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Abstract The technology of neural architecture search (NAS) enables the exploration of a vast
array of candidate network sets to identify the most suitable neural network for specific tasks. In
recent years, neural architecture search methods have achieved remarkable results. However,
most of the discovered network architectures are designed for hardware devices such as NVIDIA
GPUs, Intel CPUs, or Google TPUs. However, when these searched neural architectures are
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migrated to Al-specific accelerators like the Cambricon accelerators or Huawei Atlas inference
accelerators, the inference performance falls short of expectations. The endeavor of exploring
neural architecture search tailored for specialized hardware encounters two formidable hurdles.
Firstly, when it comes to search space design, it is important to consider the hardware architecture
supporting different operators. In the case of domestically developed neural network accelerators,
reusing a traditional search space may not result in optimal inference efficiency. Secondly, with
regards to architectural search, the distinct Al hardware design features disparate provisions for
parallel computing resources and data flow channels. Consequently. the exclusive reliance on
parameters and computation as the sole search objectives fails to accurately gauge the latency of
inference, thereby constraining the potential for exploration in terms of both accuracy and latency.
In response to these challenges, this paper puts forth a hardware-aware multi-objective neural
architecture search methodology. The objective is to enhance the coherence of neural network
architecture exploration across diverse hardware architectures and constraint objectives. This will
be achieved by tailoring bespoke search spaces and structures that align with the specific nuances
of the underlying hardware architecture. Specifically, we commence by assessing the efficacy of
various convolution operators on the designated hardware platform through a stacked operator
approach. Subsequently, we craft a customized and efficient search space utilizing non-dominant
sorting techniques. Furthermore, we integrate latency metrics evaluated on the physical hardware
platform into the search objective and formulate a heuristic crossover operator that is conducive to
hardware compatibility. By introducing a coarse-grained inter-stage crossover and a fine-grained
intra-stage crossovers we bolster the convergence and diversity of the population under the
constraints of multi-objective, thereby attaining an improved balance between the precision and
inference latency of the neural network architectures. This study primarily revolves around the
execution of experimental analysis and methodological ablation validation concerning the
framework posited for the domestic Cambrian MLLU270-F4 accelerator card. Numerous empirical
investigations have unequivocally demonstrated that the methodology posited in this study
possesses superior transportability and deployability across hardware platforms. Specifically. the
MLUNet-S4 exhibited a superior accuracy of 0.14% compared to DARTS, alongside an
impressive 4. 7-fold enhancement in inference speed on the CIFAR-10 dataset. In contrast to
NSGANet, MLUNet-S4 experienced a marginal decline in accuracy of merely 0.04% ., while
achieving an astonishingly accelerated inference speed of 5.5 times faster. On the large-scale
ILSVRC2012 datasets, MLLUNet-C triumphed over MobileNetV2 and MnasNet, excelling in both
speed and accuracy aspects. Notably, the MLLUNet-C attained a remarkable acceleration of 1.2
times faster than its counterparts while notably advancing prediction accuracy by an extraordinary
2.3% and 0. 2%, respectively. The related code is available at https://github. com/DestinyMy/
MLUNet.

Keywords image classification; evolutionary algorithm; multi-objective neural architecture

search; hardware-aware neural architecture search; cambricon accelerator
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sZagep; OP,-
)
Hirp, stage, 27~ Net W fi g A op, B2 Mk
HEZ GBS kB B n R HE B B
ASCHE n = 4, #3516 CIFAR-10 B 4 LIl
Zr 10048, FFA5 213 23] 38 ) 2% 11%) T I0ORS 3 DA K A
HAREEF(MLU270-F4) b (R IER , f 248 AR
S CHE X 3 B X 4 AT HE Y L 45 A BT
AT BEBR A VR R TR i R R s ] . &
mFE 1R . £ 1, 0544 CBR-k3 £m 6B
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KANA 3 BYARIEL BN 14t 3 — b L & RelLU #%
I PREICRE B A5 B, Ji5 2 A 4 0 2 1 i A
Pyt iy, FEH RS RE R . HRTE
i J2&: » MobileNet ™ H #1 Hi 1) % B 1] 43 55 35 B 7E 9€
R R ERIE 2 BB Hr ] 0 4. 3.1
TP RS (A RS S X AR A T [R)RE (Y R
FIEAR—E & T 2R G R 5
TRl A TR AR A A E Y . [RI, EfficientNet
A AR H T X T 8 ) 4 4 3 R R 1Y 5
M+ 43-BH . . fH DARTs . NASNet &5 T 07101718200
F4) SR B[] 2 ) 3 A B O R e 2 4L Oy
85 2R (] A ARG FE L AR SCHE W) IR 8 T LA Sy —
ANMBEH T, B Init_ Channel = {16, 24, 32, 40, 48,
64}.

