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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 software bidding agentsin a CDA. Our bid-
ding agentsuse stratgies basedon extensionsof
the Gjerstad-Dickhautnd Zero-Intelligence-Plus
algorithms. We nd that agentsconsistentlyob-
tain signi cantly largergainsfrom tradethantheir
humancounterpartsThis wasunexpectedbecause
both humansand agentshave approachedheoret-
ically perfectefciency in prior all-humanor all-
agentCDA experiments Anotherunexpectednd-
ing is persistentfarfrom-equilibrium trading, in
sharpcontrastto the robust corvergenceobsened
in previousall-humanor all-agentexperiments We
considerpossible explanationsfor our empirical
ndings, andspeculateon the implicationsfor fu-
ture agent-humarinteractionsin electronic mar
kets.

1 Intr oduction

We ervision a future in which economicallyintelligent and
economicallymotivatedsoftwareagentswill playanessential
role in electroniccommerce. Among the present-dayglim-
meringsof sucha future are simple bidding agentsoffered
by auctionsitessuchaseBayandAmazonandby third-party
bidding servicessuchaseSnipé, pricebotssuchasbuy.com
that automaticallyundercutthe competition, and shopbots
suchas DealTime that minimize the total cost of a bundle
of goodsby partitioningit acrossoneor morevendorstaking
shippingcostschedulesnto account. |t is naturalto expect
continuedgrowth in the variety and sophisticationof auto-
matedeconomialecision-makingechnologiesuchasthese.
In addition,we anticipateheemegenceof anevenlargerand
more diverseclassof agentsfor which economicdecision-
makingcapabilitiesarestill essentialbut ancillaryto the pri-
mary function of providing information goodsand services

leSnipeautomatesa commonpracticeamongeBay biddersof
waiting until afew seconddeforeanauctions closeto placea bid.

to humansor otheragentdKephartet al., 200d. (Through-
out this paperwe usethe term “agent” to refer exclusively
to asoftwareagent,asopposedo a humaneconomicagent.)
Whethertheir main businesdss ontologytranslation,match-
making, network serviceprovision, or arything else, these
agentswill chageafee for their goodsor servicesandwill

negotiatebothasbuyersandassellerswith otheragentsThus
they will haveto beeconomicallyintelligent,capableof mak-
ing effective decisionsaboutpricing, purchasingor bidding.

If thisvisionis to berealized thenit mustbedemonstrated
that, within their domainof application,agentscanattaina
level of economicperformancehatrivals or exceedshat of
humanson average,without introducingunduerisk. Other
wise, peoplewould notentrustagentswith makingeconomic
decisions.

The purposeof this paperis to provide sucha demon-
stration. Through a seriesof controlled laboratory exper
imentsin which humansand agentsparticipatesimultane-
ously in a realistic auction (a ContinuousDouble Auction,
or CDA), we shaw that software agentscanconsistentlyob-
tain greatergainsfrom tradethantheir humancounterparts.
In a sense this work can be viewed as anotherchapterin
thevenerabléAl traditionof humanvs. machinechallenges.
Already, machinesupremag hasbeendemonstrateih two-
playergamessuchasbackgammoncheclers,andchessand
a seriousattackis now beingmadeon gamessuchasbridge
andpoker[Schaefier, 2004, in which thereareslightly more
thantwo playerswho play in a well-de ned sequence.In
contrastthe numberof playersin the CDA is typically much
greate(welimit it to 12in thisreport),andthemovesby indi-
vidual playersarecompletelyindependenandasynchronous.
Theseandotherfeatureanake game-theoretianalysisof the
CDA intractable.Anothernotabledifferenceis thatthe suc-
cessfuldemonstratiomf machinesuperiorityin the CDA and
othercommonauctionscould have a much more directand
powerful nancial impact—onethat might be measuredn
billions of dollarsannually

This paperis organizedasfollows. Section2 de nesthe
CDA anddiscusseshe relationshipof our work to previous
studiedby economist&ndcomputeiscientists Section3 pro-
videsabrief overview of thetechnologicalnfrastructureused
in the experiments. Section4 describeshe agenterviron-
mentandthe individual agentstratgies. Section5 provides
detailsof the market rulesandexperimentalparametersand



section6 presentghe resultsfor two differentagentstrate-
gies. We concludewith a brief summaryand discussiornof
implicationsandfuturedirectionsin section?.

