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Abstract

Magnetic Resonance Imaging (MRI) is one of the most
important medical imaging modalities as it provides supe-
rior resolution of soft tissues, albeit with a notable lim-
itation in scanning speed. The advent of deep learn-
ing has catalyzed the development of cutting-edge meth-
ods for the expedited reconstruction of MRI scans, uti-
lizing convolutional neural networks and, more recently,
vision transformers. Recently proposed structured state
space models (e.g., Mamba) have gained some traction
due to their efficiency and low computational requirements
compared to transformer models. We propose an inno-
vative MRI reconstruction framework that employs struc-
tured state space models at its core, aimed at amplifying
both long-range contextual sensitivity and reconstruction
efficacy. Comprehensive experiments on public brain MRI
datasets show that our model sets new benchmarks beating
state-of-the-art reconstruction baselines. Code is available
at https://github.com/yilmazkorkmazl/MambaRecon.

1. Introduction

Magnetic Resonance Imaging (MRI) is a highly preva-
lent imaging technique, favored for its superior soft tissue
visualization capabilities. However, its use is limited by
lengthy and expensive scanning process. As a result, there is
a pressing need for accelerated MRI techniques to enhance
its practical application in clinical settings. Sampling less
k-space points (i.e., Fourier coefficients) below the Nyquist
rate can expedite the scanning but it requires to solve an
ill-posed reconstruction problem [28]. Compressed sensing
(CS) solutions have been demonstrated to be powerful in
reconstruction problems [7, 16,29, 32]. However, despite
their efficacy, CS methods suffer from their high sensitiv-
ity to hyper-parameters, which requires careful tuning to
achieve optimal performance. Moreover, the iterative na-
ture of most CS algorithms contributes to their computa-
tional inefficiency, making them inherently slow compared
to other approaches.

Following the emergence of deep learning, iterative ap-

proaches have been increasingly supplanted by deep learn-
ing methods [0, 25,42,49]. These methods predominantly
leverage convolutional neural networks (CNNs) which have
proven to be highly effective in various image processing
tasks with data-driven approaches. Along with the pure
data-driven methods, various physics-guided reconstruction
models have been proposed [1,34,38,46]. In these models,
the forward encoding operator, which includes the under-
sampling pattern and coil sensitivities in multi-coil setting,
is also utilized in the model along with the under-sampled
acquisitions to enhance the robustness and superior perfor-
mance in the reconstruction [46]. However, CNNs are in-
herently constrained by their limited receptive fields, which
restrict their ability to capture long-range dependencies and
contextual information comprehensively [53].

In recent years, following the success of transformers in
downstream computer vision tasks, transformer-based ap-
proaches have been introduced to address the limited re-
ceptive field of CNNs in the realm of MRI reconstruc-
tion [15,19,24,57]. By incorporating transformer archi-
tectures, increased sensitivity to long-range dependencies
and expanded effective receptive fields have been achieved.
However, quadratic complexity of self-attention transform-
ers with respect to input sequence length creates a compu-
tational burden [22,24].

Structured state space models (SSMs) are one of the pro-
posed solutions to address the quadratic complexity of self-
attention transformers to efficiently model long sequences
[12]. More recently, a new class of structured state space
models (i.e., Mamba) has been proposed with input depen-
dent parametrization and linearly scaled complexity with
sequence length [11]. Mamba has shown a promising di-
rection in large language models and recently been utilized
in several vision tasks including classification [26], image
segmentation [31,44] and image restoration [ 14].

Inspired from these developments, in this paper we pro-
pose a physics-guided MRI reconstruction framework uti-
lizing structured state space models in its core with a very
few number of trainable parameters. Our model bene-
fits from the increased long-range contextual sensitivity
along with the sub-quadratic complexity without omitting
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the underlying physical model by alternating between data-

consistency and Mamba blocks. Comprehensive experi-

ments demonstrate our model’s superior performance com-

pared with the state-of-the-art MRI reconstruction models.
This paper makes the following contributions:

1. We propose a novel lightweight physics-guided MRI
reconstruction model utilizing structured state space
models as a core block. Our model enhances the long
range sensitivity of the model by significantly increas-
ing the effective receptive field.

2. We obtain superior performance in both complex
multi-coil and magnitude single-coil public brain MRI
datasets compared to the state-of-the-art reconstruc-
tion baselines.

