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High-quality, densely annotated data serve as a crucial foundation for developing robust X-ray angiography
segmentation models. However, obtaining per-object pixel-level annotations in the medical domain is both ex-
pensive and time-consuming, often requiring close collaboration between clinical experts and developers. This
paper aims to reduce the annotation costs of X-ray angiography videos by leveraging few-shot video object
segmentation (FSVOS), which separates target objects from the background using only a single annotated frame
during inference. We introduce a novel FSVOS model that employs a local matching strategy to restrict the search
space to the most relevant neighboring pixels. Rather than relying on inefficient standard im2col-like implemen-
tations (e.g., spatial convolutions, depthwise convolutions and feature-shifting mechanisms) or hardware-specific
CUDA kernels (e.g., deformable and neighborhood attention), which often suffer from limited portability across
non-CUDA devices, we reorganize the local sampling process through a direction-based sampling perspective.
Specifically, we implement a non-parametric sampling mechanism that enables dynamically varying sampling
regions. This approach provides the flexibility to adapt to diverse spatial structures without the computational
costs of parametric layers and the need for model retraining. To further enhance feature coherence across frames,
we design a supervised spatio-temporal contrastive learning scheme that enforces consistency in feature repre-
sentations. In addition, we introduce a publicly available benchmark dataset for multi-object segmentation in
X-ray angiography videos (MOSXAV), featuring detailed, manually labeled segmentation ground truth. Extensive
experiments on the CADICA, XACV, and MOSXAV datasets show that our proposed FSVOS method outperforms
current state-of-the-art video segmentation methods in terms of segmentation accuracy and generalization capa-
bility (i.e., seen and unseen categories). This work offers enhanced flexibility and potential for a wide range of
clinical applications. Code is available at: https://github.com/xilin-x/XRAVOS.

Spatio-temporal consistency
Medical image dataset

1. Introduction

X-ray angiography video segmentation of blood vessels and other
surgical objects is a critical step in 3D vessel reconstruction, coronary
artery analysis, and cardiac modeling. Frame-wise and pixel-wise seg-
mentation enables precise localization of each object in X-ray videos,
aiding in surgical planning, biomarker computation, and various down-
stream tasks. However, in many practical scenarios, obtaining dense
annotations from clinical experts, especially pixel-level annotations for
each frame, is labor-intensive and time-consuming. Moreover, the lim-
ited availability of samples for rare anomalies and unusual pathological
conditions further complicates the annotation process.

Driven by the paradigm of class-agnostic mask tracking, the com-
puter vision community has increasingly focused on few-shot video ob-
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ject segmentation (FSVOS) (Caelles et al., 2017; Cheng & Schwing, 2022;
Cheng et al., 2021b; Gu et al., 2019; Oh et al., 2019; Perazzi et al., 2017;
Zheng et al., 2024). This shift prioritizes robust tracking mechanisms
over the explicit learning of object-specific semantic representations,
thereby mitigating the heavy reliance on large-scale annotated datasets.
The goal of FSVOS is to segment target objects throughout an entire
video sequence based on an initial object mask, which can be either man-
ually provided or automatically generated from any single frame. As a
widely accepted solution for FSVOS, matching-based methods (Cheng
& Schwing, 2022; Cheng et al.,, 2021b; Oh et al., 2019) perform a
matching strategy to generate dense correspondences between the query
frame and the support frame(s), where the past frames as well as cor-
responding masks are stored in an external memory to build a feature
memory (Yang et al., 2021b). In Space-Time Memory (STM) network

E-mail addresses: xilin.chibchin@outlook.com (L. Xi), yingliang.ma@uea.ac.uk (Y. Ma), zxh@fudan.edu.cn (X. Zhuang).

https://doi.org/10.1016/j.neunet.2026.108808

Received 25 August 2025; Received in revised form 14 February 2026; Accepted 2 March 2026

Available online 7 March 2026

0893-6080/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/neunet
https://www.elsevier.com/locate/neunet
https://orcid.org/0000-0001-6075-5614

$\boldsymbol {I}_{t}$


$\{\boldsymbol {I}_{k}\}_{k=1}^{K}$


$\phi (\cdot ;\cdot )$


$\Omega _{L}$


$\boldsymbol {K}$


$\boldsymbol {V}$


$\boldsymbol {Q}$


\begin {equation}\label {eq:aff_com} \boldsymbol {A}(\boldsymbol {k}_{j},\boldsymbol {q}_{i})=\mathrm {softmax}(\boldsymbol {S}(\boldsymbol {k}_{j},\boldsymbol {q}_{i})),\end {equation}


\begin {equation}\label {eq:sim_com} \boldsymbol {S}(\boldsymbol {k}_{j},\boldsymbol {q}_{i})=\left <\boldsymbol {k}_{j},\boldsymbol {q}_{i}\right >,\end {equation}


$\boldsymbol {F}$


$\boldsymbol {A}$


$T$


$\mathcal {I}=\{\boldsymbol {I}_{t}\}_{1}^{T}$


$\boldsymbol {M}_{1}$


$\boldsymbol {I}_{t}$


$\boldsymbol {Q}\in \mathbb {R}^{HW\times D}$


$\boldsymbol {Q}$


$\boldsymbol {A}$


$\boldsymbol {S}$


$\boldsymbol {Q}$


$\boldsymbol {K}\in \mathbb {R}^{KNHW\times D}$


$K$


$N$


$\boldsymbol {S}$


$\boldsymbol {A}$


$\boldsymbol {F}\in \mathbb {R}^{HW\times C}$


$\boldsymbol {F}$


$r$


$\boldsymbol {C}$


$\boldsymbol {Q}\in \mathbb {R}^{HW\times D}$


$\boldsymbol {K}\in \mathbb {R}^{KHW\times D}$


$i$


$j$


$K$


$KHW=K\times H\times W$


$\mathcal {M}=\{(i, j),c_{ij}\}\subset \boldsymbol {Q}\times \boldsymbol {K}$


$i$


$j$


$\boldsymbol {q}_{i}$


$\boldsymbol {k}_{j}$


$\boldsymbol {s}_{ij}$


$\mathcal {M}$


$\boldsymbol {C}=\{c_{ij};i\in \Lambda , j\in \Omega \}$


$\Lambda $


$\Omega $


$\Omega $


$i$


$N$


$\boldsymbol {K}$


$\boldsymbol {V}$


\begin {equation}\label {eq:key_set} \Omega =\Omega _{L},\end {equation}


$\Omega _{L}$


$KN<KHW$


$\boldsymbol {S}\in \mathbb {R}^{N\times HW}$


$K$


$\boldsymbol {A}$


$\boldsymbol {S}$


$i$


$j$


$\left <\cdot ,\cdot \right >$


$\ell _{2}$


$i$


$\boldsymbol {q}_{i}$


$\{\boldsymbol {k}_{j};j\in \Omega \}$


$i$


$N$


$\Omega _{L}\subset \Omega $


$\phi (\cdot ;\cdot )$


$\boldsymbol {M}$


\begin {equation}\label {eq:im2col} \begin {aligned} \boldsymbol {M}[i,j]=\phi (\mathrm {p}(i), \Delta \mathrm {p}(j))=\boldsymbol {X}[\mathrm {p}(i)+\Delta \mathrm {p}(j)],\\ \textrm {with}~i\in [0, HW-1]~\textrm {and}~j\in [0, k^{2}-1]~~~ \end {aligned}\end {equation}


$\mathrm {p}(\cdot )$


$\Delta \mathrm {p}(\cdot )$


$\mathcal {R}$


$\boldsymbol {X}$


$\boldsymbol {X}\,=\,\{\boldsymbol {K}, \boldsymbol {V}\}$


$\mathcal {R}$


$k$


\begin {equation}\label {eq:neighborregion} \mathcal {R}=\{(-1, -1), (0, -1),\dots , (0, 1), (1, 1)\}\end {equation}


$\times $


$k^2$


\begin {equation}\label {eq:dbasedview} \boldsymbol {M}[:,j]=\phi (:, \Delta \mathrm {p}(j)),\forall i,\end {equation}


$\mathcal {R}$


\begin {equation}\label {eq:unfold} \begin {aligned} \phi (i, \Delta \mathrm {p}(j))&=\mathrm {unfold}(:, \Delta \mathrm {p}(j))\\ &=\boldsymbol {X}[\mathrm {p}(i)+\Delta \mathrm {p}(j)],\forall i,j. \end {aligned}\end {equation}


