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ABSTRACT

Increasingly many systems are being conceptualised,mdignd implemented as mar-
ketplaces in which autonomous software entities (ageradgtservices. These services
can be commodities in e-commerce applications or data aodlkdge services in in-
formation economies. In such systems, dynamic pricinguipnosome form of negoti-
ation or auction protocol is becoming the norm for many gaoascustomers. Thus, ne-
gotiation capabilities for software agents are a centratem. Specifically, agents need
to be able to prepare bids for and evaluate offers on behalfeoparties they represent
with the aim of obtaining the maximum benefit for their usdisey do this according to
some negotiation strategies. However, in many cases ni@tieg which strategy to em-
ploy is a complex decision making task because of the inhererertainty and dynamics
of the situation. To this end, this thesis is concerned wa¥etbping bidding strategies
for a range of auction contexts.

In this thesis, we focus on a number of agent mediated e-coo@settings. In partic-
ular, we design novel strategies for the continuous douldéi@ns, for the international
trading agent competition that involves multiple inteateld auctions, and for multiple
overlapping English auctions. All these strategies hawenlmpirically benchmarked
against the main other models that have been proposed iitetaure and, in all cases,
our strategies have been shown to be superior in a wide rdrgewnstances. Moreover
all our models exploit soft computing methods, in partic@lezy logic and neuro-fuzzy
techniques. Such methods are used to cope with the sigrifiegrees of uncertainty that
existin on-line auctions and we show they are a practicaltgs method for this class of
applications. In developing such strategies we believ&wlork represents an important
step towards realising the full potential of bidding agents-commerce scenarios.



Contents

List of Figures %
List of Tables Vil
Acknowledgements IX
Chapter 1 Introduction 1
1.1 Trading Agents for On-line Auctions . . . . . ... .. ... ..... 2
1.1.1 Interacting Agents . . . . . . . .. . . .. ... 2
1.1.2 E-Commerce and On-Line Auctions . . . . . .. .. ....... 4
1.1.3 Trading Agents . . . . . . . . . 4
1.2 ResearchAIms . . . . . . . . . . . . . e 6
1.3 Research Contributions . . . . . . .. ... .. ... ... ... ..., 8
1.4 Published Papers . . . .. . .. .. . ... ... 10
1.5 ThesisStructure . . . . . . . . .. 11
Chapter 2 Agent Mediated Electronic Commerce 13
2.1 Agentsfor E-Commerce . . . . .. ... . ... 13
2.2 Agentsin B2C E-Commerce . . . . . . . . . . i 17
2.2.1 Needldentification . . . . .. ... .. .. ... ... .. ... 18
2.2.2 ProductBrokering . . . .. ... ... 19
2.2.3 Buyer Coalition Formation . . . . . .. ... ... ........ 21
2.2.4 MerchantBrokering . . .. ... .. ... ... ... ... ... 21
2.25 Negotiation . . . . . . ... 22
2.3 AgentsinB2B E-Commerce . . .. ... ... . . ... ... . 26
2.3.1 Partnership Formation . . . . ... ... ... .......... 28
2.3.2 Brokering . . . . ... 30
2.3.3 Negotiation . . . . . . ... 31
24 SumMmMary . ..o e e e e e 35



Chapter 3  Bidding Strategies for Continuous Double Auction 37

3.1 Preliminaries . . . . . . . .. 38
3.1.1 Continuous Double Auctions . . . . . . .. ... ... .. ..., 38
3.1.2 Fuzzy Reasoning Mechanisms . . . . ... ... ......... 40

3.2 TheFL-Strategy . . . . . . . . o o 42
3.2.1 Basic NotationandConcepts . . . . . ... .. ... ... .... 42
3.2.2 Fuzzy Reasoning inthe FL-strategy . . . . . ... ... ... 43
3.2.3 TheFL-strategyinOperation. . . . . . .. ... ... ..... 8 4

3.3 Evaluationof FL-agents. . . . . .. . .. ... ... ... ... ..., 50
3.3.1 The Experimental Setting . . . . .. ... ... .. ....... 50
3.3.2 Agents with Attitudes TowardsRisk . . . ... ... ... ... 51
3.3.3 Benchmarkingthe FL Strategy . . . . . ... ... ... ..... 55

3.4 Adaptive FL-agents . . . . . . . . . ... 58
3.4.1 Learning Principle for FL-agents . . . . . . . . ... ... ... 58
3.4.2 Comparison with the Other Strategies . . . . .. ... .. .. 61
3.4.3 Collective Behaviour of A-FL-agents . . . . . ... ... ... 62

3.5 RelatedWork . . . .. . . .. . ... 66

3.6 Summary . . ... e e 68

Chapter 4  An Adaptive Trading Agent for Multiple InterreddtAuctions 70

4.1 The Trading Agent Competition . . . . . . . ... ... ... ..... 71

4.2 SouthamptonTAC . . . . . . . . . . e 75
4.2.1 Classifying TAC Environments. . . . . ... .. ... ..... 67
4.2.2 TheAgentArchitecture. . . . . . ... .. ... ... ... ... 77
4.2.3 TAC Environment Recognition. . . . . . ... ... ... .... 78
424 Allocator . . . . . ... 80
4.25 FlightAuctions . . . . . . . . ... . . 81
4.2.6 EntertainmentAuctions . . .. ... .. .. .. ... ...... 83
4.2.7 HotelAuctions . . . . . . .. ... L 85
4.2.8 \Varyingthe Bidding Strategy . . . . . . . .. ... ... .. .. 09

4.3 Evaluation . . . . . . . ... 91
431 TACResults . . ... ... .. ... .. .. e 91
4.3.2 Controlled Experiments . . . . . ... ... ... ... ..., 92
4.3.3 PredictingHotelPrices . . . . . .. .. ... ... . ... .... 96
4.3.4 Strategy Adaptation . . .. ... ... L Lo 98

44 RelatedWork . . . . . .. 99

45 SUMMAary . . . . . . e e e 101



Chapter 5 A Neuro-Fuzzy Bidding Strategy for Buying Muldgboods in Mul-

tiple English Auctions 103
51 OVEIVIEW . . . . . o e 103
5.2 The Earliest Closest First Bidding Algorithm . . . . . . . . ... .. 106
53 TheFNNStrategy . . . . . . . . . . 109
5.3.1 FENNPrediction . . . .. .. ... ... .. .. ... 109
532 FNNLearning . . . ... ... ... 113
5.3.3 Evaluatingthe Auctions . . . . .. .. .. .. ... ... ..., 115
534 GoodsAllocation . . . . ... ... 117
5.4 FlightAuctionScenario . . . . . . . . . ... . e 118
5.4.1 Users Preference Settings . . . . ... ... ... ...... 181
5.4.2 Experimental Settings . . . . . ... ... ... . L. 119
5.4.3 The FNN Agent’s Learning Algorithm . . . . . . .. ... ... 20
5.4.4 Parameter Adaptation in Different Environments . ...... . . 120
5.5 Empirical Evaluation . . . . .. ... ... ... ... ... .. ... 221
5.5.1 Varying Agent Populations . . . . . .. ... ... ....... 412
5.5.2 Varying Aggregation Operators . . . . . .. ... ... .... 261
5.5.3 Varying Preference Weights . . . . . .. .. ... ... .... 712
5.5.4 Varying AttitudetoRisk . . . . ... ... ... L. 128
56 RelatedWork . . . .. . . .. . ... 129
S.7 SUMMAIY . . . . . . e e 129
Chapter 6  Conclusions 131
Bibliography 136
Appendix A Allocators’ Setup for SouthamptonTAC 150



List of Figures

2.1
2.2
2.3

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
411

5.1
5.2
5.3
5.4

Varying degree of agent automation. . . . .. ... ........... 17
Consumer behaviour buyingmodel. . . ... ... ... ....... 19
Business-to-business lifecycle model. 28
Triangular fuzzy numbex= (m,0,x). . . . . . . . . ... ... ... .. 41
Fuzzy setsin heuristicrules. . . . . ... .. ... ... ....... 44
Fuzzy sets used infuzzyreasoning.. . . . . . . ... ... .. ... 47
Utility functions of agents with different attitudes.. .. . . . . . . .. .. 52
Performance of FL-agents with different risk attitudes. . . . . . . .. 53
Performance of agents with different strategies. . 57
Risk Attitudeofanagent. . . . . . . .. . .. ... . ... ... ..., 59
Two fuzzy sets for transaction rate. . . . . . e e ... B9
Performance of A-FL-agents with different adaptlveeme ....... 60
Competition of A-FL-agents with other strategyagents . . . . . . . . 61
Profits for A-FL-agents in differentsessions. . . . . ...... ... ... 65
Overview of the SouthamptonTAC agent. 78
Fuzzy sets of the three environmenttypes. . . . ... ... ... .. 79
Four categories of flightask prices. . . . . ... ... ........... 81
Fuzzy sets used in entertainment CDAs. 85
Hotel prices changes ingame tac2-5960. . . . . . ... ... .... 86
Fuzzy sets for price state of Tampa Towers/Shorelinet@gsa . . . . . . 87
Fuzzy sets for pricechange.. . . . . . .. ... ... ... ...... 89
Performance of SouthamptonTAC in different environteen . . . . . . 94
Performance of risk-seeking agents in different emvivents. . . . . . . 95
Performance of risk-averse agents in different enmvents. . . . . . . . 95
Relative performance of the agents in different emvitents. . . . . . . . 97
The Earliest Closest First bidding algorithm. . . . . . .. ... ... .108
Reference pricep(et) calculation forthe FNN. . . . . . . . .. ... .. 110
Overview of the FNN architecture. . . . . . .. ... ... ... ... 113
Customer’s preference aboutprice. . . . . . ... ... ... ... .119



5.5 Customer’s preference about traveldate. . . . . .. ... . ... .. 119

5.6 Learning curve: root mean square error versustime. . . . . . .. .. 121
5.7 Comparing antecedent membership functions (MFs) bdttashed line)

and after (solid line) off-line learning. . . . . ... ... ... .. .. 121
5.8 Comparing consequent membership functions befordnédiakne) and

after (solid line) off-linelearning. . . . . . ... .. ... ... ...... 121
5.9 Comparing antecedent membership functions (MFs) edtashed line)

and after (solid line) off-line learning in high supply erament. . . . . 122
5.10 Comparing consequent membership functions befoshédhline) and

after (solid line) off-line learning in high supply envirorent. . . . . . . . 122
5.11 Comparing antecedent membership functions (MFsyéétfashed line)

and after (solid line) off-line learning in low supply ensitment. . . . . . 123
5.12 Comparing consequent membership functions befoghédhline) and

after (solid line) off-line learning in low supply envirorent. . . . . . . . 123
5.13 Performance of agent with various agent populations. . . . . . . .. 125
5.14 Performance of various agents using different agyjgaperators. . . . 127
5.15 Using weighted operators with varying weights. . . . ...... . ... .128
5.16 Performance of FNN agents with different risk attitade . . . . . . . . 129

Vi



List

2.1
2.2
2.3
2.4
2.5
2.6

3.1
3.2
3.3
3.4
3.5
3.6
3.7

4.1
4.2
4.3
4.4
4.5
4.6
4.7

4.8

4.9

4.10
411
412
4.13
4.14
4.15
4.16

of Tables

Filtering techniques for product brokering in e-comoeesystems.

Comparisons of different product brokering techniques . . . . . .
Values of each dimensionin Table2.4. . . . . ... ... ... ...
Comparison of different types of auctions. . . . . . ... ... ...
Dimensions of B2C and B2B e-commerce. . . . . . . .. .. ...
Brokers’ functions and services. . . . . ... .. ... L.

Fuzzy rule base fors-agents. . . . ... ... . ... .......
Fuzzy rule base forb-agents. . . . . .. ... ... ... ... ..
Learning rules for A-FL-agents. . . . . . ... ... ... .....

Transaction price distributions of each agent.

Efficiency statistics when demaasupply. . . . . . .. ... .. ..
Efficiency statistics when demansupply. . . . . . ... ... ...
Efficiency statistics when demassupply. . . . . . .. ... .. ..

SouthamptonTAC’s customer preferences for game tag-57. . . .
Market state of all auctions in game tac-5722. . . . . . . ....... ..
SouthamptonTAC'’s customer allocation from game ta2257 . . . .

Expenditure for SouthamptonTAC in tac-5722.

Fuzzy rule base when counterpart auctionisopen. . . . . . ... ..
Fuzzy rule base when counterpart auction justclosed. . . . . . . ..
Fuzzy rule base when counterpart auction has closeddog than one
MiNUte. . . . . . .
Similarity functions of fuzzy sets for price of T/S. . . ... . .. ..

Similarity functions for fuzzy sets of price change.

Result of TAC-O1 seedinground. . . . . . . .. ... ... .....
Resultof TAC-O1finalround. . . ... ... ... ... ......
Result of TAC-02 seeding round (440 games). . . . . . . . o w . . .

Result of TAC-02 final round (32 games).

Experiment set-up for controlled experiments. . . . ...... . . .. ..
Actual vs. predicted hotel prices. . . . . .. ... ... ... ...
Hotel closing price predictionin finalround. . . . . . . ... ...

Vil

... 46

59

63
66
66
67

72
73
74
75
87
88



4.17 Comparisonamongagents. . . . . . . . . . . oo

5.1 TheFNNagentsrulebase. . . . .. ... ... ... .. .......

viii



Acknowledgements

First of all,  would like to express my gratitude to my sugsor Professor Nick Jennings
for his help, fruitful discussions, insightful advice andceuragement throughout my
research and especially for the research project he choseefd particularly appreciated
his efficient and prompt response to on-going papers and afteimber of rounds of
his comments the papers became more elegant and clear tloahdl leave imagined.
Working with him has been an absolute pleasure for me. Aasoéirofessor Ho-fung
Leung also gave me a lot of help when | was involved in the Pindgqam at The Chinese
University of Hong Kong. It is there that | started my resdaiit agent mediated e-
commerce. | appreciate the encouragement and advice hergave

| greatly acknowledge the people who have helped me a lohguhie course of my
Ph.D study. Mike Luck gave me advice on writing my thesis; idriigel-Bennett gave
me help with the neural networks; Chris Preist, Andrew Byld&jer Esplugas Cuadrado
of Hewlett-Packard Lab, and Philippe De Wilde of Imperialll€ge gave useful com-
ments and suggestions on the multiple auction work. Thalsiksta Cora B Excelente-
Toledo and F. Lopez y Lopez for their help with the us&\iheditandSun Java Studio
and their friendship. Specially, | would like to sincereiyabk my thesis examiners Mike
Luck and Carles Sierra for their comments, which have helpéahprove the quality of
the thesis.

During the Trading Agent Competition (TAC), | received hahmd support from many
people. In particular, | would like to thank the TAC team a thniversity of Michigan
(TAC-01) and Swedish Institute of Computer Science (TAQ-0&luding Michael Well-
man, Kevin O’Malley, William E. Walsh, Daniel Reeves ChrigeKintveld, Joakim Eric-
sson and Niclas Finne for setting up the TAC server and thegetitron and for respond-
ing so promptly to our requests. A number of people in the IAMup also helped in
this endeavour. Mike Luck went to the US to present our ageff@-01 at very short
notice, Yan Zheng Wei helped with agent connecting problangsmonitoring the seed-
ing round games in TAC-02 and Alastair J. Riddoch, Jon Hadllet! Tim Chown helped
us with various network difficulties that we experienced atfbcompetitions.

| also received help from people who answered my questiothgave me comments
on my papers. They are Yoav Shoham at Stanford UniversitpeRdd. Guttman of



Frictionless Commerce, Carles Sierra at the Spanish Adiifictelligence Research In-
stitute, Chris Preist at Hewlett-Packard Lab, and Dajurgzehe University of Arizona.
Thanks are given to the anonymous reviewers of the confeseard journals where |
submitted various aspects of this thesis. Their insightthments have significantly
improved the quality of the thesis.

Finally, butin no way least, | gratefully thank my husbandd¥ng Luo who has given
me constant encouragement, support and love throughomyt stagge of my Ph.D. For
example, he encouraged me to participate the TAC. He saalj IiKe playing computer
games and now you can enjoy the game and you get paid.” He @sehét he could
to make me concentrate on my work completely, he cookedidedood for me and
brought the food to the office. Sometimes the competitionmrasing round the clock,
he always stayed together with me late into the night. Themeerme work even better.
| also thank my son Michael Yourong Luo. The little one’s ssaihre much more than
cries and he brings me much more happiness than trouble. Seoptée thought | could
not achieve a Ph.D at the same time bringing up a new life bid sithce | have such a
lovely son and a helpful husband. | would like to thank my pgsend parents-in-law
for their support, encouragement and love during my Ph.D.



Chapter 1
Introduction

Electronic commerce (e-commerce) is increasingly assgiaipivotal role in many or-
ganisations. It offers opportunities to significantly irape (make faster, cheaper, more
personalised and/or more agile) the way that businessasattwith both their custom-
ers and their suppliers. However, in order to harness th@dténtial of this new mode
of commerce it is important to increase both the degree anddphistication of the auto-
mation. To achieve this, we believe that a new model of sofhvisineeded. This model
is based upon the notion ebftware agents-software entities that act on behalf of their
owner in an autonomous fashion in order to achieve theirablbgs [Jennings, 2001].

A key aspect of such agents is that they need to interact wighamother in order to
effect trades (i.e., to buy and sell goods or services). iBxdbntext, on-line auctions—
institutions where goods are sold on the Internet by thege®of making bids and alloc-
ating goods according to competition—are the most widelgisd and employed means
of interaction. Indeed, it is estimated that there are cilyesome 2500 on-line auc-
tions (ttp://www.internetauctionlist.com) for almost all types of goods imaginable. Such
auctions are so prevalent because they are an extremelgmfiamd effective method of
allocating goods or services [Wurman, 2001]. Now thesei@agsicome in many differ-
ent forms, each with their own rules and ensuing properieglish auctions (in which
the auctioneer starts with the reserve price and solicitsessively higher public bids
from the bidders until no one will increase the bid and the kadder is the winner)
are used to sell books, laptops, cars, and almost everytliiimgt-price sealed bid and
second-price sealed bid auctions (in which bidders subsaies! bids to the auctioneer
and the bidder who submits the highest bid wins and pays lieifin the former case)
or the second highest bid (in the latter case)) are used fariaty of procurement situ-
ations. Dutch auctions (in which the auctioneer starts withgh price and decreases it
until a bidder accepts the current price) are used for gejold and jewellery. Continu-
ous double auctions (in which both buyers and sellers sutiastat any moment during
a trading period) are used to trade stocks, agriculturaincodities and currencies.



Given this variety of protocols, it is perhaps not surpgsihat the bidding strategies
of the participants cover a similarly broad spectrum of vehas. However to be effect-
ive, bidding strategies need to be tailored to the type ofti&ion in which they are to
be used. In short, there is no optimal strategy that can letinssl cases.

In such environments, agents can perform a variety of @ifferoles: (i) monitoring
auctions in order to keep the user informed of the latestnessgof the various auctions,
(ii) analysing the market situation and history record idesrto build a profile of potential
other bidders and estimate the trend of the price, (iii) mhet®ing what auctions to place
bids in, and (iv) deciding when, how many and how much to bidroher to get the best
deal. Now the more of these activities that can be autom#iednore time that can be
saved by the users. Moreover, in more complex settings vieMeedgents are likely to be
more effective than human bidders. This is partly a mattespefed (agents can process
information more quickly than humans), but also becaus@atagean more easily and
more systematically perform the complex decision makiogired to operate effectively
in many auction settings. Preliminary evidence for thisastained in [Das et al., 2001]
which shows that software agents outperformed their huroanterparters in continuous
double auctions.

However, such automation is complex. In particular, peshidgye key challenge in
this area is to design effective and efficient strategiesdgants can use to guide their
bidding behaviour. Although challenging, such developteeme necessary if trading
agents are to realise their full potential. Moreover, wadwel that the existence of ef-
fective strategies will mean that on-line auctions can beemeadily deployed as the
marketplace protocol. In the absence of such strategiess th still some reluctance to
adopt on-line auctions even though they are the most ob\solugion in many cases.
Given this background, the research reported in this thekisesses exactly this chal-
lenge for a range of e-commerce auction scenarios.

1.1 Trading Agents for On-line Auctions

This section briefly introduces the basic terms and condbptsunderpin this thesis. In
particular we discuss agents, e-commerce, with a partitadas on on-line auctions, and
trading agents. A more comprehensive review of auctionglaeid associated strategies
is given in Sections 2.2.5 and 2.3.3, and a more detailegsisalf the potential roles of
agents in e-commerce is provided in Sections 2.2 and 2.3.

1.1.1 Interacting Agents

To act flexibly on behalf of its owner in order to achieve parkar objectives, an agent
must exhibit the following properties [Wooldridge and Jenys, 1995]:

e it needs to b@utonomouscapable of making decisions about what actions to take
without constantly referring back to its user;



e it needs to baeactive able to respond appropriately to the prevailing circum-
stances in dynamic and unpredictable environments; and

e it needs to b@roactive able to act in anticipation of future goals so that its ovger
objectives are met.

Thus, for example, a buyer may instruct their agent to: (gl fnreasonably cheap
notebook computer, with the latest technical specificatiloat can be delivered within a
week and that has a two year guarrantee or (ii) to find a flighttttckes her from London
to San Francisco with a weekend stop over in New York. Sifyilarseller may instruct
an agent to: (i) monitor the prices of all its known compe#stand automatically adjust
its offerings (either up or down) so that they remain attvacto their target audience
or (ii) to offer a reasonable discount scheme and betteitdedlities to highly valued
customers.

Whilst pursuing their objectives, the agents will invahabeed tanteractwith other
similarly autonomous agents. This interaction can vargfsimple communicatiore(g,

a buyer agent asks a seller agent how much a particular cempnsts), to more elaborate
forms of social interactiong(g, cooperation, coordination and negotiation). In the tatte
case, for example, an agent may be required to:

e participate in an on-line auctiom,g, monitoring bids, making bids, and withdraw-

ing from the auction;

e negotiate on behalf of its ownes,g, to ensure the desired good will be delivered

in time or to make the price acceptable;

e cooperate with other agentsg, two sellers of the same product may need to pool

their resources in order to meet a large customer order oséNers may bundle
their distinct (complementary) offerings to make a singendesirable product.

In the context of this thesis, buyer and seller agents intemessome form of market-
place. Such marketplaces are controlled by an owner—anmichgil or organisation that
sets the rules of the environment in which the trade occuarfist generation systems, the
market owner is usually synonymous with the seller. Howdiés need not always be the
case; examples of other possibilities are the numerous plairty auction sites that now
exist .9, eBay (ttp://www.ebay.com), Fastparts Http://www.fastparts.com) and Free-
markets Kttp://www.freemarkets.com) and situations where buyers put out requests for
tender €.g, Labx (http://www.labx.com) and General Electrichtp://www.ge.com)). Gen-
erally speaking, there will be multiple e-markets tradinglifferent types of goodse(g,
e-markets for purchasing holidays, e-markets for buyingmater equipment, e-markets
for finding plumbers). Moreover, there will, in many casesnltiple e-markets for the

LAgents are not just used in the domain of e-commerce, althdhig is arguably their most pop-
ular domain. Rather, agent technology should be viewed asnargl solution paradigm for devel-
oping complex systems [Jennings, 2000]. Overviews of thglieation of agents in other domains
can be found in [Chaib-draa, 1995, Jennings et al., 2008ajdgs and Wooldridge, 1998, Parunak, 1998,
Luck et al., 2003]



same (or similar) goods.€., there will not be a single market for dealing with holidays)
Both within and between different vertical market segmetiiisre will be a significant
variety in the way that e-markets are organised. These afi from simple, fixed-price
catalogues, through various forms of on-line auction (émeave focus on in this thesis),
to sites where buyers and sellers can negotiate directly ene another (discussed in
Section 2.2.5).

1.1.2 E-Commerce and On-Line Auctions

According to the Electronic Commerce Association: “elentc commerce covers any
form of business or administrative transaction or infoigraexchange that is executed
using any information and communications technology”l[Ti®98]. However we be-
lieve this definition is too broad and so we limit this thesisbver commercial activities
conducted on the Internet [Hake, 1999]. Therefore, othen$oof remote transactions
(e.g, ordering an air ticket over the telephone or buying a comphy credit card) are
not considered.

Within this context, e-commerce systems provide both corimlenformation (such
as products’ prices and available quantities) and fatglitearious commercial actions
(e.g, buying, selling and negotiation). Moreover, the incraegsise of information tech-
nology in this area has led to fundamental changes in the essetcommercial activities
are undertakene(g, the rise of dynamic pricing, the ability to easily comparany
goods and the ability to negotiate contracts much more &etiy) [Shaw, 2000].

Central to much of this improvement is the increasing usendiiree auctions as the
fundamental means of trade. Specifically, an auction isabeil by an auctioneer, and
involves several bidders making bids according to the iraggsotocol (which may per-
mit one or multiple rounds). The outcome of the auction isithsually a deal between
the auctioneer and the successful bidder. Such auctionseateal because they bring
a number of benefits to e-commerce. Firstly, auctions areyaefécient and effective
method of allocating goods or services, in dynamic situetido the entities that value
them most highly [Wurman, 2001]. Secondly, in contrast toyynauman negotiations,
auctions can be very fast since decisions and exchangesccanrapidly. Thirdly, on-
line auctions make the physical limitations of traditioaaktions disappeae(g, time,
space and presence). This means they can provide milliogkobélly dispersed cus-
tomers with more varieties of goods than can be selectedighra traditional auction
[Bapna et al., 2001].

1.1.3 Trading Agents

An auction scenario consists of two clearly distinct comgras: a protocol and a strategy
[Binmore, 1992]. The former defines the valid behaviour @& #gents during the inter-
action. For example in an English auction, an agent needgltthé current price plus
the bid increment. The later is the method an agent emplogsha@ve its negotiation



objectiveswithin the specified protocolFor example, in an English auction a strategy
that could be adopted is to bid a small amount more than thrermnighest bid and stop
bidding when the user’s valuation is reached. Generallplapg, the protocol is set at
design time, by the marketplace owner, and is publicly kntwvall the participants. In
contrast, the strategy is determined by each individudigiant and is typically private
(divulging it may leave them open to exploitation). Neveldss, protocol and strategy
are inextricadly linked because the effectiveness of &egjyas very much determined by
the protocol. Thus a strategy that is effective for one protonay perform very poorly
for other protocols. Moreover for some protocols, the ogtitndding strategy is easy
to determine and simple to compute. For example, the siyrggegposed above for an
English auction is in fact optimal in the case that all theragdid based on their real
valuation. However in most cases there is no such simplaignland developing the
strategy is a significant research challenge.

Against this background, we first consider a particular fof@uction that is common
in e-commerce, in which there are multiple sellers and mlgtbuyers that want to trade
simultaneously. Such auctions are caliiedible auction§Friedman and Rust, 1992] and
they allow sellers to indicate the services they offer atotes prices (called asks) and
buyers to indicate the services they desire and the prigedteswilling to pay (called
bids). The most common variety of double auction is the caatus double auction
(CDA) which permits trade at any time in a trading period {cides only being allowed
at discrete time points) and which allows buyers and seltecontinuously update their
bids and asks at any time throughout the trading period [Kage Vogt, 1991]. The
CDA is a powerful market mechanism because of its speed dimikaty, and is the
mechanism underlying the organization of open-outcryitiggits at major international
derivatives markets [Cliff, 2001]. As well as being impartéor e-commerce, CDAs are
widely used in the non-online world to trade stocks, agtioal commodities, metals,
currencies and derivative instruments [Friedman, 1998)].ddte, a number of bidding
strategies have been developed for the CDA (see Sectidhfdradetails), however they
all have shortcomings that reduce their effectivenesseitiis, we will develop a new
more effective strategy.

The second case we consider is that where an agent has mplifgintial auctions in
which it could bid in order to obtain the desired good or sezviVe believe thimultiple
auctioncontext is likely to become ever more important as ever mofk@ auctions are
created. For example, on eBay alone there are typically b¥&00 auctions for digital
cameras at any one time. This expansion in the number ofceasgttoupled with greater
reliance on trading in them, means agents will increasinglgd to buy multiple goods
from these multiple auctions. For example, an agent may tebdy a flight from one
auction and book a corresponding hotel from another or bifigrdint components from
different auctions in order to construct a new computeresystMoreover the possibility



of exploiting multiple auctions in this manner is someththgt is not really possible
without software agents. Given such huge and complex seg@ates, the agent has a
number of interrelated tasks to perform: (i) monitor rel@vauctions, (i) compare and
make trade-offs between the offerings, (iii) decide in whauction to bid, (iv) when
to bid, (v) how many items to bid for and (vi) at what price talbiHowever, to date
comparatively little work has been done in this area (se¢i@ex3.5, 4.4 and 5.6) and
so we also seek to develop new strategies for this case.

1.2 Research Aims

In designing bidding strategies for the auction scenariesansider in this thesis, and
in many others besides, there are a number of common issatasetxd to be dealt with.
Moreover, we believe it is possible to identify a range of@gpts and technologies that
form a solid foundation for tackling such problems in a broadge of situations. We
now consider each of these in turn.

First, an agent often needs to predict the closing price adiantion in order to de-
termine what bids or asks to make [Wellman et al., 2004]. &rttultiple auction con-
text, such predictions are needed in order to determinehndfithe available auctions is
likely to be the best one to bid in. This procedure is usuadlgdal on some form of utility
analysis so that the auctions selected will maximise thayliketurn of the bidder (as
discussed in [Byde et al., 2002]). However, in order to dalieusuch returns, the likely
clearing price of each auction must be estimated first.

Second, an agent needs to be adaptive so that it can tailbidiéng strategy to
reflect the environment in which it is situated. Being adapts particularly important
in cases where the environment is subject to significantgdenThese could happen,
for example, when the agent is trading with the same (or amngartners or opponents
repeatedly. In such cases, the agent can adapt its behacioanding to the behaviour of
other agents so that it can obtain a better outcome for itseowiowever, when things
change, perhaps because the agent needs to trade with nearpahe parameters which
characterise the strategy need to be adapted again. Thasdgdhachieve by manually
adjusting the parameters since this is a slow and erroregpomcess and so it is desirable
if the agent can adapt itself on-line and automatically.

Third, the agent needs to be flexible in generating and relpgrio bids. Specific-
ally, we mean that in many cases it is important for the agefialve a soft constraint
in bidding or matching a bid. For example, in a CDA, if a buygesat is going to bid
1000, but the lowest ask in the market is 1001 then the agepnberaefit by relaxing its
constraint (slightly) and bidding theD% higher that is necessary to make the trade.

Fourth, different users will have different attitudes tkrand these can, in turn, have
a significant impact on the performance of the agent. Ind&icttitudes to risk can be
characterised according to how an agent approaches a fainlgdSchotter, 1994]. A



risk-seeking agent will prefer fair gambles to sure resutssk-averse agent will take
minimal risks with its actions and so rejects fair gamblex] a risk-neutral agent is
indifferent if the sure result and the gamble have the samedctzd utilities. Even when

using the same strategy, the adoption of different riskumléis can make a significant
difference to the outcomes obtained. Specifically, in @amctiontexts we believe such
attitudes to risk should be influenced by the supply and demathin the market. The

more the demand, the more the competition, and a risk-aedtitgde is more effective.

In contrast, the more the supply, the less the competitimhtlaus a risk-seeking attitude
will bring more profit.

Fifth, an agent needs to be able to make trade-offs whencyating in auctions
with multi-attribute goods or services [Luo et al., 2003biolet al., 2003a]. This is be-
cause there will often be some form of conflict between théoates of the goods. For
example, in a flight auction where goods are described ing@ftheir price and travel
date, if a user wants to buy a cheap ticket, he needs to traveeiweekdays; however,
the ticket is much more expensive at weekends. Given thesadglent needs some method
to make trade-offs between the different attributes.

Given these aims, this thesis uses a range of fuzzy techsigueope with the in-
herent uncertainty present in all of these activities. Tmsertainty can come from a
number of sources including the sellers, the bidders, thplgwand demand quantity in
the market or even the time of bidding. Such factors are tshahly ambiguous and
fuzzy theory has proved itself to be effective in a range @ligptions with these charac-
teristics [Fraichard and Garnier, 2001, Yao and Yao, 200dhammadi et al., 2000]. In
particular, we exploit fuzzy logic because of its intuitivature and its embodiment in
fuzzy rules means that it should be readily comprehensitilee agent’s designers.

Against this background, this work is concerned with thegtesf bidding strategies
for a number of particular auction contexts. To start, weoslgoa single auction pro-
tocol, CDA, since it is a complex auction type that has no d@mi strategy (the best
thing to do, irrespective of what the others do [Sandholm91)). This aspect of our
work involves developing a strategy that both a buyer agedtaaseller agent can use.
Specifically, as a buyer, an agent needs to decide when te plaa and at what price
and as a seller, an agent needs to decide when to place andsk ahat price. To
do these things effectively, an agent needs to (i) predietikely transaction price at
which trades will occur; (ii) adapt itself to suit the prelirag market context because the
demand and supply in the market and other bidders’ strategi changing; (iii) vary
its risk attitude in response to changes in the supply andaddmo that it can deal with
different situations; and (iv) relax its constraints orcprin order not to miss out on deals
by insignificant amounts.

Having developed a bidding strategy for a single auctionfwe to the more com-
plex problem of developing an agent that can bid across pieléuctions that may be



operating different protocols. This is a sufficiently clealjing and important problem
that an international competition was established in tea.an this Trading Agent Com-
petition (TAC), software agents compete against one anail#8 simultaneous auctions
in order to procure travel packages (flights, hotels andrntenent) for a number of
customers. In this context, the failure to obtain some gaodse auction may lead to
the failure of a whole travel package. Thus, there is a strm&gl to co-ordinate bidding
across a range of interrelated auctions. In tackling theblem, we believe an effective
trading agent needs to: (i) estimate the likely closinggsiof the various auctions; (ii)
adjust its bidding behaviour to suit environments in whibk tompetition is more or
less strong; (iii) vary its risk attitude to achieve effgetoutcomes; (iv) make trade-offs
between buying flights early at low prices, but before theesponding hotels can be
guaranteed and buying flight late with guaranteed hotelatduigh flight prices.

After dealing with the bidding issues in TAC, we wanted to giatise the multiple
auction context to consider the most common type of aucti@éommerce (the stand-
ard English auction). A bidding strategy for this scenam®as to be highly adaptive
because the market is very dynamic and uncertain due totkdemanumber of auctions,
agents and goods. Specifically, it is important to adapt #narpeters involved in the bid-
ding strategy so that the agent can adjust itself to suitkie@ment. Beside the feature
of adaptivity, the following features need to be considemben designing a strategy for
this context: (i) price prediction is important becausedkpected auction closing prices
are needed to select the auctions to bid in; (ii) the riskuatéis of the agent need to be
varied because the demand and supply are changing in thetngiik the agent needs
to have soft constraints when selecting the auctions torbliecause this will increase
the chances of obtaining the good in a good price; and (idgt@ffs between the various
attributes need to be made because it is very unlikely to migxei each attribute value
when competing with other agents in the market.

1.3 Research Contributions

The work described in this thesis makes a number of impoc@amtributions to the state
of the art in the area of bidding strategies that autonom@gsrtg agents can use in a
number of auction contexts. Specifically:

e We develop a novel fuzzy logic based bidding strategy thehtmcan use to parti-
cipate in CDAs [He et al., 2003]. The effectiveness of thatstyy is demonstrated
by empirically benchmarking it against the main other sgas that have been
proposed in the literature and this evaluation shows oatesiy is superior in a
wide range of situations.

e We develop novel fuzzy based bidding strategies that antaggen use to bid
across multiple simultaneous auctions and purchase a mahi¢errelated goods
[He and Jennings, 2003, He and Jennings, 2004]. In both c#sesagents can



vary their bidding behaviour according to their perceptidrthe marketplace in
which they are currently operating. The effectiveness e$éhstrategies is demon-
strated by our participation in the International Tradingefit Competition (in
2001 and 2002) in which our agent was the most successfutiparit over both
competitions.

e We develop and implement, for the first time, a strategy thaagent can use to
buy multiple independent goods from multiple English awasi [He et al., 2004].
This strategy uses fuzzy set theory to find the closest angtmthe optimal set to
bid in and neuro-fuzzy techniques that can adapt the paeamietits fuzzy neural
network through off-line and on-line learning. The effgetiess of the strategy is
empirically demonstrated in a flight auction scenario arairag/e show our agent
obtains a higher overall satisfaction degree than thea@lstrategies available in
the literature.

In addition to making advances in bidding strategies, tluskvis also one of the first
to employ fuzzy theory (especially fuzzy logic and neuraziyitechniques) in the area
of agent-mediated e-commerce (see Section 2.2.5 for asdigguof other work in this
area). In so doing, we further advance the claim that fuzelyriejues are a suitable tool
to address the uncertainty that is inherent in many aspéatent mediated e-commerce.
In more detail:

e Fuzzy reasoning is successfully used in predicting theiradpprices of the auc-
tions. This can be observed from our work in predicting ttesiclg prices of the
hotel and flight auctions in the TAC and the various Englisttians in the multi-
auction scenario. In the former case, the auctions areréhé¢ed, and the factors
that are mainly related to the change of the hotel auctidosireg prices are used
in the fuzzy rules (Section 4.2.7). In the latter case, fueasoning rules are real-
ised through a neuro-fuzzy network, however, the prinocgbléhe reasoning is the
same. The main factors are expressed as fuzzy sets whidspond to neurons
of the lowest layer of the network (Sections 5.3.1 and 5.3.2)

e Fuzzy techniques are used to enable our agents to adapbitiding behaviour
and strategy to better fit their prevailing circumstanceas.odr work, there is a
progress from somewhat limited adaptation to highly flexiatlaptation. In our
work on CDAs, the adaptation is based on the frequency of#&etions made by
the agent and its aim is to change the risk attitude of theta@mecifically, if the
agent waits too long to conduct a deal, it will adapt its rigt@ade to take less
risk because it means its price constraint is far away froenntlarket transaction
price; on the other hand, if the agent transacts very fretyerwill adapt its risk
attitude toward being more risky because it means the agentake more profit
by raising its threshold. This adaptation is somewhat &ohibecause an agent
can only vary its learning rate (Section 3.4). In the TAC, digent has a number
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of predefined parameters for each trading environment i@mers (competitive,
semi-competitive and non-competitive). When the agerdegsignificant changes
in the prices of the auction, it shifts its parameters inediin the fuzzy rules
between these environments. However, the drawback of taptation is that
the parameters are fixed in a specific environment. Havingfatese in mind,
the adaptation for the FNN agent is flexible. It uses a fuzayovduzzy network
to propagate the errors from the top level down to the lowegtl| and all the
parameters can change flexibly through learning of the ratal. d

e Fuzzy set theory is good for generating a flexible solutiohitlwling. It has been
used in both TAC and the multiple auction context in order tal fihe closest
solution to the optimal one. This solution covers what B/ submit and which
auction should be chosen to bid in for the multiple auctiontert. For example,
the strategy used in the CDA of the TAC is applicable to angotype of CDA. In
a CDA where an agent submits both asks and bids, most agérutate an optimal
bid price that can maximise its utility, and wait for the badlde matched by other
agents €.g, [Gjerstad and Dickhaut, 1998]). However, the strategy leggd by
our agent uses the similarity in fuzzy sets which accepts bl asks if they
are close enough to the optimal bid. In the multiple Englisbti@n scenario,
the agent first evaluates the available auctions and themselsdhe ones with the
highest satisfaction degree. However, it also monitorthallother auctions which
close earlier than this auction and it will bid in any auctibat has a very close
satisfaction degree to the optimal one.

e The risk attitude of the agent has an important influence ®petrformance and
so it is usually adjusted by one or more parameters of theegyaln particular, a
key reason for this adjustment is often caused by the relship of demand and
supply and the kind of opponents in the market. To this endlliof the agents we
designed, risk attitudes are considered. In the CDA, theaiStude parameters
are the parameters in the fuzzy rules. At first, these valteepr@-defined by the
user, however subsequently they are adapted through theat@on rate of the
agent. In the TAC, we vary the agent’s behaviour from risékssg to risk-averse
to suit the kind of environment. This is realised throughftlght ticket numbers
to buy at the beginning of the game and what price to bid in ttellauction. In
the multiple English auction case, this risk attitude patnis the threshold by
which the agent chooses the auctions that are close to thealset.

1.4 Published Papers

The following papers have been published based on thissthesi

e M. He, N. R. Jennings and A. Prugel-Bennett (2004) “A Nebktzzy Bidding
Strategy for Buying Multiple Goods in Multiple English”, bmitted.
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M. He, N. R. Jennings and A. Priigel-Bennett (2004) “An anepbidding agent

for multiple English auctions: A neuro-fuzzy approach”p@r IEEE Conf. on

Fuzzy Systems 1519-1524.

e M. He and N. R. Jennings (2003), “Designing a successfuirigadgent using
fuzzy techniques”, IEEE Trans on Fuzzy Systems 12 (3) 382-41

e M. He and N. R. Jennings (2003), “SouthamptonTAC: An ada&pdutonomous
trading agent”, ACM Trans on Internet Technology 3 (3) 2B%-2

e M. He, H. Leung and N. R. Jennings (2003), “A fuzzy logic bakgltling strategy
for autonomous agents in continuous double auctions”, IEEBs on Knowledge
and Data Engineering 15 (6) 1345-1363.

e M. He, N. R. Jennings and H. Leung (2003), “On agent-mediatectronic com-
merce”, IEEE Trans on Knowledge and Data Engineering 1588}18003.

e M. He and N. R. Jennings (2002) “SouthamptonTAC: Designiagaessful trad-

ing agent”, Proc 15th European Conf. on Al (ECAI-2002), 8-12

1.5 Thesis Structure

The thesis is structured in the following manner:

Chapter 2 surveys and analyses the general state of the ageot-mediated e-
commerce. Specifically, our analysis concentrates on bssio-consumer (B2C) and
business-to-business (B2B) contexts because we beliege #re the most relevant for
agent technology. In the former case, we discuss the rolagerits in terms of: need
identification (what is the need), product brokering (wlodbty), buyer coalition forma-
tion (find other buyers), merchant brokering (who to buy fy@nd negotiation (find the
terms and conditions of transaction). In the latter caseraktes of agents are discussed
through thebusiness-to-business transactiorodel and particular attention is paid to
partnership formation (find partners to collaborate), brolg (match buyers and suppli-
ers) and negotiation. In both cases, however, auctionslardified as a central concern
and so particular attention is focused on them and the rblsagents can play in them.

