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Our opportunity is Al for edge devices

Market is highly fragmented, and incumbents
Al is expanding from cloud keep focusing on cloud computing, automotive
computers to edge devices Existing technology does not fit market needs & consumer electronic

40+ billion End of exponential growth in computing Neural Network size increasing Excluding Automotive, Consumer and Cloud Computing Inference,
connected performance exponentially all the other market domains are highly fragmented with thousand
things small/medium customers
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(8. Fleischer, VLS/8)
General Matrix Multiply Single/few-word operands
(~256X2300+590k elements) (traditional, near-mem. acceleration)
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A powerful, efficient, cost-effective and user-friendly hardware and software Al
platform to accelerate computer vision and generative Al in edge devices
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Axelera Al in a nutshell

Axelera experts come from

« Established in July 2021, now 130+ employees, 50+ PhDs in Al, compiler and VLSI design

* HQ in Eindhoven (NL), main offices in Zurich (CH), Leuven (BE), Bristol (UK), Florence (IT)

..US operations from August 2023
mec [bblaize

: » A breakthrough in Digital In~-Memory Computing (D-IMC) & RISC-V for Al processing

Movidius Ambarella”

ETHz(rich GRAPHCORE

 Started shipping Metis, our ultra-efficient cost-effective 214 TOPS Edge Al accelerator

Announced Seed Announced Series A 100 emplovees Early Access General
July 2021 S12M S39M ploy Program Availability

founded by
18 people from

umec

. Thetis )
° IMACI and D-IMCtest - Metis AIPU Evaluation HW Portfolio 85
patents 480%"% 214 TOPS ava}ﬁgble Voya\%eg SDK
filed 14 TOPS/W . 1STOPS/W : g
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Axelera Al Expertise - Analog In-memory Computing

AnlA chip (2019), 22nm - SRAMstein chip (2020), 65nm - Our team members are co-authors of
Maximum Efficiency High Accuracy IBM HERMES chip (2021), 14nm
. - « Throughput: 63.1 TOPS, Energy
. + Accuracy loss with retraining ~ 0.2-0.3%
e efficiency: 9.76 TOPS/W
- 1024 pulse width modulating DACs * Precision scales linearly with time, power & area
with b + sign input « 64 pulse width modulating DACs with 8b + sign * 64 cores, each core w/ 256 X 256
+ 512 SAR ADCs with 6b output input PCM crossbar array
« 1024x512 ternary compute with (- * 256ISARADESitnISb pUTpLt - 8binput/ 4 bit effective weight
1.0,1)weights « 64x256 INT8 compute with INT8 weights precision / 8b output

ResNet-18 on ImageNet
(1000 classes)
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Axelera Al Expertise - ['J -V

* Strong RISC-V (SoC) expertise in-house:
 Design of CVAG (Ariane) and Snitch: Most popular SystemVerilog RISC-V Cores in GitHub

~ Several tape-outs in academia and industry U Smmlahad
' 26x RISC-V, 22nm GF

« Several high multi-core tape-outs (incl. by Intel) Sm;‘:gg_b"‘s“y’;f;‘r’r?“”g

-

» RISC-V Vectors (RWV)

Original design of Ara, Vicuna and Spatz

* RISC-V cores

o, Six instances integrated in Metis AIPU SoC:

e

CVAG is used by:
- Google, Thales Group, Hensoldt Cyber, Tortuga Logic, CEA/Leti, European Processor Initiative (EPI),
GlobalFoundries, Princeton University, Columbia University, IBM, Columbia, Harvard, ongoing DARPA project(s),

Uppsala universitet, TU Graz, IntelSelectiv:
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https://github.com/openhwgroup/cva6
https://ieeexplore.ieee.org/document/9830518
https://www.nature.com/articles/s41586-021-03544-w?error=cookies_not_supported&code=4d095c18-fe16-43f4-8989-47e0548781c8
https://hensoldt-cyber.com/mig-v/
http://verificationhorizons.verificationacademy.com.s3.amazonaws.com/volume-16_issue-1/articles/detecting-security-vulnerabilities-in-a-risc-v-based-system-on-chip_vh-v16-i1.pdf
https://www.european-processor-initiative.eu/wp-content/uploads/2021/06/PR-EPI-EPAC1.0-RISC-V-Test-Chip-Taped-out.pdf
https://dl.acm.org/doi/abs/10.1145/3373376.3378479
http://prism.sejong.ac.kr/dossa-3/dossa_paper/bose_paper.pdf
https://www.diva-portal.org/smash/get/diva2:1497145/FULLTEXT01.pdf
https://t.co/Pva2xEnRv6?amp=1
https://ieeexplore.ieee.org/document/9830518

