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Abstract Shared attention is a type of communi-
cation very important among human beings. It is
sometimes reserved for the more complex form of
communication being constituted by a sequence
of four steps: mutual gaze, gaze following, imper-
ative pointing and declarative pointing. Some ap-
proaches have been proposed in Human—Robot
Interaction area to solve part of shared attention
process, that is, the most of works proposed try
to solve the first two steps. Models based on tem-
poral difference, neural networks, probabilistic
and reinforcement learning are methods used in
several works. In this article, we are presenting
a robotic architecture that provides a robot or
agent, the capacity of learning mutual gaze, gaze
following and declarative pointing using a robotic
head interacting with a caregiver. Three learning
methods have been incorporated to this architec-
ture and a comparison of their performance has
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been done to find the most adequate to be used in
real experiment. The learning capabilities of this
architecture have been analyzed by observing the
robot interacting with the human in a controlled
environment. The experimental results show that
the robotic head is able to produce appropriate
behavior and to learn from sociable interaction.
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1 Introduction

Recently, shared attention has received a increas-
ing interest, due to its importance in the develop-
ment of interactions and communications. Some
works have focused on modeling and understand-
ing human developmental processes [35], others
only use it as a part of interaction process with
sociable robot. Overall, we can find several archi-
tectures in literature with this purpose [3, 29, 38].
The observable behaviors of an individual at-
tending to an object or event that other person
observes at a given instant can be regarded as
shared attention [38]. A formal definition can be
made by a sequence constitutes by four steps [12]:

1. mutual gaze—this occurs when the estab-
lishment of eye contact between two people
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happens, that is there is an attention between
them

2. gaze following—this occurs when one person
intentionally look at an object of interest or
some event, by the which another person is
looking at.

3. imperative pointing—it is a gaze following fol-
lowed by a pointing to an object or event.

4. declarative pointing—this consist in the three
first steps with some assumption about the
scene in an appropriate sociable context

In addition, there is the term “joint attention”
that is found in the literature and causes some
confusion with shared attention. A process can
be considered joint attention when it is comprised
of a sequence of mutual gaze and gaze following.
Many researchers have focused on joint atten-
tion or gaze following, because these processes
are simpler then the complete shared attention
process. However, Scasselatti used an upper-
torso humanoid robot with a mechanism for non-
linguistic mechanisms of shared attention [30], in
which, he proposed an approach for human-robot
interaction involving the three first steps.

This paper outlines a proposal for improving
a robotic architecture proposed in our previous
work [29] in order it could be inserted in a robotic
head. It was evaluated in a controlled environ-
ment for learning the functionalities mentioned in
the three steps of shared attention: mutual gaze,
gaze following and declarative pointing. Thus, it
can be considered as a step forward to reach the
process described above.

This article is organized as it follows. We start
introducing some related works in Section 2.
Then, the robotic architecture is presented in
Section 3. Afterward, in Section 4, three learning
methods, incorporated into learning mechanism
module of the robotic architecture, are presented.
In the Section 5, it is presented a comparison
among the three learning methods in a sociable
interaction simulator to find the most adequate
to be used in real experiment. Further, using the
learning method chosen, a set of experiments is
carried out to evaluate the performance of the
robotic architecture controlling a robotic head.
Finally, in the Section 6, are presented the con-
clusions and future works.
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2 Related Works

One of first papers in the literature that utilized
the shared attention mechanism was proposed
by Scasselati [30, 31]. Recently, several Human-
Robot Interaction—HRI studies evaluated part of
shared attention process on robots. We can divide
in two groups. The basic difference between them
is that one is focused on HRI where shared at-
tention is used for turning the interaction more
natural and the other turns the robot able to learn
shared attention. In the last case, it is worth to
note that only a part of shared attention process.

Some works related to the first group are de-
scribed to follow. A model of human gaze was pro-
posed to be used on a humanoid robot for creating
a natural, human-like behavior for storytelling
[21]. In [41], it was performed experiments with
a guide robot designed using data from human
experiments to turn its head towards the audi-
ence at important points during its presentation.
A study of the importance of eye-tracking to give
joint attention to the robot from human eye gaze
is found in [36]. Mutlu et al. [22] studied how a
robot can establish the participant roles (address,
bystander, and overhearer) of its conversational
partners using gaze cues [42].

