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Abstract

In weakly supervised histopathology tissue segmentation, Class Activation Maps
(CAMs) are commonly used to generate pseudo-masks. However, CAMs typically high-
light only the most discriminative regions, leading to inaccurate tissue boundaries. Ex-
isting visual-based refinement strategies often exacerbate information loss, while text-
based methods suffer from high inter-class similarity and a semantic gap between pixel-
level features and text labels. To overcome these limitations, we propose a two-stage
segmentation framework that jointly models a bidirectional shared latent space between
visual and textual modalities to enhance pseudo-mask quality. In the segmentation (sec-
ond) stage, we incorporate complex tissue textual descriptions as external discriminative
knowledge to compensate for insufficient supervision. We further develop a multi-stage
modality fusion strategy based on learnable query tokens and Fourier transforms. Experi-
ments conducted on the LUAD-HistoSeg and BCSS-WSSS datasets demonstrate that our
method surpasses state-of-the-art weakly supervised tissue segmentation approaches.

1 Introduction

In histopathology, tissue segmentation accelerates the identification of pathological regions
and enables the extraction of key quantitative information, such as tumor size, density, and
microenvironment characteristics [23, 39, 42]. However, existing segmentation methods
heavily rely on pixel-level annotations, which are time-consuming and require substantial
domain expertise. To alleviate the annotation burden, recent studies have explored weakly
supervised semantic segmentation (WSSS) approaches. Common WSSS strategies include
scribble annotations [14], image-level labels [25], point-based supervision [45], and bound-
ing box annotations [22]. In tissue segmentation, image-level labels are relatively easier
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to obtain hence more practical. Most existing methods generate pseudo-masks from class
activation maps (CAMs) derived from classification networks [48] and refine these masks
through fully supervised training [11, 13, 46].

However, CAMs usually highlight only the most discriminative regions [1], resulting in
inaccurate pseudo-mask boundaries. This issue is especially pronounced in histopathology,
where subtle morphological differences and complex spatial distributions among tissues of-
ten cause partial or fragmented predictions [25]. In the natural image domain, early visual-
based methods include prototype-based boundary refinement [7] and clustering-enhanced
representation learning [5]. Recently, vision-language models (e.g., CLIP [37]) have been
incorporated to generate pseudo-masks by introducing additional textual information [15,
29, 31], thereby introducing a new perspective.

While these methods have shown promising results in natural images, their application
to tissue segmentation is still constrained by the high inter-class similarity and intra-class
variability of tissues [8, 16], as illustrated in Figure 2. Specifically, visual-based approaches
are susceptible to activating irrelevant regions with high inter-class similarity, while elim-
inating these activations would lead to additional information loss [13, 17], especially for
tissue regions with high intra-class variability. To address this, text prompts were introduced
as an auxiliary modality to complement visual signals [19, 20]. However, these methods rely
heavily on pixel-text similarity, ignoring the semantic gap between image-level and pixel-
level representations and high inter-class tissue similarity.

To address these issues, we propose a bidirectional pseudo-mask generation strategy that
comprehensively leverages visual and textual modalities. Specifically, to reduce inter-class
similarity, we enhance visual pseudo-mask generation by reactivating underutilized chan-
nels in the visual backbone. These reactivated channels encourage the network to attend
to subtle, discriminative features between different tissue types, thereby facilitating the dif-
ferentiation of visually similar categories. Meanwhile, to reduce intra-class variability, we
construct text-driven pseudo-masks by computing pixel-text similarity guided by descrip-
tive textual prompts. These prompts encode global semantic knowledge of tissue categories
and provide consistent supervision, enabling the alignment of diverse visual instances within
the same class to a shared semantic space. Unlike previous methods that use unidirectional
text-to-image alignment [44, 46], our bidirectional supervision mechanism enables mutual
refinement: visual pseudo-masks provide spatial priors to constrain noisy text-driven pre-
dictions, while textual semantics regularize visual activations by enforcing class-consistent
responses across spatially diverse regions. This complementary design enhances the com-
pleteness and semantic fidelity of pseudo-masks under sparse supervision.

