
dvanced Computer Vision:  
Self-Supervised Learning

MLMI17 

Ayush Tewari



2

Why is this dataset necessary?

ImageNet [Deng et al., CVPR 2009] 
 >14M images with human-verified annotations!
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- Can we learn useful representations from unlabelled data? 

- What is an ideal representation? 

- Useful for many downstream tasks 

- Good representations are  

- Compact (only contains essential information) 

- Predictive (able to take actions that achieve desirable future outcomes) 

- Disentangled (independent factors) 

- Interpretable 

- ….

Self-Supervised Learning
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Detour: Vision Transformers

- Patches  

- Positional Encoding 

- Global [CLS] token 

- MLP Head
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What is self supervision?

- A general recipe: 

- Collect large quantities of unlabelled data 

- Define an auxiliary task 

- Train a model so solve this task 

- Pray
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Three classes of self-supervision

- Generative 

- Contrastive 

- Distillation
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Three classes of self-supervision

- Generative 

- Contrastive 

- Distillation
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Autoencoder

Reconstructed 
image

X̂X

compressed image code 
(vector z)
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Algorithmic Information Theory

- “Compression is intelligence” 

- Occam’s razor - Given multiple hypotheses that are consistent with the data, the 

simplest should be preferred 

- Solomonoff theory of inductive inference - “the best possible scientific model is the 

shortest algorithm that generates the empirical data under consideration”

car

road

building
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Autoencoder

Reconstructed 
image

X̂X

compressed image code 
(vector z)
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Autoencoder with skip connections

Reconstructed 
image

X̂X

Why does this model not learn good representations?
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Masked Autoencoders
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Masked Autoencoders
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Masked Autoencoders
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Masked Autoencoders
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Masked Autoencoders
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Masked Autoencoders
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Masked Autoencoders



19

Masked Autoencoders
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Masked Autoencoders
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How do we evaluate the quality?

- Linear probing 

- Linear transform from representation to the labels 

- Train with softmax
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How do we evaluate the quality?

- Linear probing 

- Linear transform from representation to the labels 

- Fine tuning

- Why does linear probing performance increase with depth?
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How do we evaluate the quality?
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Three classes of self-supervision

- Generative 

- Contrastive 

- Distillation
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Contrastive

- Do we need to preserve all information in the image? 

- What if I do not care about low-level details? 

- Contrastive learning! 

- Augmentations of an image should have similar representations 

Foundations of Computer Vision Torralba, Isola, Freeman 2024

Contrastive Learning — Transformations

ccc



26

Contrastive
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SimCLR - Augmentations



28

SimCLR - Architecture
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SimCLR - Architecture
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SimCLR - Architecture
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SimCLR - Loss Function

- Sample N images in a batch 

- Augment every image -> 2N total image 

- One positive example for every image, rest (2N-1) are negative

What does temperature do?
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SimCLR - Augmentations
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Contrastive

- Do we need to preserve all information in the image? 

- What if I do not care about low-level details? 

- Contrastive learning! 

- Augmentations of an image should have similar representations  

- Think of invariances
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Three classes of self-supervision

- Generative 

- Contrastive 

- Distillation
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Distillation-based Self-Supervision

- Starts from knowledge distillation
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Knowledge Distillation
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i
i
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Transfer Learning and Adaptation 549

37.4 Learning from a Teacher
When we first encountered supervised learning in chapter 9, we described it as learning
from examples. You are given a dataset of example inputs and their corresponding outputs
and the task is to infer the relationship that can explain these input-output pairs:

Learning from examples{x(i), y(i)}N
i=1! f✓!

This kind of learning is like having a very lazy teacher, who just gives you the answer
key to the homework questions but does not provide any explanations and won’t answer
questions. Taking that analogy forward, could we learn instead from a more instructive
teacher?

