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Abstract

Microaneurysms (MAs), the earliest pathognomonic signs of
Diabetic Retinopathy (DR), present as sub-60 µm lesions in
fundus images with highly variable photometric and morpho-
logical characteristics, rendering manual screening not only
labor-intensive but inherently error-prone. While diffusion-
based anomaly detection has emerged as a promising ap-
proach for automated MA screening, its clinical application is
hindered by three fundamental limitations. First, these mod-
els often fall prey to “identity mapping”, where they inad-
vertently replicate the input image. Second, they struggle to
distinguish MAs from other anomalies, leading to high false
positives. Third, their suboptimal reconstruction of normal
features hampers overall performance. To address these chal-
lenges, we propose a Wavelet Diffusion Transformer frame-
work for MA Detection (WDT-MD), which features three key
innovations: a noise-encoded image conditioning mechanism
to avoid “identity mapping” by perturbing image conditions
during training; pseudo-normal pattern synthesis via inpaint-
ing to introduce pixel-level supervision, enabling discrimina-
tion between MAs and other anomalies; and a wavelet diffu-
sion Transformer architecture that combines the global mod-
eling capability of diffusion Transformers with multi-scale
wavelet analysis to enhance reconstruction of normal retinal
features. Comprehensive experiments on the IDRiD and e-
ophtha MA datasets demonstrate that WDT-MD outperforms
state-of-the-art methods in both pixel-level and image-level
MA detection. This advancement holds significant promise
for improving early DR screening.

Code — https://github.com/diaoquesang/WDT-MD

Introduction
Diabetic Retinopathy (DR) is a serious complication affect-
ing individuals with diabetes and can result in severe vision
loss if not treated promptly (Khan et al. 2025). In the ini-
tial stages of DR, retinal capillaries are damaged due to hy-
perglycemia, which weakens the capillary walls and leads to
Microaneurysms (MAs). MAs are small outpouchings in the

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(a) IDRiD (b) e-ophtha MA

Figure 1: An illustration of MAs in fundus images. (a) is
sampled from the IDRiD dataset (Porwal et al. 2018), and
(b) is from the e-ophtha MA dataset (Decenciere et al. 2013).
Three columns in each sub-figure depict the fundus image,
patches zooming in MAs, and MA areas marked in red, re-
spectively. Most MAs are within 60 µm in diameter, close
to 6 pixels in a fundus image with 10 µm pixel spacing.

lumen of the retinal vessels, typically measuring 15-60 µm
in diameter. Identification of MAs allows for timely recogni-
tion of DR, thus providing an opportunity for early interven-
tion in patients (Arrigo et al. 2024). To analyze them, fun-
dus images are widely used (Mayya, Kamath, and Kulkarni
2021) where small red dots are an indication of MAs (Raghu
et al. 2019). Nevertheless, as shown in Fig. 1, MAs are tiny
and inconspicuous with variations in brightness, contrast,
and shape, making it difficult for physicians to detect them
(Wu and Jiao 2024). Therefore, automated MA detection
methods with high accuracy in fundus images are of great
significance.

To achieve this goal, different methods are proposed,
among which most are discriminative models such as seg-
mentation models (Xu et al. 2024; Jiang et al. 2024; Foo,
Hsu, and Lee 2023; Yap and Ng 2023). In contrast to classi-
fication models lacking specific localization capability, seg-
mentation models can provide detailed information about
the MA boundaries, thus helping to assess the severity of
lesions and enhance the interpretability of image-level in-
formation (Jiang et al. 2023). Nevertheless, the challenges
of data annotation and segmentation accuracy restrict the de-
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velopment of these methods. First, the tiny size of MAs and
their morphological similarity to normal vascular structures
create significant inter-observer variability in manual anno-
tations (Mayya, Kamath, and Kulkarni 2021). This label am-
biguity propagates through supervised segmentation frame-
works, leading to suboptimal boundary delineation. Second,
the class imbalance problem is exacerbated in MA diagno-
sis, where positive pixels constitute less than 1% of total im-
age area in early-stage DR cases (Porwal et al. 2020). Tradi-
tional segmentation methods tend to converge to trivial so-
lutions that ignore subtle MA features.

