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tWe des
ribe a new and di�erent behavioral model for individuals playing in a re-peated situation. It is based on a 
exible learning pro
ess and 
alled Individual Evo-lutionary Learning. IEL does not require 
alibration and 
an be used as a 
omputertestbed to study the probable performan
e of a wide range of me
hanisms over a widerange of environments prior to testing them in a laboratory or using them in pra
ti
e.We illustrate the utility of the testbed approa
h by analyzing an open question inme
hanism design - the dynami
s of Groves-Ledyard me
hanisms. Contrary to stan-dard theories, the predi
tion from the IEL behavioral model is that the average timeto 
onvergen
e varies smoothly and is U-shaped in the me
hanism's free parameter.We validate the results from the testbed with data from e
onomi
 experiments withhumans.

�Simon Fraser University and California Institute of Te
hnology, respe
tively. We thank Stephanie Chow,Paul Healy, and Stephen Tse for their very able resear
h assistan
e. We thank Peter Bossaerts, ColinCamerer, Yan Chen, Tom Palfrey and Charlie Plott for helpful dis
ussions. We thank parti
ipants atseminars at the California Institute of Te
hnology and the University of California at San Diego, and atthe ESA meetings, Tu
son, September 2000, the NBER De
entralization Conferen
e, White Plains, O
tober2000 for useful 
omments. This material is based on work supported by the National S
ien
e Foundationunder grant ITR/SES-0121478. Any opinions, �ndings, and 
on
lusions or re
ommendations expressed inthis material are those of the authors and do not ne
essarily re
e
t those of the the NSF.1



1 Introdu
tionMe
hanism design has be
ome very sophisti
ated sin
e its introdu
tion by Hurwi
z in 1960.It is now a well developed body of theory taking into a

ount information and in
entive
onstraints. The framework of me
hanism design is reasonably simple and well-known. Ame
hanism spe
i�es the rules of the game - who should 
ommuni
ate with whom and how,as well as what a
tions to take and when. Given a set of individuals, their preferen
es andtheir endowments (all part of the environment), the out
ome we observe will be the resultof both the me
hanism rules and the 
hoi
es made by the agents.However, me
hanism design appli
ations remain diÆ
ult and not at all straightforward.An important question in applied work is whether individuals in a group are better o� underone me
hanism than another. To answer this we must be able to evaluate the performan
eof alternative me
hanisms. To do that one must be able to predi
t what out
omes will o

urin ea
h environment when that me
hanism is used. We need a model of behavior - howagents 
hoose their a
tions given the me
hanism and the environment. Unfortunately thereis as yet no generally a

urate and agreed upon standard game-theoreti
 model of behavior.Among the 
andidates from the theoreti
al literature are the use of dominant strategies(if they exist), Bayesian equilibrium, and Nash equilibrium. Among the 
andidates fromthe behavioral literature are reinfor
ement learning, belief-based learning, and their hybrid,experien
e weighted attra
tion. There are many others.Absent a unique, 
ompelling model of behavior some e
onomists have turned to theuse of the experimental e
onomi
s laboratory as a testbed for new me
hanisms in mu
h thesame way that early air
raft designers turned to the wind-tunnel to test their designs. In thisapproa
h, one pi
ks a me
hanism design, pi
ks a few environments, puts people in pla
e, andthen runs the me
hanism. Performan
e is measured and 
omparisons between me
hanismsare made. But this is expensive and time 
onsuming. It would be extremely helpful if onehad a 
omputer testbed one 
ould use to identify the few me
hanisms and environments thatshould be tested in the lab. The 
hallenge is to provide 
omputer models of humans withall their 
ognitive 
apabilities. These must be equal to, not better than, humans.A natural way to start would be to take an existing model of learning in experiments,su
h as Reinfor
ement Learning (Erev and Roth) or EWA (Camerer and Ho), and use thatas a basis for the testbed. Unfortunately there are at least two problems with su
h anapproa
h: (1) these models must be tuned or 
alibrated; that is, parameters must be setdi�erently for di�erent games or market 
onditions in a way that is not ne
essarily knowna priori, and , as we show in Appendix I, (2) these models do not s
ale; that is, when thereare a large number of strategies available to ea
h agent, the models behave less and less likehuman subje
ts do.To 
reate a 
omputer based testbed, one needs to 
ome up with a model of behavior thatis a

urate and robust. A

urate means that when a test pair, environment and me
hanism,are 
hosen and tested in the 
omputer, then the out
ome from the behavior modeled inthe 
omputer is 
lose to what would be produ
ed in laboratory experiments with humansubje
ts. Robust means that the 
omputer modeled behavior has to be a

urate withoutre-estimation of the parameters. 2



In this paper, we propose a new model of learning, 
alled Individual Evolutionary Learn-ing (IEL), that is based, to some extent, on evolutionary algorithms su
h as geneti
 algo-rithms, 
lassi�er systems, geneti
 programming, evolutionary programming, et
. We thenbuild a 
omputer testbed based on IEL and use that to analyze an standing problem inme
hanism design.To illustrate our approa
h and to provide some eviden
e that it 
an be su

essful, we
onsider a spe
i�
 
lass of me
hanisms for the provision of a publi
 good - Groves-Ledyardme
hanisms.1 We 
hoose this example for three reasons. First, the 
lass of me
hanisms iswell-known and reasonably straight-forward to des
ribe. Se
ond, there is an a

essible, ifin
omplete, body of theory about this 
lass with respe
t to both the stati
 and dynami
properties of the me
hanism. Third, there is a body of experimental work to draw on.Theory establishes for the Groves-Ledyard tax and allo
ation rules, in a one-shot game,that the me
hanisms yield a Nash equilibrium out
ome at a Pareto-optimal level of thepubli
 good. But the theory is mostly silent on the dynami
s of su
h a me
hanism ina repeated play situation. Two ex
eptions are the papers by Muen
h and Walker (1983)and by Chen and Tang (1998), both of whi
h suggest that the dynami
s might dependon the value of a free parameter, even though that parameter does not a�e
t the Nashequilibrium out
omes. Muen
h and Walker rely on Cournot, or best reply, strategies fortheir analysis. Chen and Tang produ
e results that apply more broadly to any adaptivelearning strategies. Although there is no serious game-theoreti
 reason to assume agentswould adopt adaptive strategies, eviden
e from experiments with human subje
ts does seemto support this theoreti
al insight. In experiments with human subje
ts (Chen and Plott,1996; Chen and Tang, 1998), the Groves-Ledyard me
hanism was implemented as a repeatedstage game. In these experiments, messages did not 
onverge to Nash equilibrium for a lowvalue of the free parameter, but did 
onverge for a high value. (Chen and Tang, 1998).When we used our IEL testbed to analyze the Groves-Ledyard me
hanisms, we found
onvergen
e for all values of the parameter tested. We also found that the time to 
onvergeis smooth and U-shaped in the parameter; that is, there is a value of the parameter thatminimizes the time to 
onverge and, also, the eÆ
ien
y of the allo
ations 
hosen. This issigni�
antly di�erent from predi
tions based on strategi
 
omplements or dominant diagonal.Based on our testbed analysis, we ran several experiments for 6 di�erent values of theme
hanism parameter. Remarkably, those data 
on�rm the U-shape and the parameter thatminimizes the 
onvergen
e time. But we also found that human subje
ts are a bit faster, alittle less stable, and a little less eÆ
ient than the IEL simulations would suggest, althoughthose di�eren
es are smallest at the value of the me
hanism parameter that minimizes averagetime to 
onverge.We turn now to �lling in the details. We begin in Se
tion 2 by des
ribing the GLme
hanisms and the questions we are interested in. In Se
tion 3 we des
ribe IEL andthe 
omputer testbed. In Se
tion 4, we detail the results of our simulations with the GLme
hanisms in that testbed. We 
ompare the testbed results to experimental data in Se
tion5. We look at variations in our model and testbed to determine the robustness of our1See Groves-Ledyard 1977. 3



approa
h in Se
tion 6. In Se
tion 7 we �nish o� with some �nal thoughts.2 A Me
hanism Design QuestionThe Groves-Ledyard me
hanisms were designed to a
hieve an optimal allo
ation and �nan
-ing of publi
 goods in one-shot situations. We are interested in how these me
hanismsperform when used repeatedly, in a sequen
e of one-shot games.2.1 Environments and Me
hanisms2Publi
 Good Environments We restri
t our attention to environments in whi
h a publi
good is produ
ed using a 
onstant returns to s
ale produ
tion fun
tion and in whi
h agentshave quadrati
, quasi-linear utility fun
tions.3 There are N agents, i 2 f1; : : : ; Ng: Letz = (X; y1; :::; yN) where X is the amount of the publi
 good and yi is i's net 
onsumptionof the private good. Ea
h i begins with an initial endowment of the private good �i: Agenti's 
onsumption of the private good is �i + yi: The per unit 
ost of produ
tion of the publi
good is 
. The set of feasible allo
ations isZ = (z = (X; y)jX � 0; 
X + NXi=1 yi = 0)Ea
h 
onsumer i has a utility fun
tion: V i(X;�i + yi) = AiX �BiX2 + �i + yi:In the repeated version of the publi
 good allo
ation problem, payo�s are additive overtime without dis
ounting. At ea
h iteration t = 1; :::; t0; amounts of the publi
 goodand net 
onsumptions (Xt; yt) 2 Z are 
hosen. An agent's payo� from the sequen
e(X1; y1; :::; Xt0 ; yt0) is Pt0t=1 V i(Xt; �i + yit):We use the notation (N;Z; V ) to denote an environment.The Groves-Ledyard Me
hanisms The Groves-Ledyard me
hanisms are de�ned as fol-lows for a one-shot game. Begin with a language, a spa
e of messages, M = (�1;+1):mi 2M 
an be thought of as i's in
remental demand for the publi
 good.Given a ve
tor of messages m = (m1; :::; mN); the publi
 good produ
ed isX(m) = NXi=1 mi :2This se
tion is intended mainly as a reminder to the reader of the formal stru
ture of the problem. Formore details, see Groves and Ledyard (1977) or Chen and Plott (1996).3The Groves-Ledyard me
hanisms also work in more general environments in
luding those with in
omee�e
ts. We restri
t our attention in this paper to quadrati
, quasi-linear environments to allow 
omparisonswith existing experimental results. 4



