
Learnable Gaussian Prototype Guided Ordinal
Learning for Fine-Grained WSI Grading

Yingjiao Deng1, Qing Zhang1, Hui Tang3, Chunhua Zhou2, Lili Gao2,
Jiansheng Wang1, Li Sun1, Yan Wang1, Duowu Zou2, Hongkai Xiong1, and

Qingli Li1⋆

1 Shanghai Key Laboratory of Multidimensional Information Processing, East China
Normal University, Shanghai, 200241, China

2 Department of Gastroenterology, Rujin Hospital, School of Medicine, Shanghai
JiaoTong University, Shanghai, China

3 The First People Hospital of Yunnan Province, Yunnan, China

Abstract. Advances in digital pathology have enabled large-scale auto-
mated grading through deep learning-based analysis of whole slide images
(WSIs), which is essential for cancer diagnosis and prognosis. However,
existing WSI classification methods typically treat grades as independent
categories, ignoring the ordinal and progressive nature of their relation-
ships. Overlooking this intrinsic relationship leads to unstable boundaries
and inconsistent predictions. Although ordinal regression and classifica-
tion models have been explored to model the label continuity, they pri-
marily enforce output orderings instead of learning continuous feature
representations, leading to discrete embeddings that ignore inter-grade
similarity. To address these problems, we propose GPO-MIL, an ordinal
multiple-instance learning framework that constructs a severity-aligned
Gaussian prototype space to model disease progression. A global set of
Gaussian prototypes is learned and reordered by their correlation with
slide grades, forming an interpretable benign-to-severe axis that guides
responsibility-based prototype attention. An ordinal-aware optimization
further stabilizes this progression structure and enhances grading con-
sistency. Experiments on our in-house pancreatic cytology dataset and
two public histopathology grading datasets demonstrate consistent gains
in grading accuracy and calibration, along with interpretable prototypes
that align with pathological progression.

Keywords: Multiple Instance Learning · Ordinal classification · Pathol-
ogy · Whole Slide Image

1 Introduction

Pancreatic cancer is one of the most lethal malignancies, and reliable early cyto-
logical assessment is essential for treatment planning [6]. Liquid-based cytology
(LBC), obtained through endoscopic ultrasound–guided aspiration, offers a min-
imally invasive diagnostic tool in which pathologists assign grades from benign to
⋆ Corresponding author. Email: qlli@cs.ecnu.edu.cn
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Fig. 1. (a) LBC patch examples across four grades. (b) Camelyon17 visualizations of
metastasis severity. (c) Feature space without ordinal structure. (d) Severity-aligned
progression feature space.

malignant based on nuclear atypia and architectural disorder [13]. As illustrated
in Fig 1 (a), cytological atypia evolves gradually along a biological progression
trajectory, and the boundaries between adjacent grades are often subtle, espe-
cially in pancreatic LBC, where malignant cells may be sparse. These factors
make manual grading labor-intensive and susceptible to variability, underscor-
ing the need for automated WSI-level grading that can capture the underlying
progression of cytological changes.

Multiple instance learning (MIL) [20] has become the dominant paradigm
for weakly supervised WSI grading. To enhance pathology grading, recent MIL
research has incorporated prototype-driven [12], complexity-calibrated morpho-
logical modeling [22], and graph-based fusion approaches [19]. These methods
strengthen feature aggregation and enhance morphological representation for
histopathology grading. However, they treat grading as a conventional multi-
class classification problem, implicitly assuming discrete boundaries between dis-
ease stages, as illustrated in Fig. 1 (c). Such formulations overlook a key medical
prior: morphological progression is gradual rather than abrupt, as also observed
in histopathology, as shown in Fig. 1 (b). Ignoring this continuity prevents the
model from capturing inter-grade proximity and yields less stable predictions
near ambiguous boundaries.

