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1. GAMN
GANs
Pygra(X)

&"!

High
Probability

\ -

Probability

]
GANs Maximum Likelihood Estimationl

Maximum Likelihood Estimation

* Given a data distribution Py, (x) (We can sample from it.)

* We have a distribution Pg (x; 8) parameterized by 8
* We want to find € such that P; (x; 8) close to Pyarq(x)

* E.g. P;(x; 8) is a Gaussian Mixture Model, 8 are means
and variances of the Gaussians

Sample {x1, x?, ..., x™} from Pyarq (x)
We can compute Py (xi; 6)
Likelihood of generating the samples ®

m ®
b= ] [releto) YO
i=1 @

Find 8" maximizing the likelihood
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0
foho B o},
0 0 o} 0 ® )|
w ® likelihood
- 0w
likelihood w likelihood

m
L= HPG(xi; 9)
i=1

Find 8 maximizing the likelihood

maximizing the likelihood
minimize KL Divergence KL Divergence
log ]

m m
6* = arg méaxl_[ P;(x%;0) =arg méaxlog HPG(xi; 8)
i=1 i=1

m
=arg maaxz logPe(x4;0)  {xt,x2, ..., x™} from Pyaeq(x)
i=1

~ arg max Esmp o llogPe(x; 8)]

~ arg max Ex_p,,, [logPs (x; 6]

=arg meaxf Piata(x)logPs (x; 6)dx

X

arg max
~ arg max Eyp o llogPs(x; 6)]

=arg meaxf Paara(x)logP; (x; 6)dx *J‘ Pyata(x)l0gPyqra (x)dx
X

=arg mgin KL(PsatallPs)
0 0 KLDivergence 1
KL Divergence
]

Normal Pe (%)

Distribution
generator
—_—
G G

as close as possible ‘

G" =arg mGjn Div(P;, Pyoia)
Divergence between distributions P; and Pytq
How to compute the divergence?

C
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1
z z
z 0 ®
0 o Divergence Div J 0
0 o
]
Div
0 Div J
]
0 ® 0 Div J
* : data sampled from Py,
~ : data sampled from Pj
*
- train
Sigmoid Output
0 0
0 0 0 0O
Div Div 0 0
Div 0
Div=0 05 |
Div
Div ]

Example Objective Function for D

¥
V(G,D) = Exep,,, [logD(x)] + Ex-p[log(1 — D(x))]
= (G is fixed)

Training: D* = arg max V(D, &)
x~0 D(x) x~0 D)

* Given G, what is the optimal D* maximizing

V=Eyp,, [logD()] + Ey.p,[log(1 — D(x))]

= f Pyara(X)1logD (x) dx + J' P;(X)log(1 — D(x)) dx

X X

= j [Pdam(x)logD (x) + Pg (x)log(l — D(x))] dx

D(X) ] X

Paata(x)logD (x) + P;()log(1 = D(x))

C

C
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Div

Pyara(x)logD (x) + P (x)iog(l - D(x):) D

* Given x, the optimal D* maximizing
Paata (x)lOgD(x) + Pg (x)log(l - D(x))

Pdata (x)

D*(X) - Pdata(x) + PG(X)

$ w

max V(G,D) =V(G,D*)

=E

x~Pgata

lO Pdata (x)
9 Prata@) + Po ()

+Eyp, l Ps(x)

lo
9 Prata(0) + Po ()

dx

_ Pdata (x)
Bl .I Pdata(X)lag Pdata(x) + PG (x)

PG (x)
+ | Pootog Praa ) + P

X

x
2

max V(G,D) =V(G,D")

Pyata(x) dx
(Paata(x) + P5(x))/2
P (x) dx
(Paata(x) + Pg(x))/2

= —2log2 +f Piata(X)log
X

+ f Pz (x)log

X

P, . +P P, +P
= —2log2 + KL (Pdata| | %) KL (PG| | %}

= —2l0g2 + 2JSD(Pqtal|Pg)  Jensen—Shannon divergence

V G D 0
KLDiv ]

G* = arg mGjn DiU(PG, Pdata)

JS
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0 0 Div Div

G* =arg mGin max V(G,D)

n}?xv(r;.ﬂ) L(G)7
G" = arg min L(G)
gradient descent 0

B < 8 —ndL(G)/06;

* |n each training iteration:

Sample m examples {x!, x?, ..., x™} from data distribution

Pdata(x)
*|Sample m noise samples {z', z?, ..., z™} from the prior
Learning Pprior(2)
o  *|Obtaining generated data (&1, %2,..., 2™}, ' = G(2Y)

Update discriminator parameters 8, to maximize
7 — 1vm i 1vm ~i
« V=—3 logD(x") + —Xi, log (1 —D(x ))
* 04 < 04 +1VV(0,)

Sample another m noise samples {z*,z%,...,z"" { from the
prior Pprior(z)
Learning «Jupdate generator parameters 6, to minimize

T | 7 = torrsesned + 230 l0g (1- 0 (6()))

