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1. Introduction

«* From CNN to ViT

» Convolutional Neural Network
» Computer visioniZOFOf| A 718 BEO| At &|= architecture
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1. Introduction

«* From CNN to ViT
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2. What is ViT?

% Vision Transformer(ViT)
> 20223 13 179 7|& 21962 218
> Google ResearchOf|A] 2

> Transformer architectureE 2-85}0] image dlassification= =&

AN IMAGE IS WORTH 16x16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy* T, Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn*,
Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby™
*equal technical contribution, Tequal advising
Google Research, Brain Team
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2. What is ViT?

% Vision Transformer(ViT)
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<Model overview>
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2. What is ViT?

% Vision Transformer(ViT)
> 22 o|n|x|
> 7|Z Transformer0{| M= token embedding= & &
> O|O0|X|Z patchEH= LA

> = patchE HIH 2} flattendtA| Aot £ &=

Transformer Encoder

am a student
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2. What is ViT?

+ Vision Transformer(ViT)
> 22 o|0|x]
> 7|& Transformer0i| A= token embedding= 2
> O|0|X|Z patchYENZ LHRA 2
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Data Mining
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2. What is ViT?

% Vision Transformer(ViT)
> 22 o|0|x]
> 7|& Transformer0i| A= token embedding= 2
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Transformer Encoder
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2. What is ViT?

% Vision Transformer(ViT)
> B Ot7|HXN
> 7|Z& Transformer2| encoderF &1t 72| AR
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2. What is ViT?

% Vision Transformer(ViT)

> Result

> JFTE AstssS Tt 7, 2 O|o[E 0| Transfer LeamingZ!l
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> Convolutional Inductive BiasZ} Z=XSHX| 27| {20 B2 HIO|EH 7 E&

LS 1=

Ours-JFT Ours-JFT Ours-121k BiT-L Noisy Student
(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNetl52x4) (EfficientNet-L2)
ImageNet 88.55+004 87.76+003 85.30+0.02 87.54 +0.02 88.4/88.5*
ImageNet RealL 90.72+005 90.54+003 88.62+0.05 90.54 90.55
CIFAR-10 99.50+006 99.42+0.03 99.15+0.03 99.37 +0.06 —
CIFAR-100 94.55+004 93.90+005 93.25+0.05 93.51 +0.08 —
Oxford-IIIT Pets 97.56+003 97.32+011 94.67+015 96.62 +0.23 -
Oxford Flowers-102  99.68 +0.02  99.74+0.00 99.61 +0.02 99.63 +0.03 —
VTAB (19 tasks) T7.63+023 76.2840468 T2.72+0.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k
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2. What is ViT?

% Vision Transformer(ViT)

> Inductive bias

> oig REO| X|G7HA| TLIEX| ZE JEoA Fetet 52
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» Convolutional
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(a) Fully connected
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2. What is ViT?

R
iransformer in Computer Vision

Neural Information Processing Systems (Neural IPS)0IlA] R EEl =
BrainZt Google Research A E0IM LHEHS =2
202044 93 3% 7|E22 2f 116002] 218
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Transformer in Computer Vision

Transformer
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D =222l H|C|2 AlA (YouTube) D 2212 HIC|2 A|A (YouTube)
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http://dmga.korea.ac.kr/activity/seminar/316 http://dmga.korea.ac.kr/activity/seminar/295
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers
> 2022E 1217 7|& 243| 21&
> Google ResearchOf| A 2 H

» ViT models 2 EM2 2 stgA|7|= YR E0 et HuzE4 =22 T

How to train your ViT? Data, Augmentation,
and Regularization in Vision Transformers

Andreas Steiner®, Alexander Kolesnikov®, Xiaohua Zhai*
Ross "ii'ﬁhghtmanJr Jakob Uszkoreit, Lucas Beyer”

Google Research, Brain Team; 'independent researcher

{andstein,akolesnikov,xzhai,usz,lbeyer}@google.com, rwightman@gmail.com
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers
» Models: VIT-Ti, ViT-S, ViT-B , ViT-L
> Patch-size: 16, 32(ViT-S, ViT-B)
> 7|Z& VITO| A head®| hidden layerS | A
> Backbone2 = ResNet= AFESHY] L= ERAHIEHE VITO| & = (Hybrid models)

YVision Transformer (ViT)

