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Llenn nekumm n mapwpyt

@ TlMoHsaTb orpanunyenus likelihood-based mogeneii n motusauyumo GAN.

@ BbiBecTr minimax-uenb, ONTUMasbHbIA JUCKPUMUHATOP 1 CBSI3b C JS-auBepreHLuuneii.
© Pazobpatb HecTabunbHocTb 0bydenust n Wasserstein GAN.

©Q CpasHute DCGAN, conditional GAN, Pix2Pix, CycleGAN u StyleGAN.

© PeannzoBaTb OCHOBHbIE KOMMNOHeHTbI Ha PyTorch.

MapuwpyT: VAE — gpyrue cemeiictea mogeneii — GAN — ycnoeHas reHepaumsi n nepeHoc
LOMeHa.
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Hanomunatwue: yto ontumusmpyet VAE?

NatentHas mogens: z ~ p(z), x ~ py(x | z).

log po(x) = Eq,(z|x) l0g Po(x | 2) — Dxr(qs(z | X)||p(2)) -

-~

Ka4eCTBO PEKOHCTPYKLUNUN perynsapusayuns

o [Insi obyueHus Hy>XHO BbIOpaTb BEPOSITHOCTHYKO Mogenb py(x | z).
o ELBO sBnsietcs HuxHell oueHkoii, a He TouHbiM log-likelihood.

o [MpocTas nukcenbHas Moaenb HabnoAeHNIE MOXET HEAeKBATHO ONUCHIBATL CIOXKHbIE
n30bpaxxeHusi.
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[MouemMy xopoluast PEKOHCTPYKLMS HE paBHA peannsmy?
Ecnn po(x | 2) = N(ue(2), 0%1), To

1
~log po(x | 2) = 55 Ix — a3 + C.

MNpy HeofHO3HAa4YHOM BOCCTAHOBAEHUU MUHUMYM oxugaemoro MSE pocturaertcs ycnoeHbiM
CpefHUM:

argminE[|X — al3 | z] = E[X | 2].
a

VCpeAHeHVIe HECKOJIbKNX I'IpaB/J,OI'IOJJ,OGHbIX BAPMAHTOB MOXET OaTb BU3YyaJibHO

HenpaeaononobHoe nsobpaxenune. 1o npobnema koHkpeTHoro likelihood n orpannyexnia
mMogenm, a He TeopeMa o Bcex VAE.
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Kakune an bTEPHATUBbI CyU_LeCTBOBaﬂM?

CewmelicTBO MpuHynn obyyveHusn

Autoregressive Zj log po(x; | x<j)

VAE BapuaumnoHHas HUKHSAS oueHKa

Normalizing flows 3ameHa nepemMeHHbIX

Energy-based Jneprus Ey(x)

GAN JunckprmnHaTop pasnnyaeT Bbl-
6opKu

Komnpomucc

Tounwiii likelihood, nocnepo-
BaTe/lbHOE COMMANPOBaHME
Beictpoe COMMIMPOBAHME,
NPUOVKEHHBIA BbIBOA
ToyHass nnoTHoCTb, obpaTu-
MOCTb

CNoXXHOCTL  HOPMUPOBKN 1
COMMNINPOBAHUS

Hetr HeobxogumocTu BblvmMC-

natb pp(x)

Diffusion/score-based mogenn nsy4atoTcs OTAENLHO; OHN TOXE AAOT aNbTEPHATUBHBIA NYTb K

reHepauuu.
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Autoregressive n flows: 1Be nonesHble TOYKM CpaBHEHNS

ABToperpeccmoHHas cakTopusauus:
D
p@(X) = HPG(XJ ’ X1y an—l)'
j=1

Normalizing flow: x = fy(z), z ~ pz; fp obpaTumo:

log px (x) = log pz(f; ' (x)) + log )det Jfg—l(X)‘ .

GAN: goctaTo4Ho ymeTb reHepupoBaTb x = Gy(z); nnoTHOCTL py(Xx) MOXET BbITb HEfOCTYMHa.
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PyTorch: renepatop kak oTobpakeHue Liyma

Kniouesoii nepexoa: smecto decoder, 3agatowero likelihood, obyvaem otobpaxeHue
Gg . Rd — RD.
z~N(0,1), X = Gy(2).

Yto MeHseTca?

Ham Hy>xen obyuqatownii curHan ans Gy, KOTOpbIV CPaBHUBAET pacrpeseneHnsi BbIOOPOK, a He
napbl (x, X).
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PyTorch: npsimoii npoxopa reHepatopa

@«
Il

nn.Sequential (nn.Linear(64, 256), nn.ReLU(),
nn.Linear (256, 784), nn.Tanh())

z = torch.randn(32, 64)

fake = G(z) # [32, 784]

Mpu ncnonbzosanuu Tanh peanbHble n30b6paxkeHns cnegyet macwtabuposaTs B [—1,1].
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Variational Autoencoder (VAE) Generative Adversarial Network (GAN)

