WATHE B it (=) HL = Eire Vol. 47 No. 11
2024 4 11 A CHINESE JOURNAL OF COMPUTERS Nov. 2024

ETHFEsMUNEXHERUEERTTIE

HHE B ¥

(R (5 B TR BE M 210044)

M OE ORI YR T AR R W] T 2 4% 00 00 S5 MR8 L IR 16 2% P R 1Y R Bt B R TE T H R
. BRI e 3k 80 75 400 5 N T, I BRSO & 10 & 5K 48 06 R SR 0 a4 ok B IE 1R B T 4R Ok AR I kR
114 78 1k 4 42 R 4 38 & (Evolutionary Neural Architecture Search, ENAS) fEfS7E — & F E F i N Tt 4. 4R
M. BE ENAS J5 i 6845 B 3l b 48 22 B0 00 55 420 , 50 S B IR A B 18] R 530 % R 08 76 5 JoxE DA gl vz 4 A AR
TR R 0 A U iR R 3 — I 2ok DR 0 R R L2 A 1 A I T Al B 1) YA A 2 AR 4 R TS BE A A LA 1 R OR
FIRAG b B I B B A3 Ty v LAV TR B AH S 1 0 2% A 1 vl B HE T OC R IRTE B0 Y AR PR ASE TR K 3
B2 I A AE EAE U SRR A B AR AR B 47 1) A BURG J3E 33X 26 0 BOMR BB R X LU 47 M B ENAS,
M 25 7 ENAS [ & . A S, JRATTHE T HE 745 40 19000 5% 5 Bl 19 18 4k #1282 424 38 R 7 1: (Rank Score Predictor-
assisted ENAS, RSP-ENAS). £ fdf JHI A SCH H 549 T8 1] HE 7715 20 S0 00 57 24 458 2% R &5 i 155 00 T 4 Dy 15 23 30000 4% 19
Z 2 A (Multi-Layer Perceptron, MLP) %5 H 1 F 5 o A (4 M 6B 15 43 1 HE 7 5 Al AT] 552 B 4 BE 189 L)y 23 S T B A
Fe— B AR A 5 B R 1 AR ep L IO AR AR A A5 4 TT DL B e TR Sk R S R B AR SR T —F
VIR B 48 3R 05 vk o 6 38R 0% T S0 68 /DN B DG 0 AR B 4R T st 15 B Y AR BR L A8 S 1 e A R A 28 T
TR 11438 O BE . AR 3P ) 923 7E EvoXBench SF- & L #EAT , I HLRE I AE I A 19 B B0 42 L BUS B 19 45 L,
53 P EATILTE TmageNet F¥fE 4 EHEAT T 900, FHAW J7 B A7 [0, A SCAY J5 35 7E NASBench-101 % 8] F B9 18 R 2|
AL HRH . 78 NASBench-201 43 ] 1 = A $0H0 58 b 0% 1 5 26 A8 4 F At 5 06 5 vk 40 S AR T 0.3506. 1. 120,
0. 5520 M #E L. 16 TmageNet [ I LS8R SR AT M S g v AT A 7 35 343 T 2. 200 1 43 8 KG BE 4R . O3 40,
TE {81 R [R) B3 08 & 19 A8 B0 T, AR SC AP 4R s 0 HE P AT 43 0000 AR B AT 1) HE ) 45 SR AR T M B 1 J7 1: 7E Kendall” s
Tau ZH LA T 1. 5500 4R T, tAb  FoATT 28 6 AR BAS AL h i ) One-hot 4T A4 (9 HE T #1626 4T T 5030
AT IE B 33K T A6 Bk T 5 4R B8 vk 1 A R

REEWR EALTE I A A AR A SEL s AR < P B 5 45 3 F
HmEESES TPIS DOI S 10.11897/SP.]. 1016. 2024. 02522

Evolutionary Neural Architecture Search with Predictor of Ranking-Based Score
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Abstract  The exceptional performance of neural networks has been extensively validated across
various practical applications, with architecture serving as the primary determinant of their efficacy.
Presently, the state-of-the-art architectures necessitate manual design, heavily relying on expert
experience and iterative trial-and-error methodologies for performance validation. In recent years,
the emergence of Evolutionary Neural Architecture Search (ENAS) has alleviated the burden
associated with manual design. However, despite the ability of ENAS methods to autonomously
identify superior architectures, their widespread application remains impeded by the substantial
time and computational resources required. Surrogate models can mitigate this excessive resource

consumption to some extent. However, existing surrogate model-assisted evolutionary neural
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architecture searches fail to fully integrate the search and surrogate processes. Moreover, it is
difficult for the current surrogate methods to accurately predict network architectural rankings
with similar accuracies. Furthermore, existing surrogate models typically necessitate substantial
amounts of architectural information as training data to attain satisfactory surrogate accuracy.
These limitations hinder the effective assistance of surrogate models in ENAS, thereby constraining
its advancement. In this paper, we propose a Rank Score Predictor-assisted Evolutionary Neural
Architecture Search method (RSP-ENAS).

