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o Cetu KoxoHeHa gnsa knactepusauuu u Bulyanusauuu
@ 3agada knactepusauum
@ Mogennm KOHKYPeHTHOrO 0byyeHus
o Kaptbl KoxoneHa

e ABTOKOAUPOBLLUKU
@ 3ajaya NOHWKEHUSI Pa3MEPHOCTH
@ PerynsapunzaTtopsi
@ HekoTopbie npunoxkeruns

© Passutue naeii yactuyHoro obyuenus
@ [lepeHoc oby4eHnsi 1 MHOro3agaqHoe obyueHue
o [luctuansauns u npuBUAErnpoBaHHoe oby4eHmne
@ eHepaTusHble cocTsizaTensbHble cetn (GAN)



Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apada knactepusaymn
Mopgenn koHkypeHTHOro oby4eHus
KapTtbl KoxoHena

MocTanoBka 3apaum knactepusauumn (0dyyeHus 6e3 yuntens)

OaHo:

X' = {x}{_, — obyuatowas evibopka obbekTos, X; € R”
0%(x, w) = ||[x — w|> — esknugosa meTpuka & R”
Haiitu:

ueHTpbl knactepos w, € R", y € Y; anroputm knactepusauuu
«npaeuio xectkoii koHkyperuyun» (WTA, Winner Takes All):

a(x) =a i
(x) = arg min p(x, wy)

KpuTtepuii: cpefgHee BHYTPUKNACTEPHOE pacCTosiHUE

¢
Q . Xf _ 20 . .
(W' ) - p (XH Wa(X,')) — min
. wy: yeY
i=1
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Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apgaqa knactepusauun
Mopgenu koHkypeHTHoro oby4eHns
KapTtbl KoxoHena

CeTtb KoxoHeHa (ceTb C KOHKYpPeHTHbIM 00y4eHnem)

CTpykTypa anropuTMa — ABYXC/OWHas HelipoHHas ceTb:

@Wll% p(X’ Wl)

1
WK \

“ 7
Q&Wﬂé p(x, wk)

pagneHTHbIi war B metoge SG: ans BbibpanHoro x; € X

arg
min

— a(x) = arg min p(x, w,
(x) = arg min (. w,)

Wy 1= wy, + n(xi — Wy)[a(xi) = y}

Ecan Xj OTHOCUTCA K KNnacTepy y, TO Wy COBUTaeTCA B CTOPOHY X;

T.Kohonen. Self-organized formation of topologically correct feature maps. 1982.

K. B. BopoHuos (voron@forecsys.ru) NckyccTBeHHbIe HelipoHHble ceTu 4/35



Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apgaqa knactepusauun
Mopgenu koHkypeHTHoro oby4eHns
KapTtbl KoxoHena

Anroputm SG (Stochastic Gradient)

Bxop: Buibopka X; Temn obyuenus 7; napameTp \;
Bbixoa: ueHTpbl KnacTepos wy, ..., wx € R”;

VHULMANM3MPOBAThL LEHTPLI Wy, ¥y € Y,
VHULNANU3NPOBATL TEKYLLYHO OLEHKY (PYHKLMOHANA:

4
Q= ;,02(Xi, Wa(x,-));

NnoBTOPATL
BbIGpaTh 06bekT X; u3 X’ (Hanpumep, cyqaiino);
BBIYNCNNTL KNACTEpU3aLnio: y := arg mig p(xi, wy);
ye
FPAAMEHTHBIN Wwar: wy, 1= w, + n(x; — wy);
OLEHNTL 3HadYeHne dyHKUNoHanNa:
._ 2 :

Q1= (1-1)Q + \2(x, wy):

noka sHauexue Q n/unan Beca w He cTabunusupyrorcs;
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Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apgaqa knactepusauun
Mopgenu koHkypeHTHoro oby4eHns
KapTtbl KoxoHena

MEcTKkasa n MArkas KOHKypeHuus

Mpasuno xéctkoit koHkypenuun WTA (winner takes all):

wy = wy, + (X — Wy)[a(x,-) = y}, yeyY
Hepoctatkn npasuna WTM:
@ MEAJIEHHAst CKOPOCTb CXOAUMOCTU

o HEKOTOpble Wy MOFyT HUKOrga He BbI6V|paTbCF|
Mpasuno msarkoii koukypenuun WTM (winner takes most):
wy = wy, + (X — wy) K(/)(x,-, Wy)>, yey
rae sppo K(p) — HeoTpuuaTenbHas HeBo3pacTatowas yHKUMs

