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Abstract. Real-time 4D-MRI promises to enhance adaptive radiother-
apy through superior soft-tissue contrast and instantaneous motion vi-
sualization. Unfortunately, its clinical implementation is confronted by
aggressive spatial undersampling to achieve real-time acquisition, which
incurs severe image degradation. Super-resolution (SR) offers a viable so-
lution to recover image quality from degraded inputs; however, applying
it to real-time 4D-MRI faces two key challenges: how to precisely recon-
struct intricate human anatomy (i) from highly corrupted inputs without
essential structural details, and (ii) in the absence of ground-truth for su-
pervised training. Regarding these challenges, we propose DuReg-SR, a
dual-registration reciprocal SR framework. Through dual reciprocal reg-
istration, DuReg-SR effectively (i) incorporates routinely acquired diag-
nostic MRI scans as anatomical priors for recovering authentic anatomy,
and (ii) leverages static breath-hold high-resolution (HR) scans as pseudo
ground-truth for training. For reciprocal SR and registration, DuReg-SR
introduces a Hierarchically Recursive Mutual Network (HRMNet), which
performs both tasks in a coarse-to-fine hierarchy to progressively infuse
anatomical priors for anatomy reconstruction. Further, an Anatomically-
Constrained Mutual Training (ACMT) scheme is proposed, which spa-
tially warps a single static HR scan to supervise dynamic 4D-MRI frames
while preserving anatomical consistency across temporal sequences. Ex-
tensive experiments show that DuReg-SR achieves state-of-the-art per-
formance in both visual quality and quantitative metrics.
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1 Introduction

Real-time four-dimensional magnetic resonance imaging (4D-MRI) holds consid-
erable promise in MR-guided radiotherapy of abdominal cancers, offering con-
tinuous high-contrast volumetric visualization of moving anatomies [19, 21]. This
is critical for real-time adaptive beam delivery and gating, facilitating safe dose
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escalation precisely to the target while sparing surrounding normal tissues [15,
24]. However, acquiring high-quality real-time 4D-MRI remains an unmet prob-
lem. Conventional MRI acquisition requires tens of seconds to minutes per scan
[17], far exceeding the sub-300 ms latency demanded by real-time imaging pro-
tocols [25]. While aggressive k-space undersampling can accelerate acquisition,
it inevitably degrades spatial resolution and introduces severe aliasing artifacts.

Super-resolution (SR) is widely recognized for reconstructing high-resolution
(HR) images from low-resolution (LR) inputs [12]. However, its application to
real-time 4D-MRI faces two key challenges. First, the extreme undersampling
rates required for real-time acquisition severely corrupt 4D-MRI frames, strip-
ping away critical anatomical details. Reconstructing complex human anatomy
from such degraded inputs is highly intractable and often yields over-smoothed
and implausible outputs [20]. Second, SR typically relies on spatially aligned
HR-LR image pairs for supervised training [6]. Unfortunately, perfectly aligned
ground-truth is technically unattainable in 4D-MRI due to hardware constraints.

For the first challenge, we identify a valuable yet underutilized resource
within standard clinical workflows: diagnostic scans (e.g., T1/T2-weighted MRI).
Acquired prior to radiotherapy, these scans capture detailed patient-specific
anatomy that can serve as the reference for reconstructing authentic structures
from heavily corrupted 4D-MRI frames. For the second challenge, high-quality
breath-hold MRI scans (acquired over 10-20 seconds) present a potential alter-
native as pseudo ground-truth for model training [23,27]. It should be noted
that, unlike routinely available diagnostic scans, breath-hold HR scans require
both identical acquisition protocols to 4D-MRI and a prolonged, stable breath-
hold, which is often infeasible for vulnerable patient populations [1]. Therefore,
diagnostic imaging offers a more clinically accessible prior for deployment, while
breath-hold HR MRI is only used during training.

