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What is dynamic MRI?

• Using BART’s definition*

*https://github.com/mrirecon/bart/blob/master/src/misc/mri.h 

} Spatial dimensions

} Coil dimensions

Sedona ‘13
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Everything else

Sedona ‘13
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What is dynamic MRI?

• Using BART’s definition*

*https://github.com/mrirecon/bart/blob/master/src/misc/mri.h 

} Spatial dimensions

} Coil dimensions

Everything else

• Physiological dynamics: cardiac motion, 
breathing, blood flow, bulk motion, …

• Signal dynamics: relaxation, dynamic 
contrast enhancement, …

https://github.com/mrirecon/bart/blob/master/src/misc/mri.h
https://github.com/mrirecon/bart/blob/master/src/misc/mri.h
https://github.com/mrirecon/bart/blob/master/src/misc/mri.h
https://github.com/mrirecon/bart/blob/master/src/misc/mri.h


Curse and blessing of dimensionality

https://medium.com/@gokcenazakyol/what-is-curse-of-dimensionality-machine-learning-2-739131962faf

Curse: exponential growth

ü Efficient sampling

ü Compact signal modeling

What we need

MRF dictionary ∝ 	𝑁!

Blessing: low-dimensional structure



Dynamic MRI Acquisition

Frame 1 Frame 2 Frame 3

For desired <1s temporal resolution
Can acquire only partial k-space in each frame

Courtesy Frank Ong
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High-res 3D dynamic MRI reconstruction

Vastly underdetermined

• Want ~100GB image from ~2GB k-space

Computation/memory demanding

Direct inverse recon. of a 5-minute scan 
with high frame-rate

Time

Courtesy Frank Ong



Sliding window reconstruction

Less underdetermined
Low temporal resolution

Time

Time

Direct inverse recon. of a 5-minute scan 
with low frame-rate Courtesy Frank Ong



Binning reconstruction

Cardiac Signal

Can be made fully-sampled
Only works for periodic dynamics

Cardiac Gated Reconstruction

Chris Sandino

Cardiac phase

Time

Courtesy Frank Ong



Compact signal models

• Model redundancy in the signal à reduced dimensionality
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Compact signal models

• Model redundancy in the signal à reduced dimensionality

IEEE ISBI 2007

Courtesy Rodrigo Lobos

= + + + +

Wang et al., IEEE TBI 2024



Low-Rank Models

= +++
time

noise

noisy low-rank denoised

sparse

+
low-rank

Zhi-Pei Liang, UIUC 
J. Haldar, USC
R. Otazo, Candes MSKCC/Stanford
J. Trzasko, Mayo Clinic
M Lustig, UC Berkeley
T. Zhang, Stanford

Courtesy Miki Lustig



Subspace constraints for dynamic imaging
Huang et al., MRM 2012
Zhao et al., IEEE TMI 2012
Zhao et al., MRM 2016
Tamir et al., MRM 2017
Asslander et al., MRM 2018
Zhao et al., MRM 2018
Dong et al., MRM 2020

time

Signal

time

Signal SVD

Basis Functions

Signal Evolution: 
Bloch equation

⋯
Subspace Recon.

Courtesy Berkin Bilgic



Subspace constraints for dynamic imaging

~30dB quieter than conventional sequences

Near-silent dynamic T1w MRI using Zero-TE 

Courtesy Shreya Ramachandran

2.9ms TR, ±31.25kHz BW, 3° FA, 1.4mm res, 1.1s/frame, Recon. Rank 16 

Resolving contrast uptake dynamics (1.1s/frame)
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Resolving T1 recovery dynamics

Time since prep [ms]

2.4ms TR, ±31.25kHz BW, 3° FA, 0.9mm res, Recon. Rank 3 

+ temporal subspace
+ locally low rank regularization
+ polynomial preconditioning 

Sedona ‘26 Poster # 125



Extending partial separability: spatiotemporal decomposition

Courtesy Rodrigo LobosLobos et al., ISMRM ‘25



Extending partial separability: spatiotemporal decomposition

Lobos et al., ISMRM ‘25 Courtesy Rodrigo Lobos
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Extending local low rank: multi-scale low rank

