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Abstract

Emergence of stable gaits in locomotion robots is studied in this paper. A classifier system, implementing an instance-based reinforce-
ment-learning scheme, is used for the sensory-motor control of an eight-legged mobile robot and for the synthesis of the robot gaits. The
robot does not have a priori knowledge of the environment and its own internal model. It is only assumed that the robot can acquire stable
gaits by learning how to reach a goal area. During the learning process the control system is self-organized by reinforcement signals.
Reaching the goal area defines a global reward. Forward motion gets a local reward, while stepping back and falling down get a local
punishment. As learning progresses, the number of the action rules in the classifier systems is stabilized to a certain level, corresponding to
the acquired gait patterns. Feasibility of the proposed self-organized system is tested under simulation and experiment. A minimal simulation
model that does not require sophisticated computational schemes is constructed and used in simulations. The simulation data, evolved on the
minimal model of the robot, is downloaded to the control system of the real robot. Overall, of 10 simulation data seven are successful in

running the real robot. © 2001 Elsevier Science Ltd. All rights reserved.

Keywords: Locomotion robots; Minimal simulation; Gait patterns; Emergence; Reinforcement learning; Classifier systems

1. Introduction

The problem of understanding of sensible motions in
living organisms and reproducing them in mechanical
systems is challenging researchers and engineers working
in the field of robotics. The problem is very complex, espe-
cially for locomotion where legs interact with the external
environment and the structure of the system is varied from
step to step. Classical, model-based control approaches
gives us a basic framework for studying mechanics of loco-
motion [1]. They can be used to synthesize a very limited
subset of possible gaits. At the same time, they are too
sensitive and may fail if autonomy of the robot is required
to function in unknown environments. Thus, new paradigms
for synthesis of sensorimotor coordination in complex
locomotion system should be developed and evaluated [2].

Biological approaches are an alternative for studying
locomotion [3] as the living creatures offer proofs-of-
concept. In living organisms, the locomotion gaits are the
product of interaction between nervous and muscular
systems. While the muscular system can be well formalized
within theoretical mechanics, modeling of the nervous
system is still an open field of research. Interesting biologi-
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cal considerations on the design of controllers for locomo-
tion robots are given by Cruse [4,5] who developed a
biologically inspired network for controlling six-legged
walking.

One of the most popular approaches to self-organized
control of locomotion robots and evolving periodical gaits
is based on the use of a network of neural oscillators. This
approach, associated with the central pattern generation, has
received considerable attention in literature. The idea is that
the neural oscillators can gradually excite a rhythmic
motion of the robot [6—8]. It has been applied to control
of bipeds [9-11], quadruped [12,13], and hexapod [14—17]
robots. As the number of legs is increasing, the structure of
the neural network becomes more complex. To cope with
the difficulties in synthesis of the leg controllers, the authors
of the last four cited papers used genetic algorithms to
develop dynamical neural networks.

In living organisms, stable periodical gaits are essentially
an emergent phenomenon. One possible approach to evol-
ving stable periodical gaits is to exploit the idea of self-
organization by learning the perceived information. From
this point of view the ideas of reinforcement learning [18]
and learning classifier systems are especially attractive since
they can be applied to a wide variety of complex adaptive
systems. Learning classifier systems are a class of inductive
models, capable of adaptation and learning in reinforcement
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mode [19-22]. In a sense, they emulate the mental
processes in animals and humans.

The concept of learning classifier systems defines a very
inspiring paradigm of evolutionary machine learning.
Dorigo and Colombetti used classifier systems to control
wheeled mobile robots [23]. However, similar principles
can be used in sensorimotor control and coordination of
leg movements. In our earlier work we designed a classifier
system implementing the instance-based reinforcement
learning [24], and applied it to behavior acquisition of
autonomous mobile robots [25]. This classifier system can
also be used for studying emergence of motion patterns in
locomotion mechanisms. In this paper we use it to synthe-
size the robot gaits.

Evolving the robot controllers by learning requires a
considerable amount of repetitive trials. The learning
procedure can be tested on real robots but it may take a
long time on the traditional hardware. An alternative way
is to implement the learning procedure on a simulator and,
after successful learning, download it into the robot
hardware. In this case the output of the simulation can be
compared with the genetic information a child receives from
his/her parents as shown in Fig. 1.

