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Abstract

As one of the primary causes of visual impairment, Diabetic
Retinopathy (DR) requires accurate and robust grading to fa-
cilitate timely diagnosis and intervention. Different from con-
ventional DR grading methods that utilize single-view im-
ages, recent clinical studies have revealed that multi-view
fundus images can significantly enhance DR grading perfor-
mance by expanding the field of view (FOV). However, there
is a long-tailed distribution problem in fundus image analysis,
i.e., a high prevalence of mild DR grades and a low prevalence
of rare ones (e.g., cases of high severity), which presents a
significant challenge to developing a unified model capable
of detecting rare or unseen DR grades not encountered during
training. In this paper, we propose ProME-DR, a Prompt-
driven zero-shot DR grading framework, which leverages
prompt Matching and Emulating to recognize the unseen DR
categories and views beyond the training set. ProME-DR dis-
entangles the training process into two stages to learn gen-
eralized knowledge for novel DR disease grading. Initially,
ProME-DR leverages two sets of prompt units to capture se-
mantic and inter-view consistency knowledge via a split-and-
mask manner, gathering instance-level DR visual clues. Sub-
sequently, it constructs a concept-aware emulator to generate
context prompt units, linking extensible knowledge learned
from the previously seen DR attributes for zero-shot DR grad-
ing. Extensive experiments conducted on eight datasets and
various scenarios confirm the superiority of ProME-DR.

Code — https://github.com/hwang52/ProMEDR

Introduction
According to the International Diabetes Federation (IDF)
(Sun et al. 2022), 537 million individuals globally were af-
fected by diabetes, and projections indicate a surge in di-
abetes to 783 million by 2045. Diabetic Retinopathy (DR)
(Teo et al. 2021) is supposed to be a leading cause of vi-
sual impairment and blindness. As an adverse complication
of diabetes, early detection of DR severity grades is crucial
to decrease its prevalence. Following (Heng et al. 2013), the
severity levels of DR can be divided into five stages (grade
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0-4) from light to serious: normal, mild, moderate, severe,
and Proliferative Diabetic Retinopathy (PDR). To prevent
and screen for diabetic retinopathy, developing accurate and
robust DR grading models is an invaluable asset in enabling
earlier treatments (Atwany, Sahyoun, and Yaqub 2022; Dai
et al. 2021).

Recently, with the successful development of deep learn-
ing techniques (Suzuki 2017; Kumar et al. 2024), a growing
number of studies have explored DR grading tasks with fun-
dus images (Dai et al. 2024). However, most existing DR
grading methods still fall short of achieving high-precision
diagnosis (Zhang et al. 2022). The main reason is that
most of the previous works are trained on the single-view
databases (e.g., DeepDR (Liu et al. 2022a) and DDR (Li
et al. 2019)) with a field of view (FOV) of only 45◦-50◦.
Actually, the human eye’s FOV is about 200◦-220◦, which
means that single-view fundus images may lead to loss of
most of the lesion information on retinal areas (Hu et al.
2019). As shown in Fig. 1 (a), taking the latest multi-view
DR image dataset MFIDDR (Luo et al. 2023) as an example,
a single-view image only obtains limited pathological infor-
mation, e.g., the hard exudates are only visible in V1 (top-
left) and V2 (top-right) views. Previous works (Luo et al.
2023, 2025; Lin et al. 2025; Luo et al. 2021) have revealed
that multi-view methods have promising accuracy for DR
grading by incorporating complementary information from
multiple DR fundus views.

On the other hand, regardless of single- or multi-view
DR grading, a consistent challenge stems from a long-tailed
distribution problem, characterized by heavily imbalanced
datasets. For example, as shown in Fig. 1 (b), the normal
and PDR cases in MFIDDR (Luo et al. 2023) account for
60.56% and 1.87% of the training set. In practice, collect-
ing the standard annotation for every DR grade from clinical
experts can be highly expensive and may raise privacy con-
cerns (Padhy et al. 2019; Ursin et al. 2021), and the cases of
high severity are typically underrepresented. In such a sce-
nario, a zero-shot DR grading approach is highly desired,
where the model can automatically recognize unseen DR
grades without prior exposure to annotated DR samples dur-
ing training. Hence, we aim to explore the potential of zero-
shot learning in developing a generalized DR detector.
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(a) Multi-view fundus images (b) Proportion of each grade in MFIDDR (c) Seen-to-Unseen comparison results

Figure 1: (a) An example of multi-view fundus images from MFIDDR (Luo et al. 2023). (b) Long-tailed distribution of DR
classes in fundus image datasets (taking MFIDDR as an example). (c) Comparison of our proposed ProME-DR with competing
methods, showing the average Harmonic Mean (HM) accuracy over eight DR datasets (see details in Table 1).

