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Abstract

With the advancement of computer vision, numerous models
have been proposed for screening of fundus diseases. How-
ever, the recognition of multiple fundus diseases is often
hampered by the simultaneous presence of multiple disease
types and the confluence of lesion types in fundus images.
This paper addresses these challenges by conceptualizing
them as multi-level feature fusion and self-supervised dis-
ease-indicative feature learning problems. We decode fundus
images at various levels of granularity to delineate scenarios
wherein multiple diseases and lesions co-occur. To effec-
tively integrate these features, we introduce a hierarchical vi-
sion transformer (HVT) that adeptly captures both inter-level
and intra-level dependencies. A novel forward-attention
module is proposed to enhance the integration of lower-level
semantic information into higher semantic layers, thereby en-
riching the representation of complex features. Additionally,
we introduce a novel self-supervised mask-consistent feature
learner (MCFL). Unlike traditional mask-autoencoders that
reconstruct original images using encoder-decoder structures,
MCFL utilizes a teacher-student framework to reconstruct
mask-consistent feature maps. In this setup, exponential
moving averaging is employed to derive classification-
guided features, serving as labels for reconstruction rather
than merely reconstructing the original images. This innova-
tive approach facilitates the extraction of disease-indicative
features. Extensive experiments demonstrate that our method
significantly outperforms existing state-of-the-art models.

Introduction

A recent report by the World Health Organization (WHO)
indicates that approximately 216.6 million people world-
wide suffer from moderate to severe vision impairment,
with 36 million individuals being blind. Studies suggest that
at least 45% of these cases could be prevented through early
identification and treatment(Flaxman et al., 2017; Yen &
Leong, 2008). Fundus diseases (FD), including diabetic ret-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

5325

DR-4

DR-1

5}
=]
=S
o
Th
=)
=
G+C
|:| :Hemorrhage
-— I:l :Exudate
Pl
=
- :AMD lesion
s []:Glaucomatous papilla
(O :Reduced transparency

Figure 1: The lesion complexity across various ocular
conditions. DR-4: DR in stage 4; DR-1: DR in stage 1;
DR+AMD: a fundus image with both DR and AMD;
G+C: a fundus image with both G and C.

inopathy (DR), glaucoma (G), cataracts (C), myopia reti-
nopathy (MR), and age-related macular degeneration
(AMD), are leading causes of blindness globally(N. Li et
al.,! 2021). Barly detection and timely treatment of these
diseases are critical in preventing irreversible vision loss.
However, the effective implementation of such screening
programs is often hindered by a shortage of qualified medi-
cal professionals capable of managing the growing number
of at-risk patients(J. Lin et al., 2021; J. Wang et al., 2020).
In response to these challenges, this paper proposes an auto-
mated system for the detection of multiple FDs, aiming to
enhance the efficiency and reach of diagnostic services.

In the task of multi-FD recognition, models face signifi-
cant challenges in feature extraction(F. Chen et al., 2023),
as illustrated in Figure 1. Key issues include: (1) Diverse
Lesion Types: FDs manifest distinct lesion types (G. Ali et
al., 2023); for instance as shown in figure 1, AMD presents
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specific alterations in the macula, while DR-1 is character-
ized by small exudative lesions. Moreover, there is an over-
lap of lesion types across different diseases, such as in DR-
4 and AMD, where both display hemorrhagic lesions in the
fundus. This overlap complicates the model's ability to dif-
ferentiate between diseases(Das et al., 2023; Sun et al.,
2022). (2) Complex Cases with Multiple Lesions: In scenar-
ios involving fundus images with multiple concurrent le-
sions (e.g. in figure. 1, DR+AMD and G+C), the images de-
pict lesions specific to each disease. This requires the model
to not only distinguish between different lesions but also to
accurately identify and decode multiple disease-specific le-
sions within a single image. (3) Variation Across Disease
Stages: Fundus images from different stages of the same dis-
ease can exhibit substantial feature variability(Luo et al.,
2021, 2023). For an example in figure 1, DR-4 images dis-
play complex exudative and hemorrhagic lesions, whereas
DR-1 images may only show a minor exudative spot. This
variability poses a significant challenge as the model might
misclassify different stages of the same disease as distinct
disecases. To address these challenges, we propose a HVT
and a self-supervised MCFL.

