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They don't appear to want to compete. They just want to dance.
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ObpaTtHasa (TpaHCNOHMPOBaHHAas) CBEPTKA

* MO3BOAET YBENNYMBATb Pa3Mep BXOAHOro TEH30pPa;

e paboTaeT aHaNOrM4YHO Wwary obpaTHOro
PAcnpoOCTPaHEeHNA OWMOKN B CBEPTOYHOM C/OE;

* B OTANYME OT 0ObIYHbIX UHTEPMONALMNOHHBIX CNOEB
oby4yaeTcs U NoKa3biBaeT Honee BbICOKME pe3ynbTaTbl;




[ eHepaTMBHO-CcOCTA3aTENbHAA CETh

[eHepamueHo-cocms3samersibHas Heupocemse (generative adversarial
network, GAN) — apxutektypa, cocrosiias u3 aByx HesaBMCUMbIX
HENPOHHbIX CETEN, HACTPOEHHLIX Ha paboTy Apyr NpoTUB Apyra:
reHepaTopa 1 QUCKpUMMUHaTopa.
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[ eHepaTop

[eHepaTop — ceTb, co3garoLuias n3obpaxxeHus, NCNOsb3ysd BEKTOP
HebornbLLOW (0OLIYHO OKOJ10 64-256) pasmMepHOCTMW.
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Project and reshape

Stride 2 16

CONV 2




[nckpmumMmmnHaTtop

OuckpnmmnHaTop — BMHapPHbIN KNnaccnukaTop, KOTOPbIN YYUTCS OTNNYaTh

HacTosALLME N300paXKeHNs OT N300paXKeHN, CO3AaHHbIX reHepaTopoOM.
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Co3gaem reHepatop (tf+keras)

keras.Sequential([
=(latent_dim,))

LeakyReLU( =0.2)

.Reshape(( ))

.Conv2DTranspose( ( ) —{( ) =
.BatchNormalization()

LeakyReLU( =0.2)

.Conv2DTranspose( ( ) ={( ) =
BatchNormalization()

LeakyRelLU( =0.2)

.Conv2DTranspose( ( ) = ) =
BatchNormalization()

LeakyReLU( =0.2)

.Conv2DTranspose( ( ) = ) = =

)

=init)

=init)

=init)



Co3gaem guckpmmmHatop (tf+keras)

discriminator = keras.Sequential(][

layers.Conv2D( ( ) =K ) = =init =image_shape)
layers.BatchNormalization()

layers.LeakyRelLU( =0.2)

layers.Conv2D( ( ) = ) = =init)
layers.BatchNormalization()

layers.LeakyReLU( = )

layers.Conv2D( ( ) = ) = =init)
layers.BatchNormalization()

layers.LeakyRelLU( =0.2)

layers.Conv2D( ( ) =( ) = =init)
layers.BatchNormalization()

layers.LeakyReLU( = )

layers.Flatten()
layers.Dense( =init)

] = )



Oby4yeHne reHepaTUBHO-COCTA3ATENBHON CETU

HacToduwue
n3obpaxeHus

[eHepaToOp

AUCKpUMMHATOp

edolLeHuwud out

nda.oy

edoledaHal

nda.oy




Oby4yeHne reHepaTUBHO-COCTA3ATENBHON CETU

Obyyaem ANCKPMMUHATOP NpeacKasbiBaTb MeTKY «1» Ha 6aTye n3 peanbHbIX
n3ob6parkeHun.

ANCKPpUMUHATOp ——

(T°(x)a)




Oby4yeHne reHepaTUBHO-COCTA3ATENBHON CETU

Obyyaem AUCKPUMMUHATOP NPeacKasbiBaTb MeTKYy «0» Ha 6aTye 13 n3obpakeHuw,
CO3aHHbIX TEHEPATOPOM.

ANCKpyuMnHaTtop ———

(0°((z)9)a)1




Oby4yeHne reHepaTUBHO-COCTA3ATENBHON CETU

3amoparkmBaem BecoBble KO3DDULMEHTbI AUCKPUMMHATOPA U 0by4yaem NOJIHYIO
CEeTb NpeAcKa3biBaTb METKY «1» ANA NPOU3BOJSIbHOIO BXOAHOIO BEKTOPA.

ANCKpMHMHATOp
[eHepaTOp —— o —
(3aMOpPOXEHHbIN )

(T°((z)9)a)1

3ayem 3aMopaXKMBaTb Beca AUCKPUMMHATOPA?



