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Abstract. Dynamic MRI supports a range of clinical applications, includ-
ing cardiac function assessment, organ motion tracking, and radiotherapy
guidance. However, fully sampling dynamic k-space is often infeasible
due to acquisition time constraints and physiological motion, such as res-
piration and heartbeat. This necessitates undersampling, which degrades
reconstructed image quality and can impair deformation field estimation
for registering dynamic images to a static reference. Accurate registration
is critical for motion correction, treatment planning, and quantitative
analysis, particularly in cardiac imaging and MR-guided radiotherapy.
Extending E2E-ADS-Recon, we add deformable registration and jointly
optimize its adaptive sampling—reconstruction pipeline with registration.
The framework first uses a DL-based adaptive sampling strategy to opti-
mize dynamic k-space acquisition for each case. A reconstruction module
then produces images from undersampled moving data that are opti-
mized for deformation field estimation, followed by a registration module
that aligns the reconstructed dynamic images with a static reference.
The framework is independent of specific reconstruction and registration
architectures, enabling plug-and-play integration of different modules.
It is jointly trained using supervised and unsupervised losses, allowing
end-to-end optimization across all components. Controlled experiments
and ablations evaluate warped-image similarity on undrsampled cardiac
cine MRI, a suitable dynamic setting, and externally on aortic MRI.

Keywords: Dynamic MRI - Cardiac MRI - Adaptive Sampling - Image
Reconstruction and Registration - Deep Learning - End-to-end Learning

1 Introduction

MRI is an essential imaging modality owing to its non-invasive nature, absence of
ionizing radiation, and excellent soft tissue contrast. Dynamic MRI further enables
real-time cardiac function assessment, organ motion tracking, and adaptive
radiotherapy, making it valuable for both diagnosis and treatment guidance.
However, dynamic MRI is limited by slow acquisition, which is particularly
challenging in real-time settings and is further complicated by physiological
motion, such as respiration [6] and heartbeat [14].

Motion and acquisition-time constraints make full k-space sampling difficult
in dynamic imaging, making undersampling the practical route to acceleration.
Even when dynamic acquisitions are possible, such as ECG-triggered cardiac
MRI [19], undersampling can reduce scan time, lower costs, and increase scanner
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Fig.1: End-to-end pipeline. Sensitivities are estimated from ACS data; the
adaptive sampling model selects patterns from initial moving data and sensitivities;
sampled data are reconstructed; the registration model estimates motion aligning
the sequence to a reference. The warped output is used for loss computation.

throughput. Deep learning (DL) has substantially improved undersampled MRI
reconstruction [8, 21|, often outperforming compressed sensing (CS) [18] by
learning data-driven reconstructions from limited k-space data.

Beyond reconstruction, DL-based adaptive sampling has shown improved
performance over non-adaptive learned, fixed, or random sampling. However, most
methods target static imaging; E2E-ADS-Recon [36], an end-to-end adaptive
sampling and reconstruction framework, specifically addresses dynamic MRI
but does not include registration. Despite these advances, undersampling can
degrade image quality and affect downstream motion estimation and registration,
which are central to dynamic MRI. In cardiac MRI, registration supports motion
correction, segmentation, and functional assessment [15]; in adaptive radiotherapy,
MRI-based registration enables tumor motion tracking for accurate dose delivery
while limiting exposure to healthy tissue.

Several traditional and DL-based registration methods have been developed
for medical imaging [4,7,16,25]. In accelerated MRI, some approaches jointly
optimize reconstruction and registration [10, 26, 27], while others use learned
motion models [33]. Motivated by the need for accurate motion estimation in
undersampled dynamic MRI, we introduce the first end-to-end DL-based frame-
work that integrates adaptive undersampling, reconstruction, and registration
for dynamic MRI. An overview is shown in Fig. 1. Our contributions are:

— Extending E2E-ADS-Recon, we add deformable registration and jointly opti-
mize the complete sampling—reconstruction—registration pipeline end-to-end.