2 Background on the CDA

Our laboratory study of economic interactions between
agentsand humansutilizes a simpli ed modelof a Contin-
uous Double Auction (CDA) market. The CDA is one of

the most commonexchangeinstitutions,and is in fact the
primary institution for trading of equities,commaoditiesand
derivativesin marketssuchas NASDAQ andthe NYSE. In

the CDA, thereis a x ed-durationtrading period, and buy

orders(“bids”) andsell orders(“asks”) may be submittedat
ary pointduringtheperiod.If atarny timethereareopenbids
and asksthat are compatiblein termsof price and quantity
of good, a tradeis executedimmediately Typically, an an-
nouncemenis broadcasimmediatelyto all participantavhen
ordersareplacedor tradesareexecuted.

In our modelCDA, multiple units of a singlehypothetical
commaoditycanbeboughtor sold. Participantsareassignec
x edrole of eitherBuyer (only submitsbids) or Seller(only
submitsasks).Thereareseveralperiodsof trading;atthestart
of eachperiod, participantsaregivena list of “limit prices”
(valuesfor Buyersand costsfor Sellers)for eachunit to be
boughtor sold. Thelimit pricesareheld constanfor several
periodsand periodically shifted by randomamountsto test
responsienesgo changingmarket conditions. Eachpartic-
ipant's objective is to maximize“surplus; de ned as(limit
price - tradeprice) for buyersand (tradeprice - limit price)
for sellers.

Theassumption®f x edrolesand x edlimit pricescon-
form to extensie prior studiesof the CDA, including exper
imentsinvolving humansubjects[Smith, 1962; 1982 and
automatecbidding agents[Cliff and Bruten, 1997; Gjerstad
andDickhaut,1994. Undersuchassumptionsa marketcon-
sistingof rationalplayerswill eventuallycorvergeto steady
trading at an equilibrium price , at which thereis a bal-
ancebetweenSupply (the total numberof units that canbe
sold for positive surplus)and Demand(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 canalsode ne
a participants efciency asthe ratio of actualsurplusto
theoreticalsurplus. In humansubjectstudies[Smith, 1962;
1984, convergencecloseto equilibrium was found within
several periods,with the approachtowards  exhibiting a
“scalloped” shape(i.e., a deceleratingcurved trajectory) of
progressiely smalleramplitudein eachsuccessie period.
Rolust convergenceto equilibrium was also found in ho-
mogeneousgpopulationsof agents[Cliff and Bruten, 1997;
Gjerstadand Dickhaut, 1998, with smalleramplitudescal-
lops than in the all-human experiments. Both all-human
andall-agentCDA studiesclaimedvery high populationef -
ciengy, rangingbetweer0.95and1.0.

Ourwork differsfrom prior CDA studiesn two signi cant
ways. First, we are interestedn studyingand understand-
ing interactiondbetweeragentandhumanbidding strateies.
Secondwe focusprimarily on measuringandunderstanding

the performanceof individual agentsjnsteadof globalmea-
suresof aggreyatemarket behaior. As agentdesignerswe
would like to understandhe principlesby which robustbid-
ding stratgiescanbedesignedhatperformwell againsboth
humanandcomputerizedpposition.Our focuson competi-
tion in heterogeneousidderpopulationss similar to that of
the agentvs. agentcompetitionheld at the SantaFe Dou-
ble Auction Tournament(SFDAT) [Rustet al., 1994. The
SFDAT wasanintrinsically discrete-timeauction,with non-
persistentorders,synchronizedidding of all agentsat ev-

ery time step,and a coarsetime stepsize deliberatelycho-
sento allow all agentsenoughtime to calculateand place
their bids. Thusthe conclusiongnay not applyto tradingin

normalreal-timeCDA markets. Another market-basedour-

namentfor bidding agents,the Trading Agent Competition
(TAC) [Wellmanet al., 2001] was held in conjunctionwith

ICMAS-00. This competitionwasmuchmorerealisticin de-
sign,andrequiredthe agentgo simultaneouslyarticipatein

multiple markets,eachof which requireda differentbidding
stratgyy. Our studyincorporatesa degreeof realismin mar

ket dynamicsand messaging/communicatiagimilar to that
of TAC, while preservinga classicalCDA design. This al-

lows bothagentsandhumansto participate aswell asfacil-
itating comparisonsvith prior all-humanandall-agentCDA

studies.

