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ABSTRACT

Gode and Sunder (1993) described continuous
double-auction (cpa) markets populated by “zero-
intelligence” (71) traders that act randomly. Their
results appear to indicate that no intelligence is
required to give human-like trading performance.
Cliff and Bruten (1997) demonstrated serious fail-
ings of 71 traders. Here, ‘zI-plus’ (z1P) traders are
introduced: simple stochastic agents that adapt
over time using an elementary form of machine
learning. It is shown that the performance of zip
traders is significantly closer to the human data
than 1s that of z1 traders. Thus, human-like trad-
ing behavior can be achieved with intelligence that
is more than zero but much less than human.

1 INTRODUCTION

Gode and Sunder (1993) reported results from
market experiments where “zero-intelligence” (z1)
programs that submit random bids and offers re-
place human traders in experimental continuous
double-auction (cpa) markets. Gode and Sunder
(G&S herein) demonstrated that the transaction-
price time-series of “zI-constrained” (z1-c) traders
were human-like insofar as they appeared to con-
verge on the theoretical equilibrium price and
vielded levels of allocative efficiency similar to
those of comparable human markets. G&S con-
cluded that allocative efficiency was a poor indi-
cator of the intelligence of agents in a ¢DA mar-
ket, and noted that zI-c traders could be distin-
guished from humans in ¢DA markets because the
7I-C traders gave higher levels of profit dispersion.

Cliff and Bruten (1997) analyzed the probabil-
ity functions underlying zi-c traders’ interactions,
in a variety of cDA markets, and predicted mar-
ket conditions in which zI-¢ traders would fail to
trade at equilibrium prices. Empirical results from
experiments demonstrated zi1-¢ traders failing as
predicted. Thus, Cliff and Bruten (1997) claim
that the zi-c traders lack sufficient intelligence or
rationality to exhibit human-like equilibration in
cDA markets. On face value, G&S’s 71 traders
could be assumed to represent a lower limit on the
intdnigenaé Acgessiondoater Onliers in cpa mar-
kets, but CIliff & Bruten’s results indicate that
such an assumption would be unfounded.

This paper introduces simple adaptive trad-
ing agents for ¢DA markets, referred to as “zero-
intelligence-plus” (z1pP) traders, that employ an el-
ementary form of ‘learning’ to adapt their trading
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behavior on the basis of past experience of the
market. It is shown that the zip traders avoid the
failures of the Zi-¢ traders, and give human-like
market behavior despite having intelligence that
is much less than human.

2 ZERO INTELLIGENCE TRADERS

2.1 Background

Smith (1962) demonstrated that the transac-
tion prices of remarkably small groups of human
traders, operating in experimental ¢DA markets,
rapidly approach the theoretical equilibrium price.
But the question of just how much intelligence is
required of an agent to achieve human-level trad-
ing performance is an intriguing one. This ques-
tion was addressed by G&S (1993), whose results
appear to indicate that no intelligence at all is re-
quired of the traders, so long as they are prevented
from trading at a loss.

G&S used 71-C trader-programs in CDA mar-
kets. They found that the imposition of a bud-
get constraint (that prevents zI-c traders from
entering into loss-making deals), is sufficient to
raise the allocative efficiency of the auctions to val-
ues near 100%. They conclude that the traders’
motivation, intelligence, or learning have little ef-
fect on the allocative efficiency, which derives in-
stead largely from the structure of the ¢cbA mar-
kets. Thus, they claim, “Adam Smith’s invisible
hand may be more powerful than some may have
thought; it can generate aggregate rationality not
only from individual rationality but also from in-
dividual irrationality.” (1993, p.119).

This important work has been influential in
the experimental economics literature: Cliff and
Bruten (1997) supply a list of 12 example publi-
cations that approvingly cite G&S’s result.

G&S used an electronic ¢pA market, where
traders were connected on a computer network.
G&S’s experiments with human traders were per-
formed in a manner similar to that established
by Smith (1962): the subjects were divided into
a group of sellers and a group of buyers. Sell-
ers were given a number of units of an arbitrary
commodity, and each unit had a limit price (be-
low which it could not be sold), which was pri-
vate (i.e., known only to the seller of that unit).
Buyers were given the rights and means to buy a
number of units, and for each unit they were given
a private limit price, above which they could not
pay. The array of sellers’ limit prices determined



the market supply curve, and the array of buyers’
limit prices determines the market demand curve.
In the experiments with human traders, traders
‘quote’ bid and offer prices by typing them into
their computer terminals: the quotes were then
distributed to the other traders, and at any time
a buyer could accept a seller’s offer or a seller
could accept a buyer’s bid. This continuous trad-
ing process was broken into discrete periods or
‘days’: at the start of each day, new allocations
of selling or buying rights were distributed to the
traders. In experimental ¢DA markets such as
these, as with real human c¢ba markets, trans-
action prices rapidly approached the theoretical
equilibrium value given by the intersection of the
supply and demand curves.

