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Softwareagentsareincreasinglybeingusedto representhumansin on-lineauctions.Suchagentshave thead-
vantagesof beingableto systematicallymonitora wide varietyof auctionsandthenmake rapiddecisionsabout
what bids to placein what auctions.They cando this continuouslyandrepetitively without losing concentra-
tion. Moreover, in complex multiple auctionsettings,agentsmayneedto modify their behaviour in oneauction
dependingon what is happeningin another. To provide a meansof evaluatingandcomparing(benchmarking)
researchmethodsin this areatheTradingAgentCompetition(TAC) wasestablished.This competitioninvolves
a numberof agentsbidding againstoneanotherin a numberof relatedauctions(operatingdifferentprotocols)
to purchasetravel packagesfor customers.Againstthis background,this paperdescribesthedesign,implemen-
tation andevaluationof our adaptive autonomoustradingagent,SouthamptonTAC, oneof the mostsuccessful
participantsin TAC 2002.

CategoriesandSubjectDescriptors: [Agent-basedapplications]: General

GeneralTerms:auctions,intelligentagents

AdditionalKey WordsandPhrases:on-lineauctions,tradingagentcompetition.

1. INTRODUCTION

Onlineauctionsarea key componentof many e-commercesystems[He et al. 2003]and
softwareagentsareincreasinglybeingusedin suchsettingsin orderto makeeffectiveand
ef�cient purchases.Giventhepotentialandtheimportanceof usingagentsin on-lineauc-
tionsettings,therehasbeenconsideredresearchendeavourin developingbiddingstrategies
for multipleauctions[Anthony andJennings2003](seeSection4 for moredetails).Given
this fact,it wasdecidedto establishanInternationalTradingAgentCompetition(TAC) as
ameansof comparingandevaluatingwork in thisarea[Wellmanetal.2001].TheTAC has
beensetup so that thereis no optimalbiddingstrategy that is guaranteedto alwayswin.
This is becauseanagent'sdecisionmakinginvolveshighdegreesof uncertaintycausedby
therandomfeaturesof thegame,theopponents'strategiesandtheparticularcombination
of opponents.Againstthis background,this paperreportsuponthe design,implementa-
tion andevaluationof our particulartradingagent(calledSouthamptonTAC) in the2002
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TableI. SouthamptonTAC's customerpreferencesfor game4594.PAD andPDD standfor preferredarrival and
preferreddeparturedate.HV standsfor thereservationvalueof stayingin theTampaTower hotel,andWV, PV
andMV standfor theutility associatedwith attendingAlligator Wrestling,theAmusementParkandtheMuseum.

Customer PAD PDD HV WV PV MV
1 Day3 Day5 142 40 109 113
2 Day1 Day 2 80 21 108 8
3 Day4 Day 5 79 149 32 195
4 Day1 Day 4 131 81 83 179
5 Day2 Day 4 134 50 155 115
6 Day2 Day 4 135 75 127 48
7 Day3 Day 4 98 199 20 39
8 Day1 Day 4 120 69 123 104

competition.1

In a TAC tradinggame,thereare8 softwareagents(entrantsto the competition)that
competeagainsteachotherin a variety of auctionsto assembletravel packagesfor their
individual customersaccordingto their preferencesfor the trip.2 A valid travel package
for anindividualcustomerconsistsof (i) a roundtrip �ight duringa5-dayperiod(between
TACtown andTampa)and(ii) astayat thesamehotel3 for everynightbetweentheirarrival
anddeparturedates.Moreover, arrangingappropriateentertainmenteventsduringthetrip
increasestheutility for thecustomers.Theobjectiveof eachagentis to maximisethetotal
satisfactionof its 8 customers(i.e., the sumof thecustomers'utilities). Customershave
individual preferencesover which daysthey want to be in Tampa,the type of hotel they
stayin, andwhich entertainmentthey wantto attend.This datais randomlygeneratedby
theTAC server in eachgame(seeTableI for anexample).

Eachagentcommunicateswith theTACserverthroughaTCP-basedagentprogramming
interfacein order to get currentmarket informationandto placeits bids. An individual
gamelasts12minutesandinvolves28auctions.Eachof thethreegoodtypesaretradedin
anauctionwith differentrules:

—Flights. TACAIR is theonlyairlineselling�ights (placingasks).Ticketsfor these�ights
areunlimitedandaresoldin singlesellerauctions. Thereare8 suchauctions(TACtown
to Tampa(day1 to 4) andback(day2 to 5)). Flight askpricesupdaterandomly, every24
to 32seconds,by avaluedrawn from arangedeterminedby theelapsedauctiontimeand
arandomlydrawn value.Flight auctionsclearcontinuouslyduringthegame.Thus,any
buy bid anagentmakesthatis not lessthanthecurrentaskpricewill matchimmediately
at theaskprice.Thosebidsnotmatchingimmediatelyremainin theauctionasstanding
bids. In mostcases,theearlierthe�ight is bought,thecheaperit is.

—Hotels. Therearetwo hotels:TampaTowers(T) andShorelineShanties(S).T is nicer
thanS.Hotel roomsaretradedin 16thpricemulti-unit Englishauctions.Overall, there
are8 hotel auctions(for eachcombinationof hotel andnight apartfrom the last one),
thatcloserandomlyoneby oneat theendof everyminuteafterthe4th. A hotelauction
clearsandmatchesbidswhenit closes(i.e., 16roomsaresoldat the16thhighestprice).

