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1. INTRODUCTION

The TAC SCM gamescenarigposesgreatchallengesasthe agentshave to actin a very
high-dimensionalnon-deterministienvironment. A key sub-problenof the gamecon-
cerns nding a good (if not optimal) allocationof the available resourcesgspeciallyof
the productioncycles. Market-basednechanism$iave beenusedsuccessfullyfor com-
plex resourceallocationproblemsin grid computing(e.g.,[Wolski etal. 2001]),computer
networks (e.g.,[Kuwabaraand Ishida1994]), and scheduling(e.g.,[Walshet al. 1998]).
Marketshave sereraladvantagesver moretraditionaloptimizationapproachedrirst, they
offer the possibility of amodulardesign,in which differentagentswhich areresponsible
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for differentresources;gancommunicatéhroughthe market. Secondmarketscanprovide
amoreef cient searchmechanisnthantraditionalapproachesincealternatve courseof
actionare not consideredexplicitly. Third, in additionto an allocation,the market also
offersa valueattachedo eachresource.This is perhapshe mostimportantfeaturefrom
our point of view, aswe will describebelow.

Given the compleity of the TAC SCM scenario,our approachwasto have a highly
distributedarchitecturejn which simple,heuristic-basedgentsareassignedo dealwith
individual aspectof the game,suchas componenprocurementnd productionof cus-
tomerorders. Theseagentscommunicatehrougha market mechanisnin orderto deter
mine, collectively, which componentso purchasewhich typesof PCsto produce how to
allocatethe available componentsand productioncycles,andwhat offers to sendto cus-
tomers. This designresultsin an ef cient and e xible decisionmaking processwhich
helpedRedAgento win the TAC SCM competition.

The paperis structuredasfollows. Section2 describeghe high-level stratgy andthe
basicdesignof our agent.In Section3 we compareour agentto othercompetitorspased
ondatafrom the nals of TAC SCM competition,anddiscussavenuedor futurework.

2. REDAGENT DESIGN

TAC SCM posesa complicateddecisionmakingprocesshecausagentshave to dealwith
procurementproductionmanagemengswell asbidding for customerorders. However,
this processcanbe simpli ed by consideringtwo possiblehigh-level stratgies: buy-to-
build andbuild-to-order In the buy-to-huild strateyy, an agentstocksup on components,
andstartsproducingPCswithout necessarilyhaving ordersfor all the production.In the
build-to-order stratey, the rst concerrof aPCmalkeris to secureordersfrom customers;
then,PCsaremostlybuilt in orderto deliver theseexisting orders.The buy-to-tuild strat-
egy hastheadwvantageof ensuringalargestock,whichcanthenbe“dumped”’onthemarket
atary time. If theothercompetingnanufcturerdave low stocks this hastheaddedben-
et of beingableto obtainalot of customerordersat a high prot mamin. On the other
hand,in alow-demandmarket, this stratgly canbe detrimental giventhatsaleswould be
low, andpro ts may not be high enoughto cover the costof the unsoldPCs. Evengiven
this potentialpitfall, we adoptedhe buy-to-tuild strateyy, becaus¢he absencef costsfor
maintaininginventoryin the TAC SCM scenarianadeit appealing.

RedAgents composedf a numberof simple,heuristic-basedgentsasshavn in Fig-
urel. Thereare ve maintypesof agents:

—An Order Agent (OA) is createdfor eachreceved order Its goalis to obtainthe PCs
neededo Il theorderandshipthemto thecustomer

—OneComponenAgent (CA) is assignedor eachof the 10 typesof componentsthese
agentprovide RFQsandordersfor the suppliers.

—A ProductionAgent(PA) providesproductioncycles;thisis abottleneckesourcegiven
thefactthatonly a x edproductioncapacityis availableperday.

—An AssembleAgent(AA) is assignedor eachof the 16 typesof PC; it obtainscompo-
nentsfrom the CAs andproductioncyclesfrom the PA, thendelivers nished products
to the OAs.

