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Midterm 2 on Tuesday, April 28 in class
Syllabus: Lecture 9 onwards (Image classification with CNNs)



Last Class

● Recap 
○ Supervised vs Unsupervised Learning 
○ Why not always label data? 

● Semi-supervised Learning 
○ Concepts 
○ Example: pseudo-labels / self-training 

● Self-supervised Learning 
○ Concepts 
○ Pretext tasks 
○ Contrastive Learning 
○ Beyond images



Recap: Supervised vs Unsupervised Learning

Supervised Learning 

Data: (X, y) 

X = input/feature/image/… 

y = label/target

Unsupervised Learning 

Data: X 

Just X, no labels 

Learn about the structure of the data, 
i.e. P(X)

…..



Recap: Annotate Everything — Expensive, doesn’t Scale!

Slides from Andreas Geiger, MPI Tubingen

https://uni-tuebingen.de/fakultaeten/mathematisch-naturwissenschaftliche-fakultaet/fachbereiche/informatik/lehrstuehle/autonomous-vision/lectures/computer-vision/


Recap: Motivation - Humans learn with little supervision

Provided with very few “labeled” examples (someone pointing something out to us 
explicitly), we can generalize quite well.

Slides from Andreas Geiger, MPI Tubingen

https://uni-tuebingen.de/fakultaeten/mathematisch-naturwissenschaftliche-fakultaet/fachbereiche/informatik/lehrstuehle/autonomous-vision/lectures/computer-vision/


Recap: Semi-supervised Learning

● Given a small amount of labeled data 
● Given (usually) large amount of unlabeled data 
● Can          help us in getting a better model?

Now we see 
some unlabeled 
data points ….



Recap: Self-training

● Assume: one’s own high confidence predictions are correct!  

● Train model     on       

● Use      to  predict “pseudo-labels”  on   

● Add                            to labeled data 

● Repeat

Based off  Joelle Pineau’s COMP-551

https://www.cs.mcgill.ca/~jpineau/comp551/schedule.html


Recap: Self-supervised learning: Outline
• Data prediction 

• Colorization 

• Transformation prediction 
• Context prediction, jigsaw puzzle solving, rotation prediction 

• “Siamese” methods 
• Contrastive methods 
• Non-contrastive methods 

• Self-supervision beyond still images 
• 3D, audio, video, language



Colorization: Architecture

R. Zhang, P. Isola, and A. Efros, Colorful Image Colorization, ECCV 2016

At each spatial location, predict probability 
distribution over 313 quantized (a,b) values

http://richzhang.github.io/colorization/


Context prediction

C. Doersch, A. Gupta, A. Efros. Unsupervised Visual Representation Learning by Context Prediction. ICCV 2015

• Pretext task: randomly sample 
a patch and one of 8 neighbors 

• Guess the spatial relationship 
between the patches

A: Bottom right A: Top center

https://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Doersch_Unsupervised_Visual_Representation_ICCV_2015_paper.pdf


Jigsaw puzzle solving

M. Noroozi and P. Favaro. Unsupervised Learning of Visual Representations by Solving Jigsaw Puzzles. ECCV 2016

Crop out tiles Shuffle Pretext task: reassemble

Claim: jigsaw solving is easier than context prediction, trains faster, transfers better

https://arxiv.org/pdf/1603.09246.pdf


Rotation prediction

S. Gidaris, P. Singh, and N. Komodakis. Unsupervised representation learning by predicting image rotations.  ICLR 2018

• Pretext task: recognize image rotation (0, 90, 180, 270 degrees)

https://arxiv.org/pdf/1803.07728.pdf


PASCAL VOC Transfer Results

Method Classification Detection (mAP) Segmentation (mIoU)

Supervised (ImageNet) 79.9 56.8 48.0

Colorization 65.6 46.9 35.6
Context 65.3 51.1
Jigsaw 67.6 53.2 37.6
Rotation 73.0 54.4 39.1



Contrastive methods
• Encourage representations of transformed versions of the 

same image to be the same and different images to be 
different 

Figure 
source

https://amitness.com/2020/03/illustrated-pirl/
https://amitness.com/2020/03/illustrated-pirl/
https://amitness.com/2020/03/illustrated-pirl/


Contrastive loss formulation
• Given:  

• Query point   

• Positive sample : version of  subjected to a random transformation 
or augmentation (cropping, rotation, color change, etc.)  

