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ABSTRACT
Multiple Instance Learning (MIL) is widely adopted for
Whole Slide Image (WSI) classification. Existing MIL meth-
ods suffer from representation bottlenecks where slide-level
aggregation compresses diverse patch information, limit-
ing performance. Our proposed Divide-and-Distill (D&D)
framework addresses this by partitioning the feature space
into representation-coherent clusters, training specialized ex-
pert models on each cluster, and distilling their collective
knowledge into a unified model. This reduces information
compression loss while maintaining inference efficiency. Ex-
periments across three datasets and six MIL methods demon-
strate consistent gains without added inference cost.

Index Terms— Digital Pathology, Knowledge Distilla-
tion, Multiple Instance Learning, Representation Bottleneck

1. INTRODUCTION

Histology slides are digitized into Whole Slide Images
(WSIs) using digital slide scanners [1]. These gigapixel,
multi-resolution images capture tissue structures across mul-
tiple magnification levels [1]. Due to their large size, WSIs
are typically analyzed using Multiple Instance Learning
(MIL) [2], where each slide is treated as a bag of image
patches. WSI works, such as [3] and [4], often tackle cancer
type classification and survival analysis. WSI classification
aims to assign a diagnostic label to the entire slide based on
these patch-level representations, without requiring exhaus-
tive pixel-level annotations [2]. In binary classification, the
bag is labeled positive if at least one instance is positive and
negative otherwise.

MIL methods, such as [5] and [6], typically follow a
three-step pipeline: patch cropping, feature extraction using
a pre-trained encoder, and slide-level feature aggregation for
WSI classification. Despite high accuracy in diagnostic tasks,
which can be further boosted through feature extraction from
digital pathology foundation models [7, 8], plateaus caused
by limited capacity and representational bottlenecks. These
limitations stem from the aggregation mechanisms that com-
press diverse instance-level features into a single slide-level
representation.
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Fig. 1: Accuracy of existing MIL methods (Mean Pool, Max
Pool, and ABMIL) and our proposed D&D framework for dif-
ferent datasets. The performance of baseline methods (light
and dark blue bars) plateaus. Conversely, the D&D frame-
work (plotted in purple) achieves higher accuracy.

To address this problem, we propose Divide-and-Distill
(D&D), a method-agnostic framework that can be combined
with any MIL framework to alleviate performance bottle-
necks. The D&D framework partitions the feature space into
smaller, representation-coherent regions and trains special-
ized expert models on these regions, enabling better local
feature learning. By distilling the knowledge from these
expert models into a single model, D&D enhances global
learning without additional overhead during inference.

The contributions of this paper are: (1) We propose
Divide-and-Distill (D&D), a method-agnostic framework for
WSI classification that partitions the feature space, trains
localized experts, and distills their knowledge into a global
model to address aggregation bottlenecks in MIL; (2) We
validate D&D on three publicly available WSI datasets
(CAMELYON-16, TCGA NSCLC, and BRACS) across six
MIL methods, demonstrating consistent improvements with-
out introducing any additional computational overhead at
inference time.



2. RELATED WORK

MIL has become the standard paradigm for WSI classifica-
tion, where slide-level labels supervise patch-level feature
aggregation. Early approaches used mean or max pooling,
but these failed to capture the heterogeneity of WSIs [5].
Attention-based methods such as ABMIL [5] and CLAM [9]
improved aggregation by learning patch-level importance.
More recent works have explored richer modeling strategies,
including dual-stream architectures [10], transformer-based
models [6], and structured state space models [11]. While
effective, these methods remain constrained by aggregation
bottlenecks that limit representation capacity.

Knowledge distillation (KD) transfers knowledge from
large or specialized models to compact models, and has been
extended to WSI analysis. Recent work has extended this
concept to ensemble distillation, where multiple expert mod-
els trained on complementary aspects of the data transfer
their specialized knowledge to a single student model [12].
In the context of MIL for WSI classification, conventional
methods are constrained by bag-level supervision and do
not exploit instance-level features. While Luo et al. in [13]
proposed a patch-level self-distillation approach that explic-
itly feeds known negative patches into the student model to
improve classification accuracy, our work takes a fundamen-
tally different approach. We develop our framework without
requiring explicit instance-level labels, through an ensemble-
based distillation that utilizes expert models trained on dis-
tinct clusters. Importantly, we enhance feature learning while
preserving the weakly supervised nature of MIL.

