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Abstract. Precise analysis of ophthalmic diseases necessitates accurate
vessel segmentation, image registration, and bifurcation detection across
multi-modal images. However, automating these tasks is hindered by
expensive manual annotation, which is further exacerbated by various
imaging modalities and diseases. Existing generative methods for reduc-
ing labeling burden primarily struggle with two challenges: (1) reliance on
target-domain image-label pairs and (2) difficulties in achieving a proper
balance between controllability and appearance realism. In addition,
there is a lack of effective methods for generating modality-dependent
labels that can support multiple tasks. In this paper, we propose a uni-
fied framework that first generates modality-specific vessel masks and
bifurcation labels, followed by the synthesis of realistic target-modality
images that are structurally consistent with the generated labels, for zero-
shot multi-modal and multi-task fundus image analysis. Specifically, we
first rely on vascular dynamics simulations to design a flexible pipeline
to synthesize labels. Then, by disentangling structure and appearance
via phase maps during the generation, we are able to generate realis-
tic images without requiring image-label pairs from target modalities.
Our framework is evaluated under four paradigms across three tasks,
including segmentation, registration, and keypoint detection, where our
method achieves strong zero-shot performance. Our code is available at:
https://github.com /kaiwenli325/UniVessel.

Keywords: Controllable generation - Vessel label generation - Fundus
image analysis.

1 Introduction

Advancements in vessel segmentation [I7], image registration [I8], and vessel
bifurcation detection [27] have facilitated accurate analysis of ophthalmic dis-
eases. However, most of these improvements rely on vessel-centric annotations.
Given the diversity of modalities and tasks in ophthalmology, together with
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Fig. 1. (A) Illustration of modality differences. (B) The framework of UniVessel. (C-F)
Four representative tasks supported by UniVessel and (G) their main results.

disease-induced appearance variations, large-scale and fine-grained vessel anno-
tation is prohibitively expensive. Consequently, research on label-efficient meth-
ods [T7IT0I3I2] has gained widespread attention in recent years.

Typically, some methods rely on target image-label pairs to generate pseudo-
labels for task-specific supervision [I7I10], or learn their mapping to generate new
pairs [BJ6I7I31], both of which require target manual labels. In contrast, other
methods [2/5] utilize cycle-consistency [32] and borrow vessel masks from other
modalities as structure control to generate target-modality images. However,
jointly modeling structure and style often leads to a trade-off between control-
lability and realism. Moreover, since vessel patterns differ substantially across
modalities, the modality-related nature of vessel masks exacerbates discrepancies
between generated and real images. For example, vessel masks of color fundus
images are not suitable for guiding the generation of wide-field fundus images
characterized by dense vessel networks, as shown in Fig. [[] A. Alternatively, a
potential approach is to synthesize vessel masks from scratch, allowing for the
flexible integration of modality-dependent characteristics. Therefore, it is imper-
ative to jointly generate modality-specific labels and corresponding images that
are both structurally controllable and stylistically realistic, to reduce labeling
burden and enable zero-shot tasks.

To address these limitations, we propose UniVessel, a unified framework
for generating modality-specific vessel labels and corresponding realistic im-
ages, enabling multiple zero-shot tasks. As shown in Fig. [I] B, in UniVessel,
based on initial vessel networks [I], we first establish a topology-aware label
generation pipeline, UniVessel-label, to produce vessel masks and bifurcation
coordinates that reflect target-modality characteristics. Unlike methods based
on tissue metabolism and dynamics [262TT5T], which can simulate anatom-
ically plausible networks but fail to accommodate modality-specific fields of
view (FOV) and vessel densities, UniVessel-label generates modality-aware la-
bels providing reliable control signals for image synthesis and supervision for
downstream tasks. Then, we design a structure and style decoupled generation
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paradigm, UniVessel-img, where two diffusion models are employed to separately
handle mask-controlled generation and modality-specific style synthesis, with
image phase maps serving as an intermediate bridge. By learning the control
relationship solely from paired data in public datasets, UniVessel-img can syn-
thesize images across diverse modalities without requiring target-domain image-
label pairs. UniVessel is evaluated on three tasks (Fig. [1| C-F), including ves-
sel segmentation, image registration, and bifurcation detection, where UniVessel
achieves outstanding zero-shot performance without supervision from real target
image-label pairs, as shown in Fig. [I] G.

