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» Discriminative VS Generative

Generative Model “\

Discriminant Model
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Discriminative model Generative model
Goal Directly estimate P(y|z) Estimate P(x|y) to then deduce P(y|x)
What's learned Decision boundary Probability distributions of the data
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(Maximum Likelihood Estimation)
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» Probabilistic Topic Models
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MinMax Game
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MinMax Game

FAPUROES
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Anime Face Generation
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Anime Face Generation

10,000
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@® real
Least Square GAN (LSGAN) @ generated

» Replace sigmoid with linear (replace classification with regression)

(Real Fake)

They don't
move.

—— - 08-@—OO-O00-O—
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» f-divergences D (P||Q)

Name D¢ (P|Q) Generator f(u) T*(z)
Kullback-Leibler j p(x)log f; (J,g dx ulogu 1+ log Zg)

Reverse KL [ q(x)log 2 péx; dx —logu %

Pearson x? | %ﬁ;m))z dx (u—1)2 2(10(93) )

Squared Hellinger f( \/_'13) di bl 1)2 ( % _1y. %
Jensen-Shannon : I'p( p(i;n-{—z)(:c + q(x)log p(_:f)%%)(?) dz —(u+1)log 2E* + ulogu  log ;(?C?___m)(_a

GAN [ p(x)log #ﬁ(ﬁ) + q(z) log #(?(x) dr —log(4) wlogu — (u+1)log(u+1) log #ﬂ(@
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> Bl 47K 4K

F(0,w) = Exnp [T0(2)] = Eangy [f7 (T(2))]

» f-divergences
Name Output activation g dom ¢- Conjugate f*(t) (1)
Kullback-Leibler (KL) v R exp(t — 1) 1
Reverse KL — exp(—v) R_ —1 — log(—t) -1
Pearson x? v R i+t 0
Squared Hellinger 1 — exp(—v) i 1 = 0
Jensen-Shannon log(2) — log(1 +exp(—v)) t<log(2) —log(2—exp(t)) O
GAN —log(1 + exp(—v)) R_ —log(1 —exp(t)) —log(2)
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Wasserstein GAN
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WassersteiniE=
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p(Q1 (12) (’T(ﬂ?ay)er(ql,qz) (@)~ ,y)[ ( y) ]

» HPT(q1,q2 ) ZAFRD T A1q1, Q2 8 TR T RL A9 IR &5 S 6, d(x.y) Axday
JEE, tdel, 3B B,

» Wasserstein 3E 25 48 Fb K LA E Fo| SHOE A9 B T BpAE /A
D EA & )X%L £ r%ﬂlf b Wasserstein 2B 5317 /& e R IR
P AN B 3%
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Wassersteinfib=

b do R AN BAE TN, BEAS A y(xy) BAE A
g 094 B x B L g, 09T Byed i a9 2

» Wasserstein 38 25 7] VAFZ fiE A58 2369 o TAE =, ARA
H#+wyeE® (Earth-Mover’s Distance, EMD) .

o ] e

(a) q1(x) (b) g2(x) (c) q1 Bl g2 BARIB T R
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Kantorovich-Rubinstein 3{BEE

This formulais highlyintractable

EMD(P,, P) inf T — T, mf E. . ..|lz—1
(P Po) = inf PB]ZH vih(ey) = inf - Eyysllz =yl

Kantorovich-Rubinstein Duality

EI\"ID(P,»,P(;)= sup ]E;rmp"f(.l:) J,,.upe (.L‘)
I flle<a

1-Lipschitz Constraint
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LipschitziE4ErRE]

/N | Lipschitz 3% 252 R &1 \

ERE, MNT— DR R - R, W2 R Eth 4 B
B RELHNR R -EG S, WMEEWANRRANTERK > 0,

|f(z1) — f(22)| < Kl|z1 — 2], (13.54)

