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Abstract In argumentation-based negotiation the rhetorical illocutionary particles
Appeals, Rewards and Threats have implications for the players that extend beyond
a single negotiation and are concerned with building (business) relationships. This
paper extends an agent’s relationship-building argumentative repertoire with Opinions and Advice. A framework is described that enables agents to model their relationships and to use argumentative dialogue strategically both to achieve good
negotiation outcomes and to build and sustain valuable relationships.

1 Introduction
The term argumentation-based negotiation has various meanings in multiagent systems [11]. Classical argumentation is the generation of arguments, usually as logical proofs, for and against a given course of action that support decision making
processes. Dialectical argumentation is concerned with the argumentative process,
and procedures by which argumentative dialogues are conducted. Rhetorical argumentation uses rhetorical illocutionary particles with the intention of modifying the
beliefs of the listener. This paper is concerned with rhetorical argumentation.
Rhetorical argumentative dialogues have been traditionally organised around the
rhetorical illocutionary particles Offer, Accept and Reject with the addition of particles such as Appeals, Rewards and Threats [17]. This form of argumentation has
implications for the players that extend beyond a single negotiation and is concerned with building (business) relationships. When we reward or threaten we refer
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to a future instant of time where the reward or threat will be effective, its scope goes
beyond the current negotiation round.
This paper discusses the use of opinions and advice as rhetorical particles with
the intention of building relationships. The intuition is that if an agent believes that
another agent gives reliable and pertinent information, opinions and advice then
this will strengthen their relationship. It is generally accepted that human agents
rely heavily on their relationships in order to conduct business [19] [12]. An agent’s
relationships is a model of its interactions with other agents that enables it to exhibit
a strategic social sense. The concept of trust [13] is one component of a relatlonship
model — but there is far more to relationships than trust.
We will understand argumentation in this paper as an information exchange process between agents. Every illocution that an agent utters gives away valuable information. To evaluate each illocution exchanged we have built an information-based
agent architecture on information theory. Information-based agents [15] have embedded tools from information theory that enable them to measure and manage
strategic information — this makes them well-suited to measuring and managing
the development of relationships through the exchange of rhetoric particles. The
way in which this is achieved is described in detail in Section 6. As we will see,
each agent has a world model that contains representations of every aspect of the
world (including other agents) that the agent is interested in, as well as its strength
of belief in the validity of the representation. When an information-based agent receives a rhetoric particle it updates its world model and calculates the value of that
particle as information gain on the world model. Each particle is classiﬁed by identifying the components of the relationship model that it is relevant to, and its value
is then used to update the strength of those components.
Section 2 describes the rhetoric particles: informs, opinions, and advice. The
characteristics of relationships between agents are described and formalised in the
LOGIC framework in Section 3. The formal model of relationships contains four
component models that are all described in Section 4. Two further models, for trust
and integrity, are presented in Section 5. The work then comes together in a discussion of strategies in Section 6, and Section 7 concludes.