BepoATHOCTHAs reHepaTHBHAA MOJIE/Ib C JIATEHTHBIMH TIePEMEHHbIMU C Has T 6e3 sBHOTO
Encoder Decoder . £=Go(2)
- _— Generator
B 5 z ~ p(2) —>| -
b (l) ‘L(J z=p+00¢ . »(z) Gy(2) r—’ ..
) = % e
Gelzle ( e~ N(0,I) = Dlscn.rnlnator real / fake
g SEme e v s [0.1]
' T ~ Paata(T) —>
®ynxums noreps (ELBO):
Lyag = Eqy (zix) [108 Po (2]2)] — KL (g4 ([2) [ (2)) CoctAsaTelEHA QYHKINA IOTEpE:
minmaxV (D, G) = B;pyu, [log Dy (2)] + B p(z) (105 (1 = Dy (Go (2)))]
Pexorcrpykis (MNIST) ITeprOTANA B TATEHTHOM MPOCTPAHCTBE

-~ N

_ Crenepuposannsie npumepsi (MNIST, DCGAN) Crenepuposantisie npumepsi (CIFAR- DCGAN)
3]4]5]6]7[8[9 |2 : ™

- ESBOEEEEE g 8

JIBa oAX0/a K reHEPaTUBHOMY MOJIEJIMPOBAHHIO

VAE: siBHasi BEpOSTHOCTHAsi MOJIEJIb GAN: HesiBHasi MOZE/Ib Yepe3 COCTs3aTeIbHOE 0OydeHHe

Moxempyer sistioe pacpezenenue po(x)
OBysaeTcs 10 BapHALHOHHOH HItKHeH ouekke (ELBO)

. He Tpebyet aBHOro BbramCICHIA Py ()
.

o Jlact annpoxcivawiio posterior g (2])

.

.

Obyuactes uepes vio sanauy ( vs

MojkeT reHepHpoBaTh G0iee eskie H PeATHCTHIHBIE TPHMEPH
Cronien k mode collapse H HecTabuTHOCTH 0ByseHHs
He ouerKy u amoro posterior

TAQIKOE H CTPYKTYPHPOBAHHOE JATEHTHOE POCTPAHCTBO
YacTo G0lee PasMBIThIC CreHEPHPOBAHHIE TPHMEPbI

CRCEC AT )




GAN: aBe cetn u osHa urpa

Myctb Gg(z) — renepatop, Dy(x) € (0,1) — anckpumuHaTop.

Z~Ppz, X~ Pdata, X = G@(Z)'

@ D, oueHNBaeT, HaCKObKO obpaseL; MOXOX Ha peasibHbIii.
o Gy nbiTaeTcs co3f4aBaTh BLIOOPKM, HEOTINYUMBIE OT LaHHBIX.

o OnTuMusaums nmeeT BUg minimax Urpbl AByX moaeneii.

https://arxiv.org/pdf/1406.2661

Babu4 Masen Bacunsesny (MMMuKH) 2026 10 /62



Minimax objective

min mda})x V(6,1)

V(0,9) = Exvpiara [108 Dy (X)] + Eznp, [log(1 — Dy(Go(2)))]-

Mpu dpukcuposaHHom G ANCKpUMWHATOP pewaeT 3agady buHapHoi knaccudbukauuu. Mpu

cpukcnposaHHom D reHepaTop yMeHbLIAET CMOCOBHOCTL AUCKPUMMHATOPA OTNMYATL MOALENKN.
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OnTuManbHbIii ANCKPUMWHATOP:. NOTOYEYHAA 3a4d4a

Mpun cbukcnposaHHOM pacrpefieneHnn reHepaTopa pg:

VID,6) = [ [paalx) og D) + p(x) og(1 — D(x))] .

Ons a, b > 0 makcumusmpyem alog d + blog(1l — d):

a b . a
d 1-4 0 = =%

CnepoBaTenbHo, Ha TOYKAX C PdatalX) + pg(x) > O:

% . pdata(x)
De() = a0 + pa)’
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Ot ontumansHoro D k JS-ausepreHumn

Monoxnum m = %(pdata + pg). Mopctasum D

2m
= —log4 + DKL(PdataHm) + DKL(ngm)

=|—log4 + 2 JS(pdatall Pg) |

V(Dg, G) = /pdata log Pdata + pg Iog & dx

[nobanbHbI MUHUMYM BOCTUrAETCS NPU Pg = Pdata (B UAEAIN3MPOBAHHONM NOCTAHOBKE C
onTumanbhbiM D).
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Y710 03HauaeT paBHoBecune GAN?

Ecn Pg = Paatar TO
Di(x)=1, V(D G)=—log.

@ OnTumanbHbI LUCKPUMUHATOP He cnocobeH pasnnyaTe BoIOOPKM.

@ B peanbHOM 0Dy4eHMU MOAENN NMEIOT KOHEHYHYO MOLLHOCTb, a ONTUMU3auns He obszaHa
JOCTUTraTb PaBHOBECUS.

