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Abstract. Vascular graph extraction converts medical images into struc-
tured representations of vessel connectivity, enabling quantitative anal-
ysis of branching topology. However, training image-to-graph models
requires expert-annotated vascular graphs, creating a substantial an-
notation bottleneck. Recent work leverages large non-medical datasets
for structural pretraining, yet the structural alignment between source
and vascular domains remains underexplored. We introduce a nature-to-
nature pretraining paradigm that uses botanical branching networks as a
biologically aligned source domain for vascular graph extraction. Lever-
aging large-scale annotated grapevine skeleton graphs and geometry-
preserving graph representations, our approach promotes relational pri-
ors consistent with vascular growth and connectivity. Across heteroge-
neous 2D and 3D benchmarks, botanical pretraining consistently out-
performs infrastructure-based pretraining under identical training set-
tings. In addition, biologically aligned supervision achieves compara-
ble performance with substantially fewer annotated vascular volumes.
Multi-domain training further enhances robustness to previously unseen
vascular datasets. These findings demonstrate that structural congru-
ence between source and target domains provides a stronger inductive
bias for vascular graph extraction than scale alone. Code available at:
https://github.com/erc-caravel/Vascular-Graph-Extraction.
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1 Introduction

Vascular graph extraction infers structured network representations from medi-
cal images, revealing the connectivity of hemodynamic systems. Unlike pixel-wise
segmentation, graph representations enable quantitative analysis of branching

https://github.com/erc-caravel/Vascular-Graph-Extraction
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topology and flow organization, which are critical for studying vascular remod-
eling and disease progression [4]. Despite advances in medical image segmen-
tation, extracting topologically faithful vascular graphs remains challenging. A
key bottleneck is the annotation tax : manually tracing and validating vascular
graphs requires extensive expert effort, resulting in a severe imbalance between
available imaging data and high-quality graph annotations.

To alleviate this constraint, recent work has leveraged large-scale infrastruc-
ture datasets, such as urban road networks, as auxiliary supervision for vascular
graph learning [3]. This strategy aligns with foundation models (FMs), in which
large, diverse pretraining data provide transferable inductive biases. However,
data scale alone does not ensure structural alignment with the target domain.
General-purpose FMs often underperform in medical settings, motivating the de-
velopment of specialized Medical FMs (MedFMs) [30]. A similar limitation arises
when transferring from man-made infrastructure to biological vasculature. Urban
networks are shaped by human planning constraints, whereas vascular systems
emerge from biological growth processes governed by flow efficiency and space-
filling constraints. This mismatch in generative structure limits the suitability
of infrastructure-derived priors for vascular graph extraction.

Building on [24], who distinguish between priors capturing superficial regular-
ities and those that reflect deeper generative structure, we argue that overcom-
ing the annotation tax requires improving representational congruence between
source and target domains. Botanical transport systems exhibit structural prin-
ciples (hierarchical branching, flow optimization, and space-filling organization)
that more closely mirror vascular networks [19,25]. Thus, we propose to pretrain
graph extraction models on large-scale plant transport networks to provide a
biologically consistent inductive bias for cerebrovascular graph extraction.

In this work, we introduce a nature-to-nature pretraining paradigm for vas-
cular graph extraction, grounded in structural congruence between source and
target domains. Rather than transferring from structurally mismatched infras-
tructure data, we pretrain on botanical skeleton graphs to encode biologically
consistent branching priors aligned with vascular organization. This encourages
the model to internalize hierarchical, flow-constrained growth patterns character-
istic of living transport networks. In addition, we adopt a geometrically faithful
graph representation that preserves local curvature during training. By aligning
the model’s inductive bias with the generative structure of vascular systems, our
approach enables high-fidelity graph extraction with fewer annotated vascular
training samples than models pretrained on infrastructure data or purely seman-
tic medical pretraining. We further investigate how these biologically aligned
priors influence transferability, sample efficiency, and robustness across vascular
domains.