®1 ERATERELMEFNERER=E

e e S LR gk il
i FR e KA RE YRR
0  CBR-k3 FRUELR 3 - -

1 RB-k3-dl BRI 3 1

2 BN-k3-d2 liEss Al 3 2

3 BN-k5-d2 liEss Al 5 2 -
4 IRB-k3-d1-e3 fE5EZH 3 1 3
5 IRB-k3-d1-e6 {85k 5 3 1 6
6 IRB-k5-d1-e3 {85k EH 5 1 3
7 IRB-k5-dl-e6 {5 Eik2ZEHH 5 1 6

R T BT R R A5 (] 5 HE AR HE R AE R 1
MM AN 2 . Z AT R 5T L8 AESE
KL RFET Cell, WNE S ZEFR . XL T LIS R
SR B R IUSE/IN IR 48 2544 L AR B F Cell NS
ST 2 A 4 ORI s 44 1 D A7 17 [l AR
i s DT3P0 25 Fg 4 BELAE IR ; - L A5e 2 A X 446 S i
TEXF Cell 4544 B [ B 4 o (R R B U B Cell
DA S AR AN A A 3 2 i SR 32 1) B i
BT sl AR Y KRR . O T R
R, SCARBE T T —FP R s 3L T Layer B R 4%
MEZL, W& 5 s BN 2 = AN B, 5
NSGANet. AmoebaNet 251, X HITE T, B 1 X A
AT AL BE Y Stem 2 LA S g AL BR R 43282, Hx
SRR R AW B AV R A AR 25 [H
O EEYES WG Z N N HIEE L (o= AR Y (el [FI S G U AN
D AT TR AN 1 [ B335 T o9 26% 1) Z2 R 1 5 Bl 42
I F AN B B S RRAE SR AT T SR AR LR GE A %
PV DB X R T AR KRR 2 S, TR R AR 2
S BR REREE B . B 54 s 0 4 dm it 5 H
1 CIF AR B4 5 1 0 X5 1 I 4% 4544 , 4 ] Stem J2
X A MG AT HAL R 2 5 AR B B E T
Ji 2830 43 28 2t o0 R0 2 00 CIF AR F ImageNet
W 24 A6 S B 32 82 2% S A6 T Stem J2 , BARH 17 1 7
NASNet" . DARTs 2 1p .

Lt gt [32, [1,1,0], [4], [0], [0, 1
P gafis: [32, [1,1,0], [4], [0], [0, 1]]

