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ADALINE ROBUST MULTISTEP TRAINING ALGORITHM

The article considers the multi-step ADALINE training algorithm when using the correntropy information criterion as a learning
criterion, determines the conditions for the convergence of the algorithm, and shows that in the steady state the resulting estimate
is unbiased. The importance of choosing the width of the Gaussian core, which affects the convergence rate of the estimation al-
gorithms and the error in the steady state, is noted, and the feasibility of developing procedures for adaptive correction of the core

width is indicated.
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Introduction

Adaptive linear element (ADALINE) was the first
linear neural network proposed by Widrow B. and
Hoff M., and became an alternative to the percep-
tron [1]. Subsequently, this element and its lear-
ning algorithm are being very commonly used in
problems of identification, control, filtering, etc.
The learning algorithm of Widrow — Hoff is the
Kaczmarz algorithm for solving systems of linear
algebraic equations [2]. Properties of this algorithm
dealt with the solution of the identification problem
is sufficiently described in [3]. In [4], regularized
Kaczmarz algorithm (Widrow-Hoff’s) was used for
training ADALINE in the task of estimating non
stationary parameters.

The Problem of ADALINE Learning

ADALINE shown in Figure, is described by the
equation:

Y1 = C*Txn+1 + &1 (D
where y, , — is the observed output signal;
X1 = (xl,n+1»xz,n+1»~-xN,n+1)T — vector of output
signals N x1;¢” =(c],c3,..cx)’ — is the vector of
desired parameters N x1, ¢ ; — is the obstacle;
n — is the discrete time.

The task of its learning consists in the definition
(estimation) of the vector of parameters ¢” and is re-
duced to minimize some of the chosen in advance
performance functional (identification criterion)

Fle]=2o(e), 2

where e, =y, — J,; 3, = ¢/, x, — is the output model
signal; ¢ — vector estimation ¢";p (e, )— some dif-
ferential Joss function satisfying the conditions:

p(e)=0;
p(0)=0;
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The learning objective is to search for estimate

¢ defined as the solution of an minimum extreme
problem

F(c)=min, 3)
or as solving equation system
OF(e) & ,, \Oe
—= e )—=0, 4

0 .
p(e’) is the function of

where p'(e))=—-%

influence. Ge;
If we introduce the weigh function w(e)=p'(e)/ e,

the system of equations (4) may be put as follo-

wing: o
n e.
Ne.—==0, 5
2oe ey 5)

while functional minimization (2) will be equiva-
lent to minimizing a weighted quadratic functio-
nal, most of ten seen in practice

minzn:oa (e)er. (6)

A quadratic functional the most widely used in
estimating the parameters uses the second order
statistics of the error signal and is quite optimal
in assuming linearity and Gauss nature of signals.
Indeed, when choosing p(e; )=0,5¢ the influence
function p'(e; )=e,, i.e. grows linearly with the in-
crease of e, that explains the volatility of the least

squares method valuation to outliers and distor-
tions with big distribution “tails”.

Stable M-estimation is also estimation , defined
as solving an extremal problem (3) or solving a sys-
tem of equations (4), however loss function p(e;)
is chosen as different from the quadratic one.

There are quite a number of functionals that
provide the robust M-estimates but the most com-
mon are combined functionals proposed by Hu-
ber [5] and Hampel [6] consisting of quadratic,
that ensures optimal estimates for the Gaussian
distribution, and modular, that allows to get an
estimate that is more robust to distributions with
heavy "tails" (outliers). However, the effectiveness
of the resulting robust estimations depends signifi-
cantly on many parameters used in these criteria
and chosen depending on the experience of the
researcher.

The practical application of these functionals
for solving the identification problem was consi-
dered in many works, in [7—9], in particular.

Another approach to obtain robust estimates,
devoid of this drawback, is the use of the fourth
degree criterion [10], combined criteria using a
combination of the quadratic criterion and the cri-
terion of smallest moduli [11—13], the quadratic
criterion and the fourth degree criterion [14], the
fourth degree criterion and the criterion of smal-
lest moduli [15, 16]. It should be noted that the use
of the combined criterion turned out to be very ef-
fective and much simpler when implementing the
identification procedure.

Another approach that is currently widely used
is the approach based on information characteris-
tics of signals, entropy, in particular. The functio-
nal used in this case is an explicit functional of the
probability density function (PDF) and includes
all the higher-order statistical properties defined
in PDE Since entropy measures the mean uncer-
tainty contained in a given PDF, minimizing it
provides a reduction in error. In [17, 18], the con-
cept of information theoretic learning (ITL) was
introduced, using as a criterion the R nyi quadratic
entropy, for which a nonparametric estimate based
on Parzen windows with Gauss kernels is deter-
mined directly from data samples. In these works,
it was proved that when using the Renyi entropy, as

16 ISSN 2706-8145, CrcreMH KepyBaHHA Ta komn'totrepH, 2020, N° 3



Adaline Robust Multistep Training Algorithm

aresult of training, the Renyi distance between the
conditional probability of the density function of
the desired and actual output signals for the given
input signals is minimized. In [19], a more general
criterion for the entropy of the error was proposed —
the (h, @ )-entropy criterion, which covers various
definitions of entropy.