designed for rank score prediction, the Multi-Layer Perceptron (MLP) employed as a score predictor

By introducing a novel loss function specifically

can optimally align the ranking of individual performance scores within the population with their
actual performance order. During the search process utilizing this method, the predicted scores
are directly applicable for elite selection. We introduce a two-stage search strategy in the search
phase, initially focusing on accumulating historical information for the surrogate dataset from
evaluating a small population and subsequently emphasizing the use of the surrogate model to
predict fitness values for a larger population in the later stages. The experiments conducted in
this study were performed on the EvoXBench platform, yielding superior results across all bench-
mark datasets. Additionally, we validated our approach on the ImageNet dataset. Compared to
alternative methodologies, our approach successfully identifies the optimal architecture within the
NASBench-101 space. On the three datasets within the NASBench-201 space, accuracy improvements
of 0.35%, 1.12%, and 0. 55% were achieved relative to other optimal methods. In experiments
utilizing real datasets on ImageNet, our method demonstrated a 2. 2% enhancement in classification
accuracy. Moreover, with the same quantity of data, the ranking results generated by the
proposed rank score prediction model exhibited a 1. 55% improvement in Kendall’s Tau coefficient
when compared to other optimal approaches. We further validated the effectiveness of One-hot
encoding and the proposed rank loss within the surrogate model, demonstrating the efficacy of
these two components for the overall algorithm. This research underscores the potential of advanced
surrogate models to enhance the efficiency and accuracy of neural architecture search processes.
By reducing computational costs and improving the precision of architecture rankings, our
RSP-ENAS method could significantly advance the practical application and accessibility of neural
network design, potentially catalyzing more rapid advancements in the fields of machine learning
and artificial intelligence. Future work may explore the surrogate models for less training data,
which could yield even more substantial enhancements in neural architecture search methodologies.

Keywords  evolutionary computation; neural architecture search; genetic algorithms; surrogate

models; ranking prediction; score prediction
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ock Conv 1X1 11 H H
@ None =i g|1|1|0|1|0|0|'"|0|1|0|0|1|0|‘“|0|0|0|g

1 NASBench-101 # 2 53 [8] 4 5% FE ]

% 1 EvoXBench d1{¥ % == 6] fU#f i

N , " ) =5 il 5 4k
1R H XKW A€ o
E % K/ B One-hot
NASBench-101 micro CIFAR-10 423K 26 36
CIFAR-10
NASBench-201 micro CIFAR-100 15. 6K 6 30
Imagenet-16-120
CIFAR-10
NATS macro CIFAR-100 32.8K 5 40
Imagenet-16-120
DARTS micro CIFAR-10 ~10%! 32 168
ResNet50 macro ImageNet-1K ~10" 25 104
Transformer macro ImageNet-1K ~10" 34 86
MoblieNetV3 macro ImageNet-1K ~10% 21 205

3.2 ETHRFERIIEHNFZS WS

AR SO T — T3 114 45 2% o 501 5 i 22
2% W AR PR IRY L AT E — 25 O T I 2R K080 1 HE T 15
S AEACERAE Y B 11 St A v TR 9 Bk AR — R X
DASR IR S B BG4 O U 2 0l 3 — PR A &2
S M KU L 5 = e i S BLR. Tk
o T PR AR Y 0 LA PR A S I Ak SR AL
P BRATEE $% T /N B MLP 58 2545 73 Bl 4. MLP

TR R B TR A BREUZ A I 4o B
It i A A 4 3R A5 R R OR Y A K B B A
He FE AN BRORUZ b A e e B0 1 Kk A B
YRR WIS . TE B T 1 BROBUZ ol 2 OT B0 55 T
NBUHE 04 B d5 5 — 2 4 o — S TOME. B A
T INZACHAB R (5 75 20 5 3. 1 A 4
() One-hot Zb . Z J5 . F AT X BT A B4l #F 17 1
P M A Ak P T 5 3K — 504 FL A 15 R 2 () op Y i —
Fom (AR AU F NASBench-101 25 [H] A %00
LA T 1 A s FRATT S0 A 405 42 S0 B I 43 A TG A% 1 A
SR 5T BRI AT JC R A 3 B IR T S
FEJIT A A BT ST 5 S T [ A0 oA 3R A el
2519 One-hot [n] & Ry 2% ) i , 7E 4 1 R BN 42 0
iAo 5 R BfEIE 4 0 frfE 4 0 B Z 5.
TE I 25 0 o 2 v I 5 5000 4 i IRt 2 R/ i3
R, A5 2 fy 990000 4 4 B ) 1 . S R E OLT L R
B B (A0 X 17 1 T 0 1 5 A5 3 0 24 O AR AR
25 (MSE). S [RI A i 4 75 AR 2 22 °F . T BE S A7 1E
AN T B TOUI 235 5%, L 2 a3k 2 45 SR D i e i) A1 oy
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7 2024 4E

