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A B S T R A C T

Cardiac magnetic resonance imaging (MRI) provides detailed and quantitative evaluation of the heart’s
structure, function, and tissue characteristics with high-resolution spatial–temporal imaging. However, its slow
imaging speed and motion artifacts are notable limitations. Undersampling reconstruction, especially data-
driven algorithms, has emerged as a promising solution to accelerate scans and enhance imaging performance
using highly under-sampled data. Nevertheless, the scarcity of publicly available cardiac k-space datasets and
evaluation platform hinder the development of data-driven reconstruction algorithms. To address this issue,
we organized the Cardiac MRI Reconstruction Challenge (CMRxRecon) in 2023, in collaboration with the
26th International Conference on Medical Image Computing and Computer-Assisted Intervention (MICCAI).
CMRxRecon presented an extensive k-space dataset comprising cine and mapping raw data, accompanied
by detailed annotations of cardiac anatomical structures. With overwhelming participation, the challenge
attracted more than 285 teams and over 600 participants. Among them, 22 teams successfully submitted
Docker containers for the testing phase, with 7 teams submitted for both cine and mapping tasks. All teams
use deep learning based approaches, indicating that deep learning has predominately become a promising
solution for the problem. The first-place winner of both tasks utilizes the E2E-VarNet architecture as backbones.
In contrast, U-Net is still the most popular backbone for both multi-coil and single-coil reconstructions. This
paper provides a comprehensive overview of the challenge design, presents a summary of the submitted results,
reviews the employed methods, and offers an in-depth discussion that aims to inspire future advancements in
cardiac MRI reconstruction models. The summary emphasizes the effective strategies observed in Cardiac MRI
reconstruction, including backbone architecture, loss function, pre-processing techniques, physical modeling,
and model complexity, thereby providing valuable insights for further developments in this field.
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1. Introduction

1.1. Background

Cardiac magnetic resonance imaging (MRI) has emerged as a crucial
imaging technique for non-invasive diagnosis in clinical cardiology, due
to its advantages in quantitative assessment of cardiac morphology and

yocardial tissue characteristics (Eyre et al., 2022).
Cardiac cine (dynamic image sequence) offers a fine spatial and tem-

oral resolution of the heart throughout the cardiac cycle. As the most
ommon technique in cardiac MRI, cine can provide cardiac function
easurements, e.g., cardiac output and ejection fraction (Menchón-

Lara et al., 2019). In recent years, multi-contrast imaging methods,
otably T1 mapping, and T2 mapping, have gained prominence in
linical applications (Qi et al., 2021). These mapping techniques ex-
ibit high sensitivity in detecting lesions, allowing for the quantitative
ssessment of myocardial fibrosis, hemorrhage, and edema (Jerosch-

Herold and Coelho-Filho, 2022). In contrast to conventional methods,
these techniques offer a direct measurement of the myocardial tissue’s
T1 and T2 attenuation values. These quantitative parameters can be uti-
lized more effectively for the detection of diffuse lesions and provide a
better benchmark for comparing measurements across multiple centers.
Although cardiac MRI offers numerous advantages, its main challenge
lies in the slow scan speed it entails. Cine imaging captures multiple
hases using segmented acquisition spread over different heartbeats,
hile mapping techniques require sampling multiple frames across the
agnetization recovery to estimate T1 and T2 values. To achieve com-
rehensive coverage of the heart, repeated acquisitions from different

orientations result in extended imaging time. This slow speed not only
compromises the image quality due to the accumulation of imaging
artifacts caused by patient movement but also exacerbates patient
discomfort during the scanning process. To expedite cardiac MRI, the
current accelerated solution involves compressed sensing (CS) (Donoho,
2006; Lustig et al., 2008). Instead of sampling the entire MRI signal
pace (Fourier space, usually termed as k-space), CS only acquires a
ubset of k-space and recovers these sub-Nyquist measurements using
terative reconstruction algorithms. However, CS-MRI reconstructions
2 
have limited acceleration factors in practical use, and the introduction
of certain regularization terms can compromise the fidelity and clarity
of the resulting images. Additionally, the CS algorithm often requires
prolonged computation time due to its iterative nature (Lustig et al.,
2008; Uecker et al., 2014). Therefore, the accurate and robust recon-
struction of multi-contrast cardiac images from highly undersampled
k-space data remains an open problem.

In recent years, data-driven methods (Lyu et al., 2022, 2023b,c; Lv
t al., 2021a,b,c, 2020, 2018) have reshaped the general practice of

image reconstruction. In addition to innovative network designs, the
erformance of these algorithms largely depends on the size and quality
f the training dataset. To this end, several large-scale challenges, such
s fastMRI (Zbontar et al., 2018) and MC-MRI (Beauferris et al., 2022),
ave been organized for fair evaluations of these reconstruction algo-

rithms. To date, there have been no dedicated challenges or publicly
available datasets specifically focused on cardiac MRI reconstruction,
not to mention the absence of a comprehensive and fair evaluation
benchmark for the development of deep learning-enabled cardiac MRI
reconstructions.

1.2. Challenges of cardiac MRI reconstruction

Cardiac MRI reconstruction faces several prominent challenges, in-
luding:

• Variable heart rhythms: Patients may have variable heart rates,
leading to variations in the duration of cardiac cycles. This vari-
ability can impact the synchronization of data acquisition, re-
quiring adaptive reconstruction methods to handle different heart
rates effectively.

• Motion artifacts: The heart is a dynamic organ that undergoes
continuous motion during the cardiac cycle resulting from in-
consistencies across different segments of the acquisition pro-
cess. Similarly, cardiac motion, as well as respiratory motion,
may induce blurring in the reconstructed images, particularly
when the acquisition window encompasses phases of rapid move-
ment (Ismail et al., 2022).
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• Complex anatomy: The intricate anatomy of the heart, including
delicate structures and complex geometries, requires reconstruc-
tion algorithms capable of preserving spatial details and accu-
rately representing cardiac structures. On the other hand, if the
training samples do not include certain diseases present in the test
set, it can lead to a significant performance drop in deep-learning
reconstruction models.

• Limited temporal resolution: Cardiac MRI involves capturing im-
ages at different phases of the cardiac cycle. Limited temporal
resolution can result in inadequate coverage of dynamic events
within the heart, which needs to be improved by accelerating the
imaging and reducing the acquisition window.

• Integration of deep learning with conventional methods: Techni-
cal solutions are still needed to effectively integrate conventional
parallel imaging with deep learning techniques to maximize their
respective advantages.

• High demands on computational resources: The raw data ac-
quired during cardiac MRI scans, often coupled with the need for
real-time reconstruction in some cases, poses significant compu-
tational challenges. Efficient algorithms and powerful hardware
are essential for timely reconstruction.

There have been continuous efforts to develop advanced image
reconstruction techniques, from compressed sensing to deep learning
approaches, to address these challenges and improve the overall quality
and efficiency of cardiac MRI reconstruction. The outcome of these ad-
vancements will be expected to contribute to more accurate diagnoses
and better patient outcomes in cardiac imaging.

1.3. Limitation of existing datasets

To date, NYU Langone Health has released the ‘‘fastMRI’’ dataset,
containing the multi-coil brain, knee, and prostate MRI raw k-space
data. Similarly, the Universities of Calgary and Campinas have pro-
ided the MRI community with the ‘‘Calgary-Campinas‘‘ dataset (Souza
t al., 2018), comprising multi-coil brain acquisitions. However, these
atasets do not apply to the spatio-temporal scenario in cardiac imag-
ng. To the best of our knowledge, previous available cardiac raw
atasets mainly include OCMR (Chen et al., 2020) and Harvard CMR
ataverse (El-Rewaidy et al., 2022). The former provides fully sampled

cine data as well as prospectively undersampled data, while the latter
lso offers cine data with radial sampling trajectories, including 101
atients and 7 healthy volunteers. However, these datasets suffer from
imitations in a lack of anatomical views, imaging contrasts, and size

of the dataset. In comparison, our CMRxRecon dataset aims to provide
a larger data size (300 subjects), more imaging contrasts (cine, T1
mapping, T2 mapping), and more anatomical views (short-axis, 2/3/4-
chambers). Additionally, the CMRxRecon dataset is currently the only
publicly released cardiac MRI reconstruction dataset associated with an
open challenge.

1.4. CMRxRecon challenge

CMRxRecon challenge is jointly organized by 10 institutions: Fudan
niversity, Imperial College London, Hong Kong Polytechnic Univer-

ity, Xiamen University, the University of Texas, Shanghai Polytechnic
niversity, Shanghai Jiao Tong University, Fudan University Affiliated
hongshan Hospital, and Siemens Healthineers. It is a one-time event
ith fixed submission deadline. The CMRxRecon challenge aims to
stablish a platform for fast cardiac MRI reconstruction and provide a
enchmark dataset that enables the broad research community to pro-
ote advances in this area of research, which includes two independent

tasks:

• Accelerated cine reconstruction
3 
The aim of task 1 is to accelerate cine imaging from under-sampling
data and address the image degradation problem caused by k-space
under-sampling.

• Accelerated T1 & T2 mapping

The aim of task 2 is to improve the T1 and T2 mapping from under-
sampling data and address the image degradation problem caused by
k-space under-sampling.

1.5. Challenge rules

Each team can choose to participate one of them or both. The top
3 winners in each task are invited to give oral presentations during
the 26th International Conference on Medical Image Computing and
Computer Assisted Intervention (MICCAI). The recommended authors
of the top 3 winner teams are invited to contribute to the challenge
summary paper. In addition, monetary awards are provided for the
top 3 winners of each task. The prize pool is exclusively sponsored
by Siemens Healthineers. Members of the organizers’ institutes can
participate but are not eligible for awards. Participating teams can
publish their own results separately after the embargo time (three
months after the announcement of the final results).

1.6. Contributions

The contributions of the ‘‘CMRxRecon’’ challenge include but are
not limited to the following aspects:

• Open dataset: CMRxRecon is the first cardiac MRI reconstruc-
tion challenge that provides an open dataset consisting of multi-
contrast, multi-view, and multi-coil raw k-space data from 300
subjects with complete cardiac segmentation labels. This rich
dataset holds crucial value for the development of deep learning
algorithms.

• Evaluation platform: Our challenge provides a benchmarking
platform that enables timely evaluation of reconstruction results.
Researchers can conveniently compare different algorithms using
the same data and the same assessment metrics, thereby expedit-
ing their research progress and facilitating future research in the
cardiac MRI field.

• Methodology summary: Through the challenge, we evaluate and
compare different deep-learning-based reconstruction methods on
the two tasks, providing a summary of experiences and a compar-
ison of the strengths and weaknesses of methods in the cardiac
MRI reconstruction community. The summary highlights the ef-
fective strategies for CMR reconstruction, regarding the backbone
architecture, loss function, pre-processing, physical model and
model complexity, providing insights for further development.

In summary, the goal of establishing the CMRxRecon challenge
is to provide a benchmark dataset that enables the broad research
community to participate in this important work of accelerated CMR
imaging. Through training and validation on this dataset using private
models, we look forward to continuous technological breakthroughs in
the field of cardiac MRI reconstruction, which will also contribute to
the translation of the latest techniques into clinical practice.

