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B pabore mpuBOAATCS OCHOBHBIC NMPUHIOMIBI MOCTPOCHUS M OOydeHHs HEHPOHHOH CETH IIyOOKOTO NOBEpHS IS
BBIJICJICHUS] CEMAaHTHYESCKHU 3HAYMMBIX IPU3HAKoB Ha ocHOBE BBIOOpKH CIFAR-10. {ns npegoOydeHus HeHpOHHOH ceTn
ITyOOKOTO JIOBEpHS IPUMEHACTCS Pa3pabOTaHHBIX MOAX0, Oa3NPYIONIMNCS Ha MUHIMHU3AaIUHU OIINOKN PEKOHCTPYKINT
BUAMMBIX M CKPBITBIX 00pa30B AJIs orpaHMYeHHOM MamuHbl bonsiimana (RBM).

KoaroueBble ciioBa: CemMaHTHYECKasl CETh, HEHPOHHAS CETh IIYOOKOTO JOBEpHs, OrpaHHUYCHHas MamuHa bombrMana,
OIMOKa PEKOHCTPYKIMU, METOJI 0OPAaTHOTO PacTIpOCTPaHEHHS OIMINOKH

BBenenune

CemaHTHYeCKHE UM HEHPOHHBIE CETH SBISIOTCA
MoOZeNAMM TpeacTaBieHus 3HaHui. [lpu atom eciu
CeMaHTHYeCKasl CeTh XPaHWUT 3HaHWs 00 OObEeKTax
MpoLeccax OKPYKaloLEro MuUpa B BUAE CTPYKTYPhI C
CBSA3SIMM M OTHOLICHUSMH, TO HEHPOHHAS CETh
ONEepUpYeT MX YHUCIECHHbIMHM CBoWcTBaMu. BozHukaer
BAXHBI  BOMPOC: KakUM  00pa3oM  BO3MOXKHO
WCIOJBb30BaTh  ammapar  HEMpOHHbIX  ceTed B
MOCTPOEHUU CEMaHTHYeCKUX Moaeneit? OTBeTUTh Ha
JIaHHBIA BOMPOC TOMOTYT HOBBIE WJEH W TOIXOJBI,
MOSIBUBIIIMECS B TEOPHH HEHPOHHBIX CETEH B MOCIEIHEE
JIeCATUIIETHE, CBSI3aHHBIE C HEHPOHHBIMU CETSIMH
TTyOOKOTO JTOBEPHS.

Hauunas ¢ 2006 r., 6narogapst padoram [Hinton et
al., 2006al, [Hinton, 2002], [Hinton et al., 2006b],
[Hinton, 2010] Xwunrona (J. Hinton), Havancs
OOpaTHBI ~ OTCYET B  Pa3BUTHM  MHOTOCIOHWHBIX
NEPCENTPOHOB MOJ HOBBIM Ha3BaHHEM - HEHpPOHHBIC
cetn nirybokoro nosepus (deep belief neural networks).
Takue cetn B oOLIeM ciiydae NPEACTABIAOT cOOO
JajbHelIee pa3BUTHE MHOTOCIOWHBIX TEPCEITPOHOB U

HHTETPUPYIOT  pa3NWYHbIE TMapagurMbel  0Oy4eHHs
HEUpOHHBIX ceTed. brarogaps cBoeil MHOroCiIOHHON
apXUTEKType, OHH IIO3BOJIAIOT 00padaTeiBaTh W

aHaJM3MPOBaTh OONBIIOW O00bEeM JaHHBIX, a TaKKe
MOJIEIUPOBATh KOTHUTUBHBIC IPOLECCHl B Pa3IMYHBIX
obmactsix. B mHacTtosmee Bpems  OOJBLIIMHCTBO
BBICOKOTEXHOJOTHYHBIX KoMnanuii B CIHA (Microsoft,
Google n T.1.) HCNIONB3YIOT HEHPOHHBIE CETH IITyOOKOTO
JIOBEpUs ULt MIPOEKTUPOBAHUS PpasIMIHbIX
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UHTEIUICKTYalbHBIX cucTeM. [lo BepcuH  y4eHbBIX
MaccadyceTcKoro  TeXHOJOTMYeCKOT0  MHCTHTYTa
(CLIA), meiiponHsle ceTu TiyOokoro mosepus (deep
belief neural networks), Bxomsar B cnucok 10 Hanbomee
OPOPBIBHBIX BBICOKMX TEXHOJOTHH, CIHOCOOHBIX B
HeJalekoM OyaylieM B 3HAYMTENbHOW  CTEHEeHH
npeoOpasuTh IOBCEAHEBHYIO KHM3Hb OOJBIINHCTBA
JIofed Ha Hauledl IulaHere. B Hacrosmee BpeMmst
HEWpOHHBIE CETH TIYOOKOTO JIOBEPHsSI CUHUTAIOTCS
PEBOJIIOLMOHHBIM IIArOM B 00JIACTH MHTEIUICKTYaIbHON
00pabOTKH TaHHBIX.

