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Abstract

Accelerating Magnetic Resonance Imaging (MRI) reduces scan time but often de-
grades image quality. While Implicit Neural Representations (INRs) show promise for
MRI reconstruction, they struggle at high acceleration factors due to weak prior con-
straints, leading to structural loss and aliasing artefacts. To address this, we propose PrI-
INeR, an INR-based MRI reconstruction method that integrates prior knowledge from
pre-trained deep learning models into the INR framework. By combining population-
level knowledge with instance-based optimization and enforcing dual data consistency,
PrIINeR aligns both with the acquired k-space data and the prior-informed reconstruc-
tion. Evaluated on the NYU fastMRI dataset, our method not only outperforms state-
of-the-art INR-based approaches but also improves upon several learning-based state-of-
the-art methods, significantly improving structural preservation and fidelity while ef-
fectively removing aliasing artefacts. PrIINeR bridges deep learning and INR-based
techniques, offering a more reliable solution for high-quality, accelerated MRI recon-
struction. The code is made publicly available on GitHub https://github.com/
multimodallearning/PrIINeR.git.

1 Introduction
Magnetic Resonance Imaging (MRI) is a widely used non-invasive imaging technique known
for excellent soft tissue contrast, making it indispensable in medical diagnostics. However,
conventional MRI scans often suffer from long acquisition times, leading to patient discom-
fort [7, 12, 16]. These limitations hinder the applicability of MRI for dynamic imaging and
time-sensitive clinical scenarios. To address this challenge, accelerated imaging techniques
have been extensively explored. One class of acceleration methods involves parallel imaging,
which works by acquiring a reduced amount of k-space data with an array of receiver coils
[4]. While undersampling k-space allows for faster data acquisition, it introduces aliasing
artifacts in the reconstructed images.

Conventional parallel imaging methods, including SENSE [16] and GRAPPA [6], ad-
dress aliasing artifacts arising from undersampled k-space by solving an inverse problem
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constrained by coil sensitivity profiles. SENSE performs this reconstruction in the image
domain, utilizing coil sensitivity maps to resolve aliasing. GRAPPA, in contrast, operates
in k-space, estimating missing data points through kernel-based interpolation derived from
autocalibration data.

Compressed sensing-based MRI reconstruction, building upon the principles of sparse
signal recovery, offers substantial acceleration by exploiting prior knowledge of image spar-
sity [9, 12]. These approaches formulate the reconstruction as an optimization problem,
minimizing data inconsistency while enforcing sparsity through regularization terms, thereby
enabling accurate image recovery from severely undersampled acquisitions.

Data-driven techniques have significantly advanced MRI reconstruction. Supervised
learning methods, such as DeepCascade [17] and AUTOMAP [24], train deep networks on
extensive datasets to map undersampled k-space to fully sampled images, outperforming tra-
ditional methods in both speed and image quality. Hybrid approaches that integrate deep
learning with physical models, such as MoDL [2] and Learned Primal-Dual [1], embed MRI
physics constraints within deep learning architectures to enhance generalizability and ro-
bustness. Recent methods, including Reconformer [8] and GenINR [11], leverage the latest
advances in deep learning architectures to further push the boundaries of data-driven MRI
reconstruction. While data-driven models trained on large populations are highly effective,
they often prioritize generalization over preserving fine image details. This trade-off can
lead to artifact-free but often smooth reconstructions, potentially sacrificing structures in
individual images.

Implicit Neural Representations (INRs) have emerged as a promising paradigm for
MRI reconstruction, parameterizing images as continuous functions represented by neural
networks [13, 18]. These methods have shown significant potential in reconstructing high-
resolution images from sparsely sampled k-space data, enabling efficient instance-specific
optimization without requiring extensive training datasets. Approaches like INR-based self-
supervised learning [3, 19] and motion-resolved INR models [22] have expanded their ap-
plicability in medical imaging. While INRs excel at preserving fine structural details, they
can struggle with complete artifact removal due to their inherent lack of population-level
knowledge, leading to reconstructions that may retain residual artifacts.

