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Abstract

Technology has evolved tremendously in the past decade. Today, automation is highly efficient
and is applied throughout in industry, but the use of robots capable of operating over non controlled
environments is still rare, as the natural ability of humans and animals to learn from its surroundings
and adapting to it is yet to be achieved by artificial agents. In this work, Neural Networks are applied
to try to equip artificial agents with Sensorimotor coordination structures, particularly the ability
to predict the effect an agent’s action has on its visual perception. Firstly, a Bilinear Network is
implemented, with two inputs creating two different structures within the network that merge into one
output. Secondly, this network is optimized to reduce learning time. Lastly, a particular initialization
is studied to speed up the learning process even more. This final network allows the robot to swiftly
obtain its own sparse Sensorimotor structures, demonstrating the high coupling between actions and
visual stimuli and being a simple and computationally fair tool for the robot to autonomously learn
and predict the impact of its actions.
Keywords: Neural Networks, optimization Sensorimotor coordination, stimulus prediction.

1. Introduction

Automation has come a long way in the last decade.
Hardware advancement and consequential compu-
tational power allowed for several tasks to be re-
lied on robots, from manipulation tasks to picking
up items in production lines, lifting heavy objects,
or making very precise movements in surgical op-
erations [5]. Nevertheless, robots’ cognitive abil-
ity is still far away from humans’. Humans have
an outstanding ability to learn and interact with a
constantly changing environment, result of years of
evolution and a lifetime of learning.

On this work, the focus is on a robot’s ability
to understand the coupling between its sensors and
actuators. In other words, to be able to relate its
visual stimuli to its movements, so it can predict
the effect of the latter on the former. This tight
coupling between perception and action is called
Sensorimotor coordination. While humans have in-
stinctive knowledge on the consequences of a change
of visual focus, on artificial agents this ability has
to be taught. For that purpose, Neural Networks
are built in order to learn and comprehend Sensori-
motor coordination. The approach in [6] and [7] is
followed to create a Sensorimotor Neural Network,
then an optimization is applied to speed up the
learning process. The approach in [1] is used to re-

fine the method by providing a better initialization
to the optimized network. From these networks,
sparse retina-like structures and motor structures
will be extracted, that will allow the artificial agent
to grasp the change in perception caused by its
movements.

2. Background
2.1. Deep Learning and Neural Networks
Deep Learning is a subfield of Machine Learning
where, given input and desired output, algorithms
apply their own processes and rules to obtain said
results [2]. Deep learning uses Neural Networks,
where deep refers to depth: successive layers of rep-
resentations where information will flow. The goal
is to approximate a function, f , such that, given in-
put x, f maps the input to a outcome, y = f(x; θ),
where θ are the parameters of the function that
provide the best approximation [3]. This approx-
imation function can be composed of several lay-
ers connected in a chain, that is, several functions
f (1), ..., f (n) such that

f(x; θ) = f (n)
(
...
(
f (1)(x; θ1)

)
...; θn

)
(1)

These layer functions, f (i), i ∈ {1, ..., n}, will
have different parameters, inputs and outputs. The
composition of all layer functions, f(x; θ), is a neu-
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ral network, where the length of the chain is called
the depth of the model and the final layer, f (n), is
the output layer. The parameters θ∗ are the ones
that minimize the error, that is, the ones that, over
a set of n inputs, yield a prediction, f(x; θ) closest
to a target value y,

θ∗ = arg min
θ

1

n

n∑
i=1

L
(
f(xi; θ), yi

)
(2)

where L represents a loss function.

Non-linearity can be achieved by applying acti-
vation functions to the layer’s outputs. The ReLU
activation function, abbreviation for Rectified Lin-
ear Unit function, is the simplest function after
the identity/linear function. On the application of
ReLU , a node is activated only if it is above a 0
threshold. For values above 0 it acts as a linear
activation function, and values below 0 are deacti-
vated (set to 0).

The estimation of θ∗ is made possible by the fact
that neural networks are, in general, chains of dif-
ferentiable functions, and thus it is possible to apply
the chain rule of derivation to find the direction of
error decrease [2], a method called Stochastic Gra-
dient Descent. On the Stochastic Descent Gradi-
ent algorithm an input training sample x and cor-
responding targets y are taken, a a forward pass on
x is computed to obtain predictions y′, where the
loss, a measure of the mismatch between y′ and y,
of the network on the batch is calculated. Com-
puting the gradient of the loss with regard to the
network’s parameters applying the chain rule on a
backward pass, the parameters are updated in the
opposite direction from the gradient [2].

