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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 nthemics 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 wasis part of the Trading
Agent Competition[[44] 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[Ai&;20]. There have been
several different games, but up until 2007 competing ingfggsmes had involved designing
an agent that could bid effectively and make profitable &atisns — the researchers who
entered the games were, naturally, interested in how beft this bidding. Our research,
in contrast, is more concerned with the design of marketshichvtrading agents interact,
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and we introduced the Market Design game to encourage otsgathis area. The game
was certainly successful in attracting entrants, and weamaelxciting competition, but, as
discussed below, there is not much that one can learn frorgdhee itseltl The value of
the competition is that it gives rise to a set of strategias¢han be subsequently analyzed to
extract general conclusions about how to approach probligmhose 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, anaimsaction volume. Well-designed
auctions result in desired economic outcomes and are wiggdyl in solving real-world
resource allocation problems, and in structuring stockfahges exchanges. As a result,
the field of auction mechanism design has drawn much attemiagecently years from
economists, mathematicians, and computer scieristg][.3, 1

In traditional auction theory, auctions are viewed as gaof@éscomplete information,
and traditional analytic methods from game theory have Iseenessfully applied to some
single-sided auctionsvhere a single seller has goods for sale (or a single buysredeto
purchase goods) and multiple buyers bid for the goods (tersedffer the goods), and some
simple forms ofdouble auctiongDAs), where there are multiple sellers and multiple buyers
and both sides may makéfersor shouts

However, as, for example, Friedman [8] has pointed pas, particularlycontinuous
double auctions{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. Smith1[40] pioneered this fiettlshowed, through a series of
experiments with human subjects, that ewams with just a handful of traders can give
high allocative efficiency and quick convergence to the tégécal equilibrium. Software
agents armed with various learning algorithms and optitiirdechnigues have been shown
to produce outcomes similar to those obtained by human stsbjg[14], are capable of
generating higher individual profits][6], and can be usedfae the properties of auction
mechanismg[53].

In parallel with the automation of traders, computer sé&sthave started to explore
the automated design of auction mechanisms. Thus, Clifé¥#]ored 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 Phelp®t al. [35] 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 ins@ation price, confirming
the mechanism through an evolutionary exploration. PaatideStone [28] suggested a self-
adapting auction mechanism that adjusts parameters innsepo past results.

Although these evolutionary or adaptive approaches imvalytomatic processes, they
make use of an array of candidate auction rules or pararmabdei frameworks that are

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

2 A cDA is a continuousA in which any trader can accept an offer and make a deal at amgydiiring
the auction period.
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initially conceived by humans. Moreover, the result of anletionary exploration or an
adaptive process, may depend on the quality of the candsddttions which the process
starts with — this was certainly the experience we had’in §82] [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 cosgpaof auction mechanisms in
different proprietary settings which differ in terms of tiiformation available to traders,
computational resources and so on. As a result, mechanigdifficult 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 @@t address, that is the fact
that all the work we were aware of considered single auctiopsrating in isolatiof. In
contrast, not only do traders in an auction compete agaaw ether, real markets face
competition from other markets [39] and we wanted the Mabketign game to reflect this
kind of interaction. The format of the game we came up withsisalows. 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 ant 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 the AT gameﬂ

1.2 Strategy evaluation in competitive games

Trading competitions like AT have been an effective tool in fostering innovative apphneac
and advocating enthusiasm and exchange among resea#2gf9][ 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 sgigis 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 wesdamexplore it[[41].

There are two common types of approaches to post-competitialysiswhite-boxap-
proaches antblack-boxapproaches. A white-box approach attempts to relate tleeniait
logic and features of strategies to game outcomes. In thea&@nDouble Auction Tourna-
ment and post-tournament experiments [37], a thorough ieedion 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’si@puter Prisoner’s Dilemma Tour-
nament[[1], 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 conftjdtiterests.

3 Even work like [2.36] that compares two kinds of auction Isait the properties of each kind of auction
operating in isolation.
4 Itis also the case that “catallactics” is the science of arges.
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A black-box approach, on the other hand, considers stegegg 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 stgatg@erforms relative to the whole
population in averagé [11]. Walgt al. [47] 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 inahdonm. What's more, a tech-
nique calledperturbation analysiss used to evaluate whether a strategy can be improved
further. Phelpset al. [31/32] successfully applied this approach in acquiringettey trad-
ing strategy fomA markets. Jordaet al. [16] took a similar approach to the evaluation of
entries in therac Supply Chain Management Tournamesc (/) and other game& [17].

1.3 Our contribution

This paper makes three main contributions. After a brie€dpgon of the game, it provides
a classification of the entries based on their internal assignd uses this classification to
compare these entries. Since all the entries are doubléauunarkets, this classification
is a refinement of the classification presentedin [52]. Th@epéhen presents a white-box
analysis of those entries to 20@AT competition CAT 2007) that were available in the
TAC agent repositorE,and attempts to relate market dynamics to the auction ruleptad
by these entries and their adaptive strategies throughaf pest-tournament experiments.
Finally, the paper performs a black-box analysis on the sshef specialists, examining the
relative strength and weakness of the specialists in deseeaarios, demonstrating some
vulnerabilities in entries that placed highly in the conitpen.

This paper combines, revises and extends [22] [23], riticpar 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 titks, or milliseconds. Each game involves traders, which bualy an
sell goods, and specialists, which provide markets forahgsods, enabling the trade. All
traders and specialists are required to check in with theegserver prior to the start of a
game, and the list of all clients are broadcast to each ciftaetwards.

Before the opening of each day, the specialists are requiredhnounce their price
lists, which are then forwarded to all clients by the gameveserAfter a day is opened,
traders can register with one of the specialists (and onb specialist). Their choice of
specialist depends on both the announced fees for that uleaido on the profits obtained in
previous days. Traders will tend to choose specialists avttay expect the highest profits.
After a day closes, information on the profit by each spestiaind the number of traders
registered with it is disclosed, which allows specialistatapt or learn to improve their
competitiveness and eventually obtain higher scores.

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

5 http://www.sics.se/tac/showagents.phpl
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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 spsiciahy 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 henglensaction price that is set
must fall in between.

