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Abstract: Objective Weakly supervised semantic segmentation (WSSS) aims to reduce the cost associated with annotat-
ing “strong” pixel-level labels by using “weak” labels, such as points, bounding boxes, image-level class labels, and
scribbles. Among these, image-level class labels are the most cost-effective and readily available; however, leveraging
them for precise segmentation remains a considerable challenge. A widely used WSSS approach based on image-level class
labels generally comprises the following steps: 1) training a neural network for image classification using the class labels;

2) using the trained network to generate class activation maps (CAMs) , which serve as seed regions for the segmentation
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task; and 3) refining these CAMs into pseudo-labels, which are then used as the ground truth to supervise a segmentation
network. These steps can be integrated into a single collaborative stage; typically, single-stage frameworks are highly effi-
cient due to their simplified training pipeline. However, the quality of pseudo-labels is crucial to the overall performance of
semantic segmentation. High-quality pseudo-labels result in superior segmentation outcomes, whereas noisy or inaccurate
pseudo-labels hinder the capability of the model to learn meaningful features. WSSS based on image-level labels faces con-
siderable challenges due to the absence of precise positional and shape-related information, making it difficult to generate
accurate segmentation maps. These challenges have led to the development of various approaches, which can be broadly
categorized into two types: single-stage methods and multistage methods. Although single-stage methods offer greater effi-
ciency and simplify the overall training process, they often produce less accurate pseudo-labels. This condition is due to
the limited refinement of CAMs, resulting in imprecise supervision signals that ultimately degrade segmentation perfor-
mance. Aiming to alleviate these limitations, a simple yet novel single-stage WSSS framework that incorporates knowledge
distillation is introduced to enhance pseudo-label quality without relying on any additional external supervision. The frame-
work enhances the feature learning process within the teacher-student network using a dual-stage knowledge distillation
module. This module allows the student network to acquire more dynamic and informative knowledge from the teacher net-
work while preserving key features, thereby enhancing the overall robustness of the student model. Moreover, to further
improve segmentation accuracy, a pseudo-label correction module based on a Gaussian mixture model (GMM) is intro-
duced. This module refines the pseudo-labels by modeling the distribution of the CAMs, resulting in highly accurate and
reliable supervision signals. The combination of dual-stage knowledge distillation and the Gaussian correction module
ensures accurate learning and improved segmentation results, even under weak supervision signals such as image-level
labels. Ultimately, the proposed method effectively mitigates the impact of noise during training and enhances the accuracy
of the generated pseudo-labels, resulting in superior semantic segmentation outcomes in WSSS tasks. Method A novel
weakly-supervised semantic segmentation method, aimed at addressing the challenges posed by noisy data points and weak
supervision, is proposed. First, a dual-stage knowledge interaction module is introduced to enhance the feature learning
process of the teacher and student networks. By enabling highly effective knowledge exchange between the two networks,
the proposed approach notably reduces the impact of noise during training, leading to robust feature extraction. Addition-
ally, a Gaussian correction module is proposed to enhance the quality of pseudo-labels. This module refines the pseudo-
labels by modeling the distribution of class activation maps. By fitting the distribution more accurately, the module corrects
potential errors in the pseudo-labels, ensuring that the model learns from high-quality, refined labels. Therefore, the
method boosts the overall performance of weakly-supervised semantic segmentation, making it more robust to noise and
improving segmentation accuracy. This method provides a promising solution for weakly-supervised segmentation tasks.
Result The mloU values of this method on the PASCAL VOC 2012 and MS COCO 2014 datasets were 74. 8% and 42. 3%,
respectively, surpassing other comparative methods. Specifically, on the PASCAL VOC 2012 dataset, the proposed
method achieved a 3. 7% improvement over ToCo, an 8. 8% enhancement compared to AFA, a 7. 5% increase relative to
TSCD, and 1. 1% compared to BECO. On the MS COCO 2014 dataset, the method improved performance by 2. 2% com-
pared to TSCD, 3. 4% compared to AFA, and 5. 3% compared to AuxSegNet+. Additionally, the mloU values of different
categories are compared on the PASCAL VOC 2012 validation set. The experimental results showed that the method outper-
formed the competing methods in 16 categories. Notably, for the background class, the method achieved an mloU of
92. 4%, the highest among all methods evaluated. This result indicates that the method effectively leverages the Gaussian
correction module to reduce misclassification of background regions, thereby improving segmentation performance. Further-
more, the method achieved notable improvements in categories such as bird, bottle, car, chair, and cow, further demon-
strating its effectiveness. Conclusion The proposed method effectively mitigates the impact of noise during training and
address the issue of incomplete pseudo-label generation through the integration of a dual-stage knowledge distillation mod-
ule and a Gaussian correction module. This approach achieves remarkable performance improvements compared to existing
methods. Overall, the results demonstrate notable advantages in end-to-end weakly supervised semantic segmentation and
holds considerable research value.
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YRR B it . O 2R A3k — ) L, A SCHt th —
T 5 R A A A (Gaussian mixture model, GMM)
(Xuan 55,2001 Y PAPRZAE TERBE . RBAR R i
26 AR R 1 UL A, G e i A R R R
BT BEAER R R FLSLAORRAE , O B AT R e TR
RUX 3 SR R A I e B e 1k o AR S, B S R Y
BRI AR D) 52 B e P 52, S BOBE A HE
(Jiang 55,2024 ) . FEF X — A5 , A fd ] GMM X
CAM % Hh FUR R EAR EHAT G RHR R k20
el A R IR A B 2, AT B3 A MR R Y
M AL B AR A

