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Abstract. The algorithm of the multilayer feed-forward neural network learning is developed. The algorithm realizes
an error back-propagation idea. The particularity of the algorithm is its multidimensional-matrix form, which provides its
theoretical and algorithmic generality. The program realization of the algorithm is performed as the function of Matlab pro-
gramming language. In spite of the multidimensional-matrix form of the algorithm, this function is defined fully by the usual
matrices. The validity of the algorithm is confirmed by the computer simulation of different approximation problems includ-
ing the problem of pattern recognition.
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B. C. Myxa

benopyccxuil ecocyoapemeennulii yHugepcumem uHGOpMamuxy u paouodieKmpoHuKiL,
Mumnck, Pecnyonuxa berapyce

AJITOPUTM OBYUEHM I MHOI'OCJIOMHOM HEMPOHHOM CETH
MPSIMOI'O PACIPOCTPAHEHU 51

AnHoTamus. Pa3zpaboTan anropuTm oOyYeHUsI MHOTOCIOWHOW HEHpPOHHOI ceTw mpsiMoro pacrpoctpaHenus (feed-
forward neural network), KOTOpBIH peaau3yeT U0 TaK Ha3bIBAEMOT0 METO/a 0OPATHOTO PacIpOCTPaHEHUs OMINOOK (error
back-propagation). OCoG€HHOCTBIO aJNTOPUTMa SIBISIETCSI €r0 MHOTOMEpHO-MaTpu4Has ¢popma, obecrieunBaromas emy Te-
OPETUYECKYI0 U aJIFOPUTMUYECKYI0 OOLIHOCTb. BhINONIHEHA NPOrpaMMHas peajau3alys ajJropuTMa Kak (YHKIMM s3bIKa
nporpammuposanus Matlab. HecMOTpsi Ha MHOrOMEpHO-MaTPUUHYO (OPMY alrOpUTMa, 3Ta QPYHKIUS MOJTHOCTHIO ONpe/e-
nseTcs oOBIYHBIMU MaTpHIaMi. KoppekTHOCT anropuTMa MOATBEP:KEHA KOMIIBIOTEPHBIM MOJEINPOBAaHUEM Ha TIPHMEpe
Pa3TMYHBIX 33a]a4 allIPOKCUMAIINH, BKIIIOYAs 3a7a1y paclo3HaBaHUs 00pa30B.

KuloueBble ci10Ba: HEHpOHHAs CETh MPSIMOTO PACIpPOCTPAHEHHs, OOpAaTHOE PacIpOCTPAaHEHHE OMIMOKH, TIyOOoKoe
o0ydeHune

Jas nutupoBanus. Myxa, B. C. Anroputm 00y4eHHsI MHOTOCIIOHHONW HEHPOHHOIT ceTn MpsSMOro pacnpocTpaHeHus /
B. C. Myxa // Becui Hanprsinansnait akagpmii HaByk benapyci. Cepbist ¢izika-MaTaMaThI9HBIX HaByK. — 2026. — T. 62, Ne 2. —
C. 149-163. https://doi.org/10.29235/1561-2430-2026-62-2-149-163

Introduction. Nowadays, neural networks increasingly being used to solve various problems instead
of traditional mathematical methods. A certain euphoria is observed in the popular literature especially
in the student environment about the advantages of artificial neural networks compared with the tradi-
tional methods (see, for example, [1]). It is explained by the apparent simplicity of the use of artificial
neural network: let us choose the features, collect the training set and the artificial neural network will
achieve everything else. On the other hand, there are some works in which a real comparative analysis
of classical methods and artificial neural networks is performed for solving the specific problems [2—5].
The main difficulty on this path is the development of learning algorithm of the artificial neural network.
Therefore, ready-made software products which contain learning algorithms of the artificial neural net-
works are usually used. However, it is advisable to have clear and easy for programming algorithms of
the artificial neural networks learning for the expanding of arsenal of typical solutions in the field of
artificial neural networks.
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Fig. 1. The separate layer of the artificial neural network

The most popular method for the artificial neural networks learning is so called error back-propa-
gation method [6; 7]. There are numerous descriptions of this method, but all of them are not brought to
a strict algorithm suitable for error-free programming. In this paper, the solution of this problem is giv-
en. The developing algorithm bases on the idea of error back-propagation method but this terminology
is not used since the algorithm does not contain any error propagation in the literal sense. By author’s
understanding, it is the gradient method for finding the minimum of the loss function with a specific but
natural way to calculate the gradient for this task.

