
Evolving Systems manuscript No.
(will be inserted by the editor)

Fault-Tolerant Gait Learning and Morphology Optimization of
a Polymorphic Walking Robot

David Johan Christensen · Jørgen Christian Larsen · Kasper Stoy

Received: 1 February 2013 / Accepted: 4 June 2013

Abstract This paper presents experiments with a morp-
hology-independent, life-long strategy for online learn-
ing of locomotion gaits. The experimental platform is a

quadruped robot assembled from the LocoKit modular
robotic construction kit. The learning strategy applies
a stochastic optimization algorithm to optimize eight

open parameters of a central pattern generator based
gait implementation. We observe that the strategy con-
verges in roughly ten minutes to gaits of similar or

higher velocity than a manually designed gait and that
the strategy readapts in the event of failed actuators.
We also optimize offline the reachable space of a foot

based on a reference design but finds that the reality
gap hardens the successfully transference to the physi-
cal robot. To address this limitation, in future work we

plan to study co-learning of morphological and control
parameters directly on physical robots.

Keywords Online Learning · Locomotion · Modular

Robots · Reconfigurable Robots · Fault-Tolerance ·
Central Pattern Generators ·Morphology Optimization

1 Introduction

Biologically inspired, embodied robots are attracting

increasing attention for their potential properties such
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as adaptivity, robustness, versatility, and agility (Pfeifer
et al 2007). The ability of biological organisms to adapt
to dynamical changes in the environment (e.g. terrain)

and morphology (e.g. growing or damaged body) in-
spired the work described in this paper. Our long-term
vision is to design robots that like biological organisms

are able to perform life-long self-adaptation of both
their control and morphology to such changing condi-
tions.

Modular self-reconfigurable robots are a type of sys-
tem that in principle is able to self-adapt both control

and morphology. Such robotic systems are polymorphic
in the sense that by assembling the modules in different
configurations, robots with different morphologies and

thereby capabilities can be constructed. A robot’s mo-
bility is highly dependent on the details of its morphol-
ogy. Therefore, the morphological flexibility of modular

robots makes them an attractive platform for studying
robot locomotion.

We must design locomotion control with careful at-
tention to the interdependence with the robot’s mor-

phology and environment. However, since modular robots
are polymorphic, we do not want to design a control
strategy limited to a specific morphology. The strategy

should rather be adaptive to enable optimization of a
variable number of control parameters, for a class of
morphologies. The morphology of a modular robot can

change over time, either due to module failures, adding
or removing of modules, or due to voluntary morpho-
sis. Therefore, the strategy should ideally be life-long

to enable adaptation to changes in morphology or en-
vironment during the lifetime of the robot.

In this paper, we address the challenge of interde-
pendence between environment, morphology, and loco-
motion control by proposing an online learning strat-

egy. To fit the characteristics of modular robots, the
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Fig. 1 Illustration of a robot control framework with online
optimization of morphology and control. The focus of this
paper is online optimization of gaits and offline optimization
of morphology.

strategy is morphology-independent and life-long. The
strategy controls each actuator based on periodic ac-

tuation patterns generated by an oscillator. A network
of coupled oscillators that form an entrained central
pattern generator (CPG) controls the robot. To en-

able life-long learning based on noisy fitness measure-
ments we apply the model-less Simultaneous Pertur-
bation Stochastic Approximation (SPSA) method by

Spall (1992). We optimize the phase-shift of each oscil-
lator based on the robot’s measured velocity. Eventu-
ally we envision a control framework (see Fig. 1) that

based on the same methods can optimize not only con-
trol parameters but also online optimize physical pa-
rameters of the robot. In other words, we envision a

robot able to co-learn morphology and control.

1.1 Summary of Contributions

The main contributions of this paper are as follows:

– We propose a life-long online learning strategy that
optimizes CPG parameters based on a stochastic

optimization strategy (SPSA).
– We experimentally demonstrate the strategy on an

8-DOF quadruped LocoKit robot that converge on

average within 10 min.
– We present proof-of-concept experiments where the

strategy adapts to failed actuators.

– We demonstrate how SPSA can be used to offline
optimize morphological parameters of the leg de-
sign.

– We transfer the offline-optimized legs to the real
robot, but our attempts are unsuccessful which leads
us to hypothesize that online optimization of mor-

phology is a more viable approach.

This paper is an extended version of a paper that

was presented at the 2012 IEEE Conference on Evolv-
ing and Adaptive Intelligent Systems (Christensen et al
2012) and includes previously unreported experiments

on morphological optimization and learning (Sec. 6.3
and 6.4). This paper builds on previous work where we
studied the proposed strategy on simulated Roombot

robots, which is very different in terms of degrees of
freedom and modularity (Christensen et al 2010b).

1.2 Outline

In Sec. 2, we provide an overview of related work with
focus on adaptive locomotion of modular robots. In
Sec. 3, we describe the LocoKit and the design of a

quadruped utilized for experiments. The proposed con-
trol and learning strategy is described in Sec. 4. We
describe the experimental setup with the robot on a

boom and establishment of learning parameters in Sec.
5. Experiments on online learning, adaptation to fail-
ures, offline optimization of leg design, and online learn-

ing with such optimized designs are described in Sec. 6.
We discuss the results and suggest future work in Sec.
7 and give conclusions in Sec. 8.

