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Abstract ; Neural Architecture Search( NAS)is a key technology for deep learning automation,but its high computational cost severely
limits its practical applications. Traditional methods require complete training for each candidate architecture,resulting in a time-consu-
ming and resource intensive search process. This article proposes a progressive multi fidelity neural architecture search method ( PMF-
NAS} ,which achieves efficient architecture search through a three-stage progressive strategy. PMF-NAS uses low fidelity to quickly e-
valuate and identify high potential areas during the global exploration phase ,uses medium fidelity to refine the search within a reduced
space during the area search phase,and performs high fidelity validation on the optimal candidate during the fine optimization phase.
The core of this method is a performance predictor based on early training features,which can accurately predict the final performance
of the architecture and avoid a large amount of ineffective computation. At the same time,an adaptive resource allocation mechanism is
introduced to dynamically adjust the evaluation investment based on the potential and uncertainty of the architecture. Experiments have
shown that PMF-NAS can complete searches in 8 ~9 hours in a single GPU environment, while achieving optimal or near optimal ac-
curacy on multiple datasets. Text provides a practical solution for neural architecture search in resource constrained environments,re-
ducing the application threshold of NAS technology and potentially promoting its application in a wider range of fields.
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2.1.1 ZHsappIRGg fﬁ%g i SepConv5 x5 depth + point wise O(CHW(C +25))
B HITA LRI TE NI T 580, VIR IE PMF-  ihit#RfF MaxPoold x3 stride =1,padding=1 O(9HW)
NAS FEREIEAZ FRACHF B 1058 M. T8 4R 0 B f0.95 : Intel Core  MAEERIE AvgPoold x3  stride=1,padding =1  O(9HW)
i7-14700KF Zh 78 2% (20 #% 28 4B 72, JLRU 47 % 3. 4GHz),  EHHRE Idenity AT o(1)
NVIDIA GeForce RTX 5090 55 (32GB GDDR7 B77) ,64GB  (Licbfl: Zero R 0(0)
DDR5-6400 7E, L J2 2TB NVMe SSD F74k. 5 fth 57 55 5 T 55 W
Ubuntu 22.04 LTS #4E £ %, CUDA 12. 1 il cuDNN 8. 9. 2. Table 5 Additional architecture selection
fﬁ??"iii}ijngyTorch 2.1.0, 452155 o0 Python 3. 10. a0 o T Py
-1 4 ReLU, Swish, GE- PP
ST 3 4L AN BRI OR s T W Zﬁﬁzﬂn:’f}tﬂrﬁ
PME-NAS 51 RE: H—f Norm,Grou’pNoZm BatchNorm bS] 32p .
1) CIFAR-10 - R None, SE,CBAM None P 3 T
36 60000 7 32 x32 HEER, 430 10 MKF Ylgige  BR o o EA .
50000 7, WHL4E 10000 7. WIS rH BEBLARAR 000 Teffyy Mtk poconeton,  Bowaciva (LA AR I I
Boriie e F T AR M 2 A b A RE DA BRI R ORISR 48
BENLKV B4 BENLRDY (B 4 QRS RITI 32 x32) 47— DHEALIRE (DAG).

HEAb (#{H [ 0. 4914, 0. 4822, 0. 4465 |, 47 #E & [ 0.2023,
0.1994,0.2010]).

2) CIFAR-100

5 CIFAR-10 #LEAH [RIE 4D 7 100 kL RE 285, 52840
600 FRIEIR , WAEE W RHE = > BB T EOR i BUR WAL 5
CIFAR-10 {f45— 2, BiF4E R4k 5000 7§,

3) ImageNet-1K

£ 128 YN E B A 5 J7 ik B4R , 3t 1000 4~2831.
FIBPI IR BRG], A SCR BT BIRRPRAR SR 1) FESR A
R B ] ImageNet 1 10% T4 (428 FEHLLESE 130 KA
B) :2) TRV B RS2 B ER R R AL B AO 5 B
MUY 2 224 x 224 BEVLK V-8B BER 8 (B 0.4 X 1
FE 0.4 MFIEE 0. 4) Frntfh(ImageNet BEFMPRAES) .
2.1.3 #EEWMEL

