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Abstract. Diffuser-based imaging systems replace conventional lenses
with optical diffusers to enable compact lensless cameras, but their per-
formance critically depends on computational reconstruction from com-
pressed measurements. Deep unrolled networks have emerged as a lead-
ing framework by incorporating physical forward models into iterative
optimization. However, existing methods typically rely on simplified as-
sumptions, most notably shift-invariant point spread functions (PSFs),
which fail to capture spatially-varying aberrations and geometric distor-
tions in real hardware. In this paper, we propose learning physics-based
forward model corrections for diffuser-based imaging. We construct a
physically interpretable forward model with learnable correction terms
based on Eigen-Kernel decomposition to handle spatially-varying aber-
rations. This design preserves the structure of the physical model while
improving its fidelity to real measurements. The corrected forward model
is integrated into an unrolled reconstruction framework (EK-DUN), lead-
ing to consistent improvements in reconstruction accuracy. Experimental
results on real-world data demonstrate that our method achieves state-
of-the-art performance compared to existing unrolled baselines.

Keywords: Computational imaging · Lensless imaging · Deep Unrolled
Networks

1 Introduction

Diffuser-based lensless imaging systems [2,18] have emerged as a compelling al-
ternative to conventional lens-based cameras, offering the potential for extremely
compact, lightweight, and low-cost imaging hardware. By replacing a bulky lens
with a thin, scattering optical element (diffuser) placed in front of a sensor,
these systems encode the scene information into pseudo-random coded inten-
sity patterns. Recovering the latent image from these captured measurements
is, however, a highly ill-posed inverse problem, requiring robust reconstruction
algorithms. The unique encoding properties of diffusers have enabled novel ap-
plications such as 3D imaging [3], 3D fluorescence microscopy [19], fast video re-
construction [4], and privacy-preserving imaging [16,22,31]. However, recovering
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Fig. 1: Overview of the proposed diffuser-based lensless imaging system. First, arbi-
trary images are displayed on a monitor and captured by the diffuser-based lensless
camera to collect a large-scale training dataset D = {(Xi,Yi)}ND

i=1 consisting of ground-
truth and coded image pairs. Using this dataset D, we train a DUN incorporating the
proposed physics-based forward model correction. Specifically, alongside the DUN pa-
rameters, the base PSF and the horizontal/vertical eigen-kernels in the forward model
are jointly learned to acquire a more physically faithful mapping. During the actual
imaging operation, the acquired coded image is fed into the trained model to obtain
the reconstructed image.

high-fidelity 2D RGB images from heavily multiplexed measurements remains
the foundation of these systems and is the primary focus of this paper.

Deep learning-based approaches have significantly improved reconstruction
quality in diffuser-based imaging. In particular, Deep Unrolled Networks (DUNs)
have established themselves as a state-of-the-art framework [17, 21, 23, 32, 33].
Unlike purely implicit neural networks, unrolled networks interpret the layers
of a neural network as steps in an iterative optimization algorithm, explicitly
incorporating a known physical forward model of the system. This improves
interpretability and generalization over end-to-end methods.

A critical assumption in most existing unrolled architectures for diffuser-
based imaging is the accuracy of the forward model. To ensure computational
tractability, prior works typically model the system using a shift-invariant point
spread function (PSF), treating the sensing process as a simple 2D convolution.
While computationally efficient, this assumption is often violated in real-world
hardware setups. Practical optical systems suffer from spatially varying aberra-
tions, geometric distortions, and intensity variations (e.g., vignetting), meaning
that the effective PSF differs significantly across the field of view. When the as-
sumed physical model deviates from the actual optical process—a phenomenon
we refer to as forward model mismatch—the reconstruction performance of un-
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rolled networks is severely limited, as the optimization is guided by incorrect
physical gradients.