Ordinal classification (OC) methods offer a principled way to model ordered
labels and have shown strong performance in age estimation [3, 16, 4], retinal
disease grading [23], and inflammatory severity prediction [15, 18]. Current OC
methods, such as margin-based [14] and ranking-based [15] variants, enforce or-
dinal relationships mainly through the loss function and depend on image-level
supervision. As a result, they do not explicitly capture a continuous progression
structure in the learned representations. Moreover, they assume homogeneous
feature sources and cannot directly handle the strong intra-slide heterogene-
ity inherent in WSI-based analysis. Thus, ordinal relationships have not been
effectively incorporated into prototype-guided representation learning for WSI
grading, leaving a critical gap in modeling disease progression.

To address this limitation, we introduce Gaussian Prototype–guided Or-
dinal Multiple Instance Learning (GPO-MIL), which explicitly models
lesion progression in the MIL framework. A global Gaussian mixture proto-
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Fig. 2. Overview of the proposed GPO-MIL framework. A global Gaussian prototype
space is built and reordered into a severity-aligned axis. Instance responsibilities guide
prototype-conditioned attention, and an ordinal-aware optimization enforces progres-
sion consistency and discriminative grading.

type space is constructed and reordered by correlation with slide-level grades,
forming a severity-aligned axis. Responsibility-guided prototype attention then
conditions instance aggregation on progression semantics, highlighting grade-
defining regions. Additionally, an ordinal-aware optimization strategy that in-
corporates prototype separation, monotonicity constraints, and hierarchical su-
pervision helps training stabilize and enhance discriminability. Experiments on
in-house pancreatic LBC, CAMELYON17, and PANDA demonstrate consistent
gains over prior MIL methods while offering an interpretable progression axis
that links latent prototypes to disease severity.

2 Method

2.1 Problem Formulation and Overall Framework

Given the training dataset denoted as D = {(Xi, yi)}Ni=1 , where Xi denotes the
ith whole slide image and yi ∈ {0, 1, . . . , C − 1} is its corresponding grading
label, satisfying 0 ≺ 1 · · · ≺ C − 1 in diagnostic severity. Following standard
multiple instance learning, each WSI is divided into Mi non-overlapping image
patches Xi = {xij}Mi

j=1. A pretrained feature extractor fθ(·) extracts instance
embeddings: zij = fθ(xij) ∈ Rd, Zi = {zij}Mi

j=1. Conventional MIL methods
aggregate instance embeddings Zi into a bag-level representation si and perform
a categorical softmax classification. However, such a formulation treats grades as
independent classes and ignores the progressive nature of pathological grading.
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In practice, adjacent grades share overlapping morphological patterns, and
higher grades progressively encompass more aggressive lesion subtypes. Thus,
modeling an ordered latent severity structure is more appropriate than assum-
ing independent class boundaries. Motivated by this, we introduce GPO-MIL, a
Grading-oriented Prototype Ordering MIL framework that constructs a severity-
aligned prototype space and integrates it into MIL aggregation through ordinal-
consistent optimization. The framework is illustrated in Fig 2. The framework
enables the model to capture continuous disease progression patterns while main-
taining discriminative power between adjacent grades.

2.2 Severity-Aware Ordered Prototype Modeling and Aggregation

Severity-Aware Ordered Prototype Space Construction To capture het-
erogeneous lesion patterns and introduce a severity-consistent inductive bias, we
model all instance embeddings using a K-component Gaussian Mixture Model
(GMM), which is defined as:

p(z) =

K∑
k=1

πkN (z|µk, Σk), (1)

where πk are the mixture weights (Σkπk = 1) and (µk, Σk) denote prototype
means and covariances. Diagonal covariances are used for stability in high-
dimensional embedding space.

The GMM is fitted on training instance features before MIL optimization.
Posterior responsibilities for each instance are computed as:

rij,k = p(k|zij) =
πkN (zij |µk, Σk)∑K
t=1 πtN (zij |µt, Σt)

. (2)

Slide-level prototype composition is obtained by averaging: wi,k = 1
Mi

∑Mi

j=1

rij,k, representing the latent pathological mixture for slide i.
Since mixture components are permutation-invariant, prototype indices ini-

tially lack intrinsic ordinal structure. To align prototypes with ordinal disease
severity, we compute Spearman correlations ρk = corr({wi,k}Ni=1, {yi}Ni=1)), and
reorder mixture components in ascending ρk to form a benign-to-severe pro-
totype axis. This re-indexing imposes semantic ordering without changing the
underlying probabilistic model.

