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Abstract. The integration of Pathology Foundation Models (PFMs)
with Multiple Instance Learning (MIL) has emerged as a prevailing
paradigm for Whole Slide Image (WSI) analysis. However, due to diverse
pre-training architectures and data, PFMs exhibit intrinsic heterogeneity
and inconsistent performance across tasks. This limitation mirrors the
challenge of clinical inter-observer variability, where relying on a single
pathologist introduces the risk of subjective bias. To address this, we
propose MEC, a Multi-Expert Consultation framework compatible with
arbitrary weight-based MIL aggregators, designed to simulate the clinical
consultation workflow. Specifically, MEC leverages diverse frozen PFMs
as digital experts to independently localize task-specific discriminative
regions within heterogeneous feature spaces. To broaden the overall scope
of collective diagnostic evidence, we introduce a Stochastic Evidence
Masking strategy that suppresses top-ranking features, thereby surfacing
a wider variety of underlying cues. Finally, MEC synthesizes a robust,
multi-view diagnostic decision by aggregating the collective consulta-
tion consensus with individual expert opinions. Extensive experiments
demonstrate that MEC outperforms individual PFM baselines and al-
ternative ensemble strategies, offering a practical framework to harness
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collective diagnostic potential without requiring additional large-scale
pre-training. Code is available at https://github.com/JoeyFe/MEC.

Keywords: Whole slide image - Pathology Foundation Models - Multi-
ple Instance Learning.

1 Introduction

Computational pathology has revolutionized diagnostic workflows by facilitating
automated histological sub-typing and prognostic analysis on gigapixel Whole
Slide Images (WSIs) [6,21]. To mitigate the computational burden imposed by
the massive resolution of WSIs, a prevailing paradigm has emerged that employs
frozen Pathology Foundation Models (PFMs) for feature extraction, followed by
Multiple Instance Learning (MIL) aggregation [25]. This strategy leverages the
robust representation capabilities of PFMs to achieve superior performance in
downstream tasks [2,15,17].

However, due to diverse pre-training data and architectures, PFMs exhibit
intrinsic heterogeneity and distinct inductive biases [2]. Recent comprehensive
benchmarks show that no single model is consistently superior [2,15,17], mir-
roring clinical inter-observer variability [5,18] where single-pathologist reliance
risks subjective bias. Leveraging collaborative consensus among heterogeneous
experts should yield superior performance. Existing solutions generally fall into
three categories (Figure 1). First, model selection [3,26] heuristically searches
for the optimal PFM-MIL combination; however, this process is computation-
ally exhaustive and discards complementary expertise inherent in sub-optimal
models. Second, feature alignment [9,13,14,27] constructs a unified feature space
from multiple experts (e.g., knowledge distillation); however, these task-agnostic
methods often overlook task-specific nuances and require extensive post-training
resources. Third, naive ensembles [2,15] combine predictions via voting or aver-
aging, overlooking deep feature interactions and lacking robustness as noise from
weaker experts frequently dilutes reliable insights.

Fundamentally, existing ensemble approaches function by directly fusing la-
tent features or final predictions in a black-box manner. Such a process fre-
quently overlooks that the localization of key diagnostic evidence represents a
crucial component of both clinical workflows [10,16] and MIL paradigms [7,12].
To systematically capture the diverse pathological cues essential for multifaceted
clinical diagnosis, we propose MEC, a Multi-Expert Consultation framework
that emulates the workflow of evidence-based joint diagnosis. In contrast to
conventional ensembles, MEC employs PFMs as digital experts, enabling the
independent localization of task-specific regions to capture multi-view evidence.
Furthermore, we introduce a Stochastic Evidence Masking (SEM) strategy that
encourages the discovery of a broader range of complementary patterns. Finally,
MEC dynamically aggregates the opinions of individual experts to produce a
robust diagnostic consensus.

