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Abstract:  Existing semi-supervised learning methods typically handle all pixels in the image equally, ignoring the
differences in complexity of different regions within the image. This results in the model’s insufficient learning of challeng-
ing regions with higher difficulty to predict, reducing its ability to process challenging areas. Furthermore, since pseudo-la-
bels are generated based on the model’s predictions on unlabeled data, and the model performs poorly in challenging re-
gions, inaccurate predictions increase the risk of introducing noise into the pseudo-labels, thereby reducing their reliability.
To address these issues, a semi-supervised learning framework based on suspicious pixels mutual correction (SPMC) is pro-
posed, the framework consists of two networks with identical encoder structures but different upsampling methods in the de-
coder. Firstly, a common difficulty pixel screening (CDPS) module was designed to handle labeled data. By utilizing suspi-
cious pixels from the prediction results of eatch network to accurately screen out the hard to predict pixels in both networks.

These pixels are then corrected using precise supervision signals, thereby improving the model’s prediction accuracy in chal-
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lenging regions. Secondly, a soft pseudo-label assisted teaching (SPLAT) module was developed to handle unlabeled data.

By utilizing trusted pixels from the soft pseudo-labels generated by one network to selectively pseudo-supervise suspicious

pixels in the predicted results of the other network. Two networks update parameters through high-quality interaction, there-

by reducing the model’s cognitive bias and enhancing the quality of the pseudo-labels. Experimental results on three public-

ly available medical datasets, left atrium (LA), brain tumor segmentation (BraTS), and automatic cardiac diagnosis chal-

lenge (ACDC), show that the proposed method is superior to current mainstream semi-supervised learning methods.

Key words: semi-supervised learning; medical image segmentation; consistency regularization; pseudo-labels; uncer-

tainty; pixel-level correction
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A BRI, T DAL 000 45 S A M S 43 A1 22 S A8 45 15 in 1]
AR m AR R AR A

1 B AONERZ IS AT L FH I o A TR R L

SPL = (12)



%5 ¥ F B ] BEAR R AN BAE IE 192 W B B 24 R 1) 1613
FLR AR 2, 1 eI e A RO T A5 SR pe A Y E . ARV R B ER DL BTN 112 x 112 x 80 1Y

HUNT 2T R E AR RIS I8 (18R IR T e R
. R R PR % SPL, A SPL, oK I o 1Y)
Q3R AL UE AT BEMRR IR B Al R R . OB E

M =T1(max(P*)<7) (13)
M =1(max(P})<7) (14)
M, =11(max(SPL, )>1) (15)
M, =1I(max(SPL,)>7) (16)

# i/ SPL, (5% SPL,) 1 By n] {514 K XF P(B% P})
B TT BE AR 2R AT O MBS, AR AR O 2 A T AR 1%
5 BER B A S A BB 5. DR M R O 5 ¢
BT 1% E RBHFEAE T A 5 M (8 MY 5 A1)
LA g AR A (] A R R S S SR S B . LA
N
M= M OMY,,  Mi=MOME,  (17)
X L R A6 I O S 488 2 X A o A 54 o ) T B
BENITIES . BIEEEBHATR N
L,.,=MSE((P‘OAM"),(SPL,OAM"))  (18)

L., =MSE((P;OM}).(SPL,OAY))  (19)

bl bse BECHES 3
f — Ve N - ~
. B .__’ .
B SPL, B'yigh
E l :
1 I
B3 €S
. N @ A A4
—
. =1 .
| - g
B B tow
| R N
\ .I I J N = I J

T 200 S Sk F R AR B WA 2 0B 5 1 A B oA PR [ o
PR 2R . DL SPMC B HEZR |- J5 3 i hy 1), i AR5 A 2 O s 28 v
{5 B 58 v 1 DX, Sk ) — ) 45 o T 48 RS R A AT ) X B A T
pUEES i o

%15 SPLAT {4544

4 ZRERESN

4.1 HFFEESWHLE

(LA B4 . LA KR E i 1004 = e 4L 18
R IR AR A i B HAR 25 4L B, 4% 1) ) 1k 20 R hy
0.65 mm X 0.65 mm X 0.65 mm. #51F MC-Net'" i 4 52
i E AT 80 MEAR H T2k, 20 A F 10