• Negative samples 
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Contrastive loss formulation
• Given: query , positive sample , negative samples  
• Measure similarity by dot product of L2-normalized feature 

representations:  

• Contrastive loss: make  similar to , dissimilar from : 

• Intuitively, this is the loss of a softmax classifier that tries to 
classify  as 
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MoCo results

K. He et al. Momentum Contrast for Unsupervised Visual Representation Learning. CVPR 2020

Comparison on linear ImageNet classification 
(supervised accuracy above 75%)

https://openaccess.thecvf.com/content_CVPR_2020/papers/He_Momentum_Contrast_for_Unsupervised_Visual_Representation_Learning_CVPR_2020_paper.pdf


SimCLR

T. Chen, S. Kornblith, M. Norouzi, and G. Hinton. A Simple Framework for Contrastive Learning of Visual 
Representations. ICML 2020

• Instead of memory bank or 
queue, use large mini-batch 
size (on cloud TPU) 

• Introduce nonlinear 
projection ( ) between 
representation ( ) and 
feature used for computing 
contrastive loss ( )

(

h

)

https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf
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SimCLR

T. Chen, S. Kornblith, M. Norouzi, and G. Hinton. A Simple Framework for Contrastive Learning of Visual 
Representations. ICML 2020

• Performed extensive ablation study of data augmentations 
• Found that composing multiple augmentations gives the 

best results 

https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf


SimCLR: Evaluation

T. Chen, S. Kornblith, M. Norouzi, and G. Hinton. A Simple Framework for Contrastive Learning of Visual 
Representations. ICML 2020

No detection evaluation

https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf
https://arxiv.org/pdf/2002.05709.pdf




Ideas from SimCLR improve MoCo too!



Non-contrastive methods
• Extract representations from two transformed versions of  

a data point, encourage these representations to be similar (or 
to have other desirable properties) 

• Contrastive methods: train using both positive (similar) and negative 
(dissimilar) pairs 

• Key challenge: sampling of negative pairs 

• Non-contrastive methods: train with only positive examples 
• Key challenge: avoiding degenerate solutions (all representations collapsing 

to constant output value)

Source: A. Efros

Similarity 
score

Data *(!) Network

Data *′ (!) Network



BYOL

J.-B. Grill et al. Bootstrap Your Own Latent A New Approach to Self-Supervised Learning. NeurIPS 2020 

• Use momentum encoder, but without the queue of negative examples 
• Use projection head like SimCLR, add prediction head to online 

network

https://papers.nips.cc/paper/2020/file/f3ada80d5c4ee70142b17b8192b2958e-Paper.pdf


BYOL
Minimize squared error between normalized predictions and target 

projections: 

Update parameters: 

Keep fθ at the end



BYOL: Evaluation



Why does BYOL work?
Why is does this lead to a non-trivial solution?  
A trivial solution is to map every image to a constant vector! 

Asymmetric learning — two networks have different learning 
rules, one uses SGD on the loss and other uses EMA 

Does batch normalization play a role?  
• Removing BN resulted in a network that performed no better 

than random. Originally a bug in the code! 
• https://imbue.com/research/2020-08-24-understanding-self-

supervised-contrastive-learning/

https://imbue.com/research/2020-08-24-understanding-self-supervised-contrastive-learning/
https://imbue.com/research/2020-08-24-understanding-self-supervised-contrastive-learning/


DINO
Similar to BYOL 

Softmax labels + cross-entropy loss  

Extensive use of ViTs

Emerging Properties in Self-Supervised Vision Transformers, Caron et al., 2021



DINO

Emerging Properties in Self-Supervised Vision Transformers, Caron et al., 2021



DINO

Emerging Properties in Self-Supervised Vision Transformers, Caron et al., 2021

Also good at spatial tasks



Post 2021
Transition from ConvNets to Vision Transformers 

Scaling SSL to larger datasets and model sizes 

Improved performance on spatial tasks (detection, segmentation, 
image matching) 



Masked auto-encoders
Inspired by masked auto-encoders from language 
Works especially well for ViTs as they operate on patches

Masked Autoencoders Are Scalable Vision Learners, He et al., 2021
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Masked auto-encoders

Masked Autoencoders Are Scalable Vision Learners, He et al., 2021

Starting to beat supervised 
ImageNet, but requires lot 

more compute!



