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Block Architecture
"
add
\ x N
I Operation A | I Operation B |
I Hidden layer A | I Hidden layer B |
Cell N
x N
| kC |
| Output I

719 13: ELP-NAS 24 o o

AT A 42 ALE LA Lik ANormal Cell T} AL
LA 7)= 24 A(Reduction Cell)o] glo]™ Hjo]Agtol meEle A o
912 Talgich wol ekl BElolA AT 4 ol 2 mdold FRE
Z 57}A| & 3x3 separable convolution, 5x5 separable convolution, average
pooling, max pooling, identity & AFESF 4= 9131, WHIF7| 2 Jf4=
32x32x36, 16x16x72, 8x8x144 & AL-&5}o] €A of o] SHA &]o] Qltt.
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2 104 Aeke ELP-NASE o] 22kl melo]A] 72 4ol
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el AT B o) A4t oA Q7] tE] ELP dualE Ago
7hsslt. ELP 1] 50] 7]4to] Bl @ Heflo]d LUTE 414517
ol 7t e Weflo] A= dojo] N = 1009] wE-E AAAsto] 4u] Aelz

A% A2ve ST S0 @ Meflold FolA identityl= §Jela} B

ole} Zo] ELP-NAS: B4 g elo] @

o,
£ 9

oFo] Z-& £ uglsto] A A|ZH @ 2H] B M o] §17] fio]

ZHof| A AlQlstAct. A F 1270 2] em o] nd-S AAdste] LG

G8 ATfEZE oA 245t o, 7 mdly

= 71 = LUTE AAs5iith emeo]ldd = AH| M8 at 2] A

7+ =7 Avte 294 15 2ok 5 At vhto g 7k 9wy
AR

ol419] LUTS 44511, ELP I 1|52 AES o)A gast

24 ANE A HEH, @ ugo)M 7|0 F H| WSl E H 5x5 separa-
ble convolution ¢14F0] 3x3 separable convolution IAF H o} A H] A& 1}
Z| A AJ7Fo] A31, Max Pooling 14to] Average Pooling $1AFH T} A H|
At A9 Azl o 27 2459l Teln Bel Aol A FoE
Abm H ™ 32x32x36, 16x16x72, 8x8x144 £~0. 72 AH| ZH2lo] Wil 2
A|Zro] AA S E vt ZF @ 1 g|o] A o] 32x32x36 ©] 57 ATt &7
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[3x3 Separable convolution]

[5x5 Separable convolution]

=0.15 =0.15
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2 2
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2 2
Go10, = W 0.10
© ©
£ £
5 S =
2 2
=
S o.05 = = 8 o0.05
0.00 , , . 0.00 . , ,
(32x32x36) (16x16x72) (8x8x144) (32x32x36) (16x16x72) (8x8x144)
[Average Pooling] [Max Pooling]
= 0.075 = 0.075
< <
2 2
5 >
5 =P 5
C C
Wi 0.050 Wi 0.050
© o
[} [}
£ £
] =
2 : =
So.025 - S 0.025
0.000- 353 37x36) (16x16x72) (BxBx144) 0.000-37.37536) (16x16x72) (BxBx144)
0% 14 e W lol A AH] M8 S At
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Neural Processing Engine Software Development Kit)[27]& A&}t
SNPE SDK = 1= 2] el A Z 2 (TensorFlow)[3]], ¥14 =2 &}o] E(Tensor-
Flow Lite)[5], ©}o] A 2 4 I E 9] ONNX(Open Neural Network Exchange)
o} Hjo] ~52f Zhu2(Caffe2)[6]2F 22 T A HIE A dtt.
choket Held me99lae e B vhde SDKOA Agshe o

3} L FE o]835}to] DLC(Deep Learning Container) Tt 2 H2I6HH A
HFEZo| A 23 g stAY B o Z 2] Aol Aol A Add 4= QT

Deep Learning Framework (e.g., TensorFlow)
. Model Building Model ;

Model SNPE Model Model

Conversion Optimization
Tools (dlc file) (optional)

Off-line, on development host (Linux Workstation) On Device

SNPE SDK

19 16: 2Y =2 NPE SDKE 0]-235F el 7jjuh 2= 4]

i

2~¥Eef NPE SDKi= 7j41 Apgdo] whed el A2 o] 714

© 2 W) ZE 1 950 % SDKE AYsty] Aol Z vjd o] AlA- 2 A
g} 9l WA A}s} gholo] W@ sict B A oA v1.49.0 WAL AFL5]
%] 0, Ubuntu 18.04 2|52 70| A oL} 2} Z;HES 0]8510] 714
F o] o]= Python 3.6.10-2 AH2-519th. oFLF2TH Ana-
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422 AR HolH AE
AG) AHg dlole AEE AR v L 714 St Aol 39