1More detailsof this competitionandits 26entrantscanbefoundat http://www.sics.se/tac.
2Thesepackagesareassembledby theagentbiddingin anumberof auctionsin which theotherbiddersareother
competitionentrants.
3Customersarenot allowedto changetheir hotelsduringthestay.
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TableII. SouthamptonTAC'scustomerallocationfromgame4594.W, P, M standfor Alligator Wrestling,Amuse-
mentPark andMuseumandthefollowing numberindicatesthedateof theentertainment.

Customer AD DD Hotel Entertainment Utility
1 Day3 Day5 T P3,M4 1364
2 Day1 Day2 T P1 1188
3 Day4 Day5 T M4 1274
4 Day1 Day2 T M1 1110
5 Day3 Day4 T P3 1189
6 Day2 Day4 T W2, P3 1337
7 Day2 Day3 T W2 1097
8 Day1 Day2 T P1 1043

Totalutility: 9602

While a given auctionis open,its askprice is the current16th highestprice and this
price is updatedimmediatelyin responseto new bids. Thepriceof otherbids,suchas
the highestbid, is not known by the agents.No withdrawal of hotel bids is allowed.
Supposethe currentaskprice is a, whenan agentsubmitsa new bid, two conditions
mustbesatis�ed for it to beaccepted:(i) it mustoffer to buy at leastoneunit at a price
of a

�

1 or greater;(ii) if theagent'scurrentbid wouldhaveresultedin thepurchaseof q
unitsin thecurrentstate,thenew bid mustoffer to buy at leastq unitsata

�

1 or greater.

—Entertainment.Eachagentis randomlyendowed with 12 entertainmentticketsat the
beginningof thegame.All agentscantradetheir ticketsin a continuousdoubleauction
(CDA). Overall,thereare12CDAs (for eachkind of entertainmentfor eachof days1 to
4). Bidsmatchat thepriceof thestandingbid in theCDA. An entertainmentpackageis
feasibleif noneof theticketsarefor eventson thesamedayandall theticketscoincide
with thenightsthecustomeris in town. No additionalutility is obtainedfor a customer
attendingthesametypeof entertainmentmorethanonceduringthetrip.

A customer'sutility from avalid travel andentertainmentpackage4 is givenby:

Utility � 1000 � TravelPenalty
�

HotelBonus
�

FunBonus�

whereTravelPenalty � 100 ����� AD � PAD �

�

� DD � PDD � 	 (AD andDD arethecustomer's
actualarrival anddeparturedates),HotelBonusis thebonusif thecustomerstaysin T, and
FunBonusis thesumof thereservationvaluesof all theentertainmentacustomerreceives.
To illustratethis, theallocationsandscoresfor SouthamptonTAC,giventhepreferencesin
TableI, areshown in TableII. For example,theutility of customer6 is obtainedby the
following:

TravelPenalty � 100 ����� AD � PAD �

�

� DD � PDD � 	
� 0 �

HotelBonus� 135� FunBonus� 75
�

127
�

0 � 202�

Utility � 1000 � 0
�

135
�

202 � 1337�

At theendof eachgame,theTAC scorer(on theTAC server)allocatestheagent's travel
goodsto its individualcustomersoptimally. Thevaluefor aparticularallocationis thesum
of theindividualcustomerutilities (e.g. 9602).Theagent's �nal scoreis thenthevalueof
this allocationminusthecostof procuringthegoods.

4An invalid travel packagereceiveszeroutility.
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Designingabiddingstrategy for theTAC auctioncontext is achallengingproblem.First,
thereareinterdependencies.Theseexist betweendifferentkindsof auctions(e.g.,�ights
will be uselessif the hotel roomsarenot available); betweendifferentdateswithin the
samekind of auction(e.g.,customersmuststayin thesamehotelduring their stay);and
betweensameday, samekind counterpartauctions5 (e.g., if the price of T1 is high, the
customercanchangeto S1).Second,thebiddinginvolvesuncertainty. For example,�ight
pricesstartrandomlyandchangecontinuouslyin arandomfashion;onerandomlyselected
hotel auctionclosesfrom the 4th to 11th minute. Third, trade-offs exist in bidding. For
example,in �ight auctions,if anagentbuysall the �ight ticketsvery early, it may fail to
buy thenecessaryhotelroomsthatthe�ights require.

Theremainderof thepaperis organisedasfollows. Section2 presentsthedesignof our
agent.Section3 describestheresultof TAC-02andevaluatestheperformanceof ouragent
in differentenvironments.Section4 discussesthework of otherteamsparticipatingin the
TAC andSection5 concludes.

2. SouthamptonTAC
SouthamptonTAC is anadaptiveagentthatvariesits biddingstrategy accordingto its per-
ceptionof theprevailing marketconditions.

2.1 Classifying TAC Environments

Our posthoc analysisof theTAC-01 competition[He andJennings2002]shows thatan
agent's performancedependsheavily on the risk attitudeof its opponents.Herea risk-
averseagentis onethatbuysa smallnumberof �ight ticketsat thebeginningof thegame
andthat bids for hotelsaccordingto the situationasthe gameprogresses.This kind of
agentis highly �e xible andcopeswell whenthereis a signi�cant degreeof competition
andthe hotel pricesarehigh (seebelow). In contrast,a risk-seekingagentbuys a large
numberof �ight ticketsat thebeginningof thegameandseldomlychangesthetravel plan
of its customersduring thegame.This kind of agentdoeswell in environmentsin which
hotelsarecheap. For example,whena hotel price goesup sharply, a risk-averseagent
would stopbiddingon thathotel(changingthestayto a counterparthotelor reducingthe
trip period).In contrast,a risk seekingagentwill insistonbiddingfor thathotel,although
theprice is very high. In sodoing it hopesthat thepricewill eventuallystabilise(hence
therisk). Theconsequenceof this variety is that for broadlythesamesituation,different
agentscanbring aboutwidely varying�nal prices.Basedon theanalysisreportedin [He
andJennings2002],we identify thefollowing typesof TAC environment:

—Competitiveenvironmentswherethepricesof thehotelsare(very)high. This is caused
by (a)thehighbid pricesthatagentsplace;(b) thefactthatsomeagentsinsistonbidding
for hotelseven whentheir askprice becomeshigh; and(c) the fact that someagents
increasetheir bidssharplyratherthangradually. For example,in game4594,theprices
of T (S)are(in theincreasingorderof day):5 (6), 238(557),155(102),and40(11). For
mostcustomersin this game,it is bene�cial for anagentto reducethestayto a single
day (eitherday 1 or day 4). To achieve this, however, the agentneedsto be �e xible.

