
 

   
Abstract Electronic commerce is expected to dominate 

the market if coupled with the appropriate technologies and 
mechanisms. Mobile agents are one of the means that may 
enhance the intelligence and improve the efficiency of systems 
in the e-marketplace. In this paper, we propose a dynamic 
multilateral negotiation model and an efficient negotiation 
strategy that can be used to extend the functionality of 
autonomous agents, so that they reach to an agreement aiming 
to maximise their owner’s utility. The framework considers 
contract and decision issues, is based on real market 
conditions, adopts a light ranking mechanism that does not 
require a complicated rationale on behalf of the buyer agents, 
and has been empirically evaluated. 
 

Index Terms Intelligent Agents, Negotiation Protocol & 
Model, Strategy, Ranking Mechanism, Simulated Annealing. 

I. INTRODUCTION 

The last few years we have witnessed a rapid expansion 
of business carried out online, which constitutes electronic 
commerce a field dominating present and future 
transactions. While current e-commerce systems offer 
advantages to both consumers and merchants, it is often the 
case that they offer little more than electronic catalogues on 
which credit card payments can be arranged online. In 
order to harness its full potential and achieve the degree of 
automation required by e-commerce applications, a new 
technology is necessitated. Agent technology, which is 
already affecting almost every aspect of computing, seems 
to play a leading role, enabling a new, more flexible, 
generation of e-commerce systems. In such systems, 
automated software agents participate in trading activities 
on behalf of their owner. This paper is based upon the 
notion of interacting agents, which exhibit properties such 
as autonomy, reactivation, and pro-activation, in order to 
achieve particular objectives and accomplish the goals of 
their owners in a negotiation environment.  

One of the major changes that will be brought about by 
e-commerce is that dynamic pricing and personalisation of 
offers will become the norm for many transactions 
requiring thus extended negotiation capabilities. Mobile 
intelligent agents can act as mediators in five of the six e-
commerce phases [1]: need identification, product 
brokering, buyer coalition formation, merchant brokering 
and negotiation. This paper explores the role and behaviour 
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of agents in the negotiation phase. 
Negotiation may be defined as “the process by which a 

joint decision is made by two or more parties. The parties 
first verbalise contradictory demands and then move 
towards agreement by a process of concession or search 
for new alternatives” [2]. In human negotiations, the parties 
bargain to determine the price or other transaction terms. In 
an automated negotiation, software agents engage in 
broadly similar processes to achieve the same end. 
Automated negotiation is a very broad and encompassing 
field. For this reason, it is important to understand the 
dimensions and range of options that are available. When 
building autonomous agents capable of sophisticated and 
flexible negotiation, three broad areas need to be 
considered [3]:  (i) what negotiation protocol and model 
will be adopted, (ii) what are the issues over which 
negotiation will take place, and (iii) what negotiation 
strategies will the agents employ. The negotiation protocol 
defines the “rules of encounter” between the agents [4]. 
Then, depending on the goals set for the agents and the 
negotiation protocol, the negotiation strategies are 
determined [5]. Given the wide variety of possibilities, 
there is no universally best approach or technique for 
automated negotiations [6], rather protocols and strategies 
need to be set according to the prevailing situation. Thus, a 
design repository for interactions in agent-mediated e-
commerce will be produced, enabling design expertise and 
know-how to be shared between developers. 

This paper concentrates predominantly on the first issue, 
proposing a negotiation protocol to be employed in an 
automatic multi-lateral multi-step negotiation model and on 
the third point providing an efficient negotiation strategy 
for the electronic Business-to-Consumer marketplace. In 
this framework, the roles of the negotiation agents may be 
classified into two main categories that, in principle, are in 
conflict. Thus, the negotiating agents may be divided into 
two subsets: { } { } { }sBuyerAgenttsSellerAgenAgents ∪= . The 
Buyer Agents (BAs) and the Seller Agents (SAs) are 
considered to be self-interested, aiming to maximise their 
owners’ profit, while the maximisation of the social welfare 
is not an objective in the overall design. The authors exploit 
a multi-step negotiation mechanism, which demonstrates 
inherent computational and communication advantages 
over single step mechanisms in such complex frameworks 
[7]. In essence, the negotiating agents hold private 
information, which may be revealed incrementally, only on 
an as-needed basis, while the proposed solution is efficient 
when the disclosure of information is not acceptable, 
possible, or desired. The negotiation environment studied 
covers multi-issue contracts and multiparty situations, 
while being a highly dynamic one, in the sense that its 
variables, attributes and leading objectives may change 
over time. The problem considered assumes that SAs 
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and/or BAs face strict deadlines. In this framework, the 
proposed negotiation strategy effectively assists both agents 
to reach to an agreement within the specified time-limits. 

