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Abstract

Diabetic retinopathy (DR), with its large patient population,
has become a formidable threat to human visual health. In the
clinical diagnosis of DR, multi-view fundus images are con-
sidered to be more suitable for DR diagnosis because of the
wide coverage of the field of view. Therefore, different from
the previous single-view DR grading methods, we design a
dynamic selection-driven multi-view DR grading method to
fit clinical scenarios better. Since lesion information plays a
key role in DR diagnosis, previous methods usually boost the
model performance by enhancing the lesion feature. How-
ever, during the actual diagnosis, ophthalmologists not only
focus on the crucial parts, but also exclude irrelevant features
to ensure the accuracy of judgment. To this end, we introduce
the idea of dynamic selection and design a series of selec-
tion mechanisms from fine granularity to coarse granularity.
In this work, we first introduce an Ophthalmic Image Reader
(OIR) agent to provide the model with pixel-level prompts
of suspected lesion areas. Moreover, we design a Multi-View
Token Selection Module (MVTSM) that prunes redundant
feature tokens and dynamically selects key information. In
the final decision stage, we dynamically fuse multi-view fea-
tures through the novel Multi-View Mixture of Experts Mod-
ule (MVMoEM), to enhance key views and reduce the impact
of conflicting views. Extensive experiments on a large multi-
view fundus image dataset with 34,452 images prove that our
method performs favorably against state-of-the-art models.

Code — https://github.com/xqh180110910537/SMVDR

Introduction
According to the 10th edition of the Diabetes Atlas pub-
lished by the International Diabetes Federation (IDF) (Fed-
eration 2021), 537 million adults worldwide were living
with diabetes in 2021, accounting for roughly one in every
ten adults globally. Diabetic Retinopathy (DR) is the most
common complication of diabetes and is considered to be
one of the leading causes of blindness (Dai et al. 2024). Tak-
ing the international DR Grading standard (Wilkinson et al.
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Figure 1: Our approach simulates the process of clinical
diagnosis by ophthalmologists, with a coherent diagnostic
train of thought from the discovery of suspected areas to the
DR grading.

2003) as an example, the severity of DR is diagnosed based
on a series of DR lesions and can be divided into five levels
(grade 0-4): normal, mild, moderate, severe and Proliferative
Diabetic Retinopathy (PDR).

With the development of computer vision (Fang et al.
2024b, 2023, 2024a), researchers have discovered the great
potential of artificial intelligence algorithms to work in DR
Diagnosis. Although some DR Diagnosis algorithms have
been proposed (Dai et al. 2024; Sun et al. 2021), they are still
below the level of ophthalmologist diagnosis. According to
previous works (Wu et al. 2021), we found that the defects
of existing DR Diagnosis methods lie in the following as-
pects. First of all, most previous works are trained on single-
view databases with a field of view (FOV) of only 45◦- 50◦
(e.g. MESSIDOR (Decenciere et al. 2014), EyePACS (Eye-
PACS 2015)). The observable FOV of the human retina can
reach 230◦, which means that single-view data is at risk of
losing most of the pathological features on the retina. Mean-
while, clinical medical research (Hu et al. 2019) also shows
that 45◦single-view mydriatic fundus photography does not
meet the technical requirements of DR screening, and fun-
dus multi-view imaging has a better performance in DR clin-
ical diagnosis (Srihatrai and Hlowchitsieng 2018).
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Secondly, since lesion information plays an important role
in DR diagnosis, some works (Sun et al. 2021; Dai et al.
2024) are proposed to improve the performance of the model
by lesion-feature enhancement. However, in the actual diag-
nosis, ophthalmologists tend to ignore the useless parts and
focus their attention on the crucial information. The pre-
vailing methods typically enhance lesion features solely to
elevate awareness, but do not eliminate redundant features
that are irrelevant for diagnostic purposes. Consequently,
the model remains susceptible to the distracting influence
of such unnecessary information.

To address the above problems, this work proposes an in-
novative framework to simulate the diagnostic process of
ophthalmologists. We adopt the multi-view fundus image
data which is more suitable for clinical diagnosis, and de-
sign the multi-view DR grading method. Our method can
simultaneously learn multi-field fundus images containing
complete periocular information. Compared with the single-
view DR grading method, the proposed multi-view DR grad-
ing method conforms to the actual clinical scenes and can
improve the grading accuracy of the model.