2 Related Work

2.1 Reconfigurable Modular Robots

Modular robots are comprised of robotic modules that
a user can assemble in numerous configurations to con-

struct various robot morphologies depending on the
task scenario (Fukuda and Nakagawa 1988). Homoge-
neous reconfigurable modular robots are systems where

all the modules have the same combination of mechan-
ics and electronics. Alternatively, heterogeneous mod-
ular robots contain several types of modules with dif-

ferent functionality. The degree to which the modules
are self-contained can vary from autonomous mobile
modules (Groß et al 2006) to systems which combines
passive and active components (such as LEGO Mind-

storms). Heterogeneous systems (Duff et al 2001; Yim
et al 2007b; Stoy et al 2007) includes the LocoKit (Larsen
et al 2012) which we utilize in this paper. More details

on the history and mechatronics of modular robots can
be found in recent books and surveys (Yim et al 2007a;
Stoy et al 2010; Murata and Kurokawa 2012).

2.2 Optimization of Locomotion Gaits

Evolutionary algorithms are a popular way to optimize

locomotion gaits for modular robots. In the early 90’s,
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Sims (1994) pioneered the field by co-evolving the mor-

phology and control of simulated modular robots. Later
work succeeded in transferring similar co-evolved robots
from simulation to hardware (Lipson and Pollack 2000;

Marbach and Ijspeert 2004). An example of adapta-
tion by evolution in modular robots was conducted by
Kamimura et al (2005), who evolved the coupling pa-

rameters of central pattern generators for straight-line
locomotion of modular M-TRAN robots. The authors
were able to bridge the reality gap by incorporating

sensory entrainment in the optimization.
Although appealing, one challenge with evolution-

ary approaches is that once transferred, the robot is

typically no longer able to adapt to major changes in
the morphology or environment. Also, the reality gap
between the simulated environment, where the robot

evolved, and the real robot environment, where it should
function, is often so far apart that the evolved robot
cannot successfully be transferred to reality (Brooks
1992; Mataric and Cliff 1996). One approach to over-

come such limitations is to use a minimal simulation
as argued by Jakobi (1998). Minimal simulators only
model the relevant robot-environment interactions and

use randomness to model all other interactions. In sum-
mary, offline optimization based on evolutionary algo-
rithms introduces a set of difficult challenges that re-

quire significant ingenuity to solve.
Alternatively, we can optimize locomotion gaits on-

line. This was studied on the YaMoR modular robotic

system Marbach and Ijspeert (2005). Their strategy
utilized Powell’s method, which performed a localized
search in the space of selected parameters of coupled

oscillators. To reduce the search space the authors man-
ually extracted parameters from the modular robot by
exploiting symmetries. Follow-up work by Sproewitz

et al (2008) demonstrated online optimization of six pa-
rameters on a physical robot in roughly 25-40 minutes.
We also try to realize simple, robust, fast, model-less,

life-long learning on a modular robot. The main differ-
ence is that we seek to automate the controller design
further in the sense that we do not have to reduce the

search space, e.g. by extracting parameters from the
bilateral symmetry of the robot.

2.3 Distributed and Morphology Independent Control

Most related work performs control and optimization in
a centralized fashion. However, our approach utilizes a
control and optimization strategy that is also appropri-

ate for a distributed implementation. Maes and Brooks
(1990) took a similar distributed learning approach to
locomotion on a 6-legged robot. The legs themselves

were learning distributed. The potential advantages of

a distributed strategy include inherent morphology in-

dependence and fault tolerance.

Our strategy is not dependent on the robot’s specific

morphology. Similarly, Bongard et al (2006) demon-
strated learning of locomotion and adaptation to changes
in the configuration of a modular robot. They took

a self-modeling approach, where the robot developed
a model of its own configuration by performing basic
motor actions. In a physical simulator, they evolved a

model of the robot configuration to match the sam-
pled sensor data (from accelerometers). By co-evolving
the model with a locomotion gait, the robot could then

learn to move with different morphologies. Our work
presented here is similar in purpose but different in ap-
proach: The strategy is simple, model-less and compu-

tationally cheap to allow implementation on small em-
bedded devices, such as typical modular robots.

2.4 Fault-tolerant Control

This paper includes experiment on adaptation after fail-
ures of the robots actuators. It is an attractive possi-
bility to realize fault-tolerance and self-repair by tak-

ing advantage of modular robot’s redundancy and abil-
ity to adapt and self-reconfigure. Previous work has
demonstrated fault-tolerance and self-repair on modu-

lar robots engaged in locomotion and self-reconfiguration
(Yoshida et al 1999; Fitch et al 2000; Stoy and Nagpal
2004; Bongard et al 2006; Christensen et al 2008a). For

example, in a paper by Mahdavi and Bentley (2003) the
control of a snake like robot was optimized online using
a genetic algorithm. The genetic algorithm recovered

from failures in the SMAs actuating the robot.

