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Abstract

In multiple instance learning (MIL)-based whole-slide im-
age (WSI) analysis, positive instance localization is a cru-
cial downstream task. However, current MIL approaches
prioritize WSI-level classification accuracy, resulting in in-
sufficient localization of positive instances: (i) they pro-
duce sparse localization results that focus only on the
most discriminative instances; and (ii) they overlook spa-
tially scattered tumor regions. We introduce PaM-MIL,
a biologically inspired framework that explicitly enhances
positive-instance localization by mirroring the biological
tumor growth process. PaM-MIL comprises two comple-
mentary modules: a Tumor Proliferation Module (TPM)
that mitigates localization sparsity, and a Tumor Metas-
tasis Module (TMM) that recovers small and scattered
regions overlooked by MIL models. Extensive experi-
ments on three public pathology datasets (CAMELYON-16,
CAMELYON-17 and PANDA) demonstrate that PaM-MIL
achieves new state-of-the-art instance localization perfor-
mance while consistently improving WSI-level classifica-
tion accuracy. Comprehensive ablations further validate
the distinct and indispensable contributions of TPM and
TMM. Code is available at https://github.com/
hkustgary/PaM-MIL.git.

1. Introduction

The pathology biopsy represents the gold standard for can-
cer diagnosis [23]. With the development of modern digi-
tal scanning devices, pathology slides can be digitized into
whole-slide images (WSIs) [25]. These images are multi-
scale and extremely large - often on the order of a billion
pixels [30]. As a result, pixel-level annotation on WSIs is
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(c) Ground truth

(d) Our Output

Figure 1. Positive instance localization in WSI. (a) A raw WSI
image from the CAMELYON-16 testing set. (b) ABMIL [16] at-
tention map, which gives sparse localization and overlooks a key
tumor region. (c) Official localization ground truth. (d) Localiza-
tion given by PaM-MIL.

prohibitively expensive and labor-intensive. To solve this
problem, a promising approach is to leverage weakly super-
vised learning techniques to bypass costly pixel-level an-
notations [8, 19, 27, 36]. Among these, multiple instance
learning (MIL) [16, 17, 21, 28, 29, 38] stands out for its
ability to enable model training using only slide-level labels
(e.g., tumor vs normal) that are easy to obtain.

MIL methods treat each WSI as a labeled bag contain-
ing numerous unlabeled instances (patches). Given a WSI,
conventional MIL methods can make predictions on both
the bag-level (i.e., classification) and instance-level (i.e., lo-
calization). The bag-level prediction is generated by aggre-
gating instance features to form a bag representation. The



instance-level localization is typically derived from the post
hoc attention weights assigned to each instance during this
aggregation process [16, 17, 21, 38]. Recently, the impor-
tance of the instance localization task has been increasingly
recognized, as it is critical for enabling quantitative clini-
cal analysis. For instance, assessing a patient’s eligibility
for cancer immunotherapy requires the Tumor Proportion
Score (TPS) [26], which in turn requires accurate and com-
prehensive localization of positive instances.

However, existing MIL methods [16, 28, 38] prioritize
bag-level classification accuracy while sacrificing the com-
pleteness of positive instance localization [6]. As illustrated
in Figure 1(b), relying on the attention map used for bag
classification, existing methods often fail to maintain good
coverage of positive instances. Specifically, existing meth-
ods have two limitations: (1) focusing only on the most
discriminative positive instances, resulting in sparse local-
ization; (2) overlooking small and scattered tumor regions
when multiple tumor regions are present. Overlooking these
regions skews metrics related to tumor proportion scores,
leading to erroneous patient stratification [9].

To tackle these challenges, we delve into the tumor
growth process: cancer typically originates from a primary
point, where it first proliferates and grows before gradu-
ally acquiring the ability to invade surrounding tissues [10].
Eventually, it may metastasize through the lymphatic sys-
tem or bloodstream [24]. Motivated by this process,
we propose a novel MIL method called Proliferation and
Metastasis Multiple Instance Learning (PaM-MIL), which
consists of two modules—the Tumor Proliferation Module
(TPM) and the Tumor Metastasis Module (TMM). Specif-
ically, the TPM module addresses limitation (1), namely
sparse localization, by reformulating the tumor prolifera-
tion process as a label propagation problem on a spatial
k-NN graph. TPM first identifies primary points using a
density-based primary point identification strategy, where
tumor density increases as one moves closer to the primary
point and decreases toward the boundary of the tumor re-
gion [31]. Then, to mimic the tumor proliferation process,
TPM introduces an efficient iterative propagation solver that
scales label propagation to WSIs, avoiding the high com-
putational complexity induced by the massive number of
instances. Further, the TMM module addresses limitation
(2): overlooking small tumor regions. TMM is based on the
pathological prior [35] that these small cancerous regions
should share similar representations with the primary tumor.
To exploit this similarity while robustly separating true tu-
mors from feature-similar false negatives, TMM introduces
a Bi-correlation Measurement (BcM) strategy that jointly
computes the correlation and anti-correlation between in-
stances and tumor regions to purify the signal. Then, TMM
applies a Self-adaptive Thresholding (SaT) mechanism to
dynamically accommodate slide-specific variations in dis-

