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It all started with a bet…



Long Tradition of Scientific Bets

Betting Book 

Exeter College 

Oxford 

1815 



The Gelato Bet (2014)

• R-CNN just came out

– first big success of “Pre-train + Fine-tune” 

paradigm

• It was surprising (to me), that ImageNet 

pretraining helped in PASCAL detection

– Label sets were so different!  

• Was it the labels, or just the extra visual 

data? 



The Gelato Bet

"If, by the first day of autumn (Sept 23) of 2015, a method will exist that 
can match or beat the performance of R-CNN on Pascal VOC 
detection, without the use of any extra, human annotations (e.g. 
ImageNet labels) as pre-training, Mr. Malik promises to buy Mr. Efros
one (1) gelato (two scoops: one chocolate, one vanilla)."

Sept 23, 2014



One year later…

• Of course, I lost the bet:  



One year later…

• …but:

– First 4 self-supervised 

papers presented at ICCV 

2015

• Doersch et al, Agrawal et 

al, Wang et al, and 

Jayaraman et al.

– Yann LeCun liked my talk 

and posted on FB

– The rest is history…



Why do we have vision?

• “To see what is where by looking”

– Aristotle, Marr, etc

• .

• .

• .

• .

• “To make babies who make babies, etc”

– Darwin, Dawkins, etc.



Why do we have vision?

• “To see what is where by looking”

– Aristotle, Marr, etc.

• .

• “To predict the world”

– Jakob Uexküll, Jan Koenderink, Moshe Bar, etc.

• .

• “To make babies who make babies, etc”

– Darwin, Dawkins, etc.



The world as supervision
Try to predict some aspect of the world that we 

interact with / have effect on:

– What’s gonna happen next?

– What’s to my left?

– What can I touch?

– What will make a sound?

– Etc.



Self-Supervision

Drawing Hands, M.C. Escher, 1948



Self-Supervision in Multisensory Learning

Virginia De Sa, “Learning classification from unlabelled data”, NIPS 1994



Context as Supervision
[Collobert & Weston 2008; Mikolov et al. 2013]

Deep

Net
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Autoencoders [Hinton & Salakhutdinov, Science 2009]

Data Data

Self-supervision as data compression



Some data Other data

Self-supervision as data prediction



Color information: ab channelsGrayscale image: L channel

abL

[Zhang, Isola, Efros, ECCV 2016]



Grayscale image: L channel Color information: ab channels

abL

[Zhang, Isola, Efros, ECCV 2016]



Ansel Adams, Yosemite Valley Bridge



Our result



Migrant Mother
Dorothea Lange

1936



Our result



Grayscale image: L channel Color information: ab channels

abL

Semantics? Higher-

level abstraction?

[Zhang, Isola, Efros, ECCV 2016]



Deep Net “Electrophysiology”

[Zhou et al., ICLR 2015]

[Zeiler & Fergus, ECCV 2014]



Hidden Unit (conv5) Activations

sky

trees

water



faces

dog
faces

flowers

Hidden Unit (conv5) Activations



ImageNet Linear “Probing” – big mistake!

[Zhang, Isola, Efros, ECCV 2016]
The “probe” has 2000 * 1000 = 2,000,000 parameters!



Self-supervision as data prediction

Context Encoder

Pathak et al. CVPR 2016

Split-brain Autoencoder, Zhang et al, CVPR 2017



Self-supervision as 

transformation predication

T

Data x0

Network
Data x1



Context Prediction for Images

A B

Deorsch, Gupta, Efros ICCV 2015



Semantics from a non-semantic task



Self-Supervision via Constraints

Constraints 

on Data x1

Data

x0

Network

F(x) = y
– direct supervision

F(x) ∈ Y
– GANs

G(F(x)) = x
– cycle-consistency

• …



…

CycleGAN, or “there and back aGAN”

[Zhu*, Park*, Isola, Efros. ICCV 2017]

……



Video



Instance Learning

Data x0

Network
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Learning
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Exemplar-SVM: defining yourself by what you are not
[Malisiewicz, Gupta, Efros, ICCV’11]

One-against-all learning for image retrieval [Srivastava et al, SIGGRAPH‘11]

http://www.cs.cmu.edu/~tmalisie/projects/iccv11/
http://graphics.cs.cmu.edu/projects/crossDomainMatching/


Exemplar-CNN [Dosovitskiy et al, NIPS’14]

– single parametric representation (CNN)

– Data augmentation

https://arxiv.org/abs/1406.6909


Becker et al (1992)

de Sa (1993)

Bromley et al (1994)

Chopra et al (2005)

Dosovitsky et al (2014)

Bojanowski et al (2017)

Wu et al (2018) 

van den Oord et al (2019)

Tian et al (2019)

He et al (2019)

Chen et al (2020)

Modern Day: representations via Similarity Learning

• Metric Learning 
• Siamese Nets

• Contrastive Learning
• etc

1. Improvements in representation learning (e.g. Contrastive)
2. Improved Data Augmentations (e.g. cropping)



Data Augmentation

SimCLR augmentations (Chen et al, 2020)

input

Views

~ [0.0, 0.2]

~ [0.2, 0.8]

~ [0.5, 0.5]

