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Abstract

Consistency and interpretability have long been the criti-
cal issues in MRI reconstruction. While interpretability has
been dramatically improved with the employment of deep un-
folding networks (DUNs), current methods still suffer from
inconsistencies and generate inferior anatomical structure.
Especially in multi-contrast scenes, different imaging pro-
tocols often exacerbate the concerned issue. In this paper,
we propose a range-null decomposition-assisted DUN ar-
chitecture to ensure consistency while still providing desir-
able interpretability. Given the input decomposed, we argue
that the inconsistency could be analytically relieved by feed-
ing solely the null-space component into proximal mapping,
while leaving the range-space counterpart fixed. More im-
portantly, a correlation decoupling scheme is further pro-
posed to narrow the information gap for multi-contrast fusion,
which dynamically borrows isotropic features from the oppo-
nent while maintaining the modality-specific ones. Specifi-
cally, the two features are attached to different frequencies
and learned individually by the newly designed isotropy en-
coder and anisotropy encoder. The former strives for the
contrast-shared information, while the latter serves to capture
the contrast-specific features. The quantitative and qualita-
tive results show that our proposal outperforms most cutting-
edge methods by a large margin. Codes will be released on
https://github.com/chenjiachengzzz/RNU.

Introduction

As a non-invasive and radiation-free in vivo imaging tech-
nique, magnetic resonance imaging (MRI) (Yang et al. 2022;
Feng et al. 2021c¢), has evolved into an indispensable medi-
cal resource, delivering exceptional soft tissue contrast and
precise anatomical visualization alongside signal quantifi-
cation. However, the acquisition of high-resolution MR im-
age demands prolonged scan intervals, which poses prob-
lems such as patient discomfort and motion-induced dis-
tortions. Consequently, a specific investigation emerges to
speed up the acquisition process while ensuring a high im-
age quality. The most vital solution lies in an undersampling
step in k-space, coupled with a reconstruction algorithm us-
ing compressed sensing technique (Song, Chen, and Zhang
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Figure 1: (Left) Comparisons of PSNR/Params-Flops
among competing methods. The circle radius denotes the
metrics of Flops (G). (Right) Relative log amplitudes of
spectral feature maps.

2021). This paradigm shift significantly accelerates the MRI
acquisition. Unfortunately, due to the extreme violation of
Nyquist theorem, the undersampled k-space data often suf-
fer from aliasing artifacts that may spread throughout the
image. This phenomenon of inconsistency severely impedes
the clinical diagnosis and is surely unacceptable in areas of
life and health.

To address the challenges, most conventional approaches
borrow certain hand-crafted priors to enforce the recon-
structed images enjoy truthful visual properties. For exam-
ple, techniques such as sparse representation (Wang et al.
2023a), low rankness (Peng et al. 2023), edge sharpness
(Huang et al. 2022), and non-local similarity (Wen et al.
2023) have been extensively investigated and yield com-
mendable performance. These solutions incrementally ame-
liorate image quality through iterative updates, which of-
ten suffer from the expense of massive execution time and
the risk of oversmoothed recoveries. Moreover, the ne-
cessity for meticulous hyperparameter fine-tuning remains
a formidable concern. With the contiguous progress of
hardware and software, reconstruction methods centering
around deep neural networks (DNNs) have emerged as the
prevailing paradigm. Early DNN-based reconstruction ap-
proaches often borrow architectures from the natural im-
age domain, such as UNet (Ronneberger, Fischer, and Brox
2015), ResNet (He et al. 2016), or Transformer (Vaswani
et al. 2017). However, a high-quality performance cannot
be guaranteed since these architectures are not designed
specifically for MRI reconstruction. Moreover, poor inter-
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pretability is also a daunting issue since a purely deep learn-
ing network is generally known as a black box. Recently,
the field has seen a rapid paradigm shift with the emerg-
ing technique of Deep Unfolding Networks (DUNSs) (Song,
Chen, and Zhang 2023), which take advantage of both tra-
ditional algorithms and network modules. On that basis,
high performance can be earned without losing much inter-
pretability. Following this line, some pioneers (Feng et al.
2022, 2021a,b; Fang et al. 2022) commence to harness fast-
acquired modalities/contrasts, i.e., TIWI and PDWI, to ac-
celerate the reconstruction of counterparts, such as T2WI
and FSPDWIs. With the aid of reference information, this
multi-contrast MRI acceleration has soon led to substantial
enhancements.

