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Abstract. Real market institutions, stock and commodity exchanges for exam-
ple, do not occur in isolation. Company stock is frequently listed on skesterak
exchanges, allowing traders to potentially trade such stock in differerketsa
While there has been extensive research into agent-based tradingviioluiadli
markets, there is little work on agents that trade in such multiple marketrsogna
Our work seeks to address this imbalance. Here we provide an initialsssaly
the behavior of trading agents that are free to move between a numberadiel
markets, where markets are able to charge traders in a variety of Wayshow
the movement of traders between markets, sketch some adaptivgissdtet
markets may use to adjust charges, evaluate the effectivenessebthasgies,
and give some results which show the effect of trader movementapepies of
the markets.
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1 Introduction

The market mechanisms known asctions are widely used to solve real-world re-
source allocation problems, and in structuring stock anrfeg exchanges like the New
York Stock ExchangeNYSE) and the Chicago Mercantile ExchangevE). When well
designed [11], auctions achieve desirable economic owgedike highallocative ef-
ficiency whilst being easy to implement. Research on auctions @llgirinterested
economists and mathematicians. They view auctions as gafmiesomplete infor-
mation and have successfully applied traditional analytethods from game theory
to some kinds of auctions [14, 28]. The high complexity ofesthuction types, espe-
cially double-sided auctiorig], however makes it difficult to go further in this direatio
[13, 21] except in special cases such adiinger’s biddouble auction [10]. ImAs, both
competing sellers and buyers can make offers, in contrabetmost common auction
mechanisms, such as the English auction, where only bugerseke offers, and this
greatly expands the space of possible trader strategiededlowith this complexity,
researchers turned to experimental approaches to analysadst common varieties
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of the double auction, theontinuous double auctioftbA) — in which any trader can
accept an offer and make a deal any time during the auctioager and theclearing
house(cH) auction — where deals may only be made at the end of the aupte
riod though offers may be continuously exchanged. For edani®4] showed that for
CDASs, even a handful of human traders can lead to high overallesfiy, and transac-
tion prices can quickly converge to the theoretical eqiilim.

With real trade increasingly contracted by automated “pogtraders”, experimen-
tal work has followed suit. [8] introduced tieero intelligencerading strategy zi-c
— which bids randomly but avoids making a loss — and showetlitlgenerates high
efficiency solutions [8]. [3] then provided an adaptive tradstrategy callecero in-
telligence plugzipP), and showed that it outperformed-c, generating high efficiency
outcomes and converging to the equilibrium price. This tethe suggestion thatip
embodies the minimum intelligence required by traders.sBgbent work has led to
the development of further trading strategies, includhmag proposed by [20], and that
suggested by [7], the latter commonly being referred ta@asfter its creators.

This work on trading strategies is only one facet of the redean auctions. The
results in [8] suggest that the structure of the auction raeigims plays an important
role in determining the outcome of an auction, and this igfrrbourne out by the work
of [29] (which also points out that results hinge on both eurctiesign and the mix of
trading strategies used). For example, if an auctiostrstegy-proaoftraders need not
bother to conceal their private values, and in such auctongplex trading agents are
not required.

Despite the variety of this work, it has one common theme —H gtadies single
markets. In contrast, real market institutions, like thecktand commaodity exchanges
mentioned above, do not occur in isolation. Company stofleuently listed on sev-
eral stock exchanges. Indian companies, for example, chstéa on both the National
Stock ExchangeNsE) and the Bombay Stock Exchangesg) [23]. US companies may
be listed on both theYSE, NASDAQ and, in the case of larger firms, non-US markets
like the London Stock ExchangegE).

Such multiple markets for the same goods induce complexactiens. The sim-
plest example of this is the work afbitrageurswho exploit price differences between
markets to buy low in one and sell high in another, thus egtie prices between
markets. In addition, futures exchanges make it possilolédalers in a particular com-
modity to offset their risks by trading options — commitmetd buy or sell at a future
date at a certain price — in that commodity, and provide frrtsipportunities for arbi-
trage. More complex dynamics occur when markets competehas thensE opened
and proceeded to claim much of the trade volume from the kstield BSE [23], or
when the newly created Singapore International Monetaighixge $IMEX) did the
same to Japanese markets for index futures on Nikkei 22542BE late 1980s. These
changes took place over a long period of time, but inter-etaditnamics can have much

