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Abstract. Recent advances in foundation models (FMs) have led to a
proliferation of Whole Slide Image (WSI) feature extractors, yet WSI
analysis still faces a practical challenge: no single FM consistently per-
forms best across all tasks, and the performance gap among different
Multiple Instance Learning (MIL) aggregators built on a single strong
FM can become limited in some settings. Recent research further shows
that simple ensembles of FMs can outperform the best individual FM,
indicating that different FMs capture partially overlapping yet comple-
mentary information. This motivates a shift from selecting a single FM
toward coordinating and exploiting multiple FMs jointly. However, exist-
ing multi-FM approaches mostly rely on naive feature concatenation or
patch-level selection, operating on raw correlated FM features without
explicitly disentangling shared and view-specific information. To address
this challenge, we reformulate FM ensembling as a Multi-View Learn-
ing (MVL) problem. We propose Multi-View Multiple Instance Learning
(MV-MIL), a plug-and-play framework that treats features from each
FM as a distinct view of a WSI. MV-MIL introduces an information-
theoretic disentanglement module to exploit cross-view complementar-
ity while suppressing redundancy, together with a Multi-Branch Predic-
tion Head that integrates shared and view-specific representations within
MIL pipelines. Extensive experiments on 14 public benchmarks show
that MV-MIL consistently achieves state-of-the-art performance, with
its plug-and-play design yielding robust gains across diverse MIL meth-
ods and FM combinations.
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1 Introduction

In recent years, deep learning has revolutionized the field of Computational
Pathology (CPath) [4,[18,[23]. The analysis of Whole Slide Images (WSIs) is
central to CPath, driving automation in cancer diagnosis, prognosis predic-
tion, and treatment response assessment . Due to their gigapixel size,
WSIs are typically processed using a Multiple Instance Learning (MIL) frame-
work , where the slide is first divided into thousands of
patches, each independently encoded into a low-dimensional embedding using a
pretrained feature extractor. These patch-level embeddings are then aggregated
to make slide-level predictions. More recently, the field of computational pathol-
ogy has been rapidly advanced by the emergence of large-scale foundation models

(FMs) that learn rich representations from

histopathology images, serving as powerful feature extractors for MIL pipelines.
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Fig.1: (a) A simple average ensemble can outperform all single FMs on the CRC-
Molecular task. (b) Representational Similarity Analysis of the FMs. The varied corre-
lation coefficients confirm that the models learn diverse and non-redundant represen-
tations.

However, the rapid proliferation of FMs presents a new challenge for down-
stream applications: how should we choose and utilize these models?
Different FMs are trained with diverse data, network architectures, and pre-
training strategies. Consequently, they capture distinct biological signals and
exhibit different representational biases . For a given downstream task, no
single FM can guarantee optimal performance across datasets . For instance,
a model like H-Optimus-1 may demonstrate strong performance on breast cancer
tasks, but its efficacy can be less competitive on liver cancer-related tasks .
Recent studies further show that the robustness of FMs substantially narrows
the performance gap between different MIL architectures built on top of a single
FM . While recent benchmarks show that even simple ensembles
of FMs yield consistent gains, such naive combinations may not fully unlock
their potential. To better understand the feature interactions among them, we



MV-MIL 3

perform a representational similarity analysis [19] across FMs (Fig. [1} details in
the Supplementary Material), which reveals heterogeneous pairwise correlations
and empirically shows that different FMs learn partially shared yet view-specific
representations, giving rise to both redundancy and complementarity. Taken
together, these observations suggest that instead of designing more com-
plex MIL heads on a single FM, it is more promising to investigate
how multiple FMs can be coordinated and exploited jointly. Previous
work has explored simple fusion strategies, such as averaging, feature concate-
nation [30] or attention-based ensemble [11], which yield modest performance
gains over individual models. Recent approaches like AdaFusion [42] introduce
adaptive mechanisms to select the most relevant FM-derived feature at the patch
level. However, these approaches share a fundamental limitation: they operate
directly on raw, highly correlated FM features and implicitly treat all infor-
mation as equally informative. As a result, they fail to distinguish redundant
signal shared across FMs from truly complementary cues, allowing dominant
shared components to overshadow more subtle view-specific information. Thus,
the core challenge is not merely to ensemble multiple FMs, but to separate their
shared semantic content from FM-specific signals and then recombine them in a
task-aware way. This structure is precisely the setting studied in Multi-View
Learning (MVL), where multiple correlated views of the same object are as-
sumed to contain both common and view-specific information.

