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Abstract

The relevance of risk preference and forecasting accuracy to the survival of investorsis
an issue that has recently attracted anumber of recent theoretical studies. At one extreme, it
has been shown that risk preference can be entirely irrelevant, and that in the long run what
distinguishes the agents who survive from those who vanish is just their forecasting accu-
racy. Being in line with the market selection hypothesis, this theoretical result is, however,
established mainly on the basis of Pareto optimal alocation. By using agent-based com-
putational modeling, this paper extends the existing studies to an economy where adaptive
behaviors are autonomous and complex heterogeneous, and where the economy is notori-
ous for its likely persistent deviation from Pareto optimality. Specifically, a computational
multi-asset artificial stock market corresponding to Blume and Easley (1992) and Sandroni
(2000) is constructed and studied. Through simulation, we present results that contradict
the market selection hypothesis. Among the eight types of agents considered in this model,
only log-utility agents survive, and the rest are driven out, including even those who have
superior forecasting accuracy. Nevertheless, when all the agents are of the same type, the
wealth share is positively correlated to forecasting accuracy, and the market selection hy-
pothesis is sustained, at least in aweak sense.
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1 Introduction

Agent-based computational economic (hereafter ACE) modeling is distinguished
from the conventional economic modeling by itsgreat flexibility in terms of agents
heterogeneity and the associated population dynamics. This advantage may be very
helpful in studying the survivability of different types of agents, specifically when
they are placed in a complex interactive environment. In this paper, the ACE ap-
proach is applied to address a debate which can be related to the market selection
hypothesis, according to which marketsfavor rational tradersover irrational traders.

The debate, if wetraceitsorigin, started as aresult of the establishment of what
become known as the Kelly criterion (Kelly, 1956), which basically says that a
rational long run investor should maximize the expected growth rate of his wealth
share, and therefore should behave asif he were endowed with alogarithmic utility
function. In other words, the Kelly criterion implicitly suggests that there is an
optimal preference (rational preference) which acompetitive market will select and
that islogarithmic utility. The debate on the Kelly criterion has along history, and
so not surprisingly, thereisalong list of both pros and cons with regard to it as the
literature develops. !

A possible implication of the Kelly criterion isthat an agent who maximizes his
expected utility under the correct belief may be driven out by an agent who max-
imizes his expected utility under an incorrect belief, smply because the former
does not maximize a logarithmic utility function, whereas the latter does. Blume
and Eadley (1992) were the first to show thisimplication of the Kelly criterion in
a competitive asset market. In their seminal study, they questioned the survivabil-
ity of rationa investors. In a nutshell, they showed that rational investors who are
characterized by their selection of a portfolio that maximizes their expected utility
with respect to the correct belief may not be good enough to survive. To enhance
their survivability, their preference over risk (utility function) must also be “opti-
mal”. If not, an even more striking result isthat these rational agents may be driven
out of the market by those agents who base their decisions on incorrect beliefs, but
have a“nearly optimal” preference. 2

The market selection hypothesis, therefore, fails because agents with accurate
beliefsare not necessarily selected. A consequence of thisfailureisthat asset prices
may not eventually reflect the true value of the asset, and may fail to converge to
the rational expectations equilibrium.

Nonetheless, a series of recent studiesindicates that the early analysis of Blume
and Easley (1992) isnot complete. Sandroni (2000) showsthat, if the saving behav-
ior is endogenously determined, then the market selection hypothesis is rescued,

I See Sciubba (1999) for a quite extensive review.
2 Other similar findings can aso be found in Sciubba (1999).



and in the long-run, only those optimizing investors with correct beliefs survive.
The surviving agents do not have to be log-utility maximizers, and they can have
diverse preferences over risk. Sandroni’s analysis is further confirmed by Blume
and Easley (2001) in aconnection of the market selection hypothesisto thefirst the-
orem of welfare economics. They show that in a dynamic complete market Pareto
optimality is the key to understanding selection for or against traders with correct
beliefs: in any optimal allocation the survival or disappearance of atrader is deter-
mined entirely by beliefs, and not by risk preference.

Sandroni (2000)’s and Blume and Easley (2001)’s studies are largely analyti-
cal. They both take a Pareto optimal allocation as a starting point to work with.
The dynamic process converging to a Pareto optimal allocation itself is, nonethe-
less, beyond the scope of their analysis. Issues related to the dynamic process are
two-fold. First, there is individual dynamic optimization. A Pareto optimal allo-
cation rests upon the optimization of all individuals. In this specific context, this
requires that all agents are able to solve the infinite-time stochastic dynamic opti-
mization problem facing them, regardless of their preferences over risk or utility
functions. However, analytical solutions known to us are severely restricted to cer-
tain classes of preferences. In general, one hasto rely on numerical approximation,
which means that Pareto optimality may not always be attainable.

What makes this problem even more complex is, however, the second issue:
trading at an equilibrium consistent with price expectations. Notice that what we
study here is not a ssmple representative-agent optimization problem, but a mar-
ket composed of heterogeneous agents. Each one of them, upon maximizing his
expected utility, has to know the prices of assets in the future. These prices are,
nonetheless, endogenously generated by agents own perceptions. As a result, a
typical fixed-point problem occurs. The market, as a distributed decentralized pro-
cessor, may fail to coordinate its participants to such afixed point. ® In general, it
will depend on agents’ forecasting rules and the associated |earning schemes, and
it is likely that agents will trade at prices that are inconsistent with their ex-ante
expectations of the prices. In this case, Pareto optimality is also not attainable.

Both of the two issues discussed above are directly related to the attainability of
Pareto optimality. However, Pareto optimality per se was only taken by Sandroni
and Blume and Easley as a convenient starting point for their analytical work. To
facilitate their further analysis, the learning dynamics concerned with the updating
of agents' beliefs also be needed to be ssimplified. Sandroni, for example, did not
deal with learning dynamics directly; instead, he assumed that there will be a day
when some agents can eventually make accurate predictions or eventually make

3" In contrast to the agent-based bottom-up approach, there is atop-down way to avoid this
issue by using the design of a Walrasian auctioneer and simply equating demand to supply.
However, deriving the aggregate demand function for each asset under different sets of
prices itself is a daunting task.



accurate next period predictions, and started his major analytical work from there.
Nevertheless, a plausible process to show the appearance of these sages was absent.
It is, therefore, not entirely clear whether these types of agents will ever emerge. 4
What happens when no trader has correct beliefs?®

Blume and Easley (2001) do recognize that the market selection hypothesis
would be of little interest if it were to address only selection for traders with cor-
rect beliefs. Their delicate analysis of learning leads to two major findings asto the
superiority of Bayesians. First, aBayesian amost surely survivesfor aimost al pos-
sible truthsin the support of her prior. Second, in the presence of a Bayesian trader,
any traders who survive are not too different from Bayesians. We admire the beauty
of the analysis of the Bayesians, but are not entirely easy about traders being just
Bayesians. For us, being a Bayesian is only one way of representing human learn-
ing behavior. It has its mathematical rigor, but when cognitive and computational
constraints are presented, it is not clear whether Bayesian learning is the most ef-
fective way of describing observed |learning behavior. The experimental evidences
certainly not always in favor of Bayesian learning. ® Therefore, this consideration
does not stop us from asking: what happens when no traders are Bayesians?

This review and discussion of the early literature now seems to indicate clearly
where we are moving. Needless to say, the above-mentioned analytical work on the
market selection hypothesis has already provided uswith an interesting benchmark
to reflect upon, namely, the irrelevance of risk preference. However, since the con-
clusive statement is very interesting, it would be useful to see how strongly we can
put it by relaxing some tight constraints. In this paper, we do not assume Pareto
optimality, the emergence of the sages, or the Bayesians. This relaxation allows
for amore extensive class of bounded-rational behaviors, and we examine whether
the irrelevance of risk preference still holds with this enlargement. Furthermore,
given the popularity of experimental economics, this enlargement will aso enable
us to clothe the debate with some empirical or experimental content, on which a
laboratory design or an empirical study can actually be based at alater stage.

Concretely speaking, what is proposed here is a computational model, namely,
an agent-based computational version of Blume-Easley-Sandroni’s model. This

4 These sages are rigorously described by Sandroni using concepts from probability the-
ory, such as merging or weakly merging. However, these conditions are not easy to verify
empirically when we would like to know whether the history of mankind has ever experi-
enced such sages.

