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Pier Luca Lanzi Ralf Moeller Stefano Nolfi
Jesse Reichler Alexander Riegler Wolfgang Stolzmann
Richard S. Sutton Jun Tani Stewart W. Wilson



 
 
 
 
 
 
 
 

Anticipatory Brain Potentials: 
An Electrophysiological Insight into the Anticipatory Behavior  

of Adaptive Learning Systems 
 

Stevo Bozinovski, Liljana Bozinovska1 
 

Mathematics and Computer Science Department, South Carolina State University, USA 
and Electrical Engineering Faculty, Sts Cyril and Methodius University, Skopje, Macedonia 

1Institute of Physiology, Medical Faculty, Sts Cyril and Methodius University, Skopje, Macedonia  
sbozinovski@scsu.edu 

 
 
 
Abstract: The paper describes a new approach toward the study of anticipatory behavior in 
adaptive learning systems, an approach based on electrophysiological evidence of anticipatory 
behavior of the human brain. The basic idea is to study brain potentials related to anticipation of 
some event. Here we describe our work with the CNV anticipatory potential. We extended the 
classical CNV paradigm introducing a brain-computer interface that allows observation of the 
adaptive change of the cognitive environment of the subject. We obtained a cognitive phenomenon 
which generates a trace which we denoted as Electroexpectogram (EXG). It shows a learning 
process represented by the learned anticipation. Emotional Petri Nets are used in explanation of the 
EXG paradigm in terms of consequence driven systems theory.  

 
 
 
1. Introduction 
 
We understand anticipatory behavior as the one that considers its consequence; the mechanism itself may 
be learned or inherited. Related definition [11] is that anticipations are predictions of future values that have 
an effect on a current behavior of the agent. The classical work of Rosen [17] defines “anticipatory system 
as a system containing a predictive model of itself and/or its environment, which allows it to change state at 
an instant in accord with the model’s predictions pertaining to a later instant” (p. 339). As pointed in [10] 
Rosen related the anticipation to the concept of final causation of Aristotle. We emphasize the concept of 
consequence [5] rather the concept of prediction in explaining the concept of anticipation. As pointed in 
[15] anticipation is expressed through consequences. In another view [8] anticipatory learning system is a 
system that learns a predictive model of an encountered environment specifying the consequences of each 
possible action in each possible situation. Various approaches have been used in study of anticipatory 
behavior and a good review of current efforts is given in [9].  
 
Here we will focus on an electrophysiological approach. We will observe some electrophysiological 
phenomena that are evidence of anticipatory behavior. It is reported in [15] that a previous work [14] 
reports on a readiness potential which is observed in an EEG trace as result of preparation for a voluntary 
event. Instead of observing the readiness potential (BP, Bereitschaftspotential, [13]), in this work we 
observe the CNV [19] potential, which actually contains evidence of anticipation of a voluntary action.  
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We will start our presentation with taxonomy of brain potentials, emphasizing existence of anticipatory 
potentials. The classical CNV (Contingent Negative Variation) potential is an example of an anticipatory 
brain potential. Then we will describe our experimental setup which introduces a feedback in the CNV 
paradigm. We describe a design of a brain computer interface system that will allow a study of learned 
anticipation in a human brain. In such an experimental we obtain a chart which we denote as 
electroexpectogram (EXG). The whole procedure of obtaining the electroexpectogram we denote as EXG 
paradigm. EXG is an evidence of adaptation of a brain to its cognitive environment. At the end, using 
Emotional Petri Nets, we discuss the relation of the EXG paradigm to consequence driven systems theory.  
 
2. Anticipatory Brain Potentials  
 
Figure 1 shows a taxonomy of the brain potentials. In general, brain potentials could be divided into 
spontaneous and event related. Event related potentials can be divided into pre-event and post event. Post-
event (evoked) potentials can be divided into exogenous (reflex reaction to the event) and endogenous 
(cognitive processing because of the event). Pre-event (anticipatory) potentials can be divided into 
expectatory and preparatory.  
 
 
                                              BRAIN POTENTIALS 
 
 
 
 
     SPONTANEOUS                                 EVENT RELATED 
            (EEG,..) 
                
 
                                           PRE-EVENT                             POST-EVENT 
                                     (ANTICIPATORY)                           (EVOKED)  
                                                                                                        
 
 
        EXPECTATORY           PREPARATORY       EXOGENOUS   ENDOGENOUS 
 
            (CNV,..)                           (BP,..)                        (VEP,..)                  (P300,..) 
 
 

Figure 1. A taxonomy of the brain potentials 
 
According to Figure 1 we introduce a structure into the concept of anticipation. Anticipation includes at 
least expectation and preparation. Preparatory potentials are initiated internally, by the will. The 
expectatory potentials are initiated by some expected external event. A prominent example of this group is 
the well-known Contingent negative Variation (CNV) potential, but actually as we can see the CNV 
potential includes also the preparatory components. Figure 1 also shows the place of the well known brain 
potentials such as BP, VEP, and P300, in this taxonomy.  

MartinB
2



 
3. The CNV Potential  
 
The Contingent Negative Variation (CNV) potential appears in an experimental procedure known as CNV 
paradigm, originally proposed by Walter et al. [19]. It is a procedure (e.g. [18], [12], [1]) in which, after 
several repetition of a sequence of two stimuli S1 and S2, a slow negative potential shift (the CNV) appears 
in the interstimulus S1-S2 interval. The negative slow potential shift is interpreted as expectancy wave and 
is related to learning. Figure 2 shows the procedure, result, the time scale, and the original interpretation.  
 
 
   Procedure: Repeat several times, record EEG, extract ERP 
 
                        S1 
        EEG 
 

        BRAIN                  R(S2) 
   S2 
 
    RT     stop S2 
 
   Result: 

   S1  S2 
A special ERP is extracted, the CNV 
 
 
 
 
Time scale observation: 
 
 Procedure:                            repeat:                                                           result: CNV 
 
                    S1        S2                         S1         S2                                       S1          S2 
 
 

  ISI  ITI         ISI  etc…       ISI 
 
 ISI: inter stimulus interval, constant, e.g. 2 seconds  
 ITI: inter trial interval, random, e.g. 10-15 seconds 
 
Interpretation:  
           Electrophysiological evidence of expectation and sensory-motor association.  
 

Figure 2: The CNV paradigm: Procedure and interpretation 
 
Figure 2 shows the classical [19], open-loop design in which after S1, the brain is expecting S2 and is 
preparing to produce reaction R on S2 (denoted as R(S2)). After repeating several times S1-S2, the ERP 
between S1 and S2 gradually develops to be a recognizable CNV.  
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Contingent Negative Variation (CNV) can be defined as an increasing negative shift of the cortical 
electrical potentials associated with an anticipated response to an expected stimulus. It is a bioelectrical 
evidence of an anticipatory state of the brain. 
 
In terms of cognitive psychology, the classical CNV paradigm can be viewed as a reaction time (RT) task. 
There is a neutral warning stimulus S1, and an annoying stimulus S2 to which the subject should react by 
pressing a button R(S2) in order to stop the unpleasant event. The subject learns to anticipate action at S2 
given warning at S1. This is clearly an anticipation learning task, A(R(S2)|S1). 
 
In our experiments the subject is only told that whenever an unpleasant sound is heard, to pres the button. 
The subject rather quickly learns that the unpleasant sound S2 comes after S1. That learning process 
generates an anticipatory process that expects occurrence of S2 after S1 and prepares an action toward S2. 
The anticipatory process is recorded as CNV potential.  
 
The CNV potential has a morphology as shown in Figure 3. The form shown here is obtained in our 
experimental work, where S1 and S2 are sound stimuli. Slightly different CNV shape is obtained when S2 
is a visual stimulus [19]. 

 
Figure 3. The CNV morphology. S1 is applied at second 1 while S2 is applied at second 3 of a 7-seconds 
CNV trace shown here. In the interstimulus interval S1-S2 we can assume signals exogenous to S1, 
endogenous to S1, anticipatory to S2, and possibly other cognitive components. In some cases, not in this 
particular one, after S2 appears additional signal negativity, denoted as post imperative negativity (PINV).  
 
 
The CNV paradigm produces a number of evoked potentials related to S1 and S2. However we are 
interested only in the anticipatory ramp between S1-S2. It contains the expectancy components, 
preparatory components and possibly other cognitive components.  
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4. EXG paradigm: Designing an electrophysiological agent-environment interaction 
 
In order to study anticipation and learning process in a human brain we designed a closed loop, brain-
computer interface as shown in Figure 4.  
 
 
        S1     AGENT 
 
                                                             BRAIN                                          ERP 
            S2 
                                                                                           R(S2) 
             
 
                                          COMPUTER 
                                             repeat S1-S2  
                                             if ERP     is-a   CNV   block S2 
                                             if ERP is-not-a CNV unblock S2 
                                             until trials =n 
 
    ENVIRONMENT 
 

Figure 4. The EXG paradigm: An agent environment interaction setup  
 
As Figure 4 shows we designed a brain-computer interface which we call EXG paradigm, in which the 
brain receives two types of stimuli and produces two types of actions. One action is a direct brain-computer 
interface action, an event related potential (ERP), and the other is press of a button. The environment 
produces two types of sound stimuli: S1 has neutral emotional value and S2 has unpleasant emotional 
value, which the agent (brain) would leave with a press of the button.  
 
                            start 
 
                            S1             S2                          S1 
     
 
 
 
 
 
          false                                     false 
                        ERP is CNV                            ERP is not CNV  
 
                 
 
                          true                                                   true 

 
Figure 5. The EXG paradigm: Flow-chart representation  
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In this design, whenever the computer recognizes that ERP is a CNV potential, it blocks the S2. That 
produces the CNV to disappear. When that is observed by the computer, the S2 is unblocked and the whole 
procedure is repeated again. A parameter that represents the CNV potential can be either the CNV 
amplitude at S2, or CNV slope between S1 and S2, or some other parameter. Using the control theory 
terminology, the EXG paradigm shows a cognitive servo system maintaining the anticipatory level at some 
setpoint. Figure 5 shows another, algorithmic representation of this agent-environment interaction. 
 
 
5. Observing the anticipatory process: Electroexpectogram 
 
Figure 6 is a snapshot from a computer screen from our experimental work, monitoring the described agent 
environment interaction and the learning process in the agent (brain). Each small window represents a trial. 
 

 
Figure 6. The learning process represented by the anticipatory brain potential  

 
Figure 6 shows the first 16 trials of an ongoing experiment, which would last 100 trials. We can see how an 
ERP is rising up from the EEG, and develops a recognizable CNV. Here the first CNV is formed rather 
fast, after 4 trials. (Usually subject learns after more than 8 trials. Here is a case of a subject familiar with 
the procedure.) The S1 signal is always present (the left vertical bar in each trial window), while S2 is 
sometimes omitted (the second solid vertical bar). The S2 is followed by the subject's reaction time (the 
dashed vertical bar following S2).  
 
In this experiment the computer blocks S2 in the fifth trial, unblocks it in the 10-th trial, blocks it again in 
the 16-th trial. Note that in trial 10, the subject is rather surprised by unexpected occurrence of S2 which 
can be seen by a much longer reaction time. We can see how ERP develops toward CNV, then degrades, 
then develops again and so on, a cognitive oscillatory phenomenon is in progress  
 
Having series of trials in which we observe the CNV dynamics, we can plot a parameter that would 
represent that dynamics. Plotting a representative CNV parameter across trials gives a representation of a 
cognitive state of anticipation across trials. The obtained curve is shown in Figure 7.  
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Figure 7. The Electroexpectogram (EXG). Monitoring an anticipatory process in a human brain 
 
In this particular case, the CNV slope is used as a representative parameter of a CNV trial. When the slope 
has a threshold value (e.g. 3,6 µV/sec) the computer switches off S2, and switches it on again when the 
angle is below the threshold. In other words, whenever CNV appears, it turns off the reason of its 
appearance, the signal S2. The EXG represents the anticipation level of the agent, measured across trials, 
and shows how fast the subject adapts to the changing environment, i.e. how fast it learns to expect and not 
to expect (which is also an expectation of the complement event).  
 
Figure 8 shows a polygraph chart, the same picture but shown together with other measured parameters, in 
this case with the amplitude of the CNV just  before S2, and the reaction time of pressing the button.  
 

 
 

Figure 8. EXG polygraph: CNV slope, CNV amplitude, reaction time 
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Figure 8 shows examples of EXG curves obtained from healthy subjects. Our investigation shows that a 
healthy subject always develops an anticipatory oscillator. We also observed that it is not always the case in 
patients with diagnosed neurosis or with diagnosed epilepsy 
 
Observing Figure 8 we would like to point out the relevance of reaction time to the concept of anticipation. 
It is shown that whenever the subject anticipates action to S2 the reaction time is shorter, and when the 
subject is surprised by an appearance of S2, the reaction time is longer. An useful insights from the EXG 
experiments would be that in addition to the EXG curve, the RT curve also represents a kind of learning 
curve, giving evidence of anticipation in an adaptive learning systems.  
 
The technical details of our work in terms of signal processing and pattern recognition algorithms have 
been described elsewhere [2]. Let us note that anticipatory behavior oscillators in mathematical terms were 
studied in [10]. 
 
6. Electroexpectogram : Anticipatory behavior in a consequence driven system  
 
In this chapter we will very briefly discuss an EXG trial in terms of consequence driven systems theory [3], 
[5], [6], [7]. We introduced Emotional Graphs [3], Emotional Petri Nets [5], and Motivational polynomials 
[6],[7] as a graphical tools for describing emotional states and motivated behaviors in consequence driven 
systems. The basis of our Emotional Graphs and Emotional Petri Nets are emotionally colored facial 
expressions (Figure 9). Petri nets [e.g. 16] are often used to represent processes with states and events that 
change states.   
 
          action 
 
 
  do not expect S2    anticipate 
 
 
 
 
        S1  expect S2          S2    act! 

 
State1    State2         State3 

 
 
    CNV potential in the brain   RT 
 
 

Figure 9. Emotional Petri Net representation of the anticipatory behavior during an EXG trial 
 
Figure 9 shows an Emotional Petri Net consisting of three states (Petri circles) and three transitions (Petri 
bars). The Petri bars compute the AND function in order to make a transition possible. The transitions are 
nondeterministic either/or type.  
 
Here is represented a subject being in State1 until S1 signal is received. That event will either leave the 
subject in the same state, or will transfer the subject into State2, representing the fact that the subject has 
learned to expect the event S2 after S1. State2 will wait for event S2 but will also feedforward an 
anticipation of action that will respond to S2. Once S2 is received, both the previous preparation for action 
and the present signal saying it is time for action will contribute toward generation of an action that will 
transit the subject back to State1.  
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7. Discussion and Conclusion 
 
Here is presented a new, electrophysiological approach toward the study of anticipatory behavior in 
adaptive learning systems. We provided experimental results that show brain electrical activity in 
anticipatory behavior both in terms of expecting something and in terms of preparing to act in order to 
avoid/approach that. The paper also presents our taxonomy of brain potentials emphasizing the anticipatory 
ones. We recognize the CNV potential as the best example of a brain potential that could be related to the 
concept of anticipation.  
 
In such a way the paper sheds light on a structure into the concept of anticipation, proposing that 
anticipation is related to an action that is prepared to meet an expecting event. We propose that while 
prediction is an event-oriented concept, anticipation is an action-oriented concept. That is a possible 
solution in the dilemma of distinction between anticipation and prediction. Another view may be that 
anticipation is the prediction of a given event including the preparation to act towards that event; in such a 
way anticipation  may be viewed as special kind of prediction.  
 
Here we described a brain-computer interface (BCI) as a model of agent-environment interaction. 
Contemporary the research in BCI is mostly concerned in using the brain waves to control devices such a 
robots, an early work in the area being our work of moving a robot by brain potentials [4]. Here we 
described a novel idea showing that BCI techniques could be used to modify a brainwaves based task in 
order to manipulate the subject, rather then having a subject using brainwaves to directly manipulate a task.  
 
Finally we described the EXG experimental trial within the framework of Consequence Driven Systems 
theory. Here we used Emotional Petri Nets to model the EXG trial, to recognize emotional states of the 
agent, and to emphasize the anticipation feedforward phenomenon in a consequence driven system.  
 
We believe that this work shows a new direction of research in anticipatory behavior of adaptive learning 
systems. It point toward the structure of an anticipatory process and a distinction between anticipation and 
prediction. It also connects the research in the area of brain-computer interface (BCI) to the research in the 
area of adaptive learning systems.  
 
