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Deep Generative Models

Deep generative models are the most exciting area in deep/machine learning, AI…

Models can even generate the reflection in the puddle!
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Deep Generative Models

Deep generative models are the most exciting area in deep/machine learning, AI…

We have learned deep generative models like deep auto-regressive models (e.g., GPT 
series) and variational auto-encoders (VAEs).

They are trained to maximize the log likelihood of observed data (e.g., next tokens) or 
its lower bound (ELBO).

Is the likelihood the only good objective in learning deep generative models?

No, we have adversarial learning, score matching / denoising diffusion, moment 
matching, and so on.

The beauty of deep generative models is all models are wrong, but many are useful!

Image Credit: Midjourney V5
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Overview

Generative Adversarial Networks (GANs) [1]

Image Credit: [2]
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Minimax Loss

GANs [1] : Two neural networks (generator and discriminator) contest with each other in the form of a 
zero-sum game, where one agent's gain is another agent's loss.

Learning:

Image Credit: [2]
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Properties of GANs

Generative Adversarial Networks (GANs) [1]

1. Fix generator, the optimal discriminator is
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Properties of GANs

Generative Adversarial Networks (GANs) [1]

1. Fix generator, the optimal discriminator is

Why?

Set the gradient of loss w.r.t. D to be zero
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Law Of The Unconscious 
Statistician (LOTUS)
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Properties of GANs

Generative Adversarial Networks (GANs) [1]
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Properties of GANs

Generative Adversarial Networks (GANs) [1]

2. The global minimum of                 is achieved iff. 

Why?
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Properties of GANs

Generative Adversarial Networks (GANs) [1]

2. The global minimum of                 is achieved iff. 

Why?

Jensen–Shannon divergence is non-negative and is zero iff. P = Q
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Architecture

Deep Convolutional Generative Adversarial Network (DCGANs) [3] : using CNNs as both Generator and 
Discriminator.

Image Credit: [2]

Generator



Demo of GANs

Image Credit: [2]

Samples from generator during training on SVHNs (left) and MNIST (right)
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Challenges in Training GANs

Two common problems in training GANs are: training instability

Image Credit: [4]

Convergence Failure: e.g., caused by imbalance 
training of generator and discriminator



Challenges in Training GANs

Two common problems in training GANs are: training instability and mode collapse

Convergence Failure: e.g., caused by imbalance 
training of generator and discriminator

Mode Collapse: generating samples 
that are very similar or even identical

Image Credit: [4]
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Wasserstein GANs
Earth Mover Distance / Wasserstein Metric:
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Wasserstein GANs
Earth Mover Distance / Wasserstein Metric:
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Earth Mover Distance / Wasserstein Metric:

Wasserstein distance (using Kantorovich-Rubinstein duality):

Wasserstein GANs
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Earth Mover Distance / Wasserstein Metric:

Wasserstein distance (using Kantorovich-Rubinstein duality):

Wasserstein-GAN [6] proposes a unified objective:

Learn Discriminator via

Learn Generator via

Wasserstein GANs
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Earth Mover Distance / Wasserstein Metric:

Wasserstein distance (using Kantorovich-Rubinstein duality):

Wasserstein-GAN [6] proposes a unified objective:

Learn Discriminator via

Learn Generator via

To enforce Lipschitz condition, one can clip weights [6], add gradient penalty (WGAN-GP) [7], 
and use spectral normalization [8]

Wasserstein GANs
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Wasserstein GANs

Image Credit: [7]
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Progressive GANs

Image Credit: [9]



Progressive GANs

Image Credit: [9]
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Cycle GANs

Image Credit: [12]

Cycle-Consistent Generative Adversarial Networks [10] learn the image-to-image translation without a 
training set of aligned image pairs 
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ŷx̂x y

Cycle GANs

Image Credit: [10,12]

Cycle-Consistent Generative Adversarial Networks [10] learn the image-to-image translation without a 
training set of aligned image pairs 
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Ŷ

X Y( X Y
(

G

F
X̂

(a) (b) (c)

cycle-consistency
loss

cycle-consistency
loss

DY DX
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Image Credit: [10,12]

Cycle-Consistent Generative Adversarial Networks [10] learn the image-to-image translation without a 
training set of aligned image pairs 
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Cycle-Consistent Generative Adversarial Networks [10] learn the image-to-image translation without a 
training set of aligned image pairs 

<latexit sha1_base64="DTgZzEtot2VXvTsQuKMPawKD8iU="></latexit>

LGAN(F,DX , X, Y ) = Ex⇠pdata(x)[logDX(x)] + Ey⇠pdata(y)[log(1�DX(F (y))]

LGAN(G,DY , X, Y ) = Ey⇠pdata(y)[logDY (y)] + Ex⇠pdata(x)[log(1�DY (G(x))]

Lcyc(G,F ) =Ex⇠pdata(x)[kF (G(x))� xk1] + Ey⇠pdata(y)[kG(F (y))� yk1]

L(G,F,DX , DY ) =LGAN(G,DY , X, Y ) + LGAN(F,DX , Y,X) + �Lcyc(G,F )



X Y

G

F

DYDX

G

F
Ŷ
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