3 Overview of the Experiments

For our experimentswith humansandagentswe developed
a hybrid systemthat combinedGEM, a special-purposédis-
tributed systemfor experimentaleconomicsdeveloped by
memberf the IBM WatsonExperimentaEconomicd_ab-
oratory (WEEL), with Magenta,a prototypeagenterviron-
mentdevelopedat IBM Research.The hybrid con guration
isillustratedin Figurel.

A real-time, asynchronousCDA was administeredby a
GEM auctioneermprocessrunningon a Windows NT work-
station,which communicatedvith all biddersand executed
tradeswhenappropriate.To ensurethat agentsand humans
could interact seamlesslywith one anothey and that there
wouldbenosubtlebiasin theirtreatmenthumansandagents
usedthesamesetof messaget® communicatavith the GEM
auctioneer Eachhumanbidderwas given a Windows NT
workstationrunning a GEM client processthat interpreted
messagefrom the GEM auctioneerandencodednessages
to be sentbackto it. This GEM client offereda GUI that
permittedits userto view the orderqueue the tradehistory;
andhis/herassignegarameterslt alsopermittedthe userto
enterbids or asks. EachMagentabidderagentparticipated
in the auctionthrougha modi ed versionof the GEM client
thatforwardedmessagesia TCP/IPto a UNIX workstation
runningthe Magentaervironmentandtheagentdhemseles.
Eachagentreceivedmessageforwardedto it by its modi ed
GEM client. Whenever it wished,the agentcould sendmes-
sagedo its GEM client, which forwardedthemasquickly as
possibleto the GEM auctioneer Thusthe Magentaagents
andthe humanbiddershadaccesgo identicalstream®f data
from the auctioneerandthe auctioneercould not distinguish
ordersplacedby humansrom thoseplacedby agents.
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Figure 1. Hybrid GEM-Magentacon guration. At the left is the GEM system,shoving a GEM auctioneercommunicating
with a setof GEM clients. EachGEM client eitherpresentsa GUI to a humantraderor communicatevia TCP/IPwith one
of the Magentabidding agentsshawn atright. Also atright is anexpandedview of anagents architectureshowing thethree
internalmodulesdescribedn thetext andsketchingthecontrol o w within the Brain module.

4 Agentsfor the CDA

4.1 Agentervironmentand architecture

The bidder agentswere implementedon top of Magenta,
which provides messagingnaming,and directory services,
and supportsboth one-shotmessagingand corversations
(correlatedsequencesf messages)Eachbidderagentcon-

taineda MessageHandlanodule a Bookkeepemodule,and

aBrain module all of whichwerespeci cally tailoredfor the

CDA.

The MessageHandlewas responsibleor formattingand
sendingoutgoingmessagesndfor recevving andparsingin-
comingmessagedncomingmessagemcludedinitialization
information, noti cations of bids and asksplacedby other
agentspf tradesandof time remainingin anauctionperiod.
Uponreceiptof amessagehe MessageHandlexould parse
it andtake anappropriateaction,suchashandingthe record
of thebid, ask,or tradeto the Bookkeepemodule.

The Bookkeepemaintainedthe agents internalrepresen-
tation of the market state (e.g., the history of ordersand
tradescurrentopenorderstime remainingn theperiod,etc.)
and of the agents internal state(e.qg., ordersthe agenthad
placedtheagentsinventoryandavailablefunds,etc.).

