The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Detail Matters: Mamba-Inspired Joint Unfolding Network for
Snapshot Spectral Compressive Imaging

Mengjie Qin'2, Yuchao Feng'?, Zongliang Wu!, Yulun Zhang?, Xin Yuan'

*

!School of Engineering, Westlake University, Hangzhou, China.
2Westlake Institute for Optoelectronics, Fuyang, Hangzhou, Zhejiang 311421, China.
3Shanghai Jiao Tong University, Shanghai, China.
xyuan @westlake.edu.cn

Abstract

In the coded aperture snapshot spectral imaging system, Deep
Unfolding Networks (DUNs) have made impressive progress
in recovering 3D hyperspectral images (HSIs) from a single
2D measurement. However, the inherent nonlinear and ill-
posed characteristics of HSI reconstruction still pose chal-
lenges to existing methods in terms of accuracy and sta-
bility. To address this issue, we propose a Mamba-inspired
Joint Unfolding Network (MiJUN), which integrates physics-
embedded DUNs with learning-based HSI imaging. Firstly,
leveraging the concept of trapezoid discretization to expand
the representation space of unfolding networks, we intro-
duce an accelerated unfolding network scheme. This ap-
proach can be interpreted as a generalized accelerated half-
quadratic splitting with a second-order differential equation,
which reduces the reliance on initial optimization stages
and addresses challenges related to long-range interactions.
Crucially, within the Mamba framework, we restructure the
Mamba-inspired global-to-local attention mechanism by in-
corporating a selective state space model and an attention
mechanism. This effectively reinterprets Mamba as a vari-
ant of the Transformer architecture, improving its adapt-
ability and efficiency. Furthermore, we refine the scanning
strategy with Mamba by integrating the tensor mode-% un-
folding into the Mamba network. This approach empha-
sizes the low-rank properties of tensors along various modes,
while conveniently facilitating 12 scanning directions. Nu-
merical and visual comparisons on both simulation and real
datasets demonstrate the superiority of our proposed MiJUN,
and achieving overwhelming detail representation.

Introduction

Coded Aperture Snapshot Spectral Imaging (CASSI) has
emerged as a widely developed and utilized method for hy-
perspectral imaging. This method is characterized by low
bandwidth, rapid acquisition, and high throughput. Techni-
cally, the CASSI process can be divided into two distinct
phases. Initially, the 3D hyperspectral image (HSI) is en-
coded into a single 2D compressed measurement. Subse-
quently, the computational reconstruction phase employs re-
construction algorithms to estimate the original HSI from
the snapshot measurement. This phase is the critical com-
ponent of the entire CASSI system; therefore, developing
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Figure 1: Comparison of reconstruction quality vs. Parame-
ters(M), and FLOPs(G). Our proposed method outperforms
comparisons, while utilizing less computational costs. No-
tably, the images on the right show the feature maps of
RDULF and our method, where our features exhibit reduced
noise and sharper edges.

high-quality reconstruction algorithms is imperative for the
practical implementation of CASSI systems.

To address this challenge, traditional model-based meth-
ods (Bioucas-Dias and Figueiredo 2007; Liu et al. 2018;
Chen et al. 2023; Luo et al. 2022) often utilize regularization
based on image priors to facilitate reconstruction. Although
these methods are highly interpretable, they are limited by
their reliance on hand-crafted priors, which may lead to sub-
optimal results. Recently, numerous deep learning-based ap-
proaches for CASSI have been developed. Based on differ-
ences in network structure, these approaches are generally
divided into three categories: end-to-end methods (Huang
et al. 2021; Meng, Ma, and Yuan 2020; Cheng et al. 2022;
Meng, Ma, and Yuan 2020), plug-and-play methods (Chan,
Wang, and Elgendy 2016; Yuan et al. 2020, 2021; Ebner and
Haltmeier 2024), and deep unfolding methods (Wang et al.
2020; Wu et al. 2025; Ma et al. 2019; Zhang et al. 2022).
The end-to-end (E2E) method typically constructs a direct
mapping from the compressed measurement space to the
original image domain. This approach significantly reduces
computational complexity and often outperforms traditional
model-based methods in terms of efficiency and effective-
ness. The plug-and-play (PnP) method incorporates a fixed



pre-trained denoiser into traditional model-based frame-
works without additional training. This integration employs
pre-trained denoisers, which may not effectively adapt to
the specific mappings required by different datasets. Deep
unfolding networks (DUNs) reconfigure specific optimiza-
tion techniques into deep neural architectures. Specifically,
DUNs endeavor to construct interpretable deep neural net-
works by integrating the framework of conventional iterative
algorithms. In this work, we focus on DUNs, which have
been empirically proven to be successful in resolving opti-
mization challenges.

