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Abstract. We propose a hierarchical multi-node/multi-GPU framework
for respiratory motion-resolved reconstruction of 3D non-Cartesian multi-
echo gradient-echo MRI. The core idea is a topology-aware, three-level
parallelization across the motion, echo, and coil dimensions: 1) we par-
tition motion states and echo times across nodes using a 2D process grid,
enabling row-wise (motion-coupled) and column-wise (echo-coupled) com-
munications; and 2) within each node, we further distribute coil compu-
tations across GPUs so that communication-intensive coil reductions are
carried out intra-node over NVLink via NCCL, while inter-node traffic is
limited to nearest-neighbor halo exchanges over CXI via MPI. This de-
sign removes the single-node memory ceiling that previously prevented
enlarged-FoV reconstructions and reduces end-to-end runtime by scal-
ing to many nodes/GPUs. Experimental results demonstrate that our
approach has the potential to make multi-dimensional reconstruction of
3D non-Cartesian abdominal MRI more practical and scalable.

Keywords: Distributed Computing · Asynchronous Optimization · Large-
Scale Reconstruction · 3D Non-Cartesian MRI · GPU Acceleration

1 Introduction

Recent advances in 3D non-Cartesian k-space sampling trajectories and respi-
ratory motion-resolved reconstruction have enabled free-breathing multi-echo
gradient-echo (mGRE) abdominal MRI and motion-resolved R2*, proton den-
sity fat fraction (PDFF) and quantitative susceptibility mapping (QSM) [9,10].
Clinical applications include the assessment of hepatic iron overload [6] and
the evaluation of fatty liver disease [13]. These techniques have been shown to
mitigate respiratory motion-induced confounding factors in quantitative tissue
parameter maps, benefiting pediatric patients and some adults unable to hold
their breath, while achieving high spatial resolution and accelerated imaging [8].
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r nuFFT Halo wait K ũk
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Fig. 1. Overview of the proposed hierarchical communication and execution scheme.
(a) Echo-motion process grid with inter-node halo exchange. (b) Intra-node coil-parallel
communication across GPUs. (c) Blocking execution. (d) Non-blocking execution that
overlaps halo exchange with local nuFFT computation.

Despite the acquisition advantages of full 3D non-Cartesian trajectories (e.g.,
3DPR, 3D Cones [4], FLORET [18], Yarnball [25]) over stacks of 2D non-
Cartesian readouts [23, 26], reconstruction of 3D non-Cartesian data remains
computationally demanding because the 3D encoding operator is non-separable.
Runtimes are prohibitively long for just-in-time reconstruction, often exceed-
ing the exam duration. Main computational bottlenecks include: 1) evaluating
the 3D non-uniform Fourier transform (nuFFT) and its adjoint across all coils,
echoes, and motion states per iteration, 2) reconstructing an enlarged field of
view (FoV) to mitigate aliasing from signals excited outside the nominal FoV by
nonselective excitations, and 3) subject-specific tuning of regularization parame-
ters that requires a grid search. Prior implementations [21,22] typically run on a
single multi-GPU node (e.g., 4-8 GPUs [15]), limiting scalability. Consequently,
pushing motion-resolved quantitative maps back to the scanner immediately af-
ter acquisition remains challenging.

In this paper, we propose a hierarchical, multi-node, multi-GPU framework
for motion-resolved reconstruction of 3D non-Cartesian mGRE MRI. As illus-
trated in Fig. 1, our contributions are: 1) topology-aware 3D decomposition—a
2D inter-node process grid partitions motion and echo dimensions (Fig. 1a) for
structured nearest-neighbor exchanges, while coils are split across local GPUs
(Fig. 1b); 2) cost-aware communication placement—expensive coil-wise reduc-
tions are confined to high-bandwidth intra-node GPU collectives (Fig. 1b), whereas
lighter boundary exchanges use inter-node MPI (Fig. 1a), minimizing cross-node
traffic; 3) non-blocking asynchronous execution—halo exchanges and collectives
overlap with nuFFT computations, reducing explicit waiting (Fig. 1c–d); and 4)
partition-aware I/O—each GPU loads only local data, lowering memory foot-
print and enabling enlarged-FoV reconstructions. We demonstrate scalability up
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to 36 compute nodes (144 GPUs). Source code, scripts, and example datasets are
available at https://github.com/MRI-Research/MultiNodeMRI-MICCAI26.

