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Abstract. Arrhythmias often violate the periodicity assumed in seg-
mented cardiac cine-MRI, producing blurring and ghosting that degrade
functional assessment. Due to ECG signal irregularities that cause tem-
poral misalignment, arrhythmia-related artifacts impose more stringent
requirements on denoising methods than conventional artifacts. We pro-
pose a Latent-Dictionary Encoding framework for Motion-Artifact Re-
duction (LDE-MAR). Using a latent image animator (LIA) formulation,
LDE-MAR learns orthogonality-constrained sparse dictionaries to sepa-
rate physiological motion into region and direction components, and adds
a noise dictionary to capture artifact-related deviations in latent motion
trajectories. Training is staged: motion dictionaries are pretrained on
clean cine sequences, then only the noise dictionary is fine-tuned with
paired clean-corrupted data to suppress irregular dynamics while pre-
serving anatomy and plausible myocardial motion. This staged, multi-
dictionary decomposition explicitly isolates arrhythmia-induced devia-
tions from physiological dynamics, improving robustness under large R-R
variability. We evaluate our method on a private dataset of 398 subjects
and the public ACDC dataset. Our experimental results demonstrate
that LDE-MAR outperforms state-of-the-art methods in artifact removal
and in restoring motion and structural details. The code is available at
https://github.com/gaoningn/LDE-MAR.
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1 Introduction

Cardiovascular diseases (CVDs) are the leading cause of global mortality, making
accurate diagnosis essential for risk stratification. Cardiac cine-MRI is the gold
standard for quantifying ventricular function due to its high spatiotemporal res-
olution [8]. However, many patients who most need precise assessment-especially
those with advanced heart failure-often have arrhythmias such as atrial fibrilla-
tion or frequent premature ventricular contractions [1]. These irregular rhythms
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disrupt standard acquisition and introduce severe artifacts in reconstructed im-
ages, obscuring anatomy and impairing measurements like ejection fraction and
ventricular volumes. In severe cases, images become non-diagnostic, requiring
repeat scans and increasing healthcare costs, which limits cine-MRI utility in
critically ill patients.

Artifacts in conventional segmented cine-MRI stem from its acquisition prin-
ciple [4]: k-space is collected over multiple ECG-gated cardiac cycles and con-
catenated under the assumption of periodic heartbeats [21]. Arrhythmias cause
large R-R interval fluctuations, breaking temporal consistency across cycles and
leading to incorrect mixing of k-space segments from different cardiac phases,
i.e., mismatched trajectories. Unlike respiratory or bulk-motion artifacts that are
mainly rigid/affine, arrhythmias often involve beat-to-beat, nonlinear nonrigid
myocardial deformations [16]. As a result, artifacts include global blurring, and
also complex, nonlocal signal voids and ghosting, obscuring anatomical bound-
aries and making true cardiac geometry recovery a severely ill-posed problem.

Considerable efforts have been devoted to mitigating arrhythmia-induced ar-
tifacts in cardiac cine-MRI. Clinical and engineering solutions, including com-
pressed sensing [13, 6] and real-time cine imaging [5, 3], can alleviate artifacts but
often at the cost of spatial resolution. More recently, deep learning approaches
for denoising and accelerated reconstruction—such as convolutional networks [7,
10, 11], recurrent networks [14], and diffusion models [17, 12]—have been applied
in the image domain; however, these pixel-wise mappings may under-utilize tem-
poral motion coherence and over-smooth fine myocardial textures. Motion-aware
iterative reconstruction methods [18, 22, 19] jointly estimate motion and images
from under-sampled k-space, but are mainly tailored to under-sampling and mild
perturbations under quasi-regular cardiac and respiratory patterns. With irreg-
ular rhythms and pronounced R-R variability, severe k-space trajectory incon-
sistencies violate these assumptions, limiting existing correction schemes. Con-
sequently, robust cardiac motion modeling under complex rhythm conditions is
essential for suppressing arrhythmia-related artifacts.

