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Abstract—Negotiation is a process between self-interested 

agents in ecommerce trying to reach an agreement on one or multi 

issues. The outcome of the negotiation depends on several 

parameters such as the agents' strategies and the knowledge one 

agent has about the opponents. One way for discovering 

opponent's strategy is to find the similarity between strategies. In 

this paper we present a simple model for measuring the similarity 

of negotiators' strategies. Our measure is based only on the history 

of the offers during the sessions of negotiation and we use a notion 

of Levenshtein distance. We implement this measure and 

experimentally show that the result of using this measure can 

improve the recognition of negotiation strategy. Also, this measure 

can be used for modeling behaviors of negotiators and predictive 

decision-making. 

 
Index Terms—Automated Negotiation, Behavior, Strategy, 

Similarity.  

 

I. INTRODUCTION 

  Automated negotiation is a key form of interaction in complex 

systems composed of autonomous agents. Negotiation is a 

process of making offers and counteroffers, with the aim of 

finding an acceptable agreement [8]. The agents (negotiators) 

decide for themselves what actions they should perform, at what 

time, and under what terms and conditions [2], [8]. The outcome 

of the negotiation depends on several parameters such as the 

agents’ strategies and the knowledge one agent has about the 

opponents [2], [3], [4], and [10]. In recent years, the problem of 

modeling and predicting a negotiator behavior has become 

increasingly important since this can be used to improve 

negotiation outcome and increase satisfaction of result [2], [3], 

[4], and [12]. 

Similarity is a fundamental notion that has to be defined 

before one can apply various statistical, machine learning, or 

data mining methods [10]. Previous works have attempted to 

exploit the information gathered from opponent's offers during 

the negotiation to infer similarity between offers of the 

opponent to predict future offers. Bayesian classification [11] 
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and similarity criteria work [2], [3] are examples of such efforts. 

When an agent has knowledge of opponent's strategy, he can use 

this knowledge to negotiate better deals for itself [8], [12]. 

However, an agent negotiates with incomplete information 

about opponent therefore using similarity between opponents' 

strategies makes this information for a negotiator [12]. The 

main problem is that there is not any measure for calculating 

similarity between negotiators' strategies.  

Sequences of offers are a common form of data in negotiation 

that agent can use them to discover valuable knowledge in order 

to achieve its goal [2]. A session defined as ordered sequence of 

offers that an agent creates during negotiation based its strategy 

[3]. For finding similarity between negotiators' strategies, we 

use data of sessions. As data sequences, one method is to reduce 

sessions to points in a multi-dimensional space and use 

Euclidean distance in this space to measure similarity, but in 

negotiation, sessions do not have same lengths. One solution 

discussed in [5] for sequences, is to select n data of each 

sequence. The problem with this approach is which n offers in 

each session represent strategy of negotiator. Another method is 

to represent sessions in k-dimensional space using k features for 

each session [5]. Using the feature vector representing not only 

needs definition of features to model strategy of negotiator, but 

also the problem of sessions' similarity is transformed into the 

problem of finding similar feature in k-dimensional space.  

In this paper we consider the problem of defining similarity 

or distance between strategies. We start with the idea that 

similarity between negotiators should somehow reflect the 

amount of work that has to be done to convert one negotiation 

session to another. We formalize this notion as Levenshtein or 

edit distance [5], [6] between negotiations. We apply a dynamic 

programming for computing the edit distances and show the 

resulting algorithm is efficient in practice. 

In detail, the paper is organized as follows. In section 2 we 

present the problem in negotiations. The definition of similarity 

between negotiation strategies is given in section 3. In section 4 

we make a review of the negotiation protocol used in our 

experimentation. We use some negotiation strategies in our 

simulation discussed in section 5. In section 6 we present some 

results of computing similarity measure. Section 7 is 

conclusions and remarks about future directions.  
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II. STATEMENT OF PROBLEM 

One way of modeling negotiation is to consider a given set S= 

(o1, ..., om) of offers. S shows a negotiator exchange m offers 

during his negotiation session. An offer o is consists of one or 

multiple issues.  

