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Abstract

In many circumstances primates’ behavior cannot be described as a simple one-to-one
mapping between a stimulus and a motor response. Every event or action can modify
the animal disposition to behavior, and, for example, the same sensory stimulus might
lead to different motor responses depending on the context, previously determined by
a set of other cues. We propose a network model in which each inner mental state is
represented by an attractor of the neural dynamics. Each state represents a rule encoding
the prescriptions for going from one state to another or for expressing a decision about
a motor response. We illustrate this theoretical framework with a simple example. We
consider a task in which an animal has to respond with a saccadic movement (Left
or Right) to two sensory stimuli (A and B). In one context A should lead to L and
B to R. In another one the associations are reversed and A should lead to R and B
to L. The two rules can be expressed in words as: 1) when A is associated with L,
then B is associated with R 2) if A leads to R, then B leads to L. We address two
issues: how are the rule representations built? How can the active representation of a
rule lead to the decision about the motor response? We propose a network in which two
populations of neurons compete to express a final decision about the motor response (L
or R). These two populations are assumed to be highly structured due to heterogeneities.
In particular we assume that within L there is a population AL which has a preference
for A (i.e. before learning, A drives it to higher frequencies than other neurons within
L). Analogously we can define populations BL, AR, BR. When the first rule (AL-BR)
is in effect, the activation of AL is consistently followed by the activation of AL or BR.
The rule representation then forms because of the temporal contiguity of AL-BR for
rule 1, and AR-BL for rule 2. When rule 1 is active, then A favors L in the competition
because AL receives a recurrent (from BR) and a sensory input, while BR receives only
the recurrent input. Hence stimulus A steers the activity of the network towards a state
which expresses the final decision about the motor response and it keeps in memory
which rule is in effect.
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We illustrate a mechanism for rule abstraction and representation with a sim-
ple example in which visual stimuli are associated to one of two possible motor
responses (say two saccadic movements, left and right). In one context the first
stimulus (A) should generate Left and the second stimulus should lead to Right
in order to receive a reward. In the second context the associations are reversed:
A-Right and B-Left are the rewarded associations. The rules to get reward can
be expressed in words as follows: Rule 1: ”when A is associated to Left, then B
is associated to Right” and Rule 2:”when A is associated to Right, then B is as-
sociated to Left” There are three fundamental questions that we address: 1) how
are the rule representations built? 2) how can the active representation of a con-
text lead to the decision about the motor response? 3) how can contextual cues
indicate explicitly what rule is in effect? In order to answer these three questions
we first need to describe the neural network which will implement the rules. We
assume that there are populations of neurons which are selective to the intented
motor response, similarly to[3]. In our case we will group together all the neurons
with a preference for Left (population L) and those with a preference for Right
(population R). The activation of one of the two groups would express the decision
of the monkey to make a saccadic movement to a specific direction. The two pop-
ulations of neurons compete through a population of inhibitory neurons, as in the
decision making network introduced in [7]. Each pattern of neural activity in which
one population is active (expressing the decision) and the others are inactive, is
a global attractor of the neural dynamics [1]. We now consider the heterogeneity
across cells. Within each decision population (L or R), we can identify and tag
the neurons that have a preference for one specific sensory stimulus (see Figure 1.
For example, we define neurons within population L with preference to A as those
that exhibit the largest response when stimulus A is presented, and we tag them
with the label AL. Analogously we can define population BL, again within popu-
lation L, and AR, BR within population R. This kind of heterogeneity has been
observed in prefrontal and in premotor cortex [2]. Rule representations are created
by the temporal proximity of events in rewarded trials: for example when rule 1 is
in effect, A-Left trials are followed by either A-Left or by B-Right trials. Previous
experimental results have shown that neural representations of events that occur in
a fixed order tend to merge into a single representation linking neighboring events
in a sequence [4]. We then expect that if AL and BR are separated attractors, after
long enough sequences of trials in which rule 1 is in effect, AL and BR will merge
into a single attractor. Analogously AR and BL will fuse to represent rule 2. Can
then the activation of one of these attractors affect the competition between L and
R and express the decision which is dictated by the rule in effect? Intuitively this
should be possible because the activation of the representation of a rule can bias
the competition. Indeed, if rule 1 is in effect, upon the presentation of A, AL and
BR receive the recurrent inputs from AL and BR due to the fact that the network
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is in the attractor corresponding to rule 1. In addition to the these inputs, AL
receives also a stronger activation from sensory stimulus A, which can then favor
L in the competition. Finally how is the rule selected? Modification of the context
can be determined by the feedback the monkey receives (e.g. when the monkey
applies one rule and it is not rewarded any longer), or it can explicitly signaled
by one or more contextual cues (also called occasion setters in psychology litera-
ture[5]). We shall consider the second case below. We show that these mechanisms
can be implemented in a simple rate model of a network of neurons. We illustrate
the simulated network dynamics after learning in Figure 1. A trial starts from the
attractor corresponding to the representation of rule 1 (AL-BR). After one sec-
ond, a contextual cue is presented to indicate that the rule in effect will be rule
2 (AR-BL). Network’s activity steers toward the attractor corresponding to rule 2
(between 1.5 and 2.5s). When stimulus B is shown, the competition between L and
R starts, and the previous activation of rule 2 attractor favors L, as dictated by the
rule in effect. Notice that the selection of L does not disrupt the information about
the rule in effect. Indeed the activity of AR remains high, surviving the decision
process and its reset following the execution of the motor response.

20

40

20

40

60

32 41

20

40

60

CC2 Stim B

Reset

L
R

BL

AL

AR

BR
Time (s)

Fi
ri

n
g

 ra
te

 (s
p

ik
es

/s
)

L
AL

BL

AR

BR
R

A

B

CC2

CC1

L
AL

BL

AR

BR
R

A

B

CC2

CC1

L
AL

BL

AR

BR
R

A

B

CC2

CC1

Time: 0 s

Time: 1 s

Time: 3 s

Fig. 1. Network dynamics in a typical trial. Left: three snapshots of the network patterns
of activity at three different times. Right: average frequency as a function of time for all
the network populations. See the text.
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