GAN_P2_Theory behind GAN

P12 T —HLUREIRBEGAN FMER BEHITH

BB SRRIRSER B BHEXA Generator IR Discriminator BIEE), AT LALEFA 89
GeneratorEEGRHIENARNE R INXSEHNENEME ZIRRHEHENES

BB BR HAIS KNG BIREIEEHE
(1153114 Network BIRHE (R 2 E

e TE— Loss Function
o FE5ELAGH Gradient Descent ZEiE{RAISEL
e X Minimize Bf/ Loss Function 455 7

EIXA Generation BYEIEEE, A 1ZE Minimize, &R Maximize EHNERE B 1EIEXLEFR
B, 7 BEE IR TRV

A MEZE Minimize FIRAARXMETFEY, FfIE— Generator

o HETE—AHERY Vector, 8B M Normal Distribution Sample H3RAIZR7E

o EHHXA Generator LA, SEE—MEEEZAY Distribution,iXNEZ¢ Distribution, EAJIUE PG

o A FA1E—HERY Data, IXANEHIERY Data, HIERY Data tBfZRk 7 55— Distribution, ALt
Pdata,E{i18A4F PG IR Pdata #iEimiiF

Our objective

MFUR—TFIRBINEEE XA PG . Pdata REE—RISEANE ABEAA—HAPIRRSRIRA SRS
, p.

Normal
Distribution

‘ [LLL] * : X : \
— (€ — B
. as close as possible
\
BiRR

e Generator f Input E—M—#HEE
e Generator fi§ Output tBE—#HMNME
o IIEIER Data tBE—ENHEE

ABFAI18Y Normal Distribution FLEXMEF

—-0-000-0—
ABEZ Generator LSRRI 5 PR BBAIXE— R BRI ESEEL AMRMEE— MY

Distribution, BRI BE AR ASREBEEHE ), BITIXA Generator,BIT— Network #BEREEZ A &
M7 HEEB LS XL 55 BRI, FrLARAY Distribution FZE X MNMEF
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L

M Pdata 2iEREIFRIEHND T EIERHD R BERIXMEF

ERMERRTERENRIRE, AARIRALLRES GIARIRALLR D BMREIF AOX N D iR AX A5
o TR AR S A FANE

IRRTLAS RN T

G' = arg I‘nGiIl DiU(P(;r Pdata)

Divergence between distributions P; and Pyg¢q

Div Of PG IR Pdata, BiERIEERE PG IR Pdata, X/ Distribution Z[E)#Y Divergence (&)
Divergence XiEHNEEHE XM MRETLIERKE IXF4 Distribution Z[EAREHMEIER

o WX/ Divergence #X X4 Distribution #EARH
¢ Divergence #/\FAATXF Distribution #EtHiE

Divergence X/ 2%E=, /™Y Distribution HELUEAI— Measure

EADER BiR 2EXE—/ Generator,3X— Generatorit MR(E, SLiF_ EHVSEBEER —
Generator {2EAISE, Generator BE2— Network #EEB—KHERY Weight IR Bias, BErTLALEFA]
EAEHRAY PG R Pdata, Z/B)fY Divergence i/ \vilktF, FREIR AR 21X HFFAY Generator

XIBEBE G* AR X0 E M5 IB—HAR Train Network HEEIEE#G BR(1E—HEHMEF
1R, BRAIEN T Loss Function,3X—2H£%4 Minimize Loss Function
£ Generation IXANAZHEE, B JPEELHEE X THAJ89 Loss Function, ERi2 PG iR Pdata A9

Divergence 2B (AN ZERVEER, BT NMIE BPRA RN EE LR PG IR Pdata #H& AL
PG IR Pdata, Bl 1R E B TR &y

BERIXIDBEE]— EHMERY R

G* =arg mGin Div(Pg, Pagrq)

Divergence between distributions P; and Pj,¢q
How to compute the divergence?
XA Loss AR AT LAERY (B21X Divergence REEEHFE? BMREIGERIE—LL Divergence IXF,
Ebanist KL Divergence, ELEiS JS Divergence iX£E Divergence FBFEIXF Continues A9,Distribution £

EAREM—MRERN L RN PRNMEEEERRS BPEIMRFMEEILEA Divergence
Bk

BENEAHIXA Divergence AN EMIEK— G, X Minimize X4 Divergence ,IXMHiZ GAN Ff
BRPEE, I XFERRI1E Train X—Fh, Generator FYAHEIB R

M GANZE—MR#ET AL, ST LASRHEH, BAIARNIEERZITE Divergence RIFRHEY
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Sampling is good enough ......

