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Neuronal mechanisms for sequence learning in behavioral modeling

Nicolas Rougier and Hervé Frezza-Buet and Frédéric Alexandre
LORIA, BP 239, 54506 Vandoeuvre-les-Nancy Cedex, FRANCE

Abstract

Sequence learning and management have been
reported as central features in behavioral stud-
ies. Indeed, tasks like route memorization or
planning are temporal behaviors and can be
hardly modeled without taking the temporal
aspect into consideration. On the contrary,
classical information processing tools are not
very efficient at such temporal processing. In
this paper, we shortly review these tools and
show that another approach, close to neurobi-
ological modeling, can yield a variety of neu-
ronal mechanisms for several aspects of se-
quence learning and management.

1 Introduction

The study of living beings behavior brings up many ques-
tions concerning the ability of surviving in an hostile
environment. Given that each environment possesses its
own laws, any living being which is able to use all or part
of these laws is able to predict some part of its future,
and is then able to survive. Major part of these living
beings are able to handle these laws thanks to experi-
ence and observation. Smart behavior is then the ability
to construct, memorize and use some crucial temporal
sequences, i.e. the ability to know in advance the conse-
quences of a specific action, the ability to predict its own
future. In this framework, we may ask which tools are
we offered by computer sciences for endowing a model
with sequence learning abilities. If traditionnal artificial
intelligence methods are now able to deal with temporal
sequence learning, it remains a very little known terri-
tory of the neural networks research field. Nonetheless,
results from fine studies of behavior by neurobiologists
and neuropsychologists allow the design of new compu-
tational models which can handle various kind of tempo-
ral sequences. The purpose of this paper is to introduce
three mechanisms directly inspired by biology which will
handle sequences at three different levels : a temporal
level, a spatial level and a meta-level.

2 Current computational tools for
modeling behavior: the share of
neural networks

Many algorithms endowing an artificial system with the
capability to behave in an external environment can be
found in the literature [Maes et al., 1996]. Non connec-
tionist approaches will be first discussed here, in order to
compare their properties to the ones provided by neural
techniques.

2.1 Non connectionist approaches

Even if smart behavior of natural agents appears to be
provided by an assembly of interconnected neural cells,
non connectionist computational models are able to take
fundamental features of behavior into account. Directly
dealing with properties that have emerged from nervous
cells of biological beings, these models can be viewed as
global approaches to behavior generation.

High level planning capabilities required for clever be-
haviors have been modeled within the artificial intelli-
gence framework. Behavior then consists in reaching
goals or performing a task by successively splitting goals
into subgoals or tasks into subtasks. The computation
of subgoals from goals is provided by theorem prover-like
architectures, dealing with explicit symbolic representa-
tions (see [Donnart and Meyer, 1994] for illustration).
Nevertheless, even if the high level sequential manage-
ment of goals and subgoals provided by such techniques
is a central ability required by control architectures, the
difficulty to ground symbols in a numerical perceptive
input stream makes such algorithms difficult to apply
on real robots.

Like artificial intelligence techniques, Markov decision
process (MDP) based methods address behavior in a
global way. We just mention here the Q-Learning al-
gorithm [Watkins, 1989] that models Skinnerian operant
conditioning. Within this framework, the behavior con-
sists in selecting an action in order to make the agent
execute a transition from the current environment state
to another one, so that the reward received all along the
sequence of state transitions is maximal. The method
is grounded on a convergence theorem [Jaakkola et al.,
1994] provided by the MDP mathematics. Nevertheless,



applying such methods to real engineering problems re-
quires a very large state space, and therefore unrealistic
computational resources.

Endly, we would like here to mention operational re-
search techniques, such as genetic algorithms that have
been applied to design the control of behavior of low level
agent of an assembly. These approaches are convenient
to design elementary behaviors but require a long time
to converge when applied to more “cognitive” behaviors.

2.2 Are current connectionist tools more
suitable for behavior generation ?

Neural networks have explicitly been inspired from bio-
logical observations of the nervous cells. Applying such
techniques consists in using local computations to make
the targeted property of the network emerge. As op-
posed to the methods described in section 2.1, using
neural tools for behavior generation is a local approach.
Our purpose in this section is to overview classical neu-
ral networks and evaluate their relevance for behavior
modeling, and then mention some less known but more
specific artificial neuronal networks.