Although significant strides have been made, current MRI
techniques are not yet accessible to the practical clinical ap-
plications. While most DUNs were proposed to strive for
better interpretability, their performance cannot be ensured
due to an approximated prior setting or brute feature learn-
ing. To the best of our knowledge, the matter of consistency
guarantee, i.e., certain constraints that ensure coherence
between reconstruction and ground truth, literally remains
unexplored. Note that similar to the hand-crafted priors,
neural networks also endeavor to capture underlying data
knowledge and constrain the solution space, which can be
considered as an implicit way for reconstruction consistency.
Nonetheless, current schemes either rely solely on single-
modality information or simply concatenate data from aux-
iliary/reference modalities, which encounter constraints on
feature interaction, culminating in performance degradation.
In practice, an arbitrary incorporation of multi-contrast fea-
tures would bring little information gain for MRI, yet ex-
acerbate the challenge of inter-domain variations. In other
words, relying blindly on reference information may nega-
tively introduce inductive biases and engender turbulence in
acquisition. Hence, a pressing question arises: how to effec-
tively harness the complementary information yet discard
the redundant features from opposite contrast?

For the first issue, we propose to impose a consistency
guarantee on typical DUNs. Practically, the range-null de-
composition is used to disentangle features into two com-
ponents. With the range component preserved, we further
refine the null space to guarantee the coherence of recon-
structed images. The proposal not only attains superior in-
terpretability, but also ensures high credibility for the out-
comes. For the second issue, it is widely acknowledged that
auxiliary modalities, even originating from the same site
within the same patient, exhibit substantial dissimilarities
due to the use of different imaging protocols. Henceforth,
we expound upon a correlation decoupling learning block
(CDLB) that effectively disentangles the overall informa-
tion into contrast-specific (or anisotropic) part and contrast-
shared (or isotropic) one. On one hand, the shared features
of both contrasts exhibit similar edges and structures, which
could be used to facilitate cross-modality fusion. On the
other hand, modality-specific features contain various patho-
logical details and texture information, which should be pre-
served to promote the reconstruction fidelity. Therefore, we
need a divide-and-conquer approach to properly integrate
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complementary information while retaining exclusive infor-
mation. Hence, CDLB embodies a dual-branch structure ac-
commodating an isotropy encoder and an anisotropy en-
coder. More specifically, anisotropy encoder is designed to
facilitate the transmission of contrast-specific information,
while isotropy encoder is crafted to learn contrast-shared
features. On that basis, the reconstruction quality can be en-
hanced by jointly considering the shared information, which
further ensure a high consistency.

The performance of our proposals is validated on a naive
unfolding network, i.e., Iterative Shrinkage Thresholding
Algorithm (ISTA), without sophisticated structure. In cases
with different acceleration factors and sampling patterns, ex-
tensive experiments on two representative datasets demon-
strate that our method, yet with moderate running complex-
ity, outperforms all previously reported SOTA methods. Sev-
eral initial comparisons are given in Fig. 1. Evidently, the
other competitors lag behind our method by a large margin.
Besides, compared to the original ISTA, the addition of con-
sistency guarantee clearly enriches high-frequency informa-
tion, which favors the sharper texture structures.

Related Work
MRI Acceleration

Magnetic resonance imaging is widely known as a non-
invasive medical technique, which has become a critical tool
in diagnosing diseases and monitoring treatment outcomes.
However, the acquisition of MRI images can be compu-
tationally complex, resulting in a prolonged waiting time,
which hinders its widespread use in clinical practice. To ad-
dress the problem, researchers have developed various accel-
eration techniques, among which compressed sensing and
deep learning are the most widely employed. Compressed
sensing (Zhou and Li 2023) aims to reduce the amount of
data acquired during MRI scans, which in turn improves re-
construction speed. Various compressed sensing techniques,
including sparse regularization (Zhang et al. 2022), edge-
based sketching (Jiang, Zhai, and Kong 2021), and dictio-
nary learning (Liu et al. 2020), have been proposed. How-
ever, these hand-designed methods often require massive it-
eration steps and suffer poor generalization due to the need
for strong prior information (Hammernik et al. 2018). Re-
cently, deep learning methods have also shown promising
results in promoting MRI reconstruction speeds. Convolu-
tional neural networks (CNNs) are the pivotal branch to re-
construct MRI images from highly undersampled k-space
data, achieving high-quality results at fast speeds. Schlem-
per et al. (Chlemper et al. 2017) develop a deep cascade
of CNN for dynamic MR image reconstruction, which out-
performs compressed sensing approaches in terms of both
speed and reconstruction error. Similarly, MICCAN (Huang
et al. 2019) recovers high-quality MR details from a cas-
caded channel-wise attention that can attend to prominent
features while filtering out irrelevant information. Unlike
these methods, Wang et al. (Wang et al. 2020) design a net-
work that performs directly on the complex values, namely
DeepcomplexMRI, which is able to preserve the intrinsic
relationship between the real and imaginary parts. Then,
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Figure 2: Illustration of our Range-Null empowered Unfolding network. Each stage is composed of a range-null empowered
data fidelity term and a correlation decoupling learning module.

