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Generative vs. Self-supervised Learning

May 17, 2022

● Both aim to learn from data without manual label annotation.

● Generative learning aims to model data distribution pdata(x),  e.g., 
generating realistic images.

● Self-supervised learning methods solve “pretext” tasks that  produce 
good features for downstream tasks.
○ Learn with supervised learning objectives, e.g., classification,  regression.
○ Labels of these pretext tasks are generated automatically



Self-supervised learning

language modeling

GPT3 (Brown, Mann,  
Ryder, Subbiah et al., 2020)

speech synthesis

Wavenet (van den Oord et  
al., 2016)

robot / reinforcement learning

Dense Object Net (Florence  
and Manuelli et al., 2018)

computer vision

Doersch et al., 2015

May 17, 2022

...

Today’s lecture



Self-supervised pretext tasks

?

Example: learn to predict image transformations / complete corrupted images

image completion rotation prediction “jigsaw puzzle”

θ=?

colorization

May 17, 20224

1. Solving the pretext tasks allow the model to learn good features.
2. We can automatically generate labels for the pretext tasks.



How to evaluate a self-supervised learning method?

May 17, 2022

We usually don’t care about the performance of the self-supervised  
learning task, e.g., we don’t care if the model learns to predict image  
rotation perfectly.

Evaluate the learned feature encoders on downstream target tasks



Today’s Agenda

May 17, 2022

Pretext tasks from image transformations
- Rotation, rearrangement, coloring

Contrastive representation learning
- Intuition and formulation
- Instance contrastive learning: SimCLR and MOCO
- More recent methods

Generative algorithms
- Pretext impainting task
- Masked Image Modeling



Today’s Agenda

May 17, 2022

Pretext tasks from image transformations
- Rotation, rearrangement, coloring

Contrastive representation learning
- Intuition and formulation
- Instance contrastive learning: SimCLR and MOCO
- More recent methods

Generative algorithms
- Pretext impainting task
- Masked Image Modeling



How to evaluate a self-supervised learning method?

lots of  
unlabeled  

data

self-supervised  
learning

feature
extractor  
(e.g., a  

convnet)

90°

May 17, 20228

1. Learn good feature extractors from  self-
supervised pretext tasks, e.g.,  predicting 
image rotations

fcconv

Gidaris et al. ICLR 2018

https://arxiv.org/abs/1803.07728


How to evaluate a self-supervised learning method?

lots of  
unlabeled  

data

self-supervised  
learning

feature
extractor  

(e.g., a  
convnet)

small amount of  
labeled data on  
the target task

supervised  
learning

evaluate on the  
target task

e.g. classification, detection

90°

1. Learn good feature extractors from  self-
supervised pretext tasks, e.g.,  predicting 
image rotations

bird

conv linear
classifier

2. Attach a shallow network on the  feature 
extractor; train the shallow network on the target 
task with small  amount of labeled data

May 17, 2022

fcconv

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations

Hypothesis: a model could recognize the correct rotation of an object only if it has
the “visual commonsense” of what the object should look like unperturbed.

May 17, 2022Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations

May 17, 2022

Self-supervised  
learning by rotating  
the entire input  
images.

The model learns to  
predict which rotation  
is applied (4-way  
classification)

Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict rotations

Self-supervised  
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the entire input  
images.

The model learns to  
predict which rotation  
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Evaluation on semi-supervised learning

Self-supervised learning on
CIFAR10 (entire training set).

Freeze conv1 + conv2  Learn 
conv3 + linear layers  with 
subset of labeled
CIFAR10 data (classification).

May 17, 2022Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Transfer learned features to supervised learning

Pretrained with full  
ImageNet supervision

No pretraining

Self-supervised learning on  
ImageNet (entire training  
set) with AlexNet.

Finetune on labeled data  
from Pascal VOC 2007.

