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Abstract. A symbol as such is disassociated from the world. In addi-
tion, as a discrete entity a symbol does not mirror all the details of the
portion of the world that it is meant to refer to. Humans establish the
association between the symbols and the referenced domain — the words
and the world — through a long learning process in a community. This
paper studies how Kohonen self-organizing maps can be used for mod-
eling the learning process needed in order to create a conceptual space
based on a relevant context with which the symbols are associated. The
categories that emerge in the self-organizing process and their implicit-
ness are considered as well as the possibilities to model contextuality,
subjectivity and intersubjectivity of interpretation.

1 Introduction

Models of natural language may test the background assumptions of the devel-
opers, or, at least, reflect them. In the predominant approaches among comput-
erized models of language, the linguistic categories and rules are predetermined
and coded by hand explicitly as symbolic representations. The field of connec-
tionist natural language processing, based on the use of artificial neural networks,
may be characterized to take an opposite stand. The critical view on symbolic
representations is based on the idea that the symbolic and discrete nature of
written expressions in natural language does not imply that symbolic descrip-
tions of linguistic phenomena, are sufficient as such. This view appears to be
relevant especially when semantic and pragmatic issues are considered. A tra-
ditional, logic-based analysis studies examples like the ones given below (from
[35]). The emphasis lies in phenomena that are suitable to be explained in the
framework of predicate logic, e.g., propositional forms, connectives, quantifiers,
truth values, presuppositions, and logical ambiguity.

— “Fach one of Mozart’s works is a masterpiece.”
— “If butter is heated, it melts.”

However, if one considers the sentences and conversations given below, it
should be apparent that there is need for formalisms and tools that enable mod-
eling, for instance, of adaptation, vagueness, contextuality, subjectivity of inter-
pretation, and the relationship between discrete symbols and continuous spaces
in the domain under consideration.



— “Please, show me some pictures with beautiful Finnish lake sceneries.”

— “Do you see that small woman there?”
“Actually, I don’t consider her small while people in her country are usually
much shorter than here.”

A radically connectionist natural language processing approach is based on
the following assumptions. The ability to understand natural language utter-
ances can be learned via examples. The categories necessary in the interpretation
emerge in the self-organizing learning processes and they may be implicit rather
than explicit as will be shown later in this article. An implicit category can be
used during interpretation even if it is not named. The processing mechanisms
are mainly statistical rather than rule-like. The process of symbol grounding,
i.e., associating symbols with continuous multi-dimensional spaces and dynamic
processes as well as the assumptions outlined above are discussed in this paper.
The methodological basis is Kohonen’s self-organizing map algorithm.

2 Self-Organizing Map

The basic self-organizing map (SOM) [22,24] can be visualized as a sheet-like
neural-network array, the cells (nodes, units) of which become specifically tuned
to various input signal patterns or classes of patterns in an orderly fashion. The
learning process is competitive and unsupervised, meaning that no teacher is
needed to define for an input the correct output, i.e., the cell into which the input
is mapped. The locations of the responses in the map tend to become ordered in
the learning process as if some meaningful nonlinear coordinate system for the
different input features were being created over the network [24].

2.1 Self-Organizing Map Algorithm

Assume that some sample data sets (such as in Table 1) have to be mapped onto
a 2-dimensional array. The set of input samples is described by a real vector
x(t) € R™ where t is the index of the sample, or the discrete-time coordinate.
Each node i in the map contains a model vector m;(t) € R™, which has the same
number of elements as the input vector x(t).

The initial values of the components of the model vector, m;(t), may even
be selected at random. In practical applications, however, the model vectors are
more profitably initialized in some orderly fashion, e.g., along a two-dimensional
subspace spanned by the two principal eigenvectors of the input data vectors
[24].

Any input item is thought to be mapped into the location, the m;(t) of
which matches best with x(t) in some metric (e.g. Euclidean). The self-organizing
algorithm creates the ordered mapping as a repetition of the following basic
tasks:

1. An input vector x(t) is compared with all the model vectors m;(t). The best-
matching unit (node) on the map, i.e., the node where the model vector is



250(235(215|antique white
165(042| 42|brown
222|184|135|burlywood
210(105| 30|chocolate
255(127| 80|coral

184(134| 11|dark goldenrod
189(183|107|dark khaki
255|140 dark orange
233(150(122|dark salmon

(=]

Table 1. Three-dimensional input data in which each sample vector x consists of the
red-green-blue values of the color shown in the rightmost column.

most similar to the input vector in some metric is identified. This best-
matching unit is often called the winner.