Moreover, inspired by the clinical experience of ophthal-
mologists, we introduce the core idea of dynamic selection
into the model. As Fig. 1, when making a diagnosis, oph-
thalmologists usually mark suspicious lesion areas first, then
selectively analyze information, and finally synthesize mul-
tiple views for comparative analysis. To simulate the diag-
nostic ways of ophthalmologists, our model first introduced
areas of suspected lesions of fundus images. We used an
Ophthalmic Image Reader (OIR) agent to extract the lesion
area. This OIR agent has two interfaces, one can generate
pixel-level mask prompts of the lesions, and the other can
get the weak prompts of the area of the lesions. The prompts
are used for further dynamic inference and feature selection.
We have observed that when ophthalmologists read fundus
images, they focus on suspicious areas, while irrelevant in-
formation is excluded. Therefore, we designed a Multi-View
Token Selection Module (MVTSM) to analyze each token in
the feature map dynamically. MVTSM is capable of select-
ing valuable tokens and removing useless tokens.

Then, in the comprehensive analysis of multiple views,
considering the lesion correlation among multi-view fundus
images (i.e., the same lesion could be dispersed in different
views), we introduced the Multi-View Interaction Mamba
(MVIMamba) block to implement feature interaction be-
tween multiple views. Finally, the ophthalmologist selects
the diagnosis result of the important view as the final diag-
nosis. For example, when the patient’s DR grade is mild, and
the lesion only appears in one view, the ophthalmologist will
use the diagnosis result of this view as the final judgment.
In this case, the diagnostic results of other views without
lesions would interfere with the judgment of the classifier.
Therefore, a Multi-View Mixture of Experts Module (MV-
MoEM) is designed in our model. By promoting the learning
of multiple experts, the MVMoE module can obtain the opti-
mal combination of experts for estimating each view, which
can realize the dynamic fusion of multi-view features.

Particularly, due to the development of state-space models
(Hafner et al. 2020; Gu et al. 2023), especially the Mamba

model (Gu and Dao 2023; Zhu et al. 2024), our model back-
bone adopts the combination of Mamba and Transformer,
and improves the scanning direction of sequence modeling
of multi-view features. Global and Window-based Mamba
(GAWMamba) block and MVIMamba block are introduced
in the model, which preserves the local dependency within
views and the long-distance spatial relationship between
views (Yuan et al. 2021). The proposed model first selects
the matrix elements according to the input features, then de-
duces and selects the feature tokens dynamically, and finally
selectively fuses the multi-view features. Combined with the
coherent diagnosis idea, this model realizes the feature infer-
ence and selection from fine granularity to coarse granular-
ity, which greatly improves the performance of the model.

Compared with the previous methods, this work has the
following contributions:
• We propose an innovative multi-view DR grading

method to simulate ophthalmologists, which is combined
with coherent diagnosis ideas to achieve feature infer-
ence and selection from fine- to coarse-grained features.
The model can gradually select the key information and
discard the useless interference features to improve the
performance of the model.

• In the early stage of fundus-image reading, we intro-
duced the OIR agent to provide the model with prompts
of the lesion areas. These prompts are beneficial for sub-
sequent feature inference and selection.

• As for feature analysis, we design the MVTSM that can
recognize the redundant feature tokens and prune the re-
dundant feature tokens, to obtain the discriminative fea-
tures.

• To realize the comprehensive diagnosis, the proposed
MVMoEM can dynamically adjust the multi-view fusion
strategy to deepen the impression of crucial views. Then,
the effect of noise disturbance is reduced, and the robust-
ness of the multi-view DR grading model is improved.

Related Work
End-to-End Learning in DR Grading
Rrecently, deep learning algorithms (Liu et al. 2022a, 2024a)
are widely used in DR grading task. Pao et al. (Pao et al.
2020) introduced an innovative bi-channel CNN architec-
ture, which intelligently integrates entropy image grayscale
and green-channel features. To address the shortcomings
of CNNS in long-distance feature learning, Wu et al. (Wu
et al. 2021) proposed a DR grading model based on Trans-
former(Dosovitskiy et al. 2021). Then, Huang et al. (Huang
et al. 2024) combined self-supervised learning with the
Transformer block for pre-training to improve the learning
ability of the model. However, current DR grading meth-
ods predominantly rely on single-view fundus images, typ-
ically offering a limited 45◦-FOV centered on the macula,
neglecting the lesions present in other-filed fundus images.
To address this limitation, we propose an innovative multi-
view DR grading method. This work integrates features from
multiple perspectives, enabling it to capture the most crucial
diagnostic areas, including the posterior polar region and pe-
ripheral fundus, thereby enhancing diagnostic accuracy.
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Figure 2: The framework diagram of our proposed method. This method is mainly divided into three stages. The first stage is to
extract prompts-enhanced features. The second stage is token dynamic inference and selection implemented by MVTSM, and
the third stage is realizing multi-view interaction and dynamic fusion by MVIMamba block and MVMoEM.

