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Abstract. Cardiac cine MRI enables visualization of the beating heart
during free breathing, but severe undersampling and motion make recon-
struction highly challenging. A central challenge for reconstruction is in-
corporating powerful priors of cardiac anatomy while remaining compu-
tationally efficient. We propose Piecewise Dynamic Diffusion Regulariza-
tion (PDDR), a reconstruction method that integrates a spatiotemporal
diffusion model as a generative prior within a variational reconstruction
framework for cine MRI. The model employs dedicated spatial layers to
encode anatomical structure and temporal layers to capture cardiac mo-
tion learned from gated cine data. PDDR leverages the dynamic prior
in a piecewise manner, enabling the efficient use of spatiotemporal diffu-
sion models for processing of long real-time sequences. Experiments on
retrospectively accelerated and prospective real-time cine MRI demon-
strate that PDDR outperforms classical, unsupervised, and diffusion-
based methods, delivering high-quality reconstructions with substantially
reduced computation time compared to state-of-the-art baselines. These
results highlight PDDR as a practical and scalable solution for free-
breathing, real-time cardiac MRI. Code is available at https://github.
com/MLI-lab/pddr.
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1 Introduction

Cardiac cine MRI is an indispensable, non-invasive, clinical imaging technology
for evaluation of cardiac function through a video of the beating heart.

Image reconstruction in cardiac MRI is particularly challenging due to rapid
heart motion and limited data acquisition speed in magnetic resonance imaging
(MRI). Conventional techniques therefore are based on combining information
from multiple cardiac cycles, assuming consistent cycles. This requires ECG-
gated and breathhold acquisitions for temporal binning of the data [19].

Real-time cine MRI uses continuously acquired measurements. It enables in-
dividual imaging of true physiology under free-breathing conditions. As a result,
the acquisition is more efficient, comfortable, and robust [5]. In real-time cine,
acquisition of fully sampled reference data of sufficient spatiotemporal resolution
is practically impossible, making video reconstruction exceptionally challenging.

https://github.com/MLI-lab/pddr
https://github.com/MLI-lab/pddr
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In real-time acquisitions, only very few measurements are available for each
video frame. Reliable reconstruction therefore depends on exploiting the spa-
tiotemporal cardiac structure [16,18]. Data-driven approaches can learn problem-
specific structure from representative datasets and use this knowledge for im-
proved reconstruction [11,8]. Consequently, strong spatiotemporal priors are re-
quired for accurate cardiac reconstruction.

Diffusion models provide excellent priors, capturing complex image distribu-
tions [9]. Diffusion-based reconstruction methods have shown strong performance
in static MRI [10]. A spatiotemporal diffusion model could learn the distribution
of cardiac motion and provide an effective generative prior for sparsely acquired
dynamic measurements.

To date, high-dimensionality and computationally demanding sampling tech-
niques have hindered widespread application of spatiotemporal diffusion priors
for video reconstruction [6,27]. In cardiac MRI, diffusion models have primarily
been used for reconstructing short gated acquisitions. Long real-time cine se-
quences are beyond the practical scope of existing diffusion-based methods [27].

In this work, we propose Piecewise Dynamic Diffusion Regularization for
reconstruction of cardiac cine MRI videos. The customized dynamic diffusion
prior uses spatial layers to introduce knowledge about cardiovascular anatomy,
while temporal layers model the dynamics of cardiac motion and enable exchange
of information across the temporal dimension. Using a variational approach, the
diffusion model can be applied as piecewise regularizer in real-time cardiac MRI.
The framework constitutes a flexible, robust, and computationally efficient recon-
struction method that scales from gated cine to long free-breathing acquisitions
with hundreds of video frames.

2 Background

Here we provide background on cardiac MRI reconstruction and diffusion models.

2.1 Cardiac MRI reconstruction problem

We consider the reconstruction of a complex video consisting of N frames x =
[x1, . . . ,xN ] ∈ CN×H×W from undersampled multi-coil MRI measurements y =
[y1, . . . ,yN ] ∈ CN×C×L of the beating heart. The linear forward model for time
frame τ and receiver coil c is given as

yτ,c = MτFScxτ + nτ,c,

where Sc are coil sensitivity maps, F is the two-dimensional discrete Fourier
transform, nτ,c is additive noise, and Mτ is a masking operator encoding the
sampling pattern. We stack in the coil dimension C and define Aτ = MτFS,
which lets us write the measurement model as yτ = Aτxτ + nτ .