The basic problem we consider in this paper is how one 

should define a concept of similarity or distance between 

negotiation sessions. Such a notion is needed in any knowledge 

discovery application on negotiation. Exchanged offers during 

negotiation show strategy that the negotiator used in the session 

[2], [3], [4], [7] and [8]. For finding similar strategy of 

negotiators if one can not say when two negotiation sessions are 

close to each other, the possibility for making contrast is quite 

limited. For example, consider three buyers negotiate with a 

seller who wants to compare behavior of these buyers. The 

seller observation of these sessions (received offers) is shown in 

figure 1. Each of buyers has its initial offer, deadline and 

strategy to generate offers.  
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Fig. 1 Buyers' offers 

Consider the problem of clustering these three buyers. When 

comparing two buyers to see if they are similar, we need a 

similarity measure. The meaning of similarity may vary 

depending on the domain and the purpose of using similarity. 

For example someone would group buyer 1 and 2 together, with 

buyer 3 as the out-group because of number of exchanged offers. 

But in this paper we want to define similarity of negotiators 

based on their strategy. When a seller observes received offers 

from different buyers are similar during their sessions, then this 

seller finds these buyers have similar strategies. In next section 

we discuss about this similarity measure.  

 

III. SIMILARITY MEASURE 

In this section, we define two key concepts: first distance 

between two sessions and second distance between two offers.  

 

A. Distance between sessions 

We propose a new session similarity measure and use this 

measure for calculating the similarity between strategies of 

negotiators. Since offers are made during negotiation, we can 

refer them as sequences data.  

The idea behind our definition of similarity, or distance, 

between negotiation sessions is that it should somehow reflect 

the amount of work needed to transform one negotiation session 

to another [5], [6]. The definition of similarity is formalized as 

edit distance d(S, T) for two sessions S and T. 

Operations: For counting the edit distance we need to define 

a set of transformation operations. We have chosen to use three 

operations: 

• ins(o): inserts an offer of the type o to the negotiation 

session. 

• del(o): deletes an offer of the type o from the 

negotiation session. 

• update(o, o'): change an existing offer from o to o' in 

the negotiation session. 

Cost of operations: instead of checking equality between two 

offers oS and oT from two sessions S and T respectively, for 

each operation we associate a cost c(op) based on distance of 

offers.  The cost of an insertion operation is defined by (1) 

where o' is a previous offer of o in the negotiation session. 

c(ins(o)) = distance(o', o),  (1) 

With this definition the cost of adding an outlying offer into 

the negotiation session is higher than the cost of adding in a 

neighboring offer. The cost of a deletion operation is defined 

to be the same as the cost of an insert-operation.  It is proved 

that if the cost of insertion is equal to the cost of deletion then 

for each negotiation session S, T then we have d(S, T)=d(T, S) 

[6]. 

The cost of an update-operation is defined as (2) where V is 

a constant value.  

c(update(o, o'))=V.distance(o, o'), (2) 

With this definition a low distance has a lower cost that a 

higher distance.  

Definition of distance: If the cost of an operation opi is c(opi), 

and k is the number of operations in the sequence Opj, formula 

3 below calculates the cost of operation sequence Opj = op1, 

op2, …, opk. 

c(Opj) = ∑
=

k

i

iopc
1

)(  (3) 

The distance d(S, T) is defined as the sum of costs of the 

cheapest sequence of operations transforming S to the T as 

shown in (4).  

d(S, T) = min{c(Opj) | 

Opj is an operation 

sequence 

transforming a 

session S to a 

session T } 

(4) 

That is d(S, T) is the minimum sum of costs of operations 

transforming S to T. 

The problem of finding edit distance of two sessions 

(sequence of offers) S and T is solved using dynamic 

programming approach.  

