Springer
Berlin
Heidelberg
New York
Barcelona
Hong Kong
London
Milan
Paris
Singapore
Tokyo

Domenico Delli Gatti Mauro Gallegati
Alan Kirman (Eds.)

Interaction and
Market Structure

Essays on Heterogeneity in Economics

Springer




Editors

Prol. Domenico Delli Gaui Prot. Alan Kirman

Catholic University of Milan EHESS, IUF, Contents
ITEMQ Universitd d'Aix-Marseille I11

Largo Gemelli, 1 GREQAM

20123 Milan, taly 2 Rue de la Charité

Prof. Mauro Gallgati 13002 Marseille, France

DSGSS ) .
Viale Crucioli, 120 Introduction

64100 Teramo. Lialy Domenico Delli Gatti, Mauro Gallegati, Alan P.Kirman .................. 1

Library of Congress Cateloging-in-Pubiication Data

Learning to Trade and Mediate
Interaction and market structure : essays on heterogeneity in economics / Domenico

Delli Gatti, Mauro Gallegati, Alan Kirman (Eds.). HerBert Dawid oo e i 9
p- ¢m. -- {Lecture notes in economics and mathematical systems ; 484)
Includes bibliographical references (p. ).
ISBN 3540669755 (soficover : alk. paper} ) ‘
1. Economics--Mathematical models. 2. Markets--Mathematical models. 1. Delli Gatti, Learniing to Be Loyal. A Study of the Marseille Fish Market
Domenico. II. Galiegati, M. (Mauro) IIL Kirman, A, P. IV. Series. 13
i ic CVFIERE i e
HB135 .155 2000 Alan P.Kirman, Nicolaas J. Vri
330°.01"1--de2!
99462210 _ _ _ .
On New Phenomena in Dynamic Promotional Competition
Models with Homogeneous and Quasi-Homogeneous Firms
Michael Kopel, Gian Italo Bischi, Laura Gardini ... 37
ISSN 0075-8442
[SBN 3-510-66979-5 Springer-Verlag Berlin Heidelberg New York A Reconsideration of Professor Iwai's Schumpeterian Dynamics
EF FFAIRE © oo it e 89
This work is subject to copyright. All rights are reserved, whether the whole or part Reiner Framke .oococovveveoemicneninrns
of the material is concerned. specifically the rights of translation, reprinting, re-use
of iflustrations, recitation, broadeasting, reproduction on microfilms or in any other . . : :
way, and storage in data banks. Dupiication of this publication or parts thereof is Agents’ Heterogeneity, Aggregation, and Economic Fluctuations
permit.ted_ only under thg provisions of_{hg German Copyright Law of September 9, Domenico Delli Gati, Mauro Gallegati, Antonio Palestrini ............. 133
1965, in its current version, and permission for use must always be obtained from
Springer-Verlag. Violations are liable for prosecution under the German Copyright
Law. The Dynamic Interaction of Rational Fundamentalists and Trend
Springer-Verlagisacompany inthe specialistpublishing group BertelsmannSpringer Chasing Chartists in a Monetary Economty
. . . . ; i
© Springer-Verlag Berlin Heidelberg 2000 Carl Chiarelia, dlexander Khomin ... ..ccciviiiiiiiie 15
Printed in Germany
The use of general descriptive names, registered names, trademarks, etc. in this Self-Organization in Global Stochastic Models
publication dogs not imply, even in the absence of a specific statement, that sugh of Production anéd Inventory Dynarnics
names are exempt from the relevant protective laws and regulations and therefore . . 167
free for general use. Sergio Focardi, Michele Marchesi ...

Typesetting: Camera ready by author
Printed on acid-free paper  SPIN: 10734504 42/3143/du 543210




252 Paclo Lupi

10. N. Jonard and M. Yildizoglu. Thecnological diversity in.. an evol.utiona.ry'indu's—
try model with localized learning and network externalities. Mimeo University
Louis Pasteur — Stroshourg, 1997 _ .

