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Abstract — With the increasing importance of Elec-
tronic Commerce across the Internet the need for soft-
ware agents to support both customers and suppliers in
buying and selling goods/services is growing rapidly. It is
becoming increasingly evident that in a few years the
Internet will host a large number of interacting software
agents. Most of them will be economically motivated, and
will negotiate a variety of goods and services. It is there-
fore important to consider the economic incentives and
behaviours of economic software agents, and to use all
available means to anticipate their collective interactions.
This paper addresses this concern by presenting a Market
Simulator designed for analysing agent market strategies
based on a complete understanding of buyer and seller
behaviours, preference models and pricing algorithms.
The system includes agents that are capable of in-
creasing their performance with their own experi-
ence, by adapting to the market conditions. The
results of the negotiations between agents will be
analysed by Data mining tools in order to extract
rules that will give the agents feedback to improve
their strategies. We will describe the characteristics
and technologies involved in the architecture we are
specifying and developing.

Keywords: Intelligent agents, Electronic Market-
places, Dynamic agent strategies, Decision-Making,
Recommender systems.

I. INTRODUCTION

As the result of technological developments Elec-
tronic Commerce is emerging as the new way of doing
business. We believe that, over the course of the next
decade, the global economy and the Internet will merge
into a global market with billions of autonomous soft-
ware agents that exchange goods and services with
humans and other agents. Agents will represent, and
be, consumers, producers, and intermediaries.

The transition to the global economy is an evolu-
tionary step. The tremendous pressures that have fu-
elled the rapid growth of Electronic Commerce in the
last few years will continue to drive automation, and
some of this automation will be encapsulated in the
form of software agents. As they grow in sophistication

and variety, software agents will begin to interact, not
just with humans, but with each other too. Interactions
among agents will be supported by a number of efforts
that are already under way, including standardisation,
of agent communication languages, protocols, and
infrastructures by organisations such as FIPA [1] and
OMG [2], and numerous atiempts to establish stan-
dards in ontology’s for numerous domains.

When interactions among agents become suffi-
ciently rich, a crucial qualitative change will occur.
New classes of agents will be designed specially to

- serve the needs of the other agents.
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The agents we are envisaging will not be just assis-
tants to business process. They will be economic soft-
ware agents: independent, self-motivated economic
players, endowed with algorithms for maximizing
utility and profit on behalf of their human owners.
They will add value to their activities by, synthesising,
filtering, translating, and mining.

However, it would be dangerous to assume that
theories and intuitions based on centuries of experience
with human economic agents will be directly applica-
ble to understand, anticipate, and controller the behav-
iour of markets in which software agents participates.

With these issues, as underlying motivation for our
work, we will present a multi-agent market simulator,
ISEM (Intelligent System for Electronic Market-
Places), based on the model proposed by us in [3,4,5],
designed for analysing agent strategies for a market
based on a complete understanding of buyer behaviour,
preference model and pricing algorithms. This simula-
tor has been selected to be included in a book about the
application of agents in Electronic Commerce in
Europe [6]. The main objectives will be described as
follows.

First, the ISEM addresses the complexities of on-
line buyer behaviour by providing a rich set of behav-
iour parameter. Second, the ISEM provides available
market information, which allows seller agents make
assumptions about buyer behaviours and preference
models. On the other hand, buyer agents make assump-
tions too, about their owners preference models and
seller agent behaviours. Third, the different agents
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customise their behaviours adaptively, by learning each
users preference model and business strategies.

The learning agent capacity is achieved through
Data mining techniques applied on-line during the
market sessions.

We will describe the characteristics of the ISEM
simulator that we are specifying and developing, focus-
ing specially on the performance of the seller and
buyer agents. The negotiation model and the interac-
tion between agents are also detailed in another sec-
tion. A special highlight is given to seller and buyer
agent’s strategies, decision algorithms and Data mining
techniques used.

II. THE ISEM CONCEPT

ISEM is a multi-agent market simulator designed for
analysing agent strategies. The underlying structure of
ISEM is that a simulation-based approach can model
more diverse and complex scenarios, rather than the
general case. By using a simulator prior to conducting
marketing experiments, sellers and buyers can develop
an intuitive understanding of the theoretical findings
and use this knowledge to develop a more sophisti-
cated strategy implementation.

