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SELF-SUPERVISED LEARNING

I now call it "self-supervised learning’, because

|

Self-supervised learning b
and enormously more than reinforcement learning. That's why

|

Self-supervised learning has been enormously

L

credit: Yann LeCun, https://www.facebook.com/yann.lecun/posts/10155934004262143
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credit: Hadsell CVPR 2006 [6]
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credit: https://akichan-f.medium.com/mae-simmim- for-pre-training-like-a-masked-language-model-9b42579e25a9
credit: Chen ICML 2020 [3]
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& SO WHAT ?

Learn representation with CL
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Freeze representation model
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Learn classifier on annotations
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& SO WHAT ?

Align multimodal representations (- +[&], — +[&], ..) with CL
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Distillation, single-modality annotation, ...
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credit: Radford & Kim ICML 2021 [10]
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AL REPRESENTATION LEARNING WORK ?

€ WHEN DOES CONTRASTIVE VIS

1. Dataset size 2. Domain
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credit: Cole CVPR 2022 [4]
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credit: https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73
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& VARIATIONAL AUTOENCODER

neural network neural network
encoder decoder

loss = ||x-X]|] + KL[ SN, D] = || x-d(2) |2 + KL ,N(©O, 1) ]

credit: https://towardsdatascience.com/understanding-variational-autoencoders-vaes-f70510919f73
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l BERT - MASKED LANGUAGE MODELING
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credit: https://www.sbert.net/examples/unsupervised_learning/MLM/README.html
credit: Devlin arxiv 2018 [5]
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credit: He CVPR 2022 [7]
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credit: He CVPR 2022 [7]
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BEIT BEIT: BERT Pre-Training of Image Transformers [1]
MeshMAE Masked Autoencoders for 3D Mesh Data Analysis [9]

3D points Masked Autoencoders in 3D Point Cloud Representation Learning
https://arxiv.org/abs/2207.01545

Loads more %’ https://github.com/EdisonLeeeee/
Awesome-Masked-Autoencoders
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