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[olii: Example Application

» Slot Filling

! | would like to arrive Beijing on November Z”d]

3

ticket booking system

Destination: Beijing
Slot time of arrival:  November 2nd
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[BlpR: Example Application

dest depa rture

AlarrlvelBeumg on November 2”0'

B
other dest other time time

“Problen?.

J‘Ieai, Beijing on November 2”(] I I

place of departure ><

><

Beijing‘l_x1 xz_‘
needs memory!
" ”
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Learning Target other

Training //
Sentences: arrive  Beijing on November 2”d]

other dest other time time
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Prob of “leave”  |Prob of “Beijing”| Prob of “arrive” |Prob of “Beijing”
in each slot in each slot in each slot in each slot
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Learning Target other

FIERYIARR?

Training
Sentences: arrive  Beijing on November 2”0']

other dest other time time
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[BlpR: Long Short-term Memory (LSTM)

Other part of the network

Special Neuron:
4 inputs,
1 output

Signhal control
the output gate

(Other part of
the network)

Output Gate

Signal control
the forget gate

(Other part of
the network)

Signal control
the input gate
(Other part of
the network)

Input Gate

Other part of the network
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[BlER: Unfortunately ......

« RNN-based network is not always easy to learn

Real experiments on Language modeling

« sometimes

Lucky

e —— ‘

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Epoch

Total Loss
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[oli: The error surface is rough.

very flat or very steep.

'0.35
'0.30
'0.25
'0.20
'0.15
'0.10
'0.05

$So7 |e10]
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[lEE: Why?

w = —
w=101 =)
w=099 ==
w=001 =)
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[BlR: Helpful Techniques

« Long Short-term Memory (LSTM)

— Can deal with gradient vanishing (not gradient explode)

!

» Memory and input are added —

» The influence never disappears unless forget
gate is closed

‘ No Gradient vanishing

(If forget gate is opened.) —

2022/6/30 LR KRFZEATEEEZ R 215



[lps: fEREhE

* Sequence to sequence learning: Both input and output are
both sequences with different lengths.

 E.g. fZ2E2H Smachine learning

Information of the

Z1E(t4|a)gn? whole sentences

> wEEAWE
> YIGIER N —
I T [
-l

B o= 2
BN N

S

— 8uluies)

— auiyoew
S

S

-
-
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[Blpa: Machine Translation
-

20 = ;1

t
t

Decoder input
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[Blpa: Machine Translation

3 B
Oy -
=% =
=3 =7
g»] (0]
T \ 1
ZU — 21 — Z2
t
:

hl}—" hz_, h3_' h4
N ¢t = aln
£ H = 0.5h3 + 0.5h*

o=
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[Blp: Machine Translation

e Attention-based model

1
4y a

1 Jointly learned
with other part

‘ z0 of the network y
A

| p

hl N hz_ h3 N h4
I I [ |
o o# 2 37
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[Blpa: Machine Translation

e Attention-based model

20 = ;1

=]
)
S
=)
®
t
Z
t

Decoder input

&= e = 0.5h + 0.5h2
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[Blp: Machine Translation

e Attention-based model

—» JUlIYydoew
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[Blp: Machine Translation

e Attention-based model % 5

= = ]

1 el =

3 \a%

~1 A2 ~73 ~ 4 T T

004} 008&f 05af 058] N_E_

softmax t

t t ¢ t 0 )

ai a? a3 af C ¢

AU h2— B h* N

N R A ct =) aih
1% aﬁ‘ f% g = 0.5h3 + 0.5h*
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SEEMm

« Transformer

« Non-Local =R
« VIT

- MAE
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SAE®

 Transformer
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[llya Sutskever, NIPS’14][Dzmitry Bahdanau, arXiv’15]

2022/6/30 LR KRFZEATEEEZ R 215



D)
(F55: H8sEhZE S <
= o
© P
\ a
} t :
- H | | | -
) “ — T
it = i) 0 ) 5’
RNNEGERES!