B nmaHHOI cTaThe pacCMOTpEH OfHA U3 OCHOBHBIX
Mojeneil oOydeHHs HEHpPOHHBIX CeTed TIryOOKOTro
JoBepusi, Oasupyromeecss Ha OTPaHUYCHHOW MallnHe
Bbonprmana (restricted Boltzmann machine (RBM)).
IIpennoxen HOBBII METOZ, JUISL o0y4eHus
OTPaHUYEHHOM MalluHbl BojbplMaHa U NOKa3aHO, YTO
MIPaBUIIO 00y4eHus OTpaHUYEHHON MaIIuHBI
Boneivana ABTISIETCSA YaCTHBIM clIydaem
MPEJIOKEHHOTO MeToza o0y4eHus, KOTOPBIi
6azupyercs Ha MUHMMHU3ALUI CyMMapHOH’
KB/IPATHYHOM OIMIMOKHM BOCCTAHOBJIECHHS MH(OPMALIIH.
Joka3ana SKBUBAJIEHTHOCTh MaKCHUMHM3aLUU
BEPOSITHOCTH PACHpPEAENCHHs JaHHBIX B OTPaHUYEHHON
MampHe bonbliMaHa W MHMHUMM3alMA CyMMapHOH
KB/IPATHYHOM OIIMOKHM BOCCTAHOBJICHHS MH(pOPMaNU
B ciosix (RBM).

PaccmarpuBaercss IpUMEHEHUE HEWPOHHBIX CETeH
DIyOOKOTO JOBEpHs Ul PEIICHHS 3aJa4d BBIICICHUS
CEMaHTUYECKH 3HAUUMBIX IIPU3HAKOB Ha IpUMEpE

Beicopku CIFAR-10.



1. HeiipoHHBI€e ceTH ITIy0OKOT0 J0BepHs

HeliponHass ceThb TiIyOOKOTO JOBEPHS COIEPKUT
MHOXXECTBO  CKPBITBIX ~ clloeB  (puUCyHOK 1) m
OCYILECTBIIET nrybokoe HepapXuueckoe
npeoOpa3oBaHKe BXOJHOTO IIPOCTPAaHCTBA 00pa3oB.

W3[O\W4 e
Y2 QYE QY"
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Pucynok 1 - HeiipoHHas cetb rirybokoro 1oBepust
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BrixonHoe 3HaueHUE J-I‘O HeﬁpOHa k-FO CJ1041
OIPCACIIACTCA CIACAYIOINUM o6pa30M:

yi =F(S)), @

K _ Ky k-1 | Tk

Sf =2y T @
=

rme F — QyHKius axTuBamuu HEHPOHHOIO >JIEMEHTA,

Sk

j

— BecoBoil kod(uuuent Mexay | -bim Heifponom (K -

; . K
— B3BEIEHHAas CymMa | -TO HelpoHa K -cros, W

; o K
j-M Heiiponom K -ro cnos, T

1)-ro cmos u i

IIOPOTOBOE 3HA4YeHHe | -0 Helpona K -ro crost.

st mepBoro (pacrpeneauTeabHOr0) CIIOs

Y =X 3

B MaTpHYHOM BHJIE BBIXOJHON BekTOp K -rocios

Y€ =F(S) = FW Y " +TY), (4)
rne W — marpuua BecoBbix kosduumentos, Y ' —
BoIXO1HOI Bekrop (K-1)-ro cmos, T¥ — Bexrop

NIOPOTOBLIX 3HaueHui HelpoHoB K -ro cnos. Ecim
HEHpOHHAs CceTh TYOOKOTO JAOBEPHUS HCIOIB3YEeTCs IS
ki1accudukanuy 00pa3oB, TO BBIXOIHBIC 3HAYECHHS CETH
9acTO OMNpPENeIAIOTCS Ha OCHOBE (YHKIMM aKTHBALUU
softmax:

N

et

y; =softmaxs,) = )

IIpouiecc oOydeHUs HEHPOHHBIX CETeH TITyOOKOrO
JIOBEpUSI B OOILIEM Clly4ae COCTOMT W3 JIBYX ATaloB:
npenoOydeHne HEHPOHHOW CETH METOIOM IMOCIOHHOTO
o0ydeHus, HauWHas ¢ mepBoro ciuost (pre-training).
JlanHOE€ OOydeHHme ocCymecTBiseTcs ©0e3 yYuTens.
Hactpoiika cunantudeckux cBsseit Bceit cern (fine-
tuning) npu  moMomM  anropurMa  OOPaTHOrO
pacupocTpaHEeHUs OMIIOKH 1581051 alropuT™Ma
«bonpcrBoBanus U cHay (wake-geep algorithm).

BaxHpiM 3TaroM oOyueHHs HEHpPOHHBIX ceTel
DIyOOKOTO JOBEpHsl SBISIETCA MpPeNoOydYeHHe CJIOeB
HelpoHHOU ceTH. OIHMH M3 OCHOBHBIX MOJIXOJOB K
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npenoOydeHUIo MeToJl, Oasupyromuiics  Ha
MPEACTABICHUU KaXJI0r0 CJI01 HEHPOHHOM CETHU B BUJIE
orpanndyeHHoi MamuHbl boiapumana (RBM).