 
Acknowledgement. The authors would like to thank the anonymous reviewers for useful comments that 
were used to improve the paper. 
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The dynamics of appropriation

Emmanuel Dauc

UMR Movement and Perception
Faculty of Sport Sciences

University of the Mediterrannean
163 avenue de Luminy, CP 910

13288 Marseille cedex 9
France

Abstract. In the framework of the embodied approach, this paper tries
to emphasize that, aside from its closed loop organization, a body is a
growing object. A body can indeed recruit external elements to make
them part of its own structure. The general question we address is the
following : to what extent does the process of recruitment relate, in a
direct or indirect fashion, to the cognitive activity? We show in this
paper that the structure of the interaction between an agent and its
environment is comparable to a recruitment process, taking place both
at the level of the nervous activity, and at the level of the group of in-
dividuals. During an interaction process, the coordination between the
agent’s body and its surrounding is interpreted as an intermittent ex-
pansion of the agent’s body. For that reason, we say that the agent
appropriates the surrounding elements. The choice of a relevant partner
among various partners illustrates the ability to anticipate, through the
co-construction of action, some desirable forthcoming interaction. The
agent indeed takes part in the realization of its own predictions. The
paper finishes with some remarks about the learning processes, seen as
the crosswalk between nervous-environment processes and body growth
processes.

1 Introduction

The “embodied” approach is a well-known alternative to classical cognitive mod-
els. Under that approach, an agent identifies with its body, and the cognitive
activity identifies with the continuous trade-off between the dynamics of self-
construction and the body/environment structural couplings [1]. Under the em-
bodied approach, a cognitive process is not something located inside the agent.
It relies on the continuous interleaving of physiological and environmental au-
tonomous flows, with the body’s skin acting as a barrier or a frontier preserving
the body’s operational closure [1].

We will try in this paper to explore some of the embodied approach concep-
tual extents, according to the questions of learning and anticipation, and their
implementation in artificial devices.
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2 Model setting

The aim of this paper is not to give definite or elaborate models, but to ac-
company some of the proposed ideas with a light mathematization. We thus
introduce this paper with a global model of interaction, with the use of some of
the concepts of classical control theory (input, output, functional diagrams) and
dynamical systems formalism. A control system is thus a model of interactions
between a model of controller (or agent) and a model of the environment. The
agent perceives the environment through sensors and acts on the environment
through actuators. The environment evolves under the actions of the agent, and
those actions are updated according to the sensory flow.

In this presentation, the agent’s and environment evolutions are co-dependent,
i.e. belong to the same process, whose evolution both originates from the two
sides. It results, formally speaking, by a simple splitting in two parts of a single
autonomous dynamical system composed of an environment and an agent for
which we suppose we have a precise state description (see also [2]). An interac-

tion system can classically be described by the set of equations:















uout(t) = kout(xin(t))
dxin

dt
= fin(xin(t), uin(t))

uin(t) = kin(xout(t))
dxout

dt
= fout(xout(t), uout(t))

(1)

Where Xin is the internal state space, Uin is the internal input state, fin :
Xin × Uin → Xin is the internal transition function, xin ∈ Xin is the internal
state, uin ∈ Uin is the internal command, Xout is the external state space, Uout

is the external input state, fout : Xout × Uout → Xout is the external transition
function, xout ∈ Xout is the external state, uout ∈ Uout is the external command,

– The mapping kout : Xin → Uout represents the transformation of the agent’s
state space to the commands space, i.e. the various forces which activate
the agent’s body. The outer process is thus dependent on the internal state,
through its ”actions” uout(t).

– Conversely, the mapping kin : Xout → Uin represents the transformation from
the external space to the agent body-centered space, basically corresponding
to the signal sent to the agent by its various sensors. The inner process is
dependent on the external state, through its ”perceptions” uin(t).

The functional scheme of this system is represented in figure 1.
In the most general case, every subsystem (agent and environment) owns

one or several hidden processes, whose dynamical evolution actively take part
in the production of new perceptions and new actions. Given some perceptual
configuration, the agent’s reaction is not strictly predictable. Conversely, the
environment does not always react the same. The global evolution is not exclu-
sively under the control of the agent, or under the control of the environment.
The global evolution is as much driven by the hidden processes than by the
commands.
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Fig. 1. Functional diagram of an interaction system.

3 The processes of recruitment

This section is about growth processes and the ability of dynamical models to
relate to such processes.

3.1 Recruitment and growth

Animals or plants life relies on the permanent process of body self-construction
and growth. A distinction can be made between the body macroscopic struc-
ture and the process of recruitment and extension which continuously modifies
the body. A body “survives” as long as it can access to a minimum amount of
nutriments and energy. The assimilation of external elements is thus a funda-
mental process by which a given body recruits external element as new body
compounds. The necessity of a permanent renewal of internal components makes
the body very dependent on its environment. Our proposal in this paper is to
identify the process of recruitment and growth as the fundamental level from
which every further cognitive refinement develops.

Under this schematic view, the bodies can face different situations which
may facilitate or prevent the fundamental growth process. Any nutritive assimi-
lation facilitates this internal growth process. Any aggression or nutriment lack
is in conflict with the current internal growth process. Reciprocally (in a re-
current fashion), the internal growth process is selective and opportunist. The
body develops in a way which facilitates compatible assimilations, and prevents
destructive intrusions. For instance, a plant basically grows where the energy
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and nutriments sources are the more abundant (roots extension, foils develop-
ment,...). Different mechanism prevent and repair intrusions and aggressions.

In terms of modeling, the most popular models of plant growth relate to a
fractal process of replication of branch growth patterns [3]. Those models how-
ever only care about the structures, and do not take into account the properties
of the substrate. Here, we use as a reference the models of aggregation processes,
which have been given for instance in Turing reaction-diffusion equations [4]. In
an aggregation process, the various particles belonging to the substrate obey to
two antagonist tendencies, i.e. a strong local attraction tendency and a weak
distant repulsion tendency, which results in the constitution of macroscopic ag-
gregates. In that model, the current aggregates can recruit new individuals in
the constitutions of its own “body”.

3.2 Nervous dynamics

Contrarily to plants, animals own a nervous system, so that they can produce
movements. Plants thus passively consume the energy of light and soil nutri-
ments, while animals actively seek for sources of food and energy. The nervous
system allows high speed processes which operate in parallel with the original
self-construction growth process. The nervous process is accompanied by mus-
cles contractions and body movements. The nervous activity (neurotransmitters
release and ionic electric transmission) is persistent during the whole life of the
body (i.e. more or less quiescent). This persistent activity needs external stim-
ulation (i.e. perception-induced neurotransmitters release) in order to maintain
its activity, like bodies need nutriments.

This analogy helps to to analyze the nervous dynamics in the terms of a
recruitment/aggregation process. New stimulations thus “feed” the nervous dy-
namics, and a lack of stimulations diminishes the nervous activity. Conversely,
the nervous activity propagates through the nervous system, like fire, and re-
cruits new stimuli as components for its “combustion”. The activity grows better
where the stimulations are, and thus extends toward the current stimulations.
The property of aggregation also relates to the property synchronization, which
has been extensively observed within local assemblies [5] or between different
assemblies [6]. The dominant hypothesis is that such synchronization expresses
the involvement of a structure in a process taking place at the global level. This
involvement manifests in a measurable cooperation between the local and the
global level, so that a certain dynamical pattern “recruits” participants to its
own activity (and conversely some neurons “choose” to take part in the global
process, modifying their dynamics and being modified by the global dynamics).

This property of synchronization has been extensively established as a rather
common phenomenon taking place in various models of artificial neural networks
[7–11], from binary models [7] to elaborate stochastic and sparsely connected in-
tegrate and fire models [9]. More generally, the model given in eq.(1) is well suited
for the representation of such dual nervous/body interactions. The internal vari-
ables may correspond to the nervous dynamics, while the external variables may
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correspond to the agents body and also partly to the environment. The inter-
nal process of recruitment may be obtained with topologically organized neural
maps [12, 13], where incoming stimuli can operate as seeds for new aggregates of
neural activity. The two subsystems may mainly differ by the integration times,
i.e. the internal integration time may be of one or several order faster than the
external ones, mimicking the difference between internal and external “reaction
times”.

4 Interaction and appropriation

4.1 Partners and perceptibility

The way the nervous system reacts to external events is dependent on the struc-
ture of the animal’s body. I call here “partner” an object which is affordant [14]
with the body, i.e. which facilitates a structural coupling with the agent’s body.
It can touch its senses, or even make an attempt on its life (ravine, poisoned
food, predator)1.

The way bodies perceive their surrounding objects or partners is first deter-
mined by their respective physical properties, forms and spatial extension. Some
surrounding objects are perceptible, others are not. In the natural world, percep-
tibility is basically rooted on the symmetry/disymmetry of the facing bodies in
one or several physical dimensions, i.e. relative spatial extension, relative speed,
relative illumination, and also in the symmetry/disymmetry of the individuals
sensors. So, two facing bodies may easily ignore each other for basic physical
reasons, possibly colliding by chance.

The main aspect however of perceptibility is that bodies are built in a way
that favors the perception of the most relevant features in their environment.
For evolutionary and/or adaptive reasons, attractive or aversive sources of food,
attractive or aversive partners, are more salient in their perceptual field. This
basically means that bodies are prepared to interact with elective partners. The
bodies are predisposed to perceive the items they can interact with. So, in a
schematic view, a body is surrounded by various partners, which are potentially
eligible for interaction. The eligibility of a partner means that a given partner
does not by itself necessarily trigger a pre-definite reaction. At a given moment,
a process of decision takes place where a partner is elected, among others, for
an interaction.

How do a particular body “take the decision” to select an elective partner?
This relates to the question of action selection and decision processes. From a
global point of view, one can not say that a certain decision is strictly taken “in-
side” the body. One should better say that the environment dynamics facilitates
a certain series of interaction patterns, and reciprocally the body’s internal dy-
namics facilitates a certain series of interaction patterns, and the decision relies
on a mutual process of convergence toward a compromise:

1 On the contrary, an infectious agent may not be considered as a partner, as it can
not touch the agent’s senses
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– At the nervous scale, only the more desirable perceptual compounds are
chosen by the nervous process. Reciprocally, the desirable items are defined
by the process of selection which occurs in the current nervous activity.

– At the body scale, only the more desirable partners are chosen. Reciprocally,
the desirable partners are the ones which find themselves chosen by the
animal.

The election of a partner for interaction is comparable to a recruitment
process. In a particular bodies/environment context, an interaction pattern is
formed and various partners are recruited to participate to that process. Such
recruitment process is a mix between individual choices and global entrainment.

Given a certain interaction system (1), can we measure whether the two sub-
systems cooperate or, on the contrary, disturb each other? This question relates
to the question of the coupling, or matching, between the two sub-processes. Such
matching may be measured by the way the two sub-processes display common
features in their state space, like periodicity, synchronicity2... In the general case,
one can not strictly define a causal path in the process giving rise to a certain
interaction pattern. The two parts are equally involved in this process, i.e the
two subsystems may end up on a compromise, so that they mutually resonate
with the other, or, on the contrary, end up on a dissension, so that they tend
to produce, for instance, a chaotic pattern of interaction (see also [16]). In the
first case, the two processes are easily penetrated by the other’s influence. In the
second case, the two processes remain blind to the other’s influence.

4.2 The appropriation process

At a given moment, some of the elective partners are “elected” to take part in
the ongoing interaction process. That moment is accompanied by a specific ner-
vous pattern. A perceived partner fundamentally appears in the form of various
sensory compounds (i.e. neurotransmitters). At the local scale of the nervous
activity, some of those latent sensory compounds are integrated in the current
nervous dynamics (“chosen” as relevant nervous compounds), and take part
in the current nervous dynamics. The nervous activity thus recruits some new
sensory compounds among several sensory appeals. The elected partners (their
sensory compounds) are “used” and manipulated by the nervous dynamics, i.e.
they are integrated in the internal/external process of action construction. They
thus “belong” to the nervous dynamics.

In parallel, the body participates to an interaction pattern. Under this in-
teraction pattern, the various partners are found to act coherently according
to the body’s current dynamics. In other terms, the body and its surroundings
are synchronized. In accordance with the internal dynamics, it appears that the
various partners virtually belong to the animal’s body. In that sense, the animal

2 The measure of the coupling between the two dynamics may empirically rely on a
comparison between the embedding dimension of the global trajectory D, and the
embedding dimensions of every local trajectory Din and Dout. This point will not
be developed in this paper. See also [15].
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appropriates its partners. For that reason, the interaction moments can also be
called “appropriation moments”, where the agent’s body virtually extends to
one or several partners taking part in the interaction. This virtual body and
the neurons internal dynamics operate at the same speed. There is thus a cor-
respondence to be found between the neuronal aggregation dynamics and the
“aggregation” that comes with the current interaction.

5 Anticipation and learning

5.1 An uncertain body in an uncertain environment

A world item, as a partner, can locally represent a future moment (a prey for
instance represents a future meal). This is true only in a particular context
(a fed up predator does not consider a potential prey as a future meal). The
current partner can thus be seen as an anticipatory clues of the following events,
in the particular context of the current interaction. The agent’s anticipations
are closely linked to the agent’s decision. The election of a particular partner
corresponds to the election of a particular forthcoming pattern of interaction.
The agent thus actively takes part in the realization of its own predictions, and
there is no separation between anticipation and action decision.

The way the agents choose partners is often simple and non controversial.
In many situations, there is no serious trouble in doing what the senses suggest
to be done, so that almost automated responses can be triggered. The set of
familiar partnerships may be seen as what the agent feels as ”belonging” to its
own world : usual places, usual faces, usual habits. The usual partners trigger
usual responses and usual interactions.

On the contrary, unknown territories, unknown environments, unpredictable
reactions are the major part of everyday life. The persistent environment uncer-
tainty requires persistent attention! Reciprocally, internal processes often present
some uncertain aspects : the strong complexity of internal processes can lead to
unstable and/or chaotic internal patterns.

The global uncertainty of the agent/environment coupling are the reasons
why a significant part of structural couplings do not issue as they were antici-
pated! This is often referred as “cognitive dissonance”, i.e. a lack of congruency
between the agent actions and the environment reactions. The process of election,
i.e. the process by which elective partners are chosen, is driven by an internal
nervous process which is known to be highly unpredictable, presumably chaotic
[17]. The precise moment of action decision is thus growing on a moving ground
in an uncertain surrounding.

5.2 Reward dynamics

Reward and learning dynamics are precisely at the crosswalk between the body
growth dynamics and the nervous dynamics. We give here some tracks toward
a modeling of the learning process according to the primitive process of growth
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and nutriment assimilation. From a global point of view, the body growth is
favored when the movements that accompany the nervous activity orientate the
body toward sources of nutriments, and avoid major dangers. The reciprocal is
not obvious. In which fashion does the slow process of assimilation orientate the
nervous activity toward the facilitation of body persistence? Due to the difference
of speed between growth and nervous dynamics, the direct dependency between
nutriments and growth is not operant. The nutriments are not assimilated at
the same place and at the same speed than where the nervous activity is.

The point I want to suggest here is that the plant tendency to grow better
where the nutriments are is mimicked and extended by animals in the behav-

ioral domain. Some behaviors tend to be consolidated for they give a better
access to power sources. Some parts of the internal construction (neural circuits
mainly) are consolidated and grow, for they participate to a body-environment
coupling which gives access to a rewarded moment. Other circuits degenerate
for they don’t bring such access. The important point is that a new domain of
growth is defined, which is not related to the body mass, but on the body’s
abilities and skills. These new abilities correspond to an extension of the agent

appropriation capabilities, i.e. knowledge extension. The knowledge of the en-
vironment increases with the number/variety of eligible objects and partners.
The more the agent can identify various partners, the more it can take a part
in the construction of future events, and the more it can avoid to face cognitive
dissonances.

The learning process must rely on a local storage of neurotransmitters, which
are released and then recruited by the current nervous pattern. Those neuro-
transmitter (dopamine for instance) may be seen as the substitutes of real nutri-
ments, following the path of the current nervous activity, and possibly stimulat-
ing local weight reinforcement mechanisms. That moment of neurotransmitters
release is often described as a “reward”. It is a signature that something positive
has been identified by the body. In neural networks modeling terms, if we decom-
pose internal input uin in various components, i.e. uin = (usignal, uweights, uother),
the weights vector uweights = {Wij}i,j∈{1..N}2 directly relates to the intercon-
nection pattern of the neural network3. The weight evolution rule, even directly
depending on the internal activity, may thus be attached to the slow external
process.