Feng et al. (Feng et al. 2021d) introduce OctConv(Chen
et al. 2019) to address the shortcoming that CNN cannot
compute complex numbers. Since artifacts in the image do-
main are often non-local and structural, some researchers
commence to introduce hybrid domain learning paradigm
that exploits both image space and k-space. Zhou et al.
(Zhou and Zhou 2020) propose a dual domain recurrent net-
work (DuDoRNet) to simultaneously recover k-space data
and images. It is experimentally proven to outperform sin-
gle domain methods. Other approaches enforce the use of
unsupervised learning and generative adversarial networks
(GANs)(Huang et al. 2022; Jiang et al. 2021) to reduce
the reliance on labeled data. Nevertheless, models based on
GAN tend to yield fake details, which is unallowable in med-
ical domain.

Deep Unfolding Network

Overall, the aforementioned techniques have shown promis-
ing results in accelerating MRI reconstruction and hold the
potential to improve clinical practice. However, they either
lack interpretability or exhibit unstable reconstruction qual-
ity. Hence, the combination of compressed sensing theory
and deep learning techniques has gained in-depth investiga-
tion to improve the accuracy and speed of MRI reconstruc-
tion. Accordingly, deep unfolding network has opened a new
avenue in this field, which mainly follows the optimization
steps of certain traditional algorithms, yet with partial com-
ponents replaced with network modules. The learned ver-
sion of iterative soft thresholding algorithm (Zheng et al.
2023) (ISTA) is known as the first DUN, whose theoretical
and experimental outcomes evince that the specific config-
uration not only enjoys an adaptive update of network pa-
rameters in an end-to-end fashion, but also effectively pre-
serves the interpretability of the iterative optimization. Sub-
sequently, an array of DUNs have surfaced. As an example,
a fresh approach founded on half-quadratic splitting (HQS)
has been formulated to expedite the reconstruction of un-
dersampled MR images (Jiawei et al. 2023). Furthermore,
MGDUN (Yang et al. 2022) contributes significantly to the
field of image super-resolution, which introduces an end-
to-end trainable model that harnesses the power of multi-
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ple contrasts. Additionally, PLA-GAN (Jiang et al. 2023)
presents a pioneering ADMM technique for CT denoising,
which merges the flexibility of model-based methodologies
with the benefits of generative adversarial networks.

Proposed Methodology
Problem Formulation

Fast MRI reconstruction is considered to recover the target
image X7 € R”*W from the k-space undersampled mea-
surement Y% € C#*W The typical optimization framework
can be formulated as follows.

Xr= argmin || Y71 — 'DUXTH% +AP(X71)
Xr N——— ——

data fidelity

(O]

prior

where A is a trade-off parameter used to balance the inter-
term contributions, X 1 is the recovered result, and D, de-
notes the undersampling operator in fast MRI. Besides, P(-)
denotes the regularization term.

Despite the advancements made in single-contrast MRI,
employing multiple measurements would probably facilitate
a better understanding of the imaging process. As a result,
much of the attention on MRI acceleration has been drawn
toward the multi-contrast reconstruction. Accordingly, the
Eq. (1) can be rewritten as

X7 = argmin| Y5 — DuXr|F + AP(X1, XR) (2
X

where X r denotes a reference image that is typically full-
sampled. Since different modalities would reflect altered
characteristics of the same patient, the utilization of com-
plementary information potentially benefits a high-quality
reconstruction of the target images.

