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Abstract

In computational pathology, few-shot whole slide image
classification is primarily driven by the extreme scarcity
of expert-labeled slides. Recent vision-language meth-
ods incorporate textual semantics generated by large lan-
guage models, but treat these descriptions as static class-
level priors that are shared across all samples and lack
sample-wise refinement. This limits both the diversity and
precision of visual-semantic alignment, hindering general-
ization under limited supervision. To overcome this, we
propose the stochastic MUIti-view Semantic Enhancement
(MUSE), a framework that first refines semantic precision
via sample-wise adaptation and then enhances semantic
richness through retrieval-augmented multi-view genera-
tion. Specifically, MUSE introduces Sample-wise Fine-
grained Semantic Enhancement (SFSE), which yields a fine-
grained semantic prior for each sample through MoE-based
adaptive visual-semantic interaction. Guided by this prior,
Stochastic Multi-view Model Optimization (SMMO) con-
structs an LLM-generated knowledge base of diverse patho-
logical descriptions per class, then retrieves and stochas-
tically integrates multiple matched textual views during
training. These dynamically selected texts serve as en-
riched semantic supervisions to stochastically optimize the
vision-language model, promoting robustness and mitigat-
ing overfitting.  Experiments on three benchmark WSI
datasets show that MUSE consistently outperforms exist-
ing vision-language baselines in few-shot settings, demon-
strating that effective few-shot pathology learning requires
not only richer semantic sources but also their active and
sample-aware semantic optimization. QOur code is avail-
able at: https://github.com/JiahaoXu—god/
CVPR2026_MUSE.

*Corresponding author
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Figure 1. Comparison of MUSE with existing VLM-based MIL
methods. (a) VLM-based MIL methods incorporate pathological
text and enable cross-modal interaction between text and image
modalities. (b) Our method performs fine-grained modeling of
semantics and enables interaction between text and image modal-
ities, while enhancing text diversity through knowledge base re-
trieval and stochastic optimization.

1. Introduction

Computational pathology (CPath) [7, 8, 40], a key branch of
digital pathology [31], leverages advanced machine learn-
ing to enable objective and quantitative analysis of whole
slide images (WSIs). These methods support automated di-
agnosis by interpreting complex histopathological patterns.
However, the extreme scale and structural heterogeneity
of WSIs present major obstacles to end-to-end learning.
To circumvent the need for exhaustive pixel-level annota-
tions, weakly supervised learning has become the de facto
paradigm, most notably through the multiple instance learn-
ing (MIL) framework [23, 29, 36, 42].

Conventional MIL approaches for WSI analysis [9, 20,
26, 41, 45, 48, 49] typically follow a three-stage pipeline:
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(1) patch extraction, (2) feature encoding via a pretrained
backbone, and (3) bag-level aggregation under slide-level
supervision. These methods have demonstrated strong per-
formance in tasks such as cancer diagnosis [20, 41], subtyp-
ing [9, 26, 49], and survival prediction [45, 48]—but only
when sufficient labeled WSIs are available.

In practice, however, acquiring slide-level annotations
requires expert pathologists and is further constrained by
stringent data privacy regulations. Consequently, labeled
WSIs are not only scarce but often limited to just a few
examples per diagnostic category. This reality necessitates
a few-shot learning paradigm, where models must gener-
alize from minimal labeled slides. Under such extreme
data scarcity, visual features alone are insufficient to capture
the nuanced diagnostic criteria that distinguish pathological
subtypes. Instead, high-level semantic knowledge such as
disease descriptions, histological terminology, and clinical
narratives becomes critical. Such semantics encode invari-
ant diagnostic principles shared across patients and institu-
tions, offering a powerful inductive bias for generalization.

Motivated by this, recent data-efficient methods [10, 15,
33, 34, 38] leverage vision-language models (VLMs) [24,
35] pretrained on large-scale image-text corpora to align
histopathological patterns with their corresponding textual
semantics. By fusing or interacting visual and semantic
representations, these approaches aim to solve the few-shot
WSI classification (FSWC) problem, effectively using lan-
guage as a proxy for expert knowledge when labeled data is
unavailable.

