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Preface

In this book we present a collection of papers around the topic of Agent-Mediated
Electronic Commerce. Most of the papers originate from the third workshop on
Agent–Mediated Electronic Commerce held in conjunction with the Autonomous
Agents conference in June 2000. After two previous workshops, one during the
Autonomous Agents conference in 1998 in Minneapolis and the second one in
conjunction with the International Joint Conference On Artificial Intelligence
in 1999, this workshop continued the tradition of the previous ones by setting
the scene for the assessment of the challenges that Agent-Mediated Electronic
Commerce faces as well as the opportunities it creates. By focusing on agent-
mediated interactions, specialists from different disciplines were brought together
who contribute theoretical and application perspectives in the narrowly focused
topic that nevertheless involves wide ranging concerns such as: agent architectu-
res, institutionalization, economic theory, modeling, legal frameworks and policy
guidelines. The main topics for the workshop were:

– Electronic negotiation models for agents
– Formal issues for agents that operate in electronic market places
– Virtual trading institutions and platforms
– Trading strategies for interrelated transactions (respectively auctions)

The workshop received 12 submissions of which 7 were selected for publication
in this volume. Although the number of submissions was less then expected for
an important area like agent-mediated electronic commerce there is no reason to
worry that this area does not get enough attention from the agent community. In
fact, we noticed that many papers on agent-mediated electronic commerce found
their way to the main conference. We decided therefore to invite a number of
authors to revise and extend their papers from this conference and combine them
with the workshop papers. Finally, we decided to include a paper that discusses
the results of the Fishmarket tournament that was held during the workshop.
The result is that this volume contains 12 high quality papers that really can be
called representative of the field at this moment.

We have arranged the papers in the book according to the topics indicated
above. The first section containing three papers is focused on negotiation models.
This section starts with a more theoretical paper on a bilateral negotiation model
for agent-mediated electronic commerce from G. de Paula, F. Ramos and G.
Ramalho. In this paper they describe a model for bilateral negotiation, which
offers support for, e.g., alternative product suggestion and ultimatum generation.
It is therefore a generalization of the models used in current e-commerce systems
such as Kasbah and MAGMA.

The second paper in this section (from M. Barbuceanu and W. Lo) discusses
simultaneous negotiation over several attributes of a product. It uses constraint
optimization as a model to concurrently satisfy several objectives as well as
possible.
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The same type of techniques are used in the paper of R. Kowalczyk and V.
Bui, which uses constraint-based reasoning to support the negotiation process
of agents in a car-trading system.

The second section of the book contains three papers with a more formal,
logical flavor. The first two papers both discuss issues related to the communica-
tion between agents in an e-commerce setting. The first paper of A. Artikis, F.
Guerin and J. Pitt shows how conversations between more than two parties can
be formally modeled and given a clear semantics. The theory is used to model
some frequently occurring auction protocols.

The second paper (M. Wooldridge and S. Parsons) discusses some issues
for the design of negotiation protocols for agent communication languages that
are based on logic. It indicates that a seemingly simple question as to whether
agreement between the parties has been reached is difficult to answer formally
(based on the protocol and the messages exchanged). It sets forth to indicate a
number of progressively more complex negotiation languages and considers the
complexity of these languages.

The last paper of this section, from M. Pradella and M. Colombetti, gives a
formal description of a practical agent for e-commerce. The formal model makes
it possible to prove certain properties of the agent, which would otherwise be
hard to discover.

The third section of this book is devoted to platforms and institutions for
agent-mediated electronic commerce. H. Cardoso and E. Oliveira describe a plat-
form that can be used for e-commerce between agents and which supports ad-
aptive agents, i.e., agents that learn from past experiences. The platform also
supports multi-lateral and multi-issue negotiation.

In the paper of M. Schröder, J. McMann and D. Haynes it is argued that in
trading a universal ontology is often assumed for matching offers and demands.
This ontology is often a bottleneck for the scalability of the system. The paper
describes a system which circumvents the necessity of such a universal ontology
by making the clients a bit more flexible, while the traders specify their products
a bit less precisely.

The last paper in this session is from M. Tsvetovat, K. Sycara, Y. Chen and
J. Ying and discusses the formation of customer coalitions on electronic markets.
It discusses the possible formation processes with their advantages and risks and
indicates which model is most likely to succeed.

The last section of the book contains four papers related to agent strate-
gies for agents that operate on markets where multiple interrelated auctions are
running. The first paper of C. Preist, C. Bartolini and I. Phillips discusses the
design of an algorithm for an agent that participates in multiple simultaneous
auctions. The algorithm is designed to divide the wanted number of products
over the auctions in an optimal way.

The other paper of this section is from J. Béjar and Cortés and discusses
strategies for agents that participate in the Fishmarket games using the Dutch
Bidding Protocol. In these games the agent has to participate in a number of
successive auctions, trying to buy an optimal amount of fish. The last paper by



Preface VII

J. Béjar and J. Rodŕıguez-Aguilar describes the exhibition tournament held for
this workshop. It also discusses the reasons for the success or failure of some
strategies and lessons that can be learned from the tournament.

We want to conclude this preface by extending our thanks to the members
of the program committee of the AMEC workshop who were willing to review
the papers in a very short time span and also of course to the authors who were
willing to submit their papers to our workshop and the authors that revised their
papers for this book.

December 2000 Frank Dignum
Ulises Cortés
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Bilateral Negotiation Model for Agent-Mediated
Electronic Commerce

Gustavo E. de Paula, Francisco S. Ramos and Geber L. Ramalho

Universidade Federal de Pernambuco
Centro de Informática

Caixa Postal 7851 50732-970 – Recife – PE – Brazil
{gep,glr}@di.ufpe.br

Abstract. One of the main issues in electronic commerce is the inclusion of the
negotiation facilities commonly available in human client-vendor interaction in
real world commerce. E-commerce negotiation processes have usually been
modeled as self-interested multi-agent systems. In these systems buyers and
sellers are represented by agents that have opposite demands and decide what to
do on the flight, based on the available information. However, currently e-
commerce systems, such as Kasbah and Magma [21], provide a small number
of bilateral negotiation facilities. Fortunately, some general negotiation models
could be at first applied to e-commerce domain. This is typically the case of
Faratin’s model, which can be seen as an extension of Kasbah’s. In this paper,
we propose an original bilateral agent negotiation model, which extends
Faratin’s one. We introduce various facilities, such as alternative product
suggestion, ultimatum generation, local contract agreements, etc. These
facilities  intend to grant users with a more flexible e-commerce environment.
We present our model formalization, including the knowledge base that
determines agent behavior. Some empirical validation is also presented to the
case of computer purchase.

1 Introduction

As the e-commerce usage has been growing, the involved companies have been trying
to offer buy-and-sell facilities to their clients that are as close as possible to the real
world ones. These facilities rely essentially on the client-salesman interaction. In fact,
clients usually do not know precisely which product to buy or how much to pay for it.
The salesman can then (i) help the client to choose the product that best fits his or her
needs; (ii) suggest alternative products; and (iii) negotiate shopping prices and
conditions. These facilities are desirable because they provide user with a more
flexible environment to do their shopping, and this will probably help him to get
better purchase conditions.

Agent’s metaphor and technologies [9, 22] can be used to model the behavior, the
desires and the goals of both salesman and client, providing the typical facilities of
client-salesman interaction, which are not yet present in e-commerce. Under this
agent mediated e-commerce (AMEC) perspective, one of the main issues is to model
and implement negotiation, which involves the specification of the negotiable
attributes, agent possible moves, and agent decision making strategies.
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MIT Kasbah market place [2, 3] is the most significant example of e-commerce
negotiation system. This market place simulates an environment where an user can
create an autonomous agent to buy or sell a product, negotiating product price on
his/her behalf. The agent configuration includes some behavior rules, such as the
maximum time to reach a deal, the desired price interval and the price suggestion
function. Kasbah provides a small number of facilities to the user’s negotiation
process.

Fortunately, since negotiation is a central component of many self-interested multi-
agent systems [2, 3, 7, 8, 13, 14], some of them could be adapted to e-commerce
domain. This is typically the case of Faratin’s negotiation model [5], which can be
seen as an extension of Kasbah’s. In fact, Faratin’s model includes new features, such
as multiple attributes negotiation, and imitative and resource dependent proposal
generation.

In this paper, we detail an agent bilateral negotiation model, which is an extension
of Faratin’s one applied to e-commerce domain. The main extensions encompass the
incorporation of negotiation cost in decision function; the possibility of negotiating
over a set of products and multiple attributes; the ultimatum generation; and the
suggestion of alternative products.This paper is organized as it follows. In the next
section, we present our view of the negotiation problem and processes. In Section 3,
we analyze Kasbah and Faratin’s model, highlighting their limitations. In Section 4,
we present our model, pointing at some solutions to overcome these limitations. We
present the negotiable products representation, the agent possible moves (which
defines agent complexity), and the agent behavior rules. Some empirical validation to
the case of computer purchase are also presented in Section 5. Conclusions and future
work are given in the last Section.E-commerce Negotiation.

2 E-Commerce Negotiation

In this Section, we discuss some problems and processes underlying e-commerce
negotiation, stressing the difficulties of modeling real world features.

2.1 Real World Negotiation Features

The virtual negotiations, which take place in the Internet, are far away from a real
world one, because several features are not considered. Human behavior in real world
commerce negotiation involves difficult points, such as:
− Multiple attributes negotiation: negotiation usually involves several attributes,

such as price, delivery time, taxes, etc.;
− Similar product suggestion: clients usually do not know precisely which product to

buy. They have only an idea of the desired product class. In this case, the
negotiation can regard similar alternative products;

− Correlated product suggestion: when a client buys a television, a salesman can
offer a discount in the case that the client also buys a video cassette;

− Ultimatum: when a negotiator wants to leave the negotiation process, he/she gives
an ultimatum to the opponent indicating that this is his/her last offer. This
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ultimatum is used to indicate the desire to leave the negotiation process if the last
offer is not accepted.

− Negotiation cost: a client can buy the product at hand only to avoid the cost
(locomotion, parking, etc.) of trying to find a cheaper one somewhere else;

− Learning: the experience of previous negotiations is usually taken into account in
the future;
As far as we know, only the first of the above features has been incorporated by the

e-commerce systems developed so far.

2.2 Principles of Bilateral Agents Negotiation

In automatic bilateral negotiation, two agents (seller and buyer) that have
contradictory demands must exchange proposals in order to reach a deal.

Each agent has a private border proposal, which is a maximum (or minimum) limit
that must be respected in reaching a deal (see Figure 1). The intersection between
agents’ border proposals defines what we call the deal range. If the deal range will be
empty, the deal is impossible. A formal definition of these concepts is available in [4].

Initial proposal

Initial proposal

Border proposal

Border proposal

Deal Range

Buyer

Seller

Fig. 1.  Bilateral negotiation process. Seller is in bold and buyer is in normal. The dashed area
is the deal range.

Each agent’s border proposal values are normally kept hidden from its opponents.
Some approaches, such as vickrey mechanism, multi-unit vickrey [6], have been
developed to force the opponent agent to reveal its border values. However, it has
been shown that this approach has several limitations when applied to bounded
rationality applications like the one considered here [19].

2.3 Problems of Bilateral Agent Negotiation

In order to model an environment where agents can negotiate on behalf of human
beings taking into account real world features, it is necessary to answer the following
questions:
− How to model the proposals?
− How proposals are evaluated?
− Which are the agent possible moves in negotiation?
− How do agents decide which move to take in each of negotiation round?

The first question regards the content and the representation of the proposals
exchanged during negotiation. The answers depend on what should be considered in
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negotiation. A proposal may contain more than one deal attribute, such as price,
delivery time, delivery tax, guaranties, etc. Product attributes can also be considered
in a proposal. For instance, in the purchase of a computer, these attributes could be
the computer brand, the processor speed, the memory size, etc.

The answer to the second question depends on the answer to the first one and
defines an evaluation function. If the proposals consider more than one deal attribute,
for instance, it would be necessary to combine theses attributes to obtain a single
value. If product attributes are considered, then they should also be included in the
evaluation function.

The answer to the third question depends on the desired negotiation complexity. A
basic negotiation usually embodies three moves: accept an offer; quit negotiation; and
generate a counterproposal. The agent can accepts a proposal when it is between its
initial and border proposals range and the agent cannot generate a better
counterproposal. Normally agent quits negotiation when the opponent current
proposal is not good enough and a given maximum negotiation time is reached.
Otherwise, the agent could generates a counterproposal. A sophisticated negotiation
could encompass additional moves, such as alternative or correlated products
suggestion; and ultimatum offer (See Section 2.1).

The fourth question addresses the decision making problem. If only the basic
moves are adopted, a simple function can be defined to classify the moves
importance, based on the proposal evaluation (see second question). The closer is the
model to real world negotiation, the greater is its complexity, since further moves are
considered and the definition of the classification function becomes harder. In the
case of choosing counterproposal generation, it is also necessary to determine its
value. This can be made according to some tactics [5], such as: time-dependent
tactics, where proposals depend only on the elapsed time in a constant rate; behavior-
dependent tactics (tit-for-tat) where proposals depend only on the opponent behavior;
resource-dependent tactics where proposals depends on the amount of some resource
in the negotiation environment (e.g., number of available sellers).

3 State of the Art

We discuss now how two negotiation systems, Kasbah [2, 3] and Faratin’s [5],
address the four questions raised in the previous section. As stated in the introduction,
Kasbah is the most significant e-commerce system devoted to the simulation of real
world negotiation conditions. Although Faratin’s model has been applied to a
business process management domain, it can be seen as a direct extension of
Kasbah’s model. We believe that Faratin’s model can be easily applied to e-
commerce and, besides that, be extended to include new features.

In Kasbah, the proposals consist only of a single item: the product price (the
product attributed are not considered).  The proposals evaluation in then the simplest
as possible consisting of the suggested price. The moves implemented are the basic
ones: quit, accept and generate counterproposal (see Section 2.3). All counterproposal
generation functions are time-dependent, with variation rates being linear, quadratic
or cubic. Negotiation cost is not considered in decision process.

Faratin’s model extends Kasbah’s in three aspects: proposal representation,
proposal evaluation and counterproposal generation tactics. In fact, a Faratin’s
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proposal, represented by Proposalj = {Xj}, may contain multiple deal attributes. Each
Xj is then defined as

( )iniiii xxxxX ,...,,, 321= (1)

where xji represents an deal item value and j the negotiation round number (see section
4.1).

Each xi is limited to a continuos closed interval [mini, maxi] and it has a score
function [ ] [ ]1,0max,min: →iiiV , which serves to normalize it before combining all

the attributes. The proposal evaluation function is a weighted combination of the each
score function values and it maps the different values composing a proposal into a

single point in the negotiation range. It is defined as: ( ) ( )∑
=

=
n

j
ijjjix xVwXE

1

, where

1
1

=∑
=

n

j
jw .

Faratin’s model implements the same moves as in Kasbah’s. The negotiation
decision making uses an interpretation function, which takes as input the agent current
and last proposals, the opponent current proposal and the current negotiation round.
This interpretation function is defined below.

( )
( )
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accept
ttIfreject

proposalproposaltI
1

max

1

,
,
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(2)

where b
tproposal 1−  is the last opponent proposal; a

tproposal is the agent current

proposal; maxt is the maximum time to reach a deal.

Counter-proposal generation can be made according to three tactic families: time-
dependent, behavior-dependent or resource-dependent ones. These tactics can also be
weighted combined, defining a negotiation strategy.

In our view, there are two limitations in this model. The first one regards the fact
that the model does not consider the negotiation cost in the decision making
process[5, 17].

The second, and most important limitation regards the decision rule used in
decision making (interpretation function) when the proposal is dealing with more than
one attribute at the same time. The problem is that, using function Ex, all the deal
attributes values are mapped into a single value. The mapping has two bad side
effects: local constraint violation and local deal degeneration. The local constraint
violation occurs when a proposal is accepted even if negotiation border of one of the
deal attributes has not been satisfied. For instance, let us consider a problem where
two agents, B (buyer) and S (seller), are negotiating product price and delivery time.
The agent B wants to buy a product for $10 but it is able to give in up to $25. Agent S
is selling the product for $40 and it is able to give in up to $23. Regarding the delivery
time, B wants the book in 1 day and it is able to wait until 5. Considering all attribute
weights equals to 0.5, the proposal ($26,1 day), whose evaluation is (0.5*0.53) +



6 G.E. de Paula, F.S. Ramos, and G.L. Ramalho

(0.5*1) = 0,765, would be accepted, if compared to a previous proposal ($20, 5 days),
whose evaluation is (0.33 * 0.5 + 0.5 * 0,5) = 0,415.

The local deal degeneration problem occurs because the evaluation function
considers only the whole proposal and does not deliberate about any deal that may
occur in one of the negotiable attributes. In other words, when a deal is reached
regarding a single attribute, but not all attributes under negotiation, the negotiation
process may degenerate. Considering the example above, let us take a look in a
possible scenario (Table 1) of exchanged proposals between the agents. The
negotiation process degenerates from round 3 since the local deal concerning delivery
time is not considered in next rounds. This limitation is not present in Kasbah’s, since
it does not allow multiple items negotiation.

Table 1. Negotiation proposal exchange

Negotiation
round

Buyer Seller

Price($) Delivery
time(day)

Price ($) Delivery
time(day)

1 10 1 40 3
2 12 2 37 2
3 14 3 35 1
4 16 4 33 1
5 18 5 30 1

4 Our Negotiation Model

Our main motivation in developing our e-commerce negotiation model has been to
incorporate most of the real-world features listed in Section 2.1. We have succeeded
in some of them: multiple product items, multiple products of the same class,
ultimatum and negotiation cost. In this section, we present how we have embodied
these features, answering to the four questions stated in Section 2.3.

4.1 Negotiation Protocol Overview

Figure 2 shows our model negotiation phases and their connections. A negotiation
cycle begins when the agent receives a proposal and it ends when it receives a
counterproposal. Each cycle is called negotiation round and the agent has a maximum
number of negotiation rounds tmax to reach a deal. It is worth to notice that, as time
goes by and the number of rounds increases, a negotiation cost can increase, forcing
the agents to reach a deal quickly.
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Receive
Offer

Analyze
Offer

Build
Counter-offer

Send
Offer

Give up
Reject
Offer

Accept
Offer

Suggest 
Altern. Product

Choose 
Altern. Product

Build Initial
Offer

Last
Offer

Send
Last Offer

Receive
Last Offer

Analyze
Offer

Reject
Offer

Accept
Offer

Opponent

Fig. 2. Negotiation game in a process view. Opponent agent box has the same phases and
connections.

4.2 Negotiable Attributes Representation

Since our model includes alternative product suggestion, it is necessary to consider a
negotiation not only over a simple product by over a product class

{ }mPPPC ,...,, 21= , where Pi represents a product and m is the number of products

in the class. Each Pi is defined as:

( )iniiii ccccP ,...,,, 321=  , (3)

where cij represents a characteristic value.
Every cij is defined in a discrete set of possible values [ ]hijijijijij vvvvc ,...,,, 321∈

and has a score function [ ] [ ]1,0,...,,,: 321 →hijijijij
c

ij vvvvV .

A product evaluation funcaion can be defined as ( ) ( )∑
=

=
n

j
ijjjip cVwPE

1

, where

1
1

=∑
=

n

j
jw .

The proposal contract which agent receives is represented by

Proposalj = {Pi, Xj} (4)

Each Pi stands for the product attributes being negotiated (Section 2.3) and Xj

stands for the deal items values. The later have been proposed in Faratin’s model
(Section 3) with a modification which garanties that only proposals with all attributes
values inside the deal range are accepted. To do that, the attribute evaluation function
was modified so that values outside the [ ]ii max,min  were evaluation to ∞− . The

product representation is an extension made by our model.
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4.3 Evaluating Proposals

After the agent receives a proposal, it has to analyze it to decide if it is good or not.
To do that, we define an evaluation function Econtract which combines the evaluations of
the product, Ep, and of the deal items Ex.

{ }( ) ( ) ( )XEWPEWXPE xpcontract 21, +=  , (5)

where W1 and W2  are the weights that we give to the product and the items evaluation
and W1 + W2 = 1.

The reason for considering the product attributes in the proposal evaluation
function is that the product quality always influence the negotiator decision. A client
do not want to spend much money in a bad quality product.

4.4 Possible Moves

Based on Figure 1, one can identify two different processes in negotiation. In the first
one, which we denominate outside process, opponent proposals are beyond agent
border proposal (blank area in Figure 1). The only possible moves for the agent are
either to leave the negotiation process or to generate counterproposals, expecting that
the opponent proposals will fall into the deal range. In the second process,
denominated inside process, opponent proposals are within the deal range (dashed
area in Figure 1). In this case, the agent can, besides the previous moves, accept the
current opponent proposal and then reach a deal. Figure 3 illustrates these two sets of
moves. The triangle notation of counterproposal move is used to represent the
continuum of proposal values that can be generated for a product.

W CP AP

Outside Process

W CP AP

Inside Process

ALP LP

Fig. 3. Outside and Inside Processes moves (where W = Quit; CP = counterproposal
generation; AP = Alternative product; LP = Last proposal)

In the following subsections the moves are detailed and the decision rules used to
take each of them is presented.

4.4.1 Send a Counterproposals
In our model, when the agent receives a proposal, Proposalrec  = {Prec, Xrec}, it
immediately generates a counterproposal, Proposalgen = {Pgen, Xgen}, to compare it to
Proposalrec and determine whether it can get any better proposal in the next rounds.
The proposal generation is made according to the tactic families proposed by Faratin
[5,14].

We considered two different types of deals, in order to do not discards the local
deals:
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− Local Deals: as the negotiation takes place over multiple items, then a deal can be
reached in one item, and the negotiation continues with the other. This is necessary
to solve the second limitation of the Faratin’s model presented in section  3. A
local deal Xld is defined as the following:

{ })()(,, ’’
iaiarecigenild xVxVXxXxniX ≤∈∈∈= , (6)

   where n is the number of items.
The counterproposal Xprop is then defined as:

{ } { }{ }ldgenjldreciprop XjXxXiXxX ∉∈∪∈∈= (7)

− General Deal: occur when the local deal set contains all the negotiable items.

4.4.2 Suggesting Alternative Products
Alternative product suggestion problem is divided in two sub-problems. The first one
is to define which events indicate that an alternative product should be suggested.
Some heuristics can be used to this problem. The heuristic we adopted considers the
evolution of the opponent proposal over a number of negotiation rounds. Intuitively,
this heuristics sates that, if the opponent's proposal is not falling in an appropriated
rate for a “long” time, which we called an increasing window, so it will probably take
too long to reach a deal with this product, and an alternative should be suggested.

Given an increasing window I and considering the set of opponent proposals

evaluations { }numR

iioppP 0=  (where numR is the current number of negotiation rounds),

the set of proposals outside the minimum increasing tax are:

[ ]{ }1,,,0 +=−=>−−∈= ijInumRiToppPoppPInumRiI jimim
 , (8)

where T is the minimum increasing tax
The other problem is which alternative product should be suggested. There are also

some heuristics to establish this order, such as product quality decreasing order,
product quantity decreasing order, product evaluation decreasing order or random
order. We have chosen the product evaluation decreasing order, since it considers all
product features. A more complete description of this heuristics is out of this paper’s
scope and it can be found in [4].

4.4.3 Quitting, Accepting and Sending Last Offer
The agent accepts opponent proposal, when the generated proposal evaluation plus
the negotiation cost is smaller than the opponent proposal evaluation. This happens
when a general proposal is obtained and propdl XX ## = , where # is an operator to

give the number of elements of this set.
Before quitting negotiation, the agent always sends a last proposal (ultimatum)

indicating that, if opponents, do not accept this proposal, it will leave negotiation in
next round. If the opponent accepts the ultimatum, then it sends back an equal
proposal. Otherwise, the opponent sends an empty proposal and quits the negotiation.
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4.5 Agent Decision Making

To decide what to do, the agent must consider whether its current proposal is far or
close to its opponent ones and whether the proposed contract is good or not. In this
perspective, we have defined a contract band and a contract classification, which are
used in agent’s decision rules.

4.5.1 Proposal Bands
According to agent initial proposal and opponent current proposal, we choose to
define three possible profit bands: Close to Deal, Middle Way to Deal and Far From

Deal. So for a proposal we have that ( )XEiniP x= , where X stands for a product

contract and iii xXx min, =∈∀ , where mini stands for the minimum possible

value of xi, and with myP standing for agent proposed contract evaluation.

( )




=
false

iftrue
oppPmyPCloseTo

,
,

otherwise

closeLimmyPoppP ≤<

( )




=
false

iftrue
oppPmyPoMiddleWayT

,
,

otherwise

middleLimmyPcloseLim ≤<

( )




=
false

iftrue
oppPmyPFarFrom

,
,

otherwise

farLimmyPmiddleLimP ≤<

(9)

where ( )
3

oppPiniPoppPcloseLim −+= ,

( )oppPiniPoppPmiddleLim −+= 3
2  and

iniPfarLim =

4.5.2 Proposal Classification
Proposal classification defines if a deal is good or not. Based on it, agent can decide if
it accepts or not a proposed deal. We define four classifications for the deal: very
good, good, bad and very bad. These classifications depend on the values of the

maximum and the minimum possible deals for a product. So let ( )XEMinP x= ,

where X stands for a product contract and iii xXx min, =∈∀ , with mini stands for

the minimum possible value of xi, and ( )XEMaxP x= , where X stands for a

product contract and iii xXx max, =∈∀  with maxi stands for the minimum

possible value of xi:

( )




=
false

iftrue
oppPMaxPMinPVeryGood

,
,,

otherwise

veryLimoppPMaxP ≤<

( )




=
false

iftrue
oppPMaxPMinPGood

,
,,

otherwise

goodLimoppPveryLim ≤<

(10)
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( )




=
false

iftrue
oppPMaxPMinPBad

,
,,

otherwise

badLimoppPgoodLim ≤<

( )




=
,

,
,,

false

iftrue
oppPMaxPMinPVeryBad

otherwise

veryBadLimoppPbadLim ≤<

where ( )
4

MinPMaxPMaxPveryLim −−=  ( )
2

MinPMaxPMaxPgoodLim −−=

( )MinPMaxPMaxPveryLim −−= 4
3  and MinPveryBadLim =

4.5.3 Behavior Rules
The behavior rules define how the agent should act during the negotiation according
to payoff value, current profit band and classification (see sections 4.5 and 4.5.2), and
should aim at giving the agent a rational behavior (move which should be performed
in each negotiation round).

So, let myP and oppP stand for agent and opponent proposed contract evaluation
respectively.
If ( )oppPmyPCloseTo ,  ^ ( ) ( )( )oppPGoodoppPVeryGood ∨
Then ( )oppPAccept ;

If ( )oppPmyPCloseTo ,  ^ ( ) ( )( )oppPBadoppPVeryBad ∨
Then ( )myPalNextpropos ;

If ( ) ( )( )oppPmyPFarFromoppPmyPoMiddleWayT ,, ∨
Then ( )myPalNextpropos ;

If maxtt =
Then ( )myPalLastpropos
If  0# =mimI

Then ( )iPneSuggestioAlternativ

If propdl XX =
Then ( )oppPAccept

If 0# =propX

Then ( )Quit

(11)

where tmax is the ,maximum time to reach a deal and # is an operator which gives the
number of elements in a set.
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5 Implementation and Results

There is no commonly accepted methodology for evaluating negotiation performance
of agent-mediated e-commerce systems, because of the intrinsic complexity of the
task. Since we have been trying to build a model that fits real world negotiation
conditions, we decided to implement an environment where agents and human beings
could negotiate with each other, exchanging roles (buyer or seller) without knowing
the identity (agent or human being) of the opponent negotiator. The negotiations take
place in predefined purchase scenarios, e.g. long time to buy a specific computer
spending little money, short time to buy any computer spending much money, selling
computers quickly at low prices, etc. The experiments resemble a “Turing test for
commerce negotiation”.

To perform the experiments, we have implemented a distributed environment (see
Figure 4) using java and Stanford JATlite [20] template as the agent communication
base.

Facilitator

Negotiation
Mediator

Autonomous
Buyer 1

Humanoid
Buyer 1

Humanoid
Seller 1

Autonomous
Seller 1

Fig. 4. Environment architecture. Bold line: active agent; regular line: static agent.

There are two kinds of agents in the environment: autonomous and humanoids.
The humanoid agents act simply as the system interface to the human negotiator,
receiving opponent proposals and forwarding human moves (Figure 5, bottom), and
are configured with human initial desired (Figure 5, top left-hand side). The
autonomous agents are built according to the model presented in Section 4, and can be
configured using the interface presented in (Figure 5, top right-hand side).
Negotiation can take place between autonomous or humanoid agents, but the same
conditions (moves, configuration, etc.) are given and the same protocol is used despite
agent type. Agents do not deliver proposals directly to each other. This is made
through a negotiation mediator agent, which also saves all the exchanged proposals
plus scenario configurations in a log file.

The system is fully implemented and the scenarios are defined. We have not yet
run the experiments in all of the scenarios, but the first results are encouraging. The
majority of human volunteers mismatch human and machine negotiators in short-term
negotiations. For long term scenarios, human beings detect the difference.
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Fig. 5. Human negotiation interface (up-left side), autonomous agent configuration interface
(up-right side) and human negotiation interface (down side)

6 Conclusions and Future Work

We have presented an original model for agent bilateral negotiation in e-commerce. In
order to fit the best real world negotiation conditions, our model introduces novel
features, such as the possibility of suggesting alternative products, the ultimatum
generation and allowing local deals. This model extends Faratin’s one in the three
basic negotiation aspects: proposal representation, negotiation moves and decision
making.

As future works, this model will be extended to embody correlated product
suggestion and learning capabilities. We intend also to conclude the experimentation
covering all purchase scenarios and then propose a formalization of the adopted
methodology.
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Abstract. We present a generic negotiation architecture that uses Multi-attribute
Utility Theory (MAUT) principles to reach agreements that satisfy multiple inter-
dependent objectives. The architecture is built by giving a constraint optimization
formulation to the MAUT principles and by using a constraint optimization solver
to find the best ‘deals’ from an agent’s local perspective. These are then proposed
to other agents via a second component that supports conversational interactions
among agents. When received proposals are disjoint from what an agent can cur-
rently accept, we provide a systematic constraint relaxation protocol that allows
agents to generate the next acceptable ‘deal’. This protocol ensures that in the end
the Pareto optimal deal will be found, if one exists. The approach is built on top
of our Negotiation Engine, a generic architecture for coordination and negotiation
that integrates local reasoning, in the form of propositional constraint optimiza-
tion, with interaction, in the form of conversational exchanges. The system is
fully operational, being currently used to automate negotiations in the electronic
components domain.

1 Introduction

The distribution of ownership over resources and activities among the members of a
group creates dependencies between members, requiring them to negotiate in order to
achieve their goals. Negotiation allows agents to agree on which goals to adopt in order
to satisfy their individual needs and to plan and execute the agreed on goals through
joint work.

In most real situations what is acceptable to an agent can not be described in terms
of a single parameter. A buyer of a PC will consider the price, the warranty, the speed
of the processor, the size of the memory, etc. A buyer of a service, like Internet access,
will look at the speed and reliability of the connection, the disk space offered, the qua-
lity of customer service, the pricing scheme, etc. Agreements in such cases are regions
in a multi-dimensional space that satisfy the sets of constraints of both sides. Recent
experiences with shopping agents like [4] have shown that limiting the comparison of
offerings to price only causes the dissatisfaction of merchants who see their offer unfai-
thfully projected on a single dimension with their other value-added services ignored.
Gutman [7] made the case that the increasingly popular online auctions, by pitting buyers
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against sellers in price only competitions, make an equally great disservice to buyers.
The success of ventures like NetGrocer, who charges more than what one would pay in
a supermarket, but saves time and guarantees quality, further confirms this. And in the
business to business relation, it has long been the case that offers are judged based on
a wide array of criteria - the Just-in-Time manufacturing model for example requires
sellers to respect given delivery time windows even if this incurs higher prices.

Given the importance of negotiations that can lead to multi-dimensional agreements,
what tools and technologies can be used to produce a generic negotiation system of this
kind? Multi-Attribute UtilityTheory (MAUT) [9] is a tool for making decisions involving
multiple interdependent objectives based on uncertainty and preference (utility) analysis.
The PERSUADER system [12] is an early system that used MAUT to resolve conflicts
through negotiation in the domain of labour disputes. It has been suggested [7] that a
combination of MAUT and distributed constraint satisfaction [13] could lead to agents
that could automate multi-objective negotiations in e-commerce applications. However,
we have not yet seen any concrete technical solution as to how this integration can be
achieved.

To purpose of this paper is to propose such a solution. Briefly, our approach is first
to integrate MAUT principles into a generic, constraint optimization agent reasoner
and second to integrate the reasoner with a conversational agent interaction system.
The first step is achieved by giving a constraint optimization formulation to the MAUT
problem, and then using the constraint optimization solver to find the best ‘deals’ from
an agents local perspective. These are then proposed to other agents via conversational
interaction. When received proposals are disjoint from what an agent can currently
accept, we provide a systematic constraint relaxation protocol that allows agents to
generate the next acceptable ‘deal’. This protocol ensures that in the end the Pareto
optimal deal will be found, if one exists.

The approach is built on top of our Negotiation Engine, a generic architecture for
coordination and negotiation that integrates local reasoning, in the form of propositional
constraint optimization, with interaction, in the form of conversational exchanges. The
system is fully operational, being currently used to automate negotiations in the electronic
components domain.

The paper is organized as follows. First, we review the Negotiation Engine, discussing
its constraint language, the resolution methods and the interaction mechanisms. Then we
show how the constraint reasoner can be used to encode MAUT problems and we present
the relaxation protocol that ensures Pareto optimality. Then we present our application
in electronic component negotiation and address more system architecture issues. We
end with conclusions and future work remarks.

2 The Negotiation Engine

The Negotiation Engine is a system that integrates a generic reasoning component with a
generic interaction component. Agents use the reasoning component to make decisions
about the course of actions they will adopt. They use the interaction component to
communicate and coordinate with other agents. The two components operate in an
intertwined manner which allows agents to use reasoning to decide when, what and how
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to communicate and to integrate the information received through communication in
their deliberation. The reasoning component combines a propositional representation
with utility-theoretic elements in a constraint optimization framework. The interaction
component uses a conversational interaction model based on our previous work [2].
In the following we describe the representation used by the reasoning component, the
constraint optimization model implemented by the reasoner, the basic conversational
interaction approach and the integration between the reasoner and the conversational
component.

2.1 Describing Behavior

Syntax and Semantics. Agents act and thus we first need a language to describe and
reason about agent behavior. We define behavior as a course of action aimed at achieving
certain goals. The language represents the goals that agents have. There are two kinds of
goals,composedandatomic. Composed goals consist of other (sub)goals, while atomic
goals do not (thus can be immediately executed). Both types of goals have temporal
execution semantics and their description may include elements like start times, end
times and durations. As temporal execution is not used in this paper, we will not detail
these aspects here (see [1] for details). For the purposes of this paper we are interested
in three kinds of compositions.

– Parallel (conjunctive) compositions:a = par(a1, a2, ...am) definesa as a goal that
is achieved iff all componentsai, m ≥ i ≥ 1, are achieved.

– Choice(disjunctive) compositions:a = choice(a1, a2, ...ap) definesa as a goal that
is achieved iff a non-empty subset of sub-goalsai, p ≥ i ≥ 1 is achieved.

– Xchoicecompositions are choices which are achieved iff exactly one sub-goal is
achieved.

The complete language also includessequentialcompositions,a = seq(a1, a2, ...an)
which require that all component goals be achieved in the given order, but these are not
used in this paper.

From the execution viewpoint, choices haveor and xchoicesxorsemantics.A choice
g is ‘on’ - meaning is achieved and writtenOn(g) - iff at least one component is on and
‘off’ - meaning is not achieved and writtenOff(g) - iff all components are off. An
xchoice is ’on’ iff exactly one component is ’on’ and ’off’ otherwise. Parallels haveand
semantics - ‘on’ iff all components are on, and ‘off’ otherwise. Sub-goals can occur
negated within composed goals. Thus,c = choice(a,−b) denotes a choice between
achievinga and not achievingb.

Controllable and non-controllable goals. A goal is under an agent’s control (con-
trollable) if the agent can decide on its own if the goal will be achieved or not (owns
the goal). Often, non-controllable goals are part of an agent’s plans. In such cases, the
agent has to obtain the commitment of the agents controlling these goals about their
achievement. Obtaining such commitments is the purpose of negotiation.

Utilities. We quantify an agent’s preferences toward achieving goals by attaching two
sorts of utilities.uon(a) denotes the utility obtained ifa is achieved.uoff (a) denotes the
utility obtained ifa is not achieved. We normally assume that utilities are real numbers
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in the [0, 1] interval. Utilities can be used both to describe an agent’s own preferences
and to quantify influences between agents. The utility of a goal that is controlled by
another agent describes in some way the power that the other agent has on the agent
needing the goal. An agent that controls a goal (thus can offer it to others) may have
a very different utility for that goal from the agents needing it. In this paper we also
make the standard assumption that agents will plan for or choose those behaviors that
maximize their utility.

Roles. The representation of roles specifies, for each role an agent can play, the goals
it controls and the goals it needs. This is used to perform strategic coalition formation -
choosing who to involve when needing to achieve certain goals. The details of coalition
formation will be described elsewhere.

2.2 Finding Behavior by Constraint Optimization

Terminology. LetG = {g1, ...gn} be a set of goals, or a goal network. An on-off labeling
of the network is a mappingL : G → {on, off} associating either ‘on’ or ‘off’ labels
to each action inG. A labeling isconsistentiff the labels of each composed node and of
its subgoals are consistent with the node’s execution semantics, e.g. if a parallel goal is
‘on’, then all its subgoals are also ‘on’ or if a choice goal is ‘off’, then all its subgoals
are ‘off’, etc. Consistent labelings thus defineexecutablebehaviors.

Let C = {c1, ...cm} be a set of constraints, where eachci is a constraint of the form
On(gj), Off(gk) or an implication on both sides of which there are conjunctions of
on-off constraints.On(OnSiteService) ⊃ On(PayOnSiteService) is an example
of implication.

LetU = {(g1, uon(g1), uoff (g1))...(gl, uon(gl), uoff (gl))} be a utility list, that is a
set of goals with their associated on and off utilities. Given a utility listU and a consistent
labelingL of G we can compute the total utility of the labeling,Util(L, U), as the sum
of on-utilities for the ’on’ labeled goals plus the sum of off-utilities for the ’off’ labeled
goals.

Finally, a problem is a tupleP =< G, C, U, criterion > where criterion ∈
{max, min}. A problem specifies a goal network, a set of constraints, a utility list and

G={par1, choice1, choice2, g1, g2, g3}

Solution: {On(par1), On(choice1),
  On(choice2), On(g1), Off(g2), Off(g3)}

C={On(g2), Off(g1)=>On(g3)}
Solution:{On(par1), On(choice1), 
   On(choice2), Off(g1), On(g2), On(g3)}

par1

choice1 choice2

g3g1

C={}
Criterion: maximize

Problem 1:

Problem 2: same as above except for 

U={(par1, 0.5, 0), (g1, 0,0.1),(g3, 0, 0.3)}

Util = 0.8

Util = 0.6g2 -g2

Fig. 1.Goal Network with two problem descriptions.
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an optimization criterion, eithermax or min. A solution to a problemP is a labelingL
such thatUtil(L, U) is either maximal or minimal, according to thecriterion.

To clarify the vocabulary and illustrate the graphical notation we employ for goal
networks, figure 1 shows two simple problems based on the same goal network (par1 is
a parallel,choice1 andchoice2 are choices,g1, g2, g3 are atomic,g2 occurs negated in
choice2), the same utility list and two sets of constraints, together with their solutions.
In the first problem, the total utility comes fromOn(par1) (0.5) andOff(g3) (0.3). In
the second one, fromOn(par1) (0.5) andOff(g1) (0.1).

The Solver. The problem of finding a consistent labeling is equivalent to satisfiability
(SAT). The problem of finding a labeling that maximizes (minimizes) utility is a form
of MAXSAT. The Solver provided by the Negotiation Engine takes advantage from the
recent wave of stochastic search based solutions for SAT [11] (and to a lesser extent
MAXSAT [8]) by providing and integrating an incomplete random search procedure
with a systematic (complete) branch and bound procedure, both operating over the same
representation of goal networks. In both cases implication constraints are translated into
disjunctions and then solved with the entire network. The random search method is not
guaranteed to find a solution, but performs very well on large scale problems (both in
terms of time and of its ability to actually find solutions).

Modified-WSAT(goalNetwork){
for i = 1 to maxTries{
A = a randomly generated on-off assignment;
for j = 1 to maxFlips{
if A is a solution return it;
else {G = randomly chosen inconsistent goal;
With probability P,
Flip G or one of its subgoals that results
in the greatest utility increase;

Otherwise (with probability 1-P)
Flip G or one of its subgoals that results
in the greatest decrease in the number of
inconsistent goals;}}}

return failure;}

Fig. 2.Modified WSAT for random search.

The actual random search method we use is a modification of WSAT [11] (figure 2).
The algorithm always keeps a complete on-off assignment to goals. Goals are ‘flipped’
(their value is changed) with probabilityP (around 0.2 in our experiments) to increase
the utility of the assignment (unlike the standard WSAT which flips randomly), and
with probability 1 − P to increase the number of consistently labeled goals. In each
case ties are broken in favor of the other criterion. Based on the current experience,
this method has consistently produced high utility solutions, in many cases finding the
optimal solution (similar results are reported in [8] for another variant of WSAT used
for optimization).
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The branch and bound method is a systematic backtracking search procedure that
is guaranteed to find the optimal solution. The procedure maintains the utility of the
current best solution. If the partial solution currently explored can not be extended to
one with better utility than the current best (done by overestimating the utility of the
current solution), then it is dropped and a new one is explored. The procedure uses the
variable selection heuristic of selecting the most constrained goal first (the one with
most subgoals assigned) and forward checks any proposed assignment to ensure it is not
inconsistent with past assignments (figure 3).

The solver allows for the integration of the two methods, for example by using
random search first for a number of runs and then taking the utility of the best solution
produced as the bound constraining branch and bound to find a better solution.

BranchAndBound(maxUtil){
top:
while(true){
if Complete solution found whose utility is util{

if util > maxUtil{maxUtil = util;
Save current solution;}

Backtrack;
if Backtracking not possible exit;}

else{
goal=select most constrained goal;
Push goal onto stack;
while(goal inconsistent with past assignments or

current solution is worse than maxUtil){
if Another assignment for goal and its

subgoals exists
{Continue with top;}

else {Backtrack;
if Backtracking not possible exit;}

}}}}

Fig. 3.Branch and bound method.

2.3 Conversational Interactions

To support the interaction dimension of negotiation we use our previous conversational
technology [2] of which we only review here a few elements needed for the understan-
ding of this work. The major elements of our conversational technology areconversation
plans, conversation rules, actual conversationsandsituation rules. Briefly, a conversa-
tion plan is a description of both how an agentacts locallyand interactswith other
agents by means of communicative actions. The specification of conversation plans is
largely independent from the particular language used for communication, for which
we currently use a liberal form of KQML [6]. A conversation plan consists of states
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(with distinguished initial and final states) and rule governed transitions together with
a control mechanism and a local data base that maintains the state of the conversation.
The execution state of a conversation plan is maintained inactual conversations. Active
conversations can be suspended until other active conversations reach given states or
other agent conditions hold, then they can be resumed. To decide which conversations to
instantiate and to update the agent’s data base when events take place, we providesitua-
tion rules. The top level control loop of an agent activates all applicable situation rules
(suggesting conversations to initiate) and then executes new or existing conversations as
appropriate. This technology has been recently reimplemented in Java and extended in
several ways. One extension allows an agent to create a Java servlet that will manage a
graphical interface between a human user and the agent. Using a Web browser, human
users can in this way have conversations with their agents. From the point of view of
the agent, the interaction with the user is just a regular conversation. The servlet creates
screen forms for data input and translates the information entered by the user into the
agent communication language.

problem

Obtain Execute 

Commitment
for goal
not
obtained

Modify problem to
exclude goal

Problem
can not be
constructed

Solve

commitments action

failed
Execution
completed

Execution

problem
Construct 

Unsolvable         problem

1

2

3 4

5 6 78

Fig. 4.Conversation plan integrating local reasoning with interaction.

