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Abstract This paper analyzes the entrants to the 208¢ Market Design Game. We
present a classification of the entries to the competitiad, wse this classification to com-
pare these entries. The paper also attempts to relate ntymemics to the auction rules
adopted by these entries and their adaptive strategies s&d af post-tournament exper-
iments. Based on this analysis, the paper speculates aimualesign of effective auction
mechanisms, both in the setting of this competition and émtiore general case.
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1 Introduction

This paper is concerned with the Market Design game that wass part of the Trading
Agent Competition[[4I3] TAC) in July 2007. The Trading Agent Competitions have been
held annually since 2000 with the aim of encouraging re$eano software agents that
can bid for goods and services on behalf of their human ow[i&;20]. There have been
several different games, but up until 2007 competing inglggsnes had involved designing
an agent that could bid effectively and make profitable &atisns — the researchers who
entered the games were, naturally, interested in how best this bidding. Our research,
in contrast, is more concerned with the design of marketshichvtrading agents interact,
and we introduced the Market Design game to encourage otsgathis area. The game
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was certainly successful in attracting entrants, and weamaelxciting competition, but, as
discussed below, there is not much that one can learn frorgaime itsefl. The value of
the competition is that it gives rise to a set of strategias thn be subsequently analysed to
extract general conclusions about how to approach probligmshose in the competition.

It is the aim of this paper to provide such an analysis.

1.1 Background

Auctions are special markets with restricted rules. Défgrauction designs may vary sig-
nificantly in properties including efficiency, profit, andsaction volume. Well-designed
auctions result in desired economic outcomes and are wigsdygl in solving real-world
resource allocation problems, and in structuring stockfahaes exchanges. As a result,
the field of auction mechanism design has drawn much attemigecently years from
economists, mathematicians, and computer scienfift8[-3\ri traditional auction theory,
auctions are viewed as games of incomplete information teaatitional analytic methods
from game theory have been successfully applied to ssingle-sided auctionsvhere a
single seller has goods for sale (or a single buyer desirpsrichase goods) and multiple
buyers bid for the goods (or sellers offer the goods), andessimple forms oflouble auc-
tions (DAS), where there are multiple sellers and multiple buyerskaitd sides may make
offersor shouts

However, as, for example, Friedmdn [8] has pointed pas, particularlycontinuous
double aUCtiOHS(CDAS)E are too complex to analyze in this way since at every moment, a
trader must compute expected utility-maximizing shoutseldeon the history of shouts and
transactions and the time remaining in the auction. Thificdify led researchers to seek
experimental approaches. Smifhl[39] pioneered this fiett siiowed, through a series of
experiments with human subjects, that ewns with just a handful of traders can give
high allocative efficiency and quick convergence to the ttbcal equilibrium. Software
agents armed with various learning algorithms and optitiirdaechniques have been shown
to produce outcomes similar to those obtained by human stshjg[T4], are capable of
generating higher individual profitSl[6], and can be usedfae the properties of auction
mechanism<[52].

In parallel with the automation of traders, computer sé&sthave started to explore
the automated design of auction mechanisms. Thus, Clifefored a continuous space
of auction mechanisms by varying the probability of the rghdut (at any point in time)
being made by a seller, denoted ®y, and found that &s that corresponds to a completely
new kind of auction led to faster transaction price convecge Phelpt al. [34] showed
that genetic programming can be used to find an optimal peiatsipace of pricing policies,
where the notion of optimality is based on allocative efficigand trader market power. Niu
et al. [25] presented a mechanism that minimizes variation instation price, confirming
the mechanism through an evolutionary exploration. PaatoeStone[28] suggested a self-
adapting auction mechanism that adjusts parameters ionmssgo past results. Although
these evolutionary or adaptive approaches involve auiorpaicesses, they make use of an
array of candidate auction rules or parameterizable fraorikesthat are initially conceived
by humans. Moreover, the result of an evolutionary expionabr an adaptive process, may

1 At the time of writing there have been two further Market @sgames, in July 2008 and July 2009.

2 A cDA is a continuouA in which any trader can accept an offer and make a deal at amgyduring
the auction period.
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depend on the quality of the candidate solutions which tloegss starts with — this was
certainly the experience we had [n]32] ahdI[33].

When we started discussing the design of the Market Desigregaur hope was to
provoke further research in this form of mechanism designcentrating on the continu-
ous double auction. Previous studies usually present casgpaof auction mechanisms in
different proprietary settings which differ in terms of tiiformation available to traders,
computational resources and so on. As a result, mechanisndificult to compare, and
we thought that offering a competition on a shared softwédqrm would encourage the
development of mechanisms that could be more easily comipbi@vever, there was an-
other aspect of existing work on double auctions that we egtd address, that is the fact
that all the work we were aware of considered single auctiopsrating in isolatidh In
contrast, not only do traders in an auction compete agaaw ether, real markets face
competition from other market5[38] and we wanted the Mabketign game to reflect this
kind of interaction. The format of the game we came up withsgalows. Each entrant
in the competition provides specialistthat regulates a market with a set of auction rules,
and these specialists compete against each other to dtadets and make profit. Traders
in these games are provided by the competition platform act ef them learns to choose
the best market to trade in. Because the Market Design gaveeses the usual format of
TAC competitions, we call it theAT gamE

1.2 Strategy evaluation in competitive games

Trading competitions like AT have been an effective tool in fostering innovative appheac
and advocating enthusiasm and exchange among resea@ht8][ However, the compe-
titions themselves usually cannot provide a complete viktherelative strength and weak-
ness of entries. In a competition, the performance of ongeplelosely depends upon the
composition of its opponents and the competition configomatand the scenarios consid-
ered are usually limited. Thus we typically turn to post-patition analysis to tell us which
entries are most interesting. Ideally, such an analysisowiler all possible scenarios, but
this usually presents too large a possible space. As a resatimmon practice is to de-
liberately select a limited number of representative sgi@s and run games corresponding
to a set of discrete points or trajectories in the infinitecgpassuming that the results are
representative of what would happen in the whole space wezemexplore it[[4D].

There are two common types of approaches to post-compettialysiswhite-boxap-
proaches anthlack-boxapproaches. A white-box approach attempts to relate tleenialt
logic and features of strategies to game outcomes. In thea$@nDouble Auction Tourna-
ment and post-tournament experimeiis [36], a thorough iedion of auction efficiency
losses indicated that the success of ke LAN trading strategy is due to its patience in
waiting to exploit other trading strategies. In Axelrod’'er@puter Prisoner’s Dilemma Tour-
nament[[l], the strong showing ofT FOR TAT is attributed to the fact that it is forgiving
as well as being cooperative. While a white-box approachtenalomain-dependent, the
insights obtained in the concerned domain may still be elddrio other domains. For in-
stance, the payoff structure in the iterated Prisoner'smiha problem captures the nature
of many other issues that are faced by parties with confijatiterests.

3 Even work like [2[35] that compares two kinds of auction Isak the properties of each kind of auction
operating in isolation.
4 Itis also the case that “catallactics” is the science of erdes.
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A black-box approach, on the other hand, considers stesegg atomic entities. One
perspective is aecologicalone based oreplicator dynamicsfrom which the entities are
biological individuals in an infinitely large population éa sub-population playing a par-
ticular strategy grows in proportion to how well that stgtgerforms relative to the whole
population in averagéT11]. Walgst al. [A6] combines the game-theoretic solution concept
of Nash equilibrium and replicator dynamics, turning a pttly very complex, multi-
stage game of trading strategies into a one-shot game inahéonm. What's more, a tech-
nique calledperturbation analysiss used to evaluate whether a strategy can be improved
further. Phelpset al.[B1[32] successfully applied this approach in acquiringeties trad-
ing strategy fomA markets. Jordaet al. [16] took a similar approach to the evaluation of
entries in therac Supply Chain Management Tournamest (/) and other game&TL7].

1.3 Our contribution

This paper makes three main contributions. After a brie€dpsgon of the game, it provides
a classification of the entries based on their internal dssignd uses this classification to
compare these entries. Since all the entries are doubléaunarkets, this classification
is a refinement of the classification presented’in [51]. ThEepéhen presents a white-box
analysis of those entries to 20@AT competition CAT 2007) that were available in the
TAC agent repositorﬁ, and attempts to relate market dynamics to the auction adepted
by these entries and their adaptive strategies througha pest-tournament experiments.
Finally, the paper performs a black-box analysis on the ssehef specialists, examining the
relative strength and weakness of the specialists in deseeaarios, demonstrating some
vulnerabilities in entries that placed highly in the coniipe.