11. Michihiro Kandori, George J. Mailath, and Raphael Rob. Learning, mutatior,
and long run equilibria in games. Feonometrica, 6}.(1?:29—56, Jan 1993. )

12. Oliver Kirchkamp. FEwolution and Learning in Spatial Models, PhD thesis,

iversity of Dusseldorf, 1996,

13. gz:x‘xfzn l\/{arimon. Learning from learning in economics. In David M. K.IEPS and
Kenneth F. Wallis, editors, Advences in Eeonomics end Econometrics: The-
ory and Applications, volume I of Bconometric Socz'.:zty Monographs, chapter 9,
pages 278-315. Cambridge University press, Cambnd.ge UK, 1_997.’ .

14. Ramon Marimon and Ellen McGratten. On adaptive lea.z_‘nmg in stra‘,tegc
games. In Alan Kirman and Mark Salmon, editors, Learning and Ratignael-
ity in Economics, chapter 3. Blackwells, 19.95. . . .

15. Sidney Siegel. Level of aspiration and decision making. Psychological review,

:253-262, 1957. ) .

18. gge(r?eif i\. Simon. Administreive Behaviour: a Study of Decision-making Pro-
cesses in Administrative Organizations. MacMillan, 1047. .

17. Herbert A. Simon. The Science of the Artificial. MIT press, Cambridge, Mas-
sachussets, third edition, 1806.

b

ljve Ml/\ %cd{/t-\'.’ SM\LU)&J/\. Gk Wﬁn—wm (@cgf))
A chon, and Whewr ek Shne bwee

Expectation Formation in a Cobweb Economy:
Some One Person Experiments*

Cars Hommes!, Joep Sonnemans'?, and Henk van de Velden!

! University of Amsterdam, Center for Non-linear Dynamics in Economics and
Finance {CeNDEF), Roetersstraat 11, 1018 WB Amsterdam, The Netherlands
2 University of Amsterdam, Center for Research in Experimenta) Economics and

Political Decision-Making (CREED), Roetersstraat 11, 1018 WB Amsterdam,
The Netherlands

Abstract. In economics expectations play ar important rofe. In making decisions
agents form expectations about fature values of variables, Therefore, in any dy-
namic economic model, agents beliefs about the future have to be modeled. Do
people form expectations using a simple rule of thumb or do they use a continually
updated forecasting rule? Can people learn a rational ezpectations equilibrium? This
baper describes experiments where we investigate how beople form expectations in

the subjects seemed to be able to learn the uanique rational ezpectations equilib-
rium. We also found that many individuals deviate from rational ezpectations for
long periods of time, sometimes with 'systematic forecasting errors’.

1 Imtroduction

In making optimal decisions agents often have to form expectations about
future values of variables. Although much research has been done concern-
ing theoretical models of expectation formation and learning, it is still not
clear how agents form expectations in real markets. The currently leading
paradigm in expectation formation in economics still seems to be the Rg-
tional Ezpectations Hypothesis, introduced by Muth [11]. However, this hy-
pothesis has been criticized a lot in the last decade or 50, especially in the
bounded rationality literature; see for example, the surveys by Sargent 13]
and Evans and Honkapohja [4]. One reason for the eriticism is that rational
exXpectations assumes unrealistic high computing powers of the agents within

* Paper presented at the third workshop on Economics with Heterogeneous
Interacting Agents, Ancona, May 29-30, 1998. We would like to thank the
participants of the workshop for useful comments, We also would like to thank
Jan Tuinstra for his comments cn previous drafts.
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254 Cars Horhmes et al.

econometricians using time series observations to form expectations. Bound.
edly rational agents use their own model of the world and they estimate the
parameters as more observations become available.