@ 3Hauenue D(x) ~ % camMo no cebe He [0Ka3bIBaeT KAauyeCTBO reHepaLun: AUCKPUMNHATOP
MOXeT BblTb NPOCTO NIOXO OBy4eH.
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PyTorch: discriminator n BCEWithLogits

D = nn.Sequential(nn.Linear(784, 256), nn.LeakyReLU(0.2),
nn.Linear (256, 1))

real_logits = D(real)

fake_logits = D(fake.detach())

loss_D = F.binary_cross_entropy_with_logits(
real_logits, torch.ones_like(real_logits)) +
F.binary_cross_entropy_with_logits(
fake_logits, torch.zeros_like(fake_logits))

D Bosspawaet logits; sigmoid BcTpoeH B ycToiiumnsyto 4ucnedio BCE-dyHkuumto.
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(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) pg from those of the generative distribution p, (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of @. The upward arrows show how the mapping @ = G(z) imposes the non-uniform distribution p, on
transformed samples. G' contracts in regions of high density and expands in regions of low density of p,. (a)
Consider an adversarial pair near convergence: p, is similar to pax. and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D" (x) =

#%' (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely

to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
point at which both cannot improve because py = paaw. The discriminator is unable to differentiate between

the two distributions, i.e. D(z) = 1.



Figure 2: Visualization of samples from the model. Rightmost column shows the nearest training example of
the neighboring sample, in order to demonstrate that the model has not memorized the training set. Samples
are fair random draws, not cherry-picked. Unlike most other visualizations of deep generative models, these
images show actual samples from the model distributions, not conditional means given samples of hidden units.
Moreover, these samples are uncorrelated because the sampling process does not depend on Markov chain
mixing. a) MNIST b) TFD c¢) CIFAR-10 (fully connected model) d) CIFAR-10 (convolutional discriminator
and “deconvolutional™ generator)
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Figure 3: Digits obtained by linearly interpolating between coordinates in z space of the full model.



CocrasarenbHas urpa B GAN

CreHepHpoBaHHbIE

i
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Saturating n non-saturating generator loss

OpurunanbHbln minimax loss:
£33 = E, log(1 — D(G(2))).

Mpy yBEPEHHOM ANCKPUMUHATOPE rPagneHTbl MOryT bbiTb cnabbimu. MpakTuyecknii
non-saturating loss:

LE = —E,log D(G(2)).|

Ob6e uenn noolwpsaoT 0bMaH AUCKPUMUHATOPA, HO AMHAMUKA FPaAVNEHTOB Pas/inyaeTcs.

Cea3b ¢ JS-anBepreHuneli BoiBeAeHa ONS UCXOAHOW Minimax-ueam npu ontumansHom D; eé
Heb3s 6e3 OroBOpoOK NepeHoCcUThb Ha non-saturating loss.
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3agava: Saturating vs Non-saturating Loss

[NycTb gMckprMuHaTOp MMEET BUA

D(Gy(2)) = o(a),  o(a)

roe a — NoruT ANCKpUMMnUHaTopa.

- 1
14 e?

PaccmoTpum aBe cbyHKLMN NOTepb reHepaTopa:
L2 = log(1 — o(a)), LE = —logo(a).

3agaHus

@ Buiuncnute nponssogHble
oL oLy
da ’ da
@ Haiignte ux 3Havenusi npn D(Gy(z)) = 0.01.

© Kakyto dyHKUMIO NoTEpPb Jlyylle UCNoNb30BaTh, ECAN ANCKPUMUHATOP YBEPEHHO
pacno3HaéT noafesibHble nzobpaxenus? MNoyemy?
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PyTorch: war renepatopa

fake = G(torch.randn(batch_size, 64, device=device))

fake_logits = D(fake)

loss_G = F.binary_cross_entropy_with_logits(
fake_logits, torch.ones_like(fake_logits))

opt_G.zero_grad()

loss_G.backward ()

opt_G.step()

Mpu ware reHepatopa rpad depes D ponxkeH coxpaHaTbca Ao G, Ho napameTpbl D Ha 3TOM ware He
obHoBASIOTCA.
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YHepeaytollascs onTuMmmnsaums

O BuibpaTb 6aTy X; ~ Pdata ¥ WYM Z; ~ pz.

© CpenaTb OANH MM HECKOJIBKO LIArOB Makcumusauuu V' no .

© CsmnnnpoBaTh HOBBINA WYM 1 caenaTh Wwar MuHuMusauun Lg no 6.

© TlosTOpsiTh, OTCNEXMBasH HE TONILKO loss, HO 1 KavecTBO/pa3Hoobpasme caMMNIIOB.

¢<—1/1+770§¢V, 0+ 0 —ncVoLle.

OanHoBpeMeHHOe 0DyUeHMe He 3KBUBAIEHTHO TOYHOMY PELUEHUIO BHYTPEHHeN 3adaqn maxy.
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Moyemy GAN TpyaHo obydats?

@ Mode collapse: renepaTop nokpbiBaeT AnLbL YacTb MO pacnpeaeneHns.
@ Vanishing gradients: guckpumuHaTop C/MLIKOM JIEFKO OTAUYAET BbIOOPKM.

o OCLI,VU'IJ'IﬂLI.I/IVI: nrpa MOXET He CXOoANTbLCA NPU HANBHOM FpaANEHTHOM CNYyCKe.