— We provide a detailed and reproducible methodology covering all components
of the proposed framework; code is available at github.com/NKI-AI/direct.

— We evaluate the framework under multiple configurations, validating on cardiac
cine data and demonstrating generalization to out-of-distribution data.
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2 Background and Related work

2.1 Dynamic MRI Reconstruction

Dynamic MRI reconstruction aims to recover a moving image x € C"*™ from
acquired dynamic k-space data, where n = n; x n, denotes the spatial dimensions,
n. represents the number of scanner coils, and n; the temporal dimension of
the sequence. Given fully sampled data y € C™"*"<*"t the underlying image
sequence can be obtained by applying the inverse Fast Fourier Transform F !,
followed by the root-sum-of-squares (RSS) as follows for 7 =1, -+ ,ny,:

X, :=RSSoF (y...), RSS(w) = (Z |w.7k|2)1/2 €R", weC"". (1)
k=1

To reduce the acquisition time, undersampling is applied to the k-space: ™ :=
M(y). Undersampling is characterized by a binary dynamic mask operator
M € {0,1}*™ which zeros-out non-acquired k-space samples. The resulting
forward model for each frame 7 is described by the forward operator T, s.:
2, = T, s, (%) := My 0 FoCs (x.-), (2)
where Cg_ denotes the coil sensitivity-encoding operator, which decomposes an
image into individual coil images using coil sensitivity profiles S, € Crixne A
reconstruction for (2) can be formulated as a solution to an optimization problem.

2.2 Deep Learning-based MRI Reconstruction

DL approaches to accelerated MRI include direct mapping and unrolled optimiza-
tion [1,2,13,24,35,38]. Open-access k-space datasets [31,32] have accelerated
research, predominantly on static [11,24,35] and recently, dynamic MRI [30,37,40].

2.3 Adaptive MRI Acquisition

DL methods have sought to replace standard equidistant, random uniform, or
Gaussian sampling [34] with learned strategies, including training-dataset-based
sampling optimization [23,42] and adaptive, case-specific patterns jointly learned
with reconstruction networks [3,12]. Most work focuses on static MRI; [36]
extended adaptive sampling to dynamic (2D + t) imaging with E2E-ADS-Recon,
an end-to-end adaptive dynamic undersampling and reconstruction framework.
Unlike earlier single-factor methods, E2E-ADS-Recon supports multiple ac-
celeration factors (ARs) using phase-specific or unified sampling patterns.

2.4 Deformable Image Registration

Deformable, or non-rigid, registration aligns a moving image zZm., € R™*™
to a fixed reference image z..s € R"™ by estimating spatial deformation fields
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¢ = (1, ,Pn,) € RZ"*™_ Fach displacement field ¢, maps coordinates
between the reference image and temporal phase (Zmov).» through a warping
operation W : R" x R?*"™ — R" [4], yielding

Zyeg = {W ((Zmov)-,ryd)‘l’)}:;l € Rmxmt, (3)

The goal is to estimate an optimal deformation field ¢* that aligns the moving
image sequence with the reference, commonly formulated as an unsupervised
minimization problem using an image similarity loss Lgjpy:

¢F := arg mdin Leim (Zreg, {Zret )y ) - (4)
3 Methods

3.1 Deep Learning Framework

Sensitivity Estimation Coil sensitivity maps S are estimated from the fully
sampled central k-space region M and refined with a 2D U-Net S, [22,24].

Adaptive Sampling Model The adaptive dynamic sampling (ADS) module from
E2E-ADS-Recon [36], predicts a dynamic binary sampling mask from initially
undersampled moving data y};{fw sensitivities S, and a target AR R:

M = A, (yi}fjv;s,R), M= (M,,...,M,,). (5)

The ADS module uses cascaded 3D U-Net-like encoders and MLPs to generate
sampling probabilities, which are binarized using a straight-through estimator
[5,39] to satisfy the sampling budget. Unless otherwise specified, the ACS data
are used as the initial acquisition, ynl\fjv = yM,