Typically, DUNs integrate advanced network modules as
denoisers to achieve robust interpretability and superior re-
construction capabilities. However, their performance re-
mains uncertain due to reliance on approximated prior set-
tings or insufficient feature learning. Current unfolding al-
gorithms often capture extensive dependencies by leverag-
ing the Transformer framework. Despite these algorithms
achieving good results in existing HSI reconstruction tasks,
they are still limited by the following issues: (i) These mod-
els are developed based on Transformer networks, which
have a very high computational cost, as the complexity
of the attention being O(N?). (ii) There exists a trade-
off between computational complexity and effective re-
ceptive field, which hinders these methods from exploring
long-range dependencies, especially in HSIs. Naturally, this
prompts a compelling research question: How can we design
an HSI image reconstruction module to achieve a good bal-
ance between high performance and low model complexity?

Recently, the state space model (SSM) is a promising
backbone for addressing the limitations of Transformers and
CNNs. The visualization Mamba model introduces a cross-
scanning module, which applies the structured state space
sequence (S4) model to visual tasks by unfolding 2D fea-
tures into 1D arrays along four directions. This allows it
to capture long-range context using a global receptive field
with O(N) complexity. However, as the Mamba model un-
folds 2D features into 1D sequences, spatially adjacent pix-
els can become distant in the flattened sequence. This in-
creased separation between neighboring pixels leads to a
neglect of local context, resulting in a significant loss of es-
sential local textures, thereby degrading HSI reconstruction
performance. To address the aforementioned issues, we pro-
pose a Mamba-inspired Joint Unfolding Network (MiJUN)
for HSI reconstruction. Specifically, inspired by Mamba, we
reformulate the SSM and the attention mechanism in a uni-
fied framework, describing Mamba as a variant of the Trans-
former, thereby leveraging the strengths of both Mamba and
Transformer. Furthermore, to address the issue of insuffi-
cient spatial and spectral feature representation in HSIs, we
are the first to integrate the tensor mode-k unfolding strategy
into Mamba. Finally, we introduce an acceleration strategy-
based HQS (A-HQS), which can be regarded as a second-
order differential equation, featuring improved convex ap-
proximation and O(1/k?) convergence rates, while the first-
order convergence rate is O(1/k). As shown in Fig. 1,
our MiJUN-5stg outperforms the previous SOTA RDLUF-
MixS2-9stg (Dong et al. 2023) by 1.01 dB in PSNR value,
with 3x fewer parameters and 3 x less computational cost.
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In summary, we present a joint unfolding network for
spectral SCI reconstruction, which integrates mode-k tensor
unfolding into the Mamba framework and then feeds into the
accelerated deep unfolding network. The principal contribu-
tions are as follows:

* We propose a Mamba-inspired accelerated unfolding net-
work for compressive spectral snapshot imaging, which
formulates Mamba and Transformer in a unified frame-
work. It retains the inherent advantages of the Mamba,
while achieving global-to-local information complemen-
tation through the attention module.

* Mode-£ tensor unfolding is first incorporated into the
Mamba module, which reduces complex tensor opera-
tions to relatively easy-to-handle matrix operations by
unfolding 3D tensors along each mode. This bridges
the high-dimensional input form and the vector form re-
quired by Mamba, while conveniently emphasizing low-
rankness and achieving 12-direction scanning.

* We introduce an interpretable A-HQS for the solution of
the DUN model. Based on this iterative solution frame-
work, redundant elements can be effectively discarded,
thereby accelerating the convergence of iterations.

* The comprehensive evaluation conducted on both simu-
lated and real datasets confirms that our proposed method
exhibits superior quantitative performance, enhances vi-
sual quality, and reduces computational demands. More-
over, it excels at recovering fine details in the image.

Related Work
Vision Transformer for CASSI

Previous studies have employed end-to-end neural networks
to develop data-driven priors, which have been extensively
applied in SCI applications. Recent related researches (Hu
et al. 2022; Zhang and Wu 2021) have also confirmed that
CNN-based methods exhibit strong capabilities to model
local similarities. However, despite their strengths, CNN-
based techniques are constrained by their inductive biases,
limiting their ability to identify non-local similarities.

