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ABSTRACT

Hyperspectral imaging (HSI) provides rich spatial–spectral information but re-
mains costly to acquire due to hardware limitations and the difficulty of re-
constructing three-dimensional data from compressed measurements. Although
compressive sensing systems such as CASSI improve efficiency, accurate recon-
struction is still challenged by severe degradation and loss of fine spectral de-
tails. We propose the Flow-Matching-guided Unfolding network (FMU), which,
to our knowledge, is the first to integrate flow matching into HSI reconstruction
by embedding its generative prior within a deep unfolding framework. To further
strengthen the learned dynamics, we introduce a mean velocity loss that enforces
global consistency of the flow, leading to a more robust and accurate reconstruc-
tion. This hybrid design leverages the interpretability of optimization-based meth-
ods and the generative capacity of flow matching. Extensive experiments on both
simulated and real datasets show that FMU significantly outperforms existing ap-
proaches in reconstruction quality. Code and models will be available.

1 INTRODUCTION
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Figure 1: PSNR-FLOPS comparison with
recent HSI reconstruction methods. Input
size is 256×256 for FLOPs computation.

Hyperspectral Imaging (HSI) captures information across
numerous spectral bands, providing richer spectral and
spatial details compared to traditional RGB images. This
enhanced information is valuable for diverse applications,
including material characterization, environmental mon-
itoring, remote sensing, and medical imaging. (Li et al.,
2019; 2020; Uzkent et al., 2017; Van Nguyen et al., 2010;
Rao et al., 2022; Goetz et al., 1985; Lu et al., 2020; Stuart
et al., 2019; Rajabi et al., 2024; Khan et al., 2022; Lu &
Fei, 2014; ul Rehman & Qureshi, 2021).

Despite the benefits, acquiring hyperspectral images is
challenging due to the need for high-performance sen-
sors and time-intensive data collection across many spec-
tral bands. The resulting high acquisition costs limit the
scalability of hyperspectral imaging. Recent advance-
ments, such as Compressive Sensing-based Coded Aper-
ture Snapshot Spectral Imaging (CASSI) systems (Gehm
et al., 2007), allow for the acquisition of compressed hy-
perspectral images in a single snapshot, improving collecting efficiency. However, reconstructing
accurate 3D hyperspectral images from compressed measurements remains a significant challenge.

HSI reconstruction is an ill-posed inverse problem. Various techniques, including classical model-
based methods (Bioucas-Dias & Figueiredo., 2007; Yuan, 2016) and modern learning-based meth-
ods (Charles et al., 2011; Meng et al., 2020b; Miao et al., 2019), have been proposed. One promising
approach is the Deep Unfolding Network (DUN), which combines convex optimization and power-
ful neural network priors, providing both interpretability and the power of modern learning-based
methods, thus achieving state-of-the-art (SOTA) performance (Cai et al., 2022c; Wang et al., 2022;
Dong et al., 2023; Li et al., 2023; Meng et al., 2023).

1
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Figure 2: System Overview: Classical CASSI vs. Optical Filters-Based HSI Systems

Unlike typical restoration tasks (e.g., super-resolution or deblurring), CASSI reconstruction involves
additional complexities such as spectral compression, physical modulation, and noise. These fac-
tors not only increase the dimensionality gap between measurements and the target signal but also
amplify the reconstruction difficulty. The denoising module in unfolding frameworks is critical, but
the ill-posed nature of the problem limits performance, thus requiring stronger denoisers.

Another limitation of regression-based methods lies in their inability to recover fine details. Standard
regression losses often suppress high-frequency components, producing overly conservative recon-
structions. Hence, enhancing detail recovery in CASSI remains an open challenge, which requires
approaches that can better preserve high-frequency information while mitigating degradation.

To address these challenges, we introduce flow matching prior in this paper to guide reconstruction
in an unfolding framework. During the training phase, we train flow matching to extract prior infor-
mation conditioned on the compressed measurements with a pretrained encoder which learned clean
hyperspectral images knowledge. To incorporate this knowledge into the reconstruction process, the
prior is injected into the denoising modules of the unfolding network via a prior-guided Transformer
architecture. Flow matching prior allows FMU to benefit simultaneously from external prior knowl-
edge derived from clean HSIs and the strong generative capabilities of Flow Matching, ultimately
boosting reconstruction quality. The main contributions of this work are summarized as follows:

• We propose a flow-matching guided unfolding network (FMU) for hyperspectral image recon-
struction, where priors are generated by flow-matching conditioned on compressed measurements
to facilitate high-quality reconstruction. To the best of our knowledge, this is the first attempt to
investigate physics-driven deep unfolding with flow matching in HSI reconstruction.

