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Abstract—The success of any reinforcement learning (RL) ap-
plication is in large part due to the design of an appropriate rein-
forcement function. A methodological framework to support the
design of reinforcement functions has not been defined yet, and
this critical and often underestimated activity is left to the ability
of the RL application designer. We propose an approach to sup-
port reinforcement function design in RL applications concerning
learning behaviors for autonomous agents. We define some dimen-
sions along which we can describe reinforcement functions; we con-
sider the distribution of reinforcement values, their coherence and
their matching with the designer’s perspective. We give hints to
define measures that objectively describe the reinforcement func-
tion; we discuss the trade-offs that should be considered to im-
prove learning and we introduce the dimensions along which this
improvement can be expected. The approach we are presenting is
general enough to be adopted in a large number of RL projects.
We show how to apply it in the design of learning classifier systems
(LCS) applications. We consider a simple, but quite complete case
study in evolutionary robotics, and we discuss reinforcement func-
tion design issues in this sample context.

Index Terms—Autonomous robots, intelligent robots, learning
classifier systems, mobile robots, reinforcement learning.

I. INTRODUCTION

T HE INTERACTION of an autonomous agent with the en-
vironment is its major source of knowledge. One of the

most interesting computational approaches to increase knowl-
edge while interacting with the environment isreinforcement
learning(RL) [1], [2]. In this paper, we present an approach to
design and evaluate reinforcement functions used by RL algo-
rithms to produce control systems for real-world and simulated,
robotic, autonomous agents.

In RL, an agent operates in an environment by performing
actions and receives from the environment data that describe,
maybe only partially, the state of the agent–environment system.
A subset of these data is considered as input to the control
system (control inputor ) of the agent which, on the basis
of this perception, produces the next action to be sent to the ac-
tuators. Another subset of the data (reinforcement inputor )
perceived from the environment, maybe partially overlapping
with the first, can be used by a RL system to evaluate the per-
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formance of the agent. Using these data, the RL algorithm may
modify the control system to improve the agent’s performance.
Reinforcement is computed from the reinforcement input by
means of areinforcement function(more generally areinforce-
ment program). The aim of the learning system is to improve
the controller so as to maximize some function of the reinforce-
ment, e.g., its instantaneous value, or the expected sum of its
values, or its average. Usually, to reduce the search space, the
real-valued (or fine-grained) input variables are discretized in a
small number of intervals. Our approach supports the definition
and the analysis of reinforcement functions in this situation. In
Fig. 1, we show a schematic view of the components of the de-
scribed system.

The primary role of the reinforcement function is to provide
the RL algorithm with enough and correct information about
the task to be learned and the performance of the agent. The
designer should define the reinforcement function by consid-
ering knowledge about the task that he wishes the agent to learn.
Translating the designer knowledge from natural language to a
formal model, which is usually represented by a mathematical
formalism, can be a complex task. Our approach supports it. We
suggest linking all the design aspects to an objective model of
the agent–environment system.

In most of the applications reported in the RL literature, it
seems that the reinforcement function design is approached by
trial and error: a good designer sooner or later comes to the
definition of a reinforcement function that makes the learning
system obtain a controller for the agent that matches the specifi-
cations. We propose an approach to design reinforcement func-
tions in an engineering perspective considering the configura-
tion space of the agent ( — -space based Design).

Although for some algorithms (Q-learning [3], TD [4])
there is a proof of convergence (at least under some assump-
tions), the performance of RL algorithms strongly depends on
aspects (such as the definition of the reinforcement function),
that are usually underestimated. Here, we present an analysis of
the implications of some reinforcement function features on the
learning process.

In the next section, we introduce a formalism to describe the
agent–environment system from a learning point of view, and a
formal description of the goals to be learned. In Section III we
consider design problems and reinforcement function features
discussing their influence on the learning activity. We present
our solution to some open problems in Section IV. Then, we
will show the application of our approach to a particular class
of RL algorithms: learning classifier systems (LCS) [5], [6]. We
will also discuss the relationship between perception and rein-
forcement function design, and we report the results of our ex-
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Fig. 1. Schema of the agent–environment system.

periments in Section V. Throughout the paper we will give ex-
amples concerning a classical application (a mobile robot nav-
igating in an unknown environment), which we have designed
to highlight most of the aspects that may characterize reinforce-
ment learning experiments.

II. A GENT–ENVIRONMENT SYSTEM

In this section, we define all the elements of the agent–en-
vironment system (see Fig. 1). The modules composing this
system are dynamic systems, so they depend on time; some
of them change their output at discrete time points, when par-
ticular events occur. We consider the sequence of time points
as a second time line overlapping with the primary time line.
We use the notation to express that a particular instantin
time line is strictly before in ; means that is before
or equal to . By we represent the set of time points previous
or contemporaneous to; can be read as “until instant,” and

as “before instant.”
We consider the control program as a function depending on a

set of parameters which may be updated by the learning system.
The control system uses the control input to generate
the action sent to the actuators to be executed. Here,

represents the control time andthe time when the control
parameters are updated by the learning system. For in-
stance, vector may represent the parameters of a PID con-
troller [7], the weights of a neural network [8], or the Q-table in
a Q-learning algorithm [3].

During learning, function depends on vector so that
is defined as

(1)

where the action depends on the values collected until the
present time, and the last control parameters produced by the
RL algorithm. An agent using this kind of control program is
classified asdynamic[9], since at time it uses internal states
as a memory of .

To define a purelyreactiveagent we have to consider a dif-
ferent formulation for

(2)

where the control action is decided considering only the present
.

The learning algorithm is a function that updates the
vector when particular events occur; this function may consider
some of the previous values of and the reinforcement value

generated by the trainer

(3)

The reinforcement function generates at time . This
function, in its most general form, ranges on reinforcement input

, with , and the actions performed by
the agent before time

(4)

In (1), (2), and (4) we use vectors and to define, respec-
tively, the input to the control system and the trainer. These vec-
tors represent the perception of the environment for the agent
and the trainer; they are generated by the associated sensing
and interpretation systems, respectively and . We con-
sider each of these systems as a set of functions that at
time produce the input from data , observed from
the environment until that time, and each concerning a specific
feature.

