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Background

The problem & why it is important



Transformers in NLP

Transformers were mostly used for NLP problems
(model of choice)

Very computationally efficient and scalable

Ability to handle long-term dependencies (better than
RNNS)

Allowed for the training of model of unprecedented
size with over 100B parameters



Self-Attention

Transformers Transformers
are are
cool cool
because because
they they
are are

efficient efficient



Attention Scores Between 2 Words
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Final Word Embeddings
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Toy Example

https://drive.google.com/file/d/1gL 0JoHM3KdN8yYMKhsz

rtNuAqlMjKgJ1/view?usp=share link
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https://drive.google.com/file/d/1gL0JoHm3KdN8yYMKhszrtNuAqlMjKgJ1/view?usp=share_link
https://drive.google.com/file/d/1gL0JoHm3KdN8yYMKhszrtNuAqlMjKgJ1/view?usp=share_link

Computer Vision Before Application of Transformers

Computer vision tasks were dominated by various
CNN architectures (AlexNet, VGG-16, ResNet, etc)
Some newer works tried combining CNN with self-
attention but could not scale effectively

Issue is CNN architecture do not scale effectively on
modern hardware accelerators
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Application of Transformers to Computer Vision Tasks

Trained on mid-sized data sets (ImageNet ~ 14M)
Poor results
Trained on larger datasets (14M - 300M)
Excellents results
Transformers lack inductive biases present in CNNs
“Training trumps inductive bias!”
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Overarching
Problem

|s there a more scalable
solution to compete with
state-of-the-art CNNs on
computer vision tasks?
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Main Idea

Use the scalability of
transformers to more
efficiently solve computer
vision problems
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Related Work

A review of work related to our
problem
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BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

Supervised training on a
specific task with training
dataset

Positive
Classifier

Model BERT Negative
A

D
Dataset > < )
Wikipedia Model BERT
Language Modelling Dataset SL:;?r:i:t
( Predict masked words ) gl

Semi-supervised learning
on large amounts of texts

Objective
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“AS close as possible to the Bert” — By ViT

Source:https://nish-19.github.io/posts/2021/02/blog-post-4/



IGPT (Generative Pretraining from Pixels)
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h& 1)Reducing image resolution and color
.

space
2)a generative model based on
Transformers

Source: https://proceedings.mlr.press/v119/chen20s.html
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Motivation

Why was this work proposed?

20



(14

We show that this reliance on CNNSs is not
necessary and a pure transformer applied
directly to sequences of image patches can
perform very well on image classification
tasks...
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... Vision Transformer (ViT) attains excellent results
compared to state-of-the-art convolutional
networks while requiring substantially fewer
computational resources to train.
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CNN and ViT
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Methods

Outlining the work’s procedures
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Question?
WHY DON'T WE USE A FULL IMAGE FOR TRANSFORMER?

Recall: Self-Attention

Complexity!
O(n?)

25



Method

Source: lucidrains/vit-pytorch

Transformer Encoder

Embedded
Patches
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https://github.com/lucidrains/vit-pytorch

Details of ViT variants

Model Layers Hiddensize D MLPsize Heads Params
ViT-Base 12 768 3072 12 86M

ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

ViT-L/16 means the “Large” variant with 16 X 16 input patch size.
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[Class] Token VS GAP(globally average-pooling)
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Why needs Position embeddings?
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Positions embedding(cont.)

Pos. Emb. Default/Stem Every Layer Every Layer-Shared
No Pos. Emb. 0.61382 N/A N/A

1-D Pos. Emb. 0.64206 0.63964 0.64292

2-D Pos. Emb. 0.64001 0.64046 0.64022

Rel. Pos. Emb. 0.64032 N/A N/A
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Evaluation

What are the results?
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Dataset

S et e

ImageNet oo
(small) 1.3 Million 1 Thousand

ImageNet-21K o
(Mediium) 14 Milldion 21 Thousand

JFT . .
(Big) 300 Million 18 Thousand

Source:https://github.com/wangshusen/DeepLearning/blob/master/Slides/10_ViT.pdf 32



Conclusion

The key takeaways
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Summary

Simple

Scalable

Accuracy comparable to SOTA CNN models while
computational less expensive to train

Requires large amount of data for SOTA performance
Unlike prior works, no image-specific inductive bias
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ResNet vs Transformer

ResNet is better

ViT is better
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Why is ViT worse than ResNets at a small dataset?

