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Abstract

This master thesis attempts to introduce a Bayesian estimation which used the Non-
Parametric Simulated Maximum Likelihood Estimator (NPSMLE) in order to compute
an approximation of the agent-based model likelihood. The main achievement of this
master thesis is the creation of an adaptive Gibbs sampler which takes into account the
shape of the likelihood function in order to explore the parameter space in a proper

way.

To test the accuracy of our Gibbs sampler, laboratory experimentation have been
conducted in order to assess the extent to which our simulated Bayesian method is bet-
ter than the NPSMLE. Finally, our Bayesian method has been tested on the S&P500
index in normal and crisis economic conditions. We used the most famous Heteroge-
neous Agent Models, the Adaptive belief system (Brock and Hommes, 1998). This new
Bayesian method is more accurate than its frequentist equivalent in laboratory condi-
tions because it has a smaller variance and bias. The sample size of our bias-variance
analysis is small, therefore it constitutes a strong limitation to our work. Cloud com-
puting has to be used in order to increase this sample and have a better estimation of
the true bias and variance of our estimator. To conclude, it is clear that a paradigm

shift is necessary in order to improve calibration accuracy in agent-based models.
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Introduction

For a long time, the efficient market hypothesis (Fama, 1970) was the dominant hy-
pothesis in finance but also in the economy in general. But the rational framework
suffers from too restrictive assumptions about agents’ behaviour, for instance a rational
behaviour implies that agents are able to know all traders’ strategies in the market in
order to price the security rationally. It is pretty obvious that kind of assumption will
not stands for the market without biases. However, this extremely simplified version
of the reality is not totally wrong because this theory can be seen as a theoretical

benchmark to confront emergent theories.

Behavioural finance has become appealing because this paradigm is able to address
issues that the traditional finance was not enabled to face during many years. One of the
biggest issues with the traditional paradigm is that stylized facts found in financial stock
can not be explained in a rational framework. In fact, through the last three decades,
behavioural finance has received a lot of attention from academic literature because this
theory is much more realistic than the former with less restrictive assumptions about
traders and the market as a whole. Moreover, behavioural finance is able to resolve

some puzzles which are unanswered for a long time!.

Behavioural models have received a lot of attention in order to construct new models
based on agents who have more realistic behaviours as cognitive biases, limited cog-

nition, learning or interaction. Those models are called Heterogeneous Agent Models

!For more argument on behavioural finance, see the excellent survey of Barberis and Thaler (2003).
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(HAMs) if they are very simple, they only stand for a simplified version of the reality.
These models are composed with boundedly rational agents using simple rules to pre-
dict the future stock price, these agents are heterogeneous and they are able to switch
from a strategy to another based on profitability heuristics. Simplest HAMs are analyt-
ically tractable (at least numerically), but if we move to models which are closer to the
reality, computational approaches are needed. These more complex models are gener-
ally called agent-based computational economic models. More precisely, in this master
thesis, we will use this kind of model in the sub-field of finance, therefore we called this
type of model, Agent-based Computational Finance Models (ACFMs). These models
are constructed along the exponential increased of new technologies and optimization
methods which are largely due to the increasing popularity of the machine learning.
In fact, these models are called computational because they are strongly linked to the

utilization of numerical methods and algorithms which are able to solve these models.

In this master thesis, three main assumptions have been made in order to use HAMs
and ACFMs in financial markets. First of all, agents are boundedly rational. As argued
by Simon (1955), the empirical refutation of the EMH does not mean that agents are
irrational but more, they are limited in their degree of rationality. In other words,
agents make choices which are satisfactory, not especially optimal. Secondly, agents
have heterogeneous expectation and use simple forecasting rules to make predictions
about the future market prices. Finally, the performance of their strategies is evalu-
ated according to profitability measures, hence they are able to learn from historical
performance of strategies in order to adapt their forecasting rule properly. Moreover,
agents are supposed to be able to interact with each other. The evolution of the market
fraction? and the interactions between agents both influence endogenously the market
prices of stock, which means that the price is not solely influenced by exogenous news

shocks.