1.1. Orpannyennasi Mammunua boibumana

OrpannyeHHass MamHa bolbIIMaHa COCTOWT W3
JIByX CIJIO€B CTOXaCTHYECKUX OWHAPHBIX HEHPOHHBIX
SIIEMEHTOB, KOTOPBIE COCAMHEHBI MEXAy CcoOou
JIBYHAIIPABICHHBIMH CHMMETPUIHBIMA CBAZAMU
(pucyHok 2). BxomgHoii cioifi HEHpOHHBIX 3JIEMEHTOB
Ha3bIBaETCS BHAMMBIM (cioii X ), a BTOpoiM cioi
Ha3bIBaeTCss CKPBHITHIM (cmoil Y ). HelipoHHyro ceTh

yOOKOro  JOBEPHA  MOXHO  NPEACTABUTH KAk
COBOKYITHOCTh OrPAaHUYEHHBIX MAalIMH bojblMaHa.
OrpanuyeHHas MallHa Bonbumana MOJKET
TeHepupoBaTh  (TPENCTAaBUTH) | JIFO00E IHUCKPETHOE
pacrpenenenne, €cid HCIOJNB3YETCSA - JOCTATOUHOE
KOJINYECTBO HEHPOHOB CKpBITOrO citost [Bengio, 2009].

Yy Y2 Y

Xi Xz Xn

Pucynok 2 - OrpannueHHas MamvHa bosibimana

JlaHHas ceTh ABISETCS CTOXAaCTUUYECKONM HEHMPOHHOM
CeThI0, B KOTOPOH COCTOSHUSI BHIUMBIX M CKPBITHIX
HEWPOHOB MEHSIOTCA B COOTBETCTBUM C BEPOSATHOCTHOM
Bepcueil CUTMOMIHON (YHKIIUHN aKTUBAIUU:

l n
p(y, |X):ﬁisj = 2% +T, (6)
_ 1 -\
p(xi|y)—m1s.—z Ly, + T, (7)
J

CocrosiHust BUAUMBIX U CKPBITBIX HeﬁpOHHBIX
3JIEMECHTOB IIPUHUMAIOTCS HE3aBUCUMbBIMU:

Px1Y) = [P 1)
Py 1) = [P(Y, 19

Takum o00pa3oM, COCTOSHHMS BCeX HEHPOHHBIX
JJIEMEHTOB ~ OTpaHMYEHHOW  MamuHbl  bBonblvaHa
OIPENENISAIOTCS Uepe3 paclpeelieHe BeposiTHOCTe!. B
RBM HeHpoHBI CKPBITOTO CIIOS SBJISIOTCS JIETEKTOPAMH
MPU3HAKOB, KOTOPBIE COXPAHSIOT 3aKOHOMEPHOCTHU
BXOJHBIX JaHHBIX. OCHOBHAS 3a7a4a 00yIEeHUS COCTOUT
B BOCIIPOM3BEICHUH PACHPEAETICHNS BXOAHBIX JaHHBIX
Ha OCHOBE COCTOSIHWH HEHPOHOB CKPBITOTO CJIOS Kak
MOXHO TOYHEe. OTO HKBHUBAJICHTHO MaKCUMH3AIHU
¢yHKIIMM  TIpaBmoOmofo0us  myTeM — Moau(HKaiH
CUHANTUYECKUX CBA3€H HEHpoHHOU ceTu. PaccMoTpum



3T0 nopolHee. BEposATHOCTD HAXOXKACHHUS BUANMOTO U
CKpBITOTO HelpoHa B coctostamu (X, Y) onpenensercs

Ha OCHOBe pacrnpezesnenus [ nooea:

7E(X!y)

P(xY)=——

e E(X,Yy) - sueprus cucremsl B coctosuun (X,Y),

Z napamMerp, KOTOPBIA OIpeneNnseT YCIOBHE
HOpMaJIM3alii BEPOSITHOCTE, TO €CTh, YTOOBI CymMMa
BEpPOSITHOCTEHl paBHsIACh enuHuIe. [JaHHBIA mapaMerp
OIpeesIeTCs CeIYIOMUM 00pa3oM:

Z=

Xy

e‘E(XvY)

BeposiTHOCT HaxOXIEHHUS BUIUMBIX HEHPOHOB B
OIpeIeIEHHOM COCTOSIHUM  paBHSETCS CyMMe
BeposTHOCTEH KoHpurypanmii P(X,Y) no cocrosausm

efE(x,y)
e—E(x,y)

Jns  HaxoxkIeHMs ~— IpaBwia  MOAU(HKALUH
CHHANTHYECKHUX CBsA3ell He0OXOAUMO MAaKCHUMH3HUPOBATh
BEPOSITHOCTh BOCIPOU3BEICHUA COCTOSHUM BHUAMMBIX
neiiponoB P(X) orpannuennoii mammuoi bBonbumana.

