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Abstract
Deep neural networks have enabled improved image quality and fast inference times for various
inverse problems, including accelerated magnetic resonance imaging (MRI) reconstruction. However,
such models require a large number of fully-sampled ground truth datasets, which are difficult to
curate, and are sensitive to distribution drifts. In this work, we propose applying physics-driven data
augmentations for consistency training that leverage our domain knowledge of the forward MRI data
acquisition process and MRI physics to achieve improved label efficiency and robustness to clinically-
relevant distribution drifts. Our approach, termed VORTEX, (1) demonstrates strong improvements
over supervised baselines with and without data augmentation in robustness to signal-to-noise ratio
change and motion corruption in data-limited regimes; (2) considerably outperforms state-of-the-
art purely image-based data augmentation techniques and self-supervised reconstruction methods
on both in-distribution and out-of-distribution data; and (3) enables composing heterogeneous
image-based and physics-driven data augmentations.
Keywords: MRI reconstruction, inverse problems, distribution shift, robustness, label-efficiency

1. Introduction

Magnetic resonance imaging (MRI) is a powerful diagnostic imaging technique; however, acquiring
clinical MRI data typically requires long scan durations (30+ minutes). To reduce these durations,
MRI data acquisition can be accelerated by undersampling the requisite spatial frequency mea-
surements, referred to as k-space data. Reconstructing images without aliasing artifacts from such
undersampled k-space measurements is ill-posed in the Hadamard sense (Hadamard, 1902). To
address this challenge, previous methods utilized underlying image priors to constrain the optimiza-
tion, most notably by enforcing sparsity in a transformation domain, in a process called compressed
sensing (CS) (Lustig et al., 2008). However, CS methods provide limited acceleration and require
long reconstruction times and parameter-specific tuning (Lustig et al., 2007; Akasaka et al., 2016).

Deep learning (DL) based accelerated MRI reconstruction methods have recently enabled higher
acceleration factors than traditional methods, with fast reconstruction times and improved image
quality (Hammernik et al., 2018). However, these approaches rely on large amounts of paired under-
sampled and fully-sampled reference data for training, which is often costly or simply impossible to
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DESAI GUNEL OZTURKLER BEG VASANAWALA HARGREAVESRÉ PAULY CHAUDHARI

Figure 1: VORTEX, a semi-supervised consistency training framework for robust accelerated MRI
reconstruction, enforces invariance to physics-driven and equivariance to image-based
data augmentations, and supports curriculum learning and composing augmentations.

acquire. State-of-the-art reconstruction methods use large fully-sampled (supervised) datasets, with
only a handful of methods leveraging prospectively undersampled (unsupervised) data (Chaudhari
et al., 2020) or using image-based data augmentation schemes (Fabian et al., 2021) to mitigate
data paucity. These DL-based MR reconstruction methods are also highly sensitive to clinically-
relevant distribution drifts, such as scanner-induced drifts, patient-induced artifacts, and forward
model changes (Darestani et al., 2021). Despite being a critical need, sensitivity to distribution
drifts remains largely unexplored, with only a few studies that have studied simple forward model
alterations such as undersampling mask changes at inference time (Gilton et al., 2021).

In this work, we leverage domain knowledge of the forward MRI data acquisition model and MRI
physics throughphysics-driven, acquisition-baseddata augmentations for consistency training to
build label-ef�cient networks that are robust to clinically-relevant distribution drifts such as signal-to-
noise ratio (SNR) changes and motion artifacts. Our proposal builds on the Noise2Recon framework
that conducts joint reconstruction for supervised scans and denoising for unsupervised scans (De-
sai et al., 2021a) by extending the original consistency denoising objective to a generalized data
augmentation pipeline. Speci�cally, we propose a semi-supervised consistency training framework,
termed VORTEX, that uses a data augmentation pipeline to enforce invariance to physics-driven
data augmentations of noise and motion, and equivariance to image-based data augmentations of
�ipping, scaling, rotation, translation, and shearing (Fig. 1). VORTEX supports curriculum learning
based on the dif�culty of physics-driven augmentations and composing heterogeneous augmentations.
We demonstrate this generalized consistency paradigm increases robustness to varying test-time
perturbations without decreasing the reconstruction performance on non-perturbed, in-distribution
data. We also show that VORTEX outperforms both state-of-the-art self-supervised training strategy
SSDU (Yaman et al., 2020) and data augmentation scheme MRAugment (Fabian et al., 2021), which
solely relies on image-based data augmentations. Unlike MRAugment, which requires preservation
of training data noise statistics, VORTEX can operate on a broader family of MRI physics-based
augmentations without noise statistics constraints.