The rest of the paper is structured as follows. In Section 
II, the negotiation protocol adopted is presented, which 
does not follow the usual alternating sequential offers 
pattern, but instead employs a contract ranking mechanism. 
Section III elaborates on the proposed negotiation model, 
which enhances the existent models introducing the 
decision issues concept. Section IV presents the designed 
negotiation strategy, which is adequate for cases where the 
rationale of the BAs is limited. Finally, in Section V 
conclusions are drawn and directions for future plans are 
presented. 

II. A NEGOTIATION PROTOCOL 

Any successful negotiation framework imposes the 
design of an appropriate protocol that will govern the 
interactions between the negotiators. Depending on the 
specific negotiation problem that needs to be solved, a 
protocol comprises a set of rules that constrain the 
proposals that the negotiation parties are able to make. In 
[6] a generic framework for automated negotiation is 
presented. The simplest protocol, which minimises the 
complexity of the rationale behind the decision models of 
the agents, specifies that the agents can only accept or 
reject others’ proposals. However, in complex cases where 
multiple issues are considered, this convention may lead to 
a time-consuming and inefficient process. In order to 
improve on the efficiency of the negotiation process, the 
agents should provide some feedback on the proposal they 
receive. This feedback may take the form of a critique (e.g., 
list of comments on elements of the proposal the agent likes 
or dislikes), or a counter proposal (i.e., an alternative 
proposal more favorable to its sender, generated in 
response to an offer). Thus, the probability of an agreement 
is increased. 

In relative research literature, the interactions among the 
parties follow mostly the rules of an alternating sequential 
protocol in which the agents in turn make offers and 
counter offers (e.g., [8]). This model however requires an 
advanced reasoning component on behalf of the BA as well 
as the SA. In the context of this paper we tackle the case 
where the BA does not give a counter offer (which involves 
incorporating to the model all BA’s trade-offs between the 
various attributes) to the SA, but ranks the SA’s offers 
instead. This ranking is then provided to the SA, in order to 
generate a better proposal. This process continues until a 
mutually acceptable contract is reached. This is more 
efficient in cases in which the BA is not able to extract all 
user requirements and preferences in a completely 
quantified way, while being capable of selecting, 
classifying or rating the contract(s) proposed. 

Once the agents have determined the set of issues over 
which they will negotiate, the negotiation process consists 
of an alternate succession of contract proposals on behalf of 
the SA and subsequent ranking of them by the BA 
according to its preferences and current conditions. Thus, at 
each round, the SA sends to the BA N  contracts (i.e., N  
packets consisting on n -plets of values of the n  contract 
issues), which are subsequently evaluated by the BA and a 
rank vector is returned to the SA. This process continues 
until a contract proposed by the SA is accepted by the BA 

or one of the agents terminates the negotiation (e.g., if the 
time deadline is reached without an agreement being in 
place). Even though negotiation can be initiated by SAs or 
BAs, only the SAs propose concrete contracts, as there is 
no counter offer generation mechanism for the BAs. We 
hereafter consider the case where the negotiation process is 
initiated by the BA who sends to the SA an initial Request 
for Proposal (RFP) specifying the types and nature of the 
contract issues and the values of all non negotiable 
parameters. The main issue is assumed to be the price of 
the good under negotiation, while various other issues may 
be considered as well. The negotiation protocol adopted has 
not been described in detail here, as its mathematical 
formulation is presented in subsequent sections to make the 
proposed approach more comprehensive to the reader. 

III. AN EFFICIENT NEGOTIATION MODEL 
In this section, an efficient dynamic negotiation model is 

presented, based on the multi-issue value scoring system 
introduced by Raiffa [9], in the context of bilateral 
negotiations involving a set of quantitative variables. Our 
aim is to extend this framework into a multi-party, multi-
issue, dynamic model. This is important since multilateral 
negotiations are common in the environment of the 
electronic marketplace. Based on the designed negotiation 
protocol, the proposed model is exploited by the SA to 
create subsequent contracts, while used by the BA to 
evaluate and rate the contracts offered. 