Lesion-Fusion Learning in DR Grading
Sun et al. (Sun et al. 2021) proposed an innovative Lesion
Aware Transformer model (LAT) for DR Grade prediction
and lesion discovery. Further, Luo et al. (Luo et al. 2024)
improved the sensitivity of the network to the lesion by com-
bining the lesion snapshot, thus improving the accuracy of
DR Classification. Dai et al. (Dai et al. 2024) proposed a
framework that includes the image quality assessment sub-
network, focal awareness subnetwork, and DR grading sub-
network. The lesion features extracted by the lesion aware-
ness subnetwork are fascinated with those extracted by the
DR grading subnetwork to improve diagnostic accuracy.
Since not all areas in the input image are equally impor-
tant, enhancing lesion information can improve the perfor-
mance of the model. But actually, in addition to enhancing
useful information, pruning redundant information or noise
is equally important for model learning. Therefore, we in-
troduce the idea of dynamic selection and design a series of
feature selection learning schemes for both fine granularity
and coarse granularity.

Methodology
This section describes the main components of our proposed
selection-driven multi-view DR grading method (SMVDR),
beginning with the addition of multi-view prompts produced
by the OIR agent to enhance lesion learning. OIR agent can
be composed of any prompt generation model. Here, we use
HACDR-Net (Xu et al. 2024) as the prompt generator to
generate mask prompts (MPs), and randomly select part of
the region from the mask to form weak prompts (WPs). OIR
agent generates four types of lesion masks including hard
exudates (EX), soft exudates (SE), microaneurysms (MA),
and hemorrhages (HE). To cope with different scenarios, we
utilize WPs and MPs respectively for feature enhancement,
where our model using WPs is named SMVDR-W, and the

model using MPs is named SMVDR-M. Subsequently, the
enhanced features are selectively extracted by the Mamba-
Transformer backbone, and the features are dynamically de-
duced and selected by MVTSM. The final part is multi-view
feature interaction and dynamic fusion through MVIMamba
block and MVMoEM.

Mamba-Transformer Backbone
An overview of our proposed method can be seen in Fig. 2.
The Mamba-Transformer backbone has a hierarchical archi-
tecture consisting of 4 GAWMamba blocks, 3 Transformer
blocks with self-attention mechanisms (Dosovitskiy et al.
2021), and some functional modules. In this section, we first
revisit the mamba preliminaries, and then present the de-
tailed design of the proposed GAWMamba block.

Mamba Preliminaries. Inspired by Vision Mamba (Vim)
(Zhu et al. 2024), the State-Space Models (SSMs) (Gu and
Dao 2023) applied to discrete image features can convert
discrete 2D images into 1D inputs for discrete state-space
model equations. Vim transforms a 1D discrete input xt ∈ R
to yt ∈ R via a learnable hidden state ht ∈ RN̂ with discrete
parameters Ā ∈ RN̂×N̂ , B̄ ∈ R1×N̂ , and C̄ ∈ R1×N̂ as
follows:

ht = Āht−1 + B̄xt, yt = Cht, Ā = e∆A,

B̄ = (∆A)−1(e∆A − I) ·∆B, C̄ = C.
(1)

According to the zero-order hold (ZOH) (Karafyllis and
Krstic 2011), Ā and B̄ are continuous A and B converted
to discrete evolution parameters using a timescale parameter
∆. C̄ represents the projection parameters. In addition, the
models compute output through a global convolution as in
the following:

y = x ∗ K̄, K̄ = (C̄B̄, C̄ĀB̄, . . . , C̄ĀN̂−1B̄), (2)
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where N̂ is the length of the 1D input x, and K̄ is a struc-
tured convolutional kernel.