Some works belonging to the second group
include the use of method such as temporal-
difference (TD) reinforcement learning scheme
for learning joint visual attention [16]. This model
is limited in the sense that the robot only gets
reward when the object, operated by the observer,
moves itself. Also the caregiver’s face is treated
separately from the objects and does not lead to
any reward, that is, mutual gaze was not consid-
ered in this work. Nagai [24] and Nagai et al. [23]
used face edge features and motion information
(optical flow) to estimate the sensor motor coor-
dination and the motor output using two separate
neural networks. Their model does not utilize the
depth information of the images and thus can
not handle ambiguous situations where an object
appears in robot’s gaze direction that may not
be located within the caregiver’s gaze direction.
Shon et al. [32] presented a probabilistic model of
gaze following imitation in which estimated gaze
vectors are used in conjunction with the saliency
maps of the visual scenes to produce maximum
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a posteriori (MAP) estimates of the object posi-
tions attended by the caregiver. Triesh proposed
a basic set of structures and mechanism for gaze
following. This set includes perceptual skills and
preferences, reward-driven learning, habituation
and a structured social environment. This work
is evaluated only on simulator. Kim et al. [14]
improved a model that uses a basic set [38], on a
robotic head. They have been used an actor-critic
reinforcement learning model for learning gaze
following. The drawback of the proposed method
is that a salient map is used as additional infor-
mation well as representations of the caregivert’s
head direction (h) and the caregivert’s eye direc-
tion (e). In our previous work [29], we applied the
contingency learning in an architecture for joint
attention aiming to control a real robotic head.

All works mentioned above use mutual gaze
and gaze following, but we will present an ar-
chitecture that learns declarative pointing as a
part in the process of shared attention and this
architecture will be used for controlling a robotic
head.

3 Robotic Architecture

The robotic architecture to be extended in the
present work was proposed by Policastro [28] and
Policastro et al. [29]. It is constituted by mecha-
nisms and structures inspired on Science of Be-
havior Analysis [5, 6, 27]. It is composed by the
following modules:

e Stimulus Perception that acquires and codifies
the state of the environment

e Consequence Control that simulates internal
necessities for a pro-active interaction

e Response Emission that contains a learning
mechanism for choice an action with input
data from other modules

Figure 1 illustrates the general organization of
the architecture and the interaction among these
three main modules. In this figure, arrows indicate
the flow of information in the three modules of the
architecture. The circles indicate the methods and
component structures of the modules [29].

During an interaction, the Stimulus Perception
module acquires and codifies the state of the en-

vironment and deploys this coded state for the
Response Emission and the Consequence Control
modules. After, the Consequence Control module
checks the internal state of the robot and sets
the active necessities, if there is one. Then, all
information is used by Response Emission to se-
lect an action. Afterward, the selected response is
emitted by executing a motor script. Finally, the
Stimulus Perception module acquires and encodes
the new current environment state and the archi-
tecture control enters a loop that may be finished
either at the end of an interaction or when the
robot reaches its goal [29].

In addition, the architecture also employs a
working memory to exchange all information
among the three main modules. This memory
is used to keep information about stimuli (an-
tecedents and consequents), the last emitted re-
sponse and internal necessities. Each element
inserted into the working memory has a counter
that keeps the notion of time. When a new ele-
ment is inserted in the working memory, its age
counter is set to zero and it is incremented by 1
whenever new subsequent predicates are inserted.
So, elements persist by a number of time steps
in the memory. This mechanism is employed to
control the chronology of facts and events [29].

A voice recognition system is based on the
Nuance solution [25] and it is able to recognize
naturally spoken Portuguese utterances. It con-
tains a speech recognizer and grammatical knowl-
edge base. The speech synthesis is performed by
joining pre-recorded prompts in order to build
complete phrases. This strategy enables short con-
versations with the robot [29]. This module is
responsible by the ability of our architecture be
able to do a declarative pointing.

We describe the main structures and modules
of our architecture as it follows.

3.1 Stimulus Perception Module
and Knowledge Representation

The stimulus perception module employs al-
gorithms of vision system based on the work
proposed by Breazeal and Scassellati [4]. It is com-
posed by two mechanisms: the face recognition
with head pose estimation (based on Adaptive

@ Springer



170 J Intell Robot Syst (2012) 66:167-182
Fig. 1 General
organization of the Stimulus
architecture [29] Perception Consequence
Module Control Module

Acquisition

Computer
Vision

ENG

Cechtio)

Cam
RING

Motivational System

Response
Emission Module

Learning
Mechanism

Response
Emission

Mechanism

Appearance Model [19]) and the visual attention
mechanism (based on saliency [11]).

The implementation of the vision system is
based on maps of characteristics processed for
each perception (colors and faces). The vision
system creates an activation map that can be used
by the other modules of our architecture in order
to control the robot’s behavior [29].

The color map is based on visual attention
presented by Itti and their colleagues in [11].
This process employs a biologically inspired vi-
sual attention mechanism to create a map of
characteristics that represents the visual saliency
of the scene. This visual saliency is formed by
the composition of several maps of characteristics
extracted from the image. Each map of charac-
teristics presents an elementary property of the
image as color, intensity and orientation. These
characteristics are known as primitive visual char-
acteristics. The method for the construction of this
saliency map can be divided into five stages: ex-
traction of characteristics, linear filtering, center-
surround difference calculations, sum of the maps
of characteristics (liner combination) and selec-
tion of salient areas. The selection of the most
salient area is carried out using a saliency thresh-
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old and a minimum length of area threshold. Af-
terwards, a process based on color histograms is
carried out to obtain the more frequent values of
the channels r, g, b (of the RGB color space) and
h (of the HSI color space) in the area of interest.
This color map was developed using the functions
of saliency of the Lti-Lib library [15, 29].