RZEAE R A TEHERERY Bl AP K R 18 x 18 x 4 [
BT . ARSZEAE ] 10% F120% BN GAREAAE MbriE
Bt AR GRREAAE R AR br e S

(2)BraTS B 4E . BraTS B4t 335 41 i 5 i
9o FEE ) AR HIAZ R  P IA5 AE H B FLRR B AR, Horp
£145 259 151 7= 53 2 S5 98 (High-Grade Glioma, HGG) Al
76 I 9% 5 )8 53 988 (Low-Grade Glioma, LGG). % {7 &
AL RE LR AR A8 DU AL S T1 . T1Gd T2 F
T2-FLAIR, Jf tH & KB B R K A br 2 . A6 16 1 i 2
— £ % > (Cyclic Prototype Consistency Learning,
CPCL) "™ g s B0 8, TATH 250 MFEA FH F I,
25 MFREAR FHF B, 60 N REAS TIN5 I o 7
KB BEHLER BT h 96 x 96 x 96 HYAK ZAE Jy iy A 5 1E
e Bl FH A Kl 64 x 64 x 64 T B %7 1 . A SL 06
1 111 10% BN SRbE A A b T 850, HeA DI e AR A
R ARARTE R .

(3)ACDC ¥4 . ACDCEE 4" iy 100 44 R &1
SO U B 785 4% 1 AR A% 0 B bR 2 21 B, X B R 2K
Y RN AR R A OE A0 EAOAL. 2
CTCT (Cross Teaching between CNN and Transformer)"*"’
TSI FRATTRE 70N FEAH TSR, 10 FEAR
FHAE, 20 MNEEA FH T . FE VI Zrad 2 b, a5 10
3D 4545 B 5 Ak B 2D VI R, A U0 R 8 N R 3Ry
256 x 256 1R FAE Jfii A . A SEEAH FH 10% F120% 1]
GREANE PR RS , AR UZREAAE ]y R bn i 558 .
4.2 ZIATFIEMIERR

B A 525848 FH Pytorch 1.7 HEZE A1 NVIDIA GeForce
RTX 3090 GPU SZ#H . #E7Lffi FH B AL B T B4 (Stochas-
tic Gradient Descent, SGD) AL #5 Y1l 25 , AL 98 K+
BN 1074, SR E N 0.9, ¥ ih2 > R E K 1072,
AR ER B 30 k.

75 LA 04542 FN BraTS B4 S 0 43 B 55 b, 1
W2 343 il FH V-net ™2 St KNGS oM 8 4. 24K
ANFg 8 B, AR HE AL 4 AN BRE B A4 A R bR TR
T s 2K IN A 4B AL AL B 2 AR HdE A2 A4
KRR . 7 ACDC BHE A B 0 M55, 3T 2%
il U-net'. b R/NE BN 16, BEEAL S 8 IMRTESL
T A0 8 A A A TE B L 0 AR R 0T B U A=
0.1 x e 0’ Mot e R YTk AR UER, £, TR K
BARUEL . FERER B R Bh S T AR 2
BEE N 0.1, = A0 46 00 505 R 5 0 B o MR 3
470.7.0.65.0.7, 1 K sR A A S LB E R 0.5.
T M4 AR T 5 IE V-Net (5] U-Net) 454 i) 54 &
B R (OB AR ) AT L oRAE 1T 26 B Uil FH = 2 b4
H (B8 B EBOMER LoRFE DT X, R FEFRAE AL B T m



1614 H, ¥

EE 2025 4F

AT MRS . S T 5 HAN I A LU, FRAT 1AL ]
W25 A FEATHERE .

FRATAE I DU A F8 b ok VA i i 7 2 i PEBE L RT L
P I BEFE R 53 A S« XIS RURRAR A I % URFE A
DX IR AR A s 0 475 ST AH (L R B (Dice ) FIAS R AR AR B
FH (Jaccard) ; 1 G HURAR AR 145 95% 1Y 587 22 K IR
1% (95 HD) Fl1-F- 34 F 181 #E 25 (Average Surface Distance,
ASD). Dice Fll Jaccard $& 5 FH T M 2t 9 A Xl ) o
B FREE DR b A8 T R 3R 43 RIS B 4. 95 HD AR
FWIREA Z [A] 53T A e K BB, ASD AR A RE A
R 5 Z E] P-4 B RS TR 95 HD T ASD B i B AR
MRS FIROCR T
4.3 SEIGZERXTLE

