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A.KploKoB

MawnHHoe oby4yeHune B
acTpodunsnke

Jlekunsa 6

2HepaTMBHbIe COCTA3aTeJIbHble
cetn (GAN)



B npenblaoyLwnx cepmax

* Jlekumsa 1. YTo Takoe MalunHHoe oby4deHne n cdepsl ero
NMPpMMEeHeHNa B HayKe.

 Jlekunsa 2. OCHOBHbIE MOHATUS.

* Jlekumnga 3. Meton obpaTHOro pacnpocTtpaHeHnsa ownbok.
« Jlekumnda 4. [lepeBbs peLueHni.

* Jlekumnda 5. CBepTo4Hble CceTu

 Jlekumnda 6. lamma actpoHoMuma n MO

 Jlekynsa 7. NeHepaTUBHbIE HEUPOHHbIE CEeTHU




Tunbel obyyeHNs

* Oby4yeHune c yuntenem.
— OOby4aloLmnin Habop BKIHOYAET XenaemMbln pesynsraTt

* OO0y4eHue ¢ noakpeneHneM.
— Yummca gencTeoBaTthb B YCNOBUAX OLLEHOYHOW 0OpaTHOU CBS3U
(nooLypeHns)

* Oby4yeHne 6e3 yuyntens.
— lNonck cTpyKTypbl AaHHbIX

— aHHbIe o6yqu|/|s=| HE BKJTHOHAIOT XKeJ1aEeMble pe3yJibTaTbl




Tunbl reHepaTUBHbIX MO ENEN

Direct
GAN
Generative models
Explicit density Implicit density
Tractable density Approximate density LEILEY Gl
Fully Visible Belief Nets / \ GSN
- NADE
- MADE Variational Markov Chain
- |PixelRNN/CNN — ,
Change of variables models L Yariational Autoencoder Boltzmann Machine

(nonlinear ICA)

Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.




PixelCNN onpenenstoT QYyHKUMIO NSIOTHOCTN, ONTUMU3NPYIOT BEPOSTHOCTL OBYy4aroLLInX

OaHHbIX:
(

pe(z) = Hpe(iliﬂil?h oy Ti—1)

i=1
VAE onpefgensaet oyHKLUUIO NIIOTHOCTU CO CKPbITbIMW NapameTpamu Z.

pola) = [ mle)palalz)i

HeB0O3MOXXHO ONTUMU3NPOBATL Harnp4amMyro, BMECTO 3TOIro MO>XHO MoJy4YnTb U
OoNTMMN3NPOBATb HNXHIOK rpaHnLy BEPOATHOCTU




PixelCNN onpenenstoT oyHKUMIO NNOTHOCTU, ONTUMN3UPYIOT BEPOATHOCTL OByYatoLwmx
AaHHbIX:

po() = [ [ polailzs, .., i 1)
1=1

VAE onpegenaiot TpygHopaspeLwmmyo oyHKUNIO NAOTHOCTU CO CKPbITbIM Z.

po(z) = [ pa(2)pe(|2)dz

HeBo3MOXXHO onTMMM3npoBaTb HaMNpAmMyr, BMECTO 3TOIO MoJsiyvYnTb N onTMMnN3nNpoBaTb
HWXHIOKO TrpaHULYy BEPOATHOCTH

UTO, ecnun Mbl OTKaXXeMCS OT ABHOIO MOAENMPOBaHUS MNSIOTHOCTM U MPOCTO 3aX0TUM
camnnupoBaTb?
GAN: He paboTaeT ¢ Kakon-rnmmbo ABHOWN OYHKLUMEN MNOTHOCTU!
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Generative Adversarial Networks (GANSs)

* GANS 1Ccnonb3yeT COBOKYMNHOCTb CreayLmx ABYX rMaBHbIX NOEN:

1. Learning to Sample
(High-level) Connection to Inverse Transform Sampling

2. Adversarial Training




Generative Adversarial Networks

* [lpobnema: xoTuTEe NOAYYUTb BbIDOPKY N3 CNOXKHOIO
MHOromepHoro obyyatowiero pacnpegeneHns. Het npsmoro
cnocoba coenaTtb oT0!

* PeweHne: Mcnonb3oBaTb 06pa3ubl U3 NpocToro Habopa,
HanpuMmep, caydanmHbln Wwym. Hangem npeobpasoBaHue B
pacnpeneneHne obyyatoLien BbIboOpKN.

Output: Sample from

Q: What can we use to represent training distribution
this complex transformation?

Generator
A: A neural network! Network

?

y4

Input: Random noise




O6yuyeHne GAN — 3To urpa asyx urBEkoe

 [eHepaTop: NonblITanTecb 06MaHyTb AUCKPUMMNHATOP, CO34aB
peanncTnyHble n3obpakeHus.

o NNCKPUMMHATOP: NONPodbynTe OTINYNUTBL HacTosALWME
n3obpa>keHns oT noanesbHbIX.

Real or Fake

?

Discriminator Network

Fake Images g Real Images
(from generator) - (from training set)

Generator Network

?

Random noise z




O6yuyeHne GAN — 3To urpa asyx urBEkoe

 [eHepaTop: NonblITanTecb 06MaHyTb AUCKPUMMNHATOP, CO34aB
peanncTnyHble n3obpakeHus.

o NNCKPUMMHATOP: NONPodbynTe OTINYNUTBL HacTosALWME
n3obpa>keHns oT noanesbHbIX.

