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ABSTRACT

In recent studies, deep learning has proved to be an im-
perative tool for accelerated MRI reconstruction. Despite its
superior performance and fast computational time, the perfor-
mance of existing deep-learning methods is highly dependent
on the amount of training data. However, it is challenging to
generate a large amount of fully sampled high-resolution k-
space data because MRI typically requires a longer scanning
time. To address this problem, we propose a novel extension
of interdependent self-cooperative learning (ISCL) for high-
resolution accelerated MRI reconstruction using only small
sets of unpaired k-space data. Adaptive instance normaliza-
tion layers (AdaIN) and affine transforms are used to reduce
training complexity, facilitating stable training with a small
dataset without paired (full and undersampled) MRI data. Our
sampling consistency loss improves the data consistency in
the MRI image domain by providing a constraint in the k-
space domain. We demonstrate that the proposed method can
reconstruct high-resolution MRI images from undersampled
k-space data without paired training data.

Index Terms— Accelerated MRI, Unsupervised Learn-
ing, Image Reconstruction

1. INTRODUCTION

Accelerated MRI reduces the imaging time by sparsely sam-
pling the k-space signal under the Nyquist rate; the full-
resolution MRI image is then reconstructed by solving a
constrained optimization problem using a numerical method
[1]. Recently, deep learning has been proved to be effec-
tive in reconstructing undersampled MRI images because of
its robustness, higher speed, and better reconstruction qual-
ity compared to conventional methods. Such methods are
mostly supervised, which means that matching pairs of full
and sparse k-space data should be provided. However, it is
not practical to acquire a vast amount of fully sampled MRI
data for supervised training of deep neural networks owing to
the nature of MRI, which suffers from slow acquisition time
and high cost. Several recent studies introduced unpaired and
unsupervised learning approaches for undersampled MRI
reconstruction [2, 3, 4]. However, these methods share
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common limitations: they must undergo a model adapta-
tion process after pre-training with paired data, or they must
require an abundant training dataset.

The core idea behind our method is to match two im-
age domains (full vs. undersampled MRI) in an unsuper-
vised manner using cycle-consistent generative adversarial
networks (CycleGANs) [5]. It is known that the vanilla ap-
plication of conventional CycleGAN in MRI reconstruction
yields subpar results [2] because of the frequently observed
problem of self-adversarial attacks [6] or hallucinations [7].
Our solution to this problem is to employ interdependent self-
cooperative learning (ISCL) [8] to effectively reduce the hal-
lucination artifacts of CycleGAN while reducing the model
size (about half of the original ISCL) and promoting faster
and more robust training by using only a single generator aug-
mented by adaptive instance normalization (AdaIN) [9] layers
and a single discriminator augmented by affine transforma-
tion [10]. AdaIN demonstrated outstanding performance in
image-style transfer by modifying the feature vector spaces
with a simple adjustment of the mean and variance of the fea-
ture map. The use of AdaIN enabled our proposed network
to be easily trained with less training data. In addition, a sam-
pling consistency loss in the k-space domain was employed in
our architecture to avoid the aliasing artifacts entailed in the
reconstruction of MRI data in the image domain. Experimen-
tal results showed that the proposed method outperformed the
conventional CycleGAN and ISCL and illustrated promising
reconstruction image quality.

2. METHOD

2.1. Background: ISCL

As reported in previous studies [6, 7], only the cycle-consistency
constraint disturbs the performance of generative model-
based unpaired image translation tasks. ISCL successfully
demonstrated that CycleGAN with self-residual learning
prevents performance degradation possibly caused by a self-
adversarial attack [6] or hallucination [7]. The ISCL consists
of two generators (F : X → Y, G : Y → X), two discrimi-
nators (DX : X → [0, 1], DY : Y → [0, 1]), and an extractor
(H : X → M ) with novel losses (i.e., nested cycle consis-
tency, discriminator boosting, and noise-consistency losses),



