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@ Prospects for Embedded Deep Learning (1/4)

Al on the Edge
- Al Computing is spreading from server to edge for wider application

On-Server Al >> On-Device Al >> On-Sensor Al >> On-Things Al >
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@ Prospects for Embedded Deep Learning (2/4)

Why On-Device Al?

- Cost-saving on cloud services
: Screen unlock about 100 times a day

- Privacy protection and locality
: Store & process biometric data within a device
: Language support depends on each user

- Rapid response
: Faster than human perception (about 150 msec)
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@ Prospects for Embedded Deep Learning (3/4)

Why On-Sensor Al? [ Traditional Image Sensor ]

- Reduced power consumption
: Sensor + AP (150mW~1.5W) Pixel
— Sensor only (10~50mW)

Circuit

- Extremely low latency
: On-sensor processing enables lower latency than AP processing

- Higher security and privacy
: Instantaneous processing on sensor reduces security risks and privacy concerns

- Advantageous raw image processing
: Leverage inherent sensor structure and access to the raw image without ISP
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@ Prospects for Embedded Deep Learning (4/4)

Comparison On-Device vs On-Sensor

- MCUs have less memory and computing compared to mobile APs

| | On-Device | On-Sensor i

Runtime Memory 8 GB <512 KB
Storage 128 GB <2MB
Power ~ 8 Watt 0.3 Watt
| NeuralNet | MobileNetv2(gbitQuantization) | McUNet' |
Peak Memory 1.7 MB < 256 KB
Model (Weights) 3.4 MB <2MB
MACs 300 M <60M

“MCUNet: Tiny Deep Learning on IoT Devices”, NeurlPS 2020
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@ Technology Trends of Embedded Deep Learning

Lightweight & Optimization for Embedded Al Software

Compact Net. Design Knowledge Distillation
(Neural Arch. Search)
NN Architecture
@ | :@

Low-bit Quantization = Network Pruning & Zero-Skip SIMD-Aware Optimization
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@D Need for Hardware-Aware Neural Network

Compact network design considering actual energy consumption

- SqueezeNet: AlexNet-level Accuracy with 50x fewer parameters
— But Energy required for inference operation ?

AlexNet CiH| SqueezeNet 4=
Accuracy ( Top-1 ImageNet) 0.3% 1
# of Weights 51.8x {
# of Layers 2.3x 1
Normalized Energy 1.3x 1

- A regular 3x3 convolution has more compute (MACs) than an depthwise-separable convolution
— But It executes faster on Edge TPU due to ~3x more effective hardware utilization

Neural Network Accuracy (Top-1ImageNet) CPU (@Pixel 4) Edge TPU (@Pixel 4)
MobileNetV2 73.7% 17.7ms 4.3ms
MobileNetV3 large 73.9% 10.0ms 3.7ms
MobileNetEdgeTPU 73.5% 13.8ms 3.1ms
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@ Compact Network Design for On-sensor Al (1/2)

XH& Sensoref Al 7|=9| £ / HEE 27 ==
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[ Always-On Sensor ]

Cortex-M4

Always-On Block
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@ Compact Network Design for On-sensor Al (2/2)

Memory Constraint Neural Network (Raster-Scanning Network) 2H& (SAIT)

- Human existence is detected by On-Sensor processing (Wake up Application Processor)
— Peak / Weight memory (8KB / 50KB) reduced dramatically (~24x / ~14x)

[Conventional]

Image Sensor Application
s

od

ADC & ISP Transmit
YA > 4
N l 9 (k row)

(Bufter)

[Proposed: CIS specialized DNN]

Image Sensor

ADC @s‘“

l // (k 10“)

(Buffer)
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[Tiny modelsZ} Memory usage H|1! ]

Cache(16KB) SRAM(320KB Flash(IMB)
RaScaNet ﬂ
RNNPool
MCUNet

MobileNetV?2

0 256 512 768

B Pcak Memory (KB)  ® Weight Memory (KB)

“RaScaNet: Learning Tiny Models by Raster-Scanning Images”, CVPR 2021



@ Low-bit Network Quantization (1/3)

Quantization-Aware Training (QAT) vs. Post-Training Quantization (PTQ) quantization

Quantized
Model

Retraining/ Quantized Pre-trained
Model

Mixed-Precision Quantization (@Nvidia Tesla T4 GPU)
- 50% speed up with mixed-precision (INT4/INT8) quantization as compared to INT8 quantization

Pre-trained Quantization

Model Finetuning Model Calibration Quantization

Full-precision Quantization  Low bit-width
(32 bit) (2~8 bit)
Weight [T 1] [ 1]

Activation [ [ 1 Convolution
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@ Low-bit Network Quantization (2/3)

FEStE S5 YXtel o|= (SAIT)
- Full-Precision (32bit) Ci{H| M&te M= X5} ¢l= 8X8 bit Convolution Q14F X{2| 16
- 9124 QiAto| X BiSI0)| [t2tA Q-Format (Fraction bit 42) & HAsH= S& UXIS 7|=

7|E Layer-by-Layer 4] Convl Conv2
(Offline ZX) Activation Activation
max max

sign integer

ALARRNERRRR RN RN RN RN RN RN RN RN RRRRRRRRRRNN T _LUJLILLU.L.ILLL;_UULILU.J.U.UULLI.'H[LILUH.L._LLU

16bit Q6 (step 1/64) 16bit Q7 (step 1/128)

sign integer
Convolution Convolution ; ,
Layer 1 Layer 2

Image-by-Image A @' -,
(Online &%) .