@ YyBCTBUTENLHOCTL: apxuTekTypa, HopManusauus, learning rate, 6anaHc waros.

Mpumep: ncTrHHoOE pacnpefeneHne — CMeCb BOCbMU rayCCuaH; reHepaTop BblgaéT BeIbOpKU
JINWb U3 4BYX KOMMOHEHT.
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Mode collapse

Teneparop 6e3 mode collapse
TeHepaTop MOKPLIBAET TOIBKO OJHY MOZLY

TIokpbiBaeT Bce MOZIBI pacTipeieIeHns

[ET——
o o (dats) g
Comnnst remepatopa

HcrurHoE PpacrpeniesIeCHUE JaHHbIX
Cwmecs 8 rayccnan

~—~ Uerpsi nox
©  Jaunsie (data)
Communst resiepatopa

§ 0 $ 0
= -1
-4 -4
_3 -3

-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3

E2 E2)
IIponecc o6yuenns GAN: npumep mode collapse
ifar 5 000 ifar 10 000

L.
-3 -3




Mouemy JS moxeT gaBaTh nioxoii curHan?

[nsa pacnpeneneHuii ¢ HenepecekaroLLUMMUCSA HOCUTENSIMI

JS(pdataHpg) = |Og 2.

ﬂpm neEpEMELLEHNN HENEPECEKAOLLNXCA HocuTenel JS MoXeT ocTaBaTbCsl MOCTOSIHHOM.

Cnencteue

OnTumanbHbIfi UCKPUMUHATOP HACHILLAETCS; FPAAUEHT NO NapaMeTpam reHepaTopa MOXET
OKa3aTbCsl HEMH(OPMATUBHLIM. B KOHEYHbIX CeTsiX noBefeHme CNOXHee, HO npobnema
MOTUBUPYET APYryO METPUKY.
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Wasserstein-1: reomeTpusi pacctosiHus

Wi(P.Q)= inf E —yl.
1(P, Q) e o) Gey)r [1X = Yl

KaHnTopoBny—PybunHwTeiH:

Wi(P,Q) = sup (Exwpf(x)—E,of(y)).
[IfllLip<1

@ [ — BeleCTBEHHO3HAYHbINA Critic, a He BEpOSTHOCTb KJacca.

@ OrpaHudenne Jlunwmua CywecTBEHHO AJ1si KOPPEKTHOCTU ABONCTBEHHON (hOPMYIIbI.
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WGAN: ueneas yHkuUus

max E,.- £i(x) = Fo £1(Go(2)).
2% B fu) = Eanpz 3(Co(2))

[eHepaTOp MUHUMU3MpYET

L = —E,f,(Gy(2)).

@ V critic Het sigmoid u BCE.
@ B ncxogtom WGAN orpanuyenmne Jlunwuua npubnvxann weight clipping.

o Clipping wacTo yxygLaeT BbIpasnTeNbHOCTL Critic 1 ONTUMK3auuio.
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WGAN-GP: gradient penalty

Mpn X = ex + (1 — €)X, e ~ U[0, 1]:

Lp = Egfy(X) — Exfy(x) + AE<(|Vafy(%)]2 — 1)2.

@ Penalty noowpsieT egnHnYHyt0 HOPMY rpagueHTa Ha WHTEPNONALMNSIX.
@ DTO npaKTnYecKasl peryaspu3auus, He To4HOe riobanbHoe obecnederme 1-Lipschitz.

@ YacTo fenatoT HeCKOJIbKO LLAroB Critic Ha OAWMH Lar reHepaTopa.

Babu4 Masen Bacunsesny (MMMuKH) 2026 29 /62



PyTorch: gradient penalty

eps = torch.rand(B, 1, device=real.device)
inter = (eps * real + (1 - eps) * fake.detach())
inter.requires_grad_(True)
scores = critic(inter)
grad = torch.autograd.grad(
scores.sum(), inter, create_graph=True) [0]
gp = (grad.flatten(l).norm(2, dim=1) - 1).square() .mean()
loss_D = critic(fake.detach()) .mean()
- critic(real).mean() + 10.0 * gp

Mpeanonaraetca real, fake € REXP; nna nzobpaxennii € umeer cdopmy (B,1,1,1).
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Lpyrve npakTrku ctabunmsayuu

Spectral normalization: W < W /omax(W) o5t KOHTpOAsi HOPMBI INHERHBIX CIOEB.

Two-time-scale update rule (TTUR): pasHbie ckopoctu obyyennsi G n D.

Data augmentation: noBbIWaeT yCTOWYMBOCTL NPU MasibiX HaTaceTax.

ApXUTEKTYpPHbIE OrpaHNUYEHUs: CBEPTOYHbIE CoM, HopManu3auus, skip connections.

