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Abstract. In this work we propose two behavioraly active policies for attentional control. These policies must
act based on a multi-modal sensory feedback. Two approaches are used to derive the policies: the first one follows
a simple straightforward strategy and the second one uses Q-learning to learn a policy based on the perceptual
state of the system. As practical result of both algorithms, a robotic agent is capable to select a region of interest
and perform shifts of attention focusing on the selected region. Then, a multi-feature extraction can take place
allowing the system to identify or recognize a pattern representing that region of interest. Also, the policies have
the desired property that all objects in the environment are visited at least once, although some of them can be
visited more. In this way a robotic agent can relate sensed information to actions, abstracting and providing a
feedback (categorization and mapping) for environmental stimuli.
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1 Introduction

In this work we propose behavioraly active policies for at-
tentional control. More especifically, two policies were de-
veloped: one follows a straightforward strategy and another
one was carried out by using Q-learning. Both policies al-
lows a system perform in such a way that vision and touch
sensory information are integrated in a behaviorally coop-
erative active system. The result of that integration can be
used by a robotic agent to perform real-time tasks. The rel-
ative importance of touch and vision is assumed to be con-
text dependent. They work in parallel, providing (ambigu-
ous or complementary) information to a decision system,
which is responsible to give adaptive responses (actions) to
environmental stimuli.

We are interested in a vision-touch system which is
able to foveate (verge) the eyes onto an object, keep atten-
tion on the same object until more information necessary
to perform a given task is obtained, move subsequently the
arms to reach and grasp that object, and shift its focus of at-
tention to another object once the current one is no more of
interest. To validate such a system, we tested it to execute
a task of inspection which involves the actions mentioned
above. To perform that task a robot agent must learn how
to construct an incremental map of its environment, dealing
with new or already known objects and how to classify (cat-
egorize) an object that has just been detected. Q-learning
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will be employed to enable that system to take adequate ac-
tions in function of its perceptual state. In particular, both
policies obtained have the desired property that all objects
in the world are visited at least once, although some of them
can be visited more.

2 Related Work

Q-learning [5, 6, 7] has been widely used to generate be-
havioral policies applied on the control of multi-decision
tasks. It is basically a dynamic programming solution for
control problems that can be modeled as Markovian Deci-
sion Processes (MDP). A Markovian process is a stochastic
process where only the present state and not the past, influ-
ences the future (see [1] for more details). A Q-table is one
whose rows are relative to states, the columns to actions
and where a general element
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are respectively the learning rate and the

learning discount factor usually made 46587 and 4�5:9 respec-
tively. From that expression one can conclude that a tran-
sition in the state space is fully characterized by a vector



��
���� ��� � 
 , �
. Also, suppose that for all pairs

��
� ���
, Q

��
�����
is updated infinitely. Then, it can be proven that

�1��
�����
,

Q
��
������

will converge with probability 9 to the best possible
reward for the pair
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[6].

In recent works reinforcement learning has been ap-
plied to the case where the state is characterized by a rep-
resentation of behavioral alternatives obtained with com-
bination of native control primitives and sensorimotor re-
sources. This structure has been successfully applied to
tasks of foraging in simulated biological systems [4], to
tasks of reaching, grasping, and manipulating objects [2],
and for making a multi-legged robot to learn walking gaits
[3]. These researches have demonstrated that reinforce-
ment learning and in particular, Q-learning techniques are
specially appropriate in the case where an agent must learn
a specific task. We applied this approach to obtain poli-
cies for coordinating the behavior of a hand/eye integrated
system. In our case, the task can be object recognition and
identification for inspection (or surveillance), spatial ori-
entation and eventually navigation or path-planning. We
adopt an active behavioral strategy which provides a way
to interact with dynamic environments. A map of the scene
is incrementally constructed and dynamically updated. It
contains the position and orientation of all recognized ob-
jects and once it has been obtained, the robot agent is ready
to perform the specific tasks indicated earlier.

Figure 1 shows the functional aspects of an integrated
eye-arm system architecture (see [8] for a better functional
description). We call ��� ��� ���	��
 �	�� 
������ � to the union of
the visual and the haptic ones. Briefly, input from each
sensory system is organized into spatially-indexed areas of
the perceptual buffer which are called Regions of Interest
(ROIs). Topological/spatial information stored in the ROIs
is then mapped to features like intensity, texture, shape,
size and weight. These features are used as a pattern ac-
tivation code in a central
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which is a

BP neural-network [5] with a winner-take-all mechanism.
That network matches the pattern to an address in the long
term memory where information about the objects already
recognized and the environment is stored.

