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Abstract

This paper presents a decentralized model that allows self-interested agents to reach

“win-win” agreements in a multi-attribute negotiation. The model is based on an

alternating-offer protocol. In each period, the proposing agent is allowed to make a

limited number of offers. The responding agent can select the best out of these offers.

In the case of rejection, agents exchange their roles and the negotiation proceeds to

the next period. To make counteroffers, an agent first uses the heuristic of choosing

the offer on an indifference (or “iso-utility”) curve/surface that is closest to the best

offer made by the opponent in the previous period, and then taking this offer as the

seed, chooses several other offers randomly in a specified neighborhood of this seed

offer. Experimental results show that this model induces agents to reach near Pareto

optimal agreements in general situations where agents have complex preferences on the

attributes and incomplete information. This model does not require the presence of a

mediator.

Keywords: Multi-attribute negotiation, Pareto optimality, Win-win, Rational preference,

Incomplete information, Self-interested agents
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1 Introduction

Negotiation is a fundamental and effective way to reach a mutually acceptable agreement

among self-interested agents. The seminal work by Nash [7] and Rubinstein [8] initiated a

surge of research interest on negotiation. However, most of the existing literature focuses on

single attribute negotiations. In reality, multi-attribute negotiations are very common. For

example, an employer and a union usually need to simultaneously negotiate wage level, health

care and vacations because those issues together determine the utility of the final contract;

similarly, a supplier and a buyer usually need to negotiate the price, quality, quantity and

delivery time of a procurement contract at the same time. In those situations, the failure

of reaching agreement on some issues can lead to the breakdown of the whole negotiation.

Besides the necessity, in many situations, people may also be willing to introduce additional

issues into their negotiation because all of the parties in the negotiation may benefit from

trading off the multiple issues when they have different preferences. For instance, when selling

automobiles, dealers can sell the automobiles with a single price, but more often they may also

introduce the financing package, insurance package and warranty package into the contract

rather than a single price. It is because with some discount on those packages, which may be

cheaper for the dealers than to directly lower the price, buyers are more willing to accept the

automobile price. On the other hand, buyers may also find it beneficial to negotiate such a

contract because the price of buying those packages individually, for example, the insurance

plan, may be much higher. Thus, to negotiate multiple issues together may lead them to a

“win-win” outcome which otherwise cannot be achieved by negotiating a single issue. Such

situations in reality make multi-attribute negotiation important and valuable.
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However, a multi-attribute negotiation can be much more difficult than a single-attribute

negotiation, due to the following reasons. First, in a multi-attribute negotiation, an agent’s

decision depends on her preference over all the issues, which can be very complex. For in-

stance, the preference may need to be characterized by a non-linear utility function with the

marginal utility of an issue depending on the values of other issues. Then to reason the oppo-

nent’s preference and strategy in the n-dimensional (n > 1) space becomes computationally

intractable. Second, with agents negotiating multiple issues simultaneously, it becomes a

more complicated decision to make an offer, because for any particular utility level, there

may exist a large number of offers in the negotiation space that coincide with that utility

level. Which offer to pick becomes a difficult decision especially when an agent does not

have complete information about the opponent’s preference in incomplete information envi-

ronments. This problem can also be viewed as which direction in the negotiation space for

an agent to follow in her concession, given the time and negotiation history. This decision,

moreover, also impacts the decision how much to concede in each step—an agent can give

up less utility by following a concession direction that allows the opponent to retain more

utility but at a lower cost of her own utility. Third, in a multi-attribute negotiation, achiev-

ing a “win-win” solution is important. Since there exist multiple issues and agents may have

different preferences on the issues, given any solution in the negotiation, both agents maybe

still can be better off by trading off the values of some issues unless the given solution is

already Pareto optimal. Pareto optimality is defined as the property that an outcome cannot

be further improved (i.e. no agent can get more utility) without sacrificing the other’s utility.

However, it is difficult to seek Pareto optimal settlement between self-interested agents when

they do not know each other’s preference.
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The above issues, however, have not been considered simultaneously in the existing lit-

erature on multi-attribute negotiations. First, most of the prior work on multi-attribute

negotiations usually assumes that agents have relatively simple (linear) utility functions

(e.g.[14, 19, 21]) or binary valued issues (e.g. [12, 16, 24]), which cannot represent the gen-

eral situations. For example, the utility functions that are widely used in the economics field

to represent consumer utility on multiple-goods consumption and also common in real-world

situations are usually nonlinear, e.g., Cobb-Douglas utility function, Constant Elasticity of

Substitution (CES) utility function and quadratic utility functions [1]. Second, to overcome

the negotiating difficulty in the n-dimensional space, the existing work assumes agents ne-

gotiate in an issue-by-issue manner (e.g. [2, 3, 19]), agents are cooperative, or a non-biased

mediator is available (e.g. [6, 12, 29]). Thus, the absent in the prior work is a protocol

that can not only assist agents efficiently to make offers in an n-dimensional space with

incomplete information but also give self-interested agents sufficient decision flexibility, for

instance, the right to select offers to make and the right to accept a given offer. Finally,

Pareto optimality is another key aspect that has usually been overlooked.