The tax to be paid by i is:T i(m; 
) = X(m)(
=N) + (
=2)�N � 1N �mi � ��i�2 � �2�i�where 
 is an arbitrary free parameter greater than 0, ��i = Ph6=imhN�1 is the mean value ofthe messages of the other agents, and �2�i = Ph6=i(mh���i)2N�2 is the squared deviation from thismean.The out
ome rule of the me
hanism is g(m; 
) = (X(m); y1(m; 
); :::yN(m; 
)) = (X(m);�T 1(m; 
):::;�TN(m; 
)):Let ri = ri(m) = (��i(m); �2�i(m)): Be
ause ri does not depend on mi and X(m) =mi + (N � 1)��i; i0s utility 
an be written asW i(mijri(m); 
) = V i(mi + (N � 1)ri1(m); �i � T i(mi; ri(m); 
)): (1)Di�erent values of 
 imply di�erent out
ome fun
tions and, therefore, di�erent me
h-anisms. So by letting 
 range over values from 0 to 1, one 
reates an entire 
lass ofme
hanisms.2.2 Prior Results and New QuestionsThe theoreti
al equilibrium properties of Groves-Ledyard me
hanisms are well understood.The tax and allo
ation rules are spe
i�
ally designed so that, if the agents follow Nash equi-librium behavior, then the equilibrium out
ome of a one-shot game will be a Pareto optimalallo
ation. Formally, if m� is a ve
tor of messages su
h that m�i 2 argmax W i(mijri(m�); 
)for all i, then [X(m�); y(m�)℄ 2 argmax PV i(X; yi) subje
t to 
X +P yi = 0: In environ-ments with quasi-linear preferen
es, the Pareto optimal level of publi
 good is unique andthe equilibrium out
ome level of the publi
 good is independent of 
: But if one is interestedin a
tually using these me
hanisms, it is ne
essary to understand their dymami
s. For ex-ample, if one is interested in the ability of the me
hanisms to attain optimal levels of utilityin repeated situations, then one must ask whether and how fast individuals will 
onverge tothe Nash equilibrium, sin
e faster 
onvergen
e implies higher aggregate welfare.Theory is mostly silent on the dynami
s of Groves-Ledyard me
hanisms. Two ex
ep-tions are the papers by Muen
h and Walker (1983) and by Chen and Tang (1998), both ofwhi
h suggest that the parameter 
 plays a major role in those dynami
s for agents followingadaptive strategies. Based on the work of Milgrom and Roberts (1990) on strategi
 
omple-mentarities, Chen and Tang (1998) derive a suÆ
ient 
ondition for quadrati
 preferen
es,
 � 2NBi for all i; for the 
onvergen
e of the me
hanism in a sequen
e of repeated one-shotgames if agents use adaptive learning.4 Another suÆ
ient 
ondition for global 
onvergen
eto Nash equilibrium, if agents use best replies, 
an be derived from a theorem of Gabay4Adaptive learning is de�ned in Milgrom and Roberts (1990) and in
ludes Cournot best response, �
titiousplay, Bayesian Learning and others. The suÆ
ient 
ondition for 
onvergen
e under adaptive learning is�2V i=�mi�mj � 0 5



and Moulin (1980) using a dominant diagonal 
ondition.5 For quadrati
 preferen
es that
ondition holds if 
 � [N(N � 2)=(N � 1)℄Bi for all i. However, neither the strategi
 
om-plementarity nor the dominant diagonal 
ondition provide any insight into how the speedof 
onvergen
e might depend on 
: Su
h knowledge is parti
ularly important for pra
ti
alimplementations.Experiments with human subje
ts also do not shed very mu
h light on the dynami
properties of the Groves-Ledyard me
hanism. The key results are reported by Chen in Chenand Plott (1996)and Chen and Tang (1998). In their experiments, messages did not 
onvergein 100 experimental periods to Nash equilibrium for a low value of 
 = 1, but did 
onverge fora high value of 
 = 100 (Chen and Tang, 1998). It is, however, not possible to determine fromthese experimental results whether the 
ut points, 
 � maxf2NBig provided by strategi

omplementarity or 
 � maxf[N(N �2)=(N �1)℄Big provided by dominant diagonals, werea determining fa
tor in the dynami
s.These interesting, but limited, prior results do not appear to answer the more importantquestions about the impa
t of di�erent values of 
 on the dynami
s of the Groves-Ledyardme
hanism when implemented with humans. Does the me
hanism with 
 = 1 ever 
onvergeto Nash equilibrium? Is there a value of 
 su
h that for smaller values, the me
hanism doesnot 
onverge to the Nash equilibrium and for larger values it does? Is 
onvergen
e relatedto either the dominant diagonal 
ondition or the strategi
 
omplements 
ondition? Does thetime that it takes to 
onverge to equilibrium vary systemati
ally with an in
rease in 
? Isthere a value of 
 that results in the fastest 
onvergen
e?We will address these questions using a 
omputer testbed based on a new 
exible behav-ioral model.3 The IEL Computer TestbedOur approa
h to modeling behavior is based, to some extent, on evolutionary algorithms6su
h as geneti
 algorithms, 
lassi�er systems, geneti
 programming, evolutionary program-ming, et
. A large number of appli
ations using these algorithms have fo
used on modelsof so
ial learning where a population of agents (ea
h agent is represented by a single strat-egy) evolves over a long period of time su
h that the entire population of agents jointlyimplements a behavioral algorithm. However, in some appli
ations (see Arifovi
, 2000 for asurvey), these algorithms have been used as models of individual learning, where evolutiontakes pla
e on a set of strategies that belong to an individual agent. We follow this approa
hand build on the framework of Arifovi
 (1994).We des
ribe a very simple, syn
hronous 
omputer testbed that is suÆ
ient to provideanswers to the me
hanism design questions we are interested in. One begins with an environ-5We thank Paul Healy for the Gabay-Moulin referen
e. See Healy (2005) for a use of the theorem in the
ontext of publi
 good me
hanism design.6For surveys, see Arifovi
 (2000) for appli
ations to ma
roe
onomi
 models, see LeBaron (1999) forappli
ations in �nan
e, and see Dawid (1999) for general overview of appli
ations in e
onomi
s and gametheory. 6



ment (Z; V;X) and a me
hanism (M; g; r). The a
tion then o

urs in a sequen
e of roundsnumbered t = 1; :::; t0: In every round, ea
h agent7 sele
ts a message mit randomly by usinga mixed strategy, �it(mi); a probability distribution on M i. The me
hanism then determinesan out
ome, using g(m1t ; :::; mNt ), and informs the agents. Ea
h agent learns X(mt); T i(mt);and the signal rit = ri(mt). Ea
h agent then 
omputes a new mixed strategy, �it+1(mi) anda new round begins.Over time a sequen
e is generated: (�i1 ! m1) ! (z1; u1) ! (�i2 ! m2) ! ::: ! (�it0 !mt0)! (zt0 ; ut0): The mixed strategy of ea
h agent 
o-evolves, through the me
hanism, withthe mixed strategies of the other agents. It only remains to des
ribe the agents' behavior -how they 
hoose their mixed strategies �it on M i: We turn to that now.3.1 Individual Evolutionary LearningThe primary variables of our behavioral model are a �nite set of a
tions (messages) for ea
hagent i at ea
h round t, Ait; and a probability measure �it on Ait: Ait 
onsists of J alternatives8where aij;t 2 M , for j 2 f1; : : : ; Jg. In ea
h t, ea
h agent sele
ts an alternative randomlyfrom Ait using the probability density �it on Ait and sends that message mit to the me
hanism.One 
an think of (Ait; �it) as a mixed strategy.In ea
h round, after re
eiving mit from ea
h i, the out
ome g(mt) is determined bythe me
hanism.9 Agents are then informed about Xt(mt); yit(mt) and ri(mt). This endsround t: At the beginning the next round t + 1, ea
h agent 
omputes a new Ait+1 and�it+1. This 
omputation is at the heart of our behavioral model and 
onsists of two pie
es:experimentation, and repli
ation.Experimentation 
omes �rst. Experimentation introdu
es new alternatives that other-wise might not ever have a 
han
e to be tried. This insures that a 
ertain amount of diversityis maintained. For ea
h j = 1; :::; J; with probability10 �, a new message is sele
ted at ran-dom from M and repla
es aij;t: We use a normal density for this experimentation. For ea
hj, the mean value of the distribution is set equal to the value of the alternative, aij;t that isto be repla
ed by a `new' idea. The standard deviation is set to 1.There are at least two possible interpretations of our experimentation pro
ess. One isthat it is a trembling hand mistake and the other is that it is purposeful experimentationintended to improve an agent's payo�. We feel the latter interpretation is most appropriatebe
ause a 
hoi
e generated through experimentation is implemented only if it demonstratesa potential for bringing a higher payo�. Thus, we 
all this method dire
ted experimentationsin
e only those newly generated alternatives that appear promising are a
tually tried out.7This is a 
omputer agent and not a human agent.8J is a free parameter of the behavioral model that 
an be varied in the simulations. It 
an be looselythought of as a measure of the pro
essing and/or memory 
apa
ity of the agent.9We des
ribe how the �rst period message 
hoi
e are made by the agents until the end of this se
tion.10� is a free parameter of the behavioral model that 
an be varied in the simulations.7



It is worthwhile to point out that this is di�erent from the experimentation or mutationtraditionally dis
ussed in the literature on learning or evolutionary game theory.In general, there may be periods when agents experiment a lot with their a
tual messages,and those when they just adhere to their 
hoi
es from previous period(s). What happensdepends on the payo� lands
ape that a player is fa
ing whi
h is determined by the exogenousparameters of the me
hanism as well as by the a
tions of other players. If there is roomfor improvement, given the existing 
hoi
es, experimentation will help in �nding alternativesthat result in the improvement of agent's performan
e and the agent will experiment morewith her a
tual messages. On the other hand, if the payo� lands
ape is su
h that there isnot mu
h room for further improvement then there will be less experimentation with a
tual
hoi
es.Dire
ted experimentation is not as random as it may look. While it is true that analternative is sele
ted at random from M , the alternative sele
ted must have a reasonablyhigh utility relative to the last period or future periods to have any 
han
e of ever beingused. A newly generated alternative has to in
rease in frequen
y in order to in
rease itssele
tion probability. This 
an happen only if it proves su

essful over several periods.11Repli
ation 
omes next. Repli
ation reinfor
es strategies that would have been good
hoi
es in previous rounds. It allows potentially better paying alternatives to repla
e thosethat might pay less. Here we use W i(ajrit); de�ned in (1), as the measure of "potentiallybetter paying."12 For j = 1; : : : ; J , aij;t+1 is 
hosen as follows. Pi
k two members of Aitrandomly (with uniform probability) with repla
ement. Let these be aik;t and ail;t: Thenaij;t+1 = � aik;tail;t � if � W i(aik;tjrit) � W i(ail;tjrit)W i(aik;tjrit) < W i(ail;tjrit) � :Repli
ation for t+ 1 favors alternatives with a lot of repli
ates at t and alternatives thatwould have paid well at t if they had been used. So it is a pro
ess with a form of averagingover past periods - if the a
tual messages of others have provided a favorable situation for analternative aij;t on average then that alternative will tend to a

umulate repli
ates in Ait; (itis fondly remembered), and thus will be more likely to be a
tually used in the me
hanism.Over time, the sets Ait be
ome more homogeneous as most alternatives be
ome repli
ates ofthe best performing alternative.11This a
tually 
an happen fairly fast. A rough, approximate 
al
ulation using expe
ted values, based onthe assumptions that � = :03 (and is uniform) and that about 1% of the messages of M are better (in thesense of foregone utility) than a�; suggests it will only take about 7 rounds before a� is entirely repla
ed bybetter messages.12This is an entirely retrospe
tive and myopi
 view of the situation an agent fa
es. At this stage in thedevelopment of our testbed, we have de
ided to refrain from in
luding expe
tations formation, 
omplexintertemporal strategies (e.g., grim triggers, tit-for-tat, et
.), and other 
omplexities introdu
ed by repeatedgames. Su
h strategies are unne
essary for the analysis in this paper. We intend to address these issues inour future resear
h. 8