To address this challenge, we propose a novel deep unrolled network, termed
Eigen-Kernel Deep Unrolled Network (EK-DUN), which explicitly corrects these
physics-based forward model mismatches. Integrating a complex, spatially vary-
ing forward model into a DUN is highly non-trivial because the network funda-
mentally requires the observation model to be strictly linear and computationally
efficient in both forward and backward (transpose) evaluations. To satisfy these
stringent constraints, our architecture incorporates an Eigen-Kernel Decompo-
sition approach. We structurally approximate the uncalibrated, spatially vary-
ing PSF as a linear superposition of a base kernel and directional eigen-kernels
(representing principal variations like vertical and horizontal astigmatism). By
refining the physical model analytically within the unrolling steps, our method
effectively bridges the gap between the simplified convolution model and the
complex reality of the hardware, maximizing physical fidelity without sacrificing
the mathematical tractability required for unrolled optimizations.

Our main contributions are summarized as follows:

1. We conduct a systematic analysis of the forward model mismatch in a
real-world diffuser-based camera setup, verifying how the conventional shift-
invariant assumption breaks down due to distinct geometric distortions and
spatially-varying aberrations.

2. We propose a mathematically tractable and physically interpretable for-
ward model based on Eigen-Kernel decomposition. This formulation enables
the unrolled network to learn spatially varying corrections end-to-end while
strictly preserving the linear convolution structures and the efficiency of the
transpose computations.

3. To balance robust reconstruction and computational efficiency, we introduce
an iteration-aware late-activation strategy. By applying the refined Eigen-
Kernel model only in the final stages of the unrolled optimization, we ef-
fectively resolve high-frequency details, achieving state-of-the-art 2D RGB
imaging performance on real-world datasets with minimal computational
overhead.

2 Related Work

Diffuser-based imaging is a technology that realizes thin and lightweight cam-
era systems by replacing the lens with other optical elements, such as coded
masks or diffusers, and represents a prominent approach in computational imag-
ing. Methods employing optical diffusers [2, 18] or amplitude/phase masks [6, 8]
for encoding have been extensively proposed. In this technology, the reconstruc-
tion algorithm that recovers the original scene from the heavily multiplexed sen-
sor measurements fundamentally dictates the final image quality. Early studies
approached this inverse problem through convex optimization [9] with sparsity
constraints, such as Total Variation (TV) minimization [26], based on the com-
pressive sensing framework [11,12].
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Deep Unrolled Networks systematically unfold iterative optimization al-
gorithms (e.g., ADMM [9], ISTA [7]) into deep network layers, effectively in-
tegrating physics-based forward models with learned priors. This approach has
demonstrated significant success in various inverse problems, including compres-
sive sensing [14,27,29,34], and has become the leading methodology in diffuser-
based imaging [17, 21, 23, 32, 33]. However, their performance critically depends
on the accuracy of the embedded forward model; mismatches between this math-
ematical model and real physical hardware inevitably induce artifacts and struc-
tural information loss.

Physically faithful forward models are critical for high-quality recon-
struction in diffuser-based imaging, yet most methods have largely relied on the
idealized assumption that the Point Spread Function (PSF) of the optical sys-
tem is perfectly constant across the entire field of view (shift-invariant). This
allows formulating the forward model purely as a computationally efficient 2D
spatial convolution operation with a single, globally constant PSF [21, 23, 32].
Although learning-based methods to estimate the PSF from real data have been
proposed [24], they still fundamentally assume a shift-invariant forward model.
In practical optical systems, however, the shape and intensity of the PSF vary
significantly between on-axis and off-axis regions, causing the shift-invariance
assumption to break down and inducing severe model mismatch. To address
this mismatch, Zeng et al. [33] proposed compensating for the error a posteriori
using a CNN (Compensation Branch) placed in parallel with an ADMM un-
rolled network that employs an inaccurate shift-invariant model. Furthermore,
the Unrolled Primal-Dual Network (UPDN) [17] addresses the breakdown of
shift-invariance by introducing 15 learnable PSFs that are maintained as parallel
feature maps within the network’s intermediate feature space. These represen-
tations are not physically interpretable. Similarly, PhoCoLens [10] attempts to
address shift-variance by stitching regions processed with different PSFs, though
it relies on computationally intensive diffusion models for final quality. To the
best of our knowledge, prior unrolled methods for diffuser-based imaging do not
embed an explicit and physically interpretable correction for off-axis geometric
distortions and continuous shift-variant asymmetric PSF patterns directly into
the forward model, while preserving the linear and computationally tractable
structure required for unrolled optimization.