2.5 Locomotion Control

This paper utilizes a model of central pattern gener-
ators (CPGs) to generate actuation patterns for loco-

motion. Related work has often applied CPGs to con-
trol locomotion of snakes and legged robots, e.g. (Taga
et al 1991; Kimura et al 1999; Crespi and Ijspeert 2006;

Righetti and Ijspeert 2006). The advantages of CPGs
include: stable limit cycle behavior, appropriate for dis-
tributed implementation, few control parameters, suited

to integrate sensory feedback signals, and offers a good
substrate for learning and optimization algorithms (Ijspeert
2008). For example, Pouya et al (2010) used particle

swarm optimization to optimize CPG gaits for Room-
bot robots that both contained rotating and oscillat-
ing actuators. Genetic regulatory network is an alter-

native biologically inspired method that previously has
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been used to control modular robot locomotion (Bon-

gard 2002; Zahadat et al 2010, 2012).

2.6 Optimization Strategy

The choice of learning strategy critically affects the per-

formance of the system. A paper by Kohl and Stone
(2004) presented an experimental comparison of differ-
ent algorithms for online optimization of locomotion

gaits for the AIBO robot. They compared four ma-
chine learning algorithms and found that simpler al-
gorithms (hill climbing and policy gradient) performed

better on the problem than the more complex algo-
rithms (amoeba and genetic algorithm). A recent sur-
vey by Silva and Machado (2012) provides additional

details about optimization of mechanical structure and
locomotion gaits for legged locomotion. In this paper we
utilize a stochastic optimization algorithm (SPSA by

Spall (1992)) to optimize the parameters of the central
pattern generators and the kinematics of the robot’s
leg design. In previous work we used distributed rein-

forcement learning (DRL) for morphology independent
learning of discrete actions and gait-tables to control
locomotion of modular robots (Christensen et al 2008a,

2010a). The main advantage of SPSA over DRL is that
it allows optimization in a continuous space, which is
appropriate for central pattern generators.

3 LocoKit - A Robotic Building Kit

The robot, used for experiments in this paper, is built

from the polymorphic modular robotic building kit called
“LocoKit” (Larsen et al 2010, 2012). The objective of
LocoKit is to realize a flexible user reconfigurable mod-

ular robotic kit, which is lightweight, affordable and en-
ables quickly realize energy efficient and robust legged
robots. The LocoKit aims at realizing these design goals

through a layered heterogeneous structure, with the fol-
lowing layers:

– Skeleton layer - low weight mechanical components
– Actuation layer - currently electrical servos
– Electronics layer - sensing, power, and computation

The LocoKit separates the mechanics, actuation, and
electronics in simple reconfigurable modular components

to increase flexibility and reduce the weight and com-
plexity of individual modules.

The LocoKit components include glass fiber-reinforced
plastic rods that connect everything in the system, and
connection components made of 3D printed acryl. For

actuation, the system uses the Dynamixel RX-10 servo.

Note that the prototype of the LocoKit used in this pa-

per is a relative early prototype and the details of the kit
has changed significantly in the newest version (Larsen
et al 2012).

Based on the LocoKit components we constructed
a quadruped robot as our experimental platform, see

Fig. 2(a). We based the leg design on a 4-bar linkage,
which we actuate using two actuators that are able to
rotate infinite. Fig. 2(b) illustrate the reachable space

of the foot. This design is inspired by Theo Jansen’s
StrandBeest (Jansen 2007). It is our long-term design
goal with the LocoKit to enable the design of energy ef-

ficient robots. This affects several of our design choices:
i) we place the actuators in the body of the robot to
keep the weight (and thereby momentum) of the legs

to a minimum. ii) A typical gait will be generated by
continuous phase-shifted rotations of the robots eight
actuators - by not using oscillatory actuation we min-

imize the accelerations (and thereby energy consump-
tion) of the actuators. In this paper, for simplicity and
reliability we control the servos from a central PC and

with external power. However, the system also includes
onboard electronics boards for power, processing and
communication, and motor control.

4 A Strategy for Life-long Online Learning

This section describes an adaptive locomotion strategy
based on CPGs for generating periodic actuation pat-

terns for gait implementation and SPSA for online op-
timization of gait parameters.

4.1 Central Pattern Generator and Network

Architecture

Biological CPGs are special neural circuits found in ver-
tebrates, able to produce a rhythmic signal without any
external sensory input, where they for example control

muscles during locomotion. We apply a CPG model for
gait control because of their ability to generate periodic
actuation patterns, ability to self-synchronize in a dis-

tributed system, open parameters which are appropri-
ate for optimization, and finally since CPGs are biolog-
ically plausible. More details about CPGs and their use

in robot control can be found by consulting the survey
by Ijspeert (2008). The specific CPG model we utilize is
a Hopf oscillator in Cartesian space with diffusive cou-

pling by van den Kieboom (2009). The advantages of
this model include its simplicity, stable limit-cycle be-
havior, and explicit parameters for setting phase, am-

plitude, and frequency. For an oscillator i the coupled
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(a) (b)
CcCm1Cm2Cm3Cm4Cm5Cm6Cm7Cm8M1M2M3M4M5M6M7M8x1p1x2p2x3p3x4p4x5p5x6p6x7p7x8p8

(c)

Fig. 2 (a) A quadruped robot with eight degrees of freedom constructed from the polymorphic robotic LocoKit. (b) The
reachable space (shaded area) and two example foot trajectories are shown for the 2 DOF leg. In the kinematic model p0,
p1 and p2 are kept stationary, p7 and p8 (disks) rotate around p0 and p1 (actuators) respectively in order to move p3 - p5
(joints) and p6 (foot). (c) The CPG network architecture of coupled oscillators that controls the LocoKit robot. The network
consists of eight motors controlled by oscillators coupled to a single central oscillator.

