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Abstract. Digital Subtraction Angiography (DSA) is the clinical gold
standard for vascular imaging but is frequently degraded by motion arti-
facts due to patient physiological movement. While recent deep learning
methods bypass traditional subtraction by learning a direct mapping
from contrast images to vascular images, they often struggle with the
complex anatomical structures in contrast images, leading to incomplete
and discontinuous vascular reconstructions. Moreover, the inherent mo-
tion artifacts in the training data prevent these models from fully elim-
inating artifacts in the generated images. To address these challenges,
we propose a Prior-guided Hierarchical Vector Quantized Variational
Autoencoder (PH-VQVAE). First, our model features a dual-branch
encoder that extracts features from both the pre-contrast mask and
contrast images at multiple scales. We introduce a window-based cross-
attention mechanism at each level to efficiently capture local contrast dif-
ferences and fuse anatomical priors, enabling precise "soft subtraction"
robust to local misalignments. Second, we abandon the continuous la-
tent representations used in conventional generative models in favor of
a hierarchical discrete modeling approach. By mapping multi-scale fea-
tures to learned discrete codebooks, our method effectively filters out
background noise and motion artifacts while preserving the topological
integrity of vessels. Experimental results demonstrate that our approach
reconstructs the vessels well and achieves superior reconstruction ac-
curacy compared to the state-of-the-art generative models, offering a
promising tool for safer and more efficient interventional imaging.

Keywords: Digital Subtraction Angiography - Motion Artifacts - Vec-
tor Quantized VAE.

1 Introduction

Digital Subtraction Angiography (DSA) plays a pivotal role in interventional
radiology by providing clear visualization of the vascular anatomy, essential for
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diagnosing stenosis, aneurysms, and guiding catheter placement [12, 13]. The pro-
cess involves subtracting a pre-contrast "mask" image from subsequent contrast-
enhanced "live" frames [9,11]. However, patient involuntary movements—such
as breathing, heartbeat, or swallowing—often cause spatial misalignment be-
tween the mask and the live frames. These misalignments result in significant
motion artifacts, obscuring the target vessels and potentially leading to "junk
films" that necessitate repeat procedures, thereby increasing the patient’s radi-
ation dose and contrast agent toxicity [8].

To mitigate these issues, researchers have traditionally explored image reg-
istration techniques; however, non-rigid registration is computationally inten-
sive and often fails in complex anatomical regions [15, 10,17, 3]. Recently, deep
learning has emerged as a powerful alternative, aiming to learn the direct map-
ping from raw angiography sequences to vessel-only images [1, 16, 19, 14, 7, 6, 20].
While promising, existing deep learning approaches suffer from two limitations.
First, most models rely on continuous latent spaces (e.g., U-Nets,
GANSs, or Diffusion models) to encode image features. In a continuous
manifold, the boundary between the sparse, low-contrast vascular signal and
the stochastic background noise is often ambiguous. Prior studies have reported
that continuous representations can be vulnerable to error accumulation [2],
while discrete learning (i.e., vector-quantized models) can prevent input inter-
ference, such as noise, artifacts, and field bias [4]. Second, current methods
often utilize only the "live" contrast frame, neglecting the explicit use
of the pre-contrast mask image. Without this anatomical prior, models are
forced to "guess" vessel structures from scratch. This lack of reference makes it
difficult to distinguish actual contrast updates from static bone structures, often
resulting in discontinuous or fragmented vessel reconstructions, especially when
the contrast concentration is low.

