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Audio Data

I ol Data {stressed, not stressed]

Sensor Inference Pipelines

{walking, running, sitting}

{music, conversation, male voice}

{shoes, subway, coffee cup}

SEensors Computation Resources

Sensor Inference s a core unifying process
across all loT / Wearable Systems 6



Sensor Inference Gap

Fraction of User
Population

0.2

 50%

Inference Accuracy

Consumer
Personal
Sensing

e Scnsor Data-driven
I Cities, Enterprises &
Organizations

High-value Behavior and Context Inferences Remain
Unreliable in Real World Settings for Wearable/lo T Devices



Breakthroughs in Practical Modeling
Problems Powered by Deep Learning
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Breakthroughs in Practical Modeling
Problems Powered by Deep Learning

Speech
Recognition <+ (OOO0O0O0O0O0O0O000O0@OO0000) Google Example

T Launched in 2012 with the Jellybean
Object (CO0000000000) Android release
Recognition : Trained model <5 days on cluster of 800
Language (QO0000000000) machines
Translation 30% reduction in Word Error Rate for

(eYeYeleYeleleYeoYo Yo oY)

Natural Language English

Processing

“Biggest single improvement
in 20 years of speech
research”

Face recognition

9
ACK: Jeff Dean (Google)



Breakthroughs in Practical Modeling
Problems Powered by Deep Learning

gpeeCh.t. (000000000000 @00000)
niton

ecognitio (oooooofOOOOOO)
Object f(oooooooooooog%
Recognition :
Language

Translation | P

Natural Language

Processing

Face recognition

Google Example

7-layer Convolutional Neural
Network (CNN) won 2012 ImageNet
Challenge 16.4% top-5 result

24-layer CNN won 2014 ImageNet
Challenge 6.67% top-5 result

10
ACK: Jeff Dean (Google)



Breakthroughs in Practical Modeling
Problems Powered by Deep Learning

Speech

Recognition

Object
Recognition
Language
Translation

Natural Language
Processing

Face recognition

User Behavior <=
Context Modeling <=



Sriet Deep Neural Network (DNN)

Input Layer

Sensor Data A/\/M/V\f\/\/\j\w

Hidden Layers

------- >

Sackground

Inference

12



Sriet Deep Neural Network (DNN) Backgrouno

Input Layer

AN
AN N
77
/A\\WM

Hidden Layers

------- > Inference “Trump”
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Sriet Deep Neural Network (DNN)

Input Layer p |

A /q\‘ i \“
PO—C

Za\

Hidden Layers

L+1 __ Z L+1,. L  AL+1 —
J

Sackground

1
1+ exp(—z

L+1
i)

------- > Inference “Trump”

14



Sriet Deep Neural Network (DNN) Backgrouno

1

L+1 L+1 L AL+
’U] 1 L+1

E , 1 — !
Input Layer +exp(—z;)

//A‘A\\

\
2’«\‘
V/"\V "’6‘
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LI RBM

/ N\
== 0 Q ar O )@ --- 9
(e M Input Layer [ . ( .
L‘“_'I_L_: f"‘;f._ﬁ;‘;“"m"m Audio Input Video Input
. Multi-modal Stacked
Hylbrid DNN-HMM models Networks

Convolution Fully connected
Hidden Layers -
L
- ananent . Recurrent Neural Networks

Convolutional Neural Networks 16



Deep Leaming for Mobile Sensing: Making Baby
Steps with Deeptzar and DeepX

Q000000000000 0000

Q00000000000

How should context and user behaviqr e How can we scale down Deep Learning
modeled under Deep Leaming'? algorithms to run on wearables and phones?



Deep Leaming for Mobile Sensing: Making Baby
Steps with Deeptzar and DeepX

Deepkar

NewsScientist
UBICOMP 2015 Best Paper, Top 1%

How should context and user behaviqr e How can we scale down Deep Learning
modeled under Deep Leaming'? algorithms to run on wearables and phones?



