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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

WS B #1:2023-09-12; £ [ B #7:2023-12-05; BN 4% B #7:2023-12-12

* BIEIEE 84 quan.zhou@njupt.edu.cn

BEEWE FHEK ARPEIL G H (61876093, 62262005 ) ;) VU i AU B4 T ML A T n3 9B =TT Bk 70 H (2023B01)

Supported by : National Natural Science Foundation of China (61876093, 62262005) ; Guangxi Colleges and Universities Key Laboratory of Intelli-
gent Industry Software(2023B01)



GifkER, BAx, ERE, ZEH%, RRE, RIE, THF, AXF
£29% /S 58] /2024 £5 A ETREFINBUEENSRFEGR

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 PASCAL VOC 2012 dataset to evaluate the performance of different WSSS methods. Finally, four
challenges and potential 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. Second, 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 speed of WSSS networks, posing a major challenge for the deployment of the model in real-world
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applications that require real-time estimations and online decisions. Fourth, the scarcity of relevant datasets used to evalu-

ate different WSSS models and algorithms is also a major obstacle, which leads to performance degradation and limits gener-

alization capability. Therefore, 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-

tations ; bounding-box annotations; scribble annotations; point annotations ; large-scale models
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Fig. 1 Examples of weak annotations for segmentation

((a)image-level annotation ; (b)bounding-box annotation; (¢)scribble annotation ; (d)point annotation )
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Fig. 3  The mainstream pipeline for semantic segmentation

with image-level annotations(Shen et al. , 2023)
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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) F1 Xu 55 A (2022) fF T — & 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% , G| 5 b ff 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
PP T 1 — 2D A AR 2 2800 B9 TE R T 18, T 25
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 et AR L 1 TR = B . — Ay
) A ] M 5 1 — X LG U3 i SCAH
7] () DX 3885 53— % LU v ) B i o] R rh AR
N7 o X AT R B
¢ I B TR T S AV A TR Aff 2 A5E , DTG B & M 4%
3 P A5 8] 19 18 OG22 TF U0 A Dh s 25 9 28 i 2 o
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Wu 28 A (2021) & 4 — > CMA (collaborative multi
attention ) 5, {5 Bly F V2 1 AL RS 5 0R 15112 918
2 [H) 2R AR AR AE ) BB Bateh T A IR . Li
AN (2021) 44 B ZE P 25 (Scarselli 55, 2009) 5| A5
MG R A R . b A RS B9 R
PG 1] 25 A O 22 T I B s e, ) 6 o 222 o 5%
AR 1 2 ML 52 BT R A PR S AR OC &R
A, DA B AT RER DR AE o TR, g 1By kAR
o BE G T — 21 RG rb i AR [ SC DX, Li 45—
AR R SR AR R R R A 2R
Zhou 35 N (2022) JE— 4K [EIR 8] Y 26 AR G 2R 97
JERIEPE LI, T —Fh RCA (regional contrast
and aggregation) J5 i o I8 2L ICIZAF it R A7 i 4K
I 5 A [ 26 51 1 R AR 6 38, T X H 54T K-Means
R JE (MacQueen, 1967 ) LAHAS A R S S MR g1 2
PRI A5 Bk Se UM I 10 5y AU 0 6 AN
O FOR I SR TR Ay A R B 1 SO, DT AR A
SRR R R R ANBRAE
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
N FbRAE 36 % 45 25 U1 25 BENet (bound-
ary exploration network ) LA il il 58 22 () 4t 11 A, %
Je P 33k 26 T 4 121 FR45 2 CAM R Ak 2 fiE 2y
. Li %% A (2022a) 48 i T SANCE (segmentation
assisted noiseless contour exploration)1‘%1@J AR A A,
FPIA I3 3 RO R 3 SN 53 3 o FE Ry ST
FAE L 3 B0 SCRUN A e 6 18] . AR
J L DT A BB AT 5E AR R AR 45 . Rong 55 A
(2023 ) MR FE AR 2 ] 1 #f B8 S B T 30 e
SRR, P AR L 1 FUE B 43 BB RL A T 45
RHEATLYR P T A 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
P 28 WRHIE YR RS , ORI A — 2R E AR 5
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 B CAM ZEAT — Bk R Ak, A R0 22 i 1
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 S G 2 TR] 118 22 e, DA T AR A5 B 58 3
(¥ H AR o Zhang % A (2021b) 42 1 17—l 34
F I 2 44 1 () CPN (complementary patch network ) J7
25, R JHBE LR Y 07 A s sk B AMAME, 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
P15 B4 Jay ¥ X S 48 B i AL PRI, 73 A 7R ]
DLKRTESV YRS 24075 . dflf]1 92 0 712G
(local to global) 77772 , 6 FH J=y 3 00 26 M A R 11
2 Jr B DX AR A 7 {5 L AR R I A i i A%
TS BEil42 Jay IR 28 AR Lk 25 2 Jr S I 2 i B rr) 240 49 4%
B, DT 77 2B e BT i 19 CAM, 42 5 43 31 ) M e .
Peng 55 A (2023 )4 H T — M [ 3 N7 I 245 90 B S s
3 T X0 5328 0 295 R R AT AN [ A T I A A
RS TRI AR BT, AT A Sl — S50 T Dk DA S 91
Bl

