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Abstract. The search for variants of effective neural behavior is a major
requirement for the identification of novel neuro-dynamical control principles. Evolutionary algorithms are successfully used to search for such
controllers. But neuro-evolution tends to find similar, well performing
solutions when run multiple times, instead of many, perhaps also weaker
performing, but neuro-dynamically highly interesting variants. Furthermore, variants only develop by chance, so that a systematic exploration
of different neural control strategies is difficult. With the ICONE method
the search space can be shaped by so-called constraint masks (CM) to
bias the evolving networks towards specific configurations. On the basis
of an animat experiment we demonstrate that the number of evolved
distinct variants can be significantly increased using different CMs.
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Introduction

In the field of neurorobotics and evolutionary robotics [3] one of the research
goals is to identify dynamical and organizational principles of neuro-control that
lead to reasonable behaviors of animats [11]. Often, results do not only provide
practical guidelines on how a specific neuro-controller can be realized, but may
also give insights and suggestions for the examination of nervous systems of
living organisms.
To find neuro-controllers that can be analyzed with respect to their interesting dynamical properties, the main approach is neuro-evolution [2], the application of evolutionary algorithms to neural networks. This promising approach,
though, only works well for comparably small networks, because with an increasing network size, the search space explodes exponentially. This is called
the scaling problem of neuro-evolution [5]. A second problem of many evolution
experiments is that a small set of possible solutions often dominates other valid
control structures. Such dominating controllers are usually more likely to evolve
or simply perform better, so that weaker performing or less likely controllers
only have a marginal chance to evolve. This is a major obstacle for experiments
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having the goal to find variants of neuro-controllers in order to identify different approaches with interesting novel properties to solve a problem, if necessary
also including weaker solutions. So the goal here is primarily the identification
of different neural structures and neuro-dynamical control strategies applicable
to a certain problem domain, in contrast to the usual focus on finding an optimal solution. An experiment in this context is merely a representative sample
for an entire problem domain and not a specific problem that should be solved
optimally. This is why an optimal solution for a particular experimental setting
is not more interesting than other, in that particular setting possibly weaker
performing solution strategies: All identified solutions are essentially interesting because of their potential to be (re-)used in other experiments, in which
the formerly optimal controller may be less capable than some of the identified
alternatives.
Being able to identify as many different solutions as possible on the basis of a
single experimental setting also reduces the effort of the experiment design and
allows less elaborate, simpler experiments to be used.
A number of approaches have been proposed to tackle these problems, including new evolution methods for larger networks (e.g. HyperNEAT [1], NEATfields
[7]) and measures to increase the diversity in the population (e.g. niching [10][17],
novelty search [9], behavioral distance [12]). However, these methods focus primarily on the autonomous, random discovery of regularities or differences, which
makes it difficult to systematically search for specific, knowledge-driven variants
of neural control.
In this sense, more control over the evolving networks is given with shaping
approaches [4], in which domain knowledge is usually applied to break down
a difficult task into simpler subtasks and to guide the evolution in incremental steps by changing the evolution operator settings, the fitness function and
the evaluation method over the course of successive evolutions. This approach
can also be used to search for different solutions, simply by evolving each single subtask multiple times with different settings, each time with the potential
of having different dominating solutions to evolve successfully. With this strategy, solutions dominated by stronger solutions in one experiment may become
dominant in others and hence get a chance to evolve.
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Network Shaping

A related, rarely used approach is search space shaping at the network level. In
this context, we call this approach network shaping. Hereby, the initial network
characteristics are systematically varied between experiments to bias the search
towards different network topologies and parameter domains. This, for instance,
can be done by initially providing structures to start with, by changing the
location of neurons [1][13], by choosing locations for network assembly programs
[8] or by excluding selected network elements from evolution [6].
A method that allows a much stronger and more general definition of the
desired network topologies, and that therefore is optimally suited for the network
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shaping approach, is the ICONE method, presented in the next section. With
this method very complex and specific network topologies can be described and
enforced on the network level in a simple and intuitive way. Accordingly, the
associated search space for a series of otherwise identical experiments can be
biased systematically and with any degree of specificity into different directions,
so that the evolution of different solutions to a problem becomes much more
likely. This focus on certain search spaces may be realized with very specific
settings, merely to confirm assumed solutions, as well as by using quite loose
specifications to allow also surprising, unexpected solutions.
In this contribution, we show how network shaping with the ICONE method
can be used to systematically search for neuro-controller variants, including network configurations that otherwise would have been unlikely to evolve.
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Interactively Constrained Neuro-Evolution

