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Introduction

I RNN to Transformer in NLP
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Introduction

I Transformer in Computer Vision

* Non-local neural networks (Wang et al., 2018) CNNO|l self attentionS O{= A X871
« Stand-alone self-attention in vision models (Ramachandran et al.,2019)

« Axial-Deeplab (Wang et al., 2020)

 Vision Transformer (Dosovitskiy et al., 2020)

« Data efficient image Transformer (Touvron et al., 2020)
« TransGAN (Jiang et al., 2021) Transformer 2 X}X|E 0| &6 AH




Transformer
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I Transformer and Self Attention
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Figure 1: The Transformer - model architecture.




Transformer

I Seq2seq
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Transformer

I Seq2seq with Attention
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Transformer

I Seq2seq with Attention

* Decoder?t E™ A HOE S22 I encoder HE & H2HH0| /U=
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Transformer

I Attention vs Self Attention
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Transformer

I Transformer vs CNN
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Transformer

I Inductive bias
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Transformer

I Inductive bias

 Transformer

1XHe HIE|2 OHE S self attention (2AMQ| X|HXQI HE QX| X)

WeightO| inputd| [t RSO = ! = == = i
r CAN = o
2AHH9 X|9XQ0I Ed FX a4

= = . Transformer
sk& & weight0] 18

. . . o SEX}: @ ol F
« Transformer: inductive bias | , RR9| XISk { S
B4 20204 9% 4L
(3 2214~
PZANN =23}o
RAARNN Queryl Key 3 =2}0! H|C|2 A% (YouTube)
s // RN

s
I

NN
// / \ \\
I . ‘ ‘ ‘ ‘ . Value MojLt R 9] —

CNN Transformer

13



Transformer in Computer Vision

I Vision Transformer (ViT)

1033] 212 (21.03.24 7|%)
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AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy®", Lucas Beyer*, Alexander Kolesnikov*, Dirk Weissenborn®,
Xiaohua Zhai*, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer,
Georg Heigold. Sylvain Gelly, Jakob Uszkoreit, Neil Houlshy*:T
*equal technical contribution, fequal advising
Google Research, Brain Team
{adoscvitskiy, neilhoulsbyl}egoogle.com

ABSTRACT

While the Transformer architecture has become the de-facto standard for natural
language processing tasks, its applications to computer vision remain limited. In
vision, attention is either applied in conjunction with convolutional networks, or
used to replace certain components of convolutional networks while keeping their
overall structure in place. We show that this reliance on CNNs is not necessary
and a pure transformer applied directly to sequences of image patches can perform
very well on image classification tasks. When pre-trained on large amounts of
data and transferred to multiple mid-sized or small image recognition benchmarks
(ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT) attains excellent
results compared to state-of-the-art convolutional networks while requiring sub-
stantially fewer computational resources to tminm
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Transformer in Computer Vision

I Vision Transformer (ViT)

Vision Transformer (ViT) Transformer Encoder

E-II 1 Head

Model Layers Hidden size ) MLPsize Heads Params

—4
Transformer Encoder
ViT-Base 12 T68 3072 12 BaM

(L Dl ]
ViT-Large 24 1024 4096 16 30T
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|
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Transformer in Computer Vision

I Vision Transformer example (ViT-Base/16)

Input Image

Patch 9
embedding

Patch 1 Patch 2

embedding embedding

48X48

1-d vector I
(patch 9) 16X16X3=768

1-d vector 1-d vector

(patch 1) (patch 2)
(16X16)*9




Transformer in Computer Vision

Transformer Encoder

o _ EEE I
I Vision Transformer example (ViT-Base/16)
» C(Classification token: classificati MNEE|= token (BERT [CLS] token)
ass classifications ¢lol |= token ( [CLS] > siao B AN

* Position embedding: patche| 2{x| &
« (Classification token, Patch embedding) + Positional embedding = Transformer encoder &

. .E

Layer/Sequence

+

Patch 9

Patch 1
Embeddinc 768-d

Embedding

PEO
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Vision Transformer (ViT)
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Transformer in Computer Vision ‘
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I Vision Transformer example (ViT-Base/16) =

«  “Vanilla” Transformer encoder vs “ViT” Transformer encoder
« Layer normalization?| ¢|X|7} Transformer st&0 28t A&t (Wang et al., 2019)
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Transformer in Computer Vision

I Vision Transformer example (ViT-Base/16)

» Transformer encoder: Layer normalization

Multi-Head Self Attention

Normalized z; 4

Normalized zg Normalized z, 4

Normalization
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768-d
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Layer Normalization

Batch Normalization
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Transformer in Computer Vision

I Vision Transformer example (ViT-Base/16)

* Transformer encoder: Self attention
« Encoder? 22 (z) — query, key, value HlE{ / W matrix: &t&5l= I2t0|E

