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Software agentsareincreasinglybeingusedto represenhumansn on-line auctions. Suchagentshave the ad-

vantage®f beingableto systematicallymonitor a wide variety of auctionsandthenmale rapid decisionsabout

whatbids to placein whatauctions. They cando this continuouslyandrepetitvely without losing concentra-
tion. Moreover, in complex multiple auctionsettings,agentsamay needto modify their behaiour in oneauction

dependingon whatis happeningn another To provide a meansof evaluatingand comparing(benchmarking)
researchmethodsn this areathe TradingAgent Competition(TAC) wasestablishedThis competitioninvolves

a numberof agentshidding againstone anotherin a numberof relatedauctions(operatingdifferentprotocols)

to purchaseravel packagedor customersAgainstthis backgroundthis paperdescribeshe design,implemen-

tation and evaluationof our adaptve autonomougradingagent,Southampton&C, one of the mostsuccessful
participantsn TAC 2002.

CatgoriesandSubjectDescriptors: [Agent-basedapplications): General
GeneralTerms:auctionsjntelligentagents

Additional Key WordsandPhraseson-lineauctionstradingagentcompetition.

1. INTRODUCTION

Online auctionsarea key componenbf mary e-commercesystemgHe et al. 2003]and
softwareagentsareincreasinglybeingusedin suchsettingsin orderto make effective and
efcient purchasesGiventhepotentialandtheimportanceof usingagentsn on-lineauc-
tion settingstherehasbeenconsideredesearctende&ourin developingbiddingstrateyies
for multiple auctiongAnthony andJenning2003](seeSectiord for moredetails).Given

thisfact,it wasdecidedo establishanInternationalTradingAgentCompetition(TAC) as
ameanof comparingandevaluatingwork in thisareg]Wellmanetal. 2001]. The TAC has
beensetup sothatthereis no optimal bidding strateyy thatis guaranteedo alwayswin.

Thisis becaus@anagents decisionmakinginvolveshigh degreesof uncertaintycausedy

therandomfeatureof the game the opponentsstratgjiesandthe particularcombination
of opponents.Againstthis backgroundthis paperreportsuponthe design,implementa-
tion andevaluationof our particulartradingagent(called SouthamptonTAC) in the 2002
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Tablel. SouthamptorAC's customelpreference$or game4594. PAD andPDD standfor preferredarrival and
preferreddeparturedate. HV standdor thereseration valueof stayingin the TampaTower hotel,andWV, PV
andMV standfor theutility associatedvith attendingAlligator Wrestling,the AmusemenPark andtheMuseum.

Customer| PAD PDD HV WV PV MV

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

competition?

In a TAC tradinggame,thereare 8 software agents(entrantsto the competition)that
competeagainsteachotherin a variety of auctionsto assembléravel packagedor their
individual customersaccordingto their preferencegor the trip.? A valid travel package
for anindividual customerconsistof (i) aroundtrip ight duringa5-dayperiod(between
TACtown andTampa)and(ii) astayatthesamehotel for every nightbetweertheirarrival
anddeparturedates.Moreover, arrangingappropriateentertainmenéventsduringthetrip
increasesheutility for the customersThe objective of eachagentis to maximisethetotal
satishctionof its 8 customerdi.e., the sumof the customersitilities). Customerhave
individual preferencesver which daysthey wantto be in Tampa,the type of hotel they
stayin, andwhich entertainmenthey wantto attend. This datais randomlygeneratedy
the TAC senerin eachgame(seeTablel for anexample).

Eachagenttommunicatewith the TAC senerthrougha TCP-base@dgentprogramming
interfacein orderto get currentmarket informationandto placeits bids. An individual
gamelasts12 minutesandinvolves28 auctions.Eachof thethreegoodtypesaretradedin
anauctionwith differentrules:

—Flights. TACAIR is theonly airlineselling ights (placingasks).Ticketsfor theseights
areunlimitedandaresoldin singlesellerauctions Thereare8 suchauctiong TACtowvn
to Tampa(day1to 4) andback(day?2 to 5)). Flight askpricesupdaterandomly every 24
to 32secondshy avaluedravn from arangedeterminedy theelapseauctiontime and
arandomlydrawn value.Flight auctionsclearcontinuouslyduringthe game.Thus,any
buy bid anagentmalkesthatis notlessthanthe currentaskpricewill matchimmediately
attheaskprice. Thosebidsnot matchingimmediatelyremainin theauctionasstanding
bids. In mostcasestheearlierthe ight is bought the cheapeitt is.

—Hotels. Therearetwo hotels: TampaTowers(T) andShorelineShantiegS). T is nicer
thanS. Hotelroomsaretradedin 16th price multi-unit Englishauctions.Overall, there
are 8 hotel auctions(for eachcombinationof hotel and night apartfrom the last one),
thatcloserandomlyoneby oneat theendof every minuteafterthe 4th. A hotelauction
clearsandmatchesidswhenit closeqi.e., 16 roomsaresoldatthe 16thhighestprice).

