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Outline

* SeqGAN

* BGAN: Boundary Seeking Generative Adversarial Networks
* MaskGAN

* BEGAN



SegGAN: Sequence Generative Adversarial

Nets with Policy Gradient

e Lantao Yu, Weinan Zhang, Jun Wang, Yong Yu

e Shanghai Jiaotong University



SeqGAN: Policy gradient + MC search
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Policy Gradient

Figure I: The illustration of SeqGAN. Left: D is trained over
the real data and the generated data by . Right: & is trained
by policy gradient where the final reward signal 1s provided
by D and is passed back to the intermediate action value via
Monte Carlo search.



SeqGAN: Notations

* Generator Gy, Discriminator D

* Goal: Generate token sequenceY;.; = (y1..V7),V: €Y

* In time step t, state s is preceding tokens y,..y;_4, and action a is the
next token y;

* Policy: Gg(v¢|Y;.:—1) is a stochastic policy over all possible tokens
* GAN loss: L(0,¢) = —Ey..p, . [log D(Y)] — Ey.p,[log(1 = D(Y))]
* For the generator in training, lossis L,(6) = —Eyp,[logD (V)]



Problem: No way to train the generator

1 dD(Y)
D(Y) aY

* However, for discrete Y, there’sno Vg Y

* What we want: Vg logD (Y) = VoY

* Unable to train the generator directly



In the RL view

Suppose Q% (s, a) is the value function, that is, the expected
accumulative reward start from state s taking policy Gg.

J(0) = E[Rr|sg, 0] = z Gg(V1]50) ng; (S0, Y1)
YVi€y
We have:
G
QDZ Yir—1,y7) = Dcp (Y1.7)

The whole process only get reward at the end of the process. Q%0 (s, a)



Monte Carlo Tree Search

Use N-time Monte Carlo Tree Search:
{Yll:T' oy Y11YT} = M(C%® (Y15 N)

We have: .

N
1
G — » Dy (V%) Yh € MCOB(Yy; N) fort < T
QDZ(Yl:t—l:yt)=<NnZl N1/ LT (Y1.c; N)

k Dy(Yy.e) fort =T



Policy Gradient
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Algorithm

Algorithm 1 Sequence Generative Adversarial Nets
Require: generator policy Gg; roll-out policy GG3; discriminator
D,; a sequence dataset S = { X;.7}

1: Initialize G, D, with random weights 6, ¢.

2: Pre-train Gy using MLE on §

3: B+ 0
4: Generate negative samples using Gy for training D,
5: Pre-train Dy via minimizing the cross entropy
6
7
8

. repeat
for g-steps do
; Generate a sequence Yi.7 = (y1,...,yr) ~ Gp
9: fortinl: 7T do
10: Compute Q(a = yi; s = Y1.4-1) by Eq. (4)
11: end for
12: Update generator parameters via policy gradient Eq. (8)
13:  end for
14:  for d-steps do
15: Use current GGy to generate negative examples and com-
bine with given positive examples S

16: Train discriminator D, for k epochs by Eq. (5)
17:  end for
18: B+ 0

19: until SeqGAN converges




Detall

* Generator: RNN
e Dsicriminator: CharCNN

e Result:

Table 2: Chinese poem generation performance comparison

Algorithm | Human score | p-value | BLEU-2 | p-value

MLE 04165 0.6670 i
SeqGAN | 05356 | V% | g7389 | <10

Real data 0.6011 0.746




Boundary Seeking Generative Adversarial Network

R Devon Hjelm, Athul Paul Jacob, Yoshua Bengio

e Use f-GAN formula
* Introduce importance sampling for discrete case



f-divergence family

* f-divergence family:

D4 (P||Q) = /X a(a)f (22

*f:R, - R, f(1)=0

dz,

Name D¢(P|Q) Generator f(u) T*(x)
Kullback-Leibler [ p(a ) log 255 pz) ) dz ulogu 1 + log 553
Reverse KL [ q(z)log Z(I) dz —logu ZE;;
Pearson x2 f (Q(I)p(f)(r))- dx (u— 1)2 2(553 1)
2