OyHKUMA NOTepb ANCKPUMUMHATOPA

PyHKUMA NOTepb MOXKeET bbITb Nosiy4yeHa u3s popmynbl BUHAPHOU NEePEKPECTHOM
SHTPONUMN:

L,y)=y-Iny+ (1 -y) In(1-7)

Mpu 0byyeHNM AUCKPUMMHATOPA HA HAcToAWMX AaHHbIX Y = 1,a )y = D(x),
cnepoBaTesibHO:

L(3,y) = L(D(x),1) = In D(x)
Mpn 0byvyeHNUn AUCKPUMMHATOPA Ha M306paXKeHUAX, CO34aHHbIX reHepPaToOpPOM
y=0,9 =D(G(2)):
L(9,y) = L(D(6(2)),0) = In(1 - D(G(2)))



OyHKUMA NOTepb ANCKPUMUMHATOPA

Lenb AUCKPUMMHATOPA — MPaBUAbHO KnaccuduuMpoBaTb HACTOAWMN U
nogaenbHbln  Habop AaHHbIX, AnAa 3Toro  GYHKUMKM  OOMXHblI  ObITb
MAKCMMM3NPOBAHbI, @ OKOHYaTe/IbHaA GYHKUMA noTepb byaeT BbIrnA4eTb TakK:

L(DP) = max [lnD(X) + In (1 — D(G(Z)))]



OyHKUMA NOoTepb reHepartopa

[eHepaTop NOCTOAHHO bopeTca ¢ AUCKPUMMNHATOPOM U MblTaeTcs
MWHUMU3UPOBATb YpaBHEHUE:

L(G) = min [ln D(x) + In (1 — D(G(Z)))]



KomOunHmpoBaHHas dyHKLUA NOTEPb

Oba ypaBHEHMA MOXKHO 06BbEANHUTL B OAHO: THIS 15 YOUR MACHINE LEARNING SYSTET?

L = ming maxp [InDC) +In(1-D(6@))] | | MEShEET RS

THE ANSLJERS ON THE CTHER SIDE.

WHAT IF THE ANSWERS ARE WJRONG? )
B pea/ibHOCTU UCNONb3YIOT ABE PaA3HbIX cl)yHKLI,MM. TUST STIR THE PILE UNTIL

Laiscriminator = InD(x) + In (1 — D(G(Z))) THEKSTHRT% RIGHT.
Lgenerator = In (D(G(Z))) I




[Tpumep peanmnsaumm pyHKUUM noTepsb (tf+keras)

GANLoOSsS:

( from_logits= smoothing= ):
.bce = tf.keras.losses.BinaryCrossentropy( =from_logits =smoothing)

discriminator_loss( real output, fake output):
real part = .bce(tf.ones like(real output), real output)
fake part = .bce(tf.zeros like(fake output), fake output)

real part + fake part

generator_loss( fake output):
.bce(tf.ones like(fake output), fake output)




Anropuntm obyvyeHna GAN

for konundectBO uMTepauuun do
creHepupoBaTb Habop U3 M cnyvaliHbIX BEKTOPOB {21, Z,, ..., Z; }
BbI6paTb M HACTOAWMX U30OPAXKEHUN {X1, Xo, wvv) X7 }
0H6HOBUTb BECa ANCKPMMUHATOPA B CTOPOHY BO3PACTaHUA rPaJUEeHTa:

ng% i [ln D(x®) +1n (1 —D (G(z<i>)))]

creHepupoBaTb Habop M3 M cnyyaliHbIX BEKTOPOB {21, Z5, ..., Z;m }

0OHOBWUTbL Beca AUCKPMMMHATOPA B CTOPOHY YMEHbLUEHUA rpaguneHTa:
m

\799% Z lln (1 -D (G(z(i))))]

=1
end for



[Tpouecc obyvyeHuna GAN

ObyuyeHue Ha Habope aaHHbIX Cat faces (.gif)

ObyuyeHue Ha Habope aaHHbIXx MNIST (.gif)



KayecTBeHHad oLeHKa MoOdenwu

1N KaYeCcTBEHHOM OLEHKU N306paXKeHMI, CO34aHHbIX FTEHEPAaTOPOM, MOXHO
MCNO/b30BaTb CAEeAYIOLWMNE XapaKTEPUCTUKM:

* CXOACTBO C M30bparkeHnamu obyyatoLen BbIDOPKHU;

e oTcyTcTBME AYybAnKaTOoB U3 0byyatoLwen BblIbOpKY;

* pa3Hoobpa3ue nlobpaxkeHuu;

* OTCcyTCcTBUE apTedaKTOB;



KonnyectBeHHasa oueHka moaenun. FID score

Frechet Inception Distance score (FID) — meTpuKa, N03BONAIOLLLAA OLUEHUTD,
HACKO/Z1IbKO NOXOXWM ABa Habopa n3obpaxkeHnm mexay cobou.