The economic motivation for agent-based simulators
is also important in other fields. For example,
MASCEM is an ageni-based simulator for the new
electricity markets. This system was developed in our
group and was recently selected as a worldwide case
study of the conjunction between agents and markets
[71;

We propose a simulator designed for analysing
agent strategies for a market that has finite resources
and capabilities. Furthermore, seller agents make as-
sumptions about buyer behaviours and preference
models based on available market information. More-
over, in most cases, agent actions typically mutually
affect one another.

Different kinds of marketing strategies require dif-
ferent types of market information. The market stores
all information about transactions, user profiles and
other relevant information like users behaviour in a
database that will be analysed with Data mining tech-
niques in order to extract knowledge that give agents
feedback to improve their strategies.

The benefit of our simulator is its ability to model
diverse and complex scenarios, rather than only simpli-
fied cases. By producing tangible, numerical results,
the ISEM has enabled us to explore the possibilities
and potential for dynamic agent market strategies
within these complex markets.

These ideas seem very promising and innovative,
when compared (o other approaches that study dy-
namic market strategies for finite markets, such as the
work of Gallego and van Ryzin [8], Biller et al. [9],
and J. M. DiMico et al. [10].

Gallego and van Ryzin, addressed the challenges of
dynamic pricing in markets with a finite time horizon
and inventory, but from a theoretical standpoint. They

116

examined a deterministic version of the problem by
making the assumption that consumer’s demand curves
do not change over time. They conclude that the opti-
mal pricing strategy is “jittery” and requires constant
price adjustments. For them a fixed-price strategy
works “surprisingly well” when the demand curve is
known, but what our analysis of pricing strategies
emphasises is that we cannot assume perfect knowl-
edge of the demand curve.

In a recent analysis of the automotive industry,
Biller et al., designed a theoretical model for applying
dynamic pricing to a marketplace with unknown
changing demand levels, they demonstrate that under
fluctuating demand there is always a dynamic pricing
strategy which is more successful than a fixed-price
strategy; but their model does not account for con-
straints in inventory.

Very relevant is the work of J. M. DiMico et al.,
with the Learning Curve Simulator, a market simulator
designed for analysing agent pricing strategies in %
market under finite time horizons and fluctuation de-
mand. This perspective on dynamic pricing focuses on
how a seller can take advantage of the fluctuations in
cumulative buyer demand over time; however they are
interested in analysing only agent pricing strategies for
sellers.

The results obtained with these approaches can be
duplicated in ISEM. On the other hand our simulator
works as a tool for buyers and sellers analysing dy-
namic agent market strategies, enriched by the inclu-
sion of Data mining techniques for discovering new
knowledge resulting from the last negotiations.

III. ISEM MARKETPLACE MODEL

ISEM works like an open market where buyer and
seller agents meet in the marketplace. There are differ-
ent types of agents in our model: market facilitator,
sellers, buyers and market knowledge.

The market facilitator agent plays the role of a mar-
ket coordinator and its main goal is the correct func-
tioning of the market. It knows the identities of all the
agents present in the market, regulates the negotiation
process and assures that the market is functioning ac-
cording to the established rules. Before entering the
market, agents must first register with the market facili-
tator, specifying what kind of role they will play: play-
ers € {buyer, seller, market knowledge}, and what
specific services they are prepared to do:

services € {request for proposal, proposal, buy,
sell, request for market information, pro-
vide market information}

Seller and buyer agents are the two key players in
the market, so we devote special attention to them,
particularly to their business objectives and strategies
to reach them. In order to be competitive in today’s
economic markets, buyer and seller do not need only to
be efficient in their business field, but also to be able to
quickly react and adapt to new environments as well as

-
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to interact with other available entities. The control
architecture adopted for the design of those agents
should meet these requirements, having a similar struc-
ture but with a kind of symmetrical behaviour (due to
their antagonistic business objectives), figure 1 de-
scribes our proposed buyer/seller agent structure.

The structure comprises four functional modules:
communication, individual knowledge, decision mak-
ing & coordination, and execution.

The communication module is responsible for all
processes related with message handling. Incoming
messages are ordered by degree of importance and time
of arrival. Outcoming messages are sent only to those
agents that are known to be possibly interested in that
particular service. Agents use ICL — Interagent Com-
munication Language (see section 6 for details), to
exchange messages between themselves.