Deep Leaming for Mobile Sensing: Making Baby
Steps with Deeptzar and DeepX

Deepkar

HotMobile
2015 how bhoico

MIT
Technology |21 2016
Re‘"eW April 1114, 2016

NewsScientist
UBICOMP 2015 Best Paper, Top 1%

How should context and user behaviqr e How can we scale down Deep Learning
modeled under Deep Leaming'? algorithms to run on wearables and phones?



Deep

—ar Design: Operation and Model Architecture

Architecture S :
. Shared oicing Indicator o
Audio t Input Layer + S
@ —> Ambient Scene Analysis DNN |- o]
O oL
8 —> Emotion Recognition DNN - Wearables &
Pre-Processing | = |O| = Stress Detection DNN - SmartphOﬂeS
A @,
Silence Filtering @ —> SpeakerlD DNN 'é
, Output Layer . __ ,
Internal DNN Design QOO0 Resticted . Concurrent Model Execution
Revs by e | . Same Architecture Across all DNNs
QOOO00OD § | RY o™=+« No Task Specific Features
@OOgOO@ i / . MFCC or Freq. Bank Representation
b T . Modest Model Complexity
| L()OOOOO@
nput Layer .
* - ¥¥ Audio Stream Total | Hidden Units per Total
3 Layers | Layers | Hidden Layer | Parameters
3 = = F 5 [ 3 [ 1024 [ 23M |

“Deepkar: Robust Smartphone Audio Sensing in Unconstrained Acoustic Environments using Deep Leaming”,
Nicholas D. Lane, Petko Georgiev, Lorena Qendro — UbiComp 2015
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Deep

—ar Design: Operation and Model Architecture

Voicing Indicat §
Audio t i s:ta[Z?/er o:cmg+n icator %
|j> @ —> Ambient Scene Analysis DNN |- o]
O oL
8 —> Emotion Recognition DNN - Wearables &
Pre-Processing | = |O| = Stress Detection DNN - SmartphOﬂeS
A @,
Silence Filtering @ —> SpeakerlD DNN 'é
, Output Layer . __ ,
Internal DNN Design QOO0 Resticted . Concurrent Model Execution
Revs by e | . Same Architecture Across all DNNs
QOOO00OD § | RY o™=+« No Task Specific Features
@OOgOO@ i / . MFCC or Freq. Bank Representation
b T . Modest Model Complexity
| L()OOOOO@
nput Layer .
* - ¥¥ Audio Stream Total | Hidden Units per Total
3 Layers | Layers | Hidden Layer | Parameters
3 = = F 5 [ 3 [ 1024 [ 23M |

“Deepkar: Robust Smartphone Audio Sensing in Unconstrained Acoustic Environments using Deep Leaming”,
Nicholas D. Lane, Petko Georgiev, Lorena Qendro — UbiComp 2015
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Deepkar Design: Operation ano

Model Architecture

Architecture S :
. Shared oicing Indicator o
Audio t Input Layer + S
@ —> Ambient Scene Analysis DNN |- o8|
S X
8 - Emotion Recognition DNN ] Wearables &
Pre-Processing | = |O| = Stress Detection DNN - SmartphOﬂeS
A @,
Silence Filtering @ —> SpeakerlD DNN -é
OOO000 [ e T .« Concurrent Model Execution
revs Ay e . Same Architecture Across all DNNs
QO0000D | | R V™™ 1« No Task Specific Features
@OOgOO@ i VN | «  MFCC or Freq. Bank Representation
¥ . Modest Model Complexity
| L()OOOOO@
nput Layer 5
* - - Total | Hidden Units per Total
= Layers | Layers | Hidden Layer | Parameters
3 =2 4 [ 5 [ 3 [ 1024 [ 23M |

“Deepkar: Robust Smartphone Audio Sensing in Unconstrained Acoustic Environments using Deep Leaming”,
Nicholas D. Lane, Petko Georgiev, Lorena Qendro — UbiComp 2015

22



Deepkar Design: Proof-of-Concept Prototype

Architecture o
. Shared Voicing Indicator 9
Audio Stream Input Layer + §
@ - Ambient Scene Analysis DNN [ §
O
8 —> Emotion Recognition DNN - \Wearables &
Pre-Processing | = |O| = Stress Detection DNN - SmartphOﬂeS
'+‘ 8 —> SpeakerID DNN <
Silence Filtering U