~ [0.1, 5.0]

color 

crop

flip

blur

color 

crop

flip

blur



The choice of data augmentation 

is itself supervision

What should not be contrastive in contrastive learning

T Xiao, X Wang, AA Efros, T Darrell - ICLR 2021

https://arxiv.org/abs/2008.05659


So, where are we now?
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And the current winner is…
Data
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Context Encoder

Pathak et al. CVPR 2016
Masked Autoencoder 

He et al. 2021



And the current winner is…
Data

x1

Data

x0

NetworkData prediction

Masked Autoencoder 

He et al. 2021



GPT-envy: “prompting” instead of fine-tuning 

GPT-3

“Je suis désolé I’m sorry

J’adore la glace”

Prompt:

I love ice creamOutput:

Brown et al. , “Language Models are Few-Shot Learners”, NeurIPS 2020

Can we do this for visual data?



Visual Prompting

?

Task examples Query Result

Hertzmann, Aaron, et al. "Image analogies." SIGGRAPH 2001.

A A’ B B’

: :: :

?:: ::

Task examples Query Result



Visual Prompting

?:: ::

Task examples Query Result

?

?



Amir Bar       Yossi Gandelsman

Trevor Darrell, Amir Globerson, Alexei A Efros

Visual Prompting via Image Inpainting

NeurIPS 2022

* Equal contribution

?:: ::



Deep Inpainting to the rescue!

?

Visual prompt image

Inpainting
Model
(MAE)



Wide range of tasks

? ?

??

?

?

Colorization Segmentation

Style TransferEdge DetectionInpainting

Font Style Transfer



Training Data



Computer Vision Figures Dataset (CVFD)

• 88k images from cs.CV arxiv papers (2010 to 2022)
• Many figures have grid-like structure



Training Time

• Random 224x224 crops from figure images
• No parsing

• We train MAE-VQGAN, a variant of Masked-Autoencoder (MAE)

He et al. , “Masked Autoencoders Are Scalable Vision Learners”, CVPR 2022.



Synthetic Experiments

?

Shape ChangeColor Change Color & Shape Change

? ?



Various tasks

? ? ? ?

? ? ? ?

? ? ? ?



But MAE doesn’t seem to scale 



Sequential Modeling Enables 
Scalable Learning for 
Large Vision Models

Yutong Bai, Xinyang Geng,
Karttikeya Mangalam, Amir Bar,

Alan Yuille, Trevor Darrell, Jitendra Malik, Alexei A Efros

On arxiv



MAE -> LLM (but without language!) 

Data: ImageNet

Architecture: Masked Autoencoders

Loss function: L2 regression loss

Task Specification: Finetune



MAE -> LLM (but without language!) 
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MAE -> LLM (but without language!)  

Data: ImageNet 1.68B of images, 420B tokens,  50 Datasets 

Architecture: Masked Autoencoders Autoregressive Model 

Loss function: L2 regression loss Cross Entropy for next token

Task Specification: Finetune



MAE -> LLM (but without language!) 

Data: ImageNet 1.68 B of images, 420 B tokens,  50 Datasets 

Architecture: Masked Autoencoders Autoregressive Model 

Loss function: L2 regression loss Cross Entropy for next token

Task Specification: Finetune prompting



across: 
images, 
videos, 
supervised / unsupervised 
synthetic /real, 
all kinds of tasks
2D / 3D / 4D data etc.



Sentence -> Visual Sentence
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Videos

<BOS> <EOS>



Image sequences

<BOS> <EOS>



categories

<BOS> <EOS>



Images with annotation

<BOS> <EOS>



Images with annotation

<BOS> <EOS>

<BOS> <EOS>

<BOS> <EOS>

<BOS> <EOS>



Images with free form annotation

<BOS> <EOS>

<BOS> <EOS>

<EOS><BOS>



Videos with annotation

<EOS>

<BOS>



LVM: Large Vision Model

Single images, e.g. LAION

Image sequences, 
e.g. videos, 3D 
rotations, synthetic 
viewpoints

Images with annotation, 
e.g. style transfer, object 
detection, low light 
enhancement

Images with free form 
annotation,
e.g. object detection + 
instance segmentation etc

Videos with 
annotation, 
e.g. video 
segmentation

Visual Sentences

UVD:

Unified Vision 

Dataset

420B tokens,

60s Datasets.



Training Loss (1 epoch) ~ Validation Loss



Sequential Prompting

GeneratedPrompts

Prompts



Sequential Prompting

GeneratedPrompts GeneratedPrompts

GeneratedPrompts



Sequential Prompting



Sequential Prompting



Longer contexts



GeneratedPrompts

Sequential Prompting



Sequential Prompting



Analogy Prompting



Analogy Prompting





More complicated



More complicated



More complicated



More complicated



Unseen tasks



Unseen tasks



Not easily describable 



Not easily describable 



Not easily describable



Not easily describable



Raven’s Progressive Test (Non-verbal IQ test)

Raven, J. C. (1936)





Non-verbal IQ test



Non-verbal IQ test



Summary

•The dream of self-supervising ourselves with 
natural world data (rather than text) is alive 
and well!

•But we are still at the beginning of the journey

•Plenty left to do!



Thank you
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