o
=B

KB KB B ROCR SE AN TR B B 3 A Kl
FLC IE A % 02 (0. 92,0, 91,0. 90, — b 11 I {F &
[0.93,0.89,0.87 ], % — F Hi {8 &= 0. 89,0. 93,
0. 911 AN & B R 1500 25 S 1) MSE 1 2% #6 )&
0. 0005 &K T Hif & 5000 1) HE 7 o6 4> IE 84 1T J5 & A7 A
HE P A DR 0 ] R DRt FRATT A S AR U G 1 S
28 X L N B HE I 1080, 5 L 4 EL T L TG
JE L T A5 2 TF A 0 HE R

AR SCHE T — B RS X HE P 1] A 451 2% R AR
B — At RN Ry BB RS (X v ),
Forpr X 02 203 PPAL 0 SR 1 A 1R G B 1) s s S XS
L) LS TE A 3R 45 8 BB B H O ROR 3.1 i
One-hot 44, F Fon il F MLP 1R ] 1% 475 i
T I 51— 9 B 390 9 1) 1 22 eR B 6 (O T
T A Y 2R i R I A SR R £ 5 R (B 22 [
(R B AE DG S I B3R AT 3 IR £k TS eR KR T A
W ZRad B p AR R PR AR A A SO AT AT T
$(x) =log(1+e ). FRATHE i B HE T 15 2% pR B0 PR
0 A He B — 3 s (2) R . Hod, AT i
M 3 =F(H X)) R ARBARIXT S @ S B il
M55 LR A R I G A sign (55 R EUH T
F W Ho A S B0 A O IE .

N-1 N

LY. Y)=>] D) (5 —3,) Xsign(y, —y,))(2)

i=1 j=itl

WL 3 TR (2) R 3 AR X R
XoEIET X, s 285 Lo (YY) B9 5 /ME AL, X, Fl
X, 77 A S T 7 ) 0 2 o T (A /0N [ X
() FO0I (0748 K. SR TIT » 306 AS IR B 11 33X — 25 (1) T
X B . T A 3 — a0 0L TR AT 11 1 950 2 R
A5 1 53— R4 A B B R BT L, o XL
X, Z WM B d, =Y, —Y, |. H d, %%
YHY, Z RIS E ML d, = Y. Y, | B R
KR Jak (3), o DA D4y 513275 I 6 S5
{82 25 4R 1 i PSS @ ASIEE.

M—1 M

LY. Y)=>) D) ¢((D,— D) Xsign(D;—D;)) (3)

I 2 AR ZRad T e FRATHRE L A HE P 451 % R A
). Horp o JE S T TR 6 RN 2% SR8
M, Sigmoid bR T4 il F B0 [ R IEAE.

L(Y,Y)=L,(Y,Y)+Sigmoid(a) X L, (Y.Y) (4)
3.3 HIFBoMNEHEENELERIER

TE 3.1 1A 3.2 g sk L AT T — AP
BT st Bk M R AE A T A R 2 R T R
I B P 26 BRAL) , -7 B A T A 1 2ok 2 v 8 T 7 B B

AR T A T mAGE R, RATE &7 2.1 Wb
07 AN R =S 8] L i g b 05 5. BT X — S 5
XM RMEDR I Ny 2 A JE G A 2 P,

R N —
= PN ik
FLIVHil L om fiE
G=N,,
] [ e e e
> | TR H Ko R
i /I\,Vlg X, *()‘;1
| wmrmmmt | B2
+ e
G>N, X Toaz]
] wnrmmmrR |eas
Xioxs
s | i S ;
Loty e o) PRl e pf B b8
i Al '