G&S replaced the humans with zr-c traders,
simple programs or “software agents”. G&S used
z1-C traders in markets with supply and demand
curves similar or identical to those used with their
human subjects. Each z1-C trader generates ran-
dom bid or offer prices, but using a distribution
constrained by the limit price for the current unit:
each buyer is constrained to bid a price chosen ran-
domly in the range [1, Ay] where A; is that buyer’s
limit price; each seller is constrained to offer at
a price chosen randomly from the range [As, 200]
where A; is that seller’s limit price.

G&S presented results from five types of mar-
ket. For each type of market, they showed time-
series of transaction prices from one experiment
with zI-C traders, and from one experiment with
human traders. The surprising and significant ob-
servation that G&S make is that the results from
Z1-C traders appear to be very similar to those of
human traders. In particular, G&S monitored al-
locative efficiency (profit extracted from the mar-
ket as a proportion of maximum possible profit
in that market) and found that the allocative ef-
ficiency of humans and zI-C traders were not sig-
nificantly different. Thus, they conclude that no
intelligence other than the budget constraint is re-
quired of trading agents to exhibit human-like be-
havior in cpa markets. G&S speculate that no
intelligence is necessary for the transaction prices
of the traders to converge to the equilibrium value,
and they close their paper with brief discussion of
measurements of profit dispersion, D, defined for
a group of n traders as D = (% SO0 (a; —e)*)0P.
where a; is the actual profit earned by trader 1,
and e; 1s the profit that trader would realize if all
units were traded at the equilibrium price. Values
of D for z1-C traders are significantly higher than
those for human ¢DA markets.

2.2 Critique

Cliff and Bruten (1997) presented a critique of
G&S’s (1993) work, motivated by considering z1-c
trading behavior in four types of market, three of

which differ from those used by G&S. Fig. 1 shows
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Figure 1: Four types of market. In each graph, the hori-
zontal axis is quantity and the vertical is price. The supply
curve is labeled SS and the demand curve is labeled DD;
the intersection of these curves gives the equilibrium price
Py and quantity Qg. At top left is a market labeled A,
where the supply and demand curves are symmetric about
the line of constant price Fy. The top right market, labeled
B, has a flat supply curve. At bottom left there is a ‘box’
market with excess demand, labeled C. At bottom right
there is an excess-supply ‘box’ market labeled D.

the supply and demand curves for the four types of
market, labeled A, B, C, and D, with equilibrium
price Py and quantity Qg as indicated.

In market A, the supply and demand curves are
symmetric, in that they have gradients that are
approximately equal in magnitude but opposite
in sign. In Market B, the supply curve is flat over
the range of quantities supplied. In Markets C and
D, both the supply curve and the demand curve
are flat. However, in C, demand exceeds supply,
and so the equilibrium price Py is set by the point
where the supply curve cuts up through the de-
mand curve, because the excess demand encour-
ages price competition among buyers that will lead
to bid-price increases until the maximum buyer
limit price is reached. Similarly, in D, supply ex-
ceeds demand and so the excess supply encourages
offer-price cuts, driving the price down to equilib-
rium at the point where the demand curve cuts
down through the supply curve.

In the five experiments presented by G&S, the
market supply and demand were all similar to
A, although not so perfectly symmetric over the
range of quantities 0 to (Qy. Yet markets such as
as B, C, and D have also been studied in the litera-
ture. For example, market B is similar to Smith’s
(1962) “Chart 47, and markets C and D are simi-
lar to Smith’s (1962) “Chart 6”. Markets C and D
are also known as “box-design” schedules (Davis
& Holt, 1993, p.141).

For each of the four styles of market shown in
Fig. 1, Cliff and Bruten (1997) developed analytic



predictions of how the zi-c traders would perform:
in markets B, C, and D, failure of the average z1-c
transaction prices to reach equilibrium was pre-
dicted from analysis and confirmed empirically.

