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Abstract. 4D Flow MRI provides quantitative cardiac phase resolved hemody-

namic assessment, however its clinical use remains limited due to long scan 

times. In this work, we train an unrolled deep learning network on a large dataset 

for 4D Flow MRI reconstruction. Our approach leverages complex convolutional 

blocks for improved phase reconstruction fidelity. Our models use feature-shar-

ing across the velocity encode, cardiac phase, and slice dimension and use ACS-

free sensitivity map estimation networks yielding impressive reconstruction re-

sults up to 50× acceleration factor. 

Keywords: MRI Reconstruction, 4D Flow MRI, Deep Learning for Inverse 

Problems 

1 Introduction 

4D Flow MRI quantitatively measures cardiac-phase-resolved blood-flow velocity vec-

tor fields. It has clinical applications in congenital heart disease, valvular disease, and 

cardiovascular surgical planning and follow-up [1]. However, widespread adoption re-

mains limited by long scan times [2] arising from high dimensionality cardiac-phase-

resolved volumetric coverage for three velocity-encoding directions and a background 

reference encode. 

Scan time can be reduced through k-space undersampling followed by parallel im-

aging [3, 4], compressed sensing [5, 6], or deep-learning reconstruction [7, 8]. In recent 

years, unrolled deep-learning networks have achieved the highest reconstruction fidel-

ity across multiple cardiac MRI modalities in the CMRxRecon benchmarks [9, 10]. 

CMRxFlow differs from prior CMRxRecon challenges in three important ways. It 

focuses exclusively on 4D Flow MRI, evaluates quantitative velocity fidelity from im-

age phase in addition to magnitude-based image quality, and includes acceleration fac-

tors up to 50× without a fully sampled autocalibration signal (ACS) region, compared 

with up to 24× with ACS in prior challenges. Beyond these acquisition demands, 4D 

Flow MRI is itself distinctive in both where its clinical information resides and how its 

data are structured: velocity information is encoded in image phase rather than 

https://orcid.org/0009-0008-5620-5597


2 A. Macintyre et al.  

magnitude, and the data are five-dimensional, spanning three spatial dimensions, car-

diac phase, and velocity encoding direction. 

Most deep-learning reconstruction networks represent complex-valued images as 

separate real and imaginary components processed by real-valued convolutions, which 

may limit performance in this natively complex application. Complex convolutional 

networks have shown improved phase fidelity [11], making them particularly relevant 

at high acceleration factors, where small phase errors directly produce velocity errors. 

4D Flow MRI contains substantial multidimensional redundancy. The same anatomy 

is imaged for the background reference and three velocity encodes, and across multiple 

cardiac phases. Fluid-flow physics connects these five dimensions through conserva-

tion of mass and momentum, as described by the Navier-Stokes equations. Prior net-

works have exploited subsets of this redundancy by jointly reconstructing all four en-

codes with feature sharing [12] or learning sparse temporal representations from tem-

porally incoherent sampling [13]. Although partial-volume effects, eddy currents, re-

sidual acceleration, and higher-order terms may produce departures from Navier-

Stokes-consistent flow, the governing equations still constrain the solution space. How-

ever, scarce fully sampled data and the curse of dimensionality make fully five-dimen-

sional networks difficult to train. The large data available in this new CMRxFlow chal-

lenge creates a new opportunity for architectures that exchange information across all 

dimensions. 

We therefore develop an unrolled reconstruction model architecture tailored to 4D 

Flow MRI. It jointly processes all velocity encodes and cardiac phases with feature 

sharing across these dimensions and incorporates adjacent spatial slices to promote 

flow-physics-consistent solutions. These operations connect velocity-encoding, tem-

poral, and spatial information while retaining limited receptive fields to avoid the even 

larger data requirements of a fully global five-dimensional network. To preserve phase 

fidelity, the model uses complex convolutions rather than real-valued convolutions ap-

plied to split real and imaginary inputs. Because joint sensitivity-map estimation can 

improve reconstruction [14], each cascade also includes a smaller, similarly constructed 

network that progressively refines cardiac-phase-resolved sensitivity maps using the 

initial and current estimates and an image residual. 

