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Generative Modeling

• Learning the probability distribution of data

Figure: https://deepgenerativemodels.github.io/notes/introduction/
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Slide: https://cs231n.stanford.edu/slides/2024/lecture_13.pdf

+ Diffusion Models

Previously
 on CENG501
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Figure: https://lilianweng.github.io/posts/2018-10-13-flow-models/

Previously
 on CENG501
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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
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/

Previously
 on CENG501
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Slide: https://cvpr2022-tutorial-diffusion-models.github.io/

Previously
 on CENG501
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Today

• Self-Supervised Learning
• Reinforcement Learning
• Graph Neural Networks

8



Administrative Notes

• Project next steps:
• Milestones:

1.Milestone (April 10, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

2.Milestone (May 4, midnight)
• The results of the first experiment

3.Milestone (June 1, midnight)
• Final report (Readme file)
• Repo with all code & trained models
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Self-supervised learning
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Motivation for SSL

• Labeling is expensive
• Approach: 
• Step 1: Formulate a 

supervision signal based on 
the unlabeled data.
• Step 2: Train an encoder with 

this self-supervision signal.
• Step 3: Use the encoder as 

feature extractor. Keep the 
encoder frozen or finetune it.
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Fig: https://www.sciencedirect.com/science/article/pii/S0925231225020818



Pretext Tasks

12
Fig: https://www.sciencedirect.com/science/article/pii/S0925231225020818
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From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html 14



From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html 15



From: https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html 16



Noroozi & Favaro, Unsupervised Learning of Visual 
Representations by Solving Jigsaw Puzzles, 2017.
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Zhang et al., Colorful Image Colorization, 2016.
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https://www.sciencedirect.com/science/article/pii/S0925231225020818
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Generative Approaches
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Autoregressive Approaches

Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf

23



Auto-encoder Approaches

(Pascal Vincent) 24



Auto-encoder Approaches

25http://ufldl.stanford.edu/wiki/index.php/Stacked_Autoencoders



Auto-encoder Approaches: Second-layer

26http://ufldl.stanford.edu/wiki/index.php/Stacked_Autoencoders



Autoencoder Approaches: Adding task layer

27http://ufldl.stanford.edu/wiki/index.php/Stacked_Autoencoders



Autoencoder Approaches: Denoising AE

(Pascal Vincent) 28



Autoencoder Approaches: Denoising AE

(Pascal Vincent) 29



Context-Prediction Approaches

Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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Constrastive Approaches
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Siamese Networks

Fig: https://www.pyimagesearch.com/2020/11/30/siamese-networks-with-keras-tensorflow-and-deep-learning/
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Contrastive Loss 
(Chopra et al., 2005)

    
𝑦! = 𝑦"  for “similar” pairs:

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

similar pairs dissimilar pairs

From: https://lilianweng.github.io/posts/2021-05-31-contrastive/
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Triplet Loss (Schroff et al., 2015)

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

anchor-positive
distance

anchor-negative
distance

From: https://lilianweng.github.io/posts/2021-05-31-contrastive/
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Lifted Structure Loss (Song et al., 2015)

positive-positive
distance

positive-negative
distance

From: https://lilianweng.github.io/posts/2021-05-31-contrastive/
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N-pair Loss (Sohn 2016)

positive-positive
distance

positive-negative
distance

positive-positive
distance

From: https://lilianweng.github.io/posts/2021-05-31-contrastive/
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InfoNCE Loss (van den Oord et al., 2018)

From: https://lilianweng.github.io/posts/2021-05-31-contrastive/
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Momentum Contrast 
(MoCo)
• Contrastive learning as 

dictionary lookup:

2019
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Momentum Contrast
2019
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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.

2019
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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

2019
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Momentum Contrast 2019
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Momentum Contrast
2019
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Momentum Contrast
2019
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Simple Contrastive Learning 2020
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Simple Contrastive Learning
2020
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Simple Contrastive Learning
2020
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Simple Contrastive Learning
2020
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Simple Contrastive Learning
2020
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Simple Contrastive Learning

• Requires large batchsize

2020
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MoCo v2 2020
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MoCo v3  = MoCo v2 with ViT
2021
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VICReg

54

Bardes et al., VICReg: Variance-Invariance-Covariance 
Regularization for Self-Supervised Learning, 2021.



VICReg

• “does not require that the weights of the two branches be shared, not that the 
architectures be identical, nor that the inputs be of the same nature; 
• does not require a memory bank, nor contrastive samples, nor a large batch size; 
• does not require batch-wise nor feature-wise normalization; and 
• does not require vector quantization nor a predictor module.”
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Our Study: FairSSL (accepted to ICML 2026)

• Contribution: 
• Extend VICReg to a subject-

based setting to obtain fairer 
predictions
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JEPA

57

Assran et al., Self-Supervised Learning from Images with a Joint-
Embedding Predictive Architecture, 2023.

