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Abstract
This paper presents an overview of Artificial Neural Network (ANN). The study of neurons
and its discrete representation by the set theory is the key objective of this paper. New data
structure technique is proposed in this paper by using the mechanism of (ANN). The finite
dimension of the field is generalized in this paper. The linear transformation and the
representation of the vector basis are applied to propose the said structure.
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INTRODUCTION

Akaike et al [1] presented an advancement and
an application of information theory to design
data interpretation technique in 1977. In 1993,
there are three research papers [2-3] are
published on physiological application. This
paper presents the medical data and its
transformation as the resultant of the survey of
[4-12] over the Jordon canonical form into the
artificial neural network as below;A function g
is defined on n-data of k-dimension of the
matrix A.A standard basis is presented as
below bythe function g over the K, field:

#: K" - K"
Let N be a set of neural network defined as :
N={nlny....,Nn}

Then , the function @ is defined as the linear
transformation by

@:N >N

Let the field be k. the finite dimensional vector
space N is defined over K.

Let, the polynomial be q defined as the
minimal polynomial over the @ — cyclic space.

Then,
q=n"+a_n""+...+a,eK n

Where , n is defined as the sequence of neural
network as;
n=(nl,nz....,Nm)

And r is defined as the dimension of the field k
as:
r=dimg N

Hence, N has an ordered basis V relative to
which the matrix of g defined by:

0 1. . .0
4= E
—Qp —a1=0r—1

The Representation
Then, the vector basis V is represented by;

[V =V,0{),8%W), ..., 8"t (V)]
Where, v eN .

This matrix is called a companion matrix of
the monic polynomial as ;

QeN[n]

JoAIRA (2020) 17-20 © STM Journals 2020. All Rights Reserved Page 17



An Overview of Artificial Neural Network and its Applications

Sharma and Kashyap

Such that;
g=n+ao

Then,
A=(-a)

By the neural network; Another neural
function is defined as;
P:N >N

This is a linear transformation of a finite
dimensional vector space N over a field K.

Then, N is a ¥ — cyclic space and y has a
minimal polynomial:
q=(n)"5
be K;

If and only if;dim « E =r and N has an ordered
basis relative to the function y over the

matrix B:

The Proposed Data Structure

This r x r matrix B is called the elementary
Jordan matrix associated with the neural
network function over the medical data M.

Thus;
(n—Db)"e k[n]
Such that;
r=1B=(b)
RxRx..xR
If, R, Rp, .. .. ... , Rnand C be modules over

the neural network set N;
N={ni,nz, .., Nn}

There is an identity.

Then a function;

f:R->R

Or
fiRy X.. . XR,—>C

Is referred as R — multilinear represented by;

F (b1, oo bj_y 7h + biyqy e by
:T'f (blr ""bi - 1'bi+1' ...... ,bn)
+ Sf (bll ey bi—l’ b ) bi+1’ CEEEET I bn)
Where;
BeR
And;
B = {bly b21 ,bn}
Let,
C=R,

Then, the new networks for b as;
B1,B>, ...,Bn
Represented by;
Bi=B,=..=B,=B

There are two linear neural network as b and N
defined as bilinear.

So, f:B" > N~
The symmetric is defined as;
F(be1, ..., Don ) =F (b1, ...., by)
Thereis the permutationo e N
The skew — symmetric is defined as;
F(be, .....ben ) = (sgn 6) f (by, ... .. ,bn)

The alternate network is defined with the
function;

Such that;
bl =by;i#]

The elements of N is defined as the elements
of matrix as;
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Then the matrix d is defined as;
d:B XB - R

By
[(a11,a12), (21, a22)] = a11012 = A12021

Generalizing as;
[(a11,a12, a13,(a31, A3z, Q33
= Q11012013031032033]

For n x n matrices also with the distance
determinant function f.

By slow — symmetric of the network with the
medical data over the determinant function is
defined by;

0 =Thusf (b1+ bz, b + bz)
=f (bl, b1)+f(b1+b2)+....ff(b2, bz)
=0+ff(by, bo) + (b bi)+0

Then,
(R")"=R"® ....66R"and
(B")"=B"® ... B"
Thus,
(RM™ - R
(B™)"™ - R

The efficient network is function with the R —
Multi linear and B — Multi Linear by the
followings;

F: (RM)" >R
And
F:(BH" >R
Such That;
F(unz,........ , Nm) =

Where(ny,nz, N3 . . ., Ny ) is referred as the
basis of the network N.

The error — corretor is set with the new set X;

X= { Xl,Xz, ooy Xn}

X-A
By

X1 > A

X, > A

Xn- A
The standard basis is;

{e1 e , en}
Then,
(G ,en) = 1,

Thus, the uniqueness of the network is
presented as;

X1,...... , Xn) € (RM"
And
[0, ST Xn)E(BM"
By Bilinear;
X1,...... Xn) € f: (RM" (BM"
So,
Xi = (ai]_, ...... am)
== Z?=1 aij€

By isomorphic property;

RY=f,R (X1, ... ..  X0)
And
BY=fR (X, .. .... %)
Then
(R™" > a;;
(BM™ - a;;

By multilinearity ;

F(x1,..... Xn)=f((x+a)* = Zyl Aiy1 € y1
1Zy2 A2 €y2,, o v - » Zyn Gnyn € yn)

= Z1'1 ij ------- Zjn aiyrazy2.......
anyn f (eyl, ..... eyn)

Hence,
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F(Nl, N2, ....... y Nm) = Zi=1 Zyzl aiyniy
This,

F(Xl, Xz P Xn ) = 0

F(Bl, Bz Y e e Bn ) = 0

F(Nl, Nz P Nn ) = 0

if (El, E, e En) =In

Hence

fiRy>Ry >N

CONCLUSION

This data structure comprises with the finite
mapping thus provides the semantic security.
The medical data contains the multilinearity
property thus by isomorphic mapping the data
transforms into information in multi-layer

basis.
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