2 Related work

2.1 Vessel network generation

To simulate vessel structures, based on the space colonization algorithm, [26]
further added physiological constraints to control the branching of vessels. By
computing oxygen concentration and vascular endothelial growth factor, [21]
simulated retinal vascular plexuses to construct optical coherence tomography
angiography labels. Subsequently, [I5] improved small capillary generation by
incorporating space colonization theory. [I] employed a biophysical principle,
Murray’s law, to decide parameters such as vessel diameters and branching dis-
tances, thereby synthesizing vessel networks and deriving vessel masks. However,
identical vessel networks can appear substantially different across modalities due
to different sources of image contrast. The above methods lack a unified and
flexible pipeline for modality adaptation and provide limited control over visual
attributes such as vessel tortuosity and thickness distribution.

2.2 Fundus image generation

To generate paired images and vessel masks, [3] used the decoder of an autoen-
coder for mask generation along with a mask-controlled image generator, trained
by target image—label pairs and an adversarial loss. [7] trained separate mask and
image generators using manually annotated data, and leveraged the synthesized
samples to augment the original dataset. Following a similar architecture, [6]
further introduced a super-resolution network to improve image quality. Using
an unpaired CycleGAN-based framework, [2J5] transformed vessel masks from
the DRIVE dataset [28] into images of the target modality. These methods either
require a certain amount of paired target-domain data, or employ vessel masks
that fail to reflect the structure characteristics of the target modality.

3 Methods

3.1 Overview

Our UniVessel framework consists of two main modules: UniVessel-img gener-
ates style-realistic images that structurally follow the input masks;
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Fig. 2. (A) The training of UniVessel-img. (B) The generation pipeline of vessel masks
and bifurcations in UniVessel-label. (C) The inference process of UniVessel.

UniVessel-label generates vessel masks and bifurcation coordinates that con-
form to the characteristics of different modalities. To train the control-
lable generation model, we leverage paired public data to learn the structure
correspondence between vessel masks and images. Moreover, instead of directly
using images as generation targets, we introduce local phase maps [14] as a novel
intermediate modality. This effectively resolves the style interference caused by
domain shifts between public and target datasets, which otherwise hinders the
learning of structure control. These maps explicitly disentangle structure from
style by encoding structure features (e.g., edges and lines) while suppressing
spectral/device-dependent intensity and contrast variations. Therefore, adopt-
ing a DDPM-based generation paradigm [9], UniVessel-img employs denoising
UNets eé‘/l P and 65 I to learn mask-controlled phase map generation and trans-
form phase maps into realistic target images, respectively. During inference,
masks generated from UniVessel-label serve as the original control signals for
UniVessel-img, where the final generated image-label pairs can support multiple
downstream tasks.

3.2 Structure-to-Style Generation via Modality Bridging

Learning a Phase-based Structure Bridge To generate the phase maps as
a modality bridge, at each spatial location, an image can be represented by even-
and odd-symmetric components based on concepts of the analytic signal. The
local phase is then defined as the arctangent of their ratio [14].

Formally, as shown in Fig. [2] A(a), taking image I; sampled from the target
domain as an example, its local phase map is computed and denoted as P;. Since
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I; does not have a corresponding vessel mask, its control mask m; is set all-zero.
Meanwhile, I; is sampled from the public datasets, along with its control mask
m; and computed local phase map P;. To prevent the network from incorrectly
transferring non-zero control masks exclusively to phase maps of public datasets,
we randomly set m; to an all-zero image with probability FPy,qp:

m; = a-m;, a ~ Bernoulli(Pdrop) (1)

For each phase map in the input minibatch, the diffusion process samples
noise € ~ N(0,I) and a timestep ¢ € {1,...,T} to perturb P into the noisy
P. P is concatenated with its control signal m along the channel dimension
and fed into the denoising UNet eé”P , along with ¢ representing its modality
and the timestep ¢. Then, eé\/f P which aims to generate phase maps of different
modalities, is trained by:

Laiff—Mp = — ZHEk—EG Pk,mkvckvtk)HQ (2)

Phase-Guided Modality-Specific Texture Rendering As shown in Fig. [2]
A(Db), using phase maps as control, UniVessel-img further employs another de-
noising UNet, 65 ! to synthesize target-modality images. At this stage, all images
I, are associated with phase maps P. computed from themselves. Following a
similar training scheme as eé‘/[ P with I, and P, as the generated target and

control signal, respectively, the loss of 65 I'is calculated as follows:
K
Laiff—pr1 = — e — € (In, Py, e ti) |13 (3)
K
k=1