While the goal is to determine the parameters,
we have other network parameters that should be
tuned to make the network train better: the hyper-
parameters [4]. Examples of such parameters are
the learning rate, η, the size of the hidden layers
and the choice of initial values for the parameters.
The hidden layers are the possible layers between
the input and output layers. These are built of hid-
den nodes. The learning rate is the ratio at which
the parameters are updated. Small learning rates
may converge slowly and may become stuck in false
local minima. Large learning rates are unstable and
may not converge. An option is to constantly de-
crease the learning rate by a constant factor k every
n iterations.

2.2. Non-negative Matrix Factorization

Non-negative Matrix Factorization, NNMF, obtains
a numerical decomposition of a non-negative matrix
V into a product of two non-negative matrices W
and H,

min
W,H
||V −WH||F

where ‖·‖F is the Frobenius norm.
An implementation of NNMF is available in

Python’s library scikit-learn.

3. Implementation
An agent is capable of interacting with the environ-
ment around it: it can observe images i by a two-
dimensional light sensitive surface, and it is capable
of moving by activating a particular motor primi-
tive q on its action space. The purpose of this work
is, simulating a surrounding environment and an
action space, to find a relation between the agent’s
sensorial and actuator systems to provide the agent
some intuition on the resulting observed image, y.

3.1. Sensorimotor Network
A Bilinear Neural Network as described in [6] [7] is
trained with two different inputs, the action q and
initial image i.Two separate networks will merge
to one, obtaining an output, y′, which will be an
approximation to the real resulting image, y, after
the said action and initial image (Figure 1).

Input
Image

i

Output
Image
y

T

Action
q

S S

M P

Figure 1: Diagram scheme for the Sensorimotor
Network. The above layers are associated to the
image input while the bottom layers are associated
to actions input. The output layer is denoted by y.
S,M and P are the parameters to be learnt.

Considering k images i of size NS , and actions q
from an action space of size NM , the optimization
problem can be written as:

(S∗,M∗, P ∗) = argmin
∑
k

||y′k − yk||2

y′k = ST (PMqk)�︸ ︷︷ ︸
P

S ik
(3)

where qk is the action corresponding to the k-th
image, ik is the k-th input image, yk is the k-th
resulting image, y′k is the k-th prediction of the re-
sulting image, � denotes the reshape of a vector
into a square matrix, nm is the number of hidden
nodes of the hidden layer connecting to the action
input layer, M is the nm×NM sized motor field, S
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the ns×NS sized sensor field where ns is the num-
ber of hidden nodes in S, P is a ns ns × nm matrix
of predictors and q is the action input.

In [6] and [7] the authors justify the use of ST on
the output layer for its satisfactory results and the
fact that matrix S will be nearly semi-orthogonal.

Further on, for abbreviation, the yellow layer in
the diagram will be referred to as P, and for each
movement there will be different values for P, P =
{P1, ...,PNM

}, where NM is the number of degrees
of movement.

3.2. Variant 1: Simultaneous learning

The learning process is done simultaneously
throughout the network, as explained in Algorithm
1. The errors in the output image are propa-
gated backwards, and all weight matrices are up-
dated accordingly in the same iteration. All weights
matrices were randomly initiated, with positivity
constraints. At each iteration, the positivity con-
straints were forced.

3.3. Variant 2: Sequential learning

To reduce the time required for training, the prob-
lem was split into a sequential learning process.
This variant of the Sensorimotor network is referred
to as Optimized/Sequential Sensorimotor.

At a first stage, the top network was trained
(Figure 2), obtaining S and the predictors P =
{P1, ...,PNM

}. Both S and Pi, i ∈ {1, ..., NM} were
trained separately and consequently for a number of
iterations. S and ST where learnt simultaneously,
the gradients of both calculated, averaged and sub-
tracted to S. The training of S and P had to be
done iteratively, each movement at a time, because
of the characteristics of P that is different for all
movements, while S remains the same.

Figure 2: Diagram for the first stage of the Se-
quential Sensorimotor Network. Parameters to be
learnt: S, P.

