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Abstract. Kohonens Self-Organizing Map (SOM) is
a general unsupervised tool for ordering high-
dimensional statistical data so that neighboringeso
on the map represent similar inputs. Often the SOM
applied to numerical data in application areas like
pattern recognition, signal processing, and muiiita
statistical analysis. The SOM can also be usedhtb f
statistical similarities between symbols if suitabl
contextual information is available as there indeed
for words in natural language texts. Using the shor
contexts of each word occurring in a text the SOM
algorithm is able to organize the words into
grammatical and semantic categories represented on
two-dimensional array. The similarity of the categs

is reflected in their distance relationships onahey.
This kind of a word category map may then be wdiz

in applications such as the analysis of large derim
collections. In addition to the description of
information retrieval and textual data mining
applications, this paper outlines the relation afrav
category maps to the symbolic knowledge
representation formalisms. The graded nature of the
categorization performed by the SOM is discussed.
The aim is also to provide an overview on the rnetea
results and on the potential new areas.

1. Introduction

Development of large-scale natural language
processing applications is restricted by quantitati
and qualitative limitations. Quantitatively, a ptiaal
system requires a substantial knowledge base éiten i
is intended to be used in a moderately narrow domai
One solution for this problem has been an approach
where vast common repositories of knowledge items
(frames, facts, rules) have been collected. Quiaiitiy
problematic areas remain, though, e.g., graded
phenomena, inherent ambiguity of natural language,

and subjectivity and variation in natural language
generation and interpretation. Gradual change$en t
domain of the application make non-adaptive systems
vulnerable.

In this paper, the problem of characterizing the
semantics of words, or more specifically lexical
elements, is considered. The approach is datamtriv
large collections of input texts are analyzed uSeg-
Organizing Maps (SOMs) (Kohonen 1982, 1995). The
SOM both projects a data set into a more illusteati
form on a lower-dimensional space and reduces the
number of data items into a smaller number of map

locations. The representations become ordered
according to their similarity relations in an
unsupervised learning process. This organizing

property makes it especially useful for analyzimgl a
visualizing large data collections.

2. Word category maps

Word category maps (also called self-organizing
semantic maps; see Ritter and Kohonen 1989, 1990)
are SOMs that have been organized according to word
similarities, measured by the similarity of the gho
contexts of the words.

The SOM algorithm is based on competitive learning:
the artificial neurons of the network gradually bee
sensitive to different input categories. The nearon
form a regular usually two-dimensional array, i&.,
map. When an input vector x is processed, the best-
matching neuron on the map, i.e., the neuron that i
closest in the (normally Euclidean) metric wins the
competition and it is updated as well as its
neighborhood according to the adaptation rule
(Kohonen 1995):

m;(t+1) = m(®) + Rei(OX () - mi(0)]

Here x(t) is the input vector at time t and ¢ =(jxis
the index of the winning neuron. A model vectqgrisn
associated with each neuron. The vectgrspecifies



the coordinates of a neuron in the original inpéce.
The amount the winning unit and its neighbors adapt
governed by the neighborhood kerneglj(t). The
kernel is chosen to be wide in the beginning of the
learning process to facilitate global ordering bét
map. The width and the height of the kernel de&eas
slowly during the learning. For a detailed desdwipt

of the SOM algorithm, its mathematical analysis and
multitude of application examples see (Kohonen
1995).

In the unsupervised formation of the word category
map, each input x consists of an encoded word tand i
averaged context. Each word in the vocabulary is
encoded as a n-dimensional random vector. In our
experiments (e.g., Honkela et al. 1995, Kaski et al
1996) n has usually been 90. A more straightforward
way to encode each word would be to reserve one
component for each distinct word but then, esplgcial
with a large vocabulary, the dimensionality of the
vector would be computationally intractable. A
mathematical analysis of the dimensionality redurcti
based on random encoding is presented by Ritter and
Kohonen (1989).