• We introduce a mean velocity constraint to ensure flow consistency during reconstruction. This
key contribution strengthens the generative prior from flow matching, addressing potential insta-
bility in the flow prediction and leading to more robust hyperspectral image reconstruction.

• Relative to previous state-of-the-art, our method substantially improves reconstruction quality,
reaching 42.13 dB PSNR in simulation datasets. It enhances overall fidelity and also better recov-
ers high-frequency details and fine textures, enabling more reliable hyperspectral reconstructions.

• We further benchmark previous works and our model on optical filter–based hyperspectral imag-
ing systems (e.g., liquid crystal tunable filter–based HSI (Marois et al., 2023) and Fabry–Perot
filters–based HSI (Xiong et al., 2022)) and CASSI system. The results demonstrate that our algo-
rithm provides robust and efficient reconstruction performance, suggesting its strong potential for
deployment in future compact chip-integrated HSI devices with different imaging systems.

2 RELATED WORK

2.1 HYPERSPECTRAL IMAGING SYSTEM

Since its inception, Hyperspectral Imaging (HSI) technology has undergone significant and rapid
development, leading to various practical modalities such as pushbroom, whiskbroom, and snapshot
systems (Ortega et al., 2019; Uto et al., 2016; Baek et al., 2017). Notably, snapshot-based HSI, which
employs a coded mask for compressed image acquisition in the spatial-spectral domain, offers high
resolution across temporal, spatial, and spectral dimensions. As illustrated in Fig. 2a, traditional
CASSI systems separate the encoding of the spatial and spectral domains, which results in larger
system sizes and lower resilience to shocks and vibrations. Filter-based HSI systems (see Fig. 2b)
utilize broadband optical filters to encode both the spatial and the spectral domains with a single
mask. These systems not only provide high light throughput and fine resolution, but also simplify
the optical path of the imaging system, making it possible to integrate them onto a chip (Monakhova
et al., 2020; Yako et al., 2023). Therefore, investigating hyperspectral reconstruction techniques in
optical filter-based HSI systems is essential to advance the miniaturization and practical deployment
of next-generation spectrometers (Yang et al., 2021).

2
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2.2 HYPERSPECTRAL IMAGE RECONSTRUCTION

Before the application of deep learning, traditional hyperspectral image reconstruction methods
mainly relied on physics-based optimization frameworks. These methods modeled the reconstruc-
tion process as an inverse problem and solved it using convex optimization algorithms (Wagadarikar
et al., 2008; Wang et al., 2016). They utilized priors such as sparsity (Kittle et al., 2010) and low-
rankness (Liu et al., 2018) to regularize the problem and improve reconstruction quality. While these
methods are interpretable and robust in some cases, they are highly sensitive to parameter selection
and computationally expensive, limiting their scalability for large-scale data.

With the advent of deep learning, researchers began exploring convolutional neural networks
(CNNs) and Transformer-based models for hyperspectral image reconstruction. Early deep learning
approaches (Chan et al., 2016; Chen et al., 2023; 2024; Qiu et al., 2021) incorporated pre-trained de-
noising networks into optimization frameworks (Plug-and-Play, PnP), which provided strong feature
representation but lacked adaptability for complex noise and compressed measurements, limiting
their effectiveness in noisy or low-quality data.

End-to-end deep learning methods, particularly CNNs, have become popular for directly mapping
compressed measurements to complete hyperspectral images, leveraging global feature learning in-
stead of relying on handcrafted features (Cheng et al., 2022; Hu et al., 2022). However, CNNs
struggle with capturing long-range dependencies, which are important in hyperspectral data because
of the complex relationships between spectral bands.

To overcome CNN limitations, Cai et al. (2022a;b) introduced transformer-based models, which ex-
cel at modeling non-local dependencies and capturing complex spatial-spectral relationships. How-
ever, these methods often lack physical interpretability and are sensitive to system configuration,
leading to challenges in generalization and robustness, especially under degradation.

