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Abstract

Medical imaging super-resolution is critical for improving diagnostic utility and
reducing costs, particularly for low-cost modalities such as portable Optical Co-
herence Tomography (OCT). We propose OCTDiff, a bridged diffusion model
designed to enhance image resolution and quality from portable OCT devices.
Our image-to-image diffusion framework addresses key challenges in the condi-
tional generation process of denoising diffusion probabilistic models (DDPMs).
We introduce Adaptive Noise Aggregation (ANA), a novel module to improve
denoising dynamics within the reverse diffusion process. Additionally, we integrate
Multi-Scale Cross-Attention (MSCA) into the U-Net backbone to capture local
dependencies across spatial resolutions. To address overfitting on small clinical
datasets and to preserve fine structural details essential for retinal diagnostics, we
design a customized loss function guided by clinical quality scores. OCTDiff out-
performs convolutional baselines and standard DDPMs, achieving state-of-the-art
performance on clinical portable OCT datasets. Our model and its downstream
applications have the potential to generalize to other medical imaging modalities
and revolutionize the current workflow of ophthalmic diagnostics. The code is
available at https://github.com/AI4VSLab/OCTDiff.

1 Introduction

Medical image analysis has been transformed by recent deep learning advances, including disease
classification [1, 2], tissue and cellular segmentation [3], and contrast enhancement [4]. However,
most existing models are trained on data from high-end imaging systems, making them less effective
and even unusable in low-resource or point-of-care settings. One critical domain with this limitation
is ophthalmology, where high-quality Optical Coherence Tomography (OCT) systems can cost
over 50,000 dollars and weigh more than 50 pounds, significantly reducing their accessibility in
underdeveloped regions.

Convolutional neural networks (CNNs) and generative adversarial networks (GANs) have been
widely applied for OCT image enhancement tasks including super-resolution (SR) and denoising.
For instance, an early approach [5] built on ESRGAN [6] and MedGAN [7] demonstrated promising
visual improvements on simulated low-resolution OCT images. However, it suffered from mode
collapse and generated unwanted artifacts; hence, its generalizability to real-world clinical scans
remains untested. CNN-based super-resolution methods have also been applied on other medical
imaging modalities such as computed tomographpy (CT) and magnetic resonance imaging (MRI)
[8, 9]. Though quantitative performance improves, these models tend to hallucinate fine details and

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



fail to preserve delicate anatomical structures, which are essential for accurate diagnosis. Medical
visual tasks for diagnostic assistance such as anatomical segmentation and motion correction have
achieved clinically-usable performance [10, 11], but SR remains challenging due to the inherent low
contrast of low-resolution images and the scarcity of large-scale patient datasets with low-resolution
and high-resolution pairs, despite well-established SR benchmarks on natural images [12].

Figure 1: Pipeline of our study. The clinical low-resolution dataset was captured with a portable OCT
device and then underwent necessary filtering, preprocessing, and registration. The synthetic dataset
[5] was obtained by matching the histogram of the commercial OCT data to that of the portable OCT
data, convolving the resulting data with the Point Spread Function (PSF) of the portable OCT, and
then downsampling the data by a factor of 4 [6]. OCTDiff super-resolves both datasets and generates
high-resolution outputs for downstream classification of ophthalmic diseases such as glaucoma and
age related macular degeneration (AMD).

Diffusion-based generative modeling, i.e. denoising diffusion probabilistic models (DDPMs) [13],
has demonstrated superior performance over convolutional models and GANs in terms of both
generative quality and training stability [14, 15]. DDPM variants such as latent diffusion models
(LDMs) [16] and conditional DDPMs (CDMs) [17] extend the power of DDPMs by incorporating
guided conditioning to generate more controlled outputs. However, they are still not guaranteed to
reliably translate images between different domains when conditioning on a target image. A more
recent approach, the bridged Brownian diffusion model (BBDM) [18], emphasizes conditioning by
directly using the reference image as the initial point in the reverse diffusion process. This architecture
is particularly well-suited for image-to-image tasks such as style transfer and semantic synthesis.
Nevertheless, its potential for super-resolution and its effectiveness when training on medical images,
which are small in dataset size and large in spatial resolution [19], remains relatively unexplored.

To address these limitations, we propose OCTDiff, an image-to-image super-resolution conditional
diffusion model for portable OCT enhancement. OCTDiff builds upon the bridged framework
originated from BBDM. We propose two novel components: (1) an Adaptive Noise Aggregation
(ANA) algorithm that stabilizes the reverse denoising trajectory by aggregating noise predictions
from previous time steps in the reverse process; and (2) a Multi-scale Cross-Attention (MSCA) UNet
backbone that enables cross-resolution feature interaction between encoder and decoder to better
capture both global anatomy and fine retinal details. (3) During model training, we also introduce
a custom loss function with modulation from a clinical quality score to guide the model toward
perceptually and diagnostically meaningful outputs.

