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Abstract Perception
“what” (high-level, conceptual)

Dense Perception
“where” (low-level, spatial)
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Embed
ding

Vision Transformer (ViT)

Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR 2021.
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Transformer

● Non-vision specific model

○ Typically applied to 1-D sequence data

● Transformer “encoder”

○ A stack of alternating self-attention and MLP blocks
○ Residuals and LayerNorm

Vaswani et al., Attention Is All You Need, NeurIPS 2017Figure from Vaswani et al.

● Transformer “decoder” (not shown)

○ A slightly more involved architecture useful when the 
output space is different from the input space (e.g. 
translation)
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ConvNet vs Transformer

Convolution

Convolution

Convolution

Convolution

Input

ConvNet

...

Convolutions (with kernels > 1x1) mix both the 
channels and the spatial locations

spatial

channels

MLP

Self-attention

MLP

Self-attention

Transformer (encoder)

...

MLPs (=1x1 convs) only mix the channels, per location
Self-attention mixes the spatial locations (and channels a bit)

Input

spatial

channels

*ResNets have grouped of 1x1 convolutions that are nearly identical to transformer’s MLPs

Trained 
end-to-end
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Self-attention
● Each of the tokens (=vectors) attends to all tokens

Vaswani et al., Attention Is All You Need, NeurIPS 2017

Simplified! Multi-headed attention not shown

○ Extra tricks: learned key, query, and value 

projections, inverse-sqrt scaling in the softmax, and 

multi-headed attention (omit for simplicity)

● It’s a set operation (permutation-invariant)

○ ...and hence need “position embeddings” to 

“remember” the spatial structure 

● It’s a global operation

○ Aggregates information from all tokens
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Self-Attention with Queries, Keys, Values

Make three version of each input embedding x(i)

[Julia Hockenmaier, Lecture 9, UIUC]
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Transformer self-attention layer

Input:           (matrix of n embedding vectors, each dim m)

Parameters (learned):

Compute: 

 

n
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Transformer self-attention

Self-attention explicitly models interactions between all pairs of input embeddings

n x n  attention map (each row-sum = 1)

Output matrix H = 
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Multi-Head attention
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Positional Encoding (1-D)

How to capture sequence order?

Add positional embeddings to input embeddings

- Same dimension
- Can be learned or fixed

Fixed encoding: sin / cos of different frequencies: 
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Abstract Perception
“what” (high-level, conceptual)

Dense Perception
“where” (low-level, spatial)
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Abstract Perception
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Visual Cue: Self-Supervised Learning (e.g., DINO)
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Standard for Image Encoder: Contrastive Learning

Siméoni et al. DINOv3. arXiv 2025.
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ConvNet

Dog

I

<latexit sha1_base64="UMBKcX4627dw7ura0nNTPruZI88=">AAAB83icbVDLSsNAFL2pr1pfUZduBlvBVUmKoO6KbnRXwT6gCWUynbRDJ5MwMxFK6G+4caGIW3/GnX/jpM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MOjjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyW3ud5+oVCwWj3qaUD/CI8FCRrA2klfzIqzHQZjdz2oDu+rUnTnQKnELUoUCrYH95Q1jkkZUaMKxUn3XSbSfYakZ4XRW8VJFE0wmeET7hgocUeVn88wzdGaUIQpjaZ7QaK7+3shwpNQ0CsxkHlEte7n4n9dPdXjlZ0wkqaaCLA6FKUc6RnkBaMgkJZpPDcFEMpMVkTGWmGhTU8WU4C5/eZV0GnX3on790Kg2b4o6ynACp3AOLlxCE+6gBW0gkMAzvMKblVov1rv1sRgtWcXOMfyB9fkDdcaRUw==</latexit>

Supervised Learning

Tree

Table

Tree

Model Prediction LabelInput

UpdateUpdate
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5

Can we get labels for all data?

1E+00

1E+06

1E+12

Bounding Boxes Image Level Internet Photos Real World
ImageNet (14 million images) needed 22 human years to label
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The hope of generalization ... ?

