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Abstract: Existing image-level weakly supervised semantic segmentation methods based on Vision Trans-
former (ViT) primarily rely on self-attention to extract limited semantic information and often fail to fully
exploit multi-dimensional feature relationships, resulting in coarse target region identification. To address
this limitation, a Spatio-temporal Contrastive Learning network (STCL) is proposed to improve segmen-
tation accuracy by mining supervisory signals from both spatial and temporal perspectives. Specifically, a

spatial feature contrastive learning module is introduced based on ViT token representations, integrating
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patch-level and class-level token contrastive strategies to capture implicit semantic relationships in image

space. In addition, a temporal context contrastive learning module is developed, in which a memory bank

is leveraged to incorporate prior knowledge from historical images to guide current segmentation, together

with a memory bank update strategy and an adaptive memory contrastive loss to enhance discrimination of

fine-grained regions. STCL achieves a mean Intersection over Union (mloU) of 72.7% on PASCAL
VOC and 43. 6% on MS COCO, demonstrating superior performance.

Key words: computer vision; semantic segmentation; weakly supervised learning; class activation map;

vision transformer; contrastive learning
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Framework of weakly supervised semantic segmentation network driven by spatio-temporal contrastive learning

Fig. 1
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Fig. 2 Flowchart of temporal context contrastive learning module
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&AL 5 IR 0 LU AE , R DAl B0 E 5 SE PR (E 2
[ A R R B, A U R

- 1 k D
mloU — b1 Z;) ’ .
ZP:‘; + ZP;‘:‘ — Pa

Jorpc kB AR BRI S AR S BB i 5k
TN ELSAE L j 2R TRIE , p, 28 7R B L SCAE ¢ T U
AL B 4% E BE, mIoU A B J& 0~1, (i
7 e I RS R
4.1.2 FERm¥H

K 3T VIT HEZE 09 55 M5B il S5 1 M 2%
Y R AR SCHY BE o X 2% o 7R SR L BLAT 43 28 R4y
E S VIT 1E 0 Br 4 ik 3 T I, e 28
ShJE — A %, 43Sk B A B K Rl
50 3X3 B2 —A 1X1 i 240 . %
W 2%t ImageNet il YII 25 B A 1F 17 900 45 4k o i
FH 2% 21 %54 0..000 06, A F 3 4 0. 01 /9 Ad-
amW Ak 45 I 25 07 £2 10 A B R0 e IR 2 i T
(EE T T DNCECE 8RS R NN
448X 448, It 1 #E PR By B ff 7] 22 R ) 4 A
CRF J54b

TE VOC s 5 I i 525, batch size %4 4,
BE AR EOR 20 000, 7E 25 [H] F¢ fE 4T b 27 ) B e
w4 R RN R R LR 4 i i B R 448X 448 FiI
9696, 5 5t B H (a, B) 8 K (0.25,0.7), 3 (3)
RN TN 0.5,e 8 0.000 1, 15 i 6]
B SCR A R e By I E R 0.1,
CAZ PR 200 B AR B — Ik . 7E4.2.375 1,
W JC pR B B (A, A0, 20) BB R (0.2,
0.5,0.5),

TE COCO Ha 4 I Ay 5250 , batch size FIEAR
UK B R 8 F1T80 000, 7E 23 [ R E X Ly 2F
e S A (o, B) 3 B M (0.25,0.65)

, (12)

HALSHAKIE VOC B8 171 E
4.2 XWHER
4.2.1 CAMA=thtr 4

fifi FH VOC %4l 48 19 )1 25 4 R 50 ik 48 37 4k
CAM &5 5, I H 5 5l Se F 1 55 W B iR X
SrEIRIET R . RLES T A X CAM
Az B O AR 2 B VT A 25 L DL R S Ll O TR Y
B4R . W T VIT & ¥ 2 £ ImageNet-21k
AT WU SR, A SCH e 4K T ImageNet-
21k AL B 45 4> EI 45 5 38 8 VIT-B . AT
5 H Al T ¥ 3R AT 27 1Y H# L i BT ImageN-
et-1k W Zx BUE PF A5 T STCL M4 ,ic A ViT-
B, MR 1A LUE ), i 2 6 5 76 VOC
SRR LR BI 74200  AE R UESE Bk R 72.7 %0

z1 VOCHEEHR CAMWIFMEER
Tab.1 Evaluation results of CAM on VOC dataset( % )