The individual knowledge module contains informa-
tion about the agent itself: own capabilities, current
availability, past experiences and strategies. Through
the analysis of historical market results, this module
constructs the profile of each agent in the market, par-
ticularly in what concerns their capabilities, business
objectives, risk preference, reservation prices, expected
prices, last proposes and results obtained. Agents have
different historical information regarding the accep-
tance and rejection of their own previous experiences.

Communication Module

Individual Knowledge Module

Decision Making & Coordination Module \I

Execution Module

Figure 1- Seller and buyer agents structure

The decision making & coordination module is the
most complex one. This is the module that determines
the agent’s behaviour: On the seller side, how to for-
mulate a proposal (PP) in response to a request for
proposal (RFP) and which strategy to use; on the buyer
side, how to formulate an RFP, select a strategy to use,
and evaluate and choose a PP. This module is being
improved with an algorithm that analyses several pos-
sibilities and applies a decision method to select the
best strategy to follow. A detailed description is pre-
sented in the section 5.

The execution module warrants the effective carry
out of the local tasks that agents are responsible.

The number of seller and buyer agents in each sce-
nario is completely defined by the user, who can define
the model to be simulated, how many sellers, how
many buyers, which products and their description,
which strategy each one will use and how many nego-
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tiation periods will be simulated. The different agents
negotiate autonomously, in order fo reach agreements
about product transactions.

The market knowledge agent is a special agent in-
cluded in ISEM, which plays the role of “power”
agent. This agent has access to market knowledge,
which contains information about the organisational
and operational rules of the market, as well as informa-
tion about all different running agents, their capabili-
ties, historical information and also market. The market
previsions and agent behaviour models are achieved
with Data mining techniques applied through data
resulting from agent negotiations and information
about all agents. The market knowledge agent is a kind
of information provider; moreover the other agents can
request their services.

The ISEM facilitates agent meeting and matching,
besides supporting the negotiation model. In order to
have results and feedback to improve the negotiation
models and consequently the behaviour of user agents, *
ISEM simulates a marketplace for a fixed period of
time, and it considers that this limit is composed by a
regular number of periods, which can represent one
day, for example. At a particular day, each agent has an
objective that specifies its intention to buy or sell a
particular product and on what conditions.

A.  Market Strategies

It is well understood that some buyers will pay more
than others for a product because they attach great
value to the benefits it offers or it can occur that some
buyers will be ready to buy any product from a certain
category of products. But in the real world, companies
have trouble tailoring products/prices to customer
segments, particularly retail segments, either because
those companies cannot identify which customers to
target before a purchase or because it is difficult to
customise offerings.

On-line companies can quickly segment their cus-
tomers by drawing upon multiple sources of informa-
tion, from click stream data on the current on-line
session to customer buying histories tracked in data-
bases.

Once a retailer can identify an on-line customer
segment, that retailer can immediately offer a segment-
specific price or product. However, this unfortunately
causes the explosive growth of data, which requires a
more efficient way to extract useful knowledge.

One the other hand, people have gradually noticed
that Data mining not only can offer very meaningful
knowledge about customer shopping behaviours by
analysing the transaction data in the past, but also can
improve the efficiency and quality of managerial deci-
sion making.

The ISEM simulator has the advantage that all agent
interactions are logged at a transaction level of detail,
which provides a rich source of business insight that
can help to customise the business offerings to the
needs of the individual agent buyers.
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Data from multiple agent negotiations are manipu-
lated to create “basket” records showing product pur-
chases with also data behaviour of each buyer agent.
This data is combined and manipulated with A priori
algorithm [11] to discover associations between buyer
details and purchases. The best association rules, those
with a strong support and confidence, are extracted and
transferred to the market knowledge agent. With this
kind of knowledge it is possible to provide insight to
the sellers agents about the profiles of buyer agents
with certain purchase propensities, showing associa-
tions between price, style, etc.

ISEM also allows sellers agents to define targeted
marketing strategies. This entails systematic analysis of
agent buyer behaviour. For that a Two-Step clustering
algorithm [12] designed to handle very large data sets,
with both continuous and categorical attributes, is used
to target buyer agents with similar characteristics in the
same agent group. Afler agent clustering a rule-based
modelling technique, C4.5 algorithm [13], is used to
analyse those clusters and to obtain descriptions based
on a set of aftributes collected in the individual knowl-
edge module. These models offer a set of market in-
formation: preferred sellers, preferred marks, favourite
products and reference prices about each buyer agent.

Only players with more sophisticated strategies will
take advantage of this new knowledge by requesting
the services provided by the market knowledge agent.

