
IEEE TRANSACTIONS ON NEURAL NETWORKS. VOL. I ,  NO. I .  MARCH 1990 93 

Variants of Self-organizing Maps 

Abstmct-The self-organizing maps have a bearing on traditional 
vector quantization. A characteristic that makes them more resemble 
certain biological brain maps, however, is the spatial order of their 
responses, which is formed in the learning process. This paper dis- 
cusses the basic algorithms and two innovations: dynamic weighting of 
the input signals at each input of each cell, which improves the order- 
ing when very different input signals are used, and definition of neigh- 
borhoods in the learning algorithm by the minimal spanning tree, which 
provides a far better and faster approximation of prominently struc- 
tured density functions. Finally, it is cautioned that if the maps are 
used for pattern recognition and decision processes, it is necessary to 
fine tune the reference vectors so that they directly define the decision 
borders. 

I .  BASIC ALGORITHMS FOR THE “MAPS” 
OMPETITIVE learning is an adaptive process, in C which the cells of, say, a neural network are tuned to 

specific features of input. The responses from the network 
then tend to become localized [1]-[3]. 

The basic principle underlying competitive learning 
stems from early studies of certain problems in mathe- 
matical statistics, namely, cluster analysis. The original 
idea behind it was roughly the following. Assume a se- 
quence of statistical samples of a vectorial observable x 
= x ( t )  E R“ where t is the time coordinate, and a set of 
variable reference (or “codebook”) vectors { m i ( t ) ;  mi E 
R“, i = 1 , 2 ,  , k } .  Assume that the m i ( 0 )  have been 
initialized in some proper way; random selection will 
often do. Competitive learning then means that if the in- 
put x ( t )  can somehow be compared in parallel with all 
the mi ( t )  at each successive time instant, taken here to be 
an integer t = 1, 2, 3, * - , then the best-matching mi( t )  
is updated to better comply with x(  t ) .  If comparison is 
based on some distance measure d ( x ,  mi), updating must 
be such that if i = c is the index of the best-matching 
reference vector, then d ( x ,  m,) shall be decreased, and 
all the other reference vectors with i # c left intact. In 
this way, in the long run, the different reference vectors 
tend to become specifically “tuned” to different domains 
of the input variable x. If the probability density function 
of p (x) is clustered, then the mi tend to describe the clus- 
ters; in general, it can be shown that the mi tend to be 
placed into the input space R” in such a way that they 
approximate p ( x )  in the sense of some minimal residual 
error. Once formed, the system of cells then has a coun- 
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terpart in the classical vector quantization (VQ) formal- 
ism [4]. 

In the above principle, as in most conventional neural- 
network models, the spatial relationships of the resulting 
“feature-sensitive cells” are not considered, and the spa- 
tial coordinates of their responses in the network have no 
relation to the space of input signals. It may be proper to 
call such systems zero-order topology networks. In the 
models called maps (topological maps, feature maps, 
etc.), on the other hand, the localized feature-sensitive 
cells respond to the input signals in an orderly fashion, as 
if a curvilinear coordinate system, reflecting some topo- 
logical order of events in the input signal space, were 
drawn over the neural network. Often the “coordinates” 
correspond to some important or dominant feature dimen- 
sions of the signal space, although this is not necessary. 
The “coordinates” need not have any explicit interpre- 
tation at all; they may only reflect some continuous sim- 
ilarity relationships between the representations. One 
might rather regard the maps as some kind of similarity 
graphs or clustering diagrams; depending on the connec- 
tivity, such networks can then be named first-, second-, 
etc., order topology networks. A second-order topology 
network is planar, with a two-dimensional coordinate sys- 
tem defined over it. This kind of local order already tends 
to be formed in certain networks that have lateral inter- 
connections [5], [6]. Several years ago, one of the present 
authors [7], [8] introduced a self-organizing algorithm that 
effectively produces a global ordering over the network, 
the latter often reflecting rather abstract relationships of 
the data. Its basic scheme can be explained with the aid 
of Fig. 1. 

