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Computer VisionE{4}
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— 2k =N BB FT —HINR—ADIERZR [Borgeaud+, 2021]
SR0E . (FSUE

— FRIRFE HuBERT [Hsu+, TASLP'21], SSAST [Gong+, AAAI'22]
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— AROZFNDr#{EEE Scene Memory Transformer [Fang+, CVPR'19], Decision Transformer [Chen+,
NeurlPS'21], Trajectory Transformer [Janner+, NeurlPS'21], Gato [Reed+, 2022]
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VideoBERT [Sun+, ICCV'19]
LXMERT [Tan+Bansal, EMNLP'19]
VIiLBERT [Lu+, NeurlPS'19]
VL-BERT [Su+, ICLR'20]

UNITER [Chen+, ECCV'20]

OSCAR [Li+, ECCV'20]

Voken [Tan+Bansal, EMNLP'20]
COQT [Ging+, NeurlPS20]
Perceiver [Jaegle+, ICML'21]
PolyVIT [Likhosherstov+, 2021]
Flamingo [Alayrac+, 2022]
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He starts his motorbike
Then walks away.

[Zhou+, CVPR'18][Li+, ICCV'19][Cornia+,
CVPR'20]

GT: A cat looking at his reflection in the mirror.
Transformer: A cat sitting in a window sill look-
ing out.

M? Transformer: A cat looking at its reflection
in a mirror.

GT: A plate of food including eggs and toast on a
table next to a stone railing.
TSN Transformer: A group of food on a plate.

. M2 Transformer: A plate of breakfast food with
eggs and toast.

[Cornia+, CVPR'20]
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(¢) Instance segmentation (d) panoptic segmentation
[Kirillov+, CVPR 2019]
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Vision Transformer posovitskiy+, ICLR21]

Vision Transformer (ViT)
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MobileViT

[Mehta+Rastegari, ICLR'22]
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Translate English to French:

ranslate English to French: task description sea otter => loutre de mer
Translate English to French: task description Ad sbten un Tautee de e example peppermint => menthe poivrée
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MLP-Mixer

[Tolstikhin+, NeurlPS'21]
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[Liu+, NeurlPS'21]
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gMLP(C KB HERDFABELEET(E

Model | ImageNet Top-1 (%)* Input Resolution Params (M) MAdds (B)
| ConvNets
ResNet-152 [16] 78.3 224 60 11.3
RegNetY-8GF [39] 81.7 224 39 8.0
EfficientNet-BO [17] 77.1 224 5 0.39
EfficientNet-B3 [17] 81.6 300 12 1.8
EfficientNet-B7 [17] 84.3 600 66 37.0
NFNet-FO [33] 83.6 192 72 12.4
| Transformers
ViT-B/16 [7] 77.9 384 86 55.4
VIiT-L/16 [7] 76.5 384 307 190.7
DeiT-Ti [8] (ViT+reg) 72.2 224 5 1.3
DeiT-S [8] (ViT+reg) 79.8 224 22 4.6
DeiT-B [8] (ViT+reg) 81.8 224 86 17.5
| MLP-like'
Mixer-B/16 [20] 76.4 224 59 12.7
Mixer-B/16 (our setup) 77.3 224 59 12.7
Mixer-L/16 [20] 71.8 224 207 44.8
ResMLP-12 [22] 76.6 224 15 3.0
ResMLP-24 [22] 79.4 224 30 6.0
: S\ D_ o () /] /] : ()
gMLP-Ti (ours) 72.3 224 6 1.4
gMLP-S (ours) 79.6 224 20 4.5
oMLP-B (ours) 81.6 224 73 15.8

FEAEIANTD
CNNHE{& D%
&DE

Transformer®

EH {5k %

&DB

(@@Mw%gDﬁ)
gMLPDAH

FEEDURLY
S A—FHBR
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Output
Probabilities

Transformer

[Vaswani+, NIPS'17]

Linear

(=EmaN
== [ Concat ]
Forward
[ Add & Norm | A T
Feed i
creed il N Scaled Dot-Product
N é Attentmn
Nx | —(Add & Norm ) ——
Multi-Head Multi-Head
Attention Attention
=) (=) Linear Lmear]] Linear
Positional o Positional
Encoding & Encoding
Input Qutput
Embedding Embedding
Inputs Outputs V Q

(shifted right)



Vision Transformer
[Dosovitskiy+, ICLR'21]

Vision Transformer (ViT) Transformer Encoder

, A
L x (:)l

Class

Bird MLP
]E':zllf Head \

Transformer Encoder

]
gt LOLLLLETE]

# Extra learnable
[ Lmear PI'DJ ection of F]attened Patches

[class] embedding
- E
_

[ Multi-Head
Attention

1§

Norm

Patches

- —— — —_— —_— — — — —_— — — —— _— — — — -
i " i ") i
1
.
\ F %\ F 5\ \
N

[ Embedded ‘
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MLP-Mixer

[Tolstikhin+, NeurlPS'21]

_________________________________________________ N
Skip-connections Skip-connections Mixer Layer I
l Channels l :
. Patches |

— = g L —( MLP 1 }—»
—z ™ = = —( MLP 1 }—» /TR :
o ] e = G/ k= —{ MLP1 }—p I
—_ 3* — - - &) ——( MLP1 }—p |
— 1
_________________________________________________ J

[ Fully-connected I
]
Global Average Pooling

L S

N x (Mixer Layer)

. 000000000

Per-patch Fully-connected ]

S |
Fuk -2 . LEDELE

1
i - | ‘\E /_‘ﬂ
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[Liu+, NeurlPS'21]

D Lx .

