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Abstra
tThe MinneTAC trading agent is designed to 
ompete in the Supply-Chain Trading Agent Competi-tion [4℄. It is also designed to support the needs of a group of resear
hers, ea
h of whom is interestedin di�erent de
ision problems related to the 
ompetition s
enario. The design of MinneTAC breaks outea
h basi
 behavior into a separate, 
on�gurable 
omponent, and allows dynami
 
onstru
tion of analysisand modeling tools from small, single-purpose \evaluators". The agent is de�ned as a set of \roles", anda working agent is one for whi
h a 
omponent is supplied for ea
h role. This allows ea
h resear
her tofo
us on a single problem and work independently, and it allows multiple resear
hers to ta
kle the sameproblem in di�erent ways. A working MinneTAC agent is 
ompletely de�ned by a set of 
on�guration�les that map the desired roles to the 
ode that implements them, and that set parameters for the
omponents. We des
ribe the design of MinneTAC, and we evaluate its e�e
tiveness in support of ourresear
h agenda and its 
ompetitiveness in the TAC-SCM game environment.

1 Introdu
tionOne of the more 
ompelling appli
ation areas for autonomous agents is in ele
troni
 
ommer
e. De
isions
an be relatively 
lear-
ut (buy or sell, set a pri
e, submit a bid, award bids, et
.), and 
ommuni
ationsamong agents and between agents and their environments 
an be 
onstrained and highly s
ripted.Organized 
ompetitions 
an be an e�e
tive way to drive development and understanding in 
omplexdomains. Sin
e we don't fully understand how to build an automated e
onomi
 agent that will operatesu

essfully in open, real-world e
onomi
 environments, we 
an 
reate slightly more 
onstrained environmentsand 
arry out 
ompetitions in those environments. Examples related to ele
troni
 
ommer
e in
lude thePenn-Lehman Automated Trading Proje
t [9℄ and the TAC travel game [20℄. Another example is the Supply-Chain Management Trading Agent Competition [4℄ (TAC SCM), whi
h engages agents in simultaneousbuying, selling, produ
tion s
heduling, and inventory management problems.This paper des
ribes the design of the MinneTAC trading agent, whi
h has 
ompeted e�e
tively in TACSCM for several years. We have attempted to respond both to the 
hallenges of the game s
enario as well asto the need to support multiple relatively independent resear
h e�orts that are fo
used on meeting one ormore of those 
hallenges. We also evaluate the su

ess of our design both in terms of the 
ompetitiveness ofthe agents that have been implemented with it, and in terms of its ability to support our resear
h agenda.In Se
tion 2, we review the TAC SCM game s
enario, fo
using on the design 
hallenges presented bythat s
enario. In Se
tion 3 we review the \non-fun
tional" design 
hallenges that address organizational andresear
h needs. Se
tion 4 des
ribes the design of our agent, and Se
tion 5 represents an early attempt toevaluate the su

ess of our design. We wrap up with a des
ription of some relevant related work in Se
tion 6and 
on
lude in Se
tion 7.
2 Overview of the TAC SCM gameIn a TAC SCM game, ea
h of the 
ompeting agents plays the part of a manufa
turer of personal 
omputers.Agents 
ompete with ea
h other in a pro
urement market for 
omputer 
omponents, and in a sales marketfor 
ustomers, as shown in Figure 1. A typi
al game runs for 220 simulated days over about an hour of real
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time. Ea
h agent starts with no inventory and an empty bank a

ount, and must borrow (and pay interest)to build up an initial parts inventory before it 
an begin assembling and shipping 
omputers. The agentwith the largest bank a

ount at the end of the game is the winner.
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Figure 1: S
hemati
 overview of a typi
al TAC SCM game s
enario.
2.1 Game s
enarioCustomers express demand ea
h day by issuing a set of RFQs for �nished 
omputers. Ea
h RFQ spe
i�esthe type of 
omputer, a quantity, a due date, a reserve pri
e, and a penalty. Ea
h agent may 
hoose to bidon some or all of the day's RFQs. For ea
h RFQ, the bid with the lowest pri
e will be a

epted, as longas that pri
e is at or below the 
ustomer's reserve pri
e. On
e a bid is a

epted, the agent is obligated toship the requested produ
ts by the due date, or it must pay the stated penalty for ea
h day the shipment islate. Agents do not see the bids of other agents, but aggregate market statisti
s are supplied to the agentsperiodi
ally. Customer demand varies through the 
ourse of the game by a random walk.Agents assemble 
omputers from parts, whi
h must be pur
hased from suppliers, and manage inventoriesof parts and �nished goods. When agents wish to pro
ure parts, they issues RFQs to individual suppliers,and suppliers respond with bids that spe
ify pri
e and availability. If the agent de
ides to a