In summary, our main contributions are:
• We propose OCTDiff, which significantly outperforms baseline methods in both quantitative met-

rics and qualitative structural fidelity on real-world OCT datasets. The computational efficiency
and training speed are also preserved, as demonstrated in Section 4.1.

• We are the first to address the semantic misalignment issue [20] in conditional DDPMs through
temporal fusion across denoising steps, enabling stronger conditioning guidance throughout the
generation process. This strategy is uniquely feasible within the bridged diffusion framework,
where the conditioning image directly anchors the reverse process.

• Clinically, OCTDiff pioneers a new direction at the intersection of AI and healthcare, tailored
for ultra-low-resolution images from portable devices. Its utility in downstream classification
tasks (Section 4.3) shows OCTDiff’s potential to deliver affordable and reliable vision care to
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under-served and remote populations, and to generalize to other resource-constrained medical
imaging settings.

2 Related Work

Heuristic Optimization in Diffusion Models Early improvements in diffusion models relied
heavily on heuristic strategies for loss weighting, noise scheduling, and sampling. Hybrid loss
designs [21, 22, 23, 24] combine pixel-wise noise prediction with latent-space objectives to balance
reconstruction accuracy and perceptual realism. For noise scheduling, linear or cosine� t schedules
[25] are commonly used, while more recent works [26, 27] propose handcrafted tuning based on
empirical settings that better align with DDPM's denoising capacity across timesteps. Additionally,
timestep reweighting prioritizes intermediate steps where gradients are more stable [21, 25, 28, 29,
30]. These heuristic strategies improve sample diversity and convergence without modifying model
architecture, but they are inherently static and task-agnostic, often relying on �xed schedules and an
assumption that certain timesteps are more important than others. In contrast, our Adaptive Noise
Aggregation (ANA) module in OCTDiff dynamically aggregates multiple denoising predictions
across timesteps, assigning different noise schedules to different images. This temporal fusion
captures complementary information from various noise levels that represent multi-scale features,
which is conceptually similar to ensemble learning. ANA is only realizable within a bridged
diffusion framework, being particularly effective for conditional tasks such as super-resolution and
reconstruction for degraded OCT images.

Learnable noise modulation MuLAN [31] learns per-sample noise schedules by predicting the
optimal noise scale� for each input, while other methods [32, 33] use auxiliary networks or learned
noise embeddings to re�ne denoising behavior. ANA also aims to improve signal-noise alignment but
achieves this through temporal fusion rather than direct modulation. Unlike MuLAN's learned noise
schedules, ANA adapts noise dynamically per image without introducing additional supervision,
making it well-suited for resource-constrained applications. While ANA may sacri�ce �exibility in
handling highly variable noise patterns compared to MuLAN, it offers a simpler and more ef�cient
solution, particularly for OCT scans that require consistent, low-complexity adaptations.

Attention and Diffusion Recent works increasingly integrate attention mechanisms into diffusion
models. Transformer-based architectures such as latent diffusion [16], ImageCraft [34], and CDM
[35] incorporate self- and cross-attention to enhance spatial coherence. Other designs introduce hier-
archical [36], spatially-aware [37], or multi-scale attention [38, 39] to improve structure preservation
while maintaining ef�ciency. Some models further combine attention with guidance signals (e.g., text,
edge maps) for stronger control [40, 41]. While prior multi-scale works stack features within encoder
or decoder branches or process them in parallel at a single resolution, our MSCA introduces explicit
cross-attention between encoder and decoder features at different scales, enabling context-aware
guidance across resolutions.

Temporal Ensembling and Recurrent Denoising We introduce the ANA as a regularizing prior
across timesteps, inspired by previous aggregation algorithms. For example, temporal ensembling
reduces prediction variance and enhances consistency in semi-supervised learning [42]; and recurrent
denoising bene�ts from multi-step integration to avoid error explosion [43]. The idea of combining
global and local features in medical images also resembles multi-scale fusion of frequency components
via weighted aggregation [44]. Our work is also distinctive from differential-equation–based methods
[45] because ANA is discrete-time, controllable (with attenuation� ) and operates during inference
(not training). Also rather than modifying the noise sampler like DPM-Solver[46], ANA assumes a
�xed noise schedule (e.g., linear or cosine) and aggregates the previously-sampled noise vectors.