5 Sandroni (2000) does consider the case when no one has correct beliefs. His proposition
3 basically compares two kinds of agents. one persistently forecast more accurate than the
other, while both do not have correct beliefs. He then shows that the former will drive out
the latter. In Section 5.2, we shall design a specific experiment to test some related aspects
of this proposition.

6 Feldman (1962) is one of the famous early examples, and many more can be found in
the survey articles by Rabin (1998) and Barberis and Thaler (2002).



ACE platform enables usto examine the survivability of atype of agents when they
are interacting with other types of agents in a real-time competitive environment.
If the type of the agents happensto be an “incarnation” of an economic hypothesis,
then the use of the ACE model can become a survival test, as an aternative to the
econometric test and the laboratory test, for the hypothesis. Over the last few years,
this survival test has been applied to different levels of economic behavior, such
as different trading strategies, different forecasting models, different decision vari-
ables, but all under the given objectives. Here, we shall extend the survival test to
ahigher level, i.e. to examine the significance of the risk preference in determining
survivability.

The rest of the chapter is organized as follows. Section 2 briefly reviews the
Blume-Easley-Sandroni model. An agent-based computational version of the model
is provided in Section 3, which can be regarded as an extension of the single-asset
artificial stock market to its multi-asset version. The debate then proceeds with the
experimental designs given in Section 4. The simulation results and analysis are
provided in Section 5, followed by the concluding remarks in Section 6.

2 TheBlume-Easey-Sandroni Model

Our agent-based artificial stock market is built upon the analytical model which
was first initiated by Blume and Easley (1992) and was later extended by Sandroni
(2000). The Blume-Easley-Sandroni (hereafter, the BES) model is briefly reviewed
in this section.

Consider a complete securities market. Time is discrete and indexed by ¢t =
0,1,2,... Thereare M statesof theworldindexedby m = 1,2, ..., M, one of which
will occur at each date. States follow a stochastic process. Asset m pays dividends
w,, > 0 when state m occurs, and O otherwise. At each date t, the outstanding
volume of each asset is exogenoudly fixed at one unit, so that the total wealth in the
economy at date ¢, WW;, will simply be the dividends paid at date ¢, i.e. W; = w,,.
The wealth will be distributed among the investors proportionately according to
their owned share of asset m. The distribution received by each agent, I ,, can
be used to consume and re-invest. Following the discussion of Sciubba (1999), we
assume that there is aggregate uncertainty so that w,, # w, , for m # v.

There is a finite number of agents with heterogeneous temporal preferences in
this economy, indexed by i € {1,2,...1}. Each agent i has his subjective beliefs
about the future sequence of the states. Each of these subjective beliefs is charac-
terized by a probabilistic model, denoted by B*. Since B* may change over time,
the time index ¢ is added as B! to make such a distinction. The agent’s objective
is to maximize his life-time expected utility, and there are two decisions that are
involved in this optimization problem. First, he has to choose a sequence of saving



rates starting from now to infinity, and second a sequence of portfoliosto distribute
his saving over M assets. Let us denote these two sequences of decisions by

{{5§+r 0> {C“iJrr 0 )s
where ¢! isthe saving rate at time ¢, and
Cti = (ai,u aé,u EAS) CtZ]'\/I,t)
is the portfolio comprising the M assets. The two sequences of decisions will be

optimal and are denoted by {6,122, and {a}, 122, if they are the solutions to
the following optimization problem.
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In Equation (1), u* is agent i's temporal utility function, and 3¢, also called the
discount factor, reveals agent i's time preference. The expectation E( ) is taken
with respect to the most recent belief Bi. Equations (2) and (3) are the budget
constraints. By combining constraint (3), constraint (2) can also be written as (4),

Ci—i—r S (]‘ - 52—{—7’)”/;—}—7‘—17 (4)

where ¢! denotes consumption. These budget constraints do not allow agents to
consume or invest by borrowing.

Given the saving rate ;*, agent 7 will invest atotal of 6, - W/_, inthe M assets
according to the portfolio o”*. In other words, the investment put into each asset m
isay, - 0p* - Wi . By dividing this investment by the market price of asset m at
datet, p,,+, one derivesthe share held by agent ¢ of that asset, qﬁmt.
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)
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The equilibrium price p,, ; is determined by equating the demand for asset m to



Each agent participates in trading State m occurs; traders
with his decisions regarding saving are paid their dividends.
rates and portfolios being made Agents wealth at date
based on his subjective beliefs. t+1 is determined.
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Fig. 1. The TimeLine of a Market Day
the supply of asset m, i.e.,
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Rearranging Equation (6), one obtains the market equilibrium price of asset m:

I
Pm,t = Z@:h*,t : 527* Wiy (7)
i=1

Agents shares of assets will be determined accordingly by Equation (5). After-
wards, state m happens, and is made known to all agents at date ¢. The dividends
w,, Will be distributed among all stockholders of asset m in proportion to their
shares, and their wealth will be determined accordingly as W/ = ¢/, , - wy,. The
date movestot + 1, and the process then repeats itself as shown in Figure 1.

3 TheAgent-Based Multi-Asset Artificial Stock Market

The agent-based artificial stock markets share two generic features of the general
ACE models, namely, complex heterogeneity and bounded rationality. In princi-
ple, agents can be heterogeneousin all of their characteristics, their decision rules,
their beliefs and their preferences. However, these characteristics are not neces-
sarily fixed as exogenously given. Agents cognitive limits naturally bring about
a trial-and-error process. Those characteristics may, therefore, be endogenously
determined, and continuously change via learning and adaptation. The resultant



“biography” of agents has such potential to be very rich that Leigh Tesfatsion de-
scribed it as the artificial life. The machinery used to grow the life of agents is
termed agent engineering.

3.1 Agents Cognition

Like all agent-based computational economic models, we shall first beginwith a
description of atypical agent, including his cognition and adaptive behavior. Let us
first start with the problem presented to our agents. Agentsin our model behavelike
normal investors who try to maximize their lifetime discounted expected utility by
appropriately choosing their investment strategy. The investment strategy is mainly
composed of two parts, namely, saving and portfolio.

At each point in time, say, t, investor i observes a time series (history) of the
realization of the states, namely, S,_; = {m,}'._, (m, € {1,2,..., M}). Based on
thisrealization S;_1, he makes his decisions on a sequence of investment strategies:

{{5§+r ?'107{Cti+r ?‘io}u

where 4! is the saving rate at time ¢, and «! is the portfolio comprising the M
assets. Given investor i's temporal utility function «?, it is hoped that this sequence
of investment strategiesisrational in the sensethat hislifetime discounted expected
utility can be maximized (see Equations 1, 2, 3).

The discrete-time stochasti c optimization problem defined by Equations (1), (2),
and (3) may be analytically solvablewhen one considers some specific typesof util-
ity functionswith some other necessary simplifications. However, since the purpose
of this paper isto examinethe relevance of risk preference to survivability, we place
little in the way of restrictions on the types of risk preference. In fact, in this paper
we even allow for the risk preference to be randomly generated, as long as it is
well-behaved. This causes the optimization problem, when generally posed, to be
difficult to solve analytically, not to mention the further complications arising from
their beliefs or the conditional expectations. ” Therefore, we assume that all agents
in our model are computational. They cope with the optimization problem with a
numerical approximation method, and the specific numerical method used in this
paper is the genetic algorithm.

" For the purpose of providing an existential proof, there is no such need to solve this
generally-posed problem. Instead, it is sufficient to assume the existence or the emergence
of these optimizing agents (Blume and Easley, 1992; Sandroni, 2000). However, for us,
even though the problem can be solved analytically, the agents may still be not optimizing,
since they may misperceive the future prices of assets m {11 }°2, and that may cause
their ex-ante (planned) shares of assets, {¢ 1 hreg, to be different from their ex-post (real-
ized) ones. Spear (1989) has shown that for markets composed of complex heterogeneous
agents, the rational expectations equilibria may not even be computable.



Over the last few years, the genetic algorithm has been the most active tool in
agent-based computationa economics. It ismainly used to deal with either the cog-
nitive limit of optimizing, or the cognitive limit of forecasting. Very few studies use
the GA to conduct multi-level evolution. In this paper, we use the genetic algo-
rithm to evolve both agents’ investment strategies and beliefs simultaneously. The
two-level evolution proceeds as follows:

e At afixed time horizon, investors update (evolve) their beliefs of the states com-
ing in the future.
e They then evolve their investment strategies based on their beliefs.