Recent vision-language methods for computational
pathology have moved beyond generic models trained on
natural images by adopting pathology-specific foundation
models such as PLIP [18], CONCH [28], and MUSK [46].
These models are pretrained on large-scale histopathology
image-text pairs via contrastive learning [18, 19, 28, 46]
and provide domain-aligned encoders for both modalities.
Building on this progress, several approaches [14, 30, 38,
39] leverage large language models to generate additional
textual descriptions and design cross-modal interactions be-
tween text and patch features, as shown in Figure 1(a).
However, large language models are typically used only as
description generators rather than semantic optimizers, re-
sulting in static and unrefined textual prompts.

This superficial use of semantics leads to two key lim-
itations. First, complex pathological concepts are often
collapsed into a single global query, preventing disentan-
glement of fine-grained diagnostic attributes such as tumor
grade or immune infiltration. As a result, visual-semantic
alignment remains coarse and fails to attend to diagnos-
tically relevant regions with concept-level precision. Sec-
ond, the reliance on unoptimized prompts ignores the struc-
tural diversity of clinical language, including variations in
abstraction level, contextual nuance, and syntactic formula-
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tion. Under few-shot settings, this not only underutilizes the
expressive capacity of the text encoder but also encourages
overfitting to specific phrasings, degrading generalization
across clinical contexts.

To address the aforementioned limitations, we propose a
stochastic MUIlti-view Semantic Enhancement framework,
abbreviated as MUSE. As shown in Figure 1(b), the core
idea of MUSE is to jointly enhance the model’s general-
ization capability through precise semantic perception and
enriched semantic diversity. Our framework consists of
two core components: Sample-wise Fine-grained Seman-
tic Enhancement (SFSE) and Stochastic Multi-view Model
Optimization (SMMO). SFSE enhances semantic preci-
sion through decompositional semantic refinement and fine-
grained, query-driven sample-wise cross-modal interaction.
SMMO promotes semantic diversity by retrieving multi-
view textual descriptions from a contextual semantic knowl-
edge base generated by an LLM with semantics refined by
SESE, followed by a fast stochastic optimization process for
final WSI classification. These components enable MUSE
to achieve strong generalization in few-shot settings. Ex-
tensive experiments on multiple widely used WSI datasets
show that our method achieves superior performance com-
pared to existing FSWC baselines. The main contributions
of our paper can be summarized as follows:

* We propose the MUSE framework, which improves
semantic understanding in multiple instance learning
through fine-grained semantic modeling and effective ex-
ploitation of semantic diversity, significantly boosting
generalization in few-shot scenarios. To the best of our
knowledge, this work is the first attempt to improve few-
shot WSI classification performance from the perspective
of semantic optimization.

We propose an MoE based mechanism that decomposi-
tionally refines category level semantics and adapts them
to individual samples through interaction with visual fea-
tures. This enables the learning of sample-wise seman-
tic priors that capture fine-grained semantic cues, thereby
enhancing semantic precision beyond conventional class
level representations.

We build an LLM-generated knowledge base of multi-
view and class-specific pathological descriptions, whose
semantic diversity offers complementary signals for few-
shot learning. Guided by SFSE-refined sample-wise pri-
ors and integrated stochastically, these multi-view seman-
tics enhance generalization under limited labels.

2. Related Works
2.1. Multiple Instance Learning in CPath

Due to the ultra-high resolution of whole-slide images
(WSIs), multiple instance learning (MIL) has become the
standard framework in computational pathology. MIL-



based methods have demonstrated strong performance on
WSI diagnosis, subtyping, and prognosis tasks [20, 26,
45, 48, 49]. A typical pipeline first tiles the WSI into
patches, extracts features using a pretrained encoder, and
then aggregates these features to predict the slide-level la-
bel. Early aggregators relied on parameter-free pooling op-
erations [6]. Subsequent works introduced learnable mech-
anisms to identify diagnostically relevant patches. AB-
MIL [20] uses attention to assign importance scores to in-
dividual patches. CLAM [27] enhances this with cluster-
ing constraints to localize critical regions. TransMIL [37]
models global inter-patch dependencies via self-attention,
while graph-based methods [16, 25, 50] incorporate spatial
structure to improve contextual reasoning. However, under
sparse annotations, models relying solely on visual features
often underperform, highlighting the need to integrate do-
main knowledge for effective weakly supervised learning.