T JETE LA B A X e 7 i it A T e RE PP AL, X
FE 7 GBI E Z0 (Mean Teacher, MT)", XWUE AT 45—
M (Dual-Task Consistency, DTC) (53] s Cpst ) MC-NetH" s
URPC™! LW 5 20 B N 4% (Smoothness and class-
Separation Network , SS-Net ) HHHE A FHESE (Mutual Cor-
rection Framework , MCF) "¢’ | 454 16 5 — S50 449 1 20 Ui

(Ambiguity-Consistency Mean-Teacher, AC-MT)" AN E
P 51 T 19 A B — B % 2 (Uncertainty-Guided Mutual
Consistency Learning, UG-MCL)"® | fif 1] J& 01 A i & 1k
(Anatomically-aware uncertainty , AAU)"™" FlI3E T iE48 A4
2% 2] (EVidential Inference Learning, EVIL)[SSJ. Ak, A
il FH§ V-Net 7€ 10% . 20% F1 100% (535t T I 253545
HIFEFE N S HPERERY SRR FFR . SR 1] 75, 55k
LAAUAA L, TN I B A PR FE bR AR 2 1
FeTt. Bk UL, 7R 10% RRR B F190% 1A
FREEARE I TR, Dice #2155 %1 90.33% , #2155 13.82 4>
T 53 st TEAE FH 20% F bR T8 £ F1 80% 1 A A5 1 H 4
HEAT IR, Dice 42 5 £ 91.07% , #2 5 6.29 4~ 11 43 45,
Heilr A B2 2] F R 91.55% (1] 100% E’Jﬁ{féﬁtfﬁwl

R V-Net). 5y ) Al L, SPMC 7E M A s e 1y il
R AT R R PR RE . JC AR AT 10% A 13 54 A
90% HYABRITEAR NGRS , AHE TR I (EVIL) , Dice
P 1.58 N 4 il . b, R 6 AT, FRATHY I mT LA
TEORE 20 i 53 8 L 200 B UE LA 23 43 SRl 21 X 8K, an
P e gy 98

St
o iten]

St
=

SNE TR %0T MG TR %01

g
p

=
=

CPS MC-Net AC-MT

UG-MCL SPMC (ours) B4

Ko 78 LA A bR ) 5 2 AR I 4y mT A SR

R T B2 B TR T IR AEAS R R R iz Ak
A8 )1, FATTAE BraTS B4 45 L UEAT R RE VAL, 15 FH A X
H7TvE S LA BRSEAR R . AT LA B4, B e o
H BB B IRATA I A BA A a2 . gk 2
Fras, BT 10% i bR 1 2008 1 90% 14 2 ik 12 5040 2
TN 2RI, SPMC AHEE T LR B | Dice $2 /5 4.65 11
g3 AN SR SEHER AR L, SPMC AT AR
AH#EFIRAR J7 22 (UG-MCL) , Dice $2 75 1.03 1~ H 43 /5. .
P L7 R, FRATT 5 1k ) 4 B BOR 5 LSRR A T
X e 1 5 53 5 ) BE S K

B T 7 LA Fll BraTS 3X Ff () — 43 2 8088 4 b it

T EI S AN, FRATT IS AE U 4 J 8 & ACDC X
E?%Eﬁrziﬁfﬁﬁm,@ﬁﬁﬁﬁxﬂtﬁhﬁu LA B ¥ %
HHE . a0 3 BroR, 2440 10% () b 7 5085 1 90%
) A b T BCHE DI 2 B, 5 56 4R B AU AH L, SPMC 1Y
Dice $ &1 7.04 /> 43 4505 6 br v BU88 (0 B 1R T =
20% I}, Dice 48 55 4.59 4~ H 40 . 5 & e W Oy ik
LG, AT ke 2 A4 B 1 HIAT 5 B AR
¥ f% f . SPMC 1E 10% . 20% H4 b1 1 5% 35 A1 90%
80% FY A b 3 B s T I 2R, 5 =6 R 59 vk AR 2

