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network architectures, transitioning from manual, intuition-based processes to automated,
algorithm-driven methods. This evolution has significantly reduced design costs and improved
model performance across various tasks in computer vision, natural language processing, and
beyond. Despite these advances, the computational expense associated with evaluating the
performance of candidate architectures remains a formidable challenge, consuming the lion’ s
share of resources in NAS endeavors. The emergence of NAS predictors based on the Transformer
architecture has offered a promising pathway to mitigating these computational demands. The
Transformer’s superior capability for encoding topological information of neural networks has
made it an attractive foundation for developing predictors that can efficiently approximate the
performance of vast numbers of architectures without the need for exhaustive training. However,
the deployment of Transformer-based NAS predictors has encountered significant obstacles. The
initial challenge lies in the pretreatment phase, where traditional encoding schemes like One-hot
encoding fall short in capturing the full spectrum of node features within a network architecture.
Such schemes can identify different types of operations but lack the granularity to describe the
operational parameters with sufficient detail, such as the sizes of convolutional kernels, which are
critical for accurately modeling network behavior. During the encoding stage, the reliance on the
Transformer’s self-attention mechanism introduces a second challenge by potentially overlooking
essential structural information. The self-attention mechanism, while powerful for capturing
global dependencies, may not fully preserve the hierarchical and spatial relationships inherent in
neural network architectures, which are crucial for understanding their performance. The
evaluation phase presents a third hurdle, where existing predictors mainly utilize Multilayer
Perceptron (MLP) to estimate the performance of architectures based on forward propagation
alone. This approach neglects the critical influence of back propagation gradients, an oversight
that can lead to substantial inaccuracies. The dynamic interplay between forward and backward
propagation in training neural networks is complex, and any predictor that fails to account for
this interplay is likely to suffer from considerable predictive error, with discrepancies ranging
widely between the estimated and actual performance. Addressing these challenges, our proposed
solution, “ An Architecture-Enhanced Performance Predictor for Transformer-based NAS,”
introduces innovative strategies at each stage of the prediction process. In the pretreatment
phase, we advocate for a novel encoding approach., Hyper-dimensional Embedding, which
significantly expands the input feature space to provide a richer, more nuanced representation of
node operations. This method allows for a more detailed characterization of architectural
components, thereby enhancing the predictive model’ s ability to discern subtle differences
between architectures. To resolve the issues identified in the encoding stage, our approach
integrates the Transformer’s output with additional structural information through a Graph
Convolutional Network (GCN). This strategy ensures that the spatial and hierarchical
relationships between architectural components are maintained and factored into the prediction
process, addressing the deficiencies of the self-attention mechanism in preserving structural
integrity. Finally, in the evaluation phase, we construct a more comprehensive model of network
behavior by incorporating both forward and backward propagation dynamics into our predictive
framework. This involves feeding a combination of dataset characteristics, structural encodings,
and gradient information into the GCN predictor, thereby achieving a more accurate and holistic
assessment of architectural performance. Our experimental results demonstrate the effectiveness

of this approach, showing a marked improvement in the Kendall correlation coefficient by 7. 45 %
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and a reduction in training time by 1.55 times compared to state-of-the-art methods. This

significant advancement underscores the potential of our proposed solution to enhance the

efficiency and accuracy of NAS processes, paving the way for more rapid and cost-effective

development of high-performing neural networks.
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KB LB B A U258 GON Z i 2 AR 280, S
T 255 B3 23 1) A~ TG REAIE Embedding [] 5.
3.3.2 Bl A i &

TE NAS AE: 55 v, B4 46 g 15 4% 19 4 2 4 38
B D M RRAE. A ORI R e Y AR 5 e X
MetaD2AP 25 o, B #E ImageNet-1K | il I £
ResNet18 # A ) 3815 F 1% Embedding. {172 7 (8)
Fis AR SO T 4 A 1 13t (SetAttentionBlock,
SAB) 1 £ 3k i & J1 i fL 45 4E (Pooling by Multi-
Head Attention, PMA)W k2 3] $i 4l 48 D &4~ 2%
F R AE EUE P RRAE L 44 38 (8) T 7 » SAB A e ffi
B FE LR 7RG P EA TR N RE, PMA
R RO e 4 Ay [ K B 1) )

SAB(D) = LN (D + MLP (Hg;))
PMA (D) = LN (D + MLP (Hpy,))
WAK IR, Hyp Ml Hpyy B Multi-Head

(8

EENZITEBE, LN HZ T —1b5RAE.