2.2. Vision-Language Models in CPath

General-purpose vision-language models such as CLIP
[35] and BLIP [24] have demonstrated strong performance
across a wide range of visual tasks [13, 17, 21, 47]. In
computational pathology (CPath), domain-adapted founda-
tion models including PLIP [18], CONCH [28], and MUSK
[46] leverage large-scale pathological image-text data to
improve diagnosis and downstream analysis. To address
sparse annotations, recent works integrate these models into
the MIL framework by exploiting their few-shot and zero-
shot transfer capabilities. Top [33] introduces the FSWC
paradigm using text-guided patch aggregation for WSI clas-
sification under data scarcity. ViLa-MIL [38] proposes
a dual-scale MIL framework that fuses textual descrip-
tions with image features at multiple resolutions. FOCUS
[14] enhances representation quality through a knowledge-
guided adaptive visual compression mechanism. However,
these methods treat semantic prompts as static category-
level descriptors, ignoring both sample-wise fine-grained
semantics and the structural and perspectival diversity of
clinical language, thereby limiting the expressiveness of
vision-language learning.

3. Methodology

3.1. Overview

We propose a stochastic multi-view semantic enhancement
framework for few-shot whole slide image classification,
termed MUSE, as shown in Figure 2. The framework con-
sists of two core components: sample-wise fine-grained
semantic enhancement (SFSE) and stochastic multi-view
model optimization (SMMO). Through these components,
we achieve fine-grained semantic modeling and effectively
harness semantic diversity, thereby enhancing the model’s
understanding of the semantic modality and improving its

generalization capability under few-shot settings.

3.2. Fine-grained Semantic Enhancement

As shown in Figure 2(a), the sample-wise fine-grained se-
mantic enhancement (SFSE) comprises two components:
decompositional semantic refinement (DSR) and sample-
wise vision—text interaction (SVTI). DSR decomposes the
input textual semantics and isolates task-relevant core se-
mantic segments, which serve as semantic cues for cross-
modal interaction. SVTI employs cross-attention to dynam-
ically attend to visual patches using these cues as queries,
selectively aggregating semantically relevant features at the
sample level. This attention-driven fusion enriches the rep-
resentation with fine-grained, sample-wise, and context-
aware semantic information.

3.2.1. Decompositional Semantic Refinement

To adapt the frozen pathology foundation model to the
downstream FSWC task, we augment each category name
¢ € C with M learnable prompt vectors. For example,
in CAMELYON [3, 4], categories include “normal lymph
node” and “metastatic lymph node”. The resulting text
prompt for category c is formulated as:

T.=[VIilVl]z.-. [V]umlel, €))

where [V]; € R? (i = 1,..., M) are trainable embeddings.
This prompt is encoded by the text encoder Er(-) of the
foundation model to produce a textual feature representa-
tion D € R‘C|Xd, where each row D, corresponds to the
encoded semantics of the ¢-th category.

Although prompt tuning enhances task adaptability, the
resulting representation remains holistic and lacks explicit
fine-grained structure. To address this, the Decomposi-
tional Semantic Refinement (DSR) module refines D into
task-relevant semantic cues. Specifically, inspired by the
Mixture-of-Experts (MoE) paradigm, we construct R ex-
pert query matrices {WiQ}fil. A lightweight router net-
work scores each expert based on the input semantics:

S =G(D) +¢(D), 2)

where S € RI®IXE G(.) is a linear projection, and ¢(D)
injects input-dependent Gaussian noise to encourage expert
diversity and prevent collapse.

For each category i, we select the top-k experts with the
highest scores and retrieve their corresponding query ma-
trices {ijg } ;‘?:1. The semantic decomposition is then per-
formed via:

Qij = DiWy

177

j=1,...,k 3)

This yields a set of refined semantic cues {Q;; };?:1 for cat-
egory i, which serve as semantic queries for sample-wise
vision—text interaction in the subsequent stage.

