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Abstract

The ContinuousDouble Auction (CDA) is the
dominantmarket institution for real-world trading
of equities,commodities,derivatives,etc. We de-
scribea seriesof laboratoryexperimentsthat, for
the �rst time, allow human subjectsto interact
with softwarebidding agentsin a CDA. Our bid-
ding agentsusestrategies basedon extensionsof
the Gjerstad-Dickhautand Zero-Intelligence-Plus
algorithms. We �nd that agentsconsistentlyob-
tain signi�cantly largergainsfrom tradethantheir
humancounterparts.This wasunexpectedbecause
both humansandagentshave approachedtheoret-
ically perfectef�ciency in prior all-humanor all-
agentCDA experiments.Anotherunexpected�nd-
ing is persistentfar-from-equilibrium trading, in
sharpcontrastto the robust convergenceobserved
in previousall-humanor all-agentexperiments.We
considerpossibleexplanationsfor our empirical
�ndings, andspeculateon the implicationsfor fu-
ture agent-humaninteractionsin electronicmar-
kets.

1 Intr oduction
We envision a future in which economicallyintelligent and
economicallymotivatedsoftwareagentswill playanessential
role in electroniccommerce.Among the present-dayglim-
meringsof sucha future are simplebidding agentsoffered
by auctionsitessuchaseBayandAmazonandby third-party
biddingservicessuchaseSnipe1, pricebotssuchasbuy.com
that automaticallyundercutthe competition,and shopbots
suchas DealTime that minimize the total cost of a bundle
of goodsby partitioningit acrossoneor morevendors,taking
shippingcostschedulesinto account.It is naturalto expect
continuedgrowth in the variety and sophisticationof auto-
matedeconomicdecision-makingtechnologiessuchasthese.
In addition,weanticipatetheemergenceof anevenlargerand
more diverseclassof agentsfor which economicdecision-
makingcapabilitiesarestill essential,but ancillaryto thepri-
mary function of providing informationgoodsandservices

1eSnipeautomatesa commonpracticeamongeBaybiddersof
waitinguntil a few secondsbeforeanauction's closeto placea bid.

to humansor otheragents[Kephartet al., 2000]. (Through-
out this paperwe usethe term “agent” to refer exclusively
to a softwareagent,asopposedto a humaneconomicagent.)
Whethertheir main businessis ontologytranslation,match-
making, network serviceprovision, or anything else, these
agentswill chargea fee for their goodsor services,andwill
negotiatebothasbuyersandassellerswith otheragents.Thus
they will haveto beeconomicallyintelligent,capableof mak-
ing effectivedecisionsaboutpricing,purchasing,or bidding.

If thisvisionis to berealized,thenit mustbedemonstrated
that, within their domainof application,agentscanattaina
level of economicperformancethat rivalsor exceedsthatof
humanson average,without introducingunduerisk. Other-
wise,peoplewouldnotentrustagentswith makingeconomic
decisions.

The purposeof this paperis to provide such a demon-
stration. Through a seriesof controlled laboratoryexper-
iments in which humansand agentsparticipatesimultane-
ously in a realistic auction(a ContinuousDouble Auction,
or CDA), we show thatsoftwareagentscanconsistentlyob-
tain greatergainsfrom tradethantheir humancounterparts.
In a sense,this work can be viewed as anotherchapterin
thevenerableAI traditionof humanvs. machinechallenges.
Already, machinesupremacy hasbeendemonstratedin two-
playergamessuchasbackgammon,checkers,andchess,and
a seriousattackis now beingmadeon gamessuchasbridge
andpoker [Schaeffer, 2000], in which thereareslightly more
than two playerswho play in a well-de�ned sequence.In
contrast,thenumberof playersin theCDA is typically much
greater(welimit it to 12in thisreport),andthemovesby indi-
vidualplayersarecompletelyindependentandasynchronous.
Theseandotherfeaturesmakegame-theoreticanalysisof the
CDA intractable.Anothernotabledifferenceis that thesuc-
cessfuldemonstrationof machinesuperiorityin theCDA and
othercommonauctionscould have a muchmoredirect and
powerful �nancial impact—onethat might be measuredin
billions of dollarsannually.

This paperis organizedasfollows. Section2 de�nes the
CDA anddiscussesthe relationshipof our work to previous
studiesby economistsandcomputerscientists.Section3 pro-
videsabriefoverview of thetechnologicalinfrastructureused
in the experiments. Section4 describesthe agentenviron-
mentandthe individual agentstrategies. Section5 provides
detailsof themarket rulesandexperimentalparameters,and



section6 presentsthe resultsfor two differentagentstrate-
gies. We concludewith a brief summaryanddiscussionof
implicationsandfuturedirectionsin section7.