Cardiac MRI reconstruction is inherently challenging, as slow data acquisi-
tion results in only very few measurements corresponding to a single frame yτ ,
and cardiac and respiratory motion induce changes across frames.
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To alleviate this problem, it is common to perform acquisitions while an
electrocardiogram (ECG) is recorded and patients hold their breath, allowing the
data to be binned. However, that can lead to binning artifacts and elimination
of dynamic variability in the reconstructions [19].

In this work, we consider real-time MRI reconstruction without using bin-
ning or gating. Real-time reconstruction enables visualization of true cardiac
physiology in free-breathing acquisition [5].

Unsupervised machine learning methods are widely used for real-time cine
reconstruction [29,24,13,7]. While these methods flexibly adapt to various acqui-
sition parameters and physiological dynamics, they require long reconstruction
times and do not incorporate learned prior information about cardiac images.

Standard supervised techniques are challenging due to the lack of ground
truth training data. Existing methods are trained using binned reference ac-
quisitions and a fixed synthetic measurement model, making generalization to
real-time acquisitions difficult [20,25].

2.2 Diffusion models

Denoising diffusion models [9,15] define a forward diffusion process, transforming
a clean data sample x0 ∼ pdata to standard Gaussian noise xT ∼ N (0, I). Each
intermediate sample in the diffusion process t ∈ [0, T ] can be described as xt =√
1− σ2

t x0+σtϵ, with ϵ ∼ N (0, I) and a fixed variance schedule σt. The reverse
process, parameterized by a neural network ϵθ(xt, t) intended to predict the
noise ϵ, learns to reverse the diffusion process. Training of the network is done
by minimizing the objective L(θ) = Ex0∼pdata,t∼U(0,T ),ϵ∼N (0,I)

[
∥ϵθ(xt, t)− ϵ∥22

]
.

Image generation starts from a random Gaussian vector and applies iterative
denoising to sample from the data distribution pdata.

Diffusion models have been applied successfully in reconstruction of acceler-
ated static MRI [10,4,17], where they serve as robust generative image priors.
Solving inverse problems with diffusion models have predominantly relied on
posterior sampling techniques [21,3]. In contrast, variational inference offers a
fast and flexible alternative by treating sampling with stochastic optimization.
Adopting the diffusion prior as regularizer and enforcing consistency with the
measurement data, the regularization by denoising diffusion methodology [14]
formulates image reconstruction as a variational optimization problem. Ozturkler
et al. [17] have applied this to reconstruction of static MRI and report enhanced
robustness to distribution shifts and faster sampling rates compared to tradi-
tional Langevin-based diffusion sampling.

3 Piecewise Dynamic Diffusion Regularization

We propose a diffusion model-based reconstruction method for cardiac MRI
that uses an efficient spatiotemporal diffusion prior as a piecewise regularizer
within a variational reconstruction framework. The method, called Piecewise
Dynamic Diffusion Regularization (PDDR), allows flexible adaptation to various
acquisition lengths, hardware restrictions, and runtime requirements.
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3.1 Piecewise regularization

In variational reconstruction of a dynamic video x ∈ CN×H×W , we optimize for
consistency with the measurements and consistency with a prior, in our case in
form of a diffusion model ϵθ. In real-time cine MRI the acquisition duration is
not restricted, and the total number of video frames N can be large. Therefore,
computational restrictions inhibit the application of the diffusion model to the
full video sequence.

We propose providing a stochastic estimate of the full regularization signal,
by applying the dynamic diffusion model ϵθ to a random Q-sized block of con-
secutive frames xq = [xq, . . . ,xq+Q−1] ∈ CQ×H×W in each optimization step of
the reconstruction. The variational objective of our method therefore is

min
x

N∑
τ=1

∥Aτxτ − yτ∥22 + Eq,t,ϵ

[
wt ∥ϵθ (xq,t, t)− ϵ∥22

]
, (1)

where ϵ ∼ N (0, I) is Gaussian noise, t ∼ U({0, . . . , T}) denotes the diffusion
step, and q ∼ U({1, . . . , N − Q}) defines the position of the regularization
block xq in the video. The diffusion model ϵθ is applied to the noisy input
block xq,t =