Hierarchical Vision Transformer (HVT): The HVT
model functions as a novel hierarchical representation
method, effectively capturing and decoding complex lesion
conditions. Within the HVT framework, the complex lesion
condition in a fundus image is initially decoded by extract-
ing multi-grained details at various depths within the CNN
architecture. To integrate inter-level and intra-level features,
we employ a novel forward-attention module alongside tra-
ditional self-attention. Traditional self-attention captures
short-range patterns within a specific scale level, while our
forward-attention module models relationships between in-
ter-level features by computing attention scores between
lower-level query vectors and higher-level key vectors. This
mechanism ensures that essential details captured by lower
layers are enhanced by the contextual understanding pro-
vided by higher layers.

Self-Supervised Mask-Consistent Feature Learner
(MCFL): In response to challenge (3) - Variation Across
Disease Stages, where models may misclassify different
stages of the same disease as distinct diseases due to lesion
variations, the MCFL is introduced. This model is designed
to consistently extract disease-indicative features even from
partially masked fundus images, akin to manually scaled-
down or number-reduced lesions. The MCFL comprises two
sub-networks: a Global Feature Learner (GFL) to output dis-
ease-indicative features, and a Local Feature Learner (LFL)
to reconstruct these features from masked images. This dual
approach significantly enhances robustness in diseases clas-
sification by maintaining consistent feature representations
even from randomly masked images. The contribution of
this paper is:
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(1) We design a novel hierarchical transformer that effec-
tively captures both inter-level and intra-level depend-
encies, enabling enhancement and interaction of seman-
tic feature representations across various granularities,
thereby achieving improved classification of fundus
diseases.

We pioneer the MCFL, a self-supervised feature learn-
ing approach using a teacher-student framework to re-
construct mask-consistent feature maps. Leveraging
EMA, it surpasses standard techniques by focusing on
mask-irrelevant features for enhancing disease-specific
feature extraction.

We introduce a novel hybrid architecture that blends the
strengths of transformers and CNNs, significantly en-
hancing the recognition accuracy of multiple fundus
diseases by adeptly integrating both local and global in-
formation for a more comprehensive analysis.

2

3

Related Works

Hierarchical feature extraction form CNN

Multi-level feature maps, extracted from varying depths
within CNN architectures, capture distinct structural com-
ponents of images, reflecting a progression from basic to
complex representations(Ghahremani et al., 2024; S. Guo,
2021; Z. Wu et al., 2024). This hierarchical extraction pro-
cess is particularly advantageous in biomedical image seg-
mentation, where precise delineation of diverse image re-
gions is required(Y. Li et al., 2023; X. Zhang et al., 2022; Z.
Zhang et al., 2022). For instance, Guo (S. Guo et al., 2019)
successfully implemented a multi-level feature-based
framework for the segmentation of multiple lesions in fun-
dus images, demonstrating the practical benefits of this ap-
proach. Similarly, another work (X. Wang et al., 2022) ap-
plied these principles, using features drawn from a pre-
trained backbone to effectively segment and grade diabetic
retinopathy lesions.

Feature representation learning

Feature representation learning is pivotal in enhancing the
accuracy and robustness of deep learning models(L. Wu et
al., 2023), particularly in medical signal analysis(Y. Lin et
al., 2023; Zhu et al., 2022). Recently, feature representation
learning has delved into self-supervised and semi-super-
vised learning.

