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Abstract. Motor synergies, i.e. systematic relations between eﬀectors,
have been ﬁrst proposed as a principle in motor control by N. Bernstein
in 1935. Thereafter, his idea has inspired many models of motor control
in humans and animals. Recently, “linear synergy”, i.e. a linear relation
between the torques applied to diﬀerent joints, was reported to occur in
human subjects during directional pointing movements [4]. In this paper, results from experiments in evolutionary robotics are presented to
explore the concept of synergies in general and the role of linear synergy
in the organisation of movement in particular. A 3D simulated robotic
arm is evolved to reach to diﬀerent target spots on a plane. Linear synergy is not found to be an outcome of the evolutionary search process,
but imposing linear synergy as a constraint on artiﬁcial evolution dramatically improves evolvability and performance of evolved controllers.

1

Motor Synergies
The centipede was happy quite,
Until the toad in fun
Said “Pray, which leg goes after which?”
Which worked his mind to such a pitch,
He lay distracted in a ditch,
Considering how to run.

This anonymous ditty expresses nicely what the Russian physiologist N.
Bernstein, a pioneer in biomechanics and anticipator of ideas of cybernetics,
has identiﬁed as the degrees of freedom (DoF) problem as early as 1935 (English
translation 1967 [3]): if we conceive of the central nervous system (CNS) as a
homuncular control organ that determines the state of all actuators at any point
in time, the control problem it has to solve is of inconceivably high dimensionality. Describing human or animal motion in terms of joint kinematics already
involves a large number of DoFs (e.g. 7 in moving an arm), but if motor control
is thought of in terms of individual muscles, or even motor neurons, the number
of DoFs to be controlled just for moving an arm quickly exceeds four digits [12].
Not only is the problem space intractably large, but it is also redundant
with respect to the outcome of an action, a condition that Hebb has termed
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“Motor Equivalence” ([6], p. 153ﬀ). Yet another diﬃculty in practising motor
control is context conditioned variability ([12], p. 246ﬀ): the eﬀect of a motor
command is sensitive to the anatomical, mechanical and physiological context
of the interaction of an agent with its environment, e.g. limb positions, passive
dynamics or the state of the peripheral nervous system.
Motor synergies, i.e. systematic relations between eﬀectors, are Bernstein’s
solution to the DoF problem. Just as the driver of a car, due to the linkage
of the two front wheels, can determine both their positions by using just one
steering wheel, mutual constraints in an organism’s motor system could serve to
build functional subunits, thereby reducing the eﬀective number of DoFs in a
motor task. Although this idea of motor synergies has greatly inﬂuenced research
in motor behaviour (e.g. [1,5,8,10]), it is not free from practical and conceptual
problems: is explaining the CNS as the driver of a bodily car much easier than
explaining the whole system? Where do synergies come from, what is a good
synergy, what mechanism controls their development and maintenance and the
interaction between synergies acting in parallel? Does the evidence that “the
context in which a motor task is executed strongly inﬂuences its organization”
([14], p. 74) not contradict the idea of low level synergies organising movement
primitives in a constrained and automated manner?
Motor synergies are evident in human and animal behaviour (for a summary
of ﬁndings see e.g. [13]). In situated and embodied approaches, which typically
reject homuncular explanations, it is not clear what functional role synergies
could bear, as without a homunculus, there is no need for “low level” mechanisms to interprete abstract orders in terms of bodily coordinates. It is exactly
the puzzle of their purpose that make synergies an interesting phenomenon to
explore from a situated and embodied perspective, in particular within an evolutionary robotics framework. The following are some of the questions that can
be addressed: Where do synergies come from? Under which circumstances do
they arise? Are synergies epiphenomenal to a structured agent environment interaction or implemented in the control architecture of an evolved agents? In
the reverse direction, thinking in terms of synergies can also enrich our understanding and practice of evolving artiﬁcial agents: in the endeavour of staying
tractable, many evolutionary robotics experiments seem to implicitly presuppose
the existence of synergies: control architectures are frequently not redundant in
DoFs and the role of actuators is rarely subject to context conditioned variability, as in biological organisms. Any comparison of the processes realising a
certain behaviour in a robot and those realising the same behaviour in a human
or animal will always rely on synergy–like low level processes to compensate
for such idealisations. To study the impact of idealising assumptions can improve our use of evolutionary robotics as a method for the study of intelligent
behaviour.
In this paper, the eﬀects of motor synergies and redundancy in DoFs in an
exemplary motor control task are investigated by performing a systematic comparison of evolvability and evolved behaviour in diﬀerent kinds of controllers.
The directional pointing task chosen is inspired by empirical experiments where
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linear synergies were observed in human subjects. If linear synergies are beneﬁcial to the organisation of the modelled task, their existence should lead to an
improvement in either performance or evolvability. The results are analysed with
respect to methodological issues in evolutionary robotics and put into relation
with the empirical ﬁndings by which they are inspired.

