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Abstract: Semantic segmentation is an important and fundamental task in the field of computer vision. Its goal is to assign
a semantic category label to each pixel in an image, achieving pixel-level understanding. It has wide applications in areas,
such as autonomous driving, virtual reality, and medical image analysis. Given the development of deep learning in recent

years, remarkable progress has been achieved in fully supervised semantic segmentation, which requires a large amount of
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training data with pixel-level annotations. However, accurate pixel-level annotations are difficult to provide because it sac-
rifices substantial time, money, and human-label resources, thus limiting their widespread application in reality. To
reduce the cost of annotating data and further expand the application scenarios of semantic segmentation, researchers are
paying increasing attention to weakly supervised semantic segmentation (WSSS) based on deep learning. The goal is to
develop a semantic segmentation model that utilizes weak annotations information instead of dense pixel-level annotations to
predict pixel-level segmentation accurately. Weak annotations mainly include image-level, bounding-box, scribble, and
point annotations. The key problem in WSSS lies in how to find a way to utilize the limited annotation information, incorpo-
rate appropriate training sirategies, and design powerful models to bridge the gap between weak supervision and pixel-level
annotations. This study aims to classify and summarize WSSS methods based on deep learning, analyze the challenges and
problems encountered by recent methods, and provide insights into future research directions. First, we introduce WSSS as
a solution to the limitations of fully supervised semantic segmentation. Second, we introduce the related datasets and evalu-
ation metrics. Third, we review and discuss the research progress of WSSS from three categories: image-level annotations,
other weak annotations, and assistance from large-scale models, where the second category includes bounding-box,
scribble, and point annotations. Specifically, image-level annotations only provide object categories information contained
in the image, without specifying the positions of the target objects. Existing methods always follow a two-stage training pro-
cess: producing a class activation map (CAM), also known as initial seed regions used to generate high-quality pixel-level
pseudo labels; and training a fully supervised semantic segmentation model using the produced pixel-level pseudo labels.
According to whether the pixel-level pseudo labels are updated or not during the training process in the second stage, WSSS
based on image-level annotations can be further divided into offline and online approaches. For offline approaches, existing
research treats two stages independently, where the initial seed regions are optimized to obtain more reliable pixel-level
pseudo labels that remain unchanged throughout the second stage. They are often divided into six classes according to dif-
ferent optimization strategies, including the ensemble of CAM, image erasing, co-occurrence relationship decoupling,
affinity propagation, additional supervised information, and self-supervised learning. For online approaches, the pixel-
level pseudo labels keep updating during the entire training process in the second stage. The production of pixel-level
pseudo labels and the semantic segmentation model are jointly optimized. The online counterparts can be trained end to
end, making the training process more efficient. Compared with image-level annotations, other weak annotations, includ-
ing bounding box, scribble, and point, are more powerful supervised signals. Among them, bounding-box annotations not
only provide object category labels but also include information of object positions. The regions outside the bounding-hox
are always considered background, while box regions simultaneously contain foreground and background areas. Therefore,
for bounding-box annotations, existing research mainly starts from accurately distinguishing foreground areas from back-
ground regions within the bounding-box, thereby producing more accurate pixel-level pseudo labels, used for training fol-
lowing semantic segmentation networks. Scribble and point annotations not only indicate the categories of objects contained
in the image but also provide local positional information of the target objects. For scribble annotations, more complete
pseudo labels can be produced to supervise semantic segmentation by inferring the category of unlabeled regions from the
annotated scribble. For point annotations, the associated semantic information is expanded to the entire image through
label propagation, distance metric learning, and loss function optimization. In addition, with the rapid development of
large-scale models, this paper further discusses the recent research achievements in using large-scale models to assist
WSSS tasks. Large-scale models can leverage their pretrained universal knowledge to understand images and generate accu-
rate pixel-level pseudo labels, thus improving the final segmentation performance. This paper also reports the quantitative
segmentation results on pattern analysis, statistical modeling and computational learning visual object classes 2012
(PASCAL VOC 2012) dataset to evaluate the performance of different WSSS methods. Finally, four challenges and poten-
tial future research directions are provided. First, a certain performance gap remains between weakly supervised and fully
supervised methods. To bridge this gap, research should keep on improving the accuracy of pixel-level pseudo labels. Sec-
ond, when WSSS models are applied to real-world scenarios, they may encounter object categories that have never appeared
in the training data. This encounter requires the models to have a certain adaptability to identify and segment unknown

objects. Third, existing research mainly focuses on improving the accuracy without considering the model size and inference
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speed of WSSS networks, posing a major challenge for the deployment of the model in real-world applications that require

real-time estimations and online decisions. Fourth, the scarcity of relevant datasets used to evaluate different WSSS models

and algorithms is also a major obstacle, which leads to performance degradation and limits generalization capability. There-

fore, large-scale WSSS datasets with high quality, great diversity, and wide variation of image types must be constructed.

Key words: semantic segmentation; deep learning; weakly supervised semantic segmentation (WSSS) ; image-level anno-

tation; bounding-box annotation; scribble annotation; point annotation; large-scale model
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Fig. 1 Examples of annotations for weakly supervised semantic segmentation

((a)image-level annotation ; (b)bounding-box annotation ; (¢)scribble annotation ; (d)point annotation )
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BAR BIRTT R —ERE B T CAM B %
T I 0 [ L, (HL 80 2% T PR T R TRl AL .
TE R 9 WSSS G, — A F S R s
1818 K Z [A] 58 patch Z [A] A AL . & AT LUl o 1
R SO AR S AR B 1 AR R A =
BT FFIE Z 18] (R R R 4R35

TE A TR 58 AR iE 14 5% N 8 D7 T8, Kole-
snikov Fl Lampert (2016) 42 H} (1% 31 FH451 2% pR 25, F1) ]
0 2 (] o7 S IR A SRR IE 1) SR RN R 2 AR
RGP bR B B, 2 i L 30 SRR A ] R
Huang 58 A (2018) #& 1} i) DSRG (deep seeded region
growing ) J7 VA fiff TR - DXl A 4 SR K b - DIl
o B AR AR R T SUAR B AL i 2 FAT AR (5
PRRFTERIAHAR IR R, LA U SE B R R AW bR % .

T8 T 5 G SUfE 20 2% A M N D7 T, Ahn
1 Kwak (2018) L) Jz Xu 55 A (2022) ity 1 — & 5T
ik o P, Ahn FIl Kwak (2018) 3231 T AffinityNet
(affinity network ) JH T~ F500 AH B4 R (14 SR,
I 38 1o AL AE SR MR T SIS BN CAM HP Y 0T
DX I A2 380 R PR DI, A 1 T B R AR R
PR%E . IEAh, AffiniNet J& L CAM Hh ) 5 5 15 B X35
VE R W BHE B AT VIR, JF AT ZEA A )N 2R
P MR AR B o Xu 88N (2022) $2 ) 7 — Bl 3t T
Transformer ( Vaswani %5 , 2017) () MCTformer (multi-
class token Transformer ) % 4% , 61 357 #bu fef FH 22 4~ 2 51
token 27 >J N [] 2 1] (6] (9 BE ) M R, IFAF B Trans-
former (1Y [ 13 & J1 ML 2% > patch Z [8] 1 L E N
P, T e — AP AR s 200 A 0 1 AT 2%
S DR AT P