Self-Supervised Learning: Self-supervised feature learn-
ing has emerged as a formidable technique in deep learning,
showing substantial promise in ophthalmic disease detection
due to its capability to utilize unlabeled data(Shi et al., 2024;
Zhou et al., 2023). This approach enables models to acquire
rich, generalizable features critical for diagnostic
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Figure 2: The proposed framework: (a). workflow: Multi-level features is extracted from the multi-level feature extractor
(MLFE) and the outputs of the HVT and MCFL is integrated for the final predictions. (b)HVT: It models the inter- and the
intra-level information by the proposed forward-attention and the self-attention. (c). The proposed forward-attentions are
hierarchically applied to the multi-level feature maps for gradually infusing the information from lower to higher levels.
(d). A novel self-supervised masked mean teacher structure is utilized for disease-indicative feature maps extraction.

tasks(Huang et al., 2024). Contrastive learning has been pro-
posed for an effective feature learning in biomedical image
processing(Y. Zhang et al., 2024). Wang proposed a two-
level causal contrastive model for fundus classification(W.
Wang et al., 2024). Another recently developed method in
self-supervised learning, the mask-autoencoder(MAE) (He
et al., 2022), captures detailed features by reconstructing in-
put images from partially masked versions, demonstrating
its effectiveness in feature extraction. Yang proposed a ViT-
MAE structured model for DR classification(Yang et al.,
2024).

Semi-Supervised Learning: By leveraging both a small
amount of labeled data and a large amount of unlabeled data,
semi-supervised learning allows models to learn richer and
more effective feature representations. Mean teacher
method, a popular semi-supervised learning approach, has
proven highly effective across various fields(Gu et al., 2023;
E. Guo et al., 2023). This method employs two neural net-
works: a student model trained through standard backprop-
agation and a teacher model representing an exponential
moving average of the student model’s weights. This setup
stabilizes the learning process and minimizes training signal
noise, which is particularly beneficial in handling complex
medical imaging data(Tang et al., 2023; Xu et al., 2022).

Challenges and Innovations: Despite their advantages,
both the MAE and the mean teacher method have notable
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limitations. For the MAE, a primary concern is its typical
use as a pre-trained feature extraction model; trained with-
out disease-specific information, the extracted features may
not directly benefit disease classification tasks in fundus dis-
ease detection. Moreover, the MAE requires training both
an encoder and a decoder, incurring higher computational
costs. On the other hand, the mean teacher method's princi-
pal limitation is its requirement for additional data during
training, presenting logistical challenges. In response to
these limitations, our work introduces the MCFL. It aggre-
gates the advantages of the mean teacher and MAE and is
able to learn masked robust feature representations.

Proposed Methods

Figure 2 illustrates the framework of our method. We design
two novel models: the HVT and the MCFL. The HVT is
employed for fusing the multi-level features and the MCFL
is employed for enhancing the feature representation.

Multi-level feature extraction from MLFE

Classic pretrained networks have been employed as the fea-
ture extraction backbone, such as Res-Net and VGG
net(Luo et al., 2021, 2023), in recent works. Here, we em-
ploy the VGG-19, pretrained on ImageNet, as the backbone
network. For multi-level analysis of fundus images, we re-
tain the first three convolutional blocks of VGG-19 de-
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Figure 3: The fusion process of the HVT.

noted as "Conv 1", "Conv 2", and "Conv 3". This modifica-
tion is intended to preserve more spatial information in the
input image for our model.

Given a fundus image F, with shape of 224 X224 X3,

Then the multi-level feature maps can be obtained by:

Fl' — COnVl(FZ)) c R112><112><64 (1)
sz — COan(E) c R56><56><128 (2)
F; — COI’ZV3(F’2) c R28><28x256 (3)

Hierarchical Vision Transformer(HVT)

In this work, we propose a HVT model to integrate the
multi-level features, specifically F,, F,, F, and F,. The

specific fusion process is shown in the figure 3.

The first step is to tokenize the feature maps. Given the
varying scales of the feature maps, it is necessary to metic-
ulously design the patch sizes for each feature to ensure that
these patches correspond to identical regions across the dif-
ferent levels of feature maps. Therefore, for the feature maps
F, € R™"" , the patch size P is defined as:

2 [E(3)

where p and ¢ denote pre-defined parameters of the

4)

model. Then, the tokens for the multi-level features can be
obtained:

7;:[7;,1;]12;"';7;~L]

+E

pos

)

where L and E,, denotes the number of patches and the po-

sition embedding, respectively. It is worth noting that while

5328

the multi-level features F; vary in scale, the tokens 7, , and
T.

