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Abstract. This paper presents a neural-evolutionary framework for the simula-
tion of market models in a bounded rationality scenario. Each agent involved
in the scenario make use of a population of neural networks in order to make
a decision, while inductive learning is performed by means of an evolutionary
algorithm. We show that good convergence to the game-theoretic equilibrium is
reached within certain parameters.

1 Introduction

Classical economics makes the assumption that economic agents involved in any system
are perfectly rational. This usually means that each agent has knowledge of all relevant
aspects of the environment, a logical and coherent preference, and enough computa-
tional power to process all this information in order to choose the best course of action
to attain the highest, optimal point in his or her preference scale [13]. This assumption
facilitates the use of analysis tools within game theory to predict the outcome of in-
teractions of multiple agents. However, it is not the case that real agents behave in a
perfect rational sense: they are usually endowed hdtlnded rationalityf12].

This term, coined by Herbert Simon in the 1950s, refers to an approach now widely
used for modeling reasoning in economic scenarios. Systems endowed with bounded ra-
tional agents might offer quite different behavior from ones with rational agents. Some
systems, on the other hand, seem to allow anabsi§ agents were rational [11], even
though this may not be the case. Such systems are of particular interest, since they allow
the use of traditional, tractable techniques for behavioral analysis [6].

Arthur [1] has proposethe El Farol problenin order to provide insights in systems
of interacting bounded rational agents in a simplified market model. Since then, this
model has been widely discussed together with other evolutionary game scenarios, such
as the Minority Game [16]. The El Farol problem is as folloW&ere are N agents;
each agent has to decide whether or not to go to the El Farol Bar at some week; an
agent will go if he or she expects that at most aN agents are going, where a € [0,1];
otherwise the bar would be overcrowded and the agent will not go. The only source of
information available to the agents is a global history of past weeks attendance, and no
explicit communication is allowed between the agents'. The interest in modeling this

! Some papers report experiments with explicit communication, see [14] for an example.



kind of problem is the assumption that the utility gain of each agent depends directly
on the decision of all other agents, leading to an interesting paradox: if many agents
believe that El Farol will be overcrowded, few will go; if they all believe nobody will
go, all will go.

In [1], an experiment was set by allowing each agent to choose over an internal set of
fixed strategies in order to predict the next week attendance. Each strategy used only a
history window to make the prediction (e.g. the same as the previous week, the average
over 5 last weeks, a fixed number etc.) and the most accurate predictor was chosen
at each time step. With a total of 100 agents and setting the bar to be overcrowded
if 60 or more agents attended (= 0.6), the simulations showed a convergence to
a mean attendance of 60. Game theory tells us that a Nash equilibrium exists using
mixed-strategy and 60 is the expected mean attendance [1], the same results observed
in Arthur’s simulations.

In response to this experiment, [6] suggested that if agents couddelaive in
the sense that they could come up witbw strategies other than those pre-specified
(as was the case in Arthur's simulations), the system would not show a convergence,
but rather it would behave in a more chaotic manner, thus showing that game-theoretic
expectation would be of little use to predict the behavior of such systems. Learning
was conducted using an evolutionary paradigm, where each strategy is represented by
an autoregressive equation, as a function of past weeks attendances, which parameters
were mutated to give birth to new, possibly better, generations of predictors. In the
present paper, we refer to “dynamic learning” as the model of learning that allows the
creation of new models, in contrast to “static learning” where learning is only made on
choices over a fixed set of pre-specified models. Even though in [6] dynamic learning
is explicitly included in the model, the predictions made are only able to capture linear
patterns, which is a rather strong assumption on the system.

We believe that it is plausible that the study of other classes of machine learning al-
gorithms applied to the same problem may show a different behavior, possibly closer to
the real world market behavior that the problem tries to model. In this paper we present
empirical results from the simulation of the El Farol problem using agents capable of
dynamic learning through a population of neural networks, evolved by an evolutionary
algorithm. By doing this, we aim to further understand the role of learning in the dynam-
ics of economic scenarios and multi-agent systems in general. We then show that the
system shows a better convergence to the game-theoretic equilibrium when compared
to the proposed setup in [6].

Section 2 provides the architecture used to model the agents; Section 3 presents
detailed results of the experiments; Section 4 the concludes the paper and discusses
directions of future work.

2 The Hybrid Agent Architecture

An agent is defined as a system that receives a vettdilength M, representing a his-

tory window of past weeks attendance, and outputs a single bit of information, namely
“0” if it will not attend to the bar in the current week and “1” if it will. The vectgtis

here considered external to the agent since it is meant to be a perfect information avail-



able to every agent. We do not consider the case where agents have different perceptions
on this information. Next, we describe the composition of an agent.

In multi-agent decision problems it is common the use of the concept of “mental
models” [1, 4, 3], where each agent has a population of predictors and one is chosen
to make the decision at each simulation step. This concept is used in this experiment
as well. Each agent is internally equipped with a populatioik’ahodels, represented
as neural networks, chosen due to its ability to capture non-linear patterns [7]. Neural
networks have been widely used in economic modeling (see e.g. [8]). In [9] neural
networks were applied to the Minority Game, a variant of the El Farol Problem, but
agents were composed of a single neural network, differing from the approach taken
here, and [2] has presented an application of genetic learning over neural networks
within an alternative economic context.