2 Background on the CDA
Our laboratory study of economic interactions between
agentsandhumansutilizes a simpli�ed modelof a Contin-
uousDouble Auction (CDA) market. The CDA is one of
the most commonexchangeinstitutions,and is in fact the
primary institution for tradingof equities,commoditiesand
derivativesin marketssuchasNASDAQ andthe NYSE. In
the CDA, thereis a �x ed-durationtrading period, and buy
orders(“bids”) andsell orders(“asks”) maybesubmittedat
any pointduringtheperiod.If atany timethereareopenbids
andasksthat arecompatiblein termsof price andquantity
of good,a tradeis executedimmediately. Typically, an an-
nouncementis broadcastimmediatelyto all participantswhen
ordersareplacedor tradesareexecuted.

In our modelCDA, multiple unitsof a singlehypothetical
commoditycanbeboughtor sold.Participantsareassigneda
�x edrole of eitherBuyer(only submitsbids)or Seller(only
submitsasks).Thereareseveralperiodsof trading;atthestart
of eachperiod,participantsaregivena list of “limit prices”
(valuesfor Buyersandcostsfor Sellers)for eachunit to be
boughtor sold. Thelimit pricesareheldconstantfor several
periodsandperiodically shiftedby randomamountsto test
responsivenessto changingmarket conditions. Eachpartic-
ipant's objective is to maximize“surplus,” de�ned as(limit
price - tradeprice) for buyersand(tradeprice - limit price)
for sellers.

Theassumptionsof �x edrolesand�x ed limit pricescon-
form to extensive prior studiesof theCDA, includingexper-
iments involving humansubjects[Smith, 1962; 1982] and
automatedbidding agents[Cliff andBruten,1997;Gjerstad
andDickhaut,1998]. Undersuchassumptions,amarketcon-
sistingof rationalplayerswill eventuallyconvergeto steady
trading at an equilibrium price ��� , at which thereis a bal-
ancebetweenSupply (the total numberof units that canbe
sold for positive surplus)andDemand(the total that canbe
boughtfor positive surplus). For eachparticipant,one can
de�ne a theoreticalsurplusas the total surplusthat would
be obtainedif all units tradedat ��� . One can also de�ne
a participant's ef�ciency � as the ratio of actualsurplusto
theoreticalsurplus. In humansubjectstudies[Smith, 1962;
1982], convergenceclose to equilibrium was found within
several periods,with the approachtowards ��� exhibiting a
“scalloped”shape(i.e., a deceleratingcurved trajectory)of
progressively smalleramplitudein eachsuccessive period.
Robust convergenceto equilibrium was also found in ho-
mogeneouspopulationsof agents[Cliff and Bruten, 1997;
GjerstadandDickhaut,1998], with smaller-amplitudescal-
lops than in the all-humanexperiments. Both all-human
andall-agentCDA studiesclaimedveryhighpopulationef�-
ciency, rangingbetween0.95and1.0.

Ourwork differsfrom prior CDA studiesin two signi�cant
ways. First, we are interestedin studyingand understand-
ing interactionsbetweenagentandhumanbiddingstrategies.
Second,we focusprimarily on measuringandunderstanding

theperformanceof individual agents,insteadof globalmea-
suresof aggregatemarket behavior. As agentdesigners,we
would like to understandtheprinciplesby which robustbid-
dingstrategiescanbedesignedthatperformwell againstboth
humanandcomputerizedopposition.Our focuson competi-
tion in heterogeneousbidderpopulationsis similar to thatof
the agentvs. agentcompetitionheld at the SantaFe Dou-
ble Auction Tournament(SFDAT) [Rustet al., 1992]. The
SFDAT wasan intrinsically discrete-timeauction,with non-
persistentorders,synchronizedbidding of all agentsat ev-
ery time step,anda coarsetime stepsizedeliberatelycho-
sento allow all agentsenoughtime to calculateand place
their bids. Thustheconclusionsmaynot apply to tradingin
normalreal-timeCDA markets. Anothermarket-basedtour-
namentfor bidding agents,the Trading Agent Competition
(TAC) [Wellmanet al., 2001] washeld in conjunctionwith
ICMAS-00. Thiscompetitionwasmuchmorerealisticin de-
sign,andrequiredtheagentsto simultaneouslyparticipatein
multiple markets,eachof which requireda differentbidding
strategy. Our studyincorporatesa degreeof realismin mar-
ket dynamicsandmessaging/communicationsimilar to that
of TAC, while preservinga classicalCDA design. This al-
lows bothagentsandhumansto participate,aswell asfacil-
itating comparisonswith prior all-humanandall-agentCDA
studies.