el EA T
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eSS
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FrBe3
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3.2.2 REBRBE AT
&SRR A TEE b e AR X
R RMERE R G HEMIEN . A S b a5
PRI P AR STy G R R LS T
PRV FE AT A4 S BE AL AE SR s 25 28 SR — B )
AN G i SO0 Gt A LB AL S S X P AE 7 U R
A BRBIBEHLIE I BA % BB LS B H Y
9iR ) 58 S 23 R I ) 45 € 2 BSOS A
I AT
k2, WK TR .
A SCRAMEp 1, pos ZE XA p,
B p F B Be KR N { stage, stages, stagel |
A p ARWTBTR N { stages, stages, stages )
WAL TR g = {1}, .=}
rand = random()
IF rand < p. THEN
FORi=1, «+,3DO
¥t stage FEBRAVEFTR N (0p!, opl, ++e, 0pl,)
¥t stage? FEHRVEFIR N (0pt, ophs ===, 0p?)
IF acc( py)> acc( p,) THEN
IF m>n THEN
.s’tagef:(upf, 0p3, wee, 0p%, 0phiy, ee, 0p))
ELSE
cp=random(1l,m—+1)
stagelz:(op}, 0P3s **0, 0Pl 0L, 1, oo, op,z,)
ELSE
IF m >n THEN
cp<random(1,n)
stage! :<op§, oo 0P, 0Pl 1y o, 0p,‘,,>
ELSE
stage! :(op{, OPby 2%y 0Py 0P 15 *o2, opi)
H stagel BN ¢, H
4 stage? UM g, H
END FOR
ELSE
G =P1q:=p
rand s = random(1,4)
L gy, o P rand _s A~ Bt
il 7Kg, g2
AR FAL GE i 32 S5 30 AR SCHR A A 22 18] 7Y
PEREXT T OC FR 42t — T g e =X TR 6 R B A8 LB
T SO AR AN 2 s . Rk Oy T R R
B TR RFEIZ stagel stage? 73 ZRIR pipo 25 i1
B B o stage B A TR AE R VEHE S A 4 . 27 BEALEL

rand << p.» ST RSBy BeEAT B B P9 At br B 28 S5 A
I BEAL—A~ B Be g A B B TR RLREJE 52 3. A AN []
RLJE HY 32 ST PRAIE 1 R RE A 22 R L B B I 200k
JEAE S 2 i ve MR R AL S . ol FH B B 9 A4
JESE SIS S R T 5 AR X BB m = s FATT AT LA
FBPIRIE O : 24 p) FPEREDL T p. ), AT B0 b
B A] REME I KB S B0, I SR M 22
W 255 B — PR DL TR A A 22 R 2% L BT AN szage,
2 ROLPHER stage? b 347 p, FIPERERC AL T p1»
Wil stage? T A A TR LAY L X B stage? 58
SR i T TRABL 2R stage) XoF O ASE K K 58 p, 1R BE » 4
IE ARG ME S . PR, TR 5 A B2 52 USR] L
AR B e A2 RIS IR % P52 712 Tl R Mk 28 S8R
PR SRR B
BiR3.  FETHUENSGA-TIYES S RA: .
B« BIEER/N NS R BEAREL G 32 X .
IR AL & NAS MR BB B FEE P
XF Po HEATIAG A58 H AR ) 1 0bjsp
X objsp AR SZBCHEF 74 200 RITHTHT FrontNop
R4 0bjsp F FrontNop THESFIEES CrowdDisp
FORi=1, «--, GDO
MatingPool =
Bi;’laryTourSelec[(P,- 1, FrontNop, CrowdDz'sp)
FOR p,, p» IN MatingPool DO
G, G2 = Hybridgrancrossuver(pl,pz,pL )//;%;% 2
q1, G- :Mumz‘e(ql, qz)
¥ qu, g BB A QR
END FOR
% Q HEATIEA 15 51 FL BRIt objsg
X 0bjsq AR SCBCHRF 74 2H RITHTHT FrontNog
WA 0bjsq Fl FrontNog THEHRHT I 2 CrowdDisq
R=P,_,UQ,
P,, FrontNop, CrowdDisp =
EnvironmentSelect (R, FrontNor, CrowdDisr)
END FOR
i . B —URRE P
R Y G iR A 5 000 £ TIORG R A S A
IR AR SO R AL 58 SUFE TR A B NSGA-TT HE
SR O A i 22 0 28 25 ) DB v A RE A W SO
NSGA-TT & — Bl 2 T 2R HESCHE 19 & ot a4
Z Hbr A Jl i P SRR T30 TR 3R
TEPE R A5 5K e e R SR, AR PRI L S A Y (]
IF o inpRe 7 R WS B 3 R A Tk NSGA-
A S5 R B 2R . B 58 WAL N
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Gt i T B g — (A% B —E R AT R AL . fm
PR e 3 A BT AR AR IEAT T — YRR AL . 38
BTSRRI i Hh e — AR