IV. NEGOTIATION MODEL

The negotiation model used in ISEM is bilateral
contracting where the buyers are looking for sellers
that can provide them desired products at the best
price. ISEM simulates bilateral contracts through a
series of Requested for Proposals (RFP) that are initi-
ated by the buyers.

The buyer formulates a request for proposal for each
product. As shown in figure 2, the market facilitator
agent sends these RFP’s to all available sellers.

The sellers analyse RFP’s and formulates proposals
(PP), and send these PP’s to the buyers directly. The
PP includes products and attributes.

The buyer evaluates the PP’s received and either ac-
cepted or rejected, based on the user profile (see sec-
tion Buyer Performance for details).

Seller can formulate two types of proposals: a Pro-
posal for the product requested by the buyer or a Pro-
posal for a related product, according to the buyer
preferences model (see section Seller Performance for
details).

On the basis of the bilateral agreements made
among market players and lessons learned from previ-
ous bid rounds, both buyer and seller agents revise
their strategies for the next negotiation rounds and
update their individual knowledge module.
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Buyer Agonts
Formulate Request for Proposal (RFP)
RFP m {Agtld, Good, Attr}

—

Market Facilitator Agent
Analyse RFPs and sond to availabhle
Seller Agents

Soller Agonts
[Evatuah RFPs and Formulate Proposals
PP = (Agtld, PPId, Good, Attr}

Next Round

Buyer Agonts
Evaluate and Accept/Reject Proposal

l

—1 Rovise Strategies based on
previous rasults

Figure 2- Sequence of bilateral contracts

V. AGENTS STRATEGIC BEHAVIOUR MODEL

The Market simulator is organised in several nego-
tiation days and both seller and buyer agents have
strategic behaviour to define their business actions.
These agents have time-dependent strategies to change
the price during a negotiation period; and behaviour-
dependent strategies to define the next period parame-
ters according to the results obtained in the previous
ones. Buyers and sellers develop their behaviours and
strategies based on a combination of public informa-
tion (available by requesting the services provided by
the market knowledge agent) and private information
(available only to the specific agent at their individual
knowledge module).

It is expected that each agent develops the individ-
ual knowledge module with historical information,
since they have different behaviours and consequently
different results. On the basis of results from ISEM
simulations, the agents update their price expectations
and strategies. The maintenance of an individual
knowledge module is extremely important since the
negotiation model used at ISEM is bilateral contract-
ing; the results of the bilateral transaction are not pub-
lic.

On the other hand the possibility to request for mar-
ket knowledge also provides a great support for agents
that have more sophisticate behaviours. Agents that
want to follow their business objectives without com-
promise the main one, to sell/buy, needs to be more up
to date, since they must be informed with the real de-
mand/offer. Those agents usually have better results
and frequently have power to influence the market.

The strategic behaviour of agents and their mecha-
nisms of analysing different possibilities to support
decision-making will be detailed in this section.

A. Buyer Performance

The user defines the behaviour of the buyer agents
in the market, both in terms of their behaviour over
time and their behaviour on a per day basis.

Each buyer has a set of products that it wants to buy.
For each product the buyer has information about at-
tributes and products alternatives if any. Buyers will
analyse the sellers Proposals and two types of propos-
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als are possible: a Proposal for the requested product or
a Proposal for related products. First it sorts the Pro-
posals for the requested product by price and selects
the best price, which will be compared to its own val-
ues. If it finds a seller Proposal satisfactory then it will
contact directly the seller agent in question, otherwise
if the buyer agent has a preferred “seller” then it can
increase the reserve price (e.g. plus 10%). Otherwise
the buyer will analyse the Proposals for related prod-
ucts and compare with its preferences, if it finds a
proposal for an alternative product, accordingly to the
user preference model, then it will start a similar analy-
sis for the alternative products.

Buyer agents always try to buy for the best price
even if the best offer does not satisfy all the units re-
quired.

Over the course of the market, the collective behav-
iour of buyer agents is defined by three variables: the
lifetime, the maximum price, and its strategy. The
lifetime parameter indicates how many days they are
disposed to wait in the market, continuously looking

for the best deal. Indirectly, the lifetime of buyer’

agents determines the number of buyers in the market
each day. Pre-existing buyer agents return if they were
unable to purchase in the previous days and their speci-
fied lifetime has not expired.

