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Machine Learning: Lecture 16

Unsupervised Learning

1

Clustering
(Learn data similarity)

• K-means
• Gaussion Mixture

Dimensional Reduction
(Learn data compression)

• Principal component analysis 
• Auto-encoder

Generative
(learn data distribution)

• GAN
• VAE
• Diffusion
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Generation Problems
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Example: Deep Fake

Which face is real?
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Example: Image Restoration/Colorization
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1990s with super-resolu0on with colorization
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Today

Deep Generative Models
• Concept
• GAN
• VAE
• Diffusion

5
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Classification vs. Generation

6

Latent code 
(100) 

Man?
Woman?

learns how to classify input to its class. 

Classifica0on
Model

Genera0ve
Model

What is the goal of generation tasks?
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In analogy: Language Model

• A probabilistic model of how likely a given string appear
in a given “language”.
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Latent code 
(100) 

Genera0ve
Model

p(x) = p(w1, w2,…, wN)

Generation = learns the probability distribution of training data. 
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Review: Probability Distribution

x 1 2 3 4 5 6

p(x) 1/6 1/6 1/6 0 1/6 2/6

8

x

p(x)

1 2 3 4 5 6

随机变量

概率
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Probability Distributions for Images

• What if x is actual images in the training data?
• At this point, x can be represented as a (for example) 
64×64×3 dimensional vector. 

9
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Probability Distributions for Images

• We have a data distribution 𝑃𝑑ata(x)

10

𝑝𝑑𝑎𝑡𝑎(𝑥)

low
Probability 

High 
Probability 

Image 
Space 
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Generative Model

• Goal: find a p𝑚𝑜𝑑𝑒𝑙(x) that approximates p𝑑𝑎𝑡𝑎(x) well. 
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p𝑑𝑎𝑡𝑎(x)

x4

𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑓
𝑎𝑐𝑡𝑢𝑎𝑙 𝑖𝑚𝑎𝑔𝑒𝑠

𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒𝑠
𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑏𝑦 𝑡h𝑒 𝑚𝑜𝑑𝑒𝑙

p𝑚𝑜𝑑𝑒𝑙(x) 

x1 x2 x3

Q2: How can we learn a Pmodel(x) that is close to Pdata(x) ? 

Q1: How to generate an image that follows a distribution Pmodel(x)?
In other words, how to represent Pmodel(x)?
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How to let pmodel(x) ≈ pdata(x)?
• Discriminator D: a neural network classifier that predicts

whether a given image is sampled from pmodel(x) (fake) or
pdata(x) (real). If undistinguishable, then pmodel(x) ≈ pdata(x)

12

𝑃𝐺(x) 

𝑃data(x) 

sample

sample

real?
fake?

D
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Generative Adversarial Network (GAN)
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Discriminator 

Real image

G(z) Fake image 

z
Latent
Code

Generator

G

D

• A generative model by having two neural networks
compete each other.

x

The generator turns noise into
an imitation of the data to try
to trick the discriminator

The discriminator tries to
identify real data from fakes
created by the generator.

real?
fake?



Machine Learning: Lecture 16

Objective of Discriminator
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D(x) 

Discriminator
(Neural Network) Real image

(64×64×3) 

D should classify a 
real image as real. 

This value should
be close to 1

D

• The discriminator tries to identify the synthesized instances
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Objective of Discriminator

15

D(x) 

G(z) 
Fake image generated by 
the generator (64x64x3) 

z D(G(z)) 

D should classify a 
fake image as fake 

This value should
be close to 0

DG

• The discriminator tries to identify the synthesized instances
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Objective of Discriminator

• The objective function can be formulated as the binary
cross-entropy:

D⋆ = argmaxD Ex∼𝑃data [log D(x)] + Ex∼𝑃𝐺 [log(1-D(x))]

= argmaxD Ex∼𝑃data [log D(x)] + Ez∼𝑃z(z) [log(1-D(G(z)))]

16

Recall: binary cross-entropy loss: 
l(h(𝑥), 𝑦) = −𝑦log h(𝑥) −(1−𝑦)log(1−h(𝑥)) 

Sample 𝑥 from real data distribution Sample 𝑥 from model distribution

Sample z from unit Gaussian

real image

G(z) 
fake image 

Dx

D(G(z)) 

