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Why text-mask inconsistency persists

Masks may contradict the text even when
prompts explicitly specify quantity or
coarse location.

Clinical descriptions are highly templated and
repetitive, so hard one-to-one contrastive learning
creates many false negatives.

Most fusion modules are vision-centric: language
modulates features, but does not form an explicit
spatial representation on the pixel grid.

The failure shows up most clearly for lesion count,
laterality, and coarse position cues.

the problem is both in pretraining
(alignment) and in fusion (spatial injection of
language).
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(a) Challenge: Inconsistency between text and mask.
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The illustration and investigation of text-mask inconsistency from Figure 1.
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Stage I: CaCL ) Stage Il: BCAM + K-Gate Output: text-consistent
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Stage I: Cluster-aware Contrastive Learning . Stage Il: Bidirectional Complementary Fusion.
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Overview of the proposed C2Seg from Figure 2.

Frozen text encoder + finetune visual encoder keeps semantics stable while learning better visual-spatial alighment.
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Stage I: CaCL reduces false negatives

Mechanism ,
C te batch text-text i imilarity i y eXP(MZJ/T)
ompute batch text-text cosine similarity in i = ; .
frozen language space. >k exp(M,/T)

e Apply row-mean debiasing and non- Yij =pYij+ (1—p) 1]y = 1],

negativity clipping to suppress template bias.

v—l ..
P77t = softmax;(s;;/T)
Convert similarities into soft targets and mix
them with the true matched pair. Pl=v — Softmaxi(sz-j /7-)

° Train bidirectionally so semantically similar B B
non-matching samples are not over-repelled. Loact, = _% Z Z [Y;j log Pij—ﬂ +Y;; log P%_j—w] .
i=1j=1
Core intuition OL et 1 .
Replace rigid one-positive/others-negative supervision T@J = ; (Pz-j — Yij + P%-j — YJ) .

with a continuous neighborhood-aware target distribution.
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Stage ll: BCAM + K-Gate inject language into space

Vision-dominant path
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Each pixel attends to token
semantics and stays on the original
image grid.
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(c) Bidirectional Complementary Attention Module (BCAM)

Language-dominant path

Each token projects influence back
onto spatial locations, forming a
language-guided feature map.
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The illustration of different attention mechanisms from Figure 3.
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K-Gate

KAN-based nonlinear gating
suppresses noisy modality-specific
activations before fusion.
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Overview of the proposed K-Gate from Figure 2.
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Experimental setting

QaTa-COV19 MosMedData+

9,258 chest X-ray images train/val/test 2,729 chest CT slices train/val/test
5716 /1429/ 2113 2183/273/ 273

COVID-19 lesion masks + paired text 't';ii‘:t'on masks + laterality/location

CVC-ClinicDB Kvasir

612 colonoscopy images train/test 1,000 colonoscopy images train/test

550/ 62 900/100

polyp masks + clinical-style polyp masks + clinical-style

descriptions descriptions

Evaluation metrics Training defaults

® Overlap: Dice and mloU Pretrain batch 256; segmentation batch 32

1=0.07, p=0.8; Adam + cosine annealing

® Boundary quality: HD35 and ASSD Language encoder frozen; BCE + Dice in Stage |l
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Main quantitative results

QaTa-COVv19

85.25 Dice

+0.98 vs. best prior (84.27, MedLangViT)

CVC-ClinicDB
91.82 Dice

+1.86 vs. best prior (89.96, MMIUNet)

What stands out

MosMedData+
77.81 Dice

+1.86 vs. best prior (75.95, MedLangViT)

Kvasir

91.92 Dice

+1.09 vs. best prior (90.83, LAVT)

Best HD95 on all four datasets, indicating sharper localization

and cleaner boundaries.

® 18.92M parameters - much lighter than many multimodal
competitors while stillimproving every benchmark.

