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ABSTRACT mechanism design is often not analytically tractable. Sdcthe
result can be a mechanism that is not practical to depldyeefor
reasons of communication complexity (e.g. [12]) or for meesof
computational complexity (e.g. [10]). Simply stated, thostcof
simplifying the strategic problem of agents through cdrefecha-
nism design is often too high.

For this reason we should expect electronic markets in wthieh
equilibrium trading strategy for an agent is not a straightird
strategy, such as myopic best-response to prices or tiukdu
ding. As an example, consider a continuous double aucti@AJC
in which agents dynamically enter a marketplace and tradego
over time. Computing the Bayesian-Nash equilibria disesir
interesting auctions (e.g. the CDA) often proves to be irajiis
with current methods. Instead, a typical approach is to adenp
a Nash equilibrium across a spacehelristictrading strategies[4,
22]. Heuristic strategies define the actions an agent v teithin
the auction, e.g. “bidb at timet.” For example, in an earlier study
of CDAs, we generated heuristic payoff tablean analog of the
usual payoff table, except that the entries describe egfdquay-
offs to each agent as a function of the strategies played! loyhedr

Auctions define games of incomplete information for whiclisit
often too hard to compute the exact Bayesian-Nash equitibri
Instead, the infinite strategy space is often populated étlris-

tic strategies such as myopic best-response to prices. Given these
heuristic strategies, it can be useful to evaluate theegfied and

the auction design by computing a Nash equilibrium acrosseh
stricted strategy space. First, it is necessary to comeesx-
pected payoff for each heuristic strategy profile. This ateplves
sampling the auction and averaging over multiple simutegj@nd

its cost can dominate the cost of computing the equilibriiverga
payoff matrix. In this paper, we propose two informationdietic
approaches to determine the next sample through an intartpaf
equilibrium calculations and payoff refinement. Initiapeximents
demonstrate that both methods reduce error in the compuast N
equilibrium as samples are performed at faster rates thae nai-
form sampling. The second, faster method, has a lower metade
liberation cost and better scaling properties. We discass dur
sampling methodology could be used witlgxperimentamecha-

nism design. agents [19]. The heuristic payoff table was then used asdbis b
for several forms of analysis, including computation of Niesh
1. INTRODUCTION equilibria with respect to the restricted strategy spand,the mar-
Agent-mediated electronic commerce advocates the dedign o ket efficiency at those equilibria.
markets in which automated trading agents will engage iradhia Common across previous work on the evaluation of heuristic

negotiation over the prices and attributes of goods andcesrv trading strategies is the problem of measuring the expeugdff
Trading agents promise to remove the monitoring and tréissac  to each agent in the auction for all strategy profiles and |ating

costs that make dynamic negotiation impractical in trad#i com- a payoff table. This step involves sampling from a distiiutof
merce. However, before these automated markets are wigely d agent preferences, and then running the auction mechanigm w
ployed, it will be necessary to design trading agents thafaiow a particular profile of heuristic strategies, in order to eyate an
useful (perhaps even optimal) strategies. additional sample in one cell of the payoff matrix. This stem

Certainly, careful market design and mechanism designelm h ~ be muchmore costly than computing the equilibrium. In the 2000
through the design of systems with simple but useful ageatest Trading Agent Competition [23], for instance, each run efgame
gies (e.g. [7, 8, 11]). However, many real-world problems ar requires 15 minutes for play and data collection, and thesgamnst
simply too complex to be amenable to the theoretical approdc be run many times to fill out a payoff table. In contrast, itésgible
mechanism design (e.g. [13, 20]). First, the problem ofrogti to compute all equilibria within minutes [19]. Yet, simuitats are

typically performed statically and with the same numberaofples

for each entry in the payoff table.

In this paper, we address this problem of selecting sinarati
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of beliefs about the effect that one more sample might havihen
current decision about the equilibrium of the system. Tifficdity

in applying the framework is in the development of apprderia
models with which to base these information-theoretic slens,
that are both principled yet fast enough to be useful in fract

It is useful to place this work in the context of a wider agenda
of anexperimentahpproach to computational mechanism design.
Just asexperimental economid45] provides a “wind tunnel” to
measure the performance of auctions with human particspare
need our own wind tunnel for an experimental approach to éie d
sign of agent-mediated mechanisms. Central to this experm
tal approach to agent-mediated mechanism design is thiyabil
to compute the performance of a particular market-baseirsys
given a realistic population of trading agents. There isady a
rich tradition in performing experiments with automatedding
agents, and more recently in using methods from evolutjoo@am-
puting to compute approximate equilibrium strategies [, 22].
We believe that sophisticated methods to effectively seri un-
derlying heuristic strategy space provide one componedeue!|-
oping a framework for effective experimental mechanismigfes
for automated agents.

