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Abstract. Motion artifacts remain a major challenge in magnetic reso-
nance imaging (MRI) because they degrade image quality and compro-
mise diagnostic reliability. Recently, the strong generative capacity of
diffusion models has driven increasing interest in applying these meth-
ods to MRI artifact removal. However, conventional noise-driven diffusion
relies on injecting Gaussian noise, which does not match the acquisition-
induced corruption produced by motion. It also introduces sampling un-
certainty and may hallucinate structures. To address these issues, we pro-
pose a noise-free cold diffusion for MRI motion artifact removal trained
solely on motion-free image. In this framework, the diffusion process is
formulated as a physics-driven degradation operator that incorporates
an acquisition-consistent masking strategy and a dirichlet-weighted mo-
tion state assignment. This design reflects the mechanism through which
motion artifacts arise during acquisition and naturally aligns diffusion
timesteps with artifact severity. To support inference across diverse mo-
tion patterns and artifact levels, we further introduce severity-aware sam-
pling and adaptive degradation estimation to guide the restoration tra-
jectory and improve generalization. Experiments on two public datasets
demonstrate that the proposed method achieves superior performance in
MRI motion artifact removal.

Keywords: Cold diffusion · MRI motion artifact removal · Physics-
driven training.

1 Introduction

Magnetic Resonance Imaging (MRI) is a widely used modality in clinical diagno-
sis because it provides rich soft-tissue contrast without ionizing radiation. How-
ever, the inherently long acquisition time makes MRI highly vulnerable to patient
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motion. Such motion introduces phase inconsistencies across k-space lines, lead-
ing to structured artifacts [6, 9]. These artifacts not only degrade image quality
but also obscure pathological details, potentially leading to misdiagnosis or the
need for repeated scans [22]. Therefore, effective motion artifact removal is of
great clinical value.

Many learning-based methods have been proposed for retrospective MRI mo-
tion correction, mainly following supervised or unsupervised paradigms. Super-
vised methods learn a direct mapping from motion-corrupted images to motion-
free targets [7, 10, 13, 23]. However, paired motion-free and motion-corrupted
data are rarely available in clinical practice. Unsupervised paradigm relaxes the
requirement of paired data and interprets motion artifact removal as CycleGAN-
based image-to-image translation [1,3,11,12,15,25,26]. However, unpaired trans-
lation implicitly assumes a consistent imaging style between the corrupted and
clean domains, whereas actual MRI appearances vary substantially across se-
quences and acquisition parameters [19]. Lacking an explicit motion-artifact re-
jection mechanism [17, 18], these methods are sensitive to scanner and protocol
shifts, and may erroneously entangle style difference with artifact removal.

To mitigate the data dependency and domain shift issues, an alternative
paradigm focuses on learning generative priors from motion-free MRI images [4,
17,18,28] or by physics-informed reconstruction that excludes motion-corrupted
k-space lines in a self-supervised manner [6]. Within this context, diffusion mod-
els have attracted considerable attention due to their strong generative capabil-
ities [4, 5, 17, 20, 28]. For example, Oh et al. proposed an annealed score-based
diffusion model that is trained on motion-free data and removes motion artifacts
via repeated forward-reverse diffusion with low-frequency consistency guidance
during inference [17]. Xu et al. used a pretrained diffusion prior and constructed
alternating complementary masks in the reverse process to destroy the artifact
structure [28]. Chen et al. integrated a score-based diffusion prior into parallel
MRI to jointly correct motion and coil sensitivities [4]. Despite promising results,
these approaches still typically define diffusion via a Gaussian noising process,
which differs from how motion corrupts MRI measurements through k-space in-
consistencies [8]. Moreover, the stochastic noise-based sampling introduces un-
predictable variability and risks hallucinating anatomical structures [14], which
conflicts with the demand of medical image for a precise and deterministic pro-
cess [21].

Recently, cold diffusion demonstrated that the generative forward process
can be constructed using arbitrary deterministic degradations, moving beyond
the sole reliance on stochastic Gaussian noise addition [2]. Related diffusion-
bridge formulations have been developed for accelerated MRI reconstruction
[16], whereas motion artifact removal remains unexplored. Inspired by this, we
propose a noise-free, physics-driven cold diffusion framework trained solely on
motion-free images for MRI motion artifact removal. Instead of adding Gaussian
noise, we formulate the diffusion process as a physics-inspired degradation op-
erator. The operator integrates an acquisition-consistent masking strategy and
a dirichlet-weighted motion state assignment, enabling realistic corruption that
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Fig. 1. Overview of the proposed method.

mirrors motion-induced inconsistencies while keeping the diffusion timesteps nat-
urally aligned with artifact severity. Furthermore, to support robust inference
across diverse motion patterns and artifact levels, we introduce a severity-aware
sampling strategy and adaptive degradation estimation. By automatically guid-
ing the deterministic restoration trajectory, our method ensures that no uncer-
tainty factors arise during the deterministic reverse process, avoiding random
sampling issues and enabling the network to better comprehend the physical
artifact distribution. Extensive experiments on two public datasets demonstrate
that our proposed method achieves superior performance.

