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Abstract. The basic concept of agent-based modeling is to create adap-
tive agents to operate in a changing environment. Agents make au-
tonomous decisions and modify their environment through continuous
interactions. The Functional Agent-Based Language for Simulations (FA-
BLES) is a special purpose language for ABM that is intended to reduce
programming skills required to create simulations. The aim of FABLES is
to allow modelers to focus on modeling, and not on programming. This
paper provides an overview of FABLES, explaining the traits and the
design concepts of this hybrid language that merges features of object-
oriented, functional and procedural languages to provide �exibility in
model design. To demonstrate some of these issues, we describe mod-
eling with FABLES via the popular El Farol Bar problem from a user
perspective, by means of example.
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1 Introduction
Creating agent-based models is quite a challenging task. It requires considerable
knowledge in the abstraction of the analyzed real-world phenomena (modeling),
and expert skills in at least one programming language as well. Without a deep
insight in a proper programming language, the modeler is not capable to imple-
ment the model as desired, and it may not behave as expected. Solving these
issues usually consumes a lot of resources and requires a great e�ort.

ABM is an interesting �eld for social scientists, economists and sociologists
as well [1, 2]. It is a great computational model to �nd emergent behaviour that
propagates from lower (micro) level interactions to higher (macro) level regulari-
ties in the formalized phenomena. The method simulates individuals (connected
autonomous adaptive agents) in the examined system [3, 4]. Accordingly, the
model of the El Farol Bar Problem [5], as we discuss in this paper, was also
created to investigate autonomous individuals with bounded rationality in eco-
nomics.

Researchers interested in such problems usually do not possess the necessary
programming skills. As an alternative way, they may use the help of a technical



2 Modeling Autonomous Adaptive Agents with FABLES

expert, but since the scientist's cognitive model of the simulation is very likely
to di�er from the programmer's cognitive model, it could lead to several pitfalls
� and the communication between the partners requires exceptional care.

FABLES was specially designed to require minimal programming skills, as
its formalism is similar to the mathematical formalism used in publications in
the subject. It is intended to facilitate the concise and e�cient de�nition of
agent-based models. It combines the strengths of functional and imperative pro-
gramming with object-oriented paradigms, providing unique means to implement
agent-based simulations.

1.1 Motivation
The main motivation behind FABLES was that the recent tools for agent-based
simulations are mostly too complex for social scientists. Various software tools
and modeling environments already exist to support modelers. However, some of
these tools are only application programming libraries and the users are forced
to learn the corresponding programming languages before they could be used
e�ectively (e.g. Java in the case of Repast J [6], Objective-C for Swarm [7]).

On the other hand, there are several agent-based modeling environments (like
NetLogo [8] and AnyLogic [9]). These tools o�er easy-to-use interface commonly
allowing graphical model building, however, without extending the functionali-
ties of the environment (i.e. writing some parts of the simulation outside of the
simulation environment and import them as external resources) their usage may
limit the 'space' of possible simulations.

Most recent tools allow full control over the simulation with visual model
building (Repast Simphony [10], metaABM [11]), eliminating the dependency on
a programming language. They provide a natural way to construct simulations
by exploiting the opportunities of graphical model building.

With FABLES, we have chosen a di�erent approach. We didn't want to
eliminate the process of model implementation � we believe the description of
the model should have a precise semantic to re�ect the cognitive model of the
researcher. The formalism used for model description should be close to the
mathematical formalism because it is natural for the scientists. However, we tried
to reduce the e�orts required to perform any other side tasks with automatised
components (like several wizard dialogs to create visualization for the model).

Our primary goal with FABLES was to create a language that:
� requires minimal programming skills,
� is able to describe the model focusing on the nature of the model, and leaves

the implementation to the compiler,
� is general enough to accommodate possibly any agent-based model, but

should focus on the common techniques and methods,
� supports the creation, observation and control of simulations with the help

of interactive wizards,
� has a formalism similar to the mathematical formalism used in publications

related to agent-based modeling. In these papers there's no space to publish
algorithms and thus models are described by formulas and quantors.
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We have chosen a basically functional language, because the syntax is close
to the formalism of mathematical functions. To be able to control the simulation
�ow we allow sequential execution in speci�c parts of the model. The user can
create special structures, schedules, that are used to de�ne the events and their
dispatched order. In addition, to describe agents in the model we introduced
classes. With classes one can specify both the attributes and behaviour of the
agents.

