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The behaviour of an embodied and situated agent
always results from the dynamical interaction be-
tween the agents and the environment. When the

physical aspects of the environment and of the agent
are modelled accurately, properties emerging from

their physical interaction assume a prevailing role
and can help the self-organisation of behaviour.

In our experiments, the environment is not seen as a
static element, but as a dynamic system with which
the robot interacts with and modifies its parame-

ters. Evolved strategies are based on a continuous
modification of the environment, which in turn pro-
duces dynamics from which the desired behaviour
emerges.

In this poster, I present some evolved strategies that

control an autonomous robotic arm able to grasp
objects. In this task, the target object does not
have a fixed position in the environment, but the
robotic arm can move it. Therefore, the dynamics
of collisions between the arm and the target object

play an important role in the accomplishment of the
requested task. The evolved neural controllers ex-
ploit the physical arm /object interactions to avoid
the collisions the cause the object move away, and
to orient the target object for a stable grasping.

The Robotic Arm consists of various objects articulated

The exploitation of the physical agent/environment inter-

The Task: “Grasp the Object!”.

actions requires an accurate modelling of the physic dy- | gnvironment | by joints. Attached on the shoulder there is the first cylindric Fach individual was tested for 10 trials, each consisting of the fol-
namics. We used the ODE library (Open Dynamics En- | section with 2 DOF joints. Next is the forearm, attached to lowing phases:
gin) to simulate the environment. ODE is an accurate . | the previous section with 2 DOFs. The wrist is joined with the e Starting Position: The arm is positioned as illustrated. How-

forearm with 2 DOFs. The hand has two fingers: one thumb with
ics. It has advanced joint types, and in- | 1 DOF and one index opposite to the thumb with two segments
tegrated collision detection with friction ' | (2DOFs). In total, the arm has 9 DOFs, 6 joints and 6 components.
and gravity forces. / v
In the experiment setup, the neural net-

work drives the motors of the arm and re- | |
ceives information by sensors on the arm.
From the sensory inputs, the evolved
neural controllers are able to extract useful information
about physical interactions that occur. Consequently, they
tune the behaviour on the basis of this information.

library for simulating rigid body dynam-
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ever, the exact initial position randomly varies from one trial to
the other (within a 2% range).

e First Four Seconds: This time is granted to the neural controller for reaching and

The Neural Controller is a feedforward neural net with grasping the target object.

two hidden recurrent neurons. The input layer 1s composed by 9
proprioceptive neurons coding the current position of the joints
(one neuron for each DOF), 16 contact sensors are distributed
on the fingers and forearm, and 8 indicators of the target object
position. The output layer consists of 9 neurons coding the desired
position of the joints (one neuron for each DOF).

Physical Interactions
NN/ X

Sensory Inputs ODE

e Last Two Seconds: The object-holding table is removed. The target object will fall
down if the robotic arm does not grasp it well. This way, we can test the effectiveness of
orasping, by measuring the time elapsed before the target object falls from the hand of
the robot.

The Fitness is the average of the performance, evaluted during each of the ten trials. The
performance of a neural controller in each trial is the sum of the following test results:

. . Indicators of Target
Proprioceptive Sensors Contact Sensors Object Position

e Contacts Test: returns the number of contacts between hand and target object at
the current time step.
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e Target Position Test: returns a number proportional to the amount of the volume

. : . f the t t object that is inside the hand at th t t1 tep.
Grasp the Cube. Differently to grasping a sphere, the cube has to be oriented correctly OF LLE 1algCl OB JECt tat 15 HISIAe ThE Lalld al LHe CUTELL TILE SLep

before grasping it. Otherwise, the gravity pulls it away from the hand.

In this case the friction can help the neural controller to orientate the cube correctly. When the
cube is hit, it does not slide. Instead, it rolls away by changing its orientation. Therefore, the
evolved neural controller exploits the high friction of the cube. This way, the arm hits it in the
appropriates points so that it can correctly orient the cube and grasp it.

Grasp the Sphere. The orientation of the sphere is irrelevant for successtull grasping, but
the low friction with the table is critical because even a weak hit causes the sphere to move
away. Therefore, the evolved strategies are characterised by movements calibrated in such a
way that the sphere does not move away from hand. An important role is played by the inertia
of the sphere. The neural controller must take into account the inertia for better calibrating
the forces applied on the sphere by the arm.

e Grasp Test: is executed during the last two seconds of simulation. It returns a high
number (10000) if (i) the target object is inside the hand in contact with the fingers and
(ii) the relative velocity between the object and the fingers is about zero for 25 consecutive
time steps.

Selection and Reproduction: the twenty best individuals are selected according their
fitness ranking. We then apply the mutation operator to create the next generation.

The first strategy pre-
sented exploits the in-
ertia of the sphere.
The initial movement
18 calibrated in such
a way that the sphere
is moved only of the
amount necessary to
orasp 1t. The arm
pushes 1t while rotat-
ing the wrist to a
better grasping posi-
tion so that the sphere
does not tfall down by
oravity forces.
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This second strategy ex-
ploits the indicators of
object positions for ori-
entating the hand. The
pattern indicated by the
blu circle will appear
when the arm 1is cor-
rectly positioned. Then

the neural network

changes its behavior

and graps the sphere.
As seen in the previous
strategy, the grasping is
executed by movements
taking into account the
inertia of the sphere.

This strategy is very fast. In this strategy, the

During an initial rapid
movement, the position
of the forearm, wrist and
fingers mantain the cube
in contact with the hand.
When the cube goes in-
side the hand, the neu-
ral controller closes the
first section of the index
to block the cube (see
blue circle in activations
graph). After, the arm
litts the cube from the ta-
ble.
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evolved neural net ex-
ploits the high {friction
between cube and table
to correctly orientate it.
The first movements hit
the cube in such a way
that it rolls. The fol-
lowing collision with the
hand will cause the cube
to correctly position itslet
to being grasped.

The mutation is implemented flipping every bit of the genotype string with 1% probability:.
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e When the physical aspects of the environment and of the robot are modelled accurately,
the physical properties of the objects and of the robot become critical parameters for the
accomplishment of the required task.

In our experiments, the evolved individuals are able to take account of the physical properties
of the objects (e.g. inertia) without any dedicated neural input.

e In this case studied, we evolved autonoums robots able to grasp simple objects (sphere and
cube). The task is simplified by fixing the initial position of the target object. These choices
helped us to better tune the physicals parameters of the environment (frictions, velocities,

etc.).

e In future, we plan to evolve controllers able to grasp objects of different sizes and shapes, at
different intial position. We intend to add some additional sensory information to help the
finding of the target object in the environment by neural controller. An example is to use
visual information.