5 FiR5] A Siamese [P 45 254 52 B H Wa B 27 )
7 LA, — 2875 4% (Du 4%, 2022 ; Xie 55 ,2022b)
MAB pR BT 4 A JEE A DR PR 9 WSSS [l
FRFME AR R XS A% 2] B (He 55,2020) o
Xof e 2 2] ad it e KA S AR E 2 [R] I e /M 26
PRRAIE B 28 1 07 U o AR R IR RE ), S LA B H
o A S5 DX A DX 23, DT A 80 B A 1) 15 3R Gtk
PREE . DuFE A (2022) & Hh T —Fl {5 3% 31 J5U 8 fg X
P Ok AR R T R R ok A B 2R
ST S T Y B B O B s 1 5R T Be g | A B
K —EE RN AL, R T CAM AR R AR %
(5 B . Xie 45 A (2022b) #2 H # C2AM (class-
agnostic activation mdp)ﬁ/f%”ﬁﬁ?ﬁ$ﬁ%@{%ﬁiﬁi;§
AN AT RIS L e A e i O RIS R A iR
REAE R 7R FI T SR R 27, die il IR bl o > A
HI SRS S Z M B HR 2 CAM LA EE it .

ik A — 88 22 3 (Chang 45 , 20205 Zhang %5 |
2020c; Lee % ,2021a; Chen %, 2022a) A M AUA %3
BRI SR SRS JE DA BIRE B0 00 D bn 25, i T e
i BT — R E WAL TR #E— 2 52 THOh b5 45 1 4
J¥ . ZhangZF A (2020c) #EH T —FhiF o 56 I 095K
W, 300 ok A A Y 22 S T DU T[] T AR ) A [
CAM HEAT 2958, A7 F) T 9y 14 8 1K IX 38l 9 42 408
Chang % A (2020) 51 A T —F {5 B9 72K R
1155 B — 25053 U LA AN R 08 - 200, i S
RAE SR 0 S AR SR 2% A Y 52851
PR, A 3 SRR AT IS H b A DX ) OG E
Lee 5% A (2021a) 2 i1 T — b AdvCAM (adversarial
class activation map) 77 % , # & R T 7 ALK B
1% CAM L) 3G i GO 1 28 31 19 43 2675 43, Iy
T T AT A ) DI O DI B DR DT A

SR DI 3 BE 0 o Chen 55 A (2022a) 42 1Y
SIPE (self-supervised image-specific prototype explora-
tion ) J7 12 g B i PG AN T RO TG i RS Ay
T IOE LLAS B 1S-CAM (image-specific class activa-
tion map) , fff F§ GSC (general-specific consistency ) X}
J5L CAM F1IS-CAM BEAT — HCE 15 Ak, 385 5 A5 5 )
F % IERE
22 ETHREELZEFNEGRBEEIEN
&l

BET Db 28 7 2 5T ) RTR 9 WSSS 7 ¥R H
i 1) ity R DI R e, 38 e N — AL KR R b
P28 A i R AN o3 BRI ad RE AT RS 0
A, 78 BE B i S FIASE R 2 800 W] I A AR R ety
PRAE B 2R T H IR G A R . X ETTEA
s ZOP R RPN IR AT B LR AL BE, IR R 1 B

Araslanov 1 Roth (2020) 25 T K 1% 9% 55 5 &
T SO 5 e iy 3 RHED - Jay i — Btk i SO
BAVEFISERENE . JRy il — Bk 2 e HAT ARSI AR
ARG R N Z S AR (1 T SCPR%E 5 1 SCHERR PR =45
I SRV A XSO 2% BLAT IE B T8 bR 48 5 58 B 1
6 1 S AR R > G T IR 1) R (R XSy A 2 SRy 7
Zhang % N (2020a) $2 i T — % XL 53 32 J5 5 RRM
(reliable region mining) , H: H 4328 4 32 F A= ik
CAM Jf: B v 3 45 1] 5 DX S 7381 00 SRS M B4
B S T L BB B R R Bl Iesh,
Zhang %5 A (2020a) A 1 — AN 2k s BOH] Tk
B R B AR (E R o 7E RRM J5 ik 1Y kil 1,
Zhang % A (2021c) 42 1 T PIRICHT0 2% R AL . H 35
SEAES R T R AR R Z AR SC &R il
SCAL 7 60 ] S 5 B o0 O A8 2R T T R 0 B R Y
BRPPREE B -2 G R R 2

