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Abstract. High-quality fundus images are crucial in the diagnosis of
ophthalmic diseases. However, these images in real-world settings often
suffer from degradation due to motion blur, illumination irregularities,
and artifacts. Existing enhancement methods that rely on paired datasets
or simplified degradation models have difficulty addressing the complex
degradations commonly observed in clinical realities. We state that pre-
trained large-scale text-to-image models contain rich image priors to en-
hance fundus images to high-quality ones, and we can take low-quality
images directly as input with the skip-connection maintaining structure
consistency, reducing the ambiguity brought from random noise sampling
while simultaneously eliminating the need for additional controlling mod-
ules. We then fine-tune the pre-trained network in a single step with a
small fraction of trainable parameters to adapt it to the fundus image
enhancement task, and show the superiority of BEAM through exten-
sive experiments over other state-of-the-art approaches. Moreover, we
expanded our framework to an unpaired scheme and showcased its ca-
pacity to generate a realistic paired simulation dataset. The source code
and dataset are available at https://github.com/wangzh1/BEAM.
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1 Introduction

The quality of fundus images is crucial for the accurate diagnosis and manage-
ment of various ophthalmic conditions. The ability to identify subtle signs of
disease greatly relies on clear and high-quality fundus images, in turn enabling
early diagnosis and more effective treatment [6]. However, obtaining such images
is often challenging due to factors that degrade image quality, such as glare from
light sources, patient movement causing motion blur, poor illumination, and

https://github.com/wangzh1/BEAM
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Fig. 1: Pipeline of BEAM. BEAM is a framework using a pre-trained latent
diffusion model, VAE encoder-decoder, and text encoder for fundus image en-
hancement. It takes low-quality images as input, retrains with a skip connect
module for detail retention, and supports unpaired training via introducing du-
plicated trainable VAE and adversarial training.

retinal artifacts. These degradations can obscure critical diagnostic information
and hinder the performance of automated analysis systems.

To address these issues, traditional solutions often rely on operations in the
transform domain. For instance, Cheng et al. [2] applied a structure-preserving
guided filtering technique to deblur fundus images, while Cao et al. [1] removed
low-frequency components in the root domain to obtain clearer results. How-
ever, these methods struggle with more complex degradations. Therefore, recent
research has shifted towards learning-based enhancement approaches, focusing
both on realistically simulating the degradation process to synthesize paired
datasets and on effectively enhancing low-quality images. Shen et al. proposed
an restoration network with an artificial degradation pipeline on frequency do-
main [22] to synthesize paired dataset, but it was not enough to simulate com-
plex realistic degradation factors. Using this degradation pipeline, Liu et al.
developed the Pyramid Constraint Network [14] to improve the representation
of clinically significant features. Similarly, Li et al. introduced the Structure-
Consistent Restoration Network [12] for cataract fundus images, grounding their
approach in preserving high-frequency component consistency. Li et al. [13] and
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Cheng et al. [4] introduced frequency self-supervision and importance-guided
self-supervision with synthesized data supervision, respectively, to further im-
prove the network’s ability of domain adaption. However, these methods are
all strongly biased by the artificial degradation simulation. Cheng et al. [3] uti-
lized a diffusion model to learn the enhancement process, but it also needed a
data-driven degradation model and was quantitatively inferior to other state-of-
the-art (SOTA) methods in terms of low-level features. On the other hand, Zhao
et al. [28] directly employed an unpaired training manner to enhance fundus
images using Generative Adversarial Network and cycle consistency [29].

