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Pygra(X)
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High
Probability
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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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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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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 W H 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
(PlIQ) = [ q(wa(q(m) : 3
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
_ o plE) a(z)
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) = Emax {xt; — f(x)}

xedom(f)
Xty — f(xq) fr(ty) i) = xem}%n{xtz - f(0)}
xsz o f(xz) x3t2 _f(x3) : f*(tZ)
Xaty — f(xz)
x3t; — f(x3) x1t; — f(xq)
£y tjz t:
t  xtef(x)

t=t1 At1) t=t2 At2)
A1)
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