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Abstract—While internal models are recruited in many tasks
and can subserve in this way perception and cognition, it is im-
portant that they are grounded and embodied in sensorimotor
representation. In this paper we analyze an internal model of
the body and show how it can be used for motor control. We
extend the Mean of Multiple Computation principle to a dual
quaternion representation of transformation and show how this
can be directly applied to the control of a simulated robot leg.
The model is encoded as a recurrent neural network acting as
an autoassociator that is able to solve any kinematic problem in
an iterative fashion. We will analyze the convergence properties,
especially when additional constraints (acting on the joint level)
are introduced that restrict the attractor space.

I. INTRODUCTION

Internal models of the body are involved in multiple
tasks, like motor control [25], perception of movements [12],
planning [8] and, in the case of humans, even language
[15]. A model of the own body appears to be recruited in
service of these specific tasks and mediates heterogeneous
information from multiple sources and for diverse purposes.
A model capable of serving such a diverse functionality has
to be multimodal and quite flexible. Following an embodied
approach we have introduced in the past the Mean of Mul-
tiple Computation network [6], a recurrent neural network
in which the kinematic constraints of a robotic structure can
be encoded and which is able to solve inverse and forward
kinematic problems. This model has been used for motor
control, but its predictive capabilities can also be used for
mental simulation [9], i.e. planning ahead as an mental en-
actment of possible action while anticipating and evaluating
the possible consequences as predicted by the internal model.
In addition, the flexibility of the MMC principle allows to
include additional influences and to integrate multiple and
redundant sensory inputs which makes it a suitable candidate
for sensor fusion. As the classical MMC approach used a
Cartesian vector representation, it was not well suited to be
applied in real robot task (e.g. control of rotational joints
in a manipulator arm or control of a leg in an insect like
walking robot). Therefore, we extended the MMC approach
to a common representation of robotics and applied the
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Fig. 1. Arm consisting of three segments (L1, L2, L3), which are connected
by three rotational joints. The end-effector position is described by the vector
R. D1 and D2 describe the diagonals.

principle to a dual quaternion representation describing the
transformations defining the robot structure [21]. In this
paper we analyze the convergence of this network, especially
how the network deals after constraints have been introduced
(joints are restricted in their movement). We show that
the network converges for a three segmented manipulator
regardless of how constrained the manipulator is. We have
applied this network for the control of a leg of an insect like
robot in a dynamic simulation.

We will first introduce the basic MMC network. Secondly,
this will be extended to a dual quaternion representation of
transformations followed by simulations showing how the
network converges even for constrained cases. Lastly, the
network is applied as a leg controller for an insect like
hexapod robot for the control of the stance movement.

II. MEAN OF MULTIPLE COMPUTATION: THE LINEAR
MODEL

The Mean of Multiple Computation principle (MMC) will
be introduced using a simple example. Consider an arm
consisting of three joints and three segments as shown in
figure 1. The arm can only move in a plane and therefore



is redundant, i.e. for a given target point inside the working
space there are multiple arm configurations possible. Usually,
redundancy is a problem when trying to derive a mathe-
matical solution [4]. But in the case of the MMC principle
we are going to exploit redundancy. The basic idea is to
encode all the redundant influences into a recurrent neural
network and the dynamics of the network will take care
of balancing these out. A MMC network is set-up using
basic kinematic relationship. These are constraints which are
encoded in the network. The network can then be used as
an autoassociator, i.e. the network compensates for errors or
does pattern completion. This characteristic can be exploited
and the network can be used to solve any kinematic problem,
i.e. forward, inverse or any mixed kinematic problem.

The general idea of the Mean of Multiple Computation
principle is to use multiple geometric relationships which
describe the same variable in different ways. These different
computations for one variable can be executed in parallel. A
variable is computed in an iterative fashion. A new value of
a variable is calculated taking all the multiple computations
which may provide dissimilar values for the variable and get
the mean value of all of these. The mean value is used, on
the one hand, as the output of the variable. And, on the other
hand, it is fed back into the network for the next iteration and
for the calculation of all the other variables which depend
on this value.