YIn a recent paper [25], one of the authors of [8] reveals that theyeaap with this simple
strategy in the face of demands from students whom they had challengeghte automated
strategies, saying that “Our motivation for the cC strategy was part jest: it was sure to lose
to the student strategies, but we could still save face with such an obviioghje and silly
strategy”.
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shorter timescales, as was the case in the flow betweeoMBeand theNysE during
the global stock market crash of 1987 [15]. This kind of iat#ion between markets
has not been widely studied, least of all using automatettsa

The work described in this paper starts to address this enlal between exper-
imental work and what happens in the real world, providingaaalysis of scenarios
in which trading agents choose between a number of paralekets, while the mar-
kets simultaeously decide how to profit from the traders.dmmon with much work
in computational economics [5], the strategies used botindaers to choose between
markets, and markets to decide how to charge traders, arsiveple — the idea is that
using more sophisticated strategies might obscure our efevhat is happening in the
complex setting of double auction markets.

2 Background

To experiment with multiple markets, we used a variant ofXea Auction Simulator
API (JASA)?. JASA provides the ability to run continuous double auctions paied by
traders that use a variety of trading strategies, and has s for a variety of work
in analysing auctions, for example [17, 19]. AuctionslirsA follow the usual pattern
for work on automated trading agents, running for a numbéraofingdays with each
day being broken up into a seriesmmiunds A round is an opportunity for agents to
make offers to buy or séll and we distinguish different days because at the end of a
day, agents have their inventories replenished. As a resugty buyer can buy goods
every day, and every seller can sell every day. Days are antiahl because agents are
aware of what happened the previous day. Thus it is possibledders to learn, over
the course of several days, the optimal way to trade.

We run a number ofASA markets simultaneously, allowing traders to move be-
tween markets at the end of a day. In practice this meansrdmrs need a decision
mechanism that picks which market to trade in, and we havéeimgnted several —
these are discussed below. Using this approach, agentstasely learning how best to
make offers, which they will have to do anew for each markettthey are also learning
which market is best for them. Of course, which market is hetdepend partly on
the properties of different markets, but also on which otlggmts are in those markets.

We allow markets to levy charges on traders, as real marketihdloing this, our
work has a different focus from the other work on market maddms we have men-
tioned. That work is focused on how the performance of tmbelps achieve economic
goals like high efficiency [8] and trading near equilibriugj,[or how traders compete
amongst themselves to achieve high profits [27]. In contrestare interested in com-
petition betweermarkets and what the movement of traders is when they are faced
with a variety of markets.

Zhttp://sourceforge. net/projects/jasal
3 Offers to buy are also calldnids, and offers to sell are also callagks Both are calleghouts
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3 Experimental Setup

The experiments we carried out explore how traders movedmtwnarkets of different
properties and what effect their movement has on the prdfiteoge markets.

3.1 Traders

Our traders have two tasks. One is to decide how to make offaesmechanism they
use to do this is theitrading strategy The other task is to choose market to make
offers in. The mechanism for doing this is theiarket selection strategyhe trading
strategies are:

— z1-C: [8] which picks offers randomly but ensures the trader diesake a loss.
— GD: [7] which estimates the probability of an offer being adegpfrom the distribu-
tion of past offers, and chooses the offer which maximisesxpected utility.

The market selection strategies are:

— T, the trader randomly picks a market; and

— T.: the trader treats the choice of market asnraarmed bandit problem which it
solves using ar-greedy exploration policy [26]. A, trader chooses what it esti-
mates to be the best market, in terms of daily trading profit) wrobability 1 — e,
and randomly chooses one of the remaining markets otherwisay remain con-
stant or be variable over time, depending upon the valuesgbdéinametet: [26]. If o
is 1, e remains constant, while if takes any value i0, 1), e will reduce over time.

— T, the trader uses the softmax exploration policy [26][’Atrader does not treat all
markets other than the best exactly the same. If it does ramisehthe best market,
it weights the choice of remaining market so that it is mokelli to choose better
markets. The parameterin the softmax strategy controls the relative importance of
the weights a trader assigns markets, and similarly, i may be fixed or have a
variable value that is controlled hy.