$\mathcal {R}$


$\mathrm {p}(i)$


$\mathrm {p}(i)$


$i$


$i$


$\boldsymbol {q}_{i}$


$\{\boldsymbol {k}_{j};j\in \Omega \}$


$\boldsymbol {k}_{j^{*}}$


\begin {equation}\label {eq:refpoint} j^{*}=\arg \max _{j\in \Omega }\boldsymbol {S}(\boldsymbol {k}_{j},\boldsymbol {q}_{i}).\end {equation}


$\mathrm {p}(i)$


$\boldsymbol {k}_{j^{*}}$


\begin {equation}\label {eq:refpoint_final} \mathrm {p}(i)=\mathrm {pos}(\boldsymbol {k}_{j^{*}}),\end {equation}


$\mathrm {pos}(\cdot )$


$k$


$\boldsymbol {F}$


$\boldsymbol {V}$


$\boldsymbol {A}$


$\boldsymbol {K}$


$\boldsymbol {Q}$


\begin {equation}\boldsymbol {F}=\boldsymbol {V}\boldsymbol {A}(\boldsymbol {K},\boldsymbol {Q}). \label {Xeqn10}\end {equation}


$N$


$\boldsymbol {V}$


$\boldsymbol {F}$


$\boldsymbol {C}$


$\boldsymbol {F}$


$\boldsymbol {Q}$


$\boldsymbol {I}_{t}$


$\boldsymbol {Q}$


$f_{proj}: \mathbb {R}^{HW \times D}\mapsto \mathbb {R}^{HW\times C}$


$\boldsymbol {Z}_{q}=f_{proj}(\boldsymbol {Q})$


$\boldsymbol {Z}_{q}\in \mathbb {R}^{HW\times C}$


$\boldsymbol {K}$


$\boldsymbol {Z}_{k}\in \mathbb {R}^{KHW\times C}$


$f_{proj}$


$\tilde {\boldsymbol {M}}_{t'}^{k'}$


$t'\in \{1,\dots ,K,t\}$


$k'\in \{1,\dots ,K'\}$


$t'$


$t$


$1,\dots ,K$


$k'$


$K'$


$\mathcal {I}$


$f_{proj}$


$\tilde {\boldsymbol {M}}_{t'}^{k'}$


$\Phi _{k'}$


$k'$


$k'$


$\boldsymbol {Z}_{q}$


$\mathcal {P}_{k'}$


$\mathcal {N}_{k'}$


$K$


$\boldsymbol {Z}_{k}$


\begin {equation}\label {eq:anchorset} \Gamma \sim \{i\in \cup _{k'=1}^{K'}\Phi _{k'}\},\end {equation}


$\mathcal {P}_{k'}$


$\mathcal {N}_{k'}$


$k'\in \{1,\dots K'\}$


$\tilde {\boldsymbol {M}}_{t'}^{k'}$


$\mathcal {I}$


\begin {equation}\label {eq:closs} \mathcal {L}_{c}=\frac {1}{\left |\Gamma \right |}\sum _{i\in \Gamma }\frac {1}{\left |\mathcal {P}_{i}\right |}\sum _{j^{+}\in \mathcal {P}_{i}}\mathcal {L}(\boldsymbol {z}_{i}, \boldsymbol {z}_{j^{+}}),\end {equation}


$i$


\begin {equation}\label {eq:infonce} \begin {gathered} \mathcal {L}(\boldsymbol {z}_{i}, \boldsymbol {z}_{j^{+}})=-\log \frac {\exp (\boldsymbol {z}_{i}\cdot \boldsymbol {z}_{j^{+}}/\tau )}{\exp (\boldsymbol {z}_{i}\cdot \boldsymbol {z}_{j^{+}}/\tau )+\sum _{j^{-}\in \mathcal {N}_{i}}^{}\exp (\boldsymbol {z}_{i}\cdot \boldsymbol {z}_{j^{-}}/\tau )}, \end {gathered}\end {equation}


$\tau $


$\mathcal {P}$


$\mathcal {N}$


$i$


$k'$


$\Phi _{k'}$


$\Gamma $


$\sim $


$\times $


$\times $


$\mathcal {J}$


$\mathcal {F}$


$\mathcal {J}\&\mathcal {F}$


$\mathcal {J}$


$\mathcal {F}$


$s$


$u$


$1 \times 10^{-5}$


$k$


$*$


$\dag $


$\mathcal {J}\&\mathcal {F}$


$\mathcal {J}\&\mathcal {F}$


$\mathcal {J}\&\mathcal {F}$


$\mathcal {J}\&\mathcal {F}$


$\mathcal {J}$


$\mathcal {L}_{ce}$


$\mathcal {L}_{c}$


$\mathcal {J}$


$\mathcal {L}_{ce}$


$\mathcal {J}$


$\mathcal {L}_{c}$


$\phi (\cdot ;\cdot )$


$\mathcal {J}$


$\mathcal {J}$


$k$


$k$


$\mathcal {J}$


$k$


$\rightarrow $


$k=15$


$k$


$k=15$


$\mathcal {M}=\{(i, j),c_{ij}\}$


$r$


$r=1$


$r$


$\boldsymbol {C}$


$\mathcal {J}$


$r=6$

https://orcid.org/0000-0001-5770-5843
https://orcid.org/0000-0003-4351-4979
https://github.com/xilin-x/XRAVOS
mailto:xilin.chibchin@outlook.com
mailto:yingliang.ma@uea.ac.uk
mailto:zxh@fudan.edu.cn
https://doi.org/10.1016/j.neunet.2026.108808
https://doi.org/10.1016/j.neunet.2026.108808
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neunet.2026.108808&domain=pdf
http://creativecommons.org/licenses/by/4.0/

L. Xietal

similarityfiiap %

similarityiffiap %

Vessel (agent)

Catheter * similarityfiap

* similarity Map

Fig. 1. Visualization of similarity maps between the query frame (#30) and
the support frame (#14). Reference labels manually selected in the query frame
(leftmost) are used to compute similarity scores relative to the support frame. In
the resulting heatmaps, regions in deep red indicate higher similarity. The yel-
low diamond (<) denotes the coronary vessels, while the red star (*) identifies
the injection catheter.
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Fig. 2. An illustration of our local matching between the query frame and the
support frame at the given patch (position 1 and 2). Position . and . on the
key frames correspond to the spatial positions of E2l and E in the current frame.

The similarity scores are represented by colorful heatmap masks (i.e., B and M),
where darker colors indicate higher similarity.

(Oh et al., 2019), cross-image correspondences is the key component
that makes it superior in performance and simplicity. In the pixel-
wise retrieval phase, it enables the global content-dependent interac-
tions among different image regions to model long-range dependencies.
Through the visualization of dense space-time correspondence, we ob-
serve the crucial role of local contexts, such as the neighborhood pixels
(Hassani et al., 2023; Liu et al., 2021; Pan et al., 2023; Ramachandran
et al.,, 2019; Yang et al., 2021a), in establishing correspondences for
cross-frame matching (see the similarity scores in Fig. 1). Meanwhile,
compared to local-side computing solutions (Zhang et al., 2025), global
and fine-grained dependencies become less critical due to spatial redun-
dancy and noise as the number of features involved in non-local match-
ing increases, particularly in cases of locally recurring motion such as
cardiac and respiratory movements, or within specific regions of inter-
est in X-ray angiography videos. On the other hand, matching-based
methods (Cheng & Schwing, 2022; Cheng et al., 2021b; Liu et al., 2025;
Oh et al., 2019) focus only on discovering space-time correspondences
from inter-frames, while ignoring the valuable temporal consistency of
object representation across multiple frames. Indeed, due to only min-
ing the matched pixels across the memory frames, some background
pixels/patches are wrongly recognized as highly correlated to the query
primary objects. Therefore, it is necessary to make full use of inter-frame
consistency to make up for the drawbacks caused by ignoring temporal
coherence.