A LB T — AR BR8], 53 R 2 WS R RO

K3 EUMBRME R

Table 3 Macro architecture search space

AR RERE DK i)
MARE  [14,50] 2 BN ST A SRR
VHRIIERC 116,248,640 - 55 | SEBUZIOH LTI
st )01 - MBS R
TRRGE D 0 SRR L

M4 B 3 [ FORFEG I AR

2.1.4 PMF-NAS A H %

PMF-NAS S5l E 20t RGN, IR R M
BERIEZ MBS R TE. S EE T /DL R
AL BT

#6 ZMBHERSHIE
Table 6 Three stage search parameter configuration
ZHRR R2RRR XHIER At
HUFAITA B 800 300 30
pllER 5 15 50
BHRZE S H 0.1 0.1 0.1
ERE ]S fil 22 REXEKE]0.001  ZrBrpiis
i, A 128 256 512
e £ L1 FERE
s X 3 RRUE 5 B RHE
YA AW RREHE i
F7T PERETISRACE
Table 7 Performance predictor configuration
4 SHOLE wiE

HGILE  ONN,3 2, Rt 128 SRR NSRRI
MEkgimda LSTM,2 =, Fgi4els 64 Sl ZishBmA

o 2 J2 MLP,dropout =0.1 %y 4 #ERE T ALA G E 1
EPSERE 5 AMEEL AR R RF x2,NN x2,XGBoost x 1
YR 32 R DT R AR R T
e E S le-3,Adam 0.9 momentum

HHFMAE  F20 MFEs Bi7 b3k TR R

BAEPWNZK, AR RIEFEA AL EFATRMRER, 1R
BIME3 ~ £S5 PR

6 ~ K 8 P EY7E CIFAR-10 Joib 4 | 253 IS R
AL HFTEHANBAR SR BB T 24kt Kb REABIT5 18
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AL15 1) B G BOE A AoRE BE A6 T B8 BT IR0 A 5 2) B
FRIATE LR T4 LA R B0 A8 rP i A 324k 53) IRER S FIUH

K8 BERERERGTREIMSE

Table 8 Search controller and resource allocation parameters

Actor #5444 [256,128,64 ] =R
Critic W 4g&EH [256,128,1] Bl B
Actor 7 3] % 3ec4 Adam {f{L5§
Critic 2f 3] #& le3 Adam 4L 5%
PraET v 0.99 E &gt
GAE-\ 0.95 Pegisiiit-28
BREHB 1.0-0.1 LB PR, 10000 2
6 16 22 50 0.01 BIIRE
BEERY 0.5 B L I R

BT AR DRI R B T .
2.1.5 sk
H TS PMF-NAS [f9PE8E, A SCHESE T 6 FRA
RIEH NAS 7785 B 1 REDUIIR R LB 5 SR o s
BEAALSF ER BRI, B I IR fE A IR R 2 s [l A
RO MHITHEME

Table 9 Overview of comparative methods

Tk 25 B EAR FERH
AmoebaNet B MRt + 22 Totibh)%
Regularized Evolution it{b5ik Fpfedtit + IENI{L (LR

ENAS Ak £%JL5E + REINFORCE 7 &
DARTS B S EESH
GDAS BhEEPLAL Gumbel % Spagdi
ProxylessNAS B BriE A4k HEER

GBS TA TR, il 48— 38 R s MR A B,
AN AT T B R B T OB E R
AR, MK 9 Bios.
2.2 FEXHER

AATRE PMF-NAS HEMES 345 3 MIRE RV E
PEREXS LL, INIE] 4 B, BB 8 R B BAR I 5 IS 1B 1T
HF-BIME IR ZTEEZE 0.3 /N . SR A5 R ER 103K 11
i/~ , PMF-NAS 7E A RRE S M v R 0 B 0, B A T 48
FEHA.