33913



x)

LLM-based Multi-view Semantic Retrieval \ '
e ] = 1
| I o —~ [
4 .
! Class names | 2 () Guide té Generate i
=g ] m b - 1
|:| for dataset 1 & o Knowled% Base| | !
. | e Retrieval [
___________________________ .
- ‘ [
— N 1y
! : Top k Text Queue ! b
s ) i e 1
L I s Sttty Mty S U N (LIl Sl el 1
: \ ‘, 1 Stochastic Optimization with ‘, 1
1 b 1 1 ! Multiple-Semantics ' '
! i . 1 ' Dequeue | 1
N Y] HE |
I [ Ly o 1 Classifi !
Lo Multi-head i :D: ¥ —z—‘sim—le—r ——————— X
: A 4’;n'ntijulll : i ?I : : H : : : 2 '
‘ ‘-L)'D 1 ' 2 .
= 1 : : : 1 i‘f’ : !
17 1 1
g L s _roge!|f !
£N ? : Fusion P
& 1 1!
: | ¥
) 1 ! :
- 1 : ,
1
— e Finallogic _________ 100 7 L
7

(a) Sample-wise Fine-grained Semantic Enhancement

(b) Stochastic Multi-view Model Optimization

Figure 2. Overview of the proposed MUSE framework. (DSR: Decompositional Semantic Refinement. SVTI: Sample-wise Vision-Text
Interaction) (a) The input semantic information is decomposed and modeled in a fine-grained manner. We then leverage the refined semantic
representations to extract sample-relevant visual-semantic information and facilitate cross-modal interaction. (b) The semantic-enhanced
features are used to retrieve relevant texts from the multi-view text knowledge base, and these retrieved texts are subsequently leveraged

through stochastic optimization to enrich semantic diversity.

3.2.2. Sample-wise Vision—Text Interaction

For each input WSI, we first employ the visual feature
extractor E7(-) of the foundation model to extract patch-
level features {b,,})_; and form a bag representation B €
RN X d.

Given the i-th category semantics D;, we leverage
the fine-grained semantic cues {Q;; }?:1 produced by
DSR, which encode discriminative sub-concepts relevant to
pathological diagnosis. The goal of SVTT is to dynamically
identify and fuse the subset of cues most aligned with the vi-
sual content of the current sample through vision—text inter-
action, thereby constructing a sample-level semantic prior.

Specifically, we compute multi-head cross-attention be-
tween each cue ();; and the visual bag B. For attention head
h, the alignment scores are:

QijWQ’h)(BWK’h)T
\% dhead 7

where W& WHKh ¢ RIXdd gre learnable projection
matrices.

To focus on regions highly correlated with the semantic
cues, we retain only the top-r% patches with the highest
attention scores for each head. Let Ilhj denote the corre-
sponding index set. The filtered value projection is then:

(
Al = 4)

Vh,ﬁltered — BI{TJ WV,h’ (5)

)

with WVh ¢ R4 da a5 the value projection matrix.
We aggregate across heads to obtain a vision—text fused
representation for cue j:

head;, = Softmax(A};) Vi;?’ﬁ“ered’

fi; = Concat(head, ..., head ;)W ©,

(6)
(M

where WO € RHdeaxd jg the output projection matrix.

Finally, we combine the k£ fused representations using
the expert scores {.5;; f,l from the DSR router, and obtain
the final representation f through average pooling:

{Snorm}j:1 = SoftmaX({Sij }?—1)7 (8)
IC]
fi= Z S =1 2 Z e ®
j=1

The resulting vector f serves as a fine-grained semantic
prior for the input WSI with respect to the correspond-
ing text feature D. This prior reflects the semantic sub-
concepts most supported by the current sample visually, and
is specifically designed to serve as a query for retrieving
complementary textual knowledge from an external seman-
tic knowledge base in the subsequent stage.
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Figure 3. Our pipeline of the category related text knowledge base
generation. (a) We employ ChatGPT to analyze and decompose
the concepts associated with class names. (b) We leverage Chat-
GPT to construct concrete examples for each aspect. (c) We ran-
domly sample examples and combine them with prompts to guide
the locally deployed LLM in generating category knowledge base.

3.3. Stochastic Multi-view Model Optimization

As illustrated in Figure 2, the sample-specific semantic
prior f generated by SVTI is used to query a pathology-
oriented knowledge base, which is constructed offline via
LLM-guided generation using chain-of-thought (CoT) [44]
and in-context learning (ICL) [5] to produce diverse, multi-
view textual descriptions. During training, the stochastic
multi-view model optimization retrieves a set of semanti-
cally complementary texts using f and randomly samples
one of them at each iteration to update the model, thereby
improving generalization through exposure to diverse se-
mantic views.

