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Abstract: Although the brain mechanisrns are extremely
complex and contain many details, the theory of their
cognitive abilities must be based on much fewer general
principles. Traditionally it has been held that "intelligent"
information processing ensues from signal processing in
adaptive network structures. A new aspect emphasized in
this paper is that the degree of adaptation itself should be
made controllable in a particular wåY, which leads to a
broad category of new phenomena. A successful

implementation of this principle is the Self-Organizing
Map (SOM), which can be discussed on different levels of
abstraction: as a physiological model, or a simplified

numerical algorithm. Accordingly, the SOM may

be

regarded as a paradigm in brain theory, but the
simplified algorithm can also be used for many
"intelligent" tasks in real-world operations.
LEVELS OF MODELING

The models of cognitive functions differ from most
biophysical models in that they have to process real data,
and similar computing functions as those encountered in the
brain have to emerge automatically. It is not sufficient to

produce

or

analyze signal waveforms. The structures and

architectures

of the models must

develop

by

self-

organization, starting with as few basic types of components

and keeping their transfer properties and adaptation
equations as simple as possible. It may thereby occur that
new information processing functions, not yet encountered

nature, will evolve; but this should be
regarded as the strength of the models and not as any
objection to their ability to describe nature.
Most so-called artificiaL neural network (ANN) models
are based on extremely simple structures and functions.
Thus they hardly imitate any anatomical or physiological
system. They are composed of nodes and links like many
data-processing nets; eventual interactions through fields or
different chemicals have been omitted. Therefore it is not
right to compare the nodes with neurons, and the links with
axons and synapses, as usually made. One node may

as such

in the

of tightly interacting neurons, and
the physiological counterpart of a link may be a direct

represent a whole group

(transsynaptic) neural connection,

a nonspecific

(diffuse)

neural control, or even communication by chemical
messengers. In the mathematical modeling the only thing
that counts is the direction and strength of coupling and its
adaptation. The most general model applies to many levels

of

biological information processing, ranging from

the

neural realms to the molecular interactions.
Below I want to stipulate, however, that the models used
for the cognitive functions should contain some new types
of interactions, not yet involved in most ANN models.

All models

used to simulate learning lnust, of course, be

adaptive: their parameters must be

determined

automatically in relation to the signals transmitted by the

network. Adaptation may mean stabilization of

the

operating point and automatic control of the transf'er
parameters in relation to the occurring signals, but also

memory effects, especially selective memory for
associations, that are explainable by adaptive and collective

A new objective in modeling is emergence olinvariant-feature detectors and higher decoder lunctions,
and their ordering in the same way as the maps fbund in thc
brain. This self-organizing ability should exist all over the
hierarchy of the neural functions, fi'om the lowest to the
highest levels of it. An ultimate objective is to simulate thc
evolution of complete sensory and tnotor l'unctions and
development of an ability to generalize the behavior even at
higher levels of abstraction.
One of the most central particular objeotives in brain

effects.

modeling

is to devise how the

organizcrtional order.

manifesting itself in the various brain ilIaps. emerges eithcr
by genetic programming or learning. It is surprising that
most ANN models do not pay the lcast attention to lhis

property that is ubiquitous and immanent in the whole
brain! Only the Self-}rganizing Map (SOM) [] developcd
by this author has demonstrated this kind o1-self'-ordering of
the brain functions.

Finally I want to stipulate that all the following three
categories of dynamic phenomena must occur in any
realistically behaving neural-network model: l. Activation
effects. 2. Adaptation effects. 3. Plasticity control effbcts.
Consider a mass of neural cells in which some kind

activity, such as the spiking activity

of

neural cells,

o1'

rs

present and is described by a diff-erentiable state variable A
that is a function of spatial and temporal coordinates. In the

similar way, let the external input be describable by the
input state variable / in the same coordinate system. As
there exist abundant interconnections and other interacl"ions

in the brain circuits, activity at one place and time also
aff'ects activity at another place and time. Especially if A
and / were regarded as multidirncnsional vectors in the
matrix formalism, we may write thts relaxation equution

as

(l)
Å = FU,A) ,
matrix
nonlinear
as
some
may
be
regarded
where F
function that is mixing the elementary activities. Eq. (1)
covers,