#: FH# 22 ’ 2% (convolutional neural network,
CNN) R B/ NG T SR i & Bz 5, I e i
R EMG 215 B s W Transformer (4%, T HoR
H B £ 3k B 3 2 5 WL (multi-head self-attention,
MHSA ) & 9% 4t 15 T A token 2 [H] A0 B 56 5 , A 1fif
HA 22 Jey sz B AL (Vaswani %,2017) o PR,
Ru % A (2022)#2 1 T AFA (affinity from attention ) 5
B, M\ Transformer A MHSA 772 2 4 /i 3% ik
T AR R br % IR T — MR A&
AN AR HI L RAR AN 15 B G 2R R R AR 2
(i — 2tk . fEBLEERR -, RusF A (2023) 38 i 5



$29% /58] /2024 £5 B

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

5 % BB 9K ViT (vision transformer) (Dosovitskiy e
2021) n] LA 7R AN CNN Jay 58 2% 52 B 1) e g , EL ] P s
SO I IR, BT X — R B, Ru AF A4
H T — # ToCo (token contrast) J7 5, 51 A T PTC
(patch token contrast) i B 1 CTC (class token con-
trast) BEHL . PTCALHLIE i 9 45 v [ J= 19 18 L2 4
AR BB B ) patch token , LLZE % ViT 5| 2 it 1
PEV-1R 0], CTC AR BRI 3o 0 L 2 i 21 450 Jy 38 X
A28 5] token SR fie HEH—EE , nam AR A /i 5 H
Al A DX DG

Chen % A (2023b) A Ay s A CAM A 1X 35k
Az AR 2R PN AR 1) 7 vk R S 2% SUREI , BRI 1A
AU R, BRI BR HS T MDBA (multi-granularity
denoising and bidirectional alignment) 775 . i 13 it
VIR B A AN AR A | T T — o i 21 3 14 22
J3 25 AT ] T A Dl 2 PR A A g MR 7 [ A, g
41, Chen 45 A (2023b) ik 2% J& 51| 1 3 1k AN (0 5 4
PR 25 B, Tovk T4 5 2 2R IRy &2 2= K]
BAL PRI FE . DX A Tl AT 5 T — o
16 Xof AL < 0 i A S, 2 B2 ) AR A i R RS
B A 52 2% AR FAVERE A 0 I R0l s e i o
JICAH 87 P PR ) dul 3 1 L, DA AE R R Gt
R E R B B R
2.3 itig

P15 2% WSSS FEA A T R G b i A4 1 B0 T 552
TR E P A o) W R A BE AR T AR T A
SRTT, T R PR L & B R ZenlfE B, k= H
PROLE AR B IZAE S WA AR R R PR . R 1R
T — SRR R Y KR 9% WSSS Ty ik £ PASCAL
VOC 2012 (Everingham 45, 2015 ) 35 iiF 5 F 4 1
AITERESR I .

BT bR 2 B 228 iy [R5 2 WSSS 5 12 e 1
o R BARTE SR AR R R RN R E T
o 2 A IR AR R HANAR U iy SCorHIBERY JF H.
TE S BB A1 Fhad B2 A BT R B b
%o XMOTERIBRII R R RO B2 2%, JOik kAT
v B v 1 U Lo TR T CAM B B L RGBS 4
ARA DR 2 B 2 2B U5 ¥ T M T R PR T H
SR LA A PR UG ER B IR RESR T2 AT BR , 51
Lee 4% A (2019) $& 1} B9 FickleNet J5 =AY 3815 T
65. 3% ) mloU. I AEHFSE it id 51 AR B A
SEG B A T Yy 2 MR T B AN Du S

A (2022) 1 7 B BUAS T 73. 6% Y mloU, 3% 3-8 2
T 5 ABINEE AR B 2 T e B
LT A WA S TE TR AR T SO0 2 2 B s 1
TEZE R RRAE o 328 7 IR T T SR b 7 14 R
il SRS T MR T . (ER SR STk
TS A — B[] B, 451 4 CAM Fb 1~ DX s 78 &b BN H
b A S AR R B 5 2R AR Y R B RT e
AEH A UERR , 45 5 B2 R 2R AN bR 28 1 L R A ok
TARKIBRAL -

