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Generative Adversarial Networks (GANs)

• With two competing networks, we solve the following minimax game:

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = 𝐸𝑥~𝑝data(𝑥)[log 𝐷(𝑥)] + 𝐸𝑧~𝑝z 𝑧 log 1 − 𝐷 𝐺 𝑧

• Discriminator’s objective:

max
𝐷

𝑉(𝐷, 𝐺)  = 𝐸𝑥~𝑝data(𝑥)[log 𝐷(𝑥)] + 𝐸𝑧~𝑝z 𝑧 log 1 − 𝐷 𝐺 𝑧

• Generator’s objective:

min 
𝐺

𝑉(𝐷, 𝐺) = 𝐸𝑧~𝑝z 𝑧 log 1 − 𝐷 𝐺 𝑧

Adapted from: http://guimperarnau.com/blog/2017/03/Fantastic-GANs-and-where-to-find-them
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𝐷(𝑥): Probability that 𝑥 is real (came from data).
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Mode collapse in GANs

• Problem: 
• The generator network maps the different z (embedding/noise) values into 

similar images.
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Conditional GANs

http://guimperarnau.com/blog/2017/03/Fantastic-GANs-and-where-to-find-them
2024



Cycle GAN

https://junyanz.github.io/CycleGAN/2024



GAN -- state of the art

https://github.com/NVlabs/stylegan2
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Hopfield Networks

• 𝑠𝑖 = −1 or + 1

• Then,

𝑠𝑖 ←
+1, ෍

𝑗

𝑤𝑖𝑗𝑠𝑗 ≥ 𝜃𝑖

−1, otherwise

• 𝜃𝑖: threshold of neuron 𝑖. Mostly we set 
this to zero.

• In short: 

𝑠𝑖 = sgn ෍

𝑗

𝑤𝑖𝑗𝑠𝑗 − 𝜃𝑖

𝑠1

𝑠2

𝑠5

𝑠3

𝑠4
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Hopfield Networks: 
An Energy Perspective

• We can define a scalar for the energy of the state of the 
network:

𝐸 = − ෍

𝑖

෍

𝑗<𝑖

𝑤𝑖𝑗𝑠𝑖𝑠𝑗 + ෍

𝑖

𝜃𝑖𝑠𝑖

• This is called energy since when you update neurons randomly, it 
either decreases or stays the same.

• Repeatedly updating the network will eventually make the 
network converge to a local minimum, i.e., a stable state.

Fig: Wikipedia

𝑠𝑖 𝑠𝑗

𝑤𝑖𝑗

2024



Boltzmann Machines vs. 
Hopefield Networks

• They have the same energy definition (𝐬 = 𝑣𝑚 ∪ {ℎ𝑛}):

𝐸(𝐬) = − ෍

𝑖

෍

𝑗<𝑖

𝑤𝑖𝑗𝑠𝑖𝑠𝑗 + ෍

𝑖

𝜃𝑖𝑠𝑖

Differences:

• Updates are stochastic

• We have hidden neurons now
• Hidden variables ➔ Bigger class of distributions that can be 

modeled ➔ In principle, we can model distributions of arbitrary 
complexity

𝑣1

𝑣2

ℎ5

𝑣3

ℎ4
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Boltzmann Machines:
Probability of a Neuron’s State

• Turning on a neuron 𝑖 (i.e., 𝑠𝑖  is changed to 1 from 0) causes change 
Δ𝐸𝑖  in energy:

Δ𝐸𝑖 = 𝐸𝑖=0 − 𝐸𝑖=1

 = −𝑘𝑇 ln 𝑍 𝑝𝑖=0 − −𝑘𝑇 ln 𝑍 𝑝𝑖=1

        = −𝑘𝑇 ln
𝑍 𝑝𝑖=0

𝑍 𝑝𝑖=1
= −𝑘𝑇 ln

𝑝𝑖=0

𝑝𝑖=1

        = −𝑘𝑇 ln
1−𝑝𝑖=1

𝑝𝑖=1

• This yields the famous logistic / sigmoid function:

𝑝𝑖=1 =
1

1 + exp −
Δ𝐸𝑖

T

Using:

𝑝𝑖 =
𝑒−𝐸𝑖/𝑘𝑇

𝑍

• Δ𝐸𝑖 > 0 => Energy is reduced => High 𝑝𝑖=1

• Δ𝐸𝑖 < 0 => Energy is increased => Low 𝑝𝑖=1
2024



-1

h1               h2

  +2            +1

v1               v2

Boltzmann Machines: An Example

1 1   1 1       2          7.39            .186 
1 1   1 0       2          7.39            .186  
1 1   0 1       1          2.72            .069 
1 1   0 0       0          1                  .025
1 0   1 1       1          2.72            .069
1 0   1 0       2          7.39            .186
1 0   0 1       0          1                 .025
1 0   0 0       0          1                 .025
0 1   1 1       0          1                 .025
0 1   1 0       0          1                 .025
0 1   0 1       1          2.72           .069
0 1   0 0       0          1                 .025
0 0   1 1       -1         0.37           .009
0 0   1 0       0          1                 .025
0 0   0 1       0          1                 .025
0 0   0 0       0          1                 .025
                    total = 39.70

)(),( vhvhv ppeE E−−

0.466

0.305

0.144

0.084

Adapted from G. Hinton
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Today

• (Deep) Generative Models
• Diffusion Models

• Self-Supervised Learning

• Deep Reinforcement Learning
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Administrative Notes
• No quiz this week

• Time plan for the projects
1. Milestone (November 24, midnight):

• Github repo will be ready

• Read & understand the paper

• Download the datasets

• Prepare the Readme file excluding the results & conclusion

2. Milestone (December 8, midnight)

• The results of the first experiment

3. Milestone (January 5 12, midnight)
• Final report (Readme file) 

• Repo with all code & trained models
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Diffusion-based Generative Models
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Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf
2024



Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf
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Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf

Fig: https://cs231n.stanford.edu/slides/2023/lecture_15.pdf
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Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf

2024 Fig: https://cvpr2022-tutorial-diffusion-models.github.io/



Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf

(We are using x instead of z)
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf
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Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
2024



The Three Terms
Ho et a ., “Denoisin  Diffusion Probabi istic Mode s”, 2020.
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/
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Latent Diffusion Models (Stable Diffusion)

Main differences:

• Use a pretrained 
encoder (ℰ) and a 
decoder (𝒟)

• Conditioning with 
cross-attention

2024



Slide: https://deeplearning.cs.cmu.edu/F23/document/slides/lec23.diffusion.updated.pdf
2024



Self-supervised learning

2024
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2024 From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



2024 From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



2024 From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



Siamese Networks

2024
Fig: https://www.pyimagesearch.com/2020/11/30/siamese-networks-with-keras-tensorflow-and-deep-learning/



Contrastive Loss 
(Chopra et al., 2005)

    

𝑦 = 1 for “simi ar”  airs:

2024

Fig: https://www.pyimagesearch.com/2020/11/30/siamese-networks-with-keras-
tensorflow-and-deep-learning/

From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



Triplet Loss (Schroff et al., 2015)

2024

https://omoindrot.github.io/triplet-loss

From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



Lifted Structure Loss (Song et al., 2015)

2024 From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



N-pair Loss (Sohn 2016)

2024 From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html



Momentum Contrast

• Contrastive learning as 
dictionary lookup:

2024

2019



Momentum Contrast

2024

2019



Momentum Contrast

• Dictionary
• A queue of data samples 

• Encoded keys from immediately 
preceding mini-batches

• Decouples dictionary size from 
batchsize

• Samples are progressively 
replaced: Current batch is added 
and the oldest is removed.

2024

2019



Momentum Contrast

• Momentum update
• Queue size can be a limiting factor especially 

if we backpropagate to the samples in the 
queue as well

• Naïve solution: Copy image encoder to the 
queue encoder => Does not work well.