Unlike discriminative models, generative models have
been gradually applied to reconstruction-based methods for
medical Anomaly Detection (AD), mainly based on Auto-
Encoders (AEs), Generative Adversarial Networks (GANs)
(Goodfellow et al. 2014) and diffusion models (Ho, Jain,
and Abbeel 2020; Ma et al. 2024b, 2025b,a; Sun et al.
2025c; Shao et al. 2025a). By identifying deviations from
normal patterns as anomalies, these methods can effectively
detect small, irregular lesions while reducing reliance on
large numbers of accurate pixel-level annotations. Recently,
diffusion-based methods (Kumar et al. 2025; Fontanella
et al. 2024; Wyatt et al. 2022; Wolleb et al. 2022) have made
progress towards more accurate anomaly localization by it-
eratively improving the capture of fine-grained lesion details
(Sun et al. 2025b), holding significant potential for MA de-
tection. Nonetheless, the following challenges still remain:

• The inherent risk of learning “identity mapping” still
persists in existing frameworks based on diffusion mod-
els. “Identity mapping” refers to the behavior of directly
copying the input as output, whether normal or abnor-
mal (Guo et al. 2025). This contradicts the foundational
assumption that anomalies induce significant reconstruc-
tion deviations, ultimately causing false negatives.

• The inability to distinguish MAs from other anomalies
leads to high false positives. Existing methods lack-
ing pixel-level supervision signals tend to treat all re-
construction errors as homogeneous indicators of abnor-
mality, disregarding the unique morphological and con-
textual signatures of the target anomalies. Consequently,
confounding factors such as imaging artifacts or coexist-
ing lesions can be indiscriminately flagged as MA candi-
dates, undermining clinical utility.

• The suboptimal reconstruction quality of normal fea-
tures hampers the performance of AD. In retinal imag-
ing, incomplete restoration of vascular patterns may in-
troduce spurious reconstruction errors, masking true MA
lesions or misclassifying normal variations as anomalies.

Existing diffusion-based methods mitigate “identity map-
ping” through noise-addition-denoising (Kumar et al. 2025;
Fontanella et al. 2024; Li et al. 2024; Wyatt et al. 2022) in
the inference phase. This strategy faces a fundamental reso-
lution conflict: MAs and fine vascular details occupy over-
lapping high-frequency bands, yet demand diametrically op-
posed noise treatments. Reliable MA suppression requires
near-complete high-frequency erosion, while precise vascu-
lature reconstruction necessitates preserving those exact fre-
quency components. Insufficient noise preserves anomalies

while excessive noise obliterates details. Consequently, sin-
gle noise calibration during inference becomes intrinsically
paradoxical for these methods.

Furthermore, the absence of pixel-level supervision ele-
vates false positive rates. These models erroneously classify
imaging artifacts and non-MA pathologies as MAs, which is
clinically unacceptable. To introduce pixel-level supervision
signals, self-supervised image-conditioned approaches like
Img-Cond (Baugh et al. 2024) have been proposed. How-
ever, unprocessed input conditioning propagates anomalies
via “identity mapping”, while the spatial distributional bias
introduced by synthetic anomalies could further diminish
the performance. Notably, although pixel-level supervision
has recently been demonstrated to boost AD performance
in complex industrial scenarios (Baitieva et al. 2024), analo-
gous exploration and validation remain scarce in the medical
field. The intrinsic spatial linkage between lesions and their
anatomical context (Shao et al. 2025b) poses unique chal-
lenges for effective supervision, underscoring the need for
tailored strategies.