One way of formalizing this setting is to consider the teacher as a well-trained model
t : X ! Y that maps input queries to output answers. The student (the learner) observes
both data {x(i)}N

i=1 and has access to the teacher model t. The student can learn to imitate
the teacher’s outputs or can learn to match how the teacher processes the queries, matching
intermediate activations of the teacher model.

Learning from examples
can be considered a
special case of learning
from a teacher. It is the
case where the teacher is
the world and our only
access to the teacher is
observing outputs from it,
that is, the examples y that
match each input x.

Learning from a teacher
{x(i)}N

i=1

t : X ! Y ! f✓!

37.4.1 Knowledge distillation
Knowledge distillation is a simple and popular algorithm for learning a classifier from
a teacher. We assume that the teacher is a well-trained classifier that outputs a K – 1-
dimensional probability mass function (pmf), t : X !MK–1 (see section 9.7.3). The student,
a model f✓ : X !MK–1, simply tries to imitate the teacher’s output pmf: for each input x that
the student sees, its goal is to output the same pmf vector as the teacher outputs for x. The
full algorithm is given in the diagram below.

This section describes
knowledge distillation as
it was defined in [205],
which is the paper that
introduced the term. Note
that the term is now often
used to refer to the whole
family of algorithms that
have extended this
original method. See
[171] for a survey.

Knowledge Distillation

Objective
H(t(x), f✓(x))

Hypothesis space
f✓ : X !MK–1

{x(i)}N
i=1

t : X !MK–1 ! f✓!

Notice that this learning problem is very similar to softmax regression on labeled data,
and a diagram comparing the two is given in figure 37.4. The difference is that in knowledge
distillation the targets are not one-hot (like in standard label prediction problems) but rather
are more graded. The teacher outputs a probability vector that reflect the teacher’s belief
as to the class of the input, rather than the ground truth class of the input. These beliefs

Teacher Student

x
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Cross-entropy
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Knowledge distillation with no labels (DINO)
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Knowledge distillation with no labels (DINO)
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Knowledge distillation with no labels (DINO)

- Teacher and student have identical architecture 

- Crops 

- Two global (>50%) and several local views (<50%) 

- Teacher only sees global views

Orig. image Global crop Local cropLocal+Global crop

Teacher Student

Global crop

gθs
gθt

x

x1 x2

gt(x) gs(x)
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Knowledge distillation with no labels (DINO)

- Cross-entropy loss  

- Softmax applied before loss 

- We do not have a teacher?! 

- Teacher is an exponential moving average (EMA) of 

the student 

H(yt, ys)

θt = λθt + (1 − λ)θs

Local+Global crop

Teacher Student

Global crop

gθs
gθt

yt ys

Stop-gradient

x

x1 x2

softmax softmax

gt(x) gs(x)



Local+Global crop
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Knowledge distillation with no labels (DINO)

Teacher Student

Global crop

gθs
gθt

yt ys - What if output labels all collapse? 

- Centering (all images are in the same class) 

 

 

- Sharpening (all uniform probability) 

- low temperature in softmax 

 

gt(x) = gt(x) − c

c = mc + (1 − m)
1
B

B

∑
i=1

gt(x)

exp(y(i)
t /τ)

∑k exp(y(k)
t /τ)

Stop-gradient

centering

x

x1 x2

softmax softmax

gt(x) gs(x)



Local+Global crop
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Knowledge distillation with no labels (DINO)

Teacher Student

Global crop

gθs
gθt

yt ys

Stop-gradient

centering

x

x1 x2

softmax softmax

gt(x) gs(x)
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Knowledge distillation with no labels (DINO)

Why does it learn local information?
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Knowledge distillation with no labels (DINO)
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Knowledge distillation with no labels (DINO)
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Knowledge distillation with no labels (DINO)
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Knowledge distillation with no labels (DINO)
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Three classes of self-supervision

- Generative 

- Contrastive 

- Distillation
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What is self supervision?

- A general recipe: 

- Collect large quantities of unlabelled data 

- Define an auxiliary task 

- Train a model so solve this task 

- Pray
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