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Table 1. Comparison of Monomodal and Multimodal methods on polyp segmentation across four datasets: ClinicDB, ColonDB, CVC-300,
and ETIS. Metrics include Dice score (%) and mean Intersection over Union (mIoU, %). Black: best, Green: second best, Blue: third best
values.

Modality Method ClinicDB ColonDB CVC-300 ETIS

Dice (%) mIoU (%) Dice (%) mIoU (%) Dice (%) mIoU (%) Dice (%) mIoU (%)

M
on

oM
od

el
s UNet [1] 82.49 75.61 52.33 45.58 71.35 62.84 39.82 33.52

UNet++ [2] 79.49 72.95 48.35 41.07 70.74 62.45 40.15 34.47

TransUNet [3] 85.12 78.23 58.94 51.47 76.88 67.91 46.33 38.72

Swin-Umamba [4] 83.67 76.89 56.21 49.15 74.45 65.83 44.28 37.09

U-Mamba [5] 84.35 77.48 57.62 50.31 75.91 67.12 45.71 38.15

M
ul

tim
od

al

BiomedClip [6] 83.61 76.51 67.40 50.83 72.89 63.25 52.46 40.89

LViT [7] 89.20 82.54 73.12 57.62 84.53 71.88 63.24 53.80

Ariadne [8] 93.87 88.45 77.82 63.70 90.31 82.34 82.36 70.01

M-Adapter [9] 95.46 91.32 78.85 65.80 91.94 85.09 82.85 70.72

Our Model 96.74 92.87 81.43 68.91 94.17 87.38 85.92 74.16

1. Additional Experiments

For the additional experiments, we evaluate our methods on
four benchmark polyp segmentation datasets.
Datasets: ClinicDB [10] includes 612 colonoscopy im-
ages with manual region annotations for polyps, selected
to capture variability in polyp shape, size, and background
complexity. For vision-language model training, each im-
age is paired with a synthetic language prompt detail-
ing polyp attributes, uniformly curated under the Med-
VLSM [11]. ColonDB [12] contains 380 frames sam-
pled from colonoscopy videos, representing diverse polyp
presentations, illumination conditions, and camera angles,
with region-level masks and MedVLSM-aligned descriptive
prompts for clinically relevant attributes. CVC-300 [13]
consists of 60 carefully selected colonoscopy images an-
notated with polyp region masks, complemented with syn-
thetic captions curated via MedVLSM to ensure annotation
consistency. Finally, ETIS-Larib [14] comprises 196 chal-
lenging images featuring subtle and small polyps in com-
plex mucosal backgrounds, each with expert region anno-
tations and MedVLSM-curated textual prompts to facilitate
multimodal learning.

Experimental evaluation across four benchmark datasets
demonstrates multimodal approaches superiority over
monomodal segmentation for polyp detection. On Clin-
icDB, while UNet and TransUNet achieve 82.49% and
85.12% Dice respectively, our multimodal model reaches
96.74% Dice (+1.28% over M-Adapter’s 95.46%). The
challenging ColonDB dataset emphasizes monomodal limi-

tations, with TransUNet achieving only 58.94% Dice versus
our model’s 81.43% (+2.58% over M-Adapter’s 78.85%).
On CVC-300, monomodal methods plateau below 80%
Dice, while our approach achieves 94.17% (+2.23% over
M-Adapter). Most compelling results emerge from ETIS,
where small, low-contrast polyps limit UNet to 39.82%
Dice. Our model achieves 85.92% Dice (+3.07% over M-
Adapter’s 82.85%), representing clinically significant im-
provements for challenging segmentation tasks.

Performance trends on CVC-300 confirm the superiority
of cross-modal fusion strategies, with monomodal architec-
tures plateauing below 80% Dice despite advanced designs
like U-Mamba (75.91% Dice) and TransUNet (76.88%
Dice). Our multimodal approach achieves 94.17% Dice and
87.38% mIoU, outperforming M-Adapter by +2.23% Dice
and +2.29% mIoU, demonstrating robust segmentation ca-
pabilities across diverse polyp morphologies and imaging
conditions. The most compelling evidence emerges from
the highly challenging ETIS dataset, where small, low-
contrast polyps embedded in complex backgrounds severely
limit monomodal performance, with UNet achieving only
39.82% Dice and TransUNet reaching 46.33% Dice. While
advanced multimodal methods like Ariadne (82.36% Dice)
and M-Adapter (82.85% Dice) show substantial improve-
ments, our model further advances the State-of-the-Art to
85.92% Dice and 74.16% mIoU, representing significant
gains of +3.07% Dice and +3.44% mIoU that could mean-
ingfully impact polyp detection rates in challenging scenar-
ios.
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