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1 Introduction

Stochastic gradient descent is a very popular and common algorithm used in various machine
learning algorithms, the most important being the basis of Neural Networks (NN). Gradient
descent is a method of finding a local extremum (minimum or maximum) of a function by moving
along the gradient. Dropout [25] works by switching off neurons in a network during training to
force the remaining neurons to take on the load of the missing neurons. This is typically done
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randomly with a certain percentage of neurons per layer being switched off. To find the average
weight of each neuron, we use avgr and avgy is the average weight input of a neuron on the k-th
layer and Wi is the matrix of the weight for the current iteration i before beginning the training
and 7 is the number of neurons in the k-th layer.

n
1 .
avgi = (WD
=1

In the present work, we use the apparatus of intuitionistic fuzzy sets, defined by Atanassov [1,
2] in 1983 as an extension of the theory of fuzzy sets created by L. Zadeh [28].
Let E be a fixed set. The set A* is called intuitionistic fuzzy set if there is:

A={(x pa(x), va(x)) | x € E}, ey

where functions ya: E — [0; 1] and va: E — [0; 1], set respectively the degree of membership
and non-membership of the elements x € E to the set 4, which is a subset of £ and for each
xe E:

0<ualx)+valx) < 1.

The function 74 that sets the degree of uncertainty of the membership of the elements x € E to

the set 4 is determined by the formula:
ma(x) =1 — pa(x) + va(x)

In the case of a fuzzy set m4(x) = 0, for each x € E.

The comparison between the elements of any two Intuitionistic fuzzy sets, say A and B,
involves a double comparison between the degree of membership and non-membership of the
respective elements to the two networks.

In intuitionistic fuzzy logic (IFL) [4, 6], the degree of membership and non-membership can
be noted as:

m n
Ha(x) = I va(x) = "

where m is the lower boundary of the “narrow” range; u — the upper boundary of the “broad”

range; n — the upper boundary of the “narrow” range.

1.1 Generalized nets

Generalized nets (GNs) [3, 5, 7] are defined in a way that is principally different from the ways
of defining the other types of Petri nets. During the time GN have become a tool for modelling
parallel operating systems. Models for neural networks [8, 9] and data mining methods [11-14]
have been developed.

The first basic difference between GNs and ordinary Petri nets is the “place — transition”
relation. Here the transitions are objects of a more complex nature. A transition may contain m
input places and n output places where m, n > 1.

Formally, every transition is described by a seven-tuple (Fig. 1):

Z=(L,L" t,t2,r, M, 1),
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where:

(a) L and L” are finite, non-empty sets of places (the transition's input and output places,

L={10,.10)},

r
—O

O_.
O—r O

Figure 1. A GN-transition

respectively). For the transition in Fig. 1 these are

L// = { ll”,lg,...,l; };

(b) t1 is the current time-moment of the transition’s firing;

(c) 12 1is the current value of the duration of its active state;

(d) ris the condition of the transition to determine which tokens will pass (or transfer) from the
inputs to the outputs of the transition; it has the form of an Index Matrix:

(e)

()

A e
A
: Tij
r= ll, . .
) (rij — predicate)
: (1<i<m,1<j<n)
ll

ri; is the predicate that corresponds to the i-th input and j-th output place. When its truth
value is “true”, a token from the i-th input place transfers to the j-th output place; otherwise,

this is not possible;

M is an IM of capacities of transition’s arcs:

I B A
I
: i
M= ! (mi; = 0 — natural number)
A (1<i<m,1<j<n)
l/

] is an object of a form similar to a Boolean expression. It may contain as variables the
symbols that serve as labels for a transition’s input places, and [ is an expression built up
from variables and the Boolean connectives A and v and the semantics of which is defined

as follows:
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A (lil iy el ) — every place (li1 iy el ) must contain at least one token,
v (l,-1 iy e by ) — there must be at least one token in all places (li] Ny — ),
where {l,-l N

“true”, the transition can become active, otherwise it cannot.

iy s i, } c L’. When the value of a type (calculated as a Boolean expression) is

2 Generalized net model

7 Vs Z3 Zy 7 Zs
\V4 \Y4 \Y4 \V4 \Y4 \V4
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Figure 2. A Generalized net model of the Stochastic Gradient Descent
and Dropout Algorithm with intuitionistic fuzzy evaluations

The following tokens stay in the generalized net.
e In place S¢ — one oG token with characteristic “Random number generator” for
generalizing weight coefficients.
¢ In each place Sr one ¢; token, 1 <i <k, with the characteristic “Transfer of a function
from the i-th layer to the neural network™.
¢ In place ST — one & token with characteristic “Learning objective for neural network
output”.
¢ In place Sez — one ; token with characteristic ‘“Pre-fixed error in neural network
training”.
The generalized net includes the following set of seven transitions:
A=1{Z1, 21,723, 24, Z5, Zs, 27},
where the following events take place:

e 7 - generalizing random vector for values of the weight matrix W;
e 7, — calculating the avgx;
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® 73— calculating the gradient;
e 74— calculating the outputs ax = Fx(nx) from the k-th layer;
e 7Zs—determining the difference between the received value (So) and the fixed learning
target and the least-square error between them;
® Zs— determining whether the artificial neural network (ANN) has been learnt or not;
e 77— calculating the new weight coefficients.
Each of the seven transitions is described below in detail.

