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Limitation 1: Existing feature fusion methods for polyp semantic Tﬁl%é =
learning , which ignore multi-scale information and intrinsic identity —— S50 8 o |
relationships. Background :

Limitation 2: Current approaches adopt a fixed single-source reference, Zﬁsgféé’{%ﬁ%l;
failing to capture dynamic and diverse spatiotemporal cues. ’ ’

Time Source 2: Semantic Confidence (EQ.2)

e f] ,..featur:liiﬁir:tgation. > E y —Féﬂ &=  update referer* 1 - mean entropy | - ) @ }
B ) » consideslog trasn “:L/ L = Our method introduces CMSA-Net, which integrates Causal Multi-scale
same sl g - g E_Bi;m,ﬁ_m,e N Aggregation (CMA) and Dynamic Multi-source Reference (DMR).
Current polyp semantic Current fixed single-source our Method CMA aggregates multi-scale tempqral cues from reference and adjacent
learning method reference method frames under a causal constraint, enhancing current-frame polyp
These observations motivate a more adaptive spatio-temporal modeling semantics while avoiding feature contamination.
paradigm for video polyp segmentation: DMR adaptively updates reliable multi-source references according to
1.Multi-scale semantic modeling is needed to distinguish low-contrast semantic separability and prediction confidence, providing robust and
polyps from visually similar backgrounds. efficient guidance for real-time video polyp segmentation.
2 . Frame-aware temporal propagation is required to preserve useful
historical information while suppressing noisy or inconsistent cues. Quantitative Compa risons
3. Adaptive reference updating is necessary to handle evolving target
appearance and maintain reliable temporal guidance. We evaluate CMSA-Net on four SUN-SEG subsets: Easy-Seen, Easy-
_ i _ Unseen, Hard-Seen, and Hard-Unseen.
Qualltatlve Comparlsons CMSA-Net consistently outperforms state-of-the-art image- and video-

based methods, especially on challenging Hard/Unseen cases. These

results demonstrate its robustness to low contrast and large spatio-
temporal variations while maintaining real-time inference efficiency.

Quantitative comparison on SUN-SEG-Easy

Method Publication | Backbone SUN-SEG-Easy-Seen (%) SUN-SEG-Easy-Unseen (%)
eHho ublication | BACKDONE |\ g, + B ¢+ F¥ 1 Dicet IoUt MAEL|S, + EP'™ 1 F¥ 1 Dicet IoUT MAE|
r COSNet [16] | TPAMI’19 - 84.5 83.6 727 73.0 64.8 3.4 |654 60.0 43.1 42.3 342 7.3
\ J PCSA [11] | AAAI'20 - 85.2 83.5 68.1 70.9 60.4 3.9 |68.0 66.0 451 450 353 7.8
2/3D [19]  |MICCAI'20 - 89.5 90.9 81.9 829 75.6 2.1 |786 T7.7 652 65.6 57.0 4.4
' PraNet [7] |MICCAT'20 |Res2Net-50/91.8 94.2 87.7 88.3 82.5 2.0 |78.1 788 66.3 66.5 58.2 5.2

ACSNet [27] |MICCAT 20 | ResNet-34 [92.0 94.2 874 882 828 1.7 |77.2 76.6 63.0 63.8 56.4 4.6
SANet (22| |MICCAT21 |Res2Net-50{91.6 93.3 86.6 87.2 82.0 1.8 |75.0 72.8 59.0 59.3 524 5.2
SEPNet (20| | TCSVT24 | PVTv2-B2|93.1 96.2 88.3 89.6 83.4 1.7 |829 883 735 75.1 66.6 4.2

PNS |13 MICCAT 21 |Res2Net-50(90.6 91.0 83.6 84.1 783 2.0 |76.7 744 61.6 61.8 54.5 4.8
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Frame PraNet  SEPNet  PNS+ MAST SALI  STDDNet  Ours PNS+ [14] | MIR22 |Res2Net-50/91.7 92.5 84.8 85.5 78.7 2.1 [80.6 T79.8 67.6 67.8 50.1 4.4

: : MAST [3] | Arxivi24 |PVTIv2-B2|92.5 96.2 87.8 89.3 82.7 1.6 [83.2 894 749 77.0 67.4 3.7

CMSA-Net produces more accurate and complete masks in challenging SALI [12]  |MICCAI'24|PVTv2-B2[90.2 932 84.9 858 789 24 (731 75.2 587 59.2 50.2 6.3
cases with low contrast and |arge inter-frame variations. SALI [12] MICCATI'24| PVTv2-B5190.7 93.7 851 86.2 79.6 2.2 |77.1 821 646 656 568 5.5
STDDNet [4]| ICCV'25 |Res2Net-50{93.5 96.0 £9.7 90.5 85.0 1.5 [8L7 83.0 72.1 72.4 64.3 3.7

. STDDNet [4]| ICCV'25 |PVTIv2-B2|94.1 96.9 90.5 91.5 86.1 14 [86.0 90.3 78.6 80.1 72.4 3.4

Ablat|on StUdy Ours - Res2Net-50/94.5 97.3 90.5 91.9 86.5 1.2 |84.4 90.1 75.3 77.5 69.2 3.5

Ours - PVTv2-B2[95.1 97.5 91.6 92.6 87.6 1.1 |86.7 90.3 79.3 80.3 72.6 2.9

CMSA-Net balances accuracy and efficiency, with real-time speed. Quantitative comparison on SUN-SEG-Hard

