MICCAI

DGFMIL: Fuzzy Multi-Instance Learning with
Cross-Granularity Calibration and Soft Semantic
Routing for Histopathological Image Staging

, Juanjuan Zhaol’2* [0000—0001—8134—9076] ;

Wensong Yuel[0009700047077676129]’ Lin ZhaOS[0009700027903774227]’ Yue
Zeng1 [0009—0006—6638—4168]7 Lljlng Zhangl[0000_0002_7190_0829]

Qiang4 [0000—0001—6231—3721]

Meiling Cail [0009—0000—8690—4067]

, and Yan

! College of Computer Science and Technology (College of Data Science), Taiyuan
University of Technology, Taiyuan, China
2 School of Software, Taiyuan University of Technology, Taiyuan, China
zhaojuanjuan@tyut.edu.cn
3 School of Computer Science and Engineering, Southeast University, Nanjing, China
4 School of Software, North University of China, Taiyuan, China

Abstract. Pathological staging is critical for cancer diagnosis and treat-
ment. However, extracting interpretable features from high-resolution
whole slide images (WSIs) for accurate staging remains challenging. Ex-
isting methods divide WSIs into numerous patches but face two funda-
mental issues: lack of fine-grained stage labels and mixed-stage morphol-
ogy within a single patch. Simply assigning a single pseudo-label discards
heterogeneity and leads to decisions lacking medical interpretability. To
address this, we propose DGFMIL, a dual-granularity fuzzy multiple in-
stance learning framework centered on uncertainty modeling and seman-
tic prior alignment. First, we introduce a differentiable interval type-2
fuzzification function that explicitly assigns a possibility interval rather
than a single stage label to capture intrinsic heterogeneous staging char-
acteristics. Second, cross-granularity calibration and fuzzy-guided cross-
attention serve as auxiliary mechanisms to refine the representation and
fusion of fuzzy features. Third, we construct a pathological concept text
bank and impose semantic prior constraints on each patch via a rout-
ing soft alignment, enforcing visual representations to align with inter-
pretable medical concepts. Extensive experiments on TCGA-CRC and
Camelyonl7 datasets demonstrate that DGFMIL achieves strong com-
petitive performance.

Keywords: Computational pathology - Multiple instance learning - Un-
certainty quantification - Fuzzy logic.

1 Introduction

Automated staging of whole slide images (WSIs) in histopathology [14,22] is
critical for cancer diagnosis, treatment planning, and prognosis assessment [3,
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17]. In recent years, multiple instance learning (MIL) has emerged as the dom-
inant paradigm for processing gigapixel-scale WSIs [12], achieving significant
progress in cancer subtype classification [4] and survival prediction [26]. How-
ever, existing MIL methods face a fundamental representation dilemma in prac-
tical deployment: when a WSI is divided into thousands of unlabeled patches,
the staging status of each patch is inherently ambiguous and heterogeneous—the
same patch may exhibit pathological features that coexist across multiple stages,
while adjacent patches may have markedly different stage labels [1,8]. This in-
trinsic patch-level uncertainty, intertwined with the continuous nature of the
staging process, makes it challenging for traditional hard-assignment MIL to
achieve reliable modeling.

The challenges in existing approaches manifest in three aspects. First, patho-
logical staging is a continuous and gradual process, where the morphological
characteristics of boundary cases exhibit ambiguous transitions [7]. Traditional
deep learning models, which rely on deterministic predictions, are prone to over-
confident misclassifications at these boundaries [10] and lack the capability to
quantify the plausible staging range for an individual patch. More critically, ex-
isting MIL methods treat a WSI as a bag of instances, implicitly assuming that
all patches share the same latent label. This simplifying assumption completely
overlooks the staging heterogeneity at the patch level—a stark contradiction
to the reality observed by pathologists under the microscope, where regions of
varying differentiation grades often coexist within a single high-power field [18,
23]. Third, there is a semantic gap between data-driven visual features and clini-
cal diagnostic criteria [2, 5]. Pathologists reason based on textual descriptions in
medical guidelines (e.g., marked nuclear atypia, disordered glandular architec-
ture), whereas deep models optimize within an abstract feature space, lacking
alignment with interpretable medical concepts [25, 16].