# 10 CIFAR-10 8 REE BRI
Table 10 Comparison of search results on CIFAR-10

I ~ Top-1 Z48 FLOPs A
HEBRR (% ) (M) (M) (GPU/MH)
AmoebaNet 96.12 +0.35 4.9 587 89.6
Regularized Evolution  97.11 £0.21 3.4 465 42.3
ENAS 97.14 £0.18 4.6 523 11.8
DARTS 97.24 +0.15 3.3 501 3.7
GDAS 97.07 £0.19 3.4 497 2.9
ProxylessNAS 97.19 £0.16 5.7 612 7.3
PMF-NAS 97.31 £0.12 3.7 489 8.2

PMF-NAS 7EfTA 54 FH#EE TRERBLEETN
YRR, MIHE R RO EVIE RN 9% £ 4. Mk Hb &
¥ DARTS 1 GDAS, PMF-NAS H#Eff 28T+ B ARR

K(0.07-0.37% ) ,AHM RS REMEE, TEWBE/D.

F 11 CIFAR-100 k48R 55 84T 1
Table 11 Comparison of search results on CIFAR-100
Fs Top-1 Z47 FLOPs R
HEBER (% ) (M) (M) (GPU/hHY)
AmoebaNet 80.24 £0.62 5.3 612 94.2
Regularized Evolution  82.35 +0.38 3.8 489 45.7
ENAS 82.51 £0.41 4.9 548 12.6
DARTS 82.46 £0.33 3.6 524 4.1
GDAS 82.28 £0.37 3.7 516 3.2
ProxylessNAS 82.67 £0.29 6.1 639 7.9
PMF-NAS 82.83 +0.26 4.1 512 8.8
97.50 83
L9725t & X & . * A
é 97.00t ¥ “ " el ¥ -
96.75 2
9650 =K
5'96.25 -3
= 96.00 * E30 °
10' 10° 10' 10°
HREM (GPUMED HWRER (GPUADKD)
(a) CIFAR-10 (b) CIFAR-100
78 *
& LN n ® AN
N A ENAS
: .
§75 * . Proxy
74 = L
10 10
MR (GPU/BMED
(c) ImageNet

B4 R[F NAS Jiiife 3 T
4 FRH R SRR 1L
Fig.4 Comparison of search efficiency and performance
of different NAS methods on three benchmark datasets

2.3 HERIRLSM
TRAGH ST RABRYE, AN ST EELE T I
BRI A, nE 5 R,

R 12 FHAERBEEIRA H (CIFAR-10)
Table 12 Comparison of detailed search
efficiency indicators ( CIFAR-10)

I L Trﬁﬂ:ﬁ FUFLOPs  pyfeidf F{% ELfil
BB ] (4r9p) (BFLOPs)  (GB) (%)

AmochaNet 100 53.8 8.92 18.3 0

gjgf&flf;ied 500 5.1 4.21 16.7 28.4
ENAS ~1000 0.7 1.17 2.1 N/A
DARTS Esetiie N/A 0.37 19.4 N/A
GDAS Esetiie N/A 0.29 15.2 N/A
ProxylessNAS  $5%eifl N/A 0.73 17.8 N/A
PMF-NAS 1130 0.44 0.82 16.9 67.3

N2 12 fiR ,PMF-NAS 353 8 dE XA S Se 8l 7 &
BB FH. A B B A AP AR B A bR B i H YR 2R
Hy RS TAEARR AL LB IR B A HIER B AR,
67. 3% KSR My i R HLAI SR T L LR PPAG , S 31T T 72%
AR R ).
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SRR, B IR 5 A epoch, PERE B 5 8L BB IS F
0.83 MAHKR R B (A 13 fran ), LRG| 85. 7% M
10% 224 X HAE 7RI INGAHE A T RE T A Ak

o R (F—1)