To address the aforementioned issues, Transformer-based
approaches (Luo et al. 2024; Wang et al. 2023; Cao et al.
2024) have gained significant popularity in computer vision
due to their exceptional ability to model long-range inter-
actions across spatial regions. However, these algorithms
exhibit deficiencies in capturing the local features of HSI,
failing to adequately represent the detailed and textured in-
formation of the images. (Cai et al. 2022b) employ multi-
head self-attention (MSA) mechanisms to capture long-
range spatial and spectral dependencies in HSI. Using MSA,
it computes the spectral dependencies, resulting in an atten-
tion map that implicitly encodes the global context. More-
over, (Cai et al. 2022c¢) introduce a half-shuffle MSA mech-
anism, which divides attention heads into a local branch and
anon-local branch. This method models non-local similarity
by shuffling pixels, which brings distant pixels into a local
window. However, this technique can only capture non-local
similarities of specific pixels, potentially overlooking highly



correlated non-local pixels. Additionally, focusing on pixel-
level non-local similarities may miss some object-level non-
local similarities. Therefore, designing a network that effec-
tively leverages both local and patch-level non-local priors
in HSIs is of great importance.

State Space Model

SSMs were originally developed as a mathematical frame-
work to describe system dynamics in motion. (Gu et al.
2021) introduced the linear State-Space Layer, combining
the strengths of recurrent neural networks, temporal convo-
lutions, and neural differential equations to improve model
capacity. Building on this, some models (Gu, Goel, and Ré
2021; Xie et al. 2024) leverage the optimization of SSM to
address the issue of long-range dependencies, significantly
improving computational efficiency.

Recently, SSM has gained increasing attention, being
widely applied in natural language processing and gradu-
ally extending to visual tasks. Intuitively, Mamba (Gu and
Dao 2023) is a state-space model that varies over time based
on a gating mechanism, which effectively captures long-
sequence dependencies. (Liu et al. 2024) introduce a gen-
eral visual backbone, Vim, which integrates bidirectional
Mamba modules. This approach leverages positional em-
beddings to encode image sequences and employs a bidi-
rectional state-space model (SSM) to compress visual rep-
resentations. In (Pei, Huang, and Xu 2024) improves effi-
ciency with a redesigned selective scanning method. How-
ever, directly applying Mamba to HSI reconstruction faces
challenges, including loss of local context and key textures.

Methodology
Degradation model of CASSI

In the CASSI system, the 3D HSI cube is modulated by
a physical mask in the aperture and incorporated differ-
ent wavelengths through 2D monochrome sensors along the
width dimension, ultimately compressed into a single 2D
measurement. Fig. 2 illustrates the forward imaging pro-
cess of the single-disperser CASSI (SD-CASSI). Mathemat-
ically, the original HSI data is denoted as X € RW>*H*Nx
W and H are the spatial dimensions, and N is the number
of spectral channels. Similarly, the physical mask is denoted
M € RW>*H The coded HSI data cube at ny-th wavelength

isrepresented as X, = X,,, © M, where © is the element-
wise multiplication.
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Figure 2: A schematic diagram of CASSI.
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Subsequently, passing the disperser, the spatially mod-
ulated HSI X ' is tilted along the H-axis, which can be
formulated as X € RW*HxNx and H = H + dy,.
In this context, dy, denotes the displacement magnitude
experienced by the wavelength corresponding to the N -
the order. This operation can be formally described as the
modulation of the shifted spectral component, denoted as
X € RWxHxNx by employing a correspondingly shifted
mask M € RW*HXNx The relation for M at any given
position is articulated as M (4,7, ny) M(w,h + dy).
Finally, the imaging sensor acquires the dispersed as a 2D
measurement Y can be formulated as follows:

Y = Er[jél X(%%”A) QM(:):;HX) +B;

(D

where B denotes the additive noise. Mathematically, by vec-
torizing X and Y, the above equation can be formulated as:

2)

where € RWAN: o ¢ RWH Here, & ¢ RWHXWHN,
denotes the sensing matrix, which is generally construed as
the spatially shifted mask within the imaging apparatus.