IIIIH

MC-Net

7 7 BraTSEESE L Ay ik (E

AC-MT

UG-MCL SPMC(ours) fns s

RN L 10% B4R 50 T Ak 45



05 W 1 F B BT T BEAG S A LA 1 1) MBS B 2 UG o ) 1615
®1 ELABEELSREHNSBFELR
Jrik bR E R IREA €I Dice/% 1 Jaccard/% T | 95 HD/MAZ | | ASD/AZ |
V-Net 8(10%) 0 76.51 62.93 32.17 9.81
V-Net 16(20%) 0 84.78 74.33 17.37 4.46
V-Net 8O(ALL) 0 91.55 84.45 5.60 1.86
MT nons, 85.27 74.62 14.33 3.39
DTC,, \\paomn 85.13 74.71 18.95 5.29
(61— 86.06 75.99 19.47 5.54
MC-Nety cerram, 86.49 76.66 11.91 1.99
URPC, ;200 85.02 75.98 15.21 2.95
SS-Netyyccarom, S10%) — 86.82 76.98 11.62 3.17
MCF, ypsons 86.63 77.00 8.37 2.95
AC-MT,y 2005 87.64 78.10 16.59 4.06
UG-MCL 00y 87.29 77.65 11.46 3.10
AAU 100 86.34 76.32 12.62 3.41
EVIL p0ne 88.75 79.97 11.82 2.80
SPMC(ours) 90.33 1 1.58 82.46 9.06 1.95
MT, nons) 88.68 79.83 9.14 2.50
DTC,, \paomn 88.30 79.34 12.11 3.45
CPS gy pris 89.92 81.93 9.46 2.81
MC-Nety x| 90.35 82.53 6.99 1.86
URPC, ;200 88.43 81.15 8.21 235
SS-Netyyccaroms, 620%) 64(50%) 88.63 79.82 8.89 2.56
MCF, yprsons 89.07 80.76 8.19 2.49
AC-MT,y, 2005 89.15 80.54 13.86 3.61
UG-MCL 00y 89.85 81.73 8.87 2.16
AAU 100 88.66 79.92 7.47 2.06
EVIL p0ne 90.28 82.39 6.86 1.82
SPMC(ours) 91.07 1 0.72 83.74 5.65 1.67
TE LA ARSI, 206 e R A AR R 4 R 2518 .
F2 T BuTSBURE L SREMNS B LR
ik b St ES ARE G Dice/% 1 Jaccard/% 1 95 HD/fA % | ASD/RE |
V-Net 25(10%) 0 79.23 68.40 15.83 434
V-Net 250(All) 0 86.49 77.23 8.68 1.98
MT, oy 80.49 69.99 11.71 3.46
DTC,, sy ooy 82.53 7273 12.66 3.12
CPS (yprio, 82.70 72.30 12.99 3.46
MC-Net oo 82.51 72.98 14.57 3.78
URPC, ;2000 82.07 72.11 9.92 224
SS-Netyceara) 2510%) 225090%) 81.64 70.95 1531 483
MCF, ¢y pisons 81.96 71.76 13.96 3.99
AC-MT,y 00y 82.09 71.65 15.91 4.81
UG-MCLyy 00y 82.85 72.69 11.12 2.28
AAU 32000 82.43 72.33 13.83 4.18
EVIL y0me 82.60 72.46 11.44 2.76
SPMC(ours) 83.88 1 1.03 74.06 10.13 2.72

TE MR B A R 2L 6 A B AR5 R IR AL R 2518



1616 A O S 2025 4F:
®3 TEACDCHEE FSREHRNIEFELE

Tk [IREA PR N6 Dice/% 1 Jaccard/% 1 95 HD/fR % | ASD/IEZ |
U-Net 7(10%) 0 81.59 70.74 8.07 235
U-Net 14(20%) 0 84.83 75.33 7.61 2.09
U-Net 70(All) 0 91.10 84.04 4.90 1.14
MT, i 83.65 73.15 13.45 361
DTC, 85.40 75.49 9.91 247
CPS (ypreon| 85.34 75.50 8.78 237
MC-Nety cearamn) 86.07 76.58 11.48 3.37
URPC 15000 84.25 74.09 4.28 131
SS-Nety cearaos) J00%) 6300%) 86.95 77.88 4.93 1.56
MCF ey s 85.18 75.22 10.73 2.78
AC-MT,y oy 86.36 76.86 9.64 2.59
UG-MCLyy 00y 86.84 77.60 7.77 1.94
AAU 1m0 86.46 76.99 8.00 2.06
EVIL 000 87.25 78.18 5.31 1.35
SPMC(ours) 88.63 1 1.38 80.20 4.45 1.19
MT, o 86.55 77.49 6.86 2.15
DTC,y sy a0y 87.67 78.83 6.80 1.93
CPS ¢y o] 87.03 78.13 6.66 2.12
MC-Nety oo, 86.58 77.68 15.99 4.93
URPC,y,y i, 86.07 76.77 6.04 1.66
SS-Netyyccaram, 20%) S6(50%) 87.33 78.45 7.38 2.34
MCF, oo, 87.32 78.43 6.53 2.00
AC-MT 1 87.99 79.34 7.85 2.14
UG-MCL 1y s0ms 88.40 79.86 9.12 2.44
AAU 32000 87.71 78.92 8.51 2.14
EVIL 0 88.34 79.90 6.46 1.68
SPMC(ours) 89.42 71 1.02 81.42 5.99 1.46