H.;, = MultiHead (D,D,D)

Hpyyw = MultiHead (D,MLP (D) ,MLP (D))

(9

1 T B G 1 4 i V1% 5 i A TR I AR B TE
K I SAB 1 PMA B rb i o6 00 2 B AT
1, 36 2 HEA 0 P (Permutation Equivalence, PE).
3.4 TEMESIANREBERER

AR A I s 8 GCN A Sk 1000 pR %5
FLBCTT LB s I 4 A 5 B L B 4R A5 B RTBD B2 I
{5 B LR S PEAS 2 %k A 000 2% . 51 7 % 2 78 1T
SR AR HEAT T A A AEAR T AR SO A 43 e Ay
A B I ) R AR i CHE B D R 1] A R AL
(BB EEF D N 2R B, 1 4 2R .
3o40 1 Ahy T e R B 1] ]

TE Y2 1) T 1) 4% 15 B B, BB 1 2 802 [ 2 1
i B S Ao 45 0 PS5 AR 1 AR [ C s TE IR
T A% 5 B RRAE T . L 215 31 0 R A5 5 1 i 2K 1.

Xy Xy R
Y1 Co.o0 Co.n
_ __ T
M, = Y2 Cio Clon | s Mg = C
Yo Cuo " [
(10)

WE 4 FAF Q0 R, AR R P A SR
T AR RS, s JEAE QB4 A e Y B Al L 38
TS, XHRLAATBUE (x =[x a0 oo, D HITFN 5K
Wi Cy="Ly1syz s sy 1) LIAS BI040 JB 09 56 15 M,
PR 4 d Sy (S HEEA T WA M4 —1
MABITTS) U T o BWEN 14,2 fy H
HARITTEMEE N 0.

FEN L ) S 1) 4% 36 v IR 2% rh () R A B 28 T AR
PR ZEF S IHHEARZ S BB, JF 38 o 86 BT %
AT A 2T L S E Copod. PR, H R 1] &
&R E H B, BD Mo, B9 R 1) A% #E ] 2 B B
M. RICH M, IBINE] My AR &ET —4
BB A5 T 1] R A U A B ) A BE A Y 4 I K (]
are s VAREIRIINZR v i 4 B0 8008 k. an il 4 fvos , 78
A s My Il M0 20 F X ANLE . TEEENE,
FRAE G FIR BE 7 2 (R AF A6 F 2 A0 AR G &R, X
TGN ar, TRR, UMR BN G R 8T
S AR SR R R A I 2 PR B g AR
3.4.2 EAUIZRE

H TR AE P RRS B[R] 22 8] 7 A6 AH B AR 1 BT
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ARG -pith
Sl

IAS,

BREET

I e P

PLBR T 3 5 7k P =2 A0 DI 45 P v s 17 43 59 5 9 B
TR B2 - Il 22 i) 17 7 o ARRSE G R L BRIV p ARSI (S
BRI R ) A L AR O R CRRIEAR B OC R 7RI 4
rh T RURUBR B IR b 90 2k 3R R M R M,
FIE B2l Mi,a (R K5CHE 0 20 5 . T rh A1 [ ]
SR FR7R p MR B 1 45 1 6 008 L 1 5 i
FELR R TR G . Bl 4 W 48 B R R B A e A
BAETT A Mop, BIATT AR, &0t n2 Mg
26 TS [R5 I e 2 B 1 SR op,. TR R
S, S, A RURE R S, &l op, WA
O A5 R ICHE S, = op, (So). DL, RS —
A AREE B S, A BRI s i B NS, £ S, 1Y
ANFE ARSI, BBl p &, AKX AD
Ji

b

S, = D) op,lopiopeiLopi (ST

path=1

k & pathCop, ~ op,) (1D
TE p HORURE B L PN REAE T A ) RS S
RE XA 12) fiR.
as, .
S, op . a2