Self-supervised learning with rotation prediction

May 17, 2022Gidaris et al., Unsupervised Representation Learning by Predicting Image Rotations, ICLR 2018



Pretext task: predict relative patch locations

May 17, 2022Doersch et al., Unsupervised Visual Representation Learning by Context Prediction, ICCV 201515



Transfer learned features to supervised learning

“Ours” is feature learned from solving image Jigsaw puzzles (Noroozi &  
Favaro, 2016). Doersch et al. is the method with relative patch location

May 17, 2022Noroozi and Favaro, Unsupervised Learning of Visual Representations by Solving Jigsaw Puzzles, ECCV 2016



Pretext task: image coloring

May 17, 2022Zhang et al., Colorful Image Colorization, 2016 17



Summary: pretext tasks from image transformations

May 17, 2022

● Pretext tasks focus on “visual common sense”, e.g., predict rotations, inpainting,
rearrangement, and colorization.

● The models are forced learn good features about natural images, e.g.,  semantic 
representation of an object category, in order to solve the  pretext tasks.

● We don’t care about the performance of these pretext tasks, but rather  how useful the 
learned features are for downstream tasks (classification,  detection, segmentation).



May 17, 2022

● Pretext tasks focus on “visual common sense”, e.g., predict rotations,  inpainting, 
rearrangement, and colorization.

● The models are forced learn good features about natural images, e.g.,  semantic 
representation of an object category, in order to solve the  pretext tasks.

● We don’t care about the performance of these pretext tasks, but rather  how useful the 
learned features are for downstream tasks (classification,  detection, segmentation).

● Problems: 
1. coming up with individual pretext tasks is tedious
2. the learned representations may not be general.

Summary: pretext tasks from image transformations



Pretext tasks from image transformations

?

image completion rotation prediction “jigsaw puzzle”

θ=?

colorization

May 17, 2022

Learned representations may be tied to a specific pretext task!  

Can we come up with a more general pretext task?



A more general pretext task?

?

θ=?

same object

May 17, 2022



A more general pretext task?

?

θ=?

same object

different object

May 17, 2022



Contrastive Representation Learning

?

θ=?

attract

May 17, 2022

repel
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Contrastive Representation Learning

?

θ=?

attract

May 17, 2022

repel



Contrastive Representation Learning

?

θ=?

reference  

positive  

negative

May 17, 2022



A formulation of contrastive learning

What we want:

x: reference sample; x+ positive sample; x- negative sample

Given a chosen score function, we aim to learn an encoder function f
that yields high score for positive pairs (x,x+) and low scores for
negative pairs (x,x-).

May 17, 2022



A formulation of contrastive learning

May 17, 2022

Loss function given 1 positive sample and N - 1 negative samples:

28



...
May 17, 2022

A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:



score for the positive pair score for the N-1 negative pairs

May 17, 2022

A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

This seems familiar …

Cross entropy loss for a N-way softmax classifier!
i.e., learn to find the positive sample from the N samples



Commonly known as the InfoNCE loss (van den Oord et al., 2018)  A lower bound on 
the mutual information between f(x) and f(x+)

The larger the negative sample size (N), the tighter the bound

May 17, 2022

A formulation of contrastive learning

Loss function given 1 positive sample and N - 1 negative samples:

Poole et al., On Variational Bounds of Mutual Information, ICML 2019

https://arxiv.org/abs/1807.03748


SimCLR: A Simple Framework for Contrastive Learning

Use a projection network 𝑔(·) to project  
features to a space where contrastive  
learning is applied

Generate positive samples through data 
augmentation:
● random cropping, random color  

distortion, and random blur.