differential equations are:

ẋi = γ(µ− r2i )xi − ω̄yi (1)

ẏi = γ(µ− r2i )yi + ω̄xi (2)

Where ri =
√
x2
i + y2i and the state variables are x and

y. γ is a parameter that affects the speed of convergence

towards the oscillators amplitude µ2. ω̄ is the oscilla-
tor’s frequency which is a function of a frequency pa-
rameter, ω, and is also affected by the sum of couplings

to other oscillators. A coupling from oscillator i to os-
cillator j has a weight parameter, wij , and a desired
phase difference ϕij . Then the oscillator may couple to

other oscillators using:

ω̄ = ω+
N∑
j=1

wij

ri
[(xiyj − xjyi) cosϕij − (xixj + yiyj) sinϕij ]

(3)

The angular position of an actuator can be controlled
from software and Θ is the target angular position (set-
point). To make an actuator oscillate with a given fre-

quency, phase-shift and amplitude we set its setpoint
to Θ = xi. For the LocoKit robot, to make the ac-
tuator rotate continuously with a given frequency and

phase-shift we set it to Θ = arctan(xi/yi) and select
the appropriate quadrant.

The LocoKit robot is programmed with nine cou-

pled oscillators: eight which are used as setpoints for
its actuators (Cm1, Cm2 ... Cm8) and one which acts
as a central clock (Cc). Fig. 2(c) illustrate the architec-

ture. The centralized architecture can easily be made
distributed without significantly affecting the system
performance, as we did in previous work (Christensen

et al 2010b).

4.2 Learning Algorithm

For online optimization of CPG parameters we apply
the Simultaneous Perturbation Stochastic Approxima-
tion (SPSA) method by Spall (1992).

No single optimization strategy will be universally
good for all problems (Wolpert and Macready 1997).

Our motivation for selecting the SPSA algorithm is that
it has several attractive characteristics for online learn-
ing on modular robots: (i) Morphology-Independence -

The SPSA algorithm requires no explicit gradient and
therefore no model of the robot. SPSA build an approx-
imation of the gradient from direct, generally noisy,

measurements of the objective function. (ii) Scales to
high-dimensional problems - SPSA only requires two
measurements of the objective function per iteration

(i.e. two robot trials with slightly different controllers)
independent on the number of adjustable parameters.
(iii) Local life-long learning - SPSA use small perturba-

tions of the same parameter set to make the measure-
ments of the objective function. Hence the robot’s be-
havior only alters slightly while it is gradually learning

(unlike global optimization methods such as GA and
PSO (Kennedy and Eberhart 1995)). (iv) Distributed
learning - SPSA is simple to implement in a distributed

fashion since each module may independently optimize
its own parameters (unlike GA and PSO). The mod-
ules only need a simple coordination of when to update

the parameters based on shared measurements of the
objective function.

The SPSA method optimizes the p-dimensional pa-
rameter set θ̂ that is defined by the experimenter. In an
iteration, k, SPSA estimates the gradient, g(θ̂), based

on two noisy measurements of the objective function
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y(θ̂):

ĝk(θ̂k) =
y(θ̂k + ck∆k)− y(θ̂k − ck∆k)

2ck


∆−1

k1

∆−1
k2
...

∆−1
kp

 (4)

Where ck is a learning parameter and ∆k is a vector of
randomized ±1. For maximizing the objective function
SPSA then updates θ̂ based on ĝk(θ̂k):

∆θ̂k = ak · ĝk(θ̂k) (5)

θ̂k+1 = θ̂k + sign(∆θ̂k) ·min(|∆θ̂k|, ϵ) (6)

ak is a learning parameter, we also added a max step-
size, ϵ, to reduce the risk of instability.

5 Experimental Setup

5.1 Physical Setup

In the process of learning how to walk, the robot will
need the freedom to try out numerous different gaits,
while observing its locomotion speed. For our exper-

iments, we mount the robot on a boom, which gives
us the advantage of being able to run experiments for
a longer time without human interaction. The boom

provides threaded power to the robot and removes 665
grams of weight of the robot (i.e. 41 percent) by using
counterweights, and thereby minimizing the risk of the

robot breaking itself during the experiments. Clearly,
this lift together with the momentum of the boom af-
fects the dynamics of the robot. We do however accept

this source of error, since the purpose of the experi-
ments is to validate the learning strategy on a physi-
cal robot, not to find efficient gaits for the particular

quadruped operating without a boom. The boom has a
radius of 1.5 m and an encoder measures the position
of the robot with resolution of 0.5 cm/degree in the end

of the arm where the robot is mounted. To fasten the
robot onto the boom, we place a universal joint between
the robot and the boom. This enables the robot to move

in the roll and pitch angle while still being fixed in the
yaw angle. The robot can move in the up/down and
forward/backward direction but not sideway.