During end-to-end MIL training, responsibilities are computed in a differen-
tiable form:

rij,k = softmaxk(
logπk + logN (xi|µk, Σk)

τ
), (3)

where τ controls assignment sharpness. To ensure instability, all GMM parame-
ters remain frozen for the first ewarm epochs; afterwards, only prototype means
{µk} are updated, allowing mild task-specific refinement while preserving the
established ordinal alignment.
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Responsibility-Guided Instance Aggregation: The ordered prototypes are
injected into the MIL aggregator via responsibility-weighted decompositions:

Pij,k = rij,kzij , (4)

producing prototype-aligned activations Pij ∈ RK×d.
To propagate prototype semantics and capture interactions among latent

pathological subtypes, we introduce a two-stage prototype-conditioned at-
tention module. (1)Prototype Self-Attention (P-SelfAtt) is applied along the
prototype dimension: Hij = SelfAttn(Pij) enabling the model to encode co-
occurrence structures among latent lesion components and capture progressive
patterns consistent with the ordinal prototype axis. (2) Prototype-to-Instance
Cross-Attention(P-I CrossAtt) conditions the original instance embedding on
the learned prototype semantics, enabling prototype-guided refinement of local
features: ẑij = CrossAttn(Hij , zij), where Hij serves as queries and values. This
step enriches instance representation with severity-aware structural context.

The enhanced embedding z̃ij = Concat(ẑij , zij) is finally aggregated through
attention-based MIL pooling to obtain the WSI representation hi. By ground-
ing aggregation explicitly on the ordered prototype axis, the model selectively
emphasizes grade-defining morphological cues while suppressing background in-
terference.

2.3 Ordinal-Aware Optimization

The final objective combines hierarchical grading, ordinal metric learning, and
prototype regularization:

Ltotal = LCF + λordLord + λsepLsep. (5)

Coarse-to-Fine Hierarchical Grading Loss. Since fine-grained boundaries
are subtle, directly optimizing fine-grained objectives may lead to unstable con-
vergence. We adopt a smooth coarse-to-fine schedule:

LCF = β(e)Lcoarse + (1− β(e))Lfine, (6)

where β(e) gradually decreases after warm-up, enabling progressive refinement
from coarse grouping to fine-grained separation.
Ordinal Metric-Learning via Multi-Margin N-Pair Loss. To enforce a
monotonic embedding structure at the bag-level feature consistent with grade
ranks, we adopt the Multi-Margin N-Pair (MMNP) loss [14]:

Lord =
∑

(hj ,yj)∈H+

∑
(hk,yk)∈H−

max(0,my,yk
+ cos(h, hk)− cos(h, hj)) (7)

where my,yk
= m1 + . . .myk−y is the cumulative ordinal margin between the

two grades. Following prior work, MMNP is optimized during the first 50 epochs,
after which the ordinal margins are frozen to preserve the learned grade ordering.



6 Y. Deng et al.

Table 1. Comparison with state-of-the-art MIL methods on PANDAS, Camelyon17,
and LBC. Results are reported as meanstd over five-fold. Best results are in bold.