Chapter 3 concentrates on CDAs; developing new algorittonddyer and seller
agents. These algorithms employ heuristic fuzzy rules andyfreasoning mechanisms
in order to determine the best bid to make given the stateeofithrketplace. Moreover,
we show how an agent can dynamically adjust its bidding belato respond effect-
ively to changes in the supply and demand in the marketplsé=then show, by em-
pirical evaluations, how our agents outperform four of theshprominent algorithms
previously developed for CDAs.

Chapter 4 describes the design, implementation and el@iuait SouthamptonTAC,
one of the most successful participants in both the SecoddrenThird International
Trading Agent Competitions. Our agent uses fuzzy techsigii¢éhe heart of its decision
making: to make bidding decisions in the face of uncertatatynake predictions about
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the likely outcomes of auctions, and to alter the agent'slinigl strategy in response to
the prevailing market conditions.

Chapter 5 presents the design, implementation and evatuatia novel bidding al-
gorithm that a software agent can use to obtain multiple gdan multiple overlapping
English auctions. Specifically, dfarliest Closest Firsalgorithm is proposed that uses
neuro-fuzzy techniques to predict the expected closirgeprof the auctions and to adapt
the agent’s bidding strategy to reflect the type of envirominmrewhich it is situated. This
algorithm first identifies the set of auctions that are mdstyi to give the agent the best
return and then according to its attitude to risk it bids imsather auctions that have ap-
proximately similar expected returns, but which finishieathan those in the best return
set. We show, through empirical evaluation against a numimethods proposed in the
multiple auction literature, that our bidding strategyfpans effectively and robustly in
a wide range of scenarios.

Chapter 6 recaps the main contributions of this thesis aghlights the key open
problems that need to be addressed if trading agents arach tkeir full potential in
agent-mediated electronic commerce.
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Chapter 2
Agent Mediated Electronic Commerce

Given the aims and objectives of this research (as outline&gection 1.2), this chapter
places our work on bidding strategies for trading agentsiirge auctions into the wider
context of agent-mediated e-commerce. In reviewing the stisthe art in this area, this
chapter builds upon a number of previous reviews of agemtiated e-commerce. Partic-
ularly prominent amongst these are Guttreaal.s review of agents in B2C e-commerce
[Guttman et al., 1998] and Sierra and Dignum’s roadmap ofitigediated e-commerce
in Europe [Sierra and Dignum, 2001]. Other important sosineelude [Liu and Ye, 2001,
Ye et al., 2001, Sandholm, 1999a, Beam and Segev, 1996, &rehal., 1998, Ma, 1999,
Kalakota and Whinston, 1996, Liang and Huang, 2000, MurchJamnson, 1999]. Nev-
erthelsss, this chapter both extends and updates thisopeematerial and also tries to
present a more integrated and coherent view on the field. ¥amngle, in contrast to the
aforementioned work, we categorise and systematicalljys@applications of agent-
based e-commerce in the B2C and B2B domains (using the candauying behaviour
(CBB) model and the business-to-business transaction YB&Jdel respectively). We
extend the traditional CBB model so that it covers more B2Ra®urs (such as buyer
coalition formation), and we identify more uses for agentshe BBT model.

The remainder of this chapter is organised as follows. 8e&il introduces the roles
of agents in e-commerce. Section 2.2 describes the basgaot techniques of agents in
B2C e-commerce. Section 2.3 performs a similar analysiB&8 e-commerce. Finally,
Section 2.4 concludes this chapter.

2.1 Agents for E-Commerce

Agent-mediated electronic commerce involves softwaraegacting on behalf of some
or all the parties in e-commerce transactions. The ratefwalintroducing such agents
in e-commerce scenarios is to offer faster, cheaper, mameecient, and more agile
ways for both customers and suppliers to trade. To realisedtbroad range of social,
legal and technical issues need to be addressed. Thess retate to things such as
security, trust, payment mechanisms, advertising, lmgisind back office management
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[Turban et al., 1999, Singh, 1999, Garfinkel et al., 2001 hasia et al., 2000]. In partic-
ular, trust has both a social and a technological facet atlfudfdhese need to be further
addressed if users are to be happy to delegate increasatbmytdo a software agent
that acts on their behalf. From a social perspective, pespl@eed to become happier
to let a piece of software make decisions for them. This isetbing that is likely to
take time and will only occur as agents show what they arelstapd. From a technical
perspective, agents need to clearly understand the lintiteaf responsibility and to act
efficiently and safely within these bounds.

Even more fundamental than these issues, however, is thenaaure of the various
actors that are involved in e-commerce transactions. Irt owsent (first generation) e-
commerce applications, the buyers are generally humangypheally browse through
a catalogue of well defined commoditiesd, flights, books, compact discs, computer
components) and make (fixed price) purchases (often by ne#ansredit card transac-
tion). However, this modus operandi is only scratching tinéage of what is possible.
By increasing the degree and the sophistication of the aatiom on both the buyer’s
and the seller’s side, commerce becomes much more dynaengnmalised and context
sensitive. Moreover, these changes can be of benefit to bethuyers and the sellers.
From the buyer’'s perspective, it is desirable to have soéwhat could crawl all the
available outlets to find the most suitable one for purcltatile chosen good(g, the
one that offers the cheapest price, the highest qualityh@rfdstest delivery time) and
that could then go through the process of actually purclgasie good, paying for it and
arranging delivery at an appropriate time. From a sellegispective, it is desirable to
have software that could vary its offering (in terms of prigeality, warranty, and so on)
depending on: the customer it is dealing wighg, offering discounts or special offers
to particular target groups), what its competitors are dderg, continuously monitor-
ing their prices and making sure its own price is competjtigad the current state of its
businessd.q, if it has plenty of a particular item in stock, it may be apmniate to reduce
the price in order to try and increase demand).

Auctions are the most widely used kind of e-commerce todayagents have an act-
ive role in this area. In such online auctions, agents acetwalb of their users to monitor
the auctions, analyse the market situations and decides aritcehow much to bid for the
desired items. Agents can do this much faster, quicker drailegit than human bidders.
For example, [Das et al., 2001] shows that agents outperioemhuman counterparters
in a particular auction setting. Furthermore, a new pobfsitafforded by an agent-
based approach is that a user can compete in multiple ascionultaneously. Such a
strategy has several advantages over participating itesagtions; for example, it can
increase the chance of getting the good for customers; gramger profit to customers by
comparing multiple auctions and transacting at the chegpre®; and make the auction
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markets themselves more efficient by ensuring the trarmsaptice is close to the equilib-
rium price [Preist et al., 2001]. Some good examples of anatiebsites are AuctionBot
(http://www.auctionbot.com), Yahoo Auctions Ifttp://auctions.shopping.yahoo.com) and
eBay and more information on auctions can be found in [Milgr@989, Wolfstetter, 1999,
Milgrom and Robert, 1982, Vickrey, 1961, McAfee and McMil|al987].

To achieve this degree of automation, and move to secondaj@ree-commerce
applications, we believe software agents have a key rolajo [DC (http://www.idc.com)
estimates that the global market for software agents grem $7.2 million in 1997 to
$51.5 million in 1999 and that it will reach $873.2 million 2004, with a compound
annual growth rate of 76.2% between 1999 and 2004. They st that the dramatic
growth in B2B e-commerce will accelerate the demand for egefo this end, and in
order to motivate the potential of agent mediated e-comeneve consider the following
medium term scenariésis examples of what will be possible [Jennings et al., 2Q00b]
Scenario 1: Finding closest match to buyer’s requiremertuyer decides that they
would like a holiday in one of the Greek islands, they wouke lio go next Friday, they
would like to fly from London, and that the total cost shouldléss than £300. Their
software agent is instructed to go and find out what is aviglabd to report the options
back to the user who will make the ultimate choice. In ordeutfl this objective, the
buyer agent determines those e-markets that deal withréeativities. From those, it
tries to find out holidays that meet the specified requiresieHbwever, it finds no ap-
propriate fixed price offerings and after observing the onrite of several online auctions
it decides that it will be very unlikely that it will be able toeet all of these requirements.
It therefore decides to relax some of the user’s constraimdstries to find holidays that
are similar. The agent decides to relax the user’s statadreggents in the following
way: it looks for holidays to the Greek islands that leave day next week, that leave
from non-London airports in the UK next Friday and that cgsta£400. With these new
requirements in place, the buyer agent returns to the nrelevenarkets, collects the offer-
ings that satisfy these new requirements and returns thésaser with an explanation
of why it acted in this way.

1Second generation systems are here characterised as laagiegter degree of automation on both
the buyer’'s and the seller’s side. Like many classificatidvsvever, this distinction is not absolute and
there are areas of uncertainty between the generationsedJer, the same is also true of agent-mediated
e-commerce in general. While there are some systems thatesdy agent-mediated and some that are
not all agent-based, there is a degree of uncertainty in @ases. This is caused by the fact that in such
systems agents are rarely the only technology that is uskein @n e-commerce system will be composed
of a variety of technologies, only a fraction of which will bgent-based.

2We do not focus on current applications because they do mafuedely highlight the full potential of
agent-mediated e-commerce. Current applications tendd@gents in reasonably straightforward ways.
Also organisations that have adopted agent-based teamaften do not disclose this fact for reasons of
retaining competitive advantage. Focusing on medium-ta@marios overcomes both of these concerns
without having to gaze too far into the future (which is natasly unpredictable).
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Scenario 2: Acting across multiple e-marke#s buyer decides that they would like to
purchase a new laptop computer; they want a reasonably pegifieation, are prepared
to pay for a good quality brand name, but it must be delivergdima week. Their soft-
ware agent is instructed that they are prepared for the agédinid the most appropriate
model, negotiate the best potential deal available, buthieauser would like to make the
final choice about purchase. In order to fulfil this objectitree buyer agent determines
those e-markets that deal with selling computer equipnieram these, it selects those
e-markets that offer products that meet the user’s speiiiicaln order to determine
those machines that fit the specification, the buyer agemhiees the sites of a num-
ber of computer manufacturers to determine the latest fgegtogdn information and to
determine an approximate price to pay. Armed with this imfation, the agent formu-
lates a strategy for making a deal. The agent knows the mamiprice it needs to pay
(this will be the minimum of the cheapest fixed price offesribat are available in the
catalogues). From this baseline, the agent tries to negatieectly with several of the
suppliers to see if they are willing to reduce the price (amdpforward the delivery time).
In parallel to this, the agent tracks a number of online andtito see if the same good
can be purchased more cheaply (it will not actually bid indhetions, since submitting
a bid would constitute a commitment on behalf of its buyerheW it has completed its
negotiations (or before if a very good deal appears in an@ucthe buyer agent reports
back a ranked list of purchasing options to its owner. Theainen makes their choice
and instructs their agent to complete the deal (includimgreying payment and setting
the delivery time and place).
Scenario 3: Coalition formationA bakery agent receives a request for tender from
supermarket agent who wishes to purchase 500 iced buns amayghout the summer
period. The bakery agent has sufficient capacity to make 808 per day. However,
the bakery would like to set up links with the supermarket smds keen to see if it can
fulfil the order. Thus, rather than simply turning the ordemrag, the bakery instructs its
agent to search for a partner who will produce the remain@@lfins for the rest of the
summer period. In order to achieve this, the bakery agertactnall the other sellers
present in e-markets that offer iced buns. The bakery agdidates it has a demand for
200 buns per day for the summer period and asks whether ahg othier bakeries would
like to join in a partnership with it to meet the supermarkeeed. A number of potential
collaborators come forward. The bakery agent then condusssies of negotiations with
these agents in order to set up the terms and conditions gfatirership. Eventually
a deal is reached and the bakery agent reports details ofittnegeaments back to the
bakery.

In terms of the nomenclature outlined in Section 1.1 scesdatiand 2 fall into the
B2C domain. The former shows that agents can, on behalf ofdlmaers, locate and re-
trieve information and make reasonable decisions (redpttie constraints of the search)
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e Find e-markets where desired good can be purchased.

e Find relevant purchasing information from identified|e- No automation: all activ-
markets. ities are manual

¢ Rank identified goods and e-markets.

e Select e-market(s) where will attempt to purchase gopd.
Increasing
e Determine precise conditions for purchasing the good in automation
chosen e-market (this may range from obtaining the fixed
price, through participating in an auction, to direct négot
ation). 4
e Decide to purchase the good. Complete automation: all
activities performed by a
e Pay for the good. software agent

e Arrange delivery.

Figure 2.1: Varying degree of agent automation.

based on the owner’s profile. The latter scenario demomestretw agents negotiate with
multiple suppliers, monitor multiple auctions, and useliigent strategies to find the
best deal for the users. The agents in the third scenariesept companies/organisations
in a B2B context. This example not only shows how agents cabmrate with one an-
other to achieve a common goal, but also shows how an agautsé¢he best partners
through negotiation.

Although agents can be used in a closed loop fashien without human interven-
tion), in many cases users will simply not be willing to delegcomplete autonomy to
them. Moreover, the degree of automation that user’s finé@eable is likely to vary
between individuals and between tasks for the same indaidior example, some users
will not want any automated support—they will directly ehall phases of the trade
themselves. Others may be willing to use agents to coll&ermation and present them
with options from which they make the subsequent purchadgeision, while yet others
will be happy to delegate all trading activities to theirtga@fre agents. To reflect this situ-
ation, Figure 2.1 shows the range of the automation thattvad agent may be given.

2.2 Agentsin B2C E-Commerce

According to the nature of the transactions, the followyygts of e-commerce are distin-
guished [Turban et al., 1999]: business-to-business (BaBjiness-to-consumer (B2C),
consumer-to-consumer (C2C), consumer-to-business (Q&B)business e-commerce
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(use of the Internet by nonbusiness organisations suctadgaic institutions or govern-
ment agencies to reduce expenses or improve services)ntaebusiness e-commerce.
Currently, however, most applications are either B2C or B2, therefore, these are
the two areas that we focus on here. In more detail, B2C maefbrs to online re-
tailing transactions with individual customers, wheregbers can conduct transactions
through a company’s homepage. B2B refers to the transactubrere both sellers and
buyers are business corporations. Although most of thalniteb-based e-commerce
was in the B2C domain, B2C now constitutes a smaller porticheoverall landscape.
For example, B2B transactions are expected to be in the r@in$@00 billion by 2003,
which is five times as much as B2C [Sharma, 2002]. Moreoves widely believed
that B2B will be the predominant means of doing businessiwithe next five years
[Subramani and Walden, 2000, Shaw, 2000].

B2C e-commerce is becoming more widespread as more people to recog-
nise its convenience and its ability to offer a quick resgottsrequests and as more
products/services become available [Murch and Johns@&9]18s this adoption spreads,
the impetus for employing software agents increases irr todenhance and improve the
trading experience. In order to systematically analysetalsk&s that agents can assist
with, we employ the CBB model (based on [Guttman et al., 1p&B¢apture consumer
behaviour (see Figure 2.2). From the CBB model perspeatigdhelieve agents can act
as mediators in five of the stages: need identification, prodiwkering, buyer coalition
formation, merchant brokering and negotiattoS8ometimes, the boundary between mer-
chant brokering and negotiation is not always clear cutgdbse negotiation is sometimes
also involved in brokering). For example, [Jung and Jo, 20@fbduce a brokering tech-
nique that uses a negotiation protocol to match seller agdragents; in the brokering
service of [Bichler and Kaukal, 1999], a multi-attributectian is proposed to find a suit-
able supplier for a buyer; and in [Easwaran and Pitt, 200®btiokering service involves
finding the optimal winner through a combinatorial auctigkgainst this background,
each of the five above-mentioned agent mediated stagesl@edin more detail in the
remainder of this section.

2.2.1 Need Identification

In this stage, the customer recognises a need for some grodservice. This need can
be stimulated in many different ways.{, by advertisement, through friends, and so on).
However in the agent mediated e-commerce world it can alstilmellated by the user’s

3The sixth stage (purchase and delivery) involves payingHertransaction and arranging delivery
of the goods/services. Here the key problems are to ensteepagment and delivery, problems that
are common to e-commerce in general. The last stage invpiaict servicese(g, repair and up-
grade services) and evaluation (measuring the degreeisfasdion of the user about the goods and the
buying procedure). Generally speaking, however, thesestages have little that is specific to agent
mediated e-commerce and thus they are not discussed il Hetai (interested readers can refer to
[Garfinkel et al., 2001, Turban et al., 1999, McDermott, 208tandifird, 2001] for more information on
these topics).
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Figure 2.2: Consumer behaviour buying model.

agent. Such an agent is typically called a notification a€fu do this, the notification
agent needs to have a profile for the user. This profile can taengal in many different
ways: through observing the user’s behaviour [Billsus aazizBni, 1998], through direct
elicitation techniques [Ribeiro, 1996] or through induetiogic programming techniques
[Dastani et al., 2001]. Once the profile is installed in theragit can notify the user
whenever an appropriate good/service becomes availiadbldlfe user’s profile matches
a good/service catalogue). For example, in Amazon Deli{retis.//www.amazon.com),
the latest reviews of exceptional new titles in categoried tnterest the user are sent
automatically and Fastparts uses “AutoWatch” to allow sisetist parts they need and
notify them if those parts become available for sale.

2.2.2 Product Brokering

Having ascertained a need, the product brokering stagévew@n agent determining
what product to buy to satisfy this need. The main technigses by the brokers in this
stage are: feature-based filtering, collaborative filggriand constraint-based filtering.
Table 2.1 shows a number of exemplar e-commerce systenmeplait these techniques.
Feature-based filtering involves selecting products basefitature keywords. For ex-
ample, suppose a customer wants to buy a Sony notebook centpuugh Amazon.
His agent selects the “Computers” category first, then atéE “Sony” in thebrands
field, and the notebook computers with these features anenext. Collaborative fil-
tering [Shardanand and Maes, 1995] involves giving an agergonalised recommend-
ations based on the similarities between different usenrsfepence profiles. Here the
product rating of shoppeéh is first compared with that of all the other shoppers in the
system. Then, the “nearest neighbour’ofi.e., the shopper whose profile is closest to
that of A) is identified. Since shoppers with similar tastes and pegiees are likely to

4This is a reasonably simple type of agent. It acts autonolemiinform the user of relevant inform-
ation, it responds to changes in the environment and oataydt is proactive in that it may inform the
user of information that is not exactly what had been asketidis judged to be sufficiently interesting
to warrant informing the user.
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Table 2.1: Filtering techniques for product brokering ioanmerce systems.

Feature-based Collaborative Constraint-based
Amazon Vv Vv
eBay v v
CDNOW v v
Yahoo shopping vV V
Net Perceptions Vv

Table 2.2: Comparisons of different product brokering tegues.

Feature-based Collaborative Constraint-based
When to use User’s needs User’s needs Some idea of
the technique known unknown user’s needs
] Feature keywords ] Conditions that
Requirements for goods Profiles of users goods satisfy

Interaction with

user Medium Few Medium

Goods satisfying ~ Suggestions of Goods satisfying

Results retumed| g jired features  goods tobuy  particular constrajnts

Goods suitable for  Most goods Books, CDs, etc. Most goods

buy similar products, the profile of the identified shoppenssd to pass recommenda-
tions ontoA’'s agent. For example, in Net Perceptiohg://www.netperceptions.com),
users are recommended the documents that their “knowleslghlvours” find valuable.

In CDNOW (http://www.cdnow.com), users are notified about the CDs or movies that are
popular with other users with similar preferences. Coistifaased filtering involves an
agent specifying constraintg.(., the price range and date limit) to narrow down the
products. In this way, customers’ agents are guided thra@utdrge feature space of
the product [Guttman et al., 1998]. For example, eBay guadaeser agent to select the
products by narrowing down the range of the possibilitiesellaon the constraints the
user gives€.g, price range, item location, and so on). In the end, a lishefdesired
products that satisfy the user’s constraints is returnemmeSe-commerce systems use
more than one kind of filtering technique (since sometimesudo not know exactly
the constraints of the goods they are looking for in advarfes) example, eBay and Ya-
hoo ShoppingHttp:/shopping.yahoo.com) use both feature-based and constraint-based
techniques. The differences among these techniques areaised in Table 2.2.

SMost of the dimensions in Table 2.2 are self explanatory. el@w, for “Interaction with user”, few
interactions are needed in collaborative filtering, sinbatthe user agents need to do is just provide their
user’s profile and they can then get recommendations froreytsiem. For feature-based and constraint-
based systems, some keywords or constraints need to beauimjiuhe user can find the exact product they
want. The last dimension in the table is “Goods suitable.f@bdllaborative filtering is more specialised
than the other techniques because it works based on petagivadity and people’s tastes rather than ob-
jective properties [Shardanand and Maes, 1995]. Thusnibise suited to goods such as novels, CDs and
DVDs because it is subjective judgements that act as therdiitiator in these cases.
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2.2.3 Buyer Coalition Formation

Having determined the product to buy, customers may mowtlyrto the merchant
brokering phase (see below) or they may interact with othreila buyers to try and
form a coalition before moving to the merchant brokeringgehaHere a coalition is
viewed as a group of agents cooperating with each other iardaachieve a com-
mon task [Shehory and Kraus, 1998]. In these “buyer coaktipeach buyer is rep-
resented by their own agent and together these agents trjoamda grouping in or-
der to approach the merchant with a larger order (in ordetbtain leverage by buy-
ing in bulk). In [Yamamoto and Sycara, 2001], for example,ugdy coalition form-
ation scheme is proposed in which buyer agents specify pheliiems in a category
and their valuation of these items and the group leader agehén responsible for di-
viding the group into coalitions and calculating the suspllivision among the buyers.
Similarly, [Tsvetovat and Sycara, 2000] views a buyer c¢mali model as being com-
posed of five stages: negotiation, leader election, coalitbrmation, payment collec-
tion and execution stages. They test their algorithms inlieaose book purchasing
setting in the university and show how the supplier agenégiz volume discount ac-
cording to the size of the coalitions. In both of the aboveays, it is essential to
have a trustworthy and reliable agent that will collect thgdy’s information, divide the
agents into coalitions, and negotiate with sellers (reddivamamoto and Sycara, 2001,
Tsvetovat and Sycara, 2000] for a full discussion of theseds).

2.2.4 Merchant Brokering

Having selected the desired product, and perhaps aftengpdmmed a buyer coalition,
merchant brokering involves the agent finding an appropmagrchant to purchase the
item from. Initial work in this area focused on finding the wteant that offered the good
at the cheapest price. BargainFinder [Krulwich, 1996] virasfirst system of this kind to
employ agents and it operated in the following way. If a costowants to buy a music
CD, BargainFinder will launch its agent to collect the psideom a pre-defined set of
CD shops, and then it will select the CD with the lowest primethe customer. Another
similar example is Pricelinen{tp://www.priceline.com) which carries out the same set of
tasks for airline tickets, hotel rooms and cars.

However, in many cases price is not the only determinanttferuser. Other relev-
ant issues, for example, might include delivery time, watyaand gift services. Also
many merchants prefer their offerings not be judged on paloee. Thus there is a
move to extend these agents to consider multiple attributegurally the importance
of the different attributes will vary between consumers andhere needs to be a way
for this information to be easily conveyed to the agent. la Hrictionless Sourcing
(http://www.frictionless.com) platform, “Vendor Scorecards” (multi-attribute comgari
ons) are used to measure the performance of suppliers. Borp&, when evaluating
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the performance of different laptop computer suppliers, kby factors considered in-
clude reliability, responsiveness.(, reacting quickly), environmental friendlinessd,
minimal pollution of the environment), and business efficie (e.g, support for elec-
tronic purchasing over Internet). A total score is then aialied for each supplier based
on the weighted score of these individual constituent camepts. These weights are
obtained by the customer identifying themselves with aipadr stereotype profile in
which the weights are given.

2.2.5 Negotiation

Having selected a merchant (or set of merchants), the nextisto negotiate the terms
and conditions under which the desired product will be deéd. To this end, we believe
that one of the major changes that will be brought about bytagediated e-commerce
is that dynamic pricing and personalisation of offers wi#icome the norm for many
goods and customers. Thus, negotiation capabilities @eng&al for e-commerce sys-
tems [Beam and Segev, 1996]. In human negotiations, two oe parties bargain with
one another to determine the price or other transactionst@fisher and Ury, 1981]. In
an automated negotiation, software agents engage in yrsiadilar processes to achieve
the same end [Jennings et al., 2001]. In contrast to many hu@gotiations, automated
negotiation can be very fast since decisions and excharagesacur rapidly. In some
cases, negotiation is very complicatedg, when it involves many interrelated goods)
and can become too difficult for consumers to handle manu#tlysuch cases, auto-
mated negotiation systems can help ordinary users perfkenptofessional negotiators.
Moreover, automated negotiation can also remove the hueraikslities that are often
associated with negotiating.

In more detail, the agents prepare bids for and evaluatesasfe behalf of the parties
they represent with the aim of obtaining the maximum benefittieir users. They do
so according to some negotiation strategy. As discussedatidd 1.1.3, such strategies
are determined by the negotiation protocol that is in plaGésen the wide variety of
possibilities (as will be shown below), there is no univélydaest approach or technique
for automated negotiations [Jennings et al., 2001], rapihetocols and strategies need
to be set according to the prevailing situation [Friedm&®3]. Given this, our ana-
lysis of automated negotiation models as used in B2C e-caoneris divided into two
categorie$ auctions and bilateral negotiations.

Auctions

As discussed in Section 1.1.2, there are many types of ausctidHowever, most e-
commerce scenarios concentrate on the basic four typesgiésided auctions (English,

5There are other types of negotiation protocol such as raikral negotiation (in which the negoti-
ation involves bargaining between multiple non-coopeeagpiarties [Adams et al., 1996]) and n-bilateral
negotiations (in which the negotiation involves multipitateral bargaining encounters [Faratin, 2000]).
However since these protocols are not as widely used in ev@yoe we do not consider them here.
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Table 2.3: Values of each dimension in Table 2.4.

Auction one-sided (O) only bids or asks are permitted
mode two-sided (T) both bids and asks are permitted
Duration single-round (S) the auction only lasts one round
time multi-round (M) the auction lasts multiple rounds
Unit of one (O) only one good is auctioned during the auction
goods many (M) multiple goods are auctioned
. many to one (MO) there are multiple buyers and only one seller
Ratio of B-S .
one to many (OM) there are multiple sellers and only one buyer
many to many (MM) there are multiple buyers and multipleessl|
Information | yes (Y) there is intermediate information revealed
revealed no (N) a bidder has no information about others
first price (F) highest price among all the bidders
Closing second price (S) second highest price among all the bidders
price different prices (D)  trades take place any time at diffef@ites
Closing _time (T) when a time is reached _ . _
inactivity (1) when there are no more bids for a time period
rules o
budget (B) when a reserve price is reached
Table 2.4: Comparison of different types of auctions.
auction | duration unit ratio of information | closing | closing
Auction | mode time goods B-S revealed price rules
o T S M | O M MO| OM| MM| Y N
English | / Vv VAN VAR IRV vV F I
FPSB | / v VvV v F T
Vickrey | / v/ VAN VAR IRV vV S T
Dutch | / vV VoV Y v F B
CDA v v v v |V D |

FPSB, Vickrey and Dutch) or the continuous double aucti@i3X). Thus, we compare
these auction protocols according to the auction modetidarame, unit of goods auc-
tioned, ratio of buyer to seller, how much information isealed during the auction,
how the closing price is determined, and when the auctiopesloSee Table 2.4 for the
detailed comparison and Table Z.3or the explanation of the dimensions in the table.
Given these protocols, we now turn to the strategies thetagwed to employ in order
to be successful.

e English auction The agent’s dominant strategy (the best thing to do, igetige
of what the others do [Sandholm, 1999b]) is to bid a small amouwre than the
current highest bid and stop when the user’s valuation ishe@d For example,
in Yahoo auctions, “automatic bidding” allows buyers toungheir maximum bid

"Here we only consider the popular forms of the auctions onesgpe, non-divisible goods and the
guantity is a single unit (see [Wurman, 2001] for a fuller atggtion of the bidding rules). Also, many
different types of information can be revealed in the coofdbe auction €.g, the identity of the bidders,
the settlement price, the ask-bid spread and so on [Friedb®83]) here, however, we only consider
whether any intermediate information is revealed (see [fiuret al., 1998] for a detailed discussion of
the impact of information revelation).
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(i.e., valuation of the item) and an agent will bid incrementallyem it is necessary
to win the auction.

e First-price sealed-bid auction (FPSBIn general, there is no dominant bidding
strategy in this auction. Here the price of the bid and thesttm stop bidding
are functions of the agent’s own valuation of the item andoéiefs about the
valuation of others’ bidders. A good strategy is to bid ldssntthe user’s true
valuation, but how much less depends on the user’s attitnalartl risk, the user’s
private valuation, as well as the prior beliefs about theiaabns of other bidders.
An analysis of such strategies can be found in [McAfee and Mak] 1987].

e Vickrey auction In a private valu@ Vickrey auction, the dominant strategy is to
bid the user’s true valuation [Sandholm, 1999b]. In thistegt) agents truthfully
reveal their preferences which allows efficient decisiansd made.

e Dutch auction The Dutch auction is strategically equivalent to the fste
sealed-bid auction. This is because in both games an adedtieatters only if
it is the highest, and no relevant information is revealednduthe auction process
[Sandholm, 1999b]. Klik-Klok fittp://www.klik-klok.com) is an example of a Dutch
auction website for gold and jewellery sale where auctidogsrdecline until a
buyer makes a bid. The analysis of strategies in Dutch augtian be found in
[Milgrom, 1989].

e Continuous Double Auction (CDA) (to be discussed in moraidatChapter 3) A
variety of different CDA models have been constructed [&aahd Ledyard, 1993,
Gjerstad and Dickhaut, 1998, Sadrieh, 1998] and these watgrms of whether
bids/asks are for multiple or single units, whether unatastpffers are queued
or replaced by better offers, and so on [Friedman, 1993]. eNbkeless all these
protocols allow traders to make offers to buy or sell and twept other traders’
offers at any moment during a trading period [Friedman, 1988Be messages ex-
changed generally consist of bids (offers to buy) and adisréoto sell) for single
units of the commaodity, and acceptances of the current hdsbrbask. Several
bidding strategies have been proposed in the literatureleesk are discussed in
more detail in Section 3.5.

In addition to the aforementioned auction type, and as argué&ection 1.1.3, we
believe that the multiple auction context will become irasiagly important in the do-
main of e-commerce. In this type of auction, the agent nesdsanitor all the relevant
auctions, decide which one to bid in and determine what torbadder to get the goods
at the best deal. This is an aspect of e-commerce that is eallymade possible by the

8Private value means that the bidder only knows its own valnatf the item, but it does not know the
value to other bidders [McAfee and McMillan, 1987]. For exae) auctioning a cake (that the winner will
eat) is a private value auction, whereas auctioning trgdsills (where the value of the bills comes from
reselling) is a public value auction.
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use of agents in a timely manner would be beyond most humaees S&ction 4.4 for a
more detailed analysis of the state of the art in this area.

Bilateral Negotiations

Bilateral negotiation involves two parties, a servicefgsapplier and a consumer, com-
ing to a mutually acceptable agreement over the terms arditemms of a potential trans-
action [Sierra et al., 1997a]. In contrast to most of the imnotvork (which is a form of
one to many, many to many, or many to one negotiation), bdhteegotiation is usu-
ally concerned with multi-attribute contracts (coveringep, quality, delivery date, and
so on). As with the auction work, there is no dominant negiotiamodel or strategy
that is suitable for all occasions. Rather, it is a case dédiht models having different
strategies that are suitable in different contexts. Gives gituation, we classify extant
work on bilateral negotiation into three groups.

¢ Decision making by explicitly reasoning about the oppoisdmthaviour. Agents
using the strategies in this group explicitly reason abbairtopponent’s object-
ives and behaviours and then decide what is the appropespense to their likely
behaviour. In this respect, non-cooperative game theohnyjcfwis particularly con-
cerned with providing equilibrium strategies in which n@agwants to change its
strategy whatever its opponents do) is an important appré@canalysing stra-
tegic interactions among agents [Kreps, 1990, Tirole, 1.9%98&e recursive mod-
elling method [Vidal and Durfee, 1996, Gmytrasiewicz andfBe, 1995] is em-
ployed by an agent to reason about its opponent so that it eaergte its own
strategy in response. In [Zeng and Sycara, 1998], a Bayestwork is used to
update the knowledge and belief that each agent has aboentiiwnment and
other agents; and offers and counter-offers between agentgenerated based on
Bayesian probabilities. More discussion about theseegfieé can be found in
Section 3.5.

e Decision making by finding the current best solutiohlgorithms in this group
focus on finding the offer/counter-offer that maximises #yent’s profit given
the agent’s constraints, preferences, current negatiaitaation, and the oppon-
ent’s last offer. In Téte-a-Téte [Guttman and Maes, 198@nstraints on product
features and constraints on merchant features are usefluence the decision
of what and whom to buy from. [Luo et al., 2003c] developed zjuconstraint
based framework for multi-issue negotiations in compegitrading environments
and demonstrated it in a negotiation between a real estatecg@nd a customer.
[Kowalczyk and Bui, 2000, Kowalczyk, 2000] also use fuzzysiaints to model
multi-issue negotiation, but their approach performs tiatgjon on individual solu-
tions one at a time. Matos and Sierra [Matos et al., 1998] eyplzzy logic, case-
based reasoning and evolutionary computing to deal witlbtlageral negotiation
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[Jennings et al., 2000a]. Faratat al. develop a suite of algorithms for multi-
issue negotiation that covers both concessionary behajf@uatin et al., 1998]
and trade-offs that aim to find a win-win solution for bothtges [Faratin et al., 2002].

e ArgumentationIn this approach, agents exchange additional informatti@m and
above the basic terms and conditions of the contract [Jgar@hal., 2001]. This
information can be of a number of different forms, neverhss] it is always some
form of argument which explains/justifies the position o# thgent making the
argument. Thus, in addition to rejecting a proposal, an agam offer a critique
of the proposal, explaining why it is unacceptaldey( the price is too high). The
way in which argumentation fits into the general negotiaporcess was defined
in [Sierra et al., 1997b] where a simple negotiation protdeotrading proposals
was augmented with a series of illocutionary moves whiabwafbr the passing of
arguments.

2.3 Agentsin B2B E-Commerce

Compared with B2C e-commerce, B2B deals with transactioreg organisations (see
Table 2.5 for a more detailed comparison). Generally spegkelationships between or-
ganisations are more complex than those between busirasde®nsumers, since they
involve the adoption of similar standards with respect tmownications and collabora-
tion, as well as joint information technology investmenitpfgamani and Walden, 2000].
In particular, one of the main aims of B2B e-commerce is tmi§icantly improve the
supply chain by facilitating more efficient and agile praament [Dou and Chou, 2002].
Moreover the exchanges in B2B are increasingly tending tprbvate [Young, 2001].
Such exchanges enable companies to trade with their exiséirtners in a well defined
environment without having to go through some of the eadgess of the B2B lifecycle
(see Figure 2.3).

Here we create a BBT model (see Figure 2.3) to explore thes roleagents be-
cause other models.@g, [Barnes-Vieyra and Claycomb, 2001, Turban et al., 1998) c
not cover all the phases involved in the Internet based BZBrnemerce taking place
today. Specifically, we believe agents are most useful inpdwnership formation,
brokering and negotiation stages because these stagegaild complex issues related
to decision making, searching and matchmaking that ageatsell suited to. Thus we
will explore these roles in more detail in the rest of thisteec Currently, agents are
not used in the contract formation stage, but we believe tieee the potential to be
involved in this activity. Contract formation marks thertenation of negotiation and
involves the agreed terms being put into a legally bindingtiat. Traditionally contract
formation involves two or more people, meeting face-teefatlowever as e-commerce
systems evolve this situation is starting to change. In tf& ,Uor example, Section 206
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Table 2.5: Dimensions of B2C and B2B e-commerce.

Dimension| Business-to-customer e-commerce
e Individual customer oriented
e No collaboration between customer and company required
Features e Brings convenience for buying in globally competitive metsk
e Quick response to the transaction
e Convenient to use
[0 Need identification
e .9, Amazon (Delivers) and Fastparts (Auto Watch)
(0 Product brokering
e Feature-based, collaborative and constraint-basedrfiter
e .9, Amazon, eBay, and Net Perceptions
Roles of [0 Buyer coalition formation
agents e e.g, Collective book purchasing and GroupBuyAuction
J Merchant brokering
e Price comparison and multi-attribute comparison
e e.g, BargainFinder and Frictionless Commerce
[0 Negotiation
e Auctions and multi-attribute bilateral negotiation
e €.9, eBay, Yahoo Auctions and AuctionBot
Dimension| Business-to-business e-commerce
e Organisation oriented
e Close collaboration between organisations required
e Facilitates both direct and indirect procurement and supiphin
Features
e Larger and global markets
e Real-time and low cost transaction
e Less inventory and dynamic pricing
O Partnership formation
e Virtual enterprises
e Supply chain management
(] Brokering
Roles of e Information retrieval & processing, negotiation,
agents Profiling of users, notification, collaboration with othepkers

ee.g, OFFER, MULTIMEDIATOR, and Abrose

[0 Negotiation
e Auctions (sell-side, buy-side and combinatorial auction)
e e.g, Fastparts.com, GE.com, Ariba.com and labx.com
e Contracting
e e.g, Contract net, marginal cost-based contract, OCSM
levelled commitment contract and MAGNET
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Figure 2.3: Business-to-business lifecycle model.

in the Uniform Commercial Code (U.C.C.) was proposed byrrays as a way of deal-
ing with automated contract formation and clearly stated tdontracts can be formed
by the interaction of electronic ageritsThis proposal is motivated by the fact that it
is a challenging task for the courts to determine where timenconication system ends
and when the legal agent begiffsThe fifth stage, contract fulfilment, means the parties
carry out the agreed transaction according to the termdfsgzea the contract. This
stage usually includes: a detailed description of the gaadice provided; the means of
delivery (electronic or physical); how it will be paid foe.g. partial payments up-front,
with the balance paid on completion); which law governs thetiact;, how to resolve
any disputes, how to deal with claims arising, how a conttaatbe monitored, and so
on. We believe agents are not likely to be involved in thigistior some time, because
it involves many complex legal issues and subjective judges The last stage, service
evaluation, is the post-transaction stage, where tradafgate their satisfaction with the
transaction. Many e-commerce systems allow users to pedeeldback on the transac-
tions experienced. For example, eBay uses “Feedback Faatieck the reputation or
business practices of anyone at eBay. This feedback, epneg the reputation of the
trader, can then be made accessible to subsequent agenigshdo interact with the
trader. Again because of its subjective nature, we do na\aethere is a significant role
for agents in this phase of the lifecycle.

2.3.1 Partnership Formation

The information technology available today makes it pdedilr a company to search for
its partners worldwide [Kumar, 2001]. Given this fact, parships can be much more
agile and fluid. Thus this step may include the forming of a netual organisation as
well as finding the partners that provide products or sesvica supply chain.

9The official draft of Article 2B of the U.C.C. is from 2002 andarc be found at
http://www.law.uh.edu/ucc2b.

105 eenttp://www.jurisdiction.com/ecom3.htm for more details of this debate.

28



Virtual Enterprises

A virtual enterprisé! (VE) is composed of a number of cooperating companies ttaiesh
their resources and skills to support a particular produgtroject effort (for as long
as it is viable to do so) [O’'Leary et al., 1997]. The idea istthg collaborating the
constituent companies can more effectively utilise thegources than if they acted in
isolation [Goldman et al., 1995]. For example, an individtanpany may collaborate
with several partner companies that provide related prisdsw that each of them need
only provide the services/products in which they speaalit, when taken together, the
VE can provide a broader range of offerings. Such VEs offeersg potential advant-
ages [Martinez et al., 2001]: maximising flexibility and atibility to respond to envir-
onmental changes; developing a pool of competencies andnes by combining its
members’ resources; adjusting itself according to the etarinstraints; and managing
the global supply chain optimally.

Given the fact that a VE is composed of a number of autonomotitses that need
to interact with one another in flexible ways, agent techggls a natural underpin-
ning model [O’Leary et al., 1997, Norman et al., 2004]. In maletail, the formation
of a VE involves a selection process based on a number ofblasiauch as organisa-
tional fit, technological capabilities, relationship dieyement, quality, price and speed
[Sarkis and Sundarraj, 2002]. Thus, a broker may assistantifying the best partners
from the set of potential collaborators [Meade et al., 1986 also Section 2.3.2). Hav-
ing identified the partners, the agents need to negotiakteomi¢ another in order to set the
terms and conditions of their partnership [Tuma, 1998] (8edtion 2.3.3). Then, once
the VE is established, the agents need to coordinate th@naso that they deliver their
services in an effective manner. Here the VE might requiraraber of agents to man-
age its ongoing operations [Massotte, 1993]. For examMeytinez et al., 2001] pro-
pose a multi-agent control system that consists of thregskif controller agent: product
agents (which manage the activity associated with eachupthdactivity agents (which
autonomously manage an entire manufacturing activityyasdurce agents (which man-
age their own operative functions and propose servicesfteactivity agents). Together
these agents use and control the other entities in the systerder to achieve the VE's
overall aims. The MASSYVE (multi-agent agile manufactgrscheduling systems for
virtual enterprises) project focuses on the use of mukiragystems in agile schedul-
ing in a VE environment [Rabelo et al., 1999]. The factorssidared here range from
distribution logistics scheduling in supply chains to niggfoon in the VE using mobile
agents. The AIMS (agile infrastructure for manufacturiggtems) project enables com-
panies to share resources and skills to facilitate the tipasof VEs and agents function
as a bridge between clients and servers [O’Leary et al.,[LSpécifically, the agents act

HCoalition formation by buyer companies is similar to buyealition in the B2C domain (Section
2.2.3). Thus here we focus on virtual enterprises of supptients.
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as: facilitators (routing requests to appropriate datedasggregator agents (combining
multiple orders); user programmable agents (automatiogne tasks) and engineering
databases agents (notifying users of design changes).

Supply Chain Management

A supply chain is formed by business units or facilities thatchase raw materials,
convert them into intermediate goods and final productsdahders these final products
to customers [Tan et al., 2000]. A supply chain is used to dioate the activities of
the organisations involved in order to ensure that prodo@ss through the chain in the
shortest time and at the lowest cost [Lee and Billington 5198ecause of the business
trend towards outsourcing services and resources, suppin oetworks have become
more complex [Kumar, 2001]. Given this, the software solusibeing developed need
to be more sophisticated than the current generation of fleakools. In particular,
the various components of the supply chain can be viewedtas@mous stakeholders
and these various stakeholders need to interact in flexielesswThus an agent-based
approach is well suited to this domain [Huhns et al., 2008nigs et al., 2000a]. In
particular, agents can be used to execute the schedulirgefral., 2000], negotiate about
product prices [Sun et al., 1999] and share data betweenaegp[Zeng, 2001].

