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Abstract. Placental pathological image classification plays a pivotal
role in revealing pathological mechanisms underlying pregnancy-related
diseases and supporting reliable clinical diagnosis. Existing whole slide
image (WSI) classification methods often struggle to capture the substan-
tial visual diversity across WSIs within a dataset, which limits their gen-
eralization ability. Additionally, current vision-language models lack ef-
fective semantic alignment between patch-level visual features and global
contextual information, leading to insufficient fusion of visual and se-
mantic cues. To address these challenges, we propose ProtoSG-Net,
a Prototype-guided Semantic Graph learning network for WSI classi-
fication. Specifically, we design a non-parametric prototype generation
module to model dataset-level representative visual diversity, guiding
the key patch selection. Subsequently, a prototype-guided semantic cali-
bration module is introduced to learn the relationships between selected
key patches. The calibration module refines the semantic hierarchy of
pathological attribute texts and further enhances the alignment between
visual and textual features. Extensive experiments are conducted on a
self-constructed placental dataset and 2 public datasets, demonstrating
the effectiveness and efficiency of the proposed method. Code is available
at https://github.com/ECNU-MultiDimLab/ProtoSG-Net.

Keywords: Whole Slide Image Classification · Multimodal Learning ·
Placental Pathology · Prototype Learning.

1 Introduction

Placental pathology assessment is essential for understanding the underlying
mechanisms of pregnancy-related diseases and providing accurate clinical di-
agnosis [24, 5]. Accurate whole slide image (WSI) classification is fundamental
in this process, revealing critical insights into tissue abnormalities by analyz-
ing pathological information at various scales [6, 1]. Existing WSI classification
methods select representative patches for efficient analysis. These patch selec-
tion methods tend to focus on individual WSIs without considering dataset-level



2 Z. Gao et al.

Fig. 1. Comparison of different textual prompts for vision-language alignment.

visual diversity [7, 21]. This diversity arises from variations like integrity, matura-
tion, and inflammation, limiting the model’s generalization ability and adversely
affecting performance in real-world scenarios.

Textual prompts have been introduced to understand broader dataset con-
text, which can be categorized into two main types: label-level text and fine-
grained text [19, 10]. As shown in Fig. 1, the former one offers high-level disease-
related pathological features but lacks the necessary details of WSIs [5, 15]. The
latter one provides more detailed insights by describing various pathological pat-
terns of each disease type [16, 6]. While this more detailed information is bene-
ficial, it often treats each description as an isolated entity, failing to model how
finer details build upon broader categories. Therefore, fine-grained text prompts
struggle to capture hierarchical relationships between disease characteristics at
different levels.

Since fine-grained text prompts are increasingly constructed for WSI anal-
ysis, the challenge lies in effectively integrating them with visual features. Ex-
isting vision-language fusion methods can be generally categorized into three
approaches: contrastive learning [12, 4], cross-attention [5, 19, 27], and distance-
based matching approaches [6, 20]. Contrastive learning-based methods maxi-
mize the similarity between matching visual-textual pairs but often struggle
to capture the intricate relationships across modalities. Cross-attention mecha-
nisms are designed to align visual and textual features, but they are prone to
overfitting and fail to handle complex hierarchical relationships. Distance-based
matching, while useful for measuring similarity, often lacks the flexibility needed
to model the full diversity of visual and textual data. While these methods have
been successful in several tasks, they face limitations in addressing dataset-level
diversity and complex hierarchical structures.

To solve these challenges, we propose a Prototype-guided Semantic Graph
learning Network for WSI classification, named as a ProtoSG-Net. Specifi-
cally, we introduce an attribute-aware prototype guided patch selection mod-
ule, leveraging the non-parametric dataset-level prototype generated from WSIs
and the coarse-grained attribute texts. Additionally, we design a semantic-aware
prototype guided graph learning module, which models the interactions between
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Fig. 2. Overview of the proposed ProtoSG-Net: Key Patches are selected in Attribute-
Aware Prototype-Guided Patch Selection module guided by the dataset-level prototypes
generated based on coarse-grained texts. The relationship between adjacent patches
is learned in Semantic-Aware Prototype-Guided Graph Learning module. Specifically,
the semantic adjacency information derived from fined-grained multimodal feature is
calibrated by the former prototypes. Finally, the semantic information guides the global
feature analysis by graph learning for precise WSI classification.

fine-grained attributes and key patches, and calibrates them using the above
prototypes. The calibrated semantic feature enables more effective analysis of
patch correlations beyond spatial adjacency, improving WSI classification.