It has been argued in the literature (e.g., [3]) that Raiffa’s 
framework, is based on several implicit assumptions that, 
even though they may lead to good optimisation results, 
they are inappropriate for the needs of the e-marketplace, 
such as: (i) privacy of information for the negotiators is not 
supported, (ii) the utility function models must be 
disclosed, (iii) the value regions for the contract issues for 
both parties must be identified in advance, (iv) the only 
parameters that determine the utility of the contracts for the 
negotiators, are the values of the issues under negotiation. 

However, there are usually several issues, that even 
though their values are not under negotiation and they are 
not included in the contract parameters, they affect the 
evaluation of the values of the contract issues. Without 
being exhaustive, such issues may consist of: the number of 
competitor companies, the number of substitute or 
complementary products/services, the quantity of product 
in stock, the number of current potential buyers, the 
reputation/reliability of each Seller/Buyer, the time until the 
negotiation deadline expires, the resources availability and 
restrictions, etc. We will refer to these issues as decision 
issues (DIs). The values of the DIs may change overtime, 
depending on the e-marketplace conditions and on the 
Seller’s and Buyer’s state. The DIs not only affect the 
evaluation of the contracts, but they also have an impact on 
the generation of subsequent offers. It is noted here that 
DIs’ values do not necessarily depend on the actions of the 
negotiating party they affect, while they may affect one or 
both negotiators. The values of the DIs should have a 
strong and direct influence on the behaviour of the 
negotiating agents, as they should be able to evaluate the 
utility of the contracts under the current circumstances in 
the e-marketplace and act accordingly. 

From the above analysis, it is clear that optimal solutions 
cannot be found in the e-commerce domains, as 
computational and communication resources usually 



 

impose non-zero negotiation duration and time-varying 
issues may change the conditions for both parties. Thus, we 
propose a dynamic model for agent negotiation that can be 
exploited by strategies in order to determine contracts 
acceptable to all parties, but which, nevertheless, maximise 
the agent’s own utility function. 

The agents that represent Sellers will be denoted by 
{ },..., 21 SSS =  and the ones that represent potential Buyers 

will be denoted by { },..., 21 BBB = . For the values of the DIs 
we will use the following notation: jd , mj ,...,1= . We may 
now introduce the utility function of the proposed 
framework as follows [5]. Let [ ] [ ]1,0,: →a

i
a
i

a
i MmU  express 

the utility that agent BSa ∪∈  assigns to a value of contract 
issue i  in the range of its acceptable values. Let a

iw  be the 
importance of issue i  for agent a . We assume the weights 

of all agents are normalised to add up to 1, i.e., 1
1

=∑
=

n

i

a
iw . 

Using the above notation, the agent’s a  utility function for 
a contract { }knkk ccC ,...,1=  can be defined as follows: 

( ) ( )∑
=

==
n

i

tt
jki

a
i

a
ik

a kdcUwCU
1

, , where ktt
jd = , mj ,...,1= , is the 

value of decision issue jd  at the time kt , when contract kC  
is proposed. Furthermore, it should be noted that the utility 
function ( )ktt

jki
a
i dcU =,  may be any functional form (e.g., 

linear, polynomial, exponential, quasilinear, etc.) of the 
contract issue kic  value and of the decision issue jd  value 
at the time contract kC  is proposed, as nonlinear 
approaches could be used to model the overall utility, 
without affecting the basic ideas of the model. Examples of 
utility functions formulations are evaluated in [5]. 

In order for the utility function of any contract issue i  
for any negotiator to lie within the range [ ]1,0 , the value of 
issue i  must lie within the range of its acceptable values. 
To ensure this, we introduce the notion of value 
constraints, that is expressed as follows: a

ii
a
i Mcm ≤≤ . In 

case the value constraints hold for all contract issues, the 
utility function can be used to measure the satisfaction of a 
negotiator as far as the proposed contract is concerned. 
Nevertheless, often, the value constraints are not met for 
some contract issues. In this case, there is not much value 
in using the above specified utility function to measure the 
satisfaction degree of this negotiator, as the contract is 
completely unacceptable. In that sense, agents exhibit 
lexicographic preferences. Thus, we may introduce a value 
constraint validity vector: [ ]a

i
a VCVVCV = , ni ,...,1= , where 

{ }1,0∈a
iVCV , depending on whether the value constraint for 

negotiating party a  is met for contract issue i  (i.e., 
1=a

iVCV ) or not (i.e., 0=a
iVCV )1. 