FE T PRbR 2 AE LT 0T 1 BRI WSSS 7 AT
LR e A B AR R bR, T e R A A5 A
YN R b A TR R B ANARZE AN 3 F 45 R A
b, BERIYI R B A T B, SR, BT Rk
TERIPERS A AL, 0110 Ru 25 A (2022) 32 1 9 AFA
J7 AL A5 66. 3% I mloU, 5 INARZE B85 48 A4 i 7 1
M AR PEREAE LU R E— B 2R . X EZEZ R T
BRI GRIXERE . Aok v] IR R A A AL B R 25 44
SCHE B B I 2R SR DAREAR LU G B2, 7800 A 4%
TR T . A E AR OCTEM I, Ru S A
(2023) 4 4 /9 ToCo J5 4R 1% T 71. 2% Y mloU, 4
REAA 0 e H M O AR S AE L ST T i . X FE 2
FHAZTFAG PTC A CTCALH L MR Transformer
T I I R AR R AR R IR BE T o

3 ETHMBRENBEEESE

A 55 47 L4 fe/ IV LG AR T b T R A
PR M TG HAR T, XS AR AL T8N
F w0 BT B A BT A A T AR 2 G 53
SR AR 4301 LU 2 WSSS i o
3.1 EFR/NEEERTENBUREIESE

Toe/ ML PR B bR T S — U A A U i 3 B 1 e
EHUEAE AR B R . EAMERIE IR G S5 hR
2 N AIMEL T AR B B R A A L
L MR bR i B R ) B 5o R 28O ke
AT AR b MR Gobn 8 7 16 A S R e e (14
5 45,2022) 0 B T AR/ IV B G A ) TR DXk 4
B 53R 15 S, R IV B PN [R] B AR A I S RN
s DX, BT DA F f /N BB AR TR ) WSSS AT 55 19
SRR T QAT MR b DX -fe /DM L Y 1 S S 4R
S Xk W s frs, B iz e o & ik &
BLALFE AT 1) MR/ IV BB P2 B i se A
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F1 ETEGPRENSFEEEIENSEEPASCAL VOC 2012 EHYPERER
Table 1 Performance comparison of weakly supervised semantic segmentation methods based on image-level
annotations on PASCAL VOC 2012 dataset
1%

NS )y S mloU
FhbRZE AL HE T X ik o BT M presys Wt
Kolesnikov Fl Lampert(2016) ECCV2016 VGG16/VGG16 50.7 51.7
Kim 5§ A (2017) ICCV2017 VGG16/VGG16 53.1 53.8
Wei%F A (2017) CVPR2017 VGG16/ VGG16 55.0 55.7
Joon Oh 5¢ A (2017) CVPR2017 VGG16/ - 55.7 56.7
Wei%F A (2018) CVPR2018 VGG16/ VGG16 60.4 60.8
SeeNet(Hou%,2018) NeurIPS2018 VGG16/ ResNetl101 63.1 62.8
DSRG(Huang %5 ,2018) CVPR2018 VGG16 / ResNet101 61.4 63.2
AffinityNet( Ahn 1 Kwak ,2018) CVPR2018 ResNet38 / ResNet38 61.7 63.7
FickleNet(Lee %%,2019) CVPR2019 VGG16 / ResNet101 64.9 65.3
SEAM(Wang4%,2020) CVPR2020 ResNet38 / WideResNet38 64.5 65.7
Chang 5§ A (2020) CVPR2020 ResNet38 / ResNet101 66.1 65.9
Jiang % A\ (2019) ICCV2019 VGG16 / ResNet101 65.2 66.4
Chen 5§ A (2020) ECCV2020 ResNet50 / ResNet101 65.7 66.6
CONTA(Zhangffg ,2020b) NeurIPS2020 ResNet38 / WideResNet38 66.1 66.7
Zhang 5§ A (2020D) ECCV2020 VGG16 / ResNet50 66.6 66.7
PhbREE B LA A CDA(Su%,2021) ICCV2021 ResNet38 / WideResNet38 66.1 66.8
Sun 4§ A (2020) ECCV2020 ResNet38 / ResNet101 66.2 66.9
Ecs-Net(Sun%%,2021) ICCV2021 ResNet38 / ResNet38 66.6 67.6
AdvCAM (LeeZ5,2021a) CVPR2021 ResNet50 / ResNet101 68.1 68.0
Kweon 55 A (2021) ICCV2021 ResNet38 / ResNet38 68.4 68.2
CPN(Zhang % ,2021b) ICCV2021 ResNet38 / ResNet38 67.8 68.5
Li%E A (2021) AAAI2021 -/ ResNet101 68.2 68.5
I2CRC(Chen %5 ,2023¢) TMM2023 VGG16 / ResNet101 69.3 69.5
SIPE(Chen %,2022a) CVPR2022 ResNet50 / ResNet101 68.8 69.7
Wu 4§ A (2021) CVPR2021 ResNet38 / ResNet101 70.9 70.6
MCTformer(Xu%,2022) CVPR2022 DeiT-S / WideResNet38 71.9 71.6
L.2G (Jiang %5, 2022h) CVPR2022 ResNet38 / ResNet101 72.1 71.7
EPS(Lee%:,2021¢) 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 4§ A (2022) CVPR2022 ResNet38 / ResNet101 72.6 73.6
RRM (Zhang %% ,2020a) AAAI2020 ResNet38 / ResNet38 62.6 62.9
Araslanov il Roth(2020) CVPR2020 WideResNet38 / 62.7 64.3
WideResNet38
bR AE AT Zhang %5 A (2021¢) ACMMM21 Vg;‘jg?gfﬁ:f 8/ 63.9 64.8
AFA(Ru%:,2022) CVPR2022 MiT-B1/ MiT-B1 66.0 66.3
Chen 2§ A (2023h) TIP2023 ResNet101 / ResNet101 69.5 70.2
ToCo(Ru%%,2023) CVPR2023 ViT-B / ViT-B 71.1 71.2