3.3.1. LLM-based Semantic Knowledge Base Generation

As shown in Figure 3, we construct a multi-view textual
knowledge base for each pathological category c by leverag-
ing category-level diagnostic concepts to guide LLM gener-
ation. The process involves three steps: concept decompo-
sition, exemplar generation, and knowledge base assembly.

First, we prompt GPT-4 with the category name to de-
compose its visual diagnostic criteria into four clinically
meaningful aspects: cellular morphology, tissue architec-
ture, color-staining characteristics, and spatial-texture pat-
terns (Figure 3(a)).

Next, for each aspect and category, GPT-4 generates 10
concrete exemplar descriptions (Figure 3(b)). To promote
semantic diversity, we form synthesis prompts by randomly
selecting one exemplar from each aspect and concatenat-
ing them. Due to API cost and time constraints, we use
a lightweight open-source LLM deployed locally to gener-
ate 300 multi-view descriptions per category based on these
prompts (Figure 3(c)).

Finally, all generated texts are encoded by the text en-

coder Ep(-) into feature vectors, forming the category-
specific knowledge base B.. Additional details are provided
in the Supplementary Material.

3.3.2. LLM-based Multi-view Semantic Retrieval

Given the sample-wise semantic prior f generated by SVTI
and the ground-truth category label c, we retrieve semanti-
cally relevant text features from the pre-constructed knowl-
edge base .. The retrieval is performed by computing co-
sine similarity between an adapted representation of f and
all entries in B,:

Tm = Top'mtEBc (Slm(A(f)7 t)>’ (10)

where A(-) is a lightweight adapter that aligns the feature
space of f with that of the text encoder, and Sim(-, ) de-
notes cosine similarity.

To facilitate subsequent stochastic utilization, the re-
trieved set 7}, is randomly shuffled and stored in a queue
structure, enabling sequential popping of text features in a
randomized order during optimization.

3.3.3. Stochastic Optimization with Multiple-Semantics

Building upon the retrieved text features 7,,, , we stochas-
tically incorporate diverse textual views to enrich semantic
representation. The set 75, is stored in a shuffled queue to
enable random access during training.

At each iteration, a single text feature ¢ is dequeued
from T,,. We apply Decompositional Semantic Refinement
(DSR) to decompose ¢ into fine-grained semantic queries
{Q; ?:1’ which are then processed by the Sample-wise
Vision-Text Interaction (SVTI) module together with the in-
put bag B to produce an auxiliary sample-wise prior f/,,.
This prior introduces semantic information from additional
textual views, thereby compensating for the semantic repre-
sentation of the primary prior f.

Both f and f%, are projected into logits via a shared
MLP:

Z = MLP(f)7 z;ux = MLP(f;UX)? (11)
and fused by summation:
2+ Zaux
2 = — (12)

The model is trained with cross-entropy loss:
L' = CE(zt,,, GT), (13)

where GT' denotes the sample-wise (slide-level) ground-
truth label.

By stochastically exposing the model to multiple textual
views from T, this procedure realizes multi-view seman-
tic compensation, thereby improving generalization in few-
shot scenarios. The full training algorithm is provided in
the Supplementary Material.
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4. Experiments

4.1. Experimental Settings
4.1.1. Datasets

To validate the effectiveness of MUSE, we conduct ex-
periments on three datasets: CAMELYON [3, 4], TCGA-
NSCLC [43], and TCGA-BRCA [43]. CAMELYON, de-
signed for breast cancer metastasis detection, consists of
591 normal slides and 308 slides containing metastases.
TCGA-NSCLC contains slides from two lung cancer sub-
types: lung adenocarcinoma (LUAD, 541 slides) and lung
squamous cell carcinoma (LUSC, 512 slides). TCGA-
BRCA contains two breast cancer subtypes: invasive ductal
carcinoma (IDC, 826 slides) and invasive lobular carcinoma
(ILC, 211 slides). Each dataset is split into training, valida-
tion, and test sets with a 6:2:2 ratio. In the few-shot setting,
we randomly sample k slides per class from the training set,
with k = 4, 8, 16.

