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A. Vaswani et el. “Attention is all you need”, Annual

Conference on Neural Information Processing Systems
(NeurIPS), 30:5998-6008, 2017.

sl BERT ob & o Sby oleisb Jow VeV Jlo yo o)) g dgo O
Sged ALl el (o ie sk by Glon ey VY j oo (nl aiaged
3,Lle YVO L e colly ¥8 (g9, o 1, GPT-3 Juo Y-V+ Jls ;o 4lgp O
O3 b by Omb e )5 0 oYL LS g ol (hieel G el

3,90 3929 4 (fine-tune) g.bs dats 4 5Ls




pead wiloy duwo) yo aslh s )glgd — douiie

A 0 gll adlge S plaie 4y pgal 3l Glao )5 50 (lglgls slaasil O
Sl osdll 03Kl a5 weo o lid wijlo by Jowe 059 el Lel caigls o ai8 )3
LA : ..’.9]9_;[5 LQLQ!S‘ &
loasis b awslio B suls g wisls (bi9el slllss Jowe S oS g o> O
W) pgal AN I o Slglgils
ol 08 4] Cawd b el il glo Jow b duslin 4o > lews S aS
29 Nl S ) AR )0 (97 ) &

peal Goilsp o b o Ko sleo p,l8 O
o Object detection
o Semantic Segmentation

o Image Processing
o Video Understanding .




KEY MILESTONES IN THE DEVELOPMENT OF TRANSFORMER

2017.6 | Transformer 2020.5 | GPT-3
Solely based on attention A huge transformer with
mechanism, the Transformer is 170B parameters, takes a
proposed and shows great big step towards general
performance on NLP tasks. NLP model.
O O O O
2018.10 | BERT 2020.5 | DETR
Pre-training transformer models A simple yet effective
begin to be dominated in the framework for high-level vision
field of NLP. by viewing object detection as
a direct set prediction problem.

2020.7 | iGPT 2020.12 | IPT
The transformer model for NLP The first transformer model
can also be used for image pre- for low-level vision by
training. combining multi-tasks.

2020.10 | ViT 2021 | ViT Variants
Pure transformer Variants of ViT models,
architectures work well for e.g., DeiT, PVT, TNT, and

visual recognition. Swin.




REPRESENTATIVE WORKS OF VISION TRANSFORMERS

ViT ICLR 2021

Supervised pretraining DeiT [219] ICML 2021

Backbone Swin [17] ICCV 2021
Self-supervised pretraining iGPT [29] LML 2020

‘ ‘ MoCo v3 [32] ICCV 2021
DETR [19] ECCV 2020

Deformable DETR ICLR 2021

Object detection ACT arXiv 2020

UP-DETR CVPR 2021

: . . TSP arXiv 2020
H'gh:fi’j:m] Max-DeepLab [228] CVPR 2021
‘ Segmentation VisTR CVPR 2021
SETR CVPR 2021
Hand-Transformer [102] ECCV 2020

Pose Estimation HOT-Net MM 2020

METRO CVPR 2021

Image Transformer [171] ICML 2018

Image generation Taming transformer CVPR 2021

Low-level : ,

vision TransGAN [111] arXiv 2021
Image enhancement (PT CVPR 2021

TTSR [251] CVPR 2020




REPRESENTATIVE WORKS OF VISION TRANSFORMERS (2)

Video Video inpainting STTN [268] ECCV 2020
processing Video captioning Masked Transformer CVPR 2018
Classification CLIP [180] arXiv 2021
: : . DALL-E ICML 2021
Multimodality Image generation Cogview A Xiv 2021
Multi-task UniT arXiv 2021
Decomposition ASH [159] NeurIPS 2019
Efficient Distillation TinyBert [113]] EMNLP Findings 2020
transformer Quantization FullyQT EMNLP Findings 2020
Architecture design

ConvBert [112]

NeurIPS 2020
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"The animal didn't cross the street because it was
too tired”
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SELF-ATTENTION LAYER
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[f MatMulA] 4> 4395 ¢ yloxe
SoftMax ]
[M t attention function between different input vectors 1s calculated as
ask (opt.) ]
follows
e Step 1: Compute scores between different input vectors
withS=Q -K':
MatMul e Step 2: Normalize the scores for the stability of gradient
1 1 with S,, = S/+/dy:
Q K \/ e Step 3: Translate the scores into probabilities with softmax

function P = softmax(S,,):
e Step 4: Obtain the weighted value matrix with Z = V- P.