The objective of this paper is to investigate how agents form expectations
in an experimental cobweb economy, without knowledge of the underlying
market equilibrium equations. In the experiment prices were generated by
a non-linear cobweb model, with expectations formed by individual partici-
pants. In this experimental setting of what is perhaps the simplest dynamie
economic model, we address the following questions: Do agents use simple
habitual rule of thumbs or do they form expectations some other way?’ and
'Do agents learn the unique rational expectaiions equilibrium?’,

The paper is organized as follows. Section 2 briefly recalls the price dynamics
of the nonlinear cobweb model for different expectation schemes. In section
3 the experimental setting is explained, while section 4 gives a description
of the results. Secticn 5 concludes and contains some remarks about future
experimetital work.

2 The Cobweb Model

In the thirties the cobweb model was introduced into economic theory, see
for example Ezekiel [5]. Since then the cobweb model has been one of the
benchmark models in economic dynamics. The cobweb model describes the
price behavior in a single market with one non-storable good taking one unit
of time to produce. The demand, ¢, for the produced good depends upon
the price of the good, p;- Since it takes one period to produce the good the
production decision of the suppliers depends on the expected price, pf, that
wili prevail in the market. The actual price is determined by market clearing,
that is the equality of total supply and total demand. The model can thus
be represented by the following three equaticns:

Qf = D{ps) (1)
a = 3(pf) (2)
g =g, (8)

Throughout this paper we will use the following specifications of demand and
supply functions:

Dip:) = o — bp; (4)
S(pE) = tanh(A(pf — c)) + 1. (5)

The demand curve is linear and decreasing in price, whereas the supply curve
is non-linear and increasing in the expected price. Notice that a non-linear
increasing supply curve is consistent with profit maximizing firms. The rea-
son for choosing a non-linear supply curve is tha, for instance with adaptive
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expectations, the non-linear cobweb model can generate chaotic price flucty-
ations. An important question is whether in the corresponding experimental
cobweb economy agents will be able to learn the (unstable) rational expec-
tations steady state equilibrium price. From {(1-3), using demand (4) and
supply (5), one easily finds that the market equilibrium price p; is given by:

Py = 3la ~ tanh{A(pf - o)) ~ 1] (6)

From this equation it is clear that the price, py, depends upon the expectations
of the agents. In the experimental cobweb economy prices will be generated
by the unknown market equilibrium equation (6), with expectations being
formed by participants of the experiment. In the following we first recall haw
the dynamics depends upon the different kind of expectation schemes, studied
in the literature.

Naive Expectations

The first expectation scheme we will consider is naive expectations. If pro-
ducers have naive expectations then they expect today’s price to be equal to
yesterday’s realized price, that is,

Pt = Dioy

It is well known that the cobweb model with naive expectations and mono-
tonic demand and supply curves yield only three types of long run dynamic
behavior: {7) convergence to a stable steady state equilibrium, (i7) a (stable)
period two cycle and (i1} unbouaded price oscillations. In our setting, the
latter possibility can not occur, since the supply curve (5) is bounded. Notice
also that in the case of a 2-cycle, agents make "systematic forecasting’ errors,
in the sense that the actual price will be high (low) when expected price is
low (high).

Adaptive Expectations

Adaptive expectations means that the expected price is a weighted average
of yesterday’s price and yesterday’s expected price, that is,

P =wp—y + {1~ w)pf_,

Nerlove [12] introduced adaptive expectations into the linear cobweb model
and showed that it has a stabilizing effect on the price fluctuations. More
recently Chizrella [3] and Hommes [7] investigated the cobweb model with
adaptive expectations and a non-linear {but monotonically increasing) sup-
ply curve and found that price cycles of any period and even chaotic price
fluctuations can arise. To show what happens we make use of a bifurcation di-
agram. A bifurcation diagram shows the long run price dynamics ag a {rulti-)
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valued function of & parameter. In the bifurcation diagram, fizure 1, below
we see that a shift of the demand curve can result in a steady state price, a
stable k-cycle {k == 2,4, ..) or chaotic price oscillations.

price
10.d

7.5 /’\;/\'/

t t i =

1.00 1.25 zZ.00 2.50 2.00 4.00

Fig. 1. Bifurcation diagram for cobweh economy with adaptive expectations w.r.t.
shifting the demand curve upwards, other parameters are A = 2,b = 0.25,¢ =
6,w =0.5.

