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Abstract

Integrating Deep Learning (DL) into medical imaging, particularly in Magnetic Resonance
Imaging (MRI), has marked a significant advancement in the field, enhancing the efficiency
and accuracy of tasks such as image reconstruction, segmentation, and quantitative parame-
ter map estimation. Despite these advancements, existing frameworks have limited support
to perform multiple tasks simultaneously, essential for optimizing the workflow from data
acquisition to analysis. Addressing this gap, we introduce the Advanced Toolbox for Mul-
titask Medical Imaging Consistency (ATOMMIC), a novel open-source toolbox designed
to facilitate the integration of multiple MRI tasks within a unified MultiTask Learning
(MTL) framework. ATOMMIC supports a wide range of DL models and datasets, allow-
ing for seamless and consistent execution of multiple tasks. By enabling joint task execution
and supporting complex and real-valued data, ATOMMIC allows to streamline various DL
applications in MRI reconstruction and analysis.

Keywords: Deep Learning, Magnetic Resonance Imaging, Image reconstruction, Image
segmentation, Multitask Learning

1. Introduction

The availability of large public datasets and sophisticated frameworks has facilitated the
rapid growth of Artificial Intelligence (AI) applications in medical imaging. Deep Learning
(DL) models can significantly accelerate the acquisition of Magnetic Resonance Imaging
(MRI) while improving the quality of reconstruction. DL techniques have also been ex-
tended to accurate and precise image segmentation and more complex tasks, such as end-
to-end quantitative parameter map estimation in MRI. These are pivotal steps toward the
clinical objective of segmenting or classifying a disease’s anatomy and pathology. Existing
AI frameworks for medical imaging often limit researchers on performing tasks indepen-
dently; e.g., the reconstruction and segmentation tasks, although related, meaning that the
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Figure 1: Schematic overview of ATOMMIC. An MRI dataset is given as input (bottom-
first tier). Next, High-level configurations are defined (second tier), such as undersampling
configurations, transforms, task(s), optimizers, schedulers, losses, trainer, and export. In the
Configuration (third tier), we can define the exact methods and parameters for training,
logging, and versioning through a YAML file. The output is the .atommic artifact (fourth
tier), containing the model checkpoints and configuration, which can be directly downloaded
and used for testing.

performance of a segmentation model will depend on the reconstruction quality of the in-
put image, cannot be performed simultaneously. The Medical Open Network for Artificial
Intelligence (MONAI) ((Cardoso et al., 2022)) is a widely used research framework that
integrates multiple medical imaging tasks, imaging modalities, and data types. However,
tasks can only be performed independently, and complex-valued data support is limited to
the reconstruction task. End-to-end AI solutions aim to build a multitask model that moves
from the acquired data directly to the objective. Here, intermediate tasks can be integrated
to improve performance and efficiency by minimizing the time overhead associated with
the execution of independent tasks (Adler et al., 2022). The challenges lie in the variations
in data structures, formats, and programming languages, which underscores the need for
comprehensive AI solutions in medical image analysis.

We propose the Advanced Toolbox for Multitask Medical Imaging Consistency (ATOM-
MIC), an open-source versatile toolbox integrating various MRI tasks, such as image re-
construction, image segmentation, and quantitative parameter map estimation. Using Mul-
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tiTask Learning (MTL), related tasks, such as reconstruction and segmentation, can be
performed jointly. The toolbox ensures consistency across models, supported datasets, and
training and testing methodologies, accommodating complex and real data formats. Train-
ing and testing DL models is straightforward using a single configuration YAML file with
options on MRI transforms, undersampling, and model hyperparameters, as illustrated in
Fig. 1. Nine publicly available datasets are supported, with complex and real-valued data
and twenty-five DL models. A detailed list of models and datasets is available in the Ap-
pendix (Table 1).

ATOMMIC is built on top of NVIDIA’s NeMo ((Kuchaiev et al., 2019)), a computa-
tionally efficient conversational AI toolkit that allows high-performance training and testing
with multiple GPUs, nodes, and mixed precision support. The code is available on GitHub1

under the Apache 2.0 license, fostering transparency, reproducibility, and collaborative re-
search in medical imaging.

