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Abstract— The concept of peripersonal space is an interesting of our hands and the step size of our legs) is developed

research topics for psychologists, neurobiologists andfgobotic ~ py the visual feedback we get performing actions in the
applications. A living being can learn the representation 6 environment.

its own body to take the correct behavioral decision when Th hani that ¢ id v in hiahl
interacting with the world. To transfer these important learning eseé mechanisms that seem to resice only in highly

mechanisms on bio-robots, simple and efficient solutions oa €volved and skilled animals can be identified also in the

be found in the insect world. In this paper a neural-based insect world. In particular, ilDrosophila melanogastethe

model for body-size learning is proposed taking into accoun simplest form of a body model is envisaged looking at the

the results_ obtained in experiments with fruit flies. Simuldions recent experiments in which genetically identical flies can

and experimental results on a roving platform are reported and . diff in their body si f un 6% due t

compared with the biological counterpart. eXp_e”ence : ?rences In their body size of ud % due to .

environmental influences (e.g. food and temperature regime

|. INTRODUCTION during the larval stages). Visual feed-back (parallax orgti

He multisensory representation of our body (i.e. bodffom locomotion is required to calibrate the memory for the
T schema), and its conscious and manipulable counterpifividual body size [7]. In gap climbing experiments with
(i.e. body image) play a pivotal role in the developmenﬂies of different body sizes, the number of unsuccessful at-

and expression of many higher level cognitive function¥MPts was always maximum at the largest just surmountable
[1]. Two distinct and complementary definitions of sucH9@pP width. This result allowed to assert that flies take into
representation do exist: the body schema, an unconscigieount their body size while taking behavioral decisions.
neural map of the spatial relations among the different body/oreover, if flies hatched and lived in the dark, the body
parts, where multi-modal sensory information (e.g. visuaP'Z& IS no more tal.<en into account in _the decision process.
somatosensory, and tactile) is integrated, and the bodgema  YSINg the experimental results avallablg, a neural mod_el
a consciously manipulable and body-centered version of tie here proposed based on the mechanisms used by flies
body schema used to form our perceptual, conceptual i learn its body capabilities. The architecture has been
emotional judgments towards our body [2], [3]. applied to a simulateddrosophila in a scenario where

As robotic systems become more complex and versatild® robot should learn through a reward based system the
or are even delivered in a completely reconfigurable waje@chable/unreachable space in the arena.

there is a growing demand for techniques allowing a robottj B opy sizE IN DROSOPHILA BIOLOGICAL EVIDENCES

automatically learn body schemata with no or only minimal ) o . .
human intervention [4]. Besides its tiny brainProsophila melanogasteshows a

Key elements of this process are the plasticity of bodgwltitude of in_tere_sting behayiors an(_d learning capaedit _
representations (i.e. development, adaptation, extejygio-  1he body size, important information used to take deci-
ordinate transformations, and the relationship betvveedybos'ons’ is identified by flies usmg.multl.sensor)_/ mtegratlon
schema and forward models. We can consider the boéyategles: they need to connect visual input with tactite e

model as a sensorimotor representation of the body used f§f"i€nce. Experiments performed to unravel the constmcti
specific actions; it would encompass bathort-term(e.g., mechanisms demonstrate that flies, living in the dark since

position of a limb at a given instant) ahahg-termdynamics hatching, are less able to judge their capabilities thaeroth

(e.g., biomechanical properties and size of limbs) [5]. €S raised in standard light-dark cycles.
The mental processes that lead to the formation of a It seems that the formation of this knowledge of the own

body scheme involve a kind of adaptive calibration of aif©dy Sizé needs that the fly is able to walk and generate
individual proprioceptive information to define a mentaParallax motion, by that shifting the retinal images of aitje
representation of its own body distinct from other indivages 1 the environment. The average step size of an individual
This is achieved by detecting the causal effects betwedfl: Which is proportional to its leg length and therefore to
the self-produced contingent activity of the own action1® Pody size [9], will create an average parallax motion.
and the induced sensory information (e.g., spatial pasito ©N90ing experiments demonstrate that flies, living in the
somatosensory or visual or sonorous information) [6]. Iifark. are not able to correctly judge their own dimensions,

humans, the construction of peripersonal space (i.e. tiehre Until they are allowed to walk in light for some time. The
body size memory formation seems to be based on a scaling
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with learning mutant flies a mapping of the body size was t * o

performed and the key role of the central complex is being movement

studied [10], [11]. t, \
In contrast to humans, flies have no need to re-adjust their

peripersonal space because once enclosed they do not change

their body size. But we can think to a more general body

model where either changes in the payload or body structure

modifications due to injuries can produce an adaptationef th

internal model to match the new body configuration acquired

interacting with the environment.
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IIl. M ODEL FOR LEARNING BODY SIZE

