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A Muiti-valued Approach For Fast Genomic Signal Processmg
Using Updated Perceptrons
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ABSTRACT

This paper presents a multi-valued approach for genomic
signal processing using updated perceptron for high
speed genetic processing. A multi-valued approach is
suggested for the improvement of system performance
by means of multi valued switching function for updated
perceptions during searching. The switching function
proposed in our previous paper is integrated with the
perceptron updation using multi-valued signal for faster
convergence.( comments :this type of writing
(referencing) in the abstract may be avoided.) A
performance-cvaluation of such system for codon
classification is performed and the system performances

were evaluated in comparison to a single valued

switching system.

Keywords : Multi-valued logic, genomic signal
processing, updated perceptron, codon classification,

switching function.
I-INTRODUCTION

With the increase in the development for automated and
self-decisive electronic system, the need for faster
computation with precise decision will increase. Where

estimation precision could be achieved by various
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mathematical approaches, effort is ré@uired to improve ~
the estimation at a faster rate. The need-for information

processing at the fastest rate is increasing, the information

to be processed is also increasing. A balancing fowards
such an issue is needed for future systems. Various
practical applications find the bottleneck of heavy data
processing resulting in a slower operation. One such
application is observed to be the genomic signal

processing (GSP) for genome querying.

Genome sequences contain information about protein
structure. This sequence is a sequeﬁce of twenty'ar'nind
acids in various combinations. Each of twenty amino
acids is represented in the sequence by a codon (triplet)
of three nucleic acids. Since there are exactly four
different nucleic acids, there exist 43=64 c‘iifferbent“‘
combinations of them. However, some of these
combinations code the same amino acids. So there are
exactly 20 amino acids that form a genome. Ther;; isalso
the 21st amino acid, which marks the end of the genonlic .
subsequence. But it does not participate in the genome.
Thus, the genetic code can be considered as the ;ﬁéppiﬁg‘
between the four-letter alphabet of the nucleic acids
(DNA) and the 20-letter alphabet of the amino acids
(proteins) [1]. On the other hand, this mapping can be

considered as a discrete function of three variables:

G, =f (x5, where, G, = 71, .., 20. is the amizo acid.
and x, e{AGCT}?i7=1, 2,3, (A, G C, T are the four
nucleic acids Adenine, Guanine, Cytosine and Thymme
respectively). Since this function can take exacﬂy 20
ditferent discrete values and depends on three vanables

that can take exactly 4 different discrete vaiues,-it would - -
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be natural to consider it as a partially defined multiple-

valued function of a 20-valued logic.

In this paper we present the integration of the suggested
multl vatued logic with genomic signal processing using
perceptron updation and compare the search operation
with the existing single valued logic for performance
evaluation. The rest of this paper is presented in VI
{comments : 6) sections where a genomic signal
processing operation is presented in section 2. A brief
outline to multi level logic and it’s derivation for
generation of multi values are presented in section 3.
Section 4 outlines the sugpested perceptron updation
approach using multi-valued logic for high speed
genomic signal processing. A simulation result is
presented in section 5 with the conclusion made on

section 0.
II. GENOMIC SIGNAL PROCESSING

The standard representation of genomic information by
sequences of nucleotide or amino acids symbols has
certain advantages in what concems storage, search and
retrieval of genomic information, but limits the style of
handliing and processing genomic information to pattern
matching and statistical analysis. Thus the standard
representation of genomic information by sequences of
nucleotide or amino acids syimbols has certain advantages
in what concems storage, search and retrieval of genomic
information, but limits the style of handling and
processing genomic information to pattern matching and
statistical analysis. This procedural limitation detenmines
unnecessary computing costs in the case of studies
invelving feature extraction at the scale of whole
chromosomes, multi resolution analysis, comparative

genomic analysis, or quantitative variability analysis.

