
Computational Me
hanism DesignJasmina Arifovi
September 18, 2007
Jasmina Arifovi
 Computational Me
hanism Design



Introdu
tionjoint work with John Ledyard, Calte
hresear
h proje
t - attempt to 
reate a valid 
omputationaltestbed for me
hanism designa 
olle
tion of arti�
ial agents that will provide results similarto those from laboratory experiments with human subje
tsif a testbed is to be at all useful, it must mat
h laboratoryperforman
e over a wide range of environments and a widerange of me
hanismsArifovi
 and Ledyard (2003) - a publi
 goods environment anda 
lass of Groves-Ledyard me
hanismsWe were able to 
reate a valid testbed for that situation.Jasmina Arifovi
 Computational Me
hanism Design



Private Goods
evaluate market designs in several private goods environments.Call MarketsOne good, one market, heterogenous buyers and sellersExtensions: multiple goods, multiple marketsadditive and quadrati
 utility
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Computational Me
hanism DesignMarket design - many questions and 
hoi
es: e.g., 
ontinuousau
tion or 
all market, open or 
losed book et
.3 s
ienti�
 approa
hes: theoreti
al, experimental and
omputationalTheoreti
al: rational agent, game-theoreti
 framework, forexample, work on 
all markets - Satterthwaite and Williams(1989)Experimental: Human model - subje
ts in the experiment,examples for 
all markets - M
Cabe, Rassenti, and Smith(1993), Friedman (1993)Computational me
hanism design: model of the agent is a
omputer program, a "smart" agentJasmina Arifovi
 Computational Me
hanism Design



The TestbedA testbed 
onsists of a 
olle
tion of 
omputer agents ready torespond to a variety of me
hanism designs in a variety ofenvironmentsIt must be 
exible enough to take in whatever information weprovide about e and (M; g ; s) and produ
e whatever messagesare required.Not ne
essary or desirable to 
reate agents that are smarter orfaster than humansWe need to 
reate agents who produ
e out
omes similar tothose produ
ed by human agents when pla
ed in the sameenvironmentExperiments with human subje
ts - test of su

essJasmina Arifovi
 Computational Me
hanism Design



Individual Evolutionary LearningAt the beginning of round t 2 f1; 2; :::;Tg, ea
h agenti 2 [1; : : : ;N℄ has a 
olle
tion Ait of possible messages
onsisting of J alternatives aij;t 2 Ait , j 2 f1; : : : ; JgAt ea
h t, an agent sele
ts an alternative, mit , randomly fromAit using a probability density �it on Ait :The out
omes and feedba
k are then determined using theout
ome fun
tion, g(mt); and the feedba
k fun
tions,s it+1 = s i(mt):Finally, using the information in st+1; ea
h agent then
omputes a new Ait+1 and �it+1.Jasmina Arifovi
 Computational Me
hanism Design



Updating of AtAt+1 - foregone utilities, repli
ation, and experimentation:Foregone utility for ea
h alternative in the set - the(expe
ted) payo�, given the signal s it ; that the alternative aij;twould have re
eived had it been a
tually used, taking thebehavior of other agents as givenExperimentation - For ea
h entry in Ait+1 and for ea
hj = 1; :::; J; with probability � we sele
t one message atrandom from M and let aij;t+1 equal that message.
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Updating, 
ont.d
Repli
ation o