In the domain of vision Transformers, window-based self-attention
(Liu et al., 2021; Yang et al., 2021a) has emerged as a powerful and
efficient mechanism for capturing local dependencies. The Swin Trans-
former (Liu et al., 2021) partitions feature maps into non-overlapping
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windows and applies self-attention to each independently, leveraging
batched matrix multiplication for high parallelization. Similarly, the Fo-
cal Transformer (Yang et al., 2021a) employs fine-grained local atten-
tion to account for short-range visual dependencies. These architectural
advancements provide a strong motivation to model localized visual de-
pendencies as a means of mitigating the high computational costs inher-
ent in existing global matching-based methods (Cheng & Schwing, 2022;
Cheng et al., 2021b; Liu et al., 2025; Oh et al., 2019). Current paradigms
based on the matching framework generate global correlations to fa-
cilitate segmentation. While effective, a significant limitation of these
methods is that fine-level local interactions between the query and the
memory become increasingly diluted as the memory bank grows. This
accumulation of memory pixels introduces noise and reduces the signal-
to-noise ratio, ultimately limiting the model’s capacity to extract highly
accurate and well-localized correspondences. A parallel challenge ex-
ists in standard Transformer architectures, where global self- and cross-
attention mechanisms often struggle to preserve fine-grained spatial de-
tails when processing large feature maps. Inspired by local attention
mechanisms (Hassani et al., 2023; Pan et al., 2023; Ramachandran et al.,
2019), we explore local correspondences within a relevant neighbor-
hood of sampling locations to enhance the robustness of feature match-
ing. Furthermore, to improve feature coherence, we reinforce spatio-
temporal correspondences by enforcing globally consistent feature rep-
resentations across frames, ensuring that local precision does not come
at the expense of global context.

In this work, we propose a novel FSVOS framework for X-ray an-
giography videos that captures local correspondences during the feature
retrieval process between query and support frames. Since visual depen-
dencies are typically stronger among nearby regions than distant ones,
we restrict the correspondence search to a neighborhood of sampling
locations in the support frames, as depicted in Fig. 2. By focusing on
relevant local regions rather than the global field, this design improves
the robustness of fine-grained matching while maintaining a low com-
putational cost. Each query feature attends to its closest neighborhood
in the support frames at the same granularity, effectively covering the
most relevant regions while substantially reducing the number of spatio-
temporal computations compared to dense matching mechanisms such
as (Cheng & Schwing, 2022; Cheng et al., 2021b). Moreover, as shown
in Fig. 1, global matching strategies often attend to uninformative back-
ground regions, causing salient foreground objects to be submerged
in interference signals. From an implementation prespective, existing
local-attention and matching approaches suffer from notable practical
limitations. On one hand, methods based on standard im2col-like im-
plementations (Liu et al., 2021; Pan et al., 2023; Ramachandran et al.,
2019; Yang et al., 2021a) exhibit sub-optimal memory efficiency and
inefficient data access patterns. Specifically, Stand-Alone Self-Attention
(SASA) (Ramachandran et al., 2019) and Slide Attention (Pan et al.,
2023) are typically implemented using generic spatial or depth-wise
convolutions. These designs incur redundant costs in kernel parameter
storage and loading, leading to inefficient memory utilization. Similarly,
Swin Transformer (Liu et al., 2021) and Focal Transformer (Yang et al.,
2021a) adopt window-based partitioning with cyclic shifts executed
through reshape and roll operations. While effective for batch training,
these shifts introduce non-adjacent spatial regions into the same atten-
tion window, requiring specialized attention masks to preserve local re-
ceptive fields. As a result, substantial intermediate data movement and
increased memory consumption are often unavoidable. In contrast, our
framework leverages a non-parametric sampling operation that avoids
these architectural inefficiencies and hardware dependencies. This de-
sign ensures no additional inference-time overhead compared to exist-
ing matching-based models, facilitating seamless deployment across di-
verse clinical computing environments, including the CPU-only systems
commonly found in hospital settings. To further enforce spatio-temporal
consistency, we incorporate a supervised contrastive learning scheme
during traning. By defining object centers based on ground-truth la-
bels, we encourage pixels belonging to the same object to form compact



L. Xietal

feature clusters while maintaining clear separation from other objects.
This framework explicitly links query-frame features with cross-frame
global representations. Crucially, this scheme requires no additional
pixel-wise annotations and incurs no extra cost during inference, making
the overall framework both data-efficient and computationally practical.

We validate the effectiveness of our method by evaluating it on var-
ious public X-ray angiography benchmark video datasets, i.e., CADICA
(Jiménez-Partinen et al., 2024), XACV (Wu et al., 2025), and MOSXAV.
On all datasets, our method achieves a competitive performance com-
pared to the current state-of-the-art methods while maintaining a
real-time inference speed. In particular, instead of a global matching
mechanism, our approach uses local matching to effectively explore
pixel dependencies compared with previous matching-based solutions
(Cheng & Schwing, 2022; Cheng et al., 2021b; Oh et al., 2019) in the
X-ray angiography video segmentation. Note that our all our experi-
ments are implemented on a single NVIDIA RTX™ 6000 GPU and CPU
platform, which makes our method much more accessible than other
state-of-the-art methods, which require powerful hardware resources.
Our main contributions can be summarized as follows:

e We propose a novel FSVOS method for X-ray angiography video by
exploiting the most relevant neighborhood region.

e To make the sampling process simpler and more flexible, we pro-
pose a non-parametric sampling method that enables dynamically
adjustable sampling regions without requiring retraining.

e We introduce a new benchmark dataset', the X-ray Multi-Object Seg-
mentation in X-ray Angiography Videos (MOSXAV). MOSXAV fo-
cuses on understanding multiple objects in X-ray videos, offering
high-quality, manually labeled segmentation ground truth.

2. Related works
2.1. Vessel and catheter segmentation

Vessel segmentation is an active research topic in medical image
analysis. Among the most widely used backbones, U-Net (Ronneberger
et al., 2015) has recently become the most popular. To address the lim-
itation of U-Net, which only allows a single set of concatenation lay-
ers between encoder and decoder blocks, T-Net (Jun et al., 2020) in-
troduces a nested encoder-decoder architecture. This design employs
multiple small encoder-decoder sub-networks for each block of the
convolutional network, enabling more effective vessel segmentation
in coronary angiography. Sequential-image-based approaches, such as
SVS-Net (Hao et al., 2020), adopt an encoder-decoder architecture that
leverages multiple contextual frames of 2D images to improve segmen-
tation of 2D vessel masks. Khan et al. (Khan et al., 2023) proposed a
contextual network for accurate retinal vessel identification, with par-
ticular consideration of computational efficiency to support deployment
on resource-constrained devices such as smartphones. Recent methods
have also integrated ViT (Dosovitskiy et al., 2021) with graph neural
networks or convolutional block attention modules to improve struc-
tural understanding of vascular morphology, as exemplified by G2ViT
(Xu & Wu, 2024) and CBAM&ViT (Ma et al., 2025).

In addition, automatic catheter segmentation has emerged as an-
other active topic in medical image analysis. Existing work has reported
catheter segmentation in X-ray images, including electrophysiology (EP)
electrodes (Baur et al., 2016) and EP catheters (Ambrosini et al., 2017;
Wu et al., 2015; Xi et al., 2025). More recently, Kim et al. (Kim et al.,
2022) addressed the challenge of detecting active acoustic catheters
(AACs) in echocardiography. Their method first applies U-Net to seg-
ment the left ventricle, then filters the color response generated by the
AAGC, and finally performs thresholding to identify the catheter. Yang et
al. (Yang et al., 2019) proposed a 3D ultrasound catheter segmentation
method based on Shared-ConvNet, which employs CNNs with shared
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weights across imaging planes and performs voxel-wise binary classifica-
tion. Overall, beyond our prior work, the literature on catheter segmen-
tation in Al-driven, ultrasound-guided minimally invasive endovascular
surgery (MIES) remains limited. Nguyen et al. (Nguyen et al., 2020) in-
troduced an end-to-end, real-time deep learning framework for endovas-
cular intervention, incorporating a novel flow-guided warping function
to enforce frame-to-frame temporal continuity. To capture such sequen-
tial behavior, Ranne et al. (Ranne et al., 2024) proposed the Attention-
in-Attention ResNet for Segmentation (AiAReSeg), which aggregates in-
formation across image sequences to infer knowledge about the current
frame.