Tenepb LEHTPbI BCEX KACTEPOB CMELLAIOTCS B CTOPOHY Xj,
HO YeM JaJjblue OT Xj, TEM MeHbLUE BENYNHA CMELLEHNS
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Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apgaqa knactepusauun
Mopgenn koHkypeHTHOro oby4eHus
KapTbl KoxoHena

KapTta Koxonena (Self Organizing Map, SOM)

Y ={1,...,M} x{1,..., H} — npsimoyrosnbHas ceTka KiacTepos
Kaxxgomy y3ny (m, h) npnnucan neiipon KoxoHeHa wy,, € R”
Hapsigy ¢ meTpukoin p(x;, x) Ha X BBOAWTCS MeTpuMka Ha ceTke Y:

(i, i), (m, ) = /(= mi)2 4 (h — hi)?

OxkpectHocTs(m;, h

i):
H o e} e} e} e} (¢] (¢]

/ \
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Teuvo Kohonen. Self-Organizing Maps. 2001.

K. B. BopoHuos (voron@forecsys.ru) NckyccTBeHHbIe HelipoHHble ceTu 7/35



Cetn KoxoHeHa ans knactepmsauymmn v Busyannsaunmu Bapaqa knactepusauun
Mopgenn koHkypeHTHOro oby4eHus

KapTbl KoxoHena

O6yueHue kapTbl KoxoHeHa

Bxoa: X! — obyuatowas Beibopka; 7 — Temn obyueHus;
Bobixoa: wy,, € R" — Bektopbl Becoe, m=1..M, h=1..H,

Wpmp := random (—ﬁ, ﬁ) — MHULWANN3aunsi BECOB;

NOBTOPSATHL
BbIbpaTh 06bekT X; u3 X! cnyyaiinbim 0bpasom;
WTA: Bbl4MCANTE KOOPAWHATLI KnacTepa:

(mj, hi) == a(x;) = arg min p(x;, Wmp);
m,h)eY

ana scex (m, h) € Okpectrhocts(m;, h;)

WTM: caenatb war rpagneHTHOro cnycka:

Wmh = Wmh + 17(Xi — Wmp) K(r((m,-, hi), (m, h)));
NoKa knacTepn3ayms He ctabunnsnpyercs;
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Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3agau
Mopgenn koHkypeHTHOro oby4eHus
KapTbl KoxoHena

Nutepnpetayna kapt KoxoHeHa

Nea tuna rpacpukos — useTHeix KapT M x H:
e Liger ysna (m, h) — nokanbHasi NIOTHOCTL B Touke (m, h) —
cpenHee pacctosiHue go k banxaliwmx To4ek Bbibopky
@ [lo ogHoli kapTe Ha KaXkAablli NpU3HaK:
ugetT yana (m, h) — 3HaueHune j-ii KOMMNOHEHTbI BEKTOPA W h

Mpumep: 3agaya UCI house-votes (US Congress voting patterns)
ObbeKTbl — KOHIPECCMEHI

MpusHakn — pesynbTaTbl FOJOCOBAHMS NO Pa3ANYHbIM BONPOCAM
EcTtb uenesoii npusHak «naptusi» € {gemokpart, pecnybnunkaneu }

Clusters Unified Distance Matrix Party - v BroadcasiD

] e [
1.32 4850 0.00 100] 0.00
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Cetun KoxoHeHa ansa knacTepmsaunmn n Busyanmsauum 3apgayqa kJ epusaunn
Mopgenu koHkypeHTHOro oby4eHns
KapTbl KoxoHena

NuTepnpetauusa kapt KoxoHeHa (npogonxeHue npumepa)

Mpumep: 3agauva UCI house-votes (US Congress voting patterns)

‘BorderProtectio rori | Taxf

Clusters Unified Distance Matrix | Party

- E L = E
4890/ 0.00 1.00/0.00 1.00/ 0.00 1.00) 0.00 1.00,

L= ]
0.00 1.00] 132

BreadzasthesencyEnforce | Clesshctionfaimessiet

PrivatcPropertyRightsProt | ThrestencdandEndangere

- [ = [ |
008 1.00]| 0.00 1.00/0.03 1.00] 0.00 1.00/ 0.07
FrotectionofLawfulComme | ReallDAct Il i StemCelF
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Cetn KoxoHeHa ans knactepmsauymmn v Busyannsaunmu Bapaqa knactepusauun
Mopgenn koHkypeHTHOro oby4eHus