4.1.2. Implementation Details

The original whole slide image (WSI) at 40x magnifica-
tion is processed by the CLAM toolset [27] into 512x512-
pixel patches. We utilize the text encoder and visual en-
coder of CONCH [28] to extract textual features and patch
features, respectively. To construct the multi-perspective
textual knowledge base, we first employ GPT-4 [I] for
concept decomposition and example generation, and then
build the knowledge base using a locally deployed Qwen-
7B model [2]. All experiments were conducted using Py-
Torch [32] on a single NVIDIA RTX 3090 GPU. Additional
implementation details are provided in the Supplementary
Material.

4.1.3. Evaluation Metrics

We use three evaluation metrics to assess model perfor-
mance: accuracy (ACC), area under the receiver operating
characteristic curve (AUC), and F1 score. To mitigate the
impact of dataset split variability in few-shot settings, we
repeat each experiment ten times and report the results as
mean =+ standard deviation.

4.2. Main Results

We evaluate MUSE under few-shot settings with 4, 8,
and 16 labeled slides per class on three histopathol-
ogy datasets: CAMELYON, TCGA-NSCLC, and TCGA-
BRCA. We compare against a comprehensive suite of state-
of-the-art methods, including traditional MIL approaches
(ABMIL [20], DSMIL [22], CLAM-SB/MB [27], Trans-
MIL [37], WiKG [25]), vision-language models (VLMs)
(Top [33], ViLa-MIL [38], FOCUS [14]), and simple ag-
gregation baselines (mean/max pooling). All methods use
CONCH [28] features for fair comparison. As reported in
Table 1, MUSE achieves consistently strong performance

and establishes new state-of-the-art results across most set-
tings. Notably, MUSE exhibits the largest gains when la-
beled data is most limited. In the 4-shot setting, it improves
ACC over the best baseline by 6.73%, 0.76%, and 2.34% on
CAMELYON, TCGA-NSCLC, and TCGA-BRCA, respec-
tively. In the 8-shot setting, MUSE outperforms the best
baseline in F1-score by 4.23%, 1.24%, and 1.60% on the
same datasets. Across all benchmarks, the performance gap
between MUSE and existing methods widens as the number
of shots decreases. This confirms that our framework effec-
tively leverages semantic priors to mitigate the scarcity of
visual supervision, which is a key challenge in medical few-
shot learning. We further observe that VLM-based methods
generally surpass conventional MIL approaches under low-
shot conditions, highlighting the value of semantic informa-
tion in whole-slide image classification. Crucially, MUSE
consistently outperforms all VLM baselines across all met-
rics in both 4-shot and 8-shot settings, validating the effec-
tiveness of our proposed semantic enhancement.

4.3. Ablation Studies

4.3.1. Component Analysis

To evaluate the contribution of each module in MUSE
to the overall performance, we conduct an ablation study
on CAMELYON using four variants under 4, 8, and 16-
shot settings. The results are reported in Table 2. BM
(Base MIL) denotes classification based solely on aggre-
gated patch features. TI (Traditional Interaction) refers
to feature aggregation after cross-attention between textual
prompts and patch features. SFSE and SMMO correspond
to the modules shown in Figure 2 (a) and (b), which perform
semantic fine-grained modeling and semantic diversity en-
hancement, respectively. The results show that performance
improves incrementally as each component is added. No-
tably, the SMMO module yields substantial gains under the
4 and 8-shot settings, highlighting its critical role in low-
data regimes.

4.3.2. Retrieval Strategy Ablation

To investigate the impact of retrieval strategies on perfor-
mance, we evaluate three approaches: Random, L2-norm,
and Cosine. Random selects text entries uniformly at ran-
dom from the knowledge base. L2-norm and Cosine re-
trieve the nearest text entries based on Euclidean distance
and cosine similarity in the feature space, respectively. Re-
sults in Table 3 show that similarity-based retrieval con-
sistently outperforms random selection. Moreover, cosine
similarity yields the best performance under both 4 and 16-
shot settings, demonstrating its effectiveness for semantic
alignment in few-shot WSI classification.