To every cell depicted in Fig. l(a), a reference (weight, 
codebook) vector mi is assigned, and in the simplest model 
the same input vector x is broadcast to all of the cells. 
The details of the lateral couplings or interactions sup- 
posed to exist between the cells in this “network” can be 
left undefined, as their effect is only taken into account in 
a functional form in the wanted learning law of the ref- 
erence vectors. This law, which is justified by its high 
efficiency in producing self-organization, may then be im- 
plementable by many kinds of underlying competitive 
learning processes or neural network architectures. 

The best-matching unit, the “winner,” is defined ac- 
cording to (1). An input signal vector x, the reference 
vectors mi E R“, and the winner c are thereby related by 

Jlx(t) - m,(l)II = min [ I l x ( t )  - mi(t)II) (1) 
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(b) 
Fig. 1 .  (a) The self-organizing map consists of a set of processing units or 

cells. Every cell in the map has a reference vector m,. The input vector 
x is broadcast to all of the cells. (b) An example of the topological neigh- 
borhood N, of cell c .  The radius of neighborhood decreases with time 
( t ,  < t2 < b ) .  

referring to an arbitrary norm (arbitrary metric). We may 
use , e.  g . , the Euclidean norm for simplicity. 

In order to implement a process in which the reference 
vectors are ordered spatially, it has turned out necessary 
to update the mi as blocks, concentrated around the win- 
ners. In this way, due to frequent overlap of such blocks 
in learning and similar corrections imposed within each 
block, the values of the mi tend to be smoothed. At the 
same time they also tend to become ordered. The latter 
effect, especially at the borders of the network, is very 
subtle, and cannot be justified mathematically here; let it 
be referred to several mathematically strict treatises of the 
self-organizing process (derivation of its equations from 
error-theoretic considerations, demonstrations of its or- 
dering power, as well as analyses of the asymptotic dis- 
tribution of the mi) ,  cf., e.g., [8]-[15]. They are too 
lengthy to be reviewed here. 

Updating is thus always restricted to a topological 
neighborhood N, of cells, defined in Fig. l(b): 

vi E N , ( t )  

m i ( t  + 1)  = m&) 

v i  $ N , ( t ) .  (2)  
Here a = a! ( t ) is a scalar parameter that during the course 
of the process decreases monotonically (0  < a < 1). It 
is essential to good global ordering that initially N ,  be 
very wide, covering, e.g., half of the network, whereas 
at the end of the process N, only contains the closest 
neighbor cells. If N, would contain unit c only, this map 
would be degenerated into the disordered zero-order to- 
pology model. 

Due to these conditions it is possible to produce glob- 
ally ordered maps. These results have earlier been dem- 
onstrated with a great many computer simulations; let it 
be referred, e.g., to [16]. 

For a simpler hardware implementation, an alternative 
version of the basic map algorithm may also be consid- 
ered, cf. [7]. For instance, with high-dimensional input 
vectors it is often possible to normalize them, or other- 
wise assume that all the information is contained in the 
relative values of the components. As a consequence, the 
reference vectors, by (2) , become normalized also, ap- 
proximately at least. The matching condition is thereby 
computable as a dot product (linear mapping) followed by 
a maximum selector: 

x‘m, = max {x‘m,}  . ( 3 )  
I 

The learning law can also be modified so that it directly 
normalizes the reference vectors at each step. Such an al- 
gorithm behaves qualitatively in a similar way as (1) and 
(2). In the discrete-time formalism we then have for the 
updating law: 

m,( t  + 1) = m i ( t ) ,  v i  $ N , ( t )  (4) 
where a’ = a ’ ( t )  is a monotonically decreasing scalar 
function of time (now 0 C CY’ < a), and N ,  is a similar 
neighborhood around the “winner” cell as in the previous 
algorithm. For the adaptation strength, one might use the 
law CY’ = a o / t ,  where a0 is rather large (say 10 to 100). 