BREEU V1 S O AR AE A B

L _ N L 98, 95, 98,
Opl path=1 Sn ask ask,l aopl

»
= Z 8IS<>0P1¢0P1€71"'01)/- (13)

path =1

Hohop, RAEFEAE p LiJm — D EEET] op) MR
PR ARGE A 13) 7] AR 458 884 op, (S BE
BT PR 3, B AE op, G > O RS FFAE
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S (ke <<d). TEJ I BEF I, op, 5 H H HEHTIK
AHIZE , 7 G [A] 422 17 08 D0 38 3ot e 0k U ) B A% 3615 L.
Bl E 4 FEREEE TR T, opy T ERERIT op, M
opy» JFFE IR B rf 5 SRR Sy AH G HK.

T p KB P € RV il — A0 &R
g HATEGl i € [0.a], H1FE] j € [1,n]. #&
Boop, RATES, HH N FRIE (S;) B A AR
X AT A R (1) %

0s, — op; X9S;, wheni,j € [1,n] a0

' 0, when i = 0

KRy S, e AR SEBR I A S 54T
FEAE AR B B BT DL PR BRI B AT G =0 B B0 H
ENE. FEFAXRAOPMHFEIER, HFGY i=j
Wy pi; AHCEN 1, WWE 4.

XF KB Q € RV hilg— A0 &K
g ATESj € [1.n], 51K k€ [0,n]. HTHE
REN KR EHRNERESE op') HH S FRE
S; RIFHEAESEL Cop ) FeRIPLGE , A K (15) s

()p:, = op, + V.,S;
aL (15)
dop,

mE 4 FiR, B FARAH PR LR, HA
M M Gok) = 1 ,q, ABEBCEN 1. d TR P
SR TS — op MAKHRC R, T LA BN ETE ar., 1
b FE R Q WA Oy AR A AR 1 O FR 1
EAEL T M. ASCEINLE ar, B RN i 2
W 28 Y1 2 v 3 B AR i e AR L e — A T B
B A N S R A R I o B I SR AL,

ZE BRI RS 2 Mg B 2Rk b = A s
Vo,V f VO U AR R (V. >V, >V, IR
Z DX FHERF B P — A8 (S) . BRI
FRERPE TV, 45 S sh S5 A (S) MV, 7 S s
SR Cop ) s X AT LLAE — K B KR A op; HEA
B S, W— 2k RN p MBI 5 (2) X T80 B 7
() — A5 8 Cop,) s TEN R R BE A N LT
2T S0 S ECE N, e B T Bl A R
Cop) BHEORMBESRERIE (S)) . X1l LIFE 5 — 5Kk K
TRIR KNS, Blop, B9—5300 51K £ AHHEL X 1
Fofr 1A 2 i R AN R 1 T,

Bk 1. #r2U%EE ar,

WA R B 2T C 3 B8 T I M s B BE -1 Mgy s

B p IRIGEE P o IRIHEIE Q;

S1. FOR i=0 to n DO

b
%
M

Vk:

S2. FOR j=1 to n DO

S3. IF s; 52 C W op; 4M1 THEN

Sa. pig <1 /M PR ICHE

S5. FOR j=1 to n DO

S6. FOR £=0 to n DO

S7. IF M;(j,k) =1THEN

S8. g <1/ QHRHILE
3.4.3 FET GCN BEATHS B IEAL

FESETF GON HEFT RS B 70 B B , 244 B0 8% H oy
%4 % Embedding 7 & Hp, #% 3[4 A GCN
& RIGTENRIE ar, b A% 8RR AR TR BE A5 .
GON M4 A~ F

H!"" = o¢(ar,(Hy.ar,) "W, (16)

AR Sl ¥ 7 iR 25 (MSE) it 2% bR 50Ok I 2k
GONUY A= (17) fr 7w » i 26 fe 245 20 1 45
& EmbeddingH;” FEIZH G — R g fith Jy— 1> 1 G
it He VAN S5 e 2R 7, A SOl T T 42 Jmy 10 2% itk
17 51 K 4i 65 ) Embedding.