VLA DRSS S, 20 BRI S e S 22
(EVIL, UG-MCL) # I, Dice 43 545 55 1.38 4 1 43 A5 il
LO2ANE 43,
4.4 HELILIE
4.4.1 AEERAZNE

W 4 iR, TATHE LA BG4 A1 ACDC £ 4
X SPMC H A RIS 47 1 il 52 56 DA Sk /s A O A
Py A %00 . CPS 38 2 A1) T PR~ 0 28 Tl 179 22 S e
EATAH B2 2] 9% T 5 S fel b SRS [] 118 0L 286
AT, 2508/ NI 45 2 2] 23 8] . PRI IRATTAE 38 =3
5% 1) ) 26 v B IRE ARSI 8, Ay D 4 BRI ) SRR AE R
DL Hvz A RE T . R IR AE A 30 I A 4% 1 I 5
10% [P b5 73 05 F1 90% 19 A b 7 B G 15, 78 LA i 42
FTACDCEHELE I, Dice F8 A543 4 5 0.59 4™ H 43 A5
0.524H 4345

BEAb PR A A0 A e Bl Y Ao 88 A B T 8 v A
R4y EIPERE . EASKEUL, CDPS #5378 B4 B0l 4 -
[ Dice $8 AR AHEE T FELABL R 43 77 42 15 0.56 4~ 1 43w Al

0.53 1 401 A T 24 2T WA W 2 e AT Ay X 3l
FRATTT P A 00 4 T 5 SR o ) e PR R R AT A AN
BT AS 20 ) W A A ) 4% 0000 45 S v f i A7 T S5
182 . BT B 3L RIS R O TN X B A K, ol P A 2
HATE TF B N HER . SCER2s R, X AE i 7 =X
AT DA R O 2% ) o P

AU F SPLAT A BB, A 78 (g 43 51 8 ) I 25 1 i
AR T IR, Dice 1855 73 A48 5 3.14 A 43 550F1
2.28 H Ao . AAR B 22 (B O W B AN S R A
B, PRI I 3 1773 498 T8 0 245 25 vp i T B AR 3R o o — T
S5 R B ] SR R IR LB 5 S iR — A
T R A 2 AR 2R 1) Dy — T v SR A 14
FR2E 2] R BT R AR 75 X A TR S0 (1 5 )

>4 CDPS Fl SPLAT AR A F B, B 3K 3] A
A3 ESOR . BAARSR, CDPS 38 o8 ek S5 A 760 X6 A 1 B4
PRk DX R, BT TSI A X A e DXk
P FREIDAS B . 3 — ik R (R4 R AR AR R B R A T RS o



#0051

W7 B T AT SR FAH ELAB IE 2 B B R 0381

1617

B BT SRR . B ARAREEEE P T BE AL & S bR
P AE X AL 35 43, CDPS B4 A A Bl TR R R
R R v A R Ak B X, A T 4 A ) 2
SJRE Sy, Ik — 2 B AR A o e R (R DR 2, 4
SR ACHR I B 1 W R0 R, . SPLAT 3 ot 42 THEE U R bR
TEECE Pk kP X 2 2T BE T S S TR
bR . FERME 2= T RS 1 B S 5
AHXT A BRSOk % e X085 110 25 S0 W B 38 3 s T e
B 92X sk . SPLAT AP Ak , 5 Ak T AR 7E 42 )
T A X R 2 XSk 2 2T BB T it — 25 (R T AR X
PSR TPERE . LR 2s R YA B
{8 IS, 76 LA BUR4E | (1) Dice $6 47 L L LR A AU 4R 25 3.6
AT 5, Jaccard $2 75 5.46 1N 1 43 15, 95 HD [AA% 7.48
MMAZ , ASD [ 2.76 1A . 7E ACDCE#i4E I- , Dice

