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Abstract

A major challenge of the long measurement times in magnetic resonance imaging
(MRI), an important medical imaging technology, is that patients may move during
data acquisition. This leads to severe motion artifacts in the reconstructed images
and volumes. In this paper, we propose MotionTTT a deep learning-based test-
time-training (TTT) method for accurate motion estimation. The key idea is that a
neural network trained for motion-free reconstruction has a small loss if there is no
motion, thus optimizing over motion parameters passed through the reconstruction
network enables accurate estimation of motion. The estimated motion parameters
enable to correct for the motion and to reconstruct accurate motion-corrected
images. Our method uses 2D reconstruction networks to estimate rigid motion
in 3D, and constitutes the first deep learning based method for 3D rigid motion
estimation towards 3D-motion-corrected MRI. We show that our method can
provably reconstruct motion parameters for a simple signal and neural network
model. We demonstrate the effectiveness of our method for both retrospectively
simulated motion and prospectively collected real motion-corrupted data. Code is
available athttps://github.com/MLI-1ab/MRI_MotionTTT.

1 Introduction

Magnetic resonance imaging (MRI) is one of the most important medical imaging technologies
due to its non-invasiveness and ability to foster diagnosis of a wide range of diseases. However, its
inherently long scan times make MRI susceptible to motion artifacts caused by patient movement
during the scan. Repeating scans corrupted by motion artifacts causes additional costs and reduces
patient through-put, and unnoticed artifacts can lead to misdiagnosis [2} [36].

We consider the problem of imaging under motion and propose an algorithmic solution to correct for
the motion based only on the measurements acquired during the scan, without requiring additional
hardware or changing the measurement process, or interrupting the clinical workflow.

A traditional approach to algorithmic motion reconstruction is to jointly estimate the motion parame-
ters and motion-corrected reconstruction [7, |6, |15]], but those methods are slow and can be inaccurate
in particular for severe motion.

Deep learning based approaches have been proposed to accelerate reconstruction and potentially
allow to account for more severe motion. However, most existing data driven methods correct for
in-plane motion within 2D MRI (see the review Spieker et al. [38]]), as 3D data for training 3D models
is only scarcely available and computationally expensive to handle [18]]. In practice, however, motion
occurs in 3D and not in-plane. Moreover, the duration of a scan in 3D is significantly longer than in
2D making motion more likely and thus motion reconstruction more important. Finally, data-driven
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approaches so far often rely on simulated motion artifacts and hence are speci c to the type of motion
they have been trained dn [14, 16] 34].

In this work, we propose a novel approach for rigid motion estimation and reconstruction in 3D MRI
that is based on rst estimating the motion parameters that describe the map from the motion-free
image to the motion-corrupted measurement and second reconstructing the image or volume with
the estimated motion parameters. Estimating the motion parameters is the critical step, once we
know the motion parameters, reconstruction essentially amounts to reconstructing from a motion-free
measurement, and a variety of approaches work well for that.

For motion estimation, we utilize a neural network trained to reconstruct motion-free undersampled
2D MRI images. The network only requires 2D motion-free data for training, and does not require
3D or motion-corrupted data which is dif cult to come by. The neural network for reconstruction
depends on the forward model which in turn depends on the motion parameters. We construct a data-
consistency loss and optimize over the motion parameters at test-time. The data consistency loss is
small only for the correct motion parameters, as the model was trained for motion-free reconstruction.

In each iteration the model reconstructs the 3D data slice-wise along a random axis. Since motion
artifacts occur globally in the image domain it is suf cient to compute gradients only for a small
random subset of slices keeping the computational and memory cost manageable. The estimated
motion parameters are then used to reconstruct a clean volume. To summarize, our contributions are:

» We propose MotionTTT, the rst deep learning-based method for 3D rigid motion estimation
for 3D motion-corrected MRI. MotionTTT exploits the prior knowledge of a pre-trained
neural network for motion-free 2D MRI reconstruction.

» We theoretically justify our method by proving for a simple theoretical signal and neural
network model that the loss function has a global minimum at the correct motion parameters.

» We use retrospectively simulated motion to demonstrate the ability of our method to ac-
curately estimate motion over a wide range of motion severities. Combined with a L1-
minimization reconstruction module we achieve effective 3D imaging under motion and
outperform a classical alternating optimization baseline [7] in terms of estimation speed and
estimation performance under severe motion and a deep learning based end-to-end motion
correction baseline Al-Masni et al.|[1] in terms of reconstructed image quality.

» We demonstrate the potential of our method on prospectively acquired real motion-corrupted
data achieving signi cant improvements in terms of visual image quality.

2 Related work

Approaches for retrospective rigid-motion correction for MRI can be categorized into supervised
deep learning-based approaches, model-based optimization approaches, and combinations thereof.

Supervised deep-learning based approaches learn a mapping from undersampled measurements
corrupted with simulated motion to the motion-free reference image and have been proposed for
2D [21, 24, 42, 35] and 3D MRI [18, 10, 1]. However, as demonstrated in our work the images
produced by those end-to-end approaches are often blurry and the methods pertain to the type of
motion simulated during training [23, 14, 16].

Alternating optimization [7] is a classical model-based approach for joint motion estimation and
correction in 3D MRI, where every iteration alternates between optimizing over the motion parameters
while xing the estimated reconstruction and vice versa. However, jointly optimizing over both
unknowns without any prior information is a highly complex optimization problem resulting in long
run times and errors in the presence of more severe motion as demonstrated in our work.

The speed and robustness of alternating optimization can be improved through augmenting either
the reconstruction step or the motion estimation step with deep learning [14, 16]. However, both
methods have so far only been proposed for 2D in-plane motion correction and rely on synthetic
motion simulation during training, which makes them speci c to the type of simulated motion. In
practice, motion always occurs in 3D.

For motion estimation, Singh et al. [34] pre-trains a neural network to predict a motion-free image
from the motion-corrupted measurements conditioned on the true motion parameter. At inference
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Figure 1: Panel a): magnitude of a 3D volume; panel b): the corresponding 3D k-space data. Panels
c¢)/d) show examples of undersampling masks used for the simulated and real data. The color coding
illustrates an interleaved c) and a random d) sampling trajectory indicating which lines along the
readout dimensiok, are sampled within the same out of 50 shots.

the data consistency loss is optimized only over the motion parameters. However, the motion
estimation relies on learning the characteristic of motion-corruptions. Hence, the model operates in
the measurement space in which the corruptions occur, which in multi-coil MRI is of much higher
dimension than the corresponding image space, thus making an extension of this approach to 3D very
challenging. Our method relies on learning the characteristics of motion-free data in the image space
and thus is ef cent for 3D imaging as we show.

Levac et al. [22] proposes a method based on diffusion models trained on generating motion-free
images for 2D motion reconstruction, that also does not rely on motion simulation during training. At
inference, sampling based reconstruction [17, 5] with joint motion trajectory estimation is performed.

