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Abstract

Multiple Instance Learning (MIL) offers a natural solu-
tion for settings where only coarse, bag-level labels are
available, without having access to instance-level annota-
tions. This is usually the case in digital pathology, which
consists of gigapixel-sized images. While deterministic
attention-based MIL approaches achieve strong bag-level
performance, they often overlook the uncertainty inher-
ent in instance relevance. In this paper, we address the
lack of uncertainty quantification in instance-level atten-
tion scores by introducing SGPMIL, a new probabilistic
attention-based MIL framework grounded in Sparse Gaus-
sian Processes (SGP). By learning a posterior distribution
over attention scores, SGPMIL enables principled uncer-
tainty estimation, resulting in more reliable and calibrated
instance relevance maps. Our approach not only preserves
competitive bag-level performance but also significantly im-
proves the quality and interpretability of instance-level pre-
dictions under uncertainty. SGPMIL extends prior work
by introducing feature scaling in the SGP predictive mean
function, leading to faster training, improved efficiency,
and enhanced instance-level performance. Extensive ex-
periments on multiple well-established digital pathology
datasets highlight the effectiveness of our approach across
both bag- and instance-level evaluations. Our code is avail-
able at https://github.com/mandlos/SGPMI L.

1. Introduction

Analyzing whole slide images (WSIs) is a critical task in
digital pathology, central to medical diagnostics and treat-
ment planning. Due to their gigapixel scale, WSIs are pro-
hibitively expensive and time-consuming to annotate at the
pixel or region level. Multiple Instance Learning (MIL) of-
fers a practical solution by enabling model training using
only coarse, slide-level labels, bypassing the need for ex-
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haustive annotations [9, 23, 34, 40]. In the MIL framework,
each data point (a “bag”) consists of many instances (e.g.,
image patches), but only the bag label is provided during
training. This setup makes MIL especially well-suited for
WSI classification, subtype identification, and survival pre-
diction [23, 32, 45].

Building on recent progress in MIL for WSI analysis,
embedding-based MIL models with attention pooling have
demonstrated strong performance at the bag-level while of-
fering interpretable heatmaps that highlight task-relevant
tissue regions [23, 43, 56, 59]. These methods rely on
attention mechanisms to weigh instance contributions, yet
the resulting scores are often interpreted heuristically as
indicators of instance relevance. In this work, we in-
troduce a probabilistic formulation of the attention mech-
anism by learning a posterior distribution over attention
weights. This formulation enables uncertainty estimation
and enhances the interpretability of instance-level predic-
tions, while maintaining strong bag-level performance.

Recent attention-based MIL aggregation schemes have
demonstrated impressive bag-level performance across var-
ious metrics and datasets [12, 23, 32, 43, 59]. These results
have been further enhanced by leveraging recent founda-
tion models, which provide powerful instance-level repre-
sentations. The aforementioned MIL works showcase atten-
tion heatmaps of test set cases for explainability purposes,
where these heatmaps seem to focus on instances of interest
which, for example, in a binary classification setting indi-
cate the presence or absence of a positive class instance.
While the attained bag-level performance is impressive, at-
tention values are often interpreted as class-specific instance
discriminators. We hypothesize that explicitly modeling un-
certainty over these attention scores—by learning a poste-
rior distribution—can improve instance-level performance,
while preserving strong bag-level accuracy.

Probabilistic deep learning offers principled tools for un-
certainty estimation and improved model calibration [17],
with methods such as Batch-Ensemble [10, 54], Concrete
Dropout [15], and multiplicative Gaussian noise [8, 26, 35]
approximating posterior distributions through ensembles,



