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Introduction

ImageNet Story
● ImageNet is the large-scale benchmark for image classification 

✓ training: 1k categories, 1k images per category 

✓ testing: 100k images 

ILSVRC
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Introduction

Lots of Computer Vision Tasks

Classification
    Semantic 

Segmentation

     Object 

   Detection

     Instance 

Segmentation

CAT GRASS, CAT, TREE, SKY DOG, DOG, CAT DOG, DOG, CAT
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Introduction

To some extent, any visual task can now be solved 
● Collect a large-scale dataset labelled for the task of interest 

● Specify a training objective and neural network architecture 

● Train the model and deploy 

● Good and sufficient data is all you need 

The key question is: how can we train a high-performance model with limited data? 
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Introduction

Transfer Learning
● Train from Scratch 
Given a dataset with large number of 

manual annotations: 

● Transfer Learning 
Given a dataset with small number of 

manual annotations (k << n):
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Introduction

Transfer Learning
● Improvements in CNN architectures lead to improvements in many downstream 

tasks thanks to transfer learning! 
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Introduction

Learned Representations
● What is the problem with large-scale training? 

✓ We need a lot of labeled data 

● Is there a way we can train neural networks without the need for huge manually 

labeled datasets? 

Class Labels
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Introduction

Here, we find it

I always knew unsupervised learning was the right thing to do. 

                                                                         ---Geoffrey E. Hinton 

Basically it's the idea of learning to represent the world before 

learning a task, and this is what babies do. 

                                                                               --- Yann LeCun 

And so if we can build models of the world where we have the 

right abstractions, where we can pin down those changes to 

just one or a few variables, then we will be able to adapt to 

those changes because we don't need as much data, as 

much observation in order to figure out what has changed. 

                                                                            --- Yoshua Bengio
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Introduction

Why self-supervised learning (SSL)
● Human infants adopt very different ways for learning: 

✓ mainly from observation and manipulation 

✓ only require few explicit supervision 

✓ learn from multimodal data, e.g. vision, sound, touch, etc. 

✓ learn progressively, e.g. curriculum learning
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Introduction

Why self-supervised learning (SSL)
● Self-supervised learning is an alternative for learning representation: 

✓ save cost for manual annotations 

✓ more scalable training, e.g. billions of images are generated everyday 

✓ more robust visual representation learning 
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Introduction

Why self-supervised learning (SSL)
● A form of unsupervised learning where the 

data itself provides the supervision. 

● With hold some part of the data, and task 

the network with predicting it, termed as 

pretext task. 

● While solving the pretext task, the network 

is forced to learn what we really care 

about, e.g. a semantic representation. 



Shanghai Jiao Tong University  |  2026  |  yangxue.site 13

Introduction

What is self-supervised learning (SSL)
Pretext Task 

✓ Define a task based on the data itself 

✓ No manual annotation 

✓ Could be considered an unsupervised task, but 

we learn with supervised learning objectives, 

e.g., classification or regression.  

Downstream Task 
✓ The application you care about 

✓ You do not have large datasets 

✓ The dataset is labeled 
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Introduction

Pretext Task

Dataset (no labels)
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Introduction

Downstream Task

Decoder, 

Classifier, 

Regressor

Encoder 
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Dataset (with labels)
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Introduction

Pretext Tasks
● Example: learn to predict image transformations / complete corrupted images  

✓ Solving the pretext tasks allow the model to learn good features. 