N =" E':'"
ARRRRNURRNURNRRNURERENY . I EEIESNENENIERNIEEENNEN]

8bit Q6 (step 1/64) 8bit Q4 (step 1/16) 8bit Q3 (step 1/8)

Techtonic 2021

fraction

fraction




@ Low-bit Network Quantization (3/3)

. *Pruning/Clipping/Trainable
Pruning Clipping

N . ; o Weight  Activation
(—:» <— Pruning4--- Clipping Low Bit-width Network PICIT* PIC/T

" Function of (c, d) Deep Comp. (Stanford, 2016) v [ x/[ = x[x[x
: — Differentiablg N . DoReFa-Net (Megvii, 2016) ~ x/x/x  x/v /x
_/ ‘ j QNN (Montreal, 2016) x/V[x x|V /%

—Te—e—e i Quantization HWGQ (MS, 2017) x[x[x x [V [x

interval

Tramable Uniform quantization PACT(IBM, 2018) x[%[x x[v [V

. . . inside the interval
IV VIV
guantization interval (c.d) : Interval parameters Ours ! I

Weight Quantization
. P ResNet-18 ResNet-34
i Parameterized interval 4

~
(o]

I
1
i
F_: back-propagation g -0.1% 0.0%

A S
=QIL (Ours) 3 o 5%
m L Q-Net
PACT
m Dorefa-Net I
4

# Bits (Weight/Activation) # Blts (We|ght/Act|vat|on)

-..,.I
N

N

o)
[9)]
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o

(o]
(o]

2]
)
(2]

Top-1 accuracy (%)

(o]
a

Top-1 accura
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Techtonic 2021 “Learning to Quantize Deep Networks by Optimizing Quantization Intervals with Task Loss", CVPR 2019




@ Pruning in Convolution Layers (1/3)

ZeroOf| 7712 2 U= weight2 zero2 A 2 If-st50 2 Hetk: 54

- Q12+ £|Q| synapse = {A[SHH| Hz}

Age Number of Connection Stage

At birth 50x Newly formed
1yr 1,000 Peak
10 yr 500 Pruned and stabilized

- Weight?Q| 2t0] zero¥ HL sl (142 skip 1=

Original Kernel Pruned Kernel Retrained Kernel
-0.01] 0.26 | -0.05 0 0.26 0 0 0.28 0
0.07 | -0.10 | 0.10 » 0 |-0.10| 0.10 » 0 |-0.10| 0.12
-0.01 | 0.01 | 0.01 0 0 0 0 0 0
Error Rate = 1.19% Error Rate = 3.73% Error Rate = 1.21%
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@ Pruning in Convolution Layers (2/3)

Point-wise (Shape-wise) Pruning ?|= (SAIT)

-SQEII 2 HEQ T HAAZ 1x1xN T2 X|HSH= Point-wise (Shape-wise) Pruning &t
— J|& Channel (Filter-wise) Pruning 2L} 30% 0|4 £ &X9QI X|H 7=

Resnet20 on CIFAR-10

T
Pointwise Pruning
Channel Pruning
Baseline

Filter-wise (KxKxN) Pruning Point-wise (1x1xN) Pruning

Topl Accuracy(%)

Weight Scale matrix Conv. Weight

0.4 0.6
: Learning w/ Sparsity-inducing Penalty

Pruning Ratio (%)
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@ Pruning in Convolution Layers (3/3)

Spatial Pruning ?|= (SNU/SAIT)

- Jointly pruning channel and spatial filters (channel-wise + filter-wise + point-wise)
- STt Pruning H|E ?|& 7|& SOTA CiH| &2 &t 45 A& (1~3% T @ ResNet-18/50)

Filter-wise Point-wise STJ;@;:{?\E IEhF:N E ! E E
PRUNED NETWORK i D D [E

First layer and Ej m E E

nrestetzo L |

S ) A= ik
Channel-wise L | | m : m E u : ‘ !
— . aaUDCDEn
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® Optimization and Acceleration

SIMD (Single Instruction Multiple Data)-supporting Accelerator

- ARM Neon : 128-bit £t 13 C}= O|0|E| X 2|

- X86 (intel) SSE : 128-bit SIMD, AVX (Advanced Vector Extensions) 256-bit ~ 512-bit SIMD

MAC (Multiplication and Accumulation)

~16 bit ~16 bit
N N

323|t/

Accumulator size
32 bit
P
\

I
128 bit SIMD
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In a 128-bit SIMD operation

Four 32-bit accumulators
Can accommodate 4-way
Four 16-bit Activations and =) MAC
Four 16-bit Weights

Sixteen 8-bit accumulators
Can accommodate = 16-way
Sixteen 4-bit Activations and MAC
Sixteen 4-bit Weights

For existing CPUs and DSPs
8-bit is the minimum-size container.
So, 4-bit data is perfect to speed up!