(5)

(6)

where and are, respectively, the cardinality of and .
Notice that, in general, provide an interpretation model

of data (e.g., their discretization), and come from a sto-
chastic process implemented by physical sensors interfaced to
the environment. This means that the input to our system may
be different from the same data observed by another system (for
instance, the designer) by another sensorial apparatus. This dif-
ference may produce problems that we discuss in Section III-D.

After the learning process is terminated, the behavior of the
agent is defined by a control program, whose vector is fixed

(7)

We denote a generic sequence of actions implemented byas
.

Considering the agent–environment system, this is com-
pletely determined from the physical point of view by the set
of its free physical variables . A configuration is a tuple
of values for all the variables in , and is the set of all the
possible configurations of the system. The spaceis known
as theconfiguration space, or -space[10] and it is used in
robotics for several issues like, for example, the definition of
the kinematic model of a robot. It is described by independent
variables and physical constraints on their values; thus, it is an
objective description of the agent–environment system.

We call the set ofgoal configurations . It is a subset of

(8)
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The agent should learn agoal behavior that may be-
long to different typologies (achieve, maintain, avoid) or a com-
bination of these (e.g.,achieve and maintain)

avoid

achieve

maintain

(9)

These typologies are defined as

achieve (10)

i.e., for any starting configuration, applying the control relation
an undefined number of times, the agent–environment system
reaches one of the goal configurations

maintain (11)

i.e., starting from any of the goal configurations, applying once
the control relation the agent–environment system goes to a goal
configuration

avoid (12)

i.e., starting from any configuration and applying the control
relation an undefined number of times, the agent does not reach
any goal configuration. Theavoidgoal type could in principle be
derived from theachieveby complementation of the argument,
but it is more natural to define it in this way.

Notice that in many applications not all the configurations
belong to , so we may want first to achieve (or avoid) a goal
configuration, and then maintain the system in the desired situ-
ation.

The definitions given above are ideal and in many real cases
they should be relaxed, to enable the RL algorithm to produce
the desired results. We propose two types of relaxation for both
achieveandmaintain goal types. The firstachieverelaxation
allows the goal configuration to be achieved from a subsetof
the configuration space, instead of from the whole.

achieve

(13)

The second type ofachieverelaxation allows to achieve a con-
figuration in a bounded neighborhood of a goal configuration.

achieve

(14)

Also for themaintaingoal type we can relax the generality of
the control program by

maintain

(15)

and its accuracy by giving the possibility of leaving the goal
configuration for a finite number of control steps

maintain (16)

These definitions concern only simple attitudes toward goal
configurations, and have to be extended to take into account goal
behaviors involving temporal relationships with goal configura-
tions, such as 1) achieving a set of configurations in a given se-
quence (e.g., “first push the green button, then the red one”), 2)
achieving a set of configurations if a particular event occurred
in the past (e.g., “reward coffee distribution only if it was re-
quested” [11]), and 3) alternating achieving and avoiding (“go
to the light, but, when there is a sound, escape from it” [12]). In
this paper we focus on simple atemporal attitudes; a complete
treatment of goal definition is left to future work.

III. D ESIGN PROBLEMS

In this section, we present some of the reinforcement function
design issues. We first discuss problems related to the different
perception of the state of the agent–environment system that
the designer, the trainer, and the agent itself may have. Then,
we discuss the possibility to define reinforcement functions that
are able to represent all the features of the desired behavior.
This is followed by a discussion about temporal reinforcement
distribution. All these issues raise the need for a careful design
of data acquisition systems and of the reinforcement function.
In this paper we focus only on this last aspect, presenting our
approach in Section IV and its application in Section V. Data
acquisition and interpretation issues will be treated in detail in
a forthcoming paper.

Let us now start with the presentation of open problems.

A. Designer

Let us consider that the designer has clearly in mind what the
agent should learn, so that natural language specifications are
available. We call the data that can be objectively observed
by a person looking at the performing agent, and that are con-
sidered in the natural language specifications. Although in prin-
ciple it would be possible to have a human trainer providing re-
inforcement, this is not usual nor practical. In most applications
the learning system perceives the reinforcement input from the
environment, via the sensorial interface . Then, it computes
the reinforcement without any human intervention via the re-
inforcement function. The main problem with the definition of
the reinforcement function is that it has to be derived from data
available during the learning trials ( ), which are different
from . This difference is the first relevant aspect of the de-
signer problem; also when data are conceptually the same (e.g.,
a distance from a given object, or a color) the different nature of
the sensors provide different perceptions.

The first activity that the designer should face is to define a
relationship between the original natural language specification,
which considers , and the reinforcement function, which
should consider the only input available to the trainer.

Let us introduce a simple example where a mobile robot
should learn “to navigate in the middle of a corridor.” The
RL designer may decide to give a positive reinforcement to
the agent when it is moving in the middle of the corridor. To
implement this kind of reinforcement function we may put
sensors on the robot that can perceive the distance from both
the walls, thus making matching , or, more realistically,
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Fig. 2. Robotic agent close to a wall, but not perceiving it. Light gray cones
represent the sonar wave.

making matching , where is the conceptual input to
the observer, coming from its sensorial apparatus.

If we cannot modify physical aspects of the robot, we have
to relate the task description with the available data. Let us con-
sider that the agent can measure distances from objects in a 120
degrees range on the front of the robot, using a set of sonar
sensors that produce . In this case, we may decide to give
positive reinforcement when the agent does not perceive any-
thing from its frontal sensors, which is a situation related with
the original specifications when the corridor width is smaller
than twice the sensor range. However, this may still introduce
ambiguity. In a situation like the one shown in Fig. 2, the sen-
sors cannot detect anything in front of the agent although it is
very close to a wall, since the relative orientation between the
sensor and the wall does not make any reflected ultrasonic wave
bouncing back to the sensor. This problem of ambiguity arises
from a mismatch between the desired feature (a distance in a
given direction) and the available sensors. This type of problem
can be easily solved when working in simulated environments
but they are more problematic in real environments.

