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Abstract. Implicit neural representations (INRs) have demonstrated
significant promise as a patient-specific alternative to data-driven deep
learning (DL) for accelerated MRI reconstruction. However, without ad-
ditional priors, they struggle to match state-of-the-art supervised re-
construction performance, particularly at higher acceleration factors. To
address this, recent research has explored leveraging minimally biased
information sharing between multiple contrasts within a subject’s own
dataset. In this work, we demonstrate that straightforward extensions of
INR methods to the multi-contrast setting do not efficiently capitalize on
the complementary information present in the shared underlying struc-
tures between contrasts. We therefore propose a novel structure-contrast
DISentangled Implicit Neural Representation (DISINR) framework
for multi-contrast MRI reconstruction, specifically designed to disentan-
gle the shared structural information from each contrast image during
the training process. We demonstrate that our method out-performs pre-
vious patient-specific multi-contrast and single-contrast methods on the
0.3T M4RAW dataset, producing robust reconstructions at accelerations
up to 8×. Additionally, we visualize the internal features of our model
and demonstrate that it learns a disentangled structure representation,
enabling it to better support mixed acceleration protocols. Our code is
available at: https://github.com/chiew-group/DISINR.

Keywords: MRI · Reconstruction · Implicit Neural Representations ·
Multi-contrast.

1 Introduction

Magnetic Resonance Imaging (MRI) is a critical imaging modality in a wide
variety of clinical settings [1, 9, 19], offering strong flexibility for both structural
and functional imaging with greater soft tissue contrast than alternatives such
as X-ray or CT [18]. However, due to the physical constraints of the sampling
process, MRI acquisition is notably very slow, with standard clinical protocols
requiring many minutes to acquire quality images of the target anatomy.
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Over the past decade, supervised deep learning (DL) methods have demon-
strated state-of-the-art reconstruction performance for accelerated (undersam-
pled) imaging [2, 16]. However, their data-driven nature also introduces new chal-
lenges and risks. Firstly, obtaining raw MRI training datasets in sufficient quan-
tity presents a significant hurdle. Moreover, the diversity of the chosen training
data inevitably injects biases into the resulting model. When domain-shift oc-
curs, (e.g., a model trained on high-field data was applied to out-of-distribution
low-field), the quality of the resulting reconstructions can suffer [3].

Patient-specific reconstruction methods (also known as zero-shot) do not
require any external training data and therefore avoid many of the challenges
associated with supervised DL. By leveraging the architecture of DL without the
data-driven training paradigm, these methods inherit the implicit signal priors of
neural networks. Recently, Implicit Neural Representations (INRs) [15, 11, 13] in
particular have demonstrated their strong capabilities for subject-specific MRI
reconstruction [14, 5, 4]. INRs are typically light-weight multi-layer perceptrons
(MLPs) that are trained to fit a single instance of a signal as a continuous
function of spatial coordinates.

While INR-based MRI reconstruction has been shown to improve upon con-
ventional methods, without additional prior information it struggles to compete
with state-of-the-art supervised DL. Early methods, such as NeRP [14] explored
incorporating priors from a scan of the same subject from a previous time-point.
IMJENSE [5] incorporated joint estimation of coil sensitivities with INR-based
reconstruction. More recently, Niessen et al. [12] extended INR methods to joint
multi-contrast reconstruction, where information between multiple acquired con-
trasts of the same anatomy can be shared.

The extension of the reconstruction problem to multiple contrasts introduces
a new powerful prior: consistency of the underlying structure between the con-
trasts. Previous research has demonstrated in data-driven DL settings that joint
multi-contrast (MC) methods can surpass single contrast (SC) [21, 20]. However,
an important limitation is that they become specialized to the specific set of con-
trasts used during training, further compounding risks of domain-shift. Because
INRs are entirely patient specific, they can be applied to any arbitrary set of
contrasts without these risks.