In addition, in weakly supervised settings, noisy annotations in pseudo-masks remain
a major challenge. As shown in Figure 1, textual knowledge (e.g., morphology, color, in-
terrelations) can serve as external guidance for refining pseudo-masks. However, existing
methods on natural images often align modalities using cross-attention [9, 43, 44] and strug-
gle to extract informative cues from long, complex tissue descriptions, due to the lack of
an effective mechanism for selecting discriminative knowledge. In contrast, we propose a
query-based knowledge extractor that employs learnable query tokens to interact with textual
embeddings to enhance pixel-level discrimination. For the visual modality, tissues often ex-
hibit subtle differences, making it difficult to generate robust representations using standard
spatial-domain features. Notably, the spatial structure and semantic layout of histopatho-
logical images are better preserved in the low-frequency components of the visual spectrum
[6,27,32,36]. Thus, we introduce a Fourier-based visual extractor, which employs learnable
filters in the Fourier domain to extract coarse-to-fine contextual cues that enhance visual dis-
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crimination. By integrating discriminative textual knowledge with frequency-domain visual
semantics through a cross-attention mechanism, our method effectively refines the segmen-
tation results. Overall, our main contributions are summarized as follows:

 To address incomplete and noisy pseudo-masks, we design a modality-complementary
strategy that activates overlooked visual regions and leverages textual prompts for se-
mantic enhancement.

* We introduce a query-fourier knowledge fusion module that combines learnable query
tokens for selecting discriminative textual semantics with frequency-domain visual
filters to capture structural cues, enabling semantically multimodal representations.

* Our method achieves state-of-the-art performance on LUAD-HistoSeg [17] and BCSS-
WSSS [2] benchmarks, demonstrating its effectiveness under weak supervision.

2 Related Work

Weakly supervised tissue segmentation based on image labels primarily involves generat-
ing pseudo-masks using CAM, followed by refinement. HistoSegNet [4] used CRF to find
more accurate tissue boundaries. OEEM [26] focused on enhancing the network’s attention
to reliable supervision signals. MLPS [17] enforced the consideration of global information
through a progressive dropout approach. HAMIL [47] refines pseudo labels by leveraging
interleaved learning among three networks with identical architectures. PCSformer [30] pro-
posed a conflict self-elimination strategy to improve this process. HisynSeg [11] presented
a data synthesis method using mosaic transformations. However, they still face the funda-
mental issue of insufficient information by using only image labels. The main challenge is
the scattered distribution of tissue structures, the similarities between classes, and variations
within classes, which are difficult to capture accurately with only image labels.

MTPTN [18] introduced progressive text-based prior prompts to generate multimodal
features. LViT [28] used a language-visual loss function to supervise the training of unla-
beled images with textual information. These studies have been successful in segmenting cell
nuclei from the background, but the lack of consideration for multi-class segmentation has
limited their methods’ application in tissue segmentation. TPRO [46] attempts to apply the
capabilities of multimodal pre-trained models to pseudo-mask generation by calculating the
similarity between simple text features and pixel features. However, this method overlooks
feature gaps and inter-class similarity issues. In contrast, our approach aligns modalities
using auxiliary loss within a unified framework.

3 Methodology

This section introduces our two-stage multimodal framework for weakly supervised tissue
segmentation (Figure 1). The first stage generates pseudo-masks (§ 3.1). The second stage
focuses on utilizing the textual knowledge to obtain the final segmentation result (§ 3.2).