2 The El Farol Bar Problem

In this section we introduce the El Farol Bar problem [5] that is used in the article
to discuss language concepts of FABLES. We created the implementation of the
model based on the NetLogo version [14], which may give a good opportunity to
compare the results1. This model is basically simple, but it is complex enough to
demonstrate the work-�ow with FABLES, and it provides a good possibility to
show how the user may create agent-based simulations within this environment.

In the center of the problem is a popular bar in Santa Fé that is regularly
visited by the workers of the Santa Fé Institute. There is a �xed population
(N = 100), and at every Thursday each worker decides independently to either
visit the bar with Irish music or stay at home.

Unfortunately, the bar is a too small and the atmosphere is relaxing only if
not too many people shows up. In the original problem, if less than the 60% of the
population goes to the bar, they will enjoy their stay there. If more than 60% of
the population visits the bar, they will have a worse time due to overcrowdedness
than if they stayed home. Agents have to decide about their actions at the same
time simultaneously, and they do not know anything about the other agents'
opinions. Hence they cannot wait and see if it is worth visiting the bar.

One of the aspects of the problem is that there is no deterministic pure
strategy for the agents: they have to use mixed strategies. If each agent use
the same deterministic strategy pattern and decide in the same way, it would
certainly mean they do the same actions as the others and come to the same
bad decision. For instance, if a strategy implies that the bar will not be crowded,
everyone (following the same strategy) goes to the bar thus it becomes crowded.
Otherwise, if the strategy implies that the bar will be crowded, nobody visits
the bar thus it remains empty.

To solve this problem, we can supply agents with a limited personal memory
to store the results of the used strategy of the past few weeks. Using this memory
agents can develop di�erent strategy patterns and adapt to each other, giving
the possibility to maximize the results of their e�orts.

The fact that Yi-Cheng Zhang and Damien Challet conceived Minority Ga-
mes2 (players who decide to be on the side that is in minority win) from this
1 The full source code of the implemented FABLES model can be downloaded from
the MASS Model Library at http://mass.aitia.ai/downloads/model-lib

2 See http://www.unifr.ch/econophysics/minority for detailed information about
research on minority games.
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model, and that there are mathematical versions available in [12] and [13] makes
this small model even more interesting. Fogel et al. also built a version of this
model using a genetic algorithm [15], and Duncan describes the model in the con-
text of reinforcement learning [16]. The reference implementation of the model
was used to investigate if there is a connection between the agents' computational
e�orts and the bar attendance level [17].

3 Modeling with FABLES

There are several di�erent implementation strategies for ABM [18]. In the fol-
lowing sections we are going to build up the model as follows:

1. The modeler speci�es global properties of the model. These may be param-
eters, variables, global relations (facts), etc. speci�ed in a declarative way.

2. The modeler speci�es the basic structure of the agents used in the simulation,
including their own local properties (variables, behavioral functions, etc.).
Agents are considered independent objects, hence they can be de�ned with
the use of classes.

3. The model dynamics and agent interactions may be speci�ed with the use
of schedules. FABLES uses the discrete time, discrete event paradigm for its
scheduler, and to allow the user to implement action sequences.

4. The creation of visual components and charting is performed with auto-
mated tools. The initialization and execution of the model is performed in
an enhanced version of the Repast J interface, featuring:
� easy to use interface allowing simple initialization and customization of

the model,
� direct point and click activation of functions for observation and debug-

ging reasons,
� automated integration of charts, and
� video recording capabilities and direct export of chart data to CSV �les.

3.1 Basic Structure of the Model

Parameters The �rst step is to create a FABLES model. The syntax is similar
to the class de�nitions of other programming languages: it may contain con-
stants, variables, functions, agent de�nitions (other classes), etc. We de�ne our
model ElFarol with the model keyword and with some global parameters:

Listing 1.1. Basic Components¨ ¥
1 model ElFaro l {
2 param numberOfAgents = 100 , overcrowdingThreshold = 60
3 memorySize = 5 , numberOfStrategies = 10 ;
4 } ;§ ¦
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Parameters are de�ned with the param keyword. They are constant expres-
sions, but their value may be altered before model initialization. In this case, we
have de�ned numberOfAgents to specify the number of agent instances during
the simulation run. The parameter overcrowdingThreshold declares the threshold
value for the occupancy in the bar. Moreover, we de�ne memorySize to denote
how many preceding weeks agents can remember, and numberOfStrategies to
specify how many strategies they can use.