The Interactively Constrained Neuro-Evolution method (ICONE) [14][15] has
been developed to cope with the larger search spaces of the upcoming class of
animats with a rich sensorimotor equipment. Such animats will have a comparably large number of neurons and synapses, that brings most evolution algorithms
to their limits.
The ICONE method is a universal, flexible technique to restrict and shape
the search space based on domain knowledge. With ICONE, all peculiarities of
an animat and its behavior, that are known in advance, can be used to bias the
search towards very specific, smaller subspaces of the overall search space, in
which evolution is feasible again. In the following, only the basics required for
understanding the network shaping approach are explained here in detail.
The search space restriction of the ICONE method is achieved by providing
so-called constraint masks (CM) that define the valid search space for an experiment. During evolution, only networks within this search space can evolve.
A CM is formed by manually choosing groups of neurons (e.g. neuro-modules)
that correspond to the neurons’ roles, mutual relations, logical aspects or to their
associated location on the animat. Every neuron can belong to multiple groups
simultaneously. In a second step, these groups can be equipped with so-called
functional constraints to define the actual CM. Constraints operate within the
scope of their associated neuron-group and enforce their limitations and requirements by actively changing the subnetworks with appropriate operators. So, if
mutations violate constraints, then the constraint operators repair the damage
and make the network compliant with the CM again. Accordingly, functional
constraints induce strong dependencies between parameters in the network, so
the dependent parameters are not part of the search space any more. With these
constraints, any topological and organizational property, limitation or requirement can be expressed and enforced, reducing the search space by excluding
all inconsistent network configurations. During evolution, any mutation still can
take place, but due to the repair mechanisms of the functional constraints all
mutations nevertheless lead to valid networks within the defined search space.
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The current reference implementation of ICONE [16] with its graphical tools
provides many standard constraints, like cloning of subnetworks, different kinds
of symmetries, synaptic pathways, connectivity pattern, weight and bias restrictions, complex weight dependencies, and many more [14]. Additionally, very specific custom constraints can be implemented as plug-ins to extend the method
by less common constraints. This allows a simple and powerful description of
the desired network topologies and an intuitive definition of CMs.
A CM, by reducing the search space, also biases evolution towards a specific
network topology. Hereby, more restrictive CMs lead to a stronger guidance and
more predetermined solutions. Therefore, defining a CM is always a trade-off
between the dimensionality of the search space and the degree of indeterminacy
of the solution. The definition of CMs hereby is not a trivial task. Detailed
descriptions of examples can be found in [14][16].
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Experiment for the Exploration of Controller Variants

To demonstrate the exploration of controller variants with network shaping we
choose an experiment with a non-trivial animat having a sufficiently large number of sensor and motor neurons to allow many different solutions for behavior
control. This animat consists of a closed chain of connected plates. Each plate
is equipped with a servo motor to control the joint angle towards its successor
plate. The motor provides two motor neurons, one to control the desired angle
and one to specify the maximal torque applicable to reach the desired position
(Fig. 1a). Furthermore, each plate carries a full set of sensors, including an angular sensor for the joint, a force sensor to detect pressure on the plate, acceleration

Fig. 1. The closed-chain animat and its motor and sensor equipment. All motors and
sensors shown in (a) and (b) are available on every body segment. The animat can be
configured with a variable number of segments with different sizes. The two animat
configurations used in the experiment are shown in (c). (d) shows the minimal network
(80 sensor neurons, 20 motor neurons) for a 10-segment animat with a grouping of the
neurons according to their position on the animat.