 

B. Distance between offers 

Distance between two offers in insert, delete and update 

operation can be defined in a different way for each type of 
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negotiation. Let o and o' be two offers.  

In single issue negotiation that each offer has numeric value 

such as price, distance(o, o') is defined | o - o' |. For non-

numeric issue distance can be calculated based on equality. In 

that case, the distance between any two offers is defined to be 

0 if they are equal; and a positive number if they are not equal.  

In multi issue negotiation, for each issue distance is 

calculated based on numeric or non-numeric value that 

discussed above. Then use Euclidean distance for calculating 

distance of offers. For instance if buyer and seller negotiate on 

price and delivery time, for calculating distance between two 

offers first calculate distance of price in each offer d(p) and 

then distance of delivery time in each offer d(dt). Euclidean 

distance of d(p) and d(dt) set as distance of two offers. If 

issues have different importance, importance has influence on 

distance. Let { }nj ,...,1∈  be the issues under negotiation so 

offer o described as (o1, …, on). The relative importance that 

an agent assigns to each issue under negotiation is modeled as 

a weight, wj. Formula 5 shows how to calculate distance 

between two offers. 

distance(o, o')= ∑ ′−
j

jjj oow
2)(  (5) 

 

IV. NEGOTIATION PROTOCOL 

We have created a simulation environment consisting of a set 

of agents equipped with a common protocol for bilateral 

negotiation. In this negotiation model, seller and buyer 

negotiate on price as a single issue. We adopt an alternating 

offers protocol; that is both of them can send and receive 

offers and decide whether accept or reject received offer until 

reach their own deadline [9], [10]. Each of them has 

incomplete information about his opponent.  

Let { }sba ,∈  represent the negotiating agents and a' 

denote agent a's opponent. Let [min
a
, max

a
] denote the range 

of values for price that are acceptable to agent a. In this model 

min
b
 means initial price and max

b
 means reservation price of 

buyer and max
s
 means initial price and min

s
 means reservation 

price of seller. A value for price is acceptable to both agents if 

it is in the zone of agreement ([min
s
, max

b
]) [7]. This 

information is shown in figure 2. 

 

 

Fig. 2 zone of agreement 

The agents alternately propose offers at times in T = {0, 1, 

…}. Each agent has a deadline. T
a
 denotes agent a's deadline 

by when agent must complete the negotiation. Let 
t

sb→p  

denote the price offered by agent b at time t. The agent who 

makes the first offer is chosen randomly. When an agent 

receives an offer from his opponent at time t, it rates the offer 

using its utility function U
a
 and responses that is defined as 

[4]: 
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(6) 

Offers are generated by agent's strategy which discussed in 

section 5.  

If agent's deadline passes the agent withdraws from the 

negotiation. An agent accepts an offer when the value of the 

offered contract is higher than the offer which the agent is 

ready to send at that moment in time. 

Agent's utility function is defined as: 
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)(  (7) 

A negotiation session between b and s at time tn is a finite 

sequence of offers from one agent to the other ordered over 

time. The last element of the sequence is {accept, reject}. 

 

V. NEGOTIATION STRATEGIES 

We have implemented a number of negotiation strategies that 

comply with the protocol outlined. We use two types of 

strategies in our experiments in this paper.  

The first strategy is Time dependent. This strategy is 

parameterized and hence it covers a large number of distinct 

strategies.  

As time passes, the agent will concede more rapidly trying to 

achieve an agreement before arriving to the deadline. The offer 

to be uttered by agent a for a decision variable (price) at time t 

(0 < t< T
a
) is computed as follows [8]: 
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where )(taϕ  is a function depending on time 

( 1)(0 ≤≤ taϕ ) and parameterized by a value β .  