H, = ReLU( D> H") (17)
(=1

Hv H, R & TIRERMMSEHER s T
NAS 155 19 808 4 5 8. A SO X 4> Embedding
o] oA T T )2 Y A T 2 2 I 2 T
g — R v, N RS e 8% D T4
A 1) S DUH B
3.5 E TN/ NAS

A SCRT AR A T Al DL NAS T
i A FL TR 8 2R3 (8] R0 225K W TS R HTAH [ 19
TRREEES A ST LA 2 b GON i
IR AL 5L NAS Tl NAS & %6 N1 & %5 1] 2R
FEE R 20, SR 5l GCN il P 25 >k 100 14 g A
JE. B Ja TN A SR R AR R T T TR R o
EPERE B = B ZR A, 8 NAS A9 W B 2 > 3 18] L 300
Iz A RE ) F W T U A 8 N 42
4 1] 2t BB 75 78 43 41 AR S S 45 B DU I ke T IR 24
RAGRIEE R U5 B R A . i S 8
WET T 0 R AR 4EFE b A 2519 Batch K/
W25 W B G 2. B AE 4.4 X Bk S BT
Y.

Bk 2. KERUN AR H B NAS

BN AR RS 18) P NAS HERETUN 28 5 D« BI185%
WA s N REA 4 by B

i BB HERE v 4 0, €A

SI. A A I BEHL RS BE N={ao . an}s

S2. fHH P AT N rf 4 i
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FOR i=1 to n DO S AE R NAS BF 78 52 45— A b7 o £ 19 5 o 03 LA
%ﬁzWﬂwﬁmy i 5 R SE 4 LR 1) NAS 77 . Tl 5 () R
B3 GON Tl 2 3K 4% NAS-bench-101"%" {82 2 [a] i ) 4 25 7015 4R VR
S3. FH AR A B dE % D 1T4E Top-K Z8H {zy, +or 2, ), 13

3 o I REBUEAE Y=
Sd. 5% g

4 SKIRISIE

4.1 XWIFTE
4.1.1 NAS ¥4

NAS-bench-101 #l NAS-bench-102 3 & T &
Z Fp AR BPE % (4 CIFAR-10, CIFAR-100,
ImageNet &5) I 11 56 I 24 4 1 4o 26 2 ) 8 2R A5 A0 1Y)
32K B Ao . TR A 9T A B3 T L3k F NAS-bench-
201 TR A R SRORS B2 45 SR DE AN A ATT R A B A
T PEBE T AN B [ O 2 R B Y 3 A] DL P
T 50 M ET HR A NAS J7 B AT IR I A
R T NAS-bench-101 1 NAS-bench-102 P4~
s AR N SE e R 5 TR,

NAS-bench-101 & — 4~ NAS Ay J& i % 9 4,
TAE T T 423624 A4 #2445 50 K H
CIFAR-10 E& 4y 284T 45 I 10 1k BE B ¥ . i B ¥ 4

yuv" yk};

PR O

AAEHE S M B A R KA. 3X3 B IXT B
FUR G . B i — DR R 2 s 7 AT
9 Zi. S 5 R 1 72 OON (Operation On
Nodes 7£ 15 45 A B, BI“ LT SUOR AR

NAS-bench-201 & 5 — 4~ H B NAS JE 5L
P T IEAS A E 5 NAS 5 3 16 B 0 2R 14T 55
R, W E 5 (h) FF R, NAS-bench-2017 fi 5
JARER 7 AL EDE A L3 X3 Rk .3 X 3 R,
1X 1 BRL Bt i 4 B R L A 2R [ 5
AP ITTT U 6 Sk 4 K. T NAS-bench-
201 B¥E 4 R BUAY & OOE(Operation On Edges,
FE B B S B L o BE T GCN Ab 28
s 09 8% X8 OON., BIF LA ZE K #5086 % A GCN 2
i o W 564 NAS-bench-201 454> & il #% =X 6 82y
OON # 2 , LIfE GCN AL BE, 4018 5Ce) i . 5
JE R R 8 AT S 10 &b R R R
B 15625 A i ik Bl 2 4% 4R K. AR SO TE
CIFAR-10,CIFAR-100 il ImageNet16-120 =44k
P4 B HEAT T I 5.