BGPUN (H—f)  E
1207 g0 3.9 & 23525
100 2
g 80 ~ 10 500 epochs
£ bl 2 20h B 4735
T 49 300 T
:’E 20 30 ;\!;101 10.3s
ORRE XBREENARAL T SRR XA
(a) BUrBOTMHARMEERESGPU  (b) B BOT Y
I T EK A — A3 b, SR BB SR B )
Tt PP 50 s BT O A0 B A ot B

K5 PMF-NAS = [ B8 35 1 5T IR 2 B 2 B
Fig.5 Resource allocation analysis of PMF-NAS
three-stage search strategy

RA3 NTRIPEAR PRI A BN o

Table 13  Prediction accuracy of different evaluation fidelity

N 15 fizs ,PME-NAS AR E] TR AR, 1
RIS LRI . 5 HE5 EAH T ) ProxylessNAS 7§
Lt ,PMF-NAS ) 2244 2 $0 5 Jk /0> 28. 8% , #ff: B 5 3R B {I%
27.8% S FERFHELERX.

KIS MM

Table 15  Architecture structure analysis

WHIFE PMF-NAS DARTS Evolution iEH
RMBEE 22 20 26 MR
WG 48 36 64 Bk
Ty Es b e
BRI 1% 83% 45% SR ]
BRERERE 8 14 5 BREE R

FRFEEM 173,273 1/2,3/4  1/4,1/2 3/4 ${E B S50 8

PMFE-NAS 5[] T 1e 43 i S5 U B (1 I 8 454 , 30740 FH
FRvEBTURIIR AL 1] 205 A0, XA iR 7E HE i R AN R 22 1]
AR T RV,

2.5 HmASRIG

A B Y — B 10% 44 i HEUE PMF-NAS £ 4L /F 0 5T Mk, 4= SCHEAT T REENTH
Ll v KRB BE(R) HE(%) MAE BsCLg.
3 0.71 68.3 72.1 2.84
5 0.83 79.6 85.7 1.92 £ 16 CHELFHYTERBTSE (CIFAR-10)
10 0.91 87.2 93.4 1.31 Table 16  Ablation study of key components( CIFAR-10)
15 0.94 91.5 96.8 0.97 Top-1 2 i 4 \
50 0.98 97.3 99,2 0.43 A FEHH%( %) ﬁ(g/%ﬁﬂ?)j RN PERET R
PERE B
2.4 ZEHMRESH PMF-NAS 97.3120.12 8.2  1.00x
AT AN PMP-NAS R BB SN BE L& -HEBE T B8 96.84+0.28 31.6  3.85x 0.47%
W, IS HA EHEATXS L, iR 14 B 6 . A A 97.03£0.24 9.1  1.11x 0.28%
£ 14 RO ABRSAR (ImageNet) A
Table 14 Detailed performance indicators of PME-NAS 97.310.12 8.2 1.00
the optimal architecture ( TmageNet) AR 96.92£0.31  14.3 1.74% 0.39%
. TopT Tops BE FLOF E TIH WiALZS 4 96.37 ‘10.‘43 8.9 1.09x 0.64%
(%) (%) (M) (G) (ms) (images/s) BRI
AmoebaNet 74.9 92.1 5.4 0.82 3.21 312 PMF-NAS 97.31+0.12 8.2  1.00x
Regularized Evolution 77.4 93.6 7.1 1.13 4,15 241 -ELEHL 97.18 +0.19 18.7 2.28% -0.13%
ENAS 7.2 93.5 5.6 091 3.38 29 BASEARR(10)  97.2120.17 224 2.73x  0.10%
DARTS 76.9 93.4 4.7 0.76 2.89 346
GDAS 76.5 932 4.8 078 294 340 WE T S AFE SRR T B BRAN R 444 X HE
ProxylessNAS 77.5 93.7 7.3 1.19 4.32 231 SRR B RO SRS B . DRI T
PMF-NAS 77.8 93.9 5.2 0.84 3.12 321

