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Abstract. Fungal keratitis (FK) is a vision-threatening corneal infec-
tious disease. Among its various types, Fusarium and Aspergillus are
the most common fungal genera, requiring accurate identification for
treatment. In vivo confocal microscopy (IVCM) captures corneal images
sequentially along the depth axis, generating structured slice sequences
with depth-dependent pathological features. However, existing multiple
instance learning (MIL) methods treat slices as independent and iden-
tically distributed (IID) instances, neglecting both the local inter-slice
correlations produced by continuous scanning and the critical diagnostic
indicator of image depth. To address this, we propose a Depth-aware Lo-
cal Context Enhanced Multiple Instance Learning (DLCE-MIL) frame-
work. This framework incorporates physical imaging depth by integrat-
ing learnable depth embeddings directly with discriminative features ex-
tracted by DINOv2. The depth information then conditionally modu-
lates instance representations within the latent space, providing crucial
contextual information. Secondly, motivated by the local dependencies
among clustered slices observed during clinical acquisition, we design a
Local Instance Context Enhancement (LICE) module. This module effec-
tively captures short-range contextual relationships among neighboring
slices in clinician-guided, irregularly acquired IVCM sequences, comple-
menting global MIL aggregation with explicit local context modeling.

Keywords: Fungal keratitis - In vivo confocal microscopy - Multiple
instance learning.
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1 Introduction

Fungal keratitis (FK) is a rapidly progressing and sight-threatening infectious
corneal disease, with a rising incidence in developing countries [2]. In clinical
practice, accurately distinguishing between fungal subtypes, such as Fusarium
and Aspergillus, is crucial for determining antifungal treatment regimens, as dif-
ferent genera exhibit significant variations in drug sensitivity and prognosis [23,
12]. While deep learning research based on slit-lamp photographs has shown
value in the preliminary screening of infectious keratitis (IK) [24, 8, 10], macro-
level imaging struggles to capture definitive micro-pathological evidence.

In Vivo Confocal Microscopy (IVCM), an important adjunctive tool, enables
the observation of fungal hyphae morphology at cellular resolution [1]. However,
fungal genera often exhibit highly similar filamentous branching structures, fre-
quently forming complex intertwined networks, which makes expert interpreta-
tion highly subjective and dependent on clinical experience [1,4]. While some
studies have applied deep learning to fungal keratitis and the classification of
pathogenic genus in IVCM images [18,13,22, 6], most remain limited to pre-
dictions at the image-level, neglecting the spatial and structural information
inherent in IVCM sequences [13]. Recent work on IVCM decision-support us-
ing corneal layer information further highlights the importance of structural
cues [15], but targets Acanthamoeba keratitis rather than the classification of
fungal genus.

The imaging mechanism of IVCM naturally aligns with Multiple Instance
Learning (MIL) for patient-level diagnosis [13]. Nevertheless, FK subclassifica-
tion from IVCM presents a practical structural challenge: clinician-guided and
non-uniform axial acquisition. During clinical acquisition, clinicians dynamically
adjust the focal plane along the corneal z-axis to track lesions [11], producing
image sequences where the input order does not strictly correspond to the ac-
tual physical depth. This non-monotonic sampling introduces a complex struc-
ture, characterized by local tissue continuity between adjacent slices and occa-
sional cross-layer jumps. Many MIL frameworks formulate a bag as an unordered
set and aggregate instance features through permutation-invariant pooling or
attention-based bag aggregation, as in ABMIL and CLAM [9, 17]. Although more
advanced variants such as TransMIL further model inter-instance relations [21],
they still do not explicitly encode the physical acquisition structure or absolute
depth in IVCM sequences.

To address these challenges, we propose DLCE-MIL (Depth-aware Local
Context Enhanced Multiple Instance Learning) for IVCM fungal keratitis classi-
fication. First, we employ DINOv2 [19] as a feature extraction backbone to cap-
ture micro-hyphae textures. Next, we introduce the Local Context Enhancement
module, which leverages 1D convolutions to explicitly model local continuity be-
tween adjacent slices. Finally, we implement a depth-aware fusion mechanism
that incorporates physical imaging depth as a conditional modulation signal,
enabling the model to perceive absolute axial positions and better exploit the
structural information of the sequences.

Our main contributions are as follows:
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1. We propose DLCE-MIL (Depth-aware Local Context Enhanced Multiple
Instance Learning), a novel framework for fungal keratitis classification in
IVCM images that enables accurate patient-level diagnosis.

2. We design a depth-aware fusion mechanism that incorporates physical imag-
ing depth as a conditional modulation signal. Additionally, we introduce a
Local Instance Context Enhancement module based on lightweight 1D con-
volution, which operates on sequential instance features to explicitly capture
short-range inter-slice continuity induced by continuous IVCM scanning and
enhance local contextual modeling in MIL.