FRUAZRIEIBZIRIDRE 2 A HIE BRI E Divergence, il GAN HiFEK( IR (R AR REAIE PG IR
PdataEfiJ=EFR ERY Formulation BT, REREM PG 1 PdataiXp4 Distributions Sample
Fahik, MB7iEE Divergence

G = arg mGin DEV(PG; Pdata)

Although we do not know the distributions of P; and Pj,¢4,
we can sample from them.

H‘Fﬂ sample M\} ﬁ,m'

A Sampling from P4,

sample from — fé "_: ¥
normal

Samplmg from P

Database

10128A
10309A

EEEMEIERY Data #H,Sample HZRFER, EEM Generator #H, EE—LRALK?

o BIRAEFEZ K MEEEEBENESE B Sample —LEE / H3K (RS2 Pdata

o FRFRHABIRAY Generator, HINX Normal 9, Normal Distribution Sample H3&RY Vector, &
2| Generator #8@E (FAINIZ WIS (RXBAIZESE Sample BB Distribution, B2{RE7% Sample
B9, ATLAFRA71E Normal Distribution=UFEAIJ2XERY, 28 737% Sample B9) FHIM Normal
Distribution #2[H,Sample —# Vector HEZES Generator,it Generator E4A—HE A H ABX
LERFHEMN PG Sample HRAIER

FRLARATE739EM PG 8 Sample, BAiJE7D9EM Pdata 8 Sample
Discriminator

B3R, GAN IX—EANRFIE Work SR E SRR, EEERBM Sample BIBHRZ T HIRAREE
PG IR Pdata,sCfF ETEAY Formulation <A EHF EARHENH T Divergence

XN LR EESE Discriminator =

BBEAIINIA i Discriminator @ SEEI14xH kA9

o FA1BE—KHEAY Real Data,iX/ Real Data Fi2M Pdata Sample HEHIEZER
o F{E5—AME Generative i Data,Generative i Data, #iEILABIERM PG Sample AR

¥ : data sampled from Pyqp, 77 : data sampled from P

*. *‘:.afl.:’ ** — d Discriminator

X ) ¢
R4 Real B9 Data IR Generative i Data, F2E)IE— Discriminator, ERNIIEHBinE

o &% Real Data, HA B REAISFE
o EFX/ Generative iy Data Fi45 T LKA



af://n60
af://n70

Discriminator JJI|£x89 B i i 2 3 HHIF R EIRARIFAIE, D ERIERE ARIE FTAGRIENES EE
7 BHERNELS CRS

SCRRUA_ERGISE (R LABEE R F B ERME— Optimization AJAIRE, X/ Optimization AYa)
ARXHEFH

Training: D* = arg max V(D,G)

Objective Function for D
V(G D) = Eypyoe,[logD] + Ey.pg[log(1 = D())]

1XA™ Discriminator AJLAZE MaximizeFE— Function, Ffi1iXi8MUft Objective Function (FA1E
Maximize FY4FG, F(i1&0Y Objective Function, #1152 Minimize /(]I Loss Function)

HAIEZH—4 D, =rJLA Maximize X4 Objective Function,iX4 Objective Function {KIXMEF
e E, p,.llogD(y)| %15 Y, E2M Pdata 18 Sample KM EHEEIIREIEN Image,
M HEIXNEIER Image X3 D @, 52— 15 EEEogD(y)

* E, p,[log(1 — D(y))] B85 —77HEFKI1E—H Y. ERM PG M Generato r FrEE4E AT IEX
LE /X2 Discriminator #2[H,182— 1%L B log(1 — D(y))