B. Trainer

The next aspect to take into consideration concerns the trainer
(see Fig. 1). The trainer, using , computes the reinforcement
signal via a reinforcement function. The learning algorithm
uses this signal to evolve a mapping from the control input
to the action . Let us consider that the information provided
by is sufficient to implement the task. If it is not, the con-
trol input should be redefined, or the task definition modified to
match the available information.

The different perception of the environment by the trainer and
the control system can be classified according to the differences
between and . We have two classes of trainers: if
the trainer isinternal, otherwise it isexternal[9].

1) Internal Trainer: is often used as due to the fol-
lowing two main motivations.

• Availability: if the only interface with the environment is
provided by , then we can exploit all the available in-
formation in the reinforcement function by considering

and

• Speed up: considering (and ) may
speed up and improve the learning process since the agent
does not have to find out the relationship between the input
used to reinforce it ( ) and that used to control it ( ).
Learning this relationship is needed as appears evident by
substituting the expression of from (4) in (3) and the
so obtained value of in (2) [or in (1)], obtaining that

(17)

This means that depends on the values of during the
learning trials, and that this leaves a trace on the learned
controller.

Usually, learning the relationship between and
is not considered an issue. Given that it may require com-
putational resources and affect the quality of the learning
process, we think it is worth being aware of it. We will
see in Section IV how to take it into consideration, and
in Section V what may happen if we do not consider this
issue. We better clarify that we do not consider learning
the relationship between and as a different learning
process rather as an implicit mapping process due to the
differences between and .

The reinforcement function design considering may
present the following problems.

• Abstraction mismatch: may be at a too low abstraction
level with respect to the designer’s original natural lan-
guage specifications

• Lack of information: may not provide enough informa-
tion to the designer, so that it becomes hard to define the
task solely with this information [9], [12].

2) External Trainer: The main motivation to select
concerns the possible low representation power of; we

may want different from to represent some features not
directly derivable from this [9]. This makes easier to represent
the designer’s expectations, although the agent should learn also
the relationship between and , as mentioned above.

This approach has some advantages, but introduces the fol-
lowing issues as well.

• Relationship between and : the agent has to learn the
relationship between and , and this may not exist, or
it may be too difficult to be learned

• Aliasing: the presence of aliasing may make harder the
learning process (see Section III-D).

C. Immediate and Delayed Reinforcement

Immediate reinforcementcan be provided after the execution
of each action if it is possible to define a reinforcement function
to estimate how much each single action in a given situation con-
tributes to reach the goal. This means that in (4) and that
the goal configuration set is extended to the whole configura-
tion set . In this case the reinforcement function is a metric to
estimate how each action contributes to the accomplishment of
the task. Such kind of reinforcement functions provide a lot of
information and, when available, they seem more appealing than
those providing reinforcement only in specific situations (de-
layed reinforcement), where and . However, imme-
diate reinforcement may also introduce some problems. These
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reinforcement functions often include a lot ofa priori knowl-
edge [13] which in principle could bias the learning process in
undesired and nonoptimal directions. In [13] and [14] the author
recognizes this problem but underlines how it is important to
provide continuous reinforcement (progress estimator) to speed
up the learning process.

A typical problem with delayed reinforcement is its distri-
bution over the configuration set. If it is too rare, then even
the most suitable algorithms such as TD() [15], [16] perform
poorly, since for a large part of the trial the agent does not know
whether its actions bring it toward the goal. The frequency of
the reinforcement depends on at least three factors: the distri-
bution of the reinforced configurations with respect to, the
probability of being reinforced during the learning phase and
the exploration policy. We consider them in our approach (Sec-
tion IV).

Let us discuss these issues by introducing a problem that we
have faced in the past. In this problem the agent has to learn
how to reach a moving target [17]. The control input variable
is the difference between the agent’s orientation with respect to
the target, before and after having executed an action. The re-
inforcement is proportional to the reduction of the distance to
the target in the direction where it was detected when the action
was selected. This reinforcement function is effective only when
the agent is faster than the target, since it produces a behavior
such that the agent tends to align itself with the target’s trajec-
tory, in order to maximize the reinforcement. Unfortunately, if
the target is faster, it can easily escape, since this agent is not
really induced to reach it, but only to follow it. The designer
has included a bias coming from the expectation that going in
the direction of the target would enable the agent to reach it.
In our experiment [17], the agent was able to learn to reach the
target, even if the target was faster, when we adopted a less infor-
mative but also less ambiguous, reinforcement function, which
provided delayed reinforcement only when the agent reached
the target. With slightly faster targets the agent was able to pre-
dict the target trajectory and take a more effective one, whereas
with even faster targets the agent is able to decide to stop and
wait for the target to come to it. However, in order to apply such
a reinforcement function we had to design our trials according
to theLEM (Learning from Easy Missions[18]) methodology,
where the agent has to face increasingly complex tasks to learn
incrementally the final behavior. By doing short experiments, it
is possible to provide enough reinforcement.

D. Coherence and Aliasing

Another problem in designing reinforcement functions con-
cerns the coherence of the reinforcement function throughout
the configuration space as perceived by the agent. This is re-
lated to the aliasing problem, which arises when different con-
figurations are perceived as the same. This may be due either to
intrinsic partial observability of the environment or to misinter-
pretation of observations.

We haveperceptual aliasing[19] when different configura-
tions correspond to the same values. In particular, the agent
may not be able to observe enough data to distinguish among
different configurations; in this case, is affected by percep-
tual aliasing, and the only solution is to redesign the sensorial

apparatus or to introduce some kind of memory as an internal
state. Perceptual aliasing also arises when different observations
are interpreted as the same input, affecting. This is a rele-
vant problem if the agent should take different actions from the
undistinguishable configurations.