1 -p)?
N (x| p.0?) = e (11)
V2w o

TS g U TR A A TR LA 5 B T 20 A1 0 531) DA M
TPAT AT oA R4 B BB B

p(x)= Z/\kN(xn’:UwO':) (12)

AP LK = 2,p, 0f R BF— D00 A B BE T 2%,
A R BE— A AL ZRE

X F AL 8w, of, AT LS EM (expectation
maximization) FLEHE . BAKTT S, it MR R
JUE T AT RIS 23 A 5 SR, HA R0l

2\ /\kN(xn|/*Lk,0-12c)
Fy(xn’l’l’lmo-l;)_ J=2
DAN (x| )
=

(13)

P N (x| o) FREE kAR TE x, AL 1K
TEE A, [ B8, o2 A SAUE ZE,, IR
PR 3T H y (x, |y 07
TEM 2, 82 y(x, |, o) B T S 8u, o}
PARALE R BN, H N

EY(xn |/‘le a’f )xn,

2l (14)
Syla,|me o)
n=1

My =

N
Sy, [ o) (2, = w )
op =" (15)

N
zy(xn,|/~1‘ka or)
n=1

1 N
MZNEY(%\M,C’?) (16)
n=1

P VR R R AR
EACE B RIM 25, BB WSk B e Rk ARk
o BIFATTRA LR, By

Z;": AlN(xn’l'l’l’a-f) (17)

2
SAN (%, |, 0?)
=1

A1, G, AR FE O B P R 50 I (1 M 7
WER N (o, |0, 0}) 3675 x, JB T H0/IVBR 2 B A5 BE 1Y
R 4377, A, 6775 T T /I A B MR 75 31 (1
EEY 8

WL Js , R0 8 P A SR 11 3 A R, U 80 MR
fH6,0<0,<1)S5KMEFEE0,(0<6,<1), \ifi
Sy LR ME S S AEA R, (G, > 0,) FIRHE
WERIEF HAEB R, (0,< G, <0,). RIG. HELR,
B P AT e S B 40 L X EA R,
T AT E IE