FEAR H HE AR R 5 3.09 1 T 40 45, Jaccard #5 4.46 4
53 55,,95 HD FEAIR9.48 IMAZ , ASD R 2.72 MAZK .
(EAHE R 7E ACDC Hidi4E b, Afg T i fii i, A4
FEHRIE A G 95 HD 43301 FAIG 6.35 MR ZE R 5.9 4
HE. HTFRB T SRR RE MRS E W% X
B, M ACDC 2 2 0 84 , B E E M BER R L LA
KRR L FRATT 5 2% T BER R BB e R AR
FEL, BRI, ACDC a5 1 3h SR 1 95 HD ARk
A AT B G E 8 fr s , FATT 43 S AE FH CDPS I
SPLAT Bl sl 3¢ A 11 25 Bof PR A I AS ] 26 AR BT A
FAEATIIK . 45 SRR Bl I SR DR AT, Bl fili
CDPS I SPLAT #EA Tl 2R BENS 16 1E 43381 H AR 1 Bk Rk X
3o, Il 0 BB %) 30 25 T 55 O (A ] o i Sk T A X
IR, ARSI ZR I RES HE— AR T X — 3R .

*z4 SPMC RAEHRBLAYE B SLLe

" - RARTE . , 95 HD/ ASD/
B | ARiEEE s V1-V2 | Feature-Noise | CDPS SPLAT Dice/% 1 | Jaccard/% 1 ks | ks |
x x 86.14 75.97 19.60 5.69

x x 86.73 77.00 16.54 4.71

LA 8(10%) | 72(90%) N x 87.29 77.62 16.49 433
x N 89.87 81.72 9.18 251

N N 90.33 82.46 9.06 1.95

x x 85.02 74.92 13.39 3.99

x x 85.54 75.74 13.93 3.91

ACDC 7(10%) | 63(90%) N x 86.07 76.61 10.80 3.67
x N 87.82 78.97 10.35 278

N N 88.63 80.20 4.45 1.19

T LA a4

CDPS

SPLAT

=%

CDPS+SPLAT

CDPS

3t

SPLAT

oE

CDPS+SPLAT

=
| 4| 4| | X | | | | & | X
= - >

E

- NENE
APANAL 2 L2

' v v ‘ \ \
2 & 3 v v ¥

v ¥ . \ \ \
>y = » v 4 ¥

Tteration5 000 Tteration10 000 Tteration25 000
»

>

FE 8 RIS ARUREC A RN ZE ACDC BRI Al A4

4.4.2 FARBEBMBFHFAILE

BT M5 — 1 B R SPLAT R i A etk , 3 A 1
FIARTRIA SPLAT 5 S TR . an3R 5 Fos , 23 BIFE LA
A ACDC B4 A8 10% A% 3 240 F1 90%
B AR ERCR AT IS . 78 SPLAT v, 3l 3o 7 1 — > 71
W25 5 A B 15 B AR 1 (high) HL 55 — 0000 o & {5 B AR
(low) G R R ARIL AL, B B 5 R R I B 15 R
B EAR EBARAY ] 5612 K (high—low). X HLFR A FH W
FPAS R A 5 SR B A A5 36 L S2 86 . 55—, FRATIAL
T — > T 25 5 b B BRI A TT BEAR R AR A,
X 57— T ANAMUE T () 0 25 , AN RO 1 1915 253X BLRR
A (ordinary) 18, BV 0 5 R W8 ] 5615 2K (ordi-
nary—low). 55 FRA LI HE H — AT b B 05 A g
B TR AR ZARB A, % 575 — TR0 AN AR T 14y i 25 , B
514 2 %815 % (high—ordinary). SEER45REH]
TE LABAREE I FRATT 00 7 ik L A P 7 ) Dice 845
A3 SR 0.46 4 43 A1 3.26 4 [ 43 45 78 ACDC 8