Starting from the neurobiological data acquired from

Drosophila melanogasteand having an implementation for Fig. 1. Scheme of the acquisition of the object angular jusin the fly

. C . . . isual field. At the time instant; the object is identified for the first time at
robotic applications in mind, a neural model for body siz e angular positiori whereas after a given number of steps performed by

learning using parallax information is proposed here, @npl the fiy model in a straight forward direction the object wié bisible at an
mented and applied in a dynamic simulation environmeritstantt; in a new angular positioi. The weights associated to the neuron
using a fly-inspired legged robot. The fly model is able t@Icetl\cguzrleﬁ:Ejaped with a sinusoidal function dependingtenposition in
walk in an empty arena with a single object placed in the
center. After a transient needed to stabilize the locomotio ObjectA
gait in the legged structure, the robot proceeds in forward
walking until the object is detected for the first time (
in Fig. 1). The information about the object position in the
visual field is acquired through an uniformly distributedgi -
of neurons that have a one-to-one match with the insect
ommatidia (about 4%each). The output of the stimulated
neuron is modulated with a post synaptic weight that cor-
responds to the sinusoidal function of the angular position

. . . L Robot
of the neuron as illustrated in Fig. 1. After a given number position (t;)
of steps (four steps have been considered in the following
experiments) the robot evaluates the new angular posifion By, 2. Geometric relations between the detected object dithe robot
the object {; in Fig. 1). The second acquisition is neededhat is moving forward with a fixed heading from positionto to.
to evaluate the distance between the robot and the object
through parallax: parallax is a displacement or differeimce
the apparent position of an object viewed along two differen
lines of sight. The mathematical formulation is reported invith the spike-resetting
the following equation:

Robot
position (t5)

vV c
u+—u+d

if v>0.03, then { 3)

sin(a)
dy = —————d 1
2 sin(d — @) ! @)
where o and § are the angular positions of the targetVhere v is the membrane potential of the neurom,is
acquired at time; and, by the robot,d; is the distance a recovery variable and is the synaptic current that is

traveled between the two acquisitions aigl is the final Cconstituted by a biagy.,, a threshold currenf, and the
distance between the robot and the target (see Fig. 2). nPutcurrents due to the topological connectidps,... The
Starting from this mathematical formulation, a neuralY&lue used for the parameters are 8=0.02, b=-0.1, c=-55, d=6

based network has been designed and implemented obtainin%aCh neuron is inhibited by the output of the neuron

similar results with spiking processing mechanisms. A confictivated at timet; and excited by the neuron activated

plete block scheme of the proposed model is reported in Figt t2- An array of gains is used to weight the second
3 input to find the correct matching: excitatory inputs should

.The information on the object position acquired in twocom_pensate the inhibitory ones to allow the neuron firing.
different time steps, is discretized and weighted as shown {* Pias current was addedlif,s = 82n4) making each
Fig. 1. An array of class | Izhikevich's neurons is then use§€uron able to fire with a minimal additional input current.
to evaluate the ratio between the two acquired sinusoidalfy Series of time delays7{) was included to evaluate the

modulated inputs. The equations of the adopted neural modi§iuron response in sequence. Each neuron is connected with
are: the others with inhibitory synapses forming a winner-takes

0 =0.04v2 + 50+ 140 —u + I @ all network topology.
= a(bv —u) The first active neuron (i.e. winning neuron) strongly
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Fig. 3. Scheme of the implementation of the distance estmahrough Fig. 4. SimulatedDrosophilainspired legged robot realized on a dynamic
parallax with a spiking-based network. The first part of thecpssing stage simulation environment.

is needed to evaluate the distance from the detected objetdrins of
number of steps whereas the last neuron is subject to a réveartl learning
that, through a threshold adaptation mechanism, identtfiesreachable
space of the moving agent.

inhibits the others and produces an output proportional 1
its corresponding gain factor. Assuming that the systel
knows the distance traveled between the two time instants
acquisition (e.g. in terms of number of steps) the outcorr
of the first part of the network is a signal proportional
to the object estimated distance. The last processing ste
consists of a spiking neuron subject to a threshold adaptati
Iearning process. Depending on a reward signal provided lﬁlg 5. Dis_tribution of the final res_ults in terms c_)f succes_aed failures
the system, the threshold level is adapted either to fatlit :?b-a n experiment where the robot is placed at different destafrom the

ject of interest. The reward is provided if the object iacteed within 15
or to reduce the spiking response of the neuron. steps.