Related work. Most multi-GPU iterative methods accelerate reconstruction
by decomposing workloads along coils and, for dynamic settings, time/frames,
parallelizing nuFFT operations [7, 21, 22]. Gadgetron-based cloud reconstruc-
tion [5, 28], generic multi-node/multi-GPU frameworks [19], and BART [20, 27]
provide infrastructure for modular reconstruction, online deployment, pipeline
execution, and general MPI/multi-GPU support. In contrast, we partition a
single tightly coupled 5D non-Cartesian optimization problem internally across
echoes/motion-states while keeping coil reductions node-local. This topology-
aware process grid is tailored to halo exchanges induced by motion/echo regu-
larization and coil-summed adjoint nuFFT reductions, rather than dispatching
independent reconstruction jobs or pipeline blocks.

2 Theory

Respiratory Motion-Resolved Reconstruction of mGRE Data. Let E,
Q, and C denote the numbers of echoes, fully sampled (Nyquist-rate) k-space
samples, and receive-coil elements, respectively. During free breathing, incoher-
ently and continuously acquired non-Cartesian k-space samples are collected
as vectors ge,c ∈ CQ for e = 1, . . . , E and c = 1, . . . , C. Let T denote the
number of latent respiratory motion states used to bin these samples. Let π
be a permutation of {1, . . . , Q}, and let Pπ ∈ {0, 1}Q×Q be the correspond-
ing permutation matrix. Let bt = ⌈tQ/T ⌉ for t = 0, . . . , T . We define g̃e,c :=
Pπge,c = (g̃1e,c, . . . , g̃

Q
e,c)

⊤ such that samples assigned to motion state t form
g̃
bt−1+1
e,c , . . . , g̃bte,c for t = 1, . . . , T , so each bin contains at most ⌈Q/T ⌉ samples.

Let N be the image size, and let u1, . . . , uE ∈ CN ·T denote the desired vectorized
motion-state-resolved mGRE images. Kang et al. [9] proposed to minimize

JTVM-L2 =
∑E

e=1

∑C
c=1 ∥FScue − g̃e,c∥2W + λm

(∑E
e=1 ∥∆+

mue∥21
)1/2

, (1)

where Sc = diag{(s1c , . . . , sN ·T
c )⊤} is a diagonal matrix constructed from the

coil sensitivity vector (s1c , . . . , s
N ·T
c )⊤, and F : CN ·T → CQ is the nuFFT op-

erator [1, 3]. The weighted least-squares fidelity ∥FScue − g̃e,c∥2W is defined as
(FScue − g̃e,c)

HW (FScue − g̃e,c), where W = diag(w1, . . . , wQ) ∈ RQ×Q is the
diagonal weighting matrix formed from the density compensation factors. The
operator ∆+

m : CN ·T → CN ·T denotes the forward difference along the motion-
state dimension, and λm is a regularization parameter.

Let u := [u⊤
1 , . . . , u

⊤
E ]

⊤ ∈ CN ·T ·E and g̃c := [g̃⊤1,c, . . . , g̃
⊤
E,c]

⊤ ∈ CQ·E . Then,
Kang et al. [8] proposed the following 5D reconstruction model (3D spatial +
1D motion + 1D echo signal evolution):

JTVME-L2 =
∑C

c=1 ∥FScu− g̃c∥2W + λm∥∆+
mu∥1,2 + λe∥D∆+

e u∥1, (2)

https://github.com/MRI-Research/MultiNodeMRI-MICCAI26
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Algorithm 1 Asynchronous PDHG for Node (i, j), GPU ℓ