% 5 ) R MG T 2 SR AV AR R Y JR PR
P, — 285 % (Sun 4%, 2020; Wu %, 2021; Li %%,
20215 Zhou 7, 2022 ) K AP I R Ji B A [ P14
ZAB], LA DA 22 PTG v SIS 4 v A B 1 532 1
PEOCFR , T 3 2 OO AR 2 O ER 1 o Sun 58 A
(2020) 7E 53 2t AR B 1 WGV R ) B - O3 [
BRI T G 5 — %k G U3 SCAH [R] )
DI 5 XoF L By A i 0 R R T 2 Y
o] o AR AN R B M SE I R AR )
T SR A A T ASE , DA T B 3t 425 41 L 5% 1] 1)
i OC R IO thbn 2 09 A i 72 . Wu 88 A
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(2021) & i — > CMA (collaborative multi attention )
BT AR B A TR AL BRI PR A AR 3R [ S5
PE B HE T B A Batch W T A EIE . Li % A
(202144 &I 1 22 9 25 (Scarselli 5, 2009) 5 | ASE Fl T
KAB R Hrpd A BRI SR s, BIR
(] S5 AP OC 22 I B s e, ) 6 o 225 Do) 2% A
[Fi) v 3 ML) S92 A B 2 PR A s A OC R
B, DA S AT SER DR o [, g 1 By Ik AR
JE DG TE — 20 MG b B AR ] SISk, Li 45 A (2021)
e B B30 2 AR EUR P AR 2R )
Zhou 75 N (2022) 5 1% 18] ) 26 AR G R 977 21 2K
PRGN, $E H—F RCA (regional contrast and aggre-
gation) J7 % , 18 i O AL A7 it P A it R > K a4 vh oA
[FIZE A A RRIE R AR, IF X HE T T K-Means 2R 28 (Mac-
Queen, 1967) DL 4R 15 A [R] 28 51 9 4 o) % 3 1 i A8
1 B3k AR R S R 5 i A PRI B4 S R OC 2 ke 4
SRS X i A PRS0 1 SRR , AT SR A% B 0 1Y)
BRE %
2.1.5 FETHESNEEHE Bk

IR T HOR N EMB AR A o T R 9
WSSS [, 3 %A F gD ABAM B E . N
e, VR 227 5 223X | AW AR R DL Rt 3 1 A6
HMEEHE BRI G5 IB 5 A I 2 TRl 225

D ¥R A5 B . Chen %5 A (2020) F1 Li % A
(2022a) i it 51 AAE B 3 55 SR 29 CAM 19
fto Chen 55 A (2020) i 1 A2 1Y CAM 3145 /D 1Y
bR % Al 230 55 % Il 2k BENet (boundary
exploration network ) LA 0 B 22 (¥ W (A 14 9%, e J il
JH 33 2 15000 (4 1 505 B CAM DL fb 42 it 29 e
Li %¢ A\ (2022a) #2 i} T SANCE (segmentation assisted
noiseless contour exploration ) 15 71 2 #5 FY 411, 55 PR A~
O3 SRR O3 SR R 03 3o BRI o3 ST 0 AAE
K5 5353 SR R e A ] —E AR AR L, AT
A I PSR IR R AR BR A . Rong %5 A (2023)
W PR BRSSO AA R e SR T R SR AR, A
FHAE B 31 A IR S BB ) T 45 2R R 17 2
IR AR T S DX T A

2) W FPEE . — 2773 (Joon Oh 5%, 2017; Yu
2 2019;Lee 25 ,2021c; Chen %5 ,2023¢) ¥4 i & PE A
FIA WSSS Uk, IR R R B AfEE . 5
LTI AR S T AN T 3K 2K D v T
— A S R AR . Joon Oh % A (2017)

K PR G WSS [ 851 73 i S P At 7 17 1) 790 - A
PR AL &R E R B Jeil it CAM Y v
17 88 DX R iy 5 0 AR S DX I WD AR o i, 2
E-guRMIES R SRR S ey sl ki R iR e NI B IR
R 25 M LU S 0 B, i 4 6 o R AU R 5
WP E R R R NIREE A Yu i A (2019) 42
T — A8 — 1Y 24T 5% %% >J HE B2 SSNet (saliency
and segmentation network ) o i i F PR ARG
I P 1 9 WSS AT 55 1 4135 M A D0 A 55, < B 2
M AL AN AL o Lee 5 A (2021¢) 42 1 19 EPS
(explicit pseudo-pixel supervision) 5 ¥ [F] #£ F] H T
CAM 5 I 3 1k &1 Z [a] i) B MY | 38 5 I 5 e Pl A
A5 ERATH CAM BIY 5K . Chen %8 A (2023¢)
#& ) T I2CRC (inter- and intra-class relation con-
strained ) HE 42 | i FH I 2P 7 | 5 9 AN AT 0 B e A
BRI S AR YRS, T 51 A — 205 iR B
R 560 2 ()RR AR A9 22 S 1 L RS B2 B R R )
bR .
2.1.6 FTAHREATNIE

F1 Wi B 2% 2J (Jing Fl Tian, 2021) & —Fh L A
TARTE R IR T7 15, 30 5 B4 e 1Y 0 265 22 44 45
I R, B AR R BRTE Y I 500808 rh 27 2T W T
FRfiE o T HIER N TARTE R RAE, H B 2 > Al
ARG D FH - PR 9 WSSS 488K

A% 2 ) 4% (siamese networks ) (Grill 25, 2020) M
W 265 BEAB BT A A F R 2 T 5L ABI WSSS T
%o BIEHE P EE AT AL, B ARE
ARG & H BT M BEAT gAY, 8 LR A B I Y
fi L (A5 0 265 2 > SRR 22 18] ()RR BLE 0 22 S, DA
T 14 5 AR AR 78 1 — B . Wang 58 A (2020) £2 3
1 SEAM (self-supervised equivariant attention mecha-
nism) J7 %K H T Siamese W 25 2544, Jf- ka1 5 AL
P TE DU A 453 2 BRI, Xof D 1 5 CAML N 22 0l 1 it
A AR CAM BEA T — EPE IR AL, A 3 i T
CAM F 1 S0 ARG RIS, Jo A1 Yu(2021) i i
T Puzzle-CAM J5 3% , K J5 LR R DY 4 4~F B XF
HREAMS R EHEUR . J8 i A E A 2k L ey
A 20 RGN SRR Z TR 0 22 53, 3RAS B 52 B H
PRI o Zhang 55 A (2021b) 4 th T —Ff R 34>
2% ¥4 W /Y CPN (complementary patch network ) 75 7% ,
SR T Bt AL A8 B 114 5 = A o ik AR PR, I i
3N IE AT 4 /)N 19 5 BN R AR B CAM 5 5L 5]
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1% CAM Z [l {221 . Jiang % A (2022b) % B 244
PG ) Jy 08 DX 38 R 8 A g A R, 3 SRS ]
PASCTE R YRR Z 4075, b T L2G (local to
global) 777 , 26 F FH Jai 3 1 45 DA tr A BB 1 24~ )5
IS DX Sl B A 5 15 2, R 5 R A A ) S RS 4 K B
Jili 4 Ry X 4 TE 22 > Jmy i I 2 AR B 24015 15 5L, A
T 7= A o B B B CAM, 3 = 20 RO PERE . Peng 558 A
(2023) 48 7 —Ffr [ 38 07 0 265 18 4 S s, 3 3k X 43
J5 I 45 B HEATAS [ AR JEE 1 R 4, A il RHZ R R[]
PRI, DA T ) S — S50 T 0Pk DA S A W 2 2

5 FiRG| A Siamese W 25 45 f SC R [ W B 25 )
B 7 AR, — 2675 75 (Du %, 2022 Xie %, 2022b)
INA R pRECBE T 1) £ B i DR R ) WSSS [ i, H:
IR TAE R R X L2 2 B9k (He 55,2020) o X
Fo 27 gt fe KA AR AR B B (6] I ds /MBI
FRF R B Ay S SRR E 2R RE T, Se LR B H AR
FIES 5 DX DX 43, DT 26 1l B A P 15 22 G Pl b
%o DufE A (2022) 48 T —Fi5 3 21 5 A R X T
5 2] I AR BUR T MR R 2 ok H AR
AR SR Y W, O S R e o T B | A AR
—HMEIENAE, B S T CAM AR R F bR
it . Xie 5 A (2022h) 4t 5 C°AM (class-agnostic
activation map)ﬁ/ﬁ%”ﬁﬁ%ﬁ?%@1%§3&%$ﬂ%ﬂ
PO T, 2 3 38 A T AR AS R B T SRR R
TN FNTE SRR R S (PR LE 2 2] A S Al
BERZEER, A CAM B LIRS 5.