2.2. Few-shot video object segmentation

FSVOS (Caelles et al., 2017) differs from fully automated video seg-
mentation (Lu et al., 2019; Xi et al., 2022, 2024) by incorporating hu-
man input, specifically a first-frame segmentation mask of the target
objects. The methods then segment the desired objects in the remain-
ing frames. Here, few-shot refers to the level of human interaction at
test time, not during the training phase. The few-shot methods still
rely on the supervised learning paradigm to train a pixel-wise track-
ing (Cheng & Schwing, 2022; Cheng et al., 2021b; Liu et al., 2025; Oh
et al., 2019) or mask propagation framework. Early few-shot methods
(Caelles et al., 2017; Maninis et al., 2019) employ online fine-tuning
on the basis of this supervision, which suffered from high test runtime
and were gradually phased out. The follow-up researches have been ex-
plored including embedding learning (Voigtlaender et al., 2019; Yang
et al., 2020), propagation-based (Perazzi et al., 2017; Ventura et al.,
2019) and tracking-based (Hu et al., 2017; Wang et al., 2019). These
methods perform frame-to-frame propagation or global matching with
the first reference frame, while the context is still limited and it becomes
harder to match as the video progresses. To fully exploit the spatial-
temporal context over longer distances, recent state-of-the-art methods
define the past frames with object masks as feature memory and the
current frame as the query (Oh et al., 2019; Robinson et al., 2020). As a
representative work, STM (Oh et al., 2019) utilizes an external memory
to store the past frames as well as corresponding masks, where a dense
matching is adopted to establish long-range dependencies in order to
achieve pixel classification and objects segmentation. Staring from STM
(Oh et al., 2019), matching-based paradigm was adopted and has been
extended by many follow-up works (Cheng & Schwing, 2022; Cheng
et al., 2021a,b; Liu et al., 2025), which achieve leading accuracy on
most benchmarks duo to long-range context support.

The latest research in matching-based FSVOS has primarily concen-
trated on enhancing network architectures, such as STCN (Cheng et al.,
2021b), XMem (Cheng & Schwing, 2022), and LiVOS (Liu et al., 2025).
STCN (Cheng et al., 2021b) employs an effective and efficient matching
strategy for establishing dense correspondences between query and sup-
port frame(s), eliminating the need for re-encoding the mask features for
every objects, as observed in STM (Oh et al., 2019). These methods often
prioritize the exploration of valid global correspondences while disre-
garding the shaping of the discriminative embedding space. Moreover,
our contribution builds upon these studies, as we have not only devel-
oped a more efficient matching model based on the current matching-
based FSVOS methods (Cheng & Schwing, 2022; Cheng et al., 2021b;
Liu et al., 2025) but also made advancements in ensuring consistency
between query and memory in the aspect of feature learning.

In medical data analysis, there has been increasing interest in FSVOS
techniques that enable class-agnostic mask tracking and segmentation
using only a few annotated examples. For instance, RAB (Zheng et al.,
2024) is a two-phase framework that introduces a spatio-temporal con-
sistency relearning strategy to adapt an image segmentation model for
video data. In contrast, our approach is a one-stage, matching-based
method that not only develops a more efficient matching strategy but
also strengthens the consistency between query and support frames
through improved feature learning.
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2.3. Transformer architectures

Transformer architectures are a type of neural network architecture
that have proven extremely adept at modelling long-term relationships
within an input sequence via self-attention mechanisms (Vaswani et al.,
2017). The exploration of global matching between query and mem-
ory in STM network and their variants closely resembles the self/cross-
attention mechanisms found in Transformer. This exploration aims to
uncover global correlations. Balancing interaction granularity is a per-
sistent challenge for Transformer-based methods. Because of the signifi-
cant computational burden associated with global interaction, the input
features are often downsampled to a lower resolution, which to some
extent restricts the networks‘ capability for fine-grained feature learn-
ing.

Recently, many efforts have been made to address this problem,
which can be roughly divided into two categories in practice. The first
category involves employing local attention modules to alleviate the
issues mentioned above. The most direct approach is constraining the
attention pattern to fixed local windows, which is commonly adopted by
many works (Chen et al., 2022; Dosovitskiy et al., 2021; Hassani et al.,
2023; Liu et al., 2021; Yang et al., 2021a). While restricting the atten-
tion pattern to a local neighborhood can reduce complexity, it also sacri-
fices global information. The second category is to learn data-dependent
sparse attention. Inspired by deformable convolution (Dai et al., 2017),
Deformable DETR (Zhu et al., 2021) directs its attention to a small fixed
set of sampling points, predicted from the feature of query elements.
PnP-DETR (Wang et al., 2021) presents a similar idea, where it samples
fine foreground features and pools background features into a reduce
size. Sparse DETR (Roh et al., 2022) sparsifies encoder tokens by using
a learnable decoder attention map predictor, which is different from
Deformable DETR’s key sparsification method.

In our method, a local matching module is proposed to enable effec-
tive message passing between the query and support frame(s) within a
limited computational budget, focusing on fine-grained, locally relevant
regions. Similar to local attention mechanisms in transformers (Hassani
et al., 2023; Pan et al., 2023; Ramachandran et al., 2019), the query
captures visual dependencies for specific locations within its local neigh-
borhood; however, in our case, these dependencies are established with
the corresponding regions of the support frame(s). To further improve
flexibility and efficiency, we employ a non-parametric sampling strat-
egy that allows dynamically varying sampling regions without requiring
retraining or device-specific support.

2.4. Supervised contrastive learning

Supervised contrastive learning draws on existing literature in
self-supervised representation learning, metric learning, and super-
vised learning. Typically, the state-of-the-art family of models for self-
supervised representation learning utilizes the paradigm known as con-
trastive learning (Chen et al., 2020; Hénaff, 2020; Hjelm et al., 2019;
Sermanet et al., 2018; Tian et al., 2020; Tschannen et al., 2020; Wu et al.,
2018). In these works, the losses are inspired by noise contrastive esti-
mation (Gutmann & Hyvérinen, 2010; Mnih & Kavukcuoglu, 2013) or
N-pair losses (Sohn, 2016). Recently, supervised contrastive loss (Khosla
et al., 2020) has been introduced as a novel extension to the contrastive
loss function. This innovative approach allows for multiple positives per
anchor, thus adapting contrastive learning to the fully supervised set-
ting. Following (Khosla et al., 2020), supervised contrastive loss has
also been employed in various downstream tasks (Zhang et al., 2021;
Zhao et al., 2021). To enhance consistency between query and memory,
we proposed a supervised contrastive learning scheme. In contrast to
the traditional supervised contrastive loss (Khosla et al., 2020), which
does not explicitly enforce intra-class compactness, our approach de-
fines object centers based on ground-truth labels, encouraging pixels of
the same object to form compact feature clusters while preserving clear
separation across different objects.
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3. Method
3.1. Network formulation

To modeling space-time correspondences in the context of X-ray
video, our model architecture shares a similar multi-store feature mem-
ory design with (Cheng et al., 2021b; Oh et al., 2019). The overall frame-
work of the proposed method is shown in Fig. 3.

Given a video with T frames 7 = {I ,}IT and first-frame reference
mask M, our model match the object pixels and generates correspond-
ing masks for subsequent query frames. For the current frame I, we first
fed it into the query encoder to extract the query feature Q € R¥W*P in
which the two spatial dimension were flattened. Subsequently, the spa-
tial feature map Q is passed to the affinity module, where an affinity ma-
trix A is obtained by applying a softmax function on a similarity matrix
S between Q and the key feature K € RKNHWXD 'where K is the num-
ber of the keyframes and N is the number of local sampling elements.
The similarity matrix S captures the pairwise similarities between each
sampled key element (i.e., the most relevant neighborhood region) and
every query element. Here, the local elements in the sampled key are
generated through the proposed local sampling module, which samples
key and value feature elements in parallel before storing them in mem-
ory. After obtaining the affinity A, we retrieve the corresponding feature
F € RIWXC from the external feature memory through memory read-
ing, and then the readout feature F are employed in the generation of a
segmentation mask for the current frame. In particular, the new memory
elements which are generated by our proposed local sampling module
can be added to the external memory when if the current frame is the
keyframe. For the keyframe, we will take a fixed interval sample frame
every rth frame and identify it to keyframe in practice.