The
� ��������� � � �"! � ��# � ! is a selective structure that

allows the access to the information provided by a single
ROI. A � � � -

� �����$��� ��� � mechanism operates at low level,
computing activation values for the ROIs which will be
used by a winner-take-all mechanism to decide where to
focus the attention. These activation values are normalized
functions (assuming values in % 4�584 � 9�584�& ) which depends on
the retinal size, the average intensity, the visual motion, the
tactile response information, and the mapping status. This
last is a flag which is set, for a ROI, when that ROI be-
comes the focus of attention. Finally, the
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mechanism is responsible for selecting a new region and
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Figure 1: System Control Architecture

effectively move the attention window to it.

3 The Simulation Environment

The simulated robot ”Roger-the-Crab” presented in Figure
2 has five controllers (one for the neck, two for the eyes and
two for the arms) integrated in a single platform. Roger’s
world can be specified and dynamically changed. For each
pixel in Roger’s retinas an intensity value is calculated in
function of the radiance of the world patch corresponding
to it. To compute that value a Phong illumination model is
used. Following, a Laplacian of Gaussian filter, operating
at three levels of resolution, is applied to the retinas and the
result is transfered to the visual buffer.

Figure 2: Roger the Crab interface. The thin lines separate
regions of interest segmented from visual input data.



Also, a compensation for the gravity and other ambi-
ent effects and basic robot kinematic and dynamic equa-
tions are determined to be used by the servo controllers of
an arm or an eye. Independent controllers run concurrently
for each eye and each arm. Coordinating these controllers
is basically a question of determining which set of them
will be run at a given time. This is decided by applying a
straightforward or a Q-learning policy, resulting in a model
for attentional control described in the next section.

In the remainder of this section we will describe how
Roger transforms the filtered data stored in the visual buffer
into the features it uses to compare objects.

3.1 Feature Extraction

Intensity and texture are computed directly from the result
of the LoG filtering applied to Roger’s retinas. Stereo dis-
parity is obtained from the correlation between pairs of pix-
els, one in the filter response of each retina. Since we have
three kernel diameters for the LoG filter, a 3D vector is
generated for each one of intensity, texture, and stereo. For
each L � G resolution,

�	� 9 ���6��� , the number of pixels
��� �

where stereo-disparity, texture and intensity are computed
is independent of the size of the ROI.

Each intensity value � �
	�� ��� � 9 ������� (see Equation
1 below) is calculated as an average in the vicinity of the
corresponding L � G response � ��	������ � � � 9 � 5�5 5 ��� nor-

malized by a maximum value � �
	��� '�� in all these responses.

Each component of the texture vector � �
	�� (see Equation
2) is the variance in the vicinity of an L � G response also
normalized by � �
	��� '�� . In a similar way, � �
	�� (see Equation
3) is the variance in the vicinity of the stereo measurements
 �
	�� made for resolution

�
, normalized by
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	��� '�� , the max-
imum value of those measurements in all resolutions. Al-
though the vector � =

� � � � � � � � � � � � �
��� �
is not the best char-

acterization of an object shape, it suffices to differentiate
objects among a reasonable set of them having close shape
characteristics. The size � (Equation 4) of an object is also
extracted from stereo measurements. It is normalized be-
tween zero and a maximum length which is arbitrated in
function of lenses and cameras geometry. Analogously, the
weight � (equation 5) is extracted from the arms sensors.
It is normalized by the maximum weight � � '�� that the
arms can lift.
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Object Intensity Size Weight
01 99 30 15

0.83 0.45 0.72
02 79 30 10

0.65 0.43 0.51
03 69 30 10

0.56 0.44 0.47
04 59 30 5

0.47 0.44 0.24

Table 1: World and perceived feature values.
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For some of the objects represented in Figure 2, Ta-
ble 1 shows the values (odd rows) of three object proper-
ties and those of the corresponding features (even rows),
computed by Roger. These last ones will be the input to
the matching process in the associative memory. In the
situation displayed in figure 2, the right arm and the con-
trollers of the neck and the eyes have converged and the
information about the object in focus (a triangle) is going
to be extracted from the ROI containing it and subjected to
a matching process in the associative memory.

4 Control Policies for Atention

In this section we will discuss the two methods applied for
attentional control. The first method uses a simple straight-
forward strategy. The second method uses Q-learning to
develop the control policy.

4.1 A Straightforward Algorithm

In the algorithm described below, we assume that the � � � -� �����$��� � � � mechanism runs immediately after each move-
ment and that feature extraction and the matching process
are automatically performed each time the controllers con-
verge.� ����� 4 : Initialize the back-propagation network (asso-
ciative memory) synaptic weights, and start the concurrent
controllers of arms, neck, and eyes. Also, initialize the as-
sociative memory.� ����� 9 : Re-direct the attention (or keep the present
attention window).