MLP
Head

Transformer Encoder Table 1: Configurations of ViT models. Table 2: ResNet+ViT hybrid models.
‘ Model Layers Width MLP Heads Params Model Resblocks Patch-size Params
P etome = 2 G0 @) 60 70 € VITTi[] 12 192 768 3 58M R+Ti/16 0 8 6.4M
* Extra leanible L P ”  Flattencd Patch VIiT-S [4] 12 384 1536 6 222M  R26+S/32 [2,2,2,2] 1 36.6M
e smbedne {near Projection of Flattened Patches VILB[I0] 12 768 3072 12 86M RSO+L/32 [3,4,6,3] 1 330.0M
SEEB N | | VILL[10] 24 1024 409 16 307TM

ﬂmu—-—allﬂﬁm
A s

<ViT architecture>
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» Datasets for pre-training
» ImageNet-1k
» ImageNet21k
» De-duplicate images in ImageNet-21k

» Datasets to evaluate transfer learning
» VTAB benchmark

» CIFAR-100
» Oxford llIT Pets
» Resisc45 and Kittidistance
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

> Regularization
» Dropout to intermediate activations of ViT
» Stochastic depth regularization technique
» Data augmentations
> Mixup
» RandAugment

N\ ':v(: ~ 4
S Q\‘

S e v
I

<Standard Neural Net> <After applying dropout>
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

> Regularization

» Dropout to intermediate activations of ViT

» Stochastic depth regularization technique
» Data augmentations

> Mixup

» RandAugment
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<I'HM residual block>

https://engineer-mole.tistory.com/43
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

> Regularization
» Dropout to intermediate activations of ViT
» Stochastic depth regularization technique
» Data augmentations
> Mixup
» RandAugment

[1.0]
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers
> Regularization data augmentations
» Dropout to intermediate activations of ViT
» Stochastic depth regularization technique
» Data augmentations
> Mixup
» RandAugment

Magnitude: 9 Magnitude: 17

AutoContrast ShearX AutoContrast

<RandAugment example>

RandAugment: Practical automated data augmentation with a reduced search space
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers
» Pre-training
» Optimizer: Adam
Batch size: 4096

>

» Cosine learning rate schedule

> Image pre-process: Inception-style cropping, random horizontal flipping
>

Epoch: ImageNet-1k(300), ImageNet-21k(30 & 300)

» Fine-tuning
» Optimizer: SGD
» Batch size: 512

» Cosine decay learning rate schedule
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» Scaling datasets with AugReg(augmentation, Reugularization) and compute
» AugReg ImageNet-1k perform about equal to the same models pre-trained ImageNet-21k dataset

» AugReg ImageNet-21k perform about equal to the same models pre-trained plain JFT-300M dataset

ImageNet top-1 accuracy after fine-tuning

90% -

85% -

80% -

75% A

T0% -
— VT-B/32

65% 1 — ViT-B/16
— VT-L/16

60% T T T T T
@ 1.28M+AugReg ( 13M ) 13M+AugReg @

Pre-training dataset size

< ImageNet-1k> < ImageNet-21k> < JFT-300M >
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3. How to train your ViT?

Error

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» Transfer is the better option

» Transferring a pre-trained model is both more cost-efficient and leads to better results

> It does not seem possible to train VIiT models from scratch to reach accuracy anywhere near that of

transferred models

» The VIiT models from scratch are impossible to train with the accuracy of transferred models

@ Ti/l6, from scratch ®  Ti/l6, transfer+AugReg @ Ti/l6, transfer
©  B/16, from scratch B/16, transfer+ AugReg O  B/16, transfer
Pet37 (3312 images) Resisc45 (31k images)
10° - Iy ° ... ' 10° 4 ® 2 %
By
© ®
(]
@3 l%
5 o@°
: > 83
=
@ 107! @ (¢}
(o}
o) ° [}
10119 L ® 2 §
o o
g o '
10-! 100 10! 102 10-! 100 10! 102

Training time [TPUv2 core-hours]
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Training time [TPUv2 core-hours]

Accuracy

= B/32, from scratch B/16, from scratch === B/32, transfer B/16, transfer
Pet37 (3312 images) Resisc45 (31k images)
100% 1 100% A
80% A 80%
=
60% § 60%
=
40% 1 g 40% 1
20% 1 20% 4
0% T T " 0% T . ’
T 102 10¢ ’ 10! 10° 10°
Compute budget [TPUv2 core-hours] Compute budget [TPUv2 core-hours]
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» More data yields more generic models
» Model pre-trained on ImageNet-21k(30 epochs) is better than the ImageNet-1k(300 epochs)

» More data yields more generic models

MNatural datasets

g 8 g2z = S
P & A o2 o o

Q0%

et 0
Inference speed [img/sec]
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» Prefer augmentation to regularization
» Mid-sized ImageNet-1k dataset, any kind of AugReg helps

