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software Al platform to accelerate computing vision at the edge
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s Al is expanding from cloud to edge

Limited Power Budget

Limited computational
power

Limited connectivity

Limited computational
power scalability
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High Cost/Performance
ratio

Field/Environmental

constraints
0\ ¢




s Neural network size is growing exponentially

Compute requirements
to train large neural networks are
doubling every 3.5 months

Unsustainable without 4e\s A
. . 557 million
significant hardware and software ocesw”

\ma%e-pY SENet

e 46 mil
/ 2x/year 146 million
-— Inception v4

Innovation

ResNet-50 43 million
26 million

Parameters (log scale)
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sssmmmm Neural networks are dominated by matrix multiply

Weight matrix W . TR ,
Matrix-vector multiplications constitute 70-90% of the

Input vector x Output vector y total deep learning operations

Speech ; BNS50 -1
(RNN) (C 2| |

Language | LS TM e —— |

(DNN) _Nﬂt ey |

- e T
Vision | VGG |
O AlexNe! e ———————————— 1)
' 0%  10% 0% 30% 40% 50% 60%  70% 8%  50%  100%

axpy

[B. Fleischer, VLSI'18]
General Matrix Multiply Single/few-word operands
(~256X2300=590k elements) (traditional, near-mem. acceleration)
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mssssmm PoOwer consumption is dominated by data movement

Conventionalvon Neumann
computing architecture

Processor Memory

Horowitz, ISSCC, 2014
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Cost of data transfer and computation

640pJ/word
On-chip SRAM
(Megabytes)

50pJ/word

Local SRAM
(Kilobytes)

0.2pl for 8bit 5pJ/word
multiplication~
(45nm CMOS) .

Dally, ScaledML, 2019



memmmm  Our game-changing Al acceleration technology

In-Memory Computing Dataflow
|

Highly

Hundred of Tera

Flexibility to support

different Neural
Networks

Operations per
second

programmable

AXELERA Al Confidential A/ AXELERA



msmmmm A powerful and green technology

High performance/area

Efficient

6-20x better than Nvidia

5-20 x better than Nvidia

Scalable

4
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From single core to multicore
From 12nm to 5nm or smaller
From edge to end node or cloud




mmmmmm  \We accelerate Al vision at the edge

The same hardware and the same neural networks can solve multiple problems
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I \\/e are creating an Al platform to cover the Al value chain

Selected ODM will buy the chip and enable the hardware supply chain

l l |

Al HW System Al HW Cards

.|ckt*ddtextq « '

STANDARD COGNITION

PYTGRCH

TensorFlow T They test, select the technology and they buy or suggest to customer the system to buy ‘

Al Fmal User Al Software

We talk to Al SW companies to support their software and neural networks needs
We work with ODM computing company to deliver Al hardware solutions for field deployment
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Convolutional | IS
Neural Networks <
(CNNs)
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mmmm Convolutional Neural Networks (CNNSs)

CONVOLUTION STRIDED CONVOLUTION CONVOLUTION STRIDED CONVOLUTION CONVOLUTION FLATTEN FULLY SOFTMAX
CONNECTED

+ + + + +
RELU RELU RELU RELU RELU

HIDDEN LAYERS CLASSIFICATION

= Neural networks designed for computer vision applications.

= Based on the inductive bias that important information is local => use of convolutions.
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=mm CNNs used at the edge

Object classification Object detection
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mmmm Farly CNNs

Dense filters

/27M FLOPs

RGB image ' P : . S P4
227x227x3| V|| \ ' e\ _ 62M parameters

63% top-1 at IM-1K

Shallow structure
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mmm Early CNNs became efficient and accurate

4G FLOPs 390M FLOPs
25M parameters 5.3M parameters
76.1% top-1 at IM-1K  20OM FLOPs 77% top-1 at IM-1K

5.3M parameters
74.4% top-1 at IM-1K

MobileNet: Depthwise-separable |
convolutions [+ resolution

NIN: Global average pooling

(e) compound
scaling

. , EfficientNet: Compound scaling of
ResNet: Residual connections Depth, width and resolution

AXELERA Al Conf/denr/a/ [AutoSlim: Towards One-Shot Architecture Search for Channel Numbers , 2019] A/ '''''''''''''''''''''



mmmm Problems with CNNs

= Need many layers in order
to gather global
information about the
image

= Weight sharing induces
biases, which may
decrease model capacity
and applicabilityx
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Vision
Transformers
(ViTs)
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= \\What are Transformers?