GAWMamba Block. The structure of GAWMamba is
shown in Fig. 3(a). GAWMamba introduces a novel Global-
Window State-Space Model (GWSSM) with a global-
window selective scanning mechanism, which can achieve
selective extraction of long-distance and local spatial fea-
tures. We first divide the 2D image from each view into 1D
p ∗ p size patches as tokens and add positional embeddings
to image tokens and the new class token. Then, we input
the features from each view Fv into the GWSSM and Feed-
forward Network (FFN) structures, interleaved with Layer
Normalization (LN) and residual operations. The output F̃v

is calculated as follows:

Fv = GWSSM(LN(Fv)) + Fv, (3)

F̃v = FFN(LN(Fv)) + Fv. (4)

In the GWSSM, the global-window selective scanning
mechanism ensures that while selectively extracting global
features through Mamba, it also enhances the ability to cap-
ture local details in different regions of the fundus image.
As shown in Fig. 3(a), vertical selective scan (VSScan) and
horizontal selective scan (HSScan) operations are employed
to extract global features of the image. The window selec-
tive scan (WSScan) operation independently learns the fea-
tures within each k × k window divided in the image, and
then reconstructs the complete image features. These scan-
ning operations are all implemented by performing posi-
tional transformations and reconstructions on the input to-
kens. All transformed tokens are scanned using Eq. (1) to
obtain the new features. The overall GWSSM can be ex-
pressed as:

z = SiLU(Linear(x)), (5)
x̂ = SiLU(Conv1d((Linear(x)), (6)
ŷ = LN(HSScan(x̂) + VSScan(x̂) + WSScan(x̂)), (7)
ỹ = ŷ ⊙ z, (8)

where x represents the input, ỹ represents the output, and
operation ⊙ denotes the Hadamard product. The input x
passes through a fully connected layer, a 1D convolution,
and the SiLU activation. It is then scanned through multiple
branches according to Eq. (1). The final normalized results
are gated by z and added together to produce the output ỹ.

Multi-View Token Dynamic Selection
By observing the clinical diagnosis process, we find that the
ophthalmologist usually only needs to focus on a few key
sites to arrive at a diagnosis. Redundant areas and informa-
tion can reduce the accuracy of multi-view classification. To
dynamically select key regions across multiple views like an
ophthalmologist, inspired by pruning mechanisms (Liu et al.
2024b,c), we propose the MVTSM that employs confidence-
based gated perception to identify areas of interest.

The features synthesized with tokens from N views
{Fvn

}, n ∈ {1, 2, ..., N}, are as the input of the confidence-
aware function Dc in MVTSM. The confidence-aware func-
tion Dc consists of MLPs and a softmax function. This func-

Figure 3: Left: (a) Structure of the GAWMamba block.
Right: (b) The scan way of MVSScan in MVIMamba block.

tion uses the MLP to gradually reduce the token channels to
2, thereby obtaining the confidence ci for each token in Fs.

In the phase of inference, the token selection is de-
termined by applying argmax to the confidence scores.
For training, it employs Gumbel-softmax (Jang, Gu, and
Poole 2017) to enable the differentiation of discrete deci-
sions in Eq. (11). This approach allows for the dynamic
selection of multi-view tokens through gating. Then, em-
ploying gating operations on the selection results S =
[S1, S2, ..., Si, ..., SM ] to obtain the final selected features
F̃s. The overall process can be expressed as:

Fs = Concat([Fv1
, Fv2

, ..., FvN
]), (9)

ci = Dc(Fs) = Softmax(MLP(Fs)), (10)

Si =
exp

(
log(ci)+gi

τ

)
∑M

j=1 exp
(

log(cj)+gj
τ

) ∈ {0, 1}M , (11)

F̃s = MLP(Fs)⊙ S, (12)
where Fs represent the spliced multi-view tokens, N repre-
sents the number of views, M denotes the token count, Si

signifies the i-th token selector mask, ci is the i-th token
selector confidence, and gi is the i-th token Gumbel noise.
Here, τ = 1 is the temperature parameter used to smooth the
output.

To dynamically learn the selection rates of multi-view to-
kens, we introduce a regularization selection loss function
Ls. This function computes the mean square error between
the actual selection rate and the target selection rate t. The
Ls is computed as:

Ls = (
M∑
i=1

Si/M − t)2. (13)

Multi-View Interaction and Fusion
This section specifically describes the MVIMamba block
and MVMoEM for processing multi-view features.