* 05 < 0 - 77‘717(69)
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GANs

0 ®
) 0 0 JSDiv
) 0 0 JSDiv
V(GU ’ DS )“
V(GO ’ D)
D=0’ V(OHO)
J
O O V(OhO) V(OhO)l
V(Gy,Dp) |
fgg\
V(G,,D)

D

V(OF0) D=0 V( FO)
0 0 JSDiv - A@' o JS
minimize 0 0 JSDiv ]
J
O | OC-6A®O o

6'FO 0 0 JSDiv

6 ' FO o I OC-6A @O J
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* In each training iteration: lower bound of

Learning
D

Repeat
k times

Learning .
G

Only
Once

12

GAN

[
11T

Canonlyfind | max (G, D)
D r

Sample m examples {x', x2, ..., x™} from data distribution
Pdata(x)
Sample m noise samples {zl, z2, «., Z™} from the prior
Pprior(z)
Obtaining generated data {¥1, %2, ..., ¥}, & = G(zi)
Update discriminator parameters 8, to maximize

V= iZ;’;l logD(xt) + izﬁl log (1 — D(fi))

* 0y 0y +nVV(6,)

§amp|e another m noise samples {z",z%,...,z"" j from the
prior Pprior(z)
Update generator parameters Bg to minimize

N N (B )

~ 8, <6, —nVV(8,)

JSDiv GANs

Ex.,PG[log(l — D(x))]
i€ $@

—log(D(x))

\D (x) |
log(1—D(x)
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11T $0

GANs

fGAN

D(X)

D(x)
D(x)
1T $0 1 T2
]
)|
)| GAN MMGAN Minimax GAN
GAN NSGAN Non-saturating GAN I
GANs paper
3
GANs ]

GAN

GANs
paper
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2. fGANI 1| GAN

f GAN WpH br JSDiV Ky Div w f-Div- "y
[ GANs T A
A W I fGAN ) b T Ty [ ~A

P Q Heb Ne ™  p(x) ax) Nzt P Q F X 3
t 1 f-Div gu'

p(m))
D;(P||Q) = d 1
P1Q) = [ atw)s (255 ) e (1)
E P Q bw ~ E A Y b i
Y » We€P f(1)=0 A
N W] @E
¥ X G x px)=gx)~ ¢+ $ (P,Q=0 3 H @ Ne
M£E© X W A
¥ o $ O V'
— T M T = T M T | = =
Dytolo) - [ et (55 ) de= 1 ( [aw B gae) —sm =0 @
3 7 HaeNe b - $ [ vi F A e R
0 HF KL Div i FDiv W A
A f(x)=xlog X 4  F Div w3, KLDiv L A
p(z),  p(z) p(z)
D(P1Q) = | ()2 10g(P )dz = log(222)d
#P1IQ) = [ a@) 2108220tz = [ pia)ton 25y ®
B f(x)= Glogx + F Div W 3, Reverse KL DivA
_ 1oe(P®) iz — o 4(2)
D/(PIQ) = | ate)(~log(ZZ0)de = [ ata)log(3 ) @
A fX)= @ p~ 4  FDiv W 3, Chi SquareA
B p) . [ (p(z)—q(x))? )
D(PI@) = [ @) o - = / T e (5)
Fenchel ©  (Fenchel Conjugate)
f(x) AE(X)
*(z) = . ot — 6
f(x) [maz at f(z) (6)
t f(x) X XtG f(x)

t t=t1 t=t2
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fr(®) = max {xt—f(x)}

xedom(f)
fr(t) = xemﬁ{(n{xrl - f()}
Xty — f(xq) f(ty) i) = xem}%n{xtz — f(x)}
Xpt1 — f(xy) x3ty — f(x3) ; (&)
Xaty — f(xz)
x3t; — f(x3) xit; — f(xq)
ty tjz t:
t  xtef(x)

t=t1 Atl)  t=t2 At2)
A1)
1@ =| max{xt — f(0)

t—f(xy)

xpt — f(x3)
x3t — f(x3)
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f(x)=x logx Ay

10t — 10 log 10

f(x) = xlogx

1lt-llogl=1t-0

0.1t - 0.1l0g0.1

fx)=xlogx  ARt)=A |

()= maz xt— f(z)

zedom(f) g(x)=xte x logx
t a(x) ] g(x) 0 dg(xydx=telogxc 1=0
x=A | A=A cA  c1=A |
f-Div GAN
GAN
Ay o f(x)
)= o {at—f(=)} & fl=)= par {zt - F* (1)} (7)
FDiv GAN )|
Dy(PIQ) = [ ate)s (2] ) (®)
= [t gz, {25070} o ®
> [ de) (55 De) - £ (D(e)) ) do (10)
~ [ pe)D(@)ds ~ [ afa)s*(D(e))da (11)
~ maz f p(z)D(z)dz — / q(z)f*(D(z))d= (12)
¥ F Div
¥ t D(x) = X