We use the conversational technology for two purposes. First, to represent and exe-
cute structured patterns of agent interaction. These patterns correspond to interaction
conventions followed by agents in given situations, for example when bidding in an
auction or negotiating a contract. Second, as a high level ‘scripting language’ that allows
the integration of local solvers, access to resources, etc. into the final agent behavior. For
the latter purpose, the Negotiation Engine provides API-s to its representation language
and solvers that allow agents to construct models of situations, use the solvers to reason
about these and then use the results of reasoning in interaction with other agents. For
example, API-s allow an agent to create and modify goal networks, define problems
by associating constraints and utilities to goal networks, solve problems by using the
available solvers in various combinations.

As an illustration of how local reasoning can be integrated with interaction in a
conversation plan, consider figure 4. It shows a conversation plan used by an agent to:
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1. Construct a Negotiation Engine Problem for a situation. This can be guided inter-
actively by the user for example using the Web interface provided by our implementation
(state 1).

2. Use the Solvers to solve the problem (state 2). If the problem has no solution,
reconstruction is attempted. If no reconstruction possible, terminate in a fail state (8).

3. If the problem can be solved and the solution (goals to be achieved and goals not
to be achieved) includes non-controllable goals to be achieved, then for each such goal,
try to get the commitment of the owner of the goal for achieving it on behalf of the
agent (state 3). Obtaining this commitment triggers a new conversation with the owner.
The current conversation is suspended until all the commitment obtaining conversation
terminate.

4. If some commitments can not be obtained, try to modify the problem by excluding
the problematic goal (e.g. by posting a constraint that sets it to ‘off’) (state 5). Then solve
again.

5. If all commitments have been obtained, execute the actions required for achieving
the goals. For non-controllable goals, request execution form owner (state 4).

6. If all action execution were successful, terminate in a success state (7). Else,
terminate in a fail state (6).

3 Encoding MAUT

We can encode multi-attribute problem specifications in the language of the Negotiation
Engine and use the engine to negotiate about domains described in the multi-attribute
utility theoretic language.

Encoding attributes.Let A = a1, a2, ...an be a set of attributes shared by a number
of agents. The attributes describe relevant aspects of the situation. In a situation where a
seller agent negotiates with a buyer agent about a product, interesting attributes can be
theprice, thedeliveryT ime, thequality etc. of the product. The domain of an attribute
ai, Dai is an interval[l, h] wherel andh are integers or reals. The domain describes
the range of values that the attribute can take. Each value in the domain is assumed to
be measured in a unit specific to the attribute. Thus, if the attribute isprice, a domain
Dprice = [5, 100] measured in dollars specifies that theprice can be anywhere between
$5 and $100. A domainDdeliveryT ime = [1, 5] measured in weeks specifies that the
deliveryT ime can be anywhere between 1 and 5 weeks. We assume agents interact by
exchanging multi-attribute specifications formed by means of a shared set of attributes
that have shared domain specifications. Each agent that has an attributeai also has a
utility function Uai : Dai → [0, 1]. The utility function expresses the agent’s valuation
of each value in the attribute’s domain. A seller agent for example may assign high
utilities to high prices, where a buyer agent may assign high utilities to lower prices.

We assume that an agent’s utility function has the form shown in figure 5. That is,
the domain of the attribute can be decomposed into a set of disjoint sub-intervals that
cover the entire domain, such that on each sub-interval the utility is constant. Any utility
function can be approximated in this way. (We will see that the fewer subintervals,
the easier it is for the negotiation method to converge). LetDai = [i0, i1) ∪ [i1, i2) ∪
...[in−1, in] be a decomposition ofDai int n subintervals such thati0 = l, in = h and
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u0

u1

u2

u3

U

i0              i1  j1           i2                 i3      j2      i4

q

ai

A’s goals: g0, g1, g2, g3

Fig. 5.Representing and encoding attributes.

for any x ∈ [il, il+1) we haveUai(x) = ul (figure 5). For each domain sub-interval
[il, il+1] we create an atomic goalgl

ai
which is ‘on’ iff the value ofai is in the subinterval

[il, il+1). As the subintervals cover the domain and are disjoint, in any situation only
one of these goals can and should be ‘on’. This is enforced by posting, for each attribute
ai, the constraintOn(xai) wherexai = xchoice(g0

ai
, g1

ai
, ...gn−1

ai
) (we also call these

attribute encoding constraints). The utility function ofai is translated into a Negotiation
Engine utility list whereuon(gl

ai
) = ul anduoff (gl

ai
) = 0.

Acceptability constraints.An agent may have its own constraints about what attribute
values or combinations of values are acceptable. For example, an agent may only accept
deliveryT ime ∈ [1, 3] which may be represented as the constraintOn(dT ), where
(assuming a 2 subinterval decomposition)dT = xchoice(g1

deliveryT ime, g
2
deliveryT ime).

Or an agent may accept to pay more than $50 only if the quality is greater than some
given limit. A proposal from another agent will not be accepted unless all acceptability
constraints are satisfied.

MAUT Problem. A MAUT problem is a Negotiation Engine problem whose goals
are all the goals generated for all attributes of interest, whose constraints are all the
attribute encoding constraints plus all the acceptability constraints and whose utility list
is obtained by merging the utility lists of each encoded attribute. A solution of a MAUT
problem is an on-off assignment to the goals of the problem that satisfies all constraints.
The optimal solution is the solution that has maximum utility. We also call a solution to
the MAUT problem adeal.

Let s be a solution to agentA’s MAUT problem andai an attribute of the problem.
Because of the attribute encoding constraint, one and only one of the goals associated
with the subintervals of the attribute will be ‘on’ ins. The subinterval associated with this
goal defines the acceptable set of values for the attribute in the given solution in the sense
that any value in the set is equally acceptable to the agent. Let nowsA andsB be solutions
toA’s, respectivelyB’s MAUT problem. The two solutions intersect iff for each attribute
ai the acceptable sets of values for the two agents have a non-empty intersection. This
is described graphically in figure 5. Assuming[i3, i4] is the set of acceptable values
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for A (coming fromA’s goalg3 being ‘on’) and the set[j1, j2] is the set of acceptable
values forB (coming from one ofB’s goals that we do not represent), then[i3, j2] is
the non-empty intersection for the represented attribute. If such an intersection exists for
each attribute, then the two solutions intersect. The existence of intersecting solutions
represents a possible agreement between the agents, because each solution contains
ranges of values acceptable to each agent in part.

4 The Negotiation Process

Assume we have two negotiating agentsA andB. Each agent represents its problem as
a MAUT problem, with its attributes, goals, constraints and utilities. For each agent, an
acceptable solution specifies for each attribute in part an interval of acceptable values
that the attribute can take. The branch and bound solver of the Negotiation Engine allows
an agent to generate its solutions in decreasing order of utility. The first (best) solution
is obtained by running the solver on the original constraints. The next best solution
is obtained by logically negating the previous best solution, adding it as a constraint
and solving the resulting more constrained problem. Because a solutions is logically
the conjunction of all subinterval goals that are ‘on’, the negation of a solution is a
disjunction (choice) of the negations of each ‘on’ subinterval goal in the solution. In
other words, the next solution must differ from the current one in at least one goal
(subinterval). For example, if in a 2 attribute problemsk = gi, gj is thekth solution,
thennsk = choice(−gi,−gj) is its negation and the posted constraint isOn(nsk).

This use of the solver, in which each solution is negated and added as a constraint for
the next round allows each agent to generate all its acceptable solutions in decreasing
order of utility. For each agent, the negotiation process takes place as shown by the
conversation plan in figure 6.

Send solution

Send
"NoMoreSolutions"

Generate

Received

and save next 
solution

acceptance

Received "NoMoreSolutions"

1 2

3 6

Received

No

Neither
agent has
solutions
left

4intersection

acceptance
Send 7

Proposed
solution
intersects
own 
past
solution8 5

proposed
solution

Fig. 6.Negotiation protocol as a conversation plan.

Each agent generates its current best solution for as long as it has solutions to generate
(state 1). Each solution is saved locally. The solution is also sent to the other agent (state
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2). Then the process waits for a message from the interlocutor (state 3). If the message
is an acceptance (state 6), it signals that the sent solution is consistent (has a non-empty
intersection) with one of the interlocutor’s past solutions. In this case the intersection is a
mutually acceptable deal, which terminates the negotiation successfully. If the received
message is “NoMoreSolutions”, the other agent has run out of solutions to generate.
If the same is true for this agent as well, then the negotiation ends unsuccessfully.
Otherwise the agent that still has solutions will continue to generate them. Finally, if the
message contains a proposed solution from the interlocutor, this solution is checked for
compatibility (intersection) with any of the past solutions generated by this agent (state
4). If an intersection is found (state 5), it represents a mutually acceptable deal, which
terminates the negotiation successfully. Otherwise the top loop is resumed. The process
ends when either a deal acceptable to both parties is found or when both agents have run
out of solutions. Figure 7 shows the interaction between two agents using this protocol.

A1
A2
A3
A4
A5

B1
B2 
B3
B4
B5
B6
B7

Agent A’s Agent B’s

time

A                                                             B

B1 not intersecting A1                          B1 not intersecting A1
Generate and send A2                          Generate and send B2
B2 not intersecting {A1, A2}              A2 not intersecting {B1, B2}
Generate and send A3                          Generate and send B3
B3 not intersecting {A1, A2, A3}       A3 intersects B2 - deal!             

Generate and send A1                          Generate and send B1

solutions in
decreasing order

solutions in
decreasing order

(A3, B2) is the Pareto optimum.
Connections define intersecting pairs of solutions of A and B.

Fig. 7.The negotiation process.

The most important feature of the algorithm is that it guarantees the discovery of the
Pareto optimum. To prove that, assume that the discovered deal is(Ak, Bl) and is not
Pareto optimal. Then another deal must be Pareto optimal. The Pareto optimal deal must
involve a pair of solutions(Ai, Bj) such thati ≤ k andj ≤ l, because solutions are
generated in decreasing utility order. But then any pair(Ai, Bj) with i ≤ k andj ≤ l
has already been generated and verified. Hence it is only possible thati = k andj = l.
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5 Negotiating about Electronic Components

To demonstrate the applicability of the generic negotiation architecture we now describe
a negotiation process for the electronic component suppliers and their OEM customers
in the Electronic Design Automation (EDA) industry [15]. The process conforms to the
QuickData Evaluation and QuickData Protocol specifications developed by the Elec-
tronic Component Information Exchange (ECIX) project [14], designed to facilitate the
creation, exchange and evaluation of electronic components information between supply
chain partners. These two specifications, however, do not specify any negotiation pro-
cess that could be used by customers and suppliers to agree on an acceptable “deal”. In
the remainder of this section, we show how we have extended the specifications to pro-
vide a multi-attribute negotiation process by describing a negotiation scenario between
a customer and a supplier agent.

Fig. 8.Negotiation panel for Wai-Kau.

The negotiation scenario involves a customer agent, named “Wai-Kau”, and a sup-
plier agent, named “Mihai”. Using the QuickData Evaluation protocol, agent Wai-Kau
has identified the electronic component with part number XC56307GC100D that it wants
to buy from agent Mihai. Agent Wai-Kau uses the GUI shown in figure 8 to specify three
attributes that he wants to negotiate with agent Mihai regarding the purchase of the
component. The three attributes arePrice (dollar), Delivery Time(week), andQuality
(number of defects) and their corresponding values and utilities are as follows:
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Wai-Kau’s proposals Mihai’s proposals
〈 [10.0, 12.0), 3, [1,2]〉, 6.0

〈 [13.5, 15.0), [2,3], [5,6]〉, 6.0
〈 [10.0, 12.0), [1,2], [1,2]〉, 5.5

〈 [12.5, 13.5), [2,3], [5,6]〉, 5.6
〈 [10.0, 12.0), 3, [3,4]〉, 5.5

〈 [13.5, 15.0), [2,3], 4〉, 5.5
〈 [12.0, 13.0), 3, [1,2]〉, 5.5

〈 [13.5, 15.0), [4,5], [5,6]〉, 5.5
〈 [10.0,12.0), [1,2], [3,4]〉, 5.0

〈 [11.5, 12.5), [2,3], [5,6]〉, 5.3
〈 [10.0,12.0), 3, [5,6]〉, 5.0

〈 [11.5, 12.0), 3, [5,6]〉, 5.3

Fig. 9.Negotiation trace

Fig. 10.Negotiation panel for Mihai.
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– Price: Low [10, 12.0), Utility 2.0; Medium [12.0, 13.0), Utility 1.5; High [13.0,
15.0), Utility 1.

– Delivery Time: Earliest [1,2], Utility 1.5; Optimal 3, Utility 2; Latest [4,5], Utility
1.

– Quality: High [1,2], Utility 2; Medium [3,4], Utility 1.5; Low [5,6], Utility 1.

Having specified the desirable values and utilities for the attributes, agent Wai-Kau
then invokes the negotation engine to start a negotiation conversation with agent Mihai.

Upon receiving the message sent by agent Wai-Kau, agent Mihai must first specify its
own values and utilities for the three negotiable attributes. In the example, agent Mihai
uses the following values and utilities (figure 10 shows his GUI).

– Price: Low [10.5, 11.5), Utility 1.0; Medium-Low [11.5, 12.5), Utility 1.3; Medium-
High [12.5, 13.5), Utility 1.6; High [13.5, 15.0), Utility 2.0.

– Delivery Time: Earliest 1, Utility 1; Optimal [2,3], Utility 2.0; Latest [4,5], Utility
1.5.

– Quality: High [1,2], Utility 1; Medium-High 3, Utility 1.3; Medium-Low 4, Utility
1.5; Low [5,6], Utility 2.

With these specifications in place, agent Mihai then invokes the negotiation engine
to join the negotiation conversation initiated by agent Wai-Kau.

Figure 9 shows the sequence of proposals exchanged between agents Wai-Kau and
Mihai. For each of them in part, these are shown in their GUI-s (figures 8 and 10).
Note that none is aware of the valuations (utility function) of the other. The negotiation
conversation terminates with the following acceptable deal: Price: [11.5, 12.0), Delivery
Time: 3, Quality: [5,6]. With respect to this proposal, agent Wai-Kau has utility 5.0,
while agent Mihai has utility 5.3.

6 Conclusions

One obvious limitation of the presented solution is the fact that each agent generates
proposals in decreasing order of their own utility alone. This means that combinations
like ‘lowest price and highest quality’ may top the list of a buyer, while ‘lowest quality
and highest price’ may top the list of the seller. As none of this is likely to be accepted,
this introduces empty zones in the message exchange that only waste both agents time.
The solution we are investigating is to have agents also consider the probability that a
proposal would be accepted by the other agent. Once this probability known, we can
either eliminate all proposals with probability less than a threshold, or order proposals
according to their expected utility. The approach is to model attributes as discrete ran-
dom variables whose values are the subintervals in which their domain is decomposed
and to use Bayesian Network inference [10] to calculate the probability of any com-
bination of attribute values. One problem with this approach is that both prunning and
reordering risk loosing the Pareto optimality, as this is guaranteed only if all solutions
are communicated in the agent’s decreasing order. It would be interesting to see if we
can generate probability thresholds for prunning that in most cases would not endanger
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Pareto optimality. Another problem has to do with how we can use probability informa-
tion inside the branch and bound solver either for skiping low probability solutions or
for early detecting of low expected utility solutions.

Even with probabilistic reasoning included, the method may still generate a great
number of exchanged message (at worst, each agent may produce an exponential number
of proposals). To avoid transmitting all of these over the network, we are considering
mediator agents that would accept the utility functions of all agents, construct and run the
negotiation internally and communicate to parties the final result. This requires agents to
trust that the mediator would not divulge their utility functions (these are not disclosed
in the current solution).

Another variant of the idea of having an agent generate proposals that are more likely
to be accepted by the other party is explored in [5]. Their idea is that when an agent has
several equally good offers (from its own perspective), the one to be proposed should
be the one that is most preferable to the negotiation partner. Since the partner’s utility
function is not known, they propose to use fuzzy similarity measures to select an offer
that is similar to a previous offer made by the partner. Our framework can be extended
to use this idea as follows. First, we need to modify the search procedure to produce
all solutions that have the same utility (perhaps by allowing all solutions whose utilities
are within aδ from each other). From these solutions, the agent would then select one
that is more similar to any of the previous offers made by the interlocutor. As the agent
knows the order in which the interlocutor has made its offers, it also knows that the more
similar the chosen solution to an earlier offer, the better it will be for the other side - thus
the agent can fine tune how benevolent it wants to be.

The fundamental issue with this approach, and with ours as well, is ensuring that
the negotiation partner will be equally benevolent. In other words, we must find ways to
discourage partners from deviating from the prescribed behavior.As far as our framework
is concerned, we will show in future papers how this problem can be addressed.

From the implementation point of view, the Negotiation Engine is part of our Java-
based JCOOL multi-agent framework. This is a ground-up re-implementation of the
Lisp-based Agent Building Shell [3]. The new implementation adds a host of new exten-
sions that facilitate the construction and execution of complex multi-agent applications.
One significant extension is the integration of various web technologies, e.g., XML/XSL,
HHTP, and Servlet, into the new framework. This extension allows us to build agents
that carry out conversations with other agents or human users over the Web, with dyna-
mically generated web interfaces adapted to the context of the interaction. Finally, being
written in Java, the framework and applications built on top of it can be deployed in any
system that supports a Java Virtual Machine. This significantly expands the applicability
of the JCOOL multi-agent framework.
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Abstract. Negotiation typically involves a number of parties with different
criteria, constraints and preferences that determine the individual areas of
interest, i.e. the range and order of the preferred solutions of each party. The
parties usually have a limited common knowledge of each other’s areas of
interest. Therefore a range of possible agreements, i.e. the common area of
interest is typically not known to the parties a priori. In order to find a mutual
agreement the parties explore possible agreements by the process of exchanging
information in the form of offers. During the negotiation process the range of
possible offers of each party changes according to the current information
available. As negotiation progresses and more information become available the
ranges reduce until an agreement can be found or the parties withdraw from
negotiation. This interpretation allows one to consider the negotiation problem
as a constraint satisfaction problem and the negotiation process as constraint-
based reasoning. This paper presents some aspects of that interpretation. In
particular it outlines the constraint-based representation and constraint
propagation mechanisms used in an experimental system of e-Negotiation
Agents (eNAs). The eNAs can autonomously negotiate the multi-issue terms of
transactions in an e-commerce environment tested with the used car trading
problem.

1 Introduction

Negotiation is a form of decision making where two or more parties jointly explore
possible solutions in order to reach a consensus [15]. Negotiation has traditionally
been a subject of study in the game-theoretic [19], economics [3, 6] and management
science [10] research. It has also been an active area of research in Artificial
Intelligence (AI) and in particular in distributed AI (DAI) and multi-agent systems
(MAS) (e.g. [4, 9, 14, 16, 18, 21]). The increased potential of AI technology in
supporting and automating negotiation has been recognized in a wide range of real-
world problems including group conflict resolution [13, 18], business negotiations
[22], resource allocation and scheduling [17] and e-commerce [1, 4, 24, 25].

Negotiation typically involves a number of parties with different criteria,
constraints and preferences that determine the individual areas of interest, i.e. the
range and order of the preferred solutions of each party. The parties usually have a
limited common knowledge of the criteria, constraints and preferences of each other.
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Therefore the range of possible agreements, i.e. common area of interest (also
called a negotiation set [19]), which is an intersection of the individual areas of
interests, is typically not known to the parties a priori. In order to find a mutual
agreement that satisfies all the parties, i.e. a solution from the common area of
interest, the parties move towards and explore possible agreements by the process of
exchanging information. They exchange information in the form of offers1, i.e.
currently preferred solutions from the individual areas of interest. During the
negotiation process the range of possible offers of each party changes according to the
current information available. Typically as negotiation progresses and more
information becomes available the ranges reduce until an agreement can be found or
the parties withdraw from negotiation. In other words if the common area of interest
reduce to one solution then this is an agreement and negotiation is successful.
Otherwise it becomes empty and the agreement is not possible.

It should be noted that the information available to the parties during negotiation
act as constraints that progressively reduce the individual areas of interest towards an
agreement within the common area of interest. In this context the objective of
negotiation can be to find any solution from a common area of interest or to find a
solution within a common area of interest that optimizes some objectives of the
parties (e.g. maximizes the gain). This interpretation allows one to consider the
negotiation problem as a constraint satisfaction problem (CSP) and the negotiation
process as constraint-based reasoning [8, 12]. CSPs form a class of general problems
defined by a set of variables with the associated domains and a set of constraints
acting on the variables with the objective of finding an instantiation of the constrained
variables such that all constraints are satisfied at the same time. Constraint-based
reasoning is often used in solving CSPs with the principles of constraint satisfaction,
constraint consistency and constraint propagation [8, 12].

This paper presents some aspects of the constraint-based reasoning in the
negotiation problem considered as a distributed CSP. In particular it outlines the
constraint-based representation and constraint propagation mechanisms used in an
experimental system of e-Negotiation Agents (eNAs) [5, 7]. The agents can
autonomously negotiate the multi-issue terms of transactions in an e-commerce
environment tested with the used car trading problem. The eNAs are rational and self-
interested in the sense that they are concerned with achieving the best outcomes for
themselves. They are not interested in social welfare or outcomes of other agents (as
long as they can agree on a solution). The rationality of the agents is bounded by the
availability of the information and computational resources. It means that the agents
try to achieve as good outcome as possible. In other words they do not have always
the information and computational resources to obtain the theoretically optimal
outcome (e.g according to the game theoretical results).

It should be noted that some principles of constraint-based reasoning have also
been proposed in the Tete-a-Tete agent system [4, 24] to support cooperative
negotiation across multiple terms of transactions. However the Tete-a-Tete agents
perform a semi-automated argumentative negotiation in the sense that they aim at
                                                          
1 In general the parties may exchange any information including the evaluation criteria, constraints and

preferences. If available they may also acquire any additional information from the environment (e.g.
third parties) that may assist in negotiation (e.g. utility distribution, reservations). In this paper without
loosing the generality we limit the information exchanged (and the common knowledge) to the offers
only.
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automating the negotiation process for merchants and assisting shoppers during
negotiations with multiple sellers. The Tete-aTete shopping agent evaluates and
orders the offers received from the sellers, and presents them to the user for
consideration. Then it broadcast the user’s critiques to the selling agents in order to
receive better offers [4, 24]. The eNAs described in this paper are self-interested
agents that autonomously evaluate, generate and exchange multi-issue offers on
behalves of both the sellers and the buyers.

The paper is organized as follows. Section 2 defines a constraint-based
representation of negotiation as a distributed CSP. Section 3 presents some aspects of
constraint-based mechanisms of negotiation used by the eNAs agents. An overview of
the eNAs system demonstrator is given in section 4. Section 5 presents some
implementation aspects and the results of some comparative experiments for selected
trading situations with a combination of different negotiation strategies. Finally the
concluding remarks and an outline of future work are presented in section 6.

2 Constraint-Based Representation of Negotiation

Negotiation involves a number of parties with different criteria, constraints and
preferences that need to be satisfied in order to get an agreement between the parties.
This implies that negotiation may be modeled as a constraint satisfaction problem
(CSP) [8, 12] and in particular as a distributed CSP (DCSP) [11, 17, 20]. In general,
CSPs are defined by a set of variables with the associated domains and a set of
constraints acting on the variables with the objective of finding an instantiation of the
constrained variables such that all constraints are satisfied at the same time. In DCSPs
the variables and/or constraints are distributed among the agents that exchange the
coordination information in order to solve a given problem. In the context of
negotiation the individual constraints are partitioned between the parties and
information is exchanged in the form of offers, i.e. the preferred instantiations of the
variables corresponding to the issues of negotiation. It should be noted that the offers
already exchanged between the parties influence (i.e. constrain) the negotiation
process and the future decisions of the parties. For example a rational negotiator
would not propose an offer of the lower value than a value of the offers received
already from another party.

More formally negotiation can be represented in the terms of a DCSP as follows:
• a set of variables X  consisting of all decision variables distributed among p

negotiating parties, i.e. U
pj

jx
,..,1=

=X , where each { } j
j

i
j nixx ,,1, K==  is a set of

the decision variables of the jth party. It includes a non-empty set of the issues of
negotiation X⊆x  that are the variables shared between the parties2, i.e.

I
pj

jxx
,..,1=

= .

                                                          
2 The parties may have private decision variables that are not the issues of negotiation and/or may become

the negotiation issues. Without loosing the generality in the subsequent sections of the paper we will
assume that all parties have the same decision variables that are the issues of negotiation, i.e. X=x .
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• a set of domains { }j
iD=D  for the variables of all the parties

{ } j
j

i nix ,,1, K==X ,  pj ,,1K= , where each domain j
iD  consists of a set of

values that a variable j
ix  may assume, i.e. j

i
j

i Dx ∈ . Each party can have private

(and different) domains for the variables including the issues of negotiation.
• a set of constraints C  consisting of all constraints distributed among p

negotiating parties, i.e. U
pj

jC
,..,1=

=C , where each { } j
j

k
j mkCC ,,1, K==  is a set of

constraints between the variables of the jth party. A constraint j
j

k mkC ,,1, K= ,

pj ,,1K=  relating a subset of the variables { } jj
i

j
i xxx

l
⊆,,

1
K  is defined as a

relation ( )j
i

j
i

j
k l

xxC ,,
1
K  on the Cartesian product space j

i
j

i l
DD ××K

1
 representing a

set of assignments to the variables that satisfy the constraints. Similarly the sets
of constraints jC  and C  are defined as relations ( ) ( )jj

kmk

jj xCxC
j,,1K=

∧=  and

( ) ( )jj

pj
xC

,,1K=
∧=XC  on the respective Cartesian product spaces.

A solution of a DCSP is an instantiation of all the decision variables such that all the
constraints of the parties are satisfied. In general the objective of a DCSP can be to
check if a solution exists, to find a solution, to find all solutions or to find the solution
that satisfies some other criteria (e.g. maximizes an objective function). In negotiation
the sets of constraints jC  and C  prescribe the preferred solutions of each party
(individual areas of interest) and the possible joint solutions of negotiation (common
area of interest), respectively. In this context the objective of negotiation can be to
find any solution from a common area of interest or to find a solution within a
common area of interest that optimizes some objectives of the parties (e.g. maximizes
the gain).

Figure 1 illustrates an example of a constraint based representation of the
negotiation problem involving two parties a and b. ( )xC a  and ( )xC b  define
individual areas of interest (multi-dimensional in general) of the parties a and b,
respectively. x* is a solution from an intersection of the individual areas of interest,
i.e. the common area of interest, defined by a conjunctive combination

( ) ( ) ( )xCxCx ba ∧=C .

Fig. 1. A constraint-based model of negotiation involving two parties a and b

Dx ∈
*x

( ) ( ) ( )xCxCx ba ∧=C

( )xC b( )xC a
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It should be recalled that the common area of interest is not known to the
negotiating parties a priori. Therefore the main challenges in negotiation are to move
towards and to explore potential agreements within the common area of interest. The
mechanisms of such a process used by the eNAs are outlined in the following
sections.

3 Constraint-Based Mechanisms of Negotiation

Negotiation is a process by which a joint decision is made by two or more parties
which first verbalize contradictory demands and then move towards agreements by a
process of concession making or search for new alternatives [2, 15]. Typically each
party starts negotiation by offering the most preferred solution from the individual
area of interest. If an offer is not acceptable by other parties they make counter-offers
in order to move them closer to an agreement. During that process the ranges of
available options for each party reduce until an agreement can be reached. It can
occur when the individual areas of interest of each party become the common area of
interest, i.e. they are the same for each party. At this stage the parties can accept any
solution or may choose to continue negotiation in order to find better
solution/agreement from the available range. Figure 2 illustrates such a process in a
simple buyer-seller negotiation setting.

Fig. 2. Buyer-Seller negotiation

In the context of constraint-based reasoning the reduction of the ranges of possible
solutions results from the constraint propagation in order to ensure the constraint
consistency and satisfaction. Many constraint propagation methods have been
developed to provide constraint satisfaction at different levels of constraint
consistency such as well known AC-1, AC-2, AC-3 and others [8, 12].  In general
they eliminate unfeasible solutions from a search space, i.e. the values that cannot
satisfy the constraints are removed from the domains of the variables.  This prunes the
search space to one that consists only of the possible solutions satisfying the
constraints at a required level of constraint consistency. These principles are used by
the eNAs at the level of arc-consistency to maintain the ranges of options for each
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issue/variable considered by each agent during the negotiation process. In particular
they support the mechanisms of evaluation and assessment of the acceptability of
solutions, and generation of an initial offer and the consecutive counter offers if the
received offers are unacceptable. Some aspects of these mechanisms used by the
eNAs are briefly described in the following sections.

3.1 Solution Evaluation

One of the fundamental tasks during negotiation is evaluation of solutions considered
by the parties. It can involve assessment of a value of an offer received by a party in
order to evaluate its acceptability. It is also required in ordering available solutions
within the individual area of interest in order to identify and propose the currently
preferred counter offer.

There are many methods of evaluating solutions based on utility theory, decision
theory, game theory and others (eg. [6]). In particular a value v of an offer (potential
solution) consisting of a number of issues x = {x1,…,xn} can be defined as a function
of the values of the considered issues. For example using the utility theory framework
[6, 18] the value function can be represented as an additive utility function as follows:
where xi is the ith issue of negotiation, vi is a utility (value) function of the ith issue and

wi is a weighting factor (e.g. priority) of the value of the ith issue. The utility theory
provides a general framework for assessing, comparing and ordering alternative
solutions based on their utility value (e.g. see [ 6, 18])

It should be noted that even though the parties may use the same form of the utility
function they do not have common knowledge about it. For example the eNAs
consider the value of an offer expressed in dollars where the value functions for the
corresponding three issues in the used-car test problem can be defined for the seller
and buyer as in Table 1.

It should also be noted that in the context of constraint-based mechanisms the
utility function relates (i.e. constrains) the issues of negotiations in respect to the
value of a solution. For example the eNAs use it as a constraint on the possible trade-
offs between the issues during the offer generation (see section 3.3).

Table 1. Value functions for seller and buyer

Negotiation issue Buyer Seller
x1 ≡ price v1

B(x1) = -price v1

S(x1) = price

x2 ≡ warranty v2

 B(x2) = αw

 Bwarranty v2

 S(x2) = -αw

 Swarranty
x3 ≡ trade-in v3

 B(x3) = trade-in v3

 S(x3) = -trade-in
x = {x1, x2, x3} v B(x1, x2, x3) = -wp

 Bprice +
ww

 Bαw

 Bwarranty + wt

 Btrade-in
v S(x1, x2, x3) = wp

 Sprice –
ww

 Sαw

 Swarranty – wt

 Strade-in

( ) ( ) ∑∑
==

==
ni

i
ni

iiin wxvwxxv
,,1,,1

1 1,,,
KK

K
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3.2 Acceptability Criteria

In general a solution can be accepted if it satisfies the acceptability criteria of each
party. The criteria can involve an acceptable solution value and other constraints such
as reservation prices. In our approach each party specifies its preferred values for the
issues of negotiation and its desirability to make a deal. An acceptable solution value
is then calculated as follows:

( )** xvdv ⋅=
where v* is an acceptable solution value, ( )*xv  is a value of the preferred solution

{ }**
1 ,,* nxxx K= , and d is a coefficient expressing desirability of a party to make a deal.

In general the higher desire to make a deal the lower solution value that can be
accepted3. In general the desire level can also influence the negotiation strategy and
behaviour of the parties. For example the higher desire the higher level of concession
a party is willing to consider for new offers (see section 3.3).

A party can accept an offer if its value is equal or larger than an acceptable value,
i.e. ( ) *vxv ≥ . In addition a party may consider other criteria that can influence
acceptability of an offer such as the constraints on the issues of negotiation (e.g.
reservation prices). For example the acceptability criteria used by the eNAs agents are
defined in Table 2.

Table 2. Acceptability criteria for the seller and buyer agents

buyer B seller S
( )

*

*,,
BS

BSSSB

priceprice

vtradeinwarrantypricev

≤

≥

 where:
( )**** ,, BBBBBB tradeinwarrantypricevdv =

( )
*

*,,
SB

SBBBS

priceprice

vtradeinwarrantypricev

≥

≥

 where:
( )**** ,, SSSSSS tradeinwarrantypricevdv =

It should be noted that the acceptability criteria also play an important role as
constraints on the ranges of available solutions during generation of offers. These
constraints for example ensure that any offer proposed by a party is also acceptable by
the party itself (see section 3.3).

3.3 Offer Generation

Generation of offers is the main decision making process that directs the progress of
negotiation and its outcomes. It involves search for prospective solutions from the
individual area of interest that move the parties towards an agreement from the
common area of interest. The search is typically guided by the negotiation strategies
of each party, i.e. the rules for generation of offers taking into account the information
available to the party including the individual criteria, constraints and preferences as
well as the previous offers and counter-offers.

                                                          
3 In [18] it has been indicated that an agreement on 70% of the preferred solution value or higher is

typically acceptable in the real-world negotiations. In our approach the eNAs agents calculate the
desirability coefficient as a function of the desire level, i.e. d = 1 – 0.3desire, where desire ∈ [0, 1].
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Considering all information available to a party as constraints on the individual
area of interest the mechanisms of constraint-based reasoning (i.e. constraint
propagation) can assist the search process by reducing the range of offers available to
the party. In other words it can prune the search space to one that consists of feasible
solutions satisfying the constraints of the party at any stage of the search process.  In
this context generation of offers involves both constraint consistency maintenance and
searching for the values of issues to be offered.

Constraint Consistency Maintenance. Constraint consistency maintenance involves
posting constraints corresponding to the information available to a party so they can
be propagated during the search process in order to ensure the individual area of
interest is consistent with the constraints of the party. It can include the constraints
available to the party before and during the negotiation process. For example some
constraints corresponding to the initial and exchanged information used by the eNAs
during negotiation are listed in Table 3.

Table 3. Constraints during negotiation

Initial information Constraints

Negotiation issues ( )321 ,, xxxx =
e.g. x1 ≡ price,
       x2 ≡ warranty,
       x3 ≡ trade-in

( ) maxmin: iii xxxxC ≤≤

Information regarding the first offer price
e.g. x4 ≡ depreciation cost,
       x5 ≡ usage cost

( ) 5411: xxxxxC new −−≤

Values of offer and issues ( ) ( ) ( )∑ ∑
= =

===
3,,1 3,,1

123 1,:
K Ki i

iiii wxvwxvxxC

Acceptable value ( ) ( )min
3

min
2

max
1123 ,,: xxxvxxC ≤

Information exchanged Constraints
Previous offers generated ( )’

3
’
2

’
1 ,, xxx ( ) ( )’

3
’
2

’
1123 ,,: xxxvxxC ≥

Previous counter-offers received
( )"

3
"
2

"
1 ,, xxx

( ) ( )"
3

"
2

"
1123 ,,: xxxvxxC ≤

Constraint propagation ensures that the individual area of interest is consistent with
the information (i.e. constraints) available to the party. Figure 3 illustrates simple
examples of consistent domains of the variables related by the constraints on the first
offer price and the values of offer and issues.
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Fig. 3. Examples of constraint consistent domains

It should be noted that after the initial propagation the constraints are also
dynamically propagated during the search for new offers to support finding
instantiations of variables corresponding to the issues of negotiation.

Searching for New Offers. Search for new offers involves selection of a value of the
offer to be generated and finding values of the issues of the offer according to the
negotiation strategies used by a party. In general the negotiation strategies prescribe
the rules of progressing negotiation towards an agreement. In particular they
characterize the level of concession the party is willing to make during a given
episode of negotiation. For example the eNAs can use a number of predefined
strategies4 to determine the concession level on the value of an offer to be generated
as presented in Table 4.

Table 4. Concession-based negotiation strategies of eNAs

Negotiation strategy Concession level ∆
Take-it-or-leave-it
(one iteration only)

0=∆

No-concession 0=∆
Fixed concession ( )( ) constdesirexxxvf ==∆ ,,, min

3
min
2

max
1

Simple concession ( )( )desirexxxvf ,,, 321=∆
Fixed concession
(better deal)*

( )( ) constdesirexxxvf ==∆ ,,, min
3

min
2

max
1

Simple concession
(better deal)*

( )( )desirexxxvf ,,, 321=∆

* The better deal strategies are used if a party wants to continue negotiation after receiving an acceptable
offer with a hope to get a better deal.

After selecting a value for a new offer, i.e. ∆−= −1
123123
tt xx  the issues of negotiation

need to be instantiated so their values form the offer value. In other words given tx123

the values for ( )321 ,, xxx  need to be found such that ( )∑
=

=
3,,1

123
Ki

iii
t xvwx . The eNAs use

the Branch and Bound search with the support of constraint propagation to find
instantiations that satisfy the constraints of the party. If there is a number of possible
                                                          
4 It should be noted that in general other strategies may be defined by the user (or possibly learned from the

past experience).

   Price = PriceAsNew - Usage - Depreciation
   [20,35]  =         [50]          -  [10,20] -        [5,10]

Value = Price - WarrantyValue - TradeIn
 [8,30]  = [20,35] -           [0,2]              -    [5,10]
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instantiations then the agents choose a solution according to the preference order, i.e.
an instantiation with the higher preferences is selected. It is also possible that there is
no instantiation that exactly forms the value of the offer. In such a case the agents
choose an instantiation that is closest to the value of the generated offer, i.e. the
values for ( )321 ,, xxx  that minimize ( ) ||

3,,1

123 ∑
=

−
Ki

iii
t xvwx .

4 System Overview

The eNAs environment can consist of many autonomous trading agents representing
buyers and sellers. They are started from the main interface after finding and selecting
a car (or a number of cars) for negotiation. For example the main user interface of a
buying agent5 is shown in Figure 4.

Each pair of the selling and buying agents can negotiate with each other at a time.
An agent consists of a Web-based user interface, a communication interface and a
negotiation engine. The user interfaces of the buying and selling agents are shown in
Figure 5. They display public information about the subject of negotiation, allow the
users to define and select the negotiation issues, preferences, constraints and
negotiation strategy for an agent, and display the progress and results of each
negotiation session.

The negotiation engine provides the main decision making functionality of an
agent during negotiation, i.e. evaluation of the received offers and generation of the
counter-offers according to the constraints, preferences and negotiation strategies. The
negotiation engine uses the principles of constraint based-reasoning involving
constraint propagation as presented in the previous sections. This allows the agents to
keep tracks of changing options during negotiation including the ranges of issue
values in possible offers (i.e feasible solutions at each stage of the negotiation
process).

5 Implementation and Experiments

The eNAs system has been implemented in Java and deployed on the WWW. Two
versions of the negotiation engines have initially been implemented with the use of
two constraint programming libraries based on Java (JSolver [29]) and C++ (Ilog
Solver [28]), respectively. It has been found that both implementations provide
sufficient performance of the agents and finally Java-based JSolver has been used
because of easier integration and deployment of the eNAs on the WWW. The system
has been tested with several trading scenarios and is publicly available at
http://www.cmis.csiro.au/aai/ITA.htm.

                                                          
5 It should be noted that in general the search, selection and negotiation initialization may be performed

automatically. For the demonstration purposes the buyer invokes all the negotiation agents for both the
buyer and the seller.
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A number of experiments have been performed to test the feasibility of the presented
approach and to demonstrate how the agents can negotiate with different negotiation
strategies. Below are two examples of the results of the single-issue and multi-issue
negotiation scenarios, respectively.

Fig. 4. The user interface to the eNAs demonstration system
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Table 5.  A scenario for single-issue negotitiation

Public (shared)
information

Model: 1991 Toyota Celica ST184R SX, Kilometres: 132568, Price as
New: $37000, Advertised Price: $18990.
Buyer SellerPrivate

information
(constraints and
preferences)

Budget = $17100
Desire to buy = 70 %

Minimum price = $14200
desire to sell = 70 %

Table 6 summarizes the final negotiation results agreed by both the buyer and the
seller using different negotiation strategies.

Table 6.  Single-issue negotiation results

Seller

Buyer

Take-it-or-
leave-it

Fixed
concession

Fixed
concession
better deal

Simple
concession

Simple
concession
better deal

No
concession

Average

Take-it-or-leave-
it

No deal No deal No deal No deal No deal No deal No deal

Fixed concession No deal 15488 15488 15488 15488 14310 15252
Fixed concession
better deal

No deal 14288 14288 14310 14310 14310 14301

Simple
concession

No deal 14468 15551 14468 15522 14468 14895

Simple
concession better
deal

No deal 14468 15551 14468 15522 14468 14895

No concession No deal 15488 15488 15488 15488 No deal 15488
Average No deal 14840 15273 14844 15266 14389

From the above results it can be observed that the seller agent works best with both of
the better-deal strategies while buyer agent can benefit the most with the fixed
concession better-deal strategy in this specific trading scenario. It should also be
noted that the take-it-or-leave-it strategy resulted in unsuccessful negotiation, i.e. no
deal was possible because the seller’s asking offers (advertised price) were
unacceptable to the buyer (they exceeded the budgetary constraints of the buyer
agent).

5.2 Multi-issue Negotiation

A simple scenario for multi-issue negotiation based on price, warranty and trade-in is
presented in Table 7.

The preferences for the issues of negotiation (i.e. price, warranty, trade-in) were set
as (0.8, 0.0, 0.5), and (0.1, 1.0, 0.3) for the buyer and the seller, respectively. These
preferences could be interpreted as follows: the buyer does not mind having a shorter
warranty as long as he/she can get a good price for the car and trade-in. On the other
hand the seller prefers lower warranty. Table 8 summarizes the final negotiation
results agreed by both the buyer and the seller using different negotiation strategies.

The relative performance of different negotiation strategies is similar to the
previous example. The results also demonstrate that given different preferences of
different issues the agents could achieve more win-win deals.
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Table 7.  A scenario for multi-issue negotitiation

Public (shared)
information

Model: Toyota Landcruiser Wagon 1995, Kilometers: 61240, Price as
New: $49400, Advertised price: $36990.
Buyer SellerPrivate

information
(constraints and
preferences)

Budget = $13500
Warranty = -
Trade-in = $20000
Desire to buy = 70 %

Minimum price = $30000
Warranty = 1
Trade-in (valuation) = $19000
Desire to sell = 90 %

Table 8. Multi-issue negotiation results

             Seller

Buyer

Fixed
concession

Fixed
concession
better deal

Simple
concession

Simple
concession
better deal

No concession Average
value

Fixed concession 30821,1,19000
(10281)

30821,1,19000
(10281)

30352,1,19000
(9836)

30352,1,19000
(9836)

30320,0,19977
(10343)

10115

Fixed concession
better deal

30000,1,19000
(9500)

30000,1,19000
(9500)

30000,1,19000
(9500)

30000,1,19000
(9500)

30320,0,19977
(10343)

9669

Simple concession 30320,0,19959
(10361)

31231,0,19989
(10670)

30320,0,19959
(10361)

31225,1,19000,
(10668)

30320,0,19959
(10361)

10484

Simple concession
better deal

30320,0,19959
(10361)

31231,1,19000
(10670)

30320,0,19959
(10361)

31229,1,19000
(10068)

30320,0,19959
(10361)

10484

No concession 30821,1,19900
(10281)

30821,1,19900
(10281)

30352,1,19000
(9836)

30352,1,19000
(9836)

NO DEAL 10058

Average 10156 10280 9979 9984 10352

* Each cell consists of the agreed price, warranty and trade-in . Inside the brackets are the utility values of
the final deals.

6 Conclusion

This paper presents some aspects of the constraint-based reasoning in the negotiation
problem considered as a distributed CSP. In particular the paper outlines the
constraint-based representation and constraint propagation mechanisms used in an
experimental system of e-Negotiation Agents (eNAs) [5, 7]. The agents of the eNAs
system can autonomously negotiate the multi-issue terms of transactions in the
presence of limited common knowledge. The demonstration version of the system for
the used car trading is publicly available at http://www.cmis.csiro.au/aai/ITA.htm.

Based on the results of the initial experiments it seems that the approach based on
constraint-based reasoning is promising in providing automation support for multi-
issue negotiations in the presence of limited common knowledge. In particular the
experiments confirm that even a simple negotiation strategy can be superior to the
take-it-or-leave-it strategy based on a fixed price. Although the overall results are
encouraging a number of research issues need further investigation. Our current work
includes extending the presented approach to more flexible negotiation with fuzzy
constraints [5, 23], multiple party negotiation including dynamic coalition formation
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[26] and improving negotiation strategies by learning from experience, modeling
opponents and adaptation [27]. In particular it has led to the development of a fuzzy
version of the eNAs system that uses the principles of fuzzy constraint-based
reasoning in order to deal with imprecise information during negotiation (see [5, 23]).