✓ We can automatically generate labels for the pretext tasks.  

image completion                rotation prediction                “jigsaw puzzle”                      colorization 
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Introduction

How to evaluate a self-supervised learning method?
● There are generally two paradigms for evaluating the representation: 

✓ Evaluate on ImageNet with linear probing, i.e. freeze the feature encoder, and only 

train the classifier with labels 

✓ Evaluate on downstream tasks without fine-tuning, e.g. zero-shot transfer 
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Introduction

How to evaluate a self-supervised learning method?

lots of  
unlabeled  

data

self-supervised 
learning

feature 
extractor

supervised 
learning

evaluate on the 
target task

e.g. classification, detection

90°

conv fc

small amount of 
labeled data on 
the target task

bird

conv linear 
classifier

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

predicting image rotations

2. Attach a shallow network on the 
feature extractor; train the shallow 

network on the target task with small 
amount of labeled data
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Introduction

How to evaluate a self-supervised learning method?
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network on the target task with small 
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Introduction

Broader picture

Today’s lecture

computer vision language modeling speech synthesis

robot / reinforcement learning

Doersch et al., 2015

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

GPT-4 (OpenAI 2023)

Wavenet (van den Oord et 
al., 

2016)
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Traditional Self-supervised Learning

Pretext task: predict relative patch locations
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Traditional Self-supervised Learning

Pretext task: predict relative patch locations
● Randomly sample patches, and task the network to predict their relative position. 

● If the model solves this task, it may have learnt useful representation on object structure. 
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Traditional Self-supervised Learning

What does pretext task learn?     ---Nearest Neighbors
Input Random Initialization ImageNet AlexNet Method in Paper
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Traditional Self-supervised Learning

What does pretext task learn?     ---Object Detection
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Traditional Self-supervised Learning

Pretext task: solving “jigsaw puzzles”
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Traditional Self-supervised Learning

Pretext task: solving “jigsaw puzzles”
● Randomly shuffle the image patches. 

● Train a network to recover the image, e.g. their relative positions. 

● Scale the pairwise relation to multi-patch permutations. 
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Traditional Self-supervised Learning

Pretext task: solving “jigsaw puzzles”
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Traditional Self-supervised Learning

Pretext task: solving “jigsaw puzzles”
● “Ours” is feature learned from solving image Jigsaw 

● Doersch et al. is the method with relative patch location
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Traditional Self-supervised Learning

Pretext task: predict rotations
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Traditional Self-supervised Learning 

Pretext task: predict rotations
● Hypothesis (rotation invariance): 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.
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Traditional Self-supervised Learning 

Pretext task: predict rotations

Self-supervised learning by rotating 

the entire input images. 

The model learns to predict which 

rotation is applied (4-way classification)
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Traditional Self-supervised Learning 

Pretext task: predict rotations

Self-supervised learning by rotating 

the entire input images. 

The model learns to predict which 

rotation is applied (4-way classification)
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Traditional Self-supervised Learning 

Pretext task: predict rotations

Self-supervised learning on 

CIFAR10 (entire training set). 

Freeze conv1 + conv2 

Learn conv3 + linear layers with 

subset of labeled CIFAR10 data 

(classification).
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Traditional Self-supervised Learning 

Pretext task: predict rotations

Self-supervised learning on 

ImageNet (entire training set) 

Finetune on labeled data 

from Pascal VOC 2007.

Self-supervised learning with rotation prediction

Pretrained with full ImageNet supervision

No pretraining
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Traditional Self-supervised Learning 

Pretext task: image coloring
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Feed grayscale images as input, and task the model to colorize it. 

● Intuitively, if the network can colorize the image, it has to understand what the 

objects look like, e.g. the object patterns.
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Lab Color Space:
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Lab Color Space:



Shanghai Jiao Tong University  |  2026  |  yangxue.site 40

Traditional Self-supervised Learning 

Pretext task: image coloring

ECCV 2016 CVPR 2017
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Learning features from colorization: Split-brain Autoencoder

(a) Lab Images (b) RGB-D Images
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Split-brain Autoencoder Idea: cross-channel predictions
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Traditional Self-supervised Learning 

Pretext task: image coloring
● Transfer learned features to supervised learning

Supervised

Split-brain  

Autoencoder 

Self-supervised learning on 

ImageNet (entire training set). 

Use concatenated features 

from F1 and F2 

Labeled data is from the 

Places (Zhou 2016).
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Traditional Self-supervised Learning 

Pretext task: image coloring
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Traditional Self-supervised Learning 

Pretext task: video coloring
● Idea: model the temporal coherence of colors in videos

reference frame how should I color these frames?