This paper combines, revises and extefd$ [22] [23], riticpkar providing more
explanation and additional results from the black-box ysial

2 The Market Design game
2.1 Game procedure

A CAT game lasts a certain number ddiys, each day consists adunds, and each round
lasts a certain number dicks, or milliseconds. Each game involves traders, which buy
and sell goods, and specialists, which provide marketshiose goods, enabling the trade.
All traders and specialists are required to check in withghme server prior to the start
of a game, and the list of all clients are broadcast to ea@ntchfterwards. Before the
opening of each day, the specialists are required to anedted price lists, which are then
forwarded to all clients by the game server. After a day isvepe traders can register with
one of the specialists (and only one specialist). Theirahoif specialist depends on both
the announced fees for that day, but also on the profits aatdam previous days. Traders
will tend to choose specialists where they expect the highesits. After a day closes,
information on the profit by each specialist and the numbédraafers registered with it is
disclosed, which allows specialists to adapt or learn torawg their competitiveness and
eventually obtain higher scores.

Trading only takes place during a round. In a given roundeara@ubmit shouts to the
specialists they are registered with and those speci&igsts the option to accept or reject

5 http://www.sics.se/tac/showagents.php.
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shouts. A shout that is accepted becomes active, and remetine until it is successfully
matched with another shout or the trading day ends. A spgiciaby matchasks(shouts
to sell) andbids (shouts to buy) any time during a round, clearing the mavkenhatched
bid must have a higher price than the corresponding ask hengensaction price that is set
must fall in between.

2.2 Traders

Each trading agent is assigned private values for the gaobls traded. The private values
and the number of goods to buy or sell make the demand andysaptile markets. The
private values remain constant during a day, but may change day to day. Each trading
agent is also endowed withtreading strategyand amarket selection stratedyg do two tasks
respectively. One is to decide how to make offers, and thera¢hto choose market to make
offers in. These two tasks allow our traders to exhibit iigehce in two, orthogonal, ways.

2.2.1 Trading strategies

Every trader uses one of the following four trading straegivhich have been extensively
researched in the literature and some of them have shownrtowell in practice:

— zI-c (Zero Intelligence with Constraint): a simple stratelgy][dhich picks offers ran-
domly but ensures the trader doesn’t make a loss;

— RE(Roth and Erev): a strategyl[7] that uses the profit earnexlitir the previous shout
as a reward signal and learns the best profit margin levettosmicking human game-
playing behavior in extensive form games;

— zIP (Zero Intelligence Plus): a stratedy [5] that adapts itiprargin by using the
Widrow-Hoff algorithm [49] to remain competitive in the nkat based upon informa-
tion about shouts and transactions; and

— GD (Gjerstad and Dickhaut): a sophisticated stratégy [13]elstimates the probability
of an offer being accepted from the distribution of past sffeand chooses the offer
which maximizes its expected utility.

zIP and GD require information about the offers made by other tradedsthe results of
those offers thati-c andRE do not need, and so traders that use these strategies may incu
higher costs when specialists impose charges on shoutamshttion information.

2.2.2 Market selection strategies

The market selection strategies that are possibly adoptediading agent include:

— random: the trader randomly picks a market;

— e-greedy: the trader treats the choice of market as-armed bandit problem which it

solves using als-greedy exploration policy([42]. Aa-greedy trader takes daily profits
as rewards when updating its value function.
An g-greedy trader chooses what it estimates to be the best matitkeprobability
1— ¢, and randomly chooses one of the remaining markets othergisay remain
constant or be variable over time, depending upon the vai@arametea [42]. If o
is 1, € remains constant, while i takes any value i0,1), € will reduce over time.
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— softmax: the trader is similar to angreedy trader except that it uses a softmax explo-
ration policy [42] in then-armed bandit algorithm.
Unlike ane-greedy trader, a softmax trader does not treat all mar&tter than the best
market, exactly the same. If it does not choose the best matrkesights the choice of
remaining market so that it is more likely to choose betterkeis. The parametear
in the softmax strategy controls the relative importancéhefweights a trader assigns
markets, and similar te it may be fixed or variable controlled fay.

2.3 Specialists

Specialists facilitate trade by matching asks and bids &tetohining the trading price in an
exchange market. Each specialist operates its own exchmaget and may choose what-
ever auction rules for desired performance. Specialistpamitted and even encouraged to
have adaptive strategies such that the policies changegiineé course of a game in response
to market conditions. Sectidi) 3 presents a generic franmefenrdiscussing specialists in
terms of the various policies that they implement.

A specialist can set its fees, price list, which are charged to traders and other spe-
cialists who wish to use the services provided by the spstidach specialist is free to
set the level of the charges (from zero up to some reasongpler bbounds). These are the
following:

— Registration feeg-ees charged for registering with a specialist.

— Information feesFees for receiving market information from a specialist.

— Shout feesFees for successfully placing asks and bids.

— Transaction feedA flat charge for each successful transaction.

— Profit fees A share of the profit made by traders, where a trader’s peoéiaiculated as
the difference between the shout and transaction price.

The first four types of fees are each a flat charge, and therass@ percentage charged on
the profit made by a trader. A trader pays the registrationi@fiodmation fees at most once
every trading day.

2.4 Assessment

The performance of specialists inGAT game is assessed every day on multiple criteria.
To encourage sustainable operation, not all the trading eéaly be used for assessment
purposes, despite the fact that the game has a start-daynaexdaday, and the selected
assessment days are kept secret to entrants until they baugphassed.

Each specialist is assessed on three criteria on each assesiay:

— profit: the profit score of a specialist on a particular day is givgrthe total profits
obtained by that specialist on that day as a proportion ofdte profits obtained by all
specialists on that same day.

— market shareof those traders who have registered with a specialist cartécplar day,
the market share score of a specialist on that day is the gropmf traders that have
registered with that specialist on that day.

— transaction success ratéhe transaction success rate score for a specialist onea giv
day is the proportion of asks and bids placed with that spistian that day which
that specialist is able to match. In the case where no shoefslaced, the transaction
success rate score is calculated as zero.
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connection registry
manager

Fig. 1: The architecture afcAT.

Each of these three criteria results in a value for each alietdior each day between 0 and 1.
The three criteria are then weighted equally and addedhegét produce a combined score
for each specialist for each assessment day. Scores arsutrened across all assessment
days to produce a final game score for each specialist. Thwasipewith the highest final
game score will be declared the winner of the game.

2.5 Competition platform

JCAT [24], the platform that supportsaT games, extends the single-threading Java Auction
Simulator API (asa) [30], and adopts a client/server architecture. As Elg.ldsitates,
the CAT server works as a communication hub, central time contradled data logging
facility, and CAT clients — either specialists or traders — communicate wébheother
via the server. On one hand, tleaT server takes traders’ requests, including registering
with a specialist, placing and modifying shouts, and fodgathem to specialists; on the
other hand, specialists notify tltnT server of matching shouts and, via the server, inform
traders. The behaviors of tleaT server andCAT clients are regulated by theaTt protocol,

or CATP, which is detailed in[[27]. TheAT server uses a registry component to record all
game events and validate requests from traders and speigtrious game report modules
are available to process subsets of game events, calculdteusput different metrics for
post-game analysis.

3 Components of specialists

A specialist may adopt various auction rulesAT provides a reference implementation of
a parameterizable specialist that can be easily configuré@etended to use policies regu-
lating different aspects of an auction. This section bridéigcribes a classification of those
aspects that we have derived from the policies providedday and those used by special-
ists in the 2007 tournament. This classification is an exbensf the parametric model of
[51]]. Sectior} relates these policies to ther 2007 finalists.
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3.1 Matching policies

Matching policies define how a market matches shouts madabgrs Equilibrium match-
ing (ME) is the most commonly used matching poliEy][21, 50]. Thersfimade by traders
form thereported demand and supplwhich is usually different from thenderlying de-
mand and supplyhat are determined by traders’ private values and unknanthé spe-
cialist, since traders are assumed to be profit-seeking ake wifers deviating from their
private valuesME clears the market at theportedequilibrium price and matches intra-
marginal asks with intra-marginal bids — with an intersegtdemand and supply, the
shouts on the left of the intersection (the equilibrium ppBind their traders are called
intra-marginal since they can be matched and make profit, while those on gh¢ aire
called extra-marginal Note that a shout, or a trader, that appears to be intrainzérgr
extra-marginal in the reported demand and supply may noo lie the underlying demand
and supplyMax-volume matchingvv) aims to increase transaction volume based on the
observation that a high intra-marginal bid can match wiitwveelr extra-marginal ask, though
with a profit loss for the buyer when compared with a matchragjain intra-marginal ask.
A market using this form of matching is investigated[ih [9].