4 LIRS

4.1 XWEE

ASCAEA T ERUGEARAE L7550 4038 CIFAR
DL ISLVRC2012. % 2 25 T 5ds 48 T % Bz 19 3
M5 B, . SEEREE AR H 48 ()7 Ak re A FE sl el i
T 1 R R R BT 0 2 1 1 B L #2485 132
A BE A% 0 25 11 5 I A 25T A VBRI 0T 0 4%
F14) LI A 5 A B AIE 3R O b 28 ) 4% A B 8 4 I
B4 e 1 /N Sy 1B HE B BT O RE 0 B R
CIFAR-10 8 ISLVRC2021 484 rb ity il 38 42 AR
FESR T, B U A — SR UG IT e 5% T 9 45 4k 2 5]
QAL SR BB T] L 38 AN I 4R 26 4 58 BR BT 394
A Ay T 246 b 35 7 PR A S X 4 B A [ o ot
AT =K B S B = U DN %) 4 B S ) BT 3594 Ry
PALE-SNEGSLETISING

®2 KBHIEE

pIEE S JOE IR BRI
CIFAR-10 10 50000 - 10000
CIFAR-100 100 50000 - 10000
ISLVRC2012 1000 1281167 50000 100000

AT L IEE T Python A K PyTorch 1. 8.
SR AP B A R B B TR R T
FREERT R T R, AR SOl T AR FRAT 55 1F
T4 25 R ER /N o 20, SEARAR AR 25,
28 SN 0. 2, A8 SRR St A< B 0 (155, B3 By
B R 28 R B Y B R (1, 107, #2848 9011 45 25 %%
it FHBEHLER B2 T R DL ALES 5 Ay %R K ) SRR
2 ) R0, 1B AR 0. 001, AT S R Ak
0. 0003, A F BT F R ECH 5. 0, YRt 2R/
b 128 IRAHE B KN Ry 5005 Y R Br B. L e B Je —
FRAIEE 1) S5 U0 01 2 FE 1 T o 19 090 286 447 58 3% 1)l
Y5, 7E CIFAR | 25 (1431 25 58 5042 7 600, 3 K
2 R /N 2 F2 5300 0. 025, 0 A 3 Il &

Bk oM 0. 0005, Y Zxtt 7 K/ A 80, dropout HE#
1 0. 43 78 ImageNet I P2 (I 25850k 250, Il 2k
i RN 512, 2% ) B E O 0. 3, AR 8 R L
BEE A 0.00003, 2 > F& 45 Uk 2k A I R 1Y
0. 97, dropout HEZ A 0. Il 2 i 28 I 45 s fiff FH 45040
HA5E cutout LA KA B 2 8% L B B oy 2 dar b o e
}0. 4.

FEIR TR 2 S H05 B S NSGANet V2 i 1F
— 30 B AR R A 2R 5[] R B LR A 8000 4 )
2R 2 L LS AE IR F AR X, o 7000 S E i XA
YIZREE L 1000 A AE Rl i 4 , T0000 45 i A 0 497 4 8
TEEL 28 )2 E R AR O R B E R L 2% S 4K
i FLOPs L R FER 20 sk R A% 04
4.2 XWHERSHH

R T IHAEASCR 2 BFR 2S5 i R
AR AR )5 2 T T R 45 FD b 2 25 RA 4
ROTEHEAT T . Hd, T TR M 45 A
ResNet® | DenseNet™ | MobileNet™ | ShuffleNet™”
A A ZER Y R T A5 NASNet " . DARTS ™,
LEMONADE™ NSGANet*', AmoebaNet ,FBNet'" .
MnasNet "4 . EI{G 54 % CIFAR F1 ISLVRC2012
L B RN FE R iR SE R A L2 A AN 3.5
AR R LSRR R TIPS B R AT e SR S 2
HROPR, A3 IR [R5 FH S 6 i 2 rh R il oy
I