Initially proposed to replace RNNs
Output
In NLP Probabilities

Residual connection + layer normalization

Pointwise MLP

A

Self-attention

it i < Positional Positional
Positional encoding Postional (R} & o) Fostina
lnpUt veCtorS/tOkenS < Emlt?s.;rj\ng En%fgrﬂm

I

Inputs Outputs
(shifted right)

AXELERA Al Confidential Encoder Decoder

Cross-attention



= Vision transformer (ViT)

87.76% when ViT-L/16 (307M params) is pre-trained on JFT-300M
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ViT-/16B:

17.6G FLOPs

86M parameters
77.9% top-1 at IM-1K



= Vision transformer (ViT)

Yision Transformer (ViT)

Transformer Encoder

Patch + Position _
Embedding

Linear Projection of Flattened Patches

Im“‘l&%“

87.76% when ViT-L/16 (307M params) is pre-trained on JFT-300M
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ViT-/16B:

17.6G FLOPs

86M parameters
77.9% top-1 at IM-1K



= \\hat is self-attention?
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= \\What is attention?

+ Self-Attention represents the relative importance of each token with respect to
any other token.

« In VIiT -> First token represents the class => Attention represents the relative
importance of every tokens with respect to the target task.

[Rao et al., “DynamicViT: Efficient Vision Transformers with Dynamic Token Sparsification”]
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=mm \Vhat is attention?

I really really enjoy this place!! But, I'm going to agree with a few other folks on 1
issue... Why is the music so damn loud in the bar?? Anyway, drinks are tasty and I
love their "Social Hour" from 2-6 pm. Will definitely be going back to this place!

I really really enjoy this place!! But, I'm going to agree with a few other folks on 1
issue... Why is the music so damn loud in the bar?? Anyway, drinks are tasty and I
love their "Social Hour" from 2-6 pm. Will definitely be going back to this place!

i really really Bfijo§l this place but im going to agree with a few other folks on 1 issue
why is the music so damn loud in the bar anyway drinks are 8§ and i love their
social hour from 26 pm will definitely be going back to this place

As the name suggests, it
is @ measure of which
elements the network
should pay attention to
for a specific task.

Very similar to how
humans pay attention: in
the example, humans
(blue) and transformer
(red).

[Sen et al., “Human Attention Maps for Text Classification: Do Humans and Neural Networks Focus on the Same Words?”]
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= Attention vs Convolution

«  CKS similarity between activations: In ViT, activations look similar throughout, in ResNet50,
difference between first and last set of layers.

« Cross-similarity between networks: First half of RN-50 activations similar ro first quarter of ViT
activations, no similarity with the last layers of VIiT.

[Raghu et al., “Do Vision Transformers See Like Convolutional Neural Networks? "]

AXELERA Al Confidential A/Y AXELERA



= CNNs vs Transformers

« CNNs build on an inductive bias that suggests local information is important; ViTs
process the whole information in one go.

« Lack of inductive bias => Model has to learn it itself => more parameters, more
data augmentation.

« Learning paradigm of attention-based models works also for computer vision =>
surpasses CNNs when trained on very large datasets (e.g. JTF-300M) and fine-
tuned on smaller tasks.
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= Alexnet -> EfficientNet -> ViT

Mparams
100
80
60 < 7
40 /
20 A4
0 A4
X X "
\&Q/ &Qz Q
?\Q/ .(,}Q}\
&
—e—Nparams
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MFLOPs

80
75
70
65
0]

Top-1T %
/
4
?\Q/ .(‘}QS\
&
—e—T0p-1 %
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= Problems with ViT

= Quadratically complex self-attention

= Difficult to train

= Low accuracy compared to CNNs when trained on “small” datasets
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=mm Problems with ViT: Complex Self Attention

= Problems:
= [ncreases # computations
= |[ncreases memory requirements
= Limits the patch size/resolution of image processing

= |ittle inductive bias -> Models are difficult to train
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=mm Problems with ViT: Complex Self Attention

= Problems:
= |ncreases # computations
= |Increases memory requirements
= Limits the patch size/resolution of image processing

= |jttle inductive bias -> Models are difficult to train

= Solutions:

= Local self-attention within windows of patches, hierarchical structure (e.g. Swin Transformer)

| I\Lll | \\ul |

LLJ

| local window 1o
3 eriom sell-attention
L - paten
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=mm Problems with ViT: Complex Self Attention

= Problems:

Increases # computations

Increases memory requirements

Limits the patch size/resolution of image processing

Little inductive bias -> Models are difficult to train

= Solutions:

= Wrap attention between convolutions (e.g. MobileViT)
MobileViT block

) . Conv-n x n—
Transformers as Convolutions

(global representa

Conv-n x n

Conv-1x1

Fusion
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=mm Problems with ViT: Complex Self Attention

= Problems:
= [ncreases # computations
= |[ncreases memory requirements
= Limits the patch size/resolution of image processing