 We train and evaluate this model architecture on the multi-center CMRxFlow2026 

dataset and show strong reconstruction results up to 50× k-space undersampling factors. 

2 Methods 

2.1 Unrolled Reconstruction 

In undersampled MRI reconstruction, we seek to find an image that minimizes a cost 

function consisting of data consistency and a regularization term: 

 

 𝑥̂ = arg min
𝑥

‖𝐴𝑥 − 𝑦‖2
2 + 𝑅(𝑥)  (1) 

where the forward encoding operator 𝐴 = 𝑀𝐹𝑆, consists of receive coil sensitivity 

maps 𝑆, Fourier transform 𝐹, and the k-space undersampling mask 𝑀.   
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 In unrolled deep learning reconstruction, the inverse problem is solved iteratively; 

at each iteration a network learns an approximate proximal operator for the regulariza-

tion term 𝑅(𝑥) and the output goes through a data consistency step.  

 While the CMRxFlow2026 dataset provided pre-computed sensitivity maps, it has 

been shown that jointly estimating sensitivity maps can help improve reconstruction 

fidelity [11].  Prior CMRxRecon series winners [9, 10] performed sensitivity map esti-

mation using a network that took in the fully sampled ACS to derive sensitivity map 

corrections.   

In lieu of the ACS, at each cascade our model’s coil sensitivity map corrector 

(𝐶𝑆𝑀𝐶) takes in the provided sensitivity maps (𝑆0), the last cascade’s estimated sensi-

tivity maps (𝑆𝑖−1 ), the previous cascade’s image reference encode magnitude at each 

time point ( |𝑥𝑖−1
𝑟𝑒𝑓

|), a coil-wise sensitivity data consistency gradient from the last cas-

cade (𝑔𝑖−1,𝑐), and a conditioning vector (𝑐) based on k-space undersampling factor and 

encoded velocity polarity:  

 

 𝑆𝑖 = 𝑆𝑖−1 + 𝐶𝑆𝑀𝐶(𝑆0, 𝑆𝑖−1 , |𝑥𝑖−1
𝑟𝑒𝑓

|, 𝑔𝑖−1,𝑐 , 𝑐)    (2) 

  

where 𝑔𝑖−1 is defined as: 

 

 𝑔𝑖−1,𝑐 = (𝑥𝑖−1
𝑟𝑒𝑓

)
∗

⊙ 𝐹−1[𝑀(𝐹𝑆𝑖−1 𝑥𝑖−1
𝑟𝑒𝑓

− 𝑦𝑐
𝑟𝑒𝑓

)]      (3) 

 

In this expression, multiplying (𝑥𝑖−1
𝑟𝑒𝑓

)
∗
removes the current image estimation’s phase 

component, so the sensitivity gradient is phase-referenced to the current image.  This 

helps decouple the CSMC model which aims to learn the coil sensitivity phase from the 

image network which aims to learn the flow-dependent phase.  

While the provided sensitivity maps were constant over all cardiac phases, the 

CSMC predicts a residual update per cardiac phase, which can enhance performance as 

sensitivity can change due to B field fluctuations from cardiac motion [15].  

The CSMC was configured to output 10 coil map correction terms per cardiac phase, 

which was the number of coils for most scans in the TaskR1R2 dataset. For scans with-

out 10 coils, 𝑆0 was used at every unroll. 

Following sensitivity map estimation at each iteration, the image network strives to 

learn the noise which is subtracted from the input image to get the predicted image: 

 

 𝑎𝑖 ,  ℎ𝑖+1 = 𝑈𝑁𝑒𝑡(𝑥𝑖 , 𝐴𝑖
𝐻𝐴𝑖𝑥𝑖 , 𝐴0

𝐻𝑦,  ℎ𝑖 , 𝑚, 𝑐)      (4) 

 𝑥𝑝𝑟𝑒𝑑,𝑖 =  𝑥𝑖 − 𝑎𝑖  (5) 

 

Like PromptMR+ [10], our image correction UNet takes as input, not just the current 

image but the normal of the image estimate, the initial zero-filled image, a learned hid-

den state  ℎ𝑖 (where  ℎ0 is the zero-filled image), and a conditioning vector 𝑐. Addition-

ally, our network takes in the provided blood flow segmentation mask, 𝑚.   