The face map is based on works presented
by Morency [19], about face and pose detec-
tion. The face detection is carried out employing
an approach based on active appearance model
[19]. In this approach, the principal component
analysis (PCA) is used for find the vectors that
best describe the distribution of images inside the
whole space of training images. Once a face is
detected, the vision system proceeds the detection
of its pose (pan and tilt angle). This algorithm
creates a reference model using an initial frame
and calculates the changes of the pose employing
the created model. This face map was developed
using the functions of face detection of the Watson
library [19, 29].

Thus, this module detects the state from the
environment and encodes this state using an ap-
propriate representation. The knowledge repre-
sentation adopted for the architecture is based on
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a relational representation [7, 26], enabling the
representation of large spaces in an economical
way. This representation is also know of first order
logic and we adopt the same logic bases of [20].

The architecture encodes knowledge as stim-
uli, facts, responses, behavior rules and constraint
rules, which are represented by associating each
stimulus and fact with a binary number. This as-
sociation is made by a function, f = 2*, in which x
ranges from O to n — 1, and n is the total number
of stimuli and facts. This function allows us to
represent the state of environment by a binary
sum and we can separate it without lose any fact.

This simple technique is also known as bina-
rization by conversion of a categorical attribute to
asymmetric binary attributes [37].

Stimuli encode all signals received from the
environment and they are represented as atoms
or objects that may have properties like color,
size, shape, position and pose (for faces). These
atoms represent objects detected from the real
world, relevant in the problem domain. Properties
of the stimuli are set by the Stimulus Perception
Module, in order to encode the current environ-
ment state. For example, one may define face as
a stimulus of the environment to be detected and
set a routine to encode skin color in its color
property, its position and pose angles (pan and
tilt). The environment state is encoded employing
perception predicates: see(X), hear(Y), at(Z) and
smell(W). The perception predicates relate all de-
tected stimuli to build a representation from the
current environment state [29].

3.2 Consequence Control Module

An artificial motivational system may enable a ro-
bot to pro-actively interact with the environment,
driving its behaviors to satiate its artificial inter-
nal necessities. The consequence control module
is composed by a motivational system that sim-
ulates internal necessities of an individual. The
motivational system is based on works presented
by Breazeal [3] and Gadanho [8] and it has one
or more necessity units implemented as a simple
perceptron with recurrent connections [10].

The system is modeled as a competitive ar-
tificial neural network with recurrent connections.
Stimulus is a set of input stimulus from the en-

vironment. Preprocessor encodes the input sig-
nals received from the environment into an ap-
propriate form. Units i, j, ...m represent an array
of m necessity units that can be simulated by
the system. Bias is the activation bias of each
unit. The output y of each unit is given by y =
f(w). Mediator selects the dominant necessity,
that is higher than a predefined threshold. Figure 2
shows the general architecture of the motivational
system [29].
The activation of a necessity unit is given by:

n
u= ijxij +w, Xi+b (1)
j=1

where i; is the input signal representing a stimuli
detected from the environment, i, is the signal
from the recurrent connection, w; are connection
weights of the input signal, w, is connection weight
of the recurrent signal, and b is the bias of the
unit. All weights and bias are empirically defined
according to the necessity being simulated. The
output of a necessity unit is given by:

1
T 1te @

y @)
where u is the activation value and § is the sigmoid
function inclination. A necessity unit simulates the
internal necessities of an individual. Additionally,
the motivational system has an output mediator
that mediates activation among several necessity
units, employing competition and an activation
threshold [29].

The motivational system works as it follows.
Initially, the stimulus detected from the environ-
ment are sent to the consequence control module.
Then, the Preprocessor encodes these stimulus
to construct an appropriate input pattern. This
input pattern may be or not normalized, de-
pending on the numeric interval of the se-
lected connection weights and problem domain.
Afterwards, the necessity units calculate their
activation values employing the Eq. 1, and
their output values employing the Eq. 2. Af-
ter this, the Mediator performs a competition
among all unit outputs and selects the winner.
The Mediator checks if the winner is higher
than the activation threshold. If so, the mo-
tivational system outputs the active necessity.
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After this, the motivational system checks and
reports if any necessity unit has got a reinforce-
ment [29].

3.3 Response Emission Module

The response emission module is composed by a
learning mechanism and response emission mech-
anism. The first one constructs a nondeterministic
policy for response emission, that is, what re-
sponse is to be emitted on the presence of certain
antecedent stimulus. These stimuli are informa-
tion stored at work memory that come from other
modules.

The response emission mechanism takes the
information from learning mechanism and send it
to the actuators to be executed.