2The market fraction is the fraction of the different types of trading strategies that exist in financial
markets.
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Interaction and learning are both encapsulated into the concept of complex adaptive

system in ACFMs. A complex system is, as quoted by Tesfatsion (2006, p.7) :

“The system exhibits emergent properties, that is, properties arising from
the interactions of the units that are not properties of the individual units

themselves. *

And then a complex adaptive system is, as quoted by Tesfatsion (2006, p.7) :

“A complex adaptive system is a complex system that includes goal-directed
units, i.e., units that are reactive and that direct at least some of their

reactions towards the achievement of built-in (or evolved) goals.”

During the last three decades, new ACFMs have emerged in the academic literature.
The complexity in term of learning, interaction and heterogeneity of these models has
increased more and more until these models have become unable to be estimated with
direct methods. In other words, these new complex models are usually not tractable
(analytically or numerically), therefore researchers are not able to derive a closed-form
solution of their likelihood function and their moments conditions. Direct estimation
as Maximum likelihood or OLS can not be used in order to calibrate the parameters of
these new complex models. Hence, new methods have to be created in order to estimate
these models, simulation-based econometric methods® are able to overcome the fact
that these models are not tractable (analytically or numerically). Indirect frequentist
approach has been mainly discussed last two decades in the empirical literature, but
the Bayesian paradigm is left unexplored to indirect estimation. The only attempt to
use Bayesian inference in ACFMs is made by Grazzini et al. (2017). They proposed
a simplified version of a Bayesian inference with the most simple Markov chain Monte

Carlo, the Metropolis-Hastings algorithm. However, their first attempt to estimate

31n this master thesis, these methods are called indirect estimation methods
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ACFMs with Bayesian inferences works well, their method produces accurate estimation
of most of the parameters, but their method is limited in order to explore the parameter

space accurately when the dimensionality increases.

Bayesian estimation seems to be largely ignored in the empirical literature (Platt,
2020). But as empirically demonstrated by Platt (2020), in a wide range of cases,
Bayesian inference outperforms other up to date frequentist methods. Hence, he sug-
gests that a paradigm shift is required, with improvement of existing Bayesian esti-
mation techniques. This master thesis proposes an innovative method to use Bayesian
inference with ACFMs* in order to address the lack of methodology in sampling meth-
ods. The main achievement of this master thesis is the creation of an adaptive Gibbs
sampler which takes into account the shape of the likelihood function. We use the
method introduced by Kristensen and Shin (2012) to compute an approximation of
the likelihood function, this method is called the NonParametric Simulated Maximum
Likelihood Estimator (NPSMLE). Our simulated Bayesian method can be seen as an
extension of Kukacka and Barunik (2017) because they used the NPSMLE to estimate
an HAM, the adaptive belief system created by Brock and Hommes (1998). Our empir-
ical estimation is first made in laboratory conditions where the true value of parameters
are known. This section will estimate the parameters of a two-type adaptive belief sys-
tem created by Brock and Hommes (1998) in order to assess the extent to which this
Bayesian method is able to retrieve the true value of the parameters. The main purpose
of this section is to compare the accuracy in term of bias and variance of the classic
NPSMLE and our Bayesian method. Finally, this method will be used to estimate a
two-type adaptive belief system on the S&P500 index in normal and crisis economic

conditions.

In order to collect all required information in this master thesis, an academic review

has been made first. This step is essential to gather all information about HAMs and

4This method can also be used with HAMs.
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ACFMs created in the academic literature and how these models are estimated and
validated in practice. The second step of this master thesis is to gather all the theoretical
background necessary in order to construct our new Bayesian estimation method. The
final step of this thesis is to test this new method in laboratory conditions® and on
real financial data. The papers which have inspired the general structure of this thesis
are ; Béreau (2014), Chen et al. (2012), Kukacka and Barunik (2017) and Fagiolo et
al. (2019). Béreau (2014), Chen et al. (2012) and Fagiolo et al. (2019) have inspired
the general structure of the literature review. The structure of Kukacka and Barunik
(2017) have been naturally followed by the empirical estimation chapter because this
master thesis can be seen as an extension of this paper.

The present master thesis is organized as follows: the first chapter is dedicated to
review the literature review. This chapter in subdivided in two sections : the first
one is devoted to a literature review on agent-based model and the second discusses
empirical aspect of agent-based model estimation. The second chapter presents all
the theoretical background and methodology necessary to construct our new simulated
Bayesian estimator. The third chapter addresses the results of empirical estimation and
their interpretation. Finally, the last part attempts to draw overall conclusions of our

work and limitation which suggest further researches.

