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ABSTRACT
We propose an improved approach for modeling behaviours
of negotiation partners and predictive decision-making based
on this modelling. Our prediction is based only on the his-
tory of the offers during the current negotiation. The mech-
anism estimates an influence of different factors contribut-
ing to partner’s behaviour during negotiation and uses this
information to construct a prediction about agent’s future
behaviour. The optimal sequence of offers is determined ac-
cording to the prediction. The approach is tested in simple
scenarios and the results comparing our approach to random
strategy selection are illustrated.

Categories and Subject Descriptors
I.2 [Artificial Intelligence]: Learning, Problem Solving

General Terms
Algorithms, Theory

Keywords
negotiation and conflict handling in agent systems

1. INTRODUCTION
Negotiation is a process of searching a space of poten-

tial agreements in order to find a solution that satisfies the
preferences and requirements of all interested parties [5].
The problem of negotiation has been studied from various
perspectives in many fields. These fields include: decision
and game theory, management and social sciences, artificial
intelligence and agent technology [9]. The essential prob-
lems of the negotiating parties are the limited or uncertain
knowledge and conflicting preferences. The agent technol-
ogy provides tools for solving this kind of problems. How-
ever, decision-making paradigms of the negotiation agents
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still need to be developed and improved. A successful agent
needs to learn and adapt to complex behaviour of its ne-
gotiation partner and changing environment. An approach
proposed by Faratin [4] allows for limited adaptation to part-
ners behaviour by using so called behaviour-dependant tac-
tics. These tactics imitate opponent’s behaviour and can be
mixed with other types of tactic such as time-dependant.
However, it is difficult to decide which type of tactics to use
and to what extent in terms of weights mixing various fac-
tors such as: time and behaviour imitation. Therefore, some
approaches based on machine learning have been proposed
to predict the negotiation partner’s behaviour.

Most of the learning approaches supporting the negoti-
ation such as Bayesian learning [12], Q-learning [3], case-
based-reasoning [1] and evolutionary computation [11][10]
focus on learning from previous negotiations. Some work
[7][6] studies the negotiation scenarios by taking into ac-
count the parameters of negotiation such as: deadline and
reservation value but assuming a simplified type of nego-
tiation strategies, namely only time-dependant. The work
proposing learning from current negotiation is quite rare.
One of the approaches was proposed by Hou [8]. In this
paper a nonlinear regression was proposed to model the ne-
gotiation opponent’s behaviour based only on the previous
offers. However, the approach copes only with single tactics
but negotiation agent may encounter an opponent with more
complex behaviour involving a mixture of different tactics.

In this paper we propose to treat the negotiation as an op-
timization problem because too small concessions may dis-
courage the partner from making significant concessions and
to large concession will obviously lead to a low level of utility
at the end of an encounter. Our predictive decision-making
mechanism allows for high adaptation to negotiation part-
ner’s behaviour based only on the history of offers in the
current negotiation.

It extends the predictive decision-making mechanism de-
scribed in [2]. The approach is based on difference method
and is therefore computationally efficient. In the future work
we will propose other prediction approach based on nonlin-
ear multivariate regression analysis. Our extended approach
allows for additional gain of efficiency compared to the pre-
vious paper [2] because instead of a brute force search of
the optimal sequence of actions we propose a more efficient
search based on a solution of optimization equation that re-
duces significantly the time of modelling.

The second section recalls an idea of estimation of differ-
ent factors influencing negotiation partner’s behaviour. The
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third section presents a method of constructing a prediction.
In the fourth section an idea of assessing the whole sequence
of offers is described. In the fifth section we describe a way
of calculating values of concession. Sixth section presents
the results of experiments. Conclusions and future work are
presented in the 6 section.

2. THE ESTIMATION OF DEGREES OF
VARIOUS FACTORS DEPENDENCY

Typically, there are two main factors that influence the ne-
gotiation agent behaviour: time and imitation. The agents
behaviour depends to some extent on time and it depends
to some extent on imitation. In order to be able to assess
the degrees of this dependency appropriate criteria will be
introduced in a form of functions mapping the sequences of
previous actions of both parties in the current encounter into
interval [0, 1]. These two criteria should state to what ex-
tent our partner responds to its time constraint and to what
extent does it respond to our actions. We propose to define
these criteria as necessary conditions for using pure tactics
by our negotiation partner (either behaviour-dependant or
time-dependant). In order to do it we have to know what
is characteristic for an agent using time-dependant tactic
(necessary condition) or behaviour-dependant tactic. This
feature will be used as the factor dependency criterion.

