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Abstract

The objective of Neural Architecture Search (NAS) is to use a search strategy to automatically find
network structure models within a given search space, thereby reducing the task load of manually
designing networks. Expanding the application of NAS in the field of semantic segmentation bears
significant importance for research in automated deep learning. A U-shaped search space was de-
signed, and a differentiable NAS strategy was applied to a semantic segmentation model. Experi-
mental results showed that the network found on The Oxford-IIIT Pet dataset outperformed the
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benchmark UNet network model, with a Mean Intersection over Union (mIOU) increase of 14.1%,
and produced more prominent segmentation results with clearer contour boundaries. When the
discovered network was transferred to the Camvid dataset for testing, it surpassed the benchmark
network experimental accuracy by 20.5%. This study demonstrated that the integration of NAS
and semantic segmentation holds significant importance in the field of automated deep learning
research. This approach enables semantic segmentation models to achieve superior performance.
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1. 518

AR, TRPE S SR AW & @ s 3 1 & 28 BE AL A 5T, HHBEE 40 VGG [1]. ResNet [2]. UNet
[3]LA 2% DeepLab [41540 75 MIfE S 4545584, HTPRE T BUE 025, TR B AL TR U 18 iR . (|
e WTHIX G 8 I L AU P 28 I 4 ABE 20 B AR T4 R I A RNR, I 75 BT 9% K B 1 I [ ARG 77,
ORT S A e o) 5 R AT 55 L Bl TR — AN A 0 X 48 B TR b 52 F 9 2 3 (VR B X — TR AR IR B 2 o) R b
TR gt 22 1 2% 4 4448 2% (Neural Architecture Search, NAS) [5].

NAS B R RS RERG . PPN RIS . RS0 LT A W] H 38 1E R
it , 25 5 NI T3 A FE AT 45 10 45 10 J&8 1k B0 e 3 i, T DAYk /INE 28 2 () (1) R/ IR T AL I 2R 2R 0R
W& 8 CUMATEAE 2R A (A AT A 2R s PERE VT AL SR W 75 1 42 0 265 235 A 4 2R i L RA TSR B P o 22 I 2% 25
IRz AL RE . B Google 2> F]H& H ) NAS-Net [6]/2 55— NAS T.4E, NAS-Net {8 RNN 1E Az il &%
FF A BB AL R 2 S5 4, I F H AR 48 0 S0 UESE b iR 25 1E iRk B0 2R 45 i 85, A1 NAS-Net 4
— AN R 2% FR T AT SRR SR, IR OROR IR T NAS-Net 148 23 . BL NAS-Net /£ CIFAR10
bt BT UG B MAESS R BUNG], HF 2 500 5k GPU #451I145 28 KA S5 241 SOTA M4 HH
VTP SEEG 25 S . NAS AT 55 R 1T 5 5 tH A8 RN TR 18 28 A v DA S R AR I K& 1) R, ] ik gy
ZOF48 2 DARTS [71/HBLE — @ FE R 2B MF 1 IX S 5 . DARTS & —Fh e 54 N 48 45 H A8 Ny vl ik oy 5
B 77, X R 2% I SR AN B R B A AT DUEI N R AT, BT gR— v BB S fE
CIFAR10 4 4E I, DARTS 1] LATE 4 /NIFRAN A 2R tH 1 RE kIS ResNet B4 . Flik, DARTS A LAk
KHb g o 22 W 28 B s T AR AL I R, JF HLRA 3R m e R R

MHTH) NAS KZ RN TEB RS, N T HE NAS SUSIRT IR, ASCK DARTS N TE
SO ER . A EE TR R

1) AT A2 X 28 S5 R 4 2 N T8 S BRI IRt T U AR A A, 40 R 4% 1)
backbone HHT % REM %, il 2 ]E 4 BHRIUAGAEA F 73 HE% ERRHE, 8 BkEkER n ik
HZRY Gk .