2. Discussion

The Advanced Toolbox for Multitask Medical Imaging Consistency (ATOMMIC) is a valu-
able Deep Learning (DL) framework applied to various MRI tasks, including image re-
construction, image segmentation, and quantitative parameter map estimation. It uses
MultiTask Learning (MTL) for joint reconstruction and segmentation. Consistency in task
performance is ensured by harmonizing network implementations, hyperparameters, im-
age transformations, and training configurations, accommodating complex and real-valued
data support. We aim to empower the research community with a multitask DL frame-
work facilitating MR imaging for different tasks, allowing model sharing and standardized
pre-processing pipelines for public datasets. ATOMMIC can be expanded through the com-
munity to include essential tasks such as classification, registration, and motion correction,
ultimately creating a comprehensive end-to-end multitask framework that simplifies medical
image reconstruction and analysis.
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Karkalousos Išgum Marquering Caan

Janas, Elaine Johansen, Blaise V Jones, Florian Kofler, Dominic LaBella, Hollie Anne
Lai, Koen Van Leemput, Hongwei Bran Li, Nazanin Maleki, Aaron S McAllister, Zeke
Meier, Bjoern Menze, Ahmed W Moawad, Khanak K Nandolia, Julija Pavaine, Marie Pi-
raud, Tina Poussaint, Sanjay P Prabhu, Zachary Reitman, Andres Rodriguez, Jeffrey D
Rudie, Mariana Sanchez-Montano, Ibraheem Salman Shaikh, Lubdha M. Shah, Nakul
Sheth, Russel Taki Shinohara, Wenxin Tu, Karthik Viswanathan, Chunhao Wang, Jef-
frey B Ware, Benedikt Wiestler, Walter Wiggins, Anna Zapaishchykova, Mariam Aboian,
Miriam Bornhorst, Peter de Blank, Michelle Deutsch, Maryam Fouladi, Lindsey Hoffman,
Benjamin Kann, Margot Lazow, Leonie Mikael, Ali Nabavizadeh, Roger Packer, Adam
Resnick, Brian Rood, Arastoo Vossough, Spyridon Bakas, and Marius George Linguraru.
The Brain Tumor Segmentation (BraTS) Challenge 2023: Focus on Pediatrics (CBTN-
CONNECT-DIPGR-ASNR-MICCAI BraTS-PEDs). ArXiv, page arXiv:2305.17033v5,
February 2024. ISSN 2331-8422.

Oleksii Kuchaiev, Jason Li, Huyen Nguyen, Oleksii Hrinchuk, Ryan Leary, Boris Ginsburg,
Samuel Kriman, Stanislav Beliaev, Vitaly Lavrukhin, Jack Cook, Patrice Castonguay,
Mariya Popova, Jocelyn Huang, and Jonathan M. Cohen. NeMo: A toolkit for building
AI applications using Neural Modules, September 2019.

Kai Lønning, Patrick Putzky, Jan-Jakob Sonke, Liesbeth Reneman, Matthan W. A. Caan,
and Max Welling. Recurrent inference machines for reconstructing heterogeneous MRI
data. Medical Image Analysis, 53:64–78, April 2019. ISSN 1361-8415. doi: 10.1016/j.
media.2019.01.005.

Fausto Milletari, Nassir Navab, and Seyed-Ahmad Ahmadi. V-Net: Fully Convolu-
tional Neural Networks for Volumetric Medical Image Segmentation. In 2016 Fourth
International Conference on 3D Vision (3DV), pages 565–571, October 2016. doi:
10.1109/3DV.2016.79.

Ozan Oktay, Jo Schlemper, Loic Le Folgoc, Matthew Lee, Mattias Heinrich, Kazunari Mis-
awa, Kensaku Mori, Steven McDonagh, Nils Y. Hammerla, Bernhard Kainz, Ben Glocker,
and Daniel Rueckert. Attention U-Net: Learning Where to Look for the Pancreas, May
2018.

Aniket Pramanik and Mathews Jacob. RECONSTRUCTION AND SEGMENTATION
OF PARALLEL MR DATA USING IMAGE DOMAIN DEEP-SLR. Proceedings. IEEE
International Symposium on Biomedical Imaging, 2021:10.1109/isbi48211.2021.9434056,
April 2021. ISSN 1945-7928. doi: 10.1109/isbi48211.2021.9434056.