The mainstream zero-shot classification studies (Lai et al.
2024; Martin et al. 2024) pay attention to fine-tuning foun-
dation models (e.g., CLIP (Radford et al. 2021)), under the
guidance of expert knowledge to enhance the accuracy of
downstream tasks. Such compelling representational capa-
bility is conducive to the generalization of the models for un-
seen images. However, conventional fine-tuning approaches
inevitably lead to forgetting the prior knowledge acquired
during large-scale pre-training (Bafghi et al. 2024; Bai et al.
2025), and also incur significant computational costs (Xia
et al. 2024). To alleviate this problem, we explore the use
of prompt tuning (Liu et al. 2023; Xing et al. 2024), which
is a more flexible and lightweight paradigm than fine-tuning.
However, when we directly apply prompt tuning methods for
zero-shot DR grading, such as visual prompt tuning (VPT)
(Jia et al. 2022), we observe these methods indeed offer
modest computational savings but exhibit no clear advan-
tage in the DR performance, and in some cases, they even
underperform compared to the fine-tuned CLIP, as shown in
Fig. 1 (c). This may be attributed that 1) they fail to cap-
ture the unique properties of DR fundus images, resulting
in suboptimal generalization, and 2) the visual clues of the
semantics for DR fundus images are usually more complex
and ambiguous than natural images.

In this paper, we propose ProME-DR, a Prompt-driven
framework for zero-shot DR grading with multi-view fun-
dus images, which learns generalized knowledge from CLIP
via prompt Matching and Emulating to recognize the unseen
DR categories and views. Specifically, ProME-DR decou-
ples the learning process into two stages, including Prompt
Matching Learning (PML in Stage-1) and Prompt Emulat-
ing Learning (PEL in Stage-2), allowing the model to first
comprehensively understand the visual features of DR fun-
dus images from various views, and then focus on simulat-
ing properties of the unseen sample for zero-shot DR grad-
ing. In PML, we devise two sets of distinct prompt units:
semantic and view prompts, which are employed to extract
class-relevant and inter-view consistency knowledge from

the training set in a split-and-mask strategy. In PEL, we
then construct a Concept-Aware Emulator (CAE) under con-
trastive constraint signals to dynamically produce Context
Prompt units (CoPu) based on the learned prompt units.
With the context prompt units, facing agnostic scenarios, we
can leverage the extensive knowledge from CLIP to obtain
generalized representations for substantially enhanced zero-
shot DR grading, as shown in Fig. 1 (c). Our main contribu-
tions are summarized as follows:
• We propose ProME-DR, which, to our best knowledge, is

the first framework established for zero-shot DR grading.
It enables the model to obtain fine-grained visual features
that can effectively generalize to unseen DR samples.

• We introduce two novel components in ProME-DR,
including PML and PEL, to implement a two-stage
prompt-driven approach for zero-shot DR grading with
the multi-view fundus images. PML learns the general-
ized knowledge of DR via a prompt-matching method,
while PEL uses a prompt-emulating method to deal with
scenarios of unseen DR categories and views.

• We further establish a comprehensive benchmark for the
zero-shot DR grading task on eight DR fundus image
datasets. Our ProME-DR is evaluated in multiple DR
evaluation scenarios in this benchmark and consistently
outperforms state-of-the-art counterparts.

Related Work
Diabetic Retinopathy Grading
With the development of deep learning algorithms (He et al.
2016; Han et al. 2022), there are many methods widely used
for the DR grading task, which can be divided into two direc-
tions in terms of architecture: CNN-based and Transformer-
based. (Kalyani et al. 2023) implemented an automatic di-
agnosis of DR using fundus image detection with trans-
fer learning. (Luo et al. 2024) proposed a novel DR grad-
ing framework to jointly learn fundus images from multi-
ple fields of view. (Dai et al. 2023) uses a twin transformer
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Figure 2: Overview of our proposed ProME-DR. Left. In Stage-1: Prompt Matching Learning (PML), we propose semantic
prompts PSP and view prompts PVP, to capture fine-grained visual features from DR categories and views via a split-and-
mask strategy. Middle. In Stage-2: Prompt Emulating Learning (PEL), we introduce a concept-aware emulator to dynamically
generate context prompt units PCoPu. After training, the generated PCoPu can be aware of visual clues related to the DR attributes
in an unknown scenario. Right. The inference pipeline (Eq. (13)) of our proposed ProME-DR.

