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Abstract

Accurate vessel segmentation in X-ray angiograms is cru-
cial for numerous clinical applications. However, the scarcity
of annotated data presents a significant challenge, which has
driven the adoption of self-supervised learning (SSL) meth-
ods such as masked image modeling (MIM) to leverage large-
scale unlabeled data for learning transferable representations.
Unfortunately, conventional MIM often fails to capture vas-
cular anatomy because of the severe class imbalance between
vessel and background pixels, leading to weak vascular repre-
sentations. To address this, we introduce Vascular anatomy-
aware Masked Image Modeling (VasoMIM), a novel MIM
framework tailored for X-ray angiograms that explicitly in-
tegrates anatomical knowledge into the pre-training process.
Specifically, it comprises two complementary components:
anatomy-guided masking strategy and anatomical consis-
tency loss. The former preferentially masks vessel-containing
patches to focus the model on reconstructing vessel-relevant
regions. The latter enforces consistency in vascular seman-
tics between the original and reconstructed images, thereby
improving the discriminability of vascular representations.
Empirically, VasoMIM achieves state-of-the-art performance
across three datasets. These findings highlight its potential to
facilitate X-ray angiogram analysis.

Project Page — https://dxhuang-casia.github.io/VasoMIM
Extended Version — https://arxiv.org/abs/2508.10794

Introduction
Cardiovascular diseases (CVDs) constitute a global health
crisis and remain the leading cause of mortality world-
wide (Vaduganathan et al. 2022). X-ray angiography is con-
sidered the gold standard for diagnosing CVDs (Kheiri et al.
2022), planning treatment (Members et al. 2022), and guid-
ing intraoperative procedures (Huang et al. 2025). However,
radiologists often struggle to accurately delineate vessels in
X-ray angiograms because of low contrast, motion artifacts,
and overlapping anatomical structures (Huang et al. 2024).
Consequently, there is an urgent need for automated vessel
segmentation methods.

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

Over the past decade, numerous vessel segmentation algo-
rithms have been proposed (Ronneberger et al. 2015; Huang
et al. 2024; Wu et al. 2025), helping to alleviate radiolo-
gists’ workload. However, training high-performance mod-
els requires large-scale datasets of X-ray angiograms with
pixel-level labels, and producing such annotations remains
labor-intensive, time-consuming, and dependent on special-
ized domain knowledge (Esteva et al. 2019). Self-supervised
learning (SSL) provides an attractive alternative by learn-
ing generalizable representations from vast unlabeled data,
thereby boosting downstream performance (Gui et al. 2024).
In particular, masked image modeling (MIM) (He et al.
2022; Fu et al. 2025; Zhuang et al. 2025b; Tang et al. 2025)
has achieved remarkable success in natural and medical im-
age analysis by training models to reconstruct masked image
patches, as shown in Fig. 1 (a).

Nevertheless, adapting MIM to X-ray angiograms re-
mains challenging due to the extreme class imbalance be-
tween vessel and background pixels. We attribute this diffi-
culty to a lack of explicit anatomical awareness in two key
aspects of the MIM framework. First, vessel-containing
patches are more likely to be ignored than background-
only patches during the masking process. Current mask-
ing strategies are typically based on general rules, which can
be divided into data-independent and data-adaptive (Hino-
josa, Liu, and Ghanem 2024). The former includes random
masking (He et al. 2022), block-wise masking (Bao et al.
2022), uniform masking (Li et al. 2022b), etc. The latter in-
volves designing masking strategies based on specific feed-
back, e.g., attention maps (Kakogeorgiou et al. 2022; Liu,
Gui, and Luo 2023), loss predictions (Wang et al. 2025), re-
ward functions (Xu et al. 2025), etc. However, none of these
methods adequately focus on vascular anatomy, resulting
in few vessel-containing patches being masked and hinder-
ing the effective learning of vascular representations. Sec-
ond, the pixel-level reconstruction loss fails to preserve
semantic consistency during reconstruction. Most MIM
methods minimize the mean squared error (MSE) between
original and reconstructed patches, but this pixel-level ob-
jective ignores vascular anatomy and thus fails to encourage
learning of discriminative vascular representations.