Complementing the literature, this paper presents a model that addresses the above

issues simultaneously. First, the model allows self-interested agents to negotiate multiple

attributes under rather mild constraints (see Section 3), and an agent’s information about

the other’s utility function and negotiation strategy is incomplete. Second, the model then

provides computationally tractable negotiation approaches for agents to make and respond

to the offers in each period, which mitigates the difficulty of negotiating in an n-dimensional

space. The model first decomposes agents’ negotiation strategies into three parts: conceding,

proposing and responding. The first part determines how much to concede in a step if no
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agreement is reached so far. The second part, given the concession generated in the first part,

then decides among all those offers within that concession range which are most preferable for

the opponent. The last part determines whether to accept one of the offers from the opponent

in a given negotiation period. This model allows agents to make multiple (but a limit number

of) offers based on a given concession in each step.1 By allowing an agent to make multiple

offers in one round, the model can improve the desirability of an agent’s proposal to the

opponent without sacrificing her own utility. Moreover, from the multiple offers previously

proposed by the opponent, the current proposing agent can get some valuable clue of the

opponent’s preference and find more desirable offers for the opponent. Third, the model

considers Pareto optimality. With the proposing and responding approaches proposed in

the model, an agent explicitly seeks the most acceptable offer which is possible for her to

find for the opponent in each negotiation round. Although it is intractable to find the exact

Pareto optimal offer under incomplete information, this model achieves asymptotic Pareto

optimality and the experimental results (in Section 4) show that near Pareto optimality can

be achieved with a small number of offers necessary for agents to make in each negotiation

step.

Thus, the contribution of this work includes the following aspects: first, while the exist-

ing models for multi-attribute negotiations are largely limited to simplified conditions with

relatively simple utility functions, complete information or with a non-biased mediator, this

work presents an approach that can be applied to more common situations; second, we pro-

1Such a setting, however, is not rare in applications, for instance, a seller may propose several contracting

options with different unit price, delivery time and quality to a buyer, and the latter selects the best one in

the menu or rejects all the offers.
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vide computationally tractable methods for an agent to make and respond to offers in such

complicated situations; third, this work considers Pareto optimality.

The rest of the paper is organized as follows. Section 2 reviews the related work. Section 3

presents the model. Experimental analysis is provided in Section 4. Section 5 concludes.

2 Related work

The research work on multi-attribute negotiations has been conducted in the fields of game

theory and artificial intelligence (AI). In game theory, the simplest context studied is the one

with complete information and cooperative agents. For this context, since agents know the

utility functions of each other, it is not hard to compute the Pareto frontier of their nego-

tiation. So, rational agents can reach agreement on this frontier by Nash axioms [7], Kalai-

Smorodinsky solution [9], or other solutions. However, these approaches are not applicable

in realistic situations due to their strict assumptions. The work considering non-cooperative

agents mainly focuses on issue-by-issue negotiation, e.g. [2, 3]. Issue-by-issue negotiation

arises because of bounded rationality of agents. It is difficult for an agent with limited com-

putational capability to reason the opponent’s strategy in the whole negotiation domain,

thus, game theorists propose to negotiate multiple attributes sequentially (i.e. one-by-one).

However, an underlying assumption of such a decomposition is that the utility functions of

agents are linear additive; Pareto optimality usually cannot be maintained by the models

proposed in issue-by-issue negotiation.

In the AI field, the existing work mainly focuses on automated negotiation frameworks

and tractable heuristics. For instance, Fatima et al. [19, 20] propose an agenda-based
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framework for multi-attribute negotiation. In this framework, agents can propose either a

combined offer on multiple issues or a single offer on one issue. Different from the game

theoretical research, their work focuses more on tractability. They assume agents adopt

time-dependent strategies and can make decisions on the issues independently faced with

a combined offer. For example, if there are two issues in a combined offer, say x1 and

x2, an agent has two independent strategies S1 and S2, which are used to decide whether

to accept x1 and x2. But if one issue is settled, then this issue cannot be negotiated any

longer and agents just focus on the remaining issue. Based on such a setting, they show

the optimal agendas in different scenarios. Fatima et al. [21] also examine the optimal

agendas where agents are allowed to negotiate a package deal or take parallel issue-by-issue

negotiation. But their work requires the assumption that agents have linear additive utility

functions. Sycara [22, 23] presents a case-based reasoning approach where the automated

negotiating agents make offers based on similarity of the multi-attribute negotiation context

to previous negotiations. Moreover, the author also uses automatically generated persuasive

argumentation as a mechanism for altering the utilities of agents, thus making them more

prone to accept a proposal that otherwise they might reject. This is similar as to introduce

a mediator into the negotiation. However, Pareto optimality of the system is neglected in

the above work.