. DSP to Microphone only

. Memory Acute Bottleneck

. Reduced Architecture but with
Negligible Accuracy Loss

1 T ‘ Qual comm Audio Sensing Task 3)11:::1‘; (D]())w:sf::d) Period
Ambient Scene Analysis | 3 x 1024 3 X 256 1.28s
SnapDragon 800 SoC y

Emotion Recognition | 3 x 1024 3 x 512 5.00s
Speaker Identification | 3 x 1024 3 x 512 5.00s

‘Deepkar: Robust Smartphone Audio Sensing in Unconstrained Acoustic Environments using Deep Leamning’, 23
Nicholas D. Lane, Petko Georgiev, Lorena Qendro — UbiComp 2015




Deeprzar Design: Model raining Pipeline

Overview

——— e e e - e e = = ————

Unlabeled Audio from |

Unsupervised

i Mmf?leglior;p%s i > Pre-Training —> 000 é:ggri::iﬁ:t%erN TralnedDNN

e T Multi- Enwronment Labeled Data Q00O A

= | » | Mixed Condition pE— Boeeeeeeeeeed —— | Supervised | M ?

= = i”ﬂtﬁ' *'Zé == Synthesis - — Fine-Tuning | ™+ "~ .

Labeled Audio Data
Distinctions from Typical Training Phases

(1) Use of Pre-Training (2) Role of Labels and Unlabeled Data (3) No Task-Specific Stages

«  Secondary use of *  Specifically Capture «  No task selected
unlabeled data Environment Diversity features or stages

. Compensateg for lack * !_abe| ISyﬂtheSIS (lﬂdUdeS . All J[raining for models
of labeled data intensity) virtually the same

24



Deeptar Design: Model Training

Overview

Unlabeled Audio from

N\

>

| |
|

: Multiple Environments !

[

| 3 |

il

E=_=—_———— = ——=

hé:’ ==

Synthesis

Mixed Condition

Labeled Audio Data

Unsupervised deeremenanaaas,
Pre-Training P o

Multi-Environment Labeled Data

)
J w0 .

H .

= .
—_——— ==— == J PR

~lpeline

+ Initialized DNN
: Parameters

 Trained DNN |

rY Y )

Distinctions from Typical Training Phases

. Secondary use of
unlabeled data

. Compensates for lack
of labeled data

(2) Role of | abels and Unlabeled Data

Specifically Capture
Environment Diversity
Label Synthesis (includes
intensity)

Supervised ﬁg % 4 x .

Fine-Tuning

(3) No Task-Specific Stages

No task selected
features or stages

All training for models
virtually the same

25



Deeprzar Design: Model raining Pipeline

Overview

' Unlabeled Audio from | :

! . . Unsupervised | L aeeieeiiiiiiiii,

: Myltlple En\’/liongents : > Pre-'IQraining > + Initialized DNN TdDNN
. : Parameters ; lrane E
o= : : : : . QOQ

Multi-Environment Labeled Data | OO0 O ; ﬁ%\
Mixed Condition e teeecseseseseneon! ——3p [ Supervised P EEEY

Fine-Tuning

Synthesis

e = — =

ké:’ ==

Labeled Audio Data i

Distinctions from Typical Training Phases

(3) No Task-Specific Stages

. Specifically Capture . No task selected

(1) Use of Pre-Training

. Secondary use of

unlabeled data
. Compensates for lack
of labeled data

Environment Diversity
Label Synthesis (includes
intensity)

features or stages
. All training for models
virtually the same

26



Deeprzar Design: Model raining Pipeline

Overview
| Unlabeled Audio from | 5 —1
M T | > | proTanes > {Tggre ™ taess o ned OV
| ,é..;’?_;"s === = 7 | : : OO0 O .
Multi-Environment Labeled Data : OO0 O . ;
= Mixed Condition Ygd hececeeceeoeeed —— | Supervised | ??%?
- = —— = Synthesis - e : Fine-Tuning | ™
=== - &= . =T s a== -
Labeled Audio Data
Distinctions from Typical Training Phases
(1) Use of Pre-Training (2) Role of Labels and Unlabeled Data
«  Secondary use of *  Specifically Capture «  No task selected
unlabeled data Environment Diversity features or stages
. Compensates forlack ~ *  Label Synthesis (includes « Al training for models
of labeled data intensity) virtually the same