Our contributions are the following: (1) We propose VORTEX, a semi-supervised consistency
training framework for accelerated MRI reconstruction that enables composing image-based data
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augmentations withphysics-drivendata augmentations. VORTEX leverages domain knowledge of
MRI physics and the MRI data acquisition forward model to improve label-ef�ciency and robustness.
(2) We demonstrate strong improvements over supervised and self-supervised baselines in robustness
to clinically-relevant distribution drifts of scanner-induced SNR change and patient-induced motion
artifacts. Notably, we obtain +0.106 structural similarity (SSIM) and +5.3dB complex PSNR
(cPSNR) improvement over supervised baselines on heavily motion-corrupted scans in label-scarce
regimes. (3) We outperform MRAugment, a state-of-the-art purely image-based data augmentation
technique for MRI reconstruction. We achieve improvements of +0.061 SSIM and +0.2dB cPSNR
on in-distribution data, +0.089 SSIM and +2.5dB cPSNR on noise-corrupted data, and +0.125 SSIM
and +7.8dB cPSNR on motion-corrupted data. (4) We conduct ablations comparing image space
and latent space consistency and designing curricula for data augmentation dif�culty. Our code and
experiments are publicly available1.

2. Related Work

Supervised accelerated MRI reconstruction methods (Adler andÖktem, 2018; Aggarwal et al., 2018;
Sandino et al., 2020) rely on a large corpus of fully-sampled scans. Although lagging in performance
to supervised techniques, several studies have leveraged unsupervised data including using generative
adversarial networks (Lei et al., 2020; Cole et al., 2020), self-supervised learning (Yaman et al.,
2020), and dictionary learning (Lahiri et al., 2021). Fabian et al. (2021) proposed image-based data
augmentations to reduce dependence on supervised training data. While Darestani et al. (2021)
demonstrated that both trained and untrained (Darestani and Heckel, 2021) reconstruction methods
exhibit sensitivity to adversarial perturbations and distribution drifts, no mitigation approaches
were discussed. Consistency training was initially proposed to build noise invariance in input data
(Miyato et al., 2018; Sajjadi et al., 2016; Clark et al., 2018) or hidden representations (Bachman
et al., 2014; Laine and Aila, 2016). Desai et al. (2021a) extended these methods to a consistency
training framework for joint MRI image reconstruction and denoising, where additive noise was
applied to undersampled k-space. Beyond noise-based consistency, Xie et al. (2020) showed that
semantics-preserving data augmentation consistency (RandAugment (Cubuk et al., 2020) for vision
tasks and back-translation for language tasks (Edunov et al., 2018)) led to signi�cant performance
boosts. Pawar et al. (2019) proposed a supervised DL method to map simulated motion-corrupted
scans to clean scans as a post-processing method after reconstruction. Liu et al. (2020) extended
iterative application of image denoisers as imaging priors (Romano et al., 2017) for general artifact
removal such as that of motion. Gan et al. (2021) extended this method by training the model
in the measurement domain without supervised data. However, these methods require multiple
measurements of the same object undergoing nonrigid deformations, which is clinically infeasible.
An extended discussion on related work in comparison to our work is available in Appendix B.

3. Background on Accelerated Multi-coil MRI Reconstruction

We consider the clinically-relevant case of accelerated multi-coil MRI acquisition where multiple
receiver coils are used to acquire spatially-localized undersampled k-space measurements modulated
by corresponding sensitivity maps (Pruessmann et al., 1999). The undersampling operation can be
represented by a binary mask
 that indexes acquired samples in k-space. The forward problem for
multi-coil accelerated MRI can be written asy = 
 F S x � + � = Ax � + � , wherey is the measured

1. https://github.com/ad12/meddlr
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Figure 2: Sample image-based, physics-driven (motion where� = 0 :2, noise where� = 0 :2), and
composed (image + physics) augmentations applied to a fully-sampled image.

signal in k-space,F is the discrete Fourier transform matrix,S is the receiver coil sensitivity maps,
x � is the ground-truth signal in image-space, and� is additive complex Gaussian noise.A = 
 F S
is the known forward operator during acquisition (see Appendix A for notation). Because this
problem is ill-posed (Hadamard, 1902), the underlying imagex � cannot be recovered uniquely
without regularization (e.g. sparsity in compressed sensing (Lustig et al., 2008)).