In principle, SAs and BAs present conflicting interests in 
the values of the contract issues. Thus, the utility functions 
must verify that given a Seller agent S  and a Buyer agent 
B  negotiating the value for contract issue i , then: 

( )[ ] ( )[ ] 0<∂∂⋅∂∂ i
B
ii

S
i cUcU , i.e., under the same conditions, in 

case higher values of contract issue i  result in higher 
                                                           

1 In order to refer to the case where the mere presence or absence of a 
particular feature is required by a negotiator, we could add boolean 
constraints to our model. However, as they can be reduced to value 
constrains [5], they will not be further analysed. 

(lower) utility for the SA at the same time they result in 
lower (higher) utility for the BA. Nevertheless, it must be 
mentioned that there are cases where the SAs and BAs may 
have a mutual interest for the value of a contract issue [9]. 

As already mentioned in Section II, the BA ranks the 
contracts proposed by the SA. For the simplest ranking 
function, the ranks that may be assigned to any contract 
proposed are boolean variables, i.e., one instance of the set 
{ }rejectaccept, . In a more sophisticated approach, the ranks 
lie within a range [ ]rr Mm , , where any contract rated with 
less than rM  is not acceptable by the BA, while, when a 
contract is rated with rM , then the proposed by the SA 
contract is accepted by the BA. In order to signal the case 
where at least one value constraint is not met for the BA for 
a certain contract, we introduce another parameter called 
contract value constraints validity that will be denoted by 

a
kCVCV  for contract kC  and is given by the following 

equation: ∏
=

=
n

i

a
ki

a
k VCVCVCV

1

. Based on the previous 

analysis, in case all value constraints are met for contract 
kC , it stands that 1=a

kCVCV . On the other hand, in case at 
least one value constraint is not valid for contract kC , it 
stands that 0=a

kCVCV , and then the particular contract is 
definitely rejected. 

In order to introduce the time parameter in our 
negotiation model, we represent by { }t

N
tt CCP ,...,1=  the 

vector of the 1≥N  contracts proposed by the Seller agent 
S  to the Buyer agent B  at time t , by { }t

kn
t
k

t
k ccC ,...,1=  the 

vector of the n  contract issues values proposed by S  to B  
at time t  for the k -contract of this proposal ( Nk ,...,1= ), 
and by t

kic  ( ni ,...,1= ) the value for issue i  proposed by S  
to B  at time t  for the k -contract of this proposal. Let now 

{ }t
N

tt rrR ,...,1=  be the vector of ranking values that B  
assigns at time t  to the previous contracts proposal made 
by S , and t

kr  ( Nk ,...,1= ) be the rank that B  assigns at 
time t  to the k -contract of this proposal. The range of 
values acceptable to agent { }BSa ,∈  for issue i  will be 
represented as the interval [ ]a

i
a
i Mm , . 

A contract package proposal is accepted by B  when at 
least one contract is rated with rM , while the negotiation 
terminates also in the case where a boolean variable 
expressing the wish of the agents to quit the negotiation is 
set to true. The wish of S  to quit (continue) the negotiation 
at time t  will be expressed by 1=t

SQ  ( 0=t
SQ ), while the 

wish of B  to quit (continue) the negotiation at time t  will 
be expressed by 1=t

BQ  ( 0=t
BQ ). In the first case an 

agreement is reached and we call the negotiation 
successful, while in case one of the negotiating parties quits 
(i.e., its deadline expired) it is called unsuccessful. In any 
other case, we say that the negotiation thread is active. 

IV. THE PROPOSED NEGOTIATION STRATEGY 
Hereafter, our focus is laid on the rationale of the SA, 

since its adopted strategy will define the outcome of the 
negotiation, while rather simplified assumptions regarding 
BA’s logic are subsequently made. We consider that a 
negotiation is successful, if a mutually acceptable contract 
is reached within reasonable time. Since an exhaustive 



 

exploration of the possible contract space may form a 
computationally intensive task for the SA, it should be able 
to infer the acceptable contract space for the BA until a 
predefined deadline. To be more specific, SAs hereafter 
will be provided with a mechanism enabling them to find 
good (near optimal) solutions in reasonable time, by means 
of computationally efficient algorithms. The rest of this 
section is structured as follows. In subsection A the 
negotiation problem is described formally, while in 
subsection B an innovative negotiation strategy is 
thoroughly presented.  

