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Abstract

The way in which organisms create body schema, based on
their interactions with the real world, is an unsolved prob-
lem in neuroscience. Similarly, in evolutionary robotics, a
robot learns to behave in the real world either without re-
course to an internal model (requiring at least hundreds of in-
teractions), or amodel is hand designed by the experimenter
(requiring much prior knowledge about the robot and its en-
vironment). In this paper we present a method that allows a
physical robot to automatically synthesize abody schema, us-
ing multimodal sensor data that it obtains through interaction
with the real world. Furthermore, this synthesis can be either
parametric (the experimenter provides an approximate model
and the robot then refines the model) or topological: the robot
synthesizes a predictive model of its own body plan using lit-
tle prior knowledge. We show that thislatter type of synthesis
can occur when a physical quadrupedal robot performs only
nine, 5-second interactions with its environment.

The question of whether organisms do, or robots should,
create and maintain models of themselves are central ques-
tions in neuroscience and robotics respectively. In neuro-
science, it has been argued that higher organisms must pos-
sess predictive models of their own bodies, because biolog-
ical sensor systems are too slow to provide adequate feed-
back for fast and/or complex movements: internal models
must predict what movementswill result from a set of mus-
cle contractions (D. Wolpert, 1998; Llinas, 2001). To this
end, neural imaging and behavioral studies have begun to
seek out where in the primate brain such models may exist,
and what form they take (D. Wolpert, 1998; Bhushan and
Shadmehr, 1999; Imamizu et ., 2003).

Inasimilar way, internal modelslie at the heart of along-
standing debate in artificia intelligence and robotics: how,
or should arobot rely oninternal modelsto realize useful be-
haviors? In the early decades of Al modeling played alarge
role, when research emphasi zed higher-level cognitive func-
tions, such as planning. Brooks (Brooks, 1991) and later
others (Hendriks-Jansen, 1996; Clark, 1998; Pfeifer and
Scheier, 1999) spearheaded embodied Al, in which model-
free embodied robots were emphasized: it was thought that
active interaction with the environment could supplant the
need for internal introspection using models.

This paper, along with previous work (Bongard and Lip-
son, 2005b), introduces a methodol ogy that integrates intro-
spective modeling and reactive embodied behavior. We refer
to this method as the estimation-exploration algorithm, or
EEA: the EEA is aco-evolutionary algorithm that maintains
populations of models and popul ations of tests. A ssimplified
schematic of the EEA is shown in Figure 1. The agorithm
is iterative: models are synthesized based on the sensorial
experiences of an embodied and situated robot, and those
models arein turn used to derive new controllers that, when
executed on the physical robot, generate new sensor datafor
further model synthesis (see (Bongard and Lipson, 2005b)
for an overview).

By using a model to derive a controller, the number of
physical interactions that the robot must perform can be re-
duced by orders of magnitude (Keymeulen et al., 1998): if a
controller is learned or evolved on a physical robot, at least
hundreds of evaluations are required. However, if amodel is
not accurate, behaviors may not transfer from simulation to
reality. Thisisknown astheinfamous*reality gap” problem
(Jakobi, 1997), and several methods have been proposed to
overcome it, such as adding noise to the smulated robot’s
sensors (Jakobi, 1997); adding generic safety margins to
the simulated objects comprising the physical system (Funes
and Pollack, 1999); evolving first in simulation followed by
further adaptation on the physical robot (Pollack et al., 2000;
Mahdavi and Bentley, 2003); or implementing some neural
plasticity that allows the physical robot to adapt during its
lifetime to novel environments (Floreano and Urzelai, 2001;
DiPaolo, 2000; Tokuraet al., 2001).

