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Abstract. Experimental research on decision making has been mainly
focused on binary perceptual tasks. The generally accepted models describing the decision process in these tasks are the integrator models.
These models suggest that perceptual evidence is accumulated over time
until a decision is made. Therefore, the ﬁnal decision is based solely on recent perceptual information. In behaviorally more relevant tasks such as
foraging, it is however probable, that the current choice also depends on
previous experience. To understand the implications of considering previous experience in an integrator model we investigate it using a cognitive
architecture (DAC9) with a robot performing foraging tasks. Compared
to an instantaneous decision making model we show that an integrator
model improves performance and robustness to task complexity. Further
we show that it compresses the information stored in memory. This result
suggests a change in the way actions are retrieved from memory leading
to self-generated actions.
Keywords: sequence learning, decision making, integrator models.

1

Introduction

Binary perceptual tasks have been widely used to study the neural mechanisms
underlying decision making [1,2]. This kind of task involve a simple decision
about a feature of a stimulus that is expressed as a choice between two alternative options. Many models have been proposed to explain this decision making
process predicting the relationship between reaction time and accuracy [3,4].
Most of them explain decision making as an accumulation process that takes
place over time until a decision bound is reached. These models are known as
integrator models and have been generally accepted as an explanation for decision making in perceptual tasks where learning is not required to successfully
perform the task. Here, we investigated the interaction between an integrator
model and memory in foraging tasks using a well establish cognitive architecture
as a framework [5].
One largely used perceptual experimental paradigm is deﬁned by a randomdot motion (RDM) task where humans or monkeys have to select between two
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possible stimulus categories, such as leftward or rightward motion [6]. Integrator models, such as race models [3] and drift-diﬀusion models [4], provide a
straightforward account of the speed-accuracy trade-oﬀ. These models suggest
that evidence is accumulated over time until this accumulation reaches a bound,
i. e. criterion level, and a decision is made. As the RDM task, many of the
experimental paradigms used to study the decision making process are simple
perceptual tasks where the correct performance of a trial depends exclusively on
the current perceptual information, e. g. color. The proposed integrator models
assume that the alternative options are known a priori and therefore learning
during the task is not required. However, this would not be the case in more
realistic foraging tasks where the information about diﬀerent targets have to be
acquired from the environment and many alternative choices might be available
at each decision point. Therefore, a two-fold problem has to be solved during
foraging: the appropriate learning of the environment and actions and the appropriate retrieval of information to achieve goal states (targets), i. e. sequences
of perception and action need to be learned and retrieved to reach goal positions
in an environment.
To study the interaction between decision making and memory, we worked
in the framework of the Distributed Adaptive Control (DAC) architecture [7,5].
The decision making in DAC follows the Bayesian principle [8,9]. We extended
the architecture with an integrator decision making model (DAC9; see [7,10,11]
for details about previous versions of DAC), based on the race model, to investigate its implications during foraging tasks and we further compared it with the
decision making in DAC (instantaneous model). We show that the integrator
model resulted in a new mechanism of storing and recalling information from
memory suggesting that the actions are not stored in memory but self-generated
during retrieval of information. In a previous study [12], we assessed the impact
of these two decision making models in the learning of event order and interval
in a sequence in two foraging tasks. In the current study, we go one step further
quantifying (1) the scalability of the two models with task complexity in ﬁve
diﬀerent foraging tasks and (2) the implications on the information stored in
memory and proposing (3) a new working memory mechanism that accounts for
a continuous action space.

2
2.1

Materials and Methods
Cognitive Architecture

The DAC architecture has already proven its suitability to study the problems
encountered in biology helping to investigate perception, cognition and behavior in foraging situations in which the access to real neuronal and behavioural
data is diﬃcult [5]. DAC is based on the assumption that learning consists of
the interaction of three layers of control: reactive, adaptive and contextual, as
illustrated in Fig. 1. The reactive layer provides pre-wired responses that allows
for a simple interaction with the environment and accomplish simple automatic
behaviours. The adaptive layer provides mechanism for the classiﬁcation of the
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sensory events (internal representations) and the shaping of responses in simple
tasks as in classical conditioning [13]. The internal representations (prototypes;
see [14] for details) generated by the adaptive layer are stored in the contextual
layer as couplets of sensory-motor states and used to plan future behaviour, as
in operant conditioning [15].

