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Abstract. Coded aperture snapshot spectral imaging (CASSI) recon-
structs a hyperspectral cube from a single compressive measurement.
Modern CASSI reconstruction networks have achieved impressive recon-
struction quality, but they still suffer from a severe generalization prob-
lem: models trained on simulated measurements often perform poorly on
real scenes or other unseen data distributions. A common belief is that
the limited distribution of clean hyperspectral scenes is the main bottle-
neck, and that increasing spectral data should improve generalization.
We argue that degradation diversity is more critical: existing CASSI
reconstruction algorithms tend to overfit the degradation distribution
induced by a fixed forward model, rather than learning a degradation-
robust spectral prior. We therefore construct accurate degradation sam-
ples by decomposing the CASSI forward model into three stages, Mod-
ulation, Dispersion, and Integration, and explicitly modeling mask blur,
chromatic dispersion, sensor noise, saturation, and 8-bit quantization
for measurement synthesis. With this degradation-diverse training data,
models trained on fewer spectral scenes achieve better robustness on un-
seen degradations and real measurements than models trained on more
spectra with a single mask. The conclusion is verified on both deep un-
folding and end-to-end reconstruction networks, suggesting that robust
CASSI training should broaden the degradation distribution, not only
the clean spectral distribution.
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(a) Input Measurement (b) Baseline Model (c) Baseline Model, (d) Baseline Model, (e) Reducing Training Data
(Trained with fixed forward model) w/ More Training Data W/ More Degradation Data According to our Conclusion

Fig. 1: CASSI generalization on real measurements. MST [2] is shown as an example.
A baseline trained with a fixed forward model gives degraded real-data reconstruction.
Simply increasing clean spectral training data does not remove the mismatch. Training
with physically diverse degradations yields more reliable reconstruction, and reducing
the spectral training set according to our conclusion remains effective.

1 Introduction

Coded aperture snapshot spectral imaging (CASSI) captures a three-dimensional
hyperspectral image (HSI) with a two-dimensional sensor. Its forward process
contains three physical operations: a coded aperture modulates the spectral cube,
a dispersive element shifts different wavelengths, and the camera integrates the
shifted coded bands into one compressive measurement [17]. Reconstructing the
original HSI from this single measurement is a highly ill-posed inverse problem.
Classical methods solve it with optimization and hand-crafted priors [6}21].
Recent learning-based methods have become dominant, especially end-to-end
networks and deep unfolding networks, which combine physical measurement
models with learned priors and achieve strong benchmark performance [2-4}/10,
1213,(16L(18].

Despite their success, CASSI networks still suffer from a generalization prob-
lem: their reconstruction quality often drops when the test data distribution
differs from the training data distribution, especially for real measurements. A
common explanation is that hyperspectral training sets are small, e.g., CAVE
has 241 scenes and KAIST has 30 scenes [520]. Therefore, increasing the quan-
tity and diversity of clean spectral scenes is often considered the direct way
to improve generalization. We revisit this assumption by firstly analyzing how
CASSI training data are generated. In a standard simulation protocol, clean spec-
tral cubes pass through coded aperture modulation, uniform spectral dispersion,
and sensor integration to form compressive measurements. This process involves
two coupled distributions: the clean spectral data distribution and the degraded
measurement distribution induced jointly by the spectra and the forward model.
Since generalization measures reconstruction performance on unseen data dis-
tributions, it can be limited by either axis. In real systems, the degradation
distribution is much richer than the ideal simulator: the mask may be blurred or
noisy, dispersion may contain chromatic aberration, and the camera may intro-
duce noise, saturation, and quantization. Thus, improving CASSI generalization
requires studying not only clean spectral data diversity, but also degradation
diversity.
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We conduct comprehensive simulation and real-data experiments to study
how clean spectral data and degradation diversity affect the generalization prob-
lem of CASSI. Figure [I] evaluates networks trained with a conventional fixed-
degradation simulator directly on real measurements, without fine-tuning. In-
creasing the number of clean spectral scenes while using the same single degra-
dation still gives poor results on an unseen physical degradation. In contrast,
increasing degradation diversity significantly improves generalization. More in-
terestingly, when the degradation set is sufficiently diverse, reducing the spectral
training set to only 16 scenes still produces strong generalization. This may be
because the baseline model is trained with a single fixed degradation, allowing
the network to take an easier shortcut and overfit the simpler degradation dis-
tribution rather than the clean spectral distribution [7,/8]. Adding more clean
spectra under the same fixed degradation does not remove this shortcut. In
contrast, training with diverse degradations prevents the network from relying
on one fixed measurement pattern and encourages it to learn more spectral-
spatial priors. This does not imply that clean spectral diversity is unimportant.
Rather, under forward-model mismatch, clean spectral diversity remains useful,
but when the dominant test-time shift comes from the physical operator, cov-
ering the degradation distribution is more effective than simply increasing the
number of clean spectral samples.

