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Prompt-guided Weakly Supervised Semantic Segmentation Method Based on

Self-supervised Auxiliary CLIP and Transformer Self-attention

WEI Long-Sheng"? LI Tang-Qiang"? XU Lang"? LUO Da-Peng’

Abstract To address the problem that traditional weakly supervised semantic segmentation methods relying on
image-level annotations of target datasets still fail to obtain fine-grained spatial supervision signals, this paper pro-
poses a self-supervised contrastive language-image pre-training prompt-guided method that requires no target do-
main annotations. This paper mainly tackles three key issues: First, the lack of pixel-level spatial constraints in tra-
ditional supervision methods; second, the limitation of initial pseudo-labels due to the propagation bias of classifica-
tion features; third, the semantic mismatch between pre-trained features and segmentation tasks. In response to
these problems, three corresponding solutions are proposed. 1) A self-supervised prompt learning mechanism is de-
signed to replace traditional fixed text templates. By using cross-modal attention to dynamically generate learnable
prompt vectors containing image context. 2) A dynamic clipping strategy based on loss response gradients is put
forward. It filters out high-gradient noise regions by utilizing the “early memory effect” of deep neural networks,
thus optimizing the boundary accuracy of pseudo-labels. 3) A class-aware affinity graph based on Transformer self-
attention is constructed to enhance the spatial consistency of segmentation results. Experimental results on PAS-
CAL VOC 2012 and MS COCO 2014 datasets show that, under the setting without target domain annotations, the
proposed method outperforms existing label-free weakly supervised semantic segmentation methods in terms of ml-
oU metric, and has significant advantages in boundary preservation and background suppression.
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JRBNBIE e. EINZRAIIY, BEA 0 RS, U ) v
s TR 2 IR ) 2 A TR S IR RV A B 48 2% T A T 7 4
o, B FERME. AR TR
HP IR I ST LS, K e BN 0.10. 1ZAUHE
PO PNA P NESE qiii ke < I N6 € D =
il batch A4 R P BIBEE Graran < € (RIBERLHE NN
20 A BL, KB 2 SR RE IR T NS MR A AR R AT AL
) I, A s BRI L

G(‘,lip(ky l7 Z'v j) =
G(kv la i? j)a G(ka l? i7 ]) S éthl‘(kv l)
0, oAt

(20)

Kb, Gk, 1,4, §) NIBIRBEEE; Gen, J9Mi AL S5
BRI, e, I AR AR TR AR L NP 2, L i
ENAS RPN, B R 2% 40 S A BN BLAE
B XA 2] B IR RRAE.

3 SCI§

3.1 EIBREMIFMIERR

FEXT CLIP #8292 4 55 5 HH SR % e 5k
I, AR FEEN X ImageNet?! Caltech 1017
OxfordPetst’, StanfordCars®™. Flowers 1021°%.
Food-101%, FGVCAircraft™, SUN 397", DTD!
9 /N MG R A HE FE BEAT 2 A TR B AE 3 b S S
i, PL ImageNet 1E NVEEIE S, £ H ImageNet
V2L ITmageNet-Sketch!™ (50 000 7K K% )+ Im-
ageNet-A" fl ImageNet-R“ {4 H#x1. CLIP
ZO B P JZ BT 2% (Linear-ReLU-Linear)
AL AT HEA — 401 MLP 20 1, 056 A1 SC AR g B
#K A CLIP Flill Z5f) Transformer 3+ (ViT-
B/16). MBI E: 50 4™ epoch, % 21 & (Y]

B 212N 1 x 1074, B 10 4> epoch H I 0.5),
FKFE 16 M5k, B KR/ANN 4, SRR RV
A “a photo of [CLASS]”, b FXKE®A 4; vFAh
bR N =S4T K113 top-1 MR, sy B |,
7£ PASCAL VOC 20127 1 MS COCO 2014" %

PEEHAT RGP, PASCAL VOC 2012, B85
R4 (1464 5K). BAFEE (1449 5K). WK 4E (1456
5K), s 20 METFERAA 1 ARG SINY R
(10582 5K) A SBD!™ 45 14 5 Il 2k 2 FE L. MS
COCO 2014, &g EE (82081 7). Kk EH&
(40137 5k, W 80 AT RA AN 1 AT 55,
HiaRal B e, B HEya. mANSiEE R
I mIoU YE %O VPN FEFR.