We realize that due to the significant intersections between fundus image
enhancement and clinical knowledge, this challenge not only lies at a low-level
processing layer, but also needs high-level features and semantic understand-
ings. Recent development of text-to-image (T2I) models in the computer vision
field [18, 20] offer a promising avenue for this task. Therefore, we propose to
take advantage of their rich diffusion priors to better facilitate the transfer be-
tween low-quality and high-quality fundus images. In this paper, we dedicate
to adapt pre-trained T2I models to enhance fundus images. Successful applica-
tions adapting T2I diffusion for downstream tasks [23,24] introduced additional
modules such as ControlNet and regularizers. While these techniques maintain
the efficiency of the original latent representation, they complicate the process
by duplicating network parameters, significantly increasing memory overhead.
To further reduce computational cost, we replace input noise with image itself
and utilize skip-connections, which have proven to be effective in preserving de-
tailed features [19]. However, this shift requires retraining in the image space,
which can be costly with hundreds or thousands of steps of fine-tuning. Lever-
aging recent advances in few-step T2I diffusion using distillation and adversarial
training [21] and successful cases of one-step diffusion fine-tuning [23, 25], we
also demonstrate the effectiveness of single-step adaptation in our task. More-
over, we show that our pipeline can be easily extended to an unpaired scheme
by duplicating another pair of VAE and introduce adversarial training.

The main contribution of BEAM can be summarized as follows: (1) We
present a simple but effective pipeline to adapt T2I models to the task of fundus
image enhancement without changing the main structure or adding additional
controlling modules. (2) We demonstrate that fine-tuning a very small fraction
of the parameters in a pre-trained T2I model is sufficient to outperform existing
methods. (3) Through unpaired training, we use BEAM to synthesize a realistic
degraded fundus image dataset and make it public.

2 Method

In this section, we detail how we adapt a pre-trained text-to-image model for
fundus image enhancement. An overview of the BEAM framework is presented
in Fig. 1. By adapting the structure of the pre-trained text-to-image model, our
method originally supports paired training, when high-quality and low-quality
image pairs are available. Additionally, we extend the framework by introduc-
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ing an duplicated VAE encoder-decoder pair and discriminators for adversarial
training.

2.1 BEAM Pipeline

Our approach provides a simple yet efficient solution for adapting text-to-image
models to enhance fundus images. We employ a distilled version of Stable Diffu-
sion 2.1 [21] as the backbone, retaining its core components: a frozen CLIP [17]
text encoder, a VAE encoder-decoder pair, and a latent diffusion network. To
maintain structural integrity, such as the preservation of blood vessels, we intro-
duce a skip-connect module that has been proved to be effective [19] to transfer
features from the VAE encoder to the decoder.

Unlike conventional diffusion methods that initialize with random noise, our
pipeline directly uses the degraded image as input. This eliminates the need
for additional modules such as ControlNet [26], significantly reduces the num-
ber of trainable parameters. Inspired by the success of Low-Rank Adaptation
(LoRA) [9] in fine-tuning large text-to-image diffusion models for various down-
stream tasks [16,23,24], we also adopt LoRA to accelerate the training process.
Furthermore, since the original backbone was trained using adversarial diffusion
distillation with very few steps and has proven effective with a single step [21],
we implement a single-step training approach, which also boosts the training effi-
ciency. Together, these make it possible for BEAM to outperform SOTA methods
with only 3M trainable parameters.

2.2 Paired Training

In the paired training scheme, BEAM is trained for an enhancement mapping
T : X → Y using pairs of high-quality and synthetically degraded fundus images.

Loss Functions We use the Learned Perceptual Image Patch Similarity (LPIPS)
loss [27] to measure perceptual differences between the enhanced and high-
quality images. To preserve fine details, such as the sharpness of blood vessels,
we introduce a high-frequency loss by applying a high-pass filter H to both the
enhanced image x̂ and the ground truth y, minimizing their L-1 difference:

Lhigh-freq = ∥H(x̂)−H(y)∥1 . (1)

To prevent over-enhancement and ensure stability when processing already high-
quality images, we include an identity loss to penalize deviations from the input
when enhancement is unnecessary:

Lidt = Ey∼Y [∥T (y)− y∥1] , (2)

where T denotes the enhancement function. The total loss for paired training is
a weighted combination of these terms:

Lpaired = λLPIPSLLPIPS + λhigh-freqLhigh-freq + λidtLidt. (3)
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2.3 Unpaired Training

Our unpaired training includes two domain translations T (x, tY) : X → Y and
T (y, tX ) : Y → X , where t(.) denotes the text description for the corresponding
target domain.