Klaas P. Pruessmann, Markus Weiger, Markus B. Scheidegger, and Peter Boesiger. SENSE:
Sensitivity encoding for fast MRI. Magnetic Resonance in Medicine, 42(5):952–962, 1999.
ISSN 1522-2594. doi: 10.1002/(SICI)1522-2594(199911)42:5⟨952::AID-MRM16⟩3.0.CO;
2-S.

Chen Qin, Jo Schlemper, Jose Caballero, Anthony N. Price, Joseph V. Hajnal, and Daniel
Rueckert. Convolutional Recurrent Neural Networks for Dynamic MR Image Recon-
struction. IEEE Transactions on Medical Imaging, 38(1):280–290, January 2019. ISSN
0278-0062, 1558-254X. doi: 10.1109/TMI.2018.2863670.

6



ATOMMIC: A framework to facilitate Deep Learning in Magnetic Resonance Imaging

Zaccharie Ramzi, Philippe Ciuciu, and Jean-Luc Starck. Benchmarking MRI Reconstruction
Neural Networks on Large Public Datasets. Applied Sciences, 10(5):1816, March 2020.
ISSN 2076-3417. doi: 10.3390/app10051816.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-Net: Convolutional Networks
for Biomedical Image Segmentation. In Nassir Navab, Joachim Hornegger, William M.
Wells, and Alejandro F. Frangi, editors, Medical Image Computing and Computer-
Assisted Intervention – MICCAI 2015, Lecture Notes in Computer Science, pages 234–
241, Cham, 2015. Springer International Publishing. ISBN 978-3-319-24574-4. doi:
10.1007/978-3-319-24574-4 28.

Jo Schlemper, Jose Caballero, Joseph V. Hajnal, Anthony N. Price, and Daniel Rueckert. A
Deep Cascade of Convolutional Neural Networks for Dynamic MR Image Reconstruction.
IEEE Transactions on Medical Imaging, 37(2):491–503, February 2018. ISSN 0278-0062,
1558-254X. doi: 10.1109/TMI.2017.2760978.

Anuroop Sriram, Jure Zbontar, Tullie Murrell, Aaron Defazio, C. Lawrence Zitnick, Nafissa
Yakubova, Florian Knoll, and Patricia Johnson. End-to-End Variational Networks for
Accelerated MRI Reconstruction. In Anne L. Martel, Purang Abolmaesumi, Danail
Stoyanov, Diana Mateus, Maria A. Zuluaga, S. Kevin Zhou, Daniel Racoceanu, and
Leo Joskowicz, editors, Medical Image Computing and Computer Assisted Intervention –
MICCAI 2020, Lecture Notes in Computer Science, pages 64–73, Cham, 2020. Springer
International Publishing. ISBN 978-3-030-59713-9. doi: 10.1007/978-3-030-59713-9 7.

Liyan Sun, Zhiwen Fan, Xinghao Ding, Yue Huang, and John Paisley. Joint CS-MRI Re-
construction and Segmentation with a Unified Deep Network. In Albert C. S. Chung,
James C. Gee, Paul A. Yushkevich, and Siqi Bao, editors, Information Processing in Med-
ical Imaging, Lecture Notes in Computer Science, pages 492–504, Cham, 2019. Springer
International Publishing. ISBN 978-3-030-20351-1. doi: 10.1007/978-3-030-20351-1 38.

George Yiasemis, Jan-Jakob Sonke, Clarisa Sanchez, and Jonas Teuwen. Recurrent Varia-
tional Network: A Deep Learning Inverse Problem Solver applied to the task of Accel-
erated MRI Reconstruction. In 2022 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pages 722–731, New Orleans, LA, USA, June 2022. IEEE.
ISBN 978-1-66546-946-3. doi: 10.1109/CVPR52688.2022.00081.

