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Qualcomnm
Al research

Advancing Al
research to make
efficient Al ubiquitous

Power efficiency Personalization Efficient learning

Model design, Continuous learning, Robust learning
compression, quantization, contextual, always-on, through minimal data,
algorithms, efficient privacy-preserved, unsupervised learning,
hardware, software tool distributed learning on-device learning

A platform to scale Al
across the industry

Qualcomm Al Research is an initiative of Qualcomm Technologies, Inc.
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Accelerate Your Edge Compute

SYNTIANT

. ~ Maklngv\Edge Al A Reality *



http://www.syntiant.com/
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AHEAD OF WHAT'S POSSIBLE™
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Witness potential made possible at analog.com.
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The Leading Development
Platform for Edge ML




Decarbonization | . pigitalization

Driving decarbonization and digitalization. Together.

Infineon serving all target markets as -
Leader in Power Systems and loT (I"fineon

www.infineon.com
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Renesas is enabling the next generation of Al-powered solutions
that will revolutionize every industry sector.

s @

BUILDING
AUTOMATION

CITY TRANSPORT
INFRASTRUCTURE & LOGISTIC
HEALTH )7 N HOME
CARE | zz g [ AUTOMATION

INDUSTRIAL

AUTOMATION CONSUMERS

renesas.com

ENESAS
BIG IDEAS FOR EVERY SPACE



2

vk 4 &y

"w

life.augmented

STMicroelectronics provides extensive
solutions to make tiny
Machine Learning easy
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Join Growing tinyML Communities:

16.9k members in
49 Groups in 41 Countries

tinyML - Enabling ultra-low Power ML at the Edge
https://www.meetup.com/tinyML-Enabling-ultra-low-Power-ML-at-the-Edge/

4k members
&
13k followers

OftsEn

The tinyML Community
https://www.linkedin.com/groups/13694488/



https://www.meetup.com/tinyML-Enabling-ultra-low-Power-ML-at-the-Edge/
https://www.linkedin.com/groups/13694488/
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Subscribe to
tinyML YouTube Channel

for updates and notifications
(including this video)
www.youtube.com/tinyML
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https://www.wevolver.com/article/2023-edge-ai-technology-report

2023 Edge Al Technology
Report

The guide to understanding the state of the art in hardware & software in Edge Al.
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https://www.wevolver.com/article/2023-edge-ai-technology-report
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Slides & Videos will be posted Please use the Q&A window for your

tomorrow questions
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llya Gozman

llya is a Senior Fellow and a Chief Al Architect at Grovety,
where he worked out his way from a rising talent developer
to a veteran expert in Al, a frontline and prospective trend in
IT-industry in recent years. He acquired extensive
experience in developing general and Al compilers, and
chip architectures both in LLVM and TVM backend
optimizations; he also led teams working on compiling-
related projects, video processing, and protocols support for
IP cameras (C/C++). llya received Master degree in Applied
Mathematics and Computer Science in 2007. Wide range of
projects and profound research activity makes llya’s
experience valuable and demanded.



TinyML - growing interest

Edge Al allows business to improve the Al applications’ overall
cost-effectiveness by optimal use of NNs, computing resources
and power consumption reduction.

At the same time, the numerous potential benefits of Edge Al face
several challenges associated with its implementation
and usability. [1]



Fine-Tuning Strategies

Model modification: Memory requirements optimization:
* Compress off-the-shelf networks * Optimize schedule of the operation flow
by pruning and quantization * Store weights on external storage
» Simplify unsupported operations
to primitive blocks Energy Efficiency
* Transform and merge network layers * Throttling MCU/NPU operating frequencies
* Optimize resource-intensive layers * Use advantages of heterogenous systems

* Intelligent power management
Inference time optimization:
* Use hardware-specific acceleration
instructions



Approaches to handle Cost Challenges in TinyML

Minimizing Development Reducing Device cost
costs and time of device and its power consumption



Fine-Tuning Strategy
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TVMC
nightly
build
(from PyPi)

