state, is known, it is actually sufficient and is able to handle cycles.

to considerclosed (partial) policiesr that prescribe the ac- Unlike vi, AO* can solve AND/OR graphs without having

tions to do in all (non-terminal) states reachable frgpand  to consider the entire state space, and exploits lower bounds

m. Any closed policyr relative to a state has a cost/ ™ (s) for focusing the search. Still, expanding the partial graph one

that expresses the cost of solving the problem starting frorgtate at a time, and recomputing the best policy over the graph

s. The costs/™(s) are given by the solution of (1) but with after each step, imposes an overhead that, as we will see, does

the operatomin,c 4(;) removed and the actiom replaced  not always appear to pay off.

by m(s). These costs are well-defined when the resultin%:,' .

equations have a solution over the subset of states reachate3 Leaning DFS

from so andn. For Max and Additive AND/OR graphs, this LDFs is an algorithm akin to IDA* with transposition tables

happens whem is acyclic elseV™(sg) = co. Whenr is  which applies to a variety of mode[8onet and Geffner,

acyclic, the costd ™ (so) can be defined recursively starting 2005. While IDA* consists of a sequence of DFS iterations

with the terminal states’ for which V™ (s’) = ¢ (s’), and  that backtrack upon encountering states with costs exceeding

up to the non-terminal statesreachable frons, and« for  a given bound,DFs consists of a sequence of DFS iterations

which V™ (s) = Qv~(n(s), s). In all cases, we are interested that backtrack upon encountering states thatrarensistent

in computing a solutiom that minimizes/ ™ (so). The result-  namely states whose values are not consistent with the val-

ing value is the optimal cost of the probldri (sg). ues of its children; i.e.V(s) # min,eca(s) Qv (a,s). The
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LDFS-DRIVER(S0) B-LDFS-DRIVER(So)
begin begin
repeat solved := LDFS(so) until solved repeatB-LDFS(so, V (so)) until V(so) > U(so)
return (V, ) return (V, )
end end
LDFS(s) B-LDFS(s, bound)
begin begin
if sis SOLVED or terminalthen if sisterminal orV (s) > bound then
if sisterminalthen V'(s) := cr(s) L if sisterminalthen V'(s) := U(s) := cr(s)
Mark s asSOLVED return true
t t
L return true Flag = false
flag := false foreacha € A(s) do
foreacha € A(s) do if Qv (a,s) > bound then continue
if Qv (a,s) > V(s) then continue flag := true
flag := true foreach s’ € F(a, s) do
foreach s’ € F(a, s) do nb := bound — c(a, s)
flag := LDFS(s') & [Qv (a, s) < V(s)] flag := B-LDFS(s’, nb) & [Qv (a, s) < bound]
if ~flag then break if = flag then break
| if flag then break | if flag then break
if flag then if flag then
L m(s) :=a m(s) :=a
Mark s asSOLVED | U(s) := bound
else else
| V(s) := mingea(s) Qv(a, s) | V(s) := mingea(s) Qv(a,s)
retun flag return flag
end end
Algorithm 1: Learning DFS Algorithm 2: Bounded.pFs for Max AND/OR Graphs

expressiorQy (a, s) encodes the type of model: OR graphs, | prs ends however when the lower and upper bounds for

Additive or Max AND/OR graphs, MDPs, etc. Upon en- 4, coincide. The upper bounds(s) are initialized toco.

countering such inconsistent statesFs updates their val-  The code in Fig. 2 is for Max AND/OR graphs; for Additive

ues (making them consistent) and backtracks, updating alongraphs, the tern¥”"_,, V(s”) needs to be subtracted from the

the way ancestor states as well. In addition, when the DF ght-hand side ofineb :— bound—c(a, s) for " in F(a, )

beneath a state does not find an inconsistent state (a con-gnq¢” £ . The resulting procedurejhowever is eqtjivalent

dition kept by flag in Fig. 1), s is labeled asolvedand is 5| prs.

not expanded again. The DFS iterations terminate when the

initial statesg is solved. Provided the initial value function is .

admissible and monotonic (i.6/(s) < min,ea(s) Qv (a, s) 4 Experiments

for all 5), LDFs returns an optimal policy if one exists. The We implemented all algorithms in C++. Our AO* code is

code forLDFs is quite simple and similar to IDAfReinefeld  a careful implementation of the algorithm[iNilsson, 198D,

and Marsland, 1994see Fig. 1. while ourcFc,.,~ code is a modification of the code obtained
Bounded LDFs, shown in Fig. 2, is a slight variation from the authordJimerez and Torras, 20QGhat makes it

of LDFs that accommodates an explidibund parameter roughly an order-of-magnitude faster.

for focusing the search further on paths that are ‘critical’ For all algorithms we initialize the values of the terminal

in the presence of Max rather than Additive models. Forstates to their true valugg(s) = cr(s) and non-terminals

Game Trees, BoundedbFs reduces to the state-of-the-art to someheuristic values:(s) whereh is an admissible and

MTD(—o0) algorithm: an iterative alpha-beta search proce-monotone heuristic function. We consider three such heuris-

dure with null windows and memofylaatet al, 1996. The tics: the first, the non-informativk = 0, and then two func-

code in Fig. 2, unlike the code [Bonet and Geffner, 200%  tions h; andh, that stand for the value functions that result

for general Max AND/OR graphs and not only trees, and refrom performingn iterations of value iteration, and an equiv-

places the booleasOLVED(s) tag iNLDFsby a numericaltag  alent number of ‘random’ state updates respectivstgrting

U(s) that stands for anpper boundi.e.,U(s) > V*(s) > with V(s) = 0 at non-terminals. In all the experiments, we

V/(s). This change is needed because Boundsss, unlike  sety, to N,;/2 where N,; is the number of iterations that

LDFS, minimizesV™(so) but not necessarily’"(s) for all  yalye iteration takes to converge. These heuristics are infor-

statess reachable fromo andr (II’I Additive m0de|S, the first mative but expensive to Compute, yet we use them for as-

condition implies the second). Thus, while theLVED(s)

tag in LDFS means that an optimal policy for has been More precisely, the random updates are done by looping over

found, theU (s) tag in Bounded DFs means only that a pol-  the statess € S, selecting and updating stateswith probability

icy m with costV™(s) = U(s) has been found. Bounded 1/2til n x |S| updates are made.
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problem ST TV TN [ JTA[ TIFT] In7] Moving Target Search:

28:22:(138 1 OAfé g g 31157|§ g 13 A predator must catch a prey that moves non-
mis5 o5 T 17 14 a a 156 deterministically to a non-blocked adjacent cell in a
mts-35 1.5M | 573 | 322 4 4| 220K given random maze of siz&/ x N. At each time, the
mts-40 2.5M | 684 _ 4 4| 304K predator and prey move one position. Initially, the predator

diag-60-10 | 29,738 5 3 10 2 119 is in the upper left position and the prey in the bottom right
diag-60-28 | > 15M 6 - 28 2 119 position. The task is to obtain an optimal strategy for catch-
rules-5000 | 5,000 | 156 | 158 50 | 50| 4,917 ing the prey. InIshida and Korf, 199k a similar problem is
rules-20000| 20,000 | 592 | 594 50 | 50 | 19,889 considered in a real-time setting where the predator moves

‘faster’ than the prey, and no optimality requirements are
Table 1: Data for smallest and largest instances: numbeamnade. Solvable instances are generated by ensuring that the
of (reachable) belief states, optimal cost, number of iteraundirected graph underlying the maze is connected and loop
tions taken byvi, max branching in OR nodesA|) and free. Such loop-free mazes can be generated by performing
AND nodes (F|), and size of optimal solution\{ = 10°; random Depth-First traversals of th€ x N empty grid,
K = 10%). inserting ‘walls’ when loops are encountered. We consider
N = 15,20,...,40, and in each case report average times
and standard deviations over 5 random instances. Since

sessing how well the various algorithms are able to exploith€ resulting AND/OR graphs involve cycles, the algorithm
heuristic information. The times for computing the heuris- CFCrev+ IS used instead of AO™.
tics are common to all algorithms and are not included in the
runtimes. 4.1 Results

We are interested iminimizing cost in the worst caglax ~ The results of the experiments are shown in Fig. 2, along with
AND/OR graphs). Some relevant features of the instances detailed explanation of the data. Each square depicts the
considered are summarized in Table 1. A brief description ofuntimes in seconds for a given domain and heuristic in a log-
the domains follows. arithmic scale. The figure also includes data from another
. learning algorithm, a Labeled version of Min-Max LRTA*
Coins: o , o o [Koenig, 200]. Min-Max LRTA* is an extension of Korf's
There areN coins including a counterfeit coin that is either | RTA* [Korf, 1990 and, at the same time, the Min-Max
lighter or heavier than the others, and a 2-pan balance. Agariant of RTDP[Bartoet al,, 1999. Labeled RTDP and La-
strategy is needed for identifying the counterfeit coin, andpeled Min-Max LRTA* are extensions of RTDP and Min-
whether it is heavier or lighter than the othéPearl, 1988 Max LRTA* [Bonet and Geffner, 20@3hat speed up con-
We experiment withV. = 10,20,...,60. In order to re-  yergence and provide a crisp termination condition by keep-
duce symmetries we use the representation filBuxi et al,, ing track of the states that are solved.
2003 where a (belief) state is a tuple of non-negative inte- The domains from top to bottom ag®INS, DIAGNOSIS 1
gers(s,ls, hs,u) that add up taV and stand for the number anq 2 ruLES, andmTs, while the heuristics from left to right
of coins that are known to be of standard weight §tandard  gre, — 0, h;, andh,. As mentioned aboveyTs involves
or lighter weight (s), standard or heavier weight{), and  cycles, and thus;FC,.,- is used instead of AO*. Thus leav-
completely unknown weights). See[Fuxi et al, 2003 for ing this domain aside for a moment, we can see that with
details. the two (informed) heuristics, AO* does better thanin al-
Diagnosis: most all cases, with the exception obINs with k; where

There areN binary tests for finding out the true state of a \é' beats all aI%?rithmf] by a small mlargin. Indeed, 5}3 it can
system among/ different state§Pattipati and Alexandridis, P€ S€en in Table 1vi happens to solveoins in very few
199d. An instance is described by a binary matfbof size  Iterations (this actually has to do with a topological sort done
M x N such thafl}; = 1 iff test j is positive when the state in our implementation o¥1 for finding first the states that

is i. The goal is to obtain a strategy for identifying the true &€ reachable). '""Ag’\‘os'fs and |_nc(;)||\:cs with gl’ AQ;
state. The search space consists of all non-empty subsets 'S onehor morle Ooraers o [jnag_ngu de . astgr than W'é .
states, and the actions are the tests. Solvable instances carr- U the results are mixed, witll doing better, and in
be generated by requiring that no two rowsTinare equal, ~C€Ttain CasesAGNOSIS) much better. Adding nowDFs
andN > log, (M) [Garey, 1972 We performed two classes to the picture, we see that it is never worse than either AO*
of experiments: a first class witN fixed to10 and M vary-  ©F VI, €xceptinCoINswith & = 0 andh2’*andRUL'5.5W'th

ing in {10, 20, ...,60}, and a second class wittf fixedto 7 = U where it is slower thavi and AO* respectively by

60 and N varying in {10, 12, ...,28}. In each case, we re- & small factor (in the latter case 2). In most cases, how-
port average runtimes and standard deviations over 5 randoffY€";LDFSruns faster than both AO* and for the different

: euristics, in several of them by one or more orders of mag-
instances. ; ;

nitude. Bounded DFs in turn does never worse thamFrs,
Rules: and in a few cases, includir@AGNOSIS with h = 0, runs

We consider the derivation of atoms in acyclic rule systemsan order of magnitude faster. MTs, a problem which in-
with N atoms, and at mos® rules per atom, and/ atoms  volves cycles in the AND/OR graph, AO* cannot be used,
per rule body. In the experimenis = M = 50 andV isin  CFC..,+ Solves only the smallest problem, andsolves all
{5000, 10000, . ..,20000}. For each value ofV, we report  but the largest problem, an order of magnitude slower than
average times and standard deviations over 5 random solvabl®Fs, which in turn is slower than BoundadFs. Finally,
instances. Min-Max LRTA* is never worse than AO*, performs similar
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to LDFs and Bounded DFs except inDIAGNOSISandcoINS  (I3A), U. of Zaragoza. H. Geffner is partially supported
where BoundedDFs dominates all algorithms, andRuLES by grant TIC2002-04470-C03-02 from MCyT/Spain, and B.
where Min-Max LRTA* dominates all algorithms. Bonet by grant DI-CAI-001-04 USB/Venezuela.

The difference in performance betweenand the other
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Table 2: Experiments: each square depicts runtimes in seconds for problems with a given domain and heuristic. The domains
are from top to bottomcoINS, DIAGNOSIS 1 and 2,RULES, andMTs, and the heuristics from left to rightt = 0, 1, and

hs. In the first diagnosis domain, the number of states is increased, while in the second, the number of tests. Problems with
more thanl6 tests are not solved fér, andh, as these heuristics could not be computed beyond that point. Such problems are
solved byLDFs and Boundedbrs with » = 0. All runtimes are shown in logarithmic scales, yet the range of scales vary.
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Abstract

We present a novel method for interleaving
planning with execution, called iterative deep-
ening in hypotheticals. The method consists of
performing an iterative deepening search in the
space of partially ordered hypothetical plans.
Hypothetical plans are partial plans in which
the achievement of an otherwise unachievable
goal may be conditioned on certain outcomes of
sensing. This approach has been implemented
within the PSIPLAN-S framework and used
in a collaborative bibliography assistant, called
Writer’s Aid.

1 Introduction and Motivation

A planning agent operating in a real world must often
deal with domains in which only incomplete information
about the domain is available and furthermore, the com-
plete information can never be acquired due to the large
number of domain individuals. In such environments, us-
ing sensing actions judiciously and effectively to discover
information that is relevant, but yet unknown, becomes
critical.

Given correct, but incomplete description of the initial
situation, a solution plan that provably achieves the goal
may not exist. However, it may possible to construct the
solution by interleaving the process of planning with exe-
cution of some information gathering steps. The method
that we describe in this paper, called hypothetical plan-
ning, provides a mechanism for enacting such interleaved
planning with execution. It is formulated using entail-
ment and reasoning about knowledge and ignorance and
guarantees non-redundancy of information gathering in
that sensing actions are carried out only when the criti-
cal information is missing.

Hypothetical plans hypothesize on the value of an un-
known subgoal; by verifying a hypothesis via execution
of a sensing action, the planner eventually reduces the
incompleteness of the knowledge so that a solution plan
is found or the goal is proven to be unsatisfiable. For ex-
ample, having no information on the location of a paper,
the planner may adopt a hypothesis that the paper is
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available from a certain collection, and verify the infor-
mation by querying the collection. Hypothetical plans
in addition to causal links between a subgoal and an
entailing it effect, contain hypothetical links, which link
knowledge effects to domain subgoals. The idea is as
follows: if neither p, nor —p is known to be true prior to
S, and there is a sensing action as whose effect entails
knowing the truth value of p, then by executing as the
planner may find out that p is true. A hypothetical plan
leads to a solution plan, if after verifying the hypothe-
sis, the plan can be successfully completed, which is not
guaranteed even when the hypothesis is confirmed by an
observation.

An alternative approach to planning with incomplete
information is conditional planning, i.e. creating branch-
ing plans based on the possible outcomes of a sensing ac-
tion. Applied to the above scenario, conditional planning
would involve planning ahead for each of the two possi-
ble outcomes of checking if the paper is available from
the searched collection. However, in the environments
with a high degree of incompleteness, planning ahead
for every contingency is computationally prohibitive, es-
pecially when a sensing action involves information on
multiple atoms.

Furthermore, predicting all possible outcomes of sens-
ing in a meaningful way becomes impossible when the
sensing action may discover new objects. In such situ-
ations, the agent needs to proceed with execution and
then complete the plan given the observation. For ex-
ample, consider the goal of removing all fragile objects
from a room. Given no prior information on the contents
of the room, it is impossible to predict which objects are
in it, if any of them are fragile, and therefore need to be
removed. Thus, it does not make sense to create plans
for removing any objects until the information on the
contents of the room becomes available.

Suppose that the agent operating in the room can
perform the sensing action of identifying all objects in
the room, and another one, determining if the object
is marked as fragile. Hypothetical planning would hy-
pothesize that by using the first action the agent may
discover that no objects are inside the room, thus yield-
ing the goal of having no fragile objects satisfied. If
however, upon executing the first action some objects
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are found inside the room, the agent now has a choice
of either creating a plan to move all discovered objects
out, or first identifying which are fragile and only re-
moving those marked as fragile. The first solution can
be obtained without any further information gathering,
the second solution again requires hypothetical planning
and execution.

An approach to interleaving planning with execution
performed by XII [Golden et al., 1994] and PUCCINI
[Golden, 1998] planners (both based on the approach
used in IPEM [Ambros-Ingerson and Steel, 1988]) is the
other alternative to hypothetical planning. This method
treats execution as one of the nondeterministic choices
within the planning algorithm. In hypothetical planning
execution is triggered by the need, thus it is more tightly
constrained, and used only when necessary. The hypo-
thetical planner’s behavior is thus not dependent on the
model of nondeterminism in the planner implementation
and is better suited for an application in which the time
of response is critical and sensing operations may take
considerable time or are otherwise costly.

Hypothetical planning has been implemented in a par-
tial order planning [Russell and Norvig, 1995] algorithm
called PSIPOP-SE and used at the core of a collaborative
bibliography assistant, called Writer's Aid [Babaian et al.,
2002]. PSIPOP-SE extends a sound and complete open
world planner PSIPOP[Babaian and Schmolze, 2000] to
planning with sensing, knowledge goals and interleaved
execution. It uses PSIPLAN-S representation for reason-
ing and planning with incomplete information, sensing
and knwoeldge goals.

When the set set of agents sensing actions is rich, the
use of hypothetical plans may considerably expand the
search space. To limit the search space, PSIPOP-SE ex-
plores the search space gradually increasing the maxi-
mum allowed plan number of hypotheses made in sup-
porting a subgoal. This parameter is called the hypothet-
ical level of a plan. Hypothetical level of a simple plan
is 0. An example of a plan with hypothetical level two is
a plan that hypothesizes that a paper is available from
the author’s homepage, and then, having no information
about the author’s homepage, hypothesizes that the url
for the homepage can be found from a known index.
Verification of each hypothesis reduces the uncertainty,
therefore the size of subspace of hypothetical plans on
each consecutive level is reduced, while the lower-level
hypothetical subspace is explored. In our experiments
Writer's Aid was unable to explore the entire space of
plans of hypothetical level up to 2 at once due to the
large size of this space, but was successful at exploring
subspaces gradually, starting from maximum hypotheti-
cal level of 0. We call this approach iterative deepen-
ing in hypotheticals

The rest of the paper is organized as follows. An
overview of the PSIPLAN representation is presented
in the next section. The definition of a hypothetical
link and the partial order planning algorithm interleav-
ing planning with execution PSIPOP-SE are presented in
Section 3.
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2 Overview of PSIPLAN

PSIPLAN assumes infinite number of domain constants,
and no other function symbols. PSIPLAN propositions
include ground domain atoms, domain -forms and
knowledge y-forms. The general form of a ¢-form is

[Q(Z) except {o1,...,04}],

and it represents a possibly infinite set of ground propo-
sitions that are obtained by instantiating the formula
Q(Z) called the main form, with all possible ground as-
signments on the variables in Z, except for the instances
specified by the substitutions o; called the exceptions.
Each o, is a substitution on a subset of variables of Z.
The main form Q(Z) of a domain -form is a disjunc-
tion of negated literals. In knowledge 1-forms Q(Z)
has a form KW (P(Z)), where P(Z) is a disjunction of
negated literals. All variables in & are implicitly univer-
sally quantified.

The combination of domain atoms and -forms is
necessary to describe situations as the following one, in
which the agent knows that

The only bibliographies preferred by Ed are the
digital library of the ACM, and maybe the Re-
searchIndez database.

In PSIPLAN-S the example statement above is expressed
by stating that
1. ACM’s digital library is a preferred bibliography,
which is represented by a ground atom:

a = PrefBib(ACM) (1)

2. Nothing is a preferred bibliography except for ACM
and the ResearchIndez, which is represented by the
-form:

1 = [~ PrefBib(b) except {{b = ACM},{b= RI}}|
(2)

Thus, 1 denotes all ground instances
of the formula —PrefBib(b) minus two exceptions:
—PrefBib(ACM) and —PrefBib(RI) and is equiv-
alent to the universally quantified predicate calculus
formula Vb. ~PrefBib(b) V (b= ACM) Vv (b= RI)

Formally, we define the set of ground propositions rep-
resented by a 1-form as follows

L ¢([Q(7)]) = {Q(Z)o | Q(F)o is ground }

2. ¢([Q(F) except {o1,...,0n}]) =
P([Q(T)]) — o([Q(Z)a1]) — ... — d([Q(F)an])

Note that assuming infinite number of individual do-
main objects, a finite set of PSIPLAN-S domain proposi-
tions can represent an infinite number of ground negated
clauses without the knowledge of all domain objects by
the virtue of implicit universal quantification in -forms.
However, it can represent only finite “positive knowl-
edge”; i. e. finite number of atoms.

The algorithms for reasoning with 1-formsare not pre-
sented in this paper (see [Babaian, 2000]), however, we
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note that these computations are carried out by manip-
ulations on the main form and exceptions of the -forms
without expanding the 1-form into the corresponding set
of ground propositions.

Knowledge w-forms similarly to domain -forms,
represent a conjunction of all ground instances of the
main form, however each ground instance in this case is
a knowledge proposition. Knowledge propositions have
form KW (p), where p is a ground clause and repre-
sent knowing p or knowing not p, i.e. that the value
of a domain clause p is known without committing to
a particular value. For example, KW (PrefBib(ACM))
represents knowing-whether ACM is a preferred bibli-
ography. Note that KW (p) is semantically equivalent to
KW(—-p). However, in the main form of a ¢-form the
KW-fied formula is always a negated clause, as in the
knowledge -form below that represents knowing the set
of all preferred bibliographies.

Y = [KW (=PrefBib(b))] (3)

Knowledge propositions in PSIPLAN-S are used to rea-
son about knowledge and ignorance, represent informa-
tion goals and results of sensing actions. For example,
posted as a goal, ¥ requires knowing the value of each
ground instance of PrefBib(b), or in other words, know-
ing the set of preferred bibliographies. The effect of
checking if RI is a preferred bibliography, is a knowl-
edge proposition KW (PrefBib(RI)). A negated kw-
proposition =KW (p) represents ignorance about p.

Semantics

A world state is a truth assignment on domain atoms.
w(q) denotes that ¢ is true in the world state w. Let W
denote the set of all world states.

To define a model we use k-states of Baral and Son
[Baral and Son, 2001]. A k-state is a pair (w, W), where
w denotes a world state from W, and W denotes a a set
of world states. A k-state represents a knowledge state of
an agent who actually being in the world state w thinks
it can be in any of the world states of W.

A set of models is denoted by « and defined below. We
are assuming that the agent’s knowledge is correct, hence
we require that for any k-state (w, W) in a model w € W.
In what follows, ¢ represents a ground negated domain
clause and ¢ represents a ground domain proposition, i.e.
domain atom or a ground negated clause.

1. alq) ={(w,W)|we W AVw € W.w'(q)}

2. a(KW(c)) ={(w, W) |w e WA ([ € W.w'(c)] V
[Vw'" € W.w'(=c)])}

3. a(=nKW(c)) = {(w,W)|w e WA[Fuw € W.w'(c)]|A
[Fw” € W.w"(—c)]}.

4. a({qr, - an}) = Nz alar).

A set of ground propositions ¢, ..., qx k-entails (or, for
brevity, entails) another ground proposition ¢, denoted

qi, - qk Fr ¢ if a({q1,- -, ax}) € a(q).
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Note that according to this semantics the k-entailment
of ground domain propositions is equivalent to the ordi-
nary entailment. Furthermore,

q Fr KW(q), and,q =1, KW (—q).

A set of models of a PSIPLAN-S proposition is defined
as the set of models of the set of ground propositions it
represents.

Definition 1 For a PSIPLAN-S proposition p,«a(p) is de-
fined as the set of models a(p(p)).

Definition 2 For a set of PSIPLAN-S propositions
P1y--- Pm,P

P1s- .- Pm Fr p if and only if a({p1,...,pm}) C a(p)

2.1 -form Entailment

While we do not have the space to present the details
of the algorithms for computing entailment in PSIPLAN,
we state several key properties underlying those algo-
rithms, and illustrate them with examples. The prop-
erty critical for the efficiency of 1-form reasoning is for-
mulated in Theorem 1 below: given a set of 1-forms
U = {¢1,...,0n}, ¥ ¢ ¥ only if there is a t¢-form
1¥; € U that nearly entails 1, i.e. main part of 1); entails
the main part of ¥, or [M(v;)] Ex [M(¥)].

Theorem 1 Given a set of ¢-forms ¥ = {41,...,9¥,}
and a t-form ¢, U =, ¢ only if there is a ¢-form 1; in
U such that [M(1;)] =k [M(Y)].

E-Difference For any two sets of ground propositions
A and B, e-difference is defined as follows.
B-A={b|be B N Al b}

As -forms are compact representations of sets of
ground propositions, we extend the e-difference opera-
tion to i-forms. The following example illustrates the
e-difference operation.

Example 1 Let

¢ denote [Kn(—In(R,z)) except {{z = A},{z = B}}],
which represents that there are no items in room R
except for possibly A and B. Further, let 1 denote
[KW (—In(R,z)V —Fragile(x))], which can represent a
goal of knowing for all objects (x) if they are inside room
R and also fragile. v entails most of 1, indeed, since
—In(R,z) is true for all values of z except possibly A
and B, then so is the disjunction inside the ¢’s KW
clause. Thus, the only parts of ¢ that are not entailed
by v are

1 = [KW(~In(R, A) V ~Fragile(A))]
o = [KW (—In(R, B) V = Fragile(B))]

and therefore 1/3477/1 = {12)1, 1/:2}

The e-difference operator plays a key role in computing
entailment. The next Theorem describes the necessary
and sufficient conditions for entailment of a domain or a
knowledge 1)-form by a set of domain atoms and -forms.
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We call a set s of domain propositions saturated, when
there are no possible resolutions between a ground atom
a and a ground negated clause —a V —a; V —a,, repre-
sented by some t-form in s. A saturated equivalent of
such a set can be computed in polynomial time in the
number of propositions (i-forms and atoms) in s.

Theorem 2 Let s = AU V¥ be a consistent saturated
set of domain atoms (A4) and ¥-forms (¥), and ¢ is any
i-form (either domain or knowledge). s | ¢ if and
only if
1. there exist ay,...,a, € A,
[KW (a1 V...V —ay)], or

2. there exists 1 € W, such that [M ()] FEr [M()],
and, furthermore, s — 1 =y (Y—11)

PSIPLAN-S SOK

SOK (State Of Knowledge) database is a consistent set
of PSIPLAN-S domain atoms or psiforms. It represents
the knowledge available to the system in the following
way:

such that ¢ =

1. a domain proposition p is true in the world, if and
only if SOK =y p,

2. furthermore, we make a Closed Know-Whether As-
sumption (CKWA) and assume that if SOK }y
KW (p) then the truth value of p is not known, i.e.
~KW(p)

The set of possible worlds corresponding to this repre-
sentation consists of all world states in which everything
known to the agent is true, and only things known to the
agent are guaranteed to be true. Such representation is
sound and complete, due to soundness and completeness
of reasoning about domain and knowledge propositions
from a set of domain propositions in PSIPLAN. Impor-
tantly, the inference procedures also run in polynomial
time and are fast, which bears directly on the speed of
planning with PSIPLAN-S. PSIPLAN-S thus ensures pre-
cise and fast reasoning about knowledge and ignorance.

PSIPLAN-S Actions and SOK update

PSIPLAN-S distinguishes two types of actions: domain
actions that change the world (e.g., an action of down-
loading a paper from a url), and sensing actions that do
not change the world but only return information about
it (e.g., querying a bibliography).

Each domain action has a list of preconditions, P, and
an encoding of the effects of the action as a set of liter-
als, called the assert list, A. The propositions in P can
include literals and quantified i-forms, where the term
quantified is used informally to denote a 1-form that uses
at least one variable, and thus represents infinite num-
ber of ground instances. We assume that an action is
deterministic and can change the truth-value of only a
finite number of atoms, thus assert list contains literals
only, and no quantified -forms.

To update SOK s after executing a domain action
aq all propositions whose truth value' could have been

Ltrue or false
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changed must be removed from s — these are all proposi-
tions entailed by the negation of some effect of ay. The
propositions entailed by effects of a4 are also removed,
and then the effects of a are added to the new SOK. The
agent’s SOK after executing a domain action ag4 in the
SOK s is computed by function update(s, aq) below.

update(s,aq) = ((s—A (aq))—Alaq)) U A(aq), (4)

where A~ (aq) denotes the set of propositions obtained
by negating each proposition in aq’s, assert list A(aq).

Sensing actions also have preconditions. Effects of the
sensing are given by its knowledge list, denoted K. The
propositions in K are kw-1)-forms. After a sensing ac-
tion is executed, it returns an observation list of kn-
propositions corresponding to the information that was
learned, denoted A.

Download(?p, ?s, 7u)
P : HasPaper(?u,?s, 7p)
A : Got(?p)

QueryBib(?b, 7kwd)
P : PrefBib(?b)
K: [KW (=Rel(p, Tkwd) V ~InCollection(p, 7b))]

Figure 1: Example of Writer's Aid’s domain and sensing
actions. The variable p is implicitly universally quantified.
Other variables are action schema parameters

Figure 1 provides examples of two PSIPLAN-S actions.
Download(?p, ?s, ?u) is an action of downloading paper
?p from url ?u of source ?s. QueryBib(?b, ?kwd) is a sens-
ing action that identifies all papers, which according to
bibliography 7b are related to keyword 7kwd. The ef-
fect of this action is encoded in the knowledge list that
contains a quantified y-form, and states that as a result
of this action the set of all papers in collection of bib-
liography 7b that are related to keyword ?kwd will be
identified.

For example, suppose after executing sensing action
a = QueryBib(ACM, X II)
with effect [KW (—Rel(p, Tkwd) V ~InCollection(p, 7b))]
papers Paper; and Paper, were found as the only ones
related to keyword XII, i.e. A(a) consists of the follow-
ing propositions:

[~Rel(p, XII) Vv —InCollection(p, ACM)

except{p = Paperi}, {p = Papera}| (5)
Rel(Paper1, XIT), InCollection(Paperi, ACM)
Rel(Papers, XIT), InCollection(Papers, ACM)

After the execution of a sensing action ay, the set of
observed propositions, denoted below by A(as) is added
to the SOK, i.e.

update(s,as) = s U A(ay) (6)

After propositions from A(a) are added to the SOK,
all possible resolutions from SOK propositions are com-
puted and added to the new SOK — this is a necessary
step that guarantees soundness and completeness of do-
main goal inference in PSIPOP-SE.
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3 Planning with Hypotheticals

We assume the reader’s familiarity with Partial Order
Planning (POP) [Russell and Norvig, 1995]. PSIPOP-SE
is a partial order planner that builds on its predecessors:
a sound and complete open world partial order plan-
ning algorithm PSIPOP [Babaian and Schmolze, 2000]
and PSIPOP-S[Babaian, 2000], which is an extension of
PSIPOP to planning with sensing and knowledge goals.
All three algorithms are based on PSIPLAN-S represen-
tation and calculus. PSIPOP-SE extends PSIPOP-S to
planning with execution.

A hypothetical link is a link between an effect of
a sensing action and a domain subgoal, when the truth
value of the subgoal proposition is unknown and it is
possible that the result of sensing will reveal that the
subgoal is true. To define hypothetical links formally, we
first need to define the kwfy() operation for PSIPLAN-S
domain propositions. Intuitively, the purpose of kuwfy(p)
is to reflect the existing knowledge regarding all ground
propositions represented by p. kwfy(p) defines the small-
est PSIPLAN-S knowledge proposition implied by p.

Definition 3 kwfy(p) operator.
e For a domain atom a, kwfy(a) = [KW (—a)].

L
S Ot

A hypothetical link is created between an effect k of
a sensing step S and a (domain) precondition p on step
Sp if and only if

e For a domain ¢-form [P(Z) except {01, ..
kufy(y) = [KW(P(Z)) except {o1, ..

1. k Ex kwfy(p), i.e. the effect of sensing will result
in knowing the truth value of every ground propo-
sitions denoted by p, and

2. kwfy(p) does not hold immediately prior to step .Sy,
i.e. the values of at least some ground propositions
denoted by p are not known prior to Sp.

Hypothetical links are similar in spirit to Golden’s 0b-
servational links [Golden, 1998], but observational links
to p do not require agent’s ignorance regarding p and are
formulated using conditional effects rather than knowl-
edge propositions.

In the example, illustrated in Figure 2, the
planner attempts to find support to a precondi-
tion to the Download action. The precondition
HasPaper(P,7s,7u) requires that paper P be avail-
able for download from some source 7s at some
url ?u. Suppose, that neither the agent’s current
state of knowledge nor its domain actions can bring
about the achievement of the goal, however there is
a sensing action QuerySourceForPaper(P,?s) with
effect k = [KW(—HasPaper(P,?s,u))]. This ef-
fect entails kwfy(HasPaper(P,?s,?u)), which equals
[KW (—=HasPaper(P,7s,?7u))] . Note that here, as ev-
erywhere else, variables 7u,?s are implicitly existen-
tially quantified and treated as Skolem constants, while
u in the knowledge effect k is the t-form’s univer-
sally quantified variable. To ensure that the sens-
ing would not be redundant, the planner first tries to
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prove that given the current partial plan, the value of
HasPaper(P,?s,?u), is not already known, by calling
procedure Verifylgnorance().