A AT LUE B A SCEE R Y 7 5 7E CTFAR
FIISLVRC2012 %4 4 I AR RAR T 46 3 40 B0
B H a5 R 7 . Hh7E CIFAR ARG SEE
AR SCHE B 11 I 45 7 5 LA A RN 8 A > B8 4 i
BT HERR O /D P 3, BN,
MLUNet-S4 F1 NSGANetV1-A2 7 45 7K S 4 24
M1 LT B LS & PR 5.5 % s MLUNet-S1 il
PNAS 7645 B 7K A0 24 B 1 00 5 15 e
13. 548, B SR IRAE T iX Lo S5 A48 R O ik 2 5
T Cell #7482 AY . (HA53E E M & . MLUNet-S5 ¢
WAES R & FLOPs $5 A5 AR & 28 K% A
R A HERE T T D 245 AF B T T
A XF H B s MLUNet-S4 7 FLOPs JLF- A 7] f44%
BT S HEHLE B AR T T 5 A% IR B A e K2
XF H B Bk s MILUNet-S3 76 2 B0t JL-F- A ] /9 15 B
L EE AT S T A L MLUNet-S4 5% g 3%
R TE RS BE R T 0.2%. BRI, N bR X L 4%
RATTLUE RS HE A FLOPs A3 )8 5 % H
B2 I P R AEE 3R AN M 17, B A A e N
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&3 CIFARZIBEARRFETLER

R FR R RN FER (ZFP)  BEE (M) FLOPs(M)  CIFAR-10(%)  CIFAR-100 (%)
ResNet1108" FT R 3.4516 1.73 255. 81 93.57 —
DenseNet (k=12)*") F Lt — — — 95. 90 79. 80
DenseNet (k=24)*"] T Tt — — — 96. 26 80.75
DenseNet-BC (k=24)"" FT 8T 25. 0959 15.32 5546. 86 96. 38 82.40
DenseNet-BC (k=40)"*" F T 23.7961 25. 62 9431. 86 96. 54 82.82
AE-CNN-+E2EPP™! SR RES — — — 94.70 77.98
Block-QNN-S™" Ak — — — 95. 62 79.35
PNAS™ e 24. 2859 4.48 729.63 96. 59 82.37

ST R

NASNet-AM kA=) 20. 8766 3.83 624.23 97.35 83.42
ENAS™ kA=) 20. 6725 3.86 626.75 97.11 82.73
DARTs-V1¥ T Ak 16. 3553 3.17 518. 94 97.06 —

DARTs-V 2" BREEM AL 17.6785 3.35 547.47 97.17 82.46
P-DARTSs"™ KBREHRAL 19. 0651 3.43 550. 79 97.50 82.80
PC-DARTs®! BhEEARAL 18. 6992 3.63 576. 06 97.43 82. 64
CDARTs® KEREHRAL 20. 2644 3.86 611.23 97.52 84.31
LEMONADE™ ARSI — — — 96.95 —

NSGANetV1-A14 HEALF 14.4114 2.39 395. 96 96. 51 80. 77
NSGANetV1-A21! HEALF 20. 5015 3.44 563. 87 97.35 82.58
AmoebaNet-A"") SR RES 18.5613 3.15 506. 29 96. 88 81.07
AmoebaNet-B" AT 12. 7547 2.71 425.45 97.45 -

MLUNet-S5 B EE 5.3315 10. 81 1158. 14 97. 66 83. 04
MLUNet-S4 BLE X 3.7530 4.43 505. 46 97.31 83.12
MLUNet-S3 BLEE 2.3581 3.14 318.02 97.11 82.13
MLUNet-S2 BEE 2.0733 2.60 270. 96 96. 85 81.24
MLUNet-S1 BAEE 1.7988 2.22 240. 42 96.79 80. 68

TR ; I HASCHE H AL % 2825 18] i) B BE
5 Ay 258 AR BSE AP 14 PR A7 TR A DAL T il 2 ) 245

AR HEBESEIR |

1E ISLVRC2012 |- A9 5% 5 . MLUNet %5 1 []
NASNet %53 T Cell 45 F9 48 2 5 A0 Hos B [R)