Ong et al., MRM 2020 Courtesy Frank Ong
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Extending local low rank: multi-scale low rank

Ong et al., MRM 2020 Courtesy Frank Ong

Scan time: 4m 40s

Temporal Res 580 ms

Matrix Size 392 x 318 x 165

Spatial Res 1 x 1 x 2.8mm3



Extending low rank: MR Multitasking

Christodoulou et al., Nature BME, 2018



Explicit signal (or motion) modeling

X Wang et al.,  RSTA 2021



Explicit signal (or motion) modeling

encoding
model
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k-space

…

parameter
maps

X Wang et al.,  RSTA 2021



Explicit signal (or motion) modeling

Courtesy Thomas Küstner

𝑥(𝑟, 𝑡) 	= Warp 𝜌 𝑟 , 𝑢 𝑡

,
Rueckert et al., MICCAI 2006
Lingala et al., IEEE TMI 2014
Huttinga et al., PBM 2020



Dynamic MRI with deep learning

• Use neural networks as either 
explicit or implicit priors
• + subspace constraints
• + explicit signal/motion model

Dynamic MRI – Sedona `26

AI NUFFT PS CS



Deep learning + subspace constraint

Courtesy Berkin Bilgic

time

𝑘!

𝑘"

time-decomposed
k-space data

training

validation

Ø when to stop training

[1] Y Jun, MRM’24
[2] B Yaman, ICLR’22
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Time (ms) 4131.4168.5 531.4 1068.5 1431.4 1968.5 2331.4 2868.5 3231.4 3768.5

Zero-Shot 
Deep Sub.

Conventional 
QALAS

168.5 ~ 900.0 1068.5 ~ 1800.0 1968.5 ~ 2700.0 2868.5 ~ 3600.0 3768.5 ~ 4500.0

Self-supervised AI recon
R=10 @ 1.15 mm iso in 1:40 min

time-resolved QALAS  

resolve 600+ echoes 

Courtesy Berkin Bilgic



33Department of Radiology

DeepGrasp: A unified All-in-One model for generalized 
4D radial MRI

Brain DCE
(3 Spokes/frame, 147 frames)

Neck DCE
(3 Spokes/frame, 180 frames)

Breast DCE
(3 Spokes/frame, 93 frames)

Liver DCE
(2 Spokes/frame, 500 frames)

Non-Contrast Liver
(2 Spokes/frame, 497 frames)

G
rid
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ep
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Prostate DCE
(3 Spokes/frame, 364 frames)

Lung DCE
(3 Spokes/frame, 364 frames)

• A single unified model based on self-supervised learning 
• 2 or 3 spokes per image frame (sub-second temporal resolution)
• Network training using 15,372 dynamic image slices

Pei H et al. Sedona ‘26 Courtesy Li Feng



Latent signal model

Arefeen et al., MRM 2023

+



Ours
Supervised 

CRNN
Self-supervised 

CRNN
fully-sampled 

data

12X

0.2

0

0.1

Supervised 
U-Net

[1] Juan Zou, Shanshan Wang*, et al., Bioengineering, 2022, 9(11): 650.

Dynamic MRI with Self-supervised learning 

Proposed self-supervised 
collaborative learning framework 

enables high-quality and fast 
dynamic MR imaging

Due to physiological motion and imaging speed limitations, fully sampled dynamic MRI data 
are generally unavailable.
The spatiotemporal correlation in dynamic MRI can be leveraged for self-supervised learning.