Algorithm 1 Functions for the Simultaneous Sen-
sorimotor learner
1: reshape(v) reshapes a vector v into a squared matrix

2: Norm(A) normalizes a matrix A

3: Vec(A) reshapes a matrix A into a vector

4: a, b, c, d, e, out . shared auxiliary variables

5: procedure forward(i, q)

6: a← S i

7: b←M q

8: c← P b

9: d← reshape(P )

10: e← d a

11: out← ST e

12: return out

13: procedure backward(i, q, y, out)

14: ∆out ← y − out

15: ∆e ← S ∆out

16: ∆S1 ← ∆out e
T

17: ∆d ← ∆e a
T

18: ∆c ← Vec(∆d)

19: ∆P ← ∆c b
T

20: ∆b ← PT ∆c

21: ∆M ← ∆b × qT

22: ∆a ← dT ∆e

23: ∆S2 ← ∆a i
T

24: P ← P + learning rate P ∗∆P

25: P ← max(0, P )

26: M ←M + learning rate M ∗∆M

27: M ← max(0,M)

28: M ←M/norm(M)

29: S ← S + learning rate S ∗ (∆S1 + ∆S2)/2

30: S ← max(0, S)

31: S ← S/norm(S)

32: return S,M,P

33: procedure train(i, q, y)

34: k=forward(i, q, y)

35: S,M,P ← backward(i, q, y, k)

At a second stage, when the top network achieves
a good loss value, the second network, consisting of
M and P is trained. While S and P were trained
on the input and output data, the second network
(Figure 3) is trained on the enumeration of possible
movements as inputs and the P obtained in the first
network as output. The purpose is to make sure
that, giving as input a certain movement qi, the
output Pi will be as close as possible as the ones
obtained during training on the first network.
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Figure 3: Diagram for the second stage of the Se-
quential Sensorimotor Network. Parameters to be
learnt: M , P .

Algorithm 2 Sequential Sensorimotor network

1: Global variables: S,M,P,P

2:

3: for k iterations do

4: for m in movebase do

5: learn S(S,Pm, learning rate S)

6: . the S learner

7: for m in movebase do

8: learn P(S,Pm, learning rate P)

9: . the P learner

10: learn M P(P, P,M, learning rate M P )

11: . the M and P learner

Algorithm 3 Functions for the S learner

1: Norm(A) normalizes a matrix A

2: a, b, out . shared auxiliary variables

3: procedure forward(i)

4: a← S i

5: b← P a

6: out← ST b

7: return out

8: procedure backward(i, y, out)

9: ∆out ← y − out

10: ∆S1 ← ∆out b
T

11: ∆b ← S ∆out

12: ∆a ← PT ∆b

13: ∆S2 ← ∆a i
T

14: S ← S + learning rate S ∗ (∆S1 + ∆S2)/2

15: S ← max(0, S)

16: S ← S/Norm(S)

17: return S

18: procedure train(i, y)

19: k=forward(i, y)

20: S ← backward(i, y, k)

Algorithm 4 Functions for the P learner

1: a, b, out . shared auxiliary variables

2: procedure forward(i)

3: a← S i

4: b← P a

5: out← ST b

6: return out

7: procedure backward(i, y, out)

8: ∆out ← y − out

9: ∆b ← S ∆out

10: ∆P ← ∆b a
T

11: P ← P + learning rate P ∗∆P
12: P ← max(0,P)

13: return P
14: procedure train(i, y)

15: k=forward(i, y)

16: P ← backward(i, y, k)

Algorithm 5 Functions for the M and P learner

1: Norm(A) normalizes a matrix A

2: reshape(v) reshapes a vector v into a squared matrix

3: vec(A) inverse of reshape(v)

4: a, out . shared auxiliary variables

5: procedure forward(q)

6: a←M q

7: out← P a

8: return out

9: procedure backward(q,P, out)
10: ∆out ← P − out

11: ∆P ← ∆out a
T

12: ∆a ← PT ∆out

13: ∆M ← ∆a q
T

14: P ← P + learning rate M P ∗∆P

15: P ← max(0, P )

16: M ←M + learning rate M P ∗∆M

17: M ← max(0,M)

18: M ←M/Norm(M)

19: return M,P

20: procedure train(q,vec(P))

21: k=forward(q)

22: M,P ← backward(q,vec(P), k)

All weight matrices had different learning rates
since S was more sensitive to error accumulation
because of its size, therefore requiring slower learn-
ing. Similarly to the simultaneous Sensorimotor
Network, all matrices were randomly initiated, with
positivity constraints, the positivity constraints be-
ing forced after each iteration by turning any value
below 0 into 0.