1More detailsof this competitionandits 26 entrantcanbe foundat http://wwwsics.se/tac.
2Thesepackagesreassemblethy theagentbiddingin anumberof auctionsin which theotherbiddersareother
competitionentrants.

3Customersarenot allowed to changetheir hotelsduringthe stay
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Tablell. SouthamptonAC's customeallocationfrom game4594.W, P, M standfor Alligator Wrestling,Amuse-
mentPark andMuseumandthefollowing numberindicatesthe dateof the entertainment.

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

Total utility: 9602

While a given auctionis open,its askprice is the current16th highestprice andthis

priceis updatedmmediatelyin responséo new bids. The price of otherbids, suchas
the highestbid, is not known by the agents. No withdrawal of hotel bids is allowed.
Supposehe currentask price is a, whenan agentsubmitsa new bid, two conditions
mustbe satis edfor it to beaccepted(i) it mustoffer to buy atleastoneunit ata price
ofa 1lorgreater{ii) if theagentscurrentbid would haveresultedn the purchasef q

unitsin thecurrentstate the new bid mustoffer to buy atleastq unitsata 1 or greater

—Entertainment.Eachagentis randomlyendaved with 12 entertainmentickets at the
beginningof thegame.All agentantradetheir ticketsin a continuousdoubleauction
(CDA). Overall,thereare12 CDAs (for eachkind of entertainmentfor eachof daysl to
4). Bids matchat the price of the standingbid in the CDA. An entertainmenpackagds
feasibleif noneof theticketsarefor eventson the samedayandall theticketscoincide
with the nightsthe customeiis in town. No additionalutility is obtainedfor a customer
attendingthe sametype of entertainmentorethanonceduringthetrip.

A customers utility from avalid travel andentertainmenpackagé is givenby:
Utility 1000 TravelRenalty HotelBorus FunBonus

whereTravelRenalty 100 AD PAD DD PDD (ADandDD arethecustomers
actualarrival anddeparturedates) HotelBonuss the bonusif the customeistaysin T, and
FunBonuss thesumof theresenationvaluesof all theentertainmen& customereceves.
Toillustratethis, theallocationsandscoredor SouthamptonAC, giventhepreferences
Tablel, areshavn in Tablell. For example,the utility of customer6 is obtainedby the
following:

TravelRenalty 100 AD PAD DD PDD O
HotelBonus 135 FunBonus 75 127 0 202
Utility 1000 0 135 202 1337
At theendof eachgame the TAC scorer{onthe TAC sener) allocategheagentstravel
goodsto its individual customer®ptimally. Thevaluefor aparticularallocationis thesum

of theindividual customeuutilities (e.g. 9602). Theagents nal scoreis thenthevalueof
this allocationminusthe costof procuringthe goods.

4An invalid travel packageeceves zeroutility.

ACM Transactionsn InternetTechnologyVol. V, No. N, Month 20YY.



Designingabiddingstratey for the TAC auctioncontet is achallengingproblem.First,
thereareinterdependenciesheseexist betweendifferentkinds of auctions(e.g., ights
will be uselesdf the hotel roomsare not available); betweendifferent dateswithin the
samekind of auction(e.g.,customersnuststayin the samehotel duringtheir stay); and
betweensameday, samekind counterpartuctions (e.g.,if the price of T1 is high, the
customercanchangeo S1). Secondthebiddinginvolvesuncertainty For example, ight
pricesstartrandomlyandchangecontinuouslyin arandomfashion,onerandomlyselected
hotel auctionclosesfrom the 4th to 11th minute. Third, trade-ofs exist in bidding. For
example,in ight auctions,f anagentbuysall the ight ticketsvery early, it mayfail to
buy thenecessarjotelroomsthatthe ights require.

Theremaindeof the paperis organisedasfollows. Section2 presentshe designof our
agent.Section3 describesheresultof TAC-02andevaluateghe performancef ouragent
in differentervironments.Sectiond discusseshework of otherteamsparticipatingin the
TAC andSection5 concludes.

2. SouthamptonAC

SouthamptonAC is anadaptve agentthatvariesits bidding stratey accordingto its per
ceptionof the prevailing market conditions.

2.1 Classifying TAC Environments

Our posthoc analysisof the TAC-01 competition[He and Jenningx2002] shavs thatan
agents performancedependshearily on the risk attitudeof its opponents.Here a risk-

averseagentis onethatbuysa smallnumberof ight ticketsatthe beginningof thegame
andthat bids for hotelsaccordingto the situationasthe gameprogresses.This kind of

agentis highly e xible and copeswell whenthereis a signi cant degreeof competition
andthe hotel pricesare high (seebelaw). In contrast,a risk-seekingagentbuys a large
numberof ight ticketsatthe beginningof thegameandseldomlychangeshetravel plan
of its customersduring the game. This kind of agentdoeswell in environmentsin which

hotelsare cheap. For example,when a hotel price goesup sharply a risk-averseagent
would stopbidding on that hotel (changingthe stayto a counterparhotel or reducingthe
trip period).In contrastarisk seekingagentwill insiston biddingfor thathotel,although
the priceis very high. In sodoingit hopesthatthe pricewill eventuallystabilise(hence
therisk). The consequencef this varietyis thatfor broadlythe samesituation,different
agentscanbring aboutwidely varying nal prices.Basedon the analysisreportedin [He

andJenning002],we identify thefollowing typesof TAC ervironment:

—Competitiveervironmentsvherethe pricesof the hotelsare(very) high. Thisis caused
by (a)thehighbid pricesthatagentgplace;(b) thefactthatsomeagentsnsistonbidding
for hotelseven whentheir ask price becomeshigh; and (c) the factthat someagents
increaseheir bids sharplyratherthangradually For example,in game4594.,the prices
of T (S)are(in theincreasingrderof day): 5 (6), 238(557),155(102),and40(11). For
mostcustomersn this game.,it is bene cial for anagentto reducethe stayto a single
day (eitherday 1 or day 4). To achieve this, however, the agentneedsto be e xible.

5For the auctionof the sameday, T andS are calledtheir counterpartuctions. For example, the counterpart
auctionof T1is S1andthecounterparbf S1is T1. Also, we will usetheabbreiationTnandSn(1 n 4)for
stayingin theindicatedhotelon a particularday.
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Fig.1. Overview of the Southampton&C-02 agent.

Speci cally, it cannotbuy all the ights at the very beginning of the game,otherwise,
whenthe hotel pricesrise to high values,it hasto give up the travel packagdor some
customeror pay thesehigh pricesfor hotels. Being predictive is alsoimportant. By
predictingthe price of the hotels,the agentcanmake alternatve plansto copewith the
very high prices.

—Non-competitiveervironmentswherethereis very little competitionfor hotelsandan
agentcanobtainthe roomsit wantsatlow prices. For example,in game6341,thereis
very little competitionandthe closingpricesfor T (S) are7 (12),92 (27), 70 (53) and
62 (7). In this situation thebeststratey is to buy all ights earlier;sincetheagentsan
alwaysgetthe hotelsthey want.

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

2.2 The Agent Architecture

Figurel overviewsthe SouthamptonAC agent.It connectdo the TAC senerin acontinu-
ousseriesof rounds(lastingbetweer? and4 seconds)In eachround,our agentprocesses
this ask/bidinformationin “Bids preprocessorto getthe ight prices,goodsit actually
ownsandmay possiblyown (hotelrooms)andits currentlyactive bids. “Hotel price pre-
dictor” is usedto predictthe likely clearingprice of eachhotel auction(seeSubsection
2.3). All of this informationis theninput to “Allocator” which calculatesthe optimal
distribution of goodsto customergiventhe currentsituation(usinglinearandintegerpro-
grammingtechniques).Given this assignmentthe agentthendeterminests subsequent
biddingactions.“Hotel bid adjustor’takestheallocators output,theagents currentactive
bids, the hotelauctions askprices,aswell asthe predictedpricesanddecideswvhetherto
bid. “Flight cateyoriser”classi eseach ight auctionaccordingto its expectedchangeof
priceandbasedn this decidesvhento bid andhow mary tripsto bid for. “Entertainment
bid processor'tletermineghetype andthe amountof entertainmento bid for. All of this
is broadlythe sameasthe SouthamptonAC-01 agent,and more detailscanbe foundin
[He andJenning2002].

WhereSouthamptonAC-02 differsfrom its predecessas in the way thatit performs
hotel price prediction(Subsectior2.3) andin having an ervironmentsensotiin the archi-
tecture. This componen{describedn moredetailin Subsectior2.4) aimsto determine
whattype of ervironmentthe agentis presentlysituatedn (asdetailedin Subsectior?.1).
Thereasorfor doingthisis sothattheagentcanadapiits biddingstrateyy accordingly(see
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Tablelll. Fuzzyrule basewhencounterpartiuctionis open.

IF Pis highandC is quick THEN Dis big.

IF Pis highandCP is highandC is nat-quick THEN Dis big.

IF P is highandCP is nat-highandC is nat-quick THEN D is medum.

IF PislowandCP is high THEN Dis medum.

IF PislowandCP is na-highTHEN Dis smal.

IF P is medum andCP is high THEN D is medum.

IF P is medum andCP is nat-high andC is nat-slow THEN D is medum.
IF P is medum andCP is nat-highandC is slow THEN Dis smal.

Subsectior2.5).