Our contributions are threefold: (1) biologically aligned structural pretraining
using botanical transport networks; (2) geometry-preserving graph representa-
tion strategies, including border-aware edge clipping and degree-2 node reten-
tion; and (3) empirical validation of improved performance, sample efficiency,
and zero-shot generalization across heterogeneous 2D and 3D vascular datasets.
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2 Related Work

Vascular Graph Extraction. Traditional vascular extraction relies on multi-
stage pipelines combining segmentation, skeletonization, and graph pruning [8],
which are prone to error propagation in noisy clinical settings. More recently,
end-to-end image-to-graph frameworks have been proposed to directly infer struc-
tured connectivity from images [1,2,3,22,29]. Transformer-based architectures
such as RelationFormer [22] jointly predict nodes and relations in a single stage,
improving global topology reasoning. However, these approaches require sub-
stantial annotated graph data, which remains scarce in medical imaging.
Cross-Domain Pretraining for Image-to-Graph Transformers. To mit-
igate annotation scarcity, Berger et al. [3] introduced cross-domain and cross-
dimensional transfer strategies for image-to-graph transformers. They demon-
strated that large annotated road networks can serve as auxiliary supervision for
vascular graph extraction, and proposed regularized edge sampling and adver-
sarial domain adaptation to improve transferability. While this work establishes
the feasibility of structural pretraining, road networks are shaped by planning
constraints that differ from biological growth processes. However, the role of
structural congruence between source and target domains remains unexplored.
Foundation Models and Data Scaling in Medical Imaging. Foundation
model paradigms advocate large-scale pretraining on heterogeneous datasets to
improve robustness and zero-shot generalization [14,27]. However, increasing
data scale does not guarantee that learned representations capture the genera-
tive structure of the target domain [24]. In vascular segmentation, models such
as vesselFM aggregate diverse real and synthetic data to enhance cross-domain
performance. For graph extraction, preserving global connectivity and topology
is essential, and naively combining datasets does not ensure structurally aligned
relational priors [20,3].
Structural Congruence in Biological Transport Networks. Botanical
and vascular systems arise under shared physical constraints, including flow
efficiency, hierarchical branching, and space-filling organization [19,25]. These
shared generative principles suggest a deeper structural alignment between plant
and vascular transport networks compared to anthropogenic infrastructure. To
our knowledge, prior work has not systematically investigated whether biolog-
ically aligned structural priors improve image-to-graph transformer pretraining
for vascular extraction.

3 Method

Given an input image or volume I ∈ R
∏d

j=1 sj , defined on a d-dimensional spatial
grid of size s = (s1, . . . , sd) with d ∈ {2, 3}, our goal is to predict a structured
vascular graph G = (V, E). For 2D inputs, d = 2 and s = (H,W ); for 3D inputs,
d = 3 and s = (H,W,Z). The node set V = {vi}Ni=1 consists of discrete cen-
terline samples of the vascular graph, including endpoints, branching junctions,
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Fig. 1: Nature-to-nature pretraining paradigm. Botanical skeleton graphs provide
biologically aligned structural supervision, whose learned relational priors are
transferred to vascular graph extraction via fine-tuning.

and intermediate degree-2 nodes that preserve local geometric structure. Each
node vi is defined by normalized spatial coordinates xi ∈ [0, 1]d and a presence
probability. The edge set E ⊆ V ×V encodes pairwise node connectivity, forming
a topologically consistent vascular network.

3.1 Base Image-to-Graph Transformer

We build upon the RelationFormer architecture [22], a single-stage image-to-
graph transformer that jointly predicts graph nodes and pairwise connectivity
from image features. This avoids the multi-stage segmentation and skeletoniza-
tion pipelines common in vascular graph extraction. It consists of a convolutional
backbone followed by a transformer encoder-decoder. A fixed set of learnable
object tokens predicts node locations, while a dedicated relation token captures
global node interactions. The token-based formulation treats graph extraction
as set prediction, enabling inference of a variable number of nodes and edges
without hand-crafted post-processing.