MVIMamba Block. To selectively interact with multi-
view features, we propose MVIMamba, which is based on
SSM and introduces a Multi-view Selection Scan (MVSS-
can) operation, allowing key multi-view features to fully in-
teract.
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As shown in Fig. 3(b), the multi-view tokens F̃s from
MVTSM are aligned by position, and then the tokens at each
position concatenate in the order of the views. Apart from
the scan way, the transformed tokens F ′

m use a structure
similar to GASSM to interact with multi-view features. It
is worth mentioning that MVSScan adopts a bidirectional
selective scanning approach. In other words, the scanning
view order is 1st to N -th and N -th to 1st. MVSScan per-
forms interactive learning on the selected multi-view fea-
tures, enhancing its representation ability. Subsequently, the
multi-view tokens are restored by position.

MVMoEM. In the final decision-making stage, we intro-
duce MVMoEM to enhance key views and mitigate the im-
pact of conflicting ones. As illustrated in Fig. 2, this module
employs a routing mechanism (Riquelme et al. 2021; Zhou
et al. 2022) for shared experts across multiple views.

We assign an independent router to each view feature, and
these view features are routed to a shared pool of experts
based on the router selection. Specifically, MVMoEM as-
signs four independent routers R1-R4, for the four views.
Each router Ri comprises a sparse gating network G(·). Fi-
nally, a weighted sum of the perspectives from all views Fm

is computed in Eq. (14). The routing design of shared ex-
perts not only strengthens the interactive decision-making
capabilities across views, but also assigns different levels of
importance to each view using top-k gating weights. This
reduces the impact of view conflicts on the final decision.

Fm =

N∑
i=1

e∑
j=1

G(F
′

vi
)i ∗ Ej(F

′

vi
) (14)

=

N∑
i=1

e∑
j=1

TopK(
exp(W ∗ F ′

vi + b)j∑e
k=1 exp(W ∗ F ′

vi
+ b))k

) ∗ Ej(F
′

vi
),

where N is the number of views, e represents the number of
experts, and E(F ′

vi
)j denotes the j-th expert (implemented

as a Feed-Forward Network (FFN)). And we use a Top-2
sparse gating mechanism.

To ensure the balance and stability of the multi-view mix-
ture of experts, an entropy regularization loss function is
used. Let P j

i represent the probability value of the p-th ex-
pert in the i-th view. First, the entropy of the expert attention
H(P j

i ) for each view is computed. Compute their average
and sum. Then, the overall average expert attention entropy
H

(
1
N

∑N
i=1

∑e
j=1 P

j
i

)
is calculated, and Lf is applied to

these values in Eq. (15) and (16).

Lf =

∣∣∣∣∣∣ 1N
N∑
i=1

e∑
j=1

H(P j
i )−H

 1

N

N∑
i=1

e∑
j=1

P j
i

∣∣∣∣∣∣ , (15)

P j
i =

exp(W ∗ F ′
vi + b))j∑e

k=1 exp(W ∗ F ′
vi
+ b))k

. (16)

Loss Function. The overall loss Ltotal for our framework
can be defined as:

Ltotal = Lc + αLs + βLf , (17)

Method Acc. Spe. Kappa F1 AUC

Inception ResNet
V2 BSV 70.66 67.13 38.69 65.43 85.55

MobileNet V2 BSV 72.38 68.73 43.61 67.28 86.88
ResNet50 BSV 73.22 73.20 45.29 69.35 86.76
ResNext50
32x4d BSV 73.36 73.04 47.15 70.37 88.22

ConvNeXt-B BSV 75.96 77.81 53.72 73.65 89.77
Swin-B BSV 75.08 75.53 51.32 72.42 88.83
Vim BSV 77.03 81.20 56.31 75.34 90.67
RETFound BSV 71.78 70.96 43.67 67.37 86.10
SMVDR-W (Ours) 83.03 88.52 68.89 82.42 95.16
SMVDR-M (Ours) 84.01 91.30 71.36 83.69 95.58

Table 1: Comparison of the single-view methods and our
proposed models. The best results are highlighted in bold,
and the sub-optimal results are underlined. (Unit: %)

where Lc employs the focal loss (Lin et al. 2017), and α and
β are two hyper-parameters. Ls and Lf have already been
introduced in Eq. (13) and Eq. (16).