The two-level evolution allows agents to solve a boundedly-rational version of
the optimization problem (1). First, the cognitive limit of investors and the resultant
adaptive behavior free them from an infinite-horizon stochastic optimization prob-
lem, as in Equation (1). Instead, due to their limited perception of the future, the
problem effectively posed to them is the following:

H-1

max E{>(8Y)"u'(ciyn) | Bi} (8)
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Here, we replace the infinite-horizon perception with afinite-horizon perception
of length H, and the filtration (c-algebra) induced by S; ; with B, where B} is
investor i’'s belief at date ¢. In a simple case where m; is independent (but not
necessarily stationary), and this is known to the investor, then B! can be just the
subjective probability function, i.e.

Bz = (bi,tv "'b§\4,t>7 (9)

where 0!, , is investor i’s subjective probability of the occurrence of the state m
in any of the next H periods. In a more general setting, B! can be a high-order
Markov process. With the replacement (8), we assume that investors have only a
vague perception of the future, but will continuously adapt when approaching it.
Aswe shall seein the second level of evolution, B; is adaptive.

Furthermore, we assume that investors will continuously adapt their investment
strategies according to the sliding window shown in Figure 2. At each point in time,
the investor has a perception of a time horizon of length H. All his investment
strategies are evaluated within this reference period. He then makes his decision
based on what he considers to be the best strategy. While the plan comes out and
coversthe next H periods, only the first period, {5,@"*, aﬁ’*}, will be actually imple-
mented. The next period, {6, @i, }, may not be implemented because it may no
longer be the best plan when the investor receives the new information and revises
his beliefs.

With this sliding-window adaptation scheme, one can have two further simplifi-
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Fig. 2. A Sliding-Window Perception of the Investors

cations of the optimization problem (1) — (3). Thefirst oneisthat the future price of
the asset m, p,, ++1, remains unchanged for each experimentation horizon, namely,
at timet,

Pin,t+h = pmi-1, V he{0,H -1}, (10)

where pﬁmt ., Is7’s subjective perception of the h-step-ahead price of asset m. Sec-
ond, the investment strategies to be evaluated are also time-invariant under each
experimentation horizon, i.e.

0 = 011 = Ot = 01, p_

i N _ i
Qp = gy = Qo = Q- (12)

With these two simplifications, we replace the original optimization problem,
(2) — (3), that is presented to the infinitely-smart investor, with a modified version
which is suitable for a boundedly-rational investor.
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max F LY B! 13
s LY ()"0 (e) | B) (13
subject to
Cion T Z O‘in,t Oy Wi SWiyq, V he {0,H — 1}, (14)
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3.2 Autonomous Agents

One of the mainstays of agent-based computational economics is autonomous
agents (Tesfatsion, 2001). The idea of autonomous agents was initially presented
in Holland and Miller (1991). Briefly, these agents are able to learn and to adapt
to the changing environment without too much external intervention, say, from the
model designer. Their behavior is very much endogenously determined by the en-
vironment with which they are interacting. Accordingly, sometimes it can be very
difficult to trace and to predict, and is known as emergent behavior.

In this paper, we follow what was initiated in Holland and Miller (1991), and
equip our agents with the genetic algorithm to cope with the finite-horizon stochas-
tic dynamic optimization problem, (13) — (16). The GA is applied here at two dif-
ferent levels, ahigh level (Ilearning level) and alow level (optimization level). First,
at the high level, it is applied as a belief-updating scheme. This is about the B!
appearing in (13). Agents start with some initial beliefs of state uncertainty, which
are basically characterized by parametric models, say, Markov processes. However,
agents do not necessarily confine themselves to just stationary Markov processes.
Actually, they can never be sure whether the underlying process will change over
time. So, they stay adert to that possibility, and keep on trying different Markov
processes with different time frames (time horizons). Specifically, each belief can
be described as “a kth order Markov process that appeared over the last d days and
may continue”. These two parameters can be represented by a binary string, and a
canonical GA is applied to evolve a population of these two parameters with a set
of standard genetic operators. Details are given in Section A.2.

Once the belief is determined, the low-level GA is applied to solve the stochas-
tic dynamic optimization problem defined in (13) — (16). Basically, we use Monte
Carlo simulation to generate many possible ensembles consistent with the given
belief and use them to evaluate a population of investment plans composed of a
saving rate and a portfolio. GA is then applied to evolve this population of candi-
dates. Details are givenin Section A.1.

In sum, the high-level GA finds an appropriate belief, and under that belief the
low-level GA searches for the best decisions in relation to savings and portfolios.
This style of adaptive design combines learning how to forecast with learning how
to optimize, a distinction made in Bullard and Duffy (1999). These two levels of
GA do not repeat with the same frequency. As a matter of fact, the belief-updating
scheme is somewhat slow, whereas the numerical optimization schemeis morefre-
guent. Intuitively, changing our belief of the meta-level of the world tends to be
slower and less frequent than just fine-tuning or updating some parameters associ-
ated with a given structure. In this sense, the idea of incremental learning is also
applied to our design of autonomous agents.

11



3.3 The Behavior of CAPM Believers

Investors whose behavior is governed by the procedure described in Sections
A.1 and A.2 above are autonomous, which may not come to any stereotype fa-
miliar to us. To make sense of the evolution going on in the artificial markets, it
would be useful to include some familiar types of investors as well, for example,
those investors, no matter what happens, who just follow a guideline which is ex-
ogenously given. These investors are not autonomous. We shall call them formula
investors. The GA procedure will not be applied to these formulainvestors. I nstead,
their behavior is prespecified by aformula. Asan illustration of the idea of formula
investors, we follow Sciubba (1999) to introduce CAPM believersinto the market.

The CAPM believers are investors who base their portfolio rule upon the well-
known capital asset pricing model (CAPM). In the spirit of the CAPM, they first
find out the market portfolio and the risk-free portfolio. Then, according to their
risk preference (degree of risk aversion), they choose a weighted combination of
the two. We index CAPM traders by means of «, and let +* be the associated
risk aversion coefficient, which is randomly determined by the uniform distribu-
tion U(0,1). At datet, each investor  investsin asset m aportion ag,; "' of his
savings such that

CAPM(x) . Ny B
Ut - ")/HC(m,t + (1 - 7”)Oém7t7 m = 1, ey ]\47 (17)
where of = _ pmt/wm  goq M — __ bPme 8
m Zﬁle Pmt/Wm m,t Zﬁle P

This way of defining the CAPM investment strategy is proposed by Sciubba
(1999). It is straightforward to show that the vector oM isin effect the weighted
average of all market participants portfolios in the previous period. So, it isin-
tuitively consistent with the idea of the market portfolio. Furthermore, it can be
shown that the vector of is a weighted average of the price-earnings ratio, and
with this portfolio the agent can expect to earn the same rate of return regardiess
of the occurrence of the state. As aresult, it can be taken so as to approximate the
idea of therisk-free rate.

Similarly, one can come up with a respective saving rate for the CAPM investor
asfollows:
5 MO = 8+ (1= )8! (18)

where s/ = 0and 9}/, = Zle(zwé,}:) 01

The CAPM believers adherence to the CAPM portfolio rule (17) is not affected
during the entire course of evolution.

8 For simplicity, we may assume that they have static expectations as other autonomous
agents do, i.e. Pyt = pmi—1,Vm=1,..., M.

12
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Figure 3 isasummary of the agent-based artificial stock market.

4 Experimental Designs

Two experiments are conducted in this agent-based artificial stock market. Inthe
first experiment, the autonomous agents are identical in all respects except for their
preferences over risk. The purpose of this design isto see whether the survivability
of investors has anything to do with their preferences. In the second experiment, we
further distinguish each type of agent by their belief formation processeswhich, un-
der some circumstances, are pertinent to forecasting accuracy. Obviously, the sec-
ond design isto examine the relevance of forecasting accuracy to survivability. We
believe that these two designs together will contribute to the resolution of the de-
bate of theirrelevance of risk preference or the dominance of forecasting accuracy
inarich empirical context.