Contribution. We introduce PrIINeR a Prior-Informed Implicit Neural Representation
framework for MRI reconstruction that integrates population-level knowledge with the abil-
ity of INRs to preserve fine structural details. Our approach leverages a pre-trained deep
learning model as a prior, which is then refined through instance-based optimization with
a dual data consistency constraint. On one hand, data consistency enforces alignment with
the prior knowledge provided by the deep learning model, while on the other, it incorporates
information from the acquired undersampled k-space data. This enables effective knowl-
edge transfer from the pretraining phase while maintaining adaptability and consistency at
the instance level. The instance-based INR optimization ensures that the reconstruction re-
mains faithful to the acquired k-space data, enhancing fine-detail preservation while benefit-
ing from the artifact-free smoothness of population-pretrained models. Our method bridges
the gap between deep learning-based and optimization-based reconstruction techniques by
leveraging both population knowledge and instance-specific adaptation, providing a robust
and generalizable solution for accelerated MRI. Our contributions can be summarized as
follows:

1. We propose a novel MRI reconstruction framework that combines population-level
knowledge from pre-trained deep learning models with instance-based optimization
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effectively. This approach enables reconstructions that are both smooth and artifact-
free while preserving fine structural details.

2. We introduce a dual data consistency objective in k-space, ensuring alignment with
both the prior knowledge provided by the deep learning model and the acquired un-
dersampled k-space data. This constraint enables effective knowledge transfer while
maintaining fidelity to the acquired measurements.

3. We demonstrate that the proposed method can be integrated in a plug-and-play manner
with various population-based priors, not only enhancing fine-detail preservation in the
reconstructed image but also boosting the performance of weak priors to state-of-the-
art levels.

4. We extensively evaluate our method and show, both quantitatively and qualitatively,
that it outperforms state-of-the-art data-driven approaches as well as purely instance-
based optimization methods. Our results highlight the advantages of leveraging both
global priors and instance-specific refinements for improved MRI reconstruction qual-
ity.
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Figure 1: Overview of the proposed PrIINeR framework. A population-pretrained deep
learning reconstruction model is used in a plug-and-play fashion to generate a prior image
from the initial zero-filled input. Any state-of-the-art MRI reconstruction network can be
substituted here. Instance-wise optimization then refines the Image-INR using hash-grid
encoded coordinates by minimizing data consistency loss and prior k-space loss, with total
variation regularization enforcing image-space sparsity. Coil sensitivity maps are estimated
by optimizing the CSM-Module, which fits polynomial function coefficients.
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2 Materials and Methods
In this section, we present our proposed MRI reconstruction framework, which combines
learning-based priors with INRs. We first introduce the problem formulation (Sec. 2.1),
followed by a detailed explanation of our approach, including the dual data consistency con-
straint and the INR optimization (Sec. 2.2). Further we describe the datasets used for evalu-
ation and outline the experimental setup (Sec. 2.3). An overview of the proposed method is
illustrated in Fig. 1.

2.1 Problem Formulation
The MRI acquisition process can be described as a linear mapping from the image domain to
k-space. Given an undersampled k-space measurements y, the acquisition model is expressed
as:

y = M ·F(S ·x)+ ε, (1)

where x represents the fully sampled image, M is the undersampling mask, F is the Fourier
transform operator, S denotes the coil sensitivity maps, and ε accounts for complex-valued
noise. The objective of MRI reconstruction is to estimate x from y by solving the inverse
problem:

x̂ = argmin
x

∥y−M ·F(S ·x)∥2
2︸ ︷︷ ︸

acquired k-space consistency

+ λR(x)︸ ︷︷ ︸
regularization

, (2)

where R(x) enforces prior knowledge, and λ controls the trade-off between data fidelity and
regularization. Common choices for R include sparsity-based constraints, total variation, or
deep learning priors. In some approaches, the sensitivity maps are estimated jointly with the
image [20], whereas others assume them to be precomputed [16].

2.2 Proposed Method
We propose PrIINeR, a Prior-Informed Implicit Neural Representation framework for MRI
reconstruction, which synergistically combines deep learning-based priors with INRs. Our
approach simultaneously optimizes a multi-layer perceptron (MLP) to generate the recon-
structed MRI image and polynomial function coefficients representing the coil sensitivity
maps. A dual data consistency constraint ensures alignment with both the acquired k-space
data and prior information.