Motivated by this perspective, we reformulate FM ensembling as a multi-view
multiple instance learning problem and propose Multi- View Multiple Instance
Learning (MV-MIL), a plug-and-play framework that explicitly ensembles mul-
tiple FMs within a unified multi-view MIL formulation. For each patch, the
features extracted from different FMs are regarded as distinct views that cap-
ture both overlapping and complementary information. To better exploit cross-
view complementarities while suppressing redundancy, we model these views
with an information-theoretic disentanglement module inspired by the Informa-
tion Bottleneck (IB) principle [37]. This module decomposes them into a shared
component and a set of view-specific components, yielding predictive yet non-
redundant representations by explicitly balancing sufficiency for the downstream
task with compression. The resulting shared and specific features are then fed
into a standard MIL pipeline. To fully exploit both components, we introduce a
Multi-Branch Prediction Head, in which each branch is instantiated as a MIL ag-
gregator operating on either the shared or the view-specific features. The branch
outputs are then fused at the slide level, and the underlying MIL blocks can be
instantiated by any existing architecture (e.g., ABMIL, DSMIL, CLAM), making
the design plug-and-play across different MIL backbones. Our main contributions
are summarized as follows:

— Reformulating FM ensemble as a multi-view learning problem. We
formulate the ensemble of multiple FMs as a structured Multi-View Learning
task, where each FM is treated as a distinct semantic view of the same WSI.

— Introducing an information bottleneck framework for better en-
sembling of FMs. We propose a view-wise IB formulation to decompose
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FM outputs into shared and view-specific components, enabling compact,
predictive, and non-redundant representations.

— Designing a plug-and-play module compatible with various MIL
pipelines. Our MV-MIL framework, including the Multi-Branch Prediction
Head, can be seamlessly integrated with different MIL methods and FMs.

— Achieving strong performance across diverse pathology tasks. Ex-
tensive experiments on molecular prediction and survival analysis demon-
strate state-of-the-art results across multiple public benchmarks.

2 Related Work

2.1 Foundation Models in CPath

The field of CPath has been fundamentally transformed by the advent of FMs,
which leverage vast amounts of data to improve diagnostic accuracy and prognos-
tic assessment. CTransPath [40] is a pioneering model, followed by a proliferation
of models, such as UNI [5], which leverages DINOv2 for self-supervised learning,
and GPFM |27], which explores knowledge distillation to enhance generalizabil-
ity. In parallel, vision-language FMs have also emerged, including PLIP [15]
and CONCH |24], which align pathology images with text to enable prompt-
able and zero-shot transfer. Such FMs can encode semantic information that
differs from purely vision-pretrained models, providing another source of repre-
sentation diversity across FMs. Multimodal FMs such as mSTAR [44] further
integrate WSI-derived features with molecular and clinical context for pretrain-
ing. More recently, industrial efforts have pushed the boundaries of model size,
producing large-scale models like the Virchow series |38}|49] and the H-Optimus
series [31}32]. The rapid proliferation of models, each with distinct training data,
modalities, pretraining objectives, and inductive biases, has created a new chal-
lenge: no single model consistently outperforms the others |28,30]. This motivates
our work to move beyond selecting one model and instead develop a principled
framework for integrating the complementary insights from multiple FMs.

2.2 Multiple Instance Learning

Given the gigapixel size of WSIs, the predominant approach for WSI analysis
is to first generate patch-level features via a feature extractor and then em-
ploy a MIL model to aggregate these features for prediction. Previously, CPath
research often relied on ResNet50 |14] for feature extraction and designed com-
plex MIL architectures to squeeze out performance gains. However, the advent
of powerful FMs has changed this dynamic. In practice, high-quality FM fea-
tures shrink the relative importance of the MIL model: simple ABMIL [16] often
matches or surpasses more elaborate designs. Recent studies have therefore ex-
plored complementary ways to improve the representations consumed by MIL
models. DGR-MIL [48] enhances bag-level representation by learning diverse
global representations within WSIs. R?T [36] re-embeds instance features to
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restore fine-grained cues and consistently improves MIL performance, closing
the gap between ResNetb0 features and FM-level features. Cracking Instance
Jigsaw Puzzles [6] further explores inter-instance semantic correlations beyond
the standard permutation-invariant MIL formulation. Beyond these MIL-side
advances, recent studies have also investigated how to compose features from
multiple FMs. COBRA [20] utilizes a novel contrastive strategy to pretrain a
slide-level encoder directly from multiple FMs’ features, generating a unified rep-
resentation that notably remains compatible with unseen FMs at inference time.
AdaFusion [42] further follows this trend by performing prompt-guided fusion of
multiple FMs, delivering consistent gains over single-model baselines. Inspired
by meta-analysis, the Meta-Encoder [11] also integrates features from different
FMs using self-attention strategies to achieve gains, particularly on complex
gene expression prediction tasks. ELF [26] further provides a systematic en-
semble learning framework for combining pathology FMs in precision oncology,
showing that multi-FM integration can improve downstream prediction.