Train jointly in minimax game

Minimax objective function:

Discriminator outputs likelihood in (0,1) of real image

Hgiﬂ Hbavx [E:rwpdam log D, (:E) T Ezmp(z) log(l — Do, (G9g (z)))}
g d | | l |

Discriminatér output for Discriminétor output for
real data x generated fake data G(z)




O6yuyeHne GAN — 3To urpa asyx urBEkoe

 [eHepaTop: NonblITanTecb 06MaHyTb AUCKPUMMNHATOP, CO34aB
peanncTuydHble n3obpakeHus.

o NNCKPUMMHATOP: NONPodbynTe OTINYNUTBL HacTosALWME
n3obpa>xeHns oT NnoaaenbHbiX.

Train jointly in minimax game

Minimax objective function: Discriminator outputs likelihood in (0,1) of real image
min max [Emwpdam log Do, (z) + E,p(z) log(1 — Dy, (G, (z)))]
9 a = ! ! ! l
Discriminator output for Discriminator output for
real data x generated fake data G(z)

- Discriminator (8,) wants to maximize objective such that D(x) is close to 1 (real) and D(G(z))
is close to O (fake)

- Generator (6,) wants to minimize objective such that D(G(z)) is close to 1 (discriminator is
fooled into thinking generated G(z) is real)
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O6y4yeHne GAN — 3To urpa asyx nrPokos

Minimax objective function:

min max [Emrupdm log Dy, (z) + E;np(z) log(1 — Dy, (G, (Z)))]
g d

Alternate between:
1. Gradient ascent on discriminator }

Iliéa.X Emmpdam log DBd (3:) + Ezwp(z) log(l - Dﬁd (Gt?g (Z)))

2. Gradient descent on generator

113111 B mp(2) log(1 — Dy, (Gt?g (2)))




O6yyeHne GAN — 3To urpa ABYX UFPOKOB

Minimax objective function:

min s [Bep,q,, 10806, () + Banp(s) 108(1 — Do, (G, ()

0, 64

Alternate between:

1. Gradient ascert on discriminator

max
04

2. Gradient descent on generator
n;in E, p(z) log(1 — Dy, (G, (2)))

Ha npakTuke onTuMmnsaums 3Tou Lenm reHepartopa He
paboTaeT!

E:I:diam log ng (ZE) + Ezwp(z) log(l - ng (G9g (z)))

|

pagueHTHbIM curHan
npeobnagaet B obnacty,
roe obpasey yxe
XxopoLuni

Korga obpaseu, BEPOSATHO, ,|
ABNSAETCA NoaaeNbHbIM, Bbl ;|

XOTUTE U3BIrevb N3 Hero 0

YPOKU, YTOObI yny4lnTb P
reHepatop. Ho rpagneHT B -2}
aTon obnactu sl

OTHOCUTENbHO nonormn! L




O6yyeHne GAN — 3To urpa ABYX UFPOKOB

Minimax objective function:
min max |Egnpg,., 108 Do, (%) + Eanp(z) 10g(1 — Do, (Go, (2))]

0, 64

Kpome Toro: coBmecTtHoe
obyyeHune OByx ceTen

. ABNSAETCS CNOXXHOW 3a4aven,
Alternate between: MOXET ObITb HECTAOUITbHOMN.

1. Gradient ascent on discriminator BbiGop Lieneit ¢ fyyLwmnmim
max | Eanpg,,, 108 Do, (%) + Ezrpz) 10g(1 = Do, (G, (2)) | rawawacrana roreps
04 nomMoraeT o6y4eHuIo 1
ABNAeTCca akTUBHOW 00nacTblo
NccnefoBaHWE i nen))
—  —logD(G(2)) |

2. Instead: Gradient ascent on generator, different objective

nt]ga.x Ezwp(z) log( Dy, (GGQ (2)))

4
3
|
10
BmecTo TOro, YTOObI CBOAUTL K MUHUMYMY BEPOATHOCTb TOro, 4YTO AUCKPUMUHATO . flf .

A yMy BepC AMCKD P High gradient signal
OKaXeTcA npaBusibHbIM, TENEpb MakCUMNU3INPYNUTE BEPOATHOCTb TOIO, YTO -2

ONCKPUMUMHATOP OKaXXeTCA HeENpaBWUJIbHbIM. 3t

Ta xe uenb 0bmMaHyTb AUCKPUMUHATOP, HO Tenepb 6onee BbICOKUIN rpagneHT L — - - — J
curHana ang nnoxux obpasuyos => pabotaeT HamHoro nydwe! CtaHaapT Ha Low-gradient signal
NpaKkTUKe.




lan Goodfelogvetgak, “Gene
Adversarial Nets”, NIPS 2014

Generative Adversarial Nets
Generated samples

Nearest neighbor from training set

Figures copyright lan Goodfellow et al., 2014. Reproduced with permission.




Stride 2 16

Project and reshape
CONV 2

Generator G(@2)

Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Large Scale GAN Training for High Fidelity Natural Image Synthesis
Andrew Brock, Jeff Donahue, Karen Simonyan https://arxiv.org/abs/1809.11096








Konsnanc mona

Generated
Distribution

Data Distribution

NHorpa aTo TpyaHO O6Hapy)KI/ITb, TakK KakK BUOHO TOJIbKO TO, YTO CreHepnpoBaHoO,
a He TO, YTO nponyLeHo.




Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k

BoT 4TO MMeeM B pearnbHOCTH ...

Step 0 Step Sk Step 10k Step 15k Step 20k Step 25k




Opyrne GAN

« Conditional GANs
e Constrained GANs

» Wasserstein Distance GANs

Ho 06 3ToM B cnenywowmnn pas.




MaTepuanbl NeKunn:
https://theory.sinp.msu.ru/doku.php/ml_lectures

‘,:

2.03.2023
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