2 Opinions and Advice
In this Section we describe the two rhetoric particles: opinion and advise:
• An opinion communicative act is a speaker’s evaluation of a particular aspect
of a thing in context, where the context is the set of all things that the thing is
being, explicitly or implicitly, evaluated with or against.
• An advise communicative act is a speaker’s evaluation of a particular aspect
of a thing in the context of the speaker’s beliefs of the listener’s context. It is a
directive in Searle’s classiﬁcation of speech acts.
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Together with inform, these two acts are, in a sense, of increasing complexity. An
inform communicates a veriﬁable fact, an opinion communicates the speaker’s
personal evaluation of something, and an advice communicates the speaker’s
opinion on what the listener’s future states or actions should be.
We use the standard FIPA notation [1]. The rational effect (in the sense of the
FIPA semantics) of these three particles is taken in two senses. First, the immediate
effect that they will have on the listener’s state or actions, and second, the effect that
an act has on the relationship when the integrity of the information communicated
has been veriﬁed. For the inform communicative act , agent i informs agent j of
proposition p. The dual rational effects are:
<i, inform(j, p )>
RE1: B j p
RE2: Done(<j, eval(p, x)>,φ )
where RE1 is as in FIPA standard, and <j, eval(p, x)> is the action of agent
j rating the integrity of proposition p as x, and proposition φ is true when the
integrity of p is known to j. The evaluation is performed ex post at a time when
opportunities to use the contents of the inform are well understood. It is over a
fuzzy scale, eval ∈ [0, 1], that must contain 0 (meaning “is of absolutely no use”),
and must contain 1 (meaning “valued most highly”).
The opinion and advise communicative acts are not part of the FIFA speciﬁcation and are now deﬁned using the FIPA notation.
The representation of the opinion communicative act contains:
• the thing that is the subject of the opinion,
• the aspect, or attribute, of the thing that is being evaluated,
• a distribution over some evaluation space representing the rating of the aspect of
the thing in the context, and
• optionally the context in which the evaluation is made, and a reason supporting
the opinion.
An opinion action indicates that the speaker:
• believes he knows that the listener holds a particular intention,
• believes his opinion of a thing is related to the listener’s intention, and is more
accurate than the listener’s opinion of it
In the following, the speaker, i, informs the listener, j that his rating of an aspect,
s, of a thing, t, is e in (the optional) context c for the (optional) reason, r. The two
rational effects following represent the dual motives for uttering the illocution:
<i, opinion(j,s,t,e[,c,r]) >
FP:
B j Rates(j,s,t,e’[,c,r]) [∧ Bi I j c ∧ Bi r] ∧
Bi I j Done(<j, eval(s,t,e,x[,c,r])>,φ )
RE1:
B j Rates(j,s,t,e”[,c,r]) ∧ |e − e | < |e − e |
RE2:
Done(<j, eval(s,t,e,x[,c,r])>,φ )
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That is, i believes that as a result of expressing an opinion about t, j’s rating of t is now closer to i’s rating that it was prior to the opinion being uttered, where some suitable distance measure between distributions is assumed, and
eval(s,t,e,x[,c,r]) is the action of evaluating the rating e in context, and
φ is true when the evaluation is performed.
An advise action indicates that the speaker:
• believes he knows that the listener holds a particular intention,
• believes his knowledge of facts concerning the listener’s intention is better than
the listener’s knowledge of them,
• intends the listener to believe that the advised action is in the listener’s interests,
and
• believes that the listener may act otherwise.
In the following, the speaker, i, advises the listener, j, that the speaker believes
the listener should perform some action, a, if the listener’s context includes the
intention to achieve a goal, c. The two feasibility preconditions are alternative representations of i’s beliefs of the superiority of his knowledge, and the two rational
effects represent the dual motives for uttering the illocution:
<i, advise(j,a,c) >
FP:
Bi I j c ∧ Bi ( Wi (c) → W j\i (c) ) ∧ ¬Bi I j Done(<j,a>) ∧
Bi I j Done(<j, eval(a,c,x)>,φ )
or:
Bi I j c ∧ Bi (H(Wi (c)) < H(W j\i (c))) ∧ ¬Bi I j Done(a) ∧
Bi I j Done(<j, eval(a,c,x)>,φ )
RE1:
Done(<j,a>)
RE2:
Done(<j, eval(a,c,x)>,φ )
where:
eval(a,c,x) is the action of evaluating action a as x in context c, as above
Wi (c) denotes all of i’s beliefs concerning c — i.e. that part of i’s world model
W j\i (c) denotes i’s beliefs concerning all of j’s beliefs concerning c
Wi (c) → W j\i (c) denotes that everything in W j\i (c) can be derived from a
subset of Wi (c)
H(S) denotes the overall uncertainty of the set of beliefs S — possibly as entropy

