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Abstract

We introduce MotionDPS, a unified Bayesian framework for motion-compensated
3D MRI that jointly estimates the anatomical image, rigid-body motion, and coil
sensitivity maps directly from motion-corrupted k-space data. MotionDPS inte-
grates pretrained 3D complex-valued score-based diffusion models as expressive
anatomical priors within a physics-based forward model, tightly coupling learned
generative modeling with data-consistent reconstruction. Inference alternates diffu-
sion posterior image updates with proximal optimization steps for motion and coil
estimation, enabling fully unsupervised reconstruction without requiring paired
motion-free training data or external motion tracking. Experiments on simulated
and in vivo brain MRI datasets demonstrate consistently improved image quality
and motion robustness compared to state-of-the-art methods.

1 Introduction

Magnetic Resonance Imaging (MRI) is highly sensitive to patient motion due to long acquisition
times and sequential k-space sampling. Even small movements introduce phase inconsistencies that
lead to blurring, ghosting, and geometric distortions. These motion artifacts reduce diagnostic quality
and require repeated scans in up to 20% of clinical examinations, incurring substantial costs [1].

Despite decades of research, retrospective motion correction remains a major unsolved challenge in
clinical MRI. Classical approaches rely on explicit forward models with handcrafted regularization [2,
3], while learning-based methods can improve image quality but are often trained on synthetic
corruption, operate slice-wise, and may not fully enforce 3D k-space consistency [4, 5]. Diffusion
models provide powerful learned priors for inverse problems via posterior sampling [6], yet existing
motion-aware diffusion methods are either limited to 2D settings or do not jointly infer all latent
variables [7]. Consequently, a unified framework that jointly models anatomy, motion, and coil
sensitivities within a fully 3D, physics-consistent formulation remains unexplored. To address this
gap, we propose MotionDPS, a unified Bayesian framework for motion-compensated 3D MRI that
jointly estimates the motion-free image, rigid motion trajectory, and coil sensitivity maps directly from
motion-corrupted k-space. MotionDPS combines a pretrained 3D complex-valued diffusion prior

*These authors contributed equally.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).



Reference RSS MotionTTT MotionDPS

(b) Motion-free Motion-corr.

ESPIRIT

——— MotionTTT ——— MotionDPS === True R =4 R =3
t. t t, %)
Y T 2
w\/ 2
e’ W\f\ g
=
_5
7 =
T T Tr
2 z ¥ z
ap
S0 W/\ M
0 200 0 200 0 200
Time (s)

Figure 1: a) Reconstruction results for a volume from the CC359 dataset under severe motion. b) Coil
sensitivity maps estimation for a FastMRI sample. In the presence of motion, the ESPIRIT estimate
(R = 4) exhibits visible motion-induced artifacts (red arrows).
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Figure 2: Coronal reconstructions for a severely motion-corrupted scan from the PMoC3D dataset. For
each method, we show the reconstructed image, the error map, and the estimated motion parameters.
PSNR values (green, top right) are computed relative to the motion-free reference image.

with physics-based data consistency and explicit smoothness priors for motion and coils. Inference
alternates diffusion posterior image updates with efficient proximal optimization for motion and coil
estimation. To our knowledge, this is the first fully 3D framework that jointly estimate all variables
within a unified diffusion-based formulation.

2 Methods

Physics-based imaging and motion model: To model patient motion in accelerated multi-coil
MR, the acquisition is described by a sampling trajectory 7 specifying the k-space coefficients
acquired at each discrete time point ¢. We assume that K coefficients are acquired simultaneously at
any time pointt € {1,...,T},ie. T: {1,...,T} — {1,..., D}¥. The k-space data acquired at a



single time point z; € C¢*¥ read as
z; = MyF (c O W(x,v¢)) + & = Au(x, ¢, vi) + €, (H

where x € CP is the unknown image comprising of D voxels, ¢ € C®*P, the unknown spa-
tially varying sensitivity maps of the C receiver coils, and € € CY*P is additive measure-
ment noise. The element-wise multiplication operator ©: C¢*P x CP — C¢*P is given by
c ® x = (diag(cy)x, ..., diag(co)x). F: C*P — CO*P is the 3D discrete Fourier transform
applied to each coil-weighted image in parallel. M, is a block-diagonal matrix with C' identical
binary acquisition masks diag(m;) along the diagonal. Here, m; € {0, 1} indicates if a particular
k-space coefficient has been acquired at time point ¢. Finally, W(-, v;) warps a static reference image
according to motion state vy € V.

Joint reconstruction framework: We formulate the reconstruction problem within a Bayesian
framework, where the posterior decomposes into a likelihood and priors for the image px, coils pc,
and motion states py

p(x, C, V1:T|Z1:T) = p(Zl;T\X7 C, V1:T)pX (X)pC(C)pV(Vl:T)- 2)

Computing the maximum a posteriori (MAP) estimate of (2) leads to the equivalent variational
formulation

(%,€,V1.7) € argmin {D (A(x,c,vir),21.7) + Ri(X) + Ry (V) + Rc(c)}, 3)
X,C,V1:T
where D denotes the quadratic data fidelity term, The image prior (Rx) is defined implicitly by a
diffusion model, while motion (R,) and coil priors (R.) are explicit regularizers.

Diffusion posterior sampling for motion compensation: We solve the joint reconstruction prob-
lem in (3) using a hybrid optimization strategy that combines diffusion posterior sampling (DPS) [6]
for image estimation with inertial proximal alternating linearized minimization iPALM) [8] for coil
sensitivity and motion estimation. The resulting algorithm, termed MotionDPS, alternates between
three coupled subproblems: (i) diffusion-guided image updates accounting for the posterior distri-
bution conditioned on current coil sensitivities and motion states, (ii) proximal gradient updates for
the coil sensitivity maps, and (iii) proximal gradient updates for the motion states. This alternating
structure enables the integration of a strong learned image prior with physics-based data consistency
and explicit motion modeling.