.

consistently hold semantic information from the same

spatial region across different levels.

Forward-attention: In the context of image processing,
self-attention focuses on capturing dependencies and rela-
tionships within different parts of an image at the same fea-
ture level. While it allows the model to refine its internal
representations, attention across different levels can adap-
tively recalibrate which features are more relevant in a given
context. To address the issue of reduced accuracy in disease
recognition tasks resulting from the neglect of lower-level
feature information, we propose the forward-attention. This
approach incrementally integrates information from low-
level features into high-level features. By doing so, forward-
attention ensures that essential details captured by lower lay-
ers are preserved and utilized in conjunction with the
broader contextual understanding provided by higher layers,
leading to improved diagnostic performance.

Here, the token sequence 7, is projected into a query ma-

i

trix 0,, a key matrix K, and a value matrix V. Then the
forward-attention is computed by:

T, +FC Sofimax[QiKi]I/, i=0
N7
FA, = o K (©)
T + FC|Softmax| ==LV, | i>0
i [ f [ JB ] i

As shown in the equation (6) and the figure 3, the traditional
self-attention is employed on the F,. It is because that F is

the original image and contains the sparest information,
modeling long-term dependencies within F, is essential. To

capture cross-level relationships within different parts of an
image, attention scores are computed by multiplying the
queries from the lower level with the keys from the deeper
level feature maps. The aggregated attention map is then
used to identify high-response regions in the next level fea-
ture maps, thereby infusing lower-level information into the
deeper levels. The final output is obtained by applying a
fully connected layer and adding the original 7, to it. In this

study, we utilize the multi-head version of the proposed for-
ward-attention module. Since multi-head attention follows
the original self-attention mechanism and can be easily de-
rived, its detailed implementation is omitted in this paper.
As shown in figure 2(c), to balance the modeling of inter-
and intra-level feature relationships, self-attention is em-
ployed following forward-attention. This dual application
ensures that the model can refine its internal representations
within each feature level while simultaneously integrating
important information across different levels. By doing so,
the model maintains a comprehensive understanding of both
localized and global features. Finally, the output of the HVT
M, is obtained through N-layer stacked forward-attention

and self-attention modules.



Self-supervised Mask-Consistent Feature Learner

Figure 2(d) shows the structure of the self-supervised MCFL,
which consists of a global feature learner (GFL) and a local
feature learner (LFL). Both the GFL and the LFL share the
same MLFE-projector architecture. The MCFL serves as the
following three important roles:
(1) Learning the feature map for final classification: The
LFL is responsible for learning detailed feature maps
that are ultimately used for the final disease classifica-
tion.
Transferring classification information from LFL to the
GFL: The LFL transfers the classification information
it learns to the GFL using exponential moving average
(EMA) of its weights. This process helps the GFL to
aggregate classification-guided information, enabling it
to output more disease-indicative features.
Learning mask-consistent feature representations: The
LFL, input with random masked images, is optimized
to predict consistent feature representations from the
pseudo label that obtained from GFL. We employ the
mask with the purpose that we can obtain relatively sta-
ble features unsensitive for insignificant variants of the
input information.

By doing so, it learns to maintain robust feature represen-
tations even when parts of the input are masked.

)

3)

Masking: Given a fundus image F,, we first divide it into

regular non-overlapping patches. Then the randomly
masked image F, can be obtained by sampling a subset of

patches and randomly masking the remaining ones, as
shown in Figure 2(d). This masking process simulates vari-
ations in lesion scale, thus creating a task that predicting the
disease-indicative feature representations that are irrelevant
to the scale of lesion.