The results of numerous studies indicate that
in the presence of non-Gaussian, in particular,
impulse noise, in measurements, an approach
based on information characteristics of signals is
very effective, while a criterion that considers all
statistics of a higher-order error signal turns out to
be more appropriate. Correntropy was introduced
in [20, 21] as a generalized measure of similarity,
the maximization of which underlies the develop-
ment of sufficiently simple and efficient robust
algorithms.

Correntropy as a Measure of
Similarity

Correntropy, defined as a localized measure of simi-
larity, has proven to be very efficient for obtaining
robust estimates due to its less sensitivity to outli-
ers. Its name emphasizes the relationship with cor-
relation, and also indicates the fact that its average
value over time or measurements is associated with
entropy, more precisely, with the argument of the
logarithm in the quadratic R nyi entropy, estimated
with the help of Parzen windows [22].

For two random variables X and Y, the corren-
tropy is defined as

V(X,Y)=M {ky(X,Y)}, (7)
where M{e} — is the expectation symbol; &, (®) —
rotation invariant Mercer kernels; o — kernel

width.
The most widely used in calculating the corren-
tropy are Gaussian ones, defined by the formula

2
k(K1) le_mexp{ -1 } ®)

20

When calculating the correntropy, it is necessary
to know the joint distribution of random variables
X and Y, which, as a rule, is not known. Since in
practice there are usually a finite number of sam-

ples {x;,»; }, i=1,2,..,N, the most simple estimate
of the correntopy is calculated as follows:

ESIEED VAT RO
i=1

In tasks of identification, filtering, etc. as a func-
tional, the correntropy between the required out-
put signal d; and the model output signal (real) y, is
used. When using Gaussian kernels, the optimized
functional takes the form

T =—A—L S eS| (10)
o \/EG N icnnnt 202 i
where e, =d, — y, — is the identification (filtration)

error.

The use of the Taylor series expansion for the
Gaussian kernel makes it possible to write the cor-
rentropy as follows

}. (11)

L G
CRIE e el fo-v
Expression (11) includes all moments of an even
order of a random variable ||x . In particular,
the term corresponding to n = 1 m (1 1) is propor-
tional to

Mflf e seflp [ 4204y }-

) > ..
=0, +G}j/_ —ZRXy(l,j).

It can be seen from this expression that the in-
formation described by the usual autocorrelation
function is included in the new function.

It's not hard to see that the choice P(e,-)=
2

= exp meets the above requirements

2no 2c

for p(e;). Indeed [17],

manp(e) mmz \/_ [1 exp(—%D@
@maxp(e)Zexp( 2)

——maxz k (e),

oo

and the weight function used in (6) looks as fol-

lows: )
o(e)=exp| - b L
26 2n6°

Thus, the correntropy allows to obtain robust
estimates.
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Correntropy Maximization
Algorithms

The gradient optimization algorithm (10) at N=1
will have the form [23, 24]

(12)

2
W, =w, +yexp| — BT
n+l n 2(5 n’vn+l?

where Y — parameter affecting the rate of convergence.

A significant drawback of this algorithm is the
low convergence rate, which significantly limits the
possibility of its use in identifying nonstationary
objects. It should be noted that finding the optimal
value of the parameter Y, that provides the maxi-
mum convergence rate of the algorithm, equal, as
it is easy to show,

o —1
Yw+l = (\IIVI+1 ||xn+1|| ) ’

13)

2

n+l

] leads to an analogue of
o’

where v, = eXP(

Kaczmarz algorithm (Widrow—Hoff’s).

In [25-28], to combat impulse noise, a recur-
rent weighted least squares (RWLS) method was
proposed, which minimizes the criterion

— ej+1
Y =CXp _262 s

(14)
and having the form
\Vn+1 n n+1 T
=c, + —C,X 15
n+l n A+ \|l,,+1xn+1P » (yn+1 n n+l) ( )
n+1 _ 7\/— (P \IInJrlP X, +1'xn+lP J. (16)
)\’ + \|Jn+1xn+1P 'xn+l

Where 0 <A <1 — is the weighing factor.
Thus, when deriving the formula for calculating
P ., (16), the approximation was used

7\‘P + \l]rH-Ix

n+1 n+l n+1' (17)
As known, introducing a parameter A into an
algorithm is advisable when identifying nonstation-
ary parameters.
Another approach used to estimate nonstatio-
nary parameters is the use of a limited number of
measurementsin RWLS, that leads to the algorithm

of the current regression analysis method [29].