A — B8 % (Chang % , 2020; Zhang %% ,
2020c; Lee 25 ,2021a; Chen 25 , 2022a) TA WALAL B3
E RIS PR AN 2 LAAS BRSO AR 25, 1 17
BT — R A E A IR E— 20 5 T O A5 45 A
J# . Zhang % A (20200421 T —FiR 435 G IF 0K
W, 30 ok A A ) 2 S 0 DU A X ) e P A5 A S [
CAM AT 2950, A3 F) TR AR X 32 . Chang 5%
A (2020) 51 AT —Fl [ W8 00 F 2R RAE 55 F
— A5 I LAS AR BT 250, 8 R RRAE Y
REPO N RER SRS B A T 2ERIRZ,
P 53 A T S AR AR X T . Lee 5
A (2021a) ¥ ) T — Fl AdvCAM (adversarial class
activation map ) J7 % , i 3 K B0 9 5 ALk S Y
CAM LIS Jin IGO0 6 43 2845 4%, HF Mt 17—
ot L U T A 0 o] I e DX 58 P R 2R 0 R 1)
DX Y 5 BE B o Chen 55 A (2022a) $2 4 119 SIPE

(self-supervised image-specific prototype exploration)
T30 R BN UG AG T B B O PR RS A 7 J
G LL AR Bl IS-CAM (image-specific class activation
map) , fifi | GSC (general-specific consistency) X} Jit
CAM HIS-CAM HEAT — ik IE WAL , 37 58 88 i)
MKIEBE
22 EFORZEELENNEGABEEIEY
&

BT DR 2 A 2 HURT 1 B R G WSSS 7 vk R
Uit B i (R VI 2 s, S G DI 2 — AR 5 R G
P28 A i R AN o3 BB RN R Bt A T RS0
A, 78 BB i S FIASE R 2 000 W) IR LA AR R Gty
PR IR ZGR B " IR G LA R . X ETTEA
i L XR IR BRI AT B LA B I R R R B

Araslanov Fl Roth (2020) &L 45 T FIM% 2 55 Wi B
B SO BN T By 3 RHED - JRy i — Bk i SO
Wt SE R R AR — s BA A SN R AH
AR R BLZ S A W] B 5 AR 5 1 SCHERA PR 245
Y 5C: 10) DX BN 122 HAT TR O 1 SO 28 5 58 B
T 1 SR AR R 2 5C TE M IR A R R DX ST A 2 Jey 7
Zhang 5 A (2020a) # ) T — Fh X3 3 J5 % RRM
(reliable region mining) , "1 4328 43 32 H F 4 1k
CAM Jf DA Hh 3 45 7 S XS4 Sy 20 0 0 S0 M 15
B Er ST R AR R ). teoh,
Zhang 5§ A (2020a) i 2 T — S8 2k pRE5OH T3k
B R AE B4R AE R o 75 RRM J5 ik /Y kAl I,
Zhang %5 N\ (2021¢) $& H 7 WIFR 451 2 pR L . B 38 N
SRS R T R USSR R Z [ 1 G &R B s i
SCAL R 1T S 5 b 28 o 23 O 2k TR0 R A
BRPIIRE , B7 1E P48 U B EER AR

#: FH # 22 K 2% (convolutional neural network,
CNN)RHB/NE BUZIEAT S Blis 3, IN Gk
R EMG 205 B s )W Transformer M 4% , t FHR
FH ) £ 3k | 1 2 7 HL ] (multi-head self-attention,
MHSA ) BE % 4 i BT 47 token 22 [8] fRAH H. O 2, IR I
HA 2R B B A3 (Vaswani %,2017) o [H I,
Ru % A (2022) 4 H T AFA( affinity from attention ) FE
e, M Transformer FY MHSA H 2 2] 4= ey il R FbE
T AR RFANRE IFBT T — MR AN
AR, A PSR A 5 15 B 1S 5 AR R Db
Bk . 7EERAT I, Ru S8 AN (2023)id o
SLHG A& B, B SR ViT (vision Transformer) (Dosovitskiy
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45,2021) AT AR AR CNN J= 382 1T 114 e B , 1L []
WA B R, BT X — &3, Rufe A
(2023) 2 4 T —F ToCo (token contrast) 77, 51 A
T PTC (patch token contrast) #H Fl CTC (class token
contrast) B PTCHBIHLIE i 5 4% rh (1] J22 (1918 L £
FEPEAR BB 21 patch token , 2 ViT 512 (1) 1
JESF- R ), CTC AR BRI o 0 b 8 i [ 5T ) 78 X
I Y251 token A2 I —ZpE , insim R0 i 5 H
A A DI ) T

Chen % A (2023b) Ay i 416 6 CAM Fifi5- X J5k
e AR R AR 1 7 vk RS2 2% SUREI , BRI 14
AU v Pk, B 42 T MDBA (multi-granularity
denoising and bidirectional alignment) J5 ¥ . i i ik
PR A RO AR 4, R A — o i 28] i ) 25
J3E 25 AT ] T i DR 22 PR A A g MR 7 [ A,
A1, Chen 25 N (2023b) i 2% & 51 i MR 5 1)
RIS HIME B TokiE T8 2RIk 2 2= K
BAL BRI o Ry ARG (R, AT 4 T — R AL
16 o ML« 78 i A 6 BRI ) R G 1 R PRI R
B IR 52 25 PEIAR RSORS00 5 e o 5
JUCAH 7 B PR 1) d 2 T DA A R R b
ok B A 2R R o E i A
2.3 itig

P8 9 WSSS FEAL A F IEIR 2 bm i3 i) 5 000 T 52
BT RE A o) R A E MR AR T AR T A
SR, TR PR AL & BFR2EAE R 5= B
PROLEAE B IZAE 55 WA AR R R PR . %1%
AT — B AR A R 9t WSSS 5 % 7E PASCAL
VOC 2012 (Everingham %5, 2015 ) 39 iE 48 F 4L |
T RER I

BE T bR B 2 Az U R 90 WSSS Jr ik S
i PR R TE SR A A R R RN IR R T
5 B B AR R PR i S HIRERY, JF H.
TE S BB A Fhad B2 A P EETR R B b
2o XMOTERIBE R ZR R RO S 2%, DOk kAT
Ui B A SR o R T CAM AR I R R 25 4
RGPS B 2 A J8 T vk 2 B T R PR TE A
B i p A7 BRUGEHE B PR RESR T 25 1Al A FR , 5] 4
Lee %5 A (2019) 42 i () FickleNet J5 3% A 3k 74 T
65. 3% ) mloU . T AFHFSE p it id 51 AR B A5
SVE A WA 2 7 2 MR R AR T 3 4 Du 2
A (2022) 1977 B HAS T 73. 6% [ mloU, X 202