1618 H, ¥

EE 2025 4F

£ B FRATH 5 % e HA B R T4 1Y Dice $5 45 70 I
0.35 4 EH 4 s A 2,194 H 43 45,95 HD 730511 0.98 4~ A&

FE M358 MMAEK . XUEIAFRATTBY 5 M & 15 R )
AMEIR 2 L B BB R AT BEIR R A Rk

R5 ELABIBEMACDCHIEE FLEERE SPLATHAR

Kb te [INERAE RARERE ik Dice/% 1 Jaccard/% 1 95 HD/AZ | | ASD/HAE |
ordinary—low 89.87 81.69 7.03 2.23
LA 8(10%) 72(90%) high—ordinary 87.07 77.42 14.28 4.53
high—low(ours) 90.33 82.46 9.06 1.95
ordinary—low 88.28 79.60 5.43 1.39
ACDC 7(10%) 63(90%) high—ordinary 86.44 77.13 8.03 2.90
high—low(ours) 88.63 80.20 445 1.19

Y RO B4
4.4.3 BSHHNBUED T

ARSCWFFE T B B BIE o £EAS [R] A BUE T X =Fh%
P BN RAB AR . AN 6 IR , 76 10% B bR E £ s
H190% 1Y A AR 7 RTS8 . X LA B8 4 fn
ACDC B 4E , 24 & {5 B BIE « BUE A 0.7 i, Dice F1l Jac-
card FEAR IR B RAERCR . X F BraTS B 4E , 24 B 5
{8t BUE 4 0.65 15, Dice Jaccard F195 HD 484515 ) 11
SR BEE A R B < )W, T e A RTBER R
WD | R RT RE 2 il BE R — 2 M E AR S, T 20
RUFEINNAE: 5 Bt 2 8155 [ M o R T K O o ) 1 T
15 R WO R 22 | A58 AT 6 23 T 0 DG 3 B 1 B AR T g
MR ER , T BB 2 W UG A 20 TR AT 3 i A
T NGRS , E IR AR A B R P RE . DR, 7R
PEEAR LB « K/, T5 B 455 2 LR AR 8 T B At
RUVERE 2 [8] A1, AR i S 50 45 SRR BRI SRl R e AR 1Y

F6 BEY ESAMIEELMERTR

BdE | bR | KRE Dice/% | Jacca- | 95 HD/ | ASD/
g | gam | sam | |t |t |zl kx|
0.60| 89.34 | 80.86 | 7.98 | 2.01
0.65| 90.27 | 8238 | 7.16 | 1.70
LA | 8(10%) | 72(90%) |0.70| 90.33 | 82.47 | 9.06 | 1.95
0.75| 87.13 | 7747 | 954 | 2.73
0.80| 87.42 | 77.95 | 13.19 | 2.97
0.60| 82.54 | 72.64 | 1157 | 2.85
0.65| 83.88 | 74.06 | 10.13 | 2.71
Brats| 25 T070] 8383 | 7415 | 1174 | 332
(10%) | (90%)
0.75| 8323 | 73.12 | 1385 | 3.79
0.80| 82.79 | 73.02 | 9.98 | 244
0.60| 8837 | 79.85 | 429 | 1.18
0.65| 88.44 | 79.93 | 352 | 107
ACDC | 7(10%) | 63(90%) |0.70| 88.63 | 80.20 | 4.45 | 1.19
0.75| 88.24 | 79.65 | 353 | 1.17
0.80| 88.55 | 80.02 | 638 | 1.55

T Ay st

B(E, I ITTFEA RV B B B B .

WAM A SCARIFSE T 45155 s AL ol S50 B I 52 )
MR 7 R 76 LABAEEE FAEHT 10% B9bRiT £ 1 90%
AR TE R FEAT S50, Bl B Y IBUELAE 0.3~0.7 221K,
Y BHUE A 0.5 I, #ERIFE Dice Jaccard F11 ASD 4645 F 3¢
PRARAE . AR, I B[] MR T R AU B 1) R AR A 1L
PORE R B2 AN HURE . 37T BESE B R AL
19 MSE 45 2 AU 1 Oh Wa B AU L B b A
{5 BERARAIGZE 15U W 0 A Oy Mo B 4 G Tk 55
FUR R R FT A% 2 . R, B BRI R 0 e B e i
F UL, G RSB KR DA T R R R
PEREAY 0 W) . (R B EBUE AN RB A R/, 2ot
K2 G BRI 3o 13 0 kR X088, DA TG 2208 2 Ak &%
F4) 5 3k /N DUV AT il S ORI KT Bk M P DX ) AN L ek
IR ..

£7 BESHELAMBE LONRER
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