13



4.1 Market and Participants

In both experiments, the market is composed of 40 agents (I = 40). Five out
of the 40 are CAPM believers. Since their portfolio and saving decisions are deter-
mined by (17) and (18) and areirrelevant to their preferences over risk, their prefer-
enceswill not be specified here. The remaining 35 agents are all autonomous. Their
behavior is mainly driven by what has been detailed in Sections A.1 and A.2. For
these agents, the specification of their preferencesisrequired, and they are detailed
in Table 1.

In total, we consider seven types of autonomous agents, and each type is as-
signed to five agents. Type one has the logarithmic utility function. We are very
much interested in knowing whether this type of agent has any advantage over oth-
ers in terms of the long-run wealth share. As to types two to six, they are aso
frequently used in economic analysis.® Among them, type four is the well-known
CARA (constant absolute risk aversion) utility function. In addition to these six fa-
miliar types of utility functions, we also consider any arbitrary utility function. By
using Taylor expansion, an arbitrary analytical utility function can be approximated
by afinite-order polynomial function. Here, we consider the approximation only up
to the sixth order.

Noticethat types 3to 7 refer to aclass of parametric utility functions. Parameters
of thesetypesof utility functions, namely, a, ..., ay, 51, ..., 03, 73 and ag, a4, ..., ag,
can in principle be randomly or manually generated as long as they satisfy the
regular first- and second-order conditions:; " > 0 and «” < 0. Since each type of
utility function is assigned to five agents, parameter values are generated for each
agent of each type separately. So, agents of type 3 may have different values of
(a1, B1), agents of type 4 may have different values of (as, 3>), and so on and so
forth.

There are 5 assets available in the market (M = 5), corresponding to 5 states.
Asset m paysdividends6—m (m = 1, 2, ...5). Two stochastic processes are consid-
ered in the experiments, namely, iid and the first-order Markov. Each is employed
for one half of the total number of runs. Parameters of these two stochastic pro-
cesses are also randomly generated in such away that the axioms of the probability
function are satisfied.

4.2 Parametersrelated to Autonomous Agents

At each point in time, agents have a perception of a time horizon with length
H = 25. To solve the optimization problem (8), agents simulate 5 25-horizon en-

9 See, for example, Huang and Litzenberger (1988), pp. 27-33.
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Table 1

Types of the Utility Function u(c)

Utility Type RRA
Typel u(c) = log(c) 1
Type 2 u(c) = /e 05
Type 3 u(c) = a1 + fic 0
Type4 u(e) = % exp{ e} e
_ 1 P37:
Type5 | u(c) = oo (@s + Bs) —w
Type 6 u(c) = ¢ — §+c? oo,
3 ancC a, C2 a. 63 a, C4 a, CS
Type 7 u(c) = ap + Z?:l aiCZ B 51—21—2—1’1—260—?—3;201224-21:0_33—55&5CI—?-OGQGG@

sembles (L. = 5) of the states based on their belief in order to evaluate the fitness
of their investment strategies (A.4).

The design for the agents’ adaptation is composed of two parts. For the low-
level evolution, the architectureisapopulation GA. The population size N (number
of investment strategies) for each agent is 100. The genetic parameters applied to
evolving this population are as follows. The crossover rate (pL,,,,,) is et to be 1,
while the mutation rate (p” ,...) is set to be 0.03. Tournament selection with a
tournament size of 4 is applied. The number of generations that the low-level GA

runsin one period, G, is set to be 50.

Asto the high-level evolution, the architecture is also a population GA, and the
population size J (number of beliefs) maintained by each agent is one hundred.
The crossover rate and the mutation rate are the same as those of the low-level
evolution, as is the tournament size used for the tournament selection. The belief
set will be renewed after every 2 periods (A = 2).

Table 2 providesasummary of the design. Two experiments are conducted based
on this common design. The two experiments mainly differ in the parameter v,
which isthe size of the data used to validate the model. In Experiment 1, our focus
is on the role of the utility function. As aresult, the v isfixed for all autonomous
agents, which is 100. Nonetheless, since the stochastic process simulated in this
market is stationary, it is expected that a larger v will help validate the model and
enhance the forecasting accuracy. Therefore, to see how significant the forecasting
accuracy can be (Sandroni’s main argument), in Experiment 2 we let autonomous
agents have different values of v, starting from the very small one, 10, increasing
it to 15, 25, 50, and finally to the largest one 100. To not mix the results of the
two experiments, we let these five values of v be evenly distributed among each
type of agent, i.e. one for each agent of each type. With this distinction, the two
experiments together can help us see better which factor is more important for the
survivability of agents, namely, the preference or forecasting accuracy.
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Table 2
Experimental Design

Market and Participants
Number of market participants (1) 40
Number of types of agents 8
Number of each type of agent 5
Number of assets (states) (M) 5
Dividends paid by asset m 6—m
Stochastic processes iid or 1st-order Markov
Number of market periods (7") 100
Discount rate (5) 0.45

Autonomous Agents

Agents' perception of the time horizon (H) 25
Number of ensembles (L) 5
Population size (number of strategies) (V) 100
Number of generations (G) 50
Population size (number of beliefs) (J) 100
Frequency of running GA on the belief set (A) 2
Crossover rate (pl., p!) 1
Mutation rate (p!,,, p*.) 0.05, 0.03
Tournament size 4
Number of bitsfor beliefs (1 + ) 10

The eight types refer to the seven types of autonomous agents whose utility functions
are specified in Table 1 plus the CAPM believers.

Both experiments are run 100 times, and each run lasts for 100 market periods
(T'=100). The simulation is conducted through the software AIE-ASM Version 5.0.
The software is written with Delphi, Version 6.0. Usualy, it takes 3 hours for a
single run on a Pentium |11 1000 with 256 MB RAM personal computer.

The v values exogenoudly given to 5 CAPM believersare 0.1, 0.2, 0.3, 0.4 and
0.5, respectively.
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5 Experimental Results

In each single run, we generate a series of artificial data. At the micro level, it
includes the dynamics of agents' beliefs, investment behavior, and the associated
wealth '

{By™, 61, al, WiHY, i =1,...,40.
At the aggregate level, we observe the asset price dynamics

{pmi}, m=1,..,5.

Since the main concern of this paper is with which types of agent survive, our
focus is on the wealth share dynamics. In addition, in order to understand what
makes surviving agents survive, agents belief dynamics and investment behavior
also attract our attention. So, the result presented in this section will be pretty much
based on the micro-level data. Little will be said of the price dynamics. *°

5.1 Experiment 1

5.1.1 Wealth Share Dynamics

Figure 4 shows the wealth-share dynamics of the eight types of investors. No-
tice that each line is based on the average of 100 simulations. The results clearly
demonstrate the strong dominance of the type-one investors. While in some cases
type-two investorsare still hangingintheretill the end of the 100-period simulation,
their shares, in al of our 100 simulation runs, are smaller than those of the type-one
investors, and many of them are declining toward zero. '! It is also interesting to
notice that the type-one investor has a constant relative risk aversion coefficient that
isone. Therefore, our findings can lend support to Blume and Easley’s main argu-
ment: the market selects those investors whose coefficient of relative risk aversion
is nearly one. 2 In fact, if we consider the family of the CRRA utility functions,
namely,

10 Some preliminary time series analysis of price dynamics can be found in Chen and
Huang (2004).

1 One may suspect that if the number of iterations (7") islong enough, say 7=500, then the
type-1 agents are the only type of survivors. Actualy, in a separate experiment, we have
found that this isindeed the case. (Chen and Huang, 2004)

12 See Blume and Easley (1992), Theorem 5.4, pp. 23-24. The italics shown in the main
text are not the exact quotation of that theorem, which was originally based on controlling
saving rates. Since saving rates are treated endogenously in our paper, our finding suggests
that the theorem can still be true even though the assumption regarding saving rates is
relaxed. Theorem 5.4 also rests upon forecasting accuracy, which we will address later.
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Fig. 4. Time Series Plot of the Wealth Share of Eight Types of Investors: Experiment 1

c’/p, 1f —oo < p<ooand 0,
u(c) = /p, if p p# (19
In®  if p=0,

Type-2investorsu(c) = y/c = ¢ also has a constant RRA coefficient of 0.5 2-p),
but it is not close enough to one. 3

5.1.2 Forecasting Accuracy

Sandroni, however, considered forecasting accuracy to be the sole important
factor in determining who may survive. Since the design of Experiment one equip
all autonomous agents, regardless of their types, with the same learning scheme,
namely, genetic algorithms, intuitively it would be hard to attribute the survival of
type-one agentsto their proficiency in forecasting. Nevertheless, in this section, we
shall take a closer look at the forecasting performance of different types of agents.