2. Related work

2.1. Cardiac MRI challenges

Over the last decade, there have been several challenges that fo-
cused on cardiac MRI. The majority of them focus on the segmentation
of anatomical structures of the heart, such as the left ventricle (LV),
the myocardium (Myo), and the right ventricle (RV). For example,
one of the earliest cardiac MRI segmentation challenges held by the
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Cardiac Atlas Project (Suinesiaputra et al., 2014) required participants
o segment the Myocardium on steady-state free precession (SSFP)
ine in short-axis images. The Right Ventricle Segmentation Chal-
enge (Petitjean et al., 2015) focused on the segmentation of the RV on

cine. Subsequently, further related challenges emerged, including the
Automated Cardiac Diagnosis Challenge (ACDC) (Bernard et al., 2018)
nd the Multi-Centre, Multi-Vendor and Multi-Disease Cardiac Image
egmentation Challenge (M&Ms) (Campello et al., 2021), which both

consider the segmentation of LV, Myo and RV. The ACDC challenge is
composed of 150 subjects divided into five subgroups (normal, myocar-
ial infarction, dilated cardiomyopathy, hypertrophic cardiomyopathy,

and abnormal right ventricle) and the M&Ms challenge additionally
contributes to the effort of building generalizable models by providing
CMR data scanned in clinical centers from three different countries
using four different magnetic resonance scanner vendors, with a follow-
p challenge on further incorporating multi-view CMR data (Martín-Isla
t al., 2023). Beyond cine CMR, other CMR sequences have been

explored for the segmentation tasks. For instance, the Multi-Sequence
ardiac MR Segmentation Challenge (MS-CMRSeg) (Zhuang et al.,

2022) proposed to segment the ventricles and Myo using three CMR
equences, i.e. late gadolinium enhancement (LGE), T2 and bSSFP.
he Atria Segmentation Challenge (Xiong et al., 2021) as well as

the Left Atrial and Scar Quantification & Segmentation (LAScarQS)
Challenge (Li et al., 2022) focused on the segmentation of left atrium
and scar on LGE CMR. Whole heart segmentation has also been per-
formed on both CT and MRI through the Multi-Modality Whole Heart
Segmentation (MM-WHS) challenge (Zhuang et al., 2019).

Apart from the cardiac segmentation challenges, further challenges
ere held to tackle other CMR tasks, such as LV statistical shape
odeling (Suinesiaputra et al., 2017) and classification of pathol-

gy (Bernard et al., 2018; Lalande et al., 2022). Cardiac motion has
also been of great interest in the CMR community, and challenges
such as on cardiac motion analysis (Tobon-Gomez et al., 2013) and

otion correction (Pontré et al., 2016) have also been held. One recent
challenge (CMRxMotion) (Wang et al., 2022b) has proposed to establish
 public benchmark dataset to assess the effects of respiratory motion
n CMR imaging quality and examine the robustness of automated
egmentation models. Despite the numerous efforts to organize chal-
enges and establish benchmarks for CMR analysis, no benchmarks for
pstream CMR reconstruction applications have been proposed to date.
ur effort in this work and challenge aims to establish a platform for

ast CMR image reconstruction and provide a benchmark dataset with
oth dynamic cine CMR and quantitative T1/T2 mapping raw data, for
romoting advances in this area of research.

2.2. Deep learning methods for cardiac MRI reconstruction

Deep learning (DL) approaches have gained great popularity for
MRI reconstruction in recent years, due to their excellent capabilities
in reconstructing high-quality MR images at fast reconstruction speed.
Current deep learning methods for cardiac MRI reconstruction can
generally be categorized into three types (Qin and Rueckert, 2022):
image post-processing approaches, model-driven unrolled methods, and
k-space-based interpolation techniques.

MRI reconstruction via image post-processing techniques typically
earns an end-to-end mapping between zero-filled under-sampled im-
ges and ground truth fully-sampled references. Commonly, U-net ar-
hitectures are employed to reduce image artifacts (Hauptmann et al.,

2019; Kofler et al., 2019; Lyu et al., 2023c), where 3D convolutions or
D convolutions on the spatio-temporal domain (𝑥− 𝑡) are leveraged to
xploit the temporal information of cardiac MRI sequences. However,

one significant drawback of this type of approach is that they do not
consider the physically acquired 𝑘-space raw data during the recon-
struction process and thus cannot guarantee the consistency between
the reconstructed images and the acquired signals. To improve on this,

Aggarwal et al., 2018; Hammernik
odel-driven, unrolled approaches ( r

4 
et al., 2018; Qin et al., 2018; Schlemper et al., 2017; Duan et al., 2019;
Wang et al., 2023b) have been proposed to embed the conventional
terative compressed sensing (CS)-based methods into deep learning
rameworks. Such methods learn the unrolled optimization inspired by

CS-based approaches, where the reconstruction process is alternated
etween a learnable image de-aliasing step parameterized by neural
etworks and a data consistency step. These models can be structured
ither in a cascaded fashion (Schlemper et al., 2017) or in a recurrent

way (Qin et al., 2018) to mimic the iterative nature of the optimization-
based approaches. This type of method has been shown to be able
to achieve state-of-the-art performance in CMR reconstruction with
high fidelity and good generalization capability (Hammernik et al.,
2021), due to the incorporation of the physically acquired raw data
within the learning process. Lastly, k-space interpolation approaches
ecover the missing data directly in k-space. For instance, CNNs or
mplicit neural representations can be used in k-space to learn the
nterpolation of k-space data given the auto-calibrating signals or the
nder-sampled signals (Akçakaya et al., 2019; Huang et al., 2023; Feng

et al., 2022). These approaches are typically subject-specific and do not
equire training datasets, but will need separate training for each scan.

The recent advancement of DL in CMR reconstruction has mainly
been developed based on the above three types of approaches while
incorporating some more advanced DL techniques. For instance, trans-
formers have been studied in the context of CMR reconstruction to
exploit the spatio-temporal information within and across cardiac
rames (Lyu et al., 2023a, 2024), and diffusion models have been
nvestigated to leverage their generative power for recovering high-

quality scans within the above three frameworks (Chung and Ye,
2022; Xie and Li, 2022; Güngör et al., 2023). A further research
direction is to exploit information from complementary domains or use
complementary regularization. For instance, regularization on spatial
frequency domain along with that on image domain has been proposed
o reconstruct the cine CMR (Qin et al., 2019, 2021), which has demon-

strated better performance compared to single domain reconstruction.
Similarly, there have also been works on joint k-space and image
pace reconstruction (Wang et al., 2022a), as well as reconstruction

methods incorporating low-rank or sparse prior (Huang et al., 2021;
Wang et al., 2024) or SmooThness regularization on manifolds (SToRM)
prior (Biswas et al., 2019). Additionally, motion compensation on
cine CMR has also been considered within the model-driven unrolled
framework, where the reconstruction and motion are jointly estimated
uring the process (Seegoolam et al., 2019; Pan et al., 2024). For a

more comprehensive review of the existing DL approaches for CMR
reconstruction, please refer to Qin and Rueckert (2022).

Despite that the majority of the above-discussed DL methods focus
n the cine CMR reconstruction, they should be generalizable to re-

construct each multi-contrast CMR in T1/T2 mapping. Alternatively,
T1/T2 values can also be reconstructed directly without recovering
ach contrast image, such as using a fully connected neural network
o predict the values directly (Guo et al., 2022). However, the current

literature on CMR T1/T2 mapping reconstruction is limited, which
could be explained by the lack of public CMR T1/T2 mapping datasets.
Our effort in putting forward this CMRxRecon challenge with both cine
and T1/T2 mapping CMR data will likely further strengthen the active
research in the field.

3. Challenge setup

3.1. Dataset

3.1.1. Dataset information
Our institutional review board granted approval for the study (ap-

proval number: FE20017). Data collection was conducted using a 32-
channel specialized cardiac coil in conjunction with a 3T scanner
MAGNETOM Vida, Siemens Healthineers, Germany). We successfully
ecruited and acquired data from 300 healthy volunteers at our medical
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Fig. 1. The sampling masks under acceleration factors of 4, 8 and 10 with auto-
calibration lines (ACS, 24 lines).

center. The data are divided into three sets, i.e., 120 training data, 60
validation data and 120 test data. Before the scans, participants were
positioned in a supine posture. During the scan, electrodes were con-
nected, and an electrocardiogram (ECG) signal was recorded. Cardiac
Scout imaging was conducted using the ‘Dot’ engine. The CMRxRecon
dataset (Wang et al., 2023a) follows the CC-BY license. All released
data provided by the challenge is publicly available but limited to
non-commercial use.

We followed the CMR imaging protocol given in the earlier pub-
lication (Wang et al., 2021). For 2D cardiac cine, the ‘‘TrueFISP’’
readout was employed. Long-axis (LAX) and short-axis (SAX), two-
chamber (2CH), three-chamber (3CH), and four-chamber (4CH) views
were gathered. Generally, 5 ∼ 11 slices were obtained for the SAX
view while a single slice was obtained for each of the other views.
Using a temporal resolution of around 50 ms, the cardiac cycle was
divided into 12∼25 phases based on heart rate. Typical scan settings
included an 8.0 mm slice thickness, a 1.5 × 1.5 mm2 spatial resolution,
a 3.6 ms repetition time (TR), and a 1.6 ms echo time (TE). The original
acceleration factor for parallel imaging was R = 3. The signal was
obtained with breath-holding.

Using a modified look-locker inversion recovery (MOLLI) sequence,
nine images with various T1 weightings (using the 4-(1)-3-(1)-2 scheme)
were obtained for T1 mapping. T1 mapping was performed only in SAX
view, with a typical field-of-view (FOV) of 340 × 340 mm2, spatial
resolution of 1.5 × 1.5 mm2, slice number of 5 or 6, slice thickness of
5.0 mm, TR of 2.7 ms, TE of 1.1 ms, partial Fourier of 6/8, and parallel
imaging acceleration factor of R = 2. Subjects’ inversion times differed
based on their heart rates in real-time. Using an ECG trigger, signals
were obtained after the diastole.

Using T2-prepared (T2prep)-FLASH sequence and three T2 weight-
ings in SAX view, T2 mapping was carried out using the same geo-
metrical parameters as T1 mapping and similar imaging parameters,
including 340 × 340 mm2 FOV, 1.5 × 1.5 mm2 spatial resolution, 5∼6
slices, 5.0 mm slice thickness, 3.0 ms TR, 1.3 ms TE, 0/35/55 ms
T2 preparation time, 6/8 partial Fourier, and R = 2 parallel imaging
acceleration factor.

All the images were reconstructed using GeneRalized Autocalibrat-
ing Partially Parallel Acquisitions (GRAPPA). For the purpose of chal-
lenge, as shown in Fig. 1, we retrospectively undersampled the k-space
data with acceleration factors of R = 4, 8, 10 with uniform sampling
trajectory.

3.1.2. Annotation details
The myocardium and chambers were manually segmented by a

skilled radiologist with over 5 years of expertise in cardiac imag-
ing using ITK-SNAP (version 3.8.0). The original image coordinates
were preserved in NIFTI format together with the segmentation la-
bels and matching images. The labels we assigned to the segmented
5 
data contribute to improving the performance of certain reconstruction
architectures. By incorporating this annotated information, the qual-
ity and accuracy of the reconstructed regions can be enhanced. The
following four chamber labels apply to the LAX cine images:

(a) Label 1 for the left atrium;
(b) Label 2 for the right atrium;
(c) Label 3 for the left ventricle;
(d) Label 4 on the right ventricle.

We labeled the SAX cine images using the following definitions:

(a) Label 1 for the left ventricle blood pool;
(b) Label 2 for left ventricular myocardium;
(c) Label 3 for the right ventricle blood pool.

Both the T1 and T2 mapping annotations were identical to SAX cine.