2

Experiments in Directional Pointing

The experiments presented in this paper are inspired by ﬁndings reported in
Gottlieb et Al. [4] on the linear relation between the torque applied to the
shoulder and the torque applied to the elbow during human directional pointing
in the sagittal plane. This principle of linear synergy could not be expected from
the nature of the task and does not appear to be the outcome of a learning
process, since infants in the pre–reaching period already apply it, even though
their attempts to grasp an object are unsuccessful [15]. The role linear synergy
plays in the realisation of pointing movements remains mysterious.
Following these empirical ﬁndings, a simulated robotic arm is evolved to reach to six different targets in the horizontal plane. The arm
is simulated in the C++ open source physics
simulation library Open Dynamics Engine
(ODE, [11]). It consists of a forearm, an upper arm (each two units long) and a spherical
hand (Fig. 1). The six target points are spread
evenly with uniformly distributed noise  [0, 16 π]
Fig. 1. The simulated robotic on the circumference of a circle with a radius of
arm. Inlay: Plan view of the task. 1.25 around the unitary starting position of the
hand at an elbow angle of 60◦ (Fig. 1, inlay).
Every DoF is controlled by applying a torque ti to a joint ji . In order to
test the eﬀect that the number of DoFs has on the task, experiments are run
on a planar (2D) condition (one DoF in each, elbow (tE ) and shoulder (tS1 ))
and a three dimensional (3D) condition (one DoF in the elbow (tE ) and three
DoFs in the shoulder: rotation in the horizontal plane (tS1 ), lifting/lowering (tS2 )
and rotation about the arm length (tS3 ), Fig. 1, left). Joint stops are applied
following the human example. In order to keep the task complexity comparable in
the 2D and the 3D condition, deviation of the hand from the horizontal plane
in the 3D condition is made impossible. Thereby, the model loses biological
plausibility, but not the suitability to explore the principrole of redundant DoFs
in a motor task in principle. Dry friction is applied at all joints, gravity is not
modelled.
The control networks evolved are continuous time recurrent neural networks
(CTRNNs, e.g.[2]) with an input layer projecting to a fully connected hidden
layer, which again projects in a feed forward fashion to the output neurons. The
dynamics of neurons ni in a CTRNN of N neurons are governed by

Linear Synergy Advances the Evolution of Directional Pointing Behaviour

τi

N

dai (t)
= −ai (t) +
wij σ(aj (t) + bj ) + Ii
dt
j=1
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(1)