(175 LX) Objective Function ViiAHisF

Objective Function for D 3
V(G,D) = Ey.pyo,llogD ()] + Eypi|log(1 = D())]

o ETEERAVEEB0N0 D (v) HAHIT B2 Y MSEM Pdata Sample H3FH, CHZi A
17
. B

I1AREIRAIR Y 21X PG Sample H3RE, CriiE i vistF

ik D (Y) #AHETF, it 21 Discriminator Output B{E/NEEF

{RelRE S IR B RAE HXNM N FBE R R BIRFR—EEBX/ Objective Function, SREXMEF ©
eI LBEMNS X BBREFZMUERXMEF 28— MRIFHNER, 25 76
DiscriminatoriR Binary Classification, iR _JchY53sht EXA&

E5L FiX/ Objective Function, EgfiiZ Cross Entropy R—MRS, FAi ELERA 1) 1%—1 Classifier
BIRHZ FAIFEE Minimize Cross Entropy, FiLAZiF{JMaximize Cross Entropy e—/ N GASHIAHE,
HLZEFAS Minimize Cross Entropy, Rt 2F RN EEINE— Classifier

BBIXA™ Discriminator, EESCaJLAYHE— Classifier, EMEVEIEHMEILIEEIX L, ) Pdata Sample
HRAVESLRY Image, Z4E Class 13BM PG Sample HERIXLARAT Image, Z4E Class 2

B Class B9 Data,illZ— Binary #4 Classifier, )| BNR 2 R 7iX— Optimization d]
EE



¥ : data sampled from Pyq,, ¢ : data sampled from P

\‘:_‘.‘-‘.‘_:‘# *
* * * class1  train g Discriminator

x Train a binary classifier
cIass 2 _
Training: D* = argfmax V(D, 6) The value is related to JS
D divergence.

Objective Function for D

-
V(G,D) = Ey.p,,. [logD(W)] + Ey.p.[log(1 — D())]

D" =arg mi‘;lxlv(D, G _  Training classifier:
negative cross entropy minimize cross entropy

XL RIS BX— 1R F X MIEEEmEAYELE, BIR JS Divergence X

BREEsL FEBIYEIER KIS RIFIART GAN RY Paper, BRVAIERTBEERIZM Binary Classifier k9, —
FHARIE Discriminator, 5B Binary B9 Classifier, A58 71X#EH Objective Function AEBET—F

SLUE XA Objective Function, BAJ Maximum, i 2{F#Z—4 D,EJLALLX 4 Objective Function,
TR ERKAIIHER XM AARYEER )S Divergence 2BXM. B1i&8Ex=e—E—E LABA—FR 7+
25X JS Divergence iRiTH, MEEd —HHESLUSE A e RIFEE XK IPEM IR LASESE
R ARAJLASJRYA lan ). Goodfellow BRI E BRESEHAMESIIRE K5 5BERRBEEN

FRUAEIE#E At S 2 1X—1 Objective Function RI5RK(E, IR Divergence 2B XM, FLAFA]
WA, Bl JARNIE S E Divergencei&%{%,Train /Y Discriminator, Train 5ELAR.EEERN
Objective Function BJLAZIZ X BB MERLER Divergence X

XAFNFKBITIEAEHRIEARHA 7 ESRNES T UNBEM L RIEE—T, BHEEIXA Objective
Function BY{E, &R Divergence X

{REJLAABAEE, IR PG IR Pdata, EfY Divergence R\
Discriminator G = argminDiv(Ps, Paata)

* : data sampled from Pgg¢q Training:
7 : data sampled from P; D* = argmaxV (D, )
D

x

* - B . 4 Discriminator
A train
small divergence hard to discriminate

Small max V(D,G)

*

< ¥ . d Discriminator
) ¢ * train

large divergence easy to discriminate
* By PG IR Pdata R EIIEERBREA ENRE PG IR Pdata Sample kA, EENEZIRT
BHEE EBERE—EMN
X MNEHZEDiscriminator FtE7E Train —,Binary f Classifier, X3 Discriminator i, BESAX fR i

BRHRIRAE 200 ARARRMESY T, I MAJERARME FTLUFEEREIX A Optimization Problem RIBHE (R
LB ELXA Objective BHEIFFEIEX




FLAIXA™ Objective X4 V BY,Maximum BYERECE/N FrLAMY Divergence, X3 RzEN/NEUIX A
Objective Function A9Maximum BYE