The question is now to define the nature of the operational core from which
new partners may emerge through the global and local body-environment pro-
cesses. A preliminary implementation of that principle using the properties of
an internal chaotic dynamics as a generative process for action production and
environment appropriation can be found in [18].

3 where for instance the neural activation dynamics may be updated according to

xi(t + 1) = f(
N

∑

i=1

Wij(t)xj(t) + usignal,i(t))
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91405 Orsay Cedex, France

{Nicolas.Godzik,Marc.Schoenauer,Michele.Sebag}@lri.fr

Abstract. In Evolutionary Robotics, auto-teaching networks, neural
networks that modify their own weights during the life-time of the robot,
have been shown to be powerful architectures to develop adaptive con-
trollers. Evolved auto-teaching networks have demonstrated better per-
formance than non-learning controllers when facing different environ-
ments during a given life-time. Unfortunately, when run for a longer
period of time than that used during evolution, the long-term behavior
of such networks can become unpredictable. This paper gives an example
of such dangerous behavior, and proposes an alternative solution based
on anticipation: as in auto-teaching networks, a secondary network is
evolved, but its outputs try to predict the next state of the sensors of
the robot. The weights of the action network are adjusted using some
back-propagation procedure based on the errors made by the anticipa-
tory network. First results show a tremendous increase in robustness of
the long-term behavior of the controller.

1 Introduction

One key challenge of Evolutionary Robotics [6] is the controller robustness, de-
fined as the ability of the controller to deal efficiently with changing environments
and previously unseen situations − in other words, to adapt itself to some real
world.

One prominent approach aimed at robust controllers is based on the so-called
auto-teaching networks[9]. In this approach, the controller is made of two parts,
simultaneously optimized by evolutionary algorithms. The first part, referred to
as Agent Model, is fixed offline. The second part, the Agent, actually controls the
robot; in the same time, the Agent is modified on-line to get closer to the agent
model (section 2). This way, evolution constructs a dynamic decision system,
the trajectory of which is defined from an attraction center (the model) and a
starting point (the agent at time 0).

At this point, two time scales must be distinguished. During the training
period, the agent is adjusted to the model, the fitness associated to the pair
(agent, model) is computed and will serve to find optimal couples of (agent,
model).

MartinB
20



During the robot life-time, referred to as generalization period, the agent is
still adjusted to the model in each time step.

However, for feasibility reasons, the training period only represents a fraction
of the robot lifetime.
Therefore, the long term dynamics of the controller is not examined during the
training period. This would make it possible for (opportunistic) evolutionary
computation to select controllers with any dynamics in the long run, compatible
with a good behavior in the short run...

This paper first focuses on the long-term behavior of auto-teaching networks,
making every effort to reproduce as closely as possible the experimental setting
described in [9]. Though results could not be exactly reproduced, interesting
phenomena appear. Intensive experiments show that, not infrequently, auto-
teaching networks with good fitness (good behavior during the training period)
are found to diverge (repeatedly hitting the walls) as time goes by.

A tentative interpretation for this fact was based on the cumulative effects of
agent adaptation with respect to a fixed model, gradually attracting the agent
toward bad performance regions.

Along this interpretation, it came naturally to consider another source of
adaptation, more stable in the long term than a fixed model. Such a source of
adaptation is proposed, inspired from the cognitive sensori-motor framework [10].
Specifically, we propose a controller architecture where adaptation is centered
on an anticipation module; the anticipation module predicts the next state of
the environment (the sensor values) depending on its current state and the agent
action. As the true state of the environment becomes available in the next time
step, the anticipation module actually provides a key signal: either everything is
as predicted (the anticipated values match the actual ones); or something “went
wrong”. Adaptation is achieved as the agent uses this signal as additional input.

Finally, the source of adaptation is provided by a World Model (the antici-
pation module). The important point is that the world model can be evaluated
with respect to the world itself, available for free (in the next time step) during
both the training and the generalization period. In opposition, the agent model
in the auto-teaching architecture could not be confronted to the “true actions”
during the generalization period.

Implementations of this architecture, termed AAA, for Action, Anticipation,
Adaptation, demonstrate an outstanding robustness in the long run, compara-
tively to the reference results.

The paper is organized the following way. For the sake of completeness, sec-
tion 2 briefly describes the auto-teaching architecture, the goal and experimental
setting [9], and presents and discusses the results obtained along the same set-
tings when observing the behavior of auto-teaching networks in the long run.
In section 3, the AAA architecture is presented, focusing on the anticipation
module and its interaction with the decision module. Section 4 reports on the
experimental validation comparatively to the reference results. The paper ends
with a discussion of these first results, and points out the numerous avenues for
research opened by this study.
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2 Long Term Behavior of Auto-teaching networks

2.1 Settings

The architecture of auto-teaching networks used in [9] involves two modules,
implemented as feed-forward neural nets without any hidden layer. During the
lifetime of the robot, the first module is fixed, while the second module uses
its error (difference with the first module output) to adapt its weights using
back-propagation.

The scenario of the experiment is also taken from [9]. During evolution, the
training period is made of 10 epochs. At the beginning of each epoch, both the
target and the robot are set to random positions; the robot then explores the
arena (60 × 20 cm, where the robot is a 5cm diameter Khepera), until i) it hits
a wall, with no gain of fitness ; ii) at some time step t < 500, it finds the target
area; in this case, its fitness is increased by 500− t; iii) t = 500; in this case the
fitness is not increased. It must be emphasized that the target is not “visible”:
the robot has to roll over the target zone (2cm radius) to find it.
The initial goal of the experiments was to examine how the auto-teaching net-
works adapts to rapidly changing environments. To this aim, the color of the
walls was changed every generation, alternating dark and white walls.

As in [9], we used an ES-like Evolutionary Algorithm in which 20 parents
generate 100 offspring. The weights were real-coded genotypes, and their val-
ues were limited to [−10, 10]. The mutation rate was 10%. However, in order
to approach the performances, some slight modifications were necessary: using
(20+100)-ES (the parents in the next generation are deterministically selected
from all 120 parents plus offspring) rather than a (20,100)-ES (the parents are
selected from the 100 offspring). We used Gaussian mutation (with fixed stan-
dard deviation .5) instead of uniform mutation in [v − 1, v + 1], v denoting the
current value. We used some crossover (rate 40%) while none was used in [9].
Finally, all individuals were reevaluated every generation to avoid very lucky
individuals to take over by chance (see below).

2.2 Training period

A first remark is that we failed to fully reproduce the results of Nolfi and Parisi
[9]. The main reason for that is the very high variability of the fitness, too much
dependent on the respective starting positions of the robot and the target. This
variability was clearly visible when post-processing the best individuals from the
last generation: out of 10 epochs, it never came even close to the same fitness
than it had been given during its last evaluation. The only way to get over that
variability and to come close to that was to run 10 times 10 epochs and to take
the best results out of those 10 evaluations.

Nevertheless, the on-line results (best and average of 11 runs) resemble those
of [9], as can be seen on Figure 4-left, and show a rapid increase toward a
somehow stationary value of 2500 (though the variance is higher, for both the
best run and the average of 11 independent runs).
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Fig. 1. Experiments with auto-teaching architecture: Left - On-line results (peak and
average from 11 independent runs). Right - Life-times for the “Less Disastrous” results
on long-term adaptation: a negative life-time indicates that the epoch ended with a
crash.

2.3 Generalization period

However, when we started to investigate the behavior of the controllers over a
very large number of epochs, we discovered that after 10 epochs of a “normal”
lifetime (same length as the training period) their behavior began to change, and
became increasingly chaotic. In particular, most robots began to hit the walls
soon after epoch 10.

The initial goal of the experiment was to discover how the auto-teaching
networks adapts to rapidly changing environments - and the scenario was to
change the color of the wall every 10 epochs, alternating dark and white walls.

Figure 1-left and Figure 2 show typical results in our setting for that exper-
iment. For each epoch (x coordinate), a bar shows whether the robot found the
target (positive bar, the smaller the better) or hit the wall (negative bar). To
make the figure more readable, no bar is displayed when the robot neither found
the target nor hit the wall.

The “most decent” individual (Fig. 1-left) only starts hitting the walls after
300 epochs − though it does not find the target very often after the initial 10
epochs. Figure 2 is a disastrous individual, that starts crashing exactly after 10
epochs.

More precisely, the best individuals (gathered after a re-evaluation on 10
times 10 epochs of all individuals in the final population) hit the walls on average
for 400 epochs out of 1000, the one displayed on Figure 1-left being the best one
with only 142 crashes.

The interpretation offered for these results is that once again, evolution found
a mouse hole to reach the goal: because what happens after the training period
does not influence selection, anything can indeed happen then. The underlying
dynamical system modifies the weights according to some evolved model that
only has to be accurate during 10 epochs. On the other hand, increasing the
training period by an order of magnitude appears to be unrealistic.
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Fig. 2. More typical behaviors on long-term runs: Left - for 1000 epochs. Right - Zoom
on the first 50 epochs.

The anticipatory architecture presented in the next section is an attempt to
address the above limitations.

3 Action, Anticipation, Adaptation

This section presents the AAA architecture for neural controllers, achieving three
tasks: action (controlling the robot effectuators); anticipation (based on the robot
sensors, and the action output); adaptation (based on the difference between
the sensor values anticipated in the previous time step, and the current sensor
values).

As mentioned in the introduction, the basic underlying idea of the AAA
architecture is that the adaptation mechanism must apply only when needed,
and must be based on “true errors” rather than errors coming from an arbitrary
model purposely evolved. In other words, rather than build a declarative model
of the world, the idea is to give the robot a procedural model that will allow him
to predict the consequence sof his own actions. And the simplest description of
these consequences is through the values of its sensors. Such views are inspired
from the cognitive sensori-motor framework [10].

In the framework or neural controllers, and in the line of auto-teaching net-
works [9], a second neural network, the Model network, is added to the Agent
controller, and its goal is to predict the values of the robot sensors at next time
step. The inputs of this Model network are both the hidden layer of the actuator
controller and the actual commands given to the actuators. Its outputs are, as
announced, the values of the sensors (see the dark gray part of Figure 3).

Those predictions are then compared with the actual values sent by the
sensors at next time step, and the results of these comparisons are used for a
back-propagation algorithm that adjusts the weights of both the Model and the
Agent networks, as described on Figure 3.

Yet another possible use of those errors is to add them as direct inputs to
the actuator network, possibly increasing its adaptive possibilities. This is the
light gray part of Figure 3. Note that the intermediate architectures in which
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Fig. 3. The complete Anticipatory Neural Architecture. Rounded boxes are neurons,
large arrows are connection weights. The classical Agent network goes gives actuator
commands from the sensations. The Model network predicts values for the sensors from
the intermediate layer of the actuator network and the actual actuator commands.
Back-propagation is applied using the prediction error to all weights backward: 5, then
3 and 4, then 2, then 1. The prediction errors are also added as inputs to the Agent
network.

either the back-propagation is suppressed, or the prediction errors are not taken
as inputs are also being considered in the forthcoming first author’s PhD.

4 Long Term Robustness of AAA Architecture

4.1 The neural network

In the experimental framework considered in this paper, the Khepera has 4 in-
puts (pairs of infra-red sensors), 2 outputs for the two motors. Hence the antici-
patory part of the network must also have 4 outputs, while the complete neural
network should have 8 inputs: the 4 sensors, plus the 4 errors computed from
the outputs of previous time step. Both hidden layers of the actuator network
and of the anticipatory network are composed of 5 neurons. Considering that all
neurons also have a bias as input, the resulting network hence has 9× 5 (arrows
1 and 6 + bias on Figure 3) + 6 × 2 (arrow 2 + bias) weights on the actuator
network, plus 8 × 5 (arrows 3 and 4 + bias) + 6 × 4 (arrow 5) weights for the
anticipatory network – 121 weights altogether. All those weights are submitted
to back-propagation when some error occurs on the sensor predictions.

All evolution experiments described in next section for the anticipatory ar-
chitecture were run using the Evolutionary Algorithm described in section 2.1.
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4.2 Long-term robustness

The same experiment than that of [9] was run with the AAA Architecture.
The learning curves along evolution are given on Figure 4-left, averaged on 11
independent runs: they are not very different from the same plots for the auto-
teaching network (Figure 4-left). But the results about long-term adaptation are
by no way comparable. Whereas the auto-teaching networks show unpredictable
behaviors after the initial 10 epochs the anticipatory controllers stay rather
stable when put in the same never-ending adaptation environment (e.g. the color
of the walls change every 10 epochs, while adaptation though back-propagation
is still going on). A typical summary of the behavior of the best individual of an
evolution of the anticipative architecture can be seen on Figure 4-right: apart
from a few crashes due to starting positions very close to the wall, almost no
crash occurs in that scenario.

More precisely, out of 11 independent runs, 8 never crash in 1000 epochs
(plots not shown!) while the 3 others had a behavior similar to that displayed
on Figure 4-right: they never crash when the walls are white, and start hitting
the dark walls after 700-800 epochs of continuous learning.
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Fig. 4. Experiments with the anticipating architecture: Left - On-line results (aver-
age best and average from 11 independent runs). Right - Worst result on long-term
adaptation (the wall color changes every 10 epochs).

All those results clearly demonstrate that the anticipatory architecture does
not suffer from the same defects that the auto-teaching networks, and exhibit
very stable behaviors even after thousands of epochs (the 8 crash-free best indi-
viduals were run up to 50000 epochs with no crash at all).

4.3 Adaptation in AAA networks

An important issue, however, is that of the adaptivity of the anticipatory archi-
tecture. Indeed, more sophisticated architectures than the simple auto-teaching
network described in section 2.1 (like for instance a 3 layers network with one
fully recurrent hidden layer) can be evolved to be robust in both the white and
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black environment – the robots will simply stay further away from the walls in
the white environment. But such architectures do not have any adaptive mecha-
nism, and the experiments presented now will demonstrate that the anticipatory
architecture does behave adaptively.

The initial a posteriori experiments described in previous section (let the
robot live for 1000 epochs, alternating dark and white walls every 10 epochs) did
not give any evidence of adaptivity: all anticipatory controllers behave similarly,
crashing very rarely against the walls, and behaving almost the same in both
dark and white environments: due to the large number of weights, their values
change rather slowly.

It was hence decided to let the weights adjust during 100 epochs in the same
environment, and some interesting phenomena started to appear. First, after
100 epochs, some individuals began to have trajectories like the ones plotted on
Figure 6: whereas the initial weights allow a cautious behavior in case of dark
walls (the robot stays farther from the walls, see the thick line on the top plot),
this is no longer the case after 100 epochs of weight modification, as witnessed
by the bottom plot of Figure 6, where the red cross indicates that the robot hit
the wall (dark walls) while it still avoids the walls when they are white. Indeed,
after 100 epochs of adaptation to the white walls, the immediate epochs in the
dark environment always resulted in a crash. Note that the reverse is not true,
and individuals that have spent their first 100 epochs in the white environment
never hit any wall, black or white afterward.

But more importantly, after some time in the dark environment, the be-
havior of the robot comes back to collision-free trajectories. Figure 5 shows
two situations in which this happens. When, after the initial 100 epochs in the
white environment, the walls remain black forever (left), the number of crashes
gradually decreases, and no crash takes place during the last 100 epochs. More
surprisingly, when the wall change color every 100 epochs, the rate of crashes
also decreases (Figure 5-right), and in fact, it decreases even more rapidly than
in the previous scenario – something we still cannot explain.

Note that control experiments with the auto-teaching networks gave exactly
the same results than those of section 2.1: an enormous amount of crashes,
whatever the scenario.

5 Discussion and further work

The idea of using anticipation to better adapt to changing environments is not
new, and has been proposed in many different areas. Anticipatory Classifiers
Systems [11] are based on anticipation, but in a discrete framework that hardly
scales up.

Trying to predict some other entity’s action also amounts to anticipation,
but does not really try to anticipate on the consequences of one’s own actions
(e.g. a program playing “psychological” games [1], or multi-agent systems [13]).
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Fig. 5. Adaptation by the Anticipating architecture: 100 epochs are run with white
walls; the robot is then put in the dark environment for 900 epochs (lest) or is put
alternatively in dark and white environments by periods of 100 epochs (right).