5Laboratory conditions means that the true value of parameters are known.






Chapter 1

Literature review

1 Agent-based models

“Agent-based modeling is a computational method that enables a researcher
to create, analyze, and experiment with models composed of agents who

interact within an environment.” (Gilbert, 2008, p.1)

Agent-based model (ABM) is a widely used model around many disciplines, as in
ecology, economics, geography, supply chain, stock market and many others. This
type of model is useful when the modeller has to deal with complex adaptive system!
composed of heterogeneous agents who interact with each other. The behaviours of
agents are described by simple rule and are influenced by the behaviours of other agents.
The outcomes of those models show some regularities, structure and behaviour which
are not explicitly programmed, but arise from the behaviours and interaction of agents

(Macal et al., 2010).

The popularity of ABMs is nowadays strongly related to the fast computing power

LA system is complex if it exhibits emergent properties, that is, properties arising from the inter-
actions of agents. A complex adaptive system is a complex system that includes goal-directed units,
i.e., units that are reactive and that direct at least some of their reactions towards the achievement of
built-in (or evolved) goals. Both definitions came from Tesfatsion (2006, p.7)

17
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of our contemporaneous computers. In fact, in most cases ABMs do not have aggrega-
tion equation which can be analytically derived, so classic econometric methods cannot
be applied. Fortunately, Simulation-based Econometric Methods (SEM) have been cre-
ated to deal with this type of models which cannot be analytically derived. In practice,
Monte Carlo simulation can be applied to derive aggregate function and econometric
methods are applied directly on simulated aggregations (Chen et al., 2012), the section
2.1 will describe this step in details. However, this kind of econometric methods needs
a huge number of simulations to deal with agent-based models and therefore is strongly
dependant on the computing power of the modeller’s computers. Moreover, paralleliza-
tion of the computation enables to reach a much larger number of simulations in a much
shorter time. The significant improvement in computers’ technologies enables ABMs

to be used by a lot of researchers in many disciplines.

Behavioural finance argues that agents are subject to cognitive biases when they
form their beliefs and on people’s preference (Tversky and Kahneman, 1974), these
biases have two major consequences in the modelization of the economy. First of all,
agents are not fully rational that means that agents do not act in a way to maximise
their expected outcomes. A number of experimental works have shown that people
systematically violate the expected utility framework (EU) in practice (Barberis and
Thaler 2003). Secondly, it is impossible that all agents are subject to cognitive bias
in the same way and intensity. Hence, it is unlikely that agents are the same in the
economy, the high trading volume strengthens the idea of heterogeneity in financial
market?. Thus, financial markets are composed of different types of agents and they
are non fully rational. But as recalled by Barberis and Thaler (2003), experimental
evidence on cognitive bias should not be taken for granted because people are able to
learn from experience or with more powerful incentive, therefore psychological bias can
decrease in intensity or completely disappear. So, agents are able to learn from their

previous mistakes (bias) but they immediately violate it in a specific application.

2The section 1.2.1 will discuss extensively on the heterogeneity in financial markets.
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Behavioural finance suggests that agents are not fully rational, heterogeneous and
are able to learn from their experiences. ABMs seem to be perfect to mimic the financial

market. Moreover, as suggested by Tesfatsion (2003, p.1):

“Decentralized market economies are complex adaptive systems, consisting
of large numbers of adaptive agents involved in parallel local interactions.

These local interactions give rise to macroeconomic regularities”

In finance, regularities can be seen as the stylized facts which emerge from bounded
rational agents who are able to learn from their previous experiences and interact with
other agents in local clusters. ABMs seem to be the perfect way to represent financial
markets in a simplified version of the reality (Gilbert, 2008), with only a few types of
agents who interact locally, follow simple rules and are able to learn. The following
section will provide all hypothesis that this master thesis makes in order to use ABMs

in financial markets.

1.1 Hypotheses

We have to formulate three main hypotheses to use ABMs in financial markets. First
of all, agents are considered as bounded rational, secondly they are able to learn from

past strategies performance and finally they are heterogeneous.