OCTOpOXHO: He CyLLeCTBYeT yHUBEPCASLHOrO Habopa runepnapameTpoB, rapaHTUPYHOLWEro
CXOAUMOCTb.
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PyTorch: spectral normalization

from torch.nn.utils.parametrizations import spectral_norm
critic = nn.Sequential(

spectral_norm(nn.Linear (784, 256)),

nn.LeakyReLU(0.2),

spectral_norm(nn.Linear (256, 1))

)

D70 anbTepHaTuea perynspusaumm discriminator; spectral normalization He ToxaecTenHa WGAN-GP.
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f(z)

Jensen—Shannon divergence (GAN) Wasserstein distance (WGAN)
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DCGAN: ceepTouHasi MHAYKTUBHAS CTPYKTypa

[eHepaTop: z — NPOCTPaHCTBEHHAst KapTa npu3HakoB — upsampling/transposed
convolutions.

@ [lnckpumunaTtop: cBEpTku co stride ans yMeHbLIEHUA NPOCTPAHCTBEHHOIO pa3peLleHus.
@ Henuneiinoctu: ReLU B G, LeakyRelLU B D; Ha Bbixoge G 4acto Tanh.
@ BatchNorm npumeHsitoT ¢ y4€TOM KOHKPETHOU apXUTeKTypbl U (OYHKLMN NOTEPb.

Lenb: ncnonb3oBath S0KasbHYIO CTPYKTYPY M300pa>keHniA BMECTO NOAHOCBA3HOW MOAEN.
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PyTorch: dparment DCGAN generator

G = nn.Sequential(
nn.ConvTranspose2d (128, 256, 4, 1, 0, bias=False),
nn.BatchNorm2d (256), nn.ReLU(True),
nn.ConvTranspose2d (256, 128, 4, 2, 1, bias=False),
nn.BatchNorm2d(128), nn.ReLU(True),
nn.ConvTranspose2d (128, 3, 4, 2, 1, bias=False),
nn.Tanh())

images = G(torch.randn(16, 128, 1, 1))

Bbixoa: (16,3,16,16); ansa 32 x 32 unn 64 x 64 pobasste upsampling-6nokn.
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Apxurektypa DCGAN

T'eneparop G (ConvTranspose)

Juckpumunatop D (Conv)

ConvT ConvT ConvT ConvT wm Cony,
k=4,5=2,p=1 k=4,8=2,p=1 k=4,8=2,p=1 k=4,8=2p=1 Biwioo k=% =2 Bh—4)
BatchNorm BatchNorm BatchNorm Tanh HsoGpexeie Iukvkd U w 27 BatchNorm Norm
L~ N(O,T) ReLU ReLU _ RelU /// Teindes Ic1k)k=IL (0.2) I,cakyRcl,U (0.2)  LeakyReLU (0.2) =
FC + reshape J + Sigmoid
(1024 x 7% 7) e
| —
— — — > J—» p(real)
o | = - 1 €[0,1]
. 6x16x128 ©X8x%6 S
6
(100) T TR MO 140,54 9512 28 x 28 x 256 56 % 56 x 128 T 3232 x 64
b
TlocTenenHoe yBeNuHer e POCTPAHCTBEHHOTO pa3pelieH s TlocTernenHoe yMeHbliieHHe POCTPAHCTBEHHOTO pa3pellieHHst
Juaamuka reHepauun npu obydenun DCGAN (MNIST) TIpuvep creHepHpoBaHHBIX H306paskenwii (64 x 64)
7 [3]slo]/ [a[7]s

E Eﬂl

(CraGuIibHbIe M KaueCTBEHHBIC
CreHepHpOBaHHbIE COMILTHE

Hauano oGyuerus
(cayadinbi wyM)




Stride 2

CONV 2

conva -
G(2)

Figure 1: DCGAN generator used for LSUN scene modeling. A 100 dimensional uniform distribu-
tion Z is projected to a small spatial extent convolutional representation with many feature maps.
A series of four fractionally-strided convolutions (in some recent papers, these are wrongly called
deconvolutions) then convert this high level representation into a 64 x 64 pixel image. Notably, no
fully connected or pooling layers are used.
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Conditional GAN: mogenupyem p(x | y)

[obaensiem ycnosme y (MeTka kniacca, TekcToBblli embedding, n3obpaxerue):
X = Ge(zay)? D¢(X,y)€(0,1)
mGin mgx IE(x,y)diata log D(Xa y) + IEyfvp(y),zwpz |Og(1 - D(G(Z7 y)a y))

Mpumep: y = 7 — renepaumns nsobparkeHnii undpbl 7; MOXXHO MeHATL Zz Npu OUKCUPOBAHHOM
y.
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PyTorch: ycnoene kak embedding

emb = nn.Embedding(num_classes, 16)

y = torch.randint(num_classes, (32,))
torch.randn(32, 64)

G_input = torch.cat([z, emb(y)], dim=1)
fake = generator(G_input)

z

JunckpuMuHaTOp TOXE AOJKEH MONYYaTh y; HaNpUMeEp, Yepe3 KOHKATEHALMIO C NPU3HaKaMn uin
projection discriminator.
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Image-to-image translation: Pix2Pix

Ons napHbix panHbix (x,y): BXOA X 1 Lenesoe nsobpaxkeHue y.
Locan(G, D) =E, , log D(x,y) + Ex ,log(1 — D(x, G(x, 2))).
[106aBNAOT NONNKCENBHYIO PEKOHCTPYKLMIO:

L1,(6) = Exyzlly = 6(x, 2)]1-

mcj_n mDax Legan + ALy, .