3 Method

3.1 Adaptive Noise Aggregation

Our OCTDiff builds upon bridged diffusion [18] that learns the translation between two image
domains directly through a bidirectional diffusion process. We propose Adaptive Noise Aggregation
(ANA) strategy to improve the stability of the reverse denoising process. Noise predictions at
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different time stepst encode complementary information particularly for high-frequency retinal
details. Aggregating different noise levels basically leverages different image scales' information.
ANA with adaptive weights enhances �ne structure reconstruction, especially when the input is
severely degraded as in portable OCT scans.

The reverse process starts from the high-resolution conditionx̂T = y, and iteratively estimates
intermediate latent stateŝx t to recover a clean imagêx0 overT denoising steps. At each stept, the
model de�nes the reverse transition as:

p� (x t j x t +1 ; y) � N (� � (x t +1 ; t; y ); � � (x t +1 ; t; y )) (1)

wherep� is a learned Gaussian distribution with parameters predicted by the U-Net backbone. The
noise component is estimated as�̂ t = " � (x t +1 ; t; y ), where" � is the noise prediction network. This
predicted noisê� t is then used to reconstruct an intermediate clean estimatex̂ t

0, which subsequently
informs the mean function� � (x t +1 ; t; y ) in the reverse transition.

To improve the robustness of the reverse process, our ANA algorithm does not rely solely on the
current noise prediction. Instead, it adaptively aggregates noise predictions from all previous time
steps in the reverse processf �̂ � gT � 1

� = t using exponential decay. This temporal fusion yields a more
stable and informative estimate�� t . The aggregation is formally de�ned as:

�� t =
1
Z t

T � 1X

� = t

exp(� � (� � t)) � �̂ � ; (2)

where the weight functionw(�; t ) = exp( � � (� � t)) introduces a time-decay prior, emphasizing
predictions closer to stept while still leveraging long-range information. The scalar� > 0 controls
how fast the weight decays over time. We discuss the impact of different� values in an ablation study
(Section 4.2). The normalization termZ t ensures the aggregated weights sum to 1:

P T � 1
� = t

w( �;t )
Z t

= 1 .
This updated� t forms soft temporal fusion of noise estimates.

An intuitive explanation for ANA is the exponential moving average (EMA) [47]. We adapt the
EMA principle to the spatially-structured noise tensor space, making ANA a temporally-aware
ensemble over latent signals within diffusion. In OCTDiff, the forward process generates a sequence
of interpolated images (“bridges”) between the low-resolution input and high-resolution target. This
bridging mechanism ensures all intermediate steps are structurally meaningful and semantically
anchored. Therefore, aggregating noise predictions across time is more stable and informative here.
On the contrary, in standard DDPMs, reverse steps are inherently noisy in early steps and often
sensitive to prediction errors, which makes temporal aggregation less stable.

The proposed ANA strategy enables the model to leverage not only the current noise prediction but
also aggregated predictions across future steps. This stabilizes the reverse trajectory and enhances
�nal image quality. The ANA algorithm is summarized in Algorithm 1.

Algorithm 1 Adaptive Noise Aggregation
(ANA)
Require: High-resolution input̂xT = y, total

stepsT
Ensure: Super-resolved output̂x0
1: for t = T� 1 to 0 do
2: �̂ t  " � (x̂ t +1 ; t)
3: if t > T= 2 then
4: �̂ t  Refine (�̂ t ; rL denoise)
5: end if
6: �� t  1

Z t

P T � 1
� = t exp(� � (� � t)) � �̂ �

7: x̂ t
0  Reconstruct (x̂ t +1 ; �� t ; t)

8: x̂ t  � � (x̂ t +1 ; x̂ t
0; t)

9: end for
10: return x̂0

Re�nement Module: To improve robustness
at early stages (t > T= 2), we apply a gradient-
based re�nement:

�̂ t  �̂ t � � � r �̂ t L denoise;

where� is a small step size andL denoisedenotes
a pixel-level loss against a pseudo-ground truth.

Reconstruction Module: Given x̂ t +1 and the
aggregated noise�� t , we use the DDIM [48] in-
version rule:

x̂ t
0 =

1
p

�� t

�
x̂ t +1 �

p
1 � �� t � �� t

�
;

to approximate the clean image at step 0. Then
x̂ t

0 is used to compute the posterior meanx̂ t as
in the DDPM/DDIM formulation.
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Figure 2: The Adaptive Noise Aggregation (ANA) process in reverse diffusion.

3.2 Multi-Scale Cross Attention

We implement multi-scale cross-attention (MSCA) in the UNet backbone of our OCTDiff model.
The MSCA enables encoder features at each scale to attend to decoder features at different scales.
This cross-scale interaction is particularly important for our super-resolution task on OCT images.
Medical image scans such as OCT often contain crucial diagnostic patterns in small, localized patches
observed at different scales. For example, at a scale of32 � 32, only the vessels may be visible,
while at128� 128, the scan may show larger structures like the retina and tissue. The MSCA helps
preserve �ne retinal structures while capturing global context in OCT.