to capture both global and local features of fundus images
to enhance performance. Recently, based on the multi-view
fundus image dataset (Luo et al. 2023), multi-view learning
(Yu et al. 2025) offers fresh opportunities for DR grading.
(Luo et al. 2023) proposed a multi-view model for DR detec-
tion by fusing local features and long-range global features.
Then, (Lin et al. 2025) introduced a multi-view framework
based on the learnable retinal vessel reinforcement block.
(Luo et al. 2025) further devised a dynamic selection-driven
multi-view DR grading method to suit clinical scenarios bet-
ter. Nevertheless, these methods suffer from the long-tailed
distribution issue, and they tend to overfit to frequent cate-
gories and views in the training set. In addition, facing un-
seen categories and views beyond the training set, they are
almost unrecognizable. In contrast, our ProME-DR takes the
first step toward zero-shot DR grading by enabling general-
ization with unseen DR samples.

Prompt Tuning with Pre-trained Models
Prompt Tuning (Min et al. 2023; Liu et al. 2023), as a popu-
lar and efficient tuning paradigm, originally appeared in nat-
ural language processing for adapting pre-trained language
models to various downstream datasets and tasks (Min et al.
2023; Wu et al. 2024). CLIP (Radford et al. 2021) efficiently
learns the visual concepts from the large-scale image-text
pairs in a contrastive learning way. Considering the effi-
ciency of parameter size and convergence rate, prompt learn-
ing is rapidly expanding to adapt pre-trained models (Khat-
tak et al. 2023; Li et al. 2024). CoPL (Goswami et al. 2024)
or CoCoOp (Zhou et al. 2022a) fine-tuned the CLIP model
by optimizing a continuous set of prompt vectors. ProS
(Fang et al. 2024) introduces prompting-to-simulate to ap-
ply prompt tuning for UCDR, employing a two-step pro-

cess to simulate dynamic prompts that can impact models to
produce generalized features. However, these methods are
static after training, as their learned prompts are fixed and
potentially overfit to the visual features of the frequent seen
DR grades. Differently, our ProME-DR adopts a two-stage
framework of matching first and then emulating to handle
the zero-shot DR grading task.

Methodology
We make the first attempt to apply CLIP with prompt tuning
for the zero-shot DR grading task, and propose a novel two-
stage prompt-driven framework, ProME-DR, as illustrated
in Fig. 2. First, we briefly outline the preliminaries about
CLIP and the prompt tuning paradigm. Then, we provide
a detailed description of ProME-DR, which comprises two
novel components: Prompt Matching Learning (PML) and
Prompt Emulating Learning (PEL). Finally, we summarize
the overall training and inference pipelines of ProME-DR.

Preliminaries
Contrastive Language-Image Pre-Training CLIP (Rad-
ford et al. 2021) initially indicates that, equipped with large-
scale image-text pairs pre-training, a contrastive learning-
based foundation model can achieve comparable or even
surpass performance with a fully supervised method. Con-
cretely, CLIP aligns the texts and images through an im-
age encoder fi(·) and a textual encoder ft(·). CLIP per-
forms the zero-shot classification based on the similarity be-
tween the visual features fi(x) (sample x) and text features.
The text features of captions {ty1 , . . . , ty|C|} from differ-
ent categories (y as label, |C| is the number of categories)
as {ft(tyj

)}|C|j=1, which are produced by adding the class
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names into a text template. For example, tyj is the caption
of class yj as ‘a photo of a [cls]j’ where [cls]j is the class
name of yj (e.g., [cls]j → ‘cat’). Given an image x and
different categories’ captions, CLIP outputs a prediction by:

yclip = argmax
j

(fi(x)⊗ ft(tyj )), (1)

where ⊗ is the cosine similarity operator and j is the label
index. Based on Eq. (1), CLIP can classify images according
to the candidate class names in a zero-shot manner. Owing
to the large-scale contrastive pre-training of images and texts
(You et al. 2022), CLIP exhibits remarkable zero-shot per-
formance on diverse downstream tasks (Fang et al. 2022).
Therefore, we focus on how to effectively leverage the gen-
eralized knowledge embedded in a pre-trained CLIP for the
zero-shot DR grading task.