1 2
. Channel Proj ] )t T

T /’ 7’ 4 N
4 ) 7’
Spatial ](' ;

Gating Unit | | Spatial Proj
1 ~ —

Activation | % O]

A ' split i
Channel Proj '
* \\ . | v

Norm .
A \

.

| Input Embeddings |
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BUECB vs. BEDDIEECS

« HFARBRILECS

- MNLDOES IDES 21— I ZiEDRUEHTI D
(IR MV EFETERITDIN. NI MV EERIICERT D

D218 D

— D MVEEBICE# I D755 (EMLP
— BRAEHKRPEFEZI TEHDIEFIE (Layer Normalization)
- B UBERNTEAST1ITLSSkip Connection

e TransformerD ' S5ZhHHOc&CA
— N MVEFETER I 355 Attentionh S54THE(C/B o /=

- D ML ERHRZ D ML

=

HMRIF (Transformer)

LRI NLDA DTV O THETHRY ND—I0M2E (MLPR)



gMLPOF I AIDIRES
(2w RDO—IREEE A EMLPE T E,

5 & D EElFAttention AN=FE (aMLP) (&

= 5(CHETERE]

— N MVeFETERT S7577EN Attention D SITHNIR(C/E D T2



RATZ EZ2021FERNSE DO TLES...

MetaFormer v+, cver22]

— () —> () — (%)
Channel Channel Channel
MLP MLP MLP

MLP-like model &Transformer®iEL (&
Token Mixer@ER3 1= 1T

sFEEIC IR PMILVEEETEIR]
BT 3DPoolingCER S IR ?
ImageNetd 10007 S A5 —5DFEZHT
VITRPMLPRDFELD EEREC K

MetaFormer | Transformer MLP-like model PoolFormer

(General Arch.) | (e.g. DeiT) (e.g. ResMLP) (Ours)
g 82 O A 82 T .ﬁ : A V RSB-ResNet
9 OAVP» . > O KB | A VT
< W s I R - o0 ; et e DTUTTY e A DeiT
CI). h;‘ ...... A . N ‘ A PVT
IE a0k i P MLP-Mixer
w2 78 i 78 ¥ D> ResMLP
= O - ‘ P> Swin-Mixer
> > > : > » gMLP
o /6 : 76 T
£ AV AV © PoolFormer
0 5 10 15 20 25 0 20 40 60 80 100 120

MACs (G) Model Size (M)
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HyperMixer mai+, 2022

Model Layer

MLP-Mixer & TransformerdiE L V&
Token Mixing®DEBS 127

SFESIC IR MV EFETEL
MLP-Mixer &3 D CHIEARZ 7R Token
MIXIHQ%’{TDHyperMIXGI‘%'f"ED7_cJ:
""""""""""""""" I S i BHASEBIIEDR Y XTI TCRIFIIEE
ol | ZRIUIZK

-----------------------

Attention
______ RV RV R Y L
MLPMixer HyperMixer Attention
Model MNLI | SNLI QQP QNLI | SST | # Params
Baselines Validation set results (average accuracy / standard deviation over 10 seeds)

MLPMixer 63.9(0.34) | 79.6(0.11) | 83.7(0.42) | 68.1(2.1) | 80.1 (0.67) 1M

¢MLP 60.8 (0.95) | 80.5(0.55) | 82.8 (0.21) | 60.5(0.49) | 78.7 (0.74) 1M

FNet 59.7(0.27) | 75.3(0.46) | 79.4 (0.28) | 59.9 (0.46) | 79.7 (0.71) Y

Transformer 65.4(0.51) | 80.9(04) | 82.8(0.22) | 67.3(2.03) | 79.0 (0.86) 11 M

HyperMixer (ours) 63.9(1.16) | 81.6(0.43) | 85.3(0.19) | 77.2(1.07) | 80.5(1.14) 11 M
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ELU [Clevert+, ICLR 2016]

GelLU [Hendrycks+Gimpel, 2016]

Swish [Ramachandran+, ICLR WS 2018]
SELU [Klambauer+, NIPS 2017]

GLU [Dauphin+, ICML 2017]

RMS [Zhang+Sennrich, NeurlPS 2019]
ReZero [Bachlechner+, 2020]

Fixup [Zhang+, ICLR 2019]

Adaptive Softmax [Joulin+, ICML 2017]
Mixture of Softmaxes [Yang+, ICLR 2018]



DVRER(CHET SNTWVWDIAE? !

Transparent Attention [Bapna+, EMNLP 2018]

Evolved Transformer [So+, ICML 2019]

Synthesizer variants [Tay+, 2020]

Funnel Transformer [Dai+, NeurlPS 2020]

Lightweight and Dynamic convolution [Wu+, ICLR 2019]

Mixture of Experts Transformer [Shazeer+, NeurlPS
2018][Lepikhin+, ICLR 2021]

Switch Transformer [Fedus+, 2021]

Product Key Memory [Lample+, NeurlPS 2019]
Universal Transformer [Dehghani+, ICLR 2019]



Ww 1=5clc DT
Google ResearchM®FD A16 AT
308 X DTransformerDiEFE%
50z#8x D/ \UT—>3> &
IDER = Cailh U /THER
RKEDFEMTDTransformerE XERI DI L EESER

Do Transformer Modifications Transfer Across
Implementations and Applications?

