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Generative Models
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Generative Adversarial Networks 

• Problem: Want to sample from complex, high-
dimensional training distribution.

– No direct way to do this!

• Solution:
– Sample from a simple distribution, e.g. random noise.
– Then, learn transformation to training distribution.

• Q: What can we use to represent this complex
transformation?

– A neural network!

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014.

𝑧
Input: 
random noise

Output: 
Fake sample
From learned
distribution
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Generative Modeling
Themes
Idea: Let’s learn a complex function (aka a neural network) to transform a simple 
distribution sample into a complex one!

- VAEs

- GANs
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Training GANs: Two-player game 
• Generator network: try to fool the discriminator by turning noise into

real-looking data
• Discriminator network: try to distinguish real data from fakes created

by the generator
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Training GANs
• Generator network: intend to generate real-looking samples
• Discriminator network: intend to distinguish between real and fake samples

𝐽(") = 𝔼𝒙~&!"#" log𝐷 𝒙 + 𝔼𝒛~&(𝒛) log 1 − 𝐷 𝐺(𝒛)

𝐽(() = −𝔼𝒛~&(𝒛) log 1 − 𝐷 𝐺 𝒛

𝜃"∗ = max
*$

𝔼𝒙~&!"#" log𝐷*$(𝒙) + 𝔼𝒛~&(𝒛) log 1 − 𝐷*$ 𝐺*%(𝒛)

𝜃(∗ = min
*%

𝔼𝒛~&(𝒛) log 1 − 𝐷*$ 𝐺*%(𝒛)

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

Discriminator output 
for real samples

Discriminator output 
for generated samples
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Training GANs: Two-player game 
• Generator network: intend to generate real-looking samples

– try to fool the discriminator by generate real-looking samples

• Discriminator network: intend to distinguish between real and fake samples
– to evaluate the generated samples by generator network

min
*%

max
*$

𝔼𝒙~&!"#" log𝐷*$(𝒙) + 𝔼𝒛~&(𝒛) log 1 − 𝐷*$ 𝐺*%(𝒛)

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

Discriminator output 
for real samples

Discriminator output 
for generated samples

Discriminator (𝜃!) wants to maximize objective such that D(x) is close to 1 (real) and D(G(z)) is close to 0 (fake) 

Generator (𝜃") wants to minimize objective such that D(G(z)) is close to 1 (discriminator is fooled into thinking generated 
G(z) is real) 
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Training GANs: Two-player game 

• Train jointly in a minimax game:

• Objectives of the generators and discriminators:

𝐽(") = 𝔼𝒙~&!"#" log𝐷 𝒙 + 𝔼𝒛~&(𝒛) log 1 − 𝐷 𝐺(𝒛)

𝐽(() = −𝐽(")

min
*%

max
*$

𝔼𝒙~&!"#" log𝐷*$(𝒙) + 𝔼𝒛~&(𝒛) log 1 − 𝐷*$ 𝐺*%(𝒛)

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

The training procedure for G is to maximize the 
probability of D making a mistake.
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GAN: Adversarial 

• Two networks:
– Generator G: creates (fake) samples that the discriminator cannot distinguish

• trained to capture the data distribution
– Discriminator D: distinguish fake and real samples

• estimate the probability that a sample came from the training data rather than G.

• Equilibrium is a saddle point of the discriminator loss

Ian J. Goodfellow et al. Generative Adversarial Networks, 2014. 11
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parameters of other player. However, each 
player can only optimize its own parameters.
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GAN architecture
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Training GAN

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014.
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GAN: Hypothetical Example
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GAN: Hypothetical Example
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GAN: Hypothetical Example
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GAN: Hypothetical Example
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GAN: Hypothetical Example
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Optimal Discriminator and Generator

• For a fix generator 𝑔, the optimal discriminator is:

𝐷∗(𝑥) =
𝑝#$%$(𝑥)

𝑝#$%$(𝑥) + 𝑝&(𝑥)
• If we insert the above discriminator in the objective:

– when both models have sufficient capacity, Nash equilibrium of the game
corresponds to:

𝑝& ≈ 𝑝#$%$

D(x) will be 1/2 for all x.