= Little inductive bias -> Models are difficult to train

= Solutions:

= Replace/Modify classical self-attention with alternatives (e.g. Perceiver, AFT, VOLO, V-MLP)
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=mm Problems with ViT: Complex Self Attention

= Problems:
= |ncreases # computations
= |ncreases memory requirements
= Limits the patch size/resolution of image processing
= Little inductive bias -> Models are difficult to train

= Solutions:
= Local self-attention within windows of patches (e.g. Swin Transformer)
= Hierarchical/pyramidal network architecture: Later layers have smaller feature maps (e.g. Swin
Transformer, NestT)
= Adding CNNs to pipeline to reduce the feature map size (e.g. MobileViT)
= Replace classical self-attention with alternatives (e.g. Perceiver, AFT, V-MLP)
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= Problems with ViT: Difficult to train

= Solutions:
= Better data-augmentation (DeiT, LV-ViT)

= Replace early transformer blocks with CNNs (ViTc)

= Pick correct optimizer, hyper-parameters, training set, training schedule, depth, etc.
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s Problems with ViT: Low accuracy on “small” datasets

88

IM-1K only top-1 %

86

34

32
30

78

76

74

72

AXELERA Al Confidential

VIT DeiT NestT ViTc swinT VOLO

—o—|M-1K only top-1 %



ViT Evolution and Comparison to CNNs
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#Parameters
#FLOPS

Accuracy on small
datasets

Accuracy on large
datasets

Attention
Mechanisms

Attention Field
Network depth

Layer types

>80M
>18G

Worse than CNNs

Better than CNNs

Multi-Head Self-
Attention

Global
Shallow

Isotropic

5-300M
1-300G

On-par with CNNs
Better than CNNs

Multi-Head Self-
attention or
alternatives

Global and Local
Deeper

Isotropic and
Hybrid

1-300M
1-200G

Best in class

Worse than ViT
(but ConvNeXT)

No attention,
Channel attention,
(self attention)

None or local
Deep

Isotropic and
Hybrid




mmm \ViT SUMMary

= ViTs started as Isotropic, shallow, low-inductive bias networks

= Over time, ViT's became hybrid, deeper and added inductive biases typically found in
CNNs (local processing, hierarchical architecture)

= This evolution made ViTs more efficient, easier to train and more accurate
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= \V/iT Conclusions

= ViTs are typically more accurate when pre-trained on large datasets (IM-22K, JFT-300M),
but little research here with CNNs and recent ConvNext comes close

= ViTs can have less inductive biases so more applicable to general (multi-modal) data

= ViTs are easy to scale, so easier to adapt to large (multi-modal) datasets

= CNNSs are typically more accurate when trained on small datasets
= CNNs are typically more computationally efficient for CV due to their inductive biases

= CNNs often rely on easier dataflows: BN vs. LN, softmax in final layer vs. after SE, RelLU
vs. GELU, conv vs. SE, etc.
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= \V/iT Conclusions

= With proper modifications ViTs can be used on the edge

= For typical edge CV, with few resources, there's currently no evidence that
ViTs are a better alternative to CNNs. CNNs are usually more efficient, easier
to implements and more accurate

= BUT progress is fast and some ViTs are already competitive or even better
(depending on your available resources; see VOLO)

Are there efficient low-inductive-bias + scalable models that do not rely on
transformer blocks? A
/
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Vision MLPs
(V-MLPs)




== \\WVhat are V-MLPs?

Combine spatial information, same per channel  Combine Channel information, same per token

M LP_Mlxe r Channels

Token/patch-based
Input like for VIiT
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== \\WVhat are V-MLPs?

" Y = spatialMLP(LN(X)) + X,

= Z = channelMLP(LN(Y)) + Y,

= The spatial MLP captures the global correlations between tokens

= The channel MLP combines information across features

AXELERA Al Confidential A AXELERA



= \/-MLPs Advantages and Disadvantages

= Advantages:
= V-MLPs do not rely on self-attention, but attain global processing through fully-connected layers
= V-MLPs, like some ViTs, have low inductive biases => generally applicable
= V-MLPs, like some ViTs, are easy to scale

= V-MLPs do not require positional encoding as used in ViTs

= Disadvantages:
= V-MLPs, like some ViTs, have low inductive biases => require more parameters
= Standard V-MLPs require a fixed input resolution: difficult for transfer learning

= Standard V-MLPs, like initial ViTs, are less accurate compared to CNNs
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V-MLPs Overview

First isotropic V-MLP

Token-mixing along columns and
rows, multi-scale embedding and
bicubic interpolation