Jigsaw

Pre-train data ConvN
ConvNet

Linear classifiers 
on "fixed" features

Pre-training

Weak or self-supervised

Transfer
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Learn features such that: 

Popular & Common principle for most methods

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))
Figure from Dosovitskiy et al., 2014



Contrastive Learning

26

Learn features such that: 

Learned features are invariant to "nuisance factors" 
or data augmentation

Why is it useful?

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))
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Can it work?

encode

Image

similaritygrad

encode

grad

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))
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Trivial Solutions

encode

Image

similaritygrad

encode

grad

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))

<latexit sha1_base64="b/iKHgqtZGFTzESnpFbegMmgAhc="></latexit>

f✓(I) = constant

Satisfies the invariance property, but not useful



Contrastive Learning

29

Many ways to avoid trivial solutions
Similarity Maximization Objective
• Contrastive learning

• MoCo, PIRL, SimCLR
• Clustering

• DeepCluster, SeLA, SwAV
• Distillation

• BYOL, SimSiam, DINO

Redundancy Reduction Objective
• Redundancy Reduction

• Barlow Twins, VICReg
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ConvNet

I

<latexit sha1_base64="UMBKcX4627dw7ura0nNTPruZI88=">AAAB83icbVDLSsNAFL2pr1pfUZduBlvBVUmKoO6KbnRXwT6gCWUynbRDJ5MwMxFK6G+4caGIW3/GnX/jpM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MOjjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyW3ud5+oVCwWj3qaUD/CI8FCRrA2klfzIqzHQZjdz2oDu+rUnTnQKnELUoUCrYH95Q1jkkZUaMKxUn3XSbSfYakZ4XRW8VJFE0wmeET7hgocUeVn88wzdGaUIQpjaZ7QaK7+3shwpNQ0CsxkHlEte7n4n9dPdXjlZ0wkqaaCLA6FKUc6RnkBaMgkJZpPDcFEMpMVkTGWmGhTU8WU4C5/eZV0GnX3on790Kg2b4o6ynACp3AOLlxCE+6gBW0gkMAzvMKblVov1rv1sRgtWcXOMfyB9fkDdcaRUw==</latexit>

It

<latexit sha1_base64="MXdteYo7j3dYYQsNtpapn5lT1fY=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CrtBUG9BL3qLYB6QbMLsZDYZMvtgplcJS/7DiwdFvPov3vwbZ5McNLFgoKjqpmvKi6XQaNvf1srq2vrGZm4rv72zu7dfODhs6ChRjNdZJCPV8qjmUoS8jgIlb8WK08CTvOmNbjK/+ciVFlH4gOOYuwEdhMIXjKKRuqVOQHHo+endpIulXqFol+0pyDJx5qQIc9R6ha9OP2JJwENkkmrdduwY3ZQqFEzySb6TaB5TNqID3jY0pAHXbjpNPSGnRukTP1LmhUim6u+NlAZajwPPTGYh9aKXif957QT9SzcVYZwgD9nskJ9IghHJKiB9oThDOTaEMiVMVsKGVFGGpqi8KcFZ/PIyaVTKznn56r5SrF7P68jBMZzAGThwAVW4hRrUgYGCZ3iFN+vJerHerY/Z6Io13zmCP7A+fwAHuJI5</latexit>

ConvNet

Be similar

Image 

Transform


t

I

<latexit sha1_base64="UMBKcX4627dw7ura0nNTPruZI88=">AAAB83icbVDLSsNAFL2pr1pfUZduBlvBVUmKoO6KbnRXwT6gCWUynbRDJ5MwMxFK6G+4caGIW3/GnX/jpM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MOjjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyW3ud5+oVCwWj3qaUD/CI8FCRrA2klfzIqzHQZjdz2oDu+rUnTnQKnELUoUCrYH95Q1jkkZUaMKxUn3XSbSfYakZ4XRW8VJFE0wmeET7hgocUeVn88wzdGaUIQpjaZ7QaK7+3shwpNQ0CsxkHlEte7n4n9dPdXjlZ0wkqaaCLA6FKUc6RnkBaMgkJZpPDcFEMpMVkTGWmGhTU8WU4C5/eZV0GnX3on790Kg2b4o6ynACp3AOLlxCE+6gBW0gkMAzvMKblVov1rv1sRgtWcXOMfyB9fkDdcaRUw==</latexit>