2.2 Traders

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

2.2.1 Trading strategies

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

— z1-C (Zero Intelligence with Constraint): a simple strategy][ihich picks offers ran-
domly but ensures the trader does not make a loss;

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

— zIP (Zero Intelligence Plus): a stratedyl [5] that adapts itfiproargin by using the
Widrow-Hoff algorithm [50] to remain competitive in the nkat based upon informa-
tion about shouts and transactions; and

— GD (Gjerstad and Dickhaut): a sophisticated strategy [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 andrRE 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;

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

solves using as-greedy exploration policy [43]. Aa-greedy trader takes daily profits
as rewards when updating its value function.
An e-greedy trader chooses what it estimates to be the best maitkeprobability
1-— ¢, and randomly chooses one of the remaining markets otherg/imay remain
constant or be variable over time, depending upon the vaki@arametea [43]. If o
is 1, e remains constant, while & takes any value i0, 1), € will reduce over time.



6 Jinzhong Niu et al.

— softmax: the trader is similar to angreedy trader except that it uses a softmax explo-
ration policy [43] in then-armed bandit algorithm.
Unlike ane-greedy trader, a softmax trader does not treat all mar&#tsy 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 parametar
in the softmax strategy controls the relative importancéhefweights a trader assigns
markets, and similar te it may be fixed or variable controlled ly.

2.3 Specialists

Specialists facilitate trade by matching asks and bids atetchining 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 changagtine course of a game in response
to market conditions. Sectidd 3 presents a generic franmefeordiscussing 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 reasongpker bounds). 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 peoéiticulated 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 edy 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 baugohssed.

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 ofdts profits obtained by all
specialists on that same day.

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

— transaction success rat¢he transaction success rate score for a specialist onea giv
day is the proportion of asks and bids placed with that sfistian that day which
that specialist is able to match. In the case where no shoetglaced, the transaction
success rate score is calculated as zero.
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Each of these three criteria results in a value for each aligtdior 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. Thwadipewith 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 gAsA) [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, tkeaT server takes traders’ requests, including registering
with a specialist, placing and modifying shouts, and fodgathem to specialists; on the
other hand, specialists notify thtnT server of matching shouts and, via the server, inform
traders. The behaviors of tleaT server andCAT clients are regulated by theaT 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 sgeigtirious game report modules
are available to process subsets of game events, calculdteuput 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 bridégcribes a classification of those
aspects that we have derived from the policies providedday and those used by special-
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ists in the 2007 tournament. This classification is an extensf the parametric model of
[52]. Sectior # relates these policies to ther 2007 finalists.

3.1 Matching policies

Matching policies define how a market matches shouts madedgrs.

Equilibrium matching(ME) is the most commonly used matching poli€yl[21,51]. The
offers made by traders form theported demand and supplwhich is usually different
from theunderlying demand and supptlyat are determined by traders’ private values and
unknown to the specialist, since traders are assumed todfie-geeking and make offers
deviating from their private valuesiE clears the market at threportedequilibrium price
and matches intra-marginal asks with intra-marginal bidsvith an intersecting demand
and supply, the shouts on the left of the intersection (théliegum point) and their traders
are calledntra-marginalsince they can be matched and make profit, while those onght ri
are callecextra-marginal Note that a shout, or a trader, that appears to be intrainaugy
extra-marginal in the reported demand and supply may noo lxe the underlying demand
and supply.

Max-volume matchin@vV) aims to increase transaction volume based on the observa-
tion that a high intra-marginal bid can match with a loweraxnarginal ask, though with
a profit loss for the buyer when compared with a match agaimshtga-marginal ask. A
market using this form of matching is investigatedinh [9].

3.2 Quoting policies

Quoting policies determine market quotes issued by marKefscal quotes are the ask
qguote and bid quotes, which respectively specify the uppend for asks and the lower
bound for bids that may be placed igaote-drivermarket.

Two-side quotirE(QT) defines the ask quote as the minimum of the lowest tentgtivel
matchable bid and lowest unmatchable ask, and defines thgubié as the maximum of
the highest tentatively matchable ask and highest unmialieed.

One-side quotingQo) is similar toQT, but considers only the standing shouts closest
to the reported equilibrium price from the unmatched siddneWthe market is cleared
continuously (see belowQo is identical toQT.

3.3 Shout accepting policies

Shout accepting policies determine if a shout made by attrsidleuld be entered in the
market.

Always acceptingAA) accepts any shout.

Quote-beating acceptinghQ) allows only those shouts that are more competitive than
the corresponding market quote. This is commonly used ih brperimental settings and
real stock markets, and is sometimes called “New York StochBnge Y SE) rule” since
that market adopts it. Clearly there is an interaction betwsuch a policy and the quoting
policy used by the market.

6 The name follows[[211] since either quote depends on infdomain both the ask side and the bid side.
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Equilibrium-beating acceptin¢AE) estimates the equilibrium price based on past trans-
action prices, and requires bids to be higher than the ettiarad asks to be lower. This
policy was suggested in [25] and found to be effective in caatyitransaction price fluctua-
tion and increasing allocative efficiency in markets pogmdawith zi-c traders[[14].

Self-beating acceptingpS) 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
market quote.

Transaction-based acceptifgT) tracks the most recently matched asks and bids, and
uses the lowest matched bid and the highest matched aslriotrége shouts to be accepted.
In a clearing house auctiorQCHﬂ [10], the two bounds are expected to be close to the
estimate of equilibrium price iAE, while in acDA, AT may produce much looser restriction
since extra-marginal shouts may steal a deal.

History-based acceptin@pH) is inspired by thesD trading strategyGd calculates how
likely a shout is to be matched to determine what shouts toema&k makes the same
calculation and only accepts shouts that will be matched wibbability no lower than a
specified threshold. It is named after its need for the histdrshouts and transactions in
the market. AppendikJA describes in detail as part of a simple, but powerful, market
mechanism for competing IDAT games.

