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Abstract

While Large Language Models (LLMs) are emerging as a
promising direction in computational pathology, the substan-
tial computational cost of giga-pixel Whole Slide Images
(WSIs) necessitates the use of Multi-Instance Learning (MIL)
to enable effective modeling. A key challenge is that patho-
logical tasks typically provide only bag-level labels, while
instance-level descriptions generated by LLMs often suffer
from bias due to a lack of fine-grained medical knowledge.
To address this, we propose that constructing task-specific
pathological entity prototypes is crucial for learning gener-
alizable features and enhancing model interpretability. Fur-
thermore, existing vision-language MIL methods often em-
ploy unidirectional guidance, limiting cross-modal synergy.
In this paper, we introduce a novel approach, Multimodal
Prototype-based Multi-Instance Learning, that promotes bidi-
rectional interaction through a balanced information com-
pression scheme. Specifically, we leverage a frozen LLM to
generate task-specific pathological entity descriptions, which
are learned as text prototypes. Concurrently, the vision branch
learns instance-level prototypes to mitigate the model’s re-
liance on redundant data. For the fusion stage, we employ
the Stereoscopic Optimal Transport (SOT) algorithm, which
is based on a similarity metric, thereby facilitating broader
semantic alignment in a higher-dimensional space. We con-
duct few-shot classification and explainability experiments on
three distinct cancer datasets, and the results demonstrate the
superior generalization capabilities of our proposed method.

Code, Appendix — https://github.com/zfy07/Libra-MIL

Introduction

Al-based histopathology is a promising direction for assist-
ing diagnostics, especially in cancer diagnosis and grading
(Omar et al. 2024). H&E-stained WSIs, despite compres-
sion, have extremely high resolution (e.g., 40x magnifica-
tion, 0.25m/pixel, approximately 40,000 x 40,000 pixels)
and large storage needs, challenging end-to-end training on
fine-grained pixel data. Multiple instance learning (MIL),
a weakly-supervised framework, addresses sparse instance-
level labels (typically only WSI-level) and resource con-
sumption in this area (Gadermayr and Tschuchnig 2024).
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In MIL paradigm, WSIs are treated as bags and their con-
stituent patches as instances. Typically, pretrained feature
extractors (e.g., UNI (Chen et al. 2024a), CONCH (Lu et al.
2024)) are employed to embed these patches, and the result-
ing features are then aggregated to obtain bag-level embed-
dings for WSI-level prediction tasks. Although MIL-based
approaches have achieved strong performance, their diag-
nostic capabilities have shown signs of saturation. To over-
come this limitation, recent studies have explored the inte-
gration of multimodal information—such as large language
models (LLMs) or domain-specific textual knowledge—to
guide more precise vision-language multiple instance learn-
ing (VLMIL) (Shi et al. 2024). In the pathology domain,
such methods have been increasingly proposed and have
demonstrated promising results across various diagnostic
tasks by leveraging LLMs.

Despite recent progress in integrating multimodal guid-
ance through LLMs, the scarcity of annotated pathological
data remains a fundamental challenge. In this context, few-
shot learning has emerged as a promising approach to en-
hance model generalization under limited supervision. By
incorporating strategies such as prototype learning, meta-
learning, or transfer learning, few-shot learning can uncover
latent feature patterns and improve the model’s ability to rec-
ognize novel categories, thereby alleviating the performance
bottleneck caused by annotation constraints (Qu et al. 2024).

As illustrated in Fig. 1(a-c), previous approaches have
not integrated multimodal prototypes and typically rely on
text-guided mechanisms to assist the learning of visual fea-
tures. While these models have demonstrated strong clas-
sification performance across various tasks, several limita-
tions remain. First, instance-level descriptions generated by
LLMs often suffer from inaccuracies due to the lack of fine-
grained medical knowledge. Manually crafted prompts that
use only class names lack pathological prior knowledge and
offer limited discriminative guidance, particularly for am-
biguous categories. Second, existing VLMIL frameworks
predominantly adopt unidirectional guidance (e.g., text-to-
image cross-modal attention or similarity learning), which
restricts the potential for synergistic, bidirectional interac-
tions (Huang et al. 2023; Li et al. 2023). This limits effec-
tive information exchange, weakens collaborative reasoning,
and results in shallow modality alignment. Consequently,
these models fail to fully exploit the mutual enhancement
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Figure 1: Brief comparison with related MIL methods. a) Basic MIL simply performs aggregation and sorting operations. b)
Prototype MIL learns class-aware logits via instance similarity directly. c) VLMIL fused LLM Priors with the text-guided
similarity. d) Libra-MIL uses Multimodal prototype learning with Stereoscopic Optimal Transport (SOT) on similarities.