criminative signals. Together, PAM-MIL enables effective

instance localization from slide-level supervision while pre-

serving strong bag-level classification performance. Our
key contributions are summarized as follows:

* We propose a novel attention-based MIL method, PaM-
MIL, which explicitly models the distinct pathological
processes of tumor proliferation and metastasis. It con-
verts slide-level supervision into dense instance localiza-
tion maps without requiring pixel-level labels.

* The proposed TPM module formulates tumor prolifera-
tion as a computationally efficient label propagation prob-
lem on a spatial graph to densify and regularize sparse
attention. The proposed TMM module couples a Bi-
correlation Measurement (BcM) strategy with a GMM-
based Self-adaptive Thresholding (SaT) mechanism to re-
cover overlooked regions.

* We conduct extensive experiments on three datasets to
validate the effectiveness of PaM-MIL, which achieves
state-of-the-art performance, outperforms the best per-
dataset baseline by 9.4% in F; score on average.

2. Related Work

Deep MIL approaches on WSI generally include two main
categories: instance-level methods and bag-level methods.
Instance-level methods [5, 32, 37] assign slide-level labels
to patches, then train a patch-level classifier, and subse-
quently aggregate the instance predictions for bag-level pre-
diction. In contrast, bag-level methods [16, 17, 21, 28] fo-
cus on combining instance-level features to form high-level
bag representations, which are then used to train bag-level
classifiers based on bag labels. Among the two categories,
bag-level methods have been shown to be more effective.
Approaches in this category mainly differ in how they de-
termine attention values. For example, in AB-MIL [16],
attention values are learned through a side-branch network;
in DSMIL [17], they are derived from the cosine distance
between the features of an instance and those of a criti-
cal instance. Additionally, CLAM [21] introduces multi-
ple attention branches, providing separate slide-level repre-
sentations for each class. DTFD-MIL [38] addresses over-
fitting by resampling instances to create a variety of sub-
bags for augmentation. However, these methods disregard
the structural dependencies shared among instances within
the same bag. To solve this problem, TransMIL [28] uses
the transformer architecture to capture mutual correlations
among instances. Recent advancements in MIL have inte-
grated spatial information using diverse methods, including
structured graphs [18], neighbor-constrained attention mod-
ules [11], and superpatch-based spatial quantification [12].
In addition, vision-language models have been employed in
recent works [13, 14, 29] to enhance WSI classification in
few-shot settings.

Despite strong slide-level accuracy, most methods offer



limited localization ability. To address this issue, methods
such as MHIM-MIL [33] and ACMIL [39] employ instance
masking to mine broader discriminative patterns. However,
these score-driven masking strategies lack explicit patho-
logical structure modeling. To achieve more contiguous lo-
calization, recent work has concentrated on incorporating
local spatial priors [6, 11]. A prominent example is Sm [6],
which assumes that neighboring instances may share the
same label and therefore introduces a smoothing operator
to enforce local consistency. However, the smoothness as-
sumption conflicts with key pathological phenomena such
as metastasis, which often manifests as small tumor re-
gions. As a result, the Sm smoothing operator tends to
misinterpret these critical non-smooth signals as noise and
suppress them. Other approaches like CAMIL [11] explore
neighborhood-constrained attention, but they still hinge on
simplistic local-neighborhood assumptions.

3. Methodology

3.1. Overview

Problem Formulation. We consider a binary classifica-
tion scenario where a WSI X is treated as a bag contain-
ing b non-overlapping patches (instances) {x;}°_, with the
number of instances b varying across different WSIs (bags).
Our goal is to define a function f : X — {0, 1}® such that,
for a given WSI X, f(X) produces a vector of patch-level
predictions {y;}?_, where each y; € {0, 1} corresponds to
the prediction of whether patch x; is part of a tumor region.
Crucially, while this goal requires a patch-level classifica-
tion for each WSI X, only bag-level label Y € {0,1} is
available during training. This task of patch-level predic-
tions has been termed positive instance localization in re-
cent literature [6, 17]. We adopt this terminology through-
out the paper.