SLIEER

3.2.1 CLIP RAEREHEEIIE

BARA SO I 8 ST 59 I BE S (2
N T IRAIEAS SR H A WS ML 2 A AR AL 4y
B BE 1 [R5 T CLIP TR 2R EE 13 F vz AL
BE 1, AN SCVPAR T BB AE UG 0 AT LRI R L.
A H 4 S 3z b BB AR vz Ak (11 MR 4E)
PLAIRIZ A0 (5 ANARAR) rseas gl i a T3k 1.

3.2

# 1 CLIP ZARE LR 61T (%)
Table 1  Comprehensive evaluation of CLIP
generalization capabilities (%)
i IRRRE sz it
BRAIES Wik

CLIP® 69.34 74.22 66.89 59.08
SLIPP! 69.78 74.26 67.22 59.38
CoOp™ 82.57 63.25 66.35 61.74
CoCoOp"? 80.31 71.39 67.92 62.16
MaPLeP 82.07 75.16 68.24 62.36
StyLip®” 82.97 75.86 69.64 63.02
AT 83.16 77.14 69.89 63.83

M 1 Fiw, 16 RS EZ AT %, AR
FERERAIHT R LS T e g . HE R,
T 17 52 36 A ) B B R v AL R AT 55 ) AR
HTES WS T 69.89% F1 63.83% I~ HETH
BT CoOps MaPLe %5328 vk, 1X A Jiih
UERE T AR SCHIE N ML AR IDE RS T 4 BT 45,
WIEE AR SR A A T RHIEER, R
BT 1898 7 CLIP [38 F A R AL BE
3.2.2 PDERREIEE

RATH AR A SCHE H iR 5] 5 55 M BHE U
FIHEZRAE S BRAT 55 H 1A 380k, AR SR EE VP4l T B
AN K B BIAE PASCAL VOC 2012 5
MS COCO 2014 B _LITERE, i 22y
WHENO0.3.

7£ PASCAL VOC 2012 ¥#s £5 I, ns 2 pr
7, FERL AR B CAM Kt 7 £y B0 Sz 4 A v 4% 75
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# 2 PASCAL VOC 2012 1% i) CAM K
XF RO FLSRHERS PR (%)
Table 2 CAM and corresponding pseudo-ground truth
mask evaluation on the PASCAL VOC 2012
training set (%)

# 3 PASCAL VOC 2012 ¥¥i4 mloU 525 (%)

Jji%: CAM HEhd
MCTformer®” 61.7 69.1
CLIMS® 56.6 70.5
CLIP-ES™ 58.6 75.0
FPR 63.8 66.4
WeakCLIP™ — 74.8
POLE®™ 59.0 74.2
DuPL® — 73.0
Mcce 57.7 71.8
HMCTANet® 64.5 75.8
AR5V 64.9 78.1

I3 IFANGS T HoAl B T BB AR bR . 8 &
VAL S RNk 3 frs, BRI uE SR AN 4R 4y
MR T 71.3% M 71.7% BRI, fE S AMK
0 5 2 b 25 I 2 U 55 MR B 7k s B (3R 3
A, ASCHERAT T R E MR R
T+ MaskCLIP. MaskCLIP+% P\ f& Pixel CLIP!,
IGUFSE R PERESRTHEE L 4 AN 2 AL X EERAE
T T B I58 CLIP A5 AL I L &
A RS ORI R, BEE LLINE B R AR T &
B A IR B v o = A ] R A BUR
2 AHAR TR EIE B T 5 AR R R
PREI 58 IR vk (R 3 B MM EEE
7K. ARSCH 45 Rl T SEAM. AdvCAM. OC-
CSE 1 CLIMSF” 282 ResNet 8 ViT f£& 4t T
&, 3 H 5 [FFER A Transformer 2244 # ToCo Fl
KA VIT-PCM [F3ELR M L, A7 iR 4
SR T 1.5 A 1.0 AN E S SRR E SR T, 3X
BT ARSCHERRAE R 2 H AR5 UL S N SO E
(LR E.