Keymeulen et. al’s work (Keymeulen et al., 1998) rep-
resents the closet method to the one described here. In that
work, amodel is synthesized based on sensor feedback from
the robot’s interaction with its environment. A model is
learned as a wheeled robot learns to perform a behavior;
the model is a set of passively obtained instances of sensor
changes resulting from motor commands. However, thereis
no transformation or compression of this datainto a general
or explicit model of the robot or its environment. For exam-
ple, in that work the robot would not be able to distinguish
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Figure 1: The physical robot targeted for automated identi-
fication.

between its left and right wheels, because it has no explicit
model of its own body; it can only predict, in environmental
contextsthat it has aready encountered, what might happen
if it sends a motor command to its wheel. In contrast, the
EEA actively generates explicit models based on incoming
sensor data (such as shown in Figure 5). Here, we present
validation of our algorithm on a physical articulated robot
(shown in Figure 1a): the robot evolves an explicit model of
its body using sensor data from different modalities. This
is the first time explicit, predictive robot models have been
intelligently synthesized based on physical interactions.

In the next section the methodology is described, which
includes description of the target robot, the space of mod-
els and the space of controllers, and how these spaces are
searched. Then, results from both parametric and topologi-
cal identification of the robot are presented; the final section
provides some discussion and concluding remarks.

M ethods

In previouswork we have documented the ability of the EEA
to parametrically identify a simulated target robot, given
some initial approximate model of it (Bongard and Lipson,
2005b). In other problem domains we have demonstrated
that the EEA can synthesize both the topology and param-

eters of a hidden system, in which no model is required a
priori (Bongard and Lipson, 20054). In order to apply the
EEA to anew target system, such as the physical robot used
inthiswork, three preparatory steps must befirst carried out:
characterization of the system to be identified, how models
areto be represented and optimized, and how controllersare
to be represented and optimized.

Characterizing the Target System

Thetarget systemin this study is a quadrupedal, articulated
robot with eight actuated degrees of freedom. Theraobot con-
sists of a rectangular body and four legs attached to it with
hinge joints on each of the four sides of the robot’s body.
Each leg in turn is composed of an upper and lower leg, at-
tached together with a hinge joint. All eight hinge joints
of the robot are actuated with Airtronics 94359 high torque
servomotors. However, in the current study, the robot was
simplified by assuming that the knee joints are frozen: all
four legs are held straight when the robot is commanded to
perform some action. Table 1 gives the overall dimensions
of the robot’s parts.

| Parameter | Value (mm) |
Width and length of the body | 140
Height of the body 85
Length of the upper leg 95
Height of the upper leg 26
Length of the lower leg 125
Diameter of the foot 12

Table 1: Physical dimensions of the robot.

All eight servomotors are controlled using an on-board
PC-104 computer viaa serial servo control board SV-203B,
which convertsserial commandsinto pulse-width modul ated
signals. Servo drives are capable of producing a maximum
of 200 ounce-inches of torque and 60 degrees per second of
speed. The actuation ranges for all of the robot’s joints are
summarized in table 2.

Lower range bound | Upper range bound
(degrees) (degrees)

Hip joint -96 +74

Kneejoint | -96 +94

Table 2: Joint properties of the robot. Ranges are given rel-
ative to the robot body for the hip joints, and relative to the
upper legs for the kneejoints. Positive numbersindicate up-
ward motion; negative valuesindicate downward motion.

The robot is equipped with a suite of different sensors
polled by a 16-bit 32- channel PC-104 Diamond MM-32X-
AT data acquisition board. For the current identification
task, three sensor modalities were used: an external sen-
sor was used to determine the left/right and forward/back



tilt of the robot; four binary values indicated whether a foot
was touching the ground or not; and one value indicated the
clearancedistancefrom the robot’sunderbelly to the ground,
along the normal to its lower body surface. All sensor read-
ings were conducted manually, however all three kinds of
signals will be recorded in future by on-board accelerome-
ters, the strain gaugesbuilt into the lower legs, and an optical
distance sensor placed on the robot’s belly.