For the local sampling module, the inputs consist of the key and
value features extracted from both the query and the value encoder.
Within this module, fine-grained features are obtained from the corre-
sponding neighborhood region of the keyframes’ features according to
specific locations of query element. The local sampling mechanism gath-
ers tokens from both the key and value features in a consistent manner,
thereby aggregating local contextual information. In contrast, standard
STM network are designed to capture long-range dependencies at a fine-
grained level, but they incur high computational costs when perform-
ing attention between the query and a large memory set. To address
this limitation, we propose a local matching strategy that reduces the
computational burden while preserving representational effectiveness.

3.2. Local matching and aggregation

The core idea of our matching and aggregation is to find a correla-
tion matrix C between the current frame and the history to retrieve the
corresponding features from the memory, which is more efficient and
effective to establish dense correspondences for matching-based match-
ing solution. Instead of attending to all key elements at a fine-grained
level during matching, we proposed attending only to the most relevant
neighborhood fine-grained key elements locally. As such, it can use as
many sizes of the memory bank as the standard matching-based model
but with much longer history coverage.

3.2.1. Matching

Consider a query Q € RFW*D and the keys K € RKHWXD an jth
query element is associated with a jth key element in the memory,
where K is the number of the keyframes, i.e., KHW = KX HXW —
we refer to them jointly M = {(i, /), ¢;;} C @ x K as the feature matches.
The i and j index a query element g; and a key element k;, as well as a
similarity score s;;.

As in the standard matching-based matching, the assignment M can
be obtained by computing the correlation matrix C = {¢;;;i € A, j € Q}
for all possible matches, where A and Q specify the set of query and key
elements, respectively. Meanwhile, instead of attending to all key/value
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Fig. 3. Overview of our proposed local matching-based FSVOS method. Given a query frame I, and several key frames {I, }X , sampled from a same training video,

k=1’

we first use local sampling function ¢(-;-) to retrieve local sampled set ©; from key features K and value features V. Then we make feature-level correspondence
matching between query feature Q and sampled key features through Egs. (2)-(3). Then we retrieve corresponding features F by aggregating sampled value features

using the affinity matrix A.

elements in the key/value sampled set Q for a specific query element
i, we sample a total of N elements from the keyframes (support) to
construct the key K and the value V,

Q=Q,. )

where Q; denotes the local sampled set, and KN < KHW . In our case,
the matching-based FSVOS is equivalent to solving a neighborhood vot-
ing problem, such as Nearest Neighbor Search (NNS) (Indyk & Motwani,
1998), which aggregate the matched representations by a similarity ma-
trix S € RV*HW representing the weights.

3.2.2. Affinity computing

For clarity, we consider a single keyframe (i.e., K =1). The affinity
matrix A is derived by applying a softmax operation along the memory
dimension (rows) of the similarity matrix S:

A(k;. q;) = softmax(S(k;. q,)). 2)

where i and j denote the index of the query element and the key element.
The similarity matrix is computed by

S(k;.q;) = <kj3qi>’ 3

where (-, -) denotes a similarity measure, i.e., ¢, distance. Given the ith
query element g; obtained from the query frame via the query encoder,
the sampled key elements {k;;; € Q} are collected from the local set,
which is derive from the memory. The total number of key elements for
the ith query element is N.

3.2.3. Local sampling

To efficiently search for the most relevant neighborhood region, we
proposed a local sampling module. Similar to the local attention mecha-
nism in ViT’s variants, we retrieve a small relevant subset Q; C Q from
all spatial locations as the local set. Specifically, we define the sampling
function ¢(-; -) to attends only to a small set of sampling points around
a reference point, independent of the spatial size of the feature maps,
as shown in Fig. 4. By assigning a fixed, limited number of keys to each
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Fig. 4. An illustration of our local sampling operation at feature level.

query, this approach helps mitigate issues related to convergence and
feature spatial resolution.

To achieve efficient affinity computation, the sampled local set needs
to be packed into a matrix to enable parallel processing on accelera-
tors. For that, the im2col operation (Chellapilla et al., 2006; Jia et al.,
2014) reorganizes image patches into columns of a matrix to implement
general matrix multiply (GEMM), which can be efficiently executed us-
ing optimized basic linear algebra subprograms (BLAS) libraries. As de-
picted in Fig. 4, the sampling region is centered at a specific query po-
sition (i.e., the reference point in Fig. 4) and represents the region cor-
responding to its key/value pairs in memory. The sampled set is then
flattened into columns, forming the final key/value matrix M, which
can be expressed as:

M{i, j] = ¢(p(), Ap())) = X[p() + Ap())],

i1 ) 2 C)]
withi € [0, HW — 1] and j € [0,k — 1]

where p(-) represents the position function, and Ap(-) is sampling direc-
tion (i.e., position offsets) determined by a regular grid R over the input
feature map X, where X = {K,V'}. The grid R defines the neighbor-
hood region; for instance, when k =3, it is given by:

R ={(-1,-1),(0,-1),...,(0,1),(1, 1)} 5)



L. Xietal

which corresponds to a 3 x 3 region with 9 possible directions. Notably,
the sampling process primarily involves independently slicing the fea-
ture map according to the sampling windows from the sampling refer-
ence point perspective, as illustrated by the colored windows in Fig. 4,
similar to the approach used in SASA (Ramachandran et al., 2019) and
NAT (Hassani et al., 2023).

However, the above im2col operation can also be reinterpreted from
a sampling direction-based perspective. In this view, the different direc-
tions, as illustrated in Fig. 4, determine the structure of the key/value
matrix, which contains k> rows. Each row corresponds to shifting the
feature map in a specific direction, allowing us to reformulate the above
equations as:

M{:. j1=¢(:, Ap()). Vi, (6)

which is equivalent to shifting the original feature map in a specific
direction defined by R.

Instead of using depth-wise convolution with predefined fixed
kernels as a substitute for feature shifts, we directly apply the
non-parametric unfold operation, which enables dynamically vary-
ing sampling regions without requiring retraining. In the depth-wise
convolution-based approach, the learnable fixed-shaped weights and bi-
ases are stored as model parameters during training. In contrast, our
proposed unfold-based solution leverages a non-parametric sampling
process, allowing it to seamlessly adapt to arbitrary sampling regions.
Eq. (6) becomes

é(i, Ap())) = unfold(:, Ap(j))
= X[p(i) + Ap()]. Vi, j.

In general, an efficient local sampling can be implemented from a
direction-based perspective by carefully defining the sampling direc-
tions R within the unfold operation. This approach reduces the main
computational overhead by avoiding inefficient slicing operations and
leveraging optimized unfold operations on diverse hardware platforms
(Chellapilla et al., 2006; Chetlur et al., 2014).

Finally, to identify the most relevant neighborhood region for each
query element, it is necessary to determine the appropriate sampling
reference position(s) p(i) in Eq. (7). In Focal Transformer (Yang et al.,
2021a) and Slide Transformer (Pan et al., 2023), the query and key fea-
tures are extracted from identical spatial locations within the same im-
age space. Consequently, these methods directly use the spatial position
of the query element as the sampling reference point, i.e., p(i) = i, where
i denotes the spatial index of the query feature map. Under this formu-
lation, each query element attends to its corresponding local neighbor-
hood region in the keyframe feature map. However, considering that
video frames often exhibit spatial dynamics, including both rigid and
non-rigid motion, and that no explicit supervision is available during
training, we further enhance the flexibility of the sampling process by
incorporating the notion of cross-image similarity, as proposed in (Xie
et al., 2022). Specifically, the sampling reference point is determined
based on appearance similarity between object representations across
frames, enabling more adaptive and robust neighborhood aggregation.
Given a query element g;, we compute its feature similarity with key
elements {k;; j € Q} using Eq. (3) and identify the key element k. that
yields the highest similarity score:

7

j* :argl}'lee})lcs(kj,qi). (8)

The sampling reference point p(i) is then defined as the spatial position
of the key element k. that yields the highest similarity score:

p(i) = pos(k;:), ©)

where pos(-) denotes the spatial position of the key element in the fea-
ture map, and the similarity scores are filtered using a top-k operation.
This design allows each query element to attend to the most relevant
neighborhood region in the keyframe feature map based on appearance
similarity, rather than solely relying on spatial proximity.
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In summary, standard im2col-like implementations (e.g., spatial con-
volutions, depthwise convolutions and feature-shifting mechanisms) are
data-rearrangement techniques that transform local neighborhoods into
explicit, redundant patches to enable dense matrix multiplication. This
process significantly increases memory consumption, as the footprint is
proportional to the kernel or window size. In contrast, our direction-
based unfolding treats local sampling as a logical offset mapping. By
directly computing correlations between query features and sampled
feature maps (or via index-based sampling), we eliminate the require-
ment for an intermediate “flattened” buffer. This results in a more
memory-efficient and computationally streamlined implementation that
preserves the inductive bias of local sampling without the overhead of
physical data duplication.

