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ABSTRACT
Multi-issue negotiation mechanisms have been studied very
widely and represent a promising field because most nego-
tiations in the real world are multi-issue negotiations. We
model multi-issue negotiation with competitive agents. This
reflects the real world in which people have to make agree-
ments on constraints. A combinatorial winner determina-
tion mechanism is employed for solving a constraint satis-
faction problem with competitive agents. The features of
our protocol include Pareto efficiency on constraints. Our
experimental results show that our proposed protocol is scal-
able with the number of agents, and that a heuristic method
can achieve good utility. The above protocol is designed for
linear utility domains. We also extend our protocol so that
we can handle nonlinear utilities.

Categories and Subject Descriptors
I.2.11 [Distributed Artificial Intelligence]: Multiagent
systems; I.2.11 [Distributed Artificial Intelligence]: Co-
herence and coordination; H.4.1 [Office Automation]: Group-
ware

General Terms
Algorithms

Keywords
Multi-issue negotiation, Constraint Satisfaction, Nonlinear
Utility

1. INTRODUCTION
Multi-Issue Negotiation mechanisms have been studied

very widely[1][7][3][2][6] and represent a promising field be-
cause most negotiations in the real world are multi-issue
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negotiations. In particular, in real world, issues are con-
strained with respect to each other. Also, even in collab-
orative situation, to get an agreement, agents need to act
competitively because of their self-interested nature.

In multi-issue negotiations, agents need to find a solu-
tion that consists of concrete issue values and concrete con-
straints. While this is frequent in real world negotiation, ex-
isting constraint satisfaction research does not address the
notion of candidates for constraints. In this paper, we as-
sume agents are competitive in the sense that they try to get
an agreement that can give them a higher utility. The mul-
tistage bargaining protocol we proposed here instantiates
constraints by using a combinatorial auction-like protocol,
and then determining the issue values.

Most existing work also assumes that agents are totally
collaborative. Our work focuses on mainly competitive agents.
The competitive assumption can hold in many situation in
the real world. Even in the collaborative negotiation, we be-
lieve that there are competitive situations. If designers are
in one of the engine companies, for example, they have to
competitively negotiate to make a decision in terms of the
engine.

In addition, we extend our protocol so that it can handle
nonlinear utility domains[4][5]. For the linear utility domain,
we allow agents to aggregate the utilities of the issue-values
by simple linear summation. However, in the real world,
such aggregations are unrealistic. For example, we cannot
just add up the value of a car’s tyre and the value of a car’s
engine. First, we do not have any guarantees that such
utilities can be added up. Second, there can be another
constraint among the issues. For example, there can be a
constraint between a car’s color and engine. If a sports car
does not have a gray body variant and there are only engines
for sports cars, then we cannot select a gray body and a
sports-type engine. In the real world, such constrains can
exist in any situation. Therefore, in this paper, we extend
our protocol to handle nonlinear utilities.

The rest of the paper is organized as follows. First we pro-
pose a bargaining protocol that achieves a desirable solution
in multiple issue negotiations. Second we demonstrate the
experimental results for a simple example. Then, we ex-
tend our protocol so that the protocol can handle nonlinear
utilities. Finally concluding remarks are given in the final
section.
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2. A COMPETITIVE COMBINATORIAL OP-
TIMZIATION NEGOTIATION

2.1 Multiple Issues Negotiations
A set of agents a1, a2, . . . , al. Multiple issues, and con-

straints among issues.Each agent ai has an evaluation value
function vai(xk) on each issue value xk and an evaluation
value function vai(ck) on constraints. Agent ai’s utility is
defined as uai =

P

vai(xk) +
P

vai(ck) − c, where
P

vai

means the total of the evaluation values for issue values and
constraints, and c is the payment for the auction. Agents try
to maximize their utility. In this paper, we assume agents
are competitive. This means that we cannot compute the en-
tire optimal social welfare by making all agents reveal their
utility functions.