KapTbl KoxoHena

AocTtouHcTBa n HepgocTaTkm kapT KoxoHeHa

HoctouHcrea:
] BO3MO)KHOCTb BVW3YaJIbHOIoO aHa/n3a MHOITOMEpPHbIX OAaHHbIX

HepocrtaTtku:

@ CybbekTmBHOCTL. KapTa 3aBUCHT HE TONBKO OT KaCTEPHOI
CTPYKTYpPbl AaHHbIX, HO U OT. ..
— CBOWICTB Cr1a)kKMBatOLLEro sapa;
— (cnywaiiHoii) nHuymanmsauny;
— (cnyuaiiHoro) Bbibopa x; B xofe uTepaunii.

o WckaxeHus. Banzkne obbekTbl MCXOAHOMO NPOCTpaHCTBa
MOTYT NepexoanTh B AaléKue TOYKN Ha KapTe, 1 HaobopoT.

PekomeHayeTcsl TONbKO 4/ pa3BefOYHOrO aHa M3a LaHHbIX.
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3apada MOHMXKEHNS pasMepHOCTMN
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerus

MocTpoeHune aBTOKOAUPOBLMKA — 3agada 00y4YeHusa 6e3 yuntens

Xt ={x1,...,x} — obyuatowas seibopka
f: X—Z — ropnposwumk (encoder), kopoebiii BekTop z=f(x, )
g: Z— X — pexoguposiyuk (decoder), pekoHcTpykuus X=g(z, )

Cyneprnosuumus X = g(f(x)) JOJIKHA BOCCTaHaBANBATb UCXOAHBIE X;:

ne(a Zg f(xi, a), B), x;) — fglg

KeagpaTuunas dyHkums noteps: £ (8, x) = ||% — x||?
Mpumep 1. JSluneiinbiii asTokoguposwuk: x € R7, z € R™
f(x,A)= A x, g(z,B)= B z
mxn

nxm

Mpumep 2. [lsyxcnoiiHas ceTb C PYHKUNAMUN aKTUBALWUN Of, Og:

f(x,A) = or(Ax + a), g(z,B) = 04(Bz+ b)
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3apada MOHMXKEHNS pasMepHOCTMN
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerus

Cnocobbl NCNoNb30BaHUS aBTOKOAMPOBLLMKOB

lenepaums npusnakos (feature generation)
CHunxerne pasmeproctu (dimensionality reduction)
CxaTue JaHHbIX C MUHUMAJIbHBIMU NOTEPSIMUA TOYHOCTH

Bonee adpdpekTneHoe pewieHne 3agay obyueHns ¢ yqutenem
B HOBOM MPU3HAKOBOM MPOCTPAHCTBE

o Obyuyaemas BekTopusaumsi obbekToB, BCTpaneaemas B bonee
rnybokue HelipoCceTeBbIE apXMTEKTYpSI

o Mocnoiinoe npenobyueHne MHOrocnoliHbIX ceTeli

L FeHepau,vm CUAHTETNYHECKNX O6'beKTOB, MNOXOXKNX Ha pe€asibHble

Rumelhart, Hinton, Williams. Learning Internal Representations by Error Propagation.
1986.

David Charte et al. A practical tutorial on autoencoders for nonlinear feature fusion:
taxonomy, models, software and guidelines. 2018.
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3apada MOHMXKEHNS pasMepHOCTMN
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerus

ApX1TEKTYpbl aBTOKOAUPOBLLLMKOB

OfHOCNOWHbIA KOAMPOBLLUK/0EKOANPOBLLUK
CHUXKEHUE pa3MEepPHOCTU NOBbILUEHNE Pa3MEPHOCTU

MHOTOC/IOMHbI KOJUPOBLUUK / AEKOJUPOBLLNK
CHUXKEHUE pa3MEpPHOCTH NOBbILUEHNE Pa3MEPHOCTU

TR R
X /5
-7/

\./)0
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3apada MOHMXKEHNS pasMepHOCTMN
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerus

JlnHeliHbIA dBTOKOAUPOBLNK N METO/[ rFNMaBHbIX KOMMOHEHT

JNuneiinbiii asTokopmposwuk: f(x, A) = Ax, g(z,B) = Bz,

¢
Zne(A, B) =) [|1BAx; — xi||* = min
i1 A,B
Metog rnaBHbix koMnoHeHT: F = (xy...x)", U™U =1,, G =FU,
l
IF = GUT|I> =Y |UU % — xi|> — min
i=1
ABTOKOAUPOBLLMK 0600UWaeT MeToA r1aBHbIX KOMMOHEHT:
@ He obsasaTensHo B = AT (XOTsl 4aCTO MMEHHO TaK 1 4EeNaroT)
npousBosbHble A, B BMeCTO OpTOroHafbHbIX
HenuHeiiHble mogenn f(x, a), g(z, ) Bmecto Ax, Bz
npon3eosibHas yHKLMS noTepsb £ BMECTO KBaApPaTUYHON
SGD onTumun3auus BMecTo cuHrynsipHoro pasnoxenuns SVD
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

PaspexuBatowuii aBTokogunposumnk (Sparse AE)

Mpumenenne L1 unn Lr-perynsipusauum K BEKTOpaM BECOB «, (:

Zne(ar, B) + Njal| + X[ = min

[Mpumenenne L1—peryn9|pmsau,v||/| K KOZOBbIM BEKTOpaM Z;:

Zne(a aﬁ)+/\ZZ| (i, )] — min

i=1j=1 @,

JuTponuiiHas perynsipusauyus ans caydas f; € [0, 1]:

Zne(@, B) +A T KL(e]|f;) — min,

j=1 a
4
rae fi =3 fi(x,a); €€ (0,1) — 6auskuii k Hynto napametp,
i=1
KL(ellp) = clog £ + (1 —¢) log %—; — KL-gueeprenyus.

D.Arpit et al. Why regularized auto-encoders learn sparse representation? 2015.
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

LLlymonoaaenstowmnini asrokoguposwmk (Denoising AE)

VCTOMqMBOCTb KOOOBbIX BeKTOpOB Z; OTHOCUTENBHO LlJyMa B X;:
¢
Zone(a, B) = Z Exqzix)Z (8(F(%,0), 8),x) — @Iﬁn
i=1 ’

BmecTo ebiuncnenns Ex B metoge SGD 0bbekTbl X; camnanpytoTcs
N 3aLWyMASIIOTCS MO ogHOMYy: X ~ q(X|x;). BapnanTel 3awymnenns:
o %~ N(x;,0?%l) — rayccosckuii wym
@ obHyneHNe KOMMOHEHT BEKTOPA X; C BEPOSITHOCTHIO Po:

QA

O, PR
.hA.A\§.

P. Vincent, H. Larochelle, Y. Bengio, P.-A. Manzagol. Extracting and composing
robust features with denoising autoencoders. ICML-2008.
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

Cxumatowumii aBTokoauposumnk (Contractive AE)

YcToiiuneocTb KOAOBbIX BEKTOPOB Zj OTHOCUTENBHO WYyMaA B X!

4
Zne(e B) +A DI (0)* — min

i=1
rae ||Jr(x)|| — Lo-Hopma maTpuubl Skobu otobpaxenus f: X — Z,
O0fi(x, a)
o = 303 (b))’
d
d=1j=1

B cnyuae z = f(x,A) = o(Ax + a), rae 0 — curmounga, A = (ajq)

G012 = 303 ()1 - x,)) )

d=1 j=1

Salah Rifai et al. Contractive auto-encoders: explicit invariance during feature
extraction. ICML-2011.
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

Pensuvonubiii aBTokoguposwmuk (Relational AE)

Hapsgy ¢ noTepsiMu pekOHCTPYKLMU OBBEKTOB MUHUMUINPYEM
NOTEPN PEKOHCTPYKLUMM OTHOLIEHWA MexAay obbekTamu:

Lae(o, B) + XY Z(a(%7%),0(x7 x;)) — min

(07
i<j 8

rae X = g(f(x;)) — pekoHCTpyKumMs obbekTa X;,

X} Xj — ckanspHoe npounssenerne (6a1u3ocTb) napel 06beKTOB,
o(s) = (s — so)+ — dynkums aktusayum RelLU c napamertpom sy
(He3Ha4YMMBble OTHOLIEHNS BANBOCTM HE yHNTBLIBAIOTCS),

Z£(8,s) — cdbynkuus noteps, Hanpumep, (5 — s)2.