There exist three pieces of work [6, 12, 29] that introduce a non-biased mediator into

the system to help agents negotiate in complex situations. In [6], Ehtamo et al. present a

constraint proposal method to generate Pareto-frontier of a multi-attribute negotiation with

adopting a non-biased mediator. The mediator generates a constraint in each step and asks

agents to find their optimal solution under this constraint. If the feedbacks from agents
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coincide, then a Pareto optimal solution of the negotiation is found; otherwise, the mediator

updates the constraint based on the feedbacks and the procedure continues. The authors

show that their approach can generate the whole Pareto-frontier efficiently. However, in

their work, agents have no right to make or accept offers based on their own negotiation

strategies. Besides, the assumption that agents can solve multi-criteria-decision-making

(MCDM) problems efficiently is essential for their approach. Klein et al. in [12] propose a

more tractable and decentralized mediating approach for complex negotiations. The non-

biased mediator generates an offer in each period and proposes to both agents. Then agents

decide whether to accept the offer based on their own strategies. In their work, they propose

two types of negotiation strategies for the agents and examine the equilibrium outcomes as

well as the system efficiency. However, a key assumption in their work is that the issues are

binary valued. Differently, [29] focuses more on the negotiations with continuously valued

issues and provides agents sufficient decision flexibility. In their approach, agents can not

only make the acceptance decision, but also choose the reference points based on which the

mediator searches for Pareto optimal enhancements. Moreover, a highlight of their work is

that the proposed protocol does not necessarily require agents to have a pre-prepared utility

function before the negotiation starts but can assist agents to negotiate multiple issues easily

with even simple negotiation strategies and also maintain Pareto optimality of the system.

However, a common problem of the mediating work is that a non-biased mediator is required

to be available. Although the technology achievements in the multi-agent field can make it

easier to implement such a mediator by a software agent, there may exist situations where a

mediator is not trusted or hard to be implemented. Thus, the work presented in this paper

can complement the mediating approach in such domains.
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An important issue in multi-attribute negotiation is the tradeoff process between self-

interested agents on different issues. Faratin et al. [15] propose a novel idea to make agents

trade off on multiple issues. They suggest that agents should apply similarity criteria to

trade off the issues, i.e., make an offer on their indifference curve which is most similar to

the offer made by the opponent in the last period. In their paper, they define a similarity

criterion, based on which they propose the tradeoff algorithm. However, the similarity

criterion requires agents have some knowledge about the weights the opponent puts on

the issues in the negotiation. A subsequent work [18] proposes a method based on kernel

density estimation to learn the weights assigned by the opponent. But the performance

might be compromised if agents have no or very little prior information about the real

weights the opponent assigns on the issues. Besides, it can become more difficult to define

similarity criterion as that suggested in [15] if agents have nonlinear utility functions with

interdependent attributes, i.e., the marginal utility of an attribute depends on the values

of other attributes. From this point of view, the work presented in this paper shares the

common idea with theirs but extends it to more general situations where agents can have

nonlinear and interdependent preferences and do not need to have the information of the

opponent’s preference or strategy. In addition, by allowing an agent to propose multiple

offers at a time, the model presented in this paper improves the quality of the solution in

terms of Pareto optimality.

Other related work in this field includes: Luo et al. [26] use prioritized fuzzy constraints

to represent trade-offs between the different possible values of the negotiation issues and

to indicate how concessions should be made when they are necessary; Li and Tesauro [10]

propose a method based on combinatorial search and Bayesian updating with the assumption
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that agents know the structure of the opponent’s utility function; Robu et al. [24] propose

an approach based on graph theory and probabilistic influence networks for the negotiations

with multiple binary issues with interdependent valuations; etc.

3 The model

3.1 The negotiation setting

Consider two self-interested agents i ∈ {b, s} who need to negotiate a set of attributes

j ∈ {1, 2, ..., n}. The ranges of the attributes that need to be negotiated are given before

the negotiation starts and each of those ranges can be normalized to a continuous range

Ωj = [0, 1] with the lower and upper bounds representing the reservation prices of the two

agents on this attribute. Without loss of generality, it is assumed that the value that is less

than 0 (or more than 1) is not acceptable for agent s (or b). Thus, the negotiation domain

can be denoted by Ω = [0, 1]n.

In contrast to the prior work that usually assumes agents have relatively simple pref-

erences on the attributes (e.g. can be characterized by linear utility functions), this paper

makes a more common assumption that the preference of each agent is rational, which is

widely applied in economics [1].