2. Related Works

Data-Driven Convolution Based Models. Convolutional
neural networks (CNNs) have been predominantly used in
deep MRI reconstruction to learn the underlying mapping
between under- and fully-sampled acquisitions. Wang et
al. [42] proposed one of the first CNN-based framework for
MRI reconstruction. Ye et al. [49] proposed a CNN-based
model to efficiently solve general inverse problems. Lee et
al. [25] offered a deep CNN-based model with residual con-
nections for MRI reconstruction. Hyun et al. [21] utilized a
reconstruction model employing a U-shaped network. Dar
et al. [6] proposed a conditional generative adversarial net-
work (GAN) following the success of GANs in image gen-
eration. Gungor et al. [13] proposed a test time adaptation
approach with a diffusion-based model.

Physics-guided Convolution Based Models. Aggarwal
et al. [1] proposed an unrolled model with a CNN back-
bone. Schlemper et al. [38] utilized a deep cascaded CNN
to efficiently incorporate forward operator. Eo et al. [9] pro-
posed a dual-domain physics-guided CNN-model. Yaman
et al. [46] offered an innovative solution to eliminate super-
vision requirement via a self-supervised approach with an
unrolled CNN backbone. Yang et al. [47] proposed an uni-
fied physics-guided model trained with alternating direction
method of multipliers (ADMM) algorithm. Biswas et al. [3]
proposed an extra smoothness regularization with a physics-
guided network. Qin et al. [35] proposed a recurrent con-
volutional model for dynamic MRI reconstruction. Sriram
et al. [39] proposed an unrolled variational model utilizing
both k-space and image domains. Yiasemis et al. [51] pro-
posed a hybrid architecture performing optimization in k-
space using an image domain refinement network.

Transformer-based Models. Following the success of
transformer-based approaches in computer vision, Kork-
maz et al. [24] proposed a zero-shot learned transformer

model for unsupervised reconstruction. Guo et al. [15] of-
fered a phyics-guided model with a recurrent transformer
backbone. Zhou et al. [56] proposed a dual-domain trans-
former model using both frequency and image domains.
Huang et al. [19] adapted the computationally efficient Swin
Transformer model for MRI reconstruction. Hu et al. pro-
posed [18] a transformer based model with a special regu-
larization to keep high frequency details. Fabian et al. [10]
proposed an unrolled hybrid architecture employing trans-
formers along with CNNs. Lyu et al. [30] offered a region-
focused GAN with a transformer backbone. Zhao et al. [55]
offered an adversarial model with a swin transformer back-
bone for MRI reconstruction.

Mamba in Medical Imaging. More recently, a couple of
Mamba-based deep learning models have been utilized in
various medical imaging tasks. Yue et al. [52] proposed a
vision Mamba model for medical image classification. Xing
et al. [45] offered a U-shaped mamba model for 3D image
segmentation. Yang et al. [48] adapted Mamba for medical
video object segmentation. Wang et al. [44] and Ruan et
al. [37] proposed U-shaped Mamba-based models for med-
ical image segmentation. Atli et al. [2] proposed a Mamba-
based synthesis model for medical image translation.

Concurrently, Huang et al. [20] offered an arbitrarily
masked Mamba-based model for medical image recon-
struction and uncertainty estimation without taking physi-
cal model into account. Zou et al. [58] proposed a multi-
domain Mamba-based reconstruction framework, however
this work differs from our approach due to usage of fully-
sampled auxiliary modality along with the target recon-
struction. To best our knowledge, this is the first physics-
guided SSM-based model for MRI reconstruction.

3. Background
3.1. Accelerated MRI Reconstruction

MRI reconstruction from partial k-space can be defined
as follows

SpCx = yp, 9]

where S, is the partial Fourier operator, x is the target MR
image, C' is the coil sensitivity maps and 7, stands for the
partially sampled k-space points. Reconstruction of x from
1p leads to infinitely many solutions, thus solution requires
regularization. Reconstruction objective with regularization
can be formulated as

~ 1
= argmmi”yp — 8,Cz||* + B(x), (2)
where T is the reconstructed MR image using the algorithm,

and 3(x) is the regularization term that is used to shrink the
solution space. Traditionally, total variation using gradients
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in the image [4], £1 norm in the Wavelet domain [28] or Lo
norm of the reconstruction [33] have been widely adopted
as regularization terms. However, the classic approach for
deep reconstruction models is to learn §(x) during the of-
fline training.