ry
. 4 il
( | itk _} L Ix1 j
X | %3 In3
I T B e T
/ s ‘ Ir' 1 1 \ .
|‘;x‘>,||‘§x‘>.l:| \x/ 9 O e
@ W 33
11 e
e
=Y
M
{a) NAS-bench-101 (b) NAS=bench-201 (c) FE LT AN AS=bench= 201
K5 NAS-bench-101 Fil NAS-bench-201 Hef 45 #4 [

NAS-bench-301 55 F (1 & T 102 A~ 2244y
7E CIFAR-10 da 4 b aE A7 U1 25 1) 1k B HA8 & =
i 5 DARTS BB AH A, &2 — N BA 7 DT AR
DAG, R T OOE #& 2, PR 7R AR 5256 vp [6] R 9
5y OON #2018 S 00 FE BLER R ALA 9
R 7 i AR A 8 A4S S b Ak | A R Ak Bk
SR 3X 3B R 5 X5 A B AR 3 X 3 23 i

BRE 5X5 2B
4.1.2  KBEIEE

CIFAR-10 ¥#i fE 241 5% 10 A2 51, B4~ 28 51
A 6000 5K &%, I 60000 5K 32X 32 ) RGB &
8.3 60000 5K E R 8% 43 24 50000 5K Il Zk kA< F
10000 5K i 2 &£ 4. NAS-bench-101 f4 2% & J& 7
CIFAR-10 #dE 4 Bl 2:ts 319,
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CIFAR-100 %4l 842 & 100 A~ 51, 412K 5
A 600 5K 32X 32 MR @IE & 3t 60000 5K B 4.
FERASZN B 600 Tk R T, A 500 gk &I R4,
100 R A2 M KA. B 7K EHRES A — A bR 2« 1 bR 4
SRS 7 2

SVHN H04 42 J& M\ A5 35 5% B b 48 LAY 55
TR B L BT O UM R AT 55 B S
BOE WL B 50 A% R B R R S TR R
. BRI AR AL S — 4L 0-97 BT BT 149
X R FIARZE R 1-9, 07 X B A9 AR 25 R 10, YI 2k 46 11
T 73257 sk BRI AL 26032 SRIEIA.

Aircraft g 838 =+ Fh 4325, Hd 3t 10000
sk R, Hoh =5y 2 Z PRI ZR4E.

4.1.3 XM E

S TR S A RO, AR SCRE IR T 2 4R
9 NAS J7 Ay xf BSEE0 20, 78 NAS F50 25 i) A4
KB 5T, Peeholet™ i Fl MLP J2 3k XiF 2244 3 17 4
fh. Neural Predictor™® {2 f#f F| GCN ZEA1E K Kl 4 1%
PRI NAS P BE. NAOS il Fi 8 g% 42 48 9 4% Tl 45
— R REAAR AL — U B N 2% . TNASP 75 [/ 4 1 2
Hiffi T Transformer B Multi-Head B & 51 #L
il AR J5 4 MLP J2AE Sy 15000 A5 B, 4y s 1900 o o
R PINATHYAE TNASP BEAY ) BLfily 134 i T % 46t
ARV B B, GMAES fifi F #6550 4 B0 2% 2
> i 2 ) 245 [ R A

ENAS*/fifi H RNN 4% il #5% 5% i 2 554~ 95 2010
A2 R DL B A Ak 18 A A v 3 BRI L i, LT W 4%
H W) i E 1 HyperNet 28 (). EPE-NAS™ Af
PAXF AR YN W9 26 DF 43, 5F B3 45 21 5 Hl 4 )5
(P BE A G HBK. STEN' FE 4844 b 1 I T — 4~ 7l
G RAE AR S IR — 0 T B 2 1 4% 38 148 R T Tk
PCDARTS ) J&—Fl 3 T80 B 19 NAS, i i % 5 18
B H i T AR 52 DARTS .

