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Abstract

As the utility of DNNs is verified in a wide range of applications, many research works have been conducted to
lighten DNN models for the use in embedded environments such as mobiles. However, since it takes lots of effort
and time to design a light-weight DNN structure directly, NAS (Neural Architecture Search) has been introduced to
figure out this problem. NAS automatically explores the DNN architectures, where the explored DNNs have the
execution performances that are not inferior to the existing state-of-the—art (SOTA) DNNs. MnasNet, a typical
mobile NAS, can explore DNNs that satisfy high performance and low execution time. The goal of MnasNet is to
explore DNNs with the highest accuracy while satisfying the inference execution time constraints. In this paper, we
focus on a multi-—objective reward function that optimizes for the accuracy and the inference time based on MnasNet.
First, we analyze the reward function used by MnasNet and propose a new reward function to explore DNNs with the
maximum accuracy while having a reduced inference execution time than a given time limit. When we use the reward
function proposed in this paper, the point at which the DNN models generated by NAS satisfy the inference execution
time constraint is 15% faster than when using the reward function of MnasNet.

Keywords : Neural architecture search, DNN architecture, Mobile, Reinforcement learning, Embedded
system

s Y, ATt T8¢ 8t (Department of IT Convergence Engineering, Hansung University)
"), g AlS-8 37 (Department of Applied Artificial Intelligence, Hansung University)

© Corresponding Author(E-mail : kmsjames@hansung.ac.kr)

¥ 2 ATe g diEt e Wy gEd ] A LAY,

Received ; July 9, 2022 Revised ; July 20, 2022 Accepted ; August 15, 2022

Copyright © The Institute of Electronics and Information Engineers. (1301)
This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non—Commercial License (http://creativecommons.org/licenses/oy—nc/3.0) which permits
unrestricted non—commercial use, distribution and reproduction in any medium, provided the original work is properly cited.



40 tHE=A 2ot HME

I.M

rh

DNN(Deep Neural Network)e] o= 2 & &
b =& 4TS U= DNNEo| ®o] A3t
Resnet'& 2135 725 o|&3te], Densenet™ &
sto] o] ZlojAtjete o] H e A
HE §AY 5 J=s g 2 deie
F78h= DNNEF 2] Au ojv] 22 A4k A2z
= 7F Eapeda 22 vt = S 913 DNNE
&= sk Aol o213k DNNE9| 542 =t
ol =
2

-1 -
ol M= AgdsA AgT = JeF NI =

-
@]
j=)
|2}
@D
e
il
o
©
ofo
ol

)
o] Fz= tlEh. MobileNet™' & latefo)
Aut A F 2l depthwise—seperable 3+

=]
3lo] oAxteFS £, Shufflenet 'S 1x1 =1

|
Architecture Search)eb= 7Hdo] 33t3ith o] 7id
o] & =438 NAS oA AEZe]eH= RNN 2
& AsetES olddte] dudth AEZ = ot

DNN< A el5ta1 o] DNNS CIFAR10! ImageNet!”
[e]

. Stsrol AYHWA AEZHE JRAETt B
DNN= A48 k. 18] 19 ()= [5]9] AEEY
7k #olo] =9l DNNZ A8 9 Z¥dl= NASE |

Ehdith. NASS AEZeE o] AAsE B (2)

Image

(a) (b)

a2l 1. 2lolof 7|8k NASS| £2] DNN@=t 4 2
o 24 DNN(b)

Fig. 1. Output DNN of a layer-based NAS (a) and that of
cell-based NAS (b).
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Table 1. Comparison of reward values of each reward
function according to the accuracy and the
execution time of each DNN.

(a) DNN 1 (80%, 8ms) [DNN 2 (84%, 16ms)
MnasNet 0.84334 0.84352
Proposed 0.82102 0.83546

(b) DNN 1 (80%, 12ms)|DNN 2 (84%, 24ms)
MnasNet 0.81974 0.81996
Proposed 0.81186 0.77031

(©) DNN 1 (80%, 8ms) [DNN 2 (83%, 16ms)
MnasNet 0.843344 0.833527
Proposed 0.82102 0.826460
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