Sele
tion is last. �ik;t+1 = W i(aik;t+1jrit) + "it+1PJj=1(W i(aij;t+1jrit) + "it+1)for all i 2 f1; : : : ; Ng and k 2 f1; :::; Jg and where13"it+1 = mina2Ait+1f0;W i(ajrit)g:Our model is now almost 
omplete. We have shown how to move from Ait and �it to Ait+1and �it+1:But we still have to explain how the pro
ess begins. One way to start would be withrandom sele
tion. But subje
ts begin the experiment with information about their payo�fun
tions and the game. So they have time to think before the �rst round about strategiesthat might work. So we use a more sophisti
ated initialization pro
ess.Initialization starts everything o�. First, for ea
h i we generate a set, Ai�1, of J mes-sages using a uniform distribution over the feasible range. Se
ond, for ea
h message jin the initial set, we draw, again randomly 100 pairs of values of �jk (within the range[-4,6℄) and �jk (within the range [0,5℄). The payo� of message j is then 
al
ulated asvj = (1=100)Pk V i(mj +(N � 1)�jk; �i�T i(mj; �jk; �jk; 
)): Third, Repli
ation takes pla
ebased on these average payo�s. This gives us Ai0: Finally, we sele
t the a
tual message usingthe � generated as in Sele
tion.If there are dominant strategies or a set of strategies that might provide a good payo�in expe
ted value against a randomizing opponent, then our initialization pro
ess shouldpopulate Ai0 with those messages. In some respe
ts this is similar to using a fairly naive
ognitive hierar
hy model.3.2 Some RemarksFree Parameters Our model is not entirely determined a priori. The IEL model requiresthe 
hoi
e of one set, one fun
tion, four pro
esses, and two parameters.The set to be 
hosen is A; whi
h we have taken to be a subset of the message spa
eM: In future resear
h we intend to 
hange A into a more general set of strategies. Thefun
tion to be 
hosen is W i(ajrit); whi
h we have taken to be the payo� to i when they usea and the others use m�i where ri = ri(m�i): It is worth noting that the entire interplaybetween environment, me
hanism, and behavior rests on the foregone utility 
omputation ofW i(ajrit): The four pro
esses are initialization, experimentation, repli
ation, and sele
tion.The two parameters are J , the size of the set A, and �; the rate of experimentation. Ina very real sense, there are only two free parameters of this model.13This implies that if there are negative foregone utilities in a set, payo�s are normalized by adding a
onstant to ea
h payo� that is, in absolute value, equal to the lowest payo� in the set.9



Later in Se
tion 6 we will vary all of the pro
esses and parameters in order to examine therobustness of our results to 
hanges in the model's spe
i�
ation. We defer further dis
ussionuntil then but note now that the performan
e measures we are interested in are robust to awide range of 
hanges in the model's parameter values.Calibration It is standard, in using learning models to explain experimental data, to usesome of the data set to 
alibrate the parameters to that situation and then to test that
alibration with the rest of the data. If IEL, or any other behavioral model, is to haveany utility as the basis for a 
omputer test bed for me
hanism design, it seems to us thatit must require, ideally, no 
alibration. That is, one should be able to plug in IEL, anenvironment, and a me
hanism and produ
e results similar to those one would get with thesame environment and me
hanism using human subje
ts. As will be seen later in the paper,we believe that IEL with � = 0:033 and J = 500 provides su
h a model.Other Learning Models and Large Strategy Sets Our model shares some 
ommonfeatures with other learning models in the literature. For example, as in the Experien
eWeighted Attra
tion Model (Camerer and Ho, 1999), the probabilities that parti
ular mes-sages will be a
tually sele
ted are based on their hypotheti
al (foregone) payo�s. Also, the
hoi
e of a player's a
tual message is probabilisti
. However, there are important di�eren
es.One important one is IEL's ability to handle large strategy spa
es, su
h as the 
ontinuumof possible messages for ea
h agent in Groves-Ledyard me
hanisms. In order to apply othermodels of learning, the 
ontinuum must be dis
retized as, for example, in Chen and Tang1998. However, dis
retization 
auses problems when there are very �ne di�eren
es in equi-librium values between di�erent me
hanisms.14 Our model handles that problem well. Itdoes start out with randomly 
hosen sets of alternatives for ea
h agent, but due to dire
tedexperimentation there is a suÆ
iently high probability that any important omitted messages,su
h as the Nash Equilibrium messages, will be added to the set.Dire
ted Experimentation and Changing Environments One interesting feature ofdire
ted experimentation is that it gives our model the ability to qui
kly adjust to 
hanges inthe environment. This will happen even after the sets have 
onverged to a single (equilibrium)value and remained there for a long time. This ability to adjust to 
hanges in the environment(shifts in regime) has not been demonstrated in other models of individual behavior studiedin the literature. This is an important issue that has not been given mu
h attention in thestudies of models of learning.14In Appendix I we detail how this a�e
ts EWA. We explore more fully the impli
ations of s
aling up thestrategy sets on a number of models in Arifovi
 and Ledyard (2004).
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4 The IEL Testbed ResultsIn this se
tion, we des
ribe how we used the IEL testbed to dis
over answers to the me
h-anism design questions we are interested in - properties of the dynami
s of Groves-Ledyardme
hanisms. We explain how we setup and ran the testbed, the measurements we took, andthe results.4.1 SetupWe simulated the repeated one-shot game for ea
h me
hanism, 
: We 
all a parti
ular simu-lation, a run. Ea
h run is based on an environment, a behavioral model, and a me
hanism.The environment To be able to 
ompare our results to those generated with humans,we used the utility fun
tions and 
ost of produ
tion in Chen and Tang (1998). The 
ost,
; of produ
ing a unit of the publi
 good, whi
h determines Z; is set to 100 and the utilityparameters are given in table 1.We used this environment for all the simulations and experiments reported in this paper.The behavioral model We used the IEL model des
ribed in the previous se
tion. Forthe runs reported in this se
tion, we set the memory 
apa
ity J = 500: We set the rateof experimentation � = 0:033: There is nothing parti
ularly spe
ial about this 
hoi
e ofparameters. In Se
tion 6, we will examine what happens if we 
hange these spe
i�
ations.The me
hanisms Ea
h value of 
 determines a di�erent me
hanism. For these simulationswe used 
 2 f1; 10; 30; 50; 100; 260g: These 
hoi
es were based on a large number of earliersimulations and the design of 
omparative human experiments. We will expand on theseissues below.The simulations For ea
h me
hanism, 
, we implemented 10,000 runs. Ea
h run wasterminated 100 periods after a 
onvergen
e 
riterion was ful�lled.15 We use a 
onvergen
e
riteria that is de�ned in terms of how 
lose all agents' messages are to the equilibriummessages. This 
onvergen
e 
riterion is ful�lled when the di�eren
e between the equilibriumvalue and the value of the sele
ted message of ea
h agent is less than or equal, in absoluteterms, to a number 0.2; i.e., when jmit �miej � 0:2 for all i.4.2 Performan
e measuresThere are many possible measures of performan
e but to begin with we fo
us on:(1) the time of �rst passage through equilibrium, (2) an index of equilibrium stability, and(3) eÆ
ien
y.15The maximum number of periods for ea
h run was set at tmax = 10; 000. If the 
onvergen
e 
riterion isnot ful�lled by that time, a run is terminated. 11



Time of 
onvergen
e Rather than simply asking whether 
onvergen
e o

urs, we wantto know how fast it o

urs. The period when the 
onvergen
e 
riterion is �rst ful�lled is
alled the time of the �rst passage through equilibrium, T 
;r for run r and given 
. Theaverage time of the �rst passage through equilibrium for R runs, �T 
 ; is given by:�T 

 = PRr=1 T 
;rR :We denote the standard deviation from this value, a
ross the R runs, by �T 
 .Stability of 
onvergen
e What happens to the agents' 
hoi
es on
e the �rst passagethrough equilibrium has been re
orded? The time of �rst passage would not be very inter-esting if the agents just rushed on by and the messages 
y
led around, o

asionally 
omingba
k near to the equilibrium. So we want to know how stable is the system after the �rstpassage? In order to answer these questions, we have 
reated a measure 
alled the index ofequilibrium stability in a
tions Sa. It measures the frequen
ies with whi
h messages 
loseto equilibrium values are 
hosen by the agents during the 100 periods after the �rst passagethrough equilibrium. It is given by Sa
 = T 
+100Xt=T 
;r+1Satwhere Sat is an index variable that equals 1 if jmit �miej � d for all i and otherwise equals0. That is, Sa = 0 whenever at least one agent 
hooses a message that is more than d awayfrom the equilibrium. We denote the average of this index a
ross the R runs by �S
 . Wedenote the standard deviation from this value, a
ross the R runs, by �S
 .Another stability measure that we use is based on the individual's a
tion sets - the set ofstrategies from whi
h the agents 
hoose their messages. We 
all this the index of equilibriumstability in strategies Ss. It measures the per
entage of all possible 
hoi
es that are 
lose tothat agent's equilibrium message.Ss = PT 
;r+100t=T 
;r+1PNi=1PJj=1 Sij;tNJwhere Sij;t is an index that equals 1 if jaij;t �miej � d and otherwise equals 0.EÆ
ien
y One measure 
ommonly used to 
ompare me
hanism performan
e is the averageeÆ
ien
y of the out
omes a
ross a number of iterations. EÆ
ien
y is the sum of the payo�sre
eived by the agents divided by the maximum possible payo�, whi
h for Groves-Ledyardme
hanisms is attained at the equilibrium messages, me: Our measure of eÆ
ien
y for asingle period t is the standardE
t = n NXi=1 W i(mitjri(mt); 
)o=n NXi=1 W i(meijri(me); 
)o12