2) f£ The Oxford-111T Pet ¥ S48 2= 43 21| 1) X 4% F AR Y iy 44 v SEARCH-Net, %45 A1 55 5 ik ]
2 UNet ML, mIOU #2271 14.1%, BT F) Camvid 64 b4 IR, bl 3w R 2% S 06 85 1 $ 7
T 20.5%.
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2. XI1E

VB XAy BT UL A ) — N BT OT ], H R B T AN R S BN [ 1 S
Falrh . ZEAREFZNHTEATZMNA, WEIER . ARG EE R R
o R TIEREET T RO RRHE SR A 73 248, WEE T SIFT [8]H1 HOG [9]/ 7%, SRT, iX4E
JIEFRERERN TR FIARE, HMEDUE S R 3 5T 5 . BEE IR FE 22 IR R R, HETHM
FHZE I 25 (CNN) R X A3 BRI F i Hor, SR I E 23 T 2B M4 (FCN) [10]/7715,
TR G RPN 22 I 2% vh ) R B OB AR, TSI 17 0 21 i (4 25 0 1R T S 53
Jaok, BT — &AM, W U-Net. SegNet [11]. Deeplab %5, R X ILIEVF ZAES HHS
AR TARMFIIRBCR, (B EAMIAIEAE — 2l . Flln, FCN 2577 1kBA 25 18 AN R R R AEXHE S5y
Ffsgm, SE RIS RAEREA; U-Net 775 BRFE T 2 RUERHE, B ENREMTAES S
FEE EK;: DeepLab &J7EEIRKH T RBHRY RIEZH, HEHTEE &R, MLV T
bRy

PHEE I 2 BG4 2R (NAS)HE H B0 8 2 B0 R BRI N IR FE ARG I 2% 25 40 i) e v i F 2, dl e 3 R
575 A S A 2R N ST 70 T BT A e X 4 S5 K3 T MR RE R AR I 48 450 . NIAS [ H
PR 2 TN 5 ROFORS A PR 0 A RO E SR AL T R AP i S BR AT J Im), DRI mT R FH R A NAS D7 VEEERHE X
SEVTES SR . AR SR IR R DARTS B8 R 2 A Rom oA M EH B R, B sl i
FERIEM T N EFREMM NG . AT TAET DARTS () U B R, XF 75 F1 0 2% 11
backbone HE1T 2 RERITE R, Z2fift i 455 5 2 K1 i .

3. T DARTS HWEIRIBEX S EI5Z
3.1. AR HEMEIEEIEER

AT AMC73 e 22 ) 2% 22 K648 2% (Differentiable Architecture Search, fiiFRk DARTS) & —H [ B4k 1 0 45 22
MR R T B AE I ZRId R b BB B AS BRI R B AR A 22 I 26 4514

DARTS A% 0o JEAE 4 o 22 100 245 1) 45 A 48 2% ) e A o — MR I R, DARTS i 51 N R i
ITIX—HA . RIEANZ M 28 BER BT H 2R i — /A ) R I G IET) A B 175 R AR AN & TT BURFAIE
AR IX LT 2 AR, X SRR T Z M AT RE 3R, Wi, ik sl S i 45
T HLA 7] T 4% 455 14 40 22 [0 2% 45 R4 2R 77 32 7 B2 AE B U A8 R () gk A7 48 2R, DARTS Jdid 5 A w145 1)
BB R IPUESL L R 2. IXBE—3k, DARTS f] LU FIBHRE T BE5Ab SvE R4 R A I R 4 45 4

DARTS Jl it 15 Ja7E 418 B 454 L R EEA W%, 1338 AR E SHU) 52 4, AR5 TR 1Z M 4%
AT B ISR, R S5 AR BEAE B o B RN RO SRR B B 22 0 T AR RN X,
TANEILEER TN ¢ WL LR EHE n M RERERER n MEW S B o (I=1--,n) , W TEAE
B, MR ETFEERE, We | =1, 0 ¢ =0 . Bk DARTS [ Hb#{H 1] Rk T H AR 0B 45 i 25 s
FrUVER R R, 5B B A M AT AL, 19 345 M IR M 2 0 HLORUE R R A5 3 (11 2 224
A, DA ZER M R . O T SRBX — HI¥), DARTS i F—A> softmax e HOR B Bl 54 1)
BAESSWOIELL ), IXFERORIE | X% Z5 A8 1 AT B o1 o ¥ o izl B IERENE R, DARTS [)iELE
FASBAL B E R R

- exp(a;) ’5ici:1 1)

5iexp(aj) -
=1
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fo ROR AL o AN, wRRES . L R RRE,

A AR AN R AT 25 58 . 7EVNSRid b, DARTS [R] B A5 FH A 5 R B 1) 7 s0ARAL S5 4 28 o RIAL
HZH w, {# DARTS RERSE AT HE P R A AN OL & BT A F BN ZRAE S5 o A Wik A4
RN, DARTS WJ LA E S 2 e L AR 22 M 2 kg o R L A% G2 1 T Bl i i I 2 45 4 1Y
775, DARTS EAT R RCRMAERTE . € n] DUAE CRAF R A5 PE RE R RN, R OK > 7 N Bt (9 T

(5=

DARTS FI# R HRERER, WHFA 1.