More recently, Deep Unfolding Networks (DUN) have emerged, combining physics-driven opti-
mization with data-driven deep learning (Cai et al., 2022c; Wang et al., 2022). DUN models map
iterative optimization steps to neural network layers, replacing prior components with learnable de-
noisers, offering the advantages of both interpretability and deep learning flexibility. Despite their
success, DUNs still face challenges, particularly in recovering high-frequency details and efficiently
aggregating features from compressed measurements. These limitations motivate the exploration of
stronger priors and more expressive architectures to further enhance reconstruction performance.

2.3 FLOW MATCHING

Flow Matching (FM) has recently emerged as a promising paradigm for generative modeling. Its
core idea is to directly fit continuous flow paths between probability densities, thereby learning a
continuous-time dynamical system. Unlike diffusion models (Ho et al., 2020) that rely on a fixed
forward process, flow matching offers greater flexibility and interpretability, supporting efficient
density modeling and high-quality sample generation. This makes flow matching a natural alterna-
tive to diffusion when both efficiency and theoretical clarity are desired.

Lipman et al. (2022) first proposed FM by fitting optimal transport maps along random paths, con-
structing a path-independent vector field to approximate the target distribution. Subsequent work
extended FM to practical applications: Rectified Flow (Liu et al., 2022) introduced path correction
for stable image generation, while FM-OT (Kornilov et al., 2024) combined FM with optimal trans-
port to improve efficiency and generalization.These developments demonstrate the versatility of FM
in bridging theoretical advances with real-world generative tasks.

Beyond generative tasks, FM has also been successfully applied to trajectory modeling and prob-
abilistic differential equations, demonstrating strong adaptability across diverse domains. These
applications highlight its ability to capture complex temporal dependencies and stochastic behav-
iors, further broadening its utility beyond image or signal generation. Compared to diffusion models
such as DDPM (Ho et al., 2020) and Score-based Models (Song et al., 2020), FM achieves faster
inference and provides more explicit control over path evolution.

Overall, FM pushes generative modeling toward greater efficiency and interpretability. With its
flexible path modeling, end-to-end optimization, and strong generative performance, FM shows
broad potential in areas including image synthesis, speech, and physical modeling. This broad
applicability highlights its promise as a foundation for next-generation generative frameworks.

3
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Figure 3: Overall pipeline of our method. The measurement y passes through FMU with N stages
and finally get the output reconstruction. In each stage, there is a GAP projection and a U-shaped
denoiser consists of Trident Transformers, which is assisted with the prior from flow matching.

3 METHOD

3.1 MODELING OF THE HSI SYSTEM

The CASSI architecture acquires hyperspectral information by encoding spectral slices and project-
ing them onto a 2D detector. Let the hyperspectral cube be X ∈ RW×H×Nλ , where W , H , and
Nλ denote spatial width, height, and the number of spectral channels. A mask m ∈ RW×H mod-
ulates each slice, and after shifting with step d, we obtain the spatial–spectral mask MCASSI ∈
RW×(H+(Nλ−1)d)×Nλ . The measurement is then calculated as follows

YCASSI =

Nλ∑
nλ=1

shift(X)(:, :, nλ)⊙MCASSI(:, :, nλ) +NCASSI, (1)

where ⊙ denotes the Hadamard product, N is measurement noise, and the shifted mask is
MCASSI(i, j, nλ) = m(i, j + (nλ − 1)d).

For optical filter-based systems, a 2D filter mask directly encodes all spectral bands with distinct
transmittance rates, yielding

Y =

Nλ∑
nλ=1

X(:, :, nλ)⊙M(:, :, nλ) +N, (2)

where Y ∈ RW×H , M ∈ RW×H×Nλ is the 3D mask, and N denotes noise. Compared with
CASSI, this design simplifies the optical path and reduces correlation among spectral responses,
thus increasing the burden on reconstruction algorithms.

For both systems, vectorizing the cube and measurements as x = vec(X) ∈ RW×H×Nλ and y =
vec(Y) ∈ RW×H , the forward model becomes

y = Φx+ η, (3)
where η ∈ Rn, n = W × H is the noise and Φ ∈ Rn×nNλ is the sensing matrix, represented as
Φ = [D1, . . . ,DNλ

], Dnλ
= Diag(vec(M(:, :, nλ))). Thus, hyperspectral image reconstruction

can be viewed as solving the ill-posed linear inverse problem of reconstructing x from y.