W R f BEFR N K-Lipschitz % 4% & %, K FFN Lipschitz 2

Lipschitz 222 3K pR EE Jo R I X 18] _EASGe A 6 1 26 P i3 .
R—DEEOT S, H% &2 Lipschitz 142, A4 SEE R . R —EE
S, FHSEEHR, I4ARECN Lipschitz E4E.
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Wasserstein GAN

min max IE;};NPF [fu_(x)] - lEsz: [fw ((]9(2’))]
0 we[—k.k]!
\3

k-Lipschitz Constraint

/ D real data
1 B x & Pl
- g |  Ccritic fu(@)
i Network | % &
Generator fuw —”_'fu. (90(2))
e | Network — B —] — n,..o
prior 9o generated damaid
e~ Piz) ] data function
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1-0 T T T T T ) T
\ — Density of real

0.8 —— Density of fake |
' ——  GAN Discriminator

——  WGAN Critic
0.6 |

1

T

-02} ina WGAN Vanishing gradients -
in regular GAN
_0.4 | | L 1 l 1 1
-8 -6 -4 -2 0 2 4 6 8
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WGAN WGAN

G: CNN, D: CNN _ weight cllpplng gradlent penalty

G: CNN (no normalization), D: CNN (n ormalization)




WGAN WGAN

G: MLP, D: CNN welght clipping gradient penalty




GANRYH R
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FAFERK

(0.3 ][0.17[-0.3]
—0.1) [-0.1{ | 0.1

—0.71 10711 0.9 |
In a specific range

“Girl with red hair and red eyes”
-

“Girl with yellow ribbon”
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Caption Generation

Given
condition:
Chat-bot
“He”O” G )
Given ] [tHeIIo. Nlce”
condition: O see you.
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Conditional GAN

(o D) N
0000

D .eeee® @oo00)

discriminator . \
ﬂetWO rk Generator - ;
generator ( )[.....}
network

o000
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InfoGAN

Z = m-’ Generator

/ encoder
“Auto- decod Lonnns Parameter
encoder «— ¢eC00C! sharing
JJ
- ‘ (only the last layer
Predict the code c that is different)
generates X C
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(No clear meaning)

(b) Varying c; on regular GAN

Digit type)

(

InfoG

1 0N

rying

a) Va

(

—2to 2 on InfoGAN (Width)

c3 from

(

InfoGAN

—21to0 2 on

co from

(c) Varying

Rotation) (d) Varying

https://arxiv.org/abs/1606.03657
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(=D
Creal) Creal) (=2
(__fake ) (Jake) (C) (Jake) ()
(Xreat @ata) | ( Xgpake ) (Xreat @ata))  ( Xjare ) (Xreat @ata))  ( Xjpake ) (Xreat date)) ([ Xpuke )
o
(C (class)) [ Z tnoise)) (C (casy ] [ Z tnoise) ) (C tatent)]  ( Z (noise)) (C cass)) [ Z (noise))
Conditional GAN Semi-Supervised GAN InfoGAN AC-GAN
(Mirza & Osindero, 2014) (Odena, 2016; Salimans, et al.,, 2016) (Chen, et al., 2016) (Present Work)
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Jeff Donahue, Philipp Krahenbiihl, Trevor Darrell,
“Adversarial Feature Learning”, ICLR, 2017

BIGAN Vincent Dumoulin, Ishmael Belghazi, Ben Poole, Olivier

AP A N S S U S

Courville, “Adversarially Learned Inference” , ICLR, 2017

(from prior
distribution) from encoder or
code z code z decoder?

Decoder Discriminator

Image x code z
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oA

P 2SS — AN PR A, FLALR Y
p(x1.7) = p(xq,x2, -, xT)

b e — AR AYAL FBAE AN KL, A AL R A A
A~ FE 5] A
» (1) m=3 9= 228 —20 53835, & X2 IEH e
89 AL F -
» (2) AR AT Lra) JF 5 557 A RRGET 99 )T 5 FR AR

A AT HM %, CCL 2019 64



oA

P2 — AN INAR A, AR R
p(x1.7) = p(xq1,x2, -+, XT)

> S5 5 ELIETR P A4

» (1) AR KEIY;