CKPBITBIX HEHPOHOB:

—E(x.y)

PO) =2 Pxy) =), Z

Jnst Toro, 4toOBI ONpENeNuTh MaKCUMYM (QYHKIHUU
npasonoao6us pacrpeneienus aanneix P(X) Gymem

UCIIONB30BaTh ~ METOJ  TPaJUEHTHOrO  CIyCKa B
MPOCTPAHCTBE BECOBBIX KOI()(PHUINECHTOB U MOPOTOBBIX
3HAUCHUH CCTHU, TAC B KAYECTBE I'paJUCHTA IIPHUMCHUM
(yHKIMIO JTOrapuPMUUECKOTO NPaBIONOA00HS:

INP(x) =In> e Y —In e &Y
y X,y
Torna rpagyMenT paBeH

aInP(y) _ InZe ey 0 InZe’E(x’y)
ij Xy

oW, J.
IIpeoOpasys mociieaHee BEIPAKCHUE, TOTYIHM

@|n P(X) - _ 1E ZefE(x,y) M "
aWij Ze‘ ) > awij
y
ey FE(XY)
E(x,y)
Ze‘E(”’ SoE 28 o,
Tax kak
P(x,y) = P(y | X)P(x)
TO
P(x,y) _ (1Z)e=*” e ()
P X) = — —
1 P(x) Ze*E(X,y)
y

C(1Z)Y e
y
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B pesymbraTe MOXHO TONYYUTh CJIEAYIOIIEE
BBIPpAKECHUE:!
oInP(X 6E X,
aInP() _ SPix E(xY) |
8\/\/Il 8\/\/,J
OE(X, )
+ ZP(X y)———=
ij
B 1aHHOM  BBIpaXEGHMHM IIEPBOE  CIIAracMoe

ompenenseT IO3UTUBHYI (asy paboThl MallMHBI
bonbiMana, korzna cetb paboTaeT Ha OCHOBE 00pa3oB U3
o0yuatomei BBIOOPKH. Bropoe claraemoe
XapakTepu3yeT HeraTuBHYIO (a3y (pyHKIHOHHPOBAHUS,
KOIJZla ceTh paboTaeT B CBOOOJHOM pexKHUME HE3aBUCUMO
OT OKpyKaromeil cpensl. PaccMoTpum 9Hepruto cetu
RBM. C Touku 3peHHs SHEPTUH CETH 3ajada 00ydeHHs
COCTOHT B TOM, YTOOBI Ha OCHOBE BXOAHBIX JaHHBIX
HaWTH KOHQUTYpalUIO BBIXOAHBIX MNMEPEMEHHBIX C
MUHUMAJBHOH 3Heprueil. B pesynabrare Ha oOydaromem
MHOJKECTBE CETh OyAeT MMETh MEHBIIYIO0 SHEPTHUIO I10
CPaBHEHMIO C JIpyruMH cocTtosHusaMu. DyHknus
sHeprun GuHaproro cocrosnust (X,Y) ompenensiercs

AHAJIOIMYHO CCTH XOHCI)I/IJ'I,Z[EIZ

E(x,y) = _ZXiTi - ZijJ - 2)9 YW (8)
i i 0
B atom cityuae
E(xy) _
ow, -
u
olnP(x
9P D PYIXX, Y =D P Y)XY,
6'Wij y X,y
Tak kak MaTreMaTH4YeCKOE OXXUJJAHUE PaBHACTCA:
E(x) = Z)g P
TO
oInP(x)
T2 =Elxy, L, -Elxy L.,
aVVij J ddat J drodel
AHaJIOTHYHBIM 06pa30M MOXHO IMOJYYUTHh

TrpaguCHTBI JJI TIOPOTrOBLIX 3HAYCHMIM:

oln P(x)

a-l— [ ]data - [ ]rmdel
oln P(x) _

T - E[yj ]dala - E[yi ]m)del

J

Kak ciemyer W3 MOCIEOHUX BBIPAKCHHH, MEPBOEC
cllaraeMoe  XapakTepu3yeT paboTy CeTH Ha OCHOBE
JAaHHBIX M3 00ydaromieli BHIOOPKH, a BTOPOE ClIaracMoe
— Ha OCHOBE JaHHBIX MOJCIH (IaHHBIC T€HEPUPYEMBIC
CEThI0), TO €CTh B CBOOOJAHOM PEKHUME HE3aBHCHMO OT
OKpyXKaromed  cpempl. Tak  Kak  BBIYHCICHHE
MaTreMaTH4YeCKoro oxkuaanus Ha ocHoBe RBM certu



SBISIETCSL OYCHb  CIIOKHBIM, XWHTOH  IPEUIONKHAI
HCIIOJIb30BaTh ANMPOKCUMALNIO [JaHHBIX CIIAraeMsbIX,
KOTOPYIO OH Ha3Bal KOHTPACTHBIM PaCXOKICHHEM
(contrastive divergence (CD)) [Hinton et al., 2006a].
Taxas aIIpOKCHMAIIHsI OCHOBBIBAETCS Ha
muckperusarope ['m66ca (Gibbs sampling). B atom
cllyyae IMEpBbIE CJaraeMble B BBIPAKEHHAX IS
IpajieHTa XapakTepU3yIOT PACIpE/e]eHUE IaHHbIX B
moment Bpemenn t=0, a Bropbie cnaraemeie
XapaKTepU3YIOT PEKOHCTPYUPOBAHHBIE WK
TCHEPUPYEMbIE  MOJCNBIO  COCTOSHHS B MOMEHT
spemenn t =K. Ucxons u3 sroro, CD-K npouenypa
MOJXET OBITh MPEACTABICHA CICAYIOMINM 00pa3oM:

X(0)— y(0) > x(1) > y(1) — ... > X(K) — y(K)