In figure 2 we see what will happen to the price dynamics if we change
the weight factor, w, from zero to one,

Price
10.(

Fig. 2. Bifurcation diagram for cobweb economy with adaptive expectations w.r.t
the expectations weight factor w, other parametersare a =2, A =26 =0.25,c= 6

This figure demonstrates that the introduction of adaptive expectations into
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the cobweb model has a stabilizing effect, it dampens the amplitude of the
price oscillations. However adaptive expectations also introduces the posibil-
lity of chaotic or a-periodic price fluctuations.

Learning

In the theoretical bounded rationality literature, much attention has been
paid to learning schemes where agents update parameters, There are differ-
ent kind of expectations schemes that involve learning rules. A well-known
example of a learning rule is Ozdinary Least Squares-learning (OLS-learning).
Bray and Savin [2] showed convergence to rational expectations in the cob-
web model with OLS-learning. Another related adaptive learning rule, Sample
AutoCorrelation-learning (SAC-learning) where agents constantly update the
parameters of their forecasting function according to the sample average and
the sample autocorrelation coefficient, was recently introcued by Hommes
and Sorger [9]. Learning leads to convergence to the rational expectation
equilibrium steady state price. '

3 An Experimental Cobweb Economy

In this section we will describe the experiments. In the next section we will
present the results of the experiments and we will show how these results fif
the theoretical framework, presented above.

3.1 The Experimental Design

We conducted four experiments. The participants in experiments 1a and 1b
had to predict a 'value' between zero and ten while participants in experi-
ments 2a and 2b were asked to predict a ’price’ between zero and ten. We
started the experiment when everybody had finished reading their instruc-
tions. The experiments lasted 50 periods, every period lasted 30 seconds. We
will cali the participants predictions the predicted value/price and the real-
ized value/price the rea! velue. At the end of every period the participants
were informed about the real value. Nothing was said about how this real
value was caleulated or if it was calculated. So the only information the par-
ticipants had were the previous reel values and that their prediction should
lie between zero and ten. The better the participant predicted the more ke
would earn. Every period the participants could earn up to 1300 pointst, As

! The payment of each prediction is based upon a quadratic payoff function
1300 - 260(X — ¥')* where Y is the predicted value and X is the real value. The
expected value of this function is maximized by ¥ = EX. Negative payoffs were
not used; earnings were 0 if [X — ¥| > /5. At the end of the experiments the
points were exchanged to Dutch guilders zt a rate 1300 peints = 1 guilder {is
approximately $0.50).
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the end of every period the participants screen was updated. Figure 3 below
shows a typical screen the participants saw during the experiment,

Nymbar —— aradictlon Round Pre- raai
150 “*= real numbar 17 diction value
3 1 1.00 7.95
7 2 4.00 7.95
=3 3 .5.80 6.38
3 4 3.70 8.20
3 5 577 2.83
5 a8 .60 B8.37
1 7 8.80 B.73
a 3.00 7.76

9 570 6.06

10 3.00 782

Total aarnings Ramaining 114 5.00 7.as
aarnings: this perlod; timas ;'g g-gg ;-331
0857 1290 00 14 .00 g2

. 15 S.00 ?.79

15 3.60 10.00

Hhat s your prediction Pradictiom 17 5.43 T.23

this period? 18 8.20 s.g2

Your prediction must 19 822 8.36

be betwaen O and 10 .

Fig. 8. Typical computerscreen of participants during the experiment

. 3.2 The Different Conditions

We report the findings from 4 experiments using the design parameters listed
in Table 1.