2.2.1 Joint Optimization of Coil Sensitivity Maps and Image Reconstruction.

In the instance optimization process, we represent the MRI image intensity using an implicit
neural representation (INR) with hash-grid encoding [14] of spatial coordinates. The INR is
implemented as a multi-layer perceptron (MLP) parameterized by learnable weights θ [5].
Simultaneously, we optimize the polynomial coefficients ϕ that define the coil sensitivity
maps [21]. This joint optimization approach ensures that the reconstructed image remains
consistent with both the acquired k-space measurements and the estimated sensitivity maps.

The acquired k-space consistency is enforced through the following loss function:

LDC(I(θ),ϕ) =
c

∑
j=1

∥∥y j −M ·F
(
S j(ϕ) · I(θ)

)∥∥2
2 . (3)
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Here, y j represents the acquired k-space data for coil j, I(θ) denotes the INR-based im-
age reconstruction parameterized by θ , and S j(ϕ) corresponds to the estimated coil sensitiv-
ity map parameterized by ϕ . Sensitivity maps weight different spatial regions, disentangling
coil-specific image contributions.

2.2.2 Dual Data Consistency

To effectively incorporate population-based knowledge, we introduce an additional data con-
sistency term that enforces alignment between the estimated reconstruction I(θ) and the
prior-based reconstruction x̂p obtained from a pre-trained model. This consistency is en-
forced in k-space as follows:

Lprior(I(θ),ϕ) =
c

∑
j=1

∥∥F(
S j(ϕ) · x̂p

)
−F

(
S j(ϕ) · I(θ)

)∥∥2
2 . (4)

The overall optimization objective is then formulated as:

L(I(θ),ϕ) = αLDC(I(θ),ϕ)+Lprior(I(θ),ϕ)︸ ︷︷ ︸
k-space

+λR(I(θ))︸ ︷︷ ︸
image space

. (5)

Here, α is a weighting factor that balances the trade-off between acquired k-space con-
sistency and prior-based consistency, while λ controls the strength of the regularization. This
formulation ensures that the reconstructed image I(θ) remains consistent with both the ac-
quired measurements and the learned population prior while incorporating regularization to
suppress aliasing artifacts caused by undersampling.

As the regularization term R(I(θ)), we employ the Total Variation (TV) objective, which
promotes piecewise smoothness by penalizing abrupt intensity variations while preserving
important structural details and edges in the reconstructed image.

2.3 Experiments

Datasets. We evaluate our method on the NYU fastMRI dataset1 [10, 23], using the 3D
15-coil knee k-space dataset with fully sampled k-space. The dataset is split into 200/50/50
volumes for training, validation, and testing. Images are center-cropped to #slices× 320×
320 before being transformed back to k-space. We retrospectively apply equispaced 2D
Cartesian undersampling on-the-fly with acceleration factors of 4, 6, 8, and 10, retaining 8%
of the k-space center.
Experimental setup. We evaluate our method against state-of-the-art MRI reconstruction
approaches, including INR- and deep learning-based methods. The benchmarked meth-
ods include Zero-filled, IMJENSE Acoeff [5], IMJENSE Hash [5], U-Net [15], Recon-
Former [8], and GenINR [11].

IMJENSE Acoeff and IMJENSE Hash are instance-based INR methods estimating coil
sensitivity maps using polynomial fitting or hash-grid encoding MLP, with λ set to 1e−4.
U-Net, ReconFormer, and GenINR are population-trained baseline methods. GenINR inte-
grates an INR with a convolutional neural network CNN-based feature extractor. Our imple-
mentation of IMJENSE is based on [5]. GenINR and ReconFormer were trained using the

1fastmri.med.nyu.edu
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Table 1: Quantitative results on the fastMRI Knee test set across acceleration rates. Metrics
are reported as SSIM (%) and PSNR (dB), shown as µ±σ . Gold marks indicate where
PrIINeR outperforms the DL prior model, while silver marks indicate lower performance.