Characterizing the Space of Models

Models are considered to be three-dimensional simulations
of the physical robot (see Figure 5 for three model exam-
ples). The simulations are created within Open Dynamics
Engine?, a three-dimensional dynamics simulator. However
in the current work only static identification is performed:
the physical robot is commanded to achieve a static pose,
and then hold still while sensor data is taken. Every candi-
date model (as well as the target robot) is assumed to start
as aplanar configuration of parts; when it beginsto move, it
can assume a three-dimensional configuration. The geome-
try and physical properties of the main body part is assumed
to be known; the eight upper and lower leg parts are rep-
resented as solid cylinders. Each model is evaluated for an
arbitrarily set time of 300 time steps of the simulator, which
is enough time for most models to come to rest given an
arbitrary motor program.

Models are encoded as either vectors or matrices, and
these data structures are used to construct a possible artic-
ulated robot in the ssimulation environment. In the first set
of experiments, we assume that everything about the physi-
cal robot isknown except the lengths of itsfour legs. Models
aretherefore encoded as vectors containing eight real-valued
parametersin [0, 1], with each value encoding the estimated
length of one of the eight leg parts. We constrain the esti-
mation about the minimum and maximum length of aleg to
be between 2 and 40 centimeters, so each valueis scaled to
areal-vauein [1,20|cm.

In the second set of results, we assume that less informa-
tion about the robot is known: how the eight body parts at-
tach to each other or the main body, and how the hingejoints
connecting them are oriented. In that case, models are en-
coded as 8 x 4 redl-valued matrices. Each row corresponds
to one of the eight parts. Thefirst valuein row i is scaled to
aninteger in [0,i — 1], indicating which of the previous body
partsit attachesto; the second valueis scaled to an integer in
[0,3], indicating whether the current part attaches to the I eft,
front, right, or back side of the parental part. Thethird value
is scaled to an integer in [0, 5], and indicates how the hinge
joint connecting the current part to its parent operates: 0 and
1 cause the part to rotate leftward or rightward in response
to apositive commanded joint angle (and rightward and | eft-
ward in response to a negative commanded angle); 2 and 3
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cause the joint to rotate upward or downward in response to
a positive commanded angle; and 4 and 5 cause the part to
rotate leftward or rightward around its own axis in response
to a positive commanded angle. The fourth value is scaled
to avaluein [1,20]cm to represent the length of the leg part.

In both types of experiments, a genetic algorithm using
deterministic crowding (Mahfoud, 1995) is used to optimize
the models. Genomes in the population are simply the vec-
tors or matrices described above. The subjectiveerror of en-
coded models is minimized by the genetic algorithm. Sub-
jective error is given as the error between the sensor values
obtained from the physical robot, and those obtained from
the simulated one:

4 2
e=v+y it —m|+ > |tJ-(') - mﬁ')| +10]t© — m(©)],
i—1 =1

where e is the error of the model; v indicates the linear ve-
locity of the model robot (sometimes models do not cometo
rest); ti“) indicates whether leg i touched the ground for the
target robot; mi(t> indicates whether leg i touched the ground
for the model robot; tJ-(') indicates how much (in degrees) the
main body of the target robot was tilted away in relation to
gravity (j = 1 for left/right tilt; j = 2 for forward/back tilt);
mﬁ” indicates how much the main body of the model was

tilted; t(© indicates the clearance (in meters) from the target
robot’s belly to the ground; and m(® indicates the clearance
for the model robot. By minimizing v, we select model s that
come to rest within the alloted time. The clearance sensor
differenceis amplified because it is reported in meters, and
for most poses achieved by the physical robot this value is
very small compared to the other terms. As can be seenin
Figure 1b, after the second set of sensor data has been ob-
tained from the target robot, there are two (or more) sets of
sensor datato be matched by a given model; in this case, the
subjective error of amodel becomes

e=max{ey,e,...en},

where g indicates the error of the model using motor pro-
gram and sensor data set k from the physical robot.