t D(x)
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¥ D ]
f Div
D4(P|@) ~mge [ s()D(e)ds~ [ ale)f* (D(e))ds (13)
T T
=maz {Ey..p [D(z)] — Eyq [/ (D(2))]} (14)
GAN G 0
0 J f- Div 0 0
D(Puatal|Pa) |
D(Paata||Pe) = maz{ Ee- Py, [D(2)] — Eovre [f*(D(2))]} (15)
0
G" =argmin D¢(Piata || Pe) (16)
= arg min maz {Eo.py, [D(z)] — Eo-p [f*(D(@)]} (17)
=arg mé'.n maz V(G,D) (18)
V(G,D) I V(G,D)
GAN ]l f-Div GAN GAN f
GANI
fGAN Div function
Div
Name Dy (PQ) Generator f(u)
Total variation :L, [ p(x) = q(x)| dz %\u -1
Kullback-Leibler [ pix)log 223 da ulogu
Reverse Kullback-Leibler [ ¢(x) log ;’:—'3 da —logu
Pearson y? I lo(x)—plz))” lﬂj; 2))? dx (v — 1)?
Neyman y? I —[”("'f;:":""'z dar a-w?
Squared Hellinger I (\/p(.r) - \/q(,r))- dx (vu— 1)2
Jeffrey [ (p(x) —g(x)) log (L:—j}) da (w—1)logu
Jensen-Shannon % | plz)log % + q(xr)log mf;'% dr —(u+1)log l'_'z'” + ulogu
Jensen-Shannon-weighted [ p(x)=log m + (1 —m)glx)log m dr  mulogu— (1 — 7+ 7u)log(l — 7 + mu)
GAN J"p(‘r‘) log % + gl(z)log mf"‘% dr — log(4) wlogu — (u+ 1) log(u + 1)
Name Conjugate f*(t)
Total variation t
Kullback-Leibler (KL) exp(t — 1)
Reverse KL —1—log(—t)
Pearson Y2 2+t
Neyman x> 221t
Squared Hellinger =
Jeffrey W(e'™") + gy +t -2
Jensen-Shannon —log(2 — exp(t))
Jensen-Shannon-weighted (1 — 7)log ﬁ
GAN —log(1 — exp(t))
HJ 3t n T 5 f-GAN 1 W2

' JSDiv Div f- Div GANs ]
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3.JSDivb g D

fGAN JSDiv Div
f- Div GANs ]
GANs JSDiv Divl
JSDiv ]
6 0 50
| 6 0
0 0
0 0
( ) 0 0
| VI
]
® ® ® Pdata Q@
@ ® © o
PG ’ o ® ~ PG’ . Pdata '
e o @ o © o
0 0 JSDiv VY

PGO Pdata Pgl > Pdata ...... PG1oo Pdata
>
Equally bad \
]S(PGO, Pdata) ]S(PGI, Pdata) ...... ]5(‘06100, Pdata)
= logz = log2 =0
0 0 0 5 0 55
JSDiv log2 JSDiv
$ED D $ED 0 5
0 0 0 J
JSDiv | JSDiv
0 0 100% 0 o
0 o JSDiv I
JSDiv 1 paper
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4. LSGAN
JSDiv 0 O
100% 0 @ 0 JSDiv J
100% 0 @ O ® 0
0 JSDiv Div 0
1 LSGAN GAN ]
]
They don’t
move.
—e PP = | m —
100% 0 @ 0
0 0 0
10 0 J
JSDiv
0 gradient descent
]
0 O
0 ]
]
sigmoid linear D
1
EEEEEEEEEEEEEEEEEEEEESR .......-1
0
D 0 0 0 D y=1/2
0 0 )
LSGAN paperl
LSGAN GANs 0
paper Part3 RGAN
0 0 Div LSGAN

paper WGANI
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5. WGAN

WGAN WassersteinrGAN Wasserstein EM
JS Divl EM 1
5.1EM
EM EarthMover
Q P Q EM 1

MovingPlan

LL
Q.L._L.

EM

P

Q

EM ]
]
e ——-
e —————————
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moving plan

P Q .

Average distance of a plan y:

B(y) = z y(xp,xq)"xp - xq”
xp,xq
Earth Mover’s Distance:

W(P,Q) = min B(y)
YEI

The best plan

®w |l - 6o ||
moving plan ]
]
0 0 wasserstein |
52WGAN
WGAN
V(G,D) = » ¥

= per 18X ABxp oD (O] = Bxepy [D()]}

0 0 wasserstein | Was
WGAN paper
(M was ]
D 1- Lipschitz function ]

If Cxy) = FxeDll < Kl[xg — x|
K=1for "1 — Lipschitz"
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J GANs (0,1)

WGAN was was
0 was 0 was ]
0
generated
D
—0C0
0
0 D J
]
WGAN weight clipping C
-C w c w=C w -C w=-cl D
0 0 )| D 1- Lipschitz
function WGAN was ]

WGAN WGAN- GP SNGAN
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6. WGAN -GP
6.1 WGAGWP