For each encoder queryQs
enc at scales 2 Senc, the attention is computed with key-value pairs

(K s0

dec; V s0

dec) from different scaless0 2 Sdec wheres0 6= s. The attention is computed by the softmax
of the scaled dot product between the query and the key. The output of the attention is then added to
the original queryQs

enc to preserve the residual connection. (Eq.(3)) depicts the MSCA mechanism:

~Qenc =
X

s2S enc

X

s02S dec
s06= s

 

Qs
enc+ Softmax

 
Qs

enc(K
s0

dec)
>

p
C

!

V s0

dec

!

(3)

3.3 Loss Function with Clinical Quality Score

Due to the physical constraints of portable OCT devices, some acquired OCT scans are highly
degraded. We thus incorporate clinical expert knowledge into model training by introducing a
quality-aware loss function. Each high-resolution training image is assigned a perceptual quality
scoreS( i )

quality derived from subjective ratings provided by ophthalmologists. These ratings (e.g., from
1 to 10) are aggregated via voting and normalized to form a continuous score, re�ecting the perceived
clinical value of each target OCT image. We design a focal-style loss that enables high-quality scans
to have a larger impact during model training. This is formulated as a perceptual quality modulated
mean squared error:

MSEfocal =
1
N

NX

i =1

�
1 � S( i )

quality

� 

� (x i � x̂ i )2 (4)

Here,
 < 0 is a focusing parameter that controls the degree to which high-quality samples are
prioritized, usually being set in [-2, -1]. The modulation term(1 � S( i )

quality)

 prevents the model from

being confused by relatively suboptimal OCT data.

3.4 Datasets and Experiments

Synthetic 500 Dataset We use two medical OCT datasets in our experiments: one synthetic and
one clinical. The synthetic dataset is referred to as the Synthetic 500 dataset that contains 524 pairs of
OCT B-scans and was designed to simulate the imaging characteristics of portable OCT devices. The
high-resolution images were acquired from a Carl Zeiss© Cirrus HD-OCT 5000 machine and serve
as ground truth. The low-resolution scans were generated by �rst matching the intensity histograms
of high-resolution scans, then convolving them with the Point Spread Function (PSF) derived from a
Lumedica portable OCT device, and �nally downsampling by a factor of 4 as used in ESRGAN [6]
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Figure 3: Illustration of the Multi-scale Cross-Attention (MSCA) mechanism. Encoder features at
each scale attend to decoder features at different scales, enabling cross-scale information fusion.

experiments. The Synthetic 500 dataset serves as a controlled setting for proof-of-concept evaluation
and comparison with baselines to demonstrate the superiority of OCTDiff.

Philophos 84 Dataset Due to the lack of publicly available low-resolution OCT datasets, we
collected our own real-world dataset with the Philophos© KUOS-O100 portable OCT device. OCT
B-scans were captured from patients who visited Columbia Ophthalmology from May through July
2024. To obtain paired high-resolution scans under consistent physical and clinical conditions, each
participant also underwent an additional OCT scan using a commercial device (Zeiss Cirrus 5000)
during the same visit. The portable device has signi�cantly limited imaging capabilities: shallower
imaging depth of 2.0 mm (commercial: 2.9 mm), smaller �eld of view 6.5� 6.5 mm (commercial:
>8 mm), and reduced spatial resolution of 562� 1286 (commercial: >3k).

These hardware limitations result in low-resolution, high-noise, low-contrast images, often with off-
centered or partially missing retinal structures. We �rst �ltered out technically corrupted or clinically
irrelevant scans, then applied an unsupervised denoising approach [49] to all images. Next, af�ne
registration was performed using ImFusion© software [50] to align remaining scans to a standard
OCT template [51] and resizing to 256 for model training. Then we conducted augmentation including
�ipping, scaling, rotation, elastic deformation, and contrast enhancement. After preprocessing, we
obtained 504 paired B-scans from 84 patients, forming the Philophos 84 Dataset that presents realistic
challenges for low-quality portable OCT enhancement. OCTDiff is proposed to faithfully super-
resolve these degraded scans from “unusable” to “usable”, thereby making portable OCT devices
clinically valuable.

4 Results

We present quantitative and qualitative results of our OCTDiff against baseline models. We conduct
ablation studies to analyze the effects of the ANA and MSCA modules and the quality-score informed
loss on model performance, complexity, and training ef�ciency, including different cross-attention
types and the exponential decay rate� in ANA. To demonstrate real-world applicability, we perform
downstream disease classi�cation using images generated by OCTDiff, comparing results with those
from original low-resolution and target high-resolution scans. Finally, we discuss the limitations of
our approach and directions for future work.
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