Sharan Narang® Hyung Won Chung Yi Tay William Fedus
Thibault Fevry! Michael Matena ! Karishma Malkan! Noah Fiedel
Noam Shazeer Zhenzhong Lan’ Yanqi Zhou Wei Li
Nan Ding Jake Marcus Adam Roberts Colin Raffel

Google Research
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1. & TE(ERAZR DN EDEE

ELU [Clevert+, ICLR 2016]
— BOBRTTIFEEEET-1(TEIna L. ERXNTESHVIEZ D,

GeLU [Hendrycks+Gimpel, 2016]
— ReLUICATZIEIZ VT EERFEINE S M
ICLRI'S(EUZ T bENTLD,

Swish [Ramachandran+, ICLR WS 2018]

— RelUICNTZIEIZ VT EEREFEINESN.. HINED TLDZEMGelUEZEND SR,

SELU [Klambauer+, NIPS 2017]

— Self-Normalizing Neural NetworksZ #2239 S:im X D—8B. ELUZIEDERD THEDES
D TCTHEESEBUIZHED,

— SELUBARDFHII(EITHNTULVRL, EFtabWYy JATUVDDIaHBuED 12,

GLU [Dauphin+, ICML 2017]

— LSTMMDGatedlD 7215 > CE1T/ETELEZER.

— R+ EMHCEEE (ST R) ZEURO~1DEZH DGateE, FIRETE U
IR MADEZRIE,
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ELU/SELU GelLU/Swish
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C CCHlC : ERRIME

- BRI TR : Text-to-Text Transfer Transformer (T5)

—TFRAMZANTTFRA MR TERNDRBEDICHDERIFESE

—6.1TBOTFRA ZT1ILFU > L THI7T50GBIC L fzColossal
Clean Crawled Corpus (C4)ZFFE

— R (FIRD3 DDERE T R
- QAR EDEE YR

Su perG LUE [Wang+, NeurlPS 2019]

« XDEH

XSum [Narayan+, EMNLP 2018]
- BfalluE

WebQuestions [Berant+, EMNLP 2013]

o BEWEENEREERE : WMT 140DEMENERI R D
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A EBERCE DO B ERRTER
» NSA—GEEABED RIS HRICHAEE

— Final loss = 52&’:7“) VI$8E. C C7Zl7 lower is better
— SGLUE = 855358

— XSum = gfﬁ’\]ﬁ%h

— WebQ = ’%TF'D‘?IFET\%.’\'

— WMT EnDe = #A#EIER

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.1T 3.50 2.182 + 0.005 1.838 70.97 17.78 23.02 | 26.62
GeLU 223 M 11.1T 3.58 2.179 £ 0.003 1.838 73.67 17.86 25.13 26.47
Swish 223 M 11.1T 3.62 2.186 & 0.003 1.847 72.03 17.74 24.34 26.75
ELU 223 M 11.1T 3.56 2.270 £+ 0.007 1.932 65.86 16.73 23.02 26.08
GLU 223 M 11.1T 3.59 2.174 £ 0.003 1.814 67.86 17.42 24.34 27.12
SeLU 223M 11.17T 3.55 2.315 £ 0.004 1.948 66.13 16.76 22.75 25.99

- f&R BB U THRED'\M L UTEFiEDEL
—M4EEME=KFEEO>TVWAIFTE U UIERED TLWDSDOTHFER
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- GLUDFREAZ [Shazeer, 2020]

— GLU (a*%?ﬂiziﬁa +iEEEEERIC K DT — M EREEROESRTE
- GLUBRIFEH LR ZSDJFA REULTULE

GLU(x, W, V,b,c) = oW +b) ® (xV + ¢)

« MTFOINUIT—>3>RUTHIE
— GeGLU : &% LEEEN GeLU (ReLUAH =L NIRFZDIE S HVR D)
— ReGLU : &M LEZH ReLU

— SWIiGLU : JEBEEEIEEH Swish  (ReLUAH UL NIRFZD/E S HVIRIR)
o J\S A—SE5400[BDEBEXRSEES)LPaLMTHBFHA [Chowdhery+, 2022]

— LIGLU : &M EREAZIR L (CVHREERZT)
— 1. ELUYSELUEBRREE THIRLD... ?




GLUD/\U I —= 3 >DF
- Fli TS ERED

— Final loss = 52&’:7“) VI$8E. C C7Zl7 lower is better
— SGLUE = 855358

— XSum = g?ﬁ’ﬂﬁ%h

— WebQ = ’%TF'D‘?IFET\%.’\'

— WMT EnDe = #A#EIER

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ ‘ WMT EnDe
Vanilla Transformer 223 M 11.17T 3.50 2.182 £+ 0.005 1.838 70.97 17.78 23.02 | 26.62
GLU 223 M 11.17T 3.59 2.174 £ 0.003 1.814 67.86 17.42 24.34 27.12
GeGLU 223 M 11.17T 3.55 2.130 4 0.006 1.792 74.86 18.27 24.87 26.87
ReGLU 223 M 11.1T 3.57 2.145 4+ 0.004 1.803 73.40 18.36 24.87 27.02
SwiGLU 223 M 11.17T 3.53 2.127 4+ 0.003 1.789 74.21 18.20 24.34 27.02
LiGLU 223 M 11.1T 3.59 2.149 + 0.005 1.798 73.97 17.97 24.34 26.53

» GLULLIGLUIIA U THDEREHDIN...