3.2. Structured State Space Models

Structured State Space Models (SSMs) are used for 1D
sequence z(t) € R to sequence y(t) € R transformation
using an implicit latent space h(t) € R as follows

R'(t) = Ah(t) + Bx(t) 3)
y(t) = Ch(t), )

where A € RV*N B ¢ RV*1 and ¢ € RV, Discretiza-
tion is needed to integrate this continuous system to the ex-
isting deep learning frameworks. Discretization is generally
performed via zero-order hold (ZOH) where A parameter
comes into space to redefine continuous parameters A and
B in the discrete form as follows

exp(AA) &)
= (AA) Y (exp(AA) —I)- AB. (6)

@l

With this, we can rewrite the equations (3) and (4) as fol-
lows

hy = Ahy_1 + Bxy (N
yr = Chy. ®)

The selective scan mechanism proposed in Mamba makes
the learnable parameters input dependent (dynamic) where
B € RBstxN’ C € RBstxN and A c RBSXLXD
are defined using linear projections of the input sequence
x € RBsXEXD where Bs corresponds to batch size, L to
sequence length, D to number of channels in the input and
N to inner state dimension.

4. Methodology

We adapt the Visual State Space Model (VSSM) blocks
proposed in [26] for our physics-guided model, as shown
in Figure 1. Following VSSM, we simply divide the input
coil-combined complex MR images into patches with size p
and perform unfolding in VSSM using 4 different directions
(top-left to bottom-right, bottom-right to top-left, top-right
to bottom-left, and bottom-left to top-right) as shown in Fig-
ure 1. Unfolding in different directions is needed when
employing SSMs in visual data, since the original SSMs
are causal and span the input sequence in a single direction
which is suitable for time-series data or language process-
ing but contradicts the non-causal nature of images. We
use L1 norm of the difference between reconstructed and

fully-sampled coil-combined images as the training objec-
tive, while employed AdamW optimizer is enforcing a de-
coupled weight decay [27] on the network weights. Our
simplified training objective can be written as follows

0* = arg l'%in ]:E(:Eus,l’fs)"/pdala [fos - Iy (-Tusa M, C; 9)”1]

©)
where x,s and x s, refers to the paired under- and fully-
sampled coil-combined MR images, z, refers to the recon-
structed image, M denotes the undersampling mask, C' de-
notes the coil sensitivities, and 6 refers to the model param-
eters.

To incorporate the complex MRI data, we convert com-
plex MR images to real images using 2 separate channels
for the real and imaginary components. In data-consistency
blocks, we project patchified images back to the original
shape with 2-channels via fully-connected layer, to convert
them back to the complex form, and take centered Fourier
transform. Then, we replace the generated k-space points
with the acquired k-space points using the undersampling
mask and the coil sensitivity maps, which are estimated
using ESPIRIT [41] with default parameters, as shown in
Eqgs. (10) and (11). The steps sequentially followed in the
ith data-consistency block can be expressed as

zhe = FHFICU(x))] © (1 = M) + F[Cys] © M]
(10)
The, = P(SILU(z},)) (11)

where F and F~! denotes forward and backward
2D Fourier Transforms, respectively, P denotes the
convolution-based patch embedding layer, U/ represents the
unpatchify layer, x; is patchified input of the 7th data-
consistency layer, z%,. is redundant intermediate output,
‘réc,p is patchified output of the ith data-consistency layer,
and SiL.U is the swish [36] activation function.

In this design of architecture, we enable the information
to be flown through patches in every possible directions,
while keeping the reliance to the physical model by enforc-
ing hard data-consistency between the VSSM blocks.

4.1. Network and Training Details

AdamW optimizer is used for training with default pa-
rameters for 100,000 iterations with a batch size of 4.
Learning rate is decayed after warm-up using half-cycle co-
sine decay starting from 1 x 1073 to 1 x 107, Patch size
is selected as 2 although 1, 4 and 8 are considered during
hyper-parameter tuning as shown in ablation studies. Num-
ber of consecutive VSSM and data-consistency blocks are
selected as 6; 4 and 8 are also considered as shown in the
ablation studies. Inner state dimension of VSSM is selected
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Figure 1. MambaRecon architecture is shown. X, corresponds to zero-filled input image, Xy is the fully sampled ground truth and X; is
the reconstructed image. Minimization of L1 norm of the difference between Xy and X is utilized as the training objective. Consecutive
VSSM and data-consistency blocks (shown as DC Block) are repeated 6 times. Y, corresponds to summation across all unfolded vectors
in the output of SSM. DWConv corresponds to the depth-wise convolution [17].

Table 1. Reconstruction metrics shown in the fastMRI dataset when R = 4 and 8.