Algorithm 1 summarizes the proposed MotionDPS framework. Starting from an initial noise real-
ization, coil sensitivity estimate, and zero motion, the algorithm iteratively progresses through a
predefined diffusion noise schedule. At each diffusion step, the image is updated via a DPS step,
followed by coil sensitivity and motion updates using proximal gradient steps derived from the data
fidelity and corresponding priors. After completion of the diffusion process, the algorithm returns the
final reconstructed image, coil sensitivity maps, and estimated motion trajectories.

3 Results

We evaluate the proposed method under motion simulation experiments using the FastMRI [9] and
CC359 [10] datasets, and on real motion-corrupted data from PMoC3D dataset [11]. We report
in terms of PSNR and SSIM, and compare against the following retrospective motion-correction
methods: AltOpt [3], MotionTTT [5], and StackedUnet [4].

Motion-simulation experiments: We simulate inter-shot motion on fully sampled FastMRI and
CC359 data using 52 acquisition shots. Performance is evaluated with and without undersampling
under three motion levels — mild, moderate, and severe — with maximum translational and rotational
amplitudes of +(3,6,9) mm and +(5°,10°, 15°), respectively. For FastMRI, we apply 3D Cartesian
undersampling along the phase-encoding dimensions with acceleration factors R = 4 and R = 8 (4%
ACL), using a linear circular trajectory 7 starting from the k-space center. For CC359, we use an
interleaved trajectory acquiring the central 3 x 3 region first and apply a 3D Cartesian Poisson-disc
mask with R = 4.9. Table 1 reports the quantitative average results. MotionDPS achieves the best
performance in most cases and remains robust even under severe motion and strong undersampling.
Fig. 1 shows reconstruction results for a scan with severe simulated motion.



Algorithm 1 MotionDPS

Require: k-space data z;.7, noise schedule {ai ?: N pre-trained denoiser Dy.

> Initialization
xV =oNe, e~ N(0,1d)

N =F1(z)/\/ L, [F1(z)]?

V{YT =0

fori=N—-1,...,0do
B = N]\li;j,g > Momentum
> Image subproblem .
x', %0 = DPS(x'T!, ¢!, vit) 210, 0%, Dy) > Diffusion Posterior Sampling

> Coil subproblem
& = citl 4 B(cit! — ¢it2)
, - 20 = <itl

c' = Prox i o (c - L%VCD (.A(XO7 C, VTTL Zl:T))

> Motion subproblem

~ i+1 i+1 42

Vir = vilp + B(vil; —vii) .

vir = ProXp-ig, (‘71:T - P;lvaA(Xovclv{lliT)7 Zl:T))
end for
return (Xg,c, V)

Table 1: Quantitative comparison of motion correction methods on FastMRI, CC359, and PMoC3D.
Average PSNR (dB) and SSIM are reported across mild, moderate, and severe motion levels.

Motion AltOpt MotionTTT StackedUnet MotionDPS
severity = PSNR SSIM  PSNR SSIM PSNR SSIM PSNR SSIM

Mild 33.836 0909 36.437 0.932 30.424 0.909 38.260 0.962
FastMRI  Moderate 26.726 0.772 31.348 0.882 27.993 0.875 36.539 0.954
Severe  24.982 0.721 26.804 0.803 26.575 0.838 32.186 0.909

Mild 36.611 0.943 32.019 0.892 31.017 0.906 35.720 0.933
CC359  Moderate 32.011 0.866 30.940 0.869 28.008 0.849 33.820 0.916
Severe  21.559 0.571 21910 0.585 26462 0.811 27.575 0.856

Mild 31.595 0956 32.199 0.958 31.603 0952 32.778 0.959
PMoC3D Moderate 30.718 0.955 31.141 0.958 29.110 0.939 32.034 0.959
Severe  29.862 0.948 30309 0954 27.386 0.926 31.277 0.955

Dataset

Real-motion experiments: We conduct real-motion experiments using the PMoC3D dataset, which
comprises brain T1 volumes from eight healthy subjects. Acquisition was performed with an un-
dersampling factor of R = 4.94 along the two phase-encoding directions, over 52 shots following a
quasi-random k-space sampling trajectory 7, in which the central 3 x 3 region of k-space is acquired
first. For quantitative evaluation, we adopt the same motion severity categorization (mild, moderate,
and severe) as in Wang et al. [11]. Table 1 reports the quantitative reconstruction results, where
MotionDPS consistently achieves higher PSNR and SSIM values. Fig. 2 presents qualitative recon-
struction results for a scan in the severe motion category. MotionDPS more effectively suppresses
motion artifacts while preserving anatomical structure, as reflected by lower-magnitude and more
spatially uniform residual errors. Additionally, among the physics-based baselines, MotionDPS
demonstrates a favorable accuracy-runtime trade-off, requiring on average 25min per volume, com-
pared to 4h and 1h required by AltOpt and MotionTTT, respectively, on an NVIDIA A100 GPU.

4 Conclusion

We introduced MotionDPS, a novel method integrating diffusion-based image priors with explicit
motion-aware data consistency to enable joint image and coil reconstruction as well as motion
estimation for 3D MRI. Across both simulated and real-motion datasets, the method demonstrates
superior robustness to motion and undersampling, consistently achieving higher PSNR and SSIM,



generating cleaner reconstructions, while a the same time reducing runtime compared to competitive
baselines. These results highlight the effectiveness of MotionDPS as a practical and scalable solution
for 3D MRI reconstruction in the presence of patient motion.
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