√
1− σ2

t xq + σtϵ, and the estimated noise residual is weighted
with a time-dependent weight wt = λ σt√

1−σ2
t

, where λ is a hyperparameter that

balances data consistency and regularization strength.
The objective (1) is minimized by gradient-based optimization with total

number of K steps. In iteration k of the reconstruction we choose the diffusion
step according to t = ⌊T ′ · K−k

K ⌋, with 0 < T ′ < T and T being the number of
diffusion steps the model was trained on [12,14]. The size Q of the regularization
block is a hyperparameter that balances the memory consumption, the runtime,
and regularizing effect during inference.

3.2 Dynamic diffusion prior

As mentioned, for real-time cine MRI reconstruction temporal and spatial rela-
tions of the frames have to be leveraged since each frame has only very few mea-
surements associated with it. Our reconstruction approach is therefore based on
an architecture that efficiently learns spatiotemporal relations between frames.

We propose a separable spatiotemporal U-Net with skippable temporal in-
tegration [1]. As main building block, we introduce a separable spatiotemporal
residual block, consisting of a 2D spatial layer and a 1D temporal layer, making
it computationally more efficient compared to a naive 3D residual block while
still capturing temporal correlations. Spatial and temporal layers are convolu-
tional with residual connection, producing outputs x̂s and x̂t, respectively. The
output of the spatiotemporal residual block is then computed as weighted sum
x̂ = σ(α)x̂s + (1 − σ(α))x̂t, based on the learnable weight parameter α ∈ R
and the sigmoid function σ : R → [0, 1]. Optionally, the temporal layer can be
bypassed, which enables pretraining of the spatial modules only x̂ = x̂s.
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The separable spatiotemporal block is then used to build a U-Net architecture
with four levels of spatial downsampling, each using four spatiotemporal residual
blocks, and one attention block at the bottleneck.

We compared this architecture to using naive 3D residual blocks, and found
that our architecture requires significantly lower memory. This enables using
bigger block sizes Q for a given GPU, which in turn leads to better performance.

4 Experiments and results

We demonstrate the reconstruction performance of the proposed dynamic diffu-
sion prior on retrospectively accelerated cardiac MRI, where we achieve signif-
icantly better results compared to unsupervised and spatial baselines. Further-
more, we analyze the efficiency of piecewise regularization on long sequences,
and show high-quality reconstructions of prospective real-time cine MRI.

4.1 Retrospective reconstruction experiment

We quantitatively study the reconstruction performance of our method on ret-
rospectively undersampled gated data and compare to baselines.

We utilize public cine data from the CMRxRecon challenges 2023 and 2024
[26,28] consisting of 2D+time cardiac k-space measurements from 630 healthy
subjects, containing multi-slice short-axis (SAX) and single-slice long-axis views
(LAX). Data was acquired on a 3T MAGNETOM Vida scanner (Siemens Health-
ineers, Germany) in a breath-hold, ECG-gated approach and retrospectively seg-
mented into 12 cardiac phases with a temporal resolution of 50 ms. The spatial
resolution was 1.5×1.5 mm2 with a slice thickness of 8.0 mm. Sensitivity maps
were estimated by ESPIRiT [22] using the BART toolbox [23].

We train a dynamic diffusion model ϵθ with T = 1000 steps, using 5840 cine
sequences from 450 individual subjects of CMRxRecon. Training followed the
noise-matching methodology described in Section 2.2.

For evaluation, we generate variable density kt-Gaussian undersampling masks
with acceleration factors ranging from 4 to 16 and no explicit fully sampled au-
tocalibration signal (ACS). The masks are applied to 160 unseen test sequences
from CMRxRecon and reconstructions are acquired for all tested methods. For
testing reproducibility of the results, we report mean± std over 5 runs with dif-
ferent random masks. Furthermore, we ran paired t-tests for statistical analysis,
indicating significant differences to PDDR with p < 0.05∗ and p < 0.01∗∗.