Procedure Verifylgnorance()is passed a partial plan
and a domain subgoal p on step S,, and tries to find
support to the goal p without adding any new actions.
When it fails to find support for kwfy(p), by the CKWA
we can assume value of p is not known, and the procedure
returns true. Otherwise, it returns false.

VerifyIgnorance(plan, p, Sp)
if exist effects ei,...,e, of steps in plan
possibly before S,, such that ei,...,e, =k kufy(p)
return false
else return true

=

Source (7s)

{ QuerySourceForPaper(P, ?sﬂ

[ KW(—HasPaper(P, 7s, u))7]= = =Y
HasPaper(P,?s, 7u)
Download(P, ?s, 7u)

Got(P)

Got(P)

Goal

Figure 2: A depiction of a hypothetical plan. (Steps are
represented by boxes containing action operator’s name and
parameters. — with dashed arrows.

The maximum number of consecutive hypotheses
made in supporting any subgoal in a plan is called the
hypothetical level of a plan Hypothetical level of a
regular (also here called simple) partial order plan is 0.
The space of hypothetical plans is explored gradually,
by limiting the maximum allowed hypothetical level of a
plan to avoid too much hypothesizing.

PSIPOP-SE algorithm is outlined in Figure 3.
Note that this formulation is generalized and leaves
out many details of PSIPLAN-S reasoning and associ-
ated goal satisfaction and threat resolution techniques,
which can be found in [Babaian and Schmolze, 2000;
Babaian, 2000], in order to focus on the details of plan-
ning with hypotheticals. PSIPOP-SE is a nondetermin-
istic algorithm that is passed the initial plan encoding
just the current SOK and goal state as its initial and
goal steps, and an additional parameter maxHL denoting
the maximum hypothetical level of explored plans. The
following fields are added to the standard plan structure
to support hypothetical planning: hlevel denotes the
hypothetical level of the plan, suspendedGoals denotes
a list of sets of goals, planning for which is suspended
until the sensing step(s) are executed.

PSIPOP-SE starts by calling procedure POPH. POPH
is searching for a way of supporting an open goal of a
partially ordered plan that is passed in as a parameter,
and simultaneously explores the hypothetical support
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for the goal. Hypothetical plans are created by proce-
dure FindHypPlans, which nondeterministically chooses
a sensing step - source of the hypothetical link to the
goal in consideration, suspending the rest of the plan’s
open goals, and setting the set of plan’s goals to the pre-
condition of the added sensing step. The hypothetical
plans returned by FindHypPlans are not expanded fur-
ther unless the search for a simple solution plan results
in failure.

If POPH returns with a failure, in other words, a sim-
ple plan that achieves a goal does not exist, PSIPOP-SE
nondeterministically chooses a hypothetical plan from
HPlans. The picked hypothetical plan has as its list of
open goals the preconditions of the earliest source of the
first in order hypothetical link, and the rest of the plan’s
open preconditions as its suspended goals. These sub-
goals were suspended because unless the target condition
of the hypothetical link is found to be true, it does not
make sense to continue planning to satisfy the rest of
subgoals of the plan.

To enable execution of the first in order information
gathering action, PSIPOP-SE calls procedure HPOP,
which searches for a (partial) plan that makes the sens-
ing step-source of the hypothetical link executable from
the initial state. If such completion is found, HPOP ex-
ecutes the plan up until the source of the hypothetical
link, otherwise, the next hypothetical plan is explored.

Upon execution of each action SOK is updated
according to equations (4) and (6) in procedure
UpdateAfterExecution. The executed plan is updated
as well: the executed steps are removed, links originat-
ing in the executed steps are now drawn from the initial
step denoting the SOK, previously suspended goals are
restored and the planner continues to work towards com-
pleting the plan.

It is possible that due to the executed portion of the
plan some sensing acts may have become redundant,
as previously unknown propositions became known.
To avoid redundant information gathering, procedure
HPOP verifies that the sensing is necessary by call-
ing VerifyIgnorance, when picking the next hypothetical
plan to expand. Note also that some causal links may
be invalidated because the truth value of a proposition
was reversed by the executed actions. This would not
happen to the executed current plan, but it may affect
other hypothetical plans in HPlans. Thus, H POP may
discard some invalid links originating from the initial
step (SOK) that are no longer valid, adding their target
conditions to the plan’s goals.

4 Conclusions and Future Work

We have presented a novel method for interleaving plan-
ning with execution, which enables information gather-
ing to be used in support of planning goals. The method
has been implemented within a partial order planner,
however, its formulation is based on the general concepts
of entailment, reasoning about knowledge and ignorance,
which could make the method applicable to other plan-
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PSIPOP-SE (init-plan, maxHL)

HPlans = () // hypothetical plans

if POPH(init-plan, HPlans, maxHL) fails
Choose a plan ph from HPlans
remove ph from HPlans
HPOP (ph, maxHL, HPlans)

POPH(plan, maxHL, HPlans)

if (plan.goals = {)) return plan

else plan’ = copy(plan)
Choose a goal g from plan’.goals
if FindSupport(plan’,g) fails or
ResolveThreats(plan’,g) fails)

result =0

HPlans=HPlansUFindHypPlans(plan’ ,maxHL, g)
if result =0 then fail
else POPH(plan’, maxHL, HPlans)

FindHypPlans(plan, maxHL, g)
// where g denotes a precondition p on step Sp
if (plan.hlevel<maxHL) and Verifylgnorance(p, Sp) =
true
Choose a sensing operator Ss with effect k
such that k =g kwfy(p). If found Ss:
planh = copy(plan)
add hypoth. 1link S5 — — > S, to planh.links
planh.hlevel = planh.hlevel + 1
push (planh.goals) to planh.suspendedGoals
planh.goals = P(S;)
return planh

HPOP (planh, maxHL, HPlans)
-- Complete and execute a hypothetical planh
Remove invalid causal links with source in the SOK
from planh.links,
add their goals to plan.goals
Find the earliest step S; - source of hypothetical
link in planh.
Suppose it is linked to precondition p of S,
if VerifyIgnorance(p, Sp) = true and ph.goals# ()
// find an executable completion of ph, phe
phe = POPH(planh, maxHL, HPlans))
else phe = ph;
Execute phe up to and including S,
UpdateAfterExecution (phe)
if (phe.hlevel > 0)
// remaining plan still has hypothetical links
HPOP (phe, maxHL, HPlans)
else POPH(phe, maxHL, HPlans)

UpdateAfterExecution (ph)

For each executed step S in ph
SOK = update(SO0K,S) // equations (4,6)
Replace S with SOK in all causal links
originating from S to the rest of plan

ph.hlevel = ph.hlevel - 1

ph.goals = pop a list from ph.suspendedGoals

Figure 3: Nondeterministic algorithm PSIPOP-SE.

ning and acting frameworks.
Future research needs to focus on fully exploring the
properties of hypothetical planning on problems from a
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variety of domains, generalizing the hypothetical plan-
ning approach to planning in domains with irreversible
actions, and examining formal issues related to sound-

ness and completeness of the search for hypothetical
plans in PSIPOP-SE.
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Abstract

Learning agents that have to act autonomously and
learn without an explicit teacher are faced with an
important dilemma. On one hand, they need to
explore their environment in order to gather infor-
mation. On the other hand, exploration can result
in action choices with catastrophic consequences.
This is an important issue for agents that learn in a
realistic setting, rather than in simulation. Hence,
it is important to assess the risk of actions and be
able to learn quickly how to avoid “bad” outcomes.
We present a heuristic approach for defining risk for
reinforcement learning agents, and an algorithm for
incorporating this risk notion into exploration. Un-
like other existing work, our method still allows the
agent to learn optimal action values. Our heuris-
tic allows the definition of agents that are either
risk-averse or risk-seeking. In preliminary exper-
iments, risk-based RL agents compare favorably
with agents using other undirected and directed ex-
ploration methods.

1 Introduction

Intelligent agents are increasingly used for tasks that hu-
mans would not or could not perform. For example, robots
may be deployed to collect data on an unexplored planet,
clean up toxic waste at a disaster zone, and recover sunken
objects from the deep sea. Artificial intelligence is used in
medicine to make diagnosis, recommend short term and long-
term treatment strategies, or dynamically control biomedical
devices. In these safety critical systems, it is crucial for au-
tonomous agents to be as conservative as possible, in order
to minimize the risk of damaging expensive robotic machin-
ery in the former case, and of undermining patient well-being
in the latter. Common to these applications is the fact that
agents are required to operate autonomously in environments
that are unknown, uncertain and changing. Second, bounding
the overall risk of the system does not suffice, if the system
is to be used in real time. In a potentially hazardous environ-
ment, a single wrong choice of action may lead to fatal and
irrecoverable consequences.

Reinforcement learning (RL) provides a framework for
learning in stochastic, dynamic environments whose model
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is unknown a priori or incomplete. RL agents learn about
the environment by selecting actions that are informative, a
process known as exploration. At the same time, they strive
to behave optimally, by selecting the best known action in
any given state (exploitation). One of the key issues facing
RL agents in practical applications is how to balance explo-
ration and exploitation [Bulitko, 2004]. Most of the existing
exploration methods are aimed at ensuring that the agent can
gather enough information about the environment. However,
this process can result in “catastrophic” outcomes, which are
not explicitly considered by most existing exploration meth-
ods. A standard assumption is that learning takes place in
simulation, and hence many reincarnations of the agent are
possible. However, this is not always an option.

Two main approaches to handling risk in exploration have
been proposed in prior RL research. One approach is to for-
mulate the control problem that the agent is trying to solve
in such a way that risk is not an issue. Research along this
line, e.g. [Milan, 1996; Singh et al., 1994] is based on for-
mulating actions that are not risky, based on prior knowledge
about the environment. As second line of research is based on
transforming the action values that are being learned such that
risk is taken into account. Existing approaches include solv-
ing a Markov Decision Problem (MDP) subject to constraints
on the variance of the returns [Sato and Kobayashi, 2000]
or on the frequency of entering a fatal state [Geibel, 2001],
and distorting the action values [Heger, 1994; Gaskett, 2003;
Neuneier and Mihatsch, 2002]. There are several reasons why
it is not desirable to induce risk-averse behavior by transform-
ing the action values. First, if the action values are updated
based on a conservative criterion, the policy may be overly
pessimistic. Second, the distortion of the action values means
that the true long-term utilities of actions are not computed
accurately anymore. Hence, it is harder to understand what
kind of approximation errors the agent will produce.

In this paper we present an alternative approach, which
does not distort the action values. We adapt a risk measure
defined in economics for one-shot decision making to MDPs.
We present a straightforward directed exploration algorithm
which uses the risk measure, together with the estimated ac-
tion values, in order to pick actions. We illustrate the way in
which this approach can be used to generate risk-sensitive be-
havior (rather than just conservative risk avoidance). In pre-
liminary experiments on gridworld domains, this risk mea-
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sure compares favorably with other undirected and directed
exploration methods.

2 The notion of risk

The notion of risk is crucial in economics and decision the-
ory. Economists typically distinguish between decisions un-
der risk and decisions under uncertainty. In decision making
under risk, an agent is faced with a set of actions, whose ef-
fects are unknown but can be represented in terms of a prob-
ability distribution over outcomes. In decision making under
uncertainty, no assumptions about the existence of a proba-
bility distribution over outcomes can be made. In the context
of decision making under risk, actions are essentially equiv-
alent to lotteries, where a lottery /; is a set of outcomes o;,
each of which occurs with probability p; and is associated
with a specific reward r;. The decision problem is analogous
to the problem of determining one’s preference amongst a set
of lotteries at each time step.

We are focusing on sequential decision problems formally
represented as MDPs [Bellman, 1957]. An MDP consists of
atuple {S,A,T,R}, where S is a discrete finite set of states in
the environment, A is a discrete finite set of available or per-
missible actions within the environment, 7 is a set of matrices
consisting of the probabilities of transitioning between states
and R is a set of matrices containing the expected rewards
associated with transitions. More precisely,

TS =Pr(si1 =5'|ss =s,a, =a) Wt

and
RY, = E[ris1|se = s,ar = a, 8141 = S'} Vit
55/ 1+1[5t ) Ot 3 St41 = 4

The goal of the decision problem is to find a way of select-
ing actions, called a policy which maximizes the long term
expected reward:
T/
E [Z Y ri]

t=0

where T’ is the number of decision epochs, in a finite hori-
zon problem, or o for the infinite horizon problem and 7 is
a discounting factor which is used to weigh less the rewards
obtained later in the future. RL algorithms compute a good,
sometimes optimal policy when the MDP model, specified by
the matrices T and R, is unknown. In this case, the agent must
explore unknown actions in order to gain information about
the state space. Risk arises naturally in RL, like in one-step
decision making, due to the stochasticity of the environment.
In some environments, actions can potentially have ‘“catas-
trophic” consequences, i.e. destroying the agent in some way.
Hence, despite the information they may reveal, actions may
not always be worth taking. It is important to ask how much
risk the agent should tolerate in order to gather information.

3 Risk-directed Exploration

Intuitively, an action could be deemed risky under two cir-
cumstances: the action may lead to a negative event (one
much worse that the “average” event expected); or, the ac-
tion may have a lot of stochasticity. The second interpreta-
tion is based on observations about the behavior of animals
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and people, who tend to prefer determinism. The risk mea-
sure adopted in this paper, which is a variant based on the
definition proposed by [Yang and Qiu, 2005], incorporates
these two intuitions about risk. Given a state, we define the
measure of risk for a particular action a as the weighted sum
of the entropy and normalized expected reward of that action:
a

Risk(s,a) = wH (s,a) — (1 —w %

maxgeq, |E [R?S,H

where:

H(s,a) = TS log T and E[R%)] = Y T4RS,
s

The definition consists of an entropy term, describing the
stochasticity of the outcomes of a given action in a state, and
a normalized expected reward term, describing how much
worse this action is, in terms of immediate consequences,
than the best action in this state. These two terms are
weighted using a parameter w. The risk measure of an ac-
tion is combined linearly with the action value to form the
risk-adjusted utility of an action:

U,(s,a) = p* (1 —Risk(s,a)) +(1—p)*O(s,a) (1)

The first term measures the safety value of an action, while
the second term measures the long-term utility of that action.
The parameter p provides a way to interpolate between pay-
ing attention to the long-term utility of an action, and paying
attention to safety.

We use the risk-adjusted utility of an action as a substitute
for action values in a Boltzmann distribution:

Ur(s.a)

e T
Yp-1€ i
where T is the temperature parameter. This exploration strat-
egy can be naturally incorporated in value-based RL algo-
rithms, such as Sarsa or Q-learning. The corresponding ver-
sion of Sarsa, taking into account risk, is given in Figure 1.

n(s,q)

2)

Initialize Q(s,a),n(s),n(s,a) Vs Va
Repeat (for each episode):

Initialize s;

n(sy) «—n(s;)+1

Choose a; from s; using (2)

Repeat (for each step of episode):
Execute action a;, observe r; 1 and s,
n(se,a;) < n(se,ar) + 1
Choose a;+1 from s, using (2)
Ors1(8r,ar) — Oy (s1,a:)+

orie1 +Y0: (Si1,ai41) — Qi (51,ar)]
Update Risk(s;,a,) and U, (s;,a;)
St < Sp+15 A < Q41
Until s, is terminal

Figure 1: Risk-directed exploration in Sarsa
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Note that computing the risk-adjusted utility requires a
model of the environment. Such a model can be given, or
it can be learned based on samples, at the same time as the
value function. We explored both alternatives in our experi-
ments.

Consider two actions a; and ap that have the same risk
value. Figure 2 shows that for the standard Boltzmann, a;
has increasingly higher probability of being selected when its
action value surpasses that of a, which is constant at 0, and
lower probability of being selected when its action value falls
below 0. The probability curve is sigmoid-shaped. A simi-
lar trend is observed for the Boltzmann probability that uses
risk-adjusted utilities, although the curves become flatter as
the p-value increases, i.e. as risk term is increasingly over-
weighted. At p = 1.0, the risk measure completely dominates
the risk-adjusted utility value. Since the two actions have the
same risk, they are picked with equal probability at all times.
Note that in practice one would always expect p < 1.

For the intermediate p-values, there are two observations.
As the p-value increases, the probability of selecting a; is
lowered. It requires a greater difference in the predicted value
in order for a; to be preferred. This is analogous to risk-
averse behavior. However, it is also true that unless its value
is very bad, a; still has some probability of being chosen.
This is due to the fact that the safety term in the risk-adjusted
utilities can be positive even for risky actions. As a result, it
can potentially raises the risk-adjusted utilities of both good
and bad actions, causing the bad actions to be selected more
often than desirable. Ideally, the Boltzmann probability func-
tion should be transformed such that it is concave for positive
utilities and convex for negative utilities. This type of trans-
formation may have interesting connections with the Prospect
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theory [Kahneman and Tversky, 1979] in psychology, which
states that people are risk-averse when prospect are framed
in terms of gain, and risk-seeking when prospects are framed
in terms of losses, implying the existence of a concave and
convex utility function for gains and losses respectively.

What if a; has a different value of risk than a;? The prob-
ability of selecting a; when the risk value of a; is higher than
ay by 0.1, 0.3, 0.5, 0.7 are plotted in Figure 3. The value of
ap is 0 at all times, while the value of a; changes from -1 to
1. Within each plot in Figure 3, the general trend induced
by intermediate p-values is still observed, i.e. the higher the
p-values, the flatter the curve. In addition, the more the risk
value of a; increases, the higher the predicted value has to be
in order for a; to be selected. Furthermore, the greater the
p-value, the more drastically the action selection probability
is depressed as the difference of the risk values between a;
and a; becomes larger.

In short, the parameter p controls the relative risk aversion
of the agent. As the value of the parameter p increases, the
Boltzmann action selection rule selects the action with higher
risk with exceedingly lower probability (Figure 2, 3).

4 Experimental Results

An environment typically used in reinforcement learning to
evaluate the sensitivity of algorithms to risk is the cliff world.
Two versions for this environment are presented in Figure 4.
In these environments, the objective of the agent is to travel
from the start to the goal state without falling off the cliff.

B
(a) Close-by-cliff World

2
(b) Cake-or-cheese World

Figure 4: Environments

In both worlds, the state is the exact position of the agent.
In a grid world with 20 by 20 tiles, the total number of states
is 400. The terminal states include the location where the



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

METHOD A B C

SOFTMAX a=0.51t=0.01 a=0.51t=0.01 oa=0.5,1t=0.01
SOFTMAX, TD(A) — — a=0251=0.01
RECENCY-BASED a=0.51t=0.01 a=0.5,1t=0.01 oa=0.51t=0.05
COUNTER-BASED a=0.5,1=0.01 a=0.5,1t=0.01 o=0.51t=0.05
RISK-BASED, P=0.2 a=0.5,1t=0.01 a=0.5,1t=0.01 o=0.5,1t=0.01
RISK-BASED, P=0.4 oa=0.5,1t=0.01 oa=0.5,1t=0.01 oa=0.5,t=0.01
RISK-BASED, P=0.6 oa=0.5,1=0.01 oa=0.5,1=0.01 o=0.1,t=0.01
RISK-BASED, P=0.8 a=0.5,1t=0.01 a=0.5,1t=0.01 a=0.25,1=0.01

Table 1: Parameter Settings for close-by-cliff world. A: 1-step risk,
fixed model; B: 1-step risk, learned model; C: 2-step risk,
learned model

METHOD A B C

SOFTMAX a=0.51=0.01 a=0.51=0.01 a=0.51=0.01
SOFTMAX, TD(A) — — oa=0.5,1=0.05
RECENCY-BASED a=0.51=0.01 a=0.51t=0.05 oa=0.1,T=0.05
COUNTER-BASED a=0.51t=0.01 a=0.5,1t=0.01 a=0.5,1t=0.05
RISK-BASED, P=0.2 a=0.51=0.01 a=0.5,1=0.01 a=0.251=0.01
RISK-BASED, P=0.4 a=0.51=0.01 a=0.5,1=0.01 a=0251=0.01
RISK-BASED, P=0.6 a=0.51=0.01 a=0.5,1=0.01 a=0251=0.01
RISK-BASED, P=0.8 a=0.51t=0.01 a=0.51t=0.01 o=0.5,1t=0.01

Table 2: Parameter Settings for cake-or-cheese world. A: 1-step
risk, fixed model; B: 1-step risk, learned model; C: 2-step
risk, learned model

goal (cheese) is found, and the location of the cliffs. The
agents are allowed four actions, i.e. A={up, left, right and
down}. However, due to the constraints of the boundaries of
the grid, the set of permissible actions Ay in each state may be
smaller than A. With probability 0.8 that the agent will enter a
state as intended, and with probability 0.2 that it will slip into
the neighboring cells of the intended destination. Finally, the
reward for reaching the goal is +1, the penalties for falling
off a cliff -1, and the reward for all other states is 0. In the
cake-or-cheese world, the reward for reaching the cheese is
+1, while the reward for reaching the cake is +0.01. In testing
this environment, it would be interesting to observe whether
the agent chooses the short path to the small goal, longer but
less risky path to the large goal, or the shorter but more risky
path to the large goal. The agent has a maximum of 4000
time steps to complete each training trial, and 400 time steps
to complete each testing trial.

In our experiments, the performance of the algorithm is
characterized by five measures: (a) the training score in terms
of cumulative discounted reward (b) the testing score in terms
of cumulative discounted reward (c) % of termination by cliff
fall during learning (d) % of termination by reaching the goal
during learning (e) the life span during training, in terms of
the number of time steps elapsed until termination.

Three sets of experiments are run for each environment: 1-
step risk using fixed model, 1-step risk using learned model
and 2-step risk using learned model. The experiment is run
over 200 episodes for the close-by-cliff world and 1000 epis-
does for the cake-and-cheese world and all results are aver-
aged over 20 runs. w is set to be 0.5. The constant used
in the counter-based method is 400 for both environments,
and that for the recency-based method is 400 for the close-
by-cliff world, and 4 for the cake-or-cheese world. o and T
are optimized for each algorithm for each environment and
experimental scenario, as shown in table 1 and table 2.
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4.1 Effect of varying p

Varying the parameter p produces an interesting range of
risk-averse behavior. As shown in Figure 5, when using a
fixed model, the higher the p-value, the lower the percentage
of death during training.

In the cake-or-cheese world, the higher the p-value, the
more the agent prefers the small goal, especially during the
beginning of learning (figure 6). A similar trend can be ob-
served for both the fixed and learned model.

9 Death by ClffFall 9 Death by Ciff Fail

0
Epochs.

(a) Close-by-cliff World (b) Cake-or-cheese World

Figure 5: Percentage of cliff fall using fixed model

9 Small Goal Reached

p=0.8

9% Big Goal Reached

TN /9:06
. ~ / -

0.4
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\

w0 70 me w0 Wm0 M a0 s w0 70 @0 oo
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(a) % Small Goal Reached, FM (b) % Big Goal Reached, FM

% Small Goal Reached 9% Big Goal Reached

W W

w0 wo W0 w0 a0
Epochs

(¢) % Small Goal Reached, LM (d) % Big Goal Reached, LM

Figure 6: Percentage of termination at small goal versus large
goal in cake-and-cheese world. FM=Fixed Model,
LM=Learned Model

4.2 Learned model with look-ahead versus without
look-ahead

We tested the performance and behavior of the algorithm
using a learned model. For one-step risk, risk-directed explo-
ration failed to produce better online learning performance
than other directed methods (figure 7).

One remedy is to incorporate more lookahead in the learn-
ing, by introducing two-step risk.



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

% Death by Clif Fall 9 Death by Clif Fall
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Figure 7: Percentage of cliff fall using learned model (without

lookahead)

Rlsk (s,a) = 7LH (S,a) — (1 77\’)WEA]AI[R”,H
where "
H'!(s,a) =H(s,a)+ Ly T4 H(s',a*)
Yy Ty RS + X Tﬁtu R?/* o]

max ET[RY, |

E" [R?s’ } =

and a* is chosen to maximize Q(s',a’)

As shown in Figure 9, using two-step risk results in more
distinction between the life span of the agent under different
values of p, and generally longer life span than using one-step
risk. Based on the percentage of cliff fall during training,
the performance of risk-directed exploration using two-step
risk is comparable to that of TD(A) where A = 0.7 (figure 8).
However, under TD(A), the agent has much shorter life span
and prefers the small goal significantly less than if it were
to adopt risk-directed exploration during training (figure 10).
Comparing the percentage of termination at the small goal
versus the big goal (figure 10) with the equivalent results for
one-step risk (figure 6(c) and 6(d)) implies that the effects of
risk aversion is much more exaggerated when lookahead is
incorporated.

9% Death by Cliff Fall 9 Death by Clif Fall

TD(lambda) MW TD(ambda)
p=0.2 p:O'Zb .
recency-based recency-base

RN counter-based
«—softmax . \\

£ \ .——softmax

counter-based

I I TR TR
Epochs

(a) Close-by-cliff World (b) Cake-or-cheese World

Figure 8: Percentage of cliff fall using learned model (with looka-
head)

5 Discussion and Future Work

The risk-directed exploration method presented here offers
a simple and intuitive solution for ensuring survival during
learning by risk avoidance. The mechanism of risk avoidance
is achieved by learning the risk values of actions during learn-
ing, based on which the probability of selecting that action is
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Figure 9: Life span using learned model
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Figure 10: Percentage of termination at small goal versus large goal
in cake-and-cheese world using learned model (with
lookahead)

adjusted.

One criticism of this method may be that by visiting only
states that are less risky, the agent does not sample widely
enough to have an accurate picture of the environment. As a
result, learning an optimal policy will be slower. Our stand-
point is that if self-preservation is one of the criteria of an
efficient exploration method, this sacrifice is acceptable.

Similarly, the claim that risk aversion is useful for sur-
vival is likely to provoke disagreement. One may argue that
risk aversion is useful in certain situation, but it can produce
pathological behavior in others. Imagine a cliff world envi-
ronment where the cliff divide the space between the agent
and cheese. The risk-directed exploration method will select
actions such that the agent remains in the safer region of the
environment, never approaching the cheese.

Reflection on the limitation of risk aversion suggests that
it may be beneficial for the agent to be risk-averse at cer-
tain times, but risk-seeking at other times depending on the
current context. In fact, risk sensitivity in decision making
has been widely observed in the study of animal foraging be-
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haviour. In one experiment, the yellow-eyed junco birds were
presented with a choice between a feeding station that pro-
vides a constant supply of three seeds and a second feeding
station that provides either no seeds or six seeds with equal
probability. It is found that the birds’ preferences for the
two foraging options depended on the temperature. At nor-
mal temperature (19°C), the birds are on a positive energy
budget, i.e. the average reward of three seeds is sufficient to
maintain the energy level above a critical threshold. It is ob-
served that the birds prefer the constant foraging option that
provides three seeds, i.e. they are risk-averse. At low tem-
perature (1°C), where the average reward of three seeds can
no longer compensate for the energy expenditure, a reversal
in the preference is observed. The birds were risk-seeking,
preferring the variable foraging option that has some prob-
ability of providing enough seeds to bring the energy level
above the critical threshold [Caraco et al., 1990]. This ex-
ample illustrates that risk attitude does not remain static, but
adapts continuously to the environment in favour of actions
that maximize the probability of survival. This switch be-
tween risk-seeking and risk-averse behaviour is also observed
when the source of hazard is not resource depletion, but pre-
dation [Milinski and Heller, 1978].

These observations of animal foraging behaviour have in-
teresting implication for decision making in uncertain envi-
ronments. First, these evidence support the fact that a mea-
sure of risk, instead of expected utility, can be potentially use-
ful for the valuation of a prospect. Second, the ability to ad-
just risk attitude dependent on the context seems to have a
clear advantage in ensuring survival, and empirically shown
to exist even in human decision making [March and Shapira,
1992]. In addition, risk sensitivity may be useful also for
modelling a wide range of rich emotion, behaviour and per-
sonality in agents.

The risk-directed exploration method presented in this pa-
per can be easily extended to provide a framework in which
the risk attitude is dynamically alternated during the learn-
ing phase based on the current context. This can be done
by adjusting the parameter p subject to some predetermined
schedule of decay, or according to some other constraints. In
this paper, we focus on understanding the behaviour and per-
formance of the risk-directed exploration method for a fixed
level of p. Hence, the appropriate mechanisms for dynam-
ically controlling the risk attitude remains an open research
question.

Another interesting enhancement would be the use of a
multi-step risk measure. An adjustable window of how far
to look ahead when calculating risk can be analogous to pay-
ing attention to short term, medium term, or long term risk
of an action. Second, the risk measure can be subject to TD
learning so that a global, instead of local, measure of risk
is derived. In order to subject the risk measure to dynamic
programming, the risk measure must have certain desirable
properties, e.g. additivity. Hence, it would be useful to char-
acterize exactly what those desirable properties are, and what
other definitions of risk are suitable for application. Lastly,
this exploration method can be used to select temporally ex-
tended actions.
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Abstract

In many shortest-path problems of practical inter-
est, insufficient time is available to find a prov-
ably optimal solution. In dynamic environments,
for example, the expected value of a plan may de-
crease with the time required to find it. One can
only hope to achieve an appropriate balance be-
tween search time and the resulting plan cost. Sev-
eral algorithms have been proposed for this setting,
including weighted A*, Anytime A*, and ARA*.
These algorithms multiply the heuristic evaluation
of a node, exaggerating the effect of the cost-to-go.
We propose a more direct approach, called BUGSY,
in which one explicitly estimates search-nodes-to-
go. One can then attempt to optimize the overall
utility of the solution, expressed by the user as a
function of search time and solution cost. Exper-
iments in several problem domains, including mo-
tion planning and sequence alignment, demonstrate
that this direct approach can surpass anytime algo-
rithms without requiring performance profiling.

1 Introduction

Many important tasks, such as planning, parsing, and se-
quence alignment, can be represented as shortest-path prob-
lems. If sufficient computation is available, optimal solutions
to such problems can be found using A* search with an ad-
missible heuristic [Hart ez al., 1968]. However, in many prac-
tical scenarios, time is limited or costly and it is not desirable,
or even feasible, to look for the least-cost path. Furthermore,
in dynamic environments, a plan’s chance of becoming in-
valid increases with time, making any plan based on current
knowledge less valuable as time passes. Instead of ensuring
an optimal solution, search effort should be carefully allo-
cated in a way that balances the cost of the paths found with
the required computation time. This trade-off is expressed by
the user’s utility function, which specifies the subjective value
of every combination of solution quality and search time. In
this paper, we introduce a new shortest-path algorithm called
BUGSY that explicitly acknowledges the user’s utility func-
tion and uses it to guide its search.

A* is a best-first search in which the ‘open list’ of unex-
plored nodes is sorted by f(n) = g(n) + h(n), where g(n)
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denotes the known cost of reaching a node n from the ini-
tial state and h(n) is typically a lower bound on the cost of
reaching a solution from n. A* is optimal in the sense that
no algorithm that returns an optimal solution using the same
lower bound function h(n) visits fewer nodes [Dechter and
Pearl, 1988]. However, in many applications solutions are
needed faster than A* can provide them. To find a solution
faster, it is common practice to increase the weight of h(n)
via f(n) = g(n) + w - h(n), with w > 1 [Pohl, 1970].
There are many variants of weighted A* search, including
A [Pearl and Kim, 1982], Anytime A* [Hansen et al., 1997,
Zhou and Hansen, 2002], and ARA* [Likhacheyv et al., 2004].
In ARA*, for example, a series of solutions of decreasing cost
is returned over time. The weight w is initially set to a high
value and then decremented by ¢ after each solution. If al-
lowed to continue, w eventually reaches 1 and the cheapest
path is discovered. Of course, finding the optimal solution
this way takes longer than simply running A* directly.

These algorithms suffer from two inherent difficulties.
First, it is not well understood how to set w or § to best sat-
isfy the user’s needs. Setting w too high or § too low can
result in many poor-quality solutions being returned, wasting
time. But if w is set too low or ¢ too high, the algorithm may
take a very long time to find a solution. Therefore, to use
a weighted A* technique like ARA* the user must perform
many pilot experiments in each new problem domain to find
good parameter settings.

Second, for anytime algorithms such as ARA*, the user
must estimate the right time to stop the algorithm. The search
process appears as a black box that could emit a significantly
better solution at any moment, so one must repeatedly esti-
mate the probability that continuing the computation will be
worthwhile according to the user’s utility function. This re-
quires substantial prior statistical knowledge of the run-time
performance profile of the algorithm and rests on the assump-
tion that such learned knowledge applies to the current in-
stance.

These difficulties point to a more general problem: any-
time algorithms must inherently provide suboptimal perfor-
mance due to their ignorance of the user’s utility function. It
is simply not possible in general for an algorithm to quickly
transform the best solution achievable from scratch in time ¢
into the best solution achievable in time ¢ 4+ 1. In the worst
case, visiting the next-most-promising solution might require
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starting back at a child of the root node. Without the ability to
decide during the search whether a distant solution is worth
the expected effort of reaching it, anytime algorithms must be
manually engineered according to a policy fixed in advance.
Such hardcoded policies mean that there will inevitably be
situations in which anytime algorithms will either waste time
finding nearby poor-quality solutions or overexert themselves
finding a very high quality solution when any would have suf-
ficed.