3 ZI-PLUS TRADERS

It 1s demonstrated here that remarkably simple
adaptive mechanisms can give performance that
does not suffer from the problems affecting G&S’s
zI-C traders: only a slight increase in ‘intelligence’
is necessary. Thus, these trading agents are re-
ferred to as “zero-intelligence-plus” (zIp) traders.

A profit-motivated trader in an experimental
cpA market will not quote an initial offer-price
or bid-price for a unit that is equal to that unit’s
limit-price A: to do so would be to trade at zero
profit. If p denotes the price a trader quotes for a
transaction, then sellers should quote p > A and
buyers should quote p < A. The relative differ-
ence between p and A will be referred to as the
trader’s profit margin. The z1P traders adjust their
profit margins up or down, on the basis of the
prices of bids and offers made by the other traders,
and whether those quotes are accepted (leading to
transactions), or ignored.

The intention here is only to demonstrate that
the simple adaptive mechanisms in ZIP traders can
give results better than Zi-C traders and more
similar to those of human traders. The com-
plete rationale for the current design of zip trader
agents, and extensive sets of results, are given
in Cliff (1997), which includes all the C source-
code for the system programs. A recent thesis
by van Montfort (1997) explores the use of these
zIP traders in spatially distributed markets where
there may be hundreds or thousands of agents.

The problem of designing a trading agent can
be considered as a combination of two issues:
the qualitative issue of deciding when to increase
or decrease the profit margin (discussed in Sec-
tion 3.1), and the quantitative issue of deciding by
how much the margin should be altered (discussed
in Section 3.2). Having explained these details,
Section 3.3 then presents results from experiments
with zIP traders operating in the markets used to
illustrate the failure of Z1-¢ traders.

3.1 Qualitative Considerations

To eliminate the need for sophisticated memory
mechanisms, each z1P trader alters its profit mar-
gin on the basis of four factors. The first fac-
tor is whether the agent is active in the market:
agents are active if they are still capable of mak-
ing a transaction in the market, and are inactive if
they have sold or bought their full entitlement of
units of the commodity. The remaining three fac-
tors concern ¢, the last price quoted by any agent
in the market: referred to as the last quote. Each
z1P trader takes note of whether the last quote was
an offer or a bid, whether it was accepted (i.e.,

led to a transaction) or rejected (ignored by the
traders in the market), and whether it is greater
than or less than the price that zip trader would
currently quote. The price a zIP trader i would
currently quote is trader ¢’s quote-price, p;, which
is calculated from trader i’s values of A; ; (4’s limit
price for unit j) and p; (2’s profit margin) using
pi = A (L4 1)

A 71P seller raises its profit margin whenever the
last quote was accepted and p; < ¢q. It lowers its
margin only if it is still active and the last quote
was an offer with p; > ¢, or if the last quote was a
bid that was accepted and p; > ¢. Similarly, a zip
buyer raises its profit margin whenever the last
quote was accepted and p; > ¢, and it lowers its
margin when it i1s active and either the last quote
was a rejected bid with p; < ¢ or the last quote
was an accepted offer with p; < ¢. The adap-
tation mechanism that alters the profit margin is
described next.

3.2  Adaptation

At a given time-step ¢, a ZIP trader ¢ calculates its
quote-price p;(t) for its unit j with limit price A; ;
using the current value of its profit margin s, (),
thus: pi(t) = A (1 + pi(t)), where p;(t) > 0.0
for sellers and y;(t) € [—1,0] for buyers. The zIp
traders alter their profit margins using a simple
update rule: g;(t + 1) = (pi(¢) +, :(t))/Ai; — 1,
where | ;(t) =i, (¢ = 1)+ (1 —7;)A;(t —1) is the
amount of change on the transition from ¢ to ¢+ 1.
Here, ; 1s the momentum coefficient for trader i,
and trader ¢’s value for A;(#) is given by:

Ait) = Bilmi(t) — pi(?)) (1)

Where §; is the learning rate for trader ¢, and
(1) = Ri(t)g(t) + A;(2) is the target price, with
q(t) the price-value of the last quote made by a
trader in the market, and R;(¢) and A;(t) are
stochastic values discussed further below.

The core of this adaptation method is Equa-
tion 1, the Widrow-Hoff “delta rule” which also
underlies learning in back-propagation artificial
neural networks (Rumelhart, Hinton, & Williams,
1986) and classifier systems (Wilson, 1994). This
rule gives asymptotic convergence of p;(t) to a tar-
get price 7;(¢) at a speed determined by 3; € [0, 1].