2.3 Multi-view Learning with Information Theory

Features produced by multiple FMs can be viewed as complementary views of
the same slide. Classical multi-view learning seeks to capture cross-view con-
sensus while preserving view-specific signals, with correlation-based objectives
such as CCA and its deep and variational forms encouraging aligned subspaces
across views [2}39]. Information-theoretic approaches, notably the information
bottleneck and its deep variants, make this trade-off explicit by maximizing
mutual information with labels to ensure sufficiency while compressing nuisance
variation through limits on input dependence |1435,37|. Recent multi-view IB for-
mulations [34,41] further separate shared components that are consistent across
views from private components that encode complementary evidence, often with
explicit regularizers for cross-view redundancy. Our work follows this line: we
treat the outputs of several FMs as multiple views, use an IB-guided objective
to decompose them into a common subspace and view-specific subspaces before
aggregation, and keep the downstream MIL head simple.

3 Methods

3.1 Problem Formulation

WHSI analysis is naturally framed as a MIL problem. In this paradigm, a WSI is
treated as a bag B, which contains a set of N patches {p;}}*,. A pretrained FM
f maps each patch to a D-dimensional feature vector x; = f(p;) € RP, and we
collect the instance set as X = {;},. Following standard MIL approaches [16],
the goal is to learn a model M that maps the instance set X to the bag label
Y. This process can be formally defined as:

Y = M(X) = C(A(X)) = C(A{zi}Ly))
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Fig. 2: Overview of our proposed multi-view WSI analysis framework. We first extract
patch-level features from V' different FMs, resulting in V' distinct views. These views
are then processed by our Disentanglement Module, which decomposes them into
a shared representation Z. and V view-specific representations {Zs(v)}le. The disen-
tangled features are subsequently fed into a Multi-Branch Prediction Head, which
consists of multiple independent MIL branches that aggregate and classify the shared,
specific, and concatenated representations. The final bag-level prediction is obtained
by averaging the logits from all branches.

where A(-) is typically a function that aggregates the set of N instance features
X into a single bag-level representation and C(+) is a classifier that maps the bag
representation to the final prediction Y.

In our work, we extend this framework to a Multi-View setting. We treat the
features extracted from V different FMs for the same WSI as V' distinct views.
Formally, for a WSI bag B, we have V sets of patch-level features {X,}V_;,
where X, = {a;ﬁ”)}iN:l € RNV*dv represents the N patch features extracted by
the v-th FM. Our goal is to learn a multi-view MIL model M ,,11; that fuses
these views to predict the WSI-level label Y.

Y « Mmulti(Xl, .. .,Xv) = C(A(.F(Xl, e ,Xv)))

In this multi-view formulation, the MIL aggregator A(:) and bag classifier C(+)
follow the same definitions as in standard MIL. The role of this function F(-) is
to map the V input views to a single, unified patch-level representation. Unlike
traditional methods that directly concatenate features from all views, we model
F as an Information-Theoretic Disentanglement process. This process first
decomposes all views into a shared component Z, = {z.;}~, and V specific
(v) _ { LN

components Zs s.i tie1- The subsequent sections detail the design of the

information-theoretic objectives required to learn Z. and {Z S(U)}le effectively.
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3.2 Information-Theoretic Disentanglement

As illustrated in Fig. 2] we first use V' FMs to extract patch-level features and
obtain X, = {mgil)}ij\il for v =1,...,V. In our implementation, we adopt four
widely used pathology FMs as view encoders, namely UNT [5], CONCH |[24], H-
Optimus-1 [32], and Virchow?2 [49]. To fuse these multi-view features, we propose
the Information-Theoretic Disentanglement Module F(-) that decom-
poses the input features into shared and specific components. Before feeding the
multi-view features into the disentanglement module, we apply a stochastic view
dropout strategy during training to improve robustness to missing or corrupted
views. Given V views with instance-level features {X,}V_;, where X, € RV*d
we independently sample a binary gate for each view and construct the masked
inputs as

X, = (1 —my) X, My g Bernoulli(pgrop), v=1,...,V.

For each view v, F applies parallel shared and specific encoders to map X,

into a per-patch shared projection Zc(”) and a view-specific representation ZSF").

To jointly learn a shared component Z. and the set {ng)}yzl, we optimize

two complementary objectives: a Consistency Objective Leonsistency that enforces
cross-view agreement among {Zé”)}yzl and aligns them to Z., and a Specificity

Objective Lgpecific that encourages each ng) to be predictive for its own view
while suppressing cross-view leakage.

Consistency Objective In designing the learning objective for the common
representation, our primary requirement is to recover information that is truly
shared across V' views, rather than averaging pairwise overlaps as the final rep-
resentation. Theoretically, the purest form of shared information is the Géacs-
Korner (GK) common information [10]. The GK common information is defined
as the largest component that can be deterministically recovered from all views
simultaneously. However, the GK common information is notoriously difficult
to compute and is task-agnostic. We therefore learn a tractable, task-relevant
approximation via a consensus encoder f.. Concretely, for each patch i in a WSI
bag B, we concatenate the aligned multi-view features {xz(»”)}}le and compute a
consensus token
c; = fC(Concat (CCZ(-l), e ,xgv))), ¢ € R,

Stacking all N patches yields the consensus representation C' € RV*% which
serves as the concrete implementation of the shared component used by our
framework. The learning of this C' is guided by the GK common information
principle of finding a component that is both high in entropy and consistent
across all views. Specifically, we have V' encoders {Eév) V_,, each dedicated to
extracting shared representations from its respective view. We then optimize the
following objective to fulfill the GK principle:
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v
g H(C) = 3 BI|EL (%)~
where the first term H(C) is the Shannon entropy of C, encouraging C' to be
maximally informative, while the second term ensures that C is recoverable from
each view’s shared encoder output.