It was required to involve the multidimensional-matrix mathematical approach for developing the al-
gorithm.

1. Theoretical part.

The separate layer of the artificial neural network has the form represented in Fig. 1.

InFigure 1, 7™V :(ZI(H),zg*l),,,,,zgill)) is the input vector of the /-th layer, 7 () = (vl(l),vgl),...,vg))

is the output vector of the affine transformation of the /-th layer, () = (zl(l),zél),...,zg)) is the output

vector of the activation function f(l) of the /-th layer, w? =(wl(lj) , 1=L2,..,81, j=L2,...,811,
is (s; x s,.)-matrix of the weigth coefficients of the linear transformatin of the /-th layer,

p® = (bl(l ) ,b(l ) ,...,bs(f)) is the bias vector of the /-th layer.
Such a layer is described mathematically by the following expression:
70 Z FO G0 (1)
where

7O 2Oz L 5O, )

f(l) :(fl(l),fz(l),...,fs(ll)) is the vector function which maps the vector y® :(vl(l),vg),...,vg)) to

the vector 7 = (zl(l ),zgl),...,zg )). This function represents the set of independent scalar functions of

the scalar variables, i. e. z,-(l) =fl-(l) (vl-(l)), i=1,2,..s;. We will call two numbers (s, ;,s,) the size of
the /-th layer.

Let us note that we will use the multidimensional-matrix notation [8], so the product whzD 4
expression (2) is understood as (0,1)-rolled for the simplicity of notations. All products in this paper giv-
en below should be understood as (0,1)-rolled if it is not pointed separately.

The multilayer artificial feed-forward neural network is the consecutive connection of the separate
layers. The number of layers of the multilayer artificial neural network we will denote L, and variable /
in the previous expressions takes values /=1,2,...,L. Three-layer (L = 3) artificial neural network is
shown in Fig. 2. The general expressions describing the artificial neural network with arbitrary number
of layers L can be obtained on the example of three-layer neural network.

Since

AOS f(l)(v(l)) _ f(l)(w(l))—c + b(l)),
7 _ ]7(2) (‘7(2)) _ j_r(Z) (W(Z)E(l) + b(2))’ 3)
S j7(3)(\7(3)) — J_r(3)(w(3)§(2) + b(S)),
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Fig. 2. Three-layer artificial neural network

then three-layer neural network is described by the following expression:
O _ 70 (W(z) (;m (W(2> (f(l)(w(”?c+b(”)) +b(2)))+b(3) )

The following general formula is valid for L-layer artificial neural network instead of formula (3):

zO = fOEOY = FOOZED L pDy =12, L, @)

where 2@ =%, 7O =wOzD 1 pO =12, L.

Learning of the artificial neural network consists of the selection of weight matrices wh , w? yeees wl
and bias vectors 5D 5®  p @D providing the best performance of its functions by the neural net-
work. The learning set (the training set) contains learning pairs (X;,y%), k=1,2,...,n, where Xxj is
the input vector of the artificial neural network and Y is the required output vector (the target vector) of
the artificial neural network corresponding to the input vector xj, # is the size of the training set. The
loss function C is introduced to the neural network learning, which depends in general case on the set

¥ ={J71,72,.... 7a} of the target vectors 7, and the set ") = (35“,32“),...,2,5”) of the output vectors

L)

E,EL) of the neural network: C = C():/,?(L)). For instance, it is possible to use the quadratic loss function
n 0.1 2
’ _— L —
k=1

We use the notation of (0,1)-rolled square of the matrix in expression (5) (in this case (0,1)-rolled
square of the vector). For the task of the pattern recognition, y; is the number of the pattern corre-

sponding to the input vector xj , and E,EL) is the scalar (s; = 1) on the output of the neural network.
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The proposed neural network learning algorithm supposes the calculation of the derivatives of
the loss function on vector and matrix arguments. Since such a differentiation and the differentiation
of the superposition are not defined in classical vector-matrix mathematical approach we use a multidi-
mensional-matrix differentiation theory [8]. This is the main reason to use the multidimensional-matrix
mathematical approach in this paper.