Following is an outline for the rest of this paper. Sectiorefird
eates how the heuristic payoff table is created, the costdvied,
and how the table is used it to compute the underlying Nastilequ
ria. Section 3 discusses our information-theoretic apgrda the
problem of determining how to sample the payoffs of the reuri
tic strategy space. In Section 4 we present a more compuisitio
efficient method to sample the strategy space. Section Sda®v
empirical results of our sampling methods as applied to pezsic
games, and compares the performances with those from amnifo
sampling approach. We conclude with a discussion of how our
methodology could be used to aid experimental mechanisigrdes

2. HEURISTIC-STRATEGY NASH

EQUILIBRIUM

We start with a game, such as an auction, that may include com-
plex, repeated interactions betweadmgents. The underlying rules
of the game are well-specified and common knowledge, but each
agent has uncertain information about the types of the aigent.
The rules specify particulactionsthat agents may take as a func-
tion of the state of the game. Tltgpe of an agent specifies indi-
vidual, private characteristics of the agent, which, inghenes we
consider, specifies the agent’s payoff for different outesrim the
game. ltis instructive to consider ascending-price auctiorthe
rules specify closing rules and price dynamics; teionsallow
an agent to bid at or above the current price; tipee of an agent
specifies its value for the item.

Many interesting and important games are too complex to com-
pute Nash equilibria on the atomic actions with current gtmaery
tools (at least no-one has yet been able too). This has lethheru
of researchers to devise innovative heuristic strategtgpieally
employing economic reasoning, optimization, and artifiicigelli-
gence techniqgues—to complex games including the TradirenAg
Competitions [5, 17, 21], market-based scheduling [22} Hre
continuous double auction [2, 3, 18]. The key point is tha th
heuristic strategies are a subset of the (generally en@)rspace
of all strategies, and the set of heuristic strategies do@o¢ssarily
contain strategies that constitute an equilibrium of thdeulying
game (hence heuristic).

Thus, diverging from standard Bayesian-Nash equilibrivmal-a
ysis, we can assume that each of Nhagents has a choice of the
same Mexogenously specifiedheuristic strategiesand compute

a Nash equilibrium across this restricted strategy spaogenGhe
heuristic strategies, we transform the underlying gamene ia
which the agents’ payoffs are the expected payoffs obtdyetie
heuristic strategies in the underlying game, computed reisipect
to the distribution of utility functions (or types) in the derlying
game [19, 22].

A heuristic strategy is simply an action policy specifyinger-
ally complex) behavior for atomic actions in an underlyirayre.
To give an example, in a continuous double auction (CDA), an
agent’s type specifies its value for the goods in the markéte T
underlying rules of the CDA allow agents to take actions @& th
form form “bid b at timet”, while the heuristic strategies can be
complex functions, expressed in hundreds or thousandaes bf
code, that specify what bids are placed over the course difga
One component of a CDA strategy could specify, for instatae,
“place buy bids+ € when the lowest sell bid is at mostd greater
than the highest buy biol

Let A denote the space of heuristic strategies. A mtrat-
egy profile a= (a1,---,alv) specifies, for each agentthe pure
strategyali € A played by the agent. Aayoff matrixspecifies
the payoff to each agent for all possible strategy profild® Jtan-
dard payoff table requiredN entries which can be extremely large,
even whenM andN are moderate. To mitigate this problem, we
restrict our analysis to symmetric games in in which eacmige
has the same set of strategies and the same distributiopes ty
(and hence payoffs). Hence, we can merely compute the peyoff
each strategy as a function of themberof agents playing each
strategy, without being concerned about the individuattities of
those agents. This gives us a much smaller payoff matricezef
(N+M-1). Standard auction analyses often rely on this symmetry
assumption to simplify the problem. With the symmetry aggum
tion, we generally dispense with the agent index.