Variables In FABLES, we consider simulations as state-transitions. The state of
the simulation is the state of the model and the state of its components (agents).
We have introduced variables into the language to make it convenient to handle
these states.

In the El Farol model, we keep track of the last few weeks' history of occu-
pancy, to allow agents to determine their best strategy. To specify this history,
we introduce a new variable with the var keyword:

Listing 1.2. Variable de�nition¨ ¥
1 var h i s t o r y ;§ ¦

The modeler is not required to declare types since they can be inferred from
assignments. By sorting out redundant type de�nitions, we believe the syntax of
the language becomes extremely clear and simple for a beginner user.

Set and Sequence Expressions In FABLES, both set and sequence types are
native components of the language, and there is a huge set of built-in functions
to give the opportunity to use them e�ectively. Basically, there are two kinds of
sequences in FABLES: intervals and composite sequences.

Intervals may be de�ned with the [ and ] characters. The de�nition [a..b]
denotes a closed interval from a to b containing the elements a, a+1, a+2, . . . , b.
Composite sequences have a more general construction. We tried to make the
syntax of the language as close to the formalism used in publications in the
subject of ABM as possible. Composite sequences may be created with gener-
ators and a �lter in the form of [< element >:< iteration1 >, < iteration2 >
, . . . when < condition >]. For example, the expression of [ n2 : n is [1..10] ]
means a sequence of numbers in the form of n2, where n denotes the numbers
of 1, 2, . . . , 10.

Listing 1.3. Variable de�nition¨ ¥
1 var h i s t o r y := [ discreteUniformFromTo (1 , numberOfAgents )
2 : i i s [ 1 . . 2 ∗ memorySize ] ] ;§ ¦

In Listing 1.3 we de�ned a variable with a default value (its value is assigned
to the variable at model initialization). Function discreteUniformFromTo() cre-
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ates random numbers between 1 and numberOfAgents, consequently, the value
of history is a sequence containing exactly 2*memorySize random elements3.

3.2 De�ning Agents

In the FABLES code we can de�ne a new agent structure with the class keyword.
Just as the model, a class is also considered as an aggregate object: it may contain
other constants, variables, functions, etc.

In the current implementation of the El Farol Bar model, each agent has a
set of randomly initialized autoregressive models (sequences of AR coe�cients)
that are not �tted. We declare three variables for the agents: the sequence of
strategies, the best strategy found so far, and a boolean �ag that indicates its
decision about attendance.

Listing 1.4. Agent de�nition¨ ¥
1 class Agent {
2 var s t r a t e g i e s ;
3 var bes tS t ra t egy ;
4 var attend := fa l se ;
5 } ;§ ¦

Agents are initialized with a random strategy pattern. A convenient way
to handle this is to declare a global method that creates a series of random
strategies:

Listing 1.5. Sequence construction¨ ¥
1 randomStrateg ies ( ) =
2 [ [ uniform (−1 , 1) : j i s [ 1 . . memorySize+1] ]
3 : i i s [ 1 . . numberOfStrategies ] ] ;§ ¦

Listing 1.5 speci�es a function that returns a sequence of strategies (a strat-
egy is another sequence �lled with random numbers created by the uniform()
built-in function from the interval (−1, 1), having a size ofmemorySize), contain-
ing numberOfStrategies elements. Therefore we can assign the following default
values to the agent variables:

Listing 1.6. Default Values for Agent Variables¨ ¥
1 var s t r a t e g i e s := randomStrateg ies ( ) ;
2 var bes tS t ra t egy := s t r a t e g i e s (0 ) ;§ ¦

This means that each agent is going to have a set of random strategies by de-
fault, and they declare the �rst strategy as their best strategy in the beginning
3 In this sequence construction, i is a new loop variable that even might have been
used to create the elements of the collection. In the current de�nition it was required
only to specify the number of elements in the sequence.
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(sequence constructions could be indexed from 0 to acquire the element at the
speci�ed position). To get the current attendance level of the bar, we de�ne the
following global attendance() function:

Listing 1.7. Attendance Level¨ ¥
1 attendance ( ) = count ( [ a . attend : a i s Agent ] ) ;§ ¦

The function count returns the number of true elements in the speci�ed col-
lection (which contains the attend logical variable of all of the agents). Therefore
its value equals to the current attendance of the bar.