The sequential training of the Sensorimotor net-
work instead of simultaneous is computationally
less demanding and incredibly faster. But as larger
datasets demand higher number of hidden nodes,
the increase of complexity still harms severely the
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learning time, so a different approach respecting the
initialization of the weight matrices is explored.

3.4. Sensorimotor Network with Low-Rank Factor-
ization

Instead of initializing the network with random
weights, numerical methods are applied to deter-
mine matrix factorizations that return an approxi-
mation of the weights S and M [1].

In order to apply the method, a network is
trained, with no hidden layers, for each movement
m,m ∈ {1, ..., NM}. These m networks, with
NS×NS weights each, are very straightforward and
fast to train, since there is only the output layer.
For each movement m the learned weights are saved
on matrices Bm. These matrices are such that

arg min
{Bm}m∈{1,...,NM}>0

NM∑
m=1

‖Bm Im − Ym‖2 (4)

where Im, Ym are the sets of all input and output
images referent to the same movement m repre-
sented by the input qm, that is, for each observation
(xk, qm, yk), (xk, yk) ∈ (Im, Ym).

Taking the Sensorimotor equation (3), approxi-
mations of P̃ , S̃ and M̃ are such that, for each of
the m movements,

arg min
P̃ ,S̃,M̃>0

NM∑
m=1

∥∥∥S̃T [P̃ M̃qm

]
�
S̃ − Bm

∥∥∥2
F

(5)

where || · ||F is the Frobenius norm. So, an approx-
imation for each Bm is such that

Bm ≈ S̃T
[
P̃ M̃qm

]
�
S̃ (6)

To apply the proposed method, Equation (6) is
rewritten into

vec(Bm) ≈ (S̃T ⊗ S̃T )P̃ M̃qm (7)

by using the rule

vec(ABC) = (CT ⊗A)vec(B) (8)

where ⊗ represents the Kronecker product. Col-
lecting column-wise all the samples vec(Bm) into a
single matrix B,

B ≈ (S̃T ⊗ S̃T )P̃ M̃ [q1...qNM
] (9)

The first Nonnegative Matrix Factorization is ap-
plied on B, with nm as the latent rank, obtaining

B︸︷︷︸
V

≈ (S̃T ⊗ S̃T )P̃︸ ︷︷ ︸
W

M̃ [q1...qNM
]︸ ︷︷ ︸

H

(10)

where W is a NS NS × nm sized matrix and H is a
nm ×NM sized matrix.

M̃ can then be obtained multiplying H by the
pseudo-inverse1 of [q1...qNM

].

For each column i of W ,

Wi = (S̃T ⊗ S̃T )P̃i (11)

can be rewritten, using the rule (8), into

[Wi]� = S̃T [P̃i]�S̃. (12)

Applying a second Non-negative Matrix Factor-
ization with latent rank ns,

[W1]�
[W2]�

...


︸ ︷︷ ︸

A

≈

S̃
T [P̃1]�

S̃T [P̃2]�
...


︸ ︷︷ ︸

B

S̃︸︷︷︸
C

(13)

one obtains

S̃ = C

After obtaining the approximations, the Sensori-
motor network is trained with S and M initialized
with the approximations instead of randomly. The
purpose is to reduce the time it takes to train as im-
age sizes and hidden nodes requirements increase.

4. Results

All networks, its forward and backward propaga-
tions, were implemented using Python 3.6.5 with
the help of the existing libraries numpy for array
operations, scipy for Voronoi diagram plotting and
sklearn for NNMF. All plots were created with
Python as well, using the matplotlib library.

An artificial agent is capable of sensing an im-
age i and to act on its environment by performing
an action q. Two different datasets are considered,
consisting of different degrees of movement for q, as
seen in Figure 4. Actions on each type of dataset
were coded as a set of 0-valued vectors with an 1
entry, accordingly. For instance, q = [0 1 0 ... 0]T

represents the second action in the action space.

1Since it is not guaranteed the matrix is invertible, the
pseudo-inverse is used. The pseudo-inverse is the closest
possible to the inverse of a matrix. In case the matrix is
invertible, the pseudo-inverse corresponds to the inverse.
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Figure 4: Degrees of freedom on each Dataset. On
the left the Dataset 1, consisting of translational
movements, on the right the Dataset 2, with depth
and rotations.