Most classical artificial neural networks are the famous
multilayer perceptrons with their backpropagation learn-
ing algorithm [Rumelhart and McClelland, 1986]. Per-
ceptrons are suitable for supervised classification within
numerical high dimensional space, or statistical anal-
ysis related to pattern matching. We claim that the
main question concerning the use of perceptrons for au-
tonomous behavior is not the much debated biological
plausibility of back-propagation but the relevance of su-
pervised classification for autonomous behavior. From
that point of view, unsupervised classification, provided
by techniques like Self Organizing Maps [Kohonen, 1988]
or Neural Gas [Fritzke, 1995] appears to be more suit-
able. Accordingly, classification with neural networks
will provide sub-symbolic representations from numeri-
cal inputs.

Like classification, association is a well known capabil-
ity of neural networks. Many adaptations of the Hebbian
rule have been proposed, like the Widrow-Hoff rule. The
latter is analog to the Rescorla-Wagner rule [Sutton and
Barto, 1981] used to model human contingency judgment
[Allan, 1993]. These association capabilities are the basis
of regularity extraction from observations of the external
world.

Every neural techniques mentioned above have been
successfully applied to industrial problems, and mathe-
matical theorems are available for most of them. Never-
theless, considering the biological framework they come
from and our behavior modeling purpose, these methods
suffer from a severe lack: they do not take the concept
of time into account. Actually, behaving implies learn-
ing, perceiving, managing information from a continu-
ous perceptive stream, and organizing them temporally.
Consequently, the models described further will focused
on these time features.

Although classical neural networks are slanted toward
to engineering applications, few others aim at modeling

biological observations. Most of these observations are
data from Pavlovian conditioning experiments, and the
design of neurons is grounded on the following concepts.
An unconditioned stimulus (UCS) is a stimulus that trig-
gers a unconditioned response (UCR) before any con-
ditioning occurs. Roughly, conditioning consist in pre-
senting several times a conditioned stimulus (CS) before
UCS, and then observe the conditioned response (CR)
when CS alone is presented. CS is associated with UCS
when CR looks like UCR. The association performed
during conditioning experiments is the basis for causality
and contingency evaluation, this evaluation depending
on the association strength between two time-separated
perceptions (the distinction between causality and con-
tingency is discussed in section 4). The biological role
of such temporal association between CS and UCS is to
use CS as a predictor of UCS.

In [Sutton and Barto, 1981], a formal neuron is pre-
sented, whose inputs are several stimulus, considered as
possible CSs, and a UCS. The UCS input is sufficient
to make the neuron fire (high output), and the neuron
associates (by increasing an appropriate weight) the ear-
liest CS with UCS so that this CS fires the neuron before
the occurrence of UCS. As non temporal associations are
based on Hebbian-like mechanisms that correlate signals,
temporal associations are provided by the same mecha-
nisms but correlating traces of signals instead of signals
themselves. A trace of a signal is a function of the sig-
nal that “slowly” decreases after the signal extinguishes,
then keeping trace of the occurrence of the signal. The
kind of temporal association performed by such mecha-
nisms strongly depends on the shape of the trace. For
example, in [Grossberg and Schmajuk, 1989], the trace
function allows to select the CS that did occur during
a given time interval before UCS, in [Frezza-Buet and
Alexandre, 1999], the shape of the trace allows to select
the closest predictor in time, etc. Correlating trace sig-
nals is a convenient way to detect correlations between
time separated signals, and building sequences of corre-
lated events with such neurons endows neural networks
with the capability to deal with temporal events, causal
relationships, as required by behavioral problems.

Clearly, even if most of neural techniques have been
inspired from biology, very few of them deal with time
relationships. Nevertheless, few neural models, closer to
biology, provide robust and convenient tools for ground-
ing temporal computation in numerical perceptions, but
application to control architectures has still to be done
on a large scale.