The target price 7;(t) is calculated by mul-
tiplying ¢(t) by a relative coefficient R;(¢) and
then adding a small absolute perturbation A;(t).
The values for R;(t) and A;(t) are stochastically
generated from independent and identical distri-
butions for each trader, every time 7;(¢) is cal-
culated. When the intention is to increase the
trader’s quote price, R; = U(1.0,1.0+ ¢g) and
A; = U(0.0,c4), where U(eg, cp) denotes a uni-
formly distributed random real value over the
range [c7, cp]. When the intention is to decrease
the trader’s quote-price, R; = U(1 — ¢r, 1.0) and
A; =U(—ca4,0.0).



d A:z1-C A:z1P B:z1-c B:z1p d C:z1-c C:.z1p D:z1-c D:z1ip
1 201412 185+19 2334£09 225407 1 138414 126420 249414 240408
2 2014+14 1914+11 234410 208+05 2 137417 129417 246413 237409
4 199414 196+£06 236+£10 201401 4 135417 138+19 253+£12 228410
6 199413 199404 232410 201401 6 1364+16 1434+£20 251+£12 222410
10 2014+15 200402 235410 201401 10 1374+15 152421 248+13 213411
30 13616 186+£20 2504+12 203407

Table 1: Results for z1-¢ and zIP traders in markets A and
B: Py = 200. Each column shows the mean (+ standard
deviation) transaction price for day d.

The Widrow-Hoff rule forces p;(¢) to approach
7;(t), but 7;(¢) is itself dynamically varying. The
system may be ‘damped’ by setting v; € [0,1]
to non-zero values, limiting high-frequency oscil-
lations. This method 1s also used in back-prop-
agation neural networks (Rumelhart et al., 1986).

Data from markets of zip traders with this
profit-margin adaptation are shown below.

3.3 Results

To allow direct comparison, results are presented
here from ZziP traders operating in the four mar-
kets that Cliff and Bruten (1997) used to show
the failure of zi-c traders: the supply and de-
mand curves for these markets are as illustrated
in Fig.1. In all markets, the equilibrium values
were Py = 200 and @y = 6. To give a repre-
sentative view of the performance of zip traders,
all experiments presented here are conducted with
the same parameter values, rather than with val-
ues optimized or ‘tuned’ to give good performance
for each particular market.

When initializing each trader, §; is gener-
ated from #(0.1,0.5), and 5; is generated from
4(0.0,0.1). Both §; and 7; remain fixed for the
duration of the experiment. Initial values for the
p; profit margins of the traders are generated us-
ing 4(0.05,0.35) for sellers and #(—0.35,—0.05)
for buyers: that is, all traders commence each ex-
periment with the profit margins between 5-35%.
Finally, cg = 0.05, ¢4 = 0.05 and , ;(0) = 0; V.

Results showing the average of 50 runs, each
for 10 ‘days’, for zZ1-c and Zip traders in markets
A and B are shown in Table 1, and for markets C
and D in Table 2. As predicted by Cliff and Bruten
(1997), the z1-c traders reach equilibrium in mar-
ket A but fail in markets B, C, and D. However,
the average transaction prices of the zZIP traders in
all four markets tend toward the equilibrium price
Py = 200. In markets A and B the average zIp
transaction price rapidly converges to near 200,
typically within the first four trading days, and
remains at that level thereafter, with low variance.

The data presented in Table 2 are less satis-
factory: the initial average ZIP transaction prices
are close to those of the z1-C traders, but this is
followed by a comparatively slow (yet steady) ap-
proach toward P,, from below. To further illus-
trate the behavior of Zip traders in these two mar-

Table 2: Results for zZI-c and zIP traders in markets C
and D, format as for Table 1.

kets, the experiments were continued to 30 trading
days. As is clear from the d = 30 data, the long-
term tendency of the zip traders is towards Pjy.
If the various system parameters (such as the ini-
tial distributions of profit margins, and the distri-
butions of learning rates and momentum values)
were altered, faster approach to Py in markets C
and D could be demonstrated.

Similarly, the approach to equilibrium from be-
low in market A is an artefact of the buyers and
sellers having initial values of profit margin drawn
from distributions over the same ranges of per-
centages, as explained by CIliff (1997). Again, the
initial settings of the traders’ parameters could be
altered to eliminate this bias (i.e., give the sellers
higher percentage profit margins than the buyers).