E 2 RSP-ENAS [ 2 {4 HE 42

S — M Z IR S WMEZR . FLAR R UL, 400 46 R 4
B BIL A B 220 A I R4 AR i A AR S SRS S
AR W™ A A B AR [ B PR A 5 Ak
53 IO B FRATRE 1 S 3 T A g A 1 2 2
BB 0 T PAS AR AN T FAT A — A
S KB A flag B AR IR BAT BERE 1Y 5E
SCBEL > flag R T BRGS0 5 14 A AR [ o7 i
Frac s, o A8 R AE . 2 AmoebaNet J§ & . 3
I T 2 LA Bl BIL 3 50 2 #5648 S 50 1 % T — A
AR FRATE R — 5 H KA B flag, B4
AR BT B (9 AL 5 B (s flag, * R T BUAEA B A3
B B A REAIL A e o oAb AE b AT 22 A
RUAEL. 7 B9 ARG 5 - A A AR e — kS 22 0
Ve, FEX — B b JATT R AR BT SCAURT T AURb
T IR A AERE A S AR R B TR
SEPOZ A A I EL S I A R AR SE B 5 e LA
B — i P FRATT L AR o 8 — R A
11T S5 BN AR 2R A 3 R R 8 T A A T HE B
TEREAL BT RSN, 7350 . AT =5 2 AR UEAR [R] ) — X
F18 B 5 AR A Bk e L S A A S R O T Y
RIS AR S 5 B EAG - DL DR RE 05 31
JUR]RE 22 10T AR BOHE - AT 7E 2 ) B 4 il R AR
B, FRATBEE T — A BUE N » V5 WAl 3 40 f
R P 58 B M5 5. BRI — B(E S AT 28
Fy I s 22 sl R AU BR A Y 7E 2 I i R fe b, 3K
AT BB N R 27 19 MILP 00 4 — > 244 A 1A 1y
(e i e RO T RIER St S AR S SO PN
WA AR AT I N AH. 5 — )2 PR R R
EREZR B RS ISk 1 R,
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Hix 1 RMEREIEER
A BARRE T ISP AR A B S R K
BT AT ik A B SE PP A A9 OB N
it < dc AR BOH IE A R
AR AL 10S B i AR AE S 50 36 Rl R P s
BG AL —A MLP fEJy Bl 4% M;
G<0; History<{};
Evaluate(G,Ng , None,P, History,M) ;
WHILE G<T
38 30 AR S B 7 10S B i T Qs
Evaluate(G,N¢;,P,Q,History,M) ;
LT P. fitness F Q. fitness W) 45 F 35 17 K5 05 % 8¢,
B HT I FhRE P
G<G+1;
END WHILE
FLSEPPA SR A4 5
5 AR RO VAR ROy IR 2 FroR. E 5B,
A A PRS2 G B LU R v & 3L R HE A
AR 2B LB ZBR I MRTEIR 2 thdric K
JEN RS I <SR N A (B 12 S S G & el =1 B
PR & =00 3 B E No X7 7EWCR 280 {5
ST B B Y AT AR G<< NG 19 B S VEAG 10 i A
HhL AR AR A A RO T B R R R O
HIX S5 R Pc 3¢ 21 iy s epr o H A R Al 50 A
TRE 5 G 00 0 1) A A T 37 T %2 0 005 AT A A
/NI RE 25 5 08 A o 08 HG Al TIE O A 4l 1 Bk 78 38
i AL Ab. LT B By o — AL B G= Ng,
A4 FH 2848 7 s 45 Bl 2k MLP. b Z )5, AT R
g AT T U % L PO AR fh B A A R Y
PEO3 o T A e B R IR S OE B R T R R
& TR TUIN Br Be i 25— BNREL G= No I, 15000 2%
F4 TN S LR 52 9 1E A SRR LA 7 R] — > R v
Bl L JF HL3% SO 58 A ) 5 RO AC AR A 1R 5 2 k1l A
TN 5 FOB VAL — U, AT RE 8 A TN — R AT IE

iff RS o B A
g% 2. LR Evaluate.

B HETE AR G R RE P TARE Qs 3G
PEAE DTS Historys 1543 Bl & M Jir A AR
FLE PPl A KL N

Hi b History

B A AL BT RIRE Q H I A 1A 2 B 5

EERTFARE Q T AT K

IF G<{Ng
Xt Q B R AN S A 04 P LU A L 90
1E Q. fitness W5

BE Q P H A R B VAl 19 A~ 1 i1 35 L B H R 0, FF
10 R TE Q. fitness 1 ;
£ History H¥R N Q HIHT S A~

ELSE IF G= N,

Encoding <¥; History BN MEE 55 One-hot
i B 5
i Encoding V2R TN % M ;
¥ P Q 4B 4  One-hot 410, it P/ M Q';
Q. fitness<M(Q') ;
P. fitness<M(P');
ELSE
% Qi One-hot i, it h Q5
Q. fitness<M(Q');
END IF

4 % Iy

T B UE TR PR R T A Y A R A
P& TH AL A8 R AR Ty T B AE T ARG O 15 IR
117 — RPN M55 A 5K TF 40 A 28 1 1 A HiE 42 30
AT B S50 25 RN 43 B s I HLER AL T A At 7 3k i )
L. 7380 FRATTIE BT 1 AH 5 A9 fil 52 39 R IE BH AR 75
25 rp e TR & AR A R
4.1 BESEZEMBEE