3 Relationships
A relationship between two agents is somehow encapsulated in their history that is
a complete record of their interactions. This potentially large amount of information
is usually summarised by agents into various models. For example, the majority of
agents construct a world model and a trust model [3]. There is evidence from psychological studies that humans seek a balance in their negotiation relationships. The
classical view [2] is that people perceive resource allocations as being distributively
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fair (i.e. well balanced) if they are proportional to inputs or contributions (i.e. equitable). In the case of partners there is some evidence [4] that the allocations of goods
and burdens (i.e. positive and negative utilities) are perceived as fair, or in balance,
based on equity for burdens and equality for goods.
The LOGIC illocutionary framework for classifying argumentative interactions
was ﬁrst described in [16] where it was used to help agents to prepare for a negotiation in the prelude stage of an interaction. The work in this paper generalises
that framework and uses it to deﬁne one of the two dimensions of the relationship
model described in Section 4; the second dimension is provided by the structure of
the ontology as speciﬁed by a partial order ≤ deﬁned by the is-a hierarchy, and a
distance measure between concepts such as Equation 1. The ﬁve LOGIC categories
for information are quite general:
• Legitimacy contains information that may be part of, relevant to or in justiﬁcation
of contracts that have been signed.
• Options contains information about contracts that an agent may be prepared to
sign.
• Goals contains information about the objectives of the agents.
• Independence contains information about the agent’s outside options — i.e. the
set of agents that are capable of satisfying each of the agent’s needs.
• Commitments contains information about the commitments that an agent has.
and are used here to categorise all incoming communication that feeds into the
agent’s relationship model. As we will see this categorisation is not a one-to-one
mapping and some illocutions fall into multiple categories. These categories are
designed to provide a model of the agents’ information that is relevant to their relationships, and are not intended to be a universal categorising framework for all
utterances.
This paper is written from the point of view of an agent α is in a multiagent
system with a ﬁnite number of other agents B = {β1 , β2 , . . . }, and a ﬁnite number
of information providing agents Θ = {θ1 , θ2 , . . . } that provide the context for all
events in the system — Θ t denotes the state of these agents at time t. α observes
the actions of another agent β in the context Θ t . The only thing that α ‘knows
for certain’ is its history of past communication that is retains in the repository Hαt .
Each utterance in the history contains: an illocutionary statement, the sending agent,
the receiving agent, the time that the utterance was sent or received.
Observations are of little value unless they can be veriﬁed. α may not posses a
comprehensive range of reliable sensory input devices. Sensory inadequacy is dealt
with invoking an institution agent, ξ , that truthfully, accurately and promptly reports
what it sees.
All communication is recorded in α’s history Hαt that in time may contain
a large amount of data. The majority of agent architectures include models that
summarise the contents of H t ; for example, a world model and a trust model. In
this paper we describe two models, a relationship model and an integrity model
that are speciﬁcally designed to assist an agent to manage information asymmetries. To build the relationship model we will use the LOGIC framework to cat-
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egorise the information in utterances received. That is, α requires a categorising
function v : U → P({L,O,G,I,C}) where U is the set of utterances. The power set,
P({L,O,G,I,C}, is required as some utterances belong to multiple categories. For
example, “I will not pay more for wine than the price that John charges” is categorised as both Option and Independence.
We assume an ontology that includes a (minimum) repertoire of elements: a set
of concepts (e.g. quantity, quality, material) organised in a is-a hierarchy (e.g. platypus is a mammal, australian-dollar is a currency), and a set of relations over these
concepts (e.g. price(beer,AUD)).1
We model ontologies following an algebraic approach [8]. An ontology is a tuple
O = (C, R, ≤, σ ) where:
1.
2.
3.
4.

C is a ﬁnite set of concept symbols (including basic data types);
R is a ﬁnite set of relation symbols;
≤ is a reﬂexive, transitive and anti-symmetric relation on C (a partial order)
σ : R → C+ is the function assigning to each relation symbol its arity

where ≤ is a traditional is-a hierarchy, and R contains relations between the concepts
in the hierarchy.
The concepts within an ontology are closer, semantically speaking, depending on
how far away they are in the structure deﬁned by the ≤ relation. Semantic distance
plays a fundamental role in strategies for information-based agency. A measure [9]
bases the semantic similarity between two concepts on the path length induced by
≤ (more distance in the ≤ graph means less semantic similarity), and the depth of
the subsumer concept (common ancestor) in the shortest path between the two concepts (the deeper in the hierarchy, the closer the meaning of the concepts). Semantic
similarity could then be deﬁned as:
eκ2 h − e−κ2 h
(1)
eκ2 h + e−κ2 h
where l is the length (i.e. number of hops) of the shortest path between the concepts,
h is the depth of the deepest concept subsuming both concepts, and κ1 and κ2 are
parameters scaling the contribution of shortest path length and depth respectively.
Sim(c, c ) = e−κ1 l ·

t
4 The Relationship Model Rαβ

This Section describes how an agent’s relationships are modelled using both the
LOGIC framework (described in Section 3) and the structure of the ontology (described in Section 2). The relationship model is used in Section 6 to manage the argumentative discourse between two agents. Two models are described in Section 5