ept a supplier'so�er, then the supplier will ship the ordered parts on or after the due date (supplier 
apa
ity is variable).Supplier pri
es are based on 
urrent un
ommitted 
apa
ity.On
e an agent has the ne
essary parts to assemble 
omputers, it must s
hedule the assembly tasks inits �nite-
apa
ity produ
tion fa
ility. Ea
h 
omputer model requires a spe
i�ed number of assembly 
y
les.Assembled 
omputers are added to the agent's �nished-goods inventory, and may be shipped to 
ustomersto satisfy outstanding orders.2.2 Agent de
isionsAn agent for the TAC SCM s
enario must make four basi
 de
isions during ea
h simulated \day" in a
ompetition. It must de
ide whi
h 
ustomer RFQs to respond to, and set bid pri
es (Sales). It must de
idewhat parts to pur
hase, from whom, and when to have them delivered (Pro
urement). It must s
hedule itsmanufa
turing fa
ility (Produ
tion). It must ship 
ompleted orders to 
ustomers (Shipping). These de
isions
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are supported by models of the sales and pro
urement markets, and by models of the agent's own produ
tionfa
ility and inventory situation. The details of these models and de
ision pro
esses are the primary subje
tsof resear
h for parti
ipants in TAC SCM. In parti
ular, the Sales and Pro
urement markets are highlyvariable, and many of the important fa
tors, su
h as the 
urrent 
apa
ity and outstanding 
ommitments ofsuppliers, are not visible to the agents.
3 Design 
hallengesBeyond the 
hallenges presented by the TAC SCM problem domain, our resear
h needs present severaladditional issues. The most important is that our design must support multiple independent developerspursuing their own lines of resear
h. The TAC SCM s
enario presents a number of relatively independentde
ision problems, and there are many possible approa
hes to solving them. Our design must make itrelatively easy for a resear
her to fo
us on a parti
ular subproblem without having to worry about gettinga whole agent to work 
orre
tly. In addition, we expe
t to 
ontinue parti
ipating in TAC SCM over severalyears, and we want to avoid redesign and re-implementation over that time, even though we expe
t signi�
antdetails of the game s
enario to 
hange from one year to the next.De
ision pro
esses may involve somewhat arbitrary parameters, and their intera
tions and the sensitivityof agent performan
e to the settings of those parameters may not be well-de�ned. This is true even in 
aseswhere the agent is designed spe
i�
ally to minimize the number of su
h parameters by use of optimizationmethods [13℄. To understand these e�e
ts, we need to be able to 
on�gure agents with di�erent 
ombinationsof de
ision pro
esses and their underlying models and parameters.Experimental resear
h requires data. The TAC SCM game server keeps data from ea
h game played,whi
h may be used to understand and 
ompare the performan
e of 
ompeting agents. However, it is alsone
essary to integrate game data with information about the agent's internal state during the game, in orderto understand the detailed performan
e of agent de
ision pro
esses. This suggests a need for a data logging
apability that 
an be easily 
on�gured to extra
t needed data from a running agent, while keeping the sizeof log �les under 
ontrol.
4 The design of MinneTACTo address the design 
hallenges of the MinneTAC agent, we follow a 
omponent-oriented approa
h [18℄.The idea is to provide an infrastru
ture that manages data and intera
tions with the game server, and
leanly separates behavioral 
omponents from ea
h other. This allows individual resear
hers to en
apsulateagent de
ision problems within the bounds of individual 
omponents that have minimal dependen
ies amongthemselves. Two pie
es of software form the foundation of MinneTAC: the Apa
he Ex
alibur 
omponentframework, and the \agentware" pa
kage distributed by the TAC SCM game organizers. Ex
alibur providesthe standards and tools to build 
omponents and 
on�gure working agents from 
olle
tions of individual
omponents, and the agentware pa
kage handles intera
tion with the game server.4.1 A brief overview of Ex
aliburApa
he Ex
alibur [5℄ is a general-purpose 
omponent framework. It is widely used as a foundation formiddleware and server sofware, su
h as the OpenORB CORBA implementation1 and the Co
oon web appli-
ation framework2, but its use in the implementation of autonomous agents is rare. It does not provide the\
lassi
" fa
ilities for agent design, su
h as knowledge representation, inter-agent 
ommuni
ation, reasoningfa
ilities, or a planning infrastru
ture. Instead, it provides a means to build 
omplex, robust systems fromsets of role-based, 
on�gurable 
omponents. This satis�es a primary goal of MinneTAC, allowing resear
hersto work independently on individual de
ision problems with minimal need for detailed 
oordination withea
h other.1OpenORB.sour
eforge.net2
o
oon.apa
he.org
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Ex
alibur 
omponents are independent entities, in the sense that they typi
ally have very few dependen-
ies on ea
h other, and minimal, well-de�ned dependen
ies on the Ex
alibur framework itself. Componentsare 
oarse-grained entities, ea
h typi
ally 
omposed of a number of 
lasses. Control inversion puts primary
ontrol in the Ex
alibur \
ontainer", whi
h loads 
omponents, sets up log�les, 
on�gures the 
omponents,and starts any 
omponents that run independent threads.Ea
h Ex
alibur 
omponent is designed to ful�ll a spe
i�
 role, and an Ex
alibur system is a set of roles,ea
h of whi
h is mapped to a spe
i�
 Java 
lass. A role has a name, a set of responsibilities, and a well-de�nedinterfa
e. An Ex
alibur appli
ation is 
omposed of the Ex
alibur infrastru
ture, a 
ontainer that initializesthe system, and the 
omponents spe
i�ed by the 
on�guration. Con�guration �les spe
ify the spe
i�
 roles,the 
lasses that satisfy those roles, and 
on�guration parameters for those 
lasses. The 
ontainer reads the
on�guration �les, loads the spe
i�ed 
lasses, and invokes the Ex
alibur interfa
es on ea
h 
omponent.4.2 MinneTAC ar
hite
tureFollowing Bass et al. [1℄, we use the term \ar
hite
ture" to refer to the set of 
omponents that make up oursystem, along with their properties and relationships. A MinneTAC agent is a set of 
omponents layeredon the Ex
alibur 
ontainer, as shown in Figure 2. In the standard arrangement, four of these 
omponentsare responsible for the major de
ision pro
esses: Sales, Pro
urement, Produ
tion, and Shipping. In some
on�gurations, an LpSolver 
omponent is in
luded to provide optimization servi
es. All data that must beshared among 
omponents is kept in the Repository, whi
h a
ts as a bla
kboard [3℄. The Ora
le hosts a largenumber of smaller 
omponents that maintain market and inventory models, and do analysis and predi
tion.The Communi
ations 
omponent handles all intera
tion with the game server. By minimizing 
ouplingsbetween the 
omponents, this ar
hite
ture 
ompletely separates the major de
ision pro
esses, thus allowingresear
hers to work independently. Ideally, ea
h 
omponent depends only on Ex
alibur and the Repository.
Excalibur Container
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Shipping