32 RER=H

A 7RO E IR IR, At T R AR, wE 2 s
w EEFTR, Cl 3| C8 KR 8 MERHIT, MEPIT N HMEILERIEN:
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Figure 1. The process of DARTS search

network architecture
1. DARTS # R M & 212

3) Dilconv_3 x 3, 3 x 3 k&N
4) Dilconv_5 x5, 5 x5 iZfkHH
5) MBconv_3 x 3, 3 x 3 VR Al /> B
6) MBconv_5 x 5, 5 x 5 IR 1] 4 B
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7) 1ESEERE

5 DARTS JEA [k EEANE, ASCHE T MBceonv [12]# 4 SE VER S LB IR E Al 7 55 3%
1, SE (Squeeze-and-Excitation)yF: = /AL L8 77 (F th B N\ B #P & W g 25 i vh, o LB B A GRE
5, WA RRHERZ IR R R A W Y A, ORI 2 S8 Ak, SE R NI EE %
XPRHAIE BEIEEAT BOE RLIIAGRAE,  Refs S0 ar bRl & 5 A7 B BAVRRIEAS B, AT w28 (1) v e A
ZALRETT

skip connection y 3x3
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Figure 2. U-shaped search space architecture
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Figure 3. Search unit architecture
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ERGS PR E R E CLA C8 s, oo s 64 MNMFMEE, CL & F R R R A,
C8 & L RFEEEP MR IC. W, £ R UE L, FRERIT C2 M ERFHIL CT /7 128
MR =R PR E E, T REER T C3 M E SRR T C6 73 256 MEFAEE; £E UL 4 #E R

DOI: 10.12677/aam.2023.128357 3591 I3RS


https://doi.org/10.12677/aam.2023.128357

NJE, St

b, RERFEHL T C4 R ESRAEHL T C5 8 512 MFAEK] . BARIX 8 NMUR FITIE G iR A,
H221d DARTS #Z0d )5, T aNE KNS SEN M EREAR, FHIbs R IR 24
WeF 2T 5. MRS PRNE B, [FH5 UNet —FEMIBEERESR:, LT 5 240755 BI04 A

A
4. SLHy
4.1, SEHMMIEE

N T MV AL T70%, RSO BUR A A T8 S35 3K: - Oxford-11T Pet £4 45 [13] 41
CamVid $E4E[14]. &% T EUE 25 B AR AN 23 B SEAT 55, B H 2 K F0 B R 3 T 2 B B 22
AT R B SRR BUR . S BARERE T 37T MR BN, FA AR P
SE IS B 1 e BN R R Z94T 200 SkASER G, Stk 7000 sk g . JF H AR P EG R
AN T B UAF LS BRI, XF 2R A B TUIZREt. ReRS LT Hhz A 2R W
AHHE AL SRR, B R T A BRI T A R AN TR R, A0 RAL FHHE. ELSE A
AR TNARRE o IX LI REA B T 047 H AR IUAN 73 F) 54 55

Ja# SR 2= 70N D AE 2007 48B4 o 12400 4R 6045 700 2 5K AR E 1 B R T o B 4
A RUIZRER . BESE . DIRAR . X 2 FMG i i A2 S T X IR R b2 e gk da . Camvid
HHRAE S ILA S 32 MARIRE SO, AFRER . 1T A KA. B, WAL, M ZEdsEn EIG
BRMEK, BE THEARRZEN. SRR AF RS FE SRR R . X R 2 R
THARGRIZACEE 71, RS 1E 2 FEIIE B b B AT HER K08 o &1, IF BARAME R AR 1C %
(s SO, X A1 CamVid H A& F T35 S0 BT S5 I ZR PR A .