3.2 PROPOSED MODEL

We propose a flow matching-guided unfolding network (FMU) (Fig. 3). The measurement is pro-
cessed by an N -stage deep unfolding network (DUN), comprising a projection and a denoiser in
each stage. The denoiser is a U-shaped transformer in which the flow-matching prior is injected
to assist denoising; Trident Transformer module from Wu et al. (2024) is used to aggregate high-
quality, degradation-free prior features for compensation.

4
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3.2.1 FLOW-MATCHING GUIDED UNFOLDING FRAMEWORK

We adopt the generalized alternating projection framework (Liao et al., 2014) as the backbone of
our reconstruction method. We can solve Eq. (3) by the objective:

x̂ = argmin
x

1

2
||y −Φx||2 + τR(x) (4)

The objective enforces consistency between the reconstruction and compressed measurement y,
while τR(x) serves as the regularization. GAP extends the classical alternating projection frame-
work by enabling systematic projections between convex sets that change in a structured manner,
thereby allowing for flexible interruption and efficient resumption. To decouple the measurement-
consistency constraint from the prior-regularization step, we introduce an auxiliary variable θ, where
x represents the measurement-consistent solution and θ incorporates the prior-driven refinement:

(x̂, θ̂) = argmin
x,θ

1

2
||x− θ||2 + τR(θ), s.t.y = Φx. (5)

The update scheme alternates between two operations. Euclidean projection enforces measurement
consistency and data fidelity by projecting the intermediate solution onto the feasible set. The prior-
guided denoising step then leverages learned priors to refine the reconstruction:

x(k+1) = θ(k) +Φ†(y −Φθ(k)
)
, θ(k+1) = Fk+1

(
x(k+1); zFM

)
. (6)

Here, Fk+1 denotes a flow-matching guided denoiser in the (k+1)-th stage, and zFM is the flow-
matching prior learned from clean HSIs (see Sec. 3.2.2). This prior provides strong generative regu-
larization and enables the model to better capture spectral–spatial correlations, leading to improved
recovery even with a limited number of unfolding stages. By combining the projection consistency
of GAP with the expressive modeling capability of the flow-matching prior, our method effectively
stabilizes the optimization process and accelerates convergence. In contrast to conventional itera-
tive solvers, which require hundreds of iterations, our framework achieves comparable or superior
performance within only a few unfolding stages.

Furthermore, following Wu et al. (2024), we incorporate gradient correction into each stage. This
learnable adjustment rectifies the imperfect gradient updates caused by the limited number of itera-
tions, thereby stabilizing optimization and yielding faster and more accurate reconstructions.

3.2.2 TRAINING STRATEGY OF FMU

During reconstruction in FMU, a flow matching prior is incorporated in denoiser to mitigate the
effects of severely degraded measurements. We train the FMU in two phases (see Fig. 4).

In the first phase, our goal is to extract prior knowledge from HSIs without degradation. We train an
encoder that jointly takes the ground-truth HSIs x and the compressed measurement y as input. Be-
fore encoding, we normalize both y and the sensing matrix Φ. Specifically, ynorm ∈ RW×H×Nλ =
Φ†y. The input to the encoder is then defined as IE ∈ RW×H×2Nλ = concat(ynorm,x), and the
latent prior is obtained as zLE ∈ Rn×c = LE(concat(ynorm,x)), where n, c denote the feature
dimension and channel number, and LE refers to the latent encoder. The encoder first applies a
pixel unshuffle to reduce spatial resolution while increasing channel dimensionality, followed by
MobileBlocks (Howard et al., 2019) for efficient local feature learning, and an MLP-Mixer module
(Tolstikhin et al., 2021) for effective channel-wise and spatial mixing. The detailed architecture of
the latent encoder is provided in the supplementary material. The output zLE is then used as the
prior to guide denoising, leading to the reconstruction x̂ = FMU(y,Φ, zLE). In this phase, we
adopt the L1 norm as the reconstruction loss: L1 = Lrec = ||x̂− x||.
In the second phase, our aim is to train a flow matching to generate a prior conditioned on ynorm.
We fix the encoder LE trained in the first phase and use the output zLE as the generative object
of flow matching. Specifically, the goal of our flow matching framework is to estimate a coupling
π(p0, p1), where x0 ∼ p0 is the latent feature distribution of zLE and x1 ∼ p1 is a Gaussian noise
distribution. The flow is formulated as solving an ordinary differential equation:

dx = v(xt, t,y) dt, (7)
on t ∈ [0, 1], where the velocity field v : RD × [0, 1] → RD drives the transformation from p0
to p1. We parameterize the velocity as vθ(xt, t,y) and estimate the parameters θ via a standard