5.2 Control Parameters

We must establish several parameters before we can

perform experimental trials with the robot. The reward

signal maximized by the learning system, y(θ̂), is a mea-

surement of the velocity. We estimate the velocity as the
distance moved by the robot in five steps:

v = |pt+T − pt|/T (7)

This corresponds to a time of T = 5 · 1/ω = 7.14 sec,
where the actuators are set to rotate with a frequency
of ω = 0.7 Hz. The oscillators are tightly coupled with

weight parameters, wij , as described in previous work
(Christensen et al 2010b). Both learning parameters, ck
and ak, are set at fixed values to enable life-long learn-

ing. Generally, ck can be set based on about how much
the control parameters should be changed to cause an
measurable effect on the objective function. For our

purpose we set ck = 0.025 which corresponds to a vari-
ation in the phase-shifts of ±9.0 degrees while learning.
Similarly, ak can be set based on how much a control pa-

rameter should be changed given a typical measured ve-
locity difference. We set ak = 0.0015 which corresponds
to a phase shift change of 10.8 degrees at a typical 1

cm/sec velocity difference. These learning parameters
are set quite high to achieve fast convergence, poten-
tially at the cost of convergence to a local optima or

divergence.

The learning strategy optimizes the eight phase-
shifts for the eight actuators from an initial gait that
has all eight phase-shifts set to 0. For comparison we

utilize an ideally symmetrical trot gait which has four
phase-shifts set to π and four to −π. We previously
manually designed this trot gait for high velocity for

the purpose of a public demonstration.

5.3 Controller Implementation

The strategy is implemented as part of the “Assem-
ble and Animate” (ASE) framework (Christensen et al
2011). The objective of the ASE framework is to de-

velop a flexible and adaptive control framework, which
enable rapid development and deployment of modular
reconfigurable robots. We designed the framework to be

multi-purpose by providing both novel and well-known
distributed control strategies for modular robots. Fur-
ther, the framework is multi-platform which enable us

to cross-compile the same control programs (written
in C) for both simulated Roombots (Webots), LocoKit
(PC or embedded controller), ATRON (USSR or TinyOS),

and several other platforms.
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Fig. 3 Online learning with quadruped robot. (a) The reward (average robot velocity in five steps) is shown as a function
of time in four cases: for a learning gait, for the initial start-gait of learning, for a manually designed trot gait, and for the
learned gait (CPG control and no learning). (b) Online learning of eight control parameters (phase-shifts).

6 Experiments

6.1 Online Gait Learning

In this experiment, we validate the learning strategy
on the quadruped robot. As explained above we mount

the robot on a boom and send feedback wireless, us-
ing ZigBee, from the boom-encoder to a PC. The PC
controls the robot’s actuators based on the proposed

SPSA and CPG based strategy. In each trial, we let the
robot learn for a minimum of 20 minutes until the gait
velocity has stabilized.

The reward graph of a typical learning example is
shown in Fig. 3(a). For comparison the graph also shows
the measured velocity of a manually designed trot gait

which has an average velocity of 12.9 cm/sec (with a
standard deviation of σ=0.49). We observe that the
robot while learning improves its initial velocity from

around 0 cm/sec until it stabilizes around 13.0 cm/sec
after approximately eight minutes. Further, when run-
ning the final learned gait without online learning we

find that the robot is moving with a velocity of 17.5
cm/sec, which is significantly faster than the manually
designed gait. The learning strategy’s perturbations of

CPG parameters cause this decrease in average velocity
while learning.

The adaptations of the corresponding eight open pa-
rameters are shown in Fig. 3(b). The parameters do not

show any clear convergence towards specific values, but
fluctuate over time. The reasons for this includes: (i)
The problem does not have one unique solution, but

instead a large set of equivalent solutions (e.g. equally
phase-shifted parameters) and that many nearby so-
lutions have a similar high performance level. (ii) The

learning is life-long and the learning parameters (ck and

Exp nr. Learning Playback
Trot - 12.9 cm/sec
1 12.8 cm/sec 13.2 cm/sec
2 13.6 cm/sec 17.5 cm/sec
3 14.7 cm/sec 16.9 cm/sec
4 13.3 cm/sec 14.3 cm/sec
5 14.0 cm/sec 15.5 cm/sec

Table 1 Average velocity in five learning trials.

ak) are not gradually decreased, why the strategy con-
tinues to explore the parameters (driven by the random

vector in Equation 4). The fluctuation of the parame-
ters ensures that the robot can adapt to environmental
or morphological changes, but it also means that the

system can temporarily deviate towards worse perform-
ing solutions. By externally observing the behavior of
the robot, it is clear that the solution quickly converge

to a trot-like gait. This observation falls well in line
with the result from our previous work (Christensen
et al 2010b) that different quadruped Roombots also

converged to trot-like gaits.

We have run five learning trials with similar results.
An overview of the results is shown in Table 1. The table

shows the average velocity at the end of five learning
trials and the average velocity of “playing back” the
learned controller, i.e. CPG control without learning

enabled. For comparison, the table also shows the aver-
age velocity of the manually designed trot gait. Fig. 4
illustrate the average fitness graph for the five trials.

We observe that the different trials converge to gaits
with similar velocity (from 12.8 to 14.7 cm/sec). On

average this is slightly faster (13.7 cm/sec) than the
manually designed trot gait (12.9 cm/sec). The aver-
age velocity of playing back the learned gaits is 15.5

cm/sec, which means that the parameter permutations
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Fig. 4 Average of 5 trials of online learning with LocoKit
quadruped. Error bars indicate one standard deviation.

while learning decrease the velocity with on average

11.6 %. In the five trials it takes 4-11 minutes (on av-
erage 8 minutes) before the learning robot is moving
with an average velocity faster than 12 cm/sec. This

fast convergence confirms our results with simulated
Roombots which would optimize 45-54 open parame-
ters in 5-30 min. to gaits with 35-50 % faster velocity

than gaits found by blind random search (Christensen
et al 2010b).