3 Overview of the Experiments

For our experimentswith humansandagents,we developed
a hybrid systemthat combinedGEM, a special-purposedis-
tributed systemfor experimentaleconomicsdevelopedby
membersof the IBM WatsonExperimentalEconomicsLab-
oratory (WEEL), with Magenta,a prototypeagentenviron-
mentdevelopedat IBM Research.The hybrid con�guration
is illustratedin Figure1.

A real-time, asynchronousCDA was administeredby a
GEM auctioneerprocessrunning on a Windows NT work-
station,which communicatedwith all biddersandexecuted
tradeswhenappropriate.To ensurethat agentsandhumans
could interact seamlesslywith one another, and that there
wouldbenosubtlebiasin their treatment,humansandagents
usedthesamesetof messagesto communicatewith theGEM
auctioneer. Eachhumanbidder was given a Windows NT
workstationrunning a GEM client processthat interpreted
messagesfrom the GEM auctioneer, andencodedmessages
to be sentback to it. This GEM client offereda GUI that
permittedits userto view theorderqueue,the tradehistory,
andhis/herassignedparameters.It alsopermittedtheuserto
enterbids or asks. EachMagentabidderagentparticipated
in theauctionthrougha modi�ed versionof theGEM client
that forwardedmessagesvia TCP/IPto a UNIX workstation
runningtheMagentaenvironmentandtheagentsthemselves.
Eachagentreceivedmessagesforwardedto it by its modi�ed
GEM client. Whenever it wished,theagentcouldsendmes-
sagesto its GEM client,which forwardedthemasquickly as
possibleto the GEM auctioneer. Thus the Magentaagents
andthehumanbiddershadaccessto identicalstreamsof data
from theauctioneer, andtheauctioneercouldnot distinguish
ordersplacedby humansfrom thoseplacedby agents.
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Figure1: Hybrid GEM-Magentacon�guration. At the left is the GEM system,showing a GEM auctioneercommunicating
with a setof GEM clients. EachGEM client eitherpresentsa GUI to a humantraderor communicatesvia TCP/IPwith one
of theMagentabiddingagentsshown at right. Also at right is anexpandedview of anagent's architecture,showing thethree
internalmodulesdescribedin thetext andsketchingthecontrol�o w within theBrain module.

4 Agentsfor the CDA

4.1 Agent environment and architecture

The bidder agentswere implementedon top of Magenta,
which providesmessaging,naming,and directoryservices,
and supportsboth one-shotmessagingand conversations
(correlatedsequencesof messages).Eachbidderagentcon-
tainedaMessageHandlermodule,aBookkeepermodule,and
aBrainmodule,all of whichwerespeci�cally tailoredfor the
CDA.

The MessageHandlerwas responsiblefor formattingand
sendingoutgoingmessages,andfor receiving andparsingin-
comingmessages.Incomingmessagesincludedinitialization
information, noti�cations of bids and asksplacedby other
agents,of trades,andof time remainingin anauctionperiod.
Uponreceiptof amessage,theMessageHandlerwould parse
it andtake anappropriateaction,suchashandingtherecord
of thebid, ask,or tradeto theBookkeepermodule.

TheBookkeepermaintainedtheagent's internalrepresen-
tation of the market state (e.g., the history of ordersand
trades,currentopenorders,timeremainingin theperiod,etc.)
and of the agent's internal state(e.g., ordersthe agenthad
placed,theagent's inventoryandavailablefunds,etc.).

The Brain modulewas responsiblefor placing bids and
asks. EachBrain placedorderson its own threadof execu-
tion, with its own activationschedule.EachBrain contained
amodulefor abiddingstrategy thatdeterminedorderparame-
tersbasedon theinformationstoredin theBookkeeper, anda
timing modulethatgovernedthecircumstancesunderwhich

the brain's executionthreadwould wake up, apply the bid-
ding strategy and(possibly)placean order. Outgoingorder
messageswereformattedandsentbackto theGEM clientby
the MessageHandler. Optionally, the timing modulewould
awaken the brain's execution threadwhenever a trade oc-
curredand/orwhen a particularly attractive bid or ask was
placedby anotherplayer.