DKCNEPUMEHT: YNYULLAETCS KauyecTBo kiaaccudukauum nsobparkeHuii
C NOMOLLBIO KOAOBLIX BEKTOPOoB Ha 3agadax MNIST, CIFAR-10

Qinxue Meng et al. Relational autoencoder for feature extraction. 2018.
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

Bapuauuonubiii asTokoguposwmk (Variational AE)

CTpouTca reHepaTUBHas MOAEAb, CNOCOBHAA NOPOXAaTh HOBbIE
06BeKTbI X, noxoxue Ha obbekTbl Boibopkn X! = {x1,..., X}

da(z|x) — BEPOSTHOCTHBI KOAMPOBLUMK C NAPAMETPOM
p3(X|z) — BEPOATHOCTHBI AEKOANPOBLUMK C napameTpom [3

Makcumusauyua HuxHeii oueHku log-npasgonogobus:

WV

PN 21x)Pail2P(2) )
fVAE(Oé>5)—I;| g p(xi) ,gll g/qa( i) do(z|xi) ¢

¢ xi|z)p(z
> ; ga(z|x:) log Wdz —

= Z qa(z|xi) log pa(xi|z)dz — KL(ga(z|xi) || p(2)) — rgaﬂx

D.P.Kingma, M.Welling. Auto-encoding Variational Bayes. 2013.
C.Doersch. Tutorial on variational autoencoders. 2016.
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3apaqa NoHWXKeHWst pasMepHOCTH
AsTokoamnpoBwmnKN Perynsipnsatopsi
HekoTopbie npunoxxexns

Bapuauuonubiii asTokoguposwmk (Variational AE)

OI'ITVIMVI3aLI|VIOHHa$| 3ada4a 44 BapuauynoOHHOroO aBTOKOANPOBLLNKA:

4
; Ezwqa(z\x,-) log pﬂ(Xi|Z) - KL(qa(Z‘Xi) H p(Z)) - I‘EE/]BX

Ka4eCTBO PEKOHCTPYKLUM perynspn3aTop no «
~ log pg(xilz), z~qa(z]x;)

rae p(z) — anpuopHoe pacnpegenenne, obeiano N (0, 02/)

Penapametpusauus q.(z|x;): z = f(x;, a,¢), € ~ N(0,/)
MeTog cTOXacTUYecKoro rpagueHTa:
o camnanposats x; ~ X!, e ~ N(0,1), z = f(x;,q,¢)
® rpaguveHTHbIl war:
o = a+ hV,|[log ps(xi|f(xi, o, €)) — KL(qa(z]xi)llp(2))];
B = B+ hVg|log ps(xi|2)];

leHepayuus noxoxux obbekTOB: X ~ pg (x|f(x,-, a,s)), e~N(0,1)
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3agaya NOHMKEHMSI pasMepHOCTM
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerns

ABTOKOAUPOBLUNKN AN 0DyYeHUsa C yumtenem

DanHble: HepaamedenHble (x;)f_;, pasmedenHbie (x,,y,)f_éﬁrl

CoBmecTHOE 00yYeHune KoaNpOBLUNKA, AEKOANPOBLLNKE 1
npe,qCKa3aTeanoﬁ mMogenu (knaccudpukaumm, perpeccun uam ap.):

l+k
ZJ f(xi, ), B), xi) + A Z ZLH(f(xi,a),7), i) — mﬁln
i=0+1 7’
zi = f(x;, @) — KOZMPOBLLMK o -
% = g(zi, ) — BeKogMpoBLYMK : ® z °®
Vi = ¥(zi,7) — xnaccudpukatop |9 @@ , oo o
SHESR T
e \ o8
DyHKLMN NOTEPb: : W) :
L(Ri,X;) — PEKOHCTpPyKLMA \ s =\
Z(¥i,yi) — npeackasanmne \eoe ]
\o®®)

Dor Bank, Noam Koenigstein, Raja Giryes. Autoencoders. 2020
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3agaya NOHMKEHMSI pasMepHOCTM
AsTokopunpoBLynKN PerynsipusaTopsi
HekoTopbie npunoxerns

MuorocnoiiHbiii aBTokoauposwuk (Stacked AE)

Mocnoiinoe obyyenne: x" = f(x"=1 ah), x=x0 z=x"
o kaxgas napa f", g" obyuaercs no sbibopke {x{’fl, e ,xé’*l}
o nexoauposlk g" oTbpaceiaeTcs
@ opHocomnbie 1, ... fH coegunsitotca B H-cnoiinblii
fl gl
f2 g2
=)
2
x! x! X

x0

Torkas HacTpoiika (fine tuning): pesynbTaT nocnoiiHoro oby4eHns
NCNONB3YeTCs Kak HavanbHoe npubnuxenne ana BackProp