VRS BT JIgE RIEE
Z W By %
PPC"™ . psrn T PSA™! WR-38  73.3 —
ACR™ ppass + IRN WR-38  72.3 —
G — ViT-B  73.7 —
SFCH™  jarom WR-38  73.7 —
B B vk
RRM™ L a0s0 WR-38 — 65. 4

1Stage"™ cypraomn WR-38  66.9 65.3

AARLR™, i WR-38  68.2  65.8

SLRNet™ |y WR-38  67.1  66.2

AFAM G pnon MiT-B1 68.7 66.5
ViT-PCM™ v ViT-B"  67.7  66.0
ViT-PCM+CRF'® yn VIT-B"  71.4  69.3

ToCo"™ yprams ViT-B  72.2  70.5
ToCo ™ o ViT-B"  73.6  72.3
MCCH¥, s cvimonm ViT-B  73.0 71.3
RTC™ qyraon WR-38  65.5  63.1
AT STCL ViT-B 73.1  71.5

A H W STCL' ViT-B®  74.2 72.7
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5 H A R F VIT 89 75 3 A1) e, J6 8 i Tma-
geNet-21k i J& ImageNet-1k, A< 3 J5 % #F g &
B L B et T8 i P AR A o I Ah L a5
Bl X 7 B E R S R SRR B O iR R £ B
BOr g AR By kb, D bR 28 R R AR R
Baseline

Original image Ground truth

ToCo(ViT-B)

By, T 22 B B ik aE Gk 0T A 2% I T R AR
BOHER bR 2 . DX HL S SR AR, STCL
GNP RS iR NS S D0 S NSy U 2
By Bt o ARSCOT i CAM Al 4 Ak 25 1 fn [
3N .

ToCo(ViT-B)

Ours(ViT-B) Ours(ViT-B%)

C)O c’)\:) O 0D ©D
PSRN

/4"/

tl!'
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B3 VOC %4 1 CAM AT ML 25 2
Fig.3 Visualization results of CAM on VOC dataset

4.2.2 EL 5 EER

T BH T B RS RN ) R B M AE SR 2
HGE T T AR SC vk DL R e e F 55 W B gy
#| )5 ¥ 7E VOC F1 COCO K 4 b iy 18 X o #
iR, NERHRATLIE H,STCL 7 VOC Bk 4
8 mIoUMEEE T 72. 7%, VOC I 2t 4 Ay 1
B % R 73.1%, COCO ¥ iE % 1Y #E i K N
43. 6% , T 5 T A HE 1 BB B 59 W B R Sy
E ik, RAE — S 2 B MR R oy E O ik
il FH T A Ah o B E R An i At 3 v R
B+HS), IS0 7B E s EDR B S Z A
P, STCL AR K B B A 35 4 J7 19 43 HI P fE -
AR STy i 5 H Aty 2 6F L i T AR 5 R an | 4
FiR AT LA Y STCL 78 4045 Zb B |- 3 2R o
RS &

HH 2 2 AT 71, AN [m] B BB B 5 VR A T T AN TR
M T2 BR T AR SCOT A TR VIT-B Al
ViT-B' 4b , %t B9 8 T M % if £ 5§ WR-38
(Wide ResNet38) #1 MiT-Bl
Basel) . N T 1HBRE T W £ X5 20 1 i 1) 52 i)
I FH 3 S T vk A 56 4 W B A B b i o g e Bk
WA BT, AT A F R i . thg ik 3
Eﬁ‘é@%@%ﬁﬁﬁﬁﬁvgﬁw%%ﬁw
{8 VIT-BIiA 3 T 88.5% M4 W& Pk fg , s
TR At BB B 5 MBI x%ﬂﬁ%m
Te AR R b AR SCRER A T A T VIT -
B AL, W ToCo ™, RTCH,
4.2.3 HakEik

