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Abstract

Creating neural networks in a non-automatic way is a slow process based on trial and error. When the number
of network parameters or the number of layers increases, the non-automatic method becomes very expensive
and the final result may be suboptimal. Automatic network architecture search algorithms are used to solve this
problem. Recently, these algorithms have been able to achieve high accuracies on various datasets such as
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CIFAR-10, ImageNet, and Penn Tree Bank. These algorithms have the ability to search a wide space of
architectures with different characteristics such as network depth, width, connection method, and operations in
order to discover architectures with appropriate accuracy. However, one of the traditional challenges of these
algorithms is their high search time (Approximately tens of thousands of GPU hours), which has been reduced
to tens of hours with new research. Another challenge that usually exists in these methods is their focus on
improving network accuracy, while other criteria such as network speed and consumed resources are not taken
into account. As a result, these methods cannot be used directly to find the optimal architecture in embedded
systems that have limited resources such as processing power, memory, and energy consumption. Therefore,
search methods should be devised that are aware of these limitations. Research has been done in this field in
recent years, but these methods do not focus specifically on coarse-grained multi-core architectures that do not
have a GPU. In this article, we present a method for the automatic design of networks that are suitable for
running on multi-core processors. In this method, based on gradient descent, a SuperNet with parallel paths and
computational blocks is created. The number of parallel paths is equal to or less than the number of cores. We
use a series of decision variables to select appropriate operations in each block of the path. In addition to
deciding on the operations performed in each block, deciding is also made regarding synchronization points to
utilize the intermediate results of parallel paths and improve the network's accuracy. Then, by training the
decision variables (block type and synchronization points) simultaneously with the main network weights, an
appropriate subnetwork is selected. Due to the use of the gradient descent method in this approach, the training
process is performed only twice, resulting in the final structure of the network. As a result, it has a much lower
execution time compared to other methods based on evolutionary search and reinforcement learning.
Additionally, considering the constraints of the target system, such as the number of cores and memory
consumption, can lead to a more suitable architecture compared to other methods. Experiments conducted on
the CIFAR-10 dataset demonstrate that the proposed method can achieve satisfactory accuracy with very little
search time.

Keywords: Neural network architecture search, embedded systems, parallelization, multi-core processors,
gradient descent method.
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(Figure-1): Neural architecture search process.
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Training Optimization
1
HPC computer clusters

o oP:
gate_sync,
e * wal®
OP. 35 OP,

Blocks»

0P,
£ } gate
<

0P

Blockzs

(1]}
e, e

Blockt

OP1
H gate
OPs
S
.
H

SOl (9 slere (Y- JS2)
(Figure-2): Proposed Architecture Approach.

)l oolauwl wlow JLQ,HM...; ‘Sbl.muwj) alfos U"‘ J} 6‘;}
 dvel e (0 asle dilisee jlwage slabs,
el o g [YA] ygmnslilss™ (8 LYV] oo (5lusos 23
P 1y (KRl b oS o W (glwaige slagis, gl
gl sl (F s mals wae gloasios Slosle

5o &8lyye gl o eolatnl (6T peal yuiie (goluss
Se R T &S W)l 392y Sliles (pain Sk 2
Rydse wrd Pl GpSpeadl e Sy Lol
OlFiis byaie (nl 5o b gl oo goz @0 b (oo
oliys 55,5 33 b o5 | eoldes ul 5l o o b
st a5 Sllee Sy Lo 4l (B30l L 5 ey
Slles plyieds o)y gt ke ol (68 prenad
g ge QLU Sob ol jo 2l

S Sl @l il jlse slo e ol sl
S50 30 (G S peenal jogdle A By wliél g
GilwpRon bla 5 50 40 « Sl 12 ;0 caliplxl Cllas
S 08 axg Wb adl w0ghie $pSpeeal
) (Sloj sl (Olowms)) yome Wiz (o S3lupllen
05 Dyge Sloy 50wl b gluplien bl axs)o
S e 4y 10940 aSLl CB0 Dy Eel S 0 aS
Sozg poe b ogzy 3550 50 (3liny by, 3 &5 Sl
JSb 098 o0 plnl pF e 5 ilopllen LI
Rl 5o eabad 57 ks nac AL (IS (55lere (V)
g9 bl Gl asll o s e olis 1) e
bl bl 5gm6 e 5 Ssh a0 Slaslre
Pgdse Ot Glopllen

