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Generative Modeling

Unsupervised learning

N
m Capture real distribution of data
m Learn hidden representations

N

Generate new samples
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Deep Generative Models
= S
m Generative adversarial networks
m Variational auto-encoder, Auto-regressive networks, ...
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(Goodfellow et al., 2014; Kingma et al., 2013)
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Generative Adversarial Networks
-__

min max £(D, G) = Eonpy.a (@) [108(D(2))] + Exnp(z) [1 — 1og(D(G(2)))],

m Global optimum at: p; = Pagta

m 7z encodes all the information, e.g. object, background, style...
m Generator 1s not controllable

Z_p x_p_tilde

(latent space)

(Goodfellow et al., 2014)
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Conditional Generative Modeling

" -

m condition y + random noise z = sample x

m Semi-supervised setting

m How to guarantee the controllability of generator?

1 Disentangle the semantics of our interest and other variations
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Disentangled hidden representations

m Split z of original GAN 1into two parts:
y: represents generative conditions
z: represents other variations

m Consider two parts separately:

Dedicated inference models C and I

2019/10/16 Deng Zhijie Tsinghua University 7




Models for understanding y and z

ny
Learn from a small set of labeled data by MLE

Reconstruct generation conditions from generated samples

Reconstruct random noises from generated samples

I(x) C(x)
G(y,z) Gy, 2)
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Collaborative games

= A
[ | Iéll(!’}l 72_v = _]E(x,y)n«p(x,y)[logpc(y|x)] - ]E(x,y)fupg(x,y)[log pc(.)"|x)]
P(y|G(y,21)), pc(y|G(y, 22))

Implies: I(I:].i(I;I]EyNPU)
] Iili;nﬂz = —Ex,2)~p.(x,2)[10g Pi(z|x)]

[mplies: minE..,)[pi(z|G(y1, 2)), pilz| G2 )]} Yy, 32 ~ pOY)
m Drive the information encoded by y and z to be

disentangled

Ia VZIs )~ p(Z)

m Guarantee the controllability of generator

I(x) C(x)
G(y, 2) Gy, 2)
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Models for estimating real distribution

m p(x,y, z): complicated; z 1s not visible
m Model p(x, y) and p(x, z) respectively
Draw inspiration from ALI and TripleGAN

Adversarial training avoids distributing the probability mass
diffusely over data space
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Adversarial games

--_
u I}lgllggx-ﬂxz =Er-pix) [log(Dy,(x, I(x)))] +Ez~p(z),y~p(y)[10g(1 D.,(G(y,z),2))]
O ménrgma:cﬁmy = E(a.y)~p(e,y) 108(Day (€, Y))] + Eynp(y) znp(z)[108(1 — Doy (G(y, 2), 9))]

B p.(x,z) = pi(x,z) and pg(x,y) = p(x,y)
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Theoretical Guarantees
= S

Theorem 3.1 The global minimum of maxp__ L. is achieved if and only if p(m)pz(zkv) =
p(2)py(x|z). At that point D, = 3. Similarly, ‘the global minimum of maxp,_  Lqy is achieved if

and only if p(x,y) = p(y)p, (z|y) At that point D, = = 7.

Theorem 3.2 There exists a generator G*(y, z) of which the conditional distributions p,(x|y) and
py(x|z) can both achieve equilibrium in their own minimax games L, and L.
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(Goodfellow et al., 2014)
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Theoretical Guarantees

Theorem 3.3 Minimizing R, w.rt. I will keep the equilibrium of the adversarial game L.,.,. Sim-
ilarly, minimizing R, w.rt. C will keep the equilibrium of the adversarial game L, unchanged.