Following the typical ISTA framework, Eq. (2) can be
solved by iterating between the following gradient descent
and proximal mapping steps:

Rk
X%

=X — pDL (DL XS - Vi) (3a)

:prowp,;(’Rk, XR) (3b)

where R* and X% denote the intermediate result and re-
construction MR image at k-th stage, respectively. p is the
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step size of gradient descent. ’DZ denotes the transpose of
D,,. proxp (v) = argminy 1 |[u — v||3 + AP(u). The lim-
itation of Eq. (3b) is that gradient descent can only find an
approximate solution to the data fidelity term in each itera-
tion, which cannot strictly satisfy Y7 = D, R. Note again
that when dealing with medical data concerning closely to
healthcare, any trivial mistake may lead to serious conse-
quences. Hence, ensuring reconstruction consistency is an
urgent need.

Range-Null Empowered Unfolding (RNU) Network

To tackle the bottleneck of ISTA-based DUN, we introduce
the Range-Null Space decomposition to strive for the con-
sistency guarantee of the data fidelity term. Given an under-
sampled matrix D,,, at least one pseudo-inverse D/, that sat-
isfies D, D}, D., = D, exists (Wang et al. 2023b). Hence,
any MR image X1 can be decomposed into two compo-
nents:

X = DD, X1+ (T -D\D.)Xr )
N——

—_———

range-space null-space

where operator DI D,, projects X1 from the original do-
main into range space, and Z — D}, D,, projects MR image
to null space. Generally, MRI reconstruction can be sepa-
rately treated within the two distinct spaces. Range space
reconstruction ensures the data consistency with respect to
the observation Y%, while null space refinement tends to
remove artifacts and promote image quality. More impor-
tantly, DD, X1 = D} Y% can be directly achieved from
Y., hence only the null-space shall be further ameliorated.
Due to the relatively limited information in null space, the
model burden as well as the convergence capacity would be
naturally boosted. Hence, Eq. (3) can be rewritten as:

R* =D Y4 + p* (T - DiDL) XS
X' =prozp A(R", Xr)

(52)
(5b)

Note the role of the learnable parameter p* has now been
shifted into dynamically balance the contribution of range
space and null space.

As shown in Fig. 2, our network architecture is stage-
wisely armed with two main components, i.e., Range-Null
based Gradient Descent (RNGD) and Correlation Decou-
pling Learning Block (CDLB). By feeding Y% and X%!
into RNGD module, R* can be easily updated using Eq.
(5a). With the support of theoretically strict Range-Null de-
composition, the data consistency is readily enriched, which
further guarantees a high reconstruction quality.

Correlation Decoupling Learning Block Given R” up-
dated, CDLB is designed to cope with Eq. (5b) and gen-
erate the reconstruction result X%. Three modules are in-
volved, including an encoder for feature extraction, a de-
coder for image generation, and a decoupling and fusion
segment for information aggregation. As illustrated in Fig.
3, all the three modules follow a dual-branch architecture.
To facilitate a better consistency of the reconstituted images,
the main endeavor is paid towards assembling a wealth of
complementary information, while discarding the modality-
specific details. Note that multi-modality MRI data are ac-
quired through distinct imaging protocols from identical

1084

anatomical sites of the same patient. Hence, it is natural
that, while the local details show a certain anisotropy, the
global characterization bears an isotropy with a large proba-
bility. Moreover, Fig. 4 visualizes some representative multi-
contrast features with frequency divided into high- and low-
parts. As can be observed, the low-frequency features ex-
hibit congruence in their patterns, yet the high-frequency
features embody a discrepancy. Motivated by these findings,
we respectively refer low-frequency long-range information
and high-frequency local details as the isotropic features and
anisotropic features. During the reconstruction, we priori-
tize the isotropic features to be fused, which borrows the
more correlated information from the auxiliry contrast and
discard the less concerned ones.

Encoder. The main role of Encoder block is to extract
features {FF, FE} from target and reference inputs:

FT = Er(HTY (X)), Fi = Er(HE (XR)) (6

where #V (-) and #1Y (-) denote the input projection com-
posing of a 3 x 3 convolutional layer followed a ReLU acti-
vation function, respectively for target and reference input.
&(+) is formed by multiple isotropy encoders, whose details
will be elaborated shortly.