TEATT v, FRATTRe 4 A S5 56 235 SR %k 1 1Y) e A
SHRORE. AR S R RN B B 400,
T i B LS PP AL B R b AR R 3EAT 40 DM
AL Hofth 360 NN B W T IE#IE 0%, &K
M SR 50, Hodr g 10 fOCR AT B S29- Al J5 40
AR T B A T30 A5 4. A2 YN 2545 43 7000 28 09 By
BrL 2 ) R EE R 5 X107 IRt /N 200
B FEAR. EvoXBench H1 [ 7 A48 2R 55 [a] #F #5 R
AL H NASBench-201 fil NATS if 155 3 1%
B4 E e R A 11 20 S50 9 o0 L.
4.2 1Ff EvoXBench FRJSLIf 4 R

FATHE EvoXBench H i 9 5 2 B8 il 1
it 11 A5, BRI A S 5 IR E BT 4
HL 3R 2 TP R I AR X ST G OIS R RIOR.
o AR B LA A A A b 3R B R A S AR R
VAL 5 T < 1 W B = A 71 = N S
RSP-ENAS 7555 UE 5 | 8 % 6 21 19 5 47 19 22 44 1Y
IERE. AT T 5 Wis T E B k4 LA {H An
e 25 A /ME. AR I8 IR AR B R A R A 45 1, 3,
IR T SR U0 i 2244 1) 2 B O 76 I X 4R 1 Ak o DU
AR 0 E bR o 25 T s/ IME W R AR R R R
ESRTESS 4 F 5 2. 75 Bom R 1y & . R IR T
4 4 &y Jme UG 2R R 7E K B b i 4 R a0 ) S AR TR
o S o = V(T | = AT € 2 11 - S = 7 <10 e
Pk B FATT 8 T % 7 AR, 534k DARTS, MNV3,
ResNet50, Transformer 1% 4 N R2sH B T 045
R4 35 4 A 2ok 22 DR O I 48 % 17 1 5 0 00 A
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Bl

7 2024 4E

o
=B

J¥ .EvoXBench HEZE 2 it T — Ak THE . FATHE
2 PR AR, RATAT DL B TR Sl R
]t . RSP-ENAS f i 3 % 2 U L4 A fo. #L = 7E
Transformer X — 4 2% =5[] # , RSP-ENAS 1] D 1
R B HOMESRAL T 09 d i G 2 (ELIE 2 v 1Y 9 24 R 44
e H Al 9 804 4 b RSP-ENAS -4k 31 1 /M A
F I M A B . (R ol T R 0 4 v A AE sk
B B 0t A ACTE 00 E 4R R B 22 1 15 O DRt 3
ATTA 7 e — 2623 ) b A 4R B 5 A e 2

¥y, 4] tn 75 NASBench-101 |, RSP-ENAS # % &
) T E AR A d U0 ) I A i A I AR b
SEHEA S . Sy ANE T E T A b R L L ATy
2L T 16400 54, o 400 S ZR K JE
SEVFAR Y, 16 000 A 2R A4 2 {7 Y 00 4% B £ 7000 75
G308 s JoJa — AR A 1 T A 401 A e 1 10 A 1A
WA AR L SEPEAR .l T 000 A 43 B B ) 1) )
JUFAT L2 AN iE s A T8 T 97.56 01
ZRE B PFAG R (8]

* 2 EvoXBench FFIEHRTEAMEAHBENERENIRER CHLAE 2 90)
22 ] 35 4F 48 IE 1 % WL 4R IE fifg %

) B fH bR 22 R &AM 2 JR etk BIH A 22 R RN 4 JR etk
NASBench-101 94.78+0. 14 95. 06 94.50* 94.10+0.12 94. 23 94. 32
NASBench-201(CIFAR-10) 91. 57+0. 09 91. 68 91. 61" 94. 370 00 94.37 94. 37
NASBench-201 (CIFAR-100) 73.60£0.11 73.72 73.49* 73.35%£0.23 73.51 73.51
NASBench-201(ImageNet-16-120) 46.4240. 32 46. 87 46. 77" 46.5240. 32 47.08 47. 31
NATS(CIFAR-10) 90.45+0. 07 90. 50 90.71* 93.33£0.18 93. 65 93. 65
NATS(CIFAR-100) 70.43=+0.21 70.58 70.92* 70.12=£0. 34 70.72 71. 34
NATS(ImageNet-16-120) 45.3540. 68 46. 27 46. 73" 46.5340. 44 47.17 47. 40