—TheBiddersendsffersto customersn responséo RFQs.
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Fig.1. Overview of RedAgent components

Markets provide the main communicationand exchangelinks betweenthe different
agents. RedAgenthasone internal market for eachcomponentype, eachtype of PC
andfor the productioncycles. The goal of the marketsis twofold. On onehand,they are
usedasa searchmechanisnfor the bestactionsto take internally: which PCsto build,
how to allocatethe PCinventoryto the existing orders what supplierordersandRFQsto
issue.Onthe otherhand,marketsalsoprovide valueestimatedor the PCsthat RedAgent
produces.This is a very valuableside effect, asthe PC price estimatesare usedby the
biddingagentto formulateoffersfor customers.

In all of thesemarkets,tradingis performedthrougha sequencef auctions Theidea
of using sequentialauctionsfor allocatingcomplementaryesourceshasbeenexplored
beforein [Boutilier et al. 1999]. In our case,the mechanisnof sequentialauctionsis
desirable,comparedo combinatorialauctions,becauset allows goodsto be purchased
from differentsellers. As we will seebelaw, this featureis importantin our resource
markets. However, our work differs from [Boutilier et al. 1999]in thatthe bidsin each
auctionare not computedby dynamicprogrammingjnsteadwe usesimpleheuristicsto
guidethe bidding processas describedbelon. The main reasonfor using heuristicsis
efciency: becausalecisionshave to be madein a limited amountof time, andbecause
wewill runmary auctionseachday, eachinvolving seseralagentswe needto ensurethat
eachbid computationis asefcient aspossible. The ideaof usingauctionsat different
levels of a supply-chairhasalsobeenexploredbefore,andan auctionprotocoldesigned
for this purposehasbeenproposedn [Babaiof andNisan2001]. The main differencen
our approachs thatwe do not propagateénformationbackandforth betweerthe demand
side and the supply side of the chain; instead,we estimatethe future demandbasedon
currentdemand Althoughusingonly the currentdemanccanbe moreimprecisejt allows
for fastercomputationln thecurrentversionof theagentusingcurrentdemandorovedto
besufcient, but we areconsideringaddinga morecomple predictionmechanisnin the
future.
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Offer: (10 @ $800) (25 @ $875) (5 @ $900 ) (39 @ $1050)

Demand: (5 @ $1100) (5 @ $950 ) (60 @ $900) (20 @ $820)
Exchanged:(5 @ $900 ) (5 @ $900 ) (30 @ $900)
Fig.2. Exampleof marketexchange

All themarketsuseavariationof sequentialsealed-bidloubleauctions.In eachauction,
buyersandsellerssubmitsecrebfferanddemandidsfor theitemstradedn thatparticular
auction(componentsPCsor productioncycles). The offer anddemandpro les obtained
in this way are matched,and a single exchangeprice is determinedwhich will be used
for all thetrades.In the currentimplementationyve usethe midpointbetweerthe highest
satis edoffer andthelowestsatis eddemandastheexchangeprice. An exampleof sucha
marketexchangés givenin Figure2. This mechanisnis designedo maximizetheoverall
utility gain, assuminghatthe bids areindicative of the true valuationsof the buyersand
sellers.Thisassumptioris justi ed in our casebecausghisis aninternalmarket,in which
the participatingagentsvork towardsa commongoal.

Themarketsfor resource$old severalroundsof auctionseachday; with theseauctions
taking placein a prede nedorder: productioncycles (usually the most contentiousre-
source) CPUs(themostexpensve resource)motherboardanemory harddrives.In each
auction,the main buyersarethe assembleagents(which participateonly in the markets
trading resourcesghey need),andthe main selleris the correspondingomponeniagent
or productionagent.However, assembleagentsalsohave the option of selling excessre-
sourcesThegoalof repeatingheauctionsduringadayis to allow theparticipatingagents
to adjusttheir valuationsbasedon the currentpricesandon the availability of otherneces-
saryresourcesFor instanceanassembleagentmay purchasea lot of productioncycles,
but thenrealizethatit cannotacquireenoughCPUsto sustainits production.In this case,
it will selltheexcessproductioncyclesin the next roundof auctionsto anassemblyagent
which canusethemmoreproductiely.