While our approach as well as the aforementioned works correct motion artifacts solely based
on the acquired MRI measurements, another line of research corrects for motion prospectively or
retrospectively based on additional data collected during the scan via, e.g., external detectors [30, 27]
or navigator sequences [40, 43, 11]. However, those methods usually require interference with the
standard clinical measurement process and are often tailored to a speci ¢ measurement sequence or
setup limiting their broad applicability in practice.

3 Problem statement: 3D MRI imaging under motion

A 3D multi-coil accelerated MRl measuremgn® CC X« kv k: js obtained by
y = AX + z; (1)

whereA = MFE is the forward modelx 2 C'= "v 'z the object of interest, armlmeasurement
noise. The measuremepntconsists ofC-many k-space measurements collectedCbgoils. The

transformF and undersampling madk are applied coil-wise. We consider 3D Cartesian undersam-
pling, where undersampling takes place in the plane of the two phase encoding dim&psioks
and the frequency encoding dimensignis fully sampled (see Figure 1).

We focus on rigid motion, where thieth motion state is de ned by three translation and three rotation
parametersn; = [t};th;th; 1 5 5]. MRIacquisition under motion can be described as

y=A(T,m)x+ z )

is the number of motion states, and of the known MRI sequence speci ¢ sampling trajéctbay
speci es which part of the k-space datds acquired when.

The goal of this work is to reconstruct the volumdrom the undersampled, motion-corrupted
measurement without knowledge of the motion states. We do so by estimating the motion states
from the measuremegtand sampling trajectory and use the estimated parameters to reconstruct a
motion-corrected volumg.

Parameterization of the forward model under motion. In practice, a measurement is acquired in
batches of lines in the k-space along the frequency encoding dimdgsidnbatch, referred to as
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Figure 2: lllustration of the MRI forward models and zero- lled (ZF) reconstructions without (left)
and with (right) motion for the 2D single-coil setup. Rotations are implemented with the NUFFT
N(T; )andadjoint NUFFIN ,q(T; ), and translations with linear phase shlft€T ;t). During
acquisition under rotations areas of the k-space are sampled multiple times while others are not
sampled at all, resulting in additional undersampling artifacts in the corrected ZF image compared to
the motion-free ZF image.

shot, is acquired within a short time window followed by a pause before the next subsequent shot. It
is popular to assume that a subject's position is constant during one shot and motion happens during
the pause between shots. This is knowindsr-shot motior{7, 6, 18, 22, 34, 16]. For inter-shot
motion, the number of motions statess equal to the number of shots and the sampling trajedtory

maps the lines in the k-space acquired duringi tiieshot to the-th motion state. See Figure 1 (c,d)

for examples of sampling trajectories used in practice.

However, in practice, motion can occur anytime, and thus the inter-shot motion introduces an
approximation error. Motion during the acquisition of one shot is referred itttt@sshot motior{14].

Then, each k-space line acquired during such a shot can have a a distinct motion state. In this work,
we investigate the capabilities of our method under both inter- and intra-shot simulated motion.

Within the forward model (T ; m), motion corruption can be applied in the image or in the k-
space [25], since rotations and translations in the image space translate to rotations and linear phase
shifts in the Fourier space. We apply motion corruption in the k-space, because it is computationally
more ef cient for our setup (see Appendix A). We use the non-uniform FFT (NURFIT); ) to

sample fully-sampled k-space data at the rotated coordinates for each shot. Translations are applied
via linear phase shifts (T ; t) to obtain motion-corrupted k-space data.

As a starting point for reconstructing the volumdrom an undersampled measuremgntith
zero- Ilgj (ZF) missing entries, it is common to compute a ZF reconstruction AYy, where
AYy = ic1 S F ly; . If the measurement is motion corrupted, a corrected ZF reconstruction
based on motlon parametamsis x¥ = AY(T; m)y. First, translations are reverted with a phase

shift in the opposite directioh (T; t). Then, rotations are corrected for via the adjoint NUFFT
Nag(T; ). See Figure 2 for an illustration of the forward model and ZF reconstruction.

4 MotionTTT

The proposed MotionTTT consists of: 1) pre-training a neural network for 2D motion-free image
reconstruction, 2) test-time-training to estimate motion parameters of the motion-corrupted 3D
k-space data and 3) reconstructing the motion-corrected 3D image based on the estimated motion.

Step 1: Pre-training. Given motion-free dath(x1;y1);:::; (Xn ; ¥Yn )@ consisting of pairs of 2D
reference images 2 C'= 'v and undersampled k-space dyta CC *« kv we train a U-net [32]



f with weights to map a ZF reconstructiofhYy; to the image<; by minimizing the loss

X
Lirain( ) = it (AYyi)i j xij j=kxikg+ FEf (AYyi) FEx; =kFExik; : (3)
i=1
We use this combined training loss between magnitude images and k-space data since it leads to better
performance for motion-free reconstruction than using one of the individual losses (see Appendix C).

Step 2: Test-time-training for motion estimation. Given an undersampled and potentially motion

corrupted 3D measuremepntand a sampling trajectorfy we freeze the weight§ of the trained
networkf » and estimate the motion parametersdy minimizing the data consistency loss

LTTT(m): A(T,m)f" Ay(T; m)y y 1:kyk1; (4)
with Adam [19]. The idea behind minimizing this loss is as follows. If applied to motion-corrupted
data, at initialization withm = 0 the motion correctio®Y(T; m) has no effect and the motion-
corrupted network input results in a large loss as the network was trained on reconstructing motion-free
data. Contrary, when the motion parameters are chosen correctly the network input is a motion-

corrected ZF image, which is similar to a motion-free ZF image and results in a small loss. See
Figure 2 for example images. In Section 5 below we study this loss theoretically.

We call this approach test-time-training, since the adjaihT; m) can be considered to be part of

the network, and by optimizing over the motion statesve are optimizing over part of the network’s
parameters. Methods that optimize a network at inference are referred to as test-time-training methods,
and are successful at prediction under distribution shifts [39, 9].

In every iteration, the network reconstructs the entire 3D input volume slice-wise, where the slicing

direction is sampled uniformly at random to be either inthe ry,ry r;orry r, image

plane. We compute gradients only for a subset (of size 5, limited by GPU memory) of slices sampled
independently in every iteration. While motion has a local effect in the k-space, the artifacts spread
globally in the image space hence computing gradients with respect to a single slice can contain
signal about all motion parameters.

In order to minimize the los@) reliably over different levels of motion severity the optimization
scheme is important. We take a three-phase optimization approach.

Phase 1 optimizes over one motion state per acquired shot. We start with a large initial learning
rate in order to explore the non-convex loss landscape. Especially for strong motion initializing all
parameters with 0 can lead to a large distance to the true motion parameters. During phase 1 the
learning rate is decayed twice in order to converge to a stable rst estimate of the motion parameters.