As an example, we will setup a network for our example
and derive the multiple computations for a single variable.
The representation of the arm as an MMC network involves
different steps (for details see [11]):

1) Identify the nodes of the manipulator: each joint and
the endpoint of the manipulator represent a node. In
our case we obtain four nodes: three joints (starting
with the basis of the manipulator) and one for the end-
effector.

2) Describe the kinematic relationships of the manipu-
lator: First, each node has to be connected to every
other node through a vector. Second, all possible
combinations of three vectors that form a triangle have
to be determined (from n nodes you get

(
n
2

)
vectors and(

n
3

)
triangles). A triangle is a closed polygon chain and

represents an equation that describes the topology of
the manipulator. Every vector (or variable) shows up
in multiple equations and thus, can be computed in
multiple ways.
In the case of our three segmented arm we get six
vectors and four equations describing the relationships
between the variables (Fig. 1). As an example, the first
segment shows up in two equations:

L1 + L2 −D1 = 0

L1 +D2 −R = 0 (1)

3) Application of the MMC principle: For each variable,
solve every equation containing that variable. To pre-
vent oscillations the current value of the variable is
also integrated in the following mean computation.

L1

L1

L2

L3

R

L1 L2 L3

M
M

C
 in

pu
ts

MMC outputs

recurrent connections

L2 L3 R D1 D2

R

Fig. 2. The MMC network describing the topology of an arm manipulator
with three joints. Shown is the subnet for the x-components of the vectors.
The connection weights are either 0.5 (full circles) or -0.5 (open circles).
The squares represent the damping factors.

Usually, the current value is weighted by a damping
factor d [22]. The different computations are summed
and divided by the number of influences to obtain the
mean value.
In our example we get two solutions for describing
the first segment. The value for next time step can be
computed as:

L1(t+ 1) =
1

d
(R(t)−D2(t)) +

1

d
(D1(t)− L2(t))

+
d− 2

d
L1(t) (2)

As a result we get a set of equations containing the vec-
tors. The vectors can be decomposed into their x- and y-
components which leads to two identical sets of correspond-
ing linear equations which can be written as a weight matrix
for a neural network. Figure 2 shows the neural network
for the manipulator (as we obtain two identical nets, one
for the x- and one for the y-component, only the network
for one component is shown). The integration of the current
value of a variable is represented in the neural network as a
recurrent connection. This introduces low pass characteristics
and stabilizes the convergence process.

The network can now be used as an autoassociator. In the
beginning, the network is in a harmonic and stable state.
A task (e.g., a new target position for the end effector)
can be enforced onto the network. The desired end-effector
position is given to the network (for both componentsRx and
Ry). The input surpresses the recurrent connection of these
units (symbolized by the open-arrow heads in figure 2). The
network activation is now disturbed by the external input.
The different computations for one variable lead to different
results. But the network tries to minimize the overall error
and distribute the error onto all connected variables. Every
variable which appears in an equation together with the new



target position will be affected by the new target position
during the next iteration. All these variables will be changed
in order to compensate for the introduced disturbance. At
the same time the network is constrained by the encoded
kinematic constraints. In a number of iterations the network
relaxes to a stable attractor state, in which the variance of the
different equations is minimized. The variance approaches
zero over time and the network represents the solution. If
there is no solution (e.g., the target position lies outside the
range of the arm) the network approximates the solution as
good as possible by minimizing the error of all equations.

In the linear MMC model as described above, the length
of the vectors change during approximation. This is prob-
lematic in the case of the segment vectors and has to be
counterbalanced by non-linear constraints which guarantee
constant segment length. The constraints are applied to the
system after each iteration step.

For the simple linear case it can be shown that the
network always approaches a stable state which describes
a geometric valid solution of the described manipulator and
which is optimal [22]. Forward and mixed kinematic task
can be solved by providing different input to the network
and exploiting its autoassociator capabilities. But this does
not hold true when non-linearities are introduced in general.
Therefore, it is the main contribution of this paper to analyze
how the network converges in the special case of a dual
quaternion representation which makes this approach directly
applicable in real world robotic scenario and how this is
affected by introducing additional constraints.