β

ϕ

1

)( 







=

a

a

T

t
t  (9) 

 

A wide range of time-dependent strategies can be defined by 

varying the way in which )(taϕ  is computed [3]. However, 
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depending on the value of β , three qualitatively different 

patterns of behavior can be identified: boulware if β  < 1, 

linear if β =1 and conceder if β  > 1. 

The second strategy we use is called Behavior dependent. 

The key feature of this strategy is that it offers based on 

opponent's behavior [4].  
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(10) 

The parameter P determines the type of imitation to be 

performed. We can find the following families: 

Relative Tit-For-Tat: the agent reproduces, in percentage 

terms, the behavior that its opponent performed 1>δ  steps 

ago. 

1

22
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p
p

p
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δ

δ

 (11) 

Absolute Tit-For-Tat: the same as before, but in absolute 

terms. 

2221 +−−− −+= δδ ttt pppP  (12) 

Averaged Tit-For-Tat: the agent applies the average of 

percentages of changes in a window of size 1≥λ  of its 

opponent's history. 

1

2

−

−

= t

t

t

p
p

p
P

λ

 (13) 

We compute the values for the decision variables under 

negotiation according to each strategy.  

 

VI. EXPERIMENTAL RESULTS 

In this section we describe how we have evaluated the 

effectiveness of using this measure for discovering similar 

negotiator strategies under different negotiation situations. In 

this experiment we use 50 negotiation sessions. In each session 

buyer and seller negotiate for price and they choose one of 

implemented strategies that discussed above (Conceder, 

Linear, Boulware, Relative TFT, Absolute TFT, and Average 

TFT). Buyers and sellers save information about their 

strategies, outcome and all exchanged offers during process of 

negotiation. We show how this measure finds similar 

strategies.  

After gathering data of all sessions, we choose data of 

buyers with accepted result for discovering similarity of these 

agents. We use our measure for generating distance of these 

sessions. After calculating all distances we use k-medoids 

algorithm [1] for clustering based on these distances to 

evaluate our measure. This method is helpful because center of 

each cluster is one of existing point.  

Given the strategy of a buyer in his session, this experiment 

shows sessions which use same strategy for negotiation form 

one cluster. Figure 3 shows changing offers of all sessions in 

one cluster.  
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Fig. 3 Sessions in first cluster 

After finding characteristics of these buyers, all of them use 

time dependent strategy. Figure 4 shows another cluster of 

sessions which all of them use behavior dependent strategy.  
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 Fig. 4 Sessions in second cluster 

The experiments are repeated with different numbers of 

clusters and with different negotiation strategies. In all 

experiments each cluster has buyers which use similar 

strategies.  

As we mentioned above our experiment was based on data of 

buyers with accepted outcome, but for other data one can do 

same as this experiment. 

In this paper we mainly consider a simplified model of 

negotiation, where each offer has only one issue. As we 

discussed in section 3 the model presented above can be 

extended for multi issue negotiation.    

 

VII. CONCLUSION 

The outcome of the negotiation depends on several parameters 

such as the agents’ strategies and the knowledge one agent has 

about the others. Problem of modeling and predicting a 

negotiator behavior is important since this can be used to 

improve negotiation outcome and increase satisfaction of 

result. Finding similar behavior is one way to solve this 

problem. We have described a simple method for defining 

similarity between negotiation strategies. This method is based 

only on sequence of offers during negotiation. This 

characteristic gives the method significant practical value in 

negotiation for example the result can be used in knowledge 

discovery.  

This method implemented using dynamic programming and 

it is tested in simple model of negotiation. The results of 
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comparing our measure for finding similar strategies to chosen 

strategies are illustrated. Results show that this measure is 

efficient. 

For the future, there are two ways in which this research can 

be extended. Firstly, we would like to consider the 

performance of our method against additional strategies. 

Secondly, in this work we only consider single issue 

negotiation model, our method could be applied to other 

negotiation models.  

We plan to experimentally use this method for predicting 

opponent's strategy during negotiation.  
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