After an auctioncloses,the orderedlist of demandand offer bids is madeavailable
to all the participatingagents,in orderto allow themto adjusttheir future bids. In our
implementationpnly the sellersmake useof thedemandpro les in orderto adjustprices,
but we planto usethis informationmoreextensvely in thefuture.

All thecomponentgentdn this distributedarchitecturearebasedn simpleheuristics.
Duetolackof spacewe cannotdescribeall theseheuristicshere but werefertheinterested
readerto [Kelleretal. 2004]. Herewe will justmentionthe basicideasof theseheuristics.

The order agentsare createdfor eachcustomerorder, andtheir goal is to deliver the
requested®Cs, by acquiringthemfrom the assembleagents. The bid thatthey placeis
determinedas a sum of threecomponents:the baseprice of the materialnecessaryor
manufcturingthe PC, the estimateddiscountedpro t for the order (computedbasedon
the order price andthe currentcomponeniprice estimate) andthe penaltiessuffered by
not delivering the order A typical bidding pro le, asa function of the day aroundthe
orderdate,is shovn in Figure2. This bidding pro le hasanimportantin uence on the
PC market. If alot of PCsare being offered by the assembleagents the order agents
buy early, at alow price,andthe PC market closingpriceis closeto thetotal price of the
componentsiecessaryo producehePCs.If, onthe otherhand,notenoughPCsarebeing
producedthentherewill beabacklogof ordersandorderagentgyettheir PCslater This,
in turn determines@nincreaseof the closingprice.

The closingprice in the PC market is very importantbecauset is usedby the bidding
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Fig.3. Typicalbiddingpro le for anorderagent,asa functionof daynumberaroundtheorderdate.

agentin orderto determinewhatto offer in responseo customeiRFQs.During thecom-
petition, we usedan adaptve mamgin bidder It computesprice offersby takinga running
averageof the closingprice from the PC market andaddinga margin for eachnecessary
productioncycle. The mamgin is decreasedvhena lot of productioncyclesareavailable,
andincreasedf productionis at capacity By allowing a mamin per productioncycle
ratherthanper PC, we aim to maximizethe pro t percycle, which is importantbecause
manufcturingis the mainbottleneckin the system.

Theassembleagentsareresponsibldor purchasinggomponentandproductioncycles
andthenselling assembledPCsto the orderagents. The assemblersonstructtheir bids
with thegoalof maintaininga targetinventory which canbe viewedasa buffer to counter
spikesin PC demandor temporaryshortagesof components/productionapacity The
target inventoryis computedas the numberof PCsexpectedto be neededfor 10 days
of operation truncatedbetweenstaticlower andupperbounds. The expecteddemands
computedasa runningaverage(over 20 days)of the numberof pro table PCsrequested
by the orderagents.Thetargetinventoryis linearly increasedrom 0 in the beginning of
the game,to avoid “panicked” purchasing.A similar linear decreasés performedat the
endof thegameto eliminateexcessnventory

Assemblerglaceoffersin the PC market to sell their inventory In orderto form an
offer, the baseprice, b,, for agivenPCis the sumof the componentaindproductioncosts,
estimatedisingthelatestclosingpricesof thecorrespondingesourceuctions. Thewhole
PCinventoryis divided into threebatches.The rst two batchesare equalto the target
buffer. Thecomputersn the rst batcharepricedlinearly betweerb, andl 3b,, in orderto
increasehelik elihoodthatthis stockis kept. The secondbatchis pricedlinearly between
0 7by andb,. All othercomputersare offeredat 0 7b,. Hence,if and assemblestarts
sellingcomputerdrom its safetybuffer, the priceit offerswill increasén the PC market;
similarly, if anassemblehasa lot of stock,the PC market price will fall. Hence,this
informationis transmittedo thebidderusingthe PC market.