3.2 Quoting policies

Quoting policies determine market quotes issued by marKefscal quotes are the ask
quote and bid quotes, which respectively specify the uppend for asks and the lower
bound for bids that may be placed imaote-drivermarket. Two-side quotirﬂ(QT) defines
the ask quote as the minimum of the lowest tentatively méiehiaid and lowest unmatch-
able ask, and defines the bid quote as the maximum of the higmeatively matchable ask
and highest unmatchable bi@ne-side quotingQo) is similar toQT, but considers only the
standing shouts closest to the reported equilibrium prime the unmatched side. When the
market is cleared continuously (see belo@d, is identical toQT.

3.3 Shout accepting policies

Shout accepting policies determine if a shout made by attrsigleuld be entered in the
market. Always acceptingAA) accepts any shouQuote-beating acceptinpAQ) allows
only those shouts that are more competitive than the carrelipg market quote. This is
commonly used in both experimental settings and real stoakkets, and is sometimes
called “New York Stock Exchangei{ se) rule” since that market adopts it. Clearly there is
an interaction between such a policy and the quote policgl byehe marketEquilibrium-
beating acceptingAE) estimates the equilibrium price based on past transaptioas, and
requires bids to be higher than the estimate and asks to lee. [®Wis policy was suggested
in [25] and found to be effective in reducing transactiorcerfluctuation and increasing
allocative efficiency in markets populated with-c traders[[T4].

Self-beating acceptingrs) accepts all first-time shouts but only allows a trader to-mod
ify its standing shout with a more competitive priges imposes a looser restriction than
AQ for extra-marginal shouts, but a tighter one for intra-nreagshouts since traders have
to beat their standing shouts which are already more cotiyeethan the corresponding

6 The name follows[T211] since either quote depends on infdomain both the ask side and the bid side.
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market quoteTransaction-based acceptirfgT) tracks the most recently matched asks and
bids, and uses the lowest matched bid and the highest maasheto restrict the shouts to

be accepted. Ineearing house auctio(CHﬂ [LQ], the two bounds are expected to be close
to the estimate of equilibrium price iRE, while in acbA, AT may produce much looser
restriction since extra-marginal shouts may steal a ddiatory-based acceptingaH) is
inspired by theGD trading strategyGD calculates how likely a shout is to be accepted to
determine what shouts to maked makes the same calculation and only accepts shouts that
will be matched with probability no lower than a specifiedetstiold. It is named after its
need for the history of shouts and transactions in the mafmiendix{A describegH in
detail as part of a simple, but powerful, market mechanisncdonpeting inCAT games.

3.4 Clearing conditions

Clearing conditions define when the market is cleared amséctions are execute@on-
tinuous clearing(CC) attempts to clear the market whenever a new shout is pl&teehd
clearing (CR) clears the market after all traders have submitted theintsh This was the
original clearing policy inNYSE, but was replaced, in the mid 1860s, by in order to
generate immediate transactions and handle increasea@slWVithCC, an extra-marginal
trader may have more chance to steal a deal and get matetashbilistic clearing(CP)
clears the market with a predefined probabilgyywhenever a shout is placed. It thus defines
a continuum of clearing rules wittr (p = 0) andcc (p = 1) being the two ends.

3.5 Pricing policies

A pricing policy is responsible for determining transaatjarices for matched ask-bid pairs.
The decision making may involve only the prices of the madcagk and bid, or more in-
formation including market quoteBiscriminatory k-pricing(PD) sets the transaction price
of a matched ask-bid pair at some point in the interval betwvibeir prices. The parameter
k € [0,1] controls which point is used and usually takes valuetd avoid a bias in favor
of buyers or sellerdJniform k-pricing(PU) is similar toPD, but sets the transaction prices
for all matched ask-bid pairs at the same point between thguste and the bid quoteu
cannot be used witivv because the price intervals of some matched ask-bid pain®ido
cover the spread between the ask quote and the bid quptécing (PN) sets the transaction
price at the average of the latespairs of matched asks and bids. If the average falls out
of the price interval between the ask and bid to be matchednélarest end of the interval
is used. This policy, introduced i ’[25], can help reducageation price fluctuation and
has little impact on allocative efficiencgide-biased pricingPB) is basicallyPD with k set

to split the profit in favor of the side on which fewer shoutssexThus the more that asks
outnumber bids in the current market, the cldser set to 0.

3.6 Charging policies

Charging policies determine how charges are imposed by @adise Specific strategies
provided in thescAT source code (and explored [n]26]) are the followiRed charging

7 A cHis another common type afa. Unlike thecDa it clears at a pre-specified time, allowing all traders
to place offers before any matches are found:His used, for example, to set stock prices at the beginning
of trading on some stock exchangEsl[37].
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(GF), which sets charges at a specified fixed leBalit-and-switch chargindGB), which
makes a specialist cut its charges until it captures a centairket share, and then slowly
increases charges to increase profit. It will adjust its gesudownward again if its market
share drops below a certain lev€harge-cutting chargingGcC), which sets the charges by
scaling down the lowest charges of markets imposed on thé@pieday. This is based on the
observation that traders all prefer markets with lower gaailLearn-or-lure-fast charging
(GL), which adapts its charges towards some desired targetvioly the scheme used by
the zIp trading strategy. If the specialist using this policy betie that the traders are still
exploring among specialists and have yet to find a good onede t the specialist would
adapt charges towards 0 to lure traders to join and stayrwigeit learns from the charges
of the most profitable market.

3.7 Traditional double auction mechanisms

The policies presented in the previous section can be cadhio easily create auction
mechanisms, including those commonly used. Without censig the charging component,
a CDA can be represented &E + QT + AQ 4+ CC + PD while acH can be represented as
ME + AA + CR+ PU.

4 Characteristics of specialists in the first TAC CAT Compettion

The firstcAT competition was held in conjunction withaal in July 2007. Tabl€ll lists
the finalists in descending order of their final rankﬁgsd identifies the auction rules we
inferred from the programs of theat 2007 competition final (held in theac repository)
against the policies we described in Secfibn 3. All spestimfior which we have data fit into
the generic double auction mechanism framework introdateye and Tab@E

We found that most specialists in the competition us&do clear markets at the equi-
librium price. 1aMwildCcAT andMertacor were the only two attempting to match competitive
intra-marginal shouts with extra-marginal shouts closth&equilibrium point in order to
obtain high transaction success ra®@3, familiar from classiccbDAs andcHs, is a popu-
lar quote policy, but its effectiveness is bound to the matgipolicy that is used with it
since different matching algorithms, suchMg andMv, can generate significantly vary-
ing quotes. Furthermore, quote policies only affect théguerance of the specialists when
AQ is used as an accepting policy. Specialists use a wide rargj®at accepting policies,
which reflects the importance of this aspect in performingdl imeCcAT games. In contrast,
only crocodileAgent andMertacor USe a clearing condition that isn’t one of the standard
policies provided i CAT.

SinceJCAT ensures that specialists impose uniform charges on aéitsadgistered with
it on a trading day, it is not possible to attract specificeérady levying differential charges.
However, about half the entrants managed to bias theimgrigolicy to promote the quality
of their trader population. Entrants seem to have congibutore effort to charging policies
than to any other aspect of auction mechanisms. Tdble 3 ficplar compares:

8 Due to technical problems, two teanTacTex andMANX, were not able to participate in all the games.
Some teams were banned from parts of some gameésSUYEAT andHavana for exceeding reconnection
limits, andCrocodileAgent, Havana, MANX, PSUCAT, TacTex, andjackaroo for invalid fees.

9 Subsequent to the analysis undertaken here, two teamsémwead on their specialis{s [29]45].



Table 1: Comparison between tbat 2007 finalists.

market matching  quoting accepting clearing  pricing chargihg
IAMwildCAT ME+MV*  QT+QO0+A AQ+AE+AS+A CR PB* A
PSUCAT ME QT) AE* cc PB* A
CrocodileAgent ME (QT+QO") AE CR* PN*+PB* GL*
jackaroo ME QT* AQ CC PN GC*'+A
Havana ME* QT AQ CC PD A
PersianCat ME* (QT) AT +A CcC PD GF*+A
Mertacor MV* (QT) AE* CR* PB* A
TacTex ME (QT) AA CR PD GB*+GC*
MANX ME QT AQ CR PD GC*+GL*

XX* denotes a policy that can be viewed as a modified or impra@égdA stands for some mechanism that cannot be related to any oBectior[ B XX) represents
a quote policy that is defined by the specialist but has neiefie its behavior due to its adoption of a nAQ accepting policy; ankX+ YY means some combination
of XX and YY. PhantAgent is not included since it is not in theac repository.

aweo ubisaq 18/eN JVL 2002 8yL

T
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Table 2: The scores of specialists in our experiments. THerdollows the ranking in the
2007 competitionHavana relies on thecPLEX library, and not having a licence faPLEX,
we were unable to include it in our experiments.

specialist score  std. dev. specialist score  std. dev.
IAMwildCAT 240.22 2.82 PersianCat  128.82 5.57
PSUCAT 209.26 12.01 Mertacor 100.11 8.57
CrocodileAgent 179.64 17.53 TacTex 166.66 8.99
jackaroo 182.80 24.30 MANX 140.09 31.03

1. How charges are updated over time. Some specialitpttheir charges while others
directly calculatethe charges that they expect to bring a certain payoff witbaplicitly
considering how they charge currently. A third choice isdmbine the two approaches
by setting charges that mogeadually from the current level to the target level.