In this paper we address the fundamental issue: knowl-
edge of the user’s utility function. We propose a simple vari-
ant of best-first search that represents the user’s desires and
uses an estimate of this utility as guidance. We call the ap-
proach BUuGSY (Best-first Utility-Guided Search—Yes!) and
show empirically across several domains that it can success-
fully adapt its behavior to suit the user, sometimes signifi-
cantly outperforming anytime algorithms. Furthermore, this
utility-based methodology is easy to apply, requiring no per-
formance profiling.

2 The BUGSY Approach

Ideally, a rational search agent would evaluate the utility to
be gained by each possible node expansion. The utility of
an expansion is equal to the utility of the eventual outcomes
enabled by that expansion, namely the solutions lying below
that node. For instance, if there is only one solution in a tree-
structured space, expanding any node other than the one it
lies beneath has no utility (or negative utility if time is costly).
We will approximate these true utilities by assuming that the
utility of an expansion is merely the utility of the highest-
utility solution lying below that node.

We will further assume that the user’s utility function can
be captured in a simple linear form. If f(s) represents the
cost of solution s, and ¢(s) represents the time at which it
is returned to the user, then we expect the user to supply
three constants: Ugepu;, representing the utility of returning
an empty solution; wy, representing the importance of solu-
tion quality; and w;, representing the importance of compu-
tation time. The utility of expanding node n is then computed
as

min
s under n

U(n) = Udefaunr — (wy - f(s) + we - £(s))
where s ranges over the possible solutions available under n.
(Note that we follow the decision-theoretic tradition of better
utilities being more positive, requiring us to subtract the esti-
mated solution cost f(s) and search time ¢(s).) This formu-
lation allows us to express exclusive attention to either cost
or time, or any linear trade-off between them. The number
of time units that the user is willing to spend to achieve an
improvement of one cost unit is wr /w;. This quantity is usu-
ally easily elicited from users if it is not already explicit in the
application domain. (The utility function would also be nec-
essary when constructing the termination policy for an any-
time algorithm.) Although superficially similar to weighted
A*, BUGSY’s node evaluation function differs because wy is
applied to both g(n) and h(n).

Of course, the solutions s available under a node are un-
known, but we can estimate some of their utilities by using
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Figure 1: Estimating utility using the maximum of bounds on
the nearest and cheapest solutions.

functions analogous to the traditional heuristic function h(n).
Instead of merely computing a lower bound on the cost of the
cheapest solution under a node, we also compute the lower
bound on distance in search nodes to that hypothetical cheap-
est solution. In many domains, this additional estimate en-
tails only trivial modifications to the usual h function. Search
distance can then be multiplied by an estimate of time per
expansion to arrive at ¢(s). (Note that this simple estimation
method makes the standard assumption of constant time per
node expansion.) To provide a more informed estimate, we
can also compute bounds on the cost and time to the nearest
solution in addition to the cheapest. U(n) can then be esti-
mated as the maximum of the two utilities. For convenience,
we will also notate by f(n) and t(n) the values inherited from
whichever hypothesized solution had the higher utility.

Figure 1 illustrates this process. The two solid dots repre-
sent the solutions hypothesized by the cheapest and nearest
heuristic functions. The dashed circles represent hypotheti-
cal solutions representing a trade-off between those two ex-
tremes. The dotted lines represent contours of constant utility
and the dotted arrow shows the direction of the utility gradi-
ent. Assuming that the two solid dots represent lower bounds,
then an upper bound on utility would combine the cost of the
cheapest solution with the time to the nearest solution. How-
ever, this is probably a significant overestimate. Taking the
time of the cheapest and the cost of the nearest is not a true
lower bound on utility because the two hypothesized solu-
tions are themselves lower bounds and might in reality lie
further toward the top and right of the figure. Note that un-
der different utility functions (different slopes for the dotted
lines) the relative superiority of the nearest and cheapest so-
lutions can change.

2.1 Implementation

Figure 2 gives a pseudo-code sketch of a BUGSY implemen-
tation. The algorithm closely follows a standard best-first
search. U(n) is an estimate, not a lower bound, so it can
overestimate or change arbitrarily along a path. This implies
that we might discover a better route to a previously expanded
state. Duplicate paths to the same search state are detected in
steps 7 and 10; only the cheaper path is retained. We record
links to a node’s children as well as the preferred parent so
that the utility of descendants can be recomputed (step 9) if
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BuGsy(initial, U())
. open «— {initial}, closed — {}
. n < remove node from open with highest U (n) value
. if n is a goal, return it
. add n to closed
. for each of n’s children ¢,
if cis not a goal and U(c) < 0, skip ¢
if an old version of ¢ is in closed,
if ¢ is better than ¢4,
. update ¢,y and its children
10. else, if an old version of c is in open,
11. if ¢ is better than c,y,
12. update ¢,y
13. else, add c to open
14. go to step 2

OO A WN—

Figure 2: BUGSY follows the outline of best-first search.

g(n) changes [Nilsson, 1980, p. 66]. The on-line estimation
of time per expansion has been omitted for clarity. The exact
ordering function used for open (and to determine ‘better’ in
steps 8 and 11) prefers high U(n) values, breaking ties for
low t(n), breaking ties for low f(n), breaking ties for high
g(n). Note that the linear formulation of utility means that
open need not be resorted as time passes because all nodes
lose utility at the same constant rate independent of their esti-
mated solution cost. In effect, utilities are stored independent
of the search time so far.

The h(n) and ¢(n) functions used by BUGSY do not have
to be lower bounds. BUGSY requires estimates—there is no
admissibility requirement. If one has data from previous runs
on similar problems, this information can be used to convert
standard lower bounds into estimates [Russell and Wefald,
1991]. 1In the experiments reported below, we eschew the
assumption that training data is available and compute cor-
rections on-line. We keep a running average of the one-step
error in the cost-to-go and distance-to-go, measured at each
node generation. These errors are computed by comparing
the cost-to-go and distance-to-go of a node with those of its
children. If the cost-to-go has not decreased by the cost of the
operator used to generate the child, we can conclude that the
parent’s value was too low and record the discrepancy as an
error. Similarly, the distance-to-go should have decreased by
one. These correction factors are then used when computing
a node’s utility to give a more accurate estimate based on the
experience during the search so far. Given the raw cost-to-
go value h and distance-to-go value d and average errors ey,
and eq, d’ = d(1 + eq) and b’ = h + d’ep,. Because on-line
estimation of the time per expansion and the cost and dis-
tance corrections create additional overhead for BUGSY rela-
tive to other search algorithms, we will take care to measure
CPU time in our experimental evaluation, not just node gen-
erations.

2.2 Properties of the Algorithm

BUGSY is trivially sound—it only returns nodes that are
goals. If the heuristic and distance functions are used without
inadmissible corrections, then the algorithm is also complete
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if the search space is finite. If w; = 0 and wy > 0, BUGSY
reduces to A*, returning the cheapest solution. If wy = 0 and
wy > 0, then BUGSY is greedy on ¢(n). Ties will be broken
on low f(n), so a longer route to a previously visited state
will be discarded. This limits the size of open to the size of
the search space, implying that a solution will eventually be
discovered. Similarly, if both wy and w, > 0, BUGSY is com-
plete because t(n) is static at every state. The f(n) term in
U (n) will then cause a longer path to any previously visited
state to be discarded, bounding the search space and ensuring
completeness. Unfortunately, if the search space is infinite
and w; > 0, BUGSY is not complete because a pathological
t(n) can potentially mislead the search forever.

If the utility estimates U (n) are perfect, BUGSY is optimal.
This follows because it will proceed directly to the highest-
utility solution. Assuming U (n) is perfect, when BUGSY ex-
pands the start node the child node on the path to the highest
utility solution will be put at the front of the open list. BUGSY
will expand this node next. One of the children of this node
must have the highest utility on the open list since it is one
step closer to the goal than its parent, which previously had
the highest utility, and it leads to a solution of the same qual-
ity. In this way, BUGSY proceeds directly to the highest util-
ity solution achievable from the start state. It incurs no loss in
utility due to wasted time since it only expands nodes on the
path to the optimal solution.

It seems intuitive that BUGSY might have application in
problems where operators have different costs and hence the
distance to a goal in the search space might not correspond
directly to its cost. But even in a search space in which all
operators have unit cost (and hence the nearest and cheapest
heuristics are the same), BUGSY can make different choices
than A*. Consider a situation in which, after several expan-
sions, it appears that node A, although closer to a goal than
node B, might result in a worse overall solution. (Such a sit-
uation can easily come about even with an admissible and
consistent heuristic function.) If time is weighted more heav-
ily than solution cost, BUGSY will expand node A in an at-
tempt to capitalize on previous search effort and reach a goal
quickly. A¥*, on the other hand, will always abandon that
search path and expand node B in a dogged attempt to op-
timize solution cost regardless of time.

In domains in which the cost-to-goal and distance-to-goal
functions are different, BUGSY can have a significant advan-
tage over weighted A*. With a very high weight, weighted
A* will find a solution only as quickly as the greedy algo-
rithm. BUGSY however, because its search is guided by an
estimate of the distance to solutions as well as their cost, can
actually find a solution in less time than the greedy algorithm.

3 Empirical Evaluation

To determine whether such a simple mechanism for time-
aware search can be effective in practice with imperfect es-
timates of utility, we compared BUGSY against seven other
algorithms on three different domains: gridworld path plan-
ning (12 different varieties), dynamic robot motion planning
(used by Likhachev et al. [2004] to evaluate ARA*), and mul-
tiple sequence alignment (used by Zhou and Hansen [2002] to
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Figure 3: Examples of the test domains: dynamic motion
planning (left), gridworld planning (top right), and multiple
sequence alignment (bottom right).

evaluate Anytime A*). All algorithms were coded in Objec-
tive Caml, compiled to native code, and run on one processor
of a dual 2.6GHz Xeon machine with 2Gb RAM, measuring
CPU time used. The algorithms were:

A* detecting duplicates using a closed list, breaking ties on
f in favor of high g,

weighted A* with w = 3,
greedy A* but preferring low h, breaking ties on low g,

speedy greedy but preferring low time to goal (¢(n)), break-
ing ties on low h, then low g,

Anytime A* weighted A* (w = 3) that continues, pruning
the open list, until an optimal goal has been found,

ARA* performs a series of weighted A* searches (starting
with w = 3), decrementing the weight (§ = 0.2, follow-
ing Likhachev et al.) and reusing search effort,

A’ from among those nodes within a factor of € (3) of the
lowest f value in the open list, expands the one esti-
mated to be closest to the goal.

Note that greedy, speedy, and A* do not provide any inherent
mechanism for adjusting their built-in trade-off of solution
cost against search time; they are included only to provide a
frame of reference for the other algorithms. The first solu-
tion found by Anytime A* and ARA* is the same one found
by weighted A*, so those algorithms should do at least as
well. We confirmed this experimentally, and omit weighted
A* from our presentation below. On domains with many so-
lutions, Anytime A* often reported thousands of solutions;
we therefore limited both anytime algorithms to only report-
ing solutions that improve solution quality by at least 0.1%.
A’ performed very poorly in our preliminary tests, taking a
very long time, so we omit its results as well. !

3.1 Dynamic Robot Motion Planning

Following Likhachev er al. [2004], this domain involves mo-
tion planning for a mobile robot (see Figure 3 for an exam-

! Although Pearl and Kim do not discuss implementation tech-
niques (their results are presented solely in terms of node expan-
sions), it seems that their algorithm could be made to operate more
efficiently by designing a special coordinated heap and balanced bi-
nary tree data structure. We have not pursued this yet.
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U() | Bugsy ARA* Sp Gr

time only 72 66 75 88

10 microsec 72 66 75 88
100 microsec 69 66 74 88
1 msec 58 63 70 83

10 msec 51 47 47 56

0.1 sec 66 59 53 55

1 sec 69 65 56 56

10 secs 67 69 53 54

100 secs 67 69 53 53

Table 1: Results on dynamic robot motion planning.

ple). Rather than finding the shortest path, the objective is
to find the fastest path, taking into account the maximum
acceleration of the robot and its inability to turn quickly at
high speed. Solution cost corresponds to the duration of the
planned robot trajectory. In effect, each utility function spec-
ifies a different trade-off between planning time and plan ex-
ecution time. The state representation records position, head-
ing, and speed. The path cost heuristic (h(n)) is simply the
shortest path distance to the goal, divided by the maximum
speed. This is precomputed to all cells at the start of the
search. The plan cost lower bound f(n) is the usual cost-
so-far (g(n)) plus this cost-to-go (h(n)). For speedy and
BUGSY, the distance in moves to the goal is also precom-
puted. The search cost estimate ¢(n) is this distance divided
by the number of search nodes expanded per second, which
was estimated on-line as discussed above. No separate esti-
mates were made for BUGSY of the distance to the cheapest
goal or cost of the nearest goal, so U was estimated only on
this single f and t values. Legal state transitions (ignoring
position) were precomputed. Unlike the heuristics, this was
the same for all algorithms and was not included in the search
time. We used 20 worlds 100 by 100 meters (discretized as in
Likhachev et al. every 0.4 meters), each with 20 linear obsta-
cles placed at random. Starting and goal positions and head-
ings were selected uniformly at random. Instances that were
solved by A* in less than 10 seconds or more than 1000 sec-
onds were replaced.

Table 1 compares the solutions obtained by each algorithm
under a range of different possible utility functions. Each
row of the table corresponds to a different utility function.
Recall that each utility function is a weighted combination of
path cost and CPU time taken to find it. The relative size of
the weights determines how important time is relative to cost.
In other words, the utility function specifies the maximum
amount of time that should be spent to gain an improvement
of 1 cost unit. This is the time that is listed under U() for
each row in the table. For example, ”’1 msec” means that a
solution that takes 0.001 seconds longer to find than another
must be at least 1 unit cheaper to be judged superior. The
utility functions tested range over several orders of magnitude
from one in which only search time matters to one in which
100 seconds can be spent to obtain a one unit improvement in
the solution cost.

Recall that, given a utility function at the start of its search,
BUGSY returns a single solution representing the best trade-
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off of path cost and search time that it could find based on the
information available to it. Of course, the CPU time taken
is recorded along with the solution cost. Greedy (notated Gr
in the table) and speedy (notated Sp) also each return one
solution. These solutions may score well according to util-
ity functions with extreme emphasis on time but may well
score poorly in general. The two anytime algorithms, Any-
time A* and ARA¥*, return a stream of solutions over time.
For these experiments, we allowed them to run to optimality
and then, for each utility function, post-processed the results
to find the optimal cut-off time to optimize each algorithm’s
performance for that utility function. Note that this ‘clairvoy-
ant termination policy’ gives Anytime A* and ARA* an un-
realistic advantage in our tests. However, both A* and Any-
time A* performed extremely poorly in this domain and are
omitted from Table 1. To compare more easily across differ-
ent utility functions, all of the resulting solution utilities were
linearly scaled to fall between O and 100. Each cell in the
table is the mean across 20 instances.

The results suggest that BUGSY is competitive with or bet-
ter than ARA* on all but perhaps one of the utility functions.
In general, BUGSY seems to offer a slight advantage when
time is important. Given that BUGSY does not require per-
formance profiling to construct a termination policy, this is
encouraging performance. As one might expect, Greedy per-
forms well when time is very important, however as cost be-
comes important the greedy solution is less useful. Compared
to greedy, speedy is not able to overcome the overhead of
computing two node evaluation functions.

3.2 Gridworld Planning

We considered several classes of path planning problems on
a 500 by 300 grid, using either 4-way or 8-way movement,
three different probabilities of blocked cells, and two differ-
ent cost functions. In addition to unit costs, under which ev-
ery move is equally expensive, we used a graduated cost func-
tion in which moves along the upper row are free and the cost
goes up by one for each lower row. Figure 3 shows a small
example solution under these costs (the start and goal posi-
tions are always in these corners). We call this cost function
‘life’ because it shares with everyday living the property that
a short direct solution that can be found quickly (shallow in
the search tree) is relatively expensive while a least-cost solu-
tion plan involves many annoying economizing steps. Under
both cost functions, simple analytical lower bounds (ignor-
ing obstacles) are available for the cost (g(n)) and distance
(in search steps) to the cheapest goal and to the nearest goal.
These quantities are then used to compute the f(n) and ¢t(n)
estimates. Because A* can perform well in this domain and
our experiments include utility functions that make it worth
finding the optimal solution, we diluted BUGSY’s estimated
lower-bound correction factors by dividing them by 5, de-
creasing the severity of any overestimation.

Table 2 shows typical results from three representative
classes of gridworld problems. As before, the rows repre-
sent a broad spectrum of utility functions, including those in
which speedy and A* are each designed to be optimal. Each
value represents the mean over 20 instances. Anytime A* is
notated AA*. In the top group (unit costs, 8-way movement,
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U() | BuGsy ARA* AA* Sp  Gr A*
unit costs, 8-way movement, 40% blocked
time only 99 100 99 99 100 69
500 microsec 98 96 96 95 95 69
1 msec 98 91 93 90 91 69
5 msec 95 60 68 56 56 68
10 msec 94 44 57 34 34 74
50 msec 95 85 77 33 33 91
cost only 95 96 9% 33 33 96
unit costs, 4-way movement, 20% blocked
time only 97 98 98 98 99 19
100 microsec 95 94 95 94 95 21
500 microsec 91 67 70 61 62 28
1 msec 86 62 43 28 29 50
5 msec 82 81 42 22 22 91
10 msec 79 87 46 20 20 92
cost only 76 93 93 19 19 93
‘life’ costs, 4-way movement, 20% blocked
time only 99 92 88 100 96 16
1 microsec 97 94 90 93 98 17
5 microsec 92 89 85 52 92 18
10 microsec 93 86 83 12 88 30
50 microsec 97 86 87 11 85 87
100 microsec 97 91 89 11 8 94
cost only 94 97 97 11 82 97

Table 2: Results on three varieties of gridworld planning.

40% blocked), we see BUGSY performing very well, behav-
ing like speedy and greedy when time is important, like A*
when cost is important, and significantly surpassing all the
algorithms for the middle range of utility functions. In the
next group (4-way movement, 20% blocked), BUGSY per-
forms very well as long as time has some importance, again
dominating in the middle range of utility functions where bal-
ancing time and cost is crucial. However, its inadmissible
heuristic means that it cannot perform quite as well as A* or
ARA¥* at the edge of the spectrum when cost becomes crit-
ical. (Of course, one can always disable BUGSY’s correc-
tion factors when running under such circumstances, but pre-
sumably in practice one would be using A* search anyway if
search time weren’t an important consideration.) In the bot-
tom group in the table (‘life’ costs, 4-way movement, 20%
blocked), we see a similar general pattern: BUGSY performs
very well across a wide range of utility functions, dominat-
ing other algorithms for the middle range of utility functions.
However, it does fall slightly short of A* when solution cost
is the only criterion.

3.3

Alignment of multiple strings has recently been a popular do-
main for heuristic search algorithms [Hohwald ef al., 2003].
An example alignment is shown in Figure 3. The state rep-
resentation is the number of characters consumed so far from
each string; a goal is reached when all characters are con-
sumed. Moves that consume from only some of the strings
represent the insertion of a ‘gap’ character into the others. We
computed alignments of three sequences at a time, using the

Multiple Sequence Alignment
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U() | Bugsy ARA* AA* Sp Gr A*

time only 99 100 100 100 100 22
1 msec 100 99 9 97 98 22

S msec 99 97 97 88 92 24
10 msec 98 92 94 74 83 26
50 msec 87 80 81 14 42 90
0.1 sec 69 89 68 11 33 93
cost only 57 95 95 9 27 95

Table 3: Results on multiple sequence alignment.

standard ‘sum-of-pairs’ cost function in which a gap costs 2,
a substitution (mismatched non-gap characters) costs 1, and
costs are computed by summing all the pairwise alignments.
Sequences were over 20 characters, representing amino acid
triplets. The uniform random sequences that are popular
benchmarks for optimal alignment algorithms are not suit-
able in our setting because the solution found by the speedy
algorithm (merely traversing the diagonal, resulting in many
substitutions) is very often the optimal alignment. Instead, we
use biologically-inspired benchmarks which encourage opti-
mal solutions that contain significant numbers of gaps and
matches. Starting from a ‘common ancestor’ string which
does not become part of the instance, we create sequences
by deleting and substituting characters uniformly at random.
In the instances used below, the ancestors were 1000 char-
acters long and the probabilities of deletion and substitution
were both 0.25 at each position. The heuristic function h(n)
was based on optimal pairwise alignments that were precom-
puted by dynamic programming. The lower bound on search
nodes to go was simply the maximum number of characters
remaining in any sequence. As in gridworld, A* is a feasible
algorithm and thus we dilute BUGSY’s correction factors by
5.

Table 3 shows the results, with each row representing a
different utility function and all raw scores again normalized
between 0 and 100. Each cells represents the mean over 5 in-
stances (there was little variance in the scores in this domain).
Again we see the same pattern of performance. BUGSY per-
forms very well when time is important and surpasses the
other algorithms when balancing between cost and time. It
does fall short of A* when cost is paramount, due to its inad-
missible heuristic.

4 Discussion

We have presented empirical results, using actual CPU time
measurements and a variety of search problems, demonstrat-
ing that BUGSY is at least competitive with state-of-the-art
anytime algorithms. For utility functions with an emphasis on
solution time or on balancing time and cost, it often performs
significantly better than any previous method. However, for
utility functions based heavily on solution cost it can some-
times perform worse than A*. BUGSY appears quite robust
across different domains and utility functions.

When its utility estimates are perfect, BUGSY is optimal.
However, more work remains to understand the exact trade-
off between accuracy and admissibility. Our empirical expe-
rience demonstrates that attempting to correct lower bounds
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into more accurate estimators can impair BUGSY’s perfor-
mance when solution quality is very important. However,
it seems foolish not to take advantage of on-line error esti-
mation to bring these bounds closer to the accurate estimates
that would allow BUGSY to be optimal. In this paper, we have
chosen to merely dilute the correction factors. In the future,
we hope to be able to analyze the given utility function in the
context of the domain and determine whether admissibility is
worth preserving.

We have done preliminary experiments incorporating sim-
ple deadlines into BUGSY, with encouraging results. Because
it estimates the search time-to-go, it can effectively prune so-
lutions that lie beyond a search time deadline. Another simi-
lar extension applies to temporal planning: one can specify a
bound on the sum of the search time and the resulting plan’s
execution time and let BUGSY determine how to allocate the
time.

Note that BUGSY solves a different problem than Real-
Time A* [Korf, 1990] and its variants. Rather than perform-
ing a time-limited search for the first step in a plan, BUGSY
tries to find a complete plan to a goal in limited time. This
is particularly useful in domains in which operators are not
invertible or are otherwise costly to undo. Having a complete
path to a goal ensures that execution does not become en-
snared in a deadend. It is also a common requirement when
planning is but the first step in a series of computations that
might further refine the action sequence.

In some applications of best-first search, memory use is a
prominent concern. In a time-bounded setting this is less fre-
quently a problem because the search doesn’t have time to ex-
haust available memory. However, the simplicity of BUGSY
means that it may well be possible to integrate some of the
techniques that have been developed to reduce the memory
consumption of best-first search if necessary.

When planning in a dynamic environment, we assume not
only that BUGSY is provided with a utility function that cap-
tures the decrease in expected plan value as a linear function
of time, but also that the algorithm has full access to knowl-
edge of how the domain changes. It would be very interest-
ing to combine the utility-based search of BUGSY with tech-
niques to exploit localized changes in the search space, such
as used in ARA*.

5 Conclusions

As Nilsson notes, “in most practical problems we are inter-
ested in minimizing some combination of the cost of the path
and the cost of the search required to obtain the path” yet
“combination costs are never actually computed ...because
it is difficult to decide on the way to combine path cost and
search-effort cost” [1971, p. 54, emphasis his]. BUGSY ad-
dresses this problem by letting the user specify how path cost
and search cost should be combined.

This new approach provides an alternative to anytime algo-
rithms. Instead of returning a stream of solutions and relying
on an external process to decide when additional search ef-
fort is no longer justified, the search process itself makes such
judgments based on the node evaluations available to it. Our
empirical results demonstrate that BUGSY provides a simple
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and effective way to solve shortest-path problems when com-
putation time matters. We would suggest that search proce-
dures are usefully thought of not as black boxes to be con-
trolled by an external termination policy but as complete in-
telligent agents, informed of the user’s goals and acting on the
information they collect so as to directly maximize the user’s
utility.
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Heuristic Speed-Ups for Learning in Complex Stochastic Environments
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Abstract 2 Related Work

We describe a novel methodology by which a Anticipation of hostile.unit behavior in the context of com-
software agent can learn to predict future events ~ PUter games has previously been addressébird, 2001,

in complex stochastic environments together with who had the agent apply its own action selection procedur_e
an important heuristic-based acceleration technique based on the information probably possessed by the hostile

for computing the prediction. This speed-up en- unit in order to guess what the hostile would do. In this work,
ables us to use much more context in our predic- we are attempting to learn to anticipate without hand-coded
tions than was previously possidBarken, 200% rules. Further, while hostile unit behavior is one of the things
We present results gathered from a first prototype W€ would like to predict, it is not the only thing. _

of our approach. We have not been successful in finding known algorithms

that we can productively compare with our approach. Logical
rules, including some types of predictive rules, can be learned
1 Introduction by algorithms such as FOIlMitchell, 1997. However, these
algorithms assume a deterministic domain. Hidden Markov
A significant challenge for intelligent software agents is mak-Models[R. Duda and Stork, 200 &re well suited to stochas-
ing them proactive, i.e. able to understand their environmenfic domains, but assume a finite state space, and in practice
to the degree that they are able to predict what is likely to hapstate spaces that are finite but large are problematic. We are
pen next and can therefore take appropriate measures. Thgore optimistic about the scaling of variable order Markov
ability to predict likely next events can in principle be con- models[R. Begleiter and Yona, 2004but these also assume
verted into intelligent action selection along the lines sug-a finite state space.
gested bySutton and Barto, 1981We propose that simple,  After submitting this paper, the reviewers suggested that
transparent learning schemes may enable agents to predict t§éyeral recent models may be related to the one presented
Ilkely course of events. The prediction algorithm has_beer]n this paper. We have not been able to follow up these
previously described ifDarken, 200§ but the acceleration suggestions in as much detail as we would have liked, but
techniques and results they enable are new. we offer the following preliminary comments. Predictive
In order to explore our hypothesis, we have created a simState RepresentatiofSinghet al,, 2003 and Schema Learn-
ple game in the RPG (role-playing game) family. We thening [Holmes, 2005 are recent approaches to prediction in
implemented a sensory interface that passes percepts codé@chastic environments. Both are focused on predicting the
in a first-order logic subset to the agent. The agent then atesults of agent actions. We believe both approaches are cur-
tempts to predict the next percept that it will see. This envi-rently limited to finite state spaces, and we are aware of tests
ronment is both stochastic and complex. "Stochastic” impliesn only very small domains (tens of states). Relational Re-
that future percepts are not a function of the sequence of prénforcement Learning (for exampléGretton and Thiebaux,
vious ones. This environment may be considered comple2004) also considers relational, stochastic domains like the
in many senses, beginning with the fact that, although it is @approach described in this work, though it appears to be fo-
small and simple game as such games go, its state spacedgsed on action selection (as is conventional reinforcement
very large. More significant, we believe, is the fact that thergearning) rather than prediction.
is no obvious way for the agent to sum up its information
about the world in a representation of fixed dimension, i.e :
that some aspects of fifst-order logic are apparently neede% Benchmark Environment
in order to accomplish the task. Our impression is that learnOur benchmark environment is a simple virtual environment
ing algorithms that can succeed in stochastic domains withowtith a text interface modeled after the DikuMUD family of
obvious representations of fixed dimension are of interest focombat oriented MUD’s. This family of games is instantly
many domains stretching far beyond interactive entertainmerdomprehensible to a player of World of Warcraft or Everquest
applications. 2, to name two current exemplars, and is arguably a progen-
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Paperville

Terrified eyes peer from every window
of this besieged hamlet.

Contents: pitchfork, wand, Conan

get pitchfork
You get the pitchfork.

equip pitchfork
(A 40.6979999542 look)

You equip the pitchfork. (+ 40.7079999447 location pitchfork
Paperville)
w (+ 40.7079999447 location wand
Paperville)
The Eastern Meadow (+ 40.7079999447 location Conan
All the grass has been trampled into Paperville)
the dirt, and tiny footprints are
everywhere. get pitchfork

Contents: Conan
(A 44.6440000534 get pitchfork)
(E 44.6440000534 get Conan pitchfork)
44.6440000534 location pitchfork
Paperville)

(+ 44.6440000534 location pitchfork
itor of these systems. Players of this type of game assume Conan)
the role of a young adventurer. The goal of the game is to
expand the power of one’s in-game avatar to the maximum equip pitchfork
extent possible. This goal is primarily accomplished by slay-
ing the monsters that roam the virtual environment. Slaying (A 47.6080000401 equip pitchfork)
monsters results in improvements to the avatar’'s capabilities(+ 47.6080000401 equipping Conan
through an abstracted model of learning (“experience points”)  pitchfork)
and also though the items (“loot”) that the slain monsters drop
or guard, which either consist of or may be traded for more w
powerful combat gear.

The benchmark environment consists of 19 locations, four (A 51.2130000591 w)

monsters of three different types, and four different weapon (E 51.2130000591 go Conan west)
types, of which there may be any number of instantiations. (- 51.2130000591 location wand
Growth of combat capabilities through experience has not  Paperville)
been modeled, therefore, improved capability comes only by (- 51.2130000591 location Conan
acquiring more powerful weapons. The environment as a  Paperville)
whole may be conceived of as a discrete event system with(+ 51.2130000591 location Conan
a state that consists of the Cartesian product of some number The_Eastern_Meadow)
of variables. The system remains in a state indefinitely until

an event is received, at which time it may transition to a ”e"‘1:|gure 2: The beginning of the same session described in Fig-
St"’_‘;‘he benchmark H o i (J;re 1 with the benchmark environment as it would appear to
e benchmark environment together with networking and, g yare agent named Conan. The first four percept fields

multiplayer infrastructure was coded from scratch in Python .. ; ti t t Th foll db
The system uses a LambdaMOO-like method dispatch mecth:ee peyr%iptlg]%jrgg?s ﬁ?;cnip name. These are foflowed by

anism to determine which game object should process a
player action. An unusual feature is the ability to provide
output in English text and/or in a first-order logic fragment,
as shown in Figures 1 and 2.

Figure 1: The beginning of a session with the benchmark en-
vironment as it appears to a human player named Conan. (-

4 Perceptual Model

We have implemented text-based interfaces to allow both hu-
mans and software agents to interact with the benchmark en-
vironment. The human interface consists of English text. We

describe the agent interface below.
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Perception for software agents in the benchmark environ5.1 Exact Matching
ment is modeled as direct access to a subset state variablgsthis technique, each left column entry consists of a single
and system events. The subset of visible events and variablgguation. A new situation matches the entry only if it is iden-
depends upon the location of the agent in the environment, i.gica| (neglecting the order of the atoms). Each right column
an agent receives information only about occurrences in higntry consists of a distribution of situations. If a new situa-
immediate location. The agent's own actions also generatgon matches a left column entry, the predicted percept distri-
percepts. Thus, four types of percepts are required. "A'reprepytion is the list of atoms in the right-hand column together
sents agent actions. 'E’ represents events. '+’ represents thgith probability estimates which are simply the value of the
beginning of a time interval in which a variable was sensed tqqunter for the list member element divided by the value of
have a particular value. When the variable changes value, Qe counter for the situation in the left column.
it can no longer be sensed, a -’ percept is received. We form as each percept arrives, it is used to train the predictor
logical atoms from percepts whenever needed by appendinginction as follows. The situation as it wasthe time of the
the percept type to the percept name to create a predicate (i &rival of the last percepis generated and matched against all
a percept of type 'E’ with name "location’ would correspond entries in the left-hand column of the table. Because of how
to an atom with predicate 'locationE’) and taking the remain-the table is constructed, it can match at most one. If a match
ing elements of the percept as the arguments of the predicafg found, the counter for the entry is incremented. Then the
(the time stamp is ignored). At any given time, we define thenew percept is matched against each element of the predicted
“sensation” of the agent to be the set of all variables and theipercept distribution. If it matches, the counter for that ele-

values that are currently being sensed. ment is incremented. If it fails to match any element of the
distribution, it is added as a new element of the distribution
5 Prediction with a new counter initialized to one. If the situation matches

no left-hand column entry, a new entry is added.