Reconstruction Model The framework is agnostic to the reconstruction network.
In the main experiments, we use vSHARP [38], due to its performance in the
CMRxRecon 2023 [31]. vSHARP unrolls 7' = 10 half-quadratic variable-splitting
ADMM iterations with learned denoising (four-scale 3D U-Net; 16/32/64/128
filters), data consistency (T, = 6 gradient steps), and Lagrange-multiplier updates;
other settings follow [36]. Given the undersampled dynamic image xM = and
sensitivity maps S, vSHARP produces

Kiov = Vo (R0,38), (RM)., =Rs. [F' M) L], )
Here, Rg, denotes coil combination: Rg_(v) := Y 12, (S’ﬁ)* V., v ECPXTe,

Registration—Motion Estimation Model The framework can incorporate any
deformable registration method. In the main experiments, we use a lightweight
two-dimensional U-Net Ry, [22], which takes the reconstructed moving sequence
and reference image x;t € R™ as channel-wise input and predicts deformation
fields for all temporal phases:

¢ = Rw ([|&m0v| 7Xref]) S R2xmxme, (7)
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(a) Adaptive dynamic sampling module. (b) Registration module.
Fig. 2: Overview of the adaptive sampling and registration components.

3.2 End-to-End Framework

The proposed framework combines sensitivity estimation, adaptive sampling,
reconstruction, and registration in a sequential pipeline. Sensitivity maps S are
estimated using S, and, together with the initial undersampled data 5711}145\,, are
used by A,, to generate dynamic sampling masks M for a target acceleration factor
R. The sampled data y)  are reconstructed by Vg, after which Ry estimates
deformation fields that align the reconstructed sequence with a reference frame,
as illustrated in Fig. 1; module architectures are shown in Fig. 2.

3.3 Training Loss Function

The framework is trained primarily to improve registration, while reconstruction
provides high-fidelity inputs for motion estimation. Let yM € C?*"<Xnt denote
the undersampled moving data obtained using the mask M predicted by A,
and let ypoy € C*"*™*™ and y,of € C"*"e denote the fully sampled moving and
reference k-space measurements. The total loss is

L= alrec + BLreg, a, B> 0. (8)

The reconstruction loss is
Lree = Lssim ([Xmov| s Xmov) + L1 (|Xmov| s Xmov) 9)
where Xmoy = Vo (Tiovi S)s Xmov = RSSO F (Ymov), and Lssim = Lssimab + Lasim3p

combines 2D and 3D SSIM losses [38].
The registration loss combines image similarity and deformation smoothness:

Kreg = ‘Csim (Xregu {Xref}:—lt:l) + ‘Csmooth (d)) ) with (10)

Xreg = {W (|7A(mov|.;,- ) ¢T) }jtzl € Rmxmt Xref = RSS 0 ]:(yref) eR™. (11)

The reference image is repeated across temporal frames as {Xyer} 2 1, Lsim uses the
same losses as (9), and ¢ = Ry ([|Xmov|, Xref]). The smoothness term Lymootn ()
penalizes spatial gradients of ¢ [4,9].
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4 Experiments

4.1 Datasets and Setup

We used the CMRxRecon 2023 cardiac cine dataset [31] (471 scans, 3,185 slices,
12 frames, n. = 10), split into 251/100/100 scans for training, validation, and
testing, and the CMRxRecon 2024 aorta dataset [32] for external validation (111
scans, 883 slices). All experiments used retrospective 1D line undersampling with
a 4% ACS center fraction and R € {4, 6,8} during training and inference. Each
sequence used the 6 cardiac phase as the registration reference (end-systole [20]);
the remaining n; = 11 phases formed the undersampled moving data.

4.2 Evaluation

We assess motion estimation indirectly using SSIM, PSNR, and NMSE between
the reference and registered moving images (reconstructions warped by predicted
fields), averaged across temporal phases. Because the moving sequences were
acquired rather than simulated, no ground-truth deformation fields exist.