2. IEFR{EDeREDEESE

Vanilla Transformer : LayerNorm [NIPS DLS 2016]
- NRT NLDOBZRS O ENEUTIERL.
RMS [Zhang+Sennrich, NeurlPS 2019]

— LayerNormhYHEWLD THIFIRE TIEMRAE. I
ReZero [Bachlechner+, 2020] )
— /9/1’ NLOHTZ UH'ReZero is All You Need... | = “
72K OO is All You Need%ifm O S
— stDTransformer (Z41) @a?ﬁ'&ﬁﬂﬁ( FEolgE _—— e

INSA=Fa (FMEHMELDO) =#HHFD (BR))

Fixup [Zhang+, ICLR 2019]

- IFRR{tZ—tIE 9 (C. Residuald Ow IDHFIEAEZOEMICT D/
17 CHBBatchNorm¥2LayerNorm &L VBE Z1ZE B




IEFUEICET DD D ERTGR

« HiiZEETF

— ReZero [Residual”?

— Fixup [#FIHHMES»»AEZXDEL

— RMS Norm [LayerNorm®DEtEE L 93]
w I DZEER D= o (FWIEAE0) B9 DE
FRRIEARTZE

MRDHOIEFEEIENTLLSH?

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223M 11.17T 3.50 2.182 £ 0.005 1.838 70.97 17.78 23.02 | 26.62
RMS Norm 223 M 11.17T 3.68 2.167 £ 0.008

Rezero 223 M 11.17T 3.51 2.262 £+ 0.003

Rezero + LayerNorm 223 M 11.1T 3.26 2.223 £ 0.006

Rezero + RMS Norm 223 M 11.17T 3.34 2.221 £ 0.009

Fixup 223 M 11.17T 2.95 2.382 +£0.012




IEFUEICET DD D ERTGR

- HiZETF

— RMS Norm [LayerNorm®DitEEL 95 |

— ReZero [ResidualZ Ow U DEHEN D Za (FIEMED) 859 D]
— Fixup [#IEHMEG» A EZE R D EIEREAETCE

SR FE 2%

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.17T 3.50 2.182 4+ 0.005 1.838 70.97 17.78 23.02 | 26.62
RMS Norm 223M 11.17T 3.68 2.167 £ 0.008 1.821 73.73 17.94 24.07 27.14
Rezero 223M 11.17T 3.51 2.262 £+ 0.003 1.939 57.21 15.64 20.90 26.37
Rezero 4+ LayerNorm 223 M 11.1T 3.26 2.223 + 0.006 1.858 68.16 17.58 23.02 26.29
Rezero + RMS Norm 223 M 11.1T 3.34 2.221 £+ 0.009 1.875 65.14 17.32 23.02 26.19
Fixup 223 M 11.17T 2.95 2.382 + 0.012 2.067 55.71 14.42 23.02 26.31

— VNS ReZeroVAKZE TRIAT



3. RS CDUVWTDHREE

- BElDFeed ForwardZp4
— R Z D 1 »RelU—-IREZHAZD 2
— I\ A—=—FDO L — RATZRXT=LN

° A4j:d)l

B (G
« BH A, @EB%@U’QE%&CZ&

(CHITDN)

« Multi-Head Attention®/\\v RZ{H

o SANT=FEER
— Vanilla(3 12 layers, dg = 3072, H = 12

Output
Probabilities

Softmax

Linear

7

I

Add & Norm
Feed
Forward
e ~\ Add & Norm  Je=
_ .
2 Bl M Multi-Head
Feed Attention
Forward I Nx
-~
N Add & Norm
r—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
— J —
Positional o @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

JCHY. 1B 0 DR TETEEV,

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.17T 3.50 2.182 £+ 0.005 1.838 70.97 17.78 23.02 | 26.62
24 layers, dg = 1536, H = 6 224M 11.17T 3.33 2.200 %= 0.007 1.843 72.55 17.75 25.13 26.89
18 layers, dgf = 2048, H = 8 223 M 11.17T 3.38 2.185 & 0.005 1.831 74.74 16.83 24.34 27.10
8 layers, dg = 4608, H = 18 223 M 11.1T 3.69 2.190 £ 0.005 1.847 72.17 17.69 23.28 26.85
6 layers, dg = 6144, H = 24 223 M 11.1T 3.70 2.201 £ 0.010 1.857 70.28 17.59 24.60 26.66



4. IB¥IAHTTEIC DL TDIREL

* Input&Output(IFBE= X IBHIAHFRITTDINS A—4

— NLP/Z &/ S A=A EICEENKELY

75192 H% (ALBERT [Lan+, ICLR 2020] &D)

— EBEXIBHIAFHIRTT — B X NERRTT & RERRTT X 3BEDIAFH IR TT
T>1—DAHIITDIEDIAFH [Chung+, ICLR 2021]

— HBF (Tied) MIEHEB (Untied) H

A (C KD DIAFHRTDAEE [Baevski+Auli, ICLR 2019]
— (RSAE R (HMERTDONRY N UITIEDIAD

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223M 11.17T 3.50 2.182 + 0.005 1.838 70.97 17.78 23.02 | 26.62
Factorized Embedding 227TM 9.4T 3.80 2.208 £ 0.006 1.855 69.37 15.92 22.75 26.50
Factorized & shared embeddings 202M 9.17T 3.92 2.320 £+ 0.010 1.952 68.27 16.33 22.22 26.44
Tied encoder/decoder input embed- 248M 11.17T 3.55 2.192 4+ 0.002 1.840 69.36 17.72 24.34 26.49
dings