Learning Algorithm based on the
Current Regression Analysis
Algorithm

The current regression analysis algorithm (CRA),
which has the form

e = (X, n+1|L +1|L) n+1|LYn+1|L (18)

was proposed in [29], and in [30] a modification
of this algorithm using the mechanism of forgetting
the past information (smoothing) was considered.
L =const(L > N) here is the memory of the algo-
rithm.

A feature of algorithms with L=const is that the
matrices and observation vectors used in construc-
ting estimates at each estimation step are formed
as follows: they include information about newly
received measurements and exclude information
about the oldest ones. Depending on how these
matrices and vectors are formed (whether new
information is added first, and then outdated in-
formation is excluded, or obsolete information is
excluded first and then new information is added),
two forms of assessment are possible. Let's look at
this in greater detail.

Obtaining new information (adding up a new di-
mension) leads to the calculation of an estimate,
which, by analogy with (18), can be written as fol-
lows:

Cpat|ra1 = (X, |1 X n+1|L+1) +1|L+1Yn+1|L+1 (19)

where
Y”(L Yn-r+1

Yoon=|——=|=| ——— [~ vector (L +1)x1; (20)
Yl Yrr+1(L
X”(L xf—L-H

X, n =| === |=| === |~ matrix (L+1)x N. (21)
x771.+l X

n+l(L

Modified Recurrent CRA Algorithm
to Maximize the Correntropy

Consider a modification of the current regression
analysis algorithm used to maximize the corren-
tropy (14) and which will have the form

18 ISSN 2706-8145, CrcreMH KepyBaHHA Ta komn'totrepH, 2020, N° 3



Adaline Robust Multistep Training Algorithm

Cpallr = (X, 5|LX T Voot Xt Xmet = Vo e Xppr X g1 ) X
_)’n—ul_ (22)

Y
X(Xn—L+1X,1T|L X)) === |

Yt

We introduce the following designations:

P—l

n+l|L+1
-1 _ T _ p-l T
Pn+1|L =X r1+l|LALX nHIL = Pn+1|L+1 Vo1 Xp—r11%n-L 11+

Then

T el T
= XpradraXppn = B T Van XX (23)

1 _ p-l T T
B =B VXX = Vo pn X p X0 (24)

Applying the matrix inversion lemma to (23),
(24), one can obtain, as already noted, two forms of
computation: in one, the accumulation of informa-
tion is used (the newly received signal x | isturned
on), and then obsolete information is discarded
(the signal x . is excluded) and vice versa.

So the refinement of the estimates and the cal-
culation of the matrix when dumping outdated
information occurs according to the formulas

Wn—L+1Pn+1|L+1x n—L+1

x (25)

c =c,, —
n|L-1 n|L T
l l b n—L+1xn—L+1Pn+1|L+1xn—L+l

T .
X(Vper1 = ColrXn-L1 );

T
p. —p Wn—L+lR:+1|L+lxn—L+1xn—L+lBI+I|L+1 2%
L1 =4 » (26)

| T
1—y RS SIIRY AR S

and the ratios describing the accumulation of in-
formation will have the form
\Vn+an|an+l

+ T
1+ \Vn+lxn+1Pn|L)C

n+l

T .
Corl|L = Crjr (Y _Cn|L—lxn+1)’ (27)

T
\I’n+1Pn|an+1xn+1Ez|L

T
L+, 0%, B

P+1|L+1 :P|L - (28)

n 7l
n+l

Thus, the recurrent estimation algorithm
obtained by excluding outdated information and
then adding up new information is described by ra-
tios (25)—(28).

It is not difficult to obtain ratios for the case,
first — the newly received information is added,
and then — dump the obsolete information.

It should be noted that both of these procedures
implement the same assessment c,, and differ
only in the rule for generating an auxiliary assess-

ment CosilLa or cn|L—l'

Algorithm Convergence Study

To determine the convergence conditions for algo-
rithm (25)—(28), we introduce the Lyapunov func-
tion [31]

Vn+1(1_ = ®£+1(LRr:11(L®n+1(L (29)
where ©, ,, =¢, ., = ¢’ — isthe estimation error, at
the (n + 1)-th step, obtained from L observations.

Subtracting (25) c¢* from both parts, write down
an algorithm for identification errors

T
\Vn—L+1Pn+l|an—L+1xn—L+l

O, = [1 + J®n+1|L+l’ (30)

T
V- n—L+1xn—L+1Pn+1|an—L+1

where I — is the identity matrix NxN .