potential of visual and textual representations. Third, cur-
rent prototype-based learning methods typically rely solely
on image-text similarity, neglecting the construction and in-
tegration of a unified, scale-invariant multimodal similarity
space. Using query similarity as the final decision, without
accounting for the deficiencies in the knowledge and embed-
ding accuracy of the textual branch, results in suboptimal
alignment and fusion.

To address the mentioned limitations, we propose Libra-
MIL, with the following contributions:

* We first introduce a Task Specific approach for Textual
Priors Generation. Leveraging LLMs, we produce priors
at both the bag level (e.g., tumors often exhibit expan-
sive growth) and the instance level (e.g., nuclear divi-
sion, inflammatory cell infiltration), tailored to specific
tasks. This design is inspired by the diagnostic reasoning
of pathologists, who integrate the global and local con-
text. By incorporating these textual prompts with visual
information, the model is guided to focus on morpholog-
ical features that are more aligned with the task-specific
diagnostic objectives.

¢ Dual-Prototype Multimodal Learner enhances general-
ization in few-shot learning tasks through prototype-
based learning. The modality-specific similarities are
then stereoscopically infused within a unified embed-
ding space under an optimal transport framework. This
fusion minimizes the matching cost between similari-
ties, enabling structure-aware alignment and integration,
thereby improving cross-modal semantic consistency and
interoperability.

e Libra-MIL consistently outperforms baselines across
various few-shot learning settings on three patholog-
ical datasets. It surpasses state-of-the-art (SOTA) ap-
proaches by an average margin of 2.43% across accu-
racy, Fl-score, and AUC. Extensive ablation studies fur-
ther demonstrate the effectiveness of each proposed mod-

ule, and the framework also offers prototype-based inter-
pretability to enhance model transparency.

Related Work

Vision-Language Multiple Instance Learning

Vision-Language Multiple Instance Learning (VLMIL)
builds upon traditional computational pathology frame-
works. Early MIL approaches include ABMIL (Ilse, Tom-
czak, and Welling 2018), which integrated attention mech-
anisms; CLAM (Lu et al. 2021), enhancing data efficiency
through instance clustering and attention pooling; TransMIL
(Shao et al. 2021), modeling inter-patch dependencies via
mutual attention; DSMIL (Li, Li, and Eliceiri 2021), fus-
ing multi-scale WSI features with pyramid fusion; H2MIL
(Hou et al. 2022), incorporating multi-resolution informa-
tion through heterogeneous graph learning; and DTFD-
MIL (Zhang et al. 2022), employing a pseudo-bag strat-
egy for representation enhancement. Recently, VL frame-
works have advanced beyond traditional MIL by integrat-
ing vision-language models like CLIP (Radford et al. 2021)
and LLMs. TOP-MIL (Qu et al. 2023) leverages CLIP fea-
tures and GPT-4 linguistic priors for few-shot WSI classi-
fication. ViLa-MIL (Shi et al. 2024) fuses vision-language
information via prototype-guided decoding and dual-scale
text prompts. FOCUS (Guo et al. 2025) combines patholog-
ical features with language priors through progressive three-
stage compression, while Concept-MIL (Sun et al. 2025)
predicts pathological concepts to represent key instances
through concept-activated patches.