SSIM↑ (%) PSNR↑ (dB)

Method R = 4 R = 6 R = 8 R = 10 R = 4 R = 6 R = 8 R = 10

Zero-filled 80.02±4.22 76.19±5.39 72.70±6.18 70.28±6.78 31.26±1.66 30.63±1.67 30.08±1.68 29.67±1.68

IMJENSE Acoeff [5] 85.95±5.47 84.27±5.78 80.93±6.36 79.06±6.32 36.90±3.16 35.66±2.89 34.03±2.15 32.94±1.96

IMJENSE Hash [5] 86.38±5.22 84.88±5.44 81.59±5.71 79.64±5.56 36.83±2.93 35.69±2.56 33.91±1.94 32.67±1.73

U-Net [15] 88.79±2.74 89.67±2.61 86.37±3.15 85.71±3.29 33.34±1.80 33.97±1.87 32.27±1.81 31.93±1.86

GenINR [11] 90.82±3.03 90.27±3.30 87.99±3.80 87.01±3.95 35.54±1.73 35.21±1.77 33.75±1.73 33.04±1.74

ReconFormer [8] 93.66±2.20 94.99±1.93 91.30±2.65 90.44±2.81 38.40±3.47 39.89±1.83 36.51±1.74 35.86±1.74

PrIINeR-UNet 93.38±2.74 94.70±2.19 89.67±3.19 88.55±3.42 38.28±2.03 39.44±2.05 35.29±1.74 34.34±1.69

PrIINeR-GenINR 93.29±2.48 94.30±2.20 89.26±3.19 87.85±3.45 37.87±1.94 38.85±1.97 34.76±1.77 33.64±1.74

PrIINeR-ReconFormer 94.32±2.41 95.23±2.19 91.21±2.95 90.20±3.11 39.35±2.13 40.42±2.26 36.53±1.87 35.60±1.80

configurations provided in their official repository 2. For U-Net, we implemented a 2D Seg-
ResNet from MONAI3, setting the spatial_dims to 2 and in_channels to 1. It was
trained using the Adam optimizer for 500 epochs with a learning rate of 1e−3 and a batch
size of 25 until convergence. All deep learning models were trained on 2D slices extracted
from the 3D dataset.

PrIINeR is instance-based and can be combined with any population-based deep learning
prior. To demonstrate its flexibility, we experiment with different pre-trained models from
the comparison methods as priors for PrIINeR, namely PrIINeR-UNet, PrIINeR-GenINR,
and PrIINeR-ReconFormer. We use Adam for optimization (learning rate = 1e−2, λ =
10−4, α = 0.8). We use a 3 layer ReLU MLP with 64 hidden units and the default hash-
grid encoding settings [14]. The input is a 2D coordinate grid, while the output of the MLP
is a real-valued intensity image.

All methods were implemented in PyTorch4 and executed on a single NVIDIA A100-
80GB GPU. We report the Structural Similarity Index (SSIM) and Peak Signal-to-Noise
Ratio (PSNR) as evaluation metrics. The code is publicly available on https://github.
com/multimodallearning/PrIINeR.git.

3 Results & Discussion
Table 1 presents the quantitative comparison with state-of-the-art methods. Our method con-
sistently improves SSIM and PSNR across all acceleration rates, with the exception of Re-
conFormer, which slightly outperforms our approach at the highest acceleration rate. Fig. 2
and Fig. 3 show visual results for acceleration factor 4 and 6, where all methods improve
over the zero-filled baseline. Among them, ReconFormer and our hybrid variant, PrIINeR-
ReconFormer, yield the most visually convincing reconstructions.

PrIINeR effectively preserves fine structural details while reducing aliasing artefacts
more consistently than IMJENSE, U-Net, and GenINR. Notably, PrIINeR elevates the per-
formance of weak deep priors like the U-Net to levels that closely rival state-of-the-art meth-
ods, achieving results comparable to the plain ReconFormer. Our improvements are statis-

2https://github.com/YuSheng-Zhou/Generalized_INR.git
3https://monai.io/
4https://pytorch.org/

Citation
Citation
{Feng, Wu, Feng, She, Liu, Zhang, and Wei} 2023

Citation
Citation
{Feng, Wu, Feng, She, Liu, Zhang, and Wei} 2023

Citation
Citation
{Myronenko} 2019

Citation
Citation
{Li, Zhou, Liu, Liu, Huang, Lv, and Cai} 2023

Citation
Citation
{Guo, Mei, Zhou, Jiang, and Patel} 2023

Citation
Citation
{M{ü}ller, Evans, Schied, and Keller} 2022

https://github.com/multimodallearning/PrIINeR.git
https://github.com/multimodallearning/PrIINeR.git
https://github.com/YuSheng-Zhou/Generalized_INR.git
https://monai.io/
https://pytorch.org/


