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Abstract
Whole-slide images (WSIs) provide gigapixel-
scale visual evidence for cancer diagnosis, yet diag-
nostically relevant regions are typically sparse and
embedded within large amounts of weakly infor-
mative tissue. Existing multiple instance learning
methods often aggregate all patches by using at-
tention mechanisms or sequence modeling, leading
to redundant computation and limited adaptability
to slides with highly variable sizes and lesion bur-
dens. We propose Proportional Memory-guided
Differential-attention Multiple Instance Learning
(PMDMIL) network, a scalable MIL framework
that follows a “less is more” principle for WSI
classification. PMDMIL retains a fixed ratio of
patches, pre-filters noise with a class-wise mem-
ory bank, and fuses the sparse survivors through
differential attention to amplify subtle yet decisive
morphological differences. Experiments on five
public WSI benchmarks demonstrate that PMD-
MIL consistently outperforms representative MIL
and sequence-based baselines across multiple eval-
uation metrics. Notably, on the DHMC dataset, our
model can achieve competitive performance, while
processing only 10% of patches, indicating that ef-
fective instance selection is more important than
exhaustive aggregation for WSI classification.

1 Introduction
Histopathological examination of tissue specimens is the gold
standard for cancer diagnosis, subtyping, and grading, pro-
viding critical insights into tissue morphology and cellular
organization [Campanella et al., 2019; Di et al., 2022]. With
the advent of digital pathology, conventional glass slides can
now be scanned at high resolution to produce whole-slide im-
ages (WSIs), enabling large-scale computational analysis of
histopathological data [He et al., 2012]. However, learning
effective representations from WSIs remains fundamentally
challenging. WSIs are gigapixel-scale images that exhibit ex-
treme variability in tissue area, pronounced intra-slide het-
erogeneity, and sparse diagnostically relevant regions embed-
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Figure 1: Conventional MIL and sequence modeling approaches
process all patches, which not only incurs redundant computation
but also dilutes sparse discriminative evidence with a large amount
of weakly informative instances. PMDMIL performs group-wise
proportional sampling, which preserves spatial organization while
removing redundant patches, enabling efficient and discriminative
slide-level representation learning.

ded in large amounts of normal or weakly informative back-
ground tissue [Srinidhi et al., 2021]. Moreover, acquiring
fine-grained annotations at the pixel or patch level is pro-
hibitively expensive and rarely available in routine clinical
practice [Lu et al., 2021]. These factors jointly make direct
supervised learning on WSIs impractical.

To address these limitations, multiple instance learning
(MIL) has emerged as the dominant framework for WSI
classification. In MIL, each WSI is modeled as a bag of
patch-level instances, and learning is performed using only
slide-level labels [Zheng et al., 2023; Zheng et al., 2024;
He et al., 2026]. Early MIL approaches relied on sim-
ple pooling strategies, while subsequent works introduced
attention-based mechanisms and more sophisticated aggre-
gation architectures to learn instance importance and im-
prove slide-level predictions [Ilse et al., 2018; Li et al., 2021;
Xiang and Zhang, 2023; Zheng et al., 2025].
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However, existing MIL approaches still suffer from funda-
mental limitations. Most methods either aggregate all avail-
able instances or retain a fixed number of top-ranked patches
based on local classifier confidence. Such designs are poorly
aligned with the intrinsic properties of WSIs: fixed instance
budgets fail to adapt to the extreme variability in slide size
and lesion burden, while confidence-based instance selection
is often unstable and locally myopic. As a consequence, in-
formative regions may be discarded on large slides, whereas
redundant or irrelevant patches may dominate the representa-
tion on smaller or less pathological slides.

More importantly, recent studies suggest that the core chal-
lenge of WSI analysis is not merely how to aggregate instance
representations, but which instances should be treated as re-
liable evidence for slide-level prediction [Wang et al., 2025].
Not all patches contribute equally to the final decision: visu-
ally dominant or high-confidence regions are not necessarily
the most informative, while small and spatially localized re-
gions may carry decisive diagnostic cues.