Tied decoder input and output em- 248 M 11.17T 3.57 2.187 4+ 0.007 1.827 73.28 17.74 24.87 26.67
beddings

Untied embeddings 273M 11.17T 3.53 2.195 4+ 0.005 1.834 70.94 17.58 23.28 26.48
Adaptive input embeddings 204 M 9.2T 3.95 2.250 4 0.002 1.899 65.72 16.21 24.07 26.66




5. NS A—FTRBAECDONTDIREL

o ALBERT [Lan+, ICLR 2020] &D
—REBDI)\SA—FZFEHEBEITSD
— FEFEDIEOAFDDREHBEHT
—T>a—Ar/Fa—4rElIrcHa

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.17T 3.50 2.182 4 0.005 1.838 70.97 17.78 23.02 | 26.62
Block sharing 65M 11.1T 3.91 2.497 £ 0.037 2.164 62.05 14.53 21.96 25.48

+ Factorized embeddings 45M 9.4T 4.21 2.631 £+ 0.305 2.183 58.85 14.00 19.84 25.27

+ Factorized & shared embeddings 20M 9.1T 4.37 2.907 4 0.313 2.385 52.34 11.37 19.84 25.19
Encoder only block sharing 170 M 11.1T 3.68 2.298 £ 0.023 1.929 66.21 16.23 23.02 26.23
Decoder only block sharing 144 M 11.17T 3.70 2.352 £+ 0.029 2.082 65.58 16.13 23.81 26.08

- BERIER : KFESIA

— JEIZUALBERT CIIX DEEZHTHDEEKEANTUNDIH., CDiE
N CEMEHRE UTULVRUVWDTALBERTEIRAE DEEES T LR




6. Softmax

« Adaptive Softmax [Joulin+, ICML 2017]

~- HEBEOHEE (LI U TCEEZ ISR D -
—BKERERE(F TS (ICHE U TEEL+ 5

1R1L,

* Mixture of Softmaxes [Yang+, ICLR 2018]

— SoftmaxzZxKiBDETE U CE

S A DITHNC K DE

BT

E1EEBI CERIE

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.1T 3.50 2.182 + 0.005 1.838 70.97 17.78 23.02 | 26.62
Adaptive softmax 204 M 9.2T 3.60 2.364 + 0.005 1.982 71.28 16.67 21.16 25.56
Adaptive softmax without projec- 223 M 10.8T 3.43 2.229 4+ 0.009 1.914 69.52 17.10 23.02 25.72
tion

Mixture of softmaxes 232M 16.3T 2.24 2.227 4+ 0.017 1.821 74.57 17.62 22.75 26.82

— Mixture of Softmaxes(&.

sTEUREN0%IE T

IF&E
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Transparent Attention [Bapna+, EMNLP 2018]

Evolved Transformer [So+, ICML 2019]

Synthesizer variants [Tay+, 2020]

Funnel Transformer [Dai+, NeurlPS 2020]

Lightweight and Dynamic convolution [Wu+, ICLR 2019]

Mixture of Experts Transformer [Shazeer+, NeurlPS
2018][Lepikhin+, ICLR 2021]

Switch Transformer [Fedus+, 2021]

Product Key Memory [Lample+, NeurlPS 2019]
Universal Transformer [Dehghani+, ICLR 2019]



ERRTER
WKWKZ LS TERMNDH S A

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223 M 11.17T 3.50 2.182 £+ 0.005 1.838 70.97 17.78 23.02 | 26.62
Transparent attention 223 M 11.1T 3.33 2.181 +0.014 1.874 51.31 10.40 21.16 26.80
Dynamic convolution 257TM 11.8T 2.65 2.403 £ 0.009 2.047 53.16 12.67 21.16 17.03
Lightweight convolution 224 M 10.4T 4.07 2.370 £ 0.010 1.989 60.27 14.86 23.02 24.73
Evolved Transformer 217TM 9.9T 3.09 2.220 4+ 0.003 1.863 71.80 10.76 24.07 26.58
Synthesizer (dense) 224 M 11.4T 3.47 2.334 4+ 0.021 1.962 58.46 14.27 16.14 26.63
Synthesizer (dense plus) 243 M 12.67T 3.22 2.191 £ 0.010 1.840 71.11 16.96 23.81 26.71
Synthesizer (dense plus alpha) 243 M 12.67T 3.01 2.180 = 0.007 1.828 72.12 17.02 23.28 26.61
Synthesizer (factorized) 207TM 10.1T 3.94 2.341 £ 0.017 1.968 59.75 15.39 23.55 26.42
Synthesizer (random) 254 M 10.1T 4.08 2.326 4+ 0.012 2.009 51.17 10.35 19.56 26.44
Synthesizer (random plus) 292 M 12.0T 3.63 2.189 £ 0.004 1.842 71.81 17.04 24.87 26.43
Synthesizer (random plus alpha) 292 M 12.0T 3.42 2.186 = 0.007 1.828 73.13 17.08 24.08 26.39
Universal Transformer 84 M 40.0T 0.88 2.406 4 0.036 2.053 66.77 14.09 19.05 23.91
Mixture of experts 648 M 11.7T 3.20 2.148 4+ 0.006 1.785 72.06 18.13 24.08 26.94
Switch Transformer 1100M 11.7T 3.18 2.135 £ 0.007 1.758 73.51 18.02 26.19 26.81
Funnel Transformer 223 M 1.97 4.30 2.288 £ 0.008 1.918 64.58 16.26 22.75 23.20
Weighted Transformer 280M 71.0T 0.59 2.378 £ 0.021 1.989 66.20 16.98 23.02 26.30
Product key memory 421 M 386.6T 0.25 2.155 £+ 0.003 1.798 73.18 17.04 23.55 26.73
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Transparent Attention [Bapna+, EMNLP 2018]