However, the intention here is not to demon-
strate zIP traders with optimal parameter set-
tings: rather, the data presented here serves to
demonstrate that the simple ziP trading strate-
gies can readily achieve results that Chff and
Bruten (1997) demonstrated to be impossible
when using ZI-C traders, and are closer to those
expected from human subjects or traditional
rational-expectations theoretical predictions, with
the same zIP parameter values in a variety of mar-
ket conditions. On these grounds at least, the min-
imally adaptive ZIp traders represent a significant
advance on the work of G&S.

Smith’s measure of allocative efficiency and
G&S’s measure of profit dispersion were also cal-
culated for the zip traders. As with the zi-¢
traders, measures of allocative efficiency for zip
traders are typically very high (often averaging
100%). For this reason, zZ1P allocative efficiency
data are not very informative, and so are not
shown here. However, the profit dispersion data
are more revealing: time series of average profit
dispersion values for both zI-¢ and zIpP traders in
the markets A to D are shown in Tables 3 and 4.

The profit dispersion data clearly shows that
in all cases the final profit dispersion is signifi-
cantly less for zip traders than for zI-c traders.
In markets A and B the zIp profit dispersion falls
sharply over the first four days and then levels out
to a roughly constant value; in markets C and D
the fall is less dramatic but could be made more
rapid by appropriate alteration of the parameter-
settings, as discussed previously. In Section 2.1,



d A:z1-C A:z1P B:z1-c B:z1p
1 35£09 27+£09 27£08 20&£06
2 33+£09 134+£09 28407 06404
4 32+£09 0607 2708 01=x01
6 33+10 04405 26407 01401
10 33+£09 034+06 2707 01=x01

Table 3: Profit dispersion P (x100) for z-C and zIp
traders in markets A and B. Each column shows the mean
(£ standard deviation) value of 100D for day d.

d C:z1-c C:.z1p D:z1-c D:z1p
1 62417 64+19 48+ 11 38+07
2 61+13 58418 48410 34407
4 64+£15 51419 52410 27407
6 60+£15 47419 51408 20408
10 58+12 40420 49413 10409

Table 4: Profit dispersion P (x100) for z-C and zIp
traders in markets C and D. Format as for Table 3.

it was noted that G&S state that the z1-c profit
dispersion levels are appreciably higher than those
of human traders. Tables 3 and 4 demonstrate zZIpP
traders rapidly adapting to give profit dispersion
levels that are in some cases more than a factor
of ten less than those of ZI-C traders. On this ba-
sis, 1t seems safe to claim that the performance of
the ziP traders shown here is significantly closer
to that of human traders than is the performance
of 71-C traders.

3.4 Related Work

Despite G&S’s work on zrI traders having been
cited approvingly in a number of texts discussing
cDA markets, there appear to be very few papers
that are comparable to the work described here:
we know of no other critiques of G&S’s work, and
have found only two papers that describe artifi-
cial trading agents similar to the zIip traders de-
veloped here. These two papers are by Easley
and Ledyard (1992) and Rust, Miller, and Palmer
(1992), discussed below. Cliff (1997) provides an
extended critique of the market-based control lit-
erature (e.g. Clearwater (1996)), noting that the
problem of incorporating bargaining mechanisms
in software agents is commonly avoided by intro-
ducing centralized auctioneer processes. For this
reason, no work in market-based control is re-
viewed here. CIiff (1997) also discusses the lack
of relevant work in “artificial life” research.
Fasley and Ledyard (1992) developed an anal-
ysis of hypotheses for price formation and equili-
bration in human markets; describing a strategy
that yielded three specific predictions of human
market behavior. Their trading strategy is sim-
ple, but requires more market data than do zIp
traders and can only enter into one transaction
per day (ZIP traders can engage in multiple trans-
actions: see Cliff (1997)). Easley and Ledyard’s
(E&L’s herein) strategy is only fully effective af-

ter the first day of trading; yet it is often on the
first day that the most significant shifts in behav-
ior occur. Also, E&L’s analysis relies on a simpli-
fying assumption that is questionable in practice:
they assume that, when more than one trader is
interested in a transaction, the trader offering the
best price is guaranteed success (1992, p.70). Sev-
eral of the experimental observations E&L present
contradict their theoretical predictions. Further-
more, as E&L (1992, p.87) note, their theory does
not apply to experiments in which one side of
the market is ‘silent’ (e.g., retail markets), and it
doesn’t predict the effects of shifts in supply and
demand curves. However, swift and stable equili-
bration responses of zIP traders when supply and
demand alter, and the human-like equilibration of
zip traders in ‘retail’ markets, are both demon-
strated by Cliff (1997). Because zIP traders give
good performance in situations where E&L’s work
cannot be applied, it seems fair to claim that zip
traders are both simpler than, and an advance on,
the work of E&L (1992).