 From 𝑥𝑝𝑟𝑒𝑑,𝑖, the next iteration’s image estimate comes from a data consistency step 

with the current image estimate and the measured data.  At each cascade, the data con-

sistency weighting term, 𝑤𝑖 , is learned, conditioned on the acceleration factor: 
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 𝑥𝑖+1 = 𝐸𝑖
𝐻[(1 − 𝑀)𝐸𝑖𝑥𝑝𝑟𝑒𝑑,𝑖 + 𝑀(𝑤𝑖𝐸𝑖𝑥𝑖,𝑝𝑟𝑒𝑑 + (1 − 𝑤𝑖)𝑦)] 

 

(6) 

 

Where 𝐸𝑖 is the fully sampled multi-coil encoding operator; 𝐸𝑖 = 𝐹𝑆𝑖 . 

 

2.2 Model Architecture 

 
Fig. 1. UNet-style architecture and its components. This architecture is used at every 

cascade by both the CSMC and image networks.  

 

At each cascade, unique parameters are learned for the coil sensitivity and image net-

works.  Both these networks are UNet-inspired [16] that consist of an input block, 2 

Down blocks, a bottleneck, 2 Up blocks and an output convolution.  The network ac-

cepts 3 image slices across all 4 velocity encodes and timepoints.  Outside of Context 

Blocks, image slices at each timepoint are processed independently, but the velocity 

encodes are processed together as separate channels. To account for intensity difference 

between scans, the initial image estimate is divided by a normalization factor to have 

mean magnitude 1. The output images are multiplied by this normalization factor to 

revert the scaling. 

 Both the sensitivity and image networks learn complex convolutions, with the phase-

preserving modReLU [17] activation function: 

modReLU(z) = {
(|z| + b)

z

|z|
,  if |z| + b ≥0

0, otherwise
 

(7) 

Inputs to the Down blocks first go through a stride 2, 2D in-plane convolutions to spa-

tially down sample and increase feature count. Then the down-sampled output is passed 



  

 Spatiotemporal Unrolled Complex Reconstruction for 4D Flow MRI 5 

through a ConvBlock2D, which consists of two 2D convolutional layers with Mo-

dReLU activation and channel attention.  From the context vector (which encodes the 

acceleration factor and velocity polarity), the complex outputs are transformed by a 

learned, real Feature-wise Linear Modulation (FiLM) [18] layer.  The last component 

of the Down block is the Context block. 

 While previous layers only acted on a single slice at one timepoint, the Context block 

modulates features through sharing features first across the cardiac phase dimension, 

and then the spatial dimension.  Temporal feature sharing is performed through 2 3D 

complex convolutional layers across the in-plane slice direction and cardiac phase di-

mension.  Along the cardiac phase dimension, the arrays are circularly padded to mimic 

the cyclical nature of the cardiac cycle.  In between these convolutional layers, there is 

pointwise channel mixing.  The output of the temporal block residually scales the input 

features to the temporal block. The slice mixer block also learns a residual scaling to 

the input block.  The input features first go through a 2D in-plane convolutional layer, 

and then the slice dimension is folded into the channel dimension. Pointwise channel 

mixing is used to share information between the features at every slice. The output is 

then reshaped to restore the slice dimension; these features residually scale the input 

features to the slice mixer. Real residual channel attention is used after both the tem-

poral and slice mixers.  

 The bottleneck inputs are through a ConvBlock2D, FiLM layer, and Context block.  

The input to the Up block is first bilinearly up-sampled, expanding the spatial size of 

the features.  After a pointwise convolution, the features from the Down block at the 

respective feature spatial size are concatenated, which are processed through a Con-

vBlock2D, FiLM layer, and context block.  After the 2 Up blocks, a pointwise convo-

lution yields the network output. 

