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Abstract 

In this paper we consider the Self Organising Continuous 
Map, an extension to the basic Kohonen Self Organising 
Map (Learning Vector Quantisation network) for which 
the output of each node is a continuous function gener-
ated by a basis structure. 

The performance of this network is compared with the 
Self Organising Feature and Motor Map on one con-
tinuous and one discontinuous function approximation 
problem. Subsequently this network is demonstrated on 
the classic pole balancing control problem. 

1 Kohonen's Network 

In this section, we describe the three relevant Kohonen 
Self Organising Map (SOM) network architectures: Self 
Organising Feature Map (Learning Vector Quantisation 
network), Self Organising Motor Map (SOMM), and Self 
Organising Continuous Map (SOCM). 

1.1 Self Organising Feature Map 

Let { minput} be a number of code book vectors or free 
parameter vectors that are placed into the input space 
and moved so as to approximate the probability density 
of the input vectors, X input, by their quantised values. 
Usually, several codebook vectors are assigned to each 
class of Xinput values. 

The Self O~ganising Feature Map (SOFM) and Learn-
ing Vector Quantisation (LVQ) networks differ only in 
respect to the way they handle the codebook vectors. 
SOFM uses a lattice formation to tie the codebook vec-
tor together (Figure 1(a)), whereas the codebook vectors 
under the LVQ algorithm are a non-connected set (Fig-
ure 1(b)) . 
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Figure 1: SOFM v LVQ 

There are many training methods currently in use, in-
cluding: SOFM [2]; LVQ1, LVQ2.1, LVQ3 [3]; and Con-
science Learning [5]. The common thread between all 
training methods is a competition that chooses a code-
book vector from {minput} closest to the input vector 
Xinput (closest is defined differently for different training 
methods) and moves it closer to the input vector Xinput· 

The basic SOFM training law states that 

input input + [ input input] 
mk+l = mk 'Yk xk - mk (1) 

with the learning rate, 0 < 'Yk << 1 either constant or 
varying with respect to training iterations and/or net-
work error. 

The SOFM algorithm is then: 

1. Randomly place each of the codebook vectors, 
minput across the input space. 

2. Present the network with the training pattern 
Xinput· 

3. Find the closest codebook vector minput· 

4. Update the winning codebook vector using equa-
tion 1. 

5. Until training is finished, adjust 'Yk and return to 
step 2. 

6. Associate each code book vector with an input class. 
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1.2 Self Organising Motor Map 

In the SOMM [5], each codebook vector minput has an 
associated output vector moutput. We update the code-
book vector in the input space as with SOFM and adjust 
the output vector with moutput = moutput + a(Xoutput-
moutput) where Xoutput is the desired output vector as-
sociated with Xinput and 0 < a << 1. 

Implementation of the SOMM for control of a robot can 
be found in the two papers [4, 6] and the book [5]. In 
[5), the SOMM is changed so that each node represents 
a linear controller. SOFM and SOMM have been used 
by many authors successfully for approximation, partic-
ularly in the area of control systems. 

This network will be used in the simulations and com-
parisons with the SOCM described below. 

1.3 Self Organising Continuous Map 

For the two network designs described above: 

• SOFM - approximate the n-dimensional discrete 
function f: Rn -t {AB C ... Z}. 

• SOMM - approximate the n-dimensional continu-
ous function fc : Rn -t Rm with the discrete func-
tion !d : R n -t { a1 a2 a3 . .. at} with ai the output 
of the ith node and l the number of codebooks. 

These networks admit a further extension, the Self Or-
ganising Continuous Map (SOCM), with property 

• SOCM - approximate the n-dimensional continu-
ous function fc : Rn -t Rm with then-dimensional 
piecewise continuous function JP: Rn -t Rm. 

SOCM, like the other SOM networks, performs a com-
petition over a number of codebook vectors and moves 
them over the input space. The difference is in the way 
it approximates the desired output vector . 