2.1 Time-dependency
The time-dependant tactic may be modelled by the use

of polynomial or exponential function. As mentioned before
we have to determine the characteristic feature of these type
of functions. The whole family of polynomial or exponen-
tial functions has a constant sign of all derivatives and this
feature is treated as a necessary condition for being time-
dependant. The given information is the sequence of previ-
ous offers of both parties. Based on it we want to determine
the extent to which the sequence of our partner’s offers is
generated by a particular decision function corresponding
to a pure tactic. In other words we want to determine how
good the partner’s behaviour fits to a particular decision
function. Assuming that a decision function used to gener-
ate a sequence of offers had a constant sign of all its deriv-
atives the differences of all orders calculated for the given
sequence must also have a constant sign. This is because
of a correspondence of the difference of n-th order and the
n-th derivative. Having a sequence of partner offers: bi of a
length m the differences of different orders can be calculated
as follows:

∆1bi = bi+1 − bi i ∈ {1, 2, . . . , m− 1}
∆2bi = ∆bi+1 −∆bi i ∈ {1, 2, . . . , m− 2}
∆3bi = ∆2bi+1 −∆2bi i ∈ {1, 2, . . . , m− 3}

. . .

∆m−1bi = ∆m−2bi+1 −∆m−2bi i ∈ {1}

If all the differences for each particular order k have the same
sign then the necessary condition of being time-dependant
is fully satisifed:

∀k ∈ {1, 2, . . . , m− 1} ∀i, j ∈ {1, 2, . . . , m− k}
sgn(∆kbi) = sgn(∆kbj)

In order to evaluate a degree to which time-dependency is
satisfied we formulate a criterion. For the difference of each
order k we introduce a subcriterion Dk. The subcriterion
must be defined in such a way that it gives full level of satis-
faction if all the differences are either negative or positive. If
the means of the positive and negative values counterbalance
each other then the criterion should give the full level of vio-
lation what corresponds to the lowest level of satisfaction. In
other words the full violation means that the contributions
of positive and negative values are the same. Partial de-
gree of criterion satisfaction will be obtained if we observe
a dominance of one sign over other and the higher is this
dominance the higher the degree of satisfaction. Therefore,
we introduce the partial degree of subcriterion satisfaction
Dk of the difference of an order k as an aggregate of the
means of the positive values of differences and the negative
values of the differences as follows:

Dk =
| σk
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means that the criterion is highly violated. The values of all
given Dk are then aggregated to the overall value of criterion
satisfaction. This value is obtained by the use of weighted
sum where the weights are proportional to the extent of
contribution of the differences ∆kbi:

Dt =
X

k≤m−1

wkDk

where wk is calculated as follows:

wk =
Max{|σk

p |, |σk
n|}Pm−1

j=1 Max{|σj
p|, |σj

n|}

2.2 Behaviour-dependency
The responsiveness to partner’s behaviour may be real-

ized by behaviour-dependant tactic. We propose to use the
sequence of relative first order difference as a basis for mea-
suring the extent to which our partner is imitating our be-
haviour. Having the sequences of the last m concessions
of our agent si and the sequence of the last m concessions
bi of the negotiation partner we can calculate the sequence

ri = ∆1bi
∆1si

describing the change of behaviour of the mod-

elled agent in relation to the change of our agent’s behav-
iour. We define two subcreteria allowing for the assessment
of the imitative-behaviour of our negotiation partner. First
subcreterion assesses how positive are the responses of the
modelled agent to our offers (the values of ri are higher then
one). We aggregate all values of ri by the use of weighted
sum:

r =

mX
i=1

wiri

The weights wi may increase with the value of index i which
means that the later offers reflect better the current state of
our partner’s behaviour and therefore, the higher the values
of indices i the more important is the quotient ri. If the
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calculated value of r is greater than 1 then our negotiation
partner is responding with higher concessions than ours and
therefore it may be called relatively cooperative. The value
of r equal to 1 means that the agent makes the same con-
cessions as ours and can therefore be called neutral. The
values of r smaller than 1 tell us that our partner is not rel-
atively cooperative because its concessions are smaller than
ours. The first subcreterion may be defined as a function
h : r 7→ [0, 1] mapping the value of r into a degree of respon-
siveness in the following way:

D1 = h(r) = Max[1, Min[0, 0.5r]]

The neutral value of r (r = 1) is assigned the value of 0.5 by
function h what in terms of fuzzy logic means that the extent
of condition satisfaction and dissatisfaction is the same. If
the value of r is greater than 1 then the degree of subcrete-
rion satisfaction is higher than 0.5 (more true than false)
and in the opposite case (r < 1) the degree of satisfaction is
lower than 0.5 (more false than true).

Additional subcreterion can asses the degree of relational
trend in the agent’s behaviour in terms of monotonicity of
sequence ri. The degree of monotinicity D2 may be mea-
sured as a sign consistency for the differences ∆ri what can
be done analogously as in previous subsection (formula 1).
We calculate the average Db of the obtained values of D1

and D2 and treat this value as a degree of the overall re-
sponsiveness:

Db =
D1 + D2

2

3. THE AGENT’S BEHAVIOUR
PREDICTION BASED ON DIFFERENCE
METHOD

As mentioned in previous sections there are two main
factors contributing to the overall behaviour of negotiation
agent: time and imitation. We propose to construct separate
predictions of these two factors first. Then prediction can
be build by mixing the time-depending and the behaviour-
depending predictions together using the weights obtained in
the previous section. Our prediction constitutes a function
mapping a history of the previous m offers of both negotiat-
ing parties Hm and a potential offer sm+1 of our agent into
a value of the predicted response b̂m+1 of our partner:

f : (Hm, sm+1) → b̂m+1

As mentioned in Introduction in the future work we will
conisder other type of prediction based on the multivari-
ate regression analysis. The two predictions, namely time-
depending ft and imitation-depending fb that will be com-
bined together to the overall prediction f map the history
of the current encounter to the value of the predicted offer
in the following way:

b̂t
m+1 = ft(Hm) (2)

b̂b
m+1 = fb(Hm, sm+1) (3)

As stated before these mappings are combined to obtain the
overall prediction as follows:

b̂m+1 = f(Hm, sm+1) =

=
Dt

Dt + Db
× b̂t

m+1 +
Db

Dt + Db
× b̂b

m+1 (4)

The predictor f may be applied multiple l times in a recur-
sive way. In order to reuse the predictor second time we store
the time-depending prediction Ĥt

m+1 = Ht
m ∪ {sm+1, b̂

t
m+1}

(Ht
m = Hm). We also store separately the overall prediction

Ĥm+1 = Hm∪{sm+1, b̂m+1}. Based on this information the
prediction for the second step can be obtained as follows:

b̂t
m+2 = ft(Ĥ

t
m+1) (5)

b̂b
m+2 = fb(Ĥm+1, sm+2) (6)

where sm+2 is a potential offer of our agent in the next
step of negotiation. The overall second step prediction is
calculated as follows:

b̂m+2 = f(Ĥm+1, sm+2) =

= wt × b̂t
m+2 + wb × b̂b

m+2 (7)

where wt and wb are the normalized values of Dt and Db:

wt =
Dt

Dt + Db
wb =

Db

Dt + Db

As stated before we can repeat this procedure multiple l
times.

3.1 Time-depending prediction
The time-dependant behaviour may be realized by the

use of decision functions from the polynomial or exponential
family of functions. We used this information in the previ-
ous section to determine the degree of time-dependency and
in this section we want to determine a level of the particular
time-dependant tactic in order to predict this type of behav-
iour. We propose to measure a trend in agent’s behaviour
in terms of a degree of concavity or convexity of the con-
cession curve. In other words we want to determine what
a kind of tactics (conceder, linear or boulware) our partner
is using, and how strong is the tactic in terms of a value of
the parameter β. Our time-depending prediction is based
on a difference method that requires to determine the max-
imal order of differences that should be taken into account.
In a case of linear and conceder tactics it is sufficient to
consider only the first order difference because for the curve
generated by the linear tactic all higher order differences are
equal to zero and the curve generated by the conceder tactic
is close to linear after a number of offers. The most crucial
is the successful prediction of the boulware tactic because
the most drastic changes of the behaviour of an agent using
this kind of tactic occur when it is approaching its deadline.
All the differences up to k-th order having the same sign are
taken into consideration as follows:

sgn(∆1bi) = sgn(∆2bi) = · · · = sgn(∆kbi) 6= sgn(∆k+1bi)