5For the auctionof the sameday, T andS arecalledtheir counterpartauctions. For example,the counterpart
auctionof T1 is S1andthecounterpartof S1is T1. Also, wewill usetheabbreviation Tn andSn(1 � n � 4) for
stayingin theindicatedhotelonaparticularday.
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Fig. 1. Overview of theSouthamptonTAC-02agent.

Speci�cally, it cannotbuy all the �ights at thevery beginningof thegame,otherwise,
whenthehotelpricesrise to high values,it hasto give up the travel packagefor some
customersor pay thesehigh pricesfor hotels. Being predictive is alsoimportant. By
predictingthepriceof thehotels,theagentcanmake alternative plansto copewith the
veryhighprices.

—Non-competitiveenvironmentswherethereis very little competitionfor hotelsandan
agentcanobtaintheroomsit wantsat low prices.For example,in game6341,thereis
very little competitionandtheclosingpricesfor T (S) are7 (12), 92 (27), 70 (53) and
62(7). In thissituation,thebeststrategy is to buy all �ights earlier;sincetheagentscan
alwaysgetthehotelsthey want.

—Semi-competitiveenvironmentswherepricesaremedium.Thereis competition,but it is
not very severe. For example,in game444,theclearingpricesfor T (S) are5 (2), 128
(71),128(60)and116(3).

2.2 The Agent Architecture

Figure1 overviewstheSouthamptonTACagent.It connectsto theTAC serverin acontinu-
ousseriesof rounds(lastingbetween2 and4 seconds).In eachround,ouragentprocesses
this ask/bidinformationin “Bids preprocessor”to get the �ight prices,goodsit actually
ownsandmaypossiblyown (hotel rooms)andits currentlyactive bids. “Hotel pricepre-
dictor” is usedto predict the likely clearingprice of eachhotel auction(seeSubsection
2.3). All of this information is then input to “Allocator” which calculatesthe optimal
distributionof goodsto customersgiventhecurrentsituation(usinglinearandintegerpro-
grammingtechniques).Given this assignment,the agentthendeterminesits subsequent
biddingactions.“Hotel bid adjustor”takestheallocator'soutput,theagent'scurrentactive
bids,thehotelauction's askprices,aswell asthepredictedpricesanddecideswhetherto
bid. “Flight categoriser”classi�eseach�ight auctionaccordingto its expectedchangeof
priceandbasedon thisdecideswhento bid andhow many trips to bid for. “Entertainment
bid processor”determinesthetypeandtheamountof entertainmentto bid for. All of this
is broadlythesameasthe SouthamptonTAC-01agent,andmoredetailscanbe found in
[He andJennings2002].

WhereSouthamptonTAC-02differs from its predecessoris in theway that it performs
hotelpriceprediction(Subsection2.3) andin having anenvironmentsensorin thearchi-
tecture. This component(describedin moredetail in Subsection2.4) aimsto determine
whattypeof environmenttheagentis presentlysituatedin (asdetailedin Subsection2.1).
Thereasonfor doingthis is sothattheagentcanadaptits biddingstrategy accordingly(see
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TableIII. Fuzzyrulebasewhencounterpartauctionis open.

IF P is high andC is quick THEN Dis big.
IF P is high andCP is high andC is not-quick THEN Dis big.
IF P is high andCP is not-highandC is not-quick THEN D is medium.
IF P is low andCP is high THEN D is medium.
IF P is low andCP is not-highTHEN Dis small .
IF P is medium andCP is highTHEN D is medium.
IF P is medium andCP is not-high andC is not-slowTHEN D is medium.
IF P is medium andCP is not-high andC is slow THEN Dis small .

Subsection2.5).

2.3 Hotel Price Prediction

Like its predecessor, SouthamptonTAC usesfuzzy reasoningtechniques(speci�cally the
Sugenocontroller[Sugeno1985]) to predicthotelclearingprices(seeSubsection3.3 for
an evaluationof the effectivenessof our approach).SouthamptonTAC-01usedtwo rule
basesto make its predictions:(i) for whenboththegoodandbadhotelsareopenand(ii)
for whenthecounterpartauctionwasclosed.However, wefoundthatourpredictionsin the
lattercasecouldbeimprovedif weseparatedoutthecasesin whichthecounterpartauction
hadjust closed(within thelastminute)andwhenit hadbeenclosedfor a longerperiodof
time. Thisdifferenceoccursbecausehotelpriceschangemorerapidlyandwith adifferent
patternwhenthecounterparthasjustclosed.Whenthecounterpartauctionhasbeenclosed
for a longerperiod,thechangesaresmaller. We alsosimpli�ed thepredictionrulesfor the
casewhereboth auctionsarestill open. For example,in somecasesthe currentprice in
thecounterpartauctionis not consideredbecausewe foundthepricechangeto bea better
indicatorthanthecurrentprice. In moredetail,thethreerulebasesfor SouthamptonTAC-
02aregivenin TablesIII to V. Thefactorsconsideredin thepredictionsarethepriceof the
hotel (P), thepriceof thecounterparthotel (CP), thepricechangein thepreviousminute
(C) andthepreviouspricechangeof thecounterparthotel(whenit closed)(CC). In these
tables,the hotel askprices(P andCP) areexpressedin the fuzzy linguistic terms: high,
medium, and low andthe price changes(C andCC) in the fuzzy linguistic termsquick,
medium, andslow. D ��� small� medium� big � very-big � is the increasethat is addedto the
currentpriceto obtainthepredictedclearingprice.