where σ(x) = 1+e1−x is the logistic function, Ii is the external input and ai is
the activation of ni . The weights wij  [−7, 7] from nj to ni , the bias bi  [−3, 3]
and the time constant τi  [0.01, 1.77] are set by a genetic algorithm (GA).
Three diﬀerent conditions are investigated for both
the 2D and 3D set-ups (network architectures: see Table 1. Number of paFig.2, number of evolved parameters: see Table 1).
rameters evolved
In the unconstrained (UC) condition, torques ti are
UC SB FSa FSb
given by ti = M Gi ·(ax −ay ) where M Gi  [0.1, 30] is the
evolved motor gain and ax,y is the activity of the two 2D 109 75 53 46
antagonistic motor neurons dedicated to the control of 3D 161 115 62 83
the joint ji . The network has sensory neurons for the
angular position of each DoF, one sensory neuron for the pointing direction
θ  [0, 2 · π] and six hidden neurons.
In the “split brain” (SB) condition,
controllers
for each joint are co–evolved.
(a)
(b)
(c) t1 t2=t1 . Κ(θ)
t2
t2
t1
t1
They share the directional input neuron, but are only fed the corresponding
joint angles ji and have just three hidden neurons each. Comparing results
j1 θ j2
j1 θ j2
j1 θ j2
from the SB and the UC condition
is interesting with respect to role of a
Fig. 2. Network architectures for the 2D
neural basis for synergies: The lack of
UC (a), SB (b) and FS (c) condition
connections between the controllers for
each joint does not rule out the formation of synergies. Regularities in activation could in principle be mediated
through the environment. Discovering such synergies would pose a clear challenge to homuncular explanations of synergies.
Finally, in the forced synergy (FS) condition, only the torque tE to the elbow
is generated by a CTRNN, the other joint torques tSj are scaled as a linear
function tSj = Kj · tE where Kj is constant within a pointing movement, but
varies systematically across trials with the desired pointing direction: Kj = f (θ).
Two diﬀerent functional representations are used, in a condition called FSa,
K(θ) is a simple linear function
Kja (θ) = kj1 · θ + kj2

(2)

with kji  [−4, 4] set genetically. In the condition FSb, Kj (θ) is represented by a
radial basis function (RBF) network with Gaussian RBFs
Kjb (θ) =

4

i=1

δ2

wRi · e− 2·∆2

(3)
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where δ = ci − θ, d  [−π, π] is the diﬀerence in direction between the evolved
RBF center ci  [−π, π] and the target direction θ. The width of the Gaussian
RBF ∆  [0.5, 1.5] and the weights wRi  [−4, 4] are set genetically.
All sensory inputs in all conditions are multiplied by a genetically set sensor
gain SGi  [0.1, 20] The behaviour of the network is simulated using Euler integration with a time–step of 0.01 time units, the same time step as used in the
simulation of the arm in ODE. Trials are run for T  [2000, 3000] time steps.
The parameters of the control networks are evolved in a population of 30
individuals with a generational genetic algorithm with real–valued genes  [0, 1],
truncation selection ( 13 ), vector mutation ([2]) of magnitude r = 0.6 and reﬂection at the gene boundaries. All values are mapped linearly to the target range,
apart from the sensor gains SGi , the motor gains M Gi , the time constants τi ,
the absolute values of the coeﬃcients |ki | and the absolute values of the RBFN
weights |wRi |, which are mapped exponentially.
The ﬁtness F (i) of an individual i on a target spot j is given by
Fj (i) = 1 −

dj (T, i)2
dj (0, i)2

(4)

where dj (t, i) is the distance of the hand from the target spot j at time t for
individual i. Networks for all conditions are evolved with either incremental
evolution, where the next clockwise target spot is added to the evaluation once
the average performance of the population exceeds F̄ = 0.4 (starting with two
positions) or on all six target spots right from the start. The evaluation of a
network i on n target spots is given by
F (i) =

n


1
−(j−1)
j=1 2

Fj (i) · 2−(j−1) · n

j=1

(5)

where Fj (i) gives the ﬁtness on the j th worst evaluation trial for individual i,
which gives more weight to worse evaluations and thereby rewards the generalisation capacity of the evolved networks.