/ Softmax( ) = n
E

768-d v

768X64 64-d 20 64-d




Transformer in Computer Vision

‘ Transformer Encoder ‘
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I Vision Transformer example (ViT-Base/16)
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* Transformer encoder: Self attention
Product(—), Sum( 1)
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Vision Transformer (ViT)

Transformer in Computer Vision ‘

Transformer Encoder ‘
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I Vision Transformer example (ViT-Base/16)
» Transformer encoder: Multi-head self attention
+ Self attention 12 &4

768-d
RN EPETT - BRI 64+12=768-d

Multi-Head Self Attention Add

Normalized z, Normalized z,, [IEEE Normalized z; 4

768-d
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Transformer in Computer Vision

I Vision Transformer example (ViT-Base/16)

* Transformer encoder: MLP

Normalized z, Normalized z,; [IEEE Normalized zg g

Add

768-d

3072-d

768-d
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I Vision Transformer example (ViT-Base/16)

Transformer output

Class
(1000-d)

Normalized z,,

Z12,0 : oo , 768-d

Transformer Encoder X 12
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Class token + PE O Patch1 + PE 1 Patch9 + PE 9
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I
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Transformer Encoder ‘
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I Vision Transformer Experiments

» Transfer learning &

L

=1imi

* Pre—training O|O|X]| resolution(224%*224) — Fine-tuning O|0|X]| resolution(384*384) (Touvron et al., 2019)

* Big Transfer2Lt Atgot= AtEl | /851 — 22X AR st 7t

Pre—training dataset
(Pre-training model)

L

o

Ours-JFT
ViT-H/14)

Ours-JFT
(ViT-L/16)

Ours-121K
(ViT-1L/16)

BiT-L

(ResNet152x4)

Noisy Student
(EfficientMNet-1.2)

Fixing the train-test resolution discrepancy

ImageNet
ImageNet Real.

Fine—tuning CIFAR-10

dataset CIFAR-100
atase Oxford-IIT Pets

Oxford Flowers-102
VTARB (19 tasks)

BR.55 +0.04
90.72 + 0.05
09.50 + 0.06
94.55 +0.04
97.56 +0.03
09.68 + 0.02
TT.63 4023

B7.76 + 0.03
90.54 + 0.03
90.42 + 0.03
93.90 + 0.05
97.32+o0.11

99.74 +0.00
T6.28 + 0,45

25.30 +0.02
BE.62+0.05
00.15 +0.03
03.25 +0.05
04,67 +0.15
09.61 +o0.02
T2.72+0.21

T

87.54 + 0.02
00.54
99.37 + 0.06
93.51 +o.08
96.62 +0.23
99.63 + 0.03
T6.29+1.70

88,4 /88.5%

90.55

TPUv3-core-days

2.5k

0.68k

0.23k

9.9k

Hugo Touvron, Andrea Vedaldi, Matthijs Douze, Hervé Jégou

Facebook Al Research

Abstract

Data-augmentation is key to the training of neural networks for image classifi-
cation. This paper first shows that existing augmentations induce a significant
discrepancy between the size of the objects seen by the classifier at train and test
time: in fact, a lower train resolution improves the classification at test time!

We then propose a simple strategy to optimize the classifier performance, that
employs different train and test resolutions. It relies on a computationally cheap
fine-tuning of the network at the test resolution. This enables training strong clas-
sifiers using small training images, and therefore significantly reduce the training
time. For instance, we obtain 77.1% top-1 accuracy on ImageNet with a ResNet-
50 trained on 128 128 images, and 79.8% with one trained at 224224,

A ResNeXt-101 32x48d pre-trained with weak supervision on 940 million
224224 images and further optimized with our technique for test resolution
32003200 achieves 86.4% top-1 accuracy (top-5: 98.0%). To the best of our
knowledge this is the highest ImageNet single-crop accuracy to date.
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I Vision Transformer Experiments

» Transfer learning &

L

H|@

* Pre—training O|O|X]| resolution(224%*224) — Fine-tuning O|0|X]| resolution(384*384) (Touvron et al., 2019)

* Big Transfer2Lt AlSot= AHE | /dst — 28X A o5 ks

Fine—tuning
dataset

Pre—training dataset
(Pre-training model)

Ours-JFT Ours-JFT Ours-121K BiT-L. Noisy Student
(VIT-H/14) | IVIT-LA6)| (ViT-L/16) |[(ResNetl52x4) (EfficientNet-1.2)

ImageNet B8.55 +0.04 | SEWGE003| 55.30+0.02 87.54 +0.02 88.4/88.5*
ImageNet Real. 00.72 +o.0s POESERGRE 55.62+0.05 90.54 90.55
CIFAR-10 99.50 +o06s | BE2Ea0s| 99.15+0.03 099.37 +0.06 —
CIFAR-100 04.55 +0.04 PESSEGES| 93.25+0.05 93.51 +o.08 —
Oxford-11IT Pets 07.56 +o.0z PERSZRGNN| 94.67 +0.15 096.62 +0.23 —