In the first pass through the estimation phase, a ran-
dom population of models is generated, and optimized for
a fixed number of generations. On the second and subse-
quent passes through the estimation phase, the previously
optimized popul ation of modelsis used as the starting point,
but they are re-evaluated according to the new error metric
with the additional set of sensor data.

Characterizing the Space of Controllers

Inthiswork amotor programisaset of four joint anglesthat
either the target robot, or a model robot, is commanded to
achieve?. Both the target and model robots begin in a planar

2The four elbow joints are locked for these experiments.
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Figure 2: Resultsfrom two runs of parametric identifica-
tion. a: The subjective error of each model. Model error
is calculated using touch, tilt and clearance sensor data. b:
The estimated leg lengths from the best model after each
generation from the same run. (Dots=target leg length; left
arrow=left leg, right arrow=right leg, up arrow=forward leg,
and down arrow=back leg.) c: The subjective error of each
model from another run in which only touch and tilt sen-
sor datais used. d: The estimated leg lengths from the best
model after each generation from thisrun. Vertical linesin-
dicatethe end of aniteration; anew poseisintroducedin the
following generation.

configuration, with the joint angles at zero. Joint anglesina
given motor program are selected randomly from the range
[—30,30] degrees. This constrains the range of motion of
the target robot; without a model of itself, it is possible that
the robot could perform some action that would be harmful
toitself or complicate the inference process.

At the beginning of an identification run, arandom motor
program is generated, and sent to the target robot. Its mo-
tors are sufficiently strong to reach the desired angles. Once
it reaches those angles it holds steady, and the sensor data
is taken, and fed into the EEA. The estimation phase then
begins, as outlined above. When the estimation phase termi-
nates, a new random motor program is generated. For this
work, the exploration phase is not used; i.e., a useful motor
program is not sought. Thus, the search for controllers is
random.

Results; Parametric Identification

In the first set of experiments, only the lengths of the eight
leg parts wereidentified: all other aspects of the target robot
are assumed to be known. In the estimation phase, a popu-
lation of 100 random models are created, and in each pass
the population is evolved for 10 generations. A total of four
random motor programs are used; the population of models
is optimized four times, each time with an additional mo-
tor program and resulting set of sensor data from the target
robot.

In total, 30 independent runs were conducted for each of
seven experimenta variants. In each variant, three or less
of the sensor modalities are assumed to be available during
model optimization. Figure 2 reports results from a typi-
cal run from two variants. In the first run, all three sensor
modalities—touch, tilt and clearance—were assumed avail-
ablefor identification. In the second run, only touch and tilt
information were available. As can be seen, thefirst run was
more successful than the second: thereis significant error on
the estimation of the length of the left leg when only touch
and tilt information are used.

Figure 3 generalizes this finding. The average quality of
the optimized models are compared across the seven vari-
ants. As can be seen in figure 3a, only the tilt sensor data
is required in order to produce good models, where model
quality is determined as the mean difference between the
length of the model’s leg and the target robot’s leg. Thisis
because for the experiment variants that included tilt infor-
mation in calculating model quality (columns, 2, 4 and 6),
evolved models were more accurate than when tilt informa-
tion was excluded from the calculation (columns 3, 5 and
7). Figure 3b reports data from the same set of runs, but
now model quality is determined as the variance across the
lengths of a single model’s legs; in a good model all four
legs should have the same length. As can be seen, when
both tilt and clearance sensor data is available (columns 1
and 2), models are better than when either of these sensor
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Figure 3: Model quality versus available sensor data.
a: The mean differences between an evolved model’s leg
lengths and the target leg lengths, compared across seven
experimental variants. The variants within a grouping are,
from left to right: touch, tilt, and clearance available; tilt and
clearance; touch and clearance; touch and tilt; only touch;
only tilt; and only clearance. In each variants, each of the
three sensor modalities (touch, tilt and clearance) was or
was not availablefor estimating model quality. The reported
means were averaged over the 30 best models obtained at
the end of each of the four estimation iterations. Error bars
indicate one unit of standard deviation. b: The same mod-
els were evaluated using a different metric: the difference
between the longest and shortest leg.

modalitiesis not available (columns 3-7).