Squared Hellinger p(z) — q(x)) dz u—1 plx) a(z)

q g : ‘ q(z) p(z)
Jensen-Shannon 3 fp log #ﬁ(r) + q(z) log #ﬂz)@ dx —(u+1)log 3% + ulogu  log p(j;’fq)(m)

GAN

2p(x) 2q(x)
f (z) log @+e@ T q(z) log p(z)+q(x) dz —

p(x)
log Zyra@




Variational analysis on f-divergence

e Conjugate function (Convex)

fr#®) = sup {ut—f()}

uedomsy
* Dr(P]1Q) = [, q(x) Sup {tﬁ_f (t)}dx
te Omf*
. > sup(fp(x) T(x)dx — | qQo)f*(T(x))dx)
. = ?‘g?(EP[T(X)] Eolf7(T(xX))])

 Which is a lower bound of the distribution difference
* The boundis tight if T can be any function

p ( ) Name Ds(P| 2) Generator f(u) T*(x)
e Optimal T*(x if f has value g o i
) ) Reverse KL Jq ( ) log u ;"'(::
q x Pearson x> [ ” d u—1)2 2 Z::: 1
Squared Hellinger ] (\/ ( u—1)° et
Jensen-Shannon r [ p(z)lo + q(z)log % dx




GAN setting

e T: Discriminator

Theorem 1. Let f be a convex function and T™ € ‘T a function that satisfies the supremum in
Equation 4 in the non-parametrzc limit. Let us assume that P and Qg(x) are absolutely continuous
w.r.t. a meas ; o Wil

sities, p(x) and qg(x). Then the target density function, p(x),
is equal 1&L0 */8T)(T*( )) o(x).

Proof. Following the definition of the f-divergence and the convex conjugate, we have:

) e =

As f* is convex, there is an absolute maximum when —)%(t) = %. Rephrasing ¢ as a function,

T'(x), and by the definition of 7*(x), we arrive at the desired result. [




Importance weight estimator

In practice(not optimal case), the estimation may be biased

¢ Letw*(x) = f() pE;
* Let f = Ej [W(x)]
e px) = %q(x) is an estimator of p(x)

May be biased, butthe biasonlydepends on thetightness of Variational lower bound



Discrete..

* In discrete case, we don’t have V,.D(x)
* But now we can use this importance sampling:

w(x)

I5}

V(;DKL (15(.’1?)”(19) — _EQQ V@ log qe(:r) .

* This gradient equation allow us to train
* Estimating [ has a high variance



Decrease variance

Lower-variance policy gradient Let go(x) = [, go(2 | 2)h(2)dz be a probability density func-

tion with a conditional density, gg(z | 2) : Z — [0,1]¢ (e.g., a multivariate Bernoulli distribution),
and prior over z, h(z). Let a(z) = Eg, (z2)[w(z)] = [, go(z | z)w(z)dx be a partition function

over the conditional distribution. Let us define p(z | z) = % go(x | z) as the (normalized)

conditional distribution weighted by % The expected conditional KL-divergence over h(z) is:

En(sy[Dxcz (3(z | )llg0(z | 2))] = /Z h(2)Dkr (3(z | 2)llgo(z | 2)) dz ©)

w(m(nl) )
> w(z(mD)
mate of the normalized importance weights. The gradient of the expected conditional KL-divergence

w.r.t. the generator parameters, ¢, becomes:

be a Monte-Carlo esti-

Let 2(™) ~ gg(x | z) be samples from the prior and @ (z("™)) =

VoEn() [Prr (p(z | 2)|lge(z | 2))] = —En(z)

Zzb(:z:(m))VQ loggg(x(m) | 2) |, (10)

where we have approximated the expectation using the Monte-Carlo estimate.