Experiments
Experimental Setups
Dataset. We conducted experiments on a public large-
scale multi-view DR dataset (i.e. MFIDDR 1). The dataset
contains 34,452 color fundus images in JPG format, which
were taken by the Zeiss Visucam NM/FA camera. Each eye
sample has images of four fields of view (i.e., V1-V4), V1
focused on the macula, V2 centered on the optic disc, and
V3-V4 tangent to the upper and lower horizontal lines of
the optic disc respectively. All samples are labeled with DR
grades according to international standards. The assigned
training set contained 25,848 images and the test set con-
tained 8,604 images.

Implementation Details. All methods are implemented
by PyTorch, and we conduct all experiments on a single
NVIDIA GTX 3090 GPU with 24GB of memory. The batch
size and training epoch are set to 8 and 100. We use the
Adam optimizer with a learning rate of 0.00001 and dynam-
ically adjust it using a cosine annealing scheduler.

Compared Methods. This experiment uses several open-
source methods, which are roughly divided into deep learn-
ing models and foundation models: Inception Resnet V2
(Szegedy et al. 2016), MobileNet V2 (Sandler et al. 2018),
ResNet50 (He et al. 2016), ResNext50 32x4d (Xie et al.
2017), Swin-B (Liu et al. 2021), ConvNeXt-B (Liu et al.
2022b), Vim (Zhu et al. 2024), MVCINN (Luo et al. 2023),
ETMC (Han et al. 2022), LFMVDR (Luo et al. 2024), and
RETFound (Zhou et al. 2023).

Evaluation Metrics. To verify the model, we used the
common evaluation metrics (Trevethan 2017), such as accu-
racy (Acc.), precision (Prec.), sensitivity (Sens.), specificity
(Spec.), and AUC values (Davis and Goadrich 2006). No-
tably, to avoid problems caused by sample imbalance, we

1https://github.com/mfiddr/MFIDDR
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Method Grade 0 Grade 1 Grade 2 Grade 3 Grade 4
Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1

Inception
ResNet V2 BSV 74.83 97.15 84.54 46.28 12.53 19.72 48.98 39.34 43.64 63.38 60.81 62.07 66.67 15.38 25.00

MobileNet V2 BSV 76.60 96.70 85.49 48.55 14.99 22.91 56.85 45.36 50.46 64.16 75.00 69.16 60.00 15.38 24.49
ResNet50 BSV 79.38 94.68 86.36 48.34 22.82 31.00 51.48 47.54 49.43 62.94 72.30 67.30 70.00 17.95 28.57
ResNext50
32x4d BSV 79.51 95.13 86.62 46.64 27.96 34.97 55.04 38.80 45.51 71.23 70.27 70.75 75.00 23.08 35.29

ConvNeXt-B BSV 82.62 95.13 88.43 57.14 34.00 42.64 55.83 49.73 52.60 64.57 76.35 69.97 81.82 23.08 36.00
Swin-B BSV 81.03 95.43 87.64 54.36 29.31 38.08 54.02 51.37 52.66 68.87 70.27 69.57 92.86 33.33 49.06
Vim BSV 85.34 95.13 89.97 60.89 48.77 54.16 45.68 40.44 42.90 66.20 63.51 64.83 98.90 5.13 9.76
RETFound BSV 77.90 95.65 85.87 49.65 15.66 23.81 44.44 52.46 48.12 64.54 61.49 62.98 73.33 28.21 40.74
SMVDR-W (Ours) 91.09 94.98 92.99 69.11 67.56 68.33 60.65 51.37 55.62 71.52 76.35 73.86 99.91 25.64 40.82
SMVDR-M (Ours) 93.48 93.55 93.52 71.15 72.26 71.70 60.00 60.66 60.33 69.41 79.73 74.21 99.99 17.95 30.43

Table 2: Comparison of precision (Prec.), sensitivity (Sens.), and F1 scores between our method and single-view methods in
DR 0-4 grades. The best results are highlighted in bold, and the sub-optimal results are underlined. (Unit: %)

also introduced kappa and F1 scores (Sasaki 2007) for com-
prehensive evaluation of the model.

Experimental Results
Comparison with Single-View Methods. Most of the
previous methods are based on single-view fundus images,
so to verify the performance of our multi-view DR grading
method, we compare our method with single-view meth-
ods. Our method uses data from V1-V4 views, while the
single view method separately uses four views as train-
ing data. We select the view with the highest accuracy
among the four-view results of each single-view method, as
the comparison results. The experimental results are shown
in Table 1. We add the best single-view result identifier
BSV after the single-view method name to distinguish it.