» (2) AR E A IEH Ko

P T—ANKEATE 52, AR 8] HA
V[T a%,ﬁm&%ma%%M$@i%
L I B B 5] e AR A
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oA

pGerr) = | [ pGrelare-)
t

~ |lepCelxe—1, s Xe—n+1) = 1le g(hy)

» ] 3, 3 EFE 69 AR R R EAE T R BT VLA
B A ST 5 0 AR FRAE T R, Bp &S E
X1.t—1 BT 89 SR L FHp (e | X1:021)
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Y 5E NS {x (o, YA PSR SRR 5 B 5] — MR g ()% 1. 1))
SR R AMHEA B8 B 1 X BEUBAR R K

N T,
maleogp ZZ og pa ( )[X b 1)) (15.5)

P EIXAY S AR T Xof, B— AR E AT m ey e A &
AT A ETON, S —AF F =2 (autoregresswe) A 77 oo
» B a4 R A (Autoregressive Generative Model)
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~HﬁLEkU%EﬁW%Tﬁim(kuhm,ﬁﬂu@ﬂﬁmmﬁ%
ER AT I A . & & NIES ¢ RHRYE 40 po (2R, 1—1)) AL BT,
Ty ~ pe(i'ff(l:(t—l)): (15.6)

b Ry, o1y = B, o1 ARITE £ — 135 AR BRI RT G0 51

» ARG T KT AER—ANLIRKEN 5] A TELZIFENL, @7 45KE
— ANHFZRAG T "<eos>" REAT I AL R ﬁ:w)llﬁ?lﬁ v@r/\/’ 5K A0 4
BAR e EF 5 “<eos>" o AEMIXET, —BAERTHFT “<eos> , Pk
AR AL AE
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Teacher Forcing At % (Exposure Bias)




» word-level supervision -> sentence-level supervision

» GAN
> IBAL 3]

b IR )N P S B AR e R KR R B 2 ST
» Schedule Sampling
» DAD

» Protessor Forcing
» 3 B = AR
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Schedule Sampling

» Gently Change the training from using the true previous token to
the generated token

(1) ... ——» h(t-1) hity >
f t
X &) &

sampled y(t-2)  true y(t-2) true y(t-1)

Scheduled Sampling for Sequence Prediction with Recurrent Neural Networks, NIPS 2015
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Professor Forcing

Teacher
Forcing

=R
........ |
I 1 l
R Yo o
............... - - Distributions of -
Share - hidden states are : o
arameters : forced to be close : | Discriminator
P - to each other by -
"""""""" r T PTG Dbcimioafor © |
I Eanm | 4 +
........ >| |
- —=1lxJ
Free
Running
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Prlreal] =0.05
i .. A
Discriminator
Co » C I P (- I O - Cy
hU ’ hl > hg p h-3 > }14
A A A not differentiable
Generator
p- C' » C> > - Cy
- » 1 » 5 » /4
P )y
z~U(0,1)°

Gumbel-softmax distribution
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» A% JH 1240 5 3)

state

reward

Rr+1

’_l Agent

7

r+1

\

Environment ]4—

»9 .
action Real World i
A:

G Generate i

+ Train

G

State

A st M 4, CCL 2019

Next MC
action search D
Reward
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Reward
T Reward
|
Policy Gradient
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GAN VS IRL

» GANJE ST A B8 89 TR B
» B R
> A A 33
» 17 5] 52452 3] (Inverse Reinforcement Learning)

Environment
Model (MDP)
Inverse Reinforceme nt Optimal
Reward
FunctionR(s) [<——  Leamin OfRL) policy
R that explains ' Expert Trajectories
xperttrajectories ar Ags
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. Real
Sampled Texts

‘ Training Set

Get Reward from Train Set and Generated sentences

Reward " “Update Reward
Approximator - Approximator -
. S '
_~ Update Text
l . Generator |
‘ Text ‘ | Generated

Generator l ~ Sampled Texts

Use Reward to improve Generator

Toward Diverse Text Generation with Inverse Reinforcement Learning,

(JCAI 2018 A st R %, CCL 2019 77



IR R B HE A RE

» A soft data distribution assumption

» Max-entropy RL
» It seeks for multimodal policy distribution.