The buyer agents can use time-dependent to change
the price under a negotiation day, which determines
how agents average reservation prices, or valuations,
change over the time, according to the time they have
to negotiate and limit their parameters, such as the
maximum price they can support. Determined, anxious,
moderate and gluttonous strategies are supported [3].
The first one is a fixed-price strategy, and the others
differ depending on both the point in time when the
agent starts to modify the price and the amount it
changes.

To adjust negotiation parameters between periods,
also referred as behaviour-dependent strategies, two
different strategies were implemented: one called
modified goal directed for buyers (MGDB) [5] and
another called fragmented demand (FD) [3].

The MGDB strategy is based on two consecutive
objectives; buying all the units required for a given
product and then reducing payoff. Following this strat-
egy, buyers will raise their price if, in the previous day,
they didn’t meet their consumption needs and decrease
the price if they succeeded in meeting their needs.

The FD strategy calculation, shown in (1), (2) and
(3), adjusts the demand per day by attempting to reach
the goal of buying its entire needs by the last day of the
market, and not before, this strategy paces its pur-
chases over the market, with the goal of buying all the
units needed but with less cost.

(1) UnitstoBuy ; = ExpGoodsto Buy; — TotalUnits Bought ;_,
i—-1
(2) TotalUnits Bought ;| = Z UniisBough 1,

n=1
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(3) ExpGoodsto Buy; =i '[—MJ

DaysinMark et

The results obtained with FD strategy show that al-
low buyers to save money; however, sometimes they
are not capable of buying all the needed units, because
while waiting to buy till the last day of market buyers
may loose the chance of buying.

B. Seller Performance

The user defines the behaviour of the sellers in the
market, both in terms of their behaviour over time and
their behaviour on a per day basis. Every day each
seller agent has a set of products that it wants to sell.

The sellers will analyse the Requested for proposals
sent by the market facilitator agent and formulate pro-
posals, and send them to the buyer agents directly.
Each PP includes product and attributes.

Seller agents can formulate two kinds of Proposals:
when the seller agent has the product requested then it
formulates a Proposal for this product; when the seller
agent does not sell the product requested it is expected
that it can be pro-active, by asking for the services
provided by the market knowledge agent to suggest a
feasible alternative Proposal.

The seller agents formulate an alternative Proposal
supported by an overall utility function, which reflect
the business objectives of the user that it represents. In
practice the seller agents that are capable of using this
market functionality, request the services provided by
the market knowledge agent in order to obtain informa-
tion about product associations; then the seller agents
will analyse the provided list in order to find one or
more products that it sells. The choice between possi-
bilities is based in an expected utility function and
agent risk characterisation (see section Agent Risk
Preference for details). The price to propose for an
alternative product is obtained with the strategy, alter-
native price (AP): which calculates the price to pro-
pose based on: the sell price of the alternative product,
weighted by the value of the strength of its association
and supported by the individual agent knowledge mod-
ule.

It is expected that agents with more sophisticated
behaviours use this module to improve future propos-
als. Each seller agent has a set of business objectives
and an agent risk characterisation, which will deter-
mine how the sellers will behave.

Seller agents can also use the same time-dependent
strategies and two behaviour-dependent strategies: the
modified goal directed for sellers (MGDS) [5] that
adjusts its price by attempting to reach the goal of
selling the entire inventory by the last day of the mar-
ket, by lowering prices when sales in the previous day
are low and raising prices when the sales are high in
the previous negotiation day, and the derivative follow-
ing (DF) strategy that can be weighted by seller satis-
faction (DFWS) or by the previewed demand for a
specific good (DFWPD) [3,5]. This strategy adjusts its
price by looking to the amount of revenue earned on
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the previous day as a result of the previous day price
change. If in the previous day, the price change pro-
duced more revenue, then the strategy makes a similar
change in price. If the previous change produced less
revenue, then the strategy makes an opposite price
change. This strategy calculation, shown in (4), (5) and
(6), is based on a derivative-following strategy pro-
posed by Amy Greenwald, Jeffrey Kephart, and Gerald
Tesauro [14]. The working principle is the same; how-
ever, we have adapted the calculations.

The DF strategy considers the revenue the seller
earned in the last period as a result of the previous
price change and based on the percentage of buyers
that we expect to satisfy (% Satisf) or the value for
previewed demand (Demand) which allows to do
changes that will be done accordingly to buyer loyalty
and to demand expected for a given product.