27



—xperiment Methodology

Baselineg Systems

« EmotionSense (UbiComp 2010) »«  Speakersense (Pervasive 2011)
« StressSense (UbiComp 2012) ¢ SoundSense (MobiSys 2009)

Model Setup

Speaker |dentification @ {23 different speakers}
Stress Detection :: {stressed, not stressed]

Emotion :: {happiness, sadness, fear, anger, neutral
Ambient Scene ;. {music, traffic, voicing, other}

Audio Datasets

| abeled data for each model setup
 Background noise 168 place visits

(50 unique places) Place Visit Dataset (WWW ‘14)

28




Deepkar outpertorms specialist mobile audio
sensing pipelines across multiple scenarios

100
80
60
40
20

0

Existing Specialist Mobile Pipelines
[
I i

|
v \

Deepkar
I

i
|
v

108 »

Place Visits

Accuracy (%)

Ambient Stress Emotion Speaker
Scene  Detection Recognition Identif.

29




Deepkar shows Increased robustness to a wide
spectrum of background noise levels

v

Accuracy (%)

100
80
60
40
20

0 IIII

| | | |
Existing Specialist Mobile Pipelines
DeepEar

‘----
‘----

025 05 075 1.0 1.5 2.0
Background noise level

Speaker dentif,

30



Deepkar shows Increased robustness to a wide
spectrum of background noise levels

v

Accuracy (%)

100
80
60
40
20

0

“‘Clean”
- Noise Training Tralnlng Data

| Data DeepEar

025 05 075 10 15 20
Background noise level

Speaker dentif,

31



Deepkar shows Increased robustness to a wide
spectrum of background noise levels

Speaker dentif,

1 O O | | | |
N ‘Clean”
@)
é 80 Noise Tlra'g';g Trammg Data DeepEar .
I
Results also hold for: L>.)x o0} i E
Stress C a0l ‘ H
Detection 3
<LE) 20}
W4l Emotion
Recognition 0

025 05 075 10 15 20

W2 Ambient Background noise level
Scene



—ar Performance: Low-energy overhead and

eep
three

simultaneous INferences N near real-time

Battery Assumption 2300 mAH

140 DeepEar (DSP)
120y 13 Felatures
>\c,\° 100} A v only
o 80l ! o 0-8r 1~ Whole
o 0 ! DeepEar (DSP) £ 0.61!  Pipeline
- T | S
3 49 - | | Z 0.2
20t 4 ) 0.0.
oLoe-0-06 -66-6-0-06-0-0-6- 0 4 Ambient Emotion Speaker
0) 2 4 6 8 10 12 Scene Recognition Ildentif.

Hours of detected speech

33



Deepkar Performance; overnead and
three simultaneous inferences in near real-time

Battery Assumption 2300 mAH

140 . . . . . DeepEar (DSP)
120 ig Felatures
>\c,\O 100t 4 2 0.8 only
o, 80l : o YOI Whole 1
o 0 ! DeepEar (DSP) £ 0.6/ ! Pipeline i
58 °F ! - Eoa4li -
> 40} CPU ' e A4
X! : 0.2 -
20t 4 ) 0.0.
oLoe-0-06 -66-6-0-06-0-0-6- 0 4 Ambient Emotion Speaker
0) 2 4 6 8 10 12 Scene Recognition Ildentif.

Hours of detected speech

5
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—ar Performance: Low-energy overhead and

eep

three simultaneous inferences In
Battery Assumption 2300 mAH
140 . . . DeepEar (DSP)
120 13 Felatures
* 100} 4 v ol |
34_, 80l ! w 0_8_?nly Whole 1
o Q : DeepEar (DSP) € 0.6/! Pipelne |
c © 60t I I + I I
s CPU | S 04re ¥ ‘
a 40 ! x 0.2 .
20| H : o.o.
oLoe-0-06 -66-6-0-06-0-0-6- 0 4 Ambient Emotion Speaker
0) 2 4 6 8 10 12 Scene Recognition Ildentif.