3.4 Clearing conditions

Clearing conditions define when the market is cleared amdactions are executed.
Continuous clearindgcC) attempts to clear the market whenever a new shout is placed.
Round clearindCR) clears the market after all traders have submitted theiutsh This

was the original clearing policy inYSE, but was replaced, in the mid 1860s, byg in

order to generate immediate transactions and handle sedealumes. WithtC, an extra-
marginal trader may have more chance to steal a deal and ¢etteda

Probabilistic clearing(CP) clears the market with a predefined probabilgywhenever
a shout is placed. It thus defines a continuum of clearingsrulith CR (p = 0) andcCcC
(p=1) being the two ends.

3.5 Pricing policies

A pricing policy is responsible for determining transantjwrices for matched ask-bid pairs.
The decision making may involve only the prices of the maichsk and bid, or more
information including market quotes.

Discriminatory k-pricing(PD) sets the transaction price of a matched ask-bid pair at
some point in the interval between their prices. The paraniet [0, 1] controls which
point is used and usually takes valué @ avoid a bias in favor of buyers or sellers.

Uniform k-pricing (PU) is similar toPD, but sets the transaction prices for all matched
ask-bid pairs at the same point between the ask quote anddtigeidite.PU cannot be used

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:ris used, for example, to set stock prices at the beginning
and the end of trading on some stock exchanges [38].
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with MV because the price intervals of some matched ask-bid paimstdcover the spread
between the ask quote and the bid quote.

n-pricing (PN) sets the transaction price at the average of the latpairs of matched
asks and bids. If the average falls out of the price interesveen the ask and bid to be
matched, the nearest end of the interval is used. This patioyduced in[[25], can help
reduce transaction price fluctuation and has little impacltocative efficiency.

Side-biased pricingPB) is basicallyPD with k set to split the profit in favor of the side
on which fewer shouts exist. Thus the more that asks outnubiie in the current market,
the closek is 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 following.

Fixed charging(GF) sets charges at a specified fixed level.

Bait-and-switch chargindGB) makes a specialist cut its charges until it captures a cer-
tain market share, and then slowly increases charges teaserprofit. It will adjust its
charges downward again if its market share drops below aindevel.

Charge-cutting chargindGC) sets the charges by scaling down the lowest charges of
markets imposed on the previous day. This is based on thevaltiea that traders all prefer
markets with lower charges.

Learn-or-lure-fast chargindGL), adapts its charges towards some desired target follow-
ing the scheme used by thzep trading strategy. If the specialist using this policy bedie
that the traders are still exploring among specialists awe lyet to find a good one to trade,
the specialist would adapt charges towards O to lure tradej@in and stay; otherwise it
learns from the charges of the most profitable marketuses an exploring monitor com-
ponent to determine whether traders are exploring or noimdle exploring monitor, for
example, examines the daily distribution of market shafespecialists. If the distribution
is flat, the traders are considered exploring, and not ofkenirhis is based on the obser-
vation that traders all tend to go to the best market and cansmbalanced distribution.
Another scheme for the exploring monitor is to check thedradistribution in the latest
several days and uses the relative market share gain ant ldstermine whether it is good
to lure traders.

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,
acDA can be represented as

ME+ QT +AQ+ CC+PD (1)

while acH can be represented as

ME 4 AA + CR+ PU )
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4 Characteristics of specialists in the first TAC CAT Compettion

The firstcAT competition was held in conjunction withaal in July 2007. Tablé]1 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 spestiafor which we have data fit into
the generic double auction mechanism framework introdatede and Tablg B

We found that most specialists in the competition us&do clear markets at the equi-
librium price. 1aMwildCAT andMertacor Were the only two attempting to match competitive
intra-marginal shouts with extra-marginal shouts closth&éoequilibrium 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 miatgipolicy that is used with it
since different matching algorithms, suchnas andMv, can generate significantly varying
quotes. Furthermore, quote policies only affect the paréorce of the specialists wha
is used as an accepting policy.

Specialists use a wide range of shout accepting policieshwhflects the importance of
this aspect in performing well ioAT games. In contrast, onbfocodileAgent andMertacor
use a clearing condition that isn't one of the standard siprovided iniCAT.

SinceJcAT ensures that specialists impose uniform charges on afiftsadgistered with
it on a trading day, it is not possible to attract specificérady levying differential charges.
However, about half the entrants managed to bias theimgrigdlicy to promote the quality
of their trader population.

Entrants seem to have contributed more effort to chargidigips than to any other
aspect of auction mechanisms. Tdhle 3 in particular conspare

1. How charges are updated over time.
Some specialistadapttheir charges while othedirectly calculatethe charges that they
expect to bring a certain payoff without explicitly congiitte) how they charge currently.
A third choice is to combine the two approaches by settingggsthat movgradually
from the current level to the target level.

2. Whether different types of charges are treated diffé§rent
About half of the specialists impose only or mainly registna fees and charges on
profits. TacTex charges only shout feegrocodileAgent, Havana andmanx, which don’t
have a bias towards a particular kind of fee, adapt charggsouti using any heuristic
knowledge of the fee types.

3. Whether traders are identified and treated differestiall
Only 1amMwi1dcAT tracks individual traders and records information on them.

4. How much profit a trader and/or a specialist can make orageer
IAMwildCAT and jackaroo are the only two specialists that lay down a road map for
achieving some desired or target profitMwi1dcaT is the only one that tracks the abso-
lute value of the daily overall profit of specialists, whigthen small, can be exploited
by the specialist to obtain a fairly high share of the profitheut imposing massive fees.

5. Whether a specialist learns from the history of chargek merformances of its own
and/or the other specialists.

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 gamésUEAT andHavana for exceeding reconnection
limits, andCrocodileAgent, Havana, MANX, PSUCAT, TacTex, andjackaroo for invalid fees.

9 Subsequent to the analysis undertaken here, two teamségawmead on their specialis{s [29]46].



Table 1: Comparison between that 2007 finalists.

market matching  quoting accepting clearing  pricing charging
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 MvV* (QT) AE* CR* PB* A

TacTex ME (QT) AA CR PD GB*+GC*
MANX ME QT AQ CR PD GC*+GL*

4

XX* denotes a policy that can be viewed as a modified or impre@égA stands for some mechanism that cannot be related to any roBectior 8 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.