Algorithm

Algorithm 1 . Discrete Boundary Seeking GANs
(0, ¢) « initialize the parameters of the generator and statistic network

repeat
() ~ P > Draw N samples from the empirical distribution
(") ~ h(2) > Draw N samples from the prior distribution
(M)~ gg(x | 2(M) > Draw M samples from each conditional gg(x | 2(™)) (drawn

independently if P and Q are multi-variate)

w(x™MY) « (9f*/0T) o (v o Fy(xmI™))

(2™« w (@) /3 w(x(™ ") > Compute the un-normalized and normalized
importance weights (applied uniformly if [P and Qg are multi-variate)

V(P,Qo,Ty) < ~ >, Fo( (2(™) — g Do w(min)) > Estimate the variational
lower-bound
O ¢+ vdVd,V(]P’ Qo, Ty) > Optimize the discriminator parameters

0 < 0+v5% Zn (™)) Vg log go(x™™) | 2) > Optimize the generator parameters
until convergence




REINFORCE

e Can revise previous policy gradient equation using REINFORCE

AlrAavitlh rma.

“ Definition 2.4 (REINFORCE-based BGAN). Let T}, (x) be defined as above where
df* /0T (Ty(x)) = ef+(*)_ Consider the gradient of the reversed KL-divergence:

VoDkr (99]|p) = —Ep(z) Z(log 11.;(:1;("”)) —log B+ 1)Vylog gg(rz:("’) | z)]

| ™

= —Enes) | Y _(Fs(x) — b)Vglog go(z™ | Z)] (11)

| m



MaskGAN: Better Text Generation via Filling in
the

William Fedus, lan Goodfellow, Andrew M. Dai

* Task: Fill in the missing token
* Use Seq2seq generator
* Use Actor-critic



Motivation

* MLE method: Good perplexity, bad quality
* Tend to generate same word
 GAN -> More flexible, but not working directly

 Use filling the blank task to show this works better than traditional
method



Actor-Critic

batch actor-critic algorithm:

= 1. sample {s;,a;} from my(als) (run it on the robot)
2. fit V”ﬁ (s) to sampled reward sums
3. evaluate A™(s;,a;) = r(s;,a;) + Vi(s;) — Vi(si)
4. VoJ(0) = >, Vologmp(a;|s;)A™(s;,a;)

5. 004+ aVyJ(0)




GAN

* Reward: log of discriminator output
* Training: REINFORCE

VoEq [Rt] — (Rt — bt)VG log GQ(."]?t)

* Critic b,



Result

the next day ’s show <eos> interactive telephone technology has

round Truth . . .
G taken a new leap in <unk> and television programmers are
the next day ’s show <eos> interactive telephone technology has taken
MaskGAN L ) :
a new leap in its retail business <eos> a
the next day ’s show <eos> interactive telephone technology has taken
MaskMLE y 'S show <€os> P gy has

a new leap in the complicate case of the




BEGAN: Boundary Equilibrium Generative

Adversarial Networks
David Berthelot, Thomas Schumm, Luke Metz, Google 2017

* Use autoencoder as discriminator
e Use a new loss function (on a new target)
e Use a new GAN objective function: Boundary Equilibrium



Network

* Generator = Encoder

* Discriminator = Encoder + Decoder

|  Embedding (h) | Input Image,
h0 = Fully Connected (h, 8*8*n) ------vrmmmmmmmme oo