It can be seen from the experimental results that our pro-
posed SMVDR-W and SMVDR-M obtained an accuracy of
83.03% and 84.01% respectively, which outperform the ac-
curacy of single-view models by 4.69%-13.35%. The sensi-
tivity, kappa, F1 score, and AUC value of our models also
achieved the top two results.

Further, we compare the classification performance of the
competing methods by comparing the precision, sensitivity,
and F1 score of each DR grade. As shown in Table 2, our
method achieves the best precision results in each grade, in-
dicating that our proposed SMVDR-W and SMVDR-M are
very discriminative for each DR grade. In the results of sen-
sitivity and F1 scores, although some results are not the best,
the performance is still not bad. According to the experimen-
tal results, the effect of DR grading using multi-view models
is much better than that using single-view models.

Comparison with Multi-View Methods. To better evalu-
ate our method, we compare some existing multi-view meth-
ods and introduce the foundation model RETFound (Zhou
et al. 2023) as the comparison method. Since RETFound is
based on single-view fundus images data, we design a multi-
channel network with RETFound as the backbone, and con-
cat the extracted multi-view features as the input of the clas-
sifier. This design makes RETFound adapt to multi-view
fundus image data. As shown in Table 3, the most effec-

Method Acc. Spe. Kappa F1 AUC

RETFound 74.06 73.83 48.44 70.91 89.04
MVCINN 80.10 83.32 62.45 78.86 91.07
ETMC 81.54 83.44 64.76 79.74 93.53
LFMVDR 82.15 86.97 66.99 81.26 94.81
SMVDR-W (Ours) 83.03 88.52 68.89 82.42 95.16
SMVDR-M (Ours) 84.01 91.30 71.36 83.69 95.58

Table 3: Comparison of multi-view methods and our pro-
posed models. The best results are highlighted in bold, and
the sub-optimal results are underlined. (Unit: %)

tive method is the SMVDR-M model using mask prompts,
followed by the SMVDR-W model using weak prompts.
Our SMVDR-M model achieves the best performance with
average improvements of 4.55%, 9.41%, 10.70%, 6.04%
and 3.47% in accuracy, specificity, kappa, F1 score, and
AUC value. Moreover, as shown in Table 4, the proposed
SMVDR-M model and SMVDR-W model achieve optimal
or sub-optimal results on most of the metrics tested for each
DR grade. Overall, the proposed method gets better results
in comparison with the other multi-view methods, which
further proves the effectiveness of our method.

Ablation Studies
To ensure the validity of our model design, we conduct ex-
periments to assess the contributions of each component in
the proposed model. Ablation studies are conducted based
on the SMVDR-M model, and the experimental results are
shown in Table 5.

Analysis for Mamba-Transformer Backbone. Our
model uses a Mamba-Transformer backbone to improve the
modeling capability of long-distance spatial dependencies.
According to lines 1,2, and 5 of Table 5, the results of the
backbone network only using Mamba blocks or Transformer
blocks are not as good as those using combined blocks. As
known in the analysis of 5 on lines 3, 4, and 5, combining
global feature learners (e.g., Tϕ and Mα) and local feature
learners (Mβ) can promote learning ability of the model.

19229



Method Grade 0 Grade 1 Grade 2 Grade 3 Grade 4
Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1 Prec. Sens. F1

RETFound 80.11 96.33 87.47 50.20 27.96 35.92 54.41 40.44 46.39 65.79 67.57 66.67 90.00 23.08 36.73
MVCINN 86.71 96.33 91.26 68.25 48.10 56.43 57.44 61.20 59.26 70.00 66.22 68.06 68.42 33.33 44.83
ETMC 86.79 97.53 91.85 73.26 56.38 63.72 66.41 47.54 55.41 64.41 77.03 70.15 0.12 90.15 0.87
LFMVDR 89.69 95.20 92.36 69.53 63.31 66.28 62.05 56.28 59.03 69.48 72.30 70.86 54.55 61.54 57.83
SMVDR-W (Ours) 91.09 94.98 92.99 69.11 67.56 68.33 60.65 51.37 55.62 71.52 76.35 73.86 99.91 25.64 40.82
SMVDR-M (Ours) 93.48 93.55 93.52 71.15 72.26 71.70 60.00 60.66 60.33 69.41 79.73 74.21 99.99 17.95 30.43

Table 4: Comparison of precision (Prec.), sensitivity (Sens.), and F1 scores between our method and multi-view methods in DR
0-4 grades. The best results are highlighted in bold, and the sub-optimal results are underlined. (Unit: %)

(a) (b)

Figure 4: Evaluation of the hyperparameters. Comparative
analysis of (a) the joint accuracy (unit: %) with parameters
α and β in the loss function, and (b) the selection rates t.