The more differences are consistent in a sign the stronger
boulware tactic on the side of opponent agent was applied.
We calculate the time-dependent prediction for the next step
as follows (Figure 1):

b̂m+1 = ft(Hm) = bm +

kX
j=1

∆jbm−j (8)

where b̂m+1 is the prediction of the m+1 offer and k is an in-
dex of the last difference consistent in sign. It can be proved
that the difference based method is a good approximation of
any function from the polynomial family of functions. The
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Figure 1: Examples of different order predictions for
boulware tactic

recursive application of the formula (8) allows for the pre-
diction in the next steps.

3.2 Imitation-depending prediction
The imitation-depending prediction constitutes a function

that maps the history Hm of offers of the current encounter
and a potential future offer sm+1 of our agent into the pre-
diction about our opponent’s next move b̂m+1:

b̂m+1 = fb(Hm, sm+1)

The purpose of the function fb is to predict how the nego-
tiation partner will respond to the potential offer sm+1 of
our agent. In terms of control theory the history of the ne-
gotiation Hm up to an offer m describes the current state
of the encounter. The variable sm+1 is a potential control
with which we may influence partners behaviour. The up-
dated history Ĥm+1 after the step of control sm+1 is the
next state of negotiation. In order to construct the function
fb we apply the Taylor’s formula of first order as follows:

fb(Hm, sm+1) = bm +
∆bm−1

∆sm−1
(sm+1 − sm)

where the value of a relational difference
∆bm−1
∆sm−1

is treated as

an approximation of the first order derivative of the function
fb in a point sm.

4. SEMI-STRATEGIC REASONING
The predictor described in previous sections can be re-

garded as a transition function that maps a state (history of
previous offers) and a potential control (our potential offer)
into the next state. In these terms the negotiation may be
treated as a multi-stage control process and our task is to
determine the sequence of optimal controls (our potential
future offers) sm+1, sm+2, . . . , sm+l knowing the sequence of

our opponent’s respones b̂m+1, b̂m+2, . . . , b̂m+l. The multi-
stage control process constitutes the combination of predic-
tion with decision-making about the next offers. The mech-
anism described in [2] involves discretization of the space of
each potential offer in each negotiation step. All possible se-
quences of offers in the discrete space are considered and the
optimal sequence is determined. However, such an approach
is a kind of brute force, and therefore is quite time consum-
ing. We propose to determine a sequence of the optimal
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Figure 2: An example of prediction as a response to
sequence of potential offers in steps 7 and 8

controls in a different way. In order to avoid the inefficiency
of searching the whole space of solutions we propose to pre-
dict a small amount of k opponent’s steps forward. Then
we assume that we make the same average concession up to
the terminal state l and determine this concession by solving
optimization equation (9). In other words we want to deter-
mine the sequence of a form: sm+1, sm+2, . . . , sm+k, sm+k +
c, sm+k + 2c, . . . , sm+k + (l− k)c. In order to determine the
concession c of the second part of the sequence we solve the
following optimization problem:

c : min{|b̂m+l − (sm+k + (l − k)c)|} (9)

It states that we have to find a value of c for which we meet
with the opponent (ia. reach an agreement) in terminal
state m+ l. After the counterpart has responded, the whole
mechanism can be reused for further decision making in the
next steps of negotiation.