D(x) 
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Objective of Generator

17

G(z) 

z D(G(z)) 

G tries to synthesize
fake images that fool D

This value should
be close to 1

D
(optimized&freezed)

G

G⋆ = argminG Ex∼𝑃data [log D(x)] + Ez∼𝑃z(z) [log(1-D(G(z)))]

= argminG E𝑧~P𝑧(𝑧)[log(1−D(G(z)))]

𝐺 is independent of this part

G has an opposite (adversarial) objective to D ! I just want
D to fail
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Objective of GAN

Adversarial Objectives for G and D
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G

D

min max V(G,D) = Ex∼𝑃data [log D(x)] + Ez∼𝑃z(z) [log(1-D(G(z))]
G D

Global Optimum: G reproduces the true data distribution

D: By maximizing V(G, D), I can distinguish
real and fake, I am getting stronger 😏

G: No maBer how strong you are, I can minimize
V(G,D) to fool you. I am also stronger✌.

D: Though you are strong, I can be much
stronger by maximizing V(G, D) .

…
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The Algorithm
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for i = 1 to N:

for t=1 to K：
• 从噪声先验分布 𝑝((𝑧)中采样一个包含 𝑚个噪声样本的小批量 𝑧 ) , … , 𝑧 * 。

• 从数据生成分布 𝑝data(𝑥)中采样一个包含 𝑚个样本的小批量 𝑥 ) , … , 𝑥 * 。

• 通过沿随机梯度上升方向更新判别器：

∇+!
1
𝑚=

,-)

*

[log𝐷( 𝑥 , ) + log(1 − 𝐷(𝐺(𝑧 , )))].

end for

• 从噪声先验分布 𝑝((𝑧)中采样一个包含 𝑚个噪声样本的小批量
𝑧 ) , … , 𝑧 * 。

• 通过沿随机梯度下降方向更新生成器：

∇+"
1
𝑚=

,-)

*

log(1 − 𝐷(𝐺( 𝑧 , ))).

end for

GAN
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A PyTorch Implementation

20
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TIME for Coding

Tutorial: Image generation using GAN - Anime face
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https://www.kaggle.com/code/chandraprajapati/image-generation-using-gan-
anime-face
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Some GANs

22
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Deep Convolutional GANs (DCGAN)

• Use convolution and deconvolution for the discriminator
and generator, respectively.

23

Radford et al. Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks, 2015 

Tutorial: h+ps://pytorch.org/tutorials/beginner/dcgan_faces_tutorial.html

G(z)

D(x)

Generator

Discriminator
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Deep Convolutional GANs (DCGAN)

Latent vector arithmetic 

24

Tutorial: h+ps://machinelearningmastery.com/how-to-interpolate-and-perform-vector-arithme=c-with-faces-using-a-
genera=ve-adversarial-network/
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Conditional GANs

• What if we want to control the nature of the output, by
conditioning on a label?

25

Discriminator 

Real image

Fake image

z

Latent
Code Generator

G

D
real pair?
fake pair?

Condition
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Conditional GANs

• Results – Image-to-Image Translation

26

Limitation: Supervised Learning on Parallel Images



Machine Learning: Lecture 16

CycleGAN: Domain Transformation

• A GAN model that transfers an image from a source 
domain A to a target domain B in the absence of paired 
examples. 

27

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

Example: Unpaired Image-to-Image Translation
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CycleGAN

Distribution transformations

28

G

GAB

Real Image in
domain A

Generated Image
in domain B

z

CycleGAN

GAN

z Y

Gaussian noise → target data manifold

X

data manifold X → data manifold Y

Y
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CycleGAN

How does it do this?

29

GAB

DB

GBA

L2 Loss 

Fake Image in domain B 

Real Image in domain B 

real?
fake?

Discriminator 
for domain B 

GBA generates a reconstructed 
image of domain A. 

This makes the shape to be maintained when 
GAB generates a horse image from the zebra. 

Reconstructed Image Real Image in domain A
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CycleGAN

Results

30
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GAN and Autoencoder

31

G(z) 

z

Generator

Can we control the random vector z instead?

GAN: I can generate images that look real
because I tune G(z) by a discriminator.