Require: u0
i,j , ū

0
i,j , {q0

c,i,j}c∈Cℓ ,p
0
i,j , tolerance ϵ,Kmax

1: for k = 0, 1, . . . ,Kmax − 1 do
2: Ru ← HaloStart(ūk

i,j) ▷ Async exchange along motion/echo
3: qk+1

c,i,j ← proxσf∗
c

(
qk
c,i,j + σFScū

k
i,j

)
, ∀c ∈ Cℓ ▷ Eq. (4a), Parallelized

4: HaloWait(Ru); pk+1
i,j ← proxσg∗

(
pk
i,j + σKūk

i,j

)
▷ Eq. (4b)

5: Rp ← HaloStart(pk+1
i,j ) ▷ Async exchange for KH

6: z
(ℓ)
i,j ←

∑
c∈Cℓ

(FSc)
Hqk+1

c,i,j ▷ Local partial adjoint

7: Rz ← AllreduceStartintra
(
z
(ℓ)
i,j

)
▷ Async Intra-node sum

8: HaloWait(Rp); wi,j ← KHpk+1
i,j

9: zi,j ← AllreduceWaitintra(Rz)
10: uk+1

i,j ← uk
i,j − τ(zi,j +wi,j); ūk+1

i,j ← 2uk+1
i,j − uk

i,j ▷ Eqs. (4c), (4d)
11: if ∥uk+1 − uk∥2/∥uk∥2 < ϵ then break
12: end if
13: end for

where Sc := diag(Sc, . . . , Sc) : CN ·T ·E → CN ·T ·E , F := diag(F, . . . , F ) : CN ·T ·E

→ CQ·E , ∆+
m := diag(∆+

m, . . . ,∆+
m) : CN ·T ·E → CN ·T ·E , and D = diag(∇, . . .

,∇) : CN ·T ·E → C3·N ·T ·E . In the weighted least-squares fidelity, W := diag(W, . . .
,W ) = IE ⊗W : CQ·E → CQ·E . A similar 5D formulation using wavelet trans-
forms was proposed in [10]:

JTVMW-L1 =
∑C

c=1 ∥FScu− g̃c∥2W + λm∥∆+
mu∥1 + λe∥Weu∥1 + λs∥Wsu∥1, (3)

where We and Ws are echo and spatial wavelet transforms, and λe, λs are regu-
larization parameters. These 5D reconstructions extend Eq. (1) and have demon-
strated improved performance in prior work [8, 10].

When applied to Eqs. (1)–(3), the primal-dual hybrid gradient (PDHG)
method [2] yields the following updates at iteration k:

qk+1
c = proxσf∗

c

(
qk
c + σFScū

k
)
, c = 1, . . . , C, (4a)

pk+1 = proxσg∗

(
pk + σKūk

)
, (4b)

uk+1 = uk − τ
(∑C

c=1 S
H
c FHqk+1

c +KHpk+1
)
, (4c)

ūk+1 = 2uk+1 − uk. (4d)

Here, each qc ∈ CQ·E is a dual variable for the data-fidelity terms, and p is the
dual variable for the regularizer. The operator K is ∆+

m for TVM-L2, [∆+
m;D∆+

e ]
for TVME-L2, and [∆+

m;We;Ws] for TVMW-L1; σ and τ are step sizes.

Blocking and Non-blocking Multi-Node/Multi-GPU Implementations.
We implement distributed PDHG on a 2D MPI process grid of size Ge×Gm that
partitions the echo and motion dimensions across nodes. This hierarchy increases
parallelism for fixed data dimensions (E, T,C) and reduces inter-node traffic by
confining communication-heavy coil reductions to high-bandwidth intra-node
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links (e.g., NVLink/NCCL), while using inter-node links (e.g., CXI) mainly for
nearest-neighbor halo exchanges induced by coupling operators. Each node (i, j)
owns a local image block ui,j for a contiguous subset of echo and motion indices,
containing all spatial points for that subset. Coil-dependent data and sensitivity-
map operations are partitioned across GPUs within the node. Within node (i, j),
let ℓ denote the local GPU index; GPU ℓ stores all spatial points for the local
echo-motion block but computes only on a local subset of coils, denoted by Cℓ.
During the adjoint nuFFT computation, intra-node collectives (allreduce) are re-
quired to accumulate the partial coil-wise contributions across GPUs. Since the
regularization operators in K are nearest-neighbor, evaluating Kūk and KHpk+1

