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Research progress and future prospects of
neural architecture search

REN Zhiyuan’, ZHOU Shijie, and LIU Qihe

(School of Information and Software Engineering, University of Electronic Science and Technology of China, Chengdu 610054, China)

Abstract: To address the challenges of low efficiency and difficulty in optimizing manually designed neural
network architectures, this paper reviews the research progress in neural architecture search (NAS) in recent years.
Different from traditional reviews that often analyze NAS components individually, this paper builds a three-
dimensional review framework based on NAS literature published since 2017, which includes core methods, multi-
objective optimization, and cross-domain collaboration. Through analysis, five core NAS methods are identified:
Reinforcement learning, evolutionary algorithms, gradient-based optimization, zero-cost proxies, and one-shot
training. The corresponding multi-objective optimization strategies for these methods are analyzed, and cross-
domain collaboration mechanisms are discussed from two aspects: hardware architecture integration and domain-
specific knowledge fusion. Using this three-dimensional analysis framework, the paper describes the evolutionary
patterns of NAS technologies, identifies technical challenges and future research directions in core NAS methods,
multi-objective optimization, and cross-domain collaboration, and provides references for solving the problems of
existing approaches. This contributes to the further development of NAS technologies.
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25 D0 245 8 K4 1) 7 72 NAS-RL, B UK 9 4k 2% >
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NAS-RL Fl MetaQNN #ik y7& NAS AU ) 554K

2018 4, NAS JERLT 3 KRBER. HMRT
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AR R, A B SMAE M E R TR T — M AL
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2 28 ZER I E SRR . SCHR [66] 3 1T Il ZR AN
2 — M Once for All B MI2%, LASCHRRAS R
A1 & B

NAS-RL NASNet
MetaQNN  ENAS DARTS

AutoML-Zero
Once for All
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A, 0RBHIZISE af B 4 584
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VoJ(0) = Es~s,[Vglogde(a)R(a)] 2
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TR, 8 SRS HE AR S5, SRR UE
AN RNE S, B8 T RL-NAS FEATEA.
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JIEEEANL T RL 5 NAS (PR GAE LS, 30U T
3114 B 28 B A [ el A7
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AR, 75T REFERANI NAS PEAGR R .

AU FIBRAL 22 5] NAS A RHEE &1 5537 5 52 il
RL 2 5K0% . WisCik [72] 3#2H T E2GAN, HF&
RO AR BN BT 4% (generative adversarial network,
GAN) ZEH2t. 4 GAN B8 & o) A oy o
IRAT RIS RE,  Bv B 25 A1 2 AL S~
KA, R GAN VI ZRA e PR 5 S0 48 2 2k 240
B, SCHR [73] 32 T GraphNAS, —FpETomih 2
ST B X 48 B R 3R 2R T, A AR TR A R R 1)
S AY 2 S SIS Y 2%, G T A/ G i s B P b 2
W26 BRI E B AR G, SR T A% 90 CNN/RNN 2244
HWRIBF . sk 2% 3] NAS /8 7 NAS M
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IENPE 2 M2 REAR
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JNIE NS R AL CnBGIE SR HER R o @
%, PP IEIR A

BT AL E TR NAS 235 AR B3 4 B 5 Rt
WEEHEAERAHT . 2 RS HIRLA ML 40
R RS R . ITERCRIRARA 4 2.

A S A AT St T GRis AR I
PRS2 XU WnsClk [74] $H T2,
GINFEDR AR08 M sk g A R AR, il I R 1R
TIMLH LI IE A, ARk fb F 20 . SCHER [75]
P T ATRGE R R L g A, B ERIME R
NI ARAY,  SEELEE A S S B R T B E
SCHR [76] TR T MR N TR A SRR, TERABH T
g N TR R, SR AR Z A EIR R AR ). 1AL
S EEE A R T % Goist A% B R A a AL A
Bk, @r 7 bR EEIR A AR T IE .

% Hir 5 BIRL AR ERHAE L R AR R H A
A ZFEAHLE] . WiSCHk [77] $2HH T LEMONADE,
—FhZ Bt A NS IR R, did it S
AR SCI T AR Gk K, W RS T -S4
- = HARILIA R . SRk [78] #&H T EcoNAS,
—Fh 25 m U A NAS T3, it 4 2R BT
AR, AR S bR R IR L R I G Rl . S
Bk [79] #2H T MFENAS, —7Fh £ K74k #4542
PR A, B2 G 2R ) A A
PR -5 R 1 T2 YR FE 9 AN ST IR 7 AT 45 SR i R T3
DUPERE RN YR TEFEZ AP . 2 B AR BEIRLIR
AN, T 25T REFE RN I HE A8 AT AG AR i, 5K
BT % HAsA RIS P4 .