Threshold adaptation has a solid biological background:
in fact, it can be seen as a consequence of the nonlinearities
present in the neuron membrane dynamics [12]. Input-outpdt the beginning every object is assumed to be reachable
functions adaptations for auditory neurons involved inrmbu and each trial the robot walks towards the target a reward
coding were accurately detected and studied [13]. Moreovisr provided if it is reached within 15 steps. The reward
this mechanism seems to produce emergent cooperatietivates the threshold adaptation mechanism: the thieesho
phenomena in a large population of neurons, and seemsisomodified depending on the coherence between the rein-
be responsible for contrast adaptation [14], [15], or fae thforcement signal and the internal prediction provided tg/ th
scaling adaptation to varying stimuli in somatosensoryecor network. If the prediction is correct the threshold remains
[16]. unchanged, otherwise, if the robot considers the object
The threshold adaptation process can be modeled agefchable (unreachable) but during the attempt the predict

voltage-dependent curreni ) introduced as an additional is not confirmed, the threshold is increased (decreased) to
input to the decision neuron, that can be expressed Rgperpolarize (depolarize) the output neuron. The legrnin
T4 = —gaVinresn, definingg4 as an activation-conductance.process is summarized in the following equation:
The current can be modified to hyperpolarize or depolarize

Number of trials

(Ia — I + Al4) neurons. Vin + AViifor uncorrect attempt
The output neuron acts as a gate: its firing activity is asso- Vin = { Vi, for correct prediction (4)
ciated to reachable objects whereas a silent state comdspo Vin — AV, for uncorrect give up

to unreachable ones.

IV. SIMULATION RESULTS In the simulations the initial value used 1§, = 0 and

The proposed parallax-based body size model has be&Wy;, = 0.5.

used with a simulated®rosophilainspired robot as shown Fig. 5 shows the distribution of successes and failures in
in Fig. 4. The robot is randomly placed in an arena whereeaching an object located at different distances from the
an object of interest is positioned in the center. During theobot. The distribution of the starting positions that hbeen
learning phase the system evaluates the distance from thigher rewarded or not rewarded is reported in Fig. 6. The
target using the computational model previously discussedttractive object is placed at the origin of the axis. A reztlic
The decision neuron will provide a prediction of reachaset of the corresponding approaching trajectories foltbixe
bility/unreachability that has to be verified by the robotthe robot is reported in Fig. 7.
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Fig. 8. Time evolution of the adaptive threshold tuned onahiput neuron
via a reward-based learning. The threshold stabilizes tal@evhat defines
the reachability space of the robot.

Fig. 6. Distribution of the starting positions from whichethobot reached
a success or a failure (a reward is given if the object, plane(D,0), is
reached in no more than 15 steps.
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Fig. 9. Comparison between the behavior of the robot in tidierent

Fig. 7. Typical trajectories followed by the robot while ching the target. cases where the amplitude of the coxa movement assumes Ithe A
[0.8, 1, 1.2]. The fraction of unsuccessful attempts is shas a function
of the distance between robot and target.

The time evolution ofV;;, for a learning experiment is

shown in Fig. 8. The steady state value is related to tr}e - .
. actile information needed to evaluate the number of steps
reachable distance learned by the robot.

As introduced in the biological experiment descriptionperformed’ can be artificially modulated through eitheuals
we performed simulations changing the body size of tht:ompensation or a visual emphasis. To test the behavior of

simulatedDrosophila For sake of simplicity, we modified fhe network in these scenarios a moving target has been

the step length by changing a parameter of the CPG_bas%cgpgdered. To compensate or emphasize the effect of the

. ; arallax motion, a moving target with the same speed as the
locomotion control structure used to set the maximum an- ! N . :
. o robot in the same direction (parallax compensation) and in
gular excursion of the coxa joint [17], [18]. Therefore we

. O . the opposite direction (parallax emphasis) was considered
con3|dereq a smaller fI.y (_galn = 0.8), a standard fly (gain The threshold evolution is shown in Fig. 11 (a) and Fig. 12
1) and a bigger fly (gain = 1.2).