1.1.1 Bounded rationality

As already introduced above, agents are subject to cognitive bias which can have a
strong influence on their behaviour when they have to take a decision (Barberis et al.
2003). Moreover, this influence is strengthened when agents are facing risks, uncer-
tainty, incomplete information or when the complexity of the task is very high (Tseng,
2006). All those factors lead to question the efficient market hypothesis (EMH) and
more precisely the idea that agents behave rationally. As a reminder, EMH is composed

of three assumptions (Shleifer, 2000). First of all, market participants are assumed to
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be rational and therefore are able to price securities rationally. Secondly, if a share of
investors is not rational, their trades are random therefore on average their trades will
be cancelled with each other without affecting prices. Thirdly, to the extent that a
share of investors is irrational in similar ways, these trades are cancelled in the market
by rational arbitrageurs who eliminate their influences on prices. Let’s focused on the

first assumption of the EMH, according to Barberis and Thaler (2003, p.2) :

“Rationality means two things. First of all, when traders receive new in-
formation, agents update their beliefs correctly, in a manner described by
Bayes’ law. Secondly, given their beliefs, agents make choices that are nor-
matively acceptable, in the sense that they are consistent with Savage’s

notion of Subjective Expectation utility (SEU).”

Let’s focus on the first part of this quote. As shown by Kahneman and Tversky
(1974) people apply the Bayes law incorrectly. When people try to evaluate the proba-
bility that a data set was generated by a model, they use the representative heuristics.
This means that they are trying to evaluate this probability by evaluating the prob-
ability that the model has generated the data set. But the representative heuristics
generate some biases. One of the biases is the base rate neglect. In fact, when agents
estimate the probability that their data set was generated by a model, they put too
much weight on P(data|model)® which capture the representativeness but too little

weight on the prior. In the Bayes’ rule P(model) represent the prior.

P(datalmodel) P(model)
P(data)

In practice, agents are not able to apply the Bayes’ rule correctly which is not

P(model|data) = (1)

consistent with the first assumption of the EMH. Moreover, a number of experimental
works has shown that people systematically violate the expected utility framework

(EU) in practice (Barberis and Thaler, 2003). EMH does not seem to be the perfect

3This term is captured by the likelihood of the data given a model.
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framework to modelize the economy because its assumptions are too strict to be fulfilled
in practice. Herbert A. Simon has introduced the concept of bounded rationality in

1957. According to Simon (1997, vol 3, p. 291):

“The term ‘bounded rationality’ is used to designate a rational choice that
takes into account the cognitive limitations of the decision-maker, limita-
tions of both knowledge and computational capacity. Bounded rationality
is a central theme in the behavioral approach to economics, which is deeply
concerned with the ways in which the actual decision-making process influ-

ences the decisions that are reached.”

Considering market participants as bounded rational seems a much better assump-
tion than modelizing agents as fully rational in financial markets. More precisely,
bounded rational theory as described by Simon, relaxes some purely theoretical as-
sumptions supported by the EMH. Simon (1955)* suggests that it is almost impossible
that agents are able to perform this kind of optimization required in the rational frame-
work. He argued that because optimization costs too much and agents have limited
cognition, a more natural way to consider agents is to see them as “satisfying”. In other
words, agents make choices which are satisfactory, not especially optimal. The term
bounded rational does not mean that they are irrational but more they are limited in

their degree of rationality (Lo, 2004).

1.1.2 Complex adaptive system

Another important feature to use ABMs in financial market is to assume that agents
are able to learn from their past strategies to adapt their belief on the future stocks
price. A boundedly rational agents forms their expectations about the future based
upon observable quantities and are able to adapt their forecasting rule as soon as
additional information become available (Hommes, 2006). Moreover, we have to make

the hypothesis that agents are able to interact with each others. For instance, Follmer

4This information come from Lo (2004)
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(1974) shows that short range interaction among agents may propagate through the
economy and lead to macro-level uncertainty causing a breakdown of price equilibria
(Hommes, 2006).