Prompt Tuning Paradigm Prompt tuning adapts frozen
pre-trained models to different downstream tasks by intro-
ducing tunable parameters to the input space. Specifically,
CoOp (Zhou et al. 2022b) exploits soft-prompting ideas to
train dynamic learnable prompt vectors PMtex

tex = {pltex ∈
Rℓ}Mtex

l=1 and preserve the semantic relationship between
textual concepts and labels, where Mtex and Rℓ mean text
prompts length and dimensions. The text template of CoOp
can be denoted as the ‘PMtex

tex a photo of a [cls]’, and it is
then fed into the CLIP’s text encoder. CoCoOp (Zhou et al.
2022a) improves the performance of CoOp by generating
prompts conditioned on each input image, which is formu-
lated as PMtex

tex = {pltex + Φ(fi(x))}Mtex

l=1 , where Φ refers
to the meta-net and x is the input image. Furthermore, VPT
(Jia et al. 2022) constructs visual prompts for ViT (Doso-
vitskiy et al. 2020) as PMvis

vis = {plvis ∈ Rd}Mvis

l=1 , where
Mvis means the visual prompts length and Rd denotes the
visual prompts dimensions. Concretely, VPT-Shallow (Jia
et al. 2022) inserts the visual prompts into the first ViT’s
transformer layer as:

[x1,Z1,E1] = L1([x0,PMvis
vis ,E0]),

[xn,Zn,En] = Ln([xn−1,Zn−1,En−1]), n = 2, 3, ..., N,

youtput = Head(xN ),
(2)

where xn ∈ Rd is the embedding of the [cls] token at Ln+1

layer’s input space, E0 means the embedding of the input
image patches, and Zn represents the embedding of visual
prompts PMvis

vis calculated by Ln transformer layer.

Stage-1: Prompt Matching Learning (PML)
In Prompt Matching Learning (PML), we first introduce two
sets of distinct prompt units: semantic and view prompts, to
capture class-relevant and inter-view consistency knowledge
during PML, as illustrated in Fig. 2-Left. Concretely, the Se-
mantic Prompts PSP consist of |C| learnable vectors to focus
on the category-specific representations:

PSP = {plSP ∈ Rd}|C|l=1. (3)

Then, for the View Prompts PVP, to consider inherent corre-
lations from multiple views, we disentangle PVP and assign

it as view-general prompts and view-specific prompts:

PVP = {plVP = (pVGP + plVSP)}
|V|
l=1, (4)

where dimensions of view-general prompts pVGP and view-
specific prompts plVSP are Rd, and |V| is the number of views.
Based on Eq. (4), pVGP captures shared information to ex-
tract inter-view invariant knowledge across different views,
while pVSP gathers specific intra-view discriminative knowl-
edge from the corresponding DR view.

To ensure that each prompt focuses on fine-grained vi-
sual clues related to a corresponding category or view, we
only explicitly optimize single pSP and pVP in PML. We con-
struct binary mask matrix MSP = {mlSP ∈ {0, 1}}|C|l=1 and
MVP = {mlVP ∈ {0, 1}}|V|

l=1 to mask irrelevant semantic and
view prompts, where mlSP and mlVP denotes a binary variable.
For example, the input sample with class c and view v, the
mcSP and mvVP are 1 and others are 0. Subsequently, the masked
semantic and view prompts are inserted into the input space
of the CLIP’s image encoder with other tokens:

IPML = [x0,MSP ◦ PSP,MVP ◦ PVP,E0], (5)
where ◦ denotes the element-wise product operator. The em-
bedding of the [cls] token is obtained based on Eq. (2).
Then, IPML is fed into the first ViT’s transformer layer.

The text features serve as anchors to attract neighboring
images, benefiting from CLIP’s robust image-text matching
capabilities. To facilitate more flexible learning, we intro-
duce a new textual template for DR grading with multi-
view fundus images, as Tyj = ‘a photo of a [cls]j on TDR
view’, where [cls]j is the name of DR grade yj (e.g., PDR),
TDR ∈ RK×ℓ denotes a set of learnable text prompts with
prompts length K. Formally, given the fused input IPML and
DR grades’ captions {Tyj

}|C|j=1 generated by the above text
template, the training objective can be formulated as:

Lmain =

|C|∑
j=1

−1yj
log(fi(IPML)⊗ ft(Tyj

)), (6)

where ⊗ is the cosine similarity operator, fi(·) and ft(·) are
the CLIP’s image and text encoders, and j is the label index.

Considering that mask training in PML might lead to
overfitting and forgetting of essential linguistic knowledge
about DR. Inspired by (Khattak et al. 2023), we further nar-
row down the discrepancy between learnable text prompts
Tyj and original CLIP’s text prompts tyj , it can be formu-
lated as the following objective:

Ldis =
ℓ∑

dim=1

∥ft(Tyj
)− ft(tyj

)∥22, ft(Tyj
) ∈ Rℓ, (7)

where tyj
is the caption of class yj as ‘a photo of a [cls]j’.