‘le 18 niN Buoyzuip
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Table 2: The scores of specialists in our experiments. THerdpllows the ranking in the
2007 competition.

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

It is a common practice among the specialists for fees to bbased on information
about their competitors’ charges and performances, ththegkengths of history mon-
itored vary from only the previous day, to a sliding multiydaindow, 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 todeadline
effec).

Most specialists feature start and deadline effects, ge&@vantage of a definitive game
duration and traders exploring widely at the beginning ofha game.

The characterization in Tablé 3 is a first step in establgh@lationship 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 H&dond rounds per day.
There were 18Ip traders, 18(RE traders, 2zi-c traders, and 2@&D traders. For each
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 commoditgsday. 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 tkkat 2007 final games where entrants ran their specialists
on machines that connected to the game server over theeht&ve used the same scoring
criteria as in the tournament[112] (these were briefly déscin Sectioh 214), but, unlike the
tournament, all the game days were assessed. The resulpsoasighown in the following

10 pSUCAT however does identify traders to adjust parameters in itingr policy.



Table 3: Comparison between the charging policies oftthie2007 finalists.

market . Jszte fegita);pe trader id profitability _ fee history score history es;faérét di?f(él(i:r:e
traders specialists  self  others self others

IAMwildCAT =0 O | O | O O (93 (02 | O
PSUCAT o= | o O | | O | O |
CrocodileAgent o ] 0 ] 0 O O > O 0 ]
jackaroo =0 O 0 O 0 O O 0 O 0 O
Havana =0 O | O | (&3 (&3 (@2 (&3 | O
PersianCat o= ] | ] | ] ] | ] | ]
Mertacor =0 ] 0 ] 0 ] < 0 < 0 ]
TacTex = ] 0 ] 0 ] ] < < 0 ]
MANX =0 O | O | O O (93 (02 | O

0 hasthisfeature O  does not have this feature

<> slidingwindow O single day « full history

o adapting =o direct calculation oo gradual learning

7T
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Fig. 2: Scores of specialists in our experiments. For key,F$g3. In all figures, the x-axis
displays the number of trading days, and the y-axis givesalesant score for each trader.

sections were averaged over a total of ten games and each dxztioe average of a ten-day
sliding window around it.

The scores obtained by specialists in our experiments ¢[2broadly agree with the
rankings in the tournament [45]. The 200AT champion 1aMwildcaT, scores highest in our
experiments andsucaT, which placed second in the competition, comes second. Tilye o
changes in ranking are duetecTex anduanx increasing their scores since they could fully
participate in every game. Fi{g. 2 shows the daily componefitise scores and Fifjl 3 shows
the daily charges made.

5.2 Trader migration

The competition among specialists is reflected directlyh®/migration 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.
Generally speaking, the more intra-marginal traders ardidtver extra-marginal traders
in a market, the more potential profit there is, and the edtsigto make transactions and
achieve a high transaction success rate. To measure threealbintra-marginal and extra-
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Fig. 3: Daily fees charged by specialists in our experimedntall figures the x-axis displays
the number of trading days.

marginal demand and supply, we introduce itigrginal coefficient3. For demand,

Bo

B Di +De

®3)

whereD; is the intra-marginal demand — the equilibrium — &bglis the extra-marginal
demand. The marginal coefficient of supBy, can be defined similarlydp varies between
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Fig. 4: Properties of daily equilibria for individual spatists. For key, see F{d 3. In both
figures, the x-axis displays the number of trading days.

0 and 1. A value of 0 indicates that all the buyers in the maaketextra-marginal while 1
indicates that all the buyers are intra-marginal. Fig-]4tews the daily value ¢8p for the
specialists. SincBp provides no information on the absolute equilibrium quarar profit,
Fig.[4(b) gives the daily equilibrium profits in these masket

As Fig.[4(a) showsfp = 0.5 in all the markets when the game starts. Tiignof
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 thatinér@inal traders and extra-marginal
traders have different preferences over the different etark

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

The low allocative efficiency oftertacor, shown in Fig[h, means a great portion of
the potential social welfare is not achieved, suggestinmefficient matching poIicE A
close examination afertacor’'s mechanism found that itelv-like matching policy strate-
gically executes extra-marginal trades so as to increaseitsaction success rate, but this
leads to much lower profit for intra-marginal traders inwavin those trades. In addition,
Mertacor disregards the unmatched shouts every time the marketagedeThe traders that
make these shouts are then unable to either improve thattistashouts or place new ones
since the game server believes they still have active shBotwe of these traders may be
intra-marginal traders, causing unrealized intra-maagirades. These two issues provide
sufficient reason for intra-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 iff Fig, &(e)this drives
Bp down very quicklycrocodileAgent levies a lower fee tharersiancat and therefore has

11 During thecAT 2007 competition, some specialists announced invaliddaesmme trading days, causing
them to be banned from the games for a certain period. Thiguivaent to the use of a very inefficient
matching policy. Our experiments rounded their fees ingovillid ranges and avoided banning the specialists.
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Fig. 5: Daily allocative efficiency in the markets. For keges=id 8. The x-axis displays the
number of trading days.

a modestly decreasin@p as shown in Fid. 4(f). The decreasgBgfin psucaT and jackaroo
starting from days 250-300 follows the aggressive incréasiee profit fee.

The rest of the specialists have much higBgrdespite their use of similar policies.
IAMwildCAT, for instance, though adopting a versionwY, refrains from using it in the
early rounds of a day, which usually are sufficient to reatiwest intra-marginal tradesanx,
though levying a high, yet volatile, profit fee, also levigbar fees without bias consider-
ations, which together scare away both extra-marginaktsadnd intra-marginal traders
at an approximately same pace. Bs therefore zigzags around 0.5. The three specialists
that obtain g8p higher than 0.6 during the most time of the gameiwildcaT, psucaT, and
TacTex, all produce allocative efficiency higher than 85%, agaiggasting the importance
of matching policies in keeping a high-quality trader paiain.