Revisit Attention-based MIL. Attention-based MIL
methods [16, 17, 21, 38] focus on learning bag representa-
tion E from features extracted from instances {x;}?_,. This
approach transforms the problem into a conventional classi-
fication task where a classifier is trained using the bag repre-
sentations. Specifically, most bag-level methods obtain the
bag representation E as follows:

b

E= Z a:f; € RY, 1)

i=1

where f; denotes the embedding of x;, which is generated
by projecting x; through a pretrained feature extractor, and
a; is the learnable weight, which is referred to as the atten-
tion value [16] for f;. Eq. (1) implies that the attention map
a = {a;}?_, generated by bag-level methods has the poten-
tial to localize positive instances within WSIs. One intuitive
method is to select instances with high attention values from

the attention map to form a positive instance set:

T = {z]a; = 74}, 2)
where 7, is an attention value threshold used to determine
the label of each instance.

Framework Overview. In attention-based MIL, the pri-
mary focus is on achieving correct bag-level classification.
Consequently, the resulting attention maps tend to capture
only the most discriminative instances rather than the full
extent of the positive region (as illustrated in Figure 1(b)).
To address this problem, we propose the PaM-MIL frame-
work, which is designed as a lightweight framework that in-
tegrates directly into the training loop of any attention-based
MIL backbone. An overview of PaM-MIL is given in Fig-
ure 2. In the forward pass, the MIL backbone first produces
its sparse attention map a. This map, together with instance
features f and spatial coordinates, is processed by our TPM
(Figure 2(b)) and TMM (Figure 2(c)) modules to yield a re-
fined attention map a’. This refined map a’ is then used to
compute the final bag representation E = Z?=1 a;f;. The
training loss is then computed from E using the bag-level
labels. This design allows PaM-MIL to enhance localiza-
tion while being trained using only slide-level supervision.

3.2. TPM: Tumor Proliferation Module

The core idea of TPM is to mimic the tumor proliferation
process. It first identifies primary points and then simulates
the outward spread of tumor cells from these seeds into the
surrounding tissue [31]. To model spatial proliferation, we
first capture the spatial structure of instances in the WSIL
Given a set of b instances V = {z;}?_,, we construct a
spatial proximity graph G = (V, E). An undirected edge
(i,7) € E is added between x; and z; if ; is among the k
nearest spatial neighbors of z; in the WSI’s 2D coordinate
system. Let W e {0,1}*? denote the binary adjacency
matrix of G, where W;; = 11if (¢, j) € E and 0 otherwise.

Density-based primary point identification. We begin
by querying the MIL backbone for an attention map a that
yields non-negative scores a; per instance z;. Since larger
a; contribute more to the WSI-level prediction, we treat a;
as a surrogate measure of the likelihood that x; is positive.
Given G, the neighborhood of x; is defined as: N; =
{z;|(i,j) € E}. The attention density p; is calculated by
aggregating local context via neighbor averaging:

1
P= TN D) aj, N[>0 3)
g ijNi

Intuitively, p; measures whether an instance is spatially sur-
rounded by high-attention instances. We therefore define
the set of primary points as the instances attaining the max-
imum attention density:

P={z;eV|p = mj\X{P‘i}?zl} 4)
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Figure 2. Illustration of our PaM-MIL framework for the positive instance localization. In step (a), a MIL model is used to generate
attention maps for WSIs. Then, in step (b), TPM module is used to identify primary points and proliferate positive instances, resulting
in a fine-grained positive instance localization map. Finally, in step (c), TMM module is employed to identify small and scattered tumor

regions that may be overlooked during the proliferation process.