Nolgh LSLQCrE’JJ aisbe c\.J 6[@0&.“40 S99y 2 peiias
Gl psY by g (gladilobus b Ll iyl (sboolSiwss
9> eS A L) )93 oy g g S o (e Laosls Jlaz]

S ddg g laools Sapw (ilsp (Sl (pl il o
IA o oo gl

Ol 509, —F
2lml (55l (Sl yana b 4 ol Sy (s0loiiy g 50
lasizr sloosislon 9, » L2l culic &5 358 o
ot sl bolS malS Lalol 5 Ubs, ol il
Goisel wl L 50 s pLalS mals b, 5l eslina
Cosdty oS0l 2l SESle ol 5 d9be plxl
glsil Wlgi oo Ways (nl 5o endiplnil Slles oo
flgl ale e loaSid o cadosliiul Slasbr
Slp Sl Jate JolS jsbay &Y 5 (p0gl5lS slaay
e 3 Sel o 0 casle slaoldes Gll

Y 2l ) 5Ll VFeF JLle

&


http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.25]

Slaiud 3y axiyg sldailolw yo &)l o5T BIE (Mac 5lBASIE (5 )loo (59D 9

&

&

30 6ol 9 ALl 0gzg 00 Sldes pl Bun Slolw

ﬁock

Ayl Saly 101y Py oyt y50S &5 glldos (o o(F- i)

(Figure-4): Pruning the operations that have the
in the block. lowest P,

—W»y —P.y >
Softmax J
—Woatrect —Puireee>

!J -

o e
Piret I Birin
o

A8 il 50 5 jlwplRon bl HLisbe (8- JSi)
(Figure-5): The synchronization points structure
in the SuperNet.

‘;QLA &l :(_g)'l.wﬁlio.b bla ol g0
Ahi So a4 639 sbSek (i (nl Slbss
Sl e slaSsh s Bl L (Jlexx) sjlupllen
I g oo ools iled Bryg L gilepRen dhass
SilwopRor daii G aSl 05 akin lp (F)
oolawl (618 puonal pxio g0 3l a5 b il il 04
Olpsar esie 90 (nl e i wile 5 9sdee
Joo 5 79, polae g ool Softmax xb 4 (s54,9
Rlie Nghigs ©po SiluplRer jas g puiias
5 oaeie 4 igel Gloj 40 (6 S el S8 e
o.\.\LouﬁL: Ajay).o ooy csls (& s )‘.\.S.A aS r:LxS gL
90 (o U s g
B LEJ‘JW J»..:b..a ;‘ ).in) &.J)L—C LY
dhay bl awsl gyiee e 6)Lwtalio.cb
7€ )3 9 SuBld aaleS 392 ol LD o ilupllen

Y 2l ) 5 bl VFeY JLle

—Wr Pop1>

Popu>

>

P
/

Al GBS gl L L (¥ JS)
(Figure—-3): The structure of SuperNet blocks.
B clles 1Sl o o Slubre g bl
g . OP3 0P, 0P &jq0n |, Sob & 0 ol

Soeleils sl wily o LOP (pds o Liuled OB,
sloatws sl L SSE BB 0065 5 Jgene
olging g, A ol Seb J3ls jo a8 sl calises
SIS Ol el sl (F) JSo wsile w35 e )58
|5 o oz o8 Sl |, atlles oyl
2l (plogh e 0yo (Bp) Hlade S jo lbolles
&b leslial b g (W) jblots (655 poead esiie (ol
&,laie Softmax b «3ly ;o sl oo Cuwsay Softmax
5 A o acass By, 5l SO e 4 [0,1] o5b o
5925 (V) dlayly 09 wales G ol P, polie Egeme
s oo slid 1) Py p2 dlore
e Q)