H TP R O A o T — &
HI) 3 Fil S2 B Sk PR A STCL 7E VOC 3l 4 F i

(MixFormer-
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F2 VOCFICOCOHIEE LMIENFEIER

Tab.2 Semantic segmentation results on VOC and COCO datasets (%)
VRS e e B Uy K VOCHIEE  VOCIIKE  COCOEIEE
Z M Bk
RIB™.,. oot DL-V2 7+ s 70. 2 70.0 —
EPS" ypesonn DL-V2 7+ S 71.0 71.8 —
G — DL-V2 7+ S 72.1 71.7 44.2
RCA"™ orosoms DL-V2 7+ S 72.2 72.8 36. 8
PPC"™ ypre20 DL-V2 7+ S 72.6 73.6 —
CLIP-ES™" .y prs0ms DL-V2 I+ 7 71.1 71.4 45.4
VWL a0 DL-V2 z 69.2 69.2 36.2
W-00D" ypges0ms WR-38 z 70. 7 70.1 —
MCTformer ™ cypg-s0m WR-38 z 71.9 71.6 42.0
ESOL"™ (s 202 DL-V2 7z 69.9 69.3 42.6
OCR"™ yprosnns WR-38 7 72.7 72.0 42.5
B By
RRM ", s 2050 WR-38 z 62.6 62.9 —
1Stage™ coponom WR-38 z 62.7 64.3 —
AFA™ s MiT-B1 z 66. 0 66.3 38.9
SLRNet"™™ y s WR-38 z 67.2 67.6 35.0
TSCD"Y 4 ara0s MiT-B1 7z 67.3 67.5 40.1
ToCo"™ cyprens ViT-B 7 69.8 70.5 41.3
ToCo" ™ uprrns ViT-B' 7 71.1 72.2 42.3
MCC" y acyoaons ViT-B z 70. 3 71.2 42.3
RTC™ csvroaom WR-38 z 67.2 68.8 35.1
RTC™ svrnms ViT-B' z 72.4 73.0 42.5
AR STCL ViT-B z 71.3 71. 4 42.5
A FEESTCL! ViT-B' z 72.7 73.1 43.6

Note:“Z” denotes image-level label supervision, “S” denotes saliency map supervision, “7” denotes text-driven supervision

®3 PUHESIEASUBEREINSEMELE(EEERAGERMEEN S B LHITEE)

Tab.3 Performance comparison between weakly supervised and fully supervised segmentation models and fully-supervised

models use pixel-level pseudo labels to supervise segmentation head (%)
o ERNCES VOC $iE4E (F) VOC $HE4E (D L ] (ratio)
1Stage”™™ s WR-38 80. 8 62.7 77.6
SLRNet™ 00 WR-38 80.8 67.2 83.2
AFA" oroso MiT-B1 78.7 66.0 83.9
ToCo ™ vz ViT-B 80.5 69.8 86.7
ToCo ™™y pmeanms ViT-B' 82.3 71.1 6. 4
ARICJF i STCL ViT-B 80. 6 71.3 88.5
AT STCL ViT-B' 82.5 72.7 88.1

Note: “F” denotes pixel-level supervision, “I” denotes image-level supervision, ratio=val(I)/val(F)
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Fig.4 Semantic segmentation visualization results on VOC and COCO datasets

PEVERE R S B0 B o RR B b, T il 56 2 oK 1
CRF Ji4b#, H STCL M 2% & #F ImageNet-1k [
VNG
4.2.3.1 WY