Oxford Flowers-102  99.68 + 0.0z [ 99NTd £0ma| 99.61 +o0.02 99.63 + 0.03 —

VTARB (19 tasks) TT.63 402z | TEISE0ME| T72.72+0.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 0.0k 12.3k

“owese | ases | images

ImageNet 1k 1.3M
ImageNet-21k 21k 14M
JFT 18k 303M
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I Vision Transformer Experiments

Linear projection A|Zt3} (ViT-L/32)

CNN9| convolution filter2 A|2talst Zia} QA CNN convolution filter

1024 28

Vision Transformer (ViT)

RGB embedding filters
first 28 principal components)

32%32*3

bt : ViT-/32
J = Linear Projection

PCA

https://cs231n.github.io/understanding-cnn/
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I Vision Transformer Experiments

 Position embedding AlZt3t (ViT-L/32)

« O|O|X|LY 7}712 patch?| position embeddingdt QAL 1 1H PED} LIHX| PE
QARE A2t}

Position embedding similarity

Vision Transformer (WiT) 1 2 3 4 5 6 7 1 - . - . . . -
E S CH R RINREAREN RE W R ||
C:r g —
-- i 15 [ 16 | 17 [ 18 | 19 | 20 | 21 3 S v e e e &
s Enoder ‘ Input Image 5 z
—p |22 |23|24]|25]| 26|27 28 ® 4 = ﬂ n n = . o
"’i.'mz“,u:* (224)(224) 29 [ 30|31 |3233[34]35 % > ’ ! ﬂ ﬂ ﬂ E - %
e Linear Projection of Flatiened Patches = O
= .Illlihéﬁﬁﬁ!ﬂl 36 [ 3738|3940 | 41| 42 6 -!HEHE-
A s 43 | 44 | 45 | 46 | 47 | 48 | 49 7 ! . . ! - - ! _1
1 2 3 4 5 6 7

Input patch column
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I Vision Transformer Experiments

I.
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I Data efficient image Transformer (DeiT)
- 213|212 (21.03.24 7|&)

- W2 HO|E7I LS VIT 8 2=

— Knowledge Distillation & Data Augmentation

Training data-efficient image transformers

& distillation through attention

Hugo Touvron*! Matthieu Cord? Matthijs Douze*

Francisco Massa* Alexandre Sablayrolles* Hervé Jégou*

*Facebook Al tSorbonne University

Abstract

Recently, neural networks purely based on attention wene shown to ad-
dress image understanding tasks such as image classification. These high-
performing vision bransformers ane pre-trained with hundreds of millions
of images using a large infrastructune, theneby Emiting their adoption

In this work, we produce competitive convolution-free transformens by
training on Imagenet enly. We tram them on a single computer in kess than
3 daya Our meference vision transformer (B6M parameters) achieves top-1
accuracy of 83.1% (single-crop) on ImageMNet with no external data.

Mone importantly, we introduce a teacher-student strategy specific to
transformers. It pelies on a distillation teken ensuring that the student
leamns from the eacher through attention. We show the interest of this
token-based distillation, especially when wsing a convret as a teacher. This
leads us to feport fesulls competitive with convaets for both Imagenet
{where we obtain up to 85.2% accuracy ) and when transferring to other
tasks, W shame our code and modela
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I Knowledge distillation

© M BEE DYl K4S HO| W0t 2 452 Ui M2 Y 25
5% task®} datalll o X SH&E B (TH20/E] 1)

* Teacher model: =
« Student model: Teacher model0|A| X|AlS FO0| BH= RS (m}2}0|E] | )

Layer Layer
1 2

 Softmax (T=1) %

r
T e
loss X

hard
label y

(ground truth)

Introduction to

iowledge Distillatic

2020.12.11

Data Mining & Quality Analytics Lab.
€EI: @52

Introduction to knowledge dis

SR 9 st

4 2020 128 11
{3 214~
3 =212 H|C|2 AlH (YouTube)

MojLp B3R EI| —

I E———
_ Distillation loss
II Student (:isalle_d);u;:lel_ _______ \ | m(T t)

_|_

Classification loss

(1-— A)LCE (IIJ(ZS). Y)

https://intellabs.github.io/distiller/knowledge_distillation.html
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I Data efficient image Transformer (DeiT)

e Vision Transformer2} st 21X

« Knowledge Distillation2 2|8t Distillation token 37t (Teacher model: RegNet)
» Classification tokenit S5 stg= Sdll 4= 23
Methods ViT-B DeiT-B
Lon Lrsct Epochs 300 300
@ Batch size 4096 1024
Optimizer AdamW AdamW
learning rate 0.003  0.0005 x batchsize
Learning rate decay cosine cosine
Weight decay 0.3 0.05
Warmup epochs 3.4 5
Label smoothing ¢ X 0.1
Dropout 0.1 X Data
1cti 1 Stoch. Depth X 0.1 .
ViT distillation Repeated Aug x ¢~ Augmentation
token Gradient Clip. v X
Rand Augment X 9/0.5
Mixup prob. X 0.8
Cutmix prob. X 1.0
Erasing prob. X 0.25