CNN’s inductive biases

representation == translated
’ . O . . representation %
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https://oi.readthedocs.io/en/latest/computer_vision/cnn/intro.html
https://towardsdatascience.com/translational-invariance-vs-translational-equivariance-fOfbc8fca63a 36



Best Model Performance Comparison

Ours-JFT Ours-JET Ours-121k BiT-L Noisy Student

(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNet152x4) (EfficientNet-L2)
ImageNet 88.55+0.04 87.76+0.03 85.30+0.02 87.54 +0.02 88.4/88.5*
ImageNet RealL 90.72+0.05 90.54+0.03 88.62+0.05 90.54 90.55
CIFAR-10 99.50+0.06 99.42+0.03 99.15+0.03 99.37 +0.06 —
CIFAR-100 94.55+0.04 93.90+0.05 93.25+0.05 93.51 +0.08 —
Oxford-IIIT Pets 97.56+0.03 97.32+0.11 94.67+0.15 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) 77.63+023 76.28+046 72.72+0.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k
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Future Work

Great results but challenges remain
Apply ViT to other computer vision tasks not just
image classification

Object detection

Image segmentation
Improve pre-training to accommodate larger scale
Further scaling of ViT itself

Structurally?
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Swin Transformer

Interesting follow up work
extending ViT
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...Swin Transformer, that capably
serves as a general-purpose
backbone for computer vision.
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Motivation

Address shortcomings of ViT
Can preform dense prediction tasks - object
detection & image segmentation
Increases scalability - complexity scales linearly
rather than quadratically with image size
Create general purpose computer vision backbone
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There exist many vision tasks such as semantic
segmentation that require dense prediction at the
pixel level, and this would be intractable for [the]
Transformer on high-resolution images, as the
computational complexity of its self-attention is
quadratic to image size.
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Shifted Window

Layer | Layer |+1

A local window to
perform self-attention

[

A patch

Figure 2. An illustration of the shifted window approach for com-
puting self-attention in the proposed Swin Transformer architec-
ture. In layer [ (left), a regular window partitioning scheme is
adopted, and self-attention is computed within each window. In
the next layer [ + 1 (right), the window partitioning is shifted, re-
sulting in new windows. The self-attention computation in the new
windows crosses the boundaries of the previous windows in layer
[, providing connections among them.

43



Creating Patches

segmentation
. ) ) classification  detection ...
Dimensionality t 0
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Architecture
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Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.
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Performance - Image Classification

(a) Regular ImageNet-1K trained models

method im.agc #param. FLOPs tl'lroughp I P
size (image / s) top-1 acc.
RegNetY-4G [15] | 2247 2IM  40G 11567 | 80.0
RegNetY-8G [48] | 2242 39M 8.0G  591.6 81.7 (b) ImageNet-22K pre-trained models
RegNetY-16G [48]/ 224> 84M 160G 334.7 | 82.9 ———— IEaRe e, FLORS o ouspuH mAgeNes
EffNet-B3 [58] |300° 12M  18G 7321 | 816 size (image /) top-1 acc.
EffNet-B4 [55] [380° 19M 4.2G 3494 | 829 R-101x3[38] | 384" 388M 204.6G - 8d.4
EffNet-BS [58] 4562 30M 9.9G  169.1 83.6 R-152x4 [38] 480" 937M 840G - 85.4
EffNct-B6 [55] | 5282 43M 190G 96.9 84.0 VITB/I6[20] | 3847 86M 554G 859 84.0
EffNetB7 [55] |600° 66M 37.0G  55.1 i VITL/I6 [20] |384° 307M 190.7G 273 85.2
VITB/I6[20] |384> 86M 554G 859 | 779 Swin-B 12247 88M 154G 278.1 | 852
VIT-L/16 [20] |384% 307M 190.7G 273 76.5 Syinh wh SO GI00 @t | €04
DTS |34 DM 466 9404 | 793 Swin-L 3842 197M 103.9G  42.1 87.3
DeiT-B [63] |224> 86M 17.5G 2923 | 81.8
DeiT-B [63] [3842 8M 554G 859 83.1
Swin-T 224 29M 45G 7552 | 813
Swin-S 224> 50M 87G 4369 | 83.0
Swin-B 224> 88M 154G 278.1 83.5
3842 88M 84.5

Swin-B

47.0G

84.7
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Performance - Object Detection