Evolved Transformer [So+, ICML 2019]

Synthesizer variants [Tay+, 2020]

Funnel Transformer [Dai+, NeurlPS 2020]

Lightweight and Dynamic convolution [Wu+, ICLR 2019]

Mixture of Experts Transformer [Shazeer+, NeurlPS
2018][Lepikhin+, ICLR 2021]

Switch Transformer [Fedus+, 2021]

Product Key Memory [Lample+, NeurlPS 2019]
Universal Transformer [Dehghani+, ICLR 2019]
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Transparent Attention [Bapna+, EMNLP 2018]

Evolved Transformer [So+, ICML 2019]

Synthesizer variants [Tay+, 2020]

Funnel Transformer [Dai+, NeurlPS 2020]

Lightweight and Dynamic convolution [Wu+, ICLR 2019]

Mixture of Experts Transformer [Shazeer+, NeurlPS
2018][Lepikhin+, ICLR 2021]

Switch Transformer [Fedus+, 2021]
Product Key Memory [Lample+, NeurlPS 2019]
Universal Transformer [Dehghani+, ICLR 2019]



Product Key Memory & Synthesizer variants

° PrOdUCt Key MemOry [Dehghani+, ©® SyntheSizer[Tay+, 2020]

ICLR 2019]
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o AJIXDHRAZZZ 1+ ReLU +HRAZ 21
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« HOEETLIWLWMD (Random)
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Switch Transformer & Mixture of Experts Transformer
[Shazeer+, NeurlPS 2018][Lepikhin+, ICLR 2021][Fedus+, 2021]

 Switch Transformer : 1.6JK{EID/\S A —%4
- EEK EREZEZDTTN. FFINNEEED D (Mixture of Experts)
— Switch Transformer T (FIEIRBYIC CDFFND DS E— D% E 5N
— DT, IS A=FZ8EIOEZHHEICEDSIHITTIERUN

- :*‘LBOD_:\LEEODE{_H:EY(Q: [ Add+r13rmalize
— t
Goog |e ((_ J: 5 E d) Switching;FN Layer
— | Add + Normalize
—4F(CNorm Shazeer(Z t ’.f |
—_— St bt SEIM?E”“O“ CEEEE— Add + Normalize —
* TransformerlREDHE2EE L e
« CNBOwmYICHEERE R = o &
L CADTCLD e .
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« IEEEDTransformerDeXEFEDKEDTDTransformerd

LEEARTKRZERRN

— 18EERE CDIILAE

EOVEE(,

\\ \J_X—

— RERFEAEEZENDSTR

One possible explanation for this is that the originally-
proposed Transformer architecture was near-perfect, and
there wasn't much that could be done to improve it.

(CnUE. HYHEESN/=Transformerd )7 —F577
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%(&...Vanilla TransformerCHEAD TWAITXhH S

— LayerNorm/'4& — LayerNormH¥5E [Baevski+Auli 2019][Xiong+, 2020]
— $EIBE(C K DAIEIRIAFH — HEITHIAMIELIRDIAF [Raffel+, 2019]
SETE{ERIEYN : GLU&E GeLU/SwishD#ESE

IEF{E : RMS Norm

T A=A ICHTHDARDDODERRADIES
P—FFIOFvDIX

— Mixture of Experts Transformer
— Switch Transformer

— Product key memory

— Synthesizer variants
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Layer Normalization H¥&h &b ElRE

e Post-LN: ¥8ED'\E LD, FIIEDARZE
* Pre-LN: Sli#fFH\IZTET D H 'Tiﬁgb“ﬂ_ib\

1
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1 1
Layer Norm : C) : Layer Norm
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[ FFN ] [ Layer Norm J [ Layer Norm ] FFN
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[ Layer Norm ] [ Layer Norm ] <> () { Layer Norm ] [ Layer Norm ]
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1 I
(a) Post-LN | (b) Pre-LN | (¢) Post-LN with B2T connection

« Bottom-to-Top (B2T) connection [Takase+, 2022]
— Post-LNODZHAEES] EPre-LNK D BN ESZ /ML
 DeepNorm [wang+, 2022]
— Post-LNX—XC. Residuali#ZfithtedDEFE (1/8) NMENDDZELEMEARETTD
— JI\SGA-—SDYIHHE (D—FfZ) EHCEI>TNhNe<TB
— 1000/ Transformer CHIIFETET DK DICIRDTE



Positional Encoder®ti{ R &Warmup

Positional Encoder

o« JoR(THEXAIEDIBEDIA

o FAXMNIEIC KBAEEBDIAH [Shaw+, NAACL 18] [Raffel+, 2019]

o B NUBEDOMIEEDIAHCS T MAEEZE A [Kiyono+, EMNLP'21]
* RoPE (Rotary Position Embedding) [Su+, 2021]