1 Usually, a set of axioms deﬁned over the concepts and relations is also required. We will omit
this here.
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that are used in Section 6 to select which agent to interact with in the context of a
particular need.
All of α’s models are summaries of its history Hαt . The relationship model that
α has of β consists of four component models. First, α’s intimacy model of β ’s
t
— this informaprivate information describes how much α knows about β , Iαβ
tion will have been extracted from the dialogue including inform, opinion and
advise utterances. Second, α’s reliability model of how reliable the information
t is, Rt . Third, α’s reﬂection model of β ’s model of α’s private
summarised in Iαβ
αβ
t
information, Jαβ . Fourth, a balance model, Btαβ , that measures the difference in the

t and J t . Abusing notation we denote this by: d I t and d J t
rate of growth of Iαβ
dt αβ
dt αβ
αβ
across the structure {L,O,G,I,C} × O.
The remainder of this section details how these four component models are calculated. In addition to the models described in this Section, α is assumed to have a
world model, M t , that represents everything in its world that it is interested in. The
procedure for updating the world model relies on estimates of the reliability of all
incoming utterances. Rtαβ is used for this purpose, and is used both to support the
t . The description given
update process for M t and to estimate the reliability of Iαβ
employs the machinery to update the world model in our information-based agents
[15]. However it can be adapted to the machinery used by any agent that represents
uncertainty in its world model using probability distributions, that is: M t = {Xi }i
where Xi are random variables. In addition to the world model and the models described in this paper an agent may construct other models such as an honour model
[14].
Utterances are represented in the world model Mαt as probability distributions,
(Xi ), in ﬁrst-order probabilistic logic L . Representing an utterance in the world
model requires its semantics. Semantics of utterances are speciﬁed as constraints on
distributions in the world model. For example, in a simple multi-issue contract negotiation α may estimate Pt (acc(β , α, δ )), the probability that β would accept contract
δ , by observing β ’s responses. The distribution Pt (acc(β , α, δ )) ∈ Mαt is classiﬁed
as an Option in LOGIC. Using shorthand notation, if β sends the message Offer(δ1 )
then α derives the constraint: Kacc(β ,α,δ ) (Offer(δ1 )) = {Pt (acc(β , α, δ1 )) = 1}, and
if this is a counter offer to a former offer of α’s, δ0 , then: Kacc(β ,α,δ ) (Offer(δ1 )) =
{Pt (acc(β , α, δ0 )) = 0}.2
Updating Mαt is complicated if the reliability of utterances received is taken into
account — it would certainly be foolish for α to believe that every utterance received
from β was correct — whereas all utterances received from the institution agent ξ
are assumed to be correct. The procedure for doing this, and for attaching reliability
estimates to utterances is described below.
The idea of intimacy and balance is that intimacy summarises the degree of
closeness, and balance is degree of fairness. Informally, intimacy measures how
2 In the not-atypical special case of multi-issue bargaining where the agents’ preferences over
the individual issues only are known and are complementary to each other’s, maximum entropy
reasoning can be applied to estimate the probability that any multi-issue offer will be acceptable to
β by enumerating the possible worlds that represent β ’s “limit of acceptability” [15].
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much one agent knows about another agent’s private information, and balance
measures the extent to which information revelation process between the agents
is ‘fair’. The intimacy and balance models are structured using the LOGIC illocutionary framework and the ontology O 3 . For example, an utterance meaning that
agent β accepts agent α’s previously offered deal δ is classiﬁed as an Option, and
< α, inform(β , info) > meaning that agent β informs α about info and commits
to the truth of it is classiﬁed as Legitimacy.