Method PANDAS CAMELYON17 LBC
AUC ACC F1 AUC ACC F1 AUC ACC F1

CLAM-SB [11] 92.640.33 71.200.92 65.171.55 87.374.35 76.608.09 60.009.69 80.802.34 62.472.62 50.003.53
CLAM-MB [11] 92.790.38 71.120.89 65.121.28 90.122.13 83.402.87 69.614.69 80.952.79 62.052.79 48.684.99
TransMIL [17] 91.170.49 67.111.70 59.571.64 89.041.31 78.805.71 60.374.55 75.562.48 52.344.40 42.622.13
ABMIL [7] 92.340.36 69.820.95 62.711.78 88.382.63 79.005.22 62.662.99 78.852.78 58.521.59 51.023.49
S4MIL [5] 91.400.87 67.721.84 61.703.00 92.031.72 87.603.26 70.885.29 80.012.35 62.885.53 51.896.95
MambaMIL [21] 91.510.63 68.461.73 62.252.33 86.202.81 77.803.87 62.846.08 79.365.01 60.946.44 50.078.18
DTFD-AFS [24] 89.480.50 63.911.49 51.333.51 88.302.35 83.803.31 61.444.32 81.721.59 62.203.24 44.654.90
DTFD-MMS [24] 85.041.94 55.002.74 46.042.46 71.616.99 72.88.75 35.869.30 68.152.72 40.432.37 22.932.68
HMIL [8] 92.170.50 70.261.35 64.061.99 86.586.38 86.114.55 61.306.69 78.931.23 60.024.78 51.815.35
DGRMIL [25] 90.910.75 67.891.54 61.331.77 86.116.72 80.07.07 54.999.30 74.323.58 60.273.89 45.104.80
Ours 94.030.42 73.201.43 66.481.38 94.172.32 88.314.20 71.207.98 82.692.31 67.203.87 54.204.27

Prototype Separation Regularization. To avoid prototype collapse and
maintain distinct pathological semantics, we impose cosine-based separation loss:

Lsep =
1

K(K − 1)

∑
k ̸=j

max(0, cos(µk, µj)− τ), (8)

where τ is the maximum allowable similarity.

3 Experiments

3.1 Dataset and Implementation Details

Dataset. In this work, we evaluated our method on our in-house pancreatic
LBC dataset (LBC) and two public pathology dataset CAMELYON17 [1] and
PANDA [2]. LBC contains H&E-stained liquid-based cytology WSIs collected
in-house under approved institutional ethics protocols. Each case was reviewed
by two senior cytopathologists, with disagreements resolved by consensus. The
dataset includes four progressive cytological grades: G1 Benign (327), G2 Atypia
(202), G3 High grade (131), and G4 Malignant (298). CAMELYON17 com-
prises 500 lymph-node WSIs with the standard four-grade setting: negative
(318), ITC (36), micro-metastasis (59), and macro-metastasis (87). PANDA
includes 10,616 prostate cancer WSIs with ISUP grades 0–5, distributed as
2892/2666/1343/1242/1249/1224 cases.
Evaluation Matrics. We evaluate grading performance using three standard
metrics: accuracy (ACC), the area under the ROC curve (AUC), and macro
F1-score (F1).
Implementation Details. For CAMELYON17 and PANDA, WSIs are prepro-
cessed following the CLAM [11] thresholding pipeline, while LBC slides adopt
blank-region removal due to cytology-specific sparsity. All slides are tiled into
non-overlapping patches of size 256×256 at level 0 for PANDA/LBC and level 1
for CAMELYON17. Patch embeddings are extracted using a pretrained CONCH
[10] image encoder, yielding 512-dimensional features. Experiments follow 5-fold
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Fig. 3. Visualization on the PANDA dataset, showing the WSI, annotation, zoom-
in images, and the corresponding prototype-activation map, where severity-ordered
prototypes reveal a smooth transition from low- to high-grade patterns.

cross-validation, with splits of 6:2:2 for Camelyon17 and 7:1.5:1.5 for PANDA
and LBC. All experiments are conducted on an NVIDIA GeForce RTX 3090.

To ensure a fair comparison, all MIL methods are trained for 200 epochs
with Adam (lr = 1 × 10−4) with early-stop. For our GPO-MIL, we adopt the
gated attention pooling module from ABMIL [7] as the MIL pooling operator.
The initialization of ordered GMM using diagonal-covariance, implemented by
scikit-learn, max iter 200, init with k-means and reg covar is set to 1e−6. For the
loss function, the λsep and λord are set to 0.1, and 0.3. The number of prototypes
is set to K = 16 for PANDA and K = 8 for CAMELYON17 and LBC.