A. Negotiation Problem Description 
The objective of our problem is to find a contract 
finalC },...,,{ 21 nfinalfinalfinal ccc=  that maximises the SA’s overall 

utility function )( final
S CU , i.e., the SA’s satisfaction 

stemming from the proposed contract. The constraints of 
our problem are the following. First, each contract issue- i  
( ni ,...,1= ) should lie within the acceptable value ranges for 
both the BA and the SA, i.e., no value constraint violation 
should exist for both parties. Second, the constraint 
regarding the BA’s (SA’s) utility reservation value should 
be preserved. Therefore, the total BA’s (SA’s) utility for a 
proposed contract should not lie below a predefined value 

B
AccU min  ( S

AccU min ) representing the minimum satisfaction that 
may be experienced by the BA (SA) in order for an 
agreement to be reached. Thus, the conditions 

)( final
B CU ≥ B

AccU min  and )( final
S CU ≥ S

AccU min  should hold. 
Finally, the constraint regarding the SA’s deadline should 
be preserved. Therefore, an agreement with the BA may be 
reached only if Ttl ≤ , where T  denotes the SA’s deadline 
and lt  the time of negotiation round l  during which 
contract finalC  is proposed. 

Thus, based on the selected protocol and the proposed 
model, designing a negotiation strategy can be reduced to a 
decision problem that can formally be stated as follows: 

Given: (i) two negotiating parties: an SA that may 
provide a specific good (i.e., service or product) and a BA 
that is interested in this good’s acquisition, (ii) n  contract 
issues (index: ni ,...,1= ) defined by the negotiators and the 
acceptable for the SA ranges [ ]S

i
S
i Mm ,  within which their 

values must lie, (iii) m  decision issues and their current 
values jd , mj ,...,1= , (iv) a deadline T  up to which the SA 
must have completed the negotiation with the BA, (v) the 
vector { }lll t

N
tt CCP ,...,1=  of the N  contracts { }lll t

kn
t
k

t
k ccC ,...,1=  

( Nk ,...,1= ) proposed by the Seller agent S  to the Buyer 
agent B  during the previous round l , (vi) the vector 

{ }lll t
N

tt rrR ,...,1=  of the ranking values lt
kr  ( Nk ,...,1= ) that 

the BA assigns to the previously made by the SA contract 
proposal at the negotiation round l , and (vii) the value 
constraint validity vector { }B

ki
B

k VCVVCV =  ( ni ,...,1= ) for at 
least one of the contracts proposed, find the vector 

{ }111 ,...,1
+++ = lll t

N
tt CCP  of the N  contracts { }111 ,...,1

+++ = lll t
kn

t
k

t
k ccC  

( Nk ,...,1= ) that should be proposed by the SA to the BA in 
the next round 1+l , in order to eventually reach to an 
acceptable (near optimal) agreement between the two 
parties, while the SA aims to maximise its individual utility 
of the agreed contract under the SA’s constraints, i.e., 

{ } 1== S
ki

S
k VCVVCV  ( ni ,...,1= ), )( 1+lt

k
S CU ≥ S

AccU min  and Ttl ≤ , 

and subject to the existent resource and computational 
limitations. 

In general, there may be a significant amount of 
computations associated with the optimal solution of the 
negotiation problem presented above. Exhaustive search 
(i.e., algorithms scanning the entire contract space) should 
be conducted only in case the solution space is not 
prohibitively large. The cost of the respective solutions is 
evaluated and finally, the best solution is maintained. The 
negotiation problem is NP-hard, with regards to the 
number of the contract issues involved and the range of 
their acceptable values. In this respect, the design of 
computationally efficient algorithms that may provide good 
(near-optimal) solutions in reasonable time is required. 
Classical methods ([10], [11]) in this respect are simulated 
annealing, taboo search, genetic or greedy algorithms, 
hybrid or heuristic techniques, etc. Thus, the SA should be 
capable of selecting distinct contract points from the 
acceptable contract space in order to reach to an agreement 
with the BA within the predefined time limits. 