dropout, or noise injection. This is particularly valuable
in MIL, where probabilistic frameworks can clarify predic-
tion confidence, statistical properties, and the inner work-
ings of pooling operations [12, 19, 56]. Prior works have
explored uncertainty-driven MIL in various forms, includ-
ing Bayesian CNNs under full supervision [47], Bayesian
instance-based MIL under data scarcity and label noise
[19, 36], uncertainty-driven aggregation models that refine
attention or instance selection scores [12, 42, 46, 52, 56]
and OOD uncertainty estimation [29]. Conformal predic-
tion (CP) provides an alternative, distribution-free frame-
work that yields uncertainty sets with marginal coverage
guarantees, though it requires a separate calibration set and
exchangeability assumptions [51]. Furthermore, Bayesian
extensions of the embedding-based MIL have explored the
performance/explainability gains that one has by inducing
uncertainty to the attention scoring mechanism and impos-
ing prior regularization [42, 56]. These approaches typ-
ically incorporate variational inference and Monte Carlo
(MC) sampling to model distributional uncertainty at the
instance and bag-level. Moreover, current challenges in
probabilistic MIL approaches include numerical instability
during training [42], limited evaluation on multiple datasets
and tasks, or the need for an a priori decision on the range
of instance spatial correlations in the scoring function [56].
In this paper, we introduce SGPMIL, an efficient and ro-
bust probabilistic attention-based MIL framework grounded
in Sparse Gaussian Processes (SGP). By designing a novel
probabilistic formulation, our main contributions are struc-
tured along the following axes:
(i) A fast and efficient probabilistic framework. SGP-
MIL builds upon prior work on SGP for MIL and intro-
duces three key innovations: (1) a feature scaling term in
the predictive mean of the learnable attention SGP varia-
tional posterior, which improves representational flexibility
and adaptation to varying input scales; (2) a more stable and
robust sampling strategy from the variational posterior dur-
ing training, addressing numerical instabilities in Gaussian
Process-based MIL approaches; and (3) an interpretable
instance-level attention normalization mechanism across at-
tention samples, enabling more consistent and meaningful
instance-level predictions under the MIL setting.
(ii) Instance-level performance / Interpretability. Our
Sparse Gaussian Process formulation of the variational pos-
terior, combined with the proposed across-sample attention
normalization, enables the model to assign high attention
values to task-relevant instances in an inherently unsuper-
vised manner. This design not only adheres to the core MIL
assumption—where only a subset of instances in a bag con-
tribute to the label—but also enhances interpretability by
producing consistent and informative attention maps that re-
flect the model’s confidence and inductive biases.

(iii) Prediction uncertainty estimation. Our framework

provides calibrated uncertainty estimates by leveraging
sampling from the variational posterior, enabling principled
uncertainty quantification at the slide level. We empiri-
cally demonstrate that predictive uncertainty correlates with
classification correctness, highlighting its utility in identify-
ing uncertain or failure-prone predictions. This makes the
model particularly suitable for deployment in safety-critical
scenarios, such as medical image processing.

Extensive experiments across multiple datasets demon-
strate on-par bag-level performance on binary classifica-
tion tasks, with SGPMIL outperforming leading MIL ap-
proaches on multiclass datasets. Furthermore, we provide
both intuitive motivation and empirical validation for the
hypothesis that the inducing point approach in our MIL for-
mulation captures salient histological morphologies and ef-
fectively focuses on task-relevant instances, leading to su-
perior instance-level performance.

2. Related Work

2.1. Deterministic frameworks

Many embedding-based MIL approaches compute instance-
level attention scores through fixed parametric transforma-
tions. Ilse et al. [23] introduce attention-based deep MIL
(ABMIL), where the slide-level representation is computed
as a weighted average of instance embeddings. The at-
tention weights are derived via a gated mechanism, allow-
ing the model to learn instance relevance in a differen-
tiable, end-to-end manner. Clustering-constrained attention
MIL (CLAM) [32] extended the gated attention mechanism
by introducing an extra clustering objective via a smooth
SVM loss. Li et al. presented Dual-Stream MIL Network
(DSMIL) [28], a dual-attention mechanism that combines
instance and bag-level attention, where the most critical in-
stance is selected via a classifier stream and its features
guide the aggregation of the remaining patches. This is
coupled with multiscale feature extraction and contrastive
pretraining, leading to improved tumor detection perfor-
mance. Transformer-based MIL (TransMIL) [43] made use
of two self-attention heads [50] to weigh the instances and
introduce spatial correlations using a novel Pyramid Posi-
tion Encoding Generator (PPEG) achieving strong perfor-
mance in bag-level classification metrics. Rymarczyk et
al. [41] replace dot-product attention with kernel functions,
underscoring the usefulness of kernelized self-attention for
modeling instance correlations. More recent works like
DGRMIL [59] model instance correlation by introducing
cross-attention across instances and a set of learnable tokens
which are trained by a positive instance alignment mecha-
nism and a novel diversity loss term.

