GAN_P3

BEAREEE WGAN (BESLHA TR, GAN Fi—EIF3I5F Train,GAN {BRAELLRHEHEE Train #3EiM
EZH,BBEHEE GAN RMER Train &23k?
EE— AR EEER S

e Discriminator V=18 RESHENE R IREEHEN EHEENERNER
e [ Generator FEHAYEIE, C©EEEESERIVE F T Discriminator

Generate fake images to fool discriminator

}

Discriminator

€ 4

Tell the difference between real and fake

fZEst FIXFEA Network,iX4™ Generator BR Discriminator, Bfi 2 EAEi&HE, A sE BBk <H, R =Rt
—& REFEREEL)ISG, S —ERSRFE TS HRELE

« Generator and Discriminator needs to match each
other (M3ZE/IF)

Generate fake images to fool discriminator

Cannot fool the
discriminator ... a

Fail to improve ...

Discriminator

| cannot tell the
difference ......

Fail to improve ...

Tell the difference between real and fake

BIR{/RTE Train Discriminator BYAHE, — FF&%E Train iF

{RRY Discriminator ;& BINED L ENIREEHRNERFNER

BB Generator, EftkE T A LUHEAIE R Generator BLiBINEBIALS T

WS Generator [IRBINEAEHT, ©IRBNEABEEFELAIE F FP Discriminator iRBINEE
IREHT T

{BEEFEFIAL, AREE Train i TREZIRE Network B BEEIMERE Train T, SiY Loss Fi—
EATBE, {REiL Network Train 23k {FHFREEE—T Hyperparameter, 25 EJAEIEE Train {23k

BRS KX Discriminator IR Generator, B JEzIHIEEEEaH, BRI IASERIE,Z—IX Train
Discriminator RYRJ{& {R&B#: Hyperparameter

FRLARBERT#5ER Train Discriminator FIRHE, BRI Loss 828 A, IR A — IR E T g ApEE,
Training, (RETEER ST EIEIE, A Discriminator iR Generator, FIHHRABRNIXMIFE B BESE
Tk
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FrLAS K Generator iR Discriminator,7E Train B9BHE, S 1 MBEER T HH—MABRE 71X—1%
HEBI—DAEHITATET

ELE GAN AR EERI Training BARR—HEBHNER SRER— N IFRERIRA FIAERER—
NRIBZAYRAR

—LEHR3KAY,ER Train GAN BURESHEXAIA A SHES XN HLME AR B S

e Tips from Soumith

e Tips in DCGAN: Guideline for network architecture design for image generation
e |mproved techniques for training GANs

e Tips from BigGAN

GAN for Sequence Generation

Train GAN SREMESCEES GAN REME

WNERAREA R —ER S, BRRETBESE —, Sequence To Sequence i Model {RE— Decoder

0 & i Q% :
-

max or sample? :
D U >—Generator
[ 1

[ Decoder ]
'J 50

ABX Decoder EE—ERI T BREA IIIFEIX N, Sequence To Sequence fY ModelFi 2 (A9
Generator, X/ NMEI X, T Transformer AYBTE,1IXZ2— Decoder, BFEITE, £ GAN &, EHiDTE
T Generator UAE, AREAFHIIECEENGEA tLilii— BRX=F

BRRX N IRESEAY GAN 7E4& LAY GAN BHEARR? #i& High Level K& MiBEILERE I8
BAKXHARR BEZETEFHIEZ— Discriminator

-

i

[ Discriminator ]

I 1T~
DR - &
-

j U _ ~—Generator
I

max or sample
update [ Decoder ]
—

50

Discriminator BIXE s 2K, K H NN R X R HIFAIX F R 2 28 EE HRAIX =, M Decoder
RN EEIRIT Discriminator,Generator FiE2487EZEIRIT Discriminator


https://github.com/soumith/ganhacks
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1606.03498
https://arxiv.org/abs/1809.11096
af://n37

