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Abstract

Neural Architecture Search (NAS) is a method that can find the optimal neural network architecture
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within a predefined search space and is of great significance in tasks such as image classification. At-
tention-Guided Micro and Macro-Architecture Search (AGNAS) can assign high weights to important
operations based on attention mechanisms, avoiding the problem of incorrect selection of operations
in traditional NAS methods. In this paper, we improve the AGNAS method from two aspects: attention
mechanism and operation unit. Regarding attention mechanism, channel attention is replaced with
bottleneck attention (BAM) module, which adds spatial attention module after channel attention mod-
ule to focus on channel and spatial important features simultaneously. In terms of operation units,
ShuffleUnit operation is introduced to increase the diversity of operation selection, further improving
the feature expression ability of the network. The experimental results on the CIFAR-10 dataset show
that compared with the original AGNAS, our method can achieve lower classification error and higher
stability; Compared with the other architecture search methods, our method has overall advantages
in classification error, parameters, and search time.
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AR, IRFEME NS AETH RN U i BUR 72K BARkill, 15 SOor RIEEAE 5% HIUAS T 2%
FR&T. SR, XG4 (1 S5 A S A TR N IS, FE2 T REMIAT) . A S R (NAS)E T
FETUE IS 2 1A A B S48 R 28 284, ACE R8> 7N LT, IEReRS 528 e N 50Tt i 2%
FARSFHIPERE. FHIM NAS J7k, i Fomfbss ) (RL) [LIAELRR(EA) 2118 R 07, REREBIR
P vERESEM, HF R AR, WEFERT LA GPU M. mli £ 4LH 8 2R (ENAS) [BIRFHTET
B 2 IR S S AL (e, KGR R R R R LA GPU K, MKMW T NAS st 2 )5, i
K3 22 (DARTS) [4138 5K 2 Bl 2 23 (M RA st oS5 18], HR I SUZ AL S, SEBL T i 280 s 1 o
WGk NHETH53 BAT 5 B TERE, T80 B2 1K AT SRR 3 22 (GDAS) [5]77 i il 43 1) Gumbel-Softmax
R AEAT B UL I B o s B B B AE 4 2R (SGAS) [6]38 it 14 #5458 BY T A K /D 18 2 2%17] . Shapley-NAS
(730 I PPA A B AR B DR R AR AL N 28 540 . T ] B P 42 A 98 2R (ADARTS) [B]4& H [ —FhJk T3l
T BT AT A AR A I TE I R . B THRIE S I B M A AR 1 R (EGFA-NAS) [9]id i
PRIES I EEAR T T & R R TR R AR

R BRI IE TR — S A B, AR AE IR AN G L S HOR AN W 4 1 B T RE[10]. TR 15 S0
RS % (AGNAS) [L11REMEARYE == LD B BRI T = R, Bk T R E R AR BRI 1) R
AN AGNAS HEAT S, W S5 AT (138 38 VT i 70 8 e 9 ETE B ) (BAM) R [12],  DAE 188 38 A1 7% [a] i 18
AR M SRR BRI, R AR SR EAL RN A I TTIR . HhAh, ASCHERRAE RS I
BR[13]H (1) ShuffleUnit 21F, 45478 FE 1T 43 B 68 (DWConv) A E K7 AE 41 2 18] 52 #3818 (Channel shuffle)
SIS, SR E 2 A 0 (E A He R ), ISR AR AL AR RIS RE JT . B, U S I AGNAS R
AT BG5S B KR IR %.

2. HuHAE AGNAS 24948
B () AGNAS B4R 25 42k ] 1 T, 12 AN 7T (Cell) M B i . Cell 43y Reduction Cell il
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Normal Cell PiFPZEAL . i3S N RAFF AR/ RAAE B ) 2% (8] 0 R 22 E 0 i 4, - DAk 4 3 B AN
WD TH I Ja A TR BRI, FHORRFRAIE B 2 [ RS AAE . &4 Cell mﬂ/\ﬁﬁ%ﬂl’é{l(DAG),

B 4 ANFEFTA(E LA 0y 1. 20 3URE), MATREPAT A 9 A (B 1 A 4 KiLrRE) k.
AN RN —HARFE I, T 2% 30 U R R R N R B T R . A Cell B ACHHTFIAS Cell
(O AR, F5 A0, 55— Cell (AN EE Stem Z(H— 3 x 3 BAALE IH— L E R pR) MR 4R
BN EUE PSR RRAE . AR TR [R] 7T R8I SR Aok A AT RS B R A R R IE R R . Hanth
TR H R T ARV R Tl T 4 R AT PR AR B