Despite strong bag-level performance, existing attention-
based MIL methods rarely assess how well attention mech-
anisms identify task-relevant instances. Being determin-



istic, they also lack the capacity to estimate prediction
uncertainty—crucial in medical applications. We address
these gaps by introducing a probabilistic attention mecha-
nism and conducting systematic instance-level evaluation,
demonstrating improved identification of task-relevant in-
stances along with principled uncertainty estimation.

2.2. Probabilistic frameworks

AGP [42] integrates a SGP layer within a multi-layer per-
ceptron (MLP) to model attention distributions over in-
stances for classification tasks. Given input embeddings,
the SGP layer computes a variational multivariate normal
posterior distribution over the attention values associated
with each instance in a bag; Monte Carlo (MC) sampling
yields multiple attention values, which are used to reweigh
the instance embeddings, resulting in multiple samples of
bag-level representations that are subsequently classified.
The model is trained by maximizing the Evidence Lower
Bound (ELBO) with respect to the model parameters. An-
other related approach is BayesMIL [56], which addresses
the interpretability of attention mechanism in MIL by mod-
eling probabilistic instance weights. Specifically, they in-
troduce multiplicative Gaussian noise [26], into the projec-
tion layers and the classifier. To capture spatial correlations
among instance attention distributions, they incorporate a
conditional random field (CRF) on top of the learned at-
tention distributions. MixMIL [12] integrates generalized
linear mixed models with attention-based MIL by placing
Gaussian priors on both instance and bag-level effects, in-
jecting uncertainty into attention scores and estimating re-
spective posterior distributions through variational infer-
ence; while robust and interpretable, its largely linear for-
mulation may hinder performance on complex datasets.

Despite their promise, existing probabilistic approaches
lack evaluations with pathology foundation encoders on
cancer datasets, extensive instance-level evaluation on other
datasets or rely on fixed spatial smoothing kernels, fur-
ther requiring manual tuning [56]. AGP [42], in particular,
faces numerical instabilities and scalability issues on larger
datasets, and does not assess instance-level performance. In
this work, we address these limitations by introducing a fea-
ture scaling term in the mean of the SGP variational pos-
terior distribution, relaxed attention normalization and an
efficient sampling strategy during training in AGP, address-
ing different instabilities, while conducting a comprehen-
sive evaluation of both bag- and instance-level performance
on the widely used public benchmarks.

Gaussian Processes Gaussian Processes (GPs) offer a
powerful, flexible, and elegant framework for regression,
as is indicated by an extensive line of works [25, 44, 48].
As non-parametric standalone regressors, they mitigate the
need for application-specific model architectures and a pri-

ori decision on model complexity [24, 55]. Furthermore,
[27, 38] showcase the equivalence of GPs to an infinite-
width single-layer fully-connected neural network with an
i.i.d. prior over its parameters and with infinitely wide deep
networks respectively which in turn are known to be univer-
sal function approximators [22]. Yet, these benefits come
at the cost of time and storage complexity of the order of
O(n?) and O(n?) respectively mainly due to inverting an
n X n kernel matrix, n being the number of training points,
which is prohibitive for large datasets [37]. To overcome
the time and storage cost bottleneck, Sparse Gaussian Pro-
cesses were originally introduced by [44] and subsequently
extended to allow for mini-batch training [21]. We leverage
the scalable variational GPs framework introduced in [21]
to induce uncertainty over instance attention distributions,
and incorporate distributional correlation through kernel-
based terms, showing that modeling such semantic corre-
lations substantially improves instance-level performance.

