N3KYCTBEH MHTEeNEeKT

Tema 12: Metogun 3a MaLWlNHHO
obyuyeHune. Knacnpmnkayms c
HEeBPOHHN Mpe>kn 6e3 obpaTtHu
Bpb3ku (MLP NN, PNN).




" A
CbabpixaHue
 TakcoHOMUA Ha meToauTe 3a Krnacudukauus
» [InckpnMmnHaTUBHM KnacmndukaTopm

*» [eHepaTMBHU KNnacnukaTopu
= XnbpuagHu metoamu
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" M

OANCKPpUMMHATUBHU U reHepaTUBHU MeTOoAM

3a Knacupukaums

Goal

What's learned

Hlustration

Examples

Discriminative model
Directly estimate P(y|z)

Decision boundary

MLP NN, SVM, Decision trees,
LDA...

Generative model
Estimate P(z|y) to then deduce P(y|z)

Probability distributions of the data

\ J:
| v
. ’
\ 4
\ O :
- _.l’
"\\.. ..._.'

PNN, GMM, Bayesian
Networks ...



" J
O6uwa knacudpukauma Ha MmetToauTe 3a
kKnacmpukauus

( Discriminative approaches \ [ Non-discriminative approaches
DA Polynomial TDNN k-NN LVQ SOM
classifier and RNN §
Decision PNN GMM HMM
SVM t L
rees _
} § \Generatlve approaches .
J . J
i Combined methods g
HMMSs trained
GMM/SVM | | HMM/ANN RBF =l PNN-RNN
discriminatively
\ J
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" J
HeBpOHHU MpeXxu 6e3 o6paTHM BPpDb3K

4 Knacndoukauma ¢ HeBPOHHN MpeXn. HeBpoOHM N HEBPOHHU
Mpexu 6e3 obpaTHN BPBH3KMN.

1 MHorocnonHa HeBpoHHa Mpexa oT nepuentpoHn (MLPNN)

1 BeposaTHOCTHa HeBpoHHa Mpexa (PNN).

npod. T. MaHuyeB, UU - 2023/2024 5



" JE
BbBeaeHme - TepMMUHONIOIrnA

(11960s  w MepuenTpoH
> 1980s m MHOrOCIOMHN HEBPOHHU MpeXxu

,X\ 1990s m [TopobpeHo obyueHune

(12006 Abn6oKn HEBPOHHN MpPEXMU
\ m Deep Learning
I 5016 Deep Neural Networks, CNNs, GANSs

|
\ m Deep Structural Learning
2021 ®m Deep Belief Networks



" J
HeBpoOH — nauncnureneH moaen

Bxon HeppoH

npod. T. FaHueB, UU - 2023/2024 7



" J
AkTnBmpawm pyHKUNN

S(u) S(u)
TliEelRHa i JIHHEHHA &
¢ HACHIIAHE
1 -
-t = L ~y——af = LI
¥ Y
S(u) S(u)
i CurmongamHa &  S(u) = (|+E‘_”}_]
IIparoea HIMOHA *
i el e oo
14 - e

ot} -1 d’_/// - U




" J
AkTnBmpawm pyHKUN

n

-0.833 | 4+0.833
a = radbasin)

Radial Basis Function
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" A
AKkTnBmpawm pyHKUN

a = hardlimin)

Hard-Limit Transfer Function
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" A
HeBpOH C oTMecTBaHe

Bxong HeppoOHC OTMeCTIBaHE

a = flwp + h)
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" J
HeBpOHHU MpeXu

W

npod. T. FaHueB, UU - 2023/2024 12



" J
HeBpOH C napaneneH BxoA

Inputs Linear Neuron

N e ™

AN ] Y,

a = purelin (Wp+b)

HeBpoH B cTaTU4Ha MpeXxa ¢ napaneneH Bxoa

npod. T. FaHueB, UU - 2023/2024 13



HeBpOH C BEeKTOpeH BXoA

BxXoa HeppoH ¢ BeKTOpeH BX0J

;I a L)
/ F. — Opor Ha

|
P,
!:1 ermenMeHTHT e
. Ha BX. BEKTOp
fL
L W J

a = f{Wp +h)
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" A
HeBpOHHM MpeXxun — 1-cnonHa apX.

