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Introduction



The Deep Learning Revolution

Representation Learning
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Manual Annotation of Video
• Manual annotation was* very tedious

﹘ Vatic (http://web.mit.edu/vondrick/vatic/)

﹘ Viper-GT (http://viper-toolkit.sourceforge.net/)

• Definition of an action is imprecise

﹘ Not as simple as physical extent of solids!

﹘ When does an action begin / end? 
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http://viper-toolkit.sourceforge.net/


Manual annotations…
• Hollywood 2 

﹘ Marcin Marszalek, Ivan Laptev, and Cordelia Schmid. 
"Actions in context." In CVPR 2009.

﹘ 810 + 884 videos

﹘ 12 actions

﹘ 69 Hollywood movies

• Hollywood 3 ?

﹘ Annotate all movies exhaustively

﹘ In charge of one of the movies



Manual Annotations
• Are expensive (if high quality)

• Are ambiguous

• Class definitions are not static

• Intractable with increasing complexity of the task



Baking the Cake
• Supervised Learning is needed!

• Unsupervised learning should do the heavy lifting

• Modern success of LLMs follows this exact recipe…

• Is the vision cake ready?

Yann LeCun, ~2016

Andrew Ng, 2023



1. Introduction
2. Large-Scale Self-Supervised Learning
3. Applications
4. Conclusion and Future Work

Outline



History of Self-Supervised Learning



~2015 a boom of creativity
• Idea: reuse previous machinery
• Generate labels from raw data!

• Then resort to good ol’ fashioned Supervised Learning

History of Self-Supervised Learning
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Instance 
Discrimination

History of Self-Supervised Learning

Dosovitskiy, Alexey, et al. "Discriminative unsupervised feature learning with convolutional neural networks." Advances in neural 
information processing systems 27 (2014).



Jigsaw Puzzles

History of Self-Supervised Learning
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Doersch, Carl, Abhinav Gupta, and Alexei A. Efros. "Unsupervised visual representation learning by context 
prediction." Proceedings of the IEEE international conference on computer vision. 2015.



Tracking

History of Self-Supervised Learning

Wang, Xiaolong, and Abhinav Gupta. "Unsupervised learning of visual representations using videos." Proceedings of the IEEE 
international conference on computer vision. 2015.



Colorization

History of Self-Supervised Learning

Zhang, Richard, Phillip Isola, and Alexei A. Efros. "Colorful image colorization." Computer Vision–ECCV 2016: 14th 
European Conference, Amsterdam, The Netherlands, October 11-14, 2016, Proceedings, Part III 14. Springer 
International Publishing, 2016.



RotNet

History of Self-Supervised Learning

Gidaris, Spyros, Praveer Singh, and Nikos Komodakis. "Unsupervised Representation Learning 
by Predicting Image Rotations." International Conference on Learning Representations. 2018.



Non-parametric instance discrimination

History of Self-Supervised Learning

Wu, Zhirong, et al. "Unsupervised feature learning via non-parametric instance 
discrimination." Proceedings of the IEEE conference on computer vision and pattern recognition. 
2018.



Joint-Embedding Architectures - SimCLR

History of Self-Supervised Learning

Chen, Ting, et al. "A simple framework for contrastive 
learning of visual representations." International 
conference on machine learning. PMLR, 2020.



CPCv2, SELA, 
MoCo, PIRL, 
SimCLR, 
MoCov2, PCL, 
BYOL, 
Barlow Twins, 
SimCLRv2, 
NN-CLR, 
VicReg…

History of Self-Supervised Learning



Large-Scale Self-Supervised Learning





Clustering-Inspired SSL



Discriminative clustering

v Group samples and train a discriminative model of groups

v Generative / discriminative clustering

v Can we train a CNN with this objective?

Clustering-Inspired SSL
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Joulin, A., Bach, F., & Ponce, J. (2010, June). Discriminative clustering for image 
co-segmentation. In 2010 IEEE Computer Society Conference on Computer Vision 
and Pattern Recognition(pp. 1943-1950). IEEE.

Bach, F., & Harchaoui, Z. (2007). Diffrac: a discriminative and flexible framework 
for clustering. Advances in Neural Information Processing Systems, 20.