[llya Sutskever, NIPS’14][Dzmitry Bahdanau, arXiv’15]
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Je suis étudiant _F%O’ TRANSFORMER | am a student

N -
-
.H.
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Transformer

Probabilities
Multi-Head Attention Scaled Dot-Product Attention
1
Linear |
f N\ MatMul
o —
onca
Feed ; SoftMax
Forward )
F
’ Mask (opt.
p N ScaledA tltDOtt'Pl;?dUCt J& h *( pt)
Multi-Head T )| 1l Scale
Feed Attention A= A . ' 4
Forward Nx
: J Linear Linear Linear MatMul
| — .
. i ]
p—P‘l Add & Norm l Nasked Q K \V
Multi-Head Multi-Head
Attention Attention V K Q
At At
i — J U — ) 72 88 =4 .
) ) - YREERLSEEEL: N
Positional D ¢ Positional
Encoding 1 'y Encoding L1y ;
a2 = -
Input Output * HA)\gE}; dmodel
Embedding Embedding
NI
i f o ZIEh
Inputs Qutputs e p
(shifted right) . BIBEMNEBE—ERE: dff
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Transformer -

ANE R

| am a student

- - : jent [ ) [ |
| a a student ENCODER > DECODER
o v . v
F + +
" ) s )
ENCODER DECODER
[ ) (" ) ‘ J ) J
4 [
" ) s )
ENCODER DECODER
" v - J
3 )
r 3 ( h
ENCODERS * DECODERS ENCODER DECODER
" v - J
3 )
r 3 ( h
ENCODER DECODER
& v - J
\S / ~ ) : :
r 3 ( h
L] ENCODER DECODER
. » \ v
. A J

Je suis étudiant
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Transformer (Attention Is All You Need)

Probabilities
[  Softmax |
1. | am a student
|  Linear |}
I? — T — —NH (V = . - 1N
| (Add & Norm J |1 I ENCODER J 4l DECODER |
Feed | ) 2 . ) . .
| Forward | ENCODER DECODER
. v . A
| I 3 3
r s . - . f Y {f '
A 1 N1 | CAdd & Norm L ENCODER DECODER
1| —~{Add &Norm J I — I . ; ) \ 4 )
I Feed Attention s ™\ ' ™)
| Forward | ) t INx ENCODER DECODER
. v . A
\_‘ I I 4 L ) ' s )
N 1] LAdd & Norm Je— ENCODER DECODER
~—{Add & Norm ] |1 [ \ )
I - I Masked r —— F —— I h————T————d
Multi-Head | [ Multi-Head [ ( ) f |
| Attention | Attention ENCODER | DECODER
I A I - — — — — — J— L | | |} | |} | ||
ne_—— )\l — 1—/_
\ J I \. , I
h e e —h . SR Qe e - o1 lic :t ]t
Positional @_@ Positional Je  suis  etudian
Encoding 1 ¢ Encoding
Input Output
Embedding Embedding
VARMISN . =] S — —
] | [RIRIEN . mAFRSESIIN6E, BRI N =
Inputs Qutputs
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(shifted right)
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TransformerfJign A\ Shaith

1 Probabilities |
N Ny s
l | i EEROREER
I Linear I
R ———_—
4 N\
Add & Norm
Feed
Forward
- “
_ .
£dd & Norm Multi-Head
Feed Attention
Forward 7 J) J) N x
 —
N Add & Norm
x
r—>| Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
At At
O — J \_ — )
Positional D ¢ Positional
Encoding y y Encoding
Input Output
Embedding Embedding

____'I'____J- _____ N TS S—
: Inputs Outputs ' A SEhEa+E28hFEET

L (shited right_ __ _ _ |
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Transformerigi A\ B9ar A\

Probabilities
Linear
r
4 N
Add & Norm
Feed
Forward
- “
rﬂIII-III .
SO N G Multi-Head
Feed Attention
Forward 7 J) J) N x
 —
Nix Add & Norm
r—>| Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
At At
O — J _ — )
Positional D ¢ Positional

I Input Output
L Embedding Embedding

Inputs Outputs
(shifted right)
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BAR: Bd— TSGR one-hotZR =
IESZEhEEETSa L, BEESEREE,, hge

—2, AfER nn.EmbeddingBREIELIL,

\
/

i ﬁ?’t)\gﬁg dmodel =512
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Transformer (Attention Is All You Need)