4" '?T(Elf |Sf} = JV(}J’-{S( )‘ E)

A III || A
I|I I'| Q(Sr_.af_) Q(Shai}
ﬂ ?T(atls%)ip Qfse, ar)
\/ K< W. >
» GAN: KL(qo (D) ||Paata)

» IRL: KL (QQ(T) | |P¢(T))

» Since Py, (7) never equals to zero due to its assumption, IRL can alleviate the model
collapse problem in GANs
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Models

COCO

IMDB

MLE

(1) A girl sitting at a table in front of medical chair.
(2) The person looks at a bus stop while talking on a
phone.

(1) If somebody that goes into a films and all the film
cuts throughout the movie.

(2) Overall, it is what to expect to be she made the point
where she came later.

SeqGAN

(1) A man holding a tennis racket on a tennis court.
(2) A woman standing on a beach next to the ocean.

(1) The story is modeled after the old classic "B” science
fiction movies we hate to love, but do.

(2) This does not star Kurt Russell, but rather allows him
what amounts to an extended cameo.

LeakGAN

(1) A bathroom with a toilet , window , and white sink.
(2) A man in a cowboy hat is milking a black cow.

(1) T was surprised to hear that he put up his own money
to make this movie for the first time.

(2) It was nice to see a sci-fi movie with a story in which
you didn’t know what was going to happen next.

IRL
(This work)

(1) A woman is standing underneath a kite on the sand.
(2) A dog owner walks on the beach holding surfboards.

(1) Need for Speed is a great movie with a very enjoyable
storyline and a very talented cast.

(2) The effects are nothing spectacular, but are still above
what you would expect, all things considered.
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Text Style Transfer

everything is fresh and so delicious o

I
= |
@ X 5 Encoder ¥ z B Generator > X

everything was so stale .

i

Discriminators

Toward Controlled Generation of Text, ICML 2017
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Style Transformer

ﬁsel of
== TS messemms---—-----
¥
X > Encoder —>{ Zz —>| Decoder f ( 1" ) .
S S
(a) Disentangled Style Transfer ¥
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Style Transformer: Unpaired Text Style Transfer without Disentangled Latent
Representation, ACL. 2019 . .
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negative to positive

Input
DAR
CtrlGen
Ours
Human

the food ’
the food ’
the food ’
the food ’
the food i

s ok , the service is among the worst i have encountered .

s ok , the service is among great and service among .

s ok , the service is among the randy i have encountered .

s delicious , the service is among the best i have encountered .

s good , and the service is one of the best i 've ever encountered .

Input
DAR
CtrlGen
Ours
Human

this is the worst walmart neighborhood market out of any of them .
walmart market is one of my favorite places in any neighborhood out of them .
fantastic is the randy go neighborhood market out of any of them .

this is the
this is the

best walmart neighborhood market out of any of them .
best walmart out of all of them .

Input
DAR
CtrlGen
Ours
Human

always ru

de in their tone and always have shitty customer service !

i always enjoy going in always their kristen and always have shitty customer service !
always good in their tone and always have shitty customer service !
always nice in their tone and always have provides customer service !

such nice

customer service , they listen to anyones concerns and assist them with it .
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positive to negative

Input everything is fresh and so delicious !

DAR small impression was ok , but lacking i have piss stuffing night .
CtrlGen everything is disgrace and so bland !

Ours everything is overcooked and so cold !
Human everything was so stale .

Input these two women are professionals .
DAR these two scam women are professionals .
CtrlGen shame two women are unimpressive .
Ours these two women are amateur .
Human these two women are not professionals .

Input fantastic place to see a show as every seat is a great seat !
DAR there is no reason to see a show as every seat seat !

CtrlGen unsafe place to embarrassing lazy run as every seat is lazy disappointment seat !
Ours disgusting place to see a show as every seat is a terrible seat !

Human terrible place to see a show as every seat is a horrible seat !
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