To this end, a number of models for agent-based supply chaimagement have been
reported. For example, Walsh and Wellman developed a mayk&tm, based on a task
dependency network, for allocating tasks among agentstimpete for scare resources
[Walsh and Wellman, 1999]. [Sun et al., 1999] model and im@et the order selection
and negotiation process in a supply chain as a multi-agestesy Here a negotiating
agent represents each company along the supply chain antsagmerate a purchase
plan, negotiate and generate counter proposals usingraorsatisfaction techniques.
Moreover, Zeng proposed the Leadtime-Cost Tradeoff Suppbin Model [Zeng, 2001]
in which each agent represents a business entity and thésagmordinate with each
other to control activity in the supply chain. An agent-lzthapproach for streamlining
the business decision process is proposed in [Keskinocak @001]; here agents assist
the decision maker by discovering matches between supplgemand.

2.3.2 Brokering

Brokering is the process that matches sellers who supplygiservices to the buyers
who need them [Foss, 1998]. From the seller’s side, it is Huey tan propagate their
products and locate potential buyers. From the buyer’s theégroblem is how to find the
most appropriate seller to provide the good/services [kKhasd Kitjongthawonkul, 2001]
(e.g, lowest price or best quality). In contrast to merchant broig in the B2C domain
(Section 2.2.4), brokering in a B2B context typically inve$ repeated transactions and
large volumes (in the B2C context brokering requests oféexdl to be one-off transac-
tions, since individual customers tend not to buy the saroduymt often).
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Table 2.6: Brokers’ functions and services.
The projects in the table are Abrose [Gleizes et al., 199BFER
[Bichler and Segev, 1999], MULTIMEDIATOR [Gallego et al998] and Schmicbt al.
[Schmid and Lindemann, 1998].

] Information Maintenance N .
Project/ retrieval and  self-learning Profiling Nego- Collqbo- NOt!fI-
Papers processing about user Of users tiation  ration cation
Abrose vV Vv vV Vv
OFFER Vv vV V vV
MULTIMEDIATOR vV Vv vV
Schmidet al. Vv Vv

As the Internet expands, it is becoming more expensive and difficult to navigate
in order to find the necessary information on companies agid dffferings (this is espe-
cially true for small and medium size enterprises [Turbaal ¢t1999]). For example, it
is estimated that about $5 trillion dollars is spent on trecprement of industrial parts
each year [Tully, 2000]. Given the difficulty and value ofdleixercise, a common way of
obtaining this information for companies in B2B e-commeicéhrough some form of
information broker (they can also be called matchmakersdithPark, 2001] or broker-
age centres [Gamvroulas et al., 2000]) that acts as an iatkany between the buyers
and sellers. Here a broker can be an agent or a multi-agaentsy$ he functions offered
by a broker may include the following [Foss, 1998]: informatretrieval and processing;
maintenance of a self-learning information repositoryutibe user; profiling of users;
monitoring for items of interest to the user; filtering ofanfmation; intelligent predic-
tion of user requirements; commercial negotiation betwseestomers and the providers;
collaboration with other brokers; and protecting the usamfintrusive access.

To summarise, Table 2.6 details the services provided bynabeu of agent-based
broker systems. As shown in the table, most brokerage ssrvaxlay mainly focus on
information search and matchmaking buyer’s and selled$ilps, as well as comparing
the products in the catalogues of different suppliers. Wiews® more advanced services
(e.g, collaboration with other brokers and protecting the usamfintrusive access) will
now start to emerge in order to provide more support to thetsugnd sellers involved
in the transactions.

2.3.3 Negotiation

After the appropriate providers and consumers have bedel@d, the negotiation stage
is where the traders aim to reach an agreement about whahaaihould be performed
under what conditions. By establishing contracts on anesstad, just-in-time basis,
sellers can tailor their offerings both to their individwald the prevailing market situ-
ation at any given moment in time. Buyers can reduce theiplgughain cost, benefit

from dynamic pricing mechanisms, broaden their suppli¢alizse, and streamline the
procurement process. Compared with negotiation in the Bi?fext, B2B negotiation is
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more complex. Typically, for example, it involves largedwmes, repeated transactions
and more complex contracts. The negotiation methods disdusa the B2C context can
also apply here, however, the two most popular means of aimguB2B negotiation are
through auctions and contracting.

Auctions in B2B E-commerce

There are now many B2B marketplaces on the web that provickoauservices and al-
low organisations to trade with one another on a global b&miexample, FreeMarkets
(http://www.freemarkets.com) and Ariba fttp://www.ariba.com). Indeed, industry ana-
lysts estimate that 25% of e-commerce now consists of exygsathrough such mech-
anisms [Sashi and O’Leary, 2002]. These auctions offer naalvgances over traditional
exchange methodsg (@, fixed suppliers), such as a larger market, less inventedyced
transaction costs, global expansion, and efficient prif8aghi and O’Leary, 2002]. We
classify the commonly used auctions into three kinds: hdg-auctions (one buyer and
multiple sellers); sell-side auctions (one seller and mpidtbuyers) and combinatorial
auctions [Fujishima et al., 1999, Karp, 1972, Rassenti.e18B2] (where bidders bid for
a combination of related items). An agent can be either arbufe submits bids or a
seller who provides some products or services in theseasctirhe sell-side auction is
similar to the auctions discussed in the B2C context; thedidg auction is the opposite
of the sell-side auction (however, it can also be an EngNstkrey, FPSB, or Dutch
auction). Combinatorial auctions only take place in B2Biemments because of their
inherent complexities.

Buy-side Auctions

Buy-side auctions, also called reverse auctions [Teich ,e1299] or procurement auc-
tions [Che, 1993], occur when buyers negotiate with mudtgellers in order to procure
a particular good/servick. In this case, the negotiation usually involves multipleilait
utes, since buyers invariably have their particular rezqagnts on the goods they need.
Here the buyer sends out his requirements and the sellersavhmeet them make bids.
To make this process cost effective, some companies haltetheir own markets in
which they can invite bids from potential sellers. Exampméthis kind include General
Electric (ttp://www.ge.com) and Boeing Inc. Http://www.boeing.com). The idea is that
the cost spent in searching and comparing suppliers caigbiésantly reduced, because
the companies repeatedly buy large volumes of many suchuptedin contrast, some
companies conduct buy-side auctions through a third pagtysite €.g, labx and Ariba).

2There is another form of buy side auction called a RequesDtmte (RFQ) [Turban et al., 1999]. In
a RFQ, the buyer requests quotes that can include the petieery dates and description of the goods or
services being provided. The buyer uses this as a way to Imegjatiation. However, since there is not
an automatic criteriag(g, a scoring function to evaluate the bids) for selecting tivner, the strategy for
the bidder is not obvious. Thus, we only discuss the revarsgéam in this context because it has a clear
selection criteria which means it is amenable to an agesgdbaolution.
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More specifically, [Che, 1993] investigates governmentcprement using a two-
dimensional auction (price and quality). A buyer solicitdsbfrom multiple sellers.
Each bidder submits a sealed bid specifying the price antitg@ad the bidder with
the highest score wins. Based on the different ways in whiehwinner offers the
goods/services, three auction schemes are proposed:chirst Gvinner offers the price
and quality it bids), second score (winner offers the gaetsices matching the score
of the second highest scored bidder), and second prefeffiegqwinner offers the goods
or services at the same price and quality as the second higtm®d bidder). In this
model, the buyer evaluates the bids by a scoring functiorchvbonverts a bid into a
single number.

[Bichler et al., 1999] also defines a bidding procedure foltraitribute auctions: a
buyer first specifies a request for bids and defines his ragemées and preferences for
the goods/services in a scoring function. Then sellers gtheir bids. After the auction
closes, the wining bid is the one that has the highest scareraputed by the buyer.¢.,
the seller who satisfies the buyer the most). This basic nmesimawas applied to Eng-
lish, Vickrey, and FPSB auction protocols. Moreover, Bestdmpirically analysed these
multi-attribute auctions and found that the utility scoaesieved by the buyer are signi-
ficantly higher than those of the corresponding singlekaite auctions [Bichler, 2000].
In this setting, the scoring function is revealed to the biddthus the bidders know how
to improve their bids in a way that makes them most attradtivihe buyer, and least
costly for them.

[Teich et al., 1999] developed multiple-attribute algomts and heuristics for auc-
tions. In the case where the “quantity” is not an attributéhmauction, the preference of
the auctioneer is represented by the preference path titet agdering of all the levels of
each attribute. The preference path here acts as a sconatidi that the bidders would
follow. In the case where “quantity” is an attribute in theon, a discriminative auction
algorithm is proposed. The auctioneer can specify multipéervation prices for differ-
ent quantities and the bidders can accept the suggestediidiabove the suggested bid
price. The authors argue that the algorithm can make theeharére efficient.

[Vulkan and Jennings, 2000] proposed a multi-attributetiangorotocol for service
allocation in the ADEPT [Jennings et al., 2000a] scenarize ADEPT technology was
used to develop a system for managing the British Telecom) (RiBiness process of
providing a quotation for designing a network to providetigaitar network services to a
customer. They show that the protocol is guaranteed to ehibhasservice provider that
makes the best offer from the buyer’s utility respective #rat this offer is better than
any offer that would have been forthcoming using any othgpotiation protocol.

Sell-side Auctions
In this kind of auction, there is a seller who wants to selldgiservices and many buy-
ers join the auction. The mechanism is usually one of the comgingle sided types
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described in Section 2.2.5 and the strategies describdthinsection also apply here.
These sorts of auctions are often used by companies thatekokss inventory or that
buy out-of-date inventory [Sashi and O’Leary, 2002]. Fastp which sells electronic
manufacturing products and Staplésd://www.staples.com) which sells business sup-
plies and services are two of the most prominent exampldsogenre.

Combinatorial Auctions

These are a special form of auction in which there are melipids of goods to sell and
bidders can bid on combinations of items. For example, arselay want to sell several
kinds of related good®(g, licenses in spectrum auctiorstp://wireless.fcc.gov/auctions))
and many bidders may have preferences over a combinatidero§ige.g, bidding on
license A and B for $ 300). After the seller receives all thesbhiit will decide a non-
conflicting allocation among these goods that maximisagitsnue. These sorts of auc-
tion are involved in many situations in the real world. Foamwple, in the Federal Com-
munications Commission (FCC) spectrum auctiatp(//www.fcc.gov/wtb/auctions/), bid-
ders placed bids on different combinations of spectrunntes. Between 1994 and
January 2002, 38,829 licenses have been auctioned an®2df, 84em have been won
through such combinatorial mechanisms. Other examplesrmabmatorial auctions are
for airport time slots [Rassenti et al., 1982], railroadreegts [Brewer, 1999], and deliv-
ery routes [Caplice, 1996].

These auctions are especially prevalent in a B2B contexaussc companies of-
ten want to trade in a variety of interrelated assets. Maea@s different compan-
ies value the items or bundles of items differently, allogvthem to bid on combina-
tions provides greater flexibility in expressing their neethd enhances the economic
efficiency of the market [Vries and Vohra, 2001]. From an agmrspective, the key
challenge is that of winner determination (auctioneerasla set of non-conflicting
bids that maximise its revenue and this problem has beenrshowe NP-complete
[Fujishima et al., 1999]) and a number of algorithms havenlwks/eloped to achieve this
according to various criteriae(g, anytime algorithms [Fujishima et al., 1999], polyno-
mial algorithms [Dang and Jennings, 2002] and optimal smhst[Sandholm, 2002]). In
this context, the bidding agent has to express its prefesena every bundle it is in-
terested in. However, transmitting these preferenceseatictioneer is a difficult task
since the bundles in the bids are likely to be very large. Teroeme this, some research-
ers have developed an “oracle” (a program that can competdithfor each bidder)
[Vries and Vohra, 2001] and others have developed a biddingdage to encode the
preferences of the bidders.¢, XOR-bids and OR-of-XORs [Sandholm, 2002]).

Contracting

Contracting covers the negotiation involved in reallazgtivork among agents; it in-
volves one agent trying to contract out some of its tasks tthem agent by promising
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some rewards [Kraus, 2001]. Contracts have been applie@lasfsuch as electricity
markets, bandwidth allocation, manufacturing plannind acheduling, and electronic
trading of financial instruments [Sandholm, 1999a].

Smith’s Contract Net Protocol [Smith, 1980] was the first tirajent contracting
protocol. In this protocol, a manager agent announces araskives and evaluates bids
from potential contractors, and then awards the task to étieeon and finally receives
the result from this contractor. Sandholm extends this workonsider marginal cost-
based contracts (an agent contracts in/out a task only &ntronake a profit doing so)
[Sandholm, 1993]. Sandholm’s protocol was used as the basiee TRACONET sys-
tem which is an automated system for task reallocation anfremght companies. Here
each agent, representing a company, can take deliveryftask®r give out tasks to other
agents. In the original contract only one task can be movésd®sn agents at any one
time. However this sometimes led to local optima. To overeadhis, several new types
of contract were added [Sandholm, 1993]: cluster conti@stshanging multiple tasks),
swap contracts (swapping a task for another task), and 4ag#tnt contracts (more than
two agents in the same contract). When taken together,amistthat combine all of the
above can be shown to guarantee the optimal allocation ghradinite number of con-
tracts. [Andersson and Sandholm, 1998] also devised &velbmmitment contracting
in which an agent can decommit from contracts by means ofigagymonetary penalty to
the contracting partner as a way of releasing itself fronttrgract. [Collins et al., 1998]
developed the MAGNET (Multi AGent NEgotiation Testbed)tgys which takes advant-
age of an independent market infrastructure and uses itiasemmediary to facilitate the
interactions between agents. Compared with other negwtiapproachese(g, contract
net), the fact that there is an explicit intermediary redungunter speculation by enfor-
cing negotiation rules and verifying the identity of the atge

2.4 Summary

This chapter has surveyed and analysed the state of thesgeim mediated e-commerce,
focusing particularly on the B2C and the B2B context. Whderat mediated e-commerce
is still very much in its infancy, a number of agent based dgplents have already been
made. In highlighting these endeavours, we have also wiedtline medium and longer
term aspirations for this area. The key observation froma taview is the importance
of various forms of automated negotiation. Such negotia¢ioables trades to occur in
more open and dynamic environments and enables tradingdigbdicantly more agile
than it is at present. Within this space, auctions are a kegnsief achieving its aim.
However, a key impediment to the degrees of automation s&smlin this chapter is the
lack of effective and efficient bidding strategies for theris that are to participate in
these auctions. To this end, the remainder of this thesisardrates on developing such
strategies for several auction contexts that are impotteeicommerce scenarios.
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Given this analysis of the state of the art, we decided to eoimate on the strategy
design highlighted in Section 2.2.5. As already discusesl,is a key aspect of agent-
mediated e-commerce and one that has many different fadétss the remainder of
this thesis focuses on the issue of designing effective aactipal strategies for agents
that participate in a variety of different auction settingis more detail, this thesis first
concentrates on developing a strategy for a particular@usetting. To demonstrate the
power of the agent-based approach the CDA is chosen (ChZpt&his is a reasonably
common type of auction (see Section 2.2.5), but is suffijezamplex that it has no
optimal strategy that can be pre-computed. Having suadésslieveloped an agent for
this scenario, we then focus on the more complex multiplé@usetting where an agent
tries to bid across multiple simultaneous auctions in otdgrocure a number of goods
(Chapters 4 and 5).
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Chapter 3

Bidding Strategies for Continuous
Double Auctions

In the previous chapter, we surveyed the field of agent medlietcommerce from the
B2C and B2B perspectives, highlighted the importance ofians and of developing
effective bidding strategies for agents that operate i fuwntexts. Against this back-
ground, this chapter focuses on the strategy design fortecplar auction protocol—the
continuous double auction (see Section 2.2.5 for a detaiéfhition of a CDA). Our
agent design addresses the following common issues destusSection 1.2: price pre-
diction (the reference price defined in Section 3.2.1), tategm (see Section 3.4 ), risk
attitude (see Section 3.3.2) and flexible bidding (see 8e&i2.2).

In more detail, the bidding algorithms we develop are héigrimethods that exploit
fuzzy logic techniques [Zadeh, 1965], especially fuzzyesyito undertake their reason-
ing. The reason for this choice is that in CDAs there is norogltibidding strategy
[Friedman and Rust, 1992]. This is because an agent’s daamsaking about bidding
involves uncertainty, multiple factors and non-detersnimithat are affected by the atti-
tudes towards risk of its opponents, the nature of the maukeply (demand), and the
preferences of the other bidders. Since no agent can hathesathformation in advance
(it is, after all, a competitive environment) the best tha de achieved is a satisficing
strategy [Simon, 1997]. Given this, we adopt a fuzzy logiedubapproach because fuzzy
techniques have proven to be successful in a wide range adidsiwith these character-
istics (see Section 1.2 for a detailed justification for gduzzy techniques). The other
alternatives we considered in this specific case are digdussSection 3.5.

The specific contributions of this chapter are as followssth, we develop a novel
fuzzy logic based bidding strategy—the FL strategy—fomagéhat participate in CDAs.
Secondly, we present the design, implementation and avahuaf this strategy for buyer
and seller agents. This strategy is shown, via empiricalist, to outperform the main
strategies that have previously been proposed for CDAg.dIihiwe enhance the basic
strategy so that it can adapt its behaviour to the supply é&beinin the market (this
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revised strategy is called the adaptive FL -strategy). Vém tthow how this revised
strategy leads to a further improvement in the performam&®th the individual agents
(buyers and sellers) and of the overall marketplace.

The remainder of this chapter is organised as follows. 8e@il formalises a CDA
and outlines the basics of our fuzzy reasoning mechanisgtioBe3.2 presents the FL-
strategy. In Section 3.3, the behaviours of our FL-agergsaaalysed in a range of
experiments. Section 3.4 discusses the adaptive FL-agrdttheir evaluation. Section
3.5 discusses the related work. Finally, Section 3.6 sunesi#nis chapter.

3.1 Preliminaries

This section outlines the basis of our FL-strategy - prasgra formal account of our
CDA protocol and describing the fuzzy reasoning mechanignemploy.

3.1.1 Continuous Double Auctions

According to the parameterisation of CDAs given in [FriedhmB993], we deal with the
situation in which there are multi-unit goods in the markegre are two-way traders
(buyers and serllers) and the numbers of buyers and sete65(8 buyers and 3 sellers);
single indivisible units are to be traded (thus at any onetihere is 1 outstanding bid
and 1 outstanding ask); the preferences of the traders areesiervation prices of the
goods; and traders have incomplete information of the maiitee CDA terminates after
a specified period of inactivity.

In more detail, there are agents that are willing to sell gosdagents) and agents
that are willing to buy goods (b-agents). A given agent caeitieer a buyer or a seller
in a given context. Specifically, aaska is the amount submitted by an s-agent willing
to sell a unit of good. The lowest ask in the market is callebihtstanding askdenoted
ao. Similarly, abid b is the amount submitted by a b-agent willing to buy a unit addjo
The highest bid in the market is called tbatstanding bigd denotedb,. A CDA can
thus be described as a place where s-agents submit asksréaskeg, while b-agents
submit bids to increas,, until by is not less tham, [Gjerstad and Dickhaut, 1998]. At
this moment, the s-agent that submitsand the b-agent that submitg can make a
transaction, and the price of the transaction is calledrdrestction price. Formally, we
have:

Definition 1 Thedescriptor of a CDA is

Pcoa =<0, B,5,Vh,Cs, Aprice; tround >

where:

1. gisthe good to be auctioned.
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2. B ={by,---,bpn} is the finite set of identifiers of b-agents, where n is the reimb
of b-agents.

3. §={s1,--,Sn} is the finite set of identifiers of s-agents, where m is the eunmwib
s-agents.

4, \h = (\71,~-~ ,\7n), where\7i (Vi1,Vi2,- -+ ,Vin;) is & vector of unit valuations of b-
agent lp. Here n is the number of units of g thaf equires, and i is the valuation
value for the jth unit acquired.

5. G = (81, e ,Em), wherea (Ci1,---,Cim;) iS @ vector of unit costs of s-agent s
Here m is the number of units that svants to sell, and;¢ is the cost of the jth
unit.

6. Aprice Is the minimum price step required in the auction. That is-agbknt (s-
agent) mustincrease (decrease) its bid (ask):af¥yrice, Where n is a non-negative

integer.
7. tound IS used for defining the condition for terminating the CDAattls, if there
are no new asks or bids during a time periggtq, the CDA terminates. O

Definition 2 Around in a CDA is the time period between two successive deals or the
period from the beginning of the CDA to the time when the fiestl dakes place. If a
round is the rth (rc N*) round of the CDA, then r is called theund number. A CDA
usually consists of multiple rounds. O

Definition 3 For a CDA that has lasted r (> 0) rounds, let p (1 <i <r) denote the
price of the ith transaction. Aistory H, in a CDA is the set of transaction prices during
the last | rounds,

Hi={pr141, -, Pis+, Prs
where p (r —1 4+ 1 <i <r) is the transaction price of round i, and | € r) is called the
history length.? O

The following is the formal definition of the valid behaviswf agents during a CDA.
Definition 4 A CDA protocol with the descriptor Epa consists of the following steps:

0. r=0.
1. A new round of the CDA starts, r=r+hgy = o andby=0.

Note that by this definition we exclude from this chapter C#at last infinite periods of time (such
as stock markets). To model thig,ung can be set to infinity.

2Through experiments where both the history lengjtfaid the value (cost) of the goods that the agents
trade varied, the performance of the agents with differéstoly lengths was investigated. The results
showed that the behaviour of FL-agents with a long histongile ( > 20) was similar to or worse than
that of an agent with a history length ranging from 3 to 20. sTigisult shows that agents with short or
intermediate history lengths can react more rapidly to gearin a CDA market. When the history length
varied from 3 to 20, we found that 10 was a reasonable hisemgth where almost all the agents achieve
their highest profit. Thus this is the value selected foradléxperiments in the rest of this chapter.
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2. Several situations might arise during a round:
(@) When an s-agent submits an ask

() if a> ap thena is an invalid ask;

(i) if by <a< ap thena, is updated tay;

(iif) if a< bo then this s-agent makes a dealtgt goto 1.
(b) When a b-agent submits a bidtgf

(i) if b< by thenb is an invalid bid,;

(i) If b < b< ag thenb, is updated td;

(i) if b> ap then this b-agent makes a dealmt goto 1.
3. Step 2 repeats until no new bids (asks) are submitted gartmme period 4yng.[]

As can be seen, the outstanding ask and outstanding bid dkéred-ask spread
[bo, ao] [Gjerstad and Dickhaut, 1998] and only bids and asks thkwiéhin this region
are considered valid.

3.1.2 Fuzzy Reasoning Mechanisms

The fuzzy reasoning inference mechanism employed in thapteh is based on the Su-
geno controllers [Sugeno, 1985, Zimmermann, 1996]. Cenglik following block of
fuzzy IF-THEN rules:

Ry: if xisAgandyis By thenzy =c;

also

R . if xis Az andyis B, thenz, = ¢p

also

also
Ro: if Xis Ay andyis B, thenz, = ¢,
fact: Xxisxgandyisyp

consequence: Zp
whereAy, ---, AyandBy, - - -, By are fuzzy sets, - - -, z, are variables and, - - -, ¢, are
constants. The firing level; of the rules®; is computed by th&lin operator. That is,

aj = min{Ai<X0)vBi<y0)}7 (3.1)

whereA;(x) andB;(y) are the membership functions of the corresponding fuzzyAset
andB;, respectively. If the output of the individual rule is deedtasz, then according to
the Sugeno controller definition, the crisp control actibthe rule base is obtained by:

_ Zzin-i_llaoif' (3.2)

The extension principle [Zadeh, 1965] is one of the main medriuzzifying a for-
mula with crisply defined numbers. In particular, we exteB@) to the situation where
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Figure 3.1: Triangular fuzzy numbar="(m, 6, ).
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these real numbem (1 <i < n) are changed to triangular fuzzy numbers. We made this
change because in developing our rules it is difficult toneate the action using a single
real value chosen from within a predefined range. Insteadaasier to estimate a para-
meter with fuzzy values, and this led us to use triangulazyjurmumbers (the user’s pref-
erence is also presented by fuzzy numbers in Section 5Bubdis and Prade, 1978].
Also, by the extension principle, arithmetic operationsrapezoidal fuzzy numbers have
already been obtained [Bonissone and Decker, 1986, Luo, di9%84] and fuzzy triangu-
lar numbers are special cases of fuzzy trapezoidal numBarglemer and Gottwald, 1995].
Thus the arithmetic operations on fuzzy triangle numbensbgaobtained from the arith-
metic operations on fuzzy trapezoidal numbers. Given &l ih our inference mech-
anism, the output of each rule is a triangular fuzzy numbénedd with the following
triple:

a=(m6,x),

where m is called the centre, adand x are called the left and right spreads, re-
spectively [Yager and Filev, 1994] (Figure 3.1). For twahgular fuzzy numbera; =
(Mg, 01,X1), andéz = (M, 02,X2) (81,82 > 0) andk € R, the following formulae hold
[Bonissone and Decker, 1986, Luo et al., 1994]:

81+ 8 = (M + Mg, 81 + 02, X1+ X2),

81— & = (M — Mg, 01+ X2,02+ X1),

&y x 8 = (MM, M B24-MpB81 —B102, MyX2+-MeX1+X1X2),
kx & = (kmy,kB1,kx1).

From the above formulae, (3.2) can be extended to the fatiguvi the situation where
Z = (m,6,x) (L<i<n):

“ Y10
_ >ita(@ix (m, 6, xi))
SiLa i
_ (Z{‘_l(nori X m)7 Zinzls]ai x 9i)7 Zinzlg]ai x Xi)) _ (3.3)
2i=1di S0 ST q
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Thus, the reasoning mechanism becomes:
Ry: if xis Ap andyis By thenZ; is €;
also
Ro: if Xis Ap andyis B, thenz, is &
also

also
Ro: if xis Ay andyis B, thenz, is €,
fact: xisxgandyisyp
consequence: Zp
Having defined the protocol and the reasoning mechanismaweiow turn to the
FL-strategy itself.

3.2 The FL-Strategy

Building on the foundations of the previous section, thigise describes our FL-strategy
and demonstrates how it works in an exemplar scenario.

3.2.1 Basic Notation and Concepts

In order to detail the FL-strategy, we first need to introdaaeumber of underpinning
notations and concepts.

Definition 5 A situation s* during the course of a CDA is@-tuple,
S* =< r7 Q;?S? Qo, bO7 H| >7

where r is the current round numbeR and S are the sets of b-agents and s-agents;
andb,, are the outstanding ask and the outstanding bid, respdgtigad H is the history
of the last | rounds. O

Definition 6 Given a situation’s thevalid bids set Dp) is the set of the valid bids that
a b-agent could submit:

Dp(Vij) = {b | bo < b <min(ag, Vij)}, (3.4)

whereb is the price at which a b-agent submits a bid; andis the valuation of the jth
unit of the good by buyer i. O

Definition 7 Given a situation§ thevalid asks set Ds) is the set of valid asks that an
s-agent could submit:

Ds(Cij) = {a | max(bo,Cij) < a < ao}, (3.5)

3Recall that is the remembered history length of an agent, and ltiwmisot necessarily equal to- 1.
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wherea is the price at which an s-agent submits an ask; apdstthe cost of the jth unit
of the good for seller i. O

The prices of previous transactions are stored as histatyraay be referred to by
the agents in the subsequent rounds. Generally speaking, tddkets produce very
efficient allocations and prices [Easley and Ledyard, 1988f the transaction prices
often converge to a competitive equilibrium pfiaghile the CDA is in progress. Thus,
the transaction prices in a CDA provide an important poimtrigference. To reflect
this fact, we define theeference price Pr (this can be regarded as the prediction of
the transaction price) in the situatish as the median of the ordered price histon
reference price, as its name suggests, provides a refepentehat an agent can use to
guide its subsequent bidding behaviour. Formally, we have:

Definition 8 Let r be the current round number ¢ 0). Suppose the price history is a
series of prices

H| :{prfh"'?pi,"'?prfl}?

where p (r —1 <i <r—1)is the price in round i. Let their ordered series be denoted a

Py <+ < Py < -+ < Py (3.6)

Then the reference pricegrPs given by
Pr= Pty (3.7)

0

To summarise, when an agent submits its next ask (bid), Itasihsider the out-
standing ask, the outstanding bid, the cost (valuationhefdurrent unit of good, and
the reference price. The way in which these values are usddsisribed in the next
subsection.

3.2.2 Fuzzy Reasoning in the FL-strategy

The FL-strategy is based on a number of heuristic rules anflitzy reasoning mechan-
ism outlined in Section 3.1.2. The relationR{, a,, andb, during a round in a CDA falls
into one of the cases below: R < bo < ag, (ii) b < ap < Pr, and (iii) by < Pr < ao.

In the first two cases, we use some heuristic rules (givemhetbe bidding issue in the

4The equilibrium price is determined by the intersectiorhef$supply and demand curves of the market,
and it is the point where the quantity supplied is equal taghnentity demanded [Perloff, 1998].

SOriginally, both the mean and the median of the ordered igtery were used, however experimental
results showed that the median is more effective in progidimeference price. This is because the mean
price can be overly influenced by a too high (low) price ofteby an irrational agent. In contrast, the
median of the ordered price history is less susceptiblech bias.
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Figure 3.2: Fuzzy sets in heuristic rules.

third case, which is more complicated, is handled throughfilzzy reasoning mechan-
ism on a rule base (described at the end of this subsectiaqre=3.2 describes all the
fuzzy sets used in the heuristic rules. The heuristic rybgdied in the first two cases for
s-agents are:
e WhenPr < bg < ag, the heuristic rule is:
(SR) IF by is muchbiggerthanPg
THEN acceptb,

ELSEaskis (ao—Bs1,0,X)-
e Whenb, < ao < PR, the heuristic rule is:
(SR) IF ap is muchsmallerthanPr

THEN no new ask
ELSE ask iao — Bs2,0,X).

Intuitively, SR, states that when the outstanding bids muchbiggerthan the refer-
ence pricePR, it is already very profitable for an s-agent to accept thesturoutstanding
bid. The relation b, is muchbiggerthanPr’ can be expressed as fuzzy #at Let the
threshold beys 1, that is, if A1(bo) > ys1, the s-agent will accepli,. At this point, a
transaction takes place between the s-agent and the baagieht submits the outstand-
ing bid. Otherwise, the s-agent will decrease the outstandskag to a fuzzy number
(a0—PBs1,0,X) (see Section 3.1.2), whesig— s 1 is the centre of the new ask, aB@nd
X are the left and right spreafls 1 shows how much the agent would like to decrease its
ask and this is decided by the agents’ attitude to risk (toibeudsed in Section 3.3.2).
SR is applied whem, is much smaller tha®r. At this moment, an s-agent is in an
unfavourable position and it should be reluctant to deeegs Thus the s-agent only
decreases, by a small step. The relationshig,'is muchsmallerthanPR’ is expressed
as a fuzzy sey,. Letys be the threshold, that is, K>(ao) > vs2, the agent believes the
current ask is much smaller th&n. In this case, the s-agent will not submit a new ask.

Similar heuristic rules also apply to b-agents:

44



e Whenb, < ag < PR, the heuristic rule is:
(BRy) IF apis muchsmallerthanPr

THEN accepti,
ELSE bid is(bo+ B 1,6, X)-

e WhenPr < bg < ao, the heuristic rule is:
(BRx) IF bo is muchbiggerthanPr

THEN no new bid
ELSE bid is(bo+ Bp.2,6,X).

The relationshipd, is muchsmallerthanPr’ can be expressed as a fuzzy 8et Let
Yb,1 be the threshold, that is, K3(ao) > Vb1, a0 iS regarded as being much smaller than
Pr, and a b-agent will accept; otherwise, a b-agent will increasg to a fuzzy number
(bo+Bp,1,0,X). The fuzzy set\s defines the relationshifh, is muchbiggerthanPr'.

Let yp 2 be the threshold for this rule, that is,Al(bo) > vy 2, @ b-agent will not submit

a new bid becausk, is already high enough and no profit can be made according to
its preference; otherwise, it will increasg to a fuzzy numbe(bo, + By 2,6,X). In the
above,P;, P, P53, andP, are the parameters of the fuzzy sets (see Figure 3.2) and they
are decided by human intuition and experience accordingdgaange of the cost and
valuation of the goods. The fuzzy number produced by thesadtie rules is dealt with

in the same way as the fuzzy number produced by the reasorénganism (which we

will discuss below).

Now for the third caseb( < Pr < ao), the fuzzy reasoning on a rule base is required.
First, the rule bases for the s-agents and b-agents arenprdse Tables 3.1 and 3.2,
respectively. Again the fuzzy numbers are all triangulazfunumbers as described in
Section 3.1.2; the distance betweaen(or by) andPr is expressed using the fuzzy lin-
guistic terms:far_from, mediumto, andcloseto, which are defined in Figure 3.3, and
or corresponds to operatfax. As1,---,Ass andAy 1, ---,Ap4 are parameters decided
by the risk attitude of the agent (see Section 3.3.2). Basetth@se rule bases, we can
perform inference through the fuzzy reasoning mechanissgnted in Section 3.1.2.
The overall output of our fuzzy reasoning is a fuzzy number,a set of asks (bids) with
membership degrees. For exam@mady equal2.0,0.02,0.04), where 20 is the centre,
0.02 is the left spread, and@ is the right spread and its membership degree might be
given by:

500 = { 50x-99 if198< x< 2.0,
-25x+51 if20<x<2.04.

Now the decision sef3S; (acceptable asks for s-agents) &1, (acceptable bids for
b-agents) can be determined. Suppmse (ms, Bs, Xs) is the output fuzzy number of the
fuzzy reasoning or the heuristic rules for an s-agant (my, By, Xp) IS the output fuzzy
number of the fuzzy reasoning or the heuristic rules for géné and the parametsg,
for the s-agent, antdy, for the b-agent, are the thresholds to decide to which eeiiye
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Table 3.1: Fuzzy rule base for s-agents.

IF (bo is far_from or mediumto Fg) and
(ao is far_from RR)
THEN askis(ao—As1,6,X).

IF (bo is far_from or mediumto FR) and
(ao is mediumto FR)
THEN askis(ao—As2,6,X).

IF (bo is far_from or mediumto FR) and
(ao is closeto RR)
THEN askis(ap—As3,0,X).

IF bo IS closeto Rk
THEN ask is(Pr+As4,0,X).

Table 3.2: Fuzzy rule base for b-agents.

IF (ao is far_from or mediumto Fg) and
(bo is far_from RR)
THEN bid is(bo+Ap,1,6,X).

IF (ao is far_from or mediumto Fg) and
(bo is mediumto FR)
THEN  bid is(bo+Ap2,6,X).

IF (ao is far_from or mediumto Fg) and
(bo is closeto RR)
THEN  bid is(bo+Ap3,6,X).

IF ao IS closeto Rk
THEN bid is(PrR—Ap 4,6,X).
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Figure 3.3: Fuzzy sets used in fuzzy reasoning.

ask (bid) could be accepted. Agam,andTy, can be decided by the risk attitudes of the
agents. The asks that the s-agent could submit are in theiolesiet:

DSs={a|aeDsn{a|z(a) > T6}}, (3.8)

whereDys is the valid asks set (see Definition 7). Similarly, the bt the b-agent could
submit are in the decision set:

DS ={b|beDpN{b|z(b) > Tp}}, (3.9)

whereDy, is the valid bids set (see Definition 6).

Finally, the agent can decide whether to accept an ask (bighifamit an ask (bid),
or submit nothing. For an FL-agent, if the decision §%; (DS,), is empty, it shows
that there is no acceptable asks (bids) at which this agenhede any profit, thus it will
not submit an ask or a bid. Otherwise, the ask (bid) to be stibehis decided by the
following formulae:

e for FL s-agents:

bo if bo € DS,
ask= argmax{zs(a)} otherwise; (3.10)
aeDS

e for FL b-agents:

| o if a0 € DS,
bid = arg max{z,(b)} otherwise (3.11)
beDS,

For an FL s-agent (b-agent), if the outstanding bid (ask3 fato DS; (DS,), it is a sign
that by (ao) is acceptable (Here the decision set is a fuzzy number arehlises the
flexible bidding we discussed in Section 1.2). The FL s-ade+ggent) will submitb,
(ao) in order to make a transactiontaf (ao). Otherwise, it will select the ask (bid) which
corresponds to the maximum similarity degree among thdse (&$ds) constrained by

DS (D).
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This completes the description of our FL-strategy for batiidy and seller agents in
a CDA. We now illustrate its use in an exemplar scenario.
3.2.3 The FL-strategy in Operation

Assume there are three valuation vectors for b-agents,, andbs:
Vi= {3.3,2.7,2.4),Vo= {2.8,2.5,2.2} V3= {2.7,2.4,2.1},
and three cost vectors for s-agesiss,, andss:
Ci= {16,2.2,2.4},Co= {1.75,2.0,2.3},C3= {1.6,1.9,2.1}.
Furthermore, suppose the CDA market is as follows (see Diefinl):
Peoa =< 0, {by, b, bs}, {81,%, 53}, (V1,V2,V3), (C1,C2,Cs),0.01,30> .

In this market, there are 3 b-agents, each with valuationthfee units, and 3 s-agents
each with costs for three units. Consider the followingatiten (see Definition 5):

S* =< 67 {b17 b27 b3}7 {817 827 53}7 a07 b07 H| >

The fuzzy sets employed in the FL-strategy are shown in Bgsand 3.3. Based on
the ranges of asks and bids, a difference beldt h the ask (bid) value is here assumed
to be indifferent to the users. Thus, we choo<# (s the price stepg., Aprice = 0.01.
Also, for simplicity, the thresholds for all the fuzzy setsed in the rules are set to3)
I.e,VYs1=VYs2=Yb1=Yb2 = 0.5. For all the fuzzy numbers involved, suppose their left
spreadd = 0.02 and their right spreag = 0.02, which ensures a reasonable degree of
flexibility in this context.

Example 1 This example shows how to use the heuristic rules to subniit &br ease
of explanation, let the history lengthd 3 (however it does not affect the rationale of the
strategy). Let H={2.3,2.2,2.1} , by = 2.4, a, = 2.5, P, = 2.5, and an s-agent be about
to submit its next ask. First fronf,s = 6. Then, by Definition 8, we have

Pr= P11}y = P352)) = Pp = 2.2

2

From Figure 3.2(a), we can find thatjfo,) = A1(2.4) = 0.667 > ys1 = 0.5. That is,
bo = 2.4 is considered to be much bigger thap £ 2.2. Therefore according to rule
SR, the s-agent will accefty, i.e., ask= b, = 2.4.

Example 2 This example shows how to use the fuzzy reasoning mechangrrit a
bid. For ease of explanation, we set the history length t6.heet H = {2.0,2.4,2.3,2.2,2.1}
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(1 =5),a0=2.85,bo= 1.2, and the FL b-agenti(with valuation\71) be about to submit
a new bid for its second unit of good, that is, the valuatiothefsecond unit of good is
vi2 = 2.7. By Definition 8,

PR= Pty = Psp)) = P = 22
Sinceb, < Pr < ao, the fuzzy reasoning on the rule base is employedAj gt= 0.05,
Ap2 = 0.04, A\p 3 = 0.01, andAp 4 = 0.02. From Figure 3.3, we can find cloge(a,) =
0.7, mediumto(ap) = 0.5, far_from(ay) = 0, closeto(by) = 0, mediumto(b,) = 1, and
far_from(by) = 0. By formula (1), the four rules’ firing levels in Table 3.2 are

a; = min{maxX far_from(ay), mediumto(ao)}, far_from(bo)}
= min{max{0,0.5},0} =0,

ap, = min{max far_from(ay), mediumto(ao)},mediumto(bo)}
= min{max{0,0.5},1} = 0.5,

az = min{max{ far_from(ae), mediumto(ao)},closeto(bo)}
= min{max{0,0.5},0} =0,

o4 = closeto(ag) =0.7.

Thus, according to Table 3.2, the four rules’ outputs are:

7 = (bo+Ap1,0,X) = (1.20+0.05,0.02,0.02) = (1.25,0.02,0.02),
% = (bo+Mp2,6,X) = (1.20+0.04,0.02,0.02) = (1.24,0.02,0.02),
7 = (bo+Apa0,X) = (1.20+0.01,0.02,0.02) = (1.21,0.02,0.02),
Z = (PR—Mp4,6,X) = (22—0.02,0.02,0.02) = (2.18,0.02,0.02).

Finally, by formula (3.3), the overall output fuzzy numtsecalculated as follows:

7= O1XZ1+02XZp+03X7Z3+04 X 24
B 01+ 02+ 03+04
 0x%+05x%+0xZ3+0.7x2%
- 0+05+0+0.7
~ 0.5x Z20+0.7x 2
- 1.2
_ 0.5x(1.24,0.02,0.02) N 0.7 x (2.18,0.02,0.02)
a 1.2 1.2
(0.5x1.24,0.5%x0.02,0.5%x0.02) (0.7 x2.18,0.7 x 0.02,0.7 x 0.02)
= +
1.2 1.2
(0.62,0.01,0.01) + (1.526,0.014,0.014)

1.2

= (1.79,0.02,0.02).
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Then, by Definition 6, the valid bids set is:
Dp={b|bo <b<min(ae,Vij)} ={b|12<b<min(2.852.7)} ={b|12<b <27}

And then, by formula (3.9), the bids that this b-agent careptare in the decision
set:

DS ={b|beDpn{b|z(b)>m}} ={1.781.791.80},
wherety, = 0.5. Finally, by formula (3.11), we have

arg max{z,(1.78),z,(1.79),2,(1.80) } = 1.79.
beDS,

Thus, the bid that the b-agent will submit is bidl.79.

3.3 Evaluation of FL-agents

This section investigates, in an empirical fashion, thesgrice of the key parameters of
the FL-strategy, the selection of these parameters, anzbthearison of the FL-strategy
with a number of other prominent strategies that have besmosed in the literature.

3.3.1 The Experimental Setting

This subsection describes the settings for the experingamducted in the rest of this
chapter. First, the time period that an agent can allow tpseldefore sending a message
about asks or bids is specified as an exponentially disgthbtandom variable. This is
chosen because: (i) each agent’s timing decision is indbp#of domain characteristics
such as costs or valuations, and (ii) exponential distidiis often a good approximation
of the actual distribution [Ross, 1989]. Second, to meabkave well an agent performs
in a CDA, we evaluate its profit (the monetary gain for the ageRor an s-agent, the
gain on itsith unit sold is the difference between the pripg,received from a b-agent
for that unit, and the cost;, at which the unit is producede., pi —¢;. If the s-agent sells
munits at pricegs, - - -, Pm, then its profit isy ; ;< m(pi — ). Similarly, for a b-agent, if
this agent trades units of goods, its profit i§ 1<, (Vi — pi), wherey; is the valuation
value for theith unit andp; is the price of buying théh unit of good. For the rest of this
chapter, an agent’s profit is calculated as the sum of thetjamdj 000 simulation$.