To address these challenges, we propose a Wavelet Diffu-
sion Transformer framework for MA Detection (WDT-MD).
This is a supervised image-conditioned wavelet-domain
model based on Diffusion Transformers (DiTs) (Peebles and
Xie 2023; Feng et al. 2025). Our contributions can be sum-
marized as follows:
• In order to mitigate “identity mapping”, we propose

a noise-encoded image conditioning mechanism for
diffusion-based MA detection. By perturbing the image
condition with random intensities during training, the
model is driven to capture the normal pattern.

• To alleviate the issue of high false positives, we intro-
duce pixel-level supervision signals in the training pro-
cess through pseudo-normal pattern synthesis. Specif-
ically, we obtain the pseudo-normal labels align with the
spatial distribution of real fundus images using inpaint-
ing techniques. This enables the model to distinguish
MAs from other anomalies, thereby improving the de-
tection performance.

• To improve the reconstruction quality of normal features,
we propose a wavelet diffusion Transformer architec-
ture, which combines the global modelling capability of
DiTs with the multi-scale analysis advantage of wavelet
decomposition to better understand the overall structure
and detailed information of fundus images.

• Comprehensive experiments on the IDRiD and e-ophtha
MA datasets demonstrate exceptional performance of
our WDT-MD, holding significant promise for improv-
ing early DR screening.

Method
We propose WDT-MD, a novel Wavelet Diffusion Trans-
former framework for MA Detection in fundus images, as
illustrated in Fig. 2. This framework addresses key limita-
tions of existing diffusion-based AD approaches for identi-
fying MAs, which are critical early indicators of DR. The
WDT-MD method initiates sampling from Gaussian noise
in the wavelet domain, conditioned on the input fundus data.
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Figure 2: Overview of our proposed WDT-MD method. It is a supervised DiT-based AD framework operating in the wavelet
domain, which focuses on MA detection in fundus images. By synthesizing the normal pattern and subtracting the input from it,
the model obtains an anomaly map, which further outputs both pixel-level and image-level predictions. (std: standard deviation)

Through T -step iterative sampling, it reconstructs pseudo-
normal fundus data. Subsequently, in the pixel domain, the
reconstruction residual is computed by subtracting the input
image from the restored pseudo-normal image. This residual
map is then processed to yield both pixel-level segmentation
and image-level classification predictions.

Wavelet Diffusion Transformer
Accurate reconstruction of normal retinal features is crit-
ical for reliable MA detection in DR screening. Existing
Transformer-based backbones like U-ViT (Bao et al. 2023)
offer powerful global modeling capabilities for diffusion
models, enabling them to better capture contextual infor-
mation such as the spatial distribution of MAs. Neverthe-
less, their operation directly in the pixel space presents limi-
tations. These approaches struggle to capture and preserve
the intricate multi-scale structural and textural details in-
herent in retinal vasculature, and incur significant computa-
tional costs. To address these issues, subsequent works (Pee-
bles and Xie 2023; Ma et al. 2024a; Esser et al. 2024) mi-
grate the diffusion process into a learnable latent space us-
ing AE-based tokenizers. However, this two-stage strategy
introduces its own challenges: the computational overhead
of the tokenizer itself and the potential risk of losing incon-
spicuous features during the encoding or decoding process.
This information loss is particularly problematic for detect-
ing MAs. MAs, often subtle in size, demand a representation
that inherently separates low-frequency contextual informa-
tion such as vessel structures and backgrounds from high-
frequency details including tiny lesions and textures.

To overcome these limitations as well as inspired by
the success of wavelet analysis in low-level vision tasks
(Zhao et al. 2024; Huang et al. 2024), we integrate Dis-
crete Wavelet Transformation (DWT) with DiTs, propos-
ing a wavelet diffusion Transformer architecture. Com-
pared to AE-based tokenizers, DWT exhibits near-lossless
reconstruction capabilities (Wang et al. 2024) and incurs
lower computational overhead. Specifically, for an image
I ∈ RC×H×W , DWT transforms its Value channel V =
max(R,G,B) ∈ R1×H×W into four sub-bands:

VLL, {VLH , VHL, VHH} = DWT (V ), (1)

Fundus Image H Channel S Channel V Channel

(a)

(b)

Figure 3: Visualization of HSV channel decomposition on
(a) IDRiD and (b) e-ophtha MA. The H and S channels carry
little effective information but notable noise, while V con-
tains almost all crucial structural and textural features.

where VLL, {VLH , VHL, VHH} denote the low-frequency
component of the image and high-frequency components
in the vertical, horizontal, and diagonal directions, respec-
tively. The selection of V channel helps alleviate the interfer-
ence of imaging noise while effectively reducing the compu-
tational load, as illustrated in Fig. 3. Subsequently, the sub-
bands are concatenated together, denoted as z:

z = Concat(VLL, VLH , VHL, VHH). (2)

Our wavelet diffusion Transformer incorporates both a
forward process and a reverse process in the wavelet domain.
The forward process can be defined as:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (3)

where zt is the wavelet components at timestep t, ϵ is a
Gaussian noise map, and ᾱt :=

∏t
s=0 αs. Here, αt = 1−βt

is a differentiable function of timestep t. The diffusion loss
is expressed as:

L (ϵθ) =
T∑

t=1

Ez0,ϵ

[
∥ϵθ (zt, t, z̃)− ϵ∥22

]
, (4)

where ϵθ represents the predicted noise at timestep t by the
denoising DiT with parameters θ, T is the total diffusion
timesteps, and z̃ is a given image condition.

During the reverse process, starting from Gaussian noise
zT ∼ N (0, I), the original sample z0 is predicted through a
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Figure 4: The training process of our WDT-MD.

multi-step denoising process:

zt−1 =

{√
αt−1 (cout(t)ẑ0 + cskip(t)zt) + γϵ, 1 < t ⩽ Ts

cout(t)ẑ0 + cskip(t)zt, t = 1,
(5)

where ẑ0 =
zt− 1−αt√

1−ᾱt
ϵθ(zt,t,z̃)

√
αt

is the predicted original sam-

ple, γ = 1−αt−1√
1−ᾱt−1

is the scaling factor for Gaussian noise

ϵ, Ts is the total sampling timesteps, and both cout (t) and
cskip (t) are differentiable with cout (0) = 0 and cskip (0) = 1.

Subsequently, z0 is split by channel and transformed into
restored Value channel V0 via Inverse DWT (IDWT):

V0,LL, V0,LH , V0,HL, V0,HH = Split(z0), (6)

V0 = IDWT (V0,LL, {V0,LH , V0,HL, V0,HH}). (7)
Finally, V0 is merged with the Hue channelH and Saturation
channel S of the input image to obtain the restored image I0.

Noise-Encoded Image Conditioning
To address the “identity mapping” dilemma in diffusion
models, we propose a noise-encoded image conditioning
mechanism. In contrast to existing noise-addition-denoising
methods that adopt single noise calibration during inference,
we avoid “identity mapping” by perturbing the image con-
dition z̃ into noise-encoded z̃δ during training, denoted as:

z̃δ =
√
ᾱδ z̃ +

√
1− ᾱδϵ, ϵ ∼ N (0, I), (8)

where the added noise is determined by the timestep δ ∈
{1, 2, . . . , δmax} utilizing the noise scheduler. Correspond-
ingly, the diffusion loss in Eq. (4) becomes as follows:

L (ϵθ) =
T∑

t=1

Ez0,δ,ϵ

[
∥ϵθ (zt, t, z̃δ)− ϵ∥22

]
. (9)

By introducing dynamic noise perturbations during training,
this mechanism enforces the model to learn the underly-
ing normal patterns of retinal structures rather than directly
copying input pixels, as illustrated in Fig. 4.