Acknowledgments. The authors would like to thank Dr Leila Alem, Dr Maria Lee,
Mr Wai Yat Wong and Dr Dong Mei Zhang of CSIRO Mathematical and Information
Sciences for their contribution to the Intelligent Trading Agency project.
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Abstract. Conversations involving three or more agents often occur in
multi-agent systems, for example in brokering and auction protocols ty-
pically used in e-commerce. For developing agents in open systems, it is
important that the interactions in such conversations have a precise and
unambiguous meaning. We address this issue by generalising a protocol-
based semantic framework for expressing the semantics of Agent Com-
munication Languages. The generalisations involve exploiting mechani-
stic aspects of the interaction (conversation identifiers), greater flexibility
in the space of possible replies, and a richer representation of protocol
states. We define intentional specifications for some brokerage and auc-
tion protocols, including event-based clocks to determine the ordering
of events. We then discuss how these agent interaction protocols can
be integrated with internet protocols, using the Agent Communication
Transfer Protocol (ACTP), an application layer protocol designed to
generalize communication between heterogeneous agents. We conclude
that this approach to specifying multi-party protocols and the imple-
mentation platform of ACTP leads to clearer interfaces for open systems
and easier re-use, with a potentially significant impact on e-commerce
systems deployment and standardisation efforts.

1 Introduction

Conversation policies and interaction protocols have proved useful and indeed
almost essential for high-level interoperability between heterogeneous agents in
multi-agent systems (MAS). However, they have primarily been based on one-
to-one conversations, i.e. dialogues between only two agents. It is a feature of
many MAS, though, that there is some ‘well known’ agent (cf. well known ports
in TCP/IP networks) that provides generic facilities to all other agents, for
example directory and management services.

For example, the KQML language specification includes a Facilitator agent
[5]. Facilitators support multi-agent and third-party conversations in some com-
monly recurring patterns of interaction between three agents. In some cases,
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there is even indirection, as one agent may not be aware of who one of the
others is in the conversation.

For developing agents in open systems, it is important that the interactions in
such conversations have a precise and unambiguous meaning. This paper addres-
ses the issue by generalising the protocol-based, semantic framework of Pitt and
Mamdani [12,11], developed for describing the semantics of Agent Communica-
tion Languages (ACLs) at different levels of abstraction. These generalisations
enable us to provide formal specifications of the interaction patterns described
in [5], and also for auction protocols.

Section 2 reviews the KQML brokerage protocols and the nature of the se-
mantic problem, reviews the general semantic framework which will be used to
frame a solution, and introduces the Agent Communication Transfer Protcol
(ACTP). ACTP is an application layer internet protocol designed to generalize
communication between heterogeneous agents. Section 3 demonstrates the solu-
tion, which is based on exploiting conversation identifiers and a richer space of
possible replies. Section 4 gives a further generalisation which caters for auction
protocols. In both cases we give an intentional specification of expected agent
behaviour. Section 5 describes a proposed implementation of the conversation
identifier mechanisms and its integration within ACTP, which can then be used
to support the protocol specifications for brokerage and auctions described in
the previous two sections. Section 6 summarises the work, and argues that in-
terpreting speech acts in context is preferable to using complex speech acts. We
conclude that the emphasis on design of multi-party protocols and implemen-
tation over common platforms can lead to ‘public’ interfaces for open systems,
easier re-use, and can expose unexpected problems. This has a potentially signi-
ficant impact on standardisation efforts, and the development and deployment
of ‘plug-and-play’ agents for electronic commerce.

2 Background and Motivation

2.1 Multi-party Conversations and Protocols

There is a definite requirement for multi-party conversations in MAS applicati-
ons where brokerage and/or auctions are required. In KQML a special class of
agent called facilitators was introduced to perform various useful communica-
tion services, in particular mediation or brokerage services. In [5], four interac-
tion patterns based on these services were described, for recruitment, brokerage,
recommendation and subscription (clockwise from top right in Figure 1).

As with the well-known contract-net protocol, the value of these protocols was
that, given the frequency with which they occurred in different applications, the
specifications could be simply re-used. However, the problem with understanding
and applying these diagrams is that in [5], the semantics of KQML was an
open issue. This meant some difficulty in interpretation. For example, in the
recommend protocol, agent A was supposed to ask F if there was an agent
willing to provide a certain service (e.g. ask(X)), and F would reply “once it
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learns that B is willing to accept ask(X) performatives” [5]. But this means that
agent A may have to block until B advertises, whereas in fact it would be more
useful for A to know directly that no agent has advertised the service it requires.

Fig. 1. KQML communication facilitation services

This problem has largely been addressed in KQML by the use of Coloured
Petri Nets [3], but it remains a problem for the FIPA ACL semantics [6]. In a
series of papers submitted to FIPA, an attempt has been made to express the
semantics of the broker communicative act in the SL logic of the FIPA semantics
[16,15]. The experience has been that it is very hard to do, understand, verify
and apply.

Nevertheless, these protocols have been implemented and widely used in a
variety of applications. Probably, a number of specific solutions have been deve-
loped but it is unlikely that such systems could then interoperate. What we are
trying to achieve with this paper is to show how such protocols can be specified
in a general semantic framework. This framework is briefly reviewed in the next
section.

2.2 The General Semantic Framework

The protocol-based semantic framework has been introduced in [12]. The main
idea in the original work was to separate out the ‘external’, action-level semantics
(i.e. observed speech acts) from the intentional semantics (agent-internal reasons
for and acting and replying) and the content-level semantics (i.e. the meaning
of the content actually communicated). This core idea remains but we here we
will extend the framework in a consistent manner in order to handle multi-party
protocols.
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An ACL is a 3-tuple < Perf ,Prot , reply > where Perf is a set of perfomative
names, Prot is a set of protocol names, and reply is a partial function given by:

reply : Perf × Prot × N+ 7−→P (Perf × Prot)

where N+ is the domain of positive integers. The reply function is then defined
for each distinct state of each protocol, identified by a unique (for each protocol)
integer. This gives for each speech act, ‘performed’ in the context of a conver-
sation being conducted according to a specific protocol, what performatives in
which protocols are acceptable replies. The reply function therefore specifies a
finite state diagram for each protocol named in Prot. (Note also that in Perf we
include the null performative which is a ‘do nothing’ (no reply) performative (cf.
‘silence’ in [13])).

To fully characterise the intended semantics, three further functions are re-
quired, which are specified relative to each agent a, and state what that agent
does with a message, not how it does it. The three functions in [12] were (1)
a procedure for computing the change in an agent’s information state from the
content of an incoming message; (2) a procedure for selecting a performative
from a set of performatives (valid replies), and (3) a function conv which map-
ped a conversation identifier onto the current state of the protocol. For these
functions, we specify intentional (logical) descriptions of the reasons for and re-
actions to a speech act. These serve as reference implementation models that
agent developers could use to implement the appropriate internal and external
behaviours for their agents. Furthermore, where the import of the the content
level meaning was required, further specifications could be supplied, and this is
dependent upon the application.

An agent s then communicates with (and communicates information to) an
agent r via a speech act. This (possibly infinite) set is denoted by speech acts,
a single member sa of which is represented by:

sa =�s, perf(r, C, L, O, cp, ci, ts)�
This is saying that s does (communicates with) performative perf with content C
in language L using ontology O in the context of protocol (conversation policy)
cp as part of a conversation identified by ci at time of sending ts. The notation
sa.perf denotes the performative of a speech act, and so on. (Note that the issues
of time (explicitly represented), language and ontology are not addressed in this
paper, so that later representations of speech acts in section 3 and 4 will omit
these parameters).

The meaning of such a speech act sa from agent s to agent r is then given
by:

[[�s, perf(r, (C, L, O, cp, ci, ts))�]] = Ir �r, rep sa � s.t.
(rep sa.perf , rep sa.prot) ∈ reply(perf, cp, convr(ci))

This means that, in this framework, at the observable action level, the meaning
of a speech act is the intention to give a reply. Note that this defines only
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the meaning of a speech act at the action level. This is therefore an external
semantics, i.e. from the perspective of an observer that cannot ‘see’ the agent
internals. It may well be that two speech acts get the same apparent meaning
(for example, whenever the intended reply is null). However, we contend that
from the observer’s perspective that is exactly right: all the observer sees is
the actions. If two different actions don’t entail any response then the actions
mean the same thing (and in the absence of any observable change of state, are
ostensibly meaningless (sic)) – at the action level.

At other levels of meaning, we are concerned with the change of state (in-
formation and motivational) that occurs in both the sender and a receiver as
a result of a speech from one to the other. It is for this reason that we are
concerned with intentional specifications to characterise the decision making for
sending and replying to a speech act. Some of this will also be influenced by the
content, its interpretation and context. Note that there are also certain mecha-
nistic aspects in our framework that we presuppose: that both both sender and
receiver believe that the speech act was ‘done’, that the both change state, and
both update (where necessary) the conversation identifiers.

Therefore, the protocol-based semantic framework supports a general metho-
dology for designing an ACL for a particular application [11]:

– Generalization at the action level: additional performatives and protocols
can be introduced to create a new ACL and new patterns of interaction;

– Specialization at the intentional level: a reference implementation model,
possibly referring to agents’ beliefs, desires and intentions, could be specified
to give intended behavioural meanings for performatives in the context of
the protocols;

– Instantiation at the content level: the specific decision-making functionality
for deciding which reply from a set of allowed replies can also be specified.
For example, the same protocol may be used in quite different application
domains and the decision making may be dependent on a number of different
factors.

Section 3 will show how the brokerage protocols of [5] can be specified at the
action level, and give logical specifications to complete the meaning at the inten-
tional level. Section 4 analyses an auction protocol. First though, we complete
our background review with a brief description of the Agent Communication
Transport Protocol, which is the basis for implementation discussed in section 5.

2.3 Agent Communication Transfer Protocol

Inter-agent communication requires knowledge of an interaction protocol, an
agent communication language (ACL), and a transfer protocol [5]. In the pre-
vious sections we presented a general framework for designing ACLs and inter-
action protocols. In this section, we briefly overview our solution to the third
requirement, which is the transfer protocol. For full details, see [1].

Humans use multiple channels for communication, and if one fails, we try
another (e.g. with no reply to a phone call, we may send e-mail). If we seek to
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Fig. 2. KQML communication facilitation services

support higher-level communication between agents rather than processes, some
of the same flexibility should be seen, without forgetting that we are essenti-
ally dealing with a mechanistic interaction. The Agent Communication Transfer
Protocol (ACTP) is an application layer internet protocol that uses various com-
munication protocols for information exchange, thus supporting various methods
of communication and ensuring reliable agent-interactions.

The ACTP is an ‘umbrella’ protocol in the sense that it hides the low-level
networking details from the agents (see Figure 2). The communicating agents
provide the ACTP with the ACL message via a simple API and the ACTP is
responsible for the delivery of that message. The application protocols that the
ACTP uses as transport mechanisms use other protocols in order to carry out
their tasks. In other words, many of the application protocols can be viewed
as a wrapper, in the sense that they hide the implementation and use of other
protocols from the ACTP. For example, the FTP uses the synch signal of Telnet
to abort an in-progress transfer. Nevertheless, the ACTP does not interact with
Telnet; it just uses the FTP and it does not deal with the way the FTP is imple-
mented. In the architecture of the ACTP there are two levels of encapsulation;
in the higher one, the networking details of the communication processes are
hidden from the agents. In the lower one, the implementation of the underlying
application protocols is concealed from the ACTP.

Normally, an agent will specify the exact protocol that it wants to be used for
the data transfer. In this case the ACTP will use the specified protocol for the
communication. In other cases, an agent might not specify a particular transport
mechanism and let the ACTP decide about that. The ACTP has the flexibility



Integrating Interaction Protocols and Internet Protocols 53

to make those kinds of decisions. In particular, the ACTP offers a decision-
making algorithm that is primarily based on the properties of the message being
exchanged, like the size and the time-criticality of the message. The output of
this decision-making algorithm is the choice of transport medium that will be
used for the message transfer.

This agent-oriented middleware system supports the use of a name. The agent
that sends a message denotes the peer agent not by its physical address, but by
its name. It is up to the ACTP to convert this name to a physical address. This
function is performed with the use of the Name Server of the ACTP. The Name
Server is a process that provides the ACTP with low-level information about
the agents, such as their logical name and domain, their physical addresses in
relation to each underlying protocol and any authentication data that may be
needed in order to contact each agent.

The ACTP Library can be extended for handling conversation identifiers as
discussed in the next section, and a possible implementation is reviewed in Sec-
tion 5. This makes the ACTP eminently suitable for carrying messages generated
using the brokerage and auction protocols specified in the next two sections.

3 A Semantics for Brokerage

3.1 Conversation Identifiers

Conversation identifiers in ACLs are used to identify a dialogue between two
agents, so that a message in one conversation is not confused with message in
another, simultaneous, conversation. In the FIPA specifications, the conversation
identifier is a parameter of the ACL message, but it is not part of the semantics. It
is noted that there are parts of the specification that fall outside the scope of the
semantics, and it is arguably this omission that makes the logical specification of
the broker performative harder than it needs to be, because there is no ‘handle’
in the semantics for referring to a conversation as a ‘first-class object’.

Our approach brings the conversation identifiers into the semantics, but these
need to be unique. One way of guaranteeing uniqueness is to use the FIPA na-
ming system for Globally Unique Identifiers for agent names and a timestamp ge-
nerated from the system clock. Modulo any operating system vagaries, a unique
identifier is then generated for each conversation in which an agent participates
[4].

An alternative mechanism for generating unique conversation identifiers is
to use a 2-tuple, and for each participant to supply one component: we use an
integer.

Each agent maintains a count of the number of conversations it has engaged
in, and increments this by one for each new conversation. Then, it assigns the
current count for its first speech act in the conversation (see Figure 3).

If both agents in a conversation do this, then the combination of protocol
state and the conversation identifier uniquely identifies the conversation and
which message has been sent in reply to which other, i.e. there is no need to
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Fig. 3. Communication with conversation identifiers

have separate :reply-with and :in-reply-to message parameters in the ACL.
Where no reply is expected or required, the receiving agent need take no action
about replying, but still labels the conversation for later reference.

The advantage of having one component of the 2-tuple conversation identifier
provided by each party is that each one can then label its own component with
additional information, and return the other party’s information intact. The
conversation identifier can be treated as a term (in the Prolog sense) and can
contain structured information. The functor of the term is the uniquely-assigned
integer, and the arguments can be the extra information.

This then means that the conversation identifiers can be treated like “Our
Reference” and “Your Reference” labels in human information transactions (e.g.
memo passing). By convention, one uses one’s own system for “our reference”,
and respects whatever system is used by the other party. The advantage for agent
communication is the knowledge of how to interpret the reference in context: for
example, in the KQML-style communication [5] of Figure 4, the interpretation of
the reference j(A, i) is for agent B to send the reply to the content of the broker
(speech act) received from the Facilitator F to agent A quoting its reference i.
(Note the convention in Figure 4 is the sender’s reference first and the recei-
ver’s second.) Then, the conversation identifier is constant but the additional
information can be variable throughout the lifetime of a single conversation.

Fig. 4. Parameterised conversation identifiers
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We define the following function cida for each agent a:

cida : N+ × AgentIdentifier −→ N+

This gives, for each agent a, for a conversation identifier and the name used
by a to identify some other agent, the identifier used by that agent to identify
the same conversation.

3.2 Protocols and Intentional Specifications

The KQML brokerage protocols can each be analysed as a composite of two
or three separate one-to-one conversations, which can be intrinsically linked by
the reply function. In this section, these conversations will first be specified at
the action level as finite state diagrams, with the underlying meaning given by
intentional specifications. The formal language for the specification is a multi-
modal dynamic action logic using the ‘triggers and tropisms’ style of [11], i.e.
specifying the reason for doing and responding to speech acts. Formulas like
[a, A]p intuitively state that after agent a does action A, then an agent which
‘observed’ A and has this formula in its belief state should endeavour to make p
true. An operational semantics for this language is considered in [10].

Note that after the first speech act in a protocol, we assume that the re-
ceiver assigns its component of the conversation identifier, and that after that
DONE(�a, perf(. . . , (i, j))�) is true, where (i, j) is the conversation identifier.

The finite state diagrams for the various parts of the recruit and broker
performative/protocols are illustrated in Figure 5. The finite state diagrams for
subscribe and recommend are simple variations on a simple question/answer
pair. Intentional specifications of the meaning of the speech acts in the context
of these protocols, together with an English paraphrasal (of the recruit and
broker protocols; the subscribe and recommend specifications can be expressed
similarly) are given in Table 1.

Fig. 5. Finite State Diagrams for KQML Brokerage
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Table 1. Intentional Specifications: KQML Brokerage Protocols

1 [A, recruit(F, ask(X), recruit1 , (i, ))]
2 ∃b, j, k.DONE(�b, advertise(F, ask(X), recruit2 , (k, j))�)
3 → IF �F, ask(b, X, recruit2 , (j(A, i), k))�
1′ after A performs a recruit speech act using the recruit1 protocol with

conversation identifier (i, ),
2′ if an agent b has done an advertise using recruit2 with identifier (k, j)
3′ then form the intention to ask b about X with identifier j(A, i), meaning

reply to A quoting identifier i

4 [F, ask(B, X, recruit2, (j(A, i), k))]
5 IB �B, tell(A, X, recruit3, (l, i))�
4′ after F performs an ask using recruit2 with identifier (j(A, i), k),
5′ form the intention to tell A about X using recruit3 with identifier (l, i)
6 [A, broker(F, ask(X), broker1 , (i, ))]
7 ∃b, j, k.DONE(�b, advertise(F, ask(X), broker2 , (k, j))�)
8 → IF �F, ask(b, X, broker2 , (j(i), k))�
6′ after A performs a broker using broker1 with identifier (i, ),
7′ if an agent b has done an advertise using broker2 with identifier (k, j)
8′ then form the intention to ask B about X with identifier (j(i), k)
9 [B, tell(F, X, broker2 , (k, j(i)))]
10 ∃a, l.DONE(�a, broker(F, ask(X), broker1 , (i, l))�)
11 → IF �F, tell(a, X, broker1 , (l, i))�
9′ after B replies with a tell using broker2 with identifier (k, j(i)),
10′ then there is an agent a who did a broker using broker1 with identifier (i, l)
11′ and form the intention to tell agent a about X using broker1 with identifier (l, i)
12 [A, subscribe(F, ask(X), subscribe, (i, j))]
13 ∃b.DONE(�b, tell(F, X, , )�→ IF �F, tell(A, X, subscribe, (j, i))�
14 [A, recommend(F, ask(X), recommend , (i, j))]
15 ∃b.DONE(�b, advertise(F, ask(X), recommend , )�)
16 → IF �F, reply(A, b, recommend , (j, i))�

3.3 Extending the Framework

The first observation to make is that a conversation identifier is no longer a
single unique identifier, as specified in [12], but is a pair, one element of which
is supplied by each party to the conversation. The function of the identifiers
is the same as before, but the fact that they can be parameterised allows us
to provide additional information. This information can be interpreted (in the
context of a protocol) to forward to third parties and so on, giving a precise
formal specification of the KQML brokerage protocols.

The second observation is that under the previous semantics, an agent either
replied with a speech act in the same protocol, or, if the conversation was over,
performed the null speech act. The above logical specifications are correct with
respect to that semantics; however, it is not quite capturing the notion that
although a speech act in this conversation is not expected (or allowed), another
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speech act in a new conversation is intended. Therefore the range of the reply
function is a set of pairs of speech act and protocol.

The third observation to make is that using these generalisations in conjunc-
tion with the intentional specifications, we can be more precise about the order
of events and what actions the Facilitator should take. The value of such speci-
fications is that it is now clear what the order of actions is expected to be, and
under what circumstances certain actions are expected. Note that the protocols
remain normative in that they specify what actions can (must) be done, but the
intentional specifications give declarative statements of what decisions should
be taken, but do not specify how this decision making should be implemented.
In this sense the intentional specification is informative, but any agent hoping
to work in a system based on this specification of the protocols is expected to
comply with these intentions, and so the specification is providing a reference
implementation model for an agent implementer.

However, even now there are certain elements which remain underspecified:
for example, actions to recover from errors (for example, in lines 1–3, if there
was not an agent who had performed an advertise). Therefore, we might specify
the following:

[A, broker(F, ask(X), broker1 , (i, ))]
(∃b, j, k.DONE(�b, advertise(F, ask(X), broker2 , (k, j))�)

→ IF �F, ask(b, X, broker2 , (j(i), k))�)
∨

(¬∃b.DONE(�b, advertise(F, ask(X), broker2 , )�)
→ IF �F, tell(A, not advertised, broker1 , (j, i))�)

Recall that this is a receiver’s side specification interpreted locally (not a
system-wide (global) specification), so this formula states that after the broker
speech act, if the facilitator knows of no agent that has advertised the service,
then it should tell the sender that this is the case. Of course, we also need to
update the broker1 state diagrams to reflect this improvement to the specifica-
tion.

In addition, from inspection of Table 1, it might be considered odd that agent
B needs to advertise both in the recruit2 , broker2 and recommend protocols.
However, these are different protocols, with different state diagrams; further-
more, advertising with the protocol name offers an implicit contract that the
agent will understand the different conversation identifiers that will be used in
each case. In addition, an agent may want to preserve anonymity, and while be
willing to participate in brokerage, it may not want to participate in recruitment
(note the difference in Figure 1: in the broker protocol everything gores through
the Facilitator).

By specifying the decision-making and error recovery, we also see that the
protocols remain incomplete. What action is taken, for example, for an agent
B that wishes to withdraw an advertise, or an agent A that wishes to cancel a
subscription? To handle this, we might introduce new performatives (withdraw
and cancel, say), update the protocols, and introduce extra conditions into the
intentional specifications, for example:
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[A, recruit(F, ask(X), recruit1 , (i, ))]
∃b, j, k.(DONE(�b, advertise(F, ask(X), recruit2 , (k, j))�)

∧¬DONE(�b, withdraw(F, advertise(. . .), recruit2 , (k, j))�)
→ IF �F, ask(b, X, recruit2 , (j(A, i), k))�

This is not the first time such problems have been identified with the KQML
brokerage protocols [13]. Indeed we are endorsing the work of [13], in that we
argue for a formal semantics, a development method, and (ideally) automated
tools, in order to support rigorous design allowing development of solutions to
such problems. We can see also that this method of protocol specification is
becoming unwieldy as the protocols grow more complex. The entire history of
the conversation is appearing in the intentional specification of the meaning of
the recruit act. Ideally the withdraw and advertise should make a change to
the state of the conversation, and a subsequent recruit would be received in the
context of this new state. The state effectively summarises relevant information
from the history of the conversation. The semantics of recruit would then include
a check on the current state before giving permission to perform the ask. This
idea of storing the relevant information as the conversation state and using it to
guide the conversation is the subject of ongoing research [7].

4 Auction Protocols

In this section, we consider auctions, another type of multi-party agent conversa-
tion. We concentrate in particular on what are typically called English Auctions,
in which an auctioneer announces a proposed sale price (the asking price) to a
group of potential bidders. If one of them accepts the price, the auctioneer in-
creases it by a set amount, and announces a new asking price. If no-one accepts,
the goods on auction are sold to the last bidder.

Auction protocols can be distinguished from the brokerage protocols studies
in the previous section, in that instead of several one-to-one conversations which
are conducted, sequentially or nested, according to different protocols, auction
protocols comprise, in effect, several one-to-one conversations being conducted
concurrently according to the same protocol.

The techniques used to specify the semantics of an English Auction are a ri-
cher representation of state, and parameterised conversation identifiers, as in the
previous section. Conversation identifiers in auctions will now be parameterised
by vector timestamps [17].

4.1 English Auction: State Diagram

The finite state diagram for an English Auction is illustrated in Figure 6(a). We
assume a previous stage of registration to participate and declaration of lots,
etc., covered by some alternate protocols. We consider here only the process of
a single auction.

The English Auction Protocol is used between an Auctioneer agent A and a
set of buyer agents B. However, it is effectively a single conversation between A
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and each agent b ∈ B. After the first announce, which is multi-cast to all agents,
if no agent bids (accepts), the auctioneer can end the auction. Otherwise, if
an agent decides to try to buy the lot at this price, it sends an accept to the
auctioneer. The auctioneer accordingly increases the price, and announces this
to all agents. This process repeats, until no agent makes a bid (accept). Then
the auction is won by the agent that made the last bid. This agent is told of its
win by a sold message and all other agents are informed that the auction is over.

<1,0,0>

<2,0,0>

<3,2,0>

<4,2,0>

<5,2,0>

<7,2,4>

<8,2,4>

<9,2,4>

<1,1,0>

<1,2,0>

<8,4,4>

<2,0,1>

<5,2,3>

<9,2,5>

<5,2,4>

<2,0,2>

<6,2,2>

<4,3,0>

<0,0,0> <0,0,0> <0,0,0>
Auctioneer b1 b2

m2: accept <2,0,2>

m3: accept <5,2,4>

m1: accept <1,2,0>

m7: announce <9,2,4>

m6: announce <8,2,4>

m5: announce <5,2,0>

m4: announce <4,2,0>

announce <2,0,0>

announce <1,0,0>

Timer: reset after each completed multicast announce

Fig. 6. English Auction Protocol: (a) Finite State Diagram, and (b) Message Sequence
Chart

4.2 Vector Timestamps

The problem with the protocol described in the previous sub- section is that a
transition from state 2 is context-sensitive, i.e. for an agent making a bid, it goes
into state 1 first; for all other agents, all they ‘see’ is the new announce. However,
these other agents may also have sent accept messages – except accepting the old
price and have therefore arrived too late. Therefore, it is necessary to resolve:

1 For the auctioneer, if an accept is in response to the most recent multi-cast
announce;

2 For the bidding agents, whether or not it is their bid which has been accepted.

Our solution to this is firstly to use a unique conversation identifier between
the auctioneer and each agent, in the style of the previous section. However,
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in the English Auction Protocol, the conversation identifier is parameterised by
the sending agent with a vector timestamp [17] which will enable the agents to
determine potential causality.

The idea of potential causality in distributed systems without global clocks
is that the ordering of event can only be determined locally, i.e. with respect
to any single observer. If an event e precedes an event f , from one observer’s
point of view, then e potentially caused f . To determine if one event preceded
another, each agent uses its own vector clock.

Following [17], a vector clock is defined over a group of agents with cardinality
n as an (n)-ary vector of natural numbers v =< a1, a2, . . . , an >. The starting
clock of every agent is the vector < 0, 0, . . . , 0 >. Each agent increments its entry
in the vector when it performs a local event, i.e. sending or receiving a message.
It attaches its entire vector clock as a timestamp to every message it sends out.
When it receives a message, it takes the element-wise max of its vector clock
and the timestamp on the incoming message, increments its entry in the vector
by 1 (for the local event), and sets this value to be its new vector clock.

One vector is defined as later than another if the value of at least one entry
in the first vector is greater than the corresponding entry in the second, and no
value in the second is greater than the first, i.e. v is later than u if and only if
firstly ∀i.1 ≤ i ≤ n : ui ≤ vi and secondly ∃i.1 ≤ i ≤ n : ui < vi. The notation
u ≺ v indicates that v is later than u.

Figure 6(b) shows a message sequence chart for a possible exchange of a num-
ber of announce and accept message between an auctioneer A and two bidding
agents b1 and b2 during an English Auction. (The labelling ‘mx’ on some messa-
ges is incidental and used to explain cause and effect between messages below.)
Note that after the first announce, both b1 and b2 accept, but b1’s bid arrives
first. Therefore this is the accepted bid which causes the second (multi-cast) an-
nouncement. Note also that we stipulate that the Auctioneer must ‘block’ (not
read) any incoming messages after an accept, until it has finished the multi-cast
announce, i.e. a separate announce message has been sent to each participating
agent in B, and so has been assigned a timestamp.

The agents can now use the vector timestamps to determine which announce
(potentially) caused which accept, and vice versa, using the two following rules:

R1 For the auctioneer, if the timestamp on an incoming accept message is
later than the auctioneer’s vector clock after the last accepted bid (the
last accept to cause an announce), then it was caused by the most recent
multi-cast announce;

R2 For a bidding agent, if the timestamp on an incoming announce is later
than their vector clock, then the announce was caused by its accept.

Applying these rules to the message sequence chart of Figure 6(b), the cau-
sality relations of messages m1-m7 are summarised below. Rule R1 is applied by
the auctioneer to messages m1-m3, and Rule R2 is applied by bidding agents to
messages m4-m7.
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m1 120 ≺ 000 accept is potentially caused by most recent (multi-cast)
announce

m2 202 6≺320 accept not caused by most recent (multi-cast) announce
m3 524 ≺ 320 accept is potentially caused by most recent (broadcast)

announce
m4 420 ≺ 120 (multi-cast) announce potentially caused by b1’s accept (m1)
m5 520 6≺202 (multi-cast) announce not caused by b2’s accept (m2)
m6 824 6≺430 (multi-cast) announce not caused by b1’s accept
m7 924 ≺ 524 (multi-cast) announce potentially caused by b2’s accept (m3)

4.3 Intentional Specifications

Finally in this section, we specify the reference implementation model for the
English Auction. The problem now is that the change of state is more complex
than in ordinary one-to-one protocols, and in the brokerage protocols of KQML.
Therefore the simple state representation as an integer is no longer sufficient.
The state of an auction is conditional on the announced price, the current winner
(performer of the last accept), the set of bidding agents, and the auctioneer’s
vector clock of the last accepted bid, used in R1.

In fact, there are four parts to the specification that need to be formalised:

1 The change of state of both speaker and hearer after a speech act (message
is sent/received);

2 The intentions of hearer in response to a speech act;
3 The (real) time aspects, i.e. if no accept is received within a certain time,

then the auctioneer terminates the auction;
4 Rules R1 and R2 upon which 1–3 above are conditional.

For the first item, we require a richer representation of the protocol states,
so need the following state variables:
buyer the agent currently winning the auction (i.e. the agent who made the

last accepted bid)
price current asking price of the item for auction B set of agents bidding in

this auction (b ∈ B denotes a single bidder in B)
la timestamp of last accepted bid time real time remaining before auction

is ended
Access and change to a state variable svar is indicated by the following notation:

conva(i).svar = val to test the value for equality
conva(i).svar ↼ newval to overwrite the current value

The following identifiers are also required:
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vc, ts, la are all vector clocks, where
vc is the vector clock of an agent
ts is the timestamp on a message
la is the vector clock of last accepted bid

(i(ts), j) i is the unique number identifying this conversation for the sender,
ts is its vector clock at the time of sending, and j identifies the
conversation for the receiver

conva(i) returns the protocol state of the conversation identified by i for
agent a (as in section 3.1)

cida(i, b) returns the integer used by agent b in the conversation identified
(for agent a) by i (as in section 3.2)

Finally, we need a notation to multi-cast a speech act (where ; is a conventional
sequence operator for actions):

�s,multicast(perf, R, C, P, i)� = ;r∈R �s, perf, C, P, (i(vc), cids(i, r))�

This describes the multi-cast of a performative perf, to a set of receivers R,
with content C, in protocol P , performed by an agent s as the composition of a
sequence of individuals acts to each r ∈ R. Since each agent can only do one act
at a time, the specific conversation identifier for each speech act in the multi-cast
is constructed from vc is the vector clock at the time of occurrence of the local
event (and is incremented after performing each individual announce speech act),
and so is different for each r ∈ R.

The English Auction multi-party protocol is formally specified (and para-
phrased) by the intentional specifications contained in Table 2 for the com-
municative acts involved. Note that there are different axioms for both sender
(auctioneer) and receiver (bidding agents) for the announce act. Note that we
are assuming that vector clocks will be correctly updated to account for the oc-
currence of local events. Table 3 shows the auctioneer’s actions for dealing with
the timeout of the timer represented in Figure 6(b).

5 Experimental Implementation

In this section we describe a proposed implementation of the conversation identi-
fiers (CIDs) mechanism as it was described in section 3.1, and of the integration
of this mechanism with the Agent Communication Transfer Protocol (ACTP)
described in section 2.3. In previous work [14] we produced an experimental
implementation of this mechanism. In this paper, we reconsider this implemen-
tation and propose a modified specification of it.

There are two different ways in which a conversation could be established:

– The handshaking mode: the initiating agent sends only its CID to the recei-
ving agent, and waits for that agent’s identifier to construct the final CID
tuple (cf. handshaking in TCP before establishing a connection). This me-
thod requires two messages to be passed before the commencement of the
actual conversation.
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Table 2. Intentional Specifications: English Auction Protocol

Auctioneer’s trigger for multi-cast announce
17 [A,multicast(announce, B, price, EA, (i, ))]
18 conv(i).time ↼ 50
17′ after A does a multi-cast announce using the EA protocol with identifier (i, )
18′ reset the time state variable to some set number of time units (e.g. 50)
Bidding agent’s reaction on receiving its (individual) announce
19 [A, announce(b, price, EA, (i(ts), j))]
20 (vc =<0, 0, . . . , 0>) ∨ (ts ≺ vc)
21 → compute accept(price)
22 → Ib �b, accept(A, , EA, (j(vc′), i))�
19′ after A does an announce in the EA protocol with conversation identifier contai-

ning timestamp ts
20′ if the vector clock is all zeros (the start of the auction) or rule R2 does not apply

(otherwise b is winning)
21′ then if the agent decides to bid at this price (compute accept(price) is true)
22′ then form the intention to send an accept to the auctioneer, vc′ being the vector

clock of the send local event
Auctioneer’s reaction after receiving an accept
23 [b, accept(A, , EA, (j(ts), i))]
24 conv(i).time > 0
25 → ts ≺ conv(i).la
26 → conv(i).buyer ↼ b

∧ conv(i).price ↼ conv(i).price + increment
∧ conv(i).la ↼ vc

27 ∧ IA �A,multicast(announce, conv(i).B, conv(i).price, EA, i)�
23′ after b does an accept in the EA protocol with conversation identifier (j(ts), i)
24′ if the auction hasn’t timed out and been terminated
25′ then if rule R1 applies
26′ update all the relevant state variables
27′ and form the intention to multi-cast the updated price to all the bidding agents

– The blank identifier mode: the initiator sends its part of the CID with the
first ACL message, leaving the receiver’s part of the tuple blank. If the peer
agent wishes to reply, it then sends its ACL reply message as well as filling
in its part of the CID tuple.

We follow the latter approach, thus reducing the number of messages exchanged.
In figure 7, we illustrate an example of a multi-party conversation (these are

the recruit and ask messages appearing in Table 1) with the use of the ACTP.
Each agent interacts only with its ACTP module. This module is responsible for
sending the ACL message as well as the CID. Figure 8 shows a decomposition of
the ACTP module illustrating the conceptual model of the ACTP and the way
the CIDs can be integrated within it.

In the intentional specifications appearing in sections 3 and 4, we saw the
CID appearing as a parameter within the ACL message (that is the syntax of
our custom ACL), this must now be separated since the ACTP is intended to be
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Table 3. Intentional Specifications: Timeout Events

Auctioneer’s triggers for dealing with timeouts
28 ∃i.conv(i).time < 0 → IA �A, timeout(i)�
28′ if there is any conversation identifier i for which the value of the time

state variable drops below zero, then form the intention to perform a
timeout action

29 [A, timeout(i)]
30 conv(i).B ↼ conv(i).B {conv(i).buyer}
31 ∧ IA �A, sold(buyer , , EA, (i(vc), cid(i, buyer))�
32 ∧ IA �A,multicast(end, conv(i).B, , EA, i)�
29′ after a timeout in a particular auction
30′ remove the winner (buyer) from set of bidding agents
31′ confirm the sale to the buyer (strictly we should write conv(i).buyer but

this is obvious from context)
32′ end the auction with a multicast to the rest

sufficiently general to handle a message from any ACL (e.g. FIPA or KQML).
Each agent that seeks to communicate will provide its ACTP module with the
ACL message as well as the CID (a tuple). In this way we give explicit semantics
to the CIDs. The ACTP cannot be expected to be capable of parsing a message
from any unknown ACL, so its Conversation Identifiers Module simply creates
a wrapper for the ACL message as a string and the CIDs (see Figure 9 for the
decomposition of the Conversation Identifiers Module). The CID tuple will either
contain only one integer (if this is the first message of the interaction) or two
integers (if this a message of a conversation under way).

Fig. 7. ACTP Test Environment

The ACTP stores in its memory the full history of every conversation and
it uses the CIDs of each conversation to sort them. In the event of an agent
crashing during a conversation, and subsequently restarting with no recollection
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of it, the memory enables the agent to resume the conversation from the point
where it left it. This extra robustness is achieved by imitating the mechanistic
interactions of the internet protocols (for example the way TCP exchanges SYN
and ACK numbers, although our system can do this concurrently as well as in a
handshaking phase). We can provide the agents, at a higher level of abstraction,
with a more robust and faster way of dealing with conversations and errors in
the communications infrastructure. These additional properties are particularly
relevant to e-commerce applications, where vendors and consumers (represented
by selling and buying agents) are especially sensitive to delays and downtime.

6 Summary and Conclusions

This paper has addressed two primary concerns:

– specifying multi-party protocols in formal, precise and unambiguous terms;
and

– implementing such specifications over an open, robust and efficient platform.

Both aspects are essential for agent-mediated electronic commerce. We argue
that it is necessary for open multi-agent systems that employ Facilitators and
Auctioneers to make the language and protocols publically available, so that
heterogeneously designed, developed and deployed agents can interoperate se-
amlessly. Furthermore, the communications infrastructure has to be quick and
reliable to ensure take-up and continued usage. The combined developments
described in this paper are, we believe, useful steps in addressing these concerns.

In this paper, we have taken a general semantic framework for specifying the
semantics of an Agent Communication Language, which concentrated on one-to-
one conversations, and extended it to cover multi-party conversations as found
in brokerage and auction protocols. The specific extensions introduced were:

– Increased range of the possible intended replies, so that the ‘meaning’ of a
speech act between a speaker and hearer in one protocol could, at the ’action’
level, be the intention to perform another speech act in a new protocol with
a third party;

– Conversation identifiers that were structures (2-tuples), one element of which
was supplied by each party to the speech act, and could be parameterised
with additional information. The identifiers were then brought into the se-
mantics at the intentional level rather than being or considered as pragmatics
as in the FIPA ACL semantics;

– A richer representation of protocol states, so that states were no longer
single integers but could include a number of variables. These variables could
change value after either the speaker sent the message, and reflect the fact
that both the speaker and hearer are changing state when a speech act is
performed.

We then used these extensions to give precise, detailed formal specifications
(reference implementation models) of the meaning of particular speech acts in the
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Fig. 8. ACTP Module

Fig. 9. CIM (Conversation Identifier’s Module)
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context of a specific protocol. The intention is then, of course, for developers to be
able to implement such specifications in agents which could then inter-operate
in any open multi-agent system that was using this communication language
(performative, protocols and specifications) for uni-cast and multi-cast messages.
Broadcast messages are currently out of the scope of this framework (see [8] for
an alternative method).

We used an agent-oriented middleware that offers a number of novel fea-
tures that enhance communication in multi-agent systems. The development of
the ACTP was accomplished on the basis of an extensible and well-structured
design. Furthermore, the ACTP provides various levels of encapsulation and
handles conversations in an efficient manner, thus shielding the agents from the
complexity of the communication process. Due to the fact that a significant
effort was spent on the implementation of the error handling mechanism, this
communication infrastructure has proved to be very reliable and robust.

Having developed the first version of the Agent Communication Transfer Pro-
tocol we suggest that it contains a significant degree of generality, reliability and
flexibility to support agent conversations in heterogeneous environments. The-
refore, the ACTP can be standardised as a communication platform for multi-
agent systems. Ultimately, the ACTP can be integrated with other middleware
systems (i.e. FIPA-OS [9]) in order to produce a more complete communication
transport that will offer high-level interoperability in agent interactions.

We believe that analysing multi-party conversations in terms of their in-
dividual components makes the requirements on each interaction clearer, and
so assists in determining where the dependencies occur (e.g. sequence, cross-
reference, and so on). Having done this analytic design, it is of course feasible to
re-constitute the original presentation, if it helps the designer. It is also our con-
tention that the performative semantics is clearer from being defined in context
of use (pace Wittgenstein) rather than being defined, syntactically or semanti-
cally, as a composite or complex speech act [2,6].

We would further argue that if conversation identifiers are going to be used
in an ACL, then it is worth using them, mechanistically as here, for guaranteeing
unique conversations and for passing additional information, to be interpreted
in context. However, in [2] it was shown how the ‘commitments’ in composite
acts could be derived from the conditions on the primitive ones, and one area for
further research is how such commitments are preserved across linked protocols.

We also observed that the auction and brokerage protocols have been used
widely in MAS, although formal specifications appeared to be in short supply.
The FIPA experience, though, and the work in this paper, suggest that achieving
unambiguous specifications for multi-party protocols requires a wide range of
considerations to be met. Indeed, the logical specification language required to
capture all the different aspects (time, state, events, intentions, axioms, etc.)
needs to be extremely powerful and expressive, and correspondingly complex. It
is therefore clear that when it comes to providing standard specifications, we are
treading a fine line between being too dense and arcane, and being useful and
understandable. It remains the case, too, that the formal specification language
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here has an intuitive but somewhat loose semantics, and this is being addressed
in current research [10].

We maintain though that a systematic approach to design at different levels of
‘meaning’ offers definite development advantages, in terms of clearer interfaces,
open standards, modularity and re-use. Furthermore, the design process can
expose new problems. For example, the Facilitator tells in lines 12-13 of Table 1
have F telling X, without necessarily believing X itself. In open systems it might
be that F is liable for what it ‘says’, and that therefore quoting is required, or
some other safeguard.

The way the English Auction protocol has been specified and implemented
within our framework may point the way forward. We have had to make use of
variables which control how the agents follow the protocol. There is also scope
for identifying the various roles that the participants play at certain points of
the protocol according to the state. It therefore appears that there is an un-
derlying richer state description which cannot be represented in the finite state
diagram. Ideally we would like to have an explicit representation of roles and
control variables within the general framework, where the action level diagrams
and semantics use these roles, rather than specifying them solely in the logical
implementation stage. This will require another extension of the semantic fra-
mework and is the subject of ongoing research [7], but the result will be a clearer
separation of the constituent ‘meanings’ of speech acts and protocols, plus their
dependencies and relations, which combined together provide a more accessible
specification.
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Abstract. This paper considers the design of negotiation protocols for logic-based
agent communication languages. We begin by motivating the use of such langua-
ges, and introducing a formal model of logic-based negotiation. Using this model,
we define two important computational problems: the success problem (given a
particular negotiation history, has agreement been reached?) and the guaranteed
success problem (does a particular negotiation protocol guarantee that agreement
will be reached?) We then consider a series of progressively more complex ne-
gotiation languages, and consider the complexity of using these languages. We
conclude with a discussion on related work and issues for the future.

1 Introduction

Negotiation has long been recognised as a central topic in multi-agent systems [10,6].
Much of this interest has arisen through the possibility of automated trading settings, in
which software agents bargain for goods and services on behalf of some end-user [8].

One obstacle currently preventing the vision of agents for electronic commerce from
being realised is the lack of standardised agent communication languages and protocols
to support negotiation. To this end, several initiatives have begun, with the goal of
developing such languages and protocols. Most activity in this area is currently focused
on thefipa initiative [3]. Thefipa community is developing a range of agent-related
standards, of which the centrepiece is an agent communication language known as
“acl”. This language includes a number of performatives explicitly intended to support
negotiation [3, pp17–18].

Our aim in this paper is to consider the use of languages likefipa’s acl for nego-
tiation. In particular, we focus on the use oflogical languages for negotiation. The use
of logic for negotiation is not an arbitrary choice. For example, logic has proved to be
powerful tool with which to study the expressive power and computational complexity
of database query languages. We believe it will have similar benefits for the analysis of
negotiation languages.

We consider two distinct aspects of logical negotiation languages:
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– Adequacy: Which negotiation languages are appropriate for which application do-
mains? Is a given language sufficiently expressive for a particular domain?