3 Preliminaries

3.1 Formulation of Diffuser-based Imaging

Diffuser-based imaging replaces a conventional lens with an optical diffuser
placed a few millimeters in front of a standard RGB image sensor. This dif-
fuser can be regarded as a pseudo-random phase mask that modulates the phase
of the incoming light. The imaging process in this system, i.e., the raw measure-
ment (coded image) acquired by the sensor for a given scene (target object), can
be expressed as a linear observation model:

y = Ax (1)
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where x ∈ RN is a vector representing the scene (N = H × W × C, where
C = 3 for RGB), y ∈ RM is a vector representing the coded image acquired by
the sensor (M = H ′ × W ′ × C), and A ∈ RM×N is the measurement matrix
of the system. Throughout the paper, we use the term forward model to refer
to this linear measurement operator A and its efficient implementation (e.g.,
convolution under shift-invariance).

The Point Spread Function (PSF) of diffuser-based imaging forms a large,
high-contrast caustic pattern that spreads across the entire field of view (see
Fig. 1). With appropriate hardware design (e.g., optimizing the diffusion angle
of the diffuser and the distance between the sensor and the diffuser), the PSF of
diffuser-based imaging can be approximately modeled as spatially shift-invariant
[21]. That is, when a point light source in the scene shifts laterally, the PSF
pattern on the sensor translates in the opposite direction without changing its
shape. By introducing this shift-invariance assumption, the multiplication by the
measurement matrix A can be efficiently described as a 2D convolution operation
using a 3rd-order tensor representation:

Y = K ∗X (2)

where X ∈ RH×W×C is the tensor (or image) representation of the scene,
Y ∈ RH′×W ′×C is the tensor representation of the coded image, K ∈ RHk×Wk×C

is the PSF (kernel) of the system, and ∗ denotes the 2D discrete convolution op-
eration in the spatial domain. In this paper, we denote vectors as bold lowercase
letters (e.g., x,y) and their 2D/3D tensor representations equivalently as bold
uppercase letters (e.g., X,Y) depending on the context.

Since the measurement matrix A is extremely large (M ×N), direct matrix-
vector multiplication is impractical in memory and compute. Under shift-invariance,
A can be implemented as convolution (Eq. (2)), enabling efficient forward com-
putation and an exact adjoint. For this reason, the shift-invariant convolu-
tional model is widely adopted in prior diffuser-based reconstruction meth-
ods [4, 21,23,32,33].

3.2 Inverse Problem & Reconstruction with Unrolled Networks

In diffuser-based imaging, the raw sensor measurements are heavily multiplexed.
Therefore, to recover the spatial structure of the original scene x from the coded
image y for visual inspection or downstream vision tasks, a computational recon-
struction process (solving an inverse problem) is essential. This inverse problem
is generally formulated as an optimization problem with regularization:

x̂ = argmin
x

{
1

2
∥Ax− y∥22 + τR(x)

}
(3)

where the first term on the right-hand side is the data fidelity term, ensur-
ing that the solution matches the observed data. The second term, R(x), is a
prior/regularization term based on prior knowledge, and τ is a parameter that
balances the two terms.
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Traditionally, such problems are solved via convex optimization using pri-
ors like Total Variation (TV) [26] and algorithms like the Alternating Direction
Method of Multipliers (ADMM) [9]. In contrast, DUNs unfold the iterative pro-
cesses of classical optimization algorithms (such as ADMM or ISTA [7]) into
layers of a neural network, providing a powerful method that combines iterative
mathematical optimization with learned image priors while explicitly incorpo-
rating the physical forward model.