Hence, stock market is composed of interacting and adapting agents which lead to

the definition of complex adaptive system given by Tesfatsion (2002, p.1) :

“Decentralized market economies are complex adaptive systems, consist-
ing of large numbers of adaptive agents involved in parallel local interac-
tions. These local interactions give rise to macroeconomic regularities such
as shared market protocols and behavioral norms which in turn feed back
into the determination of local interactions. The result is a complicated
dynamic system of recurrent causal chains connecting individual behaviors,

interaction networks, and social welfare outcomes.”

In finance, the stock market’s regularities can be seen as stylized fact which emerges
from bounded rational agents who are able to learn from their experience and interact

with other agents in local clusters.

Let’s define more formally what a complex system is and then what a complex

adaptive system is.

A system is considered as complex if it shows the following two properties (Tesfatsion
2006, p.7)°:

e The system is composed of interacting agents.

e The system exhibits emergent properties, that is, properties arising from the

interactions of agents.

Unfortunately, there is not consensus on the definition of a complex adaptive system.

But three nested definitions are considered (Tesfatsion, 2006, p.7):

5See Flake (1998) for more information on the properties of complex system.
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e Definition 1: A complex adaptive system is a complex system that includes
reactive units, i.e., units capable of exhibiting systematically different attributes

in reaction to changed environmental conditions.

e Definition 2: A complex adaptive system is a complex system that includes
goal-directed units, i.e., units that are reactive and that direct at least some of

their reactions towards the achievement of built-in (or evolved) goals.

e Definition 3: A complex adaptive system is a complex system that includes
planner units, i.e., units that are goal-directed and that attempt to exert some

degrees of control over their environment to facilitate achievement of these goals.

In summary, complex and adaptive in a complex adaptive system stand for, respec-

tively in ABMs the interaction and the learning of agents.

1.1.3 Heterogeneous expectations

“One of the things that microeconomics teach you is that individuals are not
alike. There is heterogeneity , and probably the most important heterogene-
ity here is heterogeneity of expectations. If we did not have heterogeneity,
there would be no trade. But developing an analytic model with heteroge-

neous agents is difficult.” (Colander et al., 2004, p. 301)°

As argued by Hommes (2006), in a market where all agents are rational, there will
be no trade at all. For instance, if a trader has information that gives him incentive to
sell a stock and other traders in the market do not have this information, the informed
traders cannot benefit from his information. In fact, if other trades are rational, they
will anticipate that he has private information and therefore they do not buy the stock

to him. This fact is strongly in contrast with the high daily trading volume observed

6This citation comes from Hommes (2006, p.1)
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in every market all around the world (Hommes, 2006). The trading volume observed
in practice, reinforces the idea that markets are composed of agents who have radically
different expectations. We suppose that agents have heterogeneous expectation about

the future of the stock price through this thesis.

1.2 Density of ABMs

This section aims to do a literature review on agent-based models in finance and espe-
cially on articles which focus on stock markets. The literature on ABM was very scarce
at the end of the nineties, but the literature has grown very fast up to now. Nowadays,

ABM is an intensive research area in most of disciplines where these models are useful.

The review will be articulated in three subsections which are the heterogeneity,
learning process and interaction as proposed by Chen et al. (2012). These three
subsections will describe the three building blocks required in order to construct an
agent-based model. It is important to categorize ABMs in term of their density” (from

simple to complex) in order to compare different ABMs properly.

1.2.1 Heterogeneity

Heterogeneity is an essential component of ABMs because it describes the composition
of the markets and its degree of diversification in strategies (beliefs). In ABMs, the
heterogeneity has many dimensions, for instance, expectation about the future price,
risk aversion, strategy, wealth and many others (Chen et al. 2012). But, in practice it is
impossible to deal with multidimensional heterogeneity, but fortunately, models have to
be only simplified representation of the reality (Gilbert, 2008). So, most of models deal
only with few dimensions of the heterogeneity. Different expectations about the future

price is the most common heterogeneity embedded in ABMs (see Brock and Hommes,

"The density of an ABM is defined as its degree of complexity in term of heterogeneity, learning
process and interactions through its environment. The term ”density” is proposed by Chen et al.
(2012). It should be noticed that the term density in ABM is not related to the density in statistic.
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1998). Different degrees of risk aversion have been taken into account in ABMs, for
instance, Chiarella & He (2002), have studied the model of Brock and Hommes (1998)
but relax the assumption of homogeneous risk aversion. The different degrees of risk
aversion among traders is one of the main reasons why the trading volume is high in

stocks market.