Contextual Layer

distal sensors

proximal sensors

Adaptive Layer

Reactive Layer

ac

aa

ar

decision
making

action

Fig. 1. Schematic representation of the DAC architecture. It is based on the
assumption that behavior results from three tightly coupled layers of control: reactive,
adaptive and contextual. Abbreviations mean: ar , reactive layer action; aa , adaptive
layer action, ac , contextual layer action.

In this study, we mainly focused on the contextual layer of DAC that provides
mechanisms for memorizing and recalling information. It consists of two memory
structures: the short-term memory (STM) and the long-term memory (LTM),
for permanent storage of information. During learning, pairs of prototype-action
are stored in the STM as the robot interacts with the environment. When a goal
state is reached, i. e. reward or punishment, the content of the STM is copied into
the LTM and the STM is reset. The LTM has sequences of pairs of prototypeaction that lead the robot to goal states. The prototype-action pairs that form a
sequence are called segments. During the recall process, the prototypes stored in
LTM are matched against the generated prototypes from ongoing sensory events.
The degree of matching of segment l in sequence q determines the input to its,
so called, collector unit, clq :
clq = (1 − d(e, elq ))tlq

(1)

where d(e, elq ) is calculated as the Euclidean distance between stored prototype
elq and current prototype e and tlq is called trigger. The trigger value biases
the sensory matching process of the segments and allows chaining through a
sequence, i. e. its default value is 1 and it is set to a higher value if the previous
segment l − 1 is activated.
The activity of the collectors contribute to the action proposed by the contextual layer. We only consider the collectors’ activity that satisfy both conditions:
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(1) its activity is above a certain threshold (θC ), (2) its activity is inside a predeﬁned percentage range from the maximum collector’s activity, i.e. the collectors
compete in an E%-Max Winner Take All (WTA) mechanism [16]. The actual
action proposed by the contextual layer (ac ) is calculated as:
ac =


l,q∈LT M

±

clq H(clq − θC )
alq
δlq

(2)

where H(.) is a step function that is 0 for values lower than θC and is 1 for values
higher than θC , δlq is the distance measured in segments between the selected
segment l and the last segment in the sequence, i.e. the distance to the goal state
and alq is the action stored in segment l of sequence q. By doing this division the
segments closer to the goal state have more impact on the contextual action. The
sign is positive if the segment belongs to an appetitive sequence and negative if
it belongs to an aversive sequence.
The actions triggered by each of the three diﬀerent layers are ﬁltered by
priority, giving more priority to reactive actions (ar ), then to contextual actions
(ac ) and ﬁnally to adaptive actions (aa ). The one that takes the control of the
motor is stored in STM and afterwards in LTM.
2.2

Integrator Models

Many integrator models have been proposed, but mainly, in all of them, the
change in the accumulation of evidence in favour of one alternative (xi (t)) can
be described as:
dxi
= μEi (t) + ξ
(3)
dt
where μ is the growth rate of the accumulation, Ei (t) is the internal estimate of
evidence at time t and ξ is a Gaussian noise with mean of zero and variance of
σ 2 . The proposed models consider the variables xi (t), Ei (t), μ and ξ in a diﬀerent
manner. We implement a rise-to-threshold model based on the race model. The
race model [3] suggests that there are separate variables xi (t) for each option
that accumulate evidence independently until one of them reaches a decision
bound and a decision is made.
Our implementation of the race model consisted of a number of independent
variables that compete to take the control of the robot. Each variable accumulated evidence in favour of one action, such as right or left. When the value of a
variable grew above a criterion level, i. e. decision bound, the action associated
with it was performed by the robot. The change in the activity of the variables
within a time step dt was deﬁned as:

dt(μr ari + μa aai + μc aci + ξ) , if t − tla > Tref
(4)
dai (t) =
0
, if t − tla ≤ Tref
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where ar , aa , ac are the actions triggered by the reactive, adaptive and contextual
layer respectively, i  NN and it is the subindex of the N diﬀerent possible actions,
μr , μa , μc are the mean growth rates of the variables units, ξ is a Gaussian noise
term with a mean of zero and a variance of σ 2 , tla is the time at which the
last action was executed and Tref is the refractory period. In our experiments
dt = 1ms and ξ = 0. When the value of ai reaches a predeﬁned threshold the
associated action is executed. In biology, the refractory period is the amount
of time a excitable membrane needs to be ready for a second stimulus once it
returns to the resting state. Consistent with this, the Tref term referred to the
amount of time necessary to start again the competition between actions after
one of them was executed.
2.3