2.3 Hotel Price Prediction

Like its predecessoiSouthamptonAC usesfuzzy reasoningechniquegspeci cally the
Sugenocontroller[Sugenol1985]) to predicthotel clearingprices(seeSubsectior8.3 for
an evaluationof the effectivenessof our approach).Southampton&C-01 usedtwo rule
basedo make its predictions:(i) for whenboththe goodandbadhotelsare openand (i)
for whenthe counterparauctionwasclosed.However, we foundthatour predictionsn the
lattercasecouldbeimprovedif we separatedutthecasesn whichthecounterparauction
hadjust closed(within thelastminute)andwhenit hadbeenclosedfor alongerperiodof
time. This differenceoccursbecauséotelpriceschangemorerapidly andwith a different
patterrwhenthecounterparhasjustclosed.Whenthecounterparauctionhasbeenclosed
for alongerperiod,thechangesresmaller We alsosimpli ed thepredictionrulesfor the
casewhereboth auctionsarestill open. For example,in somecaseghe currentpricein
the counterpartuctionis not consideredecauseve foundthe price changeo be a better
indicatorthanthe currentprice. In moredetail,thethreerule basedor SouthamptonAC-
02aregivenin Tableslll to V. Thefactorsconsideredn thepredictionsarethepriceof the
hotel (P), the price of the counterparhotel (CP), the price changen the previous minute
(C) andthe previous price changeof the counterparhotel (whenit closed)(CC). In these
tables,the hotel ask prices(P andCP) areexpressedn the fuzzy linguistic terms: high,
medium andlow andthe price changeqC andCC) in the fuzzy linguistic termsquick,
medium andslow. D  smallmediumbig very-big is the increasethatis addedto the
currentpriceto obtainthe predictedclearingprice.

2.4 TAC Environment Recognition

We treatthe ervironmentrecognitionproblemas one of fuzzy patternrecognitionsince
it is impossibleto preciselydeterminethe type while the gameis running. To this end,
we thereforeapply the maximumsimilarity principle [Pedrycz1990]in the ervironment
sensorcomponenbf theagentarchitecture This recognitionprocesss usedin two cases:
beforea gamestartsand during a game. Before a gamestarts,the agentcalculateshe
averagehotel closing pricesof the previous 10 game$ from the price history and uses
the maximumaverageprice as a referenceprice to classify the environmentin a given
game.We usethe maximumpricein this fashionsinceif onepriceis highit is likely that

6We choseten (basedon experienceof playing the game)asa suitableindicatorthatis sufciently stableto not
bein uenced by atypicalgameoutcomeshut sufciently adaptve to respondo genuinechangesn the patterns
of games.
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TablelV. Fuzzyrule basewhencounterparauctionjust closed.

IF Pis highandC is nat-slowandCC is quick THEN Dis very-big.
IF Pis highandC is na-slowandCC is nat-quick THEN Diis big.
IF Pis highandC is slowandCC is quick THEN Dis big.

IF Pis highandC is slowandCC is nat-quick THEN D is medum.
IF P is medumandC is quick THEN Dis big.

IF P is medum andC is medum andCC is quick THEN Diis big.

IF P is medum andC is medum andCC is nat-quick THEN D is medum.
IF Pis medumandC is slowandCC is quick THEN Dis medum.
IF Pis medumandC is slowandCC is na-quick THEN D is smal.
IF PislowandC is slowandCC is quick THEN Dis medum.

IF PislowandC is na-slow THEN D is medum.

IF PislowandC is slowandCC is na-quick THEN Dis smal.

TableV. Fuzzyrule basewhencounterparauctionhasclosedfor morethanoneminute.

IF Pis highandC is nat-slow THEN Dis big.

IF Pis highandC is slow THEN D is medum.

IF Pis medumandC is quick THEN Dis big.

IF Pis medumandC is medum THEN D is medum.
IF Pis nat-highandC is slow THEN Dis smal.

IF PislowandC is na-slow THEN D is medum.

otherswill alsobe high and so the ervironmentis competitive (mutatis mutandiswhen
the referenceprice is low or medium). During a game,the agentcontinuouslymonitors
the currenthotel pricesandrecordsthe currentmaximumprice to seeif the ervironment
type changedrom its initial prediction. More formally, let T; (S) represent (S) on day
i, andPy, (Pg) representhe currentpriceif the agentis monitoringa runningauctionor
the averagehistory priceif it is makingits initial assessmemtf the ervironmentof T; (S).
Supposeghepricesof Ty, T4, S, &, arePr, P, Ps, ,Ps. ThenPnax(the
maximumhotel price)is simply:

Pmax max Pr, Pr, Pr; P, Ps; Ps, Ps; P,

LetEc, Es, andE, correspondo thefuzzy setshatrepresentompetitive, semi-competitie
andnon-competitve environmentsrespectiely (seeFigure2). Now thetype of environ-
ment(e) canbedeterminedy ascertainingvhich of the fuzzy setsthereferenceprice has
the strongestmembershigo. Thusif:

Ex Pmax ammax Ec Pmax Es Pmax En Pmax

thene is of ervironmenttype Ex, wherex c¢sn andE; x, Es x , andE, x arethe
similarity functionsfor the fuzzy setske, Es, andE,. Thesesimilarity functions(denoted
1) capturenow muchthehotelpricebelonggo eachof thedifferentervironmentsandthey

arede ned asfollows:

1  x 50
MEy X 0 x 120
120X 50 x 120
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Similarity degree
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Fig.2. Fuzzysetsof thethreeervironmenttypes.