2 Method

2.1 Problem Definition and Network Structure

Given a pathological WSI dataset D = {X,T,Y} where X is the WSI set,
T = {Tc,Tf} is its corresponding coarse- and fine-grained descriptions and Y
is the true classification labels, our goal is to predict the disease type. Fig. 2
illustrates the architecture of the proposed ProtoSG-Net for WSI classification.
For the ith case, we extract its patch-level features using a pre-trained image
encoder and construct non-parametric visual prototypes to capture dataset-level
morphological diversity and guide the selection of the top-K key patches. To
enhance multimodal alignment, we further incorporate pathological attribute
texts into a semantic calibration module to obtain the relationship between
adjacent patches. The relationship matrix guide the following graph learning
for robust and generalizable case-level prediction.
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2.2 Attribute-Aware Prototype Guided Patch Selection

Primary Multimodal Feature Extraction. For each patient, we partition
the WSI into non-overlapping patches and extract patch-level features using the
pre-trained pathology vision encoder UNI [2]. For the ith case, patch embedding
set is denoted as Fvi = {fvij}

Ni
j=1, where Ni represents the number of patches

and fvij
is the jth embedding. To reduce patch redundancy, we first apply an

n × n sliding window over the patch grid to remove visually similar patches by
computing pairwise similarities between patch embeddings [5]. In the placenta
dataset, where each patient may correspond to multiple WSIs, we concatenate
the features from all slides of the same patient as a unified patient-level WSI
representation. This procedure produces a filtered patch-level feature set F ′

vi
.

Non-Parametric Prototype Generation. To further capture representative
visual features, we design a non-parametric prototype generation module by inte-
grating intra- and inter-WSI information. For the ith WSI, we perform intra-WSI
K-means clustering on its patch-level features to derive slide-level prototypes Psi :

Psi = KMeans(Fvi
) = {psik}

KS

k=1, (1)

where psik denotes the kth prototype of the ith WSI and KS is the number of the
slide-level prototypes. While the prototypes can capture local morphological pat-
terns, they are confined to individual WSI distributions. To model dataset-level
visual diversity, we aggregate prototypes from all WSIs and perform inter-WSI
clustering to derive global dataset-level prototypes Pd. These dataset-level pro-
totypes summarize recurrent tissue patterns across slides and provide a compact
representation of dataset-wide morphological variations.

Pd = KMeans

(
M⋃
i=1

Psi

)
= {pdj

}KD
j=1, (2)

where M is the number of cases, KD is the number of dataset-level prototypes
and pdj

is the jth prototype.
Beyond visual features, we also introduce coarse-grained attribute texts to

provide high-level semantic descriptions of tissue morphology, encompassing key
pathological properties such as tissue differentiation, spatial organization, cel-
lular morphology, and boundary characteristics. These texts serve as global se-
mantic priors of subsequent visual -semantic modeling. These attribute texts are
encoded using a pre-trained text encoder BERT [3] to obtain textual feature
Fct = {ti | i = 1, · · · , NT}, where NT is the number of attribute texts. Subse-
quently, we project the textual feature Fct into the visual embedding space via
a fixed transformation, yielding t̃i, and compute the cosine similarity between
each visual prototype pdi

∈ Pd and the projected textual feature Fct to construct
a visual-semantic association matrix Ac ∈ RKD×NT . This association matrix is
then utilized to aggregate semantic information for prototype refinement.