Definition The ordinal preference ¹i of agent i in the negotiation domain Ω is rational if

it satisfies the following conditions [1]:

• Strict preference is asymmetric: There is no pair of x and x′ in Ω such that x ≺i x′

and x′ ≺i x;
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• Transitivity: For all x, x′ and x′′ in Ω, if x ¹i x′ and x′ ¹i x′′, then x ¹i x′′;

• Completeness: For all x and x′ in Ω, either x ¹i x′ or x′ ¹i x;

where ~x ¹i ~x′ (or ~x ≺i ~x′) indicates that the offer ~x′ is at least as good as (or better than)

~x for agent i. The first two conditions ensure that agents’ preferences are consistent in the

negotiation domain and the third condition ensures that any pair of points in the negotiation

domain can be compared.

Moreover, this paper assumes that each agent has a utility function ui which can represent

her ordinal preference, i.e., ~x ¹i ~x′ iff ui(~x) ≤ ui(~x
′). Without loss of generality, the utility

range of each agent in the negotiation is normalized to [0, 1] with the bounds representing

the worst/best offers. The paper assumes that 0n/1n is the best/worst offer for agent b, i.e.,

ub(0
n) = 1 and ub(1

n) = 0, and from 0n to 1n agent b’s utility is monotonically decreasing,

and it is the converse for agent s.

Finally, the information about the negotiation strategy and the preference of each agent

is private.

3.2 Alternating-offer protocol

The model adopts Rubinstein’s alternating-offer negotiation protocol [8] but it is allowed for

agents to make multiple offers each time. In detail, in each period, an agent who behaves as

a proposer makes a set (with a limited number) of offers to the opponent who behaves as a

responder. If the responder accepts one of the offers, the negotiation ends; otherwise, agents

exchange their roles and the negotiation proceeds to the next period. (The proposing and

responding strategies about how many offers to make and how to respond to the offers will
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be discussed in Section 3.3.) Such iterations continue until an agreement or the negotiation

deadline is reached. This protocol is appropriate when there is a fairly equivalent and

symmetric relationship between the two agents. For example, neither a buyer nor a seller

has a monopoly in the demand or supply market.

Negotiation Protocol

1. Start from the first period and choose one of the agents
as the first proposer and the other as the responder;
2. The proposer proposes a set of offers to the responder;
3. The responder reacts to the offers;
4. If the responder accepts one of the offers or the deadline
is reached, the negotiation ends; otherwise agents exchange
their roles and the negotiation proceeds to the next period.

Figure 1: The alternating-offer protocol

3.3 The negotiation strategy

As mentioned in the introduction, an important characteristic of multi-attribute negotiations

is that there possibly exist “win-win” situations, i.e., for any given solution in the negotiation

domain, agents maybe can both be better off by trading off some attributes, except when the

solution is already Pareto optimal (see Figure 2 for an example where x is the tangent point

of two indifference curves2 of the agents). Therefore, the negotiation strategy of a rational

agent should take Pareto optimality into account because rational agents should not “leave

extra money on the table”.

A negotiation strategy in a multi-attribute negotiation usually includes three parts: con-

ceding, proposing, and responding. The first one is to decide how to concede in the nego-

tiation. In other words, the conceding part decides the reservation utility—the least utility

2An indifference curve (or surface) of an agent in the negotiation domain consists of the points that are
indifferent to the agent (i.e. that have the same utility for the agent).
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an agent can accept for each negotiation period. The second part determines the offers that

should be proposed to the opponent. Since in a multi-attribute negotiation, for any given

utility value, there may exist a number of points in the negotiation domain which have this

utility (i.e., the indifference curve/surface of the agent), it becomes essential for an agent to

have an effective strategy to select points from this set as proposals offered to the opponent.

The responding part suggests whether an agent should accept or reject an offer proposed by

the opponent. The detailed description of these three parts in this model is provided in the

following.

This model adopts the time-dependent strategy [17] as the conceding strategy (other

strategies such as Bayesian learning [30] can also be applied). Time-dependent strategy

provides a more tractable approach than the exhaustive reasoning strategies based on game

theory, although it cannot promise an optimal outcome in all situations. As the utility range

of each agent is given as [0,1] with the bounds representing the worst and best points, an

agent can apply the following equation to concede in a negotiation:

si(t) = 1− (1− rui)(
t

Ti

)
1
βi , (1)

where si(t) is the utility that agent i desires to get in period t, rui represents the ultimate

reservation utility of agent i for this negotiation3, t is the current period, Ti is the deadline

of agent i, and βi represents the strategy parameter of agent i.