Given aheuristic strategy payoff matrimapping joint heuristic
strategy choices to agent payoffs, we then compute a Naslibequ
rium in the restricted space of heuristic strategies. Galdet al.
[4] have referred to this as axperimental equilibriumWe allow
agenti to play a mixed strategy, and choose to play pure strategy
al € A according to probability;j. Letx = (xi1,...,%m) denote
the complete mixed strategy, wik € [0, 1] andz'}"zlxij =1.The
vector of all agents’ mixed strategies is denatehd the vector of
mixed strategies for all agents excej denotedk_j. We indicate
by x; = a!, the special case when agémpiays pure strategy with
probability one. '

We denote by(al,x ;) the expected payoff to an ageinfor
playing pure strategy, given that all other agents play their mixed
strategies_j. The expected payoff to agenkith mixed strategy;
is thenu(x,xi_1) = z’}":lu(al,xi,l)nyj. In a Nash equilibrium,no
one agent can receive a higher payoff by unilaterally digatio
another strategy, given fixed opponents’ strategies. Hyrnpaob-
abilities x* constitute aNash equilibriumiff for all agentsi, and
all X # X, u(x,x";) <u(x',x*;). To simplify the computation of
equilibrium, in the remainder of this paper, we restrict atten-
tion to symmetric mixed strategy equilibria, wheretjy= x; = x*
for all agentsi andk. It is known Nash equilibria of symmetric
strategies always exist for symmetric games.

A Nash equilibrium computed with respect to expected payoff
is anex anteNash equilibrium for the restricted game, given the
strategy space specified by the heuristic strategies. Tiiktempm
is not a Bayesian-Nash equilibrium (BNE) in the restrictedtegy
space because a full BNE would allow an agenthoosea dif-
ferent heuristic strategy for different realizations & @wn type.
Instead we require an agent to adopt the same heuristiegyrat
(e.g. “always bid at the price if the price is below my valua an



I am not currently winning”) whatever its actual value. Thas
agent plays amex anteNash equilibrium instead of aimterim, or
Bayesian-Nash, equilibrium. As the heuristic strategycep be-
comes rich and contains arbitrarily complex strategies distinc-
tion disappears because a heuristic strategy can simhkagffect
of mapping from the multiple possible types of an agent in-mul
tiple different underlying strategies (e.g. “if my valueléss than
$5, then always bid at price if the price is below my value;eoth
wise, wait until the end of the auction and then snipe at 80%hyf
value.”yt

To reiterate, the heuristic strategy approach is an appration
in which the designer of an auction consider only a very st
set of all possible strategies. As such, a Nash equilibriuheuris-
tic strategy space isot guaranteed to constitute an equilibrium in
the underlying game.

Looking ahead to the sampling problem, before equilibriwm ¢
be computed we require information about the payoffs of iseur
tic strategy profiles. But, because the underlying gamerispbex
theex antepayoffs are not analytically derivable and must be com-
puted instead as average payoffs over repeated simulatioren
be necessary to perform a large number of simulations tarobta
sufficiently accuratex antepayoff estimates to calculate the Nash
equilibria accurately. This is particularly expensive fames that
must be run in real time. For instance, the Trading Agent Getimp
tion requires 15 minutes for each game, which practicathjts the
number of payoff samples that can be collected. Howeves,ribt
generally necessary to estimate all payoffs to the samedejac-
curacy. For instance, if the one equilibrium is for all agetat play
the pure strategg;, then we will not need to accurately estimate
the payoff for all agents playing any other pure strategydted
mine thata; is the equilibrium. Instead, we only needdoundthe
payoffs available from alternative heuristic strategigs a; when
every other agent plays. Thus, taking samples uniformly for all
strategy profiles may not be the most efficient method to eaiv
an accurate equilibrium.

In the remainder of this paper we present information-tbgor
methods for selecting which strategy profiles to sample from

3. AN INFORMATION-THEORETIC
APPROACH

In this section, we outline an information-theoretic agmto to
the problem of determining how to sample the underlying eqmc
heuristic strategies to build the payoff matrix and commgeilib-
rium strategies.

LetSdenote the space of all sample actions, anfl 8- denote
a sequence of sample actions of lengttAn example of a sample
action could be “perform 10 experiments in which agentsofell
(pure) strategy profil@”’, wherea = (alt,... ,alv) with all ¢ A
to indicate the heuristic strategy selected by adentVe find it
convenient to overloafl, and used to also denote thiaformation
that results from the new samples.

An information-theoretic approach to sampling requiree¢h
modeling assumptions. First, we needecision modelx(8), to
denote the equilibrium selected, given informatBhnSecond, we
need duture information modeb predict the cumulative informa-
tion that will be available after additional sampkgiven current
information®. Third, we need aerror modelto estimate the error
of the equilibrium selected due to current beliefs aboupiyoffs,
with respect to the true equilibrium in the auction.