The problem ofcluster aliasing[20] arises when a grid model
frames the real-valued data and the reinforcement function
provides different reinforcement for configurations belonging
to the same cell orcluster. Grid-based interpretation is needed
by learning algorithms working on discrete models such as
Q-learning and TD(), and it is also common in learning
classifier systems [6], [21]. We have cluster aliasing when
configurations that receive different reinforcement correspond
to the same value, that is when

(18)

In this case, the control system cannot distinguish the reinforced
configurations from others. For instance, we may decide that our
robot receives a reinforcement whenever it is far enough from
the corridor walls. This produces cluster aliasing, if classifying
the distance by we put in the same cluster the reinforced
configurations and some others. In particular, when the agent
gets closer to the wall, but it is still in the same cluster cor-
responding to the middle position, it does not receive the same
reinforcement as when it is closer to the center. We show the
effect of this situation in Section V-B.

One may argue that an appropriate value function may reduce
the effects of cluster aliasing. This is possible, but it is better to
reduce cluster aliasing by designing an appropriate reinforce-
ment function (being aware of the clusters’ shape and distri-
bution) without modifying the reinforcement distribution algo-
rithm and the value function. Another approach is to change the
way of how the clustering was made; we will focus our attention
on it in a forthcoming paper.

IV. APPROACH

Most of the problems mentioned in the previous section come
from mismatch among the inputs to the agent, the trainer and the
designer. We consider the relationships among these inputs by
referring them to the-space, which is objective by definition.
We will show how this approach may help to clarify important
aspects and to improve performance.

The -space is often the set of variables closer to, since
the designer usually considers the physical aspects of the agent-
environment system. In general, the variables considered in
are a subset of . Therefore, it is relatively easy for the designer
to define the goal configurations on the-space, or on spaces
that can be easily reduced to it.

If we consider any physical object, its configuration speci-
fies the position of any point belonging to the object, relative
to a fixed frame of reference. For a rigid object, it is enough
to give its position and orientation with respect to the world
frame. The cardinality of the-space is the number of indepen-
dent variables required to represent it (e.g., three for phys-
ical objects operating in two-dimensional (2-D) environments,
and six for three-dimensional (3-D). Of course, the-space can
only be trivially plotted if , but it is anyway possible to
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make considerations on subspaces of this cardinality also when
the -space is larger. In mobile robotics, for example, it is often
possible to apply a linear decomposition of a complex-space
into several plottable subspaces (in the target tracking example,
it is possible to think about two different-spaces for the target
and the agent). Moreover the principles behind this approach are
not dependent on the dimension of the-space. The possibility
to plot hypersurfaces in the-space makes only easier a task that
can be done anyway by matrix manipulation techniques. These
techniques are commonly used in robotics.

We suggest defining the reinforcement function by assigning
values to hypersurfaces defined in the-space. The basic shape
of the reinforcement function we propose is thus

(19)

where is a function of the -space variables. Let us now dis-
cuss the impact of this choice on the solution of the problems
mentioned in Section III.

A. Input Mismatch

The definition of reinforcement functions related to the
-space is in principle easy for the designer and provides an

objective basis to analyze , , , , and , and
eventually design and , or select new sensors. Notice
that most of the information needed to relate the input to the
-space is available since it has been defined when the robot

was designed. However, it is also quite easy to define it by
simple considerations on sensor models, or by data collection
sessions.

The analysis of input makes it possible to define maps from
configurations to input values, and to highlight whether the
available input produces aliasing or cluster aliasing. The design
of the input interpretation ( and ) may reduce undesirable
effects, as they become evident by the analysis. For instance,
the designer can verify whether the available sensors may pro-
vide enough information for the reinforcement function, and,
eventually, design special-purpose sensor systems to implement
an external trainer [9]. Since it is possible to highlight the
reinforced configurations, how they are perceived, and which
other configurations are perceived as the same, and so indirectly
rewarded, it is possible to redefine or to reduce cluster
aliasing. By knowing the reinforced configurations it is also
possible to control coherence.

B. Immediate and Delayed Reinforcement

The percentage and location of reinforced configurations may
be designed with the support of the-space and possible prob-
lems may be faced. We define the following two properties of
the reinforcement function designed on the-space.

• Completeness: the capability of the reinforcement func-
tion to provide appropriate reinforcement inall the goal
configurations

• Minimality: the capability of the reinforcement function to
rewardonly the goal configurations

Completeness is a necessary condition to minimality. An
incomplete reinforcement function may prevent the learning

system to achieve the desired behavior. A nonminimal re-
inforcement function includes some aspects different from
the ones strictly needed to describe the goal, and it may lose
coherence with respect to the goal definition. A minimal rein-
forcement function may provide too scarce a reinforcement.
We can study on the-space an appropriate trade-off between
reinforcement rate [22] and minimal goal description. In order
to increase the probability of obtaining reinforcement it is better
to lose minimality than completeness. This can be obtained by
enlarging with reinforced subgoals related to the main goal.
As a particular case it is possible to consider providing rein-
forcement to all the configurations (immediate reinforcement),
although this is not always possible [12], and may introduce
undesired bias [13] when not directly related to the main goal,
as discussed in Section II. This may also introduce aliasing and
incoherence, which can be studied on the-space.

It is possible to analyze, or even design, the exploration of
the -space, highlighting eventual biases, or problems in the ex-
ploration strategy. It is also possible to check the distribution of
the reinforced configurations on the-space: if they are evenly
distributed, it is possible to adopt standard exploration strate-
gies, otherwise it is possible to tune the reinforcement function
parameters to optimize the temporal reinforcement distribution
[22], or even select special purpose exploration strategies [23],
and check on the-space their effectiveness.

Finally, it is possible to analyze the evolution of the system
in the -space after the learning phase, in order to evaluate its
performance.

C. Extensions

To face specific designers’ needs, we may consider an
extended class of reinforcement functions, depending on past
values of the -space variables

(20)

This allows, for instance, definition of the reinforcement func-
tions based on the difference between present and past values of
variables in the -space, as in the target tracking example pre-
sented in Section III-C. However thistemporal extensionalso
increases the complexity of analysis and design which are still
based on the objective definitions provided by the-space.