Genomic information represents the form of sequences

of which each element can be one out of a finite mumber
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of entities. Mathematically, sequences like DNA and
proteins, have been represented by character strings, in
which each character is a letter of an alphabet. In the
case of DNA, the size of the alphabet 4 and consists of
the letters A, T, C and G; in the case of proteins, the size
of the corresponding alphabet is 20. The main reason
that the meadow of signal processing does not yet have
significant impact in the field is because it deals with
numerical sequences rather than character strings. But,
if we properly map a character string into one or more
numerical sequences, then digital signal processing
(DSP) provides a set of novel and useful tools for solving
highly relevant problems. For instance, in the form of
local texture, color spectrograms visually provide
significant information about biomolecular sequences,
which facilitates understanding of local nature, structure,
and function. In addition, both the magnitude and the
phase of properly defined Fourier fransforms can be used
to predict important features like the location and certain

properties of protein coding regions in DNA [13].

The transformation of the genome sequence into signal
representation leads to the advantage of faster signal
processing and computing. The issue of mining and it’s
feasibly for faster searching could be effectively been
observed for searching algorithms using advanced
learning algorithms. As though the learning algorithms
were developed for the speed up and accuracy
improvement of genomic signal analysis the issue of
faster computation wrt. Multi level operation remains a
issue. A nuiti level logic is an evolving approach for
faster computation and is applied on various approaches

for faster analysis and processing.
HI. MULTIVALUED LOGIC

As mentioned multi level logics are used for the

computation of faster operation in digital signal
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processing. The operation of mulii level logic could be
attained by representing the operational reference signal
into multiple sub levels and processing under one
reference signal shown in fig 1,2. Traditional logic is
only two vatued for any proposition. Multi-valtued logics
are logics in which there are more than two truth-values.
Multi valued system has several important advantages
over existing binary system. Expanding the existing logic
levels to ternary and penta levels, higher processing rates
could be achieved in various applications like memory
management, communication throughput and domain
specific computation. The first and foremost advantage
of a ternary representation over binary is economy of
digits. To represent a number in binary systerm, one needs
58% more digits than that of ternary . For example, to
represent a 15-digit decimal number, one requires 34
ternary digits instead of 54 binary digits. Ternary
representation accepts sign convention also, The most
significant advantage is that there is reduction in the
interconnection required to implement a logic function.
This in turn causes reduction in the chip area while

designing devices .

Tn contrast to the design it is also important to assess the
cost of manufacturing of these types of multiple valued
logic circuits. Let R be the radix, d be the number of
digits to express a range of N numbers is given by N =
R If the number and/or cost of the basic hardware

components C is proportional to the “digit capacity” R

X d, then we have

log N
Ck(Rd) = kR 77 5

where k is some constant. Differentiating this cost

equation with respect to the radix R and equating to zero

gives that R should equal e(=2.718) for minimum cost.
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From this analysis it is evident that R=3 should be more
economical than the binary radix R=2. If we consider
that devices or circuits are available which provide two,
three four or more stable digital signals without any
increase in individual costs for the higher-valued radices,
then in such ideal circumstances total cost C would be
proportional to d. Hence,

log i
k log K

C=kd

Which shows gradual decrease of cost C with increasing

R[12%
Table 1 shows representation of decimal numbers using
ternary symbols. The decimal number, D in terms of
ternary symbol is given by
D = {T 3T, 3""+.. ST 34T 3%
where T = temary digit -1, 0, +1
n= significance of the ternary digit,
T=least significant

T, = most significant.

However, the -1, 0, +1 numbering system has 2 unique
advantage that any number can be changed from a
positive value to the corresponding negative value by
merely changing all -1’s to +1’s and vice versa, leaving

all zeros unchanged [12]

Table 1. Representation of decimal numbers using

terpary symbols

Ternary ‘Ternary
Decimal notations using Deciral notations using
Number D the number Number D the number

-1,0,+1 -1,0.+1

¢ 0000 4 o0

1 0001 5 01-1-1

2z 001 -1 6 01-10

3 D210
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IV-UPpATED PERCEPTRON = GSP

During querying process the signals are to be matched
with various defined feature before making the final
decision. This decision could be improved if the
estimation is evaluated and updated using defined
updation. To improve the recognition factor and to speed
the estimation process the system is update the operation
in a recursive mammer. This updataion may take longer
time to provide the final decision. To improve the
estimation efficiency by reducing the time of convergence
for decision-making. To achieve the objective a multi-

valued approach for updation and decision is presented.