WGAN D 1- Lipschitz function |
1- Lipchitz function

D € 1 — Lipschitz <mmp ||V,D(x)|| < 1 forall x

X 1
1- Lipschitzfunctionl

V(G,D) = mng{Exwpdata[D(x)] - Ex~PG[D(x)]

=2 [, max(0,[|7D(x)|l — 1)dx}

1
J
i A6 $H D J
X
J
J
WGAN 0 0 0 0
J X 0 0 0 0
J
V(G,D) ~ max{Ex-pq:[D(X)] = Ex~pg [D ()]
~2Eyp i, [Max (0, 17D )| — D]}
Paata ® F;
~—
-
X 0 D 1

Lipschitzfunction
Given that enforcing the Lipschitz constraint everywhere is intractable, enforcing it
only along these straight lines seems sufficient and expinentally results in good

]
7Dl 1

V(G, D) =~ mgx{EXNPdata [D (x)] - Ex~PG [D (x)]
B~ ey [UID GOl = 1?1}
1D 1 ]

WGAN GP gradient penalty
1- Lipschitz ]
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6.2WGANGP

WGAN GP
0 0
0 0
0
paper
]
WGAN GP
1- Lipschitz

1 ]

P data

DRAGAN

Spectral NormalizatiorGAN

l
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7. SNGAN
7.1 SNGAN
X 1l
1 SNGAN GAN
W )|
7.2
( ) 1 72
74 75
® Qw w ® J a on
B o a 0 Q 0 O
a ] =n
Q Qo I K who
-B 0Q o hw L a
] |
]
f( )-f(X) 2-
1 ReLU maxout
"Q ] X "Q
] @ 0T Df W § O F
X )|
[fe(x+&) — f@)lz _ [Woau(z+§) +boa) — (Woat +boa)lz _ [We.ukl- < o(We.s)
€l [1€]l2 €2
W p W w j
7.2 ]
_ ) | AE]|2
7= 20 el
X ® R ]
® "Q  RelU
| X O P w
1; Rd.U ]
W f

I’V@.w = D(I—)[:EH’XLD(E)_:B] VVL_l T Dg:)mnfl

an pf i 0.atl

L
7(Wes) < a(D§ 4)a(WH)o(Dg a(WE) - a(Dg 5 )o (W) < [Ta(W)
=1
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w an  pB
w ] 7.3 ]
7.3*
]
] )
A m*n g=min(m,n) A*A ¢ A ]
AcM, D q:min{m,n}v X r&nkA =Fr
(@) VeM,t WEMHJ' YT W e
o .. 0
)R I
0 .. o4
a crlEﬁg2,.,26,:-0:U,+1:...:quT A=V we
Yq ifm=n
(T ) ={[Lg OeMyu ifm>n
[Eq G]T EMN,HJ If m<n
(b) & 01,07, 00, 0y AAT ! v -
1L AAT ! v A
v No T, Z "H ~ 01,02, Og~ ] Zq
H ~ oy A v A
* v Ne
- b " W ARV R &
https://blog.csdn.net/zhongkejingwang/article/details/43053513
7.3 0!
I 0 ]
7.4
17 5 SNGAN
]
®
1 & A
e L ] ) - FAY:
minimize — ;L(fa (). ) + 5 ;amf )
oy J
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a w /2, av plB 1 A= @ K
£ >K w /2 £O0 0 O
] K =K w 2 )|
K K )|
£ O O
v a p

u + W and v + (W*) ", and o + ||ull2/||v]2

SGD

Algorithm 1 SGD with spectral norm regularization

1: for{ =1to L do

2: v’ + arandom Gaussian vector.
3: for each iteration of SGD do

4 Consider a minibatch, {(x;,,vi,),-- ., (€i., ¥, )}, from training data.
5: Compute the gradient of + Zf:l L(fo(z;,). yi,) with respect to ©.
6: for{ =1to L do
7.
8
9

for a sufficient number of times do > One iteration was adequate in our experiments

ut — Whot, vt (WH Tl of « |uf||/[|v°|
: Add Aou’(v") 7 to the gradient of W*.
10 Update © using the gradient.

£ O O SGD
2 vl 7 paper

b aE E

GANSs loss

| K
mini(_gnize e ; L(fo(xi),yi) +A Z(Wi)z

. K L
o1 A £y2
minimize — ; L(fo(x:), i) + 3 ; o(W*)
]
7T5SNGAN
GANs D  1-lipschitz
0
18 2 SNGAN SNGAN spectralnormalization
W Q 1 ]
® 1 Q
lipschitz ]
g(h)=wh, lipschitz

19llLip = supp o(Vg(h)) = sup, o(W) = o(W).
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lipschitz s =1( RelU)
lg10g2llLip < llg1lluip - lg2llLip
3 ] "Q  lipschitz