We have the following derivatives for the neural network in Fig. 2:

oc _ oc dz oc dzl) v

62,52) - 82,53) dE,Ez) - 62,53) d\7k(3) (Elgz) >

oc oc dzf) @z oc azf) v dz? v?

(fk(l) _82,53) dZ/gz) dfk(l) - 6?,53) d\7k(3) azk(z) dvk(z) aEk(l) >

oc oc @z azl? az"  oc &z vl azP v az" ov"

0 &0 E® D & =7 v EP av® ED v oy

Since

10
Vi __ 0 (wOZ0D 5 ) =,
aE/gl_l) (Elgl—l)

Then, instead of previous expressions we have the derivatives

5O
6C 6C Zk W(3)

2) 3 3
az? &l e

b

oc  oC dz0) 5 dz?
D —0 ~&" "
5515 0z, dvy dvy

b

oc _oc _ oC a7l &5 o dE )

= = w w
&z o &P P v

Let us denote the derivative as follows:
oC

=@czMy, 1=12,..,L.
az )

We get for three-layer neural network

dz
2)y _ 3) k (3)
(0Cz) =(0Cz )k—dv“) wh,

k
(3) (2) (2)
I ocC dz, 3) 42, 2 2\ 9, 2
(5CE( ))k =5 k(3) w® k(2) w® :(aCZ—( ))k k(z) w' )’
aEk dvk d‘jk d‘jk

=0
(0Cz ) = (@Cz V) s,
dvk

The following general recurrent formula is valid for L-layer neural network:

@czy, =ociazP,

Pral) ©)
@Cz" My =@z Dy —Lw®, 1=L,0-1,..2,1, k=12,...n.
av )
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We have the following derivative for the quadratic loss function (5):
0,1
@czVy =oc/az® =2 (z,g“ —yk), k=1,2,..n. 7

We have to know the derivatives of the loss function C=C(El(3),22(3),...,E,?),)_zljz,...,)_/n) on

the weight matrices. They are defined by the following expressions:

oc _x oc dzp) vl O, az3 v

w®  GED & owd kz::l(8 dv® ow FYER ®
oC _u oC d2 P _p o) 0 T 0
ow®  ZeEz® av® ow?® _kzl( & dv® ow®’ ©

oc _ g oc dz) v » ), az" vV 10
ow®d ] aflgl) d‘jk(l) aw(l) (1) ow®’

where (8Cz ), (06Cz®);, (@CzV); are calculated by formulae (6). It is possible to write for
the derivatives (8), (9), (10), denoted as 6Cw'”, the general formula

d—() oD
ocw(® = ac z(ac*(”)k Yk 12,0, k=12,.m,
a0 ow®
or
o0w® =_9€_ _ 3 605Dy, (g5 Dy /- =
=5 Z( Cz D) ( Ye, 1=12,.,L, k=12,..n, )
where the notation is introduced
=D o7
@&Dw (l))k_d_(” 8;(1), 1=1,2,.,L, k=1,2,...n. (12)

Let us note that (62 Pw"); is three-dimensional (s, % s; % 5, )-matrix.
It is necessary to know the derivatives df,fl) / dv,f” and (Wk(l) /ow'" to calculate the expressions
@ Pwy (12
At first, let us find the derivative df(l) / dV(l). Sincez") = (z(l),z(l) yene (l) ) andv = (v(l) vgl) Y v )

51
are vectors, then z @) = f(l)(v (l)) is the vector function f(l)(v (l)) (f(l)(v(l)) f(l)(v(l)) fs(ll)(v(l)))
moreover, this function is such, that each coordinate v( ) is transformed into coordinate z( ) by the cor-
responding coordinate activation function z,-(l) = fi(l)(v,-(l)). If the coordinate activation functions are
the same, i. e. fl(l)(v(l)) =f2(l) (v(l))z...zfg(/)(v(l)) =f(l)(v(l)), then Z,-(l) =f(l)(v,-(l)). The derivative
dz, ,51) / d\7k(l) denoted as (dz Vv ), is defined in such a case as the following diagonal (s, x s))-matrix:

dz) diae| X0V o
ﬂ)—@r(” vy =@z v = (fd( (,)) s hj=12, (13)

where s, is the length of the output vector of the activation function f(l ) of the /-th layer. In particular, if
the activation function has the form

1
f("i(l)): 1+exp(—v,-(l))