. 32x32x3
2 Convolution, w=(3,3) d=(3, n)  ----- A
Convolution, w=(3,3) d=(n, n) X - .
: - - 8 o Convolution, w=(3,3) d=(n, n)
Convolution, w=(3,3) d=(n, n) . = Convolution; Ww=(3.3) d=(n. 2n) 32x32xn
NN Upsampling (2,2) -------sseeemmmmmmmmmnmmmoomnnnnnen oo onneeeaed Reeeeeeae Subsampling (2,2) ------------xesnmmmmmoo fori e aaae
o
Convolution, w=(3,3) d=(2n, n) 16 x T : _ _
kI - Convolution, w=(3,3) d=(2n, 2n) 16 x
Convolution, w=(3,3) d=(n, n) fex 3 Convolution, w=(3.3) d=(2n, 3n) 16
NN Upsampling (2,2) -----=========ceecsccmecccacacacncnancaao---- - SEEEEEEEE RS
Optional skip Subsampling (2,2) --------e-ememeeeea s - SRR——
connections for s
Convolution, w=(3,3) d=(2n, n) more sharpness ' .
Convolution, w=(3,3) d=(n, n) 32x32xn Convolution, w=(3,3) d=(3n, 3n) 8
Convolutiong w=(3,3) d=(3n, 3n) ;
Convolution, w(3,3) d=(n,3)--------=--cmmmmmro oo n

Fully connected (8*8*3n, h) ------c oo T

ETEIEN | Embedding (h) |
(a) Generator/Decoder (b) Encoder




Target: Sampte Autoencoder Loss

e Minimize the Wasserstein distance between the autoencoder loss
distribution instead of sambple distribution:

We first introduce £ : R™V= — R*the loss for training a pixel-wise autoencoder as:

D : RN+ s R¥=  is the autoencoder function.
L(v) = |v — D(v)|" where < n € {1,2} is the target norm.
v € RN= is a sample of dimension N,..

Let 111 o be two distributions of auto-encoder losses, let I'(j1, p2) be the set all of couplings of i1
and p9, and let m o € R be their respective means. The Wasserstein distance can be expressed as:

Wi (g, p2) = A,feI‘i(ﬁf.m)E(II’IQ)NWHM — T3]

Using Jensen’s inequality, we can derive a lower bound to W7 (1, p2):

inf E[|z; — x2|] > inf |[E[z; — 23]| = [m1 — ma] (1)



Training of GAN

* m1: loss of real data
 Discriminator goal:

Wi(pa, p2) = mo —my
my — 0
My — 00



Total objective: Use control theory to
maintain equilibrium

Lp=L(x)— k. L(G(zDp)) for 6p
Lo =L(G(zq)) for 0
kii1 =k + Ae(vL(x) — L(G(2¢))) for each training step ¢

* ¥ is defined a<




Plug & Play Generative Networks: Conditional Iterative Generation of Images in
latent space

Summary: Propose a type of generators: PPGN, which use GAN and a
classifier together to generate better samples

N
€/ PPGN-h
N/ Image classifier

classes

j"*@”*Dé



Previous work: DGN-AM

Optimize to find which h can highly activates
a neuron in classifier C (i.e., activation
maximization)

Such G can be transfered to other C, to
produce other valid results

Issue: The images are too similar due to the
activation maximization

— &

classes



ldea: Build a probabilistic framework for activation maximization

Sampling from a joint model (x:input,
y:target label) can be split into two parts

p(a,y) = p(x)p(ylr) ”_’@ D‘%

classes

Suppose we want to generate sample for
class y.

p(x): Generate good image

p(y=y.|x): Classified to be a certain class



Metropolis Hastings

For a distribution p(x), if we want to estimate it without an IID sampler, we
need MCMC methods for sampling

N 1. 2y =2+ N(0,62) X) is a simple Gaussian
N

2. a=p(rir)/pleg)

3. 1if o < 1, reject sample ;1 with probability 1 — « by
setting r¢4+1 = ¢, else keep w41

In theory, it will produce samples for any computable p(x)



MALA(Metropolis-adjusted Langevin Algorithm)

Problem of MH:

1. Convergeslow

2. We need p(x) to calculate alpha (Sometimes hard)

MALA is a revised algorithm:

l. 2411 = ¢ +02/2V1ogp(x) + N(0, o?)