It

<latexit sha1_base64="MXdteYo7j3dYYQsNtpapn5lT1fY=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CrtBUG9BL3qLYB6QbMLsZDYZMvtgplcJS/7DiwdFvPov3vwbZ5McNLFgoKjqpmvKi6XQaNvf1srq2vrGZm4rv72zu7dfODhs6ChRjNdZJCPV8qjmUoS8jgIlb8WK08CTvOmNbjK/+ciVFlH4gOOYuwEdhMIXjKKRuqVOQHHo+endpIulXqFol+0pyDJx5qQIc9R6ha9OP2JJwENkkmrdduwY3ZQqFEzySb6TaB5TNqID3jY0pAHXbjpNPSGnRukTP1LmhUim6u+NlAZajwPPTGYh9aKXif957QT9SzcVYZwgD9nskJ9IghHJKiB9oThDOTaEMiVMVsKGVFGGpqi8KcFZ/PIyaVTKznn56r5SrF7P68jBMZzAGThwAVW4hRrUgYGCZ3iFN+vJerHerY/Z6Io13zmCP7A+fwAHuJI5</latexit>

Invariant to Pretext transform}

Shared

Lcontrastive(vI,vIt)
<latexit sha1_base64="A/7PWM+VVfPfU7Nqhfeek7uRT9E="></latexit>

PIRL

Invariance to

- Data Augmentations

- Multiple views created by 

pretext task (Jigsaw/Rotation)
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Contrastive Learning in PIRL
Loss Function

d( d() )<
d( d() )<

Image Feature &

 Patch Features

} }
Random Images

Dataset

I

<latexit sha1_base64="UMBKcX4627dw7ura0nNTPruZI88=">AAAB83icbVDLSsNAFL2pr1pfUZduBlvBVUmKoO6KbnRXwT6gCWUynbRDJ5MwMxFK6G+4caGIW3/GnX/jpM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MOjjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyW3ud5+oVCwWj3qaUD/CI8FCRrA2klfzIqzHQZjdz2oDu+rUnTnQKnELUoUCrYH95Q1jkkZUaMKxUn3XSbSfYakZ4XRW8VJFE0wmeET7hgocUeVn88wzdGaUIQpjaZ7QaK7+3shwpNQ0CsxkHlEte7n4n9dPdXjlZ0wkqaaCLA6FKUc6RnkBaMgkJZpPDcFEMpMVkTGWmGhTU8WU4C5/eZV0GnX3on790Kg2b4o6ynACp3AOLlxCE+6gBW0gkMAzvMKblVov1rv1sRgtWcXOMfyB9fkDdcaRUw==</latexit>

It

<latexit sha1_base64="MXdteYo7j3dYYQsNtpapn5lT1fY=">AAAB9XicbVDLSgNBEOz1GeMr6tHLYCJ4CrtBUG9BL3qLYB6QbMLsZDYZMvtgplcJS/7DiwdFvPov3vwbZ5McNLFgoKjqpmvKi6XQaNvf1srq2vrGZm4rv72zu7dfODhs6ChRjNdZJCPV8qjmUoS8jgIlb8WK08CTvOmNbjK/+ciVFlH4gOOYuwEdhMIXjKKRuqVOQHHo+endpIulXqFol+0pyDJx5qQIc9R6ha9OP2JJwENkkmrdduwY3ZQqFEzySb6TaB5TNqID3jY0pAHXbjpNPSGnRukTP1LmhUim6u+NlAZajwPPTGYh9aKXif957QT9SzcVYZwgD9nskJ9IghHJKiB9oThDOTaEMiVMVsKGVFGGpqi8KcFZ/PIyaVTKznn56r5SrF7P68jBMZzAGThwAVW4hRrUgYGCZ3iFN+vJerHerY/Z6Io13zmCP7A+fwAHuJI5</latexit>
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Good negatives are necessary
Loss Function