4. Methods

We propose VORTEX, a semi-supervised consistency training framework that integrates a generalized
data augmentation pipeline for accelerated MRI reconstruction (Fig. 1). We consider the setup
with datasetD that consists of (1) fully-sampled examples in k-spacey(s) with corresponding
supervised reference ground truth imagesx(s) , and (2) undersampled-only k-space examplesy(u) .
f � is the learned reconstruction model with the forward operatorA. A pixel-wise`1 supervised loss
L sup is computed for supervised examplesy(s) . Undersampled examplesy(u) are passed through
theAugmentation Pipeline(see§4.1). We consider the case where there are more unsupervised
examples than supervised examples, a common observation in clinical practice. LetTI denote the
set of invariant transformations consisting of physics-driven data augmentations such as additive
complex Gaussian noise and motion corruption (see§4.1.1). Similarly, letTE denote the equivariant
transformations that include image-based data augmentations such as �ipping, rotation, translation,
scaling, and shearing (see§4.1.2). We de�ne our use of the termsinvarianceandequivariance
and how these de�nitions motivate the structure of augmentations in Appendix C. A pixel-wise`1

consistency lossL cons is computed between the model reconstruction outputs of input undersampled
examples with and without augmentation. The overall training objective is the following:

L VORTEX =
X

i

kf � (ys
i ; A) � xs

i )k1 + � L cons

where L cons =

(
kf � (yu

i ; A) � f � (g(yu
i ); A)k1; if g 2 TI

kg(f � (yu
i ; A)) � f � (g(yu

i ); A)k1; if g 2 TE

4.1. Generalized Data Augmentation Pipeline for Consistency Training

Our augmentation pipeline enables composing state-of-the-art image-based data augmentations with
physics-driven data augmentations motivated by the MRI data acquisition forward model.

4.1.1. PHYSICS-DRIVEN DATA AUGMENTATIONS

Noise.As one of the most common MRI artifacts, practical MRI reconstruction methods should be
robust to SNR variations. We leverage noise for consistency training since it can be well modeled in
the MRI data acquisition forward model (Macovski, 1996). Speci�cally, we sample� from a range
R(� ) = [ � LN ; � HN ) whereLN (light noise) andHN (heavy noise) are chosen based on visual
inspections of clinical scans by a board-certi�ed clinical radiologist. We normalize each sampled�
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to the magnitude of the image to induce the same relative SNR changes across scans. We denote the
operation of adding noise to the k-space asgN , where the noise-augmented unsupervised example is
given bygN (y(u)

i ) = y(u)
i + � i . We provide an example of a noise-augmented scan in Fig. 2.

Motion. Rigid patient motion during MRI scans degrades image quality and causes ghosting artifacts,
which considerably affects the quality of images in pediatric or claustrophobic patients. While
navigator-based sequences that sample low-resolution motion can be used for motion correction, they
require custom sequences that often lead to increased acquisition time, reduced SNR, and complicated
reconstruction (Zaitsev et al., 2001). Many multi-shot MRI acquisitions sample data over multiple
shotswhere consecutive k-space lines are acquired in separate excitations (Anderson and Gore,
1994). Here, motion across every shot manifests as additional phase in k-space and as translation in
image space. Thus, one-dimensional translational motion artifacts across the phase dimension can be
modeled using random phase errors that alter odd and even lines of k-space separately. We leverage
motion for consistency training since we can precisely model rigid motion in k-space. We denote
the phase error due to motion fori th example bye� j� i that corresponds to a translational motion.
We sample two random numbers from the uniform distributionmo; me � U(� 1; 1) which is chosen
from a speci�ed rangeR(� ) = [ � LM ; � HM ) where� denotes the amplitude of the phase errors
andLM (light motion) andHM (heavy motion) are chosen based on visual inspections of clinical
scans by a board-certi�ed clinical radiologist. For a given k-space readoutkth , the phase error is:

� k
i =

(
��m o; if k is odd

��m e; if k is even

We denote the operation of adding motion to the k-space asgM , in which case the motion-augmented
unsupervised example is given bygM (y(u)

i ) = y(u)
i e� j� i (example scan shown in Fig. 2).

4.1.2. IMAGE-BASED DATA AUGMENTATIONS

In contrast to classi�cation problems where labels are invariant with respect to the augmentations,
data augmentations in the MR reconstruction task need to transform the target images and their
corresponding k-space and coil sensitivity measurements. Unlike physics-driven augmentations that
occur in k-space, image-based augmentations occur in the image domain. Since the training data
initially exists as k-space measurements, we transform it into the image domain using coil sensitivity
maps, and subsequently apply a cascade of the image-based data augmentations to both the image and
the sensitivity maps. Image-based data augmentations include pixel-preserving augmentations such
as �ipping, translation, arbitrary and 90 degree multiple rotations, translation, as well as isotropic
and anisotropic scaling. Using the augmented image and transformed sensitivity maps, we run the
forward operatorA to generate the corresponding undersampled k-space measurements.
Composing Augmentations.OurAugmentation Pipelineallows for composing different combina-
tions of physics-driven and image-based data augmentations, with example composed augmentations
shown in Fig. 2. It is important to note that composing multiple physics-driven augmentations
such as noise and motion corruption represents a real-world scenario as multiple artifacts can occur
simultaneously during MRI acquisition. Appendix C discusses augmentation composition in detail.