The Kolmogorov-Smirnov statistic (KS statistic hereafter) is chosen to measure
the forecasting accuracy of agents. The KS statistic is a metric, or more precisely
the sup norm, for two distribution functions. Formally, let /' and G be two distri-

131n a separate study (Chen and Huang, 2004), we simulated the cases with different ps
from 0 to 0.9 with an increment of 0.1. It was found that the agents' share of wealth posi-
tively related to their relative risk coefficients, 1 — p. The wealth share dynamics of agents
with a p of 0.1 is very close to that of type-1 agents considered here. Both survive to the
end of the 100-period simulations.
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Table 3
Performance Measurements

Forecasting Accuracy (K-S statistics)

Typel Type 2 Type 3 Type 4 Type 5 Type 6 Type7
0.05219 | 0.05220 | 0.05233 | 0.05228 | 0.05222 | 0.05226 | 0.05220

Portfolio Performance

Mean Rate of Return

2.38024 | 2.83639 | 2.80554 | 2.79910 | 2.80125 | 2.92166 2.78132

Sandard Deviation of Return

7.28998 | 8.10897 | 8.33604 | 8.91320 | 9.56133 | 10.91684 | 8.12857

Sharpe Ratio
0.32651 | 0.34978 | 0.33656 | 0.31404 | 0.29298 | 0.26763 | 0.34217

bution functions
KS(F,G)=sup | F(z) — G(x) | . (20)

Using the KS statistic, we can measure the forecasting error by the difference
between the true distribution function and the subjective distribution perceived by
agents. The results are shown in Table 3 (the top panel). The statistical test cannot
rgiect the null hypothesis that the forecasting accuracy among different types of
autonomous traders is equally good. As already mentioned, this test result is not
surprising given the fact that all autonomous agents are supplied with the same
adaptive scheme to update their beliefs. Therefore, forecasting accuracy, at least, is
not the sole important factor in the determination of survivability.

5.1.3 Saving Rates

Since forecasting accuracy cannot necessarily guarantee agents' survival, there
are only two decision variables left for us to see the uniqueness of type-1 agents,
namely saving and portfolio. Notice that in Blume and Easley (1992), the saving
rate is exogenously given, and it is found that the saving rate can play an important
role in determining who survives. 14 However, its impact becomes implicit when
the saving decision is endogenized (Sandroni, 2000). 15 It is therefore useful to

14 For example, see Blume and Easley (1992), proposition 3.2, p.16.

15 |n his illustrating example on p. 1311, Sandroni (2000) compared two agents with dif-
ferent preferences. the one with the square-root utility function had the correct prediction,
whereas the other with the log utility function did not have the correct prediction. On p.
1313, he then showed that the former with a higher saving rate drove out the latter with a
lower saving rate, and the difference in their saving rates was endogenously generated as a
part of the equilibrium.
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Fig. 5. The Box-and-Whisker Plot of the Lifetime Saving Rates of the Seven Types of
Agents (Experiment 1)

examine the saving behavior of different types of agents, if one desire to know the
survival of type-1 agents.

Figure 5 is a box-whisker plot of the saving rates among the seven types of
agents. Each plot shows the life-time distribution of the saving rate ¢, associated
with a specific type of agent. To generate each plot, we first take an average of the
saving rate of the five agents of the same type. Thisis done period by period. Then
we have atime series of the saving rate o, (t = 1,2, ..., 100) for each type of agent.
To have an idea of the distribution (dispersion) of the saving behavior, the mini-
mum, the first quantile, the medium, the third quantile, and the maximum of {4,}
are recorded for each type of agent. Furthermore, we then derive sample statistics
for these order statistics by taking an average over the entire 100 simulation runs.
These statistics are depicted in the form of abox-whisker plot for each type of agent
as shownin Figure 5.

Theline appearing in the middle of the box indicates the median saving rates for
aspecific type of agent. While higher saving rates, as Blume and Easley suggested,
will place agents in an advantageous position to survive, we find that the saving
rate of type-1 agentsisin fact the lowest among all seven types of agents. Thisis
evidenced by the lowest median of the type-1 agents. What, however, makestype-1
agents unique is their very stable saving behavior. This is revealed by comparing
the boxes and whiskers of the plots. As opposed to other types of agents, type-1
agents obvioudly have avery narrow box with avery short whisker, which features
a very stable saving behavior. Not only isit stable, but it is also stable around 0.45,
which is exactly the discount rate (5 set in Table 2.
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From an analytical viewpoint, Blume and Easley (1992) have aready showed
that 9, = (3 for log-utility agents. In other words, the optimal saving rate for type-
1 agents is just a constant and is independent of beliefs, wealth and asset prices.
Our genetic algorithm (the low-level GA) just confirms this property numerically.
We think that this property has an important implication for the survival of type-1
agents, and our reasons for thisfollow.

In general, the saving decision is made jointly with the portfolio decision, which
means that when agents are equipped with a GA, the low-level GA actually works
with the high-level GA. While an agent uses the low-level GA to make the sav-
ing and portfolio decision, the quality of that decision aso depends on the belief
(forecasting accuracy) supplied by the operation of the high-level GA. Hence, any
imperfection in the high-level GA may compound the imperfection of the low-level
GA in the usua sense of error propagation. Nevertheless, since for type-1 agents
the saving decision is independent of their beliefs and hence forecasting accuracy,
it separates the performance of the low-level GA from that of the high-level GA. It
behaveslikethis. The low-level GA first learnsthat 3 isthe only relevant factor for
the saving decision, and simply works with (. Furthermore, since (3 is a noise-less
constant, the saving decision associated with the low-level GA iswell-grounded. In
the end, it helps type-1 agents come up with a quality decision on the saving rate,
that is almost exact.

The same story above unfortunately does not apply to other types of agents. In
general, their saving decisions are not independent of their beliefs. Even though
these agents are equipped with the same kind of GA used by type-1 agents, their
low-level GA isoperated under the belief determined by the high-level GA, which
may suffer from some degree of inaccuracy al the time. This will in turn have
an adverse effect on the quality of the saving decision. From what we have seen
in Figure 5, this happens in terms of the appearance of the large fluctuation in
saving rates. In addition to the unstable saving behavior, type-3 to type-7 agents
have suffered further from the extremely low down-side saving rates, which may
contribute to the fast decline in their wealth share. Type-2 agents do not share this
feature of down-side saving rates. Obviously they perform better, but their unstable
saving behavior eventually causes a threat to them. 1°

It is worth noting that the significance of a stable saving behavior was not a
focus of Blume and Easley’s original analysis, when they treated the saving rate
as an exogenously-given constant. It is also hard to address thisin Sandroni’s dy-

16 |n this general equilibrium setting where almost everything is endogenously determined,
error can propagate in a quite complex fashion. For example, when the saving rate is in-
correctly determined, it may impact the asset holding of the agents, and further impact the
associated dividends received and then wealth. The resultant wealth may distort the saving
decision further since the latter in general depends on the former. In addition to wealth,
error can also propagate through the endogenously generated price, e.g., avery fluctuating
price which may make the saving decision even more difficult.
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namic equilibrium framework, where the learning dynamics is absent. 17 Hence,
our agent-based simulation provides a new idea to ponder over as to why prefer-
ence matters or, more specifically, why log-utility agents can drive out all other
agents. The evidence brings our attention to the quality of saving behavior and its
contributing factors in the light of learning dynamics.

Stable saving behavior isnot new in economic analysis. It has already drawn the
attention of economists in the recent studies on the lock-up savings. ¥ However,
the implied stable saving behavior observed in our simulation provides a different
insight.

5.1.4 Portfolio Performance

The second decision is regarding portfolio. The log-utility (type-1) agents, as
described by Blume and Easley (1992), are the kind of agents who maximize their
expected growth rate of wealth, also known as the Kelly criterion. This observa-
tion naturally raises a question: would type-1 agents survive because their portfolio
performance is superior to that of other types of agents? To answer this question,
we can start with two different performance measurements: oneis ex ante, and the
other is ex post. The former evaluates the agents investment based on its (prob-
abilistic) expected value, while the latter evaluates it on the basis of its realized
value. In this paper, we consider the ex-post approach to be more pertinent. There
are two reasons for usto think so.