Our contributions are summarized as follows.

(i) We study the generalization problem of CASSI reconstruction and find that
existing methods tend to overfit the degradation distribution produced by
a fixed forward model, rather than only suffering from insufficient clean
spectral data.

(ii) We construct a more accurate degradation data generation pipeline by de-
composing the CASSI forward model into Modulation, Dispersion, and In-
tegration, and modeling the non-idealities in each step.

(iii) We conduct thorough experiments on four deep unfolding networks and two
end-to-end architectures. The results on unseen synthetic degradations and
real measurements show that, under forward-model mismatch, degradation
diversity can be more important than simply increasing clean spectral data.

2 Related Work

2.1 CASSI Reconstruction

CASSI reconstruction has been studied from both model-based and learning-
based perspectives. Early model-based methods formulate the inverse problem
with sparse, low-rank, total-variation, or projection priors, and solve it by itera-
tive optimization [11L[15[|21]. These methods are interpretable and can adapt to
a calibrated forward model, but they are usually computationally expensive and
depend strongly on the accuracy of the assumed operator. Learning-based ap-
proaches improve reconstruction speed and quality by training neural networks
on simulated CASSI measurements. End-to-end models such as TSA-Net [13],
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MST (2], and SPECAT [19] directly learn the inverse mapping from measurement
to spectral cube. Deep unfolding methods such as GAP-Net [12], DAUHST 3],
SSR [22], and MiJUN [14] embed the CASSI forward model into iterative recon-
struction stages and learn the regularizer or update rule. These networks have
become the strongest performers on benchmark simulations, but most of them
are still trained with one fixed mask and one idealized simulator. Our work fo-
cuses on the generalization risk created by this narrow degradation distribution.

2.2 Generalization and Overfitting in Image Restoration

Generalization problems have been widely observed in image restoration, where
a network trained on one synthetic degradation often fails under another degra-
dation or on real data. This is closely related to shortcut learning: deep networks
may exploit easy but non-causal correlations in the training distribution instead
of learning the intended invariant structure [7]. Similar observations have been
made in domain generalization studies [9]. In image deraining, Gu et al. [§]
showed that networks can overfit the rain degradation distribution and gener-
alize poorly when the degradation changes. CASSI has an analogous but more
structured issue: the measurement is generated by a physical operator composed
of mask coding, dispersion, and sensor integration. Therefore, the training dis-
tribution is determined not only by the clean spectral images, but also by the
degradation/operator distribution. We bring this perspective to CASSI and show
that enriching the degradation axis can be more important than simply collecting
more clean spectra.

3 Method

3.1 Ideal CASSI Forward Model

The CASSI system acquires a two-dimensional compressive measurement by
optically encoding and integrating a three-dimensional hyperspectral image. Let
X € REXWXB denote the target hyperspectral cube, where H, W, and B are
the spatial height, spatial width, and number of spectral bands, respectively. A
physical binary coded aperture M € R¥*W first modulates each spectral slice
X, € REXW by element-wise multiplication:

X, =M®X,, b=1,...,B. (1)

Due to the dispersion optics, each modulated spectral slice is laterally shifted
by a wavelength-dependent offset dy, resulting in

X" (h,w,b) = X'(h,w + dy, b). (2)

The sensor then integrates all shifted slices along the spectral dimension to pro-
duce the final two-dimensional measurement Y € R¥ X(W+dmﬂx), where dpax =
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Fig. 2: CASSI forward model with three physical stages: modulation, dispersion, and
integration.

maxp, dp. In the presence of additive noise N, the forward imaging process is

B
Y (h,w) =Y X" (h,w,b) + N(h, w). (3)
b=1

After vectorization, this process can be compactly written as
y=®x+n, & =][Y Diag(m), Sy, Diag(m),..., Sy, Diag(m)]. (4)

Here x € RFWE and y € RHWHdmax) are the vectorized forms of X and Y, m is
the vectorized form of M, Sy, is the matrix form of the shift operator, and ® €
RHWdnax) xHWE j5 the system sensing matrix that encapsulates modulation,
dispersion, and integration. Recovering x from y is a severely ill-posed inverse
problem. Standard benchmark training fixes ® = ®, by using one binary mask,
one deterministic shift rule, and noise-free summation. The key question in this
paper is what happens when the test operator differs from this fixed ®.

