N3KYCTBEH MHTEeNEeKT

Tema 13: PeKypeHTHHN “ JIOKaJIHO
pPEeKYypPEeHTHHN HEBPOHHHN MPEXkun

(RNN, DRNN, LRPNN, GLRPNN, pcLRPNN)




" JdE
CbabprKaHue

O O6uwa knacndunkauna Ha meToauTe

1 HeBpoHu ¢ nocnegosarteneH Bxoa. HeBpoHn ¢ KNX un
BUX. HeBpOHHU MpeXn ¢ BpeMe-3aKbCHUTENHN BEPUTU
BbB Bxoda (Time-Delay Neural Networks)

1 HeBpoHu ¢ obpaTtHu Bpb3KKU. Bugose obpaTtHm BPBb3KM.

L ApXUTEKTYPU HA PEKYPEHTHM N NOKANHO PEKYPEHTHMU
HEBPOHHU MpPEXu

DRNN,

LRPNN,

GLRPNN

PCLRPNN...

O
O
O
O
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Non-discriminative approaches

DA Polynomial TDNN k-NN LVQ SOM
classifier and RNN
rees
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Knacnpukatopu
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Non-discriminative approaches

LDA Polynomial TDNN k-NN LVQ SOM
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" A
HeBpoOH 6e3 o6paTHa Bpb3Ka

X (k) W
x2(k) W2

v(k) y(k)
Xg (k) wye

b

y(k) = f(v(k))

K

p(k) = 2 wix; (k) + b
=1
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HeBpOH C nocnenoBaTtesieH BXoa

Inputs Linear Neuron

p(r)

{74 a(®

/. J
a(t) =w pl)-w p(r-1)
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" A
HeBpOH C nocnenoBaTtesieH BXoa

FIR Adaptive Filter

TOL Linear Layer
4 ™ 4 N

plk-1)
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HeBpoH c 06paTtHu Bpb3KK (IIR HeBpoO

X, a(t) _@___iﬂ’)

Clg
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JIoKkasIHO peKYpPeHTHU HEBPOHMU

k) w G
Xy (k) W, X, (k) G
v(k) Y(k) ’ v(k) _@_ﬁk)

X (k) w Xk (k) ,J
= L b £ GK b HFB
(a) (D)
(0[G 0]
X, (k) X, (k)

o (k) »H) v v(k) y(h)
X (k) Xx (k)

Gy 5 H . j— Gy ; H,,

(€) (d)

*C obpaTtHa Bpb3Kka OT n3xoda Ha CuHarca,

-C obpaTtHa Bpb3ka npeam aktmeupaiiata yHKLms |

*C obpaTHa Bpb3Ka OT M3xoda Ha HEBPOHa 9
C aBTOperpecuBeH UNTbP Cre nsxoaa Ha HeBPOHa npod. T. MaH4eB, UM - 2023/2024



" A
JIOKaNNIHO peKypeHTHUN HEBPOHMU

X (k) G
X, (k) G
’ (k) ( :> y(k)
Z 1%
X (k)
G, )
(b)
y(k) = f(v(k)) me -
v(k) —ie (271 (k) +b G(z )= Zfip_()bjz—j
_i:1 ! ! | Zj:oajz
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JIOKa/IHO peKypeHTHU HEBPOHHU Mpe

X (k)

G,
X, (k)
G
’ v(k) ( :> (k)
Z
Xy (k) G, | HFB‘J
()

y(k) = 1 (v(k)) gz iy
K j=0 bj -

v(k)=> G ()% (k) + Heg (2 )V(k-1) +b, HFB(Z_l): le q
i=1 j=0 "1

Z_J
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JIoKaNIHO peKypeHTHU HEBPOHHM Mpe»@
X, (k) G
X, (k) G
’ V(k) f y(@
Xy (k)
G b H o [ —

y(k) = 1(v(k))
v(k) = iGi ()% (K)+Heg () y(k-2) +b .
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JIOKa/IHO peKypeHTHU HEBPOHHU Mpe

X, (k)

X, (k)

Xy (k)

(d)

v(k)

b
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y(k) = f (v(k)) + Heg (2 ) y(k -1)

v(k) = iGi(z‘l)xi (K)+b .

o)
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OAvnaroHaslHO peKypeHTHU HEBPOHHMW
Mpexxun (DRNN)