For cross-domain and cross-dimensional transfer, we follow [3], which adapts
RelationFormer to pretrain on structural source graphs before vascular fine-
tuning. The framework augments standard node and edge prediction objectives
with regularized edge sampling for connectivity imbalance and adversarial do-
main adaptation to improve source-target transfer. It provides a unified training
interface for 2D/3D graph prediction, enabling structural supervision to gener-
alize across domains. Within this setting, we vary the structural source domain
and graph representation while keeping the transfer framework fixed.



Biological Pretraining for Vascular Graphs 5

3.2 Structural Modeling Choices

Our approach is motivated by the hypothesis that vascular graph extraction ben-
efits from biologically aligned structural supervision and geometrically faithful
graph representations. We therefore introduce modeling choices that reflect the
generative properties of biological transport networks.
Structural Source Domain. Instead of pretraining on road networks [3],
we use 25,900 annotated grapevine skeleton graph patches derived from 1,151
images [9]. Botanical transport systems exhibit hierarchical branching, flow-
efficient organization, and space-filling structure consistent with vascular net-
works [15,25]. Pretraining on these graphs exposes the network to relational
patterns governed by biological growth constraints rather than planning layouts.
Border-Aware Edge Clipping. When extracting fixed-size patches from graph
annotations, edges intersecting patch boundaries are clipped at the intersection
point by inserting a boundary node and reconnecting the truncated segment ac-
cordingly. This avoids artificial discontinuities introduced by naive edge removal
and preserves consistent node-degree statistics within subgraphs.
Degree-2 Node Retention. Standard pipelines collapse degree-2 nodes into
straight-line segments between junctions. While suitable for infrastructure net-
works, this removes curvature information characteristic of vascular anatomy.
We retain degree-2 nodes during preprocessing to preserve local geometry and
enable curvature-aware relational supervision.

3.3 Cross-Dimensional Rendering

Structural source graphs are defined in 2D, whereas several vascular targets are
volumetric (d = 3). To enable pretraining of 3D backbones from 2D structural
data, we adopt the 2D-to-3D transfer framework introduced by Berger et al. [3].

Each graph is rasterized into a thin skeleton mask Mskel. To approximate
tubular vessel geometry and partial volume effects observed in volumetric imag-
ing, the mask is iteratively convolved with a 3× 3 all-ones kernel Kones:

Mi = Conv2d(Mi−1,Kones), i ∈ {1, . . . , k}, (1)

Mthick = clip(Mk, 0, 255). (2)
The resulting thickened mask provides a pseudo-volumetric representation

compatible with 3D convolutional backbones that preserves branching topology.

3.4 Optimization and Training Setup

Training proceeds in two phases. First, structural source samples (plants) and
vascular target samples are optimized jointly. Second, training continues using
only vascular datasets, with all model parameters remaining trainable.

Models are trained on fixed-size patches interpreted as structured subgraphs.
To ensure stable relational supervision, we retain only patches containing 6–70
nodes, avoiding overly sparse or excessively dense graph configurations.
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4 Experiments and Results

We evaluate the impact of structurally aligned pretraining and graph represen-
tation refinements on vascular graph extraction across 2D and 3D datasets.

4.1 Experimental Setup

Datasets. We use two 2D structural source domains: 20-Cities [11] (180 im-
ages/99,200 road-graph patches) and PlantsGuyot3d2 [9] (1,511 images/25,900
grapevine skeleton patches). Target domains comprise both 2D and 3D vascular
datasets across organs and modalities. The 2D target is OctaSynth [17]. The 3D
targets are: TopCoW (CT/MRA) [28], TubeTK [6], IXI dataset6, DeepVess [10],
TubeNet [12], syntheticMRI [21], VesselExpress [23], and HRKidney [13].

