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Abstract armed with various learning algorithms and optimization
techniques have been shown to produce outcomes similar

This paper presents an analysis of entries in the first to those obtained by human subje€fis[]4, 9] and are capable
TAC Market Design Competition final that compares the en- of generating higher individual profitsS|[5].
tries across several scenarios. The analysis complements In parallel with the automation of traders, computer sci-
previous work analyzing the 2007 competition, demonstrat- entists have started to take the approach of automated auc-
ing some vulnerabilities of entries that placed highly ie th  tion mechanism design. Thus, CIliffl[3] used a genetic al-
competition. The paper also suggests a simple strategy thagorithm to discover a completely new kind of auction with
would have performed well. good convergence properties. Phadpal. [L5] showed that
genetic programming can be used to find an optimal point
in a space of pricing policies. Niat al. [I3] identified
a mechanism that minimizes variation in transaction price,
confirming the mechanism through an evolutionary explo-
ration. Pardoe and Storle]14] suggested a self-adapting auc

Auctions are widely used in solving real-world resource tion mechanism that adjusts auction parameters in response
allocation problems, and in structuring stock and futures to past auction results.
exchanges. As a result, the field of auction mechanism  A|| this work has one common theme — it all studies sin-
design has drawn much attention in recently years from gle markets or compares different market mechanisms indi-
economists, mathematicians, and computer scienfists [2rectly. In contrast, not only do traders in an auction corapet
[10]. In traditional auction theory, auctions are viewed as ggainst each other, real market institutions face comipetit
games of incomplete information, and traditional analytiC [ﬂ]] In addition, previous studies usua”y present compar
methods from game theory have been successfully appliedsons of auction mechanisms in different proprietary set-
to somesingle-sided auctionswhere a single seller has tings which differ in available information, computatidna
goods for sale and multiple buyers bid for the goods, and resources and so on. As a result, mechanisms are difficult
some simple forms oflouble-sided auctionfAs), where o compare, and it is desirable to have some platform that
there are multiple sellers and multiple buyers and bottsside ajlows multiple markets to compete against each other, and
may makeoffersor shouts evaluates market mechanisms in a uniform way.

However, as, for example Friedman [6], has pointed out,  The Trading Agent CompetitionTéc) Market Design
DAS, and partiCUlarlpontinUOUS double aUCtiOf(EDAS)E TournamentIIV]’ also known as theaT game, addresses
are too complex to analyze in this way since at every mo- these very issulls Prior TAc competitions have compet-
ment, a trader must compute expected utility-maximizing ing trading agents that aim to maximize their payoffs by
shouts based on the history of shouts and transactions, anghteracting in a single marketAT games do just the oppo-
the time remaining in the auction. This difficulty led re- sjte. Each entrant in the competition providespecialist
searchers to seek experimental approaches. Siith [18] pithat regulates a market with a set of auction rules, and these
oneered this field and showed, through a series of experspecialists compete against each other to attract traders a
iments with human subjects, that evebAs with just a  make profits. Traders ikAT games are provided by the

handful of traders can give high efficiency and quick con- competition platform and each of them learns to choose the
vergence to the theoretical equilibrium. Software agents hest market to trade in.

1. Introduction

1A cpA s a continuousA in which any trader can accept an offer and 2The first competition was held in July 2007 and a second cdtigret
make a deal at any time during the auction period. was held in July 2008.



In a previous paper, we analyzed those entries from the e Matchingpolicies define the set of matching offers in
first cAT competition €AT 2007) that are available in the a market at a given time.
TAC agent repositoE( and tried to identify effective auction
rules [T2]. In this paper, we extend this previous work by e Quotingpolicies determine the ask quote and bid quote

more closely examining the relative strength and weakness ~ — indicators of where traders need to place asks and
of the specialist agents. bid in order to trade — from existing asks and bids.

e Shout acceptingolicies judge whether a request by a
trader to place a shoutin the market should be accepted
or rejected.