2 Method

2.1 Cold Diffusion

As shown in Fig. 1(a), cold diffusion learns to invert a deterministic degradation
process rather than additive Gaussian noise. Given a motion-free target x0 ∼
pdata, a degradation family {Dt}Tt=0 defines a forward trajectory:

xt = D(x0, t), t ∈ {1, . . . , T}, s.t. D(x0, 0) = x0. (1)

The goal is to train a time-conditioned restoration network Rθ to invert this
process and recover the clean image from any intermediate state:

x̂0 = Rθ(xt, t). (2)

In MRI images, motion artifacts are induced by k-space inconsistency whose
strength increases with motion frequency and amplitude [22, 29]. We therefore
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construct Dt as a physics-inspired degradation operator that progressively in-
creases k-space inconsistency and state variation with t. As a result, the cold
diffusion timestep t becomes naturally aligned with artifact severity, enabling
severity-aware initialization and stable iterative inversion over a wide range of
artifact severities.

2.2 Physics-inspired Degradation Operator

Let k0 = F(x0) be the k-space image of x0, where F denotes the Fourier Trans-
form. We assume the degradation process is corrupted by J motion states (e.g.,
rotation, translation, respiratory, etc). The corrupted k-space kt at degradation
severity t is modeled as a mix of the coherent base signal and motion-perturbed
signals:

kt = (1−Mt)⊙ k0 +

J∑
j=1

M
(j)
t ⊙F (T (x0;ϕj)) , (3)

where ⊙ denotes the element-wise Hadamard product. The term T (·;ϕj) repre-
sents a motion transformation parameterized by ϕj , corresponding to the j-th
motion state. Mt =

∑J
j=1 M

(j)
t denotes the union of all corrupted k-space trajec-

tories at severity t, serving as a frequency-domain selection mask. The resulting
degraded image xt is obtained via the inverse Fourier transform:

xt = Dt(x0) ≜
∣∣F−1(kt)

∣∣ . (4)

Acquisition-Consistent Masking Strategy. In standard Cartesian MRI, the
central k-space lines which determine the global anatomy are often sampled first.
Patients typically remain stationary during this initial phase, preserving the in-
tegrity of low-frequency data. However, as the scanning continues, the likelihood
of involuntary motion increases. Consequently, motion-induced errors mainly af-
fect the high-frequency lines acquired later in the process [17, 28]. Guided by
this physical observation, we specify the distribution of Mt using an acquisition-
consistent strategy. Specifically, let u denote the phase index across the total H
trajectories, and uc be the center frequency index. We first define the protected
central region Ωclean with a bandwidth controlled by the center preservation
fraction c (t) = cmin + (cmax − cmin)(1 − t

T ):

Ω
(t)
clean =

{
u

∣∣∣∣ |u− uc| ≤
c(t)H

2

}
. (5)

Trajectories within Ω
(t)
clean are strictly preserved. For the remaining candidate

trajectories in the peripheral region Ω
(t)
cand, we define a severity-dependent sam-

pling weight wt(u) for each u ∈ Ω
(t)
cand:

wt(u) =

[
σ

(
|u− uc| − c(t)H

2

τ

)]p
, (6)
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where σ(·) is the Sigmoid function. τ controls the softness of the frequency
transition, and p ≥ 1 is a power factor that strengthens the bias towards higher
frequencies. Finally, Mt is generated via weighted sampling without replacement.
Specifically, the subset of corrupted phase index {u |mt(u) = 1} is drawn from
Ω

(t)
cand:

Npick =
⌊
ρ(t) ·

∣∣∣Ω(t)
cand

∣∣∣⌋ , (7)

where ρ (t) = ρmax · t
T is the corruption ratio, scaling the artifact intensity

linearly with the severity timestep t. To maintain a fully deterministic restoration
trajectory at inference, we replace the stochastic mask sampling in Eq. (7) with
its continuous relaxation.