Prototypical Networks for Few-shot Learning

Few-shot learning addresses overfitting in data-scarce sce-
narios by “learning to learn,” enabling rapid adaptation to
novel classes with limited supervision. Prototypical Net-
works (Snell, Swersky, and Zemel 2017) are a representa-
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Figure 2: Overview of Libra-MIL. The framework first employs Vision Preprocessing and Task-specific Language Priors Gen-
eration modules to perform modality-specific preprocessing and prior embedding. The dual-prototype multimodal learner then
integrates instance-level representations from both modalities into a unified similarity space through prototype-based modeling

and Sinkhorn optimal transport.

tive approach that learns a metric space where classification
is performed based on distances to class prototypes, offering
an effective inductive bias for low-data regimes.

Though not explicitly designed for few-shot tasks, several
MIL methods have adopted prototype-based mechanisms to
improve performance and interpretability. ProtoMIL (Ry-
marczyk et al. 2022) incorporates prototype features into in-
stance representations. PAMIL (Liu et al. 2024) combines
prototype learning with attention for bag-level prediction.
TP-MIL (Yang et al. 2023) optimizes patch-level spaces
via instance-prototype distances, while QP-MIL (Gou et al.
2025) introduces a vision-language queryable prototype
framework for incremental WSI classification. These meth-
ods highlight prototype learning’s broader relevance beyond
the few-shot setting.

Multimodal Fusion in Computational Pathology

While WSIs are central to computational pathology, the
complexity of disease demands multimodal fusion with
clinical or genomic data for more comprehensive analy-
sis. MCAT (Chen et al. 2021) employs early fusion via co-
attention and Set Transformers between image patches and
gene embeddings. PathOmics (Ding et al. 2023) aligns im-
age and omics features in a shared latent space via MSE loss.
MOTCat (Xu and Chen 2023) uses optimal transport-based
co-attention for global alignment. SURVPATH (Jaume et al.
2024) encodes transcriptomic data as pathway-informed to-
kens and combines them with image patches in a Trans-
former for survival prediction.
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Methodology

We propose Libra-MIL, a few-shot learning framework
for pathological images comprising four key components
(Fig. 2): Vision Preprocessing (VP) for WSI feature ex-
traction; Task-specific Language Priors Generation (T-LPG)
for generating global and entity-level textual cues; a Dual-
Prototype Multimodal Learner (DPM) that aligns visual
and textual prototypes via Stereoscopic Optimal Transport
(SOT); and Semantic Aggregation (SA) for description-
guided querying and information fusion.

Preliminary

MIL is a weakly supervised learning paradigm where data
are organized into bags B for ith sample, each containing
instances {x )} _1» while only bag-level labels y® (dis-
crete or contlnuous) are available. The core assumption is
that y(*) depends on the collective properties or the presence
of key instances within the bag. This paradigm is suitable for
scenarios where instance-level annotations are unavailable.

FBO) = (el =y W)

f () enabling bag-level prediction and implicit instance im-
portance inference. For classification tasks, 4" € {1, ..c}.
In vision preprocessing, let a bag B() ¢ RH*xWx3

denote a WSI, which is divided into a set of patches

{ag»i)} € R"*w>3 ingpired by CLAM (Lu et al. 2021). Due
to high computational cost, end-to-end training on pixel-
level patches is impractical. A common alternative uses a



pretrained vision encoder E), to extract patch-level features:
—F (oW
Xij = Ly (aj )

Task-specific Language Priors Generation

To incorporate high-level semantic cues and pathological
domain knowledge, we introduce a T-LPG module that
constructs instance-level and bag-level textual descriptions
through task-specific prompts.

In the context of a classification task 7', we design two
task-specific prompts based on the CHAT framework (Sa-
hoo et al. 2024). One capturing entity-level pathological
concepts and the other describing whole-slide morphologi-
cal patterns. These prompts, denoted by ¢ € @, are provided
as input to a large language model LLM(+), which simulates
a pathologist’s diagnostic reasoning to produce language-
based priors. Specifically, the instance-level priors encode
fine-grained pathological entities, while the bag-level pri-
ors reflect the global morphological context of the slide. The
process for generating these two types of priors is:

@

where P and B, are further embedded into shared se-
mantic space using a frozen text encoder E;:

-Pins = LLM(qins)v Pbag = LLM(qbag)

Zins = Et(}_)ins)v Zbag = Et (Pbag) (3)
where 2 € RF*4, Zpag € Re*? are the resulting instance-
level and bag-level language embeddings. k; is the number
of instance priors. d is the hidden size of E.