Bxox Cnof oT HeppoHH y
~ EgHocnovHa HeEBPOHHa

a Mpexa 6e3 obpaTHM BPpb3KK
1 N
Feedforward Neural
a Network
1=y
. :IH_
_'p
J

15
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" A
HeBpOHHM MpeXxn — 3 CJZIONHa apX.

Bxona Crnort 1 (1o 2 (Crmor 3

'Y E

'\

it

ar = F1{IWuip ) a2 = F2{LWziar +ha2) ar 13 (LWizaz 4 by

BxoaeH criou Ckputu crnoese (1 n 2) N3xopeH cnon (3)

npod. T. MaH4eB, UN - 2023/2024 16



HeBpoHM -- lNepuenTpoH

Input  Perceptron Meuron

i Y ™
Where. ..
JI-;I-
ﬂ; - R = # Elements

ip]i 2 > In input vector

2
1:I A lb

VNS J
= hardhm(Wp — &)

KoraTo MHorocroiHaTa HEBpOHHa MpeXa € u3rpageHa oT nepLenToHn ce
M3rnon3Ba NoHATUETO

Multilayer Perception Neural Network (MPLNN)

npod. T. FaHueB, UU - 2023/2024
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" J
NMepuenTpoH — AKTMBMpaLla PyHKUMNSA

a = hardiimin)

Hard Limit Tranafer Function

npod. T. FaHueB, UU - 2023/2024 18



" J
Kakeu npo6bnemu pewasat MLP NN?

m [1pn O CKpUTKU CNos: NIMHEEH KnacnukaTop
Xunep-paBHUHMU

2D npumep:

@

oo T

npod. T. FaHueB, UU - 2023/2024 19



" J
Kakeu npo6bnemu pewnasatr MLP NN?

m [1pn Hanmume Ha 1 CKpUT C/ou

[paHMLa Ha KOHBeKCHa obniact (oTBOpPEH WK 3aTBOPEH
KOHTYD)

0@ @)

npod. T. FaHueB, UU - 2023/2024 20



" J
Kakeu npo6bnemu pewnasatr MLP NN?

m [1py Hannume Ha 2 CKpUTKU Cyios
KoMbuHaUMM OT KOHBEKCHU obnacTtum

( .......

npod. T. FaHueB, UU - 2023/2024 21



" JdE
CbabprKaHue

d Obwa knacudunkaumsa Ha metToauTe
» [IMCKpUMMHATUBHM KNnacmndukaTtopm
* [eHepaTMBHU KNnacnuukaTopu
= XnbpunaHn metoam
1 Knacndpukauma ¢ HEBPOHHN MpPeXn. ApXNUTEKTYPM.
HeBpOHHN Mpexn 6e3 obpaTHN BPBH3KM.
d MHorocnonHa HeBpoHHa Mpexa oT nepuentpoHn (MLPNN)

1 BepoaTHOCTHa HeBpoHHa Mpexa (PNN).
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Knacnpukatopu

( . .. .
Non-discriminative approaches

k-NN LVQ SOM

Polynomial TDNN
Decision
rees

discriminatively
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" A
BepoATHOCTHA HEBPOHHA MpeXXa

BeposaTHOCTHa HeBpoHHaA Mpexa (Probabilistic Neural Network)

. M34ymcnsBa PyHKUUSA Ha pas3npeaeneHne Ha JaHHUTE BbB
BCEKW Knac u

- B3eMa pelleHne Bb3 OCHOBA Ha NpaBMNoTo Ha beic 3a
Knacudukaumsa ¢ MUHUManNeH puck

npod. T. FaHueB, UU - 2023/2024 24



" A
NpaBuio Ha beunc

P(Evidence | Hypothesis)
P(Evidence)