Pseudo-Normal Pattern Synthesis
To mitigate false positives, we synthesize pseudo-normal
labels using inpainting techniques, thus introducing pixel-
level supervision signals in the training process, which can
be briefly expressed as follows:

Vpn = (1−M)⊙ V +M ⊙ I(V,M), (10)

where Vpn represents the pseudo-normal V channel, M de-
notes the binary MA mask normalized to [0, 1], and I is
the inpainting algorithm. Here, we employ Telea, a classical
inpainting method (Telea 2004). In contrast to synthesizing
anomalies on normal fundus images (Sun et al. 2025a), our
core idea is to infer unknown pseudo-normal regions from
known normal pixels guided by MA masks, ensuring the
spatial distribution accuracy of pixel-level supervision.

Experiments
Datasets and Evaluation Metrics
Data Preparation. Two publicly available datasets,
namely IDRiD (Porwal et al. 2018) and e-ophtha MA (De-
cenciere et al. 2013), are adopted for extensive evaluation.

The IDRiD dataset, a benchmark resource for diabetic
retinopathy analysis, was adapted for our study. For MA
detection, we curated a subset of 249 samples, including
199 training cases, 24 validation cases, and 26 test cases.
Specifically, the training set contains 134 normal images and
65 abnormal images. Contrast Limited Adaptive Histogram
Equalization (CLAHE) was applied with 8 × 8 tile grids and
a 2.0 clip limit to enhance contrast. Considering the compu-
tational overhead, we implemented dimension standardiza-
tion through bilinear downsampling to 300 × 200 pixels.

The e-ophtha MA dataset consists of 381 cases divided
into 304 training, 38 validation, and 39 test samples. Specif-
ically, the training set contains 188 normal images and 116
abnormal images. The preprocessing pipeline maintained
strict consistency with IDRiD: (1) CLAHE (8 × 8 tile grids,
2.0 clip limit); (2) downsampling to 300 × 200 pixels.

Evaluation Metrics. To evaluate the MA detection per-
formance, we calculate the Area Under Curve (AUC), Ac-
curacy (ACC), F1 score, Sensitivity (SEN) and Specificity
(SPE) for both pixel-level and image-level detection.

Implementation Details
All experiments were performed using PyTorch 2.5.1 on a
single NVIDIA V100 32 GB GPU within Ubuntu 22.04.
WDT-MD was trained from scratch over 600 epochs with
a batch size of 4 utilizing the AdamW optimizer, comple-
mented by a dynamic learning rate schedule initialized at
10−4. The noise scheduling parameter βt followed a scaled
linear trajectory ranging from 0.00085 to 0.012 across T =
1000 diffusion timesteps. The sampling steps Ts was set to
50 using the LCM sampler (Luo et al. 2023). In pseudo-
normal pattern synthesis, the inpainting radius r is set to 3
pixels. For wavelet decomposition, the Daubechies 6 basis
was selected to balance computational efficiency and time-
frequency localization (Wang, Xu, and Zhao 2024).

Main Results
On both the IDRiD and e-ophtha MA datasets, we bench-
mark our WDT-MD against other state-of-the-art meth-
ods: (1) diffusion-based AD methods DTU-Net (Kumar
et al. 2025), Dif-fuse (Fontanella et al. 2024) and AnoD-
DPM (Wyatt et al. 2022); (2) a GAN-based AD method
GatingAno (Zhang et al. 2024); (3) AE-based AD methods
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Method Source
Pixel-level Image-level

AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

AnoDDPM CVPR22 81.76 99.91 53.34 63.62 99.93 71.90 76.92 62.50 55.56 88.24
CPC WACV23 76.77 99.93 49.75 53.63 99.96 77.45 80.77 70.59 66.67 88.24
DAE MedIA23 71.52 99.69 35.64 43.23 99.72 56.86 53.85 50.00 66.67 47.06

HACDR-Net AAAI24 56.38 95.07 4.03 18.82 95.12 63.07 65.38 52.63 55.56 70.59
AE[doptimal] MICCAI24 75.06 99.24 19.52 50.88 99.27 62.75 61.54 54.55 66.67 58.82