3.3 Modality-aware Automated Label Generation

Based on the trained UniVessel-img, UniVessel-label generates the vessel mask
serving as the control mask for e MP to generate the corresponding phase map
which then guides €)'/ to synthesize the paired image. Specifically, regarding the
generation process of UniVessel-label, as shown in Fig. 2l B(a), an initial vessel
graph is first simulated following L-system and Murray’s law [1I23], and then
cropped according to a modality-specific FOV. As Murray’s law governs vessel
diameter during vessel branching and growing, we accordingly determine the
inheritance relationships between nodes, enabling flexible control over branch-
ing hierarchy. To produce naturally curved vessels, we determine spline control
points Pp and Pc along the directions N4 to Ng and Np to Np, respectively,
ensuring that large curvature does not occur near the nodes. The remaining
interpolation points, such as J;, are randomly distributed around the line con-
necting Ng and N¢. Finally, the diameter distributions of large and small vessels
are controlled using a power function with parameters v, 5 and k, and vessels are
extracted within device-specific regions. Small random perturbations are added
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to these parameters to account for intra-modality variations. Overall, UniVessel-
label flexibly generates modality-specific labels by adapting branching levels to
imaging depths and tuning the FOV and tortuosity alongside parameters (v,
and k) according to the target modality.

3.4 Supporting fundus image analysis tasks

Based on the image-label pairs generated by UniVessel following the inference
process in Fig.[2] C, a wide range of fundus image analysis tasks can be performed
in a zero-shot manner without supervision from real target image-label pairs.
Here, we demonstrate four representative paradigms, as shown in Fig. [I] C-F:

1. Vessel segmentation: networks are trained on generated images, using the
corresponding generated masks as ground truth.

2. Bifurcation detection: networks are trained on generated images, super-
vised by the corresponding generated bifurcation coordinates.

3. Registration (sampled A): networks take pairs of generated images and
their A-warped counterparts as inputs, supervised by numerous point corre-
spondences sampled via the affine matrix A.

4. Registration (paired bifurcations): networks are trained on the same warped
image pairs, guided by anatomically meaningful bifurcations as supervision.

4 Experiments

Implementing details and Datasets: UniVessel is implemented in PyTorch
on NVIDIA 1.40s and trained for 1000 epochs using the Adam optimizer with
an initial learning rate of 0.0001, which is gradually decayed. The minibatch size
is set to 6, and the input image resolution is 1 x 512 x 512. UniVessel employs
4000 denoising steps with a linear noise scheduler. Py, is set to 0.7.

For testing the zero-shot ability of UniVessel, we employ images of Laser
speckle contrast imaging (LSCI) [1I7] and ultra-widefield fundus photography
(FP) [ for segmentation. FIRE dataset [§] is used for registration and bifurca-
tion detection. For learning the control relationship, 80 images from FIVES [IT]
and 80 images from RVD [I12] are employed.

Results: we first present images generated by different methods based on
UniVessel-label’s masks. For DDPM [9] and Rectified Flow [19], images are syn-
thesized under the guidance of public paired data, without using phase maps. As
shown in Fig. [3] unpaired generation approaches (CUT|[25], CycleGAN[32]) tend
to preserve either stylistic or structure consistency. Meanwhile, DDPM and Rec-
tified Flow prioritize appearance and do not always adhere to the control masks.
In contrast, benefiting from the decoupled design, UniVessel-img can follow the
control masks to synthesize realistic images.

For segmentation, we compare UniVessel with 1-shot segmentation meth-
ods (IFA[24], HSNet[22], PATNet[16]) and generative methods which synthesize
datasets to train a UNet for segmentation, and 150 vessel masks generated by
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Real examples UniVessel-label UniVessel-img CUT CycleGAN DDPM Rectified flow

Fig. 3. Images generated from masks of UniVessel-label:(a)LSCI, (b)FP, (c)FIRE.

Table 1. Comparisons of segmentation on LSCI and FP with values in percentage (%).

LSCI FP
Methods Dicet Jaccard? Kappaf HD95|| Dicet Jaccard? Kappaf HD95|
IFA (1-shot) 8.15 4.26 0.49 41.18 | 52.34 34.07 48.16 36.10

HSNet (1-shot) 7.09 3.70 0.37 38.22 |57.04 40.23 55.36 32.21
PATNet (1-shot) 3.99 2.05 1.52  41.65 |55.34 38.57  53.72 36.89

cuT 48.45 32,55  45.63 44.40 |15.15 8.24 9.27  74.13
CycleGAN 59.11 42.64 55.66 33.79 |33.62 20.31 30.72 29.13
Rectified Flow  19.65 10.94 7.32 55.37 |34.81 21.61 33.39 59.19
DDPM 22.66 12.85 12.05 46.44 |37.86 23.55 35.01 24.43

UniVessel(ours) 68.49 52.30 65.91 26.66|59.89 42.99 58.36 17.97

UniVessel-label are used as control signals and supervision. As shown in Table.
UniVessel achieves the best performance across all metrics on both datasets, even
outperforming the 1-shot methods. Compared with other generative approaches,
UniVessel produces structurally consistent and realistic images even under large
domain gaps, which in turn leads to improved segmentation performance.

