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Abstract

Capturing accurate dynamic information of moving organs is
essential for functional assessment using non-invasive imag-
ing modalities. Achieving high temporal resolution visualiza-
tion of physiological processes remains a critical challenge
in dynamic magnetic resonance imaging (MRI) when recon-
structing from extremely limited acquisitions. We introduce
an unsupervised zero-shot reconstruction framework com-
bining Implicit Neural Representation (INR) with manifold
learning, capable of reconstructing dynamic MRI data at un-
precedented temporal resolutions (less than 10 ms per frame
for 2D imaging, less than 400 ms per frame for 3D imaging).
The framework employs learnable low-dimensional mani-
fold vectors to autonomously capture motion in real time di-
rectly from undersampled data, and dynamically condition
coordinate-based spatial representations to generate high-
fidelity image sequences. Through a novel spatiotemporal
coarse-to-fine (C2F) optimization strategy, our method out-
performs current state-of-the-art (SOTA) techniques across
multiple imaging scenarios, including cardiac, speech and
dynamic-contrast-enhanced (DCE) abdominal MRI, demon-
strating robust performance under challenging motion pat-
terns and contrast dynamics. The learned manifolds addition-
ally provide intuitive visualization of motion and contrast
evolution during imaging. These advances indicate strong
clinical potential for applications requiring extreme temporal
resolution while maintaining both anatomical and temporal
fidelity.

Code —
https://github.com/AMRI-Lab/INMR for DynamicMRI

Introduction
High-temporal-resolution visualization of dynamic physio-
logical processes via MRI remains a fundamental pursuit in
both research and clinical practice. Achieving diagnostically
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meaningful spatial resolution while improving temporal res-
olution is particularly crucial, as it enables reduced motion
artifacts and more precise characterization of rapid physio-
logical dynamics (Nayak et al. 2022). However, the physical
limitation of long proton relaxation time has restricted the
temporal resolution in basic fully-sampled dynamic MRI to
hundreds of milliseconds in 2D imaging or several tens of
seconds in 3D imaging (Uecker et al. 2010), which is not
enough for capturing motion like heartbeat or respiratory.

To overcome temporal resolution limitations in dy-
namic MRI, various reconstruction strategies for highly-
undersampled k-space data have been developed. Conven-
tional compressed sensing (CS) methods, incorporating both
data consistency and temporal regularization, can achieve
temporal resolutions of 30-55 ms for 2D in-vivo imaging
(Uecker et al. 2010) and several seconds for 3D imaging
(Feng et al. 2014). Subsequent advances through low-rank
matrix completion and subspace modeling have further en-
hanced temporal resolution capabilities. With spatiotempo-
ral low-rank regularization (Lingala et al. 2011), explicit
spatiotemporal low-rank structure (Zhao et al. 2012; Feng
et al. 2020) or low-dimensional manifold embedding of tem-
poral dynamics (Poddar and Jacob 2016; Nakarmi et al.
2017; Shetty et al. 2020; Ahmed et al. 2020), the complex-
ity of the CS-based optimization task is highly reduced, in-
ducing improved temporal fidelity performances at the tem-
poral resolution of 40 ms for 2D imaging (Ahmed et al.
2020) or sub-second for 3D imaging (Chen et al. 2024).
However, they typically require additional calibration scans
or sophisticated extraction of inherent data redundancies to
estimate the temporal priors for reconstruction calibration,
which may also introduce additional errors that degrade the
reconstruction quality.

Recently, supervised deep learning (DL) has achieved re-
markable success in dynamic MRI reconstruction (Wang
et al. 2016; Han et al. 2018; Qin et al. 2019; Qi et al. 2021;
Huang et al. 2021; Wang et al. 2023). However, its reliance
on fully sampled training data significantly limits its ap-
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plicability to ultrahigh-temporal-resolution imaging, where
acquiring reliable fully sampled datasets is fundamentally
infeasible. Alternatively, unsupervised zero-shot Deep Im-
age Prior (DIP) approaches have been explored for dynamic
cardiac imaging (Yoo et al. 2021; Zou et al. 2021, 2022).
These approaches leverage untrained convolutional neural
networks (CNN) as implicit regularizers. Nevertheless, their
performances for ultrahigh resolution remains constrained
due to the discrete nature of CNN (Wu et al. 2023).

