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Abstract
To explore development of motor skills for reaching in the iCub
robot, we test the capabilities for a neural network controller to
learn progressively by locking some degrees of freedom (DOF)
of the robot’s arm before allowing it to explore the space with
more DOF’s. We consider exploration and bio-inspired mechanisms can aid in the development of control of the iCub robot
arm. Results suggest the advantage of progressive development
over an initial full training, also, these pointed out the importance of interaction with the world and the necessity of trial and
error occurring in a time lapse for developing of reaching skills.
Index Terms: degrees of freedom, motor skills, development,
epigenetic robotics

1. Introduction

Figure 1: Images from the robot once the controller has foveated
the target. Above, the original images. Below, the low-res
colour-segmented images.

Proposed by Bernstein, the degrees of freedom problem [1]
poses difficulties for autonomous skills learning and has drawn
attention recently in the psychology field [2, 3]. Recent research
on robotics [5, 4] has addressed this problem as well and tried
to implement some of the ideas proposed by Bernstein due to
the nature of recent advances in robotics and the need of developing controllers for redundant robot arms, specially of those of
humanoids. Current cognitive robotics research has focused on
the importance of the embodiment of an agent in order to richly
interact within a world plenty of stimuli and cues that can aid
in processes and reduce workload for a central controller such
as the brain. The body plays an important role for this interaction and roboticists constantly look for new and better ways to
control it.
Studies with evolutionary robotics approaches have been
carried out with success for reaching and maipulation tasks.
Massera et al. [6, 7] successfully evolved networks capable of
fine-grained interaction with objects by exploiting the morphological contraints of a robotic arm. In this work, however, we
are interested on the epigenetic development of such tasks.
Development of the human body flows from the top and
centre of the body to the limbs. The spinal cord is the starting point, arms, legs, hands and toes take longer to develop.
It is said that it follows a proximo-distal and cephalo-caudal
direction [8] and this can be appreciated in infants: younger
infants move their limbs in broad uncontrolled movements because only the most proximal joints of the limbs have been developed, like the shoulders. Later on, it can be seen that the
elbow and wrist also come into play. Also, control of the lower
part of the body comes after that of the upper part. In experimental psychology and motor development of humans there is
evidence indicating that for learning new skills, adults freeze

some of the distal joints involved in the new task until some degree of performance has been achieved, then some more degrees
of freedom are used for achieving better performance [9, 10]. In
the present work we test if that interaction with the world along
with experience limited by constraints imposed by the physical characteristics of the arm, can help the learning process if
this is segmented. We use a simulated iCub robot with neural
controllers for the arm.

2. Methods
For testing the hypothesis, experiments were planned and carried out on the iCub robot simulator [11]. The iCub robot [12]
is a humanoid robot about the size of a four years old child
with 53 degrees of freedom designed for cognitive development
research. The iCub’s head subsystem consists of six degrees
of freedom and is capable of vergence (the oculomotor adjustment needed to foveate the same point in space with both eyes).
Three degrees of freedom in the head (tilt, pan and eyes’ vergence) and four degrees on the arm (two from the shoulder, two
from the elbow) were used. The robot head was provided with
a visual tracking controller that locates and gazes at a specific
target. For the experiments the target was a red ball. The gazing
controller performed colour segmenting for the target’s colour
on the images coming from both eyes. This processing allowed
it to track the centre of the target and adjust the position of three
joints in the head in order to have the target in the centre of
each eyes’ field of view (Fig 1). By this mechanism, the robot
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Figure 3: Error during training of the first stage of development.

Figure 2: The iCub performing the reaching task once it has
foveated.

Training error for second stage
0.3

gets information about the depth or distance at which the target is and together with the tilt and pan joints positions, it encodes the positions of the target in space. We use vergence as
a depth measure following recent findings [13, 14] that indicate
that vergence is in fact one strong signal for depth estimation
and programming of prehension movements of humans.
Three different learning conditions (with three networks
each) were tested on the robot to test our hypothesis. The first
two were: staged learning or development, involving learning
control of two DOF’s and then the two other (DEV condition),
and learning the head-hand associations involving four DOF’s
from the beginning (NO-DEV condition). For the last condition
(NO-TRAIN), a group of three randomly initialized networks
were created. These did not go through any learning process
and are the control group.
With the help of the gazing mechanism a dataset was captured consisting of joint values of the head and eyes and the
joint values of an arm position suitable for locating the end effector (the hand) in the point where the target was. This process
can be considered a tutoring stage where the ball was put in the
hand every time the robot executed random babbling [15] with
the arm, then the gaze controller moved the head for foveating
the target. For the cases the head was not able to move to a
position were the target could be gazed no data was captured.
This train set is equivalent of one acquired by performing random babbling while foveating the target. Reduction of the time
required by this process is of course reduced when this kind of
tutoring is present, as it happens with infants helped by parents
when they start trying to reach objects that are usually out of
reach or the baby simply fails to reach.
The controller for the robot arm was a feed-forward network with three inputs (one for each joint of the head controlled
by the gazing controller), forty hidden units and four outputs,
each of these output units controlled one joint of the arm. Two
of these joints are in the shoulder and two in the elbow of the
robot. During the initial training set creation, random babbling
only occurred for the two most proximal joints of the arm, that
is, for the ones in the shoulder. The other two joints were kept
in constant values, in positions that we considered natural for an
extended, similar to those when performing reaching for objects
not very close to the body. Therefore, the positions that can be
reached after the initial training are determined by the physical
characteristics of the arm and by the generalization capabilities
of the network. All learning for the networks was with the backpropagation of error algorithm using a learning rate of 0.01 and
a momentum of 0.1.
For the development condition (DEV), each of the three net-
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Figure 4: Error during training of the second stage of development.