42. XHRE

ASCi%EL Dice Loss [15]1F N2 %L, Dice Loss & T8 X EUE S A R 5, e AR
RRTHE TR 25 SR A L Se g RN E B, I MU 2 R A SY, Dice Loss /N R s 158
(TR0 &5 SR 5 B SE AR S AR L. IS A S R

N
ZZ P *G;
Dice Loss=1——1=L 3)

N N

PN
i=1 i=1

Ho, N2GROE, pRBRmm e i MEENE, g REEARENE | MEEME. Dice Loss 1HL
EYEETE 0 2 1 2 [7], 4TRSS 52 & UL H9ehr2Eht, Dice Loss A 05 4TRIN4SE B 5 H SRS 8% A &
Z ¥ rif, Dice Loss Jy 1. Dice Loss A b6 T Atk s %, WA SURBHUR BREL,  TEIE A 03 R 7y BT
F A AN A R TR R GO R ZE T EAE N, BB /N B b A G A5 DG B X ek AT SRS A )
T fEZRd AR, JEid s /ME Dice Loss SRARARIRY S5, 145 Tl 25 2 5 B ShR 2 2 (A1 IR AEALLRE £
KA o IXFERT AR BB B 7t 2y B R, IR LR HE R R 5.

RTRMNAET B g5 R, %A mIOU (Mean Intersection over Union)fE N iFA 4845, H AT LA
T A E BUR 7 BT S5 I PERE - mIOU & J8 3 v 5 BT 28 501 IR 22 3 LU (19 P S5 SR PP Ak B 2Y 14 i o
BARTIE, TR, mIOU 5% (1 TR0 X 38 5 5 S IX 45 ) s L T AR Bk LA E AT T R SR T AR,
SRR BT N IS R R P8 XA DA B — AT 0 A 1 Z[alfME, Hob 0 RoRsEaAILES, 1
Forse4ULic. mioU M5 AR
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1 TP

mioy _W%: FN, + FP +TP

Horb, TP R R 5 1 285 I B AE BB (BN IE B 70 IS NZ 2R R MG KB, FPy e i S IR 5 B (R 5%

SHERNZIN G ZED), FN R | 2B R 551 E (BRI AR IE 0 2% 380 1% 250, N R a2

T FIR AR R BACEN R bR, A TSI AEHS 3, GeForce RTX 3090 &-FHIARSS 28 Lk,

Pytorch1.10 HEZR . 7ERETRY R K3 RN B, B — UGB MY ZREEE0 300 46, BEWILRF %R 0.001, KA

Adam AL ES LAl TEXTHE 2R ORI M S B IR B, UIZREEEN 200 58, HI4h%% )% 0.001, KH
AR KL ASMBIE, WES%00.9, BEZEREAA 0.0005,

4.3. 1EBITE

7f Oxford-1IT Pet ##nfEHE1T MR, 43l 300 R R, ERMHNEHRALIFmH N
SEARCH-Net, 1 SEARCH-Net fE 1554 EEH#AT ISR, IIZRE loss F1 mIOU Wk ith £ i T [l 4 F1
5, loss # U8k 0.08, PP HEAR mIOU fixJ57E 0.953 & Fisiah. v T #i i SEARCH-Net [{1% 45 1 Bt ,
iEHY UNet. FPN [16]. UNet++ [17]. SETR [18]55 7 VA7 [ —%idl 48 FdbAT 5 HIRCR I UL, 23ISR
Wi 1 FioR.
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Figure 4. Accuracy variation chart of loss for SEARCH-Net
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mIOU
1
0.8
0.6
0.4
0.2
0
MmN Mm MmO N N OnH o onHm o o Mmoo oNn on on on on onom
O < 0N OO SO N OO S o N VWO T 0N O
A T NN N NN < TN NN O ONDNNOOO®
"N N N OMNO0 OO A AN MST N ON 0O
L B T B e T e B e e I B B |

Figure 5. Convergence curve of mlOU for SEARCH-Net
[ 5. SEARCH-Net 9 mIOU 4§ ahzk
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Table 1. Comparison with other segmentation methods on the Oxford-I111T
% 1. Oxford-111T Pet #IBESLIGHER

Loss mIOU/%
FPN [16] 0.39 743
UNet [3] 0.41 81.2
DeepLabV3 [19] 0.13 92.7
UNet++ [17] 0.11 97.3
SETR [18] 0.13 95.6
SEARCH-Net (&3 /512) 0.08 95.3