y=®dx+ b,

Accelerated deep unfolding framework

Recall that directly inferring the HSI = from the degradation
model Eq. (2) is intractable. Therefore, it is necessary to uti-
lize the regularizer to constrain the solution space, and the
inversion of the Eq. (2) can be construed as an optimization
effort aimed at minimizing the cost function:

argming 1|y — ®x||? + TR(x), 3)

where R(x) is the regularization term, characterizing the
prior knowledge of the desired «, and 7 denotes the noise-
balancing factor. Within the research of SCI, previous deep
unfolding models disregarded the implications of accel-
erated optimization algorithms, thereby failing to exploit
second-order gradient information adequately. We augment
the HQS algorithm, previously used in DUN, to bridge these
two aspects with an improved accelerated variant. For clar-
ity, we hereby briefly describe the iterative frameworks of
A-HQS to solve the Eq. (3), which proceed as follows:

Tjq1 = argming ||y — ®x|? + Lz — 25412, (4a)
(4b)
(40)

Zpy1 = argming 5 |ep1 — zil|* + 7R(zk),
Zht1 = Zht1 T Bet1(Zeg1 — Zk),

where [ is the balancing parameter. For the subproblem
k41, it should be noted that Eq. (4a) is differentiable and
the gradient descent scheme can be borrowed as a solver:

Tpy1 = (TR +pul) H(®Ty + n2y), (5)

where I denotes the identity matrix with desired dimen-
sions. The matrix can be regarded as a regularized version
(by adding 1) of the Hessian of ||y — ®x||?. Therefore,
the optimization process also manifests the application of
second-order information in this aspect. In CASSI systems,
& is a fat matrix, and (®"® + pI) forms a large matrix.
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Therefore, based on the Sherman-Morrison-Woodbury for-
mula, the equation can be simplified to the following:

T = T —p T (I + @ @T) By

6
x [®Ty + pzy). ©

For SCI in this paper, ®®T corresponds to an identity ma-
trix interspersed with zeros on its diagonal (matching the
locations of the undetermined observations) as:

3" = diag{ry,--- ,rn},

where N represents the number of rows in ®.

Consequently, Eq. (5) simply involves multiplication
(®Ty + pz,) by ®T®, which is an operation with O(n).
Eq. (5) can be simplified as:

Tpy1 = 2k + B (y — B2;) @ [+ diag(®DT)],  (8)

where © is the element-wise division of Hadamard division.

For the z-subproblem, Eq. (4b) is a deterministic approxi-
mation operator predicated on a specified prior R(z). Unfor-
tunately, the inherent uncertainty associated with the func-
tion R(z) precludes the availability of any closed-form so-
lutions. Thus, we propose a Mamba-inspired and Mamba
model to function as the prior extractor, which can gener-
ally be formulated as:

)

©))

zg41 = proxNet,  (Tgi1)-
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Additionally, proxNet_ , can be represented as a denoiser
D,, with learnable noise level 7). The overall iterative MiJUN
framework is shown in Fig. 3. And, we introduce the Mam-
aba and Mamba-inspired Block (MMB) to play the role of
proxNet, which features a U-shaped network and mainly in-
cludes a submodule of Mamba and Mamba-inspired Trans-
former (MMIT). The detailed description is as follows.

Prior extractor

Mamba-inspired Transformer. Empirically, Mamba has
been shown to perform well in tasks requiring global context
understanding. However, despite these strengths, Mamba
encounters challenges in adequately representing local tex-
ture features. This inadequacy arises because the linear un-
folding of 2D features into 1D sequences can lead to the
loss of spatially adjacent pixel relationships, crucial for cap-
turing fine-grained local details. The large distance between
neighboring pixels in the flattened sequence can result in a
neglect of local context, leading to a significant loss of key
local textures and reduced performance in tasks that require
detailed local feature extraction.

By theoretically and empirically analyzing Mamba from
the perspective of linear attention Transformer (Han et al.
2024), and integrating strategies to enhance local feature ex-
traction within the Mamba framework can potentially ad-
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dress this limitation and improve the performance of HSI
reconstruction. Specifically, we reformulate selective SSM
and attention within a unified framework, describing the
Mamba-inspired Transformer (Mamba-i T) as a variant in
Fig. 4(a). Following (Liu et al. 2024), the input feature
X € RWxHXC is processed through two parallel branches.
One branch consists of channel expansion, a linear layer, and
SiLU activation. In the other branch, the channels are first
expanded to \C' using a linear layer, where ) is a predefined
channel expansion factor. Then, features are extracted using
a 3 x 3 convolution followed by SiLLU activation. Finally,
these features are processed through an attention mecha-
nism. Notably, we adopt a global-local attention mechanism
(GLAM) to compensate for Mamba’s deficiencies in captur-
ing spatial local features shown in Fig. 4(b). After aggregat-
ing the features of both branches, the channels are projected
back to C, producing an output X ,,,;, as follows.