FRLAARE Objective Function BY{EZAE, & Objective Function E355&Hb3, Discriminator EaTLA
BRIRERRE,

o MRSX(RIVFREHE Data BAIR E1189 Divergence fRA,BPXY Discriminator M, Al LA St
BESFH
24 Discriminator BJLAZRZIBE 5 FFHIAHE X Objective Function FeTLAUREIRA BRATLAZ(R
KR Divergence FIRATE, X4 Objective Function A Maximum B, FEETLAR A

FRAYIERRIES I GAN JRYRRY Paper BETEM ¥ —LERIR, ELUN Discriminator BY Capacity @755

R EFFRRZLE ATLAMHIX A Maximum BE,ER JS Divergence —EAEXANX MES:

FRrABA TRFEA IR KA BIREEK—1 Generator, 2k Minimize PG iR Pdata i Divergence
G"'=arg min Div(Pg, Paaca)

BN RERHEEEITHE Divergence, BRE JIEZERE, F )R E|Z— Discriminator,ilx5cLA
[&.1X4 Objective Function BISA(E F2IX1 Divergence FEIRIX/ Divergence B3

G'=arg mGin Div(Pg, Paata)
D= arglmax V(D,6) The maximum objective value
D is related to JS divergence.

AR M AHUCLARAEREIX —IL IR Divergence & #e, EA I AHIE Divergence B HEE/RE
X—I, FTLABA I 7 1XEE— Objective Function

G" =arg mGin max V(G,D)
D= arglmax V(D,G) The maximum objective value
D is related to JS divergence.
XA\ Objective Function ‘EEZ FEREZEE— Minimum, XE— Maximum BTLURINVG

SINEEEAT R

o FRMIEEHK— Generator, X Minimize I BIEEEEXEE
o (BRIEEFEmmXAEE 2SN Optimization Problem, BE27EE%E Generator FIER T, &
#— Discriminator,iX4* Discriminator,BJPAiL V iX4 Objective Function #A#%4F

RERNEX— G HIEEERNER/ XD G MERKIIER Generator, NI A THANX A
Generator ER Discriminator, Bzf) BEEImX MIFE ELFEEHAIX—1E Minimize, X & Maximize
XN Min Max,Min Max B9 si2@EE FEIX—AN FA IR 3#HE9 GAN 89 Argument SREERY



G"'=arg rrbin mng(G,D)
D= a?‘glmax V(D,6) The maximum objective value
D is related to JS divergence.

* Initialize generator and discriminator

* |n each training iteration:

Step 1: Fix generator G, and update discriminator D

Step 2: Fix discriminator D, and update generator G

ABERSERR L B FEXAS Argument BTLUBXMNEE (RBATLASURSG GAN A9 Paper

ARHENXA, B REl = A, Bt EER JS Divergence, liEIEFRZERY JS Divergence ZiR JS
Divergence #BxME, EEAREIER JS Divergence, Sk ABAIAY, LLENi% KL Divergence

(R LUX M AR RES TP Objective Function {RFATLAZ R EZ1FAY Divergence IPEREE
&1t Objective Function,82IREHRI Divergence IBE—ralUfl F GAN Y Paper 2@, SIFE £
1EBR

Can we use other divergence?

Name Dy(P||Q) Generator f(u)

Total variation 3 [ p(x) — qla)| dx 3u—1]
Kullback-Leibler —
Reverse Kullback-Leibler

wlogu

—logu

Pearson y? (u—1)2
Neyman y? (1-u)?
Squared Hellinger (\fp[a Vala )- dw (Vu— 1)?
Jeffrey ;(,Jmf,f[mlo (23) a (u— 1) log u
Jensen-Shannon i pl ) log ;o + () Loy 2q(x) —(u+1)log F* + ulogu
Jensen-Shannon-weighted [ plr)mlog 5 T mulogu — (1 = 7+ mu)log(l — 7 + 7u)
GAN f[i[')]lﬁ ,-"l‘l () log I,,.{_:, i e wlogu — (u+1)log(e + 1)
Name Conjugate f*(t)
Total variation t
. . Kullback-Leibler (KL) exp(t —1)
Using the divergence Reverse KL o)
K Pearson \? B+t
you ||ke @ Neyman y? 2—7\/1 —1
Squared Hellinger =
. Jeffrey W(e'~ ')+“L ‘g,)
https://arxiv.org/abs/1606.00709 Jensen-Shannon —log(2 — explt )}
Jensen-Shannon-weighted (1 — ) log P‘;_
GAN —10{_{(1 —exp(t)) 37