T /PR 50 3 T O bR 2 A R PR 3 BB B E 9 =" 2B SO PR M
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A S XA E B, A URE R R AR SE ; 2) i %1%
RN L5 4 W B R o B Sl H Aw
15153,

T2 (=21

/M Phbn
FbRE

o Pk -

g o

' I

KI5 T /MBI An T 9 55 3 SRR P
(Shen % ,2023)
Fig. 5 The mainstream pipeline for semantic segmentation

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

Dai 55 A\ (2015) 5 RAFZGAT T IRE 2
T BoxSup(bounding-box supervision) J77% . 5 1 42K
JH MCG (multiscale combinatorial group) (Arbelaez 2,
2014) %5 JC W DA Iy 1 B — R 4 W A e ok
DI 5 25 2 20 ek H v B e/ T & T A IX el R
18 i B DX IR 00 AR 8 R G b 4 5 55 3 200 A
N WBHE SN G — A1 S FIRAY 5 28 4 2040 %
BAY 1 U 25 R SRR R R bR . DL RS 2—4
AT EE SRR EBEFE. ZrEEd R ERR
PR 2 FNiE SCo3 FIREHY 1) 528 ST, AN TR M iR R
PR bR 2 1 HERR R AR L BB PERE . 5 Dai
4 N (2015) B9 77 ¥ AN [A], Papandreou 55 A (2015) 2k
M DenseCRF (dense conditional random field)
(Kriihenbiihl F1 Koltun, 2011) J7 % i 1 fie /Ml £
Az AR R P ABR A, I 2R FH 32 SCHIE J7 75 A 14 4
DenseCRF [ 28, )R] BEHLIR M 1R R AW bR
WERG R . ILAb, Papandreou 45 A (2015) 842 T —
ok JE 1) EM (expectation maximization) (Dempster
85,1977 5k S O R R RIS TR S 4L
I EAEAUE D AR R Rbn R E O A R0 3%
Tt TSR 43 EIERE . Khoreva 58 A (2017) %% /)
B, R A0 A el M P AR R T B AR 2R A
— PP MRS . FEIXFPEART TR T — R
15 B ALY SDI(simple does it) J5i% , 78 o7 AU 2k
AT LR B4 T i FIMERE . AT Al A]
Pl T —Fh gk i GrabCut 7 %5, #X 8 GrabCut+, 1
¥ GrabCut+FI MCG #1745 & , HEFE IR E X
Il 14 52 B FR 43 VE AR R AR bR 2 )N iy Loy H B