Table 1. design parameters of the experiments

experi- periods - shock
ments { 1-15 [ 16-28 | 29-40 | 41-50 (e0)
exp. lala, =2 |o¢ =3 |a, = 1.95 oy = 2.5(U(-0.2,0.2)
exp. 1bla: = 2.3/as = 2.3/a; = 2.3 |a, = 2.3 N{0,0.5)
eXp. 2a ap = 2 ay = 3 ar = 1.25 Qg = 2.5 U(-02,02)
exp. 2b jae = 2.3)ay = 2.3]a; = 2.3 |a, = 2.3 N(0,0.5)

Participants were not informed about the market equilibrium equation
which generated the price as a function of the expected price. The real value
was generated to be the market equilibrium price in the cobweb economy in
section 2, with expectations formed by a single participant, ie.,

a; — tanh{2(p{ — 6)) — 1

P = 0.5 + &, (7N
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where ¢, is an (unknown) exogenous shock. There are three main differences
between the experiments. Firstly, as can be seen in Table 1, in experiments
1b and 2b the parameter a is the same for fifty periods, so that there are
no large demand shocks. In contrast, in the other two experiments 1a and
2a four different values of the parameter a are used, implying that there
are three (large) demand shocks (three shifts of the demand curve) within
the 50 periods of the experiment. Participants have no information about any
shocks occurring; in fact, as stated before, participants do not even know that
the time series are generated by an underlying cobweb model with feedback
from their own expectations. The second difference between the experiments
is the difference between the permanent shocks (er). In experiments 1a and
2a. thers are small permanent shocks, drawn from a uniform distribution. In
experiments 1b and 2b there are medium size permanent shocks, drawn from
a normal distribution. The third difference is that in experiments la and 1b
the participants had no market information at all, but where simply asked to
predict a ‘value’ or ‘number’ between 0 and. 10. In contrast, in experiments
2a and 2b the participants had some general market information, and were
asked to predict the price in a market. In the latter case, participants knew
that they had to predict ‘some kind of price sequence’, but they were not
informed that this price sequence was generated by a demand-supply mode!
with feedback from their own expectations. The question now arises how
these differences in the experiments affect the participants predictions.

4 The Results of the Experiments

In this section we will give the results of the experiments. We will show the
differences and similarities of the results between the different experiments.

4.1 Experiments la and 2a: Three Large Exogenous Shocks

Large differences between the participants cccured. Some of the participants
earned up to 52000 points (40 guilders) while others earned nothing. An
obvious reason for this is that participants used different kind of expectation
rules. For a good examination of the results we categorized the participants
into three categories by looking at their time series. The three categories we
obtained are:

L. participants who seem to have some kind of adaptive expectations or
AR(1} learning

2. participants who seem to have some special form of naive expectations,
which we call markov expectations '

3. participants who did not seem to use a systeratic forecasting rule

Table 2 shows how the participants in experiments la and 2a are distributed
over the different categories. The average amount of money in guilders earned
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Table 2. earnings of participants of experiments la and 2a

experiment la|category ljcategory 2 category 3itotal
participants 8 5 T 20
average earn. 28.99 10.94 6.29 16.54

experiment 2ajcategory 1|category 2 category 3itotal
participants 4 11 4 19
average earn. 25.85 8.97 9.33 - |12.60

by a subject in that category is also shown. From the table we see that
participants in category 1 earned most money, while the difference between
participants in categories 2 and 3 is less obvious. Even though the partici-
pants in experiment 2a had some general market information their average
earnings are somewhat less than those of the participants in experiment la.
Overall this suggests that general market information does not improve pre-
diction performance. Note that the participants with naive expectations or
markov expectations who according to the theory will always make system-
atic forecasting errors did earn some money. An explanation for this is that
the theoretic cobweb model with naive expectations and parameters as in the
experiment, leads to the stable equilibrium value in periods 29-40 .