3. Methodology

3.1. Preliminaries

Multiple Instance Learning (MIL) In MIL, the input is a
bag of instances, X; = {z1,...,zk,} with k-th instance
xr € RP, associated with a bag label ¥; € N, while
the instance labels {y1, ..., yx, } remain unobserved dur-
ing training; here K, denotes the number of instances in
bag ¢. A dataset consists of IV bag-label pairs, denoted as
D= (XuYi)iIip andlet C = {1,...,C} denote the set of
class labels. The standard MIL assumption is defined as:

0, if 5 4, =0
Y, = i ()
¢, ifJdksuchthaty, =c,ceC

Sparse Gaussian Processes (SGPs) Following standard
notation, given a training dataset {(X;,Y;)}7, of size n,
where Y; = F; + ¢; is a noisy observation of the noise-
free real-valued latent function F(-) : X € X — R evalu-
ated at X; and ¢; ~ A (0, 02) models independent observa-
tion noise, an additional set of m learnable inducing points
Z ={Z;}",, m < n are introduced to summarize the in-
formation of the entire dataset. These points Z; € Z reside
in the same space as the inputs X; € X and are optimized
during training to capture the underlying data distribution.
In our formulation, n is the total number of instances across
all bags, m is the number of learnable prototypical instance
representations and we train the SGP layer using batches
of instances, where each batch contains instances from the
same bag. Let the vector F € R" contain the values of
function F' evaluated at each training point X; and the vec-
tor U € R™ be the values of the same function at the points
Z; € Z. Assuming that the vectors (F, U) are jointly gaus-
sian, the SGP model evaluated at finite sets of inputs (X, Z)
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Figure 1. SGPMIL architecture overview. On the left, we illustrate the complete processing pipeline: WSIs are segmented and tiled
into patches, which are then encoded using a frozen foundation model. The resulting patch embeddings are passed through an attention-
based MIL head incorporating a probabilistic SGP mechanism. The attention-weighted embeddings are summed and projected through
a trainable MLP. On the right, we highlight the probabilistic attention component. The SGP layer receives the embeddings along with
learnable inducing points and infers a variational posterior over patch-level attention scores. Multiple attention samples are drawn to
reweigh the embeddings, which are then aggregated into stochastic slide-level and classified via a linear layer followed by softmax.

can be characterized by the following equations,

P(F | U) = N (F | ix + ExzT74(U — pig),

Sxx —Bxz37hTzx) @)
_ F|llpx| |Zxx XYxz
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where ¥ 7 is a kernel function evaluating interactions be-
tween the inducing points, 3 7 x quantifying correlation be-
tween inducing and training points and X x x between train-
ing points. As will be described in the next section, we
will use variational inference to approximate the marginal
p(F) = N (px,Xxx). For notation relevance, we will
denote from now on F as A to indicate the attention vector
for instances in a WSIL.

3.2. SGPMIL: Sparse Gaussian Process MIL

An overview of the SGPMIL pipeline is summarized
in Fig. 1. Following the standard attention-based MIL for-
mulation introduced in [23], the learned function is decom-
posed into three components: a feature extractor, an atten-
tion module and a classifier after a pooling operation. The
feature extractor maps each instance to a high-dimensional
embedding space, f. : zx € X; — hp € H;, where
H; = {h1,...,hk,}. The attention module is probabilis-
tic: to compute the attention scores, the embeddings are
passed through dimensionality-reducing linear layers with
appropriate activation functions and then into the SGP layer,
which outputs a multivariate normal distribution over the
instance-level attention scores. Drawing N, Monte Carlo
(MC) samples from this learnable distribution produces dis-
tinct sets of instance weightings. These weighted embed-
dings are aggregated via summation, resulting in N bag-
level representations. Each bag-level sample is then passed
through a classifier f. : R? — A®~! to produce an esti-

mate of the conditional distribution p(Y" | X'). The function
decomposition is formally expressed as,

K;
ps = fe (Z Ag i m) “)

k=1

where each ps € AY~! denotes the class probabil-
ity vector for sample s and A, is a matrix where
each column contains s samples for each instance hy
and for which &> A, € [0,1. For C classes,
the (C' — 1)-dimensional probability simplex A¢~! =

peRY:p; >0Vj€|[C], ch:lpj = 1}. In turn, the
joint probabilistic bag-level model can be written as,

p(Y,AU)=p(Y |AX)p(A|U,Z,X)p(U|Z)

)
where A is the attention random variable, U are the in-
ducing points and Z, X are the learnable inducing point
locations and actual data respectively. Following the
work of [42], we place a prior over the inducing values
p(U) = N (py,Xzz). To approximate the intractable
joint distribution p(A,U) = p(A | U,Z,X)p(U|Z) in
Eq. (5), a variational distribution over the inducing values
q(U) = N (U | muy, Szz) is considered. This leads to a
closed form marginal for the attention distribution ¢(A) =
Jiy (A | U) ¢(U) dU which yields,

a(A) = N (x + Sxzz5 (mu — py),
Yxx — Sxz555 (577 — Szz)ziézzx)
(6)