Axelera Al Expertise: Machine Learning

DiffPruning:
Differentiable Transport Pruning

« ~40% reduction in model storage size

Pruning connections

Pruning neurons

DiffPrune

1.87 3.06
(Axelera Al) e

76.13 74.26

Network Architecture Search:
AxeleraNet V0.1

similar latency as ResNet-18, but 5%
better accuracy

Grad-PTQ

« Computationally inexpensive SGD-based
fine tuning of quantization parameters

« Always better than PTQ, at times better

s « 36% faster latency, and 1.5% better
than even FP original model

accuracy, compared to ResNet-34

+ Interestingly, AxeleraNet v0.1 has 96
layers compared to 18/34 layers for
ResNet-18/34

- : - Performance #
Samplmg

Search Space
— Evolutionary Random EBS + Network

ImageNet-1K
Search Entropy 9

ResNet-18 69.8

Original (FP32)  70.34
PTQ (INT8) 69.03
| Grad-PTQ (INT8)

ResNet-34 73.3

AxeleraNet v0.1 74.8
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Introducing
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Axelera Al - an Al-Native Computing Architecture

Digital In-M(%rpl?/lr )Computing Application-first approach

Densely interleaved memory
and compute elements

Balance performance, programming efficiency
and silicon cost

hundreds of memory & computing elements

Matrix multiply constitutes 70-90%

MEMORY MEMORY MEMORY

Jwirme | cavimis| "~ | vt of operations in neural networks
. . Speech | NM50 N o
Matrix multiply (RNN)  Char | —

MEMORY MEMORY MEMORY o MEMORY

COMPUTING COMPUTING COMPUTING COMPUTING

Language LST™M |
(DNN)  NatlLang | N

oo VGG |
Vision G -

(CNN) AlexNet | m
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MEMORY MEMORY MEMORY MEMORY
5 . + cee .

COMPUTING COMPUTING COMPUTING COMPUTING

MEMORY MEMORY MEMORY MEMORY

Input
hundreds of memory & computing elements

COMPUTING COMPUTING COMPUTING COMPUTING

I Matrix multiply [8. Fleischer, VLS/18)

Output

W ESSIEIWACEIEE] Weight cells and
execution compute merge

= High Throughput = Small Die Area VOYAG E R-

Local data & low data FP32 and INT8-32
movement data paths
= Power-efficient = FP32 Level Accuracy

End-to-end optimization Open-source Al toolchain
= Real-world performance = Reduce risk

) =-\/ control

Precise scheduling of memory and
graph processing ahead of time

|

e —
/ N
General operations N— —
and data flow \
l
—
/
f— —
N/
l
Any activation function Data prefetch keeps
supported Al cores busy
= Future-proof = High Performance
Highly programmable Scalable architecture
= Usability = Protect investment



Digital In-Memory Computing: how it works

Digital In-Memory Computing

weight storage cell « SRAM-based Digital In-Memory Computing engine
/ element-wise product + Immune to noise and memory non-idealities that affect
= é?jﬁ distributed precision of analog IMC
— g - e ities * Interleaved weight-storage and compute units in an
— © E?E ] extremely dense fashion
N = :F?:IE * Multiple weight-sets allowing simultaneous prefetching and
© | ||[CH - rocessing
E — A P
©

i ) i « INT8 activations and weights, with INT32 accumulation to maintain
full precision
« Technology commensurate with CMOS scaling to any low
lithography node

accumulation of results

ooy

The Digital IMC engine is a handcrafted, full-custom design
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Introducing Metis Al Platform - a big leap forward for Edge Al capabilities

M=
Breakthrough performance
L~—"

3,000+ fps ResNetb0@ 99.9% FP32 accuracy

5,000+ fps SSD-MobileNet V1@ 99,7% FP32
accuracy

Ultra-low latency for real-time responsiveness

Simultaneous multi-model & multi-stream

@ Exceptional power efficiency

4-7W typical power consumption
> 10X power efficiency vs. leading GPUs

Up to 15 TOPS/W core energy efficiency

@ 5
{L'] Excellent usability,,
LN

= Fully programmable, Al acceleration platform

VOYNGER &S

Tools Suite

.......

22019

Metis
Al Processing Unit

® = Easybuild and optimization of complete
pipelines

= No costly retraining necessary

r— .
@ Superior value
L~

= |ndustry’s lowest cost per Al stream &

inference
= Single-chip M.2 to high-performance PCle

= Small silicon die = competitive pricing

/\ AXELERA
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Metis AIPU - system block diagram

* Al Engine with four Al Cores

AMD A - D-IMC : matrix-vector multiply, densely interleaved memory
and compute with >1M elements

e N - DPU : element-wise vector operations and activations

. - DWPU : sparse ops; pooling, depth-wise convolution,
Metis AIPU up-sampling etc.