It should be pointed out that evolving the robot control-
lers under simulation is one of the central problems facing
the development of evolutionary robotics. Unless the
problem is solved, the application of evolutionary robotics
to evolving behavior of such complex systems as walking
machines or multi-fingered robot hands is at least unrealis-
tic. Therefore, the development of carefully constructed and
validated empirical models, computationally suitable for
inclusion into the evolution loop, is of crucial importance.

The development of such empirical models, closely
linked to mechanics, artificial intelligence and computa-
tional psychology, requires establishing some basic
principles. One of them, the minimal simulation principle,
was proposed by Jakobi, who applied it to different robotic
systems [26]. The need of minimal simulation models was
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Fig. 1. Role of simulation in evolving controllers.

also pointed out by Pin, who studied a fuzzy behaviorist
approach for controlling autonomous mobile robots [27].

In this paper we, first, develop a minimal simulation
model, and then use it in the synthesis of stable gait patterns
for an eight-legged walking machine. The synthesis of
motion patterns is done by a learning classifier system that
can generate a compact set of rules corresponding to a
specific locomotion problem. In general, the rules are hard
to predict in advance especially in case if the number of legs
is large. In our approach, under proper reinforcement, the
rules and the corresponding motion patterns emerge during
the learning process. In this sense the synthesis of feasible
robot gaits can be called emergent.

This paper is organized as follows. The classifier system
is briefly described in Section 2. Organization of the control
scheme is presented in Section 3. A minimal simulation
model is devised in Section 4. Simulation results and experi-
mental verification of the controller evolved on the minimal
simulation model are discussed in Section 5. Finally,
conclusions are drawn in Section 6.

2. Classifier system

In our approach, the robot control system is modeled by a
classifier system that outputs control command in response
to a sensory input. In the classifier system, the actually
observable sensor space is populated with action rules
mapping certain state space to certain actions. The sensor
state space evolves and, as learning progresses, its structure
is self-organized (Fig. 2). The structure of the classifier
systems is similar to the basic one proposed by Wilson
[28]. The essential difference is that we formulate it in the
continuous state and action spaces.

2.1. Action rule

Let ng be the number of sensors and X = {x;, ..., X, 1T be
the sensory input of the robot. The system operates on a set
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Fig. 2. Dynamics of the state space.
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of action rules, R. The rule r € R is defined as follows:

r = <V, W’ u’a>’ (1)
where V = {vy,...,v, }T is the state vector associated with
and memorized in the rule r, W = {wl,...,wns}T is the

weight vector, u is the utility of the rule, a is the action
corresponding to the rule r.

The utility u is a real number indicating the relative value
of the rule in the learning process. It does not have any direct
physical meaning and may be only associated with the rule’s
strength or internal energy. The utility may have a biologi-
cal meaning since it is inherited from the rule’s parent and is
changing later during the evolution process.

If V matches in some sense the current sensory input X,
the rule r becomes active and can trigger its action a. The
weight vector W is used for comparing V and X. w; € [0, 1]
is the continuous analog of the Holland’s ‘don’t care’
symbol #. The closer w; to zero, the less important the
measurement of the ith sensor. The rules for which W =0
are called indefinite. They can be activated anywhere
regardless of the current state X the robot is in. All the
other rules are definite. They can be activated in a vicinity
of V, and the vicinity is defined using the weight W. The
rule’s specificity:

A=—Sw @

serves as a measure of definiteness of the rule. When A is
closer to 1, the behavior specified by the rule is more
reactive. On the other hand, as A gets closer to O the
behavior becomes more proactive (that is more ‘unrest-
ricted’ in the way of exploration of the environment).

Actually, in our implementation it is enough to keep only
one indefinite rule. All the other rules in R are definite. In the
beginning R consists of the indefinite rule with initially
assigned utility u,. As learning progresses, the total number
of rules in R, n,, varies by reproduction and extinction.