® AN ARE ¥ ENAS *DARTS m GDAS # Proxy* PMF-NAS

~]
oC
(¥
=
o0
w

o3 I OL L ¢
ter] . - [ ] 1 . -
PN
T s
5750 8750
Sorasy .‘. R .’. .
7400506070809101112 403 4 5 6 7
iHE & (GFLOPs) ZHEM)
(a) R R ST E ORI ESS
(GFLOPs) WAL SH R

B 6 PMF-NAS 7£ ImageNet $ifidk |92 BARL LN RACHTHT
Fig.6 Multi objective optimization Pareto front of
PMFE-NAS on ImageNet dataset

PERE T el BB RBCE. , B 1 A 2H R EE AP AR Y TR

THRSCI R, ANk 16 B/ P AB B AR % PME-NAS
HO BTk R K , B R PR BE U 2% T S0 R 18] A2 JGLR B 3. 85
Bk 1 HAE AR R AR DR . (R R MRS R X
IRLEZEMELE /N, (B30 £ ¢ 1 B8 B2 i B2, BB L = 1) s 47 5 3K
0. 64% fRPERE T I, R BT HE A S R HE R 2w
RO R E R IR AR, LGRS SIS R H
RV T 56% 1 63 % K18 F i [8] , T %7 MR 2R /. X
FEEHLE A 15 T FE 7R T PMIF-NAS 2% 20 {4 (50 AR 6 T 22 4
PERETM R R IET A S, Bt AR ROME TR, T
BORMACT HE— B AR T IR RA

A BE T T B A 5 MERE
Pt , RN S T BT .
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2.6 ZALIEFAE
PPl PMF-NAS 764 5] 3¢ B T RIZ AL BB J7, AL 45 A 6] £

PR RS A A
PMF-NASTH B sZi &
R Loo HWREE
97.4197.31 LOfI 0.90

#9721 7. 18 2208}
@97.0 . 96.92 %0-6 T 044
#96.8 =04 0 26 ﬂ

02t

0.0

96 84
96.61

e %Tﬁ FH AT
75 WA 1 BUE i

s %Tﬁ W AT
Tk Wles Ak BeE 2

Bk SR
Lol L2 Lol 0.54 099 0.97
29 0.8F 074 077 208
Jm
#H o6} ﬁ06
E 0.4F EO 4+
0.2F 02
00 s ﬁﬁ mf R
Jrik ss i BT T 7:7&“: @J%% Jﬁiﬁ EFE‘* ek f*:“

[hEiscdy
Loo 0.86 094

1.0
22 08 069 0.77
g 0.6
g o4
02
0.0

e In"ﬁ IﬁT T A
Tk Wi B e e

B7 PMF-NAS SCHEA TR TH B SE 45 R
Fig.7 Ablation experiment results of
key components of PMF-NAS

RNT IR TR ARG B AR
Table 17 Effects of different predictor configurations
L. i3 Top-1 2% st
AR SEh mmen) O
B —BEBLERAR 0.76 96. 89 10.3
R 0.79 96.97 9.8
3 AU, 0.85 97.18 8.7
5 FEARVEE B (BRIN) 0.88 97.31 8.2
7 BB 0.89 97.33 8.5

18 BSHURSTRIERE
Table 18 Cross dataset migration performance

HETE  HEE ABE TE
IHEER— HIR () g (%) Memi(% ) Bk

CIFAR-10—CIFAR-100 79.83 82.41 82.83 0.86
CIFAR-100—CIFAR-10 96.72 97.24 97.31 0.92
CIFAR-10—ImageNet 71.24 76.93 77.82 0.77
ImageNet—CIFAR-10 96.93 97.28 97.31 0.94

18 TR = IR HER R/ ML R R, 4R
#*H],PMF-NAS B WA EA RIF TR Sl 2 AR
#8155 (TmageNet) 2| fij F4L 55 ( CIFAR ) BIE B BOR IR AF, T
VRS TR 94% kR

Pk B Ron AR [A] GPU B[] B35 (124 /A ) T 2% 05 3k
B RER RN 8 BT/, PME-NAS (Z£14%) 7E B A B T 0
B, HEAEMRBE R 8.