TS FIHT GrabCut+F1MCG B Al G54

A — 28 5 3k (Song % |, 2019; Kulharia % |
2020 ) 38 53 33 44> 1T 5 ) AT v /DB FRIAE o Y J3
FEHKIE R ELTFE . Song % A (2019) B T —Fi
TR ARG 0 A A N AR AR A RS 280 -
Fo AR | AR G T 5 e e o e R AR 1) DX, D
BRI RZ AR T, W, ISRk
[F] — 28 A S P R T R TR R R 34 AR i 2
AR I TR, Song % N (2019 )38 1 RIS HY 7 1
W A LG5y LA F 2k i — D Al AL 7S
LR RIBE I ARG R R B 48 TVE .
AN, 2 13 B 6 G DX IBOGT 43 5 A 1300 235 2R 1) 5%
M, Song %5 A (2019) i £ H T BCM (box-driven class-
wise masking ) B 5, SRy BN Hij 5 A 3 0l B L — >
FERS T BT ¢ X, JF R I R AA B AE
PR AR 1 5 SE MR B AR O MERE o 2 T
2% fif WSSS H R Z P ANARSE B 75 3] B, Kulharia 55
(2020 ) 38 52 500 4 28 Wy A i 1 08 IR AR 1R 3R
P SUIA R | I 153 R R W AT die /N0 FRLAE o iy
30 280k 2 o T 7 PRI A A, DT 3 3 L
D 2R A S5 DX, 9/ AN TE A B B A

Oh 25 A (2021) 1A I8 i 5 Xk A E AR 35
Ik A — 2, 3R — e AT RLHIKR X A3 f /) L
&N BTSN 5L, I AR T SRR
1t BAP (background-aware pooling) J7 % o 1% J7 i1
FHE R 7 1 DX fe IV LG N R IS AN SR 2001
A H P BT SRR DA A S ERR AR R Gt
bR BEAh, BT WSSS i AR AR R B AAAR A
AT G A0 5 R, Oh A5 N (2021) 38§21 e gk
14512k NAL(noise-aware loss ) , Jili % 73 #I#5 AU 1| 2 ik
FErP RS IR DU AR 2 B 52, B o T RS B BT MR BE ) .
Lee 55 A (2021b) {5 % 1 FIE 2% WSSS R K b
Z A R, # H T BBAM (bounding-box attribu-
tion map) )7k . H S o/ MO & AR T ZR— >
H AR KIS | 9K 5 1) T2 R I fe /N L 4 v 42
R SO DX DL AR A di /)M L DX A [
(9 B A e 25 R o T T X S R DX B
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PRy de it 1T oME R 0 B A5 B 5 R/ M Bl & br
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() L1, T DA 3k T 2 bR 1 1) WSSS S B 7E T an
18 SUE BN G Y e Be A ik B HAD AR PR IC IR R
(Shen%%,2023) . WK 6 7~ , H FiTiZ 8038k 43 #1771
FEALFE A IR 1) LAZRAR I A0 4 Fh 7 X8k, )
FEAG 22 18] 3 R 25 S0 56 0 U Lo bn 1R 05 B A% 1 21 HL
MARARICHY XL, 28 AR R HANAR: 5 2) FE T4 Ly
B2 PR I 2R il o IR AL SE I ER 1Y
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1&4% v
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o | NICe *
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Lo

Bl6 T LRSS W 8 L F R A (Shen 25, 2023)
Fig. 6 The mainstream pipeline for semantic segmentation

with scribble annotations(Shen et al. , 2023)
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A (2016) F1 Xu 55 A (2021) F1| F R RDRE B S5 B
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R R EFEC R . He it R RDRE T SUfF R
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HEN L IEALH 3 FIA R . Xu2F A (2021)%F Lin 45
AN (2016) B J5 TR et 1 P 22 JROBE R Ak i AN 2
ARG S 7 E A AR 2R 2 (B Y R A G &R L 3
SR T TR AR B RE R AT AR

Vernaza I Chandraker (2017) $2 H ) RAWKS
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Y8 BEALIE A iy P A SUbR A% B i, AT A A
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1 BRI g LA 2 SRAR S AL R R L A R R T
i T RR BRI . Ke 58 A (2021)
X 27 2T I A BN AR T 0 WSSSHT: 55, $2 1 T —
AR = B v B iy X E 2 2 J7 % SPML (semi-
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T AFPSEALAXS LG AR, BIRGL RR AR i SCbR
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Tang %5 ,2018b; Zhang 55 , 2021a ) il 1 5 1A 24 A4 46
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AN (2018b) AR T — b A 51 A T 26T
CRF (conditional random field) (Lafferty %5 , 2001) A
% R, A T ALAM 1Y CRF LAk 20 B8 i — 20 1
T oI . TR BOA Y IE Ak 2
FEXHRG AR S FHAE , TCEMER R AR B 2= 18 0L TR &
B ) R o AL, Zhang 55 A (2021a) #2 ) T DFR
(dynamic feature regularized ) 1IE M fE 1 5% , 45 & T &
PR S S 7 HE T i P SCRFAE | LU S A AU X
ARG R KRB RIEGE S . I, Zhang 55 A
(2021a) ik Beit 17— NHFAE— BRI, F) 23 1 93
0 245 5 v i e AR R DI O B R LA R R
B GURFIE (0 2 AR DL RS ) B it i — 20 4R Tt
BRI AN AR 2R ) 5C & 1y Rk Ak