Foraging Tasks

The mobile agent was simulated in C++ and wSim [17] using the 3D Open
Graphics Library approximating a Kephera robot 1 . Diﬀerent previous studies
have proven the validity of this simulated robot with respect to a real one [17,18].
The robot has a radio of 5.5 cm and 8 proximity sensors and 8 light sensors.
The values captured by both light and proximity sensors decay exponentially.
The proximity sensors measure the distance to obstacles while the light sensors
measure the intensity of light sources. The robot is equipped with a color camera
with a visual angle of 45 deg. of amplitude. The image from the camera is color
separated such that there are three channels: red, green and blue, each of them
with a resolution of 36x36 pixels. Except otherwise speciﬁed the camera is always
pointing to the ﬂoor with a tilt angle of -60 deg. with respect to the horizontal
axis. The robot translates with a speed of 0, 1 × robotradius and it rotates with
a speed of 10 deg.
To study the interaction between an integrator model and memory we deﬁned a number of foraging tasks where not only perceptual but also memory
information was essential to achieve a performance about chance. The tasks had
diﬀerent rated complexity to assess how the decision making models scaled to it
(Figure 2). In all the environments the goal of the task was to go to the light
source, i. e. reward. Every trial started from one of the positions shown in Figure
2, randomly selected. The trial ended when the robot hit the light or collided
with the wall. A successful trial ended when the light was hit. The environments
contained colored patches that served as cues. The light was detected by the
light sensors of the robot. However, the light was not strong enough to trigger
a reactive action from the side patches. The adaptive layer used reactive layer
sub-threshold activity to generate the prototypes and to learn the associations
between prototype-action. Once the prototypes were stable the contextual layer
started storing sequences of prototype-action that leaded to a goal state. The
goal state occurs when the robot reaches the light or collides with the wall. When
a collision occurred it was stored as an undesirable state in memory and had a
negative inﬂuence on the action proposed by the contextual layer.
1

K-Team, Lausanne, Switzerland.
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The complexity of the tasks was rated taking into account the number of
patches and how ambiguous they were as follows:
TC =

np
na
nc

(5)

where np is the number of patches, nc is the number of diﬀerent colors and na
is the number of diﬀerent turning angle amplitudes needed to be learned. This
measure was then useful to compare the robot performance in each of the tasks
for the two proposed models. The complexity of the task 1 is 3, the complexity
of the task 2 is 4.5 and 5, 7.5 and 11.7 for the tasks 3, 4 and 5, respectively.
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Fig. 2. Foraging tasks ordered by task complexity. (a) Task 1. Unambiguous
restricted open arena, T C = 3. (b) Task 2. Ambiguous restricted open arena, T C = 4.5.
(c) Task 3. Ambiguous restricted open arena, T C = 5. (d) Task 4. Ambiguous restricted
open arena, T C = 7.5. (e) Task 5. Ambiguous restricted open arena, T C = 11.7.

The ﬁrst task was an unambiguous restricted open arena foraging task, i.e. no
context information was needed because the location of the target was uniquely
predicted by the color patches (Fig. 2a). Therefore, this task could be correctly
solved by the adaptive layer, but still we tested the performance at the contextual layer level. The rest of the four tasks consisted of ambiguous restricted open
arenas, because, in all cases, context information was needed to reach a performance above chance. The actions associated with the patches closest to the light
were not unique but depended on the previous context (Fig. 2b, 2c, 2d and 2e)
and therefore the problem could only be solved at the contextual layer level.
These experiments allowed us to study the detailed performance of each model
and its dynamics as well as to evaluate the results in tasks where diﬀerent kind
of actions were required. In all the foraging tasks, when the contextual layer was
enabled, the actions from the reactive and the adaptive layers were deactivated
to avoid any inﬂuence they could have on the results.
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To test the system for robustness we added 5% of noise to the motors, following
a Gaussian random distribution and we varied the initial position of each trial
according to a two dimensional normal distribution with mean 0 and variance
0, 1× robot radius. Moreover, to assess the impact of the camera noise in the
information stored in memory, in Task 2 (Fig. 2b and 2e), we added noise to the
hue sensed by the camera from 0% to 10% in steps of 1%, following a Gaussian
random distribution. For every condition, we ran 10 experiments with 1000 trials
each.
To investigate what was the impact on memory of the interaction between the
decision making models and memory itself we calculated the degree of compression of information in memory through the entropy of the stored information as
follows:

p(s)log2 (p(s))
(6)
EM = −
sS

where s is one segment in memory and p(s) is the probability that the segment
is selected in a current experiment. This measurement allows us to assess the
amount of information needed to encode a visual stimulus in memory.