Cycle Consistency Loss We utilize a pixel-wise loss Lrec combining L-1 norm
and LPIPS [27] between input image x and reconstructed x̂ from y:

Lrec(x, x̂) = λ1 ∥x− x̂∥1 + λLPIPSLLPIPS(x, x̂). (4)

The cycle consistency loss can be described as:

Lcycle = Ex∼X [Lrec (T (T (x, tY) , tX ) ,x)]

+ Ey∼Y [Lrec (T (T (y, tX ) , tY) ,y)] .
(5)

Adversarial Loss We employ adversarial losses [7], with discriminators DX
and DY using CLIP backbone [11]. The adversarial loss for domain mapping
function X → Y can then be defined as:

LX→Y
adv = Ey∼Y [logDY(y)] + Ex∼X [log (1−DY (T (x, tY)))] . (6)

Identity Loss To ensure that the model does not over-enhance or distort images
unnecessarily, we incorporate an identity loss:

Lidt = Ey[Lrec(T (y, tX ),y)] + Ex[Lrec(T (x, tY),x)]. (7)

Total Loss The total loss function for BEAM is a combination of the losses
with corresponding coefficient λ:

Lunpaired = Lcycle + λadvLadv + λidtLidt. (8)

3 Experiments

3.1 Training BEAM

Dataset. We utilize the EyeQ dataset [6], which comprises 28,792 fundus im-
ages categorized into three quality grades: Good, Usable, and Reject. For paired
training, we select all images labeled as "Good" to serve as our high-quality
dataset and generate a corresponding low-quality image by applying synthetic
degradations, including Gaussian blur, additive noise, and contrast reduction,
based on the degradation model [22]. These degradation parameters are ran-
domly sampled to mimic diverse real-world degradation scenarios. The dataset
is divided into training and test sets following the original EyeQ split.
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Table 1: Comparison with SOTA supervised methods on paired dataset.
Note that BEAM-B and BEAM-S both have ∼1B parameters in total.

Full-Reference Non-Reference
Method Trainable

Params ↓
PSNR ↑ SSIM ↑ VSD ↑ DRA ↑ FIQA ↑

Original – – – – 0.7236 0.1502
Degraded [22] – 19.37 0.7794 0.7189 0.5841 –
pix2pix [10] 211M 24.28 0.7619 0.6521 0.6146 0.5093
SCRNet [12] 341M 27.84 0.8594 0.7244 0.6465 0.7364
GFENet [13] 341M 28.79 0.8759 0.7367 0.6849 0.7499
I-SECRET [4] 151M 28.22 0.8692 0.7351 0.6823 0.8025
PCENet [14] 102M 27.43 0.8471 0.7367 0.6245 0.7163
BEAM-S (ours) 3M 29.58 0.8946 0.7824 0.7068 0.7910
BEAM-B (ours) 133M 30.08 0.8982 0.7824 0.7104 0.8255

w/ Skip Connect Module w/o Skip Connect Module 

(a) (b)

Low Quality Image

Fig. 2: (a) Performance comparison of intermediate training result with and
without skip connect module. The skip connect module keeps more structure
details and improve the sharpness of the enhanced vessels. (b) Quantitative
comparison between different sizes of BEAM.

Implementation Details. We utilize PyTorch-Lightning [5] as the framework
for training BEAM. We use the AdamW optimizer with a base learning rate of
1.5× 10−5 and a weight decay of 1× 10−2. All training processes are conducted
on NVIDIA A40 GPU(s). For the paired scheme, the model is trained for 30
epochs with a batch size of 4 on 4 GPUs within 15 hours. For the unpaired
scheme, the model is trained for 5 epochs with a batch size of 1 on a single GPU
within 19 hours. We use LoRA rank 2 for training BEAM-S, while rank 128 for
BEAM-B. For both model, we set the LoRA rank of VAE to 4. For more details,
please refer to our code release.