Tunuynas peanusauus: U-Net generator n PatchGAN discriminator.
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PyTorch: Pix2Pix objective

pred_fake = D(torch.cat([source, fake], dim=1))

adv = F.binary_cross_entropy_with_logits(
pred_fake, torch.ones_like(pred_fake))

rec = F.11_loss(fake, target)

loss_G = adv + 100.0 * rec

fake = G(source); PatchGAN Bo3BpaluaeT kapTy n0rnToB, a He ogHO 4mcio. Mokasan war G, 6e3
wara D.
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Pix2Pix: yci0BHas1 reHepanys 1o napam u3o06pakeHuin

Tpumep npumenenus ycioHoro GAN Ui 3a/1a4 TpaHCIAUMH M300paKeHUH

IlocranoBka 3ana1n

Jlanb! napbi M306paXeHHit (T,Y) ~ Paata (T, Y),
Ile T — ycioBHOe M30GpaKeHHe (HanpuMep, edge map
win cer y — nenenoe

(HampHvep, pearcTIHOE $OTO).

Msi Xotum oGyuns resepatop G (x), Kotopuii 110
cunmesnpyer § = G() Taxoe, wtoGH § Gui0

Apxurextypa Pix2Pix (cGAN)

DyHKIHS NOTEPh

Yenosroe
H30Gpakene r mﬁwmm
% rmpmp
‘ i ‘HH b

OT peanbHoro .

TIpumep 1: Edge map — Photo (dacams 3nanmit)

Bxox (edge map) Crenepuposatoe poto

[rerr— D(z,y) —* real/fake

v

,
- L
e { H ” Icxpmsarop

1. C noteps (ycrossit GAN)
Lean(G, D) = E; y[log D(z,y)]
+ Ez[log(1 - D(z,G())]
2. Tloreps pexosctpykumm (L1)
L21(G) = Eg y [ly - G(@)Il]

Tonmas yHKIms moTeps
L(G,D) = Lean(G, D) + Ari(G)

Tipuvep 2: Segmentation — Street scene (KAPTLI CeMaHTHUECKOf CerMeHTAIHH)

Peansioe poro Bxox

Peansnas cucna



CycleGAN: 3agaya be3 napHbIx ©300pa>keHU il

Nanbl gga gomena X u Y, Ho HeT cooTBeTCTBYOWMX Nap (X, y).
G: X—=Y, F:Y— X,

Dy otnunuaet y ot G(x), Dx otnuuaet x ot F(y).

OpHux adversarial loss HegoCTaTOYHO: MOLEL MOXKET MEHATL COAEPXKAHUE U30OPaXKeHUs npw
COXpaHEHNU PeaNNCTUYHOTO CTUNS.

[obaenTb TpebosaHue Luknnyeckoro Bocctanosnenus: F(G(x)) = x n G(F(y)) = y.

https://arxiv.org/pdf/1703.10593
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Cycle consistency loss

Leye(G5 F) = Bxnpy [F(G(¥)) = X[t + Eynpy [[G(F(¥)) — ¥l

@ He TpebyeT napHbix HabntogeHnii.
@ OrpaHu4ymBaeT NpPou3BOSLHOE U3MEHEHNE CTPYKTYpPbl NpU NEPEBOAE AOMEHA.

@ He rapaHTupyeT ceMaHTNYeCKYO KOPPEKTHOCTL 1 MOXKET COXPAHSATb HEXENaTESIbHYIO
nHdpopmauumto.
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MonHast uenb CycleGAN

[’(Gv Fa DXa DY) = ‘CGAN(Ga DY7Xa Y)
+ Lcean(F, Dx, Y, X)
+ AeyeLeye (G, F).
NHorpa pobaenstoT identity loss:
Lia =Ey p, [|G(y) = yll1 + Exapx [IF(x) = x][1,

korga apxutektypbl G, F ponyckatoT Bxofabl 0bonx f4OMeHOB. Ha npakTuke 4acto npumensioT
least-squares adversarial loss (LSGAN) BmecTo norapudmuseckoro.
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PyTorch: unkn n identity loss

fake_y = G(x)
fake_x = F(y)
cycle_x = F(fake_y)
cycle_y = G(fake_x)
loss_cyc = F_nn.1l1 loss(cycle_x, x)
+ F_nn.11_loss(cycle_y, y)
loss_G = adv_G + adv_F + 10.0 * loss_cyc

3peck F_nn = torch.nn.functional; nepemeHHas F obo3HauvaeT obpaTHblii reHepaTop. Adversaria
terms cYnTaroTCa OTAENbHO.
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CycleGAN: TpaHcsanus u300pakeHuil 0e3 MapHbIX PUMEPOB

