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Self-Organizing Neural Population Coding for Improving Robotic
Visuomotor Coordination
Tao Zhou1, Piotr Dudek2, Bertram E. Shi1

Abstract—We present an extension of Kohonen’s Self
Organizing Map (SOM) algorithm called the Self Organizing
Neural Population Coding (SONPC) algorithm. The algorithm
adapts online the neural population encoding of sensory and
motor coordinates of a robot according to the underlying data
distribution. By allocating more neurons towards area of
sensory or motor space which are more frequently visited, this
representation improves the accuracy of a robot system on a
visually guided reaching task. We also suggest a Mean
Reflection method to solve the notorious border effect problem
encountered with SOMs for the special case where the latent
space and the data space dimensions are the same.

I. INTRODUCTION
Human infants are thought to develop accurate
visuomotor coordination ability through a circular reaction
process, where they move their limbs randomly and observe
the movement with their eyes [1]. Through this process, they
gradually learn the relationship between their motor output
and their vision input. During the past twenty years, it has
been demonstrated by many researchers that this circular
reaction process can also enable a robot system to develop
visuomotor coordination [1-4]. The hope is that by learning
mappings by a circular reaction process, we can avoid the
need for complex system calibration and explicit
computation of the geometrical transformation required in
classical robotics, as well as enable adaptation in real time
visuomotor coordination.
In learning visuomotor coordination, one key problem we
need to address is how to represent the information from
both vision and motor domains. Georgopoulos and
colleagues have shown that neurons in motor cortex are
tuned to the directions of limb movements [5]. The final
direction of the limb movement may be decoded by taking a
vectorial sum of the activities across the neural population
[6]. Inspired by this, we adopt a similar neural population
coding method in our system.
In the literature modeling visuomotor coordination,
researchers have often used a fixed neural population
encoding where neurons have tuning curves with identical
widths and respond maximally at a set of visual or motor
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coordinates that are uniformly distributed across the stimulus
space [1, 4, 7, 8]. This presupposes that all regions of the
stimulus space must be represented with equal resolution,
which may not be true. In addition, this requires advance
knowledge of the range of the sensory or motor space that
must be represented.
To remove these assumptions, we propose an algorithm
called the self organizing neural population coding (SONPC)
algorithm, which adjusts online the selectivity and tuning
widths of the neurons encoding visual and motor
coordinates, according to the underlying distribution of the
data it encounters. Because the adaptation is online, even if
the underlying data distribution is not stationary, the SONPC
algorithm can adapt the coding by the neural population to
the data distribution as it changes. The algorithm is based on
the framework of Kohonen’s Self Organizing Map (SOM)
[9]. The SOM is a data driven, biologically inspired learning
algorithm. The key feature of SOM is that it enforces
topology constraints on the neural population through the
concept of a latent space. A similar topographic mapping is
thought to exist in the mammalian cortex[10].
Being based upon the SOM, our algorithm also suffers
from a border effect problem. The distribution of neural
selectivities is biased away from the borders of the data
space towards the center. This has the disadvantage that if
we decode activity by taking a vectorial sum of the neural
activity, where each neuron’s activity is weighted by its
optimal stimulus, the decoded output displays a similar bias
towards the center of the data space. To deal with this, we
propose a Mean Reflection method, which can be used to
reduce this problem when the dimension of latent space
lattice is the same as the data space.
In addition to an efficient coding of the visual and motor
coordinates, the other essential part of visuomotor
coordination development is a method that learns the
relationship between these two coordinate systems. The
learning algorithm we adopt here is similar to our previous
work [8] where we use the supervised Hebbian learning
algorithm to learn the cross correlation between vision and
motor domain.
The paper is organized as follows. Section 2 gives a brief
description of the robotic system we run our visuomotor
experiments on. Section 3 introduces the SONPC algorithm
in detail. Section 4 explains the supervised Hebbian learning
algorithm, which learns the relationship between the neural
population codes of visual and motor space that develop
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according to the SONPC algorithm, so that the robotic
system can learn to point to where it is looking. Section 5
describes how we solve the border effect problem using the
Mean Reflection method. Section 6 presents our
experimental results. Section 7 concludes the paper with a
discussion of our results.
II. SYSTEM DESCRIPTION
Our robotic system consists of a 7DoF robot arm and an
active vision system. The vision system consists of a camera
mounted on a pan-tilt unit, so that together can mimic the
motion of a human head. We are currently controlling only
two joints of the robot arm: the shoulder and elbow joint, so
that the endpoint of the arm moves in a plane. These two
joint angles are our motor coordinates.
During the training stage, the end effector of robot arm
holds an LED, which is much more salient than the
environment and easy for the camera to detect. The robot
arm moves its two arm joints randomly inside a preset range.
While the arm is moving in front of the camera, a computer
uses the camera image to determine the position of the LED,
and controls the pan-tilt unit so that the LED is always
located at the center of the camera image. We use the
positions of the pan and tilt joints of the pan-tilt head to
represent the vision signal. As the arm and pan-tilt unit
move, we use the SONPC algorithm described below to
learn neural population codes for the vision and motor
coordinates. We also use the supervised Hebbian learning
algorithm described below to learn the relationship between
the neural population codings of vision and motor
coordinates.
During the testing period, the LED is removed from the
end effector. When the camera tracks the location of the
LED, we use the pan and tilt angles of the pan-tilt head to
generate activity in the neuron population encoding visual
space. This activity then generates activity in the neural
population encoding the motor space via the weights learned
by supervised Hebbian learning. Finally, this motor space
neural activity is decoded by a vectorial sum to generate a
position control signal that causes the robot arm to point to
the target that the camera is looking at.
III. SELF ORGANIZING NEURAL POPULATION CODING
In our visuomotor coordination development system, we
represent the current value of the visual or motor coordinates
as the distributed activity across a population of neurons.
Each neuron in the population has a tuning curve describing
how its response changes as the current coordinate changes.
The tuning curve is largest if the current coordinates are
equal to a particular location in visual or motor space, and
decreases as the distance between the current coordinates
and the associated location increases. In designing a
population of neurons to encode the current coordinates, we
must not only choose an associated locations of the neurons
so that they cover the range of values encountered, but we
must also determine the shape of the tuning curve. In this
section, we start with a discussion of the classical SOM