t
4.1 The Intimacy Model: Iαβ
t , models how much α knows about β ’s
The intimacy of α’s relationship with β , Iαβ
private information and is represented as real numeric values over {L,O,G,I,C} × O.
Suppose α receives an utterance u from β and that the LOGIC category f ∈ v(u),
where v is the categorising function described in Section 3. For any concept c ∈ O,
we extend the deﬁnition of Sim by deﬁning Sim(u, c) = maxc ∈u Sim(c , c) where
Sim is a semantic distance function such as that described in Equation 1. Denote the
t in position ( f , c) ∈ {L,O,G,I,C} × O by I t
value of Iαβ
αβ ( f ,c) then:

t
Iαβ
( f ,c)

=


t−1
+ (1 − ρ) × It (u) × Sim(u, c) if u received,
ρ × Iαβ
( f ,c)
t−1
μ × Iαβ
( f ,c)

otherwise.

(2)

for any c, where μ < 1 is the decay rate, ρ is the learning rate, and It (u) is Shannon
information gain as given by Equation 7 that is described below. The method for
estimating It (u) takes account of the reliability of u. The decay rate μ is a constant
t towards a zero state if no utterances are rejust less than 1 ensures the decay of Iαβ
t , is constructed similarly by assuming
ceived. α’s estimate of β ’s intimacy on α, Jαβ
that β ’s reasoning apparatus mirrors α’s.
Equation 2 above requires an estimate of the information gain in an utterance,
It (u). The calculation is fairly technical but as it is part of the procedure for updating
the world model the marginal cost in building the relationship model is very low.
α’s world model Mαt is a set of random variables, M t = {Xi , . . . , Xn } each representing an aspect of the world that α is interested in. In the absence of in-coming
messages the integrity of M t decays. α may have background knowledge concerning the expected integrity as t → ∞. Such background knowledge is represented as
a decay limit distribution. One possibility is to assume that the decay limit distribution has maximum entropy whilst being consistent with observations. Given a
distribution, P(Xi ), and a decay limit distribution D(Xi ), P(Xi ) decays by:
Pt+1 (Xi ) = Δi (D(Xi ), Pt (Xi ))
3

(3)

Only a subset of the ontology is required. The idea is simply to capture “How much has Carles
told me about wine”, or “how much do I know about Carles’ commitments (possibly with other
agents) concerning cheese”.
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where Δi is the decay function for the Xi satisfying the property that limt→∞ Pt (Xi ) =
D(Xi ). For example, Δi could be linear: Pt+1 (Xi ) = (1 − μi ) × D(Xi ) + μi × Pt (Xi ),
where μi < 1 is the decay rate for the i’th distribution. Either the decay function or
the decay limit distribution could also be a function of time: Δit and Dt (Xi ).
Suppose that α receives an utterance u from agent β at time t. This utterance
could be an inform, an opinion or an advise. Suppose that this utterance’s
contents is qualiﬁed with probability z. α attaches an epistemic belief Rtαβ (u) to
u — the reliability model Rtαβ is described below in Section 4.2. The semantics of
utterance u is given by specifying constraints on those random variables in the world
model that the receipt of u will effect. For Xi ∈ M t we denote the constraint on Xi
due to the receipt of u as KXi (u) that are called update functions.
Given a prior distribution pi = Pt (Xi ) let pi(u) be the distribution with minimum
r
relative entropy4 with respect to pi : pi(u) = arg minr ∑ j r j log pjj that satisﬁes the
constraints KXi (u). Then let qi(u) be the distribution:
qi(u) =


Rtαβ (u) × pi(u) + (1 − Rtαβ (u)) × pi
pi

if Rtαβ (u) > 0.5,
otherwise.