5 1
FID = H,Llr — ,UgH +TIr (Zr t 2y — Z(ZTZQ)Z)

B KauecTBe 3HAaYEHUN ' U g NCMONb3YeTCcA pe3ynbTaT paboTbl cetn InceptionV3
6e3 nocnegHero (Knaccnduumpyrowero) cnos:

r = InceptionV3(Xyeq;), g = InceptionVs(Xrqxe)

[Mpn Kaknx 3HavyeHunsa FID moaenb nyywe?



KonnyectBeHHasa oueHka moaenun. FID score

Frechet Inception Distance score (FID) — meTpuKa, N03BONAIOLLLAA OLUEHUTD,
HACKO/Z1IbKO NOXOXWM ABa Habopa n3obpaxkeHnm mexay cobou.

5 1
FID = H,Llr — ,UgH +TIr (Zr t 2y — Z(ZTZQ)Z)

B KauecTBe 3HAaYEHUN ' U g NCMONb3YeTCcA pe3ynbTaT paboTbl cetn InceptionV3
6e3 nocnegHero (Knaccnduumpyrowero) cnos:

r = InceptionV3(Xyeq;), g = InceptionVs(Xrqxe)

FID — pacctoAHME, NO3TOMY MOAENb TEM NYYLLE, YEM HUXKE 3HAYEHME METPUKMN.



NHTEepnonaums B CKPbITOM NMPOCTPaHCTBE

Bbibnpana ABa BeKTopa (Z{ U1 Z,) B CKPbITOM MPOCTPAHCTBE U BbINOAHAA IMHENHYIO
MHTEPMNONALMIO MEXAY HUMM, MOXKHO MOJIYYUTb MHTEPNONALMIO B MPOCTPAHCTBE
n3obparkeHun: z =t - z, +(1 —t) - z,,rae t —yaucyo € [0, 1]
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OwmnbKm npm odyveHnn

3aTtyxatowme rpagmueHTbl — ecaM AUCKPUMMHATOP CAAULLKOM XOPOLU, TO
obyyeHune reHepaTopa MOXKET He cpaboTaTb K3-3a 3aTyXaloOLWMX FPAJNEHTOB.
PaKTUYECKU, ONTUMAIbHbIN ANCKPUMNHATOP HE NpeaocTaBaAAeT AOCTaTOYHO
nHdopmaummn ana paboTbl reHepaTopa.

HecnocobHocTtb comntncb. GAN’bI cnoXKHO 0byyaTb. MHOTrMe reHepaTUBHO-
COCTSA3aTeNbHble MOAE/IN BOBCE HE CNMOCOOHbI COMTUCH B MPUEMNIEMYIO TOYKY.



OwmnbKm npm odyveHnn

Konnanc moabl — pexxum pabotbl GAN, npmn KOTOPOM reHepaTop BblAAET NMLLb
CUNBbHO orpaHquHHoe KO/ZIMYEeCTBO M300parKeHnn.

When your GAN suffers
from mode collapse




[Tpnembl ona ctabunbHOro oby4yeHuUs

HopManmaauns BXodHblX AaHHbIX (M300paXeHna B ananasoHe [-1, 1])
tanh B kKauecTBe PYyHKUMN aKTUBALIMKN reHepaTopa;

HOopMarbHOE pacnpeneneHmne BMeCcTo paBHOMEPHOro Ans wyma;
pasfenbHble NAaKeTbl A1 HACTOALNX U DENKOBBLIX N300paXkeHUN;
MCrosib30BaHMe daTty-HopManusauuu;

ncnons3osaHne LeakyRelLU Bmecto RelLU;

nobasneHue wyma B metku ([0, 0.3] n [0.7, 1.2] BmecTo O 1 1)
ncnonb3osaHme Adam co 3HayeHnem momeHTta 0.5

