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Chapter 1

Automated negotiation: an efficient
approach to interaction among agents

1.1 Abstract

Negotiation is any process through which the players on their own try to

reach an agreement. It is a task that has a broad spectrum of practical

applications to a variety of social, economic and politic phenomena. When

it comes to complicated problems such as negotiations with a large number

of issues, finding good agreements is however a tough challenge for human

beings, especially in the case that they are in lack of negotiation experi-

ence, opponent information and the available negotiation time is limited.

In order to overcome these limitations, there exist considerable interests in

automating their negotiation process by means of software agents to assist

humans in the decision-making process. Automated negotiation therefore

provides people with a realistic alternative solution. This chapter first

overviews forms, protocols and three main approaches of automated nego-

tiation, namely, heuristic, game theoretic and argumentation approaches.

Then the focus is on the study of complex practical negotiation – multi-

issue negotiation that runs under real-time constraints and in which the

negotiating agents have no prior knowledge about their opponents’ pref-

erences and strategies. Finally, two classes of state-of-the-art negotiation

agents for complex negotiation is presented, namely, the agents based on

regression techniques and the agents based on transfer learning to support

its decision-making process during negotiation.

1.2 Introduction

A frequent and important form of interaction in multi-agent systems is

termed automated negotiation. Automated negotiation, as a fundamental

1



July 14, 2017 11:14 ws-book9x6 My Book Title ws-book9x6 page 2

2 My Book Title

and powerful mechanism for managing interaction among autonomous a-

gents, has become a subject of central interest in the multi-agent systems

community. The main reason behind it is two-fold. First, it can support

and facilitate human negotiators in reaching more efficient outcomes by

compensating for the limited computational abilities of humans, especial-

ly in complicated negotiations, e.g., huge number of rounds, proposals of

hundreds of issues, etc. Second, the spectrum of potential real-world appli-

cations is very broad and diverse, from electronic Commerce, cloud Com-

puting, smart Grid to supply chain management. In this chapter we start

with the definitions of automated negotiation, and then focus on the study

of complex practical negotiation, namely, multi-issue negotiation that runs

under real-time constraints and in which the negotiating agents have no

prior knowledge about their opponents’ preferences and strategies. Lastly,

two classes of state-of-the-art negotiation agents for complex negotiation

are detailed respectively.

1.3 Automated negotiation

Negotiation can be any process through which the players on their own

try to reach an agreement – a task that has many practical applications

to a variety of social, economic and politic phenomena [Muthoo (1999)].

Consider the following example: John owns a car that he values at $25,000

in his opinion, and his friend – Hendric would like to buy the car at a

maximum price of $50,000. They would therefore have a common interest

to have the deal if a contract in which the agreed price lies between $25,000

and $50,000 can be made. In addition to those scenarios from everyday

life, negotiations may also take place at a larger scale, e.g., diplomatic

negotiations over territory dispute between a number of countries.

In many cases negotiation a time consuming process, and, moreover,

finding good agreements often a tough challenge for human negotiators,

especially when they are in lack of negotiation experience and the negotia-

tion time is limited [Lin and Kraus (2010)]. To overcome these limitations,

there exist considerable interests in automating their negotiation process

by means of autonomous agents to assist humans in the decision-making

process. In this context, an agent could be either a piece of software (pro-

gramme) that acts on behalf of a certain party and is able to interact

autonomously with other agents (or humans) for reaching an agreement

on a range of issues that are of conflicting interest to each involved par-

ty [Wooldridge and Jennings (1995)]. The negotiations operated by au-
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tonomous agents are so-called automated negotiations. In contrast with

human-based negotiations, automated negotiations enable further compli-

cated negotiation forms because agents have stronger computational power

and better memory capability [Williams (2012)]. Recent years have wit-

nessed a rapidly growing interest in automated negotiations, mainly due to

the broad application range in fields as diverse as electronic commerce and

electronic markets [Lau et al. (2008); Ragone et al. (2008)], supply chain

management [Wang et al. (2009)], task and service allocation [Dang and

Huhns (2006)], and combinatorial optimization [Duan et al. (2012)].

Negotiation can be carried out in a number of ways and forms, such as

single-issue or multi-issue, bilateral or multi-lateral negotiations. Several

different research trends can be distinguished in automated negotiation

models. For example, game-theoretic models consider a negotiation to be

a game played by two or more players with a set of actions. Reaching

optimal solutions are their main focus under assumptions of full rationality,

complete (or partial) information regarding the strategies and preferences

of other parties. By contrast, heuristic models aim at searching for solutions

to be as close as possible to the optimum, instead of obtaining optimum

agreements. Thus, heuristic models assume imperfect knowledge regarding

the opponent and the environment, and provide computationally affordable

solutions in order to achieve good results. In the following, forms, protocols

and main approaches of automated negotiation are overviewed, respectively.

1.3.1 Negotiation forms

Due to its diverse applications, automated negotiation could come in a

range of forms [Lomuscio et al. (2003); Lopes et al. (2008)]. The typical

(and significant) types are listed as follows:

1.3.1.1 Single-issue versus Multi-issue Negotiations

In single-issue negotiations there is only one issue under consideration for

negotiators. To a large extent, it reduces the negotiation complexity since

learning opponent in the single-issue case is relatively simple as the loss of

one side becomes the gain of the other side. However, the complexity of the

negotiation problems increase rapidly as the number of issues grows (i.e.,

more complex and larger outcome space).

Agent mediated negotiation with multiple issues places a high demand

on agents’ capabilities of choosing proper negotiation moves. In such sort

of negotiations, there are likely to be a number of proposals, which are
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at the same utility level from one side’s perspective but different from the

other side’s perspective. The agents, therefore, are expected to find more

of those proposals that are mutually beneficial for both parties in order to

increase the quality and efficiency of the negotiation.