We can differentiate simple heterogeneity to complex heterogeneity (LeBaron, 2000).
Simple heterogeneity is models with a few-type which means there is only a small
number of types of traders modelized in the artificial market. Typically, models with
two or three types of agents are considered as few-type models®. On the other hand,
complex heterogeneity is a model with many types of different traders in the artificial

market.

Before starting to describe different types of design, let’s focus on the motivation
which has inspired designer of ABMs in term of heterogeneity. Experiments have been
conducted during the late 1980s and early 1990s and have accumulated a number of
empirical evidences about how financial agents forecast in practice. Empirical evidences
have been discovered by several ways, as questionnaires, surveys, financial specialists,
dealers and so on (Frankel and Froot ,1990; Allen and Taylor ,1990). As mentioned by
Chen et al. (2012), there are two interesting results which are generally extracted from
empirical data. First of all, data indicated that there are two kinds of expectations
which co-exist in markets. The first type of agents is the fundamentalist, they are
characterized to be the stabilizing force of the market. At the opposite, there is the
chartist (also called trend follower or technical analyst) which is the destabilized force of
the markets. Fundamentalist and chartist will be described more accurately afterwards
through examples of ABMs modelization. Secondly, the proportion of these two types
of agents (market fraction) is not constant over time. This result suggests that agents

are able to adapt through time. In other words, agents are able to learn from their past

8Tt is an arbitrary number and it can change across researchers.
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performance to improve their general performance. This finding is a strong supportive

of the complex adaptive systems that we suppose through this master thesis.

Heterogeneous agent models

The simplest Heterogeneous Agent Model (HAM) is a model with only two types
of agents, we can also call it few-type design. The classic HAM is the fundamentalist-
chartist model. Fundamentalist forms their expectation about the future stock price ac-
cording to market fundamental such as dividend, growth, unemployment, etc. (Hommes,
2006). This type of agents can be seen as a rational trader? who believes that the price
of the stock is determined according to the EMH (Brock and Hommes, 1998). At the
opposite, there is the chartist who based their expectation about future stock price and
their trading strategies according to historical price. Generally, they try to extrapolate

price trend with historical price movement!?.

One of the very first ABM used to modelizing the stock market or exchange rates
has been created by Zeeman (1974). The main hypothesis behind this model is that
the market is composed of two types of investors : fundamentalist and chartist. This
model aims to offer a qualitative description of stylized facts observed in bull and bear

markets!'!.

Brock and Hommes (1998) have created a very influential ABM where the classic
opposition of fundamentalist and chartist are modelized as an adaptive belief system.
The main idea is that agents are able to switch from the fundamentalist (chartist) be-
liefs to the chartist (fundamentalist) beliefs based on the past realized profit of both
strategies. The switching mechanism is embedded in the ABM with the logit regres-

9Remark : fundamentalists are not rational traders in a sense that they are not able to know all
the strategies of all other traders in the market, but rather traders which are able to stabilize the
market price around its fundamental value.

0They use models such ARMA, ARIMA or linear forecasting rule (Brock and Hommes, 1998).

HUBull and bear markets is a metaphorical representation which describe how stocks mar-
kets are doing in general (Investopedia). Link : https://www.investopedia.com/insights/
digging-deeper-bull-and-bear-markets/


https://www.investopedia.com/insights/digging-deeper-bull-and-bear-markets/
https://www.investopedia.com/insights/digging-deeper-bull-and-bear-markets/

1. AGENT-BASED MODELS 27

sion as described later. This model will be described more accurately in the section
1 of the theory and methodology chapter. Another two-type design which is closely
related to the idea of fundamentalist and chartist is the model created by Barberis,
Shleifer and Vishny (1998). This model assumes that investors are affected by two
psychological biases when they form their expectations about future cash flows. The
two biases are the conservatism (people underweight new information relative to their
prior) and representativeness (people think that only a small sample reflects the prop-
erties of the entire population, this bias is often known as the “law of small number”
(Rabin, 2002)). Investors suppose that there are two distinct regimes which generate
earning : a “mean-reverting” regime, where earnings are more mean-reverting than in
reality, and a “trending” regime where earning trend more than in reality. The “trend-
ing” regime captures the effect of representativeness and the “mean-reverting” regime
capture the conservatism. Investors believe that the regime which generates earning
changes exogenously over time and their task is to choose the right regime at the right
time (Barberis and Thaler, 2003). These models succeed in incorporate cognitive bias
into investor belief. The “mean-reverting” and “trending” regime could be seen as re-
spectively fundamentalist and chartist. Many other ABMs use only two types of traders

(fundamentalist and chartist), see Hommes, 2006 and Lux 2009 for review.