After the agent is turned on for the first time, and percepts Next, the current situation (including the percept that just
start to arrive, a percept predictor is constructed on the fly, i.earrived) is constructed and matched against the left-hand col-
the agent learns as it goes along, just like animals do. As eaalinn entries to generate the predicted distribution for the next
percept is received, the new data is used to enhance (“trainercept to arrive. If the situation does not match any entry,
the predictor, and the enhanced predictor is immediately puhere is no prediction, i.e. the situation is completely novel to
to use to predict the next percept. Prediction depends upontfe agent.
few key notions. The first is the notion of a “situation”. An instructive example to illustrate the algorithm’s func-

Our statistical one-step-ahead percept predictor is a fundion can be found iiDarken, 2005
tion whose input is the percept sequence up to the time of ) )
prediction and whose output is a probability distribution over5.2 ~ Patterns with Variables
all percepts that represents the probability that each perceffhe above technique makes predictions that are specific to
will be the next one in the percept sequence. Of course, aipecific objects in the environment. In environments where
percepts in the percept sequence are not equally useful fain object may be encountered only once and never again,
prediction. In particular, one might expect that, as a generabr example, this is not very useful. By replacing references
rule, more recent percepts would be more useful than oldeto specific objects by variables, we produce a technique that
ones. On this basis, we discriminate the “relevant” subset ofjeneralizes across objects. In this technique, left column en-
the percept sequence, and ignore the rest. We define a recertgigs contain variables instead of constants. A new situation
threshold!’. For predictions at time, a percept in the percept matches the entry if there is a one-to-one substitution of the
sequence is relevant if either its time-stamp is in the intervalariables to constants in the situation. A one-to-one substitu-
[t —T,t], oritis a’'+ type percept whose corresponding -’ tion is a list of bindings for the variables, that has the property
percept has not yet been received (this would indicate that thghat one and only one variable can be bound to one specific
contents of the percept are still actively sensed by the agentonstant. The reason for the constraint to one-to-one substi-
Given the set of relevant percepts, we produce the multiset afitions is to ensure that each situation matches at most one
relevant atoms (multisets are sets that allow multiple identipattern (left column entry). This restriction is not necessary,
cal members, also known as bags) by stripping off the timesput it is convenient. Right column entries can also contain
tamps and appending the type to the predicate to producevariables in this model. Given a match of a pattern to a situ-
new predicate whose name reflects the type. We call thesation, the predicted percept distribution is given by applying
relevant atom multisets “situations”. the substitution to the atoms in the right column distribution.

Our predictor function takes the form of a table whose leftNote that it may be the case that some variables remain in the
column contains a specification of a subset of situations angrediction even after the substitution is applied.
whose right column contains a prescription for generating a As each percept arrives, it is used to train the predictor
predictive distribution over percepts given a situation in thefunction as follows. The situation is generated and matched
subset. The table contains counters for the number of timeagainst all entries in the left-hand column of the table. It can
each left column and right column distribution element is en-match at most one. If a match is found, the substitution (list
countered. We have investigated two different methods obf variable-to-constant bindings) is kept, and the counter for
specifying subsets and generating the corresponding predithe entry is incremented. Then the substitution is applied to
tions. each element of the predicted percept distribution, and the
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percept is matched against it. If it matches, the counter foble.

that element is incremented. If it fails to match any element

of the distribution, it is “variablized” by replacing each con- 6.1 Example

stant with the corresponding variable from the substitutionThe following example provides proof that the “list of list
and replacing each remaining constant with a new variableyajrs” invariant, described above, is not sufficient to discrimi-
and then added as a new element of the distribution with &ate all situations that are legitimately different. Consider the
new counter initialized to one. If the situation matches nofo|lowing situation description, as might appear as a left col-

left-hand column entry, a new entry is added, consisting ofymn entry in the variable pattern method. Only one predicate,
the situation with each constant replaced by a variable. “P” is used.

Note that one can conceive of interesting schemes that ar

combinations of the two presented techniques. For exampl (zv,?)w)
one might try to predict the next percept with an exact matchbgé‘)’(v’,)';))

ing model first, but if no prediction was available (or if the 37>
prediction was based on too little data), one might revert 1’ (?2.2Y)

a simultaneously developed variable-based predictor. Alter- Constructing the two lists for each variable as described
natively, one might design the environment so that percepabove yields:

references to objects were either existentially quantified vari;,v. Pl [0

ables or constants. A hybrid model could be developed which, . Pl [P]

would then produce patterns with variables or constants basegq .’ P] [P]
on what was present in the percept. This places the burden gf . 0 [P Pl
deciding how the predictor should behave onto the percep;ZZ Pl [

designer. _ o _ - o
Here is a similar, yet different situation description.

6 Accelerated Search P(?v,?w)

. ) ) _ P(?w,?x)
Initially we implemented a back-tracking depth-first search top 7y 7y
match situations to table entries. Using back-tracking searcp(7z 7y)
and progressing linearly through the predictor table proved ) o , ,
too slow. We wanted to experiment with higher recency And here is the corresponding list of list pairs.
thresholds. But a higher recency threshold corresponds dv: [P] []
rectly to larger situations, and a great deal more time per?w: [P] [P]
forming backtracking search. 2x: [] [P P]

For the exact matching algorithm, it is the case that eactry: [P] [P]
situation corresponds to a unique string which is the con?z: [P] []
stituent atoms (taken as lists of strings which are the predicate
and constant arguments) put into lexical order. These strings
are then placed in a hash table. Now a new situation can big [P P]
tested against the table by constructing its string and checkinigP] [l
the hash table. (Pl 0

For the variable pattern approach, simply sorting the atom&] [P]
will not work, as they contain variables whose names are na] [P]
significant. Our approach is to compute an invariant of the
situation pattern that does not depend on the names of thg Results
variables. For each variable, we construct two lists of predi- . .
cates, the list of predicates where the variable appears as tHel FIrst Experiment
first argument and the list of predicates where the variable apA/e created a software agent that takes random actions (one
pears as the second. All of our predicates are binary. Werevery 0.25 seconds) and connected it to the benchmark en-
this not the case, more lists could be used, or the higher dedronment. Since the action generator is not very intelligent,
gree atoms reduced to a semantically equivalent set of binampany actions elicit what are essentially error messages from
atoms. We then put this list of list pairs into lexical order the environment. We do not consider this a problem. In fact,
and then hash them into a table. Two situations that are iderwe would like the agent to learn when an action will be fruit-
tical up to substituting the names of variables must hash tdess.
the same location in the table. Unfortunately, situations that We describe the results of a typical run. For this run, per-
are different in more than just variable names can nonethezepts were defined as relevant if they had been received in the
less hash to the same location, so a backtracking search muast 0.1 seconds or if they were in the agent’s current sensa-
be performed on each situation in the hash cell to determingon. The agent was allowed to explore the environment for
whether the match is genuine or not. Still, hash collisionsabout one and one quarter hours of real time while the learn-
occur relatively rarely, and this approach is very much fasteing algorithm ran concurrently. 38519 percepts were received
than backtracking search over every row of the predictor taand processed during the run.

After lexical sort, both cases become:
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The exact matching approach produced 5695 predictors
(rows in the table). The approach with variables produced
only 952, much fewer, as might be expected.

Numeric results are given in Figures 3 and 4. The average || Type | Avg. Probability | Occurrence§ Error
predicted probability of the percepts as a function of time is A 7.65% 14488 | 65.5%
presented in Figure 7. Note that by the end of the run, both E 72.09% 14905| 20.3%

+

curves are fairly flat. The exact match curve is lower, but 45.92% 4563 | 12.1%
increasing faster. 69.28% 4563 | 6.9%
For the approach with variables, the prediction is consid-

ered correct if it matches the actual next percept (to within &igure 3: Performance summary for exact matching. The av-
one-to-one variable substitution). Note that the agent's owrrage predicated probability over all percepts was 44.43%.
actions, being randomly generated, were the most difficultrror is the expected fraction of the total number of predic-

to predict. Neglecting type ‘A" percepts, the average pre-ion errors for percepts of the given type.
dicted probability of all remaining percepts is 66.6 percent

for the exact match model and 70.5 percent for the model
with variables. This strikes us as reasonably high given the
fine-grained nature of the predictions, the simplicity of the
algorithm and the high degree of remaining irreducible ran-
domness in the environment caused by random movements
of monsters and outcomes of each attempted strike in com-

bat. A significant number of mistakes seemed to be caused [[ Type | Avg. Probability [ Occurrence§ Error

by forgetting of important percepts caused by the severe re- A 7.82% 144881 65.3%

cency threshold used (0.1 sec). We have found that the simple E 66.39% 14905 | 24.5%
table-based predictive model does not scale well to the re- + 65.12% 4563 | 7.8%

cency threshold of multiple seconds that would be seem to be - 89.32% 4563 | 2.4%
necessary to solve the problem without modifying the agents

perception to be more informative. Figure 4: Performance summary for patterns with vari-

Detailed analysis of the top five types of errors for eachgples. The average predicted probability over all percepts was
algorithm shows that both algorithms are strongly impactedi.94%. Error is the expected fraction of the total number of

by the 01 sec I’ecency '[hl’eshold._ The worst Symptom iS th%rediction errors for percepts Of the given type
the algorithms are unable to predict combat-related messages

accurately because they can not tell that they are in combat.

They can not tell that they are in combat because there is noth-

ing in the sensation that indicates ongoing combat, and com-

bat messages are spaced at intervals of one to two seconds.

For the exact matching algorithm, the most common er-

rors stem from the simple fact that, being completely unable

to generalize, many situations look completely novel, even 2000
at the end of the run. This difference can be clearly seen in 1800 L i
the histograms of the last 5000 prediction probabilities pre-

sented as Figures 5 and 6. The exact match algorithm has 1600 - N
more predictions with probability one than the variable-based 1400 - N

algorithm, but it also has more with probability zero, indicat- 1200 |= =
ing the absence of a match with any table entry. 1000 |- =

The variable-based approach scored better that the exact 800 - .
matching algorithm overall. Nonetheless, the lack of predi- 600 | —

cates for indicating object type in the benchmark environment 400 -

caused an interesting problem for this approach. For example, 200 - ]

this approach was unable to predict the results of attempts to 0 17 T+t

'get X', and therefore had to hedge its bets between success 0 0.1 02 0304 0506 07 08 09 1

and an error message. This was no issue for the exact match

algorithm, as it could learn that 'get Troll’ would provoke an

error while 'get sword’ would succeed. Note that the addi-

tion of a 'portable’ predicate, for example, would mitigate Figure 5: Prediction probability for the last 5000 percepts of

this problem. the run with constants. The black bars represent the predic-
tions of exactly O or 1.

7.2 Second Experiment

In the second experiment, a fresh run of the agent was per-
formed with the time between actions greatly increased (from

114



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains V. Bulitko & S. Koenig (eds.)

0.1s 2.1s
Exact Match | 62.2% | 57.3%
Variable Pattern 64.8% | 62.3%

Figure 8: Performance summary on the second experiment

1800 on all percepts except 'A type percepts.

1600 —

1400 — 0.25 seconds to 2.5 seconds between successive actions. The
1200 |- - reason for the increase was because at 0.25 seconds per action
1000 i and two seconds per combat round, the agent would attempt

up to four actions in between successive combat “blows”. The

800 - | combat messages were thus somewhat “buried”. This run was

600 - N longer than that of the previous experiment. It consisted of

400 - 170762 percepts received over 38 hours of real time.

200 . Using the acceleration techniques described above, we
0 4‘ L s tested both 0.1 second and 2.1 second recency thresholds with

0 0.1 02 03 0.4 05 06 0.7 0.8 0.9 1 both the exact match and variable pattern techniques. Re-
sults on all percepts excluding 'A type percepts are presented
in Figure 8. As in the first experiment, the variable pattern
approach performs better. The additional context provided

Figure 6: Prediction probability for the last 5000 percepts ofby the higher recency threshold seems to hurt overall perfor-

the run with variables. The black bars represent the predicnance rather than helping. Apparently the extra information

tions of exactly O or 1. in the larger context is not enough to overcome the need for
more training data. However, these results are very new, and
we are still analyzing them in detail.

8 Discussion

A few comments on the structural characteristics of the meth-
ods presented in this paper are in order.

One very positive characteristic of them is that there is a
clear “audit trail” that can be followed when the agent makes
unexpected predictions. l.e. each row in the table can be
traced to a specific set of prior experiences that are related to

05 the predictions it makes in an obvious way. Many machine
o0 <><><><‘><><><><><><><><><><>4><><><><><><><><><><><‘><><><><><><><><> learning techniques do not share this characteristic.
0.45 =g 500 T T L LU PP PPPCELLLL L Note that the situations in the left column of the table di-
04t - — vide all possible percept sequences into a set of equivalence
0.35 I il _ classes, i.e. many percept sequences can map into a single
. situation set. To the agent, only the sequence sets specified
0.3 - 7 in the left column of the table matter. It will never be able
0.254 " — to discriminate between different percept sequences that map
02" B into the same sequence set. The temptation naturally arises to
make these sets as differentiated as possible by, for example,
0.15¢ 7 increasing the recency threshold or using exact matching in-
0.1 ‘ ‘ ‘ stead of patterns with variables. But increasing the fineness of
10000 20000 30000 the situation sets is a two-edged sword. While it does indeed

make it possible for the agent to discriminate between differ-
ent percept sequences that it could not differentiate before, it
also makes it increasingly rare that the agent visits situations

Figure 7: Average prediction probability as a function of thethat it knows about. Figures 5, 6, and 7 illustrate this fact.
number of percepts received. White diamonds represent the

algorithm with variables and black squares the algorithm wit|

constants. "9 Future Work
Although we have not discussed it previously, note that it is
possible to extend the system as described to making predic-
tions aboutvhenthe next percept will be received in addition
to what the next percept will be along the lines described in
[Kunde and Darken, 2005
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A key direction for further investigation is improved pre- [R. Begleiter and Yona, 2004R. El-Yaniv R. Begleiter and
dictive models and systematic exploitation of the predictions. G. Yona. On prediction using variable order markov mod-
The technique described in this work is very limited in its els. Journal of Artificial Intelligence Research (JAIR)
generalization capabilities. Unlike FOIL, which searches 22:385-421, 2004.
through candidate atoms and includes only the most promi§gr puda and Stork, 2001P. Hart R. Duda and D. Stork.

ing in the model, the current approach takes :_:1II atoms thal pattern Classification John Wiley & Sons, New York,
have passed the relevance test. It would be nice to have an 51

approach that could perhaps learn from experience which

f . .
the relevant atoms were actually necessary to accurate pred(i)[:s'”ghet al, 2003 S. Singh, M. Littman, N. Jong, D. Par-
tion. doe, and P. Stone. Learning predictive state representa-

While we take for granted that many special-purpose tions. InProceedi'ngs of thg Twentieth International Con-
schemes can be constructed which can improve agent behav- férence on Machine Learning (ICML) 200Bages 99—
ior based on the ability to predict future percepts, it seems 106, 2003.
worth pointing out that one can search over the space of pdSutton and Barto, 1981R. Sutton and A. Barto. An adap-
tential courses of action using the predictive model and a tive network that constructs and uses an internal model
quality function to decide which course to adopt. This is a of its world. Cognition and Brain Theory4(3):217-246,
homogeneous and general-purpose method of exploiting pre- 1981.
diction very similar in spirit to the model predictive control
techniques that are an established part of chemical engineer-
ing [Morari and Lee, 1997 It has been explored within the
computer science literature as wilutton and Barto, 1981
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Abstract

In this paper we present a preliminary investigation
of rational agents who, aware of their own limited
mental resources, use learning to augment their rea-
soning. In our approach an agent creates and de-
ductively reasons about possible plans of actions,
but — aware of the fact that finding complete plans
is in many cases intractable — it executes partial
plans which look promising. By doing so, it can
acquire new knowledge from results of performed
actions, which allows it to plan further into the fu-
ture in a more effective way.

We describe a possible application of Inductive
Logic Programming to learn which of such par-
tial plans are most likely to lead to reaching the
goal. We also discuss how one can use ILP frame-
work for generalising partial plans, thus allowing
an agent to discover, after a number of episodes, a
complete plan — or at least a good approximation
of it.

Introduction

Currently we mainly focus on plans which allow an agent to
acquire additional knowledge about the world.

By executing such “information-providing” partial plans,
an agent can greatly simplify further planning process — it
no longer needs to take into account the vast number of possi-
ble situations which will be inconsistent with newly obseav
state of the world. Thus, it can proceed further in a more ef-
fective way, by devoting its computational resources toemor
relevant issues.

We believe that the research field of planning has currently
matured enough that it is time to explore new, more ambitious
settings, in order to bring artificial agents closer to what h
mans are capable of. Our goal is to create an agent that is able
to function in an adversary environmentwhich it can onlypar
tially observe and which it only partially understands. lgtor
over, the agent is supposed to face a large number of episodes
learning from its mistakes and improving its efficiency.

We will base our examples on a simple game of Wum-
pus, a well-known test bed for intelligent agents, which is
straightforward enough to properly illustrate our appfroac
In its basic form, the game takes place on a square board
through which an agent is allowed to move. One square is
inhabited by the Wumpus. Agent’s goal is to kill the mon-

The basic idea of this project is to investigate a methodolster by shooting an arrow onto the square it occupies, while
ogy for developing rational agents — both virtual and physi-avoiding getting eaten by the monster. Luckily, Wumpus is a
cal ones — that would be able to learn from experience, besmelly creature, so the player always knows if the monster is
coming more efficient at solving their tasks. A rational agen 0n one of the squares adjacent to his current position — but
is expected to use deductive reasoning in order to take adinfortunately, not on which one. We leave the exact detéils o
vantage of whatever domain knowledge it has been provideghether and how fast Wumpus can move open for now, since
with. Besides that, it should perform inductive learning towe will vary it in order to illustrate different ideas.
benefit from experience it has gathered, correcting missing ~ The main problem in the game of Wumpus is to learn the
inaccurate parts of that knowledge. Finally, it must ackihow position of the monster. In order to plan for achieving this
edge the fact that both reasoning and acting takes time, argbjective, an agent needs to be able to reason about its own
try to balance those activities in a reasonable way. knowledge and about how will it change as a result of per-
In this paper we present how such rational agents can defdrming various actions. Thus, the logic it utilises in itar
with planning in domains where complexity makes findingsoning needs to strongly support epistemic concepts. At the
complete solutions intractable. Clearly, in many domaéss ( same time, a notion of time-awareness is necessary, as we
pecially those that are, at least from agent’s point of viewrequire our agent to consciously balance planning andgctin
nondeterministic) it is not realistic to expect an agentéo b  To accommodate those requirements, we employ a variant
able to find a total plan which solves a problem at handof Active Logic [Elgot-Drapkiret al., 1999] as the agent’s
Therefore, we investigate how an agent can create and reasanderlying reasoning apparatus. This logic was designed
aboutpartial plans. By that we mean plans which bring it for non-omniscient agents and has mechanisms for dealing
somewhat closer to achieving the goal, while still being-sim with uncertain and contradictory knowledge. We believe it
ple and short enough to be computable in reasonable timés a good reasoning technique for versatile agents, as it has
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been successfully applied to several different problems— i
cluding some in which planning plays a very prominent role | Deductor
[Puranget al., 1999].

The domain of Wumpus game has one more interesting
feature, namely that the interesting behaviour of the agent Game histor.y Learning
consists of two phases. First, it has to gather some infor- —
mation (“Where is the Wumpus?”) and, after that, it needs to
exploit this knowledge (“How to get rid of it from there?”).

Since this knowledge only becomes available during plan ex- Observation
ecution, not while agent is creating the plan, it needs toanak

its choice of actions depend on the previous observations of _ _
the world. Therefore, it has to create, reason about and ex- Figure 1: The architecture of the system.

ecute conditional plans. Currently we have chosen a simple,

straightforward way of representing conditional actioais,

though quite a few more advanced formalisms can be foun@bserving the world and introducing effects of actions —and
in the literature [Russell and Norvig, 2003]. potentially, other changes in the environment — into agent’

To summarise, our agent will create several different planknowledge base. It is important to note that Actor detersiine
and reason about usefulness of each one — inc|uding Whmhen to StOp deliberation and start execution of the chosen
knowledge can be acquired by executing it. Further, it willplan.
judge whether it is more beneficial to immediately begin ex- These two modules form the core of the agent. By creating
ecuting one of those plans or rather to continue deliberatio and executing a sequence of partial plans our agent moves
In other words, the agent will be performing on-line plan- progressively closer and closer to its goal, until it reache
ning, interleaving it with plan execution. Moreover, we ex- point where a winning plan can be directly created by Deduc-
pect it to live much longer than any single planning episodeor, and its correctness can be proven.

lasts, so it should generalise each solution it finds. In par- However, success depends on whether the chosen partial
ticular, the agent ne_eds to extract domam-depengje_nt(njontrp|an5 are indeed moving an agefuser to the solution. Since
knowledge and use it when solving subsequent, similar probygents knowledge is incomplete and moreover it does not
lem instances. Finally, it will have to be able to handle non-5ye enough resources to fully utilise the knowledge it pos-
stationary, adversary environment, to cooperate withrstite  gagses. there is — in principle — no guarantee that it will be
multi-agent setting and to plan for goals more complex thar, |n particular, if an Actor makes a mistake, the chosen pla
simple reachability properties (such as temporally exg¢end may lead to loosing the game.

goals and restoration goals).

Plan

Actor

All of the features mentioned above have been extensiveI&r;:}'tiéf‘uige Egoﬂléor;ﬁéugno%é?eréhﬁ d:ggglgf vlvnhgtw;ar
studied in the planning literature, including ideas howrto i X 9 .  'eg ;
the agent has won or lost, learning system attempts to induc-

;%grgaet%;/?k::glﬁ oCriTr?rlgstlﬁr;ﬁics)f tge?r]ﬁcvi\%er V;/c')” tﬂ'gcbu:STvely generalise experience it has gathered — attempting t
9 paper. ' mprove Deductor’'s and Actor’s performance. We intend to

of our knowledge, nobody has yet attempted to merge all, or

. : use the learned information to fill gaps in the domain knowl-
%?E most, of those features togetherin one, consistenefra edge, to figure out generally interesting reasoning divesti

This work is divided in the following way: the next section to discover relevant subgoals and, finally, to more effidjent

: - . choose the best partial plan.
presents the architecture of our agent, describing the impo o , .
tant modules and their functions, as well as how they interac . !N Principle, learning could take place at any time, but we
Sections 3-5 provide more detailed overview of each modul@© not currently see much benefit of learning in the middle
separately. In Section 6 we briefly present some of the mo<}f the game. Our variant of Wumpus game is simple enough

relevant work done by other researchers. We conclude witflat @ single episode does not last very long, and there is som
summary and several ideas for further work. useful information that is only available to an agent after t

game is finished — information which can be very valuable
2 Architecture during learning.
The architecture of our agent, presented in Figure 1, cnsis
of three main elements. First of them is the Deductor, which3 Deductor
performs deductive reasoning about world, actions and thei
consequences. Its main aim is to generate plans appligable in order to present Deductor we begin with a description of
current situation. Furthermore, it predicts — at least as$a the chosen knowledge representation formalism. Next we in-
agent’'s past experience and imperfect domain knowledge atroduce those concepts from Active Logic which are neces-
lows — effects each of those plans will have, including whatsary for understanding the rest of this text. We then present
new knowledge can be acquired. how the conditional actions are incorporated in our frame-
The second component is the Actor, which chooses andiork, and finally we illustrate how the three elements are
executes plans created by Deductor. It is also responsible f combined for creating (partial) plans.
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3.1 Knowledge representation 3.2 Active Logic

The language used by Deductor is the First Order LogidActive Logic (AL) is intended to describe the deduction as an
(FOL) augmented with Situation Calculus mechanisms forongoing process, instead of characterising just some ti@fini
describing action and change. Within a given situation fixed-point consequence relation. To this end, it annotates
knowledge is expressed using standard FOL. In particulagvery formula with a time-stamp (usually an integer) of when
we do not put any limitations on the expressiveness of thét was first derived, and bookkeeps the reasoning process by
language, as some mechanisms we later employ would irincrementing the label with every application of an inferen
validate benefits of restricting ourselves to languages sucrule. E.g.,
as Horn clauses or description logics. Prediddtdescribes

) — b
knowledge of the agent, e.g., - ¢a—0

i+1: b
Additional features, available in AL and important for this
K[ smell(a) < 3,(Wumpus(z) A Neigh(a, r)) ] work, include theNow predicate, true only during current
time point(i.e., % : Now(j)" is true for alli = j, but false for
all i # j) and theobservation function, which delivers axioms
that are valid since a specific time-point. It is used to model
aagent acquiring new knowledge from the environment. This

meaning:agent knows that it smells on exactly those squares
which neighbour Wumpus’ position. The predicatdd may be
nested, although it is seldom useful. We use standard reific

tion mechanism for putting formulae as parameters offthe way the reasoning process may refer, Niaw, to the current

predicate. ; . -
The next step is to introduce action and change repre(absolute or relative) time and conclude whether it hasquhss

. Lo a deadline or not. It can also describe change that is not a
sentation. We use the yvell-known 'S|tua‘t|0n Calculus aPyesult of performing any action — thus lifting two important
proach, introducing predicatdgolds(situation, formula) = initations present in the classical situation calculus.
to denote that theformula holds in situation and
Informs(action, groundedw f f) to denote thaaction pro- 3.3  Conditional plans
vides information whethegroundedwff holds. We also intro-
duce functionResult(situation, action), which returns the

set of situations resulting from applyimgtion in situation. action may be described asredicate ? action, : actions),

Another important concept in our formalism is a plan, meaning thatction; will be executed ifpredicate holds,

Wht'Ch Its' a sequer:_ce OT actions. IPIans Lnay ?ﬁ sub_;e;l:;[ to ?%’nd actions Will be executed otherwise. We consider the
catenation operation. In every place where this might ma epossibility of introducing a more complex structure of con-

(in particular at argument list of th&" predicate) we intro- ditions (like while loops), but within this application simple
duce two additional parameters. We denote by them, respecy ditionals will suffice

tively, the set of situations and the set of plans to be exeCut — rpis'v e of conditional actions introduces a high branch-
(starting from those situations) in order to make the third a ing factor in case of longer plans, but this effect is unavoid
gument true. So, actually, the formula shown above shouldye 5t some level of consideration and will not be further

look as follows: discussed here. It has received some attention in the works
by other authors (see [Russell and Norvig, 2003] for extdnde
- : bibliography).
Klis}, {p}, smell(a) = 3.(Wumpus(x) A Neigh(a, z)) ] For a well-developed discussion of conditional partial
meaningin a situation s agent knows that if it executesplanp  plans and interleaving planning and execution see for exam-
then it smells on exactly those squares which neighbour Wum- ple [Bertoliet al., 2004], where authors introduce notion of
pus’ position. progressive plan — intuitively, one that provably moves the
This particular formula is true regardless of the chosen agent closer to the goal. They also present an algorithm for
andp (it is an universal law), a fact which we can denote, forfinding such plans in a nondeterministic but fully known do-
example, by (set of all situations) and eith@r(empty plan)  main and prove that it is guaranteed to find a solution if one
or P (the set of all plans). Still, there are many interestingexists.
formulae — like ones in the formW umpus(z)” — which A somewhat similar, very interesting idea was pursued in
are trueonly for specifics andp. [Nyblom, 2005], where author uses classical planner to plan
Please observe that the main notion our agentreasons abdat “optimistic” case, where an agent can choose the most
is its own knowledge about the world. Similar idea was intro-favourable outcome of each non-deterministic action. From
duced in [Petrick and Bacchus, 2004], where authors invessuch an optimistic plan it is then possible, using knowledge
tigate how various actions and observations of their effectof probabilities of each action outcome, to generate more re
modify agent’s belief state. They describe how such modialistic plans by updating relative costs of optimistic ant.
fications can be propagated backwards and forwards through .
the state history: as the agent gains new knowledge, it can i%-"r Reasoning about plans
fer that various statemerd#d hold in past states of the world, Finally, the representation language needs to be augmented
even if it did not know it then. Authors also show how suchwith reasoning capabilities. It is done using a set of rather
propagation can be used to deal with temporally extended andhatural, although not quite trivial, inference rules. Theie-
restoration goals. sentation, however, is outside the scope of this paper.gJsin

The conditional plans we consider consist of a concatematio
of classical and conditional actions, where each condition
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those rules, the Deductor may conclude, from the exampl@&@hose which have similar structure to the successful one are
formula shown earlier, that more likely to lead to the goal.

In other words, the intention is for Actor to acquire gener-
alised knowledge of the domain, which can be used to guide
Ve K[S, P, ~smell(a) A Neigh(a, z) | < an agentin mo?e promising directions. ?

K[Result(s, p), 0, =Wumpus(z) ] In a sense this is similar to ideas discussed in [feat.,
2004], where authors use Markov Decision Process to rep-

know that there is no Wumpus on anv of its neiahbour posi- resent planning domains and approximate policy iterat®on a
tions. This may be furthe? used fo)r/ creatin %1 usefupl lan of "canS of learning agent's behaviour. They use long random
> ; Yy ating P walks to create progressively harder goals, thus bootsitigp
actions given that the agent currently is, or has been b,efor?he agent in its learning of domain-dependent control know!

in positiona.

One of the reasons we have chosen symbolic representggge'

tion of plans, as opposed to a policy (an assignment of value .
to each state—action pair) is that we intend to deal withrothe® ~Learning

types of goals than just reachability ones. For a discussion aAs we mentioned earlier, our agent will be presented with
possibilities and rationalisation of why such goals arefint  |arge number of tasks to solve. Therefore, upon finishing eac
esting, see for example [Bertelial., 2003], where authors game episode, the events (actions, observations and the re-
present a solution for planning with goals described in Comyy|t) are fed into a learning module. This module attempts to
putational Tree Logic. This formalism allows to expressigoa generalise this information and provide guidelines forokct
of the kind “valuea will never be changed”, & will be re-  and Deductor to improve their performance. In this paper we
stored to its original value” or “value of after timet will || mainly investigate the learning module from Actor’srpe
always beb” etc. _ . _ spective, as using ILP framework to evaluate quality ofiphrt
Furthermore, one of our ideas is to extend the solution prepjans is, to the best of our knowledge, a novel idea. In furthe
sented in this paper to the case of multi-agent cooperativyork we also intend to improve domain knowledge and to
planning, where benefits of symbolic plan representatien arigentify interesting reasoning directions, but thoserlateas
even more clear. are — while definitely interesting and non-trivial — mainly a

To summarise, the agent uses the formalism presented {Ratter of integrating the already available techniques.
this section in order to deductively develop plans. Given th

complexity of the domain and vastly branching proof proce-5.1  Goal of learning

dure (currently it can only perform forward chaining) thecr ' . ,
ated plans are usually partial, i.e. they lead to some irgerm The first task we would like our learning module to address

: 4 . how an Actor is to choose which one of the plans being
gg%géates of the game, where the final outcome is not y(%:?onsidered by Deductor should it execute. Clearly, thedong

it allows planning phase to proceed, the better plans will it

get to choose from, and the more information about conse-
4 Actor quences of each plan will be known. On the other hand, more
The Actor module supervises the deduction process andfthe deduction effort will be wasted by considering poiant
breaks it at selected moments, e.g., when it notices a partic situations which will not take place in this particular game
larly interesting plan or when it decides that sufficientpd At some point, however, an Actor must choose one plan,
time has been spent on planning. It tresaluates existing  from those created by Deductor, for immediate execution.
partial plans and executes the best one of them. The evalome of those plans are better than others — but it cannot be
ation process is crucial here, and we expect the subsequetietermined exactly and with full confidence until those plan
learning process to greatly contribute to its improvemémt. extend to the terminal state of the game. And for problems
the beginning, the choice may be done at random, or somee intend to tackle, that is intractable — agent's computa-
simple heuristic may be used. After execution of partiahpla tional resources do not suffice tompletely solve problems
a new situation is reached and the Actor lets the Deductowe are interested in. Therefore, the Actor needs some heuris
create another set of possible plans. tic method of evaluating quality of partial plans and of com-

This is repeated as many times as needed, until the gang@ring them.
episode is either won or lost. Losing the game clearly identi  There is quite a bit of knowledge that domain experts could
fies bad choices on the part of the Actor and leads to an updatgovide — but our aim is to have a solution which doesnaet
of the evaluation function. quire such experts. At the same time, if people familiar with
Winning the game also yields feedback that may be useg@articular domain are available, the agent should takeradva

for improving this function, but it also provides a possilil  tage of whatever information they can provide. Therefore,
to (re)construct a complete plan, i.e. one which originatesnductive Logic Programming appears to fit our needs quite
from the initial situation and ends in a winning state. Iflsuc well: it uses background knowledge when it is available, but
a plan can be found, it may be subsequently used to immesan also solve problems when it is not.
diately solve any problem instance for which it is applieabl It is important to keep in mind that our agent has a dual
Moreover, even if such plan is not applicable, an Actor camaim, very akin to the exploration and exploitation dilemma,
use it when evaluating other plans found by the Deductomwell-studied in reinforcement learning and related resear

i.e., thatif it doesn’t smell in position a then the agent will
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areas. On one hand, it wants to win the current game, but ateed to deal with is which example belongs to which class. It
the same time it needs to learn as much general knowledge #&seasy to note that some plans — namely those that in agent’s
possible — in order to improve its performance at subsequergxperiencelo lead to losing the game — are definitely exam-

tasks. ples of bad plans. However, not every plan which does not
] cause the agent to die is, indeedjomd plan. What is more,
5.2 Choosing plans not every plan that leads teinning a game is a good one.

There are clearly many features which can distinguish beAn agent executing a dangerous plan might have just gotten
tween good and bad plans. And with sufficiently rich historylucky, if in a particular episode Wumpus was in favourable
of game episodes, it is possible to learn this distinctiorthe  position.

simplest case the agent can start with Actor randomly choos- Therefore, if we want ILP algorithm to learn the concept
ing plans for execution. After a couple of games — some ofof bad plans, we do have a set of positive examples, and a set
which will be won but, likely, many will be lost— it will have  of examples for which we do not — at least not immediately
enough experience to learn some useful rules. — know their affiliation. We have decided to use PROGOL

The main problem is that most work on ILP, as well as onas a learning algorithm. The standard version is presented i
Machine Learning in general, has been dealing with the probfMuggleton, 1995] and can be described here, in a somewhat
lem ofclassification, while what we need is rathevaluation.  simplified manner, by the following steps:

There !s no predefined set of classe§ into which plans should  gaject an example to be generalised. If no more exam-
be assigned. What our agent needs is a way to choosedhe les exist, stop
one of them. P ' ' - o )

Still, in order to be able to take advantage of the vast 2. Construct the_most sp_ecmc clause, within provided Ian_—
amount of research done in the Inductive Logic Programming ~ 9uage restrictions, which entails selected example. This
framework, in the first step we recast our problems as a clas- IS called the "bottom clause”.
sification one. In particular, we attempt to distinguishngla 3. Find, by searching for some subset of the literals in the
that leading to losing the game from all the others. In our  bottom clause, more general clauses. Choose one with
initial architecture this part is relatively easy — we assum the best “score”.
that the Deductor has perfect knowledge of consequences of4
execution of each plan, so it can deduce (for some piaas
fact “K[{s}, {p}, ~die]".

