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BEiT: BERT Pre-Training of Image Transformers (2021)
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1. Introduction

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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1. Introduction

BEiT = Bidirectional Encoder representation from Image Transformers

- Procedure Visual Tokens j USL:ETLI.),:::;Q Recc;;sat;zcted
123 234 456 567 il’/// } ‘-;r‘.ﬂ
. . . . " 7 i ™
- step 1) tokenize image into visual tokens ‘i:‘:';:' — ?fz B |~ IDdi /!
211 322 4:1:5;“541;\ 3 - -] —_ N&;‘;
- step 2) randomly mask some image patches A W
Tﬁt‘ I ? ?7f i
& fed them into backbone Transformer 2. EEE - ”“kj"'"";9*”“““"9”“" -
- Objective : recover the original visual tokens, S| BEIT Encoder
bl
based on corrupted image patches RN ENENENENES Tﬁﬁﬁﬁfﬁf?ﬁj 5] enpasang
E r"‘, = E‘b ™M™ I I o 1l T L Em’:k’)ztgging

Fine tune model params on downstream tasks

03 /26



Advanced Deep Learning

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

04 /26



Advanced Deep Learning

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

04 /26



Advanced Deep Learning

2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations
- (1) image patch ( = serve as INPUT )
- (2) visual tokens ( = serve as OUTPUT )

Unused During Reconstructed
VisuslTokens Pre-Training Image
| — 123 234 456 567 =" [t
ot I~ L et
. o 9 7 876 765 543 e
Original .' _ I p—— BN s -+ | Decoder | ---» t »
Image i /112 223 334 445 | | {
- 4 % | -
s Il ~~ol RS
v ¥ e,
b - ) 234 456 876 765 322
e 1ot 11 1
Image # | Masked Image Modeling Head |

Patches 3 1
- T n (g n ) (bt nt,

= O B
Masking l BEIT Encoder
k.
EIEEIEEIIEEEHEE@E o
e i Flatten +++++++++++++ NN
=a DL' ) [ o B e il 0 o N Emi?;ging
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2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations
- (1) image patch ( = serve as INPUT )
- (2) visual tokens ( = serve as OUTPUT )

image : split into a sequence of patches

e (from)image € REXWRC

e (to) N = HW/P? patches «? € RV*(P°C)

(P, P ) = resolution of each patch

Original
Image

Image
Patches

e
&
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Vi Unused During Reconstructed !
isual Tokens won ]
Pre-Training Image
a) 2 views of Representations | 123 234 456 567 e
Original B 9'87 876.765 243 | Decoder [ — »
; - — e / \ -—=» -—>
- (1) image patch ( = serve as INPUT ) Image 2 /112 2231334 445 I ! ..
[~4 3 ! L | < 5
. o T /| 211 322 433 544 e A o
(2) visual tokens ( = serve as OUTPUT ) | . =

represent the image as a sequence of discrete tokens

(= obtained by an "image tokenizer")
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Visual Tokens

12 223334 445

123 234 456 567
987 876 765 543

-———>

Unused During
Pre-Training

Reconstructed
Image

|

- :

e # of visual tokens = # of image patches

a) 2 views of Representations e
Original ~ s — —
- (1) image patch ( = serve as INPUT ) image = 4
e 4
- (2) visual tokens ( = serve as OUTPUT ) "|“ .
represent the image as a sequence of discrete tokens
(= obtained by an "image tokenizer")
Tokenize ...
e (from)image € RE>*WxC Details :
® (to)z = [z1,...,2N] € phxw
o where the vocabulary V = {1,...,| V |} contains discrete token indices

e vocab size : |V |= 8192
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Visual Tokens Unused During Reconstructed :
Pre-Training Image
a) 2 views of Representations = T2 2 g 7 e
Original Fog b 987 876 765 543 | becoder | LSS, i
[ 3 0k 7% i -—=> ey 7