2. The model vectors of the winner and a number of its neighboring nodes in
the array are changed towards the input vector according to the learning
principle specified below.

The basic idea in the SOM learning process is that, for each sample input
vector x(t), the winner and the nodes in its neighborhood are changed closer
to x(t) in the input data space. During the learning process, individual changes
may be contradictory, but the net outcome in the process is that ordered values
for the m;(t) emerge over the array. If the number of available input samples is
restricted, the samples must be presented reiteratively to the SOM algorithm.

Adaptation of the model vectors in the learning process takes place according
to the following equations:
m;(t+ 1) = m;(t) + a(t)[x(t) — m(t)] for each i € N,(t),

m;(t + 1) = m;(t) otherwise,

where t is the discrete-time index of the variables, the factor a(t) € [0,1] is a
scalar that defines the relative size of the learning step, and N.(t) specifies the
neighborhood around the winner in the map array.

At the beginning of the learning process the radius of the neighborhood is
fairly large, but it is made to shrink during learning. This ensures that the global
order is obtained already at the beginning, whereas towards the end, as the radius
gets smaller, the local corrections of the model vectors in the map will be more
specific. The factor a(t) also decreases during learning. The resulting map is
shown in Figure 1. The experiment was conducted using SOM_PAK software
[25].

Perhaps the most typical notion of the SOM is to consider it as an artificial
neural network model of the brain, especially of the experimentally found ordered
“maps” in the cortex. There exists a lot of neurophysiological evidence to support
the idea that the SOM captures some of the fundamental processing principles of
the brain [27]. Other early artificial-neural-network models of self-organization
have been presented, e.g., in [1], [3], and [54].
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Fig. 1. A map of colors based on their red-green-blue values. The color symbols in the
rightmost column of Table 1 as used in labeling the map. The best matching unit is
searched for each input sample and that node is labeled accordingly.



The SOM can also be viewed as a model of unsupervised machine learning,
and as an adaptive knowledge representation scheme. The traditional knowledge
representation formalisms — semantic networks, frame systems, predicate logic,
to provide some examples — are static and the reference relations of the elements
are determined by a human. Moreover, those formalisms are based on the tacit
assumption that the relationship between natural language and world is one-
to-one: the world consists of objects and the relationships between the objects,
and these objects and relationships have straightforward correspondence to the
elements of language. An alternative point of view is that the pattern recognition
process must be taken into account: expressions of languages refer to patterns
and distributions of patterns in the concrete perceptual domain and often also
in the abstract domain.

One does not need to question the existence of the world in order to be critical
towards the notion of entities or objects as a basis for epistemological consider-
ations. Both anticipation and context influence the perception and the naming
process. This view is adopted, e.g., in constructivism. One early constructivist,
Heinz von Foerster, has stated that objects and events are not primitive ex-
periences but they are representations of relations. The construction of these
relations is subjective, constrained by anatomical and cultural factors. The pos-
tulate of an external (objective) reality gives way to a reality that is determined
by modes of internal computations [7]. This relativity or subjectivity of interpre-
tation of symbols does not lead, however, into arbitrariness while the language
users can refine their interpretation models closer to each other through commu-
nication. The use of the SOM in modeling such a learning process is considered
in [12].

3 SOM-based Symbol Processing

The self-organizing map can be used in several ways when symbol processing is
considered. One can create a map of symbols by associating each label with a
numerical vector and finding corresponding best-matching location on the map.
Another mean is to encode each symbol with, e.g., a unique random vector and
use this coding as the basis in the learning process [47]. The order of the map
is based on presenting the encoded word with its context during the learning.
The context can, e.g., be textual [13,47], or numerical measurements and rep-
resentations [11]. The latter can originate from a visual source. An overview of
connectionist, statistical and symbolic approaches in natural language processing
and an introduction to several articles is given in [55].

3.1 Maps of Words

Contextual information has widely been used in statistical analysis of natural
language corpora. Charniak [4] presents the following scheme for grouping or
clustering words into classes that reflect the commonality of some property.