ZEARHT AT, R, v I W 7 A 5 TR e R G
5K R F BRI R 3 Sk . ot T A 7
PR 2 ASSCHH R 4 NI A 2 09 A M
FE . (8% F, 3677 AT R R A R AELERE S d, P
PR AR R (1, d) B3R, BEBCY TR 2 A0
AABBIRARZE X B HO A [0, X DS F, F .
FHF,. BTk X (4)1HE F5 40 5814%
2 A TEMUBIE A5 B — A B 4 A ML B8
S, Bk
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S, =[CosSim (F,. F,),.CosSim(F,, F,,)] (18)

R S, T AFTE /N T PR BB - 1R, U
MR R 5 R ARG R Z 1R A AR BLRE #5241, T R
RUPYHME R GG RN EA—S, F:5)
M, AR ARRLRE 38 5 R W S TR R 5 R R R A iE
bR 2E S (i, — D& TR, — 1N E T
S XA RERRE MR R AL TR R JF E
J& TR L R AR R AT REC iR e I
I, 36 A5 3R B b5 25 0 B BT b 2 8 SR 45 0.
AN X T R, AN A2 FAR SR AR R AL
T AT LT S X, I L 0 4 1 2k 52 R
BN AR SO X SRR R 1 R 255, LU TE
JREVRITR T 2 EAT, K, R, PR S
IERRH

0 dseS,,s<rt

do, = (19)
PRUEO T 055 Wees, s>t

A, s FoRABUEE ) & S, I —A 0

MAE A R, A5 38 5 4R TR 7E R R LA
KM ZA AR &AL . RTS8 R 1E
HRRIE R s Ll & A E F S FERRE 2
[l Hh, N A BB A X 4. BRI, AR SCRI A 5%
AEABLEE I T I ¢ 5 9 s =2 [R] AR RLPE: , DA T A 50
0451 e 7 AR AL T e — T S R S e . BRI
FL (DB SRR R F, 540 ERE AW
AL HALEE A5 B — KB R 4 AU (E & S,
HARH

S, =[CosSim(F,, F,),.CosSim(F,, F,)] (20)

YL EEE m) 2 S, H H BN T 1 B « 11
BUET, FR B Y HMER ZR S AR 2R A R B A TR
MR R AT SRR, FECYNER R S TR T H
PRk ag i Fak o e R 0T Y TR R B hR %
{EB AR E N T AR 0, X T R, A 2 ik
A B LA AR A AR AL i K 4B S5 2%
PREAE R HAPRZE . L, R, D ORPREEAE IE N

0 dseS,,s<r

do, = (21)
pretao. ps(max(S,)) VseS,,s=r

A, max(S, ) FRon BAT DL B RO AR AR AR R
ps(max(S, ) F7~ 5 2 15 AL fe i 9 40 8 15
BRI L BIAR SR, s R AL [0 1 S, P Ay — 4
ors

FE GO IEAE T Ohbn 2815 21 T 410

A, WY RLgE— 2 2 T Sy AT 55 i T o A
HAKTT B IE IS B DR 0 B 5 5, 38 S i
LB BN BR A ISR . Dt — AR R Y
N ZRad B, AR SOR T H I 858 SR 5 2% R B A R 23
R, AR

L=t STy he(B,) (22)
—li=1;-1

K, P F R BRI TN A58 4 1750 5% 2R 8 T 2800
c IRER |y, TR AR i1 58 MR R i 26
I SR <3 I W[5 W 1| S N P B O = R /7
ZEXT L AB TE 5 A bR 25 A A 2 1F 1 T s 22 , 4
S AE —BEE DL DX 43 1 300 5 DX SR A 8 5 X
G VARG DTk AR WA IR R
2R L PTIR AR SCHE 0 55 W B o R A
SRR pRECH
Ly =Ly + A Lye + ALy, + AyLyse + AL, (23)