In response to the aforementioned challenges, this paper proposes the DGFMIL
(Deep Granular Fuzzy Multiple Instance Learning) framework. Its core innova-
tion lies in the first-ever integration of Interval Type-2 Fuzzy Set theory [19, 11]
with Multiple Instance Learning, enabling instance-level uncertainty quantifica-
tion and semantic constraints without requiring patch-level annotations. Unlike
existing MIL methods that model uncertainty using probability distributions
or evidential learning [27], DGFMIL introduces a differentiable Interval Type-2
fuzzification mechanism. It constructs membership intervals, rather than deter-
ministic values, for each unlabeled patch. By leveraging the three-dimensional
membership function of fuzzy sets, it explicitly captures the Footprint of Un-
certainty (FOU) at staging boundaries, achieving a pioneering patch-level fuzzy
uncertainty footprint tracking within the MIL framework. Different from existing
text-guided methods that rely on paired data [9] or slide-level alignment [13], this
paper constructs a medical text description library related to staging. Through
a Routing Soft Alignment Module (RSAM), it achieves zero-shot fine-grained
alignment between patch features and the clinical concepts of WHO grading,
embedding interpretable medical priors under sparsity constraints. While out-
putting high-precision staging results, DGFMIL provides uncertainty estimates
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and semantic explanations for each patch, significantly enhancing the model’s
decision-making reliability on borderline cases.
The main contributions of this work are summarized as follows:

1. Proposes the first Interval Type-2 Fuzzy Multiple Instance Learning frame-
work. By introducing a differentiable Interval Type-2 fuzzification mecha-
nism, it constructs membership intervals for unlabeled patches, enabling the
explicit modeling of patch-level staging uncertainty.

2. Achieves zero-shot injection of medical priors. It constructs a staging-related
medical text description library and employs a routing soft alignment to
achieve fine-grained alignment between patch features and the clinical con-
cepts of WHO grading.

3. Establishes a unified paradigm for uncertainty quantification and semantic
interpretation. It simultaneously provides uncertainty estimates and medical
semantic explanations for each patch, thereby enhancing decision-making
reliability for borderline cases.

2 Methods

2.1 Overview

Fig. 1 depicts the pipeline of the proposed DGFMIL framework. Given a WSI, we
first extract global thumbnail features and local patch features. The core innova-
tion lies in two synergistic pathways: Path 1 is the uncertainty-aware path, which
maps visual features into membership intervals with a footprint of uncertainty
via Interval Type-2 fuzzification, and refines the fuzzy feature representation
using cross-granularity information. Path 2 is the semantic prior path, which
dynamically associates patch features with a pathological text concept library
through routing soft alignment to inject interpretable medical priors. The out-
puts from both pathways are ultimately integrated to achieve cancer staging.

2.2 Uncertainty-Aware Path

This path aims to quantify patch-level staging uncertainty and refine the fuzzy
feature representation using cross-granularity context.

Interval Type-2 Fuzzification with Cross-Granularity Refinement We
map the input patch features X into K Interval Type-2 Fuzzy Sets (IT2FS),
where each set represents a specific disease stage. Unlike Type-1 fuzzy sets,
IT2FS introduces a Footprint of Uncertainty (FOU) bounded by an Upper Mem-
bership Function (UMF, i) and a Lower Membership Function (LMF, u). Uti-
lizing Gaussian membership functions defined by mean my,, standard deviation
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Fig. 1. Overall framework diagram of DFGMIL, which consists of two branches: Path
1 is the uncertainty-aware branch, and Path 2 is the semantic prior branch. The model
ultimately achieves cancer staging.

ok, and uncertainty parameter Jx, we define:

9= (3 (S5 ) o oo (5 (25252 )
(1)

This mapping yields a membership interval [u, (x), 1 (x)], which explicitly cap-
tures the inherent range of possibilities when grading samples with ill-defined
boundaries. To integrate the non-differentiable Karnik-Mendel algorithm into the
neural network, we propose a reparameterization trick. We uniformly sample S
points within the FOU and assign weights using the Gumbel-Softmax distribu-
tion. This allows for the computation of the reduced membership score yieduced
and the uncertainty measure Ug(X) (i.e., the interval width) while maintaining

gradient flow.