requires only inter-node halo exchanges with adjacent nodes.
A single-node solver (Ge = Gm = 1) is often infeasible due to memory

limits. A synchronous multi-node implementation alleviates this but performs
blocking communication, causing GPU idling. To mitigate this, we propose an
asynchronous pipeline (Algorithm 1) mapping Eqs. (4a)–(4d) to our architec-
ture. The dual update (Eq. (4a)) is perfectly parallelized across local GPUs.
The primal update (Eq. (4c)) requires the coil-summed data-term adjoint zi,j .
Each GPU evaluates its partial adjoint z

(ℓ)
i,j =

∑
c∈Cℓ

(FSc)
Hqk+1

c,i,j and initiates
an asynchronous intra-node allreduce. This effectively hides the latency of this
reduction and inter-node halo exchanges for K and KH behind the dominant
nuFFT computations.

3 Experimental Methods

With IRB approval, three healthy volunteers (HV01-02) and two patients with
suspected iron overload (PT01-03) were recruited. Subjects were scanned on
a 3T scanner (SIGNA Architect, GE Healthcare) using a free-breathing 3D
mGRE Cones sequence [4, 11]. Imaging parameters were: initial TE/∆TE/TR
= 0.036/1.1/10.4 ms; #TEs = 6 (ETL/#shots = 3/2); FA = 3 to 4◦; in-plane
resolution 2 × 2 mm2, slice thickness = 2 mm, nominal FoVx = FoVy = 40 cm
and FoVz = 20 to 24 cm, rBW = 1,250 Hz/Px, readout duration = 0.668 ms,
#interleaves = 29,947 to 35,521, and scan time = 10 to 13 min. A non-selective
hard pulse was employed.

Reconstructions ran on a Cray HPC with Grace-Hopper nodes (four 96 GB
H100 GPUs/node), using NCCL over NVLink intra-node and MPI over CXI
inter-node. Software included Slurm, CUDA 12.x, and Cray MPICH. Unless
specified, experiments used an enlarged FoV doubling the nominal matrix size.
R2*, PDFF, and QSM were estimated from (2, 2) and (6, 6) grid reconstructions
using methods in [8–10].

Computational performance was evaluated using reconstruction runtime, mea-
sured as the wall-clock time of the iterative solver, and speedup, which quantifies
the relative runtime reduction across algorithm configurations. Memory scala-
bility was evaluated using the peak per-GPU memory footprint (VRAM), which
determines the feasibility of high-dimensional reconstructions. Numerical cor-
rectness was assessed using relative MSEs against reference reconstructions: Grid
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Table 1. Runtime (s) and peak per-GPU VRAM (GiB) on HV01.

Multi-Node Grid TVM-L2 TVME-L2 TVMW-L1
(e,m) #GPUs Time VRAM Time VRAM Time VRAM

(1,1) 1 – OOM – OOM – OOM
(1,1) 4 – OOM – OOM – OOM
(1,2) 8 772.32 86.7 – OOM – OOM
(2,1) 8 788.16 85.7 – OOM – OOM
(1,3) 12 526.77 61.3 575.10 85.0 – OOM
(3,1) 12 568.60 59.4 655.78 87.4 – OOM
(2,2) 16 404.43 48.1 449.49 67.6 1085.96 74.3
(1,6) 24 274.76 35.6 296.75 49.8 725.55 53.1
(2,3) 24 276.51 37.2 305.95 48.3 728.26 53.1
(3,2) 24 294.15 35.3 338.74 48.2 734.98 53.7
(6,1) 24 334.79 36.8 405.10 51.6 747.84 49.8
(3,3) 36 205.19 26.5 236.59 35.1 493.94 37.9
(2,6) 48 145.67 21.9 167.41 28.4 373.38 29.5
(6,2) 48 180.72 22.0 221.63 29.4 386.86 28.0
(3,6) 72 108.86 17.5 126.74 21.8 269.74 22.4
(6,3) 72 127.76 17.1 153.38 22.3 272.41 21.7
(6,6) 144 71.04 13.1 96.61 16.3 161.95 13.9