• Effective solution: Update the queue 
encoder with the image encoder with 
momentum update

2024

2019



Momentum Contrast

2024

2019



Momentum Contrast

2024

2019



Momentum Contrast

2024

2019



Simple Contrastive Learning

2024

2020



Simple Contrastive Learning

2024

2020



Simple Contrastive Learning

2024

2020



Simple Contrastive Learning

2024

2020



Simple Contrastive Learning

2024

2020



Simple Contrastive Learning

• Requires large batchsize

2024

2020



MoCo v2

2024

2020



MoCo v3  = MoCo v2 with ViT

2024

2021



Bootstrap Your Own Latent (BYOL – Grill et al., 2020)

• Does not use negative samples 

2024
https://lilianweng.github.io/lil-log/2021/05/31/contrastive-representation-learning.html



Simple Siamese Representation Learning 
(SimSiam – Chen et al., 2020)

• “ YOL without momentum encoder”

2024 https://github.com/facebookresearch/simsiam



Resources on SSL

• The rise of SSL, by Y. Lecun: 
https://www.youtube.com/watch?v=05wUrb5Ej8Q&t=21252s

• Self-supervised representation learning: 
https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-
learning.html

2024

https://www.youtube.com/watch?v=05wUrb5Ej8Q&t=21252s
https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html
https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html


Deep reinforcement learning

2024



Reinforcement Learning

The agent receives reward 𝑟𝑡 for its actions.

2024



More formally

http://www.cs.ubc.ca/~murphyk/Bayes/pomdp.html

• An a ent’s behavior is defined by a  o icy, 𝜋:
𝜋: 𝒮 → 𝑃(𝒜)

𝒮: The space of states.

𝒜: The space of actions.

• The “return” from a state is usua  y:

𝑅𝑡 = ෍

𝑖=𝑡

𝑇

𝛾 𝑖−𝑡 𝑟(𝑠𝑖, 𝑎𝑖)

 
𝑟(𝑠𝑖 , 𝑎𝑖): the reward for action 𝑎𝑖 in state 𝑠𝑖.

     𝛾: discount factor.

• Goal: Learn a policy that maximizes the expected return from the starting position:

𝔼𝑟𝑖,𝑠𝑖~𝐸,𝑎𝑖~𝜋 𝑅1

2024



More formally

http://www.cs.ubc.ca/~murphyk/Bayes/pomdp.html

• We can define an expected return for taking action 𝑎𝑡  at state 𝑠𝑡:

𝑄𝜋 𝑠𝑡 , 𝑎𝑡 = 𝔼𝑟𝑖≥𝑡,𝑠𝑖>𝑡~𝐸,𝑎𝑖>𝑡~𝜋 𝑅𝑡  | 𝑠𝑡 , 𝑎𝑡

• This can be rewritten as (called the Bellman equation):

2024



Reinforcement Learning with Deep Networks

• Two general approaches:
• Value gradients

• Policy gradients

2024



Q values of actions are 
predicted at the output.

2015

2024



2024



2024





Double DQN 

Problem with DQN (and Q learning): 

• Over-optimistic estimation owing to the max because the environment is noisy

2024

2015

Q-learning DQN



Double DQN 

Solution

• Separate action selection (actor) from action 
evaluation (critic)

2024

2015

Double Q-learning Double DQN (DDQN)



Double DQN 

2024

2015



Policy gradients

http://karpathy.github.io/2016/05/31/rl/
2024



Policy gradients

http://karpathy.github.io/2016/05/31/rl/
2024



Policy gradients

2024 https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63



Policy gradients

2024 https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63

This however does not depend 
on the policy network



Policy gradients

2024 https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63

By rewriting the probability as:

Taking the logarithm and the derivative:



Policy gradients

2024 https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63



Actor-Critic Networks

2024 https://lilianweng.github.io/posts/2018-04-08-policy-gradient/



Actor-Critic Networks

2024 https://lilianweng.github.io/posts/2018-04-08-policy-gradient/



Actor-Critic Networks

2024

From CMU CS10703 lecture slides

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63



Actor-Critic Networks

2024

From CMU CS10703 lecture slides

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63



Model-based vs. Model-free

• Model-free
• Learn the Q values

• Model-based
• Learn the Q values and the transition 

probabilities (the model of how the 
environment would change)

2024 Table & Fig: https://www.chenshiyu.top/blog/2019/06/12/An-Overview-of-Model-Based-Reinforcement-Learning/



On-policy vs. Off-policy

2024 https://core-robotics.gatech.edu/2022/02/28/bootcamp-summer-2020-week-4-on-policy-vs-off-policy-reinforcement-learning/



Today

• (Deep) Generative Models
• Diffusion Models

• Self-Supervised Learning

• Deep Reinforcement Learning

2024
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