3.2 Main Results

Table 1 reports the performance of GPO-MIL against state-of-the-art MIL mod-
els. Across all dataset, our method achieves the highest AUC, ACC, and F1
scores. The improvements are consistent on both tissue-based histopathology and
cytology slides, demonstrating that modeling grading as an ordered prototype
axis generalizes well across heterogeneous pathology modalities. Moreover, GPO-
MIL exhibits comparable or lower performance variance than existing methods,
indicating that the integration of ordinal structure and prototype modeling does
not introduce instability during optimization. Overall, these results confirm that
explicitly aligning latent instance distributions with disease severity yields more
reliable and discriminative slide-level predictions compared with purely categor-
ical MIL approaches.

We visualize ordered Gaussian prototypes by mapping each patch to the pro-
totype with highest responsibility k∗ = argmaxk rij,k and recoloring the slide
according to prototype severity. On PANDA (Fig. 3), low-grade slides are dom-
inated by low-severity prototypes (blue), while high-grade slides show extensive
activation of severe prototypes (red). On CAMELYON17 (Fig. 4), subtle lesions
such as ITC or Micro-metastasis are highlighted by higher-severity prototypes,
whereas benign lymphoid tissue consistently maps to low-severity ones. Zoomed
visualizations confirm that severe prototypes correspond to malignant glands or
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Fig. 4. Visualization on the CAMELYON17 dataset, including the WSI, annotation,
zoom-in images, and the associated prototype-activation map, while severity-ordered
prototypes illustrate a continuous progression from benign to metastatic patterns.

Table 2. Evaluation of the main components and loss functions.

PANDAS Camelyon17 LBC
AUC ACC F1 AUC ACC F1 AUC ACC F1

Main
Module

ABMIL-baseline 92.34 69.82 62.71 88.38 79.00 62.66 78.85 58.52 51.02
w.o. sev 92.89 71.02 63.60 90.28 83.19 67.23 80.38 64.29 52.91
w.o. GMM-up 93.03 72.27 64.79 92.19 85.49 69.38 79.31 64.35 52.48
w.o. SA 92.02 69.29 60.76 93.08 88.05 70.19 81.03 66.32 53.17
w.o. CA 92.18 70.96 64.07 93.21 87.13 70.54 81.92 66.41 53.94

Loss

w.o. Lord 92.87 72.28 64.99 92.48 82.09 70.67 80.92 65.86 53.19
w.o. Lsep 89.21 66.23 56.27 91.39 83.25 69.38 79.25 64.03 52.17
Lfine 93.03 71.69 65.23 93.95 86.76 70.25 81.46 66.03 53.97
Lkrank[15] 93.76 72.49 64.97 92.49 84.12 70.82 81.36 65.21 53.08
LPOE[9] 93.18 71.93 65.89 92.91 83.21 70.94 81.05 65.95 53.26
Ours 94.03 73.2 66.48 94.17 88.31 71.23 82.69 67.2 54.2

small metastatic clusters, demonstrating that the learned prototype axis cap-
tures meaningful progression cues.

3.3 Ablation Study

Table 2 summarizes the ablation results. Removing severity ordering (“w.o. sev”)
or disabling prototype refinement (“w.o. GMM-up”) consistently reduces per-
formance, showing the necessity of a severity-aligned and adaptable prototype
space. Eliminating self-attention (“w.o. SA”) or cross-attention (“w.o. CA”) also
degrades results, confirming their roles in modeling latent subtype interactions
and injecting prototype semantics into instance features. For loss functions, dis-
carding Lord weakens monotonic grade separation, while removing Lsep leads to
prototype collapse and the largest drop. Alternative ordinal losses Lkrank[15] and
LPOE[9] offer only modest gains and still fall short of the MMNP loss.
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4 Conclusion

In this paper, we introduced GPO-MIL, a severity-aligned prototype-guided MIL
framework for ordinal histopathological grading. By constructing an ordered
Gaussian prototype space and coupling it with responsibility-aware attention and
ordinal optimization, the method effectively captures progressive lesion patterns
overlooked by prior MIL approaches. Experiments on LBC and public pathology
datasets show consistent improvements and enhanced interpretability, validating
the effectiveness of severity-aligned prototypes for reliable grading.
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