Communications

Sales

ProductionProcurement

Figure 2: MinneTAC Ar
hite
ure. Arrows indi
ate dependen
ies.The agent opens four 
on�guration �les when it starts. Three of these are handled by the Ex
aliburinfrastru
ture. The system 
on�guration �le spe
i�es the set of roles that make up the system, along withthe 
lasses that implement those roles. The 
omponent 
on�guration �le spe
i�es runtime 
on�gurationoptions for ea
h 
omponent. For example, the Sales 
omponent may have a parameter that 
ontrols themaximum level of over
ommitment of its existing inventory or 
apa
ity when it makes 
ustomer o�ers. Thelog 
on�guration �le 
ontrols the names and lo
ations of log �les that are produ
ed by the running agent,the general format of log entries, and for ea
h 
omponent, the level of detail to be logged. The agentware
on�guration �le 
ontrols intera
tion with the game server (see Figure 7).
4



4.2.1 EventsA TAC Agent is basi
ally a \rea
tive system" in the sense that it responds to events 
oming from the gameserver [21℄. These events are in the form of messages that inform the agent of 
hanges to the state of theworld: Customer RFQs and orders, supplier o�ers and shipments, et
. The game is designed so that ea
hsimulated day involves a single ex
hange of messages; a set of messages sent from the game server to theagent, and a set returned by the agent ba
k to the server. For example, from the standpoint of the agent,ea
h day's in
oming messages in
ludes the set of 
ustomer RFQs for the day, and the return set of messagesin
ludes the agent's bids for those RFQs.More spe
i�
ally, Figure 3 shows the 
ommuni
ation a
tivity for a game day. The general pattern isthat the game server sends out a set of messages representing supplier and 
ustomer a
tivity, as well asinventory and bank-a

ount status data, the agent deliberates for some time, and then the agent respondswith a set of messages that respond to the 
ustomer RFQs, and supplier o�ers for the 
urrent day. The agentmust also spe
ify the produ
tion and shipping s
hedules for the following day, and it may issue additionalsupplier RFQs ea
h day. The length of a simulation day is �xed by the server; in the standard tournament
on�guration, days are 15 se
onds long.
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Customer RFQs
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Inventory status

Game
Server
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Agent

Market summary
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Figure 3: One day of 
ommuni
ations a
tivity between the game server and an agent.As shown in Figure 3, the agent does not need to rea
t to individual messages from the server. Instead,it waits until after all the day's messages have been re
eived, and then 
onsiders all of them together. Infa
t, there is one additional end-of-data message not shown in the �gure, whi
h 
ontains no data but simplytells the agent that the day's input messages are 
omplete. MinneTAC handles all data messages by storingthem in the Repository. When the end-of-data message is handled by the Repository, it noti�es the other
omponents that the day's data input is 
omplete. Components use this noti�
ation as the signal to performtheir deliberations and 
ompose the day's return messages. In this intera
tion, the Repository a
ts as aSubje
t and the other 
omponents as Observers in the Observer pattern [6℄.An important limitation of the Observer pattern is that the sequen
e of noti�
ations is not 
ontrolled,although in most implementations it is repeatable. But the order of event pro
essing is important for theMinneTAC de
ision pro
esses. For example, it greatly simpli�es the Sales de
ision pro
ess to know that the
urrent day's Shipping de
isions have already been made. To allow event sequen
ing without introdu
ingnew dependen
ies, two events are generated by the Repository for ea
h day of a game. The data-availableevent is a signal to read the in
oming messages and do basi
 data analysis. The subsequent de
ision event5