A. Dual Quaternion Representation in MMC Networks

We introduced the MMC principle for the case of a simple
vector representation which requires identical networks for
each component. This approach has been extended to three
dimensions and to more complex structures like a six-legged
walker [17]. A main advantage of the MMC approach is that
it divides complexity into local relationships and offers a way
to integrate these.

Robotic applications usually rely on local joint represen-
tation. While angular representations for rotational joints are
easy to handle in two dimensions [22], this is getting more
complicated when applied to three dimensions. A rotation
is not only described by the degree of rotation, but also an
axis of rotation has to be provided. In robotics, rotations as
well as translations are usually described as Homogenous
Transformations. The structure of a manipulator can be
described as a concatenation of such transformations, i.e.
rotations in the joints and translations along the segments
of a robot arm.

While homogenous transformation matrices are widely
used to represent transformations, they have some serious
drawbacks (especially when used with conventions like Euler
angles[2], [23]) mainly related to the representation of rota-
tions. First, using standardized rotations (like Euler angles)
for the representation of an orientation is ambiguous which
causes singularities in the spanned space (e.g., ‘Gimbal
lock’ [23]). This makes this representation unsuitable for
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Fig. 3. Concatenation of transformations: Each transformation is described
as a dual quaternion. Transformations can be composed through dual
quaternion multiplication. Here it is shown how the diagonal transformation
can be constructed from the first two segment transformations.

interpolation as the result of an interpolation can not be
guaranteed to follow the shortest path (which is true for
homogenous transformation matrices in general). Second,
homogeneous transformation matrices are inefficient because
there is a high degree of unnecessary redundancy which
also makes the concatenation of two transformations overly
expensive [2].

Instead, axis angle representations are an ideal represen-
tation of a rotation as they describe a rotation in a compact
way that allows for efficient computation. Concatenation
and interpolation between transformations becomes easy. A
rotation is described by the rotational axis and the angle of
rotation. Quaternions provide a compact and efficient way of
representing an axis-angle rotation which also allow shortest
path interpolation [14]. Quaternions are quadruples (q =
w + xi+ yj + zk), forming a normed division algebra over
the real numbers with three imaginary units (i, j, k). They
can be understood as an extension of the complex numbers.
Addition and multiplication is well-defined for quaternions,
but commutativity is lost. Thus quaternions are forming
a skew field. The group of unit quaternions is a double
cover of the group of rotations in three-dimensional space



Fig. 4. Shown are the target points (only upper half) that are arranged
on three spheres with a radius of one, two and three segment lengths
respectively.

(the rotation group for three-dimensional space SO(3)).
Combination of two rotations is realized by multiplication of
the quaternions. Unit quaternions provide a compact, stable
and efficient way to express rotations and combine them.

Dual quaternions extend the properties of quaternions to
include translations as well [10], [14]. A dual quaternion
consists of four dual numbers which are composed of a real
part a0 and a dual part aε (â = a0+εaε). The real part of the
unit dual quaternions (q0) consists of four values representing
a rotation as a unit quaternion. The dual part represents a
translation. A translation by a vector about (tx, ty, tz) can
be written as the unit dual quaternion q̂ = 1 + ε

2 (txi +
tyj + tzk) (In the same way half-angles are used for the
representation of rotations, also half-translations are used.).
The multiplication of two dual quaternions corresponds to
the concatenation of two transformations and follows from
quaternion multiplication.

Dual quaternions are the most computationally efficient
and most compact representation [7]. They are robust, with-
out singularities and unambiguous (besides the antipodal
property). There is an easy and efficient way for nearly
shortest path interpolation which is crucial for application
of the MMC principle [10].