DINOv3
Careful model and dataset scaling 

Model sizes up to 7B parameters compared to ~1B for DINO 
Training set ~ 17 billion images subsampled to 1,689 million images 

though various data curation strategies 

Training objective: DINO loss + … + Gram-Anchoring loss  

Gram-Anchoring encourages attention maps across layers to be similar — 
fights the tendency of ViTs to collapse semantics into specific tokens! 

Exceptional performance on spatial tasks



DINOv3



DINOv3



Self-supervised learning: Outline
• Data prediction 

• Colorization 

• Transformation prediction 
• Context prediction, jigsaw puzzle solving, rotation prediction 

• “Siamese” methods 
• Contrastive methods 
• Non-contrastive methods 

• Self-supervision beyond still images 
• Video, audio, language



CLIP: Connecting text and images
Trained on 400 million (image, text) pairs 
Models and code available on “OpenAI CLIP” 



CLIP: Connecting text and images
Zero-shot prediction via text prompts 



CLIP: Connecting text and images



WildSAT — Learning Satellite Image Representations

WildSAT: Learning Satellite Image Representations from Wildlife Observations, Rangel Daroya, Elijah Cole, Oisin Mac Aodha, Grant Van Horn, Subhransu Maji, ICCV’25



WildSAT — Learning Satellite Image Representations

WildSAT: Learning Satellite Image Representations from Wildlife Observations, Rangel Daroya, Elijah Cole, Oisin Mac Aodha, Grant Van Horn, Subhransu Maji, ICCV’25



WildSAT — Learning Satellite Image Representations

WildSAT: Learning Satellite Image Representations from Wildlife Observations, Rangel Daroya, Elijah Cole, Oisin Mac Aodha, Grant Van Horn, Subhransu Maji, ICCV’25



WildSAT — Learning Satellite Image Representations

WildSAT: Learning Satellite Image Representations from Wildlife Observations, Rangel Daroya, Elijah Cole, Oisin Mac Aodha, Grant Van Horn, Subhransu Maji, ICCV’25



WildSAT — Learning Satellite Image Representations

WildSAT: Learning Satellite Image Representations from Wildlife Observations, Rangel Daroya, Elijah Cole, Oisin Mac Aodha, Grant Van Horn, Subhransu Maji, ICCV’25



Video correspondence features

A. Jabri, A. Owens, and A. Efros. Space-time correspondence as a contrastive random walk. NeurIPS 
2020

https://proceedings.neurips.cc/paper/2020/file/e2ef524fbf3d9fe611d5a8e90fefdc9c-Paper.pdf


Future prediction

J. Walker et al. An Uncertain Future: Forecasting from Static Images Using Variational Autoencoders. ECCV 2016

http://arxiv.org/pdf/1606.07873.pdf
http://arxiv.org/pdf/1606.07873.pdf
http://arxiv.org/pdf/1606.07873.pdf
http://arxiv.org/pdf/1606.07873.pdf


3D shapes and convexity

● Task: Label 3D objects (chairs, tables..) into parts (legs, back, handles…)



Approximate Convex Decomposition

● Pretext Task: Approximate Convex Decomposition 
○ Get a large number of unlabeled 3D shapes 
○ Run off-the-shelf “ACD” software to get decompositions 
○ Train your favorite 3D neural network on this, and then apply on final task

http://www.cs.tau.ac.il/~noafish/wcseg/


10-Shot Segmentation Results

[ECCV 2020]

Gadelha and RoyChowdhury, et al., ECCV 2020

https://arxiv.org/pdf/2003.13834.pdf


Large Language Models

https://twitter.com/thealexbanks/status/1624400398114234370

Finetuning 
ChatGPT

Instruction tuning 
Preference alignment

pre-train transformers on text



Summary of self-supervision via pretext-tasks

Slides from Andreas Geiger, MPI Tubingen

https://uni-tuebingen.de/fakultaeten/mathematisch-naturwissenschaftliche-fakultaet/fachbereiche/informatik/lehrstuehle/autonomous-vision/lectures/computer-vision/