Transition Z; has the following form:

Z1 ={{Sen, Sc}, {Sw, SG}, R1, V(Sen, S6)),
where:
| Sw S
R= S, | false true’

S, | Wow true

and Wgw = “Random vector is generated”.
At place Sw the token obtains the characteristic “weight coefficient W”.

Transition Z; has the following form:
Zr = {{Sw, Snw, Spw}, {Sp, Srz Spw}, R2, V(A(Sw, Snw), Spw),

where:
| Sp Srz Spw
Sw | false  false  true,
K= S | false  false  true
Sow | Wown Wowp true
and

e  Wpw,p = “the calculated averages values for W are retained to obtain the outputs from the
layers”,
e Wpwrz = “the calculated averages values for W receive an intuitionistic fuzzy estimate
and are preserved”.
At place Sp the token obtains the characteristic “average value”.

Transition Z3 has the following form:

Z3={{Sp, Saw}, {Sa, Saw}, R2, V(A(SD), Saw),

where:
| S Saw
R = S, false true,
} S | Wawa true

and Wawa = “the calculated averages for W are retained to obtain the outputs from the layers”.
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At place Sa the token obtains the characteristic “Output of the NN with input DN and weight
coefficient W”.

Transition Z4 has the following form:

Zy={{Sa, Sk, Sow}, {So, Sow}, Ra, V(A(Sa, SF), Sow)),

where:
| So Sow
S, | false true

S, | false true

Sow | Wowo true

R,=

and Wow,0 = “The neural layer’s output is calculated”.

At place So the token obtains the characteristic “Output of the NN with input AN, weight
coefficient W and transfer functions F”.

Transition Zs has the following form:

Zs ={{So, St}, {SE}, Rs, A(So, S1)),
where:

At place Sk the token obtains the characteristic “The value of the least square error in the
network’s learning”.

Transition Zg has the following form:

Zo = {{SE, Sez, Sar}, {Sni, S1, Sar}, Re, A(SE, Skz, Sar)),

where:
| Sni Sy SaL
R S, | false false true,
6 =
S, | false false true
SAL WAL,NL WAL,L frue
and

o  Wazne = “The NN is not learnt enough”,

® Wy, =“The NN is learnt”.
At place Sn. the token obtains the characteristic: “The value of the received error for
recalculating the weight coefficients”.

Transition Z7 has the following form:
Z7 = {{Sn, Sanw}, {Snw, Sanw}, R7, A(SNL, Sanw)),

where:
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| Snw S aww
R, = St false  true

S W Wovwaw  true

and

Wanw,nw = “Waary is calculated with the previous values of W, from the archives”.
- total number of neurons — ¢;
- number of set values for all neurons in layers — s;
- number of total values of neurons in the layer — n;
- number of neurons whose value is greater than the average value for the layer — m;
- number of neurons whose value is less than the average value for the layer — f.
Initially, we calculate the average value for the layer,

i=p

Savg = pikZ{:lli Wij-
j=

We obtain Sy, gneg, in case when Sg,, > Wi, we obtain the degree of membership having
the following form:

_ Savgneg
l»llayer - n .

We obtain Sgy,gp0s, in case when Sg,,y < W;;, we obtain the degree of non-membership
having the following form:

_ S avgpos

Vlayer - n .

We obtain Sgygequar, in case when S5 = W;j, we obtain the uncertainty:

_ Savgequal
nlayer - n .

The following new values can be obtained:
Vstrongﬁ()pt = <,UA1(X) + ,UA2()C) + ,UAS()C) + ... +,Lln(X)
— par(ua2(x) —par(uaz(x) — pa2(pa3x) — ... — fan-1(X)UAn(X)
+ oo+ At (O AU A3(X). . (X)), va1(x)va2(x)vaz(x)...va(x))

Vopr = (max(ua1(x)ua2(x)pas(x). . pn(x)), min(vai(x)vaz(x)vaz(x)...va(x)))
Vavg = ((a1(x) + pa2(x) + paz(x) + ... + un(x)) /n, (var(x) + vaz(x) + vaz(x) + ... + va(x)) / n)

Vpes = (min(uai (X)pa2(x)ua3(x). . .4n(x)), max(vai(x)vaz(x)vaz(x)...va(x)))

Visirong_pes = (Ua1(O)ua2(x)ua3(x).. un(x), vai(x) + var(x) + vaz(x) + ... + va(x)

—va1(x)vaz(x) —var(x)vas(x) — va2(x)vaz(x) — ... — Van-1(xX)van(x)
+ ..o+ var(x)va(x)vaz(x). .. va(x)).
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3 Conclusions

A new generalized net model, simulation of the neural network learning process combining the

Dropout Method and Stochastic Gradient Descent are considered. The model makes it possible

to consider the different stages in the training of the neural network. An estimation with

intuitionistic fuzzy sets is used. The intuitionistic fuzzy evaluations reflect the results of the

system. A degree of uncertainty is also considered in case of insufficient information. A

generalized net model is used to describe the whole process.
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