3
3.1

Results
Number of Degrees of Freedom

Even though the investigated pointing task is already redundant in the 2D
condition because of the inﬁnite possible trajectories leading the hand to the
target position, the liberation of movement by providing two additional DoFs in
the 3D condition results in an enormous increase in performance in all network
architectures: the number of target spots reached is much higher (Fig. 4).
Although the temporal organisation of movement can vary in 2D networks,
they do not have other possibilities for solving the task than to bring the two
planar joints in the appropriate end positions. The 3D networks, contrariwise,
make excessive use of the additional DoFs and exploit passive dynamics (in this

Linear Synergy Advances the Evolution of Directional Pointing Behaviour
Two Degrees of Freedom

1

(B)

Four Degrees of Freedom
1

0.8

(F'a - F'b)2

(F'a - F'b)2

(A)

267

0.6

0.8

0.6

0.4

0.4

0.2

0.2

0

0

UC

UC

SB

SB

FSa
FSb

jE

jS1

FSa
FSb

jE

jS1

jS2

jS3

Fig. 3. Squared diﬀerence in normalised performance as individual joints are free to
move but not driven (Fa ) or blocked (Fb ) in exemplary 2D (A) and 3D (B) networks

case joint motion due to environmental forces) to exhibit a multitude of strategies
for solving the pointing task. An invariant in the behaviour of the UC and the
SB networks was that their solutions involved turning the arm along its length
to one of the joint stops — apparently, the positions thereby reached are more
suitable for evolutionary search than the original starting position.
The performance of evolved controllers i was tested by selectively “anaesthetising” DoFs (Fa (i)), i.e. not applying the motor torques, but allowing passive joint motion, or blocking them (Fb (i)), i.e. not allowing joint motion at all.
Figure 3 shows the squared diﬀerence in performance (Fa (i) − Fb (i))2 between
those conditions: where enabling passive dynamics to work on the anaesthetised
DoFs does hardly make a diﬀerence in the 2D condition (Fig. 3 (A)), it has a
noticeable impact on performance of all 3D networks. This better behavioural
stability of the 3D networks seems to be consequent to exploitation of the closed
sensorimotor loop by mediating forces through the environment.
These ﬁndings illustrate how suppressing passive dynamics and endowing an
agent with the minimally required sensorimotor system for a task can bias and
limit evolved behaviours and even hamper evolution, even though dimensionality
of the search space is reduced.
3.2

Forcing Linear Synergy

Probably the most signiﬁcant ﬁnding from the presented experiments is the
dramatic advantage that the FSa and FSb networks have in performance and
evolvability over both the UC and SB networks 1 . Figure 4 shows how, in
incremental evolution, the FSb networks advance to the next goal twice as
many times as the non–FS networks. With twice as many generations, the non–
FS networks come closer to, but never reach the level of performance of the FS
networks. The 3D FSb network is the only one that succeeds in solving the entire
problem space; average performance of best individuals after 1000 generations is
0.65. Non–incremental evolution led to qualitatively similar results, i.e. quicker
evolution of networks with much higher performance under the FS conditions.
Where it could be argued that the RBFN is simply a very suitable representation for a scaling function in this task, this is certainly not the case for
1

Evolvability is simply conceived of as the level of performance to which a controller
evolves reliably in a given number of generations using the described GA.
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Fig. 4. Average number of starting positions reached in incremental evolution after
100 (dark) and 500 (light) generations across ten evolutionary runs

a simple linear function, particularly in the 2D case, where the sensorimotor
system of the robot is already so restricted that adding this additional harsh
constraint makes it impossible to generate a controller that masters the task,
not just because of the singularity at θ = 2π. To rule out the possibility that
the UC and SB controllers simply could not cope with the presentation of the
input direction as a scalar neural input, a more “CTRNN friendly” set–up was
tested, where controllers were provided with six diﬀerent input neurons for the
diﬀerent target spots and no noise applied to θ, but neither in the 3D or the
2D condition could they go beyond three targets within 1000 generations.
Evolving controllers for directional pointing under the constraint of linear
synergy could be shown to signiﬁcantly improve both evolvability and performance of the resulting networks. Even when trying to remove biases in the experimental set–up that could give the FS networks a task–speciﬁc advantage, this
advantage persisted. The division of control into scaling function and generation
of motor signal is in some way suitable for evolutionary search. The nature of this
beneﬁt, however, is unclear, as analysis of the ruggedness of the ﬁtness landscape
around successfully evolved individuals did not provide an explanation2 .
3.3