Gains are consistent across both chestimaging and

colonoscopy settings.
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QaTa-COV19 MosMedData+
Method Params(M)  Text oy mloU%) T HD95]  ASSD] | Dice(%)f mloU(%)T HDO5] ASSD]
314 x | 719.02 6046 3308 903 | 6360 5073 2352 635
745 x | 79.62 7025 3614 991 7175 5839 2406 545
19.1 x | 8042 7081 2814 986 | 72.59 6036 2275 536
823 x | 7807 6834 3151 920 | 6329 5019 2531 7.6
105.0 x | 7863 69.13 2988 842 | 7124 5844 2341 638
04 x | 7930 6085 3189 879 | 72.56 5905 2938 725
9.9 x | 7920 6070 3526 976 | 7182 5837 3263 8.96
87.0 v 7981 7066 2325 554 | 7197 5964 2624 658
456 v | 7904 7068 2647 524 | 7242 60.18 2861 679
87.4 v | 7963 7002 2532 596 | 72.36 6015 2485 569
19.8 v | 77 6439 2954 783 | 69.48 5581 2639 612
352 v | 7972 7058 2236 603 | 72.06 5973 2238 636
118.6 v | 8048 67.01 1570 487 | 6851 5532 1728 418
13135 v | 7925 6887 1518 435 | 7257 6078 2123 6.10
29.7 v | sLs2 6863 1862 532 | 7210 5735 1894  4.82
287 v | 7288 5058 1515 411 65.89 5201 1998 496
195.0 v | 8163 6071 2022 520 | 7025 5731 1970 478
277 v | 8427 7593 1451 397 | 7595 6317 1829 412
30.1 v | 8409 7264 1990 524 | 7324 5082 3188 7.65
TR.03 v 8535 7697 1271 338 | 7781 65.07 1502 3.6
CVC-ClinicDB Kvasir
Method Params(M) - Text | o ToU%) T HDY5]  ASSD] | Dice(%)T  mloU(%)T HDO5]  ASSD]
UNet 314 x | 5757 3493 2940 1987 | 7577 6520 4029 1211
U-Net+F -|;mu 745 x | 8894 82,91 1216 399 | 87.00 7971 2087 663
nnUNet {Isensee et al. 2021} 105.0 x | 8569 7772 1348 584 | 8695 7919 2039 581
Swin-Unet {Cao et al| J023} 82.3 x | 8119 7164 2638 867 | 77.24 6690 2125 880
UKAN ||m 9.4 x | 8974 8447 1319 372 | 8777 8113 2137 582
9.9 x | 8952 8215 1326 336 | 8563 7803 2481 712
1186 7R3 8276 033 385 | 9083 8290 1500 415
19.8 v | 8993 84.56 841 211 | 9044 84.19 1718 433
1315 v | 8055 7286 2691 987 | 85.69 7797 1957 5.6
297 v | 8827 80.81 1518 415 | 8736 7985 2418 640
195.0 v | 8073 7194 2300 728 | 8687 7877 2530 646
56.2 v | 8996 414 1155 402 | 9027 8420 1513 435
237 TS 7304 3844 1213 | 90.63 8435 1793 443
277 v | 8835 8192 1066 450 | 90.57 8421 1412 4.00
30.1 v | 8974 8264 1371 429 | 8845 8134 2279 566
C2Seg (Ours) T892 7912 86.81 653 223 | 9192 827 1362 398

Quantitative Comparison from Tables 1 and 2.



Qualitative evidence: better adherence to text
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Visualization of different methods from Figure 4.
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1. Correct lesion count

Matches prompts such as “two
infected areas” rather than
merging or hallucinating lesions.

2. Better location cues

Handles laterality and coarse
position cues such as “middle
lower left” or “bilateral”.

3. Cleaner masks

Lower HD95 / ASSD and visibly
fewer false positives indicate
sharper boundary quality.
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Why the gains happen
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+text + DualA 7559 ettt oy e
Medical Text Image GT DualA BCAM | Medical Text Image GT DualA BCAM

+BCAM 76.50

+ K-Gate 77.03

+ HardCL 77.32 (1) QaTa-COV19 dataset (Top-5 text descriptions).

(2) MosMedData+ dataset (Top-5 text descriptions).

Visualizations of ablation experiments from Figures 5 and 6.

Sensitivity (Table 4)

The modelis only weakly sensitive to p and t; the paper

uses p=0.8 and t=0.07.
CLIP remains the best tested text encoder because itis

already aligned to visual semantics. Bigger contrastive batches help, but 256 is almost as

good as 512 and is much cheaper.
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Limitations and future directions

Current limitations

® No dedicated metric for text-mask consistency yet.

® Robustness to noisy text (misspellings, abbreviations,
missing findings) is not tested.

Promising next steps

Build a metric for count, position, and laterality
constraints.

Stress-test C2Seg with noisy prompts and richer clinical
wording.
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Bottom line

C2Seg addresses both halves of the consistency
problem:

1. Better alignhment in pretraining via soft
neighborhood-aware contrastive targets

2. Better fusion in segmentation via explicit
bidirectional spatial interaction

3. Better feature selection via KAN-based
nonlinear gating

Together these choices improve both segmentation
accuracy and semantic consistency across four
public datasets.
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Thank you

C2Seg in one sentence:

use soft neighborhood-aware alighment and bidirectional spatial fusion so the predicted mask actually
follows the clinical text.

® Stronger text-mask consistency
® Higher Dice/ mloU and lower HD95 / ASSD

® Lightweight 18.92M-parameter model
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