On the other hand, taking into account (26), the
relation (30) can be rewritten as follows:
Pl .0

nl|L = Pn+1|L nl|L+1

C n+l| L+ (31)
Writing (27) in a similar way with respect to es-
timation errors and taking into account (28), thus

obtain

T
V1 B X 1%
0., .=
1+, x P i
Vo1 X1 n|an+l

®n+1|L =[1 -

= Pn+1|L+1Pn|_L]®n|L' (32)
Substitution of (32) into (31) gives
®n+1|L = Pn+1|LPn|_L1®n|L' (33)
Then
Vn+1|L = ®Z7-LPn|_L1Pn+1|LBJTL1®n|L’ (34)

and the increment of the Lyapunov function is

AVn+1|L = Vn+1|L - Vn|L =

T p-l -1 (33)
= ®n|LPn|L |:Rq+l|LP:1|L -1 ]®n|L'
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Using formulas (23), (24), thus define

T
\I’n+1Pn|an+1xn+1Pn|L } _

—1 _
B = By + 1 T p
Vo Xun n|L'xn+1

T T
P4 Vot Dy X X b v xlpo o+ Vot Byt X1 X By (36)

\Vn+1 n|L 1 T P n+1"Vn+l n|L 1 T p
Vot XL pr X111 Vo X s Xn-r1 1
T + RIL

1— T lp o _ Ve Xn a1 Xnn By
VomXun | L T n-L+1
1- ‘I1n+1xn+1Pn+1|an—L+1

We calculate the third term in square brackets.
To simplify the notation, we introduce the follo-
wing designations:

e, =0
e, = ®n+1|an-L+13

— T .
0= X, 1 By X

T .
r},+l|n—an+1 ’

(37)

T .
B= xn—L+1Pn+1|an—L+1’
_ T P .
Y= xn+1 n+1|an—L+l’
\IIL = \Vn—L+1; \Iln = \Vn+1'

After simple transformations, we find that the
numerator and denominator of this term will have
the form

the numerator

v, (1=v.B)e; +2v,v,ve,e, +"’ELYZE§;
the denominator i
(1= v B)+ v, e(1= v, B)+ v, v, v
1-vy, B .
Substitution of these expressions into (36) and

simple transformations considering the introduced
notation (37) give

2 22
v, (1=, B)e =2y, ve e, + el “L
Ve, (-vib) T (-wB)
(1-v.B) [ (1= w.B)(1+ v, B)+ v, v, 7 |

v (@ v -, (1-vB)el —2v, v ve,e, )
B L= v B)(1+ v, B)+ w, v, 7 | B
v, [e +v,ae +y B2y vee, |- v,el
~ [vB-ww rvyeB|-1-va
For the convergence of the algorithm, the con-

(38)

dition Vi =V =
v, e +y,ae vy Bl —2v,ve.e, |- v,e 0
[‘I’LB - \Vn\VL'YZ + \Iln\VLaBJ —l-y,a (39)

i.e. the expression on the right side of (38) must be
negative.

Consider the second term. For this term to be
negative, the condition needs to be met

[v. (€ +w,v.a] + e ~2u,u .6, ) v,el [x

<[ (WB=v,vr v, waB - 1-y,a >0, (40)

Consider the first factor of this inequality. Taking
into account the introduced notation, thus have

v, (€ + v, 06 +v,Bel =2y, ye,e, - v,€l =
=y (ef +V, (xrl+leL ~ X_141€n )T B (xn+leL X141 ))’
~y,6-
As y; 20,
v, (& +v,v.0e] +v,Bel ~2,vee, )= (41)

- 2 3
=V, (eL v, (er-leL - xn—L+len) By (er—leL — X0 1416y ))Z 0.

Denote

ye V.6

\VL (xei + \Vn (aei - 2'Y€”€L + Bez ))
For the second factor, we can write
\Ijn\IjL (("B - Yz )+ \IJLB _1 - \Ilna =
= \VL |:\Vn (U'B - yz )+ B:I _1 - \Vno"
Note that due to the fulfillment of the Cauchy—

Bunyakovskyine quality [32, 33], it is true that
ap—y* =0

(42)

or

T T
RSV TR SRS SIIRY A S

T T
2 X B X g1 X By X1

Thus, given that y; >0,

v.|w, (@87 )+B|>0. (43)
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2 2 _
Vi€ — AV, 1€ =
_ 2 Vot (en+1xn—L+1 en—L+1xn+l) |L (en+lxn L+1 en—L+1xn+l) >0 (*)
= V€ 2 2 U.
€1 T Vi1 (€ X, —€ —L+1xn+l) L (€1 X 41 = €pp X)) ¥ €4 p
Denote
1+y a
B= LS (44) As
Vi |:Wn (“B_Y )+ B} 2 2 2 _y 2
\Vn+len+1 - Wn—L-t—len—L-t—l = Wn+len+1 - \Iln—L+len—L+1’

It should be noted that due to the performance
of (41) and (43) A>0 and B>0.
Taking into account the introduced notation,
the condition (40) can be written as follows:
(1 —A)(I—B)> 0. (45)
Thus, to ensure the convergence of the algo-
rithm, it is necessary that 4 and B be greater than
one.
On the other hand, consider the difference
(B—A).
Substituting expressions for A and B (42) and (43),
after simple calculations we have
B-A=
_ (e +v,ae, —v,ve,)

vl rv,ae 4 pel-2v,ree, | v, (@B )+B}

And since both the numerator and the denomi-
nator of this expression are not negative, the differen
ce B—A>0, i.e. B> A. Thus, to satisfy the conver-
gence conditions of the algorithm, i.e.