B pesymprare MOXHO IIOJNYYUTH CIIEIYIOIIUE
npaBmwiaa s oOydenuss RBM  cetn. B ciyuae
npumenenus CD-1, K=1 wu yuwteBasg, uro B
COOTBETCTBHHU C METOJOM T'PaJIUCHTHOTO CITyCKa

aINP(x)

W (t+1)= W O+ea ow, ®

Moxuo MOJY4YUTh, YTO

w, (t+1) = w, (1) +(x (0)y, (0)— X (1), (1))
T+ =T, O +a(x(0)-x(1)
Tj (t +l) = Tj (t) + a(yj (0)_ yj (1))

AmnanornyasiM obpaszom, mist anropurma CD-k

w; (t+1) = w; (t) + a(x (0)y; (0)—x (k) y; (k)
T(t+1) =T, (1) +a(x(0)-x(Kk))
T,(t+1) =T, (1) + a(y, (0) -y, (k).

W3 nocnenHux BbIpaX€HWW BHUIHO, YTO MpaBuia
o0y4eHHsT  OrpaHWYEHHOH  MamuHbBl  bombiMaHa
MUHUMU3HPYIOT pasHUIy MEXIY OpPHUTHHAIBHBIMU
JAaHHBIMH ¥ JaHHBIMA TEHEPHUPYEMBIMH MOJEINEIO.
l'enepupyemble MOAENBbIO JAaHHBIE ITONYYAIOTCS MPH
TIOMOIITH COMILTHpOBaHUs [ mO6ca.

1.2. O0y4eHne HeiipOHHOH ceTH II1y0OKOro
nosepusi Ha ocHoBe RBM

OOyueHue HEHPOHHONM CceTH NIIyOOKOro JOBEpUs
IPOUCXOOUT  HAa ~OCHOBE  (OCKAJHOTO»  AJrOpHUTMa
nocinoitHoro obyuenus (greedy layer-wise agorithm). B
COOTBETICTBMM ¢ HUM BHauaje oOyuyaeTcsi MEepBBIH cIOii
cetn kak RBM wmammna. [l 3TOro BXOJAHBIC JaHHBIC
MOCTYIAIOT Ha BUIUMBIA CJIOH HEWPOHHBIX JIEMEHTOB H
ucnons3ys CD-K mporenypy BBIYHCISIIOTCSL COCTOSIHHS
ckpoitbix  P(Y | X) u Buammeix weiiponos P(X|Y). B
mpoliecce BIITOJIHEHUS JaHHOH Mporenypsl (e 6onee 100
9M0X) U3MEHSIOTCS BECOBBIE KOO (HUIIMEHTH U TOPOTOBBIE
3HayeHuss RBM cetn, xotopble 3aTeM (HUKCHPYIOTCS.
3arem Oepercst BTOpPOW CJIOW HEHPOHHOW CeTH U
koHCcTpyupyercss RBM mamuna. BXogHpIME TaHHBIMUA 17151
Hee SBIAIOTCS JaHHbIE ¢ Ipeasiaymero cios. [Ipoucxoant
oOyyeHHe M TIpolecC NPOAOJDKAeTCs U BCEX CIIOEB
Heiponnoit cetu [Hinton, 2009]. B pesymbrare Takoro
o0yueHust 0e3 y4MTEIss MOXKHO IOJIYYUTh IOIXOASILYIO

HaYaJIbHYI0 MHHUIHMAIN3AIUI0 HACTPAUBAEMBIX [1APAMETPOB
cetu mIyOOKoro moBepus. Ha 3akiio4nmTenbHOM 3rare
OCYIIECTBISIETCST TOYHAsE HACTPOMKa MapaMeTpoB Bceid
cern npu HOMOILH AITOpUTMA 00parHoro
pacmpoCTpaHeHus! OIIHOKU Win AITOPUTMA
«boxpcTBoBaHus 1 cHa» (Wake-sleep algorithm).

1.3. AnbTepHATHBHBII B3I HA
OrpaHMYEeHHYI0 MALIHHY

B JTAHHOM paszene paccMaTpuBaeTcs
aJbTepHATUBHBINA B3MNIAJ Ha OTIPAaHUYCHHYIO MAaILIUHY
Bonbivana kak aBTOACCOIMATUBHYIO HEMPOHHYIO CETb,
KOTOpasi MOXeT (YHKIMOHHPOBaTh C  JIFOOBIMH
JAHHBIMHM, KaK OWHAapHBIMH, TaK W YHCIOBBIMH.
IIpennaraercst HOBBIN MeTOJ JUId MOIY4EHHUS MpaBHIa
oOy4eHuss  orpaHMuyeHHONM  MamuHbBl  bonbivana
[Golovko et da. 2014]. On Oasupyercs Ha
MHUHUMH3AIUA OIIMOKH PEKOHCTPYKUUH BUANMBIX H
CKPBITBIX  00pa30B, KOTOPYIO =~ MOXKHO MOJYYHTb,
UCTIONB3ys WTepauuu coMIumpoBanus [ub6ca. Ilo
CPAaBHEHHIO C TPAAUIMOHHBIM MOIXOJOM, OCHOBAHHBIM
Ha sHepruu Mmeroxe (energy-based method), kortopsrii
GasupyeTcsl Ha JHHEHHOM IIPEJCTaBICHUN HEHPOHHBIX
JNMIEMEHTOB,  NPEAJIOKEHHBIH  METoJ  IMO3BOJIIET
YUUTHIBATh  HENMHEHHYK  IPUPOAY  HEHPOHHBIX
JNIEMEHTOB.  PaccMOTpUM  OTpaHHYEHHYIO MAlIUHY
Bonbimana, kotopyro OyaeM NpeACcTaBsATh B BUIE TPEX
cioeB HeWpoHHbIX dnmemeHtoB [Golovko et al., 2012]:
BUJIUMBI#, CKPBITBIN U BUIUMBIN (PUCYHOK 3).