- (1) image patch ( = serve as INPUT ) Image 2. ’ /12 2231334 445 | ! 1‘
e~ A 211 322 433 544 L—_ ' e - L
LA R ) - ll ~—] e T

| ,'/

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

Image Tokenizer

¢ |earned by discrete variational autoencoder (dVAE)

e two modules ( during visual token learning)
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2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations
- (1) image patch ( = serve as INPUT )
- (2) visual tokens ( = serve as OUTPUT )

Image Tokenizer

Original
Image

¢ |earned by discrete variational autoencoder (dVAE)

e two modules ( during visual token learning)

(1) tokenizer : g4 (z | x)

= uniform prior

= maps image pixels x into discrete tokens z

(according to codebook ( =vocab))

Visual Tokens
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Visual Tokens Unused During Reconstructed
. Pre-Trainin/g Image
a) 2 views of Representations Bt 123 234 456 567 T Bt
Original . ] —— 987 SreTes s » | Decoder | §--» . " ’
- (1) image patch ( = serve as INPUT ) Image 4 12 223 334 445 | l {
- ‘%,\ | 211 322 433 544 L\\\\_: - %,\ ‘
- (2) visual tokens ( = serve as OUTPUT ) | A =

Image Tokenizer

¢ |earned by discrete variational autoencoder (dVAE)

e two modules ( during visual token learning)

(1) tokenizer : g4 (z | x) (2) decoder : py (x | 2)

= reconstructs the mage @ based on the visual tokens z

= maps image pixels x into discrete tokens z

(according to codebook (=vocab)) = Reconstruction objective : E, g, (z/2) [log py (@ | 2)]

( discrete? use Gumbel Softmax Trick)

= uniform prior
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2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations
- (1) image patch ( = serve as INPUT )
- (2) visual tokens ( = serve as OUTPUT )

Image Tokenizer

¢ |earned by discrete variational autoencoder (dVAE)

e two modules ( during visual token learning)

Visual Tokens

Unused During Reconstructed
Pre-Training Image
——— [
| | ?’.v;.‘
& A

: Decoder :—--, 5 P
L_ | - - i

| o

[t 4 4 123 234 456 567
E o ;
original | S 987 876 765 543
" —_— — 7 \ -—=
Image { /112 2231334 445
E e 2 211 322 433 544
I b S
[ e,e.0, ‘ e,
e
onN '/;;\~
; ;
3
z,(x) > 2
53
Encoder

Embedding VQ'VAE

Space

s B CNN

Decoder
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2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations

- (1) image
- (2)visual

Image Tokenizer

" Unused During Reconstructed
Misualiiokens Pre-Training Image
;’-A’.‘ 123 234 456 567 I,////: %,’A,.‘
. Cog 4 987 876 765 543 e i
Original 5 5 — s | ---» | Decoder J— > P
patch ( = serve as INPUT ) mage | /12 2231334 445 | RS
R 211 322 433 544 ~—~__ oot
tokens ( = serve as OUTPUT ) P — ! —
Codebook containing discrete vectors
¢ |earned by discrete variational autoencoder (dVAE)
) ) . E mbedding VQ-VAE
e two modules ( during visual token learning) Space

ol = kir) = {

1 for k = argmin;||ze(z) — e;]|2
0 otherwise

2,x)

Encoder

CHl 4 p(xlz,)

Decoder
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Image Tokenizer

zQ(m) = €k,

Visual Tokens Unused During Reconstructed
Pre-Training Image
a) 2 views of Representations | 123 234 456 567 -7 B
original | el 987 876 765 543 (pecoder | S
. - —_ e i \ -—=> -—=» 05
- (1) image patch ( = serve as INPUT ) mage P /12 2231334 445 | i g
. o™ 211 322 433 544 =<y ™
- (2) visual tokens ( = serve as OUTPUT ) | b =
¢ |earned by discrete variational autoencoder (dVAE) 6,68, ‘ &
) ) . Embedding VQ-VAE
e two modules ( during visual token learning) Space
/ 'yf\x
o i ’ VL e .
\ ?’//m L el
o i S5 7| N - > &5 L
h B — . o CNN ~® 3 )1 /"”‘*J ZHl 4 p(xlz,)
where k = argmin, ||z (z) — ej]|2 | < - \ [ ' s
) z 2 q
53
Enc;der Dec;)der
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2. BEIT : Bidirectional Encoder representation from Image Transformers