{REEEE(RHNIX Generator BYEE] 187 EiLL Discriminator %18, GeneratorE4 H RN KRR EIE
5

(BREIFRIHIMESER (RN ER Gradient Descent,Z Train {8 Decoder,Z=it Discriminator
Output KT (R R IUREAZ

KZENE EAGradient Descent/5 5 iTEMO AOBHE FriBAY Gradient FTBAM S HLH 2R —I1E
# CETHRINE IR BIRER 7 SRR

A TESRABAEE, BRIREAIIZE 7 Decoder RISEL HRLE Generator IS4, 5—m/VINIIZALAYRS
1%, ZJExd Discriminator B, B RS

NS Decoder HIEHE—RIVIIZL, FPTCTEREAYXA Distribution, tieE VT BIEA
RANMZARNFIAERERIMRARIF— Token
Token, ATBEST1SE RIS FPUISRIRERSEEF—, Token FE{FRIETENRXNEJRE A REEX
A Sequence BYER(, BB Token 2 AENT

o BIREAISKEEE— NPT FIRHE FAIRBREE— Character, —NFHRF IR HRF

(IR Token
o FMRIZIRIEET S AIAHE (REREE— N EXFE, BB 5 2/RA Token
o [BIRIR—R BEE—NEXAE FEXHEFNIEAZE,2RUEE S T BB R 2(RAY Token

LA Token BITE X, 2IRE CREMN, ERESH IR, SMIREE— O FRIRM

Non-differentiable ... score t unchanged
[ Discriminator ]
JRNT FEFETILTITRS CRCTTICRETRCE TERLTRPTIELS! AP . ™
unchanged } ® K 2 £

A
max or sample i

E ]E UE DE ~—Generator
I

update [ Decoder [ ]
-

50

ABS KX Distribution REIVIEIZEL, FEEX Max RYRHE FEH D EEAI Token RIRHE (REK
WD EERARIEBA TokenEiRBEMEAY IR Distribution RBE/INVNIZEL, FTLAD EERARIABA Token 2
[B—3BXS Discriminator i, BithiS HR— R —H, XEnHR o BB

FTLMFIRARI R BTN ER D ARRER A DEM Gradient Descent

BRFATEER N X IXIOARRE Max, 2EE Max iEmAREM Gradient Descent 13,38 CNN &
REGH Max Pooling 18, BB/EESARTLAH Gradient Descent? XN BLS(RE FB— T, B
BEEX/ M5, 58 Max A8Ef# Gradient Descent, TIfECNNA Max Pooling I LA Gradient Descent

BEMBREAEEM Gradient Descent {RIBAFEHICACHERA I LBEH I, BEAER Gradient
Descent Train HY/E)%R, 5241 Reinforcement Learning RYRIEE, BB — Fat4SsR 7 FrLA{RERsC el LAFE
Reinforcement Learning,3& Train /R Generator 7E{/REELE— Sequence RIAHE /ReJ LA
Reinforcement Learning,3& Train {RAY Generator



Sequence Generation GAN (RL+GAN)

{BReinforcement Learning 2LAME Train iE)&, GAN tB2LAXE Train MEE, XA ZRFEIIE—EE, 5K
KERUXHE Train ANEESk, IFEIFRRE)I25

FRLAZER GAN EE—BRX=F I EX—BEHIAE B— N EEAIER B REK—ERAYE, 28 AR AN
S Generator JIIZREESREEN T BEIRFEILM Pretrain A0 Pretrain XHEIE HLHNEF— T3 L
SRR MNER(RPDEARNE Pretrain B EME BIRBEXR B2 X REENERERENSELL
GAN EE—ERX=F

BEZIBE—%s Paper MYf# ScrachGAN

* Usually, the generator are fine-tuned from a model learned
by other approaches.