AR E]L o]u]z] o] g Al E 3 61}l CIFAR-10 (Canadian Institute For

Advanced Research)[28]-2 A&}t

itomobils

2
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o - e
2 L 3 | 2 3
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© 2
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3 8 E
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1% 17: CIFAR-10 Sh<5 A

CIFAR-102 32x32 TA19] 60,0007 27 oju|A 2 A% dlolH
AlEe|tt. 1071 9] S22 WA QAL ZF S HI37], A5k A,
aLFol, Ak N, AiAEE], B ERlo] glom 2 Fej Antt 6,0007]
of ojujA| &2 =] of e 60,0007} ofu] 2] F-of A 50,0007+ St5-&-
dlole AlE =&, 10,0007]= HIAE Hlo|H A E& Ag-SHAT.



423 AP vy 2d H4A

2 Aol A] Aokt ELP-NAS REl3} 52 vl watr] 98] o]
o & Wo| Agals oju|z] B= md Zof|A] MobileNet V2[9], Incep-
AAstaunh 2t &
g 2 CIFAR-10 of tiet Aete F7F A7) glojA] o] ok U

ste] mE-S Yot B7HE WA

tion_V3[1]], Resnet V1 50[10], EfficientNet-liteO[29]

il

MobileNet V2, Inception_V3 “12] 37 Resnet V1 50 2 E-2 Tensorflow-
Slim 2ol el2][(0] o4 A1FH= A B4 BAL Ao ol

Stae Sttt 4 Redld s 55 Agol= CIFAR-102 95 A=

I 2: Mobilenet-V2 S5 oj2tu] g HH

Fine-Tune Step only the new layers | All layers
dataset_name cifar10 cifar10
model_name mobilenet_v2 mobilenet_v2

checkpoint_exclude_scopes | MobilenetV2/Logits

trainable_scopes MobilenetV2/Logits
max_number_of_steps 10000 10000
batch_size 32 32
learning rate 0.01 0.001
optimizer rmsprop rmsprop
weight_decay 0.00004 0.00004
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EfficientNet[29]2 o|n|Z] &7 HE FofA 7|EHT; 22 ntaf]
B2 g2 £2 A52 Y A State-Of-The-Art(SOTA)S A Rd 2
A Qlom, mHtA/IoT 7| 7| & ¢35l EfficientNet-Lite 2222 A|-&5}
1 9t EfficientNet-Lite 2] 7% & 3 7]of whe} Lite0(224x224) 1
B Lite4(300x300) 7}7] i, 2 Aglo| AL 9l 27)7} b8 2o
EfficientNet-Lite0& thZx 02 XA 5}t EfficientNet-Lite0 22 S}
-2 Q5] A HlA == gto| E el ij|o] A (TensorFlow Lite Model Maker)
gtol B 22| & ARE-sEGth dl Hlo] A 2ho]| B 2] & o|-8-5lH RIAER
5] H(TensorFlow Hub)oll A Al g5k & 9] 7] & A& A 4= 3l
™M, AP 2 UEYIA Aol 5ol 7Hedtth= Aol Sl
a8 vN 22 S8 HIAERE SJEA AlE5te HEHAL A=

Z7b B85S W o145t EfficientNet Lite0 5142 915t 443
1

¥ 3: Efficientnet-Lite0 t<5 ofafu] g A H

Arguments Value
model_spec efficientnet_liteO

batch _size 64
epochs 15

train_whole_model True

shuffle False

use_augmentation False

use_hub_library True

do_train True
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424 Ag BuRe 7]7] A4

A o] AF83F 2HHY 717]= LG G8 ThinQ(LG G8 AF) 2 LGH
ZRof 4] 2019 o] EAIRF QtE=RO|E ARtEZo|tt. £ o2 HdH

7] 2ol 3D A= 914 9 A 14 752 AT AntEZ Y

I 4: LG G8 ThinQ AFoF

T4 A
2 A A B ATt 855 Retd EEE
7] Kryo 485 T}l A1 F o] (2.84GHz)
CPU 7] Kryo 485 14 Ea]Z 310} (2.42GHz)
A7 Kryo 485 2142 FE Fo] (1.8GHz)
GPU 47 Adreno 640 (585MHz)

tAZdo] | QHD+ (3120 x 1440)

RAM 6G LPDDR4x
UAw=a] | 128GB UFS2.1
olutziof| a} 8004 5} 4
Z 7|2} (ToFALA)

. olutzha e} 1,2009F 344

A7 2f T7be =t 1,2009F 8R4
%3277 2t 1,6009F 514

A7 2t

Lo
d

v E] 2] 3,500mAh

SGAA| ol 2 0] 9 Pie
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42.5 ZH 44