Proof: Rz = KL(pg(e, 2)||pi(e, 2) —E(z,2)~p, (a,2) log ELZE]

p(z
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Discussion

[ | Iéllél Ry = _E(x,y)~p{x,y)[logpc(y|x)] - ]E(x,y}f-pg(_x,y)[log pc-(ylx)]

Ry helps p; (x, y) to approach p(x, y)
Ry is suitable for semi-supervised learning

m Use pairs generated by C in Ly,

Labeled data 1s lacking and may be biased

m SGAN is a combination of MLE-based methods and GAN-
based methods
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Algorithm
= S

Algorithm 1 Training Structured Generative Adversarial Networks (SGAN).
1: Pretrain C by minimizing the first term of Eq. 4 w.r.t. C using X;.

2: repeat

: Sample a batch of x: @, ~ p(x).

3
4:  Sample batches of pairs (z, y): (z1,y1) ~ p(2,y), (€4, Yg) ~ Pg(x, Y), (Tc, Ye) ~ pe(z,Y).

5 Obtain a batch (&, Y. ) by mixing data from (&1, 1), (24, Y ), (., Y.) with proper mixing portion.
6 fork=1— Kdo

7: Train D, by maximizing the first term of £, using @, and the second using x,.

8: Train D.,, by maximizing the first term of L, using (.., ¥ ) and the second using (z,, ¥, ).
0: end for

10 Train I by minimizing Le- using @« and Rz using .

11 Train C by minimizing R,, using (2., Y ) (see text).

12 Train G by minimizing L. + Loz + Ry + R using (2,4, y,).

13: until convergence.
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Related work: ALI

m Adversarially Learned Inference
minmax L(D, G, I) = E;.,,,,.x)[108(D(x, I(x)))]+E, . ;) [1-10g(D(G(z), 2))]

G D
2~q(z|=) z ~ p(2)
C @2 (o &3 8
x ~ g{x) z ~plz| z)
(Dumoulin et al., 2016)
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Related work: TripleGAN

" «S——

m Three-player game:

] m(-_}nmgx L(D’ G, C) = Ex,y~pdam(x),y [log(D(JC, y))]

+ (1 = @)Ez-pa)y~pi)[1 —10g(D(G(z, y), y))]

+ a]Ex~p(x),y~pCU|x)[1 - log(D(xs J’))]

(Xp¥ ) =)

Xc~ ”n
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(Li et al., 2017)
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Evaluate controllability of generator

m Use a golden classifier to test the (x,y) pairs generated by
different conditional generator

# labeled samples
Model =20 Tn=50 | n =100
CVAE-semi | 33.05 10.72 5.66
TripleGAN 3.06 1.80 1.29
SGAN 1.68 1.23 0.93

Table 1: Errors (%) of generated samples classified by a
classifier with 0.56% test error.
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Semi-supervised classification

- S
MNIST SVEN CIFAR-10
Method n =20 n=50  n=100 | n=1000 | n=4000
Ladder [22] : : 0.89(20.50) : 20.400.47)
VAE [12] - - 333(20.14) | 36.02(20.10) -
CatGAN [28] - - 1.39(0.28) - 19.58(£0.58)
ALI [5] - - - 73 183
ImprovedGAN [27] | 1677(1452) 221(x136) 093 (£007) | 8.11(£13) | 18.63(£2.32)
TripleGAN [15] | 540(£6.53) 159(+0.69) 092(+058) | 5.83(£020) | 18.82(+£0.32)
SGAN 40(24.14)  129(2047) 089(:011) | 5.73(20.12) | 17.26(20.69)

Table 2: Comparisons of semi-supervised classification errors (%) on MNIST, SVHN and CIFAR-10 test sets.

2019/10/16 Deng Zhijie Tsinghua University

-t



Conditional generation
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Conditional generation
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Ablation study
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Visual quality
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Visual quality

B inception score: 6.91(F0.07)
TripleGAN: 5.08(%0.09)
Improved-GAN without MD: 3.87(%0.03)
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Image progression
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Conclusion

I
m SGAN

2019/10/16

Two collaborative games and two adversarial games
Mutual bootstrapping trick to improve C and G

Disentangled representations and more controllable
generator

Good performance on a spectrum of downstream
applications
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Thanks!
=
m Questions?
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