Dif-fuse TMI24 81.82 99.95 69.55 63.65 99.97 71.57 73.08 63.16 66.67 76.47
GatingAno PR24 78.73 92.07 11.49 63.04 92.09 54.25 53.85 45.45 55.56 52.94
DTU-Net WACV25 75.70 99.95 58.68 51.44 99.97 68.63 69.23 60.00 66.67 70.59

WDT-MD Ours 82.80 99.96 74.43 65.61 99.98 85.95 88.46 82.35 77.78 94.12

Table 1: Quantitative comparison of the proposed WDT-MD method with the state-of-the-art methods on the IDRiD dataset.
Best results are highlighted as first , second and third . (Unit: %)

Method Source
Pixel-level Image-level

AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

AnoDDPM CVPR22 79.26 99.96 32.09 58.56 99.97 60.00 61.54 51.61 53.33 66.67
CPC WACV23 76.28 99.98 35.34 52.57 99.98 65.42 66.67 58.06 60.00 70.83
DAE MedIA23 72.64 99.95 21.96 45.31 99.96 57.08 56.41 51.43 60.00 54.17

HACDR-Net AAAI24 54.13 98.03 3.53 9.56 98.04 41.67 43.59 31.25 33.33 50.00
AE[doptimal] MICCAI24 78.86 99.98 32.21 57.75 99.98 62.08 64.10 53.33 53.33 70.83

Dif-fuse TMI24 80.82 99.96 32.48 61.67 99.96 61.25 61.54 54.55 60.00 62.50
GatingAno PR24 78.27 98.83 2.253 58.45 98.84 63.33 64.10 56.25 60.00 66.67
DTU-Net WACV25 80.72 99.98 42.99 61.46 99.98 49.58 48.72 44.44 53.33 45.83

WDT-MD Ours 81.08 99.99 57.70 62.16 99.99 70.83 71.79 64.52 66.67 75.00

Table 2: Quantitative comparison of the proposed WDT-MD method with the state-of-the-art methods on the e-ophtha MA
dataset. Best results are highlighted as first , second and third . (Unit: %)

τ ψ
Pixel-level Image-level

AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

% % 73.17 97.17 6.39 49.28 97.20 48.37 46.15 41.67 55.56 41.18
% ! 49.98 98.78 0.53 0.30 98.84 42.81 42.31 34.78 44.44 41.18
! % 67.20 68.84 0.87 62.60 68.84 42.16 34.62 41.38 66.67 17.65
! ! 82.80 99.96 74.43 65.61 99.98 85.95 88.46 82.35 77.78 94.12

Table 3: Ablation study of core components of WDT-MD on IDRiD. τ denotes noise encoding in image conditioning, and ψ
denotes pixel-level supervision. Best results are highlighted as first , second and third . (Unit: %)

τ ψ
Pixel-level Image-level

AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

% % 58.78 97.03 0.36 20.47 97.04 47.08 48.72 37.50 40.00 54.17
% ! 51.69 98.14 5.29 4.05 98.15 45.83 48.72 33.33 33.33 58.33
! % 68.06 79.84 0.17 56.97 79.84 61.25 61.54 54.55 60.00 62.50
! ! 81.08 99.99 57.70 62.16 99.99 70.83 71.79 64.52 66.67 75.00

Table 4: Ablation study of core components of WDT-MD on e-ophtha MA. τ denotes noise encoding in image conditioning,
and ψ denotes pixel-level supervision. Best results are highlighted as first , second and third . (Unit: %)
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Tokenizer
Pixel-level Image-level

Params (M) FLOPs (G)
AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

% 81.03 99.92 64.24 62.09 99.94 77.45 80.77 70.59 66.67 88.24 41.49 478.30
AE-KL 80.81 99.93 67.53 61.65 99.95 68.95 73.08 58.82 55.56 82.35 36.04 229.36