2.2. Action selection

The rules in R compete with each other for the right to
trigger their actions. For all the rules r; € R, the normalized
weighted distance between the current sensory state X and
the rule’s state vector V' is defined as:

n . 2
ol = 12(”‘4%) ) 3)

ng k=1 dk

where d; is the time-dependent scaling parameter. It is
defined as the maximum difference between the maximum
and the minimum values of the k-th sensor observed during
the learning process.

Next, we define the matching rate:

m; = exp(—T,,07), 4)

where T, is a constant. Note that even if no definite rules

match the sensory input X, the indefinite rule will always do.
Indeed, W = 0 and the matching rate m = 1 regardless of
the encountered state X. It makes the indefinite rule a likely
candidate for selection. This is especially important in the
beginning of the learning process when the indefinite rule is
often taken for execution and generation of new rules.

It is also to be noted that whenever the indefinite rule is
selected for execution, the action associated with this rule
is generated randomly in accordance with the uniform
distribution within [a@y;,, Gmaxl-

The winner rule is selected with probability given by the
weighted Boltzmann distribution:

P(r) = nrmj/\j exp(u;/T) ’ 5)

> mdy exp(udT)
k=1

where the parameter T has the meaning of temperature,
setting the balance between exploitation and exploration
of the state space.

2.3. Credit assignment

The utilities of the rules are updated every time after the
winner executes its action. The utility adjustment mechan-
ism consists of following parts.

Direct payoff distribution. The direct payoff P is given to
the winner rules only in specific states. There are two types
of payoff: reward (P > 0) and punishment (P < 0). The
payoff is spreading back along the sequence of the rules
triggered their actions (i.e. to the current and previous
winners) with the discount rate y:

ul) —u) + P, k=0...N, (©)

where N is the depth of the winners chain, and 0 < y < 1.
This corresponds to the profit sharing strategy where the
payoff is gradually discounted as the time step passes back-
ward. Here, the parent of r,, is rD, the parent of rV is r\(Nz)
and so on.

Bucket brigade strategy. The current winner r, hands

over a part of its utility, Au, back to the previous winner, r\(,vl):

W — D + Au, (7N
where
KAy (i, — ), if uy, > ull
Au= (®)
0, otherwise

and k € [0, 1]. Note that the rule rﬁvl) increases its utility.
However, we do not decrease the utility of the rule r, and
this is the main distinction between our strategy and the
conventional ones.

If actions are triggered only by a limited number of rules
(subset of R) and they hand over Au to one another, the
utility of each rule is expected to gradually converge to
the highest utility among these rules. Therefore, action
rules, cooperating in such a manner, can survive a period
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during which rewards are rare. This can be associated with
self-organization of the rules looking for an eventual
reward.

Taxation. Whenever a definite rule r,, triggers its action,
its utility is updated as:

Uy — (1 = ¢puy,. &)

The rule r,, pays a cost at the activation rate ¢y to prevent
dead lock or loop behavior. In a sense, the rule is taxed for
the right to perform. Note that the indefinite rule is tax-free
since its main function is to generate new rules.

Evaporation. All rules reduce their utilities at the
evaporation rate ) < 1 when the robot reaches the goal state:

Ung Mk (10)

In a sense, it corresponds to the ‘currency inflation’. The
rules decreasing their utility below the threshold u™" are
removed.

2.4. Reproduction

Having selected the winner rule r,, we execute the action
a,, associated with this rule. Next thing, we should take care
of after the action execution and utility adjustment is the
reproduction process. In our system, the winner rule r,
always generates a new rule r, (child rule) except for the
case when the action triggered by r,, has led to stepping back
or falling down. Details of the reproduction process are
formalized as follows.

If the winner is the indefinite rule, the reproduced rule
parameters are set as:

V;: = X W;: = 1» i = 1"'"”5' (11)

We call it ‘memorization of experience’. The utility of the
new rule and its action code are passed from the parent:

a. = ay, Uy = Uy, (12)

On the other hand, if the winner is a definite rule we try to
‘generalize the experience’. In this case, the newly produced
rules are called generalized.