3.4 A Robotic Head

In this section, we briefly present the robotic head
showed on Fig. 3. This interactive robotic head
is composed of 5 servo-motors and two color
web cameras (one camera used for face tracking
and one camera used for object detection). This
mechanism enables the robot head to move in 6
different directions (left, left down, down, right
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down, right and center). At moment when the
architecture has been executed into computer, the
communication with robotic head is made by a
serial cable.

The motor system of the interactive head has
several motor scripts of engine that allows the
robot to look forward (when it wants to interact
with a human) and to look to several places in the
environment (to find objects).

The basic operation of the architecture can be
summarized as follows: during an interaction, the

Fig. 3 Robotic head—WHAS030 of Dr. Robot [1]
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stimulus perception module acquires and codifies
the environment state. It is send to others mod-
ules: the response emission and the consequence
control. After, the consequence control module
checks the internal state of the robot to make two
operations: sets the active necessities, if there is
one and generate a reward on the basis of the
internal state estimate. Then, learning mechanism
take the best action for that state that meets
certain needs. Afterward, the selected response
is emitted by executing a motor script. Finally,
the architecture control enters a loop that may be
finished at the end of an interaction.

In fact, the necessity associates the state with
actions look upon shared attention problem. We
have used two necessities: none and attention.
Each one is associated with a pair (action,state)
in training phase of the learning algorithm. When
the architecture searches for an action, it verifies
if the necessity value is equal to that one produced
by the consequence control module. Only actions
with the same necessity value are candidate to be
chosen. Then, the reinforcement value is used to
choose the best action. This mechanism is impor-
tant to reinforcement learning operation because
the problem of share attention can be addressed
in a fully observable state.

4 The Learning Mechanism

In this section we present three learning methods
that were incorporated into the robotic architec-
ture. They are: Contingency, Q-learning and ETG
methods.

4.1 Contingency

The proposed contingency learning is carried out
through a nondeterministic reinforcement learn-
ing algorithm by storing new behavior rules and
updating the execution probability of existing
ones [29].

The response emission module uses the state
and necessity information to select a response to
be emitted by the robot. Response selection is
done in a probabilistic way, based on Roulette
Wheel selection method [9]. This method is also
called stochastic sampling with replacement. The

roulette-wheel selection algorithm provides a zero
bias and the probability to be chosen are propor-
tional to the fitness value. All responses in the
robott’s repertory keeps a default fitness value
that is predefined as a parameter in the architec-
ture. This default fitness value, as well as fitness
values from the behavior rules, is employed for
building the selection roulette. While selecting the
appropriate behavior rules, the response selection
method can increase or decrease its fitness value
by an influence rate, if a rule satisfies an active
necessity, or if a rule satisfies an inactive necessity,
respectively [29].

Afterwards, the selected response is emitted
by executing a motor script. If the last emitted
response is not yet a rule, the learning algorithm
then links the three-term of the contingency (an-
tecedent stimulus, last emitted response and con-
sequence), storing this new knowledge as a new
behavior rule. If the behavior rule already exists,
the architecture updates its fitness using the per-
ceived consequence of its execution [29].

4.2 Q-learning

The Q-learning algorithm, a technique proposed
by Watkins [39], is an iterative method for learn-
ing a policy of action in autonomous agents. It
is one of the most used algorithms belonging to
the reinforcement learning paradigm due to its
simplicity of implementation. It is known to be an
algorithm that computes the temporal difference
Q value (Q) for an optimal policy associated with
each pair (state, action), being built by an arbi-
trary exploitation of the environment [39].

In Q-learning algorithm, the agent learns a Q-
function to estimate the value of taking an action
from a state. An agentt’s policy is typically to take
the action with the highest Q-value in the current
state, except for occasional exploratory actions.
After taking the action and receiving some reward
(possibly zero), the agent updates its Q-value esti-
mates for the current state.

Q-learning [39], an off-policy learning algo-
rithm or it learns by exploring the space arbitrar-
ily, falls within the “model-free” branch of the
reinforcement learning family, because it does not
require the agent to learn a model of the world
or environment (i.e. how actions lead from state

@ Springer



174

J Intell Robot Syst (2012) 66:167-182

to state, and how states give rewards) in order
to learn an optimal policy. Instead, the agent in-
teracts with the environment by executing actions
and perceiving the results they produce. In Q-
learning algorithm, each possible state-action pair
is assigned a quality value, or “Q-value” and ac-
tions are chosen by selecting the action in a partic-
ular state which has the highest Q-value according
to Eq. 3:

Qi1 (St ar) < Oy (54, ar)

+ o |:r e, ar)+y max Q (541, Ary1)
t+1

— 0.6 at)} 3)

in which the learning rate («) varies between 0 and
1 (0 <a < 1) and y is the discounter parameter
(0 <o <1)[18].

The Q-learning algorithm that we have used in
the architecture is showed on Algorithm 1. We
use the basis of Q-learning algorithm proposed by
Watkins [39], but we include the necessity factor
(n;) and it is storage on Q-table in the algorithm
as a factor required by the architecture.