B. Negotiation Strategy 
In this section an innovative negotiation strategy that 

fully exploits the potential of the designed negotiation 
model is described. This strategy is designed based on the 
following focal assumptions. First, the SA and the BA will 
reach to an agreement, only if a contract is found, whose 
contract issues values lie within the acceptable ranges of 
both negotiating parties, while their individual utilities are 
above a minimum acceptable threshold. Thus, for the final 
agreement contract { }fnffinal ccC ,...,1= , the following 
equations must hold: ( ) S

Accfinal
S UCU min≥ , [ ]S

i
S
ifi Mmc ,∈  and 

( ) B
Accfinal

B UCU min≥ , [ ]B
i

B
ifi Mmc ,∈ , where the pre-defined 

threshold values S
AccU min  and B

AccU min  lie within ],[ maxmin
SS UU  

and ],[ maxmin
BB UU , respectively. Second, it is assumed that the 

values of all decision issues are invariable and equal to 
{ }00 t

j
t dd =  for the maximum possible duration T  of the 

negotiation procedure between the SA and the specific BA, 
where 0t  is the initiation time of the specific negotiation 
thread. Third, the duration ll tt −+1  of each negotiation 
round l  is considered to be almost constant. Thus, the 
maximum number of rounds within which the SA is 
authorised to complete the negotiation with the BA is: 

))/(( 1 ll ttTINTL −= + . Fourth, we assume that the SA sends 
to the BA only one contract ( 1=N ) at each negotiation 
round l  on the basis of the BA’s response to the previous 
contract proposal. The rest of the section is structured as 
follows. Subsection B.1 describes the ranking mechanism 
of the BA, while subsection B.2 presents in detail the 
negotiation strategy designed for the SA. 

1) The Ranking Mechanism of the Buyer 
Hereafter, we consider the simplest ranking function, 

according to which the ranks that may be assigned to any 
contract proposed are boolean variables, i.e., one instance 
of the set { }rejectaccept, . Following the presented notation, 
a contract can be accepted when all value constraints are 

met (i.e., 1
1

=∏
=

n

i

a
iVCV ) or is definitely rejected when at 

least one value constraint is not valid (i.e., 0
1

=∏
=

n

i

a
iVCV ). 



 

In case of a value constraint violation, at negotiation round 
l  the BA along with a respective identifier (i.e., 0=ltr ) 
sends to the SA the value constraint validity vector ltBVCV , . 
As already mentioned an agreement between the 
negotiating agents is achieved upon the first contract 
proposed by the SA for which all value and utility 
constraints hold for the BA as well. In the latter case, the 
BA sends to the SA an ending sign ( 1=ltr ), indicating that 
the specific contract is the final one and the negotiation 
ends successfully. 

Thereafter, it is assumed that the BA adopts a simplified 
rationale and acts as a hill climber [12] by accepting at each 
negotiation round l  the contract ltC  proposed only if all its 
value constraints hold (i.e., 1, =ltBVCV ) and the utility 
acquired )( ltB CU  exceeds the utility stemming from the 
last accepted contract, denoted hereafter as accC  (i.e., 

)()( acc
BtB CUCU l ≥ ). In such a case, the contract ltC  

constitutes the last accepted contract and accC  is set equal 
to ltC . Otherwise, the contract ltC  is rejected. 
Alternatively, the BA could adopt an annealing mechanism, 
as presented in the following subsection, in order to escape 
from potential local optima [10].  

2) The Proposed Negotiation Strategy for the Seller 
The designed negotiation strategy bears resemblance to 

the Simulated Annealing technique [10]. Annealing is the 
physical process in which a crystal is cooled from the liquid 
to the solid state. Careful cooling brings the crystal in the 
minimum energy state. In analogy, a simulated annealing 
algorithm considers each solution of the optimisation 
problem as a state, the cost of each solution as the energy 
of the state, and the optimal solution as the minimum 
energy state. During each phase of an algorithm based on 
the simulated annealing paradigm, a new solution is 
generated by minimally altering the currently best solution. 
If the new solution improves the objective function value 
(i.e., the difference between the objective function value of 
the old and the new solution, c∆ , is negative) the new 
solution becomes the currently best solution. Solutions that 
decrease the objective function value may also be accepted 
with probability ( )CTce ∆− . This way local optima are 
avoided. CT  is a control parameter that ends the algorithm 
when set to zero (i.e., 0=CT  when temperature reaches 0). 
Additionally, the procedure terminates when a significant 
number of moves have been made without improving the 
cost function. 