Theauctionsonthesupply-sideareusedasasearctmethodfor nding agoodallocation
of resourcegcomponentsand productioncapacity)amongthe 16 assembleagents. To
determinavhatbidsto place the assembletakesthe demandoro le from the mostrecent
PC auction. This is a sortedlist of demandbids, and eachbid is a price-quantitypair.
Basedon the currentresourcemarket prices,the assembleeliminatesunpro table bids.
Thenit addsa seriesof “fake” bids, so asto maintainits targetinventory This pro le is
thentranslatednto pro les for biddingon eachcomponent.

Componentagentsusethe sameprinciple of maintaininga desiredinventory but the
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Fig.4. AveragePCinventoryduringthe nals (left) andsemi- nals (right)

sizeof the componentbuffer dependsn the day in the game,aswell asthe averagede-
mand,estimatedrom the componenmarket. Detailsfor both the assembleagentsand
thecomponentagentsaregivenin [Keller etal. 2004].

3. COMPETITION PERFORMANCE

In this section,we try to provide someinsightinto the stratgy of RedAgent,aswell as
thatof othercompetitors.The datacomesfrom analyzingthe semi- nalsand nals of the
competition. In all the following graphs the agentsare orderedfrom left to right, in the
orderin which they rankedduringthe competition.

RedAgents buy-to-huild strateyy is quite apparenfrom the PC inventorygraphs pre-
sentedn Figure4. RedAgenthasby far the higheststockof PCsin the nal round. Dur-
ing the semi- nals, only one otherteam,HarTAC, had similar inventorylevels for some
systems. We note that HarTAC camelast during the semi- nal round due to technical
networking problemswhich causednecatastrophigame.Otherwise their performance
would have beenmuchbetter

The buy-to-huild stratgyy hastwo importanteffects. On onehand,RedAgents ableto
respondvery well to customeRFQs,giventhattherearealwaysPCsin stock. Figure5
shaws theratio of offerssentto customersdivided by the numberof RFQsreceved. As
canbeseenRedAgenthasa signi cantly responseatethanthe otherteams We alsonote
thatboth of thetop two teams RedAgentanddeepmaizehave higherresponseatesthan
therestof the competitors. A very similar pro le wasseenin the semi- nal round,where
only HarTAC hadsimilar RFQresponseates.

A secondmportanteffectis that, becausdRedAgenthaslarge stocks,it cansell when
other manufcturersare out of stock, thus obtainingvery good prices. Figure 6 shovs
the averageprice obtainedper PC.RedAgentmanageso obtainthe bestpricesin all PC
catggories bothin thesemi- nalsandin the nals.

A dual perspectie on performancas offeredby the inventoryandprice paid for parts,
shawvn in Figure 7 and Figure 8 respectiely. As canbe seen,RedAgentkeepsa fairly
large inventory (in orderto supportits production),but not too large, comparedo other
competitors. |t is alsoableto securecomponentst pricesthatarelower or very similar
to thoseof the competition thusensuringhigherpro t mamginsthanthoseof otheragents.
It is worth mentioningherethat the designof the gamefavored agentswhich buy their
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Fig.5. Percentagef customeRFQsfor which offersweresent

Fig.6. AveragepriceperPCtype

componentsitthebeginningof thegame.Someagentge.g.,whitebearyeliedexclusively
on rst-day supplies RedAgenbrdersmostof thesuppliesn thebeginning,but continues
to order supplieslater on, as needed. We anticipatethat this aspect,which had a high
impacton thisyear's competition[Estelleet al. tted], will beremovednext year

In conclusionthe useof internalmarketshasprovided RedAgentwith a very ef cient
searchmechanisnfor resourceallocation,while at the sametime ensuringthe commu-
nication betweendifferentagentsin our distributed architecture. It is worth noting that
RedAgentusessigni cantly fewer computationatesourceshanothercompetitordKiek-
intveld et al. 2004]. However, the relianceon markets hasthe disadwantageof losing a
lot of informationthat could be capturedn arichercommunicatiorprotocol. We planto
explorethisissuein futurework.
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