Note that the rule r,, with high utility u,, can win the
competition even if its matching rate m,, < 1. In our system,
the winner reproduces a generalized rule r, provided that its
matching rate m,, is within a certain reproduction threshold
0., i.e. my, < 6,. It is reasonable to relate 0, with the rule’s
utility u,, by the following expression:

01. = eXP(_Ter) (13)

where T, is a constant. The implication is that for the rules
with higher matching rate we allow lesser utility to pass
through the reproduction barrier, and vice verse.

The vectors V° and W* for the new generalized rule are set
as follows:

_ |xi — v

=l (14)

VW= x;, wi =1

The utility and the action code for the new generalized
rule are set as:

a. = a,, Uy = AUy, (15)

Note that the new generalized rule built as above can
match a wider state space, which includes the state of its
parent.

3. Walking machine

An eight-leg locomotion robot, OCT1-b, produced by
AAI is used in the experiments. The robot is shown in
Fig. 3. Every leg has two degree of mobility (8 for the
rotation in the body plane, and « for lifting up and down
as shown in Fig. 4), and is equipped with two angle sensors.
In addition, there are two over-current sensors for each leg;
15 light sensors, eight infra-red sensors, and 11 whisker
switches. The robot is controlled by and monitored from a
PC (Sharp Mebius, Pentium MMX-166) through a serial
communication cable.

It is assumed that the robot can acquire stable periodical
gaits by learning how to reach a light source. The learning
trials are called episodes. The episodes are updated when the
robot reaches the light source, or when the number of
produced actions reaches some limit, N,.x. In general,
the learning task can be decomposed into consequent acqui-
sition of stable walking and acquisition of the straight
forward motions. However, in our teaching strategy we
combine these sub-tasks into one, keeping the separate
learning for the future research.

One classifier system is used for controlling the robot.
The robot does not have a priori knowledge of the environ-
ment, its own internal model, and the goal coordinates.
Based on the current sensory input, the control system
outputs the commanded action for each leg. There are
four actions for every leg. The actions for the first four

Fig. 3. OCT1-b robot.
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B(swing)

>

ou(lift)
Fig. 4. Degrees of freedom.

front and rear legs are listed in Table 1. The actions and the
values of the commanded angles are the factory settings for
the sample motions of the robot.

The robot configuration is defined by the action that has
been commanded. The total dimension of the action space
(4% = 65, 536) is rather large. In a very rough approximation
half of the action space (125 X 2%) is formed by the unstable
configurations. While it is possible to enumerate the stable
configurations and organize the learning process in the
space of the ‘stable’ actions, this approach would not be
general enough as in reality the explicit description of the
stable configurations is not always possible. Therefore, we
organized the learning process in the non-decomposed
configuration space.

During the learning process the control system is self-
organized by reinforcement signals. Reaching the light
source defines a global reward. Forward motion of the
robot gets a local reward, while stepping back gets a local
punishment. The forward and backward motions can be
detected from the intensity of the light source measured
by the light sensors at the front panel of the robot.

The actions generated by the control system can lead to
stable or unstable configurations of the robot as shown in
Fig. 5. Here, the stability is understood in the static sense,
i.e. it is preserved if the gravity center of the body, projected
onto the ground, lies within the contact leg polygon. In the

Table 1
List of actions for the four front legs and the four rear legs

Number Description Front legs Rear legs

BCE a® BE al®

1 Move forward and lift down +39 —10 +7 —-10
2 Move back and lift down -7 —10 -39 —10
3 Move back and lift up -7 +35 -39 +35
4 Move forward and lift up +35 +7  +35

Action Pattern
2034|567
2134|1234
2134|1124

—d —~L

]
3
3

N
2
2

Fig. 5. Actions and configurations.

credit assignment scheme, whenever the robot comes into
an unstable configuration, the rule that led to this configura-
tion gets a local punishment.

4. Minimal simulation model

The simulation based on the exact dynamic model of a
locomotion robot, including unilateral constraints imposed
on the legs in the contact mode and taking into account the
variable structure of the system, is still computationally
expensive. As a result, the learning process built on the
full dynamic model can be prohibitively slow, and all
speed advantages over the ‘real world’ evolution can be
lost [26].