®n+l|L])n_+ll|L® L = ®n|L131T£®n|L

(46)

n+l|

or inequality (45), it is necessary that 4 >1.

Let us dwell on the properties of the matrix in-
cluded in the Lyapunov function P!, For the algo-
rithm to converge, this matrix must be positively
definite. Consider a step-by-step change P inac-
cordance with (24).

If at the n-th step the matrix R,lL is positively
definite, then in the case of positive definiteness
of the MatriX VX, ¥m = WoeraXprs¥ars  the
matrix P,,+l| , Will also be positively definite. Multi-
plying this matrix on the left by @ s and on the
right by ®,, and taking into account the notation
(40), we consider the scalar quantity

nlLﬂ" n+1xn+1xn+l WV oa¥s —L+1xn 14 ®;1|L

2
= n+len+1 4 n—L+1€n—L+1

(47)

then substituting the expression for 4 (42) into this
inequality, we obtain (*).

Hence, it is clear that a matrix P, . Will be non-
negatively definite if P, is nonnegatively definite
(and hence Pn+1|L is also a nonnegative definite
matrix). This can be achieved by choosing an initial
matrix £, oL that is no negatively definite, for exam-
ple, as in ordinary RWLS, F; =a/, where o —is
a positive number.

Consequently, the Lyapunov function under
the indicated conditions will be nonnegative and
bounded [31]

®:+1|LR;11|L ®n+l|L < n|LP;1|_L1 ®n|L~- Seo|L 0|L90|L (48)

i.e. it is limited by V. o= eglL O|L90|L
It follows from (35) that
(49)
Vn+1|L - Vn|L =
2 2 2 2
e; +Vy oe; + e —2y yee |-V e
_ WLI: L \I]n L \I]nﬁ n “Ijnfy n Li| “Ijn n £0)

Ty, 0=y B= v, v, ¥+ v, v, 0B ]
whence follows

2 2 2 .
Ny, [eL +y,0e; +y,Be, — Zw"ye"eL] ~ Vil <0. (50)
1+ wna—[wLB—wn\mZ“Vn‘l’L“BJ |

lim

N—oon=1

In turn, it follows from (49) that

Cvulel 06 vy el 2w, ve.e, |- w6
lim >
e Ley,a=| v B-v,v, v + v, v, 0B]

i.e. the identification error decreases over time.

Let us denote the eigenvalues of the matrix A[e].
For the eigenvalues of the matrices, taking into ac-
count (23), it is true

M| Bt |2 M| B2 2 M| B

and from the other hand R
< e f)n_+11|L6 < e(7)~P0_190 < }\’max |:R)_li|"60" °

=0,

n+l n+l
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0

therefore, the value of the estimation error |2
satisfies the inequality

P B
el

Finally, let us consider the steady-state regime,
when the estimate is no longer corrected, i.e
Cpuy = €.~ Relation (33) for this case can bere writ-
ten as follows:

n+l

(51

n+l

®n|L = Pn+1nLB:|_Ll®n|L
or »
(I =B By)0, =
The convergence of the algorithm means that
this equality holds only at®,, =0,ic.c,, =c,and
the matrix / - B, L}D"| ;. is not null. The latter is true
if the eigenvalues of this matrix are nonzero. Let's
dwell on this in more detail.
Let us denote the eigenvalues of the matrix A[e].
It is necessary to show that

7“[1 - Pn+1|LPnTL1] %0

1#) |: n+l|L nTL1j|
As known, for the maximum and minimum va-
lues of singular numbers o, o, and eigenvalues
A of a square matrix A the following relation is valid
[34]

(52)
or

O oo [A] | [A] € 6 s [4]

Since both matrices £, and ])n|_L are square
and their maximum singular values A are not
less than the maximum eigenvalues , we have

O max [R1+1|LPnTLl ] 2 )\‘max [P71+1|LR’I|_£ ] (53)
Using the Cauchy-Bunyakovskyine quality, we
obtain .
max[ n+l|L n|L ] csmax[ n+l|L ] O max [Pn|L ] (54)

Due t;) the fact that, a; shown above, the matrix
Vo1 Xn 1%t ~VaernXn-r0%,-211 1S square and non-
negatively definite, it follows from (23) that

O max [Pn+1|L ] csmax[ n|L ]
Therefore, inequality (54) can be written as fol-

lows:
O | Pro P | <0

_ max[ +1|L]