P(Hypothesis | Evidence) = P(Hypothesis) X

BeposATHOCTTa XxmunortesaTta Aa € BApHa, npu HabnoaaBaHUTE AaHHW,
e paBHa Ha npeaBapuTesiHaTa BEPOATHOCT XMNoTe3aTa Aa € BAPHA,
YMHOX€EHa Mo BEPOATHOCTTA AOKa3aTeNiIcTBaTa [a ca HanuLe,

KaTo Ce uMa npeaBua, Ye xmrnortesaTa e BApHa, pa3jesieHa Ha
npenenHaTa BEpOSATHOCT AOKAa3aTeNcTBaTa Aa ca Hanuue

Npu BCAKAKBU 0bBCTOATENCTBA.

TepmuHonorusa: Posterior = Prior x (Likelihood over Marginal probability)
P(BIA)
P(B) marginal

P(AIB) |= P(A)|x

posterior

25
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Probabilistic Neural Network

INPUT
LAYER

PATTERN
LAYER R "
SUMMATION @ @ @
LAYER Class 1 Class 2 Clas
U N S

OuTPUT
LAYER
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" A
Probabilistic Neural Networks

9

1 1 & 1 T -
pi(X|k;) = (27Z')d/20d .Mi EEXP(—?‘_Z(X—XU) (X_Xij)j 1=1..,K,

D(x)=argmax{P(k) p; (x| k)}, i=L...,K,

P(k. |X) = KP(ki)pi(Xl Ki)
Zp(kj)pj(xl K;)
=1

, 1=1..., K.

npod. T. FaHueB, UU - 2023/2024 27
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Probabilistic Neural Networks

(@) -th neuron 1n the pattern layer, () a neuron in the output layer

4 Py (X k) P, (X|ky)

Cy

Pz(kz) 'C2,k . |\/|1

“TTR(k) o M,

b)
npod. T. MaH4yeB, UU - 2023/2024 28



" A
Probabilistic Neural Networks

1

fi(x,)= s Zexp ——(x —X:: )" (x —X::) |,
(2 )/ 1] 1]
| j=1 20
0=0.25 0=0.5
— I T M1 | — | T 1 |
o | inoans ol o | e\ LN
= T T T T T | = | T T T T T T
-4 2 0 2 4 b a -4 -2 0 2 4 b g
0=0.75 0=1
— I 1 — I 1
o | Foserh N o | Ao\,
= T T T T T = T T T T T T
-4 -2 0 2 4 6 8 -4 -2 0 2 4 6 a

npod. T. FaHueB, UU - 2023/2024
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" A
Probabilistic Neural Networks

1 T
fi(xp)_(2 1) M. - p[ZG(X Xij) (prij)}

D(xp):argr_nax{hi cifi(xp)}, 1=1,2

N (D(x,) k)
z N(D(x,) = k)

=7 (P(k |X)-p)

P(k; | X) = =12,

1 for y>0

O(h) =
0 for y <6

npod. T. FaHueB, UU - 2023/2024 30



" A
Probabilistic Neural Networks

Input Radial Basis Layer Competitive Layer
'R s Ty
o= | Wit
] i =l
— Il st » Il = . RS
LWz =
R B g Semenain
1—p b - inpLt vector
R 2 =1 f_:' K
SR A !
al = radbas | | TWL- p |l bidj a? = compet | LWzl at)

alis ith element of ar where IWiiis a vector made of the i th row of TWwL

7 = number of input'target pairs = number of neurons in layer 1
K = number of classes of input data = number of neurons in layer 2

npod. T. FaHueB, UU - 2023/2024 31
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Knacnpukatopu

( . .. .
Non-discriminative approaches

k-NN LVQ SOM

Polynomial TDNN
Decision
rees

discriminatively
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