3.2.4. Aggregation

Similar to (Oh et al., 2019), we retrieve corresponding features F
by aggregating sampled value features V using the affinity matrix A
representing a readout operation that is controlled by the sampled key
K and the query Q,

F =V A(K, Q). (10)

The retrieving operation maps every query element to a distribution
over all N memory elements and correspondingly aggregates their val-
ues V. The feature F represents the information stored in the memory
is aggregated via the matching correlation score C. In the following, F
is fed into the decoder to generate the mask, as illustrated in Fig. 3. At
the next frame, the current frame with its predicted mask can be further
added into the memory as new reference, and the query Q is reused as
the key feature.

3.3. Object-aware contrastive learning

In the general case, the existing matching-based approaches (Cheng
& Schwing, 2022; Cheng et al., 2021b; Oh et al., 2019) mainly focus
on feature matching based on a generic feature embedding ignoring the
spatio-temporal consistency of the feature embedding in the training
phase. In particular, our local matching strategy needs to be equipped
with spatio-temporal constraints to better shape the structure of fea-
ture embedding within and across frames. Therefore, a supervised con-
trastive learning strategy is introduced to directly improve the consis-
tency of query and key features for the feature-level matching and ag-
gregation, rather than implicitly via the gradient of the decoder.

As normal, the query encoder is first adopted to map the current
frame I, to a 3D feature tensor, i.e., the query Q. We then computed the
object-aware contrastive loss over a non-linear projection using a light
weight CNN f,,,; : REWXD o RHWXC such that Z, = £,,,;(Q), as is
common in contrastive learning over convolutional feature maps (Chen
etal., 2020). The projected feature Z, € R#"*C is usually called the an-
chor. Likewise, the key K is also projected across the index of keyframes
to obtain the projected feature Z, € RK#WXC through the non-linear
projection head f,,,,;. In this work, to identify objects in each frame, we
use labels downsampled to the spatial dimensions of the feature space,
denoted by Mf,/ (" e{l,...,K,tyand k' € {1,...,K'}), where ' indexes
the frames (including the current frame ¢ and the keyframes 1,..., K)
and k' indexes the objects, with K’ objects in the video I. Features pro-
jected by f,,;, in combination with M f,’, form the object-specific sets
®,, for each object £’.

3.3.1. Anchor-based feature set sampling

We sample a fixed number of features for each object k’ present in
the anchor Z, while simultaneously collecting a positive set P, and a
negative set N}, for each object from its instances across K keyframes,
i.e.,, from the projected features Z,. This sampling process can be de-
scribed as

I~ (i ek o), an
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where a fixed number of features are selected on-the-fly rather than
specified as a hyperparameter, determined by the number of feature
samples from the object that contains the fewest features across the
video. This is motivated by the observation that small objects or regions
occupy only limited spatial positions in the feature space, yet play a sig-
nificant role in feature representation learning. This heuristic ensures
a balanced contribution of all objects to the loss and removes the need
for hyperparameter tuning. Moreover, it reduces the computational cost
of each contrastive term, enabling the cross-frame contrastive learning
described next.

3.3.2. Spatio-temporal contrastive loss

In self-supervised learning, the InfoNCE (van den et al., 2018) loss
is computed over a set of feature vectors. Similarly, we construct posi-
tive and negative sets, denoted by P, and Ny, (k' € {1,... K'}), from a
sampled anchor-based feature set as described above. In the supervised
setting we consider, these sets are determined according to the object
labels M f,’. Thus, without the need for dataset-specific semantic con-
straints, we exploit the natural occurrences of same or different object
pixels across frames in the video. The cross-frames loss for the video T
is given by
c,= ﬁ;ﬁ .;vﬁ(z‘-,zﬁ), 12)

Jtep;
where i is determined by Eq. (11). And the contrastive distance for each
object is defined as
exp(z; - 2;+ /1)

exp(z; - 2+ /7) + Zj*ej\f,- exp(z; - zj- /1)’

L(z;, zj+) = —log (13)
where 7 is the temperature. The choice of the positive set P and negative
set N varies according to the value of i. For example, for object k', the
features include in @, form its positive set, while the remaining features
in I form its negative set.

4. Experiments
4.1. Experimental setup

4.1.1. Datasets

We collected 42 X-ray angiography video sequences: 20 from the
CADICA dataset (Jiménez-Partinen et al., 2024) and 22 from cardiac
resynchronization therapy procedures performed at two hospitals. These
videos capture the injection of the contrast agent and its flow through
the coronary arteries or the coronary sinus along the surface of the
heart. Based on these data, we established the MOSXAV dataset, where
each video contains 33~70 frames at a resolution of 512x512. Expe-
rienced radiologists annotated the vascular regions, focusing on one or
two frames in which the contrast agent is most prominent for each video.
The training and validation sets comprise 50 sequences (2,335 frames)
with dense annotations every five frames, while the test set consists of
12 sequences (488 frames) with annotations for all frames.

In addition, we conducted comprehensive experiments on two pub-
licly available benchmark datasets: XACV (Wu et al., 2025) and CADICA
(Jiménez-Partinen et al., 2024). The XACV dataset includes 111 com-
plete coronary artery X-ray video records from 59 patients, covering
the injection, propagation through the cardiac vessels, and dissipation of
the contrast agent. Each video contains an average of 86 high-resolution
(512 x 512) frames, with an equal distribution between the left and right
coronary arteries. XACV provides annotations for both blood vessels and
injection catheters; however, in our method these annotations are used
solely for evaluation, not for training. The CADICA dataset comprises
annotated invasive coronary angiography videos from 42 patients but
does not provide ground-truth segmentations. To enable quantitative
evaluation, we therefore selected several videos that capture the com-
plete dissipation of the contrast agent in the cardiac vessels and contain
multiple objects, such as catheters, balloons, and surgical devices, and
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manually annotated them to establish segmentation ground truth for use
in the subsequent experiments.

4.1.2. Evaluation metric

Following common practice (Perazzi et al., 2016; Pont-Tuset et al.,
2017) in video object segmentation, we adopt the standard metrics for
the X-ray angiography video segmentation: region similarity .7, contour
accuracy F and their average J&F. To better evaluate the generaliza-
tion performance of our method on the test set of the MOSXAV, we also
report the J and F scores separately for “seen” and “unseen” categories,
denoted by subscripts s and u, respectively.

4.1.3. Implementation details

For the network architecture, we adopt ResNets (He et al., 2016) as
the feature extractor, removing both the classification head and the final
convolutional stage, which results in features with a stride of 16. The
query encoder is based on ResNet-50, while the value encoder is based
on ResNet-18. During training, we first pretrain on RGB video segmen-
tation datasets (Perazzi et al., 2016; Pont-Tuset et al., 2017; Xu et al.,
2018), and subsequently perform the main training on MOSXAV. The
main training process takes approximately 21 h on two NVIDIA RTX™
6000 GPUs. For the training loss, we use bootstrapped cross-entropy
(Cheng et al., 2021a) for segmentation and the proposed spatio-temporal
contrastive loss (Eq. (12)) for feature representation learning, with a loss
weight ratio of 1:0.01. For optimization, we use Adam with a learning
rate of 1 x 107> and a weight decay of 0.05. Pretraining is performed for
150K iterations with a batch size of 16, followed by 150 iterations with a
batch size of 16 for the main training. For data augmentation, we apply
PyTorch’s random horizontal flip, random resized crop with a crop size
of 384, a scale range of (0.36, 1.0), and an aspect ratio range of (0.75,
1.25), as well as color jittering with brightness, contrast, saturation, and
hue factors of 0.1, 0.03, 0.03, and 0, respectively. Additionally, we apply
random affine transformations with rotation between [-15, 15] degrees
and shearing between [-10, 10] degrees. During inference, we use a lo-
cal sampling window size of k=15 for all datasets. The entire model is
implemented in PyTorch (Paszke et al., 2019).