2 EWERKNSH

2.1 HiRESSHILE

ARSI FER S PASCAL VOC 2012(Evering-
ham %5 ,2015) il MS COCO 2014 (Lin % ,2014) I
1To PASCAL VOC 2012 #4584 20 4~ HAsZEH1
LA 50, 2R 510 582 1, 3o ik 4R KR
1 449 i, MR EE EI15 1 456 1 . MS COCO 2014 %#E
A 80N HARZKBI A 1 41 52K, 4R
1% 82 0811 , B UEAE 15 40 137 M . 76 AU Zhad
Firf U R Bbr % o BT A B SR ) PyTorch fiE
AN PR FE B 5K 24 GB A7 1Y Nvidia 4090 [ ¥ 17
k.

K H 11| 25 ImageNet [ ViT-B 1 4 Transformer
M) gt a% . BRI E5 2% | DeepLab-LargeFOV
(Chen 5§ ,2018) . 7EASSCH AT T 8 5 L A B 4
5 < 7 RS BE DL TR, 09 &5 448 x 448158 % 4 ik L
BIAEC0. 32,1. 0)Z [u), K Y LLAE(3/4, 4/3) Z[H]

£ PASCAL VOC 2012 45 46 I Il 25 48
YR 2R 20 000 U, H b 3R B Bl Rk A R IR
2 000K . 7EMS COCO 2014 Bdi4E b ke ik
HREE R 80 000 I, TiLAA i BE I 2R3 AR R ECH 5 000
W TETHRET Bl i, 2% Az I 4% T 20T D) 28 231 R
FH AdamW HEATHEAL o 200 99 28 11 S iy 27 2] R % 8
R 6E=5, 25 2% [ Btk 2% ) SR % B R 6E-6, Il
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BEX, TE, FxXh, =58, X4
MEBHEENNMKRIESHEEIENSE

AR TR BT R, AEFA B B G e )
A I 245 1 BE BT, i EMA Bl R R AT B
0 45 1) B i O 0. 996, I AE I Ghad A
ETEL 0, 2N shm i E N0, Projectorifﬁ
AL HE—A~ 3 R B — AR 15— Y 4 42
JZ (Caron 55 ,2021) o TE I Zrad 72 b 45 2% pR B HE
(As Ay Ay, A)E K(0.2,0.5,0.1,0. 1), B HR X
S AT S B E R (1, by, ) = (0.2,0.7)0

SCHG R, SR H AF 34 22 9F H (mean intersection
over union, mloU)VE A PFALH8 A , 18 12 1153 Fot i) 45 2R
FNILILHR A Z 18] 124 58 5 A B AN [R) R Y g 731
PERE TR R

P.NG,

1
mloU = EZ‘PC U, (24)

o, PR AR B 20 X 3, 30 PR O AR 4 el e X
Y EIES RN, G, 3R BSLhR I VR PR AR
2.2 MERES T RIEBISCIRETE

h T I AN RIS e A e A AR w8 0, AR SO
PASCAL VOC 2012 £4fs 4 b aF A7 I ml S50, 45 51 a0
1R FELEK/RAMH GCHDSKD. 51 A
DSKD Ji7 , 575 14 43 F 25 R 5 R Z A > (HLAn &) 2
7N, TES A DSKD i , A5 7 7 — L 405 3R 43 1 43 E158%
WEFRFREL L, SIAGCH, /¥R ERGIA
GCZRIHEF T 1. 14%, KW GCRELHAE hin 214 1F
Jr T AT EEAEH, A SR T T EIR .
Phbr s ] Ak 45 3R LR 2.

x1 HRZEERERIR

Table 1 Ablation experiment of pseudo label generation

P He
mloU/%
Baseline DSKD GC
J - - 68.57
J N - 68.53
J N N 69.67

VL R 2R 45 B e R 45 3R N R R, =7 R oA
R

WE 2 7R, 565 14T s A AT AR i)
PhbR%E . 55 247 AU DSKD BEHAE Jli i th b
5 #5347 A DSKD B I GC A H AR i O
P&, 5 41T RN RS .