To address these challenges, we introduce Vascular
anatomy-aware Masked Image Modeling (VasoMIM), a
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(a) Conventional MIM pre-training paradigm

(b) Our vascular anatomy-aware MIM pre-training paradigm
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Figure 1: Comparison of conventional MIM and VasoMIM.
(a) Conventional MIM masks patches based on general rules
and learns to reconstruct patches via minimizing pixel-level
loss. (b) VasoMIM guides patch masking with vascular
anatomy and enforces anatomical consistency during recon-
struction, enabling the model to learn richer vascular repre-
sentations. Dark gray patches are vessel-relevant regions.

novel MIM paradigm tailored for X-ray angiograms, as pre-
sented in Fig. 1 (b). The core insight of VasoMIM is to in-
ject vascular anatomical knowledge into MIM. To address
the first challenge, we introduce an anatomy-guided
masking strategy that biases the masking process toward
vessel-containing patches, guiding the model to reconstruct
anatomically relevant regions. For the second challenge,
we propose an anatomical consistency loss that enforces
consistency between the vascular anatomy from the origi-
nal and the reconstructed angiograms, thereby encouraging
the model to learn more discriminative vascular represen-
tations. This raises the question of how to extract vascular
anatomy from X-ray angiograms. To resolve this, we apply
Frangi filter (Frangi et al. 1998) to obtain vessel segmenta-
tion masks in an unsupervised manner. To integrate this filter
into end-to-end SSL, we train a segmentor in advance using
pseudo-labels produced by it.

In summary, our main contributions are as follows:

• A novel vascular anatomy-aware MIM framework, Va-
soMIM, is proposed to enhance the model’s ability to
understand vascular content in X-ray angiograms.

• Two complementary components are proposed: (1) an
anatomy-guided masking strategy that preferentially
masks vessel-containing patches, guiding the model to
focus on vascular regions, and (2) an anatomical consis-
tency loss that ensures semantic consistency between the
original and reconstructed images, thereby boosting the
discriminability of vascular representations.

• Extensive experiments demonstrate the benefits of inte-
grating anatomical knowledge into the MIM framework.
Meanwhile, VasoMIM consistently outperforms state-of-
the-art SSL alternatives on vessel segmentation tasks.

Related Work
SSL in Medical Imaging
Self-supervised learning (SSL) (Chen et al. 2020; Chen,
Xie, and He 2021; Caron et al. 2021; He et al. 2022;
Wang et al. 2025) offers a practical solution to mitigate an-
notation scarcity in medical imaging. Existing approaches
can be categorized into two main paradigms: contrastive
learning (CL)-based and masked image modeling (MIM)-
based. CL-based methods aim to pull positive pairs together
while pushing negative pairs apart in feature space, such
as C2L (Zhou et al. 2020), MICLe (Azizi et al. 2021),
VoCo (Wu, Zhuang, and Chen 2024), RAD-DINO (Pérez-
Garcı́a et al. 2025), etc. However, because these methods
focus on image-level representations, they may perform
poorly on dense prediction tasks like segmentation (Chai-
tanya et al. 2020). MIM-based approaches train models to
reconstruct masked patches, yielding finer-grained represen-
tations (Yuan et al. 2023). The choice of training objective
is critical. Most methods use a pixel-level reconstruction
loss (Kang et al. 2024; Li et al. 2024; Xu et al. 2025), while
some incorporate a contrastive loss to improve multi-view
alignment in 3D medical images (Zhuang et al. 2025a,b).
However, these objectives do not ensure semantic consis-
tency in the reconstructed images, often resulting in weak
vascular representations. Our work addresses this limitation
by introducing a semantic-level anatomical consistency loss.

Masking Strategies in MIM
The design of the masking strategy is crucial in MIM given
the high redundancy of images (He et al. 2022). Most meth-
ods (Xie et al. 2024; Kang et al. 2024) adopt random mask-
ing at high ratios (e.g., 75%). To create more challenging
pretext tasks, many carefully designed masking strategies
have been proposed. AMT (Liu, Gui, and Luo 2023) masked
patches based on attention maps. SemMAE (Li et al. 2022a)
learned semantic parts of images first and used part seg-
mentation results to guide patch masking. HAP (Yuan et al.
2023) exploited human-structure priors to guide the masking
process for human-centric perception pre-training. Methods
such as HPM (Wang et al. 2025), AnatoMask (Li et al. 2024)
and, AHM (Xu et al. 2025) identified patches that are diffi-
cult to reconstruct through a loss predictor, a self-distillation
framework and a policy network, respectively, and prefer-
entially masked these hard patches. However, none of these
approaches can explicitly incorporate vascular anatomy into
the masking process, which is essential for guiding models
to focus on vascular regions.

