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Abstract. In future space missions, versatile, robust, autonomous and
adaptive robotic systems will be required to perform complex tasks. This
can be realized using modular robots with the ability to reconfigure to
various structures, which allows them to adapt to the environment as
well as to a given task. As it is not possible to program beforehand the
robots to cope with every possible situation, they will have to adapt autonomously. In this paper, we introduce a novel framework which allows
modular robots to adapt physically (i.e., to change the structure) as well
as internally (i.e. to learn the behavior) to achieve high-level tasks (e.g.
’climb-up the cliff’). The framework utilizes evolutionary methods for
structure adaptation as well as to find a suitable behavior. The main
idea of the framework is the utilization of simple motion skills combined
by a motion planner to achieve the high-level task. This allows to achieve
complex task easily without need to optimize complex behaviors of the
robot.

1

Introduction

In space missions such as colonization of planets, robots are envisaged to set a
foundation for human expeditions [7]. Flexible and robust autonomous robotic
systems are required to operate in these hostile environments with low temperatures and high radiation. As not all the tasks can be pre-programmed before
a mission, nor the robots can be designed to cope will all possible situations,
an ability to autonomously adapt for a given task and environment is necessary.
The robots have to adapt both physically (i.e., to change the structure) as well
as internally (i.e., to adapt the behavior).
Modular Self-reconfigurable Robots (MSR) are potential candidates for such
missions. These robots consist of basic building blocks, which themselves are
fully functional robots [13]. Each module can move by its own or more modules
can be connected into a robot organism. The high reconfigurability of MSRs
makes them very flexible for different tasks as they can adapt their structure
to better fulfill a given goal. Furthermore, broken modules can be exchanged,
which increases the robustness of the robots.

In this paper, we present a novel framework for the task-driven evolution of
MSR systems. The core of the proposed framework is an evolutionary method
combined with a planning process. The evolutionary part provides candidate solutions, i.e. robot structures and possible behaviors. To estimate quality (fitness)
of a candidate solution, motion planning is utilized to create a plan to achieve
the desired high-level task using these behaviors. The fitness of a solution is then
computed as the cost of the plan. The utilization of the planning process allows
to use simple motion skills and combine them to achieve the given task, instead
of evolving a single behavior specialized for the task. These simple skills can be
learned faster, than learning the single complex behavior. Furthermore, such an
approach is more robust, as possible disturbances or imprecision of command
execution can be easily compensated by the planning process, that runs on the
robot.
1.1

Related Work

The evolution of structure and behavior can be done simultaneously or separately. Due to many parameters to be optimized, usually genetic or evolutionary
algorithms are employed for these tasks. In first case, a single genotype contains both structure of the robot as well as parameters of the controllers [15,14].
However, such a co-evolution only allows to evolve one behavior and not several
behaviors. Moreover, run-time of these methods may be considerable high especially when a complex behavior is required. Such an approach is thus suitable
especially for simple robots with simple behaviors.
In the second approach, where the structure and behavior are evolved separately, first the structure is evolved and then, the motions are optimized. A
motion of a modular robot can be realized using pattern generators. A Central
Pattern Generators (CPGs) [5] producing periodical signals for the actuators
are widely used. CPGs can model various types of locomotion such as crawling
or walking and they have been employed also for humanoids or legged robots.
To achieve a desired locomotion, parameters of the CPGs need to be optimized,
which can be solved using genetic algorithms [12], genetic programming [3], evolutionary approaches [16,10] or meta-heuristics [2].
As the methods for simultaneous evolution of structure and behavior can be
time consuming and computational intensive, they are not suitable for space missions, where the computational power is limited. Therefore, separated evolution
of structure and behavior is preferred. While many papers have been presented
for structure evolution, motion is usually realized as a single behavior such as
crawling of walking in a desired direction. Such methods may become ineffective,
when a complex task such as ’climb-up the cliff’ has to be achieved.
To evolve a robot suitable for a given high-level task, we propose the framework for Evolved Learning Organisms (ELO), which adapts the structure and
the behavior separately. The framework is based on the idea, that a complex
high-level goal can be achieved using simple motion patterns combined by a
high-level planning technique.