Evolving Variants of Neuro-Control using Constraint Masks

5

Fig. 2. The closed-chain animat in the obstacle course. The four obstacle zones of the
course are roughly sketched in the lower right figure.

sensors and a gyroscope sensor (Fig. 1b). This closed-chain animat comes in two
versions with differing complexity. Configuration (A) consists of 10 equally sized
plates (Fig. 1c left). Configuration (B) has 15 plates in three different sizes that
divide the animat in 5 equal triplets (Fig. 1c right).
In the experiment the animat has to follow a straight obstacle course (Fig. 2)
by moving forwards over different types of obstacles. For this, it has to develop a
coordinated motion of all body segments. The course (Fig. 2) is bounded by walls
to ensure that the animat cannot topple over or diverge from the path. The path
is separated into four zones. Zone (1) is obstacle free to allow the development
of a forwards locomotion first. Zone (2) comprises some low, horizontal obstacles
that are easy to pass, followed in zone (3) by a sequence of ramps with increasing
steepness. Zone (4) then provides higher, more diverse hurdles.
The experiment, however, aims at finding variants of neuro-controllers for
that task, exploiting different uses of the sensors, motor control approaches and
network organizations. First, each animat configuration is evolved multiple times
with a general CM that constrains the evolution only minimally, so that on one
hand many valid controller variants are possible, and on the other hand the
search space is small enough for the evolution to succeed. Without these minimal
CMs bootstrapping the evolution becomes too difficult, because fitness is only
gained for a coordinated movement of all body parts. The probability to ’freely’
evolve such a coordination is is very low. These results demonstrate the diversity
of the best solutions for these least constrained cases.
In the second step, a series of experiments with more restrictive CMs is performed. Each experiment focuses on different domains of the search space using
specific CMs and is run multiple times to search for controller variants. All hereby
involved search spaces are subspaces of the first two experiments. Therefore, in
principle, all controllers found with the stronger constraints could also emerge in
the two least constrained cases. We then compare the evolved solutions to investigate whether more restrictive CMs lead to controller variants not appearing in
the results for the minimally restricted cases and whether the identified solutions
also differ for each CM. This would indicate that the successive application of
different CMs on the same experiment generates more controller variants than
the evolution that is applied exclusively on the least constrained search space.
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Fitness Function. In all experiments, the fitness f at time step t is given by
f (t) = (1 − δ)g(t) + δ

t−1
X

g(j) ,

δ ∈ [0, 1]

(1)

j=0


 0.1
g(t) = g(t − 1) + −0.1

0.0

if maxt > maxt−1
if maxt < maxt−1 ,
else

g(0) = 0 ,

(2)

that is, f (t) is the sum of all increments g up to the current step. The ratio
between current increment g(t) and the increment history can be adjusted with
parameter δ; g(t) is based on the positions of the animat’s body parts; maxi
denotes the index of the body part with the largest distance from the origin (in
positive x axis) at time step t. If that index is higher (lower) than the previously
furthest body part, then g(t) is increased (decreased). Hereby, index 0 is considered to be the valid successor of the highest index, closing the chain. In short,
the faster and further an agent gets, the higher its fitness becomes.
Evolution. The experiments use the physical simulator of the NERD Toolkit [16]
software. During evolution, each neuro-controller is evaluated multiple times
with slightly randomized positions of the animat and the obstacles. The fitness
of a neuro-controller is defined as the mean of all tests performed in this way.
The settings of the evolution operators are similar for all evolution experiments.
Three sets of evolution settings are provided and automatically used at certain
generations. The first set is only used to generate a very large initial generation
with many different individuals. The second set is for the main evolution hereafter. The third set is used starting with the 150th generation to allow more
fine-tuning of weights and less structural changes. The settings of the three sets
are given in figure 3. In the context of this experiment, not all features provided
by the ICONE method – such as the interactivity and the modular crossover
– are used. This avoids that the results are influenced by interventions of the
experimenter. Further comments on the motivation for these parameter settings
and descriptions of the mutation operators can be found in [14].

Fig. 3. The settings of the evolution operators. Parameters of different sets are separated by a slash. Parameters not specifying a second or third setting keep the last
setting also for the next set(s).
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Constraint Masks

General Constraint Masks. The general CMs used for the two first, minimally
constrained evolutions (M1, M2, see table 1) already restrict the search space
significantly to allow successful evolutions at all. In both cases, the networks
are divided into neuron groups, each containing all motor and sensor neurons
of a single body segment (Fig. 1d). In configuration (A), a single group (master group) is allowed to evolve freely, whereas all other groups are constrained
with a clone constraint to enforce a structure identical to that of the master.
Configuration (B) uses three master groups that represent the three consecutive
body segments with differing size (the three segment types forming a triplet).
All other groups here also use a clone constraint that enforces the structure to
be identical with that of their corresponding master module, i.e. with the one

E
M1
M2
V1

C
A
B
A

Sensors
All
All
Angle

V2 A Angle
V3 A Accel.
V4 B All

V5 B Gyro

V6 A Angle
Accel.