3

Results

In this study, we investigated the generalization of an integrator model in foraging tasks. We designed a number of foraging tasks with increased complexity
to assess the generalization of the integrator model in more realistic tasks. The
results in these tasks suggested a new mechanism to store and recall information
from memory. We further tested the implications of this new mechanism in a
foraging task and we show that it resulted in a more optimal way of learning
and exploiting the environment.
3.1

Foraging Tasks

In all the tasks, we recorded the performance of the robot after LTM acquisition.
As shown in Fig. 3, as task complexity increased the performance of the robot
decreased dramatically in the case of the instantaneous model where it dropped
to a mean value of 0.55 for the most complex task. It kept stable in the integrator
model, maintaining a mean value of performance above 0.9.
In order to evaluate the impact of the camera noise in the information stored
in memory due to the inﬂuence of each decision making models, we used Task 2
(T C = 4.5) because it was the simplest one that requires the use of the contextual
layer. For clarity we also report here the performance of the robot with varying
camera noise [12]. As previously reported in [12], the performance of the robot
decreased as the camera noise increased in both models (Fig. 4a). The diﬀerence
between the performance of the two models was signiﬁcantly diﬀerent along the
diﬀerent values of camera noise (ks-test, p < 0.01). From 0% of camera noise to
6% the instantaneous model was incrementally more aﬀected by the noise than
the integrator model. However, from 6% to 10% the noise had an important
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Fig. 3. Robot performance along diﬀerent task complexity. Ratio targets/trials
with instantaneous and integrator models as task complexity increases. Bars represent
means ± sem.

impact on the integrator model, resulting in a smaller diﬀerence in performance
with respect to the instantaneous model. Once the noise of the camera started
to critically aﬀect the sequentiality of the actions the performance decayed in
both models with a similar slope (Fig. 4a).
To assess the impact of both models at the memory level we calculated the
entropy of the stored information, EM (see Eq. 6). As shown in Fig. 4b, EM with
the integrator model was higher along the diﬀerent camera noise compared to the
instantaneous model (ks-test: p < 0.001). Moreover, the dynamics in both cases
were opposite: EM decreased as camera noise increased in the integrator model
whereas it increased as camera noise increased in the case of the instantaneous
model. Low values of EM means that segments of memory respond to a small
fraction of the stimuli resulting in a higher number of segments in memory.
The opposite occurs for high values of EM . Therefore, the integrator model
compressed the memory and less number of segments were necessary to encode
same stimulus. As a drawback, explicit representation of time in memory, i. e.
the number of steps needed to cross a patch, is lost.
3.2

Self-generated Actions

The compression of information in memory due to the use of the race model
changes the way information is stored in memory suggesting a new mechanism
to recall it. Instead, of a recall of actions from memory it suggests the recall of
goals. Consequently, we hypothesize that the actions are self-generated rather
than stored in memory. During the recall period, visual information is retrieved
from memory and actions are performed depending on the position of perceptual
target with respect to the robot. When the information is selected from memory,
we distinguish between two diﬀerent recall methods: (1) the next prototype in
the sequence is retrieved, i.e. sub-goals are progressively achieved; (2) the prototype associated with the ﬁnal goal is retrieved. In both cases, the retrieved
information is stored in working memory and the robot searches for it. To do
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Fig. 4. Performance and entropy along diﬀerent camera noise. (a) Ratio Targets / Trials distribution for instantaneous and integrator models. (b) Entropy of the
memory along diﬀerent camera noise. In both ﬁgures bars represent means ± sem.
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Fig. 5. Robot trajectories and performance. (a) Trajectories generated during
sub-goals search. (b) Trajectories generated during ﬁnal goal search. (c) Ratio Targets
/ Travelled distance for the integrator model with non-self-generated actions recall,
sub-goals search recall and ﬁnal goal search recall. Bars represent means ± sem.