The measure of average eÆ
ien
y over T periods is then justET
 = f TXt=1 E
t g=T4.3 ResultsThere are four main �ndings from our simulations with the IEL testbed. (1) There is
onvergen
e to Nash equilibrium messages of the stage game for all of the values of 
 thatwe simulated, in
luding 
 = 1: Convergen
e is fast for a mu
h larger set of the values of
 than that predi
ted by either the strategi
 
omplementarity 
ondition or the dominantdiagonal 
ondition. (2) The time to �rst 
onvergen
e, is smooth and U-shaped in 
 with theminimum average 
onvergen
e time o

urring at 
 = 50: (3) Convergen
e is stable in thesense that on
e the model �rst nears the equilibrium, it remains in its neighborhood. (4)EÆ
ien
ies are high and, as one might expe
t, inversely related to T 
: That is, eÆ
ien
ieshave an inverted U-shape attaining a maximum at 
 = 50:Convergen
e to Nash Equilibrium Table 2 
ontains detailed data on the average timeof �rst passage through equilibrium for 10; 000 runs for ea
h for 
 2 f1; 10; 30; 50; 100; 260g:The 
onvergen
e 
riterion used here is jmit �miej � 0:2 for all i: The �rst 
olumn gives thevalue of 
, the se
ond 
olumn presents the average values of times of �rst passage throughequilibrium (averaged over 10; 000 runs), �T 
, and the values of standard deviations, �T 
 , inthe parenthesis.The �rst thing to note is that our simulations 
onverge on average for all the values of 
:Convergen
e is parti
ularly fast for 
 = 10; 30; 50; and 100: Neither 
 = 80, the minimumvalue of 
 for whi
h super-modularity holds, nor 
 = 30; the minimum value of 
 su
h thatthe dominant diagonal 
ondition holds, appear to play any role in the rate of 
onvergen
efor the IEL model. Convergen
e is in fa
t qui
ker for 
 = 10 than for 
 = 260:Non-monotoni
ity of 
onvergen
e time The really interesting fa
t is that T 
 is notmonotoni
 with in
reases in 
: Instead, T 
 is U-shaped in 
: The fastest rate of 
onvergen
eo

urs at 
 = 50: Further the standard deviations of the times to 
onvergen
e behave in thesame way.Stability of equilibrium The third 
olumn in Table 2 gives the values of the a
tion-basedmeasure, Sa; of stability of equilibrium after the �rst passage. This is of interest parti
ularlybe
ause of the random, but dire
ted, experimentation of our testbed agents and the use ofmixed strategies by those agents. It is possible that either random 
hoi
e or experimentation
ould 
reate instability and drive things very far from equilibrium for very long times. Butthat does not happen. IEL is remarkably stable. The values of this measure are above 90%for all of the values of 
. It is above 90% for 
 � 3 and above 99% for 
 � 30: On
e IELattains equilibrium, it stays there. The standard deviations from S
 are reported in the13



parentheses in the third 
olumn of Table 4: It 
an be seen that these are remarkably low for
 � 10. The standard deviations are also U-shaped in 
:The 4th 
olumn provides a partial explanation for this high degree of stability. Here arelisted the values of the strategy-based measure, Ss, of stability. This shows that over 98% ofall a
tions in the sets Ait for t = T a+1; :::; T a+100; are within 0.2 of their equilibrium values.This re
e
ts a high degree of homogeneity in the sets of alternatives Ait after 
onvergen
e,despite the fa
t that experimentation is present.EÆ
ien
y We provide two measures of the eÆ
ien
y of the me
hanisms. E100 measuresthe average eÆ
ien
y attained by the me
hanism over the �rst 100 rounds. E10 measuresthe average eÆ
ien
y attained by the me
hanism over the �rst 10 rounds. The averageeÆ
ien
ies over 100 periods are very high, even for 
 = 1 whi
h 
onverges slowly. When weonly 
onsider only the �rst 10 periods (when the me
hanism may not have had time yet to
onverge), the eÆ
ien
ies are not as high. But for 
 = 30; 50; 100 the eÆ
ien
ies are over90%, peaking at 94% for 
 = 50:Summary For 
 = 30; 50; and 100, IEL is fast, stable and eÆ
ient.5 Comparison of IEL to experimental dataThe IEL testbed would not be very interesting or useful if it did not, at least approximately,
orrespond to a
tual behavior. In this se
tion, we 
ompare the behavior of our model tothe behavior of human subje
ts in several experiments using two sets of data. One set isdes
ribed in Chen and Tang (1998). These data provide strong, but limited, support for theIEL model. A se
ond set was generated by us after seeing how the results of the testbed
ompared to their data.5.1 Chen and Tang's dataChen and Tang (1998) 
ondu
ted 7 experiment sessions ea
h with 
 = 1 and 
 = 100. Asummary of the results from these experiments is presented in Table 3 along with the relevantdata from the IEL simulations.The good news is that the experimental 
onvergen
e times areremarkably 
onsistent with the predi
tions of IEL. The bad news is that the human subje
tsare less stable than IEL.Convergen
e to Nash Equilibrium A look at the average time to 
onverge, T 
; revealsa remarkable 
orresponden
e between their data and our IEL testbed results. For 
 = 1;the experiments run by Chen and Tang did not 
onverge to the equilibrium within 100experimental periods for any of the 7 sessions that were 
ondu
ted. For 
 = 1; the IELtestbed produ
ed a really high average 
onvergen
e time 
lose to 340 periods. For 
 = 100;
onvergen
e did o

ur, a

ording to the 0:2 
riterion in all of the sessions reported in Chen14



and Tang. The average time to 
onverge was 9.0 with a standard deviation of 5.7. The IELsimulations 
onverged on average in 8.0 rounds with a standard deviation of 1.8.Stability The se
ond statisti
 of interest is the message based measure16 of stability, Sa
 .Here the 
orresponden
e between the experimental data and IEL falls apart. For 
 = 100;the seven Chen and Tang experiments yield an average stability of 43 while the IEL testbedprodu
ed an average of 95. One reason for this dis
repan
y may be that Chen and Tangrequired messages in multiples of 0.2 while we allowed all messages in the IEL simulations.17EÆ
ien
y It is interesting to note that in both the human experiments and in the IELsimulations, average eÆ
ien
ies over 100 rounds are high for 
 = 1, even though 
onvergen
ehas not o

urred by 100 rounds. IEL a
hieves 97% eÆ
ien
y and humans a
hieve 93.4%. Of
ourse, the eÆ
ien
ies are mu
h lower for the �rst 10 rounds, as one might expe
t with slow
onvergen
e.At 
 = 100, the experimental and simulation data are very similar. Human subje
tsa
hieved 98.1% on average for the �rst 100 rounds while IEL a
hieved 99.3% for the sametime period. For just the �rst 10 periods, human and 
omputer agents a
hieved 93%.Next The 
lose 
orresponden
e between IEL and experimental subje
ts with respe
t tothe time of 
onvergen
e suggests further questions. For example, the Chen and Tang datasuggest a signi�
ant di�eren
e in the performan
e of the Groves-Ledyard me
hanisms when
 = 1 and when 
 = 100. One hypothesis put forward by both theorists and experimentalistsfor this di�eren
e is based on stragtegi
 
omplements. That is, they predi
t we should expe
t(reasonably rapid) 
onvergen
e for 
 � 80 and, perhaps, a la
k of 
onvergen
e for 
 < 80.On the other hand our IEL testbed results suggest no su
h dramati
 di�eren
e. Rather,relative to 
 = 100, 
onvergen
e should be faster for, say, 
 = 50 and slower for 
 � 100: Tosee if we 
ould settle this issue, we generated a new data set at the California Institute ofTe
hnology.5.2 Our dataOur experiments were 
ondu
ted between May and September 2007. We used the experimen-tal software Z-tree.18 Our experimental design is very similar to Chen's and Tang's with two16Be
ause we did not always have 100 periods in an experimental session after the �rst pass by equilibrium,we need to use a slightly di�erent measure than we do in the testbed simulations. For the experimental data,we take the remaining number of periods of a parti
ular session on
e the �rst passage through equilibriumis a
hieved and 
ompute the the per
entage of a
tual messages that are near equilibrium messages.17A
tually, Chen and Tang allowed only integer messages from their subje
ts. To implement this withouta very 
oarse set of a
tions, they took the messages 
hosen by the subje
ts and divided them by 5 beforeapplying the Groves-Ledyard rules. That is, their subje
ts 
hose integers sit whi
h Chen and Tang 
onvertedto mit = sit=5 and then applied the Groves-Ledyard rules summarized in (1). This is equivalent to allowingmessages in only multiples of 0.2 in our simulations.18The experiment instru
tion is provided in the Appendix II.15



modi�
ations. In Chen and Tang, subje
ts 
ould make only integer number 
hoi
es, equiv-alent to allowing only multiples of 0.2. We allowed subje
ts make real number 
hoi
es witha two de
imal points restri
tion, equivalent to allowing multiples of 0.01. Se
ond, we addeda 'what-if' 
al
ulator19 that gave the subje
ts an opportunity to examine what payo�s theywould obtain for di�erent 
hoi
es of mi and pairs of �i's and �i's. This 'what-if-
al
ulator'is similar to the evaluation of hypotheti
als in our IEL algorithm.We 
ondu
ted 4 experiment sessions ea
h with 
 = 1, 10, 30, 50, 100, and 260: Ea
hexperimental session lasted for 100 periods. Subje
ts earned on average about $38 whi
hin
luded a show-up fee of $10: A summary of the results from these experiments is presentedin Table 4 along with the relevant data from the IEL simulations. The good news is that thedata are 
onsistent with the qualitative IEL predi
tions about 
onvergen
e and the U-shaped
urve. The bad news is that the human subje
ts are both faster and less stable than IEL.Convergen
e to Nash Equilibrium IEL predi
ts that 
onvergen
e should o

ur in lessthan 100 periods when 
 � 5 and should take more than 100 periods otherwise. Our data
ertainly support that. For 
 � 10, our subje
ts always 
onverged to the Nash Equilibriumand at a fairly rapid rate. For 
 = 1 our subje
ts did not 
onverge in 100 periods all 4sessions.IEL predi
ts a U-shaped 
urve for T 
 as a fun
tion of 
 with the minimum time to
onverge o

urring at 50. Our data 
ertainly support that. In Figure 1 look at both theexperiment data and the IEL predi
tions using two 
onvergen
e 
riteria, d = 0:1 and d = 0:2:All are U-shaped with a minimum at 50.The experimental data are below (i.e, faster) and 
atter than the IEL predi
tions, butIEL does remarkably well.Stability From Table 4 it 
an be seen that the human subje
ts are less stable than IELwhen using the measure Sa: For IEL, with the ex
eption of 
 = 1, in the �rst 100 periodsafter 
onvergen
e more than 98% of the IEL messages sent are within 0.1 of the equilibriummessages. The human subje
ts are 
lose to this for 
 = 50 and 100 but for the other valuesof 
 humans are 
ertainly more prone to send messages that are away from their equilibriumvalues. It is an open question whether this la
k of stability is the result of random errors,more experimentation, or something else. Random errors 
ould o

ur for example as inthe Quantal Response model. However, to a
hieve this with IEL we would have to �nda way to have more variety in the sets Ait. If we allowed experimentation in IEL afterrepli
ation, remember repli
ation eliminates many of the experiments, then we 
ould havemore variations. This is set aside for future resear
h.19Be
ause a feature of Z-tree keeps a log of the use of this s
enario 
al
ulator, we were able to re
ordthe number of times that the 
al
ulator was used prior to ea
h a
tual 
hoi
e. The usage of the 
al
ulatorwas relatively high in the initial periods, and then de
reased over time, as subje
ts 
onverged towards aparti
ular a
tion.
16