* However, with enough hyperparameter-tuning and tips,
ScarchGAN can train from scratch.

baseline
SeqGAN-step

large

ba tch _

discriminator

regularization = FED

pretrained B changes in FED

embeddings

Training language REINFORCE
GANS from Scratch value baseline

https://arxiv.org/abs/ SeratchGAN
1905.09922 0.00 001 002 003 004 005 0.06 007 0.08
52

B Title BFFRBE X ER{RIZ S, BRI LA Train Language GANs Form Scrach,Form Scrach i@
Pretrain ISR

B LIEEMBENR IR SEFIRTrain BAY Generator SAF1E Generator AJLAEA N T, EKER
=5 Hyperparameter, iR—XAHR Tips

Eeani, X MR 1189 Major XML FED ABXMNERENF LR BAIS KA XA EE B Z2iX
MEBIEYF

o —FHAEA—MUMH SeqGAN-Step AIRAK JIX ML Train Ak

o REETRAE—MRAR Batch Size BEME LT 1B IRE CHAZIRINEIXEMAT
e Discriminator fil Regularization,Embedding & Pretrain

e —T Reinforcement Learning B9 Argument

o REFA ScratchGAN, T LANERJE GAN Trainiesk SAG1LERESE Sequence

BRSRBER GAN RIBRS Bl IRZRIH T — DAL AP SRR EF R BIINE DX T —MEss
RERSE,



* This lecture: Generative Adversarial Network (GAN)

https://www.youtube.com/playlist?list=PLIV_el3uVTsMq
6JEFPW35BCiOQTsoqwNw

BRESLB X Generative B Model A2RE GAN B, EEEAEAY, ELaNi VAE, ELanit FLOW-Based
Model BBEAEOOESN T RN FHNES LA AREE

Variational FLOW-based
Autoencoder (VAE) Model

L

https://youtu.be/8zomhgKrsmQ https://youtu.be/uXY18nzdSsM

SEE— TR XL HEEHAR—EEGIRERRES TRBFIETROASE BRHES
BILAHRIRAESEEAS 7 AR RIRIFRB A Z AR ), BMRIE—EIERZEWTAY, RARIRER Self
Content, EARRZ Consistent i {RREG—EREBIT (RIZE TREIAE (RIOZERI LUKFRIT ™2, Mi%
EERTLATE

RIETE DR S L8 R RNES X HLFR RN AR S AR RERR B ERNE, AT LA T
PN i

BBEMERAIAEHEZERA AATE LRORTHXMEENRES, R EIELESXRE T LALS RS
B, FRIRAFEZE Train — Generator RN 2R LAEE R AFERZ A A AR LA GAN ARATLL
VAE,aJ A FLOW-Bases Model

A NXBFIER SRR GAN,FTLALUG ARENERE AR Train —/* Generative Model {FB75%&Z Train
MR RAEE R NS, (R LATEFAZT VAE IR FLOW-Bases Model BFE AT 8EL a0, S ERER
GAN, B EAREEFEEMA Model —MNREIERIIEHZ, GAN B Performance 2ELEIFAY

MRFEEEIFETHE RS RERSKER GANJEBE VAE 5 FLOW-Bases Model, B JEERE
R EBRIR GAN BIEEAN—EREIE EIIBEEPRE Plan i EEL T —BEH BAT S BF 7 —if
Tips, &/GATLUR GAN ZAZTE LA GAN B85, BEA H RS RIAZLIRIFH

AMRAI e, GAN LEEME Train, iIX/ MK Train IE,VAE 8 FLOW SARLEEEF Train?