Clustering has been widely explored as a strategy to en-
hance representation learning in weakly supervised settings
such as MIL. In digital pathology, clustering serves to cap-
ture local heterogeneity within WSIs by grouping patches or
features into more coherent subsets before downstream learn-
ing. Standard k-means clustering provides a simple and scal-
able baseline, but often yields imbalanced or label-agnostic
partitions. To address these issues, constrained k-means en-
forces minimum cluster sizes [14]. The choice of a cluster-
ing method determines the operation of our D&D framework,
where clusters define specialized experts that collectively help
boost accuracy in WSI classification tasks.

3. METHODOLOGY

3.1. Preliminaries

WSI classification using MIL involves processing gigapixel
histopathological images that are tessellated into smaller non-
overlapping patches of fixed size. These patches are filtered
according to tissue segmentation and thresholding heuristics
to exclude background regions [9]. Given a WSI for subject
j, we denote Xj = {xj

1,x
j
2, . . . ,x

j
Nj

} as the set of result-
ing patches, where each patch xj

n represents a small region

Algorithm 1 Divide-and-Distill (D&D) Framework
Input: Patches {Xj}Nj=1 from WSIs, labels {Yj}Nj=1, number
of clusters C, training budget allocation (Bbase,Bexpert,Bdistill)
Output: Distilled model gdistill

1: Step 1: Feature Extraction
2: Extract patch-level features Zj = {f(xj

n)}
Nj

n=1

3: Step 2: Base Model Training
4: Train MIL model gbase for Bbase epochs on full dataset
5: Compute logits zWSI

j = gbase(Zj) for each WSI
6: Step 3: Clustering of Feature Space
7: Apply clustering ϕ to {zWSI

j } to form C clusters
8: Define subsets: Dc = {(Zj , Yj) | ϕ(zWSI

j ) = c}
9: Step 4: Expert Model Training

10: Train expert models gexpert,c on Dc for Bexpert epochs
11: Obtain predictions Ŷ j

expert,c = gexpert,c(Zj)
12: Step 5: Knowledge Transfer via Distillation
13: Train gdistill for Bdistill epochs according to L
14: return gdistill

of the WSI, and Nj denotes the total number of patches. A
feature extractor, f , compresses each patch into a representa-
tive embedding: zjn = f(xj

n), yielding the set of embeddings
Zj = {zj1, z

j
2, . . . , z

j
Nj

}. The patch-level embeddings Zj are
aggregated using a pooling function, g, into a WSI-level rep-
resentation zjWSI = g(Zj), which is used to predict the slide
label Ŷ j = softmax(zjWSI).

3.2. Analysis Through Representation Bottleneck Theory

We formalize the fundamental limitation of existing MIL ap-
proaches through information theory. Let I(·; ·) denote the
mutual information function. The aggregation process in MIL
creates a representation bottleneck where the slide-level rep-
resentation zjWSI must compress information from all patch
embeddings Zj = {zj1, z

j
2, . . . , z

j
Nj

}. The mutual informa-
tion between patch-level features and the slide label is con-
strained by the capacity of the slide-level representation:

I(zjWSI;Y
j) ≤ I(Zj ;Y j). (1)

This constraint is problematic when the slide-level representa-
tion has significantly lower capacity than the collective patch
information, leading to information compression loss Lcomp:

Lcomp = I(Zj ;Y j)− I(zjWSI;Y
j). (2)

The compression loss is particularly severe in WSI analy-
sis due to three factors: (1) high dimensionality, where each
WSI contains hundreds to thousands of patches; (2) morpho-
logical heterogeneity, where different tissue regions exhibit
distinct diagnostic patterns; and (3) single aggregator limita-
tion, where one function, g, must capture all tissue variations
across diverse cases.



As shown in Figure 1, conventional MIL approaches
reach a performance plateau, showing minimal improvement
in accuracy when training is extended from 200 to 1000
epochs. We argue that this plateau occurs because a sin-
gle aggregation function struggles to effectively model the
heterogeneous feature distributions in diverse tissue regions.

3.3. Divide-and-Distill

We propose the Divide-and-Distill (D&D) framework to over-
come representation bottlenecks by partitioning the feature
space into representation-coherent regions, training special-
ized expert models, and distilling their collective knowledge
into a unified model. Algorithm 1 summarizes our approach.
We elaborate below:

Step 1: Feature Extraction. We first utilize a fea-
ture extractor, f , to encode patch-level information. For
each patch xj

n in WSI j, we obtain the embedding zjn =
f(xj

n), yielding the complete set of patch embeddings Zj =
{zj1, z

j
2, . . . , z

j
Nj

}. The set of patch embeddings establishes
the basis for subsequent representation learning.