4.2 Agent strategies
TheMagentabiddingagentsfacethefollowing taskin a live
auction:giventhe time remaining� in the tradingperiod,a
number � of tradeableunits, a vector

�

�

of � limit prices
(onefor eachunit), andthehistory 	 of previousactivity in
themarket,calculateanordertime 
 andaprice � .

The timing of orderswasgovernedby a simpleheuristic
basedonasleep-wakecycle. Thesleeptimewassetto a�x ed
interval of � seconds,with small randomjitter 
��������������

added.In ourexperiments,“f ast”agentswerede�ned by set-
ting ����� andby permittingwakeuponall ordersandtrades.
“Slow” agentswerede�ned by setting � �!� andallowing
wakeupsonly on trades. Whenan agentwakesup, it com-
putesan orderprice using its pricing algorithm. The agent
will thensubmittheorder, providedthat thecomputedprice
is compatiblewith themarket rulesandits understandingof
the currentmarket conditions. If the agentcurrentlyhasan
openorder, theorderwill bea replacementorder;otherwise
it will bea new one.

Thepricing algorithmsemployedin theseexperimentsare
basedon algorithmsoriginally introducedfor simpler ver-
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sionsof the CDA that lacked a persistentorderqueue,and
madeassumptionsaboutmarket dynamicsthatareinconsis-
tentwith thenotionof real-time,independentagents.Wenow
describemodi�cations that we madeto thesealgorithmsto
tailor themto our versionof theCDA.

Zero-Intelligence-Plus(ZIP) Strategy
Cliff [Clif f andBruten,1997] proposedan algorithmcalled
“Zero-Intelligence-Plus”(ZIP) to explore the minimum de-
greeof agentintelligencerequiredto reachmarket equilib-
rium in a simpleversionof the CDA. The market dynamics
studiedin [Cliff and Bruten, 1997] were unrealisticin that
therewasnoexplicit notionof time,node�nite periodlength,
andno persistentorders:submittedorderswereeithertraded
or removedinstantaneously. We have modi�ed ZIP to func-
tion in a real-timemarket with a de�nite period lengthand
persistentopenorders. The primary modi�cation hasto do
with outbiddingor undercuttingexisting orders. This now
happenswhen ordersremainopenfor a certainamountof
realtime without beingtraded.Our modi�cationsturn out to
be relatedto thoseindependentlyproposedby Preist& van
Tol [PreistandvanTol, 1998].

In our ZIP implementation,eachagentmaintainsa vec-
tor of internalpricevariables "

# ; the $ -th componentof "

# , #&% ,
is usedto set the orderprice whentradingthe $ -th unit. At
thestartof trading, "

# is initialized to randompositive-surplus
values,andis adjustedduringtheperiodaccordingto theob-
servedtradingaction.

Whena tradeoccursat tradeprice #&' , each#(% is adjusted
by a small randomincrementin the directionof #

' . If the
adjustmentis in thedirectionof increasingpro�t margin (i.e.
raising #)% for sellersandlowering #(% for buyers),thechange
is alwaysmaderegardlessof whetheror not the $ -th unit has
alreadybeentraded.However, for adjustmentsin thedirec-
tion of decreasingpro�t margin, thechangeis madeonly for
unitsthatare“active,” i.e.,havenotyetbeentraded.Thesize
of theadjustmentis proportionalto a learningrateparameter,
similar to that usedin Widrow-Hoff or in back-propagation
learning.Thedifferencebetween#&% and#(' is alsostoredfor
useat thenext trade,whena further adjustmentin thesame
directionismade,proportionalto aseparate“momentum”pa-
rameter. This is analogousto theuseof momentumto speed
upconvergencein back-propagationlearning.

If asuf�ciently longtimehaspassedwithouta tradetaking
place(1.0 secondsin our implementation),ZIP buyersand
sellersadjust#

% in the directionof improving uponthe best
opencompetingbid or ask,if the $ -th unit is still active. Fi-
nally, thereis a global constraintthat each#&% must always
correspondto non-negativeagentsurplus,i.e. it mustalways
bebelow thebuyer'svalue,or abovetheseller's cost.

In all-agenttests,we �nd that homogeneouspopulations
of ZIP tradersachieverobustconvergenceto theoreticalequi-
libria with high ef�ciency. Dependingon theprecisemarket
rulesandinitial conditions,ef�cienciesrangingfrom 0.980to
0.999havebeenobtainedwith thisstrategy.