Autoencoder: how about letting z be a compressed
code of some real image, then G(z) must look real.

But then z is intractable (purely random) and
cannot be used for generaLon.

tuned by a
discriminator

G

…

…
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Variational Autoencoder (VAE)

Idea: can we let z be a latent code of real images and
meanwhile force it to follow some distributions e.g., unit
Gaussian ?

32

G(z) 

z

Generator

z is also a random
variable that follows
Gaussian

z is a compressed
code of some image

Encoderx

G
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Variational Autoencoder

• An autoencoder in which the latent code is sampled from
a predicted Gaussian distribution.

33

z
μ

σ

mean
vector

standard deviation
vector

Variational autoencoders are a probabilistic twist on autoencoders!
Sample from the mean and standard deviation to compute latent sample

z~N (μ, σ)

x x̑
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Training VAE

34

L(θ, ϕ|x) = −Ez∼qϕ(z∣x)[log pθ (x∣z)]

Prior dist. of z,
commonly unit Gaussian

Reconstruction Loss

z
μ

σ

Encoder computes: qϕ(z|x) Decoder computes: pθ(x|z)

Regularization

Sampling is nondifferentiable
⇒ Reparameterization trick: z =μ +σ⊙𝛆

Inferred latent
distribution

maximize the
log likelihood

+ KL(qϕ(z∣x) ∣∣ p(z))

拓展内容不作要求
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VAEs: Latent Perturbation

Slowly increase or decrease a single latent variable

35

Smile

Head pose

Different dimensions of z
encodes different
interpretable latent features.
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Limitations of VAEs (and also GANs)

• The latent code z has a different (much smaller) size to the
original image.

• The content is generated all at once.

36

G(z) 

z

GeneratorEncoderx

G

Can we encode and generate images gradually from coarse to
fine ?
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Denoising Diffusion Model

• Learning to generate by denoising

37

G(z) 

z G1 G2 GT…

Initial image of
random noise

Gradually remove noise
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Denoising Diffusion Model

• Two processes: 
▻ Forward diffusion process: gradually adds noise to input (x→z)

▻ Reverse denoising process: learns to generate data by denoising 
(z→x)

38

Denoising Diffusion Probabilistic Models. NeurlPS 2020
Denoising Diffusion Implicit Models. ICLR 2021
High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022
Understanding Diffusion Models: A Unified Perspective

正向加噪过程

反向去噪过程Data x Noise z
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Forward Diffusion Process

T steps: each step (xt) adds a fixed gaussian noise (βt) to the
previous step (xt-1).

39

前向加噪过程 (固定) Data Noise

x0 x1 x2 x3 x4 … xT

Let xt ~
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Backward Denoising Process

T steps: each step (xt-1) removes some noise from the previous
step (xt).

40

Backward denoising process (trainable) Data Noise

x0 x1 x2 x3 x4 … xT

Trainable network (U-net, Denoising Autoencoder) 

The distribution (μ and σ2) of xt-1 can be estimated based on the previous
image (xt) using a neural network:
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Reverse Process

• The goal of a diffusion model is to learn the reverse denoising 
process to itera6vely undo the forward process 

• In this way, the reverse process appears as if it is genera6ng new 
data from random noise! 

41

taking a noisy input and making it slightly less noisy
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Loss Function

• Recall, our goal was to learn the following μθ (network that 
parameterizes the mean of the data distribution): 

• So we minimize: 

42

MSE (μθ(xt, t), xt-1)
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How do we do this in practice?

43

Step 1: Sample image 
from the dataset, 
generate noisy image 
using forward process 

Step 2: Given noisy 
image, generate 
slightly noisier image 

x0 xt

xt xt+1
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How do we do this in practice?

Step3: For t~[T, 0], estimate each x̂t based on the noiser
version xt+1

44

xt+1 xt̂

Diffusion is an denoising auto-encoder!
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Neural Network that Predicts Noise

In practice, we estimate the noise 𝜺 instead of the denoised
image.

45

Input Output U-net 
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Architecture

Often use U-Net architectures with ResNet blocks and self-
attention layers to represent 𝜀θ(xt, t), which can further be
used to compute μθ(xt, t)

46

MLP
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Algorithm

47
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What’s Next?

48

Reinforcement Learning