– Simplicity: Is a chosen negotiation language likely to be usable in practice?

Of course, there is a tradeoff between adequacy and simplicity: the more powerful a
language is, the less tractable it becomes.

In the following section, we introduce a general formal framework for logic-based
negotiation. In particular, we define the concept of a negotiation history, and consider
various possible definitions of what it means for negotiation to succeed on such a history:
we refer to this as thesuccessproblem. In section 4, we defineprotocolsfor negotia-
tion, and consider the problem of when a particular protocol guarantees that agreement
between negotiation participants will be reached: we refer to this as theguaranteed suc-
cessproblem. In section 5, we consider three progressively more complex languages
for negotiation. We begin with propositional logic, and show that, for this language,
the guaranteed success problem is in the second tier of the polynomial hierarchy (it is
Πp

2-complete, and hence unlikely to be tractable even if we were given an oracle for
np-complete problems). We then investigate how the complexity of the problem varies,
depending on the choice of negotiation language and the properties of the protocol.

We then present two further negotiation languages, which are more suited to electro-
nic commerce applications; the second of these is in fact closely based on the negotiation
primitives provided in thefipa agent communication standard [3]. We show that the suc-
cess problem for these languages is provably intractable (they have double exponential
time lower bounds). We conclude by briefly discussing related work and issues for future
work.

1.1 Background

We are interested in designing negotiation protocols and strategies that may be used by
semi-autonomous software agents in electronic commerce scenarios [8]. Furthermore,
we require that the agents engaged in such scenarios will make use of communication
languages such askqml [7], or the increasingly well-knownfipa agent communication
language [4].

There is by now a significant literature on automated negotiation; Rosenschein and
Zlotkin’s pioneering work on the use of game theoretic techniques in negotiation is
possibly the best known example [10]. Kraus provides a summary of relevant work in [6],
and Sandholm provides a detailed survey of the game theoretic foundations in [11]. By
and large, this work has focussed on two issues. The first is the design of negotiation
protocols, which provide the “rules of encounter” for interacting agents. Typically, the
designer of a negotiation protocols (the “principal” in game theory terminology [1,
p526]) has some criteria in mind when designing the protocol. A classic example is that
of someone who wishes to sell some particular good to one of a group of agents; the
obvious criteria that such a person will have is to maximise revenue. In game theory,
the process of designing a protocol with the aim of satisfying such criteria is known as
mechanism design[1, p523]. There are many possible properties that one might wish to
prove of a negotiation protocol. Possible properties include, for example [11, p204]:
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– Guaranteed success.
A protocol guarantees success if it ensures that, eventually, agreement is certain to
be reached.

– Maximising social welfare.
Intuitively, a protocol maximises social welfare if it ensures that any outcome maxi-
mises the sum of the utilities of negotiation participants. If the utility of an outcome
for an agent was simply defined in terms of the amount of money that agent received
in the outcome, then a protocol that maximised social welfare would maximise the
total amount of money “paid out”.

– Pareto efficiency.
A negotiation outcome is said to be Pareto efficient if there is no other outcome that
will make at least one agent better off without making at least one other agent worse
off. Intuitively, if a negotiation outcome is not Pareto efficient, then there is another
outcome that will make at least one agent happier while keeping everyone else at
least as happy.

– Individual rationality.
A protocol is said to be individually rational if following the protocol — “playing by
the rules” — is in the best interests of negotiation participants. Individually rational
protocols are essential because without them, there is no incentive for agents to
engage in negotiations.

– Stability.
A protocol isstableif it provides all agents with an incentive to behave in a particular
way. The best-known kind of stability isNash equilibrium: two strategiess ands′

are said to be in Nash equilibrium if under the assumption that one agent is usings,
the other can do no better than uses′, and vice versa.

– Simplicity.
A “simple” protocol is one that makes the appropriate strategy for a negotiation
participant “obvious”. That is, a protocol is simple if using it, a participant can
easily (tractably) determine the optimal strategy.

– Distribution.
A protocol should ideally be designed to ensure that there is no “single point of
failure” (such as a single arbitrator), and ideally, so as to minimise communication
between agents.

The fact that even quite simple negotiation protocols can be proven to have such desirable
properties as these accounts in no small part for the success of game theoretic techniques
for negotiation.

In this paper, we combine ideas from mechanism design with the use of agent com-
munication languages such askqml andfipa [7,4]. These languages are being developed
in an effort to enable agents built by different organisations using different hardware and
software platforms to inter-operate with one-another. The two languages are similar, and
we will here reviewkqml. This language is essentially an “outer” language for messa-
ges: it defines a simplelisp-like format for messages, and 41performatives, or message
types, that define the intended meaning of a message. Examplekqml performatives in-
cludeask-if andtell. Thecontentof messages was not considered part of thekqml
standard, but another language calledkif was also defined, to express such content.kif
is essentially classical first-order predicate logic, recast in alisp-like syntax.
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To better understand thekqml language, consider the following example of akqml
message [7, p354]:

(ask-one
:content (PRICE IBM ?price)
:receiver stock-server
:language LPROLOG
:ontology NYSE-TICKS

)

The intuitive interpretation of this message is that the sender is asking about the price
of ibm stock. The performative isask-one, which an agent will use to ask a question
of another agent where exactly one reply is needed. The various other components of
this message represent its attributes. The most important of these is the:content field,
which specifies the message content. In this case, the content simply asks for the price of
ibm shares. The:receiver attribute specifies the intended recipient of the message, the
:language attribute specifies that the language in which the content is expressed (the
contentlanguage) is calledLPROLOG (the recipient is assumed to “understand”LPROLOG),
and the final:ontology attribute defines the terminology used in the message.

In this paper, we will investigate some issues surrounding the design of agent inter-
action protocols — specifically,negotiationprotocols — for agents that communicate
using such languages. Negotiation is recognised as an important application of such
communication languages, and thefipa language explicitly provides performatives that
are intended to support negotiation. For example, thefipa performativecfp (call for
proposals) allows an agent to advertise the fact that it has something (e.g., a task that it
desires to be solved), and invites bids from other agents with respect to this task.

Although there have been many implementations of both thekqml andfipa langu-
ages, to date there is little theory that either supports or disproves the view that such
languages can be used for applications such as negotiation. In this paper, we begin to
rectify this omission. We present a simple formal model of negotiation, in which agents
communicate by exchanging formulae of some logic-based agent communication lan-
guage. We then consider a number of progressively richer logics for negotiation, and
investigate the design of protocols for the use of such languages. In particular, we inve-
stigate the computational complexity of proving that protocols have certain properties.
Before proceeding, we survey the basic concepts from complexity theory that are requi-
red for the article.

1.2 Complexity Concepts and Classes

Throughout the paper, we make use of the terminology and tools of complexity theory.
Although we provide a summary of main concepts from complexity theory that we use,
we emphasise that a detailed presentation is beyond the scope of this paper. We refer the
reader to [5,9] for details. We start from the complexity classesp (of languages/problems
that may be recognised/solved in deterministic polynomial time), andnp (of langua-
ges/problems that may be recognised/solved in non-deterministic polynomial time). If
C1 andC2 are complexity classes, then we denote byCC2

1 the class of languages/problems
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that are inC1 assuming the availability of an oracle for languages/problems inC2 [9,
pp415–417]. Thus, for example,npnp denotes the class of languages/problems that may
be recognised/solved in non-deterministic polynomial time, assuming the presence of
an oracle for languages/problems innp. A language that is complete fornpnp would
thus benp-complete even if we had “free” answers tonp-complete problems (such as
propositional logic satisfiability). We define thepolynomial hierarchywith reference to
these concepts [9, pp423–429]. First, define

Σp
0 = Πp

0 = p

Thus bothΣp
0 andΠp

0 denote the classes of languages/problems that may be recogni-
sed/solved in deterministic polynomial time. We then inductively define the remaining
tiers of the hierarchy, as follows:

Σp
u+1 = npΣp

u Πp
u+1 = co-Σp

u+1

ThusΣp
1 is simply the classnp, andΠp

1 is the class co-np, while Σp
2 = npnp and

Πp
2 = co-npnp.

2 Formal Preliminaries

We begin by assuming a non-empty setAg = {1, . . . ,n} of agents. These agents are
the negotiation participants, and it is assumed they are negotiating over a finite set
Ω = {ω, ω′, . . .} of outcomes. For now, we will not be concerned with the question of
exactly what outcomes are, or whether they have any internal structure — just think of
outcomes as possible states of affairs.

Each agenti ∈ Ag is assumed to have preferences with respect to outcomes, given
by a partial pre-order�i ⊆ Ω × Ω. Following convention, we writeω �i ω

′ to mean
(ω, ω′) ∈ �i . If ω �i ω

′, then agenti likes outcomeω at least as much asω′.
Negotiation proceeds in a series of rounds, where at each round, every agent puts

forward a proposal.A proposal is aset of outcomes, that is, a subset ofΩ. The intuition is
that in putting forward such a proposal, an agent is asserting that any of these outcomes
is acceptable.

In practice, the number of possible outcomes will be prohibitively large. To see this,
consider that in a domain where agents are negotiating overn attributes, each of which
may take one ofm values, there will bemn possible outcomes. This means it will be
impractical for agents to negotiate by explicitly enumerating outcomes in the proposals
they make. Instead, we assume that agents make proposals by putting forward a formula
of a logical negotiation language— a language for describing deals. In much of this
paper, we will be examining the implications of choosing different negotiation languages,
and in order to compare them, we must make certain general assumptions. The first is
that a negotiation languageL is associated with a setwff (L) of well-formed formulae
— syntactically acceptable constructions ofL. Next, we assume thatL really is a logical
language, containing the usual connectives of classical logic: “∧” (and), “∨” (or), “¬”
(not), “⇒” (implies), and“⇔” (iff) [2, p32]. In addition,L is assumed to have a Tarskian
satisfaction relation “|=L”, which holds between outcomesΩ and members ofwff (L).
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We writeω |=L ϕ to indicate that outcomeω ∈ Ω satisfies formulaϕ ∈ wff (L). The
classical connectives ofL are assumed to have standard semantics, so that, for example,
ω |=L ϕ ∧ ψ iff both ω |=L ϕ andω |=L ψ. If ϕ ∈ wff (L), then we denote by[[ϕ]]L
the set of outcomes that satisfyϕ, that is,[[ϕ]]L = {ω | ω |=L ϕ}.

As we noted above, negotiation proceeds in a series of rounds, where at each round,
every agent puts forward a formula ofL representing the proposal it is making. A single
round is thus characterised by a tuple〈ϕ1, . . . , ϕn〉, where for eachi ∈ Ag, the formula
ϕi ∈ wff (L) is agenti ’s proposal. LetR be the set of all possible rounds:

R = wff (L) × · · · × wff (L)︸ ︷︷ ︸
|Ag| times

We user , r ′, . . . to stand for members ofR, and denote agenti ’s proposal in roundr
by r(i).

A negotiation historyis a finite sequence of rounds(r0, r1, . . . , rk). Let H = R∗ be
the set of all possible negotiation histories. We useh,h′, . . . to stand for members ofH.
If u ∈ IN , then we denote theu’th round in historyh by h(u). Thush(0) is the first round
in h, h(1) is the second, and so on.

3 Types of Agreement

Given a particular negotiation history, an important question to ask is whether or not
agreement has been reached with respect to this history. For many negotiation scenarios,
this problem is far from trivial: it may well not be obvious to the negotiation participants
that they have in fact made mutually acceptable proposals.

In fact, we can identify several different types of agreement condition, which may
be used in different negotiation scenarios. It is assumed that the negotiation participants
will settle on the agreement condition to be used before the actual negotiation process
proper begins. The selection of an agreement condition is thus ameta-negotiationissue,
which falls outside the scope of our work.

To understand what agreement means in our framework, it is helpful to view a
negotiation history as a matrix ofL-formulae, as follows.

ϕ0
1 ϕ

1
1 · · · ϕk

1
...

...
...

...
ϕ0

n ϕ
1
n · · · ϕk

n

In this matrix,ϕu
i is the proposal made by agenti in roundu ∈ IN . The simplest type of

agreement is where “all deals are still valid” — once an agent has made a proposal, then
this proposal remains valid throughout negotiation. One important implication of such
agreement is that since all previous offers are still valid, it makes no sense for agents
to make more restrictive proposals later in negotiation: we emphasise that our formal
approach does not depend on this assumption — other types of agreement are possible,
as we demonstrate below.
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In this case, determining whether agreement has been reached means finding at least
one outcomeω ∈ Ω such that every agenti has made a proposalϕui

i whereω |=L ϕui
i . In

other words, agreement will have been reached if every agenti has made a proposalϕui
i

such that[[ϕu1
1 ]]L ∩ · · · ∩ [[ϕun

n ]]L 6= ∅. This will be the case if the formulaϕu1
1 ∧ · · · ∧ϕun

n
is satisfiable. Given a historyh, expressed as a matrix as above, agreement has been
reached iff the following formula is satisfiable:

∧
i∈Ag


 ∨

ui∈{0,...,k}
ϕui

i


 (1)

Given a historyh ∈ H, we denote the formula (1) forh by ϕh. We refer to the problem
of determining whether agreement has been reached in some historyh as thesuccess
problem.

Note that the success problem can clearly be reduced to the satisfiability problem for
the negotiation language using only polynomial time. The types of agreement we consi-
der in this paper are all variants of satisfiability. However, it is important to understand
that (1) isby no meansthe only type of agreement that we can define.

A different type of agreement is where prior negotiation history is disregarded: the
only proposals that matter are the most recent.Agreement will be reached in such a history
iff the conjunction of proposals made on the final round of negotiation is satisfiable. The
success condition is thus:

∧
i∈Ag

ϕ
|h|−1
i (2)

A third possible definition of agreement is that agents must converge on “equivalent”
proposals: where the proposals made agree on all particulars. Such agreement is captured
by the following condition.

ϕ
|h|−1
1 ⇔ · · · ⇔ ϕ|h|−1

n (3)

4 Protocols

Multi-agent interactions do not generally take place in a vacuum: they are governed
by protocolsthat define the “rules of encounter” [10]. Put simply, a protocol specifies
the proposals that each agent is allowed to make, as a function of prior negotiation
history. Formally, a protocolπ is a functionπ : H → ℘(R) from histories to sets of
possible rounds. One important requirement of protocols is that the number of rounds
they allow on any given history should be at most polynomial in the size of the negotiation
scenario. The intuition behind this requirement is that otherwise, a protocol could allow
an exponential number of rounds — since an exponential number of rounds could not
be enumerated in practice, such protocols could never be implemented in any realistic
domain.

We will say a history iscompatiblewith a protocol if the rounds at each step in the
history are permitted by the protocol. Formally, historyh is compatible withπ if the
following conditions hold:
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1. h(0) ∈ π(ε) (whereε is the empty history); and
2. h(u) ∈ π((h(0), . . . ,h(u − 1))) for 1 ≤ u< |h|.

Now, what happens ifπ(h) = ∅? In this case, protocolπ says that there are no allowable
rounds, and we say that negotiation hasended. The end of negotiation does not imply
that the process has succeeded, but rather simply that the protocol will not permit it to
continue further.

Notice that negotiation histories can in principle be unrealistically long. To see this,
suppose that the setΩ of outcomes is finite. Then every agent has2|Ω| possible proposals,
meaning that even if an agent never makes the same proposal twice, negotiation histories
can be exponentially long. We say protocolπ is efficientif it guarantees that negotiation
will end with a history whose length is polynomial in the size ofΩ andAg. Efficiency
seems a reasonable requirement for protocols, as exponentially long negotiation histories
could never be practical.

When we create an agent interaction protocol, we attempt toengineerthe protocol so
that it has certain desirable properties [10, pp20–22]. In this paper, we will be concerned
with just one property of protocols: whether or not theyguarantee success. We will say
a protocolπ guarantees success if agreement is reached on every negotiation history
compatible withπ. Protocols that guarantee success are desirable, for obvious reasons.
But consider the nature of this problem. In general, a protocol allowsbranchingduring the
negotiation process.This branching arises because negotiation participants are allowed to
make a number of proposals at each round. It is easy to see that the number of negotiation
histories of lengthl compatible with a negotiation protocol with branching factorb will
bebl , that is, exponential in the length of the protocol. Thus determining whether or not
a protocol guarantees success will intuitively involve solving an exponential number of
individual success problems, which are themselves logical satisfiability problems. This
suggests that the guaranteed success problem is likely to be computationally hard; in the
next section, when we consider some concrete negotiation languages, we will see just
how hard it actually is.

Before proceeding, however, we need to say something about how protocols are
representedor encoded. (This is a technical matter that is important when we come
to consider some decision problems later in the paper.) We will assume that (efficient)
protocols are represented as a two-tape Turing machine: the machine takes as input a
representation of prior negotiation history on its first tape, and writes as output the set of
possible subsequent rounds on the second tape. We will further assume that the Turing
machine requires time polynomial in the size of|Ag × Ω| in order to carry out this
computation.

5 Example Negotiation Languages

In this section, we present a series of progressively more complex negotiation languages
and protocols. We begin with propositional logic. Although this logic is not appropriate
for many negotiation domains, it is a useful starting point for our analysis, and the results
we establish for propositional logic can be regarded as “lower bounds” for other, more
expressive negotiation languages. It is difficult to imagine a simpler negotiation language
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being of any practical use. (Proof for the theorems given in this section may be found
in [13].)

Example 1: Classical Propositional Logic.

For the first example, we will assume that agents are negotiating over a domain that may
be characterised in terms of a finite set of attributes, each of which may be either true
(>) or false (⊥). An outcome is thus an assignment of true or false to every attribute. The
proposals possible in this kind of language are exactly the kind of outcomes typically
considered in decision theory. For example, in the classic “oil wildcatter” problem,
agents might be involved in a negotiation about which of two oil fields to drill in, and
proposals might be of the form:

– drillFieldA ∧ ¬drillFieldB

– ¬drillFieldA ∧ drillFieldB

The obvious language with which to express the properties of such domains is classical
propositional logic, which we will callL0.The setwff (L0)contains formulae constructed
from a finite set of proposition symbolsΦ = {p,q, r , . . .} combined into formulae using
the classical connectives “¬” (not), “∧” (and), “∨” (or), and so on. It is easy to see that
the success problem forL0 histories will benp-complete. More interesting is the fact
that we can establish the complexity of the guaranteed success problem forL0.

Theorem 1 The guaranteed success problem for efficientL0 protocols isΠp
2-complete.

Note thatΠp
2-complete problems are generally reckoned to be worse than, say, co-np-

complete ornp-complete problems, although the precise status of such problems in the
relation to these classes is not currently known for sure [5]. Theorem 1 should therefore
be regarded as an extremely negative result.

An obvious question to ask is whether the complexity of the guaranteed success
problem can be reduced in some way. There are two main factors that lead to the overall
complexity of the problem: the complexity of the underlying negotiation language, and
the “branching factor” of the protocol. It is possible to prove that if we chose a negotiation
language whose satisfiability problem was inp, then the complexity of the corresponding
guaranteed success problem would be reduced one level in the polynomial hierarchy. To
make this concrete, let us consider the subsetLHC

0 of L0 in which formulae are restricted
to be conjunctions ofHorn clauses. A clause is said to be Horn if it contains at most
one positive (unnegated) literal. It is well known that there is a deterministic polynomial
time algorithm for determining the satisfiability ofLHC

0 [9, pp78–79]. We can prove the
following.

Theorem 2 The guaranteed success problem for efficientLHC
0 protocols isΠp

1-complete.

With respect to the branching factor of the protocol, suppose we have adeterministic
L0 protocolπ — one in which|π(h)| ≤ 1 for all h ∈ H. Such a protocol is guaranteed
to produce a single negotiation history. This allows us to easily establish the following
result for deterministicL0 protocols.
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Table 1.The complexity of the guaranteed success problem for deterministic and non-deterministic
protocols, using variants of propositional logic.

Protocol
Language Non-deterministic Deterministic
L0 Πp

2-complete np-complete
LHC

0 Πp
1-complete p

Theorem 3 The guaranteed success problem for efficient deterministicL0 protocols is
np-complete.

Similarly, we can establish the following forLHC
0 .

Theorem 4 The guaranteed success problem for efficient deterministicLHC
0 protocols

is in p.

Table 1 summarises our complexity results for protocols based on propositional logic.We
remark that determinism is a far too restrictive property to require of realistic protocols.

Before leaving this section, we present a simple example of a protocol that guarantees
success for agents negotiating using a subset of propositional logic. We refer to the subset
of propositional logic in question asL∗

0. Formulae ofL∗
0 are constrained to take the form

l0 ∧ · · · ∧ lm

where eachlm is aliteral, that is, either an element ofΦ or the negation of an element of
Φ. If ϕ ∈ wff (L∗

0), then we denote the set of literals inϕ by lit (ϕ).
Given two formulaeϕ andψ of L∗

0, we say thatϕ is aconcessionwith respect to
ψ if ϕ is a subformula ofψ and lit (ϕ) ⊂ lit (ψ). So, for example,p ∧ ¬q represents
a concession with respect top ∧ ¬q ∧ ¬r , which in turn represents a concession with
respect top∧¬q∧¬r ∧ s. If ϕ represents a concession with respect toψ, thenϕ is “less
constraining” thanψ, in that[[ψ]] ⊂ [[ϕ]].

We now turn to the protocol in question. The protocol is simply the monotonic
concession protocol of Rosenschein and Zlotkin [10, pp40–41], recast into our logical
framework. This protocol is defined by the following two rules:

1. on the first round, every agent is allowed to propose any formula ofL∗
0;

2. on roundu (u > 0), one agenti ∈ Ag must make a proposalϕu
i such thatϕu

i
represents a concession with respect toϕu−1

i ; every other agent puts forward the
same proposal that it put forward on roundu − 1.

It is not difficult to prove the following.

Theorem 5 The monotonic concession protocol forL∗
0 guarantees success. Moreover,

it guarantees that agreement will be reached in O(|Ag× Φ|) rounds.
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Note that when using this protocol, the obvious strategy for an agent to play in order
to ensure that negotiation concludes as quickly as possible involves conceding literals
that clash with those of other negotiation participants. For example, in a two agent
negotiation scenario, suppose that agent1 proposedp∧ ¬q and agent2 proposedp∧ q.
Then the obvious concession for agent2 to make would involve proposingpsubsequently.
Otherwise, successful termination would require a further negotiation round.

Example 2: A Language for Electronic Commerce.

Propositional logic is a simple and convenient language to analyse, but is unlikely to be
useful for many realistic negotiation domains. In this example, we focus on somewhat
more realistice-commercescenarios, in which agents negotiate to reach agreement with
respect to some financial transaction [8]. We present a negotiation languageL1 for use
in such scenarios.

We begin by defining the outcomes that agents are negotiating over. The idea is that
agents are trying to reach agreement on the values of a finite setV = {v1, . . . , vm} of
negotiation issues[12, pp181–182], where each issue has a natural number value. An
outcomeω ∈ Ω for such a scenario is thus a functionω : V → IN , which assigns a
natural number to each issue.

In order to represent the proposals that agents make in such a scenario, we use a
subset of first-order logic. We begin by giving some examples of formulae in this subset.

– (price = 20) ∧ (warranty= 12)
“the price is $20 and the warranty is 12 months”

– (15 ≤ price ≤ 20) ∧ (warranty= 12)
“the price is between $15 and $20 and the warranty is 12 months”

– ∃n · warranty≥ 12
“the warranty is longer than 12 months”

Formally,L1 is the subset of first-order logic containing: a finite setV of variables, (with
at least one variable for each negotiation issue); a setC of constants, one for each natural
number; the binary addition function “+”; the equality relation “=”; and the less-than
relation “<”.

There is both good news and bad news aboutL1: the good news (in comparison
with full first-order logic) is that it is decidable; the bad news (in comparison with
propositional logic) is that it isprovablyintractable. In fact, we can prove thatL1 has a
double exponential time lower bound. In what follows,TA[t(n),a(n)] is used to denote
the class of problems that may be solved by an alternating Turing machine using at most
t(n) time anda(n) alternations on inputs of lengthn [5, p104].

Theorem 6 The success problem forL1 is complete for
⋃

k>0 TA[22nk

,n].

The details of the classTA[t(n),a(n)] are perhaps not very important for the purposes
of this example. The crucial point is that any algorithm we care to write that will solve
the generalL1 success problem will haveat leastdouble exponential time complexity.
It follows that such an algorithm is highly unlikely to be of any practical value. With
respect to the guaranteed success problem forL1, we note that since the success problem
gives a lower bound to the corresponding guaranteed success problem, theL1 guaranteed

success problem will be at least
⋃

k>0 TA[22nk

,n] hard.
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Table 2. Illocutions for the negotiation languageL2.

Illocution Meaning
request(i, j, ϕ) a request fromi to j for a proposal based onϕ
offer(i, j, ϕ) a proposal ofϕ from i to j
accept(i, j, ϕ) i accepts proposalϕ made by agentj
reject(i, j, ϕ) i rejects proposal ofϕ made by agentj
withdraw(i, j) i withdraws from negotiation withj

Example 3: A Negotiation Meta-language.

The language used in the previous example is suitable for stating deals, and is thus suffi-
cient for use in scenarios in which agents negotiate by just trading such deals. However,
as discussed in [12], the negotiation process is more complex for many scenarios, and
agents must engage in persuasion to get the best deal. Persuasion requires more sophisti-
cated dialogues, and, as a result, richer negotiation languages. One such language, based
on the negotiation primitives provided by thefipa acl [3], and related to that described
in [12], includes the illocutions shown in Table 21. In this table,ϕ is a formula of a
language such asL0 orL1. In this sense, the language which includes the illocutions is a
meta-languagefor negotiation — a language for talking about proposals. For the rest of
this example, we will consider a languageL2 which consists of exactly those illocutions
in Table 2, whereϕ is a formula inL1.

These illocutions work as follows. There are two ways in which a negotiation can
begin, either when one agent makes anoffer to another, or when one makes arequestto
another. A request is a semi-instantiated offer. For example, the following illocution

request(i, j , (price =?) ∧ (warranty= 12))

is interpreted as “If I want a 12 month warranty, what is the price?”.
Proposals are then traded in the usual way, with the difference that an agent can

reply to a proposal with areject, explicitly saying that a given proposal is unacceptable,
rather than with a new proposal. Negotiation ceases when one agentaccepts an offer
or withdraws from negotiation. Note that this protocol assumes two agents are engaged
in the negotiation. (Many-many negotiations are handled in [12] by many simultaneous
two-way negotiations.)

To further illustrate the use ofL2, consider the following short negotiation history
between two agents negotiating over the purchase of a used car:

1. request(a,b, (price ≤ 4000) ∧ (model=?) ∧ (age=?))
2. offer(b,a, (price = 3500) ∧ (model= Escort) ∧ (age= 8))
3. reject(a,b, (price = 3500) ∧ (model= Escort) ∧ (age= 8))
4. offer(b,a, (price = 3900) ∧ (model= Golf ) ∧ (age= 6))
5. offer(a,b, (price = 3200) ∧ (model= Golf ) ∧ (age= 6))

1 Note that the language proposed in [12] also includes illocutions which include the reason for an
offer. We omit discussion of this facility here. We also omit the timestamp from the illocutions.
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Table 3.The protocolπL2 for L2 at theuth step of the negotiation.

Agent i says Agentj replies
request(i, j, ϕu

i ) offer(j, i, ϕu
j )

offer(i, j, ϕu
i ) offer(j, i, ϕu

j ), or accept(j, i, ϕu
j ), or

reject(j, i, ϕu
i ), or withdraw(j, i)

reject(i, j, ϕ) offer(j, i, ϕu
j ) or withdraw(j, i)

accept(i, j, ϕu−1
j ) end of negotiation

withdraw(i, j) end of negotiation

6. offer(b,a, (price = 3400) ∧ (model= Golf ) ∧ (age= 6))
7. accept(a,b, (price = 3400) ∧ (model= Golf ) ∧ (age= 6))

Broadly speaking, the illocutions inL2 are syntactic sugar for the kinds of proposal
that we have discussed above: we can map them intoL1 and hence into the framework
introduced in section 2. To do this we first need to extend the condition for agreement.
In the case where we have two agents,a andb negotiating, the agreement condition we
use is a combination of (2) and (3):

(ϕ|h|−1
a ∧ ϕ|h|−1

b ) ∧ (ϕ|h|−1
a ⇔ ϕ

|h|−1
b ) (4)

Thus the agents must not only make mutually satisfiable proposals on the final round,
they must make equivalent proposals. Given this, we can prove the following result.

Theorem 7 The augmented success problem forL2 is complete for
⋃

k>0 TA[22nk

,n].

There is also the question of whether success can be guaranteed when negotiating inL2,
and this, of course, depends upon the protocol used. Table 3 gives the protocol used in
[12]. We will call thisπL2 .

Clearly this protocol can lead to negotiations which never terminate (since it is
possible for agents to trade the same pair of unacceptable offers for ever). However, it is
not unreasonable to insist that conditions are placed upon the protocol in order to ensure
that this does not happen and that negotiations eventually terminate. One such condition
is that agents make concessions at each stage, that is, that each offer made by an agent
is less preferable to that agent than any of its predecessors. The protocolπL2 with this
additional condition is anL2 version of the monotonic concession protocol discussed
easier. With the concession condition, and assuming that agents withdraw onceϕ drops
below some threshold, we have:

Theorem 8 ProtocolπL2 guarantees termination. If agents are not allowed to withdraw,
thenπL2 guarantees success.

One simple scenario which is captured byπL2 with monotonic concessions is that in
which one agent,i say, rejects every offer made by the other,j , until suitable concessions
have been gained. Of course, provided that the end-point is acceptable forj , there is
nothing wrong with this — and if the concessioni is looking for are too severe, thenj
will withdraw before making an acceptable offer.
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6 Discussion

This paper has identified two important computational problems in the use of logic-based
languages for negotiation — the problem of determining if agreement has been reached
in a negotiation, and the problem of determining if a particular negotiation protocol
will lead to an agreement. Both these problems are computationally hard, and the main
contribution of this paper was to show quite how hard they are. In particular the paper
showed the extent of the problems for some languages that could realistically be used
for negotiations in electronic commerce. This effort is thus complementary to work on
defining such languages. Obvious future lines of work are to consider the impact of these
results on the design of negotiation languages and protocols, and to extend the work to
cover more complex languages. In particular, we are interested in extending the analysis
to consider the use of argumentation in negotiation [12].
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Abstract. Software agents are starting to play a significant role in the
field of electronic commerce. Particularly, as mediators they must be
completely trusted by the user. This paper tackles this subject by pro-
posing a practically tailored formal model, based on BDI. This model is
tested on the ground, firstly, by describing an existing agent for electro-
nic commerce; then, by proving some useful trading properties fulfilled
by the specification.

1 Introduction

Software agents are mainly programs to which one can delegate a task. Their
quality of (semi)-autonomy is especially useful for the increasingly complex en-
vironment of electronic commerce. There is little doubt that software agents will
play an increasing variety of roles as mediators in this sensitive field. This roles
could be risky: think about an agent delegated to buy, e.g., a car. Somehow a
delegating person needs to be confident about the automated agent’s correctn-
ess. This should be an effective stimulus towards the creation and spreading of a
truly automated electronic market. It’s a strong motivation for the use of clearly
written formal specifications for software agents: agents with great powers should
be carefully designed and analyzed.

A formal language is a fundamental tool to describe and analyze the behavior
of a software agent. So far some well-founded and interesting formal languages
have been proposed, suited to describe and to reason about fairly complex agent
environments.

This work consists of a practical application of one of these languages and
formal tools in the field of agent-based e-commerce. We used one of the most
promising of these languages to specify a practical, implemented software agent,
namely a variant of a MIT’s Kasbah-based selling agent. We then simplified the
chosen language and the chosen set of axioms, just to cover what is needed by
our agent.
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Kasbah turned to be a quite interesting testing ground: in fact it is one of the
more interesting implemented software agent environment for agent-mediated e-
commerce (see [7,9,6,5] for recent surveys of the field).

2 Kasbah

Kasbah [2] is a web-based classified ads system, created at MIT. It implements a
virtual marketplace with two classes of autonomous agents: sellers and buyers.

A selling agent is very like to a classified ad. When users create a new selling
agent, they give it a description of the item they want to sell. Unlike traditional
classified ads, Kasbah selling agents are active. Basically, they try to sell themsel-
ves, contacting interested parties (namely, buying agents) and negotiating with
them to find the best deal.

Users have some control over the agent’s negotiation strategy. They can spe-
cify the decay function the agent uses to lower the asking price over its given
time frame. The three decay functions offered by Kasbah are linear, quadratic,
and cubic with respect to time.

Linear decay

Quadratic decay

Cubic decay

time frame

asking
price

Fig. 1. The three decay functions

To summarize, a Kasbah agent, along with its being a seller or a buyer, is
denoted by the following characteristics:

– the good to sell/buy;
– latest desired date to sell/buy the good;
– desired (starting) price;
– lowest/highest acceptable price;
– negotiation strategy (linear/quadratic/cubic with respect to time);
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– minimum acceptable reputation of the buyer/seller.

In this work, we will consider only a buyer, without any loss of generality: in
fact, a seller is a kind of mirror image of a buyer.

At the time of writing, an improved version of Kasbah is available online,
renamed MarketMaker, (see http://maker.media.mit.edu), which actually in-
troduces the last item of the above dotted list, i.e. the “reputation” management.

3 A Stripped-Down BDI Model

BDI logics is based on a philosophical theory of intentional action originally
stated by Bratman (see [1,11,12,10]). It models an autonomous agent, structuring
its mental state using three main components: Belief, Desire (or Goal), and
Intention.

For our specification, we used a modified version of the BDI logic presented
in [11,12]. In fact the specified Kasbah seller turned out to be quite simple;
therefore we discarded the D and I components.

Moreover, we never used the branching time Computation Tree Logic (or
CTL* - see [3]), as Rao and Georgeff did, and we decided to use a somewhat
simpler linear time logic to cover the main timing aspects (see, e.g., the thorough
description of Temporal Logic of Concurrency in [4]).

Informally, our semantics works as follows. A world is modeled using a linear
temporal structure, with single past and single future. A particular time point
in a particular world is called a situation.

Events transform one time point into another. Of course, the agent may
attempt to execute some event, but fail to do so. Thus we distinguish between
the successful execution of events and their failure.

As for the timing aspects, as we stated before, we use a version of the Tem-
poral Logic of Concurrency. The standard temporal operator of this logic are:
©, meaning “in the next time instant”; 3, meaning “eventually”; 2, meaning
“always in the future”; U , meaning “until”.

Belief is modeled in a quite conventional way. That is, to each situation,
we associate a set of belief-accessible worlds: these are, intuitively, these are the
worlds that the agent believes to be possible (relation B).

The Intention-accessible worlds and the Goal-accessible worlds of the full BDI
model are not considered in this paper.

Let us now enter into some formal details. The following definitions are from
[11], slightly modified and tailored to our case.

Definition 1. An interpretation M is a tuple M = 〈W,E, T,≺, U,B, Φ〉. W is
a set of worlds, E is a set of primitive event types, T is a set of time points,
≺ is a total order relation on T (linear time), U is the universe of discourse,
and Φ is a mapping of first-order entities to elements in U for any given world
and time point. A situation is a world, e.g. w, at a particular time point, e.g.
t, and is denoted by wt. The relation B map the agent’s current situation to its
belief-accessible worlds: B ⊆ W × T × W . We will use Bw

t to denote the set of
worlds B-accessible from world w at time t.
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Definition 2. Each world w of W is a tuple 〈Tw,Sw,Fw〉, where Tw ⊆ T . A
fullpath is an infinite sequence of time points (t0, t1, . . .) such that ti ≺ ti+1. We
will use the notation (wt0 , . . .) to make the world of a particular fullpath explicit.
Sw : Tw × Tw → E and similarly of Fw, moreover both are partially functional
and have disjoint domains.

Consider an interpretation M , with a variable assignment v. We take vi
d to

be that function that yields d for the variable i and is the same as v everywhere
else. The semantics of first-order formulas can be given as follows.

- M, v, (wt0 , wt1 , . . .) |= q(y1, . . . , yn) iff 〈v(y1), . . . , v(yn)〉 ∈ Φ(q, w, t0) where
q(y1, . . . , yn) is a predicate formula.

- M, v, (wt0 , wt1 , . . .) |= ¬φ iff M, v, (wt0 , wt1 , . . .) 6|= φ
- M, v, (wt0 , wt1 , . . .) |= φ1 ∨ φ2 iff M, v, (wt0 , wt1 , . . .) |= φ1 or
M, v, (wt0 , wt1 , . . .) |= φ2

- M, v, (wt0 , wt1 , . . .) |= ∃iφ iff M, vi
d, (wt0 , wt1 , . . .) |= φ,

for some d in U
- M, v, (wt0 , wt1 , . . .) |= ©φ iff M, v, (wt1 , . . .) |= φ
- M, v, (wt0 , wt1 , . . .) |= φ1Uφ2 iff ∃k, k ≥ 0, such that
M, v, (wtk

, . . .) |= φ2 and ∀j, 0 ≤ j < k,M, v, (wtj , . . .) |= φ1
- M, v, (wt0 , wt1 , . . .) |= BEL(φ) iff ∀w′ ∈ Bw

t0 ,M, v, w′
t0 |= φ

- M, v, (wt1 , . . .) |= succeeded(e) iff ∃t0 such that Sw(t0, t1) = e
- M, v, (wt1 , . . .) |= failed(e) iff ∃t0 such that Fw(t0, t1) = e

Other useful operators are derived as usual:

– φ1 ∧ φ2 = ¬(¬φ1 ∨ ¬φ2);
– φ1 → φ2 = ¬φ1 ∨ φ2;
– φ1 ↔ φ2 = (φ1 → φ2) ∧ (φ2 → φ1);
– true = (φ ∨ ¬φ);
– false = ¬true;
– 3φ = true U φ;
– 2φ = ¬3¬φ;
– ∃!i p(i) = ∃i(p(i) ∧ ∀j(j 6= i → ¬p(j))).

Here are some of the main definitions about events:

– succeeds(e) ↔ ©succeeded(e);
– fails(e) ↔ ©failed(e);
– done(e) ↔ succeeded ∨ failed(e);
– does(e) ↔ ©done(e).

4 A Kasbah Selling Agent

In this section, we introduce the formal description of our Kasbah-like selling
agent. This informal description comes quite directly from [2] and defines the
behavior of a Kasbah selling agent.
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An agent consists of the following components: control parameters, negotia-
tion history, and internal state. The control parameters are the six user-specified
parameters described earlier in the paper. The negotiation history records each
conversation that the agent has had with other agents. An example conversation
is “I offered agent B a price 100. B rejected the offer” or “Agent C asked my
selling price. I replied 91”.

Time is partitioned by Kasbah in discrete slices: only one agent is active in
a given time slice. The internal state of an agent contains information that the
agent uses to decide what will do during its time slice. The internal state stores a
list of “potential contacts”, which are those agents interested in buying what the
agent is selling. With each potential contact, the last known offering price (i.e.
what the agent is willing to buy for), and whether it has been asked this round
are recorded. The internal state also stores the agent’s own current asking price.
The strategy an agent uses to decide what to do in each time slice is described
below.

– Current asking price: the agent lowers its asking price according to the speci-
fied price decay function. When the agent is created, its asking price is set to
the desired price. By the time to sell by, the asking price is the lowest price.
At any moment in between, the current asking price can be interpolated
according to the decay function.

– Decide which agent to talk to: the agent’s strategy is to talk to each poten-
tial contact exactly once per round. In other words, an agent will never talk
again to a given potential contact until it has first talked to all other poten-
tial contacts. The algorithm for deciding which potential contact to talk to
during a slice works as follows: consider the potential contacts that have not
yet been spoken to in the current round. If all have been spoken to, then
begin a new round and consider all the potential contacts. From this set of
agents (suitable), pick one that has never been contacted, or, if all agents un-
der consideration have been contacted, then pick the one whose last known
offering price is the highest. The idea is to first talk to those agents which
seem the most promising, first those who have never been spoken to, and
then the agents who have indicated a willingness to pay a higher price.

– Talk to the potential contact (candidate): the agent offers to sell the item
at its current asking price. If the contacted agent accepts, then the agent’s
job is done. If the contacted agent rejects the offer, then it is asked what its
offering price is. This price is recorded for that potential contact.

4.1 The Price Function

The axioms in this section describe the temporal behavior of the offering price
function: price is a time-dependent function, local to the agent. The specifier
needs to include one of the following propositions, depending on the chosen be-
havior of the price functions: linearSeller, quadraticSeller, cubicSeller. These are
the only curves available in Kasbah, but other behaviors can be easily introduced
by adding a price definition with the chosen function shape.
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dp = maxp − minp and dt = maxt − mint are agent-dependent constants:
i.e. the maximum price variation, and the maximum expected life of the agent,
respectively.

linearSeller ↔
∧

0≤k≤dt

(
start ↔ ©k(price = maxp − dp

dt
k)

)

quadraticSeller ↔
∧

0≤k≤dt

(
start ↔ ©k(price = maxp − dp

dt2
k2)

)

cubicSeller ↔
∧

0≤k≤dt

(
start ↔ ©k(price = maxp − dp

dt3
k3)

)

The following are the corresponding price functions for the “mirror image”:
a buying agent.

linearBuyer ↔
∧

0≤k≤dt

(
start ↔ ©k(price = minp +

dp

dt
k)

)

quadraticBuyer ↔
∧

0≤k≤dt

(
start ↔ ©k(price = minp +

dp

dt2
k2)

)

cubicBuyer ↔
∧

0≤k≤dt

(
start ↔ ©k(price = minp +

dp

dt3
k3)

)

These axioms permit a very easy way of coding the price function in the
specification. Ideally, using the same structure it is possible to describe whatever
price function in a pointwise fashion, thus extending the fixed Kasbah behaviors.

4.2 Actions and Predicates

Let Ag and Pr be two distinct subsets of U , let a ∈ Ag be an agent, and p ∈ Pr
a price. The following are the main possible actions:

– wants(a,p): a offers the price p for the good;
– info(a,p): a asks the agent its current price, the agent replies p;
– offer(a,p): the agent offers a to buy at price p;
– ask(a,p): the agent asks to a its price, a answers p.

Note that a successful transaction is modeled using succeeded. For example,
succeeded offer(a, p) means that during the previous time instant a offered a
price p, and the agent accepted.

The following are needed predicates about the other agents.

– suitable(a): a is a suitable agent (i.e. it is looking for what we are trying to
sell and it has an acceptable reputation);
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– dead(a): the agent a is dead (in fact, it ended its activity).

These predicates are “local” to the agent. They are needed to record every
negotiation phase and to denote the staring (and ending) of activity.

– candidate(a): a is chosen for negotiation;
– db(a,p): database with agent a and associated price p;
– nc(a): agent a has never been contacted;
– start: the agent is starting its activity;
– end: the agent finished its dt time slot, or successfully sold its good: end of

activity.

4.3 Main Axioms

The following axioms define the start and the end of the agent’s trade activity
(ld1,2,4,5); while (ld3) states about other agents’ ending of activity (in fact
dead(a) means only that a is no more active for trading). Axiom (ld6) tells
about actions and time slice: the agent can execute only one action per round.

(ld1) start → ©2¬start
(ld2) start → ©dt2end ∧ ¬endU end
(ld3) dead(a) → 2dead(a)
(ld4) end → 2end

(ld5) end → ¬∃a∃p(does offer(a, p) ∨ does ask(a, p))
(ld6) does s → ¬∃t(t 6= s ∧ does t)

The next groups of axioms deal with the mental state of the agent.
A first, necessary axiom is based on the previously introduced price function

axioms, e.g. if we want to define a linear seller, then we must introduce the axiom
BEL(linearSeller).

Negotiation Management. These axioms deal about asking and offering pri-
ces for the good. The agent must contact every suitable - and not contacted-
before - candidate; while it must offer to candidate and contacted-before agents
a price depending to their negotiation history.

(nm1) BEL(candidate(a) ∧ nc(a) ∧ ¬failed offer(a, p)) →
does offer(a, price)

(nm2) BEL(candidate(a) ∧ nc(a) ∧ failed offer(a, p)) →
does ask(a, q)

(nm3) BEL(candidate(a) ∧ db(a, p) ∧ p ≤ price) → does offer(a, price)
(nm4) BEL(candidate(a) ∧ db(a, p) ∧ p > price) → does offer(a, p)
(nm5) BEL(donewants(a, p) ∧ p ≥ price) → succeededwants(a, p)
(nm6) BEL(∃a∃p(succeeded offer(a, p) ∨ succeededwants(a, p))) → end
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Negotiation recording. These axioms define how to insert new entries in the
negotiation management database. The agent must remember every highest offer
coming from buying agents; moreover it must hold every useful db entry (i.e.
concerning only “alive” agents).