Thus all our traders use simple reinforcement learning tadgewhich market to trade
in%, basing their choice on the expected profit suggested by @xjoerience, and mak-
ing no use of any other information that may be available abmmarkets. As men-
tioned above, we deliberately chose this simple decisiocheu@sm in order to make
the comparison between markets as clear as possible.

3.2 Markets

While we can set up markets to charge traders in a variety owag have concen-
trated on charging traders a proportion of the surplus oarsstiction in which they are
involved — that is a proportion of the difference between titha buyer bids and the
seller asks (we refer to this as a “profit charge”). We focuthimbecause it mirrors the
case of the competition between thee and theBsE [23] where thessE, had a much
higher charge on transactions than the new market.
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We experimented with four basic charging mechanisms, oatithposed fixed
charges, and three simple mechanisms for adapting charges:

— Fixed charging rates, typically 20%, 40%, 60% and 80% oftirplus on a transac-
tion.

— Pricecutting #0): since traders will, all else being equal, prefer marketh vower
charges, a pricecutting market will reduce its charge il 80% of the charge of
the lowest charging market.

— Bait and switch§& s): the market cuts its charge until it captures 30% of thedrad
then slowly increases its charge (adjusting its charge @@eh again if its market
share drops below 30%).

4 Though we have results, not presented here, which suggest thatomoplex forms of rein-
forcement learning, like the Roth-Erev approach [20] do not perfgignificantly differently.
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— Lure or learn fast(LL): a version of thezip strategy, suitably adapted for markets.
The market adjusts its charge to be just lower than that ofrthket that is the most
profitable. If it is the most profitable market, it raises it&me slightly.

As with our choice of the mechanism used by traders to chodsehvwnarket to trade
in, our choice of market strategies was driven by the desifiedt establish the relative
performance of simple charging policies, and thus the kstricture of the problem of
competing markets, before trying more complex policies.

Each of the experiments is setup in the following way. Theeexpent is run for
beween 100 and 400 trading days, with every day being spiitio rounds, each of
which is 1 second long. The markets are populated by 100rsaeleenly split between
buyers and sellers, and initially evenly split between ratgkEach trader is permitted to
buy or sell at most one unit of goods per day, and each tradea pavate value for that

® The name is intended as a play on Bowling’s “win or learn fast” [1]. We initialijled this
strategy “zero intelligence” but found we confused it with zero intelligenagers.
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good which is drawn from a uniform distribution between $8@ &150. Private values
are constant across all the trading days. For most of theriexgets, all markets were
continuous double auctions, though the very last expetisner discuss in the paper
also used clearing house auctions (we will identify theggearents clearly when we
discuss them).

4 Reaults

The results of our experiments are given in Figures 1 to 6 afte§ 1 and 2. These all
show values averaged over 100 runs of each experiment.

4.1 Fixed charge markets

The first set of experiments explore the properties of mankith fixed charges. These
are the results in Figures 1 to 4.

Figures 1 provides some baseline results. Figures 1(a) @dstow that traders
that pick markets randomly have no discernable pattern eement between markets,
just as we would expect. As a result, the market with the ligbbarges makes the
most profit. In contrast, Figure 1(c) and 1(d), when tradésk markets based on their
personal profits, they move towards the market with lowestfizosts. While markets
with high charges make initial windfall profits, the trendasthe lower charging market
to gain greater cumulative profit as the number of tradingdiagreases.

Figure 2 and Figure 3 show the insensitivity of the resultoin to the choice of
bidding strategy and the choice of market selection styatégures 2(a)—2(d) show that
results are robust against the ability of traders to maksikkntrades since broadly the
same results are observed when some or all of the traderstingikbéidding decisions
randomly usingzi-c rather than using the sophisticated strategy. Figures 3(a)—3(d)
test the sensitivity of the results to the kind of learningdign the market selection.
Decreasing over time (Figures 3(a) and 3(b)) does not seem to have mbett dbut
switching to the softmax strategy (Figures 3(c) and 3(djuces the attractiveness of
the lowest charging market since some traders can still megsonable profits in higher
charging markets, and so will pick them relatively often.

Finally, Figure 4 tests the effect of allowing populatiorigraders to learn for dif-
ferent lengths of time. As we can see from Figures 4(a)—4td)results obtained so far
are very sensitive to the length of time agents have to leboutathe markets. When
as few as 10% of traders start learning afresh every day,laiimg traders leaving
and entering the system of markets (4(c) and 4(d)), the lbalesrging market might
still capture most of the traders, but it captures less afnth&nd the remaining mar-
kets attract enough traders to have the same profit profilehas ¥here is no learning
(Figures 1(a) and 1(b)).