2. Whether different types of charges are treated diffgreAbout half of the specialists
impose only or mainly registration fees and charges on profitTex charges only shout
fees.crocodileAgent, Havana andmanx, which don't have a bias towards a particular kind
of fee, adapt charges without using any heuristic knowlexfdke fee types.

3. Whether traders are identified and treated differegti@hly 1aMwildcat tracks individ-
ual traders and records information on them.

4. How much profit a trader and/or a specialist can make onageeramwildcat and
jackaroo are the only two specialists that lay down a road map for &atgesome
desired or target profitamwiidcat is the only one that tracks the absolute value of the
daily overall profit of specialists, which, when small, candxploited by the specialist
to obtain a fairly high share of the profit without imposingssae fees.

5. Whether a specialist learns from the history of chargek merformances of its own
and/or the other specialists. It is a common practice ambagspecialists for fees to
be set based on information about their competitors’ ctsagel performances, though
the lengths of history monitored vary from only the previaiay, to a sliding multi-day
window, to the full game history.

6. Whether a specialist tries to lure traders by charging ieshe early stage of a game
(start effect and/or imposes higher charges when the game is about taleadline ef-
fec!). Most specialists feature start and deadline effectigeidvantage of a definitive
game duration and traders exploring widely at the beginofregcAT game.

The characterization in Tablé 3 is a first step in establghelationship between auction
rules and auction performance. The next step is to staretttiigf the effects of these rules.

5 A white-box analysis of CAT 2007 entries

To further examine the specialists that participated indhe 2007 competition, we ran a
series of games with the same setup as in the 2007 final games.

5.1 Experimental setup

Every game in our experiment ran for 500 trading days with Heédond rounds per day.
There were 18QIp traders, 18(RE traders, 2(zi-c traders, and 2@&D traders. For each



Table 3: Comparison between the charging policies oftthie2007 finalists.

aweo ubisaq 18/eN JVL 2002 8yL

market . ;gzte fegi;yspe trader id profitability _ fee history score history :;fe;rét dzif(il(i:rt]e
traders specialists  self  others self others
IAMwildCAT =0 O g O g O O <D [0 g O
PSUCAT o= | o O | | O | O |
CrocodileAgent o O 0 O 0 (o3 (o3 (o] (o3 0 O
jackaroo =0 O O O O O O O O O O
Havana =0 O O O | 3 3 (&2 3 | O
PersianCat o= O g O g ] O g O g O
Mertacor =0 O 0 O 0 O < 0 < 0 O
TacTex =S O 0 O 0 O O < < 0 O
MANX =0 O g O g O O <D [0 g O
0 hasthisfeature [0  does not have this feature
<» slidingwindow O single day full history

o adapting =0

10 PSUCAT however does identify traders to adjust parameters in itsngr policy.

direct calculation

[e=5)

gradual learning

€T
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Fig. 2: Scores of specialists in our experiments. For key,F&el3. In all figures, the x-axis
displays the number of trading days, and the y-axis givesalevant score for each trader.

type of trader there were an equal number of buyers and sellee private values of all
the traders were independently drawn from a uniform distigm between 50 and 150, and
each trader was allowed to buy or sell up to three commodiesday. The specialists in
our games include all eight of the 2007 specialists in th@sipry on theTAC website
that we were able to run —#avana, which is in the repository, requires tle®LEX library
which we do not have access to. The game server and all thresclieere run on a single
machine, a different setup from tkeat 2007 final games where entrants ran their specialists
on machines that connected to the game server over theeht&vie used the same scoring
criteria as in the tournamerht]12] (these were briefly désctin Sectiofi214), but, unlike the
tournament, all the game days were assessed. The resulpgoasighown in the following
sections were averaged over a total of ten games and each dxatioe average of a ten-day
sliding window around it.

The scores obtained by specialists in our experiments é[3bbroadly agree with the
rankings in the tournamerit[44]. The 200A&T champion 1aMwildcaT, scores highest in our
experiments andsucat, which placed second in the competition, comes second. filye o
changes in ranking are duetecTex anduanx increasing their scores since they could fully
participate in every game. Fig. 2 shows the daily componefittse scores and Fifl 3 shows
the daily charges made.
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Fig. 3: Daily fees charged by specialists in our experimdntall figures the x-axis displays

the number of trading days.

5.2 Trader migration

The competition among specialists is reflected directlyh®yrhigration of intra-marginal
traders and extra-marginal traders. Traders migrate basedtimates of expected profits,
where the estimate for a given specialist is based on pastriexge with that specialist.
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Fig. 4: Properties of daily equilibria for individual spatists. For key, see F{g 3. In both
figures, the x-axis displays the number of trading days.

Generally speaking, the more intra-marginal traders aeddtver extra-marginal traders
in a market, the more potential profit there is, and the edtsieito make transactions and
achieve a high transaction success rate. To measure theealfintra-marginal and extra-
marginal demand and supply, we introduce erginal coefficient. For demand,

B Di +De

whereD; is the intra-marginal demand — the equilibrium — abglis the extra-marginal
demand. The marginal coefficient of supgBg, can be defined similarly3p varies between
0 and 1. A value of O indicates that all the buyers in the maaketextra-marginal while 1
indicates that all the buyers are intra-marginal. E1g:]4tews the daily value g8y for the
specialists. Sincfp provides no information on the absolute equilibrium quagrdr profit,
Fig.[4(®] gives the daily equilibrium profits in these masket

As Fig.[4{@) showsfp ~ 0.5 in all the markets when the game starts. Tignof
IAMwildCAT TacTex, andPSUCAT increases while that ofrocodileAgent, PersianCat, and
Mertacor decreases. Since a falliffy indicates losing intra-marginal traders and/or gaining
extra-marginal traders, these changes indicate thatiné@inal traders and extra-marginal
traders have different preferences over the different etark

Intra-marginal traders seem to be sensitive to matchingipsland charges, especially
charges on profit. However, they seem to be relatively inseato other charges as long
as they can still profit from trades. Fig. 4(a) shows tB@gtof Mertacor, PersianCat, and
CrocodileAgent decreases significantly at the beginning of the game andmeriwav all the
way through the game. However these decreases occur ferafiffreasons.

Mertacor has a much lower allocative efficiency than other specglsiggesting an
inefficient matching poIicE A close examination afertacor’s mechanism found that its
MV-like matching policy strategically executes extra-maagitrades so as to increase its
transaction success rate, but this leads to much lower poofintra-marginal traders in-
volved in those trades. In additiomertacor disregards the unmatched shouts every time

Bo 1)

11 During thecAT 2007 competition, some specialists announced invaliddaesome trading days, causing
them to be banned from the games for a certain period. Thiguaent to the use of a very inefficient
matching policy. Our experiments rounded their fees inéovillid ranges and avoided banning the specialists.
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the market is cleared. The traders that make these shoutisesreinable to either improve
their standing shouts or place new ones since the game dmleves they still have ac-
tive shouts. Some of these traders may be intra-margindéitsa causing unrealized intra-
marginal trades. These two issues provide sufficient refasontra-marginal traders to flee.

PersianCat andcCrocodileAgent both lose traders due to imposing high profit charges.
PersianCat Charges 100% on profit for the whole game, as shown in[Fig] ae this
drivesf3p down very quickly.crocodileAgent levies a lower fee thapPersiancat and there-
fore has a modestly decreasifig as shown in Fig_4(h). The decreaseBgfin psucaT and
jackaroo Starting from days 250-300 follows the aggressive incréaske profit fee. The
rest of the specialists have much higlifigrdespite their use of similar policiesamwi1dcaT,
for instance, though adopting a versionn¥, refrains from using it in the early rounds of
a day, which usually are sufficient to realize most intragival tradesuanx, though levy-
ing a high, yet volatile, profit fee, also levies other feetheiit bias considerations, which
together scare away both extra-marginal traders and méginal traders at an approxi-
mately same pace. I8 therefore zigzags around 0.5. The three specialists thatroa
Bp higher than 0.6 during the most time of the gam®ywi1dCAT, PSUCAT, andTacTex, all
produce allocative efficiency higher than 85%, again sugggthe importance of matching
policies in keeping a high-quality trader population.