M 150 % G T T A Y 406505 HE Y G H

B AR TEAS FH GC A1 DSKD 22 J 7] L 75 A L 2 1) 1
T RN Z B A TR B, FF R0 5 2 i B A X,
PRI, GCRTHum A AR R 5 R B R A
TRUBE , FKs B AR AR AR R T TR R N AT
BB IE T OhAR2E . 5 LR A, DSKD #5578 Il
RGBT RUR T e 7 i el o N RV DO =R 7
DI AR RE ), NITTER T T 40 RIRE BE . SR, H0 11
TR AR BEVERR 4351, 3X 0] BRIE KN GCREEAE & IEDhds
B, DR R DX AR A T T M 5 N [RT A AL
JE v 1 DX, DA T 300 BB 1R

FESRS 2 925 S v, AR 1 R B BRI A A SO
B A RO EI R . R TIZERAE E A
), EIARZEAE 1E o R AF G 3 B0, A5 R0 e T 15401
0L, FEARRUE TR, B B XSk A R A 5 4 1) B
PR AT AR, , AT A R T 122 IX 3k 1 i 3 53] oy 4
AYLH LR o3, WA T oA HERf M

FEES 350, 2068 77 HE N Y A P AR AR 35 T 3
RSB T R B 3, X A5 45 T DSKD BEHAE
IR ) 3914 S5 AR T M s X e R A0 1350, AT
T T RERDG H AR XU RE S . SR, S S
PRZEAH L, £0 60 07 HE NP IRAEAE R BR . X AT REA PR
g < 1) A1 TR A ARG CAM 23 A1 B 154
21 €0, 5 HE DX I 1) Sy R R M P e, LR AR 2%
(B N FAG 2 052) 20 6 5 HE X 3 R L 51 o AR
B M (R R A T YR R S
RIS ZR WAL BE (B T R, R U, A 28 T 18
ERESBERO,

TESS 49, 4545 GBI DSKD B , Byt
SR AT DAUER 3381, i — 20 iR Tz B e 40 o )
T A RE .

AR, A SCR X FHAS RIS A B CAM 647
AL, W 3 s . R 3 LR SRR AN GC Al
DSKD A= i A 234005 &l . +DSKD /R 51 A T DSKD
M +GC RRGIA T GCBid . ME 3T LA,
ATy 1 AT DIAR G M HEBR — 2L M 75 i 52 e, O HL AT
DA 5 3 b S E AR AR Xk

R T R AR T A AR SO (18 T 7 A 23
EHSE AT T 2SR, e 6,=0. 85 LA
0,=0.25, LKL R ME 2R, ATLLE,H0,=
0.85.0,=0.250}, JTLigf& CAM i J& 43 #2451 | ik
SR LR

SRy iff o 454 R eR R A T ) SR AR, AR SR T
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B2 JEREScs O bRgs nl ik

Fig. 2 Visualization of pseudo labels in ablation experiments

(¢) + GC + DSKD
El3  CAMA[HLAL
Fig. 3 CAM visualization
((a) baseline; (b) + DSKD; (¢) + GC + DSKD)

R2 AEBEERCAM YRS EIEREEITLE
Table 2 Comparison of CAM image generation and

segmentation accuracy using different thresholds

mloU/%
0, 0,
MRS CAM
0.75 0.35 69.012 70.966
0.85 0.25 69.670 71.429
0.90 0.20 69.390 70.892

E L P SRR 5 S R AL 4

JFFF R T Z A LSR5, For A, 09 BUE 354 ToCo
(token contrast) (Ru %5, 2023) L & TSCD (self corre-
spondence distillation) (Xu%§,2023) P AYIBEE . W33