For result evaluation, two aspects were consid-
ered. Firstly, the prediction error of the networks.
The measure function chosen to compare the ex-
pected and obtained values was the Root Mean
Square Error, RMSE. Secondly, the structure of the
networks obtained is analyzed, as sparsity is benefi-
cial to allow simpler relations between sensorial and
motor structures.

4.1. Simultaneous vs Sequential Sensorimotor
Datasets were generated by placing a 16×16 retina
(NS = 256) on an environment where actions were
simulated.

For the first dataset, the action space was com-
posed of 9 translational movements, result of two
translational degrees of movement,

u = {−3 : 3 : +3} × {−3 : 3 : +3}

while for the second dataset, 9 movements were con-
sidered, taking combinations of image rotations and
distances to the image center

u = {−45◦ : 45◦ : +45◦} × {0.9 : 0.1 : 1.1}.

The training sets for both Datasets generated had
50 observations for each movement, on a total of
50 × 9 observations for Dataset 1 and 50 × 9 ob-
servations for Dataset 2. The testing sets for both
Datasets had the same number of observations as
the training sets.

The Sensorimotor networks were equipped with
visual and motor fields of 9 hidden units each. This
is equivalent to 3114 parameters to be learnt for the
Simultaneous Sensorimotor Network and 3843 pa-
rameters for the Sequential. Even though the num-
ber of parameters to be learnt is slightly higher on
the Sequential Sensorimotor, the results are aston-
ishingly better, especially as the network increases
in size. The time difference to achieve a good
RMSE, goes from over 2 hours for the simultane-
ous Sensorimotor network to just over 20 minutes
for the Sequential.

Figure 5 illustrate the difference in RMSE effi-
ciency for the two approaches by taking the RMSE
of the Simultaneous learning against the RMSE of
the first part of the Sequential learning. The ad-
justed value of the RMSE for the Sequential pro-
cess is indicated in the final iteration with a star;
this adjusted value is the RMSE after the second
part of the sequential learning. The difference in
efficiency remains staggering on both the adjusted
and non-adjusted values.

As the results show the clear advantage of using
Sequential network, from now on, when referring
to Sensorimotor Network it is meant the Sequential
Sensorimotor Network.
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(i) Dataset 1
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(ii) Dataset 2

Figure 5: Training evolution of the Simultaneous
vs Sequential Sensorimotor Networks on Dataset 2.
The star represents the final adjusted value for the
Sequential method.
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4.2. Sequential Sensorimotor Network

Datasets are generated by placing a 16 × 16 retina
(NS = 256) on an environment where actions are
simulated. For the first dataset, the action space is
composed of 81 translational movements, result of
two translational degrees of movement,

u = {−4 : 1 : +4} × {−4 : 1 : +4},

while for the second dataset, 49 movements were
considered, taking combinations of image rotations
and distances to the image center

u = {−90◦ : 30◦ : +90◦} × {0.7 : 0.1 : 1.3}.

For the training set of Dataset 1, 100 observations
were generated for each action, in a total of 100×81
observations. For the testing set, 20 × 81 observa-
tions were considered. For the Dataset 2, another
100 observations were generated for each action, in
a total of 100×49 training observations. The testing
set was composed of 20× 49 observations.

A Sensorimotor Network is trained with 9 visual
receptive fields, ns = 9, and 9 movement fields,
nm = 9. Voronoi diagrams are used for visualiza-
tion of the underlying structure of both retina and
motor structures.
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Figure 6: Visual sensor topology evolution for
translational actions (Dataset 1) with 9 hidden
nodes.

Figure 7: Examples of perception change by trans-
lational actions (Dataset 1).
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Figure 8: Visual sensor topology evolution for ro-
tational/zoom actions (Dataset 2) with 9 hidden
nodes.

Figure 9: Examples of perception change by rota-
tional/zoom actions (Dataset 2).
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The structures formed by the sensorial input are
extracted in Figures 6 and 8, each point represent-
ing a pixel of the input image, that is, each point
(x, y) represents the pixel on line x and column y.
Each pixel is assigned the color of the node whose
activation is stronger in S. The black dots are the
seeds of the Voronoi diagram. The Sensorimotor
network is capable of creating retina like structures,
where the image is split into identically sized parts.
The Dataset 2 distinguishes the center of the image
from the edges, while the Dataset 2 splits the image
uniformly.