Isotropy Encoder. To extract low-frequency isotropy
features, most pre-defined operators can be readily used,
such as Discrete Wavelet Transform and Discrete Fourier
Transform. However, these static operations are not flexi-
ble enough to earn for compelling performance. As men-
tioned, isotropy features refer to the global characterization
of the multi-contrast data. On that basis, we dynamically
capture the low-frequency structure using transformer ar-
chitecture, which enjoys a high reputation in recognizing
long-range dependencies. Concretely, given half the features
{Fo' Fu') split from {FEZ, FE}, isotropy encoder Z(-)
can be mathematically expressed as:

Fr=TIr(Fp"),Fir=Tr(Fp") )

where FZ. and F%; are the isotropy feature of target and ref-
erence MRI, respectively. Note that we not only employ Z(-)
for the purpose of frequency division, but also embed it in
the overall encoder block due to its function in capturing
global features.

The original transformer suffers from O(n?) complexity.
To boost the efficiency yet with the guarantee of explor-
ing globally the anatomical structure, our isotropy encoder
improves the typical transformer architecture with two new
modules, as shown in Fig. 3(C). Taking F5'" as an instance,
Z(-) can be further formulated as:

Fryum = -7"5’1 + %FMM(HLN(-'F?’I)) ®)
Fl=Frum+ Hrxrrn(Hin(Fravm)) ©)

where Hrayu(-) and Hioxrrn(-) denote the Fourier mod-
ulation module (FMM) and large-kernel based feed-forward
network (LKFFN), respectively. H 1,y (-) refers to the layer
normalization operation.

FMM is used to replace the high-consumptional self-
attention computation. Commonly, given any normalized
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Figure 4: Fourier spectrum visualization of multi-contrast
data. (A)-(B) Low-frequency parts. (C)-(D) High-frequency
parts.

tensor F € RT*W*C we shall obtain Q and V with some
convolution operations, e.g., convolution with 1 x 1 kernel,

Q:?'tlxl(]:)7v:%1><1(.7:) (10)

However, convolutions capture only the local features.
Based on the Fast Fourier Transformation (FFT), the im-
ages in frequency domain are the weighting of signals in
image domain. Thus, we can learn global structure simply
with convolutions in frequency domain.

Aspe = o (Hix1(6(Hix1(1(2)))))) (1n

where A; s, represents the global attention map. ¢ and ¢~
denote the FFT and inverse FFT, respectively. o and § denote
sigmoid operation and GeLU function, respectively. Finally,
we produce the enriched features by:

Frum =F +Hix1(ArpV) (12)

LKFFN is specified to improve the naive feed-forward
network (FFN), in which we introduce a gated mecha-
nism based on recent advances in large kernel convolution,
discriminatively enhancing the perception of local details.
Given a layer normalized feature F ¢ R¥*W>*C LKFFN
can be formulated as:

j::ﬁSE(ﬂlxl(g(}_)))"']: (13)

G(F) =(Hrx7(Hix1(F))) © Haxs(Hix1(F))  (14)

where © denotes element-wise multiplication, Hsz(-) is
employed to mix the channel information. Generally, gating
function G(-) allows the network to focus on texture details,
which are fitly supplementary to the role of FMM that learns
Fourier attention maps.
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Anisotropy Encoder. Several conventional operators,
such as Sobel and Canny, are readily employable to extract
high-frequency anisotropy, yet the hand-crafted priors may
deviate far from the information flow during dynamic up-
date. As noted, for multi-contrast data, anistropic features
refer mainly to local details. Hence, we consider CNN-
based treatments to be naturally suitable for highlighting
the pathological subtleties contained in high-frequency in-
formation, due to their known adeptness in integrating short-
range dependencies. Similar to Z(-), given halved features
{FEA FEAY from {FZ, FE}, anistropy encoder .A(-) is
formulated as:

Fip = Ar(FEN, Fa = Ap(FEY)

where F#4 and F é are anisotropic features of target and ref-
erence, respectively. Considering that both the edges and
textures of organs are vital for medical analysis, A(-) is
expected to perceptualize as comprehensive information as
possible. Therefore, we choose various convolution oper-
ations to parallelly behave as experts for detecting differ-
ent features, involving standard convolution with 3 x 3 and
5 x 5 kernels, depth-wise convolution with 7 x 7 kernel, and
dilated convolution with 5 x5 and 7 x 7 kernels. In addi-
tion, to measure the individual contribution of each expert, a
self-attention mechanism is employed to learn the concerned
weights. As shown in Fig. (3) (B), given an input F%4, we
first apply global average and standard deviation poolings to
generate channel descriptor Z, and Z,:

15)