WE 4 Fros, AR T4 T PASCAL VOC
2012 B iEE A A RERMEM EG o3 T ik 45 31,
Wi N B ). B MRS 2 Mg a. 5K
i R G b 25 () 4 15 55 M B D732 (4 Mask CLIP.
PixelCLIP %) (X} bur, A SOREAY fg 3t 58 58 )
B XA Re 1 S5 AR R ). TR E 2 NERE.
Bt s, AR E AGERTE SN, Ld
T EAEREB 2 REAERR R A 52 ) H 2 AN
HARIX 3, H BAr2 (M A Em gih5e%, JLHAE
R (Wl WRE) S, ik E
TR BRI, 0 A SC IS BT vl R HE R ML OR B H

Table 3 mloU experiment on the PASCAL VOC 2012
dataset (%)
Tk HESE Ul 3 Tk 4
SEAM® ResNet38 64.5 65.7
AdvCAM®™ ResNet101 68.1 68.0
OC-CSE™ ResNet38 68.4 68.2
VWEL) ResNet101 70.6 70.7
CLIMSP? ResNet101 70.4 70.0
SIPE™ ResNet101 68.8 69.7
W-OoD!® ResNet38 70.7 70.1
AMNI™ ResNet101 69.5 69.6
ViT-PCM™ ResNet101 70.3 70.9
SCHR [32) H7i ResNet38 70.9 71.7
ToCol™ ViT-B 69.8 70.5
D2CAM™ ResNet101 71.2 70.7
FPR™ ResNet101 70.3 70.1
SFCP ResNet38 70.2 71.4
CLIP-ES™ ResNet38 68.9 70.0
MaskCLIP'® ViT-PCM 67.3 69.5
MaskCLIP+" ViT-PCM 65.1 70.0
Pixel CLIP" ConvNeXt-B 67.2 —
SCiik [74] 7k ResNet101 71.1 70.9
SCHik (75] ik ResNet50 70.7 715
AT ViT-B 71.3 71.7

PREC R, AT 5o 51 AL 55 30 DA AR #h 42
RE 7. 5 M R bR 25 1 £ 99 e B T % (W
SEAM. AdvCAM., ToCo %) MLk, AL AR RLTE
T SORBOE SR IHE Bk Uy T R R
SRIERETE. G5 AT S A S B R BT, A
TIEAE G AT bR SO S  A) — ErE Tr T )
PR TTE, 7850 BAE T AR SCHESEAE 5 4445 L5y
FUE S A S s A

N 4 Fios, £ PR MR MS COCO 2014
BESE b, ASCTVEIRTE 45.1% 1) mloU, &R
T ViT-PCM (45.0%) 5 ToCo (41.3%), #t—55IE
TARSCHFVERT B bR SRR SRR B2 2K R
BEbE. BUAL, FESEFIY B, ASCOT RS AR CLIP
RS B | T4 5 ST AR R 5 B 5 bR 2 454
TENB B2 R | A B AG T 568 AR I 4R
THT AR,

3.3 IHEAHSHIERERES N

N A TPl P 382 75 15 A SR B B 8 98 0, AR SOAS
DORIE P G, IE TR R AL TR AL I 25 5 HEPE
B BRI T] 5 2 I A 2R T SEIGHI7E BRaK NVIDIA
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Fig.4  Segmentation visualization comparison of different methods on the PASCAL VOC 2012 validation set

RTX 3090 (24 GB) GPU L#HT, S NEIE 5 ¥R
G —RHEN 512 x 512.

BARARSCHESINT B CLIP &MY B LA
Je B e 1 B 25 01 2k, T BURITZRIN TR)AH BE T4
WIZRTT1% MaskCLIP A Frigm, (HPATH 54 N T
TG L EAF . Q158 5 Fras, ASCH B i EHE R
BURAE A 21.8 GB, 1E 3090 217 LR (24 GB)
(AT 4530 Bl S I GRS K299 13.0 b, AHEE S 2= 1)
CLIMS J5#% (18.5 h) 3 5A ReRm .