(T oY
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o step_numBwarmup_stepEF UL IRD E o —o—I o -
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_UF * — .E' . ; _— .E' OOOOO ikey  pos ition
Irate = d_ - min(step_num =", step_num - warmup_steps™ ')
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OpenAllC KD GPT-3THAETNIZIER (Henighan+, 2020
IR FEH. 7—F1Y MM X, N\NSA=IHEICRD LEXD
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« Exploring the Limits of Large Scale Pre-training [Abnar+, ICLR'22]
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Vision Transformer
[Dosovitskiy+, ICLR 2021]

Vision Transformer (ViT) 1 Transformer Encoder
A

L x o
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|
,,,,,,,,, J@ﬁiéé@ﬁ

ccccccccccccccccccc L drPJ ection of Flattened Patches
ﬂl I 1 |
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i s P

Fﬂfﬁb“STransformerd)af'C‘?%"?% &
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— JFT-300M &EVWVDS KBRS —S17v MW E
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Vision Transformer C¥{FRHDOPTEIA > FT—Sa3 02 IFTSI(CIE

e VITOLSIFELY Ny FZiF &, MbuvNIND >
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[Dosovitskiy+, ICLR'21]
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Swin Transformer [

|

[Liu+, ICCV 2021]
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(a) Swin Transformer (ours) (b) ViT
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Swin TransformerlZES 3 > DA X TSoTA

[Liu+, ICCV 2021]
(a) Regular ImageNet-1K trained models

nethod i@age #param. FLOPs tbroughput ImageNet (c) Systgm-level Comparison
size (image / s)|top-1 acc. mini-val test-dev
RegNetY-4G [11] | 2247 2IM_ 40G 11567 | 80.0 Method APPox Apmask| Apbox g pmask|#param. ELOPs
RegNetY-8G [44]|224% 39M 8.0G  591.6 81.7 RepPointsV2* [12] | - ~ 1521 - ) )
RegNetY-16G [44]| 224> 84M 16.0G  334.7 82.9 GCNet* [7] 51.8 44.7 | 523 454 - 1041G
VIT-B/16[19] [384% 86M 554G  85.9 77.9 RelationNet++* [13]| - - 527 - - -
VIT-L/16 [19] | 384% 307M 190.7G  27.3 76.5 DetectoRS* [47] - - | 55.7 485 - -
DeiT-S [57] |224%2 22M 4.6G 9404 79.8 YOLOv4 P7* [4] | - - |55.8 - - -
DeiT-B [57] |224% 86M 17.5G  292.3 81.8 Copy-paste [23] |55.9 47.2 |56.0 47.4 | 185M 1440G
DeiT-B [57] |384% 86M 554G  85.9 83.1 X101-64 (HTC++) | 523 460 | - - | 155M 1033G
Swin-T 224 29M 4.5G 7552 81.3 Swin-B (HTC++) | 564 49.1 | - - | 160M 1043G
Swin-S 224° 50M 8.7G  436.9 83.0 Swin-L (HTC++) |57.1 49.5 [57.7 50.2 | 284M 1470G
Swin-B 2242 88M 154G  278.1 83.5 Swin-L (HTC++)* | 58.0 50.4 |58.7 51.1 | 284M -
Swin-B 384 88M 47.0G  84.7 84.5

=iBl (ImageNet) #ik - 78] (CoCo)

. BRABIATISROD ?



ViT vs. CNN

+ REDLLR

— Conv

[E7%ZVITRICAIND &

EULK ! Xiao+, NeurlPs 2021]

— Local Attention(&Depth-wise Conv&[E D ! Han+, 1CLR 2022]
— CNNE&n85RD ETransformerzf8 X DK ! [Liu+, cvPr 2022]

- I FEEDLEE
— VITOFF = ECNNDFFHEZ B A LE/NTZ Raghu+, NeurlPs 20211
— CNNI(Z/\1 IR T« )LA. ViTIEO—/ VX T « )L [park+Kim, ICLR 2022]

- THEZEDLELEE
— SHDECCVf




ViT vs. CNN

- IREDLLE
— ConviEZZVITHIICAND ERUWK ! Xiao+, NeurlPs 2021]
— Local Attention(dDepth-wise Conv&E[E D ! (Han+, 1CLR 2022]
— CNNEB5RD ETransformerzf28 2 DK | [Liu+, cvpr 2022]

- IFEIEDLER
— VITOHF = ECNNDFFEHEZ B A LE/NTZ Raghu+, NeurlPs 20211
— CNNIF/\AI)NR T« )LA. ViTIZO—/) R T« )L [Park+Kim, ICLR 2022]

- TRERTEDLEER

A RH(ZE
ZHDECCViR MLP vs. ViT vs. CNN

[Cufeh o el &
(RERSHtERFME) HE




ViT vs. CNN

« FREDLER

— Conv

[BZVITRIICAND &

EUL\K ! Xiao+, NeurlPs 2021]

— Local Attention(dDepth-wise Conv&ER U ! Han+, IcLR 2022]
— CNNHBmE5RD ETransformerzi@ X DK | (Liu+, cvpr 2022]

- I FEEDLEE
— VITOFF = ECNNDFFHEZ B A LE/NTZ Raghu+, NeurlPs 20211
— CNNI(Z/\1 IR T« )LA. ViTIEO—/ VX T « )L [park+Kim, ICLR 2022]