Fig. 1. Overview of the proposed framework. The network consists of a generator G with its AdaIN code generator A,
a discriminator D with the affine transformation layers, and the noise extractor H . X,Y,N are the domains of sub-sampled
images, fully sampled images, and noise, respectively. Note that G and D are shown twice in the figure for explanation purposes
only.

where X is the domain of the target observations, Y is the
domain of the ground truth, and M is the domain of a resid-
ual map (e.g., signal-dependent noise and signal-independent
noise). As reported in ISCL, self-cooperative learning with
five networks is sensitive to the choice of hyper-parameters;
therefore, several generalization methods are required to
make the training stable and robust. In this study, we in-
tegrate two generators (F and G) and two discriminators
(DX and DY ) into one generator and one discriminator us-
ing adaptive instance normalization and affine transformation
inspired by [11, 12], respectively.

2.2. Proposed Network Architecture

Fig.1 shows the overall network structure. Generator G
operates with AdaIN code generator A, shifting the do-
main between X and Y as follows: G(X, zx) : X → Y ,
G(Y,A(z)) : Y → X . Extractor H learns the noise of the
sub-sampled target, which is used as the input of D and G
by making the pseudo-labels of X and Y . Discriminator D
is combined with the affine transformation and distinguishes
fake and real in the X and Y domains.

2.2.1. Generator and Discriminator

We simplified the five networks in the original ISCL into three
efficient networks to encourage stable training. One way to
reduce training complexity is to merge two generators into
a single generator using AdaIN layers. In previous work on
several switchable CycleGANs [11, 13, 14], the use of AdaIN
was proven to be a powerful tool to make meaningful trans-
port between two domains by simply adjusting the mean and

variance in the feature vector space using normalization lay-
ers. In our method, a single generator G with the attachment
of AdaIN code generator A functioned as the original F and
G in the ISCL architecture. The AdaIN code generator A is
activated only for transporting fully sampled images to sub-
sampled images; therefore, A is not required in the inference
stage. The architecture of the AdaIN code generator is illus-
trated in Fig.1. When the generator is used for reconstructing
the subsampled images, the AdaIN layer is constant, with the
mean and variance set to values of zero and one, respectively.
Conversely, the subsampling generator uses the output of the
code generator A as the mean and variance of the AdaIN
layer. The input to A is z, which is a random vector from
a normal distribution. Z is a 1× 64-sized random vector, and
the outputs of A are the five optimized means and variances.
To generate a more diverse sub-sampled output, the input z is
not constant, and new random normal noise multiplied by 0.1
is added in every epoch through the random vector generator.

Similarly, two discriminators are simplified into a dis-
criminator network using the affine transform x = γ ∗ x+ β.
The discriminator has additional trainable variables γ and
β for each layer, which are activated only when the input
domain is Y . γ is initially set to one, and β is set to zero with
a size of [1,1,1,number of channels].

2.2.2. Sampling Consistency Loss

Mapping a subsampled image to its fully sampled image can
be challenging because of missing information. In an ex-
treme case, an adversarial loss can map subsampled data into
any existing fully reconstructed image [15]. We introduce a
data consistency term to the k-space domain to assist with
the appropriate mapping between the two data sources. The



idea of sampling consistency loss originates from the fact that
the subsampled data are generated by filling the masked part
of the k-space data with zero. Accordingly, the unmasked
part of the k-space data must be preserved during the domain
shift. Specifically, the subsampled data xi and domain-shifted
fully sampled data G(xi) should be identical in the unmasked
k-space domain. Therefore, our sampling loss term Lsamp

minimizes the difference between the undersampled images
xi and the reconstructed images G(xi) that undergo the sub-
sampling operation RF , as follows:

Lsamp(G) = Ex∼X ∥(RF(x)−RF(G(x, zx)))∥1
+Ey∼Y ,z∼N (0 ,ε) ∥(RF(y)−RF(G(y,A(z)))∥1

(1)

where R and F are the masking operation and the Fourier
transform, respectively.