1 100 x 150
§ 0 x 2000rx 50
HEs X §° 50 x 100
2
0 x 150 x 200
1 x 200

Mec X 0 x 150

150
x 150 150 x 200

2.5 Varying the Bidding Strategy

After our experiencesn TAC-01,we cameto believe thatthereis no single beststratey
thatcandealwith all the differenttypesof TAC environment.For example,arisk-seeking
agentthat always allocatesthe optimal travel packagefor its customersand buys ights
earlieris highly effective in non-competitie ervironments.This is becausehereis little
competitionin hotel biddingandthe agentcanalwaysobtainwhatit wants. On the other
hand, delayingbuying ights andshorteningthe stay of customerswvorks well in com-
petitive games.For this reason SouthamptonAC dynamicallyvariesits bidding stratey
accordingo its assessmeinf theernvironmenttype (seeSubsectior3.4for anevaluationof
the effectivenesof beingableto dothis). In gamest deemanon-competitie, Southamp-
tonTAC buysall of its ight ticketsat the beginning of the gameand never changeghe
travel plan of its clients (unlessit senses changein the ervironment). In this way; it
avoids buying extra hotelswhich costextra money. Also, the agentcanreceve optimal
utility by not shorteningthe stayof its customers.In competitve gamesour agentbuys
ights accordingto its assessmentf the ight cateyory.” In thesegamesthe agentmay
alterits customerstravel plansin orderto avoid stayingin expensve hotelsfor long peri-
ods.In semi-competitie gamestheagentehaesin betweerthesewo stratgies;it buys
mostof the ights earlierandwill only changetravel plansif a signi cant improvement
canbeobtained.

3. EVALUATION
Our evaluationof SouthamptonAC is composef two components(i) theresultsfrom

the2002competitionitselfand(ii) ourpost-hocsystemati@nalysisn arangeof controlled
ervironments.

“The agentcontinuouslymonitorsthe ight price changesand cateyoriseseach ight accordingto its rate of
change.Basedon the ight cateory, it decideswhento buy the ights in a exible way (e.g., rapidly rising
ights areboughtquickly, whereasslow rising onesareboughtnearthe end).
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TableVI.

Resultof SeedingRound(440games).

Rank Agent avg(-10worst)  Avg
1 ATTac 3129.5+1.8 3033.5+4.2
2 SouthamptorAC ~ 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
TableVIl. Resultof Final Round(32 games).
Rank Agent Avg(-worst)  Avg
1 whitebear 3492+64.4  3385.5+27.3
2 SouthamptorAC 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-02consistedf apreliminaryround(mainly usedfor practiceand ne tuning),aseed-
ing round, the semi- nals andthe nal round. The seedingrounddeterminedgroupings
for thesemi- nalsandinvolvedabout440games.To thisend,TableVI shovstheresultof
eachagentsrelative scoreto SouthamptonAC. Notethereis lessthan?2 pointsdifference
betweenATTac and SouthamptonAC and given the randomfeaturesof the gametheir
performanceshouldbe consideredasbroadly similar. Thetop 16 agentswereorganised
into two “heats”for thesemi- nalsbasedntheir positionin theseedingoundandthe rst
four teamsin both heatsenteredinto the nal round. TableVIl shows the scores(again
relative to our agent)of all the agentsin this nal round. Again the differencebetween
SouthamptonAC andthetop agentis small,lessthan0 8% thanwhitebear

Overall, in the courseof the competitionsome606 gameswere playedand Southamp-
tonTAC had a higher meanscorethan both ATTac and whitebear We believe that this
large numberof gamesandthe very natureof the competitionmeanthat the difference
in thetraders scoresre ect true differencedn the performanceof the agents'strateies.
Thuswe believe SouthamptonAC performssuccessfullyn awide rangeof situations.

3.2 Controlled Experiments

To evaluatethe performanceof our agentin a more systematidashionthanis possible
in the competition,we decidedto run a seriesof controlledexperiments.To do this we

devisedtwo competitoragentsthat adoptstrateies consistentwith the broadclasseof

behaiour thatwereobsenedin the competition:

—Risk-seekingagent (RS-agent) This is basedon the behaiour of livingagents UM-
BCTAC, andWalverineagentqseeSection4 for moredetails). This agentbuysall the
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ights ticketsatthebeginningof thegame bidsaggressiely in hotelauctionsandnever
changeghe plansfor its customers.

—Risk-averseagent(RA-agent) Thisis basedn thebehaiour of SouthamptonAC-01,
Retsinaandsicsagent(seeSectiord for moredetails). This agentbuysa smallnumber
of ight ticketsatthe beginningof the gameto leave some e xibility andit will change
thecustomerstravel plansaccordingo how thegameunfolds.

For boththesetypesof agentsaswell asfor SouthamptonAC, a recordis keptof the
closingprice historyandtheinitial travel plansfor the customersarecalculatedbasedon
theaverageprice of this history.