H T 5l ABUIM B A5 B 7 i SR 4E 108 i B
5T W 2 S A T AR T A O R 2 2 R Y
WAEZS R FRRAE o 38807 T T R b 3 1 B
il , R ARAS T 0 S R R T, (HU Xk
AP AFAE — SL 0] B, 451 40 CAM Fo - X 48 76 b 38/ H
B RIS ZS 0 W AR R BLAT 52 2T IR i W AR s ] g
AEH A UERR , 45 5 L2 R 2R PN BR 28 1 3 Ry ok
TARK PR -

FE T PR 2 7E 2 55T 1 R D WSSS T 1A
B S U E AR R L ARPR A, TR AE R
I ZRid B A TR R PR AN o3 45 3 GO
b AT R RO T 5. SR, HRTIX 287 TE
WERA PR RS A A R, 0040 Ru 468 A (2022) 42 H1 19 AFA
D7 AN TS 66. 3% I mloU, 5 IR 85 28 A 1Ny 12
AR PEREAR LA FE— B 20, X EZZRT
MERSYN SR XERE . AR v] AFR R AN 4 AL A A 45 44
BCHR BT I 2R ms DL RN ZRuE B, 78530 KA
WM I . A E AR O , Ru S8 A
(2023) 42 i 1 ToCo J7 3K 45 1 71. 2% 1Y mloU, 1
AERA 0 e LA O AR S AE R T i . X EE A
FHAR I PTC A1 CTC B L KR H Transformer H
I Y >R 5 R ) R AIE A BE

3 BETHMBRENBEEESE

A 55 B R LA B/ N BB B AR T R T A
PR A HTF EMRGbR T, X B G R TSR T 4
F MR B A BT A RO TN AR R o
50, AR G0 HLBGR 2 WSSS ik .
3.1 EFR/NEEERENFNEESE

Toe/IVEL TRl G bR v 2 — RN A AR 0 JR] i SR ) i
SEUEIEHE MR TR B AR IER AR S B hR
2 IR M S IR B RIS A A D, —F
LG S br i i R B B 5. X 8 ik e
FETT LA LU UG G i 07 ik AR S 1k e (R 444
8£,2022), T/ ML LS M TG DX 3 4 e )
Gy R S, M e/ INEL TR P [ s A7 70 1 S R S5 X
55, T A T fe /ML TR A T ) WSSS AT 55 1) 56
TE T Q0 fa] e iy i IX o f5 /DB TR 8 P9 1 T S AR AN 7
S Xk A& S FrR, B ATIZ SR A F O ik R E A
FERA IR D) M/ IV & P a4 i s g o
SR AE B A BUR R RANFR S 2 FZAR R R
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®1 ETEGRIRERNSEEIEX S EI77EFE PASCAL VOC 2012 LR ERER
Table 1 Performance comparison of weakly supervised semantic segmentation methods based on image-level
annotations on PASCAL VOC 2012 dataset

N mloU/%
FhbREE b3y 2 i RF T2 BT presy .
Kolesnikov #l Lampert (2016) ECCV2016 VGG16/VGG16 50.7 51.7
Kim 4% A (2017) 1CCV2017 VGG16/VGG16 53.1 53.8
Wei &5 A (2017) CVPR2017 VGG16/VGG16 55.0 55.7
Joon Oh % A (2017) CVPR2017 VGG16/ - 55.7 56.7
Wei %A (2018) CVPR2018 VGG16/VGG16 60.4 60.8
SeeNet(Hou%%,2018) NeurlPS2018 VGG16 / ResNet101 63.1 62.8
DSRG (Huang %,2018) CVPR2018 VGG16 / ResNet101 61.4 63.2
AffinityNet( Ahn Fll Kwak ,2018) CVPR2018 ResNet38 / ResNet38 61.7 63.7
FickleNet(Lee %5,2019) CVPR2019 VGG16 / ResNet101 64.9 65.3
SEAM(Wang % ,2020) CVPR2020 ResNet38 / WideResNet38 64.5 65.7
Chang 5§ A (2020) CVPR2020 ResNet38 / ResNet101 66.1 65.9
Jiang %F A (2019) ICCV2019 VGG16 / ResNet101 65.2 66.4
Chen % A (2020) ECCV2020 ResNet50 / ResNet101 65.7 66.6
CONTA (Zhang % ,2020b) NeurlPS2020  ResNet38 / WideResNel38 66.1 66.7
Zhang %5 A (2020b) ECCV2020 VGG16 / ResNet50 66.6 66.7
PhbREs B 2k CDA(Su%,2021) ICCV2021 ResNet38 / WideResNet38 66.1 66.8
Sun % A (2020) ECCV2020 ResNet38 / ResNet 101 66.2 66.9
Ecs-Net(Sun%,2021) ICCV2021 ResNet38 / ResNet38 66.6 67.6
AdvCAM (Lee %7 ,2021a) CVPR2021 ResNet50 / ResNet101 68.1 68.0
Kweon 5¢ A (2021) ICCV2021 ResNet38 / ResNet38 68.4 68.2
CPN(Zhang %5 ,2021b) ICCV2021 ResNet38 / ResNet38 67.8 68.5
Li%E A (2021) AAAT2021 -/ ResNet101 68.2 68.5
I2CRC(Chen%,2023¢) TMM2023 VGG16 / ResNet101 69.3 69.5
SIPE(Chen%,2022a) CVPR2022 ResNet50 / ResNet101 68.8 69.7
Wu % A (2021) CVPR2021 ResNet38 / ResNet101 70.9 70.6
MCTformer(Xu %,2022) CVPR2022 DeiT-S / WideResNet38 71.9 71.6
1.2G(Jiang 4% ,2022b) CVPR2022 ResNet38 / ResNet101 72.1 71.7
EPS(Lee % ,2021c) CVPR2021 ResNet38 / ResNet101 71.0 71.8
RCA (Zhou %,2022) CVPR2022 ResNet38 / - 72.2 72.8
SANCE(Li%%,2022a) CVPR2022 ResNet101 / ResNet101 72.0 72.9
Du % A (2022) CVPR2022 ResNet38 / ResNet101 72.6 73.6
RRM(Zhang %% ,2020a) AAAT2020 ResNet38 / ResNet38 62.6 62.9
Araslanov Fil Roth(2020) CVPR2020 %?g;:i\‘;:; 62.7 64.3
b 7 2 0 2 Zhang % A (2021¢) ACMMM21 Vg;‘fjfgjg:fg/ 63.9 64.8
AFA(Ru%,2022) CVPR2022 MiT-B1 / MiT-B1 66.0 66.3
Chen 5§ A (2023b) TIP2023 ResNet101 / ResNet101 69.5 70.2
ToCo(Ru%,2023) CVPR2023 Vil-B / ViT-B 71.1 71.2

T /PR 50 B T O bR 2 AL ORI PR 2 BB B9 =" e SO PR M
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PRI k4 e B v SCor RIBE R, S AR R Y
vis

29 | gER
5e/MuL PhbRs
fabrRi
C gk -
| g oo IR
! |
L.