DARTS 94.90=£0. 08 95.01 / 94.36=+0.18 94. 47 94.73%

MNV3 83.3840.07 83.45 / 79.1440. 10 79. 22 80. 13"

ResNet50 83.95+0.05 84. 00 / 80.1840. 04 80. 25 82.35"

Transformer 82.34-£0.01 82. 36 / 82.3140.01 82.33 79. 08"

4.3 EHMEERITEE

FATEE NASBench-201 $# & 75 [a] L ##17 1 55 50
Xof b A T I A R s ) b ) S 5 5 R Ay ik
TR A RNk 3 Fin. 7EX — 48 R Bl i
Al R 25 28 4 7 CIFAR-10.CIFAR-100 A1 ImageNet-

16-120 Egef7ilgk. o] LR B, 76X — R 2 [A] 1,

RSP-ENAS RS 7E = 3L fE S 48 ik &R, I
FE 56 T A2 R G A 1 R 3 BOR i iR R A5 K. MR T
HoAth F B 19 O % FATT Y 5 7 NASBench-201 =3
(] Y = AR 2 b B T A AR T A e R T 1
BIHUAR T 0.35% .1.12%.0. 55 % By 42 7.

% 3 NASBench-201 B RZTEH THE RERAREITLL (BT . %)
CIFAR-10 CIFAR-100 ImageNet-16-120
POy 7S - . . v g e
B 4IF 4 ML 4 B 4 ML 4R Ui 4R HIREW:S

RANDOM [49] 91.0740. 26 93.86+0. 23 71. 4640. 97 71.554+0.97 45.03+0.91 45.28+0. 97
RSPSL50] 87.6040. 61 91. 05+0. 66 68.27+0.72 68.26+0. 96 39.7340. 34 40. 69+0. 36
SETN51) 90. 00+0. 97 92.7240.73 69.19+1. 42 69.36+1.72 39.7740. 33 39.51+0. 33
ENAS52] 90. 2040. 00 93.76+0. 00 70.2140. 71 70. 6740. 62 40. 7840. 00 41. 4440. 00
FairNAS[22) 90. 07+0. 57 93.23+0.18 70. 9440. 94 71.00£1. 46 41.90=£1. 00 42.19+0. 31
ReNAS[28] 90. 90+0. 31 93.99+0. 25 71.96+0. 99 72.1240.79 45.8540. 47 45.9740. 49
DARTS53] 91.0340. 44 93. 80+0. 40 71.364+1.51 71.53+1.51 44.87+1. 46 45.1240. 82
BOHB 91.1740. 27 93.9440. 28 72.0440.93 72.00+0. 86 45.5540. 79 45.704£0. 86
REAS] 91.2540. 31 94.0240. 31 72.2840.95 72.2340. 84 45.714+0.77 45.7740. 80
REINFORCE ] 91.1240. 25 93.90+0. 26 71.80+0. 94 71.86+0. 89 45.3740.74 45.6440.78
GDASL56] 89.6840. 72 93.2340.58 68.35+2.71 68.17+2.50 39.55+0. 00 39.4040. 00
RSP-ENAS 91.57+0. 09 94.37+0. 00 73.6+0.11 73.35+0.23 46.42+0. 32 46.52+0. 32

SR T U B AR 5 AR LS D 2% A 1 R R AR
A D7 A8 F EvoXBench H MINV3 £ 455 A4 FH 114 2 5
J5 %454 Once-For- Al @M & T iR SL 5 7244
Kk B b F AT A 8] TmageNet Il 2k 4 o il 4 1)
10000 AHHE1E by 56 TF 4 LA B £ S 56 14 7™ 2 4k 2y

k. AR R L U  BA T PRAF R UF 1 AL F
B 0 45 5 I T 5€ B 9 TmageNet Y1l ZRE£ 1 25
450 /> epoch. I fe Jr THEF IR RE . 3% 4 R A
LR AR AL A NAS J5 ik i X L, ol L& 2
4 2 AT 2R B 1 0 245 72 0 S JEE Bk B T AR
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2531

= 4 £ Once-TFor-All {2 R RIEMEXTEE (BAN7 . %)

PO AR Top-1 Top-5 Z¥&/M  FLOPs/M
DARTS) 73.3 91. 3 1.7 574
ProxylessNASH7] 75.1 92.5 7.1 465
PC-DARTS ] 75.8 92.7 5.3 597
EnTranNAS 75.7 92.8 5.5 637
SNAS] 72.7 90. 8 4.3 533
RelativeNAS 6] 75.12  92.3 5.1 563
SLE-NAS?] 75.7 92.5 4.5 412
CDARTS#2] 76. 3 92.9 6.1 701
RSP-ENAS 78.5 93.9 6.1 503