Y(1)
X(1) X(0) Y(0) X(1

3 —

Pucynok 3 - IIpeacrasnenrie RBM B Buzie peuupKy IsIIMOHHOR CETH

CommunpoBaHue I'n66ca 3aKIIIOYaETC B
caenyromein mpoueaype. I[lycts X(0) BXomHO# BEeKTOD,
KOTOpBIIl IIOCTYNAaeT Ha BUJAMUMBIM CIOM B MOMEHT
Bpemenn 0. Torma BbIXOAHBIE 3HAYCHHUS HEHPOHOB
CKPBITOTO CJIOL:

y;(0)=F(S;(0)), ©

S,(0)= > w;x (0)+T,. (10)
WuBepcHbIil  (TOCNEHUN) CIIOW  PEKOHCTPYHpPYET
BXOJIHOM BEKTOP Ha OCHOBE JAHHBIX CO CKPBITOTO CIIOS.

B pesynsTaTe MOTy4aeTcsi BOCCTAHOBJIEHHBIH BEKTOD
X(1) B MoMeHT BpemenH 1:

x (1) =F(S(1), (11)

SD)=2w,y,(0)+T. (12)



3arem Bextop X(1) mocTymaeT Ha BUIMMBIH CIIOH, B

BBIYUCIIAKOTCA BBIXOIHBIC 3HA4YCHUA HeﬁpOHOB
CKPBLITOI'O CJIOA:

y; (D) =F(S (1), (13)

S (D)= wx (1)+T,. (14)

IIponomxkast JaHHBIA HNPOLECC, MOXKHO MOITY4YHUTh Ha
mare K

Y (K) = F(S(K), S; (k) = 3 wx (K)+T,.
X (k)= F(S(K), S () =2 wy,(k-1)+T.

Hempto  oOyueHHWs  OTpaHMYCHHOH  MAIIMHBI
Bonbumana — sABASETCS  MUHUMU3aLUS — CyMMapHOU
KBa/IpATHYHOW OIIMOKH PEKOHCTPYKLIMHM JAAHHBIX Ha
CKPBITOM ¥ BOCCTaHABJIMBAIOIIEM CJIO€, KOTOpas B
ciiyyae CD-K ompezessieTcst CeayonM o0pa3om:

£ =233 (A -, (p-DF +
233K (A)-X (p-D))

B cayuae CD-1 cymmaprast KBagpaTudHas omInoOka

——ZZ(y,(l) y; (0))° +

|l]l

+ ZZ(K (1)-% (0

1=1i=1

rie L komuuectBo BxOmHBIX 00pa3oB. Kak cinemyer us
NPUBEJCHHBIX BBIIIE BBIPAKEHUH OIINOKA COCTOMT M3
JIBYX YacTei: OMIMOKM BOCCTaHOBJIEHHs HHGOPMAIUU
Ha CKPBITOM U BBIXOJHOM CJIO€.

Teopema 1. Maxkcumuszanus
MPaBAONOA00Us < pacHpPEACHCHAS IaHHBIX

GbyHKIUN
P(X) B

MMPOCTPAHCTBC ' CUHAIITUYCCKUX CBs3CH OrpaHH‘IeHHOﬁ

MamMHbl  bonbllMaHa SKBUBaJ€HTHA MMHHUMHU3ALMH
CyMMapHOW KBaJpaTUYHONH OUIMOKH CETH B TOM IKe
IPOCTPAHCTBE  IIPU  HCIOJIB30BAHUU  JIMHEWHBIX
HEHUPOHOB.

CaencrBue 1. JluneifHas orpaHWYeHHAs MallnHA
BonbriMana C Touku 3peHHs] OOydeHHUs SKBHUBaJCHTHA
aBTOACCOLIMATUBHOM HEHPOHHOI ceTn pu
UCIIOJb30BaHUU B HEHl NpH 0Oy4YeHHH COMILIMPOBAHUS
T'u60ca.