Evolved Synergies

As for the linear synergies Ki (θ) evolved, no general pattern could be observed.
Figure 5 (A) depicts an exemplary evolved RBFN in the 3D FSb condition:
the systematicities with which the scaling constant Ki (θ) varies in the diﬀerent
DoFs do not stand in an obvious relation. The displacement and overlap of peaks
in these functions explain the diversity of behavioural strategies for diﬀerent
domains of θ observed in the FSb networks: For diﬀerent targets, diﬀerent DoFs
are predominant in the realisation of the task.
If the principle of linear synergy was a characteristic of a good solution to
the pointing task, we would expect an increase of linearity in torque relation as
the performance of the UC and SB networks increases. Figure 5 (B) shows the
sum of squared error from linear synergy in the 2D and 3D UC and SB controllers in the best individuals across ﬁve evolutionary searches: Where a slight
2

Successful individuals were mutated in random direction with increasing magnitude
of mutation r to compare their decay in performance, which can indicate the slope
and ruggedness of the local ﬁtness environment. On average, there were no discrepancies between the diﬀerent conditions in the test, and large variance of decay proﬁle
between controllers within the same condition at a comparable level of performance.

Linear Synergy Advances the Evolution of Directional Pointing Behaviour
(B)

(A)

1

0

1

2

10

3

0
3
10

0

300

500

2

1

0

1

2

3

10

tE tS1

3

1

b

10

0

0.4
40

2

-3

-2

-1

0

θ

1

2

3

10

0

1

2

3

0.5

0

-0.5

0

-4

0

80

1.5

2

2

-4
4

20 40 60 80 100

0.6

0
-2
0
4

tS1

2

2

tS1

tE tS1

2

E
0

3

E

b

K1(θ)

b

K2(θ)

0.8

10

0

-4
4

K3(θ)

(C)4

2

4

269

20 40 60 80 100
300
Generations

500

-2
0

40

time

80

-1.5

0

2

tE

4

Fig. 5. (A): An exemplary evolved RBFN for a 3D FSb network. (B): Sum of squared
error from linear synergy across generations in the 2D (top) and 3D (bottom) networks,
solid: UC, dashed: SB, average across ﬁve evolutions. (Note non–linear scales) (C): A
2D UC network (bottom) applying a similar strategy as a 2D FSb network (top).

tendency to get closer to linear synergy as performance increases is noticeable in
the 2D networks, in the 3D networks, linear synergy and performance appear to
be completely unrelated. It is remarkable that, on average, the SB networks act
much less in linear synergy (note logarithmic scale), even though variance in the
SB networks is much higher. Linear synergies without a neural basis were not
evolved. From the mere architecture of the SB networks, this tendency to not
simultaneously activate joints can be expected. However, a remarkable discrepancy between behavioural breakdown when anaesthetising (Fa (i)) or blocking
(Fb (i)) degrees of freedom (see Sec. 3.1) was observed in the 3D condition:
this discrepancy suggests an involvement of the environment in the evolved solution, the prerequisite for establishing synergy without a neural basis. Being
more disposed to linear synergy does not give the UC controllers an advantage,
suggesting that the magnitude of deviation from linear synergy is not essential.
Figure 5 (C) shows, how a 2D UC network applies a very similar strategy
for solving a task, but slightly deviates from linear synergy, which leads to a loop
in the tE /tS1 map. On a performance level, this does not mean a disadvantage.
A direct correlation between the level of performance and the level of linear
synergy is not evident, particularly in the 3D networks, where the deviation
from linear synergy in the random initial populations is maintained throughout
evolution. The principle of linear synergy is not a priori a good strategy for
solving the pointing task — the advantage linear synergy oﬀers for the evolution
of directional pointing behaviour is through constraining the search space.