4.2. Main results

To comprehensively evaluate the superiority of our proposed
method, we compare it with state-of-the-art few-shot video segmenta-
tion methods on the CADICA and XACV datasets, as well as on the val
and test sets of MOSXAV (Table 1). Our method is benchmarked against
eight publicly available approaches from the computer vision commu-
nity. For methods originally designed for single-object segmentation,
including OSVOS (Caelles et al., 2017) and Matcher (Liu et al., 2024),
we extend them to the multi-object setting by splitting multiple objects
into separate videos, each containing a single object.

4.2.1. CADICA dataset

We compare our method with top-performing FSVOS approaches
on the public CADICA dataset using our provided segmentation ground
truth. The detailed results are presented in the CADICA column of Ta-
ble 1. Our method achieves substantial performance gains over existing
video segmentation methods, notably outperforming the baseline FSVOS
models, i.e., RMem, STCN, and XMem by +4.1%, +3.6%, and +3.1%
in terms of J &F, respectively. SAM-based methods such as PerSAM and
Matcher perform significantly worse, primarily due to their lack of adap-
tation to the X-ray image domain. By contrast, the Eiseg-series methods,
i.e., Eiseg-EdgeFlow and Eiseg-ChestXray, exhibit better generalization
to the X-ray image domain, since these matching-based approaches es-
tablish pixel correspondences based on pixel-level similarity, in a man-
ner similar to STCN.
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Table 1
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Quantitative results on the CADICA, XACV and the val and test sets of the MOSXAV. The best performance scores are highlighted in bold,
while gray indicates models that were not trained on X-ray video datasets.

MOSXAV
Methods CADICA XACV

val test

J&F1 J1 F1 J&F1 J1 Pl J&F1 J1 F1 J&F1 J 1 Fl J4 Ft

Eiseg-EdgeFlow [ICCVW’2021] (Hao et al., 2021) 75.0 65.8 84.3 785 67.8 89.2 74.4 66.0 82.7 57.8 51.7 723 441 63.2
Eiseg-ChestXray [arXiv’22] (Hao et al., 2022) 73.7 64.3 83.2 76.1 65.4 86.8 73.6 65.1 82.2 54.1 49.6 68.5 40.9 57.4
PerSAM*' [arXiv’23] (Zhang et al., 2023) 21.1 17.6 245 2538 21.3 30.3 20.1 16.3 24.0 6.5 32 41 85 102
Matcher*" [ICLR’24] (Liu et al., 2024) 36.0 27.3 44.7 40.2 30.5 499 325 239 41.1 30.4 26.2 43.5 15.2 36.7
0SVOS [CVPR’17] (Caelles et al., 2017) 72.3 59.7 84.9 743 64.6 84.0 71.1 60.2 82.1 47.7 37.0 62.2 37.2 54.4
STM [ICCV’19] (Oh et al., 2019) 79.5 70.4 88.6 85.3 79.8 90.7 79.7 70.7 87.6 73.1 609 82.1 64.1 85.0
STCN [NeurIPS’21] (Cheng et al., 2021b) 81.4 72.3 90.4 86.9 81.2 92.7 81.1 72.8 89.4 735 61.2 82.7 65.0 85.7
XMem [ECCV’22] (Cheng & Schwing, 2022) 81.9 729 91.0 88.3 82.8 93.8 81.5 73.1 89.8 74.1 63.0 83.4 64.2 84.4
PerSAM-F' [arXiv’23] (Zhang et al., 2023) 45.0 35.2 54.8 482 379 585 39.7 29.4 50.0 48.1 25.3 39.3 57.9 69.9
RMem [CVPR’24] (Zhou et al., 2024) 80.9 71.5 90.3 85.4 79.1 91.6 79.5 70.8 88.2 73.3 61.0 82.1 645 855
LiVOS [CVPR’25] (Liu et al., 2025) 80.7 71.5 89.8 86.2 81.4 90.9 80.4 72.0 88.7 74.0 61.0 82.2 659 86.7
Ours 85.0 75.3 94.7 89.1 83.7 94.4 835 74.6 92.3 76.8 64.8 85.5 67.7 88.4

+ indicates the training-free method.  indicates the method using SAM.
OSVOS and PerSAM-F are evaluated on the test set after online-training on the test set.

Table 2
Ablation study of training objective on the MOSXAV
dataset, measured by mean J.

L. L. Mean J 1
4 73.8
4 v 74.6 (10.8)

GT

STCN

XMem

Ours

Fig. 5. Qualitative results on four challenging sequences from the XACV
dataset. STCN and XMem, which rely on global matching strategies, struggle
with objects represented by only a small number of pixels due to the imbal-
anced pixel distribution problem, whereas our method performs well on these
sequences. The first row presents the ground-truth masks for different objects.

4.2.2. XACV dataset

We also report performance on the high-resolution XACV dataset in
Table 1. Unlike the CADICA and MOSXAV datasets, segmentation re-
sults on XACV are evaluated without any additional training. Never-
theless, our method outperforms other FSVOS approaches, i.e., LiVOS,
STCN, and XMem, by 2.9%, 2.2%, and 0.8%, respectively, in terms
of J&F. These results highlight two key observations: (1) the XACV
dataset provides annotations for two frames in which the contrast agent

is most prominent, allowing the support frame to capture the complete
coronary artery structure and thereby facilitating accurate segmentation
of subsequent frames; and (2) our MOSXAV dataset offers high resolu-
tion, fine-grained annotations and sufficient content diversity, covering
multiple angiographic instances, which makes it a reliable resource for
training X-ray image segmentation models.

4.2.3. MOSXAV val and test sets

In the MOSXAV dataset, all methods are evaluated under the same
conditions, where the support frame is selected from the initial injection
phase of the contrast agent and does not necessarily contain the com-
plete coronary artery structure. This scenario is more challenging and
more closely reflects real-world clinical practice. Importantly, the test
set of MOSXAV contains unseen object classes in the train set, allowing
for evaluation of the model’s generalizability.

As shown in Table 1 (MOSXAV column), our method achieves the
best performance among all video segmentation approaches on this chal-
lenging multi-object dataset. On the val set, our method attains an J&F
score of 83.5%, outperforming the second-best method (XMem) and
the third-best method (STCN) by 2.0% and 2.4%, respectively. On the
test set, particularly for unseen object classes, our approach demon-
strates consistent performance gains over XMem and LiVOS, improving
the J &F score from 74.1% to 76.8% and from 74.0% to 76.8%, respec-
tively.

4.2.4. Qualitative results

Fig. 5 provides a qualitative comparison of our method against STCN
and XMem on representative examples from the XACV dataset. We ob-
serve that our approach effectively handles diverse and challenging sce-
narios, producing more accurate results. Fig. 6 presents a qualitative
comparison on the val and test sets of MOSXAV. Compared with state-
of-the-art FSVOS methods, our approach achieves more stable and ac-
curate mask-tracking results, even in challenging scenarios involving
overlapping vessels (v01), severe cardiac motion (v19) and unseen ob-
ject classes under low-dose fluoroscopy (v06).

4.3. Ablation study

To demonstrate the effectiveness of the local sampling module in our
method, we perform an ablation study on the val set of MOSXAV. The
evaluation criterion is the mean region similarity (J) and frames par
second (FPS).
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Fig. 6. Qualitative results on three challenging sequences from the val and test sets of MOSXAV. The two validation sequences (i.e., v01 and v19) present complex
scenarios with overlapping vessels and severe cardiac motion. The test sequence (i.e., v06) contains unseen object classes not present in the training set, specifically
six spherical objects, and was captured using low-dose fluoroscopy. The first row shows the ground truth masks for the different objects.

Similarity map

Iteration O Iteration 100

Similarity map

Iteration 10K

Similarity map Similarity map

Iteration 100K Iteration 150K

Fig. 7. Visualization of the pixels in the keyframe with the highest similarity scores relative to the selected coronary vessel pixel (red star - *) in the query frame
during training. Based on the similarity scores between the selected pixel in the query frame and the most relevant pixels in keyframe, the model gradually learns to

focus on the vessel structure while suppressing responses to irrelevant distractors.