1. Define the properties that are taken into account and can be given a numer-
ical value.

2. Create a vector of length n with n numerical values for each item to be
classified.

3. Cluster the points that are near each other in the n-dimensional space.

The open questions are: what are the properties used in the vector, the
distance metric used to decide whether two points are close to each other, and
the algorithm used in clustering. The SOM does both vector quantization and
clustering at the same time. Moreover, it produces a topologically ordered result.

Word encoding Handling computerized form of written language rests on
processing of discrete symbols. One useful numerical representation of written
text can be obtained by taking into account the sentential context in which
the words occur. Before utilization of the context information, however, the
numerical value of the code should not imply any order to the words. Therefore, it
will be necessary to use uncorrelated vectors for encoding. The simplest method
to introduce uncorrelated codes is to assign a unit vector for each word. When
all different word forms in the input material are listed, a code vector can be
defined to have as many components as there are word forms in the list. As an
example related to Table 1 shown earlier, the color symbols of Table 2 are here
replaced by binary numbers that encode them. One vector element (column in
the table) corresponds to one unique color symbol.

0.250(0.235(0.215(1|0(0|0{0|0|...
0.165(0.042(0.042|0{1{0|0{0/0|...
0.222]0.184|0.135|0(0|1/0{0(0|...
0.210{0.105(0.030{0|0{0|1{0|0|...
0.255|0.127|0.080|0(0(0/0{10|...
0.184|0.134|0.011|0|0|0|0{0(1]...

Table 2. A simple example of input data for the SOM algorithm in order to obtain
map of symbols. The three first columns correspond to red-green-blue values and the
rest of the columns are used to code the color symbols as binary values.

The component of the vector where the index corresponds to the order of
the word in the list is set to the value “1”, whereas the rest of the components
are “0”. This method, however, is only practicable in small experiments. With
a vocabulary picked from a even reasonably large corpus the dimensionality of
the vectors would become intolerably high. If the vocabulary is large, the word
forms can be encoded by quasi-orthogonal random vectors of a much smaller
dimensionality [47]. Such random vectors can still be considered to be sufficiently
dissimilar mutually and not to convey any information about the meaning of the



words. Mathematical analysis of the dimensionality reduction and the random
encoding of the word vectors is presented in [47] and [21]. The random encoding
can also be motivated from the linguistic point of view. The appearance of a word
does not usually correlate with its meaning. However, it may be interesting to
consider an encoding scheme in which the form of the words is taken into account
to some extent. Motivation for such an experiment may stem, for instance, from
the attempt to model aphasic phenomena.

Map creation and implicit categories The basic steps for creating maps of
words are given in the following.

1. A unique random vector is created for each word form in the vocabulary.

2. All the instances of the word under consideration, so-called key words, are
found in the text collection. The average over the contexts of each key word
is calculated. 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 associated
with a contextual fingerprint.

3. Each vector formed in step 2 is input to the SOM. The resulting map is
labeled after the training process by inputing the input vectors once again
and by naming the best-matching neurons according to the key word part
of the input vector.

The averaging process is well motivated when the computational point of
view is considered. The number of training samples is reduced considerably in
the averaging.

The areas on a map of words can be considered as implicit categories or classes
that have emerged during the learning process. Consider, for instance, Figure 2
in which some syntactic classes have emerged on a map of words. The overall
organization of this map of words reflects syntactical categories. The context
of the analysis has consisted of the immediate neighboring words. Single nodes
can be considered to serve as adaptive prototypes. Each prototype is involved
in the adaptation process in which the neighbors influence each other and the
map is gradually finding a form in which it can best represent the input. Local
organization of a map of words seems to follow semantic features. Often a node
becomes labeled by several symbols that are synonyms, antonyms or otherwise
belong to a closed class (see, e.g., [6,19]). Often the class borders can be detected
by analyzing the distances between the prototype vectors in the original input
space [51,52].

The prototype theory of concepts involves that concepts have a prototype
structure and there is no delimiting set of necessary and sufficient conditions
for determining category membership that can also be fuzzy. Instances of a
concept can be ranked in terms of their typicality. Membership in a category is
determined by the similarity of an object’s attributes to the category’s prototype.
The development of prototype theory is based on the works by, e.g., Rosch [48]
and Lakoff [29]. MacWhinney [32] discusses the merits and problems of the
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Fig. 2. Emergent implicit classes on a map of words. The input consisted of the English
translations of fairy tales collected by the Grimm brothers. The 150 most frequent
words were mapped. The area in the middle consists of words in classes of adverbs,
pronouns, prepositions only in a partial order. Some of the individual words have been
shown. Detailed results are presented in [13].