Gjerstad-Dickhaut (GD) Strategy
GjerstadandDickhaut[GjerstadandDickhaut,1998] intro-
duceda moresophisticatedtradingalgorithmfor buyersand
sellersin theCDA, whichwe shallterm“GD”. They showed

via simulationthatahomogeneouspopulationof suchagents
couldattainhigh allocative ef�ciency andrapidconvergence
to the theoreticalequilibrium price. A GD agentconstructs
an order and tradehistory * , consistingof all ordersand
tradesoccurringsincethe earliestorder contributing to the

+

th mostrecenttrade. Fromthehistory * , a GD buyeror
seller forms a subjective “belief” function ,.-

#(/ that repre-
sentsits estimatedprobabilityfor abid or askat price # to be
accepted.For example,for aseller,

,.-

#(/10 23254

-

#&/7698

4

-

#(/

25234

-

#&/7698

4

-

#&/�6;:

25<

-

#(/>=

(1)

where
25254

-

#(/ is the numberof acceptedasksin * with
price ?

# , 8

4

-

#&/ is the numberof bids in *@?

# , and
:

23<

-

#&/ is the numberof unacceptedasksin * with price
A

# . Interpolationis usedto provide valuesfor ,.-

#(/ for
pricesat which no ordersor tradesareregisteredin * . The
GD agentthenchoosesa price that maximizesits expected
surplus,de�nedastheproductof ,.-

#(/ andthegainfrom trade
at thatprice (equalto #CB9D for sellersand DEBF# for buyers,
where D is thesellercostor buyervalue).Thusthealgorithm
doesnot requiretheknowledgeor estimationof otheragents'
costsor valuations.

Theoriginal GD algorithmwasdevelopedfor a market in
which therewasno queue,i.e. old bidsor askswereerased
assoonastherewasa morefavorablebid/askor a trade. In
our versionof theCDA, unmatchedorderscanberetainedin
a queue,andthereforethenotionof anunacceptedbid or ask
becomesill-de�ned. We addressedthis problemby introduc-
ing into the GD algorithma “graceperiod” GIH . Unmatched
orderswerenot includedin * unlessat leastthegraceperiod

G
H hadpassedsincethatorderhadbeenplaced.Anothermod-

i�cation to GD addressedtheneedto handleavectorof limit
prices,sincethe original algorithmassumeda single trade-
ableunit.

We alsofoundempirically that theoriginal GD algorithm
could behave pathologically, particularly for “f ast” agents,
which placedorderswhenever an order or trade had been
placedin the market. This often resultedin rapid burstsof
ordersandtrades. If the last J

+

ordersresultedin
+

suc-
cessfultrades,thentherewereno unsuccessfulordersin the
history * . Laboringunderthefalseassumptionthatanyprice
wouldbeaccepted,theagentswould thenplaceabsurdlylow
bidsor highasks,graduallyloweringthemuntil trades�nally
beganto occuronceagain,oftenin anotherburst.This cycli-
cal behavior wasassociatedwith high tradepricevolatility.

To greatlyreducethechancesof this occurring,we useda
softerform of historytruncation.All of thesimpletally terms
in Eq. 1 (andthe analogousexpressionfor buyers)werere-
placedby weightedsumsthatplacedexponentiallymoreem-
phasison eventsthatoccurredmostrecently, andthetrunca-
tion parameter

+

wasincreasedto a muchlargervalue. As
hoped,soft truncationledto moresensibleandstablepricing.
It allowed the desiredresponsivenessto recentevents,but
alsopermittedinformationfrom old eventsto beusedwhen-
ever therewasinsuf�cient informationfrom recentevents.

Homogeneouspopulationsof modi�ed GD agentsalso
achieve robust convergenceto equilibrium,with ef�ciencies
comparableto thoseobtainedby ZIP agents.
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5 Experimental setup
Ourexperimentsusedthefollowing CDA market rules:

1. The“NYSE” spread-improvementrulewasin effect,re-
quiring that new bids be pricedhigherthanthe current
bestbid (andtheequivalentfor asks).This conformsto
prior CDA studiesand is believed to facilitateconver-
genceto equilibrium.

2. All orderswerefor asingleunit only, andaplayercould
haveatmostoneopenorder. Thiswasmeantto simplify
thetaskfor bothagentsandhumans,andagainconforms
to prior CDA studies.