A separate question is whether an Actor daarn to
choose only plans for whichR'[—die]” has been deduced.
After all, not every plan for which such fact cannot be proven In our case we can define as positive examples those plans
actuallydoes lead to losing every game. which lead — or can bproven to possibly lead — to agent’s

Moreover, it is worth noting that if the Wumpus is allowed death. On the other hand, those plans which can be proven to
to move, there exist plans which do not lead to agent’s deathever lead to the agent’s death are treated as negative exam-
but which do lead to states where winning it is no longer posples. We are working on ways to utilise other plans in some
sible — for example, if an agent gets stuck in a corner withway, those for which neither of the above assertions can be
Wumpus blocking its way out. It may be difficult for an agent proven (within reasonable time) — right now we simply ex-
to notice and learn that the mistake has been made in the prelude them from learning.

. Add the clause found in the previous step to the cur-
rent theory, and remove all clauses made redundant. It is
worth noting that the best clause may make clauses other
than the examples redundant. Move back to Step 1.

vious step, not in the one when the agent was killed. With the definitions as above, we can use standard ILP al-
o gorithm, be it PROGOL or almost any other, to have Actor
5.3 Application of ILP learn to choose onlgon-losing plans for execution.

From the above analysis it becomes clear than the notion of However, this is only a beginning. After all, it is not quite
positive and negative examples, as used in ILP algorithms, enough not to die, as an agent which moves in circles, without
is not quite appropriate for what we would like to expressexploring the world, clearly does not get eaten by the Wum-
in our framework. What they correspond to, informally, arepus — but it never wins either. On the other end of the spec-
conditions that are botiecessary andsufficient — while we  trum, the feature “plan which kills the Wumpus” is clearly
are mainly interested those that are sufficient. non-operational.

An interesting line of research, which possibly could be Hopefully, we will be able to report more details on prac-
useful in our case, was presented in [Gretton and Thiebausical applicability of the ideas described above when our im
2004], where authors attempt to deductively generat@lementation is finished and we have run some experiments.
domain-specific hypothesis language which is as simple as .
possible, and yet expressive enough to represent all the nee-4  Further ideas
essary concepts in a particular domain. This language iis theOne very promising idea seems to be exploring the epistemic
used by inductive learning algorithm to create generalisedjuality of plans. An agent should pursue those plans which
policies from solutions of small problem instances. provide it with the most important knowledge. Clearly, i th

Let us assume that we restrict ourselves to dividing plan®umpus domainmportant is directly linked with monster’s
into two classes: those that can lead to agent’s death artdue position — or at least that is what human players conside
those that cannot. Each partial plan executed at some pré-to be. Therefore, as a next step, we can reddfateplans
vious game can be seen as a single example. First issue was those that lead to the agent’s death or do not provide any
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interesting knowledge. Again, we can use one of many ILPALECTO system in order to simultaneously learn two mu-
algorithms to learn such concepts. tually related predicated{itiates andT erminates) from

Another very general and important way of expressing dispositive-only observations.
tinction between good and bad partial plans, and one we feel Recently, [Konik and Laird, 2004] developed a system
can lead to very good results, is related to discovering relewhich is able to learn low-level actions and plans from goal
vant subgoals and landmarks in the plans, akin to the workierarchies and action examples provided by experts, mvithi
done in [Hoffmanret al., 2004]. the SOAR architecture.

The problem is that those ideas require more domain The work mentioned above focuses primarily on learning
knowledge than we are comfortable with. For example, whahow to act, without focusing on reaching conclusions in a de-
we would like to have is an agent figuring out that “position ductive way. In a sense, the results are somewhat more simila
of Wumpus” is important just from the definition of the rules to the reactive-like behaviour than to classical planniyg s
and goals of the game. In principle, it appears to be postem, with important similarities to the reinforcement ieiag
sible — it is not difficult to deduce that knowing Wumpus’ and related techniques. In case of large search spaces this
position suffices for winning the game (the plan to win onceapproach may not be as effective as a suitable combination
Wumpus' position is known is simple and can be found easeof learning and deduction. Therefore, some effort have been
ily). However, it is not clear how to combine such reasoningdevoted to searching for a suitable combination.
with learning as expressed above. Itis our understandatgth One attempt to escape the trap of large search space has
some modifications to the learning algorithm will be reqdire been presented in [DZerogdial., 2001], where relational

To summarise, it is easy (for a human) to see some generabstractions are used to substantially reduce cardinadity
rules distinguishing good plans from bad ones. For examplesearch space. Still, this new space is subjected to reiforc
a plan for which an agent doesn’t know that it will not lose thement learning, not to a symbolic planning system.
game is a bad plan. Such knowledge can be easily provided A conceptually similar idea, but where relational represen
by domain expert and most ILP algorithms are ready to useation is actually being learned via behaviour cloning tech
it. Interesting question, however, is whether and how can th niques, is presented in [Morales, 2004].
knowledge be discovered by an agent itself. Outside the domain of planning, there is a lot of interesting

One way would be to try something along the lines of re-research being done in the learning paradigm.
search presented in [Walketral., 2004], where authors ran- ~ Recently, [Colton and Muggleton, 2003] showed several
domly sample a large number of relational features and evaldeas about how to learn interesting facts about the world,
uate them on small problems. The idea is that features foungas opposed to learning a description of a predefined concept.
to work satisfactory on such sample problems should also deA somewhat similar result, more specifically related to plan

scribe larger problems sufficiently well. ning, has been presented in [Fetral., 2004], where the sys-
tem learns domain-dependent control knowledge beneficial i
6 Related Work planning tasks.

o ] o . From another point of view, [Khardon and Roth, 1995]
Combination of planning and learning is an area of activeyresented a framework of learning done “specifically for the
research, in addition to the extensive amount of work beingyrpose of reasoning with the learned knowledge” — an in-

done separately in those respective areas. However, most f@‘resting early attempt to move away from tearning to
the related work we are aware of is devoted to either using|assify paradigm.
state-of-the-art learning in a rather limited planningnfea Yet another track of research focuses on (deductive) plan-
work, or to using limited learning in a more complex plan- ping, taking into account incompleteness of agent's knowl-
ning setup. Comparisons of the two areas are also relativelygyge and uncertainty about the world. Conditional plans; ge
common, while the true, nontrivial combination will appar- eralised policies, conformant plans and universal plaes ar
ently require much more investigation. Since we believe itt e terms used by various researchers [Cineatil., 2004;
be very promising, this paper is aiming at attracting aitent  gertolj et al., 2004] to denote in principle the same idea: gen-
tothisline of research. _erating a plan which is “prepared” for all possible reacsion
The first to mention is [Dietterich and Flann, 1995], which f the environment. This approach has much in common with
presented results establishing conceptual similarigés®n  control theory, as observed in [Bonet and Geffner, 2001] or
explanation-based learning and reinforcement learniny. learlier in [Dean and Wellman, 1991]. We are not aware of
particular, they discussed how EBL can be used to learn aginy such research that would attempt to integrate learning.
tion strategies and provided important theoretical restdn- As can be seen, many of the ideas we investigate in this pa-
cerning its applicability to this aim. per have been analysed previously, but an attempt to merge

~ There has been significant amount of work done in learnthem into a single, consistent framework has not yet been
ing about what actions to take in a particular situation. Ongnade.

notable example is [Khardon, 1999], where author showed

important theoretical results about PAC-learnability ctien ;

strategies in various models. 7 Conclusions and Further Work
In [Moyle, 2002] author discussed a more practical ap-The work presented here is more a discussion of an interest-

proach to learning Event Calculus programs using Theoryng track of research than a report on some concrete results.

Completion. He used extraction-case abduction and thelowever, we think that this idea is important and promising
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Abstract

Planning for rover operations involves a sig-
nificant amount of uncertainty. With lim-
ited a priori knowledge of the area a rover
will explore, it is difficult to predict the ef-
fects of actions including their duration and
the amount of resources they will consume.
In addition, the system may not even know
ahead of time all of the goals it will be asked
to achieve as new opportunities may be iden-
tified during the mission. We are develop-
ing the OASIS system to enable rovers to
generate and execute high quality mission
operations plans and to identify and exploit
new science opportunities that may arise dur-
ing the mission. OASIS combines planning
and machine learning techniques to achieve
these results. In this paper we discuss how
OASIS handles these types of uncertainties
and present results from testing the system in
simulation and on rover hardware.

Introduction

with different priorities may be posted to the system at
any time.

We have developed the OASIS (Onboard Au-
tonomous Science Investigation System) integrated sci-
ence analysis and planning system that enables planetary
rovers to generate and execute high quality mission op-
erations plans in the presence of these types of uncer-
tainty. OASIS includes a continuous planning system to
generate operations plans given prioritized science goals
and mission constraints and to monitor and repair plans
during execution. The system also includes a data analy-
sis unit that uses machine learning algorithms to perform
onboard processing of collected science data. When a
science opportunity is detected, one or more requests
are sent to the planning and execution system which at-
tempts to accomplish these additional objectives while
still achieving current mission goals.

2 OASIS

The OASIS system provides onboard science analysis
coupled with planning and execution. The system en-
ables a rover to carry out prioritized science goals com-
manded from Earth as well as opportunistic science goals
identified by onboard data analysis. Figure 1 shows the

Planetary exploration by its nature involves a significantain components of the OASIS system and how they in-
amount of uncertainty. The objective of such missionsteract to analyze data and re-task the rover to respond to
is to gather information about previously unknown ar- OPPOrtunistic science events. OASIS consists of the fol-
eas. As such, little a priori information may be available lowing components:
about the nature of the terrain a rover must explore or thé?lanning and Scheduling: generates operations plans
obstacles that it will encounter. This makes it challeng- for mission goals and dynamically modifies plan
ing to develop an operation sequence as it is difficult to in response to new science requests.
estimate the time and resources required by rover actiVigyecytion: carries out the rover functional capabili-
ties. . . . ties to perform the plan and collect data. Oasis
In addition, we are developing technologies that en-  1p) [Simmons and Apfelbaum, 19p®r its Ex-
able rovers to identify potentially interesting science op- ecutive and the CLARAtNesnaset al, 2003

portunities on their own. This will provide important ca- functional layer for low-level robotic capabilities.
pabilities for rovers such as enabling rovers to identify

opportunities that might have otherwise gone unnoticed €ature Extraction: detects rocks in images and ex-
or to take advantage of short-lived science opportunities ~ tracts rock properties (e.g. shape and texture).
such as a passing dust devil. However, this capabilityData Analysis: uses extracted features to assess the sci-
also adds another element of uncertainty to mission op- entific value of the planetary scene and to generate
erations as the rover will not know ahead of time all the new science objectives that will further contribute
science goals it will be asked to work on. New goals to this assessment.
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Figure 1: OASIS architecture.

The feature extraction and data analysis componentgectors can be pre-specified and an importance value as-
of OASIS have been described previously[{Pastano signed to each of the features. Rocks are then prioritized
et al, 2004. Here we will give a brief overview of as a function of the weighted Euclidean distance of their
these components and concentrate on the planning arektracted features from the target feature vector.
scheduling unit and how it supports opportunistic sci-

once Novelty Detection: detects and prioritizes unusual

rocks that are dissimilar to previous rocks encountered.
2.1 Feature Extraction We have looked at three different learning techniques for
I o . novelty detection: distance-based using k-means clus-
Our initial emphasis in OASIS has focused on imageqing “probability-based using Gaussian mixture models

analysis and the characterization of surface rocks. Rockg,q giscrimination-based using kemel one-class classi-
are among the primary features populating the Martiatie;  The general idea is that as the rover collects data

landscape and the understanding of rocks on the Surfaco?oout the rocks in an area, the machine learning tech-

IS ? first step leading to more complex regional geologi-yiq es will enable it to build a model of the characteristic
cal assessments. rocks. If a new sample falls well outside of this model,

_ Images are segmented _using a roc.k detection alggyen, it is considered novel and potentially worthy of fur-
rithm based on edge detection and tracing. Next, a set g} o, investigation.

properties is extracted from each rock. Our feature ex-
traction priorities are based upon our knowledge of how
a geologist in the field would extract information. Im- 23 Science Alert Protocol

portant features to look for and categorize include albedo™

(an indicator of rock surface reflectance properties), vi-

sual texture (which provides valuable clues to mineralUsing the above algorithms, the data analysis software
composition and geological history), shape, size, colorcan flag rocks that should be further analyzed and pro-
and arrangement of rocks. Currently our system identiduce a new set of measurement goals. We call this ca-
fies the first three of this set; future work will expand this pability the science alert since it alerts other onboard

to cover additional features. software that new and high priority science opportuni-
. ties have been detected. OASIS currently supports two
2.2 Data Analysis types of alerts. Astop and call homaelert indicates that

After features have been extracted from each rock, OAthe rover should remain at its current location until it has
SIS runs a set of data analysis algorithms to look for in-received further instructions form Earth. Such an alert
teresting rocks. Two of these algorithms can result inwould typically be reserved for situations in which data
the generation of science alerts: key target signature ananalysis has made an extremely interesting observation
novelty detection. and the rover should stay where it is to avoid the risk of

Key Target Signature: enables scientists to effi- losing the target. The second class of alertdata sam-
ciently and easily stipulate the value and importance ofle requestsn which the rover is requested to perform
certain features. Scientists often have an idea of whaan additional science measurement and then continue on
they expect to find during a rover mission and/or arewith previously scheduled activities. Achieving this alert
looking for specific clues that reflect signs of life or wa- may require the rover to change its heading or possibly
ter (past or present). Using this technique, target featurés position.
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2.4 Planning and Scheduling tem, we also integrated CASPER with a large number of
The objectives of OASIS's planning and schedulingSYStems such as path planning, navigation, position esti-
component is to maximize the value of the science that ignation, an executive, and science analysis.

performed by the rover and to ensure that the operations e have developed a domain specific control algo-
plan satisfies rover and mission constraints. To providd!thm within CASPER to support the objectives of max-
robust execution, the system must respond to problem&niZing plan quality and ensuring robust execution. Fig-
that might arise during plan execution, such as an activi$/ré 2 provides a high level description of this algorithm.
consuming more resource than expected. To maximizé@Ple 1 shows the preferences that are used to compute
the value of the plan, the system must exploit opportu2 plan score ordered from most important to least impor-
nities that arise. These may include additional availabld@nt: The score for the plan is a weighted sum of each
time due to an activity taking less time than expected omreference. The weights are set to reflect relative impor-

a new, highly interesting goal that has been identified bylance of these preferences. For example, achieving stop
Science Analysis. and call home alerts is of highest importance to make

Planning and scheduling capabilities in OASIS areSure that if a stop and call home.alert_is issued the rover
provided by CASPEREStlin et al, 2002; Chieret al, will always prefer plans that achieve it. As another ex-
200d, which employs a continuous planning techniqueample* plans \_Nlthout conflicts are more important than
where the planner continually evaluates the current plafans that achieve more goals but have conflicts.
and modifies it when necessary based on new state and
resource information. Rather than consider planning a Prefer_ence
batch process, where planning is performed once for a  Prefer plans that achieve stop and call home
certain time period and set of goals, the planner hasacur-  Prefer plans with fewer conflicts -
rent goal set, a current rover state, and state projections  Prefer plans with more goals achieved
into the future for that plan. At any time an incremental Prefer plans with less time spent traversing

update to the goals or current state may update the cur-
P g y up ?@ble 1: Preferences used to compute plan score ordered

rent plan. This update may be an unexpected event (su . .
P P y P ( rom most important to least important

as a new science opportunity) or a current reading for
particular resource level (such as power). The planner is
then responsible for maintaining a plan consistent withyitial Plan Generation

the most current information. We use a Depth First Branch and Bound algorithm to

A plan consists of a set of grounded (i.e., time-taggedyenerate the initial operations sequence. The input to the
activities that represent different rover actions and bex ystem is a set of prioritized science requests and con-

haviors. Rover state in CASPER is modeled by a set Oiraints on the time and energy available for carrying out
plan timelines, which contain information on states, suche mission. We use a “tiered” objective function that
as rover position, and resources, such as power. TiM&g; ensyres that plans that exceed resource or time con-
lines are calculated by reasoning about activity effeCtSyraints are rejected. Next, it computes the value of the
and represent the past, current and expected state of thejance goals in the plan using a “strict priority” scheme
rover over time. As time progresses, the actual state of, \yhich a plan must achieve higher priority goals be-
the rover drifts from the state expected by the timelinesg o including lower priority goals. Finally, plans are
reflecting changes in the world. If an update results ingcqreq hased on distance traveled. The result is an ini-

a problem, such as an activity consuming more MeMy;a| plan that maximizes the value of science goals that
ory than expected and thereby over-subscribing RAMcan'he achieved with time and resource constraints.
CASPER re-plans, using iterative repEwebenet al.,

1994, to address conflict. Plan Execution

CASPER includes an optimization framework for rea- CASPER monitors updates from the Executive as the
soning about soft constraints. User-defined preferenceglan is executed, checking for problems that must be re-
are used to compute plan quality based on how well thesolved or opportunities that can be exploited. A problem
plan satisfies these constraints. Optimization proceedsan occur with an activity at any point during its lifetime.
similar to iterative repair. For each preference, an opti-For examples, an update may indicate that there will be a
mization heuristic generates modifications that could poproblem with an activity scheduled to start at some time
tentially improve the plan score. in the future. In this case, CASPER will use iterative re-

While CASPER provides a framework for integrated pair as part of the optimization loop to try to resolve the
planning and scheduling, there is still significant work conflict.
required to apply the system effectively to a complex do- Problems may also occur for activities that have al-
main. For our rover work, this included developing a ready been passed to the Executive but have not yet be-
domain model for rover operations, developing a con-gun execution. In this case, CASPER will send a rescind
trol algorithm geared toward appropriately responding tomessage for the problematic activity to the Executive. If
problems and opportunities and integrating optimizationthe Executive receives the message before the activity
and repair. In order to realize an operation rover syshas begun execution, it will delete it and send CASPER a
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Input
Prioritized science goals from Earth
Time constraint
Resource constraints

Initial Plan Generation
Run Depth First Branch and Bound given initial science goals and constraints

Plan Execution
While running
Get current time
Process any updates from Executive
For each activity scheduled to start witkin> seconds
If activity does not contribute to an existing conflict, send to Executive
If there are conflicts in the schedule
If an activity already sent to executive is contributing, rescind activity
Optimize:
for i = 1 to numoptimize.iterations
Compute plan score based on preferences in Table 1
If score of current plan is best so far, save plan
If there is an unsatisfied opportunistic science goal, satisfy it
Else, if there are conflicts, perform an iteration of repair
Else, if there are unsatisfied science goals, satisfy one from set of highest priority science goals
Reload plan with highest score
If an opportunistic science goal has not been satisfied for dpseilimit, delete the goal
If no activities are currently executing, check if an activity in the future can be moved up in time

Figure 2: CASPER control algorithm for rover domain.

confirmation. If the activity has already begun execution,the goal is permanently deleted.
the Executive will abort the activity and send an update As a final check to try to maximize the use of rover
to CASPER once the activity has been aborted. resources, after the optimize loop, if there are no cur-

The Executive itself monitors problems with activities rently executing activities, CASPER will look ahead in
that are currently executing. If a problem is detected, itthe schedule to see if a future activity can be moved up
is the responsibility of the executive to abort the activity in time without causing a conflict. If so, this will result
and send an update to CASPER to let CASPER known packing the schedule, limiting rover idle time.
that the activity was aborted.

While the first priority of the planning and scheduling 3 System Testing

System is to ensure robust eXeCUtion, itis also Continua”yro evaluate our System we performed a series of tests
checking for opportunities to increase the value the mistoth in simulation and using rover hardware in the JPL
sion. An update from the Executive may indicate that anviars Yard (Figure 3). These tests covered a wide range
activity took less time or energy than predicted. In this of scenarios that included the handling of multiple, prior-
case, it may be possible to achieve a goal that was not inized science targets, limited time and resources, oppor-
cluded in the initial plan. During the optimization loop, tynistic science events, resource usage uncertainty caus-
if all conflicts have been resolved, CASPER will SeleCting under or Over-subscriptions of power and memory,
a high priority goal from the set of unsatisfied goals andjarge variations in traverse time, and unexpected obsta-
add it to the schedule. This will most ||ke|y introduce cles b|0cking the rover’s path
new conflicts and the following optimization iterations
will be spent trying to resolve them. If the conflicts can
be resolved, the plan score will be increased and this pla
will be saved as the best seen so far. - WE
If an opportunistic science opportunity has been iden- g
tified by Data Analysis, CASPER will try to add it to the
plan. Again, this is likely to introduce conflicts and it-
erative repair will be used to try to fix them. It may be |
that the rover’s schedule is too constrained to achieve the®==
opportunistic goal. We set a timer for each opportunistic ) ) _
goal and if the timer expires before the goal is achievedFigure 3: Testing with the FIDO rover in the Mars Yard.

128



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains V. Bulitko & S. Koenig (eds.)

Our testing scenarios typically consisted of a numbeltests, the rover covered distances faster than expected and
of science targets specified at certain locations. A maphe planner was able to add in additional science targets
was used that would represent a sample mission-site Iadhat could not be fit into the original plan. Conversely,
cation where data would be gathered using multiple in4n other tests, the rover used more power than expected
struments at a number of locations. Figure 4 shows auring traverses (or science measurements), which even-
sample scenario that was run as part of these tests. Thigally caused a power over-subscription. The planner re-
particular map is of the JPL Mars Yard. The pre-specifiedsolved this situation by deleting some lower priority sci-
science targets represented targets that would be commance targets. Unexpected energy drops during a traverse
nicated by scientists on Earth. These targets were typieould also be handled by the executive, which detects
cally prioritized and for many scenarios constraints onthe shortfall and stops the current traverse if there is not
time, power or memory would limit the number of sci- enough energy to complete it. In all cases, the planning
ence targets that could be handled. The map also shovad execution system attempts to preserve as many high
the path that was planned for the rover and the path theriority science targets as possible with current resource
rover actually followed. These are not necessarily theand time settings.
same as the planned path does not account for all the
obstacles the rover may have to avoid. A large focus 08.1 Discussion of Test Results

our tests was to improve system robustness and flexibilityye are in the process of developing a formal evaluation

in a realistic environment. Towards that goal we used %rocess by which we will be able to obtain quantitative
variety of target locations and consistently selected neWneasurements of how well our system provides robust
science targets and/O( new science target combinationg,q opportunistic planning and execution. At this point
that had not been previously tested. we have more anecdotal results from our extensive test-
ing in simulation and with rover hardware in the JPL
Mars Yard.

Tests in the Mars Yard typically consisted of 20-50
meter runs over a 100 square meter area with many obsta-
cles that cause deviations in the rover’s path. Most rocks
in the Mars Yard are dark in color, thus we brought in
a number of whiter rocks to trigger science alerts during
rover traverses. Science measurements using rover hard-
ware were always images, since other instruments were
not readily available (e.g., spectrometer). However dif-
ferent types of measurements were included when testing
in simulation.

As a final test of our system, we performed a several
hour long demonstration in October 2004. This demon-
stration covered the elements previously presented in this
section. Further, the combination of science targets used
had not been previously tested with. This set also in-
cluded a science target that was selected that day by a
present Mars Exploration Rover (MER) scientist. Rocks
intended to cause science alerts were also placed in new
locations not previously used. Overall, the demonstra-

Another primary scenario element was dynamicallytion was very successful. Two scenario runs were per-
identifying and handling opportunistic science events.formed. Both had multiple targets with time or resource
For these tests, we concentrated on a particular type afonstraints preventing all targets from being included in
event, which was finding rocks with a high albedo mea-the initial plan. In the first run a number of science alerts
surement (i.e., light or white-colored rocks). This settingwere correctly identified and handled. This run also had
was an example of using the data analysis algorithm foan additional science target added dynamically in the
target signature, where a particular terrain signature isun due to the rover traveling faster than estimated. In
identified as having a high interest level. If rocks werethe second run, lower priority targets were deleted due
identified in hazard camera imagery that had a certain into more power being used in early traverses than ex-
terest score, then a science alert was created and sentgected. The software presented in this paper (planning,
the planner. If a science alert was detected the plannescheduling, execution, feature extraction and data anal-
attempted to modify the plan so an additional image ofysis) operated correctly in all cases and caused no un-
the rock of interest was acquired. desirable behavior. In general, the rovers operated fully

Other important scenario elements included addingautonomously and traveled over 40 meters.
or deleting ground-specified science targets based in re- While the system performed well during testing, we
source under or over-subscriptions. For instance, in sombkave identified some areas for in which the system’s han-

Figure 4: Example scenario.
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dling of uncertainty could be improved. While the plan- 1997; Alamiet al, 19949). However, these systems
ning system can respond appropriately when activities dgenerate plans with a batch approach where plans are
not run in the estimated time (whether they take moregenerated for a certain time period and if re-planning
time or less time than predicted) it would be better if is required, an entire new plan must be produced. In
the system could make more accurate predictions as th@ASIS, plans are continuously modified in response to
planner could do a better job optimizing the value of thechanging conditions and goals. The CPS planner gener-
mission plan. This would reduce the time the plannerates contingent plans which are then executed onboard a
spends replanning and, in some cases, could result irover and can be modified at certain points if failures oc-
higher quality plans. cur[Bresinaet al, 1999. Since only a limited number of
The challenge in making such predictions is that thecontingencies can be anticipated, our approach provides
duration of traverse activities depend on the nature ofnore onboard flexibility to new situations.
the terrain and the amount of obstacles the rover will en-
counter, which can be difficult to predict ahead of time.5 Conclusions

A possible solution may be to allow the rover adjust itsOASIS supports opportunistic science by intearatin
predictive model of its activities based on its experience upp pportunIst ! y imegraiing

during mission. Techniques such as regression tree Iearr.clj—"’lta analysis algorithms, which identifies potentially

ing have been shown to allow robots to learn such predic'—meres’tlng science measurements, with planning and

tive models for navigation actioi8alacet al, 2004. scheduling algorithms, which enables the rover to re-

Another improvement would be to explicitly reason SPOnd 10 these new requests. Our current system has
about the uncertainty of activities. This would enablebeen tested with several scenarios in simulation and on

the planner to make tradeoffs between actions that ma rototype rover haraware. In these scenarios we demon-
result in the collection of valuable science but may have®ate the systems ability to respond appropriately to
a high uncertainty in the outcome problems with plan execution and to exploit unexpected

Finally, a significant challenge in developing auton- OPPOrtunities that might arise.

omy for space exploration is developing algorithms that ogurrehr:atly, i?;mplﬁgnﬁ;prgig%ez thg ;)r:]glr:al rz!zsn'gg
will meet the computational constraints of the flight sys-g s when a pting 1o pertorm opportunistc sci '

tems. Processors and memory used in space must be r\él-e will relax this constraint and allow the system to use
diation hardened and the available processors are signifriofities to determine when it is appropriate to achieve
cantly slower than non-radiation hardware. For exampIeOpportun'St'C science at the cost of existing goals. There

the current Mars Exploration Rovers each have 128 MBare significant challenges with introducing autonomous

of RAM and a 20 Mhz processor. Rover missions within (ECNIqUes into the mission operations culture. We are

the next 10 years may have processor speeds of about i?@“ng steps to address this by introducing MER scien-

Mhz. Based on computation performance of our syste ISts 10 off-line versions of our software.

on faster processors, we anticipate requiring 1 to 2 min-

utes of computation time to update the plan to respond*Cknowledgments

to problems or opportunities. We also estimate requiringThe research described in this paper was carried out

15-20 MB of RAM. As another data-point, CASPER is at the Jet Propulsion Laboratory, California Institute of

currently being used in the Autonomous Sciencecraft Ex-Technology, under a contract with the National Aeronau-

periment to automate the Earth Observing-1 spacecrafics and Space Administration. This work was funded by

which has a 12 Mhz processi@herwoocet al., 2004. the NASA Intelligent Systems program and the JPL In-
terplanetary Network Directorate. We wish to thank the

4 Related Work other members of the OASIS team for their work on fea-

The objectives of OASIS are similar to those of the Au- tUre extraction and data analysis and the CLARAty team,

tonomous Sciencecraft Experiment (AJBherwoodst e_speC|aIIy Issa Nesnas and Max Bajracharya, for their as-

al., 2003 which also uses science analysis to generat&istance with the rover.

additional goals for a planner. OASIS differs from ASE

in the types of feature extraction and data analysis thaReferences

are performed. In addition, while ASE has focused onfajami et al, 1999 R. Alami, R. Chautila, S. Fleury,

planning for orbiter missions, the focus for OASIS has . Ghallab, and F. Ingrand. An architecture for au-
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ning OASIS must deal with the high degree of uncer- 174, ‘April 1998.
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Nashville, October 2000.
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Abstract

Standard reinforcement learning algorithms gener-
ate polices that optimize expected future rewards in
a priori unknown domains, but they assume that the

then propose an algorithm that employs statistical inference
techniques to behave more robustly in the presence of domain
change.

domain does not change over time. Prior work cast
the reinforcement learning problem as a Bayesian
estimation problem, using experience data to con-
dition a probability distribution over domains. In
this paper we propose an elaboration of the typi-
cal Bayesian model that accounts for the possibil-
ity that some aspect of the domain changes spon-
taneously during learning. We develop a reinforce-
ment learning algorithm based on this model that
we expect to react more intelligently to sudden
changes in the behavior of the environment.