To describe the approximation mechanism of the SOCM 
network, some terms must be defined. Consider a set 
{!I, h, · · ·, fk}, fi : Rn -t Rm is a set of orthogonal 
basis functions. (For the case R1 -t R 1 , an example is 
{1,x,x2 }.) The codebook output is defined as a linear 
combination of these basis functions, namely: 

Each code book vector m input in the network has an asso-
ciated Vandermonde-like linear system Ac = b generated 
from (Xinput , X output) pairs of the form: 

[! ( input) J ( input)] [ l 1 x 1 . • • k x 1 c1 

f (xinput) J ( input) C 1 2 . . . k x 2 2 

fi (x~nput) ~ : ~ fk (xfnput) c~ -
[
X~utputl output 
x2 

output 
xl 
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At the start of training, each Ac = b is initialized with 
k representative (Xinput 1 Xoutput) pairs such that A is 
square. The data pairs used to initialize the network 
are usually chosen randomly from the available training 
patterns. 

We now train the network by repeatedly presenting an 
(xinput, Xoutput) pair, choosing a winning codebook then 
updating the linear system Ac = b associated with the 
winning codebook vector. 

This training method becomes impractical due to the in-
creased storage required for A and b as the linear system 
expands. For example, after 10, 000 iterations, A could 
be 5 x 10,000 and b dimension 10,000. To get around 
this problem with the overdetermined Ac = b systems, 
the following solution mechanism was considered (Ak, 
Ck and bk are the values of A, c, b after the kth training 
step): 

AkCk = bk 
AfAkck = Afbk 

(Af Ak)-1(Ak Ak)ck = (AfAk)- 1Akbk 
Ck = (Ak Ak)-1 Akbk 

Ck+1 (Af+1Ak+!)-1 Ak+lbk+1 

(Ak+1Ak+1) = [rAI af+1l [ a~:1 ] ] 

Af Ak + af+1ak+1 

(Af+tbk+l} [rAfaf+~l [ 13~:1 ]] 

Afbk + af+1!3k+l 
Ck+1 (Af Ak + af+lak+t}- 1 

(Afbk + o{H/3k+1) 

where a and /3 are the new rows of A and b that come 
from the latest training vector being added to the linear 
system. 

We have now solved the problem of storing every data 
point presented to the system because all the required 
information is now stored in Af Ak (7 x 7) and Afbk 
(length 7) 

Although the storage problem has now been solved, one 
issue remains. The diagonal of Af Ak grows without 
bound, a side effect of weighting each training sample 
the same. For a continuously evolving system of this 
type, recent data pairs should be most heavily weighted. 
To achieve this we used the basic Hebbian learning al-
gorithm, scaling Ak, bk by E/IIAfAklll and ak+l, f3k+I 
by (1- E)/llaf+1ak+dh· 0 < E « 1 is the learning rate 
of the codebook vector. 

It is important to point out that the matrix inverse and 
multiply need be performed only at the end of training 
for each codebook vector. Therefore the update dur-
ing training consists of the code book vector update and 
two matrix additions. Once training is completed, all 
{c1,c2,·· ·,ck} are calculated. 

Given Xinput, moutput is found from equation 2. 
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The SOCM algorithm is then: 

2 

1. Randomly place each of the codebook vectors, 
minput across the input space. 

2. Present the network with the training pattern 
(Xinput, Xoutput)-

3. Find the closest codebook vector minput· 

4. Update the winning codebook vector using equa-
tion 1. 

5. Update AT Ak and Aibk. 

6. Until training is finished, adjust rk and return to 
step 2. 

7. Calculate { c1, c2, · · · , ck} once for each code book. 

Approximation 

In this section we consider the problem of approximating 
a continuous and discontinuous function using the above 
network architectures. The learning rate had limited 
effect on the final result and for all experiments is held 
constant at r = 0.01. Although we chose only to update 
the winning node, small improvements can be made in 
the approximation by updating the 3 closest nodes. 

2.1 Continuous 

The continous function being used in this example is 

fc(r, O) = sin(O- 11)6) sin(r) 
r 

(see Figure 2(a).) 

Input vectors (x,y) are drawn equiprobably over the in-
put space. As a basis structure, we will take the stan-
dard Taylor basis functions, so we will talk about a lin-
ear network if the basis set is { 1, x, y}, and a quadratic 
network if the basis set is {1, x, y, xy, x2 , y 2 }. 

Figure 2 shows the improved function approximation 
ability of the linear and quadratic SOCM networks over 
the SOMM network. 

For this example, the increase in accuracy using the net-
work is strikingly apparent. A more accurate approxi-
mation of the slope is obtained by the linear network. 
With the quadratic network, good approximations of the 
slope and curvature of the surface are obtained. 