OuUTPUT
LAYER

LOCALLY
RECURRENT
LAYER

y() = > whu, (k)

1,00 = 1, (Wi (k) + WU (k1)

npod. T. FaHu4eB, UN - 2023/2024

14



" A
Locally Recurrent Radial Basis Functi

Neural Networks
fyl(k) fyzuc)

) :
S /E x
RADIAL /(1) \ - \ -

BASIS D, ... D ()]

LAYER e
TS

INPUT

LAYER

1 (k) = 3w exp(-

u (k)= f.(x(k)+w'u (k-1),
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Locally Recurrent Radial Basis Functi
Neural Networks

() = £,(3.G, (2 )u, (k)
> (6 (k) — )

O
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u; (k) =exp(—
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Knacnpukatopu

( . .. .
Non-discriminative approaches

LDA Polynomial TDNN k-NN LVQ SOM
classifier and RNN
rees

discriminatively
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" A
Locally Recurrent Probabilistic Neura
Networks

INPUT
LAYER

PATTERN
LAYER

SUMMATION
LAYER

RECURRENT
LAYER

OuTPUT
LAYER

20
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Locally Recurrent Probabilistic Neura
Networks

- HeBpOH Ha pekypeHTHHA cAoil Ha LRPNN

fl(xp) fK(Xp)

Sigmoid
activation
function

Yi(Xp) y
K - Y. (Xp)
Output Z Y (Xp)
regularization =1

BPDB3KHA Brorpermmna crpykrypa

y'j;ti (Xp)
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Locally Recurrent Probabilistic Neura
Networks

1 1
fi(xp)_(z )d/2 d M . p( 20_2( Xij)T(Xp_Xij)j

)

N K
yi(Xp)_ I, I(Xp) Zblkf (X ) +Z ai,i,tyi(xp—t)_zai,k,t yk(xp—t)
t=1 k=1
i |¢k _ i EJS a
Vi(x,) ngm(yi(xp))
> sgm(y;(x,))
=1

D(x,) = argmax{hici Y (xp)}
;Y (Xp)

Zhj Yi(Xp)

j=1

P(kl |Xp) —
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" A
Locally Recurrent Probabilistic Neura
Networks

Architecture of the Locally Recurrent Probabilistic Neural Network

P = number of input vectors Q = number of pattern units
R = dimensionality the input vectors K = number of classes

K
Y1
RxP |netprod radbas
> if jQxP Y,
QxP '
—— bias; 1xP
{ail};)
Q
& y
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Generalized LR PNN

INPUT Xo1 XoR

o 4‘ o

e : R
PATTERN
LAYER "
H E B
SUMMATION @ @

LAYER Class 1 A Class K

RECURRENT
LAYER

OuUTPUT
LAYER

24
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Generalized LR PNN

9

1

i j=1

ij ij

J

L K N K
yi(Xp) :Zzbi,k,t fk(Xp_t)+ZZai,k,t yk(xp—t)
t=0 k=1 t=1 k=1
Vi(X,) = ngm(yi(xp))
> sgm(y;(x,))
]=1

D(x,,)=argmax {h¢ ¥;(x,)}

P(kl |Xp) _ Khi yi (Xp)
2N V(%)
J=1
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Generalized LR PNN

E(w) = E\ (W) + Gy Egie (W),

£, (W)= 3, P(Miss |k )P(k,).

K K
E i (W) = K(Kl—l)izi,zl‘ci P(Miss [ k,)P(k;) —c; P(Miss | k;)P(k;)|
J#i

Differential Evolution metoa: (1) Myramus, (2) PekomOmuamnus, (3) Ceaekrus

I\ best rl  \ar2
Vngl—Wg +,u(Wg Wg ),

i __\p/best o r3 _,r4
Vg+1_Wg +,Ll(Wg Wg )+,u(Wg Wg )
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" A
Generalized LR PNN

Architecture of the Generalized Locally Recurrent Probabilistic Neural Network

P = number of input vectors Q = number of pattern units
R = dimensionality the input vectors K = number of classes
2 K=2 :
) =
learned L=1 I Z—ll
patterns N=1 a1

XR

RxP

—-— bias; targets ,
© byoy | sum

xP

\ —
o
>

J oo\ ¥eo)

Q KxQ fﬂxp)

netprod radbas normprod

\§ J
QxP QxP KxP

xXP Qx1

kL

1xP
—
Q b ; Y2
%
(1)
G
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Generalized LR PNN