Implicit Neural Representation (INR) has emerged as an
innovative and powerful paradigm for signal representa-
tion, where multi-layer perceptions (MLPs) learn continu-
ous functions from coordinates to the corresponding signal
intensities (Mildenhall et al. 2020; Müller et al. 2022; Feng
et al. 2024). The inherent continuity of INR provides strong
implicit regularization, enabling recent breakthroughs in
unsupervised dynamic MRI reconstruction for solving ill-
posed inverse problems (Huang et al. 2023; Spieker et al.
2023; Al-Haj Hemidi et al. 2024; Kunz, Ruschke, and
Heckel 2024; Huang et al. 2024; Feng et al. 2025; Catalán
et al. 2025). Notably, studies such as (Kunz, Ruschke, and
Heckel 2024; Huang et al. 2024) have demonstrated the po-
tential of INR for achieving approximately 20 ms in 2D
free-breathing cardiac MRI. However, current spatiotempo-
ral coordinate-based INR approaches exclusively rely on
network optimization to capture inter-frame dependencies,
requiring a single network to fully capture temporal dynam-
ics. This design results in significant computational over-
head and clinically impractical reconstruction times.

In this work, we propose a novel unsupervised zero-shot
method, Implicit Neural Manifold Representation (INMR),
for ultra-high temporal resolution dynamic MRI. To com-
pactly encode temporal information while preserving im-
plicit continuity across dynamic states, INMR employs an
MLP-based implicit function that takes spatial coordinates
and learnable low-dimensional manifold vectors as inputs.
These manifold vectors and the INMR function are jointly
optimized using a spatiotemporal coarse-to-fine (C2F) strat-
egy, which avoids suboptimal convergence in highly ill-
posed scenarios and eliminating the need for prior tempo-
ral calibration. We extensively evaluated INMR across di-
verse imaging scenarios, including periodic motion (free-
breathing cardiac MRI), aperiodic motion (speech articula-
tion MRI), and dynamic contrast variations (DCE abdominal
MRI). Results demonstrate that INMR outperforms unsuper-
vised state-of-the-art (SOTA) methods, delivering artifact-
free images with high temporal fidelity at temporal resolu-
tions below 10 ms for 2D and 400 ms for 3D imaging. Vi-
sualization of the optimized manifold vectors, through prin-
ciple component analysis or covariance matrices, confirms
their ability to effectively capture motion and contrast dy-
namics. Ablation studies further validate the effectiveness
and robustness of INMR.

The main contributions of this work are summarized as
follows:
• We propose INMR, a novel zero-shot unsupervised neu-

ral representation method for ultra-high temporal reso-
lution dynamic MRI, achieving unprecedented temporal
resolutions (<10 ms per 2D frame, <400 ms per 3D vol-

ume). INMR demonstrates superior convergence speed
and reconstruction fidelity compared to SOTA unsuper-
vised methods across diverse imaging scenarios.

• We introduce a novel framework that employs learn-
able low-dimensional manifold vectors to condition
coordinate-based neural representation, enabling effec-
tive capturing motion and contrast dynamics without re-
quiring prior calibration data.

• We develop a spatiotemporal C2F optimization strategy
that efficiently guides INMR training, ensuring robust
convergence while avoiding suboptimal solutions.

Background
Inverse problem in dynamic MRI reconstruction
The relationship between the acquired k-data and the dy-
namic MRI sequences can be formally described by the fol-
lowing model:

D = Fud + n, (1)
where d ∈ CN×T is the discretized spatiotemporal image
matrix for dynamic MRI sequence, D is the measured (k,
t)-space data. Fu is the forward MRI undersampling acqui-
sition operator with Fourier Transform, to simulate the phys-
ical acquisition of dynamic MRI. Where n represents zero-
mean acquisition noise.