(1, 1) with 4 GPUs for the nominal FoV and Grid (2, 2) with 16 GPUs for the
enlarged FoV. ROIs were placed inside the object in R2*, PDFF, and QSM maps
to obtain measurements (mean ± sd) [8–10].

4 Experimental Results

Our 2D (Ge×Gm) partitioning bypasses single-node memory ceilings and scales
to many nodes/GPUs for 5D reconstructions. A single compute node (Grid (1, 1))
resulted in out-of-memory (OOM) failures due to the massive 5D operator mem-
ory footprint (Table 1). Echo-only (1D) partitioning imposes a hard scalability
limit, capping the system at 6 nodes (24 GPUs; 4 GPUs per node). By simulta-
neously splitting motion, the 2D grid reaches 36 nodes (Grid (6, 6); 144 GPUs).
The overall improvements in reconstruction time and peak per-GPU VRAM
from Grid (2, 2) to (6, 6) were 81.81 ± 2.04% and 76.55 ± 3.74%, respectively.

Furthermore, for matched distributed and reference reconstructions, the rel-
ative MSE was 3.4 × 10−15, corresponding to a relative RMSE of 5.8 × 10−8.
Mean absolute ROI-based element-wise differences in R2*, PDFF, and QSM
maps were approximately 10−5. Together with prior validation of the underlying
5D respiratory motion-resolved reconstruction models [8, 10], these results ver-
ify that the proposed distributed implementation preserves reconstruction and
quantitative-map outputs to floating-point numerical precision.

Crucially, multi-node scaling substantially reduces reconstruction times (Ta-
bles 1 and 2). Expanding from 16 to 144 GPUs reduces the highly complex
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Table 2. Runtime (s) and peak VRAM per GPU (GiB) on HV02 to PT03.

Subj Multi-Node Grid TVM-L2 TVME-L2 TVMW-L1
(e,m) #GPUs Time VRAM Time VRAM Time VRAM

(2,2) 16 355.44 47.3 403.06 66.7 1037.71 73.8
HV02 (3,3) 36 184.27 25.8 216.08 34.4 476.43 38.1

(6,6) 144 67.76 12.5 86.84 15.7 176.92 13.6

(2,2) 16 395.12 45.7 462.23 64.6 1039.82 71.4
PT01 (3,3) 36 206.65 25.0 227.22 33.4 470.95 36.9

(6,6) 144 67.93 12.7 82.10 15.7 185.20 13.7

(2,2) 16 401.22 45.6 453.16 67.0 1097.37 73.8
PT02 (3,3) 36 208.15 26.0 235.42 33.7 504.57 37.9

(6,6) 144 70.09 13.1 88.40 16.3 180.98 13.9

(2,2) 16 312.86 39.2 347.76 55.4 888.83 61.8
PT03 (3,3) 36 156.54 21.3 182.55 28.5 413.31 31.6

(6,6) 144 59.50 10.7 72.38 13.3 135.25 11.6

TVMW-L1 runtime from 14.8–18.3 min to 2.3–3.1 min. TVME-L2 drops from
5.8–7.7 min to 1.2–1.6 min. This facilitates the implementation of practical, just-
in-time, motion-resolved quantitative reconstruction workflows.

For a fixed node budget, the optimal (Ge, Gm) depends on the echo coupling
in regularization (L2 or L1). With L1 coupling, nearest-neighbor halos dominate
and runtime is largely grid-shape insensitive (Fig. 2). With L2 coupling, coupled-
dimension allreduce cannot be fully hidden and costs grow with echo splitting,
producing latency penalties: TVME-L2 increases from 296.8 s at (1, 6) to 405.1
s at (6, 1) (+36.5%), and from 167.4 s at (2, 6) to 221.6 s at (6, 2) (+32.4%)
(Table 1). These results suggest prioritizing motion splitting (maximize Gm)
and keeping the echo split Ge as small as memory allows.