We will explain how the MMC principle can be applied
to a dual quaternion representation of the structure of a
manipulator by using our example of a three segmented arm
(For a detailed explanation see [21] were we introduced the
dual quaternion representation. The focus of this paper lies
on the convergence behavior of the network for constrained
cases.). The arm is moved by three rotational joints which
are at first unrestricted in their movement. This leads overall
to nine degrees of freedom. The MMC network will be set
up as described above for the classical approach. Multiple
geometric relationships are established for each variable.
And a variable is calculated as the mean value of all the
computations describing this variable.

In this case the variables are not given as vectors, but
the variables are the rotational transformations of the joints.
These are connected through the segments which can be
described as translations. At last, we introduce transforma-

tions describing the diagonals and we need some additional
rotations to align the transformations. As an example, figure
3 shows a part of one of the equations. Again, the equations
are constituted by triangles, i.e. closed chains of–in this case–
transformations. Here, the overall diagonal transformation
r̂γ1 t̂d1 can be also described through a concatenation of
the first two segments: r̂γ1 t̂d1 = r̂θ1 t̂l1 r̂θ2 t̂l2 r̂δ1 . This
equation can be solved for each dual quaternion describing
a variable transformation, e.g., for r̂θ1 :

r̂θ1 = r̂γ1 t̂d1

(
t̂l1 r̂θ2 t̂l2 r̂δ1

)−1

= r̂γ1 t̂d1 r̂
−1
δ1

t̂−1
l2

r̂−1
θ2

t̂−1
l1

(3)

In this way, we can derive multiple computations for each
variable (Additional simple trigonometric relations can be
easily exploited, e.g. we added the law of cosines [21].).
Mean computation for dual quaternions is an interpolation
between the different multiple computations. We use dual
quaternion linear blending for computation of the weighted
mean because it is a simple and efficient method [10]. The
network can now compute the forward kinematics when the
joint angles are given. In the case of an inverse kinematic
problem, we have to introduce an error compensation for
each joint as the overall translational and rotational error
is distributed onto all free variables. We, therefore, have to
compensate the translational part of the error that arises in
the dual quaternions representing a joint (for details of the
interpolation see [21]).

While a dual quaternion representation is directly appli-
cable for robotic applications, it also allows us to keep the
segment translations (̂ti) fixed and therefore the problem of
changing segments length is circumvented. Traditional MMC
networks can be easily represented as a recurrent neural net-
work. In the structure proposed here the geometrical relations
are described as quaternion multiplication. Multiplication can
be realized by neural networks, e.g. by sigma-pi neurons as
proposed by [16] and from this a realization of quaternion
multiplication can be derived (for details see [21] and there is
research specifically concentrating on processing of complex
valued or quaternion neurons [1]).

III. SIMULATION RESULTS

For the convergence analysis the network has to control
an arm performing reaching movements from a start point
towards a target point. Initially, the arm is fully stretched and
moved by the network until he reaches the starting position.
From there the network has to reach towards a target position.
The target position is enforced onto the network as the
transformation from the origin to the target position. Overall,
there are 51 points and we collect data for all possible
combinations of reaching movements, i.e. from each point
every other point is approached. The targets are arranged
on three half spheres (radii of one, two and three segment
lengths, see figure 4 where part of the arrangement of the
targets is shown). In the x-y-plane the vectors pointing to the
15 targets (on each circle there are 5 targets in this plane)
enclose 45◦ respectively. Then there are three targets directly



a) Movement of the arm seen from above
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps t = 30 iteration steps

b) Movement of the arm seen from the side
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps t = 30 iteration steps

c) Movement of the arm seen from behind
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps t = 30 iteration steps

t = 40 iteration steps t = 50 iteration steps

t = 40 iteration steps t = 50 iteration steps

t = 50 iteration stepst = 40 iteration steps

Fig. 6. Example movement in three dimensions. Shown are different perspectives: (a) view from above, (b) side view, (c) view from behind). Course of
time is going from left to right, shown are snapshots of iteration 5, 10, 20, 30, 40 and 50. At the left a rendering is visualizing the perspective and showing
the initial configuration of the arm. This is also shown in the first snapshot at the left in light gray. The moving arm is represented as the dark grey line.
Start position is (1.5, 1.5, 2.12) and target position is (-3.0, 0.0, 0.0).