Vessel Segmentation
Traditional vessel segmentation methods, such as Frangi fil-
ter (Frangi et al. 1998), active contours (Taghizadeh Dehko-
rdi et al. 2014), and graph cuts (Wang et al. 2020), rely on
handcrafted features that generalize poorly across the wide
variability of X-ray angiograms. The emergence of deep
learning has significantly advanced the field. Early CNN-
based architectures like U-Net (Ronneberger et al. 2015) and
its variants (Zhou et al. 2019; Li et al. 2020) capture hier-
archical features but remain constrained by their local re-
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Figure 2: Overall framework of VasoMIM. During pre-training, each X-ray angiogram is first processed by Frangi filter to
extract its vascular anatomy. From this anatomy, we derive a patch-wise vascular anatomical distribution f to guide the masking
process. Finally, the model is optimized by minimizing Ltrain, which is a combination of standard pixel-wise reconstruction
loss Lrec. and the designed anatomical consistency loss Lcons..

ceptive fields. More recent transformer- and Mamba-based
models (Chen et al. 2024; Hatamizadeh et al. 2021; Ruan,
Li, and Xiang 2024; Wang et al. 2024) address this limitation
by integrating global context, thereby improving the delin-
eation of complex vascular structures. However, these deep
models are highly data-hungry, and the scarcity of labeled
angiograms continues to limit their gains (Zhou et al. 2021).
This work leverages MIM to learn generalizable representa-
tions from large-scale unlabeled data, significantly boosting
the performance of segmentors. We use U-Net as a repre-
sentative case study to demonstrate the broad applicability
of our method.

Method
The overall framework is illustrated in Fig. 2. First, we ex-
tract vascular anatomy from X-ray angiograms using Frangi
filter (Frangi et al. 1998). Next, this anatomical knowledge
is used to guide the masking process. Finally, an anatomical
consistency loss is incorporated into the training objective to
capture discriminative vascular representations.

Vascular Anatomy Extraction
Frangi filter effectively enhances vascular anatomy in an un-
supervised manner by highlighting vessel-like features. Fol-
lowing the implementation in (Wu et al. 2025), our approach
proceeds in three stages.
Multi-Scale Hessian Vesselness. Given an X-ray an-
giogram I ∈ RC×H×W , we smooth it with a Gaussian ker-
nel G (σ) at scales σ ∈ {1, 2, 3, 4} and calculate the multi-
scale Hessian Hσ(i) = ∇2 [I ∗G(σ)] (i), where C, H , and

W denote the number of channels, height, and width of the
image. At each pixel i, we obtain eigenvalues |λ1| ≤ |λ2| of
Hσ (i) and define the vesselness response

Vσ(i) =

{
|λ1(i)|, λ2(i) < 0,

0, otherwise.
(1)

The final vesselness map V (i) is the maximum response
over all scales, capturing vessels of varying diameters.
Adaptive Percentile Thresholding. Subsequently, we ap-
ply adaptive thresholding to the vesselness map V at its α-th
percentile value T = Percentileα [V (i)], creating a binary
map B̂ (i) = I [V (i) ≥ T ]. This approach effectively filters
out low-intensity noise while retaining prominent vascular
anatomy.
Seed Region Growing. Finally, an optimal seed pixel
s = argmaxi V (i) is automatically identified based on the
highest vesselness intensity value. A region-growing algo-
rithm (Adams and Bischof 1994) is then applied to the bi-
nary threshold map B̂, iteratively expanding the region to
include neighboring pixels with high vesselness values. This
process yields a binary mask B ∈ R1×H×W that accurately
delineates the vascular anatomy.

Anatomy-Guided Masking Strategy
Compared to natural images, X-ray angiograms exhibit far
greater spatial redundancy because vessels occupy only a
small fraction of each image. Existing general rule-based
masking strategies lack any anatomical awareness and there-
fore mask background-only patches far more often. As a re-
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sult, pre-training is dominated by background content rather
than learning vascular representations.