- Al Cores run independently or in concert
RISC-V System Controller

» Hierarchical compiler-managed memory
Execute-overlapping prefetch and data reuse allocation
D-IMC :4x 1 MB
L1 Al Cores: 4 x 4MB
L2 Shared : 32 MB

DDR : Up to 4 GB to fit large models, minimize latency and
context switching overhead

Host System

results

Host interacts with outside world and PCle 3.0 (x4) m

. runs the application pipeline \ AN «  Security unit

acliding pre-/post-processing | Secure key storage and management, encryption
and decryption

« Performance and physical data
214 tera-operations-per-second (TOPS)

4-7W typical power consumption
12 nm CMOS technology

DPU DWPU

-40°C to +85°C extended temperature range




Metis AIPU - performance and usability at a fraction of the price and power consumption

Edge Al inference performance (TOPS)

250
200
200
150
100
100
50
0 1,3 2 4 9 26 32 50
nVidia Intel Google Kinara Hailo nVidia SiMa nVidia nVidia Axelera
JetsonTX2 Myriad X Edge TPU Ara-1 Hailo-8 JetsonAGX MLSoC JetsonNX JetsonAGX Metis

START
1-5TOPS

Simple, few-layer CNNs

Low accuracy

Xavier

YESTERDAY
5-560 TOPS

More complex CNNs
and pipelines

Medium accuracy

Orin 16 Orin 32

FORNEW DESIGNS TODAY
>100 TOPS
Transformers, LLMs, generative,

increasing resolutions,
ultra-low latency

High accuracy

* TOPS numbers as reported in official datasheets. nVidia numbers reported as ‘Sparse TOPS' (2x ‘Dense TOPS')

Given power and cost
constraints, Al's appetite
for compute at the edge

is... big




Voyager SDK: streamlined development, yet open and flexible for experts

Application Development

Low-code

_..Model Zoo Pipeline Development Kit

Declarative definition (YAML) of
pipeline with pre-/post-processing
and multiple CNN steps

Ready-to-use models
and application templates

°
°
°
°
°
°
°
°
®

1

Custom
Pre-trained Models

_61‘@

 No-code
CloudApplication Composer

ag and drop application
A, pipeline building

Optimization Deployment

Comprehensive framework for ML

optimization and Al application Application Pipeline

optimization Inference seamlessly integrated
with the business logic application Package
&
o . Deploy
ML Optimization S8tvm
Quantization DS{:SQW Compilation Profiling

Host Preprocess

v
Pipeline Compilation Metis
(C/C++/Python) » Neural Network »
v
Host Postprocess
Optimized Non-Neural Libraries v

AR . . docker
Business Logic
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Metis AIPU evaluation Kit for Early Access Program (EAP) partners -

Metis Evaluation Kit

Host system Advantech MIC-770V3 Compact Fanless Industrial PC
VOYAG ER - Intel Core i5-12500TE
) Size 77x192 x 230 mm + PCle expansion box
Al acceleration Axelera 1x Metis 214 TOPS w/4x GB LPPDR4x PCle card
Video source HD IP Camera, AXIS ME2035-LE
0S Linux Ubuntu 20.04 / 22.04
SDK Voyager SDK
ML framework PyTorch

NN models included Image Classification: SqueezeNet, ResNet-18, ResNet-34, ResNet-50
in Eval Kit Object Detection: SSD-MobileNet-v1, YOLOvbs/m/I
Segmentation: Mask-R-CNN, U-net

Support Direct engineering support to assist performance evaluation,
pipeline porting and custom ML requirements




Metis AIPU - A complete product portfolio of high-performance cost—effective accelerators

Partner System Hardware

Al Vision Gateway
ARM

intel.
COR

e

SECO PHOENIX

Compact embedded
160 TOPS Al

Axelera Al Modules and Cards

;g
\‘., >

Metis M.2 2280M
Price: From 159 USD

Al Vision Edge Server

2B COR

Advantech MIC-770V3

Intel i7 Industrial PC
856 TOPS Al

Metis PCle x4
Price: From 209 USD

Al Vision Appliance

Dell PowerEdge XR4000

2U Intel Xeon server
1.7 PetaOPS Al

High Performance 4x Metis PCle x16
Price: From 549 USD

/\ AXELERA
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Axelera Al's advantage: Performance/S vs Current Technology