1.3.1.2 Bilateral versus Multi-lateral Negotiations

Bilateral negotiation normally refers to the scenario in which two parties

negotiate with each other to search for a mutually acceptable agreement

between them. The progress of bilateral negotiations is relatively easy to

assess because its dominant form of communication can be regarded as offer

exchanges between the two parties.

By contrast with bilateral negotiation, multi-lateral negotiation deals

with conflict among multiple parties that sit around the table. The effi-

ciency of multi-lateral negotiations tends to be too low since multi-lateral

negotiations are time-consuming process and even need decades to finish

(e.g., the negotiation over China’s participation in the World Trade Or-

ganization). As a matter of fact, multi-lateral negotiations are far more

complex than bilateral ones due to the complicated communication mech-

anisms, the great variety of interests at stake, the many variables involved

in the process and so forth. Therefore, little work has been done in the

area of multi-lateral negotiations, and most research efforts still focus on

bilateral negotiations so far.

1.3.1.3 Sequential versus Concurrent Negotiations

When it comes to the negotiation problem that one party needs to negoti-

ate with multiple parties on same items or services, two main options are

available for them: sequential or concurrent negotiations [Ponka (2009)].

For sequential negotiations, a negotiator negotiates sequentially with oth-

ers, e.g., all the providers of a service; while in the form of concurrent

negotiations, a negotiator negotiates with many or all the providers at the

same time. Concurrency has the advantage that participants are allowed to

interact with more opponents at a time, thus boosting their learning per-

formance and making the high flexibility of decision-making possible (e.g.,

altering their negotiation tactics in some threads according what they learn

from others or seeking for proposals with a better profit given an agreement

has been reached in one thread). This feature, on the other hand, gives rise

to the management problem of coordinating multiple concurrent negotiat-

ing threads, which requires additional computational resources, and gets
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even worse when concurrent negotiation takes place on a many-to-many

basis. In contrast, sequential negotiations are much easier to study and an-

alyze mathematically. The good understanding of sequential negotiations

paves the way for building further complicated negotiation forms; therefore

in much existing work focus is still on sequential negotiations.

1.3.1.4 Complete versus Incomplete information

In many cases, information about the opponent is often unknown. Specifi-

cally, the opponent’s utility function, negotiation strategy and reservation

value may be unknown, as revealing such information would lead to ex-

ploitation of its behaviors. In a negotiation with incomplete information,

it is a real challenge for an agent to know exactly how its actions affect

the opponent, as this would depend on information that is unknown. By

contrast, if an agent acquires complete information about its opponent, the

agent can then determine which outcomes are high performing for both

parties. It is clear that the agents in this context are more likely to find

a good solution for both sides, and learning opponents (e.g., their utility

function, negotiation strategy and the like) is not that important any more.

To summarize, existing literature focuses on automated bilateral sequen-

tial multi-issue incomplete-information negotiation (e.g., [Baarslag et al.

(2013); Chen et al. (2013a); Chen and Weiss (2012, 2014); Lai et al. (2004);

Williams et al. (2011)]), which is also common for real-world negotiation

scenarios. Characteristic to this type is that there are two autonomous

agents exchanging offers in turn with the goal to agree on a common set of

issues such as price, delivery time, quantity and quality, where these issues

may be of conflictive importance for the negotiators.

1.3.2 Negotiation protocol

Negotiation protocol defines the basic rules of the whole negotiation stages,

including the types of participants, the negotiation states, the actions that

cause negotiation states to change and the actions that participants can

make in each state [Jennings et al. (2001)]. In simple terms, negotiation

protocol governs who can be involved in the negotiation as well as how the

negotiation should proceed. Some good examples of them include simulta-

neous offers and alternating offers protocols.
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1.3.2.1 Simultaneous Offers

Under the simultaneous offers negotiation protocol, the parties on the table

make their offers at the same time. The Nash demand game [Nash (1953)]

is a single shot simultaneous game, where the two parties simultaneously

make a single offer. Consider a concrete negotiation as an example. There

are two players negotiating over how to share a single cheesecake. Players

p and q make a single offer each, Op ∈ [0,1] and Oq ∈ [0,1], which indicates

how much of the pie they wish to eat. If the total amount of pie the players

specified in their offers did not exceed one (that is to say (Op + Oq <=

1), then an agreement is reached between them. Otherwise, if Op + Oq

> 1, no agreement is reached, and the negotiation ends in conflict (i.e.,

negotiation failure). However, it is quite possible that a reached agreement

is not efficient, because some of the cake maybe remain unallocated (e.g.,

Op + Oq < 1). These inefficient outcomes that are not Pareto-optimal1 fail

to maximize the joint expectation of the participating parties.

1.3.2.2 Alternating Offers

The parties, according to the alternating offers protocol, in turn make of-

fers and counter-offers. This continues until one of the parties accepts the

opponent’s offer, or alternatively, one of the parties chooses to terminate

the negotiation (without agreement), or the negotiation deadline is reached.

Compared to the simultaneous offers protocol, the alternating offers pro-

tocol is more appropriate for automated negotiation situations where the

negotiators are assumed to only have incomplete information most of the

time. This is because this protocol could enforce the offers of the two

parties compatible and even Pareto-efficient without a costly coordination

mechanism. Therefore, automated negotiation strategies tend to be on the

basis of the alternating offers protocol.

1.3.3 Negotiation approaches

Although fruitful work on automated negotiation has been contributed to

the community of multi-agent systems, automated negotiation is generally

solved in the following three ways by researchers: heuristic, game-theoretic

and argumentation models.

1An outcome is considered to be Pareto-optimal, if there are no other outcomes that a
single participant could select with no other participants objecting [Wooldridge (2009)].
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1.3.3.1 Heuristic Approaches

Negotiation has traditionally been investigated in game theory [Raiffa

(1982); Osborne and Rubinstein (1994)], and over previous years it has

also developed into a core topic of multiagent systems [Mor et al. (1996);

Lopes et al. (2008); Weiss (2013)]. A number of approaches have been pro-

posed that explore the idea to equip an agent with the ability to build a

model of its opponent and to use this model for optimizing its negotiation

moves (see [Hendrikx (2011)] for a good overview). Modeling the opponen-

t’s behavior, however, is practically challenging because negotiators usually

do not reveal their true preferences and/or negotiation strategies in order to

avoid that others exploit this information to their advantage [Raiffa (1982);

Coehoorn and Jennings (2004)].