The sensorial change imposed by the motor struc-
ture on the sensorial structure is seen in Figures 7
and 9. For these plots, for each initial hidden node
in P the highest valued edge is selected and an ar-
row is drawn between the two hidden nodes of the
edge.
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Figure 10: Motor field topology for translational
actions (Dataset 1) with 9 hidden nodes.
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Figure 11: Motor field topology evolution for ro-
tational/zoom actions (Dataset 2) with 9 hidden
nodes.

The motor structures obtained from M are ana-
lyzed in Figures 10 and 11. The x and y axis rep-
resent different degrees of freedom: for the Dataset
1 they represent the translations by x and y re-
spectively, while on the Dataset 2 the x axis rep-
resents the rotations and the y axis represents the
distance/zoom. It is noticeable that, while in the
translational movements, all the degrees of move-
ment have the same weight, on the rotational/zoom
movements the activations give more weight to the
rotations than the zoom, since, for example, both
the 1.1 and 1.3 zooms with the same rotation seem
to activate the same nodes.

4.3. Random initialization vs Low Rank Factoriza-
tion

A Sensorimotor network with hidden layers of size
ns = 20 and nm = 20 is trained with both initial-
izations.

1 2000
Iterations

0.080
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0.100

R
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Factorized

Figure 12: RMSE evolution on the Sensorimotor
Network with random initialization vs the proposed
Low Rank Factorization

SM SM-F
Train Test Train Test

Dataset 1
RMSE 0.1029 0.1081 0.0924 0.0975
Total Parameters 14740
Parameters = 0 3533 6032
Parameters > 10−3 8816 6875
Dataset 2
RMSE 0.0640 0.0734 0.0640 0.0734
Total Parameters 14100
Parameters = 0 5219 4362
Parameters > 10−3 7434 7859

Table 1: Error prediction and sparsity on the Senso-
rimotor Network with random initialization vs Low
Rank Factorization initialization.

The sensorial structures are extracted and shown
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in Figures 13 and 14. It is noticeable that the reti-
nas obtained by the Low Rank Factorization and
the final trained structures are very similar. In con-
trast, the retinas obtained with the same number of
iterations by the network with random initialization
have yet to make the most of all available hidden
units.

For the motor structures, the initial and final
structures on the proposed initialization are also
very similar for Dataset 1 (Figure 4.3), implying
that the initial approximation is already quite good.
For Dataset 2 (Figure 16) the structures take a
while longer to be achieved, still obtaining better
results with the proposed factorization.
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Figure 13: Visual sensor topologies evolution for
translational actions using random initialization
(left) vs proposed initialization (right).
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Figure 14: Visual sensor topologies evolution for
rotational/zoom actions using random initialization
vs proposed initialization.

On both the sensorial and motor structures, the

network does not use all 20 hidden nodes avail-
able, particularly evident on the motor structure
for Dataset 2. This, in comparison to the results in
the previous section, where all 9 hidden nodes were
used, implies that after a certain number of nodes
the network is already able to learn well enough.

The impact of the motor changes on the sensorial
input is seen on Figure 4.3, where clearly the Low
Rank Factorization provides a very good head start.
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Figure 15: Motor field topologies evolution for
translational actions using random initialization vs
proposed initialization.
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Figure 16: Motor field topologies evolution for rota-
tional/zoom actions using random initialization vs
proposed initialization.

5. Conclusions
On this work, neural networks were implemented in
an attempt to equip artificial agents with the abil-
ity to construct and predict their own Sensorimotor
coordination structures. The Simultaneous Sensori-
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Figure 17: Random initialization vs factorized initialization: examples of perception change after 10000
iterations.

motor network had the potential to encapsulate the
Sensorimotor relations as it distinguishes the action
and vision fields, but it takes a long time training,
and can hardly handle normal sized input sets. The
Sequential Sensorimotor fixes the time problem, as
it learns a lot faster. This network was success-
ful in learning quickly and providing sparse-retina
like structures and motor fields. Combining the Se-
quential Sensorimotor Network with the Low Rank
Factorization a new doubly-optimized network was
obtained. The structures obtained from this ulti-
mate network proved undoubtedly the coupling be-
tween a robot’s movement and its consequential vi-
sual perception change. The structures are learned
by the algorithm on its own, and, similarly to the
natural process of Sparse Coding, these structures
are sparse.
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