Based on the utility calculated from Equation (1), agents then can find the corresponding

indifference curve/surface in the negotiation domain. (This indifference curve/surface is

called the current indifference curve/surface in the following description.) However, an

3The ultimate reservation utility can be zero if an agent prefers an agreement with the worst solution in
the negotiation domain to no deal, while it also can be positive if, for instance, an agent has outside options
from which she can expect to get a positive utility [11].
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Figure 2: Pareto optimality

important issue that agents need to solve is how to select points from the current indifference

curve/surface as the offers to the opponent, i.e., the proposing strategy. An exhaustive

proposing approach is to propose the whole curve/surface to the opponent, and then the

opponent can find the best points from the curve/surface and make the responding decision.

Proposition 2.1 The exhaustive proposing approach leads to a Pareto optimal outcome,

with the conceding and responding strategies as given.

Proof. This proposition is straightforward. Given the indifference curve/surface that an

agent proposes, the opponent will choose the best offer to make the responding decision. If

the opponent accepts the best offer, it is Pareto optimal since there does not exist any better

solution on the given indifference curve/surface. ¤

However, the exhaustive proposing approach might not be appropriate in some situa-

tions, for instance, an agent does not want to let the opponent know her utility function

explicitly or to propose a full curve/surface is practically not feasible. But it is usually fea-

sible and reasonable for an agent to make multiple offers of a limited number at one time.

For instance, a seller may propose several contracting options with different unit price, de-
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livery time, and quality to a buyer each time; an employer may propose several job offers

with different position, salary level, job location, and training opportunity to an applicant

in each negotiation iteration. The benefit of allowing agents to make multiple offers is that

it improves the desirability of the proposal to the opponent without sacrificing an agent’s

own utility; therefore the negotiation process converges faster to a Pareto optimal solution.

Nevertheless, a formal method is still needed to generate the proposing directions. The

goal is to find an offer that is as much acceptable to the opponent as possible based on the

pace of concession. This paper proposes a heuristic in which an agent first chooses, from

her current indifference curve/surface, the offer (assume it is unique for ease of exposition)

which has the shortest distance to the best offer made by the opponent in the previous pe-

riod. “The best offer made by the opponent in the previous period” means the offer that

provides the agent with the highest utility among all the offers made by the opponent in

the previous period. Thus, it implies that the indifference curve/surface of the agent which

crosses the best offer is closer than those crossing other offers to the current indifference

curve/surface. Then to choose the point on the current indifference curve/surface which has

the shortest distance to that best offer may also more likely provide the opponent with the

highest utility because such a point might be closer than other points to the opponent’s

current indifferent curve/surface. But this point might not necessarily be Pareto optimal

under the situations with incomplete information and complex utility functions. Then by

taking this offer as the seed and choosing a limited number of other offers from the current

indifference curve/surface based on it, agents can improve the desirability of the proposal.

Note, the exhaustive proposing approach can be viewed as the extreme case of this strategy.

The benefit of proposing multiple offers at a time is specifically illustrated with numerical
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results in Section 4.2.

Figure 3 presents an example where agents are only allowed to make one offer in each

period. The dashed curves are the indifference curves of agent s and the solid are the

indifference curves of agent b. In period t−4, agent s makes an offer xt−4, but agent b rejects

it. Then in period t − 3, agent b finds an offer xt−3 which has the shortest distance to the

point xt−4 on her indifference curve in period t − 3. Agent s rejects this offer as well, and

she concedes to the second left dashed curve in period t− 2. Now she finds offer xt−2 which

is closest to xt−3 on this curve. Similar iterations continue till an agreement or the deadline

is reached.

The proposing strategy then can be formalized as follows. Assume agent b is the pro-

poser in period t and she concedes to the utility of sb(t) with the corresponding indiffer-

ence curve/surface C. The total number of offers that agent b plans to make is kb. As-

sume the set of offers agent s made in period t − 1 is Xt−1
s→b = {~xt−1,1

s→b , ..., ~xt−1,ks

s→b } where

~xt−1,1
s→b ¹b ... ¹b ~xt−1,ks

s→b . (Note, if the best offer is not unique, e.g., ~xt−1,ks−1
s→b ∼b ~xt−1,ks

s→b , then

agent b can try all of them to derive the corresponding shortest distances by the following
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Formula (2) and choose the one that has the smallest shortest distance.) Then agent b first

chooses the offers:

~xt,l
b→s = argmin~x∈C||~x− ~xt−1,ks

s→b ||, (2)

where ||~x − ~y|| represents the distance from point ~x to ~y and l ∈ [1, k]
⋂
Z is the index of

the offer where k is the total number of solutions of Formula (2). If k ≥ kb (i.e. the number

of solutions of Formula (2) is no less than the number of offers that agent b wants to make),

then agent b randomly chooses kb offers from the solutions; otherwise, agent b takes all of the

k solutions and chooses the other (kb−k) offers based on those k solutions. A simple method

can be to choose the other (kb − k) offers randomly from the (limited range) neighborhood

of the k solutions:

~xt,m
b→s = rand{~x|~x ∈ C and ||~x− ~xt,l

b→s|| ≤ δ(t), l ∈ [1, k]}, (3)

where δ(t) = min~x∈C||~x − ~xt−1,ks

s→b || and m ∈ [k + 1, kb]
⋂
Z is the index of the offer. Other

more complicated methods based on the negotiation history also can be applied.