EÆ
ien
y Remarkably, eÆ
ien
ies are fairly high for the human experiments. This 
anbe easily seen in Figure 2. This is parti
ularly true for 
 = 50 and 100 where the eÆ
ien
iesfrom the human experiments are just slightly under the eÆ
ien
ies for the IEL simulations.(This is also true for 
 = 100 in the Chen-Tang experiments.) So even though humans areslower and less stable than IEL, the utility levels attained are very similar in the range of
 2 [50; 100℄. Outside that range, humans seem to be slower, less stable, and less eÆ
ientthan IEL.Summary The qualitative predi
tions of the IEL model are repli
ated in the experimentaldata. Convergen
e o

urs for a wide range of 
, T 
 is U-shaped in 
, and eÆ
ien
ies arehigh. But, the quantitative predi
tions do not hold up. Humans seem to be faster and lessstable than IEL for 
 > 10 and eÆ
ien
ies are mu
h lower outside the range of 
 2 [30; 100℄:Next It is worth 
onsidering whether variations in IEL might produ
e simulations thatbetter 
onform to the experimental results. We turn to that now.6 SensitivityWe would ultimately like to be able to use the IEL testbed as a reliable, �rst-
ut substitutefor expensive, experimental analyses of me
hanisms. In order to do so, we need the testbednot only to be a

urate but also to be robust to 
hanges in the free parameters. In thisse
tion, we examine how the performan
e of the me
hanism 
hanges as we 
hange thesetestbed parameters.Remember there are three main groups of �ndings in earlier se
tions. (1) There is 
on-vergen
e to Nash equilibrium messages for all of the values of 
 within the range that wesimulated. Convergen
e is relatively fast for a mu
h larger set of the values of 
 then thatpredi
ted by the strategi
 
omplementarity 
ondition. (2) The time to �rst 
onvergen
e, isU-shaped in 
. (3) The Nash equilibria of the model are stable in the sense that on
e themodel �rst passes through the equilibrium, it remains in its neighborhood.We will see that the above features 
hara
terize the dynami
s of all of the di�erentversions of the model that we examine.6.1 The baseline simulationsWe begin with a baseline set of simulations using the following parameters: the size of Aitis J = 100, normal experimentation with � = 0:033, tournament repli
ation, proportionalsele
tion and random initialization. Only the �rst and last are di�erent from the modelthat is des
ribed in Se
tion 3 and used for simulations in Se
tion 4. Random initializationgenerates a set of J values using a uniform distribution over the feasible range. This issimpler (and qui
ker) than the pro
ess used earlier.Table 5 
ontains detailed data for the average time of �rst passage through equilibrium,for 10; 000 runs, using the 
onvergen
e 
riterion that jmait � meit j � 0:1 for all i. The �rst17




olumn gives the value of 
, the se
ond indi
ates the total number of runs (10; 000 for ea
hvalue of 
), the third 
olumn presents the average values of times of �rst passage throughequilibrium (averaged over 10; 000 runs), T 
, and the values of standard deviations, �T 
 , inthe parenthesis.In Figure 3, we present, graphi
ally, the results for 
 2 f1; : : : 100g. In Figure 4 are thedata for 
 2 f10; 100g. In Figure 5 are the data for 
 between 120 and 1000 in the in
rementsof 20. To provide a feel for the distribution of times to �rst passage, we also provide Figure6. It 
ontains histograms of the frequen
ies of 
onvergen
e times for 
 = 1, 50, 80 and 100.Convergen
e to Nash The simulations 
onverge on average to Nash equilibrium for allthe values of 
: The average 
onvergen
e time, T 
 is smooth and U-shaped in 
. This 
anbe most easily seen in the �gures. There are no dis
rete jumps; i.e., no values of 
 at whi
hthe system swit
hes between stability and instability. This smoothness is 
onsistent with the�ndings of Chen and Gazalle (2004). But, in our 
ase, it is not be
ause we are 
lose to thestrategi
 
omplements 
ondition of 
 = 80: Indeed, IEL shows relatively rapid 
onvergen
efor values of 
 as low as 10, lower even than the dominant diagonal 
ondition of 
 = 30:Neither the dominant diagonal 
ondition for stability nor the strategi
 
omplementarity
ondition for stability appear to play any role in the simulations.There are a 
ouple of other fa
ts to note. First, the average times to 
onvergen
e arenot mu
h di�erent for the values of 
 between 10 and 100. For example, T 20 is within aminus one standard deviation of T 50 and also, T 50 is within a plus one of its own standarddeviation of T 20. Similar relationships 
an be observed for all the values of 
 up to 100.Se
ond, the standard deviation of T 
 de
reases with the in
reases in 
, drops to the lowestvalues for 
 2 f40; 60g, but then slightly in
reases for the values of 
 > 60. Thus, the valueof 
 that results in the fastest passage through equilibrium also results in the least amountof variation.20Stability of equilibrium The fourth 
olumn in table 2 gives the values of the strategymeasure that we use to study the stability of equilibrium after the �rst passage. The valuesof this measure are above 85% for all of the values of 
 2 f1; : : : ; 100g. It is above 90% for
 � 3 and above 95% for 
 � 22: This re
e
ts a high degree of homogeneity in the sets ofalternatives Ait after 
onvergen
e, despite the fa
t that experimentation is present. Standarddeviations from �E
s that are reported in the parentheses in the fourth 
olumn of Table 2 aregenerally low, but are also de
reasing as 
 in
reases.6.2 The variationsNext we pro
eed to 
onsider various parameters and pro
esses we 
ould have used for IEL inorder to see how robust our results are. Unless otherwise spe
i�ed below, when we 
hange20It is evident from Figures 4 & 5, the distributions of 
onvergen
e times is not symmetri
. They have alarge righthand tail. This is not surprising sin
e all observations are bounded from below be
ause T � 1.Be
ause of this it is not surprising that as the mean moves 
loser to 0, the varian
e also shrinks. Of 
oursethe varian
e 
ould in
rease with more observations in the right-hand tail but that doesn't happen.18



one parameter, we keep the other baseline parameters �xed.Experimentation Our baseline simulations used an experimentation pro
ess based onthe normal distribution whose mean is history determined as the value of the a
tion inAit being experimented with. We 
ompare that to a history independent pro
ess: we usethe uniform density over all possible strategies. We also 
onsider two very di�erent ratesof experimentation: � = 0:033; our baseline rate, and � = 0:25: We 
ompare these twoapproa
hes in Table 6.Experimentation using the uniform distribution results in signi�
antly higher values ofT 
 than for the normal distribution. The time to 
onvergen
e under the history indepen-dent experimentation with the uniform distribution is roughly twi
e that for the histori
allydependent normal experimentation. For a given distribution, in
reases in the rate of exper-imentation seem to in
rease the time of 
onvergen
e although the e�e
t seems small. (Aslong as 
 > 1) the e�e
ts are on the order of only 10-30% for an 750% in
rease in � - andde
reasing in 
. These e�e
ts seem to be 
onsiderably magni�ed at 
 = 1:Comparing the results in Table 5 with the experimental data in Tables 2 and 3, it isobvious that experimentation from the normal distribution with � = 0:033 is favored. Andthat the 
hoi
e of the value of � is probably not that 
ru
ial.21Repli
ation For the repli
ation pro
ess, in addition to the tournament repli
ation de-s
ribed in Se
tion 3, we tried using proportional repli
ation. In proportional repli
ation, analternative aij;t o

upies an interval of a measure equal to its probability, �ij;t . Then, for ea
hmember j; a random number between 0 and 1, rj, is drawn from a uniform distribution. Analternative that o

upies the range of values where rj belongs is determined. Then a 
opyof that alternative is assigned to member j.We provide in Table 7 a 
omparison of the two pro
edures with uniform experimentationat a rate � = 0:033. As one 
an see, proportional repli
ation yields really high times to�rst passage through equilibrium. They are 45-60 times longer than under tournamentrepli
ation.Sin
e the times of 
onvergen
e when we use proportional repli
ation are totally in
onsis-tent with the experimental eviden
e, we will not 
onsider this variation further.Sele
tion We 
onsider two types of probabilisti
 sele
tion of messages from the set Ait:proportional and exponential sele
tion. Our baseline uses the proportional approa
h asdes
ribed earlier. For exponential sele
tion, one 
omputes sele
tion probabilities, using ex-ponentialized payo�s, �ik;t+1 = e�U(aik;t+1jrit+1)PJj=1 e�U(aij;t+1jrit+1) :21One thing we did not test was the e�e
t of 
hanging the standard deviation of that normal to somethingother than 1. A larger varian
e might not 
hange the times to 
onvergen
e very mu
h but might add in thatlevel of instability that the experimental data suggest humans have over IEL.19