2

The Framework

The ELO framework is motivated by the Mars mission, where modular robots
will operate on the landscape. They communicate via a radio channel with the
main station, which solves computationally intensive tasks. Let us consider a
situation, where a robot needs to traverse into a valley, as depicted on Fig. 1b.
The base station is asked to suggest a new structure and plan to fulfill the goal.
The ELO utilizes a physical simulation with a terrain model to find a suitable
robot organism, its behavior and a plan to achieve the goal.
The schema of the framework is depicted of Fig. 1a. Here, an evolutionary
engine is used to find new robot structures. To evaluate the fitness of a candidate
solution, two main aspects need to be considered: a) the cost of reconfiguration
from actual structure to the new one; b) the cost of achieving the desired goal.
The cost of the reconfiguration is estimated using a reconfiguration planner,
which is described in [1] in details. To evaluate the second part of the fitness,
simple motion primitives are first optimized. These primitives represent basic
skills such as ’move-left’ or ’stand-up’ and they are then combined using a motion
planning to find a feasible plan to achieve the desired goal.
The found solution (i.e., robot structure with suitable motion primitives,
reconfiguration and motion plan) is sent to the robot, which reconfigures to
the target structure. Due to possible reality gaps of the simulation, the robot
may behave differently when controlled directly by the primitives evolved in the
simulation. Therefore, before the plan is executed, the simulated primitives are
first verified on the real robot. The on-board planner is then used to revise the
plan considering the real performance of the primitives. The plan, which consists
of sequence of motion primitives, is then executed. When the robot deviates from
the plan, e.g. due to slippage or imprecise execution of the primitives, a new plan
is generated on-board. The process is terminated if the high-level goal is achieved,
or when the on-board planner cannot find a feasible plan to achieve it. In such
a case, the base station is asked to provide a new structure and plan.
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Fig. 1. The schema of the ELO framework (a). Example of a Mars scenario: the robot
needs to descend into the crater (b). The Organism evolution component test many
candidate robot structures (e.g. the snake-like robot). The Motion planning component
creates a plan (green) to reach the goal, which is then used to compute the fitness.

2.1

Organism Evolution

The task of organism evolution is to generate feasible robot structures. These
structures are described by a string (a RFL word) which follows the Robot
Formation Language (RFL) notation [8]. It consists of symbols for module types,
symbols for the spatial relationship between two modules and symbols describing
the beginning and the ending of a branch. Let X be a module type which denotes
a CoSMO robot [6]. This robot can dock at four different sides, which are denoted
as A, B, C and D and they can be rotated to each other with a multiple of 90◦ .
These rotations are denoted by 0, 1, 2 and 3. In most cases, 0 may be omitted.
To describe the beginning and the ending of a branch, the symbols [ and ]
are used. For example: XABX describes an organism with two modules which
are connected with their A respectively B side to each other. X[ABX][BCX]
describes a module to which two other modules are connected.
RFL words can be easily modified, e.g the connection between two modules
can be altered or a sub-organism can easily be extracted from or attached to an
RFL word. Hence, these words are ideal as genomes for individuals in an Evolutionary Algorithm [9]. In the organism evolution task different mutation and
crossover operators are applied on these RFL words to create a new generation.
For mutating an organism, the spatial relationship between two organisms is
changed, a module or a branch is removed from the organism or a new module
is attached to the organism. The crossover operator takes two branches from
two organisms and attaches them together to create a new organism. While
applying these operators it is necessary to ensure that the resulting genome describes a valid organism structure, e.g. that two modules are not connected to
the same side of the same module. Therefore, a parser (which is based on the
RFL grammar) is used to check this structural integrity. A second test is based
on the geometry of the organism and is used to ensure that the modules in this
organism are not colliding with each other.
To evaluate the fitness of the evolved structures, its suitability for a given
high-level task needs to be estimated. The fitness has to consider a cost of reconfiguration into the new structure, which is computed in the reconfiguration
planner [1]. To estimate the suitability of the candidate structure for the given
high-level task, simple motion primitives are first learned and then used in a
motion planning.
2.2

Locomotion Learning

The locomotion learning component has the task to develop different motion
behaviors for a given organism using a physical simulation. Motion of the modular robots can be realized using CPGs. By finding parameters of the CPGs,
various motion primitives can be prepared. Depending on the robots structure
and a selected CPG, many parameters need to be tuned, which can be solved
using an evolutionary approach. This requires to define fitness function for each
of the motion primitives. As the primitives being learned are further utilized in
a motion planner, they can be relatively simple, i.e. they should provide motion

of a robot in its vicinity, For example, to achieve ’move-forward’ behavior, the
fitness can be computed using traveled distance. If the organism needs to rotate,
the fitness is based on the angle of the rotation. To learn climbing a stair, the
fitness function could count the number of steps the organism can climb.
As has been shown in our previous works [10,16], Particle Swarm Optimization (PSO) can be used to find the parameters in a short time. In the PSO
approach, each particle represents the vector of CPG’s parameters. Fitness of
the particles is evaluated using the physical simulation, which simulates motion
of the robot driven by the selected CPG. As the fitness evaluation may be time
consuming, an extension of PSO called fPSO [4], that evaluates the particles
less frequently, can be used. In the fPSO, the fitness is estimated together with
a reliability value. If this value drops below a certain threshold, the particle is
fully evaluated in the simulation. As the estimations are much faster than an
evaluation in simulation, fPSO finds optima in less time than the standard PSO
algorithm.
2.3