Rust et al. (1992) report on a series of exper-
imental economics tournaments they organized,
where other researchers were invited to submit
software agents that would compete against one
another in a simplified cDa market. Hence, their
markets were composed of traders with heteroge-
neous strategies, and the most successful strategy
was essentially parasitic: it exploited the actions
of other strategies; but a homogeneous CDA mar-
ket populated entirely by the parasite strategy ex-
hibited manifestly suboptimal dynamics. Thus,
there is no focus in Rust et al. (1992) on explicit
critiques of G&S’s 71 traders, or on exploring the
behavior of homogeneous groups of traders in dif-
fering environments such as markets A to D.

The recent work of Epstein and Axtell (1996)
has attracted much attention. This includes stud-
ies of bilateral trade between simple software
agents in spatially distributed markets, but the
trade mechanisms involve the exchange or bar-
tering of two commodities: there is no money or
price mechanism in their models (Epstein & Ax-
tell, 1996, p.101), and so their work also does not
bear comparison with G&S’s.

3.5 Summary

The results presented in Section 3.3 demonstrated
that the zip traders yield better results than zi-c
traders: Tables 1 and 2 showed ZI-C traders con-
verging to equilibrium in one market but failing
(as predicted by Cliff and Bruten (1997)) in an-
other three. In contrast, the zIP traders succeed
in reaching equilibrium in all four markets. It was
also demonstrated that profit dispersion is lower
in zIP trader markets than in z1-¢ markets, so the
ZIP results are closer to the human-trader data

presented by Gode and Sunder (1993).

In addition to comparing the behavior of zip



and ZI-C traders, we can also compare the behav-
ior of zIP traders to Smith’s (1962) results from
human subjects. In particular, Smith notes that
in his excess-demand market, “... The approach to
equilibrium is from below, and the convergence is
relatively slow”: both of these qualities are exhib-
ited in market C by the zrp trader results, but not
the zI-c trader results, in Table 2. Thus, the z1p
traders give results qualitatively similar to those
of Smith’s (1962) human subjects both in their
equilibration behavior and in their modes of fail-
ure. CIliff (1997) shows zIP traders converging to
below-equilibrium prices in ‘retail’ markets where
only sellers quote prices: Smith (1962) describes
similar results with human traders. Significantly,
in these markets inspired by Smith’s experiments,
zIC traders either fail to give results comparable
to human data, or cannot be used without revising
and extending their specification.

Smith (1962) also experimented with altering
supply and demand mid-way through the experi-
ment, and with ‘high-volume’ markets where his
human subjects were given the right to buy or sell
more than one unit per day. Again, ZIP traders
exhibit human-like performance in such markets,
rapidly adapting to the new Py (Cliff, 1997).

The similarities between theoretical predictions,
human data, and zip traders are striking and sig-
nificant because of the simplicity of the trading
strategies and adaptation mechanisms in the zip
traders. While Cliff and Bruten (1997) demon-
strated that G&S’s Z1-C traders are too simple, the
results in this paper indicate that the zip traders
introduced here are simple enough to give human-
like performance, but not too simple.

4 CONCLUSION

Computational trading agents can be viewed as
mechanistically rigorous statements of potential
models of human bargaining behaviors. G&S’s
work was an important contribution to the field
of experimental economics, proposing an absolute
lower limit on the mechanistic complexity of ¢pa
trading agents, and demonstrating that allocative
efficiency i1s a poor indicator of the intelligence
of agents in a cpa market. However, Cliff &
Bruten’s (1997) critique predicts failings of z1-c
traders that were confirmed empirically. Thereby
indicating a need for bargaining mechanisms more
complex than simple constrained stochastic gener-
ation of prices.

The work on zIP traders reported here should
be viewed as a preliminary sketch of what forms
such bargaining mechanisms might take. The zip
traders are more complex than G&S’s z1-c traders,
but only slightly, and in any case are manifestly
much less complex than humans. Nevertheless,
the results from the zIP traders, both in terms
of equilibration and profit dispersion, are clearly
closer to those from human experimental markets

than are the results from zi-¢ traders. It 1s reas-
suring to see that very simple mechanisms can give
such human-like results, but there is much further
work that could be done in exploring behavior of
zIP traders in more complex market environments,
and in attempting to extend the behavioral sophis-
tication of such traders without unduly adding to
their complexity.
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