ViT

Lightweight ViT

EMA of 
context 
encoder



LeJEPA

58

Balestriero, LeJEPA: Provable and Scalable Self-Supervised 
Learning Without the Heuristics, 2025.

• Approach: Match high-dimensional embedding distribution to an isotropic Gaussian.
• However, this is very expensive and unstable in high dimensions. 
• Crame-Wold theorem: For two high-dimensional distributions to be identical, their 1D linear 

projections should be identical as well.



LeJEPA
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Balestriero, LeJEPA: Provable and Scalable Self-Supervised 
Learning Without the Heuristics, 2025.

𝔸: The set of random directions. 



LeJEPA
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Balestriero, LeJEPA: Provable and Scalable Self-Supervised 
Learning Without the Heuristics, 2025.



Non-Contrastive Approaches
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Bootstrap Your Own Latent (BYOL – Grill et al., 2020)

• Does not use negative samples. Not 
contrastive.

https://lilianweng.github.io/lil-log/2021/05/31/contrastive-representation-learning.html 62



Simple Siamese Representation Learning 
(SimSiam – Chen et al., 2020)
• “BYOL without momentum encoder”.

• Does not use negative samples. Not contrastive.

https://github.com/facebookresearch/simsiam 63



DINO: 
Distillation-based

Caron et al., Emerging Properties in Self-Supervised Vision 
Transformers, 2021.
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Clustering-based Approaches
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DeepCluster
Caron et al., Deep Clustering for Unsupervised 
Learning of Visual Features, 2019.

• Starts with a randomly initialized CNN for the clustering part.
• Clustering: K-means clustering.
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SwAV
Caron et al., Unsupervised Learning of Visual Features by 
Contrasting Cluster Assignments, 2021.
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SwAV

In contrast to DeepCluster, 
• SwAV uses online clustering 

(creating prototypes).
• SwAV uses soft-assignment to 

clusters (optimal transport).
• SwAV uses augmentations.

68



SwAV
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SwAV

• Prototypes are learnable embeddings and updated during training.
• Balanced optimal transport objective is used to ensure that samples are 

equally distributed to the prototypes.
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Franca
We present Franca (pronounced Fran-ka): ‘free’ one; the first 
fully open-source (data, code, weights) vision foundation model 
that matches—and in many cases surpasses—the performance 
of state-of-the-art proprietary models, e.g., DINOv2, CLIP, 
SigLIPv2, etc. Our approach is grounded in a transparent training 
pipeline inspired from WebSSL and uses publicly available data: 
Imagenet-21K and LAION-COCO (600M images). Beyond model 
release, we tackle critical limitations in self-supervised learning 
clustering methods. Existing approaches assign image features to 
large codebooks via clustering algorithms such as Sinkhorn-
Knopp, but they often overlook the inherent ambiguity in cluster 
semantics. To address this, we introduce a multi-head clustering 
projector based on nested Matryoshka representations. This 
design progressively refines features into increasingly fine-
grained clusters without increasing the model size, producing 
higher-quality dense representations. Additionally, we propose a 
novel positional disentanglement strategy that explicitly removes 
positional biases from dense representations. This leads to 
consistent gains on several downstream tasks, demonstrating the 
utility of cleaner feature spaces.

Venkataramanan et al., Franca: Nested Matryoshka Clustering 
for Scalable Visual Representation Learning, 2025.
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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

• Kumar et al., Contrastive self-supervised learning: review, progress, 
challenges and future research directions, 2022. 
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https://www.youtube.com/watch?v=05wUrb5Ej8Q&t=21252s
https://lilianweng.github.io/lil-log/2019/11/10/self-supervised-learning.html
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Deep reinforcement learning
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Reinforcement Learning

The agent receives reward 𝑟* for its actions.
74



More formally

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

• An agent’s behavior is defined by a policy, 𝜋:
𝜋: 𝒮 → 𝑃(𝒜)

𝒮: The space of states.
𝒜: The space of actions.

• The “return” from a state is usually:

𝑅! =-
"#!

$

𝛾 "%! 𝑟(𝑠", 𝑎")

 
𝑟(𝑠" , 𝑎"): the reward for action 𝑎" in state 𝑠".

     𝛾: discount factor.

• Goal: Learn a policy that maximizes the expected return from the starting position:
𝔼0!,2!~4,5!~6 𝑅7

75



More formally

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

• We can define an expected return for taking action 𝑎8 at state 𝑠8:
𝑄6 𝑠8, 𝑎8 = 𝔼0!"#,2!$#~4,5!$#~6 𝑅8	|	𝑠8, 𝑎8

• This can be rewritten as (the so-called the Bellman equation):
𝑄6 𝑠8, 𝑎8 = 𝔼0#,2#%&~4	 𝑟 𝑠8, 𝑎8 + 𝛾	𝔼5#%&~6 𝑄

6(𝑠8:7, 𝑎8:7)
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Reinforcement Learning with Deep Networks

• Two general approaches:
• Value gradients
• Policy gradients
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Q values of actions are 
predicted at the output.