3. Submittedordersremainedopenuntil they weretraded
or theperiodended.

4. Submitted orders could be modi�ed (subject to the
NYSE rule),but notwithdrawn.

5. Tradesoccurredwhenthebestbid andbestaskmatched
or crossedin price. If they crossed(i.e., bid price ex-
ceededtheaskprice),thetradepricewasthepriceof the
ordersubmitted�rst.

6. At the startof eachperiod,playersweregiven a fresh
supplyof cashor commodity.

Eachplayer was given a list of 8-14 limit pricesfor the
units to betraded,arrangedin orderfrom mostto leastvalu-
able(i.e., thebuyervaluesdecreasedandthesellercostsin-
creased).Roughlyhalf of theplayers'unitsweretradeablefor
positive surplusat equilibrium. The limit pricesweregener-
atedfrom a basesetof threelinear schedulesin which each
successive unit increasedin cost or decreasedin valueat a
constantrate.Theseratesvariedin thethreeschedules;how-
ever, thetotal theoreticalsurpluswasdesignedto beaboutthe
samein each.Eachhumanhadanagentcounterpartwith the
samerole andthesamelimit prices,andhencethesamethe-
oreticalsurplus.Thetotal theoreticalsurpluswasdesignedto
split aboutevenlybetweenbuyersandsellers.

An experimentconsistedof 15-16tradingperiodsof 3 min-
uteseach.Every 4-5 periods,eachplayer's limit priceswere
changedby rotatingthethreelimit priceschedules(e.g.,seller
A receivedsellerB's previousschedule,B receivedC's, and
C receivedA's) andaddingor subtractinga constantvalueto
all limit prices,soasto changetheequilibriumprice.

Our targetcon�gurationfor theexperimentsconsistedof 6
agentsand6 humans2, bothsplit evenly betweenbuyersand
sellers.In eachexperiment,all agentsusedthesamebidding
strategy—eitherZIP or GD—andwereall either the “Fast”
or “Slow” variant.Humansubjectsin four experimentswere
undergraduatesfrom local colleges;in two others,they were
employeesof IBM Research.Beforethestartof eachexper-
iment,subjectsreceived instructionon theauctionrulesand
thepro�t objective,andpracticedusingtheGUI. No discus-
sionof biddingstrategieswasgiven. Subjectsweretold they
would receive cashpaymentsproportionateto pro�ts earned
in the auction;the conversionfactorwassetso that the ex-
pectedpayoutswere KML�NPO�QSR�O perplayer.

2In someexperiments,one or more of the scheduledsubjects
failedto appear, resultingin anasymmetricmarketwith moreagents
thanhumans.

6 Experimental results
Table1 summarizestheresultsof thesix agent-humanCDA
experiments. Several noteworthy �ndings were obtained.
First, thereweresigni�cant interactionsandtradesbetween
agentsandhumans,eventhoughtheagentswerepotentially
much faster. Roughly 30% or more of all tradeswere be-
tweenagentsandhumans. This is a reasonablefraction of
the naive expectationof 50% if any tradepartner(agentor
human)is equallylikely, andshows that the laboratorymar-
ketsdid genuinelytestagent-humaninteractivity, asopposed
to merelycreatingtwo non-interactingsub-marketsoperating
ondifferenttime scales.

Second,when consideredas a group, the agentsoutper-
formedthe humansin all six experiments:the total surplus
obtainedby agentswason averageKUT�OWV morethantheto-
tal humansurplus.Thiswastruefor bothfastandslow agent
populations,showing that speedwasnot the sole factorac-
countingfor theagents'edgein performance.In termsof av-
erageef�ciency, agentsin aggregatetendedto achievegreater
than 100% ef�ciency, which necessarilyimplies that they
were exploiting humanerrorsor weaknesses.Humans,on
theotherhand,tendedto scorein therangeof KXO>Y Z�T[QCO\Y Z�R ,
and on two occasionsthey did much worse. To checkour
market design,we rana baselineexperimentin which all 12
traderswerehuman,measuringan ef�ciency of 0.96,which
is consistentwith what is typically found in all-humanCDA
experiments.The fact that humansplay betteragainstother
humansthanthey doagainstagentscorroboratestheevidence
that,asa group,theagentsarestrongerplayers.

Third, as in prior all-humanCDAs, humanperformance
tendedto improveduringthecourseof anexperiment,asthe
subjectsbecamemorefamiliar with theGUI andthemarket
behavior, andgot a betterideaof how to executea goodbid-
ding strategy. Nevertheless,we still founda consistentedge
in agentsurplusover humansurplusby about N]Q;^�V in the
�nal periodsof eachexperiment.