As discussed in Section 2, Faratin et al. [15] introduce a mechanism to make agents

trade off based on the similarity between offers, which is implemented by fuzzy rules. But,

first of all, an underlying assumption of the similarity criterion proposed in [15] is that the

issues in the negotiation are independent and thus the utility functions are additive. It can

become difficult to construct a similarity criterion if the utility functions are nonlinear and

the issues are interdependent. Second, in some situations, to define and evaluate suitable

fuzzy rules might be difficult. Third, to apply the similarity criterion proposed in their

work requires an agent to have some information of the opponent’s weights on the issues in

order to calculate the similarity value between the offers. Thus, their model either requires
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complete information or needs to be provided with a learning mechanism to retrieve the

opponent’s preference information. But to learn the weights that the opponent puts on the

issues precisely is non-trivial (see [18] for a learning method). From this point of view, the

approach presented in this paper extends their work to more general situations, since it does

not require agents to know any information of the opponent’s preference or strategy and can

be applied to the negotiations with general utility functions.

The responding strategy applied in this model is to compare the utility of the current

best offers made by the opponent with the utility that the agent will concede to in the next

period. If the utility of the current best offers is higher, the agent accepts one of the best

offers; otherwise, the agent rejects them. Thus, assume agent s is the responder in period

t and ~xt,best
b→s ∈ Xt

b→s represents the current best offer for agent s made by agent b, then the

responding strategy of agent s can be formalized as:

at
s(X

t
b→s, us) =





accept if ss(t + 1) ≤ us(~x
t,best
b→s );

reject otherwise;

(4)

where ss(t + 1) is the utility agent s desires in period t + 1 which can be calculated by

Equation (1). The full negotiation algorithm is described in Figure 4.

4 Experimental analysis

This section provides an experimental analysis to evaluate the performance of the model in

terms of different utility functions. In the experiments, agents’ utility functions are chosen

from three types of utility functions: (I) exponential & additive, (II) exponential & inter-

dependent, and (III) constant elasticity of substitution (CES) utility functions. All of these
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Figure 4: The negotiation algorithm
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three types of utility functions are nonlinear. However, they also differ from each other.

The first type utility functions are additive and the attributes are not interdependent, for

instance, u(x1, ..., xn) = 1−∑n
j=1 wjx

2
j . In the second type, there exist interdependent terms,

for instance, u(x1, ..., xn) = 1− [
∑n

j=1 wjx
2
j +

∑n
k=1

∑n
j=1&j 6=k wjk(xj − xk)

2]. The third type

utility functions are widely used by economists to model a broad range of user preferences

and they follow the form of u(x1, ..., xn) = 1 − [
∑n

j=1 wjx
ρ
j ]

1/ρ. The value range of each

attribute in the experiments is set to [0, 1], and (0,...,0)′ and (1,...,1)′ are the global optimal

solutions for agent b and s, respectively. (The detailed utility function settings are described

in the following subsections).

Section 4.1 first illustrates the behavior of the model by three specific examples in which

agents are only allowed to make one offer in each round, and then an average performance

analysis with different utility function settings and different number of offers that agents can

make in each period is presented in Section 4.2.

4.1 Illustrative examples

Example 1: In this example, it is assumed that agent b and s need to negotiate three

attributes and their utility functions follow type I utility functions:

ub(x1, x2, x3) = 1− .2x2
1 − .6x2

2 − .2x2
3,

us(x1, x2, x3) = 1− .6(1− x1)
2 − .2(1− x2)

2 − .2(1− x3)
2.

Thus, (0,0,0)′ and (1,1,1)′ are the optima of agent b and s, respectively. Both agents follow

the time-dependent negotiation strategy:

s(t) = 1− (1− ru)(
t

T
)

1
β ,
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where the ultimate reservation utility ru = .2, deadline T = 20 and the strategy parameter

β = .8.

The negotiation procedure is presented in Figure 5. The dashed curve is the Pareto

frontier4 (Of course, in a negotiation, neither of the agents knows the Pareto-frontier. But it

is mathematically calculated here for the comparison purpose of our approach). Agents are

only allowed to make one offer each round and a circle in the figure represents a proposal

that one of the agents makes in each negotiation period. The square represents the final

agreement. Agent b is the first mover in this example and she proposes her optimal solution

(0,0,0)′ as the first offer; agent s rejects this offer and finds a counteroffer (.9244,.8033,.8032)

which is the point closest to (0,0,0) on her indifference surface in the second period. The

negotiation goes on until the agreement (.6777,.2900,.4891) is reached in the 8th period,

which has a distance .0795 to the Pareto frontier (Note, this distance represents the short-

est distance from the final negotiation agreement to the Pareto frontier).