Figure 4 shows the time series of participant 31 (experiment la), a typical
example of category 1.

participant 31

galue
O N B o O

Fig. 4. time series of participant 31

The dotted line represents the participants’ predicted value and the black
line represents the real value. From figure 4 we see that around period eight
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the participant predicted the equilibrium price. At period sixteen the {un-
expected)} exogenous shock takes place {the parameter a changes from 2 to
3) causing the rea! value to become almost ten. At period 17 the participant
adapts his predicted value too much in the direction of the rea! value caus-
ing the real value to decline sharply. But frem that moment on he adapts
with smaller steps and within four periods he has found the new equilib-
rium again. After the second (peried 29} and the third (period 41) exogenous
shock he finds the equilibrium price/value even faster. Participant 31 is able to
learn the unique rational expectations steady state within 8 periods, without
any knowledge of the market equilibrium equations. After a large exogenous
shock, participant 31 is able to find the new rational expectations steady
state quickly.

Simulations with Experiment 1a and 2a

We did some simulations to show how our results relate to the theory. In
figure 5 below we see that in the case the expectations or forecasting rule is
adaptive expectations with weight factor w = 0.2, the generated time series
is similar to the time series for participant 31 in the actual experiment. This
suggests that participant 31 has been using some kind of adaptive expecta~
tions forecasting rule with a small weight factor.

adaptive expectations, w=0.2

value

0N s 0 o O

i
@ o he W @
- e 0 R 8 8 8 B 3 %8 2

Fig. 5. simulated time series with adaptive expectations with expectations weight
factor w = 0.2.
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4.2 Experiments 1b and 2b: Permanent Medium Shocks

The difference between these experiments and the former experiments is that
in this experiment there are no large shifts of the demand curve, but instead

there are permanent medium exogenous shocks € ~ IN{0,0.5). Table 3 shows
the results for experiments 1b and 2b.

Table 3. earnings of participants of experiments 1b and 2b

experiment lb|category 1 category 2icategory 3{total
participants 7 9 6 22
AVECage earn. 21.63 0 4.63 8.14

experiment 2blcategory 1 category 2|category 3itotal
participants 6 5 5 16
average earn. 29.183 0.32 6.96 13.22

Apgain we see that the participants who we put in category 1 earned the most
money. Notice that in this case general market information does lead to some
prediction improvement and therefore to higher average earnings. Figure 6

shows the time series of participant 102 {experiment 2b), a typical exarmple
of category 2.

participant 102

price

Fig. 6. time series of participant 102

It is easy to see that this participant only expected a high or a low price.
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participant 110

price

Lo I N B " B R = |

LI B I B A Rt e

t
wn (=2} oy P~ - uy o [vrd P el W o
— - o o~ N -

T
-

Fig. 7. time series of participant 110

Since in these experiments the equilibrium price was 5.92 this participant did
not earn any points at all. On the other hand participant 110 from group 1
predicted the price very well as we can see in figure 7.

Sirnulations with Experiments 1b and 2b

‘We now present a simulation with markov expectations. Markov expectations
means that a participacts' predicted value is either his last predicted value or
the last real value, with some probability of switching between these two.
This leads to the following time series.

Irom a qualitative viewpoint, figure 8 is similar to the time series of partic-
ipant 102. Some individuals in the experiments thus seem to use some kind
of markov expectations rule.

Finally, Figure 2 shows the time series of a simulation with SAC-learning,.
Despite the medium sized permanent demand shocks, the learning algorithm
converges to the unique steady state equilibrium. This time series is similar
to the time series of participant 110 (category 1). SAC-learning thus seems
to be a reasonable description of some of the individual forecasting rules.

5 Summary and Concluding Remarks

In this paper we have built an experimental environment to investigate ex-
pectation formation in a cobweb economy, and in particular to investigate
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markov expectations, condition 2

value

|I:Iltlilllllll;llll|Illslihlllil;_l_l"‘
- W o e e [T = - S
- = & &4 & 8 B 392 oo
round
1

Fig. 8. simulated time series with markay expectations, transition probabilities of
0.25 and 0.75.

