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Success of Deep Learning

*Discriminative Models
*backpropagation
*dropout algorithms

e Generative Models

* Less of an impact
* Intractable probabilistic computations
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Two-player minimax game

mgn max V(D,G) = Egrppu(z)log D(z)] + E.pp. () [log(1 — D(G(2)))].
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Train Generator

e Sample minibatch of m noise samples {z(1), ..., 2(™)} from noise prior Pe(2).
e Sample minibatch of m examples {x(1),..., (™)} from data generating distribution
pdala(m)-

e Update the discriminator by ascending its stochastic gradient:

VoL 3" [l (2) +10 (1- D (¢ (+9)))].
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Train Discriminator

e Sample minibatch of m noise samples {z1), ... 2("™)} from noise prior p,(2).
e Update the generator by descending its stochastic gradient:

Vo, 310 (10 (6 (<))
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Optimal Discriminator

Proposition 1. For G fixed, the optimal discriminator D is

pdata(m)
D) = Pdata(T) + pg ()
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Reformulate the minimax game

C(G) = max V(G,D)
=Eonpua 108 DG ()] + Eznp, [log(1 — DE(G(2)))]
=Eonpua 108 DG(@)] + Egnp, [log(1 — D ()]

pdata(m) ] [ pg(m) ]
=Ezrpg, [10 + Egz~p, |lO
i [ © Pyaa () + Pg (x) Pa 5 Pdata(T) + pg(m)

DPdata + P
ataz g)—l-KL(pg

= —log(4) + KL (pdata

Pdata T P g
2
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Natural Image Generation

* CGAN

* LAPGAN
* DCGAN

* GRAN

* VAEGAN
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Exposure bias in Sequence Generation

* In the inference stage, the model generates a
sequence iteratively and predicts next token
conditioned on its previously predicted ones that may
be never observed in the training data.

Training — 4:4XN P lOg Q (ZE)

Inference — “:xNQ lOg P (Zl?)
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KL[P||Q] & KL[Q]P]

JSDIP|Q] = JSDIP|Q] = —KL[ H”Q] ik [@H”Q]
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SeqGAN with Policy Gradient

G Next MC D
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Policy Gradient
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Objective Function

J(0) = E[Rr|s0,0] = ) Go(y1lso) - Qgi(s(),yl)
y1€Y

QGO (S — Yl:t—17 a = yt Ra + Z 5SS/VG9 VGG (Yl:t)
s'eS

VG (s =Y14_1) = Z Go(ye|Yi—1) - Q% (Yiie—1,yt)
Yyt €Y

VoJ(0) = Evi,i_i~Go[ D VoGo(ye|Yiu-1) - Q5 (Yiie—1,:)]
Yyt €Y
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VeJ(0)
= VoV (s0) = Vg[z Go(y1]s0) - Q9 (s0,y1)]

y1EY

= > [VoGo(wilso) - Q% (s0,91) + Go(yalso) - VaQ (s0, 1)

y1€y

= Z [VoGo(y1|so) - QGO(SO,?JI) + Go(y1]so) - v"VGo(Yl‘l)]

y1€y

= ) VoGo(yils0) - Q% (s0,31) + > Ga(yr]so)Ve[ > Go(y2]Y1:1)Q%° (Y11, y2)]

y1€Y y1€YV y2€Y

— Z VoGo(y1]s0) - Q% (so,y1) + Z Go(y1]so) Z [VoGo(y2|Yia) - Q° (Y11, y2)

y1EY y1€Y y2€Y
+ Go(y2|Y1:1) Vo Q? (Yr:1, y2)]

= > VoGo(yilso) - Q% (s0,y1) + D P(Yialso; Ge) D VoGo(y2|Yia) - Q% (Yr1,yz2)

y1€Y Y11 y2€y
+ Z P(Y1;2|50; GB)VBVGO (Y1:2)

Y1:2

Z P(Yi1:t—1|s0; Ge) Z VoGo(yt|Yi:e—1) - QGG(YI:t—l,yt)

1Yy.4-1 Yy €Y

EYI:t—l"‘GG[Z VoGo(ye|Yie—1) - QF° (Yiie—1,e)),
yt €Y

I
[M]=

t




Unbiased Estimation of the gradient

T

VeJ(0) ~ %S: Sj VoGo(yt|Yi:e—1) - Qgi (Yi:e—1,9¢) (7)

t=1 yt€y

D Ge(yt|Y1:t—1)ve log Go(yt|Y1:t—1) . Qgi (Yl:t—la yt)

1
I i= e

ERU \1~3

Eytw(}'g (ytlYl:t_l) [ve log Ge(ytlyl:t—l) : Qg‘: (Yl:t—la yt)])

N[ =

t=1
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Action Value Approximation

by (5 = Yiu-1,0 = p) = (4)
%Zg=1 Dy (Y1ir), Yiir € MC B(Yl t;N) for t<T
D¢(Y1;t) for t= T,

where Y7, = (y1, o 7yt)

1s sampled based on a roll-out policy and

n
t+1:T
current state
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Train Discriminator

m(gn _]EYdiata [lOg D¢(Y)] o ]EYNGO [log(l o Dd)(Y))]
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Synthetic data experiments

An oracle evaluation mechanism:

NLLoracle = _IEYLTNGG [Z IOg Goracle(yt |Y1:t—1)]

t=1
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Results

NLL by oracle
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Table 2: Chinese poem generation performance comparison.

Algorithm | Human score | p-value | BLEU-2 | p-value
MLE 0.4165 0.6670 —6
SeqGAN 05356 | 0003% | 7389 | <10
Real data 0.6011 0.746

Table 3: Obama political speech generation performance.

Algorithm | BLEU-3 | p-value | BLEU-4 | p-value
MLE 0.519 —6 0.416
SeqGAN | 0.556 | <10 0.427 | 000014
Table 4: Music generation performance comparison.
Algorithm | BLEU-4 | p-value | MSE | p-value
MLE 0.9210 o | 2238
SeqGAN | 0.9406 | <1077 | 29,62 | 0-00034
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Future work

e Value network
e Monte Carlo Tree Search
e Mini-batch discrimination
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