In this work, we propose Proportional Memory-guided
Differential-attention Multiple Instance Learning network
(PMDMIL), a scalable MIL framework that reconsiders how
evidence should be selected and organized for whole-slide
image classification (Figure 1). Motivated by the sparsity
and spatial structure of diagnostic evidence in WSIs, PMD-
MIL performs group-wise proportional instance selection to
adaptively retain informative patches across slides with vary-
ing sizes and lesion extents. A class-wise prototype mem-
ory is introduced to guide instance selection, encouraging the
retention of patches that are both informative and consistent
at the class level. The selected instances are then integrated
through a differential-attention mechanism [Ye et al., 2024;
Hammoud and Ghanem, 2025] with coordinate-based posi-
tional encoding [Vaswani et al., 2017], enabling effective
modeling of spatially distributed evidence using a compact
token set. Experiments on five public WSI classification
benchmarks demonstrate that PMDMIL consistently outper-
forms representative MIL baselines, while ablation and ef-
ficiency analyses confirm that its components play comple-
mentary roles in improving performance and scalability. Our
main contributions are summarized as follows:

• We propose PMDMIL, a proportional memory-guided
differential-attention MIL framework for scalable WSI
classification.

• We introduce a memory-guided instance sampler that
maintains a class-wise prototype memory bank and en-
ables adaptive, proportional instance selection.

• We design a differential-attention refiner operating on
spatially grouped tokens with coordinate-based rotary
positional encoding to capture inter-region relations and
global tissue context.

2 Related Work
2.1 MIL-based Whole-Slide Image Classification
MIL is widely adopted for WSI classification task [Cam-
panella et al., 2019; Chen et al., 2022; Coudray et al., 2018],
where only slide-level labels are available. Most existing MIL

approaches focus on designing aggregation mechanisms to
combine patch-level embeddings into a slide-level represen-
tation. Representative methods include attention-based MIL
models, hierarchical aggregation frameworks, and more re-
cent transformer- or graph-based architectures for modeling
instance relationships across WSIs [Yu et al., 2025].

Several studies investigate attention mechanisms to es-
timate instance importance and emphasize discriminative
patches for slide-level prediction. Beyond simple attention-
based pooling, structured MIL architectures have been pro-
posed to improve robustness and incorporate contextual in-
formation among instances, for example by modeling spatial
or relational dependencies [Zhang et al., 2024; Fang et al.,
2024]. While effective, these approaches generally operate
on all instances or rely on fixed aggregation schemes, which
can be inefficient for large-scale WSIs.

2.2 Memory-Based and Prototype-Guided Models
Memory mechanisms [Wu et al., 2018; Caron et al., 2020;
Wei et al., 2025; Zhou et al., 2023] and prototype [Song et
al., 2024] representations have been extensively studied in
metric learning, few-shot learning, and self-supervised rep-
resentation learning, where representative features are main-
tained to provide stable semantic references and improve gen-
eralization [Snell et al., 2017; Fang et al., 2025; Ho et al.,
2023]. In computational pathology, prototype-based ideas
have been explored to capture characteristic morphological
patterns or to regularize feature learning across heteroge-
neous tissue regions [Adnan et al., 2022; Yu et al., 2023;
Yao et al., 2020].

Despite these efforts, most existing MIL methods for WSIs
do not explicitly maintain a class-level memory across slides
to guide instance selection or aggregation. As a result, in-
stance importance is often estimated independently for each
slide, without leveraging accumulated class-consistent evi-
dence from the dataset.

3 Methodology
We propose PMDMIL for supervised WSI classification. It
adopts a group-first processing strategy with memory-guided
proportional instance selection and differential-attention re-
finement, enabling robust and scalable slide-level represen-
tation learning. Figure 2 illustrates the process setting and
contrasts PMDMIL with conventional MIL pipelines, while
Figure 3 details the overall architecture of PMDMIL.

3.1 Problem Formulation
A WSI is represented as a bag of patch features and their
spatial coordinates,

X = {(xi, pi)}Ni=1, (1)

where xi ∈ Rdin denotes a patch feature extracted by a pre-
trained patch encoder and pi ∈ R2 denotes its spatial location
on the slide. Each slide is associated with a slide-level label
Y ∈ {1, . . . , C}, while instance-level labels are unavailable.
The objective is to predict the slide label by identifying and
integrating informative regions within the bag.
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Figure 2: Conceptual comparison between conventional MIL pipelines and PMDMIL. (a) WSI preprocessing: tissue regions are segmented,
tiled into patches, and encoded into patch embeddings by a frozen patch encoder. (b) Conventional MIL model directly aggregates all patch
embeddings to obtain a slide representation. (c) PMDMIL introduces a memory-guided instance sampler and a differential-attention refiner
operating on selected patch embeddings, producing compact and informative slide representations for classification.