Given the fact that recovering dynamic image sequence
from the highly-undersampled (k, t)-space data is an ill-
posed problem, we usually try to find the optimal d with
an iterative optimization problem:

argmin
d

1

2
‖Fud− D‖22 +R(d). (2)

Here, R(d) represents the regularization term of the opti-
mization framework for better convergence, such as tempo-
ral Total Variation (TV), etc.

Manifold learning for dynamic MRI reconstruction
Recently, the manifold learning strategy has been utilized
for dynamic MRI reconstruction (Zou et al. 2021; Ke et al.
2021; Zou et al. 2022), where a smooth manifold of low-
dimensional vectors z = [z1, z2, ...zT ] ∈ RL×T (L � N)
is introduced to represent the temporal frames in the dy-
namic MRI series. These approaches also employ a CNN-
based nonlinear mapping function Gθ, parameterized by θ,
to project manifold vectors into image space:

dt = Gθ(zt). (3)

In unsupervised manifold learning pipelines (Zou et al.
2021, 2022), both the manifold representation z and the
mapping function Gθ are jointly optimized for each data re-
spectively with the optimization framework of Eq. 2.

Spatiotemporal INR(stINR)-based dynamic MRI
reconstruction
Based on the definition of INR, the intensities of the dy-
namic MR images d are represented with the continuous
function fθ of the spatial coordinates x = [x1, x2, ...xN ]
and the temporal coordinates t = [1, 2, ...T ] in the previous
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Figure 1: The detailed architecture of INMR. Both the INMR function and the temporal manifold were jointly updated with
Data Consistency (DC) loss and Smoothness loss for zero-shot unsupervised reconstruction. A C2F optimization strategy was
enabled with both progressive activation masks for spatial features and progressive perturbation for temporal manifold.

stINR works (Feng et al. 2025; Kunz, Ruschke, and Heckel
2024; Catalán et al. 2025):

dθ =

 fθ(x1, 1) · · · fθ(x1, T )
...

. . .
...

fθ(xN , 1) · · · fθ(xN , T )

 . (4)

Here, fθ is the MLP-based representation function param-
eterized by θ. Then Eq. 2 can be transformed into a fitting
problem for optimal parameters θ using gradient-descent-
based optimizers from the undersampled k-data alone.

Method
Implicit Neural Manifold Representation (INMR)
Building upon principles from manifold learning and INR,
we introduce a novel Implicit Neural Manifold Representa-
tion (INMR) method for dynamic MRI reconstruction. Our
approach models dynamic MRI sequences using continuous
functions that simultaneously encode fixed spatial coordi-
nates x and learnable time-dependent manifold vectors z.
Thus, the image sequence d is rewritten as a modified Ca-
sorati matrix representation:

dθ,z =

 fθ(x1, z1) · · · fθ(x1, zT )
...

. . .
...

fθ(xN , z1) · · · fθ(xN , zT )

 . (5)

In contrast to the prior stINR-based works employing
fixed temporal indices as input, the input of learnable low-
dimensional manifold in INMR could encode more compact
temporal features, such as complex motion patterns and con-
trast dynamics. The implicit continuity of the representation
function could then generalize across these temporal states
rather than only adjacent frames, enabling robust reconstruc-
tion at ultra-high temporal resolution without any prior cali-
bration.

Thus the optimization procedure in Eq. 2 can be written
as:

argmin
θ,z

1

2
‖Fudθ,z − D‖22 +R(z), (6)

for the optimal solution of both the parameters θ of the func-
tion and the manifold vectors z in INMR.

Detailed framework and implementation of INMR
Fig. 1 illustrates the overall framework of INMR. In INMR,
we separate the inputs - the spatial coordinates and temporal
manifolds - into two paths, and then combine the features
from both paths with an MLP to output the real and imag-
inary parts of the image intensities. For the spatial path, to
enhance high-frequency spatial representation, we employ
hash encoding (Müller et al. 2022). This learnable encod-
ing scheme utilizes multi-resolution hash grids that progres-
sively store spatial features, achieving an optimal trade-off
between computational efficiency and representation con-
tinuity. As for the temporal path, a tiny mapping MLP is
adopted to map the manifolds into a comparable dimension
of the output of the spatial path, due to the smoothness of
the temporal information.