3.2. Participants

The CMRxRecon Challenge is held in conjunction with the 26th
International Conference on Medical Image Computing and Computer-
Assisted Intervention (MICCAI 2023), on October 12th, 2023 in Van-
couver, Canada. The official website for the CMRxRecon challenge
is (https://cmrxrecon.github.io). As an open challenge, CMRxRecon
received a total of 285 registration requests before the deadline pre-
ceding the MICCAI 2023 conference. Among them, 22 teams with 91
participants successfully submitted algorithm Docker containers for the
testing phase before the submission deadline, as illustrated in Fig. 2.
Among them, 7 teams submitted for both cine and mapping tasks. The
91 participants represent a diverse cohort hailing from 10 different
countries. The details of all participating teams are summarized in
Table 1. Note that a unique team index was assigned to each team par-
ticipating in different tasks. For simplicity, we denote teams engaged
in cine reconstruction as ‘C𝑋’ and those involved in mapping recon-
struction as ‘M𝑋’. We have carefully selected and extensively reported
10 representative algorithms, which included the results from the top
5 teams as well as the five teams that our organizers unanimously
considered to be the most distinctive. The chosen algorithms take into
account both novelty and performance evaluation. All teams have given
their consent for the inclusion of their methods and results in this
publication.

3.3. Challenge phases

The challenge includes three phases. First, to complete the reg-
istration and get access to the training and validation dataset, the
participants were requested to register on the official challenge website,
sign the data agreement, and keep their promise to abide by the
challenge rules. Second, the participants were invited to take part in the
validation phase, where the reconstructed images from under-sampled
data are required to be submitted. The evaluation is automatically ex-
ecuted on the Synapse platform https://www.synapse.org/#!Synapse:
syn51471091/wiki. The leaderboard is also presented online and up-
dated promptly. Third, the participants were invited to take part in the
final test phase to complete the full participation in this challenge. To
guarantee the fairness of the competition, the packaged docker is the
only valid submission in the test stage. Each team can submit 3 docker
containers, and we will take the final submission as the official one.
Our staff will run the docker container and confirm with the team that
it has been successfully executed. Only completing the predictions of
all test cases will be considered successful participation. The prizes are
awarded to the top-3 teams of each task during the MICCAI conference.
The top-3 teams in each task were invited to report their methodologies
in the STACOM workshop on October 12, 2023.

https://cmrxrecon.github.io/
https://www.synapse.org/#!Synapse:syn51471091/wiki
https://www.synapse.org/#!Synapse:syn51471091/wiki
https://www.synapse.org/#!Synapse:syn51471091/wiki
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Fig. 2. The individual team statistics that registered and submitted the dockers for testing in the CMRxRecon Challenge.
Table 1
The list and details of the participants and teams who successfully participated in the test (docker-submission) phase.

Team name Affiliation Location

C1/M1. hellopipu Department of Computer Science, Rutgers University New Brunswick, USA
C2/M2. DIRECT AI for Oncology, Netherlands Cancer Institute Amsterdam, Netherlands
C3/M3. clair Department of Imaging and Interventional Radiology, Faculty of Medicine, The

Chinese University of Hong Kong
Hong Kong, China

C4. tjubiit Tianjin Key Laboratory of Brain Inspired Intelligence Technology (BIIT), Tianjin
University

Tianjin, China

M4. dbmapping Department of Imaging Physics, Delft University of Technology Delft, Netherlands
C5. imr Canon Medical Systems (China) Co., Ltd. Beijing, China
C6/M5. jabbers Physikalisch-Technische Bundesanstalt (PTB) Berlin, Germany
M6. whitealbum2 Nanjing University of Aeronautics and Astronautics Nanjing, China
C7/M7. SkoICIG Moscow, Skolkovo Institute of Science and Technology Russia
C8. mataffine School of Artificial Intelligence, Beijing Normal University Beijing, China
M8/C11. Fast2501 Department of Biomedical Engineering, University of Virginia Charlottesville, USA
C9. OREO Beijing University of Posts and Telecommunications Beijing, China
M9. imperial_cmr National Heart and Lung Institute, Imperial College London London, UK
C10. flyer Department of Radiation Oncology, Peking University Cancer Hospital & Institute Beijing, China
M10/C17. IADI-IMI Institute of Medical Informatics, University of Lübeck; IADI, Inserm U1254 Lübeck, Germany; Nancy, France
C12. Edipo School of Engineering, University of Edinburgh; Department of Information

Engineering, University of Pisa
Edinburgh, UK; Pisa, Italy

C13. hkforest Electronic and Computer Engineering, the Hong Kong University of Science and
Technology

Hong Kong, China

M11. sunnybrook Department of Medical Biophysics, University of Toronto Toronto, Canada
C14. tsinghuacbir Tsinghua University Beijing, China
C15. insightdcu Insight SFI Research Centre for Data Analytics, Dublin City University Dublin, Ireland
C16. lyulab Shenzhen Technology University Shenzhen, China
C18. fzu312lab Biomedical Engineering Institute of Fuzhou University Fuzhou, China
3.4. Evaluation metrics

The reconstruction performance for both cine and mapping were
assessed using the following criteria: peak signal-to-noise ratio (PSNR),
normalized mean square error (NMSE), and structural similarity index
measure (SSIM). For T1 and T2 mapping, we also calculated the quan-
titative T1 and T2 relaxation times in myocardium for comparison. The
root mean square error (RMSE) for T1 and T2 values in myocardium
was computed as evaluation metrics as well. We use the SSIM as our
quantitative quality metric for ranking. For the cases without valid
output, we will assign it to the lowest value of metric.

The metrics were defined as follows:
6 
SSIM The SSIM index utilizes the inter-pixel relationships to assess the
similarity between two images. The resemblance that results between
two image patches, 𝑚̂ and 𝑚, is described as follows.

SSIM(𝑚̂, 𝑚) =
(

2𝜇𝑚𝜇𝑚 + 𝑐1
) (

2𝜎𝑚𝑚 + 𝑐2
)

(

𝜇2𝑚̂ + 𝜇2𝑚 + 𝑐1
) (
𝜎2𝑚̂ + 𝜎2𝑚 + 𝑐2

)′ (1)

where 𝑐1 and 𝑐2 are two variables to stabilize the division; 𝑐1 =
(

𝑘1𝐿
)2

and 𝑐2 =
(

𝑘2𝐿
)2. 𝜇𝑚̂ and 𝜇𝑚 are the average pixel intensities in 𝑚̂ and

𝑚, and their variances are 𝜎2𝑚̂ and 𝜎2𝑚.
PSNR The power of the highest image intensity that may be achieved
across a volume divided by the power of distortion-causing noise and
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other defects is known as the PSNR.

PSNR(𝑣̂, 𝑣) = 10 log10
max(𝑣)2

MSE(𝑣̂, 𝑣) . (2)

Let 𝑣 represent the target volume, 𝑣̂ represent the reconstructed volume,
𝑚𝑎𝑥(𝑣) denote the largest entry in the target volume, and MSE ̂(𝑣, 𝑣) be
the mean square error between 𝑣̂ and 𝑣, which is defined as 1

𝑛 ||𝑣̂− 𝑣||
2
2.

Here, 𝑛 represents the total number of entries in the target volume 𝑣.
NMSE The NMSE between a reference image or volume 𝑣 and a
reconstructed image or image volume expressed as a vector 𝑣̂ is defined
as:

NMSE(𝑣̂, 𝑣) =
‖𝑣̂ − 𝑣‖22
‖𝑣‖22

, (3)

where the squared Euclidean norm is represented by ‖ ⋅ ‖22, and the
subtraction is carried out entry-wise. We reported the NMSE values for
the whole image volumes.

The Python scripts utilized for evaluating the image quality metrics
can be found on GitHub at the following URL: https://github.com/
CmrxRecon/CMRxRecon/tree/main/Evaluation.

4. Comparative overview on participants methodologies

This section provides a comprehensive comparison across various
methodologies. A detailed summary of the 10 selected approaches is
presented in . Within this table, we focus on delineating the princi-
pal contributions and the training strategies employed by the teams,
providing a clear insight into the diverse techniques and their unique
strengths. All participants trained their models from scratch on the
CMRxRecon dataset.

Next, we report the methods from those selected teams in detail and
highlight the key novelty or contribution of each method.

4.1. C1/M1 hellopipu

The team of hellopipu (C1/M1) proposed a two-stage MRI recon-
struction pipeline to address the limitations of existing MRI recon-
struction methods. Expanding on the foundation of E2E-VarNet (Sriram
et al., 2020), the researchers introduced PromptMR (Xin et al., 2023),
a comprehensive unrolled model for MRI reconstruction based on
prompting. This model is versatile for handling diverse views, con-
trasts, adjacent types, and acceleration factors present in real clinical
cardiac MRI scans. Within the architecture of PromptMR, each cascade
integrates an image domain denoiser called PromptUnet, as shown
in Fig. 3, and a k-space domain data consistency layer. PromptUnet
employs a 3-level encoder–decoder architecture, featuring DownBlock,
UpBlock, and PromptBlock at each level. The utilization of adjacent
input (Fabian et al., 2022), which consists of a series of T1/T2 images
or adjacent frames of the temporal cine, along with channel atten-
tion (Huang et al., 2019) in PromptUnet, facilitates the exploration of
inter-frame and inter-contrast information. The PromptBlock, inspired
by PromptIR (Potlapalli et al., 2023), encodes specific input-type con-
text as an adaptively learned prompt across multiple levels to guide the
reconstruction process. The multi-coil sensitivity maps are estimated by
a compact PromptUnet from the central k-space which serves as the
auto-calibration signal (ACS).

For training, both multi-coil SAX/LAX cine data and T1/T2-weighted
data from the 120 healthy subjects in the dataset were employed. The
input image to each PromptUnet in PromptMR was normalized using
z-score normalization. Data augmentation during training focused on
balancing the portion of SAX/LAX/T1/T2 slices. The complex image
data was separated into 2 channels of real and imaginary parts as
input to the network. A single PromptMR model with 12 cascades was
trained. The model was optimized using the AdamW optimizer, config-
ured with specific parameters: 𝛽1 was set to 0.9, 𝛽2 to 0.999, with a
weight decay of 0.01. The training utilized SSIM loss across 12 epochs,
starting with an initial learning rate of 10−4, which was then reduced to
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Fig. 3. Overview of PromptUnet proposed by the team hellopipu (C1/M1). PromptUnet
serves as the denoiser in each cascade of PromptMR. It processes adjacent image frames
to explore the inter-frame/-contrast information and incorporates a PromptBlock at each
level to allow rich hierarchical context learning.

10−5 during the last epoch. Training took approximately 3 days on two
NVIDIA A100 40 GB GPUs with a batch size of one per GPU. To refine
the reconstruction results of PromptMR, two ShiftNet models (Li et al.,
2023) and test time augmentation by flipping and 180-degree rotation
were incorporated in the second stage. Each ShiftNet was trained with
the initial cine or mapping reconstructions by PromptMR as the input.
They used the Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, and weight decay
= 0), a batch size of one, cosine annealing learning rate schedule (base
lr = 4×10−4, 𝜂𝑚𝑖𝑛 = 1 × 10−7), and SSIM loss to train ShiftNets for 50
epochs. The second stage of training took approximately 1 day for cine
and 8 h for mapping on 8 A100 40 GB GPUs. The codebase for this
approach is available at https://github.com/hellopipu/PromptMR.

In summary, the design of PromptUnet plays a crucial role in
leveraging adjacent k-space information and facilitating discriminative
context learning for various MRI reconstruction tasks.