MCMONb30BaHME CBEPTOYHbLIX CMTOEB C WWarom > 1 BMeCTo MakCnynuHra,



Opy3bsa GAN'oB

ABTOKOOMPOBLLNKA

BapuaunoHHble aBTOKOOAUPOBLLUNKNK
WGAN — Wasserstein GAN

ProGAN — progressive growing GAN
CGAN — conditional GAN

Pix2pix

Cycle GAN

Stack GAN

SRGAN - super resolution GAN



ABTOKOONPOBLLNKNK

ABMOKOOUPOBWUK — apPXUTEKTYPa HEMPOHHOMN CETU, COCTOALLAA M3
KOANPOBLLMKA U AeKoaMPOoBLLMKA. MpnHUMn paboTbl 3aKN1HOYAETCA B CHATUN
BXOAHOro n3obpaeHmna B BEKTOP MaJIoN Pa3MepPHOCTU U BOCCTAaHOB/IEHME
MCXOAHOro n3obpaxkKeHns n3 Noay4eHHOro BEKTopa.

Input image Reconstructed image

[~ . Latent Space .
'~ Representation Lo




BapnaynoHHbIN aBTOKOOAMPOBLLINK

Decoder Decoder
BapuayuoHHbIU a8MOKOOUPOBUW UK —
yIy4YLIEHHAA BepcmA 0ObIYHOIo I T
aBTOKOAMPOBLLMKA. YayylueHue “reparameterization”
3aKntoYaeTcs B obaBneHnn mexkay | = <z g ETpros
BbIXOA0OM KOAUPOBLLMKA N BXOAOM l;--;x,] [ | \
NEeKoAMPOBLLMKA CNOA ~ N lf;xl o
penapameTpusaLmm, KOTOpPbIn \_/
N3MEHSAET pacnpeaeneHue
CKPbITOro NPOCTPAHCTBA, NpeBpaLLlan I [
ero B HopmasbHoe. Enooder Output coder Output

VA
|' _." random node /\ deterministic node

A4 AN



[Tpobnema aBTOKOAMPOBLLMKA

N306parkeHuna, nony4yaemble Ha BbIXOAe BapMaLLMOHHbIX aBTOKOAMNPOBLLUKOB,

3a4acTyl0 CU/IbHO pa3MbITbI n cnabo oTInMYaloTCA OT TPEHUPOBOYHbIX MPUMEPOB.
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Progressive growing GAN

[lpoepeccusHasa eeHepamMuUBHO COCMA3adMmMesibHAA cemb: BO Bpema obyyeHus obe
HempoceTu (reHepaTop N AUCKPUMMHATOP) Pa3BUBAOTCA NOCPEACTBOM
nobaBeHns HOBbIX C/I0EB.

Latent Latent Latent
OCHOBHbIe NAKChbI: I 444 | | 444 | | 444 |

X X X
 bHonee peannctmyHbole n3obparkeHus; §  8x3 | : |

° M306pa)'KEHV|H B BbICOKOM Ka4eCTBE, | |

* 60nblIaA BAPUATUBHOCTb U300paKeHNH; - '

* nierye un BbicTpee obyyaeTcs; 5 1024x1024
. R. - B
| | Reals . iReals . | Reals
| B 1024x1024
I | g ]
[ ]
| |
vy [ ]
Pl [ 8x8 ] = =
L 4x4 | L 4x4 | [ axa ]

Training progresses



Progressive growing GAN (gif)

Z
N
4x4
X' X
Training time: O days
4x4 resolution
z = random code
Generator
R X = real image
~- ~ Discriminator

4x4 x' = generated image



Progressive growing GAN (npumepsi)




Conditional GAN

YcnosHaa eeHepamueHoO-cocmAa3samesibHaA

real
ceTb — 370 06bl4HaA GAN, B KOTOPOM MOMUMO O
n3ob6paxkKeHnm ewé ncnonb3yeTcs T
MHPOPMaALMA O Knaccax n3obpaxKeHuu.
[MopaBaA Ha BXOA reHepaTopa METKY HYKHOro / D \
K/lacca, MOXXHO KOHTPO/IMPOBATb NOAy4YaemMble D
n3obparkeHus.

X G(z)




Conditional GAN (npmmepbl)
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Pix2pix

[eHepaTopy Ha BXOA, AaeTca u3obpaxeHue.
Ha ee ocHOBe reHepaTop AO/KEH
creHepupoBaTb KaPTUHKY Ha BbiXOA, Real or fake pair? seliclriase ek

Positive examples Negative examples

NNCKPUMUHATOP NOAYYaET TO XKe

n3obparkeHune n pesyabraTt PpaboTbl
reHepartopa. IMCKpMMUHATOP onpeaenser,

ABNAETCA N CTeHEepPUPOBAHHAA KapPTMHKaA
HacTosALEeN UNN CTeHEePUPOBAHHOMW.