5
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Figure 4: Two-phase training procedure of our method. In first phase, we train a latent encoder
to learn knowledge from clean HSIs; and in second phase we fix the latent encoder and train flow
matching with the prior from clean HSI to generate prior conditioned on measurement.

least-squares regression (Hastie et al., 2009) approach:
θ̂ = argmin

θ
Et,xt

[
∥v(xt, t,y)− vθ(xt, t,y)∥22

]
. (8)

Inspired by Dao et al. (2023), we adopt a constant velocity ODE (Ordinary Differential Equation)
where the trajectory is defined as xt = (1− t)x0 + tx1, i.e., a linear interpolation between x0 and
x1. This yields the simplified flow matching loss:

θ̂ = argmin
θ

Et,xt

[
∥x1 − x0 − vθ(xt, t,y)∥22

]
. (9)

The flow matching module integrates over the learned velocity field to generate ẑ0, which is then
employed as a prior to guide the unfolding network for HSI reconstruction. The overall second-stage
training objective is given by L2 = LFM + Lrec, where Lrec is the reconstruction loss and LFM

is the flow matching loss. We also introduce a mean velocity constraint in LFM to improve the
consistency of flow matching. LFM and details will be described in the next subsection.

3.2.3 MEAN VELOCITY CONSTRAINT

Similar to prior works that explored stability in flow matching, such as Rectified Flow (Liu et al.,
2022) and FM-OT (Kornilov et al., 2024), we also introduce a regularization mechanism. In our
case, we propose a mean velocity constraint, which enforces consistency of the predicted flow in
expectation, providing global stability complementary to pointwise regression.

Formally, the mean velocity loss is defined as
Lmean = ∥Et,z [vθ(t, z)]− Et,z [v

∗(t, z)]∥22 , (10)
where vθ(t, z) denotes the predicted velocity field, v∗(t, z) is the target velocity field, and Et,z[·]
denotes expectation over timesteps and samples.

By incorporating this constraint, the final flow matching objective becomes
LFM = ∥ẑ0 − zLE∥1 + λmean Lmean, (11)

where λmean controls the trade-off between flow matching loss and mean velocity regularization.

4 EXPERIMENT

4.1 EXPERIMENT SETTINGS

Consistent with Cai et al. (2022b), we employed 28 spectral channels with wavelengths ranging
from 450 to 650 nm. Our experiments were conducted on both simulated and real datasets.

Simulated Optical Filter-based HSI System Data. We utilized two benchmark datasets, namely
CAVE (Park et al., 2007) and KAIST (Choi et al., 2017). The CAVE dataset consists of 32 hyper-
spectral images, each with a spatial resolution of 512 × 512 pixels. The KAIST dataset provides 30
hyperspectral images at a higher resolution of 2,704×3,376 pixels. We employed the CAVE dataset
for training. For evaluation, 10 representative scenes from the KAIST dataset were selected. In line

6
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Method Params GFLOPS Scene1 Scene2 Scene3 Scene4 Scene5 Scene6 Scene7 Scene8 Scene9 Scene10 Avg