Step 2: Global Base Model Training. We train a
base MIL aggregator, gbase, on the complete dataset to
capture global patterns. The base model produces slide-
level representations zjWSI = gbase(Z

j) and predictions
Ŷ j

base = softmax(zjWSI). This establishes a global un-
derstanding of the slide-level classification task but suffers
from the representation bottleneck described previously. The
base model is trained for Bbase epochs using the cross-entropy
loss between predictions Ŷ j

base and ground truth labels Y j .
Step 3: Feature Space Decomposition. We partition the

representation space to reduce the compression loss Lcomp.
We apply clustering to the slide-level representations obtained
from the base model as follows:

ϕ(zjWSI) = c, c ∈ {1, 2, . . . , C}, (3)

where ϕ is a clustering function (e.g., k-means) that assigns
each WSI to one of C clusters. Each cluster, c, defines a sub-
set of WSIs with similar representation characteristics, i.e.,
the dataset Dc = {(Zj , Y j) | ϕ(zjWSI) = c}.

Step 4: Expert Model Training. For each cluster c, we
train a specialized expert model, gexpert,c, on the correspond-
ing data subset Dc. Given the patch embeddings, Zj , for a
WSI belonging to cluster c, gexpert,c predicts the distribution:

Ŷ j
expert,c = softmax◦ gexpert,c(Z

j), ∀(Zj , Y j) ∈ Dc. (4)

Each expert focuses on a specific region of the feature space,
allowing for specialized pattern recognition without the full
complexity of the global problem. Each expert is trained for
Bexpert epochs using the cross-entropy loss on Dc.

Step 5: Knowledge Integration via Distillation. We
combine global and local knowledge by training a unified
distilled model, gdistill, that learns from both the base model
gbase and expert models {gexpert,c}Cc=1. The distillation objec-
tive combines three components: (1) ground truth supervision
via cross-entropy loss LCE(Y

j , Ŷ j
distill); (2) global knowledge

transfer via Kullback–Leibler (KL) divergence from the base
model DKL(Ŷ

j
base∥Ŷ

j
distill); and (3) local expertise transfer via

weighted KL from expert models. The total loss is:

L = LCE(Y
j , Ŷ j

distill) + λbase DKL

(
Ŷ j

base ∥ Ŷ j
distill

)
+

λexpert

C

C∑
c=1

DKL

(
Ŷ j

expert,c ∥ Ŷ j
distill

)
,

(5)

where λbase and λexpert are weighting coefficients controlling
the influence of base and expert knowledge, respectively. This
allows the final model to capture both global patterns from
gbase and specialized local patterns from {gexpert,c}Cc=1, while
maintaining single-model inference efficiency. The distilled
model is trained for Bdistill epochs.

4. EXPERIMENTS

We evaluate on three WSI datasets: CAMELYON-16, TCGA-
NSCLC, and BRACS. These datasets cover both binary and
multi-class classification tasks. We adopt the official splits for
CAMELYON-16 and BRACS, and perform ten-fold cross-
validation on TCGA-NSCLC. We report accuracy (ACC) and
macro-averaged area under the ROC curve (AUC).

For a fair comparison, we benchmark six MIL methods,
namely Mean Pooling, Max Pooling, ABMIL [5], Trans-
MIL [6], S4MIL [11], and MambaMIL [15], with and with-
out our D&D framework. WSIs are preprocessed using
CLAM [9] into 256 × 256 patches at 10× magnification.
Features are extracted using either ResNet-50 or the UNI
foundation model [16]. Our code is publicly available.1

The base and expert models are trained using Stochastic
Gradient Descent with a learning rate of 1×10−4, weight de-
cay 1× 10−5, and a dropout rate of 0.25 for Bbase = Bexpert =
200 epochs with a weighted cross-entropy loss. For cluster-
ing, we partition the feature space into C = 3 clusters using
constrained k-means [14]. For distillation, models are ran-
domly initialized and trained for Bdistill = 300 epochs using
the Adam optimizer. We apply KL divergence with tempera-
ture τ = 0.2 and empirically set λbase = 1 and λexpert = 1.

Table 1 compares the performance of MIL methods with
and without our D&D framework. In NSCLC and BRACS,
D&D achieves improved performance across all metrics,
underscoring its ability to enhance existing MIL methods.