VQ-VAE 81.31 99.91 68.19 62.65 99.93 71.57 73.08 63.16 66.67 76.47 36.24 146.75
VQGAN 81.37 99.95 69.82 62.76 99.97 77.45 80.77 70.59 66.67 88.24 39.00 150.96

DWT (Ours) 82.80 99.96 74.43 65.61 99.98 85.95 88.46 82.35 77.78 94.12 35.04 119.76

Table 5: Impact of various tokenizers for compression in WDT-MD on the IDRiD dataset. Best results are highlighted as first ,
second and third . (Unit: %, Params: number of model parameters)

Tokenizer
Pixel-level Image-level

Params (M) FLOPs (G)
AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

% 77.81 99.90 19.86 55.70 99.91 44.17 43.59 38.89 46.67 41.67 41.49 478.30
AE-KL 78.22 99.94 22.52 56.50 99.94 53.75 53.85 47.06 53.33 54.17 36.04 229.36

VQ-VAE 79.89 99.94 27.49 59.84 99.95 55.83 56.41 48.48 53.33 58.33 36.24 146.75
VQGAN 79.98 99.97 41.02 59.99 99.97 55.83 56.41 48.48 53.33 58.33 39.00 150.96

DWT (Ours) 81.08 99.99 57.70 62.16 99.99 70.83 71.79 64.52 66.67 75.00 35.04 119.76

Table 6: Impact of various tokenizers for compression in WDT-MD on the e-ophtha MA dataset. Best results are highlighted as
first , second and third . (Unit: %, Params: number of model parameters)

Backbone
Pixel-level Image-level

Params (M) FLOPs (G)
AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

Attention U-Net 79.88 99.86 56.32 59.85 99.88 71.57 73.08 63.16 66.67 76.47 382.98 193.48
U-ViT 80.89 99.94 69.79 61.81 99.96 74.51 76.92 66.67 66.67 82.35 59.67 313.89

DiT (N = 1) 79.18 99.93 61.31 58.40 99.95 63.07 65.38 52.63 55.56 70.59 5.78 10.17
DiT (N = 2) 80.62 99.92 61.95 61.29 99.95 71.57 73.08 63.16 66.67 76.47 8.44 20.14
DiT (N = 4) 81.22 99.94 67.76 62.46 99.97 80.07 80.77 73.68 77.78 82.35 13.76 40.06
DiT (N = 8) 81.93 99.94 69.43 63.90 99.97 83.01 84.62 77.78 77.78 88.24 24.40 79.91

DiT (N = 12, Ours) 82.80 99.96 74.43 65.61 99.98 85.95 88.46 82.35 77.78 94.12 35.04 119.76

Table 7: Impact of various backbones of the noise estimator network in WDT-MD on the IDRiD dataset. Best results are
highlighted as first , second and third . (N: number of DiT blocks, Unit: %, Params: number of model parameters)

Backbone
Pixel-level Image-level

Params (M) FLOPs (G)
AUC ACC F1 SEN SPE AUC ACC F1 SEN SPE

Attention U-Net 79.70 99.96 37.85 59.43 99.96 52.50 53.85 43.75 46.67 58.33 382.98 193.48
U-ViT 80.39 99.96 31.57 60.83 99.96 61.25 61.54 54.55 60.00 62.50 59.67 313.89

DiT (N = 1) 76.99 99.97 33.90 54.02 99.97 57.08 56.41 51.43 60.00 54.17 5.78 10.17
DiT (N = 2) 77.41 99.97 36.68 54.85 99.98 55.83 56.41 48.48 53.33 58.33 8.44 20.14
DiT (N = 4) 79.97 99.97 44.37 59.96 99.98 51.67 51.28 45.71 53.33 50.00 13.76 40.06
DiT (N = 8) 80.10 99.97 44.48 60.21 99.98 57.08 56.41 51.43 60.00 54.17 24.40 79.91

DiT (N = 12, Ours) 81.08 99.99 57.70 62.16 99.99 70.83 71.79 64.52 66.67 75.00 35.04 119.76

Table 8: Impact of various backbones of the noise estimator network in WDT-MD on the e-ophtha MA dataset. Best results are
highlighted as first , second and third . (N: number of DiT blocks, Unit: %, Params: number of model parameters)
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Figure 5: The qualitative results for WDT-MD compared with other state-of-the-art methods on IDRiD and e-ophtha MA.