WNSR(RERYESLMY VAE 2§ FLOW B9iE, BliiRBELENYF Train E 3Lk (Re g S NERNRFLE
#23, GAN 1R, B— Discriminator Generator, B JEEBz,5AG1%& FLOW-Bases Model VAE, E1{1&B
EUiRG R B Train —PN—RRAVEEL, B18—MRERBHAY Objective

{EYRSERR L Train &2 &I, B MBIREBES Z BI04k, B I/ Objective BEBREILE
1189 Loss HEBREI AIGIEE—INEFE, 7 Bes B IriVER (BEIA AT AFF HEENE IR GAN B
18 Train AR R NESLL FRLARIXIAFHIERE GAN (EATITRE ENERY, £ Generative
Y9 Model BBEREAE Model {RAILIBZ £ NFRIFENEL (RATLIBE SIS



BIFERFSER A ER BRI AL IR H—EHRIHE K8 Generative IX{4557?

MEBHNSKHIBIRHR BA— Gaussian B9 Random fY Variable 3 A— Gaussian,\ Gaussian
A9X Random Variable,Sample H3&HY Vector IB &3 —3KE F ABEA J8EABETEFE, Supervised
Learning AY75i23kM?

Possible Solution?

B S
BOEE B
I‘“l—’—ﬂ m

Using typical learning approaches?

Generative Latent Optimization (GLO), https://arxiv.org/abs/1707.05776
Gradient Origin Networks, https://arxiv.org/abs/2007.02798

iR E —HE H REXEE R EHR B— M E R EEE— Vector, #ZEE— M Gaussian
Distribution,Sample H3&HY Vector, # N3RS Supervised Learning B9757% B MERESR 7,

XHKE R FEXNZEX Vector, Train —4> Network fA—4 Vector itz E EX RAYE F XTI RAY
B B SR E BRI T

BEREIXEFAIE R UAIRES BRER R, AN SRIXI FERF BB RO A & Train ERERSRE (RAT
HRANE Train & Train X FILUBED (FHBES —LASHRIG iE BIEXID—HMRIC XHIES

Generative Latent Optimization (GLO), https://arxiv.org/abs/1707.05776

Gradient Origin Networks, https://arxiv.org/abs/2007.02798

Evaluation of Generation

HATMEEE LSRR Generator, EiF s E BT BPEFE— Generator BIIFF, FESEIESZ 58
BEwRME EIFERARE (FEEDE SFKIXN Generator EEHFRHNE H,2EEAMEEIERIALYL, AR
MIRABEESRE iFHER T

HsRE—EERE, CEEANINIFFHATHZT, Generative XIS AR RYRTH R, R —ESRTE R E1FH
measure IPIHRE T Generator BISFIA B2 ARE A EEBIRAYIXEE

FITE Paper BRIEFHHULSKENR AREIXN Fn B AIZ R L3k L, B BlERERREY, KiE T IXMIZE
state of the art,RIEREER 7 IXHEF FRLARIILVR B EERY GAN By Paper, EiRE T Bfs Paper 8@
%8 Accuracy, EFLERULKE F SRR X MNIZ R T BRI E BT SRS SR 1

Quality of Image

* Human evaluation is expensive (and sometimes
unfair/unstable).

* How to evaluate the quality of the generated
images automatically?

TEBARBEXERSMEE LLANRAE A RESFFES T G IRBHEREN, ME BT
7375 FIENEE— Generator RISFA IR XIFEAI—EES BB DERTT—ET5%RT,

NERZE—RRRY Case AIRILNINBIRIERA AN FUL BR—ARAY Case FBEMEIILZR T —> Generator, EAR—
EEEENEAYN RARECEELNN CENESR T EEN ENEEHESFS


https://arxiv.org/abs/1707.05776
https://arxiv.org/abs/2007.02798
af://n104

BE—EER—HEBE— I RENDERS BRI GAN EEHRNE R E3—MITZBHI X RRIE
HECEEMHEFNER

class 2

y Off-the-shelf ﬂ P(cly)

Image Classifier C'alﬁﬁ class 3

e.g., Inception net,
VGG etc. Concentrated distribution

means higher visual quality

MBOERFRMNE—KE R AR v iiH, R— MRS EIIKAME P (c|y).P (c|y) 2
—/\UL—,—E’J il

IR TRRAIHER XM RN S HINREER ARG I EEERE R eIREEF, 2288 A8
XHEENE R RS HERA AIECREERMERH D (I B ERHE ERNRERT—
MEOREFE CRERNER CBERIX N D HIFEET ARTEOXRER CIFEEE W
TR AR