2. a= fluwg,wprr.plresr). plag))

3. if o < 1, reject sample ¢, with probability 1 — « by
setting r¢+1 = ¢, else keep w41



MALA-Approx

Stochastic gradient Langevin dynamics can relax the requirement of exact
p(x):

Simply use a stochastic eradient descent nlus noise in the nrocess:

tey1 = x¢ + 0 /2Vlog p(we) + N(0,07)

The real equation used in these algorithm:



Back to the problem:

Tip1 = oy + €19V 1og p(aely = yo) + N(0, €3)
= r¢+e1oViog p(ay)+€12Vlog p(y = ye|xe) + N (0, 63)

Another decoupling:

dlog p(a¢) dlog p(y = yel|x¢)

.- . : N (0, €2
Oy 2 Oy (0, €3)

Lt4+1 — LtTE€E]



Connection to previous activation maximization

dlog (s dlogply = y.|xs U
/ ( { t) s & 1 (/ ./c| t) N (0. 6.5)
C).l't (_).l't o

Lt4+1 — Lt —€1

Activation Maximization with no prior: (el,e2,e3) = (0,1,0)
Gaussian prior: Use (el,e2,e3) = (lambda, 1, 0)
Hand driven prior: Add a new regularization term in the equation

Previous alogirthm doesn’t have the noise term, therefore, easy to generate
similar image



Denoising autoencoder

Use a denoising autoencoder to provide the prior

Denoising autoencoder: Add some noise in the hidden representation, try to
do the reconstruction

X3 > X3 e B =V AN
BN 24




Model |

DAE + Classifier

Use DAE to model x and produce x @) PPaNx | assier

Sampling from the whole model . _,D_ g

@ J classes

Problem: Performance is bad



DGN-AM

Use GAN to model x
Optimize to find which h can highly

activates a neuron in classifier C (i.e.,
activation maximization) ’1_‘@_’ * _‘D‘

classes



DGN-AM

4 CNNs:

1) a fixed encoder network E to be
inverted

2) a generator networkG

3 ixed “comparator” network C

a discriminator D

G is trained to invert a feature
representation extracted by the network
E. Satisfy 3 objectives:

1. Fora feature vector E(xi), the
synthesized image G(yly has to be close to
the original image xi 2. The features of the
outputimage CFG(VI)) have to be close to
those of the real image C

3. D should be unable to dlstlngwsh G(yi)
from real images.

(5] - _Dg

classes

Code Image
o : Forward and backward passes
.,__..B\_-- 'F’""'f\{""""' === candle
&t :-——% -------- T—- ‘ % l’ = banana
'C1 ' == convertible
fc6 upconvolutional convolutional = H fc8
; fce fc7
Deep generator network r
(prior) DNN being visualized



PPGN-h

Use GAN + DAE

DAE: Produce better prior for sampling (©) PPGN-h

Image classifier

- [
m classes



Joint PPGN-h

Use multiple DAEs, for a better

reconstruction of the prior
@ Joint PPGN-h Image classifier

h+mn —~x+r;—.

classes
—h; +7




Noiseless Joint PPGN-h

Doesn’t use noise, get better

. . @ Noiseless joint PPGN-h Image classifier
performance in practice...

‘ :I :] | classes




lmage captions

Can be used generate image by
Image captions

Image-captioning network

a redcar END
features IE‘E
|_|E] @J START a red car

Sampling conditioning on captions

1

—1




Experiment result

=

'
1

residential area cottage garden

banquet hall canyon restaurant

Figure 4: Images synthesized conditioned on MIT Places
[65] classes instead of ImageNet classes.

a red car parked on the side of a road a blue car parked on the side of a road

B vy
; Ly

oranges on a table next to a liquor bottle

AT e

a pile of oranges sitting in a wooden crate

Figure 5: Images synthesized to match a text description.
A PPGN containing the image captioning model from [¥]
can generate reasonable images that differ based on user-
provided captions (e.g. red car vs. blue car, oranges vs.
a pile of oranges). For each caption, we show 3 images
synthesized starting from random codes (more in Fig. S18).