An independent extension can be done on the concept of the
-space itself. We introduce theaugmented -space(ac-space)

as the -space augmented with variables not related to physical
aspects, such as messages coming from other agents. In some
applications, we may also need to represent thisinformation
data, since they are part of the description of the state of the
system, and may take part in the definition of the task, or of the
input.

V. CASE STUDY

In this section we show the application of our approach on
a case study. We discuss the development of a reinforcement
function to make a mobile robot learn to run in the middle of
a corridor. By this simple example we try to face the problem
of designing a correct reinforcement function, while taking into
account the features described in Section IV.
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This section is composed of three parts: in the first we use ana
priori analysis to define the reinforcement function considering
the -space, in the second part we verify oura priori analysis
and in the last part we validate our approach with the evaluation
of the performance of the learned controller.

A. A Priori Analysis

To deeply understand the issues discussed in Section III-B,
we define a reinforcement function that considersdifferent
from . We expect the agent to learn a correct mapping from

to actions to reach the defined asachieveandmain-
tain the center of the corridor. The reinforcement function di-
rectly reinforces the goal configurations for such a task.

The reader will see that in our approach we start from a
minimal and complete reinforcement function designed on
the -space for the specific task. We observe that this func-
tion cannot supply sufficient reinforcement and we relax the
boundary condition as explained in Section III-C: our purpose
is to find out a trade-off between probability of obtaining a rein-
forcement and cluster aliasing, trying to preserve completeness
and coherence.

The environment is a corridor 4 m wide and indefinitely long.
For this particular task, we can represent the-space of the
agent–environment system by a plot, since the problem can be
faced in two dimensions because of the infinite length of the
corridor. The free variables considered are the distance of the
robot from the left wall and its orientation in the corridor. We
have selected these settings to make easier the presentation. We
may also notice that the three variables typical of bidimensional
problems, become two on this analysis since the position with
respect to the corridor axis is irrelevant for this application. This
is a simplification that can be adopted to reduce the dimension
of the considered-space.

The analysis of-space has to consider the presence of obsta-
cles or constraints due to robot’s kinematics. In our environment
there are no obstacles, but robot shape, kinematics and the de-
cision of maintaining a positive constant speed give some con-
straints on the minimum steering radius, so that in some config-
urations the robot cannot avoid a future collision with a wall.

Fig. 3 represents the-space for our environment. It is de-
scribed by the distanceof the robot barycentre from the left
wall, and its orientation with respect to a line orthogonal to
the walls. In black are the configurations the agent cannot reach
because of its dimension (constraint). In dark gray are the con-
figurations from which the agent cannot escape, given its limited
steering abilities ( is its steering radius) and its fixed speed
forward. In Fig. 3 it is also shown, in transparent gray, the set
of configurations where the robot perceives the distance to the
wall with a sonar sensor orthogonally directed toward its left
side. The actual robot has six such sensors, covering the frontal
210 ; the values from each sensor are classified in three inter-
vals. In Fig. 3, we plot the 84 areas of the-space corresponding
to the sensorial clusters for our example. Different grey levels
correspond to sets of configurations perceived as different.

As described above, the task is to achieve the middle of the
corridor and maintain this position while moving forward. Black
dots marked as and in Fig. 3 represent the goal configu-

Fig. 3. Configuration space for a mobile robot operating in a corridor.

rations; the is to achieveandmaintainthese configura-
tions, that is, we want the agent to reach the center of the cor-
ridor and run along it, either in the North or South directions;
indeed, due to perceptual aliasing it will not be able to perceive
the difference between them.

A delayed reinforcement defined on these two points is min-
imal, complete and preserves coherence with the goal defined
by the designer. In spite of this, anyone can notice the small
size of the reinforced area of the-space. As discussed in Sec-
tion III-C it is possible to find out a tradeoff among minimality,
coherence, aliasing, and probability to obtain a reinforcement
by considering a reinforced area larger than the goal area.

This trade-off can be obtained by relaxing the bounds in the
definition of the goal configuration. We consider a reinforce-
ment function that gives a reward when the robot crosses the
interval of cm around the center of the corridor. We also
analyze how relaxing the bounds on the orientation of the robot
when crossing this area can affect aliasing and coherence. This
requires considering different, rectangular reinforced areas on
the -space and compare them with the corresponding cluster
areas. In Fig. 4, we present an example of the impact of the
cluster aliasing. The reinforcement is given when the robot is
within cm from the center of the corridor, with an orien-
tation in the range of with respect to the walls: the figure
shows in black the reinforced area, and in light gray the clusters
containing both reinforced and partially reinforced configura-
tions.

Following our approach we want to increase the reinforced
area without introducing too much cluster aliasing. In order to
understand this feature, we analyze how the enlargement of the
reinforced area in the-space affects the ratio between the area
corresponding to reinforced configurations and the area cor-
responding to clusters containing reinforced configurations. In
Fig. 5, we plot the mentioned ratio and we notice a growing trend
reaching its maximum at about , and decreasing after that.
Looking at this plot we expect to find the best trade-off among
the above mentioned reinforcement function features (proba-
bility of obtaining a reinforcement and cluster aliasing) in the
proximity of its maximum. After reaching the maximum, the
trend in Fig. 5 decreases; this means that the reward that we
give to the agent is increasing cluster aliasing, to some extent.
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Fig. 4. Real area covered by a reinforcement function designed on thec-space
(light gray) and the theoretical (black).

Fig. 5. Ratio between the area covered by the reinforcement function and the
area covered by the states partially overlapping with it.

In fact, reinforcement is also given to configurations that we do
not want or expect to reward. Notice that this can also be com-
puted in multidimensional spaces.

To analyze coherence, we sample this trend every( ,
, , error accepted in the robot orientation) and

we plot for each cluster thepercentage of the area covered by the
reinforcement function; this index provides a measure of how
much a particular cluster is perceived as containing goal con-
figurations. The higher the index value, the larger the area cov-
ered by the reinforcement function with respect to the cluster
area. Values between 1 and 0 correspond to aliased areas. The
aliasing is maximum for 0.5. Also this can be easily computed
in multidimensional spaces.