for every i and j, where � is an exogenously given parameter. A number of models ofindividual learning use this method to 
ompute the probabilities be
ause it dire
tly mapsnegative foregone utilities into positive probabilities. However, this method, does introdu
eanother free parameter, �. So we need to see whether 
hanges in � have any signi�
ante�e
t. We report, in Table 8, the 
onvergen
e times for 4 di�erent values of �, for 
 = 1; 50and 100 using uniform experimentation with the rate �u = 0:033.Surprisingly, at least to us, exponentialized payo�s as a basis for sele
tion resulted inessentially the same behavior as proportional sele
tion with no signi�
ant di�eren
es in thevalues T 
. In fa
t, even more surprisingly, the value of the parameter � seems to have noe�e
t on the times of the �rst passage through equilibrium, or on the dynami
s in general.We 
ondu
ted simulations for a number of values that ranged from very small to relativelylarge and found no signi�
ant di�eren
es. This is interesting sin
e the performan
e of otherlearning models that use this approa
h to update the payo�s is very sensitive to the valueof this parameter and rather di�erent dynami
s are generated as this value varies.22 Thereason the sele
tion pro
ess is pretty mu
h irrelevant in our testbed is that it really onlyplays a role when the set of provisional strategies is heterogeneous. But that set be
omeshomogeneous fairly qui
kly through the repli
ation pro
ess. Consequently whi
h a
tion issele
ted from Ait doesn't matter very mu
h.Sin
e the data are pretty mu
h the same whether we use exponential sele
tion or propor-tional sele
tion, we have ele
ted to stay with proportional. That way we have one less freeparameter to worry about.Strategy Spa
e Size One of the important free parameters that does matter is J , thesize of Ait.In
reases in J speed up the rate of 
onvergen
e at a de
reasing rate, at least for the rangewe have 
onsidered. The data are in Table 9. In
reasing J from 50 to 100 redu
es the time to
onvergen
e on average by 32%. An in
rease from 100 to 200, redu
es average 
onvergen
etimes by 23%. From 200 to 500, we get a 16% drop in times. The redu
tion is only 6% foran in
rease in J from 500 to 1000 with virtually nothing happening for 
 = 50 and 
 = 100,the values of 
 for whi
h we see the fastest 
onvergen
e with IEL.Be
ause IEL is slower than human subje
ts we have fo
used on those J � 500: Andbe
ause the time of 
omputation in
reases signi�
antly for J = 1000; we have 
hosen J = 500for the analysis in the text.Initialization We have used two initialization pro
edures: a purely random initializationand the one des
ribed in Se
tion 3, a modi�ed pro
edure in whi
h a hypotheti
al strategiesare evaluated using hypotheti
al plays of the others before 
hoosing the �rst message.In Table 10 we provide the data from these two approa
hes for two values of J and threevalues of 
. As one 
an easily see, the e�e
t of the modi�ed pro
edure is to 
atten out thetime to 
onvergen
e as a fun
tion of 
. There is virtually no e�e
t at 
 = 50 for either value22See for example the e�e
t on Quantal response equilibria (M
Kelvey and Palfrey, 1995), Experien
eweighted attra
tion learning (Camerer and Ho, 1999), and Reinfor
ement learning (Roth and Erev, 1995).20



of J, but there is an e�e
t as we move away in either dire
tion. If the time to 
onverge islow (remember it is minimized at 
 = 50), then preliminary s
reening of potential a
tionsdoes not seem to be very important. But if the time to 
onverge is larger, then some initials
reening 
an in
rease the rate of 
onvergen
e.Sin
e the times to 
onverge under the modi�ed initialization pro
ess are 
loser to theexperimental data, we 
hose to use that in Se
tion 3.Summary of Sensitivity Analysis of IEL Our baseline model of IEL 
onsisted of J =100; random initialization, experimentation using the normal distribution with � = 0:033;,tournament repli
ation, and proportional sele
tion. We 
onsidered several alternatives.Requiring 
onsisten
y with the experimental data leads us to reje
t random initializationin favor of a modi�ed approa
h, uniform experimentation, proportional repli
ation, and ex-ponential sele
tion. The sensitivity analysis suggests that the 
hoi
e of � is not too importantalthough the lower value of � = 0:003 is more 
onsistent with the data. Only the 
hoi
e ofJ = 100 is potentially an issue. We 
hose J = 500 for 
onsisten
y with the data and ease of
omputation.7 Final ThoughtsTraditional behavioral models su
h as EWA do not behave very well when there is a largestrategy spa
e. We have proposed a new behavioral model for repeated play. It has two
hara
teristi
s that are not 
ommon to other learning models. First, it 
an handle large,even in�nite, strategy sets without additional instruments. Se
ond, it uses dire
ted, notrandom, experimentation whi
h minimizes time wasted on trying obviously unprodu
tivestrategies.To demonstrate the potential usefulness of IEL, we used it to 
reate a testbed for studyingme
hanisms. We applied that testbed to the study of the dynami
s of Groves-Ledyardme
hanisms. The key �ndings were: (1) the average time to 
onvergen
e is U-shaped andsmooth in 
; the free parameter of this 
lass of me
hanisms, and (2) neither of the 
ut-pointsof the suÆ
ient 
onditions for stability based on strategi
 
omplementarities and dominantdiagonal analysis seem to play mu
h of a role in whether a me
hanism 
onverges or at whatrate it 
onverges. The latter is a bit surprising sin
e our behavioral model has a signi�
antelement of best reply in its formulation.To test the a

ura
y of the testbed, we 
ompared the data generated by the testbedwith data generated in e
onomi
 experiments. The data 
ertainly support the existen
eof the U-shaped 
urve for the average time to 
onverge as a fun
tion of 
. Further, itdoes appear that the testbed model with modi�ed initialization, tournament repli
ation,histori
ally dependent normal experimentation and proportional sele
tion is the right one.However, it is also 
lear that the testbed is a bit slower than experimental subje
ts.We are ultimately interested in 
onstru
ting a model that 
an 
apture the signi�
antqualitative features of experimental behavior, and 
an also be used to make predi
tions for awide variety of me
hanisms. If the model 
alibrates well with experimental data, it 
an then21



be used to predi
t the out
omes in the absen
e of experimental data. If the model is robust,it 
an do this for many di�erent me
hanisms.23 Measurements from a good testbed 
anthen be used as a guide to what type of experiments should be 
ondu
ted. This is desirablebe
ause 
ondu
ting experiments is mu
h 
ostlier in terms of the time and monetary resour
esrequired for their implementation.

23We have had some su

ess in taking the testbed as it is and using it to analyze the performan
e of two
all market designs for a private good environment. See Arifovi
 and Ledyard (2003).22
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Appendix I:Analysis of Experien
e-weighted Attra
tion LearningExperien
e Weighted Attra
tion (EWA) is probably the leading example of a su

essfulbehavioral model of learning. One might reasonably ask: why not repla
e IEL in our testbedwith EWA? Even though it has exhibited superior performan
e in a number of environments(mainly with small strategy spa
es), EWA has diÆ
ulties with appli
ation to the GL envi-ronment 
ommon to other 
ommonly studied models of individual behavior: it has to betuned, i.e., parameters must be set di�erently for di�erent games or market 
onditions in away that is not ne
essarily known a priori, and it does not s
ale; that is, as the number ofstrategies in
reases the models behave less and less like real subje
ts do. We illustrate thisissue by reporting on the results of a set of EWA simulations in our GL environment.In order to implement EWA, we �rst dis
retize the message spa
e and 
onstru
t a set of51 messages, equally spa
e within our range of [�4; 6℄. On
e determined, this set does not
hange over time. What 
hanges are the probabilities that ea
h one of the messages in theset is sele
ted to be played.In EWA there are two main variables that are updated after ea
h round of experien
e: Nt,the number of \observation-equivalents" of past experien
e (
alled the experien
e weight);and � ij;t, the attra
tion of message mji;t at the end of period t. Their initial values N i0 and� ij;0 
an be interpreted as prior game experien
e and/or prin
ipal's predi
tions.The experien
e weight, Nt, is updated a

ording toNt = �Nt�1 + 1 (2)for any t � 1, where � is a depre
iation rate or retrospe
tive dis
ount fa
tor.The key part of evaluation of the attra
tions is the payo� that the message, mij re
eivedwhen it was used or would have re
eived if it had been used, taking the behavior of otheragents as given. W i(mijjrit) is the value of this payo� whi
h is i's utility for mij given theinformation rit:The evaluation by agent i of an attra
tion of message mij at time t; � i(mij); is 
omputedas follows: � i(mij) = �� � � i(mij)�+ �Æ + (1� Æ)I ij℄W i(mijjrit)�Nt (3)I it�1(mij; rit�1) is equal to 1 if the message, mij; was 
hosen by i at time t and is equal to 0otherwise. The parameter Æ determines the extent to whi
h hypotheti
al evaluations willbe used in 
omputing attra
tions. The fa
tor � is a dis
ount fa
tor or de
ay rate, whi
hdepre
iates the previous attra
tion.Finally, the sele
tion probabilities for the following period, t + 1 are 
omputed usingexponentialized payo�s, �ik;t+1 = e�W i(mij jrit)PJj=1 e�W i(mij jrit) :24



The free parameters of this model are: jSj; N(0); � i(mi; 0); �; �; Æ; and �. If Æ = 0 and� = 0 then this is just the Reinfor
ement Learning (RL) model. If � ! 1; and Æ = 1 and� = � = 0; then this is the best-reply model and all the probability is put on the strategythat maximizes utility in response to sit.Testbed results with EWA We 
ondu
ted a total of 8 sets of simulations. The one thatwe report in this paper is the one that gave the best results in terms of the 
onvergen
e andstability measures. This set 
onsists of the following EWA parameters: � = 0:35, N0 = 10,Æ = 0:96, � = 0:95, and � = 0:991.24We simulate the EWA model for the values of 
 equal to f1, 10, 20, 30, 40, 50, 60, 70,80, 90, 100, 110, 120, 130, 140, 150g. For ea
h value of 
, we 
ondu
t 10,000 simulations,using di�erent random number generator seed for ea
h simulation. Ea
h simulation was runfor 10,000 periods (unless it was terminated earlier as the 
onvergen
e o

urred). We reportbelow on the results obtained using our testbed measures. Column 1 gives the value of 
,
olumn 2 gives the total number of simulations 
ondu
ted for ea
h 
, 
olumn 3 reports onthe number of simulations, C (out of 10,000) that 
onverged within 10,000 periods, 
olumn4 presents the average values of times of �rst passage through equilibrium (averaged over10; 000 runs), T 
, and the values of standard deviations, �T 
 , in the parenthesis, and �nally
olumn 5 reports on our measure of equilibrium stability.
 R R=C T 
 (�T 
 ) S
 (�S
 )1 10000 0 NaN (NaN) NaN10 10000 506 120.72 (570.53) 11.1820 10000 1641 56.35 (200.82) 13.7030 10000 2587 52.42 (262.52) 17.5140 10000 0 NaN (NaN) NaN50 10000 3458 66.22 (477.32) 23.8160 10000 3600 73.63 (536.81) 26.2670 10000 3153 92.42 (618.03) 26.ld80 10000 2627 98.33 (650.17) 29.0690 10000 2249 94.75 (627.97) 31.10100 10000 1950 113.49 (758.51) 32.13110 10000 1719 102.25 (700.15) 35.47120 10000 1533 102.50 (710.14) 37.85130 10000 1397 92.62 (623.11) 38.22140 10000 1311 105.51 (653.65) 40.48150 10000 1243 136.24 (788.01) 42.0124The other sets that we simulated are: � = 0:7 Æ = 0:7, and � = 0:35; � = 0:7 Æ = 0:7, and � = 0:035;� = 0:7 Æ = 0:8, and � = 0:35; � = 0:99 Æ = 0:7, and � = 0:35; � = 0:99 Æ = 0:7, and � = 0:035; � = 0:99Æ = 0:8, and � = 0:35; and, � = 0:99 Æ = 0:96, and � = 0:35.For the values of 
 equal to 50, 100, and 150, we report on more EWA robustness 
he
ks in Arifovi
 andLedyard (2004). 25