Visual Tokens Unused During Reconstructed
Pre-Training Image
a) 2 views of Representations | 123 234 456 567 e
Original P 987 876 765 543 | Sy | e P
. JEEEEEN — / \ ---» === e
- (1) image patch ( = serve as INPUT ) Image | /12 2231334 445 | | |
] - /| 211 322 433 544 L\\\\J' - -5
- (2) visual tokens ( = serve as OUTPUT ) | e =
Image Tokenizer
¢ |earned by discrete variational autoencoder (dVAE) 6,68, &
" . . Embedding VQ-VAE
e two modules ( during visual token learning) Space
D L i
; 4 ’
q(z|x) \ s CNN
CNN ; : e,
N 3 s
7,0 z L2 2,9
53
Encoder Decoder

09 /26



Advanced Deep Learning

2. BEIT : Bidirectional Encoder representation from Image Transformers

a) 2 views of Representations

Original
Image

- (1) image patch ( = serve as INPUT )
(2) visual tokens ( = serve as OUTPUT )

Image Tokenizer

¢ |earned by discrete variational autoencoder (dVAE)

e two modules ( during visual token learning)

Back-prop with DISCRETE variable?

— use “Gumbel Softmax Relaxation” !

Visual Tokens Ug:‘:fl'?'a?nli:gg Rec‘lirfrl::;:cted
;',’,‘,‘Q 123 234 456 567 I/////: g -4
e 987 876 765 543 [ Bscaig] = i
= 4 - T | VAr2 223i33a aas| |77 OO0 T &
E w ™ |2 a2 %13?1544 ~<.] E -
! T .
Train : “Softmax”
gi+log(g(ejlz) ) k
e T o g
Yi = Z = ;€5
. ) D
EZFﬂe g j=1
Test : “Argmax”
z = codebook [arg max[g; + log(q(e;|z))]]
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

) { Unused During Reconstructed |
Visual Tokens | Pre-Training Image
;,,_5“ 123 234 456 567 e ;‘v‘,‘q
. x4 987 876 765 543 b | .4
Original 5 s —— | Tokenizer | — Y ---bf Decoder | ---» - ’
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Visual Tokens 1 U;lrjes-?l'?'ali)nui:gg Rec?:l.sat;:cted |
gr¢q 123 234 456 567 1/,///: %rﬁ{
E._ v 2 b > o
i _— 987 876 765 543 : T :
o I —_ i — / \ i | l___y s
image a8 e Cirres 112 2231334 445 P S .
— l / : Pl | = N
T /| 211 322 433 544 P~ N )
e Discrete VAE
=
L 2 .
Patces 1 Step 1) Tokenize
11 - tokenize input image into “Visual Tokens”
Blockwise
“ﬁs“'"gl - with (pre-trained) discrete VAE’s codebook ( as DALL-E )
(=] ]
T { CEp N { p N
i 1 . . % S .
ol | | B 1 Ji1=1 1 Ji=1

13 /26



Advanced Deep Learning

2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 2) Random Masking
- Blockwise Masking

- random masking 40% of patches

Me{l,..., N}
eM = {20 :i ¢ M}f\il U {ep :ie M}z]il

- 234 456 876 765 322
= .1
T 1 tot |
P'"t‘age - { Masked Image Modeling Head |
atches
- || i
——T EOEE) ()] )
Blockwise
ockuse | BEIT Encoder
= I
. i S e e =l S S ] ] ] (Pl =ili=ili=| Position
ol[1][2][3 5s|[6][7][8] 9l[10][11][12][13][14][15][16 .
i H + + + + + o+ o+ + + + + + v+ + + Embadiing MaSked Image MOdeI
= latten L — Patch
RS (s R M ™M ) || e
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 2) Random Masking
- Blockwise Masking