Dirichlet-Weighted Motion State Assignment. At a fixed severity level t,
the relative weights of different motion patterns can vary depending on patients
and scanned anatomy. For instance, brain imaging typically exhibits higher prob-
abilities of rotation and translation, whereas abdominal MRI is predominantly
affected by respiratory motion artifacts [22]. To model this variability without
altering the global severity, we propose a dirichlet-weighted mechanism that gen-
eralizes to J motion degrees of freedom. Let Φ = {ϕ(1), . . . , ϕ(J)} denote the set
of possible motion parameters (e.g., rotation angle, translation shift, etc). We
sample a mixing weight vector w ∈ ∆J−1 from a dirichlet distribution:

w ∼ Dir(α), s.t.
J∑

j=1

wj = 1, (8)

where α ∈ RJ is the concentration hyperparameter governing the sparsity of
motion types. The parameter value ϕ(j)

t for the j-th degrees of freedom at severity
t is instantiated as:

ϕ
(j)
t = Sj (s(t) · λmax · wj) , (9)

where s(t) = t
T is the severity scalar, and λmax defines the physical upper bound

for the j-th motion type. The operator Sj(·) represents a stochastic direction
sampling appropriate for those specific motion states.

2.3 Severity-aware Sampling and Adaptive Degradation Estimation

At test time, motion-corrupted MR images differ in both artifact severity and
motion composition. Accurately estimating severity is crucial as it determines
the starting point for diffusion inversion, while identifying the composition is
essential for instantiating the appropriate degradation operator. Therefore, we
introduce two lightweight auxiliary heads to predict the severity ŝ and the com-
position ŵ from the input. Specifically, as shown in Fig. 1(b), we adapt the
U-Net based architecture with a timestep-agnostic stem to extract features h
without time embeddings. The severity head Hsev maps the globally pooled fea-
tures h̄ = GAP(h) to a normalized severity index ŝ and a timestep t̂:

ŝ = σ
(
Hsev(h̄)

)
, t̂ = ⌊ŝ · T ⌉ . (10)
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Simultaneously, the degradation estimation head Hdeg identifies the composition
of the motion artifacts by predicting a directional composition vector ŵ:

z = tanh
(
Hdeg(h̄)

)
, ŵ =

z

∥z∥1
. (11)

With ŝ and ŵ, we can realize severity-aware sampling and adaptive degradation
estimation. Given a corrupted input y, we first obtain (t̂, ŵ) to instantiate the
degradation operator D(·, t; ŵ) in Eq. (3)-(7), and set xt̂ ← y. Following the
cold diffusion [2], we iteratively solve for s = t̂, t̂ − 1, . . . , 1. At each step, the
network predicts the clean image x̂

(s)
0 , followed by the deterministic update:

x̂
(s)
0 ← Rθ (xs, s) , xs−1 ← xs −D

(
x̂
(s)
0 , s; ŵ

)
+D

(
x̂
(s)
0 , s− 1; ŵ

)
, (12)

where D (·, s; ŵ) denotes the adaptive degradation operator instantiated dynam-
ically by ŵ.

2.4 Loss Function

Following the cold diffusion paradigm, the primary reconstruction loss Lrec en-
forces pixel-level fidelity between the restored image x̂0 and the ground truth
x0:

Lrec = ∥x̂0 − x0∥1 . (13)

The severity regression is optimized via a smooth ℓ1 loss, while the composition
weights are aligned using the squared ℓ2 norm:

Lsev = ℓsmooth(t̂, t), Lcomp =

J∑
j=1

(ŵj − Sj · wj)
2
. (14)

To guarantee physical validity, we re-degrade the restoration output with the
ground-truth parameters ϕt:

Lcyc = ∥D(x̂0;ϕt)− xt∥1 . (15)

The total objective is the weighted sum:

Ltotal = Lrec + λsevLsev + λcompLcomp + λcycLcyc. (16)

3 Experiments

3.1 Experimental Setup.

Datasets. We evaluated our method on two public MRI datasets. The first
dataset is the KMAR-50K dataset [27], which comprises multi-view, multi-sequence
knee MRIs featuring real-world clinical motion artifacts and paired ground truths.
The second dataset is the Human Connectome Project (HCP) data [24], which
contains T2-weighted images of the human brain. For evaluation and validation,
motion artifacts were simulated in this dataset by introducing phase errors into
the k-space data, following established methods in [26,28].
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Table 1. Quantitative comparison of different methods on the KMAR-50K dataset
and HCP brain dataset.