O max [ n+l|L ]Gmax [ +1|L ]

]

O min [ +1|L ]

where 6, [F,.;,] — is the minimal singular value
of the matrix / - P, P, Taking this into account,
it follows from (54) that

A BB <1,
i.e. (52) is fair.
Thus, in the steady state ©,, =0or ¢,, =c, i.e.
the estimate obtained using the considered algo-
rithm is unbiased.

c-parameter Selection

Gaussian variance (also called kernel width or
kernel size) is a free, user-defined parameter.
Therefore, when estimating the correntropy,
the result depends on the chosen kernel size. In
addition, th correntropy kernel size affects the
character of the criterion surface, the presence of
local optima, the rate of convergence, and resis-
tance to impulse noise during adaptation [20]. If
the amount of training data is not large enough,
the kernel size should be chosen regarding the
tradeoffs between outlier bias and efficiency es-
timation [35].

Various methods can be used to determine the
size of the kernel, for example, the statistical
method [36], Silverman's rule [37], cross-valida-
tion methods [38—40], etc.

One of the most commonly used methods for
choosing an appropriate kernel width in machine
learning is cross validation. Other simpler ap-
proaches include Silverman's rule of thumb [37]

0=0,94N1%,

where A — the smallest value between the standard
deviation of the data sample and the interquartile
range of the data, scaled by 1,34; N — number of
data samples.

Despite its ease of use, Silverman's rule often
provides a good choice of kernel size.

The width of the Gaussian kernel significantly
affects the rate of convergence of estimation al-
gorithms. For fixed other parameters, a smaller
kernel width can increase the convergence rate,
but the error in the steady state may be large. If a
larger kernel width is chosen, the algorithm con-
verges slowly, but has a smaller steady-state error.
All this testifies to the advisability of developing
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procedures for adaptive correction of the kernel
width o [4].

Conclusion

The work considered a multistep learning algo-

determined and it is shown that in the steady state
the resulting estimate is unbiased. The importance
of choosing the width of the Gaussian kernel, which
affects the rate of convergence of estimation algo-
rithms and the error in the steady state, is noted,

and the expediency of developing procedures
for adaptive correction of the kernel width is
indicated.

rithm for ADALINE when using the information
criterion of correntropy as a learning criterion, the
conditions for the convergence of the algorithm are
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POBACTHUM BATATOKPOKOBWH AJITOPUTM
HABYAHHS AJJAJITHU

Beryn. AnantuBHuit niHiitHui enemeHT (AIIAJITHA) — mepina niHifiHa HeiipoHHa Mepexa, 3arpornoHoBaHa Yimpoy b. i
XodhdoMm M.E., € ansrepHaTnBoIO nepcentpony. HaBuanus AJAJITHU 3miiicHIOETBCS 3a TOMMOMOTro0 anroputMmy Kau-
Maxka pilleHHsI CUCTEM JIiHIAHMX anredpaiyHUX PiBHsAHb. Lleil alropuT™ € oNTUMaibHUM B CEHCI LUBUAKOCTI 301KHOCTI
OTHOKPOKOBUM aJITOPUTMOM B MPUMYIIEHHSX MPO JiHIKHICTh i raycCOBiCTh CUTHAJIB, OJHAK MPU MOPYILIEHHI LIUX MPpY-
MYILEeHb BiH cTa€ HecTilikuM. 111 3a06e3MmeyeHHsT Horo podacTHOCTI HEOOXiTHO BUKOPUCTOBYBATH HEKBAJAPATUYHI KpUTE-
pii, HalOLIbLL NOLIMPEHUMHU cepel IKUX € KOMOiHOBaHi (pyHKLiOHaIU, 3arpornoHoBaHi Xpi00epom i Xemnenem. OnHak
€(EeKTUBHICTH 1X 32aCTOCYBAaHHS iCTOTHO 3aJIEXXUTh Bifl YMCIEHHUX ITApaMETPiB, BAKOPUCTOBYBAHUX B IIMX yMOBaxX i 06upa-
€MMX Ha OCHOBI IOCBiLy DOCHifHUKA. Pe3yabTaTi YUCIeHHUX NOCHIIXKEeHb CBiIYaTh PO T€, 10 MPU HASIBHOCTI B BUMipax
HeraycciBcbKOro, 30KpeMa, iMIyJbCHOTIO LIyMy, IOCUTb €(DeKTUBHUM € MiXia, B OCHOBI SIKOro JiexaTh iH(hopmauiiiHi xa-
PaKTEPUCTUKU CUTHAJIB, a OiIbII BiIITOBITHUM BUSIBISIETCS KPUTEPil, 1110 BPaXOBYE BCi CTATUCTUKM CUTHAJTY TIOMUIKHU
BMILIOTO MOPSIAKY. TaKuM KpUTEPIEM € KpUTEPilt MAKCUMYMY KOPEHTpPOIii. ¥ cTaTTi po3IIsIHYyTO 6araTOKpOKOBUIA ajro-
puT™M HaByaHHs AJAJIIHMU, 1o nae 6inbi BUCOKY LIBUAKICT 301KHOCTI NPU BUKOPUCTAHHI B IKOCTi KpUTEPit0 HABYAHHS
iH(opMaIIifHOTO KPUTEPiI0 KOPEHTPOTTi, 1110 3a6e31meuye poOACTHICTh OIEPXKYBAHUX OI[iHOK.