Registration fees appear to help to filter out extra-maigrmders, and information fees
have the same effect @D andzip traders (which require such information). Figs. B(a) and
[3(B) show thatamwildcaT andjackaroo constantly impose one or both of these fees. As a
result, the numbers of extra-marginal traders in those etarfalls the most (see Fid. 6).

Shout fees also affect extra-marginal traders, but theedegf the effect depends on
the shout accepting policy used. If the accepting policystrang filter and extra-marginal
traders have little chance to place shouts, they can avsiddanoney 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 cgntraly 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 Fig.]3(c). This poliggtioer with itsAA accepting
policy — the weakest one possible — causes the extra-mérgaukers to leave quickly as
Fig.[8 demonstrates.

Mertacor managed to attract a lot of extra-marginal traders durieditist 200 days, as
shown in Fig[®, due to its policy of not charging. Its polidyamge, starting to charge heav-
ily on registration as in Fig. 3(), explains why it loses a#all its extra-marginal traders
shortly afterwards and if8p 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
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as well around day 200 but the modestly increased fee idatitr than those charged by
most of other specialists, therefore it is still popular agnextra-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 prfgfes 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 spec&lisie profit made in the mar-
kets, and the daily charges made by the markets are all dolests specialists viaATP.
This makes it possible for specialists to learn and adajit then 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.

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 winnosjtipn is not sus-
tainable. Its market share declines significantly as se&igif2(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 dgy&@roo attracts
more and more traders, but after that, traders flee, quidKiysaand then more slowly.
Figs[4(@)[4(), and 2(p) further indicate that intra-nizafjtraders are more sensitive
and flee faster than extra-marginal traders immediateéy gty 50, causing a plunge in
market share immediately after day 50 and an increg@inbetween days 50 and 100.
Around day 100f3p starts to drop as well, suggesting extra-marginal tradexgd at a
slower and slower pace and intra-marginal traders contimieave.

4. From around day 85amMwildcAT, which had previously not charged, starts to charge
registration fees, as shown in Fig. 3(a), which scares awag-enarginal traders, and
Fig.[4(a@) shows a significantly faster increaseBgf psucat later does the same thing
and causes an increasifig before days 100 and 188,

5. 1AMwildCAT andjackaroo, are designed to take advantage of the known length of games.

They both increase their charges to much higher levels ahe mage profits during the
last days of the games, thougbAT takes measures to avoid traders going bankrupt in
this situation and disregards any charges that traderotaay. The huge daily profits
obtained, however, did not greatly increase the final soafrfsese specialists since the
scoring mechanism adopted byt normalizes profits before scoring.

12 The y axis in Fig[3(@) has an upper bound of 2, and does not #ewonstant registration charges
of 10 made byPSUCAT in the second half of the game. We do this to obtain a betteergériew, avoiding
the chargs of other specialists (usually below 2) being ez together and becoming unreadable. The even
higher charges by the specialists near the end of the gamessbown in Figg. 3(#)-3() for the same reason.
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Fig. 6: 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.

The comparison between the chargesuoifk, 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.
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1AMwildCAT exhibits stable performance according to almost all ddtand is worth
further investigation. Profit share is the most sensitivérimeince fee changes may im-
mediately and dramatically cause the relative profit shayem up or down. In Fig. 2(t),
TacTex, jackaroo, aNdPSUCAT, one after another, increase their charges and claim big pro
shares. However every subsequent increase leads to areappasfit 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 themejMwildcaT is to a
great extent immune to the changes of other specialistsgelan 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 prafirtacor takes a similar approach, but its sub-optimal
calculation method and other problematic auction ruleseprethe approach from working
well.

5.4 Discussion

Here we extract some general guidance for market designtfieranalysis above.

5.4.1 ME versusmv

If a high transaction success rate is desirable, then digsiaave to explicitly take this into
account, for example by matching intra-marginal and emteaginal shouts, asiv does.
However, caution should exercised when usingaslike policy.

MV may cause intra-marginal traders to lose profits and in a editiye situation may
lead them to prefer nortv markets. This is exactly what happeneddetacor. In addition,
the extra-marginal trades may lower market efficienaywiidcat’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. Fig. 2{d) shows thatwiidcaT obtains high transaction success
rates, very close or equal to 100%, after day 150 when theadjststarts to use thiv-like
policy for more rounds in a day. As a consequenaeyildcAT’s efficiency has a striking 5%
drop, as shown in Fif] 5. Unlikertacor, TaMwildcaT did not show a loss of intra-marginal
traders when it did this. This is because most of the intregmal traders traded in the early
rounds of each day — when thev-like policy was used, most of the traders still shouting
were extra-marginal traders, few shouts made by thesertrada pass the specialist’s shout
accepting policy, and these limited extra-marginal shdidsio great harm to the remaining
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 effigieass 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.

13 The increase of shout feesTacTex around day 300 may also play a role in loweriPgJCAT’s profit
share.
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Fig. 7: Daily mean demand prices. For key, see[Fig 3. The g-digplays the number of
trading days.

5.4.2 Open versus closed shout accepting

Shout accepting policies have a direct impact on the effeséiss of other auction rules.
An open shout accepting policy places a heavy burden on tliehing policy. When the

matching policy is also ineffective, intra-marginal tresl€ail to profit and tend to leave.
In contrast, if the shout accepting policy filters out mostraxmarginal shouts, a simple
matching policy can work well.

For examplegrocodileAgent andpersiancat have similar trader populations in terms
of competitiveness as shown in Fifjs. #(d), 6, 7(a), amgllibth use thelE matching
policy. However, they produce significantly different sheets as shown in Fi§. 7{b) and
transaction success rates as illustrated in[Fig] 2(d). iHise 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 ks
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 andmanx, the twoAQ markets, with higher mean
theoretical demand prices in F[g. 4(a) and better shapecoérand supply as shown in
Fig.[d than those iorocodileAgent, produce bid sets with lower mean prices as in [Fig.]7(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 demaitkpn
the psucat market jumps around day 100 in Fjg. 4(a), giifollows in Fig.[4(@), but this
did not cause the mean bid price in Hig. T(b) to climb as wedjdating the effectiveness
of its shout accepting policy, which successfully prevdrggtra-marginal traders placing
shouts.
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5.4.3 Market share versus profits

In cAT games it is common for specialists to find that increasing & boost profits but
gradually lead to loss of market share. If market share fatislow, however, such profits
cannot be sustained. In contrast, low charges help to gaiketnshare but harm profits. If
a charging policy is properly designed, it may keep both messat suitably high levels.
Imposing small, flat, fees, after a game has been running fanike, may not have much
negative effect on market shares if the good reputation peaialist has been established
and the traders continue to make a profit that is much higlaar the fees. In this way, on
the basis of a big market share, small fees may still bringresiderable amount of profit.
IAMwildCAT demonstrates this.