Positive Instance Proliferation. A fundamental process
in pathology, known as proliferation, involves a tumor
growing from its primary points and gradually expanding
to invade surrounding healthy tissues [10]. To simulate this
process, we cast proliferation from P as a label-propagation
problem on the spatial graph G. We first define a binary
source vector y € {0, 1}°:

1 ifz; eP
yi_{ (5)

0 otherwise

Our goal is to compute a proliferation map r € R® that (i)
is semantically consistent on G (i.e., spatially adjacent in-
stances should have similar scores) and (ii) remains faithful
to its source y. We achieve this by solving the following
convex optimization:

r* = argmin {s|lr - y[|3 +"Lr} . (©)

where L = I — S is the symmetrically normalized graph
Laplacian of G, § = D~Y2WD~1/2 is the normalized ad-
jacency, D = diag (W1y) is the degree matrix, and 1 is
an all-ones vector. p > 0 is a regularization weight.
Although the optimization in Eq. (6) admits a closed-
form solution, directly inverting a b x b matrix is impractical

for WSIs with large b. We therefore adopt a computation-
ally efficient solution [6] to solve it:

r) = o8r® 4 (1 - a)y, @)

where r(*) is the proliferation map at iteration ¢, and o €
(0,1) is a propagation parameter. Intuitively, the propaga-
tion term aSr(®) simulates tumor growth, propagating the
current scores to spatial neighbors. The source-injection
term (1 — «)y repeatedly re-injects the primary point signal
at each iteration to ensure the process remains anchored to
its source. As shown in Proposition 1, the iteration is guar-
anteed to converge to a unique fixed point r. We define this
stationary vector r as the final proliferation map. This map
yields a dense distribution of scores over positive instances
that mitigates the sparsity of the initial attention map.

Proposition 1 For « € (0,1), the iterative process in
Eq. (7) is guaranteed to converge from any initialization
r% 1o a unique fixed point v*, which coincides with the
unique minimizer of the convex objective in Eq. (6) and sat-
isfies v = aSr + (1 — a)y. As a result, v covers a larger
portion of the tumor region than the sparse attention map a
(see Supplementary Material A for proof).
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the predictions of localization.

3.3. TMM: Tumor Metastasis Module

While the proliferation map r effectively mitigates the
sparse localization issue of the raw attention map, it intro-
duces the risk of failing to capture small and scattered tumor
regions. This limitation arises because the MIL attention
map is designed to focus primarily on the most discrimina-
tive regions, often overlooking small and scattered tumor ar-
eas, as illustrated in Figure 1(b). Relying solely on the TPM
module is insufficient to fully address this issue. There-
fore, we propose a two-stage TMM module, as illustrated in
Figure 3. First, a Bi-correlation Measurement (BcM) strat-
egy leverages inter-instance correlations to rediscover posi-
tive instances that the TPM module might have overlooked.
Then, a Self-adaptive Thresholding (SaT) mechanism fur-
ther refines the localization results.

Bi-correlation Measurement. In the pathological pro-
cess, metastatic tumors often share morphological traits
with the original tumor region. Based on this principle, it
is reasonable to assume that the small cancer regions over-
looked by the TPM are likely to exhibit similar features to
those captured in the proliferation map. Therefore, we aim
to identify instances whose features are similar to those of
the potential tumor regions highlighted by r.

Specifically, to identify instances that might share sim-
ilar features with r, we calculate two scores for each in-
stance: the correlation score and the anti-correlation score.
The correlation score measures the similarity between an

instance and r, while the anti-correlation score measures
their dissimilarity. Specifically, the correlation score of in-
stance x; is computed by evaluating the Intersection over
Union (IoU) between a correlation map c; and r, where c;
is constructed by calculating the cosine similarity between
the feature vector f; of instance x; and the feature vectors of
all other instances in the WSI, mapped to the range [0, 1].
Mathematically, this is defined as:

1( f-f )}’7
A EA = | ®)
[2 (filzlsz =1

where the feature vector f; is obtained by passing instance
x; through a pretrained encoder, and ¢! denotes the similar-
ity between the features of instances z; and x;. The corre-
lation score s; for instance x; is then calculated as the soft
IoU between its correlation map c; and r:

b .
Zj:l rjc]
Zg=1 (rj +c] - rjcg>
The anti-correlation score is computed similarly using
the anti-correlation map, which is obtained by:
b ,
' ri(l—c
S; _ - 2]71 J(' z) : ) (10)
Sy (r+ (=) = x50 =)

Self-adaptive Thresholding. Intuitively, if the correla-
tion score of a patch is greater than its anti-correlation score,
it means that the patch is more similar to the potential tumor
region than to the background. However, in many cases, the
difference between the two scores may be marginal, for in-
stance, s; = 0.05 and s; = 0.049. Although the former
is slightly greater, this small difference might not reflect a
significant distinction in the alignment with r, and it could
lead to incorrect labeling of an instance as a tumor patch.