Multiple-valued threshold logic over the field of complex
numbers is based on the following idea proposed in [8].
LetK = {0,1, ..

logic. Let us build one-to-one correspondence between

... k-1} be a set of values of k-valued

set k and a set of ¥® roots of unity

E={s®, g1, &% ..., 8571 }, where e =exp (i 2n/k) is
a primitive k* root of unity. Thus, the k-valued logic
becomes the one over the field of complex numbers and
any multiple-valued function of k-valued logic becomes
a multiple-valued function over the field of complex
numbers. The function values and its arguments in this

case are the k™ roots of unity:

& =exp { 12w/k), j=0, ......, k-1, where i is an imaginary
unity. Let us consider the following function (k-valued

predicate) proposed in [8]:

P(z} = exp (1 2n3/k), if 2n/k < arg z < 2n(j+1)/k, where
arg z is the argument of the complex number z. Function
.divides a complex plane onto k equal sectors and maps
the whole complex plane into a subset of points belonging

to the unit circle, This is a set of k™

roots of unity. A k-valued function ffx,,... ., x ) is called
a k-valued threshold function over the field of complex
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numbers [8]- [10] if the following condition holds for

all x,.....x the domain of this function:

flpnx)=Plw, +wx, +.. . W)

W=ftw +w +... +w_} is a weighting vector, P is a
function. Multi valued network has been introduced in
[7] as a learning element with activation function which
implements those mappings described by multiple-valued
threshold functions over the field of complex numbers,
Malti valued network, its basic properties, and learning
are comprehensively observed in [10]. A single discrete-
valued Multi valued network performs a mapping
between n inputs and a single output. This type of
mapping is explained by a multiple-valued (k-valued)
function of n variables fix,, ... L X r') with n+1 complex-
valued weights as parameters. Evidently, the Multi valued
network inputs and output are k% roots of unity. The
learning of Multi valued network is decreased to the
movement along the unit circle. This movement is always
free of derivative because any path along the circle always
leads to the target. The best method of this movement is
determined by an error that is a difference between the
desired and actual outputs. Let g2 be a desired output of
the perceptron and €= P(z) be an actual output of the
perceptron. The most efficient MVN leamning algorithm

is based on the error correction learning rule [10]:

Cr
=W+ <
Wor =Pt 1)

(g% - &) X;, where X is an input
vector, nis a munber of perceptron’s inputs, X is a vector
with the components complex conjugated to the
components of vector X, r is the number of iterations,
W_is a current weighting vector, W is a weighting
vector after correction, C_is a learning rate. The
convergence of the learning process based rule is proven
in [10]. The regulation confirms such a correction of the
weights that the weighted sum is moving from the sector

s to the sector q. The comection of the weights changes
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the weighted sum exactly on the value. The activation
function is discrete. It has been recently proposed in
‘-[5],[6], to modify the function in order to generalize it
for the continuous case in the following way. If & —co
" then the angle value of the sector tends to zero. Hence,
the function is transformed in this case as foﬂows:

zZ
Pz = eiA’?’g z :E where Arg z is a rnain value of

the argument of the complex number z and Iz is its
modulo. The function maps the complex plane into a
whole unit circle, while the function maps a complex
plane just into a discrete subset of the points belonging
to the unit circle. Thus, the activation funciion determines
a continuous-valued MVN. The learning rule is modified

for the continuous-valued case in the following way
(516}

. H/,-v-f = Wr + (Eq - 8!303:)

=W, + ()

=W +8X

Where § = (g - ) Learning according to the rule makes
possible squeezing a space for the possible values of the
Wcighted sum. Thus, this space can be reduced to the
respectively narrow ring, which includes the unit circle
inside, instead. This approach can be useful in order to
eliminate a situation when very small changes either in

the weights or the inputs lead to a significant change of

Z.