4.2. C2/M2 DIRECT

The team of DIRECT (C2/M2) formulated the reconstruction task as
a least squares regularized optimization, with the adoption of vSHARP
(Yiasemis et al., 2025), a variable Splitting Half-quadratic Alternating
Direction Method of Multipliers (ADMM) algorithm (Fukushima, 1992)
for the Reconstruction of Inverse-Problems, as the backbone. The team
optimized the method for both 2D and 3D (2D + time/contrast) recon-
structions, although their submitted model comprised the 3D vSHARP
variant. This customized approach consists of three integral steps:
first, a denoising step is implemented to refine the auxiliary variable;
second, a data consistency step for the target image is executed through
differentiable gradient descent over 8 iterations; and finally, an update
mechanism for the Lagrange Multipliers is introduced by the ADMM.
A distinctive feature of their approach is the integration of a Lagrange
Multiplier Initializer, which utilizes a dilated convolution and replica-
tion padding module. This module, inspired by prior work (Yiasemis
et al., 2022) and adapted for 3D applications, generates an initial esti-
mate for the Lagrange Multipliers. The 2D dynamic vSHARP model took
a sequence of 2D undersampled multi-coil k-space data (time-frames for
cine tasks, contrast-frames for mapping tasks) as input and generated a
corresponding sequence of 2D images as output for reconstruction. For
each denoising step, distinct 3D U-Nets (Ronneberger et al., 2015) with
four scales and 32 filters in the initial scale were employed. Due to the
multi-coil nature of the data, a 2D U-Net (four scales, 32 channels in
the first scale) was integrated for sensitivity map refinement from the
ACS-k-space comprising 24 center lines (see Fig. 4).

https://github.com/CmrxRecon/CMRxRecon/tree/main/Evaluation
https://github.com/CmrxRecon/CMRxRecon/tree/main/Evaluation
https://github.com/CmrxRecon/CMRxRecon/tree/main/Evaluation
https://github.com/hellopipu/PromptMR
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Table 2
Summary of the strategies and contributions of the 10 selected teams.

Team name Main novelty/contribution Training strategy

C1/M1.
hellopipu

•Use E2E-VarNet (Sriram et al., 2020) as backbone,
introduce PromptMR, a prompting-based all-in-one
unrolled model
•Incorporate an image domain denoiser,
PromptUnet, coupled with a k-space domain data
consistency layer

•Data: multi-coil cine and mapping
•Data separation: 120 cases for training.
•Input: complex image data was separated into real and imaginary parts. A series of five
T1/T2 images or adjacent frames of the temporal cine are used as input.
•Learning Strategy: AdamW optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, weight decay = 0.01) over 12
epochs, with an initial learning rate of 1 × 10−4 and decayed to 1 × 10−5 in the last epoch
•Normalization: z-score normalization
•Loss: SSIM
•Spatial–temporal Info: adjacent slices along contrast or temporal dimension were used for
2D slice reconstruction.
•Code: https://github.com/hellopipu/PromptMR

C2/M2.
DIRECT

•Use vSHARP (Yiasemis et al., 2025) as backbone,
customize it to a 3D variant tailored specifically
for 2D dynamic reconstruction;
•Comprise three key steps: a denoising step to
refine the auxiliary variable, a data consistency
step for the target image performed through
differentiable gradient descent over Tx=8
iterations, and an update for the Lagrange
Multipliers introduced by ADMM

•Data: multi-coil cine and mapping
•Data separation: 120 cases for training.
•Input: complex data was separated into real and imaginary parts.
•Learning Strategy: Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, 𝜖 = 10−8), initial linear increase
to 0.003 over 2k iterations, followed by a reduction every 50k iterations by a factor of 0.9
•Normalization: scaling the initial k-space with the 99.5% percentile value of its modulus
•Loss: SSIM, SSIM3D, HFEN, and L1 losses in the image domain along with normalized
mean absolute error (NMAE) and NSME losses in the k-space domain
•Spatial–temporal Info: Two-dimensional dynamic reconstruction: 3D convolutions to handle
2D spatiotemporal (2D + time) data, exploiting temporal correlations.
•Code: https://github.com/NKI-AI/direct

C3/M3. clair •Use CAMP-Net (Zhang et al., 2023a) as backbone,
propose k-t CLAIR (Zhang and Chen, 2023)
incorporates self-consistency guidance and multiple
priors in deep learning to exploit spatio temporal
correlations across the x-t, x-f, and k-t domains

•Data: multi-coil cine and mapping
•Data separation: 96 and 24 cases for training and validation.
•Input: complex image data was separated into real and imaginary parts.
•Learning Strategy: Adam optimizer (𝛽1 = 0.9 and 𝛽2 = 0.999) 30/50 epochs with learning
rate: 3 × 10−4 at initial and were reduced by a factor of 10 in the last 10 epochs.
•Normalization: standard minmax of image volume per case.
•Loss: SSIM and L1
•Spatial–temporal Info: 2D reconstruction.
•Code: https://github.com/lpzhang/ktCLAIR

M4.
dbmapping

•Use unrolling gradient descent scheme
(Hammernik et al., 2018) as the backbone for
multi-coil network
•Introduce a relaxometry-informed quantitative
MRI reconstruction method that synergizes joint
mapping and unrolled gradient descent
reconstruction,

•Data: multi-coil mapping
•Data separation: 5-fold cross-validation with 96 cases for training and 24 cases for
validation in each fold.
•Input: the k-space data were segmented into real and imaginary parts.
•Learning Strategy:Adam optimizer for 400 epochs with an initial learning rate 10−3 and a
polynomial weight decay.
•Normalization: min–max by the value at the 99th percentile of the frequency domain
magnitude per slice.
•Loss: L1, SSIM, and fitting loss in mapping
•Spatio-temporal Info: k-space readouts at different relaxation times are cascaded along the
channel direction and reconstructed simultaneously.
•Code: https://github.com/pandafriedlich/relax_qmri_recon

C4. tjubiit •Use soft data-consistency (Sriram et al., 2020) as
the backbone and showcase a novel multi-scale
inter-frame information fusion strategy.
•Integrate distinct encoders dedicated to extracting
features from each frame. These extracted features
were then combined effectively using an
information fusion block that incorporated
multi-scale features from multiple frames.

•Data: multi-coil cine.
•Data separation: 120, 60, and 120 cases for training, validation, and test.
•Input: the real and imaginary components of the complex image data were concatenated
along the channel dimension.
•Learning Strategy: Adam optimizer with the initial learning rate 0.005 and scheduled to
decay by a factor of 0.1 every 40 epochs.
•Normalization: standardize z-score.
•Loss: SSIM.
•Spatial–temporal Info: 2D reconstruction.
•Code: https://github.com/tjubiit-hub/CMR-recon

C7/M7.
Skolcig

•Parameterize the objective function in compressed
sensing (CS) minimization procedure by deep
learning model (Kuzmina et al., 2022) as
backbone.
•Use meta-learning for CS minimization; for
multi-coil, GRAPPA (Griswold et al., 2002) is first
used initial estimation and used a simple U-net
(Falk et al., 2019) to solve CS problem.

•Data: multi-coil and single-coil cine and mapping
•Data separation: 120 training cases used for training.
•Input: the k-space complex data.
•Learning Strategy Adam optimizer (𝛽1 = 0.9 and 𝛽1 = 0.999) and learning rate 10−3.
•Normalization: L2 normalization of k-space data for each 2D slice.
•Loss: L1.
•Spatial–temporal Info: 2D reconstruction.
•Code: https://github.com/Airplaneless/cmrx

(continued on next page)
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Table 2 (continued).
Team name Main novelty/contribution Training strategy

M8. Fast2501 •Use a 2D U-Net (Ronneberger et al., 2015) as the
backbone network structure and propose a
complex-valued cascading cross-domain
convolutional neural network.
•Alternate between the restoration step and the
data consistency step.

•Data: multi-coil cine and mapping.
•Data separation: 90, 10 and 20 cases for training, validation, and testing.
•Input: complex data was directly used since the network is fully complex-valued.
•Learning: Adam optimizer for 50 epochs with a learning rate of 0.0001, 𝛽1 = 0.9, 𝛽2 =
0.999, and 𝜖 = 10−8.
•Normalization: k-space data for each 2D slice was scaled to have its magnitude between 0
to 1.
•Loss: L1 and SSIM.
•Spatial–temporal info: 2D reconstruction.
•Code: https://github.com/qd9zb/CMRxRecon

C12. Edipo •Use convolutional recurrent neural
network(CRNN) (Qin et al., 2018) and
single-image super-resolution network, Bicubic++
(Bilecen and Ayazoglu, 2023), as the backbone.
•Propose an additional bidirectional convolutional
recurrent unit (BCRNN) followed by a lightweight
refinement module.

•Data: single-coil cine.
•Data separation: 90, 20, and 10 cases for training, validation, and testing.
•Input: complex image data was separated into magnitude and phase parts.
•Learning Strategy: Adam optimizer(𝛽1 = 0.9, 𝛽1 = 0.999, weight decay 0.0) for 50 epochs
with the initial learning rate 3 × 10−4 gradually reduced to 3 × 10−6 with the StepLR
scheduler
•Normalization: minimax using 1% or 99% percentile per subject
•Loss: L1 and SSIM.
•Spatial–temporal Info: 2D reconstruction.
•Code: https://github.com/vios-s/CMRxRECON_Challenge_EDIPO

C15.
insightdcu

•Use Unet (Falk et al., 2019) as the backbone,
enhanced by Group Normalization (GN) and
channel attention layers (Gated Channel
Transformation: GCT) (Yang et al., 2020).

•Data: single-coil cine.
•Data separation: random sampling strategy to obtain 1000 LAX and 1000 SAX image slices
for training.
•Input: complex image data was separated into real and imaginary parts.
•Learning Strategy: AdamW optimizer with a learning rate of 0.001.
•Normalization: scaled by the maximum signal intensity and further min–max scaled into
the range of [0, 1].
•Loss: MSE.
•Code: https://github.com/juliadietlmeier/CMRxRecon_insightdcu

C17.
IADI-IMI

•Use multi-resolution hash encoding (Müller et al.,
2022) and JSENSE (Ying and Sheng, 2007) for
implicit sensitivity map estimation as backbone.
•Consist of two shallow MLP networks for the
simultaneous prediction of a complex-valued
intensity reconstruction and a set of
complex-valued coil sensitivity maps.

•Data: multi-coil cine.
•Data separation: 0 for training (instance-optimization) and 20 for testing.
•Input: complex image data as imaginary and real parts, combined input of adjacent
temporal frames.
•Learning strategy: Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.99) with a learning rate of 10−2 for 200
iterations.
•Normalization: each under-sampled multi-coil 2D+t k-space was scaled by the maximum
intensity of its SOS magnitude reconstruction.
•Loss: Huber loss (𝛿 = 1.0) and total-variation regularization.
•Spatial–temporal Info: 2D+t Hash encodings ensure spatio-temporal consistency.
•Code: https://github.com/MDL-UzL/CineJENSE
Fig. 4. Overall workflow of the proposed vSHARP by team DIRECT (C2/M2).

The original complex data was separated into a 2-channel format
as input to the network. To ensure robust training, normalization
involved scaling the initial k-space with the 99.5% percentile value
of its modulus. Model performance was enhanced through techniques
such as joint modality training (cine and mapping data concurrently)
and augmentations like k-space flipping, random k-space cropping, and
multi-scheme undersampling (radial, spiral, variable density, random
and equispaced rectilinear following methods presented in (Yiasemis
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et al., 2024)). Additionally, the model simultaneously underwent train-
ing for all acceleration factors (4, 8, and 10). A dual-domain loss
function was employed, encompassing SSIM, SSIM3D, HFEN, and L1
losses in the image domain, along with NMAE and NSME losses in
the k-space domain. The end-to-end pipeline underwent training for
approximately 1 million iterations (around 25 days) using the Adam
optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, 𝜖 = 10−8) for parameter optimization.
The learning rate underwent an initial linear increase to 0.003 over
2k iterations, followed by a reduction every 50k iterations by a factor
of 0.9. Training was conducted on four NVIDIA A100 80 GB GPUs,
with a batch size of 1 on each GPU. They trained their proposed
method on all provided training data and evaluated it on the validation
set using the tool provided by the challenge. The time required for
the reconstruction of a single 4D (space dimensions + time/contrast)
volume varied between 2.7 to 15.7 s. The code for this training strategy
is openly accessible at https://doi.org/10.21105/joss.04278.

In summary, the novel aspect lies in its integration of a Lagrange
Multiplier Initializer combined with advanced denoising and data con-
sistency mechanisms within a variable splitting ADMM framework,
optimized for both 2D and 3D quantitative MRI reconstructions.