Preprocessing and Graph Construction. All datasets are standardized into
a unified relational format. Images are resampled to a common coordinate space
and partitioned into fixed-size patches of 1282 for 2D and 643 for 3D experiments.
When graph annotations are not provided, ground-truth graphs are extracted
from segmentation masks using the Voreen vessel graph extraction method [8,18],
followed by processing with the unified graph representation described in Sec. 3.

Evaluation Metrics. We evaluate graph reconstruction using both graph simi-
larity and detection metrics. For graph similarity, we report the TOPO score [5],
which evaluates topological correctness and geometric fidelity in 2D, and the
Street Mover Distance (SMD), which approximates the Wasserstein distance be-
tween embedded graphs to measure structural discrepancy. For node and edge
detection, we report mean Average Precision (mAP) and mean Average Recall
(mAR). Following prior image-to-graph work [3,22], , nodes are evaluated as
fixed-size bounding boxes centered at predicted and ground-truth node loca-
tions, with side length ∆x = 0.2 in normalized coordinates. Edges are repre-
sented by axis-aligned bounding boxes spanning their endpoint nodes. Node and
edge matches are then determined using the corresponding IoU-based criterion.

Implementation Details. We use the RelationFormer architecture [22] with
a 3D-SEResNet backbone [16], employing 80/2 object–relation tokens for 2D
experiments (5 relation tokens for OctaSynth) and 120/2 for 3D. In both 2D and
3D experiments, we follow the optimization strategy outlined in [3] by adopting
AdamW as the optimizer and batch size 32.

4.2 Results

Structural Source-Domain Comparison. We compare botanical and road
networks as structural initialization sources under identical training conditions.
Roads are evaluated both at their full scale (99.2k patches) and in a size-matched
setting (25.9k patches). Border-aware clipping is applied uniformly across all

6 https://brain-development.org/ixi-dataset/

https://brain-development.org/ixi-dataset/
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Table 1: Comparison of plant and road structural priors on 2D (OctaSynth) and
3D (syntheticMRI) targets. Rows labeled “+2-degree” retain degree-2 nodes in
the source graphs at preprocessing. Gray denotes models without pretraining.

Source Num. Source
Samples SMD↓ Node

mAP↑ Node
mAR↑ Edge

mAP↑ Edge
mAR↑ TOPO

Prec. ↑
TOPO
Rec. ↑

2D Target: OctaSynth

No pretrain - 0.005 0.248 0.353 0.152 0.256 0.719 0.720
roads 99.2k 0.005 0.307 0.398 0.205 0.304 0.773 0.752
roads 25.9k 0.006 0.251 0.352 0.166 0.245 0.754 0.682
plants 25.9k 0.003 0.516 0.581 0.378 0.463 0.828 0.749
roads+2-degree 25.9k 0.002 0.476 0.552 0.369 0.472 0.792 0.830
plants+2-degree 25.9k 0.0006 0.629 0.692 0.553 0.630 0.843 0.884

3D Target: syntheticMRI

No pretrain - 0.021 0.194 0.301 0.017 0.059 - -
roads 99.2k 0.014 0.406 0.489 0.183 0.257 - -
roads 25.9k 0.021 0.260 0.322 0.091 0.141 - -
plants 25.9k 0.017 0.396 0.469 0.167 0.239 - -
roads+2-degree 25.9k 0.015 0.449 0.520 0.180 0.253 - -
plants+2-degree 25.9k 0.015 0.462 0.530 0.202 0.282 - -

source domains, and degree-2 node retention is evaluated symmetrically for both
roads and plants.

Pretraining on either domain improves performance over training without
structural supervision. However, botanical pretraining consistently outperforms
road-based pretraining on both 2D (OctaSynth) and 3D (syntheticMRI) tar-
gets (Table 1), including in the size-matched setting. Moreover, plants+2-degree
outperforms roads+2-degree under identical graph representation and training
settings. Together, these results suggest that biologically aligned structural pri-
ors provide more transferable relational supervision than infrastructure-based
ones within the studied framework.