Effective utilization of the reference’s anatomical prior and breath-hold HR
supervision necessitates addressing spatial misalignment between these static
scans and each dynamic 4D-MRI frame. This misalignment, caused by phys-
iological motion, leads to anatomical distortions and limits reconstruction ac-
curacy. Image registration thus becomes a critical enabling technique. Recent
multi-contrast SR methods have explored integrating registration to erase spa-
tial misalignment between the LR and reference [5]. For instance, Chen et al.
[3] leveraged deformable attention mechanisms to estimate spatial misalignment,
while Lei et al. [11] incorporated a spatial alignment module to compensate for
misaligned structures across images. Nevertheless, these methods are ill-adapted
to abdominal 4D-MRI due to two technical barriers. First, designed primarily for
brain imaging with relatively rigid deformations, these methods employed one-
pass registration without considering advanced techniques such as progressive
or recursive registration [22, 16], which can be difficult to handle complex non-
linear deformations stemming from respiratory and peristaltic motion. Second,
their training relied on synthetically aligned LR-HR pairs generated via ret-
rospective downsampling, thereby artificially sidestepping the real-world issue
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Fig. 1: Detailed Architecture of Hierarchically Recursive Mutual Network (HRMNet).

of inter-fraction misalignment [13, 14]. Thus, applying breath-hold HR scans as
supervised labels necessitates additional registration-guided training strategies.

In this study, we propose a Dual-Registration Reciprocal Super-resolution
framework (dubbed DuReg-SR) for real-time 4D-MRI, wherein SR and regis-
tration interact through two mutually-reinforcing cycles to exploit anatomical
priors and supervisions. To our knowledge, this is the first work to incorpo-
rate anatomical priors for real-time 4D-MRI, marking a paradigm shift from
conventional single-image SR to prior-guided reconstruction. Here, we adopt
T1-weighted (T1w) MRI as the reference, given its protocol similarity to our
4D-MRI. Two technical contributions are introduced by our DuReg-SR: (i) A
Hierarchically Recursive Mutual Network (HRMDNet) for T1w-guided prior in-
fusion, where SR and registration are progressively integrated in a coarse-to-fine
manner, enabling reciprocal feature interaction and prior knowledge infusion at
each level. (ii) An Anatomically-Constrained Mutual Training (ACMT) scheme
for HR-constrained anatomical supervision, where our HRMNet and an add-on
registration network are reciprocally trained with a contrastive-based artifact-
resilient loss. Extensive experiments on in-house 4D-MRI and public CHAOS
[8] demonstrate the state-of-the-art performance of DuReg-SR in both visual
quality and quantitative metrics.

2 Methodology

Let {IF}N | (with IF € REXW>D) denote the LR 4D-MRI sequence of N frames,
I ¢ REXWXD the patient-specific reference, and I € REXWXD the static HR
scan. Our objective is to learn an SR network, HRMNet (Hy,), that recon-
structs each high-quality frame as I = Hg, (IF, I) by fusing anatomical priors
from I*”. Additionally, the ACMT Scheme supervises the entire output sequence
{I?}N | using the static scan I*? achieving visual fidelity to I while preserving
the spatial geometry of the orlglnal LR input.



4 Y. Wang and M. Meng et al.
2.1 Hierarchically Recursive Mutual Network

As shown in Fig. 1, HRMNet adopts a dual-stream U-shaped architecture with
two encoders and an inverted-pyramid decoder. The decoder interweaves SR and
registration pathways that cooperate across K hierarchical scales. At each level,
the SR branch uses aligned reference features as semantic guidance, while the reg-
istration branch leverages the structurally enhanced SR output to refine spatial
correspondences. Through this recursive mutual machanism, I'® is progressively
aligned to each frame I, thereby enabling high-fidelity SR reconstruction.
Two separate encoders (without weight sharing) are employed to extract
multi-scale feature pyramids { f’g K and {fE}E | from IF and I%, respec-
tively. Each encoder comprises K encoding blocks. Every block consists of two
consecutive convolutions, each followed by a PReLU activation. After the first
block, a max-pooling layer precedes each block to halve the spatial resolution.
The decoder mirrors the encoder’s hierarchical structure, performing recur-
sive deformation field estimation and SR reconstruction from the coarsest level
k = K to the finest level k = 1. At each level k (k # K), it takes as input not
only the current-level encoder features f ’L“ and f%, but also the deformation field

#**! and SR result I §+1 propagated from the previous level. Consequently, only
residual components at the current scale need to be estimated for both registra-
tion and super-resolution, enabling progressive refinement along a coarse-to-fine
trajectory and facilitating detailed recovery in a cascaded manner.