NAS-bench-201 A% T 7 £ Fi E 4 %4l 4 Cn
CIFAR-10,CIFAR-100, ImageNet %) | i 4 JIl 45
LF A NAS AR (g I 30K B2 B8 L i L e # ok 1] G
it 75 10 35 v B0 4. R SC L NAS-bench-201 24 2 1f
HEAT S5

FHAVE B 4 5 25 1) 18] 5 B I 45 1) J2 B ok 3
B RIRZE RS 144 5 — 2R 2 B4
AR B 4E B Ry [ 144, 256 1. ] Adam i1k
A DR /ME MSE R 22,2 2] % 1X107 . 5
TNASPY F ], A 485 8 I Zi b Batch K/h K 10,3
% 300 4 epoch, fifi i} NVIDIA-TITAN-XPGPU

Fl Pytorch 1. 11. 0 HEZR AT Y145,
4.1.4 HSHEE
ESEWENE 2 iR, A XHTF NAS-Bench-
201 YR MR AE B R S 80% B 58 S 24 A TR,
£2 TRMEBSHIEE

WS il

T RURE k 64
Transformer % H 4 & 64
Transformer ) Head ${#t 8
P&l 25 B % GON f o 44 BE 144
Dropout 0.1

BB 2 1 2 i 11 2 B 64
S OL PN 20

4.2 BE4HEHBAMERE

TE 256, AR SO 78 R R O M 2R B0k A 1
FOMAE v, FELSAH v, Z 18] WA e, i R Bk )2
N NAS T 5 9 1 B8 00 52 46 v R
FHORTERE « EAE—1 AL Z 08 = 1 FRMA
BEHLAS £ 22 6] 09 TE AR G PE e il s — =— 1 SRox Bl AL
A5 a1 A S B SR AN © = 0, TP A AR i R A
ST

A6 9% 4 %8 £ NAS-bench-101., NAS-bench-
201 F1 NAS-bench-301 %4 £ b 9 I 125 2R a5k 3
Fr 7. H 0 4 SI2 00 0 X RE A A TR SR 8 TR RS, HL 9
ARAEFTA NAS-bench £da 4 b EAT 5286 5 Uk . K 1
ASCHEIRT 7545 B 45 B SOTA BERLIEAT T X
MR, 5 A 7 AR L L A SCHR Hh i T 45 7 45 5
FEAR B D, o (I E 2, B, 75 NAS-
bench-101 ML . A SCHY 7 3L AU T 100 A HEA
BHUAR T 5 Neural Predictor i i 424 A4NFEZR ip-7
AR 1 B o BIVAS SR BB 5 25 AN 5 U 43 2 — 1 5K
a2 B AT 5 Neural Predictor ik 3 #H [R] A8 T8 0 &E
JE. M 7E NAS-bench-201 3 v, ix — b il 3 — &
FEARE] 432 —. N NAS-Bench-301 %45 5 H BE L
il IBCHS o HctiE AT U 2 5 S L AR D7 AR TH AT LA
SO A v 1 T AR M SR A SRR FRATTAY O ik
i3 F & W Embedding {5 B AN A TEE L
il € T A AR R AR ST 2 ] R T
TF Neural Predictor? 325 T 1. 91 1%, 48 1t TNASP™
P& T 1055 A, AR SOk A TR0 A OC 1 AH L 4 A B
RERAE = T 7.45%.

B, I 6 FF X NAS-bench-201 %4 4 1)
Geit a5 R AT LR I TR B AR A J% BT O T AR SC b 1B
Tt A A5 A0 19 2 B AH AT H i OB 9 Transformer
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ol
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i 2024 4F

FERI AR 0. 07 M, 18] 45 BRI 28 A5 HU AR 550 T 5 i AN A8

PEREH g 1155 0 T 38. 0 V0. AR T 58 i H

b 77 1% B8 B0 2 iR A R AT A Bk

Ui o AR ST I J7 V5 RE 6 ik — 20 S AR Y 1) 3 R0
% 3 £ NAS-bench-101 ,NAS-bench-201 #0