so, it moves the tilt angle of the camera from -60 deg. to -20 deg. and rotates
over its own axis. In this way, the robot can see the visual cues that are far away
from its current position. Once the robot sees the sub-goal or ﬁnal goal it moves
again the tilt angle from -20 deg. to -60 deg. and goes straight to the goal, i. e.
self-generating the actions. We test this new way of retrieving information from
memory in the Task 1 and compare the results to the non-self-generated actions
investigated in the section. As shown in Fig. 5a and 5b, the robot follows a diﬀerent path depending on the mechanism it uses to recall information from memory.
We observed that the ratio targets divided into travelled distance was signiﬁcantly higher in the case of the ﬁnal goal search mechanism of self-generated
actions (Fig. 5c; ks-test: p < 0.001), i. e. the robot follows a shorter path to hit
the target. On the contrary, there is no signiﬁcant diﬀerence between the sub-goal
search and the non-self-generated actions (ks-test: p > 0.05). This result shows
an optimal way of using the compressed information of the memory when the
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actions are not stored but self-generated during the retrieval of information from
memory. It results in more ﬂexibility in the actions to be taken and allows to
account for a continuous action space.

4

Conclusions

We tested the implications of an integrator decision making model in sequence
learning tasks with multiple alternatives using a cognitive architecture that we
called DAC9, evolving from previous implementations [7]. We compared the
results with a Bayesian decision making model which is thought to be optimal
for action selection. As a framework we used a robot based architecture which
allowed us to understand the behavioural and architectural implications of these
alternative models during foraging tasks. We showed that the race model has a
more robust task-related performance when perceptual noise is added [12] and
when task complexity increases compared to the Bayesian model. Moreover, the
race model also implied a compression of information in memory suggesting
an alternative way of storing information, i. e. only perceptual information is
acquired and the actions are self-generated during recall. The self-generation of
actions during the retrieval from memory shows a mechanism able to account
for a continuous action space.
In a previous study [12], we reported the diﬀerences in the storage of information in memory due to both models and the impact they have in performance. Here, we quantiﬁed the diﬀerence in the information stored in memory
by calculating the memory entropy. We showed that the entropy is higher in the
integrator model than in the instantaneous model. In the instantaneous model
the actions are continuously recalled and performed. Therefore, in this case, the
robot executes a number of actions, generally greater than one, each time it
crosses a visual cue. In the case of the integrator model, we proposed a new
mechanism to optimally use the information from memory. We implemented a
goal oriented mechanism that retrieves visual cues from memory instead of actions. Once the visual cue, i. e. goal, is selected from memory the robot searches
for it in the environment. Whenever the robot sees the goal it goes towards it.
This new mechanism can be seen as the storage of an abstract object in memory,
i. e. a door. If a person wants to leave a room she/he has to ﬁrst localize the
door and then go towards it.
So far the integrator models have been used to explain simple decision making
tasks, such as RDM task [6] or the countermanding task [19]. The implementation of the integrator model was based on the race model. Generally, the race
model has been mainly used to explain behavior in a countermanding task [19],
predicting probability of failure and reaction time. Here, we showed the implication of this decision making model in a more general framework. We observed
that it has an important impact on how the memory is constructed and therefore
on how the information is used later on.
The main assumptions we made in our proposal of self-generated actions during the recall from memory is that visual cues can always be seen from the
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current position of the robot. However, in wide open ﬁeld environments, when
this is not the case, our assumption would fail. In those situations, we would
rely on head direction accumulator [20] cells. The heading direction information
would be stored in memory together with the visual information. During the recall from memory the actions would be also self-generated. Similar to the search
of visual prototypes tested in this study, the robot would rotate around its own
axis until its current head direction is equal or close enough to the retrieved head
direction.
Physiological studies have shown that granular and pyramidal cells in the hippocampus encode information with high sparsity (low entropy), i. e. neurons respond to a small fraction of stimuli [21]. In contrast, cells in the PFC have shown
to be selective to particular cues with less sparsity (higher entropy) than the hippocampus and also with distinct temporal proﬁle [22]. We observed that these
two mechanisms of encoding memory have some similarity with the implications
shown in this study due to the two decision making models, i. e. higher entropy
in the integrator model compared to the instantaneous model. One could speculate that there is a distributed control system for sequence learning involving
the hippocampus and the PFC connected to an external area which accumulates
evidence, as found in the superior colliculus [23], the lateral intraparietal area
[24], the frontal eye ﬁelds [25] and the PFC itself [26].
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