Taking an ADMM-based DUN [27] as an example, by introducing variable
splitting, the solution is obtained by iteratively computing the following update
equations:

g(i+1) = argmin
g

{
1

2
∥g − (f (i) − d(i))∥22 +

τ

η(i)
R(g)

}
= P(i)(f (i) − d(i)) (4)

f (i+1) = argmin
f

{
1

2
∥Af − y∥22 +

η(i)

2
∥f − (g(i+1) + d(i))∥22

}
≈ [

(1− ϵ(i)η(i))I − ϵ(i)ATA
]
f (i) + ϵ(i)ATy + ϵ(i)η(i)(g(i+1) + d(i)) (5)

d(i+1) = d(i) + κ(i)(g(i+1) − f (i+1)) (6)

where i is the iteration number, f ∈ RN is the iterative estimate (initialized
with f (0) = ATy), g ∈ RN is an auxiliary variable, and d ∈ RN is a scaled
dual variable initialized to 0. The final reconstructed image is given by the out-
put of the last iteration, x̂ = f (I), where I is the total number of iterations.
ϵ(i), η(i), κ(i) ∈ R are the step size of the gradient method, the penalty parame-
ter, and the update rate of the dual variable, respectively, which are defined as
learnable parameters specific to each iteration. P(i) in Eq. (4) represents a prox-
imal mapping operator related to the regularization. The Plug-and-Play (PnP)
framework [28] has elegantly demonstrated that this proximal operator does not
need to be derived analytically from an explicit convex function; rather, it can
be replaced by an implicit, data-driven image filter or denoiser. Building upon
this insight, DUNs replace P(i) with a learnable deep neural network (DNN).
In this paper, we refer to this network P(i) as the prior network. That is, in
DUNs, the optimization hyperparameters ϵ(i), η(i), κ(i) and the weights of the
prior network P(i) are defined independently for each iteration and optimized
end-to-end from training data. As shown in Fig. 1, capturing displayed images
enables scalable data collection (D = {(Xi,Yi)}ND

i=1), strongly supporting this
data-driven optimization.
Requirements for Forward Models in DUNs. To integrate a forward model
(Eq. (1)) into the explicit physics-based update of DUNs (e.g., Eq. (5)), it should
ideally satisfy three key requirements:

– Physical Fidelity: The model must accurately describe the actual light
transport process. Model mismatches directly degrade reconstruction quality.

– Linearity: The forward model in DUNs fundamentally assumes a linear ob-
servation model (Eq. (1)). Introducing non-linear structures (e.g., CNNs with
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activations) directly into the forward computation breaks this mathematical
foundation.

– Tractable Adjoint: The iterative computation of Ax and its exact adjoint
ATy, which appears in the DUN update in Eq. (5), must be extremely
lightweight and analytically derivable. This makes implicit models, such as
deep neural networks, generally unsuitable.

The standard shift-invariant convolutional model (Eq. (2)) has been widely
adopted [17, 21, 23, 32, 33] because it perfectly satisfies the mathematical re-
quirements (linearity and computationally lightweight exact adjoint via cross-
correlation), despite lacking sufficient physical fidelity in real-world setups.

4 Proposed Method

To address severe model mismatch in real hardware (Sec. 4.1), we propose an
Eigen-Kernel decomposition approach. We formulate interpretable, shift-variant
PSF corrections preserving the tractability required for DUNs (Sec. 4.2) and
integrate them into the iterative optimization (Sec. 4.3).