Thus, for the fixed charge markets — which is all we used indheial experi-
ments — provided that there is no turnover of traders, it isranimg strategy to undercut
the charges of the other markets.

7
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4.2 Other approachesto market charging

While the experiments described above give us some idea dhtbmplay between
trader movement, market charging and overall market peidioce, it is perhaps more
interesting to examine how the different adaptive chargimgtegies work in compe-
tition against one another. To explore this, we carried ogeres of mixed market
experiments along the lines of the trading strategy work2@].[For each of the three
adaptive charging strategies — pricecuttimg); bait-and-switch €& s) and lure-or-
learn (L) — we ran an experiment in which all but one market used tmategy and
the remaining market used another strategy, carrying oaitsoich “one-to-many” ex-
periment for each of the other strategies. In other worddested every “one-to-many”
combination. For all these experiments, we measured theletine profit of a market
using the charging strategies, and ran the markets alondgisédsame null market as
before.
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For all of these experiments we ran four charging marketshBaly made charges
on profits, and each had a different initial charge (eachmx@at had one market each
with a 20%, 40%, 60% or 80% charge). After the first day, eactketahen changed
its charge using whichever of the three adaptive stratégies! been assigned. In each
experiment we also provided a fifth “null” market which madeamarges and executed
no trades — the idea of this was to allow traders that were lertahtrade profitably
with a mechanism for not trading. For all of these experimene used traders that
made bids usin@D, selected markets using afgreedy policy ¢ = 0.1 anda = 1),
and continued learning for all 400 days.

Table 1 gives the results of “one-to-many” experimentsingithe cumulative prof-
its of the “one” market against the best performing “many'tkesfor each combination
of the adaptive markets. The table also indicates whichtpsafie greater at 90% con-
fidence (as determined by a t-testy:™means the “one” market is better than the best
“many” market at 90% confidence ang* means the best “many” market is better. The
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Table 1. Results of one-to-many experiments. For each experiment, the tabketge’cumulative
profit of the “one” strategy followed by the cumulative profit of the befsthe “many”, and an
indication of whether the “one” is greater or less than the “many” at the 86ffidence level
(determined by a t-test).

Many pc ManyB&s Many LL
1-pC Profit 0.8-84.1 6502.2 — 6043.6
stdev. 7.5-105.6 1527.1 - 2159.7
relationship < >
1-B&sS Profit 82.0-0.7 6545.7 - 5743.8
stdev. 56.7 - 6.8 2325.0-1581.8
relationship > >
1-LL Profit 2289.6-0.8 1773.5-166.9
stdev. 1118.9-85 633.0 — 264.8
relationship > >

day by day results for these experiments are not includeel foerwant of space, but
may be found in [18]. Table 1 indicates that one price-cgttimarket is effective against
many lure-or-learn markets (the daily results show thabégithis by capturing more
traders). In such a case, both types of market generate gobits pHowever, when all

the markets are price-cutters, they get into a price war aind their charges down to
zero.

The bait-and-switch strategy was envisaged as a more sigphésl version oPc,
one that exploited its market share by increasing chargesaniers it had attracted
through low charges. The results in Table 1 suggestaBzd achieves this intention,
outperformingpc both when one bait-and-switch takes on multiple priceerattand
when a single price-cutter competes against multipledoai-switch markets. However,
as is the case withc, when all the markets us: s, they may end up cutting charges in
a futile attempt to increase market share and hence do na magh profit. Something
similar happens when there are many bait-and-switch n&rkening against a single
lure-or-learn market.

The lure-or-learn strategy, designed to get out of pricesvigrincreasing charges
when it can, performs well against batic andsB& s markets when it is in the minority.
When there is only one price-cutter or bait-and-switch agfaimanyLL markets, the
pc andB& s markets may outperform the markets. However, even when this is the
case, the daily results reveal that can still make more profit than the other market
strategies in the short run (before 200 days have elapsed).