Spatiotemporal C2F optimization strategy To improve
both the continuity of the mapping function and the accuracy
of the learnt manifolds, a spatiotemporal C2F optimization
strategy is introduced in our framework.

As mentioned in the previous works (Li et al. 2023; Wang
et al. 2024), optimizing grids at all resolutions of hash en-
coding simultaneously frequently results in non-smooth lo-
cal optima. Such suboptimal spatial encoding not only dis-
rupts the continuity of mapping functions but also adversely
affects the temporal manifold optimization process. Thus,
we implement a spatial C2F optimization strategy (Feng
et al. 2025; Wu et al. 2025) wherein finer grid levels are
sequentially activated throughout the training procedure.
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Similar convergence failures in temporal manifold opti-
mization may also lead to discontinuous solutions. Drawing
inspiration from the reparameterization trick in Variational
Autoencoders (VAE) (Kingma and Welling 2019), we en-
force manifold continuity during optimization through a pa-
rameterized Gaussian distribution:

zt = µt +Σtε, (7)

where ε ∼ N (0, I) represents isotropic Gaussian perturba-
tion. This strategy enables Monte-Carlo optimization of the
manifold vector expectations µt at each temporal point t.
The covariance matrix Σ = σI is progressively annealed
according to our C2F paradigm, with the deterministic man-
ifold expectations µt being exclusively utilized upon con-
vergence. Finally, after the completion of the optimization
process, we utilize exclusively the deterministic manifold
expectations zt = µt as the input for INMR.

Loss functions Following Eq. 6, two loss functions are
included in this framework for unsupervisedly learning the
parameters of the representation function and the manifold
vectors:

LTotal = LDC + λLSmooth. (8)

Here, λ serves as a regularization hyperparameter to tune
the effect of smooth loss. The further details about these two
losses can be found in the supplementary material.

Experiments
Datasets
We applied the proposed method on three different high-
temporal-resolution MRI application scenarios including
free-breathing cardiac MRI, speech MRI and DCE abdom-
inal MRI, covering a general range from multiple periodic
motion, non-periodic motion and mix of periodic motion and
contrast dynamics. The general information of the datasets
is listed below.

Free-breathing cardiac MRI data A numerical phantom
was simulated with quasi-periodic respiratory and irregu-
lar heartbeat to emulate the clinical settings. A 2D golden-
angle radial sampling scheme (Feng 2022) was implemented
across 160 temporal frames, with each radial spoke repre-
senting an acquisition time of 3 ms and 2 spokes per frame.

This study additionally incorporated in-vivo free-
breathing cardiac MRI data acquired from three healthy vol-
unteers under institutional review board approval. For each
temporal frame, data from a single spiral arm (acquisition
window of 8 ms) (Luo et al. 2025) were utilized, with a total
of 600 frames reconstructed per data. Due to the page limit,
the results were included in the supplementary material.

Speech MRI data An open-source speech MRI dataset
from (Lim et al. 2021) was included in this study. It pro-
vided 2D spiral GRE k-data of the vocal tract with different
stimulus tasks. From this dataset, we reconstructed imaging
data from 10 participants performing 4 distinct speech tasks
each. The reconstruction utilized single-spiral-arm data per
temporal frame (6 ms/frame), yielding a total of 3000 frames
for evaluation.

Abdominal DCE MRI data Two abdominal DCE MRI
data of the healthy volunteers were downloaded from the
website of CA2R for this study (Feng et al. 2018). Each 3D
volumetric dataset comprised 48 slices reconstructed from
800 stack-of-stars (SOS) radial spokes (Feng et al. 2018),
with temporal frames generated by binning 2 spokes per
frame (temporal resolution of around 345.6 ms).