3.1 Bidirectional Pseudo Mask Generation

In the first stage, given an image I € R¥>**W visual features F, € RC*Ho*Wo are extracted
using the visual encoder ¢,, by concatenating features from its last three layers. Subse-
quently, F, is processed through two parallel pipelines. The first pipeline reactivates channel
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Figure 1: An overview of ours proposed method, In the first stage, two parallel pipelines
generate pseudo masks M; (via channel attention reactivation) and M, (via text label). We
then align these representations to obtain the final pseudo mask. In the second stage, a Query
Fourier-based Multi-Modal Fusion (QFMF) module fuses textual knowledge features F; with
visual features F, to produce a combined representation Fp,s. Finally, learnable query tokens
Q in the Query Mask Decoder module yield the final mask S.

attention (§ 3.1.1) to generate a vision-based pseudo-mask M, while the second employs a
text encoder ¢ to extract textual features F; € RS*N from text labels, where N represents
the number of tissue classes, and C; is the dimension of the text embeddings. This is used
alongside the similarity between F; and F, to produce a text-based pseudo-mask M> (§ 3.1.2).
Then, Manhattan distance (§ 3.1.3) is employed to minimize the disparity between M; and
M. Training in this stage is driven by tissue type classification using two pseudo-masks with
image-level labels and the reduction of modal distances.

3.1.1 Channel Attention Reactivation

To enable the network to attend beyond only the most discriminative regions, we propose
a lightweight channel attention mechanism to improve learning efficiency. Our objective
is to assess the significance of each channel in generating pseudo-masks before the final
classification layer and adjust their activation based on probabilistic contributions. Specifi-
cally, we employ global average pooling g to extract global features from each channel. A
one-dimensional convolution § then transforms these features into channel weights: @ =
5(g(F)) € R™*1XC% where C, is the number of channels. This maps global features into
channel-wise weights that control activation strength. To further refine activation, we intro-
duce a probabilistic adjustment factor p, which is dynamically adjusted during training:
e
Pl Ee e v

where, @; represents the weight of the i-th channel. The adjustment factor p;, as a sup-
plementary probability, prevents any channels from excessively dominating the model’s re-
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sponse and activates underutilized channels. The new channel weights @' are calculated as
follows: @' = {w! | @ = p;- ;i € {1,2,...,¢,}}. Refined weights @' enable more pre-
cise regulation of information flow, thereby facilitating the differentiation of visually similar
tissue categories and further reducing inter-class similarity.

We then compute the reactivated features as F, = o(@'F,), where ¢ denotes the sigmoid
function. Next, we extract the classification weights W,.;; € RV from the final classifi-
cation layer. To generate vision-based pseudo mask M, we project the reactivated features
onto the semantic classifier space, capturing the correlations between feature channels and
N tissue class prototypes:

Up(ZF oW )eRNXHXW, 2)

where va ¢ € RHoxWo denotes the c-th channel of reactivated feature map, ® denotes outer
product, and U p(-) is the bilinear upsampling to restore M to the original image size.

3.1.2 Pixel-wise Text Supervised Module

To reduce intra-class variability and compensate for visual modalities, we incorporate class-
level textual cues. Visual and textual features are projected into a shared embedding space,
and the text-guided similarity between the i-th spatial location and the j-th class text-label
embedding is computed as:

c=1

Co
My j = Tanh (Z(WIFV),-,C - (WaF) ,) e R, 3)

where Wy, W, are learnable projections that align F,, F; to the same dimension, and c is the
channel index. A higher value of Mz( j) indicates a stronger semantic relationship between
the i-th pixel and the j-th class. Based on this similarity, we construct the text-based pseudo
mask M, € RV*H>*W which highlights regions most relevant to each tissue class.