3. We construct a large-scale IVCM dataset, and extensive experiments demon-
strate that our method achieves state-of-the-art performance with 79.32%
accuracy and 0.8192 AUC.

2 Method

2.1 Overall Framework

The overall architecture of the proposed DLCE-MIL framework is illustrated
in Fig. 1, showing the complete data flow from raw IVCM instance sequences to
patient-level classification. We propose the DLCE-MIL framework for patient-
level fungal keratitis subtype classification. Traditional Multiple Instance Learn-
ing (MIL) typically operates under the ITD assumption, treating instances within
a bag as a permutation-invariant set [9]. However, in clinical IVCM acquisition,
images are not captured in a strictly monotonic depth order; instead, clinicians
dynamically adjust the focal plane across different corneal layers [11]. As a result,
patient samples form irregularly acquired axial sequences that exhibit local tis-
sue continuity between adjacent slices as well as occasional cross-layer transitions
across distinct depths [4].

This acquisition characteristic presents two challenges: (1) adjacent captured
images usually possess local structural continuity; (2) the acquisition order does
not necessarily equal the physical depth order [11,20,3]. To address this, we
construct instance sequences following the original acquisition order:

By = {(I,ir dp.i) } ity (1)

where I, ; and d,; denote the i-th frame and its corresponding depth. Visual
features X, € RN»*384 are extracted using a frozen DINOv2 encoder [19]. We
first introduce the Local Instance Context Enhancement (LICE) module, which
applies 1D convolutions along the acquisition sequence to establish explicit in-
formation propagation paths between adjacent observations.

Furthermore, to resolve the discrepancy between acquisition order and phys-
ical depth, we introduce a Depth-aware Fusion mechanism. By embedding phys-
ical depth as an independent axial coordinate:

HY =H + o E(d) (2)

the model explicitly incorporates absolute axial position while preserving se-
quence modeling under irregular clinical acquisition.
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Fig. 1. Overview of the DLCE-MIL framework. The raw IVCM sequence is first pro-
cessed by a frozen DINOv2 to extract instance features. The LICE module enhances
local contextual information, followed by a Depth-aware Fusion mechanism to inte-
grate absolute axial coordinates. The final patient-level prediction is generated via a
Transformer-based MIL backbone with PPEG.

2.2 Local Instance Context Enhancement (LICE)

In IVCM-based patient-level MIL, positive instances often originate from adja-
cent corneal regions or similar depths, leading to local correlations in the se-
quence. While Transformer-based backbones model global dependencies, they
lack explicit local inductive biases. We propose LICE to facilitate lightweight
local information propagation before global aggregation.

Let X € RBXNXC he the instance features. To reduce feature scale vari-
ance across patients and stabilize cross-validation, we first apply instance-wise
{5 normalization:

Xb,n,:

_ om0 3
Komlla T € ®)

where € is a small constant for numerical stability. This step prevents high-
amplitude features from dominating the local aggregation. We then apply a 1D
convolution along the instance dimension:

Xb,n,:

U = ConvlD(XT; k = 3) € REXOxN (4)

where (-) T denotes the transpose between REXN*C and REXCXN With a kernel
size k = 3, each instance aggregates context from its immediate neighbors. The
output is processed via a GELU activation o(+), Dropout, and Group Normal-
ization (GN):

V = GN(Dropout ; (¢(U))) (5)

LICE utilizes a residual connection to inject the local response into the original
features:
LICE(X)=X+VT (6)

This design preserves the original visual representation while enhancing local
context. The complexity is O(BNCk), which is significantly lower than the
O(BN?2C) of self-attention.
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2.3 Depth-aware Fusion

Unlike standard 2D images, IVCM frames contain explicit axial depth informa-
tion [11]. Since fungal invasion depth and morphology may vary across corneal
layers, depth provides a complementary structural cue for subtype discrimina-
tion [4]. Given visual features H € RV*3% extracted by the frozen DINOv2
encoder [19], we first project them into the latent dimension Cj, = 512 of the
MIL backbone:

H,,0j = Linear(H) € RV*%, (7)

For each instance, its physical depth d; is mapped to a learnable embedding
e(d;) € R, and the depth-enhanced representation is obtained by gated addi-
tive fusion:

(" = Hyroj + - e(dy), ®)

where « is a learnable scalar initialized to 0. This design preserves the original
feature dimensionality while allowing depth to act as an axial modulation signal
in the visual semantic space. Initializing @ = 0 makes the model start from
a purely visual representation and allows depth information to be gradually
incorporated during optimization.