PME-NAS 7E AR 1% 2 25 ] o j9 L S N 2., 43k

19 Frans 845 T Holi dE X R me g A i B B R g1
R

£ 96
B 95 —e— AmoebaNet
&= —e— DARTS
94 —a— Reg Evolution
= - GDAS

29 —— ENAS

=92 —&— PMF-NAS

1 1 1 1
2 4 ]2 ]6 24

SRR (GPUMD
B8 ARSI T A

Fig.8 Performance under different computational budgets

K19 [l ER A B R AR I 1
Table 19 Adaptability of different search space sizes
s PMF-NAS DARTS Evolution
BRENAR  ein o) MeR(%)  MER(%)
JNEL(1012) 96.84 £0.15 96.91 +0.18 96.72 £0.23
rh#EI(10%%) 97.16 £0.13  97.08 +0.19 96.94 £0.26
KE(10%) 97.31+£0.12  96.87 £0.24 97.11 £0.21

2.7 FIHRRESH

PMF-NAS fy#iifts0UPAG A B E_— 12 Bk Rl 2,
BN M = (S,A,P,R,y). X FH 2B LM 6 (o,
t) <P(0,t,), Vi, <t, FIFEBIATH P Corr[P(0,tey, ) P
(0,t50m) ] > p >0 AL, drt A REE LR bl 2R IR AL
NLP A8 SRR EII 95  GNN T 5 23 SRR 55 ik I 2
XA, RIZ T B B s U A BB SR

PERETIIN 28 19 12 1 PR B e T R A1E 25 1] 1) AS A2 #. PMF-
NAS SR AHX AR (O 26 FRERR 1, = (4 - £4,)/4,) ) TH
B THEST ROBEE IR, L2 0 e i BE 45 50 W R B AR 55 AR HE SR
) b(x) —d(x2) ||, <e. NBIS R T ETHX A
FHE ) IO B AE A [F] SR 5 R i SR A

ARG B R B H AT R g DAG Fry4H &k
14:G = (V,E,0).CNN [ |22k 45+ . Transformer [ £ L=
71 GNN HJiH A28 X AT Wi B I HE SR, 8 W B F 4R O
RV RT S SR S, T B R AMER (R B S B RIEE)
FE A R ST EL A AR U A, FT AR 2R e Y AT R 4

25 BT MR B PMF-NAS HA B 5& 1, SR T, B8 4
BN FIATEAR A PR 1) 2 BB AT B R X Comr [ P
(0, tey ,P(0,t50) ) | > p BIIRIE p F77E B2 ) SUBAR M.
TERRAL2E S SF AL R R - R B AR 55 0 B ek T RE S
RAMMEREER T, BRI R A G mAHRILF LR (p=
0);2) ARMEMEM RN T EEERER, BRS
FALSh, E R IR A B AR A0 , TR B UL S B BUE
5P IRFE R T REAR AR , (7S W 2R AR IR I RO R R R
RS PR T R B R R AE A LS R CNN Y
AR EE H O(CHW) g, T Transformer 3y O (L?d)
(L AP ) ,GNN U OCIEId) (1EIHIA%0) , X
Bt S BUER — R IR 4T B R WS R AL, T HmAT B R 8k
TR PERL IR BE 25 5 55 VT, A [R] St iy WA A0 B 2 S (A I e 1y
=B B epoch BEANFSE ], Lh il NLP #AIT] GE R E 4G T
CV Ml RECA eI E i HERR a3
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PATIY RAE D B S ePLEe 2 S B R EH R, S 5
PR R A T2 B ] 249 T 52 B b . 4SBT 48 H 19 PME-NAS
JrgE SR AR, IR T X — LBk
MR SCI S B, PME-NAS 7R84 GPU 48 T 8.2 /NGy A
AT SRR R M ZR I R M G RSB T 10 R R
Jini# , [FlAT#E CIFAR-10. CIFAR-100 F) ImageNet $(32 4 3
KRB T BB T Bl A HER R, %O BB BB EE T
D) ET BRI SR AE i P Be TN ML, M T K280t
F32) ZRrBEiE SR R RS, LW TR HEE LA
3) Z BiniAbiE SR, SR 400 T a2 530 3R 2 6] (1 R TS AU
b AR EAEAT /M S ABTRE R AE R BRI T
HFT BRI P A R S T ALBOR IR E L.