Building on the above observations, we propose LDE-MAR, a latent-space
motion denoising framework that targets arrhythmia-induced artifacts through
implicit motion representation learning rather than pixel-wise image mappings.
Our framework learns orthogonality-constrained sparse dictionaries to disentan-
gle latent cardiac motion into motion region and motion direction components,
and further introduces a dedicated noise dictionary to capture artifact-related
deviations in the latent motion trajectory. We adopt a two-stage training strat-
egy: the motion dictionaries are first pretrained on clean cine sequences to model
canonical physiological dynamics, and then the noise dictionary is fine-tuned us-
ing paired clean/corrupted data while keeping the motion priors fixed. This
staged, multi-dictionary design suppresses irregular dynamics while preserving
anatomical fidelity and kinematically plausible myocardial motion.

Our contributions are summarized as follows: 1) We propose a denoising
method for arrhythmic cardiac cine-MRI to mitigate irregular rhythm-induced
artifacts that hinder clinical assessment. 2) We introduce a latent-space mo-
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Fig. 1. Overview of the proposed LDE-MAR framework. The method extracts latent
motion between a source and target cine frame, decomposes it with learned dictionaries
(physiological motion vs. arrhythmia-related noise), and uses the refined motion to
generate a motion field for warping-based reconstruction with reduced artifacts.

tion denoising framework with three dictionary modules: two sparse dictionaries
encode the motion regions and motion directions, respectively, and the third
dictionary models motion noise. Mapping the learned clean-motion dictionar-
ies back to image space yields cine-MRI with preserved anatomical fidelity and
motion authenticity. 3) We evaluate the method on a private dataset of 398 sub-
jects and the public ACDC [2] dataset. Results show that LDE-MAR effectively
reduces arrhythmia-related artifacts, outperforming comparable image-domain
baselines in image quality (achieving a 1.2% lead in SSIM).

2 Methodology

2.1 Preliminary: Latent Image Animator

Latent Image Animator (LIA) [24, 25] is built upon an autoencoder architecture
that represents the explicit motion deformation from a source image xs to a tar-
get image xt through a learnable linear trajectory ws→t in the latent space. LIA
introduces a linear motion decomposition strategy, where the latent trajectory
is formulated as a linear combination of learnable motion directions and their
corresponding magnitudes. Specifically, an orthogonality-constrained learnable
dictionary is employed to characterize the entire latent Euclidean space, with
each orthogonal vector serving as a directional basis vector. The generator G de-
codes the latent motion trajectory ws→t to deform the source image xs, thereby
producing the target image xt.

LIA shares one encoder E for latent motion and appearance, but its single-
dictionary linear parameterization neither separates where motion occurs from
how it moves nor models artifact deviations. We retain LIA’s shared-reference
coordinate while redesigning its trajectory model for cine-MRI: Sect. 2.2 factor-
izes region activation and signed motion with R and D, Sect. 2.3 introduces S
for artifact deviations, and Sect. 2.4 learns these components sequentially.
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2.2 Dual-Branch Dictionary-Driven Motion Factor Decoupling

Each frame is independently encoded as win→r = E(xin) relative to a shared,
hypothesized reference xr, whose latent code acts as an implicit normalization
anchor rather than an explicitly generated image. Therefore, the latent motion
path from the source image xs to the target image xt can be decomposed as:

ws→t = ws→r +wr→t (1)

The shared anchor avoids a pairwise encoder over (xs, xt) and provides a stable
coordinate for separating motion from artifact deviations. Importantly, wr→t is
not the inverse of wt→r; instead, wt→r = E(xt) conditions a one-way dictionary
recomposition. As illustrated in Fig. 1, we introduce a dual-branch dictionary to
achieve fine-grained modeling of cardiac motion factors. Specifically, we construct
a motion region dictionary R = {r1, r2, . . . , rM} ∈ RL×M and a motion direction
dictionary D = {d1,d2, . . . ,dN} ∈ RL×N . The orthogonal basis vectors in R
represent latent feature codes corresponding to different anatomical regions of
the cardiac image, while D contains the motion direction bases in the latent
space.