JlBa Pa M LIHKJ 00y4aThCsl HA HENAPHBIX JIAHHBIX
Apxurextypa u uges CycleGAN ®ynkuun norep, CycleGAN
Jlomen X
e s 1. Cocrssatenbiibie MOTepU (1 0GOUX HANpABTeHHi)
et L6an(Gx-sv,Dx) = Byrpyy) 108 Dy ()] T Eompo 1081 = Dy (Gxoy (2))]
£ ) real / fake
—_ (zomen Y)
L6a3(Gy 3, Dx) = oy ) 108 Dx(®)] 1 Eyepy ) (0801~ Dx(Gyox )]
2. [IMK/IHYecKas COIacOBAHHOCTh
Qe LaGxoy, Gyorx) = Eampeo) [1Gy-x(Gxoy (@) — all1]
+Eympy (v [1Gx-y(Gy-x(®)) = ylh]
— real / fake
y~py(y) (oMen X) Tlonmnas GyHKIMS 0TEPD

L(Gxy, Gy-x,Dx.Dy) = Loan(Gx—y,Dy) + Loan(Gy-x, Dx)
+ Aloye(Gx -y, Gy—x)

TIpumep 1: Horse <> Zebra Ipumep 2: < Winter T )
oouwe KRN - " - g € Nlemme cuemst Ere—
s A 99 i 3 ) Crowen X) Gowen Y)
Hexomme
3HMHHE CUCHBT Jlemne cuenst
[ — ot
(noment Y, 3eGp) g y { B Goven X (omen Y) (noven X)




Monet 7_ Photos ) 2 Zebras { Horses ) Summer % Winter

zebra —y horse

Monet Van Gogh . Cezanne

Figure 1: Given any two unordered image collections X and Y, our algorithm learns to automatically “translate” an image
from one into the other and vice versa: (left) Monet paintings and landscape photos from Flickr; (center) zebras and horses
from ImageNet; (right) summer and winter Yosemite photos from Flickr. Example application (bottom): using a collection
of paintings of famous artists, our method learns to render natural photographs into the respective styles.

Photograph



Paired Unpaired
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Figure 2: Paired training data (left) consists of training ex-
amples {x;,;}Y.,, where the correspondence between x;
and y; exists [22]. We instead consider unpaired training
data (right), consisting of a source set {mz}il (x; € X)
and a target set {y; }jﬂ’il (y; € Y), with no information pro-
vided as to which x; matches which ;.
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Figure 3: (a) Our model contains two mapping functions G : X — Y and F : ¥ — X, and associated adversarial
discriminators Dy and Dx. Dy encourages G to translate X into outputs indistinguishable from domain Y, and vice versa
for Dx and F'. To further regularize the mappings, we introduce two cycle consistency losses that capture the intuition that if
we translate from one domain to the other and back again we should arrive at where we started: (b) forward cycle-consistency
loss: © = G(z) = F(G(x)) = x, and (c) backward cycle-consistency loss: y — F(y) = G(F(y)) =y
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Figure 4: The input images x, output images G(z) and the
reconstructed images F'(G(x)) from various experiments.
From top to bottom: photo<Cezanne, horses«+zebras,
winter—summer Yosemite, aerial photos<+Google maps.



StyleGAN: ynpagneHue ctuaem u paspeLueHmnem

Mapping network: w = M(z) BmecTo npsimoii nogayn z Bo BCe CNOW.
Style modulation no3sonsieT BANMSATL Ha NpU3HaKM Ha pa3HbIx MacluTabax.

[obaeneHne wymMa KOHTPOAUPYET CTOXaCTUHECKNE NIOKAJIbHbIE AeTanu.

Style mixing nomoraeT nccneaoBaTh, Kakue ypoBHM OTBEYAtOT 3a pa3Hble CBONCTBA
n30bpaxeHusi.

Npesn: bonee cTpykTypnpoBaHHoe ynpaenenune reHepauueii, 4em B npoctom DCGAN.

https://arxiv.org/pdf/1812.04948
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PyTorch: nges style mapping

mapping = nn.Sequential(
nn.Linear (128, 128), nn.LeakyReLU(0.2),
nn.Linear (128, 128))
z = torch.randn(16, 128)
w = mapping(z)
style = affine(w) # affine maps w to layer controls

D70 nnntocTpauus mapping network, a ve nonnas peanusaums StyleGAN ¢ modulated convolutions.
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StyleGAN: ynpaBiieHue reHepanueil yepe3 CTWIM Ha PasHbIX YPOBHAX

ApxurexTypa StyleGAN (Style-based generator)
Synthesis network g(w)

Style block
wew 1024 x 1024
(512) -

BiisiHve pasHbIX CJIOEB HA T€HEPALHIO

3amena coarse-croés

(crom 1-4)
Basonoe — 03, opwa, KoMTIOOKA
Haobpakeie
(ace com ot A)
amera middle-croés
(cnon 5-8)