is a signal to make the daily de
isions and post the outgoing messages ba
k in the Repository. The de
isionevent itself provides an additional level of sequen
e 
ontrol by allowing 
omponents to \refuse" the event untilone or more other 
omponents (identi�ed by role names) have made their de
isions. Components that haverefused the event will re
eive it again on
e all other 
omponents have had an opportunity to pro
ess it. Toensure that Sales de
isions are made after Shipping de
isions, Sales must refuse to a

ept the de
ision eventuntil after it sees \shipping" among the roles that have already pro
essed it. No additional dependen
iesare introdu
ed by this me
hanism, sin
e the role names are simply added to the event obje
t itself, and thenames 
ome from a 
on�guration �le, not the 
ode.4.2.2 EvaluatorsAs indi
ated earlier in this se
tion, a goal of the MinneTAC design is to minimize 
oupling between the various
omponents. How, then, do they 
ommuni
ate, if they 
annot depend on one another? One possible approa
his the one used by the RedAgent team at M
Gill University [10℄, in whi
h the 
omponents 
ommuni
atethrough internal au
tion-based markets. Our approa
h is to use evaluations that are a

essible throughthe various data elements in the Repository. The general idea is that when a 
omponent needs to makea de
ision, it will inspe
t the available data and run some utility-maximizing fun
tion. The available data
onsists of any data it maintains internally, and the data in the repository. Any data redu
tions or analysesthat are performed on Repository data 
an be en
apsulated in the form of Evaluations, and made availableto other 
omponents. These analyses are implemented by the Ora
le 
omponent through a 
on�gurable setof evaluators.All the major data elements in the Repository are Evaluable types. As shown in Figure 4, ea
h Evaluable
an be asso
iated with some number of asso
iated Evaluations. Ea
h Evaluation has a name as well as avalue. Also asso
iated with ea
h Evaluable is an EvaluationFa
tory, whi
h maintains a mapping of Evaluationnames to Evaluator instan
es, and is responsible for produ
ing Evaluations when they are requested. Itdoes this by inspe
ting the name of the requested Evaluation, and invoking the evaluate method on anasso
iated Evaluator. Evaluators implement ba
k-
haining by requesting other Evaluations in the pro
essof produ
ing their results. Evaluators are hosted by the Ora
le 
omponent, whi
h is responsible for loadingand 
on�guring Evaluators. Evaluators are registered with the Repository when they are 
on�gured, thusmaking them known to the EvaluationFa
tory.

EvaluationFactory

getEvaluation() value
Evaluable Evaluation

evaluate()

Evaluator

addEvaluator() type

Figure 4: Evaluables, Evaluations, and Evaluators.Figure 5 shows a simple example of some Evaluable instan
es and a set of Evaluations that might beasso
iated with them. The pri
e evaluation might 
ombine parts 
ost information with an estimate of 
urrentmarket 
onditions. The pro�t evaluation would need parts 
ost information and pri
e. The sort-by-pro�tevaluation would need the pro�t evaluations on the individual RFQs.4.3 MinneTAC 
omponentsA typi
al MinneTAC agent 
onsists of the 7 
omponents shown in Figure 2. Here we provide more detailon the three \
ore" 
omponents, the Repository, Communi
ations, and Ora
le 
omponents. The non-
ore
omponents should be thought of as \role interfa
es" sin
e multiple implementations exist for ea
h of them.To 
esh out this 
on
ept, we also provide an in-depth look at one of our Sales 
omponent implementations,the pri
e-driven sales manager used in the 2005 and 2006 
ompetitions.6
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CustomerRFQCustomerRFQList

sort−by−profit

order−probabilityFigure 5: RFQ evaluation example.
4.3.1 RepositoryThe Repository is the one 
omponent that is visible to all the other 
omponents, as required by the MinneTACar
hite
ture. At the beginning of ea
h day of the game, new in
oming messages are deposited into theRepository. The event subsystem des
ribed in Se
tion 4.2.1 is then used to notify other 
omponents toperform their analyses and de
isions. The de
ision 
omponents retrieve data and evaluations from therepository, and re
ord their de
isions ba
k into the repository. Finally, the resulting de
isions are retrievedfrom the Repository by the Communi
ations 
omponent and returned to the server.Events are generated in response to state transitions. Figure 6 shows the state transitions and asso
iatedevents in the Repository. When a 
omponent re
eives the data-available event or de
ision event, it is expe
tedto perform whatever evaluations are ne
essary and re
ord the results in the form of Evaluation instan
esand outgoing messages.