2.4 TAC Environment Recognition

We treat the environmentrecognitionproblemasoneof fuzzy patternrecognitionsince
it is impossibleto preciselydeterminethe type while the gameis running. To this end,
we thereforeapply themaximumsimilarity principle [Pedrycz1990] in theenvironment
sensorcomponentof theagentarchitecture.This recognitionprocessis usedin two cases:
beforea gamestartsandduring a game. Beforea gamestarts,the agentcalculatesthe
averagehotel closingpricesof the previous 10 games6 from the price history anduses
the maximumaverageprice as a referenceprice to classify the environmentin a given
game.We usethemaximumprice in this fashionsinceif onepriceis high it is likely that

6We choseten(basedon experienceof playingthegame)asa suitableindicatorthat is suf�ciently stableto not
bein�uencedby atypicalgameoutcomes,but suf�ciently adaptive to respondto genuinechangesin thepatterns
of games.
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TableIV. Fuzzyrulebasewhencounterpartauctionjust closed.

IF P is highandC is not-slowandCC is quick THEN Dis very-big.
IF P is highandC is not-slowandCC is not-quick THEN D is big.
IF P is highandC is slow andCC is quick THEN Dis big.
IF P is highandC is slow andCC is not-quick THEN Dis medium.
IF P is medium andC is quick THEN Dis big.
IF P is medium andC is medium andCC is quick THEN D is big.
IF P is medium andC is medium andCC is not-quick THEN Dis medium.
IF P is medium andC is slowandCC is quick THEN Dis medium.
IF P is medium andC is slowandCC is not-quick THEN D is small .
IF P is lowandC is slowandCC is quick THEN Dis medium.
IF P is lowandC is not-slowTHEN Dis medium.
IF P is lowandC is slowandCC is not-quick THEN D is small .

TableV. Fuzzyrulebasewhencounterpartauctionhasclosedfor morethanoneminute.

IF P is highandC is not-slow THEN Dis big.
IF P is highandC is slowTHEN Dis medium.
IF P is medium andC is quick THEN D is big.
IF P is medium andC is medium THEN D is medium.
IF P is not-high andC is slow THEN Dis small .
IF P is lowandC is not-slow THEN D is medium.

otherswill also be high andso the environmentis competitive (mutatismutandiswhen
the referenceprice is low or medium). During a game,the agentcontinuouslymonitors
thecurrenthotelpricesandrecordsthecurrentmaximumprice to seeif theenvironment
typechangesfrom its initial prediction.More formally, let Ti (Si) representT (S) on day
i, andPTi (PSi ) representthecurrentprice if theagentis monitoringa runningauctionor
theaveragehistorypriceif it is makingits initial assessmentof theenvironmentof Ti (Si).
Supposethepricesof T1, ����� , T4, S1, ����� , S4, arePT1, ����� , PT4, PS1, ����� , PS4. Then,Pmax (the
maximumhotelprice)is simply:

Pmax � max� PT1 � PT2 � PT3 � PT4 � PS1 � PS2 � PS3 � PS4 	 �

LetEc, Es, andEn correspondto thefuzzysetsthatrepresentcompetitive,semi-competitive
andnon-competitive environmentsrespectively (seeFigure2). Now the type of environ-
ment(e) canbedeterminedby ascertainingwhichof thefuzzysetsthereferencepricehas
thestrongestmembershipto. Thusif:

Ex � Pmax	 � argmax� Ec � Pmax	 � Es � Pmax	 � En � Pmax	 � �

thene is of environmenttype Ex, wherex � � c � s� n � andEc � x	 , Es � x	 , andEn � x	 arethe
similarity functionsfor thefuzzy setsEc, Es, andEn. Thesesimilarity functions(denoted
µ) capturehow muchthehotelpricebelongsto eachof thedifferentenvironmentsandthey
arede�ned asfollows:

µEN � x	 �

�

� �

1 x � 50�

0 x � 120�

120� x
70 50 � x � 120�
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Fig. 2. Fuzzysetsof thethreeenvironmenttypes.