Caencreue 2. JIns HenuHeilHOH orpaHUYeHHOI

MamuHBl  BombiMana  mpaBmio  MOmU(UKAIAA
CHHANTHYECKUX cBs3ed B ciaysae CD-k  Oyxer
CJIE/IYIOLIHM:

w; (t+1) = w (1) -
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—a[i(yj (P) =y, (P=1)% (PF'(S;(P)+ (% (P) —x (P-1)y, (p—l)F’(S(p))j

T (t+)=T, () - Z(y i(P=D)F'(S () |,

T(t+)=T() -« Z(Xi(p)—xi(p—l))F'(S.(p)) :

p=1

CaencrBue 3. J{nsg HenwHEHHON oOrpaHHYEHHOMN

MmamHel  bonbliMaHa — mpaBwio  Mogu(UKANUU
CHUHANTHYCCKHUX cBs3elt B cimywae CD-1  Oyger
CJIE/TYIOLIHM:

w; (t+1) = w (1) -

a((y; (D)= y; (O)F'(S; (D)% (1) + (% (1) - X (O)F'(S (1)y; (0)).
T(t+1) =T.(t) - a(x(D)-X(0)F'(S (1)),
T, +1) =T, () - aly, (DY, (O)F'(S, (1))
Ecnu ucmons3yercst rtpymnmoBoe obyduenue (batch

learning), To ‘B 3TOM ciydYae METOJ TPaJHECHTHOTO
CITyCKa 3aIIMCHIBACTCS CICAYIOINM 00pa3oM:

OE,
[ 1
W (t+1) = w; (1) - a . o, () (15)
OE
Ti(t+1)=Ti(t)—OtaTi (St) (16)
TJ. (t+1)= TJ. M-« aTj (st) (17)

B nanHOM pasmene HOXydeHBI IpaBmiIa OOyYeHHS
I OTpaHUYEHHOM MamuHbl borbiMaHa, KoTOpbIE
0a3upyroTCs Ha MUHUMH3AIMN KBaJPAaTUYHON OMIMOKH
BOCCTAHOBJIICHHS HH()OPMAIMU B CKPHITOM M BHIAMOM
ciosix. IlpeasiokeHHBIH METOJ MO3BOJISIET YUUTHIBATH
HEIMHEWHYI0  NpUpPOLy  HEWPOHHBIX  3JIEMEHTOB.
[lokazaHo, 4YTO KJIacCHUYECKHE BBIPAXKEHUSA  AJIs
00y4eHHUsI OTpaHIMYCHHON MAIIWHBI SBISFOTCS YaCTHBIM
cIydyaeMm IMpeasioKeHHOTo Mmerona. JlokazaHa Teopema
00  OKBUBAJICHTHOCTH  MAaKCHUMHU3aIMU  (QYHKLIUH
npasonoobus pacrpeneienus aaHHeix  P(X) B

MPOCTPAHCTBE CHHANTHYCCKUX CBSI3€H M MUHUMH3AINN
CyMMapHOW KBaJIpaTUYHOW ONIMOKA CETH B TOM K€
MPOCTPAHCTBE JJIS JTHHEHHON OTpaHMYCHHON MAaIluHBI
Bonbiimana.

2. IIpumeHeHne HePOHHBIX ceTeid
Iy0OKOro 10Bepust

2.1. IlocTaHoBKAa 33244 U YCJIOBHSA
NpoBeIeHNs IKCIePUMEeHTa

Jna aHanm3a 3¢ PEeKTUBHOCTH o0yueHus
pa3paboTaHHBIX AITOPUTMOB OblJIa BHIOpaHA M3BECTHAS
Beibopka CIFAR-10. Ota BeIOOpKa coctout M3 60000
n300pakeHnit  pasMepHOCThO  32X32  pasiaM4HBIX
00BekTOB, mpuHaIIexKanmx 10 ocHOBHBIM Kiaccam: 1.



camouieT, 2. aBToMoOwb, 3. nruua, 4. kot, 5. oneHp, 6.
cobaka, 7. msarymka, 8. momans, 9. xopabmp u 10.
IPY30BHK.

Jns oOyuyeHust pacrio3HaBaHHsT OOBEKTOB JaHHBIX
KJIaCCOB HCIIOJb30Bajlach HEWpPOHHast CeTh NIyOOKOTro
noBepust apxutektypel 3072 — 1500 — 750 — 10. U3
MOJHOM BRIOOPKU ObLTO B3sTO 20000 M300paxeHuit aus
dbopmupoBanuss  BBIOOpPKH ~ 00yueHus. OCHOBHbIC
napameTpsl 00y4deHust: ckopocTh oOydenus — 0,03 (Ha
sTane npenoOyuenus u fine-tuning), pasmep mini-batch
— 200, xommuectBOo 5mox mpemobyuenuss — 10, fine-
tuning — 50.

Iocme BrmonHeHNs 00y4YeHUsI NAaHHON HEHPOHHOM
CeTH TIIyOOKOTO MOBEpPHsS Ha BBIXOJHOM CJIO€ OBLTH
OLICHEHBl PACCTOSHHUS MEXIY BEKTOpaMH BECOBBIX
KO3 PHITEHTOB.