data−available event

receiving

message/
data

message/
data

game config
message/

/decision event

/send messages

sim−status message/

init
start

message/

start of
game

final config message/
start−of−game event

Once per day

start
of day

last
day/

end of
game

evaluating

deciding

Figure 6: States and transitions in the Repository 
omponent.The Repository plays the part of the Bla
kboard in the Bla
kboard pattern [3℄, and the remainder of the
omponents, other than the Communi
ations 
omponent, a
t as Knowledge Sour
es. However, the Controlelement of the Bla
kboard pattern is repla
ed by the Event and the Evaluable/Evaluator me
hanisms.
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4.3.2 Communi
ationsIn order to parti
ipate in a trading game, the agent must be able to 
ommuni
ate with the game server. Thebasi
 
ommuni
ation behaviors are implemented in the agentware pa
kage, provided by the game organizers.A 
ommon way to 
onstru
t an agent for TAC SCM is to extend and sub
lass the elements in the agentware
ode dire
tly. However, our team felt that this was a risky approa
h, sin
e 
hanges to the 
ommuni
ationproto
ol 
ould ripple through to 
hanges in the agentware, ne
essitating new rounds of 
ode-extra
tion anddisruptions to our agent implementation. Our approa
h is therefore to simply \wrap" the entire agentwarepa
kage with an Ex
alibur 
omponent that has responsibility for 
ommuni
ations with the game server. TheCommuni
ations 
omponent a
ts as an Adapter as des
ribed in [6℄. We show this approa
h s
hemati
ally inFigure 7. The result is that we avoid modifying the agentware pa
kage, and we are always able to use thelatest version of the agentware by downloading it and importing it into our environment.
Repository

files
excalibur

TCP/IP
insert()

getMsg()

configuration

Communications

agentware
configuration

configuration

Agent
Server
Game

Ware

Figure 7: Communi
ations 
omponent wraps the Agentware pa
kage.
4.3.3 Ora
leThe Ora
le 
omponent is essentially a meta-
omponent, sin
e its only purpose is to provide a frameworkfor a set of small 
on�gurable 
omponents that may be used to perform analysis and predi
tion tasks.Most of these are Evaluators, but a few other types are supported as well. The Ora
le itself simply readsits 
on�guration data, and uses it to 
reate and 
on�gure instan
es of Evaluators and other sub
lasses ofCon�guredObje
t. The top-level 
lasses within the Ora
le 
omponent are shown in Figure 8.

init()

oracle

type

Evaluator

evaluate()

evaluate()

AbstractEvaluator

repository

AbstractSelector

nameMap

configure()

createConfiguredObject()

findConfiguredObject()

startOfGame()

Oracle

name

processConfig()

getName()

ConfiguredObject

select()

selectName()

Figure 8: Prin
ipal 
lasses in the Ora
le 
omponent.
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Con�guredObje
t is an abstra
t 
lass that has a name and an ability to 
on�gure itself, given an XML
lause. The Ora
le 
reates Con�guredObje
t instan
es and keeps tra
k of them by mapping their namesto instan
es. When it starts, the Ora
le pro
esses a 
on�guration 
lause that typi
ally in
ludes at leasttwo sub
lauses. The �rst is a <setup> 
lause, whi
h is pro
essed at the time the Ora
le is 
reated, duringagent initialization. At this time, obje
ts 
an be 
reated that do not need a

ess to game parameters. Atypi
al example is a model element that must read its initialization data from a �le or database that hasbeen 
reated o�-line, perhaps by analyzing prior games using ma
hine learning te
hniques [11℄. This mustbe done before the game begins simply be
ause of the time required to set up these models; on
e the gamebegins, the agent must 
omplete its work in less than 15 se
onds ea
h day. Other 
lauses are pro
essed bythe Ora
le after the start-of-game event has been re
eived, thus allowing obje
ts to a