BEB1REZH Table Hif{Rijf, AEHAY Divergence, EEERIRIHER Objective Function {RigiHIEXFRT
Objective Function, ZER Maximum Value, Fi&3 i EERERY Divergence, fEIX s M E4Ehttps://arx
iv.org/abs/1606.00709E#EEIFMAVICE X —HIAB A= TSR, GAN ZFRLUSBREF Train tBIFEHR
B HERIEEEER,IX Minimize ]S Divergence

BEEBTIXA F GAN X4 PaperlAfG, Bt &IF{Ri A 15794 Minimize JS Divergence (B E{RERY
@A Minimize JS Divergence, ERtEERIZBMRIF GAN IE2ZBREF Train

FRLUAIER,No Pain No Gan



https://arxiv.org/abs/1606.00709

GAN is difficult to train ......

NO PAIN

NOGA N

(I found this joke from [#f1]Z's facebook.)

BT TSR TRREE L, GAN 15 NBETS
Tips for GAN

HSLE GAN JIIER 8V INKISIERIRRE S BA A — N &EAZRIRH XM EAMZRIMERE AT M2
RZ AERITIZAY WGAN

e WGAN Z a1, 3(155i# JS Divergence BITEHRIERE, E&5FAY GAN it F(]ZE Minimize 192
JS Divergence i JS Divergence HIAHE, £& 1 EEEIE

JS divergence is not suitable

7248 JS Divergence MR Z A1, F(155E— T PG IR Pdata BHEHEAYSE
BB PG iR Pdata B— M EEXEASHERE PG IR Pdata BliIESMIEKEEFIEEL

* In most cases, P; and Py, are not overlapped.
XIAER M EH
o B NEHEKER Data ASHUEM
* 1. The nature of data

Both Py,¢q and Pg are low-dim

manifold in high-dim space. p
: G Pda.ta
The overlap can be ignored.

PG iR Pdata, Ef JEREEELE H Y, BFE H LR SH=S AR EA— ME4ERY ManifoldGRRZ (32
i&: Manifolds) ReILABERRULEETEWRI— N EHN=E, ERULEEZEPRIML. HES
SRYHET ) EEREE K 2548 2459 Manifold


af://n158
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https://zh.wikipedia.org/wiki/%E6%AC%A7%E5%87%A0%E9%87%8C%E5%BE%97%E7%A9%BA%E9%97%B4
https://zh.wikipedia.org/wiki/%E6%8B%93%E6%89%91%E7%A9%BA%E9%97%B4

BT LIERBE (FES 42 848, FEE Sample — N2, BB EESE N EER—D, ZXTAYN
L& AR T ARG B 1 AN = EH, AL R IEEREN, A DR TTME 5 #5,1X
MNE RIS 70 L2 S4B AR Manifold

HERURE ZE=ERABRNE I RIS, U Reil E "M@ —RE L= aP 2 HRIN
HARE R HSHETEREE Sample — = BARE R RBEIEE/NISERE, Sample HRELE
B R AN RBERE NERASHIFERE PG IR Pdata, B 1882 Low Dimensional f3
Manifold, FHZ4E=S[B)3RiH, PG iR Pdata &P 4= EPRIMKEL, T _H= B RIMKEL IRIE
ERFES AACIERABE, N FEE2TLAZEN X 25— MER BMBIFE AR, X1 BiFE A
RAFAZMHELow Dimensional B Manifold, BBEARSE— MNEBRF AL T

o FETANEHE RITEMNTEALNE PG IR Pdata :KMHEHEF A IXT PG IR Pdata, B FREVIRAR,
HIkERS Sample

* 2. Sampling
Even though Pg4¢q and Pg N\
have overlap. ®
If you do not have enough ;:"' __ﬁi

sampling ...... @

40

FrLAtBIF PG IR Pdata, EfiI2BIEE KR Overlap BSEE (B2 LR L £ 7 #RIXA PG IR
Pdata, fEITEE1i]8Y Divergence BIRHZ FAJ2M Pdata 18 Sample —LE 3k M PG #2EH
Sample —e sk