λ-Net 62.64M 117.98 32.62
0.9247

31.43
0.9003

30.49
0.9109

32.34
0.9185

31.57
0.9391

33.44
0.9410

32.98
0.9092

29.22
0.9075

31.33
0.9218

30.90
0.9178

31.63
0.9191

DGSMP 3.76M 110.06 34.09
0.9495

30.83
0.9188

30.41
0.9182

38.05
0.9654

32.74
0.9584

35.20
0.9719

33.96
0.9349

31.20
0.9510

31.39
0.9371

31.99
0.9666

32.99
0.9472

HDNet 2.37M 154.76 33.73
0.9523

33.46
0.9416

34.14
0.9555

40.18
0.9736

33.15
0.9649

35.70
0.9713

34.71
0.9445

31.13
0.9463

32.66
0.9495

32.53
0.9659

34.14
0.9565

ADMM-Net 4.27M 78.58 35.57
0.9622

35.22
0.9539

34.18
0.9473

39.80
0.9716

34.67
0.9642

36.11
0.9675

34.46
0.9353

31.82
0.9475

33.76
0.9506

33.66
0.9698

34.93
0.9570

BiSRNet 0.036M 1.18 36.23
0.9628

35.79
0.9526

34.11
0.9289

40.05
0.9563

35.55
0.9632

37.34
0.9653

35.27
0.9381

34.44
0.9512

34.71
0.9392

34.95
0.9660

35.84
0.9524

GAP-Net 4.27M 78.58 36.35
0.9674

37.16
0.9615

35.85
0.9568

41.17
0.9799

35.89
0.9701

36.45
0.9747

35.90
0.9523

32.26
0.9537

35.98
0.9609

34.39
0.9754

36.14
0.9653

TSA-Net 44.25M 110.06 37.87
0.9745

39.51
0.9809

36.08
0.9641

43.72
0.9852

36.43
0.9799

38.06
0.9821

36.71
0.9596

35.18
0.9738

37.30
0.9762

35.89
0.9830

37.68
0.9759

CST-L-Plus 3.00M 40.10 37.42
0.9736

38.99
0.9801

37.88
0.9697

42.41
0.9800

36.94
0.9819

38.08
0.9828

36.88
0.9681

35.39
0.9718

36.18
0.9720

37.19
0.9820

37.74
0.9762

MST++ 1.33M 19.42 39.19
0.9815

41.58
0.9871

39.40
0.9759

44.36
0.9893

38.63
0.9865

39.15
0.9870

38.27
0.9727

35.49
0.9756

39.33
0.9832

36.66
0.9859

39.21
0.9825

BIRNAT 4.40M 2122.66 38.72
0.9787

40.83
0.9839

39.25
0.9757

43.46
0.9854

37.92
0.9832

38.83
0.9838

37.30
0.9632

35.90
0.9747

38.88
0.9799

36.50
0.9840

38.76
0.9792

DAUHST-9stg 6.15M 79.50 38.26
0.9785

40.28
0.9850

38.26
0.9748

44.04
0.9859

37.87
0.9869

39.23
0.9852

38.44
0.9750

35.66
0.9746

38.62
0.9814

37.40
0.9881

38.81
0.9815

SPECAT 0.29M 12.4 40.24
0.9820

42.40
0.9860

41.43
0.9780

44.90
0.9820

39.62
0.9870

39.90
0.9840

39.41
0.9770

37.49
0.9770

40.45
0.9820

37.90
0.9830

40.37
0.9860

LADE-DUN-10stg 2.78M 96.69 40.10
0.9853

43.27
0.9919

41.76
0.9849

47.55
0.9949

39.76
0.9906

40.43
0.9910

39.94
0.9809

37.72
0.9833

41.21
0.9897

37.94
0.9895

40.97
0.9882

FMU-S (ours) 2.78M 99.87 41.42
0.9877

44.28
0.9927

43.29
0.9860

46.75
0.9949

40.77
0.9918

41.00
0.9917

41.69
0.9850

37.83
0.9828

43.11
0.9906

39.21
0.9905

41.94
0.9894

FMU (ours) 4.09M 98.84 41.84
0.9883

44.29
0.9930

43.54
0.9869

47.14
0.9955

41.15
0.9926

41.15
0.9922

41.65
0.9851

38.17
0.9840

42.85
0.9910

39.49
0.9913

42.13
0.9900

Table 1: Quantitative results (PSNR/SSIM) of hyperspectral image reconstruction across ten repre-
sentative scenes from simulated dataset and the overall average. A variety of state-of-the-art methods
are compared to demonstrate the effectiveness of our approach.
with previous work by Yao et al. (2024), both the training and the testing data were processed us-
ing an optical filter-based mask to simulate measurement acquisition. In particular, we adopted the
Fabry–Perot filter-based mask proposed in Yako et al. (2023), as it serves as a representative design
for optical filter-based HSI systems in terms of both structure and performance.

Real CASSI System Data. For real hyperspectral data, we adopted a dataset collected using the
CASSI system, which was previously introduced in TSA-Net (Meng et al., 2020b). To align with
real acquisition conditions, all training samples were generated as simulated CASSI measurements,
with additional noise incorporated to approximate the sensor projection process.