Compared methods
In this work, we compared our framework with 5 methods:
NUFFT, GRASP (Feng et al. 2014), GRASP-Pro (Feng et al.
2020), Time-Depend DIP (TDDIP) (Yoo et al. 2021) and
Fourier-feature MLP (FMLP) (Kunz, Ruschke, and Heckel
2024). NUFFT directly zero-filled the acquired k-space,
demonstrating the reconstruction challenges at ultrahigh
temporal resolution. GRASP is a CS-based reconstruction
method employing temporal TV as the regularizer. GRASP-
Pro represents an advanced CS-based method that incorpo-
rates a subspace model specifically designed for highly ac-
celerated dynamic MRI. TDDIP is a SOTA, scan-specific
unsupervised reconstruction method based on DIP. FMLP
is a SOTA INR-based method designed for high-temporal-
resolution free-breathing cardiac MRI, and employs fixed
temporal indices as network inputs.

Evaluation metrics
Both qualitative visual evaluation and quantitative evalua-
tion were included. For the simulated free-breathing car-
diac data, frame-wise average quantitative metrics includ-
ing Peak Signal-to-Noise Ratio (PSNR) and Structural Sim-
ilarity Index Measure (SSIM) were calculated. For the rest
in-vivo data, due to the lack of reference images, tempo-
ral profiles were visualized to analyze the temporal blur-
ring. Specifically, due to the significance of the enhance-
ment quantification in DCE MRI, temporal region of inter-
est (ROI) intensity analyses were conducted with the refer-
ence of NUFFT results. Although strongly contaminated by
the streaking artifacts, the ROI-averaged intensities of the
NUFFT results were still suitable to assess temporal fidelity
(Chen et al. 2024).

Also, in order to evaluate the effectiveness and inter-
pretability of the optimized manifold vectors, we visualized
the first several components of the manifold after principal
component analysis (PCA). They were compared with the
temporal profiles to prove the correspondence to the tem-
poral motion/contrast information. As for the liver dataset,
the projection of the self-navigator (the 1D inverse Fourier
projection from the central k-space points of the SOS acqui-
sition) was used to extract respiratory motion (Feng et al.
2018) for comparison.

Results
Results on free-breathing cardiac data
In Fig. 2, we visualized the comparison results on the simu-
lated free-breathing cardiac data with the acceleration factor
(AF) of 128. According to the figure, our proposed method
appears to have the best spatial details and the most ac-
curate temporal fidelity among the compared methods at
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Figure 2: The comparison results on the simulated free-breathing cardiac data with a simulated resolution of 6 ms/frame. The
red arrows highlight the physiological structures where the proposed method demonstrates the best performance, while the
orange arrows emphasize the area where the superior performance of the proposed method capturing the respiratory motion.
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0

TDDIPNUFFT

t
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Figure 3: The comparison results on the speech data. The reconstruction results of 1 spiral arm per frame (6 ms per frame)
from the free speech task are visualized. The red arrows highlight the physiological structures where the proposed method
demonstrates the least motion blurring.

such high AF. In comparison, NUFFT results do not contain
enough cardiac structures, while GRASP results strongly
suffer from streaking artifacts. GRASP-Pro can reduce the
effects of artifacts spatially, but the temporal motion is not
correctly preserved. Both TDDIP and FMLP show compara-
ble results towards the proposed method, but they do not pro-
vide sharp spatiotemporal physiological structures as indi-
cated by the red arrows. Furthermore, TDDIP cannot match
the proposed method in capturing the respiratory motion as
pointed out by the orange arrows. The quantitative metrics
support our observation, where our proposed method leads
the comparison with the highest PSNR of 33.93 dB and the
highest SSIM of 0.921.