Introduction

2 Background

The standard domain formalism in RL research is the Markov
decision problem (MDP). An MDRS, A, P, R) comprises a
finite set of statesS, a finite set of actionsi, a transition
functionP : S x A x S — [0,1], and a reward function
R : S x A — R. Executing an action in a states yields an
expected immediate reward 8f s, a) and causes a transition
to states’ with probability P(s, a,s’). Apolicyr : S — A
specifies an action(s) for every states and induces a value
functionV™ : S — R that satisfies the Bellman equations
V7(s) = R(s,m(5)) +7 2 wes Pls,m(s),s)V7(s'), where

~ € [0, 1] is a discount factor for future reward that may be

1 necessary to make the equations satisfiable. For every MDP

Reinforcement learning (RL) research provides algorithmgit least one optimal policy* exists that maximizes the value
for generating universal plans from experience, given minfunction at every state simultaneously. To compute an op-
imal prior knowledge about the domaiSutton and Barto, timal policy from a fully specified MDP, a number of algo-
1999. Classical RL algorithms assume only that the domairfithms are available, including dynamic programming, policy
obeys the Markov property: the effects of each action depeniieration, and linear programmirgittman et al,, 199.
only on the currently observed state. However, the behavior In the RL problem, only the state spageand the ac-
of many interesting domains depends on factors that are difion spaceA are known a priori, but standard approaches as-
ficult or impossible to represent in the state space. A robot'sume that the transition functioR and reward function?
effectors may change unexpectedly due to damage. An ove#re fixed. An important class of RL algorithms are model-
turned truck may render a highway suddenly impassable. Abased: they compute policies by first estimatihgnd R and
opened door in a previously explored area may grant access then solving the estimated MDP. Although solving an MDP
new opportunities. Standard RL algorithms adapt only gradis too computationally expensive to perform after every time
ually to such drastic changes to the overall system. Enoughtep, algorithms such as Prioritized SweepiMpore and
experience after the change must accumulate to outweigh thtkeson, 1998 describe how to propagate incremental up-
outdated knowledge. The agent magvernotice a change dates to a model through a policy learned through dynamic
that occurs in a region of the state space that the learned bprogramming. However, model-based algorithms are partic-
havior doesn't visit. ularly vulnerable to nonstationary domains, since they typ-
In this paper, we consider statistical methods for detectically employ maximum likelihood estimates of parameters
ing changes in the domain in a more timely manner. Intu-of the model given all the available experience data. Hence,
itively, an intelligent agent should notice when the environ-changes in the domain will tend to averaged into a large body
ment ceases to behave as expected. Such an agent should coheutdated prior experience.
sider throwing out or discounting its old model of the relevant In this paper, we elaborate a model-based algorithm called
aspects of the environment. We adopt a Bayesian frameworRayesian dynamic programmiri@trens, 2000 For each
that allows us to reason explicitly about uncertainty over thestate-action paifs, a), this approach interpret8(s, a, -) as
domain[Strens, 200D We elaborate the standard probabilis- the parameters of an a priori unknown multinomial distri-
tic model to represent the possibility of domain change. Webution andR(s,a) as the mean of an unknown normal dis-
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tribution? We represent our initial uncertainty about thesep|T = t) - Pr(R = r|T = t) dpdr. Computing the model
unknown distributions as prior distributions over their pa-likelihood exactly is infeasible, but we can approximate it
rameters. The joint distribution over all the presumed-with Monte Carlo integration by sampling some number of
independent state-action pairs yields a probability distribuvalues forP andR, again conditioned on the appropriate suf-
tion over MDPs. Since conjugate families of prior distri- fix of the data.
butions exist for both the multinomial and normal distribu- Our Bayesian model of the state-action faira) is there-
tipns_, we can compactly represent an_d efficiently updat(_e theq%re approximate in two ways. First, we approximateT)
distributions over MDPs. At the beginning of each training yith 4 hounded-size sample of the most probable valu@s of
episode, Bayesian dynamic programming samples & hypQ=ach point in this sample has a scalar weight and a Bayesian
thetical model of the domain from thls_dlstrlbqun an_d then model of P andR, represented exactly as the appropriate pa-
behaves according to the policy obtained from solving thgameters to the conjugate priors for these distributions. The
model. second approximation is in our Bayesian update of our model
. given new data. We reweight the sample by multiplying each
3 A Probabilistic Model of Change weight by the model likelihood, estimated using Monte Carlo

We propose a simple model of environmental change: afteintegration.

every episode and for each state-action pair, the associated

multinomial successor-state distribution and normal reward

distribution reset with some small probability to distributions 4 Application of the Bayesian Model
drawn from the respective original priors. This model caters

to the fact that only small parts of a domain may change at

a time. A more sophisticated model might also capture theV& can use the Bayesian model elaborated above directly
fact that a change in one state-action pair makes a changth Strens’ Bayesian dynamic programming algorithm
in another pair more likely, but such models may be quitelSIrens, 200D After each episode, we add to our sample
complex. of Pr(T') the hypothesis for each state-action pair that it reset
Our Bayesian model of the domain must change to accol€fore that episode. We give this hypothesis some portion of
modate this probability of reset. Suppose that we lesem-  the Weight equal to our prior probability of domain change at
plete training episodes of data. Consider a particular staté2ach episode. Then we condition the weights and each model
action pair(s, a). Let T’ denote the episode number when the©f £ @ndZ2 on the data from that episode. To keep the sample
state-action paifs, a) last reset, s@” = 0 is the hypothesis SIZ€ reasonable, we select a valug'db discard. Finally, for
that the behavior of at states has never changed afiti= k the next episode, we sample an MDP from the hierarchical

is the hypothesis that the behavior reset at the beginning of tH8°del-

current episode. LeP denote the successor state distribution  This Bayesian approach to recognizing domain change al-
given(s, a). Then we have a hierarchical distribution o¥&r  lows us to avoid unilateral commitments to either keeping or
given byPr(P = p) = ), Pr(P = p|T =t)-Pr(T =t), discarding old data. Additionally, in the absence of evidence
wherePr(P = p|T = t) is the result of the standard Bayesian to the contrary, it gradually increases the belief that neglected
conditioning process, but using only a suffix of all the data.state-action pairs have reset. If the prior distribution over the
Similar reasoning applies to the distribution overthe re- reward function is optimistic, then the agent will eventually
ward function evaluated &t, o). When we sample a hypoth- choose to explore the action again.

esis MDP from our Bayesian model, we must now first draw  ynfortunately, Bayesian dynamic programming does not
a sample hypothesizing the last time each state-action pair rgqyays work so well when the state-action pair that changed
set (according to the distributidhr(7'), before sampling the * is part of the learned policy. If a previously reliable action
pieces of the transition and reward functions from posteriok,qdenly fails entirely, the solution to the sampled MDP may
distributions conditioned on the corresponding suffixes of the.5,se the agent stubbornly to retry expensive actions until
data. . ) o ) timing out. The same phenomenon can occur in model-free
No conjugate family of prior distributions exists fBr(T), ~ methods such as Q-learning: depending on the learning rate,

so in practice we approximate this distribution by maintainingyhe agent may spend quite some time in a negative-reward
the relative probabilities for a small subset of episode NUMjo0n.

bers. The computation of these relative probabilities poses e . .
another obstacle. Suppose that we have a prior distribu- V& Propose a small modification of Bayesian dynamic pro-
tion Pr(T)) that we want to update given experience data 9ramming. Ifthe number of visits to a state in a single episode
that we assume all come from the same distribution. The/fXceeds a certain threshold, we begin to conduct statistical
from Bayes’ Theorem we haver(T = t|D) « Pr(D|T = goodness-of-fit tests to evaluate our hypotheseg’fand R

#)-Pr(T = t). We can rewrite the model likelihood as an inte- & the appropriate state-action. If the data collected during
gral over Bayesian models conditioned on a suffix of the datathat gplsode cause us to reject the Samp“? of 1, we im-
Pr(D|T =t) = [[Pr(D|P = p,R = r,T =t) - Px(P = mediately resample them from a Bayesian model conditioned
’ ’ on only that data. We then update the policy as necessary to
The MDP formalism does not require the rewards to beSolve the updated MDP. Note that even though we resample
normally-distributed, but this assumption seems fairly innocuougrom a distribution assuming that a reset occurred, we still
given that we care only about the mean of the reward distribution. update the Bayesian model as usual at the end of the episode.
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5 Future Work and Discussion

The implementation and evaluation of the algorithm de-
scribed above remains to be done. However, we believe that
this approach of building a Bayesian model of domain uncer-
tainty is very promising. One concern is the computational
cost of Bayesian inference, but the proposed modifications
to Bayesian dynamic programming should not worsen the
runtime much. The Monte Carlo integration only occurs for
state-action pairs executed during an episode, and the primary
cost of this procedure is the sampling Bfand R that the
algorithm already performs once for every state-action pair.
The goodness-of-fit tests only occur upon revisiting a state
several times in the same episode, and some form of expo-
nential backoff can help prevent spurious testing. (Testing
again after one additional data point is unlikely to produce a
different result.)

The ideas described in this paper are reminiscent of our
previous usage of a Bayesian model of MDPs to infer state
abstractiongJong and Stone, 20D&om the solution of one
MDP for use in similar MDPs. A particularly promising
avenue of future research is the usage of a single Bayesian
model to reason about both dynamic domains and state ab-
straction simultaneously. In this framework we can imagine
inducing structure such as state abstraction that continues to
aid learning despite continual changes in the reward and tran-
sition functions.
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Abstract

Experience based reinforcement learning (RL) sys-
tems are known to be useful for dealing with do-
mains that are priori unknown. We believe that
experience based methods may also be useful when
the model is uncertain (or even completely known).
In this case experience is gained siynulatingthe
uncertain model. This paper explores a simple way
to allow experience based RL systems to cope with
uncertainty in a model. The particular form of RL
we consider is a policy-gradient method. The par-
ticular domains we attempt to optimise in are from
temporal decision-theoretic planning. Our previous
experience with military planning problems indi-
cates that a human specified model of the planning
problem is often inaccurate, especially when hu-
mans specify probabilities, thus planners that take
into account this uncertainty are very useful. De-
spite our focus on policy-gradient RL for planning,
our simple (but approximate) solution for dealing
with uncertainty in the model can be applied to any
simulation based RL method, such as Q-learning
or SARSA. Our attempt to solve decision-theoretic
planning problems with a policy-gradient approach
is novel in itself, making up another contribution of
this paper.

Introduction

hidden we must use algorithms that train agentsnisract-

}@nicta.com.au

This is especially true if aspects of the system are unknown
or approximated.

This paper explores the idea of using @mcertainmodel
to simulate trajectories, allowing an agent to directly optimise
its policy in a way that minimises the impact, or risk, associ-
ated with the uncertainty in the model. Moreover, this can be
achieved in highly complex domains.

The problems we consider come from temporal decision-
theoretic planning, where methods that enumerate any part
of the state space fail to scale to interesting problems. The
model is provided in the form of a set of tasks the planner
can choose from. Each task has a pre-defined duration and
has probabilistic outcomes that set multiple state variables to
true or false. The goal of the planner is to select actions, and
schedule them concurrently, to achieve the degieal state
values of the state variables. Resources constrain which tasks
can be run in combination, and resources are consumed as
tasks end. This is a very general expression of the planning
problem and only a few probabilistic planners are emerging
that can operate in this setting. They can be used to optimise
plans in a wide variety of situations, such as Mars rover plan-
ning[Mausam and Weld, 2005military operations planning
[Aberdeeret al, 2004, or building site planning. Probabili-
ties might arise from modelling variable battery strength, an
opponent’s actions, or weather. The outcome probabilities are
often estimated from finite data, or guessed by human experts.
Thus, the probabilities are subject to some uncertainty.

The contribution of this paper is two fold. Firstly, we de-
scribe the factored policy gradient (FPG) Planner: a novel
approach to temporal decision-theoretic planning that allows
very large domains to bepproximatelyoptimised. We
achieve this by: (1) factoring the policy into simple indepen-

ing with the MDP. This is done by experiencing trajectoriesdent policies for starting each task; (2) using a local optimi-
through the state space and forming either an explicit modegation method instead of trying to find a globally optimal so-
(transition matrix) or an implicit model (value function or lution; (3) using algorithms with memory use that scales lin-
policy) of the system. These Monte-Carloesque methods cagarly with the number of tasks, state variables, and resources,
be beneficial even when the true model is completely knownnot with the state space.

especially if the model is too complex to work with directly.  The second contribution is to demonstrate how uncertainty
E.g., the state space might be too large to enumerate, or dver the probabilities described in a model can be incorpo-
might be continuous. In this case the model is only used imated into a simulation based optimisation. We assume that
simulating the system, generating state space trajectories thatobabilities of task outcomes lie in intervals betweéen |.

the agent uses to optimise its behaviour. Another argumenthe width of the interval can be computed based on the qual-
for simulation based optimisation is the ease of creating aty of the data used, or based on how confident the human
simulator compared to a set of stochastic transition matriceguess was. The goal is to find a policy that minimises the
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risk, or variance, associated with enacting the policy over theess, which is helpful, and failure, which is harmful.
range of models implied by the uncertainty. l.e., the policy Actions in temporal planning consist of launching multiple
that still performs relatively well even in the worst case sce-tasks concurrently. The number of candidate actions available
nario. The key idea is simply to simulate state space trajectan a given state is the power set of the tasks that are eligible to
ries using the mogpessimistianodel. The most pessimistic start under the current state variables. That is, witaligible
model might generally be as difficult to compute as the poltasks there ar&@™ possible actions. With only 10 eligible
icy, however, we show empirically that a local approximationtasks we have 1,024 actions to choose from! Current planners
to the pessimistic model might be sufficient. We can alsary to explore this action space systematically, pruning actions
compute policies based on the mostimisticmodel, to ex- that lead to low rewards (or equivalently, high costs).
amine the differences in policy or determine how much our A key contribution of the FPG-Planner is to deal with the
uncertainty could be effecting agent performance. explosion of the action space by replacing the single agent
We start by describing background work in temporal prob-choosing from the power-set of tasks with a single simple
abilistic planning and interval methods for Markov decisionagent for each task. The policy learnt by each agent is
problems (MDPs). Section 3 describes MDPs for planningwhether to start its associated task given its observation, inde-
Section 4 describes the factored policy agents and the estimpendent of the decisions made by the other agents. This idea
tor we use to compute the gradient of the objective functionalone does not simplify the problem. Indeed, if the agents alll
Section 5 describes preliminary experiments. receive perfect state information they could presumably pre-
dict the decision of the other agents and still act optimally.
The significant reduction in complexity arises from two ad-
2 Background ditional factors: (1) the agents are only provided enough in-
Previous probabilistic temporal planners include CPTPformation to make an approximate decision, not an optimal
[Mausam and Weld, 2005Prottle[Little, 2004], and a mil-  decision; (2) each agent is optimised locally.
itary operations planndiAberdeenet al, 2004. All these
algorithms use some form of dynamic programming (eithel3 POMDP Formulation of Planning

RTDP [Bartoet al, 1999 or AO*) to associate values With &, intention is to deliberately simplify the agents by restrict-
each state/action pair. However, this requires that values fig their access to state information. This requires us to ex-
stored for each encountered state. Even though these alggycitly consider partial observability. We now describe the
rithms do not enumerate the entire state space their abilit artially observable MDP framework (POMDP), define the

to scale is limited by memory size. Even p_rqblems With agiare space, our objective function, and the process for simu-
few tasks and state variables can produce millions of relevaq‘tﬂing the state space.

states. Another probabilistic temporal planner is Tempastic ~ ~ o ] o
and debug planning paradigm. This method may suffer ifProcess consists of: a_l_fl_nlte set of states S; a finite set of
domains that are highly non-deterministic. actionsa & A; probabilitiesPr(s'|s, a] : S x S x A — [0, 1]

Our FPG-Planner performs gradient ascent in the space & Making state transition — s’ under actiona; a reward
parameters of the factored policies (or policy agents). ThdOr each state(s) : S — R; a finite set of observation vec-
policy agents can be any differentiable function approxima{orso € O seen by the agent in place of the complete state
tor. We show that maximising a simple reward function natu-description; and probabilitie$r(o|s] : RI°l > & — [0,1] of
rally minimises plan durations and maximises the probability®PServing vectoo of dimensiorjo|, given current state.
of reaching the goal. Gradients are estimated by simulating In addition, our specification of intervals around each task
trajectories through the planning state space and calculatingutcome probability induces intervals around each state tran-
small contributions to the gradient at each d®pxteretal,  sition probabilityPr[s'|s,a]. As will be demonstrated later,
2001. The FPG-Planner will be described in this paper, butour use of simulation on the level of planning tasks, instead of
is covered in more detail in Aberde§?009. states, means we never need to explicitly compute’|s, a]

The use of intervals to describe uncertainty in MDPs wagprobabilities or their intervals.
investigated by Givaet al. [200d, Hosakeet al. [2001], and Goal statesare states where all the goal variables are sat-
Strehl and Littmari2004. Our approach is most closely re- isfied. Failure statesare states from which it is impossible to
lated to the approach of Buffet and Aberd¢2005, who use  reach a goal state (usually because time or resources have run
uncertainty intervals to make RTDP robust. RTDP uses simeut). These two classes of state are combined to form the set
ulation to determine which state values should be updatedyf resetstates that produce an immediate reset to the initial
thus is similar in its use of simulation to help cope with largestatesy. A single trajectory through the state space consists
state spaces. The intervals are used to compute the most ped-many individual trials that automatically reset4g each
simistic transition probabilities given thaurrentvalue esti-  time a goal state or failure state is reached.
mates. Our work deliberately avoids storing values, thus can- Policies are possibly stochastic, mapping observation vec-
not use them to approximate the worst model. Instead, wéors to a probability over each action. L&t be the number
assume that the simulator can often select the probability iof basic tasks available to the planner. In our setting an action
each interval on a state by state basis that will result in a pesa is a binary vector of lengttv. An entry of 1 at index:
simistic model being simulated. Specifically, in our planningmeans ‘Yes’ begin task, and a 0 entry means ‘No’ do not
domains we assume that each task has two outcomes: siatart taskn. The probability of actions is writteRr[alo, 6],
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where conditioning of reflects the fact that the policy is dic- Algorithm 1 findSuccessor(State Action a)
tated by a set op real valued parametefse RP. We show 1: for eacha,, ='Yes'in a do

later how real valued parameters can control probability dis-2: s beginTask()

tributions over actions given observations, thus determinings: s addEvent(, s.time+taskDuratiom()
a policy. This paper assumes that all stochastic policies (i.e.,4: end for

all values fort)) reach reset states in finite time when executed s: repeat

from sy. This is enforced by limiting the maximum duration 6:  if s.time > maximum makespathen

of a plan. Because all policies reach a reset state, and byy. s.failureLeaf=true

continuously resetting to the initial state, we ensure the un-g- return

derlying MDP isergodig® which is necessary for producing o  end if

gradient estimates. 10: if s.operationGoalsMetghen
The aim of policy gradient algorithms is to find the set of 11: s.goalLeaf=true

parameterg that induce a policy to move from the initial 12: return

states, to a reset state while maximising the long-term av-13:  end if
erage reward. The long-term average reward is the average;:  if s.noEvents() & s.anyEligibleTasks(}hen

of all instantaneous rewards received over an infinite samples: s.failureLeaf=true
trajectory of the POMDP 16: return
—_— 17:  endif
| 18: e = s.nextEvent()
n(f) = Tlggo T Z r(st). 19:  s.time =e.time

20: selectModel¢.PrSuccessLowee,PrSuccessUpper)
In the context of planning, the instantaneous reward providegl: samplesucess Pr = p, failurePr=1—p

the agent with a measure of progress toward the goal. A sim22:  s.implementEffects{utcome)

ple reward scheme is to sets) = 1 for all statess that rep-  23: until s.anyEligibleTasks()

resent the goal state, and O for all other states. To maximise
n(6), goal states must be reached as frequently as possible,—
This has the desired property of simultaneously minimisinggorithm 2 selectModel(lowerBound, upperBound)
plan duration, as well as maximising the probability of reach- 1: if pessimistichen

ing the goal (failure states achieve no reward). It is tempting 2:  return g.lowerBound)

to provide a negative reward for failure end states, but in this 3: else

case an agent could partially maximise its reward by avoiding 4:  if optimisticthen

progress altogether, never achieving end states, and thereforg: return e.upperBound)
never achieving negative (or positive) rewards. 6: else
We propose a reward scheme that provides a large reward’: return(lowerBound+upperBound)/2

(1000 in this paper) for reaching the goal as described, plus a8:  end if
reward at each step that heuristically awards progress toward®: end if
the goal. This additionashapingreward provides a reward
of 1 for every goal condition achieved, and -1 for every goal

condition that becomes unset. event is added at an appropriate time in the queue. The state
update then processes events until there is at least one task
3.1 Planning State Space that is eligible to begin. Lines 6-17 check for reset states

For probabilistic temporal planning our state description conP€fore the next event for the current stais processed.
tains: the state’s absolute time, a queue of impending events, EVents have probabilistic outcomes. Uncertain models pro-
the status of each task, the truth value of each state variablé',de intervals of probabilities for outcomes. The intervals are
and the available resources. In a particular state, only a subsggfined as part of the problem specification. Before sam-
of the eligible tasks will satisfy all preconditions for execu- PliNg we must choose a point in this interval to base the
tion. This subset is called thaigible task list. When a deci- Sample on. We assume that maximising the probability of
sion to start a fixed duration task is made, an end-task event filure also minimises the long-term average reward for the
added to the time ordered event queue. The event queue hol§4rrent policy. Thus, to train the agent to operate well un-
a list of events that the planner is committed to, although th&l€r the pessimistic model we always choose the lower bound
outcome of those events may be uncertain. on the probability of success as the true probapﬂny of_the
The generation of successor states is shown in Alg. 1. ThEVent (Alg. 2), and sample the outcome accordingly. Simi-

algorithm begins by starting the tasks given by each bit i arly, if we wish the agent to perform well if the optimistic

the action, implementing any immediate effects. An end-tasgnodel tumns out to be correct, we select the upper bound on
the probability of success. If there are more than two out-

Except for the aperiodic condition for ergodicity that is not im- COmes we could put intervals on the probability mass asso-

portant for this paper. ciated with each outcome. We then distribute the probability
2Because the underlying MDP is ergodicf) is independent of ~mass as constrained by the intervals. The worst outcomes gets
the starting state. the maximum probability mass, the next worst outcome gets
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the maximum allowed remaining mass, and so on. different parts of the state, leading to a decentralised planning
This scheme is not guaranteed to select probabilities fronalgorithm. Introducing partial observability in similar multi-
the intervals that correspond to the worst overall model. Aagent policy-gradient approachieshkinet al, 2004 has
pessimistic choice at the current state could lead to futuréeen shown to increase the number of local minima. Choos-
states with very little uncertainty in the model, whereas aring a good observation vector allows the problem to remain
optimistic choice could lead to future states with massive untractable while hopefully avoiding the introduction of severe
certainty and hence larger scope for poor models. We assunhecal maxima.
there is a way to approximately measure which outcomes will After some experimentatiopAberdeen, 2005 we chose
lead to high or low rewards. Section 6 outlines how we mightan observation vector that is a binary description of the eligi-
learn the worst (or best) overall model in the same setting. ble tasks (15 bits) and the condition truth values (10 bits) plus
Line 21 of Alg. 1 samples one possible outcome from thea constant 1 bit to provide bias to the agents’ linear networks.
distributions permitted by the intervals in the problem defini- The main requirement for each policy-agent is that
tion. Alg. 2 is the only paint in the algorithm where intervals Pr[as, |0, 8,,] be differentiable with respect to the parameters
are considered. The remainder of the algorithm description ifor each choice task stagt,, ='Yes’ or ‘No’. We choose to
independent of our use of uncertain models. represent each agent with a two output linear network mapped
Future states are only generated at points when tasks camo probabilities using a soft-max function:
be started. If an event outcome is processed and no tasks are exp(o] 6 )
enabled, the search recurses to the next event in the queue. Pr[as,, = Yes|oy,6,] = - it -
€$p<0t 9n7Yes) + emp(ot Hn,No)
. . -
4 Policy Gradient Ascent Prlan = Nolog, 0] = exp(0] On No)

In this section we describe policy-gradient algorithms for re- exp(0/ Onyes) + exp(0] On o)
inforcement learning and how we use this approach for therhis can be thought of as a two output linear network where
FPG-Planner. We assume the presence of policy agentfhe outputs are subsequently normalised to produce a well be-
parameterised with independent sets of parameters for eagfaved probability distribution. If the dimension of the obser-

agent) = {0y,...,0n}. There are parameters in total. We vation vector igo| then eacfl,, can be thought of as da| x 2
seek to adjust the parameters of the policy to maximise thenatrix where the columns represent the network weights for
long-term average rewarg(6). the ‘Yes’ decision output and the ‘No’ decision output respec-

Baxteret al. [200] describe the GPOMDP algorithm that tively. This expression is a form of logistic regression. The
estimates the gradieRtr(6) of the long-term average reward |og derivatives, necessary for Alg. 3, are given in Baxier
with respect to the current set of policy parameters. Oncg|. [2001. Initially the parameters are set to small random
an estimatévn(6) is computed, we maximise the long-term values: a near uniform random policy. This encourages ex-
average reward with a gradient ascent step: 6+ Vn(d),  ploration of the action space. Each gradient step typically
wherea is a small step size. Maximising#) produces better moves the parameters closer to a deterministic policy.
policies, both in terms of duration and probability of failure. ~ Figure 1 shows the selection of actions graphically. Alg. 3
Repeating the process of estimating the gradient, followed bgescribes the algorithm for computiig(6). The gradient
a gradient ascent step, optimises the policy until a maxima imstimate provably converges to a biased estimat®' )

the long-term average reward is found. asT — oo. The quantity3 € [0,1) controls the degree
. ) ) of bias in the estimate. A8 approaches 1, the bias of the
4.1 Estimating Gradients estimates drop to 0. However if = 1, estimates exhibit

The GPOMDP gradient estimate algorithm works by sam-nfinite variance a§" — oo. Thus the parametet achieves
pling a single long trajectory through the state space. The bias/variance tradeoff in the stochastic gradient estimates.
state transitions are generated with Alg. 1 after each task Line 8 computes the log gradient of the sampled action
agent has chosen whether to start or not. All agents receiverobability and adds the gradient for th#h agent’s param-
the same reward for the new state and update their gradiepters into areligibility trace. The gradient for parameters not
estimates independently. relating to agent is 0. We do not comput®r|a;,|o;, 6,]

The parameterised policy maps observations to probabilityr gradients for tasks with unsatisfied preconditions. If all
distributions over action vectors. The action vector at eacteligible agents decideot to start their tasks, we issue a null-
step isa;, a combination of independent ‘Yes’ or ‘No’ ac- action. If the state event queue is not empty, we process the
tions made by the agents. Each agent is parameterised Imgxt event, otherwise time is incremented by 1 to ensure all
an independent set of parameters that maked ug R?: possible policies will eventually reach a reset state.
01,05,...,0n. If ay, represents the binary decision made
by agentr at timet about whether to start its corresponding 5 Experiments

task then the stochastic policy factors into This section provides some preliminary experiments that vali-
Prla;|og, 0] = Prlagy, ..., ain|os, b1, ..., 0n] date theideasin thi_s paper. We compare the present algorithm

with that of our earlier RTDP based planner for military oper-

ations[Aberdeeret al,, 2004. Both the current tools and our

It is not necessary for all agents to receive the same obseprevious tool use the same code to generate states, represent-

vation, and it may be advantageous to show different agentisig exactly the same domains, providing a fair comparison.

= Prlas1|o,01] X -+ - X Pr[asn]|oy, On].
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Algorithm 3 Factored Planning Gradient Estimator
slot, 61] = 0.1 1: Setsy to initial statet = 0,e; = [0]

Vo 2: while t < T do

o, 01] = 0. e = Be;_1
4:  Generate observatia of s;

— 5. for Each eligible task do

Time 6: ComputePr[Yes|o, 6,,] andPr[No|oy, 6,,]
7
8
9

Oy

Current State

Conditions Sampleam =Yes Olayy, =No

Eligible tasky Not Eligible  [Pr[No|oy, 6] = 1.0
Task status Choice disabled Computee; = e; + Vlog Pr[atn |()7 Qn]
end for

Resources

Event queue

b 10:  Try actiona; = {a¢1, aso, ..., ain}
11:  while mutex or resource prohibits do
Next State 12: randomly turn off one task start iy
Time 13:  end while
eslog, On] = 0.5 Conditions .
~o— | Eligible tasks 14:  s44q = findSuccessosg, at)
olor. 6] = 0.5 Resomaes 5. Vn(0) = Vi—in(0) — H%(r(stﬂ)et —Vi_1n(9))
LUNT= Event queue 16: t—1t+ 1
' 17: end while

18: ReturnVrn(9)

Figure 1: Task-policies receive an observation of the current

state and individually choose whether to start or not. The

combined decision is fed into the state simulator that proba- The parameters of the GPOMDP algorithm arg: =
bilistically generates the next state. In this example, the joinb0, 000 gradient estimation steps afti = 0.9. Optimisa-
action probability iSPr[No, No, ..., Yes|o, 0] = 0.45. tion time was limited to 5 minutes wall clock time on a sin-
gle user 3GHz Pentium IV with 1GB ram. All optimisations
ran to the complete 5 minutes. After 5 minutes optimisation
tvas terminated and the current policy evaluated. The FPG-
lanner has the ‘any time’ property that returns better policies

the high level process of building a sky-scraper. These tas

achieve a set of 10 state variables needed for operation SUggye |onger optimisation is allowed to run, thus it is possible
cess. Four of the effects can be established independently By, might have gotten improved results with more patience.

two different tasks, however, resource constraints only allowg g its quote the average duratiantpe variance), and the
one of the tasks to be chosen. Furthermore, tasks are not e centage of plans that terminate in a failure state. Plans that
peatable, even if they fa|l.0The_ probability of failure of tasks 5| often have short average durations because they fail early
ranges between 0 and 20% with an interval on either side gf, yhe execution of the plan due to resource limitations or a
20% (unless such an interval would result in a probability of ek of alternative courses of action. Because optimisation

failure of less than 0%). . has a stochastic component the results are the average over
_ We have constructed this example to demonstrate the effegy training runs and 10,000 evaluation runs of the plan.
tiveness of planning with |nt_ervaI$. Thus, for each effect that Unsurprisingly we see that plans formed under pessimistic
has two tasks that can achieve it we have selected one task

to have a high probability of success, but also a high unce training perform much better than other training modes when

tainty. The second task has a lower probability of success, bdpe true (evaluation) model turns out to follow the pessimistic

an interval of 0 (perfect knowledge of the model). The secondnoge:'hl-ess ?nbvrlousrm trf:ﬁ fpli?nr fOFrrn%d kl)Jiﬂder r?dpgch,l?litlc
(lower) probability of success is chosen to be higher than th odel has a more uniform failure probability a urafions

lower boundon the first tasks success probability. The robust®VE" the possible true models. This is highly desirable be-
plan should (and does) choose tasks with the lower probac;ause it means we have less variance in the outcome of plans
despite operating over a wide range of models. We emphasise

bility of success, but zero interval. Table 1 shows that th ; . ; .
results of using the FPG-Planner with different modes of Ope_that this result is largely dependent on the particular domain

timisation: 1- No optimisation at all, the plan is to start eachand Is a result of a true assumption that experiencing a less

eligible task with a probability of 50%; 2- Optimisation based PESSIMIStic true model can only benefit the policy. We have

on a simulation of a pessimistic model; 3- Optimisation base een similar effects on other domains using the RTDP planner
on the original human model (mean model); 4- Optimisation Buffet and Aberdeen, 20@5, .

based on a simulation of an optimistic model. Evaluations The RTDP results are quite similar to the FPG-Planner re-
are repeated three times. The evaluations assume that the tr¢lgtS: The FPG-Planner is performing somewhat better than
model is: 1- pessimistic, 2- the original model (mean mode|)'RTDP if the true model turns out to be pessimistic, but train-

3- optimistic. ing assumed a mean or optimistic model. RTDP gets the best
overall result when the true model is optimistic and training
3The problem definition can be found dritp://rsise. assumed a mean or optimistic model. In this case RTDP is
anu.edu.au/"daa , written using an XML version of the PDDL  finding a global maxima in long-term average reward, but
language). FPG gets stuck in local maxima.
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Table 1: Average failure prob and duration of the optimised Building plan. The columns are different training conditions. The

V. Bulitko & S. Koenig (eds.)

rows are different evaluation conditions. Optimisation is performed with the FPG-Planner

True model No train Pess. train Mean train Opt train
Fail% Dur. | Fail% Dur. | Fail% Dur. | Fail% Dur.
Pessimistic| 0.657 4.8&2.22| 0.549 4.421.78| 0.688 3.3%2.89| 0.694 3.422.37
Mean 0.403 59%1.69| 0.420 5.161.34| 0.378 4.981.64| 0.381 5.0%1.67
Optimistic | 0.325 6.3&1.36| 0.386 5.3%1.12| 0.278 5.46:1.03| 0.277 5.5%1.05

Table 2: Same results as Table 1, but this time optimised with an RTDP based planner.

True model No train Pess. train Mean train Opt train
Fail% Dur. | Fail% Dur. | Fail% Dur. | Fail% Dur.
Pessimistic| 0.657 4.8&2.22| 0.541 4.623.12| 0.729 5.32146| 0.724 5.4&1.76
Mean 0.403 5.9%A1.69| 0.428 5.0941.80| 0.272 6.4%1.12| 0.272 6.541.19
Optimistic | 0.325 6.3&:1.36| 0.386 5.181.65| 0.099 6.96:0.451| 0.100 6.96-0.452

For problems of this size RTDP can enumerate the statef Excellence program. This project was also funded by the
space in memory, giving it a significant advantage becaus@ustralian Defence Science and Technology Organisation.
it can compute the optimal global policy. Thus, we do not
expect to be able to generally perform better RTDP on thiReferences
problem. The fact that we outperform. RTDP at all is due[Aberdeeret al, 2004 D. Aberdeen, S. Thibaux, and L. Zhang.
to the faCt that we use the |a.be”ed variant Of RTmnet Decision-theoretic m|||tary Operations p|ann|ng
and Geffner, 2008 with a non-zero labelling threshold that  |CAPS'04 2004.
results in some degree of approximation in the policy. HOW’[Aberdeen, 2006 D. Aberdeen. Probabilistic temporal planning by
ever, as Aberdeef2009 demonstrates, when problems are " tactored policy gradient. Technical report, NICTA, 2005.
too Iarge .t(.) fit into main memory, the FPG-Planner can perIBartoet al, 1995 A.G. Barto, S. Bradtke, and S. Singh. Learning
form significantly better than RTDP based planners. to act using real-time dynamic programmingrtificial Intelli-

gence 72, 1995.

[Baxteret al, 2001 J. Baxter, P. Bartlett, and L. Weaver. Exper-
The main requirement for learning with policy-gradient |m§nts with infinite-horizon, policy-gradient estimatiodAIR,
POMDP methods is that a trajectory of state observations is 15:351-381, 2001.
available. Even if we haveo modelbf the planning problem [Bonet and Geffner, 20Q3Blai Bonet and Hector Geffner. Labeled
we can still use FPG-Planning provided we can interact with RTDP: Improving the convergence of real-time dynamic pro-
the real-world to generate trajectories. gramming. InProceedings of ICAPS-02003.

The greatest drawback of our work is the assumption thatBowling, 200§ Michael Bowling. Convergence and no-regret in
the poorest (or best) global model can be approximated by al- multiagent learning. IfProc. of NIPS’04 volume 17, 2005.
ways trying to simulate the extremes of the intervals in eachBuffet and Aberdeen, 20050. Buffet and D. Aberdeen. Planning
state. We can avoid this assumption by simultaneously learn- With robust (rtdp. InProc. of IJCAI'05 2005.
ing the worst model at the same time as learning the bedGivanetal, 2004 R. Givan, S. Leach, and T. Dean. Bounded pa-
policy. This can be achieved with a second agent assigned rameter markov decision processasificial Intelligence 122(1-
to each planning task. The second agent learns, again using 2):71-109, 2000.
a gradient method, the most pessimistic point in the intervalHosakaet al, 2001 M. Hosaka, M. Horiguchi, and M. Kurano.
that should be used to simulate trajectories. We plan to try this Controlled markov set-chains under average criterfgpplied
approach soon, borrowing on the work of Bowlif&p03. Mathematics and Computatiph20(1-3):195-209, 2001.

To summarise, we have demonstrated an algorithm witliLittle, 2004 1. Little. Probabilistic temporal planning. Honours
great potential to produce policies that are robust to a de- thesis, Australian National University, 2004.
gree of ‘guesswork’ in constructing the model. It is critical [Mausam and Weld, 2005Mausam and Daniel S. Weld. Concur-
that real-world planning tools are tolerant of errors in the de- rent probabilistic temporal planning. Froc. ICAPS’052005.
scrlptlo_n f)f the mPO_'e'- Human beings are _bz_id at eStImatm@Peshkinet al, 2004 L. Peshkin, N. Meuleau K.-E. Kim, and L. P.
probabilities, and it is rare that we have sufficient data to per- kaelbling. Learning to cooperate via policy searchUl, 2000.
fectly estimate all parameters of a system. Further work will
attempt to justify our claim that the simulation approach to
dealing with uncertainty has merit in very large domains.