& Tang 5% A 1 Zhang 5% N Z #b , Wang 5% A
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Fig. 7 The mainstream pipeline for semantic segmentation

with point annotations(Shen et al. , 2023)

Bearman 55 A (2016) fiz 5 ¥ i br 1 B H T
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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
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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
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Papadopoulos 5% A (2017 ) Fll Maninis % A (2018)
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SAARTETETE SO 8 S0 o0 5] A F A2 7.0
H3X 4 AR N L 2 2P SR T AR AR TE A
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Qian 55 A (2019) #&H T—MBL T bR 1 A 55 e
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(2019) 0K T 5 B ) 24 25X L s 40 1 1A
G BT SCF B #E— 2 ik Al = R AE 3R
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B oy Er . Y AR S e o 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
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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
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7N MG A B B R AE 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
PR RE B T, 5 ik A F 3k F R G br 1 19 WSSS T
oo B4n, Oh %5 A (2021) #2 H 19 77 ¥ 76 PASCAL
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PEFFES ], AR, BT /N B SR T 1 WSSS
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®2 ETHMSBIRENSEEEIENSETEPASCAL VOC 2012 LRy HERER I
Table 2 Performance comparison of weakly supervised semantic segmentation methods based on
other weak annotations on PASCAL VOC 2012 dataset

1%

FRIEI 3t ik Kk TR i
AT S f7 v S
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/ VL @ bR T 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 fll Chandraker,2017) CVPR2017 ResNet101 61.4 -
Lin 55 A (2016) CVPR2016 VGG16 63.1 -
Tang % A (2018a) CVPR2018 ResNet101 74.5 -
Xu 4§ A (2021) ICCV2021 ResNet101 74.9 -
LhrTE
Tang 55 A (2018b) ECCV2018 ResNet101 75.0 -
BPG(Wang%%,2019) 1JCAI2019 ResNet101 76.0 -
SPML(Ke %5,2021) arXiv2021 ResNet101 76.1 -
DFR(Zhang % ,2021a) arXiv2021 Swin-T-Base 82.8 82.9
Bearman %% A (2016) ECCV2016 VGG16 46.1 -
Papadopoulos 25 A (2017) ICCV2017 VGG16 58.4 -
FURTE DEXTR (Maninis % ,2018) CVPR2018 - 70.0 -
PCAM(McEver Fll Manjunath , 2020) arXiv2020 ResNet50 70.5 -
Li% A (2022a) TPAMI2022 - 70.9 -

T - =" FRIRIE SOR P S BRI 28 S5 A0 B B0 25

PR A 401 % BREIOR 5 | BT S5 IO SR, o 4%
FriE AR BAL 18 B ARAR E X3, I 5 SR 7 58 iy 14
0 FHF B HR I, DA AR BT HER AR R P AR 2
PIAg G ) BT T B R . fildn, 3t
T CNN & T ™ 1 SPML (Ke % , 2021) £ PASCAL
VOC 2012 B uE4E E 3R 45 T 76. 1% Y mloU, %& T
Transformer ‘& 1 /M i) DFR (Zhang £ 2021a) 7E M5
£ 3R T 82. 9% I mloU., fH 2, HATHE T2brik
(1) WSSS AT 55475 1 Ilfsi — S ¥ &5, 491 4n £ b 1 19 7
PEXT 53 F0 B T AT SR AEAE A TC A 24 %)
H s NS X8, 8 H R TR 5 2 ) e sl A E 7R P A 1
OUT o kS n] B AL 5 42 B SCor 8 ik vk
RE2ZFEATDSRAEAE

SRR A T RS R e Ry AT 2RI B
N EAE R R RN — M e SRS
R AR PR A T AR BA — o v 28 A i T = AR R
IR YR FRE S S P IU e . AH L T RS
PbniE, SR S R A B S (AT
SR A WSSS 7 ik M BE S AR T B Gebr i,
i, PCAM (McEver 1 Manjunath, 2020) £ PASCAL
VOC 2012 5 E4E A3 70. 5% ) mloU, {% T4
AR Gbr i WSSS e MR . X EZE T4
KPR B B =, T EBOC T AR B WSSS
FFE AR X 20, R Rl 7 40 R AR 1 i A 2005 B .
P S5 T 1) R B S 4, JR 1R iR A% bR
1 3% TR W Ok 2% f U M L R T A bR T WSSSAT:
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GifkER, BAx, ERE, ZEH%, RRE, RIE, THF, AXF
ETREFINBUEENSRFEGR