 

2.3 Model Training  

Training was conducted using a single Nvidia H100 GPU.  Three models were trained, 

a large model used for Tasks R1, an intermediate-sized model for Tasks S1 and S2, and 

a lightweight model used for fast inference on Task R2. All models were trained on 118 

raw k-space scans from the CMRxFlow2026 TaskR1R2 training data set.  20 scans 

from this dataset were withheld for in-training validation. The large and intermediate 

models were trained using a combined complex L2 loss across the entire image plus 

two additional loss terms computed over the blood flow segmentation mask,  𝑚: 

 

𝐿𝑜𝑠𝑠 =  
‖𝑥−𝑥‖2

2

|𝑥|2+𝜀
+  𝜆1

∑ 𝑚|𝑥|2(∆𝜑𝑖)2
𝑖=1,2,3

(𝜋2 ∑ 𝑚|𝑥|2
𝑖=1,2,3 )+𝜀

+ 𝜆2
∑ 𝑚(|𝑥|−|𝑥|)2

∑ 𝑚|𝑥|2+𝜀
   (8) 

 

The second loss term is a magnitude-weighted phase difference loss. Here, 𝜑𝑖 is defined 

as the phase difference between the phase of the reference encode and the i-th velocity 

encode. ∆𝜑𝑖  is the difference between the phase difference in the predicted images and 

the reference images.  Since MRI noise is modeled as additive white Gaussian noise 

[19], at lower magnitudes, the expected phase difference error is higher.  The second 

loss term was designed so low magnitude phase error would not dominate the overall 
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loss. The third loss term is an image magnitude L2 term in the mask. The large and 

intermediate models were trained with 𝜆1 = 10 and 𝜆2 = 1. 

 The small model was trained only using complex L2 loss, with double weighting 

inside the blood flow segmentation mask. 

The intermediate model for Tasks S1 and S2 consisted of CSMC networks with 16 

base features and the image network with 48 base features at each cascade. The model 

was trained in stages: first a 15 cascade image network with one slice (i.e. no slice 

context) was pre-trained.  Then the CSMC networks were added and trained. Interior 

cascades were duplicated [9] to bring the cascade count to 28 and finally Slice Mixer 

blocks were added and 3 slices were used as input. The intermediate model has 85 mil-

lion total parameters.  Over these training stages, the learn rate was dropped from  

5 × 10−4 to 1 × 10−5.  The AdamW optimizer was used with small weight decay 

(0.005).  The large model for Task R1 was built off the intermediate model, duplicating 

the inner-most cascades, first to bring the model to 36 cascades, then finetuning and 

duplicating the new inner-most cascades to bring the final model to 45 cascades.  The 

learn rate was 1 × 10−5 for these training stages using AdamW optimizer with 0.005 

weight decay.  The final 45 cascade large model has 136 million parameters. 

For fast reconstructions on consumer-grade GPUs, a smaller model was trained for 

Task R2. This model omitted the CSMC networks and only had 2 cascades of image 

networks with 16 base features, totaling 144 thousand parameters. For faster inference, 

this model did not have Slice Mixer blocks and took in one slice only. This model was 

trained for 300 epochs with 5 × 10−4 initial learn rate and cosine learn-rate annealing 

using an AdamW optimizer with 0.005 weight decay. 

3 Experiments and Results 

 
Fig. 2.  The large model outputs at acceleration factors 10-50 on scans withheld from 

the training set.   Reference velocity encoding magnitude was plotted, overlaid with 

calculated blood flow speed.  No post-processing was performed. 
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Table 1. TaskR1 - Large Model In-Domain - Validation Results 

 SSIM NRMSE RelErr AngErr 

Center 7 0.9704 0.0316 0.2196 20.78 

Center 8 0.9919 0.0131 0.1868 17.64 

Center 10 0.9398 0.0519 0.2971 27.68 

Center 11 0.9667 0.0467 0.3179 32.06 

Center 12 0.9755 0.0259 0.2811 23.47 

Overall 0.9741 0.0286 0.2282 21.37 

 