V7 A None

V8 A Accel.

Constraint Mask in Addition to Default Mask
Enforces the usage of neighboring groups and prevents the use of the
own sensor. Additionally, the motor angle neuron is fixed and the
behavior has to be realized using the motor torque neuron only.
Allows only connections between every second neighbor, hereby
defining two neuro-dynamically independent rings of groups.
In addition to the angle sensor, each of the three differently sized
segments uses only one of the other sensors (acceleration, gyroscope,
force). So, each group of a triplet now has a different set of sensors.
A single group of each triplet now has a gyroscope sensor. Accordingly, there are only 5 gyroscope sensor sets (x, y, z) to control all 15
segments. A special constraint ensures, that only networks evolve in
which all motor neurons are influenced by (an arbitrarily long chain
of) synapses coming from the gyroscope sensors.
The master group is forced to use a neural oscillator with frequency
control between the sensors and the motors. Therefore, the oscillators have to be connected suitably and a strategy for an effective
synchronization has to be found.
The network is equipped with a structure that produces an activity
pulse that passes through all groups. The frequency of the pulse can
be evolved, as well as a strategy to use it to generate locomotion.
The master group is forced to develop an excitatory feed-forward
structure between the sensors and the motors, whereas signals from
the direct neighbors can influence that structure with inhibition only.

Table 1. Descriptions of the CMs for network shaping. The first column specifies the
experiment, the second the used animat configuration (A) or (B), and the third the sensors allowed by the CM. M1 and M2 refer to the minimally constrained evolutions. The
last column gives a description of the additional constraints focusing on the evolution
of specific controller variations (V1 - V8).
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that has the same segment type. In both configurations, the master groups are
constrained to grow only local synapses within the same group. For connections
between the groups, a connection symmetry constraint is used, that enforces a
rotation symmetry in the ring of groups. So, if a connection from group 1 to 5 is
added in (A), then this constraint adds connections from group 2 to 6, 3 to 7, 4
to 8 and so forth. In (B), it adds connections only for groups of the same type,
so from group 4 to 8, 7 to 11 and 10 to 14. Consequently, all groups (of the same
type) provide identical subnetworks and a rotation symmetric interconnection
pattern. These CMs reduce the search space to the feasible size of a single (or
three in the case of (B)) joint controller(s).
Special Constraint Masks. The used CMs to bias the search space further (V1 V8) are described in table 1. They are chosen exemplarily to demonstrate the
various ways the CMs can describe specific approaches. Of course, a systematic
exploration is also possible by systematically enforcing the use of interesting
combinations of sensors, actuators, coordination heuristics and functional structures. A major impact on the controller strategy certainly has the choice of the
sensors. Here, CMs can not only prevent certain sensors from being used (V3),
but also allow the definition of specific uses of these sensors. Experiment V1, for
instance, only allows the use of sensors of neighboring groups, and V5 enforces
all motor neurons of a group triplet to be influenced by a gyroscope sensor. A
second variation worth looking at are different motor configurations. With CMs,
one type of the motor neurons (angle or torque) may be fixed (as in V1), so
that the behavior has to be realized with the remaining motor neurons. A fixed
torque neuron, for instance, requires a control based on angle settings, whereas
a fixed motor angle neuron requires a control of the torque. In a closed-chain
animat it is also interesting to investigate the role of communication between
the body segments, for instance how different communication pathways change
the control strategy (V1 - V3). And finally, it is interesting to test hypotheses
for control, as is done exemplarily in V6 - V8: the use of oscillators, an activation
pulse and a feed-forward structure with lateral inhibition. This can be achieved
by constraining the networks to use very specific given structures or to organize
in specific ways.