The Brain module was responsiblefor placing bids and
asks. EachBrain placedorderson its own threadof execu-
tion, with its own activation schedule EachBrain contained
amodulefor abiddingstrat@y thatdeterminearderparame-
tersbasedntheinformationstoredin the Bookkeeperanda
timing modulethat governedthe circumstancesinderwhich

the brain's executionthreadwould wake up, apply the bid-
ding stratgyy and (possibly)placean order Outgoingorder
messagewereformattedandsentbackto the GEM clientby
the MessageHandlerOptionally, the timing modulewould
awaken the brain's execution threadwhenever a trade oc-
curredand/orwhen a particularly attractize bid or askwas
placedby anothemplayet

4.2 Agentstrategies

The Magentabidding agentdacethe following taskin alive
auction: giventhe time remaining in thetradingperiod,a

number of tradeableunits, a vector of limit prices
(onefor eachunit), andthehistory  of previousactvity in
themarket, calculateanordertime andaprice .

The timing of orderswas governedby a simple heuristic
basednasleep-vakecycle. Thesleeptimewassettoa x ed
interval of secondswith small randomijitter
added.In our experiments;fast” agentsverede ned by set-
ting andby permittingwakeupon all ordersandtrades.
“Slow” agentswerede ned by setting and allowing
wakeupsonly on trades. When an agentwakes up, it com-
putesan order price usingits pricing algorithm. The agent
will thensubmitthe order, provided thatthe computedprice
is compatiblewith the market rulesandits understandingf
the currentmarket conditions. If the agentcurrentlyhasan
openorder, the orderwill be areplacemenbrder;otherwise
it will beanew one.

The pricing algorithmsemployedin theseexperimentsare
basedon algorithmsoriginally introducedfor simpler ver-



sionsof the CDA that lacked a persistentorder queue,and
madeassumptionsiboutmarket dynamicsthat areinconsis-
tentwith thenotionof real-time independenagents We now
describemodi cations that we madeto thesealgorithmsto
tailor themto our versionof the CDA.

Zero-Intelligence-Plus(ZIP) Strategy

Cliff [Cliff andBruten, 1997 proposedan algorithm called
“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 persistenbrders:submittedorderswereeithertraded
or removedinstantaneouslyWe have modi ed ZIP to func-
tion in a real-timemarket with a de nite periodlengthand
persistenbpenorders. The primary modi cation hasto do
with outbidding or undercuttingexisting orders. This now
happensavhen ordersremainopenfor a certainamountof
realtime without beingtraded.Our modi cationsturn outto
be relatedto thoseindependentlyproposedby Preist& van
Tol [PreistandvanTol, 1999.

In our ZIP implementation.eachagentmaintainsa vec-
tor of internalpricevariables ; the -th componenbf ,
is usedto setthe orderprice whentradingthe -th unit. At
thestartof trading, is initialized to randompositive-surplus
values,andis adjustedduringthe periodaccordingto the ob-
senedtradingaction.

Whenatradeoccursattradeprice , each is adjusted
by a small randomincrementin the directionof . If the
adjustments in the directionof increasingoro t mamin (i.e.
raising for sellersandlowering for buyers),the change
is alwaysmaderegardlesof whetheror notthe -th unit has
alreadybeentraded. However, for adjustmentsn the direc-
tion of decreasingro t maigin, the changdas madeonly for
unitsthatare“active; i.e.,have notyetbeentraded.Thesize
of theadjustments proportionalto alearningrateparameter
similar to that usedin Widrow-Hoff or in back-propagation
learning.Thedifferencebetween and s alsostoredfor
useat the next trade,whena further adjustmenin the same
directionis made proportionato aseparatémomentum”pa-
rameter Thisis analogougo the useof momentunto speed
up corvergencdn back-propagatiofearning.

If asufciently longtime haspassedvithoutatradetaking
place (1.0 secondsn 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 mustalways
correspondo non-ngjative agentsurplus,i.e. it mustalways
bebelow thebuyer'svalue,or above the seller’s cost.

In all-agenttests,we nd that homogeneougopulations
of ZIP tradersachieve robustcorvergenceo theoreticakqui-
libria with high ef ciency. Dependingon the precisemarket
rulesandinitial conditions ef cienciesrangingfrom 0.980to
0.999have beenobtainedwith this strateyy.