To address this issue, we introduce an anatomy-guided
masking strategy. Our key idea is that patches containing
vessels are more informative and should be masked with
higher probability. Formally, a patch-wise vascular anatom-
ical distribution f is defined. In the pre-training process,
X-ray angiograms I and the corresponding masks B are
split into non-overlapping patches x ∈ RN×(P 2C) and
m ∈ RN×P 2

, respectively, where P is the patch size and
N = HW/P 2 is the sequence length. Let mi ∈ {0, 1}P 2

be
the i-th patch of m. Then f(mi) is defined as follows:

f (mi) =

∑P 2

j=1 I (mij = 1)∑N,P 2

i,j=1 I (mij = 1)
, i = 1, 2, · · · , N (2)

where I (·) is the indicator function.
Weak-to-Strong Anatomical Guidance. By leveraging the
patch-wise vascular anatomical distribution, we perform
anatomy-aware patch masking. However, during the early
training stages, masking too many vessel-containing patches
may impair the model’s ability to reconstruct those patches
rich in vascular content. To this end, we adopt a weak-to-
strong anatomy-guided strategy. As illustrated in Fig. 2, for
a specific training epoch e, βe of the masked patches are
sampled according to f , and the remaining 1 − βe are ran-
domly selected. βe is increased linearly during pre-training.

βe = β0 +
e

E
(βE − β0) (3)

where E is the maximum pre-training epoch, and β0, βE ∈
[0, 1] are hyper-parameters. Under this masking strategy,
βeγN patches are masked by anatomical guidance and the
remaining (1−βe)γN patches are randomly masked, where
γ represents the masking ratio.

Anatomical Consistency Loss
In conventional MIM, the reconstruction objective typically
minimizes the mean squared error (MSE) between masked
and reconstructed patches. However, this loss fails to pre-
serve semantic consistency and does not encourage the
model to learn the discriminative vascular representations
essential for downstream tasks.

To overcome this limitation, we introduce an anatomical
consistency loss that explicitly directs the model to preserve
vascular anatomy during reconstruction:

Lcons. = L [S (I) ,S (I ′)] (4)

where I ′ is the reconstructed X-ray angiogram. L (·, ·) is
an abstract metric function, and we use cross-entropy loss
by default. Here, S (·) represents the segmentor used to ex-
tract vascular anatomy. Although Frangi filter provides high-
quality vascular masks, its non-differentiability prevents di-
rect integration into the end-to-end pre-training process. To
solve this problem, we train a lightweight UNeXt-S network
(∼ 0.3 M) (Valanarasu and Patel 2022) on pseudo-labels
generated by Frangi filter, then freeze its weights during sub-
sequent pre-training.

Usage Dataset # Train # Test

Pre-Training

ARCADE 2, 000 −
CADICA 6, 594 −
Stenosis 7, 492 −
SYNTAX 2, 943 −
XCAD 1, 621 −
Total 20, 650 −

Vessel Segmentation

ARCADE 200 300

XCAV 175 46

CAXF 337 201

Total 712 547

Table 1: Details of datasets used for pre-training and vessel
segmentation.

Training Objective. In addition to the anatomical con-
sistency loss, we include the pixel-level reconstruction loss
(i.e., MSE loss) following conventional MIM approaches.
The overall training loss is given by:

Ltrain = Lrec. + Lcons. (5)

Results
Datasets
Table 1 summarizes the datasets used for both pre-training
and vessel segmentation.
Pre-Training. We assemble a corpus of 20, 650 coronary X-
ray angiograms from five public datasets: ARCADE (Popov
et al. 2024), CADICA (Jiménez-Partinen et al. 2024), Steno-
sis (Danilov et al. 2021), SYNTAX (Mahmoudi et al. 2025),
and XCAD (Ma et al. 2021).
Vessel Segmentation. VasoMIM is evaluated on three
benchmarks: one in-domain dataset, ARCADE, and two out-
of-domain datasets, CAXF (Li et al. 2020) and XCAV (Wu
et al. 2025). Note that the images of ARCADE used for ves-
sel segmentation are not included in the pre-training set.