model, which addresses the first of these problems. We then
describe the SONPC model, which extends the SOM to
address both problems.
A. The SOM algorithm
The classical SOM algorithm assumes that neurons are
arranged topologically in a latent space, which is typically
one or two dimensional. If we index each neuron by an
integer i, each neuron is associated with a location ri in the
latent space. Each neuron has an associated weight vector
mi, which represents a point in the data space. The SOM
algorithm allocates neurons so that the distribution of weight
vectors covers the distribution of a set of data in a way that
preserves the underlying topology. Neurons which are close
in the data space represent points that are close in the data
space. Note that the dimensionality of the data space and the
latent space may differ. The SOM is commonly used for
dimensionality reduction, where the dimension of the data
space is larger than that of the latent space.
The SOM algorithm updates the weight vectors
iteratively. At each iteration t, the SOM algorithm considers
one point in the data set, x. It finds the neuron whose weight
vector is closest in Euclidean distance. If we denote the
index of this “winning” neuron by w, then
(1)
w = arg min{ x − m i (t ) }
i

The weight vectors are then updated so that the weight
vectors of the winning neuron and the neurons closest to it in
the latent space move closer to the input data point x. For
each neuron i,
m i (t + 1) = m i (t ) + α (t ) ⋅ hwi (t )[x(t ) − m i (t )]
(2)

where α (t ) is a learning rate which decreases over time, and
hwi (t ) is a neighborhood function between neurons w and i.
The neighborhood function decreases as the distance
between neurons in the latent space increases. Here we use a
Gaussian neighborhood function:
⎛ − || ri − rw ||2 ⎞
hwi (t ) = exp ⎜
(3)
⎟
2
⎝ 2σ (t )
⎠
The standard deviation of the Gaussian typically remains
constant or decreases over time.

B. The SONPC algorithm
The SONPC algorithm is similar to the SOM algorithm in
that assumes an underlying topology between neurons, and
allocates neurons to different regions of the data space. It
extends the SOM by also modeling and adjusting the tuning
curves of the individual neurons. The SOM does not
explicitly model neural tuning responses, but rather simply
assigns data points to neuron based upon the smallest
Euclidean distance. The same distance measure is applied to
all neurons.
Similarly to the SOM, the SONPC algorithm indexes each
neuron by an integer i, and associates each neuron with a
location ri in the latent space. Each neuron’s response to an
input x is given by a Gaussian function in the data space,
normalized so that the total activity in the population sums
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to one. If we denote the activity of neuron i in response to
stimulus x by a (x, i ) , then
a ( x, i ) =

N ( x | m i , Σi )
N

∑ N (x | m

k

(4)