Convergen
e to Nash Equilibrium First thing to note is that for 
 = 1, and 
 = 40no 
onvergen
e o

urs in any of the 10,000 simulations. Se
ond, there is no value of 
 thatresults in 
onvergen
e of all of the 10,000 simulations. The number of simulations that
onverge C varies from the lowest of 506 for 
 = 10 to the highest for 
 = 60 of 3,600. At�rst, the average time to 
onvergen
e drops from 120:72 for 
 = 10 to 56.35 for 
 = 20,and 52:42 for 
 = 30. Then, there is no 
onvergen
e for 
 = 40 25 After that, starting with
 = 50, there is a monotoni
 in
rease in times to 
onvergen
e until we rea
h 
 = 150 withT 
 equal to 136.24. This pattern is followed by the similar pattern for the values of �T 
 ,the standard deviations from the average time to 
onvergen
e. They have fairly large valueswhi
h follow the pattern of average times to 
onvergen
e, i.e. de
rease for 
 = 20, and 30,and then start in
reasing with 
 = 50.It is interesting that, with the ex
eption of 
 = 40, this is exa
tly the same patternimplied by IEL.Stability of equilibrium The last 
olumn in Table 5 gives the values of the measure thatwe use to study the stability of equilibrium after the �rst passage. The measure takes a lowvalue of 11.18 for 
 = 1, and then in
reases slightly for 
 = 10, and 20. After a breakdownfor 
 = 40, the measure 
ontinues in
reasing steadily until it rea
hes the value of 42:01 %for the highest value of 
.These low values of this measure indi
ate that the algorithm does not exhibit mu
hstability on
e the �rst time passage through equilibrium has been re
orded. The value equalto 42% means after that �rst passage, for the next 100 periods, agents 
hoose strategies thatare in the neighborhood of the equilibrium only 43% of the time. This is in stark 
ontrastto very high values of this measure for both the experimental and the IEL data.

25Note that non-
onvergen
e for this value of 
 is 
hara
teristi
 of the other set of simulations for � = 0:7as well. We also tried values of 
 = 39, and 
 = 41, and we obtained results in terms of average 
onvergen
etimes and stability of equilibrium that fall in between these values for 
 = 30, and 
 = 50.26



Appendix II: Experiment Instru
tionsExperiment Instru
tions ID = PLAYER 1Introdu
tionYou are about to parti
ipate in a de
ision pro
ess in whi
h one of numerous 
ompetingalternatives will be 
hosen. This is part of a study intended to provide insight into 
ertainfeatures of de
ision pro
esses. If you follow the instru
tions 
arefully and make good de
isionsyou may earn a 
onsiderable amount of money. You will be paid in 
ash at the end of theexperiment.Your �nal payo� will be determined by a proje
t level whi
h will be 
hosen by the group,and by your individual expenditure on the proje
t. The de
ision pro
ess will pro
eed as aseries of rounds during ea
h of whi
h a proje
t level will be determined and �nan
ed. The\level" 
an be negative, zero or positive \units", the exa
t level of whi
h must be determined.In your folder, you will �nd a 
hart whi
h des
ribes the payo�s to you of various de
isions,
alled the Payo� Chart. You are not to reveal this information to anyone. It is your ownprivate information. The SituationThe payo� ea
h period, whi
h is yours to keep, is the di�eren
e between the value toyou of the proje
t level whi
h is 
hosen, and your individual expenditure on the proje
t. Allvalues are stated in fran
s and 
an be 
onverted into 
ash at a rate of $2 dollars per 100fran
s at the end of the experiment. Note that in some 
ases your values 
an be negative. Itis also possible that your expenditures 
an be negative (that is, rather than paying for theproje
t you are paid.). These will be explained in turn.Proje
t level determination (Y) Ea
h round ea
h individual will 
hoose a proposedaddition (x) to the status quo of zero proje
t level. This proposed addition 
an be anyamount ranging from -4 to 6 . For these experiments you will be restri
ted to valuesof one-hundreths, x:xx. These amounts will be added together to get the total of proposedadditions (Y). This total is the proje
t level that will be 
hosen. For example, if x1 = 1; x2 =2; x3 = 3; x4 = 4; x5 = 5, then the proje
t level is Y = x1 + x2 + x3 + x4 + x5 = 15.Payo�s Your payo� will depend on your individual value for the proje
t less your share ofthe 
ost minus an additional expenditure. That is,Your Payo� = Value - Cost - Expenditure.The various pie
es of this are des
ribed below. For your 
onvenien
e we provide you with apayo� 
hart.Individual Value Ea
h individual has a di�erent set of values for ea
h di�erent proje
tlevel. The formula for your value = 26Y � Y 2 + 11. This value 
an be positive or negative.The formula for your value may be di�erent from others'.27



Proje
t Costs Ea
h unit of the proje
t 
osts 100 fran
s. Your share of this 
ost is 100=5 =20. Hen
e, total 
ost for a proje
t is 100 times the proje
t size. In our example, it would be1,500 fran
s. And your share of this 
ost would be (1500=5) = 300 fran
s.Individual expenditures The level of your individual expenditures depends upon yourindividual proposed addition (x), the average of proposed additions of other parti
ipants(A) and the variability among the proposed additions of the other parti
ipants (V). Forexample, if x1 = 1; x2 = 2; x3 = 3; x4 = 4; x5 = 5, then for subje
t No. 1, the sum ofothers' proposed addition is S1 = x2 + x3 + x4 + x5 = 14 and the average of the others'proposed additions is (14/4) = 3.5. (Noti
e that S1 is also Y � x1.) The variability measurere
e
ts how s
attered the additions of others are. For example if all of the other parti
ipantsgive the exa
t same number then there is no s
atter at all and the variability is zero. Supposethat all of the other parti
ipants give a di�erent number but all numbers di�er very little,then the s
atter is low as is the measure of variability. In the above example, the variabilityfor subje
t No. 1 is V1 = [(x2�S1=4)2+(x3�S1=4)2+(x4�S1=4)2+(x5�S1=4)2℄=3 = 1:67.Noti
e your proposed addition, x, does not a�e
t the 
al
ulation of your own A and V .The formula for your expenditure is 20(x� A)2 � 25V:Payo� Chart The payo� 
hart summarizes your payo� as a fun
tion of value and 
ost toyou of the level of the proje
t 
hosen, and the level of individual expenditures that you willin
ur depending upon the 
hoi
es of additions that you and other parti
ipants make.The formula for your payo� is 26Y � Y 2 +11� 20Y � 20(x�A)2+25V whi
h is equivalentto Your Payo� = 6(x+ 4A)� (x+ A)2 � 20(x� A)2 + 25V + 11:On the payo� 
hart the horizontal axis is the average of others' proposed additions, A.The verti
al axis is your payo� when the variability of others is V = 0. Ea
h 
urve representsyour payo� from a parti
ular 
hoi
e of proposed addition, x. The small box on the righthand side of the 
hart gives the 
olor of the 
urve for the eleven di�erent proposed additions
harted. Sin
e the 
hart would be diÆ
ult to read if all possible proposed additions wereplotted, only eleven di�erent ones equal distant from ea
h other are given. The 
urves forproposed additions whi
h are not given, lie between the given 
urves.Noti
e the values on the verti
al axis of your payo� 
hart are your payo�s when thevariability of others is V = 0. Your a
tual payo� is the value on the verti
al axis plus 50V .Di�erent parti
ipants might have di�erent Payo� Chart.\What-if" S
enario Analyzer At the beginning of ea
h round, before you submityour proposal, you 
an use the \What-if" S
enario Analyzer to help you 
ompute your pay-o� for di�erent 
ombinations of your proposal, the sum and variability of others' proposal.The Analyzer allows you to a

urately 
ompute your payo�s when the variability of others'proposals is not zero, while the Payo� Chart gives you an overview of your payo� informa-tion for di�erent 
ombinations of your proposal and the sum of others' proposals when thevariability of others' proposals is zero.Pro
edure for Ea
h Round At the beginning of ea
h round, you will enter aproposal on the terminal. The 
entral 
omputer will then 
al
ulate the sum of others'28



proposals, the variability of others' proposals and your net payo�, and send this informationba
k to you.It is 
ru
ial that you 
he
k your Payo� Chart before and after ea
h de
ision. From theChart you 
an see your 
hoi
e determines whi
h 
urve you use, and others' 
hoi
es determinethe level of A and the amount of shift (due to V ) in your payo�s.There will be 100 rounds using this me
hanism. There will be no pra
ti
e rounds. Fromthe �rst round, you will be paid for ea
h de
ision you make.Feel free to earn as mu
h 
ash as you 
an. Are there any questions?