The process can be unified into a single function:
Q-K'
Vo

-
SoftMax (z), = ,

Attention(Q, K, V) = softmax( )V
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Step 1 computes scores between each pair of different
vectors, and these scores determine the degree of attention
that we give other words when encoding the word at the
current position.

Step 2 normalizes the scores to enhance gradient stability for
1mproved training.

Step 3 translates the scores into probabilities.

Finally, each value vector 1s multiplied by the sum of the
probabilities. Vectors with larger probabilities receive
additional focus from the following layers.

The attention layer in the decoder module 1s similar to the
encoder module with the following exceptions: The key
matrix K and value matrix V are derived from the encoder
module, and the query matrix Q 1s derived from the previous

layer. ‘




HOW SHOULD ONE UNDERSTAND THE QUERIES,
KEYS, AND VALUES

o The key/value/query concepts come from retrieval
systems. For example, when you type a query to
search for some video on YouTube, the search engine
will map your query against a set of keys (video
title, description, etc.) associated with candidate
videos 1n the database, then present you the best
matched videos (values).

o The attention operation can be thought of as a
retrieval process as well, so the key/value/query
concepts also apply here.




HOW ARE THE QUERIES, KEYS, AND VALUES
OBTAINED

o The proposed attention architecture alone doesn't say
much about how the queries, keys, and values are
obtained, they can come from different sources
depending on the application scenario.

» For unsupervised language model training like GPT, Q,K,V

are usually from the same source, so such operation is also
called self-attention.

« For machine translation task, it first applies self-attention
separately to source and target sequences, then on top of
that it applies another attention where Q 1s from the target
sequence and K,V are from the source sequence.

 For recommendation systems, Q can be from the target
1items, K,V can be from the user profile and history. ‘
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MULTI-HEAD ATTENTION — (2)

| Linear I

i




MULTI-HEAD ATTENTION — (3)

In each group, there are A vectors with

dimension d = djy = dy = dyoder/h = 64. The vectors

derived from different inputs are then packed together into three

different groups of matrices: {Q;}",, {K;}, and {V;}

MultiHead(Q', K’. V') = Concat(head;, - - - , head; )W?,
where head; = Attention(Q;, K;, V;). (10)

Here, Q’ (and similarly K’ and V') is the concatenation of
{Q@ 24, and W7 ¢ R¥modet Xdmodel ig the linear projection

matrix.




MULTI-HEAD ATTENTION — (4)
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PFE(pos,2i) = sin( pos oF
10000 dmodet
PE(pos,2i + 1) = cos( Pos ).
10000 4modet

oz 3 4alS S, Ko =pOS O
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o each element of the positional encoding corresponds to
a sinusold, and i1t allows the transformer model to

learn to attend by relative positions and extrapolate to
longer sequence lengths during inference. .
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STRUCTURE OF TRANSFORMER (1)

Residual Connection in the Encoder and

Decoder
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STRUCTURE OF TRANSFORMER (2)
FEN(X) = W0 (W;X),

where W; and Wo are the two parameter matrices of the
two linear transformation layers, and o represents the nonlinear

activation function. The dimensionality of the

hidden layer is d;, = 2048,
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THE FINAL LINEAR AND SOFTMAX LAYER
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BERT: BIDIRECTIONAL ENCODER
REPRESENTATIONS FROM TRANSFORMERS
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TRANSFORMERS IN CV AREA

o When used for CV tasks, most transformers
adopt the original transformer’s encoder module.
Such transformers can be treated as a new type
of feature extractor.