Based on the above settings, each experiment is composeahgfsassions and then
each session consists afdDO runs’ In each run of the session, an s-agent is endowed

6This number is chosen because it is sufficient to producstitally significant results. By test the
p valueof 0.007 is reported from the sample of 900 runs and that 600 runs. Thus the profit variance
for the two samples are virtually the same and the resulttharefore statistically significant at the.8%
level of confidence.

’From the beginning of the CDA to its termination is called a.r@,000 runs with the same s-agents
and b-agents make up a session.
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with a number of units of goods whose costs are independdralyn randomly from
a uniform distribution with support [1.00, 3.00]. A b-agestendowed with a number
of units of goods whose valuations are independently draam & uniform distribution
with support[2.00, 4.00]. These values were chosen bethas®st values are generally
smaller than the valuation values [Cason and Friedman,]1991us, this is consistent
with reality. The supply of the market is calculated by thataumber of units of goods
that all the s-agents want to sell; and the demand is cagulilay the total number of
units of goods that all the b-agents desire to buy. For exanifdthere are 5 s-agents and
5 b-agents in the market, each s-agent is endowed with 5afrgtsods, and each b-agent
is endowed with 6 units of goods to buy. The supply is 25 andldreand is 30.

3.3.2 Agents with Attitudes Towards Risk

This subsection first defines the different attitudes towaisk that an agent can adopt
and then analyses the influences of these attitudes throyghiments based on the set-
tings described above. As discussed in Section 1.2, an'agétitide towards risk is an
important factor to consider when designing a trading ageéne to the complexity and
uncertainty of the CDA bidding problem, it is not possibleattalytically determine the
optimal configuration of parameter values for a given carjteskedman, 1993]. The best
that can be achieved is to know the likely range of paramesach that the agent will
perform effectively. To this end, the concept of attitudedads risk is introduced. Indi-
vidual attitudes to risk can be characterised accordingw dn agent approaches a fair
gamble [Schotter, 1994]; they can be: risk-neutral, rig&rse or risk-seeking. Take the
utility functions of an s-agent as an example. In Figure thd,price of the outstanding
bid (bo) appears on the horizontal axis and the utility generateadogpting the current
bo is shown on the vertical axis. For the same valu@,aigents with different risk atti-
tudes have different utilities; that is,® (p) > UMN)(p) > U (p). The agent with the
utility function U (® represents the risk-averse agent which takes minimal witksits
actions. Suppose the cost of the current unit of the googdas a result, it is unwilling to
sacrifice a sure profit obg — ¢) although there may be a greater chance of gaining more
profit. In short, risk-averse agents reject fair gamblescdntrast, there are agents that
actually prefer fair gambles to sure results. These ageatsadled risk-seeking and are
represented by the utility functidd(®. The agents with the attitude between these two
extremes are called risk-neutral agents and their utilibhction is always represented as
a straight line. This kind of agent will be indifferent if tleaire result and the gamble
have the same expected utilities.

Thus, in the FL-strategy, given the same fuzzy sets, diftgparameters will corres-
pond to different agent attitudes.

Definition 9 Given the same situation, suppose the utilities of aruablat two s-agents
s and s submit are Y(a) and U,(a), respectively. For alh € Ds, agent s is said to be
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Figure 3.4: Utility functions of agents with different attdes.

more averse towards risk than agentfdJs(a) > U(a). This we denote asisSs. [

The following propositions are a straightforward resulDeafinition 9.

Proposition 1 Given the same situation, suppose the utilities of subrgiin aska for
three agents @, sN) and 9 are U (a), U (a) and U (a), respectively. For all
a € Dg, §A =8 sN) =3 ¢ if and only if WY (a) > UM (a) > U (a). 0

Proposition 2 For three s-agents®), sN) and $9, represented byﬁéA), ng) ,y(&Al) ,yg;) ,)\g}) ,

A N N N N N N S S S S S S
AL (LY B VG AT - A and B BG VG ¥R AT - AL,

respectively. If all the following conditions hold:

(i BS, >l3&| >l3&| (for i=1land2)

)
(i) Ve < veY < Vad,
oww2>k£>%&
(V)

AN A8 (for j=1,2and3) and AL) <Al <A,

then, §V =35 sN) -3 &9 O

Proof. For an s-agent, for ali € Ds, Us(a) is a non-decreasing function. That is, the
bigger the ask, the more utility the agent obtains. Let tlkesabmitted by each s-agent
bea®, a™ anda®. From (i) to (iv), we can always get® < a®™ < a9, That
is, s always submits a lower ask compared w8 ands'®, and thas™) is always
lower thans(®. ThusU™ (a) > UMY (a) > UL (a). Based on Proposition 1, we have:
s(A) tg s(N) tg s(s)_

Similarly, tg can be defined as follows.

Definition 10 Given the same situation, suppose the utilities of abblior two b-agents
b and b submit are Y(b) and U[’)(b), respectively. For alb € Dy, agent b is said to be
more averse towards risk than agenifiJp(b) > U, (b). This we denote asplb. O

The following propositions are a straightforward resulDaffinition 10.
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Figure 3.5: Performance of FL-agents with different risikades.
In each group of bars, the five bars represent, from left fatripe agents with different
attitudes: averse, weakly averse, neutral, weakly riskyresky. The horizontal axis
shows the supply (demand) quantity of the session. Thecetekis represents the
profit of the various FL-agents in the session.

Proposition 3 Given the same situation suppose the utilities of subrgiti bidb for
the b-agents 8, b™), and 55 are U™ (b ) U™ (6), and U¥ (b) respectively. For all
b € Dp, b =2 pN) zg b if and only if U ( ) > UM (6) > Ul (0). O
Proposition 4 For three agents %, b, and B9 represented b)ﬁg\ ,Bb 2 Yo 1,yé2),AE){?,

N S
}‘b,4)’(Bb,l7Bb,2’yé,1)7yé,2)7)\é,1)7"'7 b,4)and (Bb,17Bb,z”b,%”é,%?)\é,i’"'7 b,4)’ re-

spectively. If all the following conditions hold:

(i) ng) > BS}') > Béﬁ) (for i=1and?2)
(i) Yot < Vot <You
(i) Vo3 > Yo > Vo
(VALY > AN > ] (for j=1,2and3) and Ay <Ajy <AL
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then, % =B b(N) b bS] 0

Proof. For a b-agent, for alb € Dy, Up(b) is a non-increasing function. That is, the
smaller the bid, the more utility the agent obtains. Let titesnbmitted by each b-agent
beb®, 6N andbS. From (i) to (iv), we can always g&® > ™) > (S, That is,
b(S always submits a lower bid compared whfY) andb®, and thatb™) is always
lower thanb®. ThusU\™ (6) < U{"(6) < U®(a). Based on Proposition 3, we have:
b(A) >0 b(N) >0 b(S.

Now given the fact that different parameters correspondfterdnt attitudes towards
risk, the key question is how to choose the appropriate tiskides of agents given a
particular environment? The rest of this subsection is thl/to answering this ques-
tion. In particular, the influence of the relation of supptydademand quantity (a key
environmental factor) is considered.

Conjecture: The relation of supply and demand quantity influences thispaance
of agents with different attitudes. If the supply (demandgufity is greater than the
demand (supply) quantity, an s-agent (b-agent) with ansavattitude towards risk can
make more profit. O

To test our conjecture, a series of six experiments werewdad. Beside the three
aforementioned kinds of agents (risk-averse, risk-segkamd risk-neutral) two extra
kinds of agents are considered: agents between the nentraverse attitude (weakly
averse), and agents between the neutral and risk attitughkk({yrisky). These are added
in order to make the trend of influence of the risk attitudethéomarket supply (demand)
more clear. In each session, only one agent uses the Flegfratnd from session to
session, the attitude of the FL-agent varies from risk-seéo risk-seeking. All the other
agents utilise one of our benchmark strate§ies.

Figure 3.5 shows the profit of FL-agents in different sessidigure 3.5(a)&(b) show
the profit of agents when supply is equal to demand. In thesescéhe left-hand bars in
each group are always taller than the other bars in the saoug girhese bars represent
the profits of the averse agents. A risk-averse agent isyesadisfied, so it can make
transactions quickly and with a high volume. As a resultpisfit is high. Thus, in
this environmental setting, an averse agent can make mofig prhether it is an s-agent
or a b-agent. In Figure 3.5(c), supply is greater than demtdmg$ an s-agent is in an
unfavourable position. The chances of selling a good ardl sbezause there are very
few b-agents. So an averse agent makes more profit. Thisratjga also holds for the
b-agents in Figure 3.5(f). Figure 3.5(d) shows the behavadagents when supply is
less than demand. Here the attitude with which an s-agefarpes best varies with the

8n fact they use the ZI-strategy which will be described ot 3.3.3 (this is the earliest and simplest
of our benchmark strategies). Thus, if there is one FL s-gigethe market, there are 4 s-agents and 5 b-
agents using the Zl-strategy; if there is one FL b-agentetlage 5 s-agents and 4 b-agents using the
Zl-strategy.
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change of the difference between supply and demand quaAtityie beginning, when
the difference is small, the weakly averse agents alwayemuede profit. However with
the increase in supply, the trend is that an s-agent withkesegking attitude can make
more profit. This is caused by the fact that the market is not gempetitive when the
difference between supply and demand is small. This alstamgithe bars for b-agents
in the situation when supply is less than demand (FigureeB.5(

In summary, this experiment clearly shows how to choosetitatse attitude for an
agent in different situatiorifwe have knowledge about the real-time supply and demand
As indicated by our conjecture, an s-agent should be avene® wupply is greater than
or equal to demand; and the attitude should change fromanskse to risk-seeking with
the increase of demand when the supply is less than demand.tagent, it should be
averse when supply is less than or equal to demand; and thelatshould change from
risk-averse to risk-seeking with the increase of supplymtiee supply is greater than
demand.

3.3.3 Benchmarking the FL Strategy

Having determined the best parameter configuration witheesto risk in a given en-
vironment, this section compares our strategy (with theattitude tailored to the envir-
onment) with a number of others that have been proposed ilit¢nature. These other
strategies represent the most widely cited strategiesg@mnta participating in CDAs. In
more detail, the benchmark strategies are:

e Zero Intelligence (ZI) strategy [Gode and Sunder, 1993b]. A ZI b-agent sub-
mits a bid drawn randomly between outstanding thig) @nd the valuation of its
current unit. Similarly, a ZI s-agent submits an ask drawmdoamly between
the cost of its current unit and outstanding ask)( This strategy is an exten-
sion of the “budget-constraint zero intelligence” tradethie economics literatute
[Gode and Sunder, 1993b]. In [Gode and Sunder, 1993b], therlbmit that a b-
agent submits as a bid is 0 and the upper limit that an s-aglmiss as an ask
is 1. We believe our extension is appropriate because weealngd with single
unit trades and because the ask (bid) bounding conditiammease the possibility
of matching an outstanding bid (ask).

e Fixed Mark-up (FM) strategy. An FM b-agent (s-agent) submits the outstand-
ing bid (ask) plus (minus) some predefined mark-up (this ipecialisation of
[Preist and van Tol, 1998]). This is a simple strategy beedhs agent does not
need to model other agents and it tries to reduce the aslpledd until its cost or
valuation is met.

9Actually, the Zl-strategy is equivalent to the ZI-C strategroposed by Gode and Sunder
[Gode and Sunder, 1993a].

55



e Chris Preist (CP) strategy. The CP-strategy consists of a small number of heur-
istics and a learning rule [Preist, 1999]. The heuristics filetermine the target
profit margin based on the current outstanding bid (ask) anth@dependent ran-
dom variable distributed in the ran¢@ 0.2]. Then, given the target, a CP agent
does not jump straight to that value, but moves towards tigetat a learning rate
which determines the speed of the adjustment.

e Gjerstad-Dickhaut (GD) strategy. The GD-strategy [Gjerstad and Dickhaut, 1998]
is a more sophisticated strategy. A GD agent records allgke @ids) made in the
historyH occurring in the last several transactions. From the histor agent can
compute the probability of a bid or ask being accepted. Fampte, for a buyer,

oy TBLEH)+AL(®)
4%) = TB1(6) - AL(6) + RBGB)’

(3.12)

whereq(b) is the probability ofo being accepted] BL(b) is the number of accep-
ted bids not greater thanin H, AL(b) is the number of asks not greater tHam
H, andRBGb) is the number of rejected bids not less thaim H. Then, cubic
spline interpolation is used to compute the probability giveen bid being accep-
ted given the history. A GD b-agent submits a Hidwhich maximisest,(v—b),
wherery, is the belief function of a bid that is accepted, and the valuation of the
good. Similarly, a GD s-agent submits an askhich maximisesi(a — c), where
Tk is the belief function of an ask that is accepted, amslthe cost of the good to
sell.

To evaluate the behaviour of each agent, we compare thditspirothree situations:
(i) supply equals demand (Figure 3.6(a)&(b)); (ii) supmyleéss than demand (Figure
3.6(c)&(d)); and (iii) supply is greater than demand (Fy@:.6(e)&(f)). In each sub-
figure of Figure 3.6, the horizontal axis shows the supplyn@ed) quantity and the
vertical axis represents the profit of agents using varitnasegjies. There are five curves
in each sub-figure and each one represents the profit of odeokistrategy. Given the
same supply (demand), the bigger the profit, the better thtegly.

From Figure 3.6, we can see that the FL-agents often obtgimehiprofits than all
the other corresponding agents. The exception is that Elntagperform slightly worse
than the GD-strategy when (i) for the b-agent, suppBb and demand=40, 45, and 50,
respectively; and (ii) for the s-agent, suppl25 and demand=30 and 35, respectively.
The reason for this inferiority is that our agent cannot atljts risk attitude during the
course of the CDA and the value that is used is based on theiegygal results in
Section 3.3.2 which is for the general case. However, in rsitigations, FL-agents can
outperform agents using other strategies. We attribusestinicess to two factors. Firstly,
when making a decision in a given situation, an FL-agentidens the outstanding ask,
outstanding bid, and reference price (inferred from higtor deciding its next ask (bid).
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Figure 3.6: Performance of agents with different strategie
The horizontal axis represents the demand (or supply) aaatiigpn of the
corresponding market and the vertical axis representothegrofit of the
corresponding agent using a specific strategy in one seseane are 5 s-agents and 5
b-agents in each experiment. In (a)&(b), supply is equaktmand, the unit of good
that each agent is endowed with to buy (sell) increases fessign to session in the
range[5, 15|, the total supply (demand) is shown in the horizontal axigc)&(d),
supply is less than demand, the unit of good that each s-&gentlowed with is fixed
to 5, and the unit of good for b-agents increases from sessisa@ssion in the range
[6,14]. In (e)&(f), supply is greater than demand, the unit of gduat each b-agent is
endowed with is fixed to 5, and the unit of good for s-agentssases from session to
session in the rangé, 14].
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We believe reference price is a very important factor in igdand our strategy is the
only one to exploit this information. Secondly, the FL-stigy can dynamically vary the
rate of increase (decrease) in bid (ask) according to theapireg context. Sometimes,
for example, an FL-agent can jump from a very low price to ade&tion price. This
is markedly different from the other strategies which omlgrease (decrease) their bids
gradually.

The performance of the other strategies is statisticallgsethan our FL-agents. GD-
agents behave worse than the FL-strategy although they ddaimea history. However,
these agents ignore the outstanding ask (bid), which we\sels one of the most im-
portant factors in deciding an agent’'s next bid (ask). Theothree strategies ignore
the transaction history. ZI-agents have no knowledge athesuction, they submit their
bids (asks) randomly. However, Zl-agents can sometimesad@avery low bid or high
ask. FM-agents and CP-agents can only increase (decrbasebitls (asks) in a fixed
step or small varied steps without caring about the outstgrizld (ask). Thus, they miss
out on some deals which they should have made.

3.4 Adaptive FL-agents

In the above experiments, the risk attitude of the FL-ageselected manually based on
design time knowledge of the relation between supply andateinHowever, in many
environments this information is a priori unknown. Alsoaimopen CDA, the number of
agents can be changing continuously as new agents enteatketrand the existing ones
drop out. Further, the parameters that are suitable in on& @Brket may not behave
well in others because success is inextricably linked tostregegies of the competitor
agents. For all these reasons, we believe it is desirabbnféiL-agent to have the ability
to automatically adapt itself to its market context (thigliges the adaptivity feature we
discussed in Section 1.2). Thus this section reports on aauwf extensions in this
direction that we made to the basic FL-strategy.

3.4.1 Learning Principle for FL-agents

As discussed in Section 3.2.1, each FL-agent has a refepeicegPr) to decide whether
it sells (buys) a good at a profitable price. Given this prareagent can submit an ask
(bid) based on its risk attitude (parameters). Howevefeht attitudes can lead to
different asks (bids) (Section 3.3.2). Furthermore, evendame asks (bids) have dif-
ferent effects in different environments. Thus an agentsemother measure to decide
whether it submits too high a bid or too low an ask. To this emdagent can observe
how frequently it can make transactions. If an s-agent @nggwaits too long to con-
duct a deal, it shows that it should be more averse in the oexid if it is to make more
transactions. On the other hand, if an s-agent (b-agentiraasact very frequently, it is
a sign that its bids (asks) are too high (low). Thus, durirggrtext round of the CDA, the
agent should change its attitude in the direction of riskks®g (hoping it can still make
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a transaction while increasing its profit). We call this kofdhill-climbing behaviour the
adaptive FL-agenf{denoted A-FL-agent).

most averse neutral most risky

| ] J
-1 (0] +1

Figure 3.7: Risk Attitude of an agent.

Suppose agents attitude is expressed b@&titude which corresponds to a value in
[—1,+1] as shown in Figure 3.7. Each value/&@_i‘l)titude corresponds to a group of para-
meters which define its attitudes towards risk that satisbp@sition 2 or Proposition
4. Formally, the learning principles for A-FL-agents caneb@ressed as the rules in
Table 3.3 (wher& is the minimum step and (v > 0) is the learning rate). The terms
“waits_long” and “transactdrequently” are expressed as two fuzzy sets shown in Figure

3.8.

. Table 3.3: Learning rules for A-FL-agents.
Agt)titudedenotes the attitude of agent is the learning rate, andlis the minimum step.

IF agent waitslong to transact
(i) (i)
THEN  Ajtiitude = Aattitude — t0

al

IF agent transactdrequently
(i) _ A
THEN  Ajitude = Aattituge T 10

In this context, the learning ratedetermines the speed with which the adjustment
takes place. Some agents may adapt themselves slowly ladlilgtevhile others may
change their attitudes quickly. Thus, we compare threemifft representative adjust-
ment methods: (i) an agent increases (decreases) at theacbrete minimum step,
thatis,t = 1; (if) v = md, wherem > 1, that is, the agent increases (decreases) at a bigger

wait_long transacts_frequently

Degree

L L L L L
0.1 0.2 0.3 0.4 0.5 0.6
Transaction rate

Figure 3.8: Two fuzzy sets for transaction rate.
This rate is calculated by the number of transactions madgmlagent divided by the
total transaction numbers in the market after the latestghaf the agent’s attitude
towards risk.
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Figure 3.9: Performance of A-FL-agents with different adegpspeeds.
Initially, all the adaptive agents are risk-neutral. Inleaab-figure, the bars in each
group represent the agents (from left to right): FL-agewithput adaptivity), A-FL1
agents{ = 1), A-FL_2 agents{ = 5), and A-FL 3 agentsis drawn randomly from
[1,10]).

step thar; (iii) v is an independent random number uniformly distributed exrdmge
[1,7], wheret is the maximum adjustment number.

In these experiments we assume there is no abrupt increakergase in the sup-
ply and demand quantity. That is, over any period the CDA wmiank each session is
relatively stablei(e., there is a fixed supply and demand quantity). Further, topaom
the performance of different learning rates, we comparéhiee adaptive FL-agents and
the FL-agents with the parameters shown by the selectiogipte in Section 3.3.2. The
experiments are conducted in different situations (seaerEig.9).

Generally, the agents whose learning rate is 1 (the agemtwhcreases (decreases)
the attitude value at a small and constant rate) perform BEss is because this kind
of agent can fine tune its parameters which avoids over-nsgpto supply (demand)
changes in the market. Thus, we choose this kind of learrdteyto adjust the attitude
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Figure 3.10: Competition of A-FL-agents with other strategents.

for the adaptive FL-agents. Also, the adaptive FL-agenth wismall learning rate do
better than other FL-agents. From Figure 3.9, it can be deainthie A-FL1 agents
obtain a higher profit than the FL-agents. This means that emdout the knowledge of
supply and demand, the adaptive agent can effectivelyr tiéslstrategy to its prevailing
circumstances. While this result is promising, there iscéneeat assumption that there is
no abrupt change in supply or demand. In such circumstaadesayning rate that takes
small steps may not be able to respond quickly enough to betefé. However, the best
means of dealing with abrupt change is left for future work.

3.4.2 Comparison with the Other Strategies

In this experiment, we compare the adaptive FL-agents Wwélidur benchmark strategies
of the previous section (ZI, FM, CP and GI)Figure 3.10 clearly shows that the ad-
aptive strategy is effective. A-FL-agents behave bettametimes much better, than all

10The set-up of this experiment is the same as that of Sect®8.3.
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the other strategies. This is because an A-FL-agent cam i@lbidding behaviour to the
prevailing market context.

Besides the profit of the agents, we also investigated theardion price distribution
of each agent. We did this because this metric is a good itidicaf how consistently
an agent performs in a CDA. Table 3.4 shows the transactioa drstributions in 2000
runs of two agenfs when supply is equal to demand (Table 3.4 (a)), supply isthess
demand (Table 3.4 (b)), and supply is greater than demardg(B4 (c)). In Table 3.4,

Po is the average equilibrium price of @00 runs, obtained from the supply and demand
curves. AccordinglyQq is the average quantities at the equilibrium pricésis the
average price for each agent and the Change Rate (CR) shewsritentage ofP — Py)

to the equilibrium pricd%. This is a key measure of how well the agent behaves and is
calculated in the following way:

P—P

P x 100%

CR(P,P) =

Generally, for a b-agent, the lower the average price, thtetbthe strategy; for an
s-agent, the higher the average price, the better the gyrate Table 3.4, the average
prices of A-FL b-agents are always the lowest among all tagémnts. This means that
A-FL b-agents always pay low prices to acquire goods. Alse average prices of A-FL
s-agents are always the highest among all the s-agents.miass that A-FL s-agents
always sell goods at high prices. An agent’s Change Rategales an indication of how
high or low the average transaction price is compared wighetiuilibrium price of the
CDA. For an s-agent, the higher t6& the higher the price at which it sells its goods; for
a b-agent, the lower tHéR, the lower the price at which it buys the goods. Our A-FL s-
agents always get the maxim@Rvalue and A-FL b-agents always obtain the minimum
CRvalue. This means that our adaptive FL-agents buy goode dbwest average price
and sell goods at the highest average price among all thésageing various strategies.
Thus, the adaptive FL-agents outperform all the otheresjras.

3.4.3 Collective Behaviour of A-FL-agents

Since the A-FL strategy is effective in making good profitai€@DA, we expect many
A-FL-agents may appear in a given CDA market. Thus, we needstothe efficiency
of a CDA market that is populated with multiple A-FL-agents.particular, we would
like to investigate how the performance of an A-FL-agentngjes as the percentage of
A-FL-agents in the population increases, and to what extenefficiency of the CDA
market is affected by this change in population.

Here we show the transaction price distribution of two agei total, in the experiment shown in
Figure 3.10, there are 28 configurations of different masiietations. Two agents (one s-agent and one
b-agent) from 6 sessions are shown in Table 3.4. To distéhgthiese two agents, we ustgategys/b_1
andstrategys/b_2 respectively. For examplé,— FL_b_1 means b-agent 1 utilises A-FL strategy.
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Table 3.4: Transaction price distributions of each agent.

Po = 2.50, Qg = 37 Po = 2.50,Qo = 55
Agent P CR | Agent P CR

Zls1 246 -1.54%| Zl s2 239 -4.39%
FMs1l 249 -055%| FM_s2 243 -2.65%
CPs1 247 -1.22%| CPs2 242 -3.03%
GDs1 258 3.33% | GDs2 253 1.31%
A-FL_s1 259 3.47% | A-FL s2 2.55 2.09%
Zl b1 258 3.36% | ZI b.2 254 1.69%
FM b1l 259 3.66% | FM b2 255 2.08%
CPb1 259 3.77% | CPb2 256 2.37%
GDb1l 246 -1.46%| GDb2 242 -3.11%
A-FL b1 2.44 -2.38%| A-FL b 2 2.39 -4.53%

(a) Transaction prices of each agent when supdigmand.

Po = 2.64,Qp = 25 Po=2.92,Qp = 29
Agent P CR | Agent P CR

Zl s1 260 -1.63%| Zl s2 281 -3.91%
FMsl1l 262 -0.60%| FMs2 285 -2.24%
CPs1 262 -0.94%| CPss2 284 -2.75%
GDs1 270 242% | GDs2 294 0.85%
A-FL s1 272 2.99% | A-FL s2 3.00 2.77%
Zl b1 269 1.88% | ZI b2 292 0%

FM_b1l 272 2.89% | FM_b.2 298 1.92%
CP.b_1 273 3.22% | CPb2 300 2.64%
GDb1l 260 -1.56%| GDb2 282 -3.51%
A-FL b1 258 -2.19%| A-FL _b_2 2.81 -3.77%

(b) Transaction prices of each agent when sugpigmand.

Po= 2.36,Qp = 25 Po=2.12,Qp = 29
Agent P CR | Agent P CR
Zls1 235 -0.57%| Z1.s.2 215 1.28%
FMsl1l 236 0% FMss2 213 0.67%
CPs1 233 -1.12%| CPs.2 212 -0.11%
GDs1 243 2.93% | GD.s2 222 4.79%
A-FL s1 2.46 4.06% | A-FL s2 2.24 5.79%
Zl_b1 244 3.43% | ZI_ b2 226 6.56%
FM_b1l 244 3.43% | FM_b.2 223 537%
CPb1 245 3.63% | CPb.2 225 6.02%
GDb1 236 -0.14%| GD.b.2 215 1.49%
A-FL b1 2.32 -1.50%| A-FL _b_2 2.12 -0.23%

(c) Transaction prices of each agent when supgigmand.

We test the collective behaviour of A-FL-agents in situasiovhere the quantity of
demand is (i) greater than, (ii) equal to, and (iii) less ttia@ quantity of supply, re-
spectively. For each situation, the experiment is compas$edultiple sessions. Figure
3.11 shows the results of the profits of A-FL-agents in défgrsessions under different

63



situationst? The horizontal axes represent the session numbers, andrtizavaxes rep-
resent the sum of the profits ind00 runs of each agent. The curves show each agent’s
profit in different sessions.

In different sessions, we only change the strategy of onetagetually, we increase
the number of agents that employ the A-FL strategy by onedh eassion. Take Figure
3.11(a) as an example. In this situation, the demand is gré¢ladn supply, thus the
competition among A-FL b-agents is highlighted. There d&d-Zagents and 8 s-agents
and each agent has three units of goods to buy (sell). Inse&sionly b-agenb; uses
the A-FL strategy; in session 2, we change the strategy g, to the A-FL strategy,
while fixing all the other parameters; in session 3, the sgrathatbs uses is changed;
and finally in session 10, all the b-agents use the A-FL gyate

As shown in Figure 3.11(a), (b) and (c), the profit of A-FL keagb; decreases
initially and then increases steadily. The trend of the geanf the profit of agerit, and
agentbs is similar. This phenomenon can be explained as follows. dgentb;, with
an increasing number of A-FL-agents, more A-FL-agents amwithb;, and thus the
profit of by decreases. When the number of A-FL-agents is sufficienttyefs A-FL-
agents make the transaction prices of the market low. The saplanation holds for
A-FL s-agents. Thus, the reference prices of each agentasefrom session to session
and all the A-FL-agents make greater profits.

Since A-FL-agents make more profits in the long term, anajhestion arises. How
will the CDA market as a whole be affected with an increasioguation of A-FL-
agents? We evaluate the profit obtained by all agents in thketdivided by the surplus
when agents trade their goods at the equilibrium price terdanhe the efficiency of the
market!4 Tables 3.5 to 3.7 summarise this efficiency data of the ciVegrofit of all
the agents and the market efficiency from experiments o¢mdifft sessions. As can be
seen, for CDA markets with varying numbers of A-FL b-agéftbpth the total profit
and efficiency of the market increase initially and then dase little by little. For a
CDA market with varying numbers of A-FL s-agents, the tremaot so obvious. The
market becomes less efficient due to the increase in stcategsoning of the A-FL-
agents. However, we can see that from the session when nousgsthe A-FL strategy
to the session when all the b-agents and s-agents use thesédtegy, the efficiency of

12In order to investigate the performance of A-FL-agentspitudit of non-A-FL agents is not shown in
Figure 3.11. These agents use various randomly selecsadgirs from our set of benchmarks.

B3In the experiment, this number is 50% of the total number afjbnts or s-agents.

14The efficiency of the market is obtained by the following faten(based on the intuitions described in

N0 i
[Gjerstad and Dickhaut, 1998]Efficiency= ?p—g), wherepg) is the actual profit of the agehin a session
i Pe

(2,000 runs);pg) is the profit of the agent if the ageintrades its goods according to the equilibrium price
given their costs and valuations of the goods in a session.

I5Note that the total number of agents in each set-up is fixed;ishin Table 3.5, there are 8 b-agents
and 8 s-agents; in Table 3.6, there are 8 b-agents and 1(hssameTable 3.7, there are 10 b-agents and 8
s-agents.
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Profit of FL b—agents when demand=30 and supply=24

Profit of FL b—agents when demand=24 and supply=24
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Figure 3.11: Profits for A-FL-agents in different sessions.
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the market does not decrease significantly. That is, evemeinvorst case the efficiency
is still reasonably high. The market with all A-FL-agentsaiso investigated. In this
market, all the agents use the A-FL strategy, and the efigien8545% for a market
with 5 s-agents and 5 b-agents. This figure is still reas@natih respect to experiments
shown in Tables 3.5 to 3.7. Thus we can conclude that widadpadoption of the A-
FL strategy does not lead to a significant deterioration éneffectiveness of the overall
market.

Table 3.5: Efficiency statistics when demarsiipply.
Number o Number o
of AFL Profit EMC | ofA-FL  Profit  EffiC
b-agent ency | s-agent -ency
0 29,463 96.92% 0 29,463 96.92%
29,267 96.27% 29,280 96.32%
29,560 97.24% 29,155 95.91%
29,575 97.29% 29,283 96.33%
29,446 96.86% 29,136 95.84%
29,103 95.73% 28,781 94.67%
29,086 95.68% 28,332 93.20%
29,028 95.49% 27,510 90.49%
28,449 93.58% 26,045 85.67%

CO~NO O h WN P
O~NO O A WN P

Table 3.6: Efficiency statistics when demarslipply.

Number o Number o
of AFL Profit EMCl | of AFL Profit  EMC
b-agent ency | s.agent -ency

0 31,972 94.04% 0 31,972 94.04%

1 32,592 95.86% 1 31,776 93.46%

2 32,971 96.97% 2 31,751 93.39%

3 33,071 97.119% 3 32,140 94.53%

4 32,994 97.04% 4 32,020 94.18%

5 32,909 96.79% 5 32,201 94.71%

6 32,899 96.76% 6 32,081 94.36%

7 32,941 96.89% 7 31,971 94.03%

8 32,860 96.65% 8 30,843 90.71%

9 29,454 86.63%

10 28,267 83.14%

3.5 Related Work

There are a number of strands of work that are related to whdtave described in this
chapter. Firstly, the work on bidding strategies for vasiéferms of auctions. Secondly,
the work on using fuzzy techniques to manage an agent’'saictiens (see Section 2.2.5
for the discussion of bilateral negotiations). Finallyeahatives to fuzzy reasoning for
coping with the uncertainties in bidding.
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Table 3.7: Efficiency statistics when demarsilipply.

Number o Number o

of AFL Profit EMCl | of AFL Profit  EMC

b-agent ency | s.agent -ency
0 31,444 86.86% 0 31,444 86.86%
1 31,504 87.03% 1 31,345 86.59%
2 31,480 86.96% 2 31,334 86.56%
3 31,448 86.87% 3 31,285 86.42%
4 31,448 86.87% 4 31,195 86.17%
5 31,316 86.519% 5 31,045 85.76%
6 31,029 85.72% 6 30,808 85.10%
7 30,998 85.63% 7 30,487 84.22%
8 30,961 85.53% 8 29,041 80.22%
9 30,598 84.52%
10 30,332 83.79%

Non-cooperative game theory is an important tool for anatystrategic interactions
between agents [Kreps, 1990]. However, one of its weaksasgbat the theory is only
suitable for highly stylised, simple settings [Jenningalet2001], thus a clear game-
theoretic solution to the CDA problem is not possible. Theusive Modelling Method
[Vidal and Durfee, 1996] has been proposed as an approaeimfagent to reason about
other agents and generate an appropriate strategy foriaggot However, in most prac-
tical cases, the agent can only build finite nesting modetgalthe limitation of acquiring
knowledge. Thus with this approach, not all the informaiiothe recursive model may
be relevant to the agent and it is possible that little or farmation may be available for
the agent to use. Park, Durfee and Birmingham [Park et @918ropose the adaptive
agent bidding strategy (called the p-strategy) based arnastic modelling for a CDA.
The idea of the p-strategy is to model the auction procesgywsiMarkov Chain (MC).
However, in many cases, it is hard to obtain the probabiktyes required for the MC
model, such as the transition probabilities and the prditialsiof success and failure for
particular trading actions. Moreover, the computatiorolagd in this approach is large.
Badea [Badea, 2000] applied Inductive Logic Programmihg)ko induce trading rules
for a CDA. He first identified buy (sell) opportunities fronmstorical market data. Then,
these buy (sell) opportunities are input as examples to Briéarner to produce under-
standable rules. However, this learning strategy reli@siheon historical data which is
often not available in the contexts we consider.

Finally, we consider the alternatives to fuzzy reasoninghfandling uncertainty in
agent interactions (see [Luo et al., 2001] for a comprekersirvey about handling un-
certainty in agent systems). As stated, we chose fuzzy logged methods because
they have proven to be a practicable solution in solvingsiesimaking problems under
uncertainty (e.g., [Fraichard and Garnier, 2001, Yao ara 2801, Tan and Tang, 2001,
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Mohammadi et al., 2000]). Fuzzy rules are the most visibl@ifeatation of this ap-
proach and have been successfully used in industrial ablits, manufacturing, pro-
cess control, automotive control, and financial tradingi[YE999]. There are, however,
alternative techniques for handling uncertainties. Fanaxle, the possibility based ap-
proach [Giménez-Funes et al., 1998, Matos and Sierra,|1888been used to perform
multi-agent reasoning under uncertainty for bilateralategion. In this work, uncer-
tainties due to the lack of knowledge about other agentsatelnrs are modelled by
possibility distributions. Based on information from aedmse of previous negotiation
behaviours, the possibility distributions are generatedhinosing the most similar situ-
ation to the current context and the most similar price frow® ¢ase base. Since this
approach relies on a case base, it is unclear what would happ® highly similar
situations were available. Moreover, even if a similar oagsts, it is possible that the
strategy used successfully in that situation does not wotke current environment due
to the variety of competitors. The Bayesian learning mefdedg and Sycara, 1998] has
also been used to explicitly model multi-issue negotiatncensequential decision making
model. In this work, a Bayesian network is used to update tloeviedge and belief each
agent has about the environment and other agents, and aifférsounter-offers between
agents during bilateral negotiations are generated basBayesian probabilities. How-
ever, this method is inappropriate in our context becausigisig prior probabilities of
a bid (ask) being accepted is difficult given the dynamism amckrtainty of the CDA
context.

3.6 Summary

This chapter developed new algorithms that guide an agbuaysg and selling beha-
viour in a CDA. The FL-strategy uses heuristic fuzzy ruled arfiuzzy reasoning mech-
anism to decide what bids or asks to place. We then extendedtthtegy so that the
agent could adapt its bidding behaviour to its prevailingketcontext. In both cases
we benchmarked the performance of our algorithm againghnibst prominent alternat-
ives available in the literature. This evaluation showeslghperior performance of our
method. This result is especially promising since the berark strategies have been
shown to outperform human bidders in experimental settjigphart, 2002]. Speak-
ing more generally, we also believe that the developmentfiaient and practicable al-
gorithms for bidding behaviour increase the opportunitiessing CDAs as the auction
protocol for on-line marketplaces. We, therefore, view comtribution as an important
step in this direction.

In more detail, the experiments in Section 3.3.2 show howetecs the appropriate
risk attitude for an agent in different situations. The tesuconsistent with our conjec-
ture: if supply (demand) quantity is greater than demanggs quantity, an s-agent
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(b-agent) with an averse attitude towards risk can make maft. This is also con-
sistent with our discussions of the risk attitude in Sectidh Based on this selection
principle, the experiment in Section 3.3.3 shows that thestfategy outperforms some
of the most commonly used bidding strategies in a range wdiins. Since agents often
have no prior knowledge of the relation between supply andahel, it is not always
possible to tell in advance what kind of attitude an agentukhbave. Thus adaptive FL-
agents are introduced (recall that we discussed adaptatiSection 3.3.3) which can
tailor their strategy to the supply (demand) of the markeéirotigh the experiments in
Section 3.4.1, we find that the learning rate which is adgustesmall steps behaves best
in an environment in which the supply and demand do not chabgeptly. The exper-
iments in Section 3.4.2 show that A-FL-agents always ofper other benchmarking
strategy agents in various situations. The transactiarepistribution of agents using
different strategies shows that an A-FL-agent always geligs) goods at higher (lower)
prices than agents using other strategies. Finally, ini@e8t4.3 we investigate to what
extent the behaviour of A-FL-agents and the efficiency of @A market are affected
by the increasing use of A-FL-agents. This investigatimeads that the profit of an indi-
vidual A-FL-agent decreases at first and then increasedilsted/e also show that with
an increase in the number of A-FL-agents, the efficiency®ftlarket is not significantly
affected.

As well as being effective, we believe the FL strategy is pcatfor building autonom-
ous agents for CDAs. The strategy we employ is intuitive as@mbodiment in fuzzy
rules means that it should be readily comprehensible todkats owner (as have other
similar applications of fuzzy rules [Sosnowski, 2000, Yama &oczy, 2000]). Moreover,
the information required by the strategy can be readily iabthby monitoring market
activities, such as the outstanding ask, the outstandohgabid the accepted bids or asks
in past transactions. In particular, this procedure doésatuire any information of the
cost or valuation of other agents (cf. some of the approadisesissed in Section 3.2).

Having shown that agents can be developed for a particutaroausetting, we now
turn to the more complex problem of an agent bidding acrod$pte) concurrent auc-
tions. However, this CDA work brings forward a number of imjat intuitions and
insights (as well as specific technologies) to the multipletian setting. Firstly, and
most directly, the idea of using a reference price and ofifyirgy the relation with this
reference price is used in the entertainment auctions ofrtteng agent competition
(which are a CDA). Secondly, the idea of exploiting fuzzys@aing techniques is also
adopted in the hotel auctions of the competition, whereetli®eia need for an efficient
reasoning procedure. Finally, there is the importance aptadg bidding behaviour to
the prevailing context in order to cope with dynamics andradtability.
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Chapter 4

An Adaptive Trading Agent for
Multiple Interrelated Auctions

Given the potential and the importance of using agents ilim@auction settings, there
has been considered research endeavour in developinghgidtiiategies for different
types of agents in different types of auctions (see Sec8dnand 2.2.5 for more details).
Therefore, in order to develop a means of comparing and atratuthis work, it was de-
cided to establish an International Trading Agent ComjoetifTAC) (similar in spirit to
other initiatives such as RoboCdiRoboCupRescdeand the Planning competitiéh In
this competition, software agents compete against onéhanot 28 simultaneous auc-
tions in order to procure travel packages (flights, hotetsertertainment) for a number
of customers (see Section 4.1 for more details of the roles).

The TAC has been set up so that there is no optimal biddingegiahat is guar-
anteed to always win. This is because an agent’s decisiomgakthe TAC involves
uncertainty caused by the random features of the game, ffanepts’ strategies and the
particular combination of opponents. Against this backga this chapter reports upon
the design and implementation of our particular tradinghagealledSouthamptonTAC)
which participated in both the competition in 2001 (TAC-@hy in 2002 (TAC-02).

SouthamptonTAC was one of the most successful agents indootipetitions (see
Section 4.3) and this chapter details its design and imphatien and evaluates when
and why it is successful. In more detail, SouthamptonTAGlisdaptive agent that var-
ies its bidding strategy according to its perception of thevailing market conditions.
Building upon the success of the FL strategy in Chapter 4easuiuzzy reasoning tech-
niques to predict closing prices of the auctions, fuzzy gedion to assess the degree

LAn international project that uses soccer as a central tepehttp://www.robocup.org for more details.

2RoboCupRescue is a new research domain which targets saadctescue in large scale disasters
(such as earthquakes), setp://www.r.cs.kobe-u.ac.jp/robocup-rescue/index.html for more details.

3The International Planning Competition aims to provideraifio for empirical comparison of planning
systems, sekttp://www.dur.ac.uk/d.p.long/competition.html for more details.

70



of competitiveness in the prevailing market context, areryuset technique to control
bidding behaviour.

This work advances the state of the art in two main ways. Imsesf the TAC itself,
we developed novel reasoning models and prediction metti@dsenable an agent to
bid across multiple heterogeneous auctions that have-defgendencies. Through the
competition and our systematic evaluation this reasonieghanism is shown to be both
highly effective and practical (it has to operate in a tinoestrained environment and has
to cope with the uncertainty of operating over the Internigh ts concomitant latency
problems). In more general terms, we believe that a numbéneotechnologies we
developed can be used in other complex auction settingswamdsights and experiences
about building a successful trading agent will also tran&ee the discussion in Section
4.5 for more details). SouthamptonTAC addresses all themommissues discussed in
Section 1.2: price prediction (Section 4.2.7), adaptafiection 4.2.8), flexible bidding
(Section 4.2.6), risk attitude adjusting (Section 4.2a88)d trade-off attributes (Section
4.2.5).

