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STRING MEASURE APPLIED TO STRING SELF-ORGANIZING MAPS AND
NETWORKS OF EVOLUTIONARY PROCESSORS!

Nuria GOmez Blas, Luis F. de Mingo, Francisco Gisbert, Juan M. Garitagoitia

Abstract: This paper shows some ideas about how to incorporate a string learning stage in self-organizing
algorithms. T. Kohonen and P. Somervuo have shown that self-organizing maps (SOM) are not restricted to
numerical data. This paper proposes a symbolic measure that is used to implement a string self-organizing map
based on SOM algorithm. Such measure between two strings is a new string. Computation over strings is
performed using a priority relationship among symbols; in this case, symbolic measure is able to generate new
symbols. A complementary operation is defined in order to apply such measure to DNA strands. Finally, an
algorithm is proposed in order to be able to implement a string self-organizing map.

Keywords: Neural Network, Self-organizing Maps, and Control Feedback Methods.

ACM Classification Keywords: F.1.1 Models of Computation: Self-modifying machines (neural networks);
F.1.2 Modes of Computation: Alternation and non-determinism.

Introduction

Most well known numeric models are Neural Networks that are able to approximate any function or classify any
pattern set provided numeric information is injected into the net. Neural Nets usually have a supervised or
unsupervised learning stage in order to perform desired response. Concerning symbolic information new
research area has been developed, inspired by George Paun, called Membrane Systems. A step forward, in a
similar Neural Network architecture, was done to obtain Networks of Evolutionary Processors (NEP), introduced
by Victor Mitrana. A NEP is a set of processors connected by a graph, each processor only deals with symbolic
information using rules. In short, objects in processors can evolve and pass through processors until a stable
configuration is reach.

Self-Organizing maps are usually used for mapping complex, multidimensional numerical data onto a geometrical
structure of lower dimensionality, like a rectangular or hexagonal two-dimensional lattice [2, 3]. The mappings are
useful for visualization of data, since they reflect the similarities and vector distribution of the data in the input
space. Each node in the map has a reference vector assigned to it. Its value is a weighted average of all the input
vectors that are similar to it and to the reference vectors of the nodes from its topological neighbourhood. For
numerical data, average and similarity are easily computed: for the average, one usually takes the arithmetical
mean, and the similarity between two vectors can be defined as their inverse distance, which is most often the
Euclidian one. However, for non-numerical data [4]- like symbol strings — both measures tend to be much more
complicated to compute. Still, like their numerical counterparts, they rely on a distance measure. For symbol
strings one can use the Levenshtein distance or feature distance.

For strings, one such measure is the Levenshtein distance [1], also known as edit distance, which is the minimum
number of basic edit operations — insertions, deletions and replacements of a symbol — needed to transform one
string into another. Edit operations can be given different costs, depending on the operation and the symbols
involved. Such weighted Levenshtein distance can, depending on the chosen weighting, cease to be distance in
the above sense of the word.

1 Supported by projects CCG08-UAM TIC-4425-2009 and TEC2007-68065-C03-02
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Another measure for quantifying how much two strings differ is feature distance [2]. Each string is assigned a
collection of its substrings of a fixed length. The substrings the features are typically two or three symbols long.
The feature distance is then the number of features in which two strings differ. It should be noted that this
measure is not really a distance, for different strings can have a zero distance. Nevertheless, feature distance has
a practical advantage over the Levenshtein by being much easier to compute.

A similarity measure is simpler than distance. Any function 8 : X2 — & can be declared similarity — the question
is only if it reflects the natural relationship between data. In practice, such functions are often symmetrical and
assign a higher value to two identical elements than to distinct ones, but this is not required.

String Measure

Let V an alphabet over a set of symbols. A string x of length m belonging to an alphabet V is the sequence of
symbols asaz... an where the symbol a; & V for all 1 < i< m. The set of all strings over V is denoted by V*, the
empty symbol is A and the empty string is denoted by &= (A)* .

Let O.x — n, x €V, n € N a mapping that establish a priority relationship among symbols belonging to V,
u<viff O(u) < O(v). Obviously O(O(x)) = x, x € Vand O(O" " (n)) =n,n & N,and O(A\) =0, 0" (0) = A.
This mapping can be extended over an string w in such a way that O(w) = O(w)), w; € w. Usually, such mapping
O covers a range of integer numbers, that is, the output is 0 < i < k, where k = card(S), S < V. Itis important to
note that new symbols can be generated provided that given two symbols a, b & V |O(a) — O(b)| > 1, and there
is no symbol ¢ such that O(a) < O(c) < O(b). That is,

O‘l(k)={ szv ’Eggﬂzk  withke N

Symbolic measure between two strings u, v & V*, denoted by A(u, v), with |u| = |v| = n is another string defined
as:

Afu,v) = 0 O1(|O(w;) — O(v;)|), where w;/v; is the i-th symbol € u/v (1)

i=1

For example, let u = (abcad), v = (abdac), and O the index of such symbol in the Latin alphabet, that is, O(a) = 1,
O(b) = 2, O(c) = 3, O(d) = 4 then A(u, v) = Mada. If u = (jonh), v = (mary) then A(u, v) = s3njS¢1, two new symbols
S3, S11 are generated (that correspond to s; = ¢ and s¢1 = k, usually such correspondence is unknown). A numeric
value D can be define over a string w:

ZO('w.-)z,w.- cew (2)

=0

D(w) =

It is clear to proof that:
D(A(u, v)) = D(A(v, u)), D(A(u, u)) = 0, D(A(u, &) = D(u) and D(A(u, w)) < D(A(u, v)) + D(A(v, w)).

