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The Surprising Rise of Transformers in Vision
The Structure of Attention and Transformer

Transformers applied to Vision and Other Application Domains

Why Transformers are Here to Stay for Vision
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A Decade of CNN Development...
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(¢) Pyramidal feature hierarchy
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Beaten in Accuracy by Transformers VISION B

Transformer, a model designed for natural
language processing
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... without any maodifications applied to image patches,
beats the highly specialized CNNs in accuracy
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The Structure of Attention and Transformer
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Bert and Transformers VISION B
Output . .
Probabilities « Attention is all you need!(*)
« Bidirectional Encoder Representations from
Transformers
((Gagzrom) | « A Transformer is a deep learning model that uses
s attention mechanism
Cre—) | | e « Transformers were primarily used for Natural
= YAl Frend ) Language Processing
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Convolutions, Feed Forward, and Multi-Head Attention R4=iSi»
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- Add « The Feed Forward layer of the Transformer
1 L is identical to a 1x1 Convolution
[ Wl Bl ]  In this part of the model, no information is
Y flowing between tokens/pixels
| -
— Add
1 « Multi-Head Attention and 3x3 Convolution
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Both Convolution and Attention Netwaorks mix in features of other tokens/pixels

Convalution Attention

Convolutions mix in features from tokens based on fixed spatial location
Attention mix in features from tokens based on learned attention
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The Structure of a Transformer: Attention - VISION
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The Structure of a Transformer: Attention - VISION
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The Structure of a Transformer: Attention | VISION

Multi-Head Attention
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The Structure of a Transformer: Embedding VISION

Embedding of input tokens and the positional encoding
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Other Application Domains:
Vision, Action Recognition, Speech Recognition

e SYNOPSYS'



4 .
embedded §

Vision Transformers (ViT/L16 or ViT-G/14) g’dﬂomll\tl

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale(*)

Image is split into tiles

A
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LN . Vision Transformers are at the time of
——— Feed Forward publication best-known method for image
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Pixels in a tile are
flattened into tokens (vectors) that feed in

the transformer
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Vision Transformer -> Increasing Resolution - VISIC

- X ~ Attention matrix scales quadratically with the number
B Al of patches
L Feed Forward . . . m ﬁ -
N 7 [ — Add & Norm EREEEEET
Multi-Head Attention ....... _
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Position encoding 1— tokens/patches
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s ! < I RV gy
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Hierarchical Vision Transformer using Shifted Windows (*)
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Action Classification with Transformers VISION
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Video Swin Transformers extend the (shifted) window to three
dimensions (2D spatial + time)

Dlocalwindowto  1008Y's state of the art on Kinetics-400 and Kinetics-600

perform self-attention

O

A token

Layer 1+1
Window size: PXMXM = 4x4x4 # window: 2x2x2=8 # window: 3x3x3=27

3D tokens: T’XH’XW’ = 8x8X8
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Is Space-Time Attention All You Need for Video Understanding?

lll.llll LA
A2

Space Attention (S Joint Space-Time Divided Space-Time Sparse Local Global Axial Attention
p (S) Attention (ST) Attention (T+S) Aftention (L+G) (T+WH+H)

Divided Space-Time
Attention (T+8)

* Transformers can directly be applied to video g
o Like for ViT, the video frames are split-up in tiles that feed directly in the Transformer

o Applying attention separately on time and on space "Divided Attention” gives (at time of publication) state of the art
results on Kinetics-400 and Kinetics-600 benchmarks

SYNOPSYS'
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Speech Recognition ;G?TI%\I

Conformer: Convolution-augmented Transformer for Speech Recognition (*)

e [onformers are Transformer with and additional Convolution Module
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Why Attention and Transformers
are Here to Stay for Vision
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Visual Perception beyond Segmentation & Object VISICN
Detection summit
g Today N [ 07)-. h

\ Panoptic Segmentation p S What is happening in this scene? p

Future applications like security cameras, personal assistants, storage retrieval..... require a deeper
understanding of the world
—> Merging NLP and Vision using the same knowledge representation backend
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Why Transformers are Here to Stay in Vision VISION

« Attention based networks outperform CNN-only networks on accuracy
 Highest accuracy required for high-end applications

 Models that combine Vision Transformers with Convolutions are more efficient at
inference

« Examples: MobileViT(™), CoAtNet(*™)

 Full visual perception requires knowledge that may not easily be acquired by
vision only

« Multi-modal learning required for a deeper understanding of visual information

 Application integrating multiple sensors benefit from attention-based networks

(*) https://arxiv.org/abs/2110.02178
(**) https://arxiv.ora/abs/2106.04803v7
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« Transformers are deep learning models primarily used in the field of NLP

« Transformers lead to state-of-the-art results in other application domains of deep
learning like vision and speech

» They can be applied to other domains with surprisingly little modifications

» Models that combine attention and convolutions outperform convolutional
neural networks on vision tasks, even for small models

« Transformers and attention for vision applications are here to stay

 Real world applications require knowledge that is not easily captured with
convolutions
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Resources VISION

Resources Join the Synopsys Deep Dive

ARVIX.org Optimize Al Performance & Power for Tomorrow’s Neural

https://arxiv.org/abs/1706.03762  cowork Applications (Thursday, 12-3 PM)

ARC NPX6 NPU IP Synopsys Demos in Booth 719

WWW.SYNODSYS.Com/arc « Executing Transformer Neural Networks in ARC NPX6 NPU
IP

» Driver Management System on ARC EV Processor IP with
Visidon

« Neural Network-Enhanced Radar Processing on ARC VPX5
DSP with SensorCortek
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