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

G(z) being drawn from the same distribution as the training data

28



Training GANs: Two-player game 

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

Gradient is relatively flat for likely fake
samples while we intend to improve 
generator from them.   
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Training GANs: Two-player game 

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014.
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Training GANs: Two-player game 

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.

In generator, instead of minimizing likelihood of discriminator 
being correct, maximize likelihood of discriminator being wrong.  

Higher gradient for likely fake
samples as we intend.   
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Training GANs: Two-player game 

Aside: Jointly training two 
networks is challenging, 
can be unstable. 
Choosing objectives with 
better loss landscapes 
helps training, is an active 
area of research.

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014.
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Putting it together: GAN training algorithm 

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014.
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Generate samples by GAN
Nearest training sample to the generated sample in the second rightmost column 

CIFAR-10

MNIST TFD

CIFAR-10

Ian Goodfellow et al., Generative Adversarial Nets, NIPS 2014.
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Conditional GAN

M. Mirza, S. Osindero, Conditional Generative Adversarial Nets, 2014.

Learning a conditional model p(x|y) 
often gives much better samples
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Conditional GAN: MNIST

M. Mirza, S. Osindero, Conditional Generative Adversarial Nets, 2014.
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Deep Convolutional Generative Adversarial Networks (DCGAN)

• Generator: an upsampling network with fractionally-strided convolutions
• Discriminator is a convolutional network
• Conditioning on a class label improves the generated samples

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.
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DCGAN: Convolutional Architecture

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.
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DCGAN

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.
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Disentangling the representation

• GANs learn a representation 𝑧 of the image 𝑥.
– this representation can capture useful high-level abstract semantic properties

of data
– However, it is difficult to make use of it.
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DCGAN: Latent space

Interpolation between a 
series of 9 random points in 
z

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.

Z space

𝑧#

𝑧$
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Vector arithmetic for visual concepts

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.

Samples 
generated 
by model
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Vector arithmetic for visual concepts

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.

Samples 
generated 
by model

Sample 
corresponding to 
average Z of the 
above images
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Vector arithmetic for visual concepts

Radford et al., Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, ICLR 2016.
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GANs: Applications
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GAN Applications

• Conditional image generation tasks
– Text-to-Image Generation
– Image to image tasks

• style transfer, super-resolution, in-painting, and etc

• Other generative models
– Speech synthesis: Text to Speech
– Text generation ?
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Image-to-Image Translation (pix2pix)

Phillip Isola et al., Image-to-Image Translation with Conditional Adversarial Networks, CVPR 2017. 47



Image-to-Image Translation (pix2pix)

• Supervised image-to-image translation tasks

• Euclidean distance (used in the traditional methods) causes blurring
– minimized by averaging all plausible outputs

• GAN-based networks not only learn the mapping from input to
output, but also learn a loss function to train this mapping.

– Objective: “make the output indistinguishable from reality”
• this automatically learn a loss function appropriate for satisfying this goal
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Image-to-Image Translation (pix2pix)

𝐿'()* 𝐺, 𝐷 = 𝐸+,- log𝐷(𝑥, 𝑦) + 𝐸+,. log(1 − 𝐷(𝑥, 𝐺(𝑥, 𝑧))

𝐺∗ = argmin
(

max
/

𝐿'()* 𝐺, 𝐷 + 𝜆 𝐸+,-,. 𝑦 − 𝐺 𝑥, 𝑧 0

Phillip Isola et al., Image-to-Image Translation with Conditional Adversarial Networks, CVPR 2017. 49



Image-to-Image Translation (pix2pix)

• Provides noise only in the form of dropout, applied on several layers
of our generator at both training and test time.
• Generator has a “U-Net”-based architecture
• Discriminator is a convolutional “PatchGAN” classifier, which only

penalizes structure at the scale of image patches.
– classify if each N × N patch in an image is real or fake and this discriminator is

run convolutionally across the image and all responses are averaged.

Phillip Isola et al., Image-to-Image Translation with Conditional Adversarial Networks, CVPR 2017. 50



Unpaired data

Jun-Yan Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
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cycleGAN

• For many tasks, paired training data will not be available.

• learn a mapping 𝐺: 𝑋 → 𝑌 in the absence of paired examples
– such that the distribution of images from 𝐺(𝑋) is indistinguishable from the

distribution Y using an adversarial loss.