works was trained using the set acquired via tutoring until the
mean square error (MSE) became stable. For the three networks
this was around the three hundred epochs. Figure 3 shows the
training error for this stage of learning. After the initial training for reaching using two degrees of freedom, a test phase was
carried out in ecological conditions. For an extended period of
time, the robot was presented with the target in different locations, each time, the robot gazing mechanism was used for gazing the target, then the arm neural controller was activated with
the inputs coming from the position of the head and eyes. When
the robot successfully reached the target, that is, it touched it,
the arm went to it’s resting position and the next test target position was presented. Otherwise, the two degrees of freedom that
were initially locked (remember their values were constant for
the first phase of learning) were randomly moved while the two
most proximal degrees of freedom were kept constant with the
values the neural controller produced. With this movement the
robot was sometimes able to reach the target. When that was the
case, the position that enabled it to achieve reaching was stored
in a new set that was used for later training. This phase will
be called from now on ”experience phase”. Figure 4 shows the
training error during the second phase of learning for the three
networks and the mean of the three of them.
The training using the new set generated in the experience
consisted of 900 epochs. Figure 4 shows the error during training of this second stage of the learning.
The second condition (NO-DEV) consisted of using the
training set generated during the experience phase on randomly
initialised networks without going through an initial, partial,
learning phase nor an experience phase. That is, these controllers were trained with the set that uses four degrees of freedom from the beginning. The training was for nine hundred
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Figure 6: Mean distance from the center of the palm fo the hand
to the center of the target. Each controller was tested with 60
different target locations, none of them belonging to any of the
sets used for training. Bard indicate standar deviation for all
tests on each condition.

Figure 5: Error during training of the non-developed controllers.

epochs, at that point the MSE was stable. Figure 5 shows the
error for this no-development learning.
Measurements for comparing the two conditions were performed during the execution of a reaching task similar to the
task executed in the experience phase. Figure 2 shows the iCub
executing the task once it has foveated the target. Final distance
from hand to target was saved for each of the trails of the three
controllers. Also, the number of times the controller successfully reached was recorded for having a percentage of success
for each of the networks.
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3. Results and discussion
Figure 7: Results show the percentage of times the end efector
touched the target. Each controller was tested with 60 different
target locations, none of them belonging to any of the sets used
for training.

Analysis on the output data indicates the controllers belonging to the staged or developmental training performed better in
terms of final distance to the target as well as in the percentage of success (Figs 6 and 7). An analysis of variance test was
performed to check for statistical difference between conditions
(including the non-trained condition). This test reported statistical difference: current effect F2,897 =850.45, p=0.0000.
This can be due to various factors: following a developmental training, consisting of tutoring, experience during operation
in it’s environment and learning based on that experience could
have shaped the weights of the controller’s networks to a stage
that was able to find a solution for the second training set. Even
when the training error of the final training in both conditions
is very similar, in test conditions an advantage of the developed
can be appreciated.
Because reaching is an important step in the development
of motor and cognitive skills, it is also a skill explored to get an
insight of the series of processes emerging in infants [16]. Our
work on development of reaching tries also to consider the fact
that for acquiring a skill it is necessary to has trial-and-error processes where time constraints cannot be avoided. In our experiments, the generation of the second training set for the staged
learning condition, the ”experience phase”, took considerably
longer than any other part of the experiment. But we believe
this was a very important step due to the fact that each network
will generate different outputs for the same inputs so the set is
particular to each of them.
We have tried to implement what Bernestein [1] suggested
for simplifying the degrees-of-freedom problem: in our experiments the robot arm controller goes through a developmental progression in order to find a first but simpler solution to
the problem an later on, increasing the complexity of the problem. Other roboticists have implemented similar ideas in recent
years. Ivanchenko and Jacobs [17] simulated a three degrees of

freedom robot arm that tries to learn the dynamics of the arm
while moving on trajectories on two dimensional space. The
difference with our approach is that in our case the architecture
of the networks is the same for every condition, it is the presence or absence of experience what shapes the performance at
their final stages. Ivanchenko has a special architecture, devised
from the idea that this decouples dynamic interactions among
the joints and therefore allows to separately train the joints. Unlike Ivanchenko, for our experiments we decided to keep the
same architecture. We want to explore uncoupling of dynamics without changing the internal (not directly exposed to the
environment) characteristics of the system. In Ivanchecnko’s,
results indicate that a developmentally trained controllers only
outperformed the non-developmentally ones when the developmental path matched the nature of the task executed. In the case
of our experiments, training as well as the ”experience” phase
matched the final task. This could explain the obtained results.
As Massera et al. in [6], we have started this exploration on
a robotic arm with just four degrees of freedom. Our approach
contrasts with that one in that we are interested on the epigenetic development of the skill instead of an evolutionary one.
Moreover, in our case, experiments look to include vision into
the development of the task instead of direct pass of coordinates
or distances to the system without visual processing, as we consider that working towards the implementation of this type of
skill development will require real-life sensory capabilities. The
head controller for our experiments employs vision as a simple
processing but action-involving task. Schlesinger et al. [18]
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have also explored with the freezing of DOF’s but again, using
a non-realistic vision mechanism and a 2D environment and using evolutionary algorithms. Our work has pushed this type of
exploration to a more realistic environment and explores the interaction on fixed architecture systems. We showed that even in
this circumstances, a developmental approach can lead to better
performance. Using the iCub simulator has proven to be a good
test-bed for this type of research, as it allowed to implement and
test controllers and visual sensors and explore performance in a
controlled environment and free of mechanical strain issues.
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