To address these dual challenges, we introduce a Prior-guided Hierarchical
Vector Quantized Variational Autoencoder (PH-VQVAE) for DSA image gener-
ation. Our primary motivation is to leverage the discrete latent space of VQ-VAE
to filter out stochastic noise and motion artifacts that continuous models fail to
eliminate. Crucially, we upgrade the standard VQ-VAE to a hierarchical archi-
tecture, ensuring that both large vascular structures and tiny collateral vessels
are accurately reconstructed. More importantly, to resolve the issue of vessel
discontinuity, we propose a dual-branch encoder architecture that explicitly in-
corporates the pre-contrast mask as an anatomical prior. Unlike single-branch
methods, this design allows the network to learn a "soft subtraction" strategy
in the feature space: by comparing the contrast frame against the mask prior,
the model can robustly identify invariant background structures and isolate the
flowing contrast agent, thereby significantly enhancing the connectivity and com-
pleteness of the reconstructed vasculars. To fuse these features effectively, we in-
troduce a window-based cross-attention mechanism at each level. Unlike global
attention, window-based attention focuses on local neighborhoods, allowing the
model to efficiently capture fine-grained contrast differences and correct local
misalignments without the computational burden of global interactions.
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Fig. 1. Illustration of the proposed PH-VQVAE method for DSA image generation.

In summary, our main contributions are:

1. We propose, to the best of our knowledge, the first application of hierarchical
VQ-VAE for high-fidelity DSA image generation. By leveraging a multi-scale
discrete codebook, our framework effectively filters out stochastic motion
artifacts while accurately reconstructing both large trunks and tiny collateral
vessels, overcoming the limitations of continuous models.

2. We introduce a prior-guided dual-branch architecture with multi-scale window-
based cross attention. This mechanism explicitly utilizes the pre-contrast
mask as an anatomical prior, performing efficient "soft subtraction" at dif-
ferent resolutions to robustly recover vessels from complex backgrounds.

3. Extensive ablation studies and comparison experiments validate the valid-
ity and superiority of our method for generating high-fidelity DSA images,
highlighting its potential for safer and more efficient interventional imaging.

2 Method

2.1 Overall Architecture

As illustrated in Fig. 1, our proposed framework is a Prior-guided Hierarchi-
cal Vector Quantized Variational Autoencoder (PH-VQVAE) designed to recon-
struct high-fidelity DSA images. The architecture begins with a dual-branch
encoder that independently extracts multi-scale features from the mask image
(Lmask) and the contrast image (Icontrast). To robustly separate vascular signals
from complex backgrounds, we introduce a Prior-aware Feature Integration mod-
ule. Instead of simple concatenation, this module employs a window-based cross-
attention mechanism at each scale, where mask features serve as keys/values to
guide the refinement of contrast features (queries). This process performs a “soft
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subtraction” in the feature space, utilizing the anatomical prior to filter out static
structures and highlight local contrast differences. Subsequently, the refined fea-
tures are passed through a Hierarchical Vector Quantization bottleneck. Here,
continuous features are mapped to discrete codebooks, which act as structural
filters to eliminate stochastic noise and motion inconsistencies that lack com-
pact representations in the discrete space. Finally, a decoder aggregates these
multi-scale quantized features to reconstruct the DSA image Y, ensuring both
topological integrity and precise vessel connectivity.

2.2 Method Details

Dual-branch Encoder with Prior-aware Feature Integration To effec-
tively separate vascular signals from complex backgrounds, we propose a dual-
branch encoder that leverages the mask image as an anatomical prior. Since
Iask and I.onirase are spatially misaligned, direct concatenation of images or
features is suboptimal. We introduce a Prior-aware Feature Integration mod-
ule to align and refine features. Let E,, and E. denote the encoders for the
mask and contrast images, respectively. They independently extract hierarchical
feature maps Z,, and Z. at multiple scales. Within this module, we employ a
window-based cross-attention mechanism to perform "soft subtraction" in the
feature space. We treat the contrast features Z. as the Query (Q), while the
mask features Z,, serve as both Key (K) and Value (V). By computing the at-
tention within non-overlapping local windows, the model learns the correlation
between the dynamic contrast flow and the static background anatomy:

ZW(ZyWi)T
Vi
where Wq, Wx, Wy are learnable projection matrices. This mechanism allows

the model to leverage the anatomical prior from the mask to suppress background
features in the contrast image, yielding a refined feature representation Z,. tined-