ess game parametersfrom the Repository when they are 
reated. For example, many evaluators need to initialize themselves usingdata from the server's Component Catalog or Bill of Materials, whi
h are sent to the agent at the start of agame.Figure 9 illustrates the 
on�guration 
lause for an Evaluator 
alled \order-probability" that estimates thesales order probability for ea
h produ
t (the order-probability evaluator in Figure 10) by 
ombining a medianpri
e estimate with a slope estimate. By 
onvention, the output of any evaluator that promises to estimateorder probability is an obje
t 
alled a Pri
er that has two methods: getPri
e() returns the predi
tedmedian pri
e, and getPri
eForProbability(p) returns the pri
e 
orresponding to the given probability p.Inputs to this evaluator are two other evaluators, named \median-pri
e" and \slope-estimate."<evaluator 
lass="edu.umn.
s.ta
.ora
le.eval.LinearOPEstimator"name="order-probability"><input median="median-pri
e"slope="slope-estimate" /></evaluator>
Figure 9: Con�guration 
lause for an order-probability estimator that uses a median pri
e and a slopeestimate as data sour
esThe most 
ommon sub
lasses of Con�guredObje
t are Evaluators and Sele
tors. We have dis
ussedEvaluators at length in Se
tion 4.2.2, and we shall see an extended example of their use in the next se
tion.A Sele
tor is simply a swit
h that 
an be used to sele
t di�erent models or evaluators in di�erent gamesituations. For example, the early part of a game is typi
ally 
hara
terized by 
ustomer pri
es that starthigh and fall rapidly as agents a
quire parts and begin building up inventories. Later in the game, pri
es areless predi
table and more sophisti
ated models may be useful. A simple DateSele
tor 
an be used to swit
hbetween pri
ing models at a parti
ular preset date, or a more sophisti
ated Sele
tor 
ould be used to swit
hmodels on
e the initial pri
e de
line bottoms out. An interesting subtype of Sele
tor is Mixer, whi
h blendsone model into another over a period of time, thereby eliminating sharp transitions. This 
an be importantwhen feedba
k loops are being used to tra
k pri
es, as des
ribed in the following se
tion.4.3.4 SalesTo illustrate the power of Evaluators, we show in Figure 10 the evaluation 
hain that is used to produ
e salesquotas and set pri
es in a relatively simple MinneTAC 
on�guration. Ea
h of the 
ells in this diagram is anEvaluator. A version of the Sales 
omponent 
alled Pri
eDrivenSalesManager is 
on
eptually very simple {it pla
es bids on ea
h 
ustomer RFQ for whi
h the randomized-pri
e evaluator returns a non-zero value. The
ore of this 
hain is the allo
ation evaluator, whi
h 
omposes and solves a linear program ea
h game daythat represents a 
ombined produ
t-mix and resour
e-allo
ation problem that maximizes expe
ted pro�t.The obje
tive fun
tion is � = hXd=0Xg2G�d;gAd;g (1)
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where � is the total pro�t over some time horizon h, G is the set of goods or produ
ts that 
an be produ
ed bythe agent, �d;g is the (proje
ted) pro�t for good g on day d, and Ad;g is the allo
ation or \sales quota" for goodg on day d. The 
onstraints are given by evaluators available-fa
tory-
apa
ity, the 
urrent day's e�e
tive-demand, proje
ted future-demand, and by Repository data, su
h as existing and proje
ted inventories ofparts and �nished produ
ts, and outstanding 
ustomer and supplier orders. Predi
ted pro�t per unit forea
h produ
t type is the di�eren
e between median-pri
e and 
ost-basis for those produ
ts.
slope−estimateprice−follower

cost−basis

order−probability

allocation simple−price

effective−demand

demand

future−demand

available−factory−capacity

available−supply randomized−price

price−error median−price

Figure 10: Evaluator 
hain for sales quota and pri
ing.The output of the allo
ation evaluator is sales quotas for ea
h produ
t. Given a sales quota for a givenprodu
t and a representation of an order-probability fun
tion, the simple-pri
e evaluator 
omputes a pri
ethat is expe
ted to sell the desired quota, assuming that pri
e is o�ered on all the demand for that produ
t.In other words, if the quota is 25 units and the demand is for 100 units, simple-pri
e 
omputes a pri
e thatis expe
ted to be a

epted by only 25% of the 
ustomers. Sin
e there is some un
ertainty in the predi
tionsof pri
e and order probability, randomized-pri
e adds a slight variability to o�er pri
es. This improves theinformation 
ontent and redu
es variability of the returned orders.Market pri
es are tra
ked by the pri
e-follower evaluator, whi
h observes the daily high pri
es reportedby the server. The pri
e-follower implements a straightforward double-exponential smoothing fun
tionpri
esmd = �yd + (1� �)(pri
esmd�1 + trendd�1) (2)trendd = 
(pri
esmd � pri
esmd�1) + (1� 
)trendd�1 (3)where yd is the observed high pri
e for a given produ
t on day d (the highest pri
e at whi
h the produ
t wassold on the previous day), pri
esmd is the smoothed pri
e for the 
urrent day d, trendd is the trend for the
urrent day, and � and 
 are the smoothing parameters. The resulting smoothed pri
e estimate is too highto support sales, sin
e it is tra
king the daily high pri
e, and it depends strongly on the detailed behavior ofother agents. Therefore, we use a feedba
k me
hanism to adjust our pri
e estimates, as shown graphi
allyin Figure 11. Ea
h day d, the order-probability evalutor generates a pri
ing fun
tion Pd(order jpri
e), andpri
eest is the pri
e 
omputed for yesterday's sales quotas Qd�1. Yesterday's observed pri
e pri
eobs is
omputed by applying yesterday's pri
ing fun
tion to today's 
ustomer orders Od. The 
orre
tion 
omputedby pri
e-error is the di�eren
e between estimated and observed pri
eserrp = pri
eobs � pri
eest (4)The median-pri
e evaluator then 
omputes a median pri
epri
emed = pri
esm + errp (5)10