(a) Various frameworks

Method ~ Backbone|AP™* AP AP32*|#param. FLOPs FPS
Cascade R-50 [463 643 505[ 82M 739G 18.0
Mask R-CNN Swin-T |50.5 69.3 54.9 | 86M 745G 15.3
R-50 [43.5 61.9 47.0| 32M 205G 28.3
Swin-T | 47.2 66.5 51.3| 36M 215G 22.3
R-50 [46.5 64.6 503 [ 42M 274G 13.6
Swin-T | 50.0 68.5 54.2| 45M 283G 12.0
Sparse R-50 [44.5 63.4 482 106M 166G 21.0
R-CNN  Swin-T |47.9 673 523 | 110M 172G 18.4

(b) Various backbones w. Cascade Mask R-CNN
AP™* AP2* APS|AP™ Sk APTEk APTEkiparam FLOPs FPS
DeiT-S'|48.0 67.2 51.7| 414 64.2 44.3 |80M 889G 10.4
R50 [46.3 64.3 50.5| 40.1 61.7 43.4 |82M 739G 18.0
Swin-T | 50.5 69.3 54.9| 43.7 66.6 47.1 |86M 745G 15.3
X101-32{48.1 66.5 52.4| 41.6 63.9 45.2 |10IM 819G 12.8
Swin-S | 51.8 70.4 56.3| 44.7 67.9 48.5 [107M 838G 12.0
X101-64{48.3 66.4 52.3| 41.7 64.0 45.1 [140M 972G 10.4
Swin-B [ 51.9 70.9 56.5| 45.0 68.4 48.7 (145M 982G 11.6

ATSS

RepPointsV?2




Performance - Image Segmentation

ADE20K

val

test

Method Backbone |mloU score #param. FLOPs FPS
DANet [23] ResNet-101 | 452 - 69M 1119G 15.2
DLab.v3+[11] ResNet-101 | 44.1 - 63M 1021G 16.0

ACNet [24]  ResNet-101 | 45.9 38.5 -

DNL [71]  ResNet-101 | 46.0 56.2| 69M 1249G 14.8
OCRNet [73] ResNet-101 | 45.3 56.0| 56M 923G 19.3
UperNet [69] ResNet-101 | 44.9 - 86M  1029G 20.1
OCRNet [73] HRNet-w48 | 45.7 - 7IM 664G 125
DLab.v3+ [1 1] ResNeSt-101| 46.9 55.1 | 66M 1051G 11.9
DLab.v3+ [1 1] ResNeSt-200| 48.4 - 88M 1381G 8.1

SETR [81] T-Large* | 50.3 61.7 | 308M - -

UperNet DeiT-ST [ 440 - 52M  1099G 16.2

UperNet Swin-T 46.1 - 60M 945G 18.5

UperNet Swin-S 493 - 8IM 1038G 15.2

UperNet Swin-B¥ | 51.6 - 12IM 1841G 8.7

UperNet Swin-L* | 53.5 62.8| 234M 3230G 6.2
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Thanks!

Any questions?

The related papers can be found at the links below:

https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2103.14030
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Resources

General Overview of Transformers in Various Applications
https://towardsdatascience.com/transformers-in-computer-vision-farewell-

convolutions-f083da6ef8ab

Short Overview of ViT Paper
https://www.youtube.com/watch?v=HZ4] U3FC94
Complete Coverage of ViT Paper
https://www.youtube.com/watch?v=TrdevFK_am4
Explanation of the Swin Transformer Paper
https://www.youtube.com/watch?v=SndHALawoag
Second explanation of the Swin Transformer Paper
https://www.youtube.com/watch?v=tFYxJZBADbES8
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https://towardsdatascience.com/transformers-in-computer-vision-farewell-convolutions-f083da6ef8ab
https://towardsdatascience.com/transformers-in-computer-vision-farewell-convolutions-f083da6ef8ab
https://www.youtube.com/watch?v=HZ4j_U3FC94
https://www.youtube.com/watch?v=TrdevFK_am4
https://www.youtube.com/watch?v=SndHALawoag
https://www.youtube.com/watch?v=tFYxJZBAbE8

Resources Cont.

About Metrics of AP and mAP for Object Detection / Instance
Segmentation

https://yanfengliux.medium.com/the-confusing-metrics-of-ap-and-

map-for-object-detection-3113ba0386ef
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