Y. Bengio et al. Greedy layer-wise training of deep networks. NIPS 2007.
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MeperHoc oby4eHns n mHorosapgaq4Hoe obyqeHune
Ouctnnnsauus n npusnnernposaHHoe obyueHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

Mpep-oby4yeHue HelipoHHbIX ceTeii (pre-training)

CeépToyHas ceTb gnsi 0bpaboTku n30bparkeHnii:
@ z = f(x, ) — CBEPTOYHbIE CNOM ANSi BEKTOPU3ALNM ODBHEKTOB

e y = g(z,3) — nosHOCBSI3HbIE CNOM MOJ KOHKPETHYIO 3adaqvy

oss
[] Shallow classifier (e.g. SVM)
softmax 2
fc2 = [ features
k__...___—-——_—___
fe1 fc1
[ conv3 ] I Somvd |
[ o ] TRANSFER | conv2 |
I convl ] I conv1
T ¥
Target dal.; and labels

| Dala and labels (e.g. ImageNet)

How transferable are features

Jason Yosinski, Jeff Clune, Yoshua Bengio, Hod Lipson.

in deep neural networks? 2014.
K. B. BopoHuos (voron@forecsys.ru)
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MeperHoc oby4eHns n mHorosapgaq4Hoe obyqeHune
Ouctnnnsauus n npusnnernposaHHoe obyueHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

Mepenoc obyuenus (transfer learning)

f(x, ) — yHnBepcanbHas 4acTb Mogenu (BekTopnsaLns)
g(x, ) — cneyudmyHas ans 3agaynm 4acTb MOAENM

basosas 3agaqa Ha BbIbOpKe {x,} _ 1 C cyHKUmeii noTeps £

Z.ﬁf( (xi, ), g(xi, B)) — rglg

LleneBasi 3aza4a na apyroii Beibopke {x/}7,, ¢ apyrumn 27, g’
m
S5 (1. 0).8/ (61, 8)) = mn
i=1

npu m < £ 3T0 MOXET BbITb HAMHOMO JIyYLUE, YEM

> 2 (F(x,0), g (< 8)) — min
i=1 @,

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009
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MeperHoc oby4eHns n mHorosapgaq4Hoe obyqeHune
Ouctnnnsauus n npusnnernposaHHoe obyueHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

MHoro3apauHoe obyyeHune (multi-task learning)

f(x, ) — yHnBepcanbHas 4acTb Mogenu (BekTopnsaLns)
gt(x, B) — cneuyncbmunas yactb mogenu ans 3agaun t € T

OpnoepemeHHoe obyuenne mogenn f no sagadam Xi, t € T:

> . jti(f(xtisa)agt(xti,ﬂt)) —  min

teT ieX; a,{B:}

Oby4aemocts (learnability): kayecTBo pewenus otTaensHoli 3agayn
(Xt, 24, g) ynydwaertcs ¢ poctom obwéma Beibopkm £y = | X7|.

Learning to learn: ka4yecTBO pelueHusi Kaxxgoi us 3agad t € T
yaydwaetcst ¢ poctom £; n obero yucna 3agad | T|.

Few-shot learning: pna peweHus 3agaun t AOCTaTOYHO
HEBOABLIOrO YNCa NPUMEPOB, HOTAA AaXKe OAHOrO.

M.Crawshaw. Multi-task learning with deep neural networks: a survey. 2020
Y.Wang et al. Generalizing from a few examples: a survey on few-shot learning. 2020
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MeperHoc oby4eHns n mHorosapgaq4Hoe obyqeHune
Ouctnnnsauus n npusnnernposaHHoe obyueHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTueHble cocTasaTenbHble cetn (GAN)

CamoctositensHoe obyueHue (self-supervised learning)

Mogenb BekTopusauun z = f(x, o) obydaercs npefckasbiBaTh
B3alMHOE PacnoJsiokeHue nap pparMeHTOB 0AHOro N3obparkeHus

0 < 8 possible locations

Z N

CNN CNN

Sample Second Patch

COVEY
& ! . Unsupervised visual representation learning by context prediction,
g% Carl Doersch, Abhinav Gupta, Alexei A. Efros, ICCV 2015

MpenmywecTBO: CeTh BbIYYMBAET BEKTOPHbLIE NPeACTaBIEHUS
obbekToB be3s pazmeyverHoin obyuvatoweli BbIGOPKU.