Seller agents can obtain these values by requesting
the services provided by the market knowledge agent
and/or at their individual knowledge module.

(4) Price;,) = Price; + Change; ) !
(3)
UnitsSold; ~ ExpGoodsSdd ; 1
Change; | = Price; * s

ExpGoodsSdd ; * a (%Satisf | Demand) + f§

5 Initiallnvento
(6) ExpGoodsSold; =i * L oLl

DaysinMarket

Instead of adjusting the price each day by a fixed
percentage, the formula scales the change by a ratio to
sell the entire inventory. The amount of change in-
creases with the difference between the amount of
units the seller wanted to sell and the amount it actually
sold. B and o are scaling factors.

We implemented these strategies and have already
obtained some results [3,5]. The following example
illustrates some differences in how behaviour-
dependent strategies performed.

Let us consider a simple scenario with few sellers
and few buyers using time-dependent and behaviour-
dependent strategies. In every trial we present, the
market has 10 days, each seller has 200 units and each
buyer wants 150 units of the same good (ex: mobile
phone). We test the strategies under a comparison-
shopping and with preferences for certain sellers over
others. All sellers start with the same price and each
buyer are able to pay different prices. All of the traders
have the last day of functioning of market as deadline
to do their transactions. We pretend to analyse which
behaviour-dependent strategy is appropriate under
these specific conditions.

In a competitive market, the adaptive pricing strate-
gies react to the others strategies in the Market in addi-
tion to the buyers demand. As we can see in figure 3 all
the sellers achieve their goal, to sell almost everything.
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Figure 3- The modified goal directed for sellers and deriva-
tive following weighted by satisfaction strategies

After carefully analysing the results, we can observe
that the DFWS strategy produces a high amount of
revenue and often sells more units than the others seller
agents using MGDS strategy.

The success of a DFWS depends on the starting
price it chooses, and the percentage of buyers satisfied.
When DFWS sells approximately the same amount of
inventory as MGDS, usually produces more revenue
than the MGDS strategy, and frequently occurs that,
even DFWS sells less amount of inventory, it usually
produces more revenue than MGDS, since this one
makes dramatic price changes. This occurs because the
MGDS strategy spreads out its sales, including selling
on the last days when prices approaches minimum.
Another important issue is that MGDS does not take
into account the percentage of buyers that are satisfied
when making price changes. Moreover, we can con-
clude that when the demand is less than the most com-
petitive seller’s available capacity, the seller will lose
money when using the MGDS. The seller will decrease
the price and try to sell more, which won’t be possible
because of insufficient demand. However, MGDS
strategy can be valuable, particularly to increase mar-
ket share when two or more sellers are competing di-
rectly because of similar proposed prices.

In general DFWPD has the same behaviour as
DFWS; nevertheless some times projections for de-
mand are subject to uncertainty. This uncertainty arises
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from such factors as weather forecast errors, inaccurate
projections of type and number of future customers.

It would be interesting to develop another strategy
that combines the two seller described strategies. This
way, an agent could select the most suitable strategy
for each negotiation period on the basis of market
conditions and business objectives: if a seller con-
cludes that the demand is lower than its available ca-
pacity and it pretends increase profit, it will use
DFWS/P, otherwise, if it pretends increase market
share, it will use MGDS; Moreover, if it concludes that
a competitor has similar prices, and it pretends increase
market share, it will use the MGDS, otherwise it will
use DFWS/P.

Buyers using time-dependent strategies always try
to buy all units as soon as possible what is equivalent
to have more expenses. On the other hand, when buy-
ers choose the FD strategy, frequently, bought the
requested units, with les costs.

Although these strategies are computationally

straightforward, they are surprisingly robust under

extremely different market conditions.

C. Agent Risk Preference

Agent risk preferences are broadly classified into
risk-avoidance, risk-indifference and risk-looking. The
risk preference is modelled by using a von Neumann-
Morgenstern expected multi-objective utility function.
On the other hand each agent has a set of business
objectives, like: minimizing inventory, maximizing
profits or maximizing revenue, increasing market
share. Different agents may have different types of
objectives. Moreover, individual agent objectives may
conflict with each other, since the achievement of one
objective may negate the achievement of other objec-
tives.

Each objective of an agent is represented by a mini-
mum expected value (X,), a maximum expected
value (Xma), and a risk preference (RP). A scaling
factor (k) for each objective is used to compute the
overall expected utility as the sum of all single-
objective expected utilities weighted by k.