2.2. [TocTaHOBKA 321241 H YCJIOBHS
NpoBeIeHNs1 IKCIePUMEHTA

JlaHHBIE O  paAcCTOSHUSX MEXIYy BECOBBIMH
ko3¢ durmieHTaMi Ha TOCIEeTHEM (BBIXOTHOM) CIIO€
HEUPOHHOU ceTh 930131 YIOPSIIOYEHBI,

MPOTPaSyHpOBaHbl U CBEACHBI B CIEIYIOUIYIO TaOIHUILy
MICEBJIOPACCTOSHUM:

Tabmuna 1 — IceBnopaccrosuus s kiaaccoB CIFAR

0 37 |16 |20 |2 17 |21 | 7 1 34
0 42 |36 |41 |38 |45 |44 | 26 | 15

0 33 |11 |24 |18 |23 |13 | 30

0 8 3 10 |32 | 29 |35

0 4 5 12 | 6 40

0 14 | 22| 28 | 39

0 27 |25 | 43

0 19 | 31

0 9

0

Hccnenys nomydeHHyo TaOnuIly, MOXKHO 3aMETHTH,
910  ONM3KUMH  CEMAaHTHYECKUMH  INPHU3HAKAMU

o0naaroT TakWe KIIacChl Kak, HallpuMmep, camoieT U
KOpabib, caMmoJIeT W OJeHb, KOT M co0aka, OJieHb U
cobaka, OiieHb M JisTrymKka. [Ipy 3TOM HaMMEHBLIIMMHU
0o0ImMMH MpU3HAKAMU 00J1a1al0T KJIacChl aBTOMOOUIb U
JIOITa/(b, aBTOMOOWIIb U JIATYIIIKA.

3akirouenue

C pa3BUTHEM obmacreit HCKYCCTBEHHOTO
MHTEIUIeKTa HAaOMIOaeTcss TMOSABICHHWE  Pa3INYHBIX
BO3MOKHOCTEM i1 MHTErpalud MIed U HX
COBMECTHOTO HCIIOJIb30BAHUSA B paMKax OOIIMX TEOpHid.
K mpumepy, BIOJHE BO3MOXHO HCIONB30BaHHE

HEHUPOHHBIX CETEW, a B YaCTHOCTH, HEHPOHHBIX CETEH
DIyOOKOTO JTOoBepHs (Kak OONaJarouid TIOTCHIMAIOM B
00paboTke OONBIIMX OOBEMOB JaHHBIX) B 3ajJadax
BBIJICJICHUS] CEMAHTUYECKH 3HAYMMBIX MPU3HAKOB M X
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aHanm3a. Kak mpaBwiio, mpu 3TOM IOTy4aeMbIe TaHHBIE
CHOCOOCTBYIOT ~ ONPENENCHUIO CKPBITHIX, 3a4acTyio
IUIOXO BBISBISIEMBIX IPH PYYHOM aHajJHM3e, OOIINX
MPU3HAKOB.

B nanHO# cTaThe mpenjaraeTcs HOBBIA IMOAXOA K
NMpe00yYCHUIO HEHPOHHBIX CeTel TIyOOKOTo JOBEpHs,
a TaKk)Ke INPUBOAUTCS MPUMEP €ro MCMOJIb30BAHMS IS

npenoOyueHuss  ceTd  KiaccuUKauuu — 0Opa3oB.
ITapameTpsl NOTy4EHHONH CETH aHAIU3UPYIOTCS C
LENbI0  ONPEAETCHUS  CEMAaHTHYECKH  3HAUYMMBIX
MPU3HAKOB.

bubanorpaguyeckuii cnucok

[Hinton et al., 2006a] Hinton, G A fast learning algorithm for
deep belief nets / G Hinton, S. Osindero, Y. Teh // Neura
Computation. — 2006. — Vol. 18. — P. 1527-1554.

[Hinton, 2002] Hinton, G Training products of experts by
minimizing contrastive divergence // Neural Computation. — 2002. —
Vol. 14. — P. 1771-1800.

[Hinton et al., 2006b] Hinton, G Reducing the dimensionality of
data with neural networks / G Hinton, R. Salakhutdinov // Science,
313 (5786). — 2006. —P. 504-507.

[Hinton, 2010] Hinton, G A practical guide to training restricted
Boltzmann machines // Tech. Rep. 2010-000). — Toronto: Machine
Learning Group, University of Toronto, 2010.

[Bengio, 2009] Bengio, Y. Learning deep architectures for Al //
Foundations and Trends in Machine Learning. — 2009. — Vol. 2(1). —
P 1-127

[Hinton, 2009] Hinton, G Greedy layer-wise algorithm // Journal
of Machine Learning Research 1. — 2009. — P. 1-40.

[Golovko et al., 2014] Golovko, V. A Learning Technique for
Deep Belief Neura Networks / V. Golovko, A. Kroshchanka, U.
Rubanau, S. Jankowski // in book Neural Networks and Artificial
Intelligence. — Springer, 2014. — Vol. 440. Communication in
Computer and Information Science. — P. 136-146.

[Golovko et al., 2012] Golovko, V. Neural network model for
transient ischemic attacks diagnostics/ V. Golovko, H. Vaitsekhovich,
E. Apanel, A. Mastykin // Optical Memory and Neural Networks
(Information Optics). — 2012. — 21(3). — P. 166-176.

APPLIYING DEEP BELIEF NEURAL
NETWORKS TO EXTRACTION VALUEBLE
SEMANTIC FEATURES

Golovko V.A. ", KroshchankaA.A."

*Brest Sate Technical University
gva@bstu.by
kroschenko@gmail.com

The main principles of construction and learning
deep belief neural networks for extraction valuable
semantic features are proposed. The proposed approach
is based on minimization of reconstruction mean square
error, which we can aobtain using a simple iterations of
Gibbs sampling.