We employ parallel multilayer perceptrons (MLP) [23] to extract the mag-
nitude coefficients of motion regions and motion directions from wt→r = E(xt),
yielding:

Ut = f(xt) = softmax(MLPR(wt→r)), Vt = g(xt) = tanh(MLPD(wt→r)) (2)

where Ut = {u1,u2, . . . ,uM} ∈ RM and Vt = {v1,v2, . . . ,vN} ∈ RN . The
softmax gives normalized, non-negative competitive weights over region bases,
whereas the tanh gives bounded signed direction coefficients.

The coefficients are then multiplied with their corresponding dictionaries:

αt = R · Ut =

M∑
i=1

uiri, δt = D · Vt =

N∑
i=1

vidi (3)

Here, αt is a latent region-activation code that emphasizes motion-relevant fea-
ture components, whereas δt specifies signed motion direction and magnitude.
The two factors are complementary: αt determines where motion is expressed
in the latent representation, while δt determines how the activated components
evolve. Their element-wise composition yields the latent motion trajectory wr→t:

wr→t = αt ⊙ δt (4)

where ⊙ denotes element-wise multiplication. Thus, αt gates the latent compo-
nents in which δt is expressed; setting a component of αt to zero alone does not
explicitly factor where motion can occur.

2.3 Noise Dictionary-Driven Motion Artifact Representation

The latent motion trajectory w′
r→t, obtained by processing the arrhythmic cine-

MRI image x′
t using the module described in Sect. 2.2, exhibits a noise deviation
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relative to the latent code of the clean image xt, due to motion artifacts. Their
relationship can be linearly formulated in the latent Euclidean space as:

wr→t = w′
r→t + ηt = α′

t ⊙ δ′t + ηt (5)

Similarly, we introduce a learnable dictionary S = {s1, s2, . . . , sN} ∈ RL×N

to model motion artifacts, where each basis vector represents a noise distribution
direction in the latent space. The corresponding noise magnitude coefficients
Pt = {p1,p2, . . . ,pN} ∈ RN are also extracted from w′

t→r, and the latent noise
code ηt can then be expressed as:

ηt = S · Pt =

N∑
i=1

pisi, Pt = h(x′
t) = tanh(MLPS(w

′
t→r)) (6)

Because artifact corrections can have either sign, the tanh constrains Pt to
bounded signed coefficients, limiting the magnitude of latent corrections.

Therefore, when an artifact-corrupted image x′
t is provided as input, we

employ the noise-dictionary-based encoding scheme to obtain the clean latent
motion trajectory wr→t. The artifact-free image x̂t is subsequently generated
through the generator G.

2.4 Two-Stage Training Strategy

We first perform self-supervised pretraining using a normal cine-MRI sequence
X = {x1, x2, . . . , xK} to learn the representation pattern of clean cardiac mo-
tion. Specifically, the first frame x1 and the k-th frame xk in the sequence are
treated as the source image and target image, respectively. The model outputs
the predicted image x̂k:

x̂k = G{E(x1) + [R · f(xk)]⊙ [D · g(xk)]} (7)

By computing the reconstruction loss between x̂k and xk, we conduct self-
supervised training of the encoder E, the generator G, and the dual-branch
dictionary module, thereby learning an accurate prior of cardiac motion.

