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BEiT = Bidirectional Encoder representation from Image Transformers

- Self-supervised vision representation model

- MIM (Masked Image Modeling) to pretrain ViT
- MIM = recovering the masked image patches,

based on encoding vectors

- Each Image has 2 views

- view 1) image patches ( ex. 16x16 pixels ) 

- view 2) visual tokens ( ex. discrete tokens ) 
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BEiT = Bidirectional Encoder representation from Image Transformers

- Procedure

- step 1) tokenize image into visual tokens
- step 2) randomly mask some image patches 

& fed them into backbone Transformer

- Objective : recover the original visual tokens, 
based on corrupted image patches

- Fine tune model params on downstream tasks
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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a) 2 views of Representations
- (1) image patch ( = serve as INPUT )

- (2) visual tokens ( = serve as OUTPUT )

Back-prop with DISCRETE variable? 

→ use “Gumbel Softmax Relaxation” !

Train : “Softmax”

Test : “Argmax”
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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Masked Image Model

b) Model Architecture
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2.  BEiT : Bidirectional Encoder representation from Image Transformers

Advanced Deep Learning

b) Model Architecture

Step 1) Tokenize
- tokenize input image into “Visual Tokens”

- with (pre-trained) discrete VAE’s codebook ( as DALL-E )

Discrete VAE
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2.  BEiT : Bidirectional Encoder representation from Image Transformers

Advanced Deep Learning

Masked Image Model

Step 2) Random Masking
- Blockwise Masking

- random masking 40% of patches

b) Model Architecture
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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Step 2) Random Masking
- Blockwise Masking

- random masking 40% of patches

b) Model Architecture

(1) Sample “mask size” ( at least 16 )

(2) Sample “aspect ratio” ( 0.3:1 ~ 1:0.3 )

(3) Compute height / width

(4) Compute Top.Left point of masking block

(5) Augment with Masking information

(6) if Masking ratio > 40%, STOP
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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Masked Image Model

b) Model Architecture

Step 3) Predict Visual Token
- predict the “masked image input”

- using ViT + Softmax CLS
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2.  BEiT : Bidirectional Encoder representation from Image Transformers
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c) Objective Function

Maximize the log-likelihood of the 

correct visual tokens, given the corrupted image

22 / 26



BEiT (2021)

1. Introduction

2. BEiT : Bidirectional Encoder representation from Image Transformers
a. Two views of Representations

b. Model Architecture

c. Objective Function

3. Experiments

Advanced Deep Learning

23 / 26



3.  Experiments
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1) (Classification) Top-1 Accuracy
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3.  Experiments
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2) (Semantic Segmentation)
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Thank You !