Fig. 5. Normalized distance between the tip of the manipulator and the
target position over time. The mean normalized distance is calculated for all
2550 movements for each iteration step. The distances are normalized with
respect to the distance between start and end position (dashed lines show
the standard deviation around the mean value).

above and three directly beneath the base of the manipulator
(at a distance of one, two and three segment lengths). In
addition, another target has been placed on each sphere in
the middle between a target lying in the x-y-plane and the
target on top of the sphere (in this way the vectors towards
these targets and the x-y-plane enclose a 45◦ angle, see fig.
4).

Data is collected over 100 time steps and we analyze
the normalized distance of the end effector position to the
target position over time. We are using a normalized distance
measure which reflects the actual metric distance with respect
to the distance between start and target position. Otherwise
the movements covering larger distances would be higher
ranked (these mostly correspond to a fully stretched arm
which are not the critical ones, see discussion below).

We performed three different simulations to explore how
the network converges. Our goal is to show that the network
can solve the inverse kinematic problem for movements
covering the whole working space (we are only testing
half the working space, but the other half is symmetrical).
For the first simulation the controlled arm is unconstrained,
meaning it has nine degrees of freedom. In the second set
of simulations we consider a human like arm in which the
elbow joint is constrained to one degree of freedom and
overall the arm will only have seven degrees of freedom.
In the third set of simulation each joint is a revolute joint
and has a fixed rotational axis. Overall the manipulator has
only three degrees of freedom. The orientation of the rotation
axes reflects the arrangement of rotation axes as can be found
in the leg of many walking animals like insects [5]. We
also applied the network as a leg controller for the stance
movement of a simulated hexapod robot.

A. Convergence of the network for an unconstrained manip-
ulator

In the first series of simulations the three segments of the
arm were connected by rotational joints and the arm has been
mounted to a base also through a rotational joint. All three
joints had each three degrees of freedom and all segments had
the same length (unit length in the simulation). The damping
value was set to d = 10 (selection of this value is not critical
— it can be selected quite lower and still lead to a stable
and even faster convergence, but ten is a value used in the
classical approach and we therefore kept it). Figure 5 shows
the mean normalized distance from the tip of the manipulator
to the target position over time for all 2550 movements (a
movement is performed from each of the 51 points to all the



a) Movement of the arm seen from above
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

b) Movement of the arm seen from the side
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

c) Movement of the arm seen from behind
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

t = 40 iteration steps

t = 40 iteration steps

t = 40 iteration steps

x x x x

x x x x

x x x x

Fig. 7. Example movement in three dimensions. Shown are different
perspectives: (a) view from above, (b) side view, (c) view from behind).
Course of time is going from left to right, shown are snapshots of iteration
5, 10, 20, 30, 40 and 50. The initial configuration of the arm is shown in
the first snapshot at the left in light gray. The moving arm is represented
as the dark grey line. Start position is (1.5, 1.5, 2.12) and target position is
(-0.71, 0.0, 0.71).

other 50 points). Overall, the network converged over time
and minimized this distance (see figure 6 for an example
movement). The mean normalized error after 100 iteration
steps was 0.038 (that are 3.8% of the distance between start
and target position) and the standard deviation is ±0.072.
While most of the movements ended in the target position,
the movements responsible for the small error were mostly
the ones in which target and/or start position were quite
close to the simulator base. This required the manipulator
to be folded and in many movements the manipulator had to
unfold in the beginning and then had to fold back again to
reach the target position (for an example of a folding of the
manipulator at the end of the movement see 7). This took
only more time, but overall for all movements, the network
solved the inverse kinematic problem for all combinations
and approximates the end position. At the same time all
movements showed the same dynamic characteristics. The
target point was approached initially very fast. But over time
the distance between end effector and target was exponen-
tially decreasing in between iteration steps. This is common
to MMC networks and as a solution we have proposed to
include equations describing and controlling the velocity and
dynamics of the effector which helps to counterbalance this
effect [19].