(nr1) (BEL(donewants(a, p))∨BEL(done ask(a, p))) → BEL(db(a, p))
(nr2) BEL(db(a, p) ∧ ¬∃q(donewants(a, q)) ∧ ¬∃q(done ask(a, q))) →

BEL(©(db(a, p) ∨ dead(a)))

DB Consistency. The following axioms are basically needed to maintain the
negotiation database consistency.

(db1) BEL(start ∧ suitable(a) → nc(a))
(db2) BEL(db(a, p) → ¬nc(a))
(db3) BEL(nc(a) → ¬∃p(db(a, p)))
(db4) BEL(dead(a) → ¬nc(a) ∧ ¬∃p(db(a, p)))
(db5) BEL(suitable(a) → (nc(a) ∨ ∃!p(db(a, p))))
(db6) BEL((nc(a) ∨ ∃p(db(a, p))) → suitable(a))
(db7) BEL(¬dead(a) → (nc(a) → suitable(a)))
(db8) BEL(¬dead(a) → (∃p(db(a, p)) → suitable(a)))
(db9) BEL(suitable(a) → ©(suitable(a) ∨ dead(a)))

Candidate Management. These axioms describes how a candidate is chosen
by the agent, and the relation between a candidate and a suitable agent.

(cm1) BEL(candidate(a) ∧ db(a, p) →
¬∃b(b 6= a ∧ suitable(b) ∧ db(b, q) ∧ q > p))

(cm2) BEL(candidate(a) ∧ db(a, p) → ¬∃b(b 6= a ∧ nc(b)))
(cm3) BEL(candidate(a) ∧ nc(a) →

¬∃b(b 6= a ∧ nc(b) ∧ failed offer(b, p)))
(cm4) BEL(∃!a(suitable(a) ∧ candidate(a)))
(cm5) BEL(candidate(a) → suitable(a))
(cm6) BEL(succeeded wants(a, p) → ¬∃b(candidate(b)))
(cm7) BEL(candidate(a) → ¬∃b(b 6= a ∧ does offer(b, p)))

4.4 Cognitive Architecture Axioms

In this section we introduce the cognitive architecture of our agent. Indeed, the
architecture turns out to be quite simple: the agent is purely reactive.

Time. The agent must hold its belief in the immediate future.

(tm) BEL(©t) → ©(BEL(t))
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Sensor Actuator

BEL

DO

Seller

Environment

Fig. 2. The agent’s cognitive architecture

Sensors. Let e be an observable action. The following axioms show how envi-
ronment affects the agent’s “inner belief”.

Clearly we use the term “sensors” speaking of a software: in this case the
environment is the Kasbah virtual marketplace.

(se1) done(e) → BEL(done(e))
(se2) suitable(a) → BEL(suitable(a))
(se3) dead(a) → BEL(dead(a))
(se4) start → BEL(start)
(se5) end → BEL(end)

Actuators. Originally we used the following axiom to describe the “virtual-
actuator”:

(ac) INTEND(does(e)) → does(e)

Now, this uses the INTEND operator, but this modal operator was previously
present only in this simple form: INTEND(does(e)).

Actually, it is convenient to replace this subformula with does(e), because
the INTEND part is totally absent from this agent’s architecture (as well as the
GOAL part). Therefore (ac) can be deleted. Clearly, as was stated before, this
is a purely reactive agent, and therefore the concept of intention is redundant.
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About Axiom Systems. Rao and Georgeff preferred axiom system for the
BEL component is KD45 (see [12]). In our example, the BEL component is
in fact functioning like a simple database for the agent. We need basic logic
deduction within this BEL component (K). We want belief to be consistent (D),
but we do not need introspection and there are not nested applications of the
BEL operator: we can forget axioms like (4) or (5). Therefore, we use just the
following axioms:

(K) BEL(φ) ∧ BEL(φ → ψ) → BEL(ψ)
(D) BEL(φ) → ¬BEL(¬φ)

Another relevant aspect is time: considering the CTL component, we do not
need a branching time logic, because all time operators have the form inevitable
OP. In our opinion, branching time logic is effective only with more sophisticated
agents, able to deal with quite complex situations in a deliberative way. Therefore
linear temporal logic suffices, allowing us to drop the inevitable operator.

5 Some Useful Trading Properties

As we stated in the introduction, the user may want to be assured about the
correctness of his agent. Now, having a formal definition of it, we can assert -and
prove- useful properties.

A first interesting property is the following: the agent will never offer a price
below the price function. This is stated by the next theorem.

Theorem 1. BEL(candidate(a)) ∧ does(offer(a, p)) → p ≥ price

Proof. We will partition the scenario in mutual exclusive cases, depending on
the presence/absence of the entry referred to agent a in the agent’s database
(see axioms (dbn)).

Let us suppose that db(a, p′), with p′ ≤ price. Then, by (mn3), it implies
does(offer(a, price)). But, by (ld6), we cannot ask/receive other offers. There-
fore p = price: the statement holds.

Now suppose db(a, p′), with p′ > price.
Then, by (mn4), this implies does(offer(a, p′)). Like in the previous case,

by (ld6), we cannot ask or receive other offers. Therefore p = p′ > price: the
statement holds.

Consider now the case nc(a). We can suppose done(offer(a, p′)) (case a) and
specifically succeeded offer(a, p′) (case a1). This implies, by (nm6), end, there-
fore (by axiom (ld5)): ¬∃a∃p(does(offer(a, p))). The premise of the statement
is false: the statement holds.

Otherwise, we can suppose failed(offer(a, p′)) (case a2). This implies (nm2)
does(ask(a, p′)), therefore we have (ld7) ¬∃a∃p(does(offer(a, p))). Like in the
previous case, the premise of the statement is false: the statement holds.

Now consider (case b): ¬done(offer(a, p′)). This implies (definition of done):
¬failed(offer(a, p′)).

Therefore, by (nm1), we obtain does(offer(a, price)), but, by (ld6), we can-
not ask/receive other offers. Therefore p = price: the statement holds.
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The following other simple statement assures that the agent, after receiving
an offer higher or equal to the current price, will buy immediately. Moreover, it
will not offer/ask anymore (end of activity).

Theorem 2. done(wants(a, p)) ∧ p ≥ price →
succeeded(wants(a, p)) ∧ ¬∃b(does(offer(b, q)))
Proof. By (se1), the premise of the statement implies the premise of axiom
(nm5). Therefore succeeded wants(a, p) holds. But this, by (nm6), implies the
end of activity (end).

This means, using (ld5), that ¬∃b(does(offer(b, q))) holds, which is the other
consequence to be proved.

Actually, the previous two properties are fairly trivial but nonetheless useful.
They are thought just as an example, to show how this can be an effective
framework for asserting trading properties in the delicate field of e-commerce.

As stated in [8], a practical formal method should be supported by analysis
techniques that can be invoked with the mere push of a button (e.g. model
checking). A really simple formal framework, like the one presented in this paper,
is naturally suited to “pushbutton” techniques.

6 Conclusions

First generation systems for agent-mediated electronic commerce are already
creating new markets and beginning to reduce transaction costs in a variety of
business tasks. However, many business aspects are now only partially (if any)
covered, and sometimes in an ineffective or unreliable way. A more extensive use
of formal methods should change and improve the current situation.

For this point, this experience turned to be quite useful in some respects.
We effectively use some well-known formal tools to reverse-engineer a real

implemented e-market autonomous software agent. This naturally permits to
proof useful properties about the correctness of the agent’s behavior.

We simplified the BDI formalism in a somewhat weaker, but easier and more
practical-suited logic. Quite naturally, an “easy” logic usually means easier de-
ductions and the possibility of efficient (semi-)automatic analysis tools.

We did a simple and straightforward reasoning about the cognitive architec-
ture of our agent. It seems quite natural that a practical agent for e-commerce
must be simple and straight-minded: network bandwidth and host processing
power are at present too weak to adequately support the refined and complex-
minded agents we often see in some theoretical/philosophical papers. As a matter
of fact, sometimes the expressive power of the chosen logic results misdirected,
compared to the requirements of present (and probably near-future) automated
electronic market.
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Abstract. Market research suggests that organisations, in general, have a
differentiation strategy when approaching Electronic Commerce. Thus, in order
to be useful, agent technology must take into account this market characteristic.
When extending its application to the negotiation stage of the shopping
experience, one should consider a multi-issue approach, from which both
buyers and sellers can profit. We here present SMACE, a layered platform for
agent-mediated Electronic Commerce, supporting multilateral and multi-issue
negotiations. In this system, the negotiation infrastructure through which the
software agents interact is independent from their negotiation strategies. Taking
advantage of this concept, the system assists agent construction, allowing users
to focus in the development of their negotiation strategies. In particular, and
according to experiments here reported, we have implemented a type of agent
that is capable of increasing the performance with its own experience, by
adapting to the market conditions, using a specific kind of Reinforcement
Learning technique.

1   Introduction

Agent technology has been applied to the Electronic Commerce domain, giving birth
to what is known as agent-mediated Electronic Commerce. Many of these online
implementations refer only to the first stages of the Consumer Buying Behaviour
model [9], those of discovering what particular product a shopper should buy (product
brokering) and finding it through the online merchants (merchant brokering). These
automated search engines help the user on finding the best merchant offer, classifying
those offers according to the price that they state. Examples of such systems include
BargainFinder [2] and Jango [10]. In some extent, this is the only presently viable
implementation of agent technology to online shopping, since many of the merchant
sites consist of catalogues, including product and service descriptions and a so called
take-it-or-leave-it way of doing business, which consists of presenting the demanded
price of the good.

Most of the commercial online sites where it is possible to negotiate over the terms
of a transaction consist of auctions, mostly based on the traditional English auction
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protocol. In this kind of interaction, it is common to have the shoppers bidding on
the price they are willing to pay for a given good, with all the remaining product and
transaction characteristics being fixed. This is what makes these auctions single-sided
mechanisms, in which shoppers compete for limited resources. On the other hand,
double-sided auctions, like the continuous double auction, admit multiple buyers and
sellers at the same time, both parts being able to bid. This possibility enables a way to
implement a more realistic agent-based approach to today’s online shopping
experiences. In fact, the Internet has changed radically the “rules of the game”.
Shoppers have today a virtually world wide marketplace, allowing them to compare
merchant’s offers in a global scale. Thus, the competition among merchants has
increased, and they are obliged to find out new ways of capturing shoppers’ attention.

Some examples of agent technology applied to auctions are the academic projects
AuctionBot [1, 19], which is an auction server where software agents can be created
to participate in several types of auctions, and Fishmarket [8, 14], an electronic
auction house for the Dutch auction.

According to market research [15], from the three well-known generic business
strategies with which organisations may align Electronic Commerce – cost leadership,
differentiation, and focus –, differentiation is the preferred one. This fact poses
questions about the advantages of using the currently available information seeking
agent-based systems applied to the Electronic Commerce domain. In order to be
helpful, this technology should take into account that merchants want to differentiate
themselves, and that shoppers can and want to benefit from that.

In order to build agent-based tools that respond to these requirements, merchants
must provide in their sites multi-issue product and service descriptions that can be
treated in an automatic way. This would enable software agents to search a set of
merchants for the best product offering, while considering their differentiation intent.
This kind of service, besides being an advantage to merchants, can also be seen as a
powerful tool to shoppers as well, since they may compare the merchants’ offers
according to their preferences. The most notable work on defining a common
language that makes the web accessible to software agents is the XML specification
[3], developed by the World Wide Web Consortium (W3C) [18]. XML is a mark-up
language that follows HTML (a presentation format language), making it possible to
represent the semantic content of a document.

One important breakthrough in this area is the project Tête-à-Tête [17]. It provides
a means for the shopper to compare, given its preferences, the multi-featured offers
made by several merchants that sell a particular product. However, this system is not
merely a search engine for shopper assistance. It uses software agents, on both sides
of the bargaining process, which interact in order to encounter the shopper’s desire.

In order to make it possible to automate the negotiation step of the shopping
experience through the use of autonomous software agents, it is necessary to define
both a common ontology to represent product and transaction related knowledge and
a language for agent interaction. A protocol will then define what messages in that
language may be exchanged in what conditions. The greatest effort in defining a
general language for knowledge and information exchange between agents is KQML
[7], developed by the ARPA Knowledge Sharing Effort.

Automated negotiation has been addressed in some relevant research. The Kasbah
[5] marketplace allows the creation of predefined agents with simple time-dependent
negotiation strategies, but considers only the price of a product when negotiating over
it. In [6], negotiation is described as a process where the parties move towards
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agreement through concession making. That negotiation is modelled as multilateral
and multi-issued. Agent negotiation strategies are defined as combinations of tactics,
including time-, resource- and behaviour-dependent ones.

Learning in negotiation is an even more recent topic of research. In [12], learning
consists of finding the appropriate tactic parameters and combination in the overall
negotiation strategy. Using genetic algorithms pursues this. In [20] the Bazaar system
is described, a sequential negotiation model that is capable of learning, which is done
by updating the agent’s belief model in a bayesian way, that is, with probabilistic
updates, according to its knowledge of the domain.

This paper presents a multi-layered platform, SMACE, which provides a means for
testing different negotiation strategies. SMACE is a Multi-Agent System for
Electronic Commerce that supports and assists the creation of customised software
agents to be used in Electronic Commerce negotiations. The system has been used for
testing automated negotiation protocols, mainly those based on the continuous double
auction, supporting also a multi-issue approach in the bargaining process. On-line
learning in Electronic Commerce negotiations is another subject also addressed within
SMACE. The system includes two main types of agents: those that consider a strategy
as a weighted combination of several tactics, and those that learn to combine these
tactics in a dynamic way, by means of Reinforcement Learning techniques.

The rest of the paper is organised as follows. Section 2 addresses SMACE, a multi-
agent platform for Electronic Commerce, describing its architecture and negotiation
model employed. Section 3 describes the strategies implemented in the predefined
agents available in the system. In section 4 we present experiments conducted in order
to test the performance of agents enhanced with learning capabilities. Finally, in
section 5, we finalise with some conclusions and we focus on some topics of our
future work.

2   SMACE: A Platform for Agent-Mediated Electronic Commerce

In this paper we present SMACE, a multi-agent system for Electronic Commerce,
where users can create buyer and seller agents that negotiate autonomously, in order
to reach agreements about product transactions.

2.1   Negotiation Model

At a particular point in time, each agent has an objective that specifies its intention to
buy or sell a specific product. That objective has to be achieved in a certain amount of
time, specified by a deadline. Negotiation stops when this deadline is reached.

The negotiation model that we adopted is based on the one in [6]. So, we concern
about multilateral negotiations over a set of issues. Multilateral refers to the ability of
buyer and seller agents to manage multiple simultaneous bilateral negotiations with
other seller or buyer agents. In auction terms, it relates to a sealed-bid continuous
double auction, where both buyers and sellers submit bids (proposals) simultaneously
and trading does not stop as each auction is concluded (as each deal is made).
Negotiation is realised by the exchange of proposals between agents. The negotiation
can be made over a set of issues, instead of the single-issue price found in most
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auctions. A proposal consists of a value for each of those issues and is autonomously
generated by the agent’s strategy.

The proposal evaluation is based on Multi-Attribute Utility Theory (MAUT). In
order to do that, an agent i must take into account the preferences defined by its
creator for each issue j ∈ {1, …, n} under negotiation:
• a range of acceptable values [mini

j, maxij] , which must be satisfied in order to
accept a proposal;

• a scoring function Vi

j: [mini

j, maxij] Å [0, 1], which calculates a normalised score
that agent i assigns to a value for issue j inside the range of acceptable values (the
higher the score, the better the agent’s utility);

• a weight wi

j, which translates the relative importance of the issue j in the overall
negotiation.
Assuming normalised weights (∑j w

i

j = 1), the agent’s utility function for a given
proposal x = (x1, …, xn) combines the scores of the different issues in the
multidimensional space defined by the issues’ value ranges: Vi(x) = ∑j w

i

j V
i

j(xj). After
generating a proposal, an agent will decide on sending it upon comparing its utility to
the one associated with the previously received proposal. The one with highest utility
will prevail.

Following [6], the sequence of proposals and counter-proposals in a two-party
negotiation is referred to as a negotiation thread. That thread will remain active until
one of the parties accepts the received proposal or withdraws from the negotiation.
Because of the multilateral nature of de negotiation model (many sealed bilateral
negotiations per agent), after an acceptation the agent will wait for a deal
confirmation from its opponent.

2.2   Architecture

SMACE works as an open environment where buyer and seller agents meet in the
marketplace, as shown in figure 1. This entity facilitates agent meeting and matching,
besides supporting the negotiation process.

Fig. 1. The marketplace

SMACE allows users, through its web user interface, to create buyer and seller
agents that negotiate under the model described in the previous section. The system
was designed in layers, in order to separate the infrastructure components – that
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provide the communication and negotiation protocols – from those associated with the
agents’ negotiation strategies. This provides both openness and easy expandability.
As a supporting platform, JATLite [11] was used to provide the communication
infrastructure needed. Figure 2 gives an overview of how such architecture was
implemented.

JATLite

Infrastructure

Plug&Trade

UserInterface

Fig. 2. SMACE architecture

SMACE consists of an API, fully implemented in Java (JDK1.1.4 API), with three
layers built on top of the JATLite packages:
• Infrastructure – this layer contains two fundamental parts:

− MarketPlace: the application that represents the marketplace, as an environment
where the agents meet and trade. It includes message routing and agent
brokering facilities.

− MarketAgent: a template for the creation of market agents, which has already
implemented the negotiation model. Building an agent with this template
requires only assigning it a negotiation strategy.

• Plug&Trade – this layer includes ready-to-use predefined market agents, that were
built using the MarketAgent template:
− MultipleTacticAgent (MTA): a market agent that considers a negotiation strategy

as a combination of several tactics, as described in the next section.
− AdaptiveBehaviourAgent (ABA): a market agent that is able to weight several

tactics in an adaptive way, using Reinforcement Learning techniques, as
described in the next section.

• UserInterface – this layer consists of an application that provides both an HTML
user interface for creating and monitoring the operation of Plug&Trade market
agents and their persistence.
The agents communicate with each other in the MarketPlace, which is an enhanced

JATLite router, facilitating the message routing between the agents and working as an
information centre for the agents to announce themselves and search for contacts.

While accepting agents from anywhere to enter the marketplace and trade
(provided that they use the same negotiation protocol), SMACE allows the user to
launch predefined agents (both of MTA and ABA types) by adjusting their parameters.
In order to do so, one can use the SMACE user interface. Through this interface, the
user can monitor the agents’ activities and change their settings. Taking another path,
the user may create his own agent, with his own strategy, in any programming
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language or platform he wishes. The SMACE API Infrastructure package assists
agent building in Java. This package allows the user not to worry about
communication and negotiation protocol details, spending his efforts on building his
own negotiation strategy, that is to say, the agent’s deliberative knowledge.

3   Negotiation Strategies

The goal of negotiation is maximising the utility gained in a transaction, and in order
to do so the focus is on how to prepare appropriate proposals as well as counter-
proposals. The negotiation strategy will define the way to do so. There are no
restrictions on the negotiation strategies that can be implemented in the market agents.
However, as discussed in the previous section, SMACE assists the activation of two
kinds of predefined agents.

3.1   Combinations of Tactics

The predefined agents already implemented in the SMACE system (MTA and ABA)
use combinations of tactics as the underlying philosophy of implementing their
strategy. A tactic is a function used to generate a proposal value, for a given issue,
based on a given criterion. Tactics can be combined using different weights,
representing the relative importance of each criterion in the overall strategy. The
values that will be part of the proposal will be calculated by weighting accordingly
the values proposed by each one of the tactics used. The tactics implemented were
adopted from [6]:
• Time-dependent tactics: agents vary their proposals as the deadline approaches.

These tactics use a function depending on time that can be parameterised.
• Resource-dependent tactics: agents vary their proposals based on the quantity of

available resources. These tactics are similar to the time-dependent ones, except
that the domain of the function used is the quantity of a resource other than time.

• Behaviour-dependent tactics: agents try to imitate the behaviour of their opponents
in some degree. Different types of imitation can be performed, based on the
opponent’s proposal variations.
Other kinds of tactics can be considered or other variants of the tactics mentioned.

Whereas time-dependent tactics depend on a predictable factor, it is difficult to
foresee the results of applying resource- or behaviour-dependent ones, since they
depend on “run-time variations” of factors.

3.2   Adaptive Behaviour through Reinforcement Learning

The MTA predefined market agents are somewhat fixed, in the sense that they will use
the same tactic combination, no matter what the results obtained are, unless the user
specifies otherwise. However, in repeated negotiations, agents should be capable of
taking advantage of their own experience. This consideration led us to the
development of an agent that, enhanced with learning capabilities, can increase its
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performance as it experiences more and more negotiations – the
AdaptiveBehaviourAgent (ABA). Tactics provide a way of adaptation, in some degree,
to different situations, considering certain criteria. But it is not clear what tactics
should be used in what situations. The ultimate goal of our adaptive agent is to learn
just that.

The idea is to define a strategy as the way in which the agent changes the tactic
combination over time. In order to do that, we used a kind of automated learning that
can take place online, from the interaction with the environment: Reinforcement
Learning [16]. It is also the most appropriate learning paradigm to dynamic
environments, such as the one we are addressing.

By applying this kind of learning in the adaptive agents, we aimed at enhancing
those agents with the ability of winning deals in the presence of competitors and
increasing the utility of those deals. We intended to check if the agents adapt to a
given market environment, associated with the transaction of a given type of product.

In dynamic environments, such as an electronic market, actions are non-
deterministic, in the sense that they do not always lead to the same results, when
executed in the same state. For this reason, we implemented a specific kind of
Reinforcement Learning – Q-learning – that estimates the value of executing each
action in each state (also known as the quality Q). In our environment, actions are
weighted combinations of tactics that will be used in the proposal generation process.
The characterisation of the states is a major factor to the success of the algorithm
implementation, and will determine the relevance of the results obtained. In our case,
we considered two main variables: the number of negotiating agents and the time
available for negotiation, that is, the time left till the agent’s deadline.

Updating the Q values associated with each action-state pair – Q(s,a) – consists of
rewarding those actions that leaded to good results while penalising the ones that
failed to achieve the agent’s goal. The general Q-learning update formula is the
following:

Q(s,a) = Q(s,a) + α [r + γ maxa’Q(s’,a’) – Q(s,a)] (1)

where α is the learning rate, representing the impact of the update in the current
value; r is the reward obtained by executing action a in state s; γ is the discount factor,
meaning the importance of future Q values (in future states) to the Q currently being
updated; maxa’Q(s’,a’) is the maximum Q value for the actions in the next state.

For the ABA agents, actions leading to deals are rewarded with a function
depending on the deal values’ utility and on the average utility obtained so far. This
allows us to distinguish, from the deals obtained, those that correspond to greater
utilities. Considering the average utility takes into account, when classifying the
goodness of a deal, the characteristics of the environment (the difficulties) that the
agent is repeatedly facing; the same deal in harder conditions should have a greater
reward because it is closer to the best possible deal. Goal failure imposes penalisation
(negative reward) to the last action used.

Action selection is another important aspect of the Reinforcement Learning
paradigm. The simplest rule would be to select the action with the biggest Q value.
Yet, this rule does not consider that there may exist non-executed actions that may
perform better. Furthermore, in dynamic environments and therefore non-
deterministic, actions do not always lead to the same results. In fact, to obtain a
continued reward of great value, the agent should prefer actions that were considered
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good in the past, but in order to find them it must try actions that were never selected
before. This dilemma leads us to the need of a compromise between exploitation (to
take advantage of good quality actions) and exploration (to explore unknown actions
or those with less quality). To satisfy this compromise, according to the
Reinforcement Learning literature, two policies are possible, and the adaptive agents
developed support them both: the ε-greedy approach selects uniformly, with a
probability ε, a non-greedy action; the Softmax policy uses a degree of exploration τ
(the temperature) for choosing between all possible actions, while considering their
ranking.

In order to make it possible for the agent to increase the utility obtained in the deals
made, it is necessary that the agent does not prefer the first action leading to a deal.
Before the agent tries enough actions, it has got an incomplete knowledge of the
environment, that is, it might know what action to use to likely get a deal (because
unsuccessful actions are penalised), but not what the best actions are (those that result
in higher utilities). To enforce the agent to try all the actions available before
preferring the best ones, we implemented a Reinforcement Learning technique called
optimistic initial values. This means that all the Q values associated with the actions
are initialised to a value greater than the expected reward for them. This measure
increases, independently of the action selection parameters chosen, the initial action
exploration, since the Q values will then be updated to more realistic lower values.

4   Experiments

The implementation of the learning algorithm intended to enhance the agents with the
capacity of gaining “know how” about the market mechanics in respect to the
transaction of certain kinds of products. This sensibility refers not only to the usual
pattern of appearance of new agents (the market dynamics), but also to the way buyer
and seller agents in a specific environment normally relax their bids. The agent should
improve its performance as it experiences more negotiation episodes.

To represent these market-specific features, which work as a reference to the
adaptation process, we designed four different scenarios, over which we conducted
some experiences. These scenarios did not intend to simulate real-world Electronic
Commerce negotiations, but to illustrate situations where it was possible to observe
the results of applying the learning skills on the adaptive agents.

4.1   Scenarios’ Description

The four basic scenarios are illustrated in figure 3. The negotiation was made over the
single-issue price, since this option does not affect the results; the strategies
implemented do not take advantage of the multi-issue support (each tactic generates a
value for an issue). All agents were configured with time-dependent tactics. The MTA
agents had single time-dependent linear tactics. The ABA agents had time-dependent
tactics that allowed them to vary their behaviour from an anxious (early concession)
to a greedy (late concession) extremes. In the third scenario, a resource-dependent
tactic, depending on the number of opponents, was added to the adaptive agent, since
one of the opponents was activated only after a period of negotiation time. The
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adaptive agent in the fourth scenario had also a resource- and a behaviour-dependent
tactics. Both kinds of agents have a set of other specific parameters whose values are
not described here.

ABA

MTA

ABA

MTA

MTA ABA

MTA

MTA

MTA

ABA

MTA

MTA
III III IV

Fig. 3. Experimental scenarios

In scenario I, we intended to check if the adaptive agent was able to increase its
utility, after a number of negotiation episodes in the same exact environment
configuration. This would allow us to test the learning algorithm. Scenario II
expanded this test to the agent’s ability to win deals over its competitor, and from
those deals, to increase the utility to the best possible value, which was limited by the
opponent’s fixed strategy. Scenario III was configured in a way that it was preferable
to the adaptive agent to achieve deals with the late arriving agent. So, the ABA should
learn to wait, instead of hurrying on making a deal before its competitor. Finally,
scenario IV provided a way of testing the re-adaptation time of the adaptive agent,
since its competitor was modified twice after a significant number of negotiation
episodes.

The most important learning parameters of the ABA agents, which have an impact
on their performance, are the learning rate (that influences the Q value updating), and
the degree of exploration (which controls the action selection when using the Softmax
approach). In highly dynamic environments, agents should use high learning rates,
allowing for fast adaptation to new environment conditions. On the other hand, a high
degree of exploration will force the agent to select many different actions, which may
also be important in dynamic environments. However, as a consequence of that, the
adaptation process slows down. The ABA agents were configured with a learning rate
of 0.5, a middle value that allows for quick adaptations (notice that scenarios I and II
are fixed, and so this parameter becomes more important in scenarios III and IV). The
degree of exploration was set to a low value of 0.2, since that the initial exploration
was already assured by the use of optimistic initial values (see subsection 3.2).
However, exploration is still needed after the initial adaptation period (namely in
scenarios III and IV). The next subsection presents the results obtained by using such
values for these parameters.

4.2   Results

In general, the results obtained were satisfactory. That is, the adaptive agent
performed well but, for its current implementation, in some cases it took too long to
achieve a good result. The scenarios described were run over 2000 negotiation
episodes.

In all scenarios illustrated, the adaptive agent tended to achieve the predicted
results. Figure 4 shows the utility evolution of the adaptive agent in each one of the
scenarios. In scenario I, the agent was able to continuously increase the utility
obtained in the deals, by waiting for its opponent to concede. Scenario II was more



A Platform for Electronic Commerce with Adaptive Agents 105

limited in terms of utility increasing, but the ABA could, besides winning the majority
of deals over its competitor, increase the average utility of those deals very close to
the highest possible in that situation. Results in scenario III allowed us to conclude
that the adaptive agent learned to wait and prefer dealing with the late arriving
opponent, which enabled it to achieve higher utilities. In scenario IV, we observed
that despite the considerable adaptation of the adaptive agent to an initial situation,
after changing the agent’s competitor it readapted relatively quickly to the new
environment conditions.

Fig. 4. Utility results

These results show us that, under some circumstances, it is possible to endow
software agents with capabilities that allow them to improve their performance with
their own experience. The task that now raises is to adapt this mechanism to situations
closer to real Electronic Commerce transactions, where the real negotiating parties
(the agents’ creators) can benefit from negotiation “know how” stored in their
software agents.

5   Conclusions and Future Work

Software agents can help users to automate many tasks. In our case, we focus on
automating Electronic Commerce activities, namely those of buying and selling
products. There exist several applications of information seeking agents applied to
this domain that help users on finding the best price for a given product. As explained
above, in order to be helpful, such tools should take into account the multi-issue trend
of doing online business today.

The automation of the negotiation process is more critical, since it implies the
usage of negotiation strategies that will determine the wins and loses of delegating
shopping tasks in autonomous software agents. According to [4], the intelligence or
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sophistication level that buying or selling software agents may possess is not
restricted by Artificial Intelligence limitations, but by user trust considerations.

We have developed SMACE, a platform that includes an infrastructure framework
over which it is possible to build agents with different negotiation strategies. The
mass development of agent-mediated negotiations in Electronic Commerce will
depend on the adoption of standards in this domain, related both to the ontologies
used to represent semantically the objects of negotiation and to the software agent’s
interaction.

As negotiation strategy examples, we implemented two kinds of agents, with the
assistance provided by the lower layer of the SMACE system, and made some
experiments that involved interactions between these agents. Our results claim that it
is possible to build negotiation strategies that can outperform others in some
environments.

Directions of our future work include implementing strategies that take effective
advantage of multi-issue negotiations, by correlating those issues. In respect to the
agents’ adaptation capabilities, we intend to refine our learning algorithm
implementation. In particular, considering a new definition of a strategy (different
from a combination of tactics) might help enhancing the results obtained through the
learning experience. We also intend to compare our learning mechanism with other
learning approaches, and to continue our research on the practical applications and
effective benefits of learning processes.

In which concerns increasing the open nature of our system, we consider adopting
some of the emerging standards in the Electronic Commerce domain, namely the
XML specification for agent's communication content. The negotiation model that we
are using can also be optimised to include support to interactions that may be
beneficial, following what is described in [13] as a critique.
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Abstract. Classical approaches to traders in middleware rely on a common lan-
guage of server, clients, and traders to understand each other. In these systems,
pre-defined ontologies play a crucial role. But when dealing with large-scale,
open systems such ontologies are no longer available. To cope with this problem,
we have developed a radically different approach to trading. Rather than relying
100% on a trader, we assume that traders provide only rough matches and that
clients need to make intelligent choices to find a more suited service. To this end,
we introduce the notion of trust, which evolves with the client’s experience. We
implement a simulation of this trust-based trading system and run several test
scenarios investigating the use of history and dynamic trust to discover the more
suited services. Our analysis and simulation1 indicate that intelligent clients and
rough traders may considerably extend the scope of trading towards large-scale,
open distributed systems.

1 Introduction

A trader is a middleware component currently used to match requests for services to
services. They are typically used in relatively closed environments where a single de-
fined language and set of semantics are used to describe requests and services. Many
researchers are beginning to see a broader use of trading within a more open distributed
system, such as the Web. In this environment it is expected that trading systems need to
be able to carry out more fuzzy mappings between requests and services as the semantics
and languages are no longer standard. Further, systems which request services (clients)
need to be able to acquire a level of trust in both the traders and the services when
deciding to use them in future. The client must be able to break away from a service that
it notices is deteriorating, so as to obtain a better one. Further, it is also envisaged that
future services, and in fact the trading service itself, will charge for usage.

Current trading systems are unable to provide this level of service; in this paper we
provide an alternative which does. This system stores a history of quality of services to
establish its trust, carry out fuzzy matching of services while providing the ability to
dynamically rebind from one service to another. The perception of trust must also take
into account that a service will cost and this cost may fluctuate also. To this end, we
propose a new trading system and have built a simulation of its behaviour so as to study
how metrics such as trust and costs affect client/trader selection. The structure of this
1 The simulation is available at www.soi.city.ac.uk/homes/msch
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paper is as follows. Firstly, we introduce the concept of middleware trading systems. We
then describe some systems currently in operation and follow this with a description of
more intelligent traders that are able to carry out fuzzy mapping of service to requests.We
highlight the shortcomings of current trader architectures and then describe our model of
trading and the simulation model which is being used to look at their behaviour. Finally,
we draw some conclusions.

2 Traders

The concept of the trader was first formally specified in the early 1990’s by ANSA
[Apm98] which lead to the Open Distributed Processing (ODP) trading function speci-
fication (under the ISO and ITU) and in 1997 the Object Management Group (OMG)
added the Trading service to its CORBA architecture [Omg92].

The principle idea of a trading service is to have a mediator that acts as a broker
between clients and servers. Previously a client needed to locate a service by naming
this service. Naming services, such as the Internet Domain Name service, the X.500
directory service or the CORBA Naming service map hierarchically organised names
to component identifications such as IP addresses or CORBA object references. This is
called white- page-matching, similar to a telephone directory. However, often a client
does not know the name of the component it wants to use.Although white-page-matching
improves location transparency, it limits clients, which may not know the name of the
service they want to use, but which do know a service profile only. To this end, traders
enable a client to ask for service profiles rather than service names. The client changes
perspective from asking ’who?’ to asking ’what?’.

Thus, trading services provide a higher level of abstraction than naming services.
Servers register the services they offer with a trader and clients use the trader to enquire
about services. Once the trader has matched a client inquiry with a service offer, most
clients and servers communicate privately without involvement of the trader (there are
exceptions; some monitor QoS and allow run- time rebinding). Hence traders usually do
not impose any overhead on the communication between clients and servers, they just
enable clients to find the most suitable server and thus facilitate service discovery.

The trader may select a suitable service provider on behalf of the client or it may
simply recommend a list of suitable services to the client. The idea is not restricted to
distributed systems, but is found as well in other (non-computerised) systems. A good
example is yellow pages; service providers, such as plumbers or lawyers, register with
the publisher of the yellow pages: Clients who wish to use a particular service can then
look up the yellow pages by service providers to find a provider that offers the required
service. Other examples similar to the yellow pages are stockbrokers and insurance
brokers. This is why this kind of matching is termed Yellow Pages matching of services
to requests.

In current systems, there has to be a language for expressing the types of services
that both the client and server understands. This language has to be expressive enough to
define the different types of services that a server offers or that a client may wish to use.
Moreover, the language has to be expressive enough so that a client can ask for given
degree of service quality, such as performance, reliability or privacy. Servers use the
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expressiveness of the language in order to advertise the quality of their services. In order
to enable a trading service to act as a broker between clients and servers, the servers
have to register the services they offer with the trader. They use the above language to
declare the types of services they offer and their qualities during the registration.

The quality of service may be defined statically or dynamically. A static definition is
appropriate (because it is simpler) if the quality of service is independent of the state of
the server. This might be the case for qualities such as precision, privacy or reliability. For
qualities such as performance, however, the server may not be able to ensure a particular
quality of service statically at the time it registers the service with the trader. Then a
dynamic definition of the quality is used that makes the trading service inquire about the
quality when a client needs to know it.

After servers have registered the types of services they offer with the trader, the trader
is in a position to respond to service inquiries from clients. A client uses the common
language to ask the trader for a server that provides the type of service the client is
interested in. Clients may or may not include specifications of the quality of service
that they expect the server to provide. The trader reacts to such an inquiry of clients in
different ways. The trader may itself attempt to match the clients request with the best
offer and just return the identification of a single server that provides the service with
the intended quality. This technique is known as service matching. The trader can also
compile a list of those servers that offer a service, which matches the clients request.
The trader returns the list to the client in order to enable the client to select the most
appropriate server itself. This technique is known as service shopping.

3 Object Traders and Service Discovery

There are a number of Trading systems available at the moment, we describe these briefly
below.

3.1 Corba Trader

The Corba trading service works in principle as the trader described above.As a common
communication language it uses Corba’s interface definition language IDL.Additionally,
the client can specify properties, given as attribute/value pairs, which the service has to
provide. Technically, a trader recommends services matched to a client’s request. The
client can then dynamically look up the service’s interface in Corba’s interface repository.
With this information, the client is then able dynamically construct a request to a service.

Corba is a very popular architecture for distribution object interaction and most appli-
cations make heavy use of its name service, which is implemented by most commercial
and academic Corba platforms. Corba’s trading server is less widely used, since many
applications are not so dynamic that they would require trading. If they do, then the
Corba trader works well for in-house applications, but not for truly open systems, where
service discovery requires fuzzy matching of service requests. To put it succinctly, with
Corba naming the client needs to know the server name, with trading it needs to know
the service name, which is still too inflexible.
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3.2 ANSAware Distributed Systems Platform

TheANSAware software model [Apm98], developed atAPM Ltd., is based on a location-
independent object model providing uniform interaction schemes between communica-
tion. The roles of client, trader, and server, the use of attribute/value pairs to specify
properties are similar to the Corba trader. Interfaces in ANSAware are defined in an
Interface Definition Language and the operations import, export, and a second language
- a Distributed Processing Language, describes interface implementations. If the trader
finds matching candidates, an implicit binding between the peers is created. Although
attribute- based matching provided by the trader enables enhanced flexibility, there is no
notion of runtime adaptation and hence the same critique as to the Corba trader applies.

3.3 Aster

The Aster project [Iss98], developed at Irisa/Inria, addresses middleware reconfigura-
tions based on software specification matching, which selects the components of the
middleware customized to the application needs. The Aster environment provides three
elements: theAster type checker, which implements type checking of components descri-
bed using theAster language, theAster selector, which retrieves middleware components
that satisfy the interaction requirements and thus acts as a trader, and theAster generator,
which is responsible for interfacing the source code files with the middleware objects.
The selector in the three-stage selection method processes non- functional properties
described in terms of formulas of first order predicate calculus. The stages are; exact
match selection, plug-in match selection (the selected component implements behaviour
that satisfy the application, but does not match exactly the application’s requirements),
and closest match selection (the selected middleware needs to be customized through
complementary components).

Although Aster presents a powerful framework for parameterized component selec-
tion enabling automated customization, it does not address dynamic runtime adaptation.

3.4 Matchmaking

The Matchmaking framework [Ram98], developed at the University of Wisconsin-
Madison, is based on components describing their requirements and provisions in clas-
sified advertisements, which are matched by a designated service: the matchmaker.
Classified advertisements enable components to be described in terms of parameters
enhanced with arithmetical and logical operators (e.g. Type = Machine, Activity = Idle,
Arch = INTEL, Rank = 10, etc.) The matchmaker compares relevant parameters of com-
ponent advertisements, and notifies components; then the client contacts the server using
a claiming protocol to establish a dynamic binding.

Powerful parameter-based matching resource allocation provides the required flexi-
bility, however it does not allow user-defined service selection from a group of matching
ones, nor does it support decentralization and runtime adaptation.
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3.5 MAGNET

The MAGNET trader [Kos98a,b,c] caters for dynamic resource management in a ob-
ject based distributed system. In particular, it deals with operating systems and mobile
computing. Similar, to other object traders it implements a yellow-page-service. Ho-
wever contrary to most others, MAGNET monitors the quality of service and rebinds
services if necessary. Technically, the Magnet trader contains a shared data repository
available to all components based on the tuplespace paradigm. Structured data items
(requests and service descriptions or meta-Knowledge) are placed into the information
pool as tuples. Uniquely to Magnet, the shared information pool is distributed via fede-
rations thus avoiding the performance bottleneck problems experienced previous trading
architectures.

3.6 Summary of Classical Traders

To summarise, current trading mechanisms fall short when dealing with a truly open
distributed environment.Although they extend location transparency and provide flexible
load balancing, it is still necessary to know the service name to be used. That is, most
object traders provide flexible robust systems and fault tolerance at no cost, but do not
support service discovery and therefore are not useful for truly open system such as the
web.

3.7 Service Discovery

As argued above, currently available object traders do not cater for truly open systems,
where no assumptions regarding name and signature of a service can be made in advance.
While such flexibility is not necessary for many applications, it allows one to explore the
wealth of components available over the Internet. And although such components have
to be treated carefully as they may not be reliable or worse may be malicious, the easy
and free access to them, turns service discovery into a vision for a new programming
paradigm, where the “network is the computer”. Here it is envisaged that a computer
program is generated on the fly from composing objects obtained on the Web.

Service discovery could be realised through regular search engines. However, cur-
rently used engines limit themselves to plain text when indexing and cannot make use
of other formats. Search engines of the future may overcome this problem. The Agora
[Sea98] and Webtrader [Vas99] project are two such efforts. In the Webtrader system,
servers advertise their services on XML pages containing keywords, metadata (such as
QoS) and the service interface. Keywords and metadata help the trader to match ser-
vices against client requests; the interface allows the client to use the service. While
this approach requires servers to advertise in the required XML format, Agora aims to
trade existing components, which are already online. Similar to classical search engi-
nes, which parse HTML pages for indexing, Agora parses Java class files and indexes
them. Preliminary results show that this method is promising for applets, JavaBeans, and
ActiveX, but has limitations for Corba objects, whose interface is not directly accessible.

Agora and Webtrader are paving the way for a new computing paradigm and conse-
quently three application domains may benefit directly [Vas99]:
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1. Application level brokers, such as the shopping agent Jango, which integrates
given online information sources 2. Adaptive content delivery, which enables a client
with limited capabilities to obtain contents in the format it requires. 3. Application
recontexting, which may be necessary due to limited resources to reconfigure thin clients
on mobile devices as their environment changes.

With such service discovery systems at hand, it is paramount to deploy intelligent
clients, which do not fully trust the traders recommendations and which learn to choose
the best services. Service discovery being the first step, the second and more difficult
step is the client’s service selection process. Obviously, this choice should be informed
and not be made by the trader as we opt for service shopping rather than matching.
Therefore, we have to consider selection criteria for clients. One approach [Pud95] to
help the client “understand” service descriptions is the use of ontologies. But the problem
all ontologies face is the question, who defines them and who ensures that all parties
give them the same meaning [Nwa99]. Therefore, the approach followed in [Pud95] is
severely limited and the author’s point out rightly that the challenge remains to have
clients, servers, and traders learn the shared ontology.

4 Rough Traders and Intelligent Clients

In our approach, we want to go a step further and drop any notion of explicit meaning,
which we cannot obtain. Instead we rely on meaning, which evolves implicitly. As Witt-
genstein said, ’The meaning of a word is its use in language’, we argue ’the meaning of
a service is given by its use by the client’. That is, the client learns which services to use
through experience. Rather than relying on the trader, our intelligent clients base their
choice on their history of use to generate a notion of trust in services. This trust evolves
over time and reflects the client and servers joint understanding of service descriptions.
Recently, there has been considerable interest in the notion of trust within agent systems
[Elo98, Jon99]. In particular, Jonker and Treur [Jon99] define a comprehensive frame-
work of useful trust functions based on e.g. different window sizes of history, which can
serve as sound basis for the client’s adaptive selection process. Avoiding the problems
of ontologies, the use of intelligent clients with a trust mechanism reduces the service
selection problem to service assessment. The main difficulty for a client to update its
trust in a server is for it to have a fair judgement on the service it had rendered. While
many aspects may be impossible to formalise, issues such as time taken, exceptions
generated, cost, and simple service specs (did the sort service return a sorted list?) can
be automated.