Specifically, the deformation field ¢**! from the previous level is upsampled
via trilinear interpolation to spatially pre-align the prior feature f& produc-
ing f}% = f}% o Up(¢**1) as the moving feature for the registration module.
Within each registration module, a correlation layer computes feature matching
responses between the fixed and moving features within a local window. These
responses are concatenated with the original features and upsampled registra-
tion features from the previous level, then refined through several convolutional
layers with kernel size of 3. A final convolutional layer with kernel size of 3 ini-
tialized from N(1,107°) predicts the residual field A¢*, which is added to the
upsampled field to produce ¢ = Up(¢**1) + A¢*. On the other hand, the SR
result Ig;“ from the previous level is upsampled and encoded into enhanced
features, then concatenated with the current-level LR features flsz- to form the
fused feature f! ]ng This fused feature is refined through convolutional layers with
kernel size of 3, followed by a final convolution with kernel size of 1 to produce
the SR result 1 g for the current level. Except for the final level, each SR level
concludes with a trilinear upsampling layer that doubles the spatial resolution
for the next level.

Notably, the fused feature ff also serves as the fixed feature input to the
registration module at the same level, leveraging the reconstruction priors from
the previous level to enhance feature robustness and thereby improve the ac-
curacy of deformation field estimation. The refined deformation field estimated
at the current level can, in turn, warp the reference feature more precisely to
achieve structural alignment with the dynamic features, providing high-quality
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Fig. 2: Tllustration of Anatomically-Constrained Mutual Training (ACMT) scheme.
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spatial guidance for SR reconstruction: fﬁ = fﬁ o ¢*. In this manner, registra-
tion and SR are deeply coupled and mutually reinforcing at each level, forming
a synergistic optimization mechanism. The overall process is formulated as:

" = Gop (FF,. fli FEEY) + Up(e*Hh), (1a)
1§, = So: (ff, @ fh, 15T), (1b)

where Gor and Se: are the registration and SR modules at level k; & denotes
channel-wise concatenation; and fr’fe'gl and fF+1 are propagated features (avail-
able only for k£ < K). After recursive refinement across all levels, the decoder

outputs the full-scale deformation field @7~ and the final SR result Ig,.

2.2 Anatomically-Constrained Mutual Training

Our ACMT scheme is illustrated in Fig. 3. A PatchGAN [10] discriminator
imposes an adversarial loss L,qy, encouraging Iis to visually approximate I7:

‘Cadv = EIHNPdata(IH) [logpez (IH)} + EI?N;}HGI (If) [IOg (1 - D92 (L:S)ﬂ . (2>

Following [11], we also introduce a mutual information-based alignment loss that
steers the reference image I'* toward each LR frame I, allowing the SR network
to exploit structural cues from anatomically corresponding regions. Given the
severe degradation of LR inputs, we further leverage the enhanced image I f for
more robust alignment assessment:

Latign = Lat(IF 0 @F7F IF) + Lan(IF 0 075 17, (3)

where #~L denotes the deformation fields from I to IF.

However, GAN-based reconstruction risks incurring geometric distortions,
which can be exacerbated by misalignment between I® and IF. This is par-
ticularly detrimental in radiotherapy, where spatial fidelity is paramount. Prior
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works enforce geometric consistency via patch-wise contrastive losses (e.g., patch-
NCE) applied between input and output images (i.e., I/ and I) [4,18]. In our
context, such constraints tend to misinterpret artifacts as valid anatomical struc-
tures, impeding both artifact suppression and fine-detail recovery.

To tackle this issue, we introduce a lightweight VoxelMorph registration mod-
ule Ry, jointly optimized with the SR network Hg, [2|. Rather than aligning the
high-quality static scan I7 to each artifact-corrupted LR input IF, R, esti-
mates the deformation from the reconstructed SR image I to I. The warped
SR image is then supervised against I via pixel-wise ¢, loss:

ACrecon = ||Ir;s o @;S’—)H - IH||17 (4>

where @77 is the deformation fields from I to I. This creates the second
mutually reinforcing cycle: enhanced structural clarity in Iis improves correspon-
dence estimation, while accurate alignment provides faithful supervision for SR.
This reciprocal design ensures both tasks benefit progressively during training.
Beyond this reciprocal cycle, we further enforce geometric consistency through
a novel Artifact-Resilient Contrastive (ARC) loss Larc. Instead of applying con-
trastive constraints directly between I and I, we leverage the deformation
estimated by Ry, to warp the original LR image, and enforce alignment between
the warped LR and fixed HR. The underlying rationale is that if IZS and I are

anatomically consistent, they should share the same deformation relative to I*7:

eSim(“b,p Ub,p) /T

1
log — . , (5)
BNp l%; eblm(ub,Pavb,p)/T —+ Zq#p 651m(ub,pﬂ’b,q)/7

Larc = —

where B is batch size, N, patches per image, 7 temperature, and uy,,, v, are
features from corresponding patches of warped LR ff = IF o Ry, (17, I7) and
fixed HR I#, with sim(-,-) as cosine similarity. By operating on the warped LR
rather than the SR output directly, our formulation preserves faithful anatomy
while maintaining the SR network’s capacity.

The overall objective is a weighted combination of five loss terms:

‘Ctotal = )\1 ‘Cadv + )\2‘Calign + )\3£recon + )\4£ARC + )\5£smt~ (6>
We empirically set Ay =1, Ao = 1, A3 = 10, Ay = 0.1, and A5 = 5. Lyt applies
an /5 gradient penalty to regularize @1 and ¢7H.

3 Experiments

Experiment Setup. We evaluated our method on two datasets: an in-house
4D-MRI dataset of 26 liver cancer patients and the public CHAOS dataset [7].
For in-house dataset, free-breathing 4D-MRI was acquired using a TWIST-VIBE
sequence (690ms/frame). To emulate real-time acquisition, we further under-
sampled the acquired 4D-MRI k-space by retaining only 50% and 25% of the
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Fig.3: Visual comparison of SR results on (a) 4D-MRI and (b) CHAOS datasets.

radial spokes, corresponding to frame rates of 345 ms and 173 ms, respec-
tively. Breath-hold scans (11s/frame) served as HR ground-truth, and Tlw
STAR-VIBE images were employed as the reference. For quantitative evalua-
tion, each static HR scan was registered to its matched motion phase using
Elastix [9], with all reported metrics computed exclusively on the aligned phase.

For CHAOS, we retrospectively applied radial undersampling in-phase T1w
images at acceleration factors of x16, x24, and x 32 to generate highly corrupted
LR inputs, while out-of-phase T1w images were retained as the reference. During
training, synthetic Gaussian deformations were applied between the LR, refer-
ence, and HR to simulate respiratory-induced misalignment [10].

Our framework was implemented in PyTorch 1.10.2 and trained on a single
RTX A6000 GPU. The model was optimized with Adam over 100 epochs, us-
ing an initial learning rate of le—4 that decayed cosine-annealing to le—6. We
applied a batch size of 1 for the 4D-MRI dataset and 8 for the CHAOS dataset.

Comparison Study. We compared our DuReg-SR with state-of-the-art SR
approaches, including single-image SR (AST [28]|, ATD [26]) and multi-contrast
SR (A2-CDic [11], DANCE [3]) that can utilize misaligned references. For the
lack of paired HR-LR ground-truth, all competitors were trained using HR-LR
image pairs pre-aligned with Elastix, following [27].

As observed in Fig. 3, our method effectively restores fine anatomical details,
such as vascular structures and well-defined tumor boundaries. AST and ATD,
lacking patient-specific anatomical priors, produce over-smoothed outputs that
miss subtle structures. While A2-CDic and DANCE partially recover missing
details, they often introduce structural inconsistencies that resemble the refer-
ence rather than the input anatomy. Quantitative results in Table 1 showcase
that DuReg-SR consistently outperforms all baselines across PSNR, SSIM, and
LPIPS (with AlexNet as the backbone), with gains especially pronounced at
higher undersampling factors. These findings establish DuReg-SR as an effective
solution for high-quality real-time 4D-MRI under extreme acceleration.
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Table 1: Quantitative results on 4D-MRI and CHAOS. Best and second-best results
are highlighted in red and blue, respectively. T indicates single-image super-resolution
methods; * denotes statistically significant differences compared to our DuReg-SR.