, Σk )

k =1

where N is the total number of neurons in the population and
(x − m i )T Σ i−1 (x − m i )
1
N (x | m i , Σi ) =
exp(−
) (5)
1
d
2
(2π ) 2 Σ i 2
and we assume the data to have dimension d. The mean mi
is analogous to the weight vector of the SOM, and
determines the preferred stimulus of neuron i . The
covariance matrix Σi controls the shape of the tuning curve.
Similarly with the SOM, the SONPC uses competitive
learning rule with neighborhood constraints to update the
parameters mi and Σi iteratively. At each iteration, a
winning neuron is chosen by the neuron whose activity is the
largest
w = arg max(a(x, i))
(6)
i

The mean vectors mi are updated according to equation (2).
The covariance matrices are updated in an analogous way
Σi (t + 1) = Σi (t ) + α (t ) ⋅ hwi (t ) ⋅
(7)
{[x(t ) − mi (t )] ⋅ [x(t ) − mi (t )]T − Σi (t )}
In our implementation, we schedule the learning rate and
the standard deviation of the neighborhood function so that
they decrease during training. We use similar sigmoidal
curves for both. For example, the learning rate decreases
according to

α (t ) = α i −

αi

+α f
(8)
(1 + exp(−0.0002 ⋅ (t − L / 320)))
where L denotes the pre-assigned total training length. The
final value of the standard deviation of the latent space
neighborhood function has a significant influence on the
final coding scheme. If final sigma is large, the receptive
fields of the neurons will have large overlap and will be less
spread out. If sigma is small, neurons will have little or no
overlap and will be more spread out. In our implementation,
the final value of sigma is set to 0.5 which provides us the
balance between continuity and coverage of the neural
population coding scheme.
C. Relationship with previous work
Previous work in learning visuomotor coordination that
has used population codes to represent visual and motor
coordinates used neurons with Gaussian tuning curves that
are homogenous (circularly symmetric) and homoscedastic
(identical variance across all neurons) [4, 7]. The Gaussian
functions in the SONPC algorithm are more general, being
both heterogeneous and heteroscedastic. As demonstrated
by our experimental results, this allows more flexibility,
which is especially useful when coding non-uniformly
distributed data, as we find in our visuomotor coordination
task. Because the coordinate transformation is nonlinear,

even if the data is uniformly distributed in one space (e.g.
the motor space), it will be non-uniformly distributed in the
other space (e.g. the visual space). There is also an
underlying
assumption
of
homogeneity
and
homoscedasticity in the SOM algorithm, since it uses the
same Euclidean distance measure when comparing the
distances between the input data and the weight vectors of
each neuron.
Ritter et al. have proposed to apply the SOM for learning
visuo-motor coordination [2]. However, while Ritter et al.
model visual and motor space simultaneously with a single
SOM, we use two neural populations to represent the two
visual and motor spaces separately.
The SONPC algorithm is similar to an online version of
EM algorithm for updating Gaussian mixture models [1113]. Consider a Gaussian mixture model for the data given
by
1 N
p ( x) = ∑ N ( x | m k , Σ k )
(9)
N k =1
where each mixture has equal prior probability. The activity
a(x,i) is equal to the responsibility or the conditional
probability that mixture i generated the observation x.
However, the EM algorithm assumes no topological
relationship between the mixtures. In the EM algorithm, the
influence of each data point on the next set of parameter
estimates for mixture i depends upon the responsibility. In
the SONPC algorithm, the influence of each data point on
the next set of parameter estimates for neuron i depends
upon the distance between i and the winning neuron in the
latent space. The EM algorithm also updates the prior
probabilities of the mixtures. In SONPC, we constrain the
prior probabilities to be equal.
Past work has also incorporated topology into the
Gaussian mixture model by combining it with the SOM
algorithm. Yin and Allison also use a similar competitive
rule for choosing a winning neuron and update only the
parameters of neurons close to the winning neuron [14].
However, they weight the updates by the responsibility,
rather than the neighborhood function, which we expect will
reduce the topological constraints enforced by the latent
space. Van Hulle uses a more complex formulation based
upon a bias-variance decomposition of a weighted error
function [15], but considers only the case of homogenous
Gaussians in the mixture.
IV. DEVELOPMENT OF VISUOMOTOR MAP
For the visuomotor map learning, we adopt the a method
similar to that reported in [8], except that we use supervised
Hebbian Learning rule to learn the cross correlation between
the vision and motor spaces.
Given a set of training data, which consists of pairs of
visual and motor coordinates, we first update a neural
population coding for each space separately using the
SONPC algorithm described above.
For each data pair, we then generate neural population
activity corresponding to the vision and motor coordinates
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using equation (4) with the current estimated parameters.
Similar to work by Salinas and Abbot [4], we learn the
relationship between the neural population activity encoding
the vision coordinates and the neural population activity
encoding the arm coordinates using a supervised Hebbian
rule. We assume that neuron i in the arm population is
connected to neuron j in the vision population by a weight
wij , and that the weights are updated according to the
correlation between their activity
Δwij = η ⋅ am (x m , i ) ⋅ av (x v , j )
(10)
where the subscripts m and v indicate the motor and vision
spaces respectively.
Since Hebbian learning without competition leads to
unbounded weight evolution, after each update we normalize
the weight so that the weights connecting to one particular
motor neuron sum to one.
wij
(11)
wij =
N
∑ k =1 wik