2] A7 =78 SNPE SDKOJ| A A|-&5h= snpe_bench(#lx|n}=7 T2
Of)& o] 85tal, aH] A 42 Z<5 45 (Monsoon Solution Inc)
AFe] 1kl B U ¥ (Power Monitor) S A&-5}S3 T

1}19] B E L 19 E(PowerTool) 4 I E g|o] & o] -850 mHIY 7]
7] 9 AHIH E fHto] A 9] FHF S RYE St 52 245
A2 M2 tet 4 ek 18| 2k go] Aol A& ATFEE(LG G8
ThinQ) 9] HiE 2] & &2lstal A T2pet uhg] RUHE AZdsto] 4H]

Aol Aetet Mekgh= 271 floh 4= At oiv] sl el 2] 8-(State

1 g

of Charge, SoC)-& &Felstitt. oty HYE oA AA 7153 2.1 ~ 4.5V
Aot 17 2 viE ] &3R8 =459 2 5, WIFL Bluetooth, GPS, NFC

o} 2e )L B I St 54 Avks 1917 2o,
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HIi-1] HIi]

=

¥ X

identity

avg pool

conv 3x3

avg pool | identity

avg pool ‘

avg pool ‘

cony 3x3

Add Add Add

identity

Normal Cell

V- r o » l N

¥
| max pool |

R ¥

conv 5x5

avg pool | | max pool conv 5x5 identity identity

—

= W

max pool |

avg pool |

conv 5x5

Add Add Add Add Add

Concat

Reduction Cell
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HI[i-1] HIi]
&~ r . LA i
conv 3x3 | avg pool | avg pool cony 5x5 identity conv 5x5 avg pool cony 3x3 identity conv 3x3
i) o |
T
Concat
Normal Cell
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Reduction Cell
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5 2do] A 5] o weflo]d 4 ]

Normal Cell Reduction Cell

Model Operation
(#Operations)  (#Operations)

ELP-NAS  sep conv 5x5 30 12
(N=15) sep conv 3x3 60 0
avg pooling 60 4
max pooling 0 6
Identity 45 8
ENAS sep conv 5x5 60 6
(N=15) sep conv 3x3 90 6
avg pooling 45 8
max pooling 0 0
Identity 30 0

ELP-NAS®] 8 7142 T 2R3t 201, Ho] A=kl BEQl ENAS2
e 12pget 2ol FAE o] Gtk o] 2 JWho.E 2 b A Bl
oweol 4 A4S vl msta Bt 2k F BEe] ANt Ao A% 15
Aolm Z e 2holeh. 12l o9 AE FHT ) FAF DAt
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44 RdgsHn

ELP-NAS2} tjZx o2 AASH nd
AH| A8 v A= 19 Zrt

2 Ao A AHet ELP-NAS HH2 2|1 AI7H2 ©F S0ms, 4-H]

il
1o

)¢ A|7} oiju] A2 e}

A2 oF 9.5uAh 0= o] AEkQl HElQl ENASH O} A8t = of

0.35% A= A
A& shelsholct
100 100
98 98
;\3 § Efficientnet-lite0
\u;' 9 Efficientnet-lite0 @ \5’ % ¢ @ENAS
g ELP!NAS ENAS g ELP-NAS
O o4 O 94
§ ResNeg_Vl_SO ;(d ResNe?_Vl_SO
92 ° Incept?on_v3 2 e Incepgon_v3
MobileNet_V2 MobileNet_V2
90 50 100 150 200 250 9 20 40 60 80 100 120
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Abstract

Neural Architecture Search
considering energy efficiency of
mobile device

Youngyun Kim
Graduate School of Practical Engineering

Seoul National University

The demand for on-device Al service-based image analysis technology that
can be used in embedded devices such as mobile and IoT devices is in-
creasing. On-device Al has advantages such as low latency and enhanced
security, but Al performance is dependent on hardware performance and
consumes excessive power by requiring a lot of computing resources such
as processor and memory for Al operations. For this reason, there is a need
to improve energy efficiency for on-device Al models.

In this study, we propose ELP-NAS as a method of constructing a deep
learning model considering the energy efficiency of mobile devices. ELP-
NAS trains deep learning models using neural network architecture search
to design optimal architectures in automatic machine learning. By applying
the algorithm to predict the end-to-end energy consumption and latency of

the deep learning model, the predicted energy consumption and latency of
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the discovered neural network architecture are used as a reward for rein-
forcement learning along with the accuracy of the model.

In the CIFAR-10 data set, the accuracy of the ELP-NAS was 95.26%,
which is equivalent to the accuracy of the ENAS selected as the baseline,
95.61%, but it was confirmed that the power consumption and execution

time were improved by about 40% compared to the baseline model.

Keywords : Neural Architecture Search, Energy Efficiency, Deep learning
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