After completing the pretraining stage, we perform supervised training us-
ing paired data from arrhythmic cine-MRI sequence X ′ = {x′

1, x
′
2, . . . , x

′
K} and

normal sequences X to achieve motion artifact removal. Since the first frame x′
1

is minimally affected by arrhythmia, it is still used as the source image, while an
artifact-corrupted frame x′

k is randomly selected as input. As shown in Fig. 1,
the denoised output image x̂k is formulated as:

x̂k = G{E(x′
1) + [R · f(x′

k)]⊙ [D · g(x′
k)] + S · h(x′

k)} (8)

During this downstream stage, only the noise module is updated. This order
makes S a residual relative to the fixed clean-motion coordinate learned by R
and D; training S first or alternating unconstrained updates could let it absorb
physiological variation and weaken motion/artifact separation.
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Table 1. Quantitative comparison of LDE-MAR against other methods on the in-
house and ACDC datasets.

Method In-house (20f) In-house (25f) ACDC
MAE↓ SSIM↑ PSNR↑ MAE↓ SSIM↑ PSNR↑ MAE↓ SSIM↑ PSNR↑

ConvLSTM (TMI’21) 0.037 0.849 27.037 0.027 0.903 27.053 0.046 0.862 27.903
MoCo-Diff (MICCAI’24) 0.045 0.837 26.598 0.031 0.895 26.913 0.052 0.846 27.057
PFAD (AAAI’25) 0.035 0.852 27.305 0.026 0.906 27.112 0.043 0.879 28.274
Cinemo (CVPR’25) 0.027 0.873 28.402 0.023 0.914 29.971 0.034 0.892 29.011
DiTFlow (CVPR’25) 0.030 0.868 28.214 0.029 0.911 28.834 0.039 0.887 28.725
JDAC (MedIA’25) 0.024 0.881 29.037 0.021 0.916 30.229 0.025 0.901 29.318
LDE-MAR (Ours) 0.019 0.887 29.435 0.016 0.938 31.700 0.027 0.906 29.847

3 Experiments

3.1 Experimental Setup

Datasets. We use an in-house dataset of 398 subjects, comprising 175 subjects
with 20-frame sequences and 223 subjects with 25-frame sequences, together with
the public ACDC dataset. Clean-artifact cine pairs were generated by simulating
ECG-gated segmented k-space acquisition (all frames share the same k-space line
indices per heartbeat): a premature beat perturbs the corresponding k-space lines
across frames. In bigeminy, we corrupt alternating lines with phase-dependent
density (every 4 lines in early systole, every 2 lines in late phases) and sinusoidally
modulated strength, applying phase errors focused on the heart mask and low-
frequency-weighted amplitude attenuation.
Implementation Details. We optimize L = L1+0.5∗LSSIM with Adam (batch
size 5) in PyTorch on one NVIDIA Quadro RTX 8000. In each training stage,
learning rates 10−3, 10−4 and 10−5 are used for 40 epochs each (120 epochs;
approximately 60 h per stage). Outputs are single-channel 256 × 256 images,
and the MLP hidden dimension is 512. Data are split into 70%/10%/20% for
training/validation/testing; Mean Absolute Error (MAE), Structural Similarity
Index Measure (SSIM), and Peak Signal-to-Noise Ratio (PSNR) are averaged
over all test subjects and frames.

3.2 Comparison with State-of-the-Art Methods

We conduct experiments on the in-house (20f/25f) and ACDC datasets to eval-
uate our method, comparing it with representative state-of-the-art approaches,
including ConvLSTM [14], MoCo-Diff [9], PFAD [26], Cinemo [15], DiTFlow [20],
and JDAC [27]. As shown in Table 1, our LDE-MAR achieves 0.887, 0.938, 0.906
on SSIM and 29.435, 31.700, 29.847 on PSNR, respectively. Compared with the
strongest competing method (JDAC), LDE-MAR improves SSIM and PSNR
by about 1.2% and 2.7% on average across the three benchmarks. Quantitative
analysis demonstrates that LDE-MAR achieves superior image reconstruction
quality in cine-MRI sequences affected by arrhythmia-induced artifacts.