Zuim LSS A (16)
’ HxW ==
Zic= : fjfj(ff*’*(i,j) —Zac) (D
’ HxW ’

i=1 j=1
where (7, j) and ¢ denote position and channel, respectively.
Then a gating mechanism is used to aggregate channel-wise
information, from which the weight W can be allocated:

where Wy and Wp refer to different weights from two
1x1 convolutional layers. Afterwards, the expert-aggregated
feature can be dynamically learned as:

FA=Hia(Wm] - FL,)),m=1,2,..M  (18)

where F7,, and M represent the learned expert feature
and the overall expert number, respectively. [-] denotes the
channel-wise concatenation.
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Fusion Layer. With the isotropic and anisotropic charac-
teristics individually extracted, the role of the fusion layer is
to borrow the isotropy information from reference to facili-
tate target reconstruction. In practice, to maintain the consis-
tency of inductive bias, we again apply Z(-) for the isotropy
aggregation, that is:

Fi=I(Fr,Fr) (19)

where FZ% denotes the fused feature of target and reference
modalities, which is further fed into decoder branch.
Decoder. In the decoder stage, the separated isotropy and
anisotropy features are channel-wisely concatenated to re-
generate the final MR images, which is formulated as:

fT:'H‘T’(DT([f%,f%})),fR:%%(DR([fé,fémzo
(20)
where Fr and Fg denote the results of target and refer-
ence contrasts, respectively. Note again that for a consistent
semantic flow, our decoder follows a symmetrical structure
with encoder. That is to say, %°(-) and D(-) share the same
operations with H'™ (-) and £(-).

Experiments
Datasets and Implementation Details

Datasets: The classical IXI dataset and the currently largest
fastMRI (Zbontar et al. 2018) dataset are employed for per-
formance evaluation. IXI consists of 578 paired PDWI and
T2WI volumes. FastMRI is paired with multi-contrast im-
ages. Following (Feng et al. 2022), we also sift out 240 pairs
of PDWI and FS-PDWI knee images in our experiments.
Metrics: Two popular metrics, including peak signal-to-
noise ratio (PSNR) and structure similarity (SSIM), are used
to measure the quality of reconstruction results.
Implementation Details: The proposed RNU is imple-
mented using PyTorch and evaluated with NVIDIA 3090
GPU. The Adam optimizer is utilized for model training,
with an initial learning rate [r = 10~* that is gradually de-
cayed to 10~% over 50 epochs. The batch size is set as 4.
To facilitate a better generalization, the training data are
randomly augmented by flipping horizontally or vertically
and rotating at different angles. L; loss is used to optimize
the network. To ensure a fair comparison, all competing ap-
proaches are trained using the finely tuned parameter set-
tings. Unless specified otherwise, the stage number K is 8.

Results and Analysis

Quantitative Results At 4x or 8 acceleration rate and
under three masks, i.e., random, radial, and Gaussian sam-
pling, the achieved results of all competing methods on both
datasets are presented in Table 1. Note all values are av-
eraged from 5 run for stability and fairness. Evidently, ir-
respective of sampling masks, acceleration rates, and vary-
ing datasets, RNU consistently stands out as a new SOTA
method. In terms of the PSNR results on IXI with x4
random mask, the leads of RNU over Unet (Ronneberger,
Fischer, and Brox 2015), MICCAN (Huang et al. 2019),
MDUNet (Xiang et al. 2018), DuDorNet (Zhou and Zhou
2020), MDDAN (Yang et al. 2020), DuDoCAF(Lyu et al.
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2022), and GAHQS (Jiawei et al. 2023) reach 12.69, 8.14,
6.88, 4.36, 6.23, 4.29, and 4.33, respectively. These re-
sults substantiate the advantages of our proposed consis-
tency guarantee using range-null decomposition.

Qualitative Results The comparisons of target contrast
and the concerned reconstruction error are given in Figs.
5 and 6. The texture of error maps serves as an indicator
of restoration efficacy, whereby a smoother and bluer sur-
face signifies a better reconstruction. As evidenced, given
the input suffering substantial aliasing artifacts and lack-
ing anatomical details, RNU is capable of reconstructing
the more details and exhibiting the fewer visible artifacts,
surpassing all the other competitors significantly. The en-
hancement in quality can again be attributed to the employ-
ment of consistency guarantee both in data fidelity and prox-
imal mapping. Moreover, the comprehensive exploitation of
supplementary features from multi-contrast data further con-
tributes to the refinement of the ultimate outcomes.