Registration fees appear to help to filter out extra-matdiaders, and information fees
have the same effect azb andzip traders (which require such information). Hig. $(a) and
show thatraMwildcAT and jackaroo constantly impose one or both of these fees. As a
result, the numbers of extra-marginal traders in those etarfalls the most (see Fifil 5).
Shout fees also affect extra-marginal traders, but theedegf the effect depends on the
shout accepting policy used. If the accepting policy is argjrfilter and extra-marginal
traders have little chance to place shouts, they can aveiddanoney due to charges and
thus are indifferent to shout charges. Their staying withecglist therefore does not harm
to the market’s transaction success rate, and on the cgnoraly adds to its market share.
TacTex, UNiquely among the specialists, charges only shout fegsamsistently does so all
the way through the game, as shown in Eig:]3(c). This poliggtioer with itsAA accepting
policy — the weakest one possible — causes the extra-mértgaukers to leave quickly as
Fig.[H demonstrates.

Mertacor managed to attract a lot of extra-marginal traders durieditist 200 days, as
shown in Fig[h, due to its policy of not charging. Its polidyange, starting to charge heav-
ily on registration as in Fid.3(p), explains why it loses a#iall its extra-marginal traders
shortly afterwards and it8y increases significantly around day 200. Actually, highgise
tration fees irpsucat after day 150 andersiancat after day 200, are both accompanied with
a loss of market share in extra-marginal traderscodileAgent increases its registration fee
as well around day 200 but the modestly increased fee idastitr than those charged by
most of other specialists, therefore it is still popular agextra-marginal traders.

In conclusion, extra-marginal traders, as expected, flem fhose markets with high
registration fees and information fees (and high shoutifeesTex) to other markets, while
intra-marginal traders migrate from markets with high griges and inefficient matching
policies to those that do not have high charges and real@mtst potential social welfare.

5.3 Learning and adaptation in specialists

The numbers of traders registered daily with the speci&lisie profit made in the mar-
kets, and the daily charges made by the markets are all doleets specialists viaATP.
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Fig. 5: Supply and demand curves for individual markets tivee. Each graph has quantity
on the x-axis and price on the y-axis. The leftmost graphsysugply and demand on day
0, and the remaining graphs in each row are those from day$(&0),150, 300, and 499
respectively. These graphs are from the same single rureafame.

This makes it possible for specialists to learn and adajit ¢hen policies. The transaction
success rates however are unavailable unless a speaalifiing to obtain shout and trans-
action information directly from other specialists, payiany necessary fees. Specialists’
payments for this purpose are not observed during the games.
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Though specialists may adapt various types of auction ipslichanges in charging
policies are more obvious than other aspects from the dd&sctexl.manx copies the charges
of the leading markets in terms of profit share and marketesbambined, producing the
most scattered charges among the specialists throughriesghooking at its charges gives
us an approximate pattern of adaption of the other markets:

1. At the startpersiancat charges the most (though only profit fees) while most of the
others do not charge.

2. TacTex then starts to impose shout fees, but its payoff and winnogition is not sus-
tainable. Its market share declines significantly as seé&igifZ{b} around day 20.

3. Around day 50jackaroo begins to impose heavy fees of all types, and likeTex,
jackaroo’s market share decreases. Ifig. P(b) shows that before dgyd@roo attracts
more and more traders, but after that, traders flee, qui¢Kiyshand then more slowly.
Fig.[4@ [Z(0). anf 2(b) further indicate that intra-maeditraders are more sensitive
and flee faster than extra-marginal traders immediateéy dty 50, causing a plunge in
market share immediately after day 50 and an increg@inbetween days 50 and 100.
Around day 1000p starts to drop as well, suggesting extra-marginal tradege at a
slower and slower pace and intra-marginal traders contimigave.

4. From around day 85amMwildcAT, which had previously not charged, starts to charge
registration fees, as shown in Fg. 3(a), which scares awag-enarginal traders, and
Fig.[4(@) shows a significantly faster increaseBgf psucat later does the same thing
and causes an increasifig before days 100 and 168.

5. 1AMwildCAT andjackaroo, are designed to take advantage of the known length of games.
They both increase their charges to much higher levels ake image profits during the
last days of the games, thougbAT takes measures to avoid traders going bankrupt in
this situation and disregards any charges that tradersotaay. The huge daily profits
obtained, however, did not greatly increase the final saoirésese specialists since the
scoring mechanism adopted byt normalizes profits before scoring.

The comparison between the chargesuofk, which copies charges, and those of the spe-
cialists mentioned above clearly shows which have adapigid policies and become the
daily front-runners at each point.

I1AMwildCAT exhibits stable performance according to almost all dgatand is worth
further investigation. Profit share is the most sensitivérimsince fee changes may im-
mediately and dramatically cause the relative profit shareg up or down. In Fig_Z(}),
TacTex, jackaroo, andPSUCAT, one after another, increase their charges and claim big pro
shares. However every subsequent increase leads to areappesfit share drop for the
previous front-runner, including whatMwildcAT does toPSUCAT by increasing its profit
charge gradually as shown in F@E)Despite this common themejMwildcAaT is to a
great extent immune to the changes of other specialistsgekan terms of its profit share.
This should be attributed to its target-oriented chargiolicp and the direct calculation of
fees to achieve a certain target prafifrtacor takes a similar approach, but its sub-optimal
calculation method and other problematic auction ruleseurethe approach from working
well.

12 The y axis in Fig[3(@) has an upper bound of 2, and does not #i®wonstant registration charges of
10 made byPSUCAT in the second half of the game. We do this to obtain a betteergémiew, avoiding the
chargs of other specialists (usually below 2) being squkézgether and becoming unreadable. The even
higher charges by the specialists near the end of the ganmeesbown in Fig_3@{-3(}) for the same reason.

13 The increase of shout fees TacTex around day 300 may also play a role in lowerP&UICAT’s profit
share.
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Fig. 6: Daily mean demand prices.

5.4 Discussion

Matching policies: If a high transaction success rate is desirable, then djstsihave to
explicitly take this into account, for example by matchinga-marginal and extra-marginal
shouts, as1v does. However, caution should exercised when using\aiike policy.

MV may cause intra-marginal traders to lose profits and in a etitiye situation may
lead them to prefer nortv markets. This is exactly what happeneddetacor. In addition,
the extra-marginal trades may lower market efficienaywildcat’s matching policy is a
mixture of ME and anMv-like policy. It uses the former in the first few rounds and the
latter in the rest of the day. Fif._2]d) shows thatwildcaT obtains high transaction success
rates, very close or equal to 100%, after day 150 when theaststarts to use thev-like
policy for more rounds in a day. As a consequenaeyildcAT's efficiency has a striking 5%
drop. UnlikeMertacor, 1AMwildcAT did not show a loss of intra-marginal traders when it did
this. This is because most of the intra-marginal tradedettan the early rounds of each day
— when themv-like policy was used, most of the traders still shoutingevextra-marginal
traders, few shouts made by these traders can pass thelispisgaout accepting policy,
and these limited extra-marginal shouts did no great hartheéagemaining intra-marginal
traders.

Since traders are profit-seekingy-like policies can actually increase market allocative
efficiency in some cases. For instance, a greedy intra-margiader may make an extra-
marginal shout, which, whemE is used, will not be matched and therefore add to the
number of unrealized intra-marginal trades. Whew is used, this extra-marginal shout
can be matched by an intra-marginal trader, and the effigitrss can thus be reduced or
avoided. However, a§][9] point out, such a matching policy mat gain much in volume
and may be much less efficient.

Shout accepting policies:Shout accepting policies have a direct impact on the effectiss
of other auction rules. An open shout accepting policy @acheavy burden on the match-
ing policy. When the matching policy is also ineffectivetraamarginal traders fail to profit
and tend to leave. In contrast, if the shout accepting pdiitgrs out most extra-marginal
shouts, a simple matching policy can work well.
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For examplegrocodileAgent andpersiancat have similar trader populations in terms
of competitiveness as shown in Fis-#{3d), 5, 6(a), amylltbth use the1E matching
policy. However, they produce significantly different sheets as shown in Fif_6{b) and
transaction success rates as illustrated in[Fig] 2(d). i$tse to theAE accepting policy in
CrocodileAgent, Which is much more effective than the policyHérsiancat.