Example 2: In this example, agents negotiate two attributes and their utility functions

follow the type II utility functions:

ub(x1, x2) = 1− .1(x1 − x2)
2 − .2x2

1 − .8x2
2,

us(x1, x2) = 1− .1(x1 − x2)
2 − .7(1− x1)

2 − .3(1− x2)
2.

The negotiation strategies agents apply are the same as the one in Example 1. Figure 6

shows the negotiation procedure. Agents make offers alternatingly. Agent b first proposes

her optimal solution (0,0) in the first period. But agent s rejects it and counteroffers

4Pareto frontier is the curve/surface that consists of the Pareto optimal solutions in the negotiation
domain.
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Figure 5: The negotiation procedure of Example 1

(.8916, .8163) in the second period. Such iterations continue until the final agreement is

reached at (.6546,.3593) which has a distance .0624 to the Pareto frontier. In the figure,

the circles below the square are the offers made by agent b, while the circles above are made

by agent s.

Example 3: In this example, agents negotiate two attributes and their utility functions

follow CES utility functions:

ub(x1, x2) = 1− [.2x3
1 + .8x3

2]
1/3,

us(x1, x2) = 1− [.7(1− x1)
3 + .3(1− x2)

3]1/3.

The negotiation strategies applied are the same as the one in Example 1. Figure 7 shows

the negotiation procedure. Similarly, agent b first proposes and agent s responds. In the

figure, the circles below the square are the offers made by agent b, while the circles above

are made by agent s. The negotiation lasts 14 periods and the final agreement is reached at

(.6274,.3976) which has a distance .0410 to the Pareto frontier.
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Figure 6: The negotiation procedure of Example 2
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Figure 7: The negotiation procedure of Example 3
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From the experiments above, we see that, based on this model, even if agents are only

allowed to make one offer in each period, the offers are all quite close to the Pareto frontier.

Thus, the shortest distance proposing strategy does make the offers approach the Pareto

frontier. This result is promising because the utility functions applied in the experiments are

much more general than linear additive utility functions that have been usually assumed in

the existing literature. Moreover, the model does not require agents to know any information

of the opponent’s strategy and preference and does not need the existence of a non-biased

mediator.

4.2 Performance analysis

This subsection evaluates the average performance of the model in terms of Pareto optimality

with different utility function settings, different negotiation lengths, and different numbers

of offers that agents can make in each period. The experiments are set as follows. First, the

utility function types follow the ones used by the three examples in Section 4.1, i.e.,

(I)

ub(x1, x2, x3) = 1−∑3
j=1 wbjx

2
j ,

us(x1, x2, x3) = 1−∑3
j=1 wsj(1− xj)

2;

(II)

ub(x1, x2) = 1− wb1(x1 − x2)
2 −∑2

j=1 wbj+1x
2
j ,

us(x1, x2) = 1− ws1(x1 − x2)
2 −∑2

j=1 wsj+1(1− xj)
2;
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(III)

ub(x1, x2) = 1− [
∑2

j=1 wbjx
ρb
j ]1/ρb ,

us(x1, x2) = 1− [
∑2

j=1 wsj(1− xj)
ρs ]1/ρs ;

but now the weights wij (i ∈ {b, s}) in the utility functions are chosen from uniform distrib-

ution U [0, 1] and satisfy the condition
∑n

j=1 wij = 1, and ρi in the third type is chosen from

uniform distribution U [1, 20]. The negotiation strategy follows the time-dependent strategy

provided in the above subsection but now the negotiation deadline (T ) varies from 20 to 100

by 20. The number of offers (k) that agents can make in each step also varies from 1 to 5

in the experiments.5 Then for every type of utility function with each T and k, there are

1000 instances run and the average distance from the negotiation agreements to the Pareto

frontiers is calculated.

The results of the experiments of the utility types I, II and III are presented in Figure 8, 9

& 10, respectively, with the detailed data shown in Table 1, 2 & 3 (only the experiment data

with k from 1 to 5 is presented in the tables for space concern). In the tables, an element

with index (i, j)–the ith row and jth column–represents the average distance between the

negotiation agreements and the Pareto frontiers in the experiments, when the number of

offers that are allowed to be made in one period is equal to i and the deadline of the

negotiations is equal to 20 ∗ j. For example, the element (1,1) (= 0.0826) in Table 1 is the

average distance from the negotiation agreements to the Pareto frontiers of the experiments

with type I utility functions, one offer allowed to be made in each period, and the deadline

equal to 20 periods.

