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Motivation/Background: What i§inyMI?
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ML Inference at ¥mWatt
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TinyMLApplications
tinyMLPerf Benchmarks

Visual Wake Words Speech Commands MIMII: Anomaly Detection
Audio Sample Data @
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Chowdhery, Aakanksha, et al. "Visual wake words dataset."
arXiv preprint arXiv:1906.05721 (2019). Warden, Pete. "Speech commands: A dataset for limited-vocabulary
speech recognition.” arXiv preprint arXiv:1804.03209 (2018).

Purohit, Harsh, et al. "MIMII dataset: Sound dataset for
malfunctioning industrial machine investigation and inspection.”
arXiv preprint arXiv:1909.09347 (2019).
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What MakesTinyMLChallenging?.

Trends in Neural Networks

A Larger model#y Higher accuracy

A Increased static memory footprint

A Increased dynamic memory footprint
A Increased operations/inference

A Novel architectures and operators

TinyMLConstraints

A Power: 1TB/sec from SRAM > 1W 16nm
A Cost

A Memory
A Compute
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5,000 10,000 15,000 20,000 25,000
M-MACs

Platform | Architecture | Memory | Storage | Power | Price
CloudML GPU HEM SSD/Disk
Nvidia V100 Nvidia Volta 16GB TB~-PB 250W 39K
MobileML CPU DRAM Flash
iPhone 11 Arm A-Class 4GB 64GB ~8W S750
TinyML MCU SRAM eFlash
ST F446RE Arm M4 128KB 0.5MB 0.1W 53
ST Fl46Z2G Arm M7 320KB IMB 0.3W S5
ST FI6TZl Arm M7 512KB 2MB 0.3W 58

Table I. lllustrative comparison of hardware for CloudML, Mo-
bileML and TinyML, including the MCUs targeted in this work.
. |y 0 dzNEMictNetsINeuwtaENetivork architectures for deploying

TinyML! LILXE AOF GA2ya 2y [ 2 YapdvBRrapindarxarA ONER C 0 N2 f
2010.11267v2 (2020)



TinyMLModel Architecture and Optimization

Reduced
. FFB2to INT8
precision > >>thr0ughput>
Exploit reuse Convolution
Data reuse > weights >> filters >
- Reduce Better
Welght : memory bandwidth
compression footprint and power
Winograd o(ré) =>
convolutions O(r?)

RelLU Pruning
activation techniques
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TinyMLHardware Examples
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A Lowpower general purpose cores and SoCs Al
]  micro:bit-. e

AArm CortexM55
AGreenwavessAP8

A Lowpower micreNPU
ASamsung Edg&PU
AArm EthosU55

A Analog and Computa-Memory
AMythic
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TinyMLHardware Trends

Amortize frontend power

A Lowpower general purpose cores and MCUs overhead

AWide (vector) registers to support machine learning workloads

A Dot-product and matrix multiply ops< 

Key operation in all neural network

A Micro-NPU N | Recent research shows minima
AHardware support for lower precision (<=4b) operations accuracy loss witAb\W/8bA

AHardware support for sparsity/ze{skipping, 
AHardware support for compression of weights and activations Rga[ activation and weight

\Sparsity
A Analog & Computén-memory Bandwidth bottleneck, esp. FC

A First commercial products starting to appear
AMany options for bHcell

8 © 2020 Arm Limited (or its affiliates) q r m



TinyMLHardware Examples

A Low-power general purpose cores and SoC:

AArm CortexiM55
AGreenwave$ARB

A Lowpower micreNPU
ASamsung Edg&PU
AArm EthosU55

A Analog and Computa-Memory
AMythic
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Arm CortexiM55 Core IP

A Helium: New vector extension for Arm-pofile
A Defines8 vector registers128b wide
A 130+ new vector instructions
A Fixed point32b, 16b, 8b
A Floating pointFRB82, FAL6

A Vector MAC instructions

* VMLAV.<dt> Rd, Qn, Qm
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arm
CORTEX-M55

TrustZone for Armv8-M

Nested vectored Wake-up interrupt
interrupt controller controller

CPU
Armv8.1-M mainline

Memory N Helium Perfcrr‘nance‘
protection unit monitering unit

Coprocessor I-TCM, Peripheral
interface D-TCM AHB

Arm Custom AXI-5 Interface
Instructions master protection

JTAG/Serial I-cache,
wire debug ECC RAS D-cache

Breakpoint . Data
- ETM trace ITM trace i f

Simulation results of total KWS algorithm
on Cortex-M CPUs >8x

higher
perf.
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Relative performance uplift
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Cortex-M4 Cortex-M33 Cortex-M55 Cortex-M7

o

Cortex-M55 performance results are based on RTL and C compiler
in development. Subject to change.



GreenWave&AP8 Applications ProCeSS@Famang timwisummi zos

Cluster clock & voltage domain

Cluster
Shared L1 Memory

— FC clock & voltage domain —

A 8x 32b RIS¥ cores

ATSMC 55LP, Max Freq: 250MHZ

A Shared 1$, Sharddmem(not $)

A AutoTilerDMA for explicit data movement S
IZC

125
CPI

A ISA extensions

Micro DMA
=
[N

AVector, MAC, doeproduct _

A8,16,32b fixed point (no FP) Cron
A Integrated HW Convolution engine rendee A Gye Countspeede

A 112 multipliers; 3x performance gain vc8re SW -

ijﬂ TR 258 . 288 VALEUR]

A Performance Ty II “ II . II || I

A22.65 GOPs, ~236 GOPs/W = 4, @

AKWS/CNN benchmark: 1.07mW with HWCE R

S Wi c,°° *“\ '1:"'" ’P*
& 5 “5& £ f
M Rv to Gap8 wo Vect HRv To Gap w Vect
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TinyMLHardware Examples

A Lowpower general purpose cores and SoC:

AArm CortexM55
AGreenwavessAP8

A Low-power micro-NPU
ASamsung Edg&PU
AArm EthosU55

A Analog and Computa-Memory
AMythic
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Samsung EdgdPU
TinyMLSummit 2020

A ScaledR2 ¢y OSNRAZ2ZY 2F { | YadzydQa az2zoAfS bt!
A 1x NPU core with 128 MACs (versus 1024 MACS)
A Targets Samsung wearable devices

A Example of calesigned HW/SW
A Leverage research on group conv and binary neural
networks
A Multipliers scaleddown to 4x1b, accumulator to 10b

A Hardware weight decompression
A Mobile NPU: 3.5 TOPs/W

A Edge NPU: 24.1 TOPS/W
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