In addition, AQ, the common shout accepting policy, may leave the door wjzks
at the start of days. IcAT games, shouts automatically expire at the end of a day. This
resets the market quotes AQ and loses valuable information from the previous day on
the underlying demand and supply schedules, which do natllyschange dramatically
over days. This may explain whyckaroo anduany, the twoAQ markets, with higher mean
theoretical demand prices in Fg.g(a) and better shapecoérand supply as shown in
Fig.[ than those irocodileAgent, produce bid sets with lower mean prices as in [Fig;]6(b)
and lower transaction success rates.

We believe a good shout accepting policy in the curgexit game setting should be able
to reflect the collective properties of traders and carrg Kmowledge from day to day, as
the history-based policxH does. We expect most specialists would be better off using
and later in the paper we present some experimental evidbatsuports this suggestion.
PSUCAT’S customizedAE is another potential policy. The mean theoretical demaikpn
the psucat market jumps around day 100 in F[g-8(a), gBiifollows in Fig.[4{@), but this
did not cause the mean bid price in Hig-§(b) to climb as wetjdating the effectiveness
of its shout accepting policy, which successfully prevdrggtra-marginal traders placing
shouts.

Market share versus profits:In CAT games it is common for specialists to find that increas-
ing fees can boost profits but gradually lead to loss of mastate. If market share falls too
low, however, such profits cannot be sustained. In conti@stcharges help to gain market
share but harm profits. If a charging policy is properly desi it may keep both measures
at suitably high levels. Imposing small, flat, fees, aftereng has been running for a while,
may not have much negative effect on market shares if the gegmaation of a specialist
has been established and the traders continue to make atpabfis much higher than the
fees. In this way, on the basis of a big market share, smallrfesgy still bring a considerable
amount of profitzaMwildcAT demonstrates this.

Bias towards different types of fees in charging policies e#so benefit specialists.
For example 1aMwildcAT and PSUCAT use registration fees to drive extra-marginal traders
away. Reducing the number of extra-marginal traders malessy for the remaining trader
population to find partners, and for the specialists to obtégh transaction success rates.
However as discussed in Sectionl5.2, a powerful shout @ogepblicy may make this
unnecessary or even harmful, since such a policy may filtemast extra-marginal shouts
and avoid their negative effect on transaction success.rdféh a strong shout accepting
policy and without charges on registration and informgteomarket actually becomes a free
place for extra-marginal traders to stay. If other marketfgase these charges, these traders
are sure to be willing to stay with a market that doesn’t ceaend hence boost market
share.

Targeting charges: Specialists in the competition adapt their daily chargéemintly, as
shown in Tablgl3. Some do this by setting specific performaacgets, determining these
targets from estimates of the expected actions of otherasts, while others increase or
decrease their current charges without setting targetsodetimg the effect of the changes.
IAMwildCAT, for instance, determines a reasonable portion of the prasires to make via
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registration fees, and calculates its registration feeofit fee by taking into considera-
tion the average profit a trader has been able to make in itketadn contrast, parameter
values and charge levels of most other specialists are etbcather arbitrarily. As a result,
IAMwildCAT has a stable performance in the face of changes by otheasipei

Several specialists are reactive, copying the fees that,offell-performing, specialists
chargemanx in particular does this. This approach is problematic fov teasons. First, it
is usually based on a short-term assessment and may notizgtine long-term outcome.
Second, copying a winning specialist may not be a winningtagy. The effect of fees is
closely linked to the other auction rules that specialistspa and the properties of their
trader population at that momenf]2@hnx’s follow-the-leader approach demonstrates im-
pressive performance during the early part of a game whetrdder populations in all in-
dividual markets are quite similar. However it fails to le¢adh similar outcome after traders
have converged to prefer different markets.

6 A black-box analysis of CAT 2007 entries

The above white-box analysis is feasible only when the ivaiestructure of each specialistis
known, and can only be conducted in very limited situatiogsause it requires a thorough
manual examination of game dynamics. A black-box analyissdracts away the internal
structure of the specialists and many details of the dynsuhicing the interaction between
specialists, making it possible to consider many more sttogs. However, an exhaustive
black-box analysis may still involve high complexity. Thésdue to the fact that a game may
have an arbitrary number of entrants and an arbitrary numﬁmecialis@. The results of
n-entrant,m-specialist games may not necessarily agree with the sestilh+ 1)-entrant,
m-specialist games, arentrant,(m+ 1)-specialist games. For instance, entriaieatingB
in a bilateral game does not necessarily imply #hatould still beatB when an additional
entrantC joins the game, no matter wheth@ruses either of the specialists usedAnnd
B, or a third, new specialist. This suggests, for examplé, tti@replicator dynamics fields
reported in[[3R] based on 6-agent auction games &rin [1&das 6-agerntAc sCMgames
are likely to change when a different set of game profiles aeelu

To further explore theAT 2007 entries, we ran two more sets of experiments — multi-
lateral simulations with games involving all the specialiand bilateral simulations with
games each involving two specialists. In some of these @rpets, we considered an ad-
ditional specialistyetrocat. MetroCat iS aCDA market using thaH shout accepting policy,
and a detailed description of the implementation is pravicteAppendi{A. Since we de-
veloped the competition platformgtrocat was not an entry in the competition, but it was
included in thesCAT source code provided to entrants to the 2007 Market Desigreda
support the development of their specialists (rather adrédeprovided a description of
“Tit for Two Tats” to entrants in the initial Prisoner’s Ditema tournamen{]1]). Here we
UseMetroCat as a benchmark in our post-tournament experiments. Noteheanclusion
of MetrocCat iS the only substantive deviation that our experiments nfietka the format of
the Market Design game as it ran in 2007. We do not, for exancplesider more entrants
than the eight considered above (aside from introdugingocat) and we concentrate on
situations in which each entrant uses a different spetidligs is because our aim here is
to learn more about the competition rather than to perforrexdraustive analysis of ways

14 Each entrant has a choice of developing a new specialistusing one from the repository so there
could be less distinct specialists than entrants.
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the competition might have unfolded and because an exkauwstialysis was not feasible
since each game runs for around five hddrs full understanding of theAT game would,
however, require such an exhaustive analysis.

6.1 Multi-lateral simulations

Inspired by ecological analyses liKe [1] 36] — in which moopies of successful special-
ists, and less copies of unsuccessful specialists are rueafth successive game — but
constrained by the number of specialists that we could hawesingle game, we ran the
following experiment. One copy of each of the specialistfrthe 2007CAT competition
was run for the full five hundred days of the game. The spetgin this game we consid-
ered to be the first “generation” of the analysis. We then raacnd game, with a second
generation of specialists. This second generation stiltained one copy of each specialist,
but each was run for the fraction of the 500 trading days ptapwl to the score of that
specialist in the first generation (as a fraction of the tetake). A third generation was then
run in which each specialist was run for a number of tradingsdhat matched the score
that specialist obtained in the second experiment, and so on

Fig.[7(@ an(7(B) show the result of this simulation. Théritistion on the y-axis shows
the proportion of the total number of trading days for all keds that are allotted to each
market, indicating how this evolves in populations withantl withMetrocat respectively.
Fig.[7(@) shows that withoutetrocat:

— the results of this analysis agree with the results repont¢23], again confirming that
IAMwildCAT Was the strongest entry in the 2007 competition; and

— the days allotted t@®ersiancat shrink more slowly than those allotted to other los-
ing specialists. This agrees with the results of bilatesasthgs betweemnamwiidcat and
persianCat (described below) and suggests thatsiancat was a strong entry, stronger
than its overall position suggests.

Fig.[7(b] shows that witfietrocat:

— Metrocat quickly dominates the other entries, doing so faster thaii1dcat in Fig.[7(a),
so that by generation 8 onlgtrocat has any trading days; and

— the cAT 2007 championyaMwildcAT, loses trading days faster than other entries af-
ter generation 1, indicating some weakness in its desigmvdm@ng an opponent like
MetroCat.

In both cases, one specialist quickly comes to dominatettier®

6.2 Bilateral simulation

One-on-one games allow us to examine in detail the stremgthvaakness of each specialist
when it faces different opponents. We ran 81 one-on-one gatimat is one for every pair of
the nine specialists we have been considering, includétgocat and including nine self-
play games. Tabld 4 shows the resulting payoffs of spetdatistheir average daily scores
— in thesecAT games. Each payoff is averaged over ten iterations and éniryis the
payoff of specialist in the game against specialistThus in a game betweertrocat and
IAMwildCAT, MetroCat SCOres 071 andIAMwildCAT scores (B9.