1 - AntiDelta - Begin : White - BPStopped : 0 - Current : White
1 - AntiDelta - Begin : Black - BPStopped : 0 - Current : Black

101 - AntiDelta - Begin : White - BPStopped : 100 - Current : Black
101 - AntiDelta - Begin : Black - BPStopped : 100 - Current : Black

Fig. 6. Trajectories of the best individual of an evolution of an anticipative architecture,
where the thick lines correspond to dark walls and the thin line to white walls. The
stating points are the same for all trajectories. Top: Initial behavior during the first
epoch, before any adaptation could take place. Bottom: behavior after 100 epochs of
adaptation in the white environment.

Trying to directly predict its own sensor values has also been tried to help
building Cognitive Maps in Robotics [2]: the prediction error is then used as a
measure of interest for an event.

But the architecture the most similar to AAA has been proposed in the Evo-
lutionary Robotic domain by Nolfi, Elman and Parisi [5] in a simpler framework,
for artificial organisms foraging food. First of all, no long term experiment was
described in that work. Moreover, in that work, their architecture did not use
the prediction errors as supplementary inputs - but on the other hand it did use
the last output commands . . . And a final remark about that work os that the
sensors and the actuators were closely related: the sensory inputs of the network
were the direction and distance of the nearest food, while the commands for the
actuators were given in terms of the angle and distance to advance, whereas in
AAA architecture, the only relationship between the actuator commands and
the predicted outputs is through the Agent network itself.

This raises another interesting issue is that of the outputs of the Model
network. It has been argued by Nolfi and Parisi [8] that the best teaching inputs
are not the correct answers for the network (i.e. the exact predictions of the next
sensor values). But this might be because of that link mentioned above between
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the predicted outputs and the actuator commands. Indeed, some preliminary
investigations inside the AAA neural networks during the lifetime of the robot
seem to show that its predictions are here rather accurate most of the time: for
instance, when the robot is far from any obstacle, the predicted values are indeed
very close to 0 (and hence not modification of the weight does take place). But
here again deeper investigations are required.

Looking at the behavior of adaptive systems from a long-term perspective
asks new questions beyond the traditional debate between Nolfi’s model of inter-
action between learning and evolution [4] and Harvey’s claim that the success of
learning + evolution only comes from the relearning of weights that have been
perturbed by some mutation [3]. Indeed, the successful re-adaptation observed
after a long period in the white environment (Section 4.3 seems to suggest that
the learning is not limited to correcting some weight modifications. However,
more work is needed to understand how such re-adaptation has been made pos-
sible by evolution.

Finally, another important issue is that of the scaling up of the AAA archi-
tecture with the number of sensors (e.g. if the robot is equipped with some vision
system). A possible answer might come from the information bottleneck theory
[12]: this model tries to compress the sensor information as much as possible,
while still maintaining feasible a reconstruction of the world that is sufficient
for the task at hand. In that perspective, the hidden layer of the Agent network
(Figure 3) could then be viewed as the set of perceptions of the robot, and the
Model network could then try to predict this minimal compressed information
rather than the numerous sensor values.

6 Conclusion

After having pointed out a major weakness of auto-teaching networks, the unpre-
dictability of their long-term behavior, we have proposed the AAA architecture
to remedy this problem: the evolved oracle is replaced by a Model network that
will learn to predict the values of the sensors of the robot. The modification
of the weights of the Agent network is then based on the error made for those
predictions.

The first results in terms of long-term robustness are outstanding compared
to those of the auto-teaching networks. Moreover, at least some of those networks
do exhibit a very interesting adaptive behavior: after having evolved during 100
epochs in a white environment, they can gradually re-adapt to dark walls.

However, a lot of work remains to be done to assess the efficiency and use-
fulness of the AAA architecture, starting with a better understanding of how
and why such anticipatory networks can re-adapt their weights on-line without
any incentive or reward for collision avoidance. We nevertheless hope that an-
ticipatory networks can somehow help bridging the gap between fully reactive
controllers and sensori-motor systems.
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Abstract. How are the internal structures for anticipatory based be-
haviour developed, refined and retained in humans and animals? This
paper proposes arguments that such development could occur during
sleep, specifically dream sleep which mostly occurs during rapid eye
movement sleep (REM). Justification for this view is supported by in-
creasing evidence from relevant sleep and dream research in aspects of
neurology, psychology, philosophy and evolutionary development. In sup-
port of these arguments, results from initial experiments with a machine
learning architecture, the Anticipatory Classifier System (ACS) are pre-
sented.

1 Introduction

There is increasing evidence [8][18][24] that sleep and in particular rapid eye
movement sleep3 (REM) [1] where dreaming mostly occurs has important roles
in memory and learning amongst both animals and humans. A recent neuro-
physiological study has demonstrated that rats do dream or at least replay or
rehearse maze experiments while asleep [25]. Psychological studies with animals
and humans have shown that REM deprivation (REMD) can impair the learn-
ing of complex tasks [17]. Studies, particularly with rats, have demonstrated a
distinct correlation between task complexity and onset and longevity of REM
sleep [16]. A recent human sleep study has also demonstrated the influence of
sleep on insight and reaction time after learning to solve a sequential numerical
problem [24]. This report attempts to relate philosophical concepts of dream
sleep with physiological and psychological evidence to improve learning in the
machine learning arena [21].

Specifically a tentative start is made by exploring a modified latent learning
architecture, the Anticipatory Classifier System (ACS) [3][19] to simulate simple
dreaming.

3 Also known as Paradoxical Sleep, reflecting the paradox of waking brain activity
during sleep. For reviews see [10][15].
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2 Background

This current research direction has been derived from previous studies control-
ling unstable dynamic mechanical systems in a failure avoidance framework.
Adaptive learning systems such as the Adaptive Heuristic Critic (AHC) [22]
modulating Artificial Neural Networks (ANNs) were used to control complex
systems by avoiding failure [12]. The paradox of learning from failure, expe-
rience of the undesirable, led to thoughts into how best off-line or cognitive
strategies could be developed in such cases. The context of the original problem
further shaped development by the batch orientated structure of expensive and
dangerous on-line experience and cheap and safe off-line adaption. The natural
analogy between the normal wake-sleep cycle and this work set the stage for the
investigations into sleep and especially dream sleep adaptation.

3 Dreaming as Anticipation Preparation

It is well established that humans and higher animals interact with the world
through a cognitive abstraction layer. Visual, auditory, olfactory etc. inputs are
combined with memory to form an internal representation and meaning. It is
this internal representation that the agent sees and makes decisions upon. Con-
sidering the visual sense, it is difficult for us to accept that the surrounding
world does not actually look as we see it, but what we actually see is an internal
representation of that a world updated by external changes.

Combination and internalisation of the environmental stimulus is useful for
real time interaction and also essential for more abstract functions such as antic-
ipation, planning and imagination. The ability to predict or estimate the future
is clearly a desirable survival attribute and sophisticated planning can be ob-
served in many animals [7]. During sleep the brain is closed off from its usual
source of environmental stimulus and during REM sleep (where dreaming mostly
occurs) the normal outputs are also inhibited. In such a configuration it is pos-
sible that the animal or agent could interact with the internal representation of
the world, (conceptualisation of reality) and adapt as though interacting with
reality. In the sleep and dream research arena there are many arguments and
counter-arguments as to purpose of such behaviour.

The proposal here is that this delusional interaction has evolved in order
to better prepare an agent for the unknown future, a cognitive maintenance
program organised to update a predictive model of the future by using some
but not all of the existing cognitive mechanisms. In short, one purpose of sleep
and especially dreaming is to generate and maintain a predictive model of the
future. By definition an agent’s anticipatory mechanism is based on a predictive
model which in a constantly changing world never reaches the state of a true
model. Rare or undesirable and yet critical scenarios can be generated and safely
rehearsed, expanded and extrapolated in preparation for the real future.
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4 Improved Convergence Through Model Learning Using

the ACS

The long term goal of this work is to improve an agent’s cognitive abilities
inspired by developing theories from dream research. As an interim step toward
this goal the ACS has been employed to reduce learning interactions with the
real world by abstractly or cognitively revisiting situations and confirming or
weakening state relationships. As the ACS interacts with the environment a
generalised model is developed, this knowledge can be exploited to perform some
model learning Dyna style [23] and reduce environmental interaction. As with
the Dyna architecture the goal is to minimise environmental interaction and
utilise information held in the model in order to obtain an accurate model with
the least real world interactions. However, the ACS does not hold an explicit
world model, but a generalised representation and this represents a challenge
when employing the model to generate an abstract representation of the real
environment. Model learning is applied to the ACS by switching ACS experiences
between the real world and the developing model. The model is a snapshot of
the classifier list at the time between leaving interactions with the real world
and entering the abstract model world. Consider the following example; an ACS
system has been interacting with an arbitrary plant and has formed the classifiers
shown in Table 1.

Table 1. Example Classifier Set

Rule C A E q

1 #### 0 #### 0.2
2 #### 1 #### 0.2
3 01## 0 10## 0.9
4 10## 1 01## 0.9

For classifier 3, the list indicates that with a high confidence (q = 0.9) if the
agent is currently in a state where the first (left most) attributes are ’01’ and a
’0’ action is performed, then the first two attributes of the following state will
be ’10’; the rest of the attributes remain unchanged.
To present the ACS with a model of the real world, an algorithm must ex-

tract developing environmental information from the classifier list and present a
response in the same format back to the ACS (Fig. 1). The current input state
and action are taken as inputs and the next state is presented to the ACS as
though the action has taken place in reality. The difference is that the real world
response is based in reality whereas the model is an estimate derived from current
experience. The algorithm for the model world operation and response is similar
to that of the normal ACS selection process. From the snap copy of the classifier
list the model must select the most appropriate next state given the current
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Table 2. Illustration of State Cycling

Step 1

Input state = 0100 (matches all classifiers except C4)
C3 Expectation state = 10##

Expected next state = 1000 (last two attributes passed through)
Step 2

Input state = 1000 (matches all classifiers except C3)
C4 expectation field = 01##

Expected next state = 0100 (last two attributes passed through)

state and action. Consider that the ACS is running with the previous classifier
list. Assume the current state is ’0100’ and through the normal selection process
classifier 3 is selected with the action ’0’. The classifier expects the next state
to become ’1000’. At this point before executing the action on the real world,
the switch ’S’ changes state to allow the ACS to interact with the model world
(Fig. 1). The model algorithm takes a copy of the current classifier list and cur-
rent input state and waits for an action from the ACS. Without distinguishing
between the two worlds, the ACS executes action ’0’ on the model world instead
of the real world and the model responds. The model must now reply to the
ACS as though the ACS is interacting with the real world. The model replies by
performing a selection process (see Table 3) on matching classifiers and uses the
winning classifier’s expectation field to generate the next state response. After
the first cycle the input state therefore becomes uncoupled from reality.

Fig. 1. The ’ACS’ switching between the real world and the model of the real world
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From the previous list only two classifiers match in both the condition and
action part, classifier 1 and classifier 3. If (as with the ACS) a high bias is
given to classifiers that are more specific, the likelihood that classifier 3 will
win the bid is high (good prediction history, q = 0.9 and contains less hash
terms). If classifier 3 wins the bid the model algorithm simply responds to the
ACS with the next expected state by presenting the current input with a pass
through operation using the expectation part of classifier 3 to form ’1000’. If
classifier 1 wins (even with the small bid), then the current input state will be
passed through as the next state (the model presents no change, an incorrect

response)4. When the ACS receives the ’predicted’ response from the model, this
is taken as the actual response and learning occurs. The input state presented
to the ACS is now ’1000’. In response to this input the ACS is most likely to
choose classifier 4 resulting in issuing action 1 to the model. As with the previous
criteria the model now uses classifier 4 to respond, resulting in a return to the
first ’0100’ state as illustrated in Table 2. This can therefore reduce the amount
of interactions that are required for the ACS to build up an accurate model in
a static environment. When a novel situation is presented to the model and no
input-condition and action pair exists, the root classifiers will always win the bid
and predict no change. To explore this strategy, the adapted ACS was applied
to a simple maze learning problem, the T-maze adapted from Stolzmann [19].

5 Experimental Procedure

The object of the experiment is to record the quantity of total real interactions
that are required to reach a confident world model when ACS operation is split
between the real and model worlds. Sessions run until a complete sweep of each
state with each action predicts the next state correctly and with a classifier that
has a high prediction quality (¿90%). Each of the 10 sessions have a decreasing
interaction with the real world and increasing interaction with the developing
model. Basic ACS operation and parameterisation are as in Stolzmann’s T-maze
experiment [19]. Sessions are limited to 5000 cycles, results are averaged over 100
runs5. Four experiments are conducted with different selection policies for both
the ACS and the model selection policy listed in Table 3.

A probabilistic bid is by the roulette wheel selection technique and determin-
istic selection is a winner takes all technique. Exploration in experiment 3 is only
possible due to a linear random selection amongst competing classifiers when all
bids are equal. Results are illustrated in Fig. 2 and Fig. 3. The X-axis represents
each of the 10 sessions with varying percentages of real and model interaction.
Session 1 starts with 100% real world interactions (normal ACS) and session 10
ends with just 10% real world interactions and 90% model.

4 The ACS requires environmental causality
5 Comprehensive experimental detail is publicly available [9]
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Table 3. Experimental Exploration Strategies

Experiment ACS Selection Policy Dream Selection Policy

1 Probabilistic bid Deterministic
2 Probabilistic bid Probabilistic bid
3 Deterministic Deterministic
4 Deterministic Probabilistic bid

The Y-axis represents the following recordings :-

Real = total real world interaction.
Model = total model world interaction.
Correct = independent correct responses.
Restarts = useless responses from the model phase.

5.1 Experiment T-maze 1 and 2

The ACS classifier selection process of probabilistic bidding operates consistently
throughout interaction with the real and model worlds. In the first experiment
the model selection process is deterministic. In the second experiment the model
selection process is probabilistic.

Fig. 2. T-Maze experiments 1 and 2

5.2 Experiment T-maze 3 and 4

Again, the ACS classifier selection process of deterministic bidding operates
consistently throughout interaction with the real and model worlds. In the first
experiment the model selection process is also deterministic. In the second ex-
periment the model selection process is probabilistic.
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Fig. 3. T-Maze experiments 3 and 4

5.3 Interpretation of the Results

For each session the ACS interacts between the real world (T-Maze) and then
with a model of that environment. The model responses are generated from
a static copy of the current classifier list at the point of the switch. Switching
between the two is distributed throughout the session. For example, in session 10
there are 10 initial interaction steps with the real world followed by 90 steps with
the model. Throughout the session the accumulated real and model interactions
are collated until the ACS has developed a confident model of the environment.
In all cases the requirement to interact with the real world decreases in order to
generate a confident world model. As interactions with the real world decrease
the ability of the model to generate realistic responses decreases, significantly
increasing model cycles, tending towards infinity as real interactions approach
zero.

In Experiment 1 and 2 (Fig. 2) the ACS interacts normally, i.e. employing a
selection process based on the historical prediction quality of the classifier pro-
portioned by a specificity factor. In Experiment 1 the model selection process
replies with a response based on the classifier with the highest bid without intro-
ducing an exploratory component implicit in the ACS roulette wheel selection.
From the perspective of minimising real world interaction (for reasons outlined
in Section 2) this strategy is the most logical and subsequently performs well.
This has parallels with Sutton’s prioritised sweeping in the Dyna framework [21].
The strategy only allows exploration within the real world session and only al-
lows reiteration by selections of the best generated classifiers in the model session
phase. Experiment 2 allows a probabilistic response during the model session, al-
lowing occasional exploration by selecting other matching classifiers. Effectively
the ACS real world interaction is mirrored in the model world interaction. This
is reflected by the slight increase in real world interaction. Due to small problem
size this does not adversely change from the response achieved in Experiment 1.
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Interesting results are shown in Experiments 3 and 4 (Fig. 3). In Experiment
3 both the ACS and the model response choose the best classifiers upon which
to use and with which to respond. The only way this configuration can explore is
when the selection process is presented with identical bids. In that case a random
selection is taken between them. This pairing produces sequential loops around
first discovered sequences failing to explore further. The final configuration il-
lustrated in Experiment 4 reduces this problem by allowing the model phase to
explore by occasionally choosing random responses that break the cyclical be-
haviour observed in Experiment 3. (Experimental details are publicly available
at [9]).