Jure Zbontar, Florian Knoll, Anuroop Sriram, Tullie Murrell, Zhengnan Huang, Matthew J.
Muckley, Aaron Defazio, Ruben Stern, Patricia Johnson, Mary Bruno, Marc Parente,
Krzysztof J. Geras, Joe Katsnelson, Hersh Chandarana, Zizhao Zhang, Michal Drozdzal,
Adriana Romero, Michael Rabbat, Pascal Vincent, Nafissa Yakubova, James Pinkerton,
Duo Wang, Erich Owens, C. Lawrence Zitnick, Michael P. Recht, Daniel K. Sodickson,
and Yvonne W. Lui. fastMRI: An Open Dataset and Benchmarks for Accelerated MRI,
December 2019.

Chaoping Zhang, Dimitrios Karkalousos, Pierre-Louis Bazin, Bram F. Coolen, Hugo
Vrenken, Jan-Jakob Sonke, Birte U. Forstmann, Dirk H. J. Poot, and Matthan W. A.
Caan. A unified model for reconstruction and R2* mapping of accelerated 7T data using

7
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Appendix

Table 1: Overview of natively supported tasks, models, and datasets in ATOMMIC. The
first column reports the supported tasks, which are MultiTask Learning (MTL), quantita-
tive MRI (qMRI), Reconstruction (REC), and Segmentation (SEG). The second column
reports the supported models, and the third column reports the publicly available datasets
supported.

Task Models Datasets

MTL

Image domain Deep Structured Low-Rank
Network (IDSLR) (Pramanik and Jacob, 2021)
Image domain Deep Structured Low-Rank UNet
(IDSLRUNet) (Pramanik and Jacob, 2021)
Multi-Task Learning for MRI Reconstruction
and Segmentation (MTLRS)
(Karkalousos et al., 2024)
Segmentation Network MRI (SegNet)
(Sun et al., 2019)

SKM-TEA
(Desai et al., 2022)

qMRI

quantitative Cascades of Independently Recurrent
Inference Machines (qCIRIM) (Zhang et al., 2022)
quantitative End-to-End Variational Network
(qVarNet) (Zhang et al., 2022)
quantitative Recurrent Inference Machines
(qRIM) (Zhang et al., 2022)

AHEAD
(Alkemade et al., 2020)
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REC

Cascades of Independently Recurrent Inference
Machines (CIRIM) (Karkalousos et al., 2022)
Convolutional Recurrent Neural Networks
(CRNNet) (Qin et al., 2019)
Deep Cascade of Convolutional Neural Networks
(CascadeNet) (Schlemper et al., 2018)
End-to-End Variational Network (VarNet)
(Sriram et al., 2020)
Independently Recurrent Inference Machines
(IRIM) (Karkalousos et al., 2022)
Joint Deep Model-Based MR Image and Coil
Sensitivity Reconstruction Network (JointICNet)
(Jun et al., 2021)
KIKINet (Eo et al., 2018)
Learned Primal-Dual Net (LPDNet)
(Adler and Oktem, 2018)
Model-based Deep Learning Reconstruction
(MoDL) (Aggarwal et al., 2019)
Recurrent Inference Machines (RIM)
(Lønning et al., 2019)
Recurrent Variational Network (RVN)
(Yiasemis et al., 2022)
UNet (Ronneberger et al., 2015)
Variable Splitting Network (VSNet)
(Duan et al., 2019)
XPDNet (Ramzi et al., 2020)
Zero-Filled reconstruction (ZF)
(Pruessmann et al., 1999)

AHEAD
(Alkemade et al., 2020)
CC359
(Beauferris et al., 2022)
fastMRI Brains Multicoil
(Zbontar et al., 2019)
fastMRI Knees Multicoil
(Zbontar et al., 2019)
fastMRI Knees Singlecoil
(Zbontar et al., 2019)
SKM-TEA
(Desai et al., 2022)
Stanford Knees
(Epperson et al.)

SEG

AttentionUNet (Oktay et al., 2018)
DYNUNet (Isensee et al., 2021)
UNet 2D & 3D
(Ronneberger et al., 2015)
VNet (Milletari et al., 2016)

BraTS 2023 Adult Glioma
(Kazerooni et al., 2024)
ISLES 2022 Sub Acute Stroke
(Hernandez Petzsche et al., 2022)
SKM-TEA
(Desai et al., 2022)
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