15 Irrespective of the hardware — the length of each tradingisldyard-coded at a constant that permits
each specialist to take time to perform possibly complexmaations — any reduction in this time would
potentially distort the results by preventing some sp&t&from performing as designed.



24 Jinzhong Niu et al.

l j l v v
™ 9 ——CrocodileA
—o—CrocodileAgen rocodileAgen
i —<—|AMwildCAT
— |AMwildCAT e MANX
* A 09 ——Mertacor
—-Mertacor
-+ MetroCat
——PSUCAT
0.4 —+—PersianCat 0.4 —+—PSUCAT
- ' ——PersianCat
—4&-TacTex
——jackaroo —A—TacTex
——jackaroo

oY
(=)
o

0 2 4 6 8
(a) WithoutMetroCat (b) IncludingMetroCat

Fig. 7: Ecological simulation af AT 2007 entries based on multi-late@tT games. In both
graphs the x-axis gives the number of generations, and tasygives the proportion of
each kind of specialist.
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Fig. 8: Ecological simulation oEAT 2007 entries based on bilater@hT games. In both
graphs the x-axis gives the number of generations, and tbasygives the proportion of
each kind of specialist.

Fig.[@ compares these payoffs pictorially using a polar divaite system. Each plot
shows the nine specialists evenly distributed on the outele¢ the radial coordinates of
the nine vertices of the solid-line polygon represent amgiseecialist’s payoffs against all
nine specialists, and the radial coordinates of the ningcesrof the dashed-line polygon
represent its opponents’ payoffs in these games. The Bodgzolygon and the dashed-line
polygon overlap on the vertex that corresponds to the dajf-game of the particular spe-
cialist. For example, in Fi-9(a), the solid-line polygampletely encloses the dashed-line
one, meaning thatetrocat scores more than all the other specialists in bilateral aimp
tionsfH In Fig.[B{] the solid polygon lies within the dashed polyggiowing thatertacor

16 MetroCat maintains a better balance than thaga 2007 entries between market share and profit share
by keeping extra-marginal traders and preventing them fitaming uncompetitive shouts.
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Table 4: The payoff matrix of bilateralAT games betweeaAT 2007 entries andetroCat.
Each row gives the average daily score for that specialigiaimes against all the other
specialists, and in self-play.

specialist Metro IAM PSU jack Croc MANX Tac Pers Mert

MetroCat 065 071 075 078 082 075 086 078 0.89
IAMwildCAT 059 066 072 068 077 071 080 061 0.76
PSUCAT 054 057 062 055 070 061 064 074 0.83
jackaroo 048 059 070 063 075 071 078 0.69 0.86
CrocodileAgent 0.44 052 0.54 0.51 0.49 0.46 0.62 0.59 0.73
MANX 054 059 061 058 051 064 072 062 0.69
TacTex 034 041 057 043 063 054 055 061 0.72
PersianCat 043 062 052 059 070 067 064 064 0.77
Mertacor 027 038 029 032 051 040 045 047 0.55

loses every bilateral game. The two polygons for all othecglists intersect, indicating a
more complex relationship between them.

Both Fig.[9(B) and 3(h) show thatmwildcat, the CAT 2007 champion, surprisingly
loses, albeit narrowly, againsérsiancat, Which placed sixth in the competition. This pro-
vides an explanation for the fact that in F[g._f(a) the dayspt@siancat shrink more
slowly than those for other specialists — it does well agaihe increasingly dominant
TAMwildCAT. IAMwildCAT lOSing toPersiancat along with the defeat tersiancat by PSUCAT
andjackaroo, suggests thatmwildcaT has some particular weakness that is taken advantage
of by persiancat. Other discrepancies, when compared to the results of tbé @dmpeti-
tion, includejackaroo (which placed fourth) winning oversucaT (second) an@rocodile
(third). These may be significant, or may be caused by diffeze in the configurations for
PSUCAT andcrocodile Used in the simulations ar@ht 2007 games.

The payoff table for the bilateratAT games can be used to approximate ecological
dynamics for populations involving more than two spectali¥he payoff of each special-
ist for a certain population mixture is computed as the etquepayoff for this specialist
assuming that each specialist obtains the payoff it woule lebtained had it competed
one-on-one with each of the other specialists in the mix.ddribis assumption, Fif. 8a)
and[8{®) give the results for another version of the ecoldggperiment described above.
We start by considering a population that is evenly split agso the different specialists
from cAT 2007. From this, we estimate the payoff to each strategyisfitist “generation”
assuming that, as if[1], every copy of every specialistpkyery other copy of every spe-
cialist in the population. In other words the payoff to spdist A in a game with specialist
B andC is computed from the payoffs thatgains in bilateral games againstB andC in
turn (given in Tabl¢W), weighted by the proportionAfB andC in the population. These
payoffs are then used, again, aslih [1], to establish thegptiops of the specialists in the
next generation.

By analogy with a two-player normal-form game in which botayers choose to play
like one of the nine specialists, we say a specialshinatesanother if the payoff obtained
by the former is better than the payoff obtained by the ldtteevery specialist that it might
face. We can use this notion of dominance to analyze thetsestithe bilateral games.
Our goal here, as is usual in normal-form games, is less ttifsiehe an overall domi-
nant specialist than to reduce the number of specialistsonsider by iteratively removing
dominated sprecialists. We can then investigate the velatrength and weakness of the
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(g) MANX (h) PersianCat (i) Mertacor

Fig. 9: Payoffs of self and opponents in bilatecaT games. On the outer circles starting
from polar angle 0 lists the nine specialists anti-clockwis@ersiancat (0°), MANX (40°),
jackaroo (80°), IAMwi1dCAT (120°), MetroCat (160°), PSUCAT (200), CrocodileAgent (240),
TacTex (280°), andumertacor (320°). The radial coordinates of the nine vertices of the solid-
line polygon represent a given specialist’s payoffs adafisine specialists respectively,
and those of the dashed-line polygon represent payoffsafgponents. The overlapping
vertex of the two polygons in each plot is the self-play garfnie particular specialist.

undominated specialists at a lower computational Ebsve can easily see thattroCat

17 Imagine that a specialist may not be the best in a competitionits designer may still want to improve
it rather than simply adopting the winning strategy desigbg others. This reduction based on dominance
may help to zoom into those match-ups that are most worthyarheation, perhaps through a white-box
analysis.
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Fig. 10: Replicator dynamics fields for each set of three igfists from PersiancCat,
jackaroo, IAMwildCAT, andPSUCAT.

dominates all the other specialists whilatacor is almost dominated by all the rest except
for CrocodileAgent. If we eliminate the dominatingetrocat (which, of course, was not in
the 2007 competition) and any specialist that is dominatedtbeast one specialist other
thanMetrocat, we end up wittPersianCat, TAMwildCAT, PSUCAT, andjackaroo.

For each set of three specialists out of the four, we carnigddeuristic strategy anal-
ysis like that in [32.4l7], and Fi§_10 shows the four replicadynamics fields that result.
To create these plots, we used TdHle 4 to compute the payodfaicth specialist type in a
certain population mixture in the same way as in the ecoldgienulation above. Fifl. I0{a)
and[I0({d) show an unstable equilibrium betwegnsildcAT andPersiancat. Without con-
sidering this equilibrium and the pure profiles, all otheofjjes lead to a homogeneous

population —rAMwildcaT in Fig.[I0(@)[I0(), anf I0{c), aneckaroo in Fig.[I0(d].

6.3 Discussion

There are several observations to make about the resulie dlack-box analysis. The first
is to note the similarity between the results of both the Rateral and bilateral simula-
tions and the results of the 2007 Market Design game. Whigagot so surprising for the
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multi-lateral simulation, since it quite closely followset format of the competition, it is in-
teresting that the bilateral simulation, which can’t cagtany multi-way interactions, makes
broadly similar predictions identifying the winner andehrof the top four specialists in the
competition. Comparing Fifl- 8{a) with F[g._7(a), and Ei@B4ith Fig.[7(B], shows in addi-
tion that the ecological simulations based on multi-ldtgeenes converge much faster than
those based on bilateral games (the scales on the x-axig@réifferent in the two sets of
plots). This may be explained by the fact that bilateral gagiee strategies a chance to ben-
efit from the ability to perform well against specific oppotgnvhereas in the multi-lateral
games they have to be good against all opponents in ordentivesuConsidering where the
results diverge, neither bilateral or multilateral sintigdas identifycrocodileAgent (Which
came third) as a strong specialist. In additiesycaT performs much worse in the bilateral
simulations than in the multi-lateral simulations, whjlkexaroo does the opposite. These
discrepancies indicate that, as one might expect, diffeyame setups may lead to very dif-
ferent results. However, our results may be helpful to ifetite weakness in specialists by
looking at the particular scenario in which a specialistqens poorly.