Proc.

6 Discussion

[Strehl and Littman, 2044 A. Strehl and M. Littman. An empirical
evaluation of interval estimation for markov decision processes.
In Proc. of ICTAI'04 2004.

[Younes and Simmons, 20p4Hakan L. S. Younes and Reid G.
Simmons. Policy generation for continuous-time stochastic do-
mains with concurrency. IRroc. of ICAPS’04volume 14, 2004.
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Abstract

This paper discusses a planner-based approach to
automating data production tasks, such as pro-
ducing fire forecasts from satellite imagery and
weather station data. Since the set of available data
products is large, dynamic and mostly unknown,
planning techniques developed for closed worlds
are unsuitable. We discuss a number of techniques
we have developed to cope with data production do-
mains, including a novel constraint propagation al-
gorithm based on planning graphs and a constraint-
based approach to interleaved planning, sensing
and execution.

1

Petabytes of remote sensing data are now available from
Earth-observing satellites to help measure, understand and
forecast changes in the Earth system, but using these data ef-
fectively can be surprisingly hard. The volume and variety of
data files and formats are daunting. Simple data management
activities, such as locating and transferring files, changing
file formats, gridding point data, and scaling and reprojecting
gridded data, can consume far more personnel time and re-
sources than the actual data analysis. We addressed this prob-
lem by developing a planner-based agent for data production,
called IMAGEDbot [Golden et al., 2003], that takes data prod-
uct requests as high-level goals and executes the commands
needed to produce the requested data products.

The data production problem consists of converting an ini-
tial set of low-level data products into higher-level data prod-
ucts that can be used for science or decision support. The data
products we are concerned with are geospatial data measur-
ing specific variables of the Earth system, such as precipita-
tion, vegetation productivity and fire risk, but our approach
is also applicable to other types of data. Higher-level data
products may be altered versions lower-level data products,
or they may be entirely new products that estimate unknown
Earth system variables, such as soil moisture, based on known
variables, such as precipitation. These variables are estimated
by running one or more computational models, such as sim-
ulation codes. The models can be precisely characterized in
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terms of their input and output requirements, which makes
them straightforward to represent in an Al planning system.
However, there are significant differences between the data
production problem and more traditional planning domains,
calling for different techniques.

Notable features of data processing domains include large
dynamic universes, incomplete information and uncertainty.
There are petabytes of data available, with new data becom-
ing available all the time, and the agent itself produces many
new data products in the course of fulfilling the user’s goal—
data products that could be used to fulfill subsequent goals.
There is also considerable uncertainty — uncertainty of the
time that particular data will be available, or whether the data
will arrive at all, uncertainty in the quality of data, even un-
certainty as to whether a given processing algorithm will suc-
ceed. To cope with this uncertainty, the agent may need to
poll for data availability or try alternative courses of action if
the one it is pursuing seems unpromising.

We have developed a planner-based agent, called IMAGE-
bot, to automate data production. The data production prob-
lem may be viewed as a planning problem in which the initial
state describes the current set of available data products, and
whose goal state describes the properties of the desired high-
level data products. Planner operators correspond to data
transformation and generation tools. IMAGEDbot takes data
product requests as high-level goals and executes the com-
mands needed to produce the requested data products.

We adopt a planning approach somewhat similar to Graph-
plan [Blum & Furst, 19971, consisting of a Graphplan-style
reachability analysis and a constraint-based search. How-
ever, the large universe of the data production problem makes
the grounded planning graph of Graphplan inapplicable; in-
stead, we choose a lifted representation where actions and
plans contain variables. Because of the lifted representation,
and the uncertain and dynamic nature of the data production
problem, the reachability analysis and search cannot be sep-
arated; instead, IMAGEDbot interleaves planning, constraint
reasoning and execution.

In this paper, we report on our work on IMAGEDbot, with
a focus on the constraint reasoning that underlies planning,
sensing and execution. Section 2 gives an overview of the
IMAGEDbot system architecture and high-level planning ap-
proach; Section 3 discusses our constraint-based approach to
sensing; Section 4 discusses a novel constraint propagation
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Figure 1: The architecture of IMAGEbot

algorithm based on the planning graph. Section 5 discusses
interleaved planning and execution.

2 IMAGEDbot Overview

2.1 System Architecture

The architecture of the IMAGEDbot agent is depicted in Figure
1. The main components are:

JDAF: The Java Distributed Application Framework com-
prises the execution environment for IMAGEDbot; it provides
the agent with a common API for data-processing programs
and ecological forecasting models.

DPADL: The Data Processing Action Description
Language [Golden, 2002] is used to provide action descrip-
tions of data-processing programs and available data sources.
Goals, in the forms of data product requests, can also be de-
scribed in DPADL. To support both fine-grained and flexible
sensing, DPADL allows constraints to make calls to the un-
derlying runtime environment (Section 3).

DoPPLER: The Data Processing Planner accepts goals in
the form of data descriptions and synthesizes and executes
data-flow programs. It reduces the planning problem to a
Constraint Satisfaction Problem (CSP) whose solution pro-
vides a solution to the original planning problem.

JNET: Java Constraint Network is a constraint represen-
tation and reasoning framework that provides the agent with
constraint propagation and search capabilities.

The architecture provides a planning framework that inter-
leaves planning with constraint reasoning and plan execution.

2.2 Planning Approach

Planning in IMAGEDbot is a two-stage process. The first stage
consists of a Graphplan-style reachability analysis [Blum &
Furst, 1997] to derive heuristic distance estimates and re-
strict the search space for the second stage, a constraint-based
search. These stages are not entirely separate, however; con-
straint propagation occurs even in the the graph-construction
stage, and the graph is refined during the constraint-search
phase.

Lifted planning graphs

Planning domains are specified in DPADL. From the plan-
ning problem specification, the planner incrementally con-
structs a directed graph, similar to a planning graph. Planning
graphs were introduced in Graphplan [Blum & Furst, 19971,
and have been adopted widely as an efficient data structure
for computing reachability heuristics for planning problems.
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A planning graph consists of alternating layers of proposi-
tion nodes and action nodes. After the first proposition layer,
which contains all propositions that are true in the initial
state, each action layer comprises all actions whose precon-
ditions are supported by the previous proposition layer and
each proposition layer comprises all propositions that appear
in the effects of the previous action layer. Pairwise mutual ex-
clusion constraints (mutexes) are used to indicate when two
actions or propositions cannot possibly appear at the same
time. For example, P and =P are mutex, as are actions that
interfere with each other. The planning graph provides a com-
pact, abstract representation of all possible plans up to a given
length. In the initial construction phase, it is built up until gui-
escence, i.e., until there are no changes from one layer to the
next, at which point the planner can search backward from
the last layer for a plan that satisfies the goal. If no plan is
found, the graph is extended by adding more layers and the
search is repeated.

A disadvantage of the planning graph, for our purposes, is
that it is fully grounded. Since the number of possible objects
(and hence the number of propositions and actions) is infi-
nite, we use a lifted representation (i.e., containing variables).
We also replace proposition nodes with object nodes, which
correspond to the data products produced and consumed by
actions. Instead of binary mutexes, we rely on a richer set
of constraints that specify the inputs, outputs and parameters
of actions in terms of those of other actions. This graph is
used to obtain distance estimates for heuristic search, obtain
bounds on the possible values of variables, and is also the ba-
sis for the construction of the CSP. Arcs in the graph are anal-
ogous to causal links [Penberthy & Weld, 1992]. A causal
link is a triple {(as, p, @), recording the decision to use ac-
tion o, to support precondition p of action «,. However, in-
stead of recording a commitment of support, it indicates the
possibility that ag supports p. The lifted graph contains mul-
tiple ways of supporting p; the choice of the actual supporter
becomes a constraint satisfaction problem. We add an extra
term to the arc for bookkeeping purposes — the condition,
*yg‘-*, needed in order for a4 to achieve p. A link then becomes

(s, 75", p, 0 ).

Given an unsupported precondition p of action c,, our first
task is to identify all the actions that could support p. Be-
cause the universe is large and dynamic, identifying all possi-
ble ground actions that could support p would be impractical,
so instead we use a lifted representation, identifying all action
schemas that could provide support. Given an action schema
«, we determine whether it supports p by regressing p through
«. The result of regression is the formula = If 7= =1,
then o does not support p. Initial graph construction termi-
nates when all preconditions have support or (more likely) a
potential loop is detected.

From planning to constraints

After the graph is constructed, heuristic distance estimates
for guiding the search are computed, and a constraint prob-
lem representing the search space is incrementally built. It
is incremental because the planning graph comprises a com-
pact representation of the search space, in which each action
node can represent multiple concrete actions in the final plan.
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Since the number of possible actions can be large, even infi-
nite, we cannot simply generate all of them at once but do so
lazily during search. This is handled using a dynamic CSP
(DCSP), in which new variables and constraints can be added
for each new action and causal link in the plan.

A Constraint Satisfaction Problem (CSP) is a represen-
tation and reasoning framework consisting of variables, do-
mains, and constraints. Formally, it can be defined as a struc-
ture < X,D,C > where X = {z1,22,...,2,} is a fi-
nite set of variables, D = {d(x1),d(z2),...,d(x,)} is a
set of domains containing values the variables may take, and
C = {C1,Cy,...,Cp} is a set of constraints. Each con-
straint C; is defined as a relation R on a subset of variables
V = {z;,z;,...,x}, called the constraint scope. R may
be represented extensionally as a subset of cartisan product
d(z;) x d(z;) x ... x d(x). A constraint C; = (V;, R;)
limits the values the variables in V' can take simultaneously
to those assignments that satisfy R. A consistent instantiation
of all variables in X is a solution. The central reasoning task
(or the task of solving a CSP) is to find one or more solutions.

The CSP contains: 1) boolean variables for all arcs, nodes
and conditions; 2) variables (of any type) for all parameters,
input and output variables and function values; 3) for every
condition in the graph, a constraint specifying when that con-
dition holds (for conditions supported by arcs, this is just the
XOR of the arc variables); 4) for conjunctive and disjunc-
tive expressions, the constraint is the respective conjunction
or disjunction of the boolean variables corresponding to ap-
propriate sub-expressions; 5) for every arc in the graph, con-
straints specifying the conditions under which the supported
fluents will be achieved (i.e., 7,/ = p, where 7,/ is the pre-
condition of o needed to achieve p) ; 6) user-specified con-
straints; and 7) constraints representing structured objects.

Constraint-based search

After converting the planning problem to a CSP, the planner
searches the CSP for a solution. At a high level, the plan-
ner, guided by heuristic distance estimates extracted from the
planning graph, selects subgoals to achieve and actions to
achieve them (Algorithm 2). After the subgoal and action
selection, the planner (or more accurately, the CSP solver)
finds values for variables representing planner action param-
eters. This is necessary to make actions executable. During
the search, propagation is performed whenever a value is as-
signed to a variable. The search is an iterative process involv-
ing possible backtracks; that is, if there are no valid parame-
ters for a chosen action, the planner has to search for another
plan; if it is impossible to extract a plan from the current plan-
ning graph, the planning graph is extended, by adding more
layers, or search fails. Extending the planning graph and re-
peating the search corresponds to searching for longer plans.

3 Constraint-based sensing

In order to find out what data products relevant to the task at
hand are available, the agent needs to sense its environment.
One way of doing this is to introduce sensing actions [Golden
& Weld, 1996], which the agent can execute in order to obtain
information. This approach has the advantage that it can be
used to capture sensing actions that have preconditions, but it
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also requires the plan to be at least partially executed before
the information can be obtained. We follow an alternative ap-
proach of representing low-cost precondition-free sensors us-
ing procedural constraints. That is, we can implement con-
straints as procedures that can perform database queries or
invoke other information-gathering operations in the course
of identifying the domain of values a given variable can have.
This constraint-based sensing approach is much more flexible
than the sensing-action approach, as the order of sensing op-
erations is based on constraint propagation, and information
dependencies are inherently multi-directional.

For example, suppose we have a set of satellite images,
each of which corresponds to a given region of the Earth’s
surface for a given day. Procedure calls are available to iden-
tify satellite images for a particular region and day and to
identify specific attributes of individual images. To obtain
the set all the images for a given region p and day d, we can
call findTiles(p, d). To obtain the resolution of image ¢, we
call t.getResolution(). To find the percent cloud cover for
t, we call t.getCloudCover(). Other attributes of ¢ can be
determined similarly. In order to make these procedures us-
able to the constraint solver, we must represent them as con-
straints. The DPADL language makes this easy, by allowing
the code for the procedure calls to be embedded directly into
constraint definitions [Golden, 2003]. The details of the syn-
tax are unimportant. All that matters is that when the con-
straint solver encounters the constraint » = resolution(t), it
can enforce it by calling the getResolution method on indi-
vidual values from the domain of ¢, which are Java objects.
The results are combined and intersected with the original do-
main of 7. If the result of the intersection is non-empty, then
the constraint is still valid. Similarly, findTiles(r, d) can be
called to restrict the domain of ¢.

What information-gathering procedures are called, and the
order in which they are called, depends on the constraint
propagation algorithm used by the constraint solver. In gen-
eral, if the domain of any variable is reduced, all constraints
involving that variable will be enforced, possibly causing the
domains of other variables to be reduced as well, which will
trigger other constraints to be enforced. Propagation stops
when this process reaches quiescence or some variable do-
main becomes empty, which indicates an inconsistency. Con-
straint propagation provides a powerful and flexible way of
sensing. The specific set of operations performed depends on
what information is “known” to the constraint solver. Invok-
ing a sensing operation may trigger further sensing through
constraint propagation. For example, suppose we are inter-
ested in finding a high resolution satellite image of Oregon
for a day in June that had no rainfall. We can represent that
as a set of constraints:

resolution () <250m,
day (i) =d, month (d)=June,
rainfall (d) 0.

region (¢) =Oregon,
year (d)=2005,

Initially, the domains of ¢ and d are “full,” i.e., completely
unknown, but enforcing the constraints on month and year
restricts d to a set of 30 possible values. The rainfall con-
straint can be evaluated for each value of d by executing a
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procedure that does a database lookup on past meteorologi-
cal data. Days that had any rainfall will be eliminated from
the domain of d. The procedure findTiles(r, d) can then be
called with each of those dates for region “Oregon.” to re-
strict the domain of ¢ to a finite set. Once the images are
known, getResolution can be called on each one, and im-
ages with inadequate resolution will be eliminated from the
domain of 7. At this point, all values in the domain of ¢ sat-
isfy all the constraints. As this example shows, the order of
sensing operations depends on what information is “known”
and what information is needed.

We can also represent more traditional sensing actions, us-
ing actions that produce new objects (data files), which con-
tain information. Acquiring these objects can, in turn, trig-
ger more constraint propagation, resulting in more implicit
sensing. For example, a data-acquisition action may obtain
a set of satellite images from a remote location. Once these
images are available, additional operations can be performed
to obtain information about the images, such as data qual-
ity. These additional operations can be implemented as con-
straints rather than actions, which removes them from the set
of deliberate decisions that the planner needs to make.

4 Action-based Constraint Propagation

As we have discussed, data production problems, due to their
large, uncertain and dynamic universes, are not suitable for
a grounded representation. The lifted planning graph is a
much more concise representation than the grounded plan-
ning graph, but it is potentially less informative, which makes
conventional constraint propagation and search less effective.
The CSP derived from the lifted planning graph contains vari-
ables with infinite domains [Golden & Frank, 2002], so there
is no way to enumerate solutions by search alone, yet the tra-
ditional constraint propagation that establishes certain levels
of consistency does not work well either. For example, we
have a constraint propagator in JNET that enforces a partial
generalized arc-consistency (GAC) [Bessiere & Ch, 1997,
Katsirelos & Bacchus, 2001]. The definition of GAC is built
upon the variables and their values; namely, a CSP is GAC if
all its variables are GAC; a variable is GAC is all its values
are GAC; a value v of a variable = is GAC if it has support
from other variables in every constraint on x. Establishing
consistency requires evaluating every value to see if it satis-
fies certain constraints, which is not possible in general for
infinite variable domains. A combination of propagation and
search will eventually find a solution, but propagation does
not become informative until late in the search .

We have developed a new constraint propagation algorithm
that propagates changes among the actions in the planning
graph, which yields much more information, even before
search begins. It not only restricts the domains of variables
by eliminating inconsistent values, but it also may add values
to the variable domains when new information is available
(e.g., a new object is created). In this section, we first de-
scribe the propagation algorithm, then illustrate how it works

'We call it partial GAC for two reasons: 1) not every constraint
procedure enforces the GAC; and 2) not every constraint is executed
in the propagation.
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Algorithm 1 Action Constraint Propagation

Given a lifted plan graph G. Let A be the set of actions in G,
let P = (X, D, C) be the CSP derived from the lifted plan
graph, and let A’ be a subset of actions to be propagated:

propagate(G, A, P, A")
1. while (A’ # 0) do
(a) let a < an action removed from A’
(b) let C, < constraints relevant toa
(¢) <d(Z(a)),d(O(a)) > enforce(P,C,)
(d) for (Vi € Z(a) s.t. d(i) = ()
remove supporting link to %

(e) for (Vo € O(a) s.t. d(o) = 0)
remove supporting link from o
(f) for (Vi € Z(a) s.t. d(i) changed)
i. for (Vb € As.t. b supports a)
if (revise(P,O(b),1)) A’ — A'U {b}
(g) for (Yo € O(a) s.t. d(0) changed)
i. for (Vb € A s.t. a supports b)
if (revise(P,Z(b),0)) A" +— AU {b}

2. return

with an example, and discuss its role in the planning search
and constraint search.

4.1 Algorithm

Formally, a data-processing action schema can be seen as a
tuple (Z, O, P, 11, &, x), where Z,0, P are the input variables,
output variables and parameters respectively. The parameters
are unknowns that may appear in constraints on either or both
input and output. IT is the precondition, £ is the effect and x
is a procedure for executing the action that may reference any
variable in Z U P and must set every variable in O. A lifted
planning graph can be seen as a partially ordered set of ac-
tion schemas (A, <), where a < b iff action a supports b or a
supports c and ¢ < b. In the CSP derived from the lifted plan-
ning graph, we have constraints specifying the relationships
among variables inside an action and constraints specifying
relationships of two actions if one supports another. For an
individual action, if something changes — for example, if a
value is assigned to a variable in the action input due to search
— the change to this variable can be propagated to other vari-
ables in the output, which may change their domains. For two
actions a and b, where a supports b, changes in the input of
b can be propagated to the output of a; similarly, changes in
the output of a can be propagated to the input of b. The idea
of this propagation is outlined in Algorithm 1.

In Algorithm 1, function enforce(P,C,) enforces ev-
ery constraint ¢ € C, associated with action a. It restricts
domains of variables in ¢ by eliminating inconsistent values.
Function revise(P, O(b),i) (or revise(P,Z(b),0) ) com-
putes the domains of variables in O(b) (or Z(b) ), where i is
an input (or o an output) of action a and action b supports (or
is supported by) a. The function revise may remove in-
consistent values or add newly discovered values depending
on the planning graph structure. It returns true if any variable
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domain has been revised, in which case the action b is added
to A’, waiting to be propagated.

In addition to removing inconsistent values or discovering
new values for variables in an action, this propagation also
removes certain supporting links if it identifies inconsistency.
If all links from an action a supporting other actions are re-
moved, the action a is useless in the planning graph so it can
be safely removed. If all links to an input of an action a
are removed, this action cannot be executed because one of
its inputs does not have support. The planner either has to
find other support for this action (e.g., expanding the plan-
ning graph by inserting more actions) or remove this action
from the planning graph.

4.2 Example

For illustration, we consider a simplified version of construct-
ing a mosaic. Many satellites continuously image whatever
portion of the Earth they pass over, like giant hand-held scan-
ners. For convenience, the resulting swath data is usually
reprojected onto a 2D map and chopped up into ftiles, cor-
responding to a regular grid drawn over the map. To obtain
the data pertaining to a particular region of the Earth, we first
identify and obtain the tiles that cover that region and then
combine them into a single image, known as a mosaic, and
crop away the pixels outside the region of interest.

These tiles are represented in the planner as first-class ob-
jects. The attributes of a tile describe, among other things,
the physical measurement the data in the tile represent, the
position of the tile on the grid, the projection used to flatten
the globe, and the region of the Earth covered by the pixels
in the image. For simplicity, we assume in this example that
tiles have only two attributes: the region a tile covers and
the cloudiness when the image was taken. A simplified task
becomes to take some tiles from thousands of available tiles
and compose them to create a mosaic that covers a specified
region without too much cloud cover.

Specifically, a region is a pair of points (ul,lr) where ul
is the upper-left corner and [r the lower-right corner. A point
is a pair of coordinates (z,y). Normally x and y would be
longitude and latitude, but as a further simplification, we will
assume both x and y are non-negative integers. The cloudi-
ness is represented by a real number from 0 to 1, where 0
is clear sky and 1 is totally obscured. Further, we assume
there are only three actions the planner may take: compose
two tiles horizontally (comp2h) or vertically (comp2v), or get
a tile with its ul point as a parameter (getTile). A real mo-
saic command is not limited to combining two tiles. Figure 2
shows action preconditions and effects with respect to the re-
gion. In addition, the effect of composing two images is that
their combined cloudiness is treated as the maximum of the
cloudiness of the input tiles.

A problem instance we consider here consists of some
small tiles, such as those covering the region((0, 0), (1,2)),
or ((2,3),(3,5)). The goal is to compose a mosaic for the
region ((0,0), (3,2)) with no more than 30% cloud cover. As
shown in Figure 4, the region ((0, 0), (3, 2)) consists of 6 unit
squares denoted by By, B, ..., Bg. For example, B; refers
to the region ((0,0), (1,1)), and B; By together refer to the
region ((0,0), (2,1)). The mosaic is composed of tiles cov-
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input &
preconditions

T @

comp2h
Figure 2: The planner actions: the dots inside actions are
inputs and outputs. Parameters are not shown.

comp2v getTile

output &
effects

getTile

Figure 3: A planning graph

ering By, Ba, ..., Bg (referring to the region ((0,0), (3,2))),
which may or may not be available locally; if not, we assume
that action getTile((x, y)) can be executed to get any available
tiles covering the region ((z,y), (x + m,y + n)).

The planning graph created by the planner is shown in Fig-
ure 3, where nodes represent lifted actions or objects, and arcs
the supporting relations. The dots inside action nodes are in-
puts and outputs of the actions, each representing a set of
objects, possibly infinite. At the time when a CSP is derived
from this planning graph, these unknown objects, inputs and
outputs of the actions and their parameters, are represented as
variables with infinite domains.

The action-based constraint propagation can be invoked
to restrict some of the infinite domains. Since the plan-
ner goal, a mosaic of region ((0,0), (3,2)) with cloudiness
no more than 0.30, is known, the output of action comp2y,
which supports the goal, is also known; applying the prop-
agation on comp2v from output to input, we have the do-
mains of its two inputs, both of which are singletons, namely
a mosaic covering the region{((0,0), (3,1))} and another
one covering{((0, 1), (3,2))}, both with cloudiness of more
than 0.30. Similarly, the output of comp2h is known from
the goal; applying the propagation on comp2h, we have the
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Figure 4: Constraint propagation in the planning graph. Ob-
jects in a dotted rectangles are inputs to an action, an ob-
ject divided by dashed line is a single or a composed object;
whether a single object is available in the initial state or can
be obtained with getTile (not shown) depends on the task.

domains of its two inputs, both of which contain two mo-
saics covering the regions: {{(0,0),(1,2)),((0,0),(2,2))}
and, {((1,0),(3,2)),((2,0),(3,2))}, respectively. Again,
all these mosaics (some are possibly single tiles, depending
on the sizes of tiles available) must have cloudiness of at
most 0.30. The changes to inputs of the these actions are
propagated to the prior level actions supporting them. This
process continues until there are no more changes to the in-
put and output of any actions. At the end of the backward
propagation, we have a much more limited search space, as
shown in Figure 4, where the tiles in the inputs and outputs
are restricted to specified regions and cloudiness. Notice also
that many links appearing in the planning graph (see Figure
3) have been removed by the propagation. For example, all
links from comp2v to comp2v have been removed.

At this point, none of the actual tiles are available, since
the getTile actions have yet to be executed, so the domains
of the variables representing cloudiness are all [0...0.30],
based on propagation from the goal. No further propagation
or pruning can be done. We continue with this example in the
next section.

S Planning and Execution

Although our constraint-based approach to sensing helps to
cope with large, unknown domains, there is still some uncer-
tainty, even for a “complete” plan. Data products may turn
out to be of a lesser quality than expected, due to cloud cover
for instance, or may even turn out to be missing entirely. Pro-
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Algorithm 2 Plan construction and execution. Iteratively
supports subgoals and executes actions until all goals are sup-
ported and all actions are executed. The keyword pick indi-
cates a choice that is not a backtrack point. The keyword
choose indicates nondeterministic choice (backtrack point)
The keyword fail indicates a backtrack.

public void PlanAndExecute(goal, actions)
1. let G « BuildPlanGraph(goal, actions)
let P «BuildConstraintNet(G), A < Actions in G
let agenda < {goal}, unexecuted « {goal}
set d(goal) «— {true}

while (propagate(G, A, P, A) returns false)
if (ExpandGraph(G, P) returns false) fail

while (unexecuted # 0) pick

A

(a) pick o €unexecuted
if (execute(«) returns true)
remove « from unexecuted
(b) let p « remove from agenda
i. choose (ay, ¥+, p, ) in G
add v, to agenda and set d(v;"*) = {true}
add o, to unexecuted
if (propagate(G, A, P, {a,, o, }) returns false)
fail
(c) ExpandGraph(G, P)

il.
iii.
iv.

cessing algorithms may fail to perform as well as expected,
perhaps due to problems with the input data, or they may
simply crash. Some quality problems can be automatically
detected, but only after the data products are in hand, meaning
after the plan has been at least partially executed. Fortunately,
the non-destructive nature of data production domains means
the cost of plan execution is limited to the time and resources
consumed, so it is natural to view plan execution as an ex-
tension of the search process. If partial execution of a plan
reveals a violation of a constraint or preference, it is a simple
matter to backtrack and try something else, since there are
no state changes to be undone. Furthermore, actions may be
executed before the plan is complete, yielding information to
reduce search or choose between competing options. For ex-
ample, if there are two candidate data sets, each of unknown
quality and each of which requires different processing steps,
the planner can execute the actions to obtain both sets of data
and decide which one to use before wasting time planning out
all the processing operations for data that may not be used.

Here, again, the planning graph representation is useful,
because it provides a guide to which data sources and actions
are relevant to a problem without requiring a complete plan to
be generated. Once an action has been executed and its out-
puts produced, the output variables are instantiated with the
results from execution and the constraints are re-propagated,
which may further restrict the domains of other variables, re-
ducing the amount of search.

This approach to interleaving planning, sensing and exe-
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cution can be contrasted with contingency planning [Warren,
1976; Pryor & Collins, 1996; Draper, Hanks, & Weld, 1994],
in which explicit branches are inserted into the plan after
sensing actions in order to respond appropriately to the in-
formation obtained from sensing without the need for replan-
ning; e.g., “look-outside; if (raining), bring-umbrella.” By
interleaving planning with execution, we remove the need for
explicit branches. The planner deals with the contingency af-
ter executing the sensing action. Suppose look-outside is exe-
cuted, and the result is that it is raining. If the planner did not
already commit to whether to select the bring-umbrella ac-
tion, that choice is now forced by constraint propagation, and
bring-umbrella becomes part of the plan. On the other hand,
if the choice was already made not to bring the umbrella,
then after constraint propagation the plan will be inconsis-
tent; the planner will then backtrack and consider a plan that
involves bringing the umbrella. Because there are no destruc-
tive actions in a data-production domain, there is never any
harm from (re)planning for contingencies when they arise,
other than wasted time and resources from executing unnec-
essary actions. On the other hand, as noted above, there is
also no harm in planning and executing sub-plans both con-
tingencies, which is essentially conformant planning [Smith
& Weld, 1998].

Backtracking over execution cannot generate looping be-
havior. First, unlike [Golden, 1998], it never requires correc-
tive actions to restore the world to a previous state because
all state change is monotonic, creating new objects but never
changing or destroying old ones. Second, backtracking oc-
curs in the context of an overall search algorithm that is sys-
tematic.

5.1 Example

In Section 3, we discussed sensing constraints that can per-
form database queries or invoke other information-gathering
operations to obtain available tiles. Sensing constraints, like
other types of constraints, are invoked during the propaga-
tion. It is convenient to use constraints to represent low-cost,
precondition-free sensors. However, we use actions to repre-
sent sensors that are costly or require some setup; this allows
the planner to reason about the cost of sensing or consider
alternative ways of achieving the preconditions for sensing.
In the previous example, we used a constraint to model the
sensor that informs the agent of the availability of tiles, since
that availability test can be performed using a simple database
query. However, obtaining and inspecting the actual files may
require costly file transfers, so we represent that as an action,
getTile (not shown in the figures).

To continue our previous example, suppose that we exe-
cute all the getTile actions in the planning graph before doing
any explicit search, as shown in Figure 5. Some of the tiles
believed to be available based on the database lookup are not
delivered, due to network problems. These tiles, as well as
the actions that depend on them, are eliminated through con-
straint propagation. Additionally, now that the files are avail-
able, the actual cloudiness values (black bars) are determined,
and these values are intersected with the prior domain values,
which come from the goal requirement. The tile spanning B;
and B> has cloudiness of 0.60, and all the others have cloudi-
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Figure 5: After execution, some tiles that were expected were
not returned; constraint propagation in the planning graph
eliminates these (crossed out). The actual cloud cover for the
remaining tiles is determined (black bars; the original cloud
cover domains, based on the goal, are shown in grey).

ness values less than 0.30. Since we know, from the goal and
from the previous backward propagation, that any tile with
cloudiness of more than 0.30 is useless in this task, the tile
covering B, B; will be removed from the available tiles. As a
result of further propagation, other tiles in the input and out-
put of actions depending on that tile will be removed as well
(crossed out by thick gray line). The final search space after
the propagation is shown in Figure 6.

6 Conclusions

IMAGEDbot is implemented and has been integrated into
an ecological forecasting application [Golden et al., 2003],
which produces “nowcasts” and forecasts of socioeconomic
importance, such as crop health and fire risk. New contribu-
tions presented in this paper include the algorithm for action-
based constraint propagation and the constraint-based algo-
rithm for interleaving planning, sensing and execution.

The idea of interleaving planning with execution as a way
of coping with uncertainty is not new. Our approach is loosely
based on [Golden, Etzioni, & Weld, 1994; Golden, 1998],
which in turn was inspired by [Ambros-Ingerson & Steel,
1988]. However, interleaving planning and execution is much
more natural in monotonic problem domains like data pro-
duction.

We believe the constraint-based sensing and planning-
graph propagation approaches introduced in this paper would
be equally suitable to other software domains that involve
large, unknown dynamic domains. Related applications to
which planners have been applied include Internet softbots
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Figure 6: The planning graph after execution and propaga-
tion. The intervals for cloud cover have been replaced with
singleton values.

[Golden, 1998; Etzioni, Golden, & Weld, 1997], web ser-
vices [Srivastava & Kholer, 2003], image processing [Lansky,
1998; Chien et al., 1997], and grid-based computing [Blythe
et al., 2003].
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Abstract
rl:[fl 1} rl:{l 71}
In non-cooperative multi-agent situations, there -1 2 0
cannot exist a globally optimal, yet opponent-
independent learning algorithm. Regret- R - { L2 }
minimization over a set of strategies optimized for -10

potential opponent models is proposed as a good
framework for deciding how to behave in such sit-
uations. Using longer playing horizons and experts
that learn as they play, the regret-minimization
framework can be extended to overcome several
shortcomings of earlier approaches to the problem
of multi-agent learning.

(a) Matching pennies  (b) Prisoner’s Dilemna

Figure 1: Common examples of matrix games.

intelligently. Perhaps the opponent has broken sensors-or a
tuators, or lacks some crucial information. If we try to play
our half of an equilibrium strategy, we may end up worse
1 Introduction off if the opponent does not play its half of the strategy. To
counter this problem, we would like to be able to model
In recent years, there has been increasing interest in-multas many different types of potential opponents as possible.
agent learning. A large body of this work tries to marry When one of our opponent models is correct, we would like to
game theoretic concepts such as Nash equilibrium to learrbe performing optimally with respect to that model. If nofie o
ing in various types of games. However, as Reinhard Seltorgur models is correct, we would still like to avoid performin
1995 Economics Nobel Prize winner (along with Nash andoo poorly. The framework of regret minimizing, or hedging,
Harsanyi) once wrote in a personal communication, “Gamealgorithms provides a useful setup for approaching thispro
theory is for proving theorems, not for playing games.” lem. Using this framework, we can simultaneously achieve
What does this mean for Al researchers interested in deboth of these goals: perform optimally if one of our models is
signing algorithms that learn to play good strategies intimul correct, and still perform reasonably well if none of our mod
agent domains? There are three issues related to applyirgds are correct. Since we know that it is impossible to design
equilibrium results from game theory directly: computatib  an algorithm that performs optimally with respect to all pos
efficiency, learning dynamics, and opponent assumptians. Isible opponentfNachbar & Zame, 1996this is the best we
some cases, straight computation of Nash or correlated Nagtan hope to do in a non-cooperative setting.
equilibria in a given game is quite useful, and there have
been a number of recent _advanqes exploiting game structuse  Mathematical setup
to compute such equilibria efficiently. Moreover, some of
these algorithms use learning dynamics to converge to coRepeated games, such as those in Figure 1, form the simplest
related equilibria, thus addressing the core of Selton's-co framework for studying multi-agent learning. We will focus
plaint: while the classic Nash equilibrium is a stable point on this setup, although most of our ideas can be extended to
it is not necessarily the stable point of reasonable system d stochastic games as well. We will assume that the reader has
namics. some familiarity with classical equilibrium concepts, bw&s
Although these advances begin to resolve the issues dfash equilibrium of the one-shot game.
computational efficiency and learning dynamics, the pnoble ~ Modern game theory often takes a more general view of
of opponent assumptions remains more elusive. When weptimality in repeated games, considering actions thatlere
face an unknown opponent, we have no guarantee that tHaed as strategies over time, rather than only as a probabil-
opponent will be playing strategically (as in classical Nas ity distribution over actions in a single instance of the rixat
results), following any particular learning rule (as inthere  game. The machine learning community has also recently be-
recent work on correlated equilibria), or even playing \v&lgu  gun adopting this viedChang & Kaelbling, 200l de Farias
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& Meggido, 2004. Rather than treating policies as a single
probability distribution, we now define policigs : H — A,
whereH = |J, H" and H' is the set of all possible histo-
ries of lengtht. Histories are observations of joint actions,
ht = (a;,a_;, h*~1). Playeri’s strategy at time is then
expressed ag; (h!~1).