B , e Mg A AL AL BUE A 0.2.0. 510, 1, 11
o 25 Rk B T 5efh o

R3 AEHBRKFRBINEER S B RIBERTEE
Table 3 Comparison of segmentation accuracy using

different loss function weight settings

Y A, A, mloU/%
0.1 0.4 0.1 67.19
0.1 0.5 0.1 67.18
0.1 0.6 0.1 68.04
0.2 0.4 0.1 68.82
0.2 0.5 0.1 69.67
0.2 0.5 0.2 68.95
0.2 0.6 0.1 68.56

TE O PR R L g

2.3 HDEIXWLERITLE

N T 2B UEA SO A AR R T R e
PE DL K Al 2 4 RS B J7 T B9 R4CR |, 7E PASCAL
VOC 2012 Y1242 F1 MS COCO 2014 50di4E kA 71
SCAEI 25 I AE PASCAL VOC 2012 (1t 48 5 56
WEAE LI KL MS COCO 2014 4 56 UEAE b ek Hop= A R
HEAFIEAR

Kl 4 &R T A S5 v 5 6 T )5 i AFA (affinity
from attention ) (Ru%%,2022) . TSCD(Xu%#,2023) Fil
ToCo(Ru %5 ,2023) 7 —LLBG UFAE G 19 3 #1145
P S LATEHME R & 2 BRI K  AFA T
PR BEAT AL IX 43 3 S ] Bt , RS 52 HURE 5 20 15 S IX
BRSNS . A% TSCD LA K ToCo 77 7 43 1
TR (AT R AT R R S DR 35 43 5 ]
B, A2 T AR SO A HER 2 E T H T i8
W TR IR FIIE R T iR K
)43 HIGe

S 24T KT AT R EUSR , thF A AT 44
¥4 A7 AE K o (R B, A 45 43 BT 55 A8 A3 I & 2% .
AFA [ TSCD 1 ToCo J7 AL BE T 15 A7 45 1y A
FRJEE , A BB BN AP A 40T, 10 AR SO A %04y
I AT A TR B X, R e R e RE . X
$53.6 . TATRME P I E 24 Hbw , W IR E #2425 5
BRI, AFA TSCD Fl ToCo J5 4 1 31X 25 [X 3 /1
Oy RIS SIREAE . 58 345 3RO R AR BE IR A
SrEN TS HAT E WS 5 617, AFA I



$30% /FE 128 /2025 £12 B

BE®, ElE, XK, EG5E, EX8
MEBHEENNMKRIESHEEIENSE

TSCD ¥ N5 55 15 iR 51 o — A~ 2K R4 ToCo
T E T W AT AR AR A R 4 2R I
55747, AFA FITSCD A BEHEHR X 43 R 5 BE 4G 42
1fii ToCo AR B DU 21 1 R AP 2 6] A ] B, 5
WIRA AL Z AL o HHZ TR A Sy 20T R i 2
2 2% F bR I 201 XS AT O B R A . SR 4

(a) B I&

(b) HSAR%

4 BI7EAE PASCAL VOC 2012 Bl 4 1943 #1285 %t L
Fig. 4 Comparison of segmentation results of different methods on PASCAL VOC 2012 val set
((a) original images; (b) ground truth; (¢) AFA; (d) TSCD; (e) ToCo; (f) ours)

(c) AFA

JUE AR SO AR AR LU T 54816 %1 1
e, (HRTERELE YR EAIFA AR RIS . N, 7
S5 S ATH BRI R R AW, S RS TR 7 b 3
AT A58 AR AL A W A AT 0 LK ) e Ah 1
S AT, EORBITY BRAS BT 1 43 ) 1 D A R A X
S, AR ARG R R T 1) 38 53, SO A 53
FIRCRANAN TSCD Fl ToCo, 35 4[] 138 BH A= 37 7k
AL AT SOFH T 56 AR Bl DX S 9 Ry BR P , e
Joa gk TAERRML T oG 71 . BRI, A SO e
Ab PR R0 s it B SR B T T 1 4 B BE
FRBET X Ly e B W 3

a

926 K%, AFA [ TSCD 1 ToCo J7 ¥ ¥ A BEVER
o3 B S — AN . AR AR SO R T L
RS i e I TN s DO AN B R a7 N e L SR 1
PEo ST, AR SOy A A BT AFA L TSCD #
ToCo, 7E N5 ALY 4015 43 % Ko /N H bR 43 1) 3R
K7/