SR, PME-NAS {54745 — & o BR M. o MR 25 11
BB TUISREEE MR R 2 R0, AL 23 R4
FIRETR B EHIGR ; MR 15 B4 BR S BE501L, 1]
HA IR (U0 ARG T CE B EMN ) MEBR T i — 5
st RS H IR E—E WX AN, BEa 31N
MRV UG ). RRFRFTTLRE: D) E T
PIEAESPERE TN ;2) A5 B R s A B ShA ;3 ) 1 )
GRS R IRAZE M R, FE X EEAR AR,
Ff NAS BB ELIE R M A TR BN A E b TR A& AT
Bl iy AL BT HRASE K.

References:

[ 1] Lecun Y,Bengio Y, Hinton G. Deep learning[ J]. Nature ,2015,521
(7553) :436-444.

[ 2] He K,Zhang X ,Ren S, et al. Deep residual learning for image rec-
ognition [ C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition,2016.770-778.

[3] WUJH,LIK Y,CHEN L X, et al. A survey on neural architecture
search techniques[ J]. Application Research of Computers,2025,42
(1).11-18.

[ 4] Zoph B,Le Q V. Neural architecture search with reinforcement learning
[T]arXiv preprint arXiv:1611.01578,2016.

[ 5] Salmani Pour Avval S,Eskue N D, Groves R M, et al. Systematic
review on neural architecture search[ J]. Artificial Intelligence Re-
view,2025,58(3) :73,doi:10. 1007/510462-024-11058-w.

[ 6 ] Real E,Aggarwal A, Huang Y et al. Regularized evolution for im-
age classifier architecture search [ C]//Proceedings of the AAAI
Conference on Artificial Intelligence,2019:4780-4789.

[ 7 ] Poyser M,Breckon T P. Neural architecture search;a contemporary
literature review for computer vision applications[ J]. Pattern Rec-
ognition, 2024 ,147 ;110052.

[ 8 ] Salehin I,Islam M S,Saha P, et al. AutoML ;a systematic review on
automated machine learning with neural architecture search [ J].
Journal of Information and Intelligence 2024 ,2(1) ;52-81.

[ 9 ] Pham H,Guan M, Zoph B,et al. Efficient neural architecture search
via parameters sharing|[ C]//International Conference on Machine
Learning ,2018 ;4095-4104.

[10] Guo Z,Zhang X,Mu H, et al. Single path one-shot neural architec-
ture search with uniform sampling[ C]//European Conference on
Computer Vision,2020 :544-560.

[11] Chu X,Zhang B,Xu R. FairNAS . rethinking evaluation fairness of
weight sharing neural architecture search[ C]//Proceedings of the
IEEE International Conference on Computer Vision,2021:12239-12248.

[12] Liu H, Simonyan K, Yang Y. DARTS; differentiable architecture
search[ J]. arXiv preprint arXiv1806.09055,2018.

[13] Xu Y,Xie L,Zhang X, et al. PC-DARTS: partial channel connec-
tions for memory-efficient architecture search[J]. arXiv preprint
arXiv;1907.05737,2019.

[14] Dong X,Yang Y. Searching for a robust neural architecture in four
gpu hours[ C]//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition,2019:1761-1770.