P (order jpri
e)

O
Q

pri
epri
eestpri
eobsFigure 11: Estimating a
tual market pri
e pri
ea
t , given sales quota Q, order volume O and an estimate ofthe order probability fun
tion P .
for the 
urrent day, giving the 
orre
ted output of pri
e-follower.Another 
ompelling example of the power of evaluators in the design of MinneTAC is the sales pri
ingand fore
asting model based on Gaussian Mixture Models des
ribed in [11℄. The elements of this modelrepla
e the pri
e-follower, median-pri
e, and order-probability evaluators shown in Figure 10, and the slope-estimate evaluator is omitted in that 
on�guration. There are also two Con�guredObje
t types that loadtraining data for this model when the agent starts. This is the 
on�guration that ran in the 2006 TAC SCMtournament; the details are beyond the s
ope of this paper.
5 EvaluationThe software ar
hite
ture of MinneTAC is strongly fo
used on stri
t 
ontrol of dependen
ies, and on 
exible
on�guration. We evaluate the su

ess of this design by asking two questions: (1) Does the agent performwell, and to what extent does the design a�e
t agent performan
e? (2) Does the design meet the \usability"
hallenges des
ribed in Se
tion 3?5.1 Performan
eThere are two measures of agent performan
e that 
ould be a�e
ted by the design. One is related to overhead:Does the design impose an una