Efficiency|PraNet| ACSNet|SEPNet|PNS+|SALI|STDDNet (R)|STDDNet (P)|Ours (R)|Ours (P) Method Publication | Backbone | Slj{E-HEfi-Hargl-ﬂeerl (70) - SU E;}SEG-HHHM;U nseen (7o)
GFLOPs || 78.89 | 130.52 | 75.12 | 68.58 |86.58|  75.17 64.18 73.36 | 59.42 Sa T E4™ T Fg' 1 DiceT IoUT MAE}[Sa 1 Eg™ 1 Fg' T Dicef IoUT MAE]
Param. E:"-Il L 30.50 | 29.45 | 25.96 9.8 |82.73 Eﬁ-ulﬂ 29.67 29.61 25.79 COSNet Ilﬁ] TPAMI'19 - 8.0 T7.2 626 63.3 bH4.1 4.6 |67.0 62.7 44.3 43.8 353 7.0
FP5 1| 42 21 33 64 10 45 36 47 38 PCSA [11] AAAT20 - 77.2 759 56.6 5H8.5 47.9 5.7 |68.2 066.0 44.2 45.0 35.1 8.0

| . I h h . h . f I 2/3D |19 MICCAT 20 - 84.9 86.9 753 764 67.1 3.5 |T8.6 Ti.b 634 644 558 44
Ab ation results show that removing CIVIA’ DMR’ or bOt slgni Icanty PraNet [7| MICCAT 20 |[Res2Net-50|88.4 91.9 83.1 83.9 76.6 3.1 |78.7 80.2 66.7 67.5 5H8.7 5.3

degrades performance, confirming their complementary contributions. ACSNet [27] | MICCAI'20 | ResNet-34 |87.2 91.0 80.6 82.0 74.8 3.6 [76.2 77.6 61.0 62.4 547 5.3
SANet [22] |MICCAI'21 |Res2Net-50{87.4 90.5 81.0 82.0 74.8 3.3 [75.3 73.6 59.0 59.5 52.7 5.5

SUN-SEG-Easy-Seen SUN-SEG-Easy-Unseen SUN-SEG-Hard-Seen SUN-SEG-Hard-Unseen SEPNet (20| | TCSVT24 | PVTv2-B2 [89.4 94.0 83.5 85.7 77.6 3.4 |84.7 89.5 745 774 684 3.9
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Sa Bg™ By Dice loU| Sa Eg™ Fg Dice IoU] Sa Eg™ Fg Dice loU| 5o Eg™ Fg Dice IoU  png i3] | MICCAD'21 |Res2Net-50|87.0 89.2 78.7 79.6 72.1 3.3 |76.7 75.5 60.9 61.5 53.9 5.0
CMSA-Net 95.1 97.5 91.6 92.6 87.6|86.7 90.3 79.3 80.3 72.6|92.3 95.6 87.1 88.9 82.1|87.3 91.0 79.6 81.3 73.7 PNS+ Il—ll MIR 22 Res2Net-50| 88.7 90.2 80.6 &81.3 7T2.8 3.0 79.8 T79.3 65.4 66.1 5H7.1 2.0
w/o CMA 02.4 94.8 87.2 88.5 82.1|78.1 79.5 64.4 652 56.5|88.5 92.1 81.3 83.1 74.9|76.4 78.2 61.8 62.9 54.4 g'lfffll,jl 1-14?53?‘1%124 Et}?ﬁﬁ'gg gg'g gég ?3‘3 2?3 ;g; 32 ?;g gl‘g z;g zg‘g zgi ;é
w/o DMR 03.8 96.2 89.1 90.3 84.7|80.2 81.6 67.5 68.8 60.3|90.4 94.2 84.8 86.6 79.1|79.1 80.2 65.3 67.0 58.4 oLl [12] MICC, va-52)180.5 909 19.9 810 126, S 09969 079 480 .

: . - - - - N o o , .. - o Am SALI [12] MICCATI'24 | PVTv2-B5 | 86.6 91.0 79.7 81.0 729 3.8 |76.5 81.3 62.0 63.6 54.7 5.7
-' A+ ) : 5.3 7 725 72.1 55.1 55.8 47.6 |85.8 89.5 779 0716 71.5 53.4 54.8 46.: - - S . . . .

w/o CMA+DMR|90.6 92.9 84.0 85.3 79.0|72.5 72.1 55.1 55.8 6|85.8 89.5 77.7T 79.2 71.0|71.6 71.5 53.4 54.8 46.3 STDDNet [4]| ICCV'25 |Res2Net-50{91.3 95.2 86.9 88.1 81.0 2.3 [834 85.6 74.1 75.0 67.3 3.7
w/o Multi-scale |93.2 95.8 88.6 89.7 83.9[83.5 86.9 75.1 76.2 67.4|89.8 93.5 84.2 86.1 78.4|82.9 87.5 T4.1 75.8 67.1 STDDNet |4]| ICCV'25 |PVTv2-B2|91.1 95.0 86.0 87.8 80.6 2.8 |86.3 90.2 781 80.2 72.2 3.5
w/o Causal Attn |94.2 96.9 90.1 91.3 85.6 |84.5 88.2 76.8 T8.1 69.8|91.2 95.2 85.9 87.7 80.5|85.3 89.4 76.7 78.5 70.2

Ours - Res2Net-50(92.7 96.1 87.1 89.8 83.0 1.8 |85.1 BO.8 750 78.0 69.5 3.6
w/o Multi-source | 94.0 96.7 89.9 91.1 85.5|86.7 90.7 79.7 80.9 73.0[91.0 95.0 85.6 87.5 80.3|86.9 89.9 T84 R0.4 T2.6 Ours - PVTIv2-B2(92.3 95.6 87.1 88.9 &2.1 1.9 |87.3 91.0 79.6 81.3 73.T 2.9
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