Metrics and Implementation Specifics. To evaluate the reconstruction performance, we employed
peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) as quantitative metrics. The
proposed model was implemented in PyTorch (Paszke et al., 2019) and trained on a single NVIDIA
A6000 GPU with 48 GB memory. The training process was conducted over 300 epochs with the
Adam optimizer (β1 = 0.9, β2 = 0.999). A Cosine Annealing schedule was applied to the learning
rate, which started from 4× 10−4 and decreased progressively to a minimum of γ = 1× 10−6.
4.2 COMPARISONS WITH STATE-OF-THE-ART METHODS

4.2.1 SIMULATION EXPERIMENTS RESULTS

To provide a comprehensive evaluation, we compare our method against a wide spectrum of state-
of-the-art approaches in hyperspectral image reconstruction. These include CNN-based networks
such as TSA-Net(Meng et al., 2020b), DGSMP (Huang et al., 2021), HDNet (Hu et al., 2022),
and BiSRNet (Cai et al., 2023) that emphasize local feature extraction, the RNN-based BIRNAT
(Cheng et al., 2022) that captures sequential spectral dependencies, Transformer-based architectures
like MST++ (Cai et al., 2022b), CST-L-Plus(Cai et al., 2022a), and SPECAT(Yao et al., 2024) that
exploit long-range spatial-spectral modeling, and deep unfolding frameworks such as ADMM-Net
(Ma et al., 2019), GAP-Net (Meng et al., 2020a), DAUHST (Cai et al., 2022c) and LADE-DUN (Wu
et al., 2024). This diverse selection covers the major methodological paradigms and enables a fair
comparison with our proposed approach, under identical experimental settings to ensure fairness.

As presented in Tab. 1, our method achieves an average PSNR of 42.13 dB and SSIM of 0.9900,
setting a new state-of-the-art in HSI reconstruction. Beyond numerical gains, it also produces re-
constructions with sharper structures and more consistent spectral responses, highlighting superior
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RGB Reference

Measurement
481.5nm

522.5nm
575.5nm

648.0nm

DGSMP BiSRNet TSA-Net CST-L-PlusMST + + BIRNAT DAUHST SPECAT LADE-DUN Ours GT

DGSMP BiSRNet TSA-Net CST-L-PlusMST + + BIRNAT DAUHST SPECAT LADE-DUN Ours GT
Figure 5: Qualitative comparison on simulated data. From top to bottom, each row visualizes the
reconstructed channels at wavelengths of 481.5 nm, 522.5 nm, 575.5 nm, and 648.0 nm in scene 2.
The top left part shows the measurement, the RGB reference image of the original HSI and the
spectral density curves within the yellow region of interest.

spatial detail and spectral fidelity. In Fig. 5 we compare the reconstructions across four representa-
tive spectral channels with color-coded visualizations. Our method yields the closest visual results
to the ground truth, with the spectral density curve correlation reaching the highest value of 0.9417.
To provide a more comprehensive comparison, we also conducted experiments on the CASSI sys-
tem. Our method outperforms the previous state-of-the-art (LADE-DUN) by +0.93 dB PSNR and
+0.009 SSIM, as shown in the supplementary materials.

In particular, compared to the recent SOTA unfolding-based method LADE-DUN (Wu et al., 2024),
which attains a PSNR of 40.97 dB and SSIM of 0.9882 with 2.78M parameters and 96.69 G FLOPS,
our method achieves both higher accuracy (42.13 dB / 0.9900) and better spectral fidelity while
maintaining a modest parameter scale (4.09 M). Furthermore, we propose a compact variant, FMU-
S, whose parameter count is aligned with that of LADE-DUN for a fair comparison. Remarkably,
FMU-S still surpasses LADE-DUN, achieving 41.94 dB PSNR and 0.9894 SSIM, thereby demon-
strating the effectiveness of our design even under the same parameter budget.

4.2.2 REAL CASSI SYSTEM RESULTS

To assess real-world performance, we apply our method to CASSI-captured measurements without
ground-truth HSIs. As shown in Fig. 6, our reconstructions exhibit clearer spatial details, sharper
edges, and better cross-channel spectral consistency than competing methods, with fewer artifacts.
These results demonstrate the robustness and practicality of our approach for real CASSI data. The
improved fidelity and stability suggest strong potential for deployment in real imaging systems,
paving the way toward reliable applications of hyperspectral reconstruction in practical scenarios.

4.3 ABLATION STUDY

To further validate the effectiveness of our proposed method, we conduct a series of ablation studies.
The results of these studies are summarized in Table 2.

