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Differentiable neural architecture search with channel performance
measurement

PAN Jie't, ZHENG Xue-chi', ZOU Xiao-yu?

(1. School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116,
China; 2. School of Mechatronic Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: The design of convolutional neural network architecture is critical for achieving high characterization and
prediction performance . However, manual design can be time-consuming and computationally expensive. Automatic
architecture search methods are thus becoming popular. Presently, partial channel connections for memory-efficient
differentiable architecture search being efficient in terms of search speed, memory utilization, and classification
performance. However, the random sampling strategy can cause the loss of important information. To address these
issues, this paper proposes differentiable neural architecture search with channel performance measurement, which
extracts importance coefficients of channels with attention mechanism and ranks the channels accordingly to select the
most important ones. The proposed algorithm also includes a temperature regularization coefficient to improve the
transformation from discrete to continuous architecture weight and reduce discretization errors. Experimental results
show that the proposed algorithm achieves good performance while significantly reducing computational resources.

Keywords: convolutional neural network; differentiable architecture search; channel attention; channel sorting;

discretization error; temperature regularization coefficient
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[E 3 CIFARI0 LR RIGE|H 8 T LKA

BE BB IENL T 3314 ERI RN

Bl 425t 7 AN TR BE I Ak R e R A 4
PR E R 4510 R HIHAE. B4 R AL bR 8 N ANIF]
oI BRAE, PALRR N IZ IR A — 251 b PITxs R 2544
BCE. 4T AT = 1 BCE o0 A0 M 2670, 24 TiF
WA /NI, 25 R BLE 2 AT i 28R T AR B 1] 5(a) ~ (d)
Iy IR THL1.0.60.2.0.05 I &5 Fy kL B8 T A5 121
T B, B R AR A BT R 2% R 1 BT 1, A
AR BR N SIB IR B, M T = 1, 2530 11
SERIRLE RIS AE0.08 ~0.18 Z[f; 24T = 0.6
i, & 500 IS MBCERE R X AR T = 121
AR EBE S A R RAAER; U T = 020, 5
21 I AR 23 AT X ) — K 2.0.05 ~ 0.3
Z AT = 0.05 I, & 534 b1 85 /) BE 3 A 42
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6 1 45 A
E4 TEIREENCRBTRIERE
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HUAS[R (1) T B 4% 2R e 3145 1) 45 46 36 UF P B X B
W2 Fion. AT LA H e 24 T HC1 B InGE B 1E 4k &
By, T &5 1 B R B A A Ya AR R, B B
KBS AR 22, BT M g DA R RS e R 225 2 T L
0.2 I 2% ik i # A 22 5 ) b, 0 REVE HE B R 1) 2 T
BT HA TEIER] T B ROR, Bk e et —
(4T T 2 T B I /N, A 28 I 2813 JEL 3t J 1 52 3]
S, A3 5 5 B N R i e A, 0 T S5 AR R IR &R
PEAR 55, S EOT FkRaE M = A T — s S, E
R ENER. DR, 3 B 3 P U AE Ak R A, X6 T
SR 2 AR A A R O

*2 REEVNHKREXHEENEE %
THE HERf 2
1 97.20£0.10
0.6 97.31+0.08
0.2 97.35+0.07
0.05 97.0740.22
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HIEMREXTEE
T IRAERCR, RIME AR LT ASCRIES A
T¥ T CNNLEE T 5062 ST I NAS 59 B T kb
NAS Hik HTH0 5 1 NAS H3%:43 5 £ CIFAR10 Al
ImageNet 48 45 b 1)1 B 45 . 78 55000 be rp fs
R TE N B AE E I R R R SRR A
R P 5 (1 GPU I [ A & A VE RE I A5, 383
i avg AR 5 RO 556 285 B IK T 3548, best AR 5
RSEIS S5 8. T AP LA, £ 4 1 PC-DARTS (1) 5
R NTE 5 ARSI v B A [F] 2 2] 26l batchsize [ 5
fill b SR A5 B (1 25

Xof bE BRI N T80T ) CNN 45 74, NAS B BE %
e B L R F TR RE b R R iR &,
PEEUAE T A S PR RE R B, TE RS B L RO
TH 3F ENAS A R B IR A SHET /D, TS
Tl

T 54k 2% 3] I NAS H 7% 1, NASNet-Al3 7R
WGP RS RS R4 1 R, (R KR4 R AR R
18 B R B B[R], A DAL FH 21 552 R A1 4. BlockQNNIIS
1) 4% 22 B (8] A T ok 2>, 5 3L 45 M B B S 40 i il K,

3.5

M LI 2R, ENASH4 i F A 3k 52 1) 07 0t — B 4
/N F I TE], {EUORS BE T NASNet-A BT B, 2k
T 3 4L 2% > ) NAS B 12 A7, AmoebaNet!% }5 & 4
A R IR &F, (5 75 K v 55 JF 8. Hierarchical
evolutiont ] 75 T+ B 44 K 1) vl &8 _E A Pl 9% ik, (A
SR SRR BOR, A 5 T2