CIFAR-10
975} .~ "
e
97.0 | e
L et P\ A
96.5 . S5
&8 9607 # DenseNet |
= <ENAS
iz 955 PDARTs
: PCDARTs
95.0 | CDARTs
@ ResNet
] v PNAS
94.5 NASNet
» DARTs
94.0 | ® NSGANet
® AmoebaNet
935F ¢ * MLUNet
5 10 15 20 25
IR /2D

ARAHR 2 45 DL b R T 00 2 LA K Bl %
(48 2% 5 1 A B AT DL S e s K 2 80 s, L A
MLUNet-C X5 £ H ResNet34 55 0. 9% [a] Bif 4iE 38 I
0. 4 ZF>, H MobileNet V2 PRt 1 2255 7] S B 42 2
2. 3% AHL T A58 R 7 12 FBNet-B 1 & A5 B 1=

ISLVRC2012

T4+

72t

68 |

66

ShuffleNet
# SqueezeNext |
< MobileNet
® MnasNet
® FBNet
# ResNet
v PNAS
NASNet
» DARTs
® NSGANet
* AmoebaNet
* MLUNet

2.5

5.0 7.5

10.0 12.5 15.0

HEIR /=D

E6 CIFAR-10F1ISLVRC2012 I 4% RE 11 EFCHT VS &
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F4 ISLVRC2012HIBEAREFEITLER
(e RN HEIR (2D ZHE (M) FLOPs (M) Topl (%) Top5 (%)

ResNet18™ FTHI 3.1998 11. 69 1822.18 69.0

ResNet34™ F Tt 4.8982 21. 80 3675. 63 73.3 91.4
ShuffleNetV 17! F T 9. 2502 3. 44 274. 54 67.4

ShuffleNet V2" TR 9. 4865 2.28 150. 60 69.4

SqueezeNext FTHI 4.3680 3.37 907. 32 67.5 88.2
MobileNetV 1% F ikt 4. 3599 4.23 583. 92 70.6 89.5
MobileNetV 2% F Tkt 5. 4417 3.50 320. 24 71.9 91.0
NASNet-A ks 14. 6475 5.56 620. 15 74.0 91.6
DARTS" R 12. 2327 4.72 544. 59 73.3 91
PNAS™ e ‘ 16. 6668 6.39 714.94 74.2

SRR

NSGANetV1-A1% PEAR A s 11. 5394 3.70 417.32 70.9 90.0
NSGANetV1-A2] (A RPR 15. 0865 4.90 562. 21 74.5 92.0
AmoebaNet-Al"") HEAL S 12.9763 4.63 540. 56 74.5 92.0
AmoebaNet-B™ B AR 9.3132 3.97 450. 99 74.0 91.5
Mnasnet!" ks 5.4163 4.38 330.13 74.0 91.8
FBNet-A" BREEMRAL 4. 8936 5.20 315. 37 73.0

FBNet-B" AL 6.0015 4.81 313.69 74.1

ChamNet-B"! biig i8S - - - 73.8

MLUNet-A L EE 2. 4693 6.71 399. 94 65.8 86. 47
MLUNet-B B E X 4.3595 8.39 780. 89 71.8 90. 38
MLUNet-C L EE 4. 4633 9.98 962. 24 74.2 91.45

0.1% My R BHPLE 1.5 28 . (AT BN, 7F
CIFAR MIISLVRC2012 | MLUNet 7£ [t NSGANet
FESRPR 3B AF5H B S R A A 22 AN 2 H 2
A FRATTIN A = 5 R A T R A5 1) ) 22 57 A
RATCHRE 1) )i e 2R A B 28 SO - HLA R 1Y)
¥R & B8 )1, 78 ISLVRC2012 | MLUNet-C # T
Mnasnet F1 FBNet 1| & oy F A SCHE AR R 2
1] tt MBConvs 18 % %5 [8] 57 1% H T2 s e k- 5 9F
H 3t MLUNet-C £ 24 fl FLOPs 4845 1 5 HAlh
SVE X L ok E L AT RE RS £ 5 MLUNet-
S5 ARSI .