In this work we show that a straightforward extension of existing INR based
frameworks to the MC setting is not sufficient to capitalize on the shared informa-
tion between contrasts. Drawing inspiration from neural style transfer [6], we hy-
pothesize that each contrast can be generated by modulating a shared structure
representation. To this end, we propose a novel structure-contrast DISentangled
INR (DISINR) architecture designed to maximize information sharing between
contrasts. Specifically, we introduce an architectural bottle-neck where struc-
ture and contrast encodings are combined, and demonstrate that by randomly
masking structure features during training, we promote the learning of a shared
structural representation. The main contributions of this work are as follows: 1)
proposing a novel encoder-decoder style INR architecture for MC MRI recon-
struction 2) quantitatively evaluating our method on the 0.3T M4RAW dataset
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against both SC and MC patient-specific methods 3) exploring our architecture’s
effectiveness at sharing complementary structure information.

Fig. 1. Overview of DISINR. The SIREN-based structure encoder (top left) takes
spatial coordinates and produces a structure latent vector for each pixel. A contrast
embedding (bottom left) is then concatenated onto the structure latent and passed
through a small decoder (bottom right) to produce a contrast image.

2 Methods

2.1 Multi-contrast MRI Reconstruction

In the multi-contrast setting, the goal is to jointly reconstruct a set of images
X1, X2, ...Xc, where each image Xc ∈ Ch×w is of the same anatomy, but acquired
with a different contrast. Each image is related to the acquired k-space as defined
by the forward model

kc = McFSXc + ϵc = AcXc + ϵc (1)

where Mc are the binary under-sampling masks, F is the Fourier transform,
S are the coil sensitivities, and ϵc is noise. We define Ac as the overall forward
model for each contrast.

2.2 Proposed Framework

Structure-Contrast Implicit Network. We model the set of contrast images
with an encoder-decoder style INR network, parametrized by θ, which learns to
map discreet spatial coordinates (x, y) ∈ R2 and a contrast index c = 1, 2, ..., N
to pixel intensities. The network is composed of two encoders. The structure
encoder fstr(x, y) is a SIREN [15], which takes in spatial coordinates and pro-
duces a structural latent vector for each pixel. The contrast encoder fcon(c) is a
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single linear layer that takes in a contrast index and produces a contrast latent.
The structure and contrast latent representations are then concatenated at the
bottle-neck and passed through a small MLP decoder. The overall framework is
presented in Fig. 1 Each contrast can be queried from the network as follows

X̂c(x, y) = fdec(fstr(x, y), fcon(c)) (2)

To train the network, we apply the forward model to compute a joint loss L
across all contrasts, which is composed of a data consistency term and a total-
variation (TV) based regularization term:

L =

N∑
c=1

|kc −AcX̂c|1 + λ(
∣∣∣∇x(X̂)

∣∣∣
1
+
∣∣∣∇y(X̂)

∣∣∣
1
) (3)

Joint Total Variation Loss. The TV loss penalty is enforced jointly across
contrasts to further emphasize consistency of underlying structure. Specifically,

the gradient operator from equation (3) is defined as ∇d(X) =
√∑N

c (∂dXc)2.
In doing so, we incentivize alignment of edges and tissue boundaries.

Structure Latent Masking. To prevent "memorizing" of contrast information
through different paths within the network, we additionally randomly mask fea-
tures outputted by the structure encoder during the training process. By doing
so, we encourage redundancy and impede the structure module from encoding
specific contrast information.

Coil Sensitivity Estimation. In this work we jointly estimate coil sensitivities
during the reconstruction process using the polynomial parametrization module
proposed by Feng et al. in IMJENSE [5]. In our MC setting, we assume each
contrast Xc shares a single set of sensitivity maps S.

3 Experiments and Results

3.1 Data and Sampling

We evaluated our method on 183 brains scans from the the publicly available
M4RAW dataset [8], each containing three paired contrasts: T1-weighted, T2-
weighted, and FLAIR. Each scan was acquired fully-sampled at 256× 192 with
4 slices and 4 coil channels. This dataset was acquired on a custom low-field
0.3T scanner, resulting in notably lower SNR than standard clinical scans. The
M4RAW dataset provides multiple repetitions (2-3); therefore, to increase SNR
the average was used. Phase-ramp correction was applied before averaging. To
simulate the accelerated MRI setting, we retrospectively under-sampled using a
set of binary sampling masks, generated independently for each contrast. The
masks contained a fully-sampled 16 × 16 center region followed by 2D random
sampling for the remaining k-space points at acceleration factors R=4,6,8.
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3.2 Comparisons