(logistic activation function) then the derivative is defined by the expression
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PO -0

so that
dz’ Tk __ (@705 D)y (d—(l)—.(l)) _di f( m) 1—f( (z)) —12
(1) k=\dz Vi P 1ag V; v; 5 1=1,2,...,8;

Let us find now the derivative (6vw®); = 8\7,51) /ow. Since 17151 ) = w(Z)EIEH) +b D then we
obtain by the rule of product differentiation [§]

Hy

0,1
g B 0,1
@) (-1
o) = - 8(1) ()(W(I)E(H) G ) _ (dw J Z(-1) + ( o dz J
W

dw® O]

0.1 Hy o,
= ((B0.2)2200) 7 = (B2 )"

where £(0,2) is (0,2)-identity matrix with the respective order and B,, H, are the transpose substitutions
of the type “forward” and “back” respectively [8]. Since

0,1 T
0= (E(O,Z)Z(l 1)) Zel]k] (l D - zel ke]]Z _(quk) (esz(l 1))

0,0 (E1,B2,1)
- (E(O,I)E(H)) o

b

then
— () 0,0 —(I-1) (E1:B2,1) 2 0,0 —(I-1) (Bz,l,El)
o) = (E(O,l)z ) = (E(O,l)z ) =
0,0 0,0
= (B E)) =T (Eo,nz ),

where £(0,1) is (0,1)-identity matrix with the respective order; Ey, B, ; are the transpose substitutions of
the type “identical” and “forward” respectively [8]; e; are the elements of matrix E(0,2); e, ; are
the elements of matrix £(0,1) [8]. As a result, we obtain

ij.kj'

()]

0,0 B z when i = j
(a‘j(l)w(l))k - E(O,I)E(l Y] e Z(l )] av(l)w(l)l,’ m) = m.k ,  (14)
( g ) ( ’ ) ( ’ )k 0 otherwise

1=1,2,..,L, i,j=12,..,8;7, m=12,...,811, k=12,..,n

Let us note that (65(1 )w(l)) k= 65,51) /ow® (14) is three-dimensional (s; X s, X s, ;)-matrix. If / = 1
then z(° i =Xmi, m=12,..,50, in formula (14) (for the first layer).
Analogously, we get the derivatives of the loss function C=C ( ¥z ),...,E,f})) on the bias vec-

tors ! of the layers:

oc o oc &P wD a O azd v
NOR O =0 w0~ 20— =g
oab® Sl v a® G av® ob

dz?® 87(2) n &z ov (2)
e WL B G LM TS
ab() :5_()61_()517() ] ()ab()

M:
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nooC dzl) v & az\" ov"
Z 0 o g0~ 2O e
10z, dv,’ 0b k=1 dv,’ ob

ob <1>

Let us write the general formula for these derivatives denoted as och !

_ d_() v ®
och O = _——z(a cz0y, Ek_ Tk 10 L k=12,..n,
ob ) (1) ob 7. ()
or
acz?m—ai_(,)—Z(ac<’))k(a—<’)b(1))k [=1,2,..,L, k=12,...n, (15)

where the following notation is introduced:
iz o7
de(l) ob "

@EDEDY, =

Since ov” /ab'") = £(0,1), where E(0,1) is (0,1)-identical s,-th order matrix, then formula (15) is
simplified to the following form:

dz

(a—(l)b(l)) W (16)

2. Learning algorithm of the neural network. Let us formulate the learning algorithm of the mul-
tilayer artificial feed-forward neural network obtained on the base of the results above.

Setting the arbitrary initial values of the parameters w w owiB, B b, bsP, of
the neural network, m is the number of the learning iteration.

1. Performing the operations of points 2—8 of the algorithm below for each input action Xy,
k=12,...,n, of the training set with the memorization of their results.

2. Calculation of the outputs z( ) I=1,2,...,L, of the layers by the forward motion with the use of
formulae (4):

70=%, =70 (F")=7O(whZI), 1=12,..L

d'— )
3. Calculation of the derivatives (dz Vv ("), = v —0 [=1,2,...,L, by the formulae (13):

@z Dy Dy, = j_g; (dz(” (”) =diag(f(v,.(’>)(1 f( <’)))) i=1,2,51, 1=1,2,..,L.