3.2 Decomposing the Forward Operator

Equation describes the ideal CASSI simulator as a linear sensing matrix ®.
This notation is convenient for reconstruction algorithms, but real measurement
formation is more complicated: the effective mask can be blurred or noisy, the
dispersion can contain wavelength-dependent PSFs; and the sensor can intro-
duce saturation and quantization. We therefore use a parameterized forward
operator Agy(-) to represent practical degradation. As shown in Fig. [2] we de-
compose this operator according to the three physical operations that generate
the measurement:

Y = Ap(X), Ag=7Ty 0Dy, 0oM,,, (5)

where My, is mask modulation, Dy, is chromatic dispersion, and Zg_ is sensor
integration. The ideal benchmark simulator is a special case in which the mask is
binary and sharp, dispersion is a deterministic shift, and integration is a noise-
free summation. Our simulator enriches each stage with physically motivated
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(a) Base mask (b) Our degradation (c) Measurement (d) Measurement with (e) Zoomed area (f) Zoomed area
mask with base mask our degraded mask

Fig. 3: Measurement synthesis from the binary mask under forward degradations: (a)
the base mask, (b) its degraded mask, (c,d) measurements generated by the ideal and
proposed degraded mask, and (e,f) corresponding zoomed regions. Modeling physical
degradations produces measurements that better reflect real imaging conditions.

non-idealities. Fig. [3]compares the ideal measurement synthesis with our physical
degradation pipeline. The proposed pipeline produces more realistic degraded
masks and measurements, avoiding the overly regular periodic patterns caused
by the conventional deterministic shift-and-sum simulator.

Modulation with spatially varying mask blur. The ideal modulation stage
multiplies each band by a binary coded aperture. In practice, defocus, imperfect
conjugacy, and fabrication errors make the effective mask spatially blurred, often
sharper near the optical axis and blurrier toward the boundary. We model this
stage as

Mb(“a U) - Z Km(“v v, AU, AU; Z;‘m(ua 'U)) Mb(u - Aua v = Av),
Au,Av
Zy(u, v) = X (u, v) My (u, v),

X, 0) =00+ (Om,1 — Om,0)R(u, v)’.

(6)

Here K,,, is a normalized Gaussian PSF, R(u,v) € [0,1] is the normalized ra-
dial distance from the image center, and oy, 0,0m,1,p control the center blur,
boundary blur, and radial growth rate. The variable modulation parameters are
denoted by 6,, = {Mba Ko, X, Om,05 Om,1, p}
Dispersion with chromatic PSF. The ideal dispersion stage shifts band b
by s, = s(b—1). A prism-based system also introduces wavelength-dependent
defocus and transverse chromatic aberration. We keep the nominal shift for com-
parability, but convolve each shifted band with a spectral-wise PSF:
Zo(u,v) = Z Ka(Mp, Au, Av; 0q( M) Zp(u — Au,v — s, — Av),
Au,Av
2 2
Ki( Ay, Au, Av) x exp <—A12L - Ag) ,
20u,b 20011)
5
y  Oyp =0y T Qy

Ab— Ao K

)\max - )\min

Ab— Ao

Oub = Oyu,0 T Qy
)\max - )\min

This makes bands far from the reference focus blurrier than the central bands,
while preserving the same nominal dispersion shift used in standard CASSI sim-
ulation. The variable dispersion parameters are 84 = {sp, Kq, 04, 00,0, 00,0, Qu,
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Qu, Ao, v}. Here sp is the nominal lateral shift of band b, K, is the chromatic
PSF, and o4(\y) denotes its wavelength-dependent blur scale. The constants
ou,0 and o, o define the base PSF width along the two spatial axes, o, and «,
control how fast the blur grows away from the reference wavelength, \g is the
in-focus wavelength, and « controls the chromatic growth curve.

Integration with camera noise and quantization. The sensor integrates all
dispersed bands into one two-dimensional measurement and maps irradiance to
digital counts:

B
E(U, ’U) =g Z Zb(u; 'U),
b=1

A(u) U) = Chp (E(U, 'U) + Nshot(ua U) + Nread(ua U)a 0) Cmax) ) (8)
Y (u,v) = Qr(A(u,v)),
round ((2L — l)a/CmaX)
Qrla) = 9L —1 '
Here ¢ is exposure gain, Ngnot is signal-dependent photon noise, Nyeaq ~
N(0,02) is read noise, Ciax is the saturation capacity, and @Qp is an L-bit

quantizer. In our physical simulator, . = 8. The variable integration parameters
are gc = {9, Nshota Nread; Or, Cmax7 L}

3.3 Clean Spectral Data versus Degradation Data

Each CASSI training sample combines a clean spectral cube sampled from the
clean-data distribution with a forward operator sampled from the degradation
distribution. Let Px denote the distribution of clean spectral cubes and Pa de-
note the distribution of CASSI forward operators. For a training pair, we first
sample X ~ Px and A ~ Pa, then synthesize the measurement Y = A(X). A re-
construction network fy4 takes the measurement and the corresponding operator
as input, and is trained with a supervised spectral loss between the reconstructed
HST and the ground-truth HSI:

min Exepe, a~ra [((fo(A(X), A), X)]. )

Here the loss is applied in the spectral image domain, i.e., to the final re-
constructed HSI and the ground-truth HSI, which is the setting used in our
experiments.