EIFEEEEER TEEd E"‘“%TETZE?UTEIEB,%}Eﬁi%FE,{ﬁEEHj%H@EIHE%F%I:KE’}}%‘EEQE’\J
E R FTUASAGHBR AR A PRRIGHE

RFEELRNERR— MR RARETE LR RS BB EHPR R RS IR IER EEEY
KX MRS SIFE IE IR FRE T s ARR CRRIREY GAN EXEH
SREVE R AT RERLUEEMERY AL BHPRR RS SPHR R TR

FRENX NS GHPR RS, SEH T REE £ SRAVE F AR X B — T RERIM &
Diversity - Mode Collapse

ERYAX MM ESH—, U Mode Collapse AY/aRE3RIT 2, Mode Collapse 215 4R7E Train
GAN YRR {RERHE Train & Train & MaSBEI— R 2

Y :real data

\mf : generated data

'3

s RIFXLHEBHNERE BEEIEIERINS
o ENEEZ(RAI GAN,{RAY Generative B9 Model, ERYS 70

1/1\ &I Generative Model, EiaithREIE R R EX BEIBILIK, TREER—KE WK (REBIFGIEE
A& Bt ESEELKHME H DM

BBLAT2— Mode Collapse B9BIF M, SLEFKATEXN_ LIBEEENR IR Train 7—4 Generator,i.t
CEETIRTHAY AL Train Z Train & Train 2I&RE EM AN AIXEFAI— MR X —aKES R #
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] ":" "
HkigZ, MEERERNENER XN EBILRRLL XN E BV RIRE MR, RarlEEERR XK,

ABXHZE—F Mode Collapse FIIISR

HBRHESE Mode Collapse XIS AL MET LIRER RS ZIRMH (RAT LSRR X MBS HE

AR 2R EEEEBMode Collapse PN FTINGS KASERGE— M ERIFRIBRE, 2655, 34
LB ARZREE T BGAN IR MRS EEMBEITARMER BB Google MY, ERIRIK T 4L B4
BREEBRK TS B RMRE BB DEERER Mode Collapse BIIRIR B BGAN Train Zl&/5,
&2 Mode Collapse

BGAN HBiZ1 Paper /SRR RIX/NARE, HSLR{E B, Model £ Generator 723)lIZx890%%, —I8 L &SI
checkpoint 7 ~3&, £ Mode Collapse Zg1,iB Training TR AAEFIEZHIAY Model 2H3EA, FiéE
R T IXHE FRLABE R8I0 Google IRKSE TR RIRBIMEMIEEFR, Mode Collapse R

Diversity - Mode Dropping

BREBI—PEMERTUZIAYRE, A Mode Dropping,Mode Dropping BIRE R, (RETESCRYE
HO BRI MEF (BRRIEE HRAEN, REELEM—0 BAEEE HFRAEM (R
SREEE MESH ERIX DS

* :real data ** *** ** ***
¢ : generated data **** * * **
BIRAFIE R E SRS, BRSNS, AERE XN, FHXDE— M+ 47 BRXi8, 82— EEH5)

FHABNEZAM Train TIXNABRARBE GANAPEEE— Iteration AYAHE, EBY Generator E4EH
XL ARG

Generator
at iteration t

rewSiR ke 0E mEAKNSHEEBE EEE L ERLE ERAE SSHENAKREE IF X4
Z%8 T Iteration BYBTE Generator RBATE ERISHEMB R BUNRIFEET—
Iteration,Generator EE4 HRHE FEXEFE

Generator
at iteration t+1 |

(BEGAN on CelebA)