We compare to the low-rank plus sparse (L+S) reconstruction approach [16].
We also compare to two untrained methods for cardiac MRI, Fourier-feature
multi-layer perceptrons (FMLP) [13] and the time-dependent deep image prior
(T-DIP) [29]. Moreover, we compare to diffusion posterior sampling (DPS) [3], an
established diffusion-based inverse problems solver, using the proposed dynamic
diffusion prior for reconstruction. Lastly, we propose spatial diffusion regulariza-
tion (SDR), a variant of our method, using only a frame-based 2D image prior.
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Table 1. Reconstruction performance for retrospective 12-fold acceleration of gated
data. Comparison in terms of image metrics PSNR, SSIM, NMSE and computational
requirements as GPU memory (VRAM) and reconstruction time (Time).

Method PSNR [dB] SSIM [%] NMSE VRAM [GB] Time [s]

Zero-filled 20.17 ±0.04∗∗ 55.50 ±0.17∗∗ 1.220 ±0.014∗∗ 0.60 ±0.0∗∗ 0.015 ±0.00∗∗

L+S 31.26 ±0.10∗ 85.44 ±0.18∗∗ 0.111 ±0.002 1.16 ±0.0∗∗ 3.98 ±0.00∗∗

FMLP 24.60 ±0.65∗∗ 45.03 ±3.15∗∗ 1.375 ±0.483∗∗ 6.67 ±0.0∗∗ 1124 ±26.7∗∗

T-DIP 29.73 ±0.22∗∗ 70.70 ±0.84∗∗ 0.346 ±0.256∗ 2.53 ±0.0∗∗ 445.5 ±8.12∗∗

DPS 32.78 ±0.06 87.78 ±0.17 0.069 ±0.002∗ 16.27 ±0.0∗∗ 419.0 ±0.11∗∗

SDR 28.21 ±0.11∗∗ 79.13 ±0.20∗∗ 0.240 ±0.006∗∗ 4.66 ±0.0∗∗ 14.77 ±0.00∗∗

PDDR 32.84 ±0.08 88.06 ±0.14 0.097 ±0.002 5.42 ±0.0 43.18 ±0.01

Hyperparameters were determined for each method individually, using a grid
search over an validation set and fixed for evaluation on unseen test sets.

We find that PDDR achieves high quality reconstructions, outperforming
the baselines, as the results reported in Table 1 show. We only report results
for 12-fold acceleration, matching undersampling patterns required for real-time
imaging. Experiments with accelerations 4, 8, and 16 show the same qualitative
trend. PDDR robustly provides highest quality metrics, achieving up to 40 dB
PSNR at 4-fold accelerated reconstruction.

DPS, using the same diffusion model, achieves similar video quality to PDDR
but uses a costly sampling approach that requires 3 times more VRAM and about
10 times more reconstruction time compared to PDDR.

The unsupervised baselines FMLP and T-DIP are designed for scan-specific
reconstruction of long prospective measurements and require model fitting dur-
ing reconstruction, which leads to very high reconstruction times. FMLP fails to
robustly reconstruct high quality videos in this retrospective setting.

Our hypothesis is that for high-performant dynamic MRI, it is important
to exploit spatiotemporal correlations in the measurements for reconstruction.
Consistent with this hypothesis, the spatial prior does not outperform the classi-
cal L+S method which leverages the temporal correlations between frames. This
is supported by the reconstruction results using the dynamic diffusion prior in
DPS and PDDR, which outperform the spatial prior of SDR in all image met-
rics by a large margin. This underscores the capabilities of the spatiotemporal
diffusion model to capture and utilize strong priors of dynamic cardiac videos.

4.2 Piecewise regularization experiment

Next, we investigate PDDR’s performance with respect to changes in the sam-
pling of the regularization block based on simulated data.

Based on CMRxRecon data we simulate video sequences with up to N = 120
frames corresponding to 6 s of simulated measurement acquisition. As gated data
is acquired with the assumption of periodically identical cardiac cycles, simula-
tion of long acquisitions by repetitive sampling from the gated cycle is a valid
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Fig. 1. The block sampling strategy. The sliding window approach outperforms random
positions of the regularization block. Left: For a fixed block size of Q = 12, we vary
the frame sequence length N . Right: For a fixed sequence length N = 120, we vary the
size of the regularization block Q.

setup for evaluation of piecewise model performance. We applied retrospective
undersampling masks with acceleration factor 8.

Figure 1 investigates the block sampling strategy and block size Q with re-
spect to overall sequence length N and number of optimization steps K.