Self-supervised consistent loss: More formally, we define
the feature representation consistent loss L, as the expected

distance between the prediction of the GFL and the predic-
tion of the LFL:

A 2
L(0) =|GFL(F,.0") — LFL(F,,0) @)
where @ and 6° denotes the network weights of the LFL
and GFL, respectively. It is noting that the weight of the
GFL 6° is not optimized in this process.

Exponential moving average (EMA): To update ¢°, we
define 6’ at training step ¢ as the EMA of successive

weights:
0

t

=ab | +(1—a)b, ®)

where @ is a smoothing coefficient hyperparameter. In this
way, the GFL’s prediction of each example is formed by an
ensemble of the model’s current version and those earlier
versions that evaluated the same example. This ensemble
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Algorithm 1: The training process of our method
Input: Fundus images F,.

Parameters: HVT patches parameters p and ¢, masking
ratio, masking patch scale, training epochs Epo
Output: A trained model.
1: for k=1 to Epo do
2: Extract multi-level feature maps by MLFE
3: Input the feature maps into HVT to obtain the lower-
level enhanced feature map M, .
: Input £, to LFL to obtain the consistent feature repre-
sentation R,
: Compute the final prediction scores from R and M,,

obtaining pred

: Input masked images F, into LFL to obtain mask-con-
sistent feature maps and input F, into EMA updated
GFL to obtain reconstructing labels.

: Compute the consistent loss and the BCEloss

: Update gradient.
: end for

-

work improves the quality of the label. By leveraging the
ensemble of predictions over time, the GFL aggregates clas-
sification-guided information, which enhances the model's
capability to output more accurate and disease-indicative
features. This approach ensures that the LFL learns from a
robust and consistent set of pseudo labels, thereby improv-
ing the overall robustness and effectiveness of the feature
representations.

After the consistent feature representation learning, F is

input to the LFL, obtaining final
R = LFL(F,,0) for disease detection.

representation

Multiple fundus disease classification

Since forward-attention aims to propagate information from
lower levels tothe M, the classification head CL of M, is

employed for disease detection. To fuse the consistent fea-
ture representation R, with the CL, R, is flattened and

passed through a fully connected layer to ensure it has the
same dimension as CL, resulting in R/ .The final classifica-

tion results are obtained by concatenating R/ and CL, tak-

ing the maximum value across the concatenated features,
and passing the result through a multi-layer perceptron
(MLP) followed by a sigmoid activation function:

pred = sigmoid(MLPs(max(concat(R/ ,CI)))) 9)

This process combines the consistent features learned
through the self-supervised method with the hierarchically
fused features obtained from HVT, resulting in accurate and
reliable disease detection.



Since our task is a multi-label classification problem(C.
Liu et al., 2023), the most applicable loss function binary
cross entropy is employed as the loss function:

L, = BCEloss(pred,label) (10)
The final loss is obtained by:
Loss=L,+L, (11)

The training process of our method can be seen in Algorithm
1.

Experiments

Experimental Setups

Datasets: We conduct experiments on multi-disease fundus
dataset (ODIR), which contains 10,000 fundus images from
both eyes of 5,000 patients. The dataset can be obtained
from (N. Li et al., 2021). For multiple disease detection, di-
abetic retinopathy (DR), glaucoma (G), cataracts (C), myo-
pia retinopathy (MR), age-related macular degeneration
(AMD), and normal (N) fundus, totaling six classes, are em-
ployed for classification in this study. The dataset is divided
into a training set, an off-site testing set, and an on-site test-
ing set by the data provider. To expand the training dataset
and mitigate issues related to overfitting and data imbalance,
we employ various augmentation strategies, such as rotation,
horizontal flipping, and vertical flipping.

Model details: The backbone of the CNN is VGG19, pre-
trained on ImageNet. Both self-attention and forward-atten-
tion employ eight heads. The depth of HVT is six. The pro-
jector of the MCFL is inherited from the last two convolu-
tion blocks in VGG19. The scale of the masking non-over-
lapping patches is 16x16 and the masking ratio is set to 50%.

Evaluation metrics: Evaluation metrics for multiple FD
classification include commonly-agreed metrics such as the
F1 score (F1), accuracy (Acc.), and Kappa score (Ka.).