Implementation Details
Pre-Training. Our implementation is based on MAE (He
et al. 2022). By default, ViT-B/16 (Dosovitskiy et al. 2021)
is used as the backbone following previous works. VasoMIM
is pre-trained for 800 epochs on an NVIDIA A6000 GPU,
employing the AdamW optimizer (Loshchilov and Hutter
2019) with a batch size of 256 and an input resolution of
224× 224.
Vessel Segmentation. We adopt U-Net (Ronneberger et al.
2015) as the segmentation decoder and fine-tune it end-to-
end on ARCADE, CAXF and XCAV for 500 epochs each,
using input images resized to 224×224. Optimization is per-
formed using AdamW with an initial learning rate of 1e−4

and a weight decay of 0.05. A cosine-annealing schedule
with T max = 500 is employed. All experiments are con-
ducted on an NVIDIA A6000 GPU.
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Method
ARCADE CAXF XCAV

DSC (%) clDice (%) DSC (%) clDice (%) DSC (%) clDice (%)

Traditional
Frangi Filter (Frangi et al. 1998) 41.30 40.91 64.01 65.73 58.46 57.15

From Scratch
U-Net (Ronneberger et al. 2015) 58.27±1.33 59.70±1.40 78.72±0.74 82.68±0.87 68.63±2.80 63.47±3.33

Contrastive Learning
MoCo v3 (Chen, Xie, and He 2021) 60.99±0.30 62.68±0.18 77.76±0.51 80.91±0.31 70.85±0.34 63.97±0.71

DINO (Caron et al. 2021) 65.86±0.49 67.84±0.52 80.13±0.53 82.90±0.51 72.28±0.96 66.36±1.17

Masked Image Modeling
MAE (He et al. 2022) 68.17±0.29 69.89±0.22 83.53±0.14 87.37±0.21 76.43±0.17 72.58±0.49

SimMIM (Xie et al. 2022) 66.92±0.43 68.93±0.71 82.24±0.34 85.77±0.17 75.10±0.36 69.98±0.42

AMT (Liu, Gui, and Luo 2023) 68.15±0.23 69.77±0.38 83.47±0.09 87.40±0.04 76.51±0.20 72.60±0.44

DeblurringMIM† (Kang et al. 2024) 68.60±0.44 70.21±0.37 83.85±0.09 87.78±0.20 77.02±0.08 73.58±0.19

CrossMAE (Fu et al. 2025) 62.40±0.33 64.23±0.27 80.07±0.13 83.45±0.19 72.25±0.24 65.94±0.15

HPM (Wang et al. 2025) 66.82±0.28 68.49±0.41 82.61±0.21 86.18±0.10 75.48±0.19 70.79±0.26

CheXWorld† (Yue et al. 2025) 67.95±0.26 70.31±0.48 80.64±0.31 82.65±0.31 73.74±0.24 67.13±0.32

VasoMIM 68.85±0.47 70.56±0.36 84.49±0.17 88.33±0.09 77.52±0.26 74.18±0.34

Table 2: Comparison of state-of-the-art methods on ARCADE, CAXF and XCAV. All methods are reimplemented using their
official codebases. The best results are highlighted in bold and the second-best results are underlined. Results are reported as
“mean± std” over three random seeds, except for Frangi filter. † indicates that the model is specialized in medical imaging.

Evaluation Metrics. Dice similarity coefficient (DSC) and
centerlineDice (clDice) (Shit et al. 2021) are adopted. Com-
pared to DSC, clDice better captures topological correctness
by measuring overlap between predicted and ground-truth
vascular centerlines.

Main Results on Vessel Segmentation
All baselines are pre-trained on the angiogram dataset in
Table 1 using their official implementations. Each model is
fine-tuned with three random seeds, and we report all met-
rics as “mean± std”.
In-Domain Dataset (ARCADE). When trained from
scratch, U-Net achieves 58.27% DSC and 59.70% clDice
on ARCADE. By pre-training on large-scale unlabeled data,
our VasoMIM improves performance by 10.58% in DSC
and 10.86% in clDice, reaching 68.85% DSC and 70.56%
clDice, respectively, surpassing leading SSL baselines by a
clear margin. Compared to Frangi filter, VasoMIM yields
an absolute gain of 27.55% in DSC and 29.65% in clDice,
underscoring the crucial role of our anatomy-aware pre-
training in boosting segmentation performance.
Out-of-Domain Datasets (CAXF and XCAV). We further
conduct experiments on out-of-domain datasets. Our Va-
soMIM consistently achieves the best performance, with
84.49% and 77.52% DSC on CAXF and XCAV, respec-
tively. Notably, it outperforms the best baseline by +0.64%
DSC on CAXF and +0.50% DSC on XCAV. This perfor-
mance gap is even larger than that on the in-domain dataset
(i.e., +0.25% DSC), highlighting VasoMIM’s strong gener-