Gjerstad-Dickhaut (GD) Strategy

Gjerstadand Dickhaut[Gjerstadand Dickhaut, 199§ intro-
duceda moresophisticatedradingalgorithmfor buyersand
sellersin the CDA, whichwe shallterm“GD”. They shoved

via simulationthata homogeneoupopulationof suchagents
couldattainhigh allocative ef ciency andrapid corvergence
to the theoreticalequilibrium price. A GD agentconstructs
an order and trade history , consistingof all ordersand
tradesoccurringsincethe earliestorder contrituting to the

th mostrecenttrade. Fromthe history , a GD buyeror
sellerforms a subjectie “belief” function that repre-
sentsits estimatedgrobabilityfor abid or askat price to be
acceptedFor example for aselle

)
where is the numberof acceptedasksin  with
price , is the numberof bids in , and

is the numberof unacceptedsksin  with price

Interpolationis usedto provide valuesfor for
pricesat which no ordersor tradesareregisteredin . The
GD agentthen choosesa price that maximizesits expected
surplusde nedastheproductof andthegainfromtrade
at that price (equalto for sellersand for buyers,
where is thesellercostor buyervalue). Thusthe algorithm
doesnotrequiretheknowledgeor estimatiorof otheragents'
costsor valuations.

The original GD algorithmwasdevelopedfor a marketin
which therewasno queuej.e. old bids or askswereerased
assoonastherewasa morefavorablebid/askor a trade. In
our versionof the CDA, unmatchedrderscanberetainedn
aqueue andthereforethe notionof anunacceptedtid or ask
becomedll-de ned. We addressethis problemby introduc-
ing into the GD algorithma “graceperiod” . Unmatched
orderswerenotincludedin  unlessatleastthegraceperiod

hadpassedincethatorderhadbeenplaced.Anothermod-
i cation to GD addressethe needto handleavectorof limit
prices, sincethe original algorithm assumed singletrade-
ableunit.

We alsofound empirically thatthe original GD algorithm
could behae pathologically particularly for “fast” agents,
which placedorderswheneer an order or trade had been
placedin the market. This often resultedin rapid burstsof
ordersandtrades.|If the last ordersresultedin  suc-
cessfultrades thentherewereno unsuccessfubrdersin the
history . Laboringunderthefalseassumptiothatanyprice
would beacceptedthe agentsvould thenplaceabsurdlylow
bidsor high asks graduallyloweringthemuntil tradesnally
beganto occuronceagain,oftenin anothetburst. This cycli-
cal behaior wasassociatedavith hightradepricevolatility.

To greatlyreducethe chance®f this occurring,we useda
softerform of historytruncation.All of thesimpletally terms
in Eq. 1 (andthe analogousxpressionfor buyers)werere-
placedby weightedsumsthatplacedexponentiallymoreem-
phasison eventsthat occurredmostrecently andthe trunca-
tion parameter wasincreasedo a muchlargervalue. As
hoped softtruncationled to moresensibleandstablepricing.
It allowed the desiredresponsienessto recentevents, but
alsopermittedinformationfrom old eventsto be usedwhen-
evertherewasinsufcient informationfrom recentevents.

Homogeneougpopulationsof modi ed GD agentsalso
achieve robust corvergenceto equilibrium, with ef ciencies
comparableéo thoseobtainedby ZIP agents.



5 Experimental setup
Our experimentausedthefollowing CDA marketrules:

1. The“NYSE” spread-impreementule wasin effect, re-
quiring that new bids be priced higherthanthe current
bestbid (andthe equivalentfor asks).This conformsto
prior CDA studiesandis believed to facilitate corver-
genceto equilibrium.

2. All orderswerefor asingleunit only, andaplayercould
have atmostoneopenorder Thiswasmeantto simplify
thetaskfor bothagentandhumansandagainconforms
to prior CDA studies.

3. Submittedordersremainedopenuntil they weretraded
or the periodended.

4. Submitted orders could be modi ed (subjectto the
NY SE rule), but not withdrawn.

5. Tradesoccurredvhenthebestbid andbestaskmatched
or crossedn price. If they crossed(.e., bid price ex-
ceededheaskprice),thetradepricewasthepriceof the
ordersubmittedrst.