The set-upof the experimentis shovn in TableVIIl whereit canbe seenthatthereare
36 differentcaseswhich cover all possiblecombination®f SouthamptonAC, RA-agents
andRS-agentgiiventhattherecanonly be eightagentsn onegame.For example,in the
casewherethe numberof RA-agentdss 2 andthe numberof RS-agentss 1, therewill be
5 Southampton&C agents. For eachcase,betweens0-10¢ gameswere playedto test
the performanceof eachkind of agent.In thisway, it is possibleto producea wide range
of environments from competitive to non-competitve, andto evaluatethe corresponding
performancef thedifferenttypesof agentsaandthebroadbehaviour trends.Thefollowing
Conjecturesvereusedasanapproximateguidefor designingthe experiments.

Conjecture 1: The more RS-agentgherearein the game,the more competitve (see
Section2.1) it will be andthe more RA-agentsthereare,the lesscompetitive it will be
(shawvn by theshadingn TableVIIl).

Conjecture 2: RS-agentsvill dowell in non-competitie ervironmentsandRA-agents
will dowell in competitive ones.

In termsof Conjecturel, theaveragehotelclearingpricefor thoseervironmentmarked
ascompetitive (in TableVIll) is 240andfor thoseenvironmentmarkedasnon-competitire
it is 67. ThusConjecturel canbe seento hold.

We now startto analysethe performancen the differentervironments.Figure3 shows
the performancesurfaceof SouthamptonAC in the differentcases. The x-axis andy-
axisrepresenthe numberof RS-agent§Nrg) and RA-agentyNra), thus,the numberof
SouthamptonACis 8 Nrs Ngra Thez-axisshaws the averagescoré of Southamp-
tonTAC. The higherthe score,the betterthe agentperforms. Figures4 and5 shaw the
performancef the RS-agentandRA-agentson similar graphs.

As shovnin Figure3, SouthamptonAC doesbest,obtainsthehighestscore jin compet-
itive gamegq(i.e., wherethenumberof RS-agentss big). Thisis dueto theadaptie nature
of its stratgy. Whenit nds the gamecompetitive, it altersits stratey in the direction
of beingrisk-averse.In non-competitve ervironmentswheretherearemary RA-agents,
SouthamptonAC also doeswell sinceit adaptsits strateyy to bid aggressiely because
it canalways obtainthe goodsit wants. Both of theseobsenationsare consistentwith
Conjecture2. The worst situationfor Southampton&C is whenall the playersarelike
itself. This is becausdghe competitive tendenyg of the agentscauseghe hotel pricesto
riseto moderatdevelsandthenmary of theagentchangeheir customerstravel plansat

8This numberdiffers from gameto game.The experimentfor a singlecasestopswhenthe relative scoresof the
agentdbecomestable.
9Supposeherearem SouthamptonAC agentsandthe averagescoresof theseagentsares;, S, , Sm. Then

am
theaveragescoreshavn onthe z-axisis %
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TableVIIl. Experimenset-upfor controlledexperimentsThelight grey areaindicatescompetitve ervironments
anddarkgrey non-competitie ones.

Number of RA-agents

0 1 2 3 4 5 6
20 8 7 6
©
> 1 7 6 5 1
h2| 6 5 4 1
r3 5 4 3
4] 4 3 2 1 T
£5 3 2 1 Number of
56 2 1 <— SouthamptonTAC
Z

; q agents

4000 —,

3000 |

2000 -

1000

-1000 |

Performance of SouthamptonTAC

-2000 — s

Fig.3. Performancef SouthamptonAC in differentervironments.

approximatelythesametime. This switchingbehaiour causeshecounterparhotelprices
to rise (becausef increasedcompetition)andthe agentsto have unusedights or hotel
roomsboughton accountof their previoustravel plans.For RS-agentsasshovn in Figure
4, theresultsalsosupportConjecture2. RS-agentdehae very well in non-competitie
gamesandtheir performancelecreasespidly asthenumberof RS-agentincreasesThis
happendecaus@asmoreagentdid aggressiely, the hotel closingpricesgethigher RA-
agentdbehae bestin competitive ervironmentswhentherearemary RS-agentsperform
adequatelyn non-competitre gamesandworstin semi-competitre gamesvhenthereare
afew RS-agents&nd SouthamptonAC agentgseeFigureb). In thelattertwo casesRA-
agentschangetheir customerstravel packageseasonablyften andthis causeghemto
buy extra hotelsand ights thatthey cannotsubsequentlyse.

Moreover, from Figures3to 5, we nd thattherangeof scoredor eachkind of agentare
different;for SouthamptonACit is 1372 3737, for RS-agent# is 2742 2374 andfor
RA-agentst is 1709 3445. Thusthe RA-agenthasthe narravestscorerangeandis the
moststableagent. The RS-agenhasthewidestscorerangesinceits performancalepends
heavily on the ervironmentit is situatedin. Southampton&C is in between Jessstable
thanRA-agentqbut ableto obtainhigherscoreshput with a betterworstperformancehan

ACM Transactionsn InternetTechnologyVol. V, No. N, Month 20YY.
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Fig.4. Performancef Risk-seekingagentsn differentervironments.

Fig.5. Performancef Risk-averseagentsn differentenvironments.

RS-agents.