Dual-Prototype Multimodal Learner

To facilitate effective alignment between vision and lan-
guage modalities under limited supervision in few-shot
learning, we propose a two branches in prototype learner
that integrates instance-level representations from both
branches into a unified similarity space via prototype-based
modeling and Stereoscopic Optimal Transport (SOT).

Prototypes metrics To construct a shared semantic space
for vision-language alignment, we employ two complemen-
tary sets of prototypes: learnable visual prototypes and text
prototypes derived from language priors.

Let the set of visual instances bag B() be X =

{x; } p 1, where x;; € R? elements. We introduce a set of
learnable vision prototypes P, with K, elements. For mul-
timodal domain-specific prior knowledge, we also introduce
text prototypes derived from instance-level textual descrip-
tions. These K; language priors describe relevant patholog-
ical entities’ embeddings:

{Pv{pi’““)}ﬁf_l, pi*) € R @
k ky ki
Pt = {p{") = ol p") € R

Dual modality prototypes are initialized with P,,P; and
jointly optimized with model parameters. They act as se-
mantic anchors to capture task-relevant instance patterns.
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The insance-to-prototype similarity S(*) (4, k) is com-
puted modality-wise as follows:
(k)

: s x};p}
S (J, k) = cos(xij, p{) = e PYY € Py
HXIJUr Hp ” (5)
X, p
{7 (j, k) = cos(xij, p*)) = 77*,@ p;" € Py
lcigll - lof™

The bimodal similarity quantifies the semantic relevance of
each visual instance across different modalities, reflecting its
alignment with task-specific concepts. The model is able to
enhance discriminative capability and semantic understand-
ing of individual instances by similarities infusion as follow.

Stereoscopic Infusion Since similarity values are dimen-
sionless and lie in a shared semantic space, we interpret the

s . . . ; (4)
two similarity matrices—yvisual-to-visual S,(f) e R XKy

and visual-to-textual Sgl) € R *K¢ a5 two slices in a con-
ceptual three-dimensional latent space. Each visual instance
X;; can be semantically aligned with prototypes from both
visual and textual modalities, forming a multimodal corre-
spondence field.

Inspired by Optimal Transport (OT) (Brenier 1991), we
propose to iteratively fuse Sq(f) and ng) into a unified align-
ment map by modeling the coupling between instance-level
distributions and prototype-level distributions. Specifically,
we first define the instance-wise similarity cost matrix C €
REw XK+ a5 the cross-modal discrepancy between vision and
text prototypes, computed by:

v) (kf ) 6)

Clh, k) = 1= cos (p(F),

Then, we define marginal distributions over the two pro-
totype spaces, AX denoates the K-dimensional probability
simplex:

' /1'('1) c AKu7 v(® e AK: (7)
where (") and () are estimated via average attention dis-
tributions from S\ and SEZ), respectively:

EIER)
Z}ii i, :))

We then solve the entropy-regularized optimal transport
problem to find the transport plan T() ¢ REvx K.

1 = softmax ( }

®)

1
n(9)

v = softmax (

TW =  argmin (T, C) — eH(T) )
Tel(p,p®)

where TI(u v()) denotes the set of transport

plans with marginals p and v®, H(T) =

— >k k, Thyky log Th, r, is the entropy regulariza-
tion term, and ¢ > 0 controls the smoothness. To efficiently
solve this T, we apply the Sinkhorn algorithm (Cuturi 2013)
(Appendix B.1).

Finally, we fused the similarity between instance x;; and
prototype pair (k,,, k) is derived by transporting the original
similarity maps via the learned plan:

8 = s, :>T<”S§” ()" (10)

This scalar fusion score S € R acts as a unified multi-
modal relevance indicator f]0r each instance.