6 Discussion

The structure presented reduces real world interaction in a similar method to
other Dyna style model learning systems [23]. Other classifier systems have incor-
porated latent learning [2][13][14] and have also combined Dyna style extensions
[5][6][20]. However these systems have developed from a machine learning per-
spective (with perhaps the exception of Stolzmann et al. [20]). This work is
contrasted in 3 areas, firstly in the model generation scheme. The model gen-
erates sequence responses based current experience represented in the classifier
list. Realistic experience or practice sequences are an emergent property of the
selection requiring no explicit guidance. Secondly the structure maintains the
wake-sleep analogy. The agent learns without differentiating between the real
world and the simulated world, the adaptive emphasis falls on the content of the
generated model thread. Finally this work differs in the source of direction and
aims. Artificial dreaming has previously been simulated to promote a particular
functional stance [4]. It has also been associated with the behaviour of some
machine learning systems including the ACS [20]. This work takes the view that
dreaming has evolved some useful function (probably multifaceted)[11]. Those
propositions are being explored with existing and new machine learning archi-
tectures to develop novel cognitive adaptations.
The function of generating useful threads and how the threads modify ex-

isting rules is the subject of continuing work. The selection process could easily
be modified further by various methods, such as mutating attributes from clas-
sifiers that have a common condition part (in a match or action set) or filling
in non-specified attributes from other similar classifiers in uncertain situations.
During the dream thread execution several actions could be taken to generate
new rules, assimilate rules or delete rules.
Rules generated during the model interaction present the opportunity for an-

ticipatory behaviour based on real prototypical sequences in situations that have
not been actually been experienced (dreams). Rules are generated in advance,
their generation being guided by real world adaptation (waking). Explicitly the
agent receives no new information during model sessions, but implicit prepa-
ration or anticipation could be developed. Research on rodent sleep behaviour
recently reported that subjects where more likely to dream about maze run-
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ning before maze runs when sessions where scheduled rather than just after the
session. The rodents appeared to be rehearsing a anticipated event [25].

7 Conclusion

Inspired by developing sleep and dream research an extension has been applied
that allows the ACS agent to replay abstract dreamlike state to state transi-
tions as though real on a simple maze problem. The results have shown that this
reduces the amount of real world learning interactions that would otherwise be
required. Clearly much more work needs to be done to modify the ACS or similar
model building architecture in order to create a system that proves beneficial
in solving dynamic problems. In respect to the long term goals of this current
research it is interesting to conclude with a quote from neurological researchers
Kenway Louie and Matthew Wilson [25] on results from their research into ro-
dent sleep behaviour. In their recent study they were able to detect temporal
reactivation of spatial hippocampal place cells during REM sleep periods that
were very similar to activations when awake, in effect they could view rodent
dreams during REM sleep:-

”... This reactivation of previous behavioural representations may be im-
portant for the learning of procedural tasks, which is dependent upon
REM sleep. Mnemonic information that may have shared characteris-
tics along a particular behavioural axis such as emotion could be jux-
taposed and evaluated for common causal links, allowing adaptive be-
haviour change based on prior experience ...”.
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Abstract. We introduce the use of an anticipatory learning element
that ranks novel state-action pairs in reinforcement learning agents, re-
placing the use of uniformly optimistic initial values for exploration. We
argue that reinforcement learning functions as a search process for situ-
ated agents, and that anticipatory learning can be viewed in this context
as the process of learning a heuristic that guides search behavior. The dis-
cussion is grounded with some gridworld experiments that demonstrate
that a simple learning element can learn to rank actions sufficiently ac-
curately to rapidly improve search behavior.

1 Introduction

Although the concept of anticipatory learning is intuitively appealing, its role
and the potential behavioral benefits it brings to situated agents are not yet
well understood [2]. In this paper, we consider one particular way in which an
anticipatory learning element can provide useful behavioral benefits – that of
learning to rank novel state-action pairs in reinforcement learning agents.

Reinforcement learning provides an intuitively appealing agent learning model
because it is well suited to the problems that situated agents face [10], and be-
cause it provides a principled way to build agents motivated by a set of internal
drives. Unfortunately, the use of such drives inevitably results in situations where
reward is delayed because it results from a long sequence of unrewarded actions.
In such cases, the agent often spends a significant amount of time initially search-
ing for any solution at all, since the impoverished nature of the reward signal is
not sufficient to quickly guide it to a solution.

In this paper, we show that a reinforcement learning agent with the additional
capacity of being able to learn to distinguish good actions from bad, and thereby
desirable novel states from undesirable ones, acquires a behavioural advantage
that can be characterised as analogous to guided rather than blind search, with
the additional advantage of being able to learn the heuristic online.

Previously [5], we have shown that the use of associative learning to model
such a heuristic can improve the performance of a realistically simulated robot
that uses reinforcement learning to learn to find a puck in a maze, and return
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home. The approach presented here differs in that state-action pair rankings
are learnt explicitly (rather than implicitly, using a state similarity metric), and
in that we explicitly evaluate such behavior as anticipatory. In addition, the
computational experiments presented here utilise a simple, abstract model of a
situated agent, and thus allow for a more thorough evaluation of the model and
its behavioral characteristics than would be possible with a real or realistically
simulated robot.

2 Background and Preliminaries

In this section we briefly discuss what we mean by anticipatory learning, outline
the particular model of situated reinforcement learning that we assume, and
introduce the gridworld environment that we employ as an experimental domain
throughout the remainder of this paper.

2.1 Anticipatory Learning

Anticipatory behavior is a broad term – virtually any form of learning can be
considered anticipatory because it acquires knowledge about the world and how
to act in it. In this paper, however, we are concerned specifically with learning
mechanisms that, given an agent’s past experiences, predict something useful
about situations that it has never encountered before. Such mechanisms could
be classed as payoff anticipatory or state anticipatory mechanisms, depending
on what it is that they predict [3]. The mechanism introduced here falls into
the payoff anticipation category, since it ranks novel state-action pairs with the
aim of maximising future total payoff. Note that although reinforcement learning
mechanisms by themselves are often considered anticipatory [3], such anticipa-
tion is usually either based on an agent’s direct prior experience of each state,
or an explicit model given in advance. For the purpose of this paper we do not
consider either anticipatory, as the first deals with states the agent has experi-
enced before, and the second deals with states that it has been given explicit
prior knowledge of.

Following Butz, Sigaud and Gérard [3], we are interested in establishing how
such mechanisms could be used to generate useful behavior, and under what
circumstances they are feasible. The model we introduce here is one example of
an anticipatory mechanism that produces useful behavior, in the form of guided
search, and the remainder of this paper is concerned with demonstrating the
advantages it provides and discussing the conditions under which it is able to
provide them.

2.2 Situated Reinforcement Learning

Reinforcement learning refers to a family of methods that aim to solve the prob-
lem of learning to maximise a numerical reward signal over time in a given
environment (Sutton and Barto [11] give a thorough introduction to the field).
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In control tasks, reinforcement learning is usually used to learn the values of
state-action pairs, so that the agent can select the action that should be taken
at each state in order to maximise total reward over time. It is attractive be-
cause it provides a principled way to build agents whose actions are guided by a
set of internal drives, has a sound theoretical basis, can allow for the principled
integration of a priori knowledge, handles stochastic environments and rewards
that take multiple steps to obtain, and is intuitively appealing.

In this paper, we assume that we are dealing with a situated agent using
the reinforcement learning model described in Konidaris and Hayes [4]. This
model differs from standard temporal difference reinforcement learning models
in three ways. First, reinforcement learning is layered on top of a topological
map, so that it takes place at the level of the problem space (in this case, at
the level of navigation), rather than at the level of the robot’s sensors. Second,
learning is distributed, so that updates may occur in parallel if the agent has
parallel hardware. Finally, learning is asynchronous, in that each of the states
performs updates constantly, whatever state the agent happens to be in, and
whatever else it is doing. The first difference means that learning occurs in a
small state space, and that there is a separate learning element that is able
to learn to distinguish between aliased states and form an internal map of the
resulting state space. The last two differences mean that thousands of updates
may occur while the agent completes an action, so that we can assume (as has
been shown to occur on a real [4] and a simulated [5] robot) that the learning
process converges between decisions, so that the agent makes the best possible
decisions given its experiences.

Exploration in reinforcement learning is usually performed using ε-greedy
methods, where the agent makes a random move some fraction (ε) of the time,
which guarantee asymptotic coverage of the state space. In addition, the agents
typically assign optimistic initial values to new states to encourage exploration,
so that agent is more likely to explore unknown regions in the state space be-
cause they have higher values [11]. These values are gradually replaced as the
agent learns the actual value of each state. However, we claim [4] that ε-greedy
methods (along with all other methods that emphasise asymptotic coverage) are
not appropriate for situated agents that must act as best they can given the
knowledge, time, and resources they have available. Rather than occasionally
making random decisions, an agent should learn how to satisfy its drives as soon
as it can, and explore when it has time. We therefore separate exploration in
situated reinforcement learning into two separate concerns: first, how to find any
solution path at all, and second, how to thoroughly explore the state space in
order to improve that solution or find new ones. In this paper we use anticipa-
tory learning to improve the first, since mechanisms already exist to handle the
second (e.g., using an exploration drive [4], or modelling curiosity [9]).

2.3 The Gridworld

We use a simple gridworld domain throughout this paper to illustrate our argu-
ments and compare standard reinforcement learning to a model with an antici-
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patory learning element. A randomly generated example gridworld is shown in
Figure 1.

Fig. 1. An example gridworld

The agent starts in the lower left corner, and at each open square is able to take
one of four actions (move up, down, left or right), unless that would result in
it hitting one of the walls (dark gray squares, and here scattered over 15% of
the grid and forming its outer perimeter). The agent’s task is to reach the puck,
(the black circle), whereupon it receives a reward of 1000. It should also avoid
falling into a hole (black squares, here scattered over 2% of the grid), which
would cause it to lose 10 points. Every other action costs the agent a single
point. We assume that the agent has sensors sufficient to be able to determine
when it cannot execute an action due to the presence of a wall, and because we
assume the agent has a topological map, that it can unambigously determine its
state and store data corresponding to it. In this very simple domain, this means
that we can use a lookup table with an element for each grid square as the state
space. Reinforcement learning is accomplished using an asynchronous temporal
difference equation [4] similar to TD(0) [11].

In addition, we assume that the agent has a hole sensor for each direction
which can sense when there is a hole directly adjacent to the agent in a given
direction, and four “smell” sensors that provide an intensity reading (inversely
proportional the distance to the puck) for each direction. Note that although
the agent possesses these sensors, it does not a priori know how to use them.

Although this is obviously a highly simplified environment, and agents in it
can hardly be considered situated, it serves as a clean and clear experimental
domain where the points we discuss here can be easily illustrated.

3 Reinforcement Learning as Systematic Search

We can view the process of trying to find an initial solution as a search process
where the agent itself is physically, rather than mentally, searching through the
state space. This is similar to the classical idea of searching as problem solving
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[8], except that since the search is actually being carried out (rather than be-
ing simulated in memory) only one node in the search tree can be considered
“open” at a time. Korf [6] considered this problem within the framework of the
classical deterministic search problem where an exact model of the state space is
available, and Barto, Bradtke and Singh [1] showed that dynamic programming
is a generalisation of this idea for stochastic problems. Although both papers in-
cluded work on learning heuristics for the search space, these were simply more
accurate values for states that had already been encountered, and neither paper
considered the use of other sensors to predict the value of each state.

When searching a new state space, the simplest useful solution to the search
problem is to have the agent select moves at random. This obviously does not
perform very well because the agent spends much of its time in territory that it
has already covered, until it finally stumbles across the puck.

An immediate improvement is to make the agent explore greedily with respect
to novelty, where it chooses an action that has not been taken from its current
state if one is available, and moves randomly otherwise. Although we would
expect this agent to perform better than a purely random agent (because we
would expect it to explore more efficiently) it nevertheless will often waste time
randomly wandering through fully explored regions of the space until it chances
across a state which has an unexplored action, because it is a greedy explorer.
Note that this strategy requires a structure capable of recording which actions
have been taken at previously visited states – a requirement easily fulfilled if a
topological map is present but which could create difficulties in systems using
function approximation techniques to compress the state space.

Reinforcement learning using (uniformly) optimistic initial values [11] for ex-
ploration is an improvement over this search strategy, because it propagates the
optimistic exploration values of unvisited states through the state space, and thus
causes an agent that has not found a solution to take the shortest route to an
unexplored action from its current state. It can thus be considered a systematic
exploration strategy because it thoroughly explores the state space, and does not
waste time wandering around already explored regions of it. In addition, in more
general situations where movement penalties are not uniform or where negative
reward states are present, it is able to find paths to unexplored states without
incurring unnecessary penalties. This is illustrated by the sample gridworld and
coverage maps shown in Figure 2. Figure 2a shows a randomly generated sam-
ple gridworld, with Figures 2b, 2c and 2d showing the relative density (darker
squares having been visited more) of visits over 100 runs of random, greedy ex-
ploration, and reinforcement learning agents, respectively, with each run starting
in the lower left corner with no prior knowledge of the gridworld, and ending
when each agent first finds the puck. The reinforcement learning agents clearly
explore systematically and more thoroughly than the other agents, and in addi-
tion they are able to learn to avoid holes, as shown by the lighter colouring of the
hole squares. The other searches cover the entire search space roughly uniformly,
although they both appear to get stuck in the top left corner and very lightly
cover the bottom right corner, probably due to the trap-like configuration of the
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a b

c d

Fig. 2. A sample gridworld (a) and coverage maps for it using the random (b),
greedy (c) and reinforcement learning (d) exploration strategies.

walls in each. This systematicity means that the agents using it find the goal
in an average of 586 moves, whereas the greedy-exploration and random agents
require an average of 13, 595 and 87, 916 moves, respectively.

The reinforcement learning agents still explore (on average) in a breadth-
first manner – they cannot do any better because they have no a priori way to
evaluate potential actions, and thus must consider all potential actions equal.
Such search strategies can be considered unguided [8] because they do not use
any form of heuristic to inform the search process. Without such a heuristic, we
can expect to do no better – but if one is present, we can use it to perform a
guided search of the state space.

4 Anticipatory Learning: Providing a Heuristic

When reward is necessarily delayed, we can expect reinforcement learning by
itself to do no better than systematic search, because it simply does not have
the information available to do any better. Taking the search analogy further, if
we would like our agents to exhibit behavior similar to A* search [8], then we
must provide them with a heuristic that can be used to rank novel state-action
pairs in order of interest, and thereby guide search.

Unfortunately, building such a heuristic directly into the agent requires a
high level of a priori knowledge of the task, entails significant design effort, and
results in agents with fixed, rather than adaptive, search patterns. Using the
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agent’s sensors directly as the state space is also difficult because it removes the
advantages of using a topological map – the Markov property will be lost, it will
be difficult to link high level actions to states, and most of the agent’s sensors
will not be relevant to the task, resulting in an infeasibly large state space. The
natural solution to this is to employ a learning element that attempts to rank
all of the possible actions at a newly discovered state. Such a solution would
ideally be sufficiently rapid to learn quickly, but sufficiently flexible to be able
to adjust to new environments. To implement this, we connected four output
sigmoid units [7] to the agent’s four hole sensors and four smell sensors. Unless
the smell sensors were all zero or all equal, they were pre-processed so that:

si =
si − smin

smax − smin

(1)

where si was the ith sensor, smax the one with the highest reading and smin

the one with the lowest. The sensors were therefore scaled relative to each other,
with the one with the highest reading returning 1, and the one with a lowest
reading returning 0. The output units were then used to rank potential novel
actions, with each untried action given an action value of:

vi = knnovel

oi

ototal

(2)

where k was the default optimistic initial value (set to 10), oi was the ith sigmoid
unit’s output, nnovel was the total number of untried actions at the current state,
and ototal the sum of their sigmoid outputs, resulting in values scaled against
the total output for all novel actions. The action with the highest action value
was taken, although this was not always a novel action since a previously taken
action from the same state may lead to a higher reward.

In order to evaluate the benefits of this element, we compared the average
total reward obtained by 100 agents using the standard reinforcement learning
search method in the gridworld shown in Figure 2a with that obtained by 100
agents with the extra learning element as they were exposed to more and more
training examples. Each agent with the anticipatory learning element was given
70 trials, consisting of a training stage and an evaluation stage.