3.1.3 Pseudo Mask Loss Design

This task is based on the multilabel soft margin loss L., = —l {v _01 yilog(—= T _), )+ (1—

yi)log(+£ 1+ 5 ) where, y; and §; are the image labels and predicted logits of category i. We

obtain the classifications for the vision-based and the text-based pseudo-mask: §; = g(M))
and ¥, = g(M,) respectively, where g denotes the global average pooling. The overall classi-
fication loss is expressed as: Lo = 5(Les($1) + Leis($2)). To ensure that M can effectively
learn additional textual information and to maintain consistency between text and visual
modalities while avoiding deviations in feature representation from image dimensions, we
introduce an auxiliary loss La,. = ||[M) — Ma||1. This approach aids in synchronously opti-
mizing the model’s handling of both modalities, ensuring that textual and visual information
are effectively integrated. Overall, the Stage 1 loss L is: Ls1 = L + Layx-

3.2 Knowledge-enhanced Segmentation

In this stage, we utilize M; as the supervisory signal for segmentation. However, M; con-
tains errors, due to the reliance solely on image labels for discrimination. To address this,
we propose a Query-Fourier based Multi-Modal Fusion (QFMF) Module, which integrates
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class-level textual knowledge, enabling the network to learn more discriminative informa-
tion from text. Specifically, we employ a vision encoder-decoder architecture comprising
four encoder blocks. Each block’s features are represented as F!, where i € {1,2,3,4}. We
utilize a text encoder ¢; to extract knowledge features Fy. During encoder stage, we integrate
a QFMF module (§ 3.2.1) to fuse Fvi and Fy, yielding fused features Fﬁlse, which are then sent
to the next block. Finally, the decoder produces the ultimate visual feature Z, and, through
the Query Mask Decoder (§ 3.2.2), obtains the final segmentation output .

3.2.1 Query-Fourier based Multi-Modal Fusion

Figure 1 illustrates the structure of the QFMF module, which consists of a Query-based
textual knowledge Extractor (QKE) and a Fourier-based Visual Extractor (FVE). Initially, to
extract discriminative information from textual tissues knowledge F; € RE%*N where N and
C; represent the number of classes and the dimension of knowledge embeddings. We design
alearnable query token T € RE*Ck_ Here, L, denotes the number of tokens. Next, we employ
multi-head cross-attention (MHCA) to extract discriminative textual representations:

(FWO)(TWk)T
Nz

The global statistical properties revealed by low-frequency components extracted via Fast
Fourier Transform (FFT) [3] have been leveraged in various vision tasks, including image
inpainting [10], domain generalization [24], and image super-resolution [6]. We apply the
FFT transform to the input spatial domain features F, € Rf*W  transforming them into the
corresponding frequency domain f € C#*W Specifically, the / can be described as:

F = Softmax < ) (TWY), €]

F(m,n) = YW YL (x,y)e 220 i) )

where, F, (x,y) is defined as the pixel (x,y) in the spatial domain. and F (m,n) denotes in the
corresponding frequency domain. We employ a learnable global filter ® for low-frequency
filtering. The @;y;; using a 2D Gaussian filter:

O o Opir (u,v);  Opir (u,v) = exp (,M) . 6)

202

where, ug and vy denote the Gaussian center, ¢ controls the filter’s spread set to 15, and o
is a learnable parameter. This design enables ® to adaptively refine frequency filtering, en-
hancing relevant components for global visual representation. Combined with textual cues,
it helps correct pseudo-mask errors. The enhanced visual features F,, are obtained via ® and
Fourier convolution:

(WO (EwS)T

Fiyse = Softmax ( W/

)(FI:W,V); F/=F,+F " (mn)(Conv (@O F (m.n)(F))). (7)

3.2.2 Query Mask Decoder

We obtain the final visual feature Z, € R*#:*Wz  To enable category-specific querying, we
introduce a set of learnable class-level query tokens Q € RV*Cs, where N is the number of
categories and C, denotes the dimension of the textual knowledge features. Each token is
assigned to attend to a specific class. We initialize the query tokens with textual knowledge
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Dataset LUAD-HistoSeg [17] BCSS-WSSS [2]