Semantic Aggregation This scalar fusion score is used to
reweight the visual instances, and a query-based attention
aggregation mechanism, which dynamically summarizes in-
stance information guided by a task-specific query derived
from the bag-level textual prior. The fused attention map is
obtained by marginalizing over the prompt dimension:

(4)

fom 2%
X = Zk Qfysed x®

fused
Next, bag priors as query representation 2, are used to per-
form cross-attention over the fused visual tokens:

)

Finally, the aggregated bag representation H € R'*? is
forwarded through a classification head g(-) followed by an
activation function o (-) to produce the bag-level logits:

Y

X0

fused

H(l) = CI‘OSSAttn(Zbag7 X(l)

fused’

12)

P = o(g(H™)) (13)
This querying-based aggregation allows the model to focus
on task-relevant fine-grained by semantic prompts, enhanc-
ing both interpretability and discriminative power.

Training Strategy

Under few-shot weakly supervised learning (FSWL), the
model is trained on limited WSIs per class to enhance ro-
bustness in low-data scenarios. Libra-MIL is optimized with
cross-entropy loss to minimize the negative log-likelihood
of ground truth () in a batch N:

N
1 . .
__ 1 Do (50
Log = N§ y*log(p'") (14)

i=1

During Stereoscopic Infusion, the Sinkhorn algorithm per-
forms iterative row- and column-wise normalization to sat-
isfy marginal constraints, yielding a differentiable doubly
stochastic matrix that minimizes the regularized transport
cost for end-to-end training.

Experiments
Settings

Datasets We conduct experiments on three publicly
available histopathology datasets: TCGA-RCC(n=925),
TCGA-NSCLC(n=1052) (Cancer Genome Atlas Research
Network et al. 2013), and CAMELYON16(n=399) (Be-
jnordi et al. 2017) . TCGA-RCC contains WSIs of re-
nal cell carcinoma, covering major subtypes of clear
cell (KIRC), papillary (KIRP), and chromophobe (KICH).
TCGA-NSCLC comprises lung cancer WSIs, including lung
adenocarcinoma (LUAD) and lung squamous cell carcinoma
(LUSC), providing subtype annotations and high-resolution
WSIs suitable for classification. Both datasets are from
The Cancer Genome Atlas. CAMELYONI16 is a bench-
mark dataset for detecting breast cancer, consisting of H&E-
stained WSIs with detailed pixel-level annotations of tumor
regions. Refer to C.4 for more detailed descriptions.
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Metrics We evaluate all models under 1-, 4-, and 16-shot
settings using accuracy (ACC), area under the curve (AUC),
and F1-score, averaged over five-fold cross-validation with
mean and standard deviation reported. To ensure fair com-
parison, all methods use identical dataset splits. Results in
the table are reported as percentages. Implementation de-
tails, environments, and hyperparameters are provided in
Appendix C.1, C.2, and C.5.

Comparison Results

We evaluated Libra-MIL against several competitive meth-
ods under K-shot (1, 4, 16) few-shot learning settings, as
detailed in Table 1. The baseline methods included Max
Pooling, ABMIL, TransMIL, CLAM, DSMIL, PAMIL, FO-
CUS, and TOP-MIL. Across these diverse settings, Libra-
MIL demonstrably improved average ACC by 2.49%, AUC
by 2.61%, and F1-score by 2.15% compared to the SOTA,
and Libra-MIL’s performance superiority persists with an
increasing number of available shots. We also compare
the computational efficiency of methods in Appendix C.7.
While methods such as DSMIL, FOCUS, TOP-MIL, and
Libra-MIL all incorporate multi-scale information, and the
latter three all contain text priors. Our approach uniquely
integrates multi-modal prototype-based Multiple Instance
Learning (MIL). This addresses task-specific text and vision
prior bias and often encountered in few-shot scenarios.

Ablation and Hyperparameters Studies

Modules To further explore the proposed components
with the effectiveness of Libra-MIL, we performed the sin-
gle module ablation experiments in Table 2. The ablation
studies on TCGA-RCC in different few-shot settings investi-
gate the influence of text-priors, vision prototypes, similari-
ties stereoscopic infusion and bag query. The results demon-
strate consistent performance improvements with each ad-
ditional component. In the extremely one-shot setting (w/o
Bag Querying), guidance from global information is cru-
cial. The performance drop when replacing optimal trans-
port with concatenation and cross-attention highlights the
advantage of the proposed module. (Appendix C.5 for full).