eptable runtime overhead? The other is how well the agent performs in
ompetition against other agents that have been implemented with di�erent designs.The Ex
alibur framework does indeed impose some overhead when the agent starts up, sin
e it must read
on�guration �les, �nd and load 
ode for 
omponents, and set up and 
on�gure the 
omponents. However,on
e the agent is running, there is essentially no overhead imposed by the framework. Event pro
essing andevaluation is done by dire
t lookup, sin
e event handlers and Evaluators are registered when 
omponents areloaded. We have run 6 MinneTAC agents (with a simple Sales 
omponent) on the same desktop ma
hine (a1 GHz Pentium), and all 6 agents are able to 
omplete their daily de
ision pro
edures in less than 1 se
ond.A Sales 
omponent that relies on solving a linear program ea
h round takes longer, but its performan
e isalmost entirely determined by the time required to 
ompose and solve the linear program.MinneTAC has done reasonably well in the oÆ
ial TAC SCM tournaments sin
e 2003. In 2005 and2006 it was a �nalist. Ea
h year, MinneTAC has been �elded with a new implementation of at least oneof the de
ision 
omponents (Sales, Pro
urement, Produ
tion, and Shipping), and several others have beenimplemented but have not been entered into the 
ompetition. The ease with whi
h these new 
omponents
ould be implemented and 
on�gured into the agent is a testament to the design we des
ribe here.
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5.2 UsabilityMit
h Kapor says that software design bridges the world of people and human purpose with the world ofte
hnology [8℄. It's easy to understand what that means when the artifa
t is a desktop appli
ation intendedto be used dire
tly by people. But in fa
t, the �rst user of a software design is the programmer whoimplements it, and the programmer who must 
hange it later is perhaps even more strongly impa
ted. Fromthe implementer's standpoint, good design is easy to understand, easy to implement 
orre
tly, and easy tomaintain. From the maintainer's standpoint, a good design is one that is easily understood, and that 
ansustain 
hange without losing integrity.MinneTAC is an autonomous agent. It exists in the game environment and needs no user interfa
e,other than the 
on�guration �les it reads and the log�les it produ
es. The prin
ipal usability 
riterion iswhether resear
hers 
an e�e
tively work on the various de
ision problems independently, and whether they
an extra
t the data they need to analyze performan
e and 
on�rm or refute hypotheses.There is 
onsiderable eviden
e that our design has met its goals.� Inexperien
ed student programmers have been able to 
ontribute signi�
ant fun
tionality without need-ing to understand the entire system. Examples in
lude two di�erent Shipping 
omponents, two di�erentProdu
tion 
omponents, �ve di�erent Sales 
omponents, six di�erent Pro
urement 
omponents, andover 80 di�erent Evaluators, written by at least 22 students over a period of four years.� The standardized log-message format produ
ed by the Ex
alibur infrastru
ture makes data extra
tionrelatively easy, even though MinneTAC generates approximately 5Mb of data for a typi
al game. Awide variety of analyses have been 
arried out with this data. An example of su
h an analysis is givenin [12℄, where we were able to show that the original design of the game gave a large advantage to theagent that won a pro
urement lottery on the �rst day of the game.� One student implemented a user interfa
e that takes full advantage of the 
omponent-oriented ar-
hite
ure of MinneTAC and its relian
e on Evaluators to do mu
h of the analysis. It provides severaltypes of plotting windows. Its layout and the 
ontent of the windows are entirely determined by its
on�guration, whi
h spe
i�es the plot types and whi
h evaluators are to be plotted.� Sele
tors and Mixers (see Se
tion 4.3.3) are very re
ent additions to the MinneTAC design, and they add
onsiderable expressive power for 
onstru
ting models that 
an learn and adapt to market 
onditions.On
e the need was 
lear, they were added and tested in less than four hours, and required no other
hanges in the rest of the system.� MinneTAC is an open-sour
e proje
t, available at http://ta
.
s.umn.edu. The sour
e release in-
ludes the full infrastru
ture, and relatively simple examples of ea
h of the de
ision 
omponents, a fewevaluators, and a sample set of 
on�guration �les. It has been downloaded about 30 times per monthsin
e its initial release in April 2005. There have also been over 500 binary downloads of the 2005 and2006 
ompetition versions of MinneTAC, whi
h in
lude some relatively 
omplex evaluators that arenot suÆ
iently do
umented or tested for release to the publi
.
6 Related WorkMost agent design e�orts have fo
used on either the autonomous behavior aspe
ts of agen
y, or on intera
tionamong agents. Norman et al. [15℄ des
ribe agent so
ieties that model organizational stru
tures and automatebusiness pro
esses. These ADEPT agents negotiate over servi
e agreements that 
an involve many partiesand many dimensions. JADE [14℄ is an agent framework that has been used to build trading agents, and
ould have been used for MinneTAC. However, its primary emphasis is on building multi-agent systemsthat 
omply with FIPA spe
i�
ations for inter-agent 
ommuni
ations, and with 
exible deployment in anetwork environment. This is not a requirement for the TAC SCM domain. The MinneTAC design is
ompositional in the sense of Brazier et al. [2℄, but not hierar
hi
ally so. The DESIRE method from Brazieret al. does not seem appli
able to the MinneTAC situation, sin
e we are dealing with a single agent in anexisting environment, and the bla
kboard approa
h used in MinneTAC is not easily modeled with DESIRE.
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RETSINA [17℄ suggests both a multi-agent ar
hite
ture with a variety of agent roles, and an ar
hite
turefor individual agents that provides 
ommuni
ations, planning, s
heduling, and exe
ution monitoring. Thisar
hite
ture 
ould probably be adapted to the TAC SCM domain, but its planning and 
ommuni
ation
apabilities would not be espe
ially useful. Vetsikas and Selman [19℄ show a method for studying designtradeo�s in a trading agent. This approa
h 
ould likely be used e�e
tively in MinneTAC.A few of the other parti
ipants in TAC SCM have des
ribed their agent designs. He et al. [7℄ have adopteda design 
onsisting of three internal \agents" to handle Sales, Pro
urement, and Produ
tion/Shipping. Salesde
isions use a fuzzy logi
 module. Some algorithmi
 detail is given, but there is little further detail on thear
hite
ture of the agent. Ta
Tex05, the winner of the 2005 
ompetition [16℄ is based on two major modules,a Supply Manager that handles pro
urement, and a Demand Manager that handles sales, produ
tion, andshipping. These modules are supported by a supplier model, a 
ustomer demand model, and a pri
ing modelthat estimates sales order probability.Ultimately, the TAC SCM problem domain does not require the sort of 
exible 
ognitive and so
ialelements of these more \traditional" agent designs. Instead, our fo
us has been on separating the de
isiontasks and supporting resear
h needs, and we have found the 
omponent-oriented model to be ideal.
7 Con
lusions and Future WorkExperimental work with multi-agent systems requires an implementation. Often, the design qualities thatbest support experimental work are di�erent from those normally 
onsidered \ideal" in industry. In 
om-plex e
onomi
 s
enarios su
h as the Supply Chain Trading Agent Competition, the desired design qualitiesin
lude 
lean separation of infrastru
ture from de
ision pro
esses, ease of implementation of multiple de
i-sion pro
esses, 
lean separation of di�erent de
ision pro
esses from ea
h other, and 
ontrollable generationof experimental data. In a 
ompetition environment, the ability to 
ompose multiple agents with di�erent
ombinations of de
ision pro
ess implementations makes it possible to test hypotheses about the e�e
tivenessof 
ompeting de
ision models.We show one way to 
onstru
t su
h an agent, using a readily-available 
omponent framework. Theframework provides the ability to 
ompose agent systems from sets of individual 
omponents based onsimple 
on�guration �les. We also show that two basi
 me
hanisms, event distribution with the Observerpattern and our Evaluator-Evaluation s
heme, permit an appropriate level of 
omponent intera
tion withoutintrodu
ing unne
essary 
oupling among 
omponents.There are many possible extensions to the basi
 design we show here. One that we are 
urrently pursuingis to add an \exe
utive" 
omponent that would allo
ate \resour
es" to 
ompeting implementations of basi
de
ision pro
esses within a single agent. This would allow a high degree of adaptability in the game envi-ronment, where the level of demand 
an 
u
tuate greatly, and where the a
tions of other agents 
an have asigni�
ant impa
t on the markets.
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