Looking ahead, we will choose to define the error in our settin
in terms of the gain in expected payoff that an agent canvecei

IWe thank Michael Wellman for explaining this latter point.

by deviating from the current equilibrium decision to a panat-
egy, summed across all pure strategies. Clearly, in equitibthis
payoff from deviation is zero and the agent has the same teghec
payoff for all pure strategies in the support of its mixechttgy
and less for any other strategy. L&f(x), denote the estimated
error from decisiorx, as estimated with respect to informatién
Notice that we can only estimate the true error, which we tieas
fr(X), wherermare the true payoffs.

The framework introduced by Russell & Wefald [16] for metade
liberation in time-critical decision problems with bournldeational
agents proposes to predict thalue of informationEVI(s|6), for
sampling strategg given informationd as:

EVI(s6) = Eqp [ fos(X(8)) - fas(x(8.9))]

where Ejg takes the expectation with respect to a model of the
future samples given current informatio®. Intuitively, EVI(s|)
measures, in expectation, the degree to which further saspiill
reduce the estimated error in the equilibrium choice. Ndtiat the
first term isfg 5(X(8)) and notfg(x(8)), so that any effect that the
information has on refining thaccuracy with which the error is
computeds factored out of this analysis. As observed by Russell
& Wefald, this is important to maintain the useful propettatthe
estimated value of information is positive for all possiséampling
strategies.

In our model, the informatio® that has already been accumu-
lated through current samples provides a set of samplesafdr e
entry a in the payoff matrix. With this, the maximum likelihood
estimator (MLE) for thetrue mean p(a), of strategy profilea,
written pg(a) is computed as the sample mean. By the central
limit theorem? with sufficient number of samples (generally, 30
is considered sufficient) from any distribution, the trueaméoe-
comes normally distributed, with megg(a), and standard devia-
tion 0,(a) = 0(a)/V1a, Wherece(g) is the standard deviation of
the samples collected far andt, is the number of samples col-
lected fora. We find it useful to refer tqp(a) andoy,(a) as the
observed mearand thestandard deviation over the observed mean
given information®. In the sequel, we drop theeindicator when
the specific profile is understood or immaterial to the disimrs

An optimal sampling strategy would take this definition o th
expected value of information, and formulate an optissgjuential
sampling strategy with future decisions contingent on tierma-
tion returned from earlier decisions, and for a fixed numli¢otal
samples. The objective would be to select a sequential sagnpl
strategy to maximize the expected total decrease in decisior
by the end of the sampling period. Only the first step of thdioen
gent sequential sampling strategy would be executed fferform
one experiment in which agents follow strategy prof)lead which
point the complete sequential strategy would be reoptichbzesed
on the new information. Berger [1, chapter 7] provides amm@xt
sive discussion of this methodology, which is central tdistiaal
decision theory.

In practice, the best one can hope for is an approximationigo t
approach. Clearly metareasoning is valuable only to thenéxhat
the time spent in metareasoning is less than the time saxeaptin
making better-informed sampling decisions. Russell & \Wefa
make a number of assumptions to keep metareasoning traétebl
their setting. Most importantly, they makesangle-stepassump-
tion, which in our setting is equivalent to assuming thatyare
more experiment will ever be performed. This reduces theptiam

2The central limit theorem assumes that samples are independ
and of finite variance. The first assumption holds if straegire
static (they do not adapt) and the second assumption hojusyif
offs in the underlying game are bounded.



decision to choosing the single best sampling action, toimmag
EVI(50).

The main problem with the single-step assumption in ouirgett
is that it is quite possible that no single additional sampik:be
expected to have an effect on the decision made about thibequi
rium. Yet, we want to avoid deciding to commit to a long seagen
of additional samples without a chance to reconsider. Tolves
this dilemma we: (1) assume that the space of sampling agtion
S, allows the system to choose sample strategyS a total ofK
times, for some fixe&; and (2) within metareasoning we consider
the informational effect for éong sequences® of the same sam-
pling action,s, but then only execute the first of the sequence with
the greatest EVI before repeating the calculation of EVI.

Given this, we define the three components of our information
theoretic model as follows:

decision model. The equilibriumx(6), given informatiors, is com-
puted aoneof the mixed equilibria given thmeanpayoffs
Mg in each entry in the payoff matrix. In particular, we select
the equilibrium with the lowest error estimated from cutren
information fg(x).

future information. Given the current informatioripg, 0g), we
need a model for the effect that a large number of additional
sampless® on profile a will have on the future observed
mean payoffg (&), and the future standard deviation on
observed meargy, .. (a). We adopt two models for the fu-
ture observed mean: (a)mointestimate, withyg «(a) =
Ug(a); and (b) adistributionatestimate, withpge(a) ~
N(pg(a),0p,(a)). We model the future standard deviation on

the observed mean @, . (&) = Og(q)/+/ta + [S*[), Where
ta is the number of samples collected foso far ands™| is
the number of samples &Y.

error. We define the true error functiofy(x) with respect to pay-
offs T as fr(x) = yM, max(0,ui(al,x i) — u(x)). Thatis,
fr(x) is the sum of incentives for an agent to unilaterally de-
viate from the mixed strategyto any pure strategy, given the
payoffs. Itis well-known thak is a Nash equilibrium (with
respect tay iff fy(x) = 0. We compute the estimated error
fg(x) given informationd from Monte Carlo simulations on
the actual error, as described below.