- random masking 40% of patches

Me{l,..., N}
eM = {20 :i ¢ M}fil U {ep :ie M}z]\il

Algorithm 1 Blockwise Masking

Input: N(= h x w) image patches
Output: Masked positions M

M+ {}

repeat
s «+ Rand(16,0.4N — |[M]|) > Block size
r < Rand(0.3, 55) > Aspect ratio of block
a <+ /s T;b+ \/s/r

t + Rand(0, h — a) ;I « Rand(0, w — b)

M~ MU{G,5) i € [t,t+a),j € [I,1+b)}
until |[M| > 04N > Masking ratio is 40%
return M

1) Sample “mask size” ( at least 16 )
2) Sample “aspect ratio” ( 0.3:1 ~ 1:0.3)
) 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

b) Model Architecture

Step 2) Random Masking Me{l,..., NN
, , - . N
- Blockwise Masking M = (2P ;i ¢ M}f\il U {e[M] i e M}i:1

- random masking 40% of patches

# 1 Maskex 1)s = 24,r =15,a =6,b=4,|M| =24

Mask ex2)s = 20,7 = 0.8,a =4,b=5,|M| = 44
. Mask ex 3)s = 35,7 = 0.7,a = 5,b = 7,|M| = 79
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 3) Predict Visual Token
- predict the “masked image input”
- using ViT + Softmax CLS

pviv (2| ZCM) — softmax, (WchiL +b,)

oLl

L- (.x -1 494 420 0/0 /0D
-1 It 11 !
P'"t‘age » { Masked Image Modeling Head |
atches
- || ,J: i
b1 I LU G?\éq {éﬂ
Blockwise
ockuse | BEIT Encoder
. 1
i ] e e el S S N ) N P i = (e Position
[o][1][2][3][4][s][e][7][8][e][10][11][12][13][14][15][16 :
e L S S S S S S S S T S S Embedding| | Masked Image Model
= atten B — Patch
P (s B e M S8 B Erpeding
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 3) Predict Visual Token

a) Input ( of Transformer ) : 234 456 876 765 T a0n
1 11 I
e sequence of image aKhes{mP}N :
q gep i fi=1 | Masked Image Modeling Head |
(N = number of patches) ‘ * ‘hg [jh'; @
BEIT Encoder

EE@--E@--EEHEEE@ 6] Empadang

) b gx — Patch
\
. o M M o | | M Embedding
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 3) Predict Visual Token

a) Input ( of Transformer ) : 234 456 876 765 T a0n
1 11 I
e sequence of image aKhes{mP}N :
q gep i fi=1 | Masked Image Modeling Head |
(N = number of patches) ‘ * ‘ [jh'; @
) Embeddings - A BEIT Encoder

N . .
o {@V}. | arelinearly projected to Ex}

o where E € RIPO)<D @E@..E@--EEEEEE@E E it
e add learnable 1d positional embeddings : Epes € RY*P -\\ . b- M M L <) M M] - | - M] 1.., \ Emiitgging

e final output embedding : Hy = [efs), Ex!,..., Bz} | + Epos
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 3) Predict Visual Token

» Yo sl
¢) Encoder : 2?4 4?6 876 765 "322
1 I
e contains L layers of Transformer blocks | Masked Image Modeling Head |
1 _ -1 . . . [j r—lj
o H' = Transformer(H ) h hk,

e output vectors of the last layer: HL = [h[L Bl e o il

s]?