Membership Prior Attention Mechanism (MPAM) To prevent overfit-
ting in few-shot scenarios, we utilize picduc°d as a strong prior. The attention
weights A are computed by fusing a prior-based branch (derived directly from
soft-normalized membership grades) and a data-driven branch (processed via
a two-layer MLP), controlled by a learnable gating parameter A . Crucially, we
modulate the weights using the uncertainty measure to suppress high-uncertainty

features:

A= Softmax (predueed) 4 (1 — \) - Adata) © (1 — BUR(X)) (2)
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The final output is a fuzzy feature representation F¢,.., that encodes both
discriminative patterns and their associated reliability.

Granularity Alignment Module (GAM) Pathological diagnosis relies on
correlating macro-scale tissue architecture (thumbnails) with micro-scale cellu-
lar details (patches). The Global-to-Local Alignment Module (GAM) explicitly
models this cross-scale interaction. Let f;;, denote the global thumbnail features
and F, represent the local patch features. GAM establishes a bidirectional se-
mantic alignment:

Global-to-Local: f;;, serves as the Query to attend to F, , broadcasting
global context to refine local feature extraction.

Local-to-Global: Local patches are aggregated to reconstruct and supple-
ment the global representation.

By minimizing reconstruction error and fusing these views, GAM outputs
contextually calibrated, aligned features f4;;4,. This ensures the model maintains
focus on cellular atypia without losing sight of global patterns, such as glandular
distribution.

Fuzzy-Guided Cross-Attention Module (FGCA) To synthesize informa-
tion from the two visual streams, FGCA establishes a closed-loop interaction
between the precise spatial features f45;4, and the abstract fuzzy features fy,..,.
We design a bidirectional cross-attention mechanism. In the first pathway, f4;gn
serves as the Query to extract semantic guidance from fy,.., (Key/Value). In
the second pathway, ff,.., queries f,;4, to anchor its uncertainty estimations
onto concrete spatial structures. The outputs are fused via an adaptive gating
network: ffinal =g fflllign + (1 - g) ’ f}uzzy’ where g= J(MLP([ (;lign; j/”uzzy]))
This gating mechanism dynamically balances the contributions of deterministic
spatial evidence and fuzzy logic reasoning based on the input complexity.

2.3 Semantic Prior Path

This path aims to dynamically establish fine-grained semantic associations be-
tween local visual features of pathological images and medical prior knowledge
in a zero-shot manner. The core idea is to treat image patches as routable infor-
mation packets and softly align their semantic content with a predefined library
of pathological text fragments.

Concept Bank & Soft Routing We construct a text library containing N
pathological concepts (e.g., cribriform patterns, nuclear molding), which are en-
coded into embeddings Ec, by a pre-trained VLM (Conch [16]). To simulate the
semantic overlap inherent in pathology, we propose a Soft Routing Mechanism.
Visual features X are projected into the text space, and their cosine similari-
ties with Es.,; are calculated via temperature-scaled Softmax to generate the
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routing weight vector w:
exp(sim(Proj(X), e;)/7)
Wi = N , . : (3)
> j—1 exp(sim(Proj(X), e;)/7)

Regularization & Alignment To enhance the interpretability of semantic
matching and prevent the over-dispersion of attention weights, while ensuring
that learned features possess semantic significance, we impose two constraints
during training:

Sparsity Loss (Lsparse): By utilizing negative entropy and L, regularization,
we encourage the model to select a concentrated set of concepts rather than a
uniform distribution.

Alignment Loss (La1ign): We explicitly minimize the distance between the
projected visual features z, = Proj(X) and the weighted sum of text embed-
dings z; = ZZ wi€;:Lalign = 1 — cos(2z,,2¢). This forces visual representations
to align with human-interpretable medical concepts, thereby improving both
performance and clinical trustworthiness.