2015
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Double DQN 

Problem with DQN (and Q learning): 
• Over-optimistic estimation owing to the max because the environment is noisy

2015

Q-learning DQN
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Double DQN 

Solution
• Separate action selection (actor) from action 

evaluation (critic)

2015

Double Q-learning Double DQN (DDQN)
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Policy gradients

http://karpathy.github.io/2016/05/31/rl/
85



Policy gradients

http://karpathy.github.io/2016/05/31/rl/
86



Policy gradients

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63 87



Policy gradients

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

This however does not depend 
on the policy network
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Policy gradients

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

By rewriting the probability as:

Taking the logarithm and the derivative:
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Policy gradients

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63 90



Actor-Critic Networks

https://lilianweng.github.io/posts/2018-04-08-policy-gradient/ 91



Actor-Critic Networks

https://lilianweng.github.io/posts/2018-04-08-policy-gradient/ 92



Actor-Critic Networks

From CMU CS10703 lecture slides

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63 93



Actor-Critic Networks

From CMU CS10703 lecture slides

https://medium.com/@thechrisyoon/deriving-policy-gradients-and-implementing-reinforce-f887949bd63 94



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)

Table & Fig: https://www.chenshiyu.top/blog/2019/06/12/An-Overview-of-Model-Based-Reinforcement-Learning/ 95



On-policy vs. Off-policy

https://core-robotics.gatech.edu/2022/02/28/bootcamp-summer-2020-week-4-on-policy-vs-off-policy-reinforcement-learning/ 96



Graph Neural Networks
Material from https://distill.pub/2021/gnn-intro/
 & a presentation by Sena Eşme

97

https://distill.pub/2021/gnn-intro/
https://distill.pub/2021/gnn-intro/
https://distill.pub/2021/gnn-intro/


A Simple Graph

• G = (V,E)
• V – Vertex
• E – Edge

98

V1 V2 V3 ..

V1 0 1 1

V2 1 0 1

V3 1 1 0

..

Adjacency matrix
VxV

undirected
directed

Material: https://distill.pub/2021/gnn-intro/



Graph Data

99Material: https://distill.pub/2021/gnn-intro/



Images as Graphs

100Material: https://distill.pub/2021/gnn-intro/



Text as Graphs

101Material: https://distill.pub/2021/gnn-intro/



What types of problems have graph structured data?

102

Three general types of prediction tasks on graphs:
• Node-level
• Edge-level
• Graph-level

Material: https://distill.pub/2021/gnn-intro/



Node-level

103

• Predict attributes about nodes or classify them

Zach’s Karate Club 

Material: https://distill.pub/2021/gnn-intro/



Edge-level

104

Predict whether there is a
connection between two nodes

• Social networks to infer social 
interactions or to suggest possible 
friends to the users

• Predicting which customer will buy
which product next

• Image scene understanding

Material: https://distill.pub/2021/gnn-intro/



Graph-level

105

• Classifying entire graphs.
• Predicting the molecule



The challenges of using graphs in machine learning

106

1- Size and Shape 2- Isomorphism

Non-Euclidean

3- Grid Structure

Material: https://distill.pub/2021/gnn-intro/



Graph Neural Networks

108

• A GNN is an optimizable transformation on all attributes of the graph 
(nodes, edges, global-context) that preserves graph symmetries 
(permutation invariances).

The Simplest GNN

graph-in, graph-out
Seperate MLP on each component
Message passing neural network Material: https://distill.pub/2021/gnn-intro/



GNN Predictions by Pooling Information

109

• Consider the task is to make binary classification on nodes, 
• Graph contains node information
• For each node embedding do linear classifier.

BUT WHAT IF THERE IS AN INFO IN EDGES? 

• Collect info from edges and give them to nodes -> pooling

Pooling:
1- For each item to be pooled, gather each of their embeddings and concatenate them 
into a matrix.
2- The gathered embeddings are then aggregated, via a sum operation.



110

have edge-level features, predict binary node information



111

have node-level features, predict binary edge information



112

have node-level features, predict binary global information



Overall Structure of GNNs
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Message Passing

114

Message passing works in three steps:

1- For each node in the graph, gather all the neighboring node embeddings.
2- Aggregate all messages via an aggregate function (like sum).
3- All pooled messages are passed through an update function.



Message Passing
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Learning Edge Representations

116

• Task is node prediction, but we only have edge information.
• Pooling is only at the final prediction step. 
• Within GNN, use message passing. 
• But the problem different size of node and edge information. 
• Solution: Linear mapping from space of edges to space of nodes or concatenate them

together before update. 



Adding Global Representation

117

• Nodes that are far away from each other may never be able to efficiently 
transfer information to each other.

• If all nodes be able to pass information to each other, computationally expensive
• Solution: Using global representation of a graph (U), master node or contex

vector. 