Results on speech data

We visualized the speech MRI reconstruction results from
the acquisition of 6 ms per frame in Fig. 3 for free talk task
and in supplementary material for repeated stimulus task. In
both tasks, NUFFT fails to provide any meaningful struc-
tures due to severe artifacts, the results from GRASP are
highly affected by noise and TDDIP totally fails on recon-
structing reasonable motion. As for GRASP-Pro, FMLP and
the proposed method, all of them produce spatially clean re-
sults, but as pointed out by the red arrows, neither GRASP-
Pro nor FMLP can prevent motion blurring as the proposed
method.

Results on free-breathing 3D DCE abdominal data

For the DCE liver dataset, the visual comparisons are
demonstrated in Fig. 4a and 4b. According to these figures,
the anatomical details of the vessels are clearly visible in the
reconstructed images of the proposed method. However, se-
vere streaking artifacts and noises can be observed in the re-
constructed images from NUFFT and GRASP. The results
from GRASP-Pro demonstrate worse artifact suppression
and motion blurring level than the proposed method, and it
cannot capture respiratory motion as accurately as the pro-
posed method in the temporal profiles. As for TDDIP and
FMLP, extreme oversmoothness and inaccurate respiratory
motion are witnessed. The ROI signal intensity curves in
Fig. 4c suggest a better temporal fidelity of the proposed
method against GRASP-Pro, which is the only available
golden standard at such extreme AF.

Fig. 5 presents the PC curves of the manifold, comparing
them with respiratory motion and contrast dynamics. The
first PC of the optimized manifold shows strong agreement
with respiratory motion derived from self-navigator projec-
tions, even during irregular breathing patterns. Additionally,
the second and third PCs align with the wash-in/wash-out
transitions of both the aorta and portal vein, particularly at
key turning points. These findings highlight the optimized
manifold’s ability to extract clinically relevant features from
complex temporal dynamics.
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Figure 4: a. The comparison results with acquisitions of 345.6 ms per frame on the 3D DCE abdominal data. The red arrows
highlight the vessels where the proposed method demonstrates the least motion blurring and artifacts. b. The representative
stacked z-direction profiles of the compared methods. The pink dashed lines help highlight the respiratory motion between two
frames. c. The ROI intensity curves of NUFFT, GRASP-Pro and the proposed results. The red arrows highlight where INMR
shows better temporal fidelity than GRASP-Pro.

Reconstruction time
Table 1 demonstrates the mean time consumptions of each
compared method on all the datasets. For all the datasets,
INMR takes significantly shorter time than the compared un-
supervised DL-based learning methods TDDIP and FMLP.

Ablation studies
Effectiveness of manifold learning In contrast to stINR
frameworks, the key innovation of INMR is to model the
temporal dynamics with learnable manifold vectors rather
than fixed temporal indices. To evaluate the effectiveness
of the manifold strategy, we conduct an experiment on the
simulated cardiac dataset. For stINR implementation, we
adopted the architecture from (Feng et al. 2025) with the
identical hash encoding configurations. All the evaluations
were limited to 40 frames from one cardiac cycle, due to
stINR’s GPU memory constraints. For INMR, the models
were trained with both data of one cardiac cycle and 4 car-
diac cycles (160 frames) for thorough comparisons.

Table 2 compares the quantitative performance of the two
strategies. With the same training data from single cardiac
cycle, INMR outperforms stINR in PSNR by 2 dB but suf-
fers a slight 0.05 decrease in SSIM. However, when trained
on data from 4 cycles, INMR achieves superior results, with
a 3.8 dB increase in PSNR and a 0.008 improvement in
SSIM, while using less than half the GPU memory of stINR.
These results demonstrate that, although INMR requires suf-
ficient training samples to optimize the manifold, it delivers

more consistent and high-quality denoising than stINR with
lower computational overhead. This efficiency makes INMR
particularly advantageous for long acquisition sequences.

Effectiveness of C2F optimization strategy The spa-
tiotemporal C2F optimization strategy plays a vital role in
guiding proper convergence of the INMR framework. To
evaluate its effectiveness, ablation studies were conducted
to evaluate the framework with and without both spatial and
temporal C2F components. As shown in Table 3, both the
spatial and temporal C2F significantly improve the recon-
struction performance and robustness of INMR.