Hours of detected speech G
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eep

—ar Performance: Low-energy overhead and

three simultaneous inferences In
Battery Assumption 2300 mAH
140 . . . 5 DeepEar (DSP)
120 ' | Workload: 1 second of audio
~ — 1.0f=m e e o
X 100t A v
5. 80| | v 081 '
o v : DespEar (DSP) £ 0.6} |
c © 60t I I . e
w 9O 0.4+ .
> 40} CPU : 1 &
lo] | 0.2 .
20t 4 ) 0.0.
oLoe-0-06 -66-6-0-06-0-0-6- 0 4 Ambient Emotion Speaker
0) 2 4 6 8 10 12 Scene Recognition Ildentif.

Hours of detected speech G
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Deep;ar: ~rogress lowards Mobolle Deep

How should context and user behavior: be
modeled under Deep Learning”?

Sensor Modalities Features Multi-Modal DNN

Behavior
' and

Context

Inferences




Sourav Bhattacharya, Nicholas D. Lane — WristSense 2016

Output Layer

COoOOSS”
@FSMED goo® ; Machine _ é
@OOBOO@ }é " () Visible é
CooBoT0 W ____________ Q@ |

Gesture Recognition

~
n

~
o

Accuracy (%)

N
w

"LinSVM  C4.5 R. Forest

RBM

Inertial sensors, GPS
environmental etc.

100

Smartwatch prototype with
Context & Activity Inferences from a Deep Model

“From Smart to Deep: Robust Activity Recognition on Smartwatches using Deep Leamning’,

Transportation & Activity

95

90

85

80!

75

Accuracy (%)

70!

65!

60

Wéng

JigSaw

Memory | Battery | Execution Time | Execution Time
Life (whole pipeline) | (RBM model-only)
1066KB 32 hrs 5.00 msec 0.94 msec.
Indoor/Outdoor
100 T
95
— 90
X
~ 85
>
% 80}
5
QO 75
Q
<
70t
65

* |IODetector Radu




Deep;ar: ~rogress lowards Mobolle Deep

How should context and user behavior: be
modeled under Deep Learning”?

Sensor Modalities Features Multi-Modal DNN

Behavior
' and

Context

Inferences




How can we scale down Deep L.eaming
algorithms to run on wearables and phones”?




Representative Mobile Hardware Bottlenecks

B—— - 4 - .

Target Moaels Type | Size Architecture : T Sn.apdragon DSP (8 MB)
AlexNet CNN | 60.9M c:5%; p:3%; h:2*; n:{all 4096}7 DeepEar | : _ g:;sogréggi 203P,\L/J|?000 mB) ||
SVHN CNN | 313K | ¢:2% p:2t; he2*; n:{1600,128}1 - R (1700 MB)
Deep KWS | DNN | 241K h:3*: n:{all 128} } ! 9 -
DeepEar DNN | 2.3M h:3*; n:{all 512 or 256}1 SVHouseNum ¢ ! P |
* convolution layers; ipool'mg layers; *hidden layers; Thidden nodes :
Deep KWS | : @ : .
i i Tegra Snapdragon Edison : :
Execution Time (msec.) L opopdragon s i
Deep KWS | 08| 1.1 71 7.0 63.1 AlexNet | ! : 1
DeepEar 6.7 | 32 21213092 10001 ; :
AlexNet 600.2 49.1 I 159,383.1 - | 283,038.6 | L U S e
SVHN 15.1 2.8L 1,616.5 - 3,562.3 | 10! 102 10° 10* 10°
T —————— Memory (MB)
Target Platforms Snapdragon 800 Nvidia Tegra K1 Intel Edison

‘An Early Resource Characterization of Deep Learning on Wearables, Smartphones and Internet-of-Things Devices”, 41
Nicholas D. Lane, Sourav Bhattacharya, Petko Georgiev, Claudio Forlivesi, Fahim Kawsar — loT-App 2015