AD-MRI Original 4D x2 x4

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
ASTt 21.30* 89.67* 13.57* 20.77* 87.60* 16.16* 20.13* 85.78* 17.58*
ATD? 22.30* 91.81* 12.22* 21.69* 89.85* 15.13* 20.71* 87.77* 17.38*

A2-CDic 23.01  93.01* 11.79* 21.82* 92.04* 12.97* 21.60* 90.00* 15.04*
DANCE 22.47* 91.59* 11.56* 21.89* 90.45* 13.12* 21.40* 89.38* 13.73*
DuReg-SR 22.84 93.55 5.11 22.62  93.00 5.77 22.04 92.34 5.94

CHAOS x16 x24 x32

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
AST? 21.39* 87.20* 18.71* 19.40* 83.74* 22.39* 18.04* 79.56* 26.79*
ATDf 21.46* 87.82* 12.83* 19.11* 83.30* 15.24* 17.62* 79.18* 21.40*

A2-CDic 21.79* 88.43* 17.46* 19.95* 86.26* 18.75* 18.77* 82.98* 21.13*
DANCE 21.54* 88.10* 10.23* 20.59* 86.20* 11.75* 18.61* 82.61* 13.84*
DuReg-SR  24.48 91.35 8.40 22.79  88.88 9.74 21.58 88.35 10.43

Table 2: Ablation Analysis on HRMNet at ~ Table 3: Ablation Analysis on ACMT.

x32 (VM: VoxelMorph; Casc.: Cascaded). Settings x 24 %32
Settings SR Registration SSIM LPIPS SSIM LPIPS
SSIM LPIPS NCC DSC Baseline 85.86 10.60 82.68 13.33
SISR 77.93 25.38 - - + Ry 85.63 10.67 83.09 11.71
Casc. VM & SR 81.84 15.84 85.68 86.53 + PatchNCE 82.69 11.76 81.71 12.04
Joint VM & SR 84.74 13.00 88.71 88.53 w ACMT  88.88 9.74 88.35 10.43
Ours (K = 1) 84.87 13.64 90.12 89.16 ATD 83.30 15.24 79.18 21.40
Ours (K = 2) 86.20 11.69 90.51 89.30 w ACMT  85.80 13.81 81.27 20.46
Ours (K = 3) 87.07 11.15 90.84 89.67 DANCE 86.20 11.75 82.61 13.84
Ours (K =4) 88.35 10.43 90.91 90.09 w ACMT  87.68 10.39 84.25 12.45

Ablation Study. We conducted two ablation studies to validate the proposed
HRMNet and ACMT scheme. As shown in Table 2, replacing SISR with a pre-
trained VoxelMorph and SR network improves performance, confirming the ben-
efit of anatomical priors from the reference. Joint SR-registration training further
enhances both tasks, as refined SR outputs improve registration via Lyjign. Our
HRMNet achieves progressive gains in both SR and registration metrics as recur-
sion depth K increases, demonstrating that its coarse-to-fine interaction enables
mutual reinforcement between the two tasks.

Table 3 compares different training strategies. The baseline, trained on pre-
aligned HR images, yields suboptimal results. Incorporating Ry, provides more
faithful supervision for SR, as improved SR outputs in turn benefit registra-
tion through joint training. However, introducing PatchNCE loss between SR
input and output degrades all metrics, as enforcing strong consistency between
SR and LR conflicts with artifact removal and structural recovery. Our ACMT
framework, which substitutes PatchNCE with Lagrc, outperforms all variants,
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underscoring its effectiveness in maintaining anatomical consistency while restor-
ing delicate details. Moreover, applying ACMT to ATD and DANCE also yields
consistent improvements, confirming its general applicability.

4 Conclusion

In this study, we have outlined DuReg-SR, a novel framework for real-time
4D-MRI super-resolution that integrates diagnostic Tlw MRI as anatomical
priors and breath-hold HR as pseudo-labels. It incorporates HRMNet for prior-
infused reconstruction and ACMT for anatomically-constrained supervision. Ex-
tensive evaluations on two datasets validate that our method accurately re-
constructs anatomical structures even under extremely high downsampling fac-
tors required for real-time acquisition, consistently outperforming existing ap-
proaches by a significant margin.
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