The basic steps in forming a word category map are
listed in the following:

1. Create a unique random vector for each worden th

vocabulary.

Find all the instances of each word to be mapped
the input text collection. Such words will be cdlle
key words in the following. Calculate the average
over the contexts of each key word. The random
codes formed in step 1 are used in the calculation.
The context may consist of, e.g., the preceding and
the succeeding word, or some other window over
the context. As a result each key word is assatiate
with a contextual fingerprint. If the original
random encoding for a single word is, for instance,
90-dimensional, the resulting vector of key word
with context is 270-dimensional if one neighboring
word from both sides is included. The classifying
information is in the context. Therefore the key
word part of the vector is multiplied by a small
scalarg. In our experiments has usually been 0.2.

Each vector formed in step 2 is input to theVsO
The resulting map is labeled after the training
process by finding best-matching neuron for each
vector and labeling the neuron with the key part of
the vector.

Fig. 1 outlines the automatic partition of the werd
into syntactic classes (see Honkela et al. 1995 for
details of the experiment). The input for the magsw

the English translation of Grimm fairy tales. Ineth
resulting map the verbs form an area of their omwn i
the top of the map whereas the nouns can be faund i
the opposite corner. The modal verbs are in one. are
Some semantically oriented ordering can also be
found: for instance, the inanimate and animate soun
form separate clusters. Conceptually interrelated
words tend to fall into the same or neighboring map
nodes (see Fig. 2 and Kohonen 1996b for the dethils
the experiment). Nodes may thus be viewed as word
categories. The overall organization of a word
category map reflects the syntactic categorizatibn
the words. The SOM performs a non-linear mapping
from the original multi-dimensional space into the
two-dimensional lattice. To visualize the non-
linearities, one may use U-matrices (Ultsch 1998) t
show the distances between neighboring map nodes in
the original input space. In Fig. 2 the shadesraf/g
are used in this task: dark areas denote to the
relatively larger distances between the light clusters.

should
Emust would
shall

water doe

tree )
forest _——k

Figure 1. An example of organization of 150 most
common words of Grimm fairy tales into a two-

dimensional map. The apparent category areas have
been automatically formed using SOM (Honkela et al.
1995).

For more detailed information on the word category
map formation and examples see, for instance,gRitt
and Kohonen 1989, 1990; Honkela et al, 1995).
Several other studies have also been published on
SOMs that map words into grammatical and semantic
categories by, for instance, Finch and Chater (1,992
Miikkulainen (1993), and Scholtes (1993).
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Figure 2. Some examples of node contents in an2dst32 word category map. The input text consistedlarge
collection of Usenet newsgroup articles. Only a selection of the content of each node is visualized.

In the following, the relation between the word
category maps and the representational formaligms o
symbolic Al such as semantic nets is discussed.
Practical application areas of the maps are outline
with special consideration of information retrieaadd
textual data mining. Finally, a general approach of
interpreting the responses of a word category nsap a
values of fuzzy category membership values is
presented. Arguments for regarding word category
maps as "true semantic networks" are given.

3. Word category mapsvs. semantic nets

Models developed in artificial intelligence havedely
been used as explanatory tools in cognitive science
Semantic networks are central to the field, often
suggested to provide a model of the structure and
operations of the memory. In a semantic net bo¢h th
nodes and the arcs are labeled. In the modelirvg, ée
linked pair of nodes can be considered as a
propositional structure.

In semantic networks the meaning of the nodes laad t
links are determined by a human. Some inductive
inference methods may be wused to make
generalizations but they are based on the static
conceptual structure determined by the network. The
staticness holds also for other symbolic knowledge
representation formalisms such as frame systenss. Th
reference relations of the nodes in a SOM, however,
emerge through an adaptive process. As a result the
relation between the network state and the pomibn
"external reality" presented for the network is not
directly determined by a human being. Especialy th
unsupervised learning paradigm that is in use iMSO
provides means for autonomous status of the network
The adaptive process is, of course, dependent @n th
training material but the interpretations or
classification are not given by a human as theyirare
the supervised learning systems such as the
backpropagation of error algorithm. For furthernisi

of view see (Ritter and Kohonen 1989) for an
insightful multidisciplinary discussion on the nagLof
categorization.