(&5 T e/ )Ve Rl G bn it i s B o Lo B AR
(Shen %,2023)
Fig. 5 The mainstream pipeline for WSSS with

bounding-box annotations(Shen et al. , 2023)

Dai 55 A (2015) Fc X0 i U AT TR R, $2 4
T BoxSup(bounding-box supervision) J#% . %5 1 4K
JH MCG (multiscale combinatorial group) (Arbeldez %,
2014) 45 T0 Wi B XA WO BE SR I — R S W I fe i
DI 5 35 2 20 e 3 H b 5 e /MU T & T A IX Al R
PR A 1 DX A R 0 3R A5 3R DB 25 5 28 3 A0 4 LA
N AR TN G — 1 o HIRC R 5 55 4 2040 A%
BRI 25 R B R R b . E A AR 2—
40 HB RS 2 il i R R P b 2 i
SCYHIVRERY (0 38 BT, AW i AR R R AR 25 1Y
MR AR LA BIRERI A PERE . 5 Dai % A (2015)
1 5 ¥ AN [A], Papandreou 56 A (2015) K A DenseCRF
(dense conditional random field) (Kriihenbiihl F Kol-
tun, 2011) 75 2518 i dse /M LG A LR R AR 2%
FF2R FHAC LI J5 12K % DenseCRF (YR Z41, R
A RE AR 1R R bR B RO HERT . L), Papan-
dreou 28 A\ (2015) 8 #2137 —Fh 2t /£ 1) EM (expecta-
tion maximization ) (Dempster A5 1977)E: AW
BHERBANRE I SH, I ETEAUE D &
BERPARTERIE BT A RO AR T 1 A8 1 73 1
fiE. Khoreva % A\ (2017) K 5z /)M [ € 00 Ay i e P
MR R RbRTE B 2 RV ZRd o — Fh L MR . 7E
XAl VAT Al AT R T — b i 3 s AR SDI
(simple does it) /7 ¥ , 7ETC A L AN ZR I IE LT 3545
TR BIMERE . HARTTF  3X 2 — Mk atk
GrabCut 7, #5°~ GrabCut+ , 3% GrabCut+ 1 MCG
PEATEE G R4 38 T As fe 1k X i) S2 46 8 31
BRGIRZINGRiE oy FIBAL, 53 R T Grab-
Cut+FI MCG ] FEE

3 A — 2L 7 3% (Song &5 0 2019; Kulharia 45 ,
2020) 38 3k 353 A A T 5 A A i /) L AE v ) J
FRKIE P EILFE . Song FF A (2019) 531 T —Fh
BUFE AR5 0y A AR, A1 4200 /Y - 2 35
FEAR G| TGS G T PR v e 1 e JBE 5 iR ) X3, D
BRRPRCIR R X BRI T R, B ER A
[F] — S PSR TT BE i TR AR A Sy A iy B
AR BB FE R, Song % A (2019) 38 i A/ 7 i
B BEANE SN 53 LA T2k i — 2P i I 72
LI RABE SRR R R b B 48 FAE .
WA, R 1 B T DR DX sl 0T 3 A 78 3 0 235 R 1) 5%
M, Song %5 A (2019)i8 42 T BCM (box-driven class-
wise masking ) B | A BRI S R 5 00 A il — A
RS T Bl G DX, I BRI B AR B
WRFR R HRRAR 1 5 2 EUGR  BIRARE AOMERE . S T
G A WSSS HR R PN AR A M 75 ] @, Kulharia 55
A (2020) i3 BT M A B BRI AR R
P SRR T RS A B VL FRLAE TP Y
T30 AR 2 SRR ) PR AR G, DA 8 7 3 T
B b R AT S DX il AN T A R R P AL R

Oh 2 A (2021) A 2 P& 3 IX S B A5 I 22
R B — B, 3R — 2otk T RLHIR X g3 f /) L
N RIS AT S5 DI, O R T SRR
1k (background-aware pooling, BAP) 75 . % J7 A
P27 X3 die /M Bl & A R I SRS SRR,
IFEEA Forb BT SRR , DT ™ 2F BE A B 1R R )
bR, EAb, M T WSSS i A iR R A 2
AN S B A0 3 MR, Oh 45 A (2021) 18§21 1 IR
TR 2R (noise-aware loss, NAL) , U 54 43 #5571 51|
Zrid B P AR OV AR 2 02 ), B i R 470 R e
Jio Lee % N (2021b) fif % T IR 2 WSSS HHE R
PR Am 2 1Y AR B R L #2157 BBAM (bounding-box
attribution map) 7 1% . B Je il S/ VL G AR i I
Gr— > H AR IR | SR 5 ) FH 1245 80 DA i /),
& PR O R e X DL RS 5 A /ML L& X
Sl W] 1 R A I 25 2R | e J A T X S X I il
JH DenseCRF A= R R HANBR%E , FH T 5 23 IR
I
3.2 ETERENBSEEIENSE

LRARTE AR TED A A B 1 — 2R S Y 2R B A
B ARSESIVE A W EHE E . SRRRARTEM 1L, 2k
PSR AL TR R AL EAE B B R/ M &R
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A AR e PR ARG B . i T&bRTE
(R M, T D R T SR A 1 1) WSSS G 8 7E T 4 ]
P SUE BT B 9 4k Beft ik B A AR AR IC IR R
(Shen %¢,2023) . &l 6 i, HATIZSK 53 H1 75 %
FEAFEHA IR 1) IR 0 iR R X, A
FIME 25 (A1 A 25 S B0 UK L b A B AL 31
MARARICHY DXL, 28 AR R HANARZ: 5 2) B T4 Ly
18 F 9 th bR 2501 Gl SOy B AL S B R Y
Gan i

G503 1B =%
Lk Db
o ! g N

| g > iR
! |

| I —

6 LT ERbREN 59 W E AR AR B (Shen 55, 2023)
Fig. 6 The mainstream pipeline for WSSS with
scribble annotations(Shen et al. , 2023)

H T R AL 9 45 R R RS R AR BE ), Lin
45 N (2016) F1 Xu 55 A (2021) F I PR RELRE 1 A
BRI DS B HABARARIC Y X, i mit
BACR, Lin 55 A (2016) S UG 3 S T AR
2RI TR 58 AR AE CAn it 6 2B ) 44 i 15
R EFIESC R o HE Ml RO SUfF R
IR AR T DX A% 18 81 A R AR IC X, AR 1R R )
Thinss . BJa B TRR BRI Gror B 78
FEA YN Grad B rh S8 S PR R 53 BSR4 2 5
FLRN B AR 7 FI 45 . Xu 25 A (2021) X Lin 45
N(2016) #4977 1k EAT Bt , A 22 )OBE R A T AN 2
R DE R LA A AR R Z ] A SR AP SC &R 3
ST T AR B R T AR

Vernaza il Chandraker (2017) # i ) RAWKS
(random-walk weakly-supervised segmentation ) J7 7243
P BEALIEE o TP A SOPR B3R e, AR LR R
RAIbREE . MAN T — DR T — I
T g A2 SRR AL 4 2 R P 1 5, A R b i
TR R GRS R HERPE . Ke 55 A (2021) K X
oo 2D 5l A B R AR TE 1) WSSSAE 55 42 11 T —Fh %
F 3 7 Be i 4 H 2% 2 J7 7 SPML (semi-supervised
pixel-wise metric learning) . % LG AT 4 FpZs Al
XS HE G 2R, RIS G AR (38 SChr T i

FIRFAE SRR o K B AT AH [ 38 SR 3R AR AR AR =5
] PRI, 4 HAA AN RIS SR 3R AE AR 25 0] rh 43
T AT 2R A5 v o A 1R 3R R AR 3R 8 F Ay
gER.