Table 3
Ablation studies on the MOSXAV, measured by mean .J and FPS.

(a) Sampling operation function

(b) Neighborhood region (c) Keyframe sampling interval

Sampling Strategies ‘ Mean 7 1 FPS 1 Sampling Size k ‘ Mean J 1 FPS 1 r-frames ‘ Mean J 1 FPS 1
‘ RTX™ 6000 GPU i9-13900H CPU R9 7940HS CPU =5 731 3 —1 742 10
baseline 728 20 0.289+0.006 0.283+0.004 k=7 733 37 r=2 747 16
feature shift 72.4 (10.4) 10 (110) 0.268+0.003 (10.021) 0.257+0.002 (10.026) k=9 74.5 32 r=3 742 20
depth-wise conv 73.3 (10.5) 19 (11) 0.282+0.001 (10.007) 0.275+0.005 (10.008) k=13 74.5 27 r=5 737 23
deformable conv 73.8 (11.0) 16 (14) - - k=15 74.6 25 r=6 74.6 25
2D neighborhood attention 74.5 (11.7) 22 (12) - - k=17 74.5 22 r=8 74.5 27
unfold (ours) 74.6 (118) 25 (15) 0.301:+0.004 (10.012) 0.293:+0.001 (10.010) k=19 743 19 r=10 73.6 28

- denotes that the operation is exclusively optimized for GPU via specialized CUDA kernels and lacks a corresponding CPU implementation.

4.3.1. Training objective

We investigate our overall training objective, as described in Sec-
tion 4.1.3, which consists of the cross-entropy loss L., and the spatio-
temporal contrastive loss £.. As shown in Table 2, the model trained
with £, alone achieves a mean .J score of 73.8%. Incorporating L,
yields an additional improvement of 0.8%, highlighting the benefit of
explicitly shaping the feature representation.

4.3.2. Sampling strategies

To evaluate the efficacy of the local sampling module ¢(-; -) in Eq. (7),
we systematically replace it with alternative operations, specifically the
feature shifting mechanism (i.e., spatial feature slicing) utilized in Win-
dow Attention (Liu et al., 2021) and the depth-wise convolution adopted

in Slide Attention (Pan et al., 2023). For a fair comparison, these al-
ternatives are implemented using the official PyTorch implementations
from their respective open-source repositories. We adopt the global fea-
ture matching strategy of STCN (Cheng et al., 2021b) as our baseline.
Furthermore, we implement the local sampling process using special-
ized CUDA kernels (e.g., deformable convolution (Dai et al., 2017) and
neighborhood attention (Hassani et al., 2023)) and benchmark their per-
formance on an RTX™ 6000 GPU. Additionally, we assess the CPU in-
ference efficiency of the local sampling module using Intel® Core™ i9-
13900H and AMD Ryzen™ 9 7940HS processors. Results are summarized
in Table 3(a). For CPU inference speed (FPS), each implementation is
executed ten times under identical hyperparameters settings, awith the
mean and standard deviation reported.
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Compared with the baseline, our local sampling module imple-
mented via the unfold sampling function (Eq. (7)) improves segmen-
tation performance by 1.8% in terms of mean J. More importantly,
it increases inference speed to 25 FPS on the GPU (vs. 20 FPS for the
baseline) and to 0.301 FPS and 0.293 FPS on the Intel® Core™ i9-
13900H CPU and the AMD Ryzen™ 9 7940HS CPU, respectively (vs.
0.289 and 0.283 for the baseline). To improve efficiency, we first par-
tition the image into patches, similar to the patch embedding module
in ViT (Dosovitskiy et al., 2021), and then compute similarity within
each local window. The main motivation for this design is that applying
im2col-like local sampling individually to every pixel is prohibitively
expensive. Regarding clinical utility, our current PyTorch implementa-
tion requires approximately 3.32 and 3.41 s per image on the afore-
mentioned Intel and AMD CPUs. While this execution speed is not yet
optimized for real-time intraoperative use, it is well-suited for offline
analysis and automated batch processing within the research phase. Our
method achieves a performance gain over the global matching base-
line while maintaining competitive accuracy, suggesting it can be effec-
tively integrated into clinical workflows that prioritize reliability over
latency, such as retrospective cohort studies or pre-procedural plan-
ning. Consistent with this observation, we found that the feature-shift
operation based on im2col-like functions yield both lower segmenta-
tion accuracy and higher computational costs. For fixed and deformable
convolution-based sampling, the learnable bias terms fail to capture ef-
fective inductive biases due to the depth-wise nature of these opera-
tions. In our implementation, we fix the kernel weights to 1 and opti-
mize only the bias parameters. Compared with the baseline, these two
sampling operations improve accuracy by 0.5% and 1.0%, respectively,
both resulted in reduced inference speeds across GPU and CPU archi-
tectures. In contrast, while 2D neighborhood attention achieves strong
performance and efficiency, its deployment, much like deformable con-
volution, remains constrained by a dependency on device-specific CUDA
implementations.

Fig. 7 visualizes the evolution of the learned correspondences pro-
cess, which is crucial for understanding how feature representations de-
velop during training. In the early iterations, the model fails to capture
the relevant regions due to the presence of visually similar distractors
and textured backgrounds (e.g., the similarity map at 100 iterations).
As training progresses, the most relevant pixels gradually concentrate
on the vessel structures, while responses to irrelevant distractors are
increasingly suppressed. These qualitative results demonstrate that our
local sampling strategy effectively captures meaningful contextual in-
formation. Notably, even at 10K iterations, the model is able to iden-
tify most relevant of the vessel structure, indicating that the proposed
local sampling mechanism enables efficient learning of discriminative
features.

4.3.3. Sampling size

Table 3(b) reports the performance of our approach with respect
to the sampling region size k. As k increases, the mean J first im-
proves and then declines. Notably, using a larger region (k=9) yields
a clear performance gain (73.1%—74.5%). The score further improves
at k = 15; however, increasing k beyond 15 results in a slight drop
in performance. Based on this observation, we empirically set k =
15, which provides the best trade-off between accuracy and compu-
tational cost. Smaller sampling sizes achieve higher FPS, as the ma-
trix multiplication on M = {(i, j),¢;;} in Section 3.2.1 involves fewer
operations.

4.3.4. Keyframes sampling

We compare different keyframe sampling intervals r in Table 3(c).
For r = 1, every frame in the video is selected as a support frame and
stored in the external memory to build the feature memory, yielding a
baseline score of 74.2%. As r increases, the FPS improves due to the
reduced size of the correspondence matrix C in Section 3.2.1, while the
mean J initially rises and then drops. Based on this observation, we
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empirically set r = 6 to achieve a better trade-off between accuracy and
computational cost.

5. Conclusion

In this paper, we propose an FSVOS method for angiogra-
phy video segmentation, aiming to minimize the prohibitive costs
of expert annotation. By focusing on localized neighborhood re-
gions, our method achieves superior efficiency and generalizabil-
ity in feature matching. To ensure broad applicability across di-
verse hospital computing infrastructures, we replaced inefficient stan-
dard im2col-like implementations and hardware-dependent kernels
with a non-parametric local sampling operation. Extensive evalua-
tions on the CADICA, XACV, and MOSXAV datasets demonstrate that
our approach outperforms state-of-the-art video segmentation meth-
ods, providing the precise vessel delineation required for clinical
decision-making.

Despite these methodological advances, translating a retrospective
research prototype into a real-world clinical application presents sig-
nificant challenges, particularly regarding data privacy, system interop-
erability, regulatory compliance, and real-time deployment. To bridge
this gap, our future work will focus on three strategic fronts: (1) Clin-
ical prototyping: We aim to develop a DICOM-compatible plugin via
open-source platforms such as 3D Slicer, facilitating intuitive clinician
interaction and seamless data integration. (2) Regulatory and security
standards: We will further optimize inference latency and strengthen
data security protocols to align with stringent medical device regu-
latory standards. (3) High-performance deployment: To achieve real-
time capability, we will transition from our current Python-based im-
plementation to high-efficiency C+ + frameworks, specifically lever-
aging LibTorch and ONNX Runtime to enable advanced parallel pro-
cessing and hardware acceleration. We believe this work establishes a
robust foundation for “human-in-the-loop” Al systems, ultimately en-
hancing standard diagnostic workflows with reliable, high-performance
assistance.
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