WA 1 TEARZET7 % (40 MaskCLIP®, CLIP-
ES) 5 HE BRI AT 75 48 K ) CLIP 00 4 i 2%
BT BRI BT, B A 12.4 fps
8.5 fps, MELAH LSS 753K, AL T, RS
KT SHRRA RN B E CLIP UENIIZiE
S, EHEE I BOE RW R, (URE R E RN 5
2. PRI, AR ST A EE P R IR 475 fps,
AL MaskCLIP #2714 2.8 %, #H S HE W4
67.8%, 563 LI T ke B SE P ISP

3.4 HRRSEI

IR BIHT A ST HRAE S v 2% S SR F) i 7
DURR, I UEB) &R WL AR 1% G i S AR

R, AL PASCAL VOC 2012 BiE4E ik
1T RGN FAT X IR R s, AR E W (%%
56158 B R mIoU 45 %k 6 FiR):

1) BLLAA (Baseline): U H ViT-B/16 %
A% AT IE CAM, 1 g Al o i v

2) PRI EL: A ] € T AR (W1“a photo
of [CLASS]”) 5l X\ CLIP Ji A K A A SCHE H 1
B B G AL, AR R A A A R B
ANBEAT 58X B

3) JE AL RO AIE : TE b 5 b B o TR S ) I
fith b, 205 &0 CAM 4HAEBEE 5] N2 REE G &
TR TE VR R )RR R BT ML SR I e A R R, DS
BB 38 FH 1 5 A 28 1 e E PR,

M 6 fsede g Bmr LIS HH DL 458 1 2k,
TEYE/R WS Z 10T, AH LT Baseline (64.9%), 51 \#f
B mIoU $2F+ % 66.2%, KiE 7 CLIP B5#H
A FIR A 80 ; 10 AR LR Bhas S it — g 4R
TH 67.2%, BHEAEY] T A% 2 1) B R SCHR R B ]
SE AR B R O H bR X 38, LR, TR e B AL
R, ASCRY T B T 4R i e AR A R <
BIR+CAM A +BREER BT, 45 R BIR, BARi%
HE BRI E 70.2%, LW T CAM i1k
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* 4  MS COCO 2014 H#fi4E mloU SLL (%)
Table 4 mloU experiment on the MS COCO
2014 dataset (%)

6 AFEFEHST PASCAL VOC 2012 381 £ 11 B [ 520
Table 6 Impact of different modules on the perfor-
mance of the PASCAL VOC 2012 validation set

ik HEZE IRAELE BRI E PORSENE CAM 404k FEFE#ET mloU (%)
SEAMY ResNet38 31.9 Baseline — X X 64.9
AdvCAM®™ ResNet101 33.9 Baseline BRI X 66.2
OC-CSE"™ ResNet38 36.4 Baseline (4i6-+#87) #&iRR \ 70.2
VWE® ResNet101 36.2 ATV HHIR x x 67.2
CLIMS®? ResNet101 — RICT7 i AR N x 69.8
SIPE® ResNet101 43.6 AR T7 BIE AN \ Y 71.3
W-OoD™! ResNet38 41.5
AMN™ ResNet101 44.7 BEE A A 0.1 H9mZ 0.5, BA MR 2IARD AHE
ViT-PCM™ ResNet101 45.0 #OXRMEER B R B AR R H 25 1 CLIP
ik [32] H ik ResNet38 4.8 PO R AE A 38 N 3 i R e AR 0 A A 38 s ) A PR R
ToCo™ ViT-B 41.3 T HZARE 7. AR, 2\ 0.5 S5, oL em A 1E )
D2CAM ResNet101 44.0 LRI UE ) £ B RS 1% 3, 53 mloU
FPR™ ResNet101 45.6 BN R R, ASCIEEL A = 0.5 1E s P4 k.
SFC' ResNet38 45.9 o CAM kT4 5% v HI52m. Wil 5(b) Fr
CLIP-ES™ ResNet38 44.6 N, oy TR SCA S o W) AR SR IEOE B 2 1
MaskCLIP* ViT-PCM - JIEE. SEESHUR R, 24 v = 0.3 IEAYE FPE RE g
MaskCLIP+* ViT-PCM - H (71.3%). BBy TER DA ETFOERET
PixclCLIP! ConvNeXt-B - RAZ AR (I F, L K8~ (W 0.5) W AT EES|
SCHR [74]) Jri ResNet101 41.5 NGk E‘J%?’%%%, B S E T Gk
ik [75] J7i% fresNet50 s o BEREHHT E B € RS, W 5(c) B,
SRS ViT-B 45.1