Therefore, the major challenge becomes determining a
threshold A for each WSI that indicates whether the dif-
ference 0; = s; — s is large enough for a given instance
x; to be assigned a positive label. For this purpose, we
propose a self-adaptive thresholding mechanism. By plot-
ting a histogram of § for all instances in WSIs from the
CAMELYON-16 dataset, two distinct peaks corresponding
to different types of § values emerge, as illustrated in Step
(b) of Figure 3. The left peak comprises instances that the
scores exhibit a marginal difference, whereas the right peak
consists of instances with large ¢ values, making them eli-
gible for a positive label. Since the two modes can be rea-
sonably approximated by Gaussian distributions, we model
them with a Gaussian probability density function as:

€))

S; =

1 _ (—m)?
§|0r) = ——=—e 20x) k=1,2 11
N1 = ——e T, (=12)

where 0}, denotes the parameter of the k-th Gaussian com-
ponent. Consequently, a two-component Gaussian Mixture



Model, P(§ | 6), can be employed to characterize the dis-
tribution of the score differences.
2
P)0) = Z N (8 | pws o) (12)
k=1

The parameters of the GMM in Eq. (12) can be esti-
mated using the EM algorithm [2]. Since the distribution
of & is bimodal, with a clear separation between the two
components, we can determine the threshold A by letting
N8 | 61) = N(6 | 02). Then, the x-axis value of the in-
tersection point between the two Gaussian distributions is
computed and adopted as the self-adaptive threshold.

Thereby, by fitting a GMM to each WSI image, the
threshold A can be adapted dynamically according to the
corresponding score-difference distribution. Finally, only
instances with §; > A are assigned a positive label, effec-
tively eliminating the false positives introduced by instances
with smaller or negligible differences between s; and s;.

Overall, the TMM effectively detects positive instances
that may have been missed by the TPM, leading to more
comprehensive and accurate localization. This improve-
ment is evident in Figure 6 in the Supplementary Material
and Table 3 in Section 4.3.

4. Experiments and Results

To assess the effectiveness of the PaM-MIL framework,
we conduct a comprehensive suite of experiments aimed at
demonstrating that: (1) PAM-MIL substantially outperforms
state-of-the-art baselines on positive-instance localization;
(2) these localization gains are achieved without compro-
mising, and in many cases improving the WSI-level clas-
sification; and (3) each biologically inspired module in the
framework, namely TPM and TMM, provides a critical and
complementary contribution to the final performance.

Datasets and Pre-processing. We evaluate PaM-MIL
on three public pathology datasets with pixel-level anno-
tations: CAMELYON-16 [3], CAMELYON-17 [1], and
PANDA [4]. The CAMELYON-16 dataset targets lymph-
node metastasis detection. Following the official split,
we use 271 training WSIs and 129 test WSIs. The
CAMELYON-17 [1] dataset contains 500 WSIs and targets
pN staging. Following prior setups [34], we formulate a bi-
nary task (pNO vs. pN+) with a test/train split of 0.2:0.8.
The PANDA [4] dataset includes prostate cancer Gleason
grading. For all three datasets, 25% of the training set is
reserved for validation.

All WSIs are processed at 20x magnification. We first
remove background via the Otsu thresholding algorithm,
and then tile tissue regions into non-overlapping 512 x 512
patches. Although the test sets provide instance-level labels,
we strictly adhere to a weak-supervision protocol during the
training of PAaM-MIL and use only slide-level labels.

Implementation Details. All baseline models and PaM-
MIL are trained with the Adam optimizer with a learn-
ing rate of le-4. Experiments are run on NVIDIA A800
GPUs. By default, we adopt an ImageNet-pretrained
ResNet-50 [15] as the feature extractor. To construct the
graph G, we apply k-NN with £ = 8. In label propaga-
tion, the diffusion parameter « in Eq. (7) is set to 0.2. The
iterative update in Eq. (7) is run until convergence, with a
maximum of 7" = 20 iterations.

Baselines. We compare PaM-MIL against a strong set of
baselines. Traditional attention-based MIL: These meth-
ods primarily target bag-level classification, where instance
attention weights arise as a by-product of feature aggrega-
tion. Representatives include ABMIL [16], CLAM [21],
DSMIL [17], and DTFD-MIL [38]. Global-context MIL:
Beyond simple attention, these approaches explicitly model
inter-instance relations and long-range dependencies, e.g.,
via Transformers or graph structures. We include Trans-
MIL [28] and IBMIL [20] in this category. Localization-
enhanced MIL: These methods introduce modules aimed
at improving localization by injecting spatial priors. We in-
clude CAMIL [11] (neighborhood-constrained) and Sm [6]
(a smoothing operator to regularize sparse attention).