After obtaining the consensus representation C, we infer a per-patch shared
latent representation via a variational bottleneck, z.; ~ py(zc,i | ¢;), yielding
Z. = {2} ;. In WSI analysis, supervision is provided only at the slide level,
while a slide contains a large and variable number of patches with substantial
tissue heterogeneity. To produce a scalable slide-level representation from Z,.
under this weakly supervised setting, we introduce a WSI-oriented aggregation
operator A.(-) and define Z. = A.({2c;}Y ). This leads to the following IB
objective:

m(;iX I(Zc; Y) - ﬁc I(Zd 0)7 Zeq ™ pdn(zc,i | Ci)>
where I(A; B) describes the mutual information between variables A and B. In
practice, both terms in this IB objective are intractable to compute directly. We

therefore optimize tractable bounds and approximations for each term, which
are implemented as follows:

LiB-Consistency = E(c,v) Ep,(z.10)[ —logay (Y | Zc) |

sufficiency of Z. for Y

+ BeEpcy KL(py(Ze | C) ||y (Ze)),

compression of Z, w.r.t. C

The first term maximizes a variational lower bound on I(Z.;Y) via the
Barber—Agakov bound [3], encouraging Z. to be sufficient for predicting Y. The
second term is a VIB-style regularizer [1]| that upper-bounds I(Z.; C') by replac-
ing the intractable marginal with a tractable prior r,(Z.), which compresses Z.
with respect to C. Expectations are estimated by averaging over patches within
each WSI bag. Detailed derivations are provided in the Supplementary Material.
By combining the practical implementations of the GK objective and the IB
objective, our final Leonsistency i formulated as a single loss to be minimized:

y
Loonsistency = ¥ E[|E(X,) — C|3] - H(C)

v=1

GK Objective
71(2(:; Y) + BCI(ZC; C)

IB Objective
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Specificity Objective Each view provided by an FM may contain specific in-
formation not present in other views. If the model focuses only on the shared
representation while ignoring this specific information, it may fail to fully lever-
age the complementary strengths of each view |9]. We therefore introduce a view-
specific representation ng) for each view v to capture information that is unique
to that view and not already in the common representation. By modeling these
view-specific features alongside the shared representation, the overall multi-view
model can leverage complementary information from each view, leading to a
more comprehensive and discriminative representation for downstream tasks. In
summary, the specificity module aims to preserve predictive but view-specific
signals, while ensuring that ng) does not overlap with the shared features Z..
For each view v, we aggregate per-patch specific features into a slide-level rep-
resentation via ng) = Agv)({zi? fil) Similar to the consistency objective, we
formalize the specificity objective via an IB objective:

;
max Y (H(Z:Y) = BI(Z1: X)) 20 ~ pol) | ()

4
v=1

Both terms in this objective are intractable to compute directly. We therefore
optimize a tractable variational bound by approximating each term:

14
['IB—Speciﬁc = Z <E(XU7Y)EP¢(Z§U)|XU) [ - IOg qwgv) (Y | Zs(v))}

v=1

sufficient for Y (from view v)
+ By By KL (p6(Z0) | X0) 17,00 (20)) )

compress w.r.t. X,

We instantiate both 7,(Z;) and 7’7]21,)(Z§U)) as factorized Gaussian variational
priors, following standard VIB practice; this yields tractable KL upper bounds
while encouraging compact latent representations without imposing task-specific
prior assumptions. Meanwhile, to enforce disentanglement between the shared
and view-specific components and to ensure different views learn distinct specific
signals, we add the following penalty:

\4

orthogonal Z I Z(u v) Ldisentangle - Z I(ZCa ng))
UFv v=1

The orthogonality term Lorthogonal encourages different view-specific represen-
tations to be as independent as possible by minimizing the mutual information
between Z\ and Z{” for u # v. The disentanglement term Lagisentangle further
reduces redundancy between the shared representation Z. and each view-specific
representation Z, §“), promoting view-specific components that capture informa-
tion complementary to Z.. Since estimating mutual information is intractable
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in practice, we replace I(-;-) with a covariance-based surrogate that suppresses
linear dependence:

Leov(A,B) = HNl—l (A—A)T(B-B)

F
Combining these components, our final specificity loss to be minimized is:

Especiﬁc = ‘CIB—SpeCiﬁc
N———

IB Objective

14
+ )\1 Z Lcov(Zgu)a ng)) + /\2 Z Ecov(ch Zb(v))
uFv v=1

Orthogonality Penalty Disentanglement Penalty

3.3 Aggregation and Classification

As detailed in Sec. our disentanglement module F(-) produces two distinct
sets of patch-level representations: the shared component Z. and the V spe-
cific components {Z 5”)}321. Our model is designed to process these components
using a flexible Multi-Branch Prediction Head. Instead of a single aggrega-
tion step, this head creates multiple, independent MIL branches. Each branch
consists of its own aggregation function A(-) and classification function C(-).
Specifically (shown in Fig. , we instantiate V' + 2 independent MIL branches:
Shared Branch: One branch that takes only the shared component Z,. as input:

Khared = Csh(-Ash(Zc))
Specific Branches: V' branches, where each branch takes only its corresponding
specific component Z§“) as input:

Ve = CHI (AR (Z())

Concat Branch: One branch that takes the full concatenated representation

Ztused = Concat(Z,, Zs(l), e ZS(V)) as input:

}A/concat = Ccat (-Acat (qused ))

The final bag-level prediction Y is the unweighted average of the logits from
all V + 2 branches:

\%
N 1 N . N
Y = m (nhared + ; }/s(pe)c + Koncat)

The shared branch uses the cross-FM consensus Z. for a robust prediction,
the view-specific branches preserve cues unique to each FM, and the concat
branch captures their joint interactions. Averaging their logits thus acts as a
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structured ensemble of distinct decision pathways, avoiding both shared-only
over-compression and naive-fusion redundancy (Table . Given the ensemble
logits Y, we adopt the Cross-Entropy loss for the classification task and the
Negative Log-Likelihood Survival loss [§] for the survival prediction task.
Thus, the final training objective is:

Liotal = Leask + O‘cﬁconsistency + as['speciﬁc

where a. and a, balance the contributions of each loss component.

4 Experiments

4.1 Datasets and Experimental Settings

Datasets: We evaluate our method across two key tasks: molecular prediction
and survival analysis. (1) Molecular Prediction. We evaluate our method
on eight public datasets. From the BCNB [43]| cohort, we perform three bi-
nary receptor status prediction tasks: BCNB-ER, BCNB-PR, and BCNB-HER2.
We also use five public TCGA subsets: BRCA-Molecular for PAM50 subtyp-
ing; BRCA-TP53 for TP53 mutation prediction; CRC-Molecular for consensus
molecular subtype classification; CRC-KRAS for KRAS mutation prediction;
and SKCM-BRAF for BRAF mutation prediction. (2) Survival Analysis. We
use six TCGA cohorts (BRCA, CRC, KIRC, LUAD, LUSC, and SKCM) to
predict patient survival outcomes from WSIs. Further details on all cohorts are
provided in the Supplementary Material.

Evaluation Metrics: For molecular prediction, we primarily report the Area
Under the Curve (AUC) due to the significant class imbalance often present in
WSI cohorts. For survival prediction, we use the standard Concordance index (C-
index) [13] to evaluate prognostic performance. All experiments are conducted
using a 5-fold cross-validation methodology, and we report the mean and stan-
dard deviation of the results across all folds to ensure a robust evaluation. We
provide runtime and memory comparisons in the Supplementary Material.
Compared Methods: We first establish a set of single FM baselines. These con-
sist of several different feature extractors, with the resulting patch embeddings
uniformly aggregated by a standard ABMIL [16] head for all models. The extrac-
tors include: (1) a classic ImageNet-pretrained ResNet50 [14] as a conventional
baseline, and (2) five FMs: PLIP |15], UNI [5], CONCH |24], Virchow?2 [49], and
H-Optimus-1 [32]. Furthermore, we compare against three multi-FM baselines,
which serve as our primary competitors. (1) Naive Concat: This method first
concatenates the features from all views at the patch-level, creating a single,
high-dimensional feature vector. This unified set of patch features is then fed
into a standard ABMIL. (2) Self-Attn |11]: This baseline first applies the same
concatenation as Naive Concat. It then processes these fused patch features
through a standard self-attention layer and feeds the resulting features into the
final ABMIL aggregator. (3) Naive Ensemble: This method averages the final
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prediction logits from each of the independent single-view ABMIL models de-
fined in the previous section. To ensure fairness and reproducibility, we restrict
our comparisons to methods with public code, thereby excluding AdaFusion [42].
Foundation Model Selection: All methods, including ours, utilize features
from four strong FMs (UNI, CONCH, Virchow2, and H-Optimus-1), chosen for
their robust and widely validated performance in recent benchmarks [2830].
Implementation Details: WSI preprocessing follows CLAM |[25]. All exper-
iments are conducted on a single NVIDIA H800 GPU. Hyperparameter set-
tings are provided in the Supplementary Material. Code is publicly available at
https://github.com/wyhsleep/MV-MIL.