Pathology Pre-training Models We further investigated
the impact of cross-modal latent space misalignment by
varying the visual encoder while keeping the text encoder
constant. As shown in Table 3, different pathology founda-
tion models (Phikon (Filiot et al. 2023), GigaPath (Xu et al.
2024), UNI (Chen et al. 2024b)) exhibited significant perfor-
mance disparities under various few-shot settings compared
to CONCH, despite utilizing the same language prior. This
highlights the sensitivity of multimodal prototype learning
to the alignment of the underlying feature spaces and sug-
gests that cross-modal consistency plays a crucial role in
MIL performance. The results underscore the importance of
designing robust fusion mechanisms capable of addressing
the heterogeneity of cross-modal representations, which is
also one of the limitations of our approach.

Impact of LLM Knowledge To assess how variations
in background knowledge across large language models
(LLMs) affect task performance, we conduct a comparative
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o CLAM_MB (Lu et al. 2021) 482476 43.4457 36.24+17.4 52.14+10.1 50.4410.7 19.5+12.8 89.84+4.3 93.5+3.5 85.9455
E DSMIL (Li, Li, and Eliceiri 2021) 51.04+7.7 543460 37.5+£21.5 51.8496 51.7+11.9 31.9+21.8 63.7+6.6 62.5+7.8 52.947.8
= TOP-MIL (Qu et al. 2023) 53.549.9 49.14+10.2 42.2420.6 59.7+154 60.3+£14.8 45.7+173 89.242.8 93.24+1.7 84.0+5.0
5 PAMIL (Liu et al. 2024) 46.8+122 52.3+£10.3 43.54244 57.1487 57.0+112 4244122 90.5+4.5 95.043.1 87.3453
FOCUS (Guo et al. 2025) 51.64+62 47.7485 46.24+64 61.2+14.8 61.5£153 56.0£155 90.9+£1.0 93.7+2.7 8§9.941.1

| Libra-MIL

62.0+53 64.9+9.9

46.6+16.5 65.0+85 64.8+7.1

57.2+10.3

91.5+4.7 95.7+5.1 90.6+6.2

Table 1: Comparison of classification performance under 1-, 4-,

and 16-shot settings across all baselines. Best results are bolded,

second-best are underlined. Statistical significance (p<0.05) is determined by paired t-tests with 95% confidence intervals over

repeated runs.

Methods 1-shot 4-shot 16-shot Models 1-shot 4-shot 16-shot
ACC AUC F1 ACC AUC Fl ACC AUC FI ACC AUC FlI ACC AUC Fl ACC AUC Fl

w/o instance priors in T-LPG  67.0 83.6 56.1 87.8 969 843 92.0 985 90.7 Phikon (Filiot et al. 2023) 622 66.6 589 722 788 65.1 89.0 959 89.0

w/o vision prototypes 66.0 847 555 872 974 837 903 98.0 875 GigaPath (Xuetal. 2024) 65.1 72.1 66.2 71.1 77.7 63.1 872 945 873

SOT — concat 66.4 812 541 863 97.1 823 920 984 904 UNI (Chenet al. 2024b) 654 689 632 729 79.6 715 887 955 884

SOT — crossAttn 65.8 809 533 88.8 97.0 856 921 985 909 CONCH (Luetal. 2024) 692 755 70.6 832 915 8l.1 908 968 904
w/o bag priors in SA 554 824 473 880 97.0 885 923 984 90.2
Libra-MIL 712 872 624 914 982 885 938 988 923

Table 2: Ablation Studies of Libra-MIL on TCGA-RCC.

study using a unified prompt (see Appendix C.) across sev-
eral popular LLMs, including Gemini 2.5 (Comanici et al.
2025), Qwen3 (Yang et al. 2025), OpenAl-04mini (Menick
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Table 3: Variations in pathology foundation models
markedly affect outcomes on the TCGA-NSCLC.

et al. 2024), Claude4-Sonnet (Anthropic 2025), and GPT-
40 (Hurst et al. 2024). Each model generated task-specific
textual descriptions at both the instance and bag levels,
which are then integrated into the Libra-MIL framework



and evaluated under a 4-shot setting on the TCGA-NSCLC
dataset. As shown in Fig. 3, GPT-40 consistently outper-
formed other LLMs, while Libra-MIL maintained stable
performance across models and consistently surpassed the
baseline under identical conditions. These results demon-
strate Libra-MIL’s robustness to variations in textual se-
mantics and indicate that more expressive, knowledge-rich
LLMs can further enhance performance.