De�ning Agent Behavior We have �nished declaring the basic structure of
the model, hence we can start implementing the behavioral de�nitions. In each
simulation step agents have to rethink their beliefs by evaluating their best
strategy depending on their current predictions. Therefore we declare function
updateStrategies() for the agents.

In general, functional languages do not contain block structures, however,
they o�er the possibility to declare local de�nitions. In FABLES, local de�nitions
may be declared for a given function with the use of the where keyword. Local
de�nitions are constants that are visible only in the scope of the corresponding
function and may be used to shorten the de�nition of the function.

In the following de�nition of updateStrategies() we de�ne three local con-
stants: threshold, predictions and strategyPos. The threshold local constant is
used to make agents keep their actual strategy if the overall rating of the cur-
rently evaluated best one is lower than a speci�ed value. The sequence predictions
contains the sum of di�erences between the actual and the predicted attendance
level (evaluated by the function evaluateStrategy() which is described soon) for
each of the preceding weeks (as far as the agents' memory allows to determine
it) for each of the agents' strategies. We consider the strategy with the minimal
di�erence from its prediction as the best one, and strategyPos denotes its index
in the strategies sequence.

Listing 1.8. Updating Agent Strategies¨ ¥
1 updat eS t ra t eg i e s ( ) =
2 ( p r e d i c t i o n s ( s t rategyPos ) < thre sho ld ) =>
3 bes tS t ra t egy := s t r a t e g i e s ( s t rategyPos )
4 where (
5 th r e sho ld = memorySize ∗ numberOfAgents + 1 ,
6 p r e d i c t i o n s = [ sum( [ eva lua t eSt ra t egy ( week , s t r )
7 : week i s [ 1 . . memorySize ] ] )
8 : s t r i s s t r a t e g i e s ] ,
9 s t rategyPos = minPlace ( p r e d i c t i o n s )

10 ) ;§ ¦
The body of the function is a conditional expression. In FABLES, the general

form of creating conditional functions is (< condition1 >) => statement1 | (<



8 Modeling Autonomous Adaptive Agents with FABLES

condition2 >) => statement2 | ... | otherwise => statementN where some of
the branches may be omitted, and it means "If condition1 is true then perform
statement1. Otherwise, if condition2 is true then perform statement2, . . . If
none of the above conditions were true then perform statementN". The function
updateStrategies() assigns a new value to bestStrategy if the prediction of the
currently found best strategy is better than the speci�ed threshold value (which
is memorySize ∗ numberOfAgents + 1).

We also have to de�ne how the function evaluateStrategy() works. It deter-
mines the current prediction for the speci�ed week and strategy:

Listing 1.9. Agent Strategy Evaluation¨ ¥
1 eva lua t eSt ra t egy ( week , s t r ) =
2 abs ( currentAttendance − p r ed i c t i o n )
3 where (
4 currentAttendance = h i s t o r y ( week − 1 ) ,
5 p r ed i c t i o n = predictAttendance ( s t r ,
6 [ h i s t o r y ( j ) : j i s [ week . . ( week+memorySize−1)] ] )
7 ) ;§ ¦

The value returned by the function is the di�erence between the current at-
tendance level and the prediction with the given strategy for the given week,
as the abs function returns the absolute value of the di�erence. The value of
currentAttendance is the weekth element in the history, and prediction is deter-
mined by the predictAttendance function that requires the current strategy and
the list of attendance values preceding the weekth element of history. Formally,
the function should return the following p(t) prediction described in the original
model:

p(t) = w(t) +
t−M∑

i=t−1

w(i) ∗ a(i− 1)

where t is the current time, w(i) is the weight, a(i) is the attendance level and
M is the memory size. In the FABLES implementation of the model, strategies
represent weights, so for a speci�ed strategy and subsequence of history the
implementation of the function is as follows:

Listing 1.10. Predicting Attendace¨ ¥
1 predictAttendance ( s t ra tegy , subh i s to ry ) =
2 s t r a t e gy (0 ) + sum( [ s t r a t e gy ( i ) ∗ subh i s to ry ( i −1)
3 : i i s [ 1 . . memorySize ] ] ) ;§ ¦

3.3 De�ning Simulation Events and Agent Actions

The �nal step to implement the simulation is to de�ne the dynamics of the model.
Describing the dynamics of a complex system often causes the modelers several
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problems. The situation is getting worse when it comes to agent interactions. In
FABLES, there are basically two ways to describe simulation actions. One group
of the actions have to be performed for proper initialization of the model, and
the other group is used to describe the runtime dynamics of the simulation.