4.4 HEXE

T #4578 RSP-ENAS A i 1] 1) 73 73 3
) e O P RE  FATT P BE AL Al A A 5 2 DA o K
B RARIUT 424 A ZRAAEAS B G T T I 2R 00 4%
FFUCHIECT 5000 ASH7 B9 2 A REAS T T B 0IE. S8 iE
(1 2o i AT 00 A A 0 R Bl A A 0

5000 5000
4000 4000
3000 3000
2000{ 2000{
10004 1000 ﬁ

g A .
0 1000 2000 3000 4000 5000 00 1000 2000 3000 4000 5000
(a) NASBench-101 (b) NASBench-201(C10)
(KTau=0.7165) (KTau=0.7256)

5000

5000

W 25 1 0 B0 Kendall”s Tau #H5C P R %k
(KTaw) , 5 5 &/~ 19 FH 26 208 2 7F NASBench-
101 R Al p AT 5 LI 45 a5 1. i oh . K
T ER AL T HE 7 A Bt 4 b i) S 00 45 2R 22 i i FL 5
FFRIN 2Z 8] ) OC FR &L FE & 3 HhIRATT AT LUA B2
A543 T 2% B A5 753X 7 SRR A b E RS R B A
I A A vE. A — 4R R, AT AT Bk AR
NATS | s JE 5 322 30T 21 8 3 m 10 v wf O FLAB
AT 0.85 VI B R KTau, £ 3 FATH I AE, 1 #
i NATS 25 [ 78 = A8 4 F Ul 25 i 48 3 A
HRE 00 1E 4K J3 R 3 4RO 0 T 43 5 S bR
21 KTau 43 51 &y 0. 8349,0. 9009 F1 0. 8757. 3% i},
WA FRATT 4 11 45 20 T % © 22 B 08 A Ay b A
JAS By YN it A

5000 5000

4000 4000
3000 3000
2000 2000

1000+

1000+

OO l(l)().() 2000 3000 4000 5000 00 iOOO 2000 3000 4000 5000
(¢) NASBench-201(C100) (d) NASBench-201(IN16)
(KTau=0.7323) (KTau=0.7145)

4000 4000

3000 3000
2000 2000

10001 .

1000

0 -,‘:.'

5000
4000
3000
2000

10001

0

007 1600 2000 3000 4000 5000 0
(e) NATS(C10)
(KTau=0.8622)

iObO 2000 3000 4000 5000 0
(f) NATS(C100)
(KTau=0.8997)

1000 2000 3000 4000 5000
(g) NATS(IN16)
(KTau=0.8896)

B3 AE 3 AR R A 38T 7 A SRR 4 b I A 23 A0 A AR A 1 O AR A

& 5 NASBench-101 #ZXZ=E THUES S
ik EARE B KTau R E X

PN ARES KTau FEA /%
E2EPPL26] 0.5038 ~0.1
E2EPPL26) 0.57050. 0082 0. 25
Peepholel63] 0. 4556 ~0.1
Peepholel3] 0.437340.0112 ~0. 25
NPNASH] 0. 6945 ~0. 1
HAAPY 0.70100. 0022 ~0.1
HAAPL 0.712610. 0024 ~0.25
SSANAL6?] 0.65410.0078 ~0. 25
ReNASLz8] 0. 6574 ~0.1
NAQL66] 0. 655 0. 1
RSP-ENAS 0.7165 ~0.1

FE XTS5 FE Y One-hot 8 4E . 3 A113647 T
TH Al S B IE B X — PR AE M . R 6 PR T IR
TAE {8 P 5t 4 4 B4 R One-hot 2 A5 % 48 211
R T30 B8 7 04 52, F AT NASBench-101 il Bt
T 0.05%.,0. 10 % H1 1 %0 W 8HE 24T 17 52586, vl L&

& 6 NASBench-101 # % = 18 T & F 1 [F B9 4 75 77 3 B
MBI FARIEERE NWIRERER KTau B

S Iy v 0.05% 0.10% 1%
Xt WKIEE KA BiESE WS BRIES WilE
JEIGAS  0.5919  0.6001 0.6811 0.6898 0.8130 0.8079

One-hot 4ifihy 0.6128 0.6120 0.6945 0.7165 0.8134 0.8074
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Hl

2 i 2024 4F

LAY Z R One-hot g i /1% &0 T o A 3 A A4
25 oy M AL G OF WO, DA BE 8 4K 45 B8 & 1Y KTau
7hH
S Ja - FRATHEAT T IH R B AR B 3 AT 42 H 0 5
AT oAl 2k sR B DL 3 B4 45 MSE $i 2%
PR XA MRL (Margin Ranking Loss) $i 2 & %7
TIANFRATTIE 53 7 T A SCHE M A R R P LA R
R SEIA . SRy T [R) B 3 AT A A B ASE 7R %o 1 9 R B3040 2
OB FR AT IR £ X NASBench-101 il it T
0.05%.0.10% . 1% F1 10 %6 i BEFa A AR 1 47 52 56