Algorithm 1 Q-Learning Algorithm

initialize Q(s, a) arbitrarily
i< 0
repeat
take state s;
take necessity #;
choose a; for s; using a policy derived from
the current hypothesis Q
take action a;, observe r; and s,
Update Q(s, a) using the Eq. 3
if not have n; defined then
insert n; on Q — table
end if
i<—i+1
until no more interaction

4.2.1 Economic TG

The Economic TG (ETG) was proposed by us to
be inserted in the robotic architecture, presented
in Section 3, in the learning mechanism module
(Fig. 1). It is based on the works of Driessens [7],
Mccallum [17] and Kearns and Mansour [13]. The
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works proposed by Mccallum [17] and Kearns and
Mansour [13], RL algorithm are combined with a
tree based method to store examples. However,
they do not use relational representation.

ETG is an enhancement of TG algorithm. Due
to the characteristics of the architecture in relation
to the learning mechanism, some changes were
necessary to be done in ETG algorithm. Basically,
these are related to the necessity value produced
by consequence control module (explained in
Section 3.2), in which is used in the process
of example storage in the tree and by the fact
that ETG do not use any property of TILDE
system [2].

TG algorithm interacts with the environment
until find final state. After, the examples are in-
serted in the tree using a specific metric to insert
only good examples from final state until the first
state. For this a look up table is used.

In ETG algorithm, they are inserted in the
tree at each interaction. This occurs because we
decide by do not use a auxiliary table to store the
examples and metrics before insert them into the
tree. ETG algorithm learns a control policy for an
agent as it moves through the environment and re-
ceives rewards for its actions. An agent perceives
a state s;, decides to take some action a;, makes a
transition from s; to s;;; and receives the reward
ri. The task of the agent is to maximize the total
reward it gets while doing actions. Agents have to
learn a policy which maps states into actions.

In Algorithm 2 is showed the processing of
ETG. The algorithm starts by initializing the Q-
function and creates an empty regression tree [34].

The learning mechanism takes from the en-
vironment state, an necessity of the agent, then
it chooses (using the current policy) and takes
an action. This process changes the state and
the agent receives its reward. The reward can
be either positive (equals to 10) or negative
(equals to —1). After this occurred, the qualue is
computed by:

0i < O(si,ai)

+a [ripi 4y max (Q (sig1, aig1)— Q (i, a7) |
“4)

Then, the set of quadruples (state, action,
qualue, necessity) is presented to relational
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regression engine. This process is repeated until
there are not more interactions to be executed. All
processing can be found in Algorithm 2.

Algorithm 2 ETG Algorithm

initialize the Q-function hypothesis Qo and cre-
ate a tree with a single leaf
i<0
repeat
take state s;
take necessity #;
choose a; for s; using a policy derived from
the current hypothesis Q,-
take action a;, observe r; and s,
Update 0 using the Eq. 4
Update relational regression algorithm using
x = (s, a;, Q,, n;) to produce Q1+1 {Use Algo-
rithm 3}
I<—i+1
until forever

The relational regression engine receives a set
of (state, action, qualue, necessity) and tests the
internal nodes if the state already exists. If this
condition is false, the state is inserted in the tree
and the leaf receives the action with the qualue
and necessity values, forming a new branch. Oth-
erwise, it updates the gvalue for respective action
in the leaf node.

In aleaf node, more than one action can be con-
sidered. For an easier access to the most adequate
action, these actions can be ordered in decreasing
order according to their gvalue always that an
example is inserted or updated. Each leaf also has
a necessity associated with action and it refers to a
necessity of the robot to choose this action in that
state. Here, we use only the attention necessity.
A relational regression engine adopted in ETG
algorithm is presented in Algorithm 3.

4.3 Analysis of Complexity of the algorithms

In this paper, we are comparing the perfor-
mance of the three algorithms: Q-learning, Con-
tingency and ETG algorithms. In this section, we
will present an analysis of complexity of these
algorithms.

Algorithm 3 ETG-Regression Engine
repeat
sort the state down the tree using the tests of
the internal nodes until to reach leaf node or
null
if the node is a leaf then
if action exists then
the Q-value is updated for the action in
the leaf node according to the example
{time indicates to update the Q value of
rule}
else
the Q-value is inserted and the necessity
for the action in the leaf node according
to the example {time indicates the cre-
ation of a rule}
end if
else if the null is attained then
generate a node
end if
until the example in a branch
if necessary then
order actions in decreasing Q-value
end if

In terms of memory requirements, the Q-
learning and Contingency algorithms need the
same amount of memory since they use a matrix
(mxn) and a vector (mxn elements), respectively,
where m denotes the number of states and n the
number of actions for storing the Q values or
fitness. The ETG algorithm stores all of informa-
tion in a binary tree. As in a leaf node, more than
one action can be considered, it is necessary a
vector for saving all actions. However, this vector
has a dimension limited by the number of actions,
n, considered in a share attention task. So, Con-
sidering that 4 > 1 denote the depth of the binary
tree, we have a total of

, 1
}:2 +2"1 g <35 )[M—

nodes to be stored against mxn memory units
in both methods: Q-learning and Contingency
algorithms.