DeepX: Enabling Efficient Deep Learning Inference
for Wearables, Smartphones and [oT Devices

Current Wearable/loT Deep L isixon s ropon
Leamnin lution —
eaming Solutions W ‘

1) Cloud-bound
2) Task-specific Hand-optimized I\/Iodels

DeepX Advantages
Temg Model Compression ! -
Inference Partitioning ° Enhanced Pﬂvacy Wlth .
PN, .i\3tion Analysis iNcreased on-device execution
« Seamless optimal network

assistance
* Allow use of the state-of-the-art

....................................................................................................................................... modeling algorthms

Interface Hosts

‘DeepX: A Software Accelerator for Low-Power Deep Learning Inference on Mobile Devices’, 42

Nicholas D. Lane, Sourav Bhattacharya, Petko Georgiev, Claudio Forlivesi, Lorena Qendro, Fahim Kawsar — IPSN 2076



DeepX: Enabling Efficient Deep Learning Inference
for Wearables, Smartphones and [oT Devices

GOAL

Develop general purpose resource control
algorithms for optimizing the inference stage of all
Inference Result Deep Learning models

|

Model

DeepX Techniques

, * Online Model Compression
Lo g Model Compression . A . . / S . A | .
Inference Partitioning CJ[|VaJ[|On J[atlc Nna ySlS
Mg Activation Analysis * Redundancy Identification
* Model Partitioning
B ARV
Interface Hosts pons roror SN Small Cells
‘DeepX: A Software Accelerator for Low-Power Deep Learning Inference on Mobile Devices’, 1 ACCE;'szTokchv . | w “ ADDSI. 4
Nicholas D. Lane, Sourav Bhattacharya, Petko Georgiev, Claudio Forlivesi, Lorena Qendro, Fahim Kawsar — IPSN 2076 ' - Mobile 688




Model Compression Model Partitioning

| | | | — | Original I SenSing H
i * Apps
g Al [ \’
% 200 200 | 600 800 1000 1200 Global Task Queue
Goal: Gracetul resource control Goal: Reduce bottlenecks ano

through accuracy trade-off INcrease resource utilization



Model Compression Model Partitioning

6 | | Key Worq Spotting‘ | !
T Fome | Sensing |
: g:rmtifiz)ensesji compressed AppS
% 200 200 600 800 1000 1200 Global Task Queue
Time (m Sec)
Goal: Gracetful resource control Goal: Reduce bottlenecks and

through accuracy trade-off INcrease resource utilization



Model Compression Model Partitioning

Key Word Spotting

— o ~Sensing H
(. — oo comprese Apps
T . v
Oo 200 400 | 600 800 1000 1200 Global Task Queue
(Goal: Graceful resource control Goal: Reduce bottlenecks and

through accuracy trade-off INcrease resource utilization



—xample Model Compression Technigue

Initial
Model

Representative Manipulation of the
Weight Matrix

L+1 __ T
Wan - Umxmzmxnv

nxn
7L+1 _ T
Wan — UmXCZCXCVCXn
7L+1 _ T
Wan — UmXCNan

QOO X4
Runtime ""f" Um X C
SVD-based | ==* ““ T Additional
Process 4’
ol

4 NC “n Layer
e

NI T0
N
//4"‘\ ﬁ(\%a\\

Compressed
Model

Applicable at runtime (SVD approach)

Without retraining model or have local test data
Inspired by existing SVD-methods
Xue etal 13, He et al. '14]

i ' ? Y (wi — i)
Redundancy Estimation 5(W£ii,W£ii)=\/ 1<m s




Partitioned
Model

for Novel Partitioning

PrOCEess

[ale

@)
D %
O
aﬂu-B-mlu

Sl_L
o=
ﬂad
55 @
eAﬂ
D.LnLIvS
T35
AR
D O
d-m-mJu
eSrI
ANESEAN
o [ ]
25
35
TS

A

i

i
ﬂaﬂu R
O &
5
TG

<C

--’

r‘“\\\? (/]
Q0NN

| oad
Estimation &
Monitoring

xample Model Partition

Partition
Stages

48

Processor assignment
pbased on efficiency & load
Tuning of compression strength

ieP

B; >0,B;, € Z,Vi € P,

B, < L;VieP,

S.t.

min.

