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Abstract

One of the open problems in autonomous robotics is

how to consistently and scalably integrate new behav-

iors into a robot with an existing behavioral repertoire.

In this work a new technique called behavior chaining

is introduced, which allows for gradually expanding the

behavioral repertoire of a dynamically behaving robot.

The approach relies heavily on sca�olding: gradually

restructuring the robot’s environment such that selec-

tion pressure favors the incorporation of a new behav-

ior. This method teaches a robot a compound behav-

ior not yet reported in the literature: dynamic legged

locomotion toward an object followed by grasping, lift-

ing and holding of that object in a physically-realistic

three-dimensional environment. The method assumes

that success is dependent on the order in which behav-

iors are learned. This is justi�ed by results which show

that if a robot is forced to learn lifting �rst and then

incorporate locomotion, it eventually succeeds at both

more often than a robot forced to learn locomotion �rst

and then lifting.

Introduction
Useful autonomous robots must exhibit three prop-
erties: they must be able to perform behaviors au-
tonomously; they must be able to adapt an existing
behavior on the 
y in the face of unexpected situations;
and they must be able to exhibit di�erent behaviors in
di�erent circumstances. Recent work has reported an
autonomous physical robot capable of the former and
middle property: maintaining a behavior in the face of
unexpected body damage (Bongard et al. (2006)) using
automated modeling (Bongard and Lipson (2007)). In
this work a virtual robot is introduced that exhibits the
former and latter property: it is able to autonomously
learn one behavior (lifting) and then integrate a second
one (dynamic locomotion) into its repertoire.

Evolutionary robotics (Harvey et al. (1997); Nol�
and Floreano (2000)) is an established technique for
generating robot behaviors that are di�cult to derive
analytically from the robot’s mechanics and task en-
vironment. In particular, such techniques are useful

for realizing dynamic behaviors (eg. Reil and Hus-
bands (2002); Hornby et al. (2005)) in which indi-
vidual motor commands combine in a nonlinear fash-
ion to produce behavior, thereby making analytical
derivations of optimal controllers infeasible. However,
evolutionary approaches to dynamic behavior genera-
tion have focussed up until now on realizing a sin-
gle behavior, such as locomotion (Reil and Husbands
(2002); Hornby et al. (2005)) or grasping (Fernandez
and Walker (1999); Chella et al. (2007)). Alternatively,
multiple non-dynamic behaviors have been generated
for simpler wheeled robots (Nol� (1997); Lee et al.
(1998)).

The approach described here is a type of robot shap-
ing technique (Singh (1992), Dorigo and Colombetti
(1994) and Saksida et al. (1997)) in which the orga-
nization of the learning or evolution process is guided
manually or automatically. However, in behavior chain-
ing it is assumed that there is an underlying order in
which behaviors should be learned, and that this order
is dictated more by the agent’s morphology, controller,
task environment and controller optimization process
than it is by the agent’s current behavioral competency.

Although it is possible to realize multiple behaviors in
a robot by gradually incorporating more modules into
its controller (Brooks (1986); Calabretta et al. (2000)),
this approach does not scale well. A scalable approach
to behavioral 
exibility should allow the same dynamic
controller to exhibit multiple attractor states, in which
individual behaviors correspond to individual attractor
states, an idea that is gaining currency in the robotics
literature (Inamura et al. (2004); Okada and Nakamura
(2004)). One of the main di�culties in this approach
however is realizing multistability (Foss et al. (1997)) in
the controller: it should settle into di�erent attractor
states that correspond to the di�erent desired behaviors
in the face of the appropriate sensory stimulation.

The approach to realizing multistable controllers de-
scribed here relies on sca�olding (Wood et al. (1976)), a
concept borrowed from developmental psychology: eas-
ing the learning agent’s task environment at the outset
to allow initial learning, and then gradually removing



the constraints to stimulate further learning. The mini-
mal cognition approach (Beer (1996)) has led to agents
capable of multiple dynamic behaviors such as legged
locomotion and visually-guided orientation (Gallagher
and Beer (1999)), but this integration was achieved by
awarding the agent for demonstrating both capabili-
ties simultaneously, and without the aid of sca�olding.
The work here suggests that it may be easier to evolve
a controller that generates one behavior �rst through
sca�olding, and then incorporate additional behaviors
by reducing the sca�olding. Further, it is shown here
that to realize an agent capable of multiple behaviors
some behaviors may have to be learned before others:
this suggests that learning multiple behaviors at once
may not be scalable, although more investigation into
this issue is warranted. Sca�olding has been used with
some success in the robotics literature for realizing sin-
gle behaviors rather than sequences of dynamic behav-
iors (Pratt et al. (2001); Reil and Husbands (2002);
Lungarella et al. (2003); Ziemke et al. (2004)). Alter-
natively, a teacher may lead a robot through a series of
behaviors directly, after which the robot learns to re-
produce those behaviors autonomously (Saunders et al.
(2007)), but in this approach the exact motions com-
prising the behaviors must be demonstrated and there-
fore known a priori by the teacher.

In the work presented here we introduce a dynamic
sca�olding method that enables a virtual autonomous
robot to �rst learn one dynamic behavior (lifting) and
then gradually incorporate a second dynamic behavior
(locomotion) using a single monolithic controller. In
the next section the method is introduced; the following
section reports results demonstrating how this behav-
ioral competency arises; and the �nal section provides
some discussion and concluding remarks.

Methods
In this section the virtual robot is �rst introduced, fol-
lowed by its controller. The section concludes with a de-
scription of behavior chaining, the dynamic sca�olding
method that enables the robot to gradually incorporate
new behaviors into its repertoire.

The robot In this work a virtual quadrupedal robot
is used (Fig. 1). The robot is comprised of four legs
and a front gripper. The legs are comprised of an upper
and lower cylinder. The gripper is composed of a small
spherical claw base, which connects the main body to
the claw pincers. The claw base can be rotated upward
relative to the main body, and both the left and right
pincers are comprised of a claw arm (proximal to the
claw base) and claw tip (distal to the claw base). The
robot attempts to grasp and lift a rectangular target
object that is placed at varying distances from the front
of the robot's body. The physical speci�cations of the
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Figure 1: Two evolved behaviors. a-g: The robot
moves toward the target object placed 2.8 meters ahead
(a-d ), lifts it ( e,f), and drops it onto its back (g). h-n :
The robot moves toward the target object placed 3.0
meters ahead (h-k ) and swings it (l,m ) onto its back
(n).

Part length width height mass
Target object[T] 0.4m 0.4 1.4 1kg
Main body[MB] 3.0 1.0 0.3 1

Upper leg[UL] 0.7 0.1* 1
Lower leg[LL] 0.7 0.1* 1

Claw base[CB] 0.1* 0.25
Claw arm[CA] 0.8 0.1* 0.25
Claw tip[CT] 0.8 0.1* 0.25

Joint min max orientation
[MB][UL] -20o 20 sagittal
[UL][LL] -20 20 sagittal

[MB][CB] -1 120 sagittal
[CB][CA] -45 0 frontal
[CA][CT] -75 0 frontal

Table 1: Physical parameters of the robot and environ-
ment. *=radius

body parts and the joints connecting them together are
given in Table 1.

Eight motors actuate the four upper and lower legs,
another motor actuates the claw base, and four motors
actuate the base and distal parts of the left and right
claw pincers, for a total of 13 motors. A touch sensor
and distance sensor reside in both the left and right claw
tips, a rotation sensor resides in the claw base, and a
distance sensor resides on the robot's back (gray sphere