4.1 Analysis of Shift-Invariance in Real-World Setup

We conduct a systematic analysis of the PSF in our real-world diffuser-based
imaging setup (cf . Sec. 5.1) to verify the breakdown of the shift-invariance as-
sumption. Figure 2 shows the captured PSF patterns at different positions of
a point light source in the scene. By taking the difference between the PSF at
the optical axis center and those at off-axis positions, we observe distinct errors.
Specifically, we identify two major types of model mismatch:

(i) Geometric Distortion: The caustic patterns exhibit subtle geometric dis-
tortions (e.g., local warping or stretching) that depend on the incident angle.
These distortions prevent a single kernel from perfectly matching the effec-
tive PSF at all locations.

(ii) Global Variations: As the light source moves away from the optical axis,
global intensity variations (gain) and shifts become more pronounced.

Our quantitative analysis further confirms that the Mean Absolute Error (MAE)
of the PSF relative to the center PSF increases significantly toward the periphery.
These findings indicate that while the shift-invariant assumption is a reasonable
first-order approximation, it fails to capture the fine-grained physical variations
necessary for high-fidelity reconstruction. For a comprehensive analysis illus-
trating the full 9× 9 grid measurement of shift-variant PSFs, please refer to the
supplementary material.

4.2 Proposed Forward Model

To address the limitations of the single shift-invariant kernel assumption, typ-
ically caused by spatially varying aberrations such as astigmatism, we propose
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Fig. 2: Breakdown of PSF shift-invariance. We captured PSFs of a vertically shifted
point source (A-C). Difference images between the central (A) and off-axis PSFs (B,
C) reveal (i) geometric distortions in caustics, visible as residual caustic patterns (par-
ticularly in Diff(A-C)), and (ii) global gain variations, which worsen away from the
optical axis. The plotted Mean Absolute Error (MAE) relative to the center confirms
that shift-invariant modeling errors increase significantly toward the periphery.

a refined forward model based on Eigen-Kernel Decomposition. In practical
optical systems, the spatially varying PSF K(u, v) ∈ RHk×Wk×C continuously
changes depending on the pixel coordinate (u, v) on the sensor. Our approach is
grounded in the observation that these physical variations are highly constrained
and effectively lie within a low-dimensional subspace. Prior studies have shown
that spatially varying lens PSFs (e.g., due to defocus and aberrations) can be
accurately represented by a low-dimensional basis obtained via PCA, expressing
pixel-wise blur as a linear combination of a small number of eigen-kernels [13,15].
Based on this insight, we approximate the spatially varying PSF by decomposing
it into a small number of "eigen-kernels" (principal components), rather than
attempting to model pixel-wise unique kernels, which would be computationally
prohibitive. Specifically, we hypothesize that the dominant PSF variations can be
efficiently represented by a base kernel and two directional difference kernels cor-
responding to vertical and horizontal astigmatism. Our proposed model, which
we term Eigen-Kernel Deep Unrolled Network (EK-DUN), formulates
the measurement Y as a linear combination of convolutions:

Y ≈ (1−Wh −Wv)⊙ (Kbase ∗X)︸ ︷︷ ︸
Mean PSF

+ Wv ⊙ (Kv ∗X)︸ ︷︷ ︸
Vertical Astigmatism

+ Wh ⊙ (Kh ∗X)︸ ︷︷ ︸
Horizontal Astigmatism

(7)
where Kbase represents the spatially averaged mean PSF, while Kv and Kh are
the "eigen-kernels" capturing the principal variations in the vertical and hori-
zontal directions, respectively. The spatial weight maps Wv,Wh ∈ [0, 1]H

′×W ′

determine the mixing ratio of these kernels at each pixel location (u, v). In-
stead of learning these weights, we define them analytically to limit the de-
grees of freedom and prevent the spatial weights from absorbing PSF variations,
ensuring that the learned kernels capture meaningful PSF modes. Based on
the assumption that aberrations increase symmetrically away from the optical
axis, we typically use sinusoidal weights such as Wh = 1

2 sin
2(0.5πunorm) and
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Fig. 3: Visualization of the spatial weight maps Wh, Wv, and (1−Wh −Wv). These
maps act as spatial priors to control the mixing of eigen-kernels based on the distance
from the optical center along the horizontal and vertical directions.