3 Temporal observations for temporal
sequence learning

Several studies of the human cortex lead to a better un-
derstanding of mechanisms involved in cognitive tasks
completion. Particularly, some of them can be under-
stood at the unit level. Cortex is made of several elemen-
tary units : the cortical columns which are assemblies of
neurons and have been extensively studied in [Burnod,



1989]. From a functionnal point of view (c.f. fig. 1),
the cortical column can be seen as a cellular automa-
ton which can be activated at three different levels of
activity:

e Level EO : neutral state
e Level El : calling state
o Level E2 : excitated state

In a simple model of the posterior cortex [Burnod,
1989], each cellular automaton can be linked to either
an elementary perception (e.g. red color perception in
a particular retinal region) or an elementary action (e.g.
muscle activation). The rules of transition are quite sim-
ple :

¢ When the automaton reaches the level of activity
E1, this activity is spread to all neighbours, making
them reach level E1.

e When the corresponding elementary perception oc-
curs (context shift for example) and the automaton
is currently at level E1, then the automaton reaches
level E2.

e When the context allows the corresponding elemen-
tary action to be performed and the automaton is
currently at level E1, the action is performed and
the automaton reaches level E2.

eter

I:l Neutral state : EQ - Calling state : E1 - Excitated state : E2

Figure 1: Functionnal view of columnar activations : At
time ¢, the perceptive unit C is calling to be excited. At
time t + 1, call has reached units A and B. At time t + 2,
the context allows action A to be performed and the unit A
becomes excited. At time ¢+ 3, the context has been changed
because of the previous action, and then unit C becomes
excited. Here, learning occurs, and unit C will little by little
preferentially call unit A.

An automaton will be able to learn as soon as it is
excited at level E2 from level E1. Then, it will be mem-
orized which automaton was excitated (at level E2) just
before it was (from activity traces), and the power of call
toward this automaton will be reinforced. If an automa-
ton is often excited before another, it may be deduced
that the action performed or the perception received by
the former is necessary for the excitation of the latter.

Since these columns are linked to elementary percep-
tions or actions, the various learned sequences are quite
elementary and can be reused in different contexts, de-
pending on the situation. The immediate consequence is
that it allows the differentiation between delayed contin-
gency and causality up to a certain point. If a sequence

is always learned within the same context and used in
this very context, then nothing will differentiate delayed
contingency and causality. Now, if there is a possiblity
to use a previous learned sequence in a different context
then there is also a possiblity to check whether causality
was involved or not. The call mechanism associated to
the local encoding of action and perception will indeed
allow to test such hypothesis. For example, if it is ob-
served that cocks sing just before the rise sun at 6 a.m.,
the following rule can be infered : cocks singing make
the sun to rise. If this rule is tested within the same
context (i.e. at 6 a.m.), then differentiation between de-
layed contingency and causality is not possible. But, if
the same rule can be tested within a different context
(at 1 a.m. for example), then diffenrentiation can occur.
Making cocks sing (calling) at 1 a.m. (context shift) will
not make the sun rise (excitation). Of course, if a rule
remains true throughout all available contexts, the rule
will be consequently considered as true.

The very structure of the column does not allow con-
text encoding, but offers quite powerful generalization
tools. Nevertheless, [Frezza-Buet and Alexandre, 1998]
showed that when manipulating several sequences, there
is a crucial need to take the existence of different pos-
sible contexts into account. Since the call propagation
mechanism is not supervised, there is consequently no
way of knowing in advance what will be performed.

Context 1
Con'ex”/@
Context 2

CEC

Figure 2: In this example, there exist two sequences using
the same intermediate state B. The first state A; will shift
the current context to context: while the second state A, will
shift the current context to contexts. So, the action linked to
B will lead to the state C1 or C2 depending on the context.
The division of the column representing state B will help
identifying the desired context.

For example, let us suppose there exist two sequences
[A1 —B—C1] and [Ay — B—C5] within a model and state
C} is called to be reached. Call will then be propagated
up to state A; and As. If both actions of state A; and
state As are possible within the current context, then,
there is no way of knowing which of these two actions will
be performed. While the action of state 4; will lead to
the right context for B to be performed (context;), the
other will lead to another context (contexts) where the
performing of B action will lead to state Cs. The state
C7 was called, state Cs is reached. One possible solution
offered by biology is to endow the column with a split
capability (c.f. fig. 2) in order to be able to efficiently
route calls towards their right destination.