Shanghai Jiao Tong University  |  2026  |  yangxue.site 46

Traditional Self-supervised Learning 

Pretext task: video coloring
● Hypothesis: learning to color video frames should allow model to learn to track 

regions or objects without labels!

reference frame how should I color these frames?

Should be the same color!
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Traditional Self-supervised Learning 

Pretext task: video coloring

● Learning objective: 
✓ Establish mappings between 

reference and target frames in 

a learned feature space. 

✓ Use the mapping as “pointers” 

to copy the correct color (LAB).



Shanghai Jiao Tong University  |  2026  |  yangxue.site 48

Traditional Self-supervised Learning 

Pretext task: video coloring

attention map on the 

reference frame
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Traditional Self-supervised Learning 

Pretext task: video coloring

attention map on the 

reference frame

predicted color = weighted 

sum of the reference color
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Traditional Self-supervised Learning 

Pretext task: video coloring

attention map on the 

reference frame

predicted color = weighted 

sum of the reference color

loss between predicted color 

and ground truth color
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Traditional Self-supervised Learning 

Pretext task: video coloring
reference frame target frames (gray) predicted color
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Traditional Self-supervised Learning 

Pretext task: video coloring
reference frame target frames (gray) predicted color
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Traditional Self-supervised Learning 

Pretext task: video coloring
● Tracking emerges from colorization 

● Propagate segmentation masks using learned attention
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Traditional Self-supervised Learning 

Pretext task: video coloring
● Tracking emerges from colorization 

● Propagate pose keypoints using learned attention
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Traditional Self-supervised Learning 

Pretext task: predict missing pixels (inpainting)
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Traditional Self-supervised Learning 

Pretext task: predict missing pixels (inpainting)
● Randomly mask some regions from the image. 

● Train a network to recover the missing regions.
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Traditional Self-supervised Learning 

Pretext task: predict missing pixels (inpainting)
● Loss = reconstruction + adversarial learning 

● Adversarial loss between “real” images and inpainted images
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Traditional Self-supervised Learning 

Pretext task: predict missing pixels (inpainting)

Input (context) reconstruction adversarial recon + adv
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Traditional Self-supervised Learning 

Pretext task: predict missing pixels (inpainting)
● Self-supervised learning on ImageNet training set, transfer to classification 

(Pascal VOC 2007), detection (Pascal VOC 2007), and semantic segmentation 

(Pascal VOC 2012)



Shanghai Jiao Tong University  |  2026  |  yangxue.site 60

Traditional Self-supervised Learning 

MAE: Masked Autoencoders Are Scalable Vision Learners
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Traditional Self-supervised Learning 

Reconstruction with a larger masked portion
masked reconstruction reconstruction+visible original

50% 

masking 

ratio

75% 

masking 

ratio

masked reconstruction reconstruction+visible original
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Traditional Self-supervised Learning 

How does MAE work? 
● Masking Methods: 
✓ Similar to the original ViT, divide the 

input into non-overlapping patches. 

✓ Uniformly sample a very large 

proportion (75%) of these patches 

and mask them. 

✓ Masking a high ratio makes 

predicting the task challenging and 

meaningful.
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Traditional Self-supervised Learning 

How does MAE work? 
● MAE Encoder 
✓ The encoder only operates on 

unmasked patches (25%) 

✓ Uses transformer blocks, Embeds the 

patches by linear projection and add 

positional embeddings 

✓ Since the input patches are a small part 

of the input, the encoder is chosen to be 

very large.  (encoder has over 9 times 

computations per token vs decoder) 
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Traditional Self-supervised Learning 

How does MAE work? 
● MAE Decoder 
✓ Merges the encoder outputs with the 

shared mask tokens in previously masked 

places, adding positional encodings. 

✓ Uses transformer blocks, followed by a 

linear projection for finalizing pixel 

reconstruction. 

✓ Is solely responsible for reconstruction, 

meaning it is not used posttraining. 