Attention(Q, K, V) = softmax < > (ZWy) (1)

Hierarchical Vector Quantization Continuous latent spaces often encode
stochastic motion artifacts and high-frequency noise indistinguishably from the
vascular signal. To address this, we impose a discrete constraint using a Hierar-
chical Vector Quantization (VQ) bottleneck. A single-scale quantization at the
deepest level (e.g., 1/8 resolution) would be insufficient, as the aggressive down-
sampling risks obliterating fine vascular structures and distal vessel branches.
Therefore, we perform quantization at multiple scales (1/2, 1/4, and 1/8). We
define a learnable codebook C' = {e;}5_, € RP at each scale, where K is the
codebook size and D is the embedding dimension. For each spatial vector z;;
in the refined feature map Z,efined, we perform a nearest-neighbor lookup to
replace it with the closest code vector e from the codebook:

2\ = ey, where k= arg min lzij — enll2 (2)
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Here, z, represents the quantized feature map. This multi-scale discretization
process acts as a structural filter: it preserves global vascular topology at coarse
scales while retaining intricate vessel details at fine scales.

Decoder Reconstruction and Optimization The decoder G aggregates the
multi-scale quantized discrete features z; to reconstruct the high-fidelity DSA
image Y = G(zq). To enable end-to-end training despite the non-differentiable
quantization step, we utilize the straight-through estimator, which copies gradi-
ents from the decoder input directly to the encoder output during backpropa-
gation. The framework is optimized using a compound loss function comprising
a reconstruction loss and a codebook alignment loss. The reconstruction term
L,.. employs L1 loss to ensure pixel-wise fidelity between the output and the
ground truth. To train the codebook, we minimize the vector quantization loss
L,q, which forces the encoder outputs to commit to the nearest code vectors and
updates the codebook to match the encoder’s representation:

Log = lIsglZrefined] = 2qll3 + Bl Zrefinea — sglzq) 13 (3)

where sg|-] denotes the stop-gradient operator and f is a hyperparameter bal-
ancing the commitment loss. The total objective is summarized as Liptqr =
Lrec + qu~

2.3 Implementation

The proposed framework was implemented using PyTorch and trained on a work-
station equipped with a single NVIDIA GeForce RTX 3090 GPU. Input images
were resized to 512 x 512 pixels, with data augmentation techniques—including
random scaling, rotation, and cropping—applied to enhance model robustness.
The network architecture is configured with a hidden dimension of 128, employ-
ing a codebook size of K = 512 with an embedding dimension of D = 128. To
stabilize the discrete latent representation, we utilized an exponential moving
average decay of 0.99 and a commitment cost of 0.25, while the multi-head at-
tention mechanism incorporates 8 heads with a gate initialization of -2.0. The
model was trained for 200 epochs with a batch size of 2 using the AdamW
optimizer, with both the learning rate and weight decay set to 1 x 107%. A lin-
ear warmup strategy was applied for the first 3 epochs to ensure convergence
stability, and the final objective function integrates a vector quantization loss
(Avg = 0.5) and an entropy regularization term (Aentropy = 0.02) to encourage
codebook diversity. For reproducibility, our source code and pre-trained models
will be made publicly available.

3 Experiments

3.1 Experimental Data

The dataset used in this study was retrospectively collected from 211 patients
who underwent cerebral DSA examinations at one hospital. To ensure the model
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Table 1. Quantitative ablation study results on the test set. Bold indicates the best
performance.