4.2 Main Results

Molecular Prediction. As shown in Table [T} our method attains the highest
AUC on all eight datasets, with an average of 0.8008. On average, we outperform
the strongest multi-view baseline (Naive Ensemble, 0.7811) by +1.97 points, and
exceed Naive Concat and Self-Attn by +2.92 and +3.29 points, respectively.
Compared with the best single-view foundation model on average (H-Optimus-
1, 0.7821), our approach improves by +1.87 points. The gains are consistent
across receptor status (ER, PR, HER2), subtyping (PAM50, CRC-CMS), and
mutation targets (TP53, KRAS, BRAF).

Survival Analysis. Our method achieves the highest average C-Index of 0.6905,
outperforming the strongest multi-view baseline (Naive Concat, 0.6748) by +1.57
points. It also exceeds Naive Ensemble (0.6686) and Self-Attn (0.6588) by +2.19
and +3.17 points, and improves over the best single-view foundation model on
average (Virchow2, 0.6691) by +2.14 points.

Table 1: Main results for Molecular Prediction and Survival Analysis. Our model is
compared against individual FMs and baseline multi-view methods. Bold indicates the
best performance, and underline indicates the second-best.

Datasets ‘Resl\e(l’)ﬂ 14J PLIP ISJ UNI SJ CONCH [24] Virchow2 45” H-Optimus-1 |32 ‘ Naive Concat Naive Ensemble Self-Attn llJ ‘ Ours
| FABMIL
Molecular Prediction (AUC)
BCNB-ER 0.800840.0326 0.8381+0.0455 0.9040+0.0101 0.8738+0.03. 5+0.0052 1+0. 9 0.9237+0.0231 0.9154+0.0074|0.9322+0.0136
BCNB-HER2 0.678240.0557 0.7344+0.0201 0.7424+0.0246 0.7556+0.0345 0.7397+0.0215 0. +0.0277 0.7655+0.0258 0.7643+0.0108|0.7894+0.0192
BCNB-PR 0.72661-0.0373 0.7808+0.0410 0.8377+0.0282 0.8170+0.027( 4+0.0347  0.8628+0.0261 5 0.85624+0.0380 0.8448+0.0301(0.8770+0.0287
BRCA-Molecular|0.66054-0.0587 0.7311+0.0307 0.761140.0132 0.77940.02: 6+0.0251  0.7759+0.0240 5 0.774740.0085 0.7708+0.0252(0.7905+0.0285
BRCA-TP53 0.68254-0.0435 0.7839+0.0532 0.8213+0.04¢ +0. 0.8283+0.0477 0.8451+0.0345 0.8442+0.0388 0.8337+0.0307|0.8654+0.0229
CRC-KRAS 0. 1+0.0543 5640.0688 0.609440.0803 0. 5124+0.0607 0. +0.0904 7 0.624740.0 0.5428+0.0962(0.6450+0.0761
CRC-Molecular |0. 10.0604 0.6929+0.0554 0.8308+0.0328 +0. 2+0.0350 0. +0.0282 0.8624+ 3 +0.0308/0.8685+0.0272

SKCM-BRAF

0.555640.0360 0.5482+0.0269 0.607240.0563 0.5928+0.0508 0.6255+0.0723

0.6232+0.0858

0.6084+0.0432

0.5972+0.0511

0.6138+0.0513

0.6385+0.0641

Average (Mol) ‘ 0.6571 0.7094 0.7642 0.7627 0.7648 0.7821 0.7716 0.7811 0.7679 0.8008
Survival Analysis (C-index)
0.604440.0396 0.6134+0.0613 0.670540.0230 0.6844+0.0342 0.7093+0.0530 0.7006+0.0293 | 0.7017+0.0432 0.7009+0.0343 0.6978+0.0409(0.7098+0.0354

TCGA-BRCA

T
T
T
T
T

0.580740.0482 0.6719+0.0128 0.711040.0264
0.620440.0926 0.7060+0.0821 0.705140.05¢ +0.0412 0.7169+0.0689
0.612640.0202 0.6236+0.0392 0.625140.0396 0.6411+0.0432 0.6554+0.0295
0.5909-+0.0798 0.5578+0.0488 0.6116+0.0562 0.5987+0.0658 0.5907+0.0476
0.5952+0.0388 0.60110.0483 0.6340£0.0325 0.6116+0.0241 0.6296£0.0238

292+0.0315 0.7126+0.0303

0.6982+0.0243
0.7124+0.0558
0.6595+0.0468
0.6076+0.0492
0.6159+0.0115

0.7321+0.0179
0.734340.0701
0.6605+0.0514
0.5983+0.0416
0.6219+0.0343

0.72214+0.0269
0.7203+0.0581
0.6390+0.0486
0.6124+0.0481
0.6167+0.0220

0.6844+0.0370
0.7340+0.0602|
0.6261+0.0319
0.6027+0.0668
0.6075+0.0180

0.7321+0.0219
0.744540.0146
0.6693+0.0462
0.6311+0.0587
0.6561+0.0686

Average (Surv)