Looking at the models of future information, the point-gsite
of the future observed mean reflects the fact that our estinfahe
true mean will remain the same in expectation. In compayitun
distributional-estimate considers that we expect thervksemean
will converge to the true mean after many additional samzad
recognizes that the current informatigm, oy, ) is the best current
estimate for the true mean. The model for the future standesd
viation on observed mean reflects an assumption that thdasthn
deviation on the underlying payoff samples will remain tame as
that for the current samples.

The complete algorithm for selecting the next samples ishs f
lows. First, compute the set of Nash equilibria NE giv&rand
choose the(8) € NE that minimizes estimated errég(x(8)). Then
choose thes that maximizes EMlg|8). If EVI(s|0) is greater than
the cost of performing the firé¢ samples irs, perform those sam-
ple simulations and continue the process. Otherwise, stdpex
turnx as the chosen equilibrium. The model of cost and information
value will depend heavily on the particular details of thelyem,
with the cost depending on the run time of simulations anddhge
of information depending on the importance of making an eateu
decision. For example, in the context of an experimentafcgh

to mechanism design we can interpret the value of a decisitim w
respect to the goals of a mechanism designer, such as alocat
efficiency. In this paper, we sidestep this issue and contparde-
cision accuracy across alternative sampling methods foséime
total number of samples. R

To compute the estimated errég s(x(8)) for the current deci-
sion after additional information, we adopt the pointestie model
for the future observed mean after a large nunseof additional
experiments, together with the point-estimate model fer filn
ture standard deviation on observed mean. We average thiésres
from C; Monte Carlo simulations, with each simulation comput-
ing f;(x(0)) for a drawft of specific payoffs from the distribu-
tion N(Lg.s»,Opy < ) ON true payoffs, withlg & = g and oy, . =
oe/v/tat IS A

To compute the estimated erriy¢(x(6.s)) for the new and im-
proved decision after additional information, we must f@stimate
the future decision. For this, we adopt the distributioestimate,
Ho.s= ~ N(Ug, 0y ), for the future observed mean. We sam@ie
mean payoffgt from this distribution,and compute a new equilib-
rium x(1) for each. Then, we measure the estimated error for each
of these decisions using the same model for future infolnedis
was adopted to compute the estimated efgq(x(0)) for the cur-
rent decision, taking an addition@f samples for eacir. Finally,
we average this estimated error for future decisitm) across all
Ce equilibrium samples.

We note that an alternative model to compute the estimated er
ror fgs(x(8.s)) for the new decision after additional information
would use a hybrid of the two models for future informatione W
could adopt thesamesamplert that is used to compute a future
equilibrium decisionx(1¢) to model the future observed mean for
the purposes of computing the estimated error on that degibut
continue to adopty, . = 0g/+/ta+[S*|) to generateCs samples
for this error calculation. We plan to investigate this hgtbnodel
in future work.

4. A FASTER APPROACH

As we demonstrate in Section 5, E¥B) is an effective crite-
rion for selecting a pure strategy profile to sample next. ddanf
nately, EV(s|0) is slow to compute for even very small games, and
impractically slow for moderately sized games. The probles
in the fact that EV(s|6) must perform multiple equilibrium com-
putations for each possible sample sequence. For®ashmust
compute multiple sample future equilibria to estimate tisérithu-
tion of future equilibria. Although we have tricks to fairtyuickly
compute a future equilibrium based on the current equilibr{see
Section 5), the computational cost can be prohibitivehhhigjven
that we perfornCg equilibrium computations for each strategy pro-
file.

We have developed a much faster method for computing the
value of performing a set of further samples that requiresaho
ditional equilibrium computations. The algorithm is thergaas
before, except that, instead of H¥J©), we use the estimatezbn-
firmational value of informationECVI(s|6), of sampling policys
given informatiornd, defined as:

ECVI(s8) = Eqp [ fo(x(8)) — fo.s(x(8))] -

Intuitively, ECVI(s|8) measures, in expectation, the degree to which
further samples would decrease the estimated error of the cur-
rent equilibrium choice. Put another way, thehat maximizes
ECVI(s|0) provides the best evidence to confirm our current equi-
librium choice.