Impact of Adding Prompts. Lesion prompts from the
OIR agent are added to improve the effect of feature se-
lection. To prove that prompts work, we remove the weak
prompts and mask prompts from the overall model. As
shown in rows 5 and 6 in Table 5, the accuracy of the model
that removed the lesion prompts decreased by 2.37%, which
indicates that the addition of the prompts plays an important
role in model learning.

Effectiveness of MVTSM. To verify the effect of the dy-
namic selection of feature tokens on the model, we remove
MVTSM from the overall model. As can be seen from rows
5 and 7 in Table 5, MVTSM has a positive effect on improv-
ing model performance.

Effectiveness of MVIMamba. Considering the correla-
tion of features among multiple views, this method uses the
MVIMamba block to carry out multi-view feature interac-
tion before multi-view fusion. As shown in the results of
rows 5 and 8 in Table 5, we verify the validity of MVI-
Mamba for the overall model by removing it.

Effectiveness of MVMoEM. To realize the effective fu-
sion of multiple views and the comprehensive diagnosis of
DR, MVMoEM is used to improve the influence of impor-
tant views and reduce the interference and conflict of redun-
dant views. The results of rows 5 and 9 in Table 5 demon-
strate that the multi-view dynamic fusion realized by MV-
MOEM, has a positive effect on DR grading.

Method Acc. Prec. Spec. kappa F1

Tϕ 83.17 83.16 89.89 69.55 82.77
Mα +Mβ 83.22 83.19 89.05 69.35 82.36
Mα + Tϕ 81.96 82.99 91.29 67.93 81.78
Mβ + Tϕ 83.40 83.52 90.37 70.16 82.98
Mα +Mβ + Tϕ 84.01 84.45 91.30 71.36 83.69
w/o prompts 81.64 82.11 89.92 66.94 81.38
w/o MV TSM 83.68 83.99 90.68 70.65 83.39
w/o MV IMamba 83.87 83.71 90.34 70.84 83.39
w/o MVMoEM 83.06 81.96 88.93 65.99 82.09

Table 5: Results of Ablation Studies. The overall model is
denoted as ’Mα+Mβ+Tϕ’, where ’Mα’, ’Mβ’, and ’Tϕ’
indicate the backbone components: mamba block with the
global scanners, mamba block with the window scanners,
and Transformer block. ’w/o prompts’, ’w/o MV TSM ’,
’w/o MV IMamba’ and ’w/o MVMoEM ’ represent re-
moving prompts, MVTSM, MVIMamba, and MVMoEM
from the overall model, respectively. The best results are
marked in bold. (Unit: %)

Hyperparameter Sensitivity. We conduct hyperparame-
ter evaluation on our SMVDR-M model. The parameters α
and β in the loss function Ltotal are selected from 0.1, 0.2,
0.3, 0.4. The joint results are demonstrated in the heatmap
in Fig. 4(a), where the difference between the best accu-
racy and the worst is 1.68%. As can be seen in Fig. 4(b), we
also evaluate the influence of selection rates t. Our method
achieves the best performance when t = 0.7.

Conclusion
In this paper, combined with the experience of ophthalmol-
ogists, a multi-view DR grading framework with coherent
diagnostic thought is proposed. This method proposes dy-
namic selection mechanisms from fine- to coarse-grained
features. At the pixel level, we take advantage of the input-
dependent selection mechanism of Mamba and the long-
distance feature sensitivity of Transformer, to fully learn the
features of multi-view fundus images with lesion prompts.
At the feature token level, we propose MVTSM to eliminate
the negative effects of redundant feature tokens. At the view
level, we use MVIMamba to explore the multi-view correla-
tion and use MVMoEM to selectively strengthen important
views and weaken conflicting views, to improve the perfor-
mance of the model. Experimental results show the superi-
ority of our approach over state-of-the-art models.
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