Bias towards different types of fees in charging policies e#so benefit specialists.
For example 1amMwildcAT and PSUCAT use registration fees to drive extra-marginal traders
away. Reducing the number of extra-marginal traders malezsy for the remaining trader
population to find partners, and for the specialists to obteégh transaction success rates.
However as discussed in Section]5.2, a powerful shout d@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.réfith a strong shout accepting
policy and without charges on registration and informatiomarket actually becomes a free
place for extra-marginal traders to stay. If other markefgase these charges, these traders
are sure to be willing to stay with a market that doesn’t cekaand hence boost market
share.

5.4.4 Targeted versus non-targeted charges

Specialists in the competition adapt their daily chargdfemintly, as shown in Tablgl 3.
Some do this by setting specific performance targets, datgmgnthese targets from esti-
mates of the expected actions of other specialists, whilerstincrease or decrease their
current charges without setting targets or modeling theceff the changesamwildcar,
for instance, determines a reasonable portion of the ptafésires to make via registration
fees, and calculates its registration fee and profit feekipganto consideration the average
profit a trader has been able to make in its market. In confpasameter values and charge
levels of most other specialists are decided rather arlpjtrds a result,1aMwi1dcAT has a
stable performance in the face of changes by other spésialis

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 momeht [2@hxx’s follow-the-leader approach demonstrates im-
pressive performance during the early part of a game whetrdter populations in all in-
dividual markets are quite similar. However it fails to leadh 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 situatioesause it requires a thorough
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manual examination of game dynamics. A black-box analylssracts away the internal
structure of the specialists and many details of the dynsahicing the interaction between
specialists, making it possible to consider many more sitos. 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 numttzmecialistE 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 thatould still beatB when an additional
entrantC joins the game, no matter wheth@ruses either of the specialists usedfdgand
B, or a third, new specialist. This suggests, for examplé, tti@replicator dynamics fields
reported in[[32] based on 6-agent auction games orin [1&das 6-agerntAc scMgames
are likely to change when a different set of game profiles aeglu

To further explore th&AT 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 specialistietrocat. MetroCat iS aCDA market using thaH shout accepting policy,
and a detailed description of the implementation is praviteAppendixA. Since we de-
veloped the competition platformetrocat 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 adr@seprovided 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. Noteh@anclusion
of Metrocat is the only substantive deviation that our experiments nfiad@ the format of
the Market Design game as it ran in 2007. We do not, for exaneplesider 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 performexdraustive analysis of ways
the competition might have unfolded and because an exkauwstialysis was not feasible
since each game runs for around five holtfis full understanding of the&AT game would,
however, require such an exhaustive analysis.

6.1 Multi-lateral simulations

Inspired by ecological analyses liKe[[1]37] — 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 raacmnd 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 tetale). A third generation was then

14 Each entrant has a choice of developing a new specialistusing one from the repository so there
could be less distinct specialists than entrants.

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.
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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

Figs.[8(@) and 8(h) show the result of this simulation. Theritiution on the y-axis
shows the proportion of the total number of trading days fomarkets that are allotted to
each market, indicating how this evolves in populationdauit and withMetrocat respec-
tively. Fig.[8(a) shows that withoutetrocat:

— the results of this analysis agree with the results report¢2i3], 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 bilatesahgs betweemamwildcat and
persianCat (described below) and suggests thatsiancat was a strong entry, stronger
than its overall position suggests.

Fig.[8(b) shows that witfietrocat:

— Metrocat quickly dominates the other entries, doing so faster thaii14acat in Fig.[8(a),
so that by generation 8 onlgtrocat has any trading days; and

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

In both cases, one specialist quickly comes to dominatettiers

6.2 Bilateral simulation

One-on-one games allow us to examine in detail the stremgthvaakness of each specialist
when it faces different opponents.

6.2.1 Payoff table

We ran 81 one-on-one games, that is one for every pair of the specialists we have
been considering, includingtrocat and including nine self-play games. Table 4 shows the
resulting payoffs of specialists — their average daily sscr in thesecAT games. Each
payoff is averaged over ten iterations and efitry) is the payoff of specialistin the game
against specialist Thus in a game betweertrocat andIAMwildCAT, MetroCat Scores 071
and1amwildcat scores (b9.

Fig.[I3 compares these payoffs pictorially using a polardioate system. Each plot
shows the nine specialists evenly distributed on the outelecthe radial coordinates of the
nine vertices of the solid-line polygon represent a givescsdist's payoffs against all nine
specialists, and the radial coordinates of the nine vexti¢he dashed-line polygon repre-
sent its opponents’ payoffs in these games. The solid-ligyen and the dashed-line poly-
gon overlap on the vertex that corresponds to the self-phayegof the particular specialist.
For example, in Fid. I0(h), the solid-line polygon compiencloses the dashed-line one,
meaning thatietrocat scores more than all the other specialists in bilateral cmitms@

In Fig.[Z0(i) the solid polygon lies within the dashed polggghowing thatiertacor loses
every bilateral game. The two polygons for all other spéstmintersect, indicating a more
complex relationship between them.

16 MetroCat maintains a better balance than thasa 2007 entries between market share and profit share
by keeping extra-marginal traders and preventing them fsaming uncompetitive shouts.
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Fig. 8: Ecological simulation afAT 2007 entries based on multi-latecT games. In both
graphs the x-axis gives the number of generations, and tbasygives the proportion of
each kind of specialist.
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Fig. 9: 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.