Naturally, many other matching and updating laws in 
place of (1) and (2), or (3) and (4), may be feasible. 

It must be emphasized, however, that the basic map 
was only intended to visualize metric-topological rela- 
tionships of signals. One should not use the maps as such 
for pattern recognition or other decision processes, be- 
cause it is possible to increase the recognition accuracy 
by a significant amount if the maps are fine tuned, e.g., 
by the learning vector quantization (LVQ) algorithms [8], 
[17] discussed in Section IV. 

11. ADAPTIVE, TENSORIAL WEIGHTING OF THE VECTOR 
COMPONENTS IN THE DISTANCE FUNCTION 

The Euclidean norm is a natural choice in (l) ,  if no 
special assumptions about the input vectors are made. If 
the variances of the components of x = x ( t )  are of the 
same order of magnitude, there is usually no need to scale 
up their components differently. Significant differences in 
variances, however, usually induce an oblique orientation 
of the map, as demonstrated in Fig. 2. 

Fig. 2 represents a computer simulation with two-di- 
mensional input and reference vectors (with their com- 
ponents represented by the horizontal and vertical coor- 
dinates, respectively). The (uniform, rectangular) density 
function of the input vectors x is represented by the shaded 
area. The reference vectors mi of each cell are shown as 
points in the same two-dimensional space from where the 
input samples x are selected. To indicate which cells are 
neighbors, the points are further connected by lines, which 
form a lattice. A line connecting two reference vectors mi 
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Fig. 2 .  Examples of final adaptation results of a 4 by 4 cell self-organizing 
network in two simulations with different variances in input dimensions. 

and mJ is thus only used to show that two corresponding 
cells i and j are adjacent in the two-dimensional neuronal 
array. 

A better orientation can be guaranteed by the introduc- 
tion of a weighted Euclidean distance in the matching law. 
Its square is defined as 

N 

d i [ x ( t ) ,  m l ( t ) ]  = J =  1 w t [ E J ( t )  - p l J ( t ) ] Z  (5) 

where the E, are the components of x, the pJJ are the com- 
ponents of the m,, and wIJ is the weight of thej th  com- 
ponent associated with cell i, respectively. The central 
idea is to estimate such wlJ values recursively in the course 
of the unsupervised learning process, that the effects of 
errors (variance disparity) is balanced. To that end, each 
cell i is first made to store the backwards exponentially 
weighted averages of the absolute values of the errors 
1 E, ( t ) - pl1 ( t )  1 ; denoting these values at step t by 6, ( t ), 
we first have 

+ ' 1  = ( l  - K I > 6 1 J ( t > +  K l  w,ltJ(t) - p,(')I 

( 6 )  

where the span of averaging is defined by parameter K~ ( a  
small scalar). 

By the same token as in the basic learning process, av- 
erages of only those cells need to be updated that each 
time belong to the learning neighborhood (in accordance 
with N ,  in (2)). 

Next we define the means of the 6 , ] ( t )  over the inputs 
of each cell: 

. N  
si@) = A c 6, ( t ) .  

N j = I  
(7) 

Within each cell, we then try to maintain the same aver- 
age level of weighted errors over all the inputs: 

Et(wi j lEj  - p y ( }  = Ai, vj. ( 8 )  

The following simple stabilizing control has been proven 
adequate to approximate (8): 

Ui j ( f  -k 1 )  = K Z W i j ( f ) ,  0 < K2 < 1 

i fa i j l t j ( t )  - ~ i j ( t ) /  > 6 i ( t )  (9a) 

Fig. 3.  Final adaptation results of a 4 by 4 cell self-organizing network in 
a series of simulations where the variances in horizontal dimension were 
varied. The variance ratios are (a) 1 : 1 ,  (b) 1 : 2 ,  (c) 1 : 3, and (d) 1 : 4. 
The behavior of the unweighted Euclidian distance is shown on the left 
of the figures, the weighted distance on the right. 