Hence, biological facts concerning posterior cortex give
serious hints for the design of distributed architectures
successfully dealing with the time component of causality



relationships of the external world.

4 Temporal observations for spatial
sequence learning

Until now, we were only concerned at direct encoding of
what was observed in the environment in order to be able
to predict consequences of an action. Moreover, with the
will to encode world regularities, we were able to bypass
cortical context consideration, leading this way to encode
what is called procedural knowledge. But, among the
large number of temporal sequences an animal is able
to observe in its environment, some of them require a
different kind of encoding. It is especially the case when
dealing with cognitive maps construction.

Autonomous navigation is among the most crucial
abilities required for mammalians to survive in their
environment and one way to complete this task is to
construct an internal cognitive map of the environment,
thus requiring the spatialization of temporal observa-
tions. When being in a locus A and going to a locus
B, the path leading from A to B has to be learned some-
how and in this framework, this spatial information has
to be considered in order to survive, despite the fact that
the path is perceived within a temporal sequence (being
in locus A then walking ahead then being in locus B).
Here, we are no more interested in procedural knowledge
(which could have been for example when walking ahead,
objects which were far from me become nearer) but in
episodic knowledge.

Environment observations
Locus ST—= Locus S2

Learned sequence
Locus ST== Locus S2

coe { JOX oQ
L JoX o) JX© @)
o) J¢ L JO)® C®O 0O

Global cortical
state at fime t+1

Global cortical
state at time t

Figure 3: Spatial sequence construction : One of the tempo-
ral sequences observed is : when perceiving the global cortical
state S1 and performing the action A; at time ¢, the global
cortical state S2 is observed at time ¢t+1 . The corresponding
internal representation is : state S is linked to state Sa. The
time dimension is not explicitly encoded.

We want to memorize that locus L1 which is perceived
as a global cortical state (i.e. excitation distribution over
the cortex) S1 is linked to locus L2 which is also per-
ceived as a cortical state S3. The process of learning will
then be quite different from the previous one because the
time dimension has to be greatly reduced during the en-
coding process and will indeed become implicit. Linking
a locus A to a locus B is a way to say that there is a
possibility when being in locus A to go in locus B, and
when being in locus B there is a possiblity to go in locus
A. Consequently, it implicitly encodes that there is no
way to be simultaneously in loci A and B.

Moreover, the sequence learning is performed at the
entire cortical level because of the distributed represen-
tation of locus within the model. But, since we are

now interested in explicit representation of global in-
ternal state and context, there is consequently a need
for a working memory in order to actively recall pre-
viously learned states and link them to the current
ones. Traces of units activities are no more sufficient
for linking different perceived states. We then need to
be able to instanciate a previously learned global inter-
nal state (i.e. excitating corresponding cortex units).
One of the solutions offered by biology is to use a spe-
cific structure for storing and retrieving these previ-
ously learned states, hence allowing sort of context in-
stanciation. This is one of the possible role attributed
to the hippocampus in the human brain [Hirsh, 1974;
McClelland et al., 1994; McNaughton and Nadel, 1990;
Squire et al., 1984]. This working memory is able to re-
call a previously learned locus (corresponding to a corti-
cal multimodal representation of a locus) while perceiv-
ing another locus, allowing this way a reciprocical linking
between the two representations. Moreover, the fact of
explicitly taking into account the cortical context allows
fine sequence learning such as :

e A (C
e B (C
° —|(A/\B—)C)

If the rule A — C is learned locally, nothing will prevent
model from infering : A A B — C whereas the explicit
context encoding will encode A A B as a new item and
manipulate it regardless of A and B. Explicit learning in-
deed allows the differentiation of “ambiguous” sequences
when procedural learning is unable.

5 Control sequences: action oriented
representations

Neural mechanisms for sequence processing presented
above endow living beings with high representation ca-
pabilities, concerning causal rules of the world and its
topography. Nevertheless, in the case of superior living
beings, behaving is much more than exploiting causal-
ity relationships in an reactive “Pavlovian” way. Actu-
ally, many animals are sensitive to reward: they are able
to organize action in order to avoid pain and maximize
pleasure. Concerning superior mammals, and especially
human beings, the prefrontal cortex (PFC) seems to be
the neural substrate of the management of action, when
action is goal directed [Fuster, 1996]. Therefore, cur-
rent studies and models concerning neurons in the PFC
can give hints for the design of an artificial neural action
manager.