Figure 3 shows the final squared error of the approxima-
tions for networks of various sizes. From top to bottom 
are networks with scalar, linear, quadratic and cubic 
nodes. 
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Figure 2: 3D Approximations comparing different SOM 
networks 
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Figure 3: Error analysis of 3D approximations 

2.2 Discontinuous 

We now take the previous function and introduce a dis-
continuity, 

{ 
sin(O- 1rj6) sin(r)/r 
- sin(O- 1rj6) sin(r)/r 

see Figure 4(a). 

ifx·y>O 
otherwise 

The network was trained exactly as the continuous ex-
ample. 

Figure 4 shows the linear and quadratic SOCM networks 
against the SOMM network. 

Figure 5 shows the final squared error of the approxima-
tions for networks of various sizes. From top to bottom 
are networks with scalar, linear, quadratic and cubic 
nodes. 
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Figure 4: Discontinuous 3D Approximations comparing 
different SOM networks 
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Figure 5: Error analysis of Discontinuous 3D approxi-
mations 

2.3 Discussion 

All training sessions were completed successfully in fewer 
than fifty thousand training iterations, with each train-
ing iteration requiring about the same order of time as 
for an equivalent backpropagation network (as tested on 
an RS6000 workstation.) 

The advantage of the SOCM over the SOMM shown is a 
direct result of its ability to describe a continuous hyper-
surface by a continuous surface rather than a set of dis-
crete responses. This increase in accuracy also means an 
associated reduction in the size of the network, resulting 
in increased convergence speed and decreased memory 
requirements. 

Another benefit of the SOCM's reduced size is the abil-
ity to represent it more effectively on small scale par-
allel machines that are becoming popular in industry. 
The reason for this is the shift in computation from the 

Australian Journal of Intelligent Information Processing Systems 

31 

network (competition) which is a serial process to the 
node (update) which can be executed in parallel. The 
update can be performed while the next input to the 
network is being used in a new competition phase and 
while other node updates are being performed. Also, 
when a recursive inverse algorithm is being used in the 
RLS algorithm, the nodes can be improving their inverse 
approximation while they are dormant . 

3 Pole Balancing Problem 

Pole balancing is the 'classic' control problem: the task 
of balancing a vertical pole in a gravitational field by 
appropriate movements of the base of the pole (5, 1, 7]. 

The motion of the pole is imitated by a computer simu-
lation. A massless rod of unit length serves as the pole, 
with point masses of values m and unity at its bottom 
and top end, respectively. The motion of the pole is re-
stricted to a vertical plane, and the bottom of the pole 
is confined to slide along the x-axis. The pole and its 
two degrees of freedom are presented in Figure 6. For a 
gravitational field directed downward with unit stength, 
the equation of motion of the pole is 

Figure 6: Inverted pendulum model (8] 

2 .. 11 .. 2 (m+ sin ())() + 2 o sin(20)- (m+ 1) sinO =-f cos(). 

(3) 

Here, () is the pole angle measured clockwise against the 
vertical, f is the horizontal force acting on the cart. 
The motion of the pole is simulated by the fourth order 
Runge-Kutta method using a time step of 0.01 in the 
units of Equation 3. 
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The SOMM network that was used to perform the con-
trol had 200 nodes. Note the chattering in Figures 7(a) 
and 7(b). This is due to the fact that the output force 
'jumps' as the winning node changes, resulting in sudden 
changes in the force output. 
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Figure 7: Control Approximations comparing different 
SOM networks 

In contrast to previous control simulation (see Fig-
ures 7(c) and 7(d)), the SOCM network has been able 
to accurately describe the exact surface such that the 
largest error over the simulation surface is less than 10-5 

(50 nodes). 

4 Con cl us ion 

We presented an extension to the Kohonen network in 
this paper that achieves better function approximation 
by realising a continuous function output at the node. 
This extension has been shown to vastly improve the 
approximation ability of the network while introducing 
approximations of higher order effects such as slope and 
curvature which can be used directly for minimisation. 
As the network is approximating the function surface, 
the partial approximation can be used to gain progres-
sive estimates of local and global extrema. Application 
of the network to the pole balancing problem is demon-
strated. Node insertion and removal can be performed 
at any time during the training phase making it possible 
to change the network size to reach some accuracy goal. 
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