urs in a way that reinfor
es messages thatwould have been good 
hoi
es in previous roundsFor j = 1; : : : ; J , pi
k two members of Ait randomly (withuniform probability) with repla
ement. Let these be aik;t andail;t : Thenaij;t+1 = � aik;tail;t � if � U(aik;t jst) � U(ail;t jst)U(aik;t jst) < U(ail;t jst) � :
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Updating, 
ont.d
Sele
tion probabilities�ik;t+1 = U(aik;t+1jst)PJj=1 U(aij;t+1jst) (1)for all i 2 f1; : : : ;Ng and k 2 f1; :::; Jg.
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Some remarksInitialization:
ould be done in many di�erent waysattempt to represent what subje
ts bring to the lab orrepresent thinking hard about the problem prior to the startwe forego any attempts at sophisti
ated initializations and
onstru
t the initial set Ai1 by randomly sele
ting, withrepla
ement, J messages from the set of possible messages, M(1/J)
Jasmina Arifovi
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Some remarks, 
ont.dRepli
ation for t + 1favors alternatives with a lot of repli
ates at t and alternativesthat would have paid well at t if they had been used.Over time, alternatives that 
onsistently earn higher foregonepayo�s re
eive more repli
ates and their prominen
e in the setin
reases.On the other hand, alternatives with 
onsistently low foregonepayo�s re
eive smaller and smaller number of repli
ates.Eventually, they disappear from the setThe potentially su

essful alternatives are remembered andreinfor
ed while the less su

essful ones are forgottenOver time, sets be
ome more homogeneous as mostalternatives be
ome repli
ates of the best performingalternative. Jasmina Arifovi
 Computational Me
hanism Design



Some Remarks, 
ont.ExperimentationIntrodu
es new alternatives that may be tried out, in spite oftheir prior evaluationsThis insures that a 
ertain amount of diversity is maintainedExperimentation is not as random as it may lookan alternative is sele
ted at random from Mbut, it must have a reasonably high foregone utility relative tothe last period or future periods to have any 
han
e of everbeing usedit has to in
rease in frequen
y in order to in
rease its sele
tionprobability; this 
an happen only if it proves su

essful overseveral periodsJasmina Arifovi
 Computational Me
hanism Design



Call MarketsCall market - a

umulates bids and o�ers from traders for aperiod of time and then, in a bat
h pro
ess, 
lears them at auniform pri
e.repeated environment - traders parti
ipate in a series of 
allmarkets in the same environmentthe e�e
t that di�erent information treatments have onallo
ative eÆ
ien
y, after ea
h 
allopen book - information about all the bids and o�ers thatwere pro
essed in that 
all
losed book - the 
learing pri
e and whether they traded or notJasmina Arifovi
 Computational Me
hanism Design



Overview of the Resultsproviding information about the book to traders between 
allslowers allo
ative eÆ
ien
yinformation 
reates noiseresult of the alternative designs of the markets or result of theparti
ular algorithm that we are usingwe ran a series of e
onomi
s experiments that repli
ated boththe environments and the market designsallo
ative eÆ
ien
ies produ
ed in the laboratory experimentswere similar to those produ
ed by our agents, therebyvalidating our 
omputational approa
h.Jasmina Arifovi
 Computational Me
hanism Design



The Environmenta �xed number of buyers, N; and sellers, N.Sellers ea
h own one unit of a 
ommodity and buyers ea
hwant to 
onsume one unit of the 
ommodity.Sellers must pay a 
ost if they sell, buyers re
eive a value ifthey buy.Ea
h buyer's valuation of a good is given by Vi 2 [0; �℄, wherei = f1; : : :NgEa
h seller's 
ost of a good is given by Cj 2 [0; �℄, wherej = f1; : : :Ng.Ea
h buyer i knows Vi and N and ea
h seller j knows Cj andN - this is 
ommon knowledge.we test two versions of a 
all market.Jasmina Arifovi
 Computational Me
hanism Design