4.1. Quantitative performance evaluation.

Positive Instance Localization Performance. As sum-
marized in Table 1, PaM-MIL establishes a new state-of-
the-art performance across all three datasets and all metrics.
First, it consistently surpasses both traditional attention-
based and global-context MIL baselines. For example, on
CAMELYON-16, PaM-MIL improves the F; score from
0.3694 (ABMIL) and 0.2541 (TransMIL) to 0.6651, cor-
roborating our core premise that raw attention maps derived
from MIL methods are inherently sparse and incomplete for
localization. Moreover, even against localization-enhanced
methods, PaM-MIL maintains a clear advantage. For exam-
ple, compared to Sm, it improves the mean F; score across
datasets by 12.76%. These results demonstrate the effec-
tiveness of PaM-MIL for localization on WSIs.

Bag-level Classification Performance. In this subsec-
tion, we answer the question: Does the enhancement of
localization hurt WSI classification? Table 2 reports WSI-
level classification results. When built on top of ABMIL,
PaM-MIL yields consistent gains across all three datasets.
For instance, on PANDA it improves AUROC from 0.9214
(ABMIL) to 0.9394. We posit that this is because stan-
dard MIL methods produce suboptimal bag representations
(Eq. (1)) due to their incomplete understanding of positive
instances. By contrast, PAM-MIL constructs a more com-
plete map of positive regions, which in turn enables stronger
re-aggregation and a more robust bag-level representation,
ultimately improving classification accuracy.



Table 1. Instance localization performance comparison, reported as the mean + standard deviation over five independent runs with different
seeds. best result in bold, second-best result with an underline

Method CAMELYON-16 [3] CAMELYON-17 [1] PANDA [4]

F 1 AUROC 1 ACC 1 F 1 AUROC 1 ACC 1 F 1 AUROC 1 ACC 1
ABMIL [16]  0.369410.08r 0520840110 0.9601:0.025 0478310074 0.5668:0.005 0.989510012 0.450640012 0.745010.007 0.815640.008
CLAM [21] 0.400240.065 0.492710.079 0.964210021 0.387940.053 0.407510.002 0.98511000s 0.511940.011 0.8036+0.005 0.8396+0.007
DSMIL[17]  0.205240105 0.4661:0125 0.956210020 0.239350150 0.430650.132 0.9741i0000 0478840008 0.753450005 0.8179 0,008

DTFD-MIL [38]
TransMIL [28]

0.4969+0.107
0.254140.136

IBMIL [20] 0.1951+0.149
CAMIL [11] 0.380140.008
Sm [6] 0.5309,, 003
PaM-MIL 0.66511&)‘067

0.6824 4 55
0.5918+0.068
04439 0,051
0.667110.075
0.6579.0.007
081080041

0.9609-0.041
0.9597 +0.039
0.9532-0.031
0.9624 +0.028
0.9671 4 20
0.9677 40,021

0.5401 ¢ 60,
0.361410.129
0.338340.102
0.47354_4).(]79
0.4394 0,011
0.6137.0.001

0.59451.0.072
0.6916+0.053
0.4415 1,085
0.7092 ¢ 067
0.538310.114
077920030

0991246 go7
0.9847 +0.009
0.9872.40.008
0.9813+0.009
0.9890+0.007
0.9931 .00

0.5166.10.009
0.5150+0.034
0.52380.024
0.50950.010
0.5736., 011
0.6479 0,011

0.7865-0.000
0.761410.026
0.7341 40,024
0.7723410‘031
0.8195 49,905
0.8345'0.006

0.8397+0.006
0.8407 +0.009
0.81520.001
0.8249+0.009
0.8432 ., 010
0.85430.012

Table 2. Bag classification performance comparison, reported as the mean + standard deviation over five independent runs with different
seeds. best result in bold, second-best result with an underline

Method CAMELYON-16 [3] CAMELYON-17 [1] PANDA [4]