R T UM R s 2 SR B X AR S E
IR FIITCIRG B 48 Arba B A SR FE TR A s &L an A
6 JF s, il LLE 3, 78 CIFAR 3042 48 | MLUNet %
BC BT A A X L i e AE R 8 bR ik B LF—A>
B G0 A0T FR IR B il AE ISLVRC2012 $fli 4E I,
MLUNet #8834 K 22 806 L i L3 i
VLM /N . FRATIN A R R B DA R o 5 —
K BOETE CIFAR-10 848 4 A7 /Y B T 50808
SEEMGOYA r HER A TR M 22 5, 4 1 PR B TE
CIFAR-10 F H.7E ISLVRC2012 b 435 Ry g il ; 4
T AR A R] O 4E AR T T 4 R

ISLVRC2012 1 EGR 43 B3 b 28 & IR AR B
FINASNet.DARTSs ZE LI Stem J2 23 61 235 43 &
TG IEAR B BRI T M B B e . (AR E RN
J& .78 CIFAR-10 |- AmoebaNet £ 41| [ 4% it 11 fi
I AT MLUNet (90 Z24ERTHHEAR 5
JE PR S A T P 285 1) S 850 SR AR AN BB LAY
L A L g A RS

& 7 MLLUNet-S1 2 S5 {1 % 4 25 ¥ 7] $ 4k 25
T, DA ST 2] S5 8 2 A5 31 11 [0 2 K5 J82 R 2L 48 3R 7%
BTN . LT RS R A A AT
A TR) 45 4 R P 0 B A A HE S S R %, e
MLUNet-S1 W54 H A58 22 5 (RB-k3-d D#AE
HEGIAE— B , i T o b 1) FH 98 2 20 204 1 B 7K Ak i
T I Ge— (W AE SR T AEAS 5 RS B P T2
PR AR (R HE R BE . L Ah L AE SR R | R SE R A
R 5] B AR 22 R T HLAOR S sk 1 PR 45 1 5k 22 5
BT R AP RRE SR ECRE ), O H A B TS A I 45
(14 FIE R4 R 07 THT S I 5 AR b, 28 B AE S — R
[ BE B X 465 )2 50— /D T A R A B B L TR A )
L5 I RAE A9 3 PR K, TR B AL B R 88 )24
it Z SR A A .

25 L AL FE RS MLU270-F4 R 4], %5 #i%
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MLUNet-S5
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MLUNet-S3

MLUNet—-S2 MLUNet-S1

E7 CIFAR-10 £ 4E 3 R 2% MLUNet £549 1] 74k

TE 7T 1) PR RE A o R 25 0 e N 45 254 L 10
2R 25 (6] B4 1 1 3 9% B 12 A f 4 TR A SR HL AT
25 UL, £ BhAS SCHR Y 09 B 2 il AR 5 7
VU0 AR T LA S B0 [ B 2 S A 7 AT 25 ) ke %
A L e A R/ 4 R 4 R ) T 2 A B A
R 5 H B 0 2 B0 R A R R AR T iR &Y
HRRG SIE IR I AN BE 5 ISR LR PR AR OGP . Rk, 5 A
A BN A HiE 3R T 1 R 22 H B4 2R Bk R O 4 b
& FEEMM R G TR &N £ BR IR Ak
J3E A8 AT T L 2 ) 44 4 AR 48 2R ) Bl
M REE
4.3 HEKIES o

T BRI AR SCHR A D R A FRATT 43 3
TE T8 2872 (8] VR AR B 58 SUARE 1 RITAEE 3R F3000 4% 1)
AR
4.3.1 RO PSR A A B0 i

AR SCMAR T 70 L B AR 7 FE a2 R

MLU270-F4 |- AR B A4 B0 4E 38 26 BH , e v 384
BPRMAERR SR S BB ks
LR B L S TG BB R BT, &R
SZG N T A ER MR R AL

AT LA WY 7 B AE IR I, TGI8 S X
TR KN Ik R B R R B
JECRE B, UE B 3k 2080Ti AH Fb T 98 5k 228 in R
MLU270-F4 &R 0] DL Z W& A 11, a5 5 5% 25 4 1
IRB-k5-d1-e3 5 IRB-k5-d2-e3, 7£ 2080Ti |- f¥) 4k
IRAR AL AT 20 AT, T 7 MLU270-F4 | %iE 3R 34 i
T 2 14% ., IRB-k3-d1-e3 5 IRB-k3-d1-e6 1 7] 15 ]
[ RE RO 2535 .