SAC-learning, initial alpha=5.8 beta=0.5,

Fig. 9. simulated time series with SAC-learning, & = 5.8 and 4 = 0.5.

whether agents are able to learn rational expectations in an unstable market
when market equilibrium equations are not known. We found that around
35% of the participants was able to learn the rational expectations equi-
librium price/value. These participants seemed to use adaptive expectations
with a small weight factor w. They adapted their predictions with smali steps
into the direction of the realized price. Also in some cases SAC-learning or
OT.S-learning describes expectation formation reasonably well. In contrast,
one of the main results of these individual experiments is that a large frac-
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tion of the participants was not able to learn the unique rational expectations
equilibrium price/value, not even within 50 time periods. This result is re-
markable since we are dealing with what is perhaps the simplest dynamic
economic model. Although there is a unique rational expectations equilib-
rium many agents are not able to learn it when market equilibrium equasions
are unknown.

In order to get insight into expectations in real markets, much more work
remains to be done. A controlled experimental environment seems to be very
useful in addressing the problem of expectation formation. An important
shortcoming of the present paper is that so far we have focussed entirely
on individual experiments, that is, in all experiments described above the
realized price/value is fully determined by the expected price of a single in-
dividual. It is much more interesting to consider group experiments, where
the realized price/value will be determined by an equilbrium equation with
simultanecus expectation feedback from many, different individuals. Does ag-
gregation of expectations improve convergence to the rational expectations
steady state, or is instability of ratioral expectations equilibria in a many
agent world, with many different forecasting rules being used, even more
likely? We intend to run such group experiments for the cobweb model in the
CREED laboratory of the Unversity of Amsterdam in the near future. The
individual experiments described in this paper should be useful as a bench-
mark to address the issue whether aggregation in expectations is stabilizing
or destabilizing.

The market institution will also be important in determining whether
aggregation of expectations will be stabilizing or not. In future work, we hope
to consider different institutional settings, e.g. by applying our experimental
setup to other underlying market equilibrium models such as financial asset
pricing, exchange rate or inflaticn models.
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Fecund, Cheap and Out of Control: Heterogeneous
Economic Agents as Flawed Computers vs.
Markets as Evolving Computational Entities
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{e-mail: philip.e mirowski. l @nd.edu)

Abstract. Our objective in this paper is to try and clarify what we perceive to be two major
approaches to the problem of heterogeneous interactive economic agents, and argue in favor of the
option which we feel has suffered relative neglect. The first option, perhaps best represented by the
work of Alan Kirman, but found throughout the avant garde of the profession, tends to characterize
agents as flawed autormata or limited computational entities. Exercises in this tradition tend to
preduce simulations of specific economic situations. While there is much to admire in this program,
we maintain that invoking a gestalt reversal which regards markets as computational devices, or
literal formal automata, would achieve many of the same goals as the former research program, but
would foster a rich and viable evolutionary economics to boot, one which would encourage both
mathematical rigor and historical relevance, while aveiding many of the mechanistic excesses of
neoclassical theory. Because the second path is the road less traveled, we survey what we call a
computational understanding of markets, in order to provide a framework for incorporation of
automata theory into a consciously evolutionary approach. For after all, what is the purpose of
acknowledging the heterogeneity of agents, if not to then subject them to some form of sclection
process? We work through an explicit example of the automata theory approach, using two papers
by Gode & Sunder [1993, 1997] to illustrate how some recent literatures could be recast into this
novel approach. We close with the suggestion that it is experience with real-time markets being run
as automata on computers, and not just some academic simulations, which will induce both
economists and market participants to come to an appreciation of this kind of evolutionary

€CONomics.

1. Waiting for a Little Spontaneous Order

The effect of the computer upen modern developments in economic theory is a topic still
in its infancy. All manner of novei and imaginative research programs owe their genesis