FRATEE 3 Bl I sREAE 4 Tl HURE H0CHE 5 1 TR 45
RERAEEL L MARZE T T KTau 240,918
IRTET 7 AT LU B JE  FRATTHR A4k pR 4L
REAETE R/ D REAS 15 0 F k7 A B ar i 25 5 JF AL
FE B S 3 S A PR EE L3 55 S a] DIUE B A 02
ATAESG I R Hi b (507 P 178 B8 5 403 2 o 0000 17 o4 1 B L
H—ERER. B 120 AR & 6k 42 4Kk 15 3F
1 KTau A OCHE  (H 2 a0 AR 22 19 FE AR B0 25
B 1 B ST EAR G B R) L B T AT R S R R
IR T 0. 1Y% REA &

& 7 NASBench-101 BRZHE TERAFRWEMERIYENTANESS MRIEERE MIXNEFER KTau B

- 0.05% 0.10% 1% 10%
2% BB H — — — — — — — —
i 4 W i W i 5 W 0 iE 5 W A
MSE 0. 3098 0.3115 0.5121 0.5129 0. 6296 0. 6296 0.6594 0. 6605
MRL 0.5654 0.5669 0. 6555 0.6535 0. 8098 0.8016 0.8319 0. 8266
L, 0.6078 0.6074 0.6736 0.6716 0.8121 0. 8070 0. 8330 0. 8258
Ly+al, 0.6128 0.6120 0. 6945 0.7165 0.8134 0.8074 0. 8351 0. 8308
Chinese)
5 = .L/b\ CREZER . iU, X5 5. MM gL 4F: W R .

ALY B AR TT R — i ROl 28 I 25 7543 $ 0
v A7 B 00 T AR PR 2 I 4% R A 4 R O vk % H bl it
P A0 B o0 A5 A S B, LR U5, FR AT T — Fif
ot I8 % B8 0 AE 48 R s ) v TR e 10 T 24 04l P A
3 TU0 2 A B R R R A HE R R R 2 G
i P B R s LA T S iy DA R S A AR R 3R AR AR A
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Background

Neural architecture search (NAS) is an automated
approach to designing neural networks, using which the most
appropriate architecture can be found easily and quickly.
Evolutionary neural architecture search (ENAS) is a general
term for methods that use evolutionary computation to solve
this problem. Despite the advantages of flexibility and automated
design, ENAS is computationally expensive because the networks
need to be trained for each fitness evaluation. Therefore, the
study of efficient methods for searching evolutionary neural
architectures is a current research hotspot. Nowadays, many
researchers are devoted to studying surrogate models applicable
to this problem thus reducing the huge consumption of
resources and incorporating surrogate models into the process
of evolutionary computation. In these studies, regression
models are widely used to predict the performance of neural
networks to reduce the pressure of evaluation. Some other
researchers have tried to indirectly obtain the ranking
between neural network performances using methods such as
learning the binary comparative relationships. However,
current methods generally cannot adapt well to performance
ranking.

In this paper, we propose a score predictor that focuses
more on the ranking information and integrate this predictor
into the evaluation process of evolutionary algorithms. At
first, small populations are used for real evaluation. When
the predictor has been trained, it replaces the real evaluation
process at a later stage thereby reducing the search time by a
significant amount. The main contribution of this ranking-
based score predictor is the ability of the score prediction to

keep the ranking of its predicted values as consistent as
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possible with the ranking of the actual performance. Unlike
algorithms in previous research, this novel alternative adap-
tation does not approximate the accuracy rate, but rather
aims to preserve its ranking relationship over the candidate
architecture in general, which is capable of being used by the
evolutionary algorithmic framework. The experiments in this
paper were conducted on the EvoXBench platform and were
able to achieve good results on all benchmarks. Compared to
other methods, the proposed method is able to search for the
optimal architecture on NASBench-101 space. The accuracy
rates on the three datasets in NASBench-201 also achieve an
improvement over the other optimal methods. In experiments
utilizing real datasets on ImageNet, our method demonstra-
ted an enhancement in classification accuracy. Moreover,
with the same quantity of data, the ranking results generated
by the proposed rank score prediction model exhibited an
improvement in Kendall’s Tau coefficient when compared to
other optimal approaches. We further validated the effective-
ness of One-hot encoding and the proposed rank loss within
the surrogate model, demonstrating the efficacy of these two
components for the overall algorithm.
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