Gemini
Qwen3

OpenAl-
o4mini

Claude4-
Sonnet

ChatGPT40

0.78 0.8 0.82 0.84 0.86 0.88 0.9 0.92
F1 AUC ACC

Figure 3: Results of different LLMs’ priors on TCGA-
NSCLC under 4-shot setting.

Vision Prototypes Number To assess the influence of the
number of vision prototypes on model performance, we con-
ducted ablation studies by varying K. As shown in the Ta-
ble 4, the model achieves the best overall performance when
K, = 6 indicating an optimal trade-off between expressive
capacity and generalization. When K, is small, the model
may struggle to capture the diversity of visual patterns. As
K, increases, the performance metrics generally decline,
suggesting that introducing too many prototypes may lead
to a sparse latent space and ambiguous class boundaries.

K, | 2 4 6 8 10 12

ACC | 82.74+7.7 81.84+10.2 83.2+6.5 80.0+9.8 81.6£10.3 79.5+11.6
AUC | 90.9+6.1 89.3+9.5 91.5+49 885+9.6 89.5+9.9 87.6+11.3
F1 |81.8£10.5 79.3+15.2 81.1£9.7 80.3+9.1 82.5+8.9 76.4+18.8

Table 4: Performance with varying number of visual proto-
types under 4-shot setting on TCGA-NSCLC.

Multimodal Prototypes with Interpretability

To llustrate the interpretability of Libra-MIL, we visualize
the most representative visual patches as visual prototypes,
along with their corresponding textual prototypes, under the
K, = 6 setting in Fig. 4. These prototypes capture mean-
ingful histological features—such as nerve bundles, mitotic
figures, and keratin beads—demonstrating clear diagnostic
relevance. Additionally, we present prototype similarity ma-
trices and attention maps of bag-level priors for two TCGA-
NSCLC cases, showing that the model consistently attends
to clinically significant regions. These results underscore the
capability of Libra-MIL’s multimodal prototypes to capture
discriminative patterns and enhance interpretability.

Joint Contribution of Multimodal Prototypes

To investigate the influence of different modality-specific
prototypes on the final diagnostic decision, we applied
gradient-based analysis (Lundberg et al. 2020) of the Libra-
MIL (Fig. 5). Specifically, in the 4-shot setting on the
TCGA-RCC dataset, we backpropagated the classification
output to the prototype embeddings to assess the contribu-
tion of each modality-specific prototype across feature di-
mensions. The results show that the average gradient mag-
nitudes of visual and textual prototypes are comparable, in-
dicating that both modalities play equally important roles in
the decision-making process.

%é bIg%la,l%s Fibroblasts| lf\M/Iitotic
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Figure 4: Case study of multimodal prototypes with different
histological morphologies and semantic attention on WSIs.
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Figure 5: Gradient-based Contribution of textual and visual
prototypes.

Conclusion

We present Libra-MIL, a multimodal prototype-based MIL
framework designed for computational pathology under lim-
ited supervision. To overcome key limitations of exist-
ing VLMIL methods—such as biased LLM-generated de-
scriptions and unidirectional alignment—we introduce task-
specific textual priors and propose a bidirectional fusion
strategy based on Stereoscopic Optimal Transport. By con-
structing both visual and textual prototypes, Libra-MIL en-
ables interpretable and structure-aware cross-modal reason-
ing. Few-shot experiments on three cancer datasets demon-
strate its superior performance and enhanced interpretabil-
ity. Future work will explore rapid domain-adaptive tuning,
broader modality integration, and extensions to more diverse
tasks such as survival regression analysis.
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