® Efficient Convolution using Logical Operations

MAC — Bitwise Operation AND / POPCount (VAND, VCNT @ ARM-Neon)
- Data€ Bit ©H¢| Slicing — bit position 22 X% — Logic 914t X2| (VAND + VCNT)

4bit Weight W: (w3 ,w, ,wy,wg)
2

Logic operator-based Multiplication
(VAND + VCNT)

£32bit 32 bit

Output
Feature
Map

Bit-operation
(AND/POPCNT)
Bit-operation
(AND/POPCNT)
Bit-operation
(AND/POPCNT)
Bit-operation
(AND/POPCNT)

N7
<
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® Optimization using MAC vs. AND/COUNT

If Weight/Activation are less than 4-bit, AND/CNT becomes more efficient

Computational Cost for Single Output @ 128-bit SIMD

Weight 128 Activation

12 //\o ;

Convolution

. W/A | 16/16bit 8/8bit 4/4bit 4/4bit
No. of 288 (9x32) 144 (9x16) 72 (9x8) 144 (9x16%*) 81 (9x9%) 36 (9x4*)
Ol Cl e MAC (4-wayt)  MAC (8-wayt)  MAC (16-wayt) AND/CNT AND/CNT AND/CNT
No. of 288 (144x2) 144 (72x2) 144 (72x2) 72 (9x4x2) 54 (9x3x2) 36 (9x2x2)
DEICHNCEL I 16bit (8-way) 8bit (16-way) 8bit (16-way) 1bit (128-way)  1bit (128-way) 1bit (128-way)

t Depending on accumulator size (16x16bit input — 32bit) * Number of inner product for the bitwise operation
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@ Automatic Al Software Framework (1/3)

Sl dgkst / 145} J|=9| Fully Automationdt % Frameworkd{t (SAIT)
- dakg} D el Jfekof|A Embedded 2E HiEM}X| &417 AMEE1H| s{ASH= Al S/W Framework 712t
- AFEXLQ| JHUSI0] JHY THA|E BT Xp52t5t0] S AH QI O O] 2k B 5l Agile SW HHIE 2t X3

SOLVE (Samsung Optimized Lightweight & Verification Engine)0j|A] M| &5l= =8 I|=

- sOlve (Optimized Training) THA|: et &£ O Heatr: kS 2ot atg £[H3) 7 =
- soLve (Lightweight Neural Network) T 743@}2 ot R AJO[= =4 B
- solVe (Verification Tool) EtA|: RE3}=l 7|52 Layer THQ|2 CHA[Z Ol Tt 4

- solvE (Embedded Inference Engine) THA|: CH4t SEES|0] 250 X X2tz M FEE X5 Md5t= 2 =

OPTIMIZE and AUTOMATE Framework for Embedded Deep Learning

Train a Training Lightweight Inference Software
Model Optimizer Neural-Net Engine Verification
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@ Automatic Al Software Framework (2/3)

St&El Python 2RI @12 HhotA Xff-8Hs Ot 3} (FP32—> FP16)2} A2kt (FP32—~INT8/INT4) 2|2
HA X| =Szl AldH A= (ARM NEON/x86 AVX HIE] ?_1 M X[R)E ot 22 J<1|4-

- cC ol SEA
ood 2 °4.=.

ruf

_— SOLVE Application Ul Samsung Optimized Lightweight & Verification Engine
Setting 3
- Python File
- Target HW 2%

Terminal

Optimized Training  sOlve Deep Learning Framework Verification
Framework

Model Analyzer  Training Speed up Test Database

solVe

Lightweight solve Compilation solvE
: Test Application
Pruning : C Code generation HW Centric

Quantization (ONNX to C) Optimizer

=
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=
O
e
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Control Layer

£
o
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=
o
©
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m
=
wv

Lightweight ‘ C Generate - Acceleration
Evaluation Module

|
Accuracy Comparison API Algorithm Layer

Total App Inference Time: 300s Python Model vs Accelerated API
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@ Automatic Al Software Framework (3/3)

AF2Xpo| Mol SkALS Q|5 Web SHEHQ| GUI A |2

- *|-I-| 'c':'l'gEl_ Python %‘ll- *l-Q_xl-Ol EXI- g_|-7=| A‘lx-l I{EE H}Ol_*.l I'lx'" J—l-xo% ﬂ|:_ xl_%§l_.6l_0:|
LY O|Li=Z &83 & Embedded SW I 7?3

odelTestt1 ARM Iscv /nome/sr5/jae_ho.chae/modelTestt1
odelTestt1Arain sh X86 Build Ontion: deactivate hol ho.chae/modelTestt1/modet!1 pth

/home/sr5/jae_ho chae/modelTestt1/train sh

@ Quantize_last @) Quantize_first

O Integer @ Float

@ Profiling

C LIB GENERATE
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Summary (Take-home Messages)
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