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Outline
● GANs (for text)

● 3 Paper presentations (15 x 3 mins)

Cao: ELECTRA: Pre-training Text Encoders as Discriminators Rather Than 
Generators
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Generative Adversarial Networks



Generative modeling
● In generative modeling, we’d like to train a network that models a 

distribution, such as a distribution over images. 
● One way to judge the quality of the model is to sample from it. 
● This field has seen rapid progress: 
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Generative modeling
● Modern approaches to generative modeling: 
! Variational Auto-encoder (Lecture #8)
! Auto-regressive models (e.g., language model) (Lecture #3)
! Generative adversarial networks (today)
! Flow-based models, diffusion models (not covered)
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Implicit Generative ModelsImplicit Generative Models

Implicit generative models implicitly define a probability distribution

Start by sampling the code vector z from a fixed, simple distribution
(e.g. spherical Gaussian)

The generator network computes a di↵erentiable function G mapping
z to an x in data space
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• a stochastic process to 
simulate data 𝒙

• Intractable to evaluate 
likelihood



Implicit Generative Models
Implicit Generative Models

A 1-dimensional example:
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Implicit Generative Models
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Implicit Generative Models

https://blog.openai.com/generative-models/
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Implicit Generative Models
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● The advantage of implicit generative models: if you have some criterion 
for evaluating the quality of samples, then you can compute its gradient 
with respect to the network parameters, and update the network’s 
parameters to make the sample a little better

● The idea behind Generative Adversarial Networks (GANs): train two 
different networks 
! The generator network tries to produce realistic-looking samples
! The discriminator network tries to figure out whether an image came from the 

training set or the generator network 
● The generator network tries to fool the discriminator network 



Generative Adversarial Nets (GANs)

● Generative model 𝒙 = 𝐺! 𝒛 , 𝒛 ∼ 𝑝(𝒛)
! Maps noise variable 𝒛 to data space 𝒙
! Defines an implicit distribution over 𝒙: 𝑝!!(𝒙)

● Discriminator 𝐷" 𝒙
! Output the probability that 𝒙 came from the data rather than the generator

© Petuum,Inc. 11
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Generative Adversarial Nets (GANs)
● Learning
! A minimax game between the generator and the discriminator
! Train 𝐷 to maximize the probability of assigning the correct label to both 

training examples and generated samples
! Train 𝐺 to fool the discriminator

© Petuum,Inc. 12

GAN plays the role of z1 as above. The space S0 is now implicit and we directly sample real image
x from data distribution pdata(x). The distribution in Eq.(1) is thus rewritten as:

p(x|z, y) =
⇢
pdata(x) y = 0
pg(x|z) y = 1,

(5)

where pg(x|z) = G(z) is the generative distribution. Note that pdata(x) is the empirical data
distribution which is free of parameters. The discriminator is defined in the same way as above, i.e.,
D(x) = p(y = 0|x). Then the objective of GAN is precisely defined in Eq.(2). To make this clearer,
we again transform the objective into its conventional form:

maxD LD = Ex⇠pdata(x) [logD(x)] + Ex⇠G(z),z⇠p(z) [log(1�D(x))] ,

maxG LG = Ex⇠pdata(x) [log(1�D(x))] + Ex⇠G(z),z⇠p(z) [logD(x)]

= Ex⇠G(z),z⇠p(z) [logD(x)] .

(6)

maxD LD = Ex⇠pdata(x) [logD(x)] + Ex⇠G(z),z⇠p(z) [log(1�D(x))] ,

minG LG = Ex⇠G(z),z⇠p(z) [log(1�D(x))] .

maxD LD = Ex⇠pdata(x) [logD(x)] + Ex⇠G(z),z⇠p(z) [log(1�D(x))] ,

maxG LG = Ex⇠G(z),z⇠p(z) [logD(x)] .

Note that for learning the generator we are using the adapted objective, i.e., maximizing
Ex⇠G(z),z⇠p(z) [logD(x)], as is usually used in practice (Goodfellow et al., 2014), rather than
minimizing Ex⇠G(z),z⇠p(z) [log(1�D(x))].

KL Divergence Interpretation

Now we take a closer look into Eq.(2). Assume uniform prior distribution p(y) where p(y = 0) =
p(y = 1) = 0.5. For optimizing p(x|z, y), we have
Theorem 1. Let p✓(x|z, y) be the conditional distribution in Eq.(1) parameterized with ✓. Denote
p✓0(x|z) = Ep(y)[p✓0(x|z, y)] with fixed parameter ✓0. Denote q0(x|z, y) / q(1� y|x)p✓0(x|z).
Therefore,

Ep(z,y)

⇥
�r✓Ep✓(x|z,y) [log q(1� y|x)] |✓=✓0

⇤
=

r✓Ep(z,y) [KL (p✓(x|z, y)kq0(x|z, y))� JSD (p✓(x|z, y = 0)kp✓(x|z, y = 1)) |✓=✓0 ]
(7)