[15] YANG J,LIN Y J,ZHOU P. Differentiable graph neural architec-
ture search based on relational features[ J]. Journal of Beijing Uni-
versity of Aeronautics and Astronautics,2025:1-17,doi.10. 13700/
j. bh. 1001-5965-2024-0794.

[16] JIANG P C,XUE Y. Evolutionary neural architecture search meth-
od based on ranking score prediction[ J]. Chinese Journal of Com-
puters 2024 ,47(11) ;2522-2535.

[17] Luo R, Tian F,Qin T,et al. Neural architecture optimization[ C]//
Advances in Neural Information Processing Systems,2018.7816-7827.

[18] Li G,Hoang D,Bhardwaj K ,et al. Zero-shot neural architecture search;
challenges, solutions ,and opportunities J ]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence ,2024 ,46(12) :7618-7635.

[19] Han X,Xue Y,Wang Z,et al. SaDENAS . a self-adaptive differenti-
al evolution algorithm for neural architecture search[ J]. Swarm and
Evolutionary Computation,2024 ,91:101736.

[20] Song X,Lv Z,Fan ], et al. Evolutionary multi-objective spiking
neural architecture search for image classification[ J]. IEEE Trans-
actions on Evolutionary Computation, 2025, doi:10. 1109/TEVC.
2025.3528471.

[21] Cai H,Zhu L, Han S. ProxylessNAS: direct neural architecture
search on target task and hardware[ J]. arXiv preprint arXiv;1812.
00332,2018.

[22] Tan M,Chen B,Pang R, et al. MnasNet; platform-aware neural ar-
chitecture search for mobile[ C]//Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition,2019:2820-2828.

[23] Lupién M,Cruz N C,Ortigosa E M, et al. A holistic approach for
resource-constrained neural network architecture search [ J]. Ap-
plied Soft Computing, 2025; 112832, doi: 10. 1016/j. asoc.
2025.112832.

[24] Cai H,Gan C,Wang T,et al. Once-for-all ; train one network and spe-
cialize it for efficient deployment[ C]//International Conference on
Learning Representations,2020,doi : 10. 48550/ arXiv. 1908. 09791.

[25] Xu Z,Wu J. Contrastive meta-reinforcement learning for heteroge-
neous graph neural architecture search[ J]. Expert Systems with
Applications ,2025 ,260 ;125433.

[26] REN P Z,LIANG X D,CHANG X 7, et al. Neural architecture
search on temporal convolutions for complex action recognition
[T]. Journal of Computer Research and Development, 2025, 62
(8):1862-1874.

[27] Salehin T,Islam M S, Saha P, et al. AutoML:a systematic review on
automated machine learning with neural architecture search[J].
Journal of Information and Intelligence ,2024,2(1) :52-81.

[28] Yu K, Sciuto C,Jaggi M, et al. Evaluating the search phase of neu-
ral architecture search [ J]. arXiv preprint arXiv: 1902.
08142,2019.

[29] Zela A, Siems J, Zimmer L, et al. Understanding and robustifying
differentiable architecture search [ J]. arXiv preprint arXiv;1909.
09656,2019.

[30] Ning X,Zheng Y,Zhao T,et al. A generic graph-based neural ar-
chitecture encoding scheme for predictor-based NAS[ C]//Europe-
an Conference on Computer Vision,2021:189-204.

Mt RSB SOk

[ 3] R, ZERDF, T, % MW READIRESR[T]. i
ML FIRFST 2025 ,42(1) ;11-18.

[15] 4 75, Mg, J 5. FE T CRFE M T i w2 2R A 8 R
[T, b 5THE 2 i S 3 #2025 . 1-17, doi; 10. 13700/]. bh.
1001-5965. 2024. 0794.

[16] WHSHER, B . I FHE 7420 U B e 28 9 R 5 ik
[T]. PHEHLEE 2024 ,47(11) 25222535,

[26] {LHSEL, BT, WIRZE 4. B PR IR S0 R IR 2
SHERMLT]. BN S & R ,2025,62(8) :1862-1874.





