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Recap - GAN Training Algorithm

• Sample minibatch of m noise vectors z(1), z(2), . . . , z(m) from pZ
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Beyond KL and Jensen-Shannon Lecture #17



f - Divergences Lecture #17
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α - divergence: Mode covering vs 
mode seeking Lecture #18
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f - GAN: Variational Divergence 
Minimization
• To use f -divergences as a two-sample test objective for likelihood-free learning,

we need to be able to estimate it only via samples.

• Fenchel conjugate: For any function f(·), its convex conjugate is defined as:

f∗(t) = sup
u∈domf

(ut− f(u)).
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f - GAN: Variational Divergence 
Minimization

Df (p||q) = sup
T

∫
X

[T (x)p(x)− f∗ (T (x)) q(x)] dx

≥ sup
T∈T

∫
X

(T (x)p(x)− f∗ (T (x)) q(x)) dx

= sup
T∈T

(Ex∼p[T (x)]− Ex∼q[f
∗(T (x))]) ,

where T = {T : X → R} is an arbitrary class of functions.
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Wasserstein GAN: 
Beyond f-Divergences Lecture #18

HY-673

Lecture #17



Wasserstein  (Earth-Mover) 
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Wasserstein  GAN (WGAN) Lecture #17



Wasserstein  GAN (WGAN) Lecture #17



Inferring Latent Representations in 
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Bidirectional Generative Adversarial 
Networks (BiGANs) Lecture #17
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Translating Across Domains Lecture #17



CycleGAN: Adversarial Training 
Across Two Domains
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CycleGAN: Cycle Consistency Across 
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CycleGAN in Practice Lecture #17



AlignFlow (Grover et al.) Lecture #17



StarGAN (Choi et al.) Lecture #17
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Summary of GANs Lecture #17
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