Multi-valued approach has three very important
advantages in comparison with other perceptrons: 1) its
functionality is higher than the one for other perceptrons;
2) its training is simpler; 3) it implements those mappings
that are be described by multiple-valued threshold
finctions. A traditional multi-layer feed forward learning

architecturs { often referred as a “multilayer perceptron”
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- MLP) and the propagation-leaming algorithm for it are
well known. A mulilayer architecture of the network with
a feed forward dataflow through nodes that requires full
connection between consecutive layers and an idea of a
propagation leamning algorithm was proposed in [3] by
D. E. Rumelhart and J. L. McClelland. It is well known
fact that multi layer function is based traditionally on
the perceptrons with a sigmoid activation function [4].
multi layer function learning is based on the algorithm
of error propagation. The error is béing sequentially
distributed from the “rightmost” layers to the “leftmost”
ones. A crucial point of the propagation is that the error
of each perceptron of the network is proportional to the
derivative of the activation function [3],[4]. A multilayer
feed forward learning architecture based on multi valued
perceptrons has been recently proposed in [5],[6]. This
architecture has at least two principal advantages in
comparison with an MLF: derivative-free learning and
higher functionality, i.c. an multi value approach with
the smaller number of perceptrons outperforms an MLF

with the larger number of perceptrons [51,[6].

As it is mentioned above for the single percepiron, the
differentiability of the Multi valued network activation
function is not required for its learning. Since the Multi
valued network learning is reduced to the movement
along the unit circle, the correction of weights is
completely determined by the perceptron’s error. The
similar property holds not only for a single Multi valued
network, but for any Multi valued network -based
architecture. Multi valued network is a multilayer
learning architecture with standard feed forward
architecture, where the outputs of perceptrons from the
preceding layer are connected with the corresponding
inputs of perceptrons frbm the following layer. The
architecture contains one input layer, m-1 hidden layers

and one output layer. Let us use here the following
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notations. Let T__ be a desired output of the s® perceptron
from the m® (cutput) layer; be an actual output of the k™
perceptron from the m™ {output) layer. Then the global
error of the architecture taken from the k" perceptron of

the m™ (output) layer is calculated as follows:

The Mulii valued network learning algorithm is derived
from the consideration that the global error of the
architecture expressed in termns of the mean squared error
(MSE) is minimized. The square error functional for the

1 pattern Xr=(x", ...... , X)) is as follows:

5= Xo(&m)” (W)

where & is a global error of the s" perceptron of the
m" (output) layer, E is a square error of the architecture
for the r* pattern, and W denotes all the weighting vectors
of all the perceptrons of the architecture, It is fundamental
that the error depends not onty on the weights of the
perceptrons from the output layer but on all perceptrons
of the architecture. The mean square error finctional for
the architecture is defined as follows:

E= = .‘?_1 E

N 7
where E is a mean square error of the whole architecture

and N is a total number of patierns in the training set.

The propagation of the global errors & ., through the
architecture is used (from the m® (output) layer to the
m-1* one, from the m-1* one to the m-2" one, ..., from
the 2™ one to the 1% one) in order to express the error of
each perceptron , 551, N =7 P , m, by means of the

global errors & of the entire architecture.

Following the propagation learning algorithm for the
Multi valued network proposed in [51,[6], the errors of

all the perceptrons from Multi valued network are
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determined by the globat errors of the architecture. The
Multi valued network learning is based on the
minimization of the error function. Let us use the
following notations. Let be the weight corresponding to
the i input of the s perceptron (s® perceptron of the j*
level), Y, be the actual output of the i" perceptron from
the j* layer (j‘zl,...,m), and N, be the number of the
perceptrons in the j* layer. It means that the perceptrons
from the j+1st layer have exactly N;inputs. Let 1., n

be the architecture inputs.