In terms of memory access for recovering in-
formation, the time required for ETG algorithm

D.d]+n<n+1
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is, certainly, less than for the other algorithms.
Considering that for an easier access to the most
adequate action, the actions are stored in decreas-
ing order according to their Q-value, the total time
consumed is of order

O (log, m)

since a binary tree structure is being used against
O(mxn) in the case of the matrix (in Q-learning)
and vector (in Contingency algorithm).

Therefore, ETG algorithm presents the better
performance than other algorithms what is shown
in the experiments that will be presented in next
section.

5 Experimental Results

The main results from a set of experiments carried
out to evaluate our architecture are presented
here. For this, we divide this section in two. The
Experiment #1 is presented a comparison among
the three learning methods in a sociable interac-
tion simulator to find the most adequate to be
used in real experiment and the Experiment #2 we
evaluate the performance of the robotic architec-
ture controlling a robotic head using the learning
method chosen.

Before we start to talk about the two experi-
ments performed, we introduce the metric used
for analysis the three learning algorithms. The first
metric measure the number of times of mutual
gaze happens during the interaction. It is consid-
ered when the robot see the frontal face of human
for 3 units of time. This metric is used only for
simulation experiment. The other one named as
correct gaze index (CGI) measure is used in both
experiment and it is based on measures proposed
by Whalen and Schreibman [40] defined as the
frequency of gaze shifts from the human to the
correct location where the human is looking at,
given by:

CGl

# shifts from the human to correct location

# shifts from the human to any location
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The next step, we have compared the three
learning methods using a social interaction
simulator.

5.1 Experiment #1

The Social Interactive Simulator (SIS) was based
on works of Triesch and his colleagues [38]. In
order to simulate the shared attention task, it has
been defined three entities that can be manip-
ulated through functions of the simulator. They
are a human, a robot, and two toys. The human
being and the robot are positioned face to face,
at a distance of approximately 50 cm from each
other. The simulator enables that up two toys are
positioned in the social environment. A toy can
be positioned at any empty place of the social
environment at any moment [29].

SIS is able to simulate an interaction between a
robot and a human in a controlled environment.
The human being is fixed on the upper side of
the interface in front of robot, that is fixed on
the lower side of it. They can turn left or right
their heads up to 90°. Their central focus in 0°
means that they are looking for each other. When
an object i is positioned in a environment, the
simulator maps the angle between this object and
the robot’s focus, that is, the distance that the
robot must move its head to focus the positioned
object [29].

To quantify the learning capabilities of the ar-
chitecture through the learning of gaze following,
at specific points during the learning process we
temporarily interrupt the learning phase to eval-
uate its behavior. This evaluation was done by 20
runs of 500 time units (500 s in the simulator). For
each run, the CGI value, given by Eq. 5 was com-
puted and after the 20 runs a mean and standard
deviation were calculated. After the evaluation
phase, the learning process was resumed. During
the evaluation phase, the human initially kept the
focus on the robot until it establishes eye contact
with the human, characterized by 3 time units
keeping eye contact. Then two objects were posi-
tioned in the environment and the human turned
his gaze for one of these objects. However, in
the evaluation phase, the object to which the hu-
man should turn his gaze was place on a position
given by pre-established sequence (to prevent non
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determinism in the results). The second object
(the distract object) was placed on an empty posi-
tion, obeying the probabilities defined in the social
interactive simulator. Once the robot turns its
head to any direction, the simulator verifies if it is
looking to the correct position in the environment
(a toy which the human is looking for) or not,
and updates the CGI measure. This procedure
takes 1 time unit. Afterward, the objects are then
removed from the environment and the human
turns his gaze to the robot, keeping the robot
make eye contact again.

When we are dealing with shared attention, a
fact very important that it must be considered in
all interactions is the number of times that the
robot establishes eye contact with human. This is
an essential fact for shared attention. The robot,
through the simulator, can one of both options: to
find anything in the environment or pay attention
to human. If the robot choose only the first option,
it could not simulate the shared attention. Because
this, it is important that the learning algorithm
maximizes the number of established eye contact.
Figure 4 shows the number of times that the robot
establishes eye contact with human by using each
one of the algorithms. In this figure, it is showed
the beginning of the interaction between human
and robot, in a total of 125 possible opportunities
to establish eye contact each other.

Figure 5 shows the learning progress over the
time. It plots the CGI measured for each evalu-

ation phase, at specific points during the learn-
ing process. This figure shows the performance
of three different learning algorithms used as a
learning mechanism in the proposed architecture.
In this figure, the lines presents the evaluation for
different algorithms. At each 500 time units, the
learning process was temporarily interrupted and
an evaluation of the robot’s behavior was done
by 20 executions of 500 time units, we call this
interval by run. In this figure, it is showed the
average value the CGI measure and the standard
deviation (indicated by error bars), for each run.