4

Discussion

A series of evolutionary robotics experiments has been conducted to shed light
on the role of linear synergy in a directional pointing task. Linear synergies
could not be found to be the outcome of an unconstrained evolutionary search
process. Furthermore, disconnected controllers for the diﬀerent joints did not
have a signiﬁcant evolutionary disadvantage compared to monolithic networks
controlling both joints, suggesting that the mere possibility of implementing
constraints between eﬀectors in a network does not provide a selective advantage.
However, imposing the constraint of linear synergy boosts the search process,
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even with impoverished linear scaling functions but, more signiﬁcantly, if an
RBFN represents the systematic variation of the scaling constant. The beneﬁts
of passive dynamics and redundant DoFs became clear during the analysis.
For the investigated task, both a complication (i.e. adding more DoFs) and
a restriction (i.e. forcing linear synergy) of the search space have provided independent evolutionary advantages. Thus, improving evolvability is not a matter of scaling up or scaling down the search space, but of reshaping the ﬁtness
landscape. As tasks and robotic platforms become more complex, evolutionary
robotics must produce appropriate reshaping techniques to scaﬀold the search
process and thereby solve the “bootstrap problem” ([9], p. 13). Such a reshaping
always means biasing evolutionary search. A lesson that may be learned from
the present results is that biologically-inspired biases can not only help to make
a stronger connection between models and empirical ﬁndings, but they can also
be beneﬁcial from an engineering perspective.
A generalisation about the evolvability of the applied technique, however,
is not justiﬁed. Apart from technical diﬃculties, such as deﬁning where one
movement starts and another one ends or formalising the context of the task as
a set of variables according to which a scaling constant Ki can vary, in many tasks
a linear relation between eﬀectors will be disadvantageous: for instance, a twowheeled robot doing obstacle avoidance will obviously rely on an ongoing change
in the relation between the eﬀectors. A hypothesis put forward in this paper
is that the principle of linear synergy will provide an evolutionary advantage
in tasks that are not primarily reactive or if the motor system of a robot is
redundant in DoFs. Otherwise, the imposed restrictions are in direct opposition
to the required behaviour.
What can we learn from the present ﬁndings for understanding the role of
linear synergy in human behaviour? Here conclusions must be drawn carefully.
Neither the SB networks nor the UC networks could be observed to increase
linear synergy as performance increases. Thus, linear synergy does not seem
to be a priori a good strategy to master a pointing task. The advantage that
imposed linear synergy means for evolutionary search nonetheless suggests that
it may act as a useful constraint during development. This result relates well with
the ﬁndings reported by Zaal et Al. [15] about infants employing linear synergy
regardless of movement success. The authors hypothesise that linear synergy
eases the acquisition of reaching and pointing movements at an early stage, a
hypothesis supported by the presented results. In order to further investigate
this hypothesis, it would be interesting to study the phylogeny of linear synergy,
or, as an extension to the experiments presented here, to evolve the constraints
for ontogenetic development. It would be desirable to abolish the restriction of
hand movement to the plane in further experiments and include gravity in the
model. These simpliﬁcations ease the task, but, at the same time lead to loss of
biological plausibility. Extending the model this way would require the networks
to additionally solve the non–trivial task of equilibrating forces involved.
Even though originating from a homuncular view of motor control, which is
generally rejected by dynamical and artiﬁcial life perspectives, the concept of
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motor synergies is fruitful for the investigation of motor behaviour. Within an
evolutionary robotics framework, systematicities between eﬀectors, as they are
ubiquitous in humans and animals, can be investigated to ﬁnd out about functions they may bear. Furthermore, as robots and tasks become more complex,
description and explanation of the behaviour obtained become more complex
as well. Looking for systematicities between eﬀectors can be a good starting
point in trying to understand intelligent behaviour, and designing experiments
informed by observations on biological organisms may help to generate it.
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