NAS-bench-301 #{#E & F R E &G EFH
BERRY

NAS-Bench-101 100(€0. 02%) 172(0.04%) 424(0.1%) 4236(1%)
MLP- 0.284 0.356 0.373 0.415
Neu Predictor*” 0. 480 0.615 0.624 0.732
NAOY! 0.501 0.493 0.704 0.775
D-VAE"™ 0.530 0.549 0.626 0. 698
TNASP 0.549 0.597 0.683 0.757
Our” (MLP) 0.536 0. 603 0.678 0.733
Our” (GCN) 0.6354 0.686 4 0.728 4 0.787 4
NAS-Bench-201  78(0.05%) 156(0.1%) 469(3%) 1563(10%)
MLP™ 0. 446 0. 450 0.509 0.520
NAO! 0.467 0.493 0.470 0.526
NeuPredictor*” 0.343 0.413 0.584 0. 646
TNASP"" 0.532 0.589 0.706 0.787
PINAT 1V 0.571 0. 642 0.707 0.792
Our™ (MLP) 0.557 0.602 0.725 0.788
Our” (GCN) 0.6234 0.647 4 0.730 A 0.799 4
NAS-Bench-301 100€0.1%) 500€0.5%) 1000(1%) 10000(10%)
MLP™ 0. 346 0.538 0.561 0.586
NeuPredictor*” 0.520 0. 621 0.656 0.675
GMAE™" 0.599 0.653 0.657 0.681
TNASP" 0.521 0.736 0.786 0. 877
Our” (GCN) 0.6554 0.801 4 0.849 4 0.887 4
* ffi il Transformer %%,
0.8 0.484
0.75 Ry o_ ‘ili.554
0.7 F ——o e S
0.65 | it ‘__.-"" MLP (2017)
0.6 F & _ Neural Predictor (2020)
0.55 lo.oor-" TNASP (2021)
05 PINAT (2023)
0.45 L : LAl
0 0.1 0.2 0.3 0.4 0.5 0.6
M
Bl 6 #£T NAS-bench-201 S st fro 451 70

SRR 51 R ROE R B E &
78 5 T AR AR SR A A 2 M

4.3 BEGHEEENTIHNE

Sy ¥ IR A 8 TG RS M AR SOl AN Y
A 4 Ccifar-10) % F0I 4% 547 I 25 L SR ) A2 3R
A B E 4 (cifar-100 . svhn.aircraft) 3 0 Il 25 15
B AR RL, [, ZERE AL TR AT IRHR B 4R g B R
YU 2R 4 BRI L FE cifar-100 B4R 1L AR S
UM 7 B TR BE (73, 51 %0) B A T H At U A

5 FE WA SCHE B T RS X AR AT 2 T AR Y
ICTZRETT. BEAh  7E X B 4 b A SO A R
i ()t A A e B ARG L 91 s 3R ATT B O R AE cifar-100
b R EE 16 Bb gk T LUK B A 2R, 5 7E cifar-10
TR AR R BE AN AR EAG R R AT T 5l A R 1]
o6 P I 2 TR % 3 R S 6. 384 I A3 s TR AR
A5 R ZBCH 0. 764 H N ZE 0. 801, Hy I AT LA
Ut Z I 2 B 27 2] B0 05 5 5 0 O R BT S 15
Sk B A R

&R 4 7£ NAS-bench-201 E7R[E NAS 7%
ESTHEE EHNNXEE
e X N S8 R E Do
H b g4 2 NAS J7ik D (s %

ENAS8] 4.6 13315  54.320.00

EPE-NAS 28] —  206.2 91.3141.69

cifar-10 STENE20 — 30200  87.64740.00
PC-DARTSE) 1,17 10395  93.66+0.17
Ours 4.3 16 94.36+0.014

ENAS8] 4.6 13315  15.6140.00

EPE-NAS28! — 206.2  69.5840.83

cifar-100 STENL20. — 58808  59.09740.24
PC-DARTSP! 0,26 19951 66,6442, 34
Ours 4.3 16 73.51%0.00 4