� ����� � : If an object is identified after that shift of at-
tention, 
 ��# � ��� the spatial map (set to 9 the “mapping sta-
tus” of the ROI corresponding to the object) and return to� ����� 9 . Otherwise, apply
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: If an object is identified only with
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 �	�
-
� � � ��� � ����� ��� , 
 ��# � ��� the spatial

map and return to � ����� 9 . Otherwise, apply a
'�� �)� � � -� � � ��� � ��������� .� ������� : If the object is identified after that
'�� �	� � � -� � � ��� � ��������� , 
 ��# � ��� the spatial map and return back to� �����$9 . Otherwise call a supervised learning module which

stores a new set of features in the long-term memory and
re-trains the BP network. After that, 
 ��# � ��� the spatial
map and return to � ����� 9 .

We must observe that a
'�� �)� � � -

� � � ��� � �$� �$��� after
the shift of attention can be more effective than a visual
one to improve the features quality and produce a positive
identification.
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Figure 3: Finite State Machine with the state-space and set
of actions. Arrows indicate transitions between states with
the letters in between parenthesis showing the action which
is being performed. Circles represents reference states due
to convergence events in the activated actions. The result is
a behavioral policy for attentional control.

4.2 A Control Strategy using Q-learning

Figure 3 shows a finite state machine (FSM) representing
the state space where the Q-learning process is performed.
Each state is characterized by a sequence of bits. Each bit
is relative to a property of the current ROI like � � � � � � � ,� #	�$��� � � � , and � � � � � ��� .

& � � � � � � and
� # ����� � � � are set

to zero just after a shift of attention, previous to a match.� # ����� � � � is set to 1 if a match is detected in the associative
memory and � � � � � � � is set to 1 if no match occurs after all
possible trials (So, we have a new object). Initially we do
not know whether an object is a new one or has already a

representation in the associative memory. Then,
� #	�$��� � � �

and � � � � � � � are set to 4 at start. After a matching process
is concluded we have three possible cases:���

The object is identified as one which has already
a representation in the long-term memory. In this case� # ����� � � � = 9 and � � � � � � � = 4 . �

A new object has been discovered. In this case� # ����� � � � = 4 and � � � � � � � = 9 .���
It is not possible to conclude whether the object

is new or has already a representation. In this case both
variables remain 4 and a

� ��
 
 �	�
or

'�� �)� � � -
� � � ��� � �$� �$���

is then performed to get more (or better) features of the
object. As

� #	����� � � � and � � � � � � � cannot be simultaneously
1, the number of the FSM states reduces to 6 as shown in
Figure 3. The last state ( � � � � � ��� ) can be retrieved from
the pre-attentional maps.

The set of actions which determines a transference
from a state to another refers to the physical movements of
the arms and eyes, and to a � � � - 
 ��# � � � ��� operation. This
last one is performed after an object is classified as already
identified or new. The physical actions are: a complete� �����$��� � � � -


�'�� �)� , a
� ��
 
 � � - � � � ��� � ��������� (a fine vergence

adjustment or a search for individual characteristics), and a' � �)� � � -
� � � ��� � �$� �$��� (that is, an arm move to get a bet-

ter tactile input or to evaluate object weight). We have not
attributed rewards to states but only to transitions between
them. This avoids a policy which makes the system re-
mains forever on a state offering a reward. As shown in 3
rewards are given only to the � � � - 
 ��# � � � ��� actions deter-
mining the transition from state 9�4&4 to 9�4 9 and from 4 9�4 to
4�9&9 . In practice, in the case considered here a reward will
be given in the three following circumstances (the first one
is a subsequence of the other two):

a) When the robot finds un-mapped positions in the
pre-attentional maps;

b) When objects without representation in the associa-
tive memory (new objects) are detected.

c) When a positive identification of an object occurs.

5 Experimental Results

In the experimental tests, both approaches, Q-learning and
the straightforward strategy discussed in subsections 4.2
and 4.1 respectively, have been applied to a task of inspec-
tion and the results have been acceptable. The Q-learning
approach has performed slightly better (this will be dis-
cussed below). If an object is not identified only by visual
improvement, the arm trial is accomplished by moving one
of the arms and say measuring the object weight. After all
trials, in case of no identification, the supervised learning
procedure dynamically updates the BP network. After all
regions of interest are visited, the eyes remain in a vigilant
state. We have defined another activation value (

� ����� � � 
 � )
that is set to zero when a ROI is first settled in the pre-



attentional maps. This value increases with time and is
only reset when attention is focused on the ROI. Choosing
the ROI with the largest interest to be the focus of atten-
tion we force the system to eventually focus any ROI. This
allows the detection of environment changes and puts the
robot into a behavioral active state. Without this mecha-
nism, the eyes would remain at rest until a change occurs
in the visual-field of the robot.