» TAETEDLEE
- SHDECCVi




Atop-1 error

pretrained CNN + Transformer& UL\ D

Transformer (C conv B

patchify (P) stem

!L% > 2
g 82 =
: 5 s
S X
=3 5E

M(

transformer block

convolutional (C) stem

SAUDD CXE
uonuay
PEAH-BInN

7 10 | apis

transformer block

stem flops = I transformer block

4GF models
- ViTp
= ViTq
~#— RegMetY

1GF models
- ViTs
- ViT:
~&~ RegNetY

50

100 200 400 50 100 200 400
training epochs training epochs

B J(CAND RS (Z—E) +%

[Xiao+, NeurlPS 2021]

R<HDER TIEIE0LN

Original ViT (baseline, termed ViT):

o Sensitive to Ir and wd choice

o Converges slowly

o Works with AdamW, but not SGD

o Underperforms sota CNNs on ImageNet

Ours (termed ViT, same runtime):

v' Robust to Ir and wd choice

v Fomerges

v' Works with AdamW and also SGD

v' Ouiperforms sota CNNs on ImageNet

EEET (")

1GF models
— ViTe

50

100 200 400 50 100 200 400
training epochs training epochs
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Spatial
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BN EFHDDepth-wise Conv
» Local Attention& Depth-wise ConvdDIf—MDiE |\

iR (D—3ab)

— Swin Transformer@dAttention’ Depth-wise Conv(c U7ZDWNet
— Depth-wise ConvZzEIHY(C U /Z2FEdDdynamic DWNet

L4

COCO Object Detection ADE20K Semantic Segmentation

#param. FLOPs | AP”°* APz0" AP22® AP™*" |#param. FLOPs mloU
Swin-T 86M 747G | 505 693 549 437 60M 947G 44.5
DWNet-T 82M 730G | 499 68.6 543 434 56M 928G 45.5
dynamic DWNet-T 108M 730G | 50.5 695 546 437 83M 928G 45.7
i-dynamic DWNet-T 84M 741G | 50.8 695 553 440 S8M 939G 46.2
Swin-B 145M 986G | 51.9 709 56.5 45.0 121M 1192G 48.1
DWNet-B 132M 924G | 51.1 69.6 554 442 108M 1129G 48.3
dynamic DWNet-B 2I9M 924G | 51.2 70.0 554 444 195M 1129G 48.0
i-dynamic DWNet-B | 137M 948G | 51.8 703 56.1 44.8 114M 1153G 47.8




2020 XD ConvNet = ConvNeXt

» ResNetZihLik U J=ConvNeXt

ES>R
T — Lk

Depth-wise conv
T ECREER
— 1IEAR1E

etc.

Swin Transformer Block
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[Liu+, CVPR 2022]
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ViT vs. CNN

+ REDLLR

— Conv

[E7%ZVITRICAIND &

EULK ! Xiao+, NeurlPs 2021]

— Local Attention(&Depth-wise Conv&[E D ! Han+, 1CLR 2022]
— CNNE&n85RD ETransformerzf8 X DK ! [Liu+, cvPr 2022]

» {FHEDLEBE
— ViTO45H = ECNNDOFFHE=EZ B 4 LE/RTZ Raghu+, NeurlPs 2021]
— CNNI(Z/\1 IR T« )LA. ViTIEO—/ X T« )L [Park+Kim, ICLR 2022]

» TAETEDLEE
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EIE DL
« ViTECNN (ResNet) @D f:!EIJOJJEdJﬁ&&EoﬁE{uFt

aghu+, NeurlPS 2021]
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Raghu+, NeurlPS 2021
* ViTECNN (ResNet) DEFERDIFH= DAL E LB
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Raghu+, NeurlPS 2021
* ViTECNN (ResNet) DEFERDIFH= DAL E LB
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» ViTECNN (ResNet) DFERDIFHEDFALE LEBE
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[Raghu+, NeurlPS 2021]
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EIE DL
* ViTECNN (ResNet) DiFRDERITOFAUUEZIE iEtl:Ei‘i

ViT-L/16 vs R50
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[Raghu+, NeurlPS 2021]
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[Raghu+, NeurlPS 2021]

ViT-B/32 final block
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ViT(IIE KR ZFIB(CIT SDT/HILEGRL)

[Park+Kim, ICLR 2022]

ResNet
II
warmup'? 100"
oy z
: 5
a a
LM". o -
0 1000 0 1000
CNN&VITTD
=
IR REATDERF ViT 2 )
5 5
- P
0 1000 0 1000

— Vil

\ViTODED\‘
BERREZIDA\T T > D

HHEH/ NN

=&k DFiH




ViT(EXKEEZFIB(CT SDT/AILEBRL)

[Park+Kim, ICLR 2022]

ResNet

warmup'™ 100"
CNN&EVITTO
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Activation | Clean Acc | PGD-5 | PGD-10 | PGD-50 | PGD-100 | AutoAttack
ResNet.50 RelLU 66.77 38.70 34.19 32.47 32.26 26.41
DeiT-S GELU 66.50 43.95 41.03 40.34 40.32 35.50
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Architecture | Clean Acc | Texture Patch Attack
ResNet-50 76.9 19.7
DeiT-S 76.8 47.7
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Architecture | Clean Acc | Texture Patch Attack

ResNet-50 76.9 19.7
DeiT-S 76.8 47.7
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