µES � x	 �

��

�

�

�

�

�

1 100 � x � 150�

0 x � 200or x � 50�

x � 50
50 50 � x � 100�

200� x
50 150 � x � 200�

µEC � x	 �

�

� �

1 x � 200�

0 x � 150�

x � 150
50 150 � x � 200�

2.5 Varying the Bidding Strategy

After our experiencesin TAC-01,we cameto believe that thereis no singlebeststrategy
thatcandealwith all thedifferenttypesof TAC environment.For example,a risk-seeking
agentthat alwaysallocatesthe optimal travel packagefor its customersandbuys �ights
earlieris highly effective in non-competitive environments.This is becausethereis little
competitionin hotelbiddingandtheagentcanalwaysobtainwhat it wants.On theother
hand,delayingbuying �ights andshorteningthe stay of customersworks well in com-
petitive games.For this reason,SouthamptonTAC dynamicallyvariesits biddingstrategy
accordingto its assessmentof theenvironmenttype(seeSubsection3.4for anevaluationof
theeffectivenessof beingableto do this). In gamesit deemsnon-competitive,Southamp-
tonTAC buys all of its �ight ticketsat the beginning of the gameandnever changesthe
travel plan of its clients (unlessit sensesa changein the environment). In this way, it
avoids buying extra hotelswhich costextra money. Also, the agentcanreceive optimal
utility by not shorteningthestayof its customers.In competitive games,our agentbuys
�ights accordingto its assessmentof the �ight category.7 In thesegamesthe agentmay
alterits customers'travel plansin orderto avoid stayingin expensivehotelsfor long peri-
ods.In semi-competitivegames,theagentbehavesin betweenthesetwo strategies;it buys
mostof the �ights earlierandwill only changetravel plansif a signi�cant improvement
canbeobtained.

3. EVALUATION

Our evaluationof SouthamptonTAC is composedof two components:(i) theresultsfrom
the2002competitionitself and(ii) ourpost-hocsystematicanalysisin arangeof controlled
environments.

7The agentcontinuouslymonitorsthe �ight price changesandcategoriseseach�ight accordingto its rateof
change.Basedon the �ight category, it decideswhento buy the �ights in a �e xible way (e.g., rapidly rising
�ights areboughtquickly, whereasslow risingonesareboughtneartheend).
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TableVI. Resultof SeedingRound(440games).

Rank Agent avg(-10worst) 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

TableVII. Resultof Final Round(32games).

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

3.1 TAC-02 Results

TAC-02consistedof apreliminaryround(mainlyusedfor practiceand�ne tuning),aseed-
ing round,the semi-�nals andthe �nal round. The seedingrounddeterminedgroupings
for thesemi-�nalsandinvolvedabout440games.To thisend,TableVI showstheresultof
eachagent's relativescoreto SouthamptonTAC.Notethereis lessthan2 pointsdifference
betweenATTac andSouthamptonTAC andgiven the randomfeaturesof the gametheir
performanceshouldbe consideredasbroadlysimilar. The top 16 agentswereorganised
into two “heats”for thesemi-�nalsbasedontheirpositionin theseedingroundandthe�rst
four teamsin both heatsenteredinto the �nal round. TableVII shows the scores(again
relative to our agent)of all the agentsin this �nal round. Again the differencebetween
SouthamptonTAC andthetopagentis small,lessthan0 � 8%thanwhitebear.

Overall, in thecourseof thecompetitionsome606gameswereplayedandSouthamp-
tonTAC hada highermeanscorethanboth ATTac andwhitebear. We believe that this
large numberof gamesandthe very natureof the competitionmeanthat the difference
in the trader's scoresre�ect true differencesin theperformanceof theagents'strategies.
ThuswebelieveSouthamptonTAC performssuccessfullyin awide rangeof situations.

3.2 Controlled Experiments

To evaluatethe performanceof our agentin a moresystematicfashionthan is possible
in the competition,we decidedto run a seriesof controlledexperiments.To do this we
devisedtwo competitoragentsthat adoptstrategiesconsistentwith the broadclassesof
behaviour thatwereobservedin thecompetition:

—Risk-seekingagent (RS-agent)This is basedon the behaviour of livingagents,UM-
BCTAC, andWalverineagents(seeSection4 for moredetails).This agentbuysall the

ACM Transactionson InternetTechnology, Vol. V, No. N, Month 20YY.
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�ights ticketsat thebeginningof thegame,bidsaggressively in hotelauctionsandnever
changestheplansfor its customers.

—Risk-averseagent(RA-agent)This is basedon thebehaviour of SouthamptonTAC-01,
Retsina,andsicsagent(seeSection4 for moredetails).Thisagentbuysasmallnumber
of �ight ticketsat thebeginningof thegameto leave some�e xibility andit will change
thecustomers'travel plansaccordingto how thegameunfolds.

For boththesetypesof agents,aswell asfor SouthamptonTAC, a recordis keptof the
closingpricehistoryandthe initial travel plansfor thecustomersarecalculatedbasedon
theaveragepriceof this history.

Theset-upof theexperimentis shown in TableVIII whereit canbeseenthat thereare
36 differentcaseswhich coverall possiblecombinationsof SouthamptonTAC, RA-agents
andRS-agentsgiventhattherecanonly beeightagentsin onegame.For example,in the
casewherethenumberof RA-agentsis 2 andthenumberof RS-agentsis 1, therewill be
5 SouthamptonTAC agents.For eachcase,between50–1008 gameswereplayedto test
theperformanceof eachkind of agent.In this way, it is possibleto producea wide range
of environments,from competitive to non-competitive,andto evaluatethecorresponding
performanceof thedifferenttypesof agentsandthebroadbehaviour trends.Thefollowing
Conjectureswereusedasanapproximateguidefor designingtheexperiments.

Conjecture 1: The moreRS-agentsthereare in the game,the morecompetitive (see
Section2.1) it will be andthe moreRA-agentsthereare, the lesscompetitive it will be
(shown by theshadingin TableVIII).

Conjecture2: RS-agentswill dowell in non-competitiveenvironmentsandRA-agents
will dowell in competitiveones.

In termsof Conjecture1, theaveragehotelclearingpricefor thoseenvironmentmarked
ascompetitive(in TableVIII) is 240andfor thoseenvironmentmarkedasnon-competitive
it is 67. ThusConjecture1 canbeseento hold.