Configuration of manifold dimension To investigate the
influence of manifold dimension number, we evaluated the
performance of INMR under different dimension configura-
tions ranging from 2 to 16. Table 4 shows the quantitative re-
sults on the simulated cardiac dataset. When the dimension
is less than 4, the reconstruction performance is highly de-
graded, due to the limited capability to capture accurate tem-
poral dynamics. The results of both 8-dim and 16-dim are
comparable, but the 16-dim configuration introduces tempo-
ral discontinuities in the temporal profiles. A similar trend
was witnessed in the rest datasets, thus we set 8-dim mani-
fold vectors for all the experiments.

Configuration of regularization hyperparameter λ To
analyze the influence of smooth regularization parameter λ,
we evaluated the performance of INMR with λ value of 0,
10, 20 on the simulated cardiac dataset. Table 5 demon-

3935



Category Method Simulated
cardiac

In-vivo
cardiac Speech DCE abdomen

(per slice)

CS-based
GRASP 62.35 127.87 415.73 111.16

GRASP-Pro 106.83 227.65 906.58 190.54

Unsupervised
DL-based

TDDIP 1488.50 4441.22 2423.11 2582.44
FMLP 2446.17 5215.32 3163.74 3255.45
INMR 219.11 489.56 1381.33 519.37

Table 1: Reconstruction time comparison of different methods on each dataset, in the unit of seconds.
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Figure 5: a. The respiratory motion extracted from the self-
navigator projection vs the first PC. b. The temporal profiles
of the proposed results vs the second and third PCs. Two
representative respiratory cycles and the turning points of
contrast transition are visualized with the dashed lines.

Temporal
modeling PSNR (dB) SSIM GPU memory

usage (MB)
stINR (1 cycle) 29.78 0.913 22874
INMR (1 cycle) 31.77 0.861 7868
INMR (4 cycles) 33.54 0.921 10914

Table 2: Quantitative comparisons and GPU memory usages
of different INR temporal modelings on the simulated car-
diac dataset.

strates the quantitative results, and it indicates the optimal
reconstruction quality at λ=10. For the rest datasets, due to
the lack of ground truth, λ was grid-searched on validation
data of each dataset across exponential ranges, selecting the
minimum λ values that achieved artifact-free motion char-
acterization. The specific values are 2 for both the in-vivo
cardiac and DCE datasets, and 0.5 for the speech dataset.

Spatial
C2F

Temporal
C2F PSNR (dB) SSIM

× × 33.14±1.03 0.908±0.012
× X 33.36±0.83 0.910±0.012
X × 33.67±0.72 0.919±0.010
X X 33.93±0.70 0.921±0.010

Table 3: Impact of spatiotemporal C2F optimization on the
simulated cardiac dataset.

Manifold
dimension PSNR (dB) SSIM

2 31.82±1.00 0.845±0.022
4 32.97±0.64 0.893±0.012
8 33.93±0.70 0.921±0.010
16 33.62±0.73 0.915±0.012

Table 4: Quantitative comparisons of different manifold di-
mensions on the simulated cardiac dataset.

λ PSNR (dB) SSIM
0 29.91±1.15 0.889±0.029
10 33.93±0.70 0.921±0.010
20 33.24±0.64 0.909±0.011

Table 5: The influence of smooth regularization parameter λ
on the simulated cardiac dataset.

Discussion and Conclusion

In this work, we proposed INMR, a zero-shot unsupervised
deep learning method designed for ultrafast dynamic MRI
that eliminates the need for prior calibration scans or labeled
data. By incorporating learnable manifold vectors and a spa-
tiotemporal C2F strategy, INMR outperforms SOTA meth-
ods in both artifacts suppression and motion preservation,
particularly for irregular physiological motions. Our analy-
sis of the manifold vectors reveals their potential for tracking
physiological processes. While INMR demonstrates promis-
ing results, future work could further enhance INMR by in-
tegrating prior physiological signals (e.g., ECG signal or in-
jection signal functions) to guide the optimization process.
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