— npHuEcKa, 0uKH,
KpymuHie zeramn

3avena fine-croés
(cnou 9-18)

— TexCTYpPa KoK, 1meT,
Mee AeTam

Style block (ynpoméso)

Bromsic
npismaka
z

s 5| Momynsmas
—"—>| (ananmussas
sopmaais)

Conv 3 x 3

+ Noise

Style mixing:

Hcroummx A
Guanpiep, nosa,
bopa 2um)

u craie

Pesynbrats! style mixing

Meroumx B 1-8)—or A crum, (10w 9-18) — or B
(Hanpusicp, TexcTypa,
eram)
CJI0EB: OT il CTPYKTYpPBI K MEJIKMM JETAJIAM
Pasme con we cir Tosume con
(rnoBamsias cpykTypa) (cemarmuieckHe neTa) (Meakve feram)
1-2 34 5-6 7-8 9-12 13-16 17-18

@ -8)

16*)

32 (C5) (1282 - 256%) (512%) (10247)




Latent z € Z Latent z € Z Synthesis network ¢ Noise

[Normalize | [Normalize | [Const 4x4x512]
M -
Fully-connccted network f
e
Conv 3x3 FC
[PixelNorm | FC
4x4 FC
FC U, 1
Upsample P
Conv 3x3
[ Comv3x3 |
[PixelNorm |

(a) Traditional (b) Style-based generator

Figure 1. While a traditional generator [ 0] feeds the latent code
though the input layer only, we first map the input to an in-
termediate latent space W, which then controls the generator
through adaptive instance normalization (AdaIN) at each convo-
lution layer. Gaussian noise is added after each convolution, be-
fore evaluating the nonlinearity. Here “A” stands for a learned
affine transform, and “B” applies learned per-channel scaling fac-
tors to the noise input. The mapping network [ consists of § lay-
ers and the synthesis network g consists of 18 layers — two for
each resolution (4> — 1024°). The output of the last layer is con-
verted to RGB using a separate 1 % 1 convolution, similar to Kar-
ras et al. [30]. Our generator has a total of 26.2M trainable param-
eters, compared to 23.1M in the traditional generator.
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Figure 3. Two sets

W B); the rest of the images were generated by

copying  speciied subset of syle from source B and takin the restfrom source A. Copying th syles corresponding o course spatal
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Kak cpasHueate GAN?

o FID: paccrosiHne mMexxay rayCCOBCKMMU anmnpoKCUMaLUsiMU PaCcNpeAesieHnii NpM3HaKkos
real /fake.

e Precision/Recall: otgensHo KayecTBo 1 nokpbiTe pasHoobpasusi.

@ Inception Score: ysepeHHOCTb 1 pa3HOoODpa3ue npefckasaHHbIX KIAcCoB; He UCMOMb3yeT
peanbHble AaHHbIE HAMPSIMYHO.

@ BusyanbHhas auarHoctuka: comnibl, mode collapse, aptedakTsbl, 3anomuHaHme.
1/2 1/2
FID = [l1r — gl + Te(Z, + T — 2(51 5,57/)1/2).

Metpuku 3aBucsat ot feature extractor, npenpoueccutra n pasmepa Boibopku.

Babu4 Masen Bacunsesny (MMMuKH) 2026 59 /62



PyTorch: cbop camnnos ans oueHky

G.eval()

with torch.no_grad():
z = torch.randn(256, latent_dim, device=device)
generated = G(z).cpu()

# Convert [-1, 1] to [0, 1] if needed:

generated = (generated + 1) / 2

Ons koppektHoro FID TpebytoTcsi ognHakoBbIi NPEnpOLECCUMHT 1 4OCTAaTOYHO bosblive Habopbl
peasibHbIX U CUHTETUYECKMX U30DParkeHWii.
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Cpastenune: VAE, GAN, Flows

VAE GAN Flows
ObyyeHune ELBO Adversarial Exact likelihood
MnoTHoOCTB HuxHsis oueHka Ob6bluHo HegocTynHa  Bbluncnanma
CamnnuposaHue O6bI4HO bICTpOE O6bi4Ho beICTpoe Yepes npsimoii flow
Mpobnembl Posterior collapse Mode collapse ObpatnmocTs,
Jacobian

Cneaytowasn nekuus: Normalizing Flows — MOXHO /it COBMeCTUTL BbIpa3UTENbHbII

reHeEPATOp C TOYHbIM BbIHNCNEHNEM NAOTHOCTMN?
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YeTbipe popMysbl, KOTOpble CTOUT 3aMNOMHUTL

mGjn max Ex log D(x) + E, log(1 — D(G(z2))),
* pdata(X)
D (x) = :
S0 = o) + pe)
V(Dg, G) = —log4 + 2 JS(Pdatall Pg),
Leye = Ex[|[F(G(x)) = x[l1 + Ey [[G(F(y)) — vl

Bonpoc aygutopuu: nodemy CycleGAN HyxHbl ABa reHepaTopa, a Pix2Pix goctatoyHo
ogHoro?
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