R R R AR AR ALR A AR R
PR RTRALIIZRARE 25071 (Tang 57, 2018a, b;
Zhang 7,202 1a )38 1 BT 4 B3 % pRARCE 2 A 2&
PREEFTM R R P FIEE R S TR A I ZRAR
322 B o o SRR 2 TG o3 10 9B U A S %
Tang 55 A (2018a) B 1 PIFHT A4 2% BRI ARTEAR
2R AR A SR FURARTEAR 2R 597 — 1 73 F4
Ko BT T SRS AR A ERARTE 2 2] B 43
R B IET TR SCIE R TS 2 4528 T 1 5 AH 4B
BRI —BohE , (AL RE % S AT O 2 R b
AP 23 B SRR AE o B S, Tang 55 A (2018b) 3
PEH T AU, ST BT R ALY (con-
ditional random field , CRF) (Lafferty 55,2001 ) B 4 2
PRIEY, RESR T ALY CRE LA 2D 3R, i — 2B ik T
rEIRE . T ORZ B I A 2k T A X
R SEAFAE , TCREMERA R B2 R 1 L N AR R A1
KF o A, Zhang % A (20212) #EH T DFR (dynamic
feature regularized ) 1F W L4512 |, 25 & EZR B9 (RGN
R IE T g P SCRRAE | LAY 9 SR X A ] 45 3R )
KRMFRIKGES o A, Zhang % A (2021a) iR 11T
T — AR AE— B ) 43 B S50 45 5 v Y
AR B DA O M B AR R, DA 9 A5 R SRR IR Y 26
PUARARL I AN ] B O | 1k — 2D 4 TSR AN )5
R K RMEIKAES

B Tang % A (2018a,b) Fl Zhang 55 A (2021a) Z
S, Wang % N (2019) WARZR T Anfa] A ZRARTE L% Tl
MR R P oy # G558 I 1 T BPG (boundary percep-
tion guidance ) J5 i o 175 H1 321 5t BT S R T 44 AL
PSR ZH K« 320 5 1T A A T feft 2 ] R g 300
P oA | A AU R AN [ W AR 8] ) 20 545 U 5 F00 40
A B i A B RAE SRS AR 2 RO AR ], 46
B e P SUREFIMIR AL S0 LU 2D AR R R
I EILE R
3.3 ETARENSEEIENSE

SARTE AR TE UG A B3 IR TE — A
HEILA SIFAR IR BN GBS 5 2 hr
R — P fIE e SLARTEIML, FARTER WSSS
155 1Y SCBEAE T An el 38 SUAR B MR BAR T 19 i A%
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1B B HABRFR ISR R o A&7 Ps , H Rz sr
W7 F RS AP IR 1)l i AR 1 R R
a5 R O eR DAL S5 T7 ks s bR A B AR i 2]
FARARIC Y DX, A2 R R R4S 5 2) 2T LR AL
AR R 9D bn 2 I 20 Sy BIASEAY , 52 31 IR 1R Y
ol

I e
SR bR
po | e N
| g o syEIRE
! |
L g

K7 BT mbn Ty 55 W B 0 S0 B 2 A (Shen 55,2023)
Fig. 7 The mainstream pipeline for WSSS with

point annotations(Shen et al. , 2023)

Bearman 55 A (2016) fiz 5 ¥ i b5 3 B H T
WSSSHESS o AT A SR 1 AR B R
BAEE IR A YRR S s 2k i T B R b 4
AMEER SR T TS AL 3R DX 43 ER b 1 T
A 5 Xk . McEver A1 Manjunath (2020 ) ¥ K114 2%
WSSS Gk CAM J5 T5 1 JE I i bn e . S fil
FH R TE 1 205 SR 7 45 Bk 51 5 CAM 4R
i, FR A PCAM (point supervised class activation
map) , 9% J5 i F§ IRNet (inter-pixel relation network )
(Ahn % ,2019) Ak PCAM L= R AR R G AW bR %, fix
J5 BT ARG R P bR BN G — >4 Wi B i oy
HIRR

Papadopoulos 5% A (2017 ) Fll Maninis % A (2018)
WO BT SR AT BRI & i i BHE B T
55, LR T — R bR T DT ik ol AR T AR
RIS AR b T RS R AT 4 B ROk
P W EAE L, DR TR BUAS (Y 20 B 3G 4 T AT
BRREEFERREEMFER . B E , Papado-
poulos %5 A (2017) ¥ A% 545 1 5 GrabCut J7 1% AH 4%
G345 T3 HIPERE . Maninis 55 A (2018) 4
H ) DEXTR (deep extreme cut) J7 % E—24R5E T
SAARTETETE SO 8 S0 o0 5] A F A2 7.0
H3X 4 AR N L 2 2P SR T AR AR TE A
Rk

Qian 55 A (2019) #&H T—MBL T bR 1 A 55 e
B Y b7k | 18 P Y %7 ) (Weinberger il

Saul, 2009) J7 12 e /MU [R] 2 di A 1) 2t (8] 5, O i
KALR A i A ] (AR 2 . BRI Z Ah, Qian %A
(2019) 0K T 5 B ) 24 25X L s 40 1 1A
G BT SCF B #E— 2 ik Al = R AE 3R
Ko LidE A (2022b) $& T —Fh 56 T s v 19 55
BAs RNk . R A YRS B g i R
1) BN , I 2 AR B X 5 4 B R ARk i
TP, SEBL T A S AR AT 55 X 8 1 G — T A
San 8
3.4 it
5 EUR K WSSS J7 A A H, 3 T e /N R & b
TE AR T SR T B WSSS 78 vE A 1 i
Ty 0 2 (R AT AT | 308 3 15 I b v AR 18 7 O
B EIPERERY IR TE . 22 /R T IX 26 WSSS J5 L 7E
PASCAL VOC 2012 LAy HERERI ., Hri, & TMF%E
7N T MG B B R AR B U 25

/M B R E AR AL T RTS8 55
B R SRAE TORL S A 7 B AE BN FUE B R — A
XTS5 ) S bR 5 S« BRI R, B /N
N ITA SR ET R, IF DA 2R — 1 U3
FIRAY 0 B S — 2 19 43 I RCR (Papandreou 4%
2015) . AT AOAIF ST 3288 OC 3 an 42 4 R /B L
PN ) IS R S R R, DT VA X0 die /Nl L
(AR SR S DX 3 3 BEF 98 A T A 2N 1
J , (A5 5 T e /ML Bl B i i WSSS 4R 15 T I
Pk R e, a0 T T R QbR T 79 WSSS
oo B, oh &% A (2021) B9 5 Bk #E PASCAL VOC
2012 IR AE 3845 T 76. 1% B mloU. 2R, Hi 5
G B R U BT AR L AT R — R i P T 25
] o AR, BE T /ML L bR T B WSSS W 5T
JEN LR, EEERZ B DL B - fe /o Bl B br v it
(A5 S A B Y, AT B TR0 3 26 2 R %
2ok 8] 1T, AR — D4R T B M fE , 75 225
NS B ARR B , (B hR I A E LA 52 . BRI,
A e/ ML R G T A B B ik LA TR SR A8 1
TR XU TR TR, el £ A BR AR
PRUE T BE TR 2 EI MR R, X 2 WSSS AT 55 T

UARTEAUEE I T G T & IR B 265, 8
FAE T HARY IR A R AL B AR B, (H s = YR Y 34
FEE . T S FHLRIRE ARG E, A
LEARTE WSSS J5 1 F2 2 HIAS [A] 9 b1 28 A% 4 L)
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T2 EBETHMBIRFNGELEEIEX S FEEPASCAL VOC 2012 FRIEEERM

