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The behaviour of an embodied and situated agentalways results from the dynami
al intera
tion be-tween the agents and the environment. When thephysi
al aspe
ts of the environment and of the agentare modelled a

urately, properties emerging from

their physi
al intera
tion assume a prevailing roleand 
an help the self-organisation of behaviour.In our experiments, the environment is not seen as astati
 element, but as a dynami
 system with whi
hthe robot intera
ts with and modi�es its parame-
ters. Evolved strategies are based on a 
ontinuousmodi�
ation of the environment, whi
h in turn pro-du
es dynami
s from whi
h the desired behaviouremerges.In this poster, I present some evolved strategies that


ontrol an autonomous roboti
 arm able to graspobje
ts. In this task, the target obje
t does nothave a �xed position in the environment, but theroboti
 arm 
an move it. Therefore, the dynami
sof 
ollisions between the arm and the target obje
t
play an important role in the a

omplishment of therequested task. The evolved neural 
ontrollers ex-ploit the physi
al arm/obje
t intera
tions to avoidthe 
ollisions the 
ause the obje
t move away, andto orient the target obje
t for a stable grasping.

Introdu
tion

The exploitation of the physi
al agent/environment inter-a
tions requires an a

urate modelling of the physi
 dy-nami
s. We used the ODE library (Open Dynami
s En-gin) to simulate the environment. ODE is an a

uratelibrary for simulating rigid body dynam-i
s. It has advan
ed joint types, and in-tegrated 
ollision dete
tion with fri
tionand gravity for
es.In the experiment setup, the neural net-work drives the motors of the arm and re-
eives information by sensors on the arm.From the sensory inputs, the evolvedneural 
ontrollers are able to extra
t useful informationabout physi
al intera
tions that o

ur. Consequently, theytune the behaviour on the basis of this information.
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The Roboti
 Arm 
onsists of various obje
ts arti
ulatedby joints. Atta
hed on the shoulder there is the �rst 
ylindri
se
tion with 2 DOF joints. Next is the forearm, atta
hed tothe previous se
tion with 2 DOFs. The wrist is joined with theforearm with 2 DOFs. The hand has two �ngers: one thumb with1 DOF and one index opposite to the thumb with two segments(2DOFs). In total, the arm has 9 DOFs, 6 joints and 6 
omponents.The Neural Controller is a feedforward neural net withtwo hidden re
urrent neurons. The input layer is 
omposed by 9proprio
eptive neurons 
oding the 
urrent position of the joints(one neuron for ea
h DOF), 16 
onta
t sensors are distributedon the �ngers and forearm, and 8 indi
ators of the target obje
tposition. The output layer 
onsists of 9 neurons 
oding the desiredposition of the joints (one neuron for ea
h DOF).

The Model
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The Task: \Grasp the Obje
t!".Ea
h individual was tested for 10 trials, ea
h 
onsisting of the fol-lowing phases:� Starting Position: The arm is positioned as illustrated. How-ever, the exa
t initial position randomly varies from one trial tothe other (within a 2% range).�First Four Se
onds: This time is granted to the neural 
ontroller for rea
hing andgrasping the target obje
t.�Last Two Se
onds: The obje
t-holding table is removed. The target obje
t will falldown if the roboti
 arm does not grasp it well. This way, we 
an test the e�e
tiveness ofgrasping, by measuring the time elapsed before the target obje
t falls from the hand ofthe robot.The Fitness is the average of the performan
e, evaluted during ea
h of the ten trials. Theperforman
e of a neural 
ontroller in ea
h trial is the sum of the following test results:�Conta
ts Test: returns the number of 
onta
ts between hand and target obje
t atthe 
urrent time step.�Target Position Test: returns a number proportional to the amount of the volumeof the target obje
t that is inside the hand at the 
urrent time step.�Grasp Test: is exe
uted during the last two se
onds of simulation. It returns a highnumber (10000) if (i) the target obje
t is inside the hand in 
onta
t with the �ngers and(ii) the relative velo
ity between the obje
t and the �ngers is about zero for 25 
onse
utivetime steps.Sele
tion and Reprodu
tion: the twenty best individuals are sele
ted a

ording their�tness ranking. We then apply the mutation operator to 
reate the next generation.The mutation is implemented 
ipping every bit of the genotype string with 1% probability.

The Task and Geneti
 Algorithm

Grasp the Sphere. The orientation of the sphere is irrelevant for su

essfull grasping, butthe low fri
tion with the table is 
riti
al be
ause even a weak hit 
auses the sphere to moveaway. Therefore, the evolved strategies are 
hara
terised by movements 
alibrated in su
h away that the sphere does not move away from hand. An important role is played by the inertiaof the sphere. The neural 
ontroller must take into a

ount the inertia for better 
alibratingthe for
es applied on the sphere by the arm.
Grasp the Cube. Di�erently to grasping a sphere, the 
ube has to be oriented 
orre
tlybefore grasping it. Otherwise, the gravity pulls it away from the hand.In this 
ase the fri
tion 
an help the neural 
ontroller to orientate the 
ube 
orre
tly. When the
ube is hit, it does not slide. Instead, it rolls away by 
hanging its orientation. Therefore, theevolved neural 
ontroller exploits the high fri
tion of the 
ube. This way, the arm hits it in theappropriates points so that it 
an 
orre
tly orient the 
ube and grasp it.The �rst strategy pre-sented exploits the in-ertia of the sphere.The initial movementis 
alibrated in su
ha way that the sphereis moved only of theamount ne
essary tograsp it. The armpushes it while rotat-ing the wrist to abetter grasping posi-tion so that the spheredoes not fall down bygravity for
es.

This se
ond strategy ex-ploits the indi
ators ofobje
t positions for ori-entating the hand. Thepattern indi
ated by theblu 
ir
le will appearwhen the arm is 
or-re
tly positioned. Thenthe neural network
hanges its behaviorand graps the sphere.As seen in the previousstrategy, the grasping isexe
uted by movementstaking into a

ount theinertia of the sphere.

This strategy is very fast.During an initial rapidmovement, the positionof the forearm, wrist and�ngers mantain the 
ubein 
onta
t with the hand.When the 
ube goes in-side the hand, the neu-ral 
ontroller 
loses the�rst se
tion of the indexto blo
k the 
ube (seeblue 
ir
le in a
tivationsgraph). After, the armlifts the 
ube from the ta-ble.

In this strategy, theevolved neural net ex-ploits the high fri
tionbetween 
ube and tableto 
orre
tly orientate it.The �rst movements hitthe 
ube in su
h a waythat it rolls. The fol-lowing 
ollision with thehand will 
ause the 
ubeto 
orre
tly position itslefto being grasped.

Evolved Strategies

�When the physi
al aspe
ts of the environment and of the robot are modelled a

urately,the physi
al properties of the obje
ts and of the robot be
ome 
riti
al parameters for thea

omplishment of the required task.In our experiments, the evolved individuals are able to take a

ount of the physi
al propertiesof the obje
ts (e.g. inertia) without any dedi
ated neural input.� In this 
ase studied, we evolved autonoums robots able to grasp simple obje
ts (sphere and
ube). The task is simpli�ed by �xing the initial position of the target obje
t. These 
hoi
eshelped us to better tune the physi
als parameters of the environment (fri
tions, velo
ities,et
.).� In future, we plan to evolve 
ontrollers able to grasp obje
ts of di�erent sizes and shapes, atdi�erent intial position. We intend to add some additional sensory information to help the�nding of the target obje
t in the environment by neural 
ontroller. An example is to usevisual information.

Con
lusion and Future Resear
hes