They are two-dimensional (s, X s5))-matrices.
—(1)

ov
4. Calculation of the derivatives (6\7(1)w(1)) k= o (1) , 1=12,...,L, by the formulae (14):

_ 0,0 —(]— Z(H) ati=j
@O0 =" (EO D) =(er 28 ”)k=(8v,»‘”w5{2n)=H " a

0 otherwise

1=1,2,.,L, i j=Lls;, m=Ls_.

They are three-dimensional (s; x s; X s, ;)-matrices.

oz
5. Calculation of the derivatives (0z (l)w(l))k = —k(l) by the formulae (12):
ow
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) A5
dz,’ ovy

@ W =5t
v ow®

I=12,..,L.

They are three-dimensional (s; X s, X 5, ;)-matrices.

6. Calculation of the derivatives (0Cz a )) k= ;f;) , 1=1,2,...,L, by the form of the loss function (5)
z
and by formulae (6), (7): k
@czy, =ociazP,
Peal
0Cz "y, = (acz D)y, Z—k(l)w(”, [=L,L-1,..2, k=12,..n,
dvk
oC —(L) =
0z =—75 =2(7" -5 ).
6215 ) ( )

They are vectors with s, components.

7. Calculation of the components ocw) =aC / 6w(l), [=1,2,...,L, of the gradient VC by formu-
lae (11):
oC

n
ocw!) =——=3 @z @ Pw)y,  1=12,.,L

ow! - k=1

They are two-dimensional (s; X s, ;)-matrices.

8. Calculation of the components 6Ch D =p6c/op®, 1=1,2,...,L, of the gradient VC by formu-
lae (15), (16):

oc

7, (D —
oCh ™ = 0

Y @z @Y Dy,  1=1,2,...,L.
k=1

They are vectors with s, components. We get the gradient VC(W,B), W = {w(l),w(z),...,w(”},
B= {5(1),5(2),...,5(”}, as the result of points 7, 8. The loop for each input action X;, k=1,2,...,n, of
the training set and a single learning iteration are finished here.

9. Organisation of the search for the minimum of the loss function C(w(l),w(z),w@),l; (1),5 (2),5 (3))
by the gradient descent method: we find a new set of the parameters W, ,,, B, ,, by the formulae

Wm+1 = Wm - VC(WmaBm)a Bm+l = Bm _a'VC(WMaBm)a

where a is the step of the search.
10. If || W1 —Ww ll<& || Bm+1 —Bm||<e, €>0, then we go to point 11, otherwhise we replace

the matrices W&, wi2),...,w') with the obtained new matrices w,(,gl,w,(ﬁl,...,w;?l, replace the vectors

bV, b2, bE with the obtained new vectors 5 5 | 5 (L) and go to point 1.

m+1°> " m+1> Y m+1
11. We accept the sets of the matrices Wm+1:{w(1) w2 w(L)} and vectors B, ., =

m+1> "m0 W ml
= {b,ﬂl,bn&i}l,..., nﬁﬁ}} obtained in point 10 as the final parameters of the neural network and complete

the learning process.

3. On the pattern recognition by the learned neural network. The goal of the neural network in
the patterns recognition is to assign the integer number (number of pattern) to each pattern instance (to
each set of the features). Such a mapping is discontinuous. Since the neural network performs the contin-
uous mapping then the output variable of the neural network should be transformed for the recognition
to the integer number.

4. Computer modelling. The developed algorithm is realized programmatically in the program
complex Matlab as the single m-file-function. The quadratic loss function, linear activation function
for the last layer and logistic activation function for all other layers were chosen. The algorithm for
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three-layers neural network was checked in the tasks of the approximation of three-degree scalar poly-
nomial of two variables and the discriminant function for the gaussian patterns recognition with two
features. The following parameters of the neural network are used: sg =51 =52 =2, 53 =1. The algo-
rithm has shown its efficiency on these tasks. However, it was not possible to obtain the satisfactory
approximation of the polynomial by the neural network. At the same time, the problems typical for any
search system have been identified. They are the difficulty of choosing the search step size of the initial
values of the parameters, low convergence speed of the learning algorithm, and specific for the artificial
neural networks problems with choosing the number of layers, sizes of layers, activation functions [9].
5. Instance of recognition of four gaussian patterns. The recognition of 4 Gaussian patterns each
of them with 2 features is modelled. Two features are chosen only for the possibility of the graphical
illustration. Each pattern (class) is described by the mathematical expectation vector and covariance
matrix. The following mathematical expectations 4; and covariance matrices R;, i=1,2,3,4, are used:

o
A4=0 0), R= ,

0 1
Ay =(2.5 3.5) R—O'S 0
2T T g 05)
4=( 5 R_o.z 0
3 = ) 1= 0 055
A= D R_o.z 0
4 o 03)

As you can see, the patterns are distinct in both mathematical expectations and covariance matri-
ces and their features are not correlated. The patterns were assumed to be equally probable, i.e. with
the probabilities p; = 1/4.