2.4 Transformer-based MIL Backbone

To perform patient-level diagnosis from IVCM image collections, we formulate
each patient as a bag and each image frame as an instance. Specifically, all pos-
itive IVCM images from the same patient are organized as an instance sequence
and jointly processed within a multiple instance learning (MIL) framework,
where the bag label corresponds to the patient-level fungal subtype. Based on
the depth-enhanced instance features H(®)| we employ TransMIL [21] to model
both global inter-instance correlations and bag-level aggregation for patient-level
prediction. Following the original TransMIL terminology, we first perform “squar-
ing” by padding the N instance tokens to N = S? tokens, where S = [v/N]. The
padded tokens can then be reshaped into a pseudo-spatial S x S grid before the
PPEG module. Here, “squaring” only refers to padding the sequence length to
a square number, rather than element-wise squaring of token features. We then
prepend a learnable CLS token:

ZO — [hcls;Pad(H(d))] c RBX(1+N)><Ch (9)

The resulting sequence is processed by stacked Transformer blocks to capture
long-range dependencies among instances, and the final CLS token is used for
patient-level classification.

3 Experiments

3.1 Datasets

The dataset utilized in this study consists of in vivo confocal microscopy (IVCM)
images acquired via Heidelberg HRT-IIT devices. The cohort includes 10,643 JPG
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images (384 x 384 resolution) from 127 patients. The distribution comprises 75
patients with Fusarium keratitis (5,693 images) and 52 patients with Aspergillus
keratitis (4,950 images). All labels were confirmed through clinical culture results
and expert review. This retrospective study used anonymized clinical IVCM
images and was conducted in accordance with institutional ethical requirements.

To ensure robust evaluation and prevent data leakage, we adopted patient-
level 5-fold cross-validation. Specifically, the 127 patients were partitioned into
five mutually exclusive folds using a stratified sampling strategy, so as to pre-
serve, as much as possible, the overall class distribution of pathogen categories
(Fusarium and Aspergillus) in each fold. During data splitting, the patient was
treated as the minimum unit, ensuring that all images from the same patient
were strictly assigned to either the training set or the test set within a given fold.
This design prevents data leakage and avoids overestimating model performance.
Finally, the mean performance across the five folds was reported as the overall
evaluation metric.

3.2 Implementation Details

We employ a frozen DINOv2-Small model as the backbone for feature extrac-
tion. Images are resized to 336 x 336 and normalized using ImageNet statistics.
For patient-level modeling, each patient is treated as a single bag containing all
extracted instance features. Acquisition depth values are aligned with their cor-
responding frames; missing values (none encountered in this study) are handled
with a —1 placeholder.

The MIL framework is optimized using the Lookahead-RAdam optimizer
with a learning rate of 2 x 10™* and weight decay of 1 x 10~3 for 100 epochs.
Training is conducted with a batch size of 1 and gradient accumulation of 2 on an
NVIDIA RTX 3090 GPU. We evaluate model performance using AUC, Accuracy
(Acc), and Fl-score (F1). The model was trained using the cross-entropy loss
for binary fungal subtype classification. For each fold, the checkpoint with the
best validation accuracy was selected.

3.3 Comparative Experiments

To comprehensively evaluate the performance of the proposed depth-aware MIL
model, we designed comparative experiments across three dimensions:

Backbone Comparison We selected three representative deep vision mod-
els as feature extractors (backbones) and compared them under the same MIL
classification framework to evaluate differences in representation capabilities: (1)
ResNet18: A classic convolutional neural network baseline [7]; (2) ConvNeXt-
v2: A modern pure convolutional architecture [25]; (3) Swin Transformer: A
vision Transformer based on shifted window attention [16]. To ensure fairness,
all backbones were used to extract image features for the same TransMIL [21]
classifier, with consistent training strategies, epochs, and data partitioning.
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MIL Frameworks Comparison We compared our proposed model with main-
stream Multiple Instance Learning (MIL) frameworks. All models utilized DI-
NOv2 [19] as the input to verify the effectiveness of our improved modules:

ABMIL: A classic pooling method based on attention mechanisms [9].
CLAM: An MIL model incorporating clustering constraints and attention
weights [17].

TransMIL: The original Transformer-based MIL framework [21].

— Proposed (Ours): Our model introduces the Local Instance Context En-

hancement (LICE) module and a Depth fusion mechanism on top of Trans-
MIL.

Keratitis-specific SOTA To objectively evaluate the clinical advancement of
this study, we reproduced and compared two representative keratitis classifica-
tion algorithms: Erukulla et al. [5] and Tang et al. [22]. As the original datasets
for these studies are not public, we retrained and tested these architectures on
our own clinical dataset based on the descriptions in their respective papers.
Since these methods were originally designed for instance-level classification,
whereas our task targets patient-level diagnosis, we adopted a simple adapta-
tion strategy: the final patient-level prediction Ppatient is obtained by averaging
the predicted probabilities over all n images from the same patient [14]:

1 n
Ppaticnt = E lel (10)

Results and Discussion The comparative results are summarized in Table 1.
DLCE-MIL achieves the best performance across AUC, Accuracy, and F1-score.