2.2 Negotiation Mechanism
We adopt auction-like negotiations to determine constraints

and issue values since agents are competitive.
(Stage 1 : Determining the constraints. ) Each agent

ai makes bids on bundles of constraint instances. A bundle
consists of one or more constraint instances that do not con-
flict with each other. The mechanism selects a combination
of bundles of constraint instances that maximizes social wel-
fare i.e. maximizes the utilities of the accepted constraints.
The mechanism announces the accepted constraints.

(Stage 2 : Determining the issue values.) Players make
bids on the values of the issues. Auctions are held for each is-
sues separately. We employ a 2nd price auction. The mech-
anism selects the combination of issue values that maximize
social welfare for the issue values and satisfies all constraints.

In this protocol, agents first determine the constraints,
and then determine issue values. In stage 1, a combinatorial
auction maximizes social welfare with respect to constraints.
In stage 2, a 2nd price auction maximizes social welfare with
respect to issue values.

The proposed protocol is Pareto Efficient. This is be-
cause the constraints are selected using a combinatorial op-
timization that maximizes social welfare in terms of the con-
straints. Then, the maximum utility issue values are selected
so that these values can satisfy the selected constraints.

We propose a winner-based value assignment method for
our negotiation protocol. Utilities on constraints can be re-
lated to utilities on issue values since satisfying a constraint
totally depends on the issue values. We can expect that a
user has high utilities for issue values that satisfy the re-
lated constraints. This means that a winner of constraints
in stage 1 may have high utilities for the issue values that
satisfy the constraints. Using this observation, we heuristi-
cally modified the stage 2 in the protocol as follows:

(Stage 2’ : Determining the issue values by stage 1 win-
ners.) Winners make bids on the values of the issues. Auc-
tions are held for each issue separately. We employ a 2nd
price auction. The mechanism selects a combination of is-
sue values that maximizes the winners’ social welfare with
respect to issue values and satisfies all constraints. Since the
original stage 2 is a combinatorial optimization problem, it
requires substantial computation power. The winner-based
value assignment method can effectively reduce this compu-
tation cost.

2.3 An Example
Here, we present an example of our negotiation protocol.

Figure 1 outlines the problem. There are two constraints
and three issues. Each constraint has two instances, {>,<}.
Each issue has issue values, {1, 2, . . . , 20}.

Figure 1: An example of the proposed protocol

We assume there are three agents. Also, we assume one
coordinator agent who holds auctions and determines pay-
ments. In stage 1, each agent submits combinatorial bids
on bundles of constraint instances. Each agent must solve a
combinatorial problem to compute consistent bundles that
do not conflict with each other. In this example, possible
bundles include {<, }, {>, }, {, <}, {, >}, {>,>}, {<,>}, {>
,<}, {<,<}. Each agent submits one or more bundles with
their evaluation values.

Based on these submitted bundles, the coordinator agent
searches for the combination of bundles that maximize so-
cial welfare and do not conflict with each other. The social
welfare of a bundle is the sum of the evaluation values for
the constraints in the bundle. We say there is a conflict in
a bundle when there is no solution for the constraints in a
bundle. The winners are determined.

The coordinator agent determines the payments for each
winner, and announces the accepted constraint instances.
For this example, we assume that the bundle {<,<} is ac-
cepted.

For each issue, agents submit maximum evaluation values
for issue values that satisfy the accepted constraints {<,<
}. We do not need to assume agent’s evaluation values are
linear over issue values. For example, one agent can have the
following evaluation values : $20 for issue value 1, $30 for
issue value 2, and $20 for issue value 3. Each agent searches
for the maximum utility combination of evaluation values,
and submits it.

The coordinator agent holds a second price auction for
each issue, and determines the winner and the payment.
This auction is strategy proof since the winner cannot ma-
nipulate his payment. Finally, the decided issue values and
constraint instances are announced to all agents.

3. EXPERIMENTAL RESULTS

3.1 Definition of Agent’s evaluation values
We conducted experiments using the example in the pre-

vious section. The negotiation problem is shown in Figure
1. We observed how the proposed negotiation protocols can
obtain social surpluses when varying the number of agents.