The global errors of the entire architecture are
determined. We have to distinguish the global error of
the architecture from the local errors of the particular
output layer percegtrons. It is important to remember that
the global ertor of the architecture consists not only of
the output perceptrons errors, but of the local errors of
the output perceptrons and hidden perceptrons. It implies
that in order to obtain the loca! ervors for all perceptrons,
the global emor must be shared among these perceptrons,
The weights for all perceptrons of the architecture are

corrected after calculation of the errors.
V. SiIMULATION

As it was mentioned above, the genetic code can be
considered as the mapping between the four-letter
alphabet of the nucleic acids (DNA) and the 20-letter
alphabet of the amino acids (proteins), In other words,
the genetic code can be considered as a partially defined
multiple-valued fonction of 20-valued logic, which is
defined in earlier section. Now we have to build a one-
to-one correspondence among the 20 amino acids and
the 20" roots of unity and among the 4 nucleic acids and
the 4" roots of unity, respectively. It should be mentioned
that a set of the 4™ roots of unity is a subset of a set of
the 20" roots of unity. As it is well known [11] there are

two complementary pairs among 4 nucleic acids (A-T
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and C-G, which means that in two spirals DNA A always
bonds only with T and C always bonds only with G). So
it would be general practice to locate A, T and C, G in
the unit circle in such a way that the complemerntary
nucleic acids will be quite the contrary to cach other.
Without loss of generality, let us locate them starting from
the real 1 with a step 1/2 as follows: A, G, T, C. So A, T
and, respectively, G C are almost exactly the contrary to
cach other. Table 2 contains all 20 amino acids and their
codons. It would be natural and reasonable to distribute
the 20 amino acids along the unit circle in such a way
that each value of function will be placed as close as it is
possible to the corresponding values of the function
arguments. Since the nucleic acid A is located at the “real
1” then it is natural to locate the amino acid K at the
same point. The same approach leads us to the one-to-
one correspondence among the 20 amino acids and a set
of the 20% roots of unity. On the other hand, it is possible
to distribute the amino acids among the 20" roots of unity
randomly (buﬁ preserving the distribution of the nucleic
acids).
Table 2 Amino acids, their single letter codes and

their corresponding DNA codens. [15]

Atninto Actd Code DNA Codolis
Isolewcing I ATT, ATC. ATA
A£uLine L CJT, CiC, CTA. CTG, TTA, TTG
Vahne v GTT, GIC, GTA, GIG
Phenylalapine F TiT. TTC
Methigning, M ATG
Cysteas £ TGT, TGC
Alapine A GCT, GCC, GCA, GCG
Glycine G GGT, GEGC, GGA, B6GG
Proling. P CCT, CCC. CCA, OCG
Threoning T ACT, ACC, ACA, ACG
Serine 3 TCT. TCC, TCA, TCG, AGT, AGC
Tyrosine Y TAT, TAC
Tryptophan W TGG
Glutamine Q CAA.CAG
ATz g N AAT. AAC
Histidine X CAT, CAC
Glutamic acid E GaA, GAG
Aspartic acid D GAT, GAC
Lysine K AAA AAG
Argining R CGT. CGE, CGA, CGG. AGA, AGG
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Figure 1. Dimensional observation v/s computation
time slot
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Figure 2. System performance v/s time plot
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Figure 3. Number of iteration v/s convergence plot
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Figure 4. classification rate v/s data processing plot

VI. ConcLusioN

A multi-vaiued logic is developed for the efficient
processing of codon sequence estimation for genomic
signal processing. The suggested approach is developed
with the objective of reducing the total computation time
based on multi-valued search logic. The updated
perceptron for high convergence is developed with the
updation of the perceptron modification of updating node
with multi level driving function for codon searching.
The searching objective of a codon sequence from a large
data set is a typical task in GSP as the probable sequence
may reach to a very high count in the designed system. It
is observed from the iﬁlplementation that a Genomic
processor with single value logic is less efficient than

the proposed multi-valued processing system.
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