(4)

where Rtαβ (u) is determined by the reliability model below. The condition Rtαβ (u) >
0.5 prevents information with an expected evaluation less than the ambivalence
point (i.e. 0.5 as discussed in Section 4.2) from entering the process for updating
M t . For example, Rtαβ (u) = 0 means that u is certainly of no value. Then let:

qi(u)
P (Xi(u) ) =
pi
t

if qi(u) is “more interesting” than pi
otherwise

(5)

A general measure of whether qi(u) is more interesting than pi is: K(qi(u) D(Xi )) >
x
K(pi D(Xi )), where K(xy) = ∑ j x j ln y jj is the Kullback-Leibler distance between
two probability distributions x and y.
Finally merging Equation 5 and Equation 3 we obtain the method for updating a
distribution Xi on receipt of a message u:
Pt+1 (Xi ) = Δi (D(Xi ), Pt (Xi(u) ))

(6)

This procedure deals with integrity decay, and with two probabilities: ﬁrst, the probability z in the utterance u, and second the reliability Rtαβ (u) that α attached to u.
Given a probability distribution q, the minimum relative entropy distribution p = (p1 , . . . , pI )
subject to a set of n linear constraints g = {g j (p) = aj · p − c j = 0}, j = 1, . . . , n (that must include
r
the constraint ∑i pi − 1 = 0) is: p = MRE(q, g) = arg minr ∑ j r j log q jj . This may be calculated by

4

p

introducing Lagrange multipliers λ : L(p, λ ) = ∑ j p j log q jj + λ · g. Minimising L, { ∂∂λLj = g j (p) =

0}, j = 1, . . . , n is the set of given constraints g, and a solution to ∂∂pLi = 0, i = 1, . . . , I leads eventually to p. Entropy-based inference is a form of Bayesian inference that is convenient when the data
is sparse [5] and encapsulates common-sense reasoning [10].
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The Shannon information gain in Xi is: It Xi = Ht (Xi ) − Ht−1 (Xi ), and if the distributions in M t are independent then the Shannon information gain for M t following
the receipt of utterance u is:
(7)
It (u) = ∑ It Xi
Xi

4.2 The Reliability Model: Rtαβ
Equation 4 above requires an estimate of the reliability of an utterance, Rtαβ (u),
which is detailed in this Section. The reliability model is constructed by observing
the difference between β ’s utterance u at time t and its subsequent evaluation5 at
time t  . This means that for β , building a strong Rtαβ will be a slow process. This
is consistent with the observation that business relationships between human agents
tend to build gradually over time.
We now consider how the estimates Rtαβ ( f ,c) develop in time. At each time step:
Rtαβ ( f ,c) = μ × Rt−1
αβ ( f ,c) + (1 − μ) × 0.5
representing the decay of the reliability towards the maximum entropy, or ambivalence point, value. Now suppose that u is received from agent β at some time and
is evaluated, possibly with the assistance of the institution agent, ξ , at some later
time t as eval(u) as described in Section 2. This evaluation is on a fuzzy scale
in [0, 1] that contains 0 and 1, i.e. eval(u) ∈ [0, 1]. Suppose that the LOGIC category f ∈ v(u), where v is the categorising function described in Section 3. For any
and:
category c, let r = Rt−1
αβ ( f ,c)
e = (ρ × 0.5) + (1 − ρ) × eval(u)
e = e × Sim(u, c)
e = (Sim(u, c) × (e − 1)) + 1
where ρ is the learning rate, then Rtαβ ( f ,c) = g(r, e , e ) where:
⎧


⎪
⎨comb(r, e ) if e > 0.5 and e > 0.5,
 

g(r, e , e ) = comb(r, e ) if e < 0.5 and e < 0.5,
⎪
⎩
r
otherwise.

(8)

x×y
is the combination of independent probabiliwhere comb(x, y) = (x×y)+(1−x)×(1−y)
ties x and y. The assumption of independence is rather radical and the moderation of
eval(u) to e using the learning rate ρ is intended to compensate for this. The con5

Evaluation is meant in the sense of the eval functions that are part of the rational effect expressions in Section 2.
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ditions in Equation 8 ensures that the update is only applied when Sim is reasonably
large. When Sim = 1, e = e = e. Those conditions limit the update to those values
of e and e that are “on the same side of” 0.5 as e.