This formulation shows that CASSI training has two independent data axes.
The first axis is the clean spectral data distribution Px, which is controlled by
the number and diversity of clean HSI scenes. The second axis is the degrada-
tion distribution Pa, which is controlled by the mask, blur, dispersion, sensor
noise, saturation, and quantization used to generate measurements. Most bench-
mark protocols implicitly set Pa = §(Ag), a point mass at one fixed operator.
This works when training and testing share the same simulator, but it creates
a mismatch when the test operator changes due to mask calibration, defocus,



8 X. Wang et al.
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Fig. 4: CASSI training data contain two distributions: (a) clean spectral data and (b)
mask-related degradation information.

Chromatic
Mask

dispersion, or sensor conditions. Therefore, increasing only the number of clean
spectral scenes cannot cover a missing degradation distribution. Our experi-
ments control these two axes separately to study which one matters more for
generalization to unseen degradations.

3.4 Degradation-Diverse Training

We implement degradation-diverse training as operator-space augmentation by
sampling Pa through modulation blur/noise, chromatic dispersion PSFs; and
integration noise or quantization. This targets test-time operator shifts beyond
clean-image perturbations. We evaluate this training on unseen simulated degra-
dations and real measurements to investigate the generalization problem of
CASSI.

4 Experiments

4.1 Experimental Setup

Base Mask and Degradation Settings We use one fixed binary mask as a
shared base mask. What changes across protocols is not the mask pattern itself,
but the effective degradation applied to the forward model. We use three degra-
dation families. A Binary Mask is the ideal simulator: the base mask is sharp and
binary, dispersion is a deterministic shift, and integration is a noiseless summa-
tion. A Gray Mask keeps the same base mask but samples achromatic Gaussian
mask blur and Gaussian measurement noise during training. This family models
simple mask defocus and sensor noise without wavelength-dependent effects. A
Chromatic Mask further includes spatially varying mask blur and wavelength-
dependent chromatic PSF; its full physical version also includes photon/read
noise, saturation, and 8-bit quantization. Fig. b) visualizes these degradation
families, and Table b) lists the corresponding degradation settings and param-
eter ranges. We use Gray Masks for degradation-diverse training in the main
simulation study and reserve the Chromatic Mask as an unseen test degrada-
tion. For synthetic evaluation, the Chromatic Mask used for training/testing
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Table 1: Training protocols and degradation families.

(a) Training protocols (b) Degradation parameters
Scenario  Abbrev. Full name Training Training Degradation Forward model Parameters
dataset degradation
Binary Fixed binary mask, ideal shift, None
Full- Full data + 256 scenes Binary Mask Mask noiseless integration
Binary  Binary Mask
Gray Mask ~ Gaussian mask blur and O~ U0.2,2.4);
Simulation Full-Gray Full data + 256 scenes  Gray Mask Gaussian measurement noise @ ~ 4(0.005, 0.12)
Gray Mask
Chromatic ~ Spatially varying mask blur, o0 = 0.12;
Few-Gray Few data + 16 scenes  Gray Mask Mask hromatic PSF o Z 30,
Gray Mask photon,/read noise, o4(\) € [0.25,2.8];
Real-data  Few- Few data + 16 scenes Chromatic saturation, and o = 16e";
Chroma  Chromatic Mask 8-bit quantization full-well = 8000e ™ ;
Mask g=12L=8

Table 2: Results using different training protocols on KAIST under the unseen Chro-
matic Mask degradation (PSNR1/SSIM1/SAMY).

Model  Train s1 s2 s3 s4 5 S6 s7 S8 59 510 Ave.