Method KMAR-50K Dataset HCP Brain Dataset
PSNR (dB) ↑ SSIM (%) ↑ PSNR (dB) ↑ SSIM (%) ↑

MARC [23] 28.34 ± 1.35 80.22 ± 3.12 33.48 ± 4.00 94.81 ± 2.44
CycleMedGAN [1] 26.67 ± 1.23 77.45 ± 3.49 29.61 ± 3.57 91.25 ± 2.59
DUNCAN [15] 27.21 ± 1.40 77.92 ± 3.45 30.80 ± 4.88 89.44 ± 2.22
UDDN [26] 27.29 ± 1.41 78.09 ± 3.41 31.44 ± 4.53 90.16 ± 2.92
Bootstrap [18] 27.05 ± 1.36 77.99 ± 3.72 31.72 ± 4.60 90.91 ± 2.07
ASBD [17] 28.32 ± 1.36 81.03 ± 3.12 32.12 ± 4.01 92.94 ± 2.42
PFAD [28] 28.71 ± 1.35 81.82 ± 3.06 32.28 ± 4.13 93.00 ± 2.43
Ours 29.12 ± 1.36 82.32 ± 3.00 33.63 ± 3.96 95.43 ± 2.42

Implementation Details. Our framework was implemented in PyTorch and
trained on an NVIDIA A5000 GPU with a batch size of 4. To capture com-
plex anatomical movements, the motion-state manifold encompasses diverse spa-
tial transformations, where the motion transformation T is instantiated follow-
ing [22], with physical upper bounds λmax for shifts and rotations set to 10.0
and 8.0, as artifacts beyond these limits irrecoverably destroy anatomical struc-
tures [29]. For the degradation operator, we set the minimum center preservation
cmin = 0.15 to protect low-frequency k-space data, ensuring the maintenance of
fundamental image contrast [22]. Furthermore, we configured the maximum high-
frequency corruption ρmax = 0.9. The network was optimized for 400 epochs
using Adam with a learning rate of 2 × 10−4. The loss weights were set to
λsev = 0.005, λcomp = 0.05, λcycle = 0.5, respectively.

3.2 Results

Comparisons with State-of-the-Art. We compared our method with several
MRI artifact removal methods including supervised methods such as MARC [23],
unsupervised methods such as CycleMedGAN [1], DUNCAN [15], UDDN [26],
and motion-free training methods such as GAN-based Bootstrap [18], diffusion-
based ASBD [17] and PFAD [28]. As illustrated in Table 1, our proposed method
demonstrates superior performance, exhibiting a PSNR of 29.12 ± 1.36 dB and
a SSIM of 89.22 ± 2.83 % for real knee MRI motion artifact removal, and a
PSNR of 33.63 ± 3.96 dB and a SSIM of 95.43 ± 2.42 % for simulated brain
MRI artifact removal. Visual comparisons in Fig. 2 demonstrates that while
noise-based diffusion models like ASBD [17] and PFAD [28] effectively suppress
artifacts, our method better preserves fine anatomical details (red boxes) to
achieve superior structural fidelity.

Ablation Study. Table 2 shows the ablation study in the validation set. The
baseline (M1) uses standard cold diffusion with masking strategy. Adding the
dirichlet-weighted motion state assignment (M2) brings the about 1 dB gain.
Next, the severity-aware sampling (M3) further improves the model’s stabil-
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Fig. 2. Visual comparison of motion artifact removal results. (a) Artifact image, (b)
MARC, (c) CycleMedGAN, (d) UDDN, (e) DUNCAN, (f) Bootstrap, (g) ASBD, (h)
PFAD, (i) ours , (j) Ground truth.

ity across different artifact levels. Finally, using adaptive degradation estima-
tion (M4) provides the correct motion composition for input, achieving the best
structural details. This improvement proves that combining physical priors with
severity-aware sampling and adaptive degradation estimation is effective.

4 Conclusion

This paper proposes a noise-free, physics-driven cold diffusion framework for
MRI motion artifact removal. By formulating the forward process as a physical-
inspired degradation operator that mirrors actual k-space inconsistencies, our
method avoids the inherent stochasticity of Gaussian noise. To handle diverse
artifact distributions during inference, we introduce a severity-aware sampling
and adaptive degradation estimation mechanism, which automatically initializes
and guides the deterministic restoration trajectory, and enables the network to
effectively recover artifact-free anatomical structures. Extensive experiments on
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Table 2. Ablation study of critical components of the proposed method in the valida-
tion set.

Model KMAR-50K Dataset HCP Brain Dataset
PSNR (dB) ↑ SSIM (%) ↑ PSNR (dB) ↑ SSIM (%) ↑

M1: Baseline 27.33 ± 1.27 80.04 ± 3.01 32.02 ± 4.00 92.88 ± 2.33
M2: M1+weighting 28.58 ± 1.36 81.24 ± 3.03 32.93 ± 3.98 94.52 ± 2.34
M3: M2+severity 28.89 ± 1.36 81.56 ± 3.01 33.12 ± 3.99 95.12 ± 2.36
M4: M3+estimation 29.35 ± 1.35 81.96 ± 3.03 33.69 ± 4.01 95.45 ± 2.37

two public datasets demonstrate that our approach outperforms existing state-
of-the-art methods.
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