AR AR Y 32 3R] R A X B A ST R[]
RSO e S A A R, AR T ST
CL7E VOC #di 4 LN R 44406 79 CAM Fl 43
EIRE A5 NG SR LUE 5 5 R 4% A
FL L 28 TVRRAE X6 bl 2 20 B 75 43 ) T 4 R 18
SCRH &M, CAM F 4y B 45 5 19 mIoU 43 5l 42 =
6.0% 3. 7% . FFImAM DT LAE B HLHEE
BF ] B SCXE b 2% 2] B R CAM A 43 Y
mloU 23 B #5514, 3% M1 2.9% . 243X P A48
He— e I i, o3 BRSO A, CAM R 43 E Y
mloU 43538 5] 71. 5% H169. 0% , Uk B T 4% SC M

F4 AEAEREETEVOCKIESE ERMERELEE

Tab.4 Performance comparison of different module com-

binations on VOC validation set (%)
PP N N
N 61.2 60.3
NG NG 67.2 64.0
V N, 65.5 63.2
~ ~ N 71.5 69.0

2 AT RO o STCL 2 3 Fil v 7T HE 6 25 253
KIS FR . Al LU R PR rp | 25 (8] R AR X
PE 27 2 X R RORS B B BT R, FL e I ) R
SOX e A AR
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Fig. 5 CAM visualization results under different module configurations

4.2.3.2 B BT SCAH ] P E R R

FE LA PRI Bl A T EAR B A e AL
s AN W TE BT AEE i T G T AR AE R T 2R
H 5K R AR T T 3 CAZ T AU S 38 i Az
R WA M, BT Al R AR . b THRFEICAC IR
TR AR AT STCL B SR, A SCA3 B 1 AN /] 58T
WR T VOCHURE o B4 5, ik 5 R .
A LLE Y, 20 ] bR SN b2 ST R B ) T
AR A 200 PGB AR, CAM 4y FRE B 5 0]
ik B i AR AR

x5 MBALELTXMEZFIERRPRAEDEHRAETH
mloU 4 R
Tab.5 Results of mloU with different update frequencies

in temporal context contrastive learning module

(%)
BB CAM K G IR
50 70.6 68.8
100 71.0 68.7
200 71.5 69.0
400 71.1 68.8
800 70.4 68.3

4.2.3.3 BB ETXAMLFESFHAERT
FEACICE I b I8 T s A1y 36
TR O R R SRR TR AR E . T
i AR A, 7E VOC Bdi 4 ik sh i
PR 76 A [ B {1 50 T 1 43 0KG BE A A2 4k . R
6 fit7N , M sl i 8o 0. T ICIZ RN 3] T #x
Petkse, STCL BRI 43 HIAE FE AT LATA 3 69. 0% .

F6 BHMELTXXNEEIERDIARARAHIERFTH
mloU £ R
Tab.6 Results of mloU with different momentum factors

in temporal context contrastive learning module

(%)
KT CAM H Ji S EDRS
0.01 70.4 68.5
0.05 71.2 68.9
0.10 71.5 69.0
0.20 71.1 68. 8
0. 30 70.8 68. 6
0.50 70.3 68. 3
4.2.3. 4 ERAERT H S P Ay i Bh o K B

T 25 AR AL X L2 2T BB il B 73 28 45 1
ACER AL T4 B 2 2R Bk i Has i A B CAM 5
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R CAM AT T W, O STCL 5Tk T4 T 9%
A REXT AR AR o 40 VIT-BAE & W,
W 2 AT 124 Transformer 3, 3l & 15 00T, ¥
J2 B TC R AR = G S e A ) 2 0 3 0 B
AEARL ) TR) A0, PR I B 18 T S K, B R e f Bk
Wi Bh 2% . RTER TMH A Trans-
former B X} A= B CAM () K5 B A1 43 50KS 2 1) 5%
Wil o AR AT LAE Y, P4 104> Transform-
er BeBF, STCL #£ CAM 143 %K B J5 10 1Y) & g
BT o P, AR SCEE RS 10 B Transform-
er BLUS G B 2 28 4% R AL TR B CAM 12 ST -
CL B i & CAM AR o