The remainder of this chapter is organised as follows. 8eetil describes the trad-
ing agent competition. Section 4.2 presents the details®BSputhamptonTAC agent.
Section 4.3 evaluates the performance of SouthamptonTACldh 4.4 discusses the
related work. Finally, Section 4.5 concludes.

4.1 The Trading Agent Competition

TAC-01 and TAC-02 involved 27 and 26 agents respectivelyetiged by universities
and research labs from around the world [Wellman et al., 2@2enwald, 2002]. In
each TAC trading game, there are 8 software agents (enti@nite competition) that
compete against each other in a variety of auctions to adedraliel packages for their
individual customers according to their preferences ferttip* A valid travel pack-
age for an individual customer consists of (i) a round trightiduring a 5-day period
(between TACtown and Tampa) and (ii) a stay at the sametiotegvery night between
their arrival and departure dates. Moreover, arranging@pjfate entertainment events
during the trip increases the utility for the customers. dbgctive of each agent is to
maximise the total satisfaction of its 8 customers.(the sum of the customers’ utilit-
ies). Customers have individual preferences over whicls dagy want to be in Tampa,
the type of hotel they stay in, and which entertainment thaytvio attend. This data is
randomly generated by the TAC server in each game (see Tdbferdan example).

4These packages are assembled by the agent bidding in a nafaetions in which the other bidders
are other competition entrants.
SCustomers are not allowed to change their hotels duringtéhye s
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Table 4.1: SouthamptonTAC's customer preferences for gamé722.

PAD and PDD stand for preferred arrival and preferred depaudate. HV stands for the
reservation value of staying in the Tampa Tower hotel, and P¥/and MV stand for the utility
associated with attending Alligator Wrestling, the AmuseirPark and the Museum.

Customer| PAD PDD HY WV PV MV

1 Day3 Day5 80 178 183 13
Day3 Day4 129 165 134 3
Dayl Day3 104 131 110 10
Day4 Day5 146 27 22 28
Day3 Day4 80 126 33 8]
Day2 Day5 136 191 143 21
Day3 Day4 92 180 63 154
Dayl Day4 148 31 7 171

N s OO O Oy
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Each agent communicates with the TAC server through a TGBebagent program-
ming interface in order to get current market informatiod &m place its bids. An indi-
vidual game lasts 12 minutes and involves 28 auctions. E&tttedhree good types are
traded in an auction with different rulé&s:

e Flights. TACAIR is the only airline selling flights (placing asks).ckets for these
flights are unlimited and are sold gingle seller auctionsThere are 8 such auc-
tions (TACtown to Tampa (day 1 to 4) and back (day 2 to 5)). Hligsk prices
update randomly, every 24 to 32 seconds, by a value drawn droemge determ-
ined by the elapsed auction time and a randomly drawn valightRuctions clear
continuously during the game. Thus, any buy bid an agent st is not less
than the current ask price will match immediately at the astep Those bids not
matching immediately remain in the auction as standing.bids

e Hotels. There are two hotels: Tampa Towers (T) and Shoreline Stsea(de T
is nicer than S. Hotel rooms are traded in 16th price multi-English auction&
Overall, there are 8 hotel auctions (for each combinationatél and night apart
from the last one), that close randomly one by one at the epesledly minute after
the 4th. A hotel auction clears and matches bids when it slpse 16 rooms are
sold at the 16th highest price). While a given auction is gptsrask price is the
current 16th highest price and this price is updated imntelgian response to new
bids. The price of other bids, such as the highest bid, is now by agents. No
withdrawal of hotel bids is allowed. Suppose the current@ste isa, when an
agent submits a new bid, two conditions must be satisfied torbe accepted: (i)
it must offer to buy at least one unit at a priceaof 1 or greater; (ii) if the agent’s
current bid would have resulted in the purchase of g unithéncurrent state, the
new bid must offer to buy at least q unitsaat 1 or greater.

6For full details, sedttp://www.sics.se/tac.
"This differs from a standard English auction where 16 urfigomds are sold at the 16th highest price
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Table 4.2: Market state of all auctions in game tac-5722.
The remaining time in the game is 6 minutes 42 seconds.

Auction Bid Quote | Ask Quote| Status
Alligator Wrestling on day 1 1.1 86 running
Alligator Wrestling on day 2 70 150 running
Alligator Wrestling on day 3 65 139.38 | running
Alligator Wrestling on day 4| 66 107.51 | running
Amusement Park on day 1 66 70 running
Amusement Park on day 2 66 90 running
Amusement Park on day 3 84 119 running
Amusement Park on day 4 50 89.74 running
Museum on day 1 50 99 running
Museum on day 2 50 146.73 | running
Museum on day 3 50 175 running
Museum on day 4 50 80 running
Inflight day 1 - 328 running
Inflight day 2 - 337 running
Inflight day 3 - 381 running
Inflight day 4 - 299 running
Outflight day 2 - 400 running
Outflight day 3 - 370 running
Outflight day 4 - 434 running
Outflight day 5 - 270 running
Tampa Towers Hotel day 1 0 22.35 closed
Tampa Towers Hotel day 2 0 59.49 running
Tampa Towers Hotel day 3 0 33.60 running
Tampa Towers Hotel day 4 101 101.5 running
Shoreline Shanty day 1 0 0 running
Shoreline Shanty day 2 33 42 running
Shoreline Shanty day 3 22.2 29 running
Shoreline Shanty day 4 1 1 closed

e EntertainmentEach agent is randomly endowed with 12 entertainment Scket
the beginning of the game. All agents can trade their ticketSDAs. Overall,
there are 12 CDAs (for each kind of entertainment for eachagfdL to 4). Bids
match at the price of the standing bid in the CDA. An entertant package is
feasible if none of the tickets are for events on the same ddyadl the tickets
coincide with the nights the customer is in town. No addiloutility is obtained
for a customer attending the same type of entertainment thareonce during the
trip.

By means of illustration, Table 4.2 gives the market runrstage of all the auctions
at a single moment in time of the game in tac-5722. A custanéility from a valid
travel and entertainment pack&de given by:

Utility = 1000— TravelPenalty HotelBonust FunBonus

8An invalid travel package receives zero utility.
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Table 4.3: SouthamptonTAC's customer allocation from géewes722.
P, M, W stand for Alligator Wrestling, Amusement Park and Eus and the following number
indicates the date of the entertainment

Customer AD DD Hotel EntertainmentUtility
1 Day3 Day5 S P3, M4 1319
2 Day3 Day4 T P3 1263
3 Dayl Day3 T w2, M1 1344
4 Day4 Day5 S None 1000
5 Day3 Day4 T W3 1206
6 Day2 Day5 S W4, P2 1334
7 Day3 Day5 S W3, M4 1234
8 Dayl Day4 T M1 1325

Total utility: 10025

whereTravelPenalty= 100« (|JAD — PAD| + |DD — PDD|) (hereAD andDD are the cus-
tomer’s actual arrival and departure daté#)telBonuss the bonus if the customer stays
in T, andFunBonuss the sum of the reservation values of all the entertainraenis-
tomer receives. To illustrate this, the allocations andesséor SouthamptonTAC, given
the preferences in Table 4.1, are shown in Table 4.3. For pbaaitine utility of customer
3 is obtained by the following:

TravelPenalty= 100« (JAD — PAD| +|DD — PDDJ) = 0,
HotelBonus= 104,

FunBonus= 131+ 0+ 109= 240,

Utility = 1000— 0+ 104+ 240= 1344

At the end of each game, the TAC scorer (on the TAC serveriails the agent’s
travel goods to its individual customers optimally. Thewaafor a particular allocation
is the sum of the individual customer utilities.¢. 10025). The agent’s final score is
then the value of this allocation minus the cost of procutimggoods. For example, the
agent’s cost of obtaining the goods in game tac-5722 is showiable 4.4. Thus the
score in this game is 100255767.30= 4257.70.

Designing a bidding strategy for the TAC auction context@hallenging problem.

e There are inter-dependencies between auctiofisat is, what goods to buy and
how many to buy in one auction are relative to the progresstluéroauctions.
These inter-dependencies exist between different kin@aictions. For example,
flights will be useless if the hotel rooms are not available &mo customer stays
in Tampa on a particular day, the entertainment ticket ondhg will be useless.
The inter-dependence also exists between different datesvthe same kind of
auction. For example, customers must stay in the same hotelgdtheir stay.
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Table 4.4: Expenditure for SouthamptonTAC in tac-5722.
A negative number means the agent obtains the indicatedrarbutility by selling the good.

Good Day 1 Day 2 Day 3 Day 4 Day 5| Total
) ) 1at108.9

AlligatorWrestling 0 lat91.9 1 at 100.5 lat120.5 0| 421.80

-2 at 80

AmusementPark 0 -1at139.5 0 0 0| -299.5

Museum -1 at 89 0 0 0 0 -89
. 1 at 282 3at341

Inflight 1 at 340 lat314| 4 ,13g1| lat277 0 2617

] 2at345| 2 at 272

Outflight 0 0 lat390 4 at415!| 1 at 273 2585

TampaTowers Hotel | 2 at 22.35 2at120| 3at33.6 0 0| 3855

ShorelineShanty Hotel 4atl| lat47.5 3at30 5atl 0| 1465

Total cost:| 5767.3

Thus if a customer stays in Tlthe agent will also need to bid in the auctions of
other days for T. Finally, inter-dependencies exist betwbe auctions of the same
day, same kind counterpart auctiofisFor example, if the price of T1 is high, the
customer can change to S1.

e The bidding involves uncertaintyFor example, flight prices start randomly and
change continuously in a random fashion and one randonmdgteel hotel auction
closes from the 4th to 11th minute.

e The bidding involves trade-off$-or example, in flight auctions, if an agent buys
all the flight tickets very early, it may fail to buy the necasgshotel rooms that the
flights require, while the flight prices may be quite high ibitys the flights later.

4.2 SouthamptonTAC

Our agent design for TAC-01 and TAC-02 is broadly similar.wéwer we describe in
this section SouthamptonTAC-02 since this is the agent bpibn our experiences in
TAC-01. The main differences between the two are as follows:

e SouthamptonTAC-02 is an adaptive agent that varies itSgdstrategy according
to its perception of the prevailing market conditions (seet®n 4.2.3 for details).
SouthamptonTAC-01 had a fixed strategy that it used in allecds.

e SouthamptonTAC-02 does hotel closing price predictiofedintly. Although they
both use the same basic technique, SouthamptonTAC-02 lwasuter bases for
predicting prices when the counterpart auction has closed for when it has
just closed and one for when it has been closed for a longeogef time).

9We will use the abbreviation Tn and Sn<lIn < 4) for staying in the indicated hotel on a particular
day n.
1%For the auction of the same day, T and S are called their cparteauctions. For example, the
counterpart auction of T1 is S1 and the counterpart of S1is T1
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SouthamptonTAC-01 only had one such rule base (see Secfiohfér more de-
tails).

We now deal, in turn, with each of the main components of oenag

4.2.1 Classifying TAC Environments

Our post hoc analysis of the TAC-01 [He and Jennings, 2002ardelennings, 2003]
shows that an agent’s performance depends heavily on thattitide of its opponents.
Here arisk-averseagent is one that buys a small number of flight tickets at tiggnioéng

of the game and that bids for hotels according to the sitnasthe game progresses.
This kind of agent is highly flexible and copes well when thisra significant degree
of competition and the hotel prices are high (see below). dntrast, arisk-seeking
agent buys a large number of flight tickets at the beginninthefgame and seldomly
changes the travel plan of its customers during the game.Kiindl of agent does well in
environments in which hotels are cheap. For example, whetehprice goes up sharply,
a risk-averse agent would stop bidding on that hotel (chanthe stay to a counterpart
hotel or reducing the trip period) (see Section 4.3.2). Intiast, a risk seeking agent
will insist on bidding for that hotel, although the price isry high. In so doing it hopes
that the price will eventually stabilise (hence the riskheTconsequence of this variety
is that for broadly the same situation, different agents lwamg about widely varying
final prices. Based on the analysis reported in [He and Jgan002], we identify the
following types of TAC environment:

e Competitive environmentshere the prices of the hotels are (very) high. This is
caused by (a) the high bid prices that agents place; (b) tteghat some agents
insist on bidding for hotels even when their ask price bechigh; and (c) the fact
that some agents increase their bids sharply rather thalugiig. For example, in
game 4594, the prices of T (S) are (in the increasing orderagj:d5 (6), 238
(557), 155 (102) and 40 (11). For most customers in this gémsebeneficial for
an agent to reduce the stay to a single day (either day 1 or)d@p4chieve this,
however, the agent needs to be flexible. Specifically, it oabny all the flights
at the very beginning of the game, otherwise, when the hote¢p rise to high
values, it has to give up the travel package for some cusworgpay these high
prices for hotels. Being predictive is also important. Bggicting the price of the
hotels, the agent can make alternative plans to cope withetyehigh prices.

e Non-competitive environmenighere there is very little competition for hotels and
an agent can obtain the rooms it wants at low prices. For eb@anmpgame 6341,
there is very little competition and the closing prices fo{S) are 7 (12), 92 (27),
70 (53) and 62 (7). In this situation, the best strategy isuy dl flights earlier;
since the agents can always get the hotels they want.
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e Semi-competitive environmemnshere prices are medium. There is competition,
but it is not very severe. For example, in game 444, the clgasrices for T (S)
are 5 (2),128(71), 128 (60) and 116 (3).

4.2.2 The Agent Architecture

Given the uncertainty and unpredictability involved in th&C, it is desirable for the
agents to be responsive to their prevailing situation dytire course of bidding. To this
end, Figure 4.1 overviews the SouthamptonTAC agent. The period from when the
agent polls the TAC server to get the most up to date asksdidl auctions to when
it submits its bids to the TAC server is called@and SouthamptonTAC connects to
the server in a continuous series of such rounds (the lerfgdhreund depends on the
location of the TAC server as well as the server load, butptdgily varies between 2
and 30 seconds). In each round, the agent first processeasthisr bid information
in Bids Preprocessor to get the prices of different goods, number of goods it distua
owns and may possibly own (only for hotel rooms) and its aureetive bids. Then,
Hotel Price Predictor is used to predict the likely clearing price of each hotekianc(see
Section 4.2.7). All of this information is then input to tAdocator which calculates the
optimal distribution of goods to customers given the cursgtuation (see Section 4.2.4
for more details). Given this assignment, the agent theeroheétes its subsequent bid-
ding actions.Flight Categoriser uses updated flight prices to classify each flight auction
according to its expected change of price and takes the batgulocator to determine
how many trips to bid for (see Section 4.2.5). For examplaay delay buying the flight
tickets if it believes the price change will be small, so thhgs flexibility in choosing the
hotel rooms.Hotel Bid Adjustor takes theAllocator’s output, the agent’s current active
bids, the hotel auction’s ask prices, as well as the predijptiees and decides whether to
increase the price of its bids or to “withdraw” (see Sectidh ) the current bids and turn
to other auctions (see Section 4.2.Entertainment Bid Processor determines the type
and the amount of entertainment tickets to bid for (see Seei2.6). Where Southamp-
tonTAC differs from its predecessor is in having the/ironment Sensor in the architec-
ture. This component (described in more detail in Secti@34 aims to determine what
type of environment the agent is presently situated in (#&ildd in Section 4.2.1). The
reason for doing this is so that the agent can adapt its lydstimtegy accordingly (see
Section 4.2.8).

Among these components, the mostimportant ones anthi@nment Sensor, Hotel
Price Predictor, andAllocator. The Environment Sensor aims to determine the degree of
competitiveness in the environment both before a gamessiad during the course of a
game. It does this because the agent will use different bglglirategies in the different
situations. TheHotel Price Predictor is important because it lets the agent forward plan
about how best to draw up travel plans for the customers. Alleeator is important
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Figure 4.1: Overview of the SouthamptonTAC agent.

because it can allocate the goods the agent has bought tsitswers in an optimal way
and because it highlights what goods still need to be bought.

SouthamptonTAC divides a game into three stagesptbbingstage (up to minute
4), thedecisivestage (from minutes 5 to 11) and tfiealisationstage (minute 12). Hotel
auctions are the most uncertain part of the game. This wogrtstems both from the
random nature of the customers’ preferences and from theopagnents deal with their
hotel bidding. Nevertheless, a rational agent should habengted all its hotel bids be-
fore the end of the 4th minute (otherwise a hotel auction magecand the agent will
miss out on those rooms). Thus, during the first 4 minuteséheeaohd of the hotel market
is unpredictable. Given this, SouthamptonTAC uses theipgatiage to buy some flights
which it has a high possibility of needing, to place buy arntltsds in the entertainment
auctions, and to place initial hotel bids. The agent bidsi@ronly what it needs, but also
for extra rooms in the hotels with low ask prices (since théitemhal outlay is comparat-
ively small and gives the agent greater flexibility). As tlexidive stage progresses, the
demand of the various auctions becomes clearer and roonastaialy allocated which
means the agent can more accurately decide which hotelsftw.githe finalisation stage
represents the agent’s last chance to transact on entedairiickets and to buy any re-
maining flights that are needed. There is no longer any usiogytin this stage and so
Allocator can find the optimal allocation and the appropriate bids aretated.

4.2.3 TAC Environment Recognition

We treat the environment recognition problem as one of fygatyern recognition since
it is impossible to precisely determine the type while thengas running. To this end,
we apply the maximum similarity principle [Pedrycz, 1990]the Environment Sensor
component of the agent architecture. This recognitiongseds used in two cases: be-
fore a game starts and during a game. Before a game startagéme calculates the
average hotel closing prices of the previous 10 gadfiesm the price history and uses

1we chose ten (based on experience of playing the game) asblstndicator that is sufficiently stable
to not be influenced by atypical game outcomes, but suffigiaataptive to respond to genuine changes in
the patterns of games.
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the maximum average price as a reference price to clasgfenkironment in a given
game. We use the maximum price in this fashion since if oreepsihigh it is likely that
others will also be high and so the environment is competitivutatis mutandisvhen
the reference price is low or medium). During a game, the tag@mtinuously monitors
the current hotel prices and records the current maximuce poi see if the environment
type changes from its initial prediction. More formallyt Tg (S) represent T (S) on day
i, andPy, (Ps) represent the current price if the agent is monitoring aingauction or
the average history price if it is making its initial assessinof the environment of;

(S). Suppose the prices af, ---, T4, &, -+, &, arePy,, ---, Pr,, Ps, --+, Pg,. Then,
Pmax (the maximum hotel price) is simply:

Pmax: ma)<(Pr17 PT27 PT37 PT47 P317 P327 P337 PS4)

Let E;, Es, and E, correspond to the fuzzy sets that represent competitivaj-se
competitive and non-competitive environments respelstiigee Figure 4.2). Now the
type of environmentg) can be determined by ascertaining which of the fuzzy sets th
reference price has the strongest membership to. Thus if:

Ex(Pmax) = argmax Ec(Pmax), Es(Pmax); En(Pmax) },

thene is of environment typé&y, wherex € {c,s,n} andEc(x), Es(x), andEn(X) are the
similarity functions for the fuzzy sets, Es, andE,. These similarity functions (denoted
1) capture how much the hotel price belongs to each of therdifteenvironments and
they are defined as follows:

A

\
En Eg Ec
| X ><

L
o 80 100 150 200 Price

Similarity degree

Figure 4.2: Fuzzy sets of the three environment types.

1 X < 50,
ey (X) =< O x> 120,
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20X 50<x< 120

1 100< x < 150,

0 x> 200 orx < 50,
—50

= 50<x<100

200 150< x < 200,
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1 x> 200,
HEc(X) =< O X < 150,
220 150< x < 200

4.2.4 Allocator

TheAllocator component of our agent operates in two different modéiscator-1 deals
with the allocation of available and unavailable goods amgpats what flights and hotels
to buy during the first 11 minutes of a game aibcator-2 does the same for flights and
entertainment tickets in the final minute when the hotelagitun is finalised. By means
of illustration, a sample output from thlocator is:

buy inflight: (1, 3, 2, 2) buy outflight: (0, 2, 3, 3)

buy good hotel: (0, 3, 3,3) buy bad hotel: (1, 1, 1, 0)

customer 1: (4,5,1,0,0,0) customer?2:(1,4,0,3,2,1)

customer 3: (3,5,1,3,0,0) customer4:(3,4,1,3,0,0)

customer 5: (4,5,1,0,0,0) customer6: (2,3,1,0,0,0)

customer 7: (2,3,1,0,0,0) customer8:(2,4,1,3,2,0)
This indicates the agent needs to buy 1 inflight ticket on d&ydh day 2 and 2 on days 3
and 4; buy 2 outflight tickets on day 3, and 3 on days 4 and 5pthad hotels are needed
for day 2 (3 rooms), day 3 (3 rooms) and day 4 (3 rooms); thathmaels are needed for
day 1 (1 room), day 2 (1 room) and day 3 (1 room); and that thespiar the individual
customers are currently as follows: customer 1 goes on destérns on day 5 and will
stay in the good hotel (1 in third element of tuple), custo&rill go on day 1, return
on day 4, stay in the bad hotel (0 in third element of tuple)t@arestling on day 3, the
amusement park on day 2 and the museum on day 1; and so on lfioofegae remaining
customers.

Both Allocator-1 andAllocator-2 use the linear programming packagesolver? to
generate their solutions. The solution found is optimal@ekr took more than 1 second
to generate on a 1.33 GHz Pentium during all games played.

Dealing first withAllocator-1, in total this has 92 constraints and 272 variaBfem
more detail, each customer can choose from inflight day (2) andl outflight day (2
to 5) and hotel type (T or S). This means that in total there2@re@alid packages for
each customer (see Appendix A for more details). Given 8ornets, this leaves 160
combinations (160 variables in allocators). For each eustpthe agent can choose one
from 12 entertainment tickets (3 types for 4 days). Thuselee 96 variables for 8
customers. Moreover, there are 8 variables to denote théauaf flight tickets needed
for each flight auction and 8 variables to denote the hotenoeeded for each hotel

12 psolveris based on Ipsolve, a simplex-based code for linear and integer progriagproblems by
M. Berkelaar. The source is availablefiat//ftp.es.ele.tue.nl/pub/lp_solve/lp_solve.tar.gz.

130ur approach is based on that used in ATTac-2000 [Stone @0811] but we improve upon their
method. We use only 92 constraints while ATTAC-2000 has 1@8&traints. Thus oullllocator greatly
improves the speed of finding a solution.
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Four category of flight ask prices
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Time into the game

Figure 4.3: Four categories of flight ask prices.

auction. Since from the 4th minute, one hotel auction clagesnumber of variables de-
creases from 272 to 264 at the end of the 11th minute. The 9reams come from the
fact that: each customer only gets one valid package (8 @nts), flight tickets/hotel
rooms/entertainment tickets allocated must be less treanumber the agent has or is go-
ing to buy (28 constraints), each customer can only use gaehdf entertainment ticket
once (24 constraints), and each customer must use itsantadnt tickets between the
days he stays in TACtown (32 constraints).

TheAllocator-2 deals with the allocation of available and unavailable gomud out-
puts what flights and entertainments to buy in the last mithis solver has 276 vari-
ables and 92 constraints). The first 264 variables are the santhe above, except that
the last 12 variables denote the entertainment ticket nusrfoeeach type each day (12
variables). The constraints are the same as those above.

4.2.5 Flight Auctions

The flight price is perturbed every 24 to 32 seconds by a vatawmuniformly from -10

to x(t). The final upper bound (called theflight's determinant factgron perturbations
is a random variable chosen independently frid@ 90| for each flight for each game.
The upper bound on perturbations at titnis a linear interpolation between 10 and the

determinant factox;
t x (x—10)

tmax

wheretnay is the time period of a game (720 seconds) ansl not known to the parti-
cipants. Figure 4.3 shows four different categories of tigh game tac2-7011 and leads
to a number of observations. Firstly, during the first 4 masubf the game, the distri-
bution of the prices vary in a small range. This is becausetinent time is early and
time is the dominant factor determining the range of priceeding to formula (4.1).
Secondly, the price changes increase or decrease graduailhg the game since time
is continuously changing. Thirdly, at the end of each gammesflight prices are lower
than their initial price (Category 0), some rise slowly (&giry 1), some rise quickly
(Category 2) and some rise very rapidly (Category 3). Heeedifferences are mainly
due to the different final bound valuesof

x(t) = 10+ : (4.1)
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Given these observations, we believe it is important to g elassify the various
flight auctions at run-time since this categorisation sti¢éesd to different bidding beha-
viour. To this end, our agent observes the changes in priceépats each flight auction
into one of four categories:

Fj = {f | f'sdeterminant factox € [Lj,U;]} (j =0,1,2,3), (4.2)

wheref represents a flight auctioh; andU; represent the lower and upper limits of the
flight's determinant factor respectively: whegr= 0, Lo = 10 andUg = 15; whenj = 1,

L1 =15 andU; = 30; whenj = 2, L, = 30 andU, = 60; and when = 3, L3 = 60 and

Uz = 9014 We found that although the increase or decrease is randarayng if x is
small, the price does not rise quickly; conversely i§ high, the price will rise rapidly.
The agent computes its increase or decrease so far andiekassich flight. We believe

it is unnecessary to find the precisebecause even though the increase or decrease is
randomly drawn, ai that is close to the reak*is sufficient to approximate the expected
range of change. This categorisation is computed as follows

- Zas. M,

wheren is the number of times the price changed in the auctpis;theith price change;
andMj, called the centre ofj, is given by

U4
1 (10 -1
ot (3 (50w
Ui—Li+1 &, \N& Amax

wherety is the time at which th&th price change is quoted atighxis the time period of
a game (720 seconds).

Formula (4.3) computes the average price change of the #ightlassifies it into the
closest category. However, since the price chanigadrawn from a range, whenewers
larger than the upper limit of the range, the flight must bgltma category with a bigger

m|n

4.3
o<]<3 ’ (4.3)

x. For each¥j, the upper limit of the range that random changes are drawn fises
with time. ThusUj = dj/(t) whereg(t) is the upper limit of the determinant factor of
F; attimet. Then, suppose a fligltis currently categorised g5 and the current price
change i, if 8 > dj(t) andd < gj ,(t), then flight k should be reclassified &, 1.

The flight categorisation is updated in each round. Cleadyhe game progresses the
categorisation becomes more accurate (see Section 4B®@ver, for most flights the
prices rise during the game. However, if the agent buys flighets very early, it may

14These values were first picked based on our experience vétgames. Then, they were tested by a
large number of games and shown to produce reasonabl€ficiatisns.
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fail to buy the necessary hotel rooms (leading to some idvadivel packages). Thus,
what we need is a good trade-off (recall the importance ditraffs noted in Section 1.2)
between buying flights earlier at lower prices and buyingtleger to ensure they fit with
the hotels that have been bought. To achieve this, our ageimdieds to decide what type
of TAC environment it is situated in (see Section 4.2.3). k@mn-competitive games, the
agent will buy all the flight tickets once when the game stdfts competitive or semi-
competitive environments, the agent buys a number of flighets at the beginning of
the game (8-10 for competitive and 12-14 for semi-competiiames) because it knows
it will need some flights. Then, when and how many of the remgiones to buy of a
particular flight is based on the flight categorisation. Tde$ay in buying flight tickets
ensures there is a degree of flexibility. Then, whenevefgauction is sensed, the agent
will buy flights immediately. However, for affp auction, it will buy the tickets in the
last minute since the price at the end of the game will be amai less than the initial
price. An 7 flight will be bought when the corresponding hotel rooms arargnteed
or the demand of the hotels involved with the flight is not vaigh. An 7, flight is
bought immediately after the probing stage. This is becausig the probing stage
the expected price change is quite small (reg%ﬂi) rises with time). However after the
probing stage, the increase is more significant (see digruss Section 4.2.8 for the
rationale).

4.2.6 Entertainment Auctions

The entertainment CDAs involve two kinds of bids: buys ankdsseThat is, an agent
can place both bids to buy and asks to sell. It determinesrtimuat of bids or asks
to place as well as the price of bids or asks. Haeertainment Bid Processor handles
entertainment bidding. A buy (sell) bid will immediately toh the lowest price standing
sell (highest price standing buy) bid that has a price at mvibéabove) the price of the
buy (sell) bid. Bids match at the price of the standing bichiea auction.

e Number of buy bidsPlace buy bids for a particular customer so that the alloca-
tion of the entertainment tickets for that customer is maatiynsatisfactory. For
example, if a customer will stay for one day, the agent wil ltiie tickets with
the highest preference value for that day; if the custonagrsstor two days, buy
tickets with the two highest preference values for each dagl, so on. Here the
agent places extra bids to increase the chance of obtairticged. Whenever an
agent is successful in buying a particular ticket for a gigay, it withdraws its buy
bids for that entertainment on the other days.

e Buy bid reservation priceLet v; ; be the preference valuation of custondor
entertainmenf. The agent only buys a good if it can make a profit fronné, v; j
must be larger than the price of buying that good. Thus, thebid reservation
pricebid is given by:bid = v; j —(t) (Y(t) > 0), where(t) is the profit the agent
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can obtain if the good is transactedoéd. Here(t) is a decreasing function with
time meaning that the later it is, the lower the profit the agewilling to accept.

e Number of sell bidsSell any unallocated entertainment tickétand any allocated
tickets that the agent can get more profit for by selling nathan by allocating to
a customer.

e Sell bid reservation priceThe reservation pricaskis given byask= cost+ @(t)
(@(t) > 0), whereq(t) is a decreasing function of time awdstis the preference
value for an allocated ticket and a predefined value for ooated ones. The latter
value varies according to the agent’s context. If it hasallocated tickets, the cost
will be at descending prices (from 80 to 50) meaning that tbeengoods the agent
has, the quicker it wants to sell them (thus, the sell pridevigr). @(t) decreases
with time meaning the later it is, the lower the price the dgewilling to sell the
good for (since selling for a small profit is better than ndlirsg at all).

SouthamptonTAC does not wait until the ask price decreasesthe bid price rises
to exactly its reservation buy or sell price. Rather, thenagentinuously observes the
market and when it finds an ask or bid price very close to iteriadion price it will
decrease or increase its ask or bid to match it. For exanf@eyid is 795 and the ask
price of our agent is 80, it evaluates the bid and decides ¢oedse the ask to 7 so
as to accept the bid. This strategy is achieved using fuzzy(8e idea comes from the
FL-strategy in Chapter 3). The strategy is simple but eiffecsince it avoids missing
transactions where the bid and ask are quite close. Figarehbws the fuzzy sets used
to decide when to accept the current asks or bids, whgend0s are the thresholds of
the degree that an agent would like to relax its constraintsuy or sell bids. Suppose
two fuzzy setd3 andSare characterised by the membership functignX — [0, 1] and
ps:Y — [0,1]. ps(X) andps(y) are interpreted as the degree of membershig ¢ie.,
current asks placed by sellers) in fuzzy 8etor eachx € X andy, (i.e., current bids
placed by buyers) in fuzzy s&tfor eachy € Y respectively. Formulae (4.5) and (4.6) are
the similarity membership functions for bids and asks.

(1 if x < by,
(X)) =< 0 if X > b, (4.5)
| op If br < x<bo;

(1 ify> a,

Ms(y)=4 O if y < ap, (4.6)
y=a
\ a—a ifag<y<a.

BSuUnallocated tickets are caused by having multiple ticketstlie same event or the same day for a
given customer or by having no customer staying on the nifjthteoentertainment.
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Figure 4.4: Fuzzy sets used in entertainment CDAs.
Here bo/ag is the current highest bid/lowest adl;/a, is the agent’s reservation price
andBy/6s is the agent’s threshold of accepting the ask/bid. The regith vertical lines
represents the original price acceptance range. Usingy feis, the acceptance range
also includes the region with horizontal lines.

4.2.7 Hotel Auctions

Hotel auctions are the most important, uncertain and diffigart in TAC. Since cus-
tomers can have no entertainment and flights tickets aréahl@ithroughout the game,
only hotel auctions are uncertain. Moreover, failure inregk hotel auction can cause
the failure of an entire travel package. To deal with this ptaxity, several strategies
are used: (i) fuzzy reasoning to predict the likely cleanmmiges (see Section 4.3.3 for
an evaluation of the prediction methotf)(ii) “withdraw” non-profitable hotel bids; and
(iif) reasoning to determine when to switch between biddarghe different hotels. Each
of them are dealt with in turn.

Fuzzy reasoning about hotel closing prices

According to the basic laws of supply and demand theory §fed998], the higher
demand there is in a market, the higher the price of the godtisis the competition
among the agents on a particular hotel auction leads to arige price of the hotels.
For example, T2 and T3 are in greatest demand, since stayihg igood hotel gets the
higher utility and day 2 and day 3 are part of most customéag'ss Therefore their prices
are always the highest. This information, as well as thegprltanges, are factored into
the agent’s reasoning about price prediction. The reagartihses fuzzy rules to predict
the clearing prices of hotels. The motivation for using fumzles is as per Section 1.2.
Through observation, we find that the factors that effeciptiee of hotels are: the price
of the hotel P), the price of the counterpart hot€®), the price change in the previous
minute C) and the previous price change of the counterpart hotelfvtrdosed) CC).
Figure 4.5 shows the relation between the closing of severtals in game tac2-5960.
Here S3 closes first (at the fourth minute). Then the priceT®mrises very quickly
because S3’s closure means some agents fail to get S3 andysbate to bid in T3.
Usually, the price of S2 is high, but since S2 closes eadypritce is relatively low. Also,
the rooms of day 2 have a close relationship with those of dagcause many customers
stay for successive days. Thus, the price of T2 also risekiyui

16Note that the same type of controller for the reasoning isl @sewas used in in Section 3.1.2.
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Figure 4.5: Hotel prices changes in game tac2-5960.

To capture reasoning of this kind, we use the Sugeno coeitfbl|Sugeno, 1985,
Zimmermann, 1996], since it is easy to use and has already slemvn to be effective
(Chapter 3). In more detail, the fuzzy reasoning infereneelmanism employed here
adheres to the following fuzzy reasoning pattern:

Ri: if X1 isA11and--- andxm is Aim thenA; = ¢;
also

R if X2 IS A1 and--- andxm is Aom thenAo = ¢,
also

also

Ra: if X1 is App and--- andxm is Anm thenA, = ¢,
fact: X1 IS x/1 and--- andxm is x'm

!
consequence: A

whereAq;, ---, Anm are fuzzy sets, anfl, - - -, Ay are variables indicating the predicted
price increase. The output of the individual rule is denatefy; andc;c{small, medium
big, very-big} (i € {1,---,n}) are fuzzy parameters predefined by the designer.

The firing levela; of the rules®; is computed by th#lin operator. That is,

a = min{Ai1(xy), -+, Am(¥m) }, (4.7)

WhereAil(x'l), .-+, Am(x.,) are the membership functions of the corresponding fuzzy set
A1 andAm, respectively. According to the Sugeno controller’s défmi, the crisp con-

trol action {.e., the predicted increase of hotel closing price) of the rageds obtained

by:

L i
i

"The use of other fuzzy logic controllers, such as the corweat Mamdani controller

[Zimmermann, 1996] is also possible. However we chose Sudetause it is shown to be effective
in the CDA (Chapter 3 and empirical results show that it is &fffective in the TAC environment.

A (4.8)
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When predicting the closing price of a hotel auction, threses are considerégy(i)
when the good and bad hotels are open; (ii) when the coumtdrpgel auction had just
closed (within the previous minute) and (iii) when it had hetsed for a longer period
of time. The corresponding rule bases are shown in Table®4ly.

In these tables, the hotel ask pric&sandCP) are expressed in the fuzzy linguistic
terms:very-high high, mediumandlow (Figure 4.6 and Table 4.8) and the price changes
(C andCC) in the fuzzy linguistic termgjuick medium andslow (Figure 4.7 and Table
4.9). The output of the rule base is the predict{)ém)f how much the price of the given
hotel is likely to increase, thus € {small, mediumbig, very-big} is the increase that is
added to the current price to obtain the predicted cleanitgp

Table 4.5: Fuzzy rule base when counterpart auction is open.
IF Pis highandC is quick THEN A is big.

IF Pis highandCP is highandC is not-quick THEN A is big.

IF Pis highandCP is not-high andC is not-quick THEN A is medium
IF PislowandCPis high THEN A is medium

IF PislowandCPis not-high THEN A is small.

IF Pis mediumandCPis high THEN A is medium

IF P is mediumandCP is not-highandC is not-slow THEN A is medium

IF P is mediumandCP is not-highandC is slow THEN A is small.

vvvvvvvvv

Similarity
o

100 150 200
Price

Figure 4.6: Fuzzy sets for price state of Tampa Towers/3iner8hanties.

1830uthamptonTAC-01 used two rule bases to make its predi&ti@) for when both the good and
bad hotels are open and (ii) for when the counterpart auetias closed. However, we found that our
predictions in the latter case could be improved if we sdpdraut the cases in which the counterpart
auction had just closed (within the last minute) and wherad heen closed for a longer period of time.
This difference occurs because hotel prices change morélyand with a different pattern when the
counterpart has just closed. When the counterpart auctisiéen closed for a longer period, the changes
are smaller.
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Table 4.6: Fuzzy rule base when counterpart auction jusedo

IF Pis highandC is not-slowandCC is quick THEN A is verybig.

IF Pis highandC is not-slowandCC is not-quick THEN A is big.

IF Pis highandC is slowandCC is quick THEN A is big.

IF Pis highandC is slowandCC is not-quick THEN A is medium

IF P is mediumandC is quick THEN A is big.

IF P is mediumandC is mediumandCC is quick THEN A is big.

IF P is mediumandC is mediumandCC is not-quick THEN A is medium
IF P is mediumandC is slowandCC is quick THEN A is medium

IF P is mediumandC is slowandCC is not-quick THEN A is small.

IF PislowandC is slowandCC is quick THEN A is medium

IF PislowandC is not-slow THEN A is medium

IF PislowandC is slowandCC is not-quick THEN A is small.

Table 4.7: Fuzzy rule base when counterpart auction hasdlias more than one minute.
IF Pis highandC is not-slow THEN A is big.

IF Pis highandC is slowTHEN A is medium

IF Pis mediumandC is quick THEN A is big.

IF Pis mediumandC is mediumTHEN A is medium
IF Pis not-highandC is slow THEN A is small.

IF Pislow andC is not-slow THEN A is medium
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Table 4.8: Similarity functions of fuzzy sets for price ofST/

1 i x < 20 1 if60<x<70
. 0 if x<20o0rx> 110
How(X) = O~ ITx=60 Hmediun{X) = | x-20 it 20 < x < 60
80X if 20 < x < 60 49, o=
40 2 1F70<x<110

0 if x <50
Hhigh(x) = 1 if x> 150
X

=Y if50 <x< 150

Similarity
o

60
Price

Figure 4.7: Fuzzy sets for price change.

Table 4.9: Similarity functions for fuzzy sets of price chan

1 if x< 10 1 if 30< x< 40
i 0 if x> 600rx< 10
HelonX) =4 -9 x> 30 Hmediun{X) = ¢ x_10 if 10 <x<30
30X jf10 < x< 30 250 10 <x<
* - 60X if40 <x<60

x=20 if 20 <x < 80

0 if x< 20

Hotel bid withdrawal

Turning now to the notion of withdrawing bids. TAC does ndbwal hotel bid with-
drawal during a game (as described in Section 4.1). Nevegteur agent can effectively
achieve withdrawal by the following means. The agent decigiich bids to continue
with, which bids to withdraw and where new bids are needeédas the output of the
Allocator and Hotel Bid Adjustor. The agent decides to withdraw a bid either because
the hotel rooms cannot be used or because the hotel pricedsciad to rise sharply.
Suppose the current ask price of a hotel auctiamasd our agent has already placed a
bid higher thara. The agent calculates the predicted clearing price of eatd# huction
(from Equation 4.8). The idea is that the agent submits afbidtlie appropriate quant-
ity) at the price ofa+ 1. In so doing, the agent believes that new bids from othentage
will top its withdraw bid and thus will remove its commitmedntthose rooms. This does
not violate the rules of the TAC auction, but avoids gettirghtprice hotels. This method
proved very effective and meant our agent could withdrav biefore the ask price rose
too high. This ability to withdraw bids make it possible taealer switching the bidding

89



between the different hotel types (to be discussed belod/sarincreased the flexibility
of our bidding strategy.

Switching between hotels

SouthamptonTAC's initial allocation of hotel rooms stagtrly in the game, while the
ask prices of all the hotels are very low. At this time, therdgeses the reference hotel
prices as input to thAallocator. This reference price comes from the average prices of the
various hotels in the previous 10 games. While during theegainis sometimes useful
for an agent to change from trying to buy one sort of hotel togdor another, there are
risks associated with this: (i) it may fail to get rid of itsisting bids for its original hotels
(thus it may double bid); and (ii) it is possible that the praf the hotel that is changed
to rises very quickly while the price of the old type remaimglianged (thus the agent
may want to switch its bidding back to its original hotel).

To manage the process of determining when to change the fypete to bid for,
our agent employs the following process. The output ofAHecator is an optimised
solution which means that if a new allocation (involving #etient hotel) produces one
more unit of profit than the current one, it will be suggestedwever, blindly following
this recommendation may cause the agent to oscillate ieltavaour and lead it to having
unwanted hotel rooms at the end of the process. To avoidahisagent makes sure that
any change in behaviour is likely to have a worthwhile effatits score. In more detail,
given a change thresholt] suppose a customer is currently allocated to stay in Hotel
A giving it a utility of Ua. Now assume théllocator suggests placing this customer in
Hotel B giving a utility of Ug (whereUg > Upa). The rule for enacting this decision is:

IF Ug—Ua —Qa X pa > 0 THEN change tdB ELSE stay inA,
wherega x pa indicates the loss if the agent cannot withdraw its exishiug in hotel
auctionA. Hereqa is the quote price of auctioA and pa is the possibility of not with-
drawing the bid (this can be approximated from the speedwitich bids have changed
in the last minute). Adhering to this rule means we only wittvd those bids that have a
continuously changing bid history in the past minute andéhwhere much more profit
can be obtained by changing the hotel type.