FE T80 B B NAS S0 DL H 8 28 200 3% vy A ASE 1Y
Z2 R /D (P)RE RURE BE A 1 T T 92 3R I R )
08P AR SR R A L R b A g — P
i, 38 3 ek /s T AR 7 [A) B2 44, A 75 0.09 GPU K Bl g
8 R RAFHE CIFARI0 b4 R F AR N 2.5 % LK AE
ImageNet | top 1/top 5 Hi iR %5 25.9 %/ 8.4 % It 4
W 2 25 e o EE H BT 2 4508 AT ) PC-DARTS. RL-
DARTSP 5 DLW-NAS27 45 0] fif 73 48 2 HE 42 T 19
NAS 59, MCP-DARTS 8 45 31| (11 0 2 £5 44 43 5 K
FE 22 T8 £, FE 9% 4 2R I (R B /D B AR R
R, X EG H AT 43 5 1 BE B 4T 1Y ProxylessNASHS! A
MR-DARTSEZO A A AR RS (] B B A BB 1
HeFs, I H 45 15 30 2 50 B ARG, 18 2 3RA5 1 I 45 B
5y T4k
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&3 CIFARI0 E AR B LRI & NAS BIA R 4 ER I

[ aAWIREN 45 HIRE /% ZH & /MB GPU/R
VGG 6.7 20.4 —
AT DesNet-BC (k = 40)"! 3.8 25.6 —
ResNet (depth=101)* 6.4 25.3 —
NASNet-A + cutout!'! 2.65 3.3 2000
ATl BlockQNN!!! 3.54 39.8 96
ENAS!4 2.89 4.6 0.5
Large Scale Evolution!?! 5.4 5.4 2750
Tl AmoebaNet-Acutout!'") 3.12 3.1 3150
Hierarchical evolution'!) 3.6 15.7 300
BETHE + a8k RL-DARTS + cutout!?* 2.74 32 0.18
ProxylessNAS + cutout!!®] 2.08 5.7 4
BayesNAS + cutout!!”! 2.81+0.04 3.4 0.2
DARTS (first order) + cutout!'”! 3.0040.14 33 1.5
DARTS (second order) + cutout!!”) 2.76 £ 0.09 3.3 4
SNAS (moderate) +cutout!?!! 2.8540.02 2.8 15
P-DARTS + cutout!??) 25 3.4 0.3
23]
T b SGAS + cutout 2.66 £ 0.24 3.7 0.25
Fair-DARTS + cutout!?”! 2.5440.05 3.32 0.4
MR-DARTS + cutout(?! 2.49 43 0.4
DLW-NAS + cutout!?”! 2.74 23 0.45
PC-DARTS (avg)?” 2.67+0.06 3.6 0.125
PC-DARTS (best)?"! 2.57 3.6 0.125
MCP-DARTS (avg) 2.65+0.07 3.6 0.09
MCP-DARTS (best) 2.56 3.4 0.09
4 ImageNet b A TR MR LEHIFNEZ NAS EAGMA I RERI
HRE /%
Wit 77 4 _— ¥ /MB GPU/ K
top 1 top 5
Inception-V 112 30.2 10.1 6.6 -
AL MobileNet!®! 29.4 10.5 42 —
ShuffleNet 2 x (v1)!”! 26.4 10.2 5 -
NASNet-Al'! 26.0 8.4 53 2000
HF il NASNet-B!3! 27.2 8.7 53 2000
NASNet-CH3! 27.5 9.0 49 2000
AmoebaNet-All% 255 8.0 5.1 3150
PR
AT AmoebaNet-B!'"] 26.0 8.5 53 3150
DARTS (second order) + cutout!”! 26.7 8.7 4.7 1
ProxylessNAS + cutout!®! 25.0 7.5 7.1 8.3
BayesNAS + cutout!!”! 26.5 8.9 3.9 0.2
FTRARE SNAS (mild)?! 273 9.2 43 15
DLW-NAS + cutout?” 26.1 8.1 3.8 0.45
PC-DARTS!E" 26.0 8.5 53 0.125
MCP-DARTS 25.9 8.4 5.0 0.09
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1% (MCP-DARTS). Ji it & 5@ 1E MR, Ak T BEHLR
FEIETE 33 EURAE B 5 R E 1 I, R — it
T AR R AN, ARSOE NI FE IR AL R
fE A RETE I 2O F2 P RE B AR S I B A 9 1)
TR, 4 TR 15 2R TN 4% 5 6 AT ) 4% 1) P AR S A, DR /0N

I 2 O 245 I 7= A 1Y) B AL 1R 22, #E CIFAR10 204
£ B SR Ee 45 SRR B, AR SCHVE R 0.09 GPU Rt
BEAH 2% HH 2 2848 1R AT 2.56 % [ CNN 45 44, AH Lk
TEREEEA PR RSCRMRSA. FEEHM
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