Based on Eq. (7), Ldis guide the learnable Tyj
to gain com-

plementary knowledge from pre-trained CLIP text features.
Overall, the training objective of PML as Lstage1:

Lstage1 = Lmain + λ1 · Ldis, (8)
where λ1 represents the loss balancing factor. In the Stage-1
PML, we perform image-text alignment training via Eq. (8)
based on the masked semantic and view prompts, gathering
fine-grained visual features from DR samples.
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Stage-2: Prompt Emulating Learning (PEL)
In Prompt Emulating Learning (PEL), we aim to refine a set
of Context Prompt units (CoPu, PCoPu = [GS ∈ Rd,GV ∈
Rd]) for DR grading and ensure that GS and GV can general-
ize to the categories and view attributes of unseen DR sam-
ples. The key insight is to endow PCoPu with the ability to
capture extensive knowledge from CLIP about unknown DR
samples, by linking the PSP and PVP that are trained in Stage-
1 PML. Specifically, we design a Concept-Aware Emulator
(CAE) to dynamically generate PCoPu based on a fused input
IPEL. Given the input sample x, the fused input IPEL can be
formulated as:

IPEL = [x0, P̃S, P̃V,PSP,PVP,E0], (9)

where P̃S ∈ Rd and P̃V ∈ Rd are used to simulate semantic
and view properties of the environment, as CAE’s inputs.
Let hθ denotes the CAE parameterized by θ, we use same
objective in Eq. (6) to optimize P̃S, P̃V, and θ:

Lmain =

|C|∑
j=1

−1yj log(fi(Icontext)⊗ ft(Tyj ))

s.t. Icontext = [x0, hθ(IPEL),E0],

(10)

where PCoPu = [GS,GV] = hθ(IPEL), and Tyj remains frozen
and is trained in Stage-1 only. To allow generated GS and GV

to concentrate on more relevant visual information, inspired
by contrastive learning (Chen et al. 2020; He et al. 2020;
Grill et al. 2020), we regard pcSP and pvVP with the correspond-
ing class c and view v as the positive pair, and other prompt
units as the negative pairs. We design an objective term Lcl

to maximize the representation similarity between the query
and positive pairs, and minimize the similarity between neg-
ative pairs. It is natural to derive the following optimization
objective term:

Lcl = −1

2
( log

exp(s(GS, p
c
SP)/τ)∑

p
j
SP∈NSP

exp(s(GS, p
j
SP)/τ)

+ log
exp(s(GV, p

v
VP)/τ)∑

p
j
VP∈NVP

exp(s(GV, p
j
VP)/τ)

)

s.t. s(a,b) =
a · b

∥a∥2 × ∥b∥2
,

(11)

where NSP = {PSP\pcSP}, NVP = {PVP\pvVP}, and τ controls
the concentration strength of the representations (Chen et al.
2020). Therefore, we expect to enlarge the similarity with at-
tribute coincident prompt units than others, encouraging as-
sociations with previously seen DR visual clues. The whole
training objective of PEL can then be defined as Lstage2:

Lstage2 = Lmain + λ2 · Lcl, (12)

where λ2 denotes the loss balancing factor for Lcl. Notably,
in Stage-2, only the P̃S, P̃V, and θ are trained, while other
prompts remain frozen, as shown in Fig. 2-Middle. After
the PEL training, based on context prompt units PCoPu, the
refined GS and GV can be aware of fine-grained visual fea-
tures related to the DR attributes in an unknown scenario,
thereby achieving zero-shot DR grading.

Pipelines of ProME-DR
In summary, we perform a two-stage training pipeline in our
ProME-DR: Prompt Matching Learning (PML) and Prompt
Emulating Learning (PEL). In Stage-1, we optimize the PSP

and PVP in PML to capture class-relevant and inter-view con-
sistency knowledge about DR fundus images, while tuning
text prompts TDR designed for DR grading. In Stage-2, we
train the CAE hθ to dynamically generate PCoPu = [GS,GV]

based on CAE’s input P̃S and P̃V in PEL. The generated GS

and GV can effectively impact CLIP to discover relevant vi-
sual clues, thereby generalizing to unseen DR samples. We
impose Lstage1 in Eq. (8) and Lstage2 in Eq. (12) to super-
vise the training in PML and PEL. As shown in Fig. 2-Right,
the inference of ProME-DR is as follows:

GS,GV = hθ([x0, P̃S, P̃V,PSP,PVP,E0]),

Icontext = [x0,GS,GV,E0],

ypred = argmax
j

(fi(Icontext)⊗ ft(Tyj )),
(13)

where j ∈ {1, . . . , |C|} and ⊗ is a cosine similarity operator.
The full algorithm is provided in Appendix A.