N T SN ELAL A B AT 2 SO BIRIRCR , 1B UNet 5 AT A S SETR MIA ST VAL GE
X e B 7R i«

Image Ground truth Prediction

Image Ground truth Prediction

Wi

Figure 6. Visual effects of UNet segmentation (Top) and SEARCH-Net segmentation (Bottom)
[ 6. UNet S EI SR (L) FA SEARCH-Net 3 EIM SR (T)

Image Ground truth Prediction
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Image Ground truth Prediction

Figure 7. Visual effects of SETR segmentation (Top) and SEARCH-Net segmentation (Bottom)
[ 7. SETR S I 523505 (L)F1 SEARCH-Net 4> EIMFER (T)

M 1 BRI R, TR SR A R T SO A B R S 2 T AS B I, 7E A TR B 4
Oxford-1NT Pet b {IZRIUE TAELHI1E 5017715 FPN Al UNet 4%, A FEhR mIOU #H EL T JE 4k X 4%
UNet #&7F 1 14.1%, 52T transformer () SETR Seilt I VEREAR 2. I 6 A& 7 AT LA, BT Al 4
Iy R R A R I 4 45 M R AR IR ROR . 7EFE 6 Y, UNet 483 R I o B RO B 22, %)
AR, MEEMTEATETEIR, WS A mARK, JREE T2 T w2 E
J B R SRR S S A SC5 7% SEARCH-Net XA ) 4> B8 A U, A (R BE ARG JBR 40 75 BT, 43 1 )
ORI, A A SN 5 SR BG40 TR AE A BE 58, IXATh TaLE SE MR JIHLHIH MBconv
B, BRRNE T At A R A B S BT RHIE S B, TR A TR R . BRARIE SR FE AR Lk
F- transformer 757 ) SETR M43 5 SEARCH-Net 43 EMEfe R, HMIE 7 /T LAEH, I #E 1 5E]
KRS T A S I R, JRIRE T SETR 4244 HAT K& 1 H i R AL AN 2 SkiE 2 b, X
SECT N EURAE B AR B, R TR RIS Bl R, TS O IR B IR 2 s T
AR SCTTVEAG W R A KA B MR BBk, AR BIROR

N T IR IIE RN 4% SEARCH-Net [z bk, #H 5L M 4% UNet 78 CamVid % S22t 47 %
b, g5t 2:

Table 2. Comparison results on the CamVid Dataset
= 2. CamVid HIFESLHLER

Loss mIOU/%
UNet [3] 0.23 46.2
SEARCH-Net (&30 /712) 0.14 66.7
Original Label Pred_Label
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Original Label Pred_Label

Figure 8. UNet (Top) and SEARCH-Net (Bottom) segmentation results on the CamVid Dataset
[ 8. 7 CamVid ¥#&EE UNet 2 EI£5R(L)F1 SEARCH-Net ()53 &R

1% 2 B DR o BIOR 15] 8 T, SEARCH-Net B RAUF Iz A0k, 4id B3I 465 R i
THABTE S RIEAE S, 8 NAS (505 o B 538 R B R I8 174

5. R4

AR PTG P28 SRR R BTN BITE U312 h, 3R U B R 2 (R DR A R g ik #AF, IFHL
FEANE R BTN B SR I8 2, AR T W3 R SAEE, I8 AT DL T X S B (R i 48
Z R 1) X 45 424 SEARCH-Net 7£ Oxford-111T Pet ##a 4 - RILR4F, HEZEM % UNet #HEL, mIOU 42
FHT 14.1%, IF H 551004 SETR AHLL, M2MERER 4. 8 SEARCH-Net iL# 31| CamVid ##5% L5,
W2 S R AP 2 AL PERE o K mTH0oy I 28 2R 48 2R 51 N BIE S B 25 g s v, SO T A
TV IHERE, Re Al 5L A B TH HIE R BT S5 I L8 2540, ST T ISR BT I A3 . SR AR 3L
TEWAAEE RRYE, FERESCIIE R Y P M R FERERTHERIE, B, FK
SERARAZ IR R A BRG], BT AS A I 2R 2 (Rl 4 R 45 S~ LR 52 o (HWIUR 1) NAS 20 W 26 4R 1
RZRZ HRRT BB BT, AR TAEE NAS JhREFNE L EI4UR, FEIRIE 7 HiTE, 87
NAS [ESSUR. fE8 PRI A, THRIKG BTSSR S NAS 454, F It B R BEEAR. HE
R B R )1 S R

& H
KA #Z R HRIIT H (2020KJ115).
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