Table 9: Ingredients and hyper-parameters for our method and Vit-B.
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. . 86
I Deil EXperImentS +DelTfB21384
+ 2Edvs =k 0 H“Df:%
9 . N
* ImageNet HIO|HAC=0F stg Ty < T wperen
§32 EfficigntNet | %
° . IC =L M= o . WIT §
ViT, EfficientNet2Lt 22 45 S | - ours
:BU —— Oursf '\\’
§- Bl
|mage 78 ViT-B
Model #param | throughput Tlgnei%(epl\\lcect)
(image/s) P viT-L BO
76
EfficientNet-B6 66M 96.9 84.0 0 Mages/a 1000 2500
ViT-B/16 86M 85.9 77.9 > ,
Data Augmentation
DeiT-B 1 384 86M 85.9 83.1
: > Knowledge Distillation
DeiT-B@& 1384 87M 85.8 84.5
DeiT-Bg” 1 384/1000epoch 87M 85.8 85.2
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I Transformer in Vision: A Survey

Computer Vision 200X Transformer’| &&E
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Transformers in Vision: A Survey

Salman Khan, Muzammal Naseer, Munawar Hayat, Syed Wagas Zamir,
Fahad Shahbaz Khan, and Mubarak Shah

Abstract—Astounding results from Tranaformer models on natural language tasks have intrigued the vision community 1o study their
application to compater vision problems. Among their salisnt benefits, Transformers enable modslng long dependenciss betwesn input
sequence elements and suppart paraliel proceesing of sequence as compared to recurrent networks e.g., Long short-isrm memory
(LSTM). Different from comolutional networks, Transformers rquire minimal induective biases for their design and are naturally suited
&3 sef-functions. Furthermaore, the straightforsard design of Transformers allows processing mulliple modalities (.., images, videas,
fext and spesch) using similar processing blocks and demonstrates excellent scalability to very large capacity networks and huge
datasets. These strengths have led to eccting progress on a number of vision tasks using Transformer networks. This survey sims to
provide a comprehensive ovenview of the Transtormer models in the computer vision discipine. We start with an introduction to
fundamental concepts behind the success of Transformers i.e, self-attention, large-scale pre-training, and bidirectional featurs
encoding. We then cover extensive applications of transformers in vision including popular =cognition tasks (e.g., image classification,
object deteclion, action recognition, and segmentation}, generative modsling, multi-modal tasks (e.g., visual-question answering, viswal
reesoning, and visual grounding), video processing (eg., activity recognition, video forecasting), low-level vision (e.g., image
super-resalution, image enhancement, and colorization) and 30 analysis {e g, point clowd classification and segmentation). We
compare the espective advantages and limitations of popular techniques both in terms of architectural design and their ex perimentsl
value. Finally, we provide an analysis on open ressarch directions and possible future works. We hope this effort will ignite further
interest in the community to sohe cument challenges towards the application of transformer models in computer vision.

Index Terms—Seli-atiention, transformers, bidirectional encoders, deep neural networks, corvolutional networks, seli-supervision.
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Design Highlights (focus on differences
with the standard form)

Directly adopted NLP Transformer En-
coder for images, Mechanism to linearly
embed image patches with positional
embedding suitable for the Encoder.

Transformer as s student while CNN as
a teacher, Distillation tokens to produce
estimated labels from teacher, Attention
between class and distillation tokens.

Jointly train image and text encoders on
image-text pairs, to maximize similarity
of valid pairs and minimize otherwise

Linear projection layer to reduce CNN
feature dimension, Spatial positional
embedding added to each multi-head
self-attention layer of both encoder and
decoder. Object queries (output posi-
tional encoding) added to each multi-
head self-attention layer of decoder.

Deformable Transformer consists of de-
formable attention layers to introduce
sparse priors in Transformers, Multi-
scale attention module.

Self-supervised prefraining, Query-
aligned class prototypes that provide
spatial correspondence between the
support-set images and query image.

Conditional Row/column mult-head
attention layers, Progressive multi-scale
colorization scheme.

Task Method
Image ViT [11]
Classification
DeiT [17]
CLIP [51]
Object Detection DETR [17]
D-DETR [14]
Low Shot CT [25]
Learning
Image ColTran [24]
Colorization
Action ST-TR [164]
Recognition

Spatial and Temporal self-attention to
operates on graph data such as joints in
skeletons.
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