+ ') = K 3 W I J ( t ) 3  < K 3  

i fw,( t#)  - P,(t)j < W ) .  (9b) 
Suitable, experimentally found control parameters are: K~ 

A geometric interpretation of the above weighting is 
that the equidistant surface around cell i becomes elliptic. 
Setting d,  [ x ( t ), m, ( t ) 3 = const., an N-dimensional el- 
lipsoid is then defined whose volume is 

= 0.0001, K2 = 0.99, and K3 = 1.02. 

(10) 
N 1  v ,=c I I  - 

J = I  

where C is a constant. 

often as the others, one shall stipulate 
To further force each cell to "win" approximately as 

const., Vi. ( 1 1 )  
N 1  n - =  

J = l  

Introduction of the weighted Euclidean norm is justified 
by simulations, e.g., those illustrated in Fig. 3. Two par- 
allel series of experiments were carried out, one with the 
unweighted Euclidean norm in (1)  and the other with the 
adaptively weighted Euclidean norm, respectively. The 
self-organizing maps contained 16 cells arranged in a 
rectangular lattice. The learning vectors were selected 
randomly from a uniform rectangular distribution. The 
variance of the vertical dimension versus the horizontal 
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Fig. 4. Final adaptation results of a 4 by 4 cell self-organizing network in 

a simulation where the variances in horizontal dimension were not equal 
in the opposite sides of the area. The variance ratios are 1 : 2 on the right 
side and 1 : 4 on the left side of the area. The behavior of the unweighted 
Euclidian distance is shown on the left of the figures, the weighted dis- 
tance on the right. 

one was varied ( 1  : 1, 1 :2, 1 : 3, and 1 :4). The results 
with the unweighted metric are shown on the left of Fig. 
3 and the result with the weighted metric on the right of 
Fig. 3. 

If the variances of the dimensions are identical, both 
norms produce a similar alignment of the m, vectors as is 
shown in Fig. 3(a). Obviously, an optimum array to ap- 
proximate the distribution of Fig. 3(d), however, would 
be a 2 by 8 lattice. Since the array is fixed and its topo- 
logical neighborhoods are then fixed too, the point density 
of the m, vectors in Fig. 3(b)-(d) cannot follow the den- 
sity of x in local scale, resulting in a convergence to a 
suboptimal vector quantization as indicated by its oblique 
orientation. However, if the differences in variances are 
taken into account in the norm calculation, each neigh- 
borhood independently adjusts itself to the form of the 
distribution of x in an acceptable way. 

In the last experiment we tested the situation when the 
variance of the vertical dimension varies according the 
value of the variable in horizontal dimension. As can be 
seen in Fig. 4, the weighted version of the system takes 
the variation into account. 

111. DYNAMICALLY DEFINED NEIGHBORHOODS 

The simplest type of network topology, aside from the 
zero-order topology, is a linear array of cells where each 
cell has two adjacent cells (except one at the ends of the 
array). With planar topologies, two regular lattice struc- 
tures have often been used: rectangular and hexagonal, 
respectively. In rectangular arrays, at least two symmetric 
neighborhood topologies are possible. One may construct 
neighborhoods, e.g., either by making the comers of the 
neighborhood set pointing horizontally and vertically, or 
with edges horizontal and vertical; the exact form of 
neighborhood is not important. In a hexagonal array, each 
cell has six direct neighbors, and hexagon-shaped neigh- 
borhoods may then be used. In any array type, it is always 
possible to define the neighborhoods by defining a cei-tain 
circular radius from the selected cell. 

When the input vector distribution has a prominent 
shape, the results of the best-match computations tend to 
be concentrated on a fraction of cells in the map. Due to 
successive applications of (2), it may then easily happen 
that the reference vectors lying in zero-density areas are 
affected by input vectors from all the surrounding parts of 
the nonzero distribution. The fluctuation ceases as the 

neighborhoods are shrunk, but a residual effect from the 
rigid neighborhoods is that some cells usually remain out- 
liers. On the other hand, if the input vector distribution 
would be more uniform, e.g., the square distribution of 
Fig. 3,  the reference vector set neatly adapts to the input 
data. 