Pix2pix (npyumepsbl)

OUTPUT

INPUT

OUTPUT

INPUT

PIX2pix




Cycle GAN

G ] Gea

Real Image in domain A Fake Image in domain B \ Reconstructed Image

Gsa generates a reconstructed image of domain A.
This makes the shape to be maintained
DB ‘\

real or fake ?

Discriminator for domain B ‘ i \

Real Image in domain B

when Gas generates a horse image from the zebra.




Cycle GAN (npumepbl

 m—

Monet £_ Photos Zebras T Horse Summer _ Winter

AR

AN 3}‘\ 'f_.:‘r v..[ (AT
zebra — horse

photo —>Monet : horse — zebra : winter —> summer

= A

Phtograph u o | Cezanne




Stack GAN

Embadiding @
Text description — 64 % 64
This is gray with ]
white on its chest — SIS Results
and has a very g e e
;mph beak - : d(E dy Real or fake
short beak ] - . b a0 Image {0, 1}
| 64 x 64
Noise z Real Image
Conditioning 256 x 256
Augmentation
(cA) Real Image
Stﬂge 2 STHQE 2 Real ar fake
Generator Discriminator Image {0, 1

64 x 64
Stage 1-
Results

256 x 256
Results




Stack GAN (npumepsbl)

This bird 1s The bird has This is a small,  This bird is
This bird is This bird has A white bird white, black, small beak, black bird with  white black and
Text  blue with white  wings that are with a black and brown in with reddish a white breast yellow 1n color,
description and hasavery ~ brownand has  crown and color, with a brown crown and white on with a short
short beak ayellow belly  yellow beak brown beak and gray belly  the wingbars. black beak

images .
e

Stage-1I
images




Super resolution GAN

Generator Network B residual blocks
A
k9n64s1 "' k3n64s1 k3n64s1 ' k3n64s1  k3n256s1 k9n3s1
@
z 5
L
o
4 = -
skip connection
Discriminator Network k3n128s2 k3n256s2 k3n512s2
k3n64s1 k3n64s2 k3n128s1 k3n256s1 k3n512s1

Leaky RelU
Dense A1024)
Leaky‘ReLU
Dense (1)

Leaky RelLU




Super resolution GAN (npumep)

bicubic SRResNet SRGAN original
(21.59dB/0.6423) (23.53dB/0.7832) ~ (21.15dB/0.6868)

r ¢ ol _ % 4
i . -
e |
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[Tone3Hble cCcbifku

GAN — What is Generative Adversarial Networks GAN
Generative Adversarial Network (GAN) using Keras
Deep Convolutional Generative Adversarial Network
How to Train a GAN? Tips and tricks to make GANs work
[eHepaTnBHO-cocTA3aTenbHasa HenpoceTb (GAN). PykoBoacTBO 4189 HOBUYKOB
GAN loss functions u GAN problems

Pix2pix: Kak paboTaeT reHepaTop Kolleyek

Introduction to CGAN

Implementing StackGAN using Keras

GAN — Wasserstein GAN & WGAN-GP

GAN — Super Resolution GAN (SRGAN)



https://medium.com/@jonathan_hui/gan-whats-generative-adversarial-networks-and-its-application-f39ed278ef09
https://medium.com/datadriveninvestor/generative-adversarial-network-gan-using-keras-ce1c05cfdfd3
https://www.tensorflow.org/tutorials/generative/dcgan
https://github.com/jaingaurav3/GAN-Hacks
https://neurohive.io/ru/osnovy-data-science/gan-rukovodstvo-dlja-novichkov/
https://developers.google.com/machine-learning/gan/loss
https://developers.google.com/machine-learning/gan/problems
https://habr.com/ru/post/323374/
https://medium.com/datadriveninvestor/an-introduction-to-conditional-gans-cgans-727d1f5bb011
https://medium.com/@mrgarg.rajat/implementing-stackgan-using-keras-a0a1b381125e
https://medium.com/@jonathan_hui/gan-wasserstein-gan-wgan-gp-6a1a2aa1b490
https://medium.com/@jonathan_hui/gan-super-resolution-gan-srgan-b471da7270ec