Each training stage took place on a randomly generated gridworld, using
the following procedure. First, the agent was left to find the puck using rein-
forcement learning and using its existing sigmoid units to estimate optimistic
values. The ranking element weights were frozen during thise phase so that no
learning took place. If the puck was found in fewer than 1000 steps, the agent
made the remainder randomly, without learning, in order to further explore the
gridworld. Finally, the agent was replaced in its initial position, and allowed to
follow the path it had found to the puck. For each action that it took, the sig-
moid units were updated towards a value of 0.95 for the chosen action, and 0.05
for the remainder, using gradient descent [7]. Following each training trial, the
agents were evaluated in the gridworld shown in Figure 2a, with their ranking
element weights frozen. The results obtained thus indicated performance in an
environment in which the agents had never been allowed to learn in.
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Fig. 3. Mean Reward over Time

Figure 3 shows the resulting improvements in reward over time, where it
is clear that the anticipatory learning element is able to improve the agent’s
behavior and allow it to obtain a higher mean total reward as time progresses.
The agent learns a relatively effective strategy fairly quickly, but is also able
to improve steadily over time. The mean reward for the standard reinforcement
learning agent over the same task was slightly less than 400, which matches with
the level at which the learning agents start out. Figure 4 shows the drop in
mean ranking error over time for the learning element, showing consistent but
diminishing improvement.
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Fig. 4. Mean Ranking Error over Time

Finally, Figure 5 shows the resulting average search pattern after 0, 5 and
25 training experiences, which is a good indicator of the agent’s expected search
behavior. Initially, the agent spends most of its time in a breadth-first outward
expansion, similar to the coverage map generated by an agent using reinforce-
ment learning with uniformly optimistic initial values, as shown in Figure 2d.
This is to be expected, since the untrained ranking network can be expected
to rank novel actions randomly, which is equivalent to ranking them uniformly
and then breaking ties randomly. Later, the agents learn to move towards the
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Fig. 5. Frequency Maps after 0, 5, and 25 Training Runs

smell while avoiding obstacles, and spend most of their time in the area where
their smell sensors have very high readings (in the upper right corner near to the
puck). It is clear from these patterns that the learning element is successfully
able to focus the agents’ searching behavior, even though it is never allowed to
learn in this particular gridworld.

The anticipatory learning element is thus able to rapidly learn to significantly
decrease the time taken by a reinforcement learning agent to find a solution, and
to avoid holes. The resulting search behavior can be characterised as a guided
search, with the anticipatory learning mechanism providing a form of heuristic.

5 Discussion

The mechanism demonstrated in this paper for anticipatory learning was very
simple, but it supported relatively interesting, goal-directed behavior and pro-
vided some obvious behavioral benefits. Despite its simplicity, we feel that the
work presented here highlights two interesting aspects of anticipatory learning
systems. First, the system demonstrated here works because of the existence of
a behavioral regime that provides a context in which anticipatory learning is
useful. The ability to forsee the consequences of action is not useful in and of
itself – rather, it is useful because it provides a means by which good actions
may be chosen over bad. In this paper, the form of the behavioral strategy and
learning mechanism used both afforded the opportunity for anticipatory learning
and provided a framework in which it could provide behavioral benefits.

Second, although the sensors and learning element used in this paper were
deliberately kept simple in order to demonstrate clear results, we would expect a
kind of synergy between sensing and learning: that sensors and learning systems
would be co-evolved to make learning and the generation of adaptive behavior
flexible and computationally easy. In this case, anticipatory learning does not
have to be exact – that would probably require a much more complex learning
element – it just needs to rank novel actions in roughly the right order. Explicitly
learning a predicted value for each state is likely to require significantly more
computational effort, and may be difficult to accomplish within a reasonable
portion of the task lifetime.
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6 Conclusion

In this paper, we have introduced the use of an anticipatory learning element for
novel state-action pair ranking in reinforcement learning agents. We have shown
that anticipatory learning is effective as a heuristic that is capable of focusing
search for such agents, and thus provided a concrete example of the behavioural
benefits of adding anticipatory learning to an existing control system.
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Abstract. In this paper we present a method to anticipate periodic movements 
in a multi-agent reactive context, of which a typical example is the guard who 
patrols. Our system relies on a dynamic modeling of motion, based on a state 
anticipation method. This modeling is achieved with an incremental learning 
algorithm, dedicated to 3D real time environments. We analyze the perform-
ance of the method and demonstrate its usefulness to improve the credibility of 
pursuit and infiltration behaviors in front of patrolling agents. 

1   Introduction 

In a dynamic multi-agent environment, the reactive anticipation of movements of an 
opponent may be crucial to survive. In this paper, we focus on the anticipation of the 
motion of an agent who follows a well-defined periodic path. The guard who goes 
his rounds is a typical example. This guard is going to face another agent, for whom 
he will be either a prey or a predator. If the guard is a predator, it may induce several 
problems for the other agent: how to cut his trajectory without being seen, how to 
mislead him in another direction, etc. In the other case, the agent has to intercept the 
guard in what he thinks is the most favorable way for himself. Various criteria can 
be used, such as the quickest way, the one with the least hazard, etc. The method 
presented in this paper deals with this kind of matters. It is based on an incremental 
modeling of periodic movements carried out by a learning algorithm, dedicated to 
3D real time environments. 
Hereafter, we will use the verb “to patrol” in the meaning of “to patrol along a well-
defined periodic path, while no major perturbation stops one’s behavior”. 
Modeling this kind of patrol is interesting for video games, particularly in FPS1 and 
strategic games. When a player commands several agents, it is interesting to be able 
to give them high level orders such as “watch a zone”, “infiltrate the enemy’s area” 
or “lay an ambush”. The “zone watching” behavior already exists in strategic games 
like StarCraft or Conflict Zone. But players miss infiltration or ambush behaviors 

                                                        
1 “First Person Shooter” 
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orders. Our anticipation method allows one to get this kind of behaviors facing pa-
trols.  
This paper is organized as follows. In the next section we present related work re-
garding movement anticipation, especially in 3D real time surroundings. Then our 
method is explained in section 3. In section 4, our main results are presented and 
discussed. The following section discusses the possibility to apply our algorithm for 
the video game prey/predator context. In section 6, we discuss the benefits and limits 
of our method. Finally, we highlight the role of anticipation in our approach. 

2   Background 

A classification of anticipatory mechanisms is proposed in [1]. It describes four kinds 
of anticipation: implicit, payoff, sensorial and state-based. Our approach deals with 
the fourth category: state anticipation. To anticipate the movement of a patrolling 
agent, we build a model of the movement. This model allows the explicit simulation 
of the future motions of the agent. These predictions are directly used to improve 
escape or pursuit abilities and to obtain infiltration and ambush behaviors. 

Christophe Meyer’s SAGACE method [4] provides another example of state an-
ticipation. His system learns how to anticipate the actions of a human opponent in 
the context of repeated games with complete or incomplete information. It is based 
on two Learning Classifier Systems (LCSs) whose rules can evolve thanks to a Ge-
netic Algorithm. The first one models the opponents’ behaviors, the other one plays 
depending on this model. These systems refine themselves during each game. Tested 
on the game ALESIA, with opponents using a fixed strategy, this method gives very 
good results because it determines an adapted strategy. However, it is designed to be 
used in “turn by turn” games. It seems that the SAGACE method is difficult to adapt 
to continuous real time games because LCSs scale poorly to continuous domains [2]. 

For continuous environments, Craig Reynolds developed algorithms to simulate 
motion behaviors in a visually credible way, notably of groups of animals, such as a 
fish shoal or a bird flock. These algorithms use simple and very quickly calculated 
mechanisms and which, combined, well adjusted and applied in a reactive way 
(about 30 times a sec) offer realistic motion results. A pursuit behavior endowed with 
a capacity of anticipation is proposed in [5]. It consists in leading the predator to-
wards an estimation, at T steps of time ahead, of the prey’s position. To realize this 
prediction, the predator supposes that the prey’s speed will remain constant. The 
issue is to determine T. Reynolds suggests a simple method based on the distance 
between the prey and the predator, which is: DcT = , where D is the prey/predator 
distance and c a parameter. This prediction is carried out at each time step, using the 
last observed velocity vector of the prey. This method does not pretend to be optimal, 
but improves the credibility of the pursuit behavior. Indeed, the extremely quick 
calculation does not reduce the agent’s reactivity, and it seems to pursue his prey in a 
more efficient manner. 
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However, such anticipation finds its limits in the periodic motion framework. As 
an example, if the prey is following a circular closed path, if it is going faster than 
the predator and the parameter c is not well adjusted, this one will move on a smaller 
circle inside the one followed by the prey, without ever reaching it (see fig 1).  

 

 
Fig. 1: A pathological case for Reynolds’ pursuit behavior 

 
Our method solves this kind of problem thanks to a more sophisticated model of 

the prey’s motion than Reynolds’ one (which is limited by the fact that the velocity 
vector is supposed constant). This model is learned in an incremental and reactive 
way and provides an estimation of a crossing point with the prey’s trajectory without 
reducing the predator’s reactivity. 

Cyril Panatier [6] exposes another motion anticipation method, based on potential 
fields. The method is tested in a real time 3D environment with agents divided into 
two categories: friends and opponents. Each side has to push some pucks towards an 
opposed zone. Only one agent, the “adaptive” one, tries to interpret the others’ 
movements in order to guess who his friends are. It assumes that the agent’s velocity 
results in a combination of attraction/repulsion forces caused by other agents. To 
calculate the others’ attraction/repulsion coefficients, the adaptive agent uses his 
surrounding perception, i.e. every agent’s position, and his memory of the last per-
ception and calculation. Thus it learns the potential field functions of every agent, in 
an incremental manner. Once the coefficients are calculated, the adaptive agent gets 
a global transition function letting him simulate the movement of each agent. In 
order to choose his next behavior it performs simulations of each agent motion. Then 
the selection is made by comparing the outcomes of each behavior. 

This kind of anticipatory mechanism eventually endows one with infiltration or 
ambush abilities, but not facing a patrol. Indeed, by definition, the patrol’s path is 
defined independently of the current behavior of other agents. Therefore the interpre-
tation of a patrolling guard, by the mean of potential fields, would not result in a 
correct model. 

In the video game Quake III, more centered on the prey/predator relationship, 
John Laird explains how his quakebot [7], based on Soar architecture, can anticipate 
some movements and other actions of his opponents. The bot starts by modeling its 
opponent from its observations. The model consists in observable variables like posi-
tion, health, and current weapon, as well as non observable ones such as the current 
aim, which has to be guessed. Then he predicts the future behavior by simulating 
what he should do if he was in his opponent’s situation with his own tactical knowl-
edge. Thus Laird assumes that the enemy’s goals and tactics are basically the same 

 Predator 

Prey 
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as the quakebot’s. Using simple rules to simulate his opponent’s actions, the bot 
anticipates until he finds an interesting or too uncertain situation. The prediction is 
used to lay an ambush or to deny the enemy of a weapon or life bonus. This anticipa-
tory mechanism, whose calculation takes a lot of time, is used only under some con-
ditions in order not to reduce the bot’s reactivity. Designed to anticipate human play-
ers’ actions, this method seems unable to anticipate patrol movements. Indeed, in 
order to anticipate the guard’s periodic motion, the bot should be able to consider the 
“patrol” mode like an internal state and above all, to model the path. As far as we 
know, this modeling capacity is not part of to the quakebot’s characteristics.  

We propose to address this problem thanks to our periodic motion modeling 
method viable in a highly reactive 3D environment such as Quake III’s. 

3   Movement learning algorithm 

Our algorithm is dedicated to a real time modeling of periodic motion in 3D worlds. 
The model performs a linear approximation of motion so as to anticipate the next 
position. The velocity is supposed constant on each segment, equal to the average of 
velocities observed between both extremities of the segment. When the agent accel-
erates, the anticipation happens to be wrong and the model is updated. In order to do 
so, edges are adapted permanently to fit to the motion points that present the strong-
est accelerations. This dynamical adaptation is made through experience, justifying 
the notion of learning. It is driven by comparisons between predictions and observa-
tions and implies a motion abstraction. Hereafter, we call “track” the motion model. 

3.1   Model  

The model itself consists of a circular chained list. The circularity of the list means 
that the motion is considered periodic a priori. The maximal size of the list is the 
only model parameter. List elements are called “edges”, they are made of four com-
ponents: 

1. a position vector in 3D space 
2. a distance: estimation of the distance between last and current edges. 
3. a time: estimation of run time between last and current edges. 
4. a radius: estimation of the maximal distance between prediction and 

observation on the segment. 
Figure 2 illustrates the relationship between a 2D motion and the track. There are:  

• The motion trajectory: undulant pull. 
• The corresponding learned model: arrows linking A to B, B to C etc., edges 

and the grey circles that symbolize uncertainty radius of these edges. 
• The position of the observed object at instant t: the star 
• The prediction of the model for the same instant t: the dotted circle. 

As shown by the orientation of the arrows, A is before B in the list. If A is the last 
point of the trace reached, then the motion prediction is made according to the [AB] 
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segment and the uncertainty radius in B. The prediction is made of a position and a 
radius representing an uncertainty. In other words, it points out that the object 
should be in a perimeter around an accurate point. This uncertainty can be inter-
preted like a motion abstraction carried out by the algorithm. 
 

 
Fig. 2: example of track 

 
On this scheme, the prediction is a success because the star is inside the dotted circle. 
Along time, the dotted circle moves from A to B where its radius will become the 
next edge’s one, etc. Its velocity is constant on a segment: it represents an approxi-
mation of the average speed of the observed object on this segment. 

3.2   Algorithm outline 

At any time, the algorithm compares the position vector and observation date with 
the prediction realized thanks to the current model, and the model is updated accord-
ing to the comparisons. When the prediction is wrong, a new edge corresponding to 
the current observation is added in the list. Then, in order to keep the model size 
constant, the algorithm must suppress an edge in a relevant way. The selected edge is 
the one whose suppression would involve a minimal loss of accuracy in prediction. 
The rest of the list is then updated in order to maintain the reliability of the model. 
We define the model uncertainty as the average of the edges’ radius weighted by the 
length of the corresponding segments. The model accuracy is the opposite of uncer-
tainty. The selection of an edge is computed by anticipating the update of the list. 
Indeed, the uncertainty of the model grows during the update. Let A, B and C be 
three consecutive points of the track (see Fig. 3). Considering that B is selected then 
C is updated in the following way: 

• ABBCAC DDD +=  

• ABBCAC TTT +=   

• The radius 1+tR  is computed as:  

A

B

C 

D

E
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Where ABD  and BCD  are the distances from A to B and from B to C; ABT  and 

BCT  indicate the running time in the same way. H points to the position estimated 
when the real object is in B. At this moment, the gap between prediction and reality 
is theoretically2 maximal on the segment [AC]. 

 
 

 
Fig. 3: uncertainty calculation 

 
Another problem to solve is the discovery of the period. To know when the starting 
point is reached, the algorithm uses an elementary distance based on the average of 
the observed movements. If, for any reason (noise, sampling, etc.), the algorithm 
does not detect when the starting point is reached, then a dilation phenomenon ap-
pears, the track trying to model two or more periods as a single one. To deal with 
this problem, we have developed a mechanism that deletes the current first edge of 
the model when the position of a non-predicted observation is very close to another 
edge. This heuristic works quite well but can involve the inverse effect: the retraction 
phenomenon, when the trajectory has many intersection points with itself. The more 
intersection points, the more possibilities to meet a situation where the anti-dilation 
mechanism is triggered. It can result in a track reduced to a single segment to model 
the whole trajectory.  The algorithm complexity in time and space is O(n) where n is 
the maximal size of the list. We also designate this size as “model complexity”.  

4   Experiments and results  

We have tested our algorithm on several noisy periodic movements. The motion 
learning performance is evaluated according to two criteria linked with predictions: 

o The track reliability is the right predictions rate, during one period. 
o The uncertainty, as defined above. 

                                                        
2 « theoretical » meaning in case where one starts exactly from A, what’s not always right; so 

this is why we need to increase the radius. 
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Hereafter, we present results on two particular trajectories, in 8 and in W shapes. We 
define critical points as the points that present an outstanding acceleration. The 
intersection points of the trajectory with itself are also important. They make the 
discovery of period more difficult because of the mechanism used to solve the dila-
tion problem. Thus the number of critical and intersection points determine the mod-
eling difficulty. For these examples, the guard moves with a constant speed. There-
fore the critical points correspond only to the curves’ acute turns. Figure 4 shows the 
8-trajectory endowed with 4 critical points (white squares in the initial curve picture) 
and the three tracks obtained after two periods. These tracks consist of 4, 12 and 24 
edges. The circles symbolize the uncertainty radius of tracks’ edges. 