T,-4x T,-8x T,-4x T,-8x |  Flair-4x [ Flair-8x
PSNR (dB) | SSIM (%)
UNET 30.93 | 86.55 | 27.94 | 80.97 | 28.65 | 83.82 | 26.23 | 78.07 | 28.09 | 83.75 | 25.32 | 76.70
E2E-Varnet 41.30 | 96.76 | 36.11 | 93.78 | 36.64 | 95.82 | 33.19 | 92.86 | 36.91 | 94.60 | 32.33 | 89.44
RecurrentVarnet | 43.29 | 97.44 | 38.09 | 95.05 | 38.80 | 96.95 | 34.83 | 94.39 | 38.54 | 95.78 | 34.11 | 91.40
SwinUNET 35.89 | 93.53 | 33.04 | 91.06 | 32.42 | 91.95 | 30.28 | 88.99 | 31.93 | 90.31 | 29.16 | 85.90
SwinMR 38.42 | 94.03 | 35.28 | 91.57 | 3390 | 92.74 | 31.22 | 89.65 | 34.20 | 91.15 | 31.09 | 86.39
MambaRecon 43.93 | 97.63 | 39.08 | 9543 | 39.43 | 97.45 | 35.47 | 95.25 | 39.21 | 96.36 | 34.84 | 92.28
as 16 following [26], while hidden dimension of features 5.1. Datasets

is selected as 128. SiL.U activation [8] is used as the non-
linearity throughout the network.

5. Experiments

Each competing method is trained end-to-end using un-
der and fully-sampled image pairs. Acceleration is per-
formed via variable-density 2D Gaussian masks with vari-
ance adjusted to achieve 4 and 8 acceleration rates. All ex-
periments are performed on a single NVIDIA RTX A5000
gpu with a PyTorch framework. Number of parameters for
each model has been shown in Table 3.

We used the following magnitude single-coil and com-
plex multi-coil brain MRI datasets in our experiments.

1. fastMRI: Multi-coil brain MRI dataset [23] is consid-
ered, subjects are divided into training, validation and
testing as (100, 10, 40). T,-, T,-weighted and Flair ac-
quisitions are considered. There are no common pro-
tocol for all subjects. Number of coils are reduced to 5
to decrease the computational expense using [54]. Coil
sensitivity maps are estimated using ESPIRIT with de-
fault parameters [41].

2. IXI: Single-coil brain MRI data from IXI (http://brain-
development.org/ixi-dataset/) is considered. T;-, T»-
and PD-weighted acquisitions are used. 25 subjects
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Figure 2. Reconstructions of T> images with acceleration rate of 4 from fastMRI. Zoomed-in areas and error maps are attached on top and
below of reconstructions.
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Figure 3. Effective receptive fields of each competing method are drawn after training, adapting the codes provided by [26]. Gradients are
averaged across 100 test slices in fastMRI dataset. For physics-guided methods undersampling mask is given as zero to isolate the effect
of the backbone. Each data point in these graphs represents the derivative of the center point in the reconstructed image with respect to the
undersampled input image. A higher density of outer points indicates a stronger relationship between the center point and those locations,
suggesting greater long-range sensitivity.

are used for training, 5 for validation and 10 for testing rent variational model is considered [51]. Network
in all experiments. hyper-parameters and implementation codes are gath-
ered from [50]. Adam optimizer is used with the de-
5.2. Competing Methods fault pargme@rs with a learning rate of 0.0005, for

500,000 iterations.

e UNET: U-shaped network model is utilized from [23].

Network hyper-parameters and implementation codes » SwinUnet: A transformer based U-shaped segmen-
are gathered from [50]. Adam optimizer is used with tation model is adapted for MRI reconstruction [5].
the default parameters with a learning rate of 0.002, for AdamW optimizer is utilized for training with a learn-
150,000 number of iterations. ing rate of 0.0002 decayed after Sth epoch using cosine

. . d . Training is lasted for 100,000 iterations.
e E2E-Varnet: End-to-end variational network is con- ceay. lraming 1s fasted tor tlerations

sidered [40]. Network hyper-parameters and imple-
mentation codes are gathered from [50]. Adam opti-
mizer is used with the default parameters with a learn-
ing rate of 0.0002, for 150,000 iterations.

¢ SwinMR: A swin-transformer based MRI reconstruc-
tion model is considered [19]. Adam optimizer is used
with the default parameters with a learning rate of
0.0002, for 100,000 iterations.