Negotiation approaches employ computationally extensive methods for

precise modeling and/or make simplifying assumptions about the negotia-

tion settings (i.e., the environment and the opponent behavior). For exam-

ple, there are approaches assuming that negotiations are simple single-issue

and the opponents have a rather simple (e.g., non-adaptive) behavior. In

the following, representative model-based negotiation approaches are over-

viewed.

Some of the approaches learn opponents by estimating preferences or

the reservation value. [Faratin et al. (2002)] proposed a trade-off strategy

to increase the chance of getting own proposals accepted without decreasing

the own profit. The strategy applied the concept of fuzzy similarity to ap-

proximate the preference structure of the opponent and used a hill-climbing

technique to explore the space of possible trade-offs for its own offers most

likely to be accepted. The effectiveness of this method highly depended

on the availability of prior domain knowledge that allowed to determine

the similarity of issue values. [Coehoorn and Jennings (2004)] used Ker-

nel Density Estimation for estimating the issue preferences of an opponent

in multi-issue negotiations. Their method assumed that the negotiation

history was available and that the opponent employed a time-dependent

tactic (i.e., the opponent’s concession rate depends on the remaining ne-

gotiation time, see, e.g., [Faratin et al. (1998)] for details on this kind of

tactic). The distance between successive counter-offers was used to calcu-

late the opponent’s issue weights and to assist an agent in making trade-offs

in negotiation.

Besides, researchers also applied Bayesian learning to automated negoti-

ation. For instance, [Zeng and Sycara (1998)] used a Bayesian learning rep-
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resentation and updating mechanism to model beliefs about the negotiation

environment and the participating agents under a probabilistic framework;

more precisely, they aimed at enabling an agent to learn the reservation

value of its opponent in single-issue negotiation. [Lin et al. (2008)] was an-

other approach based on Bayesian learning, where the usage of a reasoning

model based on a decision-making and belief-update mechanism is pro-

posed to learn the likelihood of an opponent’s profile; thereby it is assumed

that the set of possible opponent profiles is known as a priori. [Hindriks

and Tykhonov (2008)] presented a framework for learning an opponent’s

preferences by making assumptions about the preference structure and ra-

tionality of its bidding process. It is assumed that (i) the opponent starts

with optimal bids and then moves towards the bids close to the reservation

value, (ii) its target utility can be expressed by a simple linear decreasing

function, and (iii) the issue preferences (i.e., issue weights) are obtainable

on the basis of the learned weight ranking. Moreover, the basic shape of

the issue evaluation functions is restricted to downhill, uphill or triangular.

In order to further reduce uncertainty in high-dimensional domains, issue

independence is assumed to scale down the otherwise exponentially growing

computational complexity. [Oshrat et al. (2009)] developed a negotiating

agent for effective multi-issue multi-attribute negotiations with both human

counterparts and automated agents. The successful negotiation behavior

of this agent is, to a large extent, grounded in its general opponent mod-

eling component. This component applies a technique known as Kernel

Density Estimation to a collected database of past negotiation sessions for

the purpose of estimating the probability of an offer to be accepted, the

probability of the other party to propose a bid, and the expected averaged

utility for the other party. The estimation of these values plays a central

role in the agent’s decision making. While the agent performs well, the

approach taken is not suited for the type of negotiation we are considering

(real-time, no prior knowledge, etc.) because opponent modeling is done

offline and requires knowledge about previous negotiation traces.

In addition to learning opponents’ preferences, other existing approach-

es try to learn the negotiation strategy and decision model of the opposing

negotiator. For instance, [Saha et al. (2005)] applied Chebychev’s polyno-

mials to estimate the chance that an opponent accepts an offer relying on

the decision history of its opponent. This work dealt with single-issue ne-

gotiation, where an opponent’s response can only be an accept or a reject.

[Brzostowski and Kowalczyk (2006)] investigated online prediction of fu-

ture counter-offers on the basis of the past negotiation exchanges by using
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differentials. They assume that there mainly exist two independent factors

that influence the behavior of an opposing agent, namely, time and imita-

tion. The opponent is assumed to apply a weight combination of time- and

behavior-dependent tactic.2 [Hou (2004)] presented a learning mechanism

that employs non-linear regression to predict the opponent’s decision func-

tion in a single-issue negotiation setting. Thereby it was assumed that the

opponent behavior could only be time-, behavior- or resources-dependent

(with decision functions as proposed in [Faratin et al. (1998)]). In the work

of [Carbonneau et al. (2008)] an artificial neural network (ANN) was con-

structed with three layers that contain 52 neurons to model a negotiation

process in a specific domain. The network exploited information about past

counter-offers to simulate future counter-offers of opponents. The training

process required a very large sample database and therefore became inef-

fective when applied in online mode.

1.3.3.2 Game Theoretic Approaches

Game theory is the study of strategic behaviors and interaction among au-

tonomous agents. It has been applied to disciplines as diverse as economic-

s, biology, linguistics and computer sciences [Shoham and Leyton-Brown

(2009)]. Basically, there are two kinds of game theoretic approaches to

negotiation – cooperative and non-cooperative game theory. Cooperative

game theory considers games in which it is possible for participants to form

coalitions, or in other words the basic unit is a group of agents – so that

they together achieve a greater joint utility than they would obtain if they

played the game alone. Non-cooperative game theory [Binmore (1992)] in-

stead considers the strategies that can be used by the self-interested negoti-

ation individuals (for maximizing their own utility) and the protocols used

in negotiation (for guaranteing some desirable properties, e.g., guaranteed

success, simplicity, individual rationality, stability, etc.).