While Figures3 to 5 shav the performanceof a single type of agentin variousen-
vironments,Figure 6 comparegheir scores. Thereare 8 sub guresand eachof them
representseveral casesof the above experimentst® We found that when the number
of SouthamptonAC agentsis small (lessthan4), they canalways outperformboth RS-
agentsandRA-agentgasshavnin (e)to (h) andsomecasesn (a)to (d)). Thisis because
SouthamptonAC cansuccessfullyadaptitself in competitve gamesandbecomeaggres-
sive in non-competitve ones. However, aswe discussegreviously, whenthe numberof
SouthamptonAC agentsis above 4, the agentsexhibit similar behaiour and make the
marketlessef cient. Generallyfrom (a)to (h), it canalsobeseenthatpro ts for all agent
typesincreaseasthe numberof RA-agentincreasegbecauseheseagentkeepthe hotel
priceslow).

10For example,in gure (c), thereare2 RS-agentsthusthe horizontalaxis representshe numberof RA-agents
andtheverticalaxisis the averagescoreof the differentagenttypes.
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Fig.6. Relatve Performancef theagentdn differentenvironments.

3.3 Predicting Hotel Prices

13

Most of the agentsin TAC engagein someform of hotel price prediction(seeSection
4). Since,generallyspeakingthe moreaccuratelythe agentcan predictthesepricesthe
moreeasilyit canidentify pro table actions.To this end, TablelX shawvsthe accurag of
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TablelX. Actualvs. predictechotelprices.Positive gure meansverpredictionandnegative 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

Tl 79 9 8 8 8 8 8

T4 g7 10 10 10 10 10 10 -17

SouthamptonAC's predictionson a minuteby minutebasisfor a singlegame(randomly
chosen)in the nal. The gures in the table are the differencebetweenthe predicted
price andthe actualprice. Thus,a positive numbermeansover predictionanda negative

one meansunderprediction. As we cansee,the trendis 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

gameprogressesmoreinformationis revealed(suchasthe closingorder of the hotels,
the currenthotel pricesandthe relation betweenthe hotels). This, in turn, meansmore

accuratepredictionscan be made. This is importantfor our agentsinceit enablesits

e xible decisionmakingto be basedon moreor lessaccuraténformation. In mostcases,
ouragentendsto over predictthehotelclosingprices.If thehotelpricesarenotvery high,

theagentwill not suffer sinceit will not changehe planfor its customerswhereasf the

pricesarevery high, theagentanay changehetravel plansfor its customersandtherefore
obtaina lower score(sinceit may have bought ights or roomsthatit cannotnow use).
However, whenhotel pricesrise very quickly, our agenttendsto underpredictwhich can

causdt to buy highly pricedhotels(soreducingits pro t).

FurthermoreTableX shavsthedifferencebetweerthe predictedandactualhotelclos-
ing pricesfor the orderin which they closedin the nal. For example,for the hotel that
closedrst (whateverthathappenedo bein a particulargame),the averagedifferenceis
64, the maximumdifferenceis 174! andthe minimumis 8. Theseresultsare consistent
with thoseof TablelX andshow thatthelaterahotelclosesthemoreaccurateour agents
predictionis.

3.4 Strategy Adaptation

To test the value of the agentbeing able to adaptits stratgy during the courseof a
game,we comparethe performanceof our agentwith a non-adaptie variant(calledna-
SouthamptonAC) that is identical apart from the fact that it cannotchangeits strat-
egy oncea gamehasstarted. In eachgame,therewas one SouthamptonAC, one na-
SouthamptonAC and the remainingagentswere dravn randomlyfrom a pool of RS-
agentsaandRA-agents We ranthis con gurationfor 164gamesandcomputedhe average
scoreof eachagentype. Ourresultswerethattheadaptve agentrecevedanaveragescore
of 3138,thenon-adaptie oneanaverageof 2937andthe otheragentsanaverageof 1657

11This numberis large andit occurredat the beginning of the nal wherethe price history datawasbasedupon
the seedingound(which hadvery differentoutcomedrom the nal round).
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TableX. Hotelclosingpricepredictionin nal round.

Closingorder Avg difference Maxdifference 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-agentspnd 2649 (RA-agents).This shavs thatbeingadaptve doesindeedimprove
theagents'performance.