RT AREHBSE[EZTEHLEXLZSIPHER

Tab.7 Performance results of different auxiliary classifi-

ers in spatial feature contrastive learning (%)
Transformer CAM ¥ & 53 BN
48 64.1 61.2
59 68.7 65.7
F10Hk 71.5 69.0
11k 43.8 40.8
4.2.3.5 HEAEKE

FE 25 [V REAE X LU 24 2] B Hrh 3 B T 3 5t
{8 Ca, ) ¥ CAM 53 45 5% BT 5% B B 7 DX 88
FIFH mIoU Ml T AS ) i 75 5 B (R X 43 HDOKS B2
M5, S5 R 8 TR o IR a] LA % 1
VOC Bl 4, 251 5 B {H (a, p) B E (0. 25,
0. 7)), STCL 1y 43 #I 1 B B A, mIoU ] LAk 3]
69.0% .

x8 AREREETHIENSEERILE

Tab.8 Comparison of semantic segmentation results un-

4.2.4 BAEE

BT VA AR SC AR AN TR 4 A R
7 STCL 78 B= 2% BHR A Tl KGR 5 5t b 19 43
EMERE. 5 ARG R, B aEER B A A
Y 28 22 5 6 B SO i K i R L4
a5 AR A REAE o T PRI R A ) 2 S0 3 A8 X
IR BRBAIE A 2 RE HLH AR X £ 1 A B IR
FU 2 RIS BEDU R o 3 2 [ A 1 2 2% 1 Al A5 55
W B R A3 E 7 3 2 4508 1 v B A — E ik
i

H AR, X BFAG T STCL £ PanNuke %4
P 4= LL B NEU-Seg %46 47 /9 4 %0 4 6«
PanNuke J& — A~ F 40 g 4% 52 491 53 #0169 2 A 3
A B R A AL 5 A 28I R 205 343 N R
510 4N A%, R A 4 A AR B A — A S i 43
FETT A A Rh 2R B 81 2 1y b9 ) 4y S N 4
TR 4 5, Fe 45 5 6 312 5K 5 41k 1 Y1l 45
42 F1 1 589 5K IR 4 A% 1 M ik 45 . NEU-Seg %4
It B J2 — A9 B 2 1 R B AR AR L 2R
B s et BE e WD . BOUE R I 3 630 5Kk VI
45 5 R 840 K I 3 A5, 3L bl it B R4
600 5k L — Bk [ 258 1) KT A5ORT 240 3K 22 Bk B 26 il
K14 .

i Fl mIoU ¥ 44 STCL 7E B 2% 4% A1 Tk
B4y soh i ERe g5 R L 9 s . Nl
PLE W, STCL 43 25 5 F H A S F i) 55 1
BB S B vk o TR AR 3 T 5 T AR AR Ay
EERWME 6 TR, SHMEME, A RE
2 RO 2 Tl e B S, STCL & A i 1 G
NSRRI S S SO /25 1= NS 7 S S R T
T AR O AR S BR N R T AT M R
BOME

®9 HttERAGRERPHIEXDELRKER

Tab.9 Semantic segmentation comparison results in im-

der different background thresholds (%)
a
B

0.15 0.2 0.25 0.3
0.60 - 55.9 63.8 67.6
0.65 51.9 62.3 68.1 67.2
0.70 57.0 66.4 69.0 68. 0
0.75 63.9 66.5 67.2 65. 2

ages from other application scenarios (%)
7ok PanNuke (%  NEU-Seg i 4
1Stage™™ 32.5 50. 2
SLRNet " 39.4 56.5
AFA™ 42.9 60.5
ToCo'™ 47.0 65.4

STCL 49.2 68.8
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Fig.6 Comparison of semantic segmentation visualiza-

tion results across different application scenarios
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