55 AGNAS HHLL, Aot 2 AbEAEANIT I : (1) A ERIES, R BAM B 5 i T
BB, DITEIEE A2 (B AR G E B ERE s (2) 7EJRRIY 8 FhAE(3 x 3 A1 5 x 5 Al /3 B
sep_conv. 3 x 3 Ml 5 x 5§ 5K i 43 & dil_conv. 3 x 3 ik Kithik max_pool. 3 x 3 “F-#it{k avg_pool.
BEERZEHE skip_connect. DL 7S #AE none)2&fili |, 5\ ShuffleUnit #:4E, MEIN#/EIR M 2R

PRk, Jam I AGNAS [AEFHE RIS HE, SR)5 R4 BAM BLHRT ShuffleUnit #:1F .
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Figure 1. Architecture of the improved AGNAS
& 1. ifAY AGNAS HIRMILE 23R4
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e, PRI R AR B BN PR k1A B SRAEERAE 1,
Ln=argmax(1,, 1y, 1y ). ®)

HE R, BRI HARSN SRR R SRR AT LS, B8
Cell IR LA L5 5K o

2.2. BAM =i

BAM B S5 K 3] 1 o 20 REZRAE A BT, B4 S AN S [ R P 2 AR I TEVE O B84
TG A bt 5 A AR AL ] AN R SRS PP IS, T A )9 AR 0 P e 6 P 9 i s ) R A e o AN [

SRR . AR F € RO )G SR I B 7 M (F) MR ) M (F) -
BTSN E R b, SR F OB A BT ELGAP), AR /\@Aém.%aﬁkﬁmi

F. eRYC . )5, RHZEERAE(MLP) (FHAESHE 5 se o) At & )0 — 46 )2 (BN) K 3R BUE 18 13 75 1
M, (F)e RM™ B AR,

M, (F)= BN (MLP(AvgPool (F))) @

= BN (W, (W, AvgPool (F ) +b, ) +b, )
Hep, W, e RV AT W, e RYCIT A AR R AL, by e RV Al e RM ABA SR 2 W E,
r I b AR L]
A MER AR L, SR 1x 1 BRUREAHHER F BB, B F gy RMO ) 5
AFAPIAS 3 x 3 BIKAGA(DConv)Hfid EFICER. Ffa, 1 x 1B (Conv) KAFHIELERE A A R
BRI RR N,

MS(F):BN(flxl(f3x3(f3x3(flx1(|:))))) (5)

o, BAR1x 13 x3 3 RERERZIKIRAN.
TEPI M, (F)RIM (F) &, 5Bl mi i de s a7 2 RYOY . 3R A Sigmoid ek 3w
G 0 B LB, MREEHFEIEEYIEM(F) A,
M(F):o-(MC(F)@MS(F)) (6)
Hh, o Fox Sigmoid BB, @ KRB ILERH.
Wb, KM (F) 5 F RS, S EIAUS TR F e RV oy,
F=F®M(F) @)
Hr, @FRZBICEMIE.,
SO F R F BEHTIZ S EORAS RN F, . JE0t AT @B 4k b R ERURIZ e 2ORA, B3 T A
E/‘]"Lr%:‘ﬁE F' S RCXHXW ) i/‘l_ﬁ//}ﬁyg’
F=FO@F ©
F'(c)=>" F(c+(m-1)C) (c=12-,C)

2.3. ShuffleUnit #&4E
ShuffleUnit & ShuffleNet V2 [1J—/NHRGE G, HEHWE 2 Fion. &5, HPIA G SOMRHIER 1746
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a5 H— AN X EERIBFARKICN 1x1 Conv., KA 2 ) 3x 3DWConv il 1 x 1 Conv; 5 = ANr ¥
FHEMIEEAR IR AE KN 2 () 3x 3DWConv A 1x 1 Conv. B4, AN, 1x1Conv & FH % BN
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WYL FPHEE. B, CEPHERRHEERI A2 AEIEZ, IR Channel shuffle S HLEIE 22 7] ()15
BA e

4R, DWConv H1 1 x 1 Conv & REABER Mt HACE, BN 2 1) DWConv fg SEIURFIEFE 7% [H]
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Figure 2. ShuffleUnit operation
B 2. ShuffleUnit 124E

3. SCIR4ER

ASCRF I BE4E N CIFAR-10, 75 60,000 i 32 x 32 FIE ARG, BIE 10 2850 H A (KL,
RZES 50 M FE. M. HiE. B, AR ZE), 2505 6000 MREMR . BT A SO SR8 28 75 20 Uk 4
5, Hit, BEEEEERIS NG IR, tElh 2.5:25:1.