Table 2 Performance comparison of weakly supervised semantic segmentation methods based on
other weak annotations on PASCAL VOC 2012 dataset

mloU/%
FRiETE Jii: BB BT
Ui SO 7 i
Papandreou % A (2015) ICCV2015 VGG16 60.6 62.2
BoxSup(Dai % ,2015) ICCV2015 VGG16 62.0 64.6
SDI(Khoreva %% ,2017) CVPR2017 ResNet101 69.4 -
e/ IV Rl PR BCM (Song %,2019) CVPR2019 ResNet101 70.2 -
BBAM (Lee %:,2021b) CVPR2021 ResNet101 73.7 73.7
Oh % A (2021) CVPR2021 ResNet101 74.6 76.1
Kulharia 5% A (2020) ECCV2020 ResNet101 76.4 -
RAWKS(Vernaza il Chandraker,2017) CVPR2017 ResNet101 61.4 -
Lin 2 A (2016) CVPR2016 VGG16 63.1 -
Tang % A (2018a) CVPR2018 ResNet101 745 -
Xu 5§ A (2021) ICCV2021 ResNet101 74.9 -
LRk
Tang % A (2018b) ECCV2018 ResNet101 75.0 -
BPG(Wang%%,2019) IJCAI2019 ResNet101 76.0 -
SPML(Ke%,2021) arXiv2021 ResNet101 76.1 -
DFR(Zhang % ,2021a) arXiv2021 Swin-T-Base 82.8 82.9
Bearman %5 A (2016) ECCV2016 VGG16 46.1 -
Papadopoulos % A (2017) ICCV2017 VGG16 58.4 -
R DEXTR (Maninis % ,2018) CVPR2018 - 70.0 -
PCAM (McEver £l Manjunath , 2020) arXiv2020 ResNet50 70.5 -
Li&E A (2022h) TPAMI2022 - 70.9 -

T " RIRIE SURYRE L BRI 5 25 s B0 45 2R

o A S A0 2R R BSORN 5 | A5 e 45 A SRS, 4 2k
FRyE AR BAL 1B B ARARE XI5, 51 AR 52 )l ) 14
T BRI, DT AR ol T A 18 R P bR %
DI T U E) S T B & b Re LT, Bilan, A
F CNN & T ™ () SPML (Ke % , 2021) £ PASCAL
VOC 2012 53 % 445 T 76. 1% B9 mloU, 4 T
Transformer ‘& T’ f) DFR (Zhang % , 2021a) 7£ 32,
£ FARIET 82. 9% I mloU, fH 2, HATHE T2bri
(1) WSSS AT 5475 1 Ilfei — & X A5, 491 40 28 b 1 19 7
PEXT 53050 B0 T ARAT SR AFAE AL TC R A R4 1
H AR PR X 8, e 7R 5 237 55t sl A B 1 ) 1
BUT o X ) AT 4 BT o380 7k iy
RE 22 IEATYRAFAE

SRR T UG rh RE 2R i A 2855 BRI
(AR PSPt 4 ARaa iR K (| = WA S S5 X 1
PR AR A 0 JAS B A — i v 28 B A i T o PR R
TR YR FRE G b It s i, AL T B
PARTE, AR E MR R A B F R T
SRR VE [ WSSS 7 ik PR RE B AR T R Zbr i . 191
i, PCAM (McEver Fll Manjunath, 2020) 7£ PASCAL
VOC 2012 5k 5 FACERA 70. 5% 1Y mloU, {K T4
T EHR AR WSSS W e AR PERE . 3% F 202 T4
KPR B R G Z , P EOCT SFRTE ) WSSS
WEFEARRT LD, R RE 58 43 R s 3 B A 3005 B .
A R T ) R MBS A B, IR B R R bR
405 TR W ok % il LA B 1, 2 B T RUAR TE WSSS AT



$29% /58] /2024 £5 B

GifkER, BAx, ERE, ZEH%, RRE, RIE, THF, AXF
ETREFINBUEENSRFEGR

S50 —AMBTEBFF T )
4 ETARENFHEEENDE

U4, KA (Zhao 55, 2023) A SCHESE H 43
KNG Z B TIFIEE R 2 RTE . AEIR L7 > e,
KA A8 AT 2 E 2 SRR 2 M
ZRAAN A R AL T EHAR R R TR
PR AAEAt 2 (AT I SRR HE S, OB £ 35 1 1t
A R RAEE A, (538 B AT SR A R Ik RE ) AN
ZALRE ) o I B X R E AT 55 HE AT IE R 2 2 (Pan
F1 Yang, 2010) FILIE , RABHY AT LUAT 3503t Bl g 45 F
TUHES o PR, — S8 AT R 22 3 i fif £ P AR
TR B A B VA AR R G OIAR S o ASTfg [l o
4t — BL JL - CLIP (contrastive language-image pre-
training) (Radford 55 , 2021) # %I fil SAM (segment
anything model) (Kirillov 5 , 2023) £ % (1) WSSS
Jitke

CLIP 5 Y J2 A5 KU PTG M SO St b Ay
PYNAFRNAY . 382 > USRI SCABR 28 2Z 1] () %t
I 3G 2% , CLIP REfS B 4 i A H] SCAR AR S vh i 3 AR
B AT B33 P % WSSS AP fE (Xie 45, 2022a) o
Xie % A (2022a) $# Hi CLIP 5 35 5 &1 4 DG Jic HE 4
CLIMS (cross language image matching) , & 75 2 & H
P DX SR F) 58 B P A L B R 57 ) A iR
WG o WAL AT T 343K CLIP AR K PR AL
P A DCICRT SO R A8 DT BE 45 2% 5 5% DX A SCAR bR
25 VE BC AR LA R SE AT S il B 2 o Lin 58 A
(2023) # 1} T CLIP-ES (contrastive language-image
pre-training efficient segmenter) HEZR M FH CLIP 2
FEAS TR B BB T ok M il AF HARZE AT 5 B S BRI

IRt T CLIP (A SCAS i AT 2 LA TR - i385 1. WSSS
1545 . AR, Lin 28 A (2023)i8 482 1 T B 5 R 5S40
I, A 2 iy B TE o B RY OC v R B 5 X
B R R R R RR A R T Xu %F A (2023)
P H T % — B9 Transformer W28 2254 | 324 2] HARY)
PR SE token FSCAS token , 345 4 P R token 13—
AR HE CAM 1 588G o Hoh B3 token MBS
di AR R U5 L, SO token T ) CLIP A5 ) A A5
S AR UCE AME B

SAM J2& —~i FH 1 R B B, 75 45 25 7]
BoEES PRI G A, —IFRER SAM 5] A
WSSSAT: 55 1, LAl By A B e Joit ot (45 38 G DA 2% o
BRI, Chen %8 A (2023a) ¥ CAM 5 SAM i 4%
A CAM BIE SUAE B8R SAM 44351 45 R 4 T 4
SE RIS ABRES , It A A B P hAR2E . Sun
4 N (2023) 4 Grounding DINO ( grounding distillation
with no labels) (Liu % ,2023) 5 SAM J LSS, T
JIR T SAM A5 BN 3245 2 B AR 28 AE oy B 5 1Y
BRI

F 3R T T KRB WSSS U7 ¥ TR
PASCAL VOC 2012 % il Al 45 L i Mg R 90 .
1525 F Ve K S H00 il i Y 2R 50000 , KBS RY mT UK
ANTRIE SCPN A AT HER 0 AR 2R3k . XY T
BAE BN L) WSSS AT 55 iif, AU AT LA H 75
YINZRAS 2 9 38 FH o SCRTEOR B MR N 28, AR
WER IR 2 AR PR EE , DT $ TH A5 D 1) 43 B P BE
i, Lin 55 A (2023) (1) J7 % ££ PASCAL VOC 2012
AR A T HUEE T 73. 9% A mloU, Sun 45 A (2023)
B IS T 77. 1% B mloU, X EEMERER I C &
T R T H AR C A B WSSS i, X
SYUERR T RARAY (5 RAFAEFe IR A BE 1 . Aok