1https://github.com/MariosPapadopoulos/DnD_MIL

https://github.com/MariosPapadopoulos/DnD_MIL


Method CAMELYON-16 TCGA-NSCLC BRACS

ACC AUC ACC AUC ACC AUC
R

es
N

et
-5

0

Mean Pool 72.1 60.1 80.0 90.0 25.3 59.9
+ D&D 71.3 ↓0.8 60.4 ↑0.3 82.5 ↑2.5 91.9 ↑1.9 36.0 ↑10.7 62.2 ↑2.3

Max Pool 81.4 80.4 81.1 90.8 35.6 71.2
+ D&D 79.8 ↓1.6 82.9 ↑2.5 82.7 ↑1.6 91.4 ↑0.6 38.0 ↑2.4 73.2 ↑2.0

ABMIL [5] 78.3 77.0 81.8 90.3 35.6 70.9
+ D&D 82.9 ↑4.6 82.1 ↑5.1 84.2 ↑2.4 91.9 ↑1.6 43.7 ↑8.1 74.8 ↑3.9

TransMIL [6] 83.7 78.9 80.4 88.9 33.3 66.8
+ D&D 83.7 ↑0.0 80.2 ↑1.3 81.2 ↑0.8 90.2 ↑1.3 35.6 ↑2.3 70.3 ↑3.5

S4MIL [11] 80.6 84.3 82.3 90.9 37.9 73.2
+ D&D 78.3 ↓2.3 82.9 ↓1.4 83.5 ↑1.2 91.6 ↑0.7 40.2 ↑2.3 74.6 ↑1.4

MambaMIL [15] 76.0 78.5 81.0 89.8 41.4 73.9
+ D&D 77.5 ↑1.5 84.2 ↑5.7 82.1 ↑1.1 91.4 ↑1.6 42.5 ↑1.1 78.8 ↑4.9

U
N

I

Mean Pool 70.5 64.7 86.5 94.4 33.3 65.9
+ D&D 73.6 ↑3.1 75.4 ↑10.7 87.5 ↑1.0 95.2 ↑0.8 37.9 ↑4.6 67.3 ↑1.4

Max Pool 95.3 97.4 86.1 94.0 35.6 71.2
+ D&D 96.9 ↑1.6 98.3 ↑0.9 88.4 ↑2.3 95.2 ↑1.2 42.5 ↑6.9 72.6 ↑1.4

ABMIL [5] 96.9 99.7 87.8 94.4 40.2 78.2
+ D&D 96.9 ↑0.0 99.4 ↓0.3 89.2 ↑1.4 96.1 ↑1.7 46.0 ↑5.8 80.9 ↑2.7

TransMIL [6] 96.9 97.8 86.3 93.0 33.3 69.7
+ D&D 95.3 ↓1.6 98.7 ↑0.9 87.2 ↑0.9 95.1 ↑2.1 41.4 ↑8.1 76.4 ↑6.7

S4MIL [11] 89.1 97.2 87.1 95.2 41.4 75.0
+ D&D 94.6 ↑5.5 99.2 ↑2.0 88.4 ↑1.3 96.3 ↑1.1 48.3 ↑6.9 78.9 ↑3.9

MambaMIL [15] 96.9 99.3 86.6 94.3 40.2 73.6
+ D&D 96.9 ↑0.0 99.6 ↑0.3 87.7 ↑1.1 95.3 ↑1.0 42.5 ↑2.3 78.2 ↑4.6

Table 1: Performance comparison between baseline MIL methods and their D&D-enhanced variants showing accuracy (ACC)
and area under the curve (AUC) across three WSI datasets using ResNet-50 and UNI features. Arrows indicate improvement
(↑) or decrease (↓); colors indicate magnitude (red: decrease, gray: moderate change, green: large improvement).

Notably, enhanced ABMIL, S4MIL show significant gains
on the BRACS dataset, highlighting our method’s strength in
multi-class classification. For CAMELYON-16, the gains
are less pronounced compared to BRACS and NSCLC,
with some instances of performance degradation, reflecting
dataset-specific challenges.

5. DISCUSSION

D&D is a method-agnostic framework that enhances MIL
for WSI classification. By expert clustering and knowledge
distillation, D&D overcomes limitations of existing MIL
approaches. While our implementation uses the same archi-
tecture for the base, expert, and the distilled models, we note
that the framework is flexible in this regard. D&D does not
require gbase, gexpert,c, and gdistill to share the same architecture.

6. COMPLIANCE WITH ETHICAL STANDARDS

This study was conducted using publicly available whole
slide imaging datasets: TCGA (The Cancer Genome At-
las), CAMELYON16, and BRACS. All datasets contain de-
identified data and are distributed under open-access data use
policies. Ethical approval was not required, as confirmed by
the data-sharing and licensing terms of each dataset.
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