At the start of phase 2 we compute the DC loss (4) for every estimated motiomfstate
LTTT(r‘hi): A(T,r’f‘l,)f/\ Ay(T; r’h)y Mr‘h.y l:kM r’h.yk1; (5)

where the mask , keeps only the part of the k-space acquired during ithestate. Motion states

with a loss larger than a certain threshold are likely estimated poorly and we reset them to the average
between the previous and next motion state that fall below the threshold. Phase 2 then only optimizes
over the motion states that have been reset. For intra-shot motion, a thresholded motion state is not
only reset, bulN spiis additional motion states up to the number of acquired k-space lines per shot can
be introduced in order to estimate a more resolved motion trajectory for this shot.

Phase 3 again optimizes jointly over all motion states with a small learning rate to converge to a nal
estimate of the motion trajectory.

Step 3: Reconstruction. Using the estimated motion parametdrswe can obtain an estimate

of the motion-corrected image directly from the network outpttAY(T; r)y), and apply a
data-consistency step to improve performangaét-DCLaye}. This step moves the frequencies

of the reconstructed image closer to the given frequencies, and is used for example by Chen et al.
[4]. Alternatively, we can use any reconstruction method for motion-free data, such as a classi-
cal L1-minimization-based reconstruction [26]. We refer to L1 or U-net reconstruction based on
motion parameters estimated by MotionTTT MstionTTT-L1and MotionTTT-U-net-DCLayer

and their respective performance with the oracle known motion paramet&rsaasiMotion-L1
andKnownMotion-U-net-DCLayee refer to the reconstruction after DC loss thresholding that
excludes motion states with a large DC loss from the reconstructibiodenTTT+Th-L1
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Figure 3: For an example with = 2k, k = 1400, d = 100, andb= 4 andm = 0 we plot the loss

as a function ofny, wherea is the number of values fan,; ms; m4 that are set to an integer that is
non-equal tan,; m5; m,, respectively. It can be seen that there is a sharp minima armuadm .

This minima turns out to be unique under certain conditions. In our theory we consider discrete shifts,
indicated by crosses.

5 Theory for motion TTT

We consider the following model to illustrate the principle of our method. We consider a signal
x 2 R" the lies in ad dimensional subspace described by the matrig R" ¢, i.e., there is a
coef cient Y)ectorc 2 RY so thatx = Uc. We take the matrix) as a random Gaussian matrix with

iid N (0; 1= n) entries, so that the columns of the matrix are approximately orthonormal.

Let F1 be the Fourier matrix with rows choseninthe$etf 0;:::;n 1g. We assume a measure-
ment model where the signelis shifted by unknown discrete integer parametags:::;my 2 Z,
and for each shifted version of the signal, a set of measurements is collected according to

y=Dm..mFrX; (6)

whereD 1, 1. is a diagonal matrix witle2™=" ;j 2 T on its diagonal. Note that this multiplication

with complex exponentials in the frequency domain implements a circular shift in the time domain.
In this measurement model, the signal is assumed motion-free while the measurements ik the set
are collected. The frequencies in the $eaire chosen by sampling each frequency independently
with probabilityk=n. So in expectatiork frequencies are included in the Jet

We consider the network(x) = ¢UU Tx for reconstructing a clean signal, whéaleis the total
number of measurements collected. This choice of network is motivated by the fact that if the
measurement is not motion corrupted, then we have that (see Appendix B.3)

f(Fry) X (7
whereT = T [ :::[Typis the set of all measurements collected &)d denotes the complex
conjugate. We consider our test-time-training loss for this model, which is

L(m)= kDnFrf(FrDpy) YK 8)

Below, we show that for our model, under certain conditions and with high probability, the loss has a
unigue minimum at. (m ). Before stating our result, we visualize the loss in Figure 3. It can be
seen that the loss is not convexnmwhich makes it dif cult to optimize.

Theorem 1 Consider the model introduced above, and assume that the signalc is chosen
randomly by drawing the entries ofiid from a zero-mean unit-variance Gaussian distribution. Let

r__
% log(n)? (b+ d) n? ‘e d.

n k22 bk’
thenL(m) > L (m ), wherecis a numerical constant.

@ am)=h*>c (9)

The theorem implies that if the subspace dimensipand the number of shifty, are suf ciently
small relative to the number of measuremebts then the loss has a global minimum at the true
shiftm .



6 Experiments

We demonstrate quantitatively and qualitatively on simulated data the ability of our method to
accurately reconstruct images for a wide range of levels of motion severity in the presence of
inter- and intra-shot motion. Moreover, on prospectively acquired real motion-corrupted data, we
demonstrate that our method achieves signi cant gains in terms of visual reconstruction quality.

6.1 Simulated inter-shot motion experiments

We start with experiments with simulated inter-shot motion as described in Section 3. The model,
data, and baselines considered for both inter- and intra-shot motion experiments are as follows.

Model. We use a 17.5M parameter U-net [32], a common baseline with good performance on
image-to-image tasks [46, 3, 13], training details are in Appendix D.

Data. We train the U-nef on motion-free data and evaluate MotionTTT with simulated motion-
corrupted data sourced from the Calgary Campinas Brain MRI Dataset [37] (license CC BY-ND)
consisting of 3D scans of sizg ky k, =218 170 256andC = 12 receiver coils. We select

40 subjects for training from the training set, 4 subjects for validation and hyperparameter tuning,
and 10 subjects for testing from the validation set. We train and test with an undersampling factor of
4 using the mask from Figure 1 (c). For training, we slice each 3D zero- lled reconstruktipn

and the corresponding 3D reference voluxnalong all three dimensions resulting in about 25k pairs

of 2D network inputs and targets. We compute sensitivity maps #ém 24 24 auto-calibration

lines of the originally fully-sampled motion-free k-space with ESPIRIT [41].

Motion simulation. We set the number of shotsB= 50 similar to how our own real data was
acquired in the upcoming Section 6.3, and we use an interleaved sampling trajedteigure 1 (c)),

where every 50-th line in the k-space is acquired within one shot an@i th@ center of the k-space
containing the largest energy is sampled in the rst shot. Without loss of generality, we assume the
subject to be in zero-motion state at the rst shot and hence do not simulate and estimate motion
parameters for the rst shot.

As the characteristics of patient motion vary widely, synthetic rigid body motion is often simulated
as random motion with rotations and translations drawn uniformly from some range, or from a
Gaussian [7, 22, 16, 34].

We simulate random motion with different levels of severity by varying the number of motion events
Ne 2 f 1;5;10g per scan and the maximum possible rotations/translatibps, 2 f 2;5;10g in
degrees/mm. The shots between which a motion event occurs are sampled uniformly at random,
and for each event translation and rotation parameters are sampled uniformly gy ; M max 1-

After a motion event the subject stays in this position until the next motion event occurs. This yields
10 different levels of motion severity including the motion free case.