5The negotiation settings in all the experiments assure that agents can reach agreements.
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Figure 8: The average performance–Type I utility functions

Table I: The average performance–Type I utility functions

k\T 20 40 60 80 100
1 0.0826 0.0673 0.0562 0.0407 0.0376
2 0.0668 0.0448 0.0385 0.0350 0.0298
3 0.0619 0.0371 0.0286 0.0275 0.0251
4 0.0505 0.0360 0.0282 0.0268 0.0243
5 0.0365 0.0350 0.0225 0.0210 0.0191

The results show that the average distance from the final negotiation results to the

Pareto frontiers of each type utility function is small even when k = 1. This indicates that

generally the model can provide near Pareto optimal solutions for those utility functions

with every limited computational cost. Moreover, as the negotiation deadline increases, the

average distance from the negotiation agreements to the Pareto frontiers decreases. This

implies that agents concede more slowly when facing a longer negotiation deadline allows

the offers to approach the Pareto frontier more closely. Thus, this model works better if

the negotiation lasts longer. Furthermore, as k increases, the average distance between the

final agreements and the Pareto frontiers decreases as well. The reason behind this is more
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Figure 9: The average performance–Type II utility functions

straightforward. As the number of offers increases, the probability that the best offer that

agents choose from the set is Pareto optimal increases. In the extreme case, if agents can

exhaust all possible offers, the final agreement is Pareto optimal. Thus, the performance of

the model can be improved as the negotiation time or the number of offers that are made in

each round increases.

Table II: The average performance–Type II utility functions

k\T 20 40 60 80 100
1 0.0315 0.0255 0.0205 0.0182 0.0154
2 0.0243 0.0174 0.0132 0.0107 0.0093
3 0.0216 0.0120 0.0101 0.0080 0.0058
4 0.0145 0.0090 0.0077 0.0053 0.0037
5 0.0128 0.0088 0.0049 0.0038 0.0030

5 Conclusion

Multi-attribute negotiation is an important and valuable mechanism in reality for people to

reach agreements on multiple issues on which they share the common interests. But a multi-
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attribute negotiation is much more complicated than a single-attribute negotiation. Firstly,

agents may have complex preferences on continuously valued issues such as nonlinear and

interdependent rather than linear additive preferences. Secondly, without any assistance

from the negotiation protocol, agents would have to have a more complicated negotiation

strategy to negotiate multiple issues simultaneously. Thirdly, in multi-attribute negotiation,

rational agents need to take Pareto optimality into consideration. But it is not a trivial goal to

maintain Pareto optimality for self-interested agents in incomplete information environments.

The existing literature on multi-attribute negotiation has not addressed the above concerns

at the same time. It is usually assumed in the prior work that agents have linear additive

utility function, attributes are binary, agents are cooperative, or information is complete.

This paper presents a decentralized model for multi-attribute negotiations under incom-

plete information. The model allows a proposer to make several offers each round. Then,

the responder can compare the offers and choose the best one for her to reach a deal or she

can reject all of the offers. If the responder rejects the offers, then agents exchange their

roles and the negotiation proceeds to the next period. In this model, the decision criterion

proposed for an offering agent to make counteroffers is (a) to choose, on an indifference

curve/surface, the offer (as the seed offer) that has the shortest distance to the best offer

made by the opponent in the previous negotiation period, and then (b) to choose several

other counteroffers from a specified neighborhood of the seed offer. This method ensures the

offers approach the Pareto frontier as the negotiation proceeds. The numerical experiments

show that this model leads agents to reach near Pareto optimal agreement effectively, even

in the situations where agents have fairly general utility functions.

This work can be extended in several directions. First, similar as the existing literature,
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Figure 10: The average performance–Type III utility functions

Table III: The average performance–Type III utility functions

k\T 20 40 60 80 100
1 0.0143 0.0111 0.0065 0.0051 0.0050
2 0.0122 0.0106 0.0058 0.0048 0.0044
3 0.0116 0.0092 0.0056 0.0040 0.0037
4 0.0110 0.0080 0.0046 0.0031 0.0029
5 0.0075 0.0068 0.0040 0.0028 0.0024

the current model assumes the utility functions of agents are given. However, there may exist

situations in reality that explicit utility functions may not be available for agents before the

negotiation starts. Then, it becomes essential for the model to take preference elicitation into

consideration. Second, as the goal of this paper is to propose a model for agents to negotiate

multiple issues effectively and Pareto optimally, the analysis on strategic behaviors of agents

is absent in the paper. In the future work, we shall study more complicated negotiation

strategies of an agent, for example, the decision of the number of offers to make in a period,

other proposing or responding strategies.
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