Both Figs[10(H) anfd I0(h) show thetwildcaT, 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 Fjg. 8(a) the dayspf@siancat shrink more
slowly than those for other specialists — it does well agaihe increasingly dominant
TAMwildCAT. TAMwildCAT lOSing toPersiancCat along with the defeat Gersiancat by PSUCAT
andjackaroo, suggests thatmwildcaT has some particular weakness that is taken advantage
of by PersianCat.

Other discrepancies, when compared to the results of th& 20fpetition, include
jackaroo (Which placed fourth) winning oversucaT (second) androcodile (third). These
may be significant, or may be caused by differences in the guafiions forpsucat and
Crocodile Used in the simulations ar@ht 2007 games.
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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 0.54 0.57 0.62 0.55 0.70 0.61 0.64 0.74 0.83
jackaroo 048 059 070 063 075 071 078 069 0.86
CrocodileAgent 0.44 0.52 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 043 062 052 059 070 067 064 064 077
Mertacor 027 038 029 032 051 040 045 047 055

6.2.2 Ecological simulation

The payoff table for the bilater&alAT games can be used to approximate ecological dynam-
ics for populations involving more than two specialist typ&he payoff of each specialist
type for a certain population mixture is computed as the etquepayoff for this specialist
assuming that each specialist obtains the payoff it woulg lebtained had it computed
one-on-one with each of the other specialists in the mix.adrhis assumption, Figs. 9(a)
and[9(B) show how a population that starts with an even Higtdn of specialists evolves
over time when, as inJ1], every specialist plays againstyesther specialist in every gen-
eration in bilateral games, and the number of specialistyngeneration is proportional to
the payoff achieved by that “breed” of specialist in the pvas generation.

Comparing Fig[ 9(&) with Fig. 8(r), and F[g. 9(b) with Higbj(shows that while the
winning strategies are the same, the ecological simulatimsed on multi-lateral games
converge much faster than those based on bilateral ganeesggites on the x-axis are very
different in the two sets of plots). This may be explained lby fact that bilateral games
give strategies a chance to benefit from the ability to perfarell against specific oppo-
nents, whereas in the multi-lateral games they have to bd ggainst all opponents in
oder to survive. Another noticeable phenomenon istbataT performs much worse in the
simulations with bilateral games than those with multetat games, whilgackaroo and
IAMwildCAT do the opposite. These discrepancies indicate that, as e expect, differ-
ent game setups may lead to very different results. Howexerresults may be helpful to
identify the weakness in strategies by looking at the paldicscenario in which a strategy
performs poorly.

6.2.3 Offense, defense, dominance, and equilibrium

To further reveal the strength and weakness of specialig®sompare specialists’ payoffs
— which we calloffense— and the payoffs they allow opponents to make — which we call
defense— when they face a same opponent.

Fig.[I1(a) puts all the solid-line, offense, polygons in.E&g into a single polar coor-
dinate system and Fig. I1{b) shows all the dashed-linendefepolygons in a similar way.
The color scheme is the same as in Eid. 10. The comparisonsstiearly thatMetrocat
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(9) MANX (h) PersianCat (i) Mertacor

Fig. 10: Payoffs of self and opponents in bilatecalr 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 agaalisine 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 garne particular specialist.

has both the strongest offense and the strongest defeniée matitacor exhibits almost the
opposite.

By analogy with a two-player normal-form game in which bothyers choose to play
like one of the nine specialists, we say a specia®ninatesanother if the offense of the
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(a) Offense (b) Defense

Fig. 11: Comparison of the offense and defense of speciaksir keys, see Fig. 110.

@) $%,%,.%,.9,9,5,5,S7,.S anti-clockwise from 0 (b) $%,%.S,Ss anti-clockwise from 0

Fig. 12: Dominance relations based on offenSg.crocodileAgent, S: IAMwildCAT, Ss:
MANX, Sui Mertacor, S—,Z PSUCAT, %Z PersianCat, S7Z TacTex, SBZ jackaroo, anng: MetroCat.

former is better than the offense of the latter for every omm that they fadé] Consider-
ing the results of the bilateral games we can analyze thesufdr dominance relationships,
and the result is shown in Fig.112. This represents each domnrelation with an arrow
starting from the dominated specialist to the dominating,and the unavailability of a
dominance relation between two specialists with a dashed ©ur goal here, as is usual
in normal-form games, is less to identify the an overall doami specialist than to reduce
the number of specialists we consider by iteratively remgwilominated specialists. We
can then investigate the relative strength and weakneggeairidominated specialists at a

17 Defense may also be used to define dominance but we do notigratesthis here.
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lower computational coff] Fig.[I2(@) shows, as FigL1 already does, Haatocat domi-
nates all the other specialists whilertacor 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 dominated bgest one specialist other than
MetroCat, We end up withpersianCat, IAMwildCAT, PSUCAT, and jackaroo. We are thus left
with Fig.[I2(b) which shows the relationships between tiiensfes of the best specialists in
the 2007 competition as judged by bilateral games.

For each set of three specialists from the four, we carrieddeuristic strategy analy-
sis like that in[[32,48], and Fi@l._13 shows the four replicatgnamics fields that result. To
create these plots, we used TdHle 4 to compute the payofaébr specialist type in a certain
population mixture in the same way as in the ecological siiuh above. Figs. 13(a) and
show an unstable equilibrium betwemmwildcAT andpersiancat. Without consider-
ing this equilibrium and the pure profiles, all other profiksd to a homogeneous population
— 1aMwildcAT in Figs[I3(@)} 13(), arjd I3{c), agskkaroo in Fig.[I3(d). This indicates that
IAMwildCAT comes close to dominating the winning strategies in thesge8ialist scenarios.
This clear victory may be due to the youth@4&T tournaments (it was certainly the case that
1AMwildcAT did not win in 2008). ASCAT competitions continue, and the strategies for spe-
cialists evolve, we expect that the relative strength betwlese strategies would become
more complex and some mixed equilibrium may start to emerge.