To validate the effectiveness of our communication-hiding design, we evaluate
the strong-scaling speedup of the asynchronous pipeline against a synchronous
baseline using the TVME-L2 model. To explicitly establish a 1-GPU baseline
for this strong-scaling study, which is infeasible under the default enlarged FoV
due to memory limits, we scale the problem down to a nominal FoV.

TVME-L2 is a relevant stress test because it adds coupling-induced commu-
nication (e.g., halo exchanges and reductions) that can stall GPU streams at
scale if executed synchronously. Fig. 3 compares synchronous vs. asynchronous
speedup, computed as the 1-GPU runtime divided by the runtime at each GPU
count under identical FoV and solver settings. Up to 16 GPUs, the curves are
similar, indicating that compute (i.e., nuFFT/adjoint-nuFFT and proximal up-
dates) still dominates. At larger GPU counts, communication and synchroniza-
tion become stronger limiting factors, and communication–computation overlap
becomes increasingly beneficial: asynchronous execution reaches 42X vs. 35X
speedup at 72 GPUs and 52X vs. 41X at 144 GPUs, corresponding to approxi-
mately 20% and 26% higher speedup, respectively.
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and L2 MPI denotes MPI communication for the L2-coupled regularizer.

Fig. 4(a) shows that topology-aware configurations consistently outperform
topology-oblivious coil-only splits at matched GPU counts (e.g., 57.97 s vs.
171.19 s on 16 GPUs). Note that the next possible coil-only/topology-oblivious
configuration was 8 nodes/32 GPUs with a runtime of 176.84 s, whereas the
closest corresponding topology-aware configuration was 9 nodes/36 GPUs with
a runtime of 30.07 s. The 32-GPU coil-only point indicates saturation, lacking
improvement over 16 GPUs. Fig. 4(b) shows nuFFT operations remain the domi-
nant cost. Overlapped fractions are non-additive: at 144 GPUs, nuFFT accounts
for 68 ms (76.0%) of the 89 ms iteration. The gap between L2 MPI (19.0%) and
exposed halo wait (10.6%) indicates communication is successfully hidden, vali-
dating our strategy of restricting inter-node traffic to halo exchanges.
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5 Discussion and Conclusion

The proposed framework is highly extensible. First, it adapts to other inter-
connects (e.g., InfiniBand) via MPI/NCCL backends. Second, it allows flexi-
ble hardware allocation to resolve coil-count load imbalances by reallocating
a fixed GPU budget across more nodes, balancing the (Ge, Gm) grid. Third,
while evaluated on 144 GPUs, the 2D topology intrinsically scales to nodes
with more GPUs or larger echo/motion dimensions. Fourth, our implementation
uses a SigPy/CuPy nuFFT backend [16, 17]; however, the proposed paralleliza-
tion is backend-agnostic and can leverage gpuNUFFT [12], cuFINUFFT [24], or
torchkbnufft [14]. Finally, the framework is trajectory- and platform-agnostic.

The framework exhibited implementation-dependent performance gaps across
objectives. Notably, TVMW-L1 yielded consistently longer reconstruction times
than TVM-L2 and TVME-L2. This occurs because our current wavelet imple-
mentation utilizes ptwt from PyTorch alongside a CuPy-optimized pipeline,
leading to repeated framework conversions and synchronization overhead. Fu-
ture work will implement a GPU-native wavelet operator within a unified array
framework and pursue acceleration of complementary methods, such as low-
rank/subspace and physics-driven learned reconstructions.

In conclusion, our distributed multi-GPU framework resolves the computa-
tional and memory bottlenecks of 5D respiratory motion-resolved MRI. By com-
bining a 2D process grid with an asynchronous communication-hiding pipeline,
this scalable approach renders previously prohibitive reconstructions feasible.
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