Full-Binary 24.40/0.70/0.37 21.97/0.50/0.44 18.60/0.60/0.51 25.66/0.73/0.57 19.67/0.55/0.42 20.90/0.62/0.54 21.02/0.61/0.45 21.39/0.66/0.53 19.76/0.62/0.58 21.62/0.57/0.50 21.50/0.63/0.49

GAP-Net Full-Gray ~27.19/0.80/0.36 23.57/0.67/0.44 21.64/0.77/0.39 29.46/0.85/0.40 22.19/0.73/0.39 26.36/0.79/0.45 23.12/0.71/0.42 24.56/0.78/0.43 24.25/0.76/0.38 24.68/0.71/0.40 24.70/0.76/0.41

Few-Gray ~ 28.10/0.81/0.33 23.66/0.67/0.42 22.84/0.80/0.36 31.11/0.87/0.36 22.18/0.73/0.41 26.44/0.79/0.46 23.76/0.72/0.39 24.58/0.78/0.44 24.85/0.77/0.36 25.13/0.72/0.40 25.27/0.77/0.39

Full-Binary 25.07/0.70/0.41 22.16/0.58/0.45 18.32/0.64/0.52 25.07/0.61/0.90 21.12/0.64/0.48 21.51/0.58/0.71 21.67/0.66/0.44 21.83/0.62/0.65 20.67/0.61/0.69 22.39/0.58/0.72 21.98/0.62/0.60

DAUHST Full-Gray ~ 28.16/0.85/0.30 25.54/0.75/0.35 27.21/0.85/0.25 31.60/0.89/0.29 23.01/0.77/0.32 27.37/0.87/0.29 25.03/0.80/0.28 27.37/0.88/0.30 25.48/0.83/0.20 27.36/0.89/0.23 26.81/0.84/0.29

Few-Gray ~ 28.91/0.86/0.24 26.62/0.78/0.28 25.74/0.83/0.27 29.57/0.88/0.28 23.43/0.77/0.31 27.39/0.86/0.28 25.45/0.81/0.25 25.63/0.86/0.30 25.89/0.84/0.27 27.00/0.88/0.22 26.56/0.84/0.27

Full-Binary 24.57/0.69/0.36 5/0.60/0.41 16.96/0.55/0.50 24.07/0.67/0.71 20.68/0.50/0.39 21.72/0.62/0.59 20.60/0.58/0.48 21.32/0.63/0.50 19.49/0.50/0.58 10.94/0.50/0.65 21.19/0.61/0.54

SSR Full-Gray ~ 20.90/0.89/0.20 27.21/0.82/0.29 30.98/0.91/0.17 38.41/0.97/0.16 25.77/0.83/0.28 28.69/0.89/0.28

91/0.87/0.19 27.02/0.87/0.34 28.21/0.88/0.22 30.04/0.92/0.23 29.41/0.88/0.23

Fow-Gray ~ 29.60/0.88/0.21 27.45/0.80/0.39 20.40/0.89/0.20 35.43/0.95/0.17 25.64/0.84/0.28 29.10/0.89/0.28 26.76/0.86/0.22 27.97/0.88/0.36 29.19/0.89/0.20 20.67/0.92/0.24 29.02/0.88/0.26

Full-Binary 26.15/0.79/0.30 23.08/0.66/0.38 20.01/0.72/0.45 25.80/0.81/0.45 22.17/0.73/0.30 22.35/0.73/0.41 22.28/0.69/0.41 21.43/0.74/0.41 21.00/0.73/0.42 22.97/0.71/0.41 22.73/0.73/0.39

MiJUN  Full.Gray  30.61/0.89/0.23 28.14/0.82/0.26 28.28/0.89/0.20 36.22/0.94/0.22 26.86/0.86/0.20 30.81/0.91/0.23 28.08/0.86/0.19 28.94/0.89/0.28 29.28/0.89/0.20 28.82/0.91/0.20 29.61/0.89/0.22

Few-Gray ~ 31.17/0.90/0.21 20.10/0.83/0.23 30.51/0.91/0.16 35.40/0.94/0.20 26.47/0.86/0.21 30.95/0.92/0.21 30.13/0.89/0.15 28.41/0.90/0.27 30.73/0.90/0.18 28.75/0.90/0.20 30.16/0.90/0.20

Full-Binary 22.70/0.69/0.58 20.63/0.57/0.66 17.58/0.61/0.70 23.64/0.76/0.62 18.22/0.61/0.55 20.08/0.71/0.47 18.81/0.56/0.75 20.98/0.72/0.52 18.25/0.67/0.64 20.97/0.70/0.47 20.19/0.66/0.60

MST  Full-Gray 27.08/0.83/0.37 25.88/0.78/0.32 25.50/0.83/0.31 31.90/0.90/0.29 21.27/0.74/0.44 26.71/0.87/0.27 23.94/0.78/0.33 27.26/0.88/0.29 24.38/0.82/0.34 25.61/0.87/0.25 25.95/0.83/0.32