4. RELATED WORK

Relatedwork on biddingin multiple heterogeneousuctionsin generais discussedn the
companionpaper[Anthony and Jenning2003]. So herewe focus solely on examining
agentdevelopedfor the TAC. Specially we discusghe mostsuccessfuhgentsrom both
TAC-01and TAC-02in Table Xl. ATTac usesmachinelearningtechniquedo obtaina
modelof the price dynamicshasedn the pastdata(e.g., the datain the seedingound)to
predictthe closingpricesof the hotelsin thefuture. It alsousesmixed-integerlinear pro-
gramming(ILP) to nd theoptimalallocationof thegoods[Stoneetal. 2001]. cuhkagent
is composeaf a costestimatoranallocationandacquisitionsolver andbidders.It usesa
greedyheuristicsearcho nd thetravel package$or customerslivingagents[Fritschiand
Dorer2002] basests decisionson closingprice datafor the varioushotelsin pastgames
andit buysall the ights neededatthe beginningof thegame.It alsobuys/sellsentertain-
mentticketsata x edpriceof 80. It makesbidsfor the neededotelsonly onceduringthe
gameagainata x edprice (of 1001).PainInNECs strateyy is acombinationof heuristics
anda geneticalgorithm basedoptimisationmethod,which outputsthe goodsto buy and
sell giventhe predictedauctionclearingpricesandcustomerspreferencesRetsinausesa
Markov ChainMonte Carlo approacho allocatethe goodsto its customersandit usesa
matrix learnedfrom pastgameso predictthe hotel's future prices. RoxyBotiGreenvald
and Boyan 2001] decidesthe goodsto bid for basedon heuristicsearchtechniquesand
appliesa maminal utility calculatorto determinethe value of the goods. sicsusesprice-
linesfor price predictionandthe optimiserperformsbranch-and-bounslearcHor thebest
solutions.UMBCTAC balanceghe minimal risk andthe maximumreturnto nd thebest
travel planfor its customers\Walverinepredictsthe hotel closingpricesby calculatingthe
Walrasiancompetitive equilibriumof thegame.whitebearusesarandomisedyreedyalgo-
rithm to calculatethe price of eachcommodityboughtor sold andusesBayesiaranalysis
to computetheminimumandaveragevalueof the ight' s determinantactot

As canbe seenfrom the above discussionthe TAC agentdesignsncorporatea variety
of Al techniquesncludingfuzzy reasoningmachindearning,planning,Markov decision
makingandheuristicsearchingMost agentskeepa recordof the hotel closingpricesand
useavarietyof methodgo predictsubsequertotelclosingpricesin orderto allocatetravel
packageso customersMoreover, anumberof theagentsadapttheir biddingbehaviourin
responseo ervironmentalchangesSuchadaptatiorincludesour agentvaryingits bidding

ACM Transactionsn InternetTechnologyVol. V, No. N, Month 20YY.



16

TableXI. Comparisoramongagenty RS meansrisk seeking RA risk averseandRN risk neutral(betweerRS
andRA). — meansnformationunavailable).

Agent PricePrediction  Allocator Attitude
ATTac machindearning ILP RN
cuhk averageprices heuristicsearch RN
livingagents averageprices search RS
PainInNEC — Geneticalgorithm RA
Retsina price matrix Markov chain RA
RoxyBot pricedistribution  heuristicsearch RA
sics pricedistribution  branch-and-bounslearch RA
SouthamptorAC  Fuzzyreasoning ILP RN
UMBCTAC averageprice heuristicsearch RS
Walverine Walrasiancompe- ILP RS
titive equilibrium
whitebear averageprice greedysearch RN

behaiours(asdescribedn Section2.5), AT Tacwhich variesthe numberof ights it buys
atthebeginningof the game,andwhitebeamwhich postponesome ight ticket purchases
until afterit learnsthehotelprices.

5. CONCLUSIONS

SouthamptonAC hasbeenshavn to be successfulcrossa wide rangeof TAC environ-
ments.Naturallythe strat@iesthathave beenemployedaretailoredto thespeci ¢ auction
context of the competition(asis ary agentstrateyy for ary otherauctioncontext). Nev-
erthelesswe believe that the TAC domainexhibits a numberof characteristicghat are
commonto mary real-world, on-line trading ervironments. Theseattributesinclude a
time constrainednvironment,network lateng, unpredictabl@pponentsmultiple hetero-
geneousauctiontypesandthe needto purchasdnter-relatedgoods. Given this, we be-
lieve thata numberof insightsandtechnologiegrom our work areapplicablein abroader
agent-mediated-commerceontet andour futurework aimsto exploit these. Firstly, the
uncertaintythatis inherentin suchsituationaneanghatabiddingagenineeddo beableto
adaptits behaiour andstrateyy duringthe courseof its interactions.While attemptingto
settlethesethingsin advanceandnotrespondingo the prevailing context may sometimes
work (evenin repeatedencounters)it canproducebrittle behaiour thatis not robustin
a wide variety of circumstancesNeverthelessomedegreeof prior analysisis essential
to setthe basicparameterso approximatelycorrectvaluesotherwisethe agentmay take
a long time beforeit startsto perform effectively. Secondly the fuzzy technologiesve
developedfor makingpredictions assessinthe prevailing context andadaptingoehaviour
wereshawn to be computationallyef cient andableto operatewith relative simpleinfor-
mationthatis likely to be readily availablein mosttrading contets. Thirdly, and most
generally effective androbustbehaiour requiresa detailedunderstandingf the spaceof
ervironmentalpossibilitiesanda carefulevaluationof the broadresponsethatare desir
ablein suchcases.Having obtainedthis, the speci ¢ behaiour within sucha framework
canthenbe ne-tunedusingappropriateanalysisandadaptie technologies.
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