for

instance, generally known reaction-diffusion

equations and the spin-glass and Hopfield models of neural
networks that do not yet contain any adaptation eff-ects.
Let us represent the set of adaptive parameters by the
variable M that may be regarded as a vector or matrix, too.
Its dimensionality is much higher than that of 1 and A,
because

it

describes

all the variable interactions, such
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as

interconnections, between the elements of

describe this category

A. We have

of models by two

to

is possible to achieve results by the SOM that are not

differential

reachable by any other ANN. The most important of these

are the ordered maps that in many respects resemble

equations

A = F(l,A,M)

,

M =G(l,A,M)
G is another (matrix) function. In the

(2)

,

where

traditional

activity, the location of which is a function of the

theory of neural networks the elements of the M correspond
to synaptic weights or efficacies. The time constants of the
latter (parametric) equation are many orders or magnitude
larger than those of the first (activity) equation. This

called retinotectal mappings by v.d. Malsburg [2].

The most complete type ol- neural models, however,
should also describe the sensitivi4, of the parameters to

their adaptive control. In neurophysiology,
corresponding property is called the plasticitl, of

the
the

synapses. It seems that no one of the existing ANN models
except the SOM has taken the effect of controllable

plasticity into consideration. The very naturalistic behavior
reached by the SOM, as well as the many applications

effectively implemented by it, have convincingly
demonstrated the importance of this model assumption. Let

the parameter set M be controlled by another set of
variables P, if we identify M vtith the synaptic efficacies,
then P may describe, e.g., some diffuse chemical effects by

which M is affected. The P, regarded as a vector, would
then have the same dimensionalitv as A and 1. and the
modeling equations may read

A = F(l,A,M)

,

M =G(l,A,M,P1
P= H(A,P) ,
r3\
where the function H may specify, e.g., a diffusion-type
process o1'some factor P. One should notice carefully that P

in the activity equation. If it is identified
neurochemical factors, it thus does not
participate in the direct activation of the cells. The time
constants of the P equation may be between those of the A
does not occur

with some

M equation, respectively.
One purpose of the above discussion is to motivate the
SOM algorithm biologically, i.e. to show that it is derivable
from basic physiological effects.
and

I am also going to mention my
[], the Adaptive-Subspace SOM
(ASSOM), the architectural features of which differ
Finally in this paper

newest theoretical result

completely from those of any other ANN model suggested
so far. This model demonstrates how the invariant-feature
detectors emerge in a natural way in a network architecture
that has a striking resernblance to many cortical structures,

such as the cell organization

of the mammalian striate

cortex.

THE BASIC SELF-ORGANIZING MAP (SOM)

All the model assumptions defined by Eqs. (3) are
involved in one model only, namely, the SOM. Moreover, it

o

2.

input pattern. This location is called the winner.
Adaptive modification of the interconnections in the
local area around the winner such that all neural

functions

of

models involves most of the contemporary
ANN models, such as the multilayer perceptrons, and also
many older models of self-organization such as the socategory

the

brain maps.
There already exist many different versions of the basic
SOM, but all of them share the following two operations:
1. Spatial clustering of activity into one center of high

in this area are tuned

better

to

the

prevailing input activity and will respond stronger to
it.

Thus, for different inputs, different local areas will be
modified, and in the long run different areas of the "map"
will become selectively tuned to different domains of the
input in an ordered and almost optimal fashion.

When comparing with Eqs. (3), the firsr

of

those

equations corresponds to the above operation 1, namely, the
winner-take-all (WTA) function. This function is found in
many classical competitive-learning models and it is usually

implemented by lateral feedback interconnectivity in a
planar network: there is positive (excitatory) feedback at
short range and negative (inhibitory) feedback at a much
longer range in the network, respectively. The neural cells,
corresponding to locations in the field model, tend to
activate their most immediate neighbors and to suppress the
activity of cells at longer distance. By competition, the
strongest local activity "wins," and as long as the input is
the same, this local activity pattern is stable.
Due to the third of Eqs. (3), strong local activity creates
around it a control action, eventually a chemical one, that
modulates the plasticity of the synaptic connections M in
this area. Only this subset of cells is able to learn the present
input. In the mammalian brain this effect might correspond
to the release of some chemical messenger as a function of
local activity and its diffusion. We shall not yet specify this
messenger, but a candidate for it might be nitric oxide (NO)
that is known to be formed in active synapses and aff-ect the
plasticity of nearby synapses.
Finally, the second of Eqs. (3) is the main adaptation
equation that specifies how the synapses are changed. The

G

function shall be

a

strong function

of the local

distribution of the plasticity-controlling factor represented
bv P.