WNERYR Sample BFRAIEE (R Sample RIS AR BPFELRXF 1 Divergence SEFR_E XN
Distribution SCfr EBEE BEMRIZIR Sample BUmAEZ,XT Discriminator ki, EHBEIRBEE
20

HEXNMNERNSHIRIENS T, HEEAEE0,BNRIRMNIEE ST Sample —E5 &5
Sample —L£3, XL RY Sample SRR (R ABE—&K 2R BT A REERN

EigBIHThz
FRLALL ES1RAANER R X ERBRIRIR PG ER Pdata IXEEND 6, E I EEATEE RIS a9

M/ LFRBEEXMEE IR JS Divergence G EZIRIRE?

JS Divergence B MY EANEBEERS1.)S Divergence HHE FiKIZERR Log2 AEIXFND
BB RN REREESE Bk —ER Log2

RTLAZS B

¢ ’ Pdata

]S(PGOJPdata)
= log2

BRIRIXZIRAY Pdata, XZ(REY PG, Ef 1#BRIRENIEE—FREL AEPEERIKAERS REEIRY S
Divergence, 2 Log2



RIRIFAT PG R Pdata ELSLERIFIAAY

Ps,

<« | Paata

]S(PlePdata)
= log?

BRI ERYBPR ELSL R/ N B HRERIA R Log2
FRIERAY PG IR Pdata BES

PG100 Pdata

]S(PGmO: Pdata)
=0

RFRIXA PG IR Pdata REERMFKEZ, B IXMEEZRBE BBELEME Log2 HHkixX
Case, HHFERE Log2,iX/ Case HEHFHE Log2

IS divergence is always log2 if two distributions do not overlap.

PG(] ——l Pdata PGl <> Pdata PGlo[) Pdata
Equally bad
JS(Pg,, Paata) JS(Pg,, Pagra) JS(Ps,.. Paata)
= logZ = [(_)gz =0

BR{ERBEBEENX AN Case, HEIXAN GeneratorFitb DX 4 Generator §#F,BEBRIE B AV ERAT AL
EvERiE (B2 M S Divergence FE, EAHXEFHIINS

ABBESAM JS Divergence b BEAHXFENIS ARFE Training BIBHE (RIBAI R B INEBXEFRY
Generator,Update SEUZERIXFEFHI Generator, AEXIRAY Loss i, XHREI B iR, XFA
Generator @—FF BEB—1FE

ABLA_E R M EIRIS YT M35 BB, AN SR EA TN B EMRRYSERR R A BRI BB (RS R IR, SRZ2F JS
Divergence HIBHE {REUERIZIRSKIE Train —N,Binary B9 Classifier, 59 %% Real fY Image, iR
Generated Image, {R/AINSER LIRIESE Train SSLAR, IERZERLFER 100%

E AR Sample BB FRAERZ LK 33/RAY Discriminator 35, 4R Sample 256 3K Real RIE 256 3K
Fake NE F EEZAEEN &I LUEXRAE Ho2F MiEkiER Real R Fake, FTLASCRR_E AR
B Train id GAN FUEIRE &L AISRIRA Binary B9 Classifier Train TXARESRIARILFER Train
S2REY Classifier LU, HHEAR Train S2{REY Discriminator LS, IEFZRERE 100%



PGCI Al Pdata PGl - Pdata ...... PGIOD Pdata
* >
Equally bad \
JS(P¢,, Paata) JS(Pg, Paata) = JS(Pa,yy Paata)

Intuition: If two distributions do not overlap, binary classifier
achieves 100% accuracy.

The accuracy (or loss) means nothing during GAN training.