4.1 Requirements

Let us summarise the two main ideas of adaptive service discovery and more flexible
trading as outlined above: 1. traders provide rough matches to client requests based on
informal service description and keyword search. 2. It is up to the client to choose the
service and to learn over time, which of the services is best suited. To implement these
two ideas our trading simulation has to meet the following criteria: 1. A client maintains
a history of its interactions with a given service. The history of its interactions with a
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service is used to update the client trust value of that service. 2. A client maintains a
history of its interactions with the trader The history of its interactions with the trader is
used to inform the trust value the client will associate with any future interaction with
the trader. 3. The trader’s recommendations for the clients is of variable ’quality’ and
almost never perfect. 4. Services actively pursue client interaction through advertising
with a trader and providing appropriate descriptions of their service.

4.2 The Current Implementation

In our current implementation in Java, the trader maintains data (an informal service
description and a server reference) on all of the services that are currently registered.
Service objects can register and de-register with the trader. When registering with the
trader the service object supplies all the required data. Service objects comprise a quality
value and a cost value. Service quality may be static or vary over time. The client object
maintains data (a history object) on its interactions with the trader and with the services
it uses. At a simple level the client maintains a trust rating for the trader and a trust rating
for all the services that it uses. In selecting a new service the client uses its own rating
in conjunction with the traders matching rating for each service to come to a decision.
After using a service the client updates its rating of the service. The Client has a test
mechanism to ’test’ a service. While this is ostensibly the same as using a particular
service, a test mechanism would be entirely reasonable for many types of service (e.g.
translation service). Testing may be expensive in terms of ’cost’ (or alternatively services
may offer a test mechanism at a lower/no cost) and overloading the network so it is in
the interests of the client to keep testing to a minimum. Depending on the client’s trust
of any particular list of services (from the trader) the client can then test a number of
choices before selecting a particular service. The client’s default behaviour is to iterate
through the entire list of services recommended by the trader. The client then selects a
service from all successful test invocations by rating the service by its ’quality’ and its
cost. The ’quality’ is an arbitrary value (between 1 worst and 100 best) associated with
each service. This value may remain static or may change over time depending on the
particular service. The cost value is a charge associated with each service for the use of
that service. At present the cost value associated with each service is fixed over time.
The client chooses the service with the lowest cost per quality ratio. It then invokes the
service method on the service. If the invocation fails the client will try to invoke the
service method again until a successful invocation is achieved (the method invocation
failure is simulated and simply means that the service was not carried out). The client
will then make a new request to the trader and repeat the process. There are two options
to change the behaviour of the client. Firstly, the ’Using History’ option. Here the client,
after iterating through the entire trader list will retrieve any data it has on the services on
that list from its own ’database’ (a History object). For each service the client calculates
its reliability value. This is simply the ratio of invocation failures to invocation successes
for that particular service. The client then calculates an overall rating for each service
based on its reliability and the cost per quality value it got from testing the service. The
client then selects and uses the service with the highest overall rating. The second option
is the ’Dynamic Trust’ option. At present the client divides the trader list equally into
four quarters and depending on its current trust rating of the trader will either iterate
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Fig. 1.Screenshot of rough trader and intelligent client simulation.

through one quarter, one half, three quarters or the whole list when conducting its testing
process. (The assumption being made here is that the trader is returning an ordered list
with its highest matched services at the top of the list and less likely services lower down).
Whenever the client makes a selection it records where in the trader list the selection
was found. Before each testing process the client checks its recent selection record. If
selections were predominantly been above the mean point of its current trust rating value
then the Client would increase its trust rating of the trader and thereby choose to test a
smaller portion of the list of service. If recent selections have been below the current
trust rating mean point then the client will lower its current trust rating of the Trader. At
present the ’Dynamic Trust’ option effects the overall costs acquired by the client when
testing. The cost associated with testing a particular service can be changed by adjusting
the ’Test Cost’ setting. While this cost is presently a monetary cost it could equally be
thought of and changed accordingly to become a value associated with use of a network
in a distributed system – a ’network cost’

4.3 Simulation

Consider Figure 1. Among others, the GUI shows the failure rate in percent, the client’s
cost/quality, quality/use, and the overall spending. The history option allows to ena-
ble/disable the use of experience with the service in the client’s decision making. Thus,
this option implements the history-based trust functions described in [Jon99]. Besides
rating the services, the client can rate the trader which is enabled by activating ’Dynamic
Trust’. Values can range from unconditional distrust to conditional trust. The ’Random’
setting instructs the trader to return a list containing all registered services in a randomi-
sed order. Test cost alters the cost incurred by the client when testing a particular service.
A setting of ’1’ means the testing cost is the same cost as using a service. A higher cost
setting reduces the cost of testing in relation to the cost of using a service.

Figure 1 shows in particular the eight services that are registered with the trader. All
these services oscillate their ’quality’value between the range shown and at the frequency
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shown. In this test the cost of each service is fixed to reflect the average quality a service
delivers over an extended period of time. The trader returns a list of these services at
random to the client upon each request The client history window shows how many times
each service was used during the test run. It also displays the average quality it received
from each service and the average cost incurred for each service (this is in fact the fixed
cost, as the cost value does not alter). In this test run the client has used service1 (for
a maximum of 301157 times) and has obtained an average quality from that service of
73.6. The average service quality service1 produces is 50. The overall ’cost per quality’
is 0.73. Because of the parity between the average quality of each service and their fixed
cost a client randomly selecting services would expect a ’cost per quality’of 1.00. In this
set-up the client trust (trust of the trader) is set at ’8’. The client tests all eight services
it receives from the trader and chooses the service with the lowest ’cost per quality’.
A client that had more ’trust’ in the trader may set its trust value to, for example. ’3’
and only test the three most highly matched services it receives from the trader. After
selecting and using a service the client, as configured in this set-up, will continue to use
the service providing the ’cost per quality’ value remains the same or is not less than its
previous use of the service. The test cost variable provides the ability to change the cost
to the client of testing a service. The service-reset rate provides the ability to reset all
the services at regular intervals during a test run. Initial service settings are randomised
between the accepted range of each service. The client does not use any of the history
data that it gathers to aid its selection choice. It does not alter its trust value (of the trader)
and it does not alter its request to the trader during a test run. This functionality will
be added to the client to enhance its ’intelligence’. It is intended that the prototype will
be enhanced further by allowing multiple clients (differently configured) and allowing
different ’types’ of services which will register and de-register (or become unavailable)
during a simulation Three example tests are included in this paper to demonstrate the
functioning of the system. Each test is configured to demonstrate the effectiveness of the
client selection process with differently configured services. These tests are primarily to
demonstrate the potential benefits that can be gained from an ’intelligent’ client using a
rough trader to maximise its service selection efficiency.

Reliability Test. This simulation run demonstrates the clients’ capabilities when pre-
sented with a list of services with differing reliabilities. There are eight services, all
providing a static quality of service of 50. The services cost is also fixed at 50. Service1
has a reliability factor of 90. This equates to a service failure rate of 10 %. Service8
is the least reliable service with a failure rate of 80%. Figure 2 shows the results from
running the client without history/trust, with history, with trust, with both. The history
mechanism in the client effectively reduces the number of service use failures. In this
test the dynamic trust mechanism has no effect on the clients efficiencies because the
cost per quality of each service is the same and is fixed, so the client rates all the services
equally, and therefore cannot make a judgement on the ’trustworthiness’ of the trader
list.

Oscillating Service Quality Test. This simulation run demonstrates the clients capabi-
lities when presented with a list of services whose quality oscillates between set values
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Reliability Default History Trust Both
Failures(%) 44 11 44 19
Cost/Quality5.40 5.40 5.40 4.07
Quality/Use 27.99 44.21 28.10 40.15

Fig. 2.Reliability test results

over time. All these services are 100% reliable and thus do not produce any invocation
failures. The cost of each service is fixed. There are eight services all providing a service
whose quality oscillates (a sine wave) over the stated range. Service1 produces a service
whose quality ranges from 55 to 95 and whose cost is fixed at 75. Service8 produces a
service whose quality ranges from 20 to 60 and whose cost is fixed at 40. Figure 3 shows
the results of the simulation.

Reliability Default History Trust Both
Failures(%) 0 0 0 0
Cost/Quality7.64 7.65 4.95 4.90
Quality/Use 66.79 66.7 66.4 66.44

Fig. 3.Oscillating test results

Consider Figure 4. The graph shows the clients view of the services it uses in the
oscillating test. Different colours represent different services. So each spline is part of
its service’s complete quality curve, which is, for clarity sake, not shown. Around time
point 350, the client selects e.g. service 8, whose quality steadily increases.As it declines
at around time point 400, the client switches to service 3, with much higher quality. At
first glance, it appears the client should always select the highest quality, but in fact it
optimises quality per cost, so that it does not simply stick with the best quality. As one
may expect, the client tends to stick with a service as the service quality improves and
drops it as it declines. The table and graph show that the history mechanism has no effect
on the average cost per quality incurred by the client. This is simply because all services
are 100% reliable and thus the history mechanism offers no extra information to the
client on top of what it gains from running tests on the services. The trust mechanism
effectively reduces the clients cost per quality because the client is able to alter its
judgement as the ’trustworthiness’of the trader list and is thus able to reduce the amount
of service testing that it does from the default.

Mixed Test. This simulation run demonstrates the clients capabilities when presented
with a list of oscillating services with differing reliabilities. There are eight services all
providing a service that varies. The services cost is fixed at 50. Service1 has a reliability
factor of 92. This equates to a service failure rate of 8 %. Its quality varies between 55
and 95. Service4 has a failure rate of 2%. The history mechanism reduces the amount
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Fig. 4.Clients perspective of selected services with oscillating quality (y axis) over time (x axis).
Different colours represent different services. The splines correspond to the fragments of service
quality curve that were selected by the client.

of service failures but increases the cost per quality. The increase in the cost per quality
is due to the fixed nature of the cost associated with each service and the fact the more
unreliable services are offering a generally higher quality of service. The dynamic trust
mechanism reduces the cost per quality, and both mechanisms operating together offer
a better failure rate and a better cost per quality than the default run.

Mixed Default History Trust Both
Failures(%) 6 2 5 2
Cost/Quality5.19 6.95 3.58 4.7
Quality/Use 77.71 60.46 73.42 58.96

Fig. 5.Mixed test results

Conclusions from Testing.The results show that both client mechanisms, using history
and dynamic trust, are effective in enabling the client to select and use services in a more
efficient manner. In particular, they achieve a failure reduction and lower cost per quality
during operation.Additionally, the two mechanisms enable the client to use and judge the
quality of the information it receives from the trader. 4.3.5 Further Enhancements to the
Model The next step for the simulation is to move from a simulated trader to a real online
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service discovery tool such as Agora [Sea98] and Webtrader [Vas99]. Additionally, it
would be interesting to implement a feedback loop for the trader, which would amount
to a joint learning of best service provision by all parties involved. Regarding, clients
it would be interesting to consider the ability of clients to reformulate requests, if the
trader does not provide satisfactory results.

5 Conclusions

The concept of traders to realise flexible and fault-tolerant open distributed systems
is around for over 10 years. Large bodies such as ANSA and OMG developed and
integrated traders into their platforms. Nonetheless, trading solutions are not so widely
adopted, which is partly due to the inability to deal with newly available services, which
were not envisaged at design time of the system. All classical approaches such as the
Corba trader [Omg92], AnsaWare [Apm98], Aster [Iss98], Matchmaker [Ram98], and
Magnet [Kos98a,b,c] rely on a common language and understanding of services and
clients, which is a severe limit when dealing with an open system. In most approaches
the common language is simply predefined and joint understanding between clients and
servers is tackled through joint ontologies. Although the research into ontologies and
common understanding has been active for a few years, there is not yet a groundbreaking
solution to this difficult problem [Nwa99]. Our approach is dramatically different in
that it does not rely on any pre-defined ontology or notion of meaning. We follow
Wittgensteins idea that “the meaning of a word is its in language” and allow a joint
understanding between clients and servers to evolve over time and experience. To this
end, we introduce a trust function [Jon99] into our clients, which enables the client to
learn the best suited service profiles and adapt its service selection accordingly. Motivated
by [Jon99], we compare clients taking decisions based on no history and full history,
respectively.Additionally, we compare and vary the client trust into the trader ratings.We
implemented this scenario and ran tests regarding failure rate, oscillating service quality,
and a mix of both. Our simulation indicates that the use of the client’s experience (history)
reduces the failure rate substantially. The dynamic trust option, which allows the client
to rate the traders recommendations, are valuable to reduce the cost, as the client does not
have to test services constantly, when it can rely on its perceptions of the trader’s ratings.
To take the results of our simulation further, future work will concentrate on making the
trader more intelligent and replacing it by an operational service discovery tool such as
Agora [Sea98] or Webtrader [Vas99] and embedding it into middleware solutions such as
Magnet [Kos98a,b,c]. To summarise, the contributions of this paper are fourfold. First,
we review trading platforms and service discovery as currently used in middleware
and outlines their strength and weaknesses. Second, we introduce a radically different
approach to trading, which does not rely on any pre-defined ontology or other explicitly
defined meaning. Third, to underpin our novel ideas, we implemented a simulation of an
intelligent client dealing with unreliable traders. For the client decision making process
we focused on two aspects: the use of previous experience and the client’s rating of the
trader’s recommendations. Forth, we evaluated the simulation and came to the conclusion
that history data can substantially reduce the service failure rate and the rating of the
trader can reduce the costs, as less testing of services is required.
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Abstract. 1 In the last few years, the electronic marketplace has witn-
essed an exponential growth in worth and size, and projections are for
this trend to intensify in coming years. Yet, the tools available to mar-
ket players are very limited, thus imposing restrictions on their ability
to exploit market opportunities. While the Internet offers great possi-
bilities for creation of spontaneous communities, this potential has not
been explored as a means for creating economies of scale among similar-
minded customers. In this paper, we report on coalition formation as a
means to formation of groups of customers coming together to procure
goods at a volume discount (“buying clubs”) and economic incentives
for creation of such groups. We also present a flexible test-bed system
that is used to implement and test coalition formation and multi-lateral
negotiation protocols, and show use of the test-bed system as a tool for
implementation of a real-world “buying club”.

1 Introduction

A coalition is a set of self-interested agents that agree to cooperate to execute a
task or achieve a goal. Such coalitions were thoroughly investigated within game
theory [9,10,14,11]. There, issues of solution stability, fairness and payoff disbur-
sements were discussed and analyzed. The formal analysis provided there can be
used to compute multi-agent coalitions, however only in a centralized manner
and with exponential complexity. DAI researchers [11,14] have adopted some
of the game-theoretical concepts and upon them developed coalition formation
algorithms, to be used by agents within a multi-agent system. These algorithms
concentrate on distribution of computations, complexity reduction, efficient task
allocation and communication issues. Nevertheless, some of the underlying as-
sumptions of the coalition formation algorithms, which are essential for their
implementation, do not hold in real-world multi-agent systems.

In this paper, we report on coalition formation as a means to achievement
of economies of scale among customer agents. In particular, we concentrate on
1 This material is based on work supported in part by MURI contract N00014-96-
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formation of “buying clubs” - groups of customers coming together to procure
goods at a volume discount. The paper is organized as follows: We begin by
presenting the economic models that show how both suppliers and customers can
benefit from advent of such buying clubs (i.e. incentives to create buying clubs),
which are critical in any real-world system. In section 5, we discuss the issues
that need to be addressed in creation of a coalition protocol, and provide and
critique several distinct coalition models. We proceed in section 6 to describe
test-bed that can be used to test different coalition formation protocols and
coalition models, as well as a real-world system that was implemented using the
test-bed. We conclude by describing future experiments that will be conducted
using the test-bed system.

2 Prior Work

Auctions are the predominant electronic commerce models on the Internet but
they are not the most suited for the wholesale marketplace. Research centers like
MIT Media Labs have been trying to address the issue of cooperative market
models (Tete-a-Tete system [6]) but there is still a lot of research that needs to
be done. Currently there are no implementations of a wholesale agent market
where agents collaborate and do many-to-many multi-attribute negotiations on
behalf of buyers and sellers. However, research is being done on some issues of
this market. Some systems, such as MAGNET ([3]) attempt to address aggrega-
tion of multiple suppliers in order to form a supply chain and complete a task.
Other examples of electronic markets are Fast Parts Trading and Kasbah [2].
Fast Parts Trading Exchange is a product that allows wholesale sellers to meet
and exchange offers. The main functionality of Fast Parts Trading is to act as
an electronic exchange and it does not incorporate automated negotiation nor
does allow collaboration between buyers. Kasbah is an agent marketplace that
allows agents to negotiate the price of goods on behalf of consumers. There are
several differences between the proposed framework and Kasbah. The first is that
Kasbah only allows negotiation based on price while our framework implements
multi-attribute preferences. Also, Kasbah does not allow buyers to form coali-
tions. Most important, Kasbah uses only one specific protocol and strategy for
negotiation, while our work provides a flexible test-bed where different strategies
can be experimented with.

A lot of research has been devoted to studying game-theoretic properties
of coalitions[9,11]. The main topics of this work has been coalition stability,
fairness, payoff distribution, methods for efficient formation of coalitions, as well
as methods for manipulating results of coalition processes. However, most of
this work has concentrated on theoretical aspects of coalitions, and thus there
is currently no work or implemented system in the context of buyer coalition
formation.

However, recently there has also been some commercial work in the area.
Accompany.com (www.accompany.com, [1]) allows customers to join together
during a “buying cycle”, and obtain a volume discount dependent on the size of
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Fig. 1. Supplier’s Incentive to Sell Wholesale

the group. However, the company functions as a retailer (i.e. is responsible for
breaking up volume shipments and shipping retail-sized packages to individual
customers) - which significantly affects the costs and benefits of buyer coaliti-
ons. Also, Accompany.com functions by pre-negotiating volume discounts with
a handful of suppliers, thus leaving the user out of the bidding process.

3 Incentives for Customer Coalitions

When one studies an electronic commerce system, especially one dependent on
a novel approach such as buyer coalitions, one has to consider the incentives
involved in this system. In short - what would be a compelling reason for a person
to move to a new commerce paradigm. Such incentives are usually monetary -
reduction of cost, or increased profit, although they can include less tangible
benefits such as reduction of risk (or allowing someone else to assume the risk),
or increase in market size or market share.

In this section, we will outline the economic incentives that could compel
both suppliers and customers to join an electronic commerce system based on
buyer coalitions.

3.1 Supplier Incentive to Sell Wholesale

Let us assume that suppliers are (a) rational and (b) self-interested, i.e. they will
attempt to sell their goods at maximum profit. As new opportunities present
themselves, seller agents will conduct some sort of cost-benefit analysis and take
advantage of all opportunities to raise their profits.

As a simplifying assumption, let us also say that the manufacturing cost of
one item is constant and, above some threshold, independent of the amount of
units sold. This is true if the supplier’s production facility is working at or near
capacity.

Now, let us suppose that an agent is selling its goods retail.
Let:



124 M. Tsvetovat et al.

– Uitem be the utility (profit) of selling one item retail.
– Pitem be the sale price of the item (or reservation price in an iterative nego-

tiation)
– Cretail−marketing be the cost of retail marketing, per item (in an electronic

marketplace, this could be related to the cost of submitting advertisements or
the cost of making bids or a per-transaction charge imposed by the market)

– Citem be the cost of manufacturing one item.

The utility an agent receives from selling one item can be expressed as

Uitem = Pitem − Cretail−marketing − Citem

The utility of selling n items would be

Uretail
n = Pitem ∗ n − Cretail−marketing ∗ n − Citem ∗ n

The utility of selling a lot of n items wholesale (i.e to one buyer instead of
many) can be expressed as

Uwholesale
n = Pitem ∗ n − Cwholesale−marketing − Citem ∗ n

An agent would have incentive to sell at wholesale if it receives greater utility
from such sale, or

Uwholesale
n − Uretail

n > 0

From the above expressions, we then infer that the agent has incentive to sell
wholesale if

Cwholesale−marketing < Cretail−marketing ∗ n

Hypothesis:

Since marketing to one buyer is usually less expensive then marketing to
multiple buyers, the incentive to sell wholesale will usually be present.
However, wholesale marketing to one customer will be more expensive
then retail marketing to one customer, due to more protracted negotia-
tion and other factors. Up to some lot size Nretail, the supplier has a
negative incentive for selling at a wholesale price, as marketing costs will
be nearly identical to retail and lowering the price to wholesale level is
not justified (see figure 1) As the size of the lot increases past that point,
selling wholesale lots becomes beneficial for supplier.

This pattern can repeat as the lot size increases, resulting in multiple price
breakpoints. For example, one could purchase an item at retail quantities (by
pack), by case (12 packs), by box (50 cases), pallet of boxes or truck-load. All
of these packaging options have different costs for the supplier, and are likely to
result in different wholesale prices.
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Fig. 2. Customer Total Utility

3.2 Customer Incentive to Buy Wholesale

The customer utility curve (shown on figure 2) is commonly known in the field
of economics and illustrates the law of decreasing returns. It illustrates the fact
that utility of each unit acquired is smaller than that of the previous unit.

However, a more realistic representation of the utility curve (fig. 3) shows
that there is range of acceptable quantities of the good, after which the utility of
each additional unit drops sharply. This is due to the additional costs associated
with storage or management of surpluses.

Customer Utility U = Benefit − Priceunit − Coststorage

Let us define the Maximum Utility Range (MUR) as

MUR = (nmin, nmax)

, a range in which the utility is high while management costs remain low.
If the supplier’s optimal size of wholesale lot nwholesale ∈ MUR, then the

customer can purchase a wholesale lot.
HOWEVER: If the price of purchasing goods in larger lots remains

the same as retail price, the customer has no incentive to buy such
lots and might just as well buy through retail channels at a higher
marketing/packaging cost to supplier, thus lowering supplier’s per-
unit profit margin.

Thus, supplier has an incentive to sell wholesale lots, it must give the cu-
stomer an incentive to buy wholesale - which is commonly done by lowering
per-unit price at when the requested lot size is large enough.

These price decreases are usually represented by a step function such as the
one on figure 4.

ASSUMPTION: Customer’s utility of an item is higher if the price
of the item is lower while all other factors remain constant, or

∆Ucustomer = Θ(∆P )
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Fig. 3. Customer Per-Unit Utility and Costs

Thus, if the supplier lowers its price for larger lots, the customer has an
incentive to buy wholesale.

4 Coalitions and Wholesale Purchasing

In the real world, a single customer rarely wants to buy large enough quantities
of goods to justify wholesale purchasing, or

Nwholesale /∈ MUR

In order to lower the purchase price (and, therefore, increase utility), self-
interested customer agents can join in a coalition such that

Nwholesale ∈ MURcoalition =
∑

MURi

where MURi is the MUR of each member of the coalition.
This would enable the coalition to buy a wholesale lot from the supplier, break

it into sub-lots and distribute them to its members, thus raising the utility of
each individual member.

However, the formation and administration of coalitions, as well as distribu-
tion of sub-lots has its costs, represented as Ccoalition.

Ccoalition consists of number of different costs, closely related to the real-
world situation where the coalition is formed. In particular, such costs include
the cost of administering coalition membership, cost of collecting payments from
individual members, and the cost of distributing items to the members when the
transaction is complete. In some cases (such as distributing copies of software)
some of the costs can be very small, and in other cases may rise to be prohibitively
large.
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Fig. 4. Wholesale and Retail Pricing

A coalition is only viable if the increase in group’s total utility
from wholesale purchases is greater than the cost of creating
and running a coalition, or

∆U > Ccoalition

5 Coalition Models

It is possible to construct a number of coalition models and protocols, all of
which would have different properties and requirements. In general, all coalition
models include several stages:

– Negotiation: The coalition leader or another representative of the coalition
negotiates with one or more suppliers to provide the good or service. The
protocol must address issues such as the choice of suppliers, and evaluation
of competitive bids.

– Coalition Formation: The coalition leader solicits new members to join his
coalition. It is important to note that the coalition must have some admission
constraints (such as geographical proximity of the members or their ability
to pay for the goods.).

– Leader Election/Voting: The members elect a coalition leader or cast
direct votes for or against certain bids. Not all coalition formation protocols
make use of this stage.

– Payment Collection: The coalition leader (or elected treasurer, as defi-
ned by the protocol) collects the payments from coalition members and is
responsible for conveying the full amount to the supplier

– Execution/Distribution stage: As a transaction is executed and the
purchased goods arrive, they must be distributed to the members of the
coalition.
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In design of coalition protocols, the following issues have to be taken into
account:

– Coalition Stability: Are members of a coalition allowed to leave? If yes,
what would be their incentive for leaving? Would a member leaving a coali-
tion incur any costs or penalties - or would these penalties be incurred by
the coalition as a whole or the supplier?

– Distribution of Gain: How are the gains from the difference between retail
and wholesale prices of a good distributed to the members of the coalition?

– Distribution of Costs and Utility: Who bears the cost of goods distribu-
tion and how to arrange the logistics of such? If there is a reward for creating
a larger coalition, how is this reward distributed?

– Distribution of Risk: Who bears financial risks as the transaction is exe-
cuted and how large are they? Are there any uncertainties and which parties
experience them? What are the strategies for minimizing such risks?

– Trust and Certification: There are three levels of trust required for the
coalition leader - trust in the negotiation stage, payment collection and in
the distribution stage. Is such trust critical in the protocol? Is it possible to
design a protocol that would not require such trust or minimize the number
of stages where trust is required? How can the coalition deal with a breach
of trust?

In this section, we will discuss a number of protocols for forming customer
coalitions and address some of the issues raised above.

Most coalition protocols can be divided into two classes (pre-negotiation and
post-negotiation), based on the order in which negotiation and coalition forma-
tion happen. In pre-negotiated coalitions, the coalition leader negotiates a deal
with one or more suppliers using an estimated coalition size or order volume,
and then advertises the creation of the coalition and waits for other members
to join. In another scenario, the group is formed first, based on some admission
criteria. Then, a group leader negotiates with suppliers, and offers the resulting
deal to the group.

One of the chief differences between the two scenarios is in the distribution
of risk between the parties of the negotiation. In a pre-negotiation protocol, the
coalition leader must estimate the group size in order to be able to sign a deal
with the supplier. If such estimate is wrong, the coalition leader must absorb
the loss or through some mechanism make the coalition members pay a higher
price.

In the post-negotiated mechanism, the group must be able to trust its leader
to negotiate on its behalf. Unless the group is formed by a number of people
who know each other through other channels (i.e. a group of students in a class),
there would have to be an explicit leader selection/verification mechanism, or a
mechanism for collective negotiation.
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5.1 Post-negotiation

A simple post-negotiation protocol involves the following parties: the coalition
leader (L), a set of suppliers S = {s1, s2, ..., sn}, a set of potential coalition
members M = {m1, m2, ...mn}, and a coalition advertising server CS.

1. L → CS: Advertise creation of a coalition with specified parameters (such
as item to be procured, location of the leader, etc.). The coalition is open
to members for a limited period of time or until a specified group size is
reached.

2. CS → M : The coalition server supplies the coalition advertisement to po-
tential coalition members

3. Each mi ∈ M considers whether to join the coalition
mi → L: A “Join the Coalition” message

4. At the expiration of the coalition deadline/size limit, the leader enters the
negotiation with the suppliers si ∈ S using its private protocol/strategy and
decides on a deal in the best interest of the group.

5. Coalition Leader L collects money from group members, and arranges for
the shipping and distribution of goods.

This protocol requires an immense amount of trust in the coalition leader. In
fact, the protocol is wide-open to representatives of suppliers (“shills”) starting
coalitions that would act in the behalf of a given supplier rather than groups of
customers.

If there is no implicit trust in the coalition leader that can be inferred from
other sources (such as previous relationships between coalition leader and its
members), the protocol must feature mechanisms that help the coalition mem-
bers establish this trust or conduct transactions without having to trust the
leader.

Trust in the coalition leader can be established in a number of ways. Leaders
can be elected from the general membership of the group before the negotiation
starts. The group could also appoint a trusted third party to conduct negotiations
on its behalf. Also, the coalition leader could be compelled to open every step
of the negotiation to the scrutiny of group members.

It is also possible to conduct negotiation by having the members of the group
vote on bids. In this mechanism, the result of the negotiation would be acceptable
to the majority of members of the coalition, and it would take a large number
of “shills” for a supplier to sway the opinion of the coalition.

The approaches that utilize voting may not be practical due to the long
time it would take to conduct a multi-round negotiation and the amount of
communication that is necessary to decide on the outcome of a negotiation.
However, they can be very useful if the bid is awarded through a single-round
auction. Also, it has been shown that voting systems can be manipulated in a
number of ways [5,9] and thus have to be approached with some caution.
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5.2 Pre-negotiation

The simplest pre-negotiation protocol is defined as following:

1. The coalition leader L conducts a negotiation session with a set of suppliersS,
using his private parameters such as reservation prices, bid evaluation and
concession strategies.

2. L → CS: After the negotiation stage is complete, the coalition leader opens
the coalition to new members, disclosing the details of the deal struck in the
negotiation stage.

3. CS → M : The coalition server supplies the coalition advertisement to po-
tential coalition members

4. Each mi ∈ M considers whether to join the coalition
mi → L: A “Join the Coalition” message

5. After a certain period of time elapses, or the coalition gains some minimum
number of members, the coalition leader closes the coalition to new members
and executes the transaction.

In this protocol, the coalition leader carries a number of risks. In order to
give volume discounts, suppliers must have some idea of the number of members
expected to join the coalition (or, alternatively, expected quantity of goods to be
sold). While this number can be estimated, the coalition leader carries a risk of
not being able to find enough members to join the group. In this case, the deal
must be re-negotiated, resulting in a higher price and, possibly, more members
leaving the coalition - a vicious cycle that can, in the worst case, completely
destroy the coalition.

Another risk factor is inherent in the fact that the coalition leader uses a
private reservation price and negotiation strategy - which may be very different
from the reservation price that the majority of the target population has.

Since the details of the discounts are revealed before people join the coalition,
the coalition members do not have to trust the coalition leader in the negotiation
stage. However, the trust in the payment collection and goods distribution stages
is still required.

The main problem with this protocol is the risk that the coalition leader has
to take while estimating the group size. However, this protocol could be altered
to remedy this problem in the following way:

In the negotiation stage, the coalition leader presents not his estimated group
size, but a range of sizes. In response the supplier bids with a step function
Price = Fbid(quantity) (see figure 5). This function can later be revealed to the
coalition members if this supplier is awarded a bid. The bid evaluation strategies
for operating on step functions are very similar to ones operating on singular
bids.

When step function bidding is used, most risk in the transaction is shifted
onto the coalition members due to the price uncertainty. For example, the poten-
tial buyer can have a reservation price that is between the maximum and mini-
mum prices of the step function (Pmaxcoalition ≤ Preservation ≤ Pmincoalition).
In this case the decision on whether to join the coalition depends on the buyer’s
estimate of the probability that the final price will be lower than his reservation
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Fig. 5. A Step-function Bid from a Supplier

price, which essentially is an estimate of the final size of the group. As a result, in
this case a dominant strategy for a buyer would be to wait until the coalition is
almost closed for new members - which could result in a more accurate estimate
of the final coalition size. However, if many buyers use this strategy, the overall
behavior of the system may become non-deterministic.

5.3 Distribution of Costs and Utility

The coalition leader can operate on several different principles:

– Non-Profit: Ccoalition is distributed either equally among all participants
or on the sub-lot size basis.
These coalitions can be formed spontaneously for negotiating one particular
deal or be stable “buyer’s clubs” that exist over time.

– For-Profit:
– Consolidator: Pre-negotiates a deal with the supplier given an estima-

ted group size, and then re-sells the items individually, keeping enough
of the savings (∆P ) to cover the Ccoalition and make a profit.
Customer’s savings ∆Pi = ∆Pcoalition − Markup where Markup >
Ccoalition∗ni

nlot (or customer’s share of the coalition costs)
This is the business model used by airline consolidators or concert ticket
distributors. They can usually obtain fairly accurate estimates of demand
given the statistical data (i.e. popularity of certain air routes during a
certain season), and absorb any losses resulting from not being able to
sell the predicted number of seats.
Similar approach has been used by a number of group-buy commercial
sites, in particular Mercata [8] and Accompany.com [1]. These sites play
both the role of a coalition facilitator (a service that helps buyers form
coalitions) and a coalition leader (responsible for negotiation of volume
deals and distribution of product).

– Rebater: Sells the items at retail price minus a small rebate, and keeps
the rest of the savings. Additional profits can be gained by delaying
rebates, thus improving the cash flow of the company.
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Fig. 6. Screen-shot of the WWW Interface

6 Customer Coalitions for Volume Discounts -
An Implementation

In order to verify the abovementioned hypotheses, we have designed a flexible
test-bed that can be used to evaluate different coalition creation protocols, as
well as determine the real-world feasibility of automated agent-based coalition
formation and negotiation protocols.

As an initial problem domain, we chose collective book purchasing. Often,
in the university setting, one sees large number of students that are enrolled in
the same class purchasing large quantities of the same book. This seemed to be
a natural application of a coalition-based commerce for a number of reasons.
Firstly, the group of students enrolled in the same course has the same or very
similar requirements for the book, so the issue of matching customers to correct
groups is greatly simplified. Secondly, the distribution and payment collection
are much easier given the fact that the coalition members have to physically
gather in a classroom several times a week. Thirdly, it would provide us with a
large base of potential users once the system is ready for real-world tests.

6.1 Coalition Protocol

The system we have implemented uses a pre-negotiation protocol with step-
function bids, as described in section 5.2. The coalition leader specifies the pro-
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duct to be bought through a search in the books-in-print database, and submits
a request for bids to a set of supplier agents.
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The auctioneer agent (figure 8) implements and enforces a simple first-price
sealed bid auction protocol [12] for negotiation between suppliers and the coali-
tion leader. We chose this protocol for its simplicity and ease of comprehension
for first-time users. We have already defined more advanced additional proto-
cols (such as open-bid first price auction, Vickrey auction and a simple leveled
commitment protocol [13,12]) and will incorporate them into the system to ex-
perimentally study their comparative performance.

Supplier agents (figure 9) respond to the request for bid by searching in their
catalog databases, and applying a pricing policy to each item. The pricing policy
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can be specified through configuration files or a simple interface, thus making
the agents easily configurable. Applying the pricing policy to an item generates a
price-vs-quantity step function as described in section 5.2, which is then included
in the bid.

Before computing the bid price, supplier agent queries an information agent,
which acts as an electronic catalog. In order to run our system using real-world
data, each of the information agents queries a well-known Internet book retailer
(Amazon.com, Borders and Barnes & Noble). In our system we used Retsina
information agents ( [16,15]), which can be easily adapted to serving data from
any web-site. The information retrieved from the agent is then cached by the
supplier agent, which greatly speeds up future access.

All bids are submitted to the auctioneer agent (figure 8), which waits for
the auction period to expire and then releases the bids to the coalition leader.
coalition leader can then apply its private bid evaluation strategy to determine
the winner of the auction.

After the supplier has been determined, the coalition leader notifies the win-
ning supplier of a tentative accept, and the coalition is opened for new members
for a certain period of time (which is pre-set during the initialization stage).
During this time, the coalition is advertised by the coalition server and people
are allowed to join it.

The final price of the item is determined after the coalition membership is
closed. At this time, a message confirming the quantity and delivery date is sent
to the supplier, who responds with a confirmation and executes the transaction.

6.2 Testbed Architecture

The testbed system (see figure 7) consists of a coalition server, an auctioneer
agent, set of supplier agents, and a web-based interface (figure 6) for end users.

The coalition server is essentially a database that allows coalition leaders
to advertise their coalitions to potential members, and allows customers to se-
arch for coalitions given their criteria and join a coalition. Both customers and
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coalition leaders can be either human using the web interface or agents commu-
nicating to the server in KQML [4].

6.3 Implementation of Agents

All agents in the system are implemented using a multi-layer approach that
separates the definition of a protocol from definition of the negotiation strategy of
an agent and its implementation. This is accomplished through use of a protocol
definition language to define the high-level interactions of the agents, while a
built-in Scheme interpreter is used to define the agent’s strategy and script lower-
level behaviors.

The protocol definition language is based on the I/O Automata formalism
commonly used for definition and analysis of cryptographic and communica-
tion protocol [7]. However, it also includes a number of enhancements designed
specifically for definition of negotiation protocols.

Input/Output Automata model [7] is a very general mechanism, suitable for
describing almost any type of asynchronous concurrent system. The model itself
provides very little structure, which allows it to be used for modeling many
different types of distributed systems. Simple I/O Automata can be combined
to form larger automata that represent concurrent systems.

An I/O Automaton is a model of a distributed system component that in-
teracts with other system components. It is a simple state machine in which
state transitions are associated with actions. The actions are classified as input,
output, or internal. The inputs and outputs are used to communicate to other
entities in the automaton’s environment.

An example of a simple I/O Automaton is a process in an asynchronous
distributed system. The automaton is initialized by an internal start input,
conducts a set of speech acts with the outside world using external send output
and receive input, and returns a result via its internal return output when it
terminates.

Formally, an I/O Automaton A can be specified by its interfaces, a set of
states and transitions and a set of actions associated with particular transitions:

– signatureS(A) = input(A), output(A), internal(A)
– external interface ext(A) = input(A), output(A)
– states(A), a set of states
– start(A) ∈ states(A), a non-empty set of states known as start states
– trans(A), a state-transition relation such that for every state s and for every

input action π, there is a transition (s, π, s′) ∈ trans(A)
– actions(A), a set of actions that the automaton can execute. This includes

send and receive actions, as well as all internal actions (figure 10)

An execution of an I/O Automaton is either a finite sequence, s0, π1, s1,
π2, ..., πf , sf , or an infinite sequence s0, π1, s1, π2, ..., πf , sf , ..., of alternating sta-
tes and actions of A such that (sk, πk + 1, sk + 1) ∈ trans(A) for every k ≥ 0.

The composition operation allows and automaton representing a complex
system to be constructed by composing automata representing individual system
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components. A composition of I/O Automata C is defined as having a signature

S(C) = Πi∈ISi = {input(C), output(C), internal(C)}
input(S) = ∪i∈I input(Si),

output(S) = ∪i∈Ioutput(Si),

internal(S) = (∪i∈I internal(Si) − ∪i∈Ioutput(Si))

6.4 PiPL Language

PiPL (PiPL Is a Protocol Language) Language was designed based on the I/O
Automata formalism presented above. It encapsulates definition of an I/O Au-
tomaton or a composition of I/O Automata into a set of productions that can be
later shared over a network. The syntax of PiPL is very similar to LISP, making
PiPL files easy to parse with existing parsers.

The protocol definition in PiPL consists of two main parts, the agent society
definition and a composition of I/O Automata representing agents in this society.

The agent society definition breaks down an agent group into a set of roles.
A role is usually defined by a set of tasks an agent is capable of performing
or is allowed to perform in a given interaction. Thus, an agent playing a role
of auctioneer in an e-commerce scenario is capable of administering an auction
and is (presumably) trusted to do so.

An admission criteria could be specified to find which agents can play a given
role. Also, an agent can play more than one role in an interaction, if it can satisfy
admission criteria for all roles. Therefore, admission criteria have to be designed
to check for conflicts of interest (i.e. an auctioneer cannot also be a bidder)

Each role definition also specifies the number of agents allowed to play this
role in a given interaction (for example, there can be only one auctioneer, but
there could be many bidders), and a start state for the I/O Automaton for this
role (see figure 11).

After roles of agents participating in the interaction are defined, the speci-
fication defines I/O Automata for each of the role. Each automaton A is a set
of states states(A). A state of A si(A) ∈ states(A) = {π, T = {trans(A, si)}},
where π is an implemented action of the agent, and T is a set of transitions from
a given state to the next state (figure 12). Action π is executed when an agent
enters the state from any other state.
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(role <role name>
:cardinality <max.number of agents>
:admission_cond <expression>
:start <start state>)

Fig. 11. Definition of a Role

(state <state name>
:roles <roles allowed in this state>
:action <executed upon entering>
:final <is this a stop state?>
<list of transitions>)

Fig. 12. Definition of a state

A transition (figure 13) is defined as T = {πcond, π, s′} where πcond is a
condition that has to be satisfied for a transition to happen, π is an implemented
action of the agent and s′ is the state that the I/O Automaton should transition
to.

(transition
:roles <roles allowed>
:cond <condition to be satisfied>
:action <executed upon firing>
:goto <next state>)

Fig. 13. Definition of a Transition

As a result, the agents in the system are not limited to use of hard-coded
protocols and it is very easy to implement and add new protocols to the system.

7 Conclusions and Future Work

In this paper, we have presented the economic incentives that drive coalition for-
mation among self-interested agents, concentrating on formation of buyer coali-
tions and obtaining volume discounts. We have also discussed variety of coalition
models and their properties, and presented an implemented system using one of
such models. The system is currently available on the Web and will be used for
practical evaluation of coalition models and collection of real-world data.

A number of experiments using the coalition formation testbed are planned
in the near future. Firstly, we will use a set of distinct coalition formation and
negotiation protocols to conduct automated tests of performance of such proto-
cols. Secondly, we would like to conduct a test of the real-world capabilities of the
system by inviting groups of students to run through the system in a structured
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experiment. Finally, we plan to extend the formalisms used in creation of the pro-
tocol definition language to allow protocol definitions to be shared by multiple
agents in the marketplace, thus eliminating many compatibility problems.
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Abstract. In this paper, we discuss the design of algorithms for agents to use
when participating in multiple simultaneous English auctions, aiming to pur-
chase multiple goods. Firstly, we present a coordination algorithm, which en-
sures the agent places appropriate bids in the different auctions to buy exactly
the right number of goods. Secondly, we combine this with an algorithm to de-
termine what maximum bid an agent should place in an auction that is about to
terminate. This algorithm combines a belief-based model of the auctions with a
utility analysis. This analysis is to trade off the certain outcome of the termi-
nating auction against the possible outcomes of the remaining auctions, and
hence to place appropriate bids in each.

1 Introduction

Electronic commerce [1] is having a revolutionary effect on business. It is changing
the way businesses interact with consumers, as well as the way they interact with each
other. Electronic interactions are increasing the efficiency of purchasing, and are al-
lowing increased reach across a global market.

E-commerce is not a static field, but is constantly evolving to discover new and
more effective ways of supporting business. Initially, e-commerce involved the use of
EDI and Intranets to set up long-term relationships between suppliers and purchasers.
This increased the efficiency and speed of purchasing, but resulted in lock-in in the
relationship. Both suppliers and purchasers had to invest significantly up-front in the
relationship, so were not easily able to move their business elsewhere. The technologi-
cal relationship between the parties was a friction factor, preventing free competition
in the longer-term [2]. Often, the relationship was (and still is) beneficial to both par-
ties. However, the lock-in effect also meant that when the relationship became less
beneficial to one party, they couldn’t easily move elsewhere.

The second phase of e-commerce aimed to address this problem. With the increas-
ing availability of the web, a more open e-commerce environment is developing, al

                                                          
1 Visiting student from Department of Computing, Imperial College, London.
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lowing businesses to trade more flexibly with each other. Some of this openness is
achieved by competition between web portals, while some competition occurs within a
single web portal, acting as a marketplace for buyers and sellers to meet.  Some of the
efficiencies of EDI can now be achieved in a more open environment, where relation-
ships no longer need to be long-term.

However, there is a benefit of the EDI approach that is often lost in this new phase.
Price negotiation was carried out in advance in the EDI world, so purchasing can be
entirely automated. When a manufacturing planning and forecast system identifies the
need for a purchase, it can initiate it automatically without any human involvement,
increasing speed and efficiency. In phase two, each purchase may involve interaction
with a new supplier, and so may involve new negotiation of terms. As a result of this,
many of these purchases can’t be made automatically and instead require human inter-
action, mediated by the web.

The third phase of electronic commerce is just beginning. It aims to address this is-
sue, allowing automated business interactions to take place in a fluid environment.
Technology will no longer be a friction factor to changing supplier or customer. Long-
term relationships will still play an important role, but they will persist because of the
choice of both parties rather than technological lock-in. The key building blocks of
this new world, e-services, will be able to interact dynamically with each other to
create short-term or long-term trusted trading relationships to satisfy the needs of
different business partners. Many technologies are involved in this development –
distributed systems, encryption and PKI, XML and associated business ontologies,
economic analysis and game theory, to name just a few. As automation and distribu-
tion are central to the vision, agent technology provides a fundamental role in this.

