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| Bring Real-time Al to Weak Embedded Devices « Background & Motivation

» Prediction & Decision making

= i ]
O U0 O
&
P <
2 pm
Wearables for Small Robots for Sensors & Actuators
Health Monitoring Autonomous Navigation for Smart Home
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| Resource Limits on Weak Embedded Devices » Background & Motivation

Weak Embedded Devices Large Neural Networks

224%224%3 224x224x%64

STM32 MSP430
ResNet
<1 MB memory and storage Require > 100 MB of memory space
16~216 MHz CPU > 2 GHz CPU for 60 ms latency
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| Existing Solutions « Background & Motivation

Local Inference Remote Inference NN Partitioning
« Pruning, Compression, NAS « Compress raw data before « Use a local NN to sparsify &
transmission compress data
+ Leads to oversimplified NN
structures « Limited data compressibility « Higher compressibility but
when the accuracy loss is expensive local NNs
« >10% accuracy loss minimum
o Local Inference | N B Remote Inference | NN Partitioning
{ Prune, : .
. C A e . —_— ..
“Seale Data : pata  [d- Predigtion

—
A4
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:
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| Existing NN Partitioning Solutions

Minimal -
on-device o
cost /s

"
’f
-

e Background & Motivation

Best of existing approaches

< Fixed learning schemes

v

Data-centric
Consider data samples’ heterogeneity

N N

— feature importance

Cumbered by the worst case

A4

Adaptive partitioning to minimize
the offloading cost

{ Agile offloading
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e Overview

d to Data-centric & Agile

IXe

: From Fi

| AgileNN

®» Handled locally

» Offload

Important features: clearer to perceive

P e e e e e e e

Importance

Less important features: more compressible

of features
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| AgileNN: From Fixed to Data-centric & Agile « Overview

Important features: clearer to perceive ®» Handled locally

Less important features: more compressible = Offload

! Challenge 1: How to correctly evaluate

' feature importance?

Data

| Challenge 2: How to maximize the

\ compressibility of less important features?

! Prediction
b i

AgileNN
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| Solving Challenge 1: Evaluating Feature Important via eXplainable Al - Solutions

« An eXplainable Al (XAl) workflow
Ay/Af gradients --------==------- > feature

importance
Feature : Dog:|0.99
Extractor | D:f.j_{ FraelEer | Cat: 0.01 4

< But XAl tools are computationally expensive >

ﬂmlﬂ

« Training an XAl-enabled feature extractor offline

———————————————————————————————————

Always produce top important
features at first-k channels

5 Feature ——
ata Extractor

eXplainable
Al Tool

] offline training

——————— —

—— - —
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| Solving Challenge 2: Enforcing Skewed Distribution of Feature « Solutions
Importance via XAl Loss Function

Disorder Loss Skewness Loss
Ensure topmost important features are Enhance the importance of top-k features
extracted into the first-k channels to ensure compressibility of the others

— Avoid online importance evaluation
I To local NN [ To remote NN

A Il To local NN [T To remote NN
. 04 g Not enough
g 4 £ -
5 0.2 ( Random order J S compressibility
g 0.05 [T g [l
~ | | >
‘ .
o Desired order
3 04 max(1,) . S § ngher
§ 0.2 MIN|gca” MaXemote g ibilit
E 0.05 [T 0.05 8 ) ) compressipility
- Y '—j', p Feature index £ | >
hl Yy, Feature index
I, I,
Laisoraer = max (O' max(lz) — min(ll)) Lskewness = max(O,P - |11| )
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| Combining Predictions & Preprocessing » Solutions

Combining local & remote predictions Pre-processing the feature extractor

Ensure predictions to be in the same scale Select k initial channels where the top-k
) features with high importance are most
[ local NN —>=¢2 alwil)= 7 likely to be located
Final Output feature vector

‘ ~ Prediction )

Remote NN % Remote NN
s /X (1 N a) Feature g.\

Extract )
xtractor \
0; — 05 74 — Local NN
0:3 —T;3 1 04 173 - F
0.7 T=5 ] o
0.6f |—T1=7 ] 0.3 - 128 0
N gi ] ° 0.2 =®-accuracy 174 g I[ : f‘ The first k channels

0.3 1 8 ;. | B
0.2 0.1 70 < | training | i
o1 1, s I——»l — l%

-5 0 5 1234567 8 910

w T —n u
Inlt[e;f map p| ng ]éyer Deé_l red mapplng Iayer
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| AgileNN’s Offline Training & Online Inference Framework - Overview

e ) L B e,
: Local and Remote NNs : Prediction Loss I Embedded Device
; | » Local NN :
— Top-k N | EFtiatu:e I[;1ptut
Inout Data a eature ) , m Training Xtractor ata
P - | Extractor _’\...... ,—*| Remote NN e->°‘_Label I
S S SR 1‘ ......................... : ] EEEEEEEE
training loss o | Top-k =
| l[ Compressor f——
Y B T .............. normahzed ------ _‘:
e importance . i - disorder skewness |
5 Label e &) oss | Local NN . | Remote NN
v A * g—: max (Té) . :
: | Reference £ Explainable @ s p— |1 |
Skewness NN Al Tool | § — min (’ 1) 1 =
Requirement: X e H— Qd{x(-«a
top-k features g i | 4
with importance p Feature Importance Evaluator ™ Top-k XAl Loss [ Output
Offline Training 1 Online Inference
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| Implementation & Evaluation Setup » Evaluation

. STM32F746 board
« Local device -

STM32F746NG MCU board, 216MHz, 320kB SRAM, TMB FRAM
ESP-WROOM-02D WiFi module @6Mbps