opi N

Vi€[l,N]:P
j=1€¢"/

sz polie pl Py Al Gl e
o) gl oo gz 0B A o g 00 0y L Las
e ee L 1) Sob (29,5 dnloe B9 (V)
i Q)
0=) 0P,(I) X Py,
i=1
Slom el Soly (29,5 0 5 599,91 alal, (pl po
aes gl 3l xS e layie &Sl
Sl oo 1y Pop oy yiion &5 Sldes ol 20 )lads
B) UG gl so oy el laoldes plo g 0ol
Uigel a5 0 s Softmax wllee a5 el S8 o LLs
O atie g Ghjgel 51w g Wigd oo ooliiul aSll
Sl> glpllan bl e 5 coxin Ollas

69y 2 Je il s Gialesl a8 )5 asis ;s (aigd oo


http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.25]

Crpm s 00ls zeudgi (V) dlasly o o dculons bgo0 a5
A2 oo s 1) boldes Slawlxe 450 50

OlFse ) sl &Y S slo,s sl
13,5 dumlna (V) dlayl,y dlewges

Cmul cony, (k, W,, Hy, D, Dyy) W)
= kle-VVoHODO

Hy s o, b gl )l aunolis kb alal,y opl jo

9 Di 5 >5,5 P s el bamsplis s g Wy 5

5 69,5 b JUE sl saseonlis i sa D,

gl &Y o eadpll slages slaxs .l >g,5
D9 oo Al (A) Al b 35

Caddyn, (k, W,,H,,D;, D,) )
= (k*D; — D)W,H,D,

Sl dwlxe sl 5 aio [0S slaasY 0,50 ,0

Cewlods
Cmulp-(I1,0) =0 x 1 Q)
Caddpc(l,o) =0X(1_1) (\¢)

Ly 95 9 6999 S i 4 0 91 Laly) cpl o
bl 4 bye o al gon (v s olis
i SileplKen bli 51 S je duse cul (giluoplen
Gl 3 e Conddy abogi e (6 S rredl uite (59
bgos (V) dlayl, B9 o0 05udle i odalCuwdds o lade
Qo oo i 1y (gileplKen blas dsy ja dlore

losssync = Zf‘;ll PSyncl X Csync (QRD)

ahis a5 1) cpl Jlas! Poype, (V) il o
305 Coyne 203 o0 lid wol bl k-l g5lupKen
ol ) ileplon Llas loj Jlyw duje jlade
Gl Odnsslen byl a4 5 Coyme jlade 000 oo
Jols dile sl p3Y loy Sow bl o s
Iom el aele JB lopas (295 S5
g o0l moz o2 b polde (1l 0 S8 in d Al
S sre & (O daly e cassay IS 50 &6
W oo ol |,

l0SStorar = A X 10SS ¢rpss entropy YY)
+B
X (lossops + losssyncs)

o @l b G5y e By @ (OY) ko

2y & 55l 3 5 809 80 Aib o i
L o 5 bay s eadplel Sl lade
&b 586 g s ol e b aiies g5luplKen
azys g ool sl S5 0 w0 ) abge o
ly al 285 5 Slawbre [b G cslie Jolad A

.0)9‘ Cawdds

e B ey SIS 5l 5 A waleS e )90
Jaio yws Hlod Gum S ol 4 i Ojg0 4

A sl
L ilepllen Ll (29,5 Al 3520 (V) dlal,
XA
)

Vi€ [1,N]:0; = (5 X Prsync
+ Byi(I) X Py girect)
o Jlail Jols sawoplis s akal, opl o
sl sl a0 90 siluplRen Al 0 by plos
o wile il sl 5 o 51 e JLas! ke
5 eolaiul &gy 0,5 eolaiwl Yx) ylelelS L g
g g0 drline (F) dlaly & j50 415 cpoz 5 Jos

N
)
s = Z B,;(I)