In a particular agent-based negotiation scenario, game theoretic tech-

niques can help resolve two key problems [Jennings et al. (2001)] : 1) the

design of an appropriate protocol that will govern the interactions between

the negotiation participants; and 2) the design of a particular strategy that

individual agents can use while negotiating – an agent will aim to use a

strategy that maximizes its own individual welfare. While proven to be

useful and helpful, there are a number of shortcomings associated with the

2The concepts of time-dependent and behavior-dependent tactics were introduced in
[Faratin et al. (1998)].
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application of game theory to automated negotiations. One major problem

of the theory is related to the strong assumptions about the settings. For

instance, game theory assumes that it is possible to characterize an agent’s

preferences with respect to possible outcomes. However, finding or defin-

ing humans’ preferences over outcomes are challenging tasks in practice.

Furthermore, game theory approaches often assume unbounded computa-

tional capability, which means that no computational/time cost needs to

be considered in search of mutually accepted solutions within a ranges of

outcomes, even when the outcome space is extremely large. In addition,

the theory has failed to generate a general model governing rational choice

in inter-dependent situations [Zeng and Sycara (1997)].

Despite these obvious problems, game theory can characterize the solu-

tion space of negotiation. One well-known and important concept is Nash

Equilibrium, where neither participant can benefit by choosing an alter-

native action, given that all other participants do not change their action

[Nash et al. (1950)]. For instance, as regards efficiency of a specific solu-

tion, Pareto optimality serves as a good indicator – an outcome is said to

be Pareto optimal if no negotiation participant can be better off without

making at least one other participant worse off. There are also some fair-

ness solution concepts from game theory such as the utilitarian [Myerson

(1981)], kalai-smorodinsky [Kalai and Smorodinsky (1975)] considering the

fairness of proposed solutions.

1.3.3.3 Argumentation

Argumentation-based negotiations provide additional information exchange

between negotiators other than the trading of complete (or partial) propos-

als. This additional information exchanged between agents can be of many

different forms, but all of which are arguments which explicitly the reason

why an agent makes the argument. As such, a major advantage of exchang-

ing extra information is to enable agents to offer a critique of the received

proposal as well as explanations why and where it is not satisfying, rather

than simply rejecting the proposal. On the other hand, it is likely for an

agent to persuade its negotiation partner with certain arguments to accept

a solution by altering its preferences.

In negotiation allowing argumentation, participants benefit from this

communication mechanism so that they might reach agreements to which

other approaches could not lead. This is however at the expense of signifi-

cant overheads, due to the reasoning process that the agent has to conduct
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in order to construct and evaluate the arguments. Moreover, it is also

possible for agents to make arguments that are not truthful, which fur-

ther complicates the negotiation, since the agent needs to evaluate each

argument’s credibility [Jennings et al. (2001)]. Lacking of suitable argu-

mentation protocols, building fully functional agents capable of handing

practical negotiations are not well addressed so far. Besides, it would be

difficult to evaluate the performance of an agent in an environment with

varying preferences.

1.4 Characters of Complex practical negotiation

The settings of complex negotiations are of relevance to a wide range of

practical applications and are also common to many human-human negoti-

ation scenarios. Complex negotiations thus differentiate itself from simple

negotiations (e.g., single-issue negotiations, negotiations with prior oppo-

nent information, etc) through the following ways:

1.4.1 Zero Prior Opponent Knowledge

In many negotiations, agents are allowed to access some knowledge of the

opponents before interacting with them. The information may be vital for

decision-making process, including opponents’ utility function, negotiation

strategy and time constraints. Moreover, in a negotiation with complete

information about opponents, an agent is able to calculate which proposals

satisfy both sides best. It is therefore much easier for the agents to propose

and reach a good agreement. Due to the conflicting nature of negotiations

(at least for self-interested participants), opponents however tend to not

be willing to reveal this information. In a negotiation where an agent

has zero prior knowledge about its opponent, it is hard for it to know

exactly which proposals could reach a high level of satisfaction and how the

opponent would react to its proposals, as this would depend on opponent

information, e.g., preference over negotiation issues, strategies, etc. It thus

requires agents to acquire useful opponent information in negotiation via

machine learning or other related techniques.

1.4.2 Continuous-time Constraints

For most cases there is always a deadline by which negotiations should

be completed. The constraints of negotiation are a limited amount of
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continuous-time in many real-life scenarios. The continuous-time con-

straints refer to constraints based on the amount of physical elapsed time

rather than the number of interactions (or rounds) that is studied in pre-

vious literature. Negotiators in this context have a real-time deadline to

reach an agreement; otherwise, the negotiation ends up with a failure (this

deadline is denoted by tmax afterwards). For instance, in a car sales sce-

nario, the customer needs to make his purchase prior to a specific date.

In order to force agreements to be reached in a timely manner, real-time

constraints are normally used between the customer and the car dealer.

Due to the effect of the continuous-time constraints, negotiating agents

are needed to be more adaptive to opponent strategy [Williams (2012)].

That is to say, an agent should not concede too quickly to its opponen-

t, unless the opponent is willing to make a similar compromise. On the

other hand, it is also important that an agent does not employ a tough

approach (like Boulware strategy [Faratin et al. (2002)]), as this could de-

lay the negotiation unnecessarily, causing the value of an agreement to be

decreased.

Furthermore, in such contexts, an increased delay grows the likelihood

that the agents will fail to reach an agreement. It is therefore a challenge

to develop an agent-based strategy that will maximize the agent’s gains.

Using constraints based on real time makes it more difficult to predict the

utility of an offer that an agent might make in the future (other than during

the current step). This is because the time at which any future offer will be

made by an agent depends on the time that its opponent spends in making

its offers. For the same reason, it is also impossible to know how many

interactions will occur before the deadline is reached. Therefore, another

party influences an agent’s utility by delaying the negotiation.