First, agentsin the ACE model are not optimizing agents; instead, they are adap-
tive agents. The adaptation scheme, be it GA or not, is generaly driven only by
realized returns rather than by the expected returns. It is well known that such a
discrepancy can deviate agents' behavior from that of expected-utility maximizers
(Lettau, 1997). This leads us to the second point: in the real world, what is used to
evaluate or rank the performance of mutual fund managers certainly is the histori-
cal returns and not the hypothetical expected returns. Having said that, we suggest
calculating the rate of return as follows. We first calculate r¢_ ., the realized rate of

m,t?

return of agent i on the investment in the asset m at timet, as

5in_10<in,t YA Y 1) i
Ti _ wm( Pm,t ) 5 Wt_l&m7t — W — 1. (21)

. S
" OWi_ ag,, Pmt

Weighting r;, , over all assets (m = 1, ..., M) by its associated portfolio, one then

17 However, one important observation in Sandroni’s analysis, when he endogenized the
saving decision, is that the consegquence of forecasting accuracy should not just be limited
to the portfolio decision, but also the saving decision. Thisis by and large consistent with
our analysis above.

18 See, for example, Laibson (1998).
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derives the rate of return of agent 7 for period ¢
Ty = Z O‘;n,trzn,t- (22)
m=1

Let 7 and var(r)* denote the sample mean and the respective sample variance of
the series {r}}. Table 3 shows these two statistics, which are averaged over the en-
tire 100 simulation runs and are further averaged over the five agents of theidentical

type.

From Table 3, we learn that the type-1 agents do not survive because of their
superior performance in the expected rate of return. As a matter of fact, among all
the seven types of agents, it isthey that have the lowest rate of return (2.38), which
is different from what one may expect from the Kelly criterion. Nonetheless, the
column “ standard diviation of return” indicates that these agents are under different
exposure to risk, and it is the type-1 agents who are exposed to the lowest risk.
Thisresult is not totally unanticipated given the fact that the type-1 agents are the
most risk-averse. ! Motivated by this finding, we go further to examine the risk-
adjusted return, also known as the Sharpe ratio, and we find that type-1 agents do
not perform particularly well in terms of the Sharpe ratio.

19 This can be seen from the relative risk aversion (RRA) coefficient revealed from Table 1.
It is not straightforward to compare the RRA coefficient of the type-1 agents with those of
the type-4 to type-7 agents, which are not constant and change with consumption. However,
in the particular case when their consumption gets closer to zero, their RRA coefficients
also converge to 0. Since this case indeed applies quite frequently to our simulations, effec-
tively speaking their RRA coefficients are also lower than that of the type-1 agents.
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Fig. 7. Time Series Plot of the Wealth Share Per Capita: Experiment 2 (Type-1 vs Others)

Especially, one may suppose that every investor whose performance is situated
at the efficient frontier has an equal chance to survive. 2 Therefore, we see no
particular reason to attribute the survival of the type-1 agents to their portfolio
performance.

5.2 Experiment 2

In Section 5.1.2, we aready saw that agents with identical capabilities of fore-
casting do not survive equally well. Thisresult is already evidence that forecasting
accuracy is not the primary force in the determination of survivability. Instead,
preference plays a dominating role. However, since all agents forecast equally well
(Table 3), the result obtained in Experiment 1 does not lend strong support to the
evidence that shows that forecasting accuracy does not matter at all. Therefore, to
see whether we can consolidate the argument that forecasting accuracy does not
matter, a different experimental design is proposed in this section.

Experiment 2 assigns different values of v, i.e. different horizons of the vali-
dation sample (see Equation (A.10)). Since the underlying dividends seriesis sta-
tionary, doing this will normally lead those agents using a long validation horizon
to outperform those agents using a short validation horizon. 2! Now, given the dif-

20 To see this, the risk-return plot is drawn in Figure 6. The continuous frontier line is
constructed by smoothly connecting the three points on the frontier. The three points on
the frontier correspond to type-1, type-2 and type-6 agents. While the other four types of
agents do not lie exactly on the frontier, they are not far away fromiit.

21 This result is confirmed by the K-S statistic. The K-S statistic of the five validation
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ference in their forecasting accuracy, it is time to ask whether agents, regardless
of their preference types, with superior forecasting accuracy can survive better as
opposed to those agents with inferior forecasting accuracy, which is also the main
issue addressed in Sandroni’s proposition 3. What is particularly relevant to our
concern is whether agents of Types 2 to 7 who have long validation horizons can
drive out those Type-1 agents who have short validation horizons.

In Figure 7, we classify agentswith different preferencesinto two groups, namely,
agents of type one aone, and agents of types 2 to 7 together, and plot the time series
of the wealth share dynamics of these two different groups of agents. Additional
restrictions are added to these two groups. For type-1 agents, only those whose
validation horizons are short (to be specific, v = 10, 15) are included, and the re-
spective time series plot is denoted by diamonds. For the remaining two groups of
agents, we only consider those with long horizons (v = 50, 100), and the time se-
ries plots are denoted by squares. These contrasting plots help elucidate the effect
of forecasting accuracy on survival.

From Figure 7, we can see that, even though the validation horizon is length-
ened to enhance the forecasting accuracy of agents of types 2 to 7, this group of
agents do not perform well: their wealth share per capita continues to decline to-
ward nil. Therefore, it isclear that forecasting accuracy does not help them much to
survive. Nonetheless, if we restrict our attention to agents with different validation

schemes, v=10, 15, 25, 50 and 100 are 0.0757, 0.0695, 0.0623, 0.0551, and 0.0497, respec-
tively. The ANOVA analysis shows that they are significantly different with an F' statistic
of 26.41.

25



horizons, then the significance of forecasting accuracy is revealed. Figure 8 shows
the wealth dynamics per capita by polling agents with the same validation horizon
together. While the wealth dynamics fluctuates quite severely, the general tendency
indicates that, regardless of their risk preference, agents with better forecasting ac-
curacy tend to have higher wealth shares than agents whose forecasting accuracy
is worse. Nevertheless, a lower wealth share is certainly not good enough to sat-
isfy the market selection hypothesis, which actually predicts that those agents with
worse forecasting accuracy will vanish.

Therefore, forecasting accuracy, as our conventional wisdom may suggest, does
matter for the prosperity of agents. It is significant when agents share the same
risk preference. Nevertheless, when agents have heterogeneous risk preference, its
importance is only secondary, and the effect of risk preference may dominate. 22

6 Concluding Remarks

Normally, if we deviate from the original theoretical assumptions, for example,
by introducing bounded-rational behavior, we may expect some different results.
Thisis not surprising, since the learning literature over the past decade has accu-
mulated much evidence of this kind. It would be interesting, though, if the new
result is strikingly different from the previous findings. We believe that to be the
case here. Earlier theoretical studies have aready shown the irrelevance of risk
preference to survivability. They have aso shown that what matters is forecasting
accuracy. After introducing bounded-rational behavior, we have ailmost the oppo-
site: risk preference mattersand it is even more important than forecasting accuracy.

Why does risk preference matter? The paper examines three interdependent
possibilities: forecasting accuracy, portfolio and saving among different types of
bounded-rational agents. While being bounded rational, all of these agents are at
least potentially equally smart in the sense that they are all equipped with the same
adaptive search scheme, namely, the genetic algorithm. The neutrality of GA, in
that GA does not make one type of agent smarter than the others, is also supported
in Sections (5.1.2) and (5.1.4). Therefore, the forecasting accuracy and portfolio
performance are excluded, and what is left is only the saving behavior. Therefore,
the significance of risk preference is manifested by the saving behavior.

While earlier studies did recognize the importance of saving behavior to this
issue, the attention has been restricted to the rational-equilibrium path. Various

22 One certainly can pursue this further by asking whether we can reverse the result by
alowing for a larger degree of difference in forecasting accuracy, and, if so, how much
larger a difference is required. We can definitely test for thisin afurther study, but, for the
purpose of negating the absolute importance of forecasting accuracy, this is not necessary.
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moments of saving behavior are not a concern as long as they are on the rational -
equilibrium path. However, when they are not, this paper shows that moments do
have strong implications for survivability. In addition to the first moment, which
has already been explicitly noticed by Blume-Easley and Sandroni, we also find
the significance of other high-order moments, which are summarized by the box-
and-whisker plot. Downside saving rates as well as the dispersion of saving rates
can both be important.