For each experiment, we defined the agent’s evaluation
values. There are 20 issue values and the maximum evalu-
ation value is 10. We assume that each agent’s evaluation
value function has a single peak. The height of the peak
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shows the maximum evaluation value for that issue. Each
agent has evaluation value functions for each issue.

Evaluation values for constraints are defined using the fol-
lowing equation: vai(ck) = maxS

P

xkj∈S uai(xkj), where S

is a set of values that satisfy constraint ck. This shows that
our domain is a linear utility domain. We describe how to
extend it to nonlinear utility domains in the next section.

Figure 2 shows experimental results for a comparison in a
competitive case. The vertical axis shows the obtained social
surplus. The horizontal axis shows the number of agents.
Even though the number of agents is large, we could deter-
mine winners since we assume just 2 items. The ”CA-based
protocol” is the combinatorial optimization based negotia-
tion protocol proposed in section 2. The ”CA & Winner-
based Protocol” is the combinatorial optimization based ne-
gotiation protocol with the winner-based assignment method
proposed From this graph, we can see that the CA & Winner-
based protocol can work well even when the number of
agents is 100; it obtains about %80 of the social surplus
of the CA-based protocol.

Figure 2: Experimental Results

4. A STEP TOWARD A NON-LINEAR UTIL-
ITY NEGOTIATION PROTOCOL

In the previous sections, we proposed a negotiation pro-
tocol for linear utility domains. In linear utility domains,
we can sum up utilities among issues and constraints. How-
ever, in the real world, such aggregations are problematic.
We cannot define the sum of the utilities for a car’s color and
a car’s engine. Also, in the real world, we cannot assume
that issues are independent. Multiple issues are almost al-
ways interdependent. In the previous sections, we assume
that each agent calculates his utility for a constraint as the
sum of the issue values that satisfy the constraint. This
makes our domain a linear utility domain. In this section
we relax this assumption so that our protocol can be applied
to nonlinear utility domains.　

First we slightly change the domain setting. A utility
function is given that maps a contract (i.e. a set of issue
values) to a utility value for each agent. Every agent has
a set of constraints it wants to be satisfied. They can be
binary constraints (e.g. X > Y ) as well as unary constraints
(e.g. x = 3). The binary constraints are what create the
nonlinearity. Every constraint has a weight W . The utility
of a constraint is W if the constraint is satisfied, and 0 if the
constraint is not satisfied. The utility of a contract is the

sum of the weights for every constraint that is satisfied by
that contract The point is that the weights of the constrains
are now the aggregation of the utilities of the issues.

Based on the above setting, the negotiation protocol can
be modified as follows: A bid is a set of constraints. Agents
calculate the utility of a bid by first finding all contracts that
satisfy all the constraints in the bid, and then returning the
value of the best contract in that set. Agents conduct the
VCG auction. Since each agent has to solve a constraint sat-
isfaction problem, the computational cost is not low. How-
ever, we can handle nonlinear utility using this protocol.

The above protocol can generate multiple-optima utility
functions that have valleys (for contracts that satisfy few or
none of the constraints) as well as hills and mountains (for
contracts that satisfy some or all of the constraints). Note
that it is possible, even with this approach, to get a single
optimum utility function, just depending on the particular
constraints that apply for a given situation. But if we have
a large enough space of possible contracts, as well as enough
higher-order (binary or higher) constraints, it is likely that
there will be multiple optima. In this case, in order to get
the optimal contract, we have to have a method suitable
for nonlinear optimization, e.g., stochastic search. In future
work, we are going to construct such a negotiation protocol
with competitive agents.

5. CONCLUSIONS
In this paper, we proposed an combinatorial optimization-

based negotiation protocol among competitive agents. First
we modeled a multi-issue negotiation with competitive agents.
We proposed a variant of the auction-like negotiation proto-
col, in which we focus only on winners to reduce the size of
the search space. The experimental results show the winner-
based negotiation protocol can achieve good social surplus.
In addition, we investigated the nonlinear utility model. The
nonlinear utility model can represent more realistic negotia-
tions. As a future work we are now investigating the nature
of nonlinear utility negotiations.
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