I fllip <I(hr = W5 B ) Lip - llasuip - [|(ho—1 = W hp_1)|lLip

L+1 L+1
clanfLip - 1(ho = Who)[[ip = [ (i1 = W'hy 1) |uip = [] (W'
=1 =1
., W 1 Q 1- lipschitz ]
W
Wen (W) := W/o(W)
SNGAN W 1 Q
1 D 1-lipschitz SNGAN
Algorithm 1 SGD with spectral normalization
e Initialize @; € R for [ = 1,..., L with a random vector (sampled from isotropic distri-

bution).
o For each update and each layer [:

1. Apply power iteration method to a unnormalized weight 11"
o = (W T /|(Wh) a2
<« Wo/||[Whey|,
2. Calculate Wy with the spectral norm:
Wi (W = W!jo(W"), where o(W') = af W',
3. Update W with SGD on mini-batch dataset Dy; with a learning rate cx:

W' W — aVy (W (W), Dayr)

SGD SGD W

Wie(Wh = W/a(W!), where o(W') = af W',
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Pa r2tGA Ns Net wor k

Div

DCGAN ImprovedDCGAN

SAGAN J BigGANI
1. DCGAN
1 37 E CNN H v CNNM GAN ,, |
DCGAN HWA
DCGAN GAN W ' b A 7 3t G D UH e
" CNNAP b "y 3” DCGAN { AW T
Y I
¥0 poolingr AG Ta { " fractionallystrided convolution™
n pooling ~ D Ta { ~ strided convolution™ f  pooling A
¥ D GT a batch normalization
¥ FC ~ g Tunid
¥ G Ta RelLlwu P W a tanh
¥D Ta LeakyRelL® 4 g
1 Wi DCGANG 1 '
3
. 10?4
loonH ::p‘% =
Project and reshape
100 4
64*64*3 ]
DCGAN paper 4 deconv

DCGAN 4 f ractionallystrided convolution
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MNIST

3*3 2*2 4*4
3*3 3*3 5*5
0
DCGAN D
conv 5x5 oMY SiS
conv 5x5
conv 5x5
Full
—> >
L Y )
\_'_J
16x16x 128 ARANE6 e
x x

ey
1 32x32x64
L'J

64x64x3
G
0,1 1
DCGAN
DCGAN

0l

LSUN
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2. Improved DCGAN

GANs DCGAN
] l
GANs )

1
J(©)(g(D), 9(@))

J(D)(B(D), g(G))
(D) I GANs

GANs ]
ImprovedDCGAN DCGAN

(feature mapping )
ImprovedDCGAN

|Eanpi () = Eznp(2)E(G(2))]]3
f(x) f(x)
f(x) feature map
]

(minibatch discrimination )

GAN
]
ImprovedDCGAN minibatch ]
]

f(x) tensor, M
L1 0 f(x) ]

n

o(®:)y = » _cy(mi,x;) €ER
j=1

o(x;) = [o(wi)l,o(wi)g,...,0(:13@-)3] € RP

o(X) € R™*5
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!
f M L\ —Pp
| i, %) [
f‘) Zq 02
p)
fa i
X , , f(x) , X M
1 M L1 c(xi,xj) 0 o(X)
0 1 X o(X) 0
]
(historical averaging )
ot ,
ll6— < >_ealll’
i=1
(one- sided label smoothing )
0-1
1 [0= 1= ]
[0= 0.9= 1
. apdata(m)“}'ﬁpmodel(w)
D(w) T pdata(w)‘*"pmodel(m)
(virtual batch normalization )
batch normalize X
minibatch ] virtual batch
normalization VBN batch batch  normalize

ImprovedDCGAN
GANs ]
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3. SAGAN
31 SAGAN
GANs
Long- range dependency
]
]
]
]
1 SAGAN Attention GANs
]
32 SAGAN
‘_ fix)
convolution Ixlconv |{ranspose attention
feature maps (x) ' .. map
|H ® softmax _ﬂ self-attention
| B 2(x) L f'caturcm["ipslo)
HI:-n : ' ® "; | i ‘
Il h r
]
fxX) g(x) h(x) 1x1
a(x) softmax attention map
attention map  h(x) J
W NYD R vy R vy 11
of #1w f g V1))
Qo oo
T s j i
exp(s;;
Bji = #a where s;; = f(x;)" g(x;)

N
Zizl exp(sijy)

_ CxN
0=(01,02,...,05,...,0n) € R“*

N
0j = Zﬂj,ih(mi),where h(z;) = Wha;

=1

f(x)
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Yi =70 + &4

SAGAN loss

] SAGAN

Lp = =E(ay)pue min(0, =1+ D(@,9))] = Eeonp. yrpgora Min(0, =1 = D(G(2),y))]

_Ez'\"pz »Y~Pdata D(G(z)' y)'