The rationale of the new solution generation mechanism 
is assigned to the SA, while the BA, adopting the annealing 
or the hill climbing technique, identifies if the new solution 
proposed by the SA is acceptable or not on the basis of the 
utility value acquired. The development of a simulated 
annealing-based procedure means that the following 
aspects have to be addressed: configuration space, objective 
function, “neighbourhood” structure and cooling schedule 
(i.e., manner in which the temperature will be reduced). 
The configuration space is the set of potentially feasible 
contracts that satisfy the SA’s as well as the BA’s related 
value and utility constraints. The objective function is in 
essence the utility function of the BA, which is not known 
to the SA. However, the BA’s response will be used in 
order to determine if the proposed contract was acceptable 
and generate new potential contract solutions. 

As already presented in the negotiation protocol analysis, 

we consider the case where the negotiation process is 
initiated by the BA who sends to the SA the initial RFP 
specifying the types of the contract issues and the values of 
all non negotiable parameters. Based on this RFP, the SA 
proposes an initial contract { }000 ,...,1

t
n

tt ccC =  to the BA at 

0tt = , setting all contract issues at the values that maximise 
the SA’s utility (i.e., if ( )[ ] 0, 0 >∂∂ i

t
k

S cdCU , then the SA 
sets S

i
t
i Mc =0 , while in case ( )[ ] 0, 0 <∂∂ i

t
k

S cdCU , then the 
SA sets S

i
t
i mc =0 ). The utility of the initial contract 0tC  for 

the SA will be denoted by: ( ) 000 ,
max, tSttS UdCU = , as 0,

max
tSU  is 

the maximum utility that can be achieved for the SA, given 
the values of the decision issues { }00 t

j
t dd =  at time 0tt = .  

With respect to the initial contract 0tC  two distinct cases 
may be identified. First, no value constraint violation exists 
and the contract 0tC  is ranked by the BA with a specific 
instance of the set { }rejectaccept, . Second, value constraint 
violation occurs, in which case value constraint violation 
identifier is returned to the SA (i.e., 0=ltr ), and the BA 
provides also its value constraint validity vector 

)( 00, ttB CVCV . In case the initial contract 0tC  presents a 
value constraint violation, the SA, as a first step tries to 
acquire a contract which respects BA’s value constraints. 
We will refer to this step as negotiation phase I. To this 
respect, until a non value constraint violating contract ltC  
is acquired, at each negotiation round 1>l  the SA makes a 
compromise (concession), reducing its utility by a certain 
quantity ( ) ( )001 ,, tt

k
Stt

k
St dCUdCU lll −=Θ − . This quantity ltΘ  

can be time dependent, it can depend on the current values 
of the decision issues [5] (following a Boulware [9], 
Conceder [2] or Linear scheme), or it may be based on 
imitative behaviour of the SA [13] (depending on the utility 
compromise of the BA), etc. Without loss of generality we 
may assume that ltΘ  is constant, i.e., 0ttl Θ=Θ , Ll ,...,1=∀ , 
so that when reaching to its deadline the SA proposes a 
contract at its utility reservation value (i.e., 

( ) S
Acc

tt
k

S UdCU L
min

0, = ) [5].  
A new contract is generated based on the contract 1−ltC  

proposed at negotiation round 1−l , which in principle has 
all contract issues values equal to the ones of contract 1−ltC , 
except from the value(s) 1−lt

ic  of contract issue(s) i , for 
which a constraint violation has occurred, ( 01, =−ltB

iVCV ). 
For example, in case contract issue k  of contract 1−ltC  
violates the value constraints, the new contract proposal 
would be { }llllll t

n
t

k
t

k
t

k
tt cccccC 0)1(00)1(001 ,...,,',,..., +−= . The value(s) 

of contract issue(s) k , lt
kc 0' , are selected so that the utility 

of contract ltC  for the SA is equal to: 
( ) 0010 ),(, tttSttS dCUdCU ll Θ−= − . In order to reach to a non 

violating contract within a reasonable number of 
negotiation rounds, it is assumed that the concession 
quantity 0tΘ  is shared equally amongst the contract issues 
whose value is not acceptable to the BA. The exact values 
of contract issues are determined in accordance with the 

following: lt
ic 0' : ( ) ( ) =− 00 ,', 00

tt
i

Stt
i

S dcUdcU ll  S
i

tn

k

tB
k w

VCV l

0
1

1

, Θ
⋅








−

=
∑ . 

This process continues until a non value constraint 
violating contract ltC  is acquired. 