Our contributions are summarized as follows: (1) We propose MEC, a generic
WSI analysis framework compatible with arbitrary weight-based MIL aggrega-
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Fig.1: Comparison of (a) Model Selection, (b) Feature Alignment, (c¢) Naive
Ensembles, and (d) our MEC framework. MEC mimics clinical joint diagnosis,
dynamically consulting diverse experts for an evidence-driven consensus.

tors. By leveraging frozen foundation models, it efficiently adapts to downstream
tasks without requiring additional large-scale training. (2) We reveal the inher-
ent complementarity of distinct PFMs in Region of Interest (ROI) mining and
accordingly introduce a multi-view key patch mining strategy that fuses diverse
evidence to construct robust task-specific representations. (3) Extensive bench-
marking across multiple datasets demonstrates the consistent superiority of MEC
over individual PFM baselines and ensemble strategies, validating it as a prac-
tical, general-purpose framework for harnessing collective diagnostic potential.

2 Method

The proposed Multi-Expert Consultation framework structurally simulates the
clinical consensus process by synergizing heterogeneous PFMs to achieve robust
and multi-view WSI analysis. The overall architecture is illustrated in Figure 2.

2.1 Feature Extraction with Heterogeneous PFMs

Following standard WSI preprocessing protocols [12], the tissue area of a WSI is
tessellated into N non-overlapping patches {p;}X ;. To exploit complementary
representations, we employ a set of M heterogeneous and frozen PFMs, denoted
by {fm}M_,. Each expert model f,, projects the patches into a distinct feature
space RPm . Specifically, H™ = [hgm),...,hs\@]—r € RNXDPm represents the
bag of features derived from the m-th expert, where hl(.m) € RP= denotes the
embedding of the i-th patch.

2.2 Task-Specific Evidence Localization

We employ a multi-branch architecture, where each frozen PFM is paired with a
learnable MIL backbone. For the m-th branch, the feature bag H(™) ¢ RN*Dm
is processed by a dedicated MIL network. Our framework accommodates diverse
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Fig.2: Overview of the MEC framework utilizing frozen foundation model fea-
tures as input for task-specific adaptation.

MIL architectures that produce instance-level importance weights. Let @,,,(+; 6,,)
denote the instance scoring network (e.g., the widely adopted attention network)
of the m-th expert. This network maps input embeddings to importance scores
A e RN quantifying the diagnostic contribution of each patch:
A =g (H™;0,,). (1)
To drive the learning of task-aware representations, we impose independent
supervision on each expert branch. Specifically, within the m-th branch, weighted
patch-level features are aggregated into a slide-level representation z(m)e via a

slid
global function G,,(-), which accommodates diverse MIL architectures:

Zi?z%e = G (H™ A g ). (2)
(m)

Subsequently, the embedding z,,. is fed into a classifier g,,(-) to generate
logits y(™). We enforce discriminative learning by applying a Cross-Entropy loss
Lcg to each expert:

M
1 ~(m
‘Cea:perts = M Z EC’E(y( )7y)7 (3)
m=1

where y denotes the ground-truth label. This explicit supervision aligns feature
aggregation with the ground truth, yielding more reliable importance scores
A" for subsequent mining.

2.3 Stochastic Evidence Masking

We introduce a stochastic masking strategy inspired by regularization tech-
niques [28,29]. While prior works employ this mechanism to prevent overfit-
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ting in single-view MIL, we repurpose it to expand the collective pool of diag-
nostic evidence. Specifically, in the training phase, we generate a binary mask
M) ¢ {0,1}" to suppress the instances with the top-Q scores with a proba-
bility p. The masked importance scores A(™) are then obtained via element-wise
multiplication:

A = A oMM, (4)
By preventing the model from collapsing onto a narrow set of dominant features,
this perturbation ensures a richer basis for the subsequent multi-view integration.

2.4 Synthesizing Multi-View Predictions

Following the evidence mining phase, we aggregate multi-view diagnostic cues to
establish a holistic consensus. Importance score distributions in MIL are inher-
ently sparse, with a small subset of highly discriminative patches dominating the
slide-level prediction [22,28]. Motivated by this observation, we focus on captur-
ing these critical instances. Specifically, for the m-th expert branch, we utilize
the masked importance scores A(m) (derived in Eq. 4) to retrieve the top-K most
critical instances. Let Z(™ denote the indices corresponding to the K highest
values in A(™) sorted in descending order. To fully leverage the rich semantic
representations inherent in the foundation models, we extract the raw feature
embeddings from the original feature bag H(™ at these indices to construct a
sequence of critical evidence S("™) = [hgm)]iez(m € RE*DPm  These selected in-
stance features S(™) are subsequently flattened into a vector v(™ e R Pm_ To
synthesize a unified representation, we concatenate the flattened vectors from
all M experts:

V fusea = Concat ([V(l), v ,V(M)]> . (5)

The fused vector V fyseq, which encapsulates complementary evidence de-
rived from diverse inductive biases, is processed by a Multi-Layer Perceptron
(MLP) to obtain a high-level consensus representation. We formulate this fea-
ture transformation and the subsequent classification as:

Zfyused = ]:mlp(vfusetﬁ lep)7 yconsensus = gcls (qused)v (6)

where Fp,ip(-) denotes the non-linear mapping parameterized by O, and
Geis(+) represents the final classification head projecting the refined features
Zfused tO the target class logits. Inspired by the bias-variance decomposition
principles underlying ensemble learning [4], we employ a residual-style aggrega-
tion strategy in logit space to derive the final slide-level prediction ¥ finqi. This
design fuses the high-capacity collaborative consensus ¥y consensus With the stable
ensemble of individual expert predictions, yielding a more robust final decision.

1 M
S _ . - A~ (m)
Y final = Yconsensus + M m§71y . (7)

The total objective function Lyt is defined as:

Etotal = £C’E (yfinala y) + ['ea:perts- (8)
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Table 1: Performance evaluation of different feature extractors combined with
various MIL models across diverse pathological tasks. Best results are highlighted
in bold, and the best single-model results are underlined.

Dataset |  Camelyonl7 | TCGA-GBMLGG | TCGA-NSCLC | STS
Method ‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score
- UNI 79.17+3.88 50.45+3.30 | 83.25+2.20 80.80+2.61 | 91.95+1.60 91.91+1.63 | 69.1247.73 58.1445.11

%CONCHVLS 83.53+1.53 57.74+a.07 | 83.69+2.60 81.21+2.85 | 92.71+1.02 92.68+1.95 | 72.57+7.02 61.78+3.68
< Virchow?2 83.79+2.20 59.55+4.63 | 83.31+2.04 81.01+a.10 | 92.97+1.30 92.95+1.31 | 73.3027.11  64.95+3.38

s UNI 83.37+2.96 56.43+1.90 | 82.66+1.60 80.02+1.74 | 92.21+1.51 92.19+1.52 | 69.68+8.62 56.08+6.01
5 CONCHv1.5| 83.36+1.15 57.51+2.12 | 81.37+138 78.64+1.64 | 92.04+1.73 92.01+1.76 [69.00+10.95 56.07+7.50
© Virchow?2 84.79+2.30 59.57+1.67 | 83.37+x1.86 81.0642.00 | 93.36+1.45 93.33+1.47 | 73.3927.38 63.5246.25

= UNI 69.50+3.44 38.96+5.22 | 80.86+2.76 78.18+5.05 | 89.97+3.21 89.9245.26 | 70.52+6.86 60.87+3.70
E CONCHV1.5| 82.99+3.34 60.67+s.96 | 85.12+2.60 82.51+2.14 | 90.42+1.44 90.39+1.45 | 70.01+7.65 59.91+6.32
il

& Virchow?2 T1.13+5.52 44.51+7.10 | 83.21+427 81.06+3.93 | 91.38+2.28 91.36+2.31 | 71.07+7.85 61.72+5.78

= UNI 78.13+5.95 51.68+7.38 | 83.90+3.12 81.86+3.43 | 92.03+1.47 92.02+1.40 | 71.2827.12  60.90+4.99
E CONCHv1.5| 81.95+4.92 60.69+3.18 | 85.05+2.81 82.78+2.08 | 92.04+2.34 92.02+2.37 | 70.73+9.37 60.54+5.76
~ Virchow?2 82.2216.17 58.16+7.11 | 85.20+4.35 83.33+4.01 | 92.41+1.66 92.39+1.68 | 70.84+8.50 60.21+4.95