prototype theory. He mentions that prototype theory fails to place sufficient
emphasis on the relations between concepts. MacWhinney also points out that
prototype theory has not covered the issue of how concepts develop over time in
language acquisition and language change, and, moreover, it does not provide a
theory of representation. MacWhinney’s competition model has been designed
to overcome these deficits. Recently, MacWhinney has presented a model of
emergence in language based on the SOM [33]. His work is closely related to
the adaptive prototypes of the maps of words. In MacWhinney’s experiments
the SOM is used to encode auditory and semantic information about words.
Also Gérdenfors’ recent work (e.g., [9,10]) is very closely related to the issue
of adaptive prototypes. Mitra and Pal have studied the relationship between
fuzziness, self-organization and inferencing [42] and the use of the SOM as a
fuzzy classifier [41].

Handling Ambiguity The main disadvantage of the averaging process de-
scribed earlier seems to be that information related to the varying use of single
words is lost. However, it is entirely possible to use the SOM to cluster the con-
texts of a word to obtain information about the potential ambiguity of a word.
Such a study has been conducted in [45]. Gallant [8] has presented a disam-
biguation method based on neural networks. In a study with similar objectives,



[50] used co-occurence information to create lexical spaces. The dimensionality
reduction was based on singular value decomposition. An automatic method for
word sense disambiguation was developed: a training set of contexts is clustered,
each cluster is assigned a sense, and the sense of the closest cluster is assigned
to the new occurrences. Schiitze used two clustering methods to determine the
sense clusters.

Related Work Miikkulainen has widely used the SOM to create a model of
story comprehension. The SOM is used to make conceptual analysis of the words
appearing in the phrases [37,38,40]. A model of aphasia based on the SOM is
presented in [39]. The model consists of two main parts: the maps for the lexical
symbols in the different input and output modalities, and the map for the lexical
semantics. The SOM appears to be appealing model for aphasia. Consider, for
instance, a situation in which the word “lion” is used instead of “tiger”, i.e.,
a case of neighboring items in a semantic map. On the other hand, the use of
“sing” instead of “sink” corresponds to a small error in a phonetic map.

Scholtes has used the SOM to parsing and several other natural language
processing tasks such as filtering in information retrieval [49]. Several authors
have presented methods for creating maps of documents rather than maps of
words, e.g., [20,30,36]. The basic idea is to provide a visual display for explo-
ration of text database. On the display two documents appear close to each other
if they are similar in content. In [14,15], a map of words is used as a filtering
preprocessor of the documents to be mapped.

3.2 Modeling Gradience and Non-symbolic Representations

The world is continuous and changing, and, thus, the language is a medium of
abstraction rather than a tool to create an exact “picture” of selected portions
of the world. In the abstraction process, the relationship between a language
and the world is one-to-many in the sense that a single word or expression in
language is most often used to refer to a set or to a continuum of situations in the
world. In order to be able to model the relationship between language and world,
the mathematical apparatus of the predicate logic, for instance, does not seem to
provide enough representational power. One way of enhancing the representation
is to take into account the unclear boundaries between different concepts. Many
names have been used to refer to this phenomenon such as gradience, fuzziness,
impreciseness, vagueness, or fluidity of concepts.

The possibility of abandoning the predetermined discrete, symbolic features
is worth consideration. However, a remark on the notion of ’symbol’ may be
necessary: the basic idea is to consider the possibility of grounding the symbols
based on the unsupervised learning scheme. The symbols are used on the level of
communication and may be used as the labels for the usually continuous multi-
dimensional conceptual spaces. Symbols serve also as a means for compressing
information.



Figure 3c outlines a scheme for “breaking up” the symbols. If suitable “raw
data” are used, it may not be necessary to use any intermediate levels in facil-
itating interpretation. For example, de Sa [5] proposes a model of learning in a
cross-modal environment based on the SOM. The SOM is used to associate in-
put from different modalities (pictures, language). De Sa’s practical experiments
use, however, input for which the interpretation of the features is given before-
hand. Nenov and Dyer [43,44] present an ambitious model and experiments on
perceptually grounded language learning which is based on creating associations
between linguistic expressions and visual images. Hy6tyniemi [16] discusses the
semantic considerations when dealing with mental models presenting three lev-
els: features based on raw observations, patterns, and categories.