For initialization, we have startUp blocks both for agent classes and the
model. The startUp block of the model is executed when the simulation is started;
the startUp block of an agent is executed when the agent is created.

When the simulation is started, we have to instantiate the speci�ed number
of agents:

Listing 1.11. Model Initialization¨ ¥
1 startUp ( ) {
2 for each i in [ 1 . . numberOfAgents ] do create Agent ;
3 } ;§ ¦

When an agent is created, we have to call its updateStrategies() function to
allow it to initialize its bestStrategy attribute.

Listing 1.12. Agent Initialization¨ ¥
1 class Agent {
2 . . .
3 startUp ( ) {
4 updat eS t ra t eg i e s ( ) ;
5 } ;
6 }§ ¦

To describe the simulation dynamics, FABLES uses schedules. In general,
schedules may be cyclic or acyclic, named or anonymous ones, and both the
agents and models may have separate and multiple schedules. Acyclic schedules
are executed only once, while the events of a cyclic one is executed succesively
with a speci�ed cycle rate. The di�erence between named and anonymous sched-
ules is that named ones can be dynamically manipulated during runtime: they
may be stopped, restarted, their events may be altered, etc.

Inter-agent communication may be implemented in schedules as well. FA-
BLES does not have a �xed communication scheme, agents can interact through
function calls in schedules. In the El Farol Bar model, there is no direct commu-
nication, thus the common variable history is the only way they interact with
each other using a blackboard like approach.

For the El Farol simulation, we need two schedules: one for the agents to
make them determine if they would like to attend the bar; the other one is a
global one to update the history variable that the agents use to predict their
optimal strategy.
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Listing 1.13. De�ning Agent Actions¨ ¥
1 class Agent {
2 . . .
3 updateAttendance ( ) =
4 attend := p r ed i c t i on <= overcrowdingThreshold
5 where (
6 p r ed i c t i on = predictAttendance ( bes tStrategy ,
7 [ h i s t o r y ( i ) : i i s [ 0 . . memorySize −1 ] ] )
8 ) ;
9

10 schedule cycl ic 1 {
11 1 : updateAttendance ( ) ;
12 2 : upda t eS t ra t eg i e s ( ) ;
13 } ;
14 } ;§ ¦

Listing 1.14. De�ning Global Events¨ ¥
1 schedule cycl ic 1 {
2 1 .1 : h i s t o r y := [ attendance ] ++
3 [ h i s t o r y ( i ) : i i s [ 0 . . s i z e ( h i s t o r y )−2] ] ;
4 } ;§ ¦

3.4 Visualization

The FABLES Integrated Modeling environment has a powerful component called
the Charting Wizard. This tool allows the modeler to create visualization for
a simulation via a point and click interface. The wizard o�ers a selection of
charts, capable of displaying derived simulation data, and contains several built-
in statistics for data processing.

For the discussed El Farol model, we create a simple Time Series chart from
the agents' attendance variables. The usage of the Charting Wizard is self-
explanatory, we have to select the attendance variable in the drop-down list
and add it to a Time Series chart (the wizard is not discussed here in detail due
to limitations of space). The results can be seen in Figure 1.

4 Conclusion and Future Works

We have developed the above described language for agent-based simulation, its
integrated development environment and a built-in observation wizard. During
the development we have tried to automate as many tasks as possible, allowing
the user to concentrate on models instead of the coding details and the imple-
mentation of visualisations.
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Fig. 1. The results of the implemented simulation where N = 100 with an attendance
level of 60. The �gure shows this simple model has the �uctuation of the original model.

We discussed the development of FABLES models as a four step process:
de�ning global variables, de�ning agents, adding interactions and dynamics, and
creating charts to visualize the simulations. A working reproduction of the orig-
inal El Farol Bar model was described that may be compared with the original
version [14]. Slight runtime di�erences may occur because the generated random
values. The model consists of pure mathematical de�nitions, and no additional
coding was required. Besides, visualization for the model was created with a
few clicks. In addition, there are several extensions to the original model. For in-
stance, in some versions agents are permitted to communicate with a set of other
agents to discuss their opinions. This could be easily implemented in FABLES
as well.

We are in the process organizing and evaluating user tests, hence we hope
to have the necessary feed-back to further improve FABLES' built-in functions.
Optimizing the generated code is also an important ongoing task.
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