TVMC
built locally

Models testing REST API
scenarios & GitActions
¥ !
Python API
v v
—=| Code generator Code generator
for TVM for TFLite <
— runtime runtime
v v

Code generator
for TVM runtime

Power monitor:
Energy
consumption

i\

v

VELA

latest
release

Execution monitor:
Inference time
Memory layout

¢

ETHOS-U
hardware

(PyPi)

Fine tuning platform for Cl tests and
experiments on target HW

* NN inference on Alif hardware and
FVP simulator

* Run on TFLiteMicro and TVM
runtimes

 Support of any TVM commit

e Unified API for running NN
inferences, various architectures
and runtimes

 Actual inference time and power
consumption measurements

* Model bottlenecks analysis
and numerical mismatches



TVM: ML Compiler Framework

Wide range Open-source Integrated with Fine-grained
of ML frameworks project, large ARM® Vela control over model
and deployment community Compiler for compilation,
targets acceleration on deployment and

Ethos™-U55 NPU execution



TVM
Frontend

Relay
Graph

_. L ._
__IVIodeI__

External \_Legahzatlon
Functions to HW
(Composite Primitives
Functions) N\ Operators

S S ¢ -L ______________________________

Bias & Scale Encoding

‘relay.build(...)’

TVM

Graph Partitioned
Partition _Relay Graph
Passes

/ (BYOC) CPU
Operators
Ethos-U
Operators

pipeline

_————- - oo,

TVM
Ethos-U

pipeline

------------

1
i
L]
]
i
L]
I
I
-
/

Ethos-U

Ethos-U
Relay
TIR
Operator .
. Primitives
Functions

metadata
lib1.c

default —  CPU subgraph

lib2.c
libn.c
Ethos-U

subgraph n-1

___________________________________________________________________________________

Ethos-U
TE/TIR TIRto CS
TIR
Passes L Generation
Prlmltwes

Weight En{Todlng

Command Stream Generation

l

Arm Vela Compiler

l

¥

\[

Vela External APls

Jx

B T R e



Why Ethos-U and Alif Ensemble SoC

E7 Processor

Cortex-M55 | | Cortex-M55
160 MHz 400 MHz

128 MAC

5
256 I\/IACJ

EEthos—USSj EEthos-U5

Cortex-A32 | | Cortex-A32
800 MHz 800 MHz

Ethos-U55 microNPU

Cortex-M55 Configurable
MAC Engine
Elementwise Engine
System Local Memory
FLASH
Weight Decode
System

SRAM

Control Unit, | DMA
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1x4x4x32

Pooling with high strides

Conv2D

filter (128x1x1x32)
bias (128)
stride_ h=1
stride w=1

Benefits:
Inference speed-up: +25%
ARM ML Zoo Models affected: ~17%

Interrupting NPU
command stream

1x4x4x128

AveragePool2D

Performing
«—— operation

Filter_height = 4
filter_width = 4

cmsis-nn <- cmsis-nn.gnn_avg_pool2d
cmsis-nn <- %213 = cast(%212, dtype="int32") stride h=4 on MCU
cmsis-nn <- %214 = nn.avg_pool2d(%213, pool size=[4, 4], strides=[4, 4], padding=[@, @, @, 0], layout="NHWC") IR o
cmsis-nn <- %215 = cast(%214, dtype="int8") stride w=4
l Restarting NFU
strides = params.strides Here we already know that Tx1x1x128
if params.strides[®] = 3 or params.strides[1l] = 3:
. g IFM.shape == kernel.shape

strides = [1, 1]

!