In our approach, we introduce a learnable linear projection
term in the variational posterior mean, defined as pux =
WaX + b. The parameters involved in the optimization



include the weights of the projection layers and the classi-
fier, collectively denoted by W; the projection matrix for
the real inputs to the SGP W ; the inducing point set Z;
the kernel hyperparameters § and the variational mean my.
The kernel matrix elements are computed using a scaled
Radial Basis Function (RBF) kernel function, defined as
S = Aexp (—(w; —x;) O (w; —x;)) + C. These
components are jointly learned by maximizing the Evidence
Lower Bound (ELBO), which is defined as,

logp(Y) > Eq(a) [logp(Y [ A)] — KL (¢(U) | p(U)),
)
Assuming that the data points (WSIs) are i.i.d., the expecta-
tion over the variational posterior ¢(A) can be decomposed
and approximated as

Eqa) [logp(Y | A)] = ZEq(Ai) [log p(Y; | Ay)]

1
~ Z log i s (8)

where samples drawn from g(A) are passed through the
remainder of the network, producing samples of the class
probability vectors ps as defined in Eq. (4). Maximiz-
ing Eq. (8) is equivalent to minimizing a standard Cross-
Entropy loss between predicted and observed class prob-
abilities [14]. For inference, the predictive distribution is
p(Y*) = [, p(Y* | A)q(A)dA and is approximated by
taking MC samples from the learned variational posterior,
propagating through the network and again computing the
class probability vector as in Eq. (4). To generate MC sam-
ples of the attention scores, we apply the local reparameter-
ization trick, rewriting A as A = ma + +/diag(Sa) © ¢
with A ~ ¢(A), where ma and Sa represent the mean
and covariance of the variational distribution respectively
and € ~ N(0, I) the noise term.

4. Experiments

4.1. Datasets

CAMELYONI16 [11] includes 270 training and 130 test
WSIs for breast cancer metastasis detection, with detailed
tumor annotations for positive slides. We use 129 test slides
due to a corrupted file. WSIs are segmented and patched at
10x magnification [33], with features extracted via the UNI
encoder [6]. We follow [32] for 10-fold cross-validation and
report mean bag- and instance-level performance.

TCGA-NSCLC For the non-small cell lung carcinoma
(NSCLC) subtyping task, we utilize hematoxylin and eosin
(H&E) stained WSIs from The Cancer Genome Atlas
(TCGA) to classify lung adenocarcinoma (LUAD) versus
lung squamous cell carcinoma (LUSC) [5, 7]. The current
cohort consists of 1,006 slides, with 494 LUAD and 512

LUSC cases. WSIs are segmented and patched at 10x mag-
nification [33], with features extracted using UNI [6]. We
evaluate performance using 4-fold cross-validation and re-
port mean results across folds.

PANDA [4] consists of 10,609 WSIs of prostate core needle
biopsies, each annotated with an ISUP grade (0-5), result-
ing in a 6-class classification task. We perform 5-fold cross-
validation using stratified splits, where each fold maintains
approximately 80/5/15 splits per class for training, valida-
tion, and testing respectively. WSIs are segmented into non-
overlapping 224 x 224 patches at 20 x magnification [45],
and features are extracted using UNI [6, 45, 58].

BRACS [3] comprises 547 WSIs labeled as Benign, Atyp-
ical, or Malignant. We use the predefined train, valida-
tion, and test split provided with the dataset, extract non-
overlapping 224 x 224 patches at 20 x magnification [58],
and obtain features using the UNI encoder [6]. All models
are trained using 5 random seeds, and we report the mean
and standard deviation of each evaluation metric.