In Fig. 6(a) ( ), we notice how little of the -space is
reinforced; thus the corresponding reinforcement function gives
a low probability to obtain reinforcement. Fig. 6(b) ( )
corresponds to a reinforcement function providing enough
reward for the desired configuration. Cluster aliasing is still
quite low; we expect to obtain satisfactory results using this
reinforcement function. In Fig. 6(c) ( ), we have a correct
reinforcement in the neighborhood of the goal, but a certain
level of aliasing as well. As presented before, this negatively
influences the learning process. We guess that this may require
longer learning experiments to reach the , since the

problem is not related to any incoherence in the reinforcement
function. We find some incoherence in the last reinforcement
function [Fig. 6(d) ], where we reinforce new, alternative
configurations (corresponding to the thinner peaks).

If we totally relax the bound in the robot orientation ( ,
not shown in Fig. 6) when crossing the middle of the corridor,
we obtain a reinforcement function that gives the agent a high
probability of receiving a reinforcement, but with a lot of cluster
aliasing, incoherence, and incompleteness. This is because we
are describing the performance considering only the position
of the agent in the corridor, without taking its orientation into
account.

B. Experimental Results

In this section we verify the expectations of thea priori anal-
ysis, by comparing the results obtained by different reinforce-
ment functions. This comparison is possible in a simulated envi-
ronment, while in real applications thea priori analysis should
directly guide selection of a single, correct, experimental set-
ting. Given the large number of experiments and the long dura-
tion of each one of them (we totally made about 8 million sim-
ulation steps) it would have been impossible to use real robots
(2700 h of experiments) to obtain the same set of results.

1) Learning System:The approach we are presenting in this
paper is independent from the particular reinforcement learning
algorithm. In the experiments we are presenting, we use a
learning classifier system (LCS) [5], [6] that we have developed
to test properties of models and reinforcement distribution
algorithms [24], [25]. We can consider LCS’s as RL algorithms
working on a model of the agent’s behavior in the environment.

A classifier has a condition/message structure; the condition
encodes the state of the system needed to activate the classifier.
In the message part, we consider only actions to be submitted to
the output interface.

We consider a simplified type of LCS [26], where each of the
symbols in conditions and messages denotes an interval of real
input values for the corresponding variable. and classify
the real input values into classes corresponding to real-valued
intervals; the same can be done with the output interface for
real-valued output.

A rule base containing the classifiers is used as the knowledge
base in a LCS, and it is updated by the RL algorithm during the
interaction with the environment.

At each control step, one classifier is selected among the ones
whose antecedent match the current perception (active classi-
fiers). The consequent values of the selected classifier are sent
to the output interface. The action result is evaluated by the re-
inforcement function, and the reinforcement distributed to the
rules that have contributed to reach this state. Finally, evolu-
tionary operators are applied to improve the rule base, by con-
sidering the strength of each rule, and/or its accuracy.

In the case study we are presenting, we show results obtained
by a LCS using Q-learning as reinforcement distribution algo-
rithm. Here, the exploration strategy is a random choice with
probability . We have excluded generalization, and, with
it, the need for crossover: the classifiers are generated only by
cover detection [6] and mutation is limited to the consequent
part.
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(a) (b)

(c) (d)

Fig. 6. Distribution of the reward on thec-space with (a)�10 , (b)�30 , (c)�50 , and (d)�70 accepted error in the direction, during the learning experiments.

The adoption of this simplified model makes it possible to
focus the attention on the role of the reinforcement function.

2) Experimental Setting:The learning activity is done on
a simulated model of the mobile robot CAT [27] featuring six
sonar sensors, covering the frontal 210. The distance obtained
by each sonar is affected by noise, uniformly distributed in the
interval % of the range. Notice that the task we have selected
is apparently simple from the behavior point of view, but it is
quite complex from the learning point of view, given the di-
mension of the search space. The learning process consists of
20 trials, each including 11 consecutive experiments. Each ex-
periment lasts 500 control cycles, and the robot starts from a
different position selected in a set of predefined positions, for a
total of 110 000 control steps. Sets of trials to be compared with
each other, at the end of the learning process, have the same
randomization seed. At the end of the learning trials the set of
classifiers can be divided into subsets with respect to their ac-
tivation conditions. We select the best classifier from each of
these subsets.

3) Learning Trials: In our experiment, we use the reinforce-
ment function considering a error in the orientation, since
this is the maximum in the trend of Fig. 5. Fig. 7(a) represents
the average reinforcement during the learning phase. Learning
activity reaches a good result around the fourteenth trial: by ob-
servation, we noticed that the robot moves around the center of
the corridor with small oscillations.

In Fig. 8, we show the results of the comparison of different
reinforcement functions in the same experimental setting. In the

first plot in Fig. 8(a), we use the reinforcement function with the
maximum value when the robot crosses the central area with an
orientation within with respect to the corridor axis. As ex-
pected, the learning phase reflects a certain lack of information
if compared to the graph of Fig. 7(a), and it is not yet stable at
the end of our trial. Looking at Fig. 8(b), we notice how, using

, the learning phase is slower, since we introduce cluster
aliasing in the reinforcement function. The introduction of some
incoherence with [see Fig. 8(c)] increases the difficulties
of the learning process. In Fig. 8(d), we use the incomplete rein-
forcement function ( ) presented in Section V: it is evident
that the agent does not learn the task in the expected time.

All the experiments reach a good result with a long training
time due to the convergence of Q-learning in finding the optimal
policy, but comparing Fig. 7(a) with Fig. 8, you may notice how
the reinforcement function affects the learning process.