Fi 1 AUROC 1 ACC 1 Fi 1 AUROC 1 ACC 1 Fi 1 AUROC 1 ACC 1
ABMIL [|6] 0.6383i0_021 0'7967i0.035 0~7364i0-009 0.5917i0.082 0'7112i0.079 0‘7251i0.012 0‘8901i0-006 0.9214450.004 0‘8439i0-003
CLAM [21] 0.68274_4)(062 0.8217i0_051 0.7685i0‘007 0.6411410‘092 0'7391i0-094 0.76824_4)(008 0,8735420,007 0'9104i0«004 0.8326i0‘006
DSMIL [17] 0.479240.157 0.735510.008 0.695840.015 0.401710.185 0.658940.087 0.675310.030 0.883740.000 0.906310.005 0.834740.009

DTFD-MIL [38]
TransMIL [28]
IBMIL [20]

0.706414).049
0.6631+0.084
0.6497 10,102

CAMIL [11] 0.641710.058
Sm [6] 0.7442 1 952
PaM-MIL 0.7562+.091

0.76080.047
0.7605410.024
0.7849-0.124
0.7417 +9.011
0.7992 0,057
082350075

0.7892.0 005
0.7569+0.007
0.75230.026
0.7678+0.007
0.8295 19,004
0.8298_ 024

0'5342i0-097
0.578910.113
0.6018 10157
0.547614),079
0.6053.40.115
0.6292 ) 129

0.70130.046
0.6421 0,009
0.665240.142
0.6550+0.097
0.726140.112
0.7471 0,120

0‘7041i0»009
0.7247+0.105
0.7349.+0.046
0.7069+0.095
0.7482 0,007
0.7584 1 0.014

0.8936 , 5 005
0.88201.0.012
0.8661i0_018
0.8892+0.004
0.89310.07
0.89544_,()‘009

0.9249 .4 003
0.9223 10,004
0'9192i0-017
0.9211+0.002
0.9241 10,004
0'9394i0»009

0'84251’0,006
08417 0,008
0.8251 10,012
0.844919.005
0.8489 1.4 oos
085190 015

4.2. Qualitative Positive Instance Localization
Analysis

To further illustrate PaM-MIL'’s ability for positive instance
localization, we visualize the localization results of PaM-
MIL on the CAMELYON-16 test set. This experiment com-
pares (i) the raw, highly sparse attention maps from the
ABMIL baseline, (ii) the Sm-smoothed attention maps, and
(iii) our PaM-MIL output. As shown in Figure 4, ABMIL
highlights only a few of the most discriminative instances,
yielding extremely sparse maps. Sm improves continuity
over the primary tumor regions; however, as illustrated in
(a) and (b), it overlooks smaller, scattered tumor regions.
Moreover, in (c) it produces numerous false positives. In
contrast, PAM-MIL captures nearly the entire positive re-
gion, offering a more comprehensive and robust localiza-
tion of positive instances. These visual results support our
claim that PaM-MIL’s advantage stems from its biologically
inspired modeling, where TPM mitigates sparsity (prolifer-
ation) and TMM recovers missed regions (metastasis). Fur-
thermore, even in challenging scenarios where the initial at-
tention maps are extremely noisy, as depicted in row (c),
PaM-MIL demonstrates strong robustness and consistently
achieves excellent localization.

4.3. Ablation Studies

In this subsection, we conduct ablation studies on the three
datasets to justify key design choices in PaM-MIL.

ABMIL

PaM-MIL

Ground Truth

(@)

(b)

w
0y

Figure 4.  Visualization of the localization results on the
CAMELYON-16 dataset. The red color denotes positive instances.

Effects of Key Modules in PaM-MIL. We first com-
pare the performance of PaM-MIL with the following vari-
ations: (1) Raw attention map produced by ABMIL; (2)
PaM-MIL with TPM module only (i.e., the proliferation
map); (3) PaM-MIL with TPM and TMM, but where the
TMM employs either the bi-correlation measurement or the
self-adaptive thresholding mechanism; and (4) PaM-MIL
with TPM and TMM, where the TMM utilizes both the bi-
correlation measurement and the self-adaptive thresholding
mechanism. The results are presented in Table 3. Notably,
an ablation setting evaluating the TMM module in isola-



Table 3. Ablation study on CAMELYON-16 and PANDA datasets. Metrics are reported as the mean of AUROC and F; over five indepen-
dent runs for both bag-level classification and instance localization.(? indicates higher is better).