RecurrentVarnet: An unrolled k-space based recur-
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Table 2. Reconstruction metrics shown in the IXI dataset when R = 4 and 8.

T, -4x T;-8x T,-4x \ T,-8x \ PD-4x PD-8x
PSNR (dB) | SSIM (%)
UNET 37.01 | 94.07 | 31.82 | 90.57 | 38.06 | 94.85 | 33.86 | 91.98 | 36.99 | 94.66 | 32.04 | 91.43

E2E-Varnet 41.94 | 98.56 | 35.72 | 97.21 | 42.96 | 98.69 | 37.23 | 97.34 | 42.63 | 98.83 | 35.23 | 97.59
RecurrentVarnet | 44.95 | 99.48 | 37.78 | 98.55 | 46.24 | 99.25 | 39.62 | 98.32 | 45.96 | 99.34 | 37.96 | 98.45
SwinUNET 34.77 | 94.73 | 30.59 | 91.75 | 37.54 | 95.11 | 33.92 | 92.44 | 32.58 | 94.71 | 29.32 | 91.59
SwinMR 38.30 | 96.05 | 33.76 | 93.65 | 40.03 | 96.17 | 35.75 | 93.89 | 38.34 | 96.14 | 33.66 | 93.61
MambaRecon | 45.59 | 98.52 | 38.93 | 98.75 | 46.95 | 98.07 | 40.75 | 98.49 | 46.81 | 98.28 | 39.55 | 98.63

Zero-fill UNET E2E-Varnet cur ‘arnet SwinUNET SwinMR MambaRecon Target

(

Figure 4. Reconstructions of T-weighted images with acceleration rate of 4 from IXI. Zoomed-in areas and error maps are attached on top
and below of reconstructions.

Table 3. The number of parameters for each competing model is ble 4. As the metrics indicate, using an overly deep model
presented, with MambaRecon having the fewest parameters. or a very small patch size led to performance loss in addi-

tion to an increased computational budget. Here we list the

Method #Parameters . .
ONET T 76016 ablation studies performed:
E2E-Varnet 1.16e+7 1. OnlyDC: MambaRecon with only data-consistency
RecurrentVarnet 2.83e+6 blocks are considered where we removed the VSSM
SwinUNET 2.7le+7 blocks completely from the model.
SwinMR 5.84e+6
MambaRecon 2.05e+6 2. SwinRecon: MambaRecon with swin transformer

blocks is considered where we replaced VSSM blocks
with swin transformer blocks with the same hidden di-
5.3. Ablation Studies mension (128) and patch size (p = 2). Window size is

ified as 8.
We perform a variety of ablation studies to show the indi- spectied as

vidual effect of hyper-parameters and design choices. Per- 3. MambaRecon with more shallow and deeper back-
formance metrics for ablation experiments are shown in Ta- bones is considered with depth = 4 and 8 respectively.
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Table 4. Ablation results shown in fastMRI dataset when R = 4 and 8.

T4x | T8 T,-4x T,-8x FLAIR-4x | FLAIR-8x
PSNR (dB) [ SSIM (%)

OnlyDC | 39.10 [ 96.25 | 34.53 | 92.93 | 34.65 | 94.49 | 31.52 | 90.94 | 35.44 | 94.13 | 30.95 | 88.73
SwinRecon | 43.53 | 97.68 | 38.40 | 95.30 | 38.94 | 97.19 | 34.86 | 94.81 | 38.79 | 96.19 | 34.34 | 91.89
Depth =4 | 4359 | 97.66 | 38.74 | 95.36 | 39.25 | 97.32 | 35.18 | 94.99 | 38.85 | 96.13 | 34.55 | 91.90
Depth =8 | 43.61 | 97.74 | 39.00 | 95.49 | 39.10 | 97.33 | 35.29 | 95.12 | 38.91 | 96.25 | 34.57 | 92.19

p=1 43.67 | 97.80 | 3859 | 9521 | 39.12 | 97.28 | 34.92 | 94.68 | 38.95 | 96.36 | 34.38 | 91.71
p=4 42.51 | 97.24 | 37.81 | 94.74 | 38.07 | 96.68 | 3455 | 9432 | 37.96 | 95.56 | 33.90 | 91.27
p=38 39.83 [ 96.22 | 36.39 | 93.86 | 35.61 | 95.15 | 33.29 | 92.96 | 35.80 | 93.78 | 32.73 | 89.81
MambaRecon | 43.93 | 97.63 | 39.08 | 95.43 | 39.43 | 97.45 | 35.47 | 95.25 | 39.21 | 96.36 | 34.84 | 92.28

Here depth represents number of consecutive VSSM
and data-consistency block pairs.