Table 2. TaskR2 - Small Model In-Domain - Validation Results 

 SSIM NRMSE RelErr AngErr 

Center 7 0.9431 0.0504 0.3329 30.05 

Center 8 0.9728 0.0284 0.3353 31.02 

Center 10 0.9062 0.0686 0.3583 33.04 

Center 11 0.9301 0.0729 0.4045 39.01 

Center 12 0.9372 0.0425 0.3980 30.86 

Overall 0.9469 0.0467 0.3457 31.11 

 

 

 

 

Table 3. TaskS1 - Generalization to New Center and Diseases -Validation Results 

 SSIM NRMSE RelErr AngErr 

Center 6 0.9867 0.0397 0.2989 22.04 
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Table 4. TaskS2 – Generalization to New Anatomy - Validation Results 

 

 SSIM NRMSE RelErr AngErr 

Carotid 0.9983 0.0122 0.1773 18.26 

Cerebrovascular 0.9933 0.0201 0.3347 30.71 

Portal Vein 0.9873 0.0415 0.3764 32.66 

Renal Artery 0.9881 0.0341 0.3330 26.15 

Overall 0.9918 0.0270 0.3054 26.95 

Figure 2 shows strong qualitative reconstruction performance, even at high acceleration 

rates. Tables 1-4 show quantitative results on the official validation set for Tasks R1, 

R2, S1, and S2 respectively.  The evaluation metrics were calculated only within the 

flow segmentation mask.  SSIM and NRMSE were calculated from the magnitude im-

ages, while Relative Error (RelErr, a speed error metric) and Angular Error (AngErr) 

were calculated from the calculated velocity field maps. 

The large model was used for Tasks R1. Task R1 evaluated its performance on scans 

from the same center and anatomy (Aorta) as the training set. The intermediate-sized 

model was used for Task S1 and S2 inference. Task S1 consisted of the same anatomy, 

but new diseases at a center not seen in the training set. Task S2 consisted of 4D Flow 

MRI scans from different anatomies.   

 The smaller model was evaluated on Task R2, with the goal of providing faster re-

construction.  While the smaller model did not perform as well as the larger model, it 

still outperformed the baseline FlowVN [8] on 30 out of the 32 scans in the official 

TaskR1R2 validation set.  The smaller model was able to process a scan in under 10 

seconds, while the intermediate model took about 6 minutes per scan and the large 

model took about 10 minutes per scan on a Nvidia L40S.  

 

4 Discussion and Conclusion 

In this work, we present unrolled deep learning models for 4D Flow MRI reconstruc-

tion.  Using complex convolutions and feature sharing across the spatial, velocity en-

code, and cardiac phase dimensions our model can reconstruct scans with high qualita-

tive and quantitative performance at up to a 50× undersampling rate.  This was enabled 

using a large, multi-center training corpus. 

Some limitations of the current design are that this CSMC implementation was spe-

cifically for 10-coil input and therefore was not applied to scans with other coil config-

urations; this should be generalized for future use. Only 1 of 40 scans in the Task R1R2 

and 3 of 40 scans in the Task S2 did not have 10 coils, but all the scans in the Task S1 

validation set did not have 10 coils.  Furthermore, these models use a flow-region 
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segmentation mask as an input, which in practice would require reconstruction and seg-

mentation from a single cardiac phase before model inference; this may hinder clinical 

translation. The evaluation study did not include component-wise ablations, so the in-

dividual contributions of the proposed architectural and loss-function components can-

not be isolated from the present results. Additionally, our model sees a performance 

drop in quantitative velocity fidelity metrics when the model is evaluated on scans from 

another center and other anatomies.  This presents a key challenge for the clinical im-

plementation of deep learning 4D flow reconstruction algorithms, as models trained on 

a healthy cohort may not generalize to congenital heart disease anatomies.  To help 

alleviate these concerns, future work will explore training-data free approaches [20] 

and further methods to impose Navier-Stokes physics constraints. 
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