Embeddings from related images should be 
closer than embeddings from unrelated images

Hadsell et al., 2005, DrLim

d( d() )<
d( d() )<

Positive
(Related)

Negative
(Unrelated)

Good negatives are very important in contrastive learning
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SimCLR
• Large batch size - e.g. in SimCLR
• Pros - Simple to implement
• Cons - Large batch size

GPU 1 GPU 2 GPU 3
<latexit sha1_base64="OAn25CW4BMdCost54elChDnwU60=">AAAB8XicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGIiYIQL2VvmYMPe3mV3zoRc+Bc2Fhpj67+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFtfWNzq7hd2tnd2z8oHx61TZxqDi0ey1g/BMyAFApaKFDCQ6KBRYGETjC+mfmdJ9BGxOoeJwn4ERsqEQrO0EqP1bDfwxEgq/bLFbfmzkFXiZeTCsnR7Je/eoOYpxEo5JIZ0/XcBP2MaRRcwrTUSw0kjI/ZELqWKhaB8bP5xVN6ZpUBDWNtSyGdq78nMhYZM4kC2xkxHJllbyb+53VTDK/8TKgkRVB8sShMJcWYzt6nA6GBo5xYwrgW9lbKR0wzjjakkg3BW355lbTrNe+i5t3VK43rPI4iOSGn5Jx45JI0yC1pkhbhRJFn8kreHOO8OO/Ox6K14OQzx+QPnM8f2mSQYQ==</latexit>

f✓
<latexit sha1_base64="OAn25CW4BMdCost54elChDnwU60=">AAAB8XicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGIiYIQL2VvmYMPe3mV3zoRc+Bc2Fhpj67+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFtfWNzq7hd2tnd2z8oHx61TZxqDi0ey1g/BMyAFApaKFDCQ6KBRYGETjC+mfmdJ9BGxOoeJwn4ERsqEQrO0EqP1bDfwxEgq/bLFbfmzkFXiZeTCsnR7Je/eoOYpxEo5JIZ0/XcBP2MaRRcwrTUSw0kjI/ZELqWKhaB8bP5xVN6ZpUBDWNtSyGdq78nMhYZM4kC2xkxHJllbyb+53VTDK/8TKgkRVB8sShMJcWYzt6nA6GBo5xYwrgW9lbKR0wzjjakkg3BW355lbTrNe+i5t3VK43rPI4iOSGn5Jx45JI0yC1pkhbhRJFn8kreHOO8OO/Ox6K14OQzx+QPnM8f2mSQYQ==</latexit>

f✓
<latexit sha1_base64="OAn25CW4BMdCost54elChDnwU60=">AAAB8XicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGIiYIQL2VvmYMPe3mV3zoRc+Bc2Fhpj67+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFtfWNzq7hd2tnd2z8oHx61TZxqDi0ey1g/BMyAFApaKFDCQ6KBRYGETjC+mfmdJ9BGxOoeJwn4ERsqEQrO0EqP1bDfwxEgq/bLFbfmzkFXiZeTCsnR7Je/eoOYpxEo5JIZ0/XcBP2MaRRcwrTUSw0kjI/ZELqWKhaB8bP5xVN6ZpUBDWNtSyGdq78nMhYZM4kC2xkxHJllbyb+53VTDK/8TKgkRVB8sShMJcWYzt6nA6GBo5xYwrgW9lbKR0wzjjakkg3BW355lbTrNe+i5t3VK43rPI4iOSGn5Jx45JI0yC1pkhbhRJFn8kreHOO8OO/Ox6K14OQzx+QPnM8f2mSQYQ==</latexit>

f✓

A simple framework for contrastive learning - Chen et al., 2020
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MoCo
• Maintain "momentum" network - MoCo
• Pros - online
• Cons - extra memory for parameters/stored features, extra fwd pass 