Finally, althoughit isnotdocumentedin Table1,ouragent-
humanmarketstendedto have a lopsidedcharacterin which
eitherbuyersconsistentlyexploitedsellers,or viceversa.The
previously-describedscallopingbehavior wasobservedto be
morepronouncedandlonger-lastingthanin prior all-human
or all-agentCDAs. Thiswill bediscussedin detailin Sections
6.1 and 6.2, which examinetwo speci�c experimentswith
differentagentbidding strategies (Fast GD and Slow ZIP),
yieldingdistinctlydifferentmarketdynamics.

6.1 FastGD Agentsvs. Humans
Figure 2 shows the trading activity in experimentOct25,
whichwasconductedover16periodsdividedequallyamong
four phaseswith shiftsin limit prices.In eachperiod,thetime
seriesof tradestendsto show scalloping,astradepricescon-
vergetowardstheequilibriumprice _�` . Suchscallopingwas
not observed in agent-onlyCDA experimentswith GD Fast
(or Slow) agents.In this experiment,thebuyerswereableto
extractmoresurplusfrom themarket thanthesellersasmost
tradesoccurredbelow _�` , a fact that is alsore�ected in the
averageef�ciency measures.However, thedifferencesin sur-
pluses(andef�ciencies) betweenthetwo sidesof themarket
shrankover time,dueto improving overallmarketef�ciency,
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Figure2: Tradepricevs. time for experimentOct25with 6 GD fastagentsand6 humans.Theverticaldashedlines indicate
thestartof a new tradingperiod.The16 tradingperiodsweredividedinto four phases,eachwith its own setof limit prices.In
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which we attributeto humanimprovementduringthecourse
of theexperiment.Notethatin all four phases,theagentbuy-
ersandtheagentsellersareableto extractmoresurplusthan
their humancounterparts.

Figure2 alsoshows thatmostof the lowest-pricedtrades,
occurringwell below a

b , werebetweenagentsandhumans.
An inspectionof experimental records reveals that these
tradesweremostlybetweenhumansellersandagentbuyers.
Apparentlythehumansellerswereconsistentlyoffering ex-
cessively low asks,andtheagentbuyerswereableto pounce
onsuchmistakesmorequickly thantheirhumancounterparts.

6.2 Slow ZIP Agentsvs. Humans
Figure3 shows the tradingactivity in the third phaseof ex-
perimentOct24awith 6 ZIP slow agentsand6 humans.The
�gure shows several interestingfeatures.First, pronounced
andrepeatedscallopingin tradepricesis evident,with buyers
extractingmuchmoresurplusthansellers.This is surprising
sincesuchlarge scallopingis not seenin marketswith only
ZIP agents.Second,in eachperiod,tradestypically tendedto
occur�rst betweenagents,thenbetweenagentsandhumans,
and �nally betweenhumans.Third, althoughthe agentsas
a groupoutperformedthehumans,agentsellersactuallyob-

tainedlesssurplusthanhumansellers.
Subsequentinterviews with humansubjectshelpedto ex-

plainthebehavior andultimatelyrevealaweaknessin theZIP
strategy. It turnedout thattwo of thehumansellersin thisex-
perimentconsistentlyfolloweda `�x ed-pro�t-ratio' strategy,
that is, their askingprice for eachunit wasa �x ed percent-
agegreaterthanits cost. Thesesellersrepeatedlysubmitted
asksatpricesmuchlower thana�b andmostoften,agentbuy-
ersquickly acceptedsuchoffers. Having tradedtheir units
at extremelylow prices,the ZIP buyersignoredsubsequent
tradesat higherprices,andmaintainedvery low bid pricesat
the startof the next period. The resultingbid-askspreadat
thestartof eachperiodwascenteredwell below a�b , andonce
thehumansellersmadea few low-pricedsales,theZIP sell-
ers,whichwerewakingupontrades,beganquickly dumping
their inventoryat very low prices.Hencewe attributetheun-
usualmarket behavior, and the performanceranking of the
agentandhumantraders,to asetof oddinteractionsbetween
theZIP strategy anda speci�c non-optimalhumanstrategy.