S50 —AMBTEBFF T )
4 ETARENFHEEELDE

UTAE R, KA (Zhao 45, 2023) (I FE H i
GZ BN THIIEE B 2 R . AR S ) U, R
BRLE 8 AT B TG H R 2SR 2 [ 4%
B SRR I SR i T I AR R A TR R
FIAE it 2 (B EAT U 2R AN HE BE, Qo O 35 Vg i R AR
A R RS RS 4, (EL 3 o B AT S0 10 3 TK R ) Az
TRRE T o T8 B XS 4 5E AT 55 AT 3L B8 2 2] (Pan Al
Yang,2010) FI{0JH , KA AT LI S0 B) J1 45 Fp T
UeAE 55 o R, — 28 T AR I 2 3l an g fi R 25
B B A S MER AR AR AR o AR IR 45
— 46 FL T CLIP (contrastive language-image pre-
training) (Radford & , 2021) £ %Y Fl SAM (segment
anything model) (Kirillov %5 , 2023) 5 &I (1) WSSS

CLIP A5 Y J2 7 KRS P 5 M SOt 1 i A7
WA R o T8 127 T BRSO R 2 2 [8] 4%
I F , CLIP RESE S 4 s A I SCAR PR 2 rh 38 UAR
B AT B3 PG % WSSS B PE fE (Xie 4 ,2022a) o
Xie % A (2022a) 4 i CLIP 5 1 5 P& {3 VG i #E 4
CLIMS (cross language image matching) , & 7€ 2 & H
P DX IR F) 58 B P41 ) L B R 57 ) A iR
WG o AT T 3 AN T CLIP A4 2% pRAL -
P A DR SCAR AR 2R VE BC 5 2% L 5% DX AN SCAS bR
25 VE A5 LA R SE AT S il B 2 o Lin 58 A
(2023) # i T CLIP-ES (contrastive language-image
pre-training efficient segmenter) HEZZ , %] ] CLIP B9 %
FEASTR I RE T KA AF HARZE TN 5 B9 S BRI

IRt T CLIP (A SCAS i AT 2 LA TR - i385 1. WSSS
1£5% . BLAh, Lin S8 AR FE T 805 B 5 | S0t e aa il
55 2 Y B R S E AR G v v A X, e
R RPN T, XudEA(2023) 82 T
45— A9 Transformer W 2 2244 | K24 >) H AR K B9 R
i token Fl SCAK token, I 4545 PR token #F— A 1
CAM (1) 5888 3005 o Hirp BT token M EIE 4l 35
HUF B, SCA token WA ] CLIP #8284 PFR 25 SCA
T AME B .

SAM J&— >3 JH 1 G O3 B KBRS, 7E 45 25 ]
GorEME S P R 0, — SRS 5K SAM 5] A
WSSSAT 55, LAl By 24 g e Joit ot (45 38 G DA 2% o
HAKT 7, Chen %5 A (2023a) ¥ CAM 5 SAM #H 45
Al CAM BYTE UAF R SAM ()43 E1 45 S 4 Bk
FE A RIRRZE | T A B AR R B AR5 . Sun
4 N (2023) % Grounding DINO (grounding distillation
with no labels) (Liu 45,2023 ) 5 SAM J k%S S, T
IR T SAM A5 BN 32 BIAR AR R I BHE S 1Y
RGN

F3RR T AT KB WSSS Jr i 1
PASCAL VOC 2012 ik 5 Al i 4 i vERER I .
1525 F Ve K S H0 il i Y 250000 , KBS mT LUK
ANTAITE SCPN A AT HERR 0 JEA R 2Rk . XY T
BAE BN ) WSSS A 45 i, R 10 ] L 1) H: 5
YINZRAS 21 19 38 FH o SCRTEOR B BR N 2, AR
HEH AR 3R B bR 2, DT B FHBE 8L 1) 43 B P e
B 4N, Lin 55 (2023) (4 J7 5 7€ PASCAL VOC 2012 ()
AR B HUS T 73. 9% B9 mIoU, Sun 55 A (2023) 1Y
FEBAS T 77 1% ) mloU, X SePERERBIE 48
U M T AR 5T B AR WSSS Ik, i FE 4
HERA T KB (58 KRRAE FE IR AR RE 1. RSk

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

1%

ORI ) ik Rk PR T
IHUELE MR
CLIMS(Xie %,2022a) CVPR2022 ResNet101 70.4 70.0
CLIP Xu %5 A (2023) CVPR2023 ResNet38 72.2 72.2
Lin 5§ A (2023) CVPR2023 ResNet101 73.8 73.9
SAM Sun % A (2023) arXiv2023 ResNet101 77.2 77.1
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