Probabilities
[  Softmax |
1. | am a student
|  Linear |}
( ] N (r Y {f ﬂw
(Add & Norm = I ENCODER ) d\ DECODER )
Feed ) e 1 - s N
Forward ENCODER DECODER
| rf—l>[ 3T 3 Norm ]ﬂ\I (Add & Norm J=~ ENCODER DECODER
: 1| | [ Vuit-Head ) )
| Feed Attention
Forward | T 7 7 Nx ENCODER DECODER
| . I I — - -
| Add & Norm ENCODER DECODER
Nx*l —[Ada&Norm ) |1 '
I T Masked ] F — I *
Multi-Head | Multi-Head
| Attention I Attention k ENCODER ) X DECODER |
o Jl —)
h e o B T
Positional @_@ ¢ Positional
Encoding ] y Encoding
Input Output
Embedding Embedding
VARMISN . == — =] — =]
] | [RI1E3 . HE 76 EmiNss. 6 =fEmdss
Inputs Qutputs

(shifted right)
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Transformerfyémiszs

4 4
4 i ) e Add & Normalize
~>| Add & Norm | : ( )
Feed : Feed Forward Feed Furward
[ Forward I : _g ______ P ) _____ g ______ 3 )
\ ‘{ '....( Add & Normalize )
: I I
f—>| Add & Norm ;
= ] : ( Self-Attention )
| Multi-Head l S S ——
Attentlon POSITIOMAL é é
& f } ENCODING
L .
8 | ) T 1] [T 1]
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RPN Z LTS

. [Bpi: RNNARRSEZIIHNGY

r | ™\
~>| Add & Norm }
Feed * Attention-based model § >
Forward % \ U%
\ 1 t o\t

| 0.0&] 0.0@&f 05a; 0.5af

—{_Add & Norm ] t_t t f &I
1 | softmax t

Il Multi-Head | 1 t 1 t ]
: Attention : i  af @  af .

I I hl hz h3 - h4
G N . - I | | | 1 _ i ]
L I R MDY L
|
" B £ = = 0.5h3 + 0.5h*
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fRESEERRYERTD .

_ J
j=1
al a7 a;
SOFTMAX
ai as af
q1 k1 V1 q2 kZ 1% seo qL kL vy,
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fRESEERRYERTD

Input

Embedding L] L]

Queries CI1|:|:|:| q2|:|:|j wa
Keys Djj Dj]

Values D:D l:l:'j
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éﬁﬁfj I:IZIH'J,I %jj

Input Thinking Machines
Embedding xi [T x. [
Queries qq D:D qz D:l:'
Keys (1] (1]
Values Dj] Djj
Score qie ki= Qi ® =
at az ak

Divide by 8 (Vi ) i ! |

| SOFTMAX |
Softmax al @ pr
Softmax - .
sum EEN EEN -
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fRESEERRYERTD

Q T
X
wa Q softmax ( ) B
Vi
X =
at az ak
| |
SOFTMAX
al a? ak
y _ ..
dME HEE - EME
X =
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fRESEERRYERTD

wa Q softmax( ) -

Scaled Dot-Product Attention

|
MatMul
X = * A
SoftMax
4
Mask (opt.)
)

Scale

% - MatMul

2022/6/30 JEERMEE K A T RE=FPx



RPN Z LTS

Multi-Head Attention

|

Linear

1

Concat

AA ‘

Scaled Dot-Product
Attention

!

!

i
AH
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£ £
Linear ,} Linear

)

Linear

ATTENTION HEAD #0

Qo_
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Wo@

EM5

Q1

ATTENTION HEAD #1




RPN Z LTS

Calculating attention separately in
eight different attention heads

A J

ATTENTION ATTENTION ATTENTION
HEAD #0 HEAD #1 HEAD #7
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RPN Z LTS

2022/6/30

1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained
jointly with the model

X

3) The result would be the © matrix that captures information
from all the attention heads. We can send this forward to the FFNN

JEREBEERF AT EREFF &5

40



B ECL S EZS St I

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer
W@

Qo

W,Q
* In all encoders other than #0, 01
we don’t need embedding. [
We start directly with the output j’
of the encoder right below this one k

W-Q

Q7
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RPN Z LTS

KESHBERER

MultiHead(Q, K, V) = Concat(head;, ..., head;, ) W©°
where head; = Attention(QWf’z KWE vwY)

Where the projections are parameter matrices WB-Q € Rfmotarxdr K  Rdmodeaxdic TV ¢ [RAmoder Xdw
and WO o th@ :’(dmodel.