3.2 Group-Wise Feature Adaptation
Directly operating on all patches of a WSI is computation-
ally expensive and prone to noise accumulation. PMDMIL
therefore follows a group-first strategy. Patch features are first
adapted to a shared embedding space using a linear adapter,

h = ϕ(x) ∈ RD, (2)

where ϕ(·) consists of normalization, linear projection, and
non-linear activation. This adapter serves to harmonize fea-
tures extracted from a frozen patch encoder and prepares
them for subsequent aggregation.

The embedded patches are then partitioned into a set of
spatial groups based on their coordinates.

G = {G1, . . . ,GG}, (3)

Grouping localizes instance selection and aggregation, ensur-
ing that spatially dense regions do not dominate sparse but
informative areas.

3.3 Memory-Guided Instance Sampler
A core component of PMDMIL is memory-guided instance
sampler, which aims to retain informative patches while sup-
pressing redundant or weakly informative regions.

Within each spatial group, the number of retained instances
is determined proportionally to the group size rather than be-
ing fixed across slides. This proportional strategy naturally
adapts to whole-slide images with highly variable tissue cov-
erage and lesion burden.

To stabilize instance selection, PMDMIL maintains a
class-wise prototype memory bank,

M = {Mc ∈ RL×D | c = 1, . . . , C} (4)

where L denotes the memory length per class. For efficient
similarity computation, we use the mean prototype for each
class M̄c =

1
L

∑L
s=1 Mc,s.

Within each spatial group Gg , patches are first pre-scored
based on their cosine similarity to the mean class-wise proto-
types. Given a patch embedding hi ∈ RD, its memory-guided
pre-score is computed as

si = max
c∈{1,...,C}

〈
hi

∥hi∥
,

M̄c

∥M̄c∥

〉
, i ∈ Gg. (5)

Based on these pre-scores, a proportion of patches is retained
from each group,

qg = ⌈q · |Gg|⌉ , (6)

Sg =Sample
(
{si}i∈Gg , qg

)
, (7)

where q ∈ (0, 1] is a predefined sampling ratio and Sg ⊂ Gg

denotes the selected instance set.
Instance-level class evidence is then computed only for the

selected patches. Specifically, for each patch j ∈ Sg , we
compute instance-level logits as

ℓj = finst

(
hj

∥hj∥

)
∈ RC , (8)

where finst(·) denotes an instance classification head. The
bag-level class probability for the group is estimated using
a LogSumExp [Blanchard et al., 2021] aggregation over the
selected instances,

P (c) = softmaxc

log
∑
j∈Sg

exp
(
ℓ
(c)
j

) . (9)

Based on the resulting class distribution, a group-level
memory token is constructed as a weighted combination of
mean class prototypes,

tg =
C∑

c=1

P (c)
M̄c

∥M̄c∥
∈ RD, (10)
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Figure 3: The architecture of our proposed PMDMIL. (a) Overall framework: given a WSI, patches are extracted and encoded into patch
embeddings, which are further partitioned into spatial groups and fed into sampler and refiner to predict. (b) Memory-guided proportional
instance sampler: within each group, patches are pre-selected based on similarity to class-wise memory prototypes, followed by instance-level
evidence estimation and construction of a group memory token. (c) Differential-attention refiner: aggregated group tokens are refined with
coordinate-based positional encoding and pooled to produce a slide-level representation for classification.

which represents the dominant semantic content of the group.
The memory token is prepended to the selected instance to-
kens and assigned the mean spatial coordinate of the group
for subsequent processing.

During training, the class-wise prototype memory is up-
dated using an exponential moving average. Let h̄Sg

denote
the normalized mean feature of the selected instances. The
mean prototype of the most probable class is updated as

h̄Sg =
1

|Sg|
∑
i∈Sg

hi

∥hi∥
(11)

c =argmax
c′

P (c′) (12)

M̄c =Normalize
(
α M̄c + (1− α) h̄Sg

)
(13)

Finally, for each spatial group, the sampler outputs a com-
pact set of tokens composed of the group-level memory token

and the selected patch tokens. Specifically, the output feature
set is formed by concatenating the memory token with the
selected instance features,

Hg =
[
tg, {hi | i ∈ Sg}

]
∈ R(qg+1)×D. (14)

To preserve spatial information, the corresponding coordi-
nates are constructed by assigning the mean coordinate of the
group to the memory token and retaining the original coordi-
nates of the selected patches,

Pg =
[
p̄g, {pi | i ∈ Sg}

]
∈ R(qg+1)×2, (15)

where p̄g = 1
|Gg|

∑
i∈Gg

pi. These group-level outputs are
then passed to the subsequent aggregation and refinement
modules.
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3.4 Differential-Attention Refiner
After the sampler, each spatial group Gg outputs a compact
set of tokens composed of a group-level memory token and
the selected patch tokens and coordinates (Hg, Pg). To sum-
marize local evidence within each group, PMDMIL applies a
simple mean pooling layer over the sampler outputs, yielding
a single group-level representation for Gg .

