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Abstract

Rapid growth of the Internet informational re-
sources has laid to the situation when classical
search algorithms based on a template matching
are no longer effective due to their practically
boundless result sets. One of the possible solu-
tions is using style classification which allows to
effectively narrow search range. This work gives
some guidelines for constructing linguistic classi-
fier basing on the fuzzy sets theory and artificial
neural networks. It also contains some recommen-
dations for processes of forming and optimizing
neural network’s attribute space. Few examples
of corresponding neural network architectures are

given'.
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Preface

The Internet nowadays is a large-scale geograph-
ically distributed database of heterogeneous re-
sources. Low effectiveness of search engines can
lessen the value of all its benefits and profits.
The outcome of search engines which are based
on classical model of template matching usually
is represented by a vast list of resources that de-
mands second search query. The significant num-
ber of works are devoted to organization of effi-
cient search, see for example [1, 4]. One of the ap-
proaches to search process organization intended
to partly solve the problem is utilization of style
classification. Linguistic classifier allows to con-
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strict search range and increase its precision.

This paper describes an approach to constructing
linguistic classifier on basis of fuzzy neural net-
works with possibilistic interpretation of investi-
gated parameters.

1 Text classification problem

We define linguistic classification as a process of
distribution of texts in some natural language on
groups each of which possesses a set of identical
or similar linguistic characteristics. Examples are
style classification, classification of texts by genres
of the same style, etc.

Specificity of the lingustic classification task lies
primarily in semantic ambiguity of natural lan-
guage texts. Classification algorithms are based
on the assumption that text semantics is some-
how embodied in its syntax structure. For exam-
ple, fraction of exclamation marks in fiction texts
is on average higher than in scientific and techni-
cal ones, and so on. Thus existence of such text
characterisics that allow to distinguish (with some
precision) texts of different styles is assumed.

Let T = {ti, to, ..., ti, ... } is a set of all texts
in natural language. Only one natural language
is assumed to be in use.

Let C = {Cl, C2, ...
separations of T

, cn} are classes, that form

We define the term classification as a table where
each column is a tabular representation of charac-
teristic function of corresponding set ¢;: p;(t;) =
«j, all these functions are discrete.

We define crisp classification as an aggregate of



characteristic functions of crisp sets c;, where
each function’s codomain is {0, 1} and

- 1, text t; belongs to class c;
Y 7] 0, in another case.

We define fuzzy classification as an aggregate of
characteristic functions of fuzzy sets c;, where
each function’s codomain is a segment [0, 1] and
«; is a grade of membership of text t; to class c;.

We use notions of recall, precision and F-
measure [7] to estimate crisp classification quality.
Calculation of this characteristics is based on the
following values: number of texts for a fixed class
c; that were classified to ¢; and belong to this
class (N,), classified to ¢; but are not in this class
(Np), texts from ¢; which were not classified as
texts of this class (IV.). Recall of classification is
calculated by Rec = N,/(N, + N.), precision is
given by Prec = N,/(Ny + Np). Also we use a
summary estimation of classification quality that
depends on recall and precision:

1+ 32
52

1
Prec + Rec

F=

)

where § defines relation of importance of recall
and precision and in practice takes values from
[0,1]. Considering fuzzy case we propose to use
appropriate values Ng', N*, N accounting texts’
classification to ¢; with possibilities not less then
predefined threshold .

Obviously, it is impossible to specify functions
pi(t) in an explicit form. We define functions
fi;(f) that approximate real ones. Initial informa-
tion for making approximation functions is a sam-
ple classification, which is finite-dimensional table
built on a representative (finite) sample of texts
with equal presence of all classes. Here t = (p1(t),
...y ps(t)) is an attribute space vector which rep-
resents text t to linguistic classifier.

2 Classification parameters
identification

One of the main tasks while constructing linguis-
tic classifier is identification of classification para-
meters (attribute space).

We define classification parameter as a real-valued
function with a domain T'. We propose the follow-
ing obvious classifications of parameters:

1. On basis of parameter construction: con-
structive (can be evaluated with the help
of deterministic algorithm) and expert (there
is no finite deterministic algorithm that can
evaluate them). Constructive parameters
can be further divided into algorithmic (can
be evaluated without any dictionaries) and
dictionary (use various dictionaries).