B. Convergence of the network for a human-like arm: A
constrained Manipulator

In the case of a human arm the space of possible solutions
is restricted: not all the joints can move in all directions. The
elbow joint is fixed to one degree of freedom and overall a

Fig. 8. Normalized distance between the tip of the manipulator and
the target position over time for the manipulator constrained to seven
degrees of freedom. The mean normalized distance is calculated for all
2550 movements for each iteration step. The distances are normalized with
respect to the distance between start and end position (dashed lines show
the standard deviation around the mean value).

human arm is considered to have seven degrees of freedom.
Can we use our network to control such a manipulator? The
basic idea is to introduce constraints acting on the joint level.
For the restricted joint the resulting quaternion describing
the rotation is projected onto the closest quaternion with
the given and fixed axis of rotation. This is done by only
considering the displacement described by the initial rotation
that lies in the plane in which the joint operates (i.e. the
plane perpendicular to the joint axis) and deriving from this
the rotational angle.

In the second set of simulations we analyzed how this
changes the convergence behavior of the network. As the
application of the constraint interferes with the relaxation of
the recurrent net and basically deforms the attractor space,
the manipulator might got stuck in certain configurations.
Our simulations show that the performance of the network
did not drop significantly (fig. 8 and for the example see fig.
9). The mean normalized error after 100 iteration steps was
0.039 (3.9% of the distance between start and target position)
and the standard deviation was even smaller than in the first
simulations ±0.055. When looking at single simulation runs
one can see that the tip of the manipulator is taking a slight
curved path. This is not the shortest path in Cartesian Space,
but it approximates a minimization of joint movements and
is in agreement with human arm movements [3].

C. Convergence of the network for an insect-leg-like non-
redundant manipulator

For a last series of simulation we constrained the manip-
ulator even more. Each joint is restricted to a movement in
a plane and the manipulator has therefore overall only three
degrees of freedom. The arrangement of the axes corresponds
to a leg of a stick insect (see fig.11, [5]), but we kept the unit
segments length for better comparison. As a consequence of
the manipulator structure not all points used before can be
reached anymore. We therefore had to reduce our set of target
points to 26 points (mostly the higher target points could not
be reached by the leg manipulator). The application of the
constraints was done in the same way as above, but this



a) Movement of the arm seen from above
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

b) Movement of the arm seen from the side
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

c) Movement of the arm seen from behind
t = 5 iteration steps t = 10 iteration steps t = 20 iteration steps

t = 40 iteration steps

t = 40 iteration steps

t = 40 iteration steps

x x x x

x x x x

x x x x

Fig. 9. The same example movement as in figure 7. Shown are the different
perspectives: (a) view from above, (b) side view, (c) view from behind).
Course of time is going from left to right, shown are snapshots of iteration
5, 10, 20, 30, 40 and 50. The initial configuration of the arm is shown in
the first snapshot at the left in light gray. The moving arm is represented
as the dark grey line. Start position is (1.5, 1.5, 2.12) and target position is
(-0.71, 0.0, 0.71).

time the whole space of possible solutions is so restricted
that all redundancy is lost (there are still in most cases two
possible solutions, but this depends on the initial state of the
manipulator). We performed 650 movements between all the
points. The mean normalized error after 100 iteration steps is
0.094 and the standard deviation was quite high ±0.167. An
explanation for the high variability and the high error was
that in some cases the movement was significantly slowed
down and nearly stopped. Still, when letting the simulations
run for a longer time the network slowly converged (fig.
10). The mean normalized error after 200 iteration steps
went down to 0.025 and the standard deviation was ±0.070.

Fig. 10. Normalized distance between the tip of the manipulator and the
target position over time for the manipulator constrained to three degrees of
freedom. The mean normalized distance is calculated for all 650 possible
movements for each iteration step. The distances are normalized with respect
to the distance between start and end position (dashed lines show the
standard deviation around the mean value).
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Fig. 11. Schematic figure of an insect leg (right front leg). The leg consists
of three hinge joints. The α-joint moves the leg for- and backward. β- and
γ-joint operate in the leg plane, meaning their axes are parallel to each other
and are perpendicular to the drawn leg plane. Lifting the leg equals a positive
movement in the β-joint, an outward going movement produced by the γ-
joint is defined as a positive movement. The origins of the joint coordinate
systems are set corresponding to leg positions in a standing walker (α is in
a middle position, while β- and γ-joints are in a position in which the femur
is approximately parallel to the ground and the tibia is nearly orthogonal to
the femur.