A Simple Call Market
There is only one 
all before trade o

urs and there is noinformation revealed about submitted bids or o�ers before the
all is made.The simple 
all market, SCM, is a sealed-bid au
tion in whi
hbuyers submit bids, bi , and sellers submit o�ers, o i , to a"market".When all bids and o�ers are 
olle
ted, the market is "
alled".The market 
omputes a 
learing pri
e.
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Market Clearing Pri
eFirst, all bids and o�ers are ranked:Let b1 � b2 � ::: � bN and o1 � ::: � oN :Let k be the highest number su
h that bk � ok : LetZ = minfbk ; ok+1g (2)and z = maxfok ; bk+1g (3)Then P(b1; :::; bN ; o1; :::; oN ) = (Z + z)=2is the 
learing pri
e.Jasmina Arifovi
 Computational Me
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Payo�s
Every buyer whose bid is at or above that pri
e re
eives a unitat that pri
e and every seller whose o�er is at or below thatpri
e sells a unit at that pri
eIf bi � P ; (i.e., i � k); then i trades (i.e., is given a unit ofthe good) and re
eives a payo� of V i � P :If o i � P ; (i.e. i � k); then i trades (i.e., gives up a unit ofthe good) and re
eives a payo� of P � C i :All others do not trade and re
eive a payo� of 0.
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Information Design
Two market designs will be tested whi
h di�er only in theirfeedba
k to the agents.In the Open Book Design, ea
h agent is given full informationabout all bids, o�ers and pri
es from the previous round: atthe start of period t+1, ea
h agent knows mt and P(mt): Sos it+1 = [mt ;P(mt)℄:In the Closed Book Design, agents are informed only aboutthe pri
e P(mt) in the previous round. So s it+1 = P(mt):
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The Call Market in the TestbedHow the foregone utilities are 
omputed for a givene = (V1; :::;VN ;C1; :::;CN)The information agents have is di�erent in the two designs,what they 
an 
ompute is also di�erentNaive approa
h - impli
itly assumed that agents treat thesignals they see as if those signals will be repeated exa
tly inthe next periodThere are no sophisti
ated expe
tations models or 
olle
tionof histori
al signals.all we assume is "best" responses.Jasmina Arifovi
 Computational Me
hanism Design



Closed book designea
h trader knows only the pri
e from the previous periods it = P(mt)traders - pri
e takersGiven Pt = P(mt), ea
h buyer 
an 
ompute for ea
h bidaijt 2 Ait U(aij;t ; s it) = � V � Pt0 � if � aijt � Ptaijt < Pt � :Given Pt = P(mt), ea
h seller 
an 
ompute for ea
h o�eraijt 2 Ait U(aij;t ; s it) = � Pt � C i0 � if � aijt � Ptaijt > Pt � :Jasmina Arifovi
 Computational Me
hanism Design



Open bookEa
h trader knows all the bids and o�ers from the previousperiodThat is, s it = mt : Thus they 
an 
ompute W (mt=aijt) for ea
hbid (o�er) aijt 2 Ait :they 
an 
ompute U i (aij js it) = [V i � P(mt=aij)℄hi (mt=aij) for abuyer:take the bids and o�ers in mt and rank and renumber them sothat bt;1 > bt;2 > ::: > bt;N�1 and ot;1 < ot;2 < ::: < ot;NLet k be the maximum number su
h that bt;k � ot;k :need to 
ompute what pri
e would o

ur and whether wewould trade, if we added a bid of b to these listsJasmina Arifovi
 Computational Me
hanism Design



Hypotheti
al utility of a bid bIf bt;k > ot;k+1U(bj�) = 8><>: 0V � b+ot;k+12V � bt;k+ot;k+12 9>=>; if 8<: b � ot;k+1ot;k+1 � b � bt;kbt;k � b 9=;and if bt;k < ot;k+1U(bj�) = 8><>: 0V � b+ot;k+12V � bt;k�1+ot;k+12 9>=>; if 8<: b � bt;kbt;k � b � bt;k�1bt;k�1 � b 9=; :
Jasmina Arifovi
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traders modeled as if they 
are about manipulating theequilibrium pri
es on the margin - they take into a

ount thefa
t that their bids or o�ers may 
ause pri
es to 
hangein 
ontrast, in 
losed book design - traders modeled as pri
etakers
Jasmina Arifovi
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ParametersN = 5 buyers and N = 5 sellers for ea
h simulationThe four sets of values, e; that provide a reasonable variationin the size of the margins, Z � z ; and in the potential gainsfrom trade:Ea
h trader's mixed strategy set had J = 100 messages.The probability of experimentation was set to 0:033.for experimentation - drew from the normal distribution withthe mean value equal to the value of the previous bid (o�er)and standard deviation equal to 1.Jasmina Arifovi
 Computational Me
hanism Design