Cosine similarity as the score function:

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SimCLR: generating positive samples from  
data augmentation

33Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SimCLR

Generate a positive pair  
by sampling data  
augmentation functions

Chen et al., 2020

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


SimCLR

InfoNCE loss:
Use all non-positive  
samples in the  batch 
as x -

Generate a positive pair  
by sampling data  
augmentation functions

Chen et al., 202035

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


InfoNCE loss:
Use all non-positive  
samples in the  batch 
as x -

Generate a positive pair  
by sampling data  
augmentation functions

Iterate through and
use each of the 2N sample as 
reference,  compute average 
loss

SimCLR

Chen et al., 2020

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


SimCLR: mini-batch training

list of positive pairs

Each 2k and 2k + 1  
element is a positive pair

May 17, 2022

“Affinity matrix”



SimCLR: mini-batch training

list of positive pairs

= classification label for each row

Each 2k and 2k + 1  
element is a positive pair

“Affinity matrix”

May 17, 202268



Training linear classifier on SimCLR features

Train feature encoder on  
ImageNet (entire training set)  
using SimCLR.

Freeze feature encoder, train a  
linear classifier on top with  
labeled data.

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



Semi-supervised learning on SimCLR features

Train feature encoder on  
ImageNet (entire training set)  
using SimCLR.

Finetune the encoder with 1% /  10% 
of labeled data on ImageNet.

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SimCLR design choices: projection head

Linear / non-linear projection heads improve  
representation learning.

A possible explanation:
● contrastive learning objective may discard  

useful information for downstream tasks
● representation space z is trained to be  

invariant to data transformation.
● by leveraging the projection head g(ᐧ),  more 

information can be preserved in the  h 
representation space

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



SimCLR design choices: large batch size

Large training batch size is crucial for  
SimCLR!

Large batch size causes large memory  
footprint during backpropagation:  
requires distributed training on TPUs  
(ImageNet experiments)

Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020



43

Momentum Contrastive Learning (MoCo)

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



Momentum Contrastive Learning (MoCo)

Key differences to SimCLR:
no_grad

● Keep a running queue of keys
(negative samples).

● Compute gradients and update the  
encoder only through the queries.

● Decouple min-batch size with the  
number of keys: can support a large  
number of negative samples.

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



Momentum Contrastive Learning (MoCo)

Key differences to SimCLR:
no_grad

● Keep a running queue of keys
(negative samples).

● Compute gradients and update the  
encoder only through the queries.

● Decouple min-batch size with the  
number of keys: can support a large  
number of negative samples.

● The key encoder is slowly progressing  
through the momentum update rules:

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



MoCo

Generate a positive pair  
by sampling data  
augmentation functions

No gradient through  
the positive sample

Use the running  
queue of keys as the  
negative samples

InfoNCE loss

Update f_k through
momentumUpdate the FIFO negative 

sample queue
He et al., 2020

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


“MoCo V2”

A hybrid of ideas from SimCLR and MoCo:
● From SimCLR: non-linear projection 

head and strong data  augmentation.
● From MoCo: momentum-updated 

queues that allow training  on a large 
number of negative samples (no TPU 
required!).

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



MoCo vs. SimCLR vs. MoCo V2

Key takeaways:

● Non-linear projection head and strong 
data augmentation are crucial  for 
contrastive learning.

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020
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smaller batch size (256 vs. 8192).
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MoCo vs. SimCLR vs. MoCo V2

Key takeaways:

● Non-linear projection head and  strong 
data augmentation are crucial  for 
contrastive learning.

● Decoupling mini-batch size with  
negative sample size allows
MoCo-V2 to outperform SimCLR with  
smaller batch size (256 vs. 8192).

● … all with much smaller memory  
footprint! (“end-to-end” means  
SimCLR here)

Chen et al., Improved Baselines with Momentum Contrastive Learning, 2020



• Doesn’t need negative pairs
• Uses two networks (online and target), that interact and learn from each other

• Addition of a predictor to the online network
– making the architecture asymmetric

• Using the target network encourages encoding more and more information
within the online projection and avoids collapsed solutions

BYOL: Bootstrap Your Own Latent 

Grill et al., Bootstrap Your Own Latent, NeurIPS 2020

Target network: slow-moving 
average of the online parameters

51



• Doesn’t need negative pairs
• Uses two networks (online and target), that interact and learn from each other

BYOL: Bootstrap Your Own Latent 

52

Exchange the input of online 
and target networks

Grill et al., Bootstrap Your Own Latent, NeurIPS 2020



BYOL: Results

53Grill et al., Bootstrap Your Own Latent, NeurIPS 2020



DINO

54Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021



• DINO is inspired from BYOL

Centering

55

DINO

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



• From a given image, we generate a set V of different views.
– This set contains two global views, 𝑥!