Few-Gray ~ 27.08/0.84/0.34 25.65/0.77/0.32 24.85/0.83/0.29 32.42/0.91/0.31 21.35/0.74/0.44 27.56/0.88/0.27 24.09/0.78/0.31 26.78/0.87/0.32 24.56/0.82/0.34 24.88/0.86/0.24 25.92/0.83/0.32

Full-Binary 22.23/0.62/0.65 20.43/0.54/0.74 16.90/0.58/0.80 24.77/0.74/0.80 17.23/0.55/0.64 19.33/0.66/0.59 18.66/0.54/0.82 19.74/0.68/0.60 17.52/0.62/0.73 19.44/0.60/0.61 19.62/0.61/0.70

SPECAT 28.02/0.85/0.28 26.33/0.76/0.31 25.57/0.83/0.26 33.86/0.90/0.28 24.04/0.80/0.28 28.71/0.88/0.27

20/0.80/0.25 27.66/0.87/0.35 25.21/0.82/0.31 26.74/0.87/0.25 27.14/0.84/0.28

¢ 28.43/0.85/0.29 26.32/0.77/0.20 26.16/0.85/0.25 34.13/0.91/0.24 24.18/0.79/0.29 29.35/0.88/0.25 25.54/0.81/0.25 27.92/0.87/0.30 25.55/0.84/0.27 26.83/0.86/0.26 27.44/0.84/0.27

variants is optical-only and does not include camera degradation; for real-data
evaluation, the measured data naturally include the full camera degradation.

Training Allocations We use three training protocols, named by clean-data
amount and mask family. Full-Binary uses the full clean spectral set with one
Binary Mask, following conventional fixed-degradation training. Our protocols
with diverse degradations, Full-Gray and Few-Gray, use the same random
Gray Mask distribution; the former uses the full clean spectral set, and the lat-
ter uses only 16 scenes. All models are trained for 300 epochs using the same
reconstruction supervision on the final output stage. For deep unfolding net-
works, the corresponding mask is provided to the network in the same format as
the forward model. Table a) summarizes the abbreviations. The degradation
ranges are chosen to cover mild-to-severe practical operator mismatch and are
not tuned on the KAIST test scenes or real measurements.

Architectures & Metrics We test both deep unfolding and end-to-end CASSI
reconstruction networks: GAPNet , DAUHST , SSR , MiJUN ,
MST [2], and SPECAT [19]. The four deep unfolding models cover different
prior modules: GAPNet is a CNN-based unfolding baseline, DAUHST uses spa-
tial attention, SSR emphasizes spectral attention, and MiJUN uses a Mamba-
inspired sequence module. MST and SPECAT are end-to-end transformer-based
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Fig.5: Generalization analysis: (a) degradation-diverse training (Full-Gray & Few-
Gray) improves reconstruction under forward-model mismatch; (b) increasing clean
spectral scenes brings only mild changes across unseen degradation tests.

reconstruction networks. Since different architectures require different input for-
mats, we follow the input convention of each original method when feeding mea-
surements and masks. We report peak signal-to-noise ratio (PSNR), structural
similarity (SSIM), and spectral angle mapper (SAM) to evaluate reconstruction
fidelity, structural consistency, and spectral accuracy, respectively.
Implementation Details The clean training pool is constructed from CAVE,
KAIST, and about 18 HS-D scenes [1], resulting in 256 spectral scenes in total.
All models are trained on 256 x 256 crops with 28 spectral bands and evaluated
on the 10 KAIST test scenes. Unless otherwise specified, training uses Adam
with batch size 5, 5000 random crops per epoch, 300 epochs, initial learning rate
4 x 104, and cosine annealing to 1076. The loss is the root mean squared error
between the final reconstruction and the ground-truth HSI. Full-Binary uses all
256 scenes with the fixed Binary Mask. Full-Gray uses the same 256 scenes but
samples Gray Mask blur and noise online for each training batch. Few-Gray uses
16 scenes with the same Gray Mask sampling range. All synthetic generalization
results are evaluated on the held-out Chromatic Mask degradation defined in
Table b); this degradation is not used by Full-Binary, Full-Gray, or Few-Gray
during training.

Definition of Generalization We measure generalization by PSNR, SSIM,
and SAM on the unseen Chromatic Mask degradation in Table [[[b). Better
reconstruction under this held-out operator indicates stronger generalization.

4.2 Quantitative and Qualitative Evaluation

Simulation Results on Generalization We first evaluate whether the train-
ing protocols in Table a) transfer to an unseen Chromatic Mask degrada-
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Fig. 6: Simulation results on generalization with scene 09 ) measurement, (b) RGB
reference, (c¢) reconstructions, and (d) ROI spectra. Degradatlon-dlverse training (Full-
Gray & Few-Gray) improves spatial details and spectral accuracy.