Guidance Lcons. ARCADE CAXF

− − 68.00 83.15

− ✓ 68.45 84.03

✓ − 68.30 83.96

✓ ✓ 68.85 84.49

Table 3: Ablation study of the proposed anatomy-guided
masking strategy and anatomical consistency loss. DSC is
reported in this table.

alizability and robustness.
Qualitative Results. Several cases from the three datasets
are presented in Fig. 4. VasoMIM produces precise vessel
segmentations, even for very thin or blurred vessels.

Ablation Study
Ablation studies are conducted on ARCADE and CAXF
with default settings highlighted in gray. Each model is fine-
tuned with three random seeds. Table 3 shows the results of
sequentially adding each proposed component to the vanilla
baseline, i.e., MAE (γ = 0.5).
Effectiveness of Anatomy-Guided Masking Strategy.
Simply using the anatomy-guided masking strategy yields a
clear performance boost (+0.30% DSC on ARCADE and
+0.81% DSC on CAXF). To better understand this im-
provement, we measure the proportion of vessel-containing
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Figure 3: Some evidence of anatomy-guided masking strategy. (a) Proportion of vessel-containing patches in the masked patches
during pre-training. (b) Patch-wise masking ratio over the pre-training process, i.e., 1
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Figure 4: Qualitative results on (a) ARCADE, (b) CAXF,
and (c) XCAV. Details are zoomed in within blue boxes.

patches in the masked patches during the pre-training pro-
cess. As shown in Fig. 3(a), our strategy masks a signifi-
cantly larger number of vessel-containing patches, whereas
the baseline masks a small and relatively constant propor-
tion. We further visualize an example in Fig. 3 (b), where
the masking ratio of each patch over pre-training is colored.
Our strategy clearly favors masking patches rich in vascular
anatomy, whereas the baseline shows no such preference.
Role of Anatomical Consistency Loss. Adopting the
anatomical consistency loss Lcons. to the baseline also pro-
duces a notable gain (e.g., +0.88% DSC on CAXF). This
suggests that Lcons. enables the model to learn more dis-
criminative vascular representations. To further verify the
impact of Lcons., we first split patches into vessel-containing
and background-only groups, then use UMAP (Healy and
McInnes 2024) to project their representations from the
model pre-trained w/ and w/o Lcons. into a low-dimensional
space, and evaluate how well these representations clus-
ter. As shown in Table 4, the model pre-trained w/ Lcons.

Setting SS (×10−2) ↑ CHI ↑ DBI ↓

w/o Lcons. −4.19 17.11 25.32

w/ Lcons. 0.54 607.24 4.03

SS: Silhouette Score; CHI: Calinski-Harabasz Index; DBI: Davies-Bouldin Index.

Table 4: Results of clustering metrics on XCAD.
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Figure 5: In-depth analysis of the masking ratio γ on AR-
CADE. γ is set to 0.5 in our default settings.

achieves much higher SS and CHI, and a far lower DBI than
the model pre-trained w/o Lcons., indicating more compact
and well-separated clusters of vascular representations.

In-Depth Analysis
We next present a detailed analysis of the proposed Va-
soMIM. Default settings are highlighted in gray. All results
are averaged over three random seeds.
Masking Ratio. As illustrated in Fig. 5, we observe that
a moderate masking ratio (i.e., 0.5) yields better perfor-
mance. This result differs slightly from prior work, e.g.,
MAE adopts a higher ratio of γ = 0.75. We hypothesize
that this discrepancy stems from the unique characteristics
of X-ray angiograms. Unlike natural images, which contain
objects of varying sizes, vessels in X-ray angiograms occupy
a relatively small portion of images. Using a larger masking
ratio tends to mask background-only patches that carry lit-
tle informative content. This may limit the model’s ability to
learn useful vascular representations.
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Case β0 βE ARCADE CAXF

Random 0 0 68.45 84.03

Weak-to-Strong
0 0.5 68.85 84.49

0 1 68.52 84.24

1 1 65.36 81.17

Strong-to-Weak 0.5 0 67.81 83.41

Table 5: Effects of different masking strategies. DSC is re-
ported in this table.