4.2.8 Varying the Bidding Strategy

After our experiences in TAC-01, we came to believe thatdli®no single best strategy
that can deal with all the different types of TAC environmgsete Section 4.3 for more de-
tails). For example, a risk-seeking agent that always atexcthe optimal travel package
for its customers and buys flights earlier is highly effeetic non-competitive environ-

ments. This is because there is little competition in hatidimg and the agent can always
obtain what it wants. On the other hand, delaying buying igind shortening the stay
of customers works well in competitive games. For this reaS§outhamptonTAC dy-

namically varies its bidding strategy according to its asseent of the environment type
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(see Section 4.3.4 for an evaluation of the effectivenebgioig able to do this). In games
it deems non-competitive, SouthamptonTAC buys all of igghfiitickets at the beginning
of the game (the number of flight tickets to buy is a parameteickvcan be adjusted
according to the agent’s attitude to risk, see as per Seét®nat the beginning of the
game and never changes the travel plan of its clients (uitlsseses a change in the en-
vironment). In this way, it avoids buying extra hotels whadst extra money. Also, the
agent can receive optimal utility by not shortening the sthiys customers. In compet-
itive games, our agent buys flights according to its asseassofiehe flight category (as
discussed in Section 4.2.5). In these games the agent neaytaltustomers’ travel plans
in order to avoid staying in expensive hotels for long pesidd semi-competitive games,
the agent behaves inbetween these two strategies; it bugtsahthe flights earlier and
will only change travel plans if a significant improvement ¢ee obtained.

4.3 Evaluation

Our evaluation of SouthamptonTAC is composed of two comptmé€i) the results from
the TAC-01 and TAC-02 competitions and (ii) our post-hodsegsatic analysis in a range
of controlled environments.

4.3.1 TAC Results

TAC consisted of a preliminary round (mainly used for preetnd fine tuning), a seed-
ing round, the semi-finals and the final round. The seedingdaletermined groupings
for the semi-finals. The top 16 agents were organised intdinats” for the semi-finals
based on their position in the seeding round and the firstteaams in both heats entered
into the final round.

In TAC-01, SouthamptonTAC-01 obtained the highest scotkearseeding round (see
Table 4.10). Table 4.11 shows the result of the final roundg BeuthamptonTAC-01 had
the 3rd highest scor®. Overall, during the course of the competition some 600 games
were played and SouthamptonTAC-01 had the highest meaer acaorlowest standard
deviation.

For TAC-02, Table 4.12 shows the seeding round result of agehnt’s relative score
to SouthamptonTAC. Note there is less than 2 points difieeelmetween ATTac and
SouthamptonTAC and given the random features of the ganrg#@réormance should be
considered as broadly similar. Table 4.13 shows the scagssr{( relative to our agent) of
all the agents in this final round. Again the difference betw8outhamptonTAC and the
top agent is small, less tharB89 (when all the games in the competition are considered,
SouthamptonTAC is.2% better than whitebear).

When both competitions are considered, there are 12 adwttpdrticipated in both
TACs (some of the agents are designed by the same group Hutdviférent agent

19This score was calculated without game 7315, where thereaveaash due to the network platform
failure for SouthamptonTAC. Details can be founditp://auction2.eecs.umich.edu/tac01-scores-finals/.
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Table 4.10: Result of TAC-01 seeding round.

Rank Agent Avg(-10 worst) Std Dev Games played
1 SouthamptonTAC 3163.8 855.3 315
2 whitebear 3163.8-43 881.4 318
3 Urlaub01 3163.8-88.3 1197.8 319
4 livingagents 3163.8-151.6 1251.7 305
5 TacsMan 3163.8-180 1065.7 315
6 CaiserSose 3163.8-294 1219.7 315
7 polimi_bot 3163.8-306.2 980.8 316
8 umbctac 3163.8-399 1288.4 313

Table 4.11: Result of TAC-01 final round.

Rank Agent Avg Std Dev  Games played
1 livingagents 3530.6+139.4 622.3 24
2 ATTac 3530.6+91 691.6 24
3 SouthamptonTAC 3530.6 568.8 23
4 whitebear 3530.6-17.4 700.1 24
5 Urlaub01 3530.6-109.4 698.3 24
6 Retsina 3530.6-178.8 668.2 24
7 CaiserSose 3530.6-456.5 656.2 24
8 TacsMan 3530.6-671.3 1054.3 24

Table 4.12: Result of TAC-02 seeding round (440 games).

Rank Agent Avg(-10 worst)  Avg

1 ATTac 3129.5+1.8 3033.5+4.2

2 SouthamptonTAC 3129.5 3033.5

3 UMBCTAC 3129.5-11.1 3033.5-16.6

4 livingagents 3129.5-38.1 3033.5-24.9
5 cuhk 3129.5-74 3033.5-62.1

6 Thalis 3129.5-129.8 3033.5-131(9
7 whitebear 3129.5-163.9 3033.5-158.2
8 RoxyBot 3129.5-274.2 3033.5-300}8

names). Four of these twelve qualified for the final roundsathltompetitions. For
these four agents, their average scores over both congpstigsome 1200 games) are:
SouthamptonTAC (3229), whitebear (3119), livingagen®l@ and Thalis/CaiserSose
(2863). Thus, our agent is the most successful of these.

Through both competitions, we believe that this large nunolbgames and the very
nature of the competition mean that the difference in théeira scores reflect true dif-
ferences in the performance of the agents’ strategies. Wbuslieve SouthamptonTAC
performs successfully in a wide range of TAC situations.

4.3.2 Controlled Experiments

To evaluate the performance of our agent in a more systeri@stiton than is possible
in the competition, we decided to run a series of controllgaeements. To do this we
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Table 4.13: Result of TAC-02 final round (32 games).

Rank Agent Avg(-worst)  Avg

1 whitebear 3492+64.4  3385.5+27.3

2 SouthamptonTAC 3492 3385.5

3 Thalis 3492-140.8 3385.5-139,2
4 UMBCTAC 3492-171.4  3385.5-149.9

5 Walverine 3492-176.4  3385.5-175|9
6 livingagents 3492-182.2 3385.5-204.6
7 kavayaH 3492-242.2  3385.5-286.0
8 cuhk 3492-244.2  3385.5-316/7

devised two competitor agents that adopt strategies densiwith the broad classes of
behaviour that were observed in the competition:

¢ Risk-seeking agent (RS-agenfyhis is based on the behaviour of the livingagents,
UMBCTAC, and Walverine agents (see Section 4.4 for moreildgtarhis agent
buys all the flights tickets at the beginning of the game, bigigressively in hotel
auctions and never changes the plans for its customers.

¢ Risk-averse agent (RA-agentThis is based on the behaviour of SouthamptonTAC-
01, Retsina, and sics agents (see Section 4.4 for moregjetaitis agent buys a
small number of flight tickets at the beginning of the gamestwve some flexibility
and it will change the customers’ travel plans accordingaw the game unfolds.

For both these types of agents, as well as for SouthamptondA€cord is kept of
the closing price history and the initial travel plans fog tustomers are calculated based
on the average price of this history.

The set-up of the experiment is shown in Table 4.14 wherentbeaseen that there
are 36 different cases which cover all possible combinatarSouthamptonTAC, RA-
agents and RS-agents given that there can only be eightsagente game. For example,
in the case where the number of RA-agents is 2 and the numB&s-aigents is 1, there
will be 5 SouthamptonTAC agents. For each case, betweer0BOgame$® were played
to test the performance of each kind of agent. In this wag,possible to produce a wide
range of environments, from competitive to non-competitand to evaluate the corres-
ponding performance of the different types of agents antitbad behaviour trends. The
following conjectures were used as an approximate guidddsigning the experiments.

Conjecture 1: The more RS-agents there are in the game, the more compgtae
Section 4.2.1) it will be and the more RA-agents there areldbs competitive it will be.

Conjecture 2: RS-agents will do well in non-competitive environments d@-
agents will do well in competitive ones.

20This number differs from game to game. The experiment fonglsicase stops when the relative
scores of the agents become stable.
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Table 4.14: Experiment set-up for controlled experiments.
The light grey area indicates competitive environmentsdaré grey non-competitive

ones.
Number of RA-agents
2 3 4 5 6

1

.

Number of
—— SouthamptonTAC
agents

Number of RS-agents
PN WO NP
R N W P> OO

N o o~ WNRE O

P NWhAOUOO N O |O

In terms of Conjecture 1, the average hotel clearing pricetfose environments
marked as competitive (in Table 4.14) is 240 and for thosekethas non-competitive it
is 67 and for the remainder it is 125. Thus Conjecture 1 carebe ® hold.

We now start to analyse the performance in the differentrenments. Figure 4.8
shows the performance surface of SouthamptonTAC in thereéifit cases. The x-axis and
y-axis represent the number of RS-ageMgd and RA-agentsNra), thus, the number
of SouthamptonTAC agents is-8Nrs— Nra. The z-axis shows the average scoref
SouthamptonTAC. The higher the score, the better the agefdrms. Figures 4.9 and
4.10 show the performance of the RS-agents and RA-agenisndarggraphs.

Performance of SouthamptonTAC
| !

Figure 4.8: Performance of SouthamptonTAC in differentimments.

As shown in Figure 4.8, SouthamptonTAC does best, obtamdidhest score, in
competitive games.€., where the number of RS-agents is big). This is due to thetadap
ive nature of its strategy. When it finds the game competitivadters its strategy in the
direction of being risk-averse. In non-competitive enaireents, SouthamptonTAC also
does well since it adapts its strategy to bid aggressivatgalbse it can always obtain the
goods it wants. Both of these observations are consisteéht@anjecture 2. The worst

21Suppose there ama SouthamptonTAC agents, and the average scores of thests ages,, S, - -,
sn. Then the average score shown on the z—axfs%ﬁﬁ.
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situation for SouthamptonTAC is when all the players are itkelf. This is because the
competitive tendency of the agents causes the hotel poaesetto moderate levels and
then many of the agents change their customers’ travel glaagproximately the same
time. This switching behaviour causes the counterpartl lpotees to rise (because of
increased competition) and the agents to have unused flightstel rooms bought on
account of their previous travel plans. For RS-agents, asisiin Figure 4.9, the results
also support Conjecture 2. RS-agents behave very well ircoampetitive games and
their performance decreases rapidly as the number of R&samereases. This happens
because as more agents bid aggressively, the hotel closoes get higher. RA-agents
behave best in competitive environments when there are iR&iggents, perform ad-
equately in non-competitive games and worst in semi-coitijgeggames when there are
a few RS-agents and SouthamptonTAC agents (see Figure 4nliDe latter two cases,
RA-agents change their customers’ travel packages rellyarféen and this causes them
to buy extra hotels and flights that they cannot subsequasdy

Performance of risk-seeking agents

2
3

SouthamptonTAC

Figure 4.9:

Performance of risk-averse agents

2

3

SouthamptonTAC

Figure 4.10: Performance of risk-averse agents in diftezamironments.

Moreover, from Figures 4.8 to 4.10, we find that the range ofessfor each kind of
agent are different; for SouthamptonTAC if1872 3737, for RS-agents it is—2742 2374
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and for RA-agents it i$1709 3445. Thus the RA-agent has the narrowest score range
and is the most stable agent. The RS-agent has the widest sogge since its per-
formance depends heavily on the environment it is situatedsouthamptonTAC is in
between, less stable than RA-agents (but able to obtairehggores) but with a better
worst performance than RS-agents.

While Figures 4.8 to 4.10 show the performance of a single tyfpagent in various
environments, Figure 4.11 compares their scores. The@&sarefigures and each of them
represents several cases of the above experirdéii& found that when the number of
SouthamptonTAC agents is small (less than 4), they can alwayperform both RS-
agents and RA-agents (as shown in (e) to (h) and some case} tia (d)). This is
because SouthamptonTAC can successfully adapt itselhipettive games and become
aggressive in non-competitive ones. However, as we diedupgeviously, when the
number of SouthamptonTAC agents is above 4, the agentsiegimtilar behaviour and
make the market less efficient. Generally, from (a) to (hjait also be seen that profits
for all agent types increase as the number of RA-agentsasese(because these agents
keep the hotel prices low).

4.3.3 Predicting Hotel Prices

Most of the agents in TAC engage in some form of hotel pricalipt®n (see Section
4.4). Since, generally speaking, the more accurately teatatpn predict these prices
the more easily it can identify profitable actions. To thislemable 4.15 shows the
accuracy of SouthamptonTAC's predictions on a minute byuterbasis for a single
game (randomly chosen) in the final. The figures in the talddtas difference between
the predicted price and the actual price. Thus, a positiveliar means over prediction
and a negative one means under prediction. As we can seegtfieis that the further
into the game the predictions are made the more accurateatieyThis is because at
the beginning the agent can only work based on the pricerkistoprevious games.
However as the game progresses, more information is reVéaleh as the closing order
of the hotels, the current hotel prices and the relation eetwthe hotels). This, in turn,
means more accurate predictions can be made. This is inmpdotaour agent since it
enables its flexible decision making to be based on more siElesurate information.

In most cases, our agent tends to over predict the hotelnggmiices. If the hotel
prices are not very high, the agent will not suffer since it mot change the plan for its
customers; whereas if the prices are very high, the agenyscirenge the travel plans
for its customers and therefore obtain a lower score (sinc&ay have bought flights or
rooms that it cannot now use). However, when hotel priceswesy quickly, our agent
tends to under predict which can cause it to buy highly pricetkls (so reducing its
profit).

22For example, in figure (c), there are 2 RS-agents, thus thiedmal axis represents the number of
RA-agents and the vertical axis is the average score of ffexelit agent types.
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Figure 4.11: Relative performance of the agents in diffeeewironments.

Furthermore, Table 4.16 shows the difference between #digied and actual hotel
closing prices for the order in which they closed in the firlgdr example, for the hotel
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Table 4.15: Actual vs. predicted hotel prices.
Positive figure means over prediction and negative figurensiaader prediction.

Hotel [ 4 5 6 7 8 9 10 11
T3 86

T2 40 23

S3 76 -62 50

S4 39 9 9 9

S2 83 11 -32 -53 -17

S1 45 9 8 9 9 9

T1 79 9 8 8 8 8 8

T4 g7 10 10 10 10 10 10 -1Y7

Table 4.16: Hotel closing price prediction in final round.

Closing order Avg difference Max difference  Min difference
1 64 174 8
2 30 103 2
3 29 144 8
4 38 149 1
5 32 115 8
6 30 111 3
7 27 87 8
8 20 62 9

that closed first (whatever that happened to be in a partigdee), the average dif-

ference is 64, the maximum difference is #¥4nd the minimum is 8. These results
are consistent with those of Table 4.15 and show that the dat®tel closes, the more

accurate our agent’s prediction is.

4.3.4 Strategy Adaptation

To test the value of the agent being able to adapt its stradegyg the course of a
game, we compare the performance of our agent with a nortiedapriant (called na-
SouthamptonTAC) that is identical apart from the fact thagnnot change its strategy
once a game has started running. In each game, there was oti@®ptonTAC, one
na-SouthamptonTAC and the remaining agents were drawronalgdfrom a pool of
RS-agents and RA-agents. We ran this configuration for 1édegaand computed the
average score of each agent type. Our results were that #ptivael agent received an
average score of 3138, the non-adaptive one an average ofa2@3the other agents an
average of 1657 (RS-agents) and 2649 (RA-agents). Thissstiawbeing adaptive does
indeed improve the agents’ performartée.

23This number is large and it occurred at the beginning of tha! fivhere the price history data was
based upon the seeding round (which had very different outsdrom the final round).

24 t-test showed that the adaptive agent’s performance isfgigntly better than the non-adaptive one,
wherep < 0.05.
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4.4 Related Work

There are a number of strands of work that are related to whdtave described in this
chapter. Firstly, there is the work on agents bidding in fpldtsimultaneous auctions.
Secondly, the work using fuzzy techniques to manage an ‘agetgractions, especially
in bilateral auctions (however this is dealt with in Sectih@.5). Finally, other agents
developed for the TAC.

First we consider bidding in multiple simultaneous auc$ioRreist designed an al-
gorithm for agents that participate in multiple English taaes [Preist et al., 2001]. The
algorithm proposes a co-ordination mechanism that can e uscases where all the
auctions terminate simultaneously, and a learning methiéackle auctions that are ter-
minating at different times. However, their strategy ig&ied at a single auction pro-
tocol (English) and the goods are not inter-dependent. Bysie describes a dynamic
programming approach for agents that participate in mleltgnglish auctions to buy a
single item [Byde, 2001b]. Moreover, in [Byde, 2001a], th@amic programming ap-
proach is compared with other algorithms in order to deteeniis quality. As a result,
the dynamic programming approach is shown to be effectivewdv¥er this method is
only for one kind of auction (English) and it only deals withrphasing one item. We
also believe it is difficult to extend this approach to a timastrained environment, such
as the TAC, because of the heavy computational demandssaketthnique.

The framework presented in [Byde et al., 2002] enables antagemake rational
decisions across multiple heterogeneous auctions (Endhstch, First-price sealed-bid
and Vickrey auctions). It uses a fixed-auction strategy dnad threshold strategy to es-
timate the expected utility of a bid and then use a heuriggiorahm to approximate this
decision making behaviour. However again there is no naifqrurchasing interrelated
goods.

Anthonyet al. [Anthony and Jennings, 2002] also propose an approach éntago
bid for a single item in English, Dutch, and Vickrey auctioridhe agent decides what
to bid based on four parameters: (i) the remaining time;tli® number of remaining
auctions; (iii) the desire for bargain; and (iv) the despeass of the agent. The overall
strategy is to combine these four tactics using a set ofivelateights provided by the
user. The agent also has a deadline for obtaining the gobdnbuone item is purchased.
In an extension to this model [Anthony and Jennings, 2008greetic algorithm is used
to search the effective strategies so that an agent can éealpgvopriately according to
its assessment of its prevailing circumstances. Neveskeit still does not deal with
interrelated goods.

Combinatorial auctions (discussed in Section 2.2) do deth wwterrelated goods
in that they allow bidders to bid for combinations of items. dontrast with the mul-
tiple auctions scenarios above, however, combinatridi@us place the complexity on
dealing with the interrelated aspect of the bidding on thetianeer rather than on the
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Table 4.17: Comparison among agents.
RS means risk seeking, RA risk averse and RN risk neutralvet RS and RA), — means
information unavailable.

Agent Price Prediction Allocator Attitude
ATTac machine learning  ILP RN
cuhk average prices heuristic search RN
livingagents average prices search RS
PaininNEC — Genetic algorithm RA
Retsina price matrix Markov chain RA
RoxyBot price distribution  heuristic search RA
sics price distribution  branch-and-bound search RA
SouthamptonTAC  Fuzzy reasoning ILP RN
UMBCTAC average price heuristic search RS
Walverine Walrasian compe- ILP RS
titive equilibrium
whitebear average price greedy search RN

bidding agent. Thus the auctioneer needs a winner detetiorinalgorithm to select
a set of non-conflicting bids that maximise its revenue. fnablem has been shown
to be NP-complete [Fujishima et al., 1999] and, accordinglywumber of algorithms
have been developed to achieve this according to variotevierie.g, anytime solu-
tions [Fujishima et al., 1999], polynomial solutions [Dasngd Jennings, 2002] and op-
timal solutions [Sandholm, 2002]).

In terms of other agents developed for the TAC, Table 4.17paves the most suc-
cessful agents from both competitioAsl Tacuses machine learning techniques to obtain
a model of the price dynamics based on the past @atg (he data in the seeding round)
to predict the closing prices of the hotels in the future.ldbauses mixed-integer linear
programming (ILP) to find the optimal allocation of the go¢8#one et al., 2001]cuhk
agent is composed of a cost estimator, an allocation andsatigu solver and bidders.

It uses a greedy, heuristic search to find the travel packagesistomerslivingagents
[Fritschi and Dorer, 2002] bases its decisions on closingepiata for the various hotels
in past games and it buys all the flights needed at the begjrofithe game. It also
buys/sells entertainment tickets at a fixed price of 80. lkesabids for the needed ho-
tels only once during the game again at a fixed price (of 10BAnINNECs strategy is

a combination of heuristics and a genetic algorithm basdinggation method, which
outputs the goods to buy and sell given the predicted auclearing prices and cus-
tomers’ preferencefRRetsinauses a Markov Chain Monte Carlo approach to allocate the
goods to its customers and it uses a matrix learned from paség to predict the hotel’'s
future prices RoxyBoffGreenwald and Boyan, 2001] decides the goods to bid fordbase
on heuristic search techniques and applies a marginalyutdiculator to determine the
value of the goodssicsusespricelinesfor price prediction and the optimiser performs
branch-and-bound search for the best solutidd&IBCTACDbalances the minimal risk
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and the maximum return to find the best travel plan for itsmustrs.Walverinepredicts
the hotel closing prices by calculating the Walrasian cditipe equilibrium of the game.
whitebearuses a randomised greedy algorithm to calculate the prieadt commodity
bought or sold and uses Bayesian analysis to compute thenonimand average value of
the flight's determinant factor.

As can be seen from the above discussion, there are a numloenwhonalities
between the designs. Firstly, a variety of Al techniquesuidiog fuzzy reasoning, ma-
chine learning, planning, Markov decision making and retiorsearch are used for mak-
ing predictions about the likely future state of affairs.ushmost agents keep a record of
the hotel closing prices and use a variety of methods to predbsequent hotel closing
prices in order to allocate travel packages to customerrisy, a number of the agents
adapt their bidding behaviour in response to environmeaahges. Such adaptation in-
cludes our agent varying its bidding behaviours (as desdrib Section 4.2.8), ATTac
which varies the number of flights it buys at the beginninghaf game, and whitebear
which postpones some flight ticket purchases until aftexatis the hotel prices.

4.5 Summary

This chapter details the design, implementation and etialuaf SouthamptonTAC, an
agent that successfully participated in both the TAC-01tard’AC-02 competitions and
that employs a range of fuzzy techniques at its core. Spaltyfidt uses fuzzy pattern
recognition to determine the type of environment it is ditdan and then uses an adaptive
bidding strategy to change its strategy depending on tlsigsasnent. In entertainment
auctions, the agent continuously observes the currentehasks/bids and uses fuzzy set
techniques to extend the asks/bids it will accept by decrgabe similarity degree of
the fuzzy sets. Moreover, the agent uses a fuzzy reasorchgitpie (Sugeno controller)
to predict the hotel closing prices given the prevailing keaconditions.

SouthamptonTAC has been shown to be successful across aamige of TAC en-
vironments (in both competitions, as well as in our conglexperiments). Naturally
the strategies that have been employed are tailored to #ufispauction context of the
competition (as is any agent strategy for any other auctoext!). Nevertheless, we be-
lieve that the TAC domain exhibits a number of charactesdinat are common to many
real-world, on-line trading environments. These attdsuinclude a time constrained
environment, network latency, unpredictable opponentstipte heterogeneous auction
types and the need to purchase interrelated goods. Givienatibelieve that a number
of technologies and insights from our work are applicabla toroader agent-mediated
e-commerce context.

In more detail, we believe the following methods can also ®edun other areas of
agent mediated e-commerce. Firstly, our fuzzy reasonintpodes for predicting hotel
closing prices can be reused in other multiple auction appbins (as we demonstrate in
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Chapter 5). Secondly, our method for an agent assessingviement is applicable
in more general settings. We believe that when agents hausedeuristic strategies
it is likely that no one heuristic is likely to be best for allses. Therefore such agents
need the ability to tailor their strategy according to tressessment of the prevailing
situation. To do this they need to be able to determine what@mment they are in so
that they can best respond. For example, in the general €asaltiple auctions, the en-
vironment sensor can work based on the previous clearicggrihe type of participants
in the auctions, the number of participants in the auctiosso on. Thirdly, through
adaptation the agent can adjust its behaviour between kimde of environments: com-
petitive, non-competitive and semi-competitive. Whileeatpting to settle these things
in advance and not responding to the prevailing context noayesimes work (even in
repeated encounters), it can produce brittle behaviotiighreot robust in a wide variety
of circumstances. Nevertheless some degree of prior asasysssential to set the ba-
sic parameters to approximately correct values othenkisagient may take a long time
before it starts to perform effectively. Thus, our agent wased between rounds based
on past performance and the risk attitude of its opponentsarcompetition. This was
possible because the opponents were known in advance feemhiefinals and finals and
because the opponents’ behaviours can be studied in peekaonnds. Fourthly, while
an agent should certainly be responsive to its prevailimgecd; it should not respond to
each and every minor perturbation in the environment. Famgpte, in hotel bidding, the
current ask prices of each auction change on a minute by enlragis. Now it may be
that the agent believes it can obtain an improvement irntyibly switching its customers
between the good and the bad hotels. However if this imprevens only small then
the agent should not switch because its estimation is basedeertain predictions and
if these predictions are slightly out then there may not beshimprovement. Moreover,
by making such a switch the agent is taking a risk becauseyitmagbe able to off-load
those hotels that it has already bought and so it may haveytéop&otels that it cannot
use.

TAC has certainly shown itself to be an interesting chaleepgoblem, however one
of its major shortcomings is that it does not incorporatestia@dard English auction and
this is by far the most widely used auction type on the Intetogay. To rectify this, we
decided to generalise TAC to the case where an agent has taddtiple goods for mul-
tiple English auctions. Another limitation of TAC is thattbreferences of the customers
are specific numberg(g, staying in a good hotel has a utility of 150). However in many
real life scenarios a user often has a more flexible preferstracture. For example, a
user may want to buy a laptop for aboys00 pounds. This flexibility can be achieved by
fuzzifying the preferences of the customer. To deal witls¢ghissues we need to extend
our agent design by allowing it to be more adaptive to its @itgng circumstances. This
we detail in Chapter 5.
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Chapter 5

A Neuro-Fuzzy Bidding Strategy for
Buying Multiple Goods in Multiple
English Auctions

Having designed the strategy for the TAC, we now move to a ngereeral multiple

auction context in which an agent seeks to buy multiple go@odrfultiple English auc-

tions. The ensuing agent designs build upon SouthamptomlA@troduce still greater
adaptability into the agents strategy so that it can resgdiedtively to changes in the
marketplace.

5.1 Overview

We focus on English auctions because they are by far the noostnon protocol for
agent-mediated e-commerce. In our particular case, eathBuoglish auction sells a
single unit of the desired good and this good may be deschiyenultiple attribute
(e.g, in auctions selling flights, the goods may be described by thates of departure
and return, by their carrier, and the class of ticket beingght). Also we assume the
goods are independent; thus the failure to obtain one ofdbdgdoes not influence the
availability of other good$. Bids for these goods must be at leaga) pounds larger
than the previous price to be valid, wher@) is the increment of bids decided by the
auctioneer. If an agent bids successfully, it becomes ttieesagent which is holding the
bid. It may, of course, be subsequently out-bid. Auctiospoad to any bid before they
close and their good is allocated to the active bid holdemvthe auction closes.

In a stand-alone English auction, the bidding strategyngoi. The agent’s dom-
inant strategy is to bid a small amount more than the currigiigst bid and stop when

1The goods have multiple attributes, but the buyer agentg lnids on price. Thus, our work differs
from the case where agents bid on multiple attributes (amdsed in section 5.6).

2Dealing with inter-dependent goods (as per the TAC) invelsignificant amount of domain know-
ledge €.9g, the relationship between the auctions, some are repladsraad some are compensate) and
thus it is more difficult to generate generic strategies asdilts.
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the user’s valuation is reached (Section 2.2.5). By adgedarthis dominant strategy, the
good is always allocated to the bidder who values it mostliighowever, when there are
multiple auctions running at the same time, bidding is mudnextomplex and has much
greater uncertainty. This is because: (i) the auctions kawgng start and end times
(thus comparisons need to be made between auctions tha¢areg completion (and
probably have a high ask price) and auctions that are nedretji@ning (and probably
have a low ask price); (ii) the participating agents areljike adopt a variety of different
strategies€.g, some may bid aggressively in the earlier auctions in or@ensure they
get the desired goods, while others may wait until laterianstto see if they can obtain
bargains), and (iii) the agents are likely to have differsgts of auctions that they con-
sider bidding in (driven by their own deadlines), thus thiecd@gents in a given auction
will vary and so, consequently, will the supply/demand. dmg variants of the English
auction, there is a strict deadline for when the auction finish and this promotes a
strategy of trying to place a bid at the last moment so thattheragent has a chance to
place a higher bid (this is called “sniping” [Rust et al., 19 To counteract such end ef-
fects, our auctions have a soft deadline; that is, they dalost until a fixed period after
the last bid is placed (as per Yahoo!Auctiohs://auctions.shopping.yahoo.com) and
Auction Universe [Miller, 1999]). This means sniping is redtective and the auctions
are akin to the standard English one.

Moreover, we consider the case where the agent has to perohdsple goods from
the ongoing auctions which, we believe, is more realist@ntjust having to purchase a
single good from this set. Finally, and again for maximumegatity in our solution, we
assume the agent may be acting on behalf of multiple cusgniéris means it needs
to allocate the goods it has purchased or is currently hglttirthe various customers in
order to maxmise its return (as per TAC).

Given this context, we developed (for the first time) a biddatgorithm that buys
multiple units of the desired good from the available auwioThis algorithm operates
in the following way. It calculates what it believes is thesbget of auctions to bid in (it
does this by predicting the auctions’ closing prices, usirfigzzy neural network, alloc-
ating the goods to its various customers and then calcglafie satisfaction degree of
the allocation). However the prediction of this optimal sBauctions is highly uncertain
because it depends on the strategies, profiles and reserpaites of an arbitrary set of
agents. Therefore rather than just bidding in this set, amtagould also decide to bid
in other auctions that are likely to have broadly the sameamue because by doing so
its chances of obtaining the goods are increased (moregladriy from) and the satis-
faction degree compared with what is believed to be the @tisnstill reasonably high.
Specifically, our algorithm adopts the heuristic of biddimghis expanded set of auctions
(the best set, plus those that have a similar satisfactigreégin the order of increasing
auction end time. Thus we term it &arliest Closest FirsECF) algorithm. Moreover,

104



as the goods are composed of multiple attributes, the agayptiave to maké&rade-offs
between them in its bidding in order to best satisfy the upeeserences (as discussed in
Section 1.2). Thus, for example, a user may ideally wish todiyon a Saturday, return
the following Wednesday and fly with British Airways, but wdwbe willing to accept
(for a lower price) flight dates of Friday and Wednesday wita@as (a BA partner).
To allow such flexibility (or imprecision), we choose to mbgesferences using fuzzy
sets (for the reasons outlined previously). Specifically,agent’s preferences are private
information that include: (i) valuationsfor the good (expressed as fuzzy sets); (ii) the
ratings for different values of the good’s attributes (@gsed as fuzzy sets); and (iii) the
weights which balance the valuation and the other attrgouBy means of an example,
consider the case of a student who wants to buy a flight tickistetv York. She prefers
to buy a cheap ticket (“cheap” is a fuzzy term). Thus the lotier price, the higher
her degree of satisfaction. Ideally she wants to depart oar&ay, but it is acceptable
to go on Friday or Sunday. Here, the date can be denoted amngutar fuzzy number
(Section 3.1.2), where “Saturday” has the highest satisfaclegree, and “Friday” and
“Sunday” have lower ones. Also, the airlines she likes can be a fuzzy number where
the memberships of the fuzzy set “like” are given by her &atison on the airlines. Fi-
nally, she can express the relative importance of the ate#of price, date and airline,
by assigning them the appropriate weights.

To cope with the uncertainty inherent in the multi-auctioniext and to make trade-
offs between the different variants of the goods available complex decision making
problem. Ideally the closing price of the auctions would bewn first in order to cal-
culate the satisfaction degree of a bid. However, since libsng price is only known
after the auction is closed, it is important for the agent tkenpredictions about the
likely closing prices. By so doing, the agent can determihetier it should place a bid
at the current moment or it should delay because better dealssubsequently become
available. In our previous work, we successfully used adeptzzy inference methods
for this task in continuous double auctions (CDAs) (Chag@jeand the TAC (Chapter
4). However, in both cases, the parameter adaptation ofuteyfrules was limited.
For example, our agent for the CDA can only adapt its paramsé@tea single direction
of change €.g, all the parameters are bigger in a competitive environiressg Section
3.4 for more details). However this is inappropriate for thelti-auction context be-
cause each parameter in the strategy should be adjustedimcrto its actual direction
of change €.g, the centre of the membership function for the fuzzy set “in@d may
need to go up and the corresponding width may need to go doveifléxt the fact that
this fuzzy set should cover a smaller range of higher valuBsYyectify this, we exploit
fuzzy neural network@=NNSs) [Jang, 1993] since these can do the fuzzy reasonidg an
through learning (both off-line and on-line), can adjust farameters of the fuzzy terms
and the consequent output as the auctions progress. Tlptatida enables the agent’s
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bidding behaviour to better reflect the current state ofnisrenment (hereafter we call
this strategy FNN, and the agent the FNN Agent).

The work described in this chapter advances the state ofrthi@ #he following
ways. First, we develop, for the first time, a practical agadting algorithm (ECF)
for obtaining multiple goods in multiple overlapping Ergjliauctions. Second, fuzzy
neural networks are developed that can make predictionstdbe closing prices and
adapt the parameters in the neural network through offdime on-line learning to suit
the environment the agent is situated in. Through empigegaluation the agent which
uses ECF combined with the FNN is shown to be effective in a@wahge of situations.
Finally, by exploiting a fuzzy set representation of therissgreferences, the strategy is
able to make effective trade-offs between the varioushaitiies of the goods the agent
purchases and can cope with the inherent imprecision/fleyithat often characterises
a user’s preferences. All the common issues discussed tioB84c2 are addressed here:
price prediction (Section 5.3.1), adaptation (SectionZ}, 3lexible bidding (Section 5.2),
risk attitude adjusting (Section 5.2), and trade-off htites (Section 5.3.3).

The rest of this chapter is structured as follows. Secti@mBscribes the ECF bidding
algorithm and Section 5.3 describes how the bidding styategrates. Section 5.4 gives
an example of a flight auction scenario in which the operali@ffectiveness of our
algorithm is evaluated. Section 5.5 actually provides ffstesnatic empirical evaluation
and benchmarks our strategy against a number of othersdliatdeen proposed in the
literature. Section 5.6 discusses the related work in mleltauction bidding, multi-
attribute auctions, and fuzzy-based bidding methods.lligjri&ection 5.7 concludes.

5.2 The Earliest Closest First Bidding Algorithm

This section details the ECF algorithm. First, we introdsoee specific terms in our
auction context and then the algorithm is described.

There are multiple auctions in the market, each selling oneai good. There are
three states for each auction: Wgiting: before its start time, nothing happens in this
auction; (ii) running the auction is open for bids; and (icjosed the auction finishes
when the market time is bigger than the auction’s closingetand there have been no
active bids in the auction for a fixed period.

Each agent aims to buy multiple goods, thus it considersihgdd and only if the
sum of the bids it holdsi.e., those auctions in which it is the active bidder) and owns
(closed auctions in which the agent won) is less than the eamibgood it desired. If
it decides to bid, the agent needs to determine which awti@hould bid in. To do so,
it first determines the auctions that it believes best satief user’s preferences (calcula-
tion detailed in section 5.3.1) given its expectation alibatclosing prices (calculation

3The case where the agent bids in more auctions than the nwhgeods it wants is not considered
here.
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detailed in section 5.3) of each auction. Then, rather tHaciqg a bid in the selected
auctions immediately, it bids in auctions that close eathan the selected auctions and
have an evaluation “close” (a fuzzy term) to that of the del@@uctions. The intuition
here is that given the significant degrees of uncertainty ¢kist, precise calculations
about the closing prices are simply not reliable and an andtiat appears slightly less
promising may well turn out to be better. Given this, the agbiould consider bidding in
auctions that have broadly similar expected returns soiasitease its chances of obtain-
ing the item (by participating in more auctions), while emsg the likely return is one
of the highest. Thus, for each good it desires, if there acé slose auctions, the agent
will bid in the selected auctions in order of increasing tigsime (.e., bid first in the
one that is going to close first, then in the one that will clnsgt, and so on) (hence the
name Earliest Closest First). The degree of closenesssthatjuired to trigger bidding
is captured by the threshold € [0,1]). Then if the difference is within, the agent will
bid in the auction. In this sense, the choicelafepresents the risk attitude of the user
(Section 3.3.2). I is high, the agent can be viewed as being risk averse bedsnigs i
in many more auctions in order to maximise its chance ofggttie good (although it is
likely to get a less satisfactory set of goods because it roeg a higher ask price). A
is low, the agent is taking a greater risk because it is tryongptain a high degree of sat-
isfaction (but by not bidding in as many auctions it has a logf&nce of actually being
successful). I\ is inbetween, the agent is striking a balance between thebsidions
(which is here termed risk neutral).

In more detail, the decision making algorithm ECF is giverFigure 5.1. In this
algorithm, Nactive: Nown, @NdNgemangare the number of goods the agent holds, owns and
desires respectively. An explanation of the algorithm’g kenctions are as follows:

e The functionAuctionRunning) (line 1) returngrueif there are still available auc-
tions to bid in,falseotherwise.

e The functionupdaté) (line 2) returns changes in the auctions since they were last
monitored. Such changes include whether the agent is lgpédiractive bid or has
obtained the good, the updated ask price of each auctiomrahgaction price for
any auctions that recently closed, and the number of awctedtito bid in.

e The functionpredict() (line 3) predicts all auction’s closing prices given the-cur
rent market situation and the history transaction pricdse dgent uses a FNN to
predict the closing prices in this chapter (see sectiorih.3.

e The functionallocatg) (line 4) allocates all the goods the agent owns and possibly
owns to its user according to their preferences. The latdudes the goods the
agent holds in waiting or running auctions. The way that wegmsthe auction to
the user is through an assignment algorithm discussed floséc3.4.

e The functiontoBid(g) (lines 6, 7 and 16) returns the id of the auction in which
goodg is believed to have the highest degree of satisfaction dgiverprediction
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PROCEDURE ECFbid()

1: while Nactive+ Nown < NdemandOr AuctionRunning) do
update) //get updated market information

3:  predict() //predict auctions’ closing prices
4: allocatg) /lallocate goods to user
5. forall ge Gdo

6: if toBid(g) > Othen
7.

8

9

Shest(g) < evaluatétoBid(g),9)
else

: Shest(9) — O
10: end if
11:  end for
12: L« RunningAuction§ //order the auctions by their closing time
13: forall aeLdo

14: forall ge Gdo

15: s« evaluatéa, Q)

16: if toBid(g) > Othen

17: A < chkThreshold) //determine the risk attitude
18: if (5> Shesi(d)) OF (Spesi(@) —S< M) then
19: bid(a) //submit a bid in auction a
20: break

21: end if

22: else ifs> Othen

23: bid(a)

24: break

25: end if

26: end for

27:  end for

28: end while

Figure 5.1: The Earliest Closest First bidding algorithm.
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of the closing prices. This is the output of the allocatiorailocate(). If there is

a best auction for buying goaglgiven the allocation, the returned value will be
the auction id; otherwise, the agent will bid in any auctiannihich the current
satisfaction degree is positive.

e The functionRunningAuction§ (line 12) returns a list. of all the currently run-
ning auctions in ascending order of their end times.

e The functionevaluatéa,g) (lines 7 and 15) returns the evaluation of auct&n
given the agents’ preference for gogdat its current ask price. This evaluation
balances both price and the other attributes of the goodsg asiuzzy aggregation
method (see section 5.3.3).

e The functionchkT hreshold) (line 17) returns the threshold parameter for the agent
given the current situation of the auction market. The tho&$A is determined
by the number of auctions that have a positive satisfactoortife agent at that
particular moment in time. Here the general rule for chogairs: the fmore such
auctions there are, the smalleshould be. This captures the intuition that if there
are many chances for the agent to win the good, it can haveheehtgreshold
so that it will have a higher satisfaction degree for the pased goods (and vice
versa). The experimentsin 5.5.4 shows the effect of diffiexe on the performance
of the agent.

e The function ofbid(a) (lines 19 and 23) places a bid in auctian The price to
place is the ask current ask price of the auction plus thetbjuiga).

To realise this algorithm, a number of prediction techngjae needed (line 3). Here
we use fuzzy neural networks and their application is disedsn sections 5.3.1 and
5.3.2. Moreover, an evaluation method is needed for ranttiagrarious auctions (sec-
tion 5.3.3), and a good allocation method is needed to deeideh auctions should be
assigned to which user (section 5.3.4).

5.3 The FNN Strategy

This section details the FNN strategy. First, we describe the FNN is structured and
how it operates to obtain the predicted closing price. Sectire learning algorithm of
the FNN is described. Third, the way of evaluating auctiamesiatroduced. Finally, the
allocation method that allocates the goods to the user engiv

5.3.1 FNN Prediction

To reason about the expected closing price of each auctienFFNN agent considers
a per auction reference pric@i ), the order in which the auctions are due to close
(cauction), and the auction’s current ask prigangw). Here the reference price represents
a likely value at which the auction will close for that pauiiar variant of the good. It is
computed by considering the transaction prices of auctizaishave previously sold the
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FUNCTION getRefPricé)
if getRelPric¢i) > 0then

ReturngetRelPricéi) //return the average price in a single game
else

ReturngetAvgPric¢i) //return the historical average price in past games
end if

=

Figure 5.2: Reference pric@{+) calculation for the FNN.
getRelPric¢i) returns the average transaction price of all the auctiorith (flve same
attributes as auctior) that have closed since the agent started biddgegAvgPricéi)
returns the historical average transaction price in thehigor auctions (with the same
attributes as auction).

specified good and the average transaction price in therpistoords for the specified
good (see functiometRefPricé) in Figure 5.2). The FNN agent records such data
examples and removes some of the oldest data to ensure ieanhs based on the latest
data. Every time the FNN agent detects that an auction hagdat will re-train the
neural network on the updated set of data (the online upglédkes less than one second
on a standard PC) which involves adjusting the parametdystter reflect the prevailing
circumstances (see section 5.3.2).

Ri:  If pref iS high andoayctionis early then pgjoseis very_high.

Ro:  If pref IS high andogyctioniS medium then pgoseis high.

Rs:  If pref is high andogyction IS late then pgjose is medium.

Ry If pref IS medium andogyctioniS early thenpgjoseis high.

Rs:  If pref IS medium and pnow IS high thenpgjoseis high.

Rs:  If pref IS medium andogyction iS medium and pnow IS medium then pgjose iS medium.
R7: If pref IS medium andogyction iS medium and ppow IS low then pejose IS medium.
Rg:  If pref IS medium andOgyction iS late and ppow iS medium then pgjose IS medium.
Ro:  If pref IS medium andogyction iS late and ppow iS low then pgjoseis low.

Rio:  If pref IS low andpnow IS high then pgose s high.

Ri1:  If pref iSlow and pnow IS medium then pejose is medium.

Ri2:  If pref iSlow andoayction iS early and ppow IS low then pgjoseis low.

Ri3:  If pref IS low andogyction iS medium and pnow IS low then pgjoseis low.

Ria: If pref IS low andogyction iS late and ppow IS low then pejoseis low.

Table 5.1: The FNN agent’s rule base.