• learn to synthesize pairs of corresponding images without
correspondence supervision

• couple it with an inverse mapping 𝐹: 𝑌 → 𝑋 and introduce a cycle
consistency loss to push 𝐹(𝐺(𝑋)) ≈ 𝑋 (and vice versa).

Jun-Yan Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
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cycleGAN

encourages G to translate X into outputs indistinguishable from domain Y
while DY aims to distinguish between translated samples G(x) and real samples y

Jun-Yan Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
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CycleGAN

Jun-Yan Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
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CycleGAN

Jun-Yan Zhu et al., Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks, ICCV 2017.
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GANs: Advances
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GAN Challenges

• Difficulty of training
– training GANs requires finding Nash equilibria in high dimensional,

continuous, non-convex games
– GANs easily suffer from mode collapse

• Thus, applications of GANs are often limited to problems where it is acceptable for the
model to produce a small number of distinct outputs

• Thus, the quality and variation of the generated samples is a
challenge.
• Moreover, there is no clearly justified way to quantitatively score

samples.

See also: https://github.com/soumith/ganhacks for tips 
and tricks for trainings GANs

57
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Mode Collapse

Metz et al, Unrolled Generative Adversarial Networks, ICLR 2017. 58



Better Training

• Wasserstein GAN
• f-GAN
• LSGAN
• EBGAN
• BEGAN
• …
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Vanishing Gradients

• If the probability distributions are completely disjoint, KL distance is infinite, and
any small change to the generator will not decrease the loss.

– 𝐾𝐿(𝑞||𝑝) is possibly infinite when there are points such that 𝑝(𝑥) = 0 and 𝑞(𝑥) > 0

• Wasserstein distance is well-defined even when the distributions are disjoint and
decreases smoothly as they become closer to one another.
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Wasserstein Distance

• The quantity of work
required to transport the
probability mass from
one distribution to create
the other.

– “work”: the mass
multiplied by the distance
moved.

Undersatnding Deep Learning , 2024 61



Wasserstein GAN

• The Earth Mover (EM) or Wasserstein-1 distance then is the “cost” of
the optimal transport plan:

𝑊(𝑝, 𝑞) = inf
<∈> ?,@

𝔼 +,- ~< 𝑥 − 𝑦

• The equivalent of the dual form

• W-GAN minimized 𝑊 𝑝#$%$ , 𝑝& in the dual form

γ(x, y) indicates how much “mass” 
must be transported from x to y

the absolute gradient of 𝑓%
w.r.t. x is less than one 

𝑊 𝑝, 𝑞 = max
7

𝔼8~&[𝑓7(𝑥)] − 𝔼8~9[𝑓7(𝑥)]
𝑠. 𝑡. 𝑓7 : ≤ 1

Arjovsky et al., Wasserstein GAN, 2017 62



GAN Zoo (2017) https://github.com/hindupuravinash/the-gan-zoo
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Progressive growing of GANs

Karras et al., ICLR 201864



BigGAN

Brocks et al., Large Scale GAN Training for High Fidelity Natural Image Synthesis,  ICLR 2019
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Evaluation

• Inception Score (IS)
– based on the output of pretrained InceptionV3 on generated samples
– It composed of an entropy term and a class coverage term

• Entropy term shows to what extent the classification model confidently predicts a single
label for each image

• predictions of the classification model on generated images are evenly distributed over
all labels

• Frechet Inception Distance (FID)
– Finds the Wasserstein distance of the distribution of generated images and

the distribution of real images (in the representation space like deepest layer
of Inception v3)
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GANs
• Don’t work with an explicit density function
• Take game-theoretic approach: learn to generate from training distribution through 2-
player game

• Pros:
– Beautiful, state-of-the-art samples!

• Cons:
– Trickier / more unstable to train
– Can’t solve inference queries such as p(x), p(z|x)

• Active areas of research:
– Better loss functions, more stable training (Wasserstein GAN, LSGAN, many others)
– Conditional GANs, GANs for all kinds of applications
– The quality of generated samples is still a challenge
– Controlling the diversity of the generated samples is difficult
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Generative Models: Summary

𝑥

Encoder

𝜇!(𝑥) 𝜎!(𝑥)

𝑧

Decoder

𝑧

Generator

Discrim
inator

Real images

(0,1)
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