D BEIT Encoder

( hE : vector of the i-th patch)

— encoded representations for the image patches

@-@--EE--EEEEEE@E Embedaing

b ga w - Patch
. o M M o | | M &’ Embedding
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2. BEIT : Bidirectional Encoder representation from Image Transformers

b) Model Architecture

Step 3) Predict Visual Token

d) Classification ( with softmax classifier ) 234 456 876 765 822

1 L1 I
e classify for each masked position {h¥ : i € M} | Maskecimage ModelingiHedd |

=1
® DyvIM (z' ’ xM) = softmax, (Wcth + bc). @ |

o M : corrupted image ‘ BEIT Encoder
o W, € RM*P 3nd b, € RV

@EIIIE@IIEMEEEEHE Embedang

b | '-' . Patch
. oM M o | B (| B O B =roeding
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2. BEIT : Bidirectional Encoder representation from Image Transformers

c) Objective Function

Visual Tokens Unused I:_)ulring teconstructed
i Pre-Training Image
] -t [
123 234 456 567 |// ‘[ ;’{.[.‘
987 876 765 543 Hl ‘ o :
» | Decoder | -- >
12 223 334 445 Pl I A
| | 3 !
S22 322 433 544 : ~~_] ﬂ..‘--‘\_
876 765 TTany
. 3 2 4

Masked Image Modeling Head

nt |[n¥ hi,

‘ A
Ef.’.q
original | .
Inge - —— | Tokeniz(r | —
3
I
v,
234 456
f ‘ t 1
Image €] ’ l
Patches 4 |
- 1l t j
k-1 1 hi |{h}
Blockwise
Masking
=
Lo][1][2][=] 4}
[ 1 P
= TS Flatten

R =R (e R

BEIT Encoder
i
' J'eH7 8 {9 10|[11][12][13][14][15][ 16 E:\‘;Ziggi':]g
M M) [ 3 1l T m }‘t EmFl’:gging

Maximize the log-likelihood of the

correct visual tokens, given the corrupted image

maxZ]EM Z log pvn (2i | iEM)

xeD 1eM
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3. Experiments

1) (Classification) Top-1 Accuracy

——
80

g5

<

-

& 70

°
65| — DeiT (Training from scratch)

== BEIT (Fine-tuning)

60 1

50 100 150 200 250 300
Epochs

Table 2: Convergence curves of training
DeiT from scratch and fine-tuning BEIT on
ImageNet-1K.

Advanced Deep Learning

Models Model Size Resolution ImageNet
Training from scratch (i.e., random initialization)
ViT3g4-B [DBK20] 86M 3842 77.9
ViT3g4-L [DBK120] 307M 3842 76.5
DeiT-B [TCD*20] 86M 2242 81.8
DeiT3g4-B [TCD20] 86M 3842 83.1
Supervised Pre-Training on ImageNet-22K (using labeled data)
ViT3g4-B [DBK20] 86M 3842 84.0
ViT3g4-L [DBK120] 307M 3842 85.2
Self-Supervised Pre-Training on ImageNet-1K (without labeled data)
iGPT-1.36Bt [CRC*20] 1.36B 2242 66.5
ViT3g4-B-JFT300M* [DBK+20] 86M 3842 79.9
MoCo v3-B [CXH21] 86M 2242 83.2
MoCo v3-L [CXH21] 307M 2242 84.1
DINO-B [CTM "21] 86M 2242 82.8
BEIT-B (ours) 86M 2242 83.2
BE1T3g4-B (ours) 86M 3842 84.6
BEIT-L (ours) 307M 9942 85.2
BEI1T3g4-L (ours) 307M 3842 86.3

Table 1: Top-1 accuracy on ImageNet-1K. We evaluate base- (“-B”) and large-size (“-L”) models at
resolutions 224 x 224 and 384 x 384. T: iGPT-1.36B contains 1.36 billion parameters, while others
are base-size models. *: ViTsg4-B-JFT300M is pretrained with the “masked patch prediction” task

on Google’s in-house 300M images, while others use ImageNet.
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3. Experiments

2) (Semantic Segmentation)

Models ADE20K
Supervised Pre-Training on ImageNet 45.3
DINO [CTM*21] 44.1
BEIT (ours) 45.6

BEIT + Intermediate Fine-Tuning (ours) 47.7

Table 3: Results of semantic segmentation on
ADE20K. We use SETR-PUP [ZLZ " 20] as the task
layer and report results of single-scale inference.

Figure 2: Self-attention map for different reference points. The self-attention mechanism in BEIT is
able to separate objects, although self-supervised pre-training does not use manual annotations.
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