2.2.3. Model Training

Three functions, G,D, and H , are trained interdependently
by updating the loss functions Lgen, Ldisc, Lself alternatively
(i.e., updating one while the remaining two are fixed). For the
generator G, the loss function Lgen is composed of LSGAN
loss(LG) [16], cycle-consistency loss(Lcycle) [5], bypass loss
(Lbypass), and the sampling loss (Lsamp):

Lcycle(G) = Ex∼X ∥x −G(G(x , zx ),A(z ))∥1
+Ey∼Y ∥y −G(G(y ,A(z )), zx )∥1

(2)

Lbypass(G,H) = Ex∼X ∥(G(x , zx )− (x −H (x ))∥1
+Ex∼X,y∼Y ∥y −G(y +H (x ), zx )∥1

(3)

The discriminator loss Ldisc consists of the LSGAN loss
(LD) [16] and boosting loss (Lbst). The details of Lbst are as
follows:

Lbst(H,D) = Ex∼X

[
(D(x−H(x)))2

]
+Ex∼X,y∼Y

[
(D(y +H(x)))2

] (4)

The extractor loss Lself is composed of the pseudo loss
(Lpseudo) and noise consistency loss (Lnc), as shown below:

Lpseudo(G,H) = Ex∼X ∥H (x )− (x −G(x , zx )∥1 (5)

Lnc(G,H) = Ey∼Y,z∼N (0,ε) ∥G(y ,A(z ))− y −H (G(y ,A(z )))∥1
(6)

3. EXPERIMENT

3.1. Dataset

In this study, we used the IXI database1 (brain dataset) and
the fastMRI [17] challenge dataset to assess the performance
of our method. For the IXI brain dataset, we selected 200 im-
ages that we divided into two groups: 150 images for training

1http://brain-development.org/ixi-dataset/

and 50 images for testing. The resolution of the images was
256×256. To prepare the unpaired training data, the first half
of the 150 images (i.e., 75 images) was used as the fully sam-
pled images, and the latter half was used as the sub-sampled
images. For subsampling, we adopted 2D Cartesian random
sampling with an acceleration rate of 4 and a center fraction of
0.08 or an acceleration rate of 6 and a center fraction of 0.06.
We conducted four-fold cross-validation for the evaluation.

For the fastMRI dataset, 3500 slices were extracted from
the single-coil validation set; 1500 sets of undersampled and
fully sampled images were used for training, and the remain-
ing 500 images were used for testing. We conducted five-fold
cross-validation for the evaluation. Undersampled data were
generated using 1D Cartesian uniform random sampling with
an acceleration rate of 4 and a center fraction of 0.008.

3.2. Quantitative Metrics

For the evaluation, we used the peak signal-to-noise ra-
tio (PSNR), structural similarity index metric (SSIM), and
learned perceptual image patch similarity (LPIPS) [18].
These metrics imply better results when PNSR and SSIM
are higher and LPIPS is lower.

3.3. Training Details

The default hyperparameters were taken from the ISCL au-
thor’s code 2, and the additional weight of the sampling loss
was set to 1. We used the RAdam optimizer for the genera-
tor, discriminator, and extractor. Generalization was used for
each optimization; the generator used SWA generalization,
and the discriminator and extractor used lookahead general-
ization. The network was trained for 50 epochs with a batch
size of 1. For supervised learning, we used the same structure
as that of the proposed generator in Fig. 1 without AdaIN lay-
ers. A comparison with the proposed method was performed
for 50 epochs, and the same parameters were used in the pro-
posed method.

3.4. Experiment Results

Fig. 2 shows the reconstruction results of the IXI brain dataset
using various algorithms when the acceleration rate was 4 and
the center fraction was 0.08. The structures of the generator,
discriminator, and extractor in the conventional CycleGAN
and ISCL used in this experiment are the same as ours, ex-
cept for the AdaIN code generator and affine transformation
layers. Sampling loss was added to the ISCL to compare the
effectiveness of the sampling consistency loss. In the super-
vised method, paired training was performed using all train-
ing data in the proposed method. The reconstructed images
demonstrated that the conventional CycleGAN failed to re-
construct the input and showed many artifacts and corrupted

2https://github.com/leekanggeun/ISCL



Table 1. Quantitative comparison of different algorithms with
an ablation study.