Method Modal TE NEC LYM TAS mloU | TUM STR LYM NEC mloU
Grad-CAM [38] | Vision 70.07 66.01 70.18 6476 67.76 | 6596 56.71 43.36 30.04 49.02
SC-CAM [5] Vision 6829 64.28 62.07 61.79 64.10 | 64.28 56.16 42.87 30.14 48.36
MLPS [17] Vision 75.68 7559 7401 69.97 73.81 | 7298 68.13 56.19 5599 63.32
OEEM [26] Vision 69.66 72.62 7258 66.88 7044 | 66.83 5871 49.41 51.12 56.52
HAMIL [47] Vision 7282 69.79 69.82 7096 70.85 | 69.84 5945 4998 5129 57.64
PCSformer [30] | Vision 71.82 7355 7531 6898 7242 | 7454 6736 5529 6147 64.67
HisynSeg [12] Vision 75.67 75.83 75.10 71.94 74.64 | 7873 6741 59.47 6531 67.73
CLIP-ES [29] Vision-Language | 70.12 69.34 6825 66.58 68.57 | 65.83 61.29 51.32 5527 5843
TPRO [46] Vision-Language | 74.82 77.55 76.40 70.98 7494 | 77.18 63.77 5495 6143 64.33
Ours Vision-Language | 76.32 76.50 77.20 76.78 76.70 | 78.14 68.32 63.24 67.77 69.37

Table 1: Comparison of the pseudo mask results.

Fy, allowing them to capture category-specific features guided by semantic context. This
enhances their ability to learn in a more accurate and text-aware manner, formulated as:

S =MHCA (B(Q+ F),2) ® Z,, (8)

where f3 is a learnable parameter. This operation yields class-specific feature representations
S € RV*HXW " driving the final segmentation output. We use BCE loss for optimization.
Lpce = — X1 [Silog(8:) + (1 - S;)log(1 — §;)]. Here, P is the number of pixels, S; the
pseudo label from M, and S; the predicted foreground probability for the i-th pixel.

Dataset LUAD-HistoSeg [17] BCSS-WSSS [2]

Method Modal TE NEC LYM TAS mloU | TUM STR LYM NEC mloU
HistoSegNet [4] | Vision 4559 3630 5828 50.82 4775 | 33.14 4646 29.05 191 27.64
MLPS [17] Vision 77770  79.32 7341 7198 75.60 | 78.84 73.16 5730 6639 68.92
OEEM [26] Vision 73.81 7049 71.89 69.48 71.42 | 7486 64.68 4891 61.03 62.37
HAMIL [47] Vision 7346 7583 7294 70.86 7327 | 71.65 6237 51.52 5429 59.96
PCSformer [30] | Vision 7241 7466 7539 70.60 73.27 | 7492 69.58 59.71 6221 66.61
HisynSeg [12] Vision 7841 77.67 7639 73.05 76.38 | 81.67 73.85 60.74 66.82 70.77
LAVT [44] Vision-Language | 71.36 68.74 68.19 6728 68.89 | 67.72 6521 50.99 59.83 60.94
Bridger [43] Vision-Language | 69.79 7233 70.76 68.49 70.34 | 71.25 62.14 51.73 60.82 61.49
TPRO [46] Vision-Language | 75.80 80.56 78.14 72.69 76.80 | 77.95 65.10 54.55 64.96 65.64
Ours Vision-Language | 79.21 79.34 80.22 77.30 79.02 | 8141 7422 6521 69.24 72.52

Table 2: Comparison of the final segmentation results.

4 Experiments

4.1 Datasets and Implementation Details

Two weakly-supervised histopathology datasets are involved in our study. LUAD-HistoSeg
[17] includes four lung tissue classes (TE, TAS, NEC, LYM) with 16,678 training, 300 vali-
dation, and 307 test patches. BCSS-WSSS [2] covers four breast tissue classes (TUM, STR,
LYM, NEC) with 23,422 training, 3,418 validation, and 4,986 test patches. Both datasets
provide image-level for training and pixel-level annotations for validation and testing. Tissue
textual knowledge is collected from medical literature (details in supplementary materials).
In the first stage, we use ResNet38d [41] as the backbone for its strong localization
ability, essential for generating reliable pseudo masks. It is trained for 25 epochs using SGD
(initial LR = 0.01, polynomial decay) with a batch size of 20. In the second stage, we adopt
Swin-B [33] to better capture long-range dependencies and align with textual knowledge
for multimodal fusion. It is trained for 16 epochs using AdamW [34] (initial LR = 0.0001)
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with a batch size of 64. We use CONCHCLIP [35] to extract text features, as it is tailored
for histopathology. IoU is used for evaluation, and all experiments were conducted on an
NVIDIA RTX A6000 GPU.