\

« Remote device
Dell Precision 7820 workstation

- A 3.6GHz 8-core Intel Xeon CPU and a 48GB Nvidia RTX A6000 GPU \_ Y
- Baselines " NNimplementation | | Remoteserverimplementation .
MCUNet [11 — NAS to find the best local NN i E :—>| Float32 remote NN |—>( TensorFlow Python runtime ) i

( TensorFlow Python )

Edge-only — compress and offload raw data v [M Wi ]_,( Fython General APT )

DeepCOD [2] _ use a NN_baSed enCOder E | Float32 mOdel i i:::E:):e:‘f:a:rltlzie:z:::::::::::::::::::::::::::::::::::::::::::::::

SPINN [3] — early-exit inference 7 Local device implementation )

i | Int8 local NN | i NN Runtime Engine [ Quantizer || | UART :

. | * | TF Micro [LzW encoder | Wi ||

Datasets | _ m o | || sooket ||
CIFAR-10/100, SVHN, Tiny ImageNet (200 classes) . [_Binaryarray

((sms2core ) ( ESPcore ) |

[1] MCUNet: Tiny deep learning on loT devices, NIPS 2020.
[2] Deep compressive offloading: Speeding up neural network inference by trading edge computing for network latency, Sensys 2020. 13
[3] SPINN: synergistic progressive inference of neural network over device and cloud, Mobicom 2020.

© 2023 Sun Hao




| Overall Performance « Evaluation

AgileNN reduces end-to-end latency by 2x-2.5x Accuracy & Compression rate
200 80 600 , - —100 80 = ———
e Il iocal NN time I AgileNN
= &0 B compressor time -DeepCOD
150 (EMIocal NN time 170 ~ _ [_Inetworking time 180 —~ \? 60| 1
D [l compressor time 2 o 400 |l remote NN time £ <
é [ Inetworking time ; é —a—accuracy = =
=100 I remote NN time 60 2 iy 160 g g 40+
E —a— accuracy 5 5 5 5
= 3 =200} 8 Q
- i 150 < - 140 < < 20
j 40 (1} j o S " N 20 0
) 2 N Y o ‘.\ N e 30 35 40 45 50
e cO A\ o0 \3\~\ \e o 9\ o“ N)
e T @ W P ° Y Compression rate
(b) CIFAR-100 (d) ImageNet-200 (a) CIFAR-100

Reduction of transmitted data size compared to DeepCOD

Dataset CIFAR-10 | CIFAR-100 | SVHN | ImageNet
Reduction 43.7% 15.8% 72.3% 20.8%
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| Local Resource Saving « Evaluation

Local Energy Consumption e — 1000

800

600

« 1.6x-2.5% more efficient than DeepCOD
« 8x more efficient than MCUNet

400

200

Energy consumption (mJ)
P
(=]

Energy consumption (mJ)

0
AglleNN DeepCOD SPINN MCUNet AgileNN'DeepCOD SPINN MCUNet

(a) CIFAR-100 (b) ImageNet-200

70

o]
o
e
(=]
o
[

Bl sRAM
EEFRAM
* accuracy

Local Memory & Storage 800 T
EFRAM

* -"*‘"accuracy

[=1]
[=]
(=]
~J
3]

=1}
(=]

Memory — SRAM, storage — FRAM

~l
Q

Usage (KB)
e
8
Accuracy (%)
Usage (KB)
Accuracy (%)

[5)]
o

« Local NN saves 40%-50% memory
and >50% storage

« 10% higher daCcuracy 0 AgileNN MGCUNet 0 AgileNN MGUNet
(a) CIFAR-100 (b) ImageNet-200

o]
[=]
o
[=)]
(5]

40

=]
(=]
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| Different System Settings « Evaluation

Impact of Local CPU Frequency F000f Cmmagenw | @ | " [Emagien
< 800 EDeepCOD <400 EDeepCOD
SPINN | SPINN
e B MCUNet = Bl MCUNet | |
64MHz - 216MH 5 600 i
Z Z R -
5 400 5200
« Reduce latency by 2.1x-2.5x S S
> 200 > 100
1 T
64MHz 128MHz 216MHz 0 64MHz 128MHz  216MHz
(a) CIFAR-100 (b) SVHN
e m » 250
Impact of Network Bandwidth €00 3 B AgieNN
> =200 [ DeepcoOD
% % ESPINN
5200 E150- MCUNet |-
- Bluetooth (270kbps, 2Mbps), WiFi (6Mbps) £ g 100
& 100} s ol
« Keeps outperforming baselines E . E .
Bluetooth Bluetooth WiFi Bluetooth Bluetooth WiFi
(270kbps) (2Mbps)  (6Mbps) (270kbps) (2Mbps)  (6Mbps)

(a) CIFAR-100 (b) SVHN
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| Summary

Agile Offloading for Neural Network Inference

« AgileNN: shifts the rationale of offloading from fixed to data-centric & agile
» Leveraging XAl to achieve such agility

« >6x lower latency and >8x resource consumption for extremely weak devices

Explainable Al for Systems

* Integrate XAl techniques into NN offloading systems

« Migrating XAl computation from device to offline training
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| Summary

Topic
Deploying NNs on Extremely Weak Devices

h

Contradiction

Latency weak capabilities Accuracy

v

Key ldea

Important features: Handled locally
Less important features: Offload

VN
Techniques
Skewness Pre-processing the ~ Combining Local and
Manipulation Feature Extractor Remote Predictions
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Thanks for your attention
Q&A

Real-time Neural Network Inference on extremely Weak
Devices: Agile Offloading with Explainable Al
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