5. CONCESSION DETERMINATION
The previous section described a way we asses a sequence

of offers. Assuming that we determined the optimal se-
quence of concessions we have to determine the value of the
next offer based on this information. It turns out that vari-
ous sequences of offers may result (in terms of prediction) in
similar final utility. Therefore, the decision-making process
should take into account all sequences with various first con-
cessions satisfying the optimization constraint (9). Assume
we have all the optimal sequences {sj} with the various first
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Figure 3: Simplified example of negotiation pre-
diction. The thick arrows indicate the optimal se-
quences with various first concessions

concessions:

s1
m+1 , s1

m+2, . . . , s
1
m+l

s2
m+1 , s2

m+2, . . . , s
2
m+l

. . . , . . .

sn
m+1 , sn

m+2, . . . , s
n
m+l

To determine the value of a concession based on the pre-
dicted sequence we use two values: the first concession in
the sequence sj

m+1 − sj
m and the average of all concessions

in the sequence
s

j
m+l

−sj
m

l
. The less responsive an agent is

the less important the first concession is. It means that in
the case of time-dependant behaviour the opponent agent
does not respond to our behaviour and it is not important
what concession we make in what rounds. What is impor-
tant is the average concession in all rounds. Therefore, the
average concession should be taken into account in a case of
time-dependant behaviour and the first concession should
be taken into account in a case of the responsive agent. Be-
cause the extents to which the two factors influence agent’s
behaviour are fuzzy we have to aggregate the two types of
concession taking into consideration the level of imitative
behaviour and the level of time-depending behaviour. The
experiments presented in the next section show that the fol-

lowing type of aggregation is appropriate:

offerj = sm + sgn(sj
m+1 − sj

m)(|sj
m+1 − sj

m|)wt ×

× sgn

 
sj

m+l − sj
m

l

!�����sj
m+l − sj

m

l

�����wb

The offers offerj are then averaged over all the optimal
sequences with the various first concessions in order to cal-
culate the final value of an offer:

offer = offer1w1 + offer2w2 + · · ·+ offernwn

where the weights wj are proportional to the utility that
can be gained by applying j-th sequence of actions {sj}
according to our prediction.

6. RESULTS
The enhanced mechanism has been tested in a simulated

experimental negotiations with more advanced settings than
in [4] (the same settings as in [2]). On a side of our nego-
tiation agent the predictive mechanism is used and the ne-
gotiation partner uses the static strategies being a mixture
of a time-dependant tactic and a behaviour-dependant tac-
tic with various weights assigned to these two tactics. In
order to make experiments feasible we choose seven time-
dependant tactics and divide them into three subsets:

• Conceder: C = {β | β ∈ {2, 5, 8}}
• Linear: L = {β | β ∈ {1}}
• Boulware: B = {β | β ∈ {0, 3, 0.5, 0.7}}

We consider two behaviour-dependant tactics:

• Absolute Tit-For-Tat: a: δ ∈ {1} and R(M) = 0
(without a random factor)

• Relative Tit-For-Tat: r: δ ∈ {1}
The space of weights assigned to the tactics consists of 9
values obtained through discretization. Analogously as for
the set of β values we decompose the set of all weights into
three subsets:

• Small: S = {0.1, 0.2, 0.3}
• Medium: M = {0.4, 0.5, 0.6}
• Large: L = {0.7, 0.8, 0.9}

The cartesian product of the sets of the time-dependant tac-
tics, the behaviour-dependant tactics and the weights results
in a set of 126 static strategies:

ST = (C ∪ L ∪B)× {a, r} × (S ∪M ∪ L)

The whole set of the static strategies ST is divided into 18
groups of strategies in order to illustrate the performance of
our approach:

ST = (C × {a} × S) ∪ (L× {a} × S) ∪ (B × {a} × S) ∪ (10)

∪(C × {a} ×M) ∪ (L× {a} ×M) ∪ (B × {a} ×M) ∪
∪(C × {a} × L) ∪ (L× {a} × L) ∪ (B × {a} × L) ∪
∪(C × {r} × S) ∪ (L× {r} × S) ∪ (B × {r} × S) ∪

∪(C × {r} ×M) ∪ (L× {r} ×M) ∪ (B × {r} ×M) ∪
∪(C × {r} × L) ∪ (L× {r} × L) ∪ (B × {r} × L)
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Each group will be shortly denoted using only the first let-
ters. For example:

CAS = C × {a} × S

A simple scenario involving a buyer agent and a seller agent

BAL BAMBAS CALCAMCAS LAL LAM LAS BRLBRMBRS CRLCRMCRS LRL LRL LRS

0.2

0.4

0.6

0.8

The gain of the modelling agent HbuyerL over the random strategy choice

BAL BAMBAS CALCAMCAS LAL LAM LAS BRLBRMBRS CRLCRMCRS LRL LRL LRS

0.2

0.4

0.6

0.8

The gain of the modelling agent HsellerL over the random strategy choice

Figure 4: The performance of prediction mechanism
applied for the buyer and the seller agents

is presented below. We consider following settings for the
buyer: minb ∈ {10}, maxb ∈ {50}, kb ∈ {0}, and the con-
sistent deadline for both players tb

max = 15. The agreement
ranges of both parties are assumed to be fully overlapping
(Φ = 0). Analogously as in [4], maxb − minb = maxs =
mins and ks = kb. mins = minb + Φ ∗ (maxb − minb),
maxs = mins + (maxb −minb). In the experiments we ap-
ply the prediction mechanism up to 9 steps forward, ie in the
case of deadline tb

max = 15 it makes prediction after the first
six offers have been generated by the use of time-dependant
tactic. This provides also initial data for the modelling.
For the initial offers generation we use medium tough tactic
(β = 0.5) with additional perturbations in order to bet-
ter explore the initial responses of negotiation partner. We
carry out the simulations without a communication cost and
with low communication cost (comm ∈ {0.01}) separately
(cost τ(t) = tanh(t∗comm)). More advanced scenarios con-
sidering different behaviour-dependant tactics and different
values of communication cost will be described in further
work. The performance of our enhanced modelling approach
is illustrated in Figures (4) and (5). The grey parts of bars
in the chart represent an average value of utility of a negoti-
ation agent using all the strategies from particular subset of
static strategies (for instance: CSA) against all the strate-
gies from the set ST . This corresponds to playing with a
random strategy from a particular subset against a random
strategy selected from the whole ST according to an uni-
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Figure 5: The performance of prediction mechanism
taking into account the communication cost applied
for the buyer and the seller agents

form probability distribution. The red (dark) surplus in the
bar chart illustrates a gain in terms of the utility obtained
by the use of our approach instead of the random static
strategy choice. In cases of a gain the red (dark) surplus is
above the grey part of a bar and in a case of loss it is under
the grey part. The bar charts (Figure 4) clearly show that
the gain of our predictive mechanism is significant, i.e. on
average in comparison with the classical approach without
prediction. Although, the reasoning was simplified in com-
parison to [2] the proposed mechanism still outperforms the
random strategy choice and in terms of the gained utility
the results are similar to [2]. It should be noted that in
the cases of strategies with high contribution of behaviour-
dependant tactics (BAS, BRS, etc. ) the utility gain is
smaller compared to other strategies which is caused by a
specific nature of behaviour-dependant tactics. If an oppo-
nent uses the time-dependant tactic we can take advantage
of it to finish negotiation earlier with a good level of util-
ity. However, very high values of utilities are not possible
because the imitation of our behaviour on the side of our
partner means that roughly its concessions can not be much
bigger than ours. As far as the communication cost is con-
cerned the results are better than in [2]. The figure 5 shows
that the utility gain is significant and positive in most of
the cases. Another thing worth noticing is that the results
are not symmetric for the buyer and for the seller because
of the use of Relative Tit For Tat tactic that does not work
symmetrically for both roles of an agent. The reason for it is
that the value of quotient that is used in this tyoe of tactic
is usually higher for the buyer than for the seller. Compared
to [2] we obtained high gain in efficiency of the approach.
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The simulation for the same scenario took just 20% of the
time of the simulation presented in [2].

7. CONCLUSIONS AND FUTURE WORK
The paper proposes an improved approach for reasoning

from the history of offers of current negotiation and decision-
making based on this reasoning. The predictive mechanism
allows an agent to adapt to negotiation partner’s behaviour
that results in better agreements. The presented results of
simulated experiments show that our agent equipped with
the enhanced predictive mechanism outperforms the clas-
sical approach by achieving substantial gains in terms of
utility. In the future the regression analysis will be applied
for partner’s behaviour prediction and the approach will be
tested in more complex scenarios including not consistent
deadlines of negotiation parties, partial degrees of overlap
of the ranges and different values of communication cost.
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