In this work we employ A = 8 parallel attention layers, or heads. For each of these we use

dp = d, = dpode/h = 64. Due to the reduced dimension of each head, the total computational cost
1s similar to that of single-head attention with full dimensionality.
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i8Sz ADD&Norm

p § §
r Add & Norm : ,( Add & Normalize )
( Feed Forward ) ( Feed Forward )
......... L DY
(LTT] LLTT]
. 1~ A A
| ———————— > LayerNorm( + )
Add & Norm || |
- 4 4
Multi-Head SNER asEm
Attention : ( Self-Attention )
A A J) :‘ A H—T—I_
. R, I I I 1 I I | |
\ ! J s @ @
LLT T[] [TTT]
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i8Sz ADD&Norm

i LayerNorm(x + Sublayer(x))

(_ r--- N NN .

Add & Norm

Add & Norm || HxW |

Multi-Head
Attention

At

\. I Batch Norm Layer Norm

HxW &
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SRESRERRYBIIRILE
BRGNS

- —— ‘

. Add & Norm A
i ot ii FFN(z) = max(0, 2W; + by )Wa + by

|

\

~—>| Add & Norm ]

| Multi-Head l R RAME
Attention FFNAZ—BERZK
A+ 4
Amoder = 512
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TransformerthfyfZg3se

Probabilities
[  Softmax |

1. | am a student
|  Linear |}

——*——q

I (" 1 ™\ h ~ ( !
| (Add & Norm =~ || ENCODER ) d| DECODER )
Feed I + N f + )

| Forward | ENCODER DECODER
v, . W

| I 3 3

Y f )

rf—l>[ 3T 3 Norm ]\ (Add & Nom J<~ || ENCODER DECODER
I Multi-Head | Y g - 4 ’
Feed Attention 2 r N\

Forward ) INx ENCODER DECODER
v, . 7

1 i‘ | 4 4

N 1| LAdd & Norm Jey 1 ENCODER | | DECODER )
~»| Add & Norm ] I Vosked - J \ /
Multi-Head Multi-Head | ) f |

Attention | Attention ENCODER I DECODER
Y 7 I ] 7 [ W : g s - -

A — J W\ — |
Positional @_@ ¢ Positional
Encoding ] y Encoding
Input Output
Embedding Embedding
VARMISN . == — =] — =]
] | [RIGeX: HEET6EmISes. 6= DS
Inputs Qutputs

(shifted right)
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TransformerfifiZis s

1
Add & Norm

Feed
Forward

) )

Add & Norm

Multi-Head
Attention

7 7 J

Add & Norm

Masked
Multi-Head
Attention

==L

Scaled Dot-Product Attention

1

L

MatMul

4
SoftMax

4
Mask (opt.)
)

Scale

MatMul

A

r

fl--‘
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a;s aj
~ SOFTMAX ’
a? =-10000 af =-10000

L

=
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TransformerfifiZis s

| |
Add & Norm

Feed
Forward

1

o

Multi-Head

| Add & Norm b

1
1| Attention
1

I |

Add & Norm

Masked
Multi-Head
Attention

tr
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TransformerfJ{:i & 503

Probabilities

-
Add & Norm

Feed
Forward I I

~\ (CAdd & Norm ]4_: SOFTMAX
I L

s I
1 2
£dd & horn Mutt-Head ai aj | af
Feed Attention 1 .
Forward NP ) Nx 1 e
| & N
Add & Norm q k v k
v | ,'_%. I -
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
= Positional Positional 1
| | S & !
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)
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TransformerfJ{:i & 503

Probabilities
PE 05,2y = sin(pos /100002%/ dmoact)
]
T PE (o5 2i+1) = c05(pos/10000"/ st
( (Foda.rom )
Feed
Forward
. O\ | \ = \ \
—(Add& Nom ) T U EIR RIS AT NRREZ—:
Feed Attention
Forward J) J) Nx
] AJd & Norm sin(a+B)=sina-cosP+cosa-sinf
Nx | —(Add & Norm ) —=
Multi-Head Multi-Head
Attention Attenti . .
- —— cos(a+p)=cosa-cosPB-sina-sinf3
— J \_ — )
“positonal 2N LT T T TITN Positional
| : D @ : ey -c) — S EE 7 =
— 0209 R NEo+ B EET AR REMNEBEFINERNHEEARES,
Embeddi Embeddi — \ S f
meT — meT - Xt 7 RAE I EE BT eet,
Inputs Qutputs