®3 ETAEBENSHEEIENSETEFEPASCAL VOC 2012 ERIMERERHL
Table 3 Performance comparison of weakly supervised semantic segmentation methods based on
large-scale models on PASCAL VOC 2012 dataset

R . . mloU/%
KARTIZE ) Ik KA T - —
AR R A
CLIMS(Xie % ,2022a) CVPR2022 ResNet101 70.4 70.0
CLIP Xu %A (2023) CVPR2023 ResNet38 72.2 72.2
Lin % A(2023) CVPR2023 ResNet101 73.8 73.9
SAM Sun % A (2023) arXiv2023 ResNet101 77.2 77.1
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(RIEFE AT LAk SEHR R A S AL SR I, 5 fff FH 2%
T AR /AR RS, DATE— 25 $E T RABERLAE WSSS
1145 B9 RCrE FGE vk . HR ) 3 T KB AL Y
WSSSHIFFEMAFAE—LEPk K < 1) i KA AR S 5
NGRS ARG T WX, H A0 FE 915 IR
2) 7% 4 Bt ] £ B R TR () O B AR SRR — A
MR

5 HERE

FEFURBE 24 2] B WSSS J& T B LA T 45k ) —
AEEHIE T, A B RS R M E )2
I AT 5% o FEILSEHE S AR R T BT 2L 3%
KEMATT W71 RS [R] AR, 33— A A X RS
BARE AR ES scrh e g . T WSSS i i A [
T2 55 PR TEAR 5 52 BIUR R G 43 F1 5000 , B R 72
JE M2 M 1 TR BAR R hn T BUAS , Ry i SCo HIY
SEBR N FHERHE T AT AT IR T 4 . IR ARSI L R
TR TR 2 S 1 WSSS 5 vk, R 1 43 1 fi
BT RE T SRS e WB A L, AR
—EMERETE A E] . BEAh, X Ty vk 2 E] AT BEAEAE—
FE B AR, RISR FH T ARARL 0 3R s R 40 /N 55 b 1 1
BAERRIRIEZ 220 . 127k, AR SO b
WSSS SHUIAEAE 1) [R]85 Bk 8, I s LA R v] R A A
FE07 Il B R L
5.1 TFEREIBANBE AR

FETFVRPE 2 2 1 WSSS )7 ik 1Y L BEAE T 48 /N 55
WBHE SRR R PbniE Z R 250 . HARATR W 1
Tl i 25 0 SR AR AR R AR, T TIX
PFRE N Grils o EIR . BRI B o8 8 A
EEE S i NG NS E == 2 i P W =g
5 AT R AT e AR R AR R AR A RS B (R
SHEAMERBIREAEAE—E M 2ERE . a4
Az UG R B ANBR S NS BEATI IR 2 — A R AR A R 1Y)
[m]

24 WSSS A5 7 7 T B S A 15 3 5, T fE 1
FILE YN SR B o AR B W PR 2S5, 3 e 75 LA
RYEL A5 — 5 1Y F I I RE ) AR A 3 B AT H AR
Yk o DI, oy 498 s A 75 o R ROPE IR ) 1 3
AE T — K BR AR

T3 — 5 T, B S 1 b 5 R S
7K o (HJE A ARIFSY 32 B G T Anff £ /55 WSSS

TR (18 3 BORG BE , OX A5 76 e 3 8 1) G 1 S AN 8
Unfar 76 PRAIE — 2 KG BE AT T, 48 R A28 s Bk
JE X 2 WSSS Atk 114 575 — Kk

IEAb, LR Gao 55 A (2023) $2 1 1 3k W BHE
G EVECE A | (AR G B0 A 1 B = AT5 4K 02 WSSS 4
B RS 2 — . HATHFSE TAEE 2O Bk
WO, TR R A . BE A SRR PR RE AT
T B AR = A 1) B H 25 . B AT DG
WSSS J7 #: & L #F PASCAL VOC 2012 (Everingham
45 2015) F1 MS COCO 2014 (Lin 25 ,2014) 2/ B\
TFRER A T IEATIEAS o 3k BE N TR R A5 4 15 1 28031
oA B X R A 2 0 S Rk ()
A WSSS A AL YN L xfE B ) £ T+ A e Y R B
FERR I TR AE R S N
5.2 REHARAME

ST 4 /0N 5 W O A A W R R R 22
HE, 0 2k 2 0t 5 e 4t e A= B 1R 3R GO AR 2 B RG
FE IR BT AR ERIRERA T TR
LAY ) WSSS J5 vk & — Al AT i F g 7 Il . i,
I JUAE H B ARG CLIP A5 AU (Radford 45, 2021) 1 SAM
R (Kirillov 45 ,2023) 0] LA F 4 B 8 R Gt 2
AL, WEE 3 iR, B & #42F % e AgCH
TYREBRER, IEHAS T DA sk . (EJ , ik it
I BE T AR WSSS AT 55 1 4 2 ) 265 285 ) 1 4t 2K R
B, S A A T S AR 0 ST A 2 —
HARE . WAL, TR R B AR bR 28 A ] i b A7 A
— SO PR TR R AR A I i Sy R
RURT DL RO — Pl s bR 2 o ) (), i b i T
T [1A) W e s 2 R 15 Y28 A S8 S Rl 8 R AR R
PabRas , ol b g et o B R UK PTIR R
P v B M P AR A RAE AT SE (Y 7 1]

B X WSSS 5 AL 7E FF A BE v A [ 3 [R) A
Al DL i 3 B2 2% 2J (Pan Al Yang, 2010) 5 & FE AR 24
> (Xian 55,2019 ) K A 2 N2 51 2 2] 2 1) FHHE RS
FIRAMEFREN Lo 5 —Fr T BRI 2L A
Z IS AE B (Baltrusaitis %5, 2019) , ] W1 SCAS K 43
FNBAYHE T BRI A PRS0, B s A A ) R A
Sy EIRE ST BLAh, WESRAR AL (1 T i Bt (Guidott 45,
2019) A ) TR A A H AR 25 By 3, A fig
TR T LA M5 ) P oA TR A A A B, AT X A R
B ARSI WA T W, 5 AL AL

M WSSS J7 vk 3228 5 1 dn e 4 s A 8L (1) 43
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S S ) WSSS HEZRL , £ A5 B Y £ 4 A1 52 i 4 22 ]
PEAT AT , RIES AT E RS R MERR P A 1S B0 T, in
PRSI ) HH G

BEXT B AR B = A4 ], A e i A LR
[Fi) 2 70 [ 5 HHAT SRR A 1) RIS W SSS %l
M, AR SIZ O R AENT ST 5 18] o 3 5+ A
FHOCBGAE | AT LA R AR A R i 4005 A IR, 38 e R
XA R EUR AZACRE ST o AT X e I I 55
Ha S ] A B HhE A, L AT ) T R B e i T 4%
MRS, HEShIZ SR K

6 & i&

T S BRI AL S G P A — AT TR
7 1) o 58 e U SR D7 i e i P R G
T /LB EARTE (AR AR TE SF 5 AR TR
2 RBRAR T ER R R A, ik Lok E17E H 3)
20 2 PR S BT R Tl B o) S s 1 1 FH 9
TR RENE . ANSCHE S T O s R
HIBIFFE R S A S 3R IR T 58 B8 SR
AR AR S TIN5 , R85 I EHR Zebrid: oAb
SR AR Y 4 Bl 345 X BRA ) 555 M B 0
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