x5 UHEIREZESHERAEN
Table 5 Comparison of computational complexity and

inference efficiency

ok P WIZRH B L B
BA7 (GB) W] (h) SHcE (M) #EE (fps)
MaskCLIP™ ViT-PCM/16 ~ — — 149.6 12.4
CLIP-ES™ ConvNeXt-B  16.5 15.0 149.6 8.5
CLIMSF!  ConvNeXt-B  22.1 18.5 58.2 28.6
A VIT-B/16 21.8 13.0 48.2 47.5

B0 B R BU ML 0 o, (EA R T A SR A& Ty
ZH71.3%. 1IX— 1.1% WBE Z A e 3
SIRAAUA G PEREEAR, T HAE NG E21 CAM
Ak RS P A BT AL SR A B v R W A6 DA
2, WIS T sha&$n ngs b 2 ix — a1
BRI,

R IR UE A SC AT BRAE B 56 A% O i S B B R
JAE PASCAL VOC 2012 I6iIF£E 1€ St 23
Ao B, A SO H B RAE A CAM 4H46-F45 R
Hy CARORE B BY I B BRIME e AT VR4 1) BUSE 7
Mracss, g5l 5 prs.

o [ WEBIIAE X\ FZm. WK 5(a) iR,

AP REXT e HIEFRROABUR. X BIE R E 1A
R b B S PR AR S, 2 e W N 0.10 B,
e I A7 25 Hh S fhy e 75 ok 5 SRR IE R B . 24
€ < 0.10 B, i T 0l 85T e ms 3 20 3
B OGBSO R B, BRI A
(mloU [ 68.4%); R, % e > 0.15 I, BT BIMH
b, K S R R A DA AR, M S5 T
PR RE .

ZE LRTIR, SEIG SRR AL EIESH N =
0.5, v=0.3, e=0.10 & T I H i EMISHES S
B, BOUE T SRS HOR T S .

4 ZERIE

AT 55 B TR S ) Dy b A i B 2 BR
A — B8 A TR N, X T RS
WA G AR 1 775, 3 — PN =5 B N S 1
H B CLIP HESE. 1ZAHESRIE I B B I k38 o
CLIP PIfL e RAERE /7, HEEA BT s i, Rk
VR R AR I B R IR, BRI T iR
EL NPt S Rl 6] R S Y L W 2 TP 0]
RA 5 BARA A S s X 7 Ee 7). 78 PA-
SCAL VOC 2012 5 MS COCO 2014 ¥4 LK)
SEUG R, ASCTIRE mIoU BT ILA ERZ M
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Fig.5

Bk, Wk 7 ARG W S AT R R
e s

JEARICTT AL Hbr e B AR B _ERBL A (W
K 4 PR ), (BAE AR B /S F Fn Ak e 2 8 3 S
X 7> RE TS it — P Tt X A B2 PR T I 2k
CLIP L5 2 i #5 1A [ 5 73 9% 5 LA S SR P&
B3 5T IR N R IR, 3 B8O R i AR A
ZEETS

AR TAER B T ok Bk 1) #8, BAA D7 1)
BAE: 1) AR 5 Rl B Hibs s
B, RR I Z R 7 PG C 4 Bk
200 b2 STALERI, DA S AR 7 S AR 4 T
AEH 1 5 B R PIRRERETT; 2) THCS KRS 5
H: RFRAETF I T KA R 7 A 10 95 B 70 31,
LUREXT S Frdgy s i SO AN -5 AR RIS H B A Bk
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