C. Performance Evaluation

We evaluate the performance of the learned controller by a
functiondefined on the -space and anevaluation procedure.
Since the is to achieveandmaintainconfigurations in
the middle of the corridor, our performance evaluation function
covers the whole-space. It returns a real value in , in-
versely proportional to the distance of the present configuration
from the goal configuration . We evaluate the performance in
27 trials, each lasting 700 control steps, starting from the same
11 positions of the learning session and from 16 intermediate
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(a) (b)

Fig. 7. Average reinforcement during (a) the learning experiment and (b) during the evaluation test for the reinforcement function accepting only a�38 error
on direction.

(a) (b)

(c) (d)

Fig. 8. Average reinforcement during the learning experiment with different errors in the robot orientation: (a)�10 , (b)�50 , (c)�70 , and (d)�90 .

ones. This is carried out in order to test the generality of the
learned controller.

To compare the quality of the controllers obtained by the
learning algorithm using different kinds of reinforcement func-
tions we present in Fig. 9 a different set of experiments testing
the performance of the learned controllers at half of the learning
phase for reinforcement functions allowing an error in orienta-

tion, respectively, of (a) , (b) , (c) and (d) .
We consider the controllers obtained at half of the learning time
since this highlights some interesting aspects that we would like
to discuss.

For the first reinforcement function [see Fig. 9(a)], the
test phase shows an agent that wanders in the corridor, and,
when starting from the eighteenth position, crashes on the
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(a) (b)

(c) (d)

Fig. 9. Performance of the robot measured at half of the learning process with different errors in the robot orientation: (a)�10 , (b)�38 , (c)�50 , and (d)
�70 .

wall; this is due to a poor learned behavior. The designed
reinforcement function ( ) obtains a good result also in
half the learning time [Fig. 9(b)]; the second part of learning
time is spent to reduce the oscillations [as it can be noticed
by comparing Fig. 7(b) with Fig.9(b)]. Notice that the agent
stays close to the center of the corridor in all the trials. In
Fig. 9(c), we present the results of the experiment with a
reinforcement accepting a deviation from the corridor
direction. The agent’s difficulty to learn the correct behavior
from the information given by the reinforcement function is
evident. The difficulties in this case are due to the presence of
aliasing in the reinforcement function definition. The results
of the last experiment [Fig. 9(d) ( )] reflect the presence
of incoherence in the reinforcement function affecting the
first part of the learning phase. Observing the performance
we noticed that the agent does not learn a correct behavior
for all the starting positions, since it keeps turning around in
almost all the trials except for those where it starts from the
central position with the correct orientation.

In summary, we have obtained best results with the reinforce-
ment function designed according to oura priori analysis, and
the worst with incoherent and aliased reinforcement functions.

VI. DISCUSSION

In our case study we have considered a-space consisting of
only two variables for the sake of simplicity of presentation. The

approach can be adopted also in more complex-spaces
and with more challenging tasks. The general features of the ap-
proach can guide the definition of effective reinforcement func-
tions even though visualization can be obtained only for sub-
spaces. In some application it is possible to partition the-space
(defined on all the free physical variables) in two subspaces, one
relevant for the task and the other not. In this case the analysis
can focus on the first subspace reducing the complexity of the
reinforcement function design. In other applications such de-
composition is not possible and the analysis should be done on
the whole -space. We discuss a couple of examples: in the first
we partition the -space in subspaces, in the second we use the
whole -space.

We first consider a target-tracking task (prey–predator): a typ-
ical task in robot learning. In this case the-space consists of
six variables which could be either the absolute positions and
orientation of the two agents, or the absolute position and ori-
entation of one of them and the relative position and orienta-
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tion of the other. We focus on the second representation. The
predator’s task is to reach the prey while this is moving in the
environment. The relevant variables for this task are those rep-
resenting the relative position of the prey with respect to the
predator; the absolute position and orientation of the predator
and the orientation of the prey are irrelevant. The complexity of
the -space is now reduced: two variables instead of six. Now it
is possible to define a reinforcement function rewarding the con-
figurations where the predator is close to the prey analyzing the
influence of cluster aliasing and the reinforcement distribution
in this reduced -space. For example, rewarding the configura-
tions where the distance to the prey is less than a given threshold

it should be possible to choosesuch that there is no sensorial
cluster that is only partially covered by the reinforced configu-
rations; thus reducing cluster aliasing problems.

In the second example, we consider a robot that should pre-
vent intrusion in a controlled area for a surveillance task. It has
also to catch the eventual intruder only if it enters a “forbidden”
area. In this case, the task is similar to the previous one, but we
cannot consider the absolute position of the predator as irrele-
vant. Reasoning on the task the designer may detect different
aspects of the goal. Here, the global behavior is obtained by the
intersection of two separated behaviors: catching the intruder
and the control of a restricted area. It is possible to consider the
desired goal as the intersection of these two subgoals each de-
fined on a separate subspace, each one described by a different
set of variables: on each of them it is possible to apply the
approach to define the corresponding reinforcement function.
The reinforcement function we described in the prey–predator
example can be used also for the intruder catching task, while
for the surveillance task we have to consider the variables de-
scribing the position of the agent. By appropriately choosing the
variables it is possible to define a threshold-based reinforcement
function also for the surveillance task. Given such a definition,
goal configurations are bounded in two hypercubes. The inter-
section of these two hypercubes represents the global goal con-
figurations, and this is easily computed analytically. If it is not
possible to bound reinforced configurations by simple hyper-
cubes, the intersection between nonlinear regions can be com-
puted by discretization of the-space and numerical analysis.
This kind of reasoning may appear incoherent with the senso-
rial cluster analysis since this implies reasoning on the projec-
tion of each cluster on to the subspaces. However the selection
of the sensors and their interpretation is often done by consid-
ering the subtasks as separate; also in this case the sensors for
robot position estimation are different from those used to detect
the intruder.

As you can see, the approach can be adopted in com-
plex domains once a basic analysis of the task, the selection of
variables, and the design of the sensorial apparatus are defined.
Given the little design effort involved we obtain the expected
results from the learning process.

VII. RELATED WORK

Other researchers have studied reinforcement function design
using different approaches. Let us briefly discuss their relation-
ship with our approach.