0.6007 0.6290 0.6596 0.6669 0.6691

0.6657

0.6748

0.6686

0.6588

0.6905
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4.3 Ablation Studies

Plug-and-play generality across MIL methods. To assess whether our
framework is tied to a particular MIL architecture, we plug the disentanglement
module into five standard MIL methods: ABMIL, DSMIL, MeanMIL, MaxMIL,
and CLAM. Fig. [Bh summarizes the average molecular-prediction AUC when
using the best single-FM baseline for each backbone (Best FM) versus our multi-
view variant (Ours). The improvements are particularly pronounced for DSMIL
and MaxMIL, indicating that our multi-view modeling and information-theoretic
disentanglement can reliably enhance diverse MIL designs without modifying
their core structure.

a b

0.80 - @ Ours
g ® BestFM 0.800 4
S 0.79 1
€
. 0.795
‘£ 0.78 4
3 s
o 0.790
? 0.77 4
2
< .76 A 0.785 -

0.75 - T T T T 0.780 —— T T T

ABMIL MeanMIL  MaxMIL CLAM DSMIL 1 2 3 4
MIL methods View Numbers

Fig. 3: (a) Across different MIL backbones, our multi-view framework consistently
improves over the best single FM. (b) Performance increases as more FM views are
used.

Plug-and-play generality across FM backbones. We conduct a leave-one-
out ablation study to investigate the individual contribution of each FM (view)
to our final model’s performance. As shown in Table 2] our full model achieves
the highest average AUC of 0.8008, while all four leave-one-out variants (0.7779-
0.7930) underperform the full model. This indicates that every view provides a
non-redundant contribution and that our method effectively integrates infor-
mation from all FMs. Among the four models, removing H-Optimus-1 causes
the largest performance degradation (a drop of 0.0229, from 0.8008 to 0.7779),
which is consistent with its role as the strongest single-view baseline (0.7821).
Nevertheless, the full multi-FM model still outperforms H-Optimus-1 alone, as
well as all leave-one-out variants, showing that simply selecting the strongest
FM is suboptimal and that explicitly modeling and exploiting complementary
information across multiple FMs is crucial for achieving the best performance.
Furthermore, as illustrated in Fig. Bp, we observe a clear monotonic increase in
the best achievable AUC as the number of integrated views grows. Specifically,
the performance scales steadily from 0.7821 with a single FM (H-Optimus-1) to
0.7897 when combining two models (CONCH and H-Optimus-1), and further
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improves to 0.7929 with three models (CONCH, Virchow2, and H-Optimus-1).
Ultimately, integrating all four FMs yields the highest AUC of 0.8008. This con-
tinuous improvement directly validates our method’s ability to extract additive
value from each newly introduced FM. In addition, the competitive performance
of all leave-one-out configurations indicates that our framework can robustly
adapt to different FM subsets, supporting its use as a general plug-and-play
module for arbitrary FM combinations.

Table 2: Ablation study on the choice of foundation models for molecular prediction
(AUC). Columns labeled “w/o ...” correspond to leave-one-out variants of our multi-
view model, where one FM is removed while the remaining three are used. “Ours”
denotes the full model using all four FMs.

Datasets ‘ UNI 5] CONCH [24] Virchow2 49| H-Optimus-1 BQH w/o UNI w/o CONCH w/o Virchow2 w/o H-Optimus-1 Ours
BCNB-ER 0.9040-0.0101 0.873840.0334 0.912540.0052  0.9259+0.0239 |0.9326+0.0161 0.9230-+0.0178 0.9305+0.0114  0.911440.0183 | 0.93224+0.0136
BCNB-HER2 0.7424:£0.0246 0.7556:0.0345 0.7397+£0.0215  0.768340.0277 | 0.773840.0257 0.7760+0.0219 0. 0.7667+0.0217 |0.7894:0.0192

BCNB-PR 0.837740.0282 0.817040.0270 0.8464+0.0347 0.8628+0.0261 | 0.8727+0.0311 0.8716+0.0322 0.8613+0.0287 0.857040.0366 |0.8770+0.0287
BRCA-Molecular|0.7611+0.0132 0.7794£0.0242 0.7656£0.0251  0.7759+0.0240 |0.80510.0266 0.7812+0.0343 0.7708+0.0234  0.7650-£0.0285 | 0.790540.0285

BRCA-TP53 0.821340.0468 0.826340.0513 0.8283+0.0477 0.8451+0.0345 | 0.8501£0.0414 0.8 0.0466 0.846940.0401  0.851640.0431 |0.8654+0.0229
CRC-KRAS 0.609440.0803 0.624340.0633 0.5512+0.0607 0.5945+0.0904 | 0.6204+0.0983 0.6 0.0874 0.634140.0696  0.628340.1155 |0.6450+0.0761
CRC-Molecular |0.830840.0328 0.83244:0.0258 0.849240.0350 0.861340.0282 | 0.865540.0238 0.8632:+0.0235 0.8618+0.0310 0.8370+0.0398 |0.8685+0.0272
SKCM-BRAF  |0.607240.0563 0.592840.0508 0.6255%0.0723 0.623240.0858 | 0.623440.1013 0.6280£0.0649 0.6152+0.0588 0.6064+0.0348 |0.6385+0.0641