We need not compute any future equilibria with this approach



but need only perform Monte Carlo simulations to estimageetk
pected error of the current equilibrium. Furthermore, wechger-
form significantly fewer of these Monte Carlo simulationaritfor
EVI(s]8). If we performCs Monte Carlo simulations to estimate
the error for each future equilibrium, then E¥JB) requiresCeCs
simulations offr(x), while ECVI(s|0) requires onlyCs.

Using ECVIs|0) appears to run counter to the methodology of
Russell and Wefald, who argue that further samples are bigua
only to the extent to which they mahangethe equilibrium choice.
Still, based on some informal arguments, we can view thecambr
as a reasonable heuristic to indirectly choosestti@at will likely
most change the decision. That is, EC&®) can be viewed as a
fast approximation of Russell and Wefald's approach forpob-
lem.

Recall that there is a continuum of mixed strategies thatdcou
potentially comprise a Nash equilibrium. Thus, so long asetie-
mains “sufficient” uncertainty in the value of the payoffsicellc
of the game matrix, we should expect that further sampleswof
change the chosen equilibrium, however slightly. Thus)calgh
we choosesto confirm thaix is the correct equilibrium, samplirgy
will, in fact, generally change our decision.

Why should we expect that choosiatp increase our confidence
in x would best help change the decision for the better? Ssnce
has the highest direct impact on reducing errorxpowe should
expect that it also reduces error for some mixed strategi¢ke
probability region arounc. And sincex is our best estimate of
the correct equilibrium, given current information, thea should
expect the true equilibriund* to lie in the probability region around

tions performed and averaged over all runs. The first errasome
is fr(x) discussed before, whereare the true payoffs. The second
measure is the L2 Norm, defined §$x; ij)z, wherex; is the
probability of playing heuristic strategg! in profile x, and like-
wise for x*, the true equilibrium. When multiple true equilibria
exist, we compute the minimal L2 Norm across all equilibritim
Recall that our approaches require repeated computatidasi
equilibrium. Nash equilibria can be formulated and comguitea
variety of ways [9]. We use a formulation of Nash equilibriam
a non-linear optimization problem, in which the equiliblia at
the zero points of the objective function. We used amoeb§ [14
a direct search method to find the zero points. Although amoeb
(and indeed any Nash equilibrium solver) is not guaranteduhd
all, or even any equilibria, we have found it effective in fimgl
all equilibria for even reasonably large problems (e.g. génis
and 3 strategies) [19]. We find that the expensive part is ndt fi
ing an equilibrium, but verifying to our satisfaction thak equi-
libria have been found, requiring that we restart at a nunaber
random points. However, in our sample selection algorithpes-
forming new samples does not move the equilibria too far from
their previous location. Thus, we can start the search gbitina-
ously computed equilibrium points and the gradient desoeogt
often quickly converges to the nearby new equilibrium @ligh,
at times we do have to recompute the equilibria from scratch)

5.1 1-agent 5-strategies game

This is a degenerate game with only one agent, where eath stra
egy corresponds to a unique profile and the unique equitibigu

X. Thus,s can be considered our best guess for reducing the e”orsimply the (pure) strategy with the highest mean payoff.sTaa-

in X*, hence making it a more promising candidate for equilibrium
selection by our method.

Ultimately, the value of using ECV4|0) is clearly borne out in
our experiments. It is much faster than E§/@), yet reduces error
in the chosen equilibrium at a rate comparable to E\9).

5. EXPERIMENTS

This section describes empirical results of our methodsHops-
ing samples of payoffs from the space of heuristic strategfilps,
and compares their approach to the standard approach ofisgmp
uniformly. To chart the progress of the approaches as mara-si
lations are performed, we perform the uniform samples iruade
robin fashion. We report on results from two artificial games
(i) one withN = 1 agent andM = 5 strategies, and (ii) one with
N = 8 agents andM = 3 strategies. So that we could compare
the results of the methods with the true equilibria of the ggm
we generated payoff samples directly from specified distions,
rather than from simulation of a complex auction game.