These observations have led us to look for new mech- 
anisms in which the local neighborhood relationships 
could be defined adaptively in the course of learning. 
Hereby we abandoned the definition of topologies on the 
basis of spatial adjacency relations of the network. It 
seemed interesting and advantageous to define the neigh- 
borhoods according to the relative magnitudes of the vec- 
torial differences of the m, vectors. In the new learning 
algorithm, the neighborhood relationships were defined 
along the so-called minimal spanning tree (MST). As is 
well known from the literature (see, e.g., [18]), the MST 
algorithm assigns arcs between the nodes so that all nodes 
are connected through single linkages and, furthermore, 
the total sum of the lengths of the arcs is minimized. Here, 
the lengths of the arcs are defined to be the unweighted 
Euclidean norms of the vectorial differences of the cor- 
responding reference vectors. The neighborhood of a cell 
in such an MST topology is defined along the arcs ema- 
nating from that cell (cf. Fig. 5 ) .  

As in the original algorithm, learning starts with wide 
neighborhoods, which here means traversing more MST 
arcs off the selected cell, in order to make up a neighbor- 
hood. Later on in the learning process the neighborhoods 
are shrunk and, apparently, the type of the topology be- 
comes less critical. Since the adaptation is temporally 
smooth, it is not necessary to compute the MST after each 
successive learning vector ~ ( t ) .  We have found in the 
simulations that its recomputation every 10 to 100 steps 
will suffice. It has to be pointed out that this self-organiz- 
ing process does not necessarily lead to spatially ordered 
mappings; on the other hand, it may make leaming sig- 
nificantly faster, at least relating to the number of learning 
steps. 

The virtues of the dynamic MST topology are demon- 
strated in two kinds of simulations. At first, the learning 
of the map was driven by random vectors of certain two- 
dimensional distributions, as shown in Figs. 6 and 7. On 
the left in the figures, the final alignment of the minimal 
spanning tree is depicted showing a good fit to the input 
data. On the right in the figures, the corresponding 
asymptotic positions of the rectangular topology (4 neigh- 
bors) are shown. On the other hand, Fig. 8 depicts what 
happens with square distributions where shape is very 
symmetric: in such a case the MST topology generates 
poorer results than the rectangular network topology. 

Another virtue of the MST topology can be seen from 
Figs. 9 and 10. In these simulations, the actual input dis- 
tribution consisted of two clusters. We wanted to see how 
well the m, would follow the input samples if the latter 
were first drawn from one cluster only and then, later on, 
from both of the clusters. Learning was thus carried out 
in two phases. In the first phase, the input vectors were 
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(a) (b) (C) (d) 
Fig. 9. (a) The diagram represents the final adaptation results of a 4 by 4 

cell self-organizing network with rectangular topologies when the input 
samples were drawn from the lower cluster only. (b)-(d) The three dia- 
grams represent snapshots of the adaptation during phase 2,  when input 
samples were also drawn from the upper cluster. 

Fig, 5 ,  Examples of neighborhoods o f a  cell in the minimal spanning tree 
topology. 

Fig. 6. Final adaptation results of a 16-cell self-organizing network to a 
spherical band distribution with (a) MST and (b) rectangular network 
topologies. 

Y 
(a) (b) (C) (d) 

Fig. 10. (a) The diagram represents the final adaptation results of a 4 by 
4 cell self-organizing network with MST topologies when the input sam- 
ples were drawn from the lower cluster only. (b)-(d) The three diagrams 
represent snapshots of the adaptation during phase 2,  when input samples 
were also drawn from the upper cluster. 

drawn from the lower cluster only. The configurations in 
both topologies after the first phase are shown on the left 
in Figs. 9 and 10. In the second phase, the input vectors 
were drawn from the entire distribution. Different stages 

(a) (b) of the second-phase adaptation are also shown in Figs. 9 
and lo* The MST flexi- 
bility when adapting to changes in the input distribution. 