 

Thereafter, the algorithm moves to the negotiation phase 
II. In this stage the BA does not provide the value 
constraint validity vector, but the “accept” or “reject” rank 
of the proposed contract, and the SA’s strategy is modified 
in order to acquire a mutually acceptable contract within 
reasonable time. The general idea of the proposed SA’s 
approach is to explore the impact of the reallocation of the 
utility concession to each one of the contract issues 
involved in the negotiation process prior to conceding an 
additional utility quantity 0tΘ . Thus, the neighbourhood 
structure of a solution in the context of negotiation phase II 
is produced by reallocating the SA’s concession quantity 

0tΘ  from the current contract issue j  to another randomly 
chosen contract issue 'j . In case all contract issues have 
been assigned with the specific utility concession quantity 

0tΘ , while an agreement has not been reached yet, the SA 
proceeds to an additional concession, whereas the same 
applies for the following n  rounds. The cooling schedule 
may be calculated according to ='T Tr ⋅ , where T  is the 
temperature and r  is usually a number that ranges from 
0.95 to 0.99. 

The simulated annealing-based algorithm may be 
described as follows.  

 
Basic Simulated Annealing Algorithm 

Step 0. Initialisation. Get an initial contract solution, IS , 
and an initial temperature value T . The currently best 
solution ( CBS ) is IS , i.e., ISCBS = , and the current 
temperature value ( CT ) is T , i.e., =CT T . 
Step 1. If =CT 0, or if the stop criterion is satisfied, the 

procedure ends and a transition to step 6 is performed. 
Step 2. If 0=B

CBSCVCV , a new solution ( NS ) is found in 
accordance with the proposed approach for negotiation 
phase I, or else if 1=B

CBSCVCV  the NS  is found according 
to the proposed approach for negotiation phase II. 
Step 3. The difference of the BA’s utilities with respect to 

the two solutions, CBS  and NS  is found, i.e., the quantity 
=∆ BU  )()( NSUCBSU BB −  is computed by the BA. 

Step 4. If 0≤∆ BU  then the new solution is accepted by 
the BA and becomes the currently best solution, i.e., 

NSCBS = . Otherwise, if 0>∆ BU , then if ( ) pe CTU B

>∆−  
( 1<p ), the new solution becomes the currently best 
solution, i.e., NSCBS = . 
Step 5. The cooling schedule is applied, in order to 

calculate the new current temperature value CT , and a 
transition to step 1 is performed.  
Step 6. End. 

There are various alternatives for realising the stop 
criterion mentioned in step 1. In our version, the algorithm 
stops when either the BA sends a successful ending signal 
to the SA, or the SA has reached its deadline, or the 
acceptable limit for the values of all the contract issues has 
been reached, without an agreement being in place. 
Neighbouring solutions (step 2) are selected randomly 
among all the neighbouring ones of the currently best 
solution, with the same probability for all neighbours. 

It is noted that in case an agreement between BA and SA 
is feasible (that is there exists at least one contract ltC  for 
which it stands: ( ) S

Acc
tS UCU l

min≥  and ( ) B
Acc

tB UCU l
min≥ , while 

the value constraints hold for both agents), our approach 
succeeds in reaching to an agreement. This is due to the 

assumption that as its deadline approaches, the SA 
concedes up to its reservation value S

AccU min . 

VI. CONCLUSIONS 
This paper presented a multiparty, multi-issue, dynamic 

negotiation model and an effective strategy, to be exploited 
by mobile intelligent agents in an e-commerce 
environment. The efficiency of the proposed framework is 
due to the fact that the Buyer agent adopts a flexible and 
light reasoning component, which does not necessitate the 
explicit statement of all preferences and requirements on 
behalf of the Buyer in a completely quantified way. A 
ranking mechanism replaces the counter-offer complicated 
scheme, while potential decision issues are considered. 
Thus, it supports an evaluation of the contracts proposed, 
based not only on the values of the issues under 
negotiation, but also on the e-marketplace conditions and 
the negotiator’s state. The proposed negotiation strategy is 
adequate for the simple { }rejectaccept,  ranking function. 
Besides its inherent computational and communication 
advantages, its efficiency is due to the fact that an 
agreement between BA and SA is reached in any situation 
it is feasible, before the predefined deadline expires. 

The negotiation framework designed has been adopted 
by self-interested autonomous agents and has performed 
well on the generation of subsequent offers and the ranking 
of the contracts proposed, always converging to a mutually 
acceptable contract, if any. Initial results indicate that the 
designed framework produces near optimal results, in case 
the number of the negotiation issues is quite high. Future 
plans involve its extensive empirical evaluation against 
existent models and strategies and against the optimal 
solution of the negotiation problem.  
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