One may ask what is the motivation behind using the
symbol part in the input vector rather than plainly
labeling the map afterwards. In the basic appliceti
also the latter approach may be valid but it exetud
many useful possibilities such as further augmentin
the vector with graded memberships, having multiple
symbols with varying weights included, and enhagcin
the representation with non-symbolic classifying
information. A model in which the symbol grounding
is based on a simultaneous exposition of the symbol
and the context seems also more natural as a tegnit
model than the approach in which labeling is
accomplished afterwards.

The comparison between static symbolic knowledge
representation and self-organization of numerical
representation was presented here in order toigighl
some of the fundamental differences between these
approaches. The differences also influence ther@atu
of the practical applications.

4. Applications of word category maps

Word category maps can be used in practical large-
scale natural language processing applications asich
intelligent information retrieval and textual data
mining.

4.1. Maps of documents: WEBSOM method

With the aid of the word category map any document
can be encoded as a word category histogram. @losel
related words that are in the same category omte
then contribute identically to the code formed #or
document. In the WEBSOM method developed in our
laboratory (see, e.g., Honkela et al. 1996a, 1996b,
Kaski et al. 1996, Kaski 1997a, 1997b, Kohonen.et a
1996b, Lagus 1996; also the demo in the WWW
address http://websom.hut.fi/websom/) the Self-
Organizing Map (SOM) algorithm is used to order
documents based on their full textual contents. The
ordering of the documents is achieved by a twotleve
analysis. First the word categories are extracterh f
the text. In the second phase the location of each
document on the document map is determined. The
text of a document is mapped onto the word category
map whereby a histogram of the "hits’ on it isrfad.

To reduce the sensitivity of the histogram to small
variations in the document content, the histogranes
smoothed. The document map is formed with the SOM
algorithm using the histograms as “fingerprint$’the
documents. To speed up computation, the positbns
the word labels on the word category map may be
looked up by hash coding. Kaski (1997a) presents

analyses of the WEBSOM method and other
applications of the SOM in data exploration.

4.2. WEBSOM applications

The visualized order on a document map can be
utilized for an explorative search or exploratioh o
novel knowledge areas, whereby the scope can be
changed interactively. The WEBSOM provides a
content-based alternative to information retrieval
based on keyword searches. A holistic two-
dimensional view on large document collections can
be acquired automatically. WEBSOM can also be used
to solve the problems related to common variation i
expression, i.e., different ways of expressingsame
idea.

In principle the WEBSOM method is applicable to
many kinds of text collections and thus it has dewi
area of potential applications ranging from orgengz

an individual’s own texts into creating a digitddrbry

of a large. Largest map published so far contalr&H
500 full-text documents on a map with 12 288 nodes
(Kohonen 1996b). The stochastic nature of the
processing and the variability of the input materia
must be remembered when judging the results. Iresom
cases external information may be needed while the
text collection does not, as such, contain enowsgtfiuli
contextual information. For instance, a small doeom
collection or a very heterogeneous collection may n
be well suited for the WEBSOM method. Gallant
(1991) and Hecht-Nielsen (1994) present the
possibility to acquire the input material by hawoctisat
each word to be encoded is evaluated by a humé#n wit
respect to a limited number of features (perhajst@0
500). That kind of approach is, of course, less
ambitious than that of WEBSOM.