MeTo10 CTaTTI € TOCTIIKEHHS BIaCTUBOCTEN OaraTokpokosoro anroputmy HaBuaHHS AIAJITHU npu BuGopi B sIKOCTI
KPUTEPII0 — KPUTEPi0 MAKCMMYMY KOPEHTPOIII1 i po3p0o0Ka peKOMEHIalliil 111040 iMOoro NpakTUYHOro 3aCTOCYBaHHSI.

MeTtoau focinKeHHs1 0a3yr0Thcs Ha Teopii ineHTUdikalii. Ha ix ocHOBi Oy/u mociimkeHi BIacTUBOCTI MoauGikoBa-
HOro 6araToKpoKoBoro ajroputMy Kaumaxa.

Pesynsratu. BuzHaueHO yMOBU 301KHOCTI aJirOPUTMY i NTOKa3aHO, 11O B CTAJIOMY PEXUMi oiepxKyBaHa OLiHKA € He-
3MineHo. OTpruMaHi HEACUMITTOTUYHI i ACMMIITOTUYHI OLIIHKY € JOCUTh 3aTaJIbHUMMU i 3aJIeXKAaTh Bill CTATUCTUYHUX Xa-
PaKTepUCTUK CUTHATIB i MEPEIKOL,.

BucHoBKH. fIK noka3anu pe3yJbTaTv AOCHiAXKEHb, BUKOPUCTAHHS 0araTOKpOKOBOIO aIrOPUTMY HaBUaHHSI, IPUCKOPIOE
Mpoliec ToOYA0BY HeitpoMepekeBoi Moiesli. BusHaueHO yMOBU 301XKHOCTI aITOPUTMY MPU BUOOPI KPUTEPiI0 MAKCUMYMY
KopeHTporii. [Toka3aHo, 110 B CTaJIOMy pexXUMi oepKyBaHa OLiHKA € He3MillleHOol0. Big3HaueHo BaxXIuBiCTb BUOOPY
wrprHu [ayccoBa siipa, 110 BIUIMBAE HA LIBUMAKICTb 30DKHOCTI a/lTOPUTMIB OLIiHIOBAHHS Ta IOMUJIKY B CTAJIOMY PEXKUMI,
i BKa3aHO Ha IOLJIbHICTh PO3POOKU MPOLEAYD aIaNTUBHOI KOPEKILil IIUPUHU SIAPA.

Karouosi caosa: AJJAJIIHA, kopenmponis, memoo HalimeHWUx K6adpamie, adanmuena KopeKuyis wWupuHu s0pa, 30ixcHicmo
aneopummy.
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POBACTHbIA MHOTOLLATOBbBIM AITOPUTM
OBYYEHUA ANATMHBI