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

Eachplayerwas given a list of 8-14 limit pricesfor the
unitsto betraded,arrangedn orderfrom mostto leastvalu-
able(i.e., the buyervaluesdecrease@ndthe sellercostsin-
creased)Roughlyhalf of theplayers'unitsweretradeabldor
positive surplusat equilibrium. Thelimit pricesweregener
atedfrom a basesetof threelinear schedulesn which each
successie unit increasedn costor decreasedn valueat a
constantate. Theseratesvariedin thethreescheduleshow-
ever, thetotaltheoreticaburpluswasdesignedo beaboutthe
samein each.Eachhumanhadanagentcounterpartvith the
samerole andthe samelimit prices,andhencethe samethe-
oreticalsurplus.Thetotaltheoreticaburpluswasdesignedo
split aboutevenly betweerbuyersandsellers.

An experimentonsisteaf 15-16tradingperiodsof 3 min-
uteseach.Every 4-5 periods,eachplayer's limit priceswere
changedy rotatingthethreelimit priceschedulege.g.,seller
A recevedsellerB's previous scheduleB recevedC's, and
C received A's) andaddingor subtractinga constantalueto
all limit prices,soasto changeheequilibriumprice.

Ourtargetcon gurationfor theexperimentsconsistedf 6
agentsand6 humans, both split evenly betweerbuyersand
sellers.In eachexperiment,all agentsusedthe samebidding
stratggy—eitherZIP or GD—andwereall eitherthe “Fast”
or “Slow” variant. Humansubjectsn four experimentsvere
undegraduate$rom local colleges;in two others,they were
employeesof IBM ResearchBeforethe startof eachexper
iment, subjectsreceved instructionon the auctionrulesand
theprot objective, andpracticedusingthe GUI. No discus-
sionof bidding stratgieswasgiven. Subjectsveretold they
would receve cashpaymentsproportionateo pro ts earned
in the auction;the corversionfactorwas setso that the ex-
pectedpayoutswere perplayer

%In someexperiments,one or more of the scheduledsubjects
failedto appearresultingin anasymmetrianarketwith moreagents
thanhumans.

6 Experimental results

Table1 summarizesheresultsof the six agent-humaiCDA
experiments. Several notevorthy ndings were obtained.
First, therewere signi cant interactionsandtradesbetween
agentsandhumans gventhoughthe agentswere potentially
much faster Roughly 30% or more of all tradeswere be-
tweenagentsand humans. This is a reasonabldraction of
the naive expectationof 50% if ary tradepartner(agentor
human)is equallylikely, andshovs thatthe laboratorymar
ketsdid genuinelytestagent-humaimteractvity, asopposed
to merelycreatingtwo non-interactingub-marletsoperating
ondifferenttime scales.

Second,when consideredas a group, the agentsoutper
formedthe humansin all six experiments:the total surplus
obtainedby agentavason average morethantheto-
tal humansurplus.This wastruefor bothfastandslow agent
populations,shaving that speedwas not the sole factorac-
countingfor theagents'edgein performanceln termsof av-
erageef ciency, agentsn aggreyatetendedo achieve greater
than 100% ef ciency, which necessarilyimplies that they
were exploiting humanerrorsor weaknessesHumans,on
theotherhand,tendedo scorein therangeof
and on two occasionghey did muchworse. To checkour
market design,we rana baselineexperimentin which all 12
traderswere human,measuringan ef ciency of 0.96,which
is consistentvith whatis typically foundin all-humanCDA
experiments. The factthat humansplay betteragainstother
humanghanthey doagainstagentcorroboratesheevidence
that,asagroup,theagentsarestrongemplayers.

Third, asin prior all-humanCDAs, humanperformance
tendedto improve duringthe courseof anexperiment,asthe
subjectsdbecamemorefamiliar with the GUI andthe marlket
behaior, andgot a betterideaof how to executea goodbid-
ding strat@y. Neverthelesswe still found a consistenedge
in agentsurplusover humansurplusby about in the

nal periodsof eachexperiment.