Another two-type design which was popular at the end of the 90s is the rational vs
noise traders. This model is similar from the fundamentalist vs chartist discuss above
because neither of the two types of traders is fully rational. In fact, to be fully rational,
a trader has to take into account the presence of other traders and knows their strategies
(Hommes, 2006). But chartist can be considered as a king of noisy traders. One of the
purpose of these models is to address to the Friedman hypothesis : stabilizing investors
("smart” /rational traders) perform better than destabilizing investors (noise trader)

which suggests the following question : are noise traders able to survive in the markets

?
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DeLong et al. (1990a) has proposed a model with two types of traders, sophisticated
traders and noise traders. The market is composed with two assets, a safe asset (paid a
fixed dividend each period) and a risky asset which pays an uncertain dividend. Noise
traders base their beliefs upon incorrect information from several sources of informa-
tion, resulting that their beliefs are incorrect. In contrast, sophisticated traders take
advantage of the incorrect belief of noise traders. In other words, they make arbitrage.
A surprising conclusion of DeLong et al. (1990a) is that in a finite horizon, a constant
fraction of noise traders is able to earn higher expected returns than rational agents.

In other words, noise traders are able to survive in the market.

Extension of the two-type design to three or four types of agents is easy to set up, we
have just to add another type of agents in the system. But there are still little doubts
about the fact that strategies of financial agents can be more complex than a simple
two-type design (Chen et, 2012). A simple example of three-type design is to consider
an extension of the two-type design adaptive belief system (ABS) introduced by Brock
and Hommes (1998). They proposed a three belief types where there is fundamentalist

vs opposite biases traders or fundamentalist vs trend vs biases traders.

There are ABMs with more than three or four types of agents. Unfortunately
the number of possible combinations of agents’ type increases exponentially with the
number of agents’ type in the system. It is one of the reasons which explains that ABM
is so complicated in practice. And it is another argument to keep the number of agents’

type in the system relatively low.

Many-type design

Generally, many-type design are models with four or more types of traders'?. There
are no consensus on how to build a many-type design, but the easiest approach is to

add new types of traders to two or three-type design. N-type design can be viewed

12This is subjective and this number can change across researchers.
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as a generalization of the few-type design composed with two to four or more types of

traders.

Brock, Hommes and Wagener (2005), henceforth BHWO05, have developed a theo-
retical framework to study the evolution of the markets in presence of many types of
traders. They have introduced the Large Type Limit (LTL), this notion enables to
make a low dimensional approximation of the evolution of a market forms with many
types of traders (Hommes, 2006). Diks and van der Weide (2005) have introduced the
notion of Continuous Belief Systems (CBS) which is a generalization of the notion of
large type limit. The idea behind CBS is to form traders’ belief according to a con-
tinuous density function. The distribution of belief is a continuous distribution from
which the observed beliefs are sampled. According to the definition of a continuous
distribution, the number of different beliefs is infinite, so the CBS is an infinite-type
design by construction. The infinite N-type design works directly on the distribution
while the finite N-type design works on a sample of beliefs. In other words, the finite
N-type design can be seen as a sample of size N which is drawn from the continuous
density function (Chen et al., 2012). An advantage of working with distribution is that
most of distribution can be described with few parameters'® to represent an “infinite” !4
degree of heterogeneity in markets composed with an infinite number of different types
of agents. For more information on notions of Large type Limit and Continuous Belief

Systems, Hommes (2006) gives a nice summary of those notions.

HAM vs many-type design

The paradigm behind the HAM is to make clusters in the population and traders

who have similar strategies or beliefs fall into the same cluster!®. But this notion of

BFor instance, the Normal distribution can be described with only two parameters, the mean and
the variance.

1A continuous density function 