We now startto analysetheperformancein thedifferentenvironments.Figure3 shows
the performancesurfaceof SouthamptonTAC in the differentcases. The x-axis and y-
axis representthe numberof RS-agents(NRS) andRA-agents(NRA), thus,thenumberof
SouthamptonTAC is 8 � NRS � NRA. The z-axisshows the averagescore9 of Southamp-
tonTAC. The higher the score,the betterthe agentperforms. Figures4 and5 show the
performanceof theRS-agentsandRA-agentsonsimilargraphs.

As shown in Figure3, SouthamptonTACdoesbest,obtainsthehighestscore,in compet-
itivegames(i.e., wherethenumberof RS-agentsis big). This is dueto theadaptivenature
of its strategy. Whenit �nds the gamecompetitive, it altersits strategy in the direction
of beingrisk-averse.In non-competitiveenvironments,wheretherearemany RA-agents,
SouthamptonTAC alsodoeswell sinceit adaptsits strategy to bid aggressively because
it canalwaysobtain the goodsit wants. Both of theseobservationsareconsistentwith
Conjecture2. The worst situationfor SouthamptonTAC is whenall the playersare like
itself. This is becausethe competitive tendency of the agentscausesthe hotel pricesto
riseto moderatelevelsandthenmany of theagentschangetheir customers'travel plansat

8This numberdiffers from gameto game.Theexperimentfor a singlecasestopswhentherelative scoresof the
agentsbecomestable.
9Supposetherearem SouthamptonTAC agents,andtheaveragescoresof theseagentsares1, s2, ����� , sm. Then

theaveragescoreshown on thez-axisis å m
i � 1 si
m .
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TableVIII. Experimentset-upfor controlledexperiments.Thelight grey areaindicatescompetitive environments
anddarkgrey non-competitive ones.

   

7          1
6          2         1
5          3         2         1
4          4         3         2         1

0          8         7         6         5         4         3         2         1         
1          7         6         5         4         3         2         1
2          6         5         4         3         2         1
3          5         4         3         2         1

            0         1         2         3         4         5         6         7         
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Fig. 3. Performanceof SouthamptonTAC in differentenvironments.

approximatelythesametime. Thisswitchingbehaviour causesthecounterparthotelprices
to rise (becauseof increasedcompetition)andthe agentsto have unused�ights or hotel
roomsboughtonaccountof theirprevioustravel plans.For RS-agents,asshown in Figure
4, the resultsalsosupportConjecture2. RS-agentsbehave very well in non-competitive
gamesandtheirperformancedecreasesrapidlyasthenumberof RS-agentsincreases.This
happensbecauseasmoreagentsbid aggressively, thehotelclosingpricesgethigher. RA-
agentsbehave bestin competitiveenvironmentswhentherearemany RS-agents,perform
adequatelyin non-competitivegamesandworstin semi-competitivegameswhenthereare
a few RS-agentsandSouthamptonTAC agents(seeFigure5). In thelattertwo cases,RA-
agentschangetheir customers'travel packagesreasonablyoften andthis causesthemto
buy extrahotelsand�ights thatthey cannotsubsequentlyuse.

Moreover, from Figures3 to 5, we�nd thattherangeof scoresfor eachkind of agentare
different;for SouthamptonTACit is

�

1372� 3737� , for RS-agentsit is
�

� 2742� 2374� andfor
RA-agentsit is

�

1709� 3445� . ThustheRA-agenthasthenarrowestscorerangeandis the
moststableagent.TheRS-agenthasthewidestscorerangesinceits performancedepends
heavily on the environmentit is situatedin. SouthamptonTAC is in between,lessstable
thanRA-agents(but ableto obtainhigherscores)but with abetterworstperformancethan
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Fig. 4. Performanceof Risk-seekingagentsin differentenvironments.

Fig. 5. Performanceof Risk-averseagentsin differentenvironments.

RS-agents.
While Figures3 to 5 show the performanceof a single type of agentin variousen-

vironments,Figure 6 comparestheir scores. Thereare 8 sub�guresand eachof them
representsseveral casesof the above experiments.10 We found that when the number
of SouthamptonTAC agentsis small (lessthan4), they canalwaysoutperformboth RS-
agentsandRA-agents(asshown in (e) to (h) andsomecasesin (a) to (d)). This is because
SouthamptonTAC cansuccessfullyadaptitself in competitive gamesandbecomeaggres-
sive in non-competitive ones.However, aswe discussedpreviously, whenthenumberof
SouthamptonTAC agentsis above 4, the agentsexhibit similar behaviour andmake the
market lessef�cient. Generally, from (a) to (h), it canalsobeseenthatpro�ts for all agent
typesincreaseasthenumberof RA-agentsincreases(becausetheseagentskeepthehotel
priceslow).

10For example,in �gure (c), thereare2 RS-agents,thusthehorizontalaxisrepresentsthenumberof RA-agents
andtheverticalaxisis theaveragescoreof thedifferentagenttypes.
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Fig. 6. Relative Performanceof theagentsin differentenvironments.