For registration, we compare UniVessel with unsupervised (GDP-ICP [30],
DASC [13]), cross-domain zero-shot (MIFNet [20]), and generation methods
which synthesize datasets to train XoFTR [29](Fig. [l| E). We further evaluate
UniVessel using SuperRetina [I8](Fig.[[]F). MAE and RMSE of the distances be-
tween paired annotated points after registration are computed, at the resolution
of 1024 x 1024. MedianE and MaxE denote the median and maximum distances,
respectively, while SR indicates the rate of successfully estimated transforma-
tion matrices. As shown in Table. 2] UniVessel achieves the best performance,
demonstrating its superiority and multi-task adaptability.

For bifurcation detection, the generated images are used to train a UNet
for detection. Since not all bifurcations in FIRE dataset are labeled, recall on the
annotated ones is used as the primary metric. A ground-truth point is considered
detected if a predicted point lies within a predefined distance which is set to 10
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Table 2. Comparisons of registration on FIRE

Methods MAE| RMSE] MedianE| MaxE] SRt
GDP-ICP 14.08 48.66 2.15 289.37 9%
DASC 113.02 181.69  23.23  641.52 100%
MIFNet 431 6.84 2.38 63.71 100%
CUTxoFTR 93.17 169.32 9.09 642.00 100%
CycleGANxorTR 91.77 202.30 9.86  1754.48 100%
Rectified FlowxorTR 27.23 114.71 5.19  1053.29 100%
DDPMxorTR 112.96 181.66  23.37  640.00 100%

UniVesselguperRetina(ours) 9.96  20.79 3.70 174.79 100%
UniVesselxorTr (ours) 3.18 4.99 1.77  60.18 100%

Table 3. Comparisons of bifurcation detection on FIRE.

Mothods Recalll  MAE] RMSE] [Recalll MAE]  RMSE]
(10pix) (10pix, R0.5) (10pix, R0.5)| (5pix) (5pix, RO.5) (5pix, RO.5)
CUT 60.60 7.12 7.73 19.85 - -
CycleGAN 65.22 5.87 6.58 32.76 - -
Rectified Flow  70.90 6.23 6.93 33.73 - -
DDPM 61.71 6.11 6.91 28.06 - -
UniVessel(ours) 94.93 5.60 6.29 52.84 3.49 3.73

Table 4. Ablations on segmentation(LSCI), registration(FIRE) and detection(FIRE)

Settings Segmentation Registration Detection(10pix)
Phase Canny Drop | Dicet HD95||MAE| RMSE| SRt |Recalltf MAE| RMSE|
v 21.94 156.36|106.86 180.32 39% | 86.72 6.46  7.16
v v 27.33  76.80 |104.99 179.56 44% | 85.45 6.07  6.77
v 59.52 33.12 | 3.29 541 100% | 90.89 6.50  7.28
v v 68.49 26.66 | 3.18 4.99 100% |94.93 5.60 6.29

and 5 pixels. For fair comparisons, we select the predicted points with the highest
confidence such that the recall reaches 0.5, and compute their MAE and RMSE.
Again, UniVessel achieves the best performance in Table.[3| and under the more
stringent 5-pixel threshold, it is the only method whose recall exceeds 0.5.

As shown in Table[d] ablation studies on segmentation, registration, and de-
tection demonstrate the effectiveness of the key designs in our method. By using
phase maps as a modality bridge to disentangle structure from style, UniVessel-
img generates realistic and structurally controllable images. Furthermore, with
the dropping mechanism, UniVessel-img prevents the generated results from bi-
asing towards the public data. Collectively, these designs enable UniVessel to
achieve the best performance.
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5 Conclusion

In this work, we propose a novel generation framework that simultaneously pro-
duces multiple types of annotations along with corresponding realistic images.
Our method requires only guidance from a subset of public datasets to generate
images with large inter-modality variations. Experimental results on segmenta-
tion, registration, and detection demonstrate the effectiveness of our approach.
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