Initially, it can be seen that all of the algo-
rithms have not any knowledge about the prob-
lem. After the first run, all algorithms improve
the robot knowledge attaining near of 80% of
maximum CGI value. In this stage, the robot or
agent learns a lot about the problem. After this,
the contingency learning do not get to improve
its knowledge until the end and this fact can be
seen by your curve, remaining constant. ETG
and Q-learning algorithms improve their learning.
Their curves are increasing over the time until to
attain a stabilization level.

A deeper analysis can be made considering
Figs. 4 and 5. Considering the factors of learn-
ing and the number of established eye contact,
one can say that ETG algorithm achieved bet-
ter results. The experimental results showed that
the contingency learning algorithm established a
greater number of eye contact than others, but it
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did not get a good CGI value compared to others.
On the other hand, the Q-Learning established a
lower number of eye contact than others, but it
got a good CGI value. Overall, ETG presented a
average value better in both experiments.

Another factor analysis is in relation to
the memory requirements necessary for the al-
gorithms: Q-Learning and ETG. Q-Learning
algorithm uses as a mechanism for knowledge
representation, in this case, a Q-Table of 3,150 po-
sitions of memory. ETG algorithm used 68 nodes,
with 29 leaf nodes in which 328 positions were
occupied for the storage of actions, totalizing 396
positions of memory. This demonstrates clearly
that ETG algorithm required less memory than
the Q-Learning algorithm.

Then, ETG algorithm was chosen to be used in
the real experiment with robotic head. To follow,
it will be presented a second experiment that has
been carried out by one of the authors (caregiver),
employing the interactive robotic head previously
presented.

5.2 Experiment #2

The purpose of this experiment was to evaluate
the capabilities of the proposed architecture on
exhibit appropriate sociable behavior and learn-
ing in a real and controlled environment. In the
experimental scenario, a caregiver established eye
contact with the robot and then presented three

@ Springer
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different objects (fruits represented by an apple,
lemon and orange) in order to teach the robot for
following his gaze and after to do a declarative
pointing of it.

For this, four stimuli have been declared: face,
object, attention, and environment, in which atten-
tion was configured as reinforcer stimuli. Three
facts have been declared to define that red, or-
ange and green objects are fruits. Six facts have
been declared in order to differentiate the hu-
man’s head pose: in frontal pose, two poses of left
profile, two poses of right profile and one pose of
down profile. Additionally, two more facts have
been declared to define when the robot is focusing
the human or a fruit.

The response emission module was configured
as it follows. The constant learning (¢ parameter)
has been set with a value equal to 0.2. The dis-
count factor (y parameter) was set to 0.9. The
exploration factor(e parameter) was set to 0.05.
Seven responses have been defined so that the
robot could look to the humans or search for a
fruit in the five defined regions (down, left, right,
left down and right down) by turning its head to
the left or right side. This was done to divide the
environment in areas of interest that would turn
possible for the robot to learn following the gaze
of a human being to correct places.

The motivational system was configured as it
follows. The necessity unit was created: social-
ize. The activation threshold of the motivational
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system has been set to 0.50. The sigmoid function
inclination (8§ parameter) has been set with a value
equal to 0.20. For the necessity unit socialize,
the bias has been set with value equal to 1.00
and weight of its connection has been set with a
value equal to 0.5. The weight of the recurrent
connection has been set with a value equal to
1.00. The weights of the connections of the input
units (hear (attention), see (frontal (face)), see
(looking_frontal (face)), see (looking_fruit (ob-
ject))) have been set, respectively, with the values
1.50, 0.95, 0.50 and 1.50. All the constants have
been chosen empirically.

The experiments were composed by learning
phase of 100 time units or runs. During the learn-
ing phase, the human being initially kept the focus
on the robot until it establishes eye contact with
him, characterized by looking each other. Then,
one fruit were positioned in the environment and
the caregiver turned his gaze for this fruit. Af-
terwards, the robot does a declarative pointing
with safety or uncertainty about a particular fruit.
Finally, the fruit is then removed from the en-
vironment and the human turns his gaze to the
robot, keeping the eye contact with the robot
again. This procedure is done in order to simulate
an interaction where two agents are keeping eye
contact and then one turns his gaze to an interest-
ing event or object.

In the first 30 time units of learning phase,
no objects are positioned in the environment and
the caregiver kept his focus on the robot the
whole time, so the robot has learned to obtain
the caregivert’s attention by keeping eye contact
with him, satisfying its necessity of socialization.
This procedure was done to shape the robot’s
behavior of looking for a caregiver and keeping
eye contact whenever it feels necessity of social-
ization. After this, the learning phase was resumed
using a fruit as stated above. During the learning,
the robot looks for him whenever it wants to so-
cialize. However, when an object is positioned in
the environment and the caregiver turns his gaze
to it, the robot looses his attention and starts to
seek anything in the environment that can satisfy
its internal states of socialization. Additionally, if
the robot looks for a fruit which the caregiver is
keeping his gaze, the person returns his attention
to the robot, in relation to the fruit. In this way,

after a history of reinforcement, the robot will
learn to follow the caregiver’s gaze to receive his
attention and to satisfy its needs of socializing.