PSNR (↑) SSIM (↑) LPIPS (↓)

IXI

x4

Input 19.2744 0.4547 0.3617
CycleGAN 24.7792 0.7941 0.0978

ISCL 26.8296 0.8527 0.0858
ISCL + sampling loss 27.3390 0.8563 0.0889

Proposed 27.4680 0.8615 0.0831
Supervised 28.9239 0.8854 0.1067

x6

Input 20.7125 0.5048 0.3105
CycleGAN 23.9114 0.7679 0.1035

ISCL 25.5770 0.8211 0.1016
ISCL + sampling loss 25.8426 0.8248 0.0976

Proposed 26.1560 0.8325 0.0949
Supervised 27.1525 0.8494 0.1168

fastMRI x4

Input 24.8012 0.6122 0.3279
CycleGAN 21.7135 0.3365 0.1495

ISCL 25.6968 0.6309 0.1350
ISCL + sampling loss 26.1445 0.6455 0.1367

Proposed 26.1797 0.6689 0.1090
Supervised 27.3270 0.6944 0.1570

areas. The ISCL alone also showed some distorted areas, es-
pecially on the border of the brain image, with some alias-
ing patterns. The adaptation of our sampling consistency loss
showed some improvement in the aliasing artifacts. Our re-
sults show the best quality compared to that of conventional
CycleGAN or ISCL.

Table 1 compares the quantitative evaluation of the recon-
struction accuracy of each method with that of an ablation
study (ISCL, ISCL + sampling loss, and ISCL + AdaIN +
affine transform + sampling loss (proposed)). The ablation
study shows that each of our ideas (using AdaIN, affine trans-
formation, and sampling loss) contributes to performance im-
provement. Our method outperformed the other CycleGAN
variant methods and achieved comparable performance to the
supervised method in terms of PSNR and SSIM. Note that our
LPIPS results surpassed those of the supervised method.

Fig. 2. Visual comparison of reconstruction errors in the re-
sult of the IXI brain dataset using different algorithms.

4. DISCUSSION

Unlike the conventional CycleGAN, ISCL (baseline of our
work) showed reasonable results in MRI reconstruction.
However, the large model size of the ISCL still impeded
fast and robust MRI reconstruction. Meanwhile, Our switch-
able ISCL could reduce the complexity while maintaining
the accurate domain shift with the assistance of our random
noise generator. In addition, our sampling loss could also
successfully handle the signal-dependent noise of the acceler-
ated MRI. As a result, our study obtained promising results in
single-coil data reconstruction. Based on these observations,
we expect to extend our work to multi-coil data in the future.

For further analysis of the contradictory results of worse
(low) PSNR but better (low) LPIPS in Table 1, we compared
such cases with the supervised method (Fig. 3). As shown in
the figure, our method is better at reconstructing the texture
details while the supervised method is better at capturing the
brightness or overall shape (low-frequency) of the object. We
believe this is because PSNR measures pixel-level similari-
ties [19] while LPIPS measures perceptual similarities [18].
Since MRI is commonly interpreted by a human, we believe
LPIPS can be a better metric for assessing MRI image quality.
We also believe that although our results show lower PSNR
than those of the supervised method, our method can be a
valuable addition to MRI research.

Fig. 3. fastMRI single coil knee dataset that shows lower
PSNR score and better LPIPS score in the proposed method
compared to the supervised method.

5. CONCLUSION

In this study, we introduce a novel MRI reconstruction frame-
work with a small set of unpaired MR datasets using a modi-
fied ISCL architecture. The proposed framework successfully
reconstructs MRI data with stable training. In addition, we
proved that our method outperforms the conventional Cycle-
GAN and ISCL and provides competitive results compared to
the supervised method. We believe that the proposed method
can be adequately applied to cases where paired datasets are
difficult to obtain. In the future, we plan to extend our method
to multicoil MRI images and domain generalization.
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