In literature on locomotion systems, Jakobi constructed a
very simple minimal model of an eight-legged robot (simi-
lar to OCT1-b), which he explained only diagrammatically
[26]. Cymbalyuk developed a simple kinematic model of a
six-legged robot [29]. In our previous study [30] we tested a
minimal model of a four-legged robot. The model was based
on psychological considerations and was associated with a
virtual jump. In this section, we construct a relatively simple
minimal model for the OCT1-b robot. The model takes into
account, generalized parameters (friction and compliance)
of the contact between the robot feet and the ground.

For the robot under consideration the minimal simulation
model is a means to define the robot center position x(z + 1),
y(t + 1) and orientation 6(t + 1) based on the current
configuration and the current control command. Let n;; be
the number of legs on the right side changing their config-
uration from the state i at the moment 7 to the state j at the
moment ¢+ 1. Similarly define ni-j for the left side. It is
assumed that the current control command leads to a stable
configuration.

In defining the next configuration of the robot the legs that
do not contact with the ground are ignored. Moreover, we
will also ignore the legs that, at the instances tand ¢ + 1, are
in transition to or from contact. Thus, the legs coming from
state i to j do not contribute to motion of the body if i orj is 3
or 4. Physically, it corresponds to ignoring inertia of the
legs.

Let p > 0 be the elementary propulsion force when it
moves while keeping contact with the ground, and ¢ > 0
be the elementary resisting force of the leg when it is fixed.
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Fig. 6. Pure translational motion.

Define the driving force for the right side as:

Jiry = p(nh2 = 1), (16)
and the resisting force as:
Jres = q(ny + n). (17)

In defining the total driving force F" for the right side we
employ the reasoning similar to that of the model of
Coulomb friction. Namely, we assume that there is no
motion and F" = 0 if | fi,,| = f&. Otherwise, we define:

Fr— {férv _frres lff(;rv >frres’
fc{rv +frl;:s lff(;rv < _frl;es'

In a similar way, changing the superscript r to 1 in Egs.
(16)—(18), we define Fj, the propulsion force for the left side
of the robot. Then, we are in a position to define the total
propulsion force F and moment M:

(18)

F=F +F, (19)

M=F —F". (20)

Having constructed F and M, we can define the linear
displacement of the robot along the body axes:

Av =c,F, 20
and the rotational displacement of the body:
Af = coM. (22)

Here in the equations, ¢, and cy stand, respectively, for
the linear and rotational compliance.

Finally, the position and orientation of the robot at the
moment ¢ + 1 are defined:

x(t + 1) = x(¢) + Av cos 6(z), (23)

2 e | I/. -
2] o7 ./' [1]
'[2] e | I/. [1]
1 I/. [1]

Fig. 7. Pure rotational motion.
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Fig. 8. Translational and rotational motions.

y(t + 1) = y(t) + Av sin (1), (24)

0t +1)= 6(r) + A6. (25)

Of course, the minimal simulation model built as above is
very rough. In this model, the robot motion is similar to that
of a rowing boat. In a sense, it is considered as an intuitive
model of prediction of the next possible configuration of the
robot. The ‘virtual boat” model resembles a simple non-
holonomic system (unicycle mobile robot) as it excludes
the lateral displacements of the body. Also excluded are
any dynamical effects related to the balancing motions of
the body.

Example 1. Consider the example shown in Fig. 6, where
the current configuration of the legs is on the left side
and the configuration required by the control command is
on the right side. Here, we have n}, =4, n5; =0, nj; =0,
nb, = 0,1k, =4, nb; = 0,1}, = 0,n), = 0. Calculations by
Egs. (16)—(18) give F = 8p and M = 0, which leads to the
pure translational forward motion of the robot body.

Example 2. Consider the example shown in Fig. 7. Here,
we have n}, = 0, nb; = 4,10}, =0, n% = 0, n}, = 4, by =
0, nj; = 0, nb, = 0. Calculations by Egs. (16)—(18) give
F =0 and M = 8p, which leads to the pure rotational
motion of the robot body to the left side.

Example 3. Consider the example shown in Fig. 8. Here,
we have nf, =4, 1%, = 0,1}, =0, 15 = 0,1}, = 0, nb, =
0, n}; = 4, nb, = 0. Calculations by Egs. (16)—(18) give
F =4p and M = —4p, which leads to the translational
forward motion of the body accompanied with the turn to
the right side.