Mappings O/D also define a priority relationship among string in V* is such a way that



International Book Series "Information Science and Computing" 29

i=1

n=|u| n=|s|
uSviﬂ'J Z O(u,-)sz z Ofx;)?
i=1
u < v iff D(u} < D(v)

In short, symbolic measure between two string u, v is obtained using A(u, v), see equation (2), and numeric
measure is obtained using D(A(u, v)), see equation (1). Letx, y & S & V two symbols belonging to alphabet,
two symbols are complementary, denoted by (x, y), iff A(x, y) = x or A(x, y) = y. Such property can be extended
over string, letu, v €8 < V*, two strings are complementary, denoted by (u, v), iff A(u, v) = uor A(u, v) = v.

Theorem 1. - Letu, v € S, uand A(u, v) are complementary iff O(ui ) >= O(vi ) forall 1<i<n.
Proof.

Alu,v) = | ] 071(0(w) — O(=)))
i=1
Hence:

Al Al w) = | ] 0-1(0(w) — O(A s 1)) =

i=1

= [J o (|0(w) — 0(O 1 (|0(w) — O@w;))))) =

i=1

=[J o (0(w) - (0(w) — O@)))]) =
=1

=o' Own =0
i=1
O

Two strings u, v & S* are Watson-Crick complementary (WC complementary), denoted by (u, v)"%e, iff (u, v)~
forall 1<i<|ul.

Theorem 2. - Letu, v & S*,if (u, v)” then (u, v) <.

Such duality in symbolic/numeric measures, see equations (1 and 2), is a good mechanism in order to implement
algorithms on biological DNA strands [5, 6]. Like DNA or amino acid sequences, which are often, subject to
research in computational molecular biology. There, a different measure — similarity — is usually used. It takes into
account mutability of symbols, which is determined through complex observations on many biologically close
sequences. To process such sequences with neural networks, it is preferable to use a measure, which is well
empirically founded.

Strings with different lengths
Given two strings u, v, such that |u| = n=|v| = m, and U (u) the set of all substring w < u such that,
Uu)™ = {w(j)||w(j)| =MW=1U W, Wi = UL, 1=k + FIVO< < |u| —m
String measure between u, v, denoted by 6(u, v), is
8(u,v) = {A(s,v)|s € U(w)", O(A(s,v)) < min ey {O(A(2,))}}
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In this case, measure 0 is a set of strings with the lower distance (see table below). Such distance can be read as
the set of matching strings with lower distance. This & can be used to identify cutting points (index j) over a DNA
string when applying a restriction enzyme, from a biological point of view.

u = abedabedab, v = eda

U(u)" U
a b c
b ¢ d
c d a O(A(eda,v)) =0
d a b
a b c
b ¢ d
c d a O(A(cda,v)) =0
d a b

3(u,v) = {AN, AN}

Let |u| = |v|, itis clear that 6(u, v) = A(u, v) since U(u) = u.

Future Work

Some results, in literature, that could be checked with this new measure can be: for an example application of the
string SOM, Igor Fisher generated a set of 500 strings by introducing noise to 8 English words: always, certainly,
deepest, excited, meaning, remains, safety, and touch, and initialized a quadratic map with the Sammon
projection of a random sample from the set [1]. Another real world example is the mapping produced from 320
hemoglobin alpha and beta chain sequences of different species [2]. SOM and LVQ algorithms for symbol strings
have been introduced by [5, 6] and applied to isolated word recognition, for the construction of an optimal
pronunciation dictionary for a given speech recognizer.

Artificial Neural Networks (ANN) and Networks of Evolutionary Processors (NEP) [9, 10] can be considered as
the present and the future of connectionist models. Both of them are based on the idea of simple processors that
communicate in order to achieve a global objective. But there are two important facts that must be taken into
account;

e ANN are numeric models while NEP are symbolic ones.

e There exists a learning algorithm that control the ANN behavior in order to achieve a desired result while
NEP do not incorporate any kind of learning paradigm.

Some ideas of ANN can be translated into NEP architecture since ANNs are considered, in the literature, a good
model to solve non-conventional problems. Following this point of view some kind of learning can be added to a
NEP to obtain a more general model than simple NEP. Among all the neural networks architectures unsupervised
neural networks, cal led Self Organizing Maps (SOM), are the most suitable.

Conclusions

In some applications, like molecular biology, a similarity measure is more natural than distance and is preferred in
comparing protein sequences. It is possible that self-organizing neural networks can successfully process such
data. It can therefore be concluded that similarity-based neural networks are a promising tool for processing and
analyzing non-metric data. This paper has proposed a string measure that can be applied to self-organizing maps
or networks of evolutionary processors with the possibility of new symbols generation. Watson-Crick
complementary concept was defined using such measure.
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