Acij =
p⊤di

t̃j

∥pdi∥2 ∥t̃j∥2
, t̂i =

NT∑
j=1

Softmax(Acij ) t̃j . (3)
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The aggregated semantic representation is concatenated with the original visual
prototypes to obtain the refined prototype set:

P ′
d = {p′di

}KD
i=1 =

{
pdi ∥ t̂i

}KD

i=1
. (4)

The refined dataset-level prototypes are then projected into the same feature
space as the patch embeddings. We compute the pairwise similarities between
them and perform a second-stage selection by retaining the top-N patches with
the highest similarity scores. The filtered feature set is defined as F ′′

vi
= {fvij

}Nj=1.

2.3 Semantic-Aware Prototype-Guided Graph Learning

Prototype-Guided Semantic Calibration. To bridge the semantic granu-
larity gap between global attribute descriptions and local patch-level represen-
tations, each coarse-grained pathological attribute is expanded into three fine-
grained semantic states with different intensity levels. These fine-grained at-
tribute texts are encoded using a pre-trained BERT model, producing textual
embeddings Fft = {t̃i | i = 1, · · · , 3NT}. Subsequently, we compute patch-text
similarities between Fft and the filtered patch features F ′′

vi
in a unified em-

bedding space, generating a patch-text affinity matrix S. This affinity is then
propagated through the shared attribute space to derive a semantic adjacency
matrix: Af = SS⊤, where each entry quantifies the semantic correlation between
two patches mediated by fine-grained pathological attributes.

Patch–text similarities derived from fine-grained attributes capture only local
semantics and may suffer from noise due to limited contextual information. To
address this issue, we introduce a prototype-guided semantic calibration mod-
ule, where global prototypes serve as dataset-level intermediates encoding the
semantic association of recurrent visual patterns. Specifically, we compute the
similarity between the refined prototypes P ′

d and the final filtered patch features
F ′′
vi

, generating a patch-prototype similarity matrix App ∈ RN×KD . We reuse
the prototype–attribute similarity matrix Ac to obtain a coarse-grained patch-
attribute preference matrix: P = AppAc, where P ∈ RN×NT . To align with
fine-grained attribute modeling, each column of P is replicated three times to
form a fine-grained patch-attribute preference matrix P̃ ∈ RN×3NT . While P
captures coarse attribute preferences at a global level, P̃ encodes fine-grained
semantic priorities for each patch under the prototype-guided prior.

We then calibrate the patch-text similarity matrix S by incorporating the
prototype-guided preference: Ŝ = γP̃ + S, where γ is a learnable scaling coeffi-
cient controlling the strength of semantic calibration. The calibrated semantic
adjacency matrix is defined as: Âf = ŜŜ⊤. Finally, to jointly model semantic and
visual relationships among patches, we construct the unified adjacency matrix:

Afinal = αÂf + (1− α)Avis, (5)

where Afinal ∈ RN×N , α ∈ [0, 1] balances semantic and visual contributions, and
Avis denotes visual adjacency matrix computed from patch-level visual features.
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Semantic-Aware Graph Learning. Given the final adjacency matrix Afinal,
we construct a patch-level graph that encodes inter-patch relationships, followed
by a lightweight graph convolutional network (GCN). The GCN-generated fea-
tures serve as the Key and Value in the subsequent cross-attention module in
decoder. The filtered patch features F ′′

vi
are enhanced via a self-attention block

to capture local contextual dependencies and used as the Query in the cross-
attention. This cross-attention mechanism enables each patch to selectively at-
tend to graph-enhanced representations, effectively integrating both local con-
textual information and global visual-semantic structure.

Fpatchi
= CrossAttn(SelfAttn(F ′′

vi
),H,H),H = GCN(Afinal, F

′′
vi
). (6)

Finally, global mean pooling is applied across the patch dimension to derive
a case-level representation for classification. For optimization, we adopt Focal
Binary Cross-Entropy Loss [13]. For testing, the dataset-level prototypes gener-
ated from the training set are directly reused for patch selection, while all other
inference procedures remain identical to those in training.