UL FH 2R A3 R S R e AT 55 A R
7% 1R 50 R FE B A A SOk [80] #2tH T ME-HDSS,
— i F T A 4 R O B 45 M R A 2 B A 48
REVE, £ DenseNet 35 W 25 45 BUAIC AL, 15 4E Bk ik
EREEN, VTR R AE RN TR, AR IR
FLE PR T RAKIR D THR S A . SCik [81] $2HH
T Genetic-GNN, 4] 73 [&] 1o 25 WX 2% 7 100 B A 4
R, B ERINEI R AR R H . Sk [82]

FEH T E2GAN, K5 GAN Z: il 2% /) ) 28 2E Fy 48 %
SRR P A AR, B Re s R T 1 1038 N bR
. SURL ABEM RY R T 2k NAS BN H
56, G T AU R IR BN AR R A A 2R

T R AR T B AR @ i AR AR B /A S
LIPS A . WsCik [83] 24 T BONAS, £E5%
DU S AR AL O 28R P e, 4 A A E SR Sl
ik 2L DPA . Sk [84] 34 T PRE-NAS, #
TH RO 5 4 B B A TG AL, dE e v R A EE 4
Ak 80% YILRTT4Y . SCHk [85] $2H T NPENAS,
WIS 5| ST, R EE e R %
FEAK 67%.0 THERCRIETH AR TR 7 EIE A
Y E My %, o T ARBRRY AT (S 5 R
BRI B AL o

BEAh, I — Le R AT o I T A I
NAS FET TR TAE. WisCHk [86] #2H T
CARS, i EIER MR R E LR, K
RS ARG, AR AL I A2 o R F A — AR 2
FIR AR . SCHR [87] R T —FhH TR EE 2
T 5% W 288 BE R A A B95 . T I SRR AR AR RN 8 Eh 1%
THRFERF AR IRR . Uk [88] $2h T—
Tl AR R I 28 BER AR R 75, R T —Foi it
o IERARTT 5, B N BT 500 RS &t
B, 56— SRR RIS RS RS
6], ISR R IR S BT 2 . SRk [89]
R T M T EUR B R AT S A A SR 4 R T
% B EACEVETE A BRI SRR T m R &
R 2% 206 . SCHR [90] $2 HY T — i 3k -k v A
WAETIE SRR ) 7%, AT 4E5, Rl
B TE RS2 BRI N 3 & b S B g AT . S
Bk [917 42 1 T EvoNAS-TL, —FhpipBGHEfb 2
MR RS, H TR h NS5 .
SCHR [92] $e T — kA v, T SERT BRI R A
B R, CEAR AT M R 1Y [F) I 98020 A H 67 2
SCHR [93] 38 i A SR AL A IR FE R e 58 (deep
image prior, DIP) ¥ 4% [ 2w ih 25— i 2% 45 74 Al o
28, T MATRALEERGEEE., B2
HIHE 73 9 24T 45 T () DIP 1 BE #0242 2 My 48 R 1
Ko SCHR [94] $EH T —FhBET L BEVE I 20014
R, HTHRESERMY (graph convolutional
network, GCNs) , LLFtilll Fashion-MNIST F1 NAS-
Bench-101 $5 42 (9 W48 M R . S8 REF FH IE 4k
BB B, R R R 2 A% GCNs 1)
TR o SCHR [95] F AR BEAR Y 4 R B8 4% Sk
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T T YIS AR RS BN T A5 AR ok 20 I 2 A e ] e
R ZAB S A, i 2 PP I A

FEF L E R NAS B 752 A2 118 2 28 (A
Wk B A R g, BLAT DR X 2 ANAMAREEAT VT
AL, (HRIFETR B G R BRI, T3
TRMEFER, IF BB SR 58 B AR T S 50k
B MR ORISR o Ak, MLk
TRERAT L, HEEISCEERE. i,
WEFEFA L T 2 Fpal k. SR [96] dEid
15 SR Dk D I RS . SCHR [97] $2H T NSGA- 11T,
SEA L SV FE AL SR AT Btk . SR [64)
P T AT ZE M8 R DARTS, K8 2 5 1) ¢
o, AR BE R B s A R A . STk [98] 1R
¥ MOEA/D, [FIHACALPEREFI TR AL
23 ETHREMILEI NAS

FETH0 FE AR A A0 22 W0 2 B i 48 2R — i i
AN NN R WA T2 -2 Y A NS P S R
b2 S s SR R T IR AN, SR TR FE AL I
NAS 5 B 1 2% ) R A R ade SRAR Ak )8, AT
REWS w8 R AR N 4 454, Al 6 Fiom e

A X GGl Yap 2 d—> B PR CE e

o fl ek 54 w

K6 ZETHEEMILT NAS

HE, WIS ITA A RE T MM 2%, bl
DWW IS AL, R4 €SS HCT, IR
OB, SRS 8 P A, GBI BR R T A 2
S8, TEHMUM BB EME S, B RIS
BJE IR G 2R S5, R PRI T 2%