4.3. C3/M3 clair

The team clair(C3/M3) introduced k-t CLAIR which adopted the
unrolled-based CAMP-Net (Zhang et al., 2023a) as the foundational

https://github.com/qd9zb/CMRxRecon
https://github.com/vios-s/CMRxRECON_Challenge_EDIPO
https://github.com/juliadietlmeier/CMRxRecon_insightdcu
https://github.com/MDL-UzL/CineJENSE
https://doi.org/10.21105/joss.04278
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Fig. 5. The proposed k-t CLAIR by team clair(C3/M3) exploits spatiotemporal corre-
lations in data and incorporates calibration information to learn complementary priors
across the x-t, x-f, and k-t domains.

framework and expanded its capabilities to address dynamic and para-
metric CMR, as described in Fig. 5. By exploiting spatiotemporal corre-
lations, k-t CLAIR learns complementary priors in the x-t, x-f, and k-t
domains, while enforcing self-consistency learning in the k-t domain.
The approach involves four key steps within each iteration: image
enhancement in the x-t domain using xt-CNN, dynamic temporal prior
learning in the x-f domain through xf-CNN, k-space restoration in
the k-t domain using kt-CNN, and self-consistency learning in the k-
t domain via calib-CNN. During each iteration, the approach outlines
the reconstruction steps in the x-t, x-f, and k-t domains, leveraging
spatiotemporal correlations and periodic cardiac motion for effective
dynamic feature restoration. A frequency fusion block is introduced
to coordinate feature learning processes, and joint learning of coil
sensitivity maps with sen-CNN enhances the reconstruction process.
Calibration information is integrated into the k-t domain to ensure
accurate signal restoration. U-Net is utilized for highly nonlinear prior
learning, and a frequency fusion layer balances contributions from
different priors. The frequency fusion block facilitates the coordination
of different priors, contributing to accurate and faithful dynamic MRI
reconstruction.

Distinct models were trained for multi-coil cine and T1/T2 mapping
data. The training utilized 80% of the 120 healthy subjects, while the
remaining 20% were reserved for model validation. An additional 60
healthy subjects were included for online testing, and no data pro-
cessing or augmentation, except for data standardization, was applied.
The original complex data was separated into two channels: phase
and magnitude, serving as inputs to the networks. Model optimization
employed the Adam optimizer (𝛽1 = 0.9 and 𝛽2 = 0.999) along
with SSIM and L1 losses for 30/50 epochs for the Cine/Mapping task,
initiating with a learning rate of 3 × 10−4 and a batch size of 1. Learning
rates were reduced by a factor of 10 in the last 10 epochs. The number
of iterations was set to 12 for all rolling-based models. The GitHub
repository is accessible at: https://github.com/lpzhang/ktCLAIR

In summary, the team introduces a novel approach that lever-
ages multi-domain learning and spatio-temporal correlations in dy-
namic and parametric CMR, integrating a frequency fusion block and
self-consistency learning for enhanced dynamic MRI reconstruction.

4.4. M4 dbmapping

The team dbmapping (M4) proposes a relaxometry-guided recon-
struction pipeline for the quantitative mapping subtask. The design
of the reconstruction backbone follows the unrolling gradient de-
scent scheme (Hammernik et al., 2018). In each layer, data fidelity
is constrained in the frequency domain, and a U-Net is dedicated to
learning the image prior in a data-driven fashion. They exclusively
used multi-coil acquisitions for reconstruction. Following Yiasemis
et al. (2022), the coil sensitivity map was initially estimated by the
SENSE (Pruessmann et al., 1999) operator and then refined by a
learnable U-Net. Compared to traditional reconstruction, quantitative
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Fig. 6. The relaxometry-informed quantitative MRI reconstruction method that syn-
ergizes joint mapping and unrolled gradient descent reconstruction developed by the
team dbmapping(M4).

MRI reconstruction differs from other types of MRI in the sense that
the reconstructed images should conform to the relaxometry. Taking
advantage of this additional relaxometry prior, they proposed a joint
mapping and reconstruction framework and employed an unsupervised
mapping network to estimate the relaxometry-related parameters like
T1 and T2 (see Fig. 6).

Multi-coil acquisitions were treated as image channels in the 2D
reconstruction pipeline, and all baseline images were reconstructed
simultaneously. The T1- and T2-mapping networks were trained to
minimize the fitting loss induced by the relaxometry and estimate
the quantitative parameters. Afterward, the mapping networks were
frozen and incorporated into the reconstruction pipeline as relaxometry
guidance. They trained separate neural networks for each acceleration
factor (4/8/10) and each imaging sequence (MOLLI/T2-prep). The
networks were trained in a 5-fold cross-validation manner using the
Adam optimizer for 400 epochs, with an initial learning rate of 1 × 10−3
and polynomial weight decay. A combination of L1, SSIM, and the
fitting loss in the mapping was used as the training loss. At inference
time, an ensemble of the 5 models was used for the final prediction. The
GitHub repository is accessible at: https://github.com/pandafriedlich/
relax_qmri_recon

In summary, the joint mapping and reconstruction framework al-
lows direct quantitative parameter estimation and improves the recon-
struction quality.

4.5. C4 tjubiit

The team tjubiit(C4) presents an advanced approach to dynamic
parallel MRI reconstruction, emphasizing a novel multi-scale inter-
frame information fusion strategy, as shown in Fig. 7. The method
is designed to extract and leverage multi-scale features from adjacent
multi-frame data, enhancing the overall reconstruction process. Specific
encoders are employed for feature extraction from each frame, con-
tributing to a nuanced understanding of information at different scales.
The introduced information fusion block effectively combines these
multi-scale features from multiple frames, enabling the comprehen-
sive utilization of supplementary information. Additionally, the fused
inter-frame information plays a crucial role in subsequent refinement
blocks, guiding feature enhancement and contributing to the overall
reconstruction quality. The proposed framework strategically incorpo-
rates several specific encoders for feature extraction from each frame
in the inter-frame information fusion stage. This ensures a nuanced
understanding of information at different scales, allowing for effective
utilization of supplementary information from multiple frames. The
information fusion block effectively combines the multi-scale features
of multiple frames, facilitating comprehensive information utilization.
Moreover, the fused inter-frame information is utilized in subsequent
refinement blocks to enhance feature and guide the reconstruction
process. In the refinement stage, the method introduces an Inter-Frame
Features Enhancement (IFFE) Net, which focuses on utilizing reference
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Fig. 7. The implementation of proposed Multi-Scale Inter-Frame Information Fusion
Based Network by team tjubiit(C4).

frame features for further enhancement. The IFFE Net adopts a U-
Net architecture and introduces an Inter-Frame Features Enhancement
Block (IFFEB) with spatial and channel attention mechanisms. En-
hanced features are derived from a combination of spatial and channel
attention maps, contributing to overall improvements in dynamic MRI
reconstruction.

The multi-coil cine k-space data, derived from the 120 subjects un-
derwent division into 40% for training, 20% for validation, and 40% for
testing. The team employed two distinct data augmentation techniques.
Specifically, spatial domain data underwent random vertical and hor-
izontal flipping, as well as rotation at an angle not exceeding 45◦,
each with a defined probability. The real and imaginary components
of the data were concatenated along the channel dimension and input
into multiple cascaded networks. Different channels shared the same
encoder–decoder network for estimating sensitivity maps from low-
frequency data images. The framework ultimately integrated a soft data
consistency layer (Sriram et al., 2020) to enhance fidelity. Following
this, the frequency domain output underwent sequential processing
involving inverse Fourier transform, absolute value calculation, and
root sum squares calculation. Subsequently, supervised training was
conducted using the SSIM loss. The initial learning rate for training was
set to 0.005 and scheduled to decay by a factor of 0.1 every 40 epochs.
The GitHub repository is accessible at: https://github.com/tjubiit-hub/
CMR-recon

In summary, the introduced multi-scale inter-frame information fu-
sion strategy not only significantly enhanced the overall reconstruction
performance but also demonstrated a high level of efficiency.

4.6. C7/M7 Skolcig

The team Skolcig(C7/M7) utilizes a novel approach by parameteriz-
ing the objective function in the compressed sensing (CS) minimization
procedure through a deep learning model, specifically employing the
model proposed in Autofocusing+ (Kuzmina et al., 2022) as a back-
bone. This can be regarded as meta-learning for CS minimization, as
described in Fig. 8. A commonly used objective function for compressed
sensing is the L1-norm of the reconstructed image, denoted as ‖𝑥𝑟𝑒𝑐‖1.
The SkolCIG team extended this function to ‖𝑥𝑟𝑒𝑐𝑆𝜃 ,𝑖(𝑥𝑟𝑒𝑐 )‖1, where
𝑥𝑟𝑒𝑐 (𝑦̃) = rss(−1(𝑦̂ + 𝑦̃)) represents the estimation of the reconstructed
image for a given sampled k-space 𝑦̂, and 𝑦̃ is an estimate of unknown
k-space data. 𝑆𝜃 ,𝑖(⋅) denotes a U-net model with 𝜃 parameters on the 𝑖th
optimization step.

In the case of multi-coil k-space data, the estimation of the recon-
structed image is given by 𝑥 (𝑦̃) = rss(−1(𝑦̂+𝑦 +𝑦̃)), where 𝑦
𝑟𝑒𝑐 𝑔 𝑟𝑎𝑝𝑝𝑎 𝑔 𝑟𝑎𝑝𝑝𝑎
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Fig. 8. Inference of the method of utilizing U-net like CNN for compressed sensing
reconstruction developed by team Skolcig(C7/M7). In the case of multi-coil data,
𝑦𝑟𝑒𝑐 = 𝑦̂ + 𝑦̃ + 𝑦𝑔 𝑟𝑎𝑝𝑝𝑎 where 𝑦𝑔 𝑟𝑎𝑝𝑝𝑎 is the prediction of missing k-space data by GRAPPA
convolution.

Fig. 9. The 𝐶3-Net present by team Fast2501(M8) alternates between the restoration
step and the data consistency step. Both the k-space subnetwork and the image
subnetwork use a complex-valued U-Net.

is the estimation of the unknown part of the k-space using the GRAPPA
method (Griswold et al., 2002). The central 24 lines of k-space data
were utilized for GRAPPA kernel estimation. The CS minimization 𝑦̃ =
arg min‖𝑥𝑟𝑒𝑐𝑆𝜃 ,𝑖(𝑥𝑟𝑒𝑐 )‖1 was performed using Adam optimization. The
parameters of the U-net 𝜃 were also optimized by Adam optimization
with parameters 𝛽1 = 0.9, 𝛽2 = 0.999, and a learning rate of 10−3.
The SkolCIG team employed a simple U-net model (Ronneberger et al.,
2015) with 32 channels and 4 pool layers, incorporating instance
norm and SiLU activation. Training such a U-net requires second-
order gradients and storing the entire computational graph for CS
optimization, making it a computationally and memory-intensive task.
Therefore, they were constrained to 5 Adam optimization steps for
𝑦̃ = arg min‖𝑥𝑟𝑒𝑐𝑆𝜃 ,𝑖(𝑥𝑟𝑒𝑐 )‖1 minimization. The implementation of this
approach is available at https://github.com/Airplaneless/cmrx.

In summary, they introduce a meta-learning framework for com-
pressed sensing by parameterizing the L1-norm objective function with
a U-net model, optimizing both the reconstructed image and U-net
parameters through iterative minimization.

4.7. M8 Fast2501

The team Fast2501(M8) presents a sophisticated approach named
𝐶3-Net—a complex-valued cascading cross-domain convolutional neu-
ral network designed for the reconstruction of undersampled CMR
images, as shown in Fig. 9. The 𝐶3-Net alternates between restoration
and DC steps, incorporating a k-space subnetwork and an image subnet-
work. Both subnetworks leverage a 2D U-Net (Ronneberger et al., 2015)
as the backbone structure, featuring a sequence of complex-valued
encoding or decoding blocks.