= UNI 73.84+5.01 47.82+12.24| 85.21+2.01 83.33+1.57 | 90.89+1.65 90.85+1.65 | 70.84+7.71  60.29+4.62
j CONCHv1.5| 83.79+5.19 59.40+4.47 | 84.12+2.67 81.91+2.01 | 91.57+233 91.5312.38 | 71.90+6.15 61.84+7.58
EVirchow2 80.21+3.37 55.38+4.10 | 85.49+3.52 83.8742.57 | 92.32+1.61 92.28+1.64 | 71.8147.50 63.1144.10

MECapmiL 86.96+3.10 68.44+2.64| 87.79+1.02 86.05+2.20 | 93.94+1.72 93.91+1.75 | 77.16+5.50 68.72+4.23
MECaBumiL-¢ | 85.20+2.47 64.26+1.96 | 87.61+1.60 86.08+1.96 | 93.75+£1.61 93.72+1.62 | 76.56+4.26 68.87+5.41
MECcrLam 86.31+3.53 66.90+4.07 |87.80+2.55 86.20+2.69/94.04+2.04 94.02+2.05|77.16+5.52 70.20+5.06

3 Experiments

Datasets. We evaluate the proposed framework on four real-world datasets:
Camelyonl7 (500 WSIs, four-class lymph node metastasis detection) [1], TCGA-
NSCLC (1,053 WSIs, binary lung cancer subtyping) [12], TCGA-GBMLGG
(1,525 WSIs, three-class glioma molecular subtyping) [24], and STS (813 WSIs,
fine-grained classification of five soft tissue sarcoma subtypes). We use a stan-
dard 5-fold cross-validation protocol, ensuring no patient overlap across training,
validation, and testing sets.

Implementation Details. Following [15], we use PrePATH for WSI prepro-
cessing, tissue regions are segmented into non-overlapping 512 x 512 patches
at 20x magnification. For feature extraction, we employ three frozen pathol-
ogy foundation models: UNT [3], Virchow2 [30], and CONCHv1.5 [11]. For the
consensus branch, the concatenated evidence vector V ¢,s.q4 is fed into an MLP
classifier with two hidden layers of dimensions 512 and 128, where each hidden
layer is followed by a ReLU activation and dropout with a rate of 0.3. To ensure
fair comparisons, all methods are optimized using the Adam optimizer coupled
with a cosine annealing learning rate schedule.

Comparison with Single-PFM Baselines. We benchmark 15 combinations,
pairing three PFMs (UNI, CONCHv1.5, Virchow2) with five MIL architectures
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Table 2: Performance comparison of different ensemble methods across diverse
pathological tasks. Best in bold, second best is underlined.

Dataset| ~ Camelyonl7 | TCGA-GBMLGG | TCGA-NSCLC | STS

Method‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score ‘ Acc ‘ Fl-score

Mean 85.00£2.44 63.9117.05 | 86.66+2.36 84.75+2.51 | 92.98+1.38 92.9441.30 | 75.3245.35 65.62+3.62
Concat | 83.19+3.64 60.06+4.1s | 86.4442.20 84.76+2.26 | 92.98+1.55 92.94+1.58 | 75.1845.49 65.70+3.33
Logit 85.78+3.15 64.59+2.51 | 84.29+2.72 81.8443.40 | 93.17+1.55 93.14+1.57 | 74.37+6.50 64.99+5.41
Vote 85.42+2.53 61.77+2.85 | 85.05+3.08 82.79+1.26 | 93.26+1.43 93.24+1.14 | 74.4546.50 64.84+2.61
COBRA| 75.91+3.35 43.16+2.83 | 85.05+1.82 83.31+1.21 | 92.33+£1.7s 92.30+1.81 | 72.931+8.22 65.61+7.49
GPFM | 82.78+232 60.36+3.52 | 86.26+2.91 84.29+3.62 | 92.97+2.03 92.9312.03 | 74.2146.40 65.37+6.40
MEC 86.96+3.10 68.44+2.64(|87.79+1.92 86.0542.20/93.94+1.72 93.91+1.75|77.16+5.80 68.72+4.23

* We use official pre-trained weights to extract features for COBRA and GPFM. COBRA follows the
recommended linear probing method, whereas ABMIL is used as the backbone for all other methods.