Example 4. Consider the example shown in Fig. 9. Here,

[1]\. ./'[1] [1]0\. ./'[1]

nS>g m‘\. i

e | l/.m m‘\l e (2]
"

=" ~

Fig. 9. Translational and rotational motions.

(2] (1] [1] (2]
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6th simulation run

9th simulation run

Fig. 10. Trajectory of the robot at the 90th episode.

we have n', = 2,15, = 0,1}, = 1,n% = 0,1}, =0, nb, =
2, n}y = 2, nby = 0. Calculations by Egs. (16)—(18) show
that F =0 and M = 0 (no motion) if p = ¢/2, F =2p — g
and M = g — 2p (forward translation and rotation to the
right) if g2 <p=g¢q, F=¢q and M = 3g — 4p (forward
translation and rotation to the right) if p > gq.

The simplicity of the minimal simulation model is attrac-
tive since it allows to conduct the learning process with a
relatively low computational cost. However, the model
parameters p, g, ¢, and ¢y, depending on the friction and
the compliance of the contact between the leg foot and the
ground, must be established experimentally in advance. In
our experiments (rubber foot on the linoleum) we roughly
defined p = 2.0, ¢ =1.0,c, = 0.5, cy = 0.87.

5. Simulation and experimental results

First, feasibility of the learning scheme is tested under
simulation. The episodes are updated when the robot
reaches the goal area source, or when the number of
produced actions reaches 500. The parameters are set as
follows: P =5 for the global reward, P = 5 for the local
reward, P = —5% of the corresponding utility for the
punishment, uy = 10, u,;, = 9.5, = 0.015, y=0.8, k=
0.1, =098, T=3,T, =100, and T, = 0.5.

Ten simulation runs are conducted in row, and for each of
them the required behavior is evolved. The simulation runs
differ only in the initially generated random numbers. The
robot trajectories for the sixth and ninth simulation runs are
shown in Fig. 10. In both cases the robot reaches the goal
area. Note that even in the successful episodes the robot
does not go to the goal by the shortest path. Actually, the
information about the heading direction of the robot does

not enter the sensor space of the learning scheme. Therefore,
no credit assignment (reward or punishment) is performed
for the heading direction. Note, that even though the robot
does not always go to the goal straightforwardly, it still can
acquire stable walking patterns in the leg action space.
Dynamics of the learning process are presented in Fig. 11,
plotting the number of punishments, sub-rewards, and the
total number of steps necessary to reach the goal area by,

600 6th simulation run
500’; """""""""""""""""""""""""" EE Step
4001 Fall down
] : —— Back Steps
300
] - Global reward
2004 —— Local reward
100; ...............................................................................
O e
0 10 20 30 40 50 60 70 80 90
Episode
600 779th simulation run
500 v < 5 Step
] Fall down
4007: : —— Back Steps
300+ - Global reward
200 7 —— Local reward
0T
0 10 20 30 40 50 60 70 80 90
Episode

Fig. 11. Learning history.
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6th simulation run

Number of rules

__ Number of definite rule
generations

Number of generalized
rule generations

0 10 20 30 40 50 60 70 80 90
Episode

9th simulation run

Number of rules

_ Number of definite rule
generations

___ Number of generalized
rule generations
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Fig. 12. Rule reproduction history.

respectively, dotted lines, thin lines, and thick lines. Here,
the episodes at which the robot obtains the global reward are
marked by down arrows. As can be seen, the number of
punishments gradually decreases as learning progresses.

Fig. 12 plots the total number of rules, the number of
generations of definite rules, and the number of generation
of the generalized rules by, respectively, dotted lines, thin
lines, and thick lines.

The dynamics of the learning process reveals a certain
correlation between the total number of rules and the total
number of steps necessary to reach the goal. Namely, the
number of steps decreases soon after the total number of
rules does. Also, there exists a correlation between the
number of punishments and the number of generation of
the new rules. This indicates, indirectly, that the exploration
function of the indefinite rule is gradually subsumed by the
exploitation function of the definite rules with high utilities.
In fact, only particular definite rules, causing ‘useful’ beha-
vior, trigger their actions and increase their utility. At the
same time, ‘irrelevant’ rules decrease their utility and
evaporate eventually. Thus, after some time the behavior
acquired by the survivors becomes dominant.