(d) TSCD (e) ToCo (f) A3L

F AP T A LI 5 RRM (reliable region
mining) (Zhang %, 2020) . 1Stage ( Araslanov 1 Roth,
2020) . AuxSegNet+ (Xu 4§ , 2025) . DuPL (dual stu-
dent framework with trustworthy progressive learning)
(Wu%5,2024) \AFA  TSCD , ToCo 25 i 51| i (4 55 W B¢
A E )T, L SEAM (self-supervised equivari-
ant attention mechanism) (Wang % , 2020) , SC-CAM
(Chang %5 ,2020) . AdvCAM (Lee %5 ,2021a) \ReCAM
(Chen % , 2022b) | RIB (reducing information bottle-
neck) (Lee %5 , 2021b) . URN (uncertainty estimation

via response scaling for noise mitigation) (Li 55 ,2022)
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BECO (boundary-enhanced co-training) (Rong A
2023) 55 P [ B 1) 55 Wi B i X 43 75 15 7 PASCAL
VOC 2012 5 4E [ A s bR BRg BEXT He o

#4 FFHEFEPASCAL VOC 2012 #1355 F 4R
PRt E S BERT L

Table 4 Comparison of pseudo-label accuracy of

different methods on PASCAL VOC 2012 dataset

mloU/%
25 Ik B L S ————
BoiEAE e
SEAM R38 64.5 65.7

SC-CAM R101 66.1 65.9
AdvCAM R101 68.1 68.0

K5 BAEEMS COCO 2014 HIRE F RS ENTLE

Table 5 Comparison of pseudo-label generation accuracy of
different methods on MS COCO 2014 dataset

e WIRES BT ML mloU/%

SEAM R38 31.9
MCTformer R38 42.0
TG 7y B s W AuxSegNet+ R38 37.0
SR Ik CDA R38 33.2
URN R101 40.7
SIPE R101 40.6
TSCD MIT-B1 39.2
TSCD+CRF  MIT-B1 40.1

T T 1A AL
gfggg;; AFA MIT-BI 38.0
AFA+CRF  MIT-B1 38.9
AL ViT-B 423

TG Y B ) 1t ReCAM R101 68.5 68.4
S ET Ik RIB RIOl 683  68.6
AuxSegNet+  R38 707 709

URN R101 69.5  69.7

BECO MiT-B2 737 735

1Stage R38 627 629

RPM R38 627 643

TSCD MIT-B1 673  67.5

f‘gfgﬁgﬁi AFA MIT-B1 660  66.3
DuPL ViT-B 733 72.8

ToCo Vil-B 711 722

A ViT-B 748 739

TE IR RS R 2 5 B AL A 2R

M AT LU Y A SO B0 T HAth 732 .
TEBIESE |, 5 ToCo AFA F1TSCD AH Ft , 48 3¢ 7 1
GERRTET 3.7%.8. 8% Ml 7. 5%, FEMIKE L, 5
ToCo. AFA 1 TSCD A tb , &R SC I ik 45 4T+ T
1. 7% .7. 6% F16. 4%, 8 {f FH DSKD #2855 1
M 75 56 I 20 R 0 T AR 2 X S i R 6 H
FRYIRIX IR R0 . 6 RS I i GOt —
RS R DR 2 1 A B A, DA T B A s i o
T RN 56 3E 11 53 F 25