In all five trials the learning converge to similar trot-

like gaits but the gaits are not identical or equivalent
as we note by observing the variation of the playback
velocity in Table 1. We observe that any actuation will

bring the some robot into movement that with minor
adjustments will cause the robot to move in a specific
direction. The strategy gradually (as opposed to in dis-

crete steps) improves the gait from a poor initial gait to
a close to optimal gait (see Fig. 3(a)). Based on these
observations, we will characterize the fitness landscape

as relatively smooth with flat plateaus and local optima.
Therefore, the strategy will be very likely to converge
to a high velocity gait but it will generally not be a

global optima.

In summary, the learning strategy is fast, reliable,
and effective in converging to gaits comparable or slightly

better than the manually designed gait.

6.2 Online Adaptation to Failures

In this experiment, we use the quadruped LocoKit robot

to study the strategy’s ability to adapt to failures of
the actuators. In two different experiments, we let the
robot continue to learn after several of the actuators has

stopped in a predefined position to simulate a failure of
the actuators.

In the first experiment we stop the two actuators

controlling a hind-leg. The result is shown in Fig. 5(a).

If we do not enable learning the robot’s average velocity

drops to 6.9 cm/sec. If we enable online learning, the
robot regains an average velocity of 9.61 cm/sec while
learning. Although we cannot make strong conclusions

based on a single trial, we expect this to be a beneficial
effect of adaptation. Simulation experiments on adap-
tation to failures shows a significant effect for the same

strategy in previous work (Christensen et al 2010b).

In the second experiment four actuators controlling
the “knee” of each leg is stopped. The result is shown

in Fig. 5(b). This causes the velocity to drop to 12.2
cm/sec (no learning). If learning is enabled the robot
achieves an average velocity of 13.1 cm/sec while learn-

ing and of 14.4 cm/sec if executing the learned gait. In
this trial, the effect of adaptation is less clear. In fact it
seems that the quick drop in velocity due to the failure,

makes the gait diverge temporary to an less efficient
gait, which the strategy then readapts to its previous
performance within a couple of minutes.

In summary, the experiments indicate that the on-
line learning strategy is able to adapt to morphological

changes such as failed actuators, but the concrete effect
depends on complex interactions between the robot, its
environment, the control system, and the type of fail-

ure.

6.3 Optimizing the Leg Design

Manual robot design using the LocoKit is challenging

because of the many open parameters such as stick
lengths and stick-joint topology. Therefore, manual de-
signs are likely to be suboptimal. In future work, to

address this challenge, we plan to design a small mod-
ule that can dynamically change the length of a stick
on the robot. This will enable online adaptation of both
morphology and control. However, as a first step to ex-

plore the potential we perform offline optimization of
the manually designed leg based on a kinematic simu-
lation.

We optimize six selected parameters (stick lengths)
from the leg design that are simple to modify on the

physical robot. We then use the same SPSA strategy
as utilized for online learning to maximize the following
fitness function:

fitness = α · A

Amax
+ β · S

Smax
+ γ · Lmin

L
(8)

A is the area of the reachable space of the foot, which is

important for locomotion in rough terrain. S is the max-
imum step length, which is essential for high velocity.
L is the total stick lengths in the leg, which correlates

with stability and physical practicality.
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Fig. 5 Online adaptation to actuator failures in the LocoKit quadruped. (a) The effect of single back leg failure (two actuators
stops). (b) The effect of failure on all knees (four actuators stop).

To maximize A and S and minimize L we scale
each part according to their extreme values, which we

find by individual separate optimizations to Amax =
10253mm2, Smax = 139mm, and Lmin = 370mm. There-
fore, each part of the fitness function is scaled in the in-

terval [0, 1] and by setting α+β+γ = 1 we can likewise
scale the fitness function in the interval [0, 1]. To fur-
ther guide the optimization clear of non-desired designs,

we add hard constraints to the solutions. If a solution
breaks a constraint it receives fitness = 0. Such con-
straints include continuous foot trajectories and limits

on individual stick lengths.
We then combine the different fitness parts by set-

ting: α = 0.6, β = 0.25, and γ = 0.15 which we exper-

imentally found would balance the leg design in accor-
dance with our expectations. As the initial solution for
the optimization strategy, we use the dimensions of the

manually designed leg.
Figure 6 shows the fitness graph of a typical opti-

mization run, where SPSA optimize the overall fitness

from 0.29 to 0.82. The reachable space and two example
foot trajectories are shows for the manual leg design in
Figure 7(a) and the optimized leg design in Figure 7(b).

We note that the leg possibly has an improved potential
for foot movement because of its increased step length.
However, since the simulation is limited to kinematics

we must study the effects on walking on the physical
robot to see if we can transfer the offline-optimized legs
to reality. Our working hypothesis is that it is possible

to use SPSA to optimize physical parameters online and
these results give a first positive indication of feasibility.