The number of steps necessary to reach the goal is stabi-
lized after, approximately, 35 episodes. The stabilization
can be associated with acquiring certain gait patterns that
can be seen from Fig. 13, showing the leg action history

6th simulation run
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9th simulation run
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Fig. 13. Leg action history (simulation).
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6th simulation data 9th simulation data

Fig. 14. Real robot behavior.

(action number at the corresponding step) for the 90th downloaded to the control system of the OCT1-b robot,

episode. and one trial motion is performed. During the trial motion
The ability of the controllers to reproduce the behavior the robot is governed by the same classifier system with the

evolved under simulation is now tested under experiments. same parameters.

The simulation data (the rules after the 90th episode) is Overall, of 10 simulation data seven were successful in
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6th simulation data
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6th simulation data

1
0 20 40 60 80 100

T T T T T
120 140 160 180 200

Fig. 15. Leg action history (experiment).

running the real robot. To illustrate the experimental results,
we select one successful and one unsuccessful trial motions.
Behavior of the robot corresponding to the sixth and nineth
simulation data is shown in Fig. 14. It is inspected that a
purely straightforward motion evolved under simulation is
less robust comparing to the no so perfect simulation data.
This brings us to the problem of correct modeling of noise
and evolving the robot controller in a noisy environment.

Fig. 15 shows the robot gaits (leg angle time history)
during the trial motion. In all the experiments, even in the
unsuccessful ones, the robot tried to follow the gait patterns
acquired during simulation. In a sense, it confirms that the
gait patterns can be considered as the genetic ‘material’ of
the robot control system.

6. Conclusions

Emergence of stable gaits in locomotion robots is studied
in this paper. A classifier system, implementing an instance-
based reinforcement-learning scheme, is used for sensory-
motor control of an eight-legged mobile robot. The robot
does not have a priori knowledge of the environment, its
own internal model, and the goal coordinates. It is only

assumed that the robot can acquire stable gaits by learning
how to reach a goal area. During the learning process the
control system is self-organized by reinforcement signals.
Reaching the light source defines a global reward. Forward
motion gets a local reward, while stepping back and falling
down get a local punishment.

The control actions are specified at the leg level. As
learning progresses, the number of the action rules in the
classifier systems is stabilized to a certain level, correspond-
ing to the acquired gait patterns. Thus, motion patterns of
the global behavior (stable gaits) emerge, as the rules of the
classifier system are self-organized during the learning
process. Feasibility of the system proposed is tested under
simulation and experiment. The virtual boat model is
constructed and used for evolving the robot controllers
under simulation. The experimental results validate feasi-
bility of the model.

The results presented in this paper reflect our initial
research on the emergent synthesis of motion patterns
for locomotion robots. As such, there is enough room for
critical points that should be addressed in the future. For
example, the minimal model seems to work well for simple
navigation task but its performance has not been tested for
more complex behaviors. Next, the classifier system that we
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used as a learning engine has many parameters that are
difficult to tune to optimal values. Also, we did not use
formal systematic procedures to evaluate the performance
because this is a non-trivial problem. In this connection the
result of work [31] may provide some valuable insights.

Speaking about further development of the framework of
minimal simulation models, we think that the computational
simplicity of the minimal models should be inversely
proportional to the complexity of the controlled object.
Considering the simplicity and complexity as time varying
quantities that depend on the learning experience, the mini-
mal models can also be viewed in an ‘evolvable’ way. The
evolutionary component would allow for closing the control
loop and reducing the gap between the learning controller
and the model being used. From this point of view, it would
be interesting to establish and exploit the duality between
the models (action-to-state mappings) and the controllers
(state-to-action mappings) in developing co-evolutionary
scenarios. The key problem here is in the relation between
the real evaluation and the self-evaluation. To get some
basic understanding of how the frequency of real evaluation
influences fitness of the evolved individuals under the
computational time constraints, we plan to probe this
problem on relatively simple one or two-dimensional
control tasks.
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