Intens ly

tion on KAIST. The Chromatic Mask is not used during Gray Mask train-
ing and thus can be used as a generalization test. Table |2 reports scene-wise
PSNR/SSIM/SAM for six reconstruction architectures. The trend is consistent
across both end-to-end and deep unfolding models: Full-Binary, which sees many
clean spectra but only one ideal Binary Mask, suffers large performance degra-
dation on the Chromatic Mask. Full-Gray improves the average spatial and spec-
tral metrics by exposing the model to random achromatic degradations during
training. Few-Gray, despite using only a small clean spectral subset, remains
competitive with Full-Gray and is consistently stronger than Full-Binary under
the unseen operator.

The previous results show that changing the degradation distribution is ef-
fective. We next ask whether simply increasing the number of clean spectral
scenes can provide the same generalization. Fig. [5] answers this question from
two views. In Fig. a), the grouped bars summarize the mean KAIST met-
rics in Table 2l Adding Gray Mask degradations improves generalization from
Full-Binary to Full-Gray, and reducing the clean spectral set from Full-Gray to
Few-Gray preserves most of the gain. This indicates that degradation diversity
is more influential than clean-data quantity for the unseen Chromatic Mask.
Fig. (b) further varies the number of clean spectral scenes under the same ran-
dom Gray Mask protocol, from 8 scenes to more than 200. The performance
on the unseen degradation changes only mildly over this wide range, with small
fluctuations across the six architectures. This suggests that, in the generalization
test, the number of clean spectral training scenes is not the dominant factor once
degradation diversity is available.

Fig.[6] visualizes the same conclusion on scene09. The measurement and RGB
reference are shown on the left, while the reconstruction grid compares MST,
SPECAT, GAPNet, DAUHST, SSR, and MiJUN under the three training pro-
tocols. Full-Binary often produces unstable colors and artifacts near fine text
regions. Full-Gray and Few-Gray preserve sharper spatial structures and pro-
duce spectra that are more correlated with the ground truth in the selected
region of interest (ROI). The important point is not that fewer clean scenes are
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Table 3: Real-measurement proxy evaluation with reprojection error Erepr .

Model Training Scenel  Scene2  Scene3  Scened  Sceneb Avg.
Full-Binary 0.168 0.241 0.212 0.190 0.199 0.202
MST Few-Gray 0.124 0.211 0.191 0.160 0.148 0.167
Few-Chroma 0.122 0.263 0.189 0.172 0.148 0.179
Full-Binary 0.187 0.250 0.235 0.198 0.192 0.212
SPECAT Few-Gray 0.180 0.250 0.222 0.181 0.173 0.201
Few-Chroma 0.196 0.288 0.261 0.261 0.213 0.244
Full-Binary 0.205 0.550 0.600 0.379 0.322 0.411
DAUHST  Few-Gray 0.108 0.185 0.172 0.133 0.126 0.145

Few-Chroma 0.134 0.521 0.397 0.359 0.205 0.323

always better, but that degradation diversity removes a shortcut: the network
can no longer rely on measurement statistics specific to one fixed mask.
Real-data Results Simulation experiments provide ground-truth PSNR, SSIM,
and SAM, but real CASSI measurements reveal whether the trend transfers to
practical acquisition. We therefore test the trained checkpoints on TSA real
measurements with the calibrated real mask and the same preprocessing con-
vention as common MST/DAUHST simulation protocols. Because real spectral
ground truth is unavailable, we report both a weak physical-consistency proxy
and qualitative reconstructions.

We compute the proxy by reprojecting each reconstruction through the cal-
ibrated CASSI forward model:

-~

|a* Acatin(X) — Y1 ot — (Acain(X), Y)

Y1l ’ 1 Acarin(X)13
Here o™ is a scalar exposure calibration for each real measurement. A lower E,qp,
indicates that the reconstructed cube better explains the captured measurement
under the calibrated operator. Since the calibrated operator is still approximate,
we use this metric only as proxy evidence.

Fig. [7] shows scene01, scene03, and scene05. For MST, SPECAT, and SSR,
the fixed Full-Binary baseline gives conspicuous structured artifacts and unsta-
ble colors. Few-Gray is more stable, and Few-Chroma, trained with the fuller
physical degradation family, further improves visual consistency. This real-data
behavior agrees with the synthetic Chromatic Mask results: the failure mode
is primarily a forward-operator mismatch rather than merely a lack of clean
spectral scenes.