He TR LA NAS 7] BUE A 8 — A WUZ
HEAL i)

min Ly (w°, @)

st @ = argmin Ligin (w,@) @)
w

X, 2B SHG WM Ligin M1 Lya 77
pilp IR SN roah s S i Uk NS E A O i bR i) e
J7iE, RIS A X

W — W =1V Lirain (0, @)

@ — a—1eVeLya (W, ) Q)

i noMne 70 BB RGA S H 22 3R

BT BRI NAS $H R 28 T 43 9 m]
AR REERIHESS . FRACEMAEIAR . BIEE
WoR. 2 Hbs 59U80E MY R LB TE
B 5 2o AT R EERIAE S G ST T B ST
M EHATE. Q0SCHk [99] 8 T SNAS, &l
SRy sr A um 2 il g%, 18Id Gumbel-Softmax SE
U A R S hA S . SCHR [64] 24 T DARTS,
TE SRR LS, @i U2 Bk AR AL 1R 20 58
RIS H G N KRR TR, S i A A 2 R 4% B 4
. HR [100] 2 T MiLeNAS, —fhiEidiE &
PARAARE AZ AR MR P NAS 7] 81 1 248 52 4
WRITE, A REGEAZRAL BT LT SR R
W AITAE RALRIHELEBEE [ AT Il NAS #5722
VSR, AT R A R WS AL

MR BCEMNUBAR RS AEEFRE, st
Fi. fnCik [101] #2H T ProxylessNAS, —Ff{ii
Skt AT B GRS S SRR RO vE, Wi
B AHATRES, KN A G BRI 92%. SCHR [102]
& H T DMaskingNAS, WilshZ&SHEALE], CFr
TEZS (M ABIEAEE F AR, MR 7155
AT 22 2R R 4 R W A S I A, SCHR [103] 42
H T StacNAS, —Fpfae H—20nl il £ 4k 4%
R, 1 TRER— AR, A ]
Tl NAS HHSUZ A AE R . AHSCERAE I 2 B L2k
P I 8 DL R 8 2R B B S B RN GBI B A B 2 P 1)
ANVUHC ] R o 48 2R AR AR RBL T 88 W 2 N A7
) TR T %, 18T TR R AR e M 5 8
M

FOEE PR PER R T PE R I S AR
WISCHR [104] #2H T Single-DARTS, 4% #2104k
MEZE, fRUXUZRAGHEZE 5] R B FE Ph SR 1) /. SC
Mk [105] $#2H T B-Decay, —FhIEMML 5, LR
S 22 2 B AN T 22 AR Al R dt AR A 7R
MIMHE R DARTS (& EHEATZILEE . SCHR [106]
JEH T ADARTS, —Ff T3 2 JI LI 350 5 il
EERE I, T E Y DARTS H i P 68 i 35t 19
. ADARTS 5| NyE & Syl ik BEALE], |45
PEIRA A5, REERBAFEMNENHE, &
EE R SR ST T A i NAS 2R 05 2 4 i 3
w, I T A -SHRR AL EOR

Z B S5AEUERCY R R 1 1 —HE AR
M. fnSCHEk [107] 25 T NSGANetV2, #4aA: plott
Praliy RACAb 28, SCUUR - e SN = H
PrF1 . SCHR [108] $2H T FedNAS, — FhECHS#f
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BRI R AU, 6 H &R H
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[i7) B ek VS 7 e M RFIE 25 5 i RS R I R, T
— PP T OO0 RAFAE R T T S SR R T . £
H AR5 U8E R T AT il NAS A2 2] /B
ZNEEN s, BT 2 BB R EE L

B PPl VO 8 AR AR B AR T AR
WISCHR [110] $2H B2EA, SRR DU iR b A He i it
EER, Bl 70% BIE VAL . SCHR [111] 52
T —RET A IRRFEFESSE NAS J7v2:, @it
I 265 A EE G AR AL SE IR ZRSA PR Al o SOk [112]
FE T HEF 15 T A A B AL S AR R
i, R T SRR AR~ B [ U AR R i T3 A 0 O
BEA ARG S TR IR A R
X, T T A5G T VER 56 B ZR AR
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TIPS . FRAACHE NAS T T IR B AT EAh i i
ek, WEEWRD TR BHIEERE . (AARERTRAR T R
58 A IR AR I LS PR RS, OF HARIE SR AR I TH 5
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G HBFIRBE ] 2 BB R A SR, SEB T 15X
& LIRS E I 23 . STk [151] 181 TS E
NAS, HEEEME M AR, CFFT Y
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BRI ReAE AN T AR A M R . @ Id NAS 5
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