4.2. Augmentation Scheduling

We adopt curriculum learning (Hacohen and Weinshall, 2019) for physics-driven data augmentations,
where we seek to schedule thetask dif�culty. Dif�culty is denoted by� , the standard deviation of
the additive zero-mean complex-valued Gaussian noise, and� , the amplitude of the phase errors for
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Table 1: Average test results for in-distribution data and out-of-distribution data with heavy motion
(� =0.4) and heavy noise (� =0.4) perturbations. Physics augmentations are compositions of
noise and motion in theirheavytraining dif�culty con�gurations.

Perturbation None Motion (heavy) Noise (heavy)

Model SSIM cPSNR (dB) SSIM cPSNR (dB) SSIM cPSNR (dB)

Compressed Sensing 0.847 (0.011) 35.4 (0.4) 0.724 (0.090) 24.5 (1.4) 0.708 (0.014) 30.5 (0.2)
Supervised 0.798 (0.038) 35.8 (0.4) 0.706 (0.048) 27.0 (0.8) 0.807 (0.015) 32.2 (0.3)
MRAugment 0.811 (0.043) 36.2 (0.5) 0.660 (0.040) 24.0 (1.0) 0.742 (0.005) 30.8 (0.3)
SSDU 0.787 (0.026) 34.9 (0.4) 0.734 (0.009) 31.9 (1.7) 0.716 (0.023) 32.5 (0.3)
Aug (Physics) 0.789 (0.045) 35.7 (0.4) 0.739 (0.010) 31.9 (2.4) 0.739 (0.051) 33.4 (0.3)
Aug (Image+Physics) 0.785 (0.050) 36.1 (0.5) 0.742 (0.022)32.8 (2.4) 0.727 (0.051) 33.7 (0.4)
VORTEX (Image) 0.862 (0.030) 36.4 (0.3) 0.648 (0.080) 26.1 (0.7) 0.767 (0.016) 31.5 (0.2)
VORTEX (Physics) 0.872 (0.033) 36.4 (0.3) 0.785 (0.019) 31.8 (2.8) 0.817 (0.034) 33.9 (0.2)
VORTEX (Image+Physics) 0.861 (0.036) 36.4 (0.4) 0.777 (0.034) 31.1 (2.7)0.831 (0.023) 33.3 (0.1)

motion. Note that this is in contrast to the MRAugment scheduling strategy, which only schedules
the probabilityp of an augmentation. Concretely, for noise, we consider a time-varying range
R(� (t)) = [ � L ; � H (t)) , wheret indexes the iteration number during training. The upper-bound
� H (t) increases monotonically to ensure task dif�culty increases during training. We consider two
scheduling techniques� (t) such that� H (t) = � L + � (t)( � H � � L ): (1) Linear: � (t) = t=M , and
(2) Exponential: � (t) = 1� e� t=�

1� e� M=� , whereM is the number of epochs until which task dif�culty
increases and� is the time-constant for exponential scheduling. AfterM epochs, training proceeds
with constant upper bound� H . Scheduling for motion is the same where� is replaced with� , and
image-based data augmentations follow the scheduling strategy proposed in MRAugment as there is
no explicit sense of dif�culty for that family of data augmentations. Fig. 5 in Appendix E.2 shows
simulated� (t) for different curricula con�gurations.

5. Experiments

We evaluate our method using the publicly available mridata 3D fast-spin-echo (FSE) multi-coil knee
dataset (Ong et al., 2018). 3D MRI scans were decoded into a hybrid k-space (x � ky � kz) using the
1D orthogonal inverse Fourier transform along the readout directionx. All methods reconstructed 2D
ky � kz slices. Sensitivity maps were estimated for each slice using JSENSE (Ying and Sheng, 2007).
2D Poission Disc undersampling masks were used for training and evaluation.Ns training scans
were randomly selected to be fully-sampled (supervised) examples whileNu scans were used to
simulate undersampled-only scans. All methods used 2D U-Net network with a complex-`1 training
objective for both supervised and consistency losses. Appendix D discusses the experimental setup in
further detail, and Appendix F includes additional experiments across all methods on the 2D fastMRI
multi-coil brain dataset (Zbontar et al., 2018). Appendix E details ablation experiments comparing
latent space vs pixel-level consistency and variations in augmentation scheduling.