" and 𝑥#
" and several local views of

smaller resolution

• All crops are passed through the student while only the global views
are passed through the teacher

– encouraging “local-to-global” correspondences.

56

DINO: SSL with Knowledge Distillation

𝜃! ← 𝜆𝜃! + (1 − 𝜆)𝜃"

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



57

DINO

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



Summary: Contrastive Representation Learning

A general formulation for contrastive learning:

InfoNCE loss: N-way classification among positive and negative samples

Commonly known as the InfoNCE loss (van den Oord et al., 2018)
A lower bound on the mutual information between f(x) and f(x+)

May 17, 202258

https://arxiv.org/abs/1807.03748


Summary: Contrastive Representation Learning

SimCLR: a simple framework for contrastive  
representation learning

● Key ideas: non-linear projection head to  
allow flexible representation learning

● Simple to implement, effective in learning  
visual representation

● Requires large training batch size to be  
effective; large memory footprint

May 17, 202259



Summary: Contrastive Representation Learning

MoCo (v1, v2): contrastive learning using  momentum 
sample encoder

● Decouples negative sample size from  minibatch size; 
allows large batch training 

● MoCo-v2 combines the key ideas from SimCLR, i.e., 
nonlinear projection head, strong data augmentation, 
with momentum contrastive learning

May 17, 2022



Summary: Self-Supervised Approaches w.o. negative pairs

Self-supervised learning without utilizing 
negative pairs

● Doesn’t need large minibatch size

BYOL

DINO

May 17, 2022
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Pretext task: predict missing pixels (inpainting)

Context Encoders: Feature Learning by Inpainting (Pathak et al., 2016)

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Learning to inpaint by reconstruction

Learning to reconstruct the missing pixels

64Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Inpainting evaluation

Input (context) reconstruction

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Learning to inpaint by reconstruction

Loss = reconstruction + adversarial learning

Adversarial loss between “real” images and inpainted images

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Inpainting evaluation

Input (context) reconstruction adversarial recon + adv

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



Transfer learned features to supervised learning

Self-supervised learning on ImageNet training set, transfer to  classification 
(Pascal VOC 2007), detection (Pascal VOC 2007), and  semantic segmentation 
(Pascal VOC 2012)

Pathak et al., Context Encoders: Feature Learning by Inpainting, CVPR 2016



• MIM leverages co-occurrence relationships among image patches as
supervision signals

• masking certain patches of the original image and subsequently
recovering the masked information.

– MIM represents a variant of the denoising AE (DAE) emphasizing the
importance of a robust representation that remains resilient to input noise.

Masked Image Modeling (MIM)

69



• Low-level targets: treats the task as a regression problem with the
original pixels as its target

– Masked Autoencoder (MAE)

• High-level targets: breaks down the input image into discrete visual
tokens, and then randomly masks a subset of the image patches

– BEiT

Masked Image Modeling (MIM)

70



• Bidirectional Encoder representation from Image Transformers

BEiT

71Bao et al., BEIT: BERT Pre-Training of Image Transformers, 2022



Masked Auto-Encoder (MAE)

He et al., Masked Autoencoders Are Scalable Vision Learners, 2021 72



73

MAE: Qualitative Results (on Validation Data)

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



• Comparisons with previous results on ImageNet1K.

74

MAE: Quantitative Results

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



• Contrastive or Similarity-based Representation Learning
– InfoNCE
– SimCLR
– MoCo (v1 & v2)
– BYOL
– DINO

• Masked Image Modeling (MIM)
• Image Impainting
• BEiT
• MAE

75

Summary