(shifted right)
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Transformer (5%)

Probabilities
Multi-Head Attention
1
I
' N\
Add & Norm = t
Feed onca
Forward A
~
e B Scaled Dot—lProduct J& h
Add & Norm - Attention ~
Multi-Head “l “[ l
Feed Attention L1 EL b
Forward I ) Nx L L e

Linear Linear Linear
 S— .
N Add & Norm Y Y ¥

p—bl Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention V K Q
At t
k"._ y, \_ _JJ 77 =] _* .
) ) - URRFEAOSEEEL N
Positional D ¢ Positional
Encoding : ¥ Encoding Ly ;
F7 = -
Input Output * HA)\gE}; . dmodel
Embedding Embedding
I I o ZAEh
Inputs Qutputs

(shifted right) T LJJX—_IQQ%_ EJ’E }—‘— :
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Scaled Dot-Product Attention

t

MatMul

1

SoftMax

1

Mask (opt.)

1

Scale

1

MatMul

t 1
Q K

I

Vv




S
+ EX: ERETIREE

M

EABEREERNANEIFHERTRIGE, HBIME—

{155 (pretext task) FRSCHMFFIERTFS,

—

LLT

L

. RIMESTURE— M NEES. EREES. MEIEs. RBESmNS
BISERREASIRA SRS,

- #fl: eRiE= (BERT) | FIR— 18 (GPT)

HAR XL BB REFI AN 145, AR, E IS EHITRA.
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TransformerT NLPHAZ B

GPT-2 GPT3
201 8/06 2019/02 2020/05

Transformer BERT
2017/06 2018/10
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TransformerT NLPHAZ B

GPT-2 GPT3
201 8/06 2019/02 2020/05
Transformer BERT
2017/06 2018/10
ViT

i

2021/06
ﬁ, Non-Local
'i‘ﬁ 2018/04 MAE
17 2021/12
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SAE®

« Non-Local &1k
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TransformerT NLPHAZ B

GPT-2 GPT3
201 8/06 2019/02 2020/05
Transformer BERT
2017/06 2018/10
ViT

i

2021/06
B Non-Local
0 2018/04 MAE
17 2021/12
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Non-local Neural Networks

Xiaolong Wang!?*  Ross Girshick? Abhinav Gupta' Kaiming He?

!Carnegie Mellon University Facebook Al Research

é | AR SRR EME AR EE S A,

Ix1x1

Pt MfR7i% . BFARER+Non-localt&Eik
- GERTIHH)

softmax

THWxTHW
THWx512 512xTHW THWx512
TxHxWx512| TxHxWx512 TxHxWx512
0: 1x1x1 ¢: 1x1x1 g: IxIx1
| TxHxWx1024

X
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« VIT
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TransformerT NLPHAZ B

GPT-2 GPT3
201 8/06 2019/02 2020/05
Transformer BERT
2017/06 2018/10

a0 VIT

ﬁ, Non-Local 202 1 /06
'i"ﬁ 2018/04 MAE

EE 2021/12
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Published as a conference paper at ICLR 2021

AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

> CNNRIS &ttfiz

> TransformerfE BoAIE S A IBIEan Lt R Ih

> TransformerfEE{&E LA LIKESCNNIESEZE 5SS
> RO EEME SRR AN R EEZSEA=AIEER T2

it
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Published as a conference paper at ICLR 2021

AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Vision Transformer (ViT) Transformer Encoder

MLP
Head

—

-]

Transformer Encoder

|
2o ddddudddid

* Extra learnable
[ Llnear Prolectlon of Flattened Patc:hes

[class] embedding
SHE LT 2
ﬁ % —B l %%“ H M % iﬂ -

[ Multi-Head
Attention

Norm

|

[ Embedded
Patches

- — — — — — —-— — — — —-— — — — — — -
™\
- - . - ——
_ .
1
.
. 4 \ 7

\, J
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Model Layers Hiddensize ) MLP size Heads Params

ViT-Base 12 768 3072 12 36M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

Table 1: Details of Vision Transformer model variants.