3.3 Predicting Hotel Prices

Most of the agentsin TAC engagein someform of hotel price prediction(seeSection
4). Since,generallyspeaking,the moreaccuratelytheagentcanpredictthesepricesthe
moreeasilyit canidentify pro�table actions.To this end,TableIX shows theaccuracy of
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TableIX. Actualvs. predictedhotelprices.Positive �gure meansoverpredictionandnegative �gure meansunder
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 87 10 10 10 10 10 10 -17

SouthamptonTAC'spredictionson a minuteby minutebasisfor a singlegame(randomly
chosen)in the �nal. The �gures in the table are the differencebetweenthe predicted
priceandtheactualprice. Thus,a positive numbermeansover predictionanda negative
onemeansunderprediction. As we cansee,the trend is that the further into the game
the predictionsare madethe more accuratethey are. This is becauseat the beginning
the agentcanonly work basedon the price history of previous games.However asthe
gameprogresses,more information is revealed(suchas the closingorderof the hotels,
the currenthotel pricesandthe relationbetweenthe hotels). This, in turn, meansmore
accuratepredictionscan be made. This is important for our agentsinceit enablesits
�e xible decisionmakingto bebasedon moreor lessaccurateinformation. In mostcases,
ouragenttendsto overpredictthehotelclosingprices.If thehotelpricesarenotveryhigh,
theagentwill not suffer sinceit will not changetheplanfor its customers;whereasif the
pricesareveryhigh,theagentsmaychangethetravel plansfor its customersandtherefore
obtaina lower score(sinceit may have bought�ights or roomsthat it cannotnow use).
However, whenhotelpricesrisevery quickly, our agenttendsto underpredictwhich can
causeit to buy highly pricedhotels(soreducingits pro�t).

Furthermore,TableX showsthedifferencebetweenthepredictedandactualhotelclos-
ing pricesfor theorderin which they closedin the �nal. For example,for thehotel that
closed�rst (whatever thathappenedto be in a particulargame),theaveragedifferenceis
64, themaximumdifferenceis 17411 andtheminimumis 8. Theseresultsareconsistent
with thoseof TableIX andshow thatthelaterahotelcloses,themoreaccurateouragent's
predictionis.

3.4 Strategy Adaptation

To test the value of the agentbeing able to adaptits strategy during the courseof a
game,we comparethe performanceof our agentwith a non-adaptive variant(calledna-
SouthamptonTAC) that is identical apart from the fact that it cannotchangeits strat-
egy oncea gamehasstarted. In eachgame,therewas one SouthamptonTAC, one na-
SouthamptonTAC and the remainingagentswere drawn randomlyfrom a pool of RS-
agentsandRA-agents.Weranthiscon�gurationfor 164gamesandcomputedtheaverage
scoreof eachagenttype.Ourresultswerethattheadaptiveagentreceivedanaveragescore
of 3138,thenon-adaptiveoneanaverageof 2937andtheotheragentsanaverageof 1657

11This numberis largeandit occurredat thebeginningof the�nal wherethepricehistorydatawasbasedupon
theseedinground(whichhadvery differentoutcomesfrom the�nal round).
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TableX. Hotel closingpricepredictionin �nal round.

Closingorder 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

(RS-agents)and2649(RA-agents).This shows thatbeingadaptive doesindeedimprove
theagents'performance.

4. RELATED WORK

Relatedwork on biddingin multiple heterogeneousauctionsin generalis discussedin the
companionpaper[Anthony andJennings2003]. So herewe focussolely on examining
agentsdevelopedfor theTAC. Specially, we discussthemostsuccessfulagentsfrom both
TAC-01 andTAC-02 in TableXI. ATTac usesmachinelearningtechniquesto obtaina
modelof thepricedynamicsbasedon thepastdata(e.g., thedatain theseedinground)to
predicttheclosingpricesof thehotelsin thefuture. It alsousesmixed-integerlinearpro-
gramming(ILP) to �nd theoptimalallocationof thegoods[Stoneetal. 2001].cuhkagent
is composedof a costestimator, anallocationandacquisitionsolverandbidders.It usesa
greedy, heuristicsearchto �nd thetravelpackagesfor customers.livingagents[Fritschiand
Dorer2002]basesits decisionson closingpricedatafor thevarioushotelsin pastgames
andit buysall the�ights neededat thebeginningof thegame.It alsobuys/sellsentertain-
mentticketsata �x edpriceof 80. It makesbidsfor theneededhotelsonly onceduringthe
gameagainat a �x edprice(of 1001).PainInNEC'sstrategy is acombinationof heuristics
anda geneticalgorithmbasedoptimisationmethod,which outputsthe goodsto buy and
sell giventhepredictedauctionclearingpricesandcustomers'preferences.Retsinausesa
Markov ChainMonteCarloapproachto allocatethegoodsto its customersandit usesa
matrix learnedfrom pastgamesto predictthehotel's futureprices. RoxyBot[Greenwald
andBoyan 2001] decidesthe goodsto bid for basedon heuristicsearchtechniquesand
appliesa marginal utility calculatorto determinethevalueof thegoods.sicsusesprice-
linesfor pricepredictionandtheoptimiserperformsbranch-and-boundsearchfor thebest
solutions.UMBCTAC balancestheminimal risk andthemaximumreturnto �nd thebest
travel planfor its customers.Walverinepredictsthehotelclosingpricesby calculatingthe
Walrasiancompetitiveequilibriumof thegame.whitebearusesarandomisedgreedyalgo-
rithm to calculatethepriceof eachcommodityboughtor soldandusesBayesiananalysis
to computetheminimumandaveragevalueof the�ight' sdeterminantfactor.

As canbeseenfrom theabove discussion,theTAC agentdesignsincorporatea variety
of AI techniquesincludingfuzzy reasoning,machinelearning,planning,Markov decision
makingandheuristicsearching.Most agentskeepa recordof thehotelclosingpricesand
useavarietyof methodsto predictsubsequenthotelclosingpricesin orderto allocatetravel
packagesto customers.Moreover, anumberof theagentsadapttheirbiddingbehaviour in
responseto environmentalchanges.Suchadaptationincludesouragentvaryingits bidding
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TableXI. Comparisonamongagents(RSmeansrisk seeking,RA risk averseandRN risk neutral(betweenRS
andRA). — meansinformationunavailable).