STENC2%] 0.48 85189  96.02+0.12

svhn PC-DARTSE) 0,47 31124  95.40+0.67
Ours 5.1 110 96.12%0.50 4

STEN(2Y 0.44 18564  44.84+3.96

aricraft PC-DARTS)  0.32 3524  26.33+3.40
Ours 5.1 120 50.51%2.444

4.4 HELLIG
4.4.1 FF GCN Al MLP Ay i &5 Ho s

M 3 W EHE v LA L 3T MLP 9 B 4%
(w/o GCN) 2357 B 25 K e 52 ) o G 350 I0OKS J32 5 3k
i T % F GCN B W #% . /£ NAS-bench-101 Al
NAS-bench-201 E43r5IME T 11. 222 A1 3. 76 0. A
CHERE T A BB T GCN R MLP ) 3 {5 5
FLRE B 22 0] AR DG B 7 Ca) ) GON RUAR T
D25 o K 22 B0 R #REAE T 5 S {E A R Y 43 A
SR, % T8 7(b) iy MLP i 25 , P R 25 48 4
CTRUMRS B <10 Y0 1) T00I B84 5 0 S 19 40 A & E
BB IX R MLP T 28 %F 28 0 {5 B A1
BRA.

4.4.2 HRMERE

T AER iR MLP F 2% X 2R 44 15 A7 7E 1R

I, ST I A A S B 45 R B A . 7R AR X
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T FE

40
R VA FEE SR A 5 PR TSE

20 /

20 40 60 80
VLRI
(a) BT GONAYEIZR i a%

FHUS E

804

604

404

RHICH IE A 2 T
LR, R

204

20 40 60 80
PLACHRTE
(h) FEFMLPAYE A 0%

Bl 7 T GON (K i % 5 5T MLP 4 18 4 it % 10 T 00 45 58 5 2 52 45 SR 1 % 1

rh FRATT SR FH I R R A RO BZAHLEE AN RV R
B, DU A SRR (5 8RN A8 42 30 I 22 ] 1) AH DG M. AR %
AEARLEE — M FH 1 000 28 A J 350 DX 1) — Bk, &
3 3 000 e A A 1] A 22 ] ) e A R ESOR B E AT I A
LR A A8 FTR. 2 o Fly 510 07 1) 5l —
I A BE AR R A 12 15 52 =2 ) 4% 5% AR A BB 2 3T
— 1. AR ST R R C AT I RS R
EmbeddingHy B4 5% MU .

s(0) = I
Tzl X [yl

Ele(x,- o ;)

Zk i X Zk v
M RV RBOHE & A 90 T i 42 Jm 2849, RV AH ¢
RBOZ IR C R B Z oo Ak, & iy BUE
LN 0 21 1.1 F27R W9 41 55040 1] AH OC 1% fe 5, 117 0
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Background

Neural architecture search (NAS) has become a popular
approach for automating neural network design in recent
years, especially in computer vision and natural language
processing. By using search algorithms to explore possible
architectures, NAS methods can find models that outperform
hand-crafted designs while reducing human effort. However,
a major limitation of NAS is the computational cost of
training and evaluating candidate architectures, which takes
over 80% of the total NAS search time.

To address this issue, many works have proposed NAS
performance predictors that use learned functions to estimate
the accuracy of architectures without training them. This can
improve the speed of NAS by orders of magnitude.
Recently,  Transformer-based  predictors have  been
introduced for their strong ability in encoding topological
structures. However, existing Transformer predictors still
face problems like insufficient node feature representation,
missing structural information in encoding, and lack of
backpropagation modeling.

This paper proposed An Architecture-Enhanced Performance

Predictor for Transformer-based NAS. First, a novel node
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embedding method called Hyper dimensional Embedding is
proposed to enrich operation details like kernel sizes.
Second, encoded graph features are combined with structure
information and input into a Graph Convolutional Network to
compensate for structural deficiencies caused by Transformer
self-attention. Finally, a full training graph with both
forward and backward passes is constructed and used for
training to incorporate gradient information.

Experiments on common NAS benchmarks like NAS-
Bench-101 and NAS-Bench-201 demonstrate the effectiveness
of this approach. Compared to state-of-the-art methods, the
Kendall correlation is improved by 7. 45% and the training
time is reduced by 1.55 times. The proposed techniques
provide valuable insights on improving Transformer-based
encodings for graph structure modeling. This work tackles
the efficiency and accuracy challenges of neural architecture
search, which has broad applications in designing performant
deep learning models automatically.
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