1.4.3 Discounting Effect and Reservation Value

The discounting effect is used as an indicator of a cost based on the duration

of the negotiation, with the purpose of encouraging agents to complete

a negotiation as soon as possible. It has the effect that any particular

agreement that is reached at a given time is of higher value than that

same agreement at a later time. This causes agents that are slow to reach

agreement (e.g. intentionally exploiting opponents) to be punished, as the

value of the agreement will be reduced due to the time delay [Williams

(2012); ana (2012)].

The reservation utility is the minimum utility level for which an agent
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can expect. It also specifies the maximum concession for one side when

playing against a non-concessive opponent. Such maximum concession on

the other hand restricts the possible exploitation of the opponent, thereby

placing higher demand on the flexibility of automated strategy. We next

formalize the two factors, beginning with introducing the model of complex

negotiation used in existing work.

Let I = {a, b} be a pair of negotiating agents, i represent a specific agent
(i ∈ I), J be the set of issues under negotiation, and j be a particular issue

(j ∈ {1, ..., n} where n is the number of issues). The goal of a and b is to

establish a contract for a product or service. Thereby a contract consists

of a package of issues such as price, quality and quantity. Each agent

has a minimum payoff as the outcome of a negotiation; this is called the

reservation value ϑ. Further, wi
j (j ∈ {1, . . . , n}) denotes the weighting

preference which agent i assigns to issue j. The issue weights of an agent i

are normalized summing to one (i.e.,
∑n

j=1(w
i
j) = 1). During a negotiation

session agent a and b act in conflictive roles that are specified by their

preference profiles. In order to reach an agreement they exchange offers

(i.e., O) in each round to express their demands. An offer is thereby a

vector of values, with one value for each issue. The utility of an offer for

agent i is obtained by the utility function defined as:

U i(O) =
n∑

j=1

(wi
j · V i

j (vjk)) (1.1)

where vjk is the k-th value of the issue j and V i
j is the evaluation function

for agent i, mapping a value of issue j (e.g., vjk) to a real number.

If no agreement can be reached at the end or one side breaks off before

deadline, the negotiation then ends up with the disagreement solution (and

thus obtain a reservation value ϑ as its payoff). Note that the number of

remaining rounds are not known and the outcome of a negotiation depends

crucially on the time sensitivity of the agents’ negotiation strategies. This

holds, in particular, for discounting domains, in which the utility is dis-

counted with time. Discounting factor δ (δ ∈ [0, 1]) is used to calculate the

discounted utility as follows:

Dδ(U, t) = U · δt (1.2)

where U is the (original) utility and t is the standardized time (i.e., t ∈
[0, 1]). As an effect, the longer it takes for agents to come to an agreement

the lower is the utility they can achieve. Note that a decrease in δ increases

the discounting effect.
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1.5 State of the art

The focus of current research is on complex practical negotiations. One of

the biggest driving forces behind research into complex negotiations is the

broader spectrum of applications over simple negotiations. This emerging

research trend in automated negotiations has brought a substantial body

of work such as [Williams et al. (2011); Hao and Leung (2012); Chen et al.

(2013a,b); Chen and Weiss (2013); Chen et al. (2015)] that can be roughly

classed into two groups. One group is based on regression techniques to

learn opponents and adjust its behaviors through the learnt model, while

the other is transferring knowledge between different tasks and agents cre-

ating new sources to aid learning opponents. The remainder of this section

illustrates each of them by introducing a typical agent.

1.5.1 Agents based on regression techniques

OMAC is a good example [Chen and Weiss (2013)] that models opponents

using regression technique. It includes two core stages – opponent model-

ing and decision-making mechanism. Regression analysis of opponents is

done by discrete wavelet transformation (DWT), which is a type of multi-

resolution wavelet analysis that provides a time-frequency representation of

a signal and, based on this, it is capable of capturing time localizations of

frequency components. DWT has become increasingly important and pop-

ular as an efficient multi-scaling tool for exploring features since it can offer

with modest computational effort high-quality solutions (with complexity

O(n)) to non-trivial problems such as feature extraction, noise reduction,

function approximation and signal compression. OMAC employs DWT to

extract the main trend of the opponent’s concession over time from its

previous counter-offers.

In DWT a time-frequency representation of a signal is obtained through

digital filtering techniques, where two sets of functions are utilized: scaling

functions using low-pass filters and wavelet functions using high-pass filter-

s. More precisely, a signal is passed through a series of high pass filters to

analyze the high frequencies, and similarly it is passed through a series of

low pass filters to analyze the low frequencies. In so doing, DWT decom-

poses a signal into two parts, an approximation part and a detailed part.

The former is smooth and reveals the basic trend of the original signal, and

the latter is rough and in general corresponds to short-term noise from the

higher-frequency band.
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The decomposition process can be applied recursively as follows:

ylow[k] =
∑
n

f [n] · h[2k − n]

yhigh[k] =
∑
n

f [n] · g[2k − n]
(1.3)

with f [n] being the signal, h[n] a halfband high-pass filter, g[n] a halfband

low-pass filter, and ylow[k] and yhigh[k] the outputs of the low-pass and

high-pass filters, respectively. The iterative application of DWT results in

different levels of detail of the input signal; in other words, it decomposes

the approximation part into a “further smoothed” component and a cor-

responding detail component. The further smoothed component contains

longer period information and provides a more accurate trend of the signal.

For instance, f can firstly be decomposed into a rough smooth part (a1)

and a detail part (d1), and then the resulting part a1 can be decomposed

in finer components, that is, a1 = a2+d2, and so on. This iterative process

is captured by the below diagram:

f · · · a1 · · · a2 · · · a3 · · · an
. . .

. . .
. . .

d1 d2 d3 · · · dn
where a1, a2, . . . , an are the approximation parts and d1, d2, . . . , dn are the

detail parts of f .