Since the saving decision in general is dependent upon the belief, errorsin fore-
casting accuracy can propagate through the saving decision, and manifest them-
selves in moments of saving. This observation generally applies to all types of
agents, except type-1 agents, the log-utility agents, whose saving decisions are in-
dependent of their beliefs and are only determined by the exogenously-given dis-
count rate. That is what makes the log-utility agent so different from other agents.
The conventional wisdom characterized by the Kelly criterion also works on this,
but has not successfully established itsvalidity, in particular, in the general equilib-
rium context. This paper shows that incorporating learning dynamicsis one way of
demonstrating its validity.

It iswell said that there is only one way to be rational, but an infinite number
of ways to be bounded rational. How generally can our findings be extended to
other bounded-rational ways, e.g., different learning algorithms, different control
parameters, and so on and so forth? This is the type of question frequently asked
in this kind of paper. Unfortunately, our knowledge of this is limited. While the
idea of error propagation presumably should be shared quite generaly by many
other learning agorithms, the exact details of implementation may make complete
evaluation very difficult, if not impossible.

Nevertheless, we do hope to make a correct claim in relation to our contribu-
tion. Our contribution is not to provide a general validity of the relevance of risk
preference in a bounded-rational environment, which we have not achieved so far.
Rather, our contribution can be considered to be just a point, a starting point maybe,
to reflect upon the empirical plausibility of the theoretical result in regard to the
irrelevance of risk preference. Agent-based computational modeling is one way
of doing this. Would the theoretical result be too strong when applied to the red
world? Should risk preference be neglected in further economic analysis of similar
issues? Given the findings of this paper, the quest for answers to these topics may
have only just begun.

27



A Appendix
A.1 Evolution at the Low Level: Investment Strategies

A.1.1 Coding and Initialization

The implementation of the genetic algorithm starts with a representation (cod-
ing) of solutions. Here, we employ the real coding (the direct coding). The saving
rate (6}) and the portfolio (a!) are coded as real-valued numbers:

{52 | O‘i,tvaé,tv "'764\4,1‘,} (A.1)

To solve (13), an initial population of investment strategies with population size
N isfirst generated for each investor ¢,

GENy = {5],(0), i ,(0)}2

n=1"

The number inside the parentheses refers to the generation number in the GA cycle.
Population GE N, is generated as follows:

e 4;,(0) israndomly generated from the uniform distribution U/ (0, 1).
e To generate aportfolio o, (0), aset of numbers

(Qla Q27 sy QM)

are randomly generated from U (0, 1). Then, to make sure that their sumis equal
to 1, they arerescaled asfollows:

@ Qu
Yah Qo X5 QT Xh Qg

) (A.2)

A.12 FitnessEvaluation: Eval { GEN;, }

Corresponding to (13), the fithessmeasure f issimply the H-horizon discounted
expected utility:

fi(n.g) = F(8(9), 0l n(9)) = B z (B)ui(c,,) | BY, (A3

where f;(n, g) refers to the fitness of the nth investment strategy in the population
GENt{g (i.e. the gth generation of the GA cycle). The Monte Carlo simulation
technique is used to evaluate the fitness (A.3). The way to do so isto simulate a
certain number, say L, of H-horizon histories of the states based on investor i’s
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belief, B;. For each simulated history [ (I € [1, L]), we can obtain a realization of
(A.3),i.e

H-1

Z(ﬁi)hui(ci-yh 1), 1=1,2,..L.

h=0
Then, we estimate f,;(n, g) by taking the sample average,

Zl 1 Z (5Z)hUZ(Ct+h | l)

filn, g) = 7

(A4)

A.13 Genetic Operation: GEN;, — GEN; .,

Once the procedure Eval { GEN; ! , 1 iscompleted, al investment strategies are
associated with a fitnesswhich isthe output of (A.4).

Eval : {5§,n(9)> ai,n(g)}rj:[zl - {ft("ag)}rjyzl (A.5)

Based on their fitness, we shall revise and renew these investment strategies
based on investor i's belief B;. This revision and renewal procedure involves the
use of four standard genetic operators, namely, selection, crossover, mutation and
election.

Selection: The tournament selection with tournament size 4 is employed. For
each selection, four investment strategies are randomly selected from GEN; g Of
them, the best two will be chosen as the parents (mating pool). We denote them by

I = {6 ,(9), i .(9)},

and | |
Yy = {5;,3;(9)704,1;(9)}7
where z,y € [1, N].

Crossover: With probability p...ss (crossover rate), the two parents chosen
above will generate an offspring by taking a weighted average of the two invest-
ment strategies, and the weights will be determined by the relative fitness of the
two strategies.

I.= (3 .(9). a1 -(9)) (A.6)

— fi(z,9) i a fi(y, 9) i o
_ft(xngft(y,g)(ét,x(g), t2(9)) + ft(x,g)+ft(y,g)(5t’y(g)’ i (9))

Mutation: The offspring 7. will then have a small probability (mutation rate)
to mutate. If mutation happens, it will proceed as follows. For the saving rate, a
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Fig. A.1. Flowchart of the Low-Level GA

number randomly selected from the U0, 1] will be used to replace d; _(g). For the
portfolio, a set of numbers,

€= (€1,€, .. €M),

randomly generated from U (0, 1), will replace o}, (¢). Then the rescaling technique
described in (A.2) will be applied. We call the resultant strategy 1.

Election: The use of the el ection operator examines whether the new investment
strategy is expected to perform better than the one it replaced. In election, we shall
use (A.4) to evaluate the potential fitness of 7.,, and compare it with the fitness
of the two parents, I, and I,. Then, only the one with the highest fitness will be

retained for the next generation, GEN] . ;.
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Fig. A.2. The Flowchart of the Investment Optimization

o

Al4 Loops

Once a new investment strategy is generated, aloop (Figure A.1) leads us back
to selection, which is then followed by crossover, mutation and election and then
the next new investment strategy is generated. The loop will continue until all vV
strategies of GEN;,,, are generated. GEN; ., will be evaluated based on the
Eval procedure, and based on the evaluation, genetic operators will be applied to
GEN},., to generate GEN} ,,,. This loop will aso be repeated over and over
again until atermination criterion is met, e.g., when g reaches a prespecified num-
ber G.

When the renewal and revision process is over, the investor will select the best
strategy from the last population of investment strategies, say, GEN;G.

(67", ") = arg Grgg?g{ft(n, G, (A7)
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A.2 Evolution at the High Level: Beliefs

At the low level of evolution, the investor revises and renews his investment
strategies with respect to a specific belief selected from a population of beliefs
{Bi,}/_,. In other words, at each point in time, the investor may have more than
one model of uncertainty inthe world. The ideathat each agent can simultaneously
have several different models of the world, which are competing with each other in
aco-evolving process, is a distinguishing feature of the population learning models
([12], [2], [23], [8], [1]). Of course, these models are not equally promising, and
the investor tends to base his decision (investment strategies) on one of the most
promising ones. However, astimes goes on, his beliefs of the world will be revised
and renewed in light of the newly incoming information. In this section, we shall
describe how genetic agorithms can be applied to modeling the beliefs updating
process.

A.2.1 Coding and Initialization

In the Blume-Easley-Sandroni model, each investor’s perception of the uncer-
tainty (finite-state stochastic process) of the market can be characterized by two el-
ements: first, the dependence structure (), and, second, the sample size (d). Based
on this characterization, the investor believes that the market over the last d days
follows a kth-order Markov process. According to this belief, he would use a part
of the historical data {m;_,}"*%*1, referred as to the training period, to estimate
the Markov transition matrix, and the rest of the data {m,_s}*_,, referred to asthe
validation period, to validate the estimated model. As a result, each belief can be
represented by a binary string, of length 7, + 7,

1G9y Qpy 410y 12---Cryvyy @ € {01}, V1 <i <7+ 7

T1bits Tobits

that hasthe following interpretation: the statesfollow aMarkov process of the order

k= (3 2""a,) (A.8)
i=1
over the last
T1+72 ]
d=( Y 2m™ig) ¢ (A.9)
i=71+1

days. To facilitate estimation, d cannot be too small, and that demands an additional
constant of ¢. In our current model, we ssimplify and limit the dependent structure
(k) to O or 1, that is, we only assume the stochastic process to be iid or first-order
Markov.