6

Results

Figure 4 shows an overview of the results. The upper line gives the number
of identified distinct solutions evolved during all evolution runs of each experiment. To classify controllers into solution classes, controllers have been grouped
by their observed behavior, by their internal sensor usage and (where possible)
by their identified underlying neuro-dynamical properties1 . The fitness of the
best evolved controller (2nd row) and the average of all runs (3rd row) for each
experiment can be used to compare the performance of controller variants. The
1

Due to the sheer mass of controllers, only a limited number of interesting controllers
have been analyzed in detail [14].
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Fig. 4. Results of the evolution experiments, showing the number of distinct variations
per experiment (only identified variants based on a rough analysis; more variants may
be found with a deeper analysis), the best fitness per experiment and the capability
of controllers to overcome the obstacles. The zones of the obstacle course are given as
numbers (1 - 4) next to each column. 0 hereby indicates a total failure and 3* refers to
the third zone excluding the steepest ramp.

fitness has been normalized by rerunning the best network per experiment to obtain the mean of 10 tries with 6000 simulation steps each. A different perspective
on the performance can be read from the columns, which show the capability of
the best controller of each evolution run to overcome the obstacle zones.
Analysis. As a first observation, each experiment provides its own set of solution
variants (including a common, dominant solution and some less likely, differing
solutions) that are in most cases different from the ones found in the other
experiments. Therefore, the number of identified variants is indeed much higher
(≈ 40) compared to the more general search spaces only (M1: ≈ 8 and M2: ≈ 5).
Videos and networks of these controllers can be found at our homepage2 .
The high fitness of the evolved controllers in M1 and M2 indicates that with
these configurations highly capable controllers (passing all obstacles very fast)
have been found that presumably dominated other, weaker performing solutions
(slower or incapable of overcoming certain obstacles). This suggests that the
lower performing solutions found in experiments V1 - V8 have been suppressed in
M1 and M2, where they, in principle, are also possible. Furthermore, the variants
evolved with M1 and M2 are very alike: Most solutions rely on the gyroscope and
the force sensors and differ only slightly in their control structure. Controllers
using other sensors became extinct due to the very likely occurrence of that
successful approach. Because these controllers do not require a sophisticated
communication between the segments, only trivial connectivity pattern evolved.
More interesting structures only developed using the stronger CMs. The identified variants hereby do not only express differences in the observable behavior
2

nerd.x-bot.org/closed-chain-animat
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Fig. 5. Time-series of six examples with considerable behavior differences

(Fig. 5), such as elongated or wheel-shaped rolling, organic looking motions,
behavior switching at obstacles (e.g. leaning forwards, repeated approaching,
backtracking with run-ups), coexisting behaviors (depending on starting conditions), the emergence of ’virtual limbs’ (e.g. to push the agent with a periodically
forming ’tail’) and intermittent forwards-catapulting, to list a few of the more
interesting ones. In addition – and more importantly – the solutions also show
different neuro-dynamical and structural approaches: Controllers evolved complex communication and coordination strategies between the body segments,
various sensor combinations have been successfully used to generate locomotion
and the motors have been controlled with different strategies (e.g. joint control,
stiffness control or both). This also involved different numbers, distributions
and kinds of ’active zones’ over the body, in which the joints are actively driven
(e.g. bent, stretched, positioned), in contrast to ’passive zones’ with a low motor
torque. And also some more ’artificial’ approaches could be successfully tested
with various results, such as driving the locomotion with neural oscillators.
This overview shows that network shaping with CMs is helpful to protect
specific configurations, to increase the number of different solutions and to find
also controllers that otherwise would be suppressed by more dominant solutions.

7

Discussion and Conclusion

We have shown that variations of neuro-controllers can be evolved by biasing the
search space with CMs towards specific solution approaches. The empirical results show, that the number of variants can be significantly increased compared
to evolutions without such specific masks. Hereby, the CMs can not only be used
to systematically choose combinations of motors and sensors, but also to apply
any kind of domain knowledge to the evolving population, so that even very specific network organizations and control hypotheses can be explicitly approached.
Although many resulting controllers are not optimal, they often are interesting
because of the (novel) neuro-dynamic control principles they provide. Solutions
with a lower performance are, without other techniques to maintain a strong
diversity in the population (e.g. niching) likely to become extinct early and to
be dominated by better solutions. In such cases and when trying to find network
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solutions which are less likely to evolve, network shaping – as has been shown
with the ICONE CMs – is a powerful technique to find suitable controllers.
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