3.2 Evaluation

We first conduct ablation experiments with different sizes of BEAM to show
the power of the image priors embedded in the pre-trained text-to-image model.
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Degraded GFENet SCRNet pix2pix PCENet I-SECRET Ours Original

Fig. 3: Comparison of retinal fundus images before and after enhancement by
different methods: GFENet [13], SCRNet [12], pix2pix [10], PCENet [14], and
I-SECRET [4].

Specifically, we train BEAM with LoRA ranks of UNet ranging from 2 to 128.
Selected performance curves are as shown in Fig. 2(b). The results demonstrate
that fine-tuning only a minimal number of parameters enables us to effectively
adapt a pre-trained text-to-image model for our task of fundus image enhance-
ment. Furthermore, in Fig. 2(a), we highlight the effectiveness of the skip connect
module in preserving detailed structures.

Paired Evaluation For full-reference evaluation, we conduct quantitative anal-
ysis on the test set mentioned in Sec. 3.1, against SOTA approaches requiring
paired datasets (e.g., pix2pix [10], SCRNet [12], GFENet [13], I-SECRET [4],
PCENet [14]). We employ PSNR and SSIM image quality metrics [8]. Further-
more, we segment images with a segmentation network [15] and use Vessel Seg-
mentation Dice (VSD) to assess the enhancement of the structural vascular de-
tails. To quantify clinically meaningful enhancement effects, we measure Diabetic
Retinopathy detection Accuracy (DRA) using the DR detection method stated
in [3]. Fig. 3 shows sample comparisons between other SOTA methods. Our
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High-Quality Modeling CUT CycleGAN BEAM-B (Ours) Low-Quality CUT BEAM-B (Ours)CycleGAN

FID: 41.12FID: 94.63 FID: 46.69FID: 62.61 FID: 105.34 FID: 99.06 FID:78.10

Degradation Enhancement

Fig. 4: Evaluation of unpaired training. Left: Comparison of degradation
results; Right: Comparison of enhancement results.

BEAM is particularly superior to other methods in terms of structural details
and achieves better metric results.

For non-reference evaluation, we use images labeled as "Usable" from the
EyeQ test set and apply MCF-Net [6] to evaluate quality. The proportion of
enhanced images assessed as "Good" was defined as the Fundus Image Quality
Assessment Score (FIQA).

Unpaired Evaluation Generating realistic low-quality images through degra-
dation is also crucial for creating paired datasets to train robust enhancement
models. So, we evaluate BEAM on both degradation and enhancement tasks.
For a fair comparison, we select unpaired domain translation methods, Cycle-
GAN [29] and CUT [30]. Fig.4 demonstrates BEAMs superiority in both tasks.
Due to complex degradation, CUT struggles to deblur low-quality images, while
CycleGAN fails to preserve vessel structure consistency. In contrast, BEAM ef-
fectively removes low-level degradation while retaining vessel details. We also
compare BEAM with a mathematical modeling method [22] in degradation.
Qualitative results reveal that BEAM generates the most realistic outcomes in
both degradation and enhancement, while achieving the lowest FID score.

4 Conclusion

This paper introduces BEAM, a framework adapting pre-trained text-to-image
models for fundus image enhancement. The proposed BEAM directly takes im-
age as input without introducing random noise or adding controlling branches,
thus allowing for fine-tuning in a single step with minimal parameters while
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outperforming SOTA methods. Furthermore, through extending BEAM to un-
paired training, it performs realistic transformation between high-quality and
low-quality fundus images, also beneficial for creating paired datasets.

Acknowledgments. This work was supported in part by the HPC Platform of
ShanghaiTech University.
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