Method SSIM PSNR (dB) + RMAE | LPIPS |

Contrast-only 0.880 £ 0.058 28.11 + 5.38 2.00 4+ 0.010 0.181 + 0.054
Dual-branch concatenation 0.936 + 0.024 32.33 +4.37 1.29 + 0.006 0.102 4+ 0.034
P-VQVAE (1/8) 0.886 & 0.056 29.66 + 5.14 1.74 £+ 0.008 0.157 £ 0.051
PH-VQVAE (1/4+1/8) 0.911 £ 0.040 31.64 +4.71 1.41 + 0.006 0.125 + 0.042
PH-VQVAE (Proposed Tri-scale) 0.940 + 0.022 33.07 £+ 4.12 1.17 £+ 0.005 0.095 £ 0.035
PH-VQVAE (Full-scale) 0.946 + 0.019 32.26 + 4.38 1.21 4+ 0.005 0.085 + 0.028

learns robust vessel features without being biased by severe misregistration, our
training strategy primarily utilizes image pairs exhibiting mild motion artifacts.
Specifically, the training set (derived from 184 patients) contains 2,242 pairs of
high-quality data with minimal motion, comprising 1,043 anteroposterior (AP)
and 1,199 lateral (LA) projection views. Similarly, the validation set (derived
from 11 patients) includes 223 mild artifact pairs (115 AP and 108 LA) to moni-
tor model performance on high-quality data. In contrast, to rigorously assess the
model’s generalization capability across varying degrees of motion, the indepen-
dent test set (16 patients) includes a diverse range of severities, encompassing
mild (173 pairs), moderate (902 pairs), and severe (170 pairs) motion artifacts.
In total, the full dataset consists of 3, 710 image pairs, strictly partitioned at the
patient level to prevent data leakage.

3.2 Ablation Study

Experimental setup. We conducted a systematic ablation study to isolate the
contributions of two core components: the Mask Prior Integration strategy and
the Hierarchical Vector Quantization (VQ) configuration. To validate the neces-
sity of the anatomical prior, we first compared our full model against a Contrast-
only baseline, which removes the dual-branch encoder and cross-attention mod-
ule, relying solely on self-extraction of features from the contrast image. Subse-
quently, to demonstrate the superiority of our Prior-aware Feature Integration,
we evaluated a Dual-branch Concatenation variant, where features are extracted
independently from the mask and contrast images via a dual-branch encoder, but
instead of using cross-attention, the features from both branches are simply con-
catenated at each scale before passing through the hierarchical VQ and decoder.
Furthermore, to determine the optimal quantization granularity for preserving
vascular details while suppressing noise, we analyzed the impact of multi-scale
VQ. We constructed four variants with increasing quantization depth: (1) a
Single-scale model applying quantization only at the deepest bottleneck layer
(1/8 resolution); (2) a Dual-scale model utilizing quantization at 1/8 and 1/4
resolutions; (3) our Proposed Tri-scale model, which applies quantization at 1/8,
1/4, and 1/2 resolutions; and (4) a Full-scale model that extends quantization
to the original resolution (1/1).
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Fig. 2. Visual results of different comparison methods. Red and blue circles highlights
the low-contrast region with complex anatomy in the contrast image and the artifacts
in the ground truth DSA images, respectively. Red, blue and green arrows indicate loss
of vessels, hallucinatory artifacts, and well-reconstructed vessels, respectively.

Table 2. Quantitative comparison with state-of-the-art methods on the test set.

Method SSIM 1 PSNR (dB) T+ RMAE | LPIPS |

Pix2Pix(Yonezawa et al., 2022) 0.860 &+ 0.068 26.46 + 6.42 2.67 £ 0.015 0.213 £ 0.068
AaDSA (Liu et al., 2025) 0.898 £ 0.043 27.35 £ 4.90 2.26 &+ 0.011 0.235 + 0.063
Diffusion (Ho et al., 2020) 0.893 £ 0.051 28.06 &+ 5.53 2.05 &£ 0.010 0.262 % 0.055
Uformer (Wang et al., 2022) 0.906 £ 0.04 29.28 £4.92 1.76 + 0.009 0.147 &£ 0.053
PH-VQVAE (Ours) 0.940 + 0.022 33.07 + 4.12 1.17 + 0.005 0.095 + 0.035