Baselines. We compare to alternating optimization by Cordero-Grande et al. [7], which is one of
very few approaches for retrospective motion estimation in 3D MRI. The method alternates between
two steps of L1-minimization reconstruction with wavelet regularization while xing the motion
parameters and four steps of motion parameter estimation while xing the reconstruction. For the nal
reconstruction we perform L1-minimization from scratch based on the estimated motion parameters
(AltOpt-L1) and with additional DC loss thresholding based on the estimated motion parameters
(AltOpt+Th-L1), to ensure a fair comparison to our method. We also perform L1-minimization
without any motion estimatiori(). We further compare to tHe2E stacked U-newith self-assisted

priors [1], a method for end-to-end (E2E) motion artifact reduction in 3D MRI. The model from Al-
Masni et al. [1] is trained with pairs of motion-free images and undersampled images corrupted by
motion simulated as described above to predict the motion-corrected image with a single pass trough
the network at inference.

Hyperparameters for MotionTTT and the baselines are in Appendix D.

MotionTTT accurately estimates motion over a wide range of motion severities. The results in
Figure 4 show the reconstruction performance in PSNR as a function of motion severity averaged
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Figure 4: Reconstruction performance in PSNR as a function of the level of simuiéedhot
motionseverity de ned by (number of motion events, maximum rotation/translation in degrees/mm).
We consider L1-minimization or U-net based reconstruction combined with either known motion, no
motion-correction or motion estimated with MotionTTT or alternating optimization. Error bars are
the standard deviation over test examples and randomly sampled motion trajectories.

Figure 5: Reconstructions and difference images for simulated motion of severity level 5 for all
methods in Figure 4.

over the test set and over two independently sampled motion trajectories per example. Figure 5 and
Appendix E.1.1 contain example reconstructions. For both small and large motion severities, the

PSNRs for reconstruction with known and estimated motion parameters is the same for MotionTTT,

indicating that the motion parameters are estimated very well. Reconstruction results for the motion

parameters itself are in Appendix E.1.1.

For AltOpt this is only true for small motion severities, for large ones MotionTTT signi cantly
outperforms AltOpt. In additionyiotionTTTis about 6x faster thaAltOpt for this problem, see
Appendix E.1.2.

The performance dE2E stacked U-ndies signi cantly below the performance of methods that obtain

a reconstruction based on explicitly estimating motion MkationTTTor AltOpt. With increasing
motion severity E2E methods suffer from the severe degradations in their network inputs, which can
not be resolved without knowledge of the motion resulting in overly smooth reconstructions.

For the results in Figure 4 we used the xed undersampling mask from Figure 1 (c) with acceleration
factor 4. In Appendix E.1.3 we additionally ablate over acceleration factors 2 and 8 showing robust
performance across acceleration factors and levels of motion severity.

Reconstruction module. Figure 4 shows that for no motion, U-net based reconstruction
(KnownMotion-U-net-DCLayé@routperforms L1-based reconstructidénpwnMotion-L}, as ex-
pected, but for larger levels of motion severity L1-based reconstruction performs slightly better. A
likely reason for this is a distribution shift, which is known to result in worse performance [8]: Ac-
quiring MRI measurements under motion typically leads to some parts of the k-space being sampled



more than once, while parts that would be sampled if there were no motion are not sampled. This
results in a change of effective undersampling mask and a motion-speci c increase of the effective
undersampling factor, which suggests why the reconstruction quality decays for all methods with
increasing levels of motion even if motion parameters are known. This problem, illustrated in Figure 2,
is well known [45, 12]. However, L1-based reconstruction is not as sensitive to changes in the mask
as the U-net based reconstruction, which is trained with a xed mask. Due to this distribution shift,
the performance of U-net might degrade stronger than for L1-based reconstruction.

Finally, we note that, comparinglotionTTT-L1and MotionTTT+Th-L1Figure 4 shows that for
strong motion, DC loss thresholding essentially closes the ggpdavnMotion-L1 This indicates

that the thresholding does not unnecessarily exclude motion states for moderate motion, but reliably
detects incorrectly estimated motion states for severe motion.

6.2 Simulated intra-shot motion experiments

Next, we study the performance of our method for intra-shot motion. As mentioned before, the model,
data, and baselines are the same as for the inter-shot experiments in Section 6.1.

Motion simulation. We again set the humber of shotsBo= 50. We use a random sampling
trajectory (Figure 1 (d)), where ti22 3 center is acquired rst and all other k-space lines are
acquired at a random order, and again assume the subject to be in zero-motion state at the rst shot.
We randomly selealN .=2e of the motion events to take place during the acquisition of one shot.
Intra-shot motion is simulated by assigning a distinct motion state to each of the 182 k-space lines
acquired during this shot such that the intra-shot motion trajectory connects the motion parameters
from the previous to the next shot, where start and end point as well as the presence of up to two
peaks due to over- and/or under-shooting within the intra-shot trajectory is randomized.

Choice of the parameterNgyjis.  As explained in Section 4, MotionTTT estimates intra-shot motion

by splitting motion states that exhibit a large DC loss after phase 1 of the optimization scheme into
N spiits Motion states. Since ground truth intra-shot motion is simulated with a distinct motion state
for each of the 182 k-space lines acquired during one shot, choosing the parbigater 182

results in a discretization error. On the other hand, chooNiggs large increases the dif culty

of the estimation problem because the number of k-space lines corresponding to one motion state,
decreases. We fourldspiis = 10, i.e., about 18 k-space lines per motion state, to be a good trade-off,
see Appendix E.2.1 for an ablation study.

Sampling order. The sampling order within a shot is crucial for the ability to estimate intra-shot
motion as estimating a motion state corresponding to a batch consisting of only high-frequency and
low-energy components is dif cult. In Appendix E.2.2 we ablate over different sampling orders and
nd that acquiring all k-space lines at a random order works well.

MotionTTT with intra-shot motion estimation improves performance over discarding mea-
surements corrupted by intra-shot motion. Figure 6 shows the reconstruction performance as

a function of motion severity, where half of the motion events exhibit intra-shot motion. Recall
that after phase 1 of the optimization scheme outlined in Section 4 MotionTTT converged to one
estimated motion state per shdtotionTTT-L1(Phase 1) is based on those motion states and hence
does not estimate intra-shot motion. Consequently, even for the lowest level of motion considered
here,MotionTTT+Th-L1(Phase 1) improves the performance as shots corrupted by intra-shot motion
are discarded during DC loss thresholding before reconstruction.

In contrastMotionTTT-L1(Phase 3) achieves on par performance WMttionTTT+Th-L1(Phase 3)
for moderate motion levels indicating that intra-shot motion has been estimated successfully so that
motion states are below the threshold we set for DC loss thresholding. Nevertheless, a performance
gap remains relative tinownMotion-L1 which results from the irreducible discretization error.