2. On basis of parameter’s linguistic properties:
formal (interpret text as a sequence of sym-
bols) and linguistic (think of text as a com-
plex aggregation of linguistic objects).

An attribute vector is a fixed set of real numbers
that are results of given parameters computation
on an input text.

Considering fuzzy case we can define several fuzzy
subsets of T" and use their membership functions
as parameters. In this case attribute vector con-
sists of membership grades of a given text to de-
fined fuzzy sets. Classical way of fuzzy sets forma-
tion uses a notion of linguistic variable. Assume
we have a set of crisp parameters. We transform
each crisp parameter in the set to an appropri-
ate linguistic variable [9], whose values will serve
as required fuzzy sets. This is an expert way be-
cause one needs to define linguistic variables val-
ues shapes explicitly on the basis of expert lin-
guistic knowledge.

Another method uses a predefined set of crisp pa-
rameters, too, however it also takes into consider-
ation an a priori information about membership
of texts to classes, taken from representative sam-
ple. To do this we divide all texts from represen-
tative sample into corresponding classes. Then
we take first parameter p; and evaluate its val-
ues for all texts from the first class ¢;. Obtained
numbers are further used to draw bar graph. For
this we mark all evaluated values of parameter p;
on the axis of abscissas. Next we define quantiza-
tion step and use it to draw half-intervals on the
same axis (for distinctness we assume that right
boundary belongs to half-interval). We count
how many values p;(t;) got to each half-interval.
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Let k; — number of points in i-th half-interval.
For each k; we draw a bar on the correspond-
ing half-interval with ordinate value equals to
k;/(maxk;),j = 0,1,.... Apparently approxi-
mated function will be bounded by segment [0,
1], its value being closer to upper bound when
more points get to a half-interval.

It follows from the process of construction that
the obtained discrete function is a membership
function of some fuzzy set, defined on a non-
overlapping separation of T' (domain of this mem-
bership function consists of group of texts and not
individual texts). The same procedure is done
with all parameters in the set and all classes.

Apparently, the more parameters participate in
the classification process the more precise it may
be, but as a result process of preparation of
texts for linguistic analysis consumes more time.
Therefore next important task is attribute space
optimization. We assume that there is an initial
list of parameters. For optimization process we
specify a function of relevance r, defined on Px C.
Further, we define a general estimation of parame-
ter relevance, for example by one of the following
ways: 7(p;) = max; r(pi,c;), T(pi)) = 2; 7(pi, ¢5)
or 7(p;) = > w(cj)r(pi;ci), where w(c;) is a
weigth of class ¢;. Now we can sort all para-
meters by degree of their relevance and form a
selection of the most useful ones. Different rele-
vance functions can be taken [3], for example, x?
test, Information Gain (IG) or Gain Ratio (GR).

3 Attribute space construction
methods

There are two ways of constructing attribute
space: manual (expert) and automatic. Below
we consider the second case.

First of all we give a formal model of attribute
space. We define informational object as an ob-
ject that contains an arbitrary amount of infor-
mation — objects semantics. Different objects
have different informational richness, or semantic
scope. We define by induction a notion of infor-
mational levels in order to take into consideration
this fact.

Basis of induction — zero informational level (Ag)
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— is an alphabet of natural language extended
by punctuation marks, numbers, brackets and
other auxiliary symbols with the exception of
whitespaces which are not linguistic units but
technical symbols. Induction condition is in the
following. Let i-th informational level is built -
A;. To form A;; 1 we make ordered o-algebra
upon A;. The term "ordered” o-algebra means
that we use ordered union operation: Ay U Ay is
not the same as A, U A;.

Thus the first informational level is a set of words
in a given alphabet. Obtained ordered o-algebra
contains a lot of meaningless and even linguis-
tically incorrect objects, because source alphabet
is composed also from different auxiliary symbols.
We can define a special subset A7 C A; contain-
ing only linguistically correct words. The second
informational level is formed by ordered combina-
tions of words and punctuation marks. The third
informational level consists of texts. The fourth
informational level is composed of groups of texts
which we define as styles.