Motion Planning

The task of the motion planning module is to combine the motion primitives
learned by the above described approach to achieve the high-level goal. Motion
planning for modular robots can be solved using sampling-based methods such
as with Rapidly Exploring Random Trees (RRT). The RRT algorithm iteratively
builds a tree of feasible configurations, which is rooted in the initial configuration. Each configuration contains 3D position and rotation of a pivot module
and angles between the connected modules. When the tree approaches the goal
configuration, the resulting path can be found in the tree. To find plans for modular robots equipped with the motion primitives, we have proposed the RRT-MP
(Rapidly Exploring Random Tree with Motion Primitives) [16] algorithm. Here,
the primitives are considered as atomic actions, which reduces complexity of the
planning task, as the planner does not need to derive the low-level control signals for the actuators. Fitness of an organism can be computed e.g. according
to length of the plan or it can be based on the consumed energy.
2.4

On-board motion planning

The slowest part of the RRT-MP method is the physical simulation, which cannot be run on the on-board computer. To enable fast on-board motion planning
with low computational and memory demands, the concept of of Simplified Motion Model (SMM) was proposed [17]. The SMM describes only final rotation
and translation of the robot without modeling intermediate states during the
motion. This approximation is useful, as the robot moves using short primitives,
therefore the details about the motion can be avoided. The SMM contains only
few parameters, that are estimated during the on-board locomotion adaption.
For each motion primitive, a single SMM is created. The evaluation of SMM
is very fast and it allows to create plans with hundreds of nodes even on slow
computers.
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Fig. 2. Difference between full motion model (jerky trajectories) and SMM (straight
lines) (a). The SMM assumes, that robot moves on a straight line when controlled by
the primitives (solid straight lines). This assumption is satisfied when the primitives
are applied for a short time. Examples of motion plans generated using SMM (b,c).

2.5

On-board locomotion verification & adaptation

Due to possible imprecision of the physical simulation (reality gap), the motion
primitives provided by the Locomotion learning component may lead to different results when applied on a real robot. This could complicate reaching of the
desired goal, as the robot will not follow the plan exactly. Therefore, the primitives derived in the physical simulation need to be verified on the real robot.
This requires to execute each primitive on the robot and measure parameters
of the SMM based on the change of robot’s state. The motion plans generated
on-board using the SMM are thus more realistic than the plans provided by the
physical simulation.
However, even utilization of SMM with real robot’s parameters cannot ensure, that the execution of the plan will lead to exactly same states as is predicted
by the planner. This can be caused by imprecision of commands execution or
due to a slippage between the robot and the terrain. Small deviations from the
plan are not problematic, as they can be compensated by fast re-planning. However, such a compensation might not be enough when behavior of the robot
significantly differs from the expected behavior. In such a case, the problematic
motion primitives should be optimized directly on the real robot.
Such an optimization can be realized similarly to the optimization described
in Section 2.2. The task is to find parameters of a selected CPG to control the
robot in a desired way. For the optimization, the PSO method can be utilized.
Contrary to the Locomotion learning, where the fitness is computed using physical simulation, here, the fitness is based on real motions of the robot. Depending
on the desired primitive, the fitness can be computed using global localization
(e.g. as a distances traveled by the robot) or it can be computed using the internal sensors (e.g. angles of the joints). The former case is useful for the rough
primitives (e.g. ’move-forward’ or ’walk-back’), while latter case can be used for
fine motions such as ’rise-leg’ or ’stand-up’. After each iteration of the PSO algorithm, new particles representing the primitives are evaluated and used in the
on-board planner to generate a new plan. The on-board adaptation is terminated
when the on-board planner provides a feasible plan to reach the goal.