For severe motion the gap betwektotionTTT-L1(Phase 3) and/lotionTTT+Th-L1(Phase 3)
increases as more motion states are estimated incorrectly and have to be discarded. However,
MotionTTT with only Phase 1 continues to be outperformed indicating the bene t of performing
intra-shot motion estimation over discarding measurements corrupted by intra-shot motion.
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Figure 6: Reconstruction performance in PSNR as a function of the simulated motion severity de ned
as in Figure 4 only that here half of the motion events exfiittita-shot motion We consider L1-
minimization based on known motion, motion estimated with MotionTTT after phase 1 (no intra-shot
motion estimation) and after phase 3 (with intra-shot motion estimation) of the optimization scheme.
Error bars are the standard deviation over test examples and randomly sampled motion trajectories.

Figure 11 in Appendix E contains a qualitative comparison, where especially in the case without DC
loss thresholding the difference in reconstruction quality between phase 1 and 3 is clearly visible.
After thresholding the differences are less visible, however that depends on the amount of intra-shot
motion that we simulate as with more intra-shot motion the difference in undersampling factor
between discarding and estimating intra-shot motion becomes larger and differences more visible.

6.3 Experiments with real motion

We now apply MotionTTT to real motion data. We use pre-trained mbdélom Section 6.1, and
the implementation details are described in Appendix D.

Data. We acquired four scans from one subject. To obtain motion-free reference data, mildly
motion-corrupted, and strongly motion-corrupted data the subject was instructed to not move at all or
move 1-3 times at distinct time points during the acquisition. The performed motions include nodding,
head rotations, and either with or without returning to the original position. Sequence parameters
(see Appendix D.4) were chosen to match those in the Calgary Campinas Brain MRI Dataset [37] as
close as possible. Data was acquired with an undersampling factor of 4.94 and a random sampling
trajectory (similar to Figure 1 (d)) witB = 52 shots. The acquisition of one shot lasts 1.3s followed

by a pause of 1.6s resulting in a total scan duration of about 150s.

Results. We nd that MotionTTT achieves signi cantly improved visual reconstruction quality
compared to no mation-correction. Applying MotionTTT results in a signi cant reduction of motion
artifacts for both mild and strong motion (reconstructed images are in Appendix E.3).

7 Limitations and future work

In this paper, we proposed the rst deep-learning-based 3D rigid motion estimation method for 3D
MRI and have demonstrated that it is effective and computationally managable at estimating motion
and correcting for it.

As discussed in Section 6.1 our reconstruction module (Step 3) has room for improvement. We
currently use L1-minimization, but a deep-learning method, e.g., regularization with diffusion models
should yield further improvements.

Finally, the model used to perform MotionTTT can be improved in principle. Currently it is trained
on fully-sampled data, which is scarce especially for 3D at high resolutions. It might be possible to
train this module well with self-supervised training losses that require only undersampled data [44,
28, 20]. Moreover, as mentioned, there is a distribution shift in the mask and networks that work well
with such distribution shifts might yield improvements.
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A Computational aspects of simulating motion in the image or k-space

As mentioned in the Problem Statement Section 3, we simulate motion in the k-space rather than in
the image domain because it is computationally more ef cient if the number of motion btigtes
larger than the number of coi3. Here, we elaborate on this statement.

In our work the MRI forward model under motion is implemented with the NUFFT, which for each
shot in the sampling trajectory rst computes the rotated coordinates based on the k-space data and
the motion parameters of this shot. Then the k-space values at those coordinates for all shots can be
obtained from a single application of the NUFFT. This requires us to compute a single interpolated
version of the k-space data, which consist€efany 3D coil volumes, thu€-many interpolated
volumes need to be computed.

In contrast, simulating motion in the image domain required computing a transformed 3D image
volume for each motion state, which then is expanded to the coil dimension and transformed to
the k-space with the forward modd!). Hence b many interpolated volumes need to be computed.
As in our work the number of coil€ = 12 is smaller than the number of motion statei$ is
computationaly more ef cient to simulate motion in the k-space than in the image space.

B Proof of Theorem 1

In this appendix, we prove Theorem 1 from the theory Section 5. To prove the result, we upper
bound the loss for the correct motion paramete(sn ) and lower bound the lods(m) for all other
motion parametenn 6 m .

Assume without loss of generality that the ground-truth shift is equal to= 0. We have that
L(m)= KDmFrf(FrDny) YK

n 2
= DmFrUU "TF;DyDm Frx D Frx
2
i n T 2
= b—kDmFTUU FrDpFrx Frx ,
i Ne UUTE D, Frx DyFrx
bk T mPT mPT )
n 2
= a(FTUUTFTDmFTUc Dy Fruc ;
whereD is the Hermitian transpose of the matbx Here, equation i follows from the assumption
that the optimal motion parameters are zero, fdys = |, and equation ii follows from the entries

of D, having absolute value one, abd, D, = I.
We rst upper bound-(m ) = L(0). We have that

n 2
LO)= —FrtUUTF.FrUc FrUc
= P T T 2
b—kFTUU Fr | kFrUck]
n
b max(FTU) 1 kFr Uck’
0 r | 1 |
i bk g’
@ el A DK ¢
1+2 bk 1 . 1+2 = 2 (10)
iy Kk
3 334: (11)

bk n

For the last inequality, we used thdtbk  1=4 by assumption. According to Theorem 2.6

in Rudels(on and Vershynin ['33], the second to last inequality holds on the events|)
r ro_ ! r_ r_ !

bk d bk d
E = F 1 2 H( min (FT U) max(FT U) F 1+2

bk (12)
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and

B= kek, U P= (13)

with = P . Those events hold with the probabilities, for a# 0
P[E] 1 2e %2 (14)
P[E] 1 2 ¢ (15)

Next, we lower-bound. (m) for m 6 0. Leta be the number of individual motion parameters in the
vectorm that are non-equal to the true motion parameters= 0. We have

n a a 2
L(m)= FtU —~UTF;D,FtU 5l ¢t Fruy DnFrU ¢

bk
2
FTU% DyFrU ¢ FrU |kau FrD, FrU %I c
a T a 2
FrUp DnFrU ¢k FrUk a(U FrDnFrU oI ¢
FrU® D.FiU ¢ kFrUKR MUTE.D.FrU X ¢
T™Wp —m T 2 T bk T b 2
bkl 7bk n2
2
j1 a= b —— (1+ )—W(4b+ d)
bkl 2
2 _ + —_ + .
=i a2 X D ae )l ar ),

where the last |nequal|ty holds with probability at least e © +2d(d+ be °© *  3e “which
follows from the bounds

n, . T a 2 2 n? . c 2
P U FrDnFrU Ll ¢ (1+ ) igp @b+ d) e © +2d(d+ be
(16)
and " i 2#
a . . bk7
P FrUp DnFrU c , 1 a=h e % cd: (17)