A mathematical framework for continuous formal systems is given in [31]; it
can be based on, e.g., Gabor filters. Traditionally, the filters have to be designed
manually. To facilitate automatic extraction of features, the ASSOM method [23,
26] could be used. For instance, the ASSOM is able to learn Gabor-like filters
automatically from the input image data. It remains to be seen, though, what
kinds of practical results can be acquired by aiming at still further autonomy in
the processing, e.g., by combining uninterpreted speech and image input.

3.3 Contextuality, Subjectivity and Intersubjectivity

Considerable number of person years have been spent in coding the knowledge
representations by means of traditional AT in terms of entities, rules, scripts, etc.
It seems, however, that the qualitative problems are not satisfactorily solved by
quantitative means. The world is changing all the time, and, perhaps still more
importantly, the symbolic descriptions are not grounded. Symbol grounding,
embodiment and their connectionist modeling is a central topic, e.g., in [53] and
[46]. The contextuality of interpretation is easily neglected, being, nevertheless,
a very commonplace phenomenon in natural language (see, e.g., [18]). The self-
organizing map is a suitable method for contextual modeling: instead of handling
symbols or variables separately the SOM can be used in associating them with
the relevant context, or even in evaluating the relevancy of the context.

It seems that the SOM can be used in modeling the individual use of lan-
guage: to create maps of subjective use of language based on examples, and,
furthermore, to model intersubjectivity, i.e., to have a map that also models the
contents of other maps (see, e.g., [12]). Two persons may have different concep-
tual or terminological “density” of the topic under consideration. A layman, for
instance, is likely to describe a phenomenon in general terms whereas an expert
uses more specific terms. However, in communication individuals tune in to each
other’s language use. De Boer has simulated the emergence of realistic vowel sys-
tems in a population of agents that try to imitate each other as well as possible.
The agents start with no knowledge of the sound system at all. Through com-
munication a coherent vowel system emerges [2]. Similar thorough experiment
using the SOM for conceptual emergence in an agent community still remains
to be conducted.
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Fig. 3. Three stages of modeling continuity in the relation between linguistic expres-
sions and the referenced continuous phenomena. In (a) a traditional view on fuzzy
set theory is provided: the fuzziness of a single feature is represented by a curve in
a one-dimensional space. The second alternative (b) points out the need to consider
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not only based on the size of the person. The furthest scheme (c) is based on processing
of continuous, uninterpreted “raw data” [15].




Honkela [12] proposes a model that adds a third vector element in addition
to symbol part and context part: the specification of the identity of the utterer of
the expressions. Thus, the network would be selective according to the “listener”.
This kind of enhanced map would provide a means for selecting the terms that
can be used in communication. The detailed map could, for instance, include
many expressions for different versions of a certain color among which a general
term or a specific term would become selected based on the listener. This kind
of use of the SOM provides a model of subjectivity and intersubjectivity: strictly
speaking every “SOM-agent” has a symbol mapping of its own but the mappings
are adapted through interactions to become similar enough to enable meaningful
communication.

4 Conclusions

Natural language understanding as a field of artificial intelligence requires, for
instance, means to model emergence of conceptual systems, intersubjectivity in
communication, interpretation of expressions with contextual cues, and symbol
grounding into perceptual spaces. If such means are available the methods can
be considered to be relevant also in cognitive science and epistemology. In this
paper, critical view on the traditional means to model natural language under-
standing and symbol processing has been given. Especially, the “purely symbolic
methods”, e.g., systems based on predicate logic or semantic networks, appear
not to be sufficient to tackle the phenomena mentioned above.

As an alternative, the self-organizing map (SOM) has been considered in this
paper. There are several results based on the SOM that cover relevant areas of
the overall phenomena and thus the SOM seems to be a promising alternative
for the more traditional approaches. There are, of course, related methods that
can be used for similar purposes but the SOM covers several of the modeling
requirements at the same time and, moreover, serves as a neurophysiologically
grounded cognitive model. However, the basic SOM as such does not suit very
well for processing structured information but one can combine the SOM with,
e.g., recurrent networks to obtain better coverage of both structural and content-
related linguistic phenomena (see, e.g., [34]). Moreover, the SOM principle can
be generalized through adoption of principles of evolutionary computation which
gives possibility of finding spatial order based, e.g., on functional similarity of
potentially highly structured input samples [17, 28].
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