At the initial date (¢t = 0), all investors are endowed with a population of J
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Fig. A.3. The Belief Updating Scheme

beliefs, which are randomly generated. Then every A days, this population of be-
lief will be reviewed and revised based on the fitness function, which is a kind of
likelihood function to be specified below.

A.2.2 Belief Updating Scheme

Agentsin our model follow the practice of machine learning. They are supposed
to care about the risk of over-fitting, and hence use datain the validation period to
perform model selection. One way of ensuring that our agents behave so is to set
the fitness function as the fitting error in the validation set, rather than the training
set. The belief updating schemeis outlined in Figure A.3.

The essence of the belief updating scheme isto maintain astyle of on-linelearn-
ing, while not to overload the computationa intensity. As we can see from this
figure, at each time ¢ agents retain the most recent v days as the validation period.
They use the data before the validation period, that is, the data of the training pe-
riod, to estimate the parameters of each belief. Then afitness measure for a belief
B}, isits associated likelihood, evaluated by the validation set {m,_,}_,,

L, = L({m Yo | By, (A.10)

Equation (A.10) is the likelihood of the observations {m,_s}*_, in the validation
period under the belief B;l,t. Every A periods, after they finish the evaluation of
each belief’sfitness, they apply the genetic operation to update their belief set (see
Section A.2.3), and the belief with the highest fitness will be chosen. Even in the
period that the genetic operation isnot applied, say whent € [A + 1,2A — 1], they
evaluate the fitness of beliefs in their current belief set using the newest data and
choose the best from it.
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A.2.3 Genetic Operation

Oncethe procedure of evaluating each belief’sfitness (Eval { B!, ,}/_,)iscom-
pleted, all beliefs are associated with a fitness which is the output of (A.10).

Eval :{{B}, |}/, — {Li, }], (A.11)

Based on this fithess evaluation, we will revise and renew investor i's beliefs by
using the following four genetic operators. selection, crossover, mutation and elec-
tion.

Selection: A tournament selection with tournament size 4 is adopted. The best
two beliefs will be chosen as the parents (mating pool).

Crossover: With probability p...ss, the two parents chosen above will generate
an offspring by the uniform crossover. With this crossover, each bit position of
the offspring will be taken randomly either from the father or the mother with a
one-half chance for each. For an illustration, let us consider the pair of parents to
be B., , = 0010101010, corresponding to a belief of (k,,d,) = (0,170), and
B;:J_l = 0111110010, corresponding to (k,,d,) = (0,498). Then, an offspring,
B, can be

B! = 0011100010 — (k.,d.) = (0,226).

Mutation: Thereisasmall probability p,,.....(mutation rate) by which each bit
of B¢ may encounter a change. For example, the mutation which changes the fifth
bit from “1” to “0”, and the last bit from “0” to “1” will result in anew string:

B!, = 0011000011 — (k./,d./) = (0,195).

Election: Finally, B!, will also be evaluated by the observations {m,_,}*_,, and
the likelihood will be figured out. We will then compare the likelihood from B¢,
with the likelihood from the parent models, and the best one will be passed to the
next generation, { B}, }7_,.

A.2.4 Loops

Once a belief is generated, aloop in Figure A.4 will lead us back to selection,
which is then followed by crossover, mutation and election before the next belief
is generated. The loop will continue until all J beliefs of { B’ ,}7_, are generated.

One of the beliefs, Bj.;;f , Will be chosen based on the likelihood criteria,
B = arg m?XL({mtfs}Zzl | Bji',t)v (A.12)

The belief set will remain unchanged for the next A periods, when another loop of
revision and renewal process is conducted, and By’ is brought about.

34



Output

A i P!
T | B},

i=1 ‘

y

Input agent i's length of | |

i=i+1
validation

y

Fitness Evaluation Loop

l

=1

agent 1 chooses
selection < =il “ No his best belief

h

crossover

mutation

eIeCtion —>\J:‘J’;/-> Yes

Fig. A.4. Flowchart of the High-Level GA

References

[1]

[2]

[3]

[4]
[5]
[6]

Arifovic, J. and Maschek, M., 2003. Expectations and Currency Crisis-An
Experimental Approach. Paper presented at the 9th International Conference
on Computing in Economics and Finance, University of Washington, Sesttle,
July 11-13.

Arthur, W.B., Holland, J. , LeBaron, B. , PAmer, R. and Tayler, P, 1997. As-
set Pricing under Endogenous Expectationsin an Artificial Stock Market, In:
W.B. Arthur, S. Durlauf and D. Lane, (Eds.), The Economy as an Evolving
Complex System |1, Addison-Wesley, Reading, MA, pp. 15-44.

Barberis, N. and Thaler, R., 2002. A Survey of Behaviora Finance, in: G.
Constantinides, M. Harrisand R. Stulz (Eds.), Handbook of the Economics of
Finance, pp. 1051-1121.

Blume, L., Easley, D., 1992. Evolution and Market Behavior. Journal of Eco-
nomic Theory 58, 9-40.

Blume, L., Eadley, D., 2001. If You're So Smart, Why Aren’t You Rich? Belief
Selection in Complete and Incomplete Markets. Working paper.

Bullard, J., Duffy, J., 1999. Using Genetic Algorithmsto Model the Evolution
of Heterogenous Beliefs. Computational Economics 13, 41-60.

35



[7]

[8]

[9]
[10]

[11]

[12]
[13]
[14]
[15]

[16]

[17]
[18]
[19]
[20]

[21]

[22]

[23]

Chen, S.-H., Huang, Y.-C., 2004. Risk Prefrence and Survival Dynamics.
Working Paper Series 2004-2, Al-ECON Research Center, National Chengchi
University.

Chen, S-H., Yeh C.-H., 2001. Evolving Traders and the Business School
with Genetic Programming: A New Architecture of the Agent-based Artifi-
cial Stock Market. Journal of Economic Dynamics and Control 25, 363-393.
Feldman, J., 1962. Computer Simulation of Cognitive Processes, in: H. Borko
(Ed.), Computer Applicationsin the Behavioral Sciences, Prentice Hall.
Friend, 1., Blume, M.E., 1975. The Demand for Risky Assets. American Eco-
nomic Review 65, 900-922.

Gordon, M.J,, Paradis, G.E., Rorke, C.H., 1972. Experimental Evidence on
Alternative Portfolio Decision Rules. American Economic Review 62, 107-
118.

Holland, J., Miller, J., 1991. Artificial Adaptive Agentsin Economic Theory.
American Economic Review 81, 365-370.

Huang, C.F, Litzenberger, R.H., 1988. Foundations for Financial Economics
(Prentice Hall)

Kelly, JL., 1956. A New Interpretation of Information Rate. Bell System
Technical Journal 35, 917-926.

Laibson, D., 1998. Life-Cycle Consumption and Hyperbolic Discount Func-
tions. European Economic Review 42, 861-871.

Lettau, M., 1997. Explaining the Facts with Adaptive Agents: the Case of
Mutual Fund Flows. Journal of Economic Dynamics and Control 21, 1117-
1147.

Rabin, M., 1998. Psychology and Economics. Journal of Economic Literature
36, 11-46.

Sandroni, A., 2000. Do Markets Favor Agents Able to Make Accurate Predic-
tions? Econometrica 68, 1303-1341.

Sciubba, E., 1999. The Evolution of Portfolio Rules and the Capital Asset
Pricing Model. DAE Working Paper n. 9909, University of Cambridge.
Spear, S., 1989. Learning Rational Expectations under Computability Con-
straints. Econometrica 57, 889-910.

Tay, N., Linn, S., 2001. Fuzzy Inductive Reasoning, Expectation Formation
and the Behavior of Security Prices. Journal of Economic Dynamicsand Con-
trol 25, 321-361.

Tesfatsion, L., 2001. Introduction to the Special Issue on Agent-Based Com-
putational Economics. Journal of Economic Dynamics and Control 25, 281-
293.

Vriend, N.J., 2000. An Illustration of the Essential Difference between Indi-
vidual and Socia Learning, and its Consequences for Computational Analy-
ses. Journal of Economic Dynamics and Control 24, 1-19.

36