4. MambaRecon with different patch sizes is considered
where p ranged from 1 to 8.

6. Results

We conducted a comprehensive comparison of Mam-
baRecon against a diverse range of models and datasets to
thoroughly evaluate its performance. Our benchmark in-
cluded state-of-the-art physics-guided CNN-based models,
E2E-Varnet and RecurrentVarnet, which leverage physical
model for enhanced image reconstruction. We also included
transformer-based reconstruction baselines, represented by
SwinUNET and SwinMR, that utilize advanced transformer
architectures to capture long range dependencies. Lastly,
we considered a pure data-driven CNN-based network, ex-
emplified by UNET, which relies solely on data for im-
age reconstruction. We considered both multi-coil com-
plex and single-coil magnitude MRI datasets represented
by fastMRI and IXI respectively. This diverse selection al-
lowed us to assess our model’s capabilities across various
reconstruction paradigms, from physics-guided approaches
to advanced transformer-based and traditional CNN-based
methods.

Peak Signal to Noise Ratio (PSNR) and Structural Sim-
ilarity Index Measure (SSIM) [43] are considered as the
comparison metrics. Results are presented separately for
each acceleration rate and contrast pair. Best results are
highlighted as bold for each test case. Table 1 and Table
2 present the performance metrics for fastMRI and IXI re-
spectively. Figure 2 shows representative reconstructions of
a T,-weighted slice with an acceleration rate of 4, Figure 6
stands for a Flair weighted slice when acceleration rate of 8
from fastMRI dataset. Figure 5 and Figure 4 stand for PD
and T;-weighted reconstructions when acceleration rate of
4 from IXI dataset.

Quantitatively, compared with the second best method;
MambaRecon yields 0.72dB more average PSNR in the

fastMRI dataset and 1.01dB more average PSNR in the IXI
dataset. Visually, MambaRecon captured almost all of the
high frequency details hence yields the darkest error maps
in the reconstruction figures without suffering from over-
smoothing effect or noise. We also illustrate the effective
receptive field of each competing method in Figure 3. We
observe the most powerful receptive field corresponds to
MambaRecon which yields a global receptive field span-
ning the whole image. We present the number of parameters
in each competing method in Table 3.

7. Discussion and Future Work

We proposed a lightweight and efficient reconstruction
model combining SSMs with phyics-guided MRI models.
To overcome the limitations of the original SSMs’ single-
direction spanning, we adopted a multi-directional spanning
approach. However, this approach might be less optimal
than self-attention transformers in fully capturing the inter-
actions between image patches. Implementing a more ad-
vanced scanning technique could enhance the model’s per-
formance.

Our method currently relies on ESPIRIT [41] for coil
sensitivity estimation. By integrating this process within
a unified framework, we could enable end-to-end training,
potentially enhancing the efficiency and accuracy of the
overall model. This unified approach would streamline the
workflow, allowing for simultaneous optimization of both
the coil sensitivity estimation and the subsequent image re-
construction, thereby improving performance.

Our model, like all other competing methods, is trained
in a supervised manner using under-sampled and fully-
sampled images from public MRI datasets. To eliminate
the dependency on supervised training, a self-supervised
training loss, as demonstrated by [46], could be employed.
Moreover, a test-time adaptation approach could be bene-
ficial to incorporate the changes in physical-model like ac-
celeration rate or under-sampling pattern. We leave this ex-
ploration for future work.
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Zero-fill UNET E2E-Varnet RecurrentVarnet SwinUNET SwinMR MambaRecon Target

Figure 5. Reconstructions of PD images with acceleration rate of 4 from IXI. Zoomed-in areas and error maps are attached on top and
below of reconstructions.

E2E-Varnet RecurrentVarnet SwinUNET SwinMR MambaRecon Target

Figure 6. Reconstructions of Flair images with acceleration rate of 8 from fastMRI. Zoomed-in areas and error maps are attached on top
and below of reconstructions.

8. Conclusion state-of-the-art reconstruction baselines.

We proposed a physics-guided MRI reconstruction Acknowledgement This work was supported by NIH

framework utilizing structured state space models in its grants ROICA276221, R37CA248077, and the Johns Hop-
core. Our model benefits from high long range contex- kins Discovery Award.

tual sensitivity without creating a computational burden and
yields a better reconstruction quality compared with the
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