Given the discrete wavelet function ψj,k(t) transformed by a mother

wavelet ψ(t),

ψj,k(t) = a
−j/2
0 ψ(a−j

0 t− kb0), j, k ∈ Z (1.4)

DWT corresponds to a mapping from the signal f(t) to coefficients Cj,k

which are related to particular scales, where these coefficients are defined

as follows:

Cj,k =

∫ +∞

−∞
f(t)ψj,k(t)dt, j, k ∈ Z (1.5)

The ψ(t) is normally required to be an orthogonal wavelet in practice, the

set {ψj,k(t)|j, k ∈ Z} is then an orthogonal wavelet basis such that the

signal f(t) can be reconstructed.

A concrete example of applying DWT in negotiation is given in Fig. 1.1,

which shows the curve of the received utilities (i.e., the original signal) in

the domain Airport site selection when negotiating with the agent IAMhag-

gler2011. The curve at the top of the figure represents received utilities χ,
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Fig. 1.1 4-level decomposition of the utilities series χ obtained from IAMhaggler2011

in the negotiation domain Airport site selection. The vertical axis shows score and the
horizontal axis represents the percentage of time (%). The 4-level DWT decomposes
the original input χ into five sub-components including d1 . . . d4 (detail parts) and a4
(approximation part). The resulting components are shown below χ, their frequency

increases from d1 to d4 (i.e., they are more and more smooth). The final approximation
part – a4 is the long-term trend of χ.

dn is the detail component of the nth decomposition layer and a4 is the

approximation on the final layer (i.e., the fourth).This figure clearly shows

that a4 is a pretty good approximation of the main trend of the original

signal. As can be seen, the noise/variation represented by those detail

components (e.g., d1 to d4) is irrelevant to its trend.
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With DTW opponent modeling of OMAC is to estimate the utilities of

future counter-offers it will receive from its opponent. Opponent modeling

is done through a combination of wavelets analysis and cubic smoothing s-

pline. When receiving a new bid from the opponent at the time tc, the agent

records the time stamp tc and the utility U(Oopp) this bid has according to

the agent’s utility function. The maximum utilities in consecutive (equal)

time intervals and the corresponding time stamps are used periodically as

basis for predicting the opponent’s behavior.

With recursive application of DWT to the signal f(t), the approxima-

tion (low frequency) and detail (high frequency) components are recovered,

respectively. For instance, f can first be decomposed into a1 + d1 and the

resulting part a1 can then be decomposed in finer components, that is,

a1 = a2 + d2, and so on. Based upon this recursive process, the signal can

be expressed as f = a1 + a2 + . . .+ an + dn (further details on wavelets are

given in e.g. [Daubechies (2006)]). We use the following notation:

χ = υ +
λ∑

n=1

dn (1.6)

where υ represents the approximation component of χ and dn is n-layer

detail part (n is determined by the decomposition level λ). An example can

be found in Figure 1.2 which shows χ and its corresponding approximation

part υ along with the estimated upper and lower bounds of χ. The two

bounds are represented by v ± σ, where σ is the standard deviation of the

ratio between χ and υ.

In order to forecast the opponent’s future behavior, cubic smoothing

spline is used by OMAC to extend the smooth component υ. Cubic spline

is widely used as a tool for prediction, see [Yousefi et al. (2005)]. For equally

spaced time series, a cubic spline is a smoothing piecewise function, denoted

as the function ˆg(t) which minimizes:

p
n∑

t=1

w(t)(f(t)− ĝ(t))2 + (1− p)

∫
(ĝ(u)′′)2du (1.7)

where p is the smoothing parameter controlling the rate of exchange be-

tween the residual error described by the sum of squared residuals and local

variation represented by the square integral of the second derivative of g

and w is the weight vector (for further details, refer to [de Boor (1978)]).

Given the extended version of the smooth part – α, a simple function

R, called reserved utility function, is used to realize concession adaptation.

This function guarantees the minimum utility at each given time step. This
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Fig. 1.2 Illustrating the opponent’s concession (given by χ, the thick solid line) and the
corresponding approximation part υ (the thin solid line) when negotiating with Agent K2
in the Camera domain. The two dash-dot lines represent the estimated upper and lower
bounds of χ.

is because the function values are set as the lower bound of our expected

utilities. Moreover, in principle it makes concession over time, thereby

taking into account the impact of the discounting factor.

The estimated received utility Eru(t), which indicates the expectation

of opponent’s future concession, is defined as follows:

Eru(t) = D(α(t)(1 + Stdev(ratio[tb,tc])), t), t ∈ [tc, ts] (1.8)

where Stdev(ratio[tb,tc]) is the standard deviation of ratio between the s-

mooth part υ and the original signal χ from the beginning of negotiation(tb)

till now and ts is the end of α.

Suppose the future expectation the agent has obtained from Eru(t) is

optimistic, in other words, there exists an interval {T |T ̸= ∅, T ⊆ [tc, ts]},
so that

Eru(t) ≥ D(R(t), t), t ∈ T (1.9)
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OMAC then sets the time t̂ at which the optimal estimated utility û is

reached as:

t̂ = argmaxt∈T (Eru(t)−D(R(t), t)) (1.10)

and û is simply assigned by:

û = Eru(t̂) (1.11)

1.5.2 Agents based on transfer learning

Even though autonomous agents have gained remarkable achievements

in various negotiation domains, a significant shortcoming shared by au-

tonomous agents is the omission of knowledge reuse. The problem of op-

ponent modeling is tough due to the lack of enough information about

opponents. Knowledge re-use in the form of transfer can serve as a poten-

tial solution for such a challenge. Transfer is substantially more complex

than simply using the previous history encountered by the agent. Since

for instance, the knowledge for a target agent can potentially arrive from

a different source agent negotiating in a different domain, in which case a

mapping to correctly configure such knowledge is needed. Transfer is of

great value for a target negotiation agent in a new domain. The agent can

use this “additional” information to learn about and adapt to new domains

more quickly, thus producing more efficient strategies.

[Chen et al. (2013b)] firstly applied this novel transfer learning mech-

anism to automated negotiation. Specifically, the proposed agent adopts

conditional restricted Boltzmann machines (CRBMs) as the basis for oppo-

nent modeling, which is in turn used for determining a negotiation strategy.