4.2 Comparison with State-of-the-Art

Quality of Pseudo Masks In stage 1, we compare seven methods for the quality of pseudo-
masks. In Table 1, our method exceeds the second-best method by 1.76% on LUAD-
HistoSeg and by 1.64% on BCSS-WSSS. Grad-CAM and SC-CAM target natural images,
while the others specifically address histopathology. On BCSS-WSSS, HisynSeg surpasses
our method by 0.59% in TUM by synthesizing pseudo-masks to offset its data scarcity.
However, such synthetic morphologies deviate from authentic images, leading to inferior
performance in other classes. For multimodal comparisons, CLIP-ES leverages zero-shot
CLIP for pseudo-mask generation on natural images. However, subtle tissue differences in
histopathology hinder CLIP from relying solely on textual descriptions. TPRO, another vi-
sion—language approach, surpasses our method by 1.05% in NEC on LUAD-HistoSeg, likely
benefiting from its multi-layer pseudo-mask strategy. Nonetheless, its performance on other
classes declines, possibly due to residual noise across layers that remains unmitigated.

Final Segmentation Performance In stage 2, we employ six methods designed for histopathol-
ogy and two multimodal segmentation methods designed for general images as benchmarks.
In Table 2, our method outperforms the second-best method by 2.22% on LUAD-HistoSeg
and by 1.75% on BCSS-WSSS. Due to the same reason highlighted in Quality of Pseudo
Masks, our method underperforms HisynSeg by 0.26% in TUM and TPRO by 1.22% in
NEC. However, overall, our method is the best, highlighting the effectiveness of our multi-
modal approach. In addition, multimodal segmentation models such as LAVT and Bridger
that focus on natural images cannot be well transferred to tissue segmentation tasks.

4.3 Ablation Studies and Analysis

Comparison of Pseudo Masks In Table 3(a), we conduct a comparison of various pseudo
masks. M; and M, are derived through L; distance for consistency. The results indicate that
our auxiliary loss facilitates learning between modalities, with Vision-based to M; showing
an improvement of 1.11%, and Text-based to M> showing an enhancement of 1.55%. No-
tably, M, ¢ demonstrates the best performance. In addition, Table 3(b) shows ablation studies
for the MLF and CAR modules affirm each component’s efficacy.

Pseudo Mask | TE | NEC | LYM | TAS | mloU MLE|[CAR| TE | NEC | LYM | TAS | mloU
Vision-based | 74.92 | 76.36 | 77.41 | 73.67 | 75.59 X X 17532170.21175.59169.29 | 72.60
Text-based |72.57|76.21|74.09 |71.41|73.57 v X | 75.68 |71.39|75.75| 71.11 | 73.48
M] 76.32|76.50 | 77.20 | 76.78 | 76.70 X v |75.31|74.37|76.24 | 73.46 | 74.85
M2 73.97|75.34|76.89 | 74.27 | 75.12 v v 176.32|76.50 | 77.20 | 76.78 | 76.70

(a) Ablation on different Pseudo Mask. (b) Ablation on MLF and CAR in stage 1.

Table 3: Ablation study for (a) different Pseudo Masks and (b) the effects of multi-layer
fusion (MLF) and Channel Attention Reactivation (CAR) in Stage 1.