Figure 4: Partial evaluation. Horizontal axes show num-
ber of control cycles. Vertical axes as folows: (upper left)
number of attention shifts realized, upper line (dotted) is
Q-learning and lower line is simple approach; (upper right)
number of arm/eye improvements, upper line is simple ap-
proach and lower line (dotted) is Q-learning; (lower left)
number of positive identifications, upper line (dotted) is Q-
learning and lower line is simple approach; (lower right)
number of new objects detected, upper line is simple ap-
proach and lower line (dotted) is Q-learning.

Performance is something quite difficult to measure in
this kind of task because we do not have ways to define an
ideal situation to compare with the algorithms. So, some
evaluation of the algorithms applied to a same environment
(with the same light definitions, and the same objects) are
shown in figure 4. The Q-learning approach has performed
more attentional shifts, less eye/arm improvements, more
positive identifications, and a few less new-object detec-
tions than the simple approach. Figure 5 shows another
evaluation for the number of map updates realized by us-
ing both approaches. As in the Q-learning approach re-
wards are given for map update, it was expected that the
Q-learning approach performs slightly better in this graph.
Some analyses can also be made using Table 2. This re-
sult was obtained also using the same environment for both

Figure 5: Overall evaluation. Horizontal axis shows num-
ber of control cycles. Vertical axis shows number of map
updates. Upper (dotted) line is Q-learning and lower (solid)
line is simple approach.

Appr Att Eye/Arm Posit New Map
Shift Improv Ident Obj Update

(1) 72 76 29 27 56
(2) 70 82 20 32 52

Table 2: Data obtained after 204 control-loops using the Q-
learning(1) and simple(2) approaches: number of attention
shifts performed, number of eye/arm improvements, num-
ber of objects positively identified, number of new objects
detected, and number of updates realized (objects settled)
in the pre-attentional maps.

methods. This particular experiment was interrupted after
204 control loops, for comparison effect. Similar results
were obtained from other experiments in which the system
runs until no more new representations were detected. In
these, all regions of interest in the environment were visited
(looked at by Roger). By the results all we can see is that
both methods worked well in the inspection task involving
attention and categorization. At this point, we can not say
for sure that the Q-learning approach works better. In order
to afirm that, other tasks with a more complex state space
and set of actions have to be tested.

Figure 6 shows the convergence of the Q-learning pro-
cess from which the control policy is derived. For this sim-
ple task, it takes no long to complete the trainning. We can
not tell how long it takes to train in number of seconds be-
cause in the experiments done the system uses a simulated



clock. Each of the control cycles involves one action or
the transference from one state to another in the finite state
machine described in section 4.2.

Figure 6: Q-learning convergence (number of trials versus
temporal-differential error).

6 Discussion, Conclusion and Future Work

We have built an useful attentional mechanism which was
successfully used by a multi-modal sensory system in the
execution of inspection tasks. Besides using only visual
and haptic information in this work, similar strategies can
be applied to a more general system involving other kind
of sensory information (for example, adding auditory infor-
mation). Also, other tasks involving recognition and iden-
tification of objects can use a similar Q-learning approach,
with few changes in the state space. Immediate extensions
of this work are to increase the state space and/or the set of
actions. We can also define other hierarchical tasks using a
sub-set of the same state-space and actions. Then, it would
be possible to derive various policies, each one appropriate
for a given task.

The multi-modal system that has been implemented in
a simulated environment is currently also implemented on
a vision hardware platform composed of a stereo-head and
Datacube image processing devices [9]. The next step is to
test this learning architecture on the real environment and
to measure its performance in a variety of tasks. Also, it
will involve two robotic arms with hands.

We have chosen a task of inspection to test the ap-
proaches because the bottom-up aspects of attention can
be fully explored in this task. Furthermore, questions rela-
tive to the current environment state can be addressed by a
simple analysis of dynamic maps. As more advanced gen-
eral tasks, robots can use extensions of the basic procedures
developed here to learn how to navigate between different
rooms in a building and even to learn facts, history, and
other useful information.

We believe that the top-down aspects of attention can
also be explored by using the same architecture, but deriv-
ing other policies. Thus, a final possibility for future works
is to derive through reinforcement learning, policies to con-
trol the attention considering these aspects.
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