ST 09T Py airect 9 Pl,sync E9oio (e
Ll SOl aien sOftmax dlal,

))-»é el}—\—f

U oS jeme 1) a0l Sse! o, sl (gl

Bled 55 aSl Slaslre Grals 4 4l Z8s pogdle

Sed oo oolaiul Jiswaix o &l sl aile

LS)L“”‘-\‘L‘-’ J.ul.a...a ‘5>3),..|T L )inb LSJ-“-"U-‘J" 6[.:&41,.,.4
loss =—-YP(x) x )

cross-_entropy

log(Q(x))
ml b baab Jlus! e L) (0) dal, s

&9 ol gomanb by j0 amd e L 1) S o
olaisl e B b did e 4 Jlisl S
L oolad sud o i Jleix! 2565 50 Q(X) a2 0
el (Sen Al |y diib o 4 ) oadiin ey
Slle duje & Lo )20 1l K0 (i5u aed o
4L A lslone Ayip delone sl Sl oS
Ao ol e Ollee Slous Fads Oyle
o o2 L1y el Ollee oles Slsle
0old Zdg pidon sla sy o aSjebles oS o
6L®J-&~° )LU.A S99y )‘ o..\.wul.?w‘ u_:u.o.c PR
dupe () Ay gl e atie abgie (S read

9,9l 0 ooy |y sl Slvle

lossgps = )
Norm <21L=1 Z§=1 P Popl’p‘n X Cl,p,n)

Phn llee Sl sl Py ) s,
aod 0 s 1) (0P1pn) pHl e ;0 g pbP jnss po

Y 2l ) 5Ll VFeF JLle

g


http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.25]

Slaiud 3ip Aiiys sladilobw )3 alis I olT Grac uoc SdaSub (5 loxoe (S92 9uuma

&

A il HS L (V- Jgus)
(Table-1): SuperNet Structure.

Y yno AP
(235 JUS A) XD gl
(o735 JUS A) OXD gl (o3 JUS M) OX0 aglsils
(235 JUS M) YXY gl (o235 JUS N TXY Gaglsls
GlopKon dais
(=55 JUS V) OXO piglgils (=3, JUS 19) OXA (gl gils
(=35 JUS VP) ¥XY iglgils (=3, JUS 1V 2) YXY (iglgils
GlopKon dais
(z5y% JUS YY) OX0 (yaslsils (rs5,> JUS YY) OX0 yslsils
(ersy> JUIS YY) ¥XY aglsils (orsy> JUIS YY) ¥XY aglsils
GlwpKon dlais
(s> JUIS #F) OXO ys5ils (5,5 JUIS #F) OXO oy d5lgils
(s> JUIS #F) ¥XY ) glsils (5> JUIS #F) ¥XY oy a50gils
GlwpBan dlads
Ok gy
Jato Juls &Y
Jie IS 2

4 g 00,5 gglews ol gy i eolaiad b1y Lo S
35 Gilslae dils Culs o O yg

Y 2l Gy Sl pasin (F) JSS ) a5 5k lan
i a5t ] o sleplKan bl ol lSel ko
XY idslS Y 5yl loplSon (ol ot a3 5
a8 S (63959 Hleied |y b yeue 25,5 a5 Caloads oolail
Jsb 5 250) S oo sk ot olaes 4y 1, Lo JUIS ol
Slr &5 iloding wiysN (gl o0 (oo b Sy At
ol F alS 55 s ool lis () > ASu e
£ 5 s Lol larys ly o (SGD) dolas
bl SBel) 6y pradl Sboysio sl s vtttV x5O
oolatul <.V (6,50 F5 5l (@Y o Slles 5 (gilupKen
oo tolej] eadadl)] slaonl o Slae gy sl 2900
Caloals ploxl 533
A Sy 9 283 Gl 5 (slupllon L& Sl (o) (O
528 Jolss dlais gl 5o )50 @l lagyig H (swpn (¥

o5 lodona

Sy o 5155 slaale;] gl aslol yo

9 €dd 0 GilwelKor blE J1 owyw-V-0
Aot (Flwlomo b pw
Lglbkgxu.)iﬁ L_s)'l».:rﬂl.i.o.h bls ):| u,...»l.a)i LS‘ﬁ
OialesT 5ol g s S 5l See slacdl> I il
13l g0 e o\.\.ww.il.a)‘ sl , Sy Cmlodls