Method CAMELYON-16 PANDA

AUROC 1 Flioe 1 AUROCpay 1 Flpag 1 AUROCc 1 Flioe 1 AUROCyq4 1 Flpag 1
Map 0.5208 0.3694 0.7967 0.6383 0.7450 0.4506 0.9214 0.8901
Map,, + TPM 0.8065 0.6247 0.7923 0.6667 0.8121 0.5318 0.9217 0.8807
Map,, + TPM + TMMpem 0.8042 0.6620 0.7982 0.6367 0.8256 0.5933 0.9194 0.8836
Map, + TPM + TMMsar 0.8082 0.6549 0.8182 0.6947 0.8172 0.6192 0.9289 0.8839
Mapy + TPM + TMMgcv+sat 0.8108 0.6651 0.8235 0.7562 0.8345 0.6479 0.9394 0.8954

* Map qe denotes the attention map; TMMpey and TMMg,t represent bi-correlation measurement and self-adaptive thresholding in the TMM module.

tion is omitted, as TMM is structurally designed as a down-
stream component that strictly relies on the TPM. A visual-
ization of each module’s specific role is also provided in the
Supplementary Materials C.

As shown in Table 3, on CAMELYON-16, the raw at-
tention map from ABMIL (Mapay) attains an F; = 0.3694.
Adding TPM (Mapay + TPM) further improves it to 0.6247.
This +25.53% gain confirms that TPM’s proliferation model
is central to mitigating attention sparsity. Building on TPM,
introducing the full TMM further boosts F; to 0.6651, while
AUROC rises from 0.8065 to 0.8108. This indicates that
TMM successfully recovers regions missed by TPM. More-
over, Table 3 highlights a critical synergy between BcM and
SaT, and their combination enables TMM to precisely de-
tect omitted metastatic areas while effectively suppressing
TMM-induced false positives.

Effects of Primary Point Identification Strategies. Re-
call that in Section 3.2, we select high-density instances as
primary points and conduct proliferation based on them. In
this ablation study, we test different primary point identi-
fication strategies on CAMELYON-16, and the results are
shown in Table 4. Strategies include: (1) randomly select-
ing k% positive instances from the attention map as primary
points, (2) selecting the top-k% instances with the highest
attention values as primary points, and (3) selecting the in-
stances with the highest density as primary points.

We observe that the random strategy performs the worst,
underscoring the necessity of deliberate primary point se-
lection. The attention strategy is clearly better, yet still in-
ferior to our density strategy. This advantage substantiates
TPM’s biological hypothesis: TPM is designed to mimic tu-
mor proliferation outward from the primary point. In con-
trast, attention-based seeding often picks the most discrim-
inative patches that may lie near tumor boundaries. How-
ever, proliferating from boundaries is biologically implausi-
ble and yields suboptimal localization. Our density strategy
instead seeks the centroid of high-attention tumor regions,
providing a more faithful starting point and, consequently,
stronger localization.

Sensitivity to Hyper Parameters. We further examine
how the TPM parameter « in Eq. (7) and the k-NN param-
eter k in the density-based primary point selection strategy

Table 4. Performance comparison of different primary point iden-
tification strategies.

Strategy Setting  AUROC;,. T Fljoe T ACCipe 1
Random k=1% 0.6105 0.3267 0.9471
k=5% 0.6116 0.3346 0.9482
Attention k=1% 0.7142 0.5621 0.9506
k=5% 0.7491 0.6115 0.9571
Density-based - 0.8108  0.6651  0.9677
strategy
- 0.90
ks
§ 0.85
~ 0.80
Q
]
% 075 CAMELYON17 CAMELYON17
< PANDA PANDA
o7 4 8 16 32 64 0.2 0.4 0.6 0.8 1.0
(a) The value of K (b) The value of

Figure 5. Hyperparameter sensitivity analysis.

affects localization. Figure 5 plots the localization perfor-
mance on the CAMELYON-17 and PANDA datasets, the
AUROC metric remains stable across a wide range of « and
k values, demonstrating that our method is of low sensitivi-
ety on hyperparameters.

5. Conclusion

In this paper, we presented PaM-MIL, a lightweight mod-
ule for enhancing the localization performance of pathol-
ogy MIL models. Inspired by the biological processes of
tumor proliferation and metastasis, we introduce two mod-
ules: the Tumor Proliferation Module (TPM) and the Tu-
mor Metastasis Module (TMM). Starting from the primary
points identified by our density-based primary point strat-
egy, TPM reformulates localization as a label propagation
task on a spatial k-NN graph. Complementing this, TMM
utilizes a bi-correlation measurement strategy along with a
self-adaptive thresholding mechanism to identify small tu-
mor regions that MIL methods might overlook. Extensive
experimental results demonstrate that our method achieves
new state-of-the-art performance in positive instance local-
ization on WSIs.
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