Lg

3.3 SAGAN

SAGAN Spectral Normalization TTUR

Spectral Normalization

SAGAN D G D
G
Normalization Partl SNGAN
TTUR
GAN
TTURI
SAGAN
1

SAGAN

1- lipschitz
] Spectral

5 )| Heusel
TTUR
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4. BigGAN

4.1Bi GAN
GANs Inception
Score IS IS 233 |
SAGAN IS 52 |
TPU GANs 1
BigGAN J
4.2 iBGAN
1 GANs 1
BatchSize Chanel
1
Batch | Ch. [ Param (M) | Shared | Hier. | Ortho. [ Ttr x10° FID IS
256 | 64 81.5 SA-GAN Baseline 1000 18.65 52.52
512 | 64 81.5 X X X 1000 15.30 58.77(=1.18)
1024 | 64 81.5 X X 3 1000 11.88 63.03(=1.42)
2048 | 64 81.5 X X X 732 12.39 76.85(+3.83)
2048 | 96 1735 X X 3 205(£18) | 9.54(£0.62) | 92.98(£4.27)
2048 | 96 160.6 v X X I85(E£11) | 9.18(£0.13) | 94.94(£1.32)
2048 | 96 1583 7 v X 152(£7) | 8.73(£0.45) | 98.76(=2.84)
2048 | 96 1583 v 7 v 165(£13) | 8.51(x0.32) | 99.31(£2.10)
2048 | 64 713 v v v 371(£7) | 10.48(£0.10) | 86.90(£0.61)

£ 1. BNEHAYEEHIEEITAY Fréchet Inception Distance (FID, #{fE#4F) #0Inception Score (IS, #
=itkdF) . Batch BHtEA/)N, Param BE8#EE, Ch. EBEFRTHRNBIET L, Shared TTEREMAHE
SN, Hier EEEASEEEA, Ortho REIEREML, Itr MEMEH 1000, MzmziaaEdl 0%kt
SIaEN, SRRSO FEREET. BTIT 14 250, EHET 8 NRERHAIELNEER.

Batch BatchSize

BatchSze Batchsize 256 2048
IS 46 BigGAN
] Batch size
Batch size 4.3 J
Ch. Channel
Batch size BigGAN
50 ] IS 21
] BigGAN
]
Shared
BigGAN Shared
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2~ N(0,I)€ R!28

(b)

z split c
]
z c concat BatchNorm
bias weightl
Z C
BatchNorml
1 BigGAN
37 I

Hier. Hierarchical Latent Space

Latent Space z ]l BigGAN
N(O,) U[-1,1] z G
paper E BigGAN
Bernoulli{0,1} Censored Normal max(N(0,I),0)
BigGAN
BigGAN ]
N(O,I) ]
z z
] IS FID ]
J
IS
FID )|
BigGAN
Hierarchical Latent Space ] GAN z
BigGAN z G ]
BigGAN z
BigGAN z o
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Ortho. Orthogonal R egularization

z
Orthogonal

Regularization J

]
BigGAN
Rs(W) = B|W'W —I||i,
W |
1
BigGAN
Rs(W) = 8|W W @ (1 - 1),
1
16 60
43 iB3AN
BigGAN ]
BigGAN Batch )
)|
BlgGAN 0p, 01,02
Alrnoldi ] a0
G D a0
Collapse

Collapse 7/

00000 150000 00000 150000
Iteration Iteration

(2) G (b)D
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G G
)|
D )|
G 70
D ]
G
ap BigGAN
0o Oreg
r r-sg(oy) 59 a1 ]
ap | wW )
2 ap Oclamp
W=W — maX(O,JU - Uc[u-mp)vﬂu(—]r
Tclamp Oreg - -""{1(‘71)1
BigGAN % o
]
G 1
Dl
D
b D N
]
D
)|
1
D
Frobenius paper F
] G
D batch ]
D | BigGAN Y
Y
Ry = 5By [IVD()][7]
10 G D
IS 45 |
1 1 IS
20 |
BigGAN
D J| D
]
)|
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98

18

BigGAN
10 14

IS

166

BigGAN
J

D
ImageNet
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5. ) GAN

511 GAN
BigGAN BigGAN
]
3 GAN 3 GAN-CO 3 GAN :
ImageNet  BigGAN 20
]
521/ GAN
BigGAN ( )
ur o
Z
Ty
GANI Ax
P $ @ U
U ]
]
Ty

Yt
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GAN

GAN
]
531 GANCO
GANs
-CO ]
Yt u
z N “
b 4
”’
|,
Ty
$
)| GAN 1
-Cal
541 GAN
GANs
BigGAN 3 GAN J
Yt
A
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BigGAN BigGAN
GANs GANs



http://www.gwylab.com/

www.gwylab.com

Pa r3tGA Ns

GANs idea )|

1 RGAN

11 RGAN

D G
RGAN Relativisti€cSAN
]

GANs ]

D G D

D w =1 D w =0 G D w =1 D w =1l
D w 1 w 0 ]
Fake Real <-> Fake Real

BestD Best G

(A) Divergence minimization (B) Actual generator training (C) Ideal generator training

% 14 1 1

(=]

=]

k=3

3

o

50.5 0.5 0.5

©

£

£

3

a oYy . 0] - 0 :