Y 2l ) 5 bl VFeY JLle

o losl -0
all [Ya] CIFAR-I0 solsacgarme g5y » oosiale)] olas
ool pshi § Slegazme CIFAR-10 solsacgarms o
slagiagy o Ll jasis wlbs 6y Jyore s 2 &5
ol oolsacgorme  cpl g o oslaial glilly ooy
29 ypoid b aib 03 0 YYXYY () poai fiaceal
0ty «Jomosi] doglsp 5l wils L ot el diibs o o
4 osldassare (gl 5 (AT sl @llysh (S wgpl @ S
e sl g fpes g (el gl Jymely
Giwools [¥e] zygnl cann 5 b ooy, ploi cadonris
5§ RTX 3000 S5 o5 5 o jiglosT plonl (gl conrs
ooliti] UK Y il Jade b odsl s CON7 5355
2 @Sy 3l bl sergcans lad cadas
5 oadploel slasiolejl jo asloads ools asles (V) Jgo
XY gladis b (yolgls Ll 5 glaclles § alis oy
ailes w5 S B clbay cwbad sslidd OXO
Jate Jb5 o 5l polas ganaidl Johite slaaSes
bl 2w ol 0 aS Sl siolejl o ax 31 ecdoas S5
(Gouib) &Sl g5 S5 g Slles (golani S 29 oo
aile gol> Dlles 4y dgazme 0l )| g calodls gy
el 0 e o g S Jito S sloa¥ b 5 (glgls
sl 105 ool 55 Ll jaseis g (g s aile Sl
S0 2 il 858 e Lol s (goaSns o e


http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.25]

0.95
0.90
0.85
0.80
<ds
S 3w on bl (ygu

ool aY 90 6 lwplRen bl g0 Jled

pres

GiwpRon blis don yogs Jlad

SR 4 90 g luplon b (092 Jlad

A 3B g 85 (g3luplRan B 1 (V- JS)
(Figure-7): The impact of synchronization points on network accuracy and latency
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M. Wistuba, A. Rawat, and T. Pedapati, “A
Survey on Neural Architecture Search.”
arXiv, Jun.18,2019.

H. Benmeziane, K. E. Maghraoui, H.
Ouarnoughi, S. Niar, M. Wistuba, and N.
Wang, “A  Comprehensive Survey on
Hardware-Aware  Neural  Architecture
Search.” arXiv,Jan.22,2021.

[4] X. He, K. Zhao, and X. Chu, “AutoML: A

survey of the state-of-the-art,” Knowl.-
Based Syst., vol. 212, p. 106622, Jan. 2021.
E. Real, A. Aggarwal, Y. Huang, and Q. V. Le,
“Regularized Evolution for Image Classifier
Architecture Search.” arXiv, Feb. 16, 2019.

B. Zoph and Q. V. Le, “Neural Architecture
Search with Reinforcement Learning.”
arXiv, Feb.15,2017.

H. Liu, K. Simonyan,
“DARTS: Differentiable
Search.” arXiv, Apr.23,2019.

W. J. Song, “Chapter Two - Hardware
accelerator systems for embedded systems,”
in Advances in Computers, vol. 122, S. Kim
and G. C. Deka, Eds., in Hardware
Accelerator ~ Systems  for  Artificial
Intelligence and Machine Learning, vol.
122., Elsevier, 2021, pp. 23-49.

H. Park and S. Kim, “Chapter Three -
Hardware accelerator systems for artificial
intelligence and machine learning,” in
Advances in Computers, vol. 122, S. Kim
and G. C. Deka, Eds., in Hardware
Accelerator ~ Systems  for  Atrtificial
Intelligence and Machine Learning, vol.
122., Elsevier, 2021, pp. 51-95.