During the testing stage, we remove the LED from the end
effector of the arm and allow the camera to track the LED.
Given the resulting visual coordinates, we generate visual
neuron population activity using equation (4) and generate
motor neuron population activity using the weights learned
by supervised Hebbian learning.

Kohonen [17]. However, the method proposed in [16]
cannot solve the border effect problem when the data has
abrupt borders. When using the method proposed in [17], it
is hard to determine whether a data point is inside the neuron
range or outside the neuron range.
Solving the border effect problem in general is difficult,
since it is difficult to determine which data points are near
the border. However, if the dimension of the latent space is
the same as the dimension of data space, it seems reasonable
to assume that the borders of the neural array in the latent
space (which are known), will coincide with the borders of
the data space (which are a priori unknown). In this case,
we propose to reduce the border effect by creating “virtual
data points” outside the border for each input data point.
The “virtual data points” are obtained by reflecting the mean
of the winning neuron around the data space positions of the
border neurons in the latent space.
This “Mean Reflection” method is based upon two
assumptions. First, the data is distributed uniformly within
the winning range of the border neuron up to the border.
This is reasonable if the data distribution changes
continuously, as it does in our application. Second, the
border neuron should be is located right at the border, which
is abrupt.

N

am (i ) = ∑ wij av (xv , j )

(12)

j =1

We translate the motor population activity into a
commanded arm position ym sent to the robot arm by taking
a vectorial sum where each neurons activity is weighted by
its preferred set of arm coordinates
1 N
y m = ∑ m m , i am (i )
(13)
S i =1
where
N

S = ∑ am (i )

(14)

i =1

and m m ,i are the set of Gaussian means learned for the
motor population encoding by SONPC. We evaluate
performance by determining how close the commanded arm
position is to the actual set of arm positions required for the
end effector to reach the LED.
V. REDUCING THE BORDER EFFECT
The border effect is a well-known problem in applications
using the SOM. The positions of neurons in the data space
do not reach the border of the data range, but rather are
shifted towards the center of the data range. Due to its
similarity to the SOM, the SONPC algorithm suffers from
the same border effect problem. This increases the errors
between the commanded and desired arm positions when
they are at the edges of the motor space.
In the literature, there are several methods which try to
solve the border effect of SOM including spherical SOM
[16] and the heuristic weighting strategy proposed by

Fig. 1 One-dimensional mean reflection method

Fig. 1 illustrates the Mean Reflection method for the one
dimensional case. The solid dots indicate the mean locations
of the neurons in the data space. The vertical solid lines
indicate the range of inputs for which each neuron wins.
The figure assumes that the mean location of border neuron
n falls on the border of the data. Assume that for an input
data point x, a non-border neuron indexed by w wins, we
create two “virtual data points” by reflecting the mean of the
winning neuron with respect to the mean location the border
neurons 1 and n. These are shown as dashed circles. We
also create two “virtual winning neurons” outside the array
in the latent space claim these data points. For example, if
neuron w wins, we create virtual neurons indexed 2-w and
2n-w to win the data points reflected outside the left and
right sides of the array. Combining the parameter update
equations for these three data points (one real and two
virtual), we obtain the following update equation for the
mean of each neuron i
Δm i = α ⋅ hw,i ⋅ (x − m i ) + α f ⋅ h2 n − w,i ⋅ (m rn − m i )
(15)
+α f ⋅ h2 − w,i ⋅ (m r1 − m i )
where mrn is the reflection of the mean of winning neuron
around border neuron n and mr1 is the reflection of the mean
around border neuron 1. If a border neuron wins, then
instead of reflecting its mean, we reflect a point halfway
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between the mean and the border of the data range it covers
assuming that it lies on the border, as illustrated in Fig. 1 by
the solid cross. The reflected mean with respect to border
neuron b is given by
m rb ( w) = 2 ⋅ mb − m( w)
(16)
where
if w = 1
⎧0.75m1 + 0.25m 2
⎪
(17)
m( w) = ⎨m w
if 1 < w < n
⎪0.25m + 0.75m if w = n
⎩
n −1
n
The Mean Reflection method can be easily generalized
higher dimensions. Fig. 2 illustrates the Mean Reflection
rule for 2D. The key difference is that we now create four
virtual data points and neurons, rather than two, since we
must reflect around the top and bottom borders, as well as
the left and right borders.