In Section 2, we discuss the role of auctions in electronic commerce, present the
problem of multiple auction participation and give an overview of tools used to sup-
port participation in auctions currently. In section 3, we present a basic coordination
algorithm used to bid effectively in multiple auctions that terminate simultaneously. In
section 4, we extend this algorithm by providing a belief-based learning component,
and use utility analysis to determine whether it is worth making a purchase in an auc-
tion about to terminate. In section 5, we describe the implementation of the system. In
section 6, we present related work, and in section 7 we conclude with future directions
for this work.

2 Auctions in Electronic Commerce

In phase two of the e-commerce revolution, auctions have become increasingly im-
portant both for business to business transactions and for consumer purchasing. Many
different auction designs are possible. Game theory [3] can be applied to study how
best to design them for specific situations [4]. Among the most popular designs are
English, Dutch and Vickrey auctions. In an English auction, a seller offers a good for
sale and buyers bid the price they are willing to pay. Each bid announced must be
greater than the previous bid, and the item is sold to the highest bidder. In a Dutch
auction, the process runs in reverse. The seller announces a proposed price, and buyers
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can accept it if they choose. As time progresses, the seller decreases the proposed
price until a buyer accepts. In a Vickrey auction, bidders place their bids in a sealed
envelope and submit them to a trusted third party. At a certain time, the party opens
the envelopes, and the good is sold to the highest bidder at the second highest price.
Under certain conditions, these three auction formats can be shown to produce identi-
cal revenue for the seller.

As a result of this explosion in popularity, more and more companies are offering
auction sites. Because of this, if you want to purchase a particular good, there are often
many auction sites that are offering it. If you really want to get the best price, you
must monitor all of these auctions using your web browser, and place bids appropri-
ately. Care must be taken, to ensure you don’t make more than one purchase! If there
are a large number of auctions, this can be quite a daunting task, requiring your undi-
vided attention for a period of time. Furthermore, if you wish to purchase more than
one item, (as is often the case in B to B trading,) it becomes almost impossible.

As a result of this, auctions are beginning to offer support tools to make your job
easier. Search tools such as Auction Beagle (http://www.auctionbeagle.com/) and
Auction Octopus (http://www.auctionoctopus.com/) allow you to locate and monitor
auctions selling specific goods, thus eliminating the need to have 20 browsers open at
once. Auction Rover (http://www.auctionrover.com/) provides price trend information
on popular items, to aid you in deciding what maximum price to bid.  These help, but
still leave a large amount of work for you to do. Particularly in the B-to-B context, this
can result in an unacceptable overhead. To eliminate this, it is necessary to design
automated agents able to carry out the task on your behalf.

Some sites running English auctions, such as Auction Sales (http://www.auction-
sales.com/), do offer a simple bidding agent. This agent resides on the auction site, and
bids on your behalf. You enter the maximum you are willing to pay, and it places the
lowest possible bid on the web site (Either the reservation price, or if bidding has
already started, it bids just above the current highest bid.) If all bidders in an auction
use such an agent, the auction becomes a Vickrey style auction instead of an English
auction. (The sale is made at second price plus the minimum bid increment.)

However, such agents are not able to participate in multiple auctions, either on the
same web site or across different ones. As a result, once you use the agent, you are
committed to making a purchase on the site if you can. Locally, you may pay the low-
est price you can to win the auction. However, from a global perspective, that par-
ticular auction is unlikely to have been the best place to make a purchase.

These bidding agents have an additional disadvantage. To use them, you must re-
veal the highest price you are willing to pay to the auction site. This gives the auction
site information that could be used to cheat you. Furthermore, as auction sites often
receive percentage commission on sales made, they also have an incentive to cheat
you. To do this, they would take note of the highest price you are willing to pay, and
enter a mythical bid in the auction (a ‘shill’) just under this price. Your agent would
then place your maximum bid, and the seller has made a sale to you at the best possi-
ble price (assuming you are the highest bidder.) The auctioneer would therefore col-
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lect their maximum possible commission.2 This second disadvantage could be over-
come by placing them locally on the auction participant’s machine, but this would not
overcome the first, more serious, problem.

Hence, neither the auction search facilities nor the existing bidding agents provided
by current technology are adequate to meet the needs of a B-to-B auction trader. In
this paper, we propose a solution to this problem. We present algorithms that can be
used by an agent to participate in multiple auctions on behalf of a trader, and can lead
to optimal or near-optimal purchase decisions being made.

The agent aims to purchase one or more identical goods on behalf of its user. It can
participate in many auctions for this good, and coordinates bids across them to hold
the lowest bids. As auctions progress, and it is outbid, it may bid in the same auction
or choose to place a bid in a different auction. The algorithm consists of two parts.
Firstly, it has a coordination component, which ensures it has the lowest leading bids
possible to purchase the appropriate number of goods. Secondly, it has a belief-based
learning and utility analysis component, to determine if it should deliberately ‘lose’ an
auction in the hope of doing better in another auction later.

3  The Coordination Algorithm

The basic algorithm uses the coordination aspect only. If all auctions terminate simul-
taneously, it will place optimal bids, and make the required purchase at the lowest
price. However, if some auctions terminate later than others do, and new auctions may
come into being, then its behaviour can be non-optimal, and needs to be supported by
belief-based and economic techniques to be discussed in the next section.

An auction house may run one or more auctions for a given good. Each auction ai

offers n(ai) goods for sale. Auctions are assumed to be English auctions in format,
with bidders placing bids at the price they are currently willing to pay for the good. A
bidder may place more than one bid in a given auction. The n(ai) goods offered in the
auction are sold to the bidders making the n(ai) highest bids, for the price they bid. In
case of two equal bids, the item goes to the earliest bidder. Hence the auction is dis-
criminatory – some buyers will pay more than others for the same good. Different
auctions impose different rules covering how a bid may be entered or retracted. For
the purposes of this paper, we assume that a buyer may not retract a bid, and a buyer
may enter a bid provided it is at least a certain minimal increment δ above the n(ai)th
highest bid.

We will define the algorithm, and simultaneously present an example to illustrate
the definitions.  The illustrative paragraphs, provided for clarification, are indented.

Our agent participates in many auctions selling similar goods, spread out between
many auction houses. It wishes to purchase m goods in these auctions, and is given a
valuation of v on each good by its user.  To do this, it monitors the set of auctions
currently progressing. For each auction ai, it observes the n(i) highest bids. In other
words, it observes the values of the bids which, if the auction terminated immediately,
                                                          
2 While this is possible, I make no claims that it actually happens.
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would result in a successful purchase. Let these bids be labeled {b1
i,..,bn(i)

i}, where b1
i

is the highest bid in the auction, and bn(i)
i is the lowest bid which would currently suc-

ceed. We refer to these as the currently active bids.  To represent the reservation price
r, we assume that the seller places n(i) bids of value r-δ, where δ is the minimum bid
increment.

Let us assume our agent is attempting to purchase 5 discount PCs of a given speci-
fication, and is willing to bid up to 150 for each. There are 3 auction houses, each
running one auction to sell PCs of this specification. Auction a1 is selling 4 PCs, auc-
tion a2 is selling 3 PCs and auction a3 is selling 2 PCs. Assume all auctions have a
minimum bid increment of 5.

Auction a1 currently has the following bids registered (Underlined bids are
held by our agent);
100 95 90 90 80 60

As the auction is for 4 items, the agent observes the 4 highest bids, {b1
1=100,

b2
1 = 95, b3

1 = 90, b4
1 = 90}

Auction a2 has the following bids registered;
95 85 85 80 70

The agent observes the bids {b1
2=95, b2

2 = 85, b3
2 = 85}

Auction a3 has the following bids:
100 95 95 80

Our agent holds 2 active bids, and so needs to place bids to gain an additional
3.

Let L be the number of currently active bids that are held by our agent. (Initially, L
will be zero.) To ensure it makes m purchases, it needs to make new bids that result in
it having an additional (m-L) active bids. As we shall see, this may require it to make
more than (m-L) bids, as it may need to outbid itself.

If the agent is to hold j active bids in auction ai, it must place bids that beat the low-
est j of the currently active bids. We define the beatable-j list for auction ai to be the
ordered set of these bids – namely bids {bi

n(i)-j+1,..,b
i
n(i)}.  To beat the bids in this list,

the agent must place j bids of value bi
n(i)-j+1+δ where δ is the minimum bidding incre-

ment. The incremental cost to the agent of placing these bids, if successful, above the
cost that it would have incurred in auction ai previously, is j*bi

n(i)-j+1+δ - {sum of pre-
vious bids in ai}. The beatable-0 list of any auction is defined to be the empty set, and
has incremental cost of zero. Obviously, an auction for q goods has no beatable-j lists
for j>q.

In the above example, the beatable-1 list of auction a2 is {85}, with incre-
mental cost 5 (as it already holds that bid). The beatable-2 list is {85, 85},



144         C. Preist, C. Bartolini, and I. Phillips

with incremental cost 95. Similarly the beatable-3 list is {95,85,85}, with in-
cremental cost 195.

The agent now constructs potential bid sets. A bid set is a set of beatable-j lists that
satisfies the following criteria;
1. The set contains exactly one beatable-j list from each auction.
2. The beatable-j lists contain, in total, exactly (m-L) bids made by parties other than

our agent.

In other words, each bid set represents one possible way of placing bids to ensure
that our agent will gain an additional (m-L) active bids, and therefore will hold exactly
m active bids.  We define the incremental cost of each of these bid sets to be the sum
of the incremental costs of the beatable-j lists in it.

Returning to our example, our agent needs to find bid sets containing exactly
3 bids made by parties other than it. An example bid set satisfying the above
criteria would be;
[{90}, {85, 85}, {100, 95}]
This set is made from the beatable-1 list of auction a1, and the beatable-2
lists of auctions a2 and a3. Its incremental cost is 300.

The agent must generate the bid set with the lowest incremental cost. In addition, it
must avoid generating bid sets that contain a bid equal to or greater than its valuation
of the good, v. Various algorithms can be used to do this. The simplest is to generate
all possible bid sets, filter out those containing bids greater than v, and select the one
with lowest cost. However, this is clearly inefficient. We have adopted a depth first
strategy through the space of possible bid sets, pruning areas of the search space which
are higher cost than the best solution found so far. This strategy is presented on the
following page in pseudocode as a function returning the cheapest bid set.

If there is more than one bid set with identically lowest cost, the agent chooses one
arbitrarily. If no such bid sets exist, the agent relaxes condition 2 and finds the small-
est i such that at least one bid set exists which contains (m-L-i) bids made by parties
other than the agent. Given this i, the agent chooses the bid set with the lowest incre-
mental cost.

Having generated the bid set with the lowest cost, the agent places bids in each
auction. For each beatable-j list {bi

n(i)-j+1,..,b
i
n(i)} in the bid set, the agent places j bids

of value bi
n(i)-j+1+δ in the corresponding auction ai.

In our example, the bid set with lowest cost is [{90, 90}, {85, 85}, {} ]
This set has cost 285. The agent therefore places two bids of 95 in auction a1

and two bids of  90 in auction a2.
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cheapestBidSet(N, MaxCost, AuctionList) {

p-
un-
/* Return the cheapest bid set to gain N active bids in
auctions in (a non empty) AuctionList. MaxCost sets an u
per bound on the cost of the bid set, and is used for pr
ing redundant branches of the search space. */

/* Vars for the best solution so far, and its cost */
BestSolutionSoFar := ‘undef’;
BestCostSoFar := MaxCost+1;

Auc1 := head(AuctionList);

/* If there is only one auction, then return the
   beatable-N set for this auction, if it exists and is
   cheap enough. */
IF length(AuctionList) = 1 {
 IF numberOfGoods(Auc1) ≥ N
  AND cost(beatable_jList(N,Auc1) =< MaxCost
  {RETURN beatable_jList(N,Auc1)}
 ELSE {RETURN ‘undef’}}

ELSE {
 /* Try all possible beatable-j lists from Auc1, one at
    a time. */
 FOR i = 0 to min(N, numberOfGoods(Auc1)) {

  /* If the beatable-i list for Auc1 is cheap enough,
then recursively generate the cheapest bid set to buy N-i
goods from the remaining auctions. */
  IF cost(beatable_jList(i,Auc1)) =< MaxCost {
    SubSolution :=
 cheapestBidSet(N-i,

BestCostSoFar – cost(beatable_jList(i,Auc1)),
tail(AuctionList)); }

    IF SubSolution <> ‘undef’ {
     TrialSolution :=

union(SubSolution,beatable_jList(i,Auc1));
     /* Check if the new solution is cheaper
        than current best solution, and update. */
     IF cost(TrialSolution) < BestCostSoFar {
      BestSolutionSoFar := TrialSolution;
      BestCostSoFar := cost(TrialSolution); }
    }}
}}
The agent continues to monitor the auction, and repeats its analysis if other parties
place new bids. In this way, the agent ensures it maintains m active bids at the least
possible cost to itself, unless doing so requires it to place bids above its valuation of
the good. Providing all auctions terminate simultaneously, this will result in it buying
the goods at the best price possible, given the competition in each auction.
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4  Dealing with Different Auction Deadlines

Now, we consider the case where auctions terminate at different times. In such a
situation, the algorithm above will not necessarily behave optimally. Imagine a situa-
tion where an auction starts every half-hour, and lasts for an hour. The agent would
always monitor two auctions, one that is nearer closing than the other. Inevitably, bids
will be higher in the auction that is nearing completion. Hence the agent would switch
bidding to the newer auction, and withdraw from the auction about to close. If this
continued, the agent would never make a purchase, but would simply switch bids to a
new auction every half-hour.

The agent needs a mechanism for determining whether to remain in an auction
which is about to close, even when there are other auctions with lower current bid
prices. To do this, it must be able to make a trade-off in terms of expected value be-
tween the relative certainty of remaining in an auction about to close, against the risk
of participating in a newer auction. The newer auction may result in a lower purchase,
or may result in a far higher purchase price above the agent’s valuation of the good. In
this section, we propose a mechanism for doing this.

The mechanism we use combines simple learning with utility theory. The agent
uses learning to build a model of the spread of valuations held by participants in dif-
ferent auction houses. Then, based on its beliefs about these valuations, it calculates
the utility of likely participation in persisting auctions, and compares this with the
certain outcome in the terminating auction. If the terminating auction has a higher
utility, it remains a participant and makes the purchase. If the remaining auctions have
higher expected utility, it withdraws from the terminating auction and continues par-
ticipation elsewhere.

4.1 Learning Mechanism

The agent generates a model of the potential outcome of auctions by creating a model
of each auction house. For a given auction house and a given type of good, it creates a
belief function B(x,q) representing  the probability that x bidders value the good with
a valuation greater than q in a given auction for that good. It builds up this function by
monitoring auctions for the good conducted by the auction house. Various possible
learning techniques can be used to generate this function. The exact choice will de-
pend on the underlying dynamics of the demand for the good under consideration. We
present three possibilities here.

(a) Static Demand
If the demand for the good is unchanging, a simple function which gives equal weight
to evidence from each auction will suffice. It can be specified iteratively – The initial
beliefs after one auction B1(x,q) are defined, and the beliefs after the t+1th auction
Bt+1(x,q) are defined in terms of the beliefs Bt(x,q) held prior to the auction.
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B1(x,q)   = 1 if x or more bidders have placed a bid of q or greater in the first auction
                  observed, 0 otherwise.

Bt+1(x,q) = ((t Bt(x,q)  +1) / (t + 1) if x or more bidders have placed a bid of q or
                  greater in the t+1th auction observed,

 = t Bt(x,q)   / (t + 1) otherwise

(b) Drifting Demand
If the demand for the good changes slowly with time, it is necessary to reduce or
eliminate the contribution of older auctions on the belief function. This can be done
either by specifying a rolling window of time and discarding evidence from auctions
earlier to this, or by using a time discount factor that reduces the weight given to older
auctions.

(c) Semi-Static Demand
In a semi-static environment, the demand remains fixed for a period of time, and then
suddenly alters to a new level (for example, because of the arrival of a new group of
buyers because of a publicity campaign.)  In such an environment, it is necessary for
the learning algorithm to identify when such a change has occurred, and to discard
evidence from auctions prior to the change. This can be done by observing predictions
from the belief model, and how they compare with the actual outcomes. If they are
radically different over several auctions, a reset should take place. Further details of
this approach (in double-auction markets) are discussed by Vulkan and Preist[14].

Using this function, we can estimate the probability that a bid of a certain value will
be successful in an auction by a given auction house. Consider an auction for n goods,
in which our agent wishes to purchase one. The probability that a bid of q by our agent
will be successful can be estimated to be 1 – B(n,q); i.e. 1 minus the probability that n
other bidders are prepared to outbid our agent.

There is a flaw in this model, which must be taken into account if it is to be suc-
cessful. Unlike a Vickrey or Dutch auction, an English auction reveals nothing about
the valuations of successful bidders. In other words, if a bidder makes a successful bid
of x, we cannot be sure how much higher they may have been willing to bid. To take
account of this, it is necessary to add some kind of heuristic weighting to the belief
function – we must increase the value of a successful bid by a certain amount, to re-
flect this possible willingness to bid higher. One possibility is to add a small random
amount to each successful bid.  In some domains, it may be possible to use economet-
ric data to determine accurately the range that this should be drawn over, while in
other domains it may be necessary to use a heuristic estimate.
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4.2 Utility Analysis of Leaving an Auction

We now consider how this belief function can be used to compare the expected payoff
of an auction that is about to terminate with the less certain outcome of other auctions
that terminate later. For the sake of clarity and brevity, we present the technique as-
suming our agent wishes to purchase a single good.

The expected payoff from the terminating auction is simple to calculate. Assuming
our agent is holding an active bid q, or is able to place one at the last moment, then the
payoff will be (v-q). If the agent is unable to place a bid because all active bids are
beyond its valuation of the good, then payoff will be zero and the agent is forced to
participate in other auctions.

Again, we will introduce an example to illustrate the principles being pre-
sented. Assume our agent is purchasing one good from one of two auctions.
Auction a1 is nearing completion, while auction a2 is continuing. Each auc-
tion is for 2 goods, and is run by separate auction houses.  The active bids are
as follows;

Auction a1:  130 125
Auction a2: 115 110

Our agent values the good at 200, so could continue bidding in auction a1.
However, should it, or should it switch to the other auction where prices are
lower?

The expected payoff of continuing to participate in the non-terminating auctions is
more complex to calculate. To do this, we use the belief function to calculate the
probability our agent will be able to make a purchase at various possible bid prices.
Recall that, for a given bid price q, the probability our agent will make a successful
bid in an auction run by a given auction house is 1-B(n,q), where n is the number of
goods being sold. Similarly, the probability that our agent will be able to make a suc-
cessful bid at a lower price, q-1, is 1-B(n,q-1). Hence, the probability that our agent
will succeed with a bid of q and no lower is B(n,q-1)-B(n,q). The utility of this out-
come will be (v-q). Hence, we can calculate the expected utility of participating in a
given auction as;

∑
=

−−−
v

0q
q)B(n,q)](v1)[B(n,q

Of course, as the auction may already be in progress, it is necessary to take into ac-
count the current active bids in that auction. The general belief function B(x,q) for the
auction house is therefore adapted for this particular auction an to give B(an,x,q). If
the good being traded is a private value good, and hence all buyers have valuations
independent of each other, this is defined as follows;
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Let p be the value of the xth highest bid in auction an

Then B(an,x,q) = B(x,q)/B(x,p) for all q ≥p
      1 for all q < p

To return to our example, let us assume that our agent has built up the fol-
lowing belief function for the auction house running auction a2;

q: 105 110 115 120 125 130 135 140
B(2,q): 1 0.8 0.7 0.6 0.6 0.5 0.3 0

As there are already bids of 110 and 115, this becomes;
q: 105 110 115 120 125 130 135 140
B(2,q): 1 1 0.875 0.75 0.75 0.625 0.375 0
As our agent has a valuation of 200, we can calculate the expected utility of
this auction to be;

(0.125*85)+(0.125*80)+(0.125*70)+(0.25*65)+(0.375*55) = 66.25

Given an expected utility on the remaining auctions, the agent must decide whether
to place higher bids in the auction that is about to terminate, or withdraw from it. If we
assume that the agent is risk neutral, then it will be willing to bid up to a value where
the actual utility of the terminating auction is the same as the highest expected utility
among the remaining auctions. In other words, it is prepared to make a maximum bid
bmax of;

∑
=

−−−−=
v

0q
q)B(n,q)](v1)[B(n,qvbmax

In our example, assuming that a3 has a lower expected utility than a2, our
agent will be willing to bid up to (200-66.25) = 133.75 in auction a1. Hence,
it will place a bid of 130, and will withdraw if this is outbid. In this case, it
will hope to make a better purchase in auction a2.

In this way, the agent is able to make informed decisions about whether to continue
bidding in an auction or to switch. If it is making multiple purchases, it may purchase
some in the terminating auction, and choose to switch others to continuing auctions.
Extensions of the algorithm to handle this case will be dealt with in a future paper.

5 Implementation

In this section, we describe the implementation of a distributed prototype system for
simulating activity of agents that negotiate in multiple auctions, using the algorithms
described above.
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The architecture is based on Java Message Server (JMS), part of the Java 2 Plat-
form Enterprise Edition (http://java.sun.com/products/jms/docs.html). JMS is a mes-
saging infrastructure that supports both point-to-point (message queuing) and publish-
subscribe styles of messaging. In the point-to-point paradigm, clients of the JMS
framework know how to work with queues: find them, send messages to and read
messages from them. In the publisher-subscriber paradigm, clients publish messages
to and subscribe messages from topics. The choice of JMS allows the prototype sys-
tem to be fully and truly distributed, with many traders running in parallel on different
machines.

The distributed architecture has three types of actor; a single infrastructure pro-
vider, auction houses and trader agents. The infrastructure provider administers the
messaging infrastructure, and providing a notification service when new actors enter.
The auction house is responsible for managing auctions throughout their lifecycle, and
providing data about previous auctions. Each trader is given a mailbox that is imple-
mented through a JMS queue. The infrastructure provider communicates via an admin
board, while auction houses provide one messaging board per auction. The boards are
implemented as JMS topics.

Initially, a trader signs up with the infrastructure provider to obtain access to the
admin board. It may then sign up with any auction house, which provide it with infor-
mation on any auctions which have already started, and data about previously com-
pleted auctions. Whenever an auction house creates a new auction, it sets up a blank
message board associated with it. The auction house then notifies the traders of the
auction by passing time, number of goods for sale, minimum increment, de-committal
penalty, etc. It does this by sending a message to the infrastructure provider, which
places the information on the admin board.

A trader places bids by sending bid lists to auction houses. A bid list is a data
structure containing a variable number of records, representing bids. Each bid speci-
fies a value and the identifier of the auction that the bid is being placed in. Bid place-
ment is completely asynchronous. The trader doesn’t receive notification of accep-
tance by the auction house, but instead observes updates on the message board associ-
ated with the auction to determine if a bid is accepted.

The auction house periodically updates the traders subscribing to its messaging
board by sending out information about the current status of an auction. The auction
house chooses the frequency of the updates, balancing the traders’ need for frequent
updates and the available bandwidth. Ideally, an update would take place whenever a
bid was accepted, but in practice it is more efficient to process all bids arriving within
a certain (small) interval before sending out an update.

Implementing the Agent Algorithm
Initially, the agent monitors the auctions available, and selects those that are selling
the good it is interested in, and which close prior to the deadline it has for purchasing
the good. It signs up with the corresponding auction houses of these auctions.  It then
constructs two sets of auctions – those about to terminate, and those continuing. It
calculates the expected utility of the non-terminating auctions, and uses the coordina-
tion algorithm to place bids up to this value in the terminating auctions.  If it is unable
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to place some bids, it will place them in the non-terminating auctions instead. It re-
executes the coordination algorithm whenever other participants outbid some of its
bids. However, it only need re-execute the utility analysis if data about the non-
terminating auctions has changed (e.g. if a new auction has started.)

Because of the distributed nature of the system, the agent algorithm must base its
computation on data that has not been confirmed as valid. The agent holds a local data
structure that mirrors the messaging boards of all the auctions it takes part in. The
local information is updated on receiving updates from the auction house, and also
after the agent places a bid list. This local knowledge is what the agent uses to make
his decisions about which best next bids to place. If the local knowledge is proved
wrong, because an agent’s bid was not accepted due to another higher bid arriving
simultaneously, it is sufficient simply to run the algorithm again and place more bids
as necessary.

6 Related Work

Research into automated negotiation has long been an important part of distributed AI
and multi-agent systems. Initially it focused primarily on negotiation in collaborative
problem solving, as a means towards improving coordination of multiple agents
working together on a common task. Laasri, Lassri, Lander and Lesser [5] provide an
overview of the pioneering work in this area. As electronic commerce became in-
creasingly important, the work expanded to encompass situations with agents repre-
senting individuals or businesses with potentially conflicting interests. The contract net
[6] provides an early architecture for the distribution of contracts and subcontracts to
suppliers. It uses a form of distributed request-for-proposals. However, it does not
discuss algorithms for determining what price to ask in a proposal. Jennings et.al. [7]
use a more sophisticated negotiation protocol to allow the subcontracting of aspects of
a business process to third parties. This is primarily treated as a one-to-one negotiation
problem, and various heuristic algorithms for negotiation in this context are discussed
in [8].  Vulkan and Jennings [9] recast the problem as a one-to-many negotiation, and
provide an appropriate negotiation protocol to handle this. Other relevant work in one-
to-one negotiation includes the game-theoretic approach of [10] and the logic-based
argumentation approach of [11].

As much electronic commerce involves one-to-many or many-to-many negotiation,
the work in the agent community has broadened to explore these cases too. The
Michigan AuctionBot [12] provides an automated auction house for experimentation
with bidding algorithms. The Spanish Fishmarket [13] provides a sophisticated plat-
form and problem specifications for comparison of different bidding strategies in a
Dutch auction, where a variety of lots are offered sequentially. The Kasbah system
[14] featured agents involved in many-to-many negotiations to make purchases on
behalf of their users. However, the algorithm used by the agents (a simple version of
those in [8]) was more appropriate in one-to-one negotiation, and so gave rise to some
counter-intuitive behaviours by the agents. [15] and [16] present adaptive agents able
to effectively bid in many-to-many marketplaces. [17] demonstrates how these can be
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used to produce a market mechanism with desirable properties.  Park et.al. [18][19]
present a stochastic-based algorithm for use in the University of Michigan Digital
Library, another many-to-many market.

Gjerstad et. al. [20] use a belief-based modeling approach to generating appropriate
bids in a double auction. Their work is close in spirit to ours, in that it combines be-
lief-based learning of individual agents bidding strategies with utility analysis. How-
ever, it is applied to a single double auction marketplace, and does not allow agents to
bid in a variety of auctions. Vulkan et.al. [21] use a more sophisticated learning
mechanism that combines belief-based learning with reinforcement learning. Again,
the context for this is a single double auction marketplace. Unlike Gjerstad’s ap-
proach, this focuses on learning the distribution of the equilibrium price. Finally, the
work of Garcia et.al. [22] is clearly relevant. They consider the development of bid-
ding strategies in the context of the Spanish fishmarket tournament. Agents compete in
a sequence of Dutch auctions, and use a combination of  utility modeling and fuzzy
heuristics to generate their bidding strategy.  Their work focuses on Dutch rather than
English auctions, and on a sequence of auctions run by a single auction house rather
than parallel auctions run by multiple auction houses. However, the insights they have
developed may be applicable in our domain also. We hope to investigate this further in
the future.

7   Conclusions and Future Work

By interleaving the application of  two algorithms of the form described above, our
agent can effectively participate in multiple English auctions. It will use the coordina-
tion algorithm to place lowest possible bids across auctions. It will use the bid with-
drawal algorithm to determine when it is worth bidding higher in an auction that is
about to terminate, as opposed to transferring to other auctions where the active bids
are currently lower.

In this paper, we have sketched out the structure of appropriate algorithms to do
this. The specifics of these algorithms, particularly the bid withdrawal mechanism,
may need refinement and specialisation to operate in specific market applications.
Furthermore, the richness of the model may be increased. Specifically;

o A more sophisticated learning mechanism could be used. This may be ge-
neric, or could be tailored to the specific dynamics of a particular market.

o The algorithm presented assumes that the buyer is risk-neutral. This should
be generalised to allow the agent to adopt other risk attitudes as appropriate.

o The algorithm does not take into account time discounting or deadlines.
Again, this should be generalised.

o The algorithm assumes that the agent values all goods equally. This should be
generalised to allow the agent to receive a demand curve from its user.

o The algorithm assumes that the beliefs about auctions are accurate. By meas-
uring the deviation of  actual auctions from the predictions, it would be pos-
sible to give a measure of confidence in the belief. This could be used to
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moderate the agent’s decision to switch auctions, taking into account the
agent’s attitude to risk.

o The algorithm only takes into account the expected payoff of existing auc-
tions. It may be appropriate to also model the possibility that an auction
house may bring new auctions into being, and the potential payoff of such
auctions.

o Throughout this paper, we have assumed that all auctions are English in for-
mat. Research is required to generalise this to cover other forms of auction,
such as Dutch, Vickrey and Double auctions.

We hope to address some of these issues in a future paper.
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Abstract. In this work we present the experience of an electronic tour-
nament between trading agents developed at the Technical University
of Catalonia (UPC) as a course work for an artificial intelligence appli-
cations course. Using the Fishmarket platform as implementation ba-
sis, fourteen different agents were developed and confronted in a set of
Downward Bidding Protocol (DBP) auctions in order to measure the
performance of their strategies.
We present the different groups of strategies of the agents, their archi-
tectures and their relationship to the success of the agents.

Keywords: Autonomous Agents, Multiagent Systems, Electronic Insti-
tutions, e-Auctions

1 Introduction

This article studies the strategies used by the trading agents, participating on an
electronic tournament, developed by our students as course work for the graduate
course Applications of Artificial Intelligence, the autumn term of 1999, at the
Barcelona School of Informatics [5] at the Technical University of Catalonia
(UPC).

The tournament was developed using the Fishmarket platform (FM1.00)1,
that provides a development environment for autonomous trading agents par-
ticipating in e-Auctions. During the past 5 years we have been playing these
tournaments in Barcelona [6] and the last year we also had it in Lausanne [3]. In
those experiences we have been able to collect all the participating agents, ha-
ving 10 to 14 different agents each year. Each group of students provided us the
original code and, the explanation of their strategies. These experiences served
for tuning the development of the Fishmarket platform. In this paper we will
survey the dominant strategies among UPC agents.

In the tournament that we will describe here (see §3), we had a total of
fourteen agents and those were randomly divided for competition in three groups.
1 The Fishmarket is a software platform developed at the Institut d’Investigació en

Intel.ligència Artificial, (IIIA-CSIC).
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The best two agents of each group were confronted in a final tournament to find
the agent with best strategies.

This article is organized as follows. First, in section 2, we will briefly describe
the development platform and the characteristics of the kind of auctions provi-
ded by the Fishmarket . Section 3 will be devoted to the characteristics of the
tournament, and the description of the different conditions of the auctions used
for the competition. Section 4 presents the different groups of strategies used by
the agents and their characteristics. Section 5 will present the results obtained
by the different agents and the success of the different strategies. In the last
section we conclude the work by examining the results of the competition and
discussing the students’ projects, the pedagogical virtues of this exercise and the
scope of future tournaments.

2 The Fishmarket Platform

The Fishmarket [10] platform is an electronic auction house that uses the tradi-
tional fish market metaphor as described in [11]. It follows the different scenes
that a traditional fish auction involves, as registration of the sellers goods in the
auction house by a seller manager, register of the buyers by an admitter agent,
bid for goods directed by a seller manager, etc.

This platform defines an electronic institution that is managed by a central
agent. All the interactions between the other agents and the institution are
managed by this manager agent. Each agent is given an identification and an
interaction protocol that defines which ilocutions can be used and its meaning.

This platform has been developed in JAVA. It provides a set of classes to
implement JAVA agents, that provides all the data structures that define the
auction house and the state variables needed for the bidding. To implement
bidding agents it is only necessary to implement the strategy, the processing
of the ilocutions between seller manager and the agents and the updating of
the auction variables are done by the provided classes. The agents had only one
ilocutions allowed to send to the seller manager, the intention to bid to the actual
price.

We will center our study on the central scenario of the auction, the auction
itself, in which buyers, agents in this case, bid for boxes of fish that are presented
by an auctioneer who calls prices. So, we will continue describing the elements
and the parameters that define the auction: the rounds of an auction, the bidding
protocol (in our case the DBP2 protocol) and the description of the goods.

2.1 The Auction

Auction rounds aim at identifying and characterizing the ontological elements
involved in each bidding round.

2 DBP stands for downward-bidding protocol (or “Dutch” protocol)
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Auction Round

For a given round r of auction i we define the auction round Ai
r as the 5-tuple

Ai
r = 〈Bi

r, g
i
r, Ci

r, d
i
r, Ii

r〉
where

– Bi
r is a non-empty, finite set of buyers’ identifiers such that Bi

r ⊆ B, the set
of all participating buyers.

– gi
r = 〈ι, τ, pα, prsv, sj , pω, bk〉 is a good where ι stands for the good identifier,

τ stands for the type of good, pα ∈ N stands for the starting price, prsv ∈ N

stands for the reserve price, sj ∈ S—the set of all participating sellers—is
the seller of the good, pω ∈ N stands for the sale price, and bk ∈ Bi

r is the
buyer of the good. Notice that gi

r is precisely the good to be auctioned during
round r of auction i, and that pω and bk might take on empty values when
the round is over, denoting that the good has been withdrawn.

– Ci
r : Bi

r −→ R assigns to each buyer in Bi
r his available credit during round

r of auction i.
– di

r stands for an instance of a bidding protocol dynamics descriptor.
– Ii

r is a set of information functions available for the agents during the round.
It contains those functions labeling some of the events occurring during the
round. Thus, the contents of this set will depend on the bidding protocol
governing each round. For instance, for the downward bidding protocol, fun-
ctions for labeling offers, sales, fines, expulsions, collisions, and withdrawals
must be provided within this subset. For example, the auction catalogue
could be included as an element of this set.

Fishmarket lets the tournament designer decide on the degree of transpa-
rency to be attached to auction rounds . In other words, the designer will have
to decide what information about auction rounds is to be conveyed to the con-
tenders, whether these should be informed about the participating buyers, and
the subset of the set of information functions to be transmitted.

Auction is defined from the definition above.

Auction

We define an auction Ai as a sequence of Auction rounds

Ai = [Ai
1, . . . ,Ai

ri
]

2.2 The Bidding Protocol

When auctioning a good, one could choose among a wide range of bidding pro-
tocols (DBP,UBP3, etc.). Each of these protocols can be characterized by a set
of parameters that we refer to as bidding protocol dynamics descriptors, so that
3 UBP stands for upward-bidding protocol (or “English” protocol)
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different instantiations of such descriptors lead to different behaviors of their cor-
responding bidding protocols. As a particular case, we will concentrate on the
downward bidding protocol (DBP) since it is the one utilized in the Fishmarket
tournaments.

[Step 1 ] The auctioneer chooses a good out of a lot of goods that is sorted
according to the order in which sellers deliver their goods to the sellers’
admitter.

[Step 2 ] With a chosen good g, the auctioneer opens a bidding round by
quoting offers downward from the good’s starting price, (pα) previously fixed
by the sellers’ admitter, as long as these price quotations are above a reserve
price (prsv) previously defined by the seller.

[Step 3 ] For each price called by the auctioneer, several situations might arise
during the open round:
Multiple bids Several buyers submit their bids at the current price. In

this case, a collision comes about, the good is not sold to any buyer, and
the auctioneer restarts the round at a higher price. Nevertheless, the
auctioneer tracks whether a given number of successive collisions (Σcoll)
is reached, in order to avoid an infinite collision loop. This loop is broken
by randomly selecting one buyer out of the set of colliding bidders.

One bid Only one buyer submits a bid at the current price. The good is
sold to this buyer whenever his credit can support his bid. Whenever
there is an unsupported bid the round is restarted by the auctioneer at
a higher price, the unsuccessful bidder is punished with a fine, and he is
expelled out from the auction room unless such fine is paid off.

No bids No buyer submits a bid at the current price. If the reserve price
has not been reached yet, the auctioneer quotes a new price which is
obtained by decreasing the current price according to the price step. If
the reserve price is reached, the auctioneer declares the good withdrawn
and closes the round.

[Step 4 ] The first three steps repeat until there are no more goods left.

Six parameters that control the dynamics of the bidding process are impli-
cit in this protocol definition. We shall enumerate them now, and require that
they become instantiated by the tournament designer as part of a tournament
definition.

DBP Dynamics Descriptor

We define a Downward Bidding Protocol Dynamics Descriptor DDBP as the
6-tuple 〈∆price, ∆offers ,∆rounds, Σcoll, Πsanction, Πrebid 〉 such that

– ∆price ∈ N (price step). Decrement of price between two consecutive quota-
tions uttered by the auctioneer.

– ∆offers ∈ N (time between offers). Delay between consecutive price quotati-
ons.
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– ∆rounds ∈ N (time between rounds). Delay between consecutive rounds be-
longing to the same auction.

– Σcoll ∈ N (maximum number of successive collisions). This parameter pre-
vents the algorithm from entering an infinite loop as explained above.

– Πsanction ∈ R (sanction factor). This coefficient is utilized by the buyers’
manager to calculate the amount of the fine to be imposed on buyers sub-
mitting unsupported bids.

– Πrebid ∈ R (price increment). This value determines how the new offer is
calculated by the auctioneer from the current offer when either a collision,
or an unsupported bid occur.

Note that the identified parameters impose significant constraints on the
trading environment. For instance, ∆offers and ∆rounds affect the agents’ time-
boundedness, and consequently the degree of situatedness viable for bidding
strategies.

2.3 The Goods

The goods to be auctioned in the Fishmarket are boxes of different kind of fishes.
Each agent receives the description of the goods to be auctioned at the start of
the auction. Each good is described by the following set of attributes:

– The name of the good
– The name of the seller
– The starting price, the initial price to be used by the bidding protocol.
– The reserve price, the lower price that the seller is going to accept.
– The resale price, the price that the buyer could sell the good that has acqui-

red.

All but the reserve price are known by the buyers.

3 The Autumn Tournament at UPC

As said before, there were a total of 14 agents that were divided in three groups
(5, 5 and 4 agents). The distribution of the groups was randomly chosen. The
agents competed first in a tentative tournament in order to adjust their strategies
previously to the definitive tournament. The agents were also allowed to compete
in private tournaments organized by their owners. We do not keep records from
the private tournaments but our perception of them is very positive. In those
tournaments the co-operative teams –those who participate the most– got as
reward a better information about other participant’s strategies

An interesting variation of those private tournaments are the single confron-
tations where two agents played against each other. Many times this has been
used to confront the agent against himself of against a radical variation of itself
to test extreme policies. This provoked in some ecological evolutions of some
agents’ bidding policies [4].
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Each agent had an initial credit of 20.000 Euros and this was a known fact
for all participants. Although this unrealistic constraint this gives clues about
the agents’ spending policies.

Three different scenarios were used in order to test the performance of the
agents:

– Short Auctions: Auctions with a limit of 10 goods and a total initial price
in the range of 20.000 Euros to 35.000 Euros

– Medium Auctions: Auctions with a limit of 20 goods and a total initial
price in the range of 50.000 Euros to 80.000 Euros

– Large Auctions: Auctions with a limit of 30 goods and a total initial price
in the range of 90.000 Euros to 120.000 Euros

The objective of these models of auction was to compare the agents’ strategies
performance within very different scenarios. The general characteristics of the
market where: A lot of money on display for a few goods (short auctions), an
equilibrium among global market amount of money and the initial global price
of the goods (medium auctions), and not enough global money to buy all the
goods to its initial price (large auctions).

These different kinds of auctions were meant to force the agents to have to
face very different scenarios that need different kind of approaches in order to
obtain a good performance. The agents also have to to adapt their responses to
be tolerant to different kinds of strategies that can be expected from the rival
agents.

The set of boxes of goods to be auctioned were randomly generated from a
set of eight different goods with a variable range of starting prices (see table 1).
The prices of the goods were chosen in order to present to the agents a diversity
of purchase opportunities. This diversity ranges from expensive goods with a
good expected benefit and an expected high reserve price and cheap goods with
an initial low benefit, but with an expected low reserve price.

The calculation of the price of a good is as follow:

– The starting price is the base price of the good plus a fixed percent of the
base price multiplied by a random factor between 0 and 1.

– The reserve price is the starting price of the good minus a fixed percent of
the starting price multiplied by a random factor between 0 and 1.

– The resale price is the starting price of the good plus a fixed percent of the
starting price multiplied by a random factor between 0 and 1.

In table 1 the different goods auctioned and the factors used to calculate the
prices are shown.

Each group of agents participated on 5 round of auctions of the referenced
three types, using DBP protocol with a time between offers of 250ms (∆offers), a
price step of 10 euros (∆price), a time between rounds of 2 seconds (∆rounds), a
maximum number of 3 collisions (Σcoll), a sanction fine of 25% (Πsanction), and
a price increment after collisions of 25% (Πrebid). The auctions were randomly
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Table 1. Values for the calculation of the prices of the goods

Good Base Initial Reserve Resale
Price Price Price Price

Squid 2000 .3 .3 .25
Baby-fish 1000 .2 .2 .3
Hake 2500 .2 .15 .2
Sardine 2200 .2 .25 .2
Monkfish 3000 .3 .1 .5
King Prawn 5000 .3 .2 .5
Codfish 3500 .25 .15 .35
Gilthead 4000 .25 .2 .4

generated and were the same for the three groups of agents. The objective of
each agent was to maximize its benefit, buying at least one good.

For more detailed information, we address the reader to the tournament web
page4.

4 The Agents

4.1 Their Architectures

The fourteen agents can be, generally speaking, characterized in three types
depending of its architecture:

– Rule based (8 agents)
– Automata based (3 agents)
– Multi-Agent Systems (3 agents)

The Rule based agents were the simplest. In those agents a set of rules control-
led the parameters that determined the price of the bid. The different conditions
of the state of the auction were used to tune different agent’s state variables that
determine its interest on a given good. The complexity of these agents is variable
and goes from a few generic rules that allow to tune some parameters, to too
many particular rules, one for each particular scenario that can arise during the
auction. Obviously, there exists a correlation between the different situations
characterized by the rules and the agent’s success.

The Automata based agents were defined as a set of behaviors (states) that
determines agent’s actions. Each behavior has an effect on the value of the pa-
rameters used to calculate the bidding price. The transition from one state to
another is usually determined by the agent’s previous performance, the auction
state variables and the interest on the auctioned good. Frequently, these agents
have a panic state that is fired if the agent has not bought at least one good
4 http://www.iiia.csic.es/Projects/fishmarket/
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and it provokes a very aggressive behavior in order to compete for any available
good.

The Multi-Agent systems were the most complex. In this tournament three of
the competing agents were built as a pool of subagents that individually examine
the state of the auction. Each subagent gives a price to bid. The prediction of
each subagent is evaluated. The subagents are demoted or promoted if their bid
wins or loses the actual bidding. The predictions of the subagent that performs
the best are preferred.

The subagents used were very different among them, some were rule based
(few rules) others only calculated a function based on the auction state.

Curiously enough, one of the Multi-Agent System used as subagents the ex-
ample agents provided by the Fishmarket platform. These example agents use
different functions depending of the market money, resale price and market bene-
fits as basic price bid. These functions determined the strategy, for example, with
a sinusoidal function the strategy using the number of rounds as semi-period,
starts with low bids, increment the bids until the middle-round and decrease the
bids until the end of the auction. Among the used functions there were also the
sigmoid function, the logarithmic function, and the arctangent function. Those
functions had free parameters that were experimentally determined. Unfortun-
ately, this multi-agent was the worst among the competing agents.

4.2 The Strategies

Very different strategies were developed for the agents ranging from the most
elaborated, trying to introduce the modelation of the competitors and all the
available information from the auction, to very simple, just using the prices of
the goods and the global market money. Nevertheless, the complexity of the
strategy of an agent was not always correlated with its success.

Almost all agents were parameterized by the size of the auctions, changing
radically its behavior in each scenario. Some agents were, in fact only three
agents, implemented with a different strategy for each scenario. In the short
auctions the problem was approached in most of the cases by bidding almost to
the starting price not allowing competitors to bid first. This eager behavior does
not pay on the long run but proves to be effective in very short auctions, where
time is too short to allow some kind of reaction or retaliation.