> ImageNet-21k dataset and keeping compute fixed, any kind of AugReg hurts performance for all but
the largest models

ImageNet-1k, 300ep ImageNet-21k, 30ep ImageNet-21k, 300ep
No regularization | Regularization 0.1 No regularization | Regularization 0.1 No regularization |  Regularization 0.1
RTi{69 73 73 72 70 69 68 71 70 67 65 63 36 35 33 32 31 30 29 39 38 37 36 35 34 33 36 34 32 31

Ti/16472 76 75 75 74 72 71 71 72 68 38 37 35 34 33 32 31 41 41 40 39 37 37 36 38 36 34

S/32464 71 76 76 76 T4 T4 70 72 72 43 43 43 42 42 41 40 41 40 39

71 71 69 68

40 39 38 37 35 35 M

2

S/16471 77 80 80 76 79 80 79 79 77 77||2| |24 43 43 42 41 40 39 2 [ (46 47 47 47 46 45 45 45 45 43 43 42 41 7

B/32163 70 73 75 75 69 74 2[[43 42 43 42 41 40 40 (|42 46 48 47 47 47 46 45 46 46 45 44 44 43 || 2

R26S4{72 76 78 79 80 80 80 75 78 2 [[4s 45 43 43 42 41 @ | |46 48 48 47 47 46 48 48 0

B/16470 76 79 79- 7% 79 2| |45 47 a4z a8 s BB 5

L/16469 76 77 78 78 76 76 74 78 78 77 77 || 0 | |45 (a8 1|43 46 29 a9 46 48 0

R50L1{70 75 76 77 77 76 76 75 78 78 18 79 77 7| | 2 | |45 47 0|42 46 41 49 46 48 1

T T T T T T T T T T T T T T L T T L T T T T L

s ¥ 9 RS gz 9y O 2= P 2EC8s S AR EEZEESS AR &

L O = O 1 = = = O e = [

2 @@ 2 2zz2@m®mEEZZ S & c 2amgzzemmggzz ¢

- = o D = = o O = — =} o D D == ¢ O =1

= = =] ' ' = = = -} '

=11] &n =11]

& g ]
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers
» Choosing which pre-trained model to transfer
> How to select a model for further adaption for an end application?
» Run downstream adaptation for all available pre-trained models

» One can select a single pre-trained model based on the upstream validation accuracy, which is much cheaper

» Cheaper strategy works equally well as the more expensive strategy in the majority of scenarios

I INet-1k (v2 val)
F CIFAR-100

I Pets

I Resisc45

I ImageNet-1k

F Kitti

+
(=]
=
+
=]
[
in
4
=
+
o
=

RTiq -07

Ti/164 07 +00 406 +28 404 || +0.0

§/324 <13 413 00 421 04 || +02

S/164 #0101 05 403 406 || +15

B/32 402 400 400 400 400 || +62

R26S§ 4 +00 -02 02 +08 400 +0.8

B/161 +02 00 403 36 07 || +39

L/A64 03  +05 03  +13 15 || +10

RSOL4 03 406 403 +06 02 [| 437
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3. How to train your ViT?

% How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

» Prefer increasing patch-size to shrinking model-size
» “Tiny” variants perform significantly worse than the similarly fast larger models with “/32” patch-size

> Parameter count is reflective neither of speed, nor of capacity

ImageNet top-1 accuracy [%]

B/32

80 1

] .

~ N 16 Ti/16
757 s/32 R+Ti/16 i

- 7 Til6 70 - P

- ; - TilNG
70 o _ | o )

] R+Ti/16 ImageNet-21k ] R+Ti/16 ImageNet-1k

Throughput [img/sec] 10000 3000 1000 300
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4. Conclusion

v AE

> VIiT

> Computer vision2OFOf| A 2Hd & A1 B2 0| OFEl TransformerZ X&

> Transformer architecture”} computer visions=Of0f| A &= Bf2 SOTAE &

» How To Train Your ViT? Data, Augmentation, and Regularization in Vision Transformers

> Regularization2t augmentationZt & M M2 HO|HE H|Xot dsS =22 = US
> Downstream taskA| CH&2F H|O|H 2 AN gt&ot REE transfer learningdt= 0| £
> Transfer leamingA| CHE 2 H|O|EH 2 At stsot BEIC| 450 F2
> O|O|E{ 7} BO| =X A2 regularizationlt augmentation= Z10t7+ 72| &l
> AMHEtE BHIO| B2 E2 upstreamOi A 71 He £E2 ZE2 2 AESIH £
> Inferencel| £/t S2F BF patch sizeg 7|9H d50| FX[E
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