Erepr = (10)

4.3 Ablation Study

Generalization across Various Degradations Table [4] studies how trained
models behave under test degradations of different severity. We choose SSR as
a representative deep unfolding model and SPECAT as a representative end-to-
end model, and test each trained checkpoint under three component-wise test
settings: Binary, Binary with mask blur, and Binary with both mask blur and
chromatic PSF.
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(a) Measurement

(b) MST (c) SPECAT (d) SSR

Scene 01

Scene 03

Scene 05

Few-Gray (ours) ~Few-Chroma (ours)

Fig. 7: Real-measurement reconstruction: (a) measurements, (b) MST, (c) SPECAT,
and (d) SSR. Few-Gray and Few-Chroma improve real-data stability.

Table 4: Component-wise ablation of degradation modeling (PSNR1/SSIM1/SAMY).

Binary + Binary + mask blur
Model Train Binary mask blur + chromatic PSF
Full-Binary 34.16/0.934/0.168 19.73/0.615/0.688  19.62/0.612/0.698
SPECAT  Full-Gray 32.12/0.895/0.220 30.86/0.898/0.199  27.14/0.838/0.285
Few-Gray  31.85/0.892/0.216 30.75/0.898/0.184  27.44/0.844/0.269
Full-Binary 38.00/0.969/0.081 21.42/0.568/0.597  21.19/0.611/0.535
SSR Full-Gray  36.50/0.960/0.094 35.31/0.951/0.120  29.41/0.884/0.235
Few-Gray  35.99/0.957/0.098 35.12/0.949/0.118  29.02/0.880/0.255

The table supports two conclusions. First, reconstruction becomes harder as

the test degradation becomes stronger. Binary corresponds to the ideal simu-
lator, the second setting adds mask blur, and the third further adds chromatic
PSF. Thus the metric drop across the three columns reflects increasing forward-
operator difficulty. Second, degradation-diverse training makes the model less
sensitive to this change. For example, SPECAT trained with Full-Binary reaches
34.16 dB on Binary but drops to 19.62 dB when mask blur and chromatic PSF
are both present. In contrast, SPECAT trained with Gray Mask degradations
remains around 27 dB under this strongest setting, for both Full-Gray and Few-
Gray. The same trend appears for SSR: the Binary-trained model has the best
in-distribution Binary result, but Gray-trained models degrade much more grace-
fully when the test operator changes.
Real-data Fine-tuning Comparison Fig. [§] compares degradation-diverse
training with fine-tuning on a calibrated real mask. The proposed model is di-
rectly evaluated on real measurements without target-scene fine-tuning. Table [5]
reports the scene-wise reprojection error for the same comparison. Here Raw de-
notes the fixed-forward-model reconstruction, Finetune denotes five-epoch adap-
tation to the calibrated real mask, and Ours denotes Few-Gray training without
any real-measurement fine-tuning. Therefore, Raw and Ours correspond to the
Full-Binary and Few-Gray protocols in Table [3] respectively. Across the five real
scenes, Ours gives lower average reprojection error for both MST and DAUHST,
which is consistent with the visual comparison in Fig. [§
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Table 5: Real-data fine-tuning proxy comparison with Eiepr .

Model Method Scenel Scene2 Scene3 Scened Sceneb Avg.

Raw 0.168 0.241 0.212 0.190 0.199 0.202
MST Finetune 0.158 0.380 0.293 0.273 0.228 0.266
Ours 0.124 0.211 0.191 0.160 0.148 0.167
Raw 0.205 0.550 0.600 0.379 0.322 0.411
DAUHST Finetune 0.177 0.356 0.241 0.238 0.181 0.239
Ours 0.108 0.185 0.172 0.133 0.126 0.145

@MsT (b) DAUHST () ROI spectrum

Finetune Finetune

10 MST 10— DAUHST
0.5 0.5

- -
0.0+ 0.f

MST. 1 DAUHST

0.5 0.5

o o.
500 600 500 600

——RaW == Fietne e Outs

Fig. 8: Real-data fine-tuning ablation with MST and DAUHST. Ours denotes Few-
Gray without target-scene fine-tuning.

5 Conclusion

We studied the generalization problem of CASSI reconstruction from the per-
spectives of training data and forward modeling. Our analysis suggests that
existing reconstruction networks can overfit a single degradation distribution in-
duced by a fixed forward model, limiting generalization even when more clean
spectral data are available. To address this mismatch, we decomposed the for-
ward model into modulation, dispersion, and integration and modeled physical
non-idealities at each stage to generate diverse training degradations. Experi-
ments across multiple architectures show improved reconstruction under unseen
simulated degradations and real measurements without fine-tuning, even with
only 16 clean spectral scenes. Clean spectral diversity remains useful, but un-
der forward-model mismatch, degradation diversity can be more influential than
data quantity. These findings motivate designing CASSI training data jointly
around clean spectral content and realistic forward degradations.
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