    
Figure 4: initial trajectory and models with 4, 12 and 24 edges 

We can see that the edges are distributed around the critical points. Light curves 
contain only few edges. It illustrates the fact that the algorithm selects the trajectory 
points that present strong acceleration. Figure 5 presents the W-trajectory and some 
track obtained after two periods with 5, 10 and 20 edges models. 

  
Figure 5: Initial trajectory and models with 5, 10 and 20 edges 

This more complex trajectory has height critical points and five intersections. These 
pictures corroborate the trend brought to mind by the 8-trajectory: the more complex 
the model, the more accurate the predictions. The following graphs present the com-
parisons of uncertainty and reliability of three models of increasing complexity, 
along 10 periods regarding the two motions presented above. The values represent 
the averages from a sample of 10 tests. 
Figure 6 presents the evolution of uncertainty: 
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Fig. 6: uncertainty evolutions 

 
The average uncertainty on predictions tends to increase with the trajectory complex-
ity and to decrease with time and model complexity. After 3 periods, the uncertainty 
is relatively stationary. The curve that represents 12 edges model evolution on the 8-
movement gets higher after the fifth period. This corresponds to the dilation phe-
nomenon. Figure 7 deals with reliability evolution: 
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Fig. 7: reliability evolutions 

 
We can see that the reliability of the predictions is almost stationary after the third 
period. Furthermore, the 4 edges model is not complex enough to allow a reliable 
anticipation of the W-movement.  

5   Patrol anticipation application 

As outlined in the beginning of this paper, our learning algorithm has been designed 
to anticipate patrol movements in a real time 3D environment, such as rounding 
guards in a video game surrounding. We can anticipate the guard’s motions accord-
ing to two main objectives: interception or avoidance.  

5.1   Interception 

Our interception method is based on the following principle: from the motion model 
of the guard, the agent decides to intercept him at the first edge that he can reach 
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before the guard by optimizing a particular criterion. The nature of this criterion 
determines the type of behavior. For instance: 

• Minimizing interception time to obtain a pursuit behavior 
• Maximizing position benefits to obtain an ambush behavior 

The choice and computation of this criterion depend on the application, which is not 
the point of this paper. To check if the agent can reach a position before the guard, 
one must estimate the running times. The guard’s running time is easy to estimate 
thanks to the track model corresponding to its trajectory. As far as the agent is con-
cerned, it depends on his own model. From a simple calculation in function of the 
distance and average speed, the estimation remains dependent on the application and 
computation possibilities. In order to demonstrate the feasibility of our method, we 
have implemented a simple demonstration of a pursuit behavior in the context of a 
“toy” video game environment with a 3D real time surrounding.  

5.2   Avoidance 

The guard’s avoidance behaviors are investigated from the point of view of infiltra-
tion, i.e. when an agent has to cross the guard’s trajectory without being seen nor 
touched. We propose a simple anticipation method allowing infiltration behaviors. 
We assume that the agent does not adapt his reactive steering parameters: once he 
starts moving, he will not stop anymore until he reaches his goal. The challenge is to 
start moving at the right moment to avoid being seen or touched. In order to deter-
mine this moment, the agent must simulate his movement as well as the guard’s on 
several steps. From the current situation, he checks at each step if he is not in a criti-
cal situation. Critical situations can be collisions, inclusions in the guard’s percep-
tion area, etc. If the agent fails, then he starts again until he finds a favorable mo-
ment to move. Here again, we have demonstrate this behavior in the same context as 
above. 

6   Discussion 

The anticipatory mechanism presented in this paper endows an agent with intercep-
tion or avoidance capabilities in front of a patrolling guard without equivalent in the 
video game research literature. We have empirically demonstrated how this mecha-
nism could be used, but we did not implement it yet in a actual video game. Actually, 
we must confess that there are not so many video game contexts in which our 
mechanism could be used. In most cases, the agents are designed to anticipate the 
human players’ behavior [4] [7]. But the human player seldom behaves in a periodic 
way. The only favorable context is when a software agent is confronted to another 
software agent. This is the case, for instance, when the human player can give high 
level orders like “keep a zone” or “invade this building” and the agent must realize 
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the behavior on its own. Very few video games offer this possibility so far3 but we 
believe that this situation will change with the raise of interest in AI in the video 
games industry. 
From a more technical point of view, our algorithm still suffers from some limita-
tions. Given the dilation and retraction problems outlined in section 3, one needs to 
determine the horizon of the simulation, the number of steps and the complexity of 
the problem in a concrete way. In order to keep the algorithm reactive and to im-
prove the behaviors significantly, we must find a good compromise between the 
resources used and the accuracy of predictions. One way to act on this compromise is 
to tune the model complexity. Experiments show that to obtain reliable and accurate 
predictions, the model’s complexity must be sufficient in regard to the movements 
that must be anticipated. The more numerous the critical points and self-
intersections are, the more complex the model of the periodic motion must be. As we 
have shown, this concern is not critical since the algorithm complexity is in O(n). 
Another matter of discussion is the possibility to generalize the algorithm. An exten-
sion to the case where several guards patrol in the same area appears quite straight-
forward. On the contrary, its extension to non-periodic movements seems to be more 
difficult and should be studied in greater detail. 

7   Conclusion 

In this paper we have dealt with anticipatory mechanisms in two ways: on the one 
hand, anticipation is used to drive learning mechanisms, on the other hand, the 
learned model results in the possibility to anticipate periodic movements through 
mental simulations. Our system uses a dynamic modeling of movement, driven by an 
anticipatory mechanism. It is a clear case of state anticipation where the prediction 
error is used as a feedback signal to improve the model at each time step. Thanks to 
an incremental learning algorithm dedicated to real time 3D environments, it en-
dows an agent, among other things, with infiltration and pursuit behaviors. Based on 
distances computation, the algorithm can easily be extended to N dimensions space. 
Though our system has proven efficient on toy problems, its applicability to an actual 
video game still needs to be demonstrated, which we hope to do in the near future. 
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Abstract. The goal of this paper is to analyse the central role of the epistemic 
activity in anticipatory mental life. A precise typology of different kinds of 
epistemic actions will be presented. On theses basis, a precise characterization 
of expectations about the success in the achievement of an intended result will 
be provided. Moreover, two specific kinds of epistemic actions (Epistemic 
Control and Epistemic Monitoring) will be defined and their functions in the 
goal-processing will be identified.   

1 Introduction 

A crucial feature of intelligent Agents is their being pro-active not only reactive i.e. 
their ability to deal with the future by mental representations or specific forms of 
learning. For guiding and orienting the action a representation of the future and more 
precisely a representation of future effects and of intermediate results of the action is 
needed. Moreover, having a mind means to have anticipatory representations, i.e., 
predictions and goals; not just perception, beliefs, memory. In our previous works we 
have provided an ontology of anticipatory mental states, we have analyzed them both 
in terms of “epistemic” components and in terms of “motivational” ones and we have 
analyzed their two quantitative dimensions (the strength of the belief and the value of 
the goal)1. 
In the present work we will argue that when an agent believes that some result p will 
be true in the future and he is concerned with that result, always he needs to acquire 
information in order to verify whether that result will be (is being) achieved or not. 
We will argue that every expectation has a dynamic component, therefore every 
expectation should be conceived as an activity. The dynamic component of every 
expectation is the Epistemic Action (EpA): the action aimed at acquiring new 
information, at verifying the truth value of a proposition, at testing beliefs. In section 
2 we will propose two dimensions for categorizing EpAs: a modal dimension (how 

                                                           
1 For the definitions of the different types of expectations see [11]. For the formal theory of 
anticipatory mental states and the related semantic see [6]. In that work the multi-modal 
intentional logic given in [7] extended to cover probabilities (for representing the strength of 
the beliefs) was used. 
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are EpAs effectively performed?) and a functional one (why are EpAs performed? 
Which is their purpose?). Moreover, a schema of Discovery Learning will be used as 
a possible application of our EpAs ontology. Finally in section 3 an analysis of two 
specific kinds of EpAs will be given: the expectation-based notions of Epistemic 
Control (EpC) and Epistemic Monitoring (EpM). 

2 Epistemic Actions 

“Epistemic Actions” (EpAs) are actions aimed at acquiring knowledge from the 
world; any act of active perception, monitoring, checking, testing, ascertaining, 
verifying, experimenting, exploring, enquiring, give a look to, etc. 
 Epistemic Actions cover both: 
• rule-based, goal-directed action, like anticipatory classifiers (see [4]), which 
contain an anticipatory representation of the result (proto-intention) and are 
reinforced by the positive match of it with the perceived result; and 
• intentional actions, where the goal is an anticipated mental representation of a 
result that is the starting point for selecting the appropriate plan or action, guiding 
planning, guiding performance, stopping behavior (see [12]). 
In this paper we are interested in giving an account of intentional EpAs. 

2.1 The modal dimension 

Epistemic intentional actions can be distinguished in terms of modus operandi: how a 
specific epistemic action is realised. There are 2 general macro-modal categories of 
epistemic actions: 
• Pure Epistemic Actions (Waiting for); 
• Parasite Epistemic Actions (Looking for). 
Pure epistemic actions are identifiable through verbs of sensory actions: to see, to 
observe, to hear etc…We can define them as: actions that are specialised for 
epistemic functions: to the acquisition of knowledge, the verification (confirmation) of 
beliefs etc…Since actions are identifiable in terms of the results they are done for, we 
could define pure epistemic actions as: Actions that are specialised for achieving 
epistemic results: to the acquisition of knowledge, the verification (confirmation) of 
beliefs etc…Pure epistemic actions never change the state of the world, they just 
change the knowledge of the agent (see [10]). 
Parasite epistemic actions on the other side are: pure epistemic actions that exploit 
pragmatic actions in order to achieve the epistemic result they are done for. Parasite 
epistemic actions change both the state of the world and the knowledge of the agent. 
In principle it would be possible to define the pure epistemic intentional action as the 
deliberated fixation of attention. There are two forms of parasitism of pure epistemic 
actions on pragmatic ones. Pragmatic actions and epistemic actions can be done 
sequentially or in parallel. The pragmatic action is a mean for achieving the epistemic 
goal (to know the truth value of p). In order to know whether p is true or not the agent 
has to check whether p is true or not (pure epistemic action) and before it the agent 
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has to execute a pragmatic action a1. The pragmatic action (the first component of the 
plan) creates the conditions for the execution of the pure epistemic action (second 
component of the plan). For example, imagine an agent wants to know whether 
“outside it is snowing or not” (epistemic goal). The agent will first open the door of 
the house (action a1) and will move his own attention towards the external 
environment (pure epistemic action).  

There is another important distinction that should be addressed at this point. There 
is a difference between “Checking whether” and “Checking what”. 
• Proposition-based epistemic actions (Check whether). I test the truth value of a 
specific proposition; 
• Proposition-free epistemic actions (Check what). 
In the first case (for example: “is a (any) mail arrived?” “some mail is arrived; 
right?”) the answer is Yes/No, True/False. In the second case the question (test) is 
open (for example, “some mail is arrived: which one?”).  
In psychology of attention filtering tasks have been proposed as experimental 
platforms. Filtering tasks are suitable experimental domains for analysing both 
previous kinds of EpAs (Check whether and Check what). For instance consider the 
following task discussed in [14]. A subject has to say what is written in a RED word 
that appears in a screen with other words of different colours. The subject has to filter 
out more than one word that appear in the board. He can adopt one of the following 
strategies. On the one side he can check in parallel “whether” a word 1 is a RED 
word,…, “whether” a word n is a RED word one till he finds a RED word. The 
strategy is realised through deliberately dividing and shifting the attention on different 
items in the screen. There are many perceptual objects that are matched with one 
epistemological representation. On the other side the agent can select a given word 1 
in the screen, fixate the attention on it and check in sequence “whether” the word 1 is 
a colour 1,…, “whether” the word 1 is a colour n. There is only one perceptual object 
that is matched with many epistemological representations. 
The parallel or sequential execution of Proposition-based epistemic actions (either 
pure or parasite) aimed at testing reciprocally excluding propositions is considered 
in our framework a Proposition-free epistemic action. 

The final important distinction that we want to present concerns the sources of 
beliefs and the general organization of the belief network of an agent. Indeed we can 
distinguish: 
• Pure Epistemic Actions on perceptive sources; 
• Pure Epistemic Actions on inferential sources.  
An agent executes a Pure EpA on a perceptive source in order to test a belief that p if 
and only if he is simply testing the belief that p “by matching the epistemological 
representation of the object designated in p with the perceptual object (the referent) 
and no inferential process is involved in the process of verification”2. On the other 

                                                           
2 This way to approach to the problem is similar to the one given in [13] where the process of 
testing trough perception the appropriateness of a Frame (for representing categories and 
situations) is analyzed. We assume here that a proposition p can be specified as a predicate of 
the following form “the |perceived object| is a |dog|” where the category |dog| can be organized 
(as in [9]) in terms of an epistemological representation (which is used to recognize through 
perception the instances of a category, for instance a 3D model) and an inferential 

MartinB
64



 

side an agent executes an EpA (either Pure or Parasite) on an inferential sources in 
order to test a belief that p if and only if he is testing the belief that p through some 
inferential process and no match with perceptual object is involved in the process of 
verification3.  

2.2 The functional dimension 

Let us give here a functional typology of Epistemic actions. We distinguish two 
general functional categories of EpAs: 
• Goal-driven epistemic actions; 
• Curiosity-driven epistemic actions. 

The category Goal-driven epistemic actions can be further decomposed in several 
sub-categories. There are different EpAs that are aimed at verifying different kinds of 
beliefs. Those different kinds of beliefs have a specific role in different stages of the 
goal processing where different kinds of goals/intentions can be identified.  
In the model presented in [5] eight phases are identified and nine different categories 
of beliefs, goals (or intentions) play a role in each of them. Beliefs in each phase are 
reasons for selecting a certain motivation G1 rather than another motivation G2. For 
instance if the agent believes that goal G1 is more achievable than goal G2 then the 
agent will select G1. At each phase of the goal processing a specific kind of Epistemic 
goal can be activated and that goal determines the execution of a specific kind of 
Epistemic Action: an EpA aimed at testing a specific belief involved in the goal 
processing. We do not describe here the full model and we do not consider all beliefs 
involved. We merely focus on the two following Macro-phases.  
 

Macro-Phase 1: From the commitment with a single result to the last evaluation 
before the execution of the action. 
There are several beliefs that play a role as bases for deciding what mean to select for 
achieving an intended result: beliefs about instrumentality (Belief-set 1) (belief about 
the possibility of achieving the intended result through the action), Beliefs about the 
possibility of obtaining additional rewards and paying additional costs (Belief-set 2), 
beliefs about ability and opportunity (Belief-set 3). BEL-INSTR x a1 p, BEL-
RewCost x a1 p, BEL-AbilOpp x a1 p indicate beliefs concerning p that belong to 
Belief-set 1, 2, 3.4. Once an action has been selected on the basis of the previous 
beliefs, the action becomes the object of a future-directed intention. Before executing 
the action (and so going to Macro-phase 2) the agent must believe that necessary 
conditions and resources for executing the intended action are holding. Let us call 
beliefs about necessary conditions and resources for executing the intended action 
                                                                                                                                           
representation (collection of encyclopedic knowledge about the category) and a designator (the 
symbol used to refer to the category). 
3 We do not consider in the present analysis Pure Epistemic Actions on mnestic sources that are 
according to Audi [2] another important kind of Basic sources of belief (together with 
perceptive sources) where Basic Sources of belief are those experiential sources whose 
justificatory power is not derivative (it is not obtained by some inferential source). 
4 We do not use in this paper an extensive formal analysis. Different formalisms are available 
for different kinds of beliefs in the goal processing. For instance see [17] for a logic of ability, 
opportunities and power. 
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that are bases for deciding whether acting or not BEL-CondRes x a1 p. Those beliefs 
belong to Belief-set 4. In Macro-phases 1 EpAs are executed: 1) for verifying whether 
the final intended result will be achieved or not; 2) for verifying whether a certain 
action is a good mean for achieving the final intended result. 
 