SRS AR S Ubuntu20.04 R 48, IR SJHESLA pytorchl.12.1, fl{4FCE CPU A Intel® Xeon(R)
W-2235CPU @ 3.80 GHz x 12, 417 64 G, GPU ¥ NVIDA GeForce RTX 3090, &7 24G. L4 fdi ] SGD
IR 2% K S BT LA, WIUR2E 3150 0.025, ZhEN 0.9, RUE N 3 x 1074,

3.1 FEHMHERER

NTE—ANRAE P ER, oldE— M 8 4 Cell (2 4 Reduction Cell 16 4~ Normal Cell) i
W o HH, 2 /> Reduction Cell 43 77 B AE S 2 ANGEMIE 1/3 KEEAL)RIES 5 AN(HEMI I 2/3 KB Ab) 7 B Ak
K g e e 0 45: 3 x 315 x 5sep_conv., 3 x 3 Al 5 x5dil_conv. shuffle_unit. max_pool_3 x
3. avg_pool_3x 3. skip_connect. L% none iX 9 Fh#fE. #ZRIIFEF, THE Cell Hh &5 S AFMEIEERAF
XFREE R IR, R RA s R IBCE N ERE . B rE Pk AT A S, RIS 31X Cell
MMz e . B—HAE R, 84 Cell LM T H.

WREH)G, N TR RCRATERE, EFF 17 Hd 54 Cell #E4THER . HrP, 2 4> Reduction Cell
B AFBOREE, 6 > Normal Cel HBEMLIE H 3 4. 1EH1 5 4> Cell (2 a4l 3(a)~(e) . Horr [l 3(b)#1
(d)#& Reduction Cell (Cell_2 #1 Cell_5), H:4x>A Normal Cell (Cell_1. Cell_3 #1 Cell_6). ¥ 3(a)" Cell_1
KH T 5 = 5 dil_conv F1Z A~ skip_connect, 1 HAETT & 1 2177 55 3 RN T 2053 A 9 5 2 B
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HR 5% T shuffle_unit #24F . Cell 2 SR H 3 x3 F15x5 ] sep_conv.avg_pool_3 x 3 & skip_connect,
HAEFRAAT ST Cell B%H) 175 53 0 i A2 £ 1 shuffle_unit #24F. Cell_ 3R 3 x3F15x5
) sep_conv Al 3 x 3 [f) dil_conv, it skip_connect ¥ A [E 2 AL EEL &, HARLER T ST
Cell % )2 5 1 (ki T shuffle_unit #:4F. Cell 5 % 5 x 5 sep_conv. avg_pool_3 x 3 fll
max_pool_3 x 3, HIEH AT A (RIS Cell f% ) 3075 55 3 ik FE AR5 T shuffle_unit #4F . Cell_6 3
B{E ] 3x 3 F1 5 x5 [ dil_conv. max_pool_3x3 il 3x3sep_conv, JFi@itZ 4 skip_connect fill &4
FEIX LG T 3R, shuffle_unit 2 AE R £ 3 ROMEARIL S 1 15%, K, shuffle_unit #4051 51 AAMY
B TR Z R, T BAEM T A R I R B U7 T R R AR .

)
Ly . o
":‘Q

N
N
skip_connect

(d) Cell_5

_{k-1}
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Figure 3. Detailed architecture of 5 cells searched on the CIFAR-10 dataset (Light blue represents input features; light purple represents
output features; light yellow represents intermediate nodes)
[E 3. CIFAR-10 #i#E & FHZRZHIE 5 4 Cell BUFARMICAIE B RFBANFHE; REBRTMEHE; BERTFPETE)

SZOCHR[LLMR &, Kk H i 5 A Cell BEATHES, R — NHTIES 20 4> Cell FIMZ%, DU T4
B> 24155 . HES it R, ¥ 2 4> Reduction Cell (Cell_2 AT Cell_5)7 5 il B 7E M Z& (11 55 7 NS 14 AN
H; A 3 Normal Cell (Cell_1. Cell_3 il Cell_6)%HEZ 6 ¥k, 45 Hanl 4 . KM CIFAR-10 [#il
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GREE MBI EERTZ M 2% M S RTINS, JEEAT 20 RI, S RIIRE AR R 1 Pos. B8, H=KH
PREGIER I T 95%, 10 28 H AR T84 7> KRIEHF N 97.54%.

Figure 4. Classification network

[E 4. ML

3.2. jHRMSCI®

DU GG AGNAS BERIERFELZL, 73l LA [FIR I BAM HEUR ShuffleUnit #:4E, 1521014
(38 FEEE R B AR 2 Fw o RIS RS 2P I MR ES R %0 2.53%. 451 N BAM BB, MRS
WHEFCT 0.03%:; 45| A ShuffleUnit #A/ERT, MHAEHRZFFEICT 0.04%: MFEE 5| BAM FHUHI
ShuffleUnit #/ERT, MRESRZEBEL T 0.07%. 455REMH, 51N BAM ELEL ShuffleUnit #:1E5 RE6E [
R % SR SN E I, 2 JstERedt— S 2iETt .