Performan
e measuresEÆ
ien
yTrading pri
esValues of individual bids and o�ers over the 
ourse of oursimulationsEÆ
ien
y is the ratio of the gains from trade in a 
all to themaximum possible gains from tradeEt = PNi=1 V it hi(mt)�PNj=1 C jt f i (mt)PNi=1 V it hi(V ;C )�PNj=1 C jt f i (V ;C )Jasmina Arifovi
 Computational Me
hanism Design



IEL Results4 di�erent parameter sets, open and 
losed bookeÆ
ien
ies over 100 iterations, ea
h lasted 20 periodsthe average eÆ
ien
y levels are higher for the 
losed than forthe open book designaveraging a
ross all iterations and parameter values, the
losed book design - an eÆ
ien
y of 92%; the open bookdesign exhibited an eÆ
ien
y of 83%A
ross the four parameter sets, the di�eren
e in eÆ
ien
ybetween the 
losed and open book design ranged from 0.05 to0.15. Jasmina Arifovi
 Computational Me
hanism Design



IEL sims - parameter valuesparameter set 1 2 3 4buyer 1 1.00 0.90 1.00 2.00buyer 2 0.93 0.70 0.95 1.80buyer 3 0.92 0.50 0.90 1.60buyer 4 0.81 0.30 0.80 1.40buyer 5 0.50 0.022 0.15 1.20seller 1 0.66 0.12 0.0 0.00seller 2 0.55 0.37 0.05 0.20seller 3 0.39 0.49 0.10 0.40seller 4 0.39 0.87 0.20 0.60seller 5 0.30 0.90 0.85 0.80Jasmina Arifovi
 Computational Me
hanism Design



Average EÆ
ien
y A
ross 4 Parameter SetsSet Me
hanism Mean Varian
e1 
losed 0.9164 0.0400open 0.8116 0.04562 
losed 0.9227 0.0328open 0.8537 0.04703 
losed 0.9405 0.0273open 0.8980 0.03494 
losed 0.9256 0.0313open 0.7740 0.0257
Jasmina Arifovi
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Experimental DesignWe set up the experiments to exa
tly mat
h the environmentsand me
hanisms used for the simulations.Ea
h observation 
omes from a group of 10 subje
ts: 5 buyersand 5 sellersEa
h group of subje
ts parti
ipated in a sequen
e of 8 phases.Ea
h phase is identi�ed with a parti
ular environment, e; anda parti
ular market designAt the start of a phase, ea
h subje
t was given a value (forbuyers) or a 
ost (for sellers) that was �xed throughout thephase.In ea
h phase only one type of 
all market (open or 
losedbook) was used. The market was repeated 20 times in ea
hphase. Jasmina Arifovi
 Computational Me
hanism Design