Finally, althoughit isnotdocumentedh Tablel, ouragent-
humanmarketstendedto have a lopsidedcharactein which
eitherbuyersconsistentlyexploitedsellers or viceversa.The
previously-describedcallopingbehaior wasobsenedto be
more pronouncedandlongerlastingthanin prior all-human
orall-agentCDAs. Thiswill bediscussedh detailin Sections
6.1 and 6.2, which examinetwo speci ¢ experimentswith
differentagentbidding stratgies (Fast GD and Slow ZIP),
yielding distinctly differentmarket dynamics.

6.1 FastGD Agentsvs. Humans

Figure 2 shows the trading activity in experiment Oct25,
whichwasconductedver 16 periodsdivided equallyamong
four phasesvith shiftsin limit prices.In eachperiod,thetime
seriesof tradestendsto show scalloping,astradepricescon-
vergetowardsthe equilibriumprice . Suchscallopingwas
not obsenedin agent-onlyCDA experimentswith GD Fast
(or Slow) agents.In this experimentthe buyerswereableto

extractmoresurplusfrom the market thanthe sellersasmost
tradesoccurredbelov , afactthatis alsore ected in the
averageef ciency measuresHowever, thedifferencesn sur

pluses(andef ciencies) betweerthe two sidesof the market
shrankovertime, dueto improving overall market ef ciency,
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Figure2: Tradepricevs. time for experimentOct25with 6 GD fastagentsand6 humans.The vertical dashedinesindicate
thestartof a new tradingperiod. The 16 tradingperiodsweredividedinto four phasesgachwith its own setof limit prices.In

eachphase,

is shawvn by the horizontaldashedines. Tradeshetweertwo agentsareshovn with opencircles,betweentwo

humanswith opensquaresandbetweeranagentanda humanwith solid circles. ThelabelsAB, AS, HB, andHS referto the
averageef ciency of AgentBuyers,AgentSellers HumanBuyers,andHumanSellers respectiely.

which we attribute to humanimprovementduring the course
of theexperiment.Notethatin all four phasestheagentbuy-

ersandtheagentsellersareableto extractmoresurplusthan
theirhumancounterparts.

Figure2 alsoshaws that mostof the lowest-pricedrades,
occurringwell belov , werebetweenagentsandhumans.
An inspection of experimentalrecords reveals that these
tradesweremostly betweerhumansellersandagentbuyers.
Apparentlythe humansellerswere consistentlyoffering ex-
cessiely low asks,andthe agentbuyerswereableto pounce
onsuchmistalesmorequickly thantheirhumancounterparts.

6.2 Slow ZIP Agentsvs. Humans

Figure 3 shows the tradingactivity in the third phaseof ex-
perimentOct24awith 6 ZIP slov agentsand6 humans.The
gure shaws several interestingfeatures. First, pronounced
andrepeatedcallopingin tradepricesis evident,with buyers
extractingmuchmoresurplusthansellers.This s surprising
sincesuchlarge scallopingis not seenin marketswith only
ZIP agents Secondijn eachperiod,tradegypically tendedo
occur rst betweemagentsthenbetweeragentsandhumans,
and nally betweenhumans. Third, althoughthe agentsas
a groupoutperformedhe humansagentsellersactuallyob-

tainedlesssurplusthanhumansellers.
Subsequeninterviews with humansubjectshelpedto ex-
plainthebehaior andultimatelyrevealaweaknes theZIP
stratgy. It turnedoutthattwo of thehumansellersin this ex-
perimentconsistentlyfolloweda ™ x ed-pro t-ratio’ stratey,
thatis, their askingprice for eachunit wasa x ed percent-
agegreaterthanits cost. Thesesellersrepeatedlysubmitted
asksatpricesmuchlowerthan 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 eachperiodwascenteredvell belov  , andonce
the humansellersmadea few low-pricedsalesthe ZIP sell-
ers,whichwerewakingup ontradesbeganquickly dumping
theirinventoryatvery low prices.Hencewe attribute theun-
usualmarket behaior, and the performanceranking of the
agentandhumantraderso asetof oddinteractionsbetween
the ZIP stratgly anda speci ¢ non-optimalhumanstrateyy.
To testourhypothesisye performedseparatall-agentex-
perimentswith a x ed-pro t-ratio agentin a populationof
only ZIP agentsTheresultingdynamicsexhibitedlargescal-
lops in trade pricessimilar to thosein Figure 3. We also