4.2. Implementation Details

Our framework, encompassing data preprocessing and
model training, is implemented in PyTorch [2] and Py-
Torch Lightning [13]. Feature extraction utilizes the TRI-
DENT toolkit [49, 57] and the UNI encoder [6]. For the
AGP and SGPMIL models, we employ the AdamW opti-
mizer [31] with a linear warmup followed by a cosine an-
nealing learning rate schedule [20, 30], using a peak learn-
ing rate of 6 x 10~* for the TCGA-NSCLC and CAME-
LYONI16 datasets. All other models are trained using their
original optimization settings. For the PANDA and BRACS
datasets, all models are trained for a maximum of 20 epochs
using the AdamW optimizer with cosine annealing and a
maximum learning rate of 1 x 10~%. AGP and SGPMIL
required a slightly higher peak learning rate of 2 x 10~% to
ensure convergence within the same number of epochs. The
SGP layer is implemented using GPyTorch [16].

4.3. Evaluation Metrics

For slide-level classification, we report balanced accu-
racy (ACC), area under the receiver operating character-
istic curve (AUC), and adaptive expected calibration er-
ror (ACE) [39], capturing both prediction performance and
model calibration. To evaluate statistical significance in all
tasks, we conducted a one-sided paired t-test across cross-
validation folds, testing whether our method consistently
outperforms the baseline.

For patch-level evaluation, we follow the methodology
of [56], treating the attention scores produced by each
model as instance-level probabilities. The area under the
ROC curve (AUC) is computed directly from these continu-
ous scores by comparing them against pixel-level ground
truth annotations. For threshold-dependent metrics such



WSI INSTANCE Training/Inference
LM  Post Diag Ny ACC AUC ACE AUC ACE t(s)
16 .858 929 .933.029 .089 97 .946 .091 31.0/6.0
AGP[42] - Xsoftmax() X o) ggs’' 954 010 069015 953 080 31.0/6.0
X o() X 80 .9360915 970009 .049 14 .822 .320 31.0/6.0
/softmax(-) X 80 '971.006 .976.007 '027.008 .821 173 31.0/6.0
v o() X 80 9720914 979016 .065045 .970 .103 31.0/6.0
/softmax(-) v 80 .973,007 .980,009 .024,007 .965 .070 9.0/1.0
16 971916 977000 .045022 .963 .271 9.0/1.0
SGPMIL v U() v 80 .980 go7 .986 go5 .021 go5 .973 .051 9.0/1.0

Table 1. Ablation study on the CAMELYON16 dataset (10-fold cross-validation) evaluating architectural differences to vanilla AGP model.
Variants differ in mean parameterization (LM), post-SGP activation (Softmax/Sigmoid), use of covariance diagonal (Diag) and number of
inducing points (N ). Metrics include WSI/Instance-level ACC, AUC, and average training/inference time ¢ (s).

as accuracy (ACC), we apply thresholding over a range of
values and report the best result per model, following the
threshold selection strategy proposed in [56].

5. Results & Discussion
5.1. Ablations

We showcase the performance gains achieved by the mod-
ifications introduced in our framework, relative to a base-
line implementation of sparse GPs for MIL [42]. Table 1
presents the improvement in bag-level performance our
contributions have against the vanilla methodology. The ab-
lations systematically vary four components: attention nor-
malization (implemented via softmax or sigmoid), the mean
parameterization in the variational posterior (LM), the use
of diagonal covariance (Diag), and the number of inducing
points (Ny). Analysis on the effect of varying the number
of inducing points is provided in supplementary Table 11.
The first improvement over the vanilla AGP model is
achieved by introducing relaxed attention normalization,
replacing the softmax constraint ), A, = 1 with a
sigmoid-based expectation constraint + > A, x € [0,1].
This relaxation allows the model to naturally assign high
attention to multiple instances with task-relevant character-
istics, yielding performance gains in both bag- and instance-
level. Next, we observe a substantial improvement after
introducing a feature-scaling term in the variational mean
pnx = WaX + b, which replaces the constant ux = C
used in AGP. This adjustment improves expressiveness and
makes optimization over kernel hyperparameters and induc-
ing point locations Z more effective. The combination of
relaxed normalization and feature scaling leads to further
gains, especially in instance-level accuracy and calibration.
Finally, we address the numerical instability and speed
bottlenecks of AGP by replacing the full covariance ma-
trix with its diagonal approximation, eliminating the need