3 Experiments

3.1 Experimental Settings

Datasets. We evaluate ProtoSG-Net on three datasets: a private Placenta dataset
and two public datasets (TCGA-NSCLC [23] and Camelyon+ [14]). Placenta
contains 1,483 WSIs from 620 patients with three pathological subtypes: avas-
cular villi (284), placental infarction (177), and acute chorioamnionitis (375).
Each patient provides 2–4 WSIs, treated as a single bag for patient-level multi-
label classification. The dataset is split at patient level into training, validation,
and test sets with a 7:1.5:1.5 ratio. These public datasets are separately split
using a 6:2:2 ratio. To construct hierarchical attribute texts for visual–semantic
alignment, we use GPT-5.2 to generate pathology-related descriptions. Coarse-
grained morphological attributes are defined and expanded into three intensity
levels (high, moderate, low) to form fine-grained texts. All texts are manually
reviewed for medical plausibility and semantic consistency.
Implementation Details. We use the Adam optimizer and an initial learning
rate of 1 × 10−4, which decays linearly during training. Patch filtering uses a
sliding window of size 4 × 4. For Placenta and TCGA-NSCLC, KS is set to 7,
KD to 15, and N to 4000. For Camelyon+, KS is set to 20, KD to 15, and N to
3000. We set α = 0.5 and initialize the learnable parameter γ to 0.3. To evaluate
performance at both patient and slide level, we report Acc, F1, AUROC and
PRAUC, which are suitable for multi-label and class-imbalanced classification
tasks. All experiments are conducted on one NVIDIA GeForce RTX 4090 GPU.

3.2 Comparison with SOTA Methods

As shown in Table 1, we compare ProtoSG-Net with current state-of-the-art
models. EmmPD [5] is a vision-language model, while the others are purely
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Table 1. Classification performance (%) evaluation of our model and SOTA methods.
The best results are highlighted in bold, and the second-best results are underlined.

Method
Placenta TCGA-NSCLC Camelyon+

ACC F1 ROC
AUC

PR
AUC

ACC F1 ROC
AUC

PR
AUC

ACC F1 ROC
AUC

PR
AUC

ABMIL[8] 65.23 67.56 70.95 61.72 94.74 94.63 98.68 98.83 86.52 62.82 91.66 70.96
CLAMSB[17] 74.19 71.88 77.97 71.36 95.69 95.48 99.17 99.23 87.59 65.13 88.44 68.71
TransMIL[18] 67.03 61.98 69.77 61.72 96.17 96.00 99.14 99.28 88.65 65.12 92.85 74.47

DSMIL[9] 45.88 62.90 67.59 63.77 95.22 95.10 99.08 99.18 86.52 66.05 88.98 69.92
DTFDMIL[26] 45.88 62.90 75.00 68.95 94.74 94.53 98.26 98.41 87.23 62.21 89.31 69.21

S4MIL[25] 70.25 58.29 67.60 61.72 95.69 95.65 99.12 99.17 87.94 66.65 91.26 73.46
WiKG[11] 73.84 70.45 75.73 69.24 95.22 95.15 98.41 98.28 86.88 60.23 85.57 68.08

RRTMIL[22] 64.16 57.98 60.60 57.30 95.69 95.69 98.94 99.09 88.30 64.78 91.03 74.90
GDFMIL[28] 69.53 64.14 71.79 66.87 94.74 94.79 99.29 99.39 87.23 62.56 87.95 69.23
GMamba[29] 66.31 60.17 69.13 62.69 93.78 93.66 98.31 98.36 87.23 62.79 86.26 66.62
EmmPD[5] 76.34 72.95 79.36 72.15 94.74 94.74 99.13 99.19 86.88 66.02 92.02 70.55

ProtoSG-Net 78.49 75.61 78.70 73.46 97.13 97.00 99.36 99.45 89.36 72.66 92.86 77.35

Fig. 3. Attention heatmaps of two slides from one case, showing the retained patches
with the highest attention scores highlighted.

.

Table 2. Ablation study (%) of key components in ProtoSG-Net.