R T 2P B UEA SO T 2 B ARG
Hinmysr#veie, A XEENEFEEHAT RES
HAREG A MS COCO 2014 54 - oEf75280 . %5
T AR 5 AuxSegNet+ . TSCD . AFA \SEAM .
MCTformer ,URN ,CDA (Su%¥,2021) .SIPE(Chen 5%,
2022a) %5 B AE MS COCO 2014 K4 F 1 figxt

TE LR RIR & S R A2 2R

Foo RTRAE W AR SO B AE A X HL Y O vk v ik 2]
T e, It BRI B BT

F 65 T £ 3 HIFBUAE PASCAL VOC 2012 %
TESE A3 209 21 2510 mIoU fEXT L2558, W LA
BRSO EAE 1T A B AR T T LR T
JEHOETE T 555 (bkg) b, AR SO ¥ MU 92. 4% 11
mloU {H, AH Hb LA 7 s 3R MR fE . R BHAR SO LT
DA ORI GC AR ol /01 S5 X3 i) 52 43 1, DT
BT EERE . L Ab, 7E bird  bottle | car , chair , cow
G ARSI BUS T W RROR i — R
WE T HA R

3 &

AR — A v T L i ) i 559 A B O
S ENTE AR TE T D bR T AN 4 BB
AR SCBE T DSKD AR B 8 T 20U I 265 27 A I 4% 1)
FEOEXT 55, A 8500 1 M S X Ul Gt R T4 R
BF, 76 F B AT ik i TR G B A N AR Y
CAM FEAT AL, I 2545 M P M 36 T AR R Tl AR DL G
R — AR i . Z )5, 78 PASCAL
VOC 2012 FIMS COCO 2014 Bt 4 I i K it se i 4%
SEBUE T A SCr 3 AR | 5 TSCD F1 ToCo %5 5%
PEJT AR L, AR SO 32 i PR 5 G e v
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BEX, TE, FxXh, =58, X4
MEBHEENNMKRIESHEEIENSE

F6 FFEFEPASCAL VOC 2012 K iE £ _E AR [E 25 mIoU 3 tb
Table 6 mloU comparison of different classes and methods on PASCAL VOC 2012 val set

1%
Jrik HmloU  bkg aero bike bird boat bottle bus car cal chair cow
TSCD 67.3 87.4 70.6 61.6 75.2 55.4 62.8 75.1 57.7 77.4 39.4 77.4
AFA 66.0 85.8 714 58.8 73.8 57.7 57.8 77.8 66.7 777 27.7 79.5
ToCo 71.1 89.9 81.7 35.3 68.2 62.1 76.3 83.7 80.4 87.7 24.6 88.1
ES'S 74.8 92.4 86.5 47.6 80.5 65.8 80.3 85.1 82.1 90.6 42.1 91.1
Jrid table dog horse mbk person plant sheep sofa train tv
TSCD 71.7 66.6 69.1 49.7 76.8 429 60.1 42.9 60.5 53.3
AFA 43.6 74.1 68.7 64.2 62.7 51.3 75.6 39.2 59.2 439
ToCo 54.8 87.0 84.1 76.0 68.1 65.8 85.7 426 57.8 65.6
ES'S 65.1 86.9 88.2 77.8 82.7 66.7 88.7 51.7 61.3 57.1

T VL SRR % 8 e A2 2R

JRAE AR ST AR5 TV AR 5 B 1 25 L
HE EAE AR B SO sl SE AR DL S 5t B
H L — e R JE AT 5 DX ) ) R B
—ERRERYE . R RAE T DR 2 A i e AE 1
G DX IAT AN 2 1, EASE B AR LTS SCH 4 )
SIRETSA R o ARAHIBF TR R A TR TR R AT
SCRNAILE AR A X b 19 X 43 BE ), — 2 At Db
28 G M IE AL, A DR i 1) i 45 44 (0 3 11 5
il b, 3RS AR TR I A 7 FOR RE 52 AL RE T
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