Experiments
Experimental Setup
Datasets. We evaluate the effectiveness of our ProME-DR
on 8 standard DR datasets, including multi-view MFIDDR
(Luo et al. 2023) and the single-view GDR-Bench (Che
et al. 2023) datasets: APTOS (Karthik, Maggie, and Dane
2019), DeepDR (Liu et al. 2022b), IDRiD (Porwal et al.
2018), MESSIDOR (Abràmoff et al. 2013), RLDR (Wei
et al. 2021), DDR (Li et al. 2019), and EyePACS (Gulshan
et al. 2016). The MFIDDR comprises 8, 613 samples, and
each associated with 4 fundus images (V1 ∼ V4): V1 focuses
on the macula, V2 centers on the optic disc, V3 and V4 are
tangent to upper and lower horizontal lines of the optic disc.

Scenarios. We validate ProME-DR in three scenarios: 1)
Seen-to-Unseen: following (Zhou et al. 2022a), we ran-
domly sample for each dataset a few-shot training set while
using the original test set for testing. We evaluate the highest
shot number studied in (Zhou et al. 2022b) (i.e., 16 shots).
Considering that the class 0 (normal) is the most common
grade in DR, we set class 0 as the seen class, and other
classes (DR grade 1 ∼ 4) as the unseen classes. Similarly,
for the multi-view dataset MFIDDR (Luo et al. 2023), we set
view V1 as the seen view, and other views (view V2 ∼ V4)
as the unseen views. 2) Cross-Dataset Generalization: we set
the MFIDDR dataset (Luo et al. 2023) as the source dataset
and other 7 DR datasets as target datasets for direct recogni-
tion. 3) Supervised Evaluation: we compare with state-of-
the-art DR grading methods on the MFIDDR (Luo et al.
2023) dataset with supervised learning, including the single-
view and multi-view DR grading methods.

Compared Methods. We compare ProME-DR with four
types of baselines: 1) zero-shot prompt-based: CoOp (Zhou
et al. 2022b), CoCoOp (Zhou et al. 2022a), VPT (Jia et al.
2022), PromptSRC (Khattak et al. 2023), GalLoP (Lafon
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Compared Methods Protocols MFIDDR APTOS DeepDR IDRiD MESSIDOR RLDR DDR EyePACS Average

CoOp [IJCV22]
Seen 88.50 92.30 72.44 74.12 64.92 73.62 87.39 82.78 79.51

Unseen 37.14 48.93 30.63 34.38 23.94 36.27 35.18 27.92 34.29
HM 65.82 68.81 52.71 45.75 43.56 57.86 58.64 46.08 54.90

CoCoOp [CVPR22]
Seen 87.83 91.87 71.80 72.77 61.03 73.57 89.63 79.50 78.50

Unseen 37.90 47.30 31.05 34.78 25.07 37.20 41.46 28.27 35.38
HM 65.21 67.74 52.39 39.62 41.19 58.04 62.25 45.85 54.04

VPT [ECCV22]
Seen 90.68 93.12 75.70 58.82 66.30 69.94 88.56 76.73 77.48

Unseen 35.59 44.59 31.72 26.19 26.29 28.47 37.94 23.92 31.83
HM 60.31 65.73 50.75 35.63 40.61 48.32 58.02 46.40 50.72

PromptSRC [ICCV23]
Seen 91.21 93.20 75.60 74.27 67.23 73.67 89.73 82.65 80.95

Unseen 40.75 50.27 32.73 35.33 27.97 40.10 43.15 28.52 37.35
HM 66.43 70.02 53.22 42.12 45.58 58.16 63.87 48.40 55.98

DePT [CVPR24]
Seen 91.28 93.67 75.86 62.13 70.37 70.27 90.30 78.73 79.08

Unseen 35.90 44.63 31.47 40.30 28.26 30.13 40.87 30.10 35.21
HM 63.34 67.85 51.91 50.83 48.86 54.65 65.41 54.25 57.14

CoPL [AAAI24]
Seen 88.60 91.40 75.43 73.94 66.20 73.41 90.82 82.36 80.27

Unseen 39.54 50.70 32.69 34.90 25.72 40.61 42.70 28.18 36.88
HM 66.41 69.03 53.06 41.55 45.10 59.29 61.75 49.16 55.67

GalLoP [ECCV24]
Seen 88.15 91.69 74.38 74.07 67.43 73.84 90.15 82.47 80.27

Unseen 39.33 50.55 31.67 35.83 27.22 41.39 42.67 29.41 37.26
HM 66.16 69.05 52.70 41.90 45.26 60.02 60.86 49.71 55.71

ProText [AAAI25]
Seen 86.84 92.13 71.87 73.40 70.92 76.88 91.35 82.90 80.79

Unseen 37.45 48.43 32.65 40.95 30.80 41.43 42.87 35.47 38.77
HM 65.67 68.24 56.45 50.15 46.76 65.49 67.09 56.27 59.52