4.3. Other document maps and application areas

The SOM has previously been utilized to form
document maps, e.g., by Lin et al (1991), Scholtes
(19914, 1991b, 1993), Merkl (1993, 1995), and Chen
et al. (1996). The novel feature in WEBSOM in
comparison with the previous studies is the twalev
processing that includes an initial analysis by adwv
category map. In addition to using words, Schdiies
successfully used character n-grams in document
encoding. He has also used SOM as a "black box" in
finding texts of interest from an incoming document
flow. Chen et al. describe several examples ofguain
multi-layered SOM architecture to, e.g., createydar
maps of Internet home pages. In addition to the
methodological and technical description they discu
the results of the user evaluation of their systeerkl



has used document maps to facilitate softwarerlbra
organization based on the textual descriptionshef t
software components. Streeter and Lochbaum (1988)
show one potential application area of word catggor
maps by applying singular value decomposition
applied to term-document matrix: characterizing
organizations based on their technical documentation.

When looking at an ordered map like the one inZig

it becomes obvious that word category maps may be
helpful in constructing thesauri. Also other areds
natural language processing such as machine
translation require a lot of lexical informationn |
machine translation one central problem is theckdxi
selection between multiple word or phrase alteveati

in the generation phase. A SOM-based contextual
processing system may provide a useful solution for
this task.

5. On category member ship

The SOM has been shown to be able to automatically
create implicit emergent categories from uncategaoti
linguistic input. The map nodes may be consideed a
adaptive prototypes (Honkela 1997). The SOM gives a
graded response when an input is positioned onpa ma
That provides a potential solution for acquiringZy
membership values in a multidimensional feature
space (see also Mitra and Pal 1994). If one reguire
that, for example, tallness is defined with respect

Figure 3. Component maps of an experiment of
graded classification. The components are sex, age,
height; and tallness starting from the upper left
corner, and ending up to the lower right map of
tallness. In the tallness component map the daglasr
refer to values close to one. The result of this
miniature experiment is included here only to pdevi

a concrete example related to the principles diseds

some parameters such as length of a person, sex andin the text.

age, one can input positive, negative and neutral
(unclassified) examples containing the parameter
values and the symbol part that in this case ctanefs
only one vector element. Here the neutral example
refers to a case in which the symbol part is mgsin
Otherwise the learning may be considered as self-
supervised. Fig. 3 shows the results of a small
experiment where 200 examples were given as the
input.

In this example the input dimensions were
predetermined and they can be considered as
symbolic. As the SOM is able to create conceptual
clusters provided that suitable input material is
available, one may foresee that it is also posdible
create fuzzy categories using SOM without
predetermined readily interpreted dimensions. It is
important to notice here that the SOM does notirequ
deciding the number of clusters beforehand. In
practice this approach would mean that, for inganc
the input would originate from a signal source éspe

or pictorial images, etc.) and the SOM would fihe t
relevant

clusters that are associated with the linguistic
expression. The SOM would be the central component
of such system but naturally other tools for
preprocessing would also be needed. This kind of
possibility must be regarded here as a potential
research direction and a conceptual or philosophica
framework rather than a ready system or methodh Suc
an approach "only" requires, though, the unsupedvis
adaptive capability of the SOM and abandoning the
symbolic flavors of the processing altogether:itipait
components would not have a prior interpretation --
the interpretations would emerge through self-
organization!

6. Conclusions

In this paper some application areas of self-oxiagi
maps of words have been described. The most popular
application of Self-Organizing Maps (SOMs) among
natural language processing is currently infornmtio
retrieval and textual data mining. The SOM has
proven to be very useful in providing an overabwi

on large document collections. It can also be used



creating an associative search method so that aye m

position a new document on a map and find the tlose

related texts in the neighborhood on the document
landscape. Thus SOM provides very useful means
both for exploration and search. The other poténtia
applications of word category maps include thesarus
construction and lexical selection in machine

translation.

The methodological relevance of word category maps
has also been studied in this paper in comparistim w
static and symbolic methods for knowledge
representation as well as when compared with method
based on supervised learning. The competitive
learning approach of SOM provides a good basi®to b
used as a cognitive model in the area of natural
language interpretation.
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