Hence, it is independent of the encoder 

design, making it flexible. This is an 

asymmetrical autoencoder design.
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Traditional Self-supervised Learning 

How does MAE work? 
● Reconstruction 
✓ The MSE (mean squared error 

loss) in the pixel space between 

the input image and the 

reconstructed image is adopted. 

✓ Loss is only computed for 

masked patches
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Traditional Self-supervised Learning 

Linear Probing vs Full Fine-tuning
● In linear probing, the pre-trained model is fixed, and only 

one linear layer is added at the end, to predict the labels 

(or produce the output). This method is used to assess 

the quality of representations from a pre-trained feature 

extraction model.  

● In fine-tuning, pre-trained model is further trained (not 

fixed), and one or more layers, possibly with non-

linearities are added. 
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Traditional Self-supervised Learning 

Linear Probing vs Full Fine-tuning

● Linear probing: provides a measure of representation 

quality of a pre-training in restricted conditions 

● Fine-tuning: exploits models near-true potential to adopt 

for new tasks 
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Traditional Self-supervised Learning 

Ablation Studies
● So many modeling/hyperparameter choices: 
✓ Masking ratio 

✓ Decoder depth 

✓ Decoder width 

✓ Mask token (used or not in encoder) 

✓ Reconstruction target 

✓ Data augmentation 

✓ Mask sampling method 

✓ Training schedule

m a s k s a m p l i n g 

strategies
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Traditional Self-supervised Learning 

Comparisons

Decoder depth Decoder width
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Traditional Self-supervised Learning 

MAE visualizations 
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Traditional Self-supervised Learning 

MAE visualizations 



Shanghai Jiao Tong University  |  2026  |  yangxue.site 72

Traditional Self-supervised Learning 

MAE visualizations 
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Traditional Self-supervised Learning 

Summary
● 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 often do not care about the performance of these pretext tasks, but rather how 

useful the learned features are for downstream tasks (classification, detection, 

segmentation). 
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Traditional Self-supervised Learning 

Summary
● Problems:  

✓ Coming up with individual pretext tasks is tedious. 

✓ The learned representations may not be general. 

image completion rotation prediction “jigsaw puzzle” colorization
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Modern Self-supervised Learning 

A more general pretext task?

same object
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Modern Self-supervised Learning 

A more general pretext task?

same object

different object
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Modern Self-supervised Learning 

Contrastive Representation Learning
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Modern Self-supervised Learning 

Contrastive Representation Learning
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Modern Self-supervised Learning 

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-).
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Modern Self-supervised Learning 

A formulation of contrastive learning
● Loss function given 1 positive sample and N - 1 negative samples: 
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Modern Self-supervised Learning 

A formulation of contrastive learning
● Loss function given 1 positive sample and N - 1 negative samples: 

● This seems familiar … 

score for the 

positive pair

score for the N-1 

negative pairs
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Modern Self-supervised Learning 

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

score for the 

positive pair

score for the N-1 

negative pairs
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Modern Self-supervised Learning 

A formulation of contrastive learning
● Loss function given 1 positive sample and N - 1 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+) 

● The larger the negative sample size (N), the tighter the bound
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Modern Self-supervised Learning 

SimCLR: A Simple Framework for Contrastive Learning
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Modern Self-supervised Learning 

SimCLR: A Simple Framework for Contrastive Learning
● Cosine similarity as the score function: 

● 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.
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Modern Self-supervised Learning 

Data Augmentation
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Modern Self-supervised Learning 

SimCLR

Generate a positive pair 

by sampling data 

augmentation functions
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Modern Self-supervised Learning 

SimCLR

Generate a positive pair 

by sampling data 

augmentation functions

InfoNCE loss: 

Use all non-positive 

samples in the batch 

as x-
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Modern Self-supervised Learning 

SimCLR

Generate a positive pair 

by sampling data 

augmentation functions

InfoNCE loss: 

Use all non-positive 

samples in the batch 

as x-

Iterate through and use 

each of the 2N sample as 

reference, compute 

average loss
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Modern Self-supervised Learning