3 Experiments

3.1 Datasets and Experimental Setup

We evaluated the medical image classification performance of DGFMIL on two
publicly available pathological datasets: TCGA-CRC [24] and Camelyonl7 [15].
These datasets encompass a diverse range of tissue types, varying numbers of
categories, and various granular attributes. Our model is implemented in Py-
Torch and trained on an NVIDIA 4090 GPU. For the TCGA-CRC dataset,
we employ an 8:1:1 split for the training, validation, and test sets, while the
Camelyonl7 dataset follows the official split protocols. In our architecture, the
patch size is set to 256 x256, and the thumbnails are downsampled to 512x512.
We utilize the official pre-trained weights from Conch [16] for the encoder. The
model is optimized using Cross-Entropy loss and Stochastic Gradient Descent
(SGD), with an initial learning rate of 0.001 and a weight decay factor of 0.01.
To evaluate the performance of DGFMIL, we adopt Accuracy (Acc), Area Un-
der the Curve (AUC), Specificity (Spe), Recall, and Fl-score (F1) as evaluation
metrics. A five-fold cross-validation strategy is implemented, and all reported
results consist of the mean and standard deviation across five independent runs.

3.2 Comparison Experiments

To demonstrate the superiority of our proposed method, we compare DGFMIL
against several methods for similar tasks, including ABMIL [12], CoD-MIL [21],
TransMIL [20], SGMF [22], CLAM [17], FMDNN |[6], Conch [16]. As shown in
Table 1 and Fig. 2, our model consistently outperforms existing baseline mod-
els on both the TCGA-CRC and Camelyonl7 datasets. DGFMIL achieves sig-
nificant advantages, particularly in cases with high morphological ambiguity.
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Fig. 2. (a) Visualization of a random sample;(b) Confusion matrices for some methods,
the first row in blue shows results on TCGA-CRC dataset, the second row in orange
shows results on Camelyonl7 dataset.

Table 1. Comparison with several methods for similar tasks on cancer staging tasks
(5-fold cross validation). The best results for each dataset are highlighted in bold.

Methods | Acc AUC Spe Recall | F1
TCGA-CRC Dataset
ABMIL 0.52840.032 | 0.65840.038 | 0.51540.045 | 0.54240.048 | 0.5254+0.035
CoD-MIL | 0.55240.028 | 0.682+0.035 | 0.538+0.040 | 0.56540.045 | 0.548+0.030
TransMIL | 0.5754+0.025 | 0.705£0.032 | 0.56240.038 | 0.588+0.042 | 0.572+0.028
SGMF 0.5984+0.022 | 0.728+0.029 | 0.585+0.035 | 0.612+0.038 | 0.59540.025
CLAM 0.61540.020 | 0.74540.027 | 0.60240.032 | 0.6284+0.035 | 0.61240.022
FMDNN | 0.588+0.024 | 0.718+0.030 | 0.57540.038 | 0.6024+0.040 | 0.585+0.027
Conch 0.64240.018 | 0.768+0.024 | 0.628+0.028 | 0.655+0.032 | 0.638+0.020
DGFMIL|0.695+0.012|0.815+0.018|0.6824+0.020|0.708+0.022|0.692+0.013
Camelyon17 Dataset
ABMIL 0.51240.035 | 0.64240.042 | 0.49840.052 | 0.52540.055 | 0.50840.038
CoD-MIL | 0.53540.032 | 0.665+0.038 | 0.522+0.048 | 0.548+0.052 | 0.53240.035
TransMIL | 0.558+0.028 | 0.688+0.035 | 0.54540.045 | 0.5724+0.048 | 0.555+0.030
SGMF 0.58240.025 | 0.71240.032 | 0.5684+0.040 | 0.5954+0.045 | 0.5784+0.028
CLAM 0.59840.022 | 0.72840.029 | 0.58540.038 | 0.61240.042 | 0.5954+0.025
FMDNN | 0.5724+0.026 | 0.702+0.032 | 0.558+0.042 | 0.58540.045 | 0.568+0.028
Conch 0.62540.020 | 0.75240.027 | 0.612+0.035 | 0.638+0.038 | 0.62240.022
DGFMIL|0.672+0.015|0.788+0.022|0.658+0.025|0.685+0.028|0.668+0.016
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This improvement stems from effectively modeling the inherent uncertainty of
pathological boundaries—a characteristic that traditional clear-cut multi-class
learning methods fail to capture. Regarding dataset differences, Camelyonl7 is
2-3% lower than TCGA-CRC because lymph node metastasis staging is more
challenging than overall staging tasks.