Retaining degree-2 nodes further improves performance for both sources,
including on syntheticMRI, whose target graphs do not retain degree-2 nodes,
suggesting improved modeling of local connectivity patterns.

Sample Efficiency Assessment. We evaluate how structural pretraining in-
fluences label efficiency by varying the amount of annotated target data used
for fine-tuning on IXI. Starting from a fixed pretrained initialization (roads or
plants), we fine-tune the model using fractions {100%, 75%, 50%, 30%, 15%} of
the IXI training set, subsampled at the volume level to preserve spatial coherence
and graph statistics. Validation and test splits remain unchanged.

Figure 2 (left) reports performance on the held-out IXI test set. Plant-
pretrained models consistently outperform road-pretrained models across all an-
notation budgets. Remarkably, a plant-pretrained model using just 30% data al-
ready approaches the performance of a road-pretrained model trained on the full
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Table 2: Cumulative multi-domain training configurations used in zero-shot ex-
periments. Each configuration increases anatomical and modality diversity.

Config. Included Training Domains

E1 syntheticMRI, TopCoW-CT, TopCoW-MRA, HiP-CT, MiniVess
E2 E1 + VesselExpress-Bladder, VesselExpress-Heart, tubenet-MRI
E3 E2 + tubenet-2photon, DeepVess, 3Dircadb1, TubeTK
E4 E3 + VesselExpress-Brain, IXI (train-val), HRKidney

Fig. 2: Left: IXI performance under varying annotation budgets for road- and
plant-pretrained models. Right: Zero-shot performance on unseen datasets across
cumulative multi-domain training configurations (E1–E4).

dataset (100%). While the performance gap is tighter at the extreme boundaries
(15% and 100%), it peaks significantly across intermediate budgets, proving that
biologically aligned structural priors reduce the amount of vascular annotation
required to achieve competitive graph-extraction performance.
Zero-Shot Generalization. We assess generalization to unseen vascular data-
sets without target-specific fine-tuning by disentangling the effects of domain
diversity and training scale. We compare (i) single-domain training on ∼4k syn-
theticMRI patches; (ii) fixed-scale multi-domain training, where the total pool
remains ∼4k patches but incorporates auxiliary datasets (up to 300 patches per
domain); and (iii) scale-expanded multi-domain training, where additional do-
mains are added without reducing the syntheticMRI subset. For (ii) and (iii), cu-
mulative configurations (E1–E4) progressively increase anatomical and modal-
ity diversity (Table 2). Evaluation is performed on held-out SMILE_UHURA [7]
and 3D OCTA [26] datasets.

As shown in Fig. 2 (right), increasing training diversity consistently improves
zero-shot performance. Even at a fixed scale, introducing heterogeneous vascular
domains yields substantial gains, while further improvements are observed when
diversity is combined with increased data volume. These results indicate that
diversity is the primary driver of cross-dataset robustness, with scale providing
complementary benefits.
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5 Conclusions

We demonstrated that structural congruence between source and target domains
is a key factor in cross-domain pretraining for vascular graph extraction. Replac-
ing infrastructure-based supervision with botanically aligned transport networks
yields stronger and more sample-efficient graph prediction despite fewer source
samples. Combined with geometrically faithful graph representations, biological
pretraining improves relational learning across dimensions.

These findings suggest that effective pretraining for structured medical pre-
diction should prioritize generative alignment, not only dataset scale. In vascu-
lar graph extraction, source domains governed by biological growth and trans-
port principles provide more useful relational priors than visually convenient but
structurally mismatched alternatives. Future work will evaluate whether these
benefits extend to other image-to-graph architectures, skeletonization pipelines,
and biological transport networks beyond grapevine skeletons.
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