Average (Mol) ‘ 0.7642 0.7627 0.7648 0.7821 0.7930 0.7911 0.7866 0.777¢ 0.8008

Effect of prediction branches. The left panel of Table [3|evaluates how differ-
ent prediction branches affect molecular prediction. Using only the view-specific
branch already yields a strong average AUC of 0.7834, which is better than
the best single-FM baseline (H-Optimus-1, 0.7821), indicating that most dis-
criminative signals indeed reside in the FM-specific components. Adding the
concatenated representation of shared and specific features (Concat + Specific)
brings a consistent improvement to 0.7900 on average, showing that the joint
space of shared and specific information is beneficial. Finally, the full head that
aggregates shared, concatenated, and specific branches achieves the best overall
performance with an average AUC of 0.8008. These results confirm that our
multi-branch design successfully leverages both shared information and view-
specific signals, rather than relying on either component alone.

Effect of consistency and specificity objectives. The right panel of Ta-
ble [3] analyzes the role of the two information-theoretic losses used in our disen-
tanglement module. Removing the consistency term (w/o Leconsistency) degrades
the average molecular AUC from 0.8008 to 0.7902, while removing the speci-
ficity term (w/0 Lspecific) leads to a drop to 0.7893. These results indicate that
both objectives are beneficial and complementary: the consistency loss improves
performance by enforcing a view-invariant shared representation, whereas the
specificity loss further boosts performance by encouraging view-specific repre-
sentations to capture complementary discriminative cues beyond the shared rep-
resentation.
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Table 3: Ablation studies for molecular prediction (AUC). Left table: Components
of our multi-branch prediction head. Specific: the V specific branches only. Concat +
Specific: Adds the concatenated branch. Right table: Training objectives in our dis-
entanglement module. w/0 Lconsistency removes the consistency objective, w/0 Lspecific
removes the specificity objective.

Datasets ‘ Specific ‘Concat + Speciﬁc‘ Ours Datasets W/0 Leonsistency| W/0 Lepecific Ours
BCNB-ER 0.9283+0.0177| 0.9286+0.0130 |0.932240.0136 BCNB-ER 0.9269+0.0127 |0.9214+0.0175|0.93224+0.0136
BCNB-HER2  [0.7703£0.0351| 0.7777+£0.0183 |0.789440.0192 BCNB-HER2 0.769840.0144 |0.7649+0.0313|0.7894+0.0192
BCNB-PR 0.8638+0.0326| 0.8653+£0.0302 |0.8770+0.0287 BCNB-PR 0.8599+0.0199 {0.8670+0.0352|0.8770+0.0287
BRCA-Molecular|0.774640.0193| 0.7726+0.0238 |0.7905+0.0285 BRCA-Molecular| 0.7797-0.0323 |0.7829-0.0364|0.7905-:0.0285
BRCA-TP53  |0.851640.0367| 0.8567+0.0307 |0.8654+0.0229 BRCA-TP53 0.854040.0366 0.8598+0.0284|0.8654+0.0229
CRC-KRAS 0.613240.0705| 0.6307-£0.0667 |0.6450+0.0761 CRC-KRAS 0.639640.0944 |0.6268+0.0650|0.6450+0.0761
CRC-Molecular |0.865640.0281| 0.8639+0.0090 |0.8685+0.0272 CRC-Molecular | 0.861040.0357 [0.8669+0.0260|0.8685+0.0272
SKCM-BRAF  |0.5995+0.0712 0.624540.0571 |0.6385:£0.0641 SKCM-BRAF 0.6311-£0.0638 |0.624640.0734|0.6385+-0.0641
Average (Mol) | 0.7834 | 0.7900 0.8008 Average (Mol) | 0.7902 0.7893 0.8008

5 Conclusion

In this work, we revisited the problem of leveraging multiple FMs for WSI anal-
ysis. Motivated by the observation that different FMs provide partially shared
yet complementary representations and that naive fusion or patch-level selec-
tion can be limited, we reformulated FM ensembling as a multi-view multiple
instance learning problem. Building on this perspective, we proposed Multi- View
Multiple Instance Learning (MV-MIL), a plug-and-play framework that treats
each FM’s features as a distinct view of a WSI, equipped with an Information-
Theoretic Disentanglement module to separate shared and view-specific compo-
nents, and a Multi-Branch Prediction Head to integrate them within standard
MIL pipelines. Extensive experiments on 14 public benchmarks covering molec-
ular prediction and survival analysis showed that MV-MIL consistently outper-
forms both single-FM MIL baselines and representative multi-FM fusion base-
lines, achieving state-of-the-art results. Ablation studies further confirmed that
explicitly disentangling shared and view-specific information, jointly modeling
multiple FMs, and instantiating MV-MIL on top of different MIL architectures
all contribute to the observed gains.
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