3.3 Ablation Study

We conduct comprehensive ablation studies to evaluate the contribution of each
core component in our framework: the Membership Prior Attention Mechanism
(MPAM), the Granularity Alignment Module (GAM), the Fuzzy-Guided Cross-
Attention Module (FGCA), the routing soft alignment mechanism and the In-
terval Type-2 Fuzzy Sets (IT2FS).

We conduct comprehensive ablation studies to evaluate the contribution of
each core component in our framework. As shown in Table 2, removing MPAM,
GAM, FGCA, Text, and fuzzy module results in Acc drops of 11.3%, 10.0%,
10.7%, 8.7%, and 7.3%, respectively, demonstrating that all components con-
tribute synergistically to the final performance. Notably, MPAM and GAM ex-
hibit the most significant impacts, confirming that uncertainty-aware attention
modulation and cross-scale alignment are indispensable for accurate cancer stag-
ing. Replacing IT2FS with traditional Type-1 fuzzy functions yields suboptimal
results, validating the necessity of interval type-2 fuzzy logic for handling high-
order uncertainties in histopathological image analysis.

Table 2. Ablation study results of DGFMIL on TCGA-CRC dataset (5-fold cross
validation). The best results are highlighted in bold.

Methods Acc AUC Sp Recall F1

w/o MPAM 0.582+0.028 | 0.7124+0.031 | 0.568+0.035 | 0.595+0.042 | 0.578+0.029
w/o GAM 0.595+0.024 | 0.72540.029 | 0.582+0.032 | 0.608+0.038 | 0.591£0.025
w/o FGCA 0.588+0.026 | 0.71840.030 | 0.575+0.034 | 0.602+0.040 | 0.585+0.027
w/o Text 0.608+0.022 | 0.738+0.027 | 0.595+0.030 | 0.62240.035 | 0.605+0.023
w/o fuzzy 0.622£0.020 | 0.75240.025 | 0.608+0.028 | 0.635+0.032 | 0.618+0.021
Gaussian 0.642+0.018 | 0.768+0.024 | 0.628+0.026 | 0.6554+0.030 | 0.638+0.019
Sigmoid 0.638+0.019 | 0.765£0.025 | 0.625+0.027 | 0.652+0.031 | 0.6354+0.020
Trapezoidal 0.648+0.017 | 0.77510.023 | 0.635+0.025 | 0.662+0.029 | 0.645+0.018
G+5+4+T 0.668+0.015 | 0.79240.021 | 0.655+0.023 | 0.68240.026 | 0.665+0.016
IT2FS(DGFMIL)|(0.695+0.012(0.815+0.018(0.682+0.020|0.708+0.022|0.692+0.013

4 Conclusion

In this paper, we present DGFMil, a dual-granularity fuzzy MIL framework de-
signed to handle the inherent ambiguity and multi-scale nature of WSIs-based
disease staging. By integrating Interval Type-2 Fuzzy Sets and bidirectional
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cross-granularity alignment, our model effectively captures uncertain bound-
ary features while maintaining a global-to-local morphological context. Exten-
sive evaluations on TCGA-CRC and Camelyonl7 datasets demonstrate that
DGFMIL significantly outperforms the compared methods in both classification
accuracy and uncertainty quantification. Our ablation studies further confirm
the necessity of each component in bridging the gap between low-level visual
patterns and high-level pathological concepts. Future research will explore more
robust uncertainty calibration techniques and extend this framework to diverse
clinical tasks such as prognosis prediction.
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