Experiment Parameter Setsphase p1 p2 1 2 3 4 5 6 7 8buyers1 400 400 50 90 100 180 130 193 120 1802 400 400 92 50 80 190 170 150 180 1603 400 400 93 70 15 195 190 181 160 140`4 400 400 100 30 95 115 159 200 140 2005 400 400 81 10 90 200 110 192 200 120sellers6 300 300 66 5 10 100 185 139 60 407 300 300 30 65 20 110 145 166 0 608 300 300 39 25 85 120 105 130 80 209 300 300 55 85 0 105 125 139 20 8010 300 300 39 45 5 185 165 155 40 0Jasmina Arifovi
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Experiment Parameter Valuesphase p1 p2 1 2 3 4 5 6 7 8Type C O C O O C C O C OSe
onds/round 25 25 25 25 25 25 25 25 25 25interim delay 5 5 5 5 5 5 5 5 5 5startup delay 120 120 120 120 120 120 120 120 120 120# rounds 10 10 20 20 20 20 20 20 20 20The ex
hange rate was $0.006/fran
The total time of one session is 108 minutes.The average payout/subje
t is $30 plus a $5 showup fee.
Jasmina Arifovi
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group together data from ea
h of phase 1 and 6, phase 2 and5, phase 3 and 4, and phase 7 and 8.In ea
h pair, one of the phases uses a 
losed book design andthe other uses an open book designThis allows for an easy 
omparison of the behavior observedfor the same parameter values, but for di�erent 
all marketdesigns
Jasmina Arifovi
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EÆ
ien
ies - Human Data
parameter set phases open 
losed1 1,6 .89, .79 .98, .982 2,5 .92, .86 1.0, .763 3,4 .95, .9 .9, .954 8,7 .97 .98

Jasmina Arifovi
 Computational Me
hanism Design



Comparison of Simulations and ExperimentsEÆ
ien
ies are signi�
antly higher in the 
losed book designsthan in the open book designs (sims and exps)a lot more variation of the eÆ
ien
y levels in the �rst periods(rounds) than towards the end whi
h indi
ates the e�e
ts oflearning (sims and exps)Both sims and exps exhibit fairly stable pri
esBidding behaviorIn both sims and exps, there is a tenden
y in the open bookdesign for bidders to try to be strategi
ally aggressive bybidding near the 
learing pri
e to try to manipulate that pri
e.There is mu
h less tenden
y to do this in the 
losed bookdesign and bids, espe
ially of those holding intra-marginalunits, tend to be nearer the true values or 
osts of the bidder.Jasmina Arifovi
 Computational Me
hanism Design



Comparison, 
ont.dSimulations are done in `real time', i.e. the number ofsimulation periods is exa
tly equal to the number ofexperimental periods.Simulations initialized by 
hoosing a random sele
tion ofinitial strategiesagents in IEL are very qui
kly produ
ing patterns of bidding,pri
es and eÆ
ien
ies similar to those from humanexperimentsNo other learning model able to do this.Jasmina Arifovi
 Computational Me
hanism Design



Comparison, 
ont.dA very simple market mi
rostru
ture question: Is theredi�eren
e in behavior exhibited in the 
losed and open bookdesign?Does the amount of information available to the traders a�e
tthe out
omes?Our answer is yes.The 
losed book, whi
h provides less information, leads tomore eÆ
ient and less volatile out
omes. This answer is basedon both simulations with our IEL testbed and experimentswith humans subje
ts.Jasmina Arifovi
 Computational Me
hanism Design



Pri
e and EÆ
ien
y for Parameter Set 1 - Open Book
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Figure: Pri
e and EÆ
ien
y for Parameter Set 1 - Closed BookJasmina Arifovi
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Pri
e and EÆ
ien
y for Parameter Set 2 - Closed Book
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Pri
e and EÆ
ien
y for Parameter Set 2 - Open Book
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Pri
e and EÆ
ien
y for Parameter Set 3 - Closed Book
2 4 6 8 10 12 14 16 18 20