Ablation on Final Segmentation In Table 4(a), the QFMF module comprises the QKE and
the FVE. The experiments indicate that QKE effectively extracts discriminative information
from tissue textual knowledge. FVE successfully captures global semantic information from
images through low-pass Fourier convolution. Overall, our QFMF, resulted in a performance
improvement of 1.94%. Additionally, the query-based mask decoder could identify class-
specific features on the image, contributing to a further increase of 1.01% in performance.
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79.5

QKE |FVE |QMD | TE | NEC | LYM | TAS | mloU .
X | X | X |7352]7634]7853]75.89]76.07 S Y
X | v | X |7641|77.47|78.15|76.57|77.15 2os .
v | v | X |77.27|77.94|79.64 | 77.19 | 78.01
v | v | v |79.21]79.34|80.22|77.30 | 79.02 oL L =
Number of Tokens T
(a) Ablation for QKE, FVE, and QMD in stage 2. (b) Ablation on the Query 7.

Table 4: (a) Ablation study for Query-based Textual Knowledge Extractor (QKE), Fourier-
based Visual Extractor (FVE), and Query Mask Decoder (QMD) in stage 2. (b) Ablation on
the number of tokens for Query 7 in QFMF module.

Table 4(b) shows that using 10 learnable query tokens in the QFMF module yields the best
performance, enabling T to capture relevant knowledge most effectively.

Analysis of Different Prompts During the segmentation stage, Table 5(a) compares four
text encoders: MedCLIP, PLIP, QuiltNet and CONCHCLIP. Except for MedCLIP, all others
are pre-trained based on histopathology. The results show that CONCHCLIP achieves the
best performance while MedCLIP performs the worst, underscoring the value of external
pretraining knowledge in histopathology. In Table 5(b), we further contrast different forms
of text inputs and demonstrate that textual knowledge conveys discriminative information
that text labels cannot. Refer to the supplementary material for additional ablation studies.

Text encoder TE | NEC |LYM | TAS | mloU
MedCLIP [40] |75.24|77.39|75.27|76.77|76.17

PLIP [20] 75.27|78.14|75.29 | 76.88 | 76.40 TE | NEC | LYM | TAS | mloU

QuiltNet [21] | 79.24|82.49|74.02|77.22| 78.24 Text Label | 77.23 | 78.52 | 79.14 | 76.97 | 77.97
CONCHCLIP [35]|79.21 | 79.34 | 80.22 | 77.30 | 79.02 Textual Knowledge | 79.21 | 79.34 | 80.22 | 77.30 | 79.02
(a) Ablation on different text encoders. (b) Ablation on different text input

Table 5: Ablation study for prompt engineering.

;' j

7Y

a

Ours

Figure 2: Visualization of segmentation results generated by MLPS, TPRO, and our method.
The green boxes highlight regions where the proposed method performs better than the other
methods. The tissue types include tumor epithelial (red), necrosis (green), tumor-associated
stroma (orange), and lymphocyte (blue).

Qualitative Analysis Figure 2 illustrates our evaluation of two representative baselines: the
vision-based MLPS [17] and the text-based TPRO [46]. MLPS generates pseudo masks by
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eliminating highly discriminative parts to force the network to focus on small areas, usually
sacrificing key structural information. TPRO, on the other hand, depends solely on inter-
modal similarity and thus struggles to achieve accurate alignment across modalities. By
contrast, our method significantly outperforms both, as shown by the comparative results.

5 Conclusions

This paper presents a two-stage weakly supervised tissue segmentation framework that bridges
visual and textual modalities, leveraging two types of textual inputs to guide the segmenta-
tion process. To address the issue of insufficient supervision in prior methods, the framework
integrates channel attention—reactivated visual features with linguistic cues derived from
simple text labels, enabling the generation of high-quality pseudo-masks. A query-based
text extractor and a visual extractor using low-pass Fourier convolution are employed to
capture global semantic information and facilitate complementary cross-modal interactions.
Finally, a query-driven mask decoder precisely segments target tissue categories, enhancing
the overall effectiveness of the segmentation process.
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