Uses an affine transformation
instead of layer normalization

Uses simple average pooling as
token-mixer,  with hierarchical
architecture

Uses a special variant of depthwise-
separable convolution for local
spatial processing, pyramidal
network, and split attention

Uses constructive and desctructive
interference to dynamically
aggregate wave-like tokens

Local and global spatial processing
with hierarchical architecture

Introduces regional mixing

Uses dynamic mixing of tokens
based on a trainable matrix

AXELERA Al Confidentia
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For each V-MLP, we present the accuracy of the largest reported model that is trained on IM-1K only. SN\ e e e



= \V/-\VILPSs Overview: Lar
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First isotropic V-MLP

Token-mixing along columns and
rows, multi-scale embedding and
bicubic interpolation

Uses an affine transformation
instead of layer normalization

Uses simple average pooling as
token-mixer,  with  hierarchical
architecture

Uses a special variant of depthwise-

separable convolution for local
spatial processing, pyramidal
network, and split attention

Uses constructive and desctructive
interference to dynamically
aggregate wave-like tokens

Local and global spatial processing
with hierarchical architecture

Introduces regional mixing

Uses dynamic mixing of tokens
based on a trainable matrix

' For each V-MLP, we present the accuracy of the largest reported model that is trained on IM-1K only.

Introducing inductive
biases, ~CNN,

and some efficient
attention mechanisms

Accuracy improved by
~8% in just 9 months

Compare to ConvNeXt-B
(89M, 45G) 83.5%



= V/-MLPs Overview: Small models

V-MLP —

CNN
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Small V-MLPs are as good or better

compared to similarly-sized CNNs or ViTs
(Besides VOLO, which builds upon special
Token-Labeling-based training)

For each model, we present the accuracy of models with ~30M params that are trained on IM-1K only. N
/




s V/-MLPS Summary

= \V-MLPs started as Isotropic, shallow, low-inductive bias networks without self-
attention

= Qver time, V-MLPs became hybrid, deeper and added inductive biases typically
found in CNNs (local processing, hierarchical architecture)

= This evolution made V-MLPs more efficient, easier to train and more accurate
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= V/-MLPs Conclusions

= V-MLPs are typically more accurate when pre-trained on large datasets (IM-22K, JFT-300M),
but little research here with CNNs and recent ConvNext comes close

= V-MLPs can have less inductive biases so more applicable to general (multi-modal) data
= V-MLPs are easy to scale, so easier to adapt to large (multi-modal) datasets

= CNNs are typically more accurate when trained on small datasets BUT V-MLPs have
become very competitive or better in just few months

= CNNs are typically more computationally efficient for CV due to their inductive biases BUT
V-MLPs have become very competitive or sometimes better in just few
months

= CNNSs often rely on easier dataflows: BN vs. LN, softmax in final layer vs. after SE, RelLU vs.
GELU, etc., convolution vs. spatial shifting

-> For typical edge CV V-MLPs may become a good alternative to CNNs
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Conclusions
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= CoNnclusions

= Recent ViTs (and V-MLPs) can be used at the edge but seem mostly appropriate when:
= Datasets are multi-modal
= Datasets are large
= Compute is abundant
= Regular compute patterns are required (isotropic models)

= For typical edge CV tasks, there's currently no evidence that (self)-attention is a necessary
ingredient for good accuracy

= Some evidence that attention can slightly improve accuracy

= Several attention mechanisms have been proposed, classical (QKV) self-attention is not
necessary

= VV-MLPs improve upon ViTs, and are close to, or in some cases already, outperforming
CNNs

= Hybrid models can combine the best of several worlds
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=mm \\Vhat Matters for efficient and accurate CV?

(+) (+) #)
Channel Channel Channel
MLP MLP MLP

®
Spatial
MLP

‘ Input |

_ Emb. Emb.

Transformer MLP-like model
(e.g. DeiT) (e.g. ResMLP)

MetaFormer
(General Arch.)

[Yu et al., “MetaFormer is Actually What You Need for Vision”]
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= A single formulation for these models can
be devised.

= Two main components: Token mixer and
channel mixer.

= Even CNNSs (e.g. MobileNet) can se seen
as fitting the pattern presented here
(“MetaFormer”).



=mm \\Vhat Matters for efficient and accurate CV?

Channel
MLP

Norm

O,

Input
Emb.

Transformer
(e.g. DeiT)

MetaFormer
(General Arch.)
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#)
Channel
MLP

®
Spatial
MLP

‘- Input
. Emb. |

MLP-like model
(e.g. ResMLP)

Non-overlapping spatial patch-

embeddings
Token and Channel mixing
Normalization

Residual connection

Local processing (large enough)

Hierarchical processing

Hybrid models



Thank you!
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