Experiment Agent Human
ID | #Periods]| #Trades| Interaction|| Stratgy | Surplus| Efciency || # Traders| Surplus]| Ef ciency
Octl7 15 412 0.38 GDFast | 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 GDFast | 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 GDFast | 12159 1.052 6 9708 0.840

Tablel: Summaryof the six agent-humarCDA experiments.For eachexperimentthetablepresentsthe numberof trading
periods thetotal numberof successfulradesthefractionof tradesbetweeragentsandhumansthebiddingstratey employed
by all six agentsthe numberof humantraders,andthe aggreyateagentand humanperformancesn termsof total surplus
accumulateavertheentireexperimentandthe averageef ciency.
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Figure3: Tradeprice vs time for experimentOct24awith 6
ZIP slow agentsand6 humans. Trading actwity in periods
9-12 (out of 16 total) is shavn. Otherdetailsare similar to
thosein Figure2.

implementeda modi cation to the ZIP stratgy thatis more
reluctantto lower its pro t mamin basedn wheretradesoc-
curredin the last period. Preliminaryresultsshav that the
modi ed ZIP agentgetainhigh ef ciency andarenot easily
misledby the x ed-pro t-ratio agent.

7 Conclusion

Given the simplicity of our agentbidding strateies, we are
encouragedy the results of these rst-ever tests against
humansubjects. (We remarkthat, while substantialagent-
humaninteractionshave alreadyoccurredin nancial mar
kets,suchinteractionshave anunknaovn anduncontrolledha-
ture.) Our agentsmalke relatively simple time-independent
price calculationspasedn establishedlgorithms,andtheir
timing decisionsareequallysimple,yetthey areableto out-
perform non-epert humansubjectsby a clear mamgin. It
would be interestingto test our bidding agentsagainsta
higher caliber of humanopposition,e.g., professionakqui-
tiesor commoditiegraders.We suspecthatsuchopponents
would uncover weaknesse the agentstratgies, and that
thiswould eventuallyleadto signi cant algorithmicimprove-

mentsin thestratgies. We areoptimisticthatCDA stratgjies
canbeimprovedto the point wherethey outperformall hu-
man oppositionby making betterprice inferencesasedon
market history, andby takingtime remaininginto accountin
pricing andtiming decisions.

Severalaspectof the market behavior in our experiments
differedfrom prior studiesof all-agentor all-humantraders.
Corvergenceto equilibriumin our experimentswas gener
ally slower thanin prior studies,and in two experiments,
therewasno evidenceof corvergenceby the endof the ex-
periment.We obsenedscallopedprice trajectorieghatwere
more pronouncedand longer lasting than seenpreviously.
Also, our marketstendedto be much more lopsided(either
buyerssystematicallyexploiting sellers,or vice versa)than
in earlier studies. Suchnovel market phenomenanerit fur-
therinvestigation:they might be dueto speci cs of our mar
ket design,or they may be moregeneraloutcomef agent-
humaninteractions. Henceit will be importantto conduct
further agent-humarexperimentsin othertypesof markets,
possiblyincluding greatercomplexity andreal-world detail.
Candidatesnclude combinatorialauctions, TAC-type mar
kets[Wellmanet al., 2001, andmorerealisticmodelsof -
nancialmarkets. The developmentanddeploymentof effec-
tive automatedradingstratgyiesin suchmarketswould have
immensepracticalimportanceandcouldmarkthebeginning
of alarge-scaleéntroductionof economicsoftwareagentsnto
theworld economy{Kephartetal., 2004.

While ourresultsarepreliminary someaspect®f our nd-
ingsmay beindicative of whatonecanexpectto occurmore
generallyaseconomicsoftwareagentsaredevelopedfor real-
world markets. We suspecthat,in mary real marketplaces,
agentsof sufcient quality will be developedsuchthat most
agentsbeatmosthumans. A signi cant componenbf their
adwantagewill comefrom their ability to initiate actions,and
to reactto market events,muchfasterthanhumans.As are-
sult, therewill besigni cant economidncentie for humans
to employ agentgo acton their behalf. Thenthe competition
betweenagentsand humanswill evolve into a competition
amongagents.
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