50 realizations were modelled for learning and testing samples.

Three-layers neural network was used for the recognition. The sizes of the layers are defined as fol-
lows: sg =51 =5, =2, s3=1. Quadratic loss function (5), linear activation function for the last layer
and logistic activation function for all other layers apart the first one were chosen. The initial values of
the elements of the weight matrices w and the bias vectors b ) were chosen as random numbers from
normal distribution. Step a of the gradient method is equal to 0.0015. The minimal value of the loss func-
tion equal to 25.5 in 100 iterations and the increment of the loss function of the last two iterations equal
to 0.67823 were reached. The percentage of the correct recognition of each pattern on the testing set is
94, 92, 98, 78 and on the training set is 98, 90, 92, 86. Such recognition can be evaluated as quite well.

Graphical illustration related to the recognition of Gaussian patterns by the neural network is pre-
sented in Fig. 3-9.

6. Instance of the computer modelling of approximation of the polynomial by the neural net-
work. The approximation of scalar two-degree polynomial of two variables y = f{x,, x,) by the neural
network was modelled. Values of the polynomial on the grid 5 % 9 of variables (x,, x,) were used for
learning the neural network, i. e. 45 values. Three-layers neural network was used for the approxima-
tion. The sizes of the layers are defined as follows: sg =51 =5, =2, s3 =1. Quadratic loss function (5),
linear activation function for the last layer and logistic activation function for all other layers apart
the first one were chosen.

The initial values of the elements of the weight matrices w” and bias vectors b ) were chosen as
random numbers from normal distribution. Step a of the gradient method is equal to 0.0015. The mini-
mal value of the loss function equal to 295 in 1000 iterations with irregular nature of convergence was
reached.

The graphical illustration related to the approximation of scalar two-degree polynomial of two variables
by the neural network is presented in Fig. 10—12. The approximation in Fig. 12 can be evaluated as bad.
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Fig. 3. The training set for the recognition of four Gaussian patterns

Continuous approximation by the neural network

Fig. 4. Continuous approximation of the decision rule for recognition
of four Gaussian patterns by the neural network
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Contours by the continuous neural network

Fig. 5. Contours of the continuous approximation of the decision rule for recognition
of four Gaussian patterns by the neural network

Discrete approximation by the neural network
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Fig. 6. Discrete approximation of the decision rule for recognition
of four Gaussian patterns by the neural network
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Recognition by the neural network
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Fig. 7. Recognition of four Gaussian patterns by the neural network on the training set

Recognition by the neural network

-2

Fig. 8. Recognition of four Gaussian patterns by the neural network on the testing set
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Fig. 9. Graph of the loss function decreasing in the learning process of the neural network
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The approximated function

Fig. 10. Scalar two-degree polynomial of two variables subjected to the approximation by the neural network
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Graph of the loss function decreasing
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Fig. 11. Graph of the loss function decreasing in the learning process of the neural network

Approximation by the neural network

Fig. 12. Graph of the approximation of two-degree two-variables polynomial by the neural network

Conclusion. The main result of this work is the algorithm of the multilayer feed-forward neural net-
work learning. A distinctive feature of the algorithm is its multidimensional-matrix form which ensures
its applicability to neural networks with an arbitrary number of layers of an arbitrary size. In this sense,
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it is suitable for the deep learning of neural networks [11]. The algorithm was realized programmatically
in Matlab language as the single function. This program software confirmed its efficiency on the task of
the approximation of polynomial of many variables and discriminant functions in patterns recognition.
The program software is such that its multidimensional-matrix nature is not seen for the users since its
parameters are defined in a usual matrix form. The disadvantages of traditional search algorithms as
well as the specific advantages of the neural networks were exposed.
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