AL-HAJ HEMIDI, KATS, HEINRICH : PRIINER 7

PrIINeR-UNet

Ground Truth Zero-Filled IMJENSE Acoeff IMJENSE Hash

GenINRU-Net ReconFormer

PrIINeR-GenINR PrIINeR-ReconFromer

Figure 2: Comparison of the state-of-the-art to our method PrIINeR at acceleration factor 4.
We report the SSIM (%) and PSNR (db) values at the top of each image for each method.
The lower part of each image presents a zoomed-in view of the blue-boxed region from
the upper part, along with the corresponding difference map to the ground truth crop (Jet
colormap in which min/max values are in range of [0, 1]).

tically significant (p < 0.05) in 11 out of 12 SSIM comparisons and 10 out of 12 PSNR
comparisons across 3 methods and 4 acceleration rates, using the Wilcoxon signed-rank test.
These results demonstrate the robustness of our approach under diverse conditions.

A key strength of PrIINeR is its flexible design, which intentionally bridges deep learning
priors with instance-based INR optimization. Population-trained priors offer global anatomi-
cal and structural guidance, while the instance optimization of the INR ensures precise adap-
tation to each specific scan without requiring supervised labels. This combination brings
out the best of both paradigms, leveraging the generalization and speed of deep learning
while retaining the fidelity and flexibility of INRs. By design, PrIINeR alleviates limitations
from both sides, avoiding hallucination and over-smoothing typical of deep networks, and
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PrIINeR-UNet

Ground Truth Zero-Filled IMJENSE Acoeff IMJENSE Hash

GenINRU-Net ReconFormer

PrIINeR-GenINR PrIINeR-ReconFromer

Figure 3: Comparison of the state-of-the-art to our method PrIINeR at acceleration factor 6.
We report the SSIM (%) and PSNR (db) values at the top of each image for each method.
The lower part of each image presents a zoomed-in view of the blue-boxed region from
the upper part, along with the corresponding difference map to the ground truth crop (Jet
colormap in which min/max values are in range of [0, 1]).

correcting the structure-inconsistency and under-constrained behavior of standalone INRs.
The trade-off between data fidelity and prior consistency is controlled by the weight-

ing parameter α in Eq. 5. While a full sensitivity analysis is beyond the current scope, we
empirically chose an α that balances artefact suppression with fine detail retention. Exces-
sively low values risk over-regularizing the reconstruction, while high values fail to suppress
aliasing effectively. In future work, we plan to conduct a thorough ablation study over α

and other hyperparameters to optimize performance across varied anatomical regions and
sampling strategies.

We focused our comparisons on recent and relevant baselines, including ReconFormer, a
modern unrolled transformer-based architecture, and GenINR, a generalized implicit neural
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representation, as both represent the current state-of-the-art. This choice reflects our goal
of positioning PrIINeR in the context of cutting-edge reconstruction techniques that balance
expressiveness, efficiency, and generalization.

Looking forward, we plan to extend PrIINeR by integrating more generalizable pre-
trained priors that work across anatomies, contrasts, and k-space trajectories. The methods
modularity and flexibility also make it suitable for incorporating additional priors such as
physical models, motion dynamics, or contrastive representations, paving the way toward
a more interpretable and clinically robust reconstruction pipeline for accelerated MRI. It is
worth noting that PrIINeR demonstrates promising potential for hybrid optimization beyond
MRI reconstruction, with applicability to a broad spectrum of inverse problems in medical
and computational imaging.

4 Conclusion
We presented PrIINeR, a Prior-Informed Implicit Neural Representations framework for
MRI reconstruction that integrates population-based priors with INRs in a plug-and-play
manner. Our method significantly improves structural preservation and fidelity where tra-
ditional INR approaches struggle. By leveraging population-based priors in a dual data-
consistency, PrIINeR offers a more reliable and generalizable solution for high-quality, ac-
celerated MRI reconstruction, effectively bridging the gap between deep learning-based and
optimization-based techniques.
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