Branchl : X; = SiLU(Lin(Ln(X))),
Branch?2 : X9 = GLAM(SiLU(Conv(Lin(Ln(X))))),
Output : X 5 = Lin(X ;1 © X3),

where Ln is layernorm, Lin represents the linear layer, and
©® is Hadamard product.

Mode-% unfolding-based Mamba. Considering the spatial
complexity and spectral similarity of HSIs, we adopt a ten-
sor mode-k unfolding strategy to capture both spatial and
spectral structures. This approach preserves essential spa-
tial features that might otherwise be lost with traditional
channel-slicing methods. As illustrated in Fig. 5 with Scene
1, the schematic shows the image for each mode-% unfold-
ing matrix and their corresponding singular values. Notably,
Mode-1 and Mode-2 share similar singular value distribu-
tions, while Mode-3 exhibits a distinct pattern.

Therefore, hereby we integrate the tensor mode-% unfold-
ing strategy into the Mamba network, proposing the Mode-k
unfolding-based Mamba (M-k Mamba), which is illustrated
in the left of Fig. 5. First, the input data undergoes a tensor
mode-k unfolding transformation to obtain different tensor
unfolded data, i.e., X € REXWHXC Thep, the data is fed
into the model following the previously mentioned Mamba
network (Liu et al. 2024). The difference lies in Branch 2,
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where X5 is computed using the SSM. By structuring the
Mamba input to depend on the long-range representation of
parameter ‘A’, it effectively filters out irrelevant informa-
tion, allowing more efficient compression of the context into
the hidden state. As shown in Fig. 5, in the SSM, the given
input is unfolded into four one-dimensional sequences/vec-
tors {x,, € RI>*HWCL by scanning pixels along four
different traversal paths: from top-left to bottom-right, from
top-right to bottom-left, from bottom-right to top-left, and
from bottom-left to top-right. Notably, combining 3 modes
of mode-k, 12-direction scanning sequences can be conve-
niently derived. Subsequently, SSM is calculated as follows.

{Bthtvct} = Pproj(mn)7 Ki&: U+(P(ltAt)7
Xt = exp(— eXp(AlogKt))y B, = Kt © By,

where Pproj, Pas, and Ajog are time-invariant weight ma-
trices, o™ is softplus activation function, and © is element-
wise multiplication. Weight matrices B and C' directly de-
pend on input x,, whereas recurrent weight matrix A de-
pends solely on the time-scale parameter A. The hidden
state h and output y of SSM are calculated as follows.

hi=A®h,_1+Boz,, y,=Cihi+Diox,,

where D is the scale parameter, .; represents the ¢-th state.

Experiments
Experimental settings

Datasets. In the simulation experiments, we use two
datasets, CAVE and KAIST. The CAVE dataset comprises
32 HSI images with spatial dimensions of 512 x 512. The
KAIST dataset contains 30 HSI images, each with spatial
dimensions of 2704 x 3376. Same as previous researches,
we utilize the CAVE dataset as our training set and select
10 scenes from the KAIST dataset for testing. In real ex-
periments, we use five real CASSI datasets (Meng, Ma, and
Yuan 2020), with dimensions of 660 x 714 x 28, wavelength
range from 450 to 650 nm and a dispersion of 54 pixels.

Implementation Details. The proposed model MiJUN is
implemented by Pytorch.During the training process, we uti-
lize the Adam optimizer (8; = 0.9 and S = 0.999) and
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a cosine annealing scheduler, running for 200 epochs on a
single RTX 4090 GPU. To evaluate the performance, we use
the peak signal-to-noise ratio (PSNR) and structure similar-
ity (SSIM) to assess the HSI reconstruction capabilities.

648.0nm
Compare with State-of-the-art ......

We compare our proposed MiJUN model with several SOTA RGB/Measurement CST-L+ DAUHST  PADUT RDLUF  MiJUN
CASSI algorithms, and the results are analyzed as follows.
Synthetic data. To comprehensively evaluate the quantita-
tive results of all competing methods, we test on ten sim-
ulated datasets and presented the corresponding numerical
results in Tab. 1. Different colors are used to distinguish the
types of algorithms: gray for model-based methods, orange
for end-to-end networks, and green for deep unfolding meth-
ods. In Tab. 1, it is evident that our MiJUN model achieved
the best numerical results in all cases. Fig. 6 shows the visual
reconstruction results. It is evident that MiJUN demonstrates
a significant advantage over others, particularly in Scene 1,
where it excels in detailing hair, and in Scene 7, where it ef- Ablation study
fectively captures the intricacies of bird wings. Furthermore,
to evaluate overfitting, we test our pre-trained model on the
unseen ICVL dataset ', as shown in Tab. 2, which demon-
strates good generalization performance.