It is possible to write up systems of differential
equations of the type (3) to implement the complete SOM
algorithm. They may then describe physical and chemical
effbcts of the relaxation, adaptation, and diffusion types, but
although such equations have been solved and shown to
produce ordered maps [1], their numerical integration (say,
by the Runge-Kutta method) is very time consuming. As the
main objective is to demonstrate complex learning results,
it is mandatory to simplify the system description. Instead of
differential equations we may take more coarse difference
equations, and we can even replace the P equation by a
much simpler local effect that describes the local control
of plasticity as a function of the distance from the winner. In
other words, we can approximate the integral of the
differential equation of P by a stationary kernel that is rhen

rh" 1otHi,*åli'?li3sffl5::ffi1H,å'":[3ill3.Xll,ål,il:'å:1,:TJofi{,lolnll,,n,,no

used in the second of Eqs. (3). The most important thing is

that even in the extremely simplified form

computational algorithm shall produce similar phenomena

as the physically and physiologically more
description. The ultimately simplified SOM
usually expressed in the following form.

accurate
algorithm is

ooooo
ooooo
oo@oo
ooooo
L

is to identify the essential physical and chemical process
variables and their interrelations. and dress the latter into
the form of partial differential equations. The solutions of
the latter then simulate the process behavior.
A different approach altogether is the phenomenological
modeling approach. The process model is thereby regarded
as a "black box," a general system of mathematical
expressions such as the expansion of a complicated function

The SOM array

The simplified Self-Organizing Map algorithm relates to
a structured network, eventually a two-dimensional regular
array of nodes (cf. Fig. 1), in which an adaptive parameter

vector m, € !1" is associated with every node i. By means
of a parallel comparison mechanism, the parameter vector
m, that matches best with a certain external input x can be
identified. During learning, the ability of the nodes to
communicate this information in the lateral direction of the
network is often expressed in terms of the interaction kernel
called the neighborhood function
hij G) - h(ri,r,;t) ,

Let us now reverse the task: instead of describing and
interpreting brain functions by the SOM, we shall apply the
neurophysiologically motivated simplified model to carry
out certain "natural" tasks. I am referring here to a few
representative examples; the number of papers written on
the different applications of the SOM is on the order of
2000 already at this writing.
Models for processes and machines
The traditional approach to process analysis and control

:

Figure

APPLICATIONS

the

in terms of simpler "basis functions." In the theory of
artificial neural networks one has developed nonlinear
functional expansions or other mathematical representations
that have no correspondence to the process variables but are
able to describe almost arbitrary "natural" relations between
input and output variables such as measurements. In fitting
these representations to data, lots of parameters are needed,
which may at first seem questionable. However, adaptation
of the parameters to data in the neural models usually

occurs concurrently and very logically, and at least the
resulting input-output relations can be defined in a rather
unique way.

The SOM too is such a "black box" that usually learns
(4)

where 4. and 1 are the geometric locations of the nodes i
and 7, respectively, in the network, and r is the time
coordinate; the degree of interaction is often time-variable.
In the simplest case, for time-invariant "isotropic"
interactivity, hij = h(llri - rjll) and with increasing distance
between i and7, usually hii - 0.If the parameters mi are

its parameters from the input data, in an unsupervised
computing process that resembles the clustering methods.
An additional advantage of the SOM over the other ANN
models is its ability to represent the internal states of
processes and machines as points on an ordered map, a kind

of "monitor panel." An

example

of

these

is

the

representation of various faults of an anesthesia system on
the SOM display (Fig. 2 and [3]).

initialized with arbitrary values m,(0), and the external
input x = x(t) e 9tn that has the time-invariant probability
density function p(x) affects all the nodes in parallel, then
the values of the ru, are gradually and adaptively changed

in the following

self-organizing (discrete-time) learning

process:

m,(t

+l) = miQ) + h,,(r)[x(r) - m,(t))

(5)

Here c - c(x;t/\,tn2,...,mN) is the index of the parameter
vector m, that has the closest value to x:
C

-

argmin, {llx(r)

- m,(t)ll!