Thus, we have with probability atleakt e ¢ +2d(d+ be ¢° 3e @ 4e  thatL(m) >

L(m )= L(0) if
r

bkl 7 bk 2 n? d bk
. 2 Rt o Rallaeh
il —t} 8T a+ )n 20 (4b+d) 12 bk 1 >0 (18)
which is equivalent to
r
2 2
i1 azli? > Z 1+ )— kr2]b2 (4b+ d) +24 bﬂkz (19)
By a union bound over all motion parameer f0;:::;n 1gnfm g(there aren® many), we
have that
X
P max L(m) L(m) P[L(m) L(m )]
mém
mém
n® e +2d(d+be ¢ 7e
eC+eC 7 cd cClog(n)b
provided that
ro__
7 blog(n) n? d
2 :
j1 a=h° > i blog(n) ———= peTe (4b+ d)+24 bk (20)

which concludes the proof. It remains to prove the intermediate results, which we do next.
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B.1 Lower bounding the rstterm, proof of equation (17):
Since the entries d ,, have absolute value one, aadb?2 [0; 1], we have
FTU% DnFrU ¢ k(1 a=hFrUck,
j 1 a:tjl’ min (FT U)I!«:kz |

. bk d

j1 a=f Y 1 bK 1 %
. bk7%

j1 a=l e

where the second to last inequality holds with probability at léasge ° according to equatior(d4)
and (15), and where we used tht 1=64andd L.

B.2 Lower-bounding the second term, proof of equatior(16)

DeneA = g U TF:D,FTU 21 for notational convenience. We have that

2 .2
2 n
P kAck, (1+ )WW(MH d)
2 2 n? 2 1 2
P KAK.  d—Zo (bt d) +P kACKS (1+ )kAK?
2 2

2 n > 1 1

P KAKE  d— 55 @b+ ) +P KACK KAk, SKAk:

e ¢ +2dd+be ¢’
where the last inequality follows from the Hanson-Wright inequality as well as from

2 2 ) )
P kAK? dFkgTﬁ("’m d  d2(1+Dbe ¢+ d%2e © (21)

We next prove the boun@1). We start with upper bounding the Frobenius norm of the métrix\Ve
split the squared Frobenius norm into a sum of the squared diagonal entries and squared off-diagonal
entries according to

2
KAKE = %UTFTDmFTU %I i
)(d n a 2 )@ )(d n 2
i=1 i=1 j6i
It follows that W #
2 2 n2 2 n 2 n 2 2
P kAkg dFW(4b+ d) P kAkz d % 1+ﬁ +d(d 1) Wb "
" #
X e M LD F as 1+ P i
—u; = — + —
- kbul TYm T Ui b pﬁ K b
xd xd n 2 n 2 2
+ P H)ui FTDmFT Uj H) F
i=1 j6i
d2(1+ be ¢+ d’e ¢ °:
The last inequality follows from
n a n c 2.
P H)ui F+DpFru; b EFﬁ 1+ ﬁ 2(1 + be : (22)
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and

2

P ju F+D,Frujj p= 3e © (23)
iTTYm J n

Bounding a diagonal entry, proof of inequality (22):  First, consider a diagonal element and let
Z- 2 R" " be the mask that selects the frequencies in th&setnd recall thaF 2 R" " is the
Fourier transform. With a slight abuse of notation, weDgt be the diagonal matrix that contains
the frequencies that matrix the Fourier matrix it is multiplied with, i.eDip F, the matrixD r,, is
then n diagonal matrix with entrieg?™=" :> =0;::::n 1, andinDFr, the matrixD , is
thejTj jTj diagonal matrix with entrieg2™=" ;" 2 T . For convenience, we drop the indiex
and writeu = u;. With this we have

n a a X n
— — = —+ — .
kbu FrD,Fru b b 5 kbu Fr.Dn.Fru
a X n
= ¢t . P F ZD, R
a X n k 1
= — + _ N — + —
b . B F z nI D, Fu 5 FD,FRu
B !
n X

(24)

ol

k X g
= — CVA ﬁl Dy o+ 6uFDm‘Fu

=1 =1

Here, the entries at = Fu 2 R" are iidCN(0; l:p n) distributed, since the DFT matrix has
orthonormal columns.

Thus, by a union bound

P MuFD,Fru % P 1+ P

kb
Wi kpkj # " | #
e N 2 K by NoP 4p A .
kb, noomY PR LBt PR
2 ¢+ e ¢ =201+ be ¢ (25)
where we used that, for all> 0,
" _#
X k pb c 2
P v Z ﬁ' Dt % 2e (26)
=1
and . | "
p o lirD Fu. a e ©° 27)
b m: b Pn

=1

This concludes the proof of inequality (22). It remains to proof equations (26) and (27).
Proof of equation (26). Note that

K X i2 mi=n

b Zp ﬁ' Dyt = H; th €
i=1

Zp,

.- (28)

Sincezy; % is a sub-Gaussian zero mean random variable a concentration inequality for sub-
Gaussians yields

c(=Pm2

k oa=Pm2
P ow Zy —I Dyw p=  2¢ 0 3 ¢’ (29)
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. . . P
Here, we used that t is the entrywise product, and the random varidete ukg = in:l (& t)?
concentrates around its expectatith 4 = n3=n? = 3=n.

Thus we have shown that the random varialdes o Z- %I D ,u (conditioned ort) are
sub-Gaussian. The random variables are also zero-mean and independent (if conditishexhdn
thus by concentration of sub-Gaussian random variables we get
" #
X K 1 P .
P g Z- —| Dt EFH b 2e

2

This concludes the proof of equation (26).

Proof of equation (27). Next, consider the random variahleF D, Fu = & D, t in equa-

tion (24). If m- =0, i.e., there is no shift, we hau&y = |, and thus the random variable becomes

& t which is a sum of sub-exponential random variables and concentrates drdunthsem- is an
integer non-equal to zero, we have tbaF D, Fu = uTup., whereuy,. is a vector circularly
shifted bym-. We can writeu™ u,,. as two sums of independent Gaussians, to see this consider the
casem- =1 and note that for this case we have

uTum. :(1u1u2+ lng4+ :::;+(1u2u3+ l{J§U5+ :::g:
Sl SZ

By the union bound and by Hoeffding's inequality, we get that

Pulunm. 2="n P S, “Pap S, =n 2°": (30)

Bounding an off-diagonal element, proof of inequality(23). Now consider an off-diagonal
elementy; D, & . Sincet; andu; are independent and the entries have zero mean and vafrance
this is a sum of Gaussian random variables with varidmae Thus, by sub-Gaussian concentration
or Hoeffding's inequality, we have that

c 2
2

P itiDpty] Pz 3¢ Fnuk=2ec (31)
where we used th&D ., t kg = Kt ki concentrates arourid

B.3 Comment on Equation(7):
In the main body, we stated Equation (7), i.e.,
f(Fry) x; (32)

whereT = Ty [ :::[T pis the set of all measurements collected.