Compared methods: We conduct exhaustive comparison
experiments on the proposed methods. For a fair comparison,
other methods based on techniques directly related with our
methods are compared. Since the proposed method is a hy-
brid ViT-CNN approach, we compare the proposed model
to CNN-only methods (ResNet50(Pan et al., 2023), Effi-
cientNet b7(Tan & Le, 2019), and VGG16(Qassim et al.,
2018)), ViT-only methods (ViT L 16(Dosovitskiy et al.,
2021), Swin_B(Z. Liu et al., 2021), and BEiT(Bao et al.,
2022)), and hybrid ViT-CNN methods (Pvt (W. Wang et al.,
2022) and Cvt_13(H. Wu et al., 2021)). Given that the pro-
posed MCFL draws on the concept of MAE, we also com-
pare it to MAE-related models (Hiera-mae-base and Hiera-
mae-tiny)(He et al., 2022; Ryali et al., 2023). Finally, since
our proposed method includes a cross-attention-based mod-
ule, the forward-attention, we also compare it to other open-
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Off-site testing set On-site testing set

Types Models F1 Acc. Ka. F1 Acc. Ka.
Res-
Nesp 04 840 424 906 844 438
CNN Effeient- o) ¢ 277 566 918 865 519
net b7
VGG19 946 917 703 942 89.6 64.1
Vit 1 16 926 87.6 543 925 874 534
ViT Swin b 949 91.6 703 945 908 67.2
BEIT 934 890 609 926 877 562
CNNAVIT Pvt 950 918 711 946 909 669
Cvt 13 947 913 69.1 944 907 67.0
Hiera- o35 293 612 934 889 601
mae-tiny
ViT+MAE Hiera -
mae- 941 902 652 938 89.6 63.2
base
. xcit 946 911 685 942 903 656
VIT'CA  Cioesvit 944 907 669 940  90.0  64.3
The proposed 959 931 755 948 913 677
method

Table 1: Comparison of other state-of-art open models.

sourced models with various cross-attention (CA) modules
(xcit(A. Ali et al., 2021) and Crossvit (C.-F. (Richard) Chen
etal., 2021)).

Main results

In this section, we first compare the performance of our pro-
posed method with other models. To identify strengths and
weaknesses specific to each disease condition, we also pre-
sent a comparison across different fundus diseases. Addi-
tionally, to determine the contribution and impact of each
component, we provide an ablation study and a hyperparam-
eters analysis.

Comparison with open-sourced state-of-art models: We
evaluate the models on both the off-site and on-site testing
sets, as presented in Table 1. The results indicate that models
combining CNN and ViT architectures outperform those
utilizing either ViT or CNN alone. Our proposed method,
which fuses multi-level features from both CNN and ViT,
achieves superior performance in terms of F1, Acc., and Ka.
compared to other fusion CNN-ViT models. When com-
pared to the MAE-enhanced ViT models, our method shows
notable improvements. These results demonstrate the effec-
tiveness of our MCFL module in extracting robust and dis-
ease-indicative feature representations, surpassing the capa-
bilities of MAE. Furthermore, our method also exceeds the
performance of ViT models that incorporate other cross-at-
tention mechanisms, such as those employing cross-atten-
tion across different scales of input images(C.-F. (Richard)
Chen et al., 2021). This is attributable to our HVT's ability
to effectively integrate and utilize hierarchical visual fea-
tures across CNN layers, enabling more efficient handling
of complex visual tasks compared to methods focusing