Quantitative Analysis. The quantitative results of the ablation study are sum-
marized in Table 1. As summarized in Table 1, the ablation study validates the
effectiveness of our core components. The Contrast-only baseline exhibits the
poorest performance, confirming the necessity of anatomical guidance. While
the Dual-branch concatenation strategy improves structural similarity by in-
corporating mask features, its direct concatenation leads to suboptimal PSNR
compared to our attentive integration. Regarding the quantization scale, perfor-
mance generally improves with resolution. The Single-scale (1/8) and Dual-scale
(1/4+1/8) models fail to capture fine vessel terminals. Our proposed Tri-scale
(1/2+1/4+1/8) configuration achieves the optimal trade-off, reaching the high-
est PSNR (33.07 dB) and high SSIM (0.940). Although the Full-scale model
yields marginally better SSIM, its PSNR drops slightly likely due to the preser-
vation of high-frequency noise at the finest scale. Consequently, we selected the
Tri-scale configuration as the optimal solution, striking the best balance between
reconstruction fidelity and model efficiency.
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3.3 Comparative Study

Ezperimental setup. To comprehensively evaluate the proposed Prior-guided Hi-
erarchical VQ-VAE (PH-VQVAE), we designed a comparative study against
state-of-the-art generative models. Our comparison includes representative meth-
ods from four categories: (1) GAN-based frameworks, specifically Pix2Pix, which
has been adopted in previous DSA generation studies for cerebral [16] and ab-
dominal [19] vasculature; (2) Diffusion-based models, implementing a conditional
Denoising Diffusion Probabilistic Model (DDPM) to represent current state-of-
the-art generative fidelity [5]; (3) Transformer-based image restoration architec-
tures, specifically Uformer [18], representing powerful general-purpose models
for robust artifact removal; and (4) the state-of-the-art DSA generation method,
i.e., AaDSA [7,6]. Note that the original AaDSA framework relies on an artifact
mask guidance module designed for a motion-corrupted training dataset. Given
the dataset with minimal artifacts used in our work, we adapted its implemen-
tation by omitting the explicit artifact mask guidance while retaining its core
generative architecture. All models were trained and tested on the same dataset
splits to ensure consistency.

Quantitative and qualitative results. Quantitative results in Table 2 demonstrate
that PH-VQVAE significantly outperforms those competing methods, achieving
the highest structural fidelity (SSIM: 0.940+0.022) and peak signal-to-noise ratio
(PSNR: 33.07+4.12 dB) with the lowest perceptual error (LPIPS: 0.095). Visual
comparisons in Fig. 2 further validate this superiority, particularly in challenging
low-contrast regions (red circle). While comparison methods suffer from vessel
discontinuities (red arrows) or hallucinatory artifacts (blue arrow), our approach
successfully reconstructs continuous and complete vascular trees (green arrows).
Moreover, our model exhibits robustness by generating clean backgrounds even
when the ground truth contains moderate motion artifacts (blue circle), con-
firming that the learned anatomical priors effectively filter out noise inherent in
the training targets rather than memorizing artifacts.

4 Conclusion

In this work, we presented the Prior-guided Hierarchical Vector Quantized Varia-
tional Autoencoder (PH-VQVAE) to address the persistent challenges of discon-
tinuous vessel reconstruction and motion artifacts in deep learning-based DSA
imaging. Specifically, our dual-branch encoder with attentive feature integra-
tion leverages the mask prior to enhance faint vessel signals, effectively resolv-
ing the issue of vessel discontinuity even under low-contrast conditions. Mean-
while, the hierarchical vector quantization (VQ) robustly eliminates stochastic
motion artifacts while preserving intricate vascular details that single-scale ap-
proaches often miss. Comprehensive experiments demonstrate that PH-VQVAE
significantly outperforms state-of-the-art transformer-based and diffusion-based
approaches, yielding high-fidelity DSA reconstructions with superior vessel con-
nectivity and artifact suppression. These results highlight the clinical potential
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of our framework to rescue non-diagnostic "junk films", reducing the need for
repeated radiation exposure and contrast injection in interventional procedures.
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