(ABMIL [7], CLAM [12], TransMIL [20], RRTMIL [23], TDAMIL [19]). As pre-
sented in Table 1, our MEC framework consistently outperforms all single-PFM
baselines. These results support that integrating complementary inductive biases
can alleviate the limitations of any individual PFM. Besides, consistent with
prior observations [3,14,20], performance varies only marginally with the choice
of MIL architecture when expressive PFMs are used. This observation suggests
that rich features enable standard attention mechanisms to localize evidence ef-
fectively, thereby justifying our use of simple attention scores for patch mining.
Finally, the consistent improvements observed with ABMIL-GATE and CLAM
demonstrate that our framework remains MIL-agnostic, effectively supporting
diverse aggregation networks without altering the consensus mechanism.
Comparison with Ensemble Methods. We compare MEC with feature-level
fusion (Mean, Concat), prediction-level fusion (Logit, Vote), and feature align-
ment models (GPFM [14], COBRA [9]). As shown in Table 2, MEC consis-
tently outperforms all baselines. Its superiority over static ensembles validates
our dynamic consensus mechanism in effectively filtering noise and amplifying
discriminative cues across diverse expert representations, whereas surpassing
COBRA/GPFM proves the efficacy of task-driven probing without heavy pre-
training. In terms of efficiency, multi-PFM feature extraction increases offline
preprocessing time (49.8 s/WSI on a single GPU vs. 28.0 s for GPFM), but this
cost is highly parallelizable (30.3 s/WSI with multi-GPU). Crucially, MEC’s MIL
inference requires merely 2.02 ms. This renders the accuracy-compute trade-off
highly justified for offline clinical WSI workflows, where maximizing diagnostic
precision on complex tasks strictly outweighs the need for absolute latency.
Ablation Study. To validate the architectural design of MEC, we compare
the full framework against three variants: (1) w/o consen., which removes the
consensus branch and relies solely on aggregated expert logits; (2) w/o experts,
which utilizes only the consensus branch prediction; and (3) w/o SEM, which
removes the stochastic evidence masking mechanism. As presented in Figs. 3a
and 3b, the full MEC framework consistently outperforms all ablated variants
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Fig.3: Ablation study on key components. (a) Impact of instance selection num-
ber K. (b) Impact of mask number. (¢) Impact of mask probability.

UNI ‘ CONCHV1.5 ' Virchow2 B » MEC (ours)‘\
Fig.4: Visualization of WSI sample heatmaps on the STS dataset using an
ABMIL backbone with single foundation models versus MEC. pathologist-
annotated Regions of Interest (ROIs) are circled in green.

across all datasets. This confirms that the synergy between expert guidance and
consensus recalibration is critical for robust diagnosis.

We further perform ablation studies on instance selection (K'). As presented
in Fig. 3a, TCGA-NSCLC and TCGA-GBMLGG achieve optimal performance
at K = 50, whereas Camelyon17 and STS favor a larger context (K = 75). Over-
all, performance is relatively stable across a reasonable range of K, suggesting
that MEC is not overly sensitive to the exact threshold as long as sufficient
contextual evidence is retained. Regarding masking intensity in SEM (Figs. 3b
and 3c), results consistently favor moderate regularization. In practice, setting
the mask number to 10 and the mask probability to 50% is generally sufficient
for achieving near-optimal performance.

Analysis of Attention Regions. To qualitatively assess our collaborative
mechanism, we visualize attention heatmaps produced by individual PFMs and
by MEC. As illustrated in Fig. 4, different PFMs attend to markedly different re-
gions, reflecting model-specific preferences. In contrast, MEC yields a more com-
prehensive and coherent attention distribution that covers complementary diag-
nostically relevant areas. This suggests that the consultation-based consensus
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can synthesize evidence across experts, reducing reliance on any single model’s
bias and leading to more robust slide-level decisions.

4 Conclusions

We propose MEC, a generic framework simulating clinical multi-expert consulta-
tion to address PFM heterogeneity. Treating frozen PFMs as digital experts with
distinct inductive biases, MEC employs a multi-branch architecture to parallelly
localize task-specific regions. Extensive experiments demonstrate that MEC con-
sistently outperforms individual PFMs and standard ensembles. Results validate
MEC as a practical, computation-efficient solution to harness the collective po-
tential of foundation models without extra large-scale pre-training.
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