We will illustrate these concepts with a simple ex-
ample: Consider two seller agents, seller A, using risk-
avoidance, and seller B, using risk-looking, which will
formulate a proposal for an alternative product. First
they need to request the services provided by the mar-
ket knowledge agent to obtain information about prod-
uct associations; then the seller agents will analyse the
information sent by the market knowledge agent and
suppose that they find four associations that they are
available to propose. It is expected that the agents
choose the first one to formulate an alternative pro-
posal (the strongest associated), but the seller agents
have to follow their business objectives. Suppose that
they have just the same, maximizing revenue, they
need first to calculate the respective utility function for
all possible alternatives, and then they will be able to
choose the best one that guarantees their business ob-
jective.
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For example, for the first one alternative product
ABC: price 100€, 1 unit required and 80€ for revenue,
the utility of the seller A, risk-avoidance, is higher than
that of the seller B, risk-looking agent, as shown in the
following figure.

RO D > () rigk-
looking

WEEEORP < 0 risk-
avoldance
RP = 0 risk-
indifference

Utility

Revenue (%)

Figure 4- Example of an increasing utility function with risk
preference, considering the revenue

Risk-preference choice will lead to different behav-
iours, the risk-avoidance agent may prefer respect the
suggestion made by Data mining tool while the risk-
looking agent may not be satisfied with the low utility
and will try to increase this utility by choosing another
suggested alternative product, even with a weak rela-
tionship.

VI. IMPLEMENTATION

We developed the ISEM in the Open Agent Archi-
tecture (OAA) and Java. OAA, developed at SRI Inter-
national [15], is a framework for integrating a commu-
nity of heterogeneous software agents in a distributed
environment. It is structured to minimise the effort
involved in creating new agents, written in various
languages and operating platforms; to encourage the
reuse of existing agents; and to allow the creation of
dynamic and flexible agent communities. The OAA
Interagent Communication Language is the Interface
and communication language that all agents share, no
matter which machine they are running on or language
they are programming in. Because the OAA framework
isn’t specifically devoted to developing simulations,
we made it suitable by extensions; for example, we
included a clock to introduce the simulations time
evolution mechanism.

Even in our initial exploration of a simulation-based
approach with the ISEM, where simulation speed was
not a primary goal, we had already incorporated the
multi-threading concept. Each agent is implemented in
Java, as a Java Thread. The model can be distributed
over a network of computers, which is a very important
advantage to increase simulation runs for scenarios
with a huge amount of agents. The speed of each simu-
lation run depends on the number of buyer agents and
the respectively number of different products to buy, as
more buyer agents with a large number of different
products are added to the simulator, the simulation
time increases linearly.

Figure 5 shows the prototype interface for a simple
scenario with two seller agents and two buyer agents.
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Figure 5- OAA prototype interface

VII.CONCLUSION

In the near future, agent market strategies will be a
common competitive manoeuvre for electronic market-
places. Different kinds of marketing strategies require
different types of market information. The availability
of such information will be vital for supporting market-
ing and sales. Also important is the development of
agent-based tools that will help retailers in understand-
ing what kinds of electronic market strategies are ap-
propriate.

This paper proposes an approach for the problem by
suggesting the use of a multi-agent simulator, ISEM,
designed for analysing agent strategies for a market,
based on a complete understanding of buyer and seller
behaviours, preference model and pricing algorithms.
In this context, the inclusion of Data mining function-
alities in our simulator is a new important improve-
ment, to deal with aspects like client clustering, fore-
casting, etc. ISEM works as a platform for evaluation,
enriched with the ability to segment the buyer popula-
tion into different sub-groups that behave independ-
ently. This allows the modelling of mixed populations
such as a group of brand loyal customers combined
with a group of committed comparison customers. This
will determine what seller adaptive strategies are ade-
quate to focus on each subgroup. Another important
particularity of ISEM simulator is the inclusion of a
buyer behaviour-dependent strategy, able to adapt
based on observed market changes. We believe that by
using a simulator sellers and buyers could develop an
intuitive understanding of the theoretical findings and
use this knowledge to develop a more sophisticated
strategy implementation in real-world markets.

Directions of our future work include evaluating
additional dynamic market strategies; based on
different value-added services, for sellers and more
sophisticate behaviour-dependent strategies for buyers.
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