It was with this in mind that we carried out a heuristic stggtanalysis for the strongest
specialists, and this leads to our second observation. i@igy Fig[ID, is is clear that
IAMwildCAT Virtually dominates in the 3-specialist scenarios we adgrs{the only point that
is not in the basin of attraction is the mixed equilibriumvieeéniAMwi1dcAT andpPersianCat)
while jackaroo dominates in competition witkersiancat andpsucaT. However, there is also
a hint of more complex behaviors. The mixed equilibria in. fig{@) anq"I0(§) suggest that
PersianCat may have a means of exploiting some aspectsuefildcaT, while jackaroo IS
not quite strong enough to overcomewildcaT. These results are particularly suggestive
sincepersiancat won the 2008 Market Design game ajudkaroo won the 2009 garﬁ

The third observation is that the bilateral and multi-latgzames can be viewed as two
ends of a spectrum ofAT games with the heuristic strategy analysis filling in some of
the points in between. However, despite the similaritietharesults, we are a long way
from having a full understanding of specialist behavioioasrthe spectrum. As the heuristic
strategy analysis shows, even if it is reasonable to basealysis on the results of bilateral
games (as we did) we may find unexpected equilibria like tledvéenpersiancat and
IAMwildCAT. We suspect that such results are more likely in a fullenesis| like that carried
out for theTAC scmin [A8], in which we consider a full heuristic strategy arsyon more
entrants with multiple copies of specialists, and whereoffayare based on full multi-lateral
games. This is work we hope to carry out (though, as mentiabede, this will require very
large computational resources).

Finally, we observe that the same idea of estimating thdtrebn-player games from
the results of 2-player games, where each player has a fix@dechf somewhat complex
strategies, may be found in[118]. This paper shows that anoajpation based on linear-
programming works well in games between trading strateigiea double auction. We in-
terpret our results as suggesting that such an approximagiproach may work for theat
game, but that the discrepancies we observed between #ierblland multilateral games
means additional simulations will be necessary to obtairenascurate approximation. In-
deed, the problem considered In]18] can be extended intora general one — how can
we build an approximation to the payoff table feplayer games based on a set of complete
or partial payoff tables each for games involving no morenthglayers. Suppose, inm&
player game, each player may choose one sifategies. There are thus a totalGjf s ;
possible match-ups. If each match-up is simulated, a heupayoff table would become

18 Though we have not yet been able to determine how much théatipescchanged in the interim.



The 2007 TAC Market Design Game 29

available to generate a replicator dynamics field fordb&ategies, where possible equilib-
ria can be identified as well as the relative strength of etrelegyy. If theC}, ;| match-ups
be viewed as th€}, ¢, discrete points along the dimension denoteg/és, s). The general
problem then becomes to run enough simulations for poiritsaer dimensions —2(2,s)
for 2-player games i [18] — so as to approximate the resaltshfe C3 points along

n+s—1
2(n,s).

7 Summary and Conclusions

This paper reports a post-competition study of the entramtie 2007TAC Market De-
sign, orCcAT, competition. This work has made several novel contrilmgito the study of
electronic markets, and to the design and analysis of markehanisms.

First, this paper provides a more extensive assessmerg petformance of the entrants
than was possible in the competition itself. Each competiggame ran for around 8 hours,
and given the technical problems experienced by both argesxand competitors, this meant
that it was only possible to run two games during the thres déyhe competition, and not
all games involved all competitors. Running more games aaoldding all the competitors
gives more definitive results, and confirms the superioffitsamiidcaT that was seen in the
actual tournament. The various bilateral and multi-ldter@ulations we have undertaken
have also revealed weaknesses of some specialists in sioigosis, for instance, the defeat
of 1AMwildCAT by PersiancCat in bilateral games, and the poorer relative performance of
jackaroo in multi-lateral rather than in bilateral games.

Second, this paper provides the first classification of ttegegjies used by 2007 Market
Design competition entrants, and the first comparison okffexts of these strategies in a
rigorous, systematic experiment. While there are many regperiments to be run before
we fully understand the comparative strengths of the giirmsewe believe that these aspects
of the paper will be of help to future entrants in the com it

Third, the paper explores the implications of the desigrhefvarious components of
double auction mechanisms, in particular the interactietwben the component policies,
and their effect on auction performance. We hope that this gfethe paper will help to
guide future research on the design of double auctionseast in suggesting new market
designs that involve new combinations of component pdicie

Finally, we looked at the performance of the speciadist-ocat, which uses a history-
based shout-accepting policy derived from@tetrading strategy. Runningtrocat against
other specialists suggests thatrocat would have done well had it been entered in the 2007
competition. This, in turn, suggests the importance of tecsic shout-accepting policy
that is at the heart afetrocat, as well as indicating that the shout-accepting policy is an
important consideration in the design of a market mechanism

The success of such a simple specialistasocat also suggests that there is significant
room for improvement in the entries to the 2007 competitind this supported by other
results that we do not have room to describe here (for examgeme of the trial games,
entrants struggled to beat classic double auctions withd fetearging policies). We have
now had two further years afAT competitions, and in the future we aim to analyse the
improvements in specialist performance over those comipedi and to identify the causes
of those improvements.
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A MetroCat: A simple, but powerful, design for CAT games

We developedietroCat, a market mechanism that instantiates the parameteriaetefvork in Sectiofll3,
based on several insights about ttyer game. In particular:

— ltis crucial to maintain a high transaction success rateesthis rate is not immediately affected by the
performance of other markets in contrast to market shargeofd share. Thus a strong shout accepting
policy, which only allows those shouts that are likely to amatvith other shouts, is desirable.

— Registration and information fees should be avoided, fes¢tfees cause losses to extra-marginal traders
and drive them away. Keeping extra-marginal traders in thekat allows them to contribute through
their impact on market share.

— Moderate charges on shouts, transactions, and trader pnbfiimpact intra-marginal traders, and be-
cause of this they still stay with the market as long as theyroake a considerable amount of profit
through transactions after covering fees.

These insights led us to develocaa-based market mechanism, which uses a history-based stiout a
cepting policy, denoted asH. AH is based on theD trading strategy[[13]cD selects a price that maximizes
the expected payoff, assuming that, for a given ask ice

— if another ask pric& < awas offered and was not accepted by a sedi@vpuld not be accepted either;

— if another ask pric& > awas offered and accepted by a seléewould have been accepted as well; and

— if a bid priceb > awas offered in the markes would have been accepted.

Based on these assumptions, the probabilits loéing matched is calculated as:

Ya>aMA(d) + 5 4-aB(d)

PI(8) = S TaMA) + 34-aB(d) + Sa-aRAD)

where

— MA(d) is the number of asks with pri@kthat have been matched;

— RA(d) is the number of asks with priakthat were not matched; and

— B(d) is the number of bids with price.
It is not realistic to keep a full history of shouts and trast&ms, soGD maintains a sliding window and only
considers those shouts and transactions in the window. Gufike this,Pr(a) is a monotonic decreasing
function, since the higha s, the lowerPr(a). It is also assumed that when= 0.0, Pr(a) = 1, and there is
a certain valuel,, whena > u,, Pr(a) = 0. The probabilityPr(b) of a given bid being accepted is computed
analogously.

AH uses exactlyPr(a) andPr(b) to estimate how likely a shout would be matched, and only gtsce
those shouts with a probability higher than a specified HolesA € [0,1]. When itis close to 1, the restriction
may become too tight for intra-marginal traders to be abfddoe shouts in the market. When it is close to 0,
the restriction may become so loose that extra-margindétssare able to place shouts that do not stand much
chance of being matched. The former would cause both theathankl the traders to lose part of the expected
profit and lead those traders to leave, and the latter wouldeca low transaction success ratetroCat
usesA = 0.5, which we found to be optimal for a game configuration sintiblec AT 2007.

In addition toAH, MetroCat uses a simple charging policy that imposes low, fixed feeshmuts,
transactions, and trader profit, and no charges on registrand information. The fed$etroCat imposes
on shouts, transactions, and trader profit are respectivé|y0.1, and 10% during the post-tournament exper-
iments described in Secti@h 6.

As described abovejetroCat was supplied to all entrants to the 2007 Market Design gam&nas
example specialist that was part of tieat package. Given the performancefeftroCat in our experiments,
it seems that had any entrant used it, even without modificathey would have won.
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