6.4 Online Learning with Offline Optimized Legs

The objective of this experiment was to apply the on-

line learning strategy to LocoKit robots with offline-
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Fig. 6 The fitness graph shows how the overall fitness is
optimized over the number of iterations. The development of
the three components comprising the fitness function is also
shown.

(a) (b)

Fig. 7 Optimization of leg design based on kinematics simu-
lation. (a) Manually designed leg, which we use as a reference
design. (b) Optimized leg design based on the reference de-
sign.
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Fig. 8 Online learning on a LocoKit quadruped with auto-
matically optimized leg design.

optimized legs. However, after physical trials with sev-
eral robot designs we observed that in most cases the
automatic optimization process was not able to produce

robots able to walk even if we manually designed the
gait. The main problem was that legs would move with
high amplitude movements that would cause the robot

to jump and fall in ways that would quickly break the
rather fragile plastic components of the LocoKit. In fu-
ture prototypes of the LocoKit we have produced the

components in a stronger material. However, for these
experiments, we introduced additional constraints in
the kinematic simulation. We defined a rather narrow

legal reachable space - outside this space, a leg design
would receive zero fitness. The effect of this constraint
was that the optimization process would find leg de-

signs quite similar to the manually designed leg and
therefore more likely to be transferable.

We tested one such optimized leg design with the
online learning strategy. The trial is shown in Figure
8. The trial is successfully adapting the gait, but with

an average velocity of 10.7 cm/sec and 12.4 cm/sec for
learning and playback respectively we note that this op-
timized robot design is not significantly faster than the

manually designed robot. The trot and initial gait are
identical to the one applied to the manually designed
robot. However, note that these gaits produce a very

different optimized robot because of the changes in the
kinematics design of the legs.

One fundamental problem with this approach is the
use of an insufficient simulator. The simulation model

only enables kinematic leg optimization and does not
allow a holistic evaluation and optimization of the lo-
comotion behavior. Therefore, several of the offline op-

timized leg designs failed to produce viable solutions,
i.e. we failed to transfer the designs successfully from
the simulator to the real robot.

To make the reality gap narrower, we could ap-

ply a physics-based simulator with rigid body dynam-

ics and collision detection, that could more accurately

simulate the robot, e.g. the Unified Simulator for Self-
Reconfigurable Robots (Christensen et al 2008b). How-
ever, it is a fundamental challenge to transfer simula-

tion results to physical robots due to the difficulty of
simulating the complex interactions between the robot
and its environment (Brooks 1992; Mataric and Cliff

1996). To address this issue, in future work, we plan to
perform the morphological optimization online on the
physical robots thereby eliminating the reality gap.

7 Discussion

In this paper, we considered the problem of locomotion
and demonstrated a robot able to perform online learn-

ing and adaptation to failed actuators. In addition, we
demonstrated how to optimize the morphology of the
robot in simulation using the same strategy. However,

transference to the physical robots was largely unsuc-
cessful. Clearly, we need to resolve a number of chal-
lenges before realizing our vision of fully autonomous

walking robots able to perform life-long self-adaptation
of control and morphology. Some of the most critical
challenges are the following:

Autonomous learning: Currently the robot is unable to
sense autonomously its own velocity as needed by
the learning strategy. Embedding sensors in the robot

for detecting self-motion may enable the robot to
learn without external sensing (i.e. the boom-encoder
feedback). Several types of sensors may be appli-

cable, including inertial measurement units (IMU),
and indoor or global positioning systems (IPS/GPS).
Specifically, optical flow is a biologically plausible

way to sense self-motion (Warren et al 2001; Lappe
and Frenz 2009). However, we need a careful com-
parison of the different alternatives.

Learning in a natural environment: In the presented ex-
periments, we mount the robot on a boom that pre-
vents it from falling over while learning. In order

to learn in natural environments the robot must be
able to detect such events, for example, by equip-
ping the robot with a tilt-sensor (i.e. accelerom-

eter). The robot could potentially learn a motor
sequence to stand itself up based on appropriate
sensor feedback, as demonstrated by Morimoto and

Doya (2001). In addition, the robot could learn a
self-model (Bongard et al 2006) which in some sit-
uations could be used to predict and avoid falling

over.
Morphology independence: The learning strategy will

generally not converge on robot morphologies that

tend to be unstable (e.g. humanoids), where body
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parts can self-collide, or where the gait velocity has

a low signal-to-noise ratio. Currently, the strategy
does not attempt to deal with these issues and it
is up to the robot designer to construct a robot on

which the learning can converge. The strategy does
however converge on a large class of legged mor-
phologies and different robot types as demonstrated

in this paper and in our previous work (Christensen
et al 2010b). We anticipate that by integrating more
sensor feedback in the control system it is possible to

increase the morphology independence of the strat-
egy.

Learning morphology: The LocoKit is currently not able

to adapt its own morphology as required if the robot
should be able to online co-learn morphology and
control parameters. Self-reconfigurable robots is a

type of modular robots able to autonomously change
the configuration of their modules (Stoy et al 2010).
In future work we will investigate how to enable

morphosis in the LocoKit system by designing com-
ponents that enables the system to change its mor-
phology online (e.g. controllable stick lengths). We
anticipate the proposed learning strategy is applica-

ble with minor adjustments to such as co-learning
of morphology and control scenario.