BAIAELHRER, X Discriminator fY Loss, tBiFAFE TR LS, 1X4 Binary Classifier Loss, /%
RFLENE X Loss #iREA, A RIDTFBSME, LR HY Generated Data, iR Real iy Data sk
%23

{B5LPR b ARTESCFREMERIRHE TR BMEBEAZXAMIMR, X Binary Classifier Y5l LossiRAEigE
HEEX RACERETLLIEHIERZIE] 100%, 748 Image 2 Sample H3EH, CRELSERETLAER
100% BIIEHER (RIRAT B NER BRI Generator, BiR BT

FrLUE X JTEHEERSE WGAN IXEERIAR, FEE (1 13F A Binary Classifier,244E Discriminator BAt

& Train GAN ERFURGAAR BEEE (FIEAARIE(R Train BRHE B8 G HREEF, AT LA R D, BB
1RIEHZ /REIR Update JLR Generator LA ARAEIBIRAOE /- Print H3RE RRRHE—LBD
MZIR, —INEBNNE RIS R AR E—ERH AT I e 7 REHEIRERIXEF

FRLALABHRIR AT R B, AMEFAITE Train —HRAY Network BIRHE {/RBA™ Loss Function,ZAfGHB1™ Loss
B || 801TFE, 2 EEET/ N AMFEEEIR Loss B8\ (REtHuOELEB/REY Network B1E
Train {B&A% Overfitting 284145, E/MAFEEE Training Data ST

{BEXS GAN M5, AKEAJ8A#F Classifier BY Loss, BLURM—LETT B2 (R Classifier 22— &8
—f%AY Binary Classifier BIAHE, EIIIZRRVERIFRI S B HAER FEX)IZERIEFRZERERRE 100%,{F4R
AARFIERE Generator, BiRBMKHIT TR REEBAAIRE A ARTERNIEE, AINERAT
Hei8, BEHTE—4H Hyperparameter, E#fi—T Network SN &M FTLUSE 1% GAN 2B RFHEY

AREESAR JS Divergence HUIEIRE iREE ARSI, BBR R LM — N, @IEF 4 Distribution RIIBLIERER
B3 % —H Divergence FARTLARFRIXMAIRE Y FRRMA 7iXA Wasserstein, 5 Wasserstein
Distance HY#8i%

Wasserstein Distance

Wasserstein Distance BEARIX T RIZFER Distribution,—4* Distribution AJIE P55
Hh—A" Distribution E{1IE Q

Wasserstein Distance BitEH% 2 BIGREF—a L


af://n205

* Considering one distribution P as a pile of earth,
and another distribution Q as the target

* The average distance the earth mover has to move
the earth.

P Q

HETHRYZESZOUA Earth Mover AB{E{RIEF—SHELTHL BBRIE P B E—H 1 18 Q B E(REIE i
FEY B RS, ARXMETAIE P iXiBRYL, 52 Q FRIEEHAIELIIER i Wasserstein Distance

F Q XL FPEEHYERIER HE D

P Q

d

w(P,Q) =d

Wasserstein Distance, & D

BERBE XN Wasserstein Distance A9BHE (REAEURE— Earth Mover, B—METHEHEL AL
HSsI Wasserstein Distance, X Ilf Earth Mover Distance

(BE4NEREESZ4AY Distribution, {[REE Wasserstein Distance,jiE SEHM T

RIXZIREY PIRIXZIRAT Q

A ARS AR ARETAERY Moving Plans 3B PEI¥EER Q A EE LSS
{RAT LR EARIXIN A T IR BB S, BB R HRENXAERE 1B P THE Q



Smaller
distance?

(B{RE TSI, FABXAR A HREIXARSE JEXARRY T IREIX RS 8K, — R 2 LUE P 32
% Q

Larger
distance?

FTLAZSFRA 1578, ELRE 20T Distribution BIRHEIE Q 1E P 2k Q 5% B2EIFRIFESARERIITIE,
FESNSHEARR Moiving Plan, BARIR) Moving Plan, (L FIIERERMA—HE

Smaller
distance?

Larger
distance?

There are many possible “moving plans”.

Using the “moving plan” with the smallest average distance to
define the Wasserstein distance.

Source of image: https://vincentherrmann.github.io/blog/wasserstein/ ~ **
AR FAEE HE AN EREE S > A IX M FEE R AfEKix E A FIERIEE
BHK

A 7T1ik Wasserstein Distance RE—ME,FTLAUXIA Wasserstein Distance BIENXZ, 54FrEHY
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* Spectral Normalization — Keep gradient norm

smaller than 1 everywhere https://arxiv.org/abs/1802.05957
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