Ablation Experiments

Effect of Unfolding Stages To analyze the evolution of
performance improvements with increasing iterations, the
results of our model adapting to different stages, that is, from
4 to 12, are presented in Fig. 7. Remarkably, the increas-
ing stages consistently promote the model performance to
higher levels, albeit at the expense of a heavier computa-
tional load. As evidenced in Table 1, our RNU outperforms
other competitors significantly by setting K = 8. This lead
endows us with an easy-to-control model with respect to
practical hardware resources and performance requirements.

Effect of Rang-Null Decomposition The comparisons of
RNU and original ISTA are also given in Fig. 7. Note that,
for fairness, the proximal mapping step in ISTA follows the
same network architecture with our RNU. The only differ-
ence lies in the employment of rang-null decomposition.
Clearly, RNU outperforms the counterpart in all stages. The
large margin directly substantiates our conjecture that co-
ducting fidelity update in the whole space would lead to
suboptimal data consistency. Moreover, the null space holds
more potential for information correction and noise removal.

Effect of FMM We compare FMM with alternative self-
attention mechanisms and elucidate the findings in Table
2. To ensure a fair comparison, the model parameters us-
ing different attentions are standardized to a similar level
of 1.1 million. As can be seen, local attention (Wang et al.
2022) achieves linear complexity with significant perfor-
mance degradation. In other words, the efficiency boost of
local attention is at the cost of losing the global modeling
capabilities. With the aid of fast Fourier transformation, the
meticulously designed FMM not only achieves outcomes
akin to those of global attention (Vaswani et al. 2017) , but
also ensures the linear model complexity.

Effect of LKFFN The introduction of LKFFN endeavors
to enlarge the receptive field, yet with the guarantee of lim-
ited extra computational demands. As evidenced in Table 3,
with only 0.2M, 0.15M, and 0.02M Params added, the gains
of our model over FFN (Vaswani et al. 2017), ConvFFN
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| | IXI | fastMRI
AR | Methods | Random | Radial | Gaussian | Random | Radial | Gaussian
‘ ‘ PSNR SSIM ‘ PSNR SSIM ‘ PSNR SSIM ‘ PSNR SSIM ‘ PSNR SSIM ‘ PSNR SSIM
Unet 30.636  0.947 | 33.634 0.963 | 33.591 0.964 | 27.792 0.808 | 28.619 0.829 25.586 0.737

MICCAN 35.187 0972 | 42776  0.993 | 43.008 0.992 | 29.112 0.835 | 30.186 0.865 28.800 0.825
MDUNet 36.444 0982 | 37.314 0.983 | 36.984 0.982 | 28.835 0.824 | 29.366  0.840 26.407 0.758
DuDorNet 38.967 0.984 | 44.855 0.994 | 45.844 0.995 | 29.034 0.834 | 30.004 0.861 26.990 0.825
MDDAN 37.097 0.983 | 40.666 0.990 | 42.583 0.992 | 29.192 0.837 | 30.081 0.862 | blue28.649  0.840
DuDoCAF 39.037 0.985 | 45.001 0.994 | 45.636 0.994 | 29.163 0.837 | 30.244 0.866 27.723 0.808
GAHQS 38.997 0984 | 43.666 0.992 | 44583 0.993 | 29.134 0.835 | 30.014 0.860 27.890 0.827
RNECD (Ours) | 43.323 0.994 | 50.374 0.999 | 49.661 0.998 | 29.949 0.851 | 31.228 0.878 30.320 0.873

x4

Unet 28.662 0927 | 29.379 0.929 | 30.879 0.943 | 26.330 0.752 | 26.256 0.720 23.634 0.662
MICCAN 31.554 0949 | 33919 0967 | 36.058 0.977 | 27.377 0.769 | 27.297 0.737 26.282 0.730
MDUNet 35.176 0973 | 34.163 0976 | 35444 0979 | 27.451 0.773 | 26.906  0.737 25.182 0.700
x8 DuDorNet 36.193 0974 | 38.272 0.982 | 41.106 0.990 | 27.367 0.774 | 27.137 0.742 25.643 0.767

MDDAN 35383 0.979 | 35.611 0979 | 37.425 0.983 | 27.659 0.781 | 27.307 0.748 26.697 0.768
DuDoCAF 36.319 0976 | 37.574 0977 | 40.587 0.987 | 27.557 0.776 | 27.515 0.751 27.723 0.808
GAHQS 35977 0973 | 37.163 0976 | 40444 0.984 | 27.467 0.774 | 27.117 0.712 25.653 0.767
RNECD (Ours) | 40.894 0991 | 40.901 0.991 | 41.927 0.993 | 28.379 0.795 | 28.047 0.766 28.335 0.797

Table 1: The numerical results under three masks as well as x 4 and x 8 acceleration rates. The best and second results are
highlighted and underlined, respectively.