for Cholesky decomposition during training. This leads to
much faster and more stable training and inference, without
sacrificing predictive performance. Comprehensive train-
ing and inference time comparisons against all baselines are
provided in supplementary Table 6. To further underscore
the stability gains of our modifications, we compute the Lip-
schitz constant as a surrogate of stability of each variant
L(f) < HLI Omax(We) eL:_ll L,,, where 0,4, de-
notes the largest singular value, and L, the Lipschitz value
of activation functions, obtaining Lagp = 105.525.9 Vs.
Lscpwmin = 38.19.1, a major reduction in input sensitivity,
underscoring the significance of our contributions. Overall,
introducing feature scaling in the variational mean, diag-
onal covariance approximation, and relaxed attention nor-
malization leads to improved bag-level performance, faster
convergence, and more focused instance-level attention.

5.2. Bag-Level Performance

Figure 2 reports the performance of SGPMIL and several
baselines across the different histopathology datasets and
tasks together with one-sided paired t-tests to evaluate sig-
nificance for all datasets.

On CAMELYON16, SGPMIL achieves significantly
higher accuracy than all models except CLAM and
BayesMIL, and significantly higher AUC than all mod-
els except ABMIL and CLAM. In terms of calibra-
tion, BayesMIL, CLAM, and SGPMIL perform compa-
rably well, with SGPMIL achieving statistically signifi-
cantly lower ACE than the remaining approaches, while
BayesMIL attains the lowest ACE overall, consistent with
its probabilistic formulation. For TCGA-NSCLC, perfor-
mance is uniformly high across models; however, SGPMIL
is significantly better than CLAM in ACC and AUC, outper-
forms MixMIL and AGP in ACC and achieves better cali-
bration than MixMIL.

The PANDA dataset presents a greater challenge due to
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Figure 2. Slide-level performance across multiple datasets. * denotes statistical significance (p < 0.05) based on one-sided paired t-tests.

its multi-class nature. Here, our method ranks first with sta-
tistically significant improvements in both ACC and k—the
preferred metric over AUC for this task—outperforming the
next-best method by margins of 3.3%, and 2.2% respec-
tively, while achieving comparable calibration to AGP and
superior calibration to the other baselines. A similar trend
is observed in BRACS, where our approach leads in both
ACC and AUC by 3.3% and 1.5% in a significant manner,
again performing similarly to AGP in calibration and better
than other baselines. We note that DGRMIL was not orig-
inally evaluated in multi-class settings. To integrate it, we
substitute the binary cross-entropy loss with a cross-entropy
loss followed by a softmax activation, updating the negative
center when the bag belongs to the 'normal’ class and the
positive center in any other case. These results highlight
the generalization capabilities of the SGP-based formula-
tion, particularly in complex multi-class scenarios with het-
erogeneous tissue morphologies.

5.3. Instance-Level Localization

CAMELYONI16 BRACS

ACC AUC ACE ACC AUC ACE
ABMIL  .775* .910* .191* .514* .560* .062
CLAM .678% .792* .245* .522* .590* .061
TransMIL .578* .803* .110* .696* .852* .188*
DGRMIL .710* .820* .264* .673* .720* .207*
BayesMIL .787* .855* .166* .568* .684* .096*
MixMIL  .563* .670* .256* .509* .528* .033
AGP .864* .950* .046 .718* .832* .188*
SGPMIL 910 .979 .059 .765 .899 .050

Table 2. Instance-level performance on CAMELYON16 and

BRACS for each model. Metrics shown: accuracy (ACC), AUC
and ACE. Bold denotes best result. * denotes statistical signifi-
cance (p < 0.05) based on one-sided paired t-tests.

A key strength of our approach lies in its ability to iden-
tify relevant instances within each bag. We interpret the
attention score as a proxy for the model’s capability to fo-
cus on patches with task-specific characteristics. For each