Proof.
Ep(z,y)

⇥
�Ep✓(x|z,y) [log q(1� y|x)]

⇤
=

Ep(z,y) [KL (p✓(x|z, y)kq0(x|z, y))� KL(p✓(x|z, y)kp✓0(x|z))] ,
(8)

where
Ep(z,y) [KL(p✓(x|z, y)kp✓0(x|z))] =

Ep(z)


p(y = 0)KL

✓
p✓(x|z, y = 0)kp✓0(x|z, y = 0) + p✓0(x|z, y = 1)

2

◆
+

p(y = 1)KL
✓
p✓(x|z, y = 1)kp✓0(x|z, y = 0) + p✓0(x|z, y = 1)

2

◆�
.

(9)

Taking derivatives w.r.t ✓ at ✓0 we get
r✓Ep(z,y) [KL(p✓(x|z, y)kp✓0(x|z))] |✓=✓0

= Ep(z)


1

2

Z

x
r✓p✓(x|z, y = 0)

p✓0(x|z, y = 0) + p✓0(x|z, y = 1)

2
+

1

2

Z

x
r✓p✓(x|z, y = 1)

p✓0(x|z, y = 0) + p✓0(x|z, y = 1)

2

�
|✓=✓0

= Ep(z) [r✓JSD(p✓(x|z, y = 0)kp✓(x|z, y = 1)) |✓=✓0 ] .

(10)

Taking derivatives of the both sides of Eq.(8) at w.r.t ✓ at ✓0 and plugging the last equation of Eq.(10),
we obtain our desired result.
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Generative Adversarial Nets (GANs)
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Generative Adversarial Nets (GANs)
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Updating the discriminator: 



Generative Adversarial Nets (GANs)
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Updating the generator: 



Generative Adversarial Nets (GANs)

16Courtesy: Grosse CSC321 Lecture 19

Alternating training of the generator and discriminator: 



Optimality of GANs
● Objectives:

● Global optimality: 𝑝# = 𝑝$%&%
● Proof:
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Optimality of GANs
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Optimality of GANs
● The minimax game can now be reformulated as
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Optimality of GANs
● The minimax game can now be reformulated as
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Jensen-Shannon Divergence



A better loss function
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A Better Cost Function

We introduced the minimax cost function for the generator:

JG = Ez[log(1� D(G (z)))]

One problem with this is saturation.

Recall from our lecture on classification: when the prediction is really
wrong,

“Logistic + squared error” gets a weak gradient signal
“Logistic + cross-entropy” gets a strong gradient signal

Here, if the generated sample is really bad, the discriminator’s
prediction is close to 0, and the generator’s cost is flat.

Roger Grosse CSC321 Lecture 19: Generative Adversarial Networks 14 / 25
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A Better Cost Function

Original minimax cost:

JG = Ez[log(1� D(G (z)))]

Modified generator cost:

JG = Ez[� logD(G (z))]

This fixes the saturation problem.

Roger Grosse CSC321 Lecture 19: Generative Adversarial Networks 15 / 25

A better loss function: non-saturating GAN
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Wasserstein GAN (WGAN)
● If our data are on a low-dimensional manifold of a high dimensional 

space, the model’s manifold and the true data manifold can have a 
negligible intersection in practice 

25[Arjovsky et al., 2017] Slide adapted from bhiksha
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Wasserstein GAN (WGAN)
● If our data are on a low-dimensional manifold of a high dimensional 

space, the model’s manifold and the true data manifold can have a 
negligible intersection in practice 

● The loss function and gradients may not be continuous and well behaved 
● The Wasserstein Distance is well defined
! Earth Mover’s Distance
! Minimum transportation cost for making one pile 

of dirt in the shape of one probability distribution 
to the shape of the other distribution

27[Arjovsky et al., 2017] Slide adapted from bhiksha



Wasserstein GAN (WGAN)
● Objective

28

𝑊 𝑝$%&%, 𝑝# =
1
𝐾

sup
||(||!)*

E+∼-"#$# 𝐷 𝑥 − E+∼-%[𝐷(𝑥)]

• ||𝐷||! ≤ 𝐾 : K- Lipschitz continuous
• Use gradient-clipping to ensure 𝐷 has the Lipschitz continuity



WGAN vs Vanilla GAN
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Progressive GAN
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Low resolution images

[Karras et al., 2018]



Progressive GAN
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Low resolution images

add in 
additional 

layers

[Karras et al., 2018]



Progressive GAN
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Low resolution images

add in 
additional 

layers

High resolution images

[Karras et al., 2018]



BigGAN
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BigGAN
● GANs benefit dramatically from scaling
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● 2x – 4x more parameters
● 8x larger batch size
● Simple architecture changes that improve scalability 
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GANs for Text



Questions?