2. The CAT competition

CAT games are designed to allow markets to compete
against each other in a direct fashion. Each market serves a o Clearing conditions define when to clear the market

set oftraders each of which makes shouts indicating either and execute transactions between matched shouts.

what it is prepared to pay to buy some goodbi@), or what

it expects to be paid to sell such a good @sk. A CAT e Pricing policies are responsible for determining trans-

game lasts a certain number a@diys each day consists of action prices for matched shouts.

rounds and each round lasts a certain numbeticKs, or

milliseconds. e Chargingpolicies determine the charges that a special-
Each trader is assigned private values for the goods it will istimposes on traders using the marketidnT, a spe-

trade. For buyers, the private value is the most it will pay fo cialist can set fees for registration with a specialist, for

a good. For sellers, the private value is the least it will ac- market information, for making an offer, for complet-

cept for a good. The private values and the number of goods ~ ing a transaction, and impose a tax on profits.
to buy or sell make up the demand and supply of the mar- _ o _
kets. Private values remain constant during a day, but may FOr example, the classitoa mechanism is a combina-

change from day to day, depending upon the configurationtion of_ the following auction rules (without consideringeth
of the game server. Each trading agent is endowed with acharging component): the market is cleared whenever a new

trading strategyand amarket selection strategyThe first shoutis placed;_the market matche_s the h_ighe_st bid with_the

specifies how to make offers, the second specifies whichlOWest ask that it exceeds; the pricing policy picks the mid-

market to choose to make shouts in. point of a matched ask-bid pair; the quoting policy uses the
Specialists facilitate trade by matching shouts and deter-l0West unmatched ask as the ask quote and the highest un-

mining the trading price in an exchange market. Each spe-Matched bid as the bid quote; and the shout accepting pol-

cialist operates its own exchange market and may chooseCY only accepts shouts that beat the corresponding market

its own auction rules — the aim of theat competitionis ~ duote.

to create a specialist that optimizes a particular set of mea

sures, includingnarket shar profit shard] andtransac-  2.2. A simple, but powerful market design

tion success rat@ The specialist with the highest cumula-

tive score — the sum of these three metrics — is the winner  We developedvet r oCat , a market mechanism that in-

of a game. Specialists may have adaptive strategies sucltantiates this parameterized framework, based on the fol-
that the policies change during the course of a game in re-jowing insights about theAt game.

sponse to market conditions.
We, developedcArT [[L1], the platform that is used in the e Itis crucial to maintain a high transaction success rate,

CAT competition. since this rate is not immediately affected by the per-
formance of other markets in contrast to market share
2.1. Parameterized market mechanisms and profit share. Thus a strong shout accepting policy,
which only allows those shouts that are likely to match
An auction mechanism can be parameterized into com- with other shouts, is desirable.
ponents that each regulates an aspect of the market. The
following gives a framework extending that [i]22]: ¢ Registration and information fees should be avoided,
. for these fees cause losses to extra-marginal tiders
Ditp: //wmh S cs. seltac/ showagents. php and drive them away. Keeping extra-marginal traders

4The number of traders attracted to the market relative ttotaénum-

ber of traders. in the market allows them to contribute through their
5The amount of profit made by a specialist relative to the tatabunt impact on market share.

of profit made by all the specialists in a game.
6The number of shouts matched by the market relative to théram- "Traders that theory says should not trade at market equitiband

ber of shouts placed in the market. will not trade in efficient markets.


http://www.sics.se/tac/showagents.php

e Moderate charges on shouts, transactions, and tradeformatiol. Since we developed the competition platform,
profit only impacts intra-marginal traders, and because Met r oCat was not an entrant in the competitﬂrluut we
of this they stay with the market as long as they can have used it as a benchmark in our post-competition exper-
make a considerable amount of profit through transac-iments.
tions after covering fees.