Attribute space is actually a mapping of the third
informational level into multidimensional set of
real numbers. We can try to construct this map-
ping by using semantic measures on the informa-
tional levels. We demand from semantic measure
to be a total and non-negative function. For ex-
ample we can introduce the following trivial mea-
sure: each symbol of the source alphabet (Ag)
gets unique number — these numbers serve as mea-
sures of appropriate symbols. Measure of i+1-th
informational level object is evaluated as sum of i-
th level objects measures that constitute the con-
cerned object. This trivial measure is sensitive
only to information stored in the zero informa-
tional level. If we take some word w = l1ls...1,
and mix its words randomly then originating word
W = 3, li, ... l;, will have just the same measure’s
value. We propose the following three definitions
in order to describe this property.

If Va1 € AZ‘,VIBQ € Ai :p(acl) 7& p(xg) = X1 7& X9,

then measure p is called weak measure of i-th level.

If Va1 € AZ‘,VIBQ € Ai I 7& o <:>p($1) 7& p(xg),
then measure p is called strong measure of i-th
level.

If for each level i measure p is a weak measure



and there is no such level j for each it is strong
measure then measure p is called everywhere weak
measure.

Now we can give an example of strong measure
of first informational level that gives us attribute
space using only representative sample of texts
and no expert knowledge. In order to achieve this
we use one of the widespread linguistic methods
of semantic analysis — distributive method [10],
which analyses distribution of words in texts. Its
main idea lies in the assumption that different
words met with each other in texts not randomly,
but according to some rules.

Algorithm of distributive measure evaluation
process is the following. We take some word and
make its distribution. It will serve as an attribute
vector for the word. In practice we can represent
each word that goes in a context with analyzed
one as a separate attribute. Fitness of this mea-
sure for higher informational levels actually fol-
lows from the definition of informational levels as
o-algebras. But we need to explain the meaning
of union operation.

Let t € A3 be some text: t = $189...5,. Con-
sider its arbitrary sentence s € Ag: s = l1ls ... L.
Let p be a distributive semantic measure as it
was defined above. Its components are the follow-
i_l’lg: p(ll) = ([lﬂk‘ﬂ s [l2|]€2] yeeey [lm|knz})a where
l; is an attribute word that represents j-th di-
mension, k; - strength of j-th semantic attribute.
While analyzing sentences semantics we can rep-
resent it as an aggregate of all vector compo-
nents of all vectors for all words that make up
the sentence - p'(s;). Suppose we have q com-
ponents with similar attribute words. Obviously
we can replace all of them by one component:
la|f(q, ki, ko, ... kq)], where f(q, ki, k... kq)
contains information about overall quantity of
components and about each component taken
separately. In practice we can take sum, weighed
mean, minimum, maximum and so on. We do
the same thing for all groups of similar com-
ponents and get as a result vector: p(s;) =
([l1]k1] , [l2|k2] , - .., [I|kL]) which characterizes
sentences semantics by its lexical structure.

We can now evaluate distributive measure for
each text t, taking instead of distributive repre-

sentations of words distributive representations of
sentences. This measure characterizes general se-
mantic background of lexical structure of a text.

4 Neural network architecture

One of the most promising tools for object classi-
fication is artificial neural network, because of its
ability to learn and huge computational capabil-
ities. Attribute space and set of classes designed
for classification process serve as input and output
of such network.

Example of a simple network architecture is
shown on Fig. 1.

Figure 1: Example of network architecture for fuzzy
attribute vector

Distribution functions’ approximation for cor-
responding fuzzy sets is carried out on the
first layer. On the second layer calculation

of weighed normalized sum of inputs is per-
1 1

w11yt (T1)Fwiz-pps (2)
Pl P2 F2

formed, Fj o1 Fiors , =
C2 C2
w21-fp] (x1)+w22-up2 (z2) o . .
W1 TWas , 1 =P1 (t), To = pQ(t). This

network is learned by means of back propagation
method [5].