Table 1. Confusion matrix
%=1 REEE

Class airplane  automobile  bird cat deer dog frog horse ship truck  Accuracy (%)
airplane 975 0 3 2 2 0 0 0 15 3 97.5
automobile 0 987 0 0 1 0 0 0 1 11 98.7
bird 2 0 972 6 4 5 10 0 1 0 97.2
cat 1 1 2 947 5 35 6 1 2 0 94.7
deer 0 0 3 8 980 4 2 3 0 0 98.0
dog 1 1 4 31 6 954 0 3 0 0 95.4
frog 0 0 3 1 1 1 994 0 0 0 99.4
horse 0 0 1 4 2 6 0 987 0 0 98.7
ship 8 7 2 0 0 0 1 0 982 0 98.2
truck 1 17 0 0 0 0 1 0 5 976 97.6
Total 97.54
Table 2. Results of the ablation experiment
2. HAASLIEEER
Baseline BAM ShuffleUnit Test error (%)]
V 2.53
V V 2.49
J J 2.50
V V V 2.46
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3.3. SHftGERIILE

WA HA 5 AT L, S TR I IRAR R R L B SRR R R A R EE R 3
TRo FEFETARHR 1 2R BRI 28 K1 % 7572 (NASNet-A [14]. AmoebaNet-B [2]. PNAS [15]F1 ENAS [3])
H1, NASNet-A 1 AmoebaNet-B i Ff 75 i [¥1-F 3 MIHAAS 2 26 5 A B T 2.65%F0 2.55%, (HEATEER
TR BN R K, 40 75 2 1800 A1 3150 GPU K o X B8 7 ik ki it S & 2 ) RL 2% SR EA # R 515,
PRIRVHFEE K o 1025 16 2 (Gradient) 5y 1 224448 2 777 (DARTS [4]. GDAS [5]. PC-DARTS [16]. SGAS
[6]. DARTS + PT [10]#1 AGNAS [11]), Hf/EFIMRERZE Bigs, Hef1rfsgaE . MR EHE,
A AR, Hd, PC-DARTS X7 0.1 GPU K.

S B AR R SR BT R R 1R R A B T 2.46%, FE IR R K 15 FEl 9£0.001%, ZEE N 3.8 M,
HRE AN 0.39 GPU K. HEIAK AGNAS MLL, ACFAMNRESH R R K, 1 H 2K tkaefae.
4b, 1ESHGE ERRRCR F S RIGM AGNAS M. S5HAWEEE TR, PN A R R 15 2 B
B, rbERe o oNEasE, MIAERSER—3E g b, R, 228 B IR, Rkt SR
TR FE, AL Al T B

Table 3. Comparison with other methods

3. SHEMAEMLR

Methods Test error (%) Parameters (M) Search cost (GPU-days) Search algorithm
NASNet-A [14] 2.65 3.3 1800 RL
AmoebaNet-B [2] 2.55 +£0.05 2.8 3150 EA
PNAS [15] 3.41+£0.09 3.2 225 SMBO

ENAS [3] 2.89 4.6 0.5 RL
DARTS (1% order) [4] 3.00+£0.14 3.3 15 Gradient
DARTS (2 order) [4] 2.76 £ 0.09 3.3 4 Gradient
GDAS [5] 2.93 34 0.21 Gradient
PC-DARTS [16] 2.57 £0.07 3.6 0.1 Gradient
SGAS [6] 2.66 +0.24 3.7 0.25 Gradient
DARTS+PT [10] 2.61+0.08 3.0 0.8 Gradient
AGNAS [11] 2.53+0.03 3.6 0.4 Gradient
Ours 2.46 £0.001 3.8 0.39 Gradient

4. BBRE

IO JF IR AGNAS AT, FEAMRAEE 51N BAM JERILE], JEEIN—ANBr ShuffleUnit £
Yo W5, 0 T IZ IS R JE B, JEPRARIE A T BAM JEE JIHLEIAN ShuffleUnit #24F i) AR 2.
SRJ5, £ CIFAR-10 i e FIT e 7 BB 70 SR 55 5288, FRI T 3G iz B8 SR (0 28 H o V8 s B Anoxs bl
SEIGAE KR, ASCHR I RO L R AGNAS BB B SEAIRH) 70 R R A AR 2 1) 70 6P g b
b, EREFH RN IRE . SHEARIN W 2T HE R, ASOTHE AT RIS E

E&ImHE
TE R B BOH L 64 H ARBL R &5 AR TR >3 20224BAB202002.
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