5.1. Robustness to Clinically Relevant Distribution Drifts

Unlike many other ML domains, the source of possible distribution drifts in accelerated MRI can
be well characterized and simulated based on domain knowledge of MRI physics. In this work,
we simulate SNR and motion corruptions, two common MRI artifacts, at inference time using
models described in§4.1.1. Speci�cally, we use� = 0 :2 for light noise,� = 0 :4 for heavy noise,
� = 0 :2 for light motion, and� = 0 :4 for heavy motion. In Table 1, we compare VORTEX's
performance for in-distribution and OOD data at 16x acceleration to supervised methods using
both physics-driven and the state-of-the-art image-based MRAugment augmentations, and to the
state-of-the-art self-supervised via data undersampling (SSDU) reconstruction method (Yaman et al.,
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Figure 3: Example reconstructions for simulated scans with heavy motion (top) and heavy noise
(bottom). Compressed sensing (CS),Supervised, MRAugment, SSDU, and Noise2Recon
amplify motion ghosting artifacts (blue arrow). While supervised training with motion aug-
mentations (Aug (Motion)) reduces these artifacts, it still suffers from artifacts (red arrow)
and extensive blurring.VORTEX (Motion)andVORTEX (Physics)(i.e. Motion+Noise)
suppress these artifacts. Methods without noise augmentations (CS,Supervised, MRAug-
ment, SSDU, Aug (Motion), VORTEX (Motion)) amplify image noise.VORTEX (Physics)
suppresses noise without over-blurring the image.

2020). We describe all baseline implementations in detail in Appendix D.2. We isolate the bene�ts
of consistency training with VORTEX from the utility of the augmentations(Aug)themselves by
separately comparing MRAugment (i.e.Aug (Image)), Aug (Physics), andAug (Image + Physics)
(details in Appendix D.3.1). In Table 2, we compare supervised baselines without and with the
physics-based augmentations to VORTEX at different OOD motion and noise levels at inference time.
We note that Noise2Recon is a specialized case of the VORTEX framework (i.eVORTEX (Noise))
where the Augmentation Pipeline only consists of noise augmentations. For the supervised training
with augmentation methods, augmentation is applied with probabilityp = 0 :2 during training for
noise, motion, and composition corresponding togN (gM (�)) . For enforcing consistency, we used
� = 0 :1 for L cons weighting for noise, motion, and composition that we refer to asPhysics. BothAug
(Motion) andVORTEX (Motion)models were trained withR(� ) = [0 :2; 0:5), and bothAug (Noise)
andVORTEX (Noise)models were trained withR(� ) = [0 :2; 0:5). Aug (Physics)andVORTEX
(Physics)setting also follow these ranges. We used a balanced data sampling approach where
unsupervised and supervised examples are sampled at a �xed ratio of 1:1 during training (Desai et al.,
2021a). All consistency training approaches used augmentation curricula with highest validation
cPSNR as described in§4.2. Results are shown with 5x more unsupervised slices than supervised
(1600 vs 320), which is a realistic clinical scenario. We show results for different accelerations,
training times and augmentation curricula in Appendices D and E.

5.2. VORTEX vs. Baseline Results

As shown in Table 1,VORTEX (Physics)demonstrated substantial improvements of +0.074 SSIM and
+0.6dB cPSNR over theSupervisedbaseline, +0.061 SSIM and +0.2dB cPSNR overMRAugment,
and +0.085 SSIM and +1.5dB cPSNR overSSDUfor in-distribution data. AsVORTEX (Image)also
considerably improves overSupervisedandMRAugment, a dominant mechanism of the bene�ts may
be attributed to the consistency training even for the in-distribution setting. For both heavy motion
and noise settings, including physics augmentations is vital for robust performance, asMRAugment,
SSDU, andVORTEX (Image)perform worse, even compared to theSupervisedbaseline. For heavy
motion, we show an improvement of +0.079 SSIM and +4.8dB cPSNR over theSupervisedand
+0.125 SSIM and +7.8dB cPSNR overMRAugmentwith VORTEX (Physics). Similarly, for heavy
noise, we show an improvement of +0.024 SSIM and +1.1dB cPSNR over the Supervised baseline
and +0.089 SSIM and +2.5dB cPSNR overMRAugmentwith VORTEX (Image + Physics). In
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