To testourhypothesis,weperformedseparateall-agentex-
perimentswith a �x ed-pro�t-ratio agentin a populationof
only ZIP agents.Theresultingdynamicsexhibitedlargescal-
lops in tradepricessimilar to thosein Figure 3. We also
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Experiment Agent Human
ID # Periods # Trades Interaction Strategy Surplus Ef�ciency # Traders Surplus Ef�ciency
Oct17 15 412 0.38 GD Fast 11058 1.016 5 6991 0.927
Oct18 15 504 0.29 ZIP Fast 11069 1.028 6 7023 0.652
Oct23 16 320 0.33 GD Fast 10495 0.999 3 4582 0.965
Oct24a 16 455 0.48 ZIP Slow 10696 1.032 6 9490 0.916
Oct24b 9 261 0.42 GD Fast 6808 1.026 6 6353 0.958
Oct25 16 433 0.49 GD Fast 12159 1.052 6 9708 0.840

Table1: Summaryof thesix agent-humanCDA experiments.For eachexperiment,thetablepresents:thenumberof trading
periods,thetotalnumberof successfultrades,thefractionof tradesbetweenagentsandhumans,thebiddingstrategy employed
by all six agents,the numberof humantraders,andthe aggregateagentandhumanperformancesin termsof total surplus
accumulatedover theentireexperimentandtheaverageef�ciency.
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Figure3: Tradeprice vs time for experimentOct24awith 6
ZIP slow agentsand6 humans.Tradingactivity in periods
9-12 (out of 16 total) is shown. Otherdetailsaresimilar to
thosein Figure2.

implementeda modi�cation to theZIP strategy that is more
reluctantto lower its pro�t margin basedon wheretradesoc-
curredin the last period. Preliminaryresultsshow that the
modi�ed ZIP agentsretainhigh ef�ciency andarenot easily
misledby the�x ed-pro�t-ratio agent.

7 Conclusion
Given the simplicity of our agentbidding strategies,we are
encouragedby the results of these�rst-ever tests against
humansubjects. (We remarkthat, while substantialagent-
humaninteractionshave alreadyoccurredin �nancial mar-
kets,suchinteractionshaveanunknownanduncontrolledna-
ture.) Our agentsmake relatively simple time-independent
pricecalculations,basedon establishedalgorithms,andtheir
timing decisionsareequallysimple,yet they areableto out-
perform non-expert humansubjectsby a clear margin. It
would be interestingto test our bidding agentsagainsta
highercaliberof humanopposition,e.g.,professionalequi-
tiesor commoditiestraders.We suspectthatsuchopponents
would uncover weaknessesin the agentstrategies,and that
thiswouldeventuallyleadto signi�cant algorithmicimprove-

mentsin thestrategies.WeareoptimisticthatCDA strategies
canbe improvedto the point wherethey outperformall hu-
manoppositionby makingbetterprice inferencesbasedon
market history, andby takingtime remaininginto accountin
pricingandtiming decisions.

Severalaspectsof themarket behavior in our experiments
differedfrom prior studiesof all-agentor all-humantraders.
Convergenceto equilibrium in our experimentswas gener-
ally slower than in prior studies,and in two experiments,
therewasno evidenceof convergenceby the endof the ex-
periment.We observedscallopedpricetrajectoriesthatwere
more pronouncedand longer lasting than seenpreviously.
Also, our marketstendedto be muchmore lopsided(either
buyerssystematicallyexploiting sellers,or vice versa)than
in earlierstudies.Suchnovel market phenomenamerit fur-
therinvestigation:they might bedueto speci�csof our mar-
ket design,or they maybemoregeneraloutcomesof agent-
humaninteractions. Henceit will be importantto conduct
further agent-humanexperimentsin other typesof markets,
possiblyincluding greatercomplexity andreal-world detail.
Candidatesinclude combinatorialauctions,TAC-type mar-
kets[Wellmanet al., 2001], andmorerealisticmodelsof �-
nancialmarkets. Thedevelopmentanddeploymentof effec-
tive automatedtradingstrategiesin suchmarketswould have
immensepracticalimportance,andcouldmarkthebeginning
of alarge-scaleintroductionof economicsoftwareagentsinto
theworld economy[Kephartetal., 2000].

While ourresultsarepreliminary, someaspectsof our�nd-
ingsmaybeindicativeof whatonecanexpectto occurmore
generallyaseconomicsoftwareagentsaredevelopedfor real-
world markets. We suspectthat, in many realmarketplaces,
agentsof suf�cient quality will bedevelopedsuchthatmost
agentsbeatmosthumans.A signi�cant componentof their
advantagewill comefrom their ability to initiate actions,and
to reactto market events,muchfasterthanhumans.As a re-
sult, therewill besigni�cant economicincentive for humans
to employ agentsto acton theirbehalf.Thenthecompetition
betweenagentsand humanswill evolve into a competition
amongagents.
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