TCHKGBEM L2 FEEEERERE EREKEREA XLKERE RISFTFAFRE TS,
{RBY Generator BFFRIAR

FLATEIX# Mode Dropping RIIERLE AAB SRR, FL ESREK, SRIXLIFETFH
GAN,BGAN,Progress GAN,BGAN,Progress GAN, AJLAEEAIEE BT ARGIXLE GAN EIFEAEIRE Mode
Dropping BI[EIRE, BTREIA R BH
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WRIREZ T ,GAN EEHRMAR FRekIl BRIEEESL (BIFGRRELR MEIPE/LKIEME. &
BN EEMREBNESER REEZ T UUEM S X MG ER L R FRIAS X BIF Mode
Dropping BYIRRE, ABiEiRBEREF K _LAIEER

BEKRNSTEEENR IERK(IN Generator, BEEHFRMNE F ZIESHMBEARE

TEE—MEE —FE2FEENFEAIAY Image Classifier {REIE—HE H #MRE(RAY Generator EE4E
1000 5KE /381X 1000 5KE 18 #BEZ! Image Classify #2H, B FIETREIEI—/ Class

Diversity |
class 2
= PlclyH
yl_’m_> class 1 class 3 P(C)
N P >— 1 .
cla_ssZ _EZP(CL}, )
, P(cly®) "
y m_. class 1 class 3 class 2
-

class 2 cIaElss ! class 3
3 . .
y3—>m—> class 1 | P(cly®) low diversity
class 3
J

BRE R &A1 Distribution {/FIBEFERY Distribution K Z T REFFIIN
Distribution {1+ EHEF

SNERFHYRY Distribution IEEEAR, BCKIVESHEARDS MR EE H ZHE (RRSARD KR T EDIR,
REE| Class 2, BFWEEA Class 2 XHFRYRPE ABRERN, F—KE A tBiFERE G /RAOS IR AR

ABAIRBIM—1 Case ARKE R EHZE, AFK REY Generator EAEHRRIE H, X Image Classifier
HIRTR, EELE HRAVE AT, SAFE AR

Inception Score (IS):
Good quality, large diversity — Large IS

Diversity
class 2
U P(cly")
y _’m_' class 1 class 3 P(C)
1
_ - n
class 1 N Z P(Cly )
i P(cly?) ;
~E [ 4y,
class 3 Uniform means
higher variety

What is the problem here? ©

ag

R LAR R, FIIFR GRS R RIEEFIBAY ABX MHERARMA X MHERARGR, IR SHE T
BRI BMFS R IR ETHERvRE &

SFAIAIXA Image B Classifier, FEIFERIRTE Diversity IR Quality IHERBE RERAY,E R INY
ZfEH Quality RIRFR B T EEE PR Quality #7522 Diversity S#EF13,{L3R Diversity il
X



IBIA— X Quality 88 Diversity, Bl iHEATEEA—HE

e Quality ERE—KER, —KE HEZ Classifier IRHE, H#HB&AIFEES
o [ Diversity BRIE—IEB F, Eo AT, —HE F{RAY Image Classifier , 1R &IHAVFEII#F
HHNE, FARIRILFERY Diversity #iX

BT EE— N EEEHERYSEL UM Inception Score AFERI4ES 2 IS.FiB Inception Score, A&
YR EiXin X EFCNNEIInceptiont&E Bk (H#A9, FTLANY Inception Score

F Inception Network 22— Quality, 205 Quality &,8B Diversity XK 8B Inception Score Fi&EER
PN

Fréchet Inception Distance (FID)

EFRAIE L, £EREVE S Evaluation A9 Measure, 1Y Fréchet Inception Distance, BAI4EE U
FID,IXMNRAGEMEE ARSI REE H RN ZRTTHIAY, EE Inception Net #2[H]

BN RTTA— BB ERIERE LB Inception Network it ERIZER!, BRMRSEIRVETsER 2 AR BB
Bk XTI AMERKEZ AR IBRIIFESH/ 5]