Real data. To further investigate the superiority of this
model, we also conduct experiments on real HSI reconstruc-
tion tasks. Since the ground truth of real-world scenarios is
unattainable, we can only compare qualitative results. Fol-
lowing the experimental setting of (Cai et al. 2022b), we
apply MiJUN-5stg to training in the simulated dataset. Fig.
7 presents the visual results of our model compared to other

Figure 7: The real data comparisons. 2 out of 28 wavelengths
are plotted for visual comparison.

algorithms in Scene 4 (2 out of the 28 spectral channels). In
comparison, our model can reconstruct more textures and
details, but it still exhibits some blurriness and artifacts.
These challenges highlight the difficulties the model faces
in handling real-world hyperspectral reconstruction tasks.

Our ablation analysis focuses on three main components of
MiJUN, acceleration strategy, Mamba-i T and M-k Mamba.
We conduct ablation experiments on public simulated HSI
datasets to investigate the effectiveness of each module.
Tab. 3 summarizes the performance of different cases com-
pared to our model. We select RDLUF-MixS2-5stg, which
combines the basic module, DADN, and the attention mech-
anism, as the baseline. As shown in Tab. 3, when we in-
corporate the acceleration strategy into the baseline and re-
place the attention mechanism with GLAM, the model per-
formance achieves a certain degree of improvement, with
'https://icvl.cs.bgu.ac.il/hyperspectral PSNR increasing from 38.59 to 39.64 and SSIM increasing
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Table 1: The results of PSNR in dB (top entry in each cell), SSIM (bottom entry in each cell) on the 10 synthetic spectral

scenes. -5stg’ denotes the network with 5 unfolding stages. ‘Avg’ represents the average of 10 scenes.

Method eve_0311 BUG-0403 4cam_0411 CC_40D guCAMP_0514

RDLUF 31.29 30.74 32.90 31.69 37.28
Ours 31.97 31.27 33.82 32.18 37.78

Table 2: Comparison of PSNR on the unseen ICVL dataset.

Methods PSNR 1 SSIM T Methods  PSNR 1 SSIM 1
baseline  38.59  0.969 w/Mamba-i 39.89 0.976
w/Acc  38.60 0971 w/Mamba 4025 0.976
w/GLAM 39.64 0974  w/M-k(ours) 40.60 0.978

Table 3: Ablation study of key components in our key com-
ponents. The w/ denotes the inclusion of a module.

from 0.969 to 0.974. However, when we further integrate
GLAM with the Mamba framework to validate the effective-
ness of the Mamba-i T module(GLAB — Mamba-i T), we
observe a 0.25 dB increase in PSNR. Overall, the Mamba-i T
module achieved an improvement of 1.3 dB in PSNR com-
pared to the baseline. Furthermore, we validate the effec-
tiveness of integrating the tensor mode-k unfolding with the
Mamba network. In terms of PSNR results, when only the
Mamba module is added, the PSNR increased to 40.25 dB.
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Finally, by effectively integrating the tensor mode-k unfold-
ing with the Mamba module(Mamaba — M-k Mamaba), we
develop our complete model, MiJUN, which achieved the
optimal result with a PSNR of 40.60 dB. This ultimately
confirms what is shown in Fig. 1: our model achieved the
best results, with sharper image edges and richer details.

Conclusion

In this paper, we introduce a novel joint unfolding network
for spectral snapshot compressive imaging, dubbed MiJUN.
Firstly, based on the accelerated strategy, we construct an
accelerated iteration scheme for DUN, enabling effective
elimination of redundant information. Additionally, inspired
by Mamba, we incorporate a global-local attention mecha-
nism into the Mamba framework as a variant of the Trans-
former architecture, effectively enhancing the model’s fea-
ture extraction capabilities. Furthermore, to fully consider
data characteristics, we introduce tensor mode-k unfolding
in the Mamba network, which enhances the representation
of the intrinsic properties of the data. This approach enables
the model to learn features at a fine-grained level, facilitat-
ing detailed reconstruction of HSIs. Comprehensive evalua-
tions on both simulated and real datasets confirm the supe-
rior quantitative performance of our proposed approach.
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