Module
Placenta TCGA-NSCLC Camelyon+

ACC F1 ROC
AUC

PR
AUC

ACC F1 ROC
AUC

PR
AUC

ACC F1 ROC
AUC

PR
AUC

w/o SC&GCN 70.97 67.21 75.66 66.56 94.74 94.74 99.32 99.41 84.75 60.81 86.94 68.13
w/o SC&Text 72.40 68.83 74.94 67.97 95.22 95.05 99.13 99.18 86.17 60.64 90.11 68.65

w/o SC 75.27 69.33 76.41 69.36 96.17 96.12 99.19 99.35 87.94 66.03 90.79 69.31
w/o PS 73.84 66.36 75.44 69.65 96.17 96.12 98.85 99.05 86.52 61.23 89.21 68.90

ProtoSG-Net 78.49 75.61 78.70 73.46 97.13 97.00 99.36 99.45 89.36 72.66 92.86 77.35

image-based models. All models use UNI [2] as the feature extractor. Under
identical settings, ProtoSG-Net consistently outperforms all baselines across
three datasets. In particular, ProtoSG-Net improves Accuracy, F1, AUROC, and
PRAUC by 0.71-32.61%, 1.00-17.63%, 0.01-18.1%, 0.06-16.16%, respectively. To
further validate these results, we visualize two WSIs from a representative pla-
centa case in Fig. 3. We generate attention heatmaps over the patches retained
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Fig. 4. Impact of Hyper-Parameters.

by the patch selection module and highlight the top-scoring patches, with their
attention scores annotated in the upper-right corner. These high-attention re-
gions are concentrated in the typical lesion areas of acute chorioamnionitis. The
corresponding patches show neutrophil infiltration and enhanced eosinophilic
staining, demonstrating that the model focuses on pathologically meaningful re-
gions. All the results demonstrate the superiority of the proposed ProtoSG-Net.

3.3 Ablation Study

Impact of Key Modules. We conduct ablation studies by progressively remov-
ing key modules from the full model, including prototype-guided patch selection
(PS), semantic calibration (SC), the GCN module, and the text branch. Specif-
ically, removing SC disables semantic calibration on Af , while the graph is still
constructed based on Afinal. Removing the text branch while preserving the GCN
forces graph learning to rely solely on Avis, with prototypes generated without
textual information. As shown in Table 2, removing the prototype-related com-
ponents consistently leads to performance degradation, highlighting the impor-
tance of non-parametric prototypes in capturing representative patterns and the
importance of semantic calibration in constructing reliable semantic graphs.
Impact of Hyperparameters. To investigate the impact of key hyperparam-
eters on model performance, we conduct experiments by varying number of re-
tained patches (N), coefficient α, number of prototypes (KD), and initial value
of γ, as shown in Fig. 4. The optimal numbers of patches for Placenta, TCGA-
NSCLC, and Camelyon+ are 4000, 3500, and 3000, respectively. A coefficient α
of 0.5 provides the best results across all datasets, balancing semantic and visual
alignment for graph construction. The number of prototypes is set to 15 for op-
timal performance, as increasing the number leads to overfitting. The learnable
parameter γ achieves the best performance when initialized to 0.3.
Text Robustness and Fairness Analysis. We further evaluate the reliabil-
ity of the textual branch from two aspects. For robustness, we add Gaussian
noise (mean = 0, std = 0.01, 0.1, 0.5) to text embeddings, and observe that
performance remains stable with less than 2% variation in Acc and F1 across
all datasets. For a fair comparison, EmmPD [5], a multimodal model with tex-
tual inputs in Section 3.2, is evaluated under the same GPT-5.2-generated text
setting as our method. Under this setting, EmmPD achieves 75.27%, 94.74%,
87.59% Acc on Placenta, TCGA-NSCLC, and Camelyon+, respectively, while
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our method consistently outperforms it across all datasets, indicating that the
improvements are not due to differences in LLM backbones.

4 Conclusion

In this work, we propose a prototype-guided semantic graph learning network
for WSI classification. By introducing an attribute-aware prototype-guided patch
selection module and a semantic-aware graph learning mechanism, our method
strengthens multimodal alignment between hierarchical attributes and key vi-
sual patches, thereby enabling effective graph learning. Extensive experiments
on three datasets exhibit exceptional performance and strong generalization ca-
pability of our method. In future work, we plan to validate our method on larger
multi-center datasets and explore its extension to other downstream works.
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