Beginning End Beginning End Beginning End
—— Realdata —— Fake data
A Div
05l B G
1 ]
JSDiv p By, ~pllog(D(w;))] + Ez ~pllog (1 — D(wy))]
]
A 05 B
]
$ RGAN
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12

RGAN
]
GANs
LgAN — E_r,.wlP [fl (C(.Tr))] + ]Eq’;fru@ [f2 (C('Tf))]
LEAN = B, 5 [01(C(2,))] + Eay o [92(C24))]
0000 ; C ]

LEFAN = By e [1(Clar) = Cl@p)] + Eqppne) [f2(Clag) — Clan))

and

LEMN =B, 2 e [01(C(20) = C(20))] + B, o yn(pag) l92(Cly) — Cl2r)))]

] GANSs "Q 0 GANs G
Cw) RGAN Q 0
G
Cw) ] RGAN Cw) G
$ ]
13
GAN RaGANI
r CK

LN =By, e [f1 (Clr) = BayngC25)))] + Eopnp [f2 (Clag) — By, e C(ay))]

L CN =By b [1 (C(r) = B pngCl2f)))] + Ea g [92 (Clarg) — By, C(2,))]
RaGA N

) WGA NG P 3/14
|l PM GANs | PM GANs
WGAN WGAMNGP | i pschitz

papeér RGAN Ra GAN ]
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2. EBGAN

EBGAN Energy BasedGAN
0 0
0 0 ,
X X
EBGAN autoencoder

Discriminator

>

|
Autoencoder }

-
) &
7,

autoencoder

autoencoder

autoencoder
image x
X X X
EBGAN
EBGAN

EBGAN

http://www.gwylab.com/note- ebgan.html

0 for the
best images

] autoencoder
autoencoder X
pretrain
energybased
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3.* BEGAN

BEGAN
Equilibrium GAN

BEGAN

1.

2. GAN

3.

4,

paper

EBGAN 1 BEGAN Boundary
GAN EBGAN WGAN
GAN
model collapse ]
1 BEGAN
Pg Px
]
GAN trick
G D
WGAN ]

https://blog.csdn.net/qq_25737169/article/details/77575617?locationNum=1&fps=1
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idea~ J
Part 1 GAlN ‘E i
1. CGAN
11 GANSs

train

NeuralNetwork NN ]
as close as
possible

NN

NN

GANs NN
NN G

word ¢
image X X

c: train »

G » Image x = G(c,z)

Normal distribution z »
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GANs image D D
X ]

X is real image or not

* ‘ (ori;nal) » scalar

Real images: m 1

Generated images: Image 0

GANs X X
] CGAN ]
12CGAN
C
c X X
X C ]
¢ » D » scalar X is realistic or not +
. » (better) c and x are matched or not
c train X
1
(train, m ) 11
c
D 0l

(cat, W} 0 (train, Image ) 0

CGAN CGAN )|
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13CGAN

* In each training iteration:

* Sample m positive examples {(c!, x1), (c?, x?), ..., (c™, x™)}
from database °

Sample m noise samples {z1, z?, ..., z™} from a distribution

Obtaining generated data {%!, ¥2, ..., ¥™}, ¥' = G(c', z")
Sample m objects {£1, 2, ..., ™} from database
Update discriminator parameters 8,; to maximize

-V =lZ’-" logD(ct, x*)

5 — ZIog 1—D(c x) Zlog 1—D(c x))

. 9d « 9d +nVV(6,)
+ Sample m noise samples{z!, z2, ..., z™} from a distribution
« Sample m conditions {c!, c?, ..., c™} from a database
Update generator parameters 6, to maximize

7 =13m log (D (G(ci'zi))), 6, < 6, —1VV(8,)

CGAN pairl CGAN
pair pair ]
= Z logD(c x)
—Zlog 1-D(c}, x) Zlog 1-D(c}, x))
pair
pair 1- pair
CGAN GANs ]

- Z L log (D (G(ci,zi)))

GANSs
cl
CGAN

Hgll ng-x V(D~ G) - ]Ea:wpd,._,(a:)[l()g D(:c|y)] + ]E‘prz(z) [IOg(l - D(G(Z|y)))]
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14CGAN

object x —> Network

condition ¢ —> Network

Network

— score
X is realistic or not +

(almost every paper)

CGAN

embedding condition

embedding
embedding
CGAN

c and x are matched
or not

embedding
embedding
]

» X is realistic or not

object x —| Network

condition c

[Augustus Odena et al., ICML, 2017]
[Takeru Miyato, et al., ICLR, 2018]

embedding c

pair

Network

— ¢ and x are matched
or not

pair
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2. Tri ple GAN
21Tri pl e GAN

TripleGAN CGAN
c,X
classifier

22Tri pl e GAN

X, Y) ~ p(X,Y)

X ~pX)

TripleGAN

C
C

(XCJ Yc)
~Pc(X.Y)