4.3.3. Optimization Strategy Ablation

We investigate the impact of different optimization strate-
gies on model performance. Multi-mean optimizes the net-
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Table 1. Few-shot weakly supervised learning results (presented in %) on CAMELYON, TCGA-NSCLC, and TCGA-BRCA under 4-shot,
8-shot, and 16-shot settings are presented. The best performance is highlighted in bold, and the second-best is underlined.

4-shot | 8-shot | 16-shot
Dataset Model

T T Acc AUC  FlScore | ACC AUC  FlScore | ACC AUC  FI Score
Mean Pooling 59.07 £3.03  51.19 x481  47.17 519 | 64.05 +414  61.53 1507 55.14 290 | 65.83 196 62.50 2456 55.04 +7.53

Max Pooling 62.93 +420  62.50 888 55.58 +7.61 | 70.37 500 74.63 +438  67.64 +444 | 7446 z646 7838 8.12  72.15 645

Z, ABMIL [20] 62.04 +2.77  58.98 737  49.61 +8385 | 71.52 x1041 75.05 +11.03  69.69 =10.15 | 82.37 +7.10 85.48 +622  81.04 +7.36
=) DSMIL [22] 59.44 900 54.45+1000 53.01 9.16 | 73.19 2693 74.63 969  70.20 2879 | 84.72 +511  87.80 +469  83.60 535
= CLAM-SB [27] | 57.59 +6.18  55.42 981  53.67 6.09 | 71.67 750 73.56 +1040 67.16 1043 | 81.30 2997 84.65 +1030 79.91 +10.34
) CLAM-MB [27] | 60.22 +456 5490 769 50.38 27.11 | 72.41 x1011  73.88 x12.15 68.48 +12.69 | 80.03 +8.03 84.01 948  78.13 +9.61
= TransMIL [37] 58.95 408 52.07 x326  47.01 334 | 6691 x271  62.72 756 55.27 +533 | 68.81 26.13 68.24 +10.04 61.23 11.19
5 WiKG [25] 62.15 348  56.60 +696 51.13 4553 | 65.98 +363 65.10 2605 57.84 +6.17 | 71.00 690 70.73 £10.08  66.58 +8.68
Top [33] 63.04 £3.99  56.39 722 49.28 +743 | 66.39 x436  64.98 +7.13  54.85 1001 | 77.54 907 76.76 1251  72.11 1326

& ViLa-MIL [38] | 65.20 +530 6296 +8.16 53.91 +11.15 | 76.87 +7.17  79.15x8.19  72.79 +930 | 84.60 +427 88.00 +4.23  83.24 +4.55
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FOCUS [14] 79.14 1696  87.04 806 78.96 x732 | 86.04 +337  93.69 x230 85.96 +3.48 | 88.38 +3.02  95.63 x1.67  88.35 +3.05
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work by using the average of retrieved text features across
multiple runs. Stochastic, as described in Section 3.3.3, op-
timizes the model using individual retrieved text instances
in a stochastic manner. As shown in Table 4, the Stochastic
strategy consistently outperforms Multi-mean across nearly
all evaluation metrics, demonstrating the benefit of preserv-
ing semantic diversity during optimization.

4.3.4. Influence of LLM Choice on Knowledge Base

We study how the choice of large language model for
knowledge base construction affects the performance of
MUSE. Specifically, we generate text-based knowledge
bases using three locally deployed large language models:
Deepseek-R1-Distill-Qwen-7B [12], Llama-3.2-1B [11],
and Qwen2-7B [2]. All models follow the knowledge gen-
eration pipeline described in Section 3.3.1. For Deepseek-
R1-Distill-Qwen-7B, we disable reasoning traces to pro-
duce concise responses.

As shown in Table 5, MUSE achieves the best per-
formance when using the knowledge base generated by
Qwen2-7B, outperforming other variants under both 4-shot
and 16-shot settings. This demonstrates that the linguistic
quality and semantic richness of the generated knowledge
directly influence downstream few-shot classification accu-
racy. The results highlight the importance of selecting ca-
pable large language models when constructing knowledge
bases for medical vision-language learning.

4.4. Visualization Analysis

To investigate the alignment between fine-grained seman-
tics and sample embeddings, we jointly map the raw seman-
tics and fine-grained semantic priors into the unified space.
The visualization in Figure 4 (a) shows that, in the latent
space, the fine-grained semantic priors refined by SFSE are
closer to the sample embeddings than the raw semantics.
Moreover, we compare the behavior of text feature retrieval
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Table 2. Ablation experiments (presented in %) of key modules
of MUSE on CAMELYON under few-shot learning settings.(BM:
Base MIL. TI: Traditional Interaction.)