To predict the closing prices of the auctions, fuzzy reaspis used (as per Sections
3.2 and 4.2.7). Through analysing our experimental datafowed that the reference
price, auction’s closing order and current price are closelrrelated with the actual
closing prices. Thus, fuzzy rules (defined in table 5.1) assghed to capture the relation
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among these factors. In particulges is expressed using the fuzzy linguistic terms:
high, mediumand low; 0gyction IS €xpressed byarly, mediumand late; and ppow iS
expressed byigh, mediumandlow. The consequent output is expressed as the integer
numbersvery high, high, mediumandlow.

Thus, the FNN agent takes three inpytgf, Oauction. Prow) @and has one output (the
expected auction closing priggose. According to the rule base above, we developed a
FNN with 5 layers (as shown in Figure 5.3). The input varialderrespond to the nodes
in layer 1. The nodes in layer 2 correspond to individualsuta reasoning about the
closing prices of the auctions. Nodes in layer 3 calculatedhative importance (weight)
of each of these rules. The nodes in layer 4 combine the oofpeach rule into the
overall output. Finally, the node in layer 5 sums up all thépats in layer 4 and gives
the predicted auction closing price. In more detail:

e Layer 1: each node in this layer generates the membership degredsglistic
label for each input variables(g, reference price is low or there are a big number
of auctions left). Specifically, thgh node performs the following (fuzzification)
operation:

(x=g)?

27

oY =) =e & 4y, (5.1)

whereOW is the output of layer lif., the membership degree with respect to the
corresponding fuzzy setsy,is the input to thath node, andy; is the linguistic
value (high, medium, low, etc.) associated with this nodee $et of parameters
(ci, &) determines the shape of the membership functi@hese parameters can be
adapted by learning (as we will explain in section 5.3y4% a very small number
(here we choose.00001) that avoids the output in layer 1 becoming zero.

e Layer 2: each node in this layer calculates the firing strength (tbdyrct of all the
inputs, and itis in the range @@, 1]) of each rule (in table 5.1) via the multiplication
operation:

Oi(2) =W = nje§<1>{“Ai}’ (5.2)
Wheres<1) is the set of nodes in layer 1 which feed into nodelayer 2, andy; is
the output of this node.g., the strength of the corresponding rule).

e Layer 3: theith node of this layer calculates the ratio of ttrerule’s firing strength
to the sum of all rules’ firing strengths:

Wi
77
2 jes2 W

“Here we assume that this is a Gaussian function. This is Bedtlias non-zero derivatives throughout
the universe of discourse and is therefore easy to implerdds, the derivatives of a Gaussian function
are continuous and smooth, thus, it can produce good tgapenformance.

0% —w = (5.3)
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whereS? is the set of nodes in layer 2. This ratio indicates the ne¢dthportance
of each rule.
e Layer 4: theith output of the node is calculated by:

of=n 3 w, (5.4)
jes?
wherej € S<3) is the set of nodes in layer 3 that feed into node i. The outptiti®
layer combines all the outputs of the rules that have the samgequent output.
e Layer 5: the single node in this layer aggregates the overall outptite FNN
(i.e., pPclose @s the summation of all incoming signals:

0 = Son S v, (5.5)
i€\ jeg?

wherej € S¥ is the set of nodes in layer 4.

Given the nature of this decision making task, it is imparthat the various para-
meters of the FNN algorithm fit the prevailing context as aately as possible. This
is achieved via off-line and on-line learning (see sectidhAfor more details). In the
former case, a number of simulated gafnae used to set the initial parameters of the
FNN. After this, the agent can be used in an operationalrgetth actually purchase
goods. In the latter case, the agent keeps track of the waioctions and when changes
occur €.g, when an auction has closed or the ask prices change) thdgdareto the
FNN as new training examples. These examples are weightee nighly than older
ones and so enable the agent to better reflect prevailingnstances (but without being
completely reactionary to the last set of changes).

To illustrate the operation of this architecture consider following example. Let
the reference price bget = 20, the current price bphow = 15, and assume the auction
is the fourth one to closd.€., Oauction= 4). Thus(20,4,15) is fed into the FNN. Let
these values be assigned the following membership degfdale @llowing fuzzy set:
mediuni20) = 0.8, late(4) = 0.7 andlow(15) = 1. These values are then the respective
outputs of nodes 2, 6 and 9 in layer 1. Then, takRags an example, the output of node
Rg in layer 2, by equation (5.2), is®x 0.7 x 1 = 0.56. Then, suppose the sum of all the

5The initial parameters of the FNN can either be set direcytihe user or can be set by
playing simulated games. A simulated game is played byegfieé or humans in a test envir-
onment where the various agents compete but money does hmllpcchange hands. In the
cases where such games are not available, users can maosgtiomultiple auction websites and
collect relevant data (since the trading history of mosttiancsites is readily available). How-
ever, if the user is confident about their parameter settirige agent can be put directly into
practice without going through the simulated games. Fomgt@, on Yahoo!Auctions, the final
outcomes of the auctions are stored. Thus the prices paidlifptal camerascan be found at:
http://csearch.auctions.shopping.yahoo.com/csearch?sb=desc&alocale=0us&acc=us&desc=digital+camera.
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Figure 5.3: Overview of the FNN architecture.

firing strengths in layer 2 is 3. The weight B§ (output ofwg) will be 0.56/3 = 0.187.
Thus,Rg contributes QL87 among all the rules. After this, in layer 4, there are 8shat
have the same consequent output, which is “lon€.( Ry, R13, andRy4). Letroy = 18,
wi3 = 0.3, andwy4 = 0.5, in which case the output of node “low” is, by equation (5.4)
18x (0.187+0.340.5) = 17.7. Finally, the output of layer 5 is the sum of all the outputs
of layer 4 (one of which will be the 17 coming from the “low” node).

Finally, to guarantee the predicted closing price is alwighér than current ask price,
the predicted auction closing price will be

elose= MaxX{ Pciose Pnow} (5.6)

wherepgiosels the output of the FNN angnow is the current ask price of the auction.

5.3.2 FNN Learning

The FNN agent involves two types of learning: off-line andlioe. In either case,
however, the same basic method is used. Given the trainitegxd& = 1,2, 3), the
desired output valu¥, and the fuzzy logic rules (from table 5.1), the parametétb®
membership functions for the FNN'’s input variables are si#jd by supervised learning.
Here the goal is to minimise the errdg)(function for all the training patterns:

E=Y 5(Y,-0)? (5.7)

whereY; is the actual closing price of pattéri andOES) is the predicted closing price of
the FNN for patterry. For each set of training data, starting at the input nodéswaard
pass is used to compute the activity levels of all the nodésaimetwork. Then starting at

6Here a pattern is a training example.d, for the previous example, a pattern might be
{{20,4,15},17.7}, where given the inputs20,4, 15} the actual output is a price of I7j).
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the output nodes, a backward pass is used to con%uﬂ@r all the hidden nodes. In our
FNN agent, the parameters that get adjusted during leaamethe consequent output of
each rule ( in layer 4) and the centre and width of the Gaussian memlhgefghctions
for each of the fuzzy termgi(andd; in layer 1). For the parameters pfthe learning
rule of the FNN agent is based on gradient descent optiraisfiRumelhart et al., 1986]:

rit+1)=r(t)+n (_aa_lri), (5.8)

wheren is the learning rater) € [0.001, 0.01]).
Thus, the learning rule for adjusting the parameters ioflayer 4 andc;, &;) in layer

1:
dE  9E 001 g0
= —0%-Y) ¥ w, (5.9)
ori 000 aoi(4) or; j%a J
Hencer; is updated by:
ri(t+1) =rit)—n(0%-Y) ¥ w. (5.10)
jes®

For parameters; ands;, the conjugate gradient algorithm [Johansson et al., 1890]
used since it is faster than the gradient descent optiraisaBuppose is the parameter
we are interested in and the gradient of tkte iteration of the learning ig; (t > 1),
then the new search direction is to combine the new steepssedt direction with the
previous one, that is,

Pt = —0 +Btpt—1, (5.11)

where by using Fletcher-Reeves [Fletcher and Reeves, 196iite,

o O
=2 5.12
Bt o (01 (5.12)

Thus, the adaptive rule @f in layer 1 is as follows (Whersg) means the set of nodes
in layer 2 that are connected with node layer 1):

E_ o (0E 00} 00"
oG e S(j) aog) aoi(l) oG

B oE 907 90 a0” 5.1
o Z Z (3) A2 @D og |’ :
meS(j) kes(jr)n aOk 0Om aOl
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where

oE

= = 0% ) (5.14)
o2 !

(3) DkWk—Wm it —
00" _ | Tomp k=M. (5.15)
907 Sz Otherwise;
0O _ i (5.16)
oor o
00" _ e = SCE) (5.17)

oc 6i2 ' '
So the adaptive rule daf is:
ci(t+1) =ci(t)+npr, (5.18)

wherep; = —g; + Brpr_1 andg; = g—g.

Similarly, from (5.14), (5.15), and (5.16) the adaptiveerof §; is derived as:

a0 (2) nA(1)
s n () ). e
' meg® \keg?, \90 00Om’/ 90~ 75
where " ,
aoi B _(Xi;;i) (Xi_ci)z
Hence the adaptive rule éf becomes:
di(t+1) =3di(t) —npt, (5.21)

wherep; = —g; + Brpr_1 andg; = g_éEi'
5.3.3 Evaluating the Auctions

Given the expected auction closing prices, the agent needsake a decision about
which auctions to bid in. For ease of expression, we presgsievaluation functioh

for the case where only price and one other attribute of thegoe considered (but
the concepts are equally applicable for arbitrary numbkagtobutes). Given the user’s
preference on price and other attributes (as defined inosebté.1), the evaluations of
the various factors need to be integrated. In fuzzy thebeyprocess of combining such
individual ratings for an alternative into an overall rafiis referred to asggregation

’Such an evaluation function is used to evaluate the biddiateg)y that considers more than one of the
good’s attributes in making its bidding choice. Thus, foample, all the benchmark strategies in section
5.5 exploit such a function.
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[Yager, 1994]. Letvp andwy be, respectively, the weight of price and the other atteibut
that the agent is concerned with anglbe the evaluation with respect to price amgd
the evaluation with respect to the other attribute. Intell, the role of the aggregation
operator is to balanag, andug and obtain an overall evaluatioR s somewhere between
the two values. There are three main aggregation operdiatrate commonly used and
each of them has different semantics (conforming to diffeuser objectives):

e Weighted average operator:

Using this operator means that even if one of the evaluatsorery low, the overall
output can still be reasonably high. For example, if the dsess not like the time
of the flight but it is very cheap, the overall evaluation calhlse high.

e Weighted Einstein operator [Luo et al., 2003c, Luo et alQ3{):

u,u
Upg = p
P I+ (1-up)(1—uy)

(5.23)

Whereu/p = (Uup—1)wp andu;q = (ug— 1)wg. The above equation satisfies the char-
acteristics of T-norms operators [Yager and Filev, 1994atTis, if one evaluation
is not satisfiedi(e., 4, = 0 or ug=0), the overall evaluation is 0. Intuitively, this
corresponds to the situation where both evaluations mustdrse or less satisfied.
For example, even if the flight ticket is free, the user carawoept it since travel-
ing after a specific date is totally uselessy, he has very import meeting at that
specific date).

e Weighted uninorm operator [Yager and Rybalov, 1996]:

Upq = (1= 1)t (5.24)
Pa (1—T)uply +T(1—Up)(1—ug)’ '

whereu, = nf;%m +1 andug = ng%m +1,T € (0,1) is the unit element

of this operator. The unit element can be regarded as a ticesk both the
evaluations are above the threshold, the overall evaluaienhanced; if both are
less than the threshold, the overall evaluation is weakbgeshch other; if there is
a conflict between the two evaluations, the overall evabumas a compromise. For
example, if the user likes the date and price, the overallatian is very high; if
the user hates the date and price, the overall evaluatiorers lewer; if the user
likes the date but hates the price, then some intermediaie isachosen.

Since these operators are all plausible means of aggrggatice and the other at-
tributes, and none is necessarily superior in all cases gwd to empirically evaluate the
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impact of these operators on the performance of the agehiswe do in section 5.5.2.

5.3.4 Goods Allocation

The agent needs to allocate the goods it owns and potentaihs to its various cus-
tomers in order to maximise the overall satisfaction degfideis good allocation takes
place each time the agent accesses the market and when tket imdormation has
been updated. The goods are allocated to the agent’s usensathp so as to max-
imise the sum of the users’ satisfaction. Here this allecaprocess is regarded as
an assignment problem which we solve using a shortest augmggmath algorithrf
[Jonker and Volgenant, 1987].

In more detail, suppod® is ad x d square’

S11 - Sud

Sd1 -+ Sdd

whered is the number of auctions, arg) is the satisfaction degree of the usejth
requirement for auctios;:1°

—evaluatéa;,gj) if i <nNgemand
sj=14 99 if owns or holds a good ia; andj > Ngemand
0 otherwise

where 99 is used to avoid the owned goods being allocatectduinmy nodes.
Given this input, suppose an allocati#rnis:

where each row and each column has only a singleel €ach auction is only allocated
to one user). Thus,

d
Xi=1
gl 1] 9

8There are many ways to solve linear assignmemp:(/citeseer.ist.psu.edu/burkard98linear.html). By
experience, however, we found this one is among the bestinfp@rtant observation is that choosing how
to assign goods to customers is an assignment problem arghsoecsolved efficiently (i©(n®) time)
[Jonker and Volgenant, 1987].

9Here a square is needed in order to use the algorithm. Thegjmesents the auction and the column
represents the goods the agent desires. To use the algosithme dummy nodes may need to be added to
make a square so that row number is equal to the column number.

1%0ur problem here is a maximisation problem, but in order t® e shortest augmenting path al-

gorithm, we need put a minus before the evaluation value.
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i=1

and the objective function to minimise is:

d

d
Z Zl SijXij),
]:

wherexj; =0 or 1.

Using this method, the agent can decide how to allocate tbdsyib owns and holds
to its users optimally given the ask price or the predictedepof the auctions. This
assignment method is also used to calculate the perfornaribe agents at the end of
the game. Compared with the allocators used in the TAC (@eéti2.4), this one is a
linear assignment problem where the allocating problenA@ & a NP problem. Thus,
the solution we used here is much faster than that in TAC.

5.4 Flight Auction Scenario

This section provides an intuitive scenafion which the operation of our algorithm
can be exemplified and its performance empirically assgsssdsection 5.5). Here we
consider how to model the user’s preferences as fuzzy setispethe environmental
setting for realising the scenario, and present the trgiresults for the FNN agent.

In more detail, there are a number of airlines selling fligtkets through auctions.
Each auction is selling one flight ticket. Each software aggeacting on behalf of one
user who has multiple requirements and they are informedeafiser’s preferences about
prices and travel daté$. The aim of the agent is to obtain the goods that maximise the
sum of its users’ satisfaction.

5.4.1 Users’ Preference Settings

We describe the valuation of a user for a ticket as a trapezoid shape fuzzy number
(Ibottom ltops Ftop: bottom)» Wherelpottom= 0 andliop = 0, androp andrpettomare the values
where the satisfaction starts to decrease and where it lEcOmin this case, the higher
the price of the good, the lower the satisfaction degree. nthe price increases to the
valuation of the agent, the satisfaction degree is 0. Theldateq is represented as a
triangular fuzzy numbé? (14, cq, rq), Wherecy is the preferred date arglandrq are the

1we choose (for reasons of familiarity) a flight auction sc@nahere an agent is trying to buy multiple
flight tickets on behalf of a user. This is a real problem thatoften meet in real life and it builds upon the
TAC scenario.

2For reasons of simplicity, we focus on the two attribute cadewever, the principle is similar with
more attributes.

BAny kind of fuzzy number can be used heesg, trapezoid or bell-shaped fuzzy number. We choose
a triangular fuzzy number simply because it is the most contynased.
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Figure 5.4: Customer’s preference about price.
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Figure 5.5: Customer’s preference about travel date.

left and right limits respectively! Using fuzzy numbers to express the preferences is
more flexible than the fixed preference value as used in TACt(@e4.1).

By way of illustration, suppose a customer’s valuation dliba ticket is about 300
pounds and she wants to travel on about the 15th of DecemibexseTpreferences are
expressed as fuzzy sets by the respective membershipdosgi andpg givenin (5.25)
and (5.26) and are shown graphically in Figures 5.4 and 5.5.

1 if x < 200,
up(x) = ¢ 399 if 200 < x < 300, (5.25)
0 if x > 300,

Y12 if12<y<1s
bo(y) = Y if15<y<18, (5.26)

0 ify<12ory>18

5.4.2 Experimental Settings

The experiments aim to cover a broad range of scenarios.h@lparameters about the
environment are assigned at the beginning of the game. Heseippose that all auctions
start at a price of 0 and all have a bid increment of 10 pounés:A

141f a user has a crisp preference, for example, he has to wavible 15th of Dec, the similarity degree
of 15th is 1 and O otherwise.
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e Aday in the game equafs= 20 seconds of real tim®.

e An auctioni’s starting timet™@" is randomly chosen from a uniformly distributed
range(0, (gi —5)¢). This ensures all the auctions start at least five days bdiere
travel date'®

e Auctioni’s end time is randomly chosen from a uniformly distributedge(t>'a" +
2¢,qi — 3C). This guarantees that the auctions close at least threebedye the
travel datet’

e Each agentis randomly assigned to a customer which heguirementsy € [1,5];

e All the agents start bidding at the beginning of the gdfhe.

e Auctioni’s flight dateq; is chosen randomly from a uniformly distributed range
(11,19).

e The valuation of the goods for a customer are randomly chtveema uniformly
distributed rangé170, 370).

e A customer’s preferred travel date is randomly chosen framiformly distributed
range(12,18).1°

5.4.3 The FNN Agent’s Learning Algorithm

As discussed in section 5.3.2, the agent engages in a pdérdidime learning in order to
provide initial parameters for the FNN agent. In more detgure 5.6 shows the curve
of the root mean square error with respect to the number inftigaepochg® After 200
training epochs, it can be seen that the error between tgettautput and the actual
output reaches its lowest point and so the parameter sgttiintis point are those used
when the agent is made operational. Specifically, Figurésald 5.8 show, respectively,
the comparison of the FNN parameters before and after tiginAs can be seen, the
parameters for each of the three inputs are adjusted fromrigmal settings defined by
the field experts.

5.4.4 Parameter Adaptation in Different Environments

This section compares the parameter adaptation in twoamwients where the supply
is high (25 auctions) and low (15 auctions). Specificallgufes 5.9 to 5.12 show how
the parameters are adjusted differently in different emumnents. In Figure 5.10, when
supply is high, the closing prices tend to be low and, thus,abnsequent parameters

15The length of one day can be shorter if it can be guarante¢alirthe agents have time to respond in
the market.

16We choose five to ensure the agent has a reasonable timegadtaine ticket before the travel date.

1’We choose three to ensure the start time of the auction isétfe end time and there is a reasonably
long time for the auction.

18This is because we want to evaluate all types of agents fdfrgome agents start bidding late, they
will be at a disadvantage compared with those that stary.earl

19This range is smaller than the range of the auctions’ fligkesibecause this preferred travel date is a
fuzzy number. Thus when defuzzified it will actually covee flall range of the flight's dates.

20The reference price and ask price are scaled by dividing lutidg learning. However, this does not
affect the result in any way. In the real world scenario, ttiegopcan be any number.
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Figure 5.7: Comparing antecedent membership functionsjMéfore (dashed line) and
after (solid line) off-line learning.
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Figure 5.8: Comparing consequent membership functiormédtiashed line) and after
(solid line) off-line learning.

are lower than the initial ones. In contrast, in Figure 54Ren supply is low, the
closing prices tend to be high, and the consequent parasratehigher than the initial
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parameters.
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Figure 5.9: Comparing antecedent membership functionsjMéfore (dashed line) and
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Figure 5.10: Comparing consequent membership functicimsdélashed line) and after
(solid line) off-line learning in high supply environment.

5.5 Empirical Evaluation

This section evaluates the FNN agent by comparing it in a&taaf environments, with
other agents that use bidding strategies proposed in #ratlire. In particular we are
interested in assessing the performance of each kind ot agdifferent environments.
There are three main groups of experiments and there are bemnwhsessions which
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Figure 5.11: Comparing antecedent membership functiorfssjNefore (dashed line)
and after (solid line) off-line learning in low supply envirment.
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Figure 5.12: Comparing consequent membership functicimsdélashed line) and after
(solid line) off-line learning in low supply environment.

correspond to experiments with different settings (as petien 5.4.2). For each session,
at least 200 gamésare played among the agents.

Since the number of agents in each experiment varies, tlierpemcepk of a par-
ticular typeK of agent €.g, FNN) is calculated as the average satisfaction degree per
agent of the kink, that is:

_ )

== (5.27)

2IA t-test showed that 200 games are sufficient to give a sigmifianking among the agents pAvalue
of p < 0.05 is reported for all the experiments.
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whereng is the number of typ& agents in the same gaméi,) means the evaluation of
customerj andm is the number of customers of agenSince most of the extant multi-
auction bidding strategies are concerned solely with pisee section 5.6), we had to
extend them to deal with bidding for goods that are chareseéroy multiple attributes.
Thus, in all cases, the agents used the aggregation opesaecified in section 5.3.3 in
order to make trade-offs between price and travel date. &bwi¢h multiple goods, the
allocation function can decide which user bids in which eurctThe specific benchmark
strategies we used are:

e Greedy(GRD) strategy (adapted from [Byde, 2001a]): while the sdrthe num-
ber of goods held and owned is less than what the agent neieldsy &uctions
where the auction’s current satisfaction has the highesluation (as defined in
section 5.3.3);

e Fixed Auction(FIX) strategy (adapted from [Byde et al., 2002]): selecthat be-
ginning of the game the auctions in which bids will be placad &en only bid
in these auctions. The auctions chosen here are those wigesar of the users’
satisfaction is highest for date (at this time none of thenelavalue for price).
The agent continues bidding in its selected auction ungilghce satisfaction de-
gree equals zero in which case it will switch to another amcfuntil all those in
the fixed set have been tried).

e Average(AVG) strategy: AVG also uses the ECF algorithm, but it useawch
simpler prediction function based on the past history tatisn prices to predict
the closing prices. In more detalil, it calculates the averelgsing prices of all
the auctions for each kind of good from the recent games. &gy the latesy
games, there amm auctions with attributé, then the predicted closing price of an

auction with attribute is: 0
|
S0 2P

- 9
close m

(i)

wherepj is the real closing price of auctignwith attributei.

5.5.1 Varying Agent Populations

This experiment aims to compare the performance of therdiftetypes of agents when
there are varying numbers of the other agent types in thelatipuoi (here the population
size is fixed). In this experiment, we studied three envirents. when supply is low
(15 auctions), medium (20 auctions) and high (25 auctio)en the weighted average
operator is used and the weight rations : wg =1 : 1, Figure 5.13 shows the results
when there are a fixed number of each type of agent in a sessicand when one type
dominates numerically (b) to (&.

22In (a), there are equal numbers of each agent and we have ¢ &irayents, thus there are 8 agents.
In (b) to (e), there are 4 of one kind of agent and 2 of otheretlirds. Thus, there are 10 agents in total.
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Figure 5.13: Performance of agent with various agent pojoumis.

The horizontal axis shows the total auction number in theketail he vertical axis
represents the performance of the kind of agents in thaiosesehe number on top of
each bar is the number of transactions made per agent byititavkagents in the

session. In (a) there are 8 agents in total and 10 for (b) to (e)

From this, it can be seen that the FNN agents perform better &G agents in
most cases considered. We attribute this success to thkiy &b be able to select the
auctions to bid in according to the relatively correct pegidn on the closing prices of
the auctions. The FNN agent is better than GRD agents in ragses@xcept in (e) where
there is a high supply and 40% AVG agents. This is becausadicéise there are many
agents that use the ECF strategy. Thus, it is likely to be #se that a number of FNN
agents and AVG agents are waiting for specific auctions tabaisome of them failed
to obtain the goods. The GRD agent endeavours to make a ¢tteomsevhenever it can.
Its main shortcoming is that it only considers ongoing audi(it ignores those that have
not yet started and so fails to consider the full set of padépurchasing opportunities
when making bidding decisions). Thus, it sometimes buysaal @b the user’s valuation
price, when, if it waited, it may well find subsequent aucsiovith lower closing prices.
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The FIX agent performs worst because it only bids in auctighere it knows, a priori,
that it can get high satisfaction on the flight date. This $g@ach poor overall performance
because it misses auctions that have a high evaluation oa lput a lower one on date.
As is shown in the figure, FIX agents also have the smallessaetion numbers, because
they only bid in small number of auctions. This shows the ath@e of our heuristic of
wanting to bid in more than just themost promising ones.

It can also be seen from all the subfigures in Figure 5.13 thatwthe supply is high,
all the agents have a higher performance value than whea iherlow supply. This is
because, in general, the auctions close at a lower price thieesupply is high (because
there is less competition). In Figure 5.13(b), GRD agentwridate the market. This is
because these agents are greedy which means they often ineakartsaction price of
some auctions very high because they will top up the ask pri@never it is lower than
their reserve prices. It can be seen from the relative padoce in Figure 5.13(b) that
GRD agents do indeed have the lowest performance valuesicdise. When FIX agents
dominate the market (see Figure 5.13(d)), all the othertadeave a higher performance
value compared to other cases in Figure 5.13. This is bethe$dX agents only bid in a
small number of auctions. Thus other auctions have less ettigm and, consequently,
lower prices.

From Figure 5.13, we can also see the number of transactiads twy each kind of
agent. Generally, the greater the number of agents, therlérg number of transactions
made €.g, more GRD in (b), more FNN in (c), more FIX in (d), and more AViG(e)).
When the agent numbers are the same and when the performfamee kind of agent
is better than the others, but the number of transactionmaler, this means the agent
made some good deals.§, it had some transactions at low prices). For example, in (a)
when there are only 15 auctions, the FNN agent had the higleekirmance, but the
average number of transaction is onl® 8vhich is smaller than the corresponding value
for the GRD agents (2).

5.5.2 Varying Aggregation Operators

This experiment studies the impact on the different typemsgeints of the different ways
of trading-off the price and travel date (see Figure 5.149. do this, the number of
auctions is generated randomly in the rangél&f 25| and the number of agents is set
to 8. We also fix the weight ofvp : wg = 1 : 1 for each operator (see section 5.5.3 for
experiments with differently weighted attributes). Thiee, the numbers of each agent
type in a given game are randomly generated.
As can be seen, the FNN agents behave the best and AVG agéatselsecond in

all cases above. In fact, the order of performance of the kouds of agent does not
change for different aggregators. This shows that our FN&hagerforms best whatever
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Figure 5.14: Performance of various agents using diffesiggtegation operators.

aggregation operator is used. Again, we attribute thisesgof FNN agents to the ef-
ficiency of the ECF algorithm and its ability to predict thecaan closing price and
the parameter adaptation through learning. It is also shitvahthe performance of
agents using the Einstein operator is, relatively speakovger than that of using aver-
age and uninorm operators. This is because the Einsteiatoperses T-norm operators
[Yager and Filev, 1994] which means the overall evaluatsdess than the value of each
of the constituent attributes.

5.5.3 Varying Preference Weights

This experiment evaluates the performance of the diffeaganhts when they use varying
weights for the different attributes of the goods. This israportant issue to consider be-
cause, again, various weightings may lead to a differerkimgrof the strategies. Thus,
for each operator, we conducted experiments to test thedngdahe weights on the

performance of various strategies. In this case, the nuofleaurctions is generated ran-
domly from[15,25] and Figure 5.15 shows the performance of the agents withhtke t

representative weights we consider. As can be seen, theafrdach kind of agent does
not change for the different weight ratios. Again, in alleasFNN agents perform the
best followed by AVG agents. This superior performance arague to the efficiency

of ECF algorithm.

However, in Figures 5.15(a) and (b), we see that the GRD agdst perform well
whenwp : wq = 1:3. This is because such agents always choose the curtessty
candidate and the one with a high satisfaction on “date” isalg chosen. Note that
GRD agents accept any price within their budget line, thesstisfaction degree on
price is not always high. Thus, when “date” is valued moreP&gents tend to perform
well. However, this advantage disappears when price isedataore. This feature is
less apparent when we use the uninorm operator (see Figlbé&), since even when
the satisfaction for one attribute is high, the overall easibn is not always high. For
FNN and AVG agents, when the attribute of “price” is valuedrejahe agents perform
better and have a larger number of transactions. Againstiug/s that the ECF algorithm
enables the agents to make more transactions. The FIX agentperform better when
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“price” is valued more, because the behaviour of the FNN aW& Agents make the
transaction price low in this situation.

5.5.4 Varying Attitude to Risk

This experiment aims to study the influence of the risk atgéton the performance of
the FNN agent given the same aggregation operators (bet@uge same operators,
different thresholds for the risk attitudes may lead toat#ht performance characteristics
for the agents). In particular, we aim to find the best configan of risk attitude for
an agent to adopt. Thus, for each kind of aggregation opefhi@e risk attitudes are
compared: risk-seeking, risk-neutral and risk-aversa. ékample, when the weighted
average operator is used, the threshaléh(Figure 5.1) is QL for a risk-seeking agent,
0.2 for a risk-neutral agent and®for a risk-averse agent.

From Figure 5.16, we can see that in general terms the higbesupply there is, the
better the agent performs (as was shown in the experimemicitios 5.5.1). However,
the general trend is that risk-seeking agents performibetien supply is high and risk-
averse agents behave better when supply is low. This is beaahen supply is high,
there is little competition among the agents and a riskisgetgent which has a big
threshold can almost always win in the auction it selectsis,Tin turn, leads to high
profit per transaction. In contrast, when supply is low, tlaeng is very competitive
and a risk-averse agent with a small threshold can win a gdwhever it is within the
threshold. However it cannot make much profit per transactio
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Figure 5.16: Performance of FNN agents with different rigkuades.

5.6 Related Work

There are several strands of work that are directly relatedhat we have described
in this chapter. There is work on agents bidding in multiptertapping auctions (which

has already been discussed in Section 4.4) and work on usimyg fechniques to manage
agent interactions (which has also been discussed préyi@usection 3.5). The related

work which has not yet been considered is that on multifatte auctions [Che, 1993,
Bichler et al., 1999, Jennings et al., 2000a, David et aD22(Section 2.3.3). However,

in these works, the buyer is the auctioneer who calls for Bldag multiple attributes

from sellers, while in our work the sellers are the auctioae€here are multiple auctions
in our context where they have one auction. Our agent bidsioa pnly although it needs

to consider multiple attributes while the agents in theseka/meeds bid on multiple

attributes.

5.7 Summary

This chapter developed a new algorithm that guides an ageididing behaviour in mul-
tiple overlapping English auctions for multiple items cheterised by multiple attributes.
The Earliest Closest First algorithm we developed firstidates the auctions that best
fit the users’ preferences and then bids in order of incrgasid time in any auctions
that have a satisfaction degree that is reasonably clo$etoest ones. Specifically, the
FNN strategy uses neuro-fuzzy techniques to predict thea®d closing prices of the
English auctions and to determine which auction the agemtldhbid in at what time.
The use of a fuzzy neural network also allows the decisioninggdriteria of our agent to
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be adapted to the situation in which it finds itself. The adapnh is based on the learning
of the neural network where the parameters in the fuzzy set€ansequent output can
be adjusted. Moreover, we benchmarked our algorithm ag@wscommon alternatives
available in the literature and the strategy which also &@s but with a different pre-
diction function. In most cases we considered, the FNNejsats superior to the others.
This shows the effectiveness of the ECF and the adaptatiityadf the FNN agent.
Our algorithm can also make trade-offs in its bidding bebaribetween the different
attributes that characterise the desired good in order tomige the user’s satisfaction.

130



Chapter 6
Conclusions

With the increasing automation of e-commerce, we belieee gkeater amounts of trad-
ing will be conducted in on-line auctions by software agehi@wever, to make progress
in this area one of the key problems that needs to be addréssbkdt of developing
effective and efficient bidding strategies that agents &anta achieve their negotiation
objectives. This is exactly the aim of this work and, to tmslgwe have developed such
strategies for continuous double auctions (Chapter 3)nidtiple inter-related auctions
with multiple protocols (Chapter 4), and for a general npdtiEnglish auction market
(Chapter 5). In all cases, these strategies have been bariaunagainst the leading
other strategies that have been proposed in the literahdeoar strategies have been
shown to be effective in a wide variety of circumstances.

In more detail, we first developed a strategy that guides antagouying and selling
behaviour in a continuous double auction. Our strategyFihstrategy, uses heuristic
fuzzy rules and a fuzzy reasoning mechanism to decide whatdri asks to place. We
then enhanced the basic strategy so that it can adapt itsibah#o the supply (demand)
in the market (this revised strategy is called the adaptivstFategy). Our strategies
were then shown to outperform the main strategies that hesxaqusly been proposed
for CDAs. This result is especially promising since the Wbenark strategies we eval-
uate against have been shown to outperform human biddersperimental settings
[Das et al., 2001].

Based on the success of our work in CDAs, we then used fuzzg teghniques in
the multiple auctions context. In particular, we developeiading agent, Southamp-
tonTAC, that participated in the International Trading Ag€ompetition in 2001 and
2002. This agent uses several of the techniques devisee IGEA work and can ad-
apt its bidding behaviour according to its assessment @asin in which it finds itself.
SouthamptonTAC has been shown to be successful across aawige of TAC envir-
onments in both competitions, as well as in our controllgoeexnents. In more detail,
SouthamptonTAC does best, obtains the highest score, ipe&titme gamesi(e., where
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the number of risk seeking agents is large). It also perfonak in non-competitive
environments because it can adapt its strategy to bid aggedsfor the goods it wants.

To build a more general multiple auction model and improweepheference repres-
entation of the customer, we focused on the problem of antdojeding across multiple,
simultaneous English auctions. For this case, an EarlikxteSt First algorithm was
proposed that bids in the auctions which have a close sdimfedegree with what are
believed to be the optimal set. To realise this algorithmgdesigned an agent that uses
neuro-fuzzy techniques to predict the expected closingeprof the auctions. The para-
meters involved in the strategy can be adapted accordingmnaard learning algorithms
in neural networks. Thus, our agent is able to adapt its hgidirategy to reflect the type
of environment in which it is situated. As before, we comparar agent with a range of
other strategies from the literature (in a flight auctiomsc®). The result shows that, in
most cases, the FNN agents outperform other strategies.

Looking back at the research aims outlined in Section 1€2rékearch objectives that
were laid out have been met:

e We successfully used fuzzy reasoning methods (Sectiong dri2l 5.3.1) to pre-
dict the auctions’ likely closing prices in a dynamic mark&éhe effectiveness of
both agents show that the prediction is sufficiently aceutatmake reasonable
decisions.

e All the agents’ strategies were adaptive to some degree Cli#e agent (Section
3.4) adapts its bidding behaviour according to the tramsabétequency, Southamp-
tonTAC (Section 4.2.8) adapts its behaviour between thiféerent kinds of TAC
environments, and the FNN agent (Section 5.3.2), whichb#ehihe greatest de-
gree of adaptivity, can vary the parameters involved in ttidihg strategy to reflect
the environment in which it is situated.

e The agents bid flexibly and relax their constraints wherer@mpmate. Both the
CDA agent and SouthamptonTAC realised this in the biddin@ ioontinuous
double auction (Sections 3.2.2 and 4.2.6). Flexible bigavas shown in the earli-
est closest first strategy of the FNN Agent (Section 5.2) leyfélet that it chooses
the closest auctions to the optimal set to bid in.

e The attitudes towards risk are varied in all the agents (@e£8.3.2, 4.2.8 and 5.2)
and we found it had a significant beneficial impact on theifgrarance.

e Both SouthamptonTAC (Section 4.2.5) and the FNN agent {@e&.3.3) were
able to make trade-offs when bidding in auctions.

In addition to developing the strategies themselves, we la¢dieve that our work
is significant both for the areas of agent-mediated e-coroenand fuzzy logic. In the
former case, we developed novel bidding strategies for abeuraf auction contexts.
In the latter case, we showed how fuzzy logic can be emplogezhent-mediated e-
commerce settings. Specifically, fuzzy logic theory an@juzeuro-network techniques
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are shown to be suitable ways to design a strategy for a lgdajyent. Thus we suc-
cessfully used fuzzy reasoning to predict the likely clggmice of an auction; adaptive
bidding behaviour is achieved through neuro-fuzzy techesywhere the parameters in
the membership function of the fuzzy sets are adapted threagr propagation; and
flexible bidding enables the agent to relax constraints wiidding in order to make
more transactions.

When taken together, these contributions make an impostapttowards realising
the full potential of agent mediated e-commerce. Spedicale have extended the
state-of-the-art in strategies for continuous doubleianst developed robust bidding
strategies for the trading agent competition, and develapel implemented, for the first
time, algorithms that can purchase multiple goods from iplelEnglish auctions.

Undertaking this work, we identified a number of commonaditbetween the meth-
ods of approach in the various contexts. These steps, edtbelow, can be viewed as
an embryonic version of a methodology for building tradiggats using soft computing
techniques.

1. Determine what to reason about in the auction settifige chosen issues are usu-
ally the key determinant of what to bid in the auction. Forrapée, it is the pre-
dicted closing price in the TAC (Chapter 4) and the bid pricéhie CDA (Chapter
3). These issues vary in different auctions and they are&jlyidifficult to predict
because of the uncertainty of the game.

2. Choose the factors that should be used in the fuzzy rufethere is no history
data available, these factors need to be chosen by the erperand intuition of
the designers. If there is history data, the most relevartbfa can be chosen by
analysing the data set.

3. Structure the fuzzy rulesThis is the key part of the fuzzy reasoning. There are two
ways to sort out the rules. First, if there is a lot of histoagad unsupervised learn-
ing can be used to abstract of the rules automatically [L994]. The second way
is to design the rules according to the relationship of tlo#éofs to the reasoning
value. This, again, requires the designer to have rich éxpez and intuition in the
environment. In some cases, if the problem is too complitatere than one rule
base can be used to deal with different situations (see #my fiules in Chapter
4). In either case, however, the designer needs to decidehwelntroller to use.
In many cases, Sugeno and Mamdani [Mamdani, 1974] are cotgrsed: if the
output of each rule clearly corresponds to some constdr@sugeno controller is
used; otherwise if the output is described as fuzzy setdvilmadani controller is
more appropriate.

4. Decide how to adapt the parameters in the fuzzy ruldse initial parameters in
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the fuzzy rules are usually set by the domain experts. In #se evhere neuro-
fuzzy techniques are used, the adaptation can easily bevachthrough super-
vised learning [Rumelhart et al., 1986]. However, for thezfureasoning itself,

the adaptation is more complicated because it often ingdlve adaptation of the
parameters in the output of the fuzzy rules. These parameter be adapted ac-
cording to the risk attitudes of the agent, whether the angs competitive or not,

or whether it is urgent to obtain the goods.

Despite these achievements, more work is needed. In partithere are six prom-
ising directions for further research based on this thesis:

¢ In both the CDA and TAC, we used the Sugeno controller, butay toe the case
that other fuzzy logic controllers, such as the conventidi@mdani controller
[Mamdani, 1974, Zimmermann, 1996], could also be used. & challenge
since we need to determine if our fuzzy reasoning methodsuatrgble for control-
lers besides the Sugeno and it may be the case that anotkeftgpntroller could
improve the performance of our algorithms still further.

e In TAC, the pattern recognition procedure used to classiéydegree of compet-
itiveness of the environment could be enhanced by incotimgranto the decision
process further variables that are indicative of the trgq@wolution. Relevant ex-
amples include the prices of the hotel auctions in TAC the odtchange of the
increase of the prices and the bidding behaviour of othentag&\Ve believe that
by incorporating such additional factors we may be able t@ligp a more robust
knowledge base because this will lead to a more accuratsifatasion result.

e For the FNN agent, we only consider the case where the mailgjpbds are in-
dependent. However, it is increasingly the case that pasjplléuy multiple in-
terdependent goods (as per the TAC). To deal with this casefutzzy rule base
will need to be expanded to deal with the relation amonglaiteis. Moreover,
other related factors which are significant to the aucti@siolg prices need to be
considered because there are constraints among the goods.

e The FNN structure of the FNN agerg.Q, the size of the linguistic terms and
the fuzzy rules) is currently designed by domain expert®allg, however, this
structure should be obtained by self-organised learning, 1994]. This is an
important extension because it means that our method cootd sasily be used
because it would be free from human involvement.

e The basic ideas of the ECF algorithm can be extended to otlwtioa protocols
(e.g, Continuous Double Auctions or Dutch auctions). To achibig the optimal
asks and bids can be calculated first and then, according twutinent ask or bids,
the agent can decide whether to accept the ask/bid or subjurrdied ask/bid.

e Based on our work on multiple auctions, it is a challenge wher generalise
the neuro-fuzzy based prediction method so that it can bé usether auction
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types (including Vickrey, Dutch and First-Price Sealed Bidttions). In this case,
the decision problem is more complicated since each auptioiocol has its own
price updates rules and it will involve more fuzzy sets arekfurules.

135



Bibliography

[Adams et al., 1996] Adams, G., Rausser, G., and Simon, 19§)L9Modelling multi-
lateral negotiations: an application to california wateligy. Journal of Economic
behavior and organizatigr80(1):97-111.

[Andersson and Sandholm, 1998] Andersson, M. and Sandhblr(998). Leveled
commitment contracting among myopic individually ratibagents. InProceedings
of the Third International Conference on Multi-Agent Systegpages 26—33.

[Anthony and Jennings, 2002] Anthony, P. and Jennings, N2B802). Evolving bid-
ding strategies for multiple auctions. In van HarmelengHitor, Proceedings of the
15th European conference on Atrtificial Intelligenpages 178-182, Amsterdam. I0S
Press.

[Anthony and Jennings, 2003] Anthony, P. and Jennings, N2B03). Developing a
bidding agent for multiple heterogeneous auctioA€M Trans. on Internet Techno-
logy, 3(3):185-217.

[Badea, 2000] Badea, L. (2000). Learning trading rules wittuctive logic program-
ming. In de Mantaras, R. and Plaza, E., editddsichine Learning: ECML 2000
volume 1810 oL ecture notes in artificial intelligen¢cg@ages 39-46.

[Bandemer and Gottwald, 1995] Bandemer, H. and Gottwald1995). Fuzzy Sets,
Fuzzy Logic, Fuzzy Methods with Applicatioi¥iley.

[Bapna et al., 2001] Bapna, R., Goes, P., and Gupta, A. (2004ights and analyses of
online auctionsCommunications of the ACM4(11):42-50.

[Barnes-Vieyra and Claycomb, 2001] Barnes-Vieyra, P. arddyc€omb, C. (2001).
Business-to-business e-commerce: models and managedaiahs. Business ho-
rizons pages 13-20.