The aggregated representations from all spatial groups
are concatenated to form a bag-level token sequence Hb ∈
RG×D. Let Pb ∈ RG×2 denote the corresponding group-level
coordinates, obtained by averaging the coordinates of patches
within each group.

Given the token sequence and their coordinates, 2D rotary
embeddings are generated from the spatial coordinates and
injected into the attention mechanism. The refiner first ap-
plies differential multi-head attention with a residual connec-
tion, and the attention output is further refined using a feed-
forward network with normalization and a residual connec-
tion,

H
′
=Hb +DiffAttn(Hb, R(Pb)) (16)

H
′′
=LN

(
H

′
+MLP

(
LN(H

′
)
))

. (17)

where R(·) denotes the rotary positional encoding derived
from the 2D coordinates.

Finally, a learnable attention-based pooling operation is ap-
plied to aggregate the refined group representations into a sin-
gle slide-level embedding. Specifically, The pooling weights
and slide-level representation are computed as,

αg =
exp

(
w⊤H

′′

g

)
∑G

g′=1 exp
(
w⊤H

′′
g′

) (18)

z =
G∑

g=1

αg H
′′

g ∈ RD. (19)

where w ∈ RD is a learnable projection vector.
The resulting slide-level embedding z is fed into a classi-

fication head to obtain the final prediction. Specifically, z is
first normalized and then passed through a two-layer multi-
layer perceptron with GELU activation and dropout to pro-
duce slide-level logits ŷ ∈ RC . The predicted class proba-
bilities are computed using a softmax function, and the final
slide label is obtained by selecting the class with the highest
logit value.

3.5 Training Objective
Our model is trained primarily with cross-entropy loss at the
slide level. Let ŷ ∈ RC denote the slide-level logits predicted
from the final slide representation z. The primary objective
of PMDMIL is the slide-level cross-entropy loss,

Lbag = CE(softmax(ŷ), Y ) . (20)

In addition, the sampler produces instance-level logits for
the selected patches within each group. We optionally use
them as an auxiliary supervision signal by propagating the
slide label to instances. Let {ℓk}Kk=1 be the instance logits

(Eq. 8) returned by the sampler for a slide. The auxiliary
instance loss is defined as

Linst =
1

K

K∑
k=1

CE(softmax(ℓk), Y ) . (21)

The overall training objective is

L = Lbag + λLinst, (22)

where λ ≥ 0 controls the contribution of the auxiliary
instance-level supervision.

4 Experiments and Results
4.1 Dataset Description
We evaluate PMDMIL on five publicly available WSI clas-
sification datasets: TCGA-BRCA, BRACS [Brancati et al.,
2022], PANDA [Bulten et al., 2022], DHMC [Zhu et al.,
2021] and TCGA-NSCLC. These H&E-stained cohorts span
multiple organs, including breast, prostate, lung and kidney,
and cover a wide range of dataset scales, with the number of
WSIs per cohort varying from 261 to 10,614. Figure 4 il-
lustrates the distribution of the number of patches per WSI
across the five datasets. For fair comparison, we follow the
same dataset splits as used in previous study [Zhang et al.,
2025b].

4.2 Implementation Details
Whole-slide images are processed using the TRIDENT
framework [Zhang et al., 2025a; Vaidya et al., 2025]. Tissue
regions are first segmented to exclude background areas, after
which non-overlapping patches are extracted at 20× magni-
fication. The patch size is fixed to 512 × 512 pixels. This
preprocessing pipeline follows standard practice in computa-
tional pathology and is consistent across all datasets. Patch-
level features are extracted using a frozen foundation model
(UNI2-h [Chen et al., 2024]) from TRIDENT framework.

All models are optimized using AdamW with a batch size
of one slide per iteration. Training is performed for 20
epochs. The initial learning rate is set to 1 × 10−4 and
is scheduled using cosine annealing. All experiments are
conducted following the general experimental protocol of
2DMamba [Zhang et al., 2025b], including data split, opti-
mization strategy, and training schedule, to ensure fair and
reproducible comparison. Unless otherwise specified, all hy-
perparameters are kept consistent across datasets. All exper-
iments are conducted using the RTX 6000 Ada GPU. Model
selection is based on validation performance.