Separate models were trained for the cine and mapping tasks. The
120 fully sampled multi-coil subjects were randomly divided into 90
for training, 10 for validation, and 20 for testing. The magnitude
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Fig. 10. The proposed model architecture by team Edipo(C12): BCRNN, CRNN, and
CNN units with a data consistency (DC) step for primary reconstruction. The low-cost
refinement module includes downsampling (DS), CNN, and upsampling (US) units.

of k-space data for each 2D slice was scaled to range from 0 to 1.
Training augmentation included random flipping along readout and
phase encoding directions. During training, the undersampling ratio
was randomly chosen between 4 to 12, and the equispaced undersam-
pling mask was generated dynamically. The central 24-phase encoding
lines were consistently fully sampled, and sensitivity maps were pre-
computed from the time-averaged autocalibration signal region using
ESPIRiT (Uecker et al., 2014). All subnetworks in the reconstruction
pipeline underwent joint end-to-end training, utilizing a mixed L1 and
SSIM loss. The training was conducted with an Adam optimizer for 50
epochs, employing a learning rate of 0.0001, 𝛽1 = 0.9, 𝛽2 = 0.999,
𝜖 = 10−8. The GitHub repository is accessible at: https://github.com/
qd9zb/CMRxRecon

In summary, the proposed 𝐶3-Net effectively integrates the complex
value of MR data and coupled information from both the k-space
domain and image domain within the model. This integration results
in a substantial improvement in image quality, particularly at high
acceleration rates.

4.8. C12 Edipo

The team Edipo(C12) investigate the use of a convolutional recur-
rent neural network (CRNN) (Qin et al., 2018) architecture and the
single-image super-resolution network, Bicubic++ (Bilecen and Aya-
zoglu, 2023) to exploit temporal correlations in supervised cine cardiac
MRI reconstruction. In their proposed end-to-end network, as shown
in Fig. 10, they introduced an additional bidirectional convolutional
recurrent unit (BCRNN) onto CRNN to specifically address motion
artifacts by further exploiting spatio-temporal correlations. Following
the CRNN module, a DC module was incorporated to enforce alignment
between the reconstructed k-space and the lines acquired from the
undersampled data. Lastly, a lightweight refinement module, inspired
by super-resolution networks, was extended to enhance image details
while maintaining a short reconstruction time. This comprehensive
framework effectively leverages spatio-temporal correlation to tackle
motion artifacts and aliasing artifacts, resulting in improved image
details while ensuring computational efficiency.

During the training process, only single-coil raw k-space data was
utilized. The provided training dataset included ground truth reference
data from 120 subjects, which the Edipo team split in a 90 ∶ 20 ∶ 10
ratio for training, evaluation, and testing, respectively. To enhance
the model’s robustness, they jointly trained the SAX and LAX data
during the training phase. The raw complex data were split into phase
and magnitude channels, serving as inputs to both the CRNN mod-
ule and the DC module. For detail refinement in the reconstruction,
the intermediate two-channel results were merged into single-channel
12 
Fig. 11. Architecture of the proposed double-stream cardiac MRI reconstruction
pipeline by team insightdcu(C15). Double-stream IFFT and CNN pipeline processes LAX
and SAX images separately. The denoising CNN1 and CNN2 are two identical UNET-
based models (GNA-UNET). AF4, AF8, and AF10 are abbreviations for acceleration
factors 4, 8, and 10, respectively.

magnitude data, which was then fed into the refinement module to
obtain the final reconstructed image. Training the model employed
the Adam optimizer (𝛽1 = 0.9, 𝛽2 = 0.999, weight decay = 0) and
L1 loss, along with SSIM loss, for 50 epochs. The initial learning rate
started at 3 × 10−4 and gradually reduced to 3 × 10−6 with the StepLR
scheduler. The GitHub repository for their work is accessible at https:
//github.com/vios-s/CMRxRECON_Challenge_EDIPO.

In summary, integrating a bidirectional CRNN with a DC module
and a super-resolution-inspired refinement module can effectively ad-
dress motion artifacts and improve image detail with computational
efficiency.

4.9. C15 insightdcu

The team insightdcu(C15) devised a double-stream pipeline to pro-
cess LAX and SAX data streams independently, as demonstrated in
Fig. 11. Notably, they focused their denoising CNN training exclusively
on ×10 undersampled images (AccF10), which exhibit the most promi-
nent aliasing artifacts. Their denoising pipeline employed a UNET-
based backbone named GNA-UNET, enriched with Group Normaliza-
tion (GN) and channel Attention layers on the image domain. This GNA-
UNET model adheres to the classical UNET architecture (Ronneberger
et al., 2015), featuring five encoder–decoder blocks and initiating
with 64 feature maps in the initial encoder block. Dropout layers
were strategically added for regularization. The authors conducted
an Ablation Study, revealing that the inclusion of GN layers led to
an approximate 2 dB PSNR gain when evaluated on a subset of the
training set. Additionally, the incorporation of channel attention (Gated
Channel Transformation: GCT) (Yang et al., 2020) layers resulted in
a performance gain, albeit of a lower magnitude (0.02 dB). The en-
coder block in the GNA-UNET model comprises conv_block(in_channels,
out_channels)→Dropout(p = 0.25)→MaxPooling2d(2,2) layers. The
conv_block includes conv2d(kernel_size=3, padding=1)→GCT→GN
(ng)→conv2d (kernel_size=3, padding=1)→GCT→GN(ng)→ReLU. Here,
GN(ng) represents a group normalization layer with the hyperparame-
ter ng = 8, determined in the Ablation study. The decoder block mirrors
the encoder block in reverse and involves a combination of the trans-
posed convolution layer ConvTranspose2d (kernel_size=2, stride=2,
padding=0)→conv_block. The total number of learnable parameters in
the GNA-UNET is 124,427,137.

To facilitate rapid experimentation, the team employed a random
sampling strategy, selecting 1000 LAX and 1000 SAX images for train-
ing from the whole dataset. The loss function utilized was MSE, and
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Fig. 12. The CineJENSE model proposed by the team of IADI-IMI(C17) consists of
two MLP networks, 𝑀𝜃 and 𝑀𝜓 , that receive hash grid encoded 2D+t coordinates as
input and predict complex image reconstructions and sensitivity maps, respectively.
The forward operator yields coil-expanded k-space predictions that are considered for
masked data consistency optimization at training time. At inference time, the inverse
mask is used to fill the missing lines of the acquired k-space data, and the final
reconstruction is obtained by coil reduction using the estimated sensitivity maps.

AdamW served as the optimizer with a learning rate of 0.001. The
model underwent training for 300 epochs to ensure convergence, with
no data augmentation applied during this phase. The batch size was set
to 2, and the images were resized to a 512 × 512 input resolution. The
images were normalized using a min–max method to the range of [0,
1].

In summary, the pivotal addition of Group Normalization layers in
the GNA-UNET model yielded the most substantial performance gain.

4.10. C17 IADI-IMI

The team IADI-IMI(C17) employs an Implicit Neural Represen-
tation (INR) backbone with multiresolution hash encoding (Müller
et al., 2022) for the task of multi-coil cine reconstruction. Their devel-
oped instance optimization method CineJENSE (Al-Haj Hemidi et al.,
2023), depicted in Fig. 12, draws inspiration from the physics model
JSENSE (Ying and Sheng, 2007) and is an adaptation of IMJENSE (Feng
et al., 2023), tailored for dynamic MRI and implicit sensitivity map
estimation.

The proposed model comprises two shallow MLP networks that
simultaneously predict a complex-valued intensity reconstruction and a
set of complex-valued coil sensitivity maps. A multiresolution hash grid
encodes spatial–temporal information, mapping 2D+t input coordinates
to a higher-dimensional encoding optimized for the task. The multi-
plication of outputs from both MLP networks results in coil-expanded
reconstructions, subsequently transformed into multi-coil k-space pre-
dictions through Fourier transformation. During training, predictions
are masked with the acquisition mask for DC evaluation, while at in-
ference time, predicted k-space lines of the inverse mask are considered
to fill the missing lines of the acquired data. Following an unsupervised
instance optimization approach, the model underwent validation on 20
healthy subjects from the training dataset, covering both SAX and LAX
cine for all acceleration factors. The proposed 2D+t model processed
slices independently following the physics model of JSENSE (Ying and
Sheng, 2007) while leveraging the temporal information of all cardiac
phases. Each undersampled multi-coil 2D+t k-space was scaled by the
maximum intensity of its sum-of-squared magnitude reconstruction.
The model was trained for 200 iterations using an Adam optimizer
(𝛽1 = 0.9, 𝛽2 = 0.99) with a learning rate of 1 × 10−2. To ensure k-
space fidelity and denoised intensity reconstructions, the model applied
Huber loss (𝛿 = 1.0) and total variation regularization, respectively. The
GitHub repository for their work is accessible at https://github.com/
MDL-UzL/CineJENSE.

In summary, CineJENSE presents a lightweight solution for simul-
taneous coil sensitivity estimation and cine reconstruction, harnessing
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Table 3
Evaluation results on cine of CMRxRecon challenge achieved by participants. The results
are reported in the format of mean ±standard deviation.

Rank TeamName SSIM PSNR NMSE

1 hellopipu 0.990 ± 0.002 46.873 ± 1.424 0.003 ± 0.001
2 Direct 0.988 ± 0.003 46.161 ± 1.381 0.004 ± 0.001
3 clair 0.986 ± 0.003 45.221 ± 1.536 0.005 ± 0.002
4 tjubiit 0.984 ± 0.003 43.791 ± 1.401 0.007 ± 0.002
5 imr 0.983 ± 0.003 43.635 ± 1.456 0.007 ± 0.002
6 Jabber 0.981 ± 0.008 35.777 ± 1.308 0.048 ± 0.017
7 SkoICIG 0.969 ± 0.006 41.133 ± 1.556 0.030 ± 0.006
8 Mataffine 0.967 ± 0.006 39.905 ± 1.371 0.014 ± 0.004
9 OREO 0.958 ± 0.007 37.730 ± 1.371 0.024 ± 0.009
10 feiwang 0.957 ± 0.024 39.196 ± 1.439 0.019 ± 0.007
11 Fast2501 0.951 ± 0.015 36.443 ± 1.905 0.077 ± 0.036

12 Edipo 0.946 ± 0.009 35.582 ± 1.313 0.037 ± 0.012
13 hkforest 0.945 ± 0.008 35.777 ± 1.309 0.048 ± 0.017
14 tsinghuacbir 0.923 ± 0.012 36.660 ± 1.361 0.030 ± 0.010
15 insightdcu 0.921 ± 0.015 34.449 ± 1.455 0.056 ± 0.022
16 Lyu lab 0.913 ± 0.019 32.812 ± 1.847 0.093 ± 0.051
17 IADI-IMI 0.911 ± 0.015 39.048 ± 1.822 0.025 ± 0.016
18 Fzu312lab 0.793 ± 0.098 25.387 ± 2.458 0.588 ± 0.344

spatiotemporal correlations to derive accurate reconstructions from
under-sampled k-space acquisitions without requiring fully-sampled
reference training data.

5. Statistical analysis and summary of challenge outcomes

5.1. Overall outcome

The challenge has attracted over 285 teams with more than 600
participants. These participants come from 19 countries and regions
worldwide. Our official website has received over 15,000 visits, with
more than 1100 users from 38 countries. We have evaluated over 1000
submissions during the validation phase (642 submissions for Task 1,
and 362 submissions for Task 2), and more than 500 of them have
received valid scores on the leaderboard and detailed log files. During
the testing phase, we received over 90 Docker images from 22 teams.
All the Dockers were successfully run by the organizers.