Model N AMD G DR C MR Mean  Mean
Model
types Acc FI  Acc Fl Acc FI  Acc Fl Acc Fl  Acc FlI  Acc Fl
ResNet50  60.5 581 949 48.6 940 416 654 502 949 441 945 163 84.0 43.2
CNN Enfff:?%l;t_ 68.7 695 950 519 937 420 777 634 960 625 954 469 878 56.0
VGGI19 772 77.1 979 784 950 479 821 686 993 945 992 927 0918 76.5
vit116 662 570 962 622 921 520 732 580 991 929 991 918 877 69.0
ViT Swin_b 784 770 969 742 96.0 625 831 73.0 988 90.7 993 941 92.1 78.6
BEIT 713 664 945 586 949 587 756 63.1 989 91.7 993 941 89.1 72.1
CNN+ Pvt 774 775 968 636 965 704 816 696 996 968 99.1 909 91.8 78.1
ViT Cvt 13 762 743 979 795 952 514 804 698 99.1 928 993 941 0914 76.9
. Hiera- =513 682 965 675 944 475 754 606 99.1 928 992 928 893 716
ViT+ mae-tiny
MAE - Hiera- ©0yh 712 966 691 956 592 772 650 988 909 993 942 903 749
mae-base
ViT+ xcit 76.1 737 979 795 952 581 795 699 991 923 99.1 914 912 77.5
CA Crossvit 740 739 980 824 957 619 777 599 995 957 992 935 90. 77.9
Theproposed g 7§11 976 780 954 540 856 763 99.6 947 993 916 932 793
method
Table 2: Comparison of the models across the diseases. The best results are highlighted in bold.
Ablation Off-site testing set __ On-site testing set each component to the proposed model, as described in Ta-
Studies FI _Acc. Ka Fl Acc Ka ble 3. It can be seen that employing the MCFL and HVT
MLFE 950 917 700 942 896 641 modules separately or together will both improves the per-
MLFE+MCFL 955 926 738 948 89.8 64.8 . . .
MLFEAHVT 953 922 722 945 906 656 formance of FD detection. The best classification results are
MLFE+MCFL achieved when both modules are included. We analyze the
959 931 755 948 913 677 . . .
+HVT influence of mask ratio and scale in the proposed MCFL.

Table 3: Ablation studies in the proposed method.

94 94
03 93.13 93.13
B 92.21 93
@ 92 91.9 92.03
< 92 91.67
g9 9026 90.82
< 99 91
88 89
4x4 W 8x8 M16x16 " 32x32 20% m40% m50% © 60%
(1) Masking patch scale (2) Masking ratio

Figure 4: Hyperparameter analysis of the MCFL

solely on single-scale or same-layer attention. From the ta-
ble, it is evident that the proposed model achieves a signifi-
cantly higher Ka. score compared to other methods. A
higher Ka. indicates superior agreement between the pre-
dicted classifications and the true labels, beyond what would
be expected by chance. In particular, Table 2 provides the
Acc. and F1 score for each FD. For a comprehensive analy-
sis, the mean values of F1 and Acc. are also provided. It is
evident that the proposed method achieves the highest mean
F1 and Acc. scores among all methods.

Ablation Studies and Hyperparameter Evaluations:
Through the experiment, we scrutinize the contribution of
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Figure 4 shows that a mask scale of 16x16 achieves the
highest accuracy at 93.13%, indicating optimal feature
learning balance. A mask ratio of 50% also yields the best
accuracy, suggesting it effectively balances information re-
tention and masking.

Conclusions

In this paper, we introduce an effective framework for clas-
sification of multiple FD, which fully exploits the rich
knowledge about disease-indicative features and hierar-
chical structure within fundus. We successfully tame the
model with the proposed HVT to integrate the hierarchical
semantic information from higher to lower levels. Both the
inter-level and intra-level semantic representations are en-
hanced at various granularities. Furthermore, we introduce
a self-supervised MCFL module to extract the most disease-
relevant feature maps. By predicting the invariant disease-
indicative feature from random-masked fundus images, the
proposed model is able to maintain the disease-related rep-
resentations despite changes in lesion scale. Extensive ex-
periments demonstrate our method can significantly im-
proves the classification performance of multiple fundus
diseases and achieve most accurate FD recognition among
other state-of-art models. In the future, we will focus on en-
hancing our multi-disease recognizing system's functional-
ity, including the segmentation of various FD lesions, thus
further aiding in diagnosis.
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