dataset, we report the performance across all folds. For
ABMIL and CLAM, attention scores are extracted from
the gated attention mechanism. In TransMIL, we perform
mean fusion of the attention matrices of attention heads
within each of the two attention blocks and apply atten-
tion roll-out [1] to compute final scores. DGRMIL fol-
lows the method described by [59], using the global to-
ken attention. For BayesMIL and MixMIL, we use the
mean of the attention variational posterior per patch. For
AGP and SGPMIL, we derive attention scores by aver-
aging post-activation values—softmax for AGP and sig-
moid for SGPMIL—across samples drawn from the learned
SGP variational posteriors. All attention scores are subse-
quently normalized to the range a € [0, 1] and evaluated
against ground-truth annotations on test-set WSIs. In Ta-
ble 2, SGPMIL consistently outperforms all baselines by
over 4% in ACC and 2% in AUC in a statistically significant
manner; calibration-wise AGP and SGPMIL are more cali-
brated than all other baselines in CAMELYON16 while on
BRACS, SGPMIL achieves the best calibration among all
methods with non-trivial performance, as ABMIL, CLAM
and MixMIL perform at chance level. Moreover, SGPMIL
provides focused attention on diagnostically salient regions.

5.4. Inducing Points Capture Patch Variability

Recent MIL work has highlighted the importance of bag-
level representations, noting that noisy instance features can
negatively impact classification performance [60]. In our
approach, the learnable inducing points act as task-adaptive
prototypes that capture salient morphological patterns and
core structural features across tissue slides, shown in Fig. 3.

In Figure 3(a), we visualize the slide-level ground truth
annotations. In (b), we show a label map where each
patch embedding is assigned the label of its most similar
inducing point (based on cosine similarity). This visual-
ization reveals that distinct inducing points specialize in
capturing different tissue types—e.g., tumor regions, dense
stromal tissue, and interface zones such as tumor-stroma
boundaries. Finally, in Figure 3(c), we display the top-
7 most similar patches for the inducing points that match
the largest number of patches. The visual coherence across
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Figure 3. Inducing-point structure and normalized attention heatmaps on a CAMELYON16 test slide. Top row: (a) slide with ground-
truth annotations; (b) inducing-point label map; (c) top-7 most similar patches for the most representative inducing points. Bottom row:
normalized attention heatmaps (scores in [0, 1]). For DGRMIL, we use the cls-token attention; for BayesMIL, AGP, and SGPMIL, we plot
the mean attention per patch. Yellow contours denote ground-truth annotations. See Supplementary Figure 3 for additional visualizations.

patches associated with each inducing point demonstrates
that the model learns meaningful and morphologically con-
sistent prototypes. Additional inducing point label maps
and HoverNet-based cancer/nucleus-type distributions [18]
are shown in Supplementary Figures 4, 5 and 6.

5.5. Prediction Uncertainty Estimation
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Figure 4. Prediction uncertainty for correctly (green) and incor-
rectly (red) classified WSIs in the BRACS (left) and PANDA
(right) datasets. Each boxplot pair shows the distribution of stan-
dard deviation of predicted class probabilities. A statistically
significant difference in uncertainty is observed in both datasets
(p < 0.05, Welch’s ¢-test [53]).

In Figure 4, we visualize the prediction uncertainty for
correctly and incorrectly classified WSIs. We compute the
standard deviation of the predicted class probabilities across
samples and compare the resulting distributions using a

two-sample Welch’s t-test [53]. We consider BRACS and
PANDA datasets as CAMELYON16 and TCGA-NSCLC
contain too few misclassified slides for reliable variance es-
timation (due to high ACC and AUC). A statistically sig-
nificant difference (p < 0.05) in prediction uncertainty is
observed between correct and incorrect predictions across
datasets. This indicates that higher uncertainty is associated
with misclassified slides, suggesting that our model’s uncer-
tainty estimates are well-calibrated—an essential property
for deployment in safety-critical clinical workflows.

6. Conclusion

We introduced SGPMIL, a robust and scalable probabilistic
attention-based MIL framework built on SGP, designed for
improved instance- and bag-level prediction in histopathol-
ogy tasks. By learning a variational posterior over attention
scores and leveraging a flexible kernel, SGPMIL captures
semantic relationships among instances while enabling
principled uncertainty quantification. Our method achieves
leading instance-level performance, competitive bag-level
accuracy, and addresses key limitations of prior probabilis-
tic MIL approaches, particularly in terms of numerical sta-
bility and scalability. A limitation of this work is that we
focus exclusively on unimodal visual inputs. Extending
SGPMIL to multimodal MIL settings—such as integrating
clinical or genomic metadata alongside WSIs—remains an
exciting direction for future research.
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