For each game and each method, B{8) and ECV(s|8), we
performed 10 initial simulations on each strategy profiles¢éed
the payoff table, before applying the methods. The lengt’of
which is used to estimate the value of additional samplinidpivi
metadeliberation, was 1000, and the lengtls,dhe samples actu-
ally performed on one profile, was 10. We perform the same num-
ber of total samples with each sampling method and compare th
error in the equilibrium decision. For game (i), we perfodd®00
total samples, and game (ii) we performed 2000 total samplies
ran each method 200 times on game (i), each time with a differ-
ent random seed. Computing E¥B) is prohibitively expensive
for game (ii), hence we ran only EC{6) and uniform sampling
(both for 200 times) but not EV$|6).

For the purpose of the analysis, we graph two error meastires o
the chosen equilibriunt. Both are calculated with respect to the
true game information, and as a function of the number of simula-

ture is computationally advantageous though, for we are &bl
very quickly compute the equilibrium by bypassing amoebd an
simply finding the highest payoff strategy. Since there anly 6
strategy profiles, the cost of computing ESB) and ECV(s|6)
is further reduced. Furthermore, it is easy to get some rimébr
validation of our methods by inspection in this simple game.

We model the true payoff distribution in each of the 5 entiies
the payoff table as normal, with the parametersd] as follows:

Strategy W )
1 1.0 05
2 09 05
3 05 01
4 03 03
5 0.35 0.4

We can imagine that the variation in payoffs come from varia-
tions in the value of the agent, and or in the agent’s enviemm
It is evident that the expected-utility maximizing stratégto play
strategy 1 (i.e.x* = (1,0,0,0,0)), which has the highest mean.
Clearly, strategy 2, with its high mean and large standavéatien,

3We note one twist in the implementation of our methods fos¢he
experiments. In game (i) methods B¥PB) and ECV(s|8) both
almost always predict that additional sampling has zeroe/iing
before 1000 simulations are performed (within an avera
simulations for EV(s|0) and 304 simulations for ECV4|6)). To
provide a useful experimental comparison, we choose taroant
sampling until 1000 experiments, choosing the profile whb t
smallest L2 Norm distance to the current equilibrium. Irsthit-
uation, there other possibilities for allocating the nemgiations.
For example, the new simulations could be assigned to a nalgdo
chosen profile. In fact, such a randomized approach may help a
sampling strategy to avoid premature convergence to aisolut
which is not a true Nash equilibrium. We note that EC38) does
not reach zero in game (ii) within 2000 simulations, hends it
sue does not arise.
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Figure 1: True error fr(x) of the computed equilibrium x with Figure 2: True error fr(x) of the computed equilibrium x

respect to true mean payoffs from the three sampling methods with respect to true mean payoffs from sampling methods uni-
on the 1-agent 5-strategies game. The three sampling meth®d  form and ECVI(s|8) on the 8-agents 3-strategies game. Results
are uniform, EVI(g/8), and ECVI(s|8). Results shown here are shown here are averaged over 200 separate runs, where each
averaged over 200 separate runs, where each run consist of a  run consist of a total of 2000 experiments.

total of 1000 samples.

distribution over payoff is adopted as a model over the ithstr

is by far the most likely candidate for the Nash equilibriuftea tion over types of agents. The three mixed-strategy Nasttilexg
strategy 1. A few samples would distinguish quickly thaatsgy 1 computed from the true mean payoffs #(6.4114 0.00000.5886),
and 2 are the top two strategies, hence we would expect a good(0-00000.52130.4787), (0.0268 0.0877,0.8856) }.
sampling method would assign most experiments to thestestra
gies in an effort to distinguish which is clearly the one wilie 0.03 — ;
highest payoff. i Umfgmf o

Figure 1 shows thén(x) error measure for the three methods.
As expected, after the initial 50 experiments, all threehoés find
equilibria that have roughly the same magnitudefgx). After
this initial stage, fr(x) of the ECVKg/8) and EV(s|8) methods 0.02
decrease more rapidly and reach zero error faster than thtaeo
uniform sampling method, demonstrating the effectivercdssur
approach. Moreover, until the stage at which our samplinthots
achieve zero error, our methods achieve significantly lofyéx) 4 1
than the uniform sampling approach, for a given number oégxp 001 . ]
ments. In our experiments, method EYB) has a somewhat lower L b A
fr(x) than ECV[s/6) through most of the simulations, although 0.005 F TR R i
both methods reach near zero error at near the same point. TR S ! A

For this particular game the L2-Norm is identical to thgXx) 0 . e S e S s s
after scaling. This is because, given the true payoff distidns, 450 650 850 1050 1250 1450 1650 1850
the computed equilibria is most likely to be at strategy &. (k* = Simulations
(1,0,0,0,0)), or at strategy 2 (i.ex* = (0,1,0,0,0)).