F1 Score

=
=
=
.

SFSE  SMMO | ACC AUC

82.37 8548 81.04
86.61  90.13 85.41
86.72  90.20 85.33
87.99  90.95 86.70
89.70  92.52 88.59

16-shot

71.52  75.05 69.69
79.10  82.48 77.04
80.85  84.05 78.55
83.68  88.30 82.08
84.01  88.32 82.42

62.04  58.98 49.61
65.13  65.84 60.40
65.16  67.30 60.43
71.18 7275 63.09
7486  76.65 68.66

4-shot

8-shot
N N N N N N N N N N B N N N YR
SNACNAX [SSNSNAX [ SNSN8AX
AX AX X [AX AX X [ AXAX X
CAAX X X [NAX X X [ SNAX X X

Table 3. Performance comparison (presented in %) of different
retrieval methods in SMMO on CAMELYON.

| Retrieval Method | ACC AUC  F1 Score
g Random 88.17  90.86 87.08
2 L2-norm 87.06 90.94 85.93
= Cosine 89.70  92.52 88.59
= Random 8420  87.66 82.70
Z L2-norm 84.49  88.40 83.07
o Cosine 84.01 8832 82.42
= Random 7223 7258 65.26
Z L2-norm 7338 7551 69.75
=~ Cosine 74.86 76.65 68.66

Table 4. Performance comparison (presented in %) of different
optimization strategies in SMMO on CAMELYON under few-shot
learning settings.

Optimization Strategy | ACC AUC F1 Score

E Multi-mean 8736 9023  86.23
w

& Stochastic 8970 9252 88.59
g Multi-mean 8408  89.14  81.70
o Stochastic 8401 8832 8242
E Multi-mean 7033 7353 6501
4 Stochastic 7486  76.65  68.66

from the knowledge base across different samples, with vi-
sualization shown in Figure 4 (b). This demonstrates that
our method is capable of retrieving diverse and semanti-
cally rich textual features from the knowledge base, with
retrieved features exhibiting distinctiveness across different

Table 5. Performance comparison (presented in %) of knowledge
bases generated by different locally deployed LLMs.

\ Method | ACC AUC  FI1Score
E Deepseek-R1-Distill-Qwen-7B | 87.65  90.93 86.47
¢ Llama-3.2-1B 87.17  90.23 85.95
= Qwen2-7B 89.70  92.52 88.59
2 | Deepseek-R1-Distill-Qwen-7B | 84.94  89.04 83.44
G Llama-3.2-1B 84.20  87.66 82.70
® Qwen2-7B 84.01  88.32 82.42
€ | Deepseek-R1-Distill-Qwen-7B | 72.63  75.68 66.83
'Ff, Llama-3.2-1B 70.44 7421 66.57
= Qwen2-7B 74.86  76.65 68.66
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Figure 4. The visualization analysis of fine-grained semantic pri-
ors via SFSE and sample-based retrieval. (a) Visualization of fine-
grained semantic in sample embedding space. (b) Comparison of
text features retrieved by different samples. (Different colors rep-
resent different samples.)

samples. Additional details on visualizations and the prop-
erties of MUSE are provided in the Supplementary Mate-
rial.

5. Conclusion

In this study, we propose MUSE, a stochastic multi-view
semantic enhancement framework for few-shot whole slide
image classification. We design Sample-wise Fine-grained
Semantic Enhancement, which leverages a Mixture-of-
Experts architecture to decompose category semantics and
achieve fine-grained alignment between visual and tex-
tual representations. Furthermore, we introduce Stochastic
Multi-view Model Optimization, which leverages the large
language models to construct a multi-view textual knowl-
edge base per pathological category and exploits the diver-
sity of generated semantics through retrieval and stochastic
optimization. Across multiple pathology benchmarks, our
framework consistently demonstrates superior performance
in few-shot scenarios, showing that enhanced semantic pre-
cision and enriched semantic diversity can effectively im-
prove the model’s ability to understand and generalize com-
plex pathological features.
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