HM=#A Softmax ZFIRY Hidden Layer g9, #\ Softmax Z &l {RAY Network SEE— 1 HE,
A RER KER L THIN— M RE EH T REE LR ARXKE H

BRNRBENELRNE— N EE MARREED IPEARE D ERFITERE— N ERTERAER
ERIZERZ B XN EEREE AR, s8R ER— 1, TS ERKE B8 XM NEXESBINE
89, AT LAFRA I ASEN &R S R92R51, REUXA™ Inception Network F[EIHY, HELR&RE—EHIXA Hidden
Layer B98I SRASFR—KE R

red points: real images

r." % m—’U" % blue points: generated images
X7 o = FID = Fréchet distance

Y
between the two Gaussians

Smaller is better

eI ers AR FEEEME R, Z2) Inception Network LIS, ZEHRHEE BBXNAEESTIEES
$E R ETFHR, BIPBERRBNITLUEEEE 48T L,

B ERE 2 GAN/RE 2 Generator, EEAEHFKAIB F, ©X2 Inception Network LIS #HEA
Softmax ZaIRYE = B EEHE RK X MEF

BTk R ESCE HIRES HRAVE R E118B2 Gaussians B9 Distribution, AR AT EXEN
Gaussians Distribution Z|EAJFréchet Distance, G455k 7

it
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FBZERLR Fréchet A9 Distance & (FEXEE B & — N3 RIEE/EARHE, B 1AY Judge Systerm
SEARRELF

REER— Distance FTLUXAMERL /) ks ISk A RS FEE FiER AL A EEE K
NEEES
BEXF—EMBIEEREREZ RS
o FE—NAIEFE, XM Gaussians Distribution ;&RIFANE, XM NiZ AR Gaussians Distribution
ng?
SBEE!

o AEBIMNIBFE INRIREERAVSENRAY Network BRI, BRI sEREEEAEMN
Sample Z8EHE IBXEE—mizEHE IX MEEEM FID AnEeaa

FRIARSEEA VR EAEE BIASRE KBRS RE FID, RE FID, HELERSRRA RIE
BIRAFRZRIX M HIDH—ER Gaussians  BBPELR EARE Gaussians FERIZER
Gaussians, i ZB R RIS, 220, LRI ZERE FID EEEJJI_IA%/\HAE'JM/I\ o SR AIABE
BIEL B X MBS SRR E X MBI BRXE R LSRR S I s tRass

FID HEES KL EFBAY—Fh Measure, AFE—7 Paper OUff§,Are GANs Created Equal,A Large Scale
Study

GAN DISCRIMINATOR LOSS GENERATOR LOSS
MM GAN L5 = —Ezep, [log(D(x))] + Esap, [log(1 — D(E))] Lo = —g™
NS GAN L5 =M L5 = Egmp, [log(D(2))]
WGAN L3 = =Egup, [D(x)] + Ezap, [D(E))] LE™ = = Lyo
WGAN G LF™ = L3 + AEsp [(||VD(ax + (1 — ad)|]2 — 1)*] L& = =Epnp, [D(E)]
LSGAN L5 = —Eupy[(D(x) — 1)%] + Einp, [D(i)?] LE™ = ~Einp, [(D(E - 1)7]
DRAGAN  £5"" = L0 + AE: 0.0 [(||[VO(E)]|2 — 1)7] LEAIS = — L oA
BEGAN L3 = Exopy[ll2 = AE()|1] = keBinp, [I|§ — AE()|])] L& = Einp, [||lE — AE(E)|1]
" Dataset=MMST  Dataset = FASHION.MWIST e CmmeOMR L b cris
. 150
0 "
#a’ﬁfa*?o? «:’FP?;&‘\.?‘# a?;?‘a’?ﬁ‘?"' Jaf?a‘?.v‘ar
FID: Smaller is better Are GANs Created Equal? A Large-Scale Study

https://arxiv.org/abs/1711.10337

BRRETLUE X MR Google ATML BREL 2R 7 SXNSHARERT GAN, B B MHREMFIZEE T1F
ZAER,BEHFRY GANBBE— GAN, ZHPAERIXMIZRA9X A Objective, JIZAIBRA Loss BRA
K—HE B, S EHEH GAN, B—H GAN, EEFARAY Random Seed, EHISREIRLAE,
EEERTEER