Notably, under the same TransMIL aggregation head, ResNetl8 yields a
higher mean performance with lower cross-fold variance on our clinical IVCM
dataset. This suggests that, in our IVCM setting with limited sample size, noisy
slices, and substantial acquisition heterogeneity, the inductive bias of lightweight
CNNs may be advantageous for learning robust local textures and pathological
morphologies, whereas more complex backbones may be more sensitive to data
scale and regularization. Accordingly, we use the backbone study to analyze rep-
resentation differences, while fixing DINOv2 features as a unified input in the
MIL framework comparison to control confounding factors, ensure a fair evalu-
ation, and attribute performance gains more clearly to our core modules (LICE
and depth fusion).

3.4 Ablation Studies

We conducted ablation experiments under the same patient-level 5-fold cross-
validation protocol, and the results are summarized in Table 2.
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Table 1. Comparative results of different MIL frameworks and keratitis-specific meth-
ods on our clinical IVCM dataset. Performance is reported as average £ standard
deviation across 5-fold cross-validation.

Method

AUC

Accuracy

F1-Score

ConvNeXt-v2
Swin Transformer

0.7236 £ 0.0813
0.7198 £ 0.0750

0.6989 + 0.0520
0.7156 4+ 0.0381

0.5804 £ 0.0535
0.5515 £ 0.0139

ResNet18 0.7669 £0.0942  0.7534 £0.0478  0.5758 = 0.0888
ABMIL 0.6996 £ 0.1194 0.7306 £ 0.0940 0.6339 £ 0.1558
CLAM 0.7762 £ 0.0657 0.7641 £ 0.0692 0.6518 £ 0.0034
TransMIL 0.7856 £ 0.0858 0.7312 £ 0.0879  0.6351 £ 0.1513
Erukulla et al. 0.7253 £ 0.0418 0.6638 £ 0.0830 0.5857 + 0.1401
Tang et al. 0.7091 £0.0663  0.6394 £ 0.0813  0.3011 £ 0.1629

Ours (DLCE-MIL)|0.8192 + 0.0697 0.7932 £+ 0.0809 0.7494 + 0.0968

Table 2. Ablation study of the proposed modules on our clinical IVCM dataset.

Num. Baseline LICE Depth F‘usion‘ AUC Accuracy F1-Score
1 v 0.7856 £ 0.0858 0.7312 £0.0879 0.6351 £+ 0.1513
2 v v 0.7890 £0.0751  0.7762 £0.0840 0.7182 £ 0.1211
3 v v 0.7975 £0.0732  0.7666 £ 0.0512  0.7248 £ 0.0545
4 (Ours) v v v 0.8192 %+ 0.0697 0.7932 £+ 0.0809 0.7494 + 0.0968

Impact of LICE Module. Integrating the LICE module (Num. 2) improved
Accuracy from 0.7312 to 0.7762. Unlike global attention alone, LICE captures
neighborhood-dependent morphological patterns (e.g., hyphal branching) through
1D convolutions. This suggests that local structural priors play an important role
in distinguishing fine-grained fungal features in IVCM sequences.

Impact of Depth-aware Fusion. The individual introduction of physical
depth information (Num. 3) improved AUC (from 0.7856 to 0.7975). As IVCM is
a sequential scanning technique, the depth value of each frame reflects the phys-
ical corneal layer of fungal invasion. Our experiments demonstrate that fusing
this physical spatial prior as a conditional modulation signal with visual features
provides crucial contextual information for differentiating between Fusarium and
Aspergillus.

Synergistic Effect (Final Model). The model achieved its optimal overall
performance when simultaneously integrating both the LICE module and depth
information. Compared with the baseline, the final model improved AUC from
0.7856 to 0.8192, Accuracy from 0.7312 to 0.7932, and F1-score from 0.6351 to
0.7494, demonstrating the complementary effect between local visual context
enhancement and physical depth constraints.
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4 Conclusion

We propose the DLCE-MIL, a depth-aware local context enhanced multiple in-
stance learning framework for patient-level classification of fungal keratitis sub-
types from IVCM images. By introducing the LICE to capture local inter-slice
continuity and a learnable depth fusion mechanism to encode absolute axial posi-
tion, our method effectively addresses the local continuity and depth irregularity
inherent in clinical IVCM acquisition. Extensive experiments demonstrate that
DLCE-MIL outperforms existing MIL approaches and keratitis-specific meth-
ods by a significant margin. In future work, we plan to extend our framework
to multimodal inputs and explore its applicability to other ophthalmic imaging
modalities.
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