4.3 Results
Table 1 summarizes the quantitative comparison between
PMDMIL and representative multiple instance learning meth-
ods on five public WSI classification benchmarks. The com-
pared baselines include classical attention-based MIL ap-
proaches as well as recent sequence modeling methods based
on transformers and Mamba architectures. Performance is
evaluated using accuracy (Acc), F1-score, and AUC, with all
results averaged over five runs.
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Figure 4: Histograms of patch counts per whole-slide image for five datasets. The red dashed curves denote smoothed density estimates, with
µ and σ indicating the mean and standard deviation.

Methods DHMC PANDA NSCLC BRCA BRACS
Acc F1 AUC Acc F1 AUC Acc F1 AUC Acc F1 AUC Acc F1 AUC

AB-MIL 0.8684 0.7774 0.9695 0.4883 0.4269 0.7797 0.8758 0.8756 0.9572 0.9292 0.8893 0.9747 0.7057 0.6015 0.8939
DSMIL 0.8711 0.7934 0.9583 0.4633 0.3847 0.7660 0.8782 0.8780 0.9567 0.9375 0.8961 0.9770 0.6759 0.5618 0.8618
CLAM 0.8711 0.7909 0.9727 0.4802 0.4224 0.7820 0.8804 0.8803 0.9536 0.9333 0.8960 0.9753 0.7103 0.6014 0.9016
DTFD-MIL 0.8711 0.7704 0.9521 0.4704 0.3853 0.7665 0.8736 0.8732 0.9559 0.9271 0.8809 0.9633 0.7012 0.6131 0.8787
TransMIL 0.8067 0.7136 0.9466 0.4636 0.3970 0.7728 0.8850 0.8845 0.9626 0.9375 0.9028 0.9763 0.6919 0.6063 0.8759

S4-MIL 0.8644 0.7847 0.9284 0.5047 0.4486 0.7986 0.8851 0.8849 0.9571 0.9458 0.9154 0.9770 0.6621 0.5904 0.8457
MambaMIL 0.8550 0.7789 0.9661 0.4679 0.4216 0.7781 0.8758 0.8756 0.9582 0.9333 0.8939 0.9657 0.7379 0.6832 0.8883
SRMambaMIL 0.8590 0.7735 0.9639 0.4711 0.4209 0.7776 0.8850 0.8849 0.9592 0.9313 0.8900 0.9657 0.7379 0.6789 0.8915
2DMambaMIL 0.8926 0.8027 0.9468 0.5075 0.4562 0.8184 0.8851 0.8850 0.9618 0.9458 0.9156 0.9782 0.7517 0.7045 0.8964

PMDMIL 0.8940 0.8572 0.9815 0.7840 0.7522 0.9454 0.9494 0.9493 0.9691 0.9479 0.9207 0.9411 0.7563 0.7138 0.8587

Table 1: The comparison of accuracy (Acc), F1 and AUC on five WSI classification datasets. We conducted each experiment five times using
five different random seeds and reported their mean. The highest metrics are marked as bold.

PMDMIL achieves strong and consistent performance
across all datasets and outperforms most competing methods
on the majority of evaluation metrics. Compared with clas-
sical MIL baselines such as AB-MIL, CLAM, and DSMIL,
PMDMIL shows clear improvements, particularly on datasets
with high intra-slide heterogeneity. Moreover, while recent
sequence modeling approaches (e.g., TransMIL and Mamba-
based methods) achieve competitive results by modeling
long-range dependencies, PMDMIL further improves perfor-
mance on challenging datasets such as PANDA and NSCLC,
especially in terms of accuracy and F1-score, indicating that
explicit instance selection remains beneficial even with strong
sequence models.

On DHMC, PMDMIL achieves the best performance
across all three metrics, demonstrating its ability to capture
subtle morphological differences. On BRCA and BRACS,
PMDMIL consistently improves F1-score, reflecting en-
hanced class balance in multi-class settings. Notably, these
gains are obtained without processing all available patches,
providing quantitative evidence that effective instance selec-
tion can be more important than exhaustive aggregation for
WSI classification.