A. G. Howard et al., “MobileNets: Efficient
Convolutional Neural Networks for Mobile
Vision Applications.” arXiv, Apr. 16,2017.

X. Zhang, X. Zhou, M. Lin, and J. Sun,
“ShuffleNet: An Extremely Efficient
Convolutional Neural Network for Mobile
Devices.” arXiv, Dec. 07, 2017.

M. Tan and Q. V. Le, “EfficientNet:

and Y. Yang,
Architecture

Rethinking Model Scaling for
Convolutional Neural Networks.” arXiv,
Sep. 11, 2020.

H. Ca, L. Zhu, and S. Han,

“ProxylessNAS: Direct Neural Architecture
Search on Target Task and Hardware.”
arXiv, Feb. 22, 2019.

B. Wu et al, “FBNet: Hardware-Aware
Efficient ConvNet Design via Differentiable

¥ el ) ol V¥ Jlo

& S Ao —F
ras &b sjlexe Siluisilge e (SBgy lie Gl
Sl glosiby (g9, p Lzl calio a5 0l &l
Ll 5 Sob g5) xSpmeal Slopie sl
Sy oSed ol glagis b lejes (ilupllon
s Lol hals” (o) Sl esliinl Jdsar (b9, cnl 5
S S5l 1955 ol isel 4zl b g
Glogbyy plo 4 Cond a5 e Cunddy oS
Oy kel 650k g Ml g (e
Oy 3 4y BB ESS al vl feS L sreles
Slwbre duie Jade 0 Al o a5 Cal oyl sadasl)
ropdle (Slog A amiiyd g 390 43T ANy 55 AS
by doler 8 S Slalre die il Cdo
Jos & lgiee )8 @by byl @elas b (rioren
olpiin By, sy datale;] 5l sdaliassds mls
4 a5 (6 loxe £95 oty 00| g, anslos S ol |,
s 2 sl s sl cll Sole
Bilain lo g, 4y o g Aty |y atimais glaoaisls
a5 j0 S e bl dis diz glaoaiilyy o (6 iy
4 s o iy gloalsls 12l b g S
Syan dadl> g ;5 Jade s jae SELT S5l
 oadail] (Bg) (rmizmen 095 (owyp FES Sjgens
5 oS Jee gyl oo Sl olid o g

25 oz Silepllen sl g,

7-References &= o=V

[1] T. Elsken, J. H.Metzen, and F. Hutter,
“Neural Architecture Search: A Survey.”
arXiv, Apr. 26, 2019.


http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.25]

Efficient Neural Networks.” arXiv, Oct. 30,
2015.

[28] B. Jacob et al., “Quantization and Training of
Neural Networks for Efficient Integer-
Arithmetic-Only ~ Inference,” in 2018
IEEE/CVF Conference on Computer Vision
and Pattern Recognition, Jun. 2018, pp. 2704—
2713.

[29] “CIFAR-10 and CIFAR-100 datasets.”
Accessed:  Sep. 14, 2023. [Online].
Available:
https://www.cs.toronto.edu/~kriz/cifar.html

[30] “PyTorch.” Accessed: Sep. 16, 2023.
[Online]. Awvailable: https://www.pyto
rch.org

)5 SMleans (g by Jogew
hlBles (lS Femals (cwaigs
p . Sy ol dagd oRails o
e mm eelS pwdige | lid )

o oBiils o 1) Jidle s il S
Sloasil (59 (hagh sledis; wils, (Lb a4 o8
ol aiagd slaaibols 5 Gros omac
5 el ke lasl &L, Slas
rastari.s@qut.ac.ir

C): " . ).9 &3 ’s ' > ‘s‘é:"}n
3 FoeelS (gwiige &3, 50 15 09>
\ g Ol gl )5 (el )5 ablas
G @y S oBadls jo 1) 1S
™ Cid gac 7 Jlu 5l g il LG
QLM.)‘ ;....Jb 9)) LSLCML....A) w‘wﬁ ;a.a....c " oKisls ;o.l.c
5l el ©Lle Ll &b, glas
mohajjel@qut.ac.ir