To see that this approximation is accurate, note that for the noiseless case with a known shift, where
y = Dy Uc the network approximately reconstructs the signal since

f(DmF1)’y)=f(FtDpny) (33)
=UUTF;D,DnFtUc (34)

= UUTF;FrUc (35)

Uc = x; (36)

where the rst equality follows because the matihx, F has orthonormal rows, and the approxima-
tion holds sinc&J T F; Fr U concentrates aroung if U is a random subspace, and if the number
of measurementq, is suf ciently large relative to the dimension of the subspate,
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C Ablation Study on Pre-training Loss

In Section 4, we stated that using a training loss that consists of the two losses, one computed in
the image domain and one in the measurement domain, is bene cial over using only a loss in the

measurement domain. In this section, we conduct the corresponding ablation study. We evaluate three
distinct loss functions: image domain loss, k-space loss, and a combined loss. The image domain
loss is as follows:

X
Lrain( ) = f(AYyi) J xij =kxiky; (37)
i=1

and the k-space loss is

X
Ltrain( ) = FEf (A yyi) FEX l:kFEX ikl: (38)
i=1

To compare which of two loss functions or the combination of them is best, we trained three U-Net
models with each loss function. All models were trained under identical settings, as detailed in
Appendix D, with the exception that the model trained with magnitude loss had a single output layer
representing the magnitude of the MRI image.

We evaluate the performance of the models in terms of their reconstruction quality as well as as a
component of MotionTTT. First, we measure the reconstruction quality on motion free data. Second,
we apply the U-Net within th&lotionTTT-Th-L¥ramework on data with interleaved inter-shot motion

at severity level 9, following the same setup as described in Section 6.1. Due to the requirement for a
complex-valued U-Net in the MotionTTT framework, the magnitude-only U-Net can not be used
within MotionTTT. The results are presented in the table below and show that the combined loss
function provides the best performance for both motion-free reconstructions and when used within
the MotionTTT-Th-Llframework for correcting motion-corrupted data.

U-Net Training Loss Image Domain Loss k-space Los§ Combined Loss
Motion-free PSNR 36.64 36.59 36.73
MotionTTT-Th-L1(Severity 9) PSNR|  Not Applicable 35.23261 35.23587

D Hyperparameter con gurations and implementation details

In this section we provide additional information for the experiments presented in Section 6 including
hyperparameter con gurations and implementation details for our proposed MotionTTT and the
baselines alternating optimization and E2E stacked U-net and the MRI sequence parameters used to
acquire the data for our real motion experiments.

D.1 MotionTTT - Implementation details

In this section we discuss implementation details for the three components of MotionTTT pre-training,
test-time-training for motion estimation and reconstruction together with some computational aspects.

D.1.1 Pre-training

We train the standard U-net from the fastMRI repository [46] (MIT license) with 48 channels in the
rst layer and 4 blocks in the down-/up-sampling part resulting in 17.5M network parameters. The
real and imaginary parts of the complex valued input and output images are processed in two network
channels. We train for 240 step with the Adam optimizer with learning rate 0.001 which is decayed
once by a factor of 10 after 200 steps. In every step one of the 40 training volumes is loaded and
ineach plane, ry,ry r;andry r, 20 random slices are backpropagated in three separate
batches, i.e., 3 gradient steps per step. The model was trained for 17h on a Nvidia RTX A6000 GPU.

Throughout (pretraining and test-time-training) the sensitivity maps for the experiments with simu-
lated motion are compute fro@% 24 24 auto-calibration lines of the originally fully-sampled
motion-free k-space using ESPIRIT [41] with the BART toolbox.
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D.1.2 Test-time-training for motion estimation

To perform motion parameter estimation as outlined in Section 4 we use gradient based optimization
with the Adam [19] optimizer. Phase 1 runs for 70 iterations with an initial learning rate of 4.0, which

is decayed twice by a factor of 4 at iterations 40 and 60. The DC loss threshold used to determine
incorrectly estimated motion states after phase 1 is set to 0.575. If no motion states fall above the
threshold, the optimization continues for another 30 iterations with one additional learning rate decay
after 10 iterations. If motion states fall above the threshold, phase 2 runs for 30 iterations with a
learning rate of 0.5. Finally, phase 3 runs for another 30 iterations with a leraning rate of 0.05.

For severe motion we found that optimizing only over rotation parameters for the rst few steps facili-
tates their correct estimation. To avoid single motion parameters to get stuck at a large value early dur-
ing the optimization we clamp the estimated motion parameters at [5,8,10,12,15] degrees/millimeters
for steps smaller than [15,30,45,60,150].

We useTorchKbNufft (MIT license), an implementation of the NUFFT from Muckley et al. [29] and

use the option for density compensation based on the method of Pipe [31] when applying the adjoint
NUFFT. To allow differentiation with respect to the input coordinates we build on the extension
Bindings-NUFFT-pytorch from Alban Gossard (MIT license).

D.1.3 Computational aspects

We run MotionTTT on a Nvidia L40 GPU with 46GB memory or on a Nvidia A100 GPU with 80GB
memory. Within our implementation there are three hyperparameters that control the required GPU
memory. Recall that in every iteration of MotionTTT the entire 3D volume is reconstructed slice-wise.
However, gradients are only computed for a subset of randomly selected slices of size 5 as described
in Section 4. The size of this subset is the rst hyperparameter that we can control.

The second parameter is the batch size of the NUFFT. As described in Appendix A the NUFFT is
applied for each of th€ coils. TheTorchKbNufft package allows batch wise computation at the
cost of increased GPU memory utilization.

As in our 3D setup we have to deal with a lot more motion steées 60) than previous work that
studied the 2D setup, we implemented a third option to reduce GPU memory consumption. To this
end, we split the estimated motion states into two batches of size of, e.g., 25 each and backpropagate
the gradients subsequently before performing a single optimizer step that updates the estimated
motion states.

Note that hyperparameters batch size of NUFFT and of motion states per backpropagation only
affect the run time but do not change the optimization problem, where the cost of the latter could be
compensated by increasing the number of GPUs accordingly. Hence, at the cost of prolonged run
times or a larger GPU cluster MotionTTT can be applied with any number of motion states. With our
hardware and for ou€ = 12-many coils we could use a NUFFT batch size of 12 (4) and a batch of

50 (25) motion states for backpropagation in case of the A100 (L40) GPU.