We additionally perform a qualitative comparison across these methods. As
shown in Fig. 2, we present the MR images and corresponding error maps
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Fig. 2. Qualitative comparison of the LDE-MAR against other methods on one subject
in the in-house (20f) dataset. The 8th and 12th frames in cine-MRI and their error
maps are displayed.

of frames 8 and 12 from a 20-frame sequence in our private dataset. These
frames represent challenging high-motion phases. Their error maps show im-
proved extracardiac structure and smaller cardiac-region errors. These selected-
frame results assess spatial reconstruction at challenging phases; full-cycle tem-
poral preservation is not evaluated here.

3.3 Ablation Study

Effectiveness of Different Dictionaries. Table 2 uses D as the minimal mo-
tion branch because R produces region activations but cannot encode signed
motion direction or magnitude; R-only and R + S therefore cannot instanti-
ate Eq. (4). We isolate the contribution of R through two matched compar-
isons. Adding R to D (Model 1 → Model 2) improves MAE/SSIM/PSNR from
0.034/0.875/28.419 to 0.029/0.889/29.528. Adding R to D + S (Model 4 → the
full model) further improves all three metrics: MAE decreases from 0.022 to
0.018, SSIM increases from 0.905 to 0.912, and PSNR increases from 30.073 to

Table 2. Hierarchical ablation of the dictionaries on the mixed in-house and ACDC
dataset. Since R gates latent motion but cannot encode signed motion independently,
D is used as the minimal motion branch.

Model Dictionary Module Index
Direction (D) Region (R) Noise (S) MAE↓ SSIM↑ PSNR↑

Baseline — — — 0.037 0.864 27.515
Model 1 ✓ — — 0.034 0.875 28.419
Model 2 ✓ ✓ — 0.029 0.889 29.528
Model 3 — — ✓ 0.031 0.878 28.031
Model 4 ✓ — ✓ 0.022 0.905 30.073
LDE-MAR (Ours) ✓ ✓ ✓ 0.018 0.912 30.544
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Fig. 3. Visualization of dictionary functions. The optical flow field in (a) demonstrates
the suppression of motion artifacts by the noise dictionary. (b) shows the sparsity of the
motion dictionaries and the randomness of the noise dictionary. (c) shows the influence
of the dictionary dimension on the generated image quality.

30.544. Although the latter gain is modest, its consistency across all metrics in-
dicates that R complements rather than duplicates D. Among single additions
to D, S provides the largest improvement, whereas S alone (Model 3) remains
inferior to D + S (Model 4), showing that artifact correction benefits from a
clean-motion prior. Figure 3(a) shows reduced flow corruption after adding S,
while Fig. 3(b) contrasts the structured motion dictionaries with the less struc-
tured noise dictionary.

Influence of dictionary dimensionality. We further investigates the impact
of dictionary dimensionality on model performance, as shown in Fig. 3(c). Ow-
ing to the consistency of the latent motion space, we assume that the motion-
direction dictionary D and the noise dictionary S share the same dimensionality.
By evaluating the SSIM of the reconstructed images under different dimension-
ality settings, we determine that the model achieves optimal performance when
all three dictionaries are set to a dimensionality of 40.
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4 Conclusion

LDE-MAR separates clean latent motion from arrhythmia-related artifact devia-
tions using staged region, direction, and noise dictionaries, improving frame-wise
reconstruction on the in-house and ACDC datasets. This separation is an induc-
tive bias rather than a physiological guarantee: although the in-house cohort
includes clinically acquired arrhythmic cases, paired evaluation relies on simu-
lated acquisition artifacts, and performance under frequent or severe arrhythmias
remains insufficiently established. The noise branch may attenuate pathologi-
cal motion not represented by the pretrained clean-motion space. Evaluation is
also limited to pixel metrics and selected frames, without full-cycle temporal,
perceptual, or downstream EF/volume validation; comparisons omit dedicated
dictionary-learning correction methods. These issues require prospective clinical
testing and broader evaluation.
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