Simplified Optimization



Model Compression Model Partitioning

Key Word Spotting

— o ~Sensing H
1 1 o compresed] Apps
Oo 200 400 | 600 800 1000 1200 Global Task Queue
(Goal: Graceful resource control Goal: Reduce bottlenecks and

through accuracy trade-off INcrease resource utilization



—fficient Moblle

10% |

AlexNet (CcNN)

CPU-only

GPU-only

30x Gain in
Energy Efficiency
Beyond Cloud

DeepX

Cloud (WiFi)

mj)

Energy (

—xecution of Large-scale
Deep Learning Models

AlexNet (CNN)
CPU High

1200

1000}
800}
600}

400}

10x Gain in Execution Time
200} @ GPU
P o

Of  GPU + LP

—-200 L L L ! !
—200 0 200 400 600 800

Latency (m sec.)

1000 1200 1400

Prototype
Platform

Nvidia Tegra K1.SoC



—fficient Moblle

Deep Leamning Models

250 . ' '
233 MB mm Original model
Acc. drop < 1%
500l B Acc. drop < 3%
EEE Acc. drop < 5%
~ mam Acc. drop < 10%
= 150}
(O]
N
0
3 100} 99 MB
(@)
=
69 MB
57 MB
50}
32 MB
0

Unmodified < 1%

< 3%

< 5%
Model sizes (MB) under DeepX

< 10%

Energy (m))

—xecution of Large-scale

1200 ‘AlexNe‘t (CNN)‘
CPU High
1000} .
LP
800}
CPU Low

600}

4001

10x Gain in Execution Time

200} @ GPU
o ©
OF  GPU + LP
—-200 6 260 40iatenc332qsec?00 ldOO 1200 1400
Prototype
Platform
Nvidia Tegra K1.SoC



Energy (m Joul)

—fficient Mobile Execution of Large-scale
Deep Leamning Models

Snapdragon 800; DeepEar Emotion (DNN) Snapdragon 800; AlexNet (CNN)

Energy (m Joul)

10° 10*
® o Results also hold for:
YV Fully Cloud over WiFi
V Partial CPU + Partial Cloud WiFi \74
* @ DeepX (Acc deg. 5%)
102 ~~ V Partial DeepX + Partial Cloud WiFi '
r S
o
. s a W/ Broad Sensor
Deer ;10 b o 'I ] M d ||_t|
(@)]
- e odalities
Il DsP w
YV Fully Cloud over WiFi DeepX
@ DeepX
V Partial CPU + Partial Cloud
V Partial DeepX + Partial Cloud

o — e W4l loT and Wearaple
| Platforms

Tegra K1; DeepEar Emotion (DNN)

10° \ Tegra K1; AlexNet (CNN)
@ Fartial GPU + Partial Cloud 10 ‘ ‘ ‘ .
e o v | v Various Deep
V¥V Fully Cloud v 0
e | s T . Architectures
3 v
— 103}
10° P 4 ) i B GrU
:Cj v : CPU
Lp
10° Vw v Part?al GPU + PartiaI.CIoud / Netvvork
[ | V Partial DeepX + Partial Cloud e
N Degex o oo 50 Conditions
10703 107 107 10° 107 102 10101 107 10° 107 10° 52

Latency (m sec.) Latency (m sec.)



Complete framework running on
Ultra-wearable Hardware

Object re;ognition qsing AlexNet on Edison

10* .
| @ DeepX (Acc deg. 5%)
| 'V Partial DeepX + Partial Cloud WiFi
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Approach: Use Compressive Sensing
Theory to Reduce Layer Representation
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\Votivation: SVD-based compression can not lower resource
needs to match ultra-wearables without destroying accuracy
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Narrowing the Sensor Inference Gap using
Deep Leaming on Wearable and lo1 Devices
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hanks!
Questions”?

Nicholas D. Lane
Sourav Bhattacharya
Claudio Forlives
Fahim Kawsar
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