Some agents gave priority to the long auctions, waiting to the end of the
auction to acquire the goods, when the competitors have spent almost all their
money, expecting to obtain a better price. This strategy can be thought as wait-
and-see. Due to that, the long auctions allow to obtain better benefits, because
almost all the credit can be spent. The use of this strategy make the difference
in performance among agents.

From all the available information in the auction, the most frequent state
information used by the strategies of the agents was:

– The benefit of the other agents (global benefit or that of the best agents)
– The own actual benefit
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– The own last benefit
– The global market money
– The competitors’ remaining credit
– The starting or resale price
– The number of remaining rounds

All agents used some of these values to calibrate their parameters in order
to approximate the bidding price. The exact implementation has shown a lot of
variations, usually depending on values heuristically obtained from the private
tournaments.

The rule based agents used these state values to determine the different
scenarios. The automata based agents used these values to change from one state
to another. The multi-agent systems used the values from different perspectives
on each subagent and try to combine the available information.

Almost half of the agents explicitly used the behavior of their competitors
as an additional parameter. In doing this there was also a lot of variability.
Some observed all the agents, others just the one or two best. The effect of this
parameter was to decrease the own target benefit to allow bids at a slightly
higher price than the best competitor in order to overcome it.

Some of the agents tried to assign an initial evaluation of the interest of
each good of the auction, in order to plan the bids beforehand. This seems a
priori a good strategy, but none of the agents that used it were among the best
agents. Probably the reasons for these bad results were due to: (a) the random
distribution of the goods, (b) the length of the auctions and (c) the number of
competitors. The sum of all these factors did not allow agents to build reliable
plans in advance.

The agent’s interest on a good could change dynamically with the market
conditions, the competitors behavior, the own performance and the length of
the auction. This is also a reason because an initial plan has to be dynamically
changed during the auction.

The objective of all the agents was to achieve the greater benefit. This can
be achieved also by buying more goods with medium benefit, and not only by
buying the best goods. In the best goods there are a bigger competition.

5 Evaluation of the Strategies

The evaluation of the agents’ strategies was measured by the total benefit ob-
tained after all the auctions were performed. Due to that the auctions were
independent, and none of the agents decide to keep memory of previous tour-
naments, there was no parameter in order to promote learning or adaptation
between auctions.

The first temptative tournament allowed to define better strategies for the
definitive tournament. Some of the competitors changed radically their strategy
in between the two phases, and some that performed well in the first tournament
were outperformed by other agents.
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Table 2. Results of the final tournament

Name Money Total Benefit Goods Mean benefit
Spent Benefit ratio Bought per good

FishdelCastro 199028 52743 1.18 63 837.19
Boqueron 250189 51342 1.17 81 633.85
duHast 199163 46075 1.15 58 794.40
EncaraBelluga 235290 41970 1.14 72 582.92
superagente86 142358 41107 1.14 38 1081.76
tnt 153260 40914 1.14 46 889.43

The private tournaments allowed to refine and to determine heuristic pa-
rameters to improve their strategies. Almost all the agents competed in those
private tournaments, and all the participant agents faced many of the different
strategies implemented.

The groups for the second tournament were maintained, so each group knew
beforehand who would be their competitor. They also knew that the two better
agents from each group would qualify for an additional competition.

From the three groups the two agents with the greater benefit were chosen
for an additional tournament. The luck of the winners was differently distribu-
ted, the fist group had two well performing agents and three agents with poor
strategies, the second group had three good agents and two poor agents, and
the third group was the most competitive, all four agents were very good, the
second place was almost a tie between three agents.

From the analysis of the agents it can be seen also that the time of response
had a big influence on the success. The faster the calculation of the bid, the higher
benefit they got. So, more complicated architectures were not very successful.

Proportionally, all architectures were successful, four rule based, one auto-
mata based and one multi-agent based qualified for the last tournament.

The winners of the first group were the agents named duHast, and Enca-
raBelluga, the winners of the second group were the agents named tnt, and
superagente86, the winners of the third group were the agents named bo-
queron, and FishdelCastro.

5.1 Participants in the Final Tournament

In the final tournament the number of goods was increased to maintain the
proportion of 2 goods per agent for the short auctions, 4 goods per agent for the
medium auctions and 6 goods per agent for the large auctions. The six agents
that competed in the final tournament had the following characteristics:

FishdelCastro: It is a rule based agent. The agent follows the benefits of the
two best competitors and combine this information with its own evaluation
of the auction. The rules identify the actual scenario and tune the values of
a set of parameters that determines the benefit to be pursued in the current
round.
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Boqueron: It is a rule based agent, it chooses between different heuristically
calculated parameters using the number of rounds and the number of com-
petitors. The initial bid is calculated from the starting price adjusted by the
chosen parameters. The bid is corrected by a parameter calculated from the
agent performance. If the auction is long the expected benefit is increased
with the number of rounds in order to do lower bids at the end of the auction.

DuHast: It is an automata based agent. It has a four dimensional matrix in-
dexed by a discretization of four variables that describe the agent state, the
market state, the length of the auction and the quality of the good. The
market state and the agent state are calculated from the benefit of the agent
and their competitors and from the market money. The quality of the goods
are calculated from the ratio between the starting price and the resale price.
The discretization is based on a fixed set of thresholds. Each position of the
matrix has a value that is used to calculate the bidding price. The value ob-
tained from the matrix is corrected by an additional parameter that depends
on the performance of the agent.

EncaraBelluga: It is a rule based agent that characterizes the auction using
the state variables, calculating a base bid price. If the auction is short, it
bids at the starting price if the difference between the starting price and the
resale price is greater than a fixed quantity. It estimate the reserve price. It
tries to modelize the benefit pursued by the competitors and bids slightly
higher.

superagente86: It is a rule based agent. The value of the parameters are diffe-
rent depending if the auction is long or not. The bidding price is approxima-
ted from the market money. Less money implies to pursue greater benefit.
An additional parameter allow the shift between a normal state and a pa-
nic state (no good bought yet), this parameter reduces the benefit to allow
bidding to a higher price.

tnt: It is a multi-agent system. It uses five different strategies to evaluate the
current state, each agent returns a value that measures one of five different
circumstances: the good is a bargain, panic, our benefit is good, wait for
a while and be more aggressive. The evaluation is summed up to a para-
meter that determines the bidding price. Each subagent uses a set of rules
to determine how near is the actual moment of the auction to its target
scenario.

The total results of the six better agents are shown in table 2. The values
of the table are the money spent by the agents, the benefit obtained calculated
as the difference between the price payed and the resale price, the benefit ratio
calculated as the quotient between the initial credit plus the benefit and the
initial credit, the number of goods acquired and the mean benefit per good.

In the figure 1 it is shown the total benefit of the agents for each group of
auctions. It can be seen that the different parameters used by some agents for
each group of auction yields a great variability in their performance. The regu-
larity of the behavior of the agents differentiate between more general strategies
from length auction specific strategies.
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Fig. 1. Total benefit of the agents for each group of auctions

The more general the strategy the better performs the agent in each kind of
auction and, so, the better global results are obtained. As can be seen in figure
1, there are two agents that only performed well in some kind of auctions, so,
their global results were lower.

In the figure 2 it is shown the total spent money of the agents for each group
of auctions. It demonstrates that to spent a lot of money in order to obtain better
results it is not a good strategy. This strategy in not good even when there are
a lot of money to spent as in the 10 goods auctions. Comparing the figures 1
and 2 can be seen that in the first kind of auctions the first and second agents
obtained almost the same benefit, but the difference of spent money between
them is more than twice.

From the total results it can be seen that the final benefits were not very
different. But the target goods of the agents were different. For example, super-
agente86 had preference for goods with better ratio between starting price and
resale price and takes advantage of long auctions. This is the explanation for its
lower number of goods but grater benefit per good.

Others, like encarabelluga or Boqueron had preference for goods with a
lower ratio between starting price and resale price, but were more successful
against its competitors winning a greater proportion of bids, but spending more
money. This two agents were very aggressive in the short auctions, pursuing to
buy the greater quantity of goods in spite of the high price they had to pay. In
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Fig. 2. Total spent money of the agents for each group of auctions

this kind of auctions, apparently, this seems a good policy because the available
money is enough to buy almost all the goods in the auction. Evidently, this is
not a very realistic scenario and in general this kind of strategy is not a good
one.

The winner, FishdelCastro, had not a defined preference for a specific kind
of goods, performing well against all their competitors and bidding for the better
goods depending the circumstances. Its generality helped to perform well in the
different scenarios.

The success of a general strategy against strategies focused on some special
characteristics of the auction proofs that is better to implement adaptable agents
able to analyze the auction information than to rely on special scenarios that
sometimes can give a good benefit.

As a hint of how competition can allow to obtain better results in this kind
of domains, it is curious that the two agents from the more competitive group
were the two best.

5.2 The Influence of the Bidding Time

The tournament was designed under very restrictive time bounds in order to
give preference to smart, small and fast agents. This could penalize more com-
plex architectures. The hypothesis is that more complex strategies obtain worst
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results not because they can not model the auction, but because they had no
time to end their deliberations before the smaller agents.

In order to test this hypothesis, another tournament was designed modifying
the time between offers (∆offers). This amount of time is the most restrictive
because the slower agents have very little time in order to decide if the current
price is acceptable or not and then put forward their bids on time. In this
tournament auctions were restricted to be medium and large size auctions, this
is because the short auctions do not allow a true deliberative behavior [1] and
the only practical strategy in that setting is compulsive bidding.

The agents confronted were the two best of each kind of architectures. It is
supposed that the rule based agents are faster than the automata based agents
and this two architectures are in turn faster than the multi-agents.

The chosen agents were the following:

Rule based agents: FishdelCastro and Boqueron, the two best agents of the
tournament.

Automata based agents: duHast and Potemkin, were the third and the ele-
venth agents of the tournament.

Multi-Agents: tnt and jugger, were the fourth and the ninth agents of the
tournament.
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In the figures 3 and 4 the total benefit and the spent money of the agents
are presented. The time between consecutive offers are 250 ms, 500 ms, 1000 ms,
1500 ms and 2000 ms, respectively.

From these results, it seems like that some of the most complex agents take
benefit from the existing extra time between offers. The benefit of one automata
agent (duHast) and one multiagent (tnt) increases until finally outperform by a
small difference all the rule based agents, but only when the deliberation time is
eight times bigger than the original amount of time of the original tournament.

The number of collisions (simultaneous bids), as shown in figure 5, is increa-
sed. This is the reason because the agents total benefit decreases and the money
spent on the market increases. Agents have to pay more for the goods in order to
outperform their competitors. The agents ability to recalculate their bids after
a collision is now a characteristic that becomes very important.

A conclusion drafted from this tournament is that given enough time any
kind of implementation can be successful in this kind of auctions, but does not
seems reasonable to use a complex architecture if a simple but effective agent
can be implemented. This confirm some results already obtained at the EPFL
Tournament [3].
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6 Conclusions

This competition turned out to be highly levelled and very interesting with res-
pect to the variety of strategies developed by the contendants. Some conclusions
can be drawn from the tournaments. The specific architecture of the agent is of
a little importance for its success given enough time for deliberation. The stra-
tegy and background knowledge about the contest are more valuable and enable
agents to accomplish their goals in enviroments with bounded resources. In this
framework the main constraint is the response time. The calculations made in
order to take a decision have to be done inside the time assigned. Without the
time bound more deliberative strategies seem to work slightly better.

An outstanding feature of some agents in this tournaments was their attempt
to model their rivals [3] and use this information to modify the own behavior.

The strategies that tried to plan beforehand it participation in an auction
seem not to be very successful due to the very nature of the process. Three
agents choose this strategy and were among the five worst participants. The
dynamic nature of this kind of auction does not allow to plan ahead, in complex
environments as Fishmarket plans may grow very large, and the decisions must
be taken very fast with the information obtained at the present moment, taking
in account only the immediate future and the agents’ targets. Adaptability is a
key feature in this environment.
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From what has been observed there are different ways to perform well:

1. To direct the bidding towards a specific kind of good is as successful as to
distribute the bidding equally to all kind of goods. The interest of a good is
relative, not absolute.

2. To use specific knowledge about extraordinary circumstances in order to
take advantage from it, is sometimes successful. For example, to wait-and-
see on long auctions or to calculate the remaining credit of the competitors,
allows to raise benefits or to be able to recognize bargains. But, it seems
more interesting to try to follow the direct competitors’ performance. For
example, creating models of the best agents and trying to bid to a price
slightly higher.

3. To recognize different scenarios in an auction helps agents to modify their
targets and behavior.
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Abstract. This paper presents the results and analysis of the Fishmar-
ket tournament held this spring at the Technical University of Catalonia
(UPC) by a group of undergraduate students as a course work for an
artificial intelligence applications course.
In the tournament participated sixteen different agents that competed in
a three phase eliminatory competition. The agents were divided in groups
of four and competed in a number of Downward Bidding Protocol (DBP)
auctions for boxes of fish.
We present the information analyzed by the students in order to build
their agents, what information was considered relevant, and the different
strategies of the agents.

Keywords: Autonomous Agents, Multiagent Systems, Electronic Insti-
tutions, e-Auctions

1 Introduction

This work presents the results of the spring auction tournament held at the Tech-
nical University of Catalonia. The participants of the tournaments are students
from the undergraduate course on applications of the artificial intelligence from
the Barcelona School of Informatics.

This kind of tournaments have been held during the past five years with
very fruitful results. The agents implemented has been used as a test for the
Fishmarket platform and had aid to tune and extend its possibilities.

This competition consists in set of auctions of goods (fish boxes) using the
Downward Bidding Protocol (DBP) as auction protocol. The goal of the agents
is to pursue the greater benefit.

Notice that our initiative shares many commonalities with the Double auction
tournaments held by the Santa Fe Institute[1] where the contendants competed
for developing optimized trading strategies.
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The agents used in this last tournaments, a total of sixteen, were developed
in groups of three students to introduce issue about electronic markets and their
relationship with autonomous agents.

The fishmarket platform provides all the implementations needs (data struc-
tures, market information, communication, etc.), so the only problem to solve
is the strategy to deal with the auctions. The students had all the available in-
formation about how the market works and the parameters that the platform
provides. As way to stimulate competition among the different groups, a part
of the mark of the course is related to the performance of their agents in the
tournament.

This article is organized as follows. In section 2 we will briefly describe the
development framework and the characteristics of the auctions that can be held
with the Fishmarket platform. Section 3 will be devoted to the characteristics
of the spring tournament, its parameters, the different scenarios that the agents
had to face and the goals that were pursued. In section 4, the different agents
will be analyzed, describing its strategies and the different market information
that were used. Section 5 will summarize the results of the tournament and the
explanation of the success of the different strategies. Finally, the section 6 will
summarize all the conclusions drawn from the tournament.

2 The Experimental Framework

In order to obtain an auction tournament environment, more functionality has
been added to the FM96.5 agent-mediated electronic auction house[14] to turn
it into a domain-specific test-bed that models and simulates an e-auction house
that henceforth we shall refer to as FM. A distinguishing feature of the resulting
test-bed is that it is realistic since it has been built out of a complex real-world
application. Being an extension of FM96.5, FM inherits interagents, the me-
chanism of interaction between trading agents and the market. As introduced
in [7]interagents are a particular type of facilitators conceived as autonomous
software agents devoted to mediating the interaction among agents in an agent
society in general and in an agent-mediated institution in particular. Thus, in-
teragents constitute the unique mean through which agents interact within a
multi-agent scenario as depicted in Figure 1. Interagents are all owned by the
institution but used by external agents. As a major role, interagents are respon-
sible for guaranteeing the enforcement of institutional norms to external agents.

Consequently FM shows a crisp distinction between agents and the simula-
ted world, a desirable requirement for any multi-agent test-bed. Furthermore,
the use of interagents permits also to consider FM as an architecturally neutral
environment since no particular agent architecture (or language) is assumed or
provided. However, some support for agent developers is provided by including a
library of agent templates in various languages (C, Java, and Lisp) for building
agents. Furthermore, the test-bed also offers the possibility of generating custo-
misable dummy agents at the aim of providing agent developers with contenders
for training purposes.
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Fig. 1. Interagents in an Agent-mediated Institution.

FM inherits also all the auction protocols included in FM96.5, namely Dutch,
English, First-price sealed-bid and Vickrey. All these auction protocols are clas-
sified as single-sided since bidders are uniformly of type buyer of uniformly of
type seller1. Double-sided auctions admit multiple buyers and sellers at once.
Figure 2 depicts a possible taxonomy for a small part of the auction space. The
classification is made on the basis of whether the auction is single or double,
bids are sealed (SB) or public (outcry), and prices are called in either ascending
or descending order. FM contains the auction protocols hanging along the left
branch, i.e. the classic auction types. Consequently FM can be classified as a
multi-agent test-bed for classic auctions. As to the systematisation of our ex-
periments, the complete parametrisability of FM allows for the generation of
different market scenarios. This capability of scenario generation appears as a
fundamental feature of any multi-agent test-bed if it intends to guarantee the
repeatability of the experiments to be conducted. Concretely, the customisability
of FM allows for the specification, and subsequent activation, of a large variety
of market scenarios: from simple toy scenarios to complex real-world scenarios,
from carefully constructed scenarios that highlight certain problems to randomly
generated scenarios useful for testing trading agents’ average performance. Fi-
gure 3 displays a snapshot of the graphical display provided by FM to specify
the particular features of a tournament scenario.

As to the matter of evaluating a trading agents’ performance, FM keeps
track of all events taking place during a experimental session, so that a whole
auction can be audited step-by-step, and the evolving performance of all the
agents involved in a tournament can be traced, calculated, and analysed. On the
one hand, FM records all information produced during an experimental session

1 Particularly single auctions have been the main focus of theoretical studies of auc-
tion [8].
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Fig. 2. A classification of classic auction types[15].

onto a database. On the other hand, FM counts on monitoring capabilities.
A monitoring agent receives all the events distributedly coming about in the
marketplace thanks to interagents, which collect and convey carbon copies of all
external and institutional agents’ utterances so that the monitoring agent can
order them to reconstruct the dynamics of a market session.

Lastly it is worth mentioning a very important feature that seems to be so-
mewhat skipped by test-bed designers: the problem of scalability. When running
multi-agent experiments, an experimenter usually faces serious resource limita-
tions that may prevent him from having all agents up and running. We say that
FM is scalability-aware in the sense that it provides support for distributing
an experimenter’s agents across several machines in a network. This does not
mean that all agent involved in a tournament must belong to the very same user.
Tournament designers are free to define open tournaments accessible to agents
owned by multiple users.

Notice that the resulting environment, FM, thus constitutes a multi-agent
testbed where a very rich variety of experimental conditions can be explored
systematically and repeatedly, and analysed and reported with lucid detail if
needed. Table 1 summarises the features of FM.

3 The Tournament Scenario

A trading scenario will involve a collection of explicit conventions that characte-
rise an artificial market. Such conventions define the bidding conditions (timing
restrictions, increment/decrement steps, available information, etc.), the way
goods are identified and brought into the market, the resources buyers may have
available, and the conventions under which buyers and sellers are going to be
evaluated. Next we introduce the elements needed to make precise specifications
of actual tournament scenarios in general and of the actual UPC tournament
scenario. In general terms, a tournament scenario specification is intended to
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Fig. 3. FM Tournament Definition Panel

comprise all the information necessary for a trading agent to participate in a
tournament along with the way they are to be evaluated.

We shall start by studying the characterizing parameters of auction protocols.
In particular, although FM supports the classic auction protocols (Vickrey, First-
price Sealed-bid, English and Dutch), we shall solely consider a slight variation
of the Dutch bidding protocol —henceforth referred to as Downward Bidding
Protocol or DBP for shorter— since it was the unique auction protocol employed
in the UPC tournament2. Each auction protocol can be characterised by a set
of parameters that we refer to as bidding protocol dynamics descriptors, so that
different instantiations of such descriptors lead to different behaviours of their
corresponding bidding protocols.

With a chosen good g,the auctioneer opens a bidding round by quoting offers
downward from the good’s starting price, (pα), as long as these price quotations
are above a reserve price (prsv) previously defined by the seller. For each price
called by the auctioneer, several situations might arise during the bidding round:

– Proper sale. When a single buyer submits a bid that his credit can support,
it is turned into a sale.

– Unsupported bid. When a buyer submits a bid that his credit cannot gua-
rantee. The buyers’ manager fines this bidder and the round is restarted by
the auctioneer who calculates the new starting price by increasing by some
percentage Πsanction the price within the bid.

– Collision. When two or more buyers simultaneously submit the same bid.
The auctioneer declares a collision and restarts the round. Again, the new

2 A thorough characterization of the rest of bidding protocols is provided in [10].
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Table 1. Features of the FM test-bed.

Test-bed Features

� domain-specific
� realistic
� architecturally neutral
� scenario generation and reapeatibility capabilities
� monitoring and evaluation facilities
� library of agent templates (C,Java,Lisp)
� dummy agents
� scalability aware
� open (multi-user) and closed (single-user) tournaments
� market scenarios as tournament scenarios

starting price is calculated by increasing by some percentage Πrebid the col-
lision price.

– Expulsion. When a buyer is overdrawn and cannot back up a fine, he is sent
off the market and the round is restarted as usual

– Withdrawal. Each good is assigned a minimum price when passing through
the sellers’ admitter office. If minimum prices are reached, the round is re-
started as usual.

The algorithm in Figure 4 codifies the downward bidding protocol. The de-
scription helps us to explicitly identify the parametrisation of the bidding pro-
tocol.

Six parameters that control the dynamics of the bidding process are implicit
in this protocol definition. We shall enumerate them now, and require that they
become instantiated as part of a tournament scenario definition.

Definition 1 (DBP Dynamics Descriptor).
We define a Downward Bidding Protocol Dynamics Descriptor DDBP as a

5-tuple 〈∆price, ∆offers , Σcoll, Πsanction, Πrebid 〉 such that

– ∆price ∈ IN (price step). Decrement of price between two consecutive quota-
tions uttered by the auctioneer.

– ∆offers ∈ IN (time between offers). Delay between consecutive price quotati-
ons.

– Σcoll ∈ IN (maximum number of successive collisions). This parameter pre-
vents the algorithm from entering an infinite loop as explained above.

– Πsanction ∈ IR (sanction factor). This coefficient is utilized by the buyers’
manager to calculate the amount of the fine to be imposed on buyers submit-
ting unsupported bids.

– Πrebid ∈ IR (price increment). This value determines how the new offer is
calculated by the auctioneer from the current offer when either a collision,
or an unsupported bid occur.
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Function round (Bi
r, g

i
r, p, coll, DDBP ) =

let Function check credit(bi) =
if Ci

r(bi) ≥ p then
update credit(bi, p);
sold(gr

i , bi, p);
else if Ci

r(bi) ≥ p ∗ Πsanction then
update credit(bi, p ∗ Πsanction);
round(Bi

r, g
i
r, p ∗ (1 + Πrebid), 0, DDBP );

else
round(Bi

r − {bi}, gi
r, p ∗ (1 + Πrebid), 0, DDBP );

in
offer(gi

r, p);
wait(∆offers);
let B = {bi|bid(bi) = true, bi ∈ Bi

r} in
case
||B|| = 0 : if p = pω then withdraw(gi

r);
else round(Bi

r, g
i
r, p − ∆price, 0, DDBP );

B = {bi} : check credit (bi);
||B|| > 1 : if coll < Σcoll then

round(Bi
r, g

i
r, p ∗ (1 + Πrebid), coll + 1, DDBP );

else check credit(random select(B));
end case

end
end

DBP(Bi
r, g

i
r) = round(Bi

r, g
i
r, pα, 0)

Fig. 4. Downward bidding protocol

Note that the identified parameters impose significant constraints on the
trading environment. For instance, ∆offers and ∆rounds affect the agents’ time-
boundedness, and consequently the degree of situatedness viable for bidding
strategies.

By auction round we shall refer to the ontological elements involved in each
bidding round.

Definition 2 (Auction Round).
For a given round r of auction i we define the auction round Ai

r as a 4-tuple
〈Bi

r, g
i
r, Ci

r, d
i
r〉 where

– Bi
r is a non-empty, finite set of buyers’ identifiers such that Bi

r ⊆ B, the set
of all participating buyers.

– gi
r = 〈ι, τ, pα, prsv, sj , pω, prsl, bk〉 is a good where ι stands for the good iden-

tifier, τ stands for the type of good, pα ∈ IN stands for the starting price,
prsv ∈ IN stands for the reserve price, sj ∈ S—the set of all participating
sellers—is the seller of the good, pω ∈ IN stands for the sale price, prsl stands
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for the expected resale price, and bk ∈ Bi
r is the buyer of the good. Notice

that gi
r is precisely the good to be auctioned during round r of auction i, and

that pω and bk might take on empty values when the round is over, denoting
that the good has been withdrawn.

– Ci
r : Bi

r −→ IR assigns to each buyer in Bi
r his available credit during round

r of auction i.
– di

r stands for an instance of a bidding protocol dynamics descriptor.

Each auction is devoted to the auctioning of a particular lot of goods by
opening an auction round for each item within the lot. Typically a tournament
session (and a market session too) will be composed of a sequence of auctions.

Definition 3 (Auction). We define an auction Ai as a sequence of auction
rounds Ai = [Ai

1, . . . ,Ai
ri

]

On the basis of these definitions, we are ready to determine what elements
and parameters are necessary to wholly characterise a tournament scenario, i.e.
all the relevant information needed by an agent to participate in an auction-based
tournament, compiled in the definition of tournament descriptor. A tournament
descriptor is intended to be the sole information on which trading agents count
prior to the starting of a tournament session.

Definition 4 (Tournament Descriptor). Wedefine aTournamentDescriptor
T as the 11-tuple T = 〈n, ∆auctions, ∆rounds,D,PB ,PS ,B,S,F , C, M, ε, E〉 such
that:

– n is the tournament length expressed either as the number of auctions to take
place during a tournament or the closing time.

– ∆auctions is the time between consecutive auctions.
– ∆rounds ∈ IN (time between rounds) stands for the delay between consecutive

rounds belonging to the same auction.
– D is a finite set of bidding protocols’ dynamics descriptors.
– PB is the conversation protocol that buyer agents must employ in their in-

teraction with their interagents.
– PS is the conversation protocol that seller agents must employ in their in-

teraction with their interagents.
– B = {b1, . . . , bp} is a finite set of identifiers corresponding to all participating

buyers.
– S = {s1, . . . , sq} is a finite set of identifiers corresponding to all participating

sellers.
– F = [F1, . . . ,Fn] is a sequence of supply functions. A supply function F i

outputs the lot of goods to be auctioned during auction i.
– C : B → IN is the credit initially endowed to each buyer. For some tour-

naments, all buyers are assigned the same credit, while for others they may
either have assigned different credits or alternatively declare themselves the
credit they want to have available.
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– M = 〈b, s, r, r′〉 where b, s, r, r′ ∈ {0, 1} is the information revelation mask.
It determines whether the identity of buyers (b) and sellers (s) is revealed to
the contenders, and whether the reserve price (r) and expected resale price
(r′) of a good are revealed too.

– ε stands for the fees charged to an agent for participating in a bidding round.
– E = 〈Eb, Es〉 is a pair of evaluation functions that permit to calculate res-

pectively the score of buyers and sellers.

From the definition follows that a tournament descriptor contains:

– all the relevant parameters that characterise the dynamics of the auctioning
process;

– the procedural information that allows trading agents to participate in the
market by means of their interagents;

– the degree of information revelation (transparency) (i.e. the degree of un-
certainty concerning the identity of traders and some particular, relevant
features of goods); and

– the way the performance of trading agents is evaluated.

It is the task of the tournament designer to conveniently set up the para-
meters of the tournament descriptor in order to generate the desired type of
tournament scenario. For this purpose, FM provides the graphical configuration
tool shown in Figure 3 to assist the tournament designer to configure tournament
scenarios.

Additionally FM incorporates the so-called tournament modes that constrain
the type of tournament descriptor that can be defined. The purpose of this stan-
dard tournament modes is to allow an experimenter to define tournament scena-
rios of different degrees of complexity: from toy scenarios where, for instance,
the same lot of goods is repeated over and over with complete information to
actual-world auction scenarios. Thus, in FM tournament designers can choose
among the following standard tournament modes:

One Auction (data set). This mode permits a tournament designer to spe-
cify a fixed set of goods to be repeatedly auctioned a finite number of times.
Notice that no sellers are involved in this type of tournament.

Automatic. The lots of goods to be auctioned are artificially generated by the
sellers’ admitter based on supply functions of arbitrary complexity specified
by the tournament designer in the set F . Notice that likewise one auction
(data set) no sellers are allowed to participate in these tournaments.
This tournament mode allows to artificially generate a large variety of mar-
kets. For instance, markets with more demand than supply or the other way
around, markets with high quality goods more appropriate for restaurant
owners, or markets with large supply of low-quality goods more appropriate
for wholesale buyers3. In general, this tournament mode allows to create
tournaments focusing on particular market scenarios.

3 Note that for all the examples we consider fishmarket-like tournament scenarios.
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Uniform. This mode is a particular case of the preceding tournament mode.
Lots of goods are randomly generated by the sellers’ admitter based on
uniform distributions in F defined by the tournament designer. Notice that
again no sellers are involved in the resulting tournaments either. Table 2
shows some examples of uniform distributions that can be employed for
generating lots of goods.
This tournament mode is intended to generate scenarios wherein the average
performance of buyer agents can be tested. Along with one auction (data set)
it must be considered as a mode to generate game-like scenarios.

One Auction (with sellers). Once all participating sellers have submitted
their goods, the same auction is repeated over and over with the same lot of
goods. This tournament mode is particularly useful to test the adaptivity of
trading agents to an actual market scenario.

Fishmarket. The mode closest to the workings of an actual auction house4.
The tournament designer simply specifies the starting and closing times.
During that period of time buyers and sellers can enter, submit goods, bid
for goods, and leave at will. Fishmarket is the more realistic mode, standing
for an actual market scenario.

Depending on the tournament mode chosen by the experimenter, some fea-
tures of the tournament descriptor will be either enabled or disabled in the
parameter setting panel at Figure 3. Notice that all parameters identified as
part of the tournament descriptor lie down on the parameter setting panel.

Finally the UPC tournament can be fully characterised by the tournament
descriptor in Table 2. Some comments apply to the resulting scenario:

– All buyer agents were assigned the same credit (17.500 EUR) at the begin-
ning of each auction of the tournament.

– Because the tournament mode was set to uniform, the number of fish boxes
for each type of fish (τ) were randomly generated for each auction Ai, and
the starting price (pα), resale price (prsl), and reserve price (prsv) of each
box were also randomly generated according to the uniform distributions in
Table 2.

– As to information revelation, whereas the identity of buyers and the expected
resale price of each good were made publicly available, the reserve price was
kept as private information.

– The chosen evaluation function (Eb) calculates the performance for each
buyer at round number r of auction number k based on the accumulated
benefits (Bk(b)) of buyer b at auction k. The goal of this evaluation function
is to weigh higher the fact of winning the auctions which are closer to the
end of the tournament. In this way, bidding strategies that learn to improve
an agent’s performance as the tournament goes by are more valued.

4 We name it fishmarket for historical reasons, though the term must not be misleading
since under this mode goods can be auctioned through several auction protocols.
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Table 2. UPC’2000 Tournament Descriptor

n 10
∆auctions 8000 msec
∆rounds 4000 msec
D {dDBP } = {〈50.0EUR, 500msec, 3, 0.25, 0.25〉}
PB PDBP

PS ∅
B {b1, b2, b3, b4}
S ∅

F i(i = 1 . . . n)
τ #Boxes pα prsl prsv

cod U [1, 15] U [1200, 2000] U [1500, 3000] U [0.4, 0.5]
tuna fish U [1, 15] U [800, 1500] U [1200, 2500] U [0.3, 0.45]
prawns U [1, 15] U [4000, 5000] U [4500, 9000] U [0.35, 0.45]
halibut U [1, 15] U [1000, 2000] U [1500, 3500] U [0.4, 0.6]
haddock U [1, 15] U [2000, 3000] U [2200, 4000] U [0.35, 0.55]

C C(b) = 17.500EUR ∀b ∈ B
M < 1, 0, 0, 1 >

ε 0
E 〈Eb, Es 〉 = 〈∑n

k=1 ln(k + 1)Bk(b), ∅〉

At this point, it is time to make explicit how trading agents and interagents
interact in practice and the conversation protocol that they employ. An intera-
gent works as a Java process which uses its standard input and standard output
to communicate with trading agents via pipes. In adopting such a simple con-
vention, software agents written in any programming language can interact with
the auction house via interagents. Thus, a trading agent firstly spawns the inter-
agent received from the auction house as a child process and subsequently plug
to it. Thereafter trading agent and interagent communicate in a rather straight-
forward way by exchanging string–based illocutions according to the protocol
depicted in Figure 5 as an FSM. Tables 3 and 4 list respectively the possible
contents of the illocutions labelling the arcs in Figure 5, while Table 5 lists their
intended meanings. In Figure 5 numbers followed by / stand for a buyer’s agent
utterance while messages following / stand for a buyer’s agent reception.

Table 3. Messages that (software) buyer agents can utter during a tournament

.

#Message Predicate Parameters
1 admission buyerlogin password
2 bid
3 exit
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Fig. 5. Protocol used by buyer agents to interact with interagents.

4 The Agents

As said before, a total of sixteen agents participated in the tournament. All the
students had time to study the environment, and to experiment with toy agents
provided by the platform and agents from previous tournaments. The code of the
agents from previous tournaments was not available, so, they only could observe
their behavior against other agents.

From their study of the platform and private tournaments, the different
groups observed the information that could be helpful in the problem. They
reported the following possibly relevant information:

From the market: Number of rounds, number of boxes, initial market money,
remaining market money, last benefit.

From the goods: Starting price, resale price, reserve price if the good is retired
from the market, name of the good, ratio between buying price and resale .
price, name of the buyer,

From the competitors: Mean benefit, benefit of the best agent, remaining
credit, behavior of the agent.

From the agent state: Own benefit, remaining credit, number of boxes bought.

Due to the time restrictions, not all this information could be used during
the tournament. Each group reduced the information available to just what they
though could be relevant on deciding the bidding price for a good.

There was a great consensus between the agents about what information
had to be considered. The first of it was the length of the auction. Almost
all the agents considered a classification of the auctions from its length. The
number of classes ranged from two to four, but the most used value was three.
The classification characterized short sized auctions (approximately 20 boxes),
medium sized auctions (approximately 45 boxes) and long sized auctions (up to
75 boxes.
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Table 4. Messages that (software) buyer agents can receive during a tournament.

#Message Predicate Parameters
8 deny deny code

9 accept admission

10 open auction auction number

11 open round round number

12 good good id good type
starting price resale price auction protocol

13 buyers {buyerlogin}∗

14 goods {good id good type
starting price resale price}∗protocol

15 offer good id price
16 sold good id buyerlogin price
17 sanction buyerlogin fine
18 expulsion buyerlogin
19 collision price
20 withdrawn good id price

29 end round round number

30 end auction auction number

31 closed market closing code

32 tournament descriptor auction n ∆auctions ∆rounds ε bidding protocols
dbp ∆price ∆offers Σcoll Πsanction Πrebid UBP
∆price ∆offers Πsanction Πstart FPSB Bt

Πsanction vickrey Bt Πsanction (buyers
{buyerlogin∗|#buyers} credit {credit∗|credit|
unkown} sellers {sellerlogin∗|Market} mode
{automatic, uniform one auction data,
one auction sellers, fishmarket}

It is a strategy observed in this tournament and previous, to classify the
auction by length. Each kind of auction lead to a different strategy:

– In short auctions an aggressive strategy is used, trying to buy almost at
starting price. If the credit is enough, this is an admissible strategy because
the total money is more than the cost of all the goods. There are no time to
consider the characteristics of the goods, because probably not all the money
could be spent. The better good is that with a better ratio between starting
price and resale price.

– In medium auctions a more deliberative strategy is necessary. The total
money of the agents is almost enough to buy all the goods, so the agents
had to be selective and compete for the best goods. The last goods of the
auction can be interesting because their price can be lower.

– In long auctions the planning is very important. The cost of the goods are
more than the total market money. The agent has to decide what goods
are interesting because its price and its position in the auction. It could be
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Table 5. Semantics of the messages exchanged between a buyer and the auction house.

Predicate Semantics
exit Leave the marketplace.
admission Request for admission.
bid Bid at the current price.
deny Refuse requested action.
accept Accept access to scene.
open auction The auctioneer opens a new auction.
open round The auctioneer opens a new bidding round.
good Features of the good in auction.
buyers List of participating buyers.
goods Lot of goods to be auctioned.
offer Current offer called by the auctioneer.
sold The good in auction has been sold.
sanction Sanction imposed on a given buyer.
expulsion Buyer expelled out of the market.
collision Multiple bids at the same price (DBP).
withdrawn Reserve price reached. Good withdrawn.
end round Bidding round over.
end auction Auction over.
closed market End of market session.

an interesting strategy to wait until all the competitors had spent all their
money in order to obtain better prices. In this kind of auctions an accurate
estimation of the reserve price is very important.

The other information from the auction that had almost all the consensus
was the quotient between the total resale value of the goods of the auction and
the total market money. This value can be uses as an estimation of the mean
expected benefit. To outperform or underperform this value is an indicator of
the performance of the agent. This measure is correlated to the behavior of the
auction and allow to not to observe individually to each competitor.

This expected benefit can be updated during the auction by the bought of
the agents. This allow to change the behavior of the agent because the raise or
fall of the expected benefit.

Almost all the agents used this ratio as base value in order to decide its bid.
If the initial benefit of the good is lower than the mean benefit, then the good is
not interesting and, either the bid is not done, or the agent wait until the price
drops to a more interesting one.

The agents used other complementary values to correct the bidding price
obtained from the calculation of the mean benefit. For example, the benefit of
the best agent, the remaining credit of the competitors and heuristical factors
obtained by experimentation during the private auctions that were held before
the official tournament.
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Due to that in long auctions to wait until almost the end of the auction is a
profitable policy, the estimation of the reserve price becomes important. Every
agent has a way to estimate the reserve price. Some agents do the estimation
dynamically, trying to learn this price from the auction, others used a constant
percentage from the initial price. Obviously, the agents that try to estimate the
reserve price dynamically obtained better results.

The strategies to determine the reserve price were diverse, but based on
statistical estimation. Because the real reserve price is unknown, the difference
between starting price and the lower price payed for the goods is a good initial
estimation. This estimation can be corrected using the price observed when a
good goes out of market, circumstance that can be observed in long auctions.
Some agents tried to estimate the reserve price for each kind of good. Due to
the relative shortness of observations those estimations were less accurate that
those from the agents that tried to estimate a global reserve price.

Planning and learning were rare among the agents of the tournament. Some
agents tried to plan beforehand the goods more attractive, estimating the op-
timal bid and distributing the available money among them. All allowed a dy-
namical redistribution of the bids if the chosen goods were bought by another
competitor.

Just two agents tried to use learning between auctions to improve their per-
formance. The first, used the comparison between the benefit obtained and the
benefit of its competitors in order to reduce or increase the bidding price in
the next auction. the second used a more sophisticated learning mechanism ba-
sed on reinforcement learning. This strategy used Q-learning in order to decide
the optimal benefit for each good from the own actions and the actions of its
competitors.

5 The Results

The competition was organized in three eliminatory rounds. The first round divi-
ded the agents randomly in four groups. Each group competed in a tournament
as specified in section 3. From each group only the two best were chosen.

In this round the agents with a weak strategy obtained a significant less per-
formance than the more elaborated agents. This year, in contrast with previous
tournaments, the level of cooperation between the groups were very low. Only a
small number of agents participated on private tournaments. Most of the agents
that were eliminated in this round were the non cooperative ones. This gives an
idea of how important is cooperation and interaction during the developement
of agents.

The second round paired the winning agents of the first and second group
and the agents of the third and fourth group. In this round also the two best of
each group passed to the final round.

In this round the competition was hardest. In the first group the difference
among the three firsts agents were very short. In the second group there was a
clear difference between the first two agents and the other two competitors.
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The strategies of the winners of this round were not significantly different
from the rest, but included some the agents that used some kind of learning and
adaptation.

Surprisingly, the winner of the final round was the agent with the simplest
strategy of the four competing agents. Those are the four agents of the final
round and their strategies:

HumbleJES: This is the winner agent. The basis of this agent is the ratio
between the resale price of the remaining goods and the total credit of the
agents. This ratio is weighted using a value that is an estimation of the
desired benefit. This expected benefit is a constant that is not changed during
the competition.
This value is used to estimate the bid for the actual good. This price is cor-
rected with the information about the money available for the other agents.
If this value is greater than the price that can be paid by their competitors,
it is adjusted to a little more than this quantity. If the competitors can not
buy the good, then the price is adjusted to the estimated reserve price.

Garsa: This is the second agent. The basis of this agent is also the expected
benefit obtained as a ratio of the resale price of the goods and the money
available, but in this case, this ratio is calculated at the beginning of each
auction. This value is modified using the behavior of the other agents. If
the rest of agents bid to a price higher that the calculated, the value is not
touched. If the other agents bid to a lower price, the benefit is adjusted to
obtain a bid slightly higher that the bid of the competitors, increasing the
own benefit.
This agent detects when the competitors have not enough money to buy more
goods. When this happens, the bid is adjusted to a statistically estimated
reserve price.

The Pretender: This is the third agent. This is the more sophisticated agent,
it uses reinforcement learning (Q-learning)in order to learn what is the bet-
ter price for a good. It uses a probability matrix indexed by resale price
and expected benefit. This matrix stores the probability distribution of the
optimal benefit for a given resale price. The matrix was initialized with a
priori probability distributions obtained from the private tournaments.
Three different reinforcements are used during the auction. A positive rein-
forcement if the current bid is successful and is considered a good bid, a
negative reinforcement if it is considered that the actual bid benefit has to
change and a negative reinforcement if the actual did benefit of the agent is
high. A set of rules allow to decide what kind of reinforcement is necessary.
These rules evaluate different information, as the number of remaining ro-
unds, the performance of the competitors or the number of competitors with
enough money. The learning is done in each auctions, so the information of
the previous auctions is not maintained.
This probability matrix adapts to the behavior of the market, and predicts
the most probable benefit that the competitors desire to obtain. This infor-
mation allow to advance the bid and to buy before than the competitors.
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TokOchons: This is the fourth agent. The strategy of this agent uses two in-
formation. The first is a variation of the ratio between the resale price of the
remaining goods and the remaining market money. This information allow
to guess the expected benefit. The second source of information is a function
that give a measure of how interesting is a good. This function combines the
relative and absolute benefit obtained for a given bid.
This bid is corrected using different parameters. The more interesting is a
value that measures the proportion of the market money that the agent
owns. If the proportion is great, this means that the agent almost has not
competitors, so, the expected benefit can be raised.
This agent stores the past auctions in order to analyze them. If the current
auction has a similar number of rounds that a past auction, its information
is recalled. If in this past auction some money was not spent, the bids are
raised in order to spent all the money, increasing the benefit by buying more
goods. If the winner of this past auction obtained a benefit higher than ours,
the expected benefit for the current auction is raised in order to pay less for
the goods.

In the figure 6 can be seen the evolution of the objective function (see section
3) that measured the performance of the agents. It can be seen that the agent
HumbleJES performs significatively better that the others from the start of
the competition, the other tree agents are in a tie until auction number seven, in
this point the agent garsa starts outperforming the other two agents. It seems
that the learning procedures of this two agents are not a real advantage against
the other two strategies.

6 Conclusions

Some conclusions can be drawn from this tournament. First of all, that more
sophisticated strategies has not evident advantage against simple ones. The best
agents use an strategy based on market information without neither trying to
model the other agents not use learning from experience to improve their per-
formance. This does not means that this characteristics are not desirable. An
adequate learning policy could overperform simple strategies in a more dynamic
environment.

The other conclusion is the significance of competition in the developement
of this kind of agents. At has been said, only the agents from the people that
decided to share their knowledge and competed in private tournaments were
successful. The need to test a strategy are crucial for its developement. It is
difficult to have success without interaction.
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13. J. A. Rodŕıguez-Aguilar, F. J. Mart́ın, P. Noriega, P. Garcia, and C. Sierra. To-
wards a test-bed for trading agents in electronic auction markets. AI Communi-
cations, 11(1):5–19, 1998.
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