Conditional restricted Boltzmann machines (CRBMs), introduced in [Tay-

lor and Hinton (2009)], are rich probabilistic models used for structured

output predictions. CRBMs include three layers: (1) history, (2) hidden,

and (3) present layers. These are connected via a three-way weight tensor

among them. CRBMs are formalized using an energy function. Given an

input data set, these machines learn by fitting the weight tensor such that

the energy function is minimized. Although successful in modeling differ-

ent time series data [Taylor and Hinton (2009); Mnih et al. (2012)], full

CRBMs are computationally expensive to learn. Their learning algorithm,

contrastive divergence (CD), incurs a complexity of O(N3). Therefore a

factored version, the factored conditional restricted Boltzmann machines

(FCRBM), has been proposed in [Taylor and Hinton (2009)]. FCRBM fac-

tors the three-way weight tensor among the layers, reducing the complexity

to O(N2). Next the mathematical details will be explained.
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Define V<t = [v
(i)
<t, . . . , v

(n1)
<t ], with n1 being the number of units in

the history layer. Further, define Ht = [h
(1)
t , . . . , h

(n2)
t ], with n2 being the

number of nodes in the hidden layer. Finally, define Vt = [v
(1)
t , . . . , v

(n3)
t ],

with n3 being the number of units in the present layer.

In automated negotiation the inputs are typically continuous. There-

fore, for the history and present layers, a Gaussian distribution is adopted,

with a sigmoidal distribution for the hidden.

The visible and hidden units joint probability distribution is given by:

p(Vt,Ht|V<t,W) = exp

(
−E(Vt,Ht|V<t,W)

Z

)
with the factored energy function determined using:

E(Vt,Ht|V<t,W) = −
∑
i

(
v
(i)
t − a(i)

)
σ2
i

−
∑
j

h
(j)
t b(j)

−
∑
f

(∑
i

WVt

if

v
(i)
t

σi

∑
j

WH
jfh

(j)
t

∑
k

WV<t

kf

)
where Z is the potential function, f is the number of factors used for fac-

toring the three-way weight tensor among the layers, and σi is the variance

of the Gaussian distribution in the history layer. Furthermore, WVt

if , W
H
jf ,

andWV<t

kf are the factored tensor weights of the history, hidden, and present

layer, respectively. Finally, a(i) and b(j) are the biases of the history and

hidden layers, respectively.

Since there are no connections between the nodes of the same layer,

inference is done parallel for each of them. The values of the jth hidden

unit and the ith visible unit are, respectively, defined as follows:

sHj,t =
∑
f

WH
jf

∑
i

WV
if

v
(i)
t

σi

∑
k

WV<t

kf

v
(k)
<t

σk
+ b(j)

sVi,t =
∑
f

WV
if

∑
j

WH
jfh

(j)
t

∑
k

W
V(k)

<t

kf

v
(k)
<t

σk
+ a(i)

These are then substituted to determine the activation probabilities of each

of the hidden and visible units as:

p(h
(j)
t = 1|Vt,V<t) = sigmoid(sHj,t)

p(v
(i)
t = x|Ht,V<t) = N

(
sVi,t, σ

2
i

)
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Learning in the full model means to update the weights when data is

available. This is done using persistence contrastive divergence proposed

in [Mnih et al. (2012)]. The update rules for each of the factored weights

are:

∆WV
if ∝

∑
t

(⟨
v
(i)
t

∑
k

WV<t

kf v
(k)
<t

∑
j

WH
jfh

(j)
t

⟩
0

−
⟨
v
(i)
t

∑
k

WV<t

kf v
(k)
<t

∑
j

WH
jfh

(j)
t

⟩
K

)
∆WH

jf ∝
∑
t

(⟨
h
(j)
t

∑
k

WV<t

kf v
(k)
<t

∑
i

WV
ifv

(t)
t

⟩
0

−
⟨
h
(j)
t

∑
k

WV<t

kf v
(k)
<t

∑
i

WV
ifv

(i)
t

⟩
K

)
∆WV<t

kf ∝
∑
t

(⟨
v
(k)
<t

∑
i

WVt

if v
(i)
t

∑
j

WH
jfh

(j)
t

⟩
0

−
⟨
v
(k)
<t

∑
i

WVt

if v
(i)
t

∑
j

WH
jfh

(j)
t

⟩
K

)
∆a(i) ∝

∑
t

(⟨v(i)t ⟩0 − ⟨v(i)t ⟩K)

∆b(j) ∝
∑
t

(⟨h(j)t ⟩0 − ⟨h(j)t ⟩K)

where ⟨·⟩0 is the data distribution expectation and ⟨·⟩K is the reconstructed

distribution after K-steps sampled through a Gibbs sampler from a Markov

chain starting at the original data set.

Upon receiving a new counter-offer from the opponent, the agent record-

s the time stamp tc, the utility of the latest offer proposed by the agent

u
(l)
own and the utility, urec, in accordance with the agent’s own utility func-

tion. Since the agent may encounter a large amount of data in a single

session when operating in real time, the CRBM is trained every short peri-

od (interval) to guarantee its robustness and effectiveness in the real-time

environments. The number of equal intervals is denoted by ζ.

The agent predicts the optimal utility to receive from the opponent, u⋆rec,

by training the conditional restricted Boltzmann machine with (tc, u
(l)
own) as

inputs.