compared to memory bank

<latexit sha1_base64="OAn25CW4BMdCost54elChDnwU60=">AAAB8XicbVA9TwJBEN3DL8Qv1NJmI5hYkTsKtSTaWGIiYIQL2VvmYMPe3mV3zoRc+Bc2Fhpj67+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFtfWNzq7hd2tnd2z8oHx61TZxqDi0ey1g/BMyAFApaKFDCQ6KBRYGETjC+mfmdJ9BGxOoeJwn4ERsqEQrO0EqP1bDfwxEgq/bLFbfmzkFXiZeTCsnR7Je/eoOYpxEo5JIZ0/XcBP2MaRRcwrTUSw0kjI/ZELqWKhaB8bP5xVN6ZpUBDWNtSyGdq78nMhYZM4kC2xkxHJllbyb+53VTDK/8TKgkRVB8sShMJcWYzt6nA6GBo5xYwrgW9lbKR0wzjjakkg3BW355lbTrNe+i5t3VK43rPI4iOSGn5Jx45JI0yC1pkhbhRJFn8kreHOO8OO/Ox6K14OQzx+QPnM8f2mSQYQ==</latexit>

f✓

Moving average 
of parameters

Momentum Contrast - He et al., 2019

Stored 
features

<latexit sha1_base64="zUvcw+wxIvhZGvWiSVw4b0bbs5Y="></latexit>

f✓EMA
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Distillation
• What we want

• How we do it

• Prevent trivial solutions by asymmetry
• Asymmetric learning rule between student teacher
• Asymmetric architecture between student teacher

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))

<latexit sha1_base64="R6lnbX3nDdueyhl96DfloCxYp3k="></latexit>

f student
✓ (I) = f teacher

✓ (augment(I))
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BYOL
• What we want

• How we do it

<latexit sha1_base64="mWkSz88XIByg1ThOfcyMlvDlwQw=">AAACF3icbVDLSgMxFM3UV62vUZdugq3QbspMF+pGKLrRXQX7gE4pmTTThmYeJHeEMvQv3Pgrblwo4lZ3/o2ZdgRtPRA4Oefe5N7jRoIrsKwvI7eyura+kd8sbG3v7O6Z+wctFcaSsiYNRSg7LlFM8IA1gYNgnUgy4ruCtd3xVeq375lUPAzuYBKxnk+GAfc4JaClvlkteX0HRgwILt9U8AX+uZYdn8BI+gmJhz4LYKrtSqlvFq2qNQNeJnZGiihDo29+OoOQxukLVBClurYVQS8hEjgVbFpwYsUiQsdkyLqaBsRnqpfM9priE60MsBdKfQLAM/V3R0J8pSa+qyvTYdWil4r/ed0YvPNewoMoBhbQ+UdeLDCEOA0JD7hkFMREE0Il17NiOiKSUNBRFnQI9uLKy6RVq9qnVfu2VqxfZnHk0RE6RmVkozNUR9eogZqIogf0hF7Qq/FoPBtvxvu8NGdkPYfoD4yPb0XhniE=</latexit>

f✓(I) = f✓(augment(I))

<latexit sha1_base64="R6lnbX3nDdueyhl96DfloCxYp3k="></latexit>

f student
✓ (I) = f teacher

✓ (augment(I))

Student Teacher

BYOL - Grill et al., 2020

encoder
mom.

encoder

moving 
average

Image

predictor

similaritygrad
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DINO - Main idea

encode
mom.

encode

moving 
average

Image

Softmax 

similarit

grad Softmax
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Thanks!


encode

Imag

Redundanc
ygrad

encode

grad

Clustering DistillationContrastive Redundancy 
Reduction

encoder

Imag

Contrastivgrad

encoder

grad

Wu et al., 2018
He et al., 2019

Misra and van der Maaten, 2019
Chen et al., 2020

student 
encode

Imag

predictor

similaritygrad

Zbontar et al., 2021
Bardes et al., 20201

Grill et al., 2020
Chen & He, 2020

Caron et al., 20201

teacher 
encode

encode
r

Imag

sinkhorn

similaritygrad

Asano et al., 2019
Caron et al., 2020

encode
r

Pretext tasks
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Abstract Perception
“what” (high-level, conceptual)

Dense Perception
“where” (low-level, spatial)

Self-Supervised Learning (e.g., DINO)

V
is

ua
l

Se
m

an
tic