Besides of the considered above method of form-
ing of input parameter’s possibilistic distribution
by descrete function, it is possible to build a deter-
ministic neural network for distributions realiza-
tion. In this case each distribution is represented
by the result of binary operation over two con-
tinuous parametric functions and its parameters
are modified during a network learning process.
The example of classification system for model-
ing possibilistic distributions with deterministic
subsystem is presented on Fig. 2.

Layer 1. This layer contains subsystems N ug}
that are deterministic 2-layered neural networks
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Figure 2: Modeling of possibilistic distributions of
classification parameters using a deterministic subsys-
tem

illustrated on Fig. 3. Here F(z) is a sigmoidal
activation function, F(z) = m, a; and b;
are adjustable weights.

/U:l (x)

Figure 3: Subsystem N yS’

Layer 2. Each neuron of this layer is the fuzzy
neuron “AND” [6].

Each class fuzzy set approximated by the network
is characterized by membership function which
defines implication A — B. This impication has
the following form: if 27 is C{ and @ is C} ... and
zy is C} then (z1,22,...,21) is C7, where CY is
a fuzzy set of parameter z; evaluated for all texts
for class ¢; and C7 is a resulting fuzzy set of texts
of class ¢;. Implication membership function is
defined as a t-norm on Cz-j membership functions
that are realized by deterministic neural networks
with sigmoidal activation functions.

Methods described above are applicable only in
the case when parameter’s joint distributions can
be represented by an appropriate operation over
distributions of separated parameters, i.e. when
all input parameters are independent. Since in
our case an a priori knowledge is represented only
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as a sample of texts we don’t have any informa-
tion about parameter’s correlation. Therefore in
general some errors most probably will occur dur-
ing the indentification of related parameters that
leads to construction of wrong distribution func-
tions and finally to inadequate behavior of the
network.

One of the feasible solutions is based on the as-
sumption of presence of input parameters correla-
tion. It uses a network with neurons that realize
the functions of joint distribution of parameters
(Fig. 4).

X
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M, G
P2 P !
. ‘ulﬁl’zf’: (xl’x2’x3)

e
H c
PrPaps 2
Hoaps (X, X5, %3)

Figure 4: Modeling the joint distribution function of
the correlated possibilistic classification parameters

Functions ,uglip}“pn(xl, Z9,...,Tn) can be con-
structed by the method analogous to the consid-
ered above method of construction of discrete dis-
tribution function for one parameter.

Discovering of parameters with independent dis-
tribution functions can increase the speed of com-
putation process and network learning.

On Fig. 5 the sample of self-organizing architec-
ture is presented. Network setup is based on au-
tomatic determination of the dependences among
input parameters.

Layer 1. At this layer the possibilistic distribu-
tion functions of input parameters and joint dis-
tribution functions for all combinations of input
parameters are realized.

Layer 2. Fach neuron of this layer is a fuzzy neu-
ron ’AND’ which computes grade of membership
to the class ¢; of text with parameters p; taking
values equal z; in different cases of parameters
dependencies.

For example, neuron n1 computes
,ugllmm (21,2, x3) under condition when parame-
ters p; and ps have joint distribution functions
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Figure 5: The sample of self-organizing architecture

and can not be represented by independent
possibilistic distribution functions.

Neural network learning process includes two
phases. On the first phase the setup of parame-
ters for each possibilistic distribution is carried
out. Second phase consists of selection of weights’
w; optimal values and allows to identify the inde-
pendent parameters — network structure can be
optimized by removing neurons representing joint
distribution functions of independent parameters.

Conclusion

Obviously, the proposed method is not the
only one while talking about linguistic classifi-
cation primarily intented for information search.
Method based on discriminant analysis [2] also
finds successful application. Another group of
classification methods is based on probabilistic
models, primarily Bayes family [7]. But in spite
of the fact that these methods allow to achive in
practice satisfactory results, classification made
by such classifiers does not take into consideration
fuzziness of information being processed. Utiliza-
tion of the theory of fuzzy sets allows to formalize
this property and effectively control it.
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