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1.INTRODUCTION

Weakly supervised histopathology segmentation often
relies on Class Activation Maps (CAMs) to produce
pseudo-masks, which usually highlight only the most
discriminative regions and result in poor boundary
accuracy. To address this, we propose a two-stage
framework that builds a bidirectional shared latent space
between visual and textual modalities, improving pseudo-
mask quality. In the segmentation stage, complex tissue
descriptions are incorporated as external knowledge
through a multi-stage fusion module based on learnable
query tokens and Fourier transforms. Experiments on
LUAD-HistoSeg and BCSS-WSSS show that our method
achieves state-of-the-art performance.

2 .0BJECTIVES

Modality-Complementary Strategy: Activates
overlooked visual regions and leverages textual
prompts to refine incomplete or noisy pseudo-masks.

Query-Fourier Knowledge Fusion (QFKF): Combines
learnable query tokens for discriminative text selection
with frequency-domain visual filters to capture
structural cues.

State-of-the-Art Performance: Achieves superior results
on LUAD-HistoSeg and BCSS-WSSS benchmarks under
weak supervision.

3.0VERALL FRAMEWORK
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4 .EXPERIMENTAL RESULTS

Datasct LUAD-HistoSeg [17] BCSS-WSSS [2]
Method Modal TE  NEC LYM TAS mloU | TUM STR LYM NEC mloU
Grad-CAM [38] | Vision 7007 6601 70.18 64.76 67.76 | 65.96 56.71 4336 30.04 49.02
SC-CAM [5] Vision 6829 6428 6207 61.79 64.10 | 64.28 56.16 42.87 30.14 4836
MLPS [17] Vision 75.68 7559 7401 69.97 7381 | 7298 68.13 56.19 5599 63.32
OEEM [26] Vision 69.66 7262 7258 6688 7044 | 66.83 5871 4941 S51.12 56.52
HAMIL [47] Vision 7282 69.79 69.82 7096 70.85 | 69.84 5945 4998 5129 57.64
PCSformer [30] | Vision 7182 7355 7531 6898 7242 | 7454 6736 5529 6147 64.67
HisynSeg [12] | Vision 7567 7583 75.10 7194 7464 | 7873 6741 5947 6531 61.73
CLIP-ES [29] | Vision-Language | 70.12 69.34 6825 6658 6857 | 65.83 6129 5132 5527 58.43
TPRO [46] Vision-Language | 74.82 77.55 7640 7098 74.94 | 77.18 63.77 5495 6143 6433
Ours Vision-Language | 76.32 7650 77.20 7678 76.70 | 78.14 68.32 63.24 67.77 69.37

Table 1: Comparison of the pseudo mask results.

Datasct LUAD-HistoSeg [17) BCSS-WSSS [2]
Method Modal TE  NEC LYM TAS mioU | TUM STR LYM NEC mioU
HistoSegNet [4] | Vision 4559 3630 5828 50.82 4775 | 33.14 4646 29.05 191 27.64
MLPS [17] Vision 7770 7932 7341 7198 7560 | 7884 73.16 5730 6639 68.92
OEEM [26] Vision 7381 7049 7180 6948 7142 | 7486 64.68 4891 61.03 6237
HAMIL [47] | Vision 7346 7583 7294 7086 7327 | 7165 6237 5152 5429 59.96
PCSformer [30] | Vision 7241 7466 75390 7060 7327 | 7492 6958 5071 6221 66.6]
HisynSeg [12] | Vision 7841 7767 7639 7305 7638 | 81.67 7385 60.74 6682 70.77
LAVT [44] Vision-Language | 7136 68.74 68.19 6728 68.89 | 67.72 6521 5099 59.83 60.94
Brideer [43] Vision-Language | 69.79 7233 7076 6849 7034 | 7125 6214 5173 60.82 61.49
TPRO [46] Vision-Language | 75.80 80.56 78.14 7269 7680 | 7795 65.10 5455 64.96 65.64
Ours Vision-Language | 7921 7934 8022 77.30 79.02 | 8141 7422 6521 6924 7252

Table 2: Comparison of the final segmentation results.
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