3

Experiments

This section shows examples of current state of selected components of the ELO
framework. Due to space limit, we only show achieved goals and we refer to our
publications for technical details. The simulation part of the ELO is realized by
Robot3D simulator [11], which simulates CoSMO (Collective Self-Reconfigurable
Robot Organism) modular robots [6]. CoSMO consists of cube shaped modules
equipped with four docking mechanisms. They exhibit a powerful main hinge
capable of lifting up to four other modules. The modules also possess a 2D drive
with which they can move by their own. Furthermore, the robots can exchange
energy and can communicate via Ethernet with each other while connected.
They are equipped with a small PC with Blackfin BF561 processor, 30 MB of
RAM with µCLinux.
3.1

Organism Evolution

In the experiments each individual had 100 seconds to move. After that time
its fitness has been calculated. For a new generation, the best 10% are taken
unchanged as elitists from the previous generation, 20% of the individuals are
created by cross-over and the rest is mutated. For mutation, the probability to
add one module is 40%, to remove a module is 20%, to rotate a connection is
30% and to swap two branches on the same module is set to 30%. In former
experiments this setup was used for different selection strategies (i.e. Rank Selection vs. Fitness Proportionate (FP)), on different terrain and with different
module behavior rules [9]. However, these experiments were realized for only 30
generations.
Though, good results have already been achieved after that time, it was not
clear, how many generations were required to find almost optimal solutions (due
to the huge search space, an optimal solution cannot be guaranteed). Therefore, one of those experiments has been repeated with 200 generations and 20
experiments. In these experiments FP has been used as selection strategy, the
organisms had to move over uneven terrain, where the obstacles had the size of
a robot module and the fitness was measured by traveled distance. Furthermore,
the evolution was restrained by one rule: when attaching a new module to an
organism (i.e. to the parent module, which is part of that organism), the phase
of the module was set to φchild = φparent + 0.25. One goal of this experiment
was to figure out, if with this rule caterpillar like organism are evolved.
Figure 3.1 shows the fitness of the best solution found so far of those experiments. There, the results of the experiments have been summarized as three
curves, which describe the median, the lower and the upper quartile. The highest
maximum fitness in an experiment was 700 cm, the lowest was 410 cm, which
was reached by most of the experiments after 60 generations. Figure 3.1 shows
the four best organisms in all these experiments. Most of those evolved organisms
exhibit caterpillar like structures with additional modules at their sides. These
modules prevent the organism from falling aside which would happen with a
pure caterpillar organism. Another result of this experiment is, that it is likely

that the evolution sticks in a local minimum, which can be prevented by raising
the mutation rate or running several evolution runs in parallel.

Fig. 3. Examples of evolved organisms.
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Fig. 4. Fitness values (traveled distance after 100s) of the best solutions found so far.

3.2

On-board Motion Planning and Motion Adaptation

The RRT-MP planner utilizing the SMM model was implemented for the Blackfin CPU. Construction of a motion plan between arbitrary positions in an arena
of size 4x5 m takes ∼ 1 s. Comparing to the time required to execute the plan
(order of minutes), the on-board planning is fast enough. Example of a generated plan and screen shot from the navigation are depicted on Fig. 5. The video
record is available at: http://www.youtube.com/watch?v=fCy3grSRC9k.
During the on-board motion adaptation, the desired motions can be learned
from scratch (particles in the PSO algorithm are initialized by random values) or
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Fig. 5. The Cross organism described by string X[AAX][BAX][CAX][DAX] (left).
The plan (red lines) with actual position of the robot (blue circle) and with its real
performance (green curve) (right).

the best parameters obtained in the simulations can be used for the initialization.
The importance of the proper initialization has been verified for the snake-like
robot with three modules. The results are shown on Fig. 6. As can be seen,
the random initialization (Fig. 6b) led to longer optimization with final value
.
f = 13 cm after 140 iterations, while the adaptation initialized with results
.
obtained in the simulation provided f = 24 cm in 40th iteration (Fig. 6c).
In the 40th iteration, the randomly initialized solution was only f = 10 cm.
The adaptation with properly initialized particles is thus significantly faster.
The graphs also show, that the motion primitive obtained from simulation was
further improved from initial value f = 17 cm to final f = 24 cm.
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Fig. 6. A simple snake-like robot (the RFL string is XACXACX) (a) The progress
of fitness with randomly initialized particles (b) and with particles initialized with
solutions provided by the simulation (c).

4

Conclusion & Future work

The experiments have shown, that both simulated as well as on-board parts of
the ELO framework can adapt structure and behavior of the robots. In the future

work, the remaining components have to be integrated into the framework and
then, the whole system will be tested on real robots.
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17. V. Vonásek, L. Winkler, J. Liedke, Martin Saska, Karel Košnar, and Libor Přeučil.
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