D.1.4 Reconstruction

We perform DC loss thresholding for excluding the k-space data acquired duringttishot from
the reconstruction based on its estimated motion shatand the DC los¢5) L rrr(rhj) > witha
threshold of =0:575

We perform L1-minimization with wavelet regularization based on the estimated motion parameters.
We run 50 steps with SGD and a learning rat&of 10’ and regularization weight = 10 3.

The U-Net reconstruction given the true motion paramefgrawnMotion-U-net-DCLayefrom
Figure 4, is obtained by ne-tuning a DCLayer as proposed in Chen et al. [4]. If the U-Net
reconstruction ixypnet = fo AY(T; )y , then the reconstruction of the DCLayer is:

KA (T ; rh)x ykl+ kKX Xuy-NetKy

R =argmin
am kyky KX y-NetKy

In the experiments, we set= 0:1. The choice of learning rate and number of steps is critical for
optimizing the DCLayer. After a grid searching, we identi ed the optimal learning rate and steps for
various severity levels, which are summarized in the following table:
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Severity Level 0,1 2,3,4,5 6,7 8,9
LearningRate] 1 100 [ 1 100 |1 100 |5 100
Steps 20 50 100 50

D.1.5 Hyperparameters for real motion experiments

For applying MotionTTT to the real motion-corrupted data in Section 6.3 we use the same hyper-
parameter con guration as described above up to choosing a slightly smaller initial learning rate
of 1.0 during phase 1 to explore the space of motion parameters more slowly and set the threshold
parameter to 0.70 due to a generally higher DC loss level of the scanner data compared to the data
used for the simulation.

For obtaining the nal reconstruction with L1-minimization based on the motion parameters estimated
with MotionTTT we set the hyperparameters learning ratéao® and regularization weight to
=3 10 8.

D.2 Alternating optimization - Implementation details

To perform alternating optimization as described in Section 6.1 we run SGD with a learning rate of

5 10’ and regularization weight = 10 # during the reconstruction steps and a learning rate of

5 10 ! during the motion estimation step. In both steps the loss is the MSE between predicted
and given measurement. The optimization process is capped at 500 iterations, but it terminates early
if the reconstruction loss falls below the thresholdbf.

After alternating optimization we perform L1-minimization from scratch based on the estimated
motion parameters. We run 50 steps with SGD and a learning rd&te df0’ and regularization
weight =10 3.

D.3 EZ2E stacked U-net - Implementation details

We train the stacked U-net with self-assisted priors proposed in Al-Masni et al. [1] as an example
from the class of methods for end-to-end motion correction for 3D MRI. Their method consists of a
stack of two U-nets that are trained to map the absolute value of a zero- lled (ZF) reconstruction
of the motion corrupted and undersampled measurement to the absolute value of the motion-free
image enabling end-to-end motion correction with a single forward pass through the network. The
network operates slice-wise however neighboring slices are provided as context at the network input
to account for the 3D nature of the problem.

We train the E2E stacked U-net on the same dataset and in a similar way as we trained the U-net
on motion-free data in Section D.1.1. In every step one of the 40 3D training volumes is loaded
from which the fully sampled target volume is computed as well as three different input volumes -
the motion-free undersampled ZF reconstruction and two different motion-corrupted undersampling
ZF reconstructions generated with the inter-shot motion simulation described in Section 6.1 with a
random level of motion severity and a xed motion severity of level 1 respectively. For each training
example and level of motion severity a xed set of three different motion trajectories is considered
during training.

We include the task of motion-free and motion severity of level 1 reconstruction in every training
step to ensure that the model does not loose too much performance when reconstructing motion-free
data compared to a model trained only for motion-free reconstruction and to bias the model towards
performing well for very mild motion artifacts as it is the regime in which end-to-end methods can
still provide reasonably good results, whereas for severe motion the reconstruction results are far
from a potential use for medical diagnosis. See Figure 7 for examples of mild and very severe motion.

For each of the three degraded volumes 20 random slices are selected in each plagery,  r,

andry r, resultingin3 3 20 = 180 pairs of undersampled and potentially motion corrupted
training inputs and motion-free fully-sampled training targets per training step. As we train with a
batch size of 20, network parameters are updated 9 times per training stép a8d 360 times

per epoch.
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We train the model for 230 epochs with the L1 loss from equatit) and the Adam optimizer with
alearning rate 08 10 # which is decayed twice by a factor of 10 at epochs 200 and 220 and pick
the model from the epoch with the highest reconstruction PSNR for motion-free reconstruction on
the validation set.

We adopt the network design from Al-Masni et al. [1], where we set the humber of channels in rst
layer of both U-nets to 64 resulting in a total of 15.9M network parameters. We used instance norm
instead of batch norm in our network as we found it to give more stable results across levels of motion
severity.

The nal motion-corrected reconstructions are obtained by reconstructing the 3D volume slice-wise
inthe axialry,  ry plane. Before the PSNR scores shown in Figure 4 are computed the reconstruction
is aligned with the motion-free reference volume.

D.4 MRI sequence parameters for real motion experiments

In this section we provide additional information regarding the acquisition of our own data used in
Section 6.3. This study was exempt from Institutional Review Board (IRB), but potential risks were
disclosed to the subject and experiments were conducted with informed consent. Data was acquired
on a Ingenia Elition 3.0T X scanner (Philips Healthcare, Best, The Netherlands) using the standard
16-channel dStream HeadSpine coil array, wi@re 13 channels were used during acquisition. We
perform 3D T1-weighted Ultra-fast Gradient-echo (TFE) imaging with a 1mm isotropic resolution
and a matrix-size ofx  ky, Kk, =222 236 512 anundersampling factor of 4.94 and a linear
sampling trajectory illustrated in Figure 1 (d). We subsample the data by a factor of two along the
fully-sampled frequency encoding dimensionto obtain a similar eld of view as in our training

data withk, = 256. In one shot 204 lines in the k-space are acquired resulting in a total number of
52 shots. See Table 1 for an overview of all sequence parameters.

Table 1: Sequence parameters used in the real motion experiments.

Parameter Value
Sequence 3D T1-TFE
Flip angle (deg) 8

TR (ms) 6.7

TE (ms) 3.0 (shortest)
TFE prepulse / delay (ms) non-selective invert / 1060 ms
Min. Tl delay (ms) 707

TFE factor 204

TFE shots 52

TFE dur. shot/ acq (ms) 174211347
Shot interval (ms) 3000
Sampling Cartesian
Under-sampling factor 4.94
Half-scan factor Y / Z 1/0.85
Number of auto-calibration lines 37

Pro le order random

FOV (FH x AP x RL, mm) 256 x 221 x 170
Acquisition matrix 256 x 221
Fold-over direction AP

Fat shift direction F

Water-fat shift (pixels) 1.6

E Additional experimental results

In this section we provide additional ablation studies and further qualitative examples to complement
the experimental results presented in Sections 6.1, 6.2, and 6.3 on simulated inter-/intra-shot motion
and real-motion respectively.
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