5.2. Quantitative and qualitative comparisons

Table 3 and Table 4 respectively reported the quantitative evalua-
tion results of cine and mapping reconstruction from different partici-
pated teams. Fig. 13, 14 , 17, 18 show the visualization of the top 5
teams of the two tasks (see Figs. 15 and 16).

The evaluation criteria used in this challenge include PSNR, SSIM,
and NMSE. For the final rankings, we considered the higher SSIM value
between the multi-coil and single-channel reconstruction results as the
final score for ranking. The mean SSIM of images reconstructed from
different undersampling rates (R4, R8 and R10) were chosen as the
ranking criteria respectively. Quantitative results indicate that the team
‘‘hellopipu’’ achieved outstanding performance across all metrics. A
further RMSE on mapping was evaluated between the myocardium part
of the ground truth and reconstructed images.

For the mapping task, a better SSIM on the original images does not
necessarily guarantee improved measurements of the mapping values.
For example, ‘‘clair’’ reached the second lowest RMSE among all the
teams but got third place according to both NMSE and SSIM in the
mapping task in Table 4.

5.3. Consensus on effective strategies

Tables 7 and 8 respectively outline the key characteristics of the
18 models for cine reconstruction and 11 models for mapping re-
construction. Although we did not specifically encourage teams to
perform multi-coil reconstruction, it is worth noting that the majority of
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Fig. 13. Performances of the top 5 teams in cine task with SAX view under acceleration factors of 4, 8, and 10. The SSIM of each team is listed in the bottom left corner.
Table 4
Evaluation results on mapping of CMRxRecon challenge achieved by participants. The results are reported in the format of mean ±standard
deviation.

Rank TeamName SSIM PSNR NMSE Mapping RMSE

1 hellopipu 0.987 ± 0.007 45.481 ± 2.705 0.004 ± 0.002 24.10 ± 1.554
2 Direct 0.984 ± 0.008 44.346 ± 2.600 0.004 ± 0.002 26.03 ± 1.312
3 (tie) clair 0.983 ± 0.008 43.937 ± 2.527 0.005 ± 0.003 24.61 ± 1.554
3 (tie) dbmapping 0.983 ± 0.008 44.004 ± 2.680 0.005 ± 0.003 27.35 ± 1.671
4 Jabber 0.977 ± 0.009 41.590 ± 2.333 0.008 ± 0.003 37.00 ± 2.694
5 whitealbum2 0.958 ± 0.012 38.176 ± 2.401 0.033 ± 0.008 56.32 ± 7.762
6 SkoICIG 0.963 ± 0.012 39.403 ± 2.436 0.030 ± 0.010 55.48 ± 8.514
7 Fast2501 0.934 ± 0.021 33.087 ± 2.255 0.069 ± 0.032 69.10 ± 10.81
8 imperial_cmr 0.899 ± 0.025 35.628 ± 2.329 0.065 ± 0.031 66.66 ± 3.293
9 IADI-IMI 0.812 ± 0.067 36.796 ± 2.512 0.026 ± 0.013 47.39 ± 4.758
10 sunnybrook 0.771 ± 0.085 33.690 ± 2.399 0.047 ± 0.025 60.16 ± 8.104
participating teams chose to use multi-coil data for reconstruction. The
teams demonstrated improved performance when utilizing multi-coil
reconstruction compared to single-coil approaches, which is within our
expectations. In this section, we provide the summary of several effec-
tive strategies to cope with CMRxRecon. These characteristics include
the backbone architecture, data standardization, data augmentation
14 
strategies, and whether a physical model is employed.

5.3.1. Loss function
The top 3 performance teams in both cine and mapping tasks all

include the SSIM in the loss function, which aligns with the evaluation
metrics of the challenge.
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Fig. 14. Performances of the top 5 teams in cine task with LAX viewunder acceleration factors of 4, 8, and 10. The SSIM of each team is listed in the bottom left corner.
As shown in Fig. 19, for cine reconstruction, MSE is the most com-
monly used loss function among participants, followed closely by SSIM,
MAE, and the composite loss function of MAE+SSIM, which jointly
occupy the second position. Additionally, some teams have devised
unique composite loss functions, such as MSE+TV, SSIM+MAE+MSE,
MSE+Charbonnier, SSIM+MAE+HEFN, and SSIM+MSE+Cross Entropy.

In the case of Mapping reconstruction, MAE and SSIM+MAE are
the two most frequently employed loss functions, accounting for half
of the participating teams. The remaining five teams have opted for
SSIM+MAE+HFEN, SSIM+MSE+Relaxometry, SSIM+MAE+MSE, and
MSE+TV, respectively.

5.3.2. Backbone architecture
Several teams utilized external models as backbones, including E2E-

VarNet, vSHARP, CAMP-Net, Unet, and Restormer, indicating a reliance
on established architectures in Tables 7 and 8. Both the first-place
winners of the two tasks utilized the E2E-VarNet (Sriram et al., 2020)
architecture network as backbones. The fourth-place winner of the cine
reconstruction task also use the E2E-VarNet as backbone. In addition,
UNet (Falk et al., 2019) architecture is the most common backbone
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network for both multi-coil and single-channel reconstruction. Con-
volution neural networks (CNNs) remains the most commonly used
backbone model by participating teams, but there are also teams that
utilized the Transformer architecture.

5.3.3. Multi-scale and multi-frame strategies
The majority of teams adopted advanced strategies that empha-

sized the fusion of multi-scale information and multi-frame training.
These approaches highlight the critical importance of integrating data
across various scales and timeframes into the modeling process. By
leveraging multi-scale information, teams such as TJUBIIT (C4) and
IADI-IMI (C17) were able to capture a broader range of features and
patterns, enhancing the model’s ability to generalize and adapt to
different conditions. Additionally, teams such as DIRECT(C2/M2), Clair
(C3/M3), TJUBIIT (C4), imperial.cmr(M9) and Edipo(C12) incorpo-
rated multi-frame training, which allowed for a more comprehensive
understanding of temporal dynamics and improved the model’s perfor-
mance in handling time-dependent variations and interactions within
the data.
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Fig. 15. Performances of the top 5 teams in T1 mapping task under acceleration factors of 4, 8, and 10. The SSIM of each team is listed in the bottom left corner.
5.3.4. Pre-processings
Regarding pre-processing, the majority of participating teams opted

for normalization of dividing by the maximum value, and a few utilized
the z-score normalization method. This step is particularly crucial in
the context of challenge, where the original signal intensity in k-space
tends to be markedly lower. Data normalization plays a pivotal role in
adjusting these intensities to a more suitable scale. This adjustment is
essential for the effective operation of activation functions and other
components within the neural network.

5.3.5. Adherence to physical measurements
Additionally, the vast majority of participating teams incorporated

the physical model, introducing a Data Consistency (DC) (Schlemper
et al., 2017) term into the model to ensure consistency between the
reconstructed results and the acquired data. In addition to utiliz-
ing real-collected k-space data for substitution during the reconstruc-
tion process, teams also incorporated various model-based methods
into their strategies. These included advanced techniques such as
ESPIRiT (Uecker et al., 2014) and JSENSE (Ying and Sheng, 2007) for
coil sensitivity estimation, as well as low-rank-based iterative methods
for image reconstruction.

5.4. Model complexity analysis

Recently, efficiency has garnered widespread attention in biomed-
ical image processing challenges. The efficiency of cardiac MRI re-
construction methods is particularly crucial in clinical applications.
16 
Although efficiency does not directly impact rankings, we conducted
a supplementary analysis of the complexity of the models from dif-
ferent teams. The testing programs submitted by participants were
executed on the same Linux workstation, equipped with an Intel(R)
Xeon(R) E5-2698 v4 processor (2.20 GHz base frequency, 40 cores),
256 GB of memory, and one NVIDIA® Tesla V100-DGXS-32 GB graphics
processors. In competitions such as FLARE’21 (Ma et al., 2022) and
ATM’22 (Zhang et al., 2023b), the runtime and maximum GPU memory
consumption are among the factors considered in the ranking score
calculation. Tables 9 and 10 document the maximum GPU memory
consumption and inference time costs for each team in the cine recon-
struction and mapping reconstruction tasks, respectively. Additionally,
in Fig. 20, we compare metrics based on efficiency. C2/M2 demon-
strates outstanding overall performance while maintaining a highly
level of efficiency. In contrast, C1/M1 exhibits longer processing times,
possibly due to the iterative algorithm employed, which may increase
the inference time costs. These findings suggest us that it may be
necessary to incorporate model complexity into the evaluation and
development of reconstruction methods.

5.5. Ranking stability analysis

We conducted a paired t test analysis during the final ranking stage.
This non-parametric test was performed to compare the distribution
of SSIM values between the highest-scoring model (hellopipu) and all
other models. As shown in Tables 5 and 6, the SSIM values from all
other methods were statistically significantly different from those of
hellopipu, with 𝑃 -value levels below 0.0001 (see Fig. 21).
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Fig. 16. Performances of the top 5 teams in T1 mapping task under acceleration factors of 4, 8, and 10. The SSIM of each team is listed in the bottom left corner.
Table 5
Statistical analysis for the cine task was performed using the paried t test. This non-parametric test compared the distribution of scores between the highest-scoring model (hellopipu)
and each of the other models individually. The resulting P-values are reported for each model comparison.

Team name hellopipu Direct clair tjubiit Imr Jabber
P-Value – 1.89 × 10−6 2.96 × 10−13 2.00 × 10−17 5.28 × 10−14 4.72 × 10−30
Team Name SkoICIG Mataffine OREO and CAFFE MOCHA and HCN feiwang Fast2501 Edipo
P-Value 3.35 × 10−27 4.88 × 10−30 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30
Team Name hkforest tsinghuacbir insightdcu Lyu lab IADI-IMI Fzu312lab
P-Value 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30 4.72 × 10−30
Table 6
Statistical analysis for the mapping task was performed using the paried t test. This non-parametric test compared the distribution of scores between the highest-scoring model
(hellopipu) and each of the other models individually. The resulting P-values are reported for each model comparison.

Team name hellopipu Direct clair dbmapping-Mapping Jabber whitealbum2
P-Value – 3.22 × 10−20 1.15 × 10−16 7.20 × 10−25 9.42 × 10−35 9.63 × 10−36
Team Name SkoICIG Fast2501 imperial_cmr IADI-IMI sunnybrook
P-Value 3.76 × 10−35 6.11 × 10−37 2.95 × 10−147 6.11 × 10−37 1.58 × 10−33
6. Discussion

The main goal of CMRxRecon is to provide an open platform for
challenge and establish benchmark in the field of cardiac MRI re-
construction in the era of deep learning. The CMRxRecon Challenge
has introduced the largest cardiac MRI reconstruction dataset tailored
for deep learning applications to date. However, cardiac MRI recon-
struction remains an open challenge for the research community. The
analysis of the winning solution from ‘hellopipu’ reveals that while
17 
significance has been made with PSNR, SSIM, and NMSE scored 46.873,
0.990, 0.003, and 45.481, 0.987, 0.004 for cine and mapping recon-
struction, respectively, the exploration into the nuanced recovery of
details within the reconstructed images remains challenging, especially
for higher undersampling factors. To better assess the application po-
tential of reconstruction models, it will be necessary to introduce some
patient data for testing. Specifically, based on the T1 and T2 values
calculated from the reconstructed images, ‘clair’, who ranked the third
place, has outperformed ‘Direct’ in terms of RMSE compared with the
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Fig. 17. The quantification performances of the myocardium are shown in T1 mapping. The histograms of the myocardium are shown. The top 5 teams in mapping tasks under
acceleration factors of 4, 8, and 10. The RMSE of each team is listed in the right bottom corner.
Table 7
Characteristics of the models from all participated teams in the cardiac cine reconstruction task. Abbreviation: Multi-Coil (MC), Single-Coil (SC), Flip (F), Rotation (R), Shift (S),
Data Consistency (DC), FT (Fourier Transform).