Although functions of the prefrontal cortex are nu-
merous, we only insist in this paper on the provisional
memory and its implications on temporal management
of action [Fuster, 1996]. Many neurons in the PFC are
able to sustain their activity for a relatively long time.
This sustained activity is supposed to provisionally store
a current goal when subgoals are activated. For illustra-
tion (c.f. fig. 4), let us suppose that the plan consists
in performing a sequence of two tasks A — B. Let task
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Figure 4: Stacking mechanism of frontal units. See section 5
for comments

A require the sequence of three subtasks 4; — Ay — Ag,
and A, the sequence of subsubtasks As; — Ass. Let us
then suppose that a set of frontal units corresponds to
each of the A, B, A;, A;;. Initially, the first unit A
is called but it cannot be performed. This call is then
stored in A as a sustained activity, and A calls A; unit.
When A; is performed (for example the call in 4; has
been transmitted to posterior associative cortex that ac-
tually performed the subtask A1), A; calls A5. As A,
requires the subsubtask Asq, the call in A, is stored in
unit A, as it was for 4, and A, transmits call to As;.
Two calls are stored respectively with sustained activity
of A and A,. These activities enable the PFC to stack
the current goal when subgoals are required. When Aoy
is performed, Ass is called and then performed. The
achievement of A, reactivates the call stored in 45 and
A, is performed. The sustained activity in A, then stops,
subtask A is popped from the goal stack. The achieve-
ment of Ay make A, transmit the call to A3. When Aj
is performed, the call stored in A is reactivated, A is
performed, and B is called and performed. This sim-
plified example (see [Burnod, 1989]) gives the basis for
neural hierarchical sequence management, with stacking
properties, in order to deal with plans. Such sustained
activities are provisional memory, coding the planning
context. This model has been used to model prefrontal
neuron activities in the monkey’s cortex during go-no go
tasks [Guigon et al., 1995].

The learning mechanisms that enable to connect PFC
neurons so that they provide the correct plan hierar-
chy are not straightforward, but recent biological models
[Guigon et al., 1995] give hints on the way reward can
control this learning.

6 Discussion

Neurobiology and neuropsychology provide many hints
concerning the central role of time in living being behav-
ior and we aimed at showing a possible bridge linking
these two domains to computer sciences. Indeed, these
two domains give precious hints concerning the design

of control architecture dealing with sequences of events,
and we illustrated the computational power of three
mechanisms, respectively inspired from posterior cortex,
hippocampus and frontal cortex studies. These mecha-
nisms allow the construction and exploitation of causal
sequences observed in the environment, in order to build
topographic cognitive maps and to control sequences of
successive goals. Nevertheless, these three aspects of se-
quence processing are far from being completly under-
stood because, in the framework of autonomous agent
design, they have to be completly specified in a robust
and flexible way to allow their integration within a com-
plete system including such features as distributed rep-
resentation, learning transfer or generalization. More-
over, the whole background of motivational aspects are
not really considered whenas psychology emphasizes the
crucial role of motivation in mammalians behavior, es-
pecially concerning the paradigm of action selection. To
sum up, sequence processing mechanisms clearly need to
be better studied and integrated in autonomous behavior
systems, but they are not the ultimate step toward cog-
nition understanding. Consequently, the studies must
not be driven alone but within the global and complex
framework of biology modeling.

Nevertheless, in spite of these limitations, the strat-
egy of first observing biological mechanisms to translate
them in computational models seems fruitful. Founda-
tions of connectionism lie on such a strategy. The main
point is that we are now able to integrate mechanisms
coming from a unified and consistent system : the brain.
Without considering higher level feature such as emo-
tions, consciousness or soul, we know in advance that,
at the unit and map level, the system is consistent and
then, if the translation is properly done, we will be able
to design consistent models. Such a model is being under
construction for endowing an animat with autonomous
behavior.
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