MMRL [CVPR25]
Seen 89.75 95.86 76.35 75.30 68.70 76.74 90.57 83.20 82.06

Unseen 38.77 48.59 33.19 40.07 30.27 42.50 45.24 36.30 39.37
HM 66.56 70.58 54.97 49.06 49.23 65.03 68.15 58.25 60.23

VMamba-B†
[NeurIPS24]

Seen 85.27 92.03 80.37 73.61 58.32 80.68 81.83 79.87 78.99
Unseen 50.93 52.20 27.78 36.95 33.76 47.95 43.06 28.55 40.15

HM 65.57 71.18 49.28 45.10 42.26 56.15 60.63 53.76 55.49

CLIP-B/32† [ICML21]
Seen 87.48 92.15 84.51 75.52 73.79 90.94 88.97 85.34 84.83

Unseen 60.71 59.72 35.25 50.49 41.05 45.26 46.50 39.51 47.31
HM 72.90 76.33 59.37 55.34 60.18 69.63 65.22 66.18 65.64

SigLIP-B/16† [ICCV23]
Seen 87.85 94.02 83.50 77.06 73.52 93.33 93.81 91.18 86.78

Unseen 63.65 60.16 39.93 60.15 45.70 51.01 48.21 47.57 52.05
HM 73.92 77.95 62.25 62.54 60.39 70.08 69.19 64.02 67.69
Seen 92.07 95.34 85.99 80.35 80.50 92.15 91.01 84.69 87.76

Unseen 70.68 77.03 46.56 76.92 65.87 72.69 68.78 65.79 68.04
HM 78.33 82.81 65.25 68.16 64.28 75.47 71.56 68.61 71.81

ProME-DR (ours)

Table 1: Seen-to-Unseen grades performance of ProME-DR and other baselines on eight different DR datasets. ‘HM’ refers to
Harmonic Mean (Zhou et al. 2022a), † represents the pre-trained model is fully fine-tuned (Dong et al. 2022).

et al. 2024), DePT (Zhang et al. 2024), CoPL (Goswami
et al. 2024), ProText (Khattak et al. 2025), MMRL (Guo
and Gu 2025); 2) fine-tuned: CLIP (Radford et al. 2021),
SigLIP (Zhai et al. 2023), VMamba (Liu et al. 2024) fully
fine-tuned by strategy (Dong et al. 2022); 3) single-view DR
grading: SwinTransformer (Liu et al. 2021), ConvNeXt (Liu
et al. 2022c), PVT (Wang et al. 2021); 4) multi-view DR
grading: MVCINN (Luo et al. 2023), MVTSM (Lin et al.
2025), SMVDR (Luo et al. 2025).

Implementation Details. In all our experiments, we use
a fixed image encoder and text encoder initialized with
pre-trained CLIP (ViT-B/32). The Concept-Aware Emula-
tor (CAE) is built with a two-layer ViT (Dosovitskiy et al.
2020) model with input and output dimensions of 768. The
visual prompt dimension Rd is set to d = 768, and text
prompt dimension Rℓ is set to ℓ = 512. For the DR prompts
TDR ∈ RK×ℓ, we set K = 16, same as (Zhou et al. 2022b,a).
All our experiments are trained on two 24 GB NVIDIA RTX
A5000 GPUs with a batch size of 64, training epochs 10 in
Stage-1, and epochs 100 in Stage-2. We set τ = 0.06 in Eq.

(11), λ1 = 0.5 in Eq. (8), λ2 = 1.0 in Eq. (12). Our starting
learning rate is 2e−3 with a cosine learning rate scheduler.

Seen to Unseen DR Grade/View Generalization
As shown in Table 1, we report the accuracy of Seen and
Unseen classes and their Harmonic Mean (HM), averaged
over 3 runs on the above 8 DR datasets. We observe that
the performance of these baselines degrades if compared to
the fully fine-tuned CLIP or SigLIP for unseen classes. Ac-
tually, the visual clues of the semantics of DR samples are
usually more subtle and ambiguous than most common-life
objects in natural images, thus most prompt-based methods
perform poorly. Regarding the average performance across
these DR datasets, ProME-DR continues to maintain a sub-
stantial lead, as evidenced by a notable 4.12% (HM) im-
provement over the fully fine-tuned SigLIP. The results sug-
gest that our two-stage training of matching and then em-
ulating benefits the semantic understanding of unseen DR
samples. The results of the Seen-to-Unseen DR view gener-
alization on MFIDDR are provided in Appendix B.
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Source Targets
MFIDDR APTOS DeepDR IDRiD MESSIDOR RLDR DDR EyePACS Average