Fig. 7. Final adaptation results of a 16-cell self-organizing network to a 
“Y-shaped” input distribution with (a) MST and (b) rectangular network 

exhibited a 

topologies. It is also a great improvement that now almost all nodes 
are finally situated within the areas of the distributions. 

IV. USING MAPS FOR PATTERN CLASSIFICATION 
A.  General Principles 

As pointed out in Section I ,  there is a marked difference 
between using vector quantization for the compression of 
signal information, and separation of signals into cate- 
gories by it. At least it would be a completely wrong strat- 
egy to first try to approximate the probability density 
functions of each class and then classify the input accord- 
ing to the closest reference vector. There is no guarantee 
for the original self-organizing map or more conventional 

tors that the rate of misclassifications is minimized. 

(a) (b) 
Fig. 8. Final adaptation results of a 16-cell self-organizing network to a 

square input distribution with (a) MST and (b) rectangular network to- 
pologies. 

’Q method defining such “codebook” Or reference 
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If the maps, or any VQ method is used for classifica- 
tion, then each category (class) of samples is usually ap- 
proximated by several codebook vectors. The exact lo- 
cation of the codebook vectors in the inside of the 
categories is, however, unimportant; as a matter of fact, 
quite few codebook vectors in the inside might be suffi- 
cient. On the contrary, most of the codebook vectors ought 
to be placed at the class borders where the class distri- 
butions intersect and cause misclassification errors. 

It is thus apparent that the most important choices for a 
classification algorithm are: 1) selection of an optimal 
number of codebook vectors for each class; 2) tuning their 
vectorial values for minimum misclassification. It seems 
that the first task is already far from trivial, and no unique 
solution for it can be given yet. It seems that the topo- 
logical map makes this choice (decides how many of the 
fixed number of cells are dedicated to each class) rather 
efficiently, whereas no theoretical grounds are yet known 
for that this choice were optimal. On the other hand, it 
can be stated for sure that an attempt to make the number 
of codebook vectors in each class proportional to the a 
priori probability of samples in that class is certainly a 
wrong strategy because a more even distribution usually 
increases classification accuracy. In general, the variance 
of samples in a class is a more important factor, because, 
e.g., a very dense class would be describable by a single 
codebook vector, whereas in the case of a large variance, 
more vectors must be spread into the region in order to 
define the forms of class borders with sufficient accuracy. 

B. Using Auxiliary Class Information in the Input 
Samples 

It is an old idea to make the representation vectors out 
of several parts, e.g., one containing the signal pattern, 
and a second some additional discrete, symbolic infor- 
mation available on the identity of the signals [8]. The 
“identity components” then cause a bias to the represen- 
tation vectors, spreading them into corresponding clusters 
for their better class separation. The simplest ‘‘identity 
component” is a unit vector [o, 0, olT 
where 1 is in the same position for samples of the same 
class. 

In our speech recognition experiments [19] we were 
dealing with phonemic spectra which were described on 
15 channels, or by 15 components. The unit vector had 
19 components corresponding to 19 classes. The effect of 
the unit vector part is that the intraclass variance is de- 
creased and the interclass variance increased for the con- 
catenated vectors; however, this effect must not be too 
strong since the form of the map will otherwise be 
changed. In reality, the unit vectors were multiplied by a 
factor of 0.1 (assuming that the spectral parts were al- 
ready normalized to unity length). 

The “unit-vector part” also enables us to deduce the 
reliability of the “templates” formed at various cells in 
learning. After training, the “unit-vector part” of the mi 
will be rather close to a (renormalized) unit vector if the 

- , 0, 1, 0, - 

unit gave consistently correct responses to known pho- 
nemes. On the other hand, the behavior of the cells lying 
at the borders of the class regions is less consistent. It is 
then possible to deduce directly from the maximum com- 
ponent of the “unit-vector part” of mi whether conflicts 
have occurred, and one strategy that we found efficient is 
to eliminate all cells (or to invalidate their responses) in 
which the value of their maximum component in the 
“unit-vector part” is less than 0.75 times that of the unit 
vector. 