Sampling regularization blocks in a sliding window manner outperforms ran-
dom sampling for the same computation budget, as determined by number of
optimization steps K and block size Q. The smaller the ratio between Q and
N , the worse random block sampling compares to the sliding window approach.
The performance difference vanishes with more optimization steps K or larger
block sizes Q, as both leads to more regularization coverage and therefore better
approximation of the full regularization signal, but also leads to higher compu-
tational cost.

When using sliding window with a moderate number of iterations K, the
experiment shows high reconstruction quality even with small block sizes Q rel-
ative to the number of video frames N . This enables the efficient application
of otherwise expensive spatiotemporal diffusion models in prospective real-time
acquisitions, where regularization of the full sequences is prohibited by memory
and runtime constraints. The method can flexibly adopt to user-specific pref-
erences, by trading memory, runtime, and reconstruction performance through
selection of block size Q and optimization steps K.

4.3 Prospective real-time experiment

We apply PDDR to prospective free-breathing data and analyze reconstructions
qualitatively and quantitatively. We use the pretrained model ϵθ from Section 4.1
with K = 200 optimization steps and block size Q = 36.

For our experiment, we use 10 prospective acquisitions of at least 5 s duration
from the public OCMR dataset [2]. SAX and LAX data of 1.5T MAGNETOM
Avanto and Sola (Siemens Healthineers, Germany) scanners is provided in spatial
resolution of about 2.2×2.2 mm2, slice thickness 8.0 mm, and temporal resolution
of 50 ms.
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Fig. 2. Example reconstructions of prospective free-breathing data. Showing the full
field-of-view, time profiles through the heart, and a close-up of the heart. The yellow
label indicates the time for reconstruction of the respective video in seconds.

We provide the signal-to-error ratio (SER [dB] [13]) quantifying the esti-
mation error with respect to holdout frequencies, and the motion smoothness
metric temporal total variation (TTV). We report the mean over the prospec-
tive testset. The reference-free metrics amend the qualitative evaluation, e.g. for
SDR, low signal estimation (SER:6.19) and high temporal variance (TTV:110.4)
support the visual assessment, showing strong motion and flickering artifacts.

As shown in Figure 2, PDDR efficiently reconstructs cardiac videos. The fig-
ure shows reconstructions of a free-breathing cine MRI acquisition capturing 7
heartbeats in N = 128 video frames. Application of DPS exceeds available GPU
memory, while piecewise regularization with PDDR enables efficient integration
of the dynamic diffusion model for reconstruction without sacrificing video qual-
ity, achieving strong hold-out estimation (SER:16.05) and balanced temporal
smoothness (TTV:31.4). While classical L+S is the fastest and shows similar
signal estimation capabilities (SER:16.12), visual comparison shows strong noise
in the reconstructions. The lower temporal variation (TTV:18.7) indicate lower
motion dynamics in L+S, as low-rank enforcing can lead to reduced motion in
the reconstructions. Due to its coordinate-based representation, reconstructions
with FMLP are overly smooth (SER:14.45/TTV:7.65) and expensive to obtain.
T-DIP provides good reconstructions (SER:16.03/TTV:33.7), but requires 39
minutes reconstruction time for the single video, compared to 63 seconds for
PDDR with similar reconstruction quality.

Although not explicitly represented in the training data of PDDR, we can
not observe visual degradation of reconstructions under respiratory motion. In
terms of signal estimation capabilities, quantified by SER, we achieve similar or
better performance compared to untrained references, indicating no performance
decline in reconstruction of free-breathing data due to the train-test shift.
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5 Conclusion

In this paper, we proposed a dynamic diffusion prior as piecewise regularizer
in variational reconstruction of cardiac MRI videos. The method is shown to
outperform classical, unsupervised, and spatial models in reconstruction of ac-
celerated acquisitions. For the more challenging setting of prospective real-time
reconstruction, our method yields slightly more accurate reconstructions while
being computationally much more efficient than current unsupervised methods.
Our method is designed to operate on long sequences in a piecewise manner,
allowing for efficient handling of extended data while maintaining robust recon-
struction quality. This design not only circumvents memory bottlenecks but also
offers a principled approach for integrating long-duration, real-time acquisitions
into the reconstruction pipeline. Fast and flexible reconstruction make PDDR a
practical approach for cardiac cine, integrating problem-specific spatiotemporal
diffusion priors into a highly underdetermined problem.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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