These insights led us to develogaa-based market mech- 3. Theanalysis of CAT entries

anism, which uses a history-based shout accepting policy,

denoted agH. AH is based on theD trading strategy18]. Trading competitions have been an effective tool in fos-
GD selects a price that maximizes expected payoff, assum-+ering innovative approaches and advocating enthusiasm
ing that, for a given ask price and exchange among researchérs [20, 21]. However, the

competitions themselves usually cannot provide a complete

o if another ask prices’ < a was offered and was not  view of the relative strength and weakness of entries. In a
accepted by a selles, would not be accepted either;  competition, the performance of one player closely depends
upon the composition of its opponents and the competition

o if another ask price’ > a was offered and accepted configuration, and the scenarios considered are usuaHy lim

by a sellera would have been accepted as well; and  jted. Thus we typically turn to post-competition analysis t
tell us which entries are most interesting.

Ideally, such an analysis will cover all possible scenar-
ios, but this usually presents too large a possible space. As
a result, a common practice is to deliberately select a lim-
ited number of representative strategies and run games cor-
responding to a set of discrete points or trajectories in the

e if a bid priceb > a was offered in the market, would
have been accepted.

Based on these assumptions, the probability: dfeing
matched is calculated as:

S yoa MA() + 3 4, B(d) infinite space, assuming that the results are represemtativ
Pr(a) = =2 == of what would happen in the whole space were one to ex-
Ciza MAWD) + Ta B + Tag, BAW) 2l e PP P

There are two common types of approaches to post-
competition analysisyhite-boxapproaches anblack-box
approaches. A white-box approach attempts to relate the in-
priced. It is not realistic to keep a full history of shouts ternal logic and features of ;trateg|es an_d game out_come_s.

A black-box approach considers strategies as atomic enti-

and transactions, seD maintains a sliding window and ties. Niuet al f d hite-b VSIS Of
only considers those shouts and transactions in the window, &3- NU€ al. [ performed a white-box analysis oRt

Computed like this,Pr(a) is a monotonically decreasing 2007, and examined h_O\_N the dynamics in ter games
function, since the higheris, the lowerPr(a). Itis also as- are affected by the policies of each entry and their adapta-

sumed that when = 0.0, Pr(a) = 1, and there is a certain Eon over t|mrel. -I;jh'sl paper “'?"‘es ti compll(ementarg thaCk'th
valueu,, whena > u,, Pr(a) = 0. The probabilityPr(b) ox approach and also examines the weakness and streng

of a given bid being accepted is computed analogously. of CAT 2007 entries againset r oCat .

AH uses exactlPr(a) andPr(b) to estimate how likely
a shout is to be matched, and only accepts those shouts wit$-1. Multi-lateral simulation
a probability higher than a specified threshaldce [0, 1].
When it is close to 1, the restriction may become too tight  Now, a full analysis of a set of strategies can only be
for intra-marginal traders to be able to place shouts in the achieved by considering many runs (to eliminate random-
market. When it is close to 0, the restriction may become ness) of every possible combination of strategies. This
so loose that extra-marginal traders are able to place shoutis not feasible for thecAT competition where each game
which do not stand much chance of being matched. Theruns for around 5 hours (irrespective of the hardware —
former would cause both the market and the traders to losethe length of each trading days is hardcoded at a constant
part of the expected profit and lead those traders to leavethat permits each specialist to take time to perform pogsibl
and the latter would cause a low transaction success ratecomplex computations — any reduction in this time would
Met r oCat uses) = 0.5, which we found to be optimal for
a game configuration similar ATt 2007. 8The feesMet r oCat imposes on shouts, transactions, and trader

In addition toAH. Met r oCat uses asimple charging p0|- profit are respectively 0.1, 0.1, and 10% during the postr@mment ex-
! periments described in later sections.

icy that impose.s low, fixed fees on ShOUFS, trgnsactions, 9nstead it was included in thecAT source code provided to entrants
and trader profit, and no charges on registration and in-in the firstcat competition to support the development of their entries.

where: M A(d) is the number of asks with priegthat have
been matchedRA(d) is the number of asks with pricé
that were not matched, a8l d) is the number of bids with
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Figure 1: Simulation oEAT 2007 entries based on multi-latet games.