DePT [CVPR24] 70.97 67.01 48.23 48.35 42.67 55.70 53.40 52.07 52.49
ProText [AAAI25] 67.80 67.95 50.13 49.01 42.35 54.66 51.72 51.34 52.45
MMRL [CVPR25] 72.03 68.25 50.67 49.43 42.10 55.57 53.69 51.45 53.22
CLIP-B/32† [ICML21] 74.63 68.30 52.32 50.70 43.97 57.23 55.28 51.86 54.37
SigLIP-B/16† [ICCV23] 75.71 69.77 50.63 52.40 46.93 60.38 56.47 55.18 55.97
ProME-DR (ours) 87.90 73.96 55.89 60.75 52.83 68.58 70.63 66.49 64.16

Compared Methods

Table 2: Cross-Dataset generalization performance of ProME-DR with baselines on cross-dataset evaluation. Source is the
MFIDDR dataset, targets are the other seven datasets, and † represents the pre-trained model that is fully fine-tuned.

Methods Acc. Spec. Kappa F1 AUC

Swin-B† 75.08 75.53 51.32 72.42 88.83
PVT-L† 75.31 80.39 57.29 73.89 90.38
ConvNeXt-B† 75.96 77.81 53.72 73.65 89.77
MVCINN 80.10 83.32 62.45 78.86 91.07
MVTSM 71.73 82.76 - 70.93 -
SMVDR 81.64 89.92 66.94 81.38 -
ProME-DR 87.90 85.29 77.21 87.14 97.26

Table 3: Supervised evaluation of ProME-DR with single-
view and multi-view methods on MFIDDR using accuracy
(Acc.), specificity (Spec.), Kappa, F1, and AUC. † represents
the pre-trained model is fully fine-tuned.

Cross-Dataset DR Generalization
We further demonstrate that our ProME-DR has the potential
to transfer knowledge beyond a single dataset. As shown in
Table 2, each model is only trained on the MFIDDR dataset
and directly validated on test sets of the other 7 datasets.
We can observe that our ProME-DR achieves superior per-
formance compared to others, exhibiting stronger general-
izability and transferability. These results indicate that our
ProME-DR can well adapt CLIP to extract generalized vi-
sual features even in the cross-dataset scenario.

Supervised Evaluation on MFIDDR
We report the results against SOTA single-/multi-view DR
grading on the MFIDDR dataset in Table 3. Note that the
multi-view MVTSM (Lin et al. 2025) and SMVDR (Luo
et al. 2025) do not contain additional guidance (e.g., lesion
information). Table 3 shows that ProME-DR consistently
outperforms popular counterparts in multiple metrics. These
improvements are largely attributed to our two-stage train-
ing strategy (matching and then emulating), which enables
ProME-DR to polish DR-specific visual clues.

Ablative Study and Analysis
We present average HM performance with different τ in
Eq. (11) under the seen-to-unseen DR grades scenario. Fig. 3
(a) reveals that a smaller τ benefits training more than higher
ones, which is confirmed by literature (Wu et al. 2023). Ac-
curacy progressively increases as τ enlarges, and the im-
provement becomes marginal when τ = 0.06, we choose
τ = 0.06 by default. Fig. 3 (b) reports average HM accu-
racy of various λ1 (Eq. (8)) & λ2 (Eq. (12)), we can see that:

Figure 3: Ablative study for our proposed ProME-DR.

each loss term is indispensable (first row means without Lcl,
first column means without Ldis) and combined together can
reach better performance (λ1 = 0.5, λ2 = 1.0).

Fig. 3 (c) draws channel importance (CI) (Zhang et al.
2024) distributions on MFIDDR by ProME-DR and SigLIP
model, we calculate the CI (remove NaN ) of seen and un-
seen classes, and plot the frequency histogram of seen-CI /
unseen-CI. We observe that CI distributions of seen and un-
seen classes obtained by our ProME-DR show better consis-
tency compared to SigLIP. The histogram further shows that
most of the SigLIP’s learned features are occupied by spe-
cific seen knowledge, resulting in poor generalization to un-
seen samples, while ProME-DR alleviates this channel bias.

Conclusion

In this paper, we propose ProME-DR, a two-stage prompt-
driven framework for zero-shot DR grading, which would
enable CLIP to extract generalized knowledge for recogniz-
ing unseen DR samples. It disentangles the training into two
stages: PML effectively captures class-relevant and inter-
view consistency knowledge; PEL dynamically produces
context prompt units via a concept-aware emulator to adapt
to previously unseen samples. The effectiveness of ProME-
DR has been validated on various datasets and tasks.
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