A comparison with the biological experiments propose&a): it can be noticed thaky, reaches the upper and lower

. . ) aturation levels, respectively, and thus the robot cenel
for Drosophilahas been performed evaluating the fraction o he target always unreachable Fig. 11 (b) or reachable Fi
unsuccessful attempts as a function of the distance betwe g y 9. 9.

robot and target (see Fig. 9). The simulations were perfdrmeé] (b). In fact in the first case the robot does not make

in three different cases, changing the gain of the coxasjoin’[’j‘ttemptS at all, whereas in the second case give-up desision

for all the legs, thus allowing the robot to modify its stepare missing.

length. As shown in fly experiments performed in the gap
climbing scenario, also in our model the peak of unsuc-
cessful attempts is in correspondence with the maximum Following the interesting results obtained in the dynamic
manageable distance and each system learns a different badyulation environment, the proposed network was tested on
size/peripersonal space. a roving platform. The robot is actuated by four dynamixel
To better analyze the behavior of the simulated fly, aRX28 servomotors, controlled by a microcontroller-based
extended statistical analysis has been performed evadyatiboard. It is also equipped with a compass sensor, used for
depending on the real distance between robot and targelpsed loop turning maneuvers, two sonars used for obstacle
the possible choices: successful and unsuccessful agempatvoidance, two color sensors placed in the bottom part, used
correct and incorrect give up. The results obtained in th® detect landmarks on the ground, and an omni-directional
three examined cases are reported in Fig. 10. camera. A netbook on board is used to host the high level
Finally the parallax evolution and its integration with thecontrol algorithm.

V. ROBOTIC EXPERIMENTS
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Fig. 11. Simulation with parallax emphasis: robot and taeye moving
with the same speed one toward the other. (a) Temporal éwolaf the
threshold during learning, (b) behavioral response of titet during the
testing phase.
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Fig. 10. Behavioral response, obtained over 200 testirajsfriof the A complete analysis of the robot behavior is shown in
simulatedDrosophilawith body size reduced by 20% (a), standard (b) and=ig. 15 where the results of the testing phases considering

increased by 20% (c). three different body sizes are reported, as already disduss

for the dynamic simulations. It can be noticed that the level

. L . of unsuccessful attempts and incorrect give-up behavsrs i

The same learning procedure used in simulation W4§,er in the robot experiment than in the simulated version.

_performeq with th?_ roving robot. The robot is |2n|t|ally plat These results can be explained considering that the sietllat

n a.StaF“”g posmon. near a wall of a 3)@ arena. A _legged system introduces in the estimation procedure adarg

”?O”'tor in the opposite side of the arena displays a Whlt(grror than the roving platform. The high level of uncertgint
circle on a black background, used as target as depicted diaineq with simulated flies are also in line with the

Fig. _13‘ The home position, as well as the target pOSitiorEJviologicaI results obtained in the gap climbing scenarios.
are identified with colored landmarks on the ground. The

robot, after a self-calibration procedure performed by the Finally also in the robotic set-up the visual information
camera, acquires the angular position of the centroid of thieas been altered either by emphasizing or compensating the
detected target and, after a fixed forward movement of 3farallax motion. The results reported were obtained using a
cm, it acquires the new angular position. Using the proceduseries of adjacent monitors where the visual target can be
reported above, the robot estimates the distance and gi®cemoved depending on the robot actions. The results reported
with a targeting behavior. A reward is provided if the targein Fig. 16 refer to a parallax emphasis which produces a
is successfully reached within 160 cm. Typical traject®riecontinuous growth of the threshold level, and a completely
followed by the robot during learning are reported in Fig. 14compensated parallax: in this latter case the robot learns
To start a new trial the robot comes back home and repedlst every target is within its peripersonal space and away
the procedure. Due to position errors accumulated duriag tlattempts to reach it; no give up behaviors are elicited, as
movements, the initial position changes each trial. expected.



10 20 30 40 50 60 70 80
Trials

@)

100

\

—e—unsuccessful attempts

- ®=-successful attempts B
—=—correct give up
—e—uncorrect give up q

901

801

70

60
50

40+

Fraction of behaviors %

/
soF

20F
/

10
;

4 L o -

18 20
Distance (Number of Steps)

Fig. 12.  Simulation with parallax compensation, robot aatyét are
moving with the same speed in the same direction. (a) Terhputdution
of the threshold during learning, (b) behavioral resporfsterobot during
the testing phase.

B - al

Fig. 13. Roving robot used as testbed in an arena where \srgats are

displayed on a monitor.

VI. CONCLUSIONS

Fig. 14. Trajectories followed by the robot during the ®ialhe reward
signal is provided to the robot depending to the distancesrem/ to reach
the target. The blue trajectories represent rewardeds tvidlereas the red
ones are punished cases.

on its body size. Interesting results were also provided by
artificially altering the visual perception of the robotheit

by emphasizing or compensating the parallax, by moving
the visual target. The learning procedure, here applied to
a targeting task, can be extended to other tasks like gap
climbing and obstacle overcoming: these can be improved
taking into account information on the body size of the

system.
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