each neuron and the ellipses indicate the covariance matrices
of each neuron.
Different colors are used to enable the
parameters for different neurons to be distinguished.
Comparing the figures, we see that that the Mean Reflection
algorithm is effective in pushing the neuron mean locations
out to, but not beyond, the border of the data range. In
addition, we see that the covariance ellipses for the motor
data, which is uniformly distributed are all approximately
the same. The covariance ellipses show more variation in
size for the vision data. They are smaller in the lower right
hand corner where the data is more densely concentrated,
but larger in the upper left hand corner, where the data is
sparser.
Learnt Population Coding for Motor Data without Mean Reflection
20

Arm Shoulder Module Angle

10

0

-10

-20

-30

Fig. 2 Two-dimensional mean reflection method

A. Experimental Results
In order to verify that the Self Organizing Neural
Population Coding can result in a better representation,
which improves performance on the visuomotor mapping
task, we implemented the algorithm on the robot arm system
described previously. We use 10x10 arrays of neurons to
represent the visual and motor domains. The supervised
Hebbian learning algorithm for learning visuomotor
mapping algorithm remains the same. Only the neural
population coding scheme changes. We perform 40,000
training iterations in each experiment. Each training
iteration includes parameter updates for the visual and motor
neural population codes using SONPC and a weight update
using the supervised Hebbian learning algorithm. To test
the results, we choose 1600 arm joint angles pairs according
to a uniform distribution and measure the mean square error
(MSE) between the mapping result calculated from the
corresponding pan-tilt position and the ground truth.
We first compare the neural population codes learned
using SONPC with and without the Mean Reflection
algorithm. Figs. 3 and 4 show the results for the motor
space. Figs. 5 and 6 show the results for the visual space. In
these figures, the blue dots indicate the training data points,
which were obtained by uniformly sampling the arm joint
space and measuring the resulting pan-tilt angles in the
vision space. The solid cross indicates the mean location of
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Arm Elbow Module Angle

90

100

Fig. 3 Population coding for motor data without Mean Reflection.
Learnt Population Coding for Motor Data with Mean Reflection
30
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Arm Shoulder Module Angle

VI. EXPERIMENTAL RESULTS AND COMPARISON
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Fig. 4 Population coding for motor data with Mean Reflection.

Figs. 7 and 8 show the visuomotor mapping result for
population codes learned by SONPC with and without Mean
Reflection. The blue dots are the ground truth arm joint
angles. The red dots are commanded arm joint angles
calculated from the vision data. With Mean Reflection, the
performance near the border is greatly improved.
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Learnt Population Coding for Vision Data without Mean Reflection

SONPC without Mean Reflection Mapping Result MSE 8.7879
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Fig. 5 Population coding for vision data without Mean Reflection
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Fig. 7 Visuomotor mapping for SONPC without Mean Reflection

Learnt Population Coding for Vision Data with Mean Reflection

SONPC with Mean Reflection Mapping Result MSE 3.0414
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Fig. 6 Population coding for vision data with Mean Reflection

B. Comparison with Alternative Approaches
We first compare the performance of the neural
population codes learned by the SONPC algorithm with the
fixed neural population coding used in our previous work
[8]. In that work, the neural population activities were
calculated using equation (4), where the mean locations were
fixed to equally sample the rectangular range containing the
data. Data was rescaled so that the edges of this rectangular
range correspond to values of 0 and 1. While this is
probably effective for representing the motor space, where
the data points are distributed evenly over the entire range, it
is not effective for the vision data, as it allocates neurons to
locations in visual space that are never used.
The
covariances were equal to the identity matrix scaled by the
variance σ 2 .
For the fixed neural population coding algorithm, the
performance of the mapping depends upon the value of σ .
Fig. 9 shows the MSE between the commanded and ground
truth arm joint angles as a function of the distance from the
center of the array.