Definition 1 A 7-length behavioral strategy 1™ is a mapping
from all possible histories H™ to actions a € A. Let M7 be
the set of all possible 7-length behavioral strategies p™.

We note thatM ™| = |A|lAF"". In the case where we take

H! = H, we could even consider learning algorithms them-

selves to be a possible “behavioral strategy” for playing-a r

V. Bulitko & S. Koenig (eds.)

responses to what are often caltdaivious or myopic oppo-
nents. That is, the opponent does not learn or react to our
actions, and essentially plays a fixed string of actions. Our
best response would be to play the single best-response ac-
tion to the empirical distribution of the opponent’s acton
Under most circumstances, however, we might expect an in-
telligent opponent to change their strategy as they obsenmve
own sequence of plays.

For example, consider the game of repeated Prisoner’s
Dilemma. If we follow the oblivious opponent assumption,
then the best choice of action would always be to “Defect.”
Given any fixed opponent action, the best response would al-
ways be to defect. This approach would thus miss out on the

peated game. This definition of our strategy space is clearlghance to earn higher rewards by cooperating with opponents
more powerful, and allows us to define a much larger sesuch as a “Tit-for-Tat” opponent, which cooperates with us

of potential equilibria, where players are following a $tab
pair of behavioral strategies and have no incentive to tevia
However, when the opponent is not rational, itis no longer ad

as long as we also cooperate. These opponents can be called
reactive opponents.

vantageous to find and play an equilibrium strategy. In fact3 Extending the experts framework

given an arbitrary opponent, the Nash equilibrium strategy,
may return a lower payoff than some other action. Indeed

the payoff may be even worse than the original Nash equilib
rium value. Thus, we turn to regret minimization algorithms

2.1 Regret-minimization

In repeated games, the standard regret minimization fram
work enables us to perform almost as well as the best actio
if that single best action were played in every time period
Suppose we are playing using some regret-minimizing al
gorithm which outputs action choices € A at each time
period. Then our reward ovel time periods isR(T) =

Yt Tl (8).

Definition 2 Our regret is defined to be R,ax(T) — R(T),
where Ry (T) = maxaca 3, 7a(t). If our algorithm
randomizes over possible action choices, we also define ex-
pected regret to be Ry.x(T) — E[R(T)]. The set of ac-
tions against which we compare our performance is called
the comparison class.

Both game theorists and online learning researchers ha
studied this frameworkFudenburg & Levine, 1999 Freund
& Schapire, 199R We will refer frequently to the EXP3 al-
gorithm (and its variants) explored by Auer et al. (1995).
In the original formulation of EXP3, we choose single ac-

tions to play, but we do not get to observe the rewards w§

would have received if we had chosen different actions. Th

Our extensions to the regret-minimization framework fallo
along the lines of the super-game setup proposed by Mannor
and Shimkin (2001). Instead of choosing actions frapwe
choose behavioral strategies frami”. M ™ also replacest

as our comparison class, essentially forcing us to compare

our performance against more complex and possibly better
Iperforming strategies. While executipng € M™ for some

number of time periodg, the agent receives reward at each
time step, but does not observe the rewards he would have
received had he played any of his other possible strategies.
This is reasonable since the opponent may adapt differently
as a particular strategy is played, causing a different ¢amu
tive outcome oveR time periods. Thus, the opponent could
be an arbitrary black-box opponent or perhaps a fixed finite
automaton. While the inner workings of the opponent are un-
observable, we will assume the agent is able to observe the
action that the opponent actually plays at each time period.
For example, we might consider an opponent whose action
choices only depend on the previotdength history of joint
actions. Thus, we can construct a Markov model of our op-

\Sonent using the set of all possibtelength histories as the

state space. If our optimal policy is ergodic, we can use the
mixing time of the policy as our choice of since this would
give us a good idea of the average rewards possible with this
olicy in the long run. We will usually assume that we are
iven .

authors show that the performance of EXP3 exhibits a reDefinition 3 Let M be a Markov decision process that mod-

gretbound oRv/e — 1vVT'N In N. Generally speaking, these

regret-minimizing algorithms hedge between possibleasti
by keeping a weight for each action that is updated accor
ing to the action’s historical performance. The probapitit
playing an action is then its fraction of the total weightseui
with the uniform distribution. Intuitively, better expsrper-
form better, get assigned higher weight, and are played mo

els the environment (the opponent), and let = be a pol-
icy in M such that the asymptotic average reward V, =

dimz— o0 Vi (4, T) for all i, where Vi (i, 7") is the average

undiscounted reward of M under policy = starting at state
1 from time 1 to 7”. The e-commitment time )\, of = is the
smallest T such that for all 77 > T, |V (4, T") — V| < €

lf‘;or all <.

often. Sometimes these algorithms are called experts algo- Thus, if we are executing a policy learned on a partic-

rithms, since we can think of the actions as being recom
mended by a set of experts.

It is important to note that most of these existing methodghat policy.

wlar opponent model/, then we must run the policy for at
least\ time periods to properly estimate the benefit of using
Given a fixed commitment lengt) we may

only compare our performance against strategies that ate bdike to be able to evaluate all possible strategies in order t
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choose the optimal strategy. However, there|Ar1é“‘” pos-  assumptions about the structure of the world and of the oppo-
sible strategies to evaluate. Not only would this take a longient, thus enabling each expert to learn more efficiently tha
time to try each possible strategy, but the regret bounds alshedging between all possible strategies.

become exceedingly weak. The expected regret d@ftéme

periods is: 4.1 Example

2ve — 1| A| A7 /2| A2 /TAIn [A],
Clearly this amounts to a computationally infeasible ap- c c c c
proach to this problem. In traditional MDP solution tech- /\@/\ TN
niques, we are saved by the Markov property of the state ° @/\C;) © oWk
D D D

space, which reduces the number of strategies we need to
evaluate by allowing us to re-use information learned aheac

state. Without any assumptions about the opponent’s behav-
ior, as in the classic regret minimization framework, we-can Figure 2: A possible opponent model with five states. Each

not get such benefits. state corresponds to the number of consecutive “Cooperate”
actions we have just played.
4 Learning Algorithms as Experts For example, consider again the repeated Prisoner’s

However, we might imagine that not all policies are usefulDilemma game. We might believe that the opponent reacts
or fruitful ones to explore, given a fixed commitment length to our past level of cooperation, cooperating only when we
of A. In fact, in most cases, we probably have some rougtave cooperated a consecutive number of times. If the oppo-
idea about the types of policies that may be appropriate for 8€nt cooperates only when we have cooperated four periods
given domain. For example, in our Prisoner’s Dilemma examin & row, then the opponent model shown in Figure 2 would
ple, we might expect that our opponent is either a Tit-far-Ta correctly capture the opponent’s state dynamics. This inode
p|ayer, an A|Ways-Defect or A|Ways-Cooperate p|ayer, or ais simpler than a full model using all possible 4-perioddm'st
“Usually Cooperate but Defect with probabilipplayer”, for ~ ries, since it assumes that the opponent’s state is coryplete
example. determined by our half of the joint history. In the figure, the

Given particular opponent assumptions, such as possibl@beled transitions correspond to our actions, and the-oppo
behavioral models, we may then be able to use a learning alent only cooperates when itis in state 4; otherwise it dsfec
gorithm to estimate the model parameters based on observedTo learn the optimal policy with respect this opponent
history. For example, if we believe that the opponent maymodel, a learning algorithm would simply have to visit all
be Markov in ther-length history of joint actions, we can the state-action pairs and estimate the resulting reward fo
construct a Markov model of the opponent and use an effieach possible action at each state. Since we assume that the
cient learning algorithm (such as E3 from Kearns and Singt®pponent model is Markov, we can use an efficient learning
(1998)) to learn the-optimal policy in time polynomial to the ~ algorithm such as E3.
number of states,4|?". In contrast, the hedging algorithm  Note that using this particular model, we can also learn the
needs to evaluate each of the exponentially large number @fptimal policy for an opponent that cooperates if we coop-
possible policies, namelyl|4I°” possible policies. To make €rate for some givem consecutive periods, where < 4.
this precise, we state the following lemma. However, ifn > 5, learning using this model will no longer

N ) result in the optimal policy. Whereas choosing the cooper-

Proposition 4 Given a model of the opponent that  ate action from state 4 results in a good reward when 4,
is Markov in the r-length history of joint actions  \henpn > 5 the same action results in a bad reward since the
{ai_ra’s, .. a;_y,a; "1}, and given a fixed mixing  opponent will most likely play defect. The problem is that th
time A, the number of actions executed by E3 and a hedging  5.state model is no longer sufficient to capture the oppdment
algorithm such as EXP3 in order to arrive at an e-optimal state dynamics, and is no longer Markov.
policy is at most O (|A|'°7) for E3, and at least O (|A\|A|2T

for the hedging algorithm. 5 The Hedged Learner

Of course, using this method, we can no longer guaranteSince our chosen learning algorithms will sometimes fail to
regret minimization over all possible policies, but as w# wi output good policies, we propose to incorporate them as ex-
discuss in the following section, we can choose a subset gjerts inside a hedging algorithm that hedges between a set of
fixed policies against which we can compare the performancexperts that includes our learners. This allows the hedging
of any learning algorithms we decide to use, and we can guaglgorithm to switch to using the other experts if a particula
antee no-regret relative to this subset of fixed policiesyels  learning algorithm fails. It might fail due to incorrect app
as relative to the learning algorithms. nent assumptions, such as in the previous section’s example

In some ways, using learning algorithms as experts simer the learning algorithm may simply be ill-suited for thepa
ply off-loads the exploration from the experts framework toticular domain, or it may fail for any other reason. The point
each individual learning algorithm. The computational-sav is that we have a backup plan, and the hedging algorithm will
ings occurs because each learning algorithm makes particuleventually switch to using these other options.
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We study two methods for adding learning experts into goossible),,.«-length behavioral experts. Thus, each expert
regret-minimization algorithm such as Auer et al.'s EXP3. | available to us may incur high loss when it is run #gf.
is straightforward to extend our results to other variarits operiods. Hierarchical Hedging addresses these issues.

EXP3 such as EXP3.P.1, which guarantees similar boundga,rem 6 suppose we have a set IV of static experts, and a
that hold uniformly over time and with probability one. set M of learning experts with time horizons \;, max; \; >

We are givenN fixed experts, to which we must add ; ; ; :
learning experts. We assume that= 1 for all € N and | V] We can devise an algorithm with regret bound:
refer to these experts atatic experts. These static experts 2ve —1VTNIn N
are essentially the pure action strategies of the game. IFor a + 2Ve— 1\ Amax (M + 1) In(M + 1)

1 € M, we assume\; > 1 and note thafl/ can also include
behavioral strategies. When it is clear from context, we will This upper bound on the expected regretimproves upon the
often write NV and M as the number of experts in the safs  Naive Approach bound as long as

andM, respectively. VIn N
Nai . _ ). )\m X Z :
¢ Naive approach: Let \,,,,, = max; A;. Once an expert a VIn(M + N) — /In(M + 1)

is chosen to be followed, follow that expert fol\g, .-
length commitment phase. At the end of each phasehn practice, we will often use only one or two learning algo-

scale the accumulated reward — since EXP3 re- rithms as experts, sd/ is small. ForM = 1, the bound
quires rewards to fall in the interval [0,1] and update thewould thus look like:
weights as in EXP3. 2.63VTN I N + 3.10y/ Amae T

e Hierarchical hedging: Let E, denote the top-level
hedging algorithm. Construct a second-level hedging a
gorithm F; composed of all the origindV static strate-
gies. UseFE; and the learning algorithms as thé + 1
experts thaf, hedges between.

I_However, we note that these are simply upper bounds on re-
gret. In Section 5.3, we will compare actual performance of
these two methods in a some test domains.

Proof. Using the bounds shown to be achieved by EXP3,
our top-level hedging algorithriy achieves performance

5.1 Naive approach Rp, > max Ri—2Ve_1/T(M + 1)In(M 1 1).
The Naive approach may seem like an obvious first method iE€M+{En}

to try. However, we will show that it is distinctly inferioot  Now consider each of the\/| + 1 experts. TheM| learn-
hierarchical hedging. ing experts do not suffer additional regret since they ate no

Theorem 5 Suppose we have a set IV of static experts, and ~ running another copy of EXP3. The expéit is running a
a set M of learning experts with time horizons );. Usinga  hedging algorithm ovefV| static experts, and thus achieves
naive approach, we can construct an algorithm with regret ~ Performance bounded by

bound R, = max B = 2Ve = 1\ Xua TN I N.
J

2ve — 1/ AmaxT(N + M) In(N + M).

Proof. We run EXP3 with theM + N experts, with a
modification such that every expert, when chosen, is foltbwe Re, = maxen+n R;

Combining this with the above, we see that

for a commitment phase of length,,.. before we choose —2ye—1vTNInN
a new expert. We consider each phase as one time period —2ve =1/ AmaxT (M + 1) In(M +1). O

in the original EXP3 algorithm, and note that the accumu- - . . . . .
lated rewards for an expert over a given phase falls in th& rOPOsition 7 The Hierarchical Hedging algorithm will at-
interval [0, Amas]. Thus, the regret bound ove L phases tain at least close to the safety value of the single-shot game.

. — T Proof. From an argument similar to Freund and Schapire
1S 2Amax Ve 1\/Amx (N + M)In(N + M), and the result (1999), we know that the second-level expEit will attain

follows immediately.] at least the safety value (or minimax) value of the singletsh
. . . game. Since the performance of the overall algorithignis
5.2 Hierarchical hedging bounded close to the performance of any of the experts, in-

The Naive Approach suffers from two main drawbacks, bothcluding £, the Hierarchical Hedgdr, must also attain close
stemming from the same issue. Because the Naive Approadb the safety value of the gamiel.

follows all experts for\,,.x periods, it follows the static ex- As desired, hierarchical hedging is an improvement over
perts for longer than necessary. Intuitively, this slowsndo the naive approach since: (1) it no longer needs to play every
the algorithm’s adaptation rate. Furthermore, we also losexpert for\,ax-length commitment phases and thus should
out on much of the safety benefit that comes from hedgingdapt faster, and (2) it preserves the original comparikssc
between the pure actions. Whereas a hedging algorithm ovéry avoiding modifications to the original experts, allowimng

the set of pure actions is able to guarantee that we attain &b achieve at least the safety value of the game.

least the safety (minimax) value of the game, thisisnolonge Remark. It is also possible to speed up the adaptation
true with the Naive approach since we have not included albf these hedged learners by playing each expéotr only

152



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains V. Bulitko & S. Koenig (eds.)

Table 1: Comparison of the performance of the different

methods for Structuring the hedged learner. Performance of Learners with Differing Opponent Models
500 ‘ : : : : ——
Regret Actual Actual o e '
Bound Expected Regret Performance 400 | 30-state Leamer -
Naive 125,801 34,761 -96,154
Hierarchical 36,609 29,661 -8,996 800 1

200

A; time periods, weighting the cumulative rewards received 100 ¢
during this phase by/);, and using this average reward to

update the weights. Applied to the hierarchical hedger, we
would play each learning algorithfifor \;-length phases and -100 -
the second-level hedging algorithBy for N-length phases.

In practice, this often results is some performance gains.

Cumulative Reward

0 100 200 300 400 500 600 700 800
Time

5.3 Practical comparisons Figure 3: This graph shows the performance of learning algo-
We can verify the practical benefit of hierarchical hedgingrithms against a Tit-for-Ten-Tats opponent. As the oppbnen
with a simple example. We consider the repeated game ahodel grows in size, it takes longer for the learning aldponit
Matching Pennies, shown in Figure 1. Assume that the opto decide on an optimal policy.

ponent is playing a hedging algorithm that hedges between

playing “Heads” and “Tails” every time period. This is close

to a worst-case scenario since the opponent will be adapting Performance of Hybrid Expers-Learners Algorithms Compared
tO us Very C]UICk|y #0000 ‘ ‘ 18-5{%’{5 Il:earne‘r ‘ ‘ ‘
5 - . -state Learner --------
We run each method for 200,000 time periods. The Hier- 35000 - perod experts -
archical Hedger consists of 9 single-period experts grdupe soo00 [ 25 period exports wl A0-state Learmer -----

inside F; and one 500-period expert. The Naive Hedger runs
all the experts for 500 periods each. The results are given in
Table 1, along with the expected regret upper bounds we de-
rived in the previous section. As expected, the hierarthica
hedger achieves much better actual performance in terms of
cumulative reward over time, and also achieves a lower ex-
pected regret. However, the regret for the naive approach is
surprisingly low given that its performance is so poor. Tikis
due to a difference in the comparison classes that the method 000 0 10000 13000 20000 25000 30000 35000 40000
use. In the naive approach, our performance is compared to Time

experts that choose to play a single action for 500 time peri-. T .
ods, rather than for a single time period. Any single action,F'gure 4: This chart shows the performance of differentlear

. : . ing, hedging, and hedging learning algorithms in a game of
playec_i for a long e_nou_gh interval against an adap'uye Oppor'e%eateo’i:1 pr?soner’s dilgm?na againgst agTit-for-Ten-Ta%mep
nent, is a poor choice in the game of matching pennies. Thﬁ)ent

opponent simply has to adapt and play its best response

our action, which we are then stuck with for the rest of thepeqge petween static experts, and hedged learning aligsrith
interval. Thus the expected rewards for any of the experts ifhat combine learning algorithms with static experts. tFirs
the naive approach’s comparison class is rather poor. For €Xye note that larger opponent models are able to capture a
ample, the expected reward for the "Heads” expertis -98,583,rger number of potential opponent state dynamics, but re-
This explains why our expected regret is small, even thouglyire hoth a longer commitment phaseand a larger num-

we have such high cumulative losses; we are comparing oWer of jterations before a learning algorithm can estimiage t

25000

20000

15000

Cumulative Reward

10000 -

5000

performance against a set of poor strategies! model parameters and solve for the optimal policy. For exam-
) ple, Figure 3 shows the performance of three differestate
6 Experimental Results learners, withn = 4,10, 30. As discussed earlier in Section

Since the worst-case bounds we derived in the previous seé- the 4-state learner is unable to capture the opponeats st
tion may actually be quite loose, we now present some expeflynamics and thus learns an “optimal” policy of defecting at
imental results using this approach of hedged learning. Weévery state. This results in an average reward of zero per tim
consider the repeated Prisoner’s Dilemma game, and we firstep. On the other hand, the 10-state and 30-state learners
assume that the unknown opponent is a “Tit-for-Ten-Tats” op lose some rewards while they are exploring and learning the
ponent. That is, the opponent will only cooperate once weparameters of their opponent models, but then gain an aver-
have cooperated for ten time periods in a row. age reward of 1 after they have found the optimal policy of
We use a variety of different opponent models with sim-always cooperating.
ple learning algorithms, pure hedging algorithms that only Figure 4 shows the performance of various learning and
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evident when we observe the performance of the hedged 4-
state learner. Even though the 4-state model is unable to cap

Performance of Algorithms When Opponent Switches Strategies

45000 \ \ \ \ \ \ \ \ ture the state dynamics and the learning algorithm thus fail
40000 | to learn the cooperative policy, the hedged 4-state leasner
000 [ 10swteleamer —— R able to achieve average rewards of 1 as it assigns larger and
20000 | Heded Leamer = | larger weight to the “always cooperate” expert and learns to

ignore the recommendations of the failed learning expeet. W
have wisely hedged our bets between the available experts
and avoided placing all our bets on the learning algorithm.
Another major benefit of using hedged learners occurs
when the environment is non-stationary. For example, as-
sume that the opponent switches between playing Tit-for-
Ten-Tats (“Cooperate for 10 Cooperates”) and “Cooperate fo
10 Defects” every 15,000 time periods. While the unhedged
learner becomes confused with each switch, the hedged
) _ ) learner is able to adapt as the opponent changes and gains
Figure 5: In these trials, the opponent switches strateggyev  higher cumulative rewards (Figure 5). Note that when the op-
15,000 time periods. It switches between playing Tit-ferT  ponent does its first switch, the unhedged learner continues
Tats (“Cooperate for 10 Cooperates”) and “Cooperate for 14o use its cooperative policy, which was optimal in the first
Defects”. While the modeler becomes confused with each 5000 periods but now returns negative average reward. In
switch, the hedging learner is able to adapt as the opponegbntrast, the hedged learner is able to quickly adapt togte n
changes and gain higher cumulative rewards. environment and play a primarily defecting string of action
Figure 6 shows how the hedging algorithm is able to change
the probabilities with which it plays each expert as the envi
Frobabilty with whieh Cooperation or Befecton s chosen over tme ronment changes, i.e. when the opponent switches strategie

25000

20000 ~

15000

Cumulative Reward

10000 ~

5000

5000 L L L L L L L L
0 5000 10000 15000 20000 25000 30000 35000 40000 45000

Time

7 Future Work

We are currently adapting these methods to stochastic games
and gathering data from experiments with simple stochastic

games such as grid-world soccer. We hope to also be able to
present these results at the workshop.

Learned
Defect --------
Cooperate e

Probability of Playing
o
o
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Abstract

Options represent a formal way of adding tem-
poral abstraction to reinforcement learning.
They have been shown to be successful in
terms of accelerating learning and there is much
promise in using them for knowledge represen-
tation. In this paper, we will propose super-
vised learning of option policies as an alter-
native to existing methods. This provides an
easy, intuitive way of transferring knowledge
from a human expert to a reinforcement learn-
ing agent. Moreover, the agent is not limited
to mimicking the expert’s behavior (as it would
be if supervised learning were to be performed
for the whole task), since an overall policy is
learned on top of both options and primitive ac-
tions. Supervised option learning also has the
advantage that the parts of the sensory input
irrelevant to the subtask are detected automat-
ically, thus allowing for generalization between
similar structures in the same environment.

1

One very promising approach to scaling up reinforcement
learning is to use options as a form of temporal abstrac-
tion. The concept was introduced by Sutton, Precup and
Singh [Sutton et al., 1999], where they formally define
an option as an entity consisting of three components: a
partial policy 7 : 5" x A — [0,1] (S’ C S), an initiation
set I C S and a termination condition 5 : §" — [0,1].
These components can generate behavior as follows: as
the agent interacts with the environment, it can initiate
an option in any state in I, after which it behaves ac-
cording to w. At each state s the option terminates with
probability 3(s).

While an important body of recent work has focused
on autonomous discovery of options [McGovern, 2002,
the more simple view and the one that this paper will
focus on is that of options as a way of introducing ex-
pert knowledge. Options seem to be the right tool for
modeling the concept of skill teaching, a concept so often
encountered in human life (e.g., a baby is taught how to
walk, a tennis player is taught how to serve, etc.).

One of the simplest examples of this can be found in
the original options paper [Sutton et al., 1999], where
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the authors define options for reaching doorways, know-
ing that the agent will have to go through a sequence of
doorways before reaching the goal. There are also more
realistic tasks on which this idea has proven to be suc-
cessful, such as aerial surveillance [Sutton et al., 1998] or
robot soccer [Sutton and Stone, 2001]. More generally,
defining sub-policies has been shown to speed up learning
in non-trivial domains by using other forms of hierarchi-
cal abstraction as well, such as MAXQ [Ghavamzadeh
and Mahadevan, 2003].

Besides its intuitive appeal, there are good reasons
for which defining sub-policies can improve the learning
process. First, a very large state-action space can be
considerably reduced by planning or learning only on
top of options, as has been shown in [Sutton et al.,
1998]. This effectively limits the set of policies that are
available to the agent and, while it usually means that
the learned overall policy is sub-optimal, the better the
designer is at defining sub-policies the better the final
policy can be.

Second, good options can help speed up learning by fo-
cusing the value function updates on relevant parts of the
state space. For instance, in their work with Robocup
soccer Sutton and Stone used sarsa(A) without decay-
ing the traces while an option was executed [Sutton and
Stone, 2001]. Generally speaking, this is equivalent to
having variable values of A, but without options it would
have been more difficult to figure out a good strategy for
varying A.

We will propose in this paper an alternative to hand-
coding option policies as a way of introducing prior
knowledge: supervised learning of options. In the fol-
lowing, we will discuss the potential that this method
has, elaborate on its details and support it with prelim-
inary empirical evidence.

2 Reusable Options

There is one class of learning tasks for which options
could represent a very prolific approach, yet insufficient
investigation has been carried out in this area. These are
tasks for which the environment is structured in such
a way that it encourages the use of what we will call
reusable sub-policies, or reusable options. These are ba-
sically sub-policies that can be used in different, yet sim-
ilar areas of the state space.
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There are a number of suggestive examples from hu-
man behavior: for instance, opening a door, writing a
letter or closing our eyes represent sub-policies that can
be applied in various situations based on some common
elements of those situations. In the context of reinforce-
ment learning, an area where such sub-policies should
be abundant is robot tasks, which are usually rich in the
kind of repetitive structures that we wish to exploit. As
the matter of fact, hand-coding reusable sub-policies has
been done for quite a while in the robotics community,
and it has also been used with the options framework on
Robocup soccer [Sutton and Stone, 2001].

Hand-coding of reusable sub-policies exploits regular-
ities in the sensory space by defining sub-policies only
in terms of a subset of the sensory signal. For instance,
in their Robocup work, Sutton and Stone define their
options only in terms of the relative angles and dis-
tances and ignore the exact positions of the robots on
the field. Dietterich also acknowledges the importance of
this kind of subtask-specific state abstraction, and iden-
tifies a number of conditions under which it is consistent
with the MAXQ hierarchical learning [Dietterich, 2000].

In this context, it is important to move the burden of
coming up with the proper state abstraction for a certain
sub-policy from the programmer to a learning algorithm.
In the following, we will propose a way in which this can
be achieved.

3 Supervised learning of Options

One way of specifying sub-policies and accomplishing the
goals of subtask-specific state abstraction is supervised
learning of options. The idea is that a human expert
controls the agent and tries to accomplish the subtask,
thus generating a set of (sensory information, action)
pairs. A supervised learning method is then run on these
pairs, using the expert’s actions as the classification tar-
gets. The option’s policy will be represented by the re-
sult of applying the corresponding classifier on new ob-
servations. The same idea has been previously used for
learning overall policies, such as driving an autonomous
vehicle [Pomerleau, 1993].

We should note that using this method for acquiring
options can lead to making them reusable. For instance,
if the observation vector is large yet the expert only takes
into account some of its components while controlling the
agent, the supervised learning method should learn to
“pay attention” to only those components in the classi-
fication process. “Paying attention” can mean a number
of things in this case, such as that the corresponding
weights are non-zero (or significantly greater than zero)
in a linear classifier.

Another issue to mention here is that, unlike in su-
pervised policy learning for the overall task, examples of
states in which there is no point in even thinking about
trying the sub-policy should also be given by the teacher.
For instance, there is no point in considering opening a
door if there is no door nearby or following a wall in an
obstacle-free domain. In the options framework, this is
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Figure 1: Our experimental “teleporting” gridworld.
The agent is moved (“teleported”) from each of the
states marked with a “T” to the next room, in the order
(C2-C1-B2-B1-A2-A1. The goal is located in room Al
and is labeled with a “G”.

translated into restricting the initiation set of an option.

We realize that providing such “negative” examples
can be difficult for the teacher. However, the same dif-
ficulty is even aggravated when the sub-policy is hand-
coded since instead of merely providing negative training
examples the programmer would have to explicitly define
the initiation set.

These examples have the role of specifying S’, the set
of states for which the policy and the termination condi-
tion are defined. In the case of Markov options (options
for which the policy and the termination condition only
depend on the current state), it makes sense to assume
that the initiation set I is the same as S’. In this work
we have made both assumptions: that the options are
Markov (one reason for this was to be able to use intra-
option learning [Sutton et al., 1999]) and that I = S'.

Finally, we have to note that supervised policy learn-
ing methods have been generally avoided in the context
of autonomous agents, mainly because the learned pol-
icy was constrained to mimic the teacher’s behavior, thus
making it sub-optimal in many cases. However, in our
approach this disadvantage is compensated for as the
agent can identify useless or harmful options while learn-
ing the overall policy and learn not to use them or use
them in a very restricted part of the environment.

4 Preliminary results

We have empirically tested supervised learning of op-
tions in a gridworld-style domain, designed in such a
way that useful options were easy for a human to come
up with. The domain is shown in Figure 1, the task is
episodic and the goal is to reach the square marked with
a “G”. The world is deterministic and the four available
actions (up, down, left, right) have the usual outcomes,
except when the agent is “teleported” after entering each



IJCAI 2005 Workshop on Planning and Learning in A Priori Unknown or Dynamic Domains

Figure 2: Training data provided for the “get inside the
room through the right side” option. The ‘X’ means
that the corresponding state has been labeled as “option
inapplicable”. For states for which a training action has
been provided, that action is indicated by the direction
of the arrow.

of the inside rooms. The teleportation is done in a se-
quence that eventually leads it to the room where the
goal is located.

The option that we have taught the agent was to get
to the entrance of the inside rooms (where teleporting
would then occur) from states next to the inside walls.
It should be clear that this option is helpful on our task,
since the agent needs to get to the teleporting places in
order to reach the goal.

During learning, the observation vector was composed
of the unique state label for each square and 8 binary
inputs for the 8 directions (up, down, left, right and
diagonals). Each of the binary inputs had a value of 1 if
there was a wall in the corresponding direction and of 0
otherwise.

We have generated training examples (including ex-
amples of places where the option is not initiable) for
rooms of different sizes (see Figure 2) and trained a de-
cision tree with these examples. The examples where
generated such that the agent would be taken to the
teleporting spots by going on the right side of the room.

We have observed that, as expected, the decisions that
the decision-tree based classifier made were based on the
last 8 components of the input vector rather than the
state label. This allows the agent to use the same option
for each of the rooms. Indeed, if the policy is defined
only in terms of the squares around the agent, it will
work for any room, no matter what the exact position
of that room is or how long the walls are.
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Figure 3: Using options defined by supervised learning
can speed up learning. Each data point is averaged over
20 folds.

To test the utility of our “reusable option”, we com-
pared learning with primitive actions only against learn-
ing with both primitive options and the decision-tree
learned option. We used sarsa()) as the learning al-
gorithm. Both SMDP and intra-option methods [Sutton
et al., 1999] were employed when learning with both ac-
tions and options. The rewards were 1 if the goal was
reached and 0 for any other transition, and the control
parameters were v = 0.9, A = 0.9, = 0.2.

The results, presented in Figure 3, show a consider-
able improvement in convergence speed when the learn-
ing algorithm made use of the option. This shows that
the agent was able to generalize from expert-provided
training examples and apply the option in every room.
Generally speaking, these results suggest that including
expert knowledge via supervised learning of options is a
viable solution for speeding up reinforcement learning in
complex domains.

5 Conclusions and Future Work

The following question appears important for tempo-
ral abstractions and hierarchical reinforcement learning:
What is the proper way to go from our idea of what the
agent’s sub-policies should be to the agent’s representa-
tion of these sub-policies? This paper discussed super-
vised learning of options as a candidate answer to this
question. Strengths of the proposed approach include
the fact that expert knowledge can be introduced with-
out any programming effort on the user side and that
the subset of sensory information relevant to the sub-
policy can be automatically selected. The discussion is
supported with a pilot empirical study in a toy domain.
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The promise of this preliminary work warrants a larger
scale investigation, possibly using robot simulation such
as the RoboCup competition [Kitano et al., 1997] . A
first issue to be investigated is how appropriate differ-
ent function approximation schemes (such as neural net-
works, decision trees, linear regression etc.) are for rep-
resenting option policies.

We also intend to compare different methods of pro-
viding a reinforcement learning agent with options (or
skills), including our approach, subgoal specification,
manual programming, reward system specification, etc.
The option policies generated will be used with one of the
known option learning or planning algorithms [Sutton
et al., 1999], and the relative performances will suggest
which of the methods has produced the most robust and
useful policies.

We hope that, by doing this, we will get a clear idea
of which of these methods are more intuitive, easy and
practical. For instance, we may come across subtasks
that no expert knows how to solve yet which can be
well handled by reinforcement learning algorithms based
on subgoal values [Sutton et al., 1999]. Or, perhaps,
we can find teaching to be the better choice in practice,
because providing examples turns out to be a lot eas-
ier than specifying the proper option-specific rewards or
subgoal values for each option.
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