SimCLR: mini-batch training

“Affinity matrix”

List of positive pairs

Each 2k and 2k+1 
element is a positive pair
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Modern Self-supervised Learning

SimCLR: mini-batch training

= classification label for each row

“Affinity matrix”

List of positive pairs

Each 2k and 2k+1 
element is a positive pair
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Modern Self-supervised Learning

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.
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Modern Self-supervised Learning

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.
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Modern Self-supervised Learning

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.
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Modern Self-supervised Learning

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
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Modern Self-supervised Learning

Momentum Contrastive Learning (MoCo)
● Key differences to SimCLR: 
✓ 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. 
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Modern Self-supervised Learning

Momentum Contrastive Learning (MoCo)
● Key differences to SimCLR: 
✓ 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:

𝜃𝑘 ← 𝑚𝜃𝑘 + (1 − 𝑚)𝜃𝑞
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Modern Self-supervised Learning

MoCo

Generate a positive pair 

by sampling data 

augmentation functions

No gradient through 

the key

Update the FIFO 

negative sample queue

Use the running queue of keys 

as the negative samples

InfoNCE loss

Update f_k through momentum



Shanghai Jiao Tong University  |  2026  |  yangxue.site 100

Modern Self-supervised Learning

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!). 
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Modern Self-supervised Learning

MoCo vs. SimCLR vs. MoCo V2
● Key takeaways: 

✓ Non-linear projection head and strong data augmentation are crucial for contrastive learning. 
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Modern Self-supervised Learning

MoCo vs. SimCLR vs. MoCo V2
● Key takeaways: 

✓ Decoupling mini-batch size with negative sample size allows MoCo-V2 to outperform SimCLR 

with smaller batch size (256 vs. 8192).
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Modern Self-supervised Learning

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) 
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Modern Self-supervised Learning

DINO: Self-Distillation with No Labels
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Modern Self-supervised Learning

DINO
● Input processing:  
✓ Two random augmentations are performed on the 

same image to generate global views (large 

crops) and local views (local crops). 

✓ Global views: Large patches (typically occupying 

50%-100% of the original image). 

✓ Local views: Small patches (typically occupying 

20%-50% of the original image), multiple views 

are generated (e.g., 8).
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Modern Self-supervised Learning

DINO
● Teacher Model: Input only global view (large 

tile), output probability distribution. 
✓ Teacher output undergoes Centering + 

Sharpening processing. 

✓ Gradients are not calculated to avoid mode 

collapse. 

● Student Model: Input global view + local 

views (1 large image + 8 small images). 
✓ Predicted outputs are calculated for all views.
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Modern Self-supervised Learning

DINO
● Cross-entropy loss is used to measure the 

consistency between student and teacher 

predictions:  
✓ For each view, the student output matches the 

teacher's output for the global view.  

✓ The total loss is a weighted sum of the losses 

for all views (with a higher weight for the 

global view).
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Modern Self-supervised Learning

DINO

● Centering:  
✓ Maintaining a moving average (mean) of 

teacher outputs. 

✓ Subtracting this mean from each batch 

prevents any one dimension from 

dominating.
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Modern Self-supervised Learning

DINO
● Sharpening: 
✓ Using a low temperature parameter 

τ_t < 1 makes the teacher output 

distribution sharper. 

✓ This forces the model to make more 

deterministic predictions, enhancing 

feature discrimination. 

✓ Students use a higher temperature 

τ_s > τ_t.: 
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Modern Self-supervised Learning

DINO
● The combination of momentum encoder and centering effectively prevents pattern collapse. 

● No contrastive learning or negative samples are required.
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Modern Self-supervised Learning

DINO v2
● Data: 10x larger + carefully selected deduplication 

● Model: ViT-Giant + hierarchical decoder 

● Training: Distillation target upgrade + longer LR schedule 

● Regulation: KoLeo + MSE patch, locking in high-quality geometry
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Thanks 
Welcome to join VisionXLab 

yangxue.site