BBenenne. AnanTuBHbIN AuHEHHBIN daeMeHT (AJAJTMHA) — nepBasi nuHelHasi HEWPOHHAsSI CEeTb, MPEATOXEHHas
VYunpoy B. u Xodpdpom M.E. u gapnsiomasicss anbrepHaTUBO# nepcentpony. Ooyyenue AIAJTTMHDBI ocymectBisieTcst ¢
oMol ajroput™Ma Kaumaxa pelieHus CUCTeM JIMHEMHBIX alredpanyecKux ypaBHEHUU. DTOT alropuT™ SIBISIETCS
OMTHUMAJIbHBIM B CMbICJIE CKOPOCTH CXOAMMOCTHU OJHOLIATOBbIM aJITOPUTMOM B MPEATNONOKEHUIX O IMHEHHOCTHU U rayc-
COBOCTHU CUTHAJIOB, OTHAKO MTPY HAPYLIEHUY 3TUX PEATIONOXKEHU OH CTAHOBUTCST HEYCTONYMBEIM. J{7151 06eCTrieueH1sI eTO
pobGacTHOCTH HEOOXOIMMO UCITONIb30BaTh HEKBAAPATUIHBIE KPUTEPUH, HANOOJIee PACTIPOCTPAHEHHBIMU CPEIU KOTOPBIX
SIBJSIIOTCSI KOMOMHUPOBaHHBIC (YHKLIMOHAJBI, MpeanoxXeHHbie Xbiobepom 1 XemmenaeM. OaHako 3(PGheKTHBHOCTL UX
MPUMEHEHMSI CYILIECTBEHHO 3aBUCUT OT MHOTOUYMCEHHBIX TApaAMETPOB, UCITOIb3yEMbIX B 9TUX KPUTEPHUSIX U BEIOUPAEMBbIX
Ha OCHOBE OIlbITa MCCeaoBaTesi. Pe3ynibTaThl MHOTOUMCIEHHBIX UCCIEIOBAHMM CBUIETENBCTBYIOT O TOM, UTO MPU Ha-
JIMYNU B U3MEPEHUSIX HErayCCOBCKOI0, B YACTHOCTU, UMITYJbCHOIO L1yMa, BecbMa 3P OEKTUBHBIM SIBJISIETCS MOAXO/, B
OCHOBE KOTOPOTO JIeXXaT NH(MOPMALIMOHHBIE XapaKTEPUCTUKU CUTHAJIOB, a 00Jiee TIOAXOASIIIINM OKAa3bIBAETCS KPUTEPUH,
YUUATHI-BAIOLIMIA BCE CTATUCTUKUA CUTHAJa OIIMOKKU Oosiee BHICOKOTO MOPSNKA. TaKMM KpUTEpUEM SIBISIETCS KPUTEPUid
MakcHMMywma KOppaHTponuu. B cratbe paccMOTpeH MHOromaroBbliii anroputm odyueHust AIIAJTMHDBI, obnanaouiumii cy-
IIECTBEHHO 00Jiee BEICOKOI CKOPOCThIO CXOAMMOCTH MPU MCIIOJIb30BAHUM B KAYeCTBE KPpUTEPUST 00ydeHUsT MHGbOpMalL-
OHHOTO KPUTEPUSI KOPPIHTPONUHU, 00eCIeUnBaIOIIETO POOACTHOCTD MOTyYaeMbIX OLIEHOK.

[Henblo cTaTby SIBJSIETCS UCCJIEAOBAHME CBOMCTB MHOrowaroporo airoputma ooyuyeHuss AJAJIMHDI npu BeiGope B
Ka4eCcTBe KPUTEPUSI — KPUTEPUI MAaKCUMyMa KOPPIHTPOIIUN 1 pa3paboTKa peKOMEHIALINI 10 €r0 MPaKTUIeCKOMY TIpH-
MEHEHUIO.

Mertonapl viccien0BaHus 0a3UPYIOTCsl HA TEOPUU MACHTUGKKaMK. Ha ux 0CHOBE ObIJIM UCCIEA0BAHbI CBOMCTBA MOAM-
(GULIMPOBAHHOTIO MHOTOIIIArOBOro ajiroputmMa Kaumaxka.

Pesynsrarbl. OnpenesieHbl yCI0BUS CXOAMMOCTH aJITOPMTMA M ITIOKa3aHO, YTO B YCTAHOBUBILIEMCS PEXMME MoJiyyaemast
OLICHKA SIBJISIETCSI HECMEILeHHO. [TojlyueHHbIE HEACUMITTOTUYECKUE U ACUMITTOTUUYECKUE OLIEHKU SIBJISIIOTCSI JOCTATOUHO
OOIIMMU 1 3aBUCAT OT CTATUCTUYECKUX XapPAKTEPUCTUK CUTHAJIOB U TIOMEX.

BoiBompl. Kak rmokaszanu pe3yabTaThl HCCIeNOBAHUM, NCTTONBb30BAHNE MHOTOIIATOBOTO aITOPUTMA O0YIeHUS, YCKOPSI-
€T MPOLECC MOCTPOCHUsI HEMpOceTeBOi Moaean. OnpeaenieHbl YCA0BUs CXOAUMMOCTH aJiFOPMTMa MPU BBIOOPE KPUTEPHSI
MaKcMMyMa KoppaHTpornuu. [Toka3aHo, UTO B YCTAHOBUBILIEMCS PEXUME TTOJydaeMasl OlLieHKa SIBJIsSIeTCS] HECMEIEHHOA.
OTMeyeHa BaXHOCTb BeIOOpa IIMPUHEI [ayccoBa siapa, BAMSIOLIEH Ha CKOPOCTb CXOAMMOCTH aJrOPUTMOB OLIEHUBAHMSI
v OLLIUOKY B YCTAHOBUBIIEMCS PEKMME, M MOKa3aHa 1Ee1eco00pa3HOCTb Pa3paboTKu MpoLELyp aAanTUBHON KOPPEeKLIMU
IIAPUHEI Sapa.

Karoueevte caosa: AJJAJIMHA, koppanmponus, Memoo HAUMeHbUUX K8aopamos, a0anmusHas KoppeKuus Wuputsl 10pa, cxo-
dumocmy areopumma.

ISSN 2706-8145, Control systems and computers, 2020, N2 3 27