AE[doptimal] (Cai, Chen, and Cheng 2024) and DAE (Kas-
cenas et al. 2023); (4) U-Net-based segmentation methods
HACDR-Net (Xu et al. 2024) and CPC (Yap and Ng 2023).

Quantitative results are presented in Table 1 and Table
2. WDT-MD demonstrates top performance, outperforming
current state-of-the-art methods, spanning both AD and seg-
mentation frameworks. At the pixel level, it achieves an
AUC of 82.80% on IDRiD and 81.08% on e-ophtha MA.
In terms of the image level, it reaches 85.95% on IDRiD and
70.83% on e-ophtha MA. Furthermore, Fig. 5 illustrates the
qualitative results on both datasets, highlighting WDT-MD’s
remarkable ability to precisely detect subtle MAs.

Ablation Study
Ablation Study of Core Components. Our ablation study
highlights the notable improvements brought by our method,
as shown in Table 3 and Table 4. Specifically, the pixel-
level SEN is improved to 65.61% and 62.16% on IDRiD
and e-ophtha MA, respectively. This underscores that noise-
encoded image conditioning effectively mitigates “identity
mapping” by preventing mere replication from the image
condition. Furthermore, the integration of pixel-level super-
vision markedly reduces false positives, yielding improve-
ments of (31.14%/76.47%) in (pixel-level/image-level) SPE
on IDRiD and (20.15%/12.50%) on e-ophtha MA.

Impact of Tokenizers. To investigate the impact of dif-
ferent tokenization strategies, we conducted comparative
experiments. As presented in Table 5 and Table 6, DWT
achieves the best performance, with improvements of
(4.61%/11.76%) in (pixel-level/image-level) F1 score on
IDRiD and (16.68%/16.04%) on e-ophtha MA. This un-
derscores the advantage of DWT in detail preservation
and multi-scale feature modeling. Notably, compared with
training-based tokenizers such as VQGAN, the use of DWT
reduces the Params by 1.00M and the FLOPs by 18.39%,
demonstrating its superiority in computational efficiency.

Impact of Backbones. The impact of different backbones
on WDT-MD performance is evident in Tables 7 and 8. On
both IDRiD and e-ophtha MA, our DiT backbone (N=12)

(b) e-ophtha MA(a) IDRiD

Figure 6: The quantitative results for WDT-MD under dif-
ferent maximum noise encoding timesteps δmax. (Unit: %)

delivers the best performance. Notably, compared with At-
tention U-Net (Dhariwal and Nichol 2021), the most com-
monly used backbone in diffusion models, our backbone re-
duces the Params by 90.85% and FLOPs by 38.10%, rein-
forcing its suitability for clinical deployment.

Impact of Noise Encoding Timesteps. Furthermore, we
explored the impact of varying maximum noise encoding
timesteps. As depicted in Fig. 6, our model performs best at
δmax = 10. This indicates that moderate noise encoding ef-
fectively mitigates “identity mapping”, while too large δmax

implies excessive noise injection and more difficult model
convergence, causing performance degradation.

Conclusion
In this paper, we introduce WDT-MD, a novel supervised
AD framework for MA detection. WDT-MD incorporates
the noise-encoded image conditioning mechanism to miti-
gate “identity mapping”, pseudo-normal pattern synthesis to
reduce false positives, and the wavelet diffusion Transformer
architecture to enhance reconstruction quality of normal
retinal features. Extensive experiments demonstrate WDT-
MD’s superior performance. In future work, we will explore
integration with multimodal ophthalmic data to further ex-
pedite clinical adoption of AI-powered early DR screening.
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