5 Trust and Integrity
We now describe two measures that are attached to complete dialogues that are
used in Section 6 to assist with the selection of negotiation partners for a particular
need. The ﬁrst of these is trust that measures the difference been commitments made
during a dialogue and the eventual enactment of those commitments. The second is
integrity that measures the difference between expectation and evaluation of the
dialogue — the integrity measure is aggregated from values of the eval function.
The estimation of trust and integrity can be interpreted as a pattern mining exert to ﬁnd the ‘best’ hypothesis that describes C t ,
cise from the information in Cαβ
αβ
t ⊂ H t contains those utterances that contain evaluations of enactments,
where Cαβ
αβ
for trust, and of consumption, for integrity. One neat way to perform this induction
is the minimum description length principle [7] that is founded on the minimisation
of the cost of communicating a body of knowledge from one agent to another that
thus has a fundamental afﬁnity with distributed autonomous systems:
t
t
 arg min(L(M) + L(Cαβ
| M))
Iαβ
M

(9)

t | M) is the
where L(M) is the length of the shortest encoding of M, and L(Cαβ
t
length of the shortest encoding of Cαβ given M. This deﬁnition is as neat as it is
t into that which may be generalised
computationally expensive — it divides Cαβ
and that which may not.
t in Equation 9 appears problematic for three reasons. First,
The deﬁnition of Iαβ
if M can be any Turing computable model the deﬁnition is not computable, second a
single language is required for representing M, and third the meaning of ‘the length
of the shortest encoding’ is not clear. The second and third reason have been resolved [7]. The ﬁrst, computability problem can be solved by restricting the models
to some speciﬁc class. If the models are restricted to Bayesian decision graphs over
ﬁnite spaces then Equation 9 is computable [18].
Equation 9 does not take time into account. To allow for varying strength of
∗t that is the same as C t except
observations with time we construct instead Cαβ
αβ
each evaluation, x, is replaced by a random variable X over evaluation space. These
probability distributions are constructed by: λ × X + (1 − λ ) × DX where DX is the
decay limit distribution6 for X — and X is a distribution with a ‘1’ indicating the
position of the evaluation and 0’s elsewhere. Despite its elegance, Equation 9 is
computationally expensive. [15] describes a computationally friendly method for
evaluating trust that may also be used for integrity.
6

If the decay limit distribution is unknown we use a maximum entropy distribution.
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6 ‘Relationship-aware’ Argumentation Strategies
Given a need ν in context Θ t one way for agent α to select an interaction partner,
β , on the basis of their past behaviour, is by reference to the trust model and the
t , then the integrity of that model
integrity model. Suppose that α uses model Mαβ
t
→ D, by Equation 3 or similar, that is, the uncertainty
will decay in time, Mαβ
t
H(Mαβ ) will increase in time, until the model is refreshed with new observations. So
the rate of refreshment with new observations needs to be such that the uncertainty,
t ), generally decreases in time. Given a need ν the set of partners that α
H(Mαβ
considers are called the pool for ν. For each potential partner, β , we assume that α
is able to estimate, Pt (β )|ν, the probability that a negotiation with β to satisfy ν
will lead to a better outcome than with any other in the pool. Then select a partner
using the stochastic strategy: Pt (Select βi ) = Pt (βi )|ν.
For each agent in the pool α has a view on the desired form of the relationship
t — that is the model that he would remodel, particularly the intimacy model, Iαβ
t for agent β . Using the
alistically wish to have. This is the relationship target Tαβ
{L,O,G,I,C} structure the target is
 expressed as a target
 for the pair of intimacy
t
t
t
=
T
I
,
T
J
models in Section 4.1: Tαβ
( f ,c)
αβ ( f ,c)
αβ ( f ,c) where T Iαβ and T Jαβ are
respectively the targets for Iαβ and Jαβ .
Having selected the interaction partner, and having set the relationship target, α
t
now manages the interaction itself. α has a model of its intimacy with β , Iαβ
( f ,n)
t
where ν ∈ n ∈ O, and its target for β , Tαβ ( f ,n) . When the interaction with β is com

t
plete, the intimacy model, Iαβ
( f ,n) will have changed. Before the interaction com