potentially distort the results). Inspired by ecologiaadby- specialists includinget r oCat . Nine of these are self-play
ses like[1[CIB5] — in which more copies of successful strate- games. Tabl&l1 shows the resulting payoffs of specialists
gies, and less copies of unsuccessful strategies are run for— their average daily scores — in theseT games. Each
each successive game — but constrained by the number opayoff is averaged over 10 iterations and erfiryj) is the
specialists that we could have in a single game, we modifiedpayoff of specialist in the game against specialjst
each strategy’s playing time in proportion to its score.tTha  Figure[3 compares these payoffs pictorially using a polar
is, in a game that included all specialists, we decreased thecoordinate system. Each plot shows the 9 specialists evenly
number of trading days for less successful strategies, andlistributed on the outer circle, the radial coordinateiefd
increased the days for more successful strategies. vertices of the solid-line polygon represent a given specia
Figures[I(d) an{l_I{pb) show the result of this simula- ist's payoffs against all 9 specialists, and the radial deor
tion. The distribution on the y-axis shows the proportion nates of the 9 vertices of the dashed-line polygon represent
of the total number of trading days for all markets that its opponents’ payoffs in these games. The solid-line poly-
are allotted to each market, indicating how this evolves gon and the dashed-line polygon overlap on the vertex that

in populations without and withvet r oCat respectively.
Figure[I(d) shows that withowtt r oCat (i) the results

corresponds to the self-play game of the particular special
ist. In Figure[3(@), the solid-line polygon completely en-

of this analysis agrees with the results reportedlif [12], closes the dashed-line one, meanivey r oCat wins over

again confirming that AMm | dCAT was the strongest en-

all the other 8 specialists in bilateral competit@nsFig—

trant in the 2007 competition; and (ii) the days allotted to ure[3(i] shows the opposite situation in tivat t acor loses

Per si anCat shrink more slowly than those of other los-
ing specialists.
games betweenAMai | dCAT andPer si anCat (described
below) and suggests th&r si anCat was a strong en-
try. Figure[I(0) shows that withet r oCat (i) Met r oCat

all the games. The two polygons for any other specialist in-

This agrees with the results of bilateral tersect somehow, showing their advantages in some games

and disadvantages in others.
Both Figure3(@) anfl3(h) show thaAMni | dCAT, the
CAT 2007 champion, surprisingly loses (although barely)

quickly dominates the other entries, doing so faster thanagainstPer si anCat which placed sixth. This explains
| AMwi | dCAT in Figure[I(d), and by generation 8 only why in Figure[I{d) the days fdrer si anCat shrink more

MetroCat has any trading days; and (ii) theat 2007
champion, | AMwi | dCAT, loses trading days faster than

slowly than those for other specialistsl AMAi | dCAT's
loss, given the defeat ofersi anCat by PSUCAT and

other entrants after generation 1, indicating some weaknesj ackar oo, suggests thatAMui | dCAT has some particular

in its design when facing an opponent likiet r oCat .

3.2. Bilateral simulation

weakness that is taken advantage oPbysi anCat .

Other discrepancies, when compared to the results of the
2007 competition, includ¢ackar oo (which placed 4th)

winning overPSUCAT (2nd) andCr ocodi | e (3rd). These

One-on-one games Closely.examme. the strength and 10Met r oCat maintains a better balance than thase 2007 entries
weakness of a specialist when it faces different opponentsyenyeen market share and profit share by keeping extra-nadrgaders

As a result, we ran 81 experiments in total between the 9and preventing them from placing uncompetitive shouts.
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Figure 2: Simulation oEAT 2007 entries based on bilateT games.

may be significant, or may be caused by differences in the4. Conclusions and future work
configurations foPSUCAT andCr ocodi | e used in the sim-

ulations andcAT 2007 games.
This paper reports results of post-competition simula-

3.3 Ecological simulation tions of entries in the Firstac cAT Market Design Compe-
tition based on both bilateral games and multi-lateral game