Comparison Methods. We evaluated our method against four existing patient
specific MRI reconstruction methods. Firstly, we evaluate it against IMJENSE
[5], the current state-of-the-art SC INR method. Secondly, we evaluate it against
a simple extension of IMJENSE to the MC setting (MC-IMJENSE), where
additional outputs for each contrast are added to the SIRENs. Third, we evaluate
it against the hash-encoder [11] based MC INR method proposed by Niessen
et al. [12] (MC-INR). We additionally introduce a TV-loss for MC-INR, as
the baseline model exhibited noisy reconstructions with the low-SNR M4RAW
dataset. Finally, we evaluate it against SC L1-wavelet compressed sensing.

Comparison Metrics. To quantify reconstruction quality, we report two met-
rics: peak-signal-to-noise ratio (PSNR) and structural similarity index (SSIM).
ESPIRiT-derived brain masks were applied to both the predicted and reference
images before computing all metrics.

Fig. 2. Example reconstructions for a patient from the M4RAW dataset at R=4.
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3.3 Implementation Details

For all experiments the structure encoder SIREN has 7 hidden layers, each with
256 hidden features. The SIREN is initialized following the strategy proposed
by Sitzmann et al. [15], with w0 = 10.0. The structure encoder is then followed
by a linear projection layer down to a length 64 "structure latent vector". Dur-
ing training, 25% of structure features were randomly masked at each iteration
(implemented with dropout). The contrast encoder is a single linear layer out-
putting a length 64 embedding. The decoder MLP has two hidden layers with
64 features using ReLU activations, followed by a linear layer with two outputs
corresponding to the real and imaginary components of the image. For all exper-
iments the TV regularization weight λ = 5.4 was used. For the MC-INR method,
we use the implementation provided by Niessen et al. [12], with an additional
TV-loss term. MC-INR does not jointly predict coil sensitivities; therefore, they
were pre-estimated with ESPIRiT [17]. Our method was trained with the Adam
[7] optimizer, with a learning rate of 10−4 for the INR and 10−1 for the coil
sensitivity estimator. Optimization was performed for 3000 iterations with the
learning rate decayed by 0.8 every 500 steps. Our method is implemented in
PyTorch and all experiments were performed on a single NVIDIA H100 GPU.

3.4 Results

Table 1 shows PSNR and SSIM scores for DISINR across acceleration factors on
the M4RAW dataset. DISINR consistently outperforms existing methods with
an average improvement over MC-IMJENSE of +0.2dB at R=4, increasing to
+0.3dB at R=8. A paired t-test between DISINR and MC-IMJENSE was per-
formed, showing statistical significance across all contrasts and acceleration fac-
tors (p < 10−4 in all cases). Fig. 2 presents an example reconstruction for one
dataset, demonstrating higher quality images and better reconstruction of high
frequency details. We note that MC-IMJENSE performs only marginally better
than IMJENSE, indicating that a straight-forward extension to the MC set-
ting without explicitly disentangling structure and contrast leads to sub-optimal
information sharing across contrasts.

Fig. 3 shows how performance varies when only one of the three contrasts is
increasingly under-sampled. For one example subject, We fixed the T1 and and
T2 acceleration factors at 4× and progressively increased the acceleration for
the FLAIR. MC-IMJENSE exhibits a steeper decrease in reconstruction quality
when compared to DISINR as the FLAIR acceleration increases, particularly at
higher acceleration factors above 8×. This indicates that the shared structural
information learned by DISINR from the combination of all three contrasts can
counter-act the significantly higher acceleration of the FLAIR.

Ablations. We additionally conducted an ablation study to evaluate the con-
tribution of each component of our proposed approach. Table 2 quantifies the
effect of structure feature masking, the encoder-decoder architecture, and joint
TV. We observe that the structure feature masking provides the greatest benefit,
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Table 1. Quantitative results for DISINR across different acceleration fac-
tors on the M4RAW dataset. Values report the average across T1, T2, and FLAIR
(mean ± std). * indicates a statistically significant improvement over MC-IMJENSE
(p < 0.05).

