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Implicit Generative Model

e Goal: a sampler g( - ) to generate images
e A simple generator g(z; 0):
e 7~ N(0,])
e x = g(z;0) deterministic transformation
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e Likelihood-free training:
* Given a dataset from some distribution p, .,
e Goal: g(z; 0) defines a distribution, we want this distribution ~ p,_. .

e Training: minimize D(g(z; 0), Pj41,) /\/\(J((/((S W ¢ (o

e D is some distance metric (not likelihood) \AM b V
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GAN (Goodfellow et al., ‘14)

e Parameterize the discriminator D( - ; ¢) with parameter ¢

e Goal: learn ¢ such that D(x; ¢p) measures how likely x is from p, ..
¢ D()C, ¢) = lifx ~ Pdata
* D(x,¢p) =0ifx! ~ pyu,
e a.k.a., a binary classifier

e GAN: use a neural network for D( - ; ¢)

e Training: need both negative and positive samples 7<1
e Positive samples: just the training data ﬁ\(\/ -/ V>

e Negative samples: use our sampler g( - ; z) (can provide infinite samples).
O(-.) € o
e Overall objectives: ’
e Generator: * = max D(g(z;0); ¢)
0

® Discriminator uses MLE Training:
*=maxE, , [logD(x;P)]+ Ez z)llog(l — D(X; )]
¢



GAN (Goodfellow et al., ‘14)

e Generator G(z;0) where z ~ N(0,])
e Generate realistic data

e Discriminator D(x; ¢)
e Classify whether the data is real (from p,,,) or fake (from G)

e Objective function:

L, ¢) = mein max [k, , [log D(x; qb)] + k6 [log(l — D(x; ¢))]
A

e Training procedure:
e Collect dataset {(x,1)|x ~ p;,.,} U {(X,0) ~ g(z;0)}
e Train discriminator

D: L(¢) =E,.,,,, [log D(x; $)| + E;_g [log(1 — D(3; $))
e Train generator G : L(0) = E,_yo.p [108 D(G(z;0), ¢)]
e Repeat




GAN (Goodfellow et al., ‘14)

e Objective function:
L(9,¢) = minmax E,_, [log D(x;¢)| + E;.g [log(l — D(%; $))
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KL-Divergence and JSﬂDlvergence
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Math Behind GAN
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Evaluation of GAN K
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e No p(x) in GAN.
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* If X ~ DPgaser J(y | X) should have low entropy

e Otherwise, f(y | x) close to uniform.
e Samples from G should be diverse:
o pr(y) = E,. gLy | x)] close to uniform.
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Similar labels sum to give focussed distribution
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Different labels sum to give uniform distribution




Evaluation of GAN

¢ Inception Score (IS, Salimans et al. ’16)
e Use Inception V3 trained on ImageNet as f(y | x)

° IS = cXp (lExNG [KL(MH |w)]> OP
e Higher the better oug-Sa fMMQ ~ Moy

High KL divergence Medium KL divergence Low KL divergence Low KL divergence
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Ideal situation

Generated images are Generated images are Generator lacks
not distinctly one not distinctly one diversity
label label

Label distribution
Marginal distribution




Comments on GAN

e Other evaluation metrics:
e Fréchet Inception Distance (FID): Wasserstein distance between Gaussians

e Mode collapse:
e The generator only generate a few type of samples.
e Or keep oscillating over a few modes.

e Training instability:
e Discriminator and generator may keep oscillating
e Example: —xy, generator X, discriminatory. NE: x = y = 0 but GD oscillates.
e No stopping criteria.
e Use Wsserstein GAN (Arjovsky et al. ’17):

min max_ B, 0] = Eop /)]

e And need many other tricks...
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e Auto-encoder:x = 7 = Xx
e Encoder: g(z|x;¢) : x = 2
e Decoder: p(x|z;0) : 7 — x

vl

e |somorphic Gaussian: b

q(z|x; ¢) = N(u(x; ¢), diag(exp(c(x; ¢))))

e Gaussian prior: p(z) N(O,I)

e Gaussian likelihood: p(x|z;0) ~ N(f(z;0),1)
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e Probabilistic model interpretation: latent variable
model.

= K

X

e~N(O, D)‘A-)

T

f(z 6)

w Decoder

|

—

Sample z

IV (z; u(x), 2(x))

1

]

\

U Net

Y Net

Neural Net

I

X

s Encode




VAE Training

e Training via optimizing ELBO

4ud (el ffvow V! T )

« L(¢p,0;%) = . pgpllog p(z| x;0)] — KL (q(z| x; ) | | p(2))

e Likelihood term + KL penalty

e KL penalty for Gaussians has closed form.
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e Likelihood term (reconstruction loss):
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e Monte-Carlo estimation ﬁ;\ 2P I
e Draw samples from g(z | x; @) / (2 0)
e Compute gradient of &: ,
o x ~ N(f(z;0);1) No gradient! HEEE) | Sample z
1 1 '
, P = exp(——=Ilx — f(z; D)3 V(@ ), 2(x))
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VAE Training

e Likelihood term (reconstruction Ioss):
e Gradient for ¢ . Loss: L(¢p) = E. iz [logp(x | z)]

e Repar terization trick:
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e End-to-end training
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VAE vs. AE

e AE: classical unsupervised representation learning method.
e VVAR: a probabilistic model of AE

e AE + Gaussian noise on Z

e KL penalty: L, constraint on the latent vector z
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Conditioned VAE

e Semi-supervised learning: some labels are also available

conditioned generation



Comments on VAE

e Pros:
e Flexible architecture
e Stable training

e Cons:
* |Inaccurate probability evaluation (approximate inference)
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