Effect of Flow Matching. To evaluate the impact of our proposed flow matching mechanism, we
conduct an ablation study comparing the model with and without flow matching. The results, shown
in Table 2a, demonstrate a significant performance boost with flow matching. Specifically, the
model incorporating flow matching achieves a PSNR of 42.13 dB and SSIM of 0.9900, surpassing
the baseline model without flow matching (40.58 dB / 0.9878). And the small FLOPS overhead
(98.84 G vs. 96.40 G) highlights that performance gains come at a very modest computational cost.
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DGSMP BiSRNet TSA-Net CST-L-Plus MST++ BIRNAT DAUHST LADE-DUN Ours

481.5nm
522.5nm

575.5nm
648.0nm

Measurement

RGB Image

Figure 6: Qualitative comparison on real CASSI data. From top to bottom, each row visualizes the
reconstructed channels at wavelengths of 481.5 nm, 522.5 nm, 575.5 nm, and 648.0 nm in scene 1.

Method PSNR (dB) SSIM FLOPS (G)

Baseline (no prior) 40.58 0.9878 96.40
+Latent Diffusion 40.97 0.9882 96.69
+FlowMatching (ours) 42.13 0.9900 98.84

(a) Effect of prior used in the denoiser.

λmean 0 0.1 1 5 10 100

PSNR (dB) 41.90 41.97 41.99 42.13 42.02 41.84
SSIM 0.9887 0.9898 0.9898 0.9900 0.9900 0.9897

(b) Effect of λmean loss weight.

Variant PSNR(dB) Params(M) FLOPS(G)

MLP 41.95 2.78 99.87
gMLP 42.05 4.36 103.27
Tiny Transformer 41.90 9.09 109.45
SimpleCNN (ours) 42.13 4.09 98.84

(c) Effect of various type of denoisers.

Methods ADMM GAP DAUHST LADE-DUN FMU

PSNR (dB) 34.93 36.14 38.81 40.97 42.13
SSIM 0.9570 0.9653 0.9815 0.9882 0.9900
Params (M) 4.27 4.27 6.15 2.78 4.09
FLOPS (G) 78.58 78.58 79.50 96.69 98.84

(d) Comparison with series of unfolding framework.
Table 2: Ablation studies on simulation datasets with PSNR, SSIM, Params, and FLOPS reported.

Impact of Mean Velocity Constraint. We also explore the effect of introducing the mean velocity
constraint, controlled by the weight parameter λmean. The results, as presented in Table 2b, reveal
that the model performs best when λmean = 5, achieving 42.13 dB PSNR and 0.9900 SSIM. Larger
or smaller values degrade the results, indicating that proper adjustment of λmean is crucial for bal-
ancing reconstruction accuracy and regularization, ensuring robustness across different settings.

Denoiser Choice for Flow Matching. We investigate the effect of different denoisers for velocity
prediction. Table 2c compares MLP (Rosenblatt, 1958), gMLP (Liu et al., 2021), Tiny Transformer
(Vaswani et al., 2017), and our SimpleCNN. While all variants achieve competitive results, Sim-
pleCNN delivers the best PSNR of 42.13 dB with 4.09 M parameters and the lowest FLOPS (98.84
G), demonstrating a favorable trade-off between efficacy, and reconstruction quality.

Comparison with Different Unfolding Frameworks. We further compare our framework with rep-
resentative unfolding-based approaches, including ADMM-Net (Ma et al., 2019), GAP-Net (Meng
et al., 2020a), DAUHST (Cai et al., 2022c), and LADE-DUN (Wu et al., 2024). As shown in Ta-
ble 2d, our method achieves the best results with 42.13 dB PSNR and 0.9900 SSIM, outperforming
LADE-DUN (40.97 dB / 0.9882) and DAUHST (38.81 dB / 0.9815). Although ADMM and GAP
show slightly lower FLOPS (78.58G), their accuracy is far inferior, highlighting the superior accu-
racy–efficiency trade-off achieved by our approach.

5 CONCLUSION

In this paper, we introduce flow matching into hyperspectral image reconstruction for the first time,
embedding its generative prior into a deep unfolding framework and further enforcing global con-
sistency via a mean-velocity loss. This integration enhances the recovery of fine spectral details and
better handles heavily degraded measurements, yielding a stronger and more robust prior. Extensive
experiments on both simulated and real datasets demonstrate state-of-the-art performance, particu-
larly in scenarios involving optical filter–based systems and CASSI acquisitions. Beyond quantita-
tive improvements, our reconstructions show sharper structures, smoother spectral responses. Over-
all, these results highlight flow matching’s promise for computational imaging and its suitability for
future compact chip-integrated HSI systems across diverse application domains.
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