Courtesy Shanshan Wang



Quantitative MRI with self-supervised learning

F Liu et.al. MRM 2020 Courtesy Fang Liu



Generative model + explicit motion model

Motion parameters
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(x,ω) → p (x,ω|y)
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y = Aωx+ v

Levac et al., MRM 2024, Arefeen et al., ICIP 2025

No MoCo With MoCo Estimated motion params



Cardiac Imaging
AI accelerated cardiac functional assessment

[1] Küstner et al. Sci Rep 2020 [2] Xu et al. CMIG 2024 [3] Küstner et al. TMI 2021 [4] Ghoul et al. arXiv:2410.18834 2024 [5] Ghoul et al. TMI 2024 [6] Ghoul et al. ISMRM 2024 

Motion-compensated reconstruction
MC-A-LIKNet5

Image Registration
GMA-RAFT5

Cardiac Motion

Image

Image Reconstruction
A-LIKNet2

Image Analysis
MOPNet6

K-space Registration
LAPNet3,4
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AI: Scan (10s), Analysis (1s)

Conventional: Scan (4min 20s), Analysis (>5 min)
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Courtesy Thomas Küstner



Generative MR Multitasking for high-dimensional imaging
For imaging with multiple “time dimensions”, e.g., 𝐼(𝑥⃗, 𝑐, 𝑟, 𝑇!, … ) (cardiac, respiratory, inversion time, …)

Conditional variational autoencoder (CVAE) structure
Uses known pulse sequence timings 𝑇! 𝑡 , … as conditional inputs
Latent space represents unknown motion timings 𝑐 𝑡 , 𝑟 𝑡

Decoder Reconstructed
navigator data

Encoder
+ 

Disentangler

Time-resolved “navigator” data 𝑐(𝑡)

Pulse sequence timings 𝑇! 𝑡 , …
𝑟(𝑡)

Encoder learns motion timings
“Disentangler” module (filter bank + harmonic analysis) learns both:

cardiac phase          (timing),                                          for gated imaging mode
cardiac “amplitude”  (beat-to-beat functional variation),  for real-time imaging mode

Decoder learns an implicit neural representation of navigator data
Can be queried to generate data at arbitrary combinations of timings
    (e.g., for multicontrast/quantitative imaging)

Real-timeCine display mode:
Real-time

(respiratory-frozen) GatedMapping results:

Courtesy X. Fang and A.G. Christodoulou, UCLA



What really is “static imaging” ?



What really is “static imaging” ?

Courtesy Dong Liang

LIVE

LIVE
 Photo

Record the real moments 

Highly Undersampling

K 
space

Iteration

DUN-SRE Recon

MR LIVE Imaging



Real-time imaging + Real-time 
reconstruction



Gridding 
Reconstruction

Iterative 
Reconstruction 

Iterative +
Automatic ROVir

3.0mm3 Isotropic, 513.4 ms/frame, 40 slices
Real-time Reconstruction

12 iterations
30ms/iter

7 iterations
55ms/iter

Courtesy Prakash Kumar



MR SIGnature MAtching (MRSIGMA)

Siddiq S et al. MRM 2024 

• Real-time 3D MRI for the MR-Linac

• Motion learning
– Movienet
– Non-real-time

• Signature matching
• Real-time

… …

3D stack-of-stars (~5 min) motion dictionary

signatures: s1 sn…

matching instead of reconstruction

Courtesy Ricardo Otazo



MRSIGMA – tumor in the pancreatic head
• Elekta Unity 1.5T MR-linac, ~275ms/volume

tumor small bowelduodenum-stomach

Siddiq S et al. MRM 2024 
Courtesy Ricardo Otazo



Self-Supervised Learning for Cardiac Real-Time MRI 
with NLINV-Net1
No ground truth exists for real-time MRI

●SSDU2 training based on k-space data consistency
●Focus training loss on ROI around heart by ROViR3-CC
●Unrolled network based on RT-NLINV45
●end-2-end as coils are estimated jointly

(1) Blumenthal et al. MRM 2024 (2) Yaman et al. MRM 2020
(3) Kim et al. MRM 2021 (4) Uecker et al. MRM 2008 (5) Uecker et al. MRM Biomed 2010 Courtesy Martin Uecker



RELEASE THE FILES!

Courtesy Martin Uecker



Conclusion

• The field of dynamic imaging is…. Dynamic 😜

• Heavy focus on compact signal modeling (w/wo AI)

• Not discussed but equally important: efficient sampling/acquisition

• Please release code and data!
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