0

0.5

1

1.5
Historical Price

Period count

P
ric

e

2 4 6 8 10 12 14 16 18 20
0

0.2

0.4

0.6

0.8

1

Historical Efficiency

Period count

E
ffi

ci
en

cy

Jasmina Arifovi
 Computational Me
hanism Design



Pri
e and EÆ
ien
y for Parameter Set 3 - Open Book
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Pri
e and EÆ
ien
y for Parameter Set 4 - Closed Book
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Pri
e and EÆ
ien
y for Parameter Set 4 - Open Book
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EÆ
ien
y for Phases 1 and 6
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Pri
es for Phases 1 and 6
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Submitted Bids and O�ers - 1 and 6
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EÆ
ien
y for Phases 2 and 5
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Pri
es for Phases 2 and 5
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Submitted Bids and O�ers - 2 and 5
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EÆ
ien
y for Phases 3 and 4
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Pri
es for Phases 3 and 4
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Submitted Bids and O�ers - 3 and 4
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EÆ
ien
y for Phases 7 and 8
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Pri
es for Phases 7 and 8
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Submitted Bids and O�ers- 7 and 8
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One Market - Multiple UnitsHomogenous Buyers and SellersTable 2Simulation Results - EÆ
ien
yParameter Set Au
tion Type Mean Varian
eA.1 Closed 0.9164 0.0400Open 0.8116 0.0456A.2 Closed 0.9227 0.0328Open 0.8537 0.0470A.3 Closed 0.9405 0.0273Open 0.8980 0.0349A.4 Closed 0.9256 0.0313Open 0.7740 0.0257Jasmina Arifovi
 Computational Me
hanism Design



One Market - Multiple UnitsHeterogenous Buyers and SellersParameter Set Au
tion Type Mean Varian
eB.1 Closed 0.96055 0.02436Open 0.63118 0.03433B.2 Closed 0.75889 0.03325Open 0.37286 0.05705B.3 Closed 0.83421 0.02625Open 0.53346 0.00940B.4 Closed 0.85447 0.02609Open 0.72634 0.01593Jasmina Arifovi
 Computational Me
hanism Design



Multiple Markets, Single UnitHeterogenous Buyers and Sellers MarketRules Au
tion Type 1 2 3 4 5100 Closed 0.9123 0.9006 0.9124 0.9029 0.90160.0316 0.0393 0.0268 0.0375 0.0364100 Open 0.8590 0.8607 0.8682 0.8559 0.86310.0403 0.0447 0.0273 0.0426 0.0432500 Closed 0.90778 0.91327 0.91136 0.91574 0.905740.03558 0.03750 0.03563 0.03094 0.03761500 Open 0.8616 0.8640 0.8519 0.8518 0.85820.0381 0.0392 0.0398 0.0363 0.0417Jasmina Arifovi
 Computational Me
hanism Design



Heterogenous Buyers and SellersMultiple Markets, Multiple Units MarketRules Au
tion Type 1 2 3 4 5100 Closed 0.7422 0.7522 0.7602 0.7659 0.79040.0117 0.0111 0.0123 0.0108 0.0111100 Open 0.5017 0.5139 0.5203 0.4796 0.47980.0042 0.0039 0.0045 0.0033 0.00422500 Closed 0.8326 0.8703 0.8911 0.8788 0.87680.0135 0.0303 0.0167 0.0169 0.01362500 Open 0.5597 0.5809 0.6004 0.5499 0.59480.0082 0.0064 0.0071 0.0037 0.0058Jasmina Arifovi
 Computational Me
hanism Design



Quadrati
 UtilityMultiple Units, Single MarketEa
h agent is endowed a 
ertain amount of ea
h 
ommodity,e i = (e i1; e i2; :::; e ik )For ea
h agent, x ik > 0 means the agent bought and x ik < 0means they sold 
ommodity k .The utility an agent gets from trading qi at P is determinedby:W i(x i ;P) = �(x i + e i )0H i (x i + e i ) + �i(x i + e i )� Px i + 
 iJasmina Arifovi
 Computational Me
hanism Design



Quadrati
 Utility- For ea
h agent, a rule is now 
omprised of an integerrepresenting the number of units they are bidding on (x i ) and avalue representing the bid/ask over ea
h the x i unitsTable 13Quadrati
 UtilitySimulation Results - EÆ
ien
yParameter Set Au
tion Type Mean Varian
eTable 12 Closed 0.8976 0.0737Open 0.8419 0.0434
Jasmina Arifovi
 Computational Me
hanism Design