Results: Topological Identification

In the second set of experiments, the inference algorithm
was required not only to identify the length of the robot’s
legs, but how the legs are attached to one another or to
the main body, and where they are attached. In these ex-
periments, parametric changesin the genome correspond to
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Figure 4. Results from a successful topological identifi-
cation. a: The subjective errors of al models. b: The
estimated leg lengths of the best models from each genera-
tion. ¢: The estimated local topological configurations for
the best model produced by each estimation iteration. A
filled square indicates the correct configuration was found;
awhite square indicates it was not. P=parental body part to
which the body part attaches; O=orientation of the body part
relative to its parent; J=joint normal.

topological changesin the body plan of the robot model. In
this more difficult task, the population size was expanded to
300, and each pass through the estimation phase was con-



d

Figure 5: Results from a successful topological identifica-
tion. a: The pose produced by the physical robot as a result
of running the first random motor program. b: The best
model produced after the first iteration of the run reported
in figure 4. c: The best model after the fifth iteration. d:
The best model after the ninth iteration. The physical robot
and the three models are shown performing the same motor
program.

ducted for 40 generations.

Figure 4 reports the behavior of the single successful run
achieved so far (a total of 10 runs have been performed).
Figures 4b and 4c report the leg lengths and local topolog-
ical configurations (which parental part to attach to, where
to attach to it, and with which joint orientation) of the best
models. As can be seen, all 12 configurations are success-
fully discovered partway through the eighth identification it-
eration, after which the leg lengths converge relatively close
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Figure 6: The relative successes of the 10 runs for topo-
logical identification. Each column indicates how many of

the 12 local configurationsthe best model from each run got
right (black=correct; white=incorrect).

to the correct length. Figures 5b-d show the best model ob-
tained at the end of thefirst, fifth and ninth iteration, respec-
tively. Figure 5 shows that the final model is indeed a pre-
dictive model: given the same motor program (such as the
first random motor program), both the model and the physi-
cal robot achieve similar poses (compare Figures 5a and d).
However, Figure 6 indicates that thisis a difficult task: con-
strained to nine identification iterations, only one of the 10
independent runs performed found all 12 of the correct local
configurations.

Conclusions

Here we have reported the successful automated synthesis
of robot models based on a physical robot’s embodied and
situated interactions with its environment. Specifically, we
have demonstrated successful parametric identification, in
which an approximate model was parametrically optimized,
and topological identification, in which a model was built
up by combining disparate model building blocks (in this
work, leg parts) together in the right way, and at the same
time optimizing the parameters of those building blocks (leg
part lengths). In the case of parametric identification, it was
demonstrated that the method automatically integrates in-
formation from different sensor modalities: neither the tilt
nor clearance sensor data explicitly report the length of the
robot’s legs, but both modalities are required by the model
synthesis process to produce accurate models. It has been
argued in the neuroscience literature that multimodal sen-
sor data is necessary for building body schema (Maravita
et a., 2003), and in robotic studies it has been shown how
body schema may be created by finding correlationsin sig-



nals across sensor modalities (Lungarellaand Pfeifer, 2001,
Hafner and Kaplan, 2005).

Thismethodol ogy presents a unified framework for study-
ing how internal models can be qualitatively synthesized,
parametrically optimized, and dynamically changed as a
robot actively explores its environment. In future work we
intend to investigate what kind of model is appropriate for
a given robot and task (i.e. explicit versus neura network-
based models), and how the models can be used to create
new controllers. Controllers can be synthesized by the robot
tolearn more about itself and itslocal environment or to gen-
erate new behaviors on the fly in response to unanticipated
morphologica change (damage or tool use), environmental
change, or changein the desired task. This method may also
help generate testable hypotheses about how higher animals
create model s of themselves and use them to guide behavior.
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