The learning capabilities of the architecture
was analyzed by observing the robot interacting
with the caregiver and the environment, and com-
puting a CGI measure. To quantify the learning
capabilities of the architecture through the learn-
ing of gaze following, at specific points during the
learning process, we the temporarily interrupt the
learning phase to evaluate its behavior. This eval-
uation was done by 5 runs of 100 time units. For
each run, the CGI value, given by Eq. 5 was com-
puted and after the 5 runs a mean and standard
deviation were calculated. After the evaluation
phase, the learning process was resumed. During
the evaluation phase, the human initially kept the
focus on the robot until it establishes eye contact
with the human. Then a fruit was positioned in the
environment and the human turned his gaze for
one of these objects.

However, in the evaluation phase, the object to
which the human should turn his gaze was place
on a position given by pre-established sequence
(to prevent non determinism in the results). Once
the robot turns its head to any direction, the soft-
ware in robotic head verifies if it is looking for the
correct position in the environment or not, and
update the CGI measure. Afterwards, the objects
are then removed from the environment and the
human turns his gaze to the robot, keeping eye
contact with robot again.

To test the ability of the robotic head to do
a declarative pointing step, it was taught for it
how to recognize fruits, such as apple, lemon and
orange. For the learning of the fruits, it was used a
neural network ART?2 [10] to recognize different
colors. The ART2 network is a good technique
for clustering data. It was evaluated this neural
network with five possibilities: Unknown, Correct
guess, Incorrect guess, Error or Success. At first
time, when the robot sees a new fruit, the care-
giver tells its name for the robot. After, the robot
tries to express the name of the fruit doing the
association between name of fruit and its color.
The presentation phase was repeated five times
(five executions) and we did not change the light
conditions during the experiments. Then, after
five executions, the average value and standard
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deviation, for each measure in the five executions,
have been calculated. The neural network ART2
was successful to do this task classifying correctly
73% of the patterns trained.

In Fig. 6, it is presented the curve that demon-
strates the progress of the learning during the ex-
periments. This figure shows a chart that presents
the value of the average of the CGI values, in
specific points during the learning phase. The ob-
tained results show that CGI values increases over
the learning phase, demonstrating the learning
capacities of the architecture with ETG algorithm.

A great increasing in a learning curve is noted
in the beginning until the second running when
the robotic head builds its first knowledge. After
this, based on all new facts that happened in the
environment, it adjusts its knowledge base. This
process is shown in low increasing the curve. At
the certain time, when the curve becomes fixed, or
it has a little change, for a time period, the robot
has the optimal reply for this problem.

In Table 1 is showed the average values and
standard deviation of the five measures for the
five executions carried out during the experi-
ments [33].

The robotic head shows be able to associate vi-
sual and auditory stimulus if we analyze the results
of the declarative pointing step. With the good
performance to identify a fruit, the architecture
was able to learning with a caregiver’s tutelage.
The complete result of the declarative pointing
step can be seen at [33].

These experiments was carried out by the mod-
eling of the behavior of looking for a human, fol-
lowed by the behavior of follow the human’s gaze
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Fig. 6 Learning evolution during the experiments
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Table 1 Results obtained after the five executions of
guided learning sessions [33]

Measure Average rate (%)
Unknown rate 7.23 +0.58
Correct guess rate 17.47 £1.28
Incorrect guess rate 1.8 +0.44
Error rate 0.6 +0.2
Success rate 72.89 £2.19

and, finally, to perform the declarative pointing
step. The results show that the architecture is able
to exhibit appropriate behaviors during a real and
controlled social interaction. Additionally, the re-
sults show that the proposed architecture is able
to acquire basic sociable abilities from existing
innate behaviors in the repertoire of the robot and
also through the interaction with the environment.
The results also evidence that the architecture
constitutes a contribution for the research area of
shared attention emergence, representing a com-
putational model able to simulate the learning of
this hard sociable skill.

6 Conclusions

In this paper, it was presented a robotic ar-
chitecture inspired on Behavior Analysis. Three
different learning methods, contingency learning,
Q-learning and ETG algorithm, were compared
aiming to provide to the robotic head the abil-
ity to perform the declarative pointing step by
simulation. An analysis of the computational re-
sources necessary for the three algorithms was
done indicating that ETG algorithm has a better
performance than others. So, ETG was incorpo-
rated to the architecture learning mechanism. The
results showed that the architecture was able to
exhibit appropriate behaviors during a real and
controlled social interaction, through of learning
from sociable interactions, that is, with caregiver’s
tutelage.

Future works include the extension of the ar-
chitecture by implementing new mechanisms and
skills like emotion, verbal behavior, long term in-
teraction control and learning by imitation.
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