3 1) 095 IMias (pwmosd dygaxo
by &by e ()5 ehie
ol&islos )0 J;Wlf )b 60).3)15
oy el owlbis )5 ahis o lgasl
olKislos )b )45.»...;015 QS“‘JW :L..m)
|y 055 3l 5135 mizan il Ghl & ool
okl a4 AT Jls o UTM) il oBasls o
g5y Sbaie; ol FoalS 098 0 o8 o
Sl glalle (Hhb g peal il olal

5l el O)le lagl AL, glas
Shamsi@qut.ac.ir

[15]

[16]

Neural Architecture Search.” arXiv, May 24,
2019.

A. Wan et al., “FBNetV2: Differentiable
Neural Architecture Search for Spatial and
Channel Dimensions.” arXiv, Apr. 12,
2020.

X. Chen, L. Xie, J. Wu, and Q. Tian,
“Progressive Differentiable = Architecture
Search: Bridging the Depth Gap Between
Search and Evaluation,” presented at the
Proceedings of the IEEE/CVF International
Conference on Computer Vision, 2019, pp.
1294-1303. Accessed: Aug. 30, 2023.
[Online]. Available:
https://openaccess.thecvf.com/

content_ICCV_2019/html/Chen_Progressive_Dif

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

ferentiable_Architecture_Search_Bridging_
the_Depth_Gap_Between_Search_ICCV_2
019 _paper.html

H. Cai, C. Gan, T. Wang, Z. Zhang, and S.
Han, “Once-for-All: Train One Network
and Specialize it for Efficient Deployment.”
arXiv, Apr.29,2020.

“Automated deep learning architecture design
using differentiable  architecture  search
(DARTS).” Accessed: Aug. 21, 2023.
[Online]. Awvailable: https://mountainscholar
.org/handle/10217/199856

D. Stamoulis et al., “Single-Path NAS:
Designing Hardware-Efficient ConvNets in
less than 4 Hours.” arXiv, Apr. 05, 2019.

C. Li et al., “HW-NAS-Bench:Hardware-
Aware  Neural  Architecture  Search
Benchmark.” arXiv, Mar. 18, 2021.

L. L. Zhang, Y. Yang, Y. Jiang, W. Zhu, and
Y. Liu, “Fast Hardware-Aware Neural
Architecture Search,” in 2020 IEEE/CVF
Conference on Computer Vision and Pattern
Recognition Workshops (CVPRW), Seattle,
WA, USA: IEEE, Jun. 2020, pp. 2959-2967.
K. T. Chitty-Venkata and A. K. Somani,
“Neural Architecture Search Survey: A
Hardware Perspective,” ACM Comput.
Surv., vol. 55, no. 4, p. 78:1-78:36, Nov.
2022.

W. Roth et al., “Resource-Efficient Neural
Networks for Embedded Systems.” arXiv,
Dec. 09, 2022.

“How to Boost Compute Performance with
FPGA-Based Accelerators - elementl4
Community.” Accessed: Aug. 22, 2023.
[Online].Available:https://community.elementl
4.com/technologies/fpga-
group/w/documents/5003/how-to-boost-
compute-performance-with-fpga-based-
accelerators.

“Ultimate  Guide: ASIC (Application
Specific Integrated Circuit),” AnySilicon.
Accessed:  Aug. 22,2023.  [Online].
Available: https://anysilicon.com/ultimate-
guide-asic-application-specific-integrated-
circuit/

S. Han, H. Mao, and W. J. Dally, “Deep
Compression: Compressing Deep Neural
Networks with Pruning, Trained
Quantization and Huffman Coding.” arXiv,
Feb. 15, 2016.

S. Han, J. Pool, J. Tran, and W. J. Dally,
“Learning both Weights and Connections for

Y 2l ) 5Ll VFeF JLle


mailto:rastari.s@qut.ac.ir
mailto:rastari.s@qut.ac.ir
http://dx.doi.org/10.61186/jsdp.22.1.25
http://jsdp.rcisp.ac.ir/article-1-1418-fa.html
http://www.tcpdf.org