(6)

With time, the m,(r) tend to be ordered along with the
array in a meaningful way. First of all the point density
function of the m,(t) tends to approximate p(x); but in
addition, the m,(r) affain their values in an ordered fashion
from the domain of p(x).

Figure 2. Fault identification of an anaesthesia system tested
in a true situation: N = normal state. The position of the
patient was changed and the intubation tube was obstructed
for a short period of time. The trajectory of the operating
point was moving from the area corresponding to the
normal situation to the area that corresponded to an
obstruction in the specific part of the system.
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of input signals.
the sequence is formed of translated signals, then the

Maps of text files
Imagine a task of ordering the books of a library in the

subspaces spanned by the short sequences

most natural order according

detector functions emerging resemble the Gabor filters; but
different filters, such as detectors of rotation or zooming,

to their contents. The

classification thereby obtained might differ from

standard

bibliographical taxonomies. An almost similar task occurs
in the organizatron of various documents in the Internet for

their easy browsing and retrieval, and no standard
bibliography for it is available. We have solved this

If

are formed automatically

if the patterns of the input

sequence are obtained from each other by the corresponding

transformation.

problem using a pair of SOMs of which the first forms the
"fingerprints" of a document, and the second clusters these
"fingerprints." To the first SOM we input the text as short
segments, such as triples of successive words, whereby the
words have been encoded by random vectors to eliminate
the effect of the physical appearance of the words. The first
SOM clusters the words into categories, within each of
which the words have a similar semantic role. Histograms of
the words over these categories are also formed by the first
SOM. The documents (or their histograms) are represented
on the second SOM by points that are ordered in such a way
that logically similar documents become mapped to the
same or nearby nodes, and an ordered "bibliography" of the
documents is formed on the second SOM. We have recently
organized 90 000 documents automatically in this way.

'ii;

J4t..,

l

sru

Analysis of biophysical signals
The SOM algorithm is able to organize any information,
the samples of which can be compared metrically. This kind
of information is abundantly available in medical tests and
biophysical measurements. One may easily come to the
conclusion that automated diagnoses might be amenable to

SOM mapping, too. The many technical

problems

encountered with expert-system diagnoses are well known
and so the SOM-based diagnoses too have so far only been

restricted to special analyses. In our laboratory we have
developed methods for the evaluation of the quality of
speech voice for clinical purposes. Another application in
which we as well as several other laboratories have obtained
promising results is the classification of brain states on the
basis of EEG curves (Fig. 3 and [4]). Also MEG, EMG, and
ECG analyses have been performed by the SOM.

EMERGENCE OF INVARIANT-FEATURE DETECTORS IN THE ASSOM

I would like to mention a new algorithm that I
recently developed [1], the Adaptive-Subspace SOM
(ASSOM), which differs in principle from all the other
Finally

ANNs. The neural units in the ASSOM are not specified by
weight vectors but manifolds, linear subspaces. In a
physical network architecture, the neural unit thereby is a
module, a group of cells, consisting of a layer of linear
neurons connecting to a colTunon quadratic neuron. The
weights of the linear neurons correspond to the basis vectors
of a linear subspace, and one might identify these neurons
with the simple cells of the mammalian visual cortex. The
whole module computes the length of the projection of the
input vector on the subspace, and one might regard the
quadratic neuron as a complex cell.
In a SOM in which the neural units correspond to the
subspace analyzer, the various units develop into detectors

of many kinds of invariant

Figure 3. Mapping of a continuous EEG segment of

one

subject on the SOM. The letters refer to the alpha rhythm (a),

alpha attenuation

(0, muscular

artifacts (m), and

eye

movements (e), respectively.
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