Method Metric R=4 R=6 R=8

L1-Wavelet PSNR 29.57 ± 0.33 27.94 ± 0.30 26.87 ± 0.36
SSIM 0.879 ± 0.02 0.849 ± 0.02 0.829 ± 0.02

IMJENSE PSNR 32.64 ± 0.20 31.35 ± 0.22 30.69 ± 0.21
SSIM 0.921 ± 0.01 0.899 ± 0.01 0.888 ± 0.01

MC-IMJENSE PSNR 32.69 ± 0.20 31.41 ± 0.22 30.76 ± 0.20
SSIM 0.921 ± 0.01 0.901 ± 0.01 0.889 ± 0.01

MC-INR PSNR 31.49 ± 0.23 29.80 ± 0.23 28.76 ± 0.22
SSIM 0.910 ± 0.01 0.882 ± 0.02 0.863 ± 0.02

DISINR PSNR 32.89 ± 0.20* 31.69 ± 0.22* 31.06 ± 0.20*
SSIM 0.926 ± 0.01* 0.907 ± 0.01* 0.896 ± 0.01*

Fig. 3. Mean PSNR of fixed R=4 T1 and T2 with different FLAIR acceler-
ation.

indicating its importance in enforcing shared structure. Notably, MC-IMJENSE
with masking applied in the the penultimate hidden layer results in lower per-
formance, highlighting its specific effect of encouraging redundancy of structural
features when coupled with our DISINR architecture.

4 Discussion and Conclusion

Our results demonstrate that by explicitly disentangling contrast and structural
information, DISINR outperforms previous patient-specific INR reconstruction
methods. Within a subject, DISINR learns a shared structural representation,
which can then modulated through the decoder to produce a given contrast. To
support this interpretation, Fig. 4 demonstrates that the contrast embedding
space encodes semantically meaningful contrast information, enabling modula-
tion of the structure latent even with unseen synthetic contrast embeddings.
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Table 2. Ablation study for our DISINIR approach. Average PSNR across all
three contrasts is reported.

Method M4RAW R=6
DISINR 31.69
DISINR - Masking 31.45
DISINR - Masking - jTV 31.35
MC-IMJENSE 31.41
MC-IMJENSE + Masking 31.03
MC-INR - TV 26.98

Fig. 4. Visualization of contrast embedding space and interpolated pseudo-
contrasts. a) For one subject at R=4, UMAP of learned contrast embeddings for the
3 originally available contrasts (black circle) along with synthetic contrast embeddings
(red cross) generated by interpolating between original embeddings. b) Original DIS-
INR outputs and generated pseudo-contrasts corresponding to interpolated contrast
embeddings (highlighted in red).

Fig. 4a presents the UMAP projection [10] of the learned contrast embeddings
for one subject, along with three new synthetic contrast embeddings obtained
by linearly interpolating between the originals. Fig. 4b demonstrates that the
predicted images resulting from these synthetic contrast embeddings appear as
new, yet semantically plausible, pseudo-contrast images that exhibit a blend of
features from the original embeddings. For example, the T2-FLAIR image has
similar grey-white matter contrast to the FLAIR, yet has bright CSF.

The hash-encoder based MC-INR method appears to suffer significantly in
our experiments with the M4RAW data, especially without the added TV-
penalty term, as demonstrated in Table 2. As the multi-resolution hash encoder
is designed to fit high frequency features much faster than SIRENs, in combina-
tion with the weighted loss function employed by Niessen et al. we hypothesize
that the MC-INR model’s emphasis on high frequency information was counter-
productive when applied to the low-SNR M4RAW data.
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Additionally, we note that data used in this work contains sets of contrasts
with matched dimensions and without significant motion. We hypothesize that
when there is structural mis-alignment between the contrasts, the model will
struggle to learn a disentangled structure representation and therefore less ef-
ficiently leverage the shared structural information during the reconstruction
process. Future work will explore extending the DISINR method to handle mis-
matched and misaligned datasets.

Conclusion. This work introduces a structure contrast disentangled INR frame-
work for MC MRI reconstruction. As our method is patient specific, it requires
no training data and can be applied to any arbitrary set of contrasts. By explic-
itly modeling a shared structural representation between contrasts our method
is better able to leverage shared structural information, achieving greater re-
construction performance than existing MC and SC methods and advancing the
competitiveness of patient-specific reconstruction.
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