7 Summary and Conclusions

This paper reports a post-competition study of the entramtie 2007TAC Market De-
sign, orcAT, 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 pétiformance of the entrants
to the 2007 competition than was possible in the competitg®if. Each competition game
ran for around 8 hours, and given the technical problemsrequeed by both organizers
and competitors, this meant that it was only possible towmgames during the three days
of the competition, and not all games involved all competitdRunning more games and
including all the competitors gives more definitive resuésd confirms the superiority of
IAMwildCAT that was seen in the actual tournament. The various bilsaechmulti-lateral
simulations we have undertaken have also revealed weasieSsome specialists in some
situations, for instance, the defeatmfiwildcAT by Persiancat in bilateral games, and the
poorer relative performance @éckaroo 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 otffects 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 desigrhef\tarious components of
double auction mechanisms, in particular the interactietwben the component policies,
and their effect on auction performance. We hope that this gfathe paper will help to

18 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 desigheg others. This reduction based on dominance
may help to zoom into those match-ups that are most worthyahéeation, perhaps through a white-box
analysis.



The 2007 TAC Market Design Game 31

PersianCat jackaroo

IAMwildCAT PSUCAT IAMwildCAT PSUCAT
@ (b)

jackaroo
()

IAMWildCAT PersianCal PSUCAT PersianCai

(c) (d)

Fig. 13: Replicator dynamics fields for each set of three igfists from Persiancat,
jackaroo, TAMwildCAT, @nCPSUCAT.

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 specialist-ocat, which uses a history-
based shout-accepting policy derived fromdtetrading 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 fecsic 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 wittd fotearging policies). We have
now had two further years afAT competitions, and in the future we aim to analyse the
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improvements in specialist performance over those comtnpeti and to identify the causes
of those improvements.

The bilateral games and multi-lateral games can be viewad@gnds of a spectrum
of CAT games. The aim of running simulations based on both configusis to explore
whether the different competition configurations lead tifedént results. It is hoped that
if they make no much difference — and our results suggestttiegt do not — then the
low cost of bilateral games can be used to approximate thegamolving more different
individual types and different population distributions.

In related work, Kaiserst al. [18] explored the acquisition of the payoff table fior
player games based on the payoff table for 2-player gamesieadersaboth involving a
same set of strategies for players. They showed that therfpregramming-based approxi-
mation approach works well in games between trading siege@ur simulation shows that
an approximation approach may work but would need addititumeeup so as to reduce the
distortions incurred. The discrepancies observed in tagep suggest that additional sim-
ulations may need to be run to obtain more accurate appréximarhe problem they try
to solve can actually be extended into a more general one:tbdwild (approximately)
the payoff table fon-player games based on a set of complete or partial paydétaach
for games involving no more thamplayers. Suppose, inraplayer game, each player may
choose one of strategies. There are thus totall§,  , possible match-ups. If each match-
up is simulated, a heuristic payoff table would become atél to generate a replicator
dynamics field for thes strategies, where possible equilibria can be identifiedelbas the
relative strength of each strategy. If 8%, ; , match-ups be viewed as & ¢ , discrete
points along the dimension denoted@én, s), the above problem becomes to run simula-
tions for points scattering along lower dimensions, e4)2,s) for 2-player games ir [18],
So as to approximate the results for ©g ¢ , points alongZ(n,s). This approach would
have more flexibility and allow gradual distortion reductiover time.

This future work is desirable because, even if such an appetdion is not quantitatively
accurate, it may provide qualitative guidance on what stenahould be investigated fur-
ther, and help to reduce the overall computational compylekor example, the replicator
dynamics fields in botH [16] and [B4] suggest that if there miged equilibrium between
three strategies, there may be at least one mixed equitibbietween two of these strate-
gies. In addition, for a space of heuristic strategies ttihespands gradually, like that for
CAT games, it is no less important to be creative — focusing oatitrg better strategies
— than to be fair — finding a better way to evaluate existingtsgies. Shedding light on
the weaknesses of a strategy and directions to improve itbeagven more important for
strategies that are of practical importance.

Another possible line of future research is to consider tr@ution of trading agents
in addition to that of specialists. To make the situationgenthe simulations in this paper
use a portfolio of trading agent strategies that does novevat all. It would be more
realistic, however, to have simulations with intervengxr competitions and trading agent
competitions, so that trading agents learn to adapt theitegfies as they interact with each
other and with the specialists.

A further extension is to view a market mechanism as a corntibmaf atomic auc-
tion rules rather than being an atomic entity itself. Frons fhoint of view, there would
be multiple populations, each for a type of auction rule. tipi¢ individuals, one from
each population, need to collaborate to form a complete enankechanism, which can then
compete against other combinations. The payoff of a marlethamism from a simula-
tion would be used as the payoff for each individual compbiéthe market mechanism.
This multi-population simulation may be considered agey-boxapproach, a mixture of
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black-box approach and white-box approach, since it censithe internal logic of special-
ist strategies. Such a grey-box approach can be used torexpkolution space, enabling
an automated solution design method, as long as a modwuéegyrdesign is available. The
parameterized framework for specialists presented ini@gat forms an ideal foundation
for further work along this line.
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A MetroCat: A simple, but powerful, design for CAT games

We developedfetroCat, a market mechanism that instantiates the parameteriaetefwork in Sectiofl3,
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 amadvith 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 theket 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 develogcaa-based market mechanism, which uses a history-based stiout a
cepting policy, denoted a&H. AH is based on the D 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 sedlevpuld 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 markeg would have been accepted.

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

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

PI(@) = S aMA) T 50-aB(d) + Sa-aRA)

where

— MA(d) is the number of asks with priagkthat 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.

Itis not realistic to keep a full history of shouts and trastgms, soGD maintains a sliding window and only
considers those shouts and transactions in the window. Guhfike 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 @tsce
those shouts with a probability higher than a specified HoleA € [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 rtetroCat
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 feeshaits,
transactions, and trader profit, and no charges on registrand information. The feeéetroCat imposes
on shouts, transactions, and trader profit are respectivé|y0.1, and 10% during the post-tournament exper-
iments described in Sectih 6.

As described abovejetroCat was supplied to all entrants to the 2007 Market Design gam&nas
example specialist that was part of theat 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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