The EER and DCF, depending on the architecture

Arch. FIR 1IIR DRNN LR PNN GLR PNN
# w* 4 6 10 8 12
Males EER (%) 445 417 4.02 3.98 3.89
DCF o 0.307 0.268 0.249 0.241 0.230
Females EER (%) 532 522 5.00 491 4.70
DCF o 0447 0424 0.421 0.389 0.378
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" A
Partially Connected Locally Recurrent
Probabilistic Neural Networks

f D(k)
OUTPUT
LAYER 4
RECURRENT
LAYER
lass 1 Class 2 - ClassK
SUMMATION Class \\ " \
LAYER \ K
/ /\ / \ HE N / /\
\ / //f 7-\\\ /// "'\\\
PATTERN ;\ 11 | | fM \ \ le ) . E\fZMz \ fK,l ) oo | fK.M,\-;‘
LAYER 7 , ’ .’ N N
INPUT IIIIIIIIIIIIIIIIIIIIIII
LAYER x, (k) xp (k)
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" A
Partially Connected Locally Recurrent
Probabilistic Neural Networks

1 1 & 1
(27)"? 5" M. ; P 20°¢

J J

p;(x(K)[ 1) =T;(x,) =

(Xk _Xij)T (Xk _Xij))1 1=12,.,K,

y; (X)) =Dy T;(x,) - Zb., F; (%, )+Z(a”ty (Xit) = Za.,ty (X)) J=12,.

z;m(l P(X;, | k;))P(k ») | k;)P(k;)
7 (%) =~ sgm(y; (X)) i—12..K.
ngm(yi(xk))

D(x,) =argmax{h,c; ¥;(x)} 1 =12,...,K,
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pcLRPNN

oeHTndukauma Ha guKTopu

100
98
£, 96
>
g
3 94
(&S]
<
92
90
TopC=1 TopC=2 TopC=3 TopC=5 TopC=7 | TopC=10
—#— pcLRPNN(N=0) 93.1 93.6 93.6 92.2 94.0 91.6
~#--PNCLRPNN(N=1) | 94.0 93.3 93.1 91.8 92.2 92.9
—o— pcLRPNN(N=2) ( 94.2 ) 93.8 93.6 93.3 93.3 93.1
—-¢--PNN 91.6
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pcLRPNN

Pa3no3HaBaHe Ha eMoLMOHarHa pev

75
_ 70
S
> 65
Q
©
3 60
(@]
<
55
50
0 1 2 3 4 5 6 7
—— GMM 59.4
----- PNN 58.5
— o— pcLRPNN(Top-1) | 60.5 | 68.2 69.6 70.7 [ 9.3 (68.0 | 67.6 | 64.9
----------- -4 DCLRPNN(Top-2) | 61.6 | 70.1 | 69.0 | 66.3 | 65.3 | 62.0 | 60.5 | 63.0
—o— pcLRPNN(Top-3) | 62.7 | 68.4 | 69.2 | 62.1 | 64.6 | 60.4 | 64.2 | 63.5
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Knacndpumkaropum
( Discriminative approaches ( Non-discriminative approaches )
DA Polynomial TDNN k-NN LVQ SOM
classifier and RNN J J L )
J R
Decision GMM HMM
SVM X
rees
enerative approaches !
J . J
f Combined methods |
HMMSs trained
GMM/SVM | | HMM/ANN RBF e PNN-RNN
discriminatively
& J
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Knacnpukatopu

Polynomial TDNN
rees

( . .. .
Non-discriminative approaches

discriminatively

npodp. T. MaH4yeB, UU - 2023/2024 35




" Jd
CbabprxaHne— MawmHHO (camMmo)obyu

O O6uwa knacndunkauna Ha meToauTe

U Knacudpmkaumna ¢ HeBPOHHU MpeXn. ApXUTEKTYPW.
MLPNN 1 PNN.

1 HeBpoHUM ¢ obpaTtHa Bpb3Ka. PEKYPEHTHMN N NOKAIHO
pekypeHTHN HeBPOHHU Mpexun (TDNN, RNN, DRNN,
LRPNN, GLRPNN)

d Ctatuctuyeckun metogn. [eHepaTuUBHM KnacudukaTopu.
Knacudukatop cbCc cmec oT ['aycoBu OYHKL MU
(Gaussian Mixture Models, GMM)
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