K. B. BopoHuos (voron@forecsys.ru) NckyccTBeHHbIe HelipoHHbIe ceTu
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MepeHoc oby4eHns n mHorosagaqHoe oby4veHune
Avctunnsaums n npusunernposarHoe oby4eHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

Auctunnauna mogenen nnu cypporatHoe mogenupoBaHue

ObyueHune cnoxHoli mogenn a(x, w) «B0OATo, [OPOro»:
4
> .i’(a(x,-, W),y,-) — min
i=1 w
Obyuenue npoctoii mogenan b(x, w'), BO3MOXHO, Ha APYrUX AaHHbIX:

k
> ZL(b(xf,w'), a(xj, w)) — min
i=1 w
Mpumepbl 3agay:

@ 3aMeHa CJIOXKHON mogenu (Knmmart, aspognHamuka n ap.),
KOTOpasi BbIHNCAAETCA Ha CYNepKOMMbIOTEPE MecALamMu,
«NErKoli» annpoKCUMMUPYIOLLEl CYyppOraTHOW MOAENbIO

@ 3aMeHa CIOXHOIA HelipoceTun, KoTopas obyvaeTca Hegensamm
Ha BONBLUMX JaHHBIX, «NETKOWY annpOKCUMUPYHOLLET
HEAPOCETbIO C MUHUMWN3ALMEA YNCNA HEAPOHOB N CBA3EN
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MepeHoc oby4eHns n mHorosagaqHoe oby4veHune
Avctunnsaums n npusunernposarHoe oby4eHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

O6yueHue c ncnonb3oBaHMeM NPUBUNErMPOBaHHON MHopmauum

LUPI — Learning Using Priveleged Information

C yunTenem be3 yunTens npusuneruposartoe (LUPI)
x Yy x Yy x x* Yy

0 ] 0

4acTUYHOE TPaHCAYKTUBHOE vactnyvoe LUPI
x Yy x Yy X x* y

0 ] 0

V.Vapnik, A.Vashist. A new learning paradigm: Learning Using Privileged
Information // Neural Networks. 2009.
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MepeHoc oby4eHns n mHorosagaqHoe oby4veHune
Avctunnauus v npusunernposaHHoe oby4eHune

PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHbie cocTasaTensHble cetn (GAN)

Mpumepsl 3apay ¢ npuBuaerupoBaHHom nHgopmauyuein x*

@ x — nepsuyHas (1D) cTpykrypa benka
x* — tpetnynas (3D) cTpykTypa benka
y — nepapxnyeckasi knaccudpukauns dyHkuun benka

@ X — NpeabICTOPUSl BPEMEHHOIO pAAa
x* — uHcpopmauus o byaywiem noseaeHnn psaa
Y — NpPOrHO3 cnefyroLeli To4KN psaga
@ X — TEKCTOBbIA LOKYMEHT
X* — BbIAENEHHbIE KAKOYEBbIE CAOBA N cpasbl
Yy — KaTeropusi LOKyMeHTa
@ x — napa (3anpoc, JOKYMEHT)
x* — BblAeneHHble aCECCOPOM KJIHOYEBbIE C0Ba nan pasbl
Yy — OLEHKa PEesIeBaHTHOCTU

K. B. BopoHuos (voron@forecsys.ru) NckyccTBeHHbIe HelipoHHbIe ceTu
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MepeHoc oby4eHns n mHorosagaqHoe oby4veHune
Avctunnsaums n npusunernposarHoe oby4eHne
PassuTtune npeii 4actuyHoro obyqeHus leHepaTuBHble cocTazaTenbHble cetu (GAN)

3apaya obyveHus c npueuaermpoBaHHoi uHdopmatmeii

PasgenbHoe obyyeHne MOAENM-yHEHNKA N MOLENN-YHUTENS:
4 4
> ZL(alxi, w),yi) = mmin > ZL(alx,wh),yi) = mMi/n
i=1 i=1
Mogenb-yuyernk obyvaetcst noBTOPATL OWMOKA MOAENN-yHITENS:
¢
* * .
Z.Z(a(x,, w), YI) +N$( (xi, w), a(xi, w )) - mm'/n
CoBmecTHOe 0Dy4eHne MOAENU-yHeHNKa N MOLENN-YHUTENS:

4
;Z(a(x,-, W),y,-) + )\X(a(x,-*, W*)J/i) +
+ puZ (a(xj, w),a(x, w*)) — min

W, Wk

D.Lopez-Paz, L.Bottou, B.Scholkopf, V.Vapnik. Unifying distillation and privileged
information. 2016.
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MepeHoc oby4eHns n mHorosapaqHoe obyueHne
Ouctunnaums v npuennernposaHHoe oby4eHne
PasBsuTtune ngeii 4actuyHoro obyqeHns leHepaTuBHbie cocTasaTensHble cetn (GAN)

leHepaTtuBHasa coctasatenbHas cetb (Generative Adversarial Net)

lenepatop G(z) yH4nTcsi MopoXAaTh 0OBEKTHI X U3 LyMa Z
Auckpumunatop D(x) y4nTcs oTamyaTe nx ot peanbHbix 06bEKTOB

Real Face
Sampling
_ R
Discriminator
Decp Comveutioa Hetwork 0EA)
e U
L. o A0e  Real
X 0T o/ »
— o NG
erator 2790 a\v; Fake
i Network (ON) X0

Generated Face

/O\
o
0] — — 1
o &
~ /o\
9

Random noise
—
VAN
ol oo

Antonia Creswell et al. Generative Adversarial Networks: an overview. 2017.

Zhengwei Wang, Qi She, Tomas Ward. Generative Adversarial Networks: a survey and
taxonomy. 2019.

Chris Nicholson. A Beginner’s Guide to Generative Adversarial Networks.
https://pathmind.com/wiki/generative-adversarial-network-gan. 2019.
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MepeHoc oby4eHns n mHorosapaqHoe obyueHne
Ouctunnaums v npuennernposaHHoe oby4eHne
PasBsuTtune ngeii 4actuyHoro obyqeHns leHepaTuBHbie cocTasaTensHble cetn (GAN)

MocTtaHoBka 3agaun GAN

HaHo: sbibopka obbekTos {x;}7; us X

Haiitu:

BEPOSITHOCTHYIO reHepaTuBHyto mogens G(z,a): x ~ p(x|z, a)
BEPOSITHOCTHYO ANCKpUMUHaTuBHyto mogens D(x, 5) = p(1|x, )
Kputepunii:

oby4eHne guckprMuHaTUBHOR Mogenn D:

m

> InD(x;, ) +In(1 = D(G(z,a), B)) — max

i=1

oby4yetme renepaTueHoii Mogenu G no cnydaiiHoMy wWyMy {z,-},’-’;l:

m

> In(1—D(G(z,a),8)) — min

" «
i=1

lan Goodfellow et al. Generative Adversarial Nets. 2014
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MeperHoc oby4eHns n mHorosagaq4Hoe obyqeHne
Ouctunnaums v npuennernposaHHoe oby4eHne
PasBsuTtune ngeii 4actuyHoro obyqeHns leHepaTuBHbie cocTasaTensHble cetn (GAN)

Mpumepsl GAN ana cuHTesa nsobpa>keHuii U BUAEO

(d) input image (¢) output 3d face (f) textured 3d face Source Subject Target Subject 1 Target Subject 2

Chuan Li, Michael Wand. Precomputed Real-Time Texture Synthesis with Markovian
Generative Adversarial Networks. 2016.

Xiaoxing Zeng, Xiaojiang Peng, Yu Qiao. DF2Net: A Dense Fine Finer Network for
Detailed 3D Face Reconstruction. ICCV-2019.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody Dance Now.
1ICCV-2019.
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Pesome

Korga Heckosibko mogenei oby4aloTca ogHOBPEMEHHO:
ABTOKOAVNPOBLUMKN: KOAEP 1 AEKOAEP
ABTOKOAMPOBLUMKIN LS KNacCMpmKauum niam Knactepusanun

°
°

@ MuorozagaduHoe obyueHue

@ ObyueHune ¢ npuBmaeruposaHHoii nHdopmauumeli
°

CoctsaszaTensbHble cetn (GAN) gns renepauun eiik-0b6bekToB

Korpa Heckonbko mopeneii oby4aloTcs nNociepoBaTeNnsbHo:
@ [lepeHoc obyuenus (transfer learning)
o [lpepobyuenne rnybokux ceteli ans sekTopusauun obHEKTOB
o CamocTosTensHoe obyuenue (self-supervised learning)

o [luctnansauusi n cypporaTHoE MOAENNPOBaHMNE

O6y4eHue 6e3 yuntensa Bcé Yawe ucnonb3lyercs Ans
onTUMM3aUMY HacTU MoAenn no 6oNbLWNM JaHHbIM
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