We use multi-layer perceptrons (MLP) [7] composed of an input layer, one hidden
layer and one single output unit. The input layer is composeti/ ghput units, each
receiving one unique value from. This way the number of input units effectively
represents the agents memory size. The hidden layer is compo&edrofs. The value
of H roughly controls the capacity of the neural network to process the information
received [15] and is the same to every neural network in the system. The ouput of the
output unit is taken as a prediction of attendance based on the input. All nodes in a
layer are fully connected to the next layer and use a sigmoidal activation function. Fig.
1 shows the topology adopted.

All networks have their prediction accuracy evaluated, at each simulation step,
through &fitness functiorand the best performing network is chosen by each agent to
make its current week’s prediction. The agent’s decision is then: Output “0” if predicted
attendance is greater thaiV; Output “1” otherwise.

prediction

Fig. 1. Example topology foM =3, H =5

On top of the population of predictors runs an evolutionary algorithm. The model
of learning used here closely follows the one described by Fogel in [5]. For every agent,
the algorithm generates one offspring for each neural network by adding a zero-mean
random gaussian valuee [—1, 1] to each weight:

i o
woffspring - wparent +o



The operation results in a total 8f< neural networks. All of them are evaluated
with the fitness function and the bekt replace the current population. Through this
proceeding, it is ensured that new strategies are created all the time and put in competi-
tion with previous ones, generating possibly better ones.

3 Simulation Setup and Results

The simulations described here were made using the following paramatersi00,

K =10, M = 12, H = 50, a = 0.6. Except for H, which was chosen for having
presented good results in trials, all other parameters follow from those used in [1] and
[6]. The fitness function of the system was taken as being the sum of squared errors of
tests through 10 different history windows.

Figure 2 (a) shows a typical attendance over 500 wedktsout the evolutionary
learning applied. Thus, each agent can only choose among the fixed set of models cre-
ated at the start of the simulation. It is interesting to note that randomly initialized neural
networks do not contain any explicit strategies as was the case in Arthur’'s model. De-
spite this, the system’s behavior is very close to that of [1], showing a mean convergence
near Nash equilibrium of 60 with minor fluctuations, with a mean of 59.02 and stan-
dard deviation of 4.13. These values were calculated in the “steady-state” region, where
the transient fluctuations due the random initialization are surpassed, which we take as
starting around week 50.

By allowing the agents to learn using the evolutionary algorithm we reach the typi-
cal results depicted in Fig. 2 (b). Despite a small increase to 4.25 in standard deviation,
convergence is still observed. The mean attendance, after the transient stage, is 58.98.
We show that agents are effectively learning in Fig. 3, where the average fitness of the
agents is shown over 500 weeks of a typical simulation.
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Fig. 2. Typical weekly attendance: (a) without evolutionary learning; (b) with evolutionary learn-
ing.
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Fig. 3. Mean fitness averaged over all 100 agents at each week.

Even though the results with static learning are very similar to Arthur’s in [1], the
results with the evolutionary (dynamic) learning applied differ qualitatively from those
presented in [6]. The mean attendance gets closer to the game-theoretic expectation and
standard deviation in a typical trial is much smaller. In fact, although dynamic learning
is clearly taking place, the system presents almost identical behaviour compared to the
case where only static learning is acting. Thus, the overall behavior is predicted in both
cases, to some extent, by classical game-theory. This better converging behavior might
be explained by the use of neural networks, which are known to be able to capture
non-linear patterns, in contrast to the linear predictors used in [6]. It is known that the
behaviour of this kind of evolutionary game is very dependent on the memory size of
the agents [10], being important to notice that this comparisons were made using the
same memory size.

4 Conclusions and Future Work

In this paper we proposed a neural-evolutionary model for learning in a bounded ratio-
nality scenario. We illustrated the use of our approach by means of an application to
the well-known EI Farol Problem, where each agent is equipped with a population of
neural networks as predictors, which learns by induction through an evolutionary al-
gorithm. Empirical results showed a good convergence to the game-theoretic expected
equilibrium.

The results presented here show that, in spite of the use of dynamic learning, the
problem does not necessarily present chaotic behavior as suggested in [6]. This corrob-
orates the hypothesis that the underlying learning paradigm seems to play a substantial
role in the rate and stability of convergence in our case study and, possibly, in evolu-
tionary games in general. Although we make no claims that the behavior shown here
represents real market behavior, these results are important to better understand the role
of learning in bounded rationality scenarios and multi-agent systems in general.

Our experiments have also suggested that the stability (mean and standard devi-
ation) is highly influenced by theomplexityof the neural networks i.e. simulations



using networks of different sizes (number of nodes and layers) presented qualitatively
different behaviors. As future work we plan to study such variations by analysing the
role of complexity and computational power in the emergent properties of evolutionary
games.
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