29



Review Questions1. If ea
h of you propose the following units (the subs
ripts 
orrespond to your real IDnumbers): x1 = 1; x2 = 2; x3 = 3; x4 = 4; x5 = 5, (therefore, V1 = 1:67, V2 = 2:92,V3 = 3:33, V4 = 2:92, V5 = 1:67.)(1) The total level of the proje
t, Y =(2) The sum of others' proposal, S =2. Suppose all others have the same proposed addition as in Question 1, you alone raise youraddition by 1 unit, then(1) The total level of the proje
t, Y =(2) The sum of others' proposal, S =(3) The variability of others' proposed additions, V =3. True or False: My payo� is determined by my own proposed addition only.4. If your proposed addition is x = 0:5, the average of others' proposed addition is S = 0:6,(1) Find your payo� from your Payo� Chart when V = 0: P =(2) If V = 10, your payo� is .
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Table 1 - Consumer Utility Parametersagent 1 2 3 4 5Ai 26 104 38 82 60Bi 1 8 2 6 4�i 200 10 160 40 100Table 2 - IEL simulations
 T 
(�T ) Sa(�Sa) Ss(�sS) E100 E101 339.88 (71.26) 93.84 (12.75) 98.62 (2.58) 97.01 71.1810 12.59 (3.87) 98.81 (1.35) 99.58 (0.35) 98.78 87.8730 7.52 ( 1.12 ) 99.33 (0.85) 99.72 (0.22) 99.36 93.6150 7.12 (1.03) 99.40 (0.79) 99.73 (0.21) 99.42 94.27100 8.00 (1.77) 99.34 (0.85) 99.71 (0.23) 99.29 93.02260 19.89 (14.80) 99.21 (1.04) 99.66 (0.28) 98.18 87.86The 
onvergen
e 
riterion used is distan
e in messages with d = 0:2:Table 3 - Chen and Tang Experimental Results
 T (�T ) S (�S) E100 E101 NA(7/7) NA(7/7) 93.4 80.5100 9.0 (5.7) 72 (19.3) 98.1 93.1The 
onvergen
e 
riterion used is distan
e in messages with d = 0:2:NA(7/7) = 7 of the 7 sessions did not 
onverge in 100 rounds.
Table 4 - Arifovi
 and Ledyard Experimental Results
 T (�T ) S (�S) E100 E101 NA(4/4) NA(4/4) 81.1 -21.710 18.0 (21.6) 68.0 (39.7) 95.6 61.030 3.25 (2.22) 92.2 (8.4) 97.1 74.850 2.5 (0.6) 94.0 (4.5) 99.2 97.0100 2.75 (2.22) 94.2 (8.9) 98.7 91.7260 3.25 (2.63) 89.5 (11.4) 90.2 68.8The 
onvergen
e 
riterion used is distan
e in messages with d = 0:2:NA(4/4) = 4 of the 4 sessions did not 
onverge in 100 rounds.1



Table 5 - A Set of Baseline RunsThe 
onvergen
e 
riterion is d = 0:1:
 R �T 

 (�T 

 ) S
s (�E
s )1 10000 903.38 (273.97) 85.13 (8.41)2 10000 320.09 (111.78) 89.4 (7.06)3 10000 178.95 (65.64) 91.17 (5.72)4 10000 118.89 (45.4) 92.11 (4.78)5 10000 87.36 (34.92) 92.73 (4.12)6 10000 68.71 (28.39) 93.17 (3.56)7 10000 55.84 (23.81) 93.48 (3.19)8 10000 46.64 (20.58) 93.72 (2.93)9 10000 39.37 (17.73) 93.967 (2.65)10 10000 34.81 (15.98) 94.12 (2.51)11 10000 30.51 (14.35) 94.23 (2.40)12 10000 27.40 (13.06) 94.34 (2.28)13 10000 24.91 (11.68) 94.43 (2.20)14 10000 23.18 (11.12) 94.55 (2.02)15 10000 21.57 (10.04) 94.69 (1.83)16 10000 20.47 (9.47) 94.71 (1.88)17 10000 19.33 (8.77) 94.80 (1.73)18 10000 18.43 (8.39) 94.86 (1.67)19 10000 17.87 (8.01) 94.93 (1.57)20 10000 17.18 (7.61) 94.95 (1.59)21 10000 16.78 (7.46) 94.99 (1.54)22 10000 16.51 (7.39) 95.00 (1.54)23 10000 16.10 (7.01) 95.05 (1.51)24 10000 15.69 (6.82 95.08 (1.44)25 10000 15.37 (6.59) 95.10 (1.44)26 10000 15.18 (6.55 95.14 (1.39)27 10000 15.01 (6.43) 95.15 (1.37)28 10000 14.91 (6.28) 95.17 (1.32)29 10000 14.72 (6.28) 95.18 (1.32)30 10000 14.61 (6.17) 95.21 (1.35)31 10000 14.42 (6.14) 95.18 (1.45)32 10000 14.29 (6.06) 95.23 (1.29)33 10000 14.22 (6.12) 95.26 (1.21)34 10000 14.13 (6.05) 95.24 (1.33)35 10000 13.94 (5.82) 95.27 (1.26)
2



Table 5, 
ont.d
 R �T 

 (�T 

 ) S
s (�E
s )36 10000 13.92 (5.79) 95.25 (1.34)37 10000 13.92 (5.81) 95.27 (1.27)38 10000 13.83 ((5.74) 95.28 (1.21)39 10000 13.79 (5.85) 95.29 (1.28)40 10000 13.67 (5.65) 95.29 (1.22)41 10000 13.68 (5.8) 95.31 (1.25)42 10000 13.80 (5.93) 95.32 (1.22)43 10000 13.55 (5.66) 95.3 (1.26)44 10000 13.65 (5.85) 95.32 (1.18)45 10000 13.52 (5.69) 95.31 (1.24)46 10000 13.50 (5.7) 95.3 (1.25)47 10000 13.52 (5.76) 95.31 (1.23)48 10000 13.57 (5.79) 95.3 (1.27)49 10000 13.60 (5.86) 95.29 (1.29)50 10000 13.48 (5.76) 95.31 (1.21)51 10000 13.54 (5.76) 95.33 (1.18)52 10000 13.60 (5.79) 95.29 (1.21)53 10000 13.64 (5.83) 95.31 (1.18)54 10000 13.63 (5.85) 95.32 (1.20)55 10000 13.61 (5.76) 95.29 (1.26)56 10000 13.63 (5.78) 95.3 (1.28)57 10000 13.68 (5.87) 95.32 (1.18)58 10000 13.61 (5.86) 95.31 (1.21)59 10000 13.75 (5.85) 95.3 (1.27)60 10000 13.79 (5.98) 95.28 (1.29)61 10000 13.81 (5.92) 95.26 (1.36)62 10000 13.82 (6.03) 95.27 (1.35)63 10000 13.85 (6.04) 95.29 (1.26)64 10000 13.86 (6.00) 95.26 (1.31)65 10000 13.92 (6.05) 95.28 (1.32)66 10000 14.07 (6.24) 95.26 (1.32)67 10000 14.10 (6.12) 95.27 (1.23)68 10000 14.24 (6.19) 95.24 (1.39)69 10000 14.37 (6.33) 95.24 (1.33)70 10000 14.48 (6.4) 95.24 (1.33)
3



Table 5, 
ont.d
 R �T 

 (�T 

 ) E
s (�S
s )71 10000 14.56 (6.48) 95.22 (1.45)72 10000 14.65 (6.61) 95.23 (1.34)73 10000 14.64 (6.49) 95.25 (1.35)74 10000 14.81 (6.65) 95.21 (1.37)75 10000 14.93 (6.79) 95.21 (1.41)76 10000 15.02 (7.05) 95.18 (1.51)77 10000 15.35 (7.11) 95.19 (1.42)78 10000 15.32 (7.08) 95.18 (1.45)79 10000 15.43 (7.06) 95.16 (1.54)80 10000 15.50 (7.15) 95.18 (1.43)81 10000 15.84 (7.49) 95.16 (1.47)82 10000 15.89 (7.50) 95.15 (1.52)83 10000 16.06 (7.55) 95.16 (1.43)84 10000 16.14 (7.65) 95.14 (1.46)85 10000 16.31 (7.82) 95.13 (1.51)86 10000 16.52 (8.01) 95.14 (1.52)87 10000 16.82 (8.05) 95.12 (1.54)88 10000 16.86 (8.29) 95.12 (1.46)89 10000 17.22 (8.39) 95.13 (1.50)90 10000 17.42 (8.68) 95.12 (1.50)91 10000 17.71 (8.85) 95.07 (1.64)92 10000 17.76 (8.99) 95.07 (1.62)93 10000 18.11 (9.33) 95.07 (1.59)94 10000 18.28 (9.3) 95.06 (1.64)95 10000 18.61 (9.58) 95.07 (1.55)96 10000 18.57 (9.63) 95.03 (1.74)97 10000 18.84 (9.75) 95.03 (1.63)98 10000 19.21 (10.04) 95.03 (1.69)99 10000 19.30 (10.05) 95.04 (1.60)100 10000 19.65 (10.52) 95.00 (1.74)
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Table 6First passage through equilibrium varying experimentation pro
ess and ratesexperimentation 
 1 50 100 140�n = 0:033 903.38 (273.97) 13.48 (5.76) 19.65 (10.52) 34.75 (20.46)�u = 0:033 2556.53 (999.18) 28.59 (23.56) 46.28 (35.39) 83.43 (59.89)�n = 0:25 8661.86 (5652.00) 18.39 (6.77) 25.02 (11.27) 36.35 (18.78)�u = 0:25 dn
� 33.62 (16.39) 54.74 (33.35) 89.49 (58.82)dn
� - did not 
onverge. Out of 10; 000 runs, only one run 
onverged in less than 20,000periods Table 7First passage varying repli
ation pro
esswith �u = :033repli
ation 
 1 50 100tournament 2556.53 (999.18) 28.59 (23.56) 46.28 (35.39)proportional dn
� 1804 (1851) 1973 (1921)dn
� - did not 
onverge. Out of 10; 000 runs, only one run 
onverged in less than 20,000periods; �u = uniform, �n = normal;Table 8 - First passage through equilibrium for di�erent values of � for �u = :033� 
 = 1 
 = 50 
 = 1000.0001 2924.57 (1065.42) 27.07 (22.83) 59.23 (40.07)0.006 2621.51 ( 991.68) 29.44 (25.15) 43.40 (31.62)1 3363.33 (1344.17) 28.00 (21.14) 38.27 (31.03)3 2775.08 (1086.73) 30.60 (22.16) 52.01 (36.10)proportional 2556.53 (999.18) 28.59 (23.56) 46.28 (35.39)
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Table 10First passage through equilibrium for di�erent values of the size of the set of alternatives, JJ = 50 J = 100 J = 200
 T 
(�T 
 ) T 
(�T 
 ) T 
(�T 
 )1 1268.70 (457.52) 903.38(273.97) 715.70 (182.35)50 22.52 (11.69) 13.48(5.76) 9.98 (2.53)100 29.99 (16.82) 19.65(10.52) 14.78 (6.83)150 52.13 (31.22) 38.89 (22.81) 30.69 (17.95)J = 500 J = 1000
 T 
(�T 
 ) T 
(�T 
 )1 594.18 (128.86) 543.37 (111.23)50 8.85 (1.36) 8.68 (1.25)100 12.41 (4.55) 11.77 (3.91)150 24.67 (13.89) 22.20 (12.15)
Table 11Modi�ed vs. Random InitializationJ = 200 J = 500Initialization: Random Modi�ed Random Modi�ed
 = 1 715 645 594 NA
 = 50 9.98 9.95 8.85 8.70
 = 100 14.78 12.7 12.41 10.65
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Figure 3: Average time of �rst passage through equilibrium, 
 2 f1; : : : 100g, �n = 0:033
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Figure 4: Average time of �rst passage through equilibrium, 
 2 f10; : : : ; 100g, �n = 0:033
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Figure 6: Histogram for runs with �n = 0:033,
 = 1, 50, 80 and 100
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