Navigation: Currently the robot simply learns a for-

ward moving gait. However, to learn autonomously
in natural environments the robot must be able to
navigate around obstacles, dangers, and potentially

solve a specific task (such as tracking a moving tar-
get). We can use the proposed strategy to learn a
selection of different gaits, such as turning. A higher-

level navigation strategy can select an appropriate
gait to steer the robot based on sensors (e.g. dis-
tance sensors). Depending on the environment and

the task, the navigation strategy is not required to
be complex, for example, a modified strategy based
on Braitenberg (1986) could be utilized in many sit-

uations.

8 Conclusion

This paper described a control strategy for online life-

long learning of locomotion gaits. We implemented a
gait as a central-pattern-generator (CPG) and opti-
mized eight open parameters using a stochastic opti-

mization algorithm (SPSA). We experimentally evalu-
ated the strategy on a physical robot constructed from
the polymorphic modular robotic LocoKit. We found

that the strategy was able to find efficient locomotion
gaits by online optimization on average within 10 min-
utes. We also performed experiments on continued adap-

tation after failures of several actuators and found that

the system was able to readapt after such failures. Fi-

nally, we utilized SPSA to offline optimize the kinemat-
ics of a leg design. However, we found the reality gap
was too wide to transfer successfully the designs to the

physical robot.

In the future, we will work towards realizing online
co-learning of morphology and control in a natural en-
vironment. Further, numerous improvements could be

studied for the proposed strategy, most significantly,
adaptive learning parameters in order to make the strat-
egy even more generic.
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Automatic gait generation in modular robots: ”to oscil-
late or to rotate; that is the question”. In: Proceedings
of the IEEE/RSJ International Conference on Intelligent
Robots and Systems, Taipei, Taiwan, pp 514–520

Righetti L, Ijspeert A (2006) Programmable central pattern
generators: an application to biped locomotion control.
In: Proceedings 2006 IEEE International Conference on
Robotics and Automation (ICRA), pp 1585 –1590, DOI
10.1109/ROBOT.2006.1641933

Silva MF, Machado JT (2012) A literature review on the opti-
mization of legged robots. Journal of Vibration and Con-
trol 18(12):1753–1767

Sims K (1994) Evolving 3d morphology and behavior by com-
petition. In: Brooks R, Maes P (eds) Proc., Artificial Life
IV, MIT Press, pp 28–39

Spall JC (1992) Multivariate stochastic approximation us-
ing a simultaneous perturbation gradient approximation.
IEEE Transactions on Automatic Control 37(3):332–341

Sproewitz A, Moeckel R, Maye J, Ijspeert AJ (2008) Learning
to move in modular robots using central pattern genera-
tors and online optimization. Int J Rob Res 27(3-4):423–
443

Stoy K, Nagpal R (2004) Self-repair through scale indepen-
dent self-reconfiguration. In: Proceedings of IEEE/RSJ
International Conference on Robots and Systems (IROS),
Sendai, Japan, pp 2062–2067

Stoy K, Lyder A, Garcia R, Christensen DJ (2007) Hierar-
chical robots. In: Proc. of the IROS Workshop on Self-
Reconfigurable Modular Robot, San Diego, CA

Stoy K, Brandt D, Christensen DJ (2010) Self-Reconfigurable
Robots: An Introduction. Intelligent Robotics and Au-
tonomous Agents series, The MIT Press

Taga G, Yamaguchi Y, Shimizu H (1991) Self-organized con-
trol of bipedal locomotion by neural oscillators in unpre-
dictable environment. Biological Cybernetics 65:147–159,
10.1007/BF00198086

Warren W, Kay B, Zosh W, Duchon A, Sahuc S (2001) Op-
tic flow is used to control human walking. Nature neuro-
science 4(2):213

Wolpert DH, Macready WG (1997) No free lunch theo-
rems for optimization. IEEE Transactions on Evolution-
ary Computation 1(1):67–82



Fault-Tolerant Gait Learning and Morphology Optimization of a Polymorphic Walking Robot 13

Yim M, Shen WM, Salemi B, Rus D, Moll M, Lipson H,
Klavins E (2007a) Modular self-reconfigurable robot sys-
tems: Challenges and opportunities for the future. IEEE
Robotics & Automation Magazine 14(1):43–52

Yim M, Shirmohammadi B, Sastra J, Park M, Dugan M,
Taylor CJ (2007b) Towards robotic self-reassembly af-
ter explosion. In: Video Proceedings of the IEEE/RSJ
Intl.Conf.on Intelligent Robots and Systems (IROS), San
Diego CA

Yoshida E, Murata S, Tomita K, Kurokawa H, Kokaji S
(1999) An experimental study on a self-repairing modular
machine. Robotics and Autonomous Systems 29:79–89

Zahadat P, Christensen DJ, Schultz UP, Katebi SD, Stoy K
(2010) Fractal gene regulatory networks for robust loco-
motion control of modular robots. In: Proceedings of the
11th International Conference on Simulation of Adaptive
Behavior (SAB2010), Paris, France

Zahadat P, Schmickl T, Crailsheim K (2012) Evolving re-
active controller for a modular robot: Benefits of the
property of state-switching in fractal gene regulatory net-
works. From Animals to Animats 12 pp 209–218