Current Situation

Nvidia RTX A4000: 7000 USD, <
~ 100 TOPSINT8

Current Situation

- Nvidia RTX A2: 1600 USD, ~ 200
e, TOPSINT 8

Future Situation

AXELERA AIMETIS PCle AIPU: 209
USD, 200+ TOPS INT 8

Future Situation

AXELERA AIMETIS PCle AIPU: 209
USD, 200+ TOPSINT 8

Savings

- -800USD per system

> -50% # system (3’000 USD each)
Savings

- -2'600USD per system

Expe'c'ted Customer Savings or 1K units:

USD 2.5 - 3.0Million CAPEX

/\ AXELERA
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What's next ?
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Observation 1: neural networks trends

- Generative Aland LLM
Larger CNNs on larger frames Vision Transformers
* Evolution of CNNs seems to have . i i
. Important trend, likely to continue e Trend 1 (ChatGPT/Dall-E etc.):
stalled, ConvNext being a peak and become more dominant
through 2026 towards larger models, cannot be
performer :
covered by Edge device
* Noclear breakthrough/benefits in . T 9. I |
 Further gains likely to be had from terms of accuracy and parameters TENTE) 23 B er elsllE
topoloay chandges, and operating compared to CNNs models can be intercepted by
on larger frames Edge devices
14
ImageNet-1K Acc. }
90 13 ® 2
(2 g .
86 ConvNeXt 3 g f
Swin (nggif)ormer . f e % %_)c'i 10 ° T
84 = i win |ranstormer o =) ’
F(iggz\lse; é’ozB) ' (2\6;0) o ‘<_t. § y ’ ° 3 lf{dz
82 @ o g ®
® = } e T MiB-k LM in-2026
80 g . |
o T 76 SN
78 ImageNet-1K Trained ImageNet-22K Pre-trained g ,':;'.2016 2018 2020 2022 2024 2026 * 2028
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Observation 2: the importance of memory bandwidth for accelerating LLMs

Network S E L Model Model + GOP 100 eTOPS 100 eTOPS
[GiB] Cache [GiB] / 4xLPDDR4x 8xLPDDR5
token

s ame
EORCIEY

= o1 2
=
e ot e 2
2
=

—

Proposal

s
e
s
=y
| o

Table 1- Estimating throughput in terms of tokens/s for a variety of models-and for two different platforms: an edge machine with 100
effective TOPS(terra-operations per second) of compute capabilities and either4 channels of LPDDR4x (+/- 34GiB/s) or 8 channels of
LPDDR5 (+/- 100GiB/s). Inferring networks like LLM-7B for large sequence lengths is’infeasible on such devices, network designers
should focus on developing better, smaller models in order toincrease throughput on such.Edge devices. S is the sequence length, E is
the embedding dimension (E2=4xE1) and L is the number of layers in the encoder and decoder.

% 5 BLOG: https://www.axelera.ai/decoding-transformers-on-edge—devices/

S = Sequence Length

E = Embedded Dimension

L = number of layers in the encoder and
decoder

A ANXelLerA
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https://www.axelera.ai/decoding-transformers-on-edge-devices/

We are expanding our operations in the US!

Hiring Actively across rolesin
2023-24

* (General Manager and
President Americas

* Regional Sales Director

Seattle 9 e Alliance and

San Francisco 9 9 Ecosystem Director

Austin  Business Development

Executive
« Key Account Manager

« Field Application Engineer




Disclaimer

Presentation Disclaimer
This presentation contains information and data that is subject to change without notice. While every effort has been made to ensure the accuracy and completeness of the information
included, the presenter and their associated parties make no guarantees or warranties of any kind, express or implied, about the completeness, accuracy, reliability, suitability, or

availability with respect to the presentation or the information, products, services, or related graphics contained herein for any purpose. Any reliance you place on such information is
therefore strictly at your own risk.

Forward-Looking Statements
Some information in this presentation may contain forward-looking statements that involve risks and uncertainties. Actual results may differ materially from those expressed or implied.
Third-Party Trademarks and Logos

All product names, logos, and-brands are property of their respective owners. All company, product and service names used in this presentation are for identification purposes only. Use
of these names, logos, and brands does not imply endorsement. Specifically, the logos of IBM, Intel, AMD, NXP, Meta, OpenAl, Google, TensorFlow, PyTorch, ChatGPT, Llama and Rockchip
are trademarks of their respective owners, and their inclusion in this presentation does not imply any affiliation with or endorsement by them.

Intellectual Property
o All original content in this presentation, including but not limited to text, graphics, and code, are the intellectual property of the presenter and may not be used, reproduced, or distributed
witheut explicit permission.

G

Limitation of Liability

In no event will the presenter or their associated parties be liable for any loss or damage including, without limitation, indirect or consequential loss or damage, or any loss or damage
whatsoever arising from the use or interpretation of the information in this presentation.
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Thank You!