The results in Table 1 are cumulative over the entire 400 déykse experiment.
Since the early days of the experiment often contain a lotad$enfrom the initial
exploration of the traders, it is interesting to also looktet profits over the just the
later stages of the experiments, when trader movement kiiedsgown. Such results
are presented in Table 2. These results suggest that wteimitie majority, the lure-
or-learn strategy is clearly outperformed by both a singiegpcutter and a single bait-
and-switch market. This result just reinforces what we d@lleady see in Table 1, and
overall none of the relationships change between Table Tablké 2 — our results are
robust against the initial noise as traders settle down.
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Table 2. Results of one-to-many experiments over the latter days of the runaEbmexperiment,

the table gives the cumulative profit of the “one” strategy over the l&&tafs of the experiment
followed by the cumulative profit of the best of the “many” and an indicatsd whether the

“one” is greater or less pthan the “many” at the 90% confidence lee¢tfohined by a t-test).

Many PcC ManyB& s Many LL
1-pC Profit 0-7.2 1727.5-1475.3
stdev. 0-335 438.8 - 610.6
relationship < >
1-B&S Profit 59-0 2048.0 — 1397.7
stdev. 40.2-0 829.3-432.1
relationship > >
1L Profit 206.1-0 147.2-70.2
stdev. 173.4-0 54.4 - 227.6
relationship > >

4.3 Equilibrium in multiple markets

The experiments that we have described so far were intendestess how traders move
between multiple markets that compete to attract tradacshaw competition between
markets unfolds in terms of the profits made by each marketigder, there is another
aspect that is of interest — the effect of this competitiotween markets on the usual
economic measures by which we assess markets, measuresalldcative efficiency
and proximity to theoretical equilibrium. We therefore exaed these measures using
the same experimental setup as in the “one-to-many” expatisn although we only
used homogeneous mechanisms for choosing market chaligesr@LL) and carried
out the experiments for bothbA and cH markets. The results are given in Figures 5
and 6, the former being the results when all marketscares, and the latter being the
results when all the markets aceis.

The results show that trader movement (Figures 5(a) andé&dfa)) between the
different markets has settled down to some extent by arduntlQ0th day of trading. At
this point traders are still moving — this is a result of therked selection mechanism
which still chooses one of the non-optimal markets 10% oftithe (sincec is 0.1) —
but the average number of traders that move in each marketamday has reduced to
an approximately constant level.

Equilibrium price is also still changing by day 100, and d¢onés to change
throughout the experiments. Figures 5(b) and Figure 6(bjchvplot thechangein
equilibrium price each day, make this clear — there is a neme-zhange every day
in every market. However, some pattern does emerge. Thegeharequilibrium price
has flattened off for each market by around day 300. Not ondythe@ change stopped
changing on average (though it still fluctuates from day tg)dbut the size of the
change has stratified by market — a couple of the markets haegailibrium price
that is changing very little, while others have an equilibmiprice that is changing a lot.
This seems to be because in the latter kind of market, tradersparse, and the suppply
and demand curves scarcely overlap [2]. In such a markemtvement of traders can
have a big effect on the profitable trades, and hence theileguih price.
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In addition to figures for individual markets, we measureel figures for all the
markets combined — these provide the “global” results iruFég 5(c), Figure 5(d),
Figures 6(c) and Figure 6(d). Global efficiency measuregdtie of the actual profit
achieved by the traders as against the profit that theorysaykl be achieved were all
the traders operating in a single market. The global cofftaéconvergence is thems
difference between the equilibrium prices in the individuarkets and the equilibrium
price that theory says would hold were all the trader in alsingarket. As the figures
show, these values settle down to approximately constamsafter between 100 and
200 days (despite the continuing change in equilibriumgsic

Both the global efficiency and the coefficient of convergeingerove over time —
efficiency rises while the cooefficient of convergence drapdicating that trading is
closer to the theoretical equilibrium. The results in [16pgest that the rise in effi-
ciency occurs because the charges imposed by marketsaispltrta-marginal traders,
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Fig. 6. The performance of markets over tin@D traders in multiplecH markets that useL to
set charges on trader profits. All plots show average value, and ploésd (d) show standard
deviation also.

and thus remove the possibility of inefficient trades. Tt flaat trades involving extra-
marginal traders will tend to occur further from the equiliion price than trades involv-
ing intra-marginal traders explains the fall in the coeéfitiof convergence.