(ELAS VR B2 VR AT 4 2 4 BRI A e A48
ZR7s [a) L AH H T B E 92. 35 % FEad i K HE
PRAEIR 0. 8857 Z #0145 i 4 FR CBR-K3, VR FE A] 43
B SepCBR-k3-d 1 Fli S B H A7 89. 79% . #EiR
h 1.9319 2 Fb, 11 H 4 19 2 80 F FLOPs 43 4y
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JRHFR 7. LRI 6. 747 X P B A B A 3 A
TR R 73 85 6 B IR i AR 0 24~ AT
TR T 2808 A3 (HRs T AR AR S
AEST - 0 2 RBAEAN R TR IR 22 8] (9 52 L I HL 233
T 285 9 A U5 T H s B PR J2 1L NFU PR
PR AL it Ak BREE A T AAT S0 5 T
(1 i AT SRS AN R T 98 5 18 GPU 47 Rt
AR A T AT T R DA o 2 9 2% 14 A AR
TZPIFATEE oA e A WS i 52 A A IR

UE T 8 iy il Ji b T S R G 2 Rl B Vs AR
N EE NG R i o A LN - B e 5 A e A
BT A, Z JE X E R T O, 5 T IRIE I T
&3 INT R e R G AR 1 TR] (AR A B
JEE AT 53 B A5 REUIT T RE 0 B ] it o HL A 20 00 iy 3
Jn. R R 25 6 R AR IR HEAT T A ERAE
{H Y RN TR SRR J7 , [F] B A2 IR
W AR TE , 5256 Hh MobileNetV2 ()4 At iE 52 17 3%
4+ MBConvs f{) AT HUPH: .

=5 EOBREEFHMERET
BRVEARIN PRVEAH BRER/N  WKERE sy EE 2080TiZER(ms) MLU270-F4ZER (ms) CIFAR-10 (%)
CBR-k5 PR N 5 - - 1. 3461 1.1364 92.08
CBR-k13-31 Ay AR 163+3%1 - - 2.1330 1.0201 91.13
SepCBR-k3-d1 B[ 43 B AR 3 1 - 2.2817 1.9319 89.79
SepCBR-k3-d2 ¥R /3B 3 2 - 2. 2880 2. 2886 88.36
SepCBR-k5-d1 #4384 5 1 - 2.2623 2.2967 89. 54
RB-k3-d2 BB 3 2 - 2.4735 1.5148 92. 56
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Therefore, researchers use neural architecture search to design
efficient network architectures. Due to the differences in the
architecture design, parallel resources and data pipeline design
of hardware devices, it is not optimal to transfer and deploy
networks based on NVIDIA GPU, Intel CPU and other
hardware devices to domestic accelerator devices. In many

domestic accelerator devices, the Cambricon accelerator can
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provide data center-level computing power and achieve lower
power consumption when the performance is fully utilized. Many
companies have adopted Cambricon accelerators to replace
NVIDIA GPUs for data center deployment due to foreign chip
blockade sanctions, so it is significant to conduct neural
architecture search research based on Cambricon accelerators.

In recent years, neural architecture search can be generally
divided into three categories: based on reinforcement learning,
based on gradient descent, and based on evolutionary
algorithms; and evolutionary algorithms have strong
robustness and good global optimization ability when solving
multi-objective optimization problems. Based on NSGA-II,

this paper designs a heuristic hybrid granularity crossover

operator to improve the convergence and diversity of the
population. This paper mainly solves the following two
problems: (1) the networks searched by the previous neural
architecture search methods cannot be well transferred and
deployed to the domestic Cambricon accelerator; (2) the
traditional crossover operator has large randomness, and blind
forced crossover is not conducive to the generation of high-
quality individuals.
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