Measurement Unet MICCAN MDUNet  DuDorNet MDDAN DuDoCAF GAHQS RNU GT

Figure 5: Visual results and error maps on IXI dataset with random mask and x 8 acceleration rate.

Measurement MICCAN MDUNet DuDorNet MDDAN DuDoCAF

Figure 6: Visual results and error maps on fastMRI dataset with random mask and x4 acceleration rate.
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Figure 7: Comparison on different number of stages on IXI
dataset with gaussian mask and x4 acceleration rate.

(Wang et al. 2022), and GDFN (Zamir et al. 2022) reach
0.595dB, 0.441dB, and 0.246dB, respectively. These leads
are notably evident, since all the competitors have been re-
ported recently as the state-of-the-art schemes.

Method | Complexity | PSNR | SSIM
Global MSA | O(N?) | 38.199 | 0.973
Local W-MSA |  O(N) | 37.595 | 0.968
FMM O(N) 38.287 | 0.977

Table 2: Ablation of different attention mechanisms on IXI
dataset under x4 random acceleration mask.

Method \ FFN \ ConvFFN \ GDFN \ LKFFN
PSNR(db) | 38.579 38.733 38.928 | 39.174

SSIM 0.982 0.983 0.986 0.988
Params (M) 0.93 0.98 1.11 1.13

Table 3: Ablation of Feed-Forward Network on IXI dataset
under x4 random acceleration mask.

Effect of CDLB To substantiate the favorable impact of
CDLB, a series of ablation studies involving diverse multi-
contrast fusion schemes have been conducted. As shown in
Table 4, our proposal achieves notable gains of 3.976 dB
and 1.427 dB in terms of PSNR, respectively, over single-
modality and traditional multi-modality treatments. The su-
periority can be attributed to the fundamental information
interplay facilitated by CDLB, which enables the amalgama-
tion of shared features that encompass high-sharpness intri-
cacies, while dampening the modality-specific information
within the low-frequency domain. Furthermore, as shown
in Fig. 8, our reconstructed image truly enjoys better con-
sistency with GT. Through spectral analysis, it can be ob-
served that the CDLB equipped results hold much trivial
error to the true value. Recall that in Fig. 4, the spectro-
grams in different frequencies are achieved specifically by
the Isotropy and Anisotropy encoders. As anticipated, our
prior supposition holds true: Isotropy encoder adeptly ac-
quires low-frequency details, while Anisotropy encoder ex-
cels in assimilating high-frequency characteristics.
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Single-Modality

Multi-Modality ~ Modality Decoupling

Figure 8: Visual results from different modality treatments
on IXI with random mask and x 8 acceleration rate. The first
and second rows show the reconstruction images and local-
ized enlargements, respectively. The third and fourth rows
show the spectrograms and error plots in Fourier domain,
respectively.

Method | PSNR | SSIM
Single-Modality 35.198 | 0.975
Multi-Modality 37.747 | 0.985
Modality decoupling | 39.174 | 0.988

Table 4: Ablation of multi-contrast fusion on IXI dataset un-
der x4 random acceleration mask.

Conclusion

In this paper, we propose a novel Range-Null decom-
position empowered Unfolding network (RNU) for fast
multi-contrast MR imaging. To ensure a better consistency,
RNU commences to analytically analyze the inertial prop-
erty of range component, then bestows greater emphasis
on null space to strive for coherence in the reconstructed
MRIs. Moreover, to strengthen the isotropy yet suppress the
anisotropy of multiple contrasts, we proceed to formulate
a scheme for correlation decoupling that not only harmo-
nizes supplementary information but also maintains the in-
tegrity of the inherent features. Ultimately, by seamlessly
integrating the dual mechanisms into the conventional un-
folding architecture, the overall RNU model emerges. Com-
prehensive MRI acceleration experiments on two represen-
tative datasets, also with masks and acceleration rates varied,
show that our method are superior to the previous leading
approaches by a large margin. We hope this study will pro-
vide valuable insights for the community to design efficient
and effective MRI reconstruction architectures.
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