While the final values for the coefficient of convergence compeell with the val-
ues obtained in work on single markets, efficiency looks lompared with the values
obtained in single markets. We believe that this is expthimetrader movement (which,
as we recall, continues throughout the experiment). Trag®rement means that the
distribution of trader private values in a given market af@mevery trading day. As a
result, traders have to keep relearning optimal offeand this continual learning re-

5 All traders are affected by this. Traders that move are clearly in ardiffenvironment, while
traders that do not move will typically have to cope with a market from whimme traders
have removed themselves, or a market that has new traders to cope with
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duces efficiency when compared with measurements obtamehgle markets where
the distribution of private values is held constant from tiaglay.

5 Related work

In our experiments, market performance depends on the nmadfet strategies being
considered. This suggests that, as is the case for tradatggies [27], it may be hard
to find a dominant strategy for deciding market charges,ghauch a conclusion must
wait until market strategies have been investigated farfrtas is particularly important
since the strategies that we have considered were, quitatiomally, about the simplest
we could imagine (starting with simple strategies seemeunba gvay to understand the
problem we are considering).

As mentioned above, there has been little work on the probfezhoosing between
multiple markets. Our work is similar to [12], but differs that our work assesses
the impact of different market charges while [12] is conegrnwvith the information
available to traders. [12] is also concerned with markeds dine spatially separated, so
that traders’ access to trading partners is limited by toe@tion. This is similar to the
concern of [6]. In comparison, our traders are able to findgaryner, but the mobility
of traders means that they can be separated temporally thtrespatially.

Our work also has similarities to that of [9]. In the lattdrpppers choose between
different merchants, and the merchants set prices thahdepethe prices set by other
merchants. While some of the results obtained in [9], espgtiee price wars induced
by myopic price-setting, look similar to some of ours, thersario we are considering
is considerably more complex. For one thing, the tradersiirsoenario — the analogs
of the buyers in [9] — learn rather than making the same matkeice at every trading
opportunity. Secondly, and more importantly, the market®] have prices set by the
merchants, while in our case the prices are determined hbyatlers. As a result, when
traders pick a market in our scenario, they do not know foe suthey will even be
able to trade, much less what prices good will change hands@mn the perspective
of the markets, it is possible to attract many traders whoabse of their value for the
commodity being traded, do not end up trading. We are in theqss of investigating
the effect of these subtleties.

6 Conclusions

This paper has described some of our initial work examinirggdynamics of trading
when agents can choose between different markets. Whileewsany of drawing too
many conclusions from our results, because we are still agay stage in our inves-
tigation, we can distinguish some broad trends. These shaty éven when they are
limited in their ability to make good trades and limited irthlearning about markets,
traders will gravitate to the lowest charging markets rathgckly, and, as a result, mar-
kets with lower charges generate higher profits. Howeverattvantages of low charges
are somewhat brittle. The advantages evaporate, for egamvpen not all traders are
experienced, and it appears that the best charging seatagg both adaptive and, like
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the simple “lure or learn” and “bait-and-switch” strategjithat we introduce, quick to
increase charges when they can. Clearly there are manymhlsible charging strate-
gies, and it remains to be seen whether these conclusiodsvhein other strategies are
tested. (See [16] for more on this topic.) Our results algggest that while splitting
traders across multiple markets tends to mean that thelbsgstem takes much longer
to reach equilibrium, even if the equilibrium state thatvemually reached is not so
different from that which would be reached by a single largekmat.

Our future, and, indeed, current, work is aimed at furthéangling the behavior
of competing markets. First, we want to ensure the robustoithe results we present
here, and so are repeating the experiments (a) over longedpgto be sure that what
we have is indicative of performance in the steady state nvatlestart-up effects are
removed, (b) with different market rules, for example with as well ascbA, and (c)
with traders with different mixtures of trading and markelestion strategies. Second,
we want to try to optimise the simple adaptive strategies -e-lihavior of each is
determined by some simple parameters (for example the rstriee that the bait-and-
switch market looks to capture), and it seems likely thatadlé adjustment of these
parameters can improve performance. Third, we aim to iiyegst additional market
strategies with the aim of discovering one that is dominamdying from the “one-
to-many” analysis performed here to the kind of evolutigngame theoretic analysis
used in [29]. Finally, we want to examine the effect of diffier market topologies on
our results, rather like [6].
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