t
t
the direction of” Tαβ
.
mences, α may desire that Iαβ
( f ,n) will have changed “in
 ( f ,n)

t
t
t
This is formalised as the negotiation target, Nαβ
( f ,c) = NIαβ ( f ,c) , NJαβ ( f ,c) , that

is α’s aspirations at time t for intimacy at time t  . Given the uncertainty in behaviour
in any negotiation, the negotiation target is an approximate indication only of what
should be achieved.
Any utterance that an agent makes gives away information if the receiving
agent revises its world model as a result of receiving the utterance. In singleissue offer, accept and reject negotiation the equitable information revelation strategy is: α responds to β ’s offer with an offer o that gives β equivalent information gain as α has observed provided that o is acceptable to α 7 . Formally, if α receives an offer o from β at time t then α will observe information gain H(M t−1 ) − H(M t ) and so responds with an offer o which is such that:
H(Mβt ) − H(Mβt ⊕ o ) ≈ H(M t−1 ) − H(M t ) as long as o is acceptable to α. If the
negotiation is single-issue then this strategy determines a unique offer and yields a
sequence of alternating offer exchanges that is almost “classic market haggling”.

This assumes, not unreasonably, that α and β model each other’s limit price with a random
variable in their respective world models.
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For multi-issue offer, accept and reject negotiation we assume that α
estimates the probability that any proposed deal, δ , is acceptable, Pt (Accα (δ |Hαt )),
that is accompanied by a threshold value τ meaning that if Pt (Accα (δ |Hαt )) > τ
then δ is acceptable. We also assume that α estimates the probability that the deal
will be acceptable to β , Pt (Accβ (δ |Hαt )); an estimate for this may be derived from
the offers that β has both made and rejected using maximum entropy inference [14].
Given these two estimates then an analogue of the issue-tradeoffs strategy in [6] is
for α to offer: δ ∗ = arg maxδ {Pt (Accβ (δ |Hαt )) | Pt (Accα (δ |Hαt )) > τ}.
The issue-tradeoffs strategy described above does not take into account the expected information gain from making such a proposal: H(Mβt ) − H(Mβt ⊕ δ ).
The consideration of information gain adds an interesting dimension. Consider
the set of deals of similar acceptability to β as δ ∗ : Δ = {δ | Pt (Accβ (δ |Hαt )) ≈
δ ∗ ∧ Pt (Accα (δ |Hαt )) > τ}. Each δ ∈ Δ are similarly acceptable to each agent but
are of potentially different information gain to β : H(Mβt ) − H(Mβt ⊕ δ ). α is now
is a position to decide how to manage the revelation of information in the proposals
it makes, and may decide to do so equitably or otherwise.
The term tactics is used to refer to the strategy that wraps a possibly empty proposal in argumentation to form a complete utterance. The equitable information
revelation strategy extends without modiﬁcation to argumentation across the full
structure of {L,O,G,I,C}. If α receives an utterance u from β at time t then α responds with u which is such that: H(Mβt ) − H(Mβt ⊕ u ) ≈ H(M t−1 ) − H(M t )
as long as any contractual commitment in u is acceptable to α. The idea is that α
uses the negotiation target as a guide to go above or below an equitable information
revelation response.
The negotiation literature consistently advises that an agent’s behaviour should
not be predictable even in close, intimate relationships. This variation of behaviour
is normally described as varying the negotiation stance that informally varies from
“friendly guy” to “tough guy”. The stance injects bounded random noise into the
process, where the bound tightens as intimacy increases. For software agents, the
role of stance is to prevent an observer from decrypting an agent’s strategies.

7 Discussion
The prospect of automating the negotiation process in electronic business is a powerful motivation for research into robust negotiation strategies. A considerable effort
is being made by game theorists to build strategies on a utilitarian basis. The work
described in this paper is concerned with aspects of negotiation that are difﬁcult,
if not impossible, to capture within the utilitarian framework. Speciﬁcally the work
is concerned with building relationships with the intention that they will provide
agents with some degree of protection against the exploitation of information asymmetries in the marketplace. The strategic use of opinions and advice as argumentative illocutionary particles is one step on a long road to build reliable agents for
business negotiation.
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