23Tri pl e GAN

TripleGAN
classifier

C
X C
XY ~pX,Y) Zg ~p(Z)
— (Xy' Yn) G
~pg(X.¥) Yy ~p¥)
/R A /R
( c) xy J
Classifier
(@ hw)
classifier
CGAN
X y J
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3. Stack GAN

3.1St ac k GAN

SackGAN CGAN
StackGAN c
64*64
256*256 ]

3.2St ack GAN

I Conditioning |
| Augmentation (cA) | |
Text descriptiont  Embedding .|

Embedding ¢,

CGAN

256*256

64 x 64 |

results

64 x64

real images
=

[ U ——

Compression and
Spatial Replication

Conditioning

I SR
256 x256

Compression and

I Augmentation 3 \'mags i Spatial Replcation i
m BN
u o | {o. 1}:
¥ | " |
256 X256 | I
(_feuts J | StagedllDiscriminatord
StackGAN ] StackGAN
Conditional GAN z
cl 64*64
] StackGAN
256*256 ]
text_embedding stackGAN embedding
condition embedding FC
condition condition A
co = to T 00 @€
© element_wise multiply | embedding
(1024) text embedding
condition 1 (
1024 128 ) loss
D (N (po(e1), Bolee)) [IN(0,1))
c z ]
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3x3

] 2
resize embedding Fd
64*64 ]
replicated A J residual blocks
]
]
E'Dn = E(Iﬂzi)'\‘pdata Uog Do([n, ‘fgt)} + 3)

]EZNPZ st~Pdata []‘Og(l - DU (GU(Za 60)1 (101‘))}'

Loy =E.np, topiara 108(1 = Do(Go(2,80), 01))] +
ADg (N (po(pr), Eo(ee)) [|N(0, 1)),

“)
CD = E(L”"‘Pdam[logp('[:‘pf” + (5)
ESO ~PGgst~Pdata UOg(l - D(G(‘SOr é)r R'Pt)”;
La= ESUNPGD-L"‘PMM [lOg(l — D(G(s0,¢), L:DL))] + (6)
ADgL(N (1), Z(e0e)) [N (0, 1)),
3.3*St ac k GAN
1.Stack GAN++
SackGAN++ ICCV 2017 B StackGAN++: Realistic Image Synthesis with Stacked
Generative Adversarial Networksl StackGAN StackGAN v2
]
fake imaged
conditional loss unconditional lossl
z fake image ]
color regulation fake images )

https://arxiv.org/abs/1710.10916
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cvpr

Text- To- Image Paper

B Image Generation from Scene Graphd
St ack GAN

https://arxiv.drg/abs/ 1804.01622

18
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4. L apGAN
41Lap GAN
GANs L a@ANL a®AN
St aGAKN
L a®@AN
CGAN CGAN ]
4.2
AA]‘?‘-\&M L: al
v P > - : \“\ Level 2: 2x2 %
ﬁﬁ v i 3 %:
e o -
? Level 3: 4x4.
= - ; <
. =
;
%
A e Y Level 4: 88
1+l
f f
I :,1"/ Level 10: 512x512
1
1
2 ]
2 2
(i, j)= Y, X wlm,n)g,(2i+m2j+n)
m==2 n==2
1
do=its, _UP(GHI )® ngS
i 1 UP) (x,vy)
(2x+1,2y+1) ] d e 5x5 ]
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6. Style GAN
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Part 2 GANs 3
1. Cycle GAN
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12Cycl|l e GAN
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13Cycl|l e GAN
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2. Star GAN

21St ar GAN

n domain CycleGAN
Gz 0
(a) Cross-domain models
O==0
s Xﬁ:
]
StaiGAN 1
22St ar GAN
SarGAN domain
(b) StarGAN

domain( )

u];‘\ (_)u]

(1), [2]{_.’ k_.ﬁ{n

Real / Fake



http://www.gwylab.com/

www.gwylab.com

domain
domain 1
Fake image
nput ima L‘. (<]
(b) original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator

Depth-wise concatenation l

Fake image

Real / Fake

Depth-wise concatenation

domain
domain
domain
domain ]
CycleGAN CycleGAN
StaiGAN 1
23St ar GAN
StaiGAN ]
domain StaiGAN vector
CelebA label RaFI» label Mask vector

Black / Blond / Brown / Male / Young Angry / Fearful / Happy / 5ad / Disgusted CelebA [ RaFD


http://www.gwylab.com/

www.gwylab.com

domain 00101 0000010 CelebA label

domain
CelebA label RaFD label Mask vector
(a) Training the discriminator (b) Original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator

I Output image and original domain label l

Real image Fake image

®

(1 N 2

ks

(1), (2) 0 :
CelebA label RaFD label

(1) when training with real images
(2) when training with fake images

CelebA label RaFD label

Input image and target domain label Reconstructed image

Training with CelebA
targetdomain 10011
target domain 00101
StaiGAN
loss CycleGAN lossl
domain

10011 ]
StaitGAN


http://www.gwylab.com/

www.gwylab.com

3. v _ BIGTRANSFORMATION
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