ARCADE CAXF
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Scratch
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MIM

Figure 6: SPT vs. MIM. Our MIM (i.e., VasoMIM) yields
average +2.11% and +1.31% DSC improvements on AR-
CADE and CAXF, respectively.

Different Masking Strategies. We evaluate several mask-
ing strategies, with results summarized in Table 5. Simply
increasing the degree of anatomical guidance does not con-
sistently yield better performance, suggesting that a degree
of randomness in the masking process is essential. Specif-
ically, the configuration β0 = 0, βE = 0.5 achieves the
best results, striking a balance between stronger anatom-
ical guidance (β0 = βE = 1) and greater randomness
(β0 = βE = 0). This outcome is quite intuitive. Aggres-
sively masking patches with the highest anatomical rele-
vance leads to most vessel-containing patches being masked.
In such cases, the model is forced to reconstruct vascular
anatomy solely from background-only patches with little to
no semantic cues.
Strong-to-Weak Anatomical Guidance. We further inves-
tigate a reversed approach, adopting a strong-to-weak strat-
egy during pre-training. As shown in Table 5, this approach
leads to a clear performance drop, even compared to using a
random masking strategy. This finding underscores the im-
portance of our weak-to-strong masking design.
Segmentor-based Pre-Training vs. MIM. We compare a
segmentor-based pre-training (SPT) approach with our MIM
using the same segmentor (i.e., U-Net). In SPT, the segmen-
tor is pre-trained in a fully supervised manner using pseudo-
labels generated by Frangi filter on the pre-training dataset
and subsequently fine-tuned on downstream datasets. Fig. 6
demonstrates that both pre-training paradigms substantially
outperform the model trained from scratch. Moreover, MIM
further boosts DSC from 66.74% to 68.85% (+2.11%) on
ARCADE and from 83.18% to 84.49% (+1.31%) on CAXF.
Overall, these results indicate that our MIM learns more ro-
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Figure 7: Fine-tuning on CAXF with models pre-trained
for various epochs. GFLOPs are measured on an NVIDIA
A6000 GPU using a single 224× 224 masked RGB image.

Method
Ratio (%)

25 50 100

Scratch 38.09 50.67 58.27

MAE 56.58 63.04 68.17

VasoMIM 56.93 63.64 68.85

Table 6: Fine-tuning with 25%, 50%, and 100% training data
on ARCADE. DSC is reported in this table.

bust and transferable representations than SPT.
Pre-Training and Data Efficiency. VasoMIM’s advantages
become even more pronounced under resource-limited sce-
narios. First, we fine-tune MAE and VasoMIM pre-trained
for 100, 300, 500, and 800 epochs on CAXF. As shown in
Fig. 7, VasoMIM consistently outperforms MAE at every
pre-training duration. Notably, after only 300 epochs of pre-
training (∼ 6 hours), VasoMIM achieves a DSC of 83.75%
on CAXF, slightly above MAE’s 83.53%, which requires
800 epochs (∼ 12 hours). Even when we extend MAE’s
pre-training to 1, 600 epochs (∼ 24 hours) for a further per-
formance boost, VasoMIM pre-trained for only 500 epochs
(∼ 10 hours) still performs better. Next, to test data effi-
ciency, we fine-tune models on ARCADE using only 25%,
50%, or 100% of the training labels. Table 6 shows that Va-
soMIM outperforms MAE in all scenarios.

Conclusion

In this paper, we propose VasoMIM, a vascular anatomy-
aware MIM framework specifically tailored for X-ray an-
giograms. By incorporating anatomical guidance into the
masking strategy, our model can focus on vessel-relevant
regions. Additionally, the proposed anatomical consistency
loss significantly enhances the discriminability of learned
vascular representations. Extensive experiments indicate
that the proposed framework yields superior performance on
three benchmarks. This work provides new perspectives on
integrating anatomical knowledge into SSL frameworks.
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