Santos [22], [28] uses a reinforcement function definition
considering and tries to face the designer problem
with the estimation of high level features based on analysis of
data trends. He defines a parametric reinforcement function,
which is subsumed by our Definition 4. The reinforcement func-
tion is defined in terms of constraints among estimators of nat-
ural language features, based on the set of the available data.
Such estimators produce the input different from , and
can be considered as virtual sensors; the proposed trainer is
thus an external trainer. The reinforcement is delayed.

Santos proposes the Update Parameter Algorithm (UPA) to
tune off-line the constraints for estimators. This is done in order
to optimize reinforcement distribution from the exploration
point of view; it is aimed at guaranteeing a given amount of
reinforcement assuming a random exploration policy. This may
cause incoherence problems, since adapting the reinforcement
function on random exploration may not guarantee a descrip-
tion for the desired behavior close to the designer’s natural
language specification.

Santos also proposes the Dynamic-UPA to modify the
reinforcement function during learning. This is done to keep
constant (and high enough) the percentage of received re-
inforcement. Following this methodology it is possible to
lose minimality and completeness, since the modification of
constraint bounds changes the distribution of reinforcement
among the configurations, giving reinforcement to the ones
close to the original goals (affecting minimality) or reducing the
number of reinforced configurations (affecting completeness).
This process is uncontrolled by the designer, but automatically
driven by D-UPA.

Santos’ approach gives a solution to the problem of the
too-delayed reinforcement, since it increases the number
of reinforced configurations when the reinforcement is too
scarce. Problems about coherence and cluster aliasing may
arise, since continuous changes in reinforcement function
deriving from D-UPA may affect the agent’s perception of the
desired behavior. In fact, the same perceived configuration may
receive different reinforcement in different moments, due to
the dynamic adaptation of the constraint, and . In the
application presented in the paper, this approach is anyway
successful, due to the small changes induced and to the quite
stable learning algorithm.

Also, Matarićstudied the definition of reinforcement function
[13], [14] focusing on situated environment. She claims that in
this case it is important to give both delayed and immediate re-
inforcement (heterogeneous reinforcement); she proposes to in-
troduce some knowledge about the task in the immediate com-
ponent (progress estimators) of the reinforcement function to
speed up the learning process. The variables in her reinforce-
ment functions refer to increments of-space variables or to
variables of ac-space; therefore, her proposal is subsumed by

.
Bacchuset al. [11] propose a temporal logic to represent re-

inforcement function for temporally extended behaviors. They
represent a by a temporal proposition and they define
it as the simplest reinforcement function. This is on the line of
our approach which in principle can be extended to include tem-
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poral logic formulae as relationships between-space variables
appearing in the reinforcement function [see (20)].

VIII. C ONCLUSION

We have presented an approach to the analysis and the design
of reinforcement functions that is especially relevant for RL al-
gorithms working on a finite number of states and actions such
as Q-learning and TD().

We have presented some problems, and discussed how to
tackle them. In particular, we have introduced as an ap-
proach to the definition of reinforcement functions and sen-
sorial data interpretation, based on an objective model of the
system. is a contribution to the definition of a reinforce-
ment learning engineering, as opposed to crafting; thus it is pos-
sible to produce expectations which will be confirmed by expe-
rience, instead of working by trial and error relying on the de-
signer’s experience.

We have presented the application of our approach to a
learning classifier system that learns a behavior for a simulated
mobile robot in a realistic environment. We have shown how
an accurate design of the reinforcement function, supported by
an appropriate set of tools, can positively affect the learning
performance. We have also seen how a methodological ap-
proach to reinforcement function design may supporta priori
expectations about this performance, thus improving the design
activity.

We have also applied our approach on a real CAT robot. The
methodology does not change, since its principles are valid both
in simulation and the real world. We first learned a satisfactory
controller for the simulated robot and then applied it on the real
one. CAT was not able to keep the center of the corridor, but had
a behavior similar to the simulated one navigating slightly on the
right of the middle line. Then, we have performed learning trials
with the real robot that was finally able to achieve the desired
result.A posteriori, we verified that the problem was due to the
incomplete model used in simulation, which did not take into
account mechanical asymmetry. In this case, the stochasticity
of observations did not give any relevant contribution.

In general, it could be argued that the controllershould take
into account the stochasticity of the environment, introduced by
observations, unmodeled aspects, or unpredictable events, such
as those induced by other agents. In the approach we have pro-
posed, stochasticity is not considered, since the stochastic model
of the agent–environment system is usually unknown and hard
to estimate [13]. The RL algorithms are designed to evolve the
controller in such a stochastic environment. The reinforcement
signal is anyway affected by uncertainty and stochasticity. In our
approach we suggest how to link it to the objective variables of
the -space so that the design is not left only to the designer’s
ability, and it is possible to analyze the eventual stochasticity in
perceiving the reinforced configurations.

We are also presently working on other aspects related to
the design of reinforcement learning systems on real world de-
vices. In particular, we are studying the other side of the–
relationship problem: how to cluster the sensorial data to best
match the desired reinforcement function. We have studied the
shape and distribution of clusters with the support of the-space,

which can be influenced by both sensor features and data inter-
pretation; an accurate design of and can improve the per-
formance of the learning system and of the obtained controller.

An open problem concerns the relationship between rein-
forcement function and generalization, one of the most inter-
esting features of LCS, and RL in general. We argue that gener-
alization is a way of facing the problem of adapting the clusters
to reduce the learned knowledge base. We are studying how a
reinforcement function can influence generalization, and in this
we are applying techniques related to those presented here, by
analyzing on the-space the impact of generalization.

We are also working on these topics applied tolearning fuzzy
classifier systems (LFCS)[29], where a fuzzy model is learned.
This introduces a better mapping between the clusters, which
are fuzzy, and the real-valued data. However, some problems are
also introduced in the learning process. We have discussed this
approach elsewhere [24], [25], [30], and we will compare the
interval-based and the fuzzy-based approaches in a forthcoming
paper.
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