In one particular series of phoneme recognition exper- 
iments, the original map committed 19.6 percent errors. 
After fine tuning and elimination of unreliable cells, 10.9 
percent errors were left. 

C. Fine Tuning of the Map by Learning Vector 
Quantization (LVQ) 

Recently, we reported improved classification results 
using new supervised training methods, LVQl and LVQ2, 
to modify the map vectors [ 171. While there is no marked 
difference in accuracy when compared with the method 
explained in Section IV-B, the LVQl and LVQ2 do not 
contain any weight parameters that have to be found ex- 
perimentally, and are thus easier and more robust to use. 
Let us briefly recapitulate the more effective algorithm 
LVQ2. 

Assume that the neighboring codebook vectors mi and 
mj are initially in an inaccurate position. The discrimi- 
nation surface, however, is always defined as the mid- 
plane of mi and mj. Let us define a symmetric window 
with nonzero width around the midplane and stipulate that 
corrections to mi and mj shall only be made if x falls into 
the window, on the wrong side of the midplane. If the 
corrections are made according to (12), it will be easy to 
see that for vectors falling into the window, the correc- 
tions of both mi and mj, on the average, have such a di- 
rection that the midplane moves towards the crossing sur- 
face of the class distributions, and thus asymptotically 
coincides with the Bayes decision border: 

mi(t  + I )  = m i ( t )  - a ( t ) [ x ( t )  - m i ( t ) ]  (12a) 

and 

if Ci is the nearest class, but x belongs to C, # Ci where 
Cj is the next-to-nearest class; furthermore x must fall into 
the “window.” In all the other cases 

mk( t  + 1) = m k ( t ) .  (12c) 

With LVQ2, the amount of errors corresponding to the 
case mentioned in Section IV-B was 9.8 percent. 

V. DISCUSSION 

In this paper we have described the self-organizing map 
algorithm in two basic versions, and two of its modifica- 
tions. The simplicity of the basic algorithms is empha- 
sized. 
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To further motivate the choice of the self-organizing 
map for a neural network paradigm, it can be compared, 
say, with the most widespread neural network structure, 
namely, the backpropagation network (BP). The most sa- 
lient difference is that BP is actually designed to imple- 
ment a given input-output mapping of signal patterns 
(pattern transformation). The map, on the other hand, ac- 
complishes a vector quantization, directly identifying the 
input pattems with “codebook vectors.” If these net- 
works are then used for pattern classification tasks, the 
difference becomes even more apparent. Classification in 
the BP is decided on the basis of the relative output val- 
ues, although they were never designed to minimize the 
rate of misclassification. In the map method and espe- 
cially after fine tuning of the codebook vectors by the 
learning vector quantization, however, the borders be- 
tween the classes are directly optimized. Any form of the 
borders and degree of approximation using the piecewise 
linear discrimination limits can be set by using a sufficient 
number of suitably located codebook vectors for each 
class. To define the optimal codebook vector locations on 
the basis of wanted decision borders is computationally a 
much lighter task than determination of the nested func- 
tional expansions in the BP network. 

In the practical applications that we have studied most 
carefully, namely, speech recognition, a statistical accu- 
racy for phonemic recognition has been achieved that 
clearly exceeds the results provided by any more conven- 
tional methods [17], [20]. 

The map algorithm has sometimes been asserted to re- 
quire a large number of training steps. At least this num- 
ber, even in the simplest version, is not greater than in 
any of the other traditional neural networks. Then one has 
to realize that the learning algorithm of the map is com- 
putationally very fast. Moreover, if one introduces par- 
allel learning over neighborhoods at each step, such as 
over the MST neighborhoods, the convergence speed can 
even become one or two orders of magnitude higher than 
in the basic method, making the map algorithm by far the 
fastest that is known. 
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