[Beam and Segev, 1996] Beam, C. and Segev, A. (1996). Autmhaggotiation: A
survey of the state of the art. CITM working Paper 96-WP-1022

[Bichler, 2000] Bichler, M. (2000). An experimental analyef multi-attribute auctions.
Decision Support Systen9:249-268.

[Bichler and Kaukal, 1999] Bichler, M. and Kaukal, M. (199®esign and implement-
ation of a brokerage service for electronic procurement?risceedings of the Tenth
International Workshop on Database and Expert Systemsidgtiging pages 618—
622.

136



[Bichler et al., 1999] Bichler, M., Kaukal, M., and Segev, @.999). Multi-attribute
auctions for electronic procurement. Pnoceedings of the first IBM IAC workshop on
Internet based negotiation technologi&srktown Heights, NY.

[Bichler and Segev, 1999] Bichler, M. and Segev, A. (1999hréakerage framework for
Internet commerceDistributed and Parallel Database3:133—-148.

[Billsus and Pazzani, 1998] Billsus, D. and Pazzani, M. @99 earning collaborative
information filters. InProceedings of the fifteenth international conference oohime
learning pages 46-54.

[Binmore, 1992] Binmore, K. (1992)Fun and games: a text on game theokyexing-
ton: D.C. Heath.

[Bonissone and Decker, 1986] Bonissone, P. and Decker, 3886)l Selecting uncer-
tainty calculi and granularity: An experiment in tradinfjqorecision and complexity.
In Kanal, L. N. and Lemmer, J. F., editotdncertainty in Artificial Intelligencgpages
217-247. Elsevier Science Publishers B.V.

[Brenner et al., 1998] Brenner, W., Zarnekow, R., and Wittirl. (1998). Intelligent
Software AgentsSpringer.

[Brewer, 1999] Brewer, P. (1999). Decentralized compatafirocurement and compu-
tational robustness in a smart markEétonomic theory13:41-92.

[Byde, 2001a] Byde, A. (2001a). A comparison among biddilgg@athms for multiple
auctions. Technical report, HP Research Labs.

[Byde, 2001b] Byde, A. (2001b). An optimal dynamic programgimodel for al-
gorithm design in simultaneous auctions. Technical Repét-2001-67, Hewlett
Packard Research Labs, Bristol, UK.

[Byde et al., 2002] Byde, A., Preist, C., and Jennings, N2R0@). Decision procedures
for multiple auctions. InProceedings of the first International Joint Conference on
Autonomous Agents and Multi-Agent Systgmages 613—620.

[Caplice, 1996] Caplice, C. (1996)An optimization based bidding process: a new
framework for shipper-carrier relationship®hD thesis, School of engineering, MIT.

[Cason and Friedman, 1991] Cason, T. and Friedman, D. (1991gmpirical analysis
of price formation in double auction markets. In Friedmanabd Rust, J., editors,
The Double Auction Market: Institutions, Theories, anddevice pages 253—-283.
Addison-Wesley.

[Chaib-draa, 1995] Chaib-draa, B. (1995). Industrial aggtions of distributed artificial
intelligence.Communications of the ACN38(11):47-53.

[Che, 1993] Che, Y.-K. (1993). Design competition throughltdimensional auctions.
RAND Journal of Economi¢c24(4):668—680.

[Cliff, 2001] CIiff, D. (2001). Evolutionary optimizatiorof parameter sets for adapt-
ive software-agent traders in continuous double auctiorketsa. Technical report,
Hewlett Packard Research Labs, Bristol, England.

137



[Collins et al., 1998] Collins, J., Youngdahl, B., Jamis@, et al. (1998). A market
architecture for multi-agent contracting. In Sycara, Kd &dooldridge, M., editors,
Proceedings of the Second International Conference onnaummous Agenigages
285-292.

[Dang and Jennings, 2002] Dang, V. and Jennings, N. R. (2G@#ynomial algorithms
for clearing multi-unit single item and multi-unit combboaial reverse auctions. In
van Harmelen, F., editoRroceedings of the 15th European conference on Atrtificial
Intelligence pages 23-27, Amsterdam. 10S Press.

[Das et al., 2001] Das, R., Hanson, J., Kephart, J., and Tes@u(2001). Agent-human
interactions in the continuous double auction. In NebelgBitor,Proceedings of the
Seventeenth International Joint Conference on Artifiaiétlligence volume 2, pages
1169-1176, Washington.

[Dastani et al., 2001] Dastani, M., Jacobs, N., et al. (20049deling user preferences
and mediating agents in electronic commerce. In Dignumné&.Sierra, C., editors,
Agent Mediated Electronic Commeyoslume 1991 ofLecture Notes in Computer
Sciencepages 163—-193. Springer.

[David et al., 2002] David, E., Azoulay-Schwartz, R., analfs, S. (2002). An english
auction protocol for multi-attributes items. In Shehory, and Walsh, W., editors,
Agent Mediated Electronic Commerceolume 2531 ofLecture Notes in Atrtificial
Intelligence pages 52—68. Springer.

[Dou and Chou, 2002] Dou, W. and Chou, D. (2002). A structarellysis of business-
to-business digital marketsndustrial marketing managemer®l1(2):165-176.

[Dubois and Prade, 1978] Dubois, D. and Prade, H. (1978).répas on fuzzy num-
bers.Int. J. Systems S®:613-626.

[Easley and Ledyard, 1993] Easley, D. and Ledyard, J. (19B3ories of price forma-
tion and exchange in double oral auctions. In Friedman, D.Runst, J., editorsThe
Double Auction Market: Institutions, Theories, and Evidempages 63-97. Addison-
Wesley.

[Easwaran and Pitt, 2000] Easwaran, A. and Pitt, J. (2000)adent service brokering
algorithm for winner determination in combinatorial aocts. In Horn, W., editor,
Proceedings of the Fourteenth European Conference of édiifintelligence pages
286-290.

[Faratin, 2000] Faratin, P. (2000Automated Service Negotiation Between Autonomous
Computational AgentsPhD thesis, University of London, Queen Mary College.
[Faratin et al., 1998] Faratin, P., Sierra, C., and JennihgsR. (1998). Negotiation
decision functions for autonomous agentkternational Journal of Robotics and

Autonomous Systerd4(3-4):159-182.

138



[Faratin et al., 2002] Faratin, P., Sierra, C., and JennihgsR. (2002). Using sim-
ilarity criteria to make trade-offs in automated negotiasi. Artificial Intelligence
142(2):205-237.

[Fisher and Ury, 1981] Fisher, R. and Ury, W. (1980etting to Yes: Negotiating an
agreement without giving irRandom House.

[Fletcher and Reeves, 1964] Fletcher, R. and Reeves, C4)186nction minimization
by conjugate gradient§.he Computer JournaV.

[Foss, 1998] Foss, J. (1998). Brokering the info-undersioBritish Telecommunica-
tions Engineeringl7(2):202—-206.

[Fox et al., 2000] Fox, M., Barbuceanu, M., and Teigen, RO®0 Agent-oriented
supply-chain management.The International journal of flexible manufacturing
12:165-188.

[Fraichard and Garnier, 2001] Fraichard, T. and Garnie(2801). Fuzzy control to
drive car-like vehiclesRobotics and Autonomous SysteB+1):1-22.

[Friedman, 1993] Friedman, D. (1993). The double auctiomketainstitution: A sur-
vey. In Friedman, D. and Rust, J., editoféie Double Auction Market: Institutions,
Theories, and Evidencpages 3—-25. Addison-Wesley, Reading, MA, USA.

[Friedman and Rust, 1992] Friedman, D. and Rust, J. (19823.Double Auction Mar-
ket: Institutions, Theories and Evidena&ddison-Wesley.

[Fritschi and Dorer, 2002] Fritschi, C. and Dorer, K. (200Agent-oriented software
engineering for successful TAC participationHroc. 1st Int. Joint Conf. on Autonom-
ous Agents and Multi-agent Systemages 45-46, Bologna.

[Fujishima et al., 1999] Fujishima, Y., Leyton-Brown, KndaShoham, Y. (1999). Tam-
ing the computational complexity of combinatorial auco®ptimal and approxim-
ate approaches. IRroceedings of the Sixteenth International Joint Confegean
Artificial Intelligence pages 548-553.

[Gallego et al., 1998] Gallego, I., Delgado, J., and Acebdo1i1998). Distributed mod-
els for brokerage on electronic commerce. In Lamersdorfaid Merz, M., edit-
ors, TREC’98 volume 1402 oflecture notes in computer sciengeages 129-140.
Springer-Verlag.

[Gamvroulas et al., 2000] Gamvroulas, S., Polemi, D., andghostou, M. (2000). A
secure brokerage network for retail banking servic€siture generation computer
systemsl16:423—-430.

[Garfinkel et al., 2001] Garfinkel, S., Spafford, G., and Rlis®. (2001).Web security,
privacy and commerceD’Reilly.

[Giménez-Funes et al., 1998] Giménez-Funes, E., God®ddriguez-Aguilar, J., et al.
(1998). Designing bidding strategies for trading agent@atronic auctions. IRro-
ceedings of the Third International Conference on MulteAgSystemsages 136—
143.

139



[Gjerstad and Dickhaut, 1998] Gjerstad, S. and Dickhaytl 298). Price formation in
double auctionGames and Economic Behavj@2:1-29.

[Gleizes et al., 1999] Gleizes, M. et al. (1999). Self-oigahon and learning in multi-
agent based brokerage services. In et al., H. Z., edittg]ligence in Services &
Networks volume 1597 of_ecture Notes in Computer Scienpages 41-54.

[Gmytrasiewicz and Durfee, 1995] Gmytrasiewicz, P. andf@irE. (1995). A rigor-
ous, operational formalization of recursive modeling. Aroceedings of the First
International Conference on Multi-Agent Systepeges 125-132.

[Gode and Sunder, 1993a] Gode, D. and Sunder, S. (1993ahcatile efficiency of
markets with zero-intelligence traders: Market as a plastdstitute for individual
rationality. Journal of Political Economy101(1):119-137.

[Gode and Sunder, 1993b] Gode, D. and Sunder, S. (1993b).elbaunds for effi-
ciency of surplus extraction in double auctions. In Friednia. and Rust, J., editors,
The Double Auction Market: Institutions, Theories, anddevice pages 199-219.
Addison-Wesley.

[Goldman et al., 1995] Goldman, S., Nagel, R., and Preis¢1895). Agile competit-
ors and virtual organizations: strategies for enrichingetbustomer Van Nostrand
Reinhold, New York.

[Greenwald, 2002] Greenwald, A. (2002). The 2002 tradirgndgompetition: an over-
view of agent designs. Technical report, Brown University.

[Greenwald and Boyan, 2001] Greenwald, A. and Boyan, J.Jpidding algorithms
for simultaneous auctions: a case studyPceedings of the third ACM conference
on Electronic Commer¢@ages 115-124.

[Guttman and Maes, 1998] Guttman, R. and Maes, P. (1998)ntAmediated integrat-
ive negotiation for retail electronic commerce. In NorieBaand Sierra, C., editors,
Agent Mediated Electronic Commera®lume 1571 ot ecture Notes in Atrtificial In-
telligence pages 70-90.

[Guttman et al., 1998] Guttman, R., Moukas, A., and Maes] $98). Agent-mediated
electronic commerce: A surveyhe Knowledge Engineering Reviel3(2):147-1509.

[Ha and Park, 2001] Ha, S. and Park, S. (2001). Matching Isugad suppliers: an
intelligent dynamic-exchange modéhtelligent e-businespages 28-40.

[Hake, 1999] Hake, R., editor (199%-commerce, A World of Opportunityhe British
Computer Society, Swindon, Wiltshire, UK.

[He and Jennings, 2002] He, M. and Jennings, N. R. (2002)thaouytonTAC: design-
ing a successful trading agent. In van Harmelen, F., edtmgeedings of the 15th
European conference on Artificial Intelligengeges 8-12, Amsterdam. 10S Press.

[He and Jennings, 2003] He, M. and Jennings, N. R. (2003). thaoyptonTAC: an
adaptive autonomous trading agentACM Transactions on Internet Technology
3(3):218-235.

140



[He and Jennings, 2004] He, M. and Jennings, N. R. (2004).igDeg a successful
trading agent: A fuzzy set approadEEE Transactions on Fuzzy System3(3).

[He et al., 2004] He, M., Jennings, N. R., and A.Prugel-B#n(2004). A neuro-fuzzy
bidding strategy for buying multiple goods in multiple eisglauctionsIEEE Trans-
actions on Fuzzy Systenmibmitted.

[He et al., 2003] He, M., Jennings, N. R., and Leung, H. F. 80®@n agent-mediated
electronic commerce. IEEE Transactions on Knowledge and Data Engineering
15(4):985-1003.

[Huhns et al., 2002] Huhns, M., Stephens, L., and Ivezic2R0@). Automating supply-
chain management. IRroceedings of the first International Joint Conference on
Autonomous Agents and Multi-Agent Systgmages 1017-1024, Italy.

[Jang, 1993] Jang, J. (1993). ANFIS: adaptive-networleddszzy inference systems.
IEEE Transactions on System, Man and Cybernegfi8¢3):665—-685.

[Jennings, 2000] Jennings, N. R. (2000). On agent-bastda@f engineerindArtificial
Intelligence 117(2):277-296.

[Jennings, 2001] Jennings, N. R. (2001). An agent-basebapb for building complex
software systemsCommunications of ACM4(4):35-41.

[Jennings et al., 2001] Jennings, N. R., Faratin, P., Lomuygc, et al. (2001). Auto-
mated negotiation: Prospects, methods and challengesl. of Group Decision and
Negotiation 10(2):199-215.

[Jennings et al., 2000a] Jennings, N. R., Norman, T., Haraf., et al. (2000a).
Autonomous agents for business process managempplied Artificial Intelligence
14(2):145-189.

[Jennings et al., 2000b] Jennings, N. R., Woghiren, K., andbdn, S.
(2000Db). Interacting agents — the way forward for agentiated elec-
tronic commerce. Technical report. Lost Wax white paperailable at
http://www.lostwax.com/lostwax1/opinions/opinionstinl.

[Jennings and Wooldridge, 1998] Jennings, N. R. and Woadgi M. (1998). Applying
agent technology. In Jennings, N. R. and Wooldridge, MtoesliAgent Technology:
Foundations, Applications, and MarketSpringer-Verlag, Berlin, Germany.

[Johansson et al., 1990] Johansson, E., Dowla, F., and Gamdb. (1990). Back-
propagation learning for multi-layer feed forward neuradtworks using the conjug-
ate gradient methad_awrence Livermore National Laboratory, CA.

[Jonker and Volgenant, 1987] Jonker, R. and Volgenant, 887). A shortest augment-
ing path algorithm for dense and sparse linear assignmemigms. Computing
38:325-340.

[Jung and Jo, 2000] Jung, J. and Jo, G. (2000). Brokerageebatluyer and seller
agents using constraint satisfaction problem modeBecision Support Systems
28:293-304.

141



[Kagel and Vogt, 1991] Kagel, J. and Vogt, W. (1991). Buyeiddouble auctions: Pre-
liminary experimental results. In Friedman, D. and Rustgditors,The Double Auc-
tion Market: Institutions, Theories, and Evidenpages 285-305. Addison-Wesley.

[Kalakota and Whinston, 1996] Kalakota, R. and Whinston,edlitors (1996).Fronti-
ers of Electronic Commergcehapter 16, pages 595-628. Addison-Wesley.

[Karp, 1972] Karp, R. (1972). Reducibility among combir&ébproblems. In Miller,
R. and Thatcher, J., editor€omplexity of Computer Computatignsages 85-103.
MIT Press, Cambridge.

[Kephart, 2002] Kephart, J. (2002). Software agents anddbée to the information
economy.Proceedings of the National Academy of Scien88s7207-7213.

[Keskinocak et al., 2001] Keskinocak, P., Goodwin, R., e(2001). Decision support
for managing an electronic supply chatlectronic Commerce Researd(1-2):15—
31.

[Khosla and Kitjongthawonkul, 2001] Khosla, R. and Kitjahgwonkul, S. (2001). A
human-centered agent-based architecture for electrankelkage. Soft computing
6:405-411.

[Kowalczyk, 2000] Kowalczyk, R. (2000). On negotiation asdliatributed fuzzy con-
straint satisfaction problem. IRroceedings of DEXA e-Negotiation Workshpages
631-637.

[Kowalczyk and Bui, 2000] Kowalczyk, R. and Bui, V. (2000).n@uzzy e-negotiation
agents: Autonomous negotiation with incomplete and impeeimformation. InPro-
ceedings of DEXA e-Negotiation Workshop

[Kraus, 2001] Kraus, S. (2001ytrategic negotiation in multi-agent environmeT
Press, Cambridge, USA.

[Kreps, 1990] Kreps, D. (1990)Game Theory and Economic Modelin@xford Uni-
versity Press.

[Krulwich, 1996] Krulwich, B. (1996). The bargainfinder agecomparison price shop-
ping on the Internet. In Williams, J., editddpts, and other Internet Beastjgzages
257-263. Macmillan Computer Publishing.

[Kumar, 2001] Kumar, K. (2001). Technology for supportingply-chain management.
Communications of the ACM4(6):58-61.

[Lee and Billington, 1995] Lee, H. and Billington, C. (1995)he evolution of supply-
chain-management models and practice at hewlett-packasiface 25(5):42—-63.

[Liang and Huang, 2000] Liang, T. and Huang, J. (2000). A eaork for applying
intelligent agents to support electronic tradingecision Support System?8:305—
317.

[Lin, 1994] Lin, C. (1994).Neural Fuzzy Control Systems with Structure and Parameter
Learning World Scientific.

142



[Liu and Ye, 2001] Liu, J. and Ye, Y. (2001). Introduction teemmerce agents: Mar-
ketplace solutions, security issues, and supply and deménd.iu, J. and Ye, Y.,
editors,E-Commerce Agents: Marketplace solutions, security ssared supply and
demandvolume 2033 of_NAI, pages 1-6. Springer.

[Luck et al., 2003] Luck, M., McBurney, P., and Preist, C. @3)D. Agent technology:
Enabling next generation computinggentLink ISBN 0854 327886.

[Luo et al., 2003a] Luo, X., Jennings, N. R., and Shadbolt,(2003a). Acquiring
tradeoff preferences for automated negotiations: A casayst In Proceedings of
the 5th International Workshop on Agent-Mediated E-Conemerages 41-48, Mel-
bourne, Australia.

[Luo et al., 2003b] Luo, X., Jennings, N. R., and Shadbolt(2003b). Knowledge-
based acquisition of tradeoff preferences for negotiaments. IlProceedings of the
5th International Conference on Electronic Commerpages 138-144, Pittsburgh,
USA.

[Luo et al., 2003c] Luo, X., Jennings, N. R., Shadbolt, N.,uhg, H., and Lee, J.
(2003c). A fuzzy constraint based model for bilateral, rigkue negotiation in semi-
competitive environmentgrtificial Intelligence 148(1-2):53-102.

[Luo et al., 2003d] Luo, X., Lee, J., Leung, H., and JennidgR. (2003d). Prioritised
fuzzy constraint satisfaction problems: axioms, insttin and validation.Fuzzy
sets and system$36:151-188.

[Luo et al., 1994] Luo, X., Qiu, Y., and Cai, J. (1994). PILCKxhybrid uncertain reas-
oning model. InProceedings of the Eighth Chinese Conference on Artificiedlli-
gence pages 70-79.

[Luo et al., 2001] Luo, X., Zhang, C., and Leung, H. (2001). formation sharing
between heterogeneous uncertain reasoning models in aagatlit environment: a
case studylnternational Journal of Approximate Reason]j2y(1):27-59.

[Ma, 1999] Ma, M. (1999). Agents in e-commerceCommunications of the ACM
42(3):79-80.

[Mamdani, 1974] Mamdani, E. H. (1974). Application of fuzagorithms for control of
simple dynamic plants. IRroceedings of IEEvolume 121 ofl2, pages 1585-1588.

[Martinez et al., 2001] Martinez, M., Fouletier, P., Park, End Favrel, J. (2001). Vir-
tual enterprise — organisation, evolution and contitak. J. Production Economigs
74:225-238.

[Massotte, 1993] Massotte, P. (1993). New concepts anaappes for the management
of complex production systems. FProceedings of the International conference on
industrial engineeringBelgium.

[Matos and Sierra, 1998] Matos, N. and Sierra, C. (1998).lE\wmary computing and
negotiating agents. lAgent mediated Electronic Commeyrgelume 1571 ot ecture
Notes in Artificial Intelligencgpages 126—-150.

143



[Matos et al., 1998] Matos, N., Sierra, C., and Jennings, N(1R98). Determining
successful negotiation strategies: An evolutionary aggmo InProceedings of the
Third International Conference on Multi-Agent Systepegges 182—-189.

[McAfee and McMillan, 1987] McAfee, R. and McMillan, J. (198 Auctions and bid-
ding. Journal of Economic Literature25:699—-738.

[McDermott, 2000] McDermott, P. (2000). Building trustandnline businesd\Network
seurity, 10:10-12.

[Meade et al., 1996] Meade, L., Sarkis, J., and Liles, D. §)99Justifying strategic
alliances: A prerequisite for virtual enterprisSinQMEGA: the International Journal
of Management Scienc25(1):29-42.

[Milgrom, 1989] Milgrom, P. (1989). Auctions and bidding: gkximer. Journal of Eco-
nomic Perspectivepages 3—-22.

[Milgrom and Robert, 1982] Milgrom, P. and Robert, J. (1982 theory of auctions
and competitive biddingeconometricapages 1089-1122.

[Miller, 1999] Miller, M. (1999).Complete Idiot’s Guide to Online Auctior@hapter 22.
Alpha Books.

[Mohammadi et al., 2000] Mohammadi, S., Hassanzadeh, Ilthi¥aR., and Patil, K.
(2000). A new fuzzy decision-making procedure applied tcemyancy electric
power distribution scheduling. Engineering Applications of Artificial Intelligence
13(6):731-740.

[Murch and Johnson, 1999] Murch, R. and Johnson, T., ed{i®389). Intelligent Soft-
ware Agentschapter 14, pages 131-137. Prentice Hall PTR, Upper Sé&ldés,
New Jersey, USA.

[Norman et al., 2004] Norman, T. J., Preece, A., ChalmersJé&nings, N. R., Luck,
M., Dang, V. D., Nguyen, T. D., Deora, V., Shao, J., Gray, Ad &iddian, N. (2004).
Agent-based formation of virtual organisationst. J. Knowledge Based Systens
appeatr.

[O’Leary et al., 1997] O’Leary, D., Kuokka, D., and Plant, ®997). Artificial intelli-
gence and virtual organization€omminications of the ACMI0(1):52-59.

[Park et al., 1999] Park, S., Durfee, E., and Birmingham, 1890). An adaptive agent
bidding strategy based on stochastic modelingPiioceedings of the Third Interna-
tional Conference on Autonomous Agepages 147-153.

[Parunak, 1998] Parunak, H. (1998). Industrial and prat@pplications of DAI. In
Weib, G., editorMulti-Agent System®IT Press, Cambridge, MA.

[Pedrycz, 1990] Pedrycz, W. (1990). Fuzzy sets in pattezogeition methodology and
methods.Pattern recognition23(1):121-146.

[Perloff, 1998] Perloff, J. (1998) Microeconomicschapter 2, pages 29-32. Addison
Wesley.

144



[Preist, 1999] Preist, C. (1999). Commodity trading usinggent-based iterated double
auction. InProceedings of the Third International Conference on Aatoaus Agents
pages 131-138.

[Preist et al., 2001] Preist, C., Byde, A., and Bartolini,(2001). Economic dynamics
of agents in multiple autions. IRroceedings of the fifth International Conference on
Autonomous Agentpages 545-551, Montreal Canada.

[Preist and van Tol, 1998] Preist, C. and van Tol, M. (1998y§laptive agents in a per-
sistent shout double auction. Rroceedings of the First International Conference on
the Information and Computation Economipages 11-18.

[Rabelo et al., 1999] Rabelo, R., Camarinha-Matos, L., afgshAnanesh, H. (1999).
Multi-agent-based agile schedulingobotics and Autonomous Syste2¥%&15-28.

[Rassenti et al., 1982] Rassenti, S., Smith, V., and Bulfin(1R82). A combinatorial
auction mechanism for airport time slot allocatiddell J. of Economicsl3(2):402—
417.

[Ribeiro, 1996] Ribeiro, R. (1996). Fuzzy multiple attrtbudecision making: a review
and new preference elicitation techniquEsizzy sets and system$:155-181.

[Ross, 1989] Ross, S. (1989ntroduction to Probability Modelschapter 5, pages 201
247. Academic Press.

[Rumelhart et al., 1986] Rumelhart, D., Hinton, G., et a@8&). Learning internal rep-
resenations by error propagatidearallel distributed processing.:318—-362.

[Rust et al., 1991] Rust, J., Miller, J., and Palmer, R. ()9®ehavior of trading auto-
mata in a computerized double auction market. In Friedmaand Rust, J., editors,
The Double Auction Market: Institutions, Theories, anddevice pages 155-198.
Addison-Wesley.

[Sadrieh, 1998] Sadrieh, A. (1998Y.he Alternating Double Auction Market: A Game
Theoretic and Experimental InvestigatidBpringer.

[Sandholm, 1993] Sandholm, T. (1993). An implementatiothefcontract net protocol
based on marginal cost calculations Froceedings of the First International Confer-
ence on Artificial Intelligencgrages 256—262.

[Sandholm, 1999a] Sandholm, T. (1999a). Automated negmtiaCommunications of
the ACM 42(3):84-85.

[Sandholm, 1999b] Sandholm, T. (1999b). Distributed ralodecision making. In
Weiss, G., editoMultiagent Systemgages 201-258. The MIT Press.

[Sandholm, 2002] Sandholm, T. (2002). Algorithm for optlwaner determination in
combinatorial auctiongArtificial Intelligence 135:1-54.

[Sarkis and Sundarraj, 2002] Sarkis, J. and Sundarraj, 22 Evolution of broker-
ing; paradigms in e-commerce enabled manufacturing.J. Production Economi¢s
75:21-31.

145



[Sashi and O’Leary, 2002] Sashi, C. and O’Leary, B. (2002)e Tole of Internet auc-
tions in the expansion of B2B marketidustrial Marketing Managemen81:103—
110.

[Schmid and Lindemann, 1998] Schmid, B. and Lindemann, M98). Elements of a
reference model for electronic markets Aroceedings of the 31st HICSS Conference
Hawaii.

[Schotter, 1994] Schotter, A. (1994)licroeconomics: a modern approaathapter 14,
pages 442-445. Harper Collins.

[Shardanand and Maes, 1995] Shardanand, U. and Maes, B)(1%88cial information
filtering: Algorithms for automating 'Word of Mouth’. IiProceedings of the Com-
puter Factors in Computing Systenpaiges 210-217, Denver, CO.

[Sharma, 2002] Sharma, A. (2002). Trends in Internet-bassthess-to-business mar-
keting. Industrial marketing managemer®1:77-84.

[Shaw, 2000] Shaw, M. (2000). Electronic commerce: Statarbfln Shaw, M., Blan-
ning, R., Strader, T., and Whinston, A., editafgndbook on Electronic Commetce
chapter 1, pages 3-24. Springer.

[Shehory and Kraus, 1998] Shehory, O. and Kraus, S. (199&Xthdis for task alloca-
tion via agent coalition formatiorArtificial Intelligence 101:165-200.

[Sierra and Dignum, 2001] Sierra, C. and Dignum, F. (200hert-mediated electronic
commerce: Scientific and technological roadmap. In Dignenand Sierra, C., ed-
itors, Agent Mediated Electronic Commeyamlume 1991 ol ecture Notes in Com-
puter Sciencgpages 1-18. Springer.

[Sierra et al., 1997a] Sierra, C., Faratin, P., and JenniNgsRR. (1997a). A service-
oriented negotiation model between autonomous agentsumell237 ofLecture
Notes in Artificial Intelligencgpages 17-35.

[Sierra et al., 1997b] Sierra, C., Jennings, N. R., Nori€yaand Parsons, S. (1997b). A
framework for argumentation-based negotiation Plnceedings of the Fourth Inter-
national Workshop on Agent Theories, Architectures andjuagespages 177-192.

[Simon, 1997] Simon, H. (1997)The Sciences of the Artificiallhe MIT Press, Cam-
bridge, MA.

[Singh, 1999] Singh, S. (1999). Web home pages as adverisisrCommunications
of the ACM 42(8):91-98.

[Smith, 1980] Smith, R. (1980). The contract net protocoigtHlevel communica-
tion and control in a distributed problem solvdEEE Transactions on Computers
29(12):1104-1113.

[Sosnowski, 2000] Sosnowski, Z. (2000). Comments on fuzelsA large-scale expert
systems shell using fuzzy logic for uncertainty reasoniB&E Trans. Fuzzy Systems
8(6):817-820. Authors’ reply, p.821.

146



[Standifird, 2001] Standifird, S. (2001). Reputation aneermerce: eBay auctions and
the asymmetrical impact of positive and negative ratingsurnal of Management
27:279-295.

[Stone et al., 2001] Stone, P., Littman, M., Singh, S., andrKge, M. (2001). ATTac-
2000: An adaptive autonomous bidding agedwurnal of Artificial Intelligence Re-
search 15:189-206.

[Subramani and Walden, 2000] Subramani, M. and Walden, B®OQR Economic re-
turns to firms from business-to-business electronic coroenaitiatives: an empirical
examination. InProceedings of the twenty first international conferencendorma-
tion systemspages 229-241.

[Sugeno, 1985] Sugeno, M. (1985). An introductory survefuaky control. Informa-
tion Sciences36:59-83.

[Sunetal., 1999] Sun, R., Chu, B., Wilhelm, R., and Yao, 99d). A CSP-based model
for integrated supply chain. IAAAI-99 Workshop on Al for Electronic Commerce
[Tan et al., 2000] Tan, G., Shaw, M., and Fulkerson, W. (200W¢b-based global sup-
ply chain management. In Shaw, M., Blanning, R., Straderaid Whinston, A.,
editors,Handbook on Electronic Commetraehapter 22, pages 457-478. Springer.

[Tan and Tang, 2001] Tan, K. and Tang, K. (2001). Vehicle aisping system based on
taguchi-tuned fuzzy rulesEuropean Journal of Operational Reseayd?8(3):545—
557.

[Teich et al., 1999] Teich, J., Wallenius, H., and Wallenids(1999). Multiple-issue
auction and market algorithms for the world wide webecision Support Systems
26:49-66.

[Till, 1998] Till, R. (1998). Transforming the way we do busiss. In Nash, T., editor,
Electronic Commerggpages 9-12. Kogan Page, London, UK.

[Tirole, 1998] Tirole, J. (1998)The theory of industrial organisationThe MIT press,
Cambridge, MA.

[Tsvetovat and Sycara, 2000] Tsvetovat, M. and Sycara, ®0@2 Customer coalitions
in the electronic marketplace. Proceedings of the fourth International Conference
on Autonomous Agentgages 263—-264, Spain.

[Tully, 2000] Tully, S. (2000). The b2b tool that really isainging the world.Fortune
pages 135-145.

[Tuma, 1998] Tuma, A. (1998). Configuration and coordinatod virtual production
networks.Int. J. Production Economi¢c$6-57:641-648.

[Turban et al., 1999] Turban, E., Lee, J., King, D., and Chuthgeditors (1999)Elec-
tronic Commerce: A Managerial Perspectiverentice Hall.

[Vickrey, 1961] Vickrey, W. (1961). Counterspeculationjctions and competitive
sealed tenderslournal of Finance16:8-37.

147



[Vidal and Durfee, 1996] Vidal, J. and Durfee, E. (1996). Thgact of nested agent
models in an information economy. Rroceedings of the Second International Con-
ference on Multi-Agent Systenmages 377-384.

[Vries and Vohra, 2001] Vries, S. and Wohra, R. (2001). Camborial
auctions: A survey. Technical report. http://www-m9.neatfatik.tu-
muenchen.de/dm/homepages/devries/.

[Vulkan and Jennings, 2000] Vulkan, N. and Jennings, N. BOQ2. Efficient mechan-
isms for the supply of services in multi-agent environmeigernational journal of
decision support systen38(1-2):5-19.

[Walsh and Wellman, 1999] Walsh, W. and Wellman, M. (1999). oddling supply
chains formation in multiagent systems. ICAI-99 Workshop on Agent-Mediated
Electronic Commerce

[Wellman et al., 2004] Wellman, M., Reeves, D., Lochner, End Vorobeychik, Y.
(2004). Price prediction in a trading agent competitidournal of Artificial Intel-
ligence Researgt21:19-36.

[Wellman et al., 2002] Wellman, M. P., Greenwald, A., StoRe,and Wurman, P. R.
(2002). The 2001 trading agent competition.Aroceedings of the Fourteenth Con-
ference on Innovative Applications of Artificial Intelliyggs Edmonton.

[Wolfstetter, 1999] Wolfstetter, E. (1999)opics in Microeconomics: Industrial Organ-
ization, Auctions and Incentiveshapter 8, pages 182-242. Cambridge university
press.

[Wooldridge and Jennings, 1995] Wooldridge, M. and Jensiig} R. (1995). Intelli-
gent agents: theory and practidde Knowledge Engineering Reviegl(2):115-152.

[Wurman, 2001] Wurman, P. (2001). Dynamic pricing in thewad marketplacelEEE
Internet Computing5:36—42.

[Wurman et al., 1998] Wurman, P., Wellman, M., and Walsh, Y898). The Michigan
Internet Auctionbot: a configurable auction sever for huraad software agents. In
Proceedings of the Second International Conference onnaumous Agenigpages
301-308.

[Yager, 1994] Yager, R. (1994). Aggregation operators arety systems modeling.
Fuzzy Sets and Systerg:129-145.

[Yager and Filev, 1994] Yager, R. and Filev, D. (1994 ssentials of Fuzzy Modeling
and Control New York, USA.

[Yager and Rybalov, 1996] Yager, R. and Rybalov, A. (199&)indrm aggregation op-
erators.Fuzzy Sets and Syster9:111-120.

[Yam and Koczy, 2000] Yam, Y. and Koczy, L. (2000). Represenmembership func-
tions as points in high-dimensional spaces for fuzzy irgkxon and extrapolation.
IEEE Trans. Fuzzy Systen®6):761-772.

148



[Yamamoto and Sycara, 2001] Yamamoto, J. and Sycara, K1)208 stable and effi-
cient buyer coalition formation scheme for e-marketplate$&roceedings of the fifth
International Conference on Autonomous Agepé&gjes 576-583, Canada.

[Yao and Yao, 2001] Yao, J. and Yao, J. (2001). Fuzzy decismaking for medical
diagnosis based on fuzzy number and compositional rulefefence.Fuzzy sets and
systems120(2):351-366.

[Ye etal., 2001] Ye, Y., Liu, J., and Moukas, A. (2001). Aget electronic commerce.
Electronic Commerce Researd{1-2):9-14.

[Yen, 1999] Yen, J. (1999). Fuzzy logic — a modern perspectiZEE Trans. Know-
ledge and Data Engineering1(1):153-165.

[Young, 2001] Young, E. (2001). Web marketplaces that yeatirk. Technical report.
Fortune/CNET Tech.

[Zacharia et al., 2000] Zacharia, G., Moukas, A., and Maeg2600). Collaborat-
ive reputation mechanisms for electronic marketplacBgcision Support Systems
29:371-388.

[Zadeh, 1965] Zadeh, L. (1965). Fuzzy sdtsormation and Contrql8:338-353.

[Zeng, 2001] Zeng, D. (2001). Managing flexibility for interganizational electronic
commerce Electronic Commerce Researd{1-2):33-51.

[Zeng and Sycara, 1998] Zeng, D. and Sycara, K. (1998). Baydsarning in negoti-
ation. Int. J. Human-Computer Studie$8:125-141.

[Zimmermann, 1996] Zimmermann, H.-J. (1996ffuzzy Set Theory and Its Applica-
tions, chapter 11, pages 203-240. Kluwer Academic Publishers.

149



Appendix A

Allocators’ Setup for SouthamptonTAC

This appendix describes the setup for allocators (seed®et2.4) of our agent, Southamp-
tonTAC.

TheAllocator-1 deals with the allocation of available and unavailable gomud out-
puts what flights and hotels to buy during the first 11 minutes game. The setup for
this allocator is as follows.

e Notation

() Letthe 20 travel packages be described in the followiagwoutdate indate
hoteltypd, whereoutdatec {1,---,4} indicating date out to Tampadate
€ {2,---,5} indicating the date back to TACtowhptektypec {0,1} where
0 stands for S hotel and 1 for T hotel. The 20 valid travel pgekacan be
expressedag§121),(131),(141),(151),(231),(241,(251),(341),
(351,(451,(120,(130,(140,(150,(230, (240, (250),
(340),(350),and(450).

(i) The entertainment tickets have 3 types for 4 days. kgpé day denote
a ticket, wheretypee {1,2,3} andday< {1,2,3,4}. For each customer,
various tickets can be expressed as: (1 1), (1 2), (1 3), ((24), (2 2), (2
3),(24),(31),(32),(33)and (34).

e \Variables

(i) For customei € {1,---,8}, there are 20 variable§ j € {0,1} wherej
{1,---,20}, each representing thjéh travel package. Customieis allocated
to packagg whenf; j = 1. Thus, there are 160 variables for 8 customers.

(i) BUYIOQ],---,BUYI3] represent the inflight tickets to buBlU Y[4],--- ,BUY([7]
represent the outflight tickets to buBUY([8],---,BUY[1]] represent the T
rooms to bid forBUY[12],--- ,BUY[15] represent the S rooms to bid for.

(iif) For each customere {1,---,8}, there are 12 variables ; € {0,1} where
j €{1,---,12}, each representing thj¢h entertainment ticket. Customieis
allocated ticke wheneg j = 1.
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Constants
Let OWNQO],--- ,OW N3] be the inflight tickets owned by the age®W N4, - - -,
OWN7] be the outflight tickets owned by the age®WN8],---,OWN11] rep-
resent the T rooms owned by the agegd¥WN12],--- ,OWN15] represent the S
rooms owned by the agent; a@WV N16|,---,OWN27| denote each kind of en-
tertainment ticket owned by the agent.

Constraints

(i) Each customere {1,---,8} has only one valid package (8 constraints),

20
Z fij <1l
=

(i) The flights tickets that can be used must be less than timeber the agent
owns or that it will buy (8 constraints):

8
Z( fia+ fio+ fig+ fia+ fiaa+ fi12+ fi 13+ fi 14) < OWNO] 4-BUYI0],

i
8

Z( fis+ fie+ fiz+ fiis+ fi16+ fi17) <OWNI] +BUY[1],
i=

8

Z( fig+ fio+ fi18+ fi19) < OWNZ2] +BUY[2],
i=

8

Z(fi,lOJF fi720) < oW N[3] + BUY[3],

=]

8

Zl( fi.1+ fi11) < OWN4]+BUY[4],

i=

8

Zl( fio+ fis+ fi12+ fi15) <OWN5] +BUYI[5],

i
8

Zl( fiza+ fie+ fig+ fi13+ fi 16+ fi 18) < OWNG] +BUYI[6],

i=

8

.Z\( fia+ fiz+ fio+ fito+ fira+ fi17+ fir9+ fi20) < OWN[7] +BUY]7].
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(iii) For customeri € {1,---,8} entertainment tickets must be used between the
days in Tampa (32 constraints):

firtfio+fiz+fia+fiat+fiotfistfiu>ai1+es+ay,

fio+ -+ fiz+fire+---+fiir>e2+66+6 10,

fis+fia+fiet -+fig+fiz+fiwatfiiet+ --+filio>e3+6e7+611,
fia+fiz+fig+fiio+ fiwat+fiiz+firot+fizo>64+68+6 10

(iv) The number of hotel rooms must be less than the numbeyarhs the agent
owns and that it will bid for (8 constraints):

8
Zl( fi1+ fi2+ fiz+ fia) < OWNBS|+BUYIg],

i
8

Zl( fio+ fiz+ fisa+ fis+ fig+ fi7) <OWN9 +BUY[9],

i
8

Zl( fis+ fia+ fig+ fiz+ fig+ fig) <OWNILQ +BUY[10],
i=

8

Z( fia+ fi74 fio+ fi10) < OWN11] +BUY[11],

i=

8
Z( fi11+ fi12+ fi13+ fi14) < OWN12 +BUY[12],

i
8
Z( fi 12+ fi13+ fi 14+ fi 15+ fi16+ fi17) < OWN13 +BUY[13],
i=

8

Z( fi 13+ fi1a+ fi 16+ fi17+ fi.1g+ fi109) < OWN14] +BUY[14],
i=

8

Zl( fi714—l— fi717—l— fi,19+ fi,20> < OW N[15] + BUY[]_S].

(v) For entertainment ticket € {1,---,12} the number of tickets used must be
less than the number the agent owns (12 constraints):

8
6, <OWNj+15,
2
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(vi) Forcustomer e {1,---,8} each type of entertainment ticket can only be used
once (24 constraints):

M-

8 12
aisl - yajsl - peisl
=5 =

e Objective function
The objective function is to maximise the following formula

8 20 8 12 15
=0

wherev; j is the utility if customer chooses package E; j is the preference value
if customeri enjoys entertainment tickgét andPrice[i] is the updated ask price of
the corresponding auctions.

TheAllocator-2 deals with the allocation of available and unavailable gomud out-
puts what flights and entertainment tickets to buy for thd fimaute of a game when the
hotel rooms are finialised. The setup for this allocator iodsws.

e \Variables (276 variables). The difference wahocator-1is that there are no
variables BUY([8];- - ,BUY[15], since all the hotel auctions have closed. Howgver
BUY[16],---,BUY[27], indicating the number of entertainment ticketsbiuy for
each of the 12 tickets, are added.

e Constraints (92 constraints). All but the following are tbeme as those of
allocator-1 the constraints (v) above are changed to

8
Zla,j < OWN[j + 15 +BUY[j +15],

wherej € {1,---,12}. This means the allocator can also calculate which entertai
ment tickets to bid for in order to get the optimal utility. |Ahe other constraints
are the same adlocator-1

e Objective function. The objective function is to maximige following formula:

8 20 8 12 7 27
Z (fij ><ui7j)+z Z(a i x<Eij)— Z (BUYTi] x Priceli]) — Z (BUYTi] x Pricei]),
i=1j=1 i=1j=1 p=0 p=16

wherev; j is the utility if customer chooses package E; j is the preference value
if customeri enjoys entertainment ticket andPrice]i] (0 <i < 7) is the updated

ask price of the flight auctions amtice|i] (16 <i < 27) is the entertainment ticket
price in the corresponding auctions.
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