Agent PricePrediction Allocator Attitude
ATTac machinelearning ILP RN
cuhk averageprices heuristicsearch RN
livingagents averageprices search RS
PainInNEC — Geneticalgorithm RA
Retsina pricematrix Markov chain RA
RoxyBot pricedistribution heuristicsearch RA
sics pricedistribution branch-and-boundsearch RA
SouthamptonTAC Fuzzyreasoning ILP RN
UMBCTAC averageprice heuristicsearch RS
Walverine Walrasiancompe- ILP RS

titiveequilibrium
whitebear averageprice greedysearch RN

behaviours(asdescribedin Section2.5),ATTacwhichvariesthenumberof �ights it buys
at thebeginningof thegame,andwhitebearwhichpostponessome�ight ticket purchases
until afterit learnsthehotelprices.

5. CONCLUSIONS

SouthamptonTAC hasbeenshown to be successfulacrossa wide rangeof TAC environ-
ments.Naturallythestrategiesthathavebeenemployedaretailoredto thespeci�c auction
context of the competition(asis any agentstrategy for any otherauctioncontext). Nev-
ertheless,we believe that the TAC domainexhibits a numberof characteristicsthat are
commonto many real-world, on-line trading environments. Theseattributes include a
time constrainedenvironment,network latency, unpredictableopponents,multiple hetero-
geneousauctiontypesandthe needto purchaseinter-relatedgoods. Given this, we be-
lieve thatanumberof insightsandtechnologiesfrom ourwork areapplicablein abroader
agent-mediatede-commercecontext andour futurework aimsto exploit these.Firstly, the
uncertaintythatis inherentin suchsituationsmeansthatabiddingagentneedsto beableto
adaptits behaviour andstrategy duringthecourseof its interactions.While attemptingto
settlethesethingsin advanceandnot respondingto theprevailing context maysometimes
work (even in repeatedencounters),it canproducebrittle behaviour that is not robust in
a wide variety of circumstances.Neverthelesssomedegreeof prior analysisis essential
to setthebasicparametersto approximatelycorrectvaluesotherwisetheagentmay take
a long time beforeit startsto performeffectively. Secondly, the fuzzy technologieswe
developedfor makingpredictions,assessingtheprevailing context andadaptingbehaviour
wereshown to becomputationallyef�cient andableto operatewith relative simpleinfor-
mationthat is likely to be readily available in most tradingcontexts. Thirdly, andmost
generally, effectiveandrobustbehaviour requiresa detailedunderstandingof thespaceof
environmentalpossibilitiesanda carefulevaluationof thebroadresponsesthataredesir-
ablein suchcases.Having obtainedthis, thespeci�c behaviour within sucha framework
canthenbe�ne-tunedusingappropriateanalysisandadaptivetechnologies.

ACM Transactionson InternetTechnology, Vol. V, No. N, Month 20YY.



� 17

Acknowledgements

During the project,we received help andsupportfrom many people. We would like to
thank the TAC teamat the University of Michigan (TAC-01) and SwedishInstitute of
ComputerScience(TAC-02), including Michael Wellman, Kevin O'Malley, William E.
Walsh, Daniel ReevesChris Kiekintveld, JoakimEricssonand Niclas Finne for setting
up the TAC server andthe competitionandfor respondingso promptly to our questions
andrequests.We would alsolike to expressour thanksto a numberof peoplefrom The
Universityof Southampton:Mike Luck who went to theUS to presentour agentat TAC-
01 at veryshortnotice,YanZhengWei who helpeduswith agentconnectingproblemsas
well asmonitoringthe seedingroundgamesin TAC-02, Alastair J Riddoch,JonHallett
andTim Chown who helpedus with variousnetwork dif�culties that we experiencedin
bothcompetitions,andXudongLuo for his encouragementandsupportduringthewhole
courseof thecompetition.

REFERENCES

ANTHONY, P. AND JENNINGS, N. 2003.Developingabiddingagentfor multipleheterogeneousauctions.ACM
Trans.on InternetTechnology. to appear.

FRITSCHI , C. AND DORER, K . 2002.Agent-orientedsoftwareengineeringfor successfulTAC participation.In
Proc.1stInt. Joint Conf. onAutonomousAgentsandMulti-agentSystems. Bologna,45–46.

GREENWALD, A . AND BOYAN, J. 2001. Bidding algorithmsfor simultaneousauctions:a casestudy. In Pro-
ceedingsof thethird ACM conferenceonElectronic Commerce. 115–124.

HE, M. AND JENNINGS, N. R. 2002. SouthamptonTAC: designinga successfultradingagent.In Proceedings
of the15thEuropeanconferenceonArti�cial Intelligence, F. vanHarmelen,Ed.IOSPress,Amsterdam,8–12.

HE, M., JENNINGS, N. R., AND LEUNG, H. F. 2003.On agent-mediatedelectroniccommerce.IEEETransac-
tionsonKnowledge andDataEngineering. To appear.

PEDRYCZ, W. 1990. Fuzzysetsin patternrecognitionmethodologyandmethods.Pattern recognition 23, 1,
121–146.

STONE, P., L I TTMAN, M., SINGH, S., AND KEARNS, M. 2001.ATTac-2000:An adaptive autonomousbidding
agent.Journal of Arti�cial IntelligenceResearch 15, 189–206.

SUGENO, M. 1985.An introductorysurvey of fuzzycontrol. InformationSciences36, 59–83.
WELLMAN, M., WURMAN, P., O' MALLEY, K ., ET AL . 2001. Designingthemarket gamefor a tradingagent

competition.IEEEInternetComputing5, 2, 43–51.

ACM Transactionson InternetTechnology, Vol. V, No. N, Month 20YY.