o Compared with CNNs which focus only on local
characteristics, transformer can capture long
distance characteristics, meaning that i1t can
easily derive global information.

o And in contrast to RNNs, whose hidden state
must be computed sequentially, transformer 1is
more efficient because the output of the self-
attention layer and the fully connected layers can
be computed in parallel and easily accelerated.
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VIT. VISION TRANSFORMER
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RESNET L VIT alis

Ours-JET Ours-JFT Ours-121k BiT-L Noisy Student
(ViT-H/14)  (ViT-L/16)  (ViT-L/16) ;:ResNetlﬁZx—-‘l} (EfficientNet-L2)

ImageNet 88.55+t004 87.76x0.03 85.30+0.02 87.54 £ 0.02 88.4/88.5"
ImageNet Real. 90.724+005 90.54+003 88.62+005 90.54 90.55
CIFAR-10 99.50+006 99.42+003 99.15+003 09.37 +0.06 —
CIFAR-100 94554004 93.90+005 93.25+005 93.51 +0.08 —
Oxford-IIIT Pets 97.56+003 97.32+011 94.67+o015 06.62 +0.23 —
Oxford Flowers-102  99.68 +o0.02 99.74+0.00 99.61 +0.02 99.63 +0.03 —

VTAB (19 tasks) T7.63+023 76.28+046 T2.72+0.21 76.29 + 1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k




END-TO-END OBJECT DETECTION WITH TRANSFORMERS
DETR - DETECTION TRANSFORMER
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FASTER RCNN L DETR a..is

Model GFLOPS/FPS #params AP APso AP7s APs APu APy
Faster RCNN-DC5 320/16 166M  39.0 60.5 42.3 21.4 43.5 525
Faster RCNN-FPN 180/26 A2M 40.2 61.0 43.8 24.2 43.5 52.0
Faster RCNN-R101-FPN 246 /20 60M  42.0 62.5 459 25.2 45.6 54.6
Faster RCNN-DC54 320/16 166M  41.1 61.4 44.3 22.9 45.9 55.0
Faster RCNN-FPN+ 180/26 A2M 42.0 62.1 45.5 26.6 45.4 534
Faster RCNN-R101-FPN+ 246 /20 60M  44.0 63.9 47.8 27.2 48.1 56.0
DETR 86/28 A41IM 42.0 62.4 44.2 20.5 458 61.1
DETR-DC5 187/12 A41M 43.3 63.1 459 225 47.3 61.1
DETR-R101 152/20 60M 435 63.8 464 21.9 48.0 61.8
DETR-DC5-R101 253/10 60M  44.9 64.7 47.7 23.7 49.5 62.3




DETR FOR PANOPTIC SEGMENTATION

Encoded image Resnet features
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TRAINING DATA-EFFICIENT IMAGE TRANSFORMERS &
DISTILLATION THROUGH ATTENTION

oIn this paper, competitive convolution-free
transformers has been produced by training on
Imagenet only.

o They have introduced a teacher-student strategy
specific to transformers. It relies on a distillation
token ensuring that the student learns from the
teacher through attention.

o We show the interest of this token-based

distillation, especially when using a convnet as a
teacher.




TEXTURE TRANSFORMER NETWORK FOR IMAGE
SUPER-RESOLUTION (TTSR),

o TTSR consists of four closely-related modules
optimized for image generation tasks:
» a learnable texture extractor by DNN,
» arelevance embedding module,

» a hard-attention module for texture transfer,
» a self-attention module for texture synthesis.
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TNT- TRANSFORMER-IN-TRANSFORMER

Lx t t t | 1 1 | —
Outer Transformer Block 1 | Sentence position
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encoding
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This paper shows that the attention inside these local patches are also essential for
building visual transformers with high performance and explores a new architect
namely, TNT. b

Specifically, we regard the local patches (16 x 16) as “visual sentences” and
present to further divide them into smaller patches (4 x 4) as “visual words”.
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