40
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-30

-20
-10
0
Arm Shoulder Module Angle

10

20

Fig. 8 Visuomotor mapping for SONPC with Mean Reflection
Fixed Population Coding Scheme Performance with Different Sigma
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sigma 0.045
30
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25

Mean Square Error

-800

20
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Fig. 9 MSE of the fixed neural population coding

As expected, the MSE near the border is much larger than
the MSE in the center region due to the border effect. Fig. 9
shows that as the standard deviation σ increases from 0.03
to 0.055, the error near the border increases while the error
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Fig. 11 MSE of the SONPC algorithm with and without homogeity and
homoscedasticity constraints.

Finally, we note that increasing the number of neurons
improves the accuracy of the visuomotor mapping, at the
expense of additional computation time. When we increase
the neural populations representing the visual and motor
spaces from 10x10 to 20x20, the total MSE over the entire
range drops from 3.04 to1.34. However, the training time
when running in MATLAB on a PC increases from 25
minutes to 100 minutes.

Comparison between SONPC and Fixed Coding

40

140

Mean Square Error

in the center area decreases. For our later comparisons, we
chose σ equal to 0.045, as a tradeoff. Further increases in
σ do not significantly reduce the MSE in the center of the
arm joint range, but lead to degraded performance at the
boundaries.
Fig. 10 compares the visuomotor coordination
performance between the fixed neural population coding and
SONPC with and without Mean Reflection. In the central
region, the performance of SONPC with and without Mean
Reflection is comparable. Both show better performance
than the fixed neural population coding scheme. This is not
surprising, since the fixed neuron population wastes neurons
by allocating them to regions of visual space which are not
used. Without Mean Reflection, the performance near the
boundaries degrades to the point that the MSE exceeds that
of the fixed coding, where we manually located border
neurons at the data border. The MSE of the neural coding
learned by SONPC with Mean Reflection is smaller than that
of fixed coding in all regions.

30
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VII. CONCLUSION

15
10
5
0
0

5

10
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15

20

Fig. 10 MSE of the fixed neural population coding and the neural
population coding learned by SONPC with and without Mean Reflection.

As described above, the classical SOM algorithm does not
model neural responses, only the distribution of preferred
stimuli in a population. Thus, it is impossible to directly
compare performance of the SOM and the SONPC on this
task. However, we noted above that the SONPC relaxes the
homogeneity and the homoscedasticity assumptions implicit
in the SOM algorithm. We examined here the importance of
relaxing these constraints by constraining the SONPC
algorithm so covariance matrix of all neurons is equal to the
identity matrix scaled by a global variance σ 2 , which is
updated according to the equation
σ 2 (t + 1) = σ 2 (t ) +
(18)
α (t ) ⋅{ 12 [x(t ) − m w (t )]T ⋅ [x(t ) − m w (t )] − σ 2 (t )}
Fig. 11 shows the MSE of the SONPC algorithm with and
without homogeneity and homoscedasticity constraints. In
neither case was Mean Reflection used. We see that the
MSE of the SONPC without these constraints is much
smaller than with the constraints.

The aim of this work was to develop an algorithm for
learning a neural population code that can effectively
represent an data set, and to demonstrate that this algorithm
improves performance on a visuomotor coordination
behavior development task. The Self Organizing Neural
Population Coding algorithm we describe is an extension of
the SOM algorithm, and is related to the Gaussian Mixture
Model. Given a data set, it can learn online a topography
preserving neural population coding scheme to represent that
data set. Our experimental results demonstrate that this
adaptive algorithm finds a better population coding of visual
and motor data, resulting in improved performance on a
visually guided pointing task.
The complexity of SONPC algorithm is larger than the
classical SOM algorithm, since the SONPC needs to
estimate the covariance parameters in addition to the mean
parameters estimated by the SOM. Given N neurons and a
D dimensional data space, the number of parameters that
must be estimated by the SOM is ND, versus
N(D+D(D+1)/2).
However, our experimental results
indicate that this additional flexibility results in large
performance gains. Importantly, the complexity is still
linear in the number of neurons N. An additional advantage
of the SONPC algorithm is that it also models population
responses, rather than simply the distribution of preferred
stimuli in the neural population
We also proposed a Mean Reflection algorithm, which
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results in a better representation of the data near the borders
of the data set. Our experimental results show that
incorporating this Mean Reflection algorithm improves taskrelated performance near the borders.
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