NAT

v Main issue : avoid trivial solutions

v Solution : constrain Y as P x C

v C defines the neighborhood a priori (in Nxd)

v P is a NxN permutation matrix

v Used uniform distribution on a sphere for C

Clustering-Inspired SSL

<latexit sha1_base64="RI5GmrIEerkXBxV4lnI1N/ty3x0=">AAACE3icbVDLSgMxFM3UV62vqks3wSKoaJmRoi5cFArisoK1hU4dMmmmDWYyQ3JHKNP+gxt/xY0LRdy6ceffmD4W2nrgwsk595J7jx8LrsG2v63M3PzC4lJ2Obeyura+kd/cutVRoiir0UhEquETzQSXrAYcBGvEipHQF6zu31eGfv2BKc0jeQO9mLVC0pE84JSAkbz8oRty6aUudBmQI1wdYLcfeOPnfuMAH+Mqrrh97/LuxMsX7KI9Ap4lzoQU0ARVL//ltiOahEwCFUTrpmPH0EqJAk4FG+TcRLOY0HvSYU1DJQmZbqWjmwZ4zyhtHETKlAQ8Un9PpCTUuhf6pjMk0NXT3lD8z2smEJy3Ui7jBJik44+CRGCI8DAg3OaKURA9QwhV3OyKaZcoQsHEmDMhONMnz5Lbk6JzWixdlwrli0kcWbSDdtE+ctAZKqMrVEU1RNEjekav6M16sl6sd+tj3JqxJjPb6A+szx8aIpxc</latexit>

min
✓,P

kf✓(X)� PCk2F



DeepCluster
• Stochastic optimization of permutation matrices is hard

• Define a simpler algorithm!

• Key observation: a random AlexNet provides decent features

• Cluster initial features, using k-Means

• Treat the cluster assignments as labels and train with logistic loss

• Iterate…

Clustering-Inspired SSL



SwAV
• On-line version of DeepCluster

• Prototypes are the equivalent of centroids

• Better use of codebook using assignment

• Soft assignments instead of k-means 

• Not actually solving assignment, just a few steps of SK…

Clustering-Inspired SSL



Mutlicrop

v Working on custom Cropping function

v Training with smaller images : speed up and small perf loss

v Mixing scales and resolutions was bringing non trivial boost

30

All runs are with ResNet-50 and trained  for 400 epochs

Courtesy of Mathilde Caron



DINO
• Adapting SwAV to Vision Transformers

• Stripping the method down until it breaks 



v Sample two data augmentation of same image x1 and x2

v Compute the representations z1 and z2

v Compute the output

v Compute the loss

v Update parameters 

32
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Some ugly details
v For the teacher, we center the representation

v For both outputs, we use a softmax with low temperature

v Those two tricks avoid collapse
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DINOv2



Was the modeling effort worth it?

35
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Plateau in Performance
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Motivations for DINOv2
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Data Curation
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Model Scaling and Stability
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Distillation
• Instead of training a family of model, train one à the largest one!

• Obtain smaller models using distillation

• Our training loss is perfectly suited for this, stop the teacher!

• Trained ViT-{S, B, L} from the ViT-g (1.1B params)

• Interestingly, the ViT-L distilled works better than from scratch!

DINOv2



Retrieval

DINOv2

Query



Dense Prediction Tasks
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DINOv2 ViT-g/14

Linear



Dense Prediction Tasks
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OOD Generalization
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Emerging Properties



Surprising Matching
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Recent Improvements



Automatic Data Curation

Recent Improvements



Hierarchical Clustering

Recent Improvements



Fixing the attention maps of DINOv2

Recent Improvements



Registers

Recent Improvements



Results
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Applications



High-Resolution Canopy Height Estimation
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Canopy Height Estimation

Coverage Type Channels Beam

MAXAR Global Satellite RGB

GEDI Near-Global Satellite RGB + LIDAR 25m

NEON Small Airborne RGB + LIDAR 1m



Canopy Height Estimation
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Single-Cell Microscopy
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Single-Cell Microscopy

Precision diagnostics

Disease 1 Disease 2

Disease 3

Small-molecule drug screensGenetic perturbation screens

+

Gene 1

Gene 2

Gene 3

Control

Drug 4

Drug 2

Drug 3

Drug 1
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Conclusion and Future Work



Masked image modeling
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Learning Universal Visual Representations 



Physics data?