We also notice that the sampling methods are selective in as- Figure 3: L2-Norm of two sampling methods on the 8-agents

signing new simulations. While the EY46) method continues to  3.strategies game. Results shown here are averaged over the
define samples, it assigns on average 50.3% and 49.6% of-the to same 200 runs reported in Figure 2.

tal number of experiments allocated up to that point to sghatl
and strategy 2, respectively. The remaining 0.1% of the®xpe  Figure 2 plotsfy(x) for the ECVKs|6) and uniform sampling
ments are assigned to the other strategies. The E®YImethod methods. As with the 1-agent, 5-strategy game, using E€3)

exhibits a similar emphasis by assigning 51.2% and 46.5%eft  gives a smaller error for any number of simulations than dbes
total number of experiments to strategy 1 and and strate@®* 2 r yniform method.
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spectively. Thus, the methods make decisions that comeisfm We see similar, but more pronounced results when comparing
the intuitively correct distribution of simulations. with the L2 Norm, as shown in Figure 3. The rather small L2 Norm

. of ~ 0.0005 after 1050 simulations with the EQ¥JB) method in-
5.2 8-agents 3'Strateg|es game dicates that the computed mixed-strategy equilibrium ohean is

This is a more complex game with a total of 45 strategy profiles indeed very close to one of the Nash equilibria determineah the
The truep for each payoff was chosen randomly from a uniform true means. In other words, even though there remains some be
distribution [300, 600], witho = 50 for all payoffs. Again, the efit to an agent for deviation to another strategy, the achigéd



equilibrium is very close to the true equilibrium.

A closer analysis of each run also indicate that for this gahee
ECVI(s|8) method chooses samples very non-uniformly between 7.
the strategy profiles. Strategy profiles that are closer eoafrthe
true Nash equilibria (in terms of L2 Norm) received 5% to 10% 1]
of the 2000 experiments, while some profiles were assigmea-vi
ally no new experiments after their initial set of 10 expeants. (2]
We conclude that we can choose simulations selectively (ion-
uniformly) and get lower error using EC{49).

(3]
6. DISCUSSION n

We have presented two methods for choosing the samples-neces
sary to compute a Nash equilibrium with respect to ex anteffgy
of heuristic strategies. The first method is a direct appiboeof an
information-theoretic methodology proposed by Russedl Hre-
fald, but is impractically slow. We were not able to run thethoel
even on our 8-agents and 3-strategies problem. The secahdane
approximates the first method, but at a much lower compuratio
cost. Both methods are designed to select samples to pettiatm
are most likely to improve our estimation of the equilibriu@ur
initial experiments suggest that these selective appesagive us
an equilibrium with less error from fewer simulations thaora-
form sampling method. Moreover, the fast, approximate wubth
reduces error nearly as quickly as the direct informatteotetic
method on the small single-agent problem.

The most interesting direction in which to extend and apbpiy t
work is to the problem ofxperimentamechanism design, in which
computational methods are used in a closed loop to evalbate t
designs of alternative electronic markets. In this seftthg rel-
evant question becomesiow should the system allocate experi-
ments across multiple market desigimsaddition to within a partic-
ular market design. Our information-theoretic methodglogn be
extended quite naturally to this new problem, in which gosiin-
ulations help tachoosea market design. In this setting the goals of
the mechanism designer, for example allocative efficiepicyide
a compelling method with which to define the value of inforioat
with respect to the decision error. For example, rather thaa-
sure theaccuracyof the equilibrium in terms of individual agent
utilities, we can measure tHess in efficiencymplied by making
a decision with current information, and weigh the cost oftfer
experiments with the possible efficiency gains of a bettsige

Looking ahead, we believe an interesting research agenda
for agent-mediated electronic commerce is to relax some of [14]
the requirements of mechanism design (in particuteentive-
compatibilityanddirect-revelation), but still seek to design market-
based systems that enjoy desirable economic properties whe
populated by realistic (and necessarily bounded-ratjotnatiing
agents. In particular, notice that it is not necessary te gip on
designwhen giving up on the formal mathematics of mechanism
design. Instead, one moves from an off-line and analyticcggh
to mechanism design to axperimentalapproach to mechanism
design. Rather than modeling the behavior of agents offtind,
designing a mechanism with respect to this model we can nlesig [18]
a market mechanism from a space of mechanisms andettpsar-
imentally validatethe performance of the mechanism with respect
to a set of desiderata. This is attractive because we caicigypl [19]
design for automated trading agents, since these agenbeasmed
explicitly to evaluate the performance of a proposed market design.
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