Macro-Phase 2: From the “command” of execution of the action to the end of the 
action. 
Once an action has been sent to execution EpAs can be executed at different levels of 
the temporal trajectory that goes from the beginning of the action to the expected time 
point of the achievement of the final intended result. 
Beliefs about success or failure in the achievement of the final result (Belief-set 5) 
play a central role in this Macro-phase. The agent believes that p will be successfully 
achieved while he is intentionally doing the action relative to (instrumental) the result 
p. Let us call a belief about future success and failure in the achievement of the final 
result in Belief-set 5: BEL-FUT-SUCC x a1 p. 
Beliefs in Belief-set 5 are always objects of verification in Macro-phase 2 (Epistemic 
Monitoring) (see Thesis 1 in section 3). It is crucial to argue that the verification of 
success can also be executed in Macro-phases 1.  
In Macro-phase 1 and 2 belief about success or failure in the achievement of 
intermediate results play a role too. Since not only simple actions but also plans can 
be sent to execution, EpAs can be applied recursively for verifying the success in the 
achievement of those results that stand between the beginning of the complex action 
(or plan) a and the final intended result p (tests on the intermediate results of the plan 
a = a1,…, an). Finally in Macro-phase 1 and 2 beliefs about necessary intermediate 
conditions for executing actioni of a full plan a = a1;…; an play a role too. Generally 
EpAs on beliefs about intermediate conditions have a role in conditional planning. 
Before executing a plan or during its execution the agent can test whether 
intermediate conditions for executing actioni are holding or not in order either: 1) to 
execute the sub-component actioni of the plan when the conditions are holding or 2) 
to execute a different sub-component actionl when the conditions are not holding (let 
us call it corrective action). 
 

The different kinds of belief that we have described can be organized through a 
Dynamic Belief Network with (positive or negative) mono-directional and bi-
directional links of support between different beliefs.  
 

Belief-sets about the success in the achievement of the result: Belief-sets 1, 3, 4, 5. 
We assume that both in Macro-phase 1 and in Macro-phase 2 beliefs in Belief-sets 1, 
3, 4 are “signs” (supports) of beliefs in Belief-set 5. In Macro-phase 1, 2 an EpA on a 
belief in Belief-set 1 or 3 or 4 can be executed in order to have a verification of a 
belief in Belief-sets 5. For instance a high strength belief about “necessary conditions 
and resources for executing the intended action a1” (belief in Belief-set 4) supports 
the belief that “p will be successfully achieved” (belief in Belief-set 5). Moreover, a 
high strength belief about “the ability to execute the intended action a1” (belief in 
Belief-set 3) supports (together with the belief in Belief-set 1 about “the degree of 
instrumentality of a1 with respect to p”) the belief that “p will be successfully 
achieved” (belief in Belief-set 5).  
Previous beliefs in Belief-sets 1, 3, 4 are special kinds of inferential sources (see 
section 2.1) with respect to beliefs in Belief-set 5. 
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Belief-sets about the “goodness” of the mean: Belief-sets 1, 2, 3, 4, 5. We assume 
that both in Macro-phase 1 and in Macro-phase 2 beliefs in Belief-sets 1, 2, 3, 4 
support a more general belief about “the ‘goodness’ of a mean” chosen (or not yet 
chosen) for achieving the intended result p. But the Belief Network becomes even 
more complex after that the agent has selected the action for achieving the final 
intended result. Beliefs in Belief-set 5 support beliefs in Belief-sets 1, 3, 4 and 
indirectly give a support to the general belief about “the ‘goodness’ of the mean”. 
Indeed whenever an agent believes with high strength that “the result will be 
successfully achieved through the intended action a1”, the belief about “the ability to 
perform a1” and the belief about “the degree of instrumentality of a1 with respect p” 
are directly strengthened and so the general belief about “the ‘goodness’ of a1” is 
indirectly strengthened. 
The organization of the Belief Network shows that different kinds of beliefs both 
support the belief about “the success in the achievement of the final result” and the 
belief about “the ‘goodness’ of the mean”. 
 

Curiosity-driven epistemic actions (the second general functional category of 
EpAs) are simply driven by the meta-goal of acquiring new information, of getting 
new knowledge. 

2.3 Possible application: discovery learning  

Let us cross the modal typology with the functional typology. At this point it is 
relevant to notice that parasite epistemic actions can be planned in order to: 
1. merely achieve an epistemic goal (parasite epistemic actions driven by curiosity); 
2. achieve an epistemic sub-goal that is a necessary condition for achieving a practical 
goal (parasite epistemic actions driven by practical goals). 
Our double dimension of EpAs (functional and modal) can be applied for describing 
schemas of discovery learning (see [1] for further analysis). Discovery learning is in 
fact the intentional version of the functional learning that was already instantiated in 
TOTE cybernetic system [12] and that is embedded in BDI cognitive architectures 
[15]. In BDI models and in TOTE at each round after the execution of an action the 
agent tests automatically whether the action a1 has been successful in the 
achievement of a given result p. If the action a1 has been successful then the belief 
that p and the belief about instrumentality a1  p, the beliefs about ability etc… are 
strengthened (viceversa in case of failure). That test is not intentional as well as the 
learning associated with it: the test is automatic and the learning is merely functional. 
On the contrary in discovery learning the agent has the explicit epistemic goal G3 of 
discovering (learning) a good procedure to achieve a pragmatic intended result p at 
time t1 and as a sub-goal of G3 the agent has the explicit goal of  
testing whether a given procedure a1 is a good mean for achieving result p at time t1.  
The verification of the general belief about “the ‘goodness’ of the mean a1” is 
inserted in a general plan of intentional learning for achieving the final intended result 
p. Indeed the agent could reason as follows. In order to achieve p at time t1 I must 
discover whether a procedure a1 is effectively good for achieving p at t1. In order to 
discover that, I have to test the actual hypothesis about instrumentality of a1 with 
respect to p at t1 and about the ability of doing a1 at t1. In fact (assuming that the 
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agent has access to real relations of support among his own beliefs) beliefs in Belief-
sets 1, 3 support general beliefs about “the ‘goodness’ of the mean” (see previous 
analysis of Belief Network in section 2.2). Let us assume that the agent believes that 
if the procedure a1 allows to achieve p at t1-n then the procedure a1 will allow to 
achieve p at t1 (Assumption*). Since beliefs in Belief-set 5 (about success) support 
beliefs in Belief-sets 1 (about instrumentality) and 3 (about ability) and support 
indirectly general beliefs about “the ‘goodness’ of the mean”, it is much more 
economical to perform procedure a1 at t1-n and check whether a1 is successful in 
achieving p at t1-n in order to test (given Assumption*) the belief in Belief-set 5 
about “the success in the achievement of p at t1” and so (first step) in order to test the 
beliefs in Belief-sets 1 and 3 about “the ability to do a1 at t1”, about “the degree of 
instrumentality of a1 with respect to the achievement of p at t1” and (second step) in 
order to test the general belief about “the ‘goodness of a1 with respect to the 
achievement of p at t1”. 
In order to test his hypothesis the agent can plan to “try” to do at time t1-n the 
procedure a1. TRYING a1 p at time t1-n means here: execute the procedure a1 + test 
whether procedure a1 allows to achieve p at t1-n (test whether the procedure is 
successful in the achievement of p at t1-n). 
The present schema of discovery learning is an interesting example of pragmatic 
action that is executed in combination with a pure epistemic action in order to 
achieve first an epistemic goal (i.e. to discover a good procedure for achieving p at t1) 
that is a necessary condition for the achievement of the final intended result p at t1. 

3 Epistemic control and epistemic monitoring 

Expectations as mental states are not enough well described by a static belief about 
future events or a static combination of belief + goal; they have a more active aspect 
and they elicit a specific behavior that characterizes the “activity” of waiting for, and 
expecting. Important components of any expectation are either the Epistemic Control 
(EpC) or the Epistemic Monitoring (EpM). The category Epistemic Control (EpC) 
and the category Epistemic Monitoring are for us sub-categories of the Epistemic 
Action category. 
We define Epistemic Control on result p as follows.  

Any intentional Epistemic Action: 1) aimed at testing the epistemic component of 
the (positive or negative) expectation that p will hold at a time t1 in the future; 2) 
executed before that the agent has the present-directed intention to do an action with 
the further intention to achieve p at t1. 
The previous definition can be formalized as follows5. 
POS-EXPECT x p = (BEL x (LATER p)) ∧ (INTEND x p) ∧  
((¬∃ a INTEND x a | (INTEND x p)) v ((∃ a INTEND x a | (INTEND x p)) ∧  (1) 

                                                           
5 We use again the logic given in [7] in order to formalize our notion of Epistemic Control. 
Moreover, the notion of relativized intention is used to express the mean-end relation in the 
decomposition of the plan (action a is intended by the agent relative to an intended result p i.e. 
the agent is committed to do action a and if he discover that he does not intend that p then he 
drops the commitment with the action a).  
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(¬ ∃ a (INTEND x a | (INTEND x p))?;a))). 
NEG-EXPECT x p = (BEL x (LATER p)) ∧ (INTEND x ¬ p) ∧  
((¬∃ a INTEND x a | (INTEND x ¬ p)) v ((∃ a INTEND x a | (INTEND x ¬ p)) ∧ 
(¬ ∃ a (INTEND x a | (INTEND x ¬ p))?;a))). 
EPISTEMIC-CONTROL x p = ((POS-EXPECT x p) v (NEG-EXPECT x p)) ∧ 
(DOES x TEST (LATER p)) 
 

An Epistemic Control is an Epistemic Action that can be only executed in Macro-
phase 1. In the previous formalism (BEL x (LATER p)) in the definition of the 
positive and the negative expectation represents a belief about possible future success 
(in Belief-set 5); (DOES x TEST (LATER p)) represents the fact that a given test 
(EpA) on proposition LATER p is executed. We do not develop here the formal 
theory of the different kinds of test that can be executed for verifying the truth value 
of a given proposition. We want only to remark that different kinds (TEST (α)) 
should be specified by referring to the modal dimension given in section 2.1 (Pure 
versus Parasite EpAs, EpAs on inferential sources versus EpAs on perceptive 
sources)6. Moreover, we have formalized the fact that the agent intends to achieve the 
result p (and believes that p will be achieved) and the fact that two situations are 
possible: 1) the agent does not have any intention to execute an action relative to the 
intention to achieve the intended result p (Macro-phase 1, before having choosen the 
action); 2) the agent has an intention to execute an action relative to the intention to 
achieve the intended result p (Macro-phase 1, after having chosen the action). In this 
second situation a constraint is given in the formula. It is excluded the case in which 
the agent is committed to “believing he is about to do the intended action (as a mean 
for achieving intended result p) then doing it” and finally he does it. Given the 
constraint it is impossible that the agent executes an Epistemic Control in Macro-
phase 2. This is as close as we can come to exclude from our definition of Epistemic 
Control the case in which the agent executes an Epistemic Action on the belief about 
success in the achievement of the final intended result “having the present-directed 
intention to do an action with the further intention to achieve that result” (or “doing 
intentionally an action with the further intention to achieve that result”)7. 
We define Epistemic Monitoring on result p as follows.  

Any intentional Epistemic Action: 1) aimed at testing the epistemic component of 
the (positive or negative) expectation that p (where the expectation that p is composed 
by the intention that p will be true at a given moment t1 in the future and the belief 

                                                           
6 One of the most powerful logics of test actions is the one given in [18]. In that dynamic logic 
a test action on an arbitrary proposition p is simply a procedure that: 1) establishes the truth of 
either proposition p or proposition ¬p  (property of informativeness); 2) performs an update of 
the belief-base given either the true proposition p or the true proposition ¬p. That formal theory 
does not provide an extensive analysis of the different ways in which an EpA can be performed. 
7 The distinction between Present-directed Intentions (or Intention in Action) and Future-
directed Intentions (or Prior Intentions) has been introduced in Philosophy of Action. There are 
several converging and diverging definitions and analysis of the previous notions. In the 
present analysis we agree with the definition of Bratman [3] who assigns to the intention (as a 
mental state) the feature of persistence (if an agent intends to do an action then the agent is 
committed to do that action and he will give up his intention if and if only if particular 
conditions hold). According to Bratman a Present-directed Intention is the intention to do 
something now whereas a Future-directed Intention is the intention to do something later.  
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that p will be true at a given moment t1 in the future); 2) executed when the agent 
“has the present-directed intention to do an action”8 (or “does intentionally an 
action”) with the further intention to achieve p at t1. 
We include in our definition of Epistemic Monitoring only the case in which the agent 
executes an Epistemic Action on the belief about success in the achievement of the 
final intended result “having the present-directed intention to do an action with the 
further intention to achieve that result” (or “doing intentionally an action with the 
further intention to achieve that result”). 
Given the previous definition it follows that an Epistemic Monitoring can only be 
executed in Macro-phase 2 at different stages of the execution of the action aimed at p 
or just after that the action aimed at p has been completely executed. Epistemic 
Monitoring is a test on BEL-FUT-SUCC x a1 p in Belief-set 5 (see section 2.1) that is 
executed during the execution of the action aimed at p9  

At this point we want to argue that the following statement is valid. 
THESIS 1. An Epistemic Monitoring is always performed in Macro-phase 2. 
Indeed as soon as an action has been executed for achieving an intended result p, 
there is at least an automatic not intentional perceptive test on the success of the 
action (see the brief discussion in section 2.3 about TOTE and BDI models). The 
thesis becomes even stronger in realistic open worlds where there is always some 
degree of uncertainty and intentional tests on the success of the action are generally 
performed even during the execution of the action. 

4 Conclusion 

From the previous analysis it seems that Expectations should be considered as unitary 
subjective experiences, typical and recognizable mental states that have a global 
character. Although made up of (more) atomic components Expectations form a 
gestalt. How can we account for this gestalt property in our analytic, symbolic, 
(de)composition framework? We have implicitly pointed out some possible solution 
to this problem. For example, a higher level predicate exists (like EXPECT) and one 

                                                           
8 The notion of “Intending to do something” (the “Pure Intending”) and the notion of “Doing 
something intentionally” have been clearly distinguished in [8]. The Simple View assumes that 
“an agent does something intentionally if and only if “the agent intends to do that” and has been 
strongly criticized in [3]. According to Bratman an agent does intentionally also what he 
believes will be a consequence of his intended action, moreover he does intentionally all 
spontaneous actions that are done during the execution of the intended action. This position is 
slightly different from the position presented in [16]. According to Searle an agent can have the 
“Intention in Action to do a certain action” without the need of a previous “Prior Intention to do 
that action” (all intentional actions have intentions in action but not all intentional actions have 
prior intentions). This seems to apply to automatic and spontaneous micro-actions that where 
not planned by the agent (they were not object of Prior Intentions) but that are executed during 
the execution of the macro-action that was the object of the Prior Intention (Bratman would say 
that those spontaneous micro-actions are done intentionally but they are not object of Present-
directed Intentions).  
9 We refer to Epistemic Monitoring also for EpAs on belief about success or failure in 
intermediate results achievement (see section 4.1). 

MartinB
70



 

can assume that although decomposable in and implying specific beliefs, goals and 
intentions this molecular predicate is used in mental operations and rules. One might 
assume that the left part of a given rule for the activation of a specific Epistemic Goal 
is just the combined pattern: belief + intention. One might assume that we 
“recognize” our own mental state (thanks to this complex predicate or some complex 
rule) and that this “awareness” is part of the mental state: since we have a complex 
category or pattern of "expectation”. This would create some sort of “molecular” 
causal level: an Expectation concerning a proposition that determines the execution of 
the Epistemic Action aimed at verifying the truth value of that proposition. 
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Abstract. An increasing number of cognitive scientists are getting interested in 
simulation or emulation theories of cognitive function in general, and representation 
in particular. These replace the amodal, typically symbolic representations of tradi-
tional theories with agent-internal simulations of perception and action that use at 
least partly the same neural substrate as real, overt sensorimotor processes [1, 2, 5]. 
Our own experimental work on minimal neuro-robotic models, mostly based on 
Hesslow’s theory [2], has initially focused on providing simple robotic agents with 
the capacity to act blindly after some exploration of the environment, guided by 
their own internal simulation of perception, based on the repeated use of forward 
models predicting the sensory consequences of actions [3, 7]. Current work also ad-
dresses simulations at higher levels of abstraction, using hierarchical architectures: 
on the one hand, a combination of unsupervised categorization and prediction (cf. 
[4]) and, on the other hand, a two-level mixture-of-experts architecture (cf. [6]).     
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