The payoff table for bilateratAT games can be used to  The results basically agree with those [inl[12] and the re-
approximate ecological dynamics for populations invalvin ~ Sult of the actual tournament, and also unveil weaknesses
more than 2 specialist types. The payoff of each special-0f specialists in particular scenarios, including the eetd
ist type for a certain population mixture is computed as the | AMM | dCAT by Per si anCat in bilateral games and the
expected payoff for this specialist assuming that each speoorer relative performance ¢fackar oo in multi-lateral
cialist obtains the payoff it would have obtained had it com- scenarios than in bilateral scenarios.
peted one-on-one with each of the other specialists in the Some simulations also consider an additional specialist,
mix. Under this assumption, Figufe"3(a) gnd R(b) show Met r oCat , which uses a history-based shout accepting pol-
how a population with an initial even distribution of spe- icy that is derived from theb trading strategy for double
cialists evolves over time when, as [d [1], every specialist auctions. Met r oCat claims victories in all the scenarios
plays against every other specialist in every generation inaddressed in this paper, showing the importance of a shout
bilateral games, and the number of specialists in any generaccepting policy in a market mechanism.
ation is proportional to the payoff achieved by that “oreed”  tp¢ pijateral games and multi-lateral games can be
of specialist in the previous generation. _ viewed as the two ends of a spectrumazt games. The

_Comparing Figur Z(R) with Figufe Ta) and FiglT€ P(b) 4im of running simulations based on both configurations is
with Figure[I{B), shows that while the winning strategi@s ar y, oy jiore whether the different competition configurasion
the same, the ecological simulations based on multi-latera | 4 1o results that differ very much. It is hoped that if they
games converge much faster than those based on bilaterg},ye no much difference — and our results suggest that
games. This may be explained by the more epidemic ef-y,oy 4o not — the low cost of bilateral games can be used
fects of the strength of particular specialists in multefal to approximate the games involving more different individ-

games compared yvith bilateral games. Another nqtice-ua| types and different population distributions.
able phenomenon is thaSUCAT performs much worse in

the simulations with bilateral games than those with multi-

lateral games, whil¢ ackar oo and | AMwi | dCAT do the

opposite. These discrepancies indicate that, as one mighAcknowledgments

expect, different game setups may lead to very different re-

sults. However, our results may be helpful to identify the The authors are grateful for financial support from the Na-
weakness in strategies by looking at the particular scesari tional Science Foundation under grant 11S-0329037 and
in which a strategy performs poorly. from the EPSRC under grant GR/T10657/01.



specialist Met r o | AM PSU jack Croc MANX TacTex Persian Mertacor

Met r oCat 0.6451 0.7134 0.7461 0.7804 0.8217 0.7524 0.8592 0.7773 886.8
| AMA | dCAT 0.5895 0.6568 0.7207 0.6793 0.7681 0.7070  0.8008 0.6145 63D.7
PSUCAT 0.5366 0.5687 0.6152 0.5534 0.6950 0.6121 0.6420 0.7409 300.8
j ackar oo 0.4786 0.5926 0.6989 0.6279 0.7537 0.7088 0.7839 0.6902 60P.8
Crocodi | eAgent  0.4357 0.5245 0.5420 0.5145 0.4865 0.4614 0.6210 0.5879 250.7
MANX 0.5383 0.5930 0.6067 0.5790 0.5101 0.6434 0.7150 0.6166 940.6
TacTex 0.3362 0.4123 0.5743 0.4344 0.6271 0.5369 0.5546 0.6126 238.7
Per si anCat 0.4326 0.6200 0.5155 0.5925 0.7041 0.6686 0.6399 0.6446 710.7
Mer t acor 0.2677 0.3831 0.2947 0.3172 0.5068 0.4026 0.4479 0.4650 508.5

Table 1: The payoff matrix of bilater&@AT games betweeaAT 2007 entries antiet r oCat .
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of a solid-line polygon represent the corresponding sfist&payoffs against the 9 specialists respectively, Hrase of

a dashed-line polygon represent payoffs of its opponesisively. The overlapping vertex of the two polygons inlea
sub-figure is the self-play game for the particular spestiali
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