Team Backbone Data standardization Data augmentation Physical model

F R S Others DC Others

C1. hellopipu MC, E2E-VarNet (Sriram et al., 2020) Z-score Data balancing ✓ N/A
C2. Direct MC, vSHARP (Yiasemis et al., 2025) Max ✓ ✓ Multiple undersampling ✓ ADMM
C3. clair MC, CAMP-Net (Zhang et al., 2023a) Max N/A ✓ N/A
C4. tjubiit MC, E2E-VarNet (Sriram et al., 2020) Z-score ✓ ✓ N/A ✓ N/A
C5. imr MC, U-Net (Falk et al., 2019) N/A N/A ✓ N/A
C6. jabber MC, U-Net (Falk et al., 2019) Z-score ✓ ✓ N/A ✓ N/A
C7. SkoICIG MC/SC, U-Net (Falk et al., 2019) Z-score N/A ✓ N/A
C8. Mataffine MC/SC, U-Net (Falk et al., 2019) N/A N/A N/A
C9. OREO SC, Transformer (Vaswani et al., 2017) Max ✓ N/A ✓ N/A
C10. feiwang MC, MoDL (Aggarwal et al., 2018) Max N/A ✓ FISTA
C11. Fast2501 MC/SC, U-Net (Falk et al., 2019) Max ✓ Multiple undersampling ✓ ESPIRiT
C12. Edipo SC, CRNN (Qin et al., 2018) N/A N/A ✓ N/A
C13. hkforest MC/SC, DDPM (Ho et al., 2020) Max N/A ✓ N/A
C14. tsinghuacbir SC, CRNN (Qin et al., 2018) Max ✓ N/A ✓ N/A
C15. insightdcu SC, U-Net (Falk et al., 2019) N/A N/A N/A
C16. lyu lab MC, NAFNet (Chu et al., 2022) Max N/A ✓ N/A
C17. IADI-IMI MC, INN (Müller et al., 2022) Max N/A ✓ JSENSE
C18. Fzu312lab SC, U-Net (Falk et al., 2019) Max N/A N/A
18 



J. Lyu et al.

Fig. 18. The quantification performances of the myocardium are shown in T2 mapping. The histograms of the myocardium are shown. The top 5 teams in mapping tasks under
acceleration factors of 4, 8, and 10. The RMSE of each team is listed in the right bottom corner.

Fig. 19. Loss function adapted by all ranked teams in the cardiac cine (left) and mapping (right) reconstruction tasks.
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Table 8
Characteristics of the models from all participated teams in the cardiac mapping reconstruction task. Abbreviation: Multi-Coil (MC), Single-Coil (SC), Flip (F), Rotation (R), Shift
(S), Data Consistency (DC), FT (Fourier Transform).

Team Backbone Data standardization Data augmentation Physical model

F R S Others DC Others

M1. hellopipu MC, E2E-VarNet (Sriram et al., 2020) Z-score Data balancing ✓ N/A
M2. Direct MC, vSHARP (Yiasemis et al., 2025) Max ✓ ✓ Multiple undersampling ✓ ADMM
M3. clair MC, CAMP-Net (Zhang et al., 2023a) Max N/A ✓ N/A
M4. dbmapping MC, U-Net (Falk et al., 2019) Min-Max ✓ ✓ ✓ Gaussian noise addition ✓ Relaxometry
M5. jabber MC, U-Net (Falk et al., 2019) Z-score ✓ ✓ N/A ✓ N/A
M6. whitealbum2 MC/SC, MedNeXt (Roy et al., 2023) Z-score N/A N/A
M7. SkoICIG MC/SC, U-Net (Falk et al., 2019) Z-score N/A ✓ N/A
M8. Fast2501 MC/SC, U-Net (Falk et al., 2019) Max ✓ Multiple undersampling ✓ ESPIRiT
M9. imperial_cmr MC/SC, MoDL (Aggarwal et al., 2018) Max Multiple undersampling ✓ ESPIRiT
M10. IADI-IMI MC, INN (Müller et al., 2022) Max N/A ✓ JSENSE
M11. sunnybrook MC, U-Net (Falk et al., 2019) Z-score N/A ✓ Low-rank
Fig. 20. Comparison of top 10 teams on the inference times and evaluation metrics. The larger markers indicate more model parameters.
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round-truth mapping values 4. A 10× acceleration method can meet
linical requirements and outperforms SENSE/GRAPPA in the machine,
hich achieves a maximum of 3×. For atrial fibrillation or arrhythmias,
n 8∼10× acceleration seems feasible using the top three methods.

As shown in Tables 9 and 10, the inference time of hellopipu’s
odel is about 7 min and 6 min per case for cine and mapping tasks,

espectively, since hellopipu employs models with 111M parameters
or the cine reconstruction and 121M parameters for the mapping
econstruction. While not the highest parameter count reported, the
odel’s complexity could contribute to longer processing times. How-

ver, the inference time does not solely depend on the model size,
s demonstrated by other teams with larger models achieving faster
nference times. The CPU memory usage by ‘hellopipu’ is relatively
 C

20 
oderate in cine reconstruction and significantly lower in mapping
econstruction compared to the highest CPU memory usage reported.
owever, GPU memory usage is among the highest for both tasks,

ince they have incorporated the large foundation model as the Prompt
lock. Moreover, we just use one GPU in the testing stage. Ensuring
fficient inference when restricted to using just one GPU centers around
aximizing the computational efficiency and throughput of the avail-

ble hardware. This process involves a combination of optimizing the
odel itself and leveraging the specific capabilities and features of the
PU to full effect. Therefore, the trade-off between the reconstruction
erformance and the model’s extrapolation time remains a promising
esearch direction.

In a post-event survey, suggestions for future improvements to the
MR reconstruction challenge were received from 28 participants. A
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Table 9
Computational consumption and reconstruction performances of top 10 teams in the
cardiac cine reconstruction task.

Team CPU memory GPU memory Model para. Inference time

C1. hellopipu 21.97 GB 15.78 GB 111 M 15 h 49 min
C2. Direct 48.22 GB 18.3 GB 225 M 2 h 45 min
C3. clair 145.22 GB 2.88 GB 264 M 9 h 55 min
C4. tjubiit 119.31 GB 4.75 GB 27 M 3 h 43 min
C5. imr 22.18 GB 9.18 GB 28 M 3 h 59 min
C6. jabber 114 GB 3.15 GB 7 M 5 h 14 min
C7. SkoICIG 33.85 GB 9.96 GB 38 M 5 h 10 min
C8. Mataffine 23.5 GB 6.87 GB 25 M 3 h 17 min
C9. OREO 19.59 GB 3.97 GB 10 M 3 h 51 min
C10. feiwang 37.98 GB 4.21 GB 74 M 9h 43 min

Table 10
Computational consumption and reconstruction performances of top 10 teams in the
cardiac mapping reconstruction task.

Team CPU memory GPU memory Model para. Inference time

M1. hellopipu 10.2 GB 18.35 GB 121 M 13 h 34 min
M2. Direct 23.6 GB 18.08 GB 225 M 1 h 16 min
M3. clair 50.34 GB 5.64 GB 1100 M 7 h 27 min
M4. dbmapping 29.07 GB 14.09 GB 181 M 2 h 14 min
M5. jabber 48.55 GB 4.2 GB 7 M 30 min
M6. whitealbum2 159.52 GB 3.46 GB 19 M 2 h 9 min
M7. SkoICIG 17.12 GB 5.19 GB 38 M 2 h 20 min
M8. Fast2501 20.78 GB 1.94 GB 30 M 3 h 59 min
M9. imperial_cmr 46.26 GB 15.12 GB 35 M 51 min
M10. IADI-IMI 8.56 GB 3.3 GB 11 M 8 h 17 min

Fig. 21. Suggestions for future CMR reconstruction dataset from 28 participants in a
post-event survey.

total of 78.58% of teams expressed a desire for k-space data with
more contrast in future challenges. Additionally, 71.43% of teams
recommended the inclusion of multi-center cardiac data to enhance
the diversity of the dataset. Furthermore, 64.29% of teams hoped for
the availability of random sampling trajectory data, contributing to a
more comprehensive coverage of cardiac images under different scenar-
ios. The remaining 7.14% proposed other content. These suggestions
will contribute to optimizing future CMR challenges as well as public
datasets to better align with the needs from the participants. Our
next step involves expanding in the following areas as we continue to
organize several CMR reconstruction challenges in the future:

Providing diverse sampling trajectories. Instead of applying uni-
form sampling along the time dimension, better strategy should follow
random sampling, hence maximizing the information along the time
dimension. Such a refined strategy not only enhances the efficiency of
image acquisition but also contributes significantly to the integration
of CMR imaging into clinical workflows.

Expanding clinical generalization through multi-center and disease
specific Data. Our current dataset (Wang et al., 2023a) predominantly
consists of CMR data from healthy volunteers, obtained using equip-
ment from a single vendor in a single-center setting. Recognizing the
21 
limitations this imposes on the generalizability of data-driven models,
we are supposed to include a diverse range of pathological conditions
and data from multiple vendors and centers. This comprehensive inclu-
sion will pave the way for the development of robust models capable
of accommodating the variability inherent in clinical environments,
thereby enhancing the reliability and applicability of CMR across
different patient populations and diagnostic contexts.

Finding advanced evaluations for performance benchmarking. We
leveraged the SSIM as our evaluation for benchmarking in the current
challenge, which enables a precise comparison between the recon-
structed images and fully-sampled images. However, we acknowledge
the necessity of a more encompassing evaluation framework that goes
beyond mere image quality, such as inference time and the generation
of further parametric maps. Inference time, indicative of the speed at
which the models reconstruct images, is paramount in clinical settings
where timely diagnostics are critical. Moreover, the development and
analysis of parametric maps extend our capabilities beyond anatomical
imaging, offering insights into the functional and tissue characteristics
of the myocardium.

Trustworthy reconstruction on multi-contrast CMR imaging. We
aim to obtain data with more contrasts to achieve reliable and ac-
curate reconstructions. The complexity and diversity of CMR scans
in real-world applications, involving various contrasts, sampling tra-
jectories, scan orientations, equipment vendors, and disease types,
present a great challenge for existing AI-based reconstruction methods,
which are usually developed for only one or a few specific scanning
settings. In practice, there are often inevitable domain mismatches
between the training data and target data, due to the diversities listed
above (Ouyang et al., 2019; Knoll et al., 2019; Yang et al., 2023).
Therefore, building and validating universal and robust reconstruction
models for handling these diversities remains a critical technical chal-
lenge for multi-parametric CMR imaging (Ouyang et al., 2019; Liu
et al., 2021; Wang et al., 2023c; Tänzer et al., 2023). To accomplish
this, people may leverage a universal pre-trained reconstruction model
to handle the heterogeneity and intricacies of multi-contrast imaging,
ensuring high fidelity and trustworthiness in reconstructed results.

7. Conclusion

The CMRxRecon challenge offers a benchmark dataset comprising
multi-contrast, multi-view, and multi-coil raw k-space data with man-
ually annotated labels for cardiac anatomical structures. This dataset
enables the research community to actively contribute to the devel-
opment of deep learning-based cardiac MRI reconstruction algorithms.
Our paper provides a comprehensive overview of the challenge design,
presents a summary of the submitted results, reviews the employed
methods, and offers an in-depth discussion that aims to inspire future
advancements in cardiac MRI reconstruction models. The summary
highlights effective strategies observed in cardiac MRI reconstruction,
including backbone architecture, loss function, pre-processing tech-
niques, physical modeling, and model complexity, providing valuable
insights for further advancements in this field.
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