To maximize the received utility from the opponent, the agent should

select the optimal offer that maximizes:

max
t,uown

urec = max
t,uown

N (µ, σ2) (1.12)

s.t. t ≤ Tmax (1.13)
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with, µ =
∑

ij Wij1v
(i)h(j) + c(1) being the mean of the Gaussian distribu-

tion of the node in the present layer of the Boltzmann machine. In other

words, the output of the CRBM on the present layer is the predicted utility,

urec, of the opponent. To solve the maximization problem of Equation 1.13,

the Lagrange multiplier technique is used. Namely, the above problem is

transformed to the following:

max
t,uown

J(t, uown) (1.14)

where J(t, uown) =
[
N
(∑

ij Wij1v
(i)h(j) + c(1), σ2

)
− λ(Tmax − t)

]
. The

derivatives of Equation 1.14 with respect to t and uown are calculated as

follows:

∂

∂t
J(t, uown) =

1

2σ2
(urec − µ)N

(
µ, σ2

)∑
j

W1j1h
(j)


∂

∂uown
J(t, uown) =

1

2σ2
(urec − µ)N

(
µ, σ2

)∑
j

W2j1h
(j)


These derivatives are then used by gradient ascent to maximize Equa-

tion 1.14. The result is a point ⟨t⋆, u⋆own⟩ that corresponds to u⋆rec.
Having obtained ⟨t⋆, u⋆own⟩, the agent has now to decide on how to con-

cede to t⋆ from tc. [Williams et al. (2011)] adopted a linear concession

strategy. However, such a scheme potentially omits a lot of relevant infor-

mation about the opponent’s model. To overcome such a shortcoming, this

work uses the functional (i.e., learnt by the CRBM) manifold in order to

determine the concession rate over time. First, a vector of equally spaced

time intervals between t⋆ and tc is created. This vector is passed to the

CRBM to predict a vector of relevant urec’s (i.e., phase one in Figure 1.3).

Having attained urec, the machine runs backwards, denoted by phase two

in Figure 1.3, (i.e., CD with fixing the present layer and reconstructing on

the input) to find the optimal utility to offer at the current time tc. It is

clear that the concession rate follows the manifold created by the factored

three-way weight tensor, and thus follows the surface of the learnt func-

tion. Adopting the above scheme, the agent potentially reaches ⟨t⋆, u⋆own⟩,
which are used to attain u⋆rec such that the expected received utility can be

maximized.

Given a utility (uτ ) to offer, the agent needs to validate whether the

utility of the counter-offer, urec, is better than uτ and the (discounted)

reservation value, or whether it had been already proposed earlier by the
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Fig. 1.3 High level schematic of the overall concession rate determination.

agent. If either of the conditions is met, the agent accepts this counter-offer

and an agreement is reached. Otherwise, the proposed method constructs a

new offer which has a utility of uτ . Furthermore, for negotiation efficiency,

if uτ drops below the value of the best counter-offer, the agent chooses

that best counter-offer as its next offer, because such a proposal tends to

well satisfy the expectation of the opponent, which will then be inclined to

accept it.

Knowledge transfer has been an essential integrated part of different

machine learning algorithms. The idea behind transferring knowledge is

that a target agents when faced by new and unknown domains, may benefit

from the knowledge gathered by other agents in different source domain(s).

Opponent modeling in complex negotiations is a tough challenge due to the

lack of enough information about the opponent. Transfer learning is a well

suited potential solution for such a problem.

The overall transfer mechanism of TCRMB is shown in Figure 1.4. After

learning in a source task, this knowledge is then mapped to the target. The

mapping is manifested by the connections between the two tasks’ hidden

layers (Figure 1.4). This can be seen as an initialization of the target task

machine using the source model. The intuition behind this idea is that

even though the two tasks are different, they might have shared features.

This relation is discovered using the weight connections between the hidden

layers shown in Figure 1.4. To learn these weight connections contrastive

divergence on the corresponding layers is performed. The weights are learnt
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such that the reconstruction error between these layers is minimized. It is

worth noting, that there is no need for the target hidden units to be same

as these of the source. The following update rules for learning the weights

are used:

W
S→T (τ+1)
ij = W

S→T (τ)
ij + α

(
⟨h(i)S h

(j)
T ⟩0 − ⟨h(i)S h

(j)
T ⟩K

)
where,WS→T is the weight connection between the source negotiation task,

S, and the target task T , τ is the iteration step of contrastive divergence, α

is the learning rate, ⟨·⟩ is the data distribution expectation and ⟨·⟩K is the

reconstructed distribution after K-steps sampled through a Gibbs sampler

from a Markov chain starting at the original data set.

When the weights are attained, an initialization of the target task hid-

den layer using the source knowledge is available. This is used at the start

of the negotiation to propose offers for the new opponent. The scheme in

which these propositions occur is the same as explained previously in the

no transfer case. When additional target information is gained, it is used
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Fig. 1.4 Transfer CRBMs.

to train the target CRBM as in the normal case. It is worth noting, that

this proposed transfer method is not restricted to one source task. On the

contrary, multiple source tasks are equally applicable. Furthermore, such

a transfer scheme is different than just using the history of the agent. The

transferred knowledge can arrive from any other task as long as this infor-
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mation is mapped correctly to suit the target. This mapping is performed

using the CD algorithm as described above.

The difference between TCRMB and CRMB , lie in the initialization

procedure of the three-way weight tensor at the start of the negotiation. In

case of TCRMB the initialization is performed using the transferred knowl-

edge from the source task, while in CRMB this is done using the standard

method, where the weights are sampled from a uniform Gaussian distribu-

tion with a mean and standard deviation determined by the designer.

1.6 Conclusion

This chapter begins with introduction of the popular forms, protocols and

approaches of automated negotiation. Then state-of-the-art approaches

for complex practical negotiation – multi-issue negotiation that runs under

real-time constraints and in which the negotiating agents have no prior

knowledge about their opponents’ preferences and strategies – are studied

by two fine examples of agents based on regression techniques and agents

based on transfer learning. These two types of techniques are used wildly

in the field of complex negotiation with good performance across a variety

of scenarios.

Despite of the successes gained by those agents, two issues still stand

out. First, the computational complexity of learning opponents is still not

trivial especially when tackling high-dimensional problems. One possible

solution is to further reduce computational complexity via adopting more

advanced schemes (e.g., sparse techniques). Another issue is how to extend

the proposed agents to other more complex negotiation forms like concur-

rent multilateral negotiations. As far as we are concerned, there is little

research focus on the applicability and generality of negotiating agents.
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