Filter (2x1x1x128)

ethos-u <- ethos-u.avgpool2d

ethos-u <- %213 = cast(%212, dtype="int32") bias (2)

ethos-u <- %214 = nn.avg pool2d(%213, pool size=[4, 4], strides=[4, 4], padding=[8, @, 0, 8], layout="NHWC") stride h=1

ethos-u <- %215 = cast(%214, dtype="int8") s
stride_ w=1

Tx1x1x2



Padding over channel axis

Benefits:

Inference speed-up: 250% - 400%
ARM ML Zoo Models affected: ~10%

# pad channels before

if params.ch padding[@] > ©:
identityl = ethosu ops.ethosu identity(pad values,
concat args.append(identityl)

identity2 = ethosu ops.ethosu identity(ifm.tensor,
concat args.append(identity2)

# pad channels after

if params.ch padding[1l] > ©:
identity3 = ethosu ops.ethosu identity(pad values,
concat args.append(identity3)

relay.op.concatenate(relay.Tuple(concat args), axis=3)

Create a memory area with
padding values "before"

Our actual channel data

Create a memory area with
padding values "after"

Concatenate everything
together over channel axis

EETEE ¥}

Filter {12=1=1=8}
blas <12}

Fileer {14=1=1=12}
bias <14}

Relus

1u3Zu3dxd 1x3Zu3Z=id

DepthwiseConv2

welghks {1=3x3=14}
blas {14}

Relud
Interrupting MPU

cammand stream
1u32n3d=ig

Performing
aperation
bias {16} paddings (42 an MCU

Filter {16=1=1=14};

1x3Zx3Z=16

Restarting MPL

1=32=32=16



Understanding TVM's patterns

Pad
paddings {4x2}

1=224=224%3 /
nn.pad(...)

gnn.conv2d(...)

optional pad = is_op("nn.pad")(wildcard(), is_constant())
nn_conv2d = is_op("qnn.conv2d")(

optional pad | wildcard(),

is constant(),

is_constant(),

is constant(),

\

filter (3x2x2x1)
bias <3
padding = VALID
stride_h=1

nn.bias add(... is constant(),
gnn.regquantize(..- is_constant(),
stride_w =1 clip(...) ) .has_attr({"kernel layout": "HWIO"})
bias add = is_op("nn.bias add"){gnn conv2d, is_constant())
1x223%223x3 eq = is_op("gnn.requantize"}(
bias add, is_constant(), is_constant(), is_constant(), is_constant()

)
clip or req = req.optional(is_op("clip"))

Minimum

input2 =127

Conv2D name=None:
IFM: h=1,w=296,c=39, region=3, NHWC, INT8, size=11544, scale: ©.17129258811473846, zero: 4
Stride y/x/c: 1/39/1, tiles: wB=296, he=1, h1=0, base=['Ox0', 'Ox0', '0x0', 'Ox0']
name=None

ethos-u =" w0 = nn.pad{%data, -128 OFM: h=1,w=148,c=250, region=1, NHCWB16, INT8, size=37000, scale: ©.24689388275146484, zero: 3
ethos-u <- %1 = gnn.conv2d(%@, BV Stride y/x/c: 1/16/2368, tiles: we=148, he=1, h1=0, base=['0x0', '0x0', '0x0', '0x0']
— . . name=None
ethos-u = w2 = nn.blas_addi:'ﬂsl, =V e Kernel: w=48, h=1, stride=(2, 1), dilation=(1, 1)
ethos-u =- %3 = gnn.requantize (%2, NpuPadding(top=@, left=23, bottom=e, right=23)
_ _ - : P Weights: (region=08, address=0x1f6090, length=271472)
ethos-u = w4 C].lp'['EE3, E_Iﬂlﬂ 12 Scales: (region=0, address=0x1b81®, length=2512)

Activation: TABLE LOOKUP, min=None, max=None, lut index=0
NpuBlockTraversal.PART KERNEL FIRST
Block config: h=2,w=68,c=64, NpuResamplingMode.NONE, NpuRoundingMode.TFL
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Open Challenges

*Per-layer Analysis: computational and memory usage

*The memory scheduling according to the overall network
topology [2]

*Transitioning Network Weights to External Storage [5]

*On Device Learning

*Inference of multiple NNs on heterogeneous computing
architectures

*Dig in Ethos-U Platforms specific

* More practice and experience on real applications



[1]: 2023 Edge Al Technology Report
https://www.wevolver.com/article/2023-edge-ai-technology-report
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