LEXAE MEEN MRS E_ LESEIRES
REHONERIEREH GAN FBXIBAYEFID, Btk T

(R BRI, ZXDB— 55 CEARREE—NUE, CEBR— 1Mo %h BHEEEEIE— 9Hh. EAE
{FERIBTARAY Random Seed i, BRI RAVEREPAK—HE BPIXILE T — N2 GAN BIfi
i%IBT— VAE 15X

BBRE &I ANEREEESX L GAN BY7554ER VAE 897574 VAE 752 RAAR LIS ER, AFAY Random
Seed, BiOEEIRAZ /NG, BB GAN B9755% AR Random Seed ZIEERAM,IMRAN T LR EiHE
E . VAE IR GAN, BRIXMFAIRRE AEE— M EHR L GANTJLAESIZLL VAE BIFRYSEE

MHRERKIHARR GANSHRERERS, FTLUXIH BBALHZ Are GANs Created Equal AIGE
FERATER) GAN #BEARZ,



WNFRRFHEEBR AR A MECIORIRHER ATEIXLE AR GAN FRY Network SRIEEER—ER
BIRIT BN Random Seed R Learning Rate &, ArlA Network ZE#iRER—

FILENAHERA2B R Network 5214, 455! Favor FLEFERY GAN, ZE 2R LAY GAN, &
RLEARER Network 2844 L FRIVEBLUREVEFRRE LEANRANRIRE WGAN RYiE WGAN &IRIARY
Paper, EnEHIEEE Y Network Z2A8EELIR T EEFELFMTEE 100 B89 Generator, SRS BV EF
—~ 100 ERY Generator, Bt Train 53K, FrLAtEIF WGAN 2EAREAY Generator, A[EAY Network
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We don’t want memory GAN.
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Pros and cons of GAN evaluation measures
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AREIEEEA

Generator s

7

ATEREREH—EHE BT LIRS Generator B, FA145E— Condition x, . ERIE x iR z
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x: Red eyes =—p
G = Image y = G(C, Z)

Normal distribution z =——p
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x: Red eyes ==—p
G = Image y = G(c 2)

Normal distribution z e

y is real image or not
A

D
(original)

Real images: ﬁa

Generated images: Image @
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x: Red eyes =——p
G = Image y = G(c, z)

Normal distribution z =
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Image translation, or pix2pix
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ERREN BEHEEEE CoEE—ERNRBIERA RBUEHNNKRI 2GHR X2— BT,
E AR A EARR, XA CAERTR L 1T — M AERREE R E PRI

BB iBk EANSRIREMBI ST AE1ERUZ GAN IR Supervised Learning [EES R

GAN + supervised

BREIRTE R, A E eI LSRR ERIF A4S SR, BRFmB R FE AR B E Generator 75)||GHFHE —FHEE
ZEIRid Discriminator, XEEN—Bir BRI EX B EEE—KE F IRIRES = GET, E R XM
XS M EEEHRNERERITFN

Conditional GAN IAE1RZ N AR, XINEARE— N EREWIINA MEL GAN IT—RES AEEE
E— P XINAIE

i x: sound  =—pe G

"a dog barking sound"
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The images are generated by Chia-
Hung Wan and Shun-Po Chuang.

CO N d ItIOh al GAN https://wjohn1483.github.io/

audio_to_scene/index.html

* Sound-to-image Louder
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Talking Head Generation

https://arxiv.org/abs/1905.08233
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