4.3 Ablation and Component Analysis

Our proposed pipeline is the first to integrate adaptive sampling, reconstruc-
tion, and registration into an end-to-end framework for dynamic MRI, making
direct comparisons with existing baselines impossible. We therefore evaluate each
component through controlled comparisons and ablations.

Baseline Setup We use phase-specific ADS [36], where the sampler predicts a
distinct undersampling pattern for each temporal phase rather than a single
shared pattern, initialized from ACS data. The pipeline is trained end-to-end
with a=£=1 using Adam without weight decay, batch size 1, a 2k-iteration linear
warm-up to learning rate 3 x 1073, and step decay every 10k iterations (factor
0.8) for 52k iterations; we select the checkpoint with the best validation SSIM.

Ablation Studies We modify one factor at a time while keeping all other settings
fixed: (i) registration module vs. VoxelMorph [4], TransMorph [7], ILK [17],
TV-L; [41], and DEMONS [28]; (ii) vSHARP vs. 3D VarNet [24]; (iii) learned
vs. fixed non-adaptive sampling schemes [29,34,42]; and (iv) loss weighting and
joint vs. decoupled training.

4.4 Experimental Results

We report quantitative results on in-distribution cine and out-of-distribution
aorta data. Representative qualitative results are shown in Fig. 7.

Registration Component Fig. 3 compares registration modules across both
datasets. The proposed lightweight registration model consistently outperforms
traditional methods (OptFlow ILK, TV-L;, DEMONS) and DL-based alternatives
(VoxelMorph, TransMorph) across all acceleration factors and metrics.
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Fig. 3: Comparison of registration performance across different methods. Top:
Cine. Bottom: Aorta (not seen during training).
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Fig. 4: Impact of reconstruction model on registration results. Top: Cine. Bottom:
Aorta (not seen during training).

Reconstruction Component Fig. 4 shows that replacing vSHARP with VarNet
reduces registration performance, suggesting that vSHARP better supports
downstream motion estimation.
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Fig. 5: Impact of learned vs fixed non-adaptive sampling schemes on registration
results. Top: Cine. Bottom: Aorta (not seen during training).

Adaptive Sampling Component Fig. 5 shows that learned sampling strategies
outperform fixed non-adaptive schemes across metrics on both datasets.

Loss Weighting and Training Strategy Fig. 6 shows that prioritizing registration
(a < B) improves registration but degrades reconstruction, partly by approxi-
mating the reference; prioritizing reconstruction (o > ) has the opposite effect.
Equal weighting gives the best balance. Joint optimization substantially improves
registration over decoupled training with only a minor reconstruction loss.
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Fig. 6: Impact of joint (J) vs decoupled (D) training, and varying loss weights
(cine). Top: Reconstruction performance. Bottom: Registration performance.
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5 Adapted Sampling pattern

Fig. 7: Example results for two cases, shown at different temporal frames 7 relative
to the reference image. Left: Case I, R = 6. Right: Case II, R = 8.

5 Discussion and Conclusion

We presented a modular end-to-end deep learning framework that jointly op-
timizes adaptive undersampling, reconstruction, and registration to improve
motion estimation from undersampled dynamic MRI while allowing different re-
construction and registration networks to be used. Across in-distribution cardiac
cine and out-of-distribution aortic data, the framework achieves strong registra-
tion performance, shows benefits from learned sampling over fixed non-adaptive
schemes, and improves motion estimation through joint rather than decoupled
training. Together, these findings show that unified optimization of acquisition,
reconstruction, and registration can improve deformation-field estimation in accel-
erated dynamic MRI while providing a flexible basis for self-supervised adaptive
sampling, three-dimensional motion estimation, and direct motion estimation
from undersampled measurements. Limitations include slice-wise two-dimensional
motion estimation, evaluation metrics computed on registered reconstructions
rather than ground-truth deformation fields, and reliance on fully sampled k-space
during training. Since the moving sequences were acquired rather than simulated,
no ground-truth deformation fields exist. Accordingly, warped-image similarity
may reflect both reconstruction and deformation quality. Conclusions regarding
deformation-field accuracy should therefore be interpreted cautiously.
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