90
S -
.
% 85 1 ®
5
< 4 I
. 801 > ImageNet 1K1 1.3MKE &
F
2 BiT ey > ImageNet-21K 21KANEEI 14MEKE(&
L 1
&0 1 ViT-B/32 ViT-L/16 e o
é _ ViT-B/16 ViT-H/14 > JFT 18k 2550 303Mskm D ElR
70 -
ImageNet ImageNet-21k JFT-300M

Pre-training dataset
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- MAE
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TransformerT NLPHAZ B

GPT-2 GPT3
201 8/06 2019/02 2020/05
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Figure 2. Example results on ImageNet validation images. For each triplet, we show the masked image (left), our MAE reconstruction’
(middle), and the ground-truth (right). The masking ratio is 80%, leaving only 39 out of 196 patches. More examples are in the appendix.
Y As no loss is computed on visible patches, the model output on visible patches is qualitatively worse. One can simply overlay the output with the visible
patches to improve visual quality. We intentionally opt not to do this, so we can more comprehensively demonstrate the method's behavior.
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Figure 4. Reconstructions of ImageNet validation images using
an MAE pre-trained with a masking ratio of 75% but applied on
inputs with higher masking ratios. The predictions differ plausibly
from the original images, showing that the method can generalize.
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Figure 5. Masking ratio. A high masking ratio (75%) works well
for both fine-tuning (top) and linear probing (bottom). The y-axes
are ImageNet- 1K validation accuracy (%) in all plots in this paper.
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blocks ft lin dim ft lin case ft lin FLOPs
1 84.8 65.5 128 84.9 69.1 encoder w/ [M] 842 59.6 3.3x
2 84.9 70.0 256 84.8 71.3 encoder w/o [M] 849 73.5 1x
4 84.9 71.9 512 84.9 73.5
8 84.9 73.5 768 84.4 73.1
12 84.4 73.3 1024  84.3 73.1
(a) Decoder depth. A deep decoder can im- (b) Decoder width. The decoder can be nar- (c) Mask token. An encoder without mask to-
prove linear probing accuracy. rower than the encoder (1024-d). kens is more accurate and faster (Table 2).
case ft lin case ft lin case ratio ft lin
pixel (w/o norm) 84.9 73.5 none 84.0 65.7 random 75 849 735
pixel (w/ norm) 854 73.9 crop, fixed size 84.7 73.1 block 50 839 723
PCA 84.6 723 crop, rand size 84.9 73.5 block 75 82.8 639
dVAE token 85.3 71.6 crop + color jit 84.3 71.9 grid 75 840 66.0
(d) Reconstruction target. Pixels as recon- (e) Data augmentation. Our MAE works with (f) Mask sampling. Random sampling works
struction targets are effective. minimal or no augmentation. the best. See Figure 6 for visualizations.

2022/6/30 LR KRFZEATEEEZ R 215



Masked Autoencoders Are Scalable Vision Learners

Kaiming He*' Xinlei Chen* Saining Xie Yanghao Li Piotr Dollir Ross Girshick

*equal technical contribution Tproj ect lead

Facebook Al Research (FAIR)

method pre-train data VIT-B  VIiT-L  ViT-H ViT-Huyss
DINO [5] INIK 82.8 - - -
MoCo v3 [9] INIK 83.2 84.1 - -
BEIT [2] INIK+DALLE  83.2 85.2 - -
MAE INIK 83.6 85.9 86.9 87.8

Table 3. Comparisons with previous results on ImageNet-
1K. The pre-training data 1s the ImageNet-1K training set (ex-
cept the tokenizer in BEIT was pre-trained on 250M DALLE data
[50]). All self-supervised methods are evaluated by end-to-end
fine-tuning. The V1T models are B/16, L/16, H/14 [16]. The best
for each column 1s underlined. All results are on an image size of
224, except for ViT-H with an extra result on 4458. Here our MAE
reconstructs normalized pixels and is pre-trained for 1600 epochs.
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