4.4 Analysis of Sampling Ratio
To analyze whether retaining more patches consistently leads
to better performance, or whether a compact subset of infor-
mative patches is sufficient for accurate WSI classification,
we investigate the behavior of PMDMIL under different sam-
pling ratios q, which control the proportion of patches re-
tained for each whole-slide image. Specifically, we vary q
from 0.1 to 1.0 and evaluate the resulting classification per-
formance, computational cost, and learned slide-level repre-

sentations on the DHMC dataset.
Figure 5 summarizes the experimental results. As shown

in the performance curves, the classification metrics do not
exhibit a monotonic improvement as the sampling ratio in-
creases. Instead, PMDMIL achieves strong and stable perfor-
mance at moderate sampling ratios, with performance around
q = 0.1 being comparable to or better than that obtained us-
ing significantly larger ratios. Further increasing the sam-
pling ratio yields diminishing or inconsistent performance
gains, and in some cases slightly degrades performance.
These results indicate that exhaustively processing all avail-
able patches is not necessary to achieve high classification
accuracy.

In contrast to the relatively stable performance trends, the
computational cost measured by FLOPs increases approxi-
mately linearly with the sampling ratio. This behavior re-
flects the direct relationship between the number of retained
instances and the computational burden of downstream pro-
cessing. Consequently, moderate sampling ratios provide a
substantially more favorable trade-off between accuracy and
efficiency compared to full sampling, highlighting the scal-
ability advantage of proportional instance selection in large-
scale WSI analysis.

To further understand the effect of the sampling ratio on
representation quality, we visualize the learned slide-level
embeddings using t-SNE. As illustrated in Figure 5, repre-
sentations learned with a moderate sampling ratio (q = 0.2)
form more compact and better-separated class clusters than
those obtained with a high sampling ratio (q = 0.9). When
a large proportion of patches is retained, the embeddings be-
come more scattered and exhibit increased overlap between
classes, suggesting that excessive inclusion of weakly in-
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Figure 5: The classification performance on DHMC dataset obtained by PMDMIL when varying the sampling ratio from 0.1 to 1.0.

Method Acc F1 AUC
PMDMIL 0.8940 0.8572 0.9815
PMDMIL w/o Memory-guided Sampling 0.8175 0.7554 0.9713
PMDMIL w/o Instance-level Supervision 0.8295 0.7449 0.9538
PMDMIL w/o Differential Attention 0.8738 0.8490 0.9795

Table 2: Ablation study on the DHMC dataset. We evaluate the
impact of memory guidance, instance-level supervision, and differ-
ential attention. Removing any component leads to consistent per-
formance degradation, demonstrating their complementary roles.

formative patches may dilute discriminative structure in the
learned representations.

This analysis demonstrates that PMDMIL benefits from
a principled instance selection strategy. By retaining only
a compact subset of informative patches, the model is able
to preserve discriminative representations while significantly
reducing computational cost. This analysis provides empiri-
cal support for the central “less is more” principle underlying
PMDMIL, showing that effective instance selection is more
important than exhaustive aggregation for whole-slide image
classification.

4.5 Ablation Study
We conduct ablation experiments on the DHMC dataset to an-
alyze the contribution of key components in PMDMIL, with
results summarized in Table 2. Removing memory-guided
sampling leads to a substantial performance drop across all
metrics, indicating that the class-wise prototype memory pro-
vides an important global reference for identifying informa-
tive patches beyond proportional sampling alone. Eliminat-
ing the auxiliary instance-level supervision also consistently

degrades performance, suggesting that instance-level scores
serve as a useful regularization signal under slide-level super-
vision. Replacing differential attention with standard atten-
tion results in a smaller but noticeable performance decrease,
highlighting the benefit of explicitly modeling relative dif-
ferences between group representations. These findings in-
dicate that memory guidance, instance-level supervision, and
differential-attention refinement play complementary roles in
improving the robustness and effectiveness of PMDMIL.

5 Conclusion
In this work, we proposed PMDMIL, a proportional memory-
guided multiple instance learning framework for whole-slide
image classification. Motivated by the sparsity and spatial
structure of diagnostic evidence in WSIs, PMDMIL performs
group-wise proportional instance selection to reduce redun-
dant computation while preserving spatial organization, fol-
lowing a principled “less is more” paradigm. Experiments on
five public benchmarks demonstrate that PMDMIL consis-
tently outperforms representative MIL baselines while pro-
cessing only a fraction of patches, and ablation analyses con-
firm the complementary roles of memory-guided sampling
and differential-attention refinement. In conclusion, PMD-
MIL provides an effective and scalable solution for WSI clas-
sification.
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