Problematic for the network were the cases in which the
manipulator is extremely folded and the movements were
across the work space. Here the unfolding were significantly
slowed down by the constraint application, but it did not
circumvent the unfolding. Nonetheless, application in a real
world scenario requires to avoid such folded configurations
which is by itself required as a robot could not be folded in
such a way. We therefore want to study in the future how
soft joint limit constraints can be used in such a network and
how these might help to circumvent the slow convergence
behavior found here.

At last, we applied this leg controller as a movement
controller for the stance movement of a simulated six-legged
robot (and in the future on the real robot Hector). While
the movements covering the whole working space for the
completely constrained case were quite slow, this is not
critical in such a task. The robot leg has (and can not)
change from one folded configuration into another folded
configuration. Instead, the movement target for the leg is
only incrementally moved and the network was easily able
to solve this inverse kinematic problem in a few iteration
steps.

IV. CONCLUSIONS AND FUTURE WORK

In this article, we have demonstrated that a dual quaternion
based Mean of Multiple Computation network converges
even for highly constrained manipulator configurations and
how it can be used as an inverse model for motor control.
While standard approaches to motor control make use of
dedicated inverse and forward model pairs, an MMC network
serves both purposes at the same time. A prominent example
is the MOSAIC controller scheme [24] in which behaviors
are learned as task specific combinations of inverse models
(for producing the movement) and forward models (for
predicting the next time step and for evaluating if the current
selected controller is well-suited for the task, i.e. makes the
right predictions). A disadvantage of such an approach is that
the number of internal models can become quite high and that
for each behavior a completely new model has to be learned.
There, it is difficult to exploit already known knowledge. As a



consequence, cross situational learning is not easily possible,
e.g. structural changes would require changes in all models.

An MMC net like approach has the advantage that general
structural information is encoded in one place and can serve
many behaviors and many tasks. The approach is quite
flexible and especially useful as it can also be used as a
forward model and predictor. The MMC principle allows
integrating numerous redundant influences and is therefore
well suited for sensor fusion. In contrast to many technical
systems, animals are usually equipped with a high number
of sensors and in many cases these sensory systems are
redundant. To be able to exploit the different sources there
has to be a model which relates the different measurements
and specifies how they are connected. The MMC principle
realizes such an integration as the computation of the mean.
While this is simple, it fits nicely to experimental data which
show that multiple information for, e.g., hand positions are
integrated in humans as a weighted mean of the different
contributions [13]. We have used MMC networks in the
context of multimodal representations and have connected
the kinematic network description to visual features. This
connection can be learned in an unsupervised manner, i.e.
only given through the known dynamics of the unfolding
movement a mapping from visual features onto the network
was possible [20]. In such a way a network can be recruited
for perception and the known bodily structure can be ex-
ploited in recognition of movements.

We have extended the general MMC approach and have
included dynamic influences (these can be easily integrated
as additional equations). In this way the MMC model can
be used as an internal simulator to anticipate consequences
of actions. We will use a complex MMC body model of a
six-legged walker (that is a hierarchically organized model of
the legs and the body) in the future, first, to control targeted
movements of the leg as described in this article briefly for
the stance movement and to integrate the sensory feedback
from the simulator and later-on the real robot. Secondly, we
will apply the model as an internal predictive model for plan-
ning ahead in which the model can be driven in an internal
simulation loop [9] as a replacement for the body itself. This
allows our cognitive control schema [18] to try out possibly
dangerous behaviors in simulation before applying them to
the real robot. The robot can cognitively solve movement
problems without getting harmed. Integration of the body
model in our cognitive control structure and adaptation and
learning through internal simulation are the next steps.
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