Wv = 1
2 sin

2(0.5πvnorm), where unorm, vnorm are normalized coordinates. Under
this design, the further a point is from the optical center along the horizontal
or vertical axis, the more strongly Kh or Kv compensates for the severe PSF
distortion. Crucially, correcting distortions in off-axis regions enhances not only
local but global image fidelity. Since light from these regions is multiplexed across
the entire sensor, local model mismatches propagate as global artifacts. Figure 3
visualizes these spatial priors and their superposition.

The adjoint operator of Eq. (7) is straightforward to derive because it is
a weighted sum of linear convolutions. This preserves the lightweight and an-
alytically derivable adjoint required by the DUN update. Specifically, we first
multiply the input by each fixed spatial weight map ((1−Wh −Wv), Wv, and
Wh), apply the adjoint convolution with the corresponding kernel, and then
sum the three resulting tensors. Both Eq. (7) and its adjoint can be efficiently
implemented using FFTs.

This Eigen-Kernel approach allows us to model continuous PSF variations,
such as astigmatic stretching, without the blocking artifacts associated with
patch-wise approximations. Crucially, this formulation perfectly satisfies the
three essential requirements for DUN forward models (Sec. 3): it enhances phys-
ical fidelity by modeling spatially-varying aberrations, strictly preserves lin-
earity through convolutions and element-wise multiplications, and ensures a
tractable adjoint analytically derivable as a simple combination of FFT-based
cross-correlations and element-wise multiplications by the weight maps. This
theoretically grounded dimensionality reduction achieves high-fidelity modeling
with minimal additional kernels, avoiding the overfitting and computational bur-
den associated with pixel-wise or higher-order approximations.

4.3 Integration into Unrolled Network

We integrate this Eigen-Kernel forward model into the ADMM-based Deep Un-
rolled Network (Eqs. (4) to (6)) as illustrated in Fig. 4. While accurate, the
multi-kernel model is more computationally expensive than the standard single-
kernel model. To balance performance and efficiency, we adopt a hybrid strategy,
hypothesizing that the refined physical model is most critical in the final stages
where fine details are resolved. Therefore, we apply the proposed Eigen-Kernel
model (Eq. (7)) and its adjoint only in the last 2 iterations of the unrolled
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Fig. 4: Overview of the i-th iteration stage in our proposed Deep Unrolled Network.
In the early stages, only the base kernel Kbase is used for the physical model update to
maintain efficiency. In the final stages, the refined Eigen-Kernel model (incorporating
Kv and Kh) is activated to correct for residual asymmetric aberrations. Components
highlighted in red indicate learnable parameters.

network. All preceding iterations use the standard shift-invariant model with
the shared base kernel Kbase. In this framework, the kernels Kbase,Kv,Kh are
optimized end-to-end along with the unrolled network parameters, allowing the
system to learn the optimal physical decomposition from data.

5 Experiments

5.1 Experimental Setup

We evaluate the proposed method using a custom-built diffuser-based lensless
camera prototype assembled from off-the-shelf optical components, as shown in
Fig. 5. We utilize a 1.6-megapixel CMOS sensor equipped with a 1◦ Engineered
Diffuser. Detailed specifications and the construction guide for this hardware
setup are provided in the supplementary material. To obtain a large-scale dataset
for training and evaluation, we fix the camera position to face a monitor. The
field of view (FoV) of the camera relative to the monitor is determined to be
442× 614 pixels by displaying white points at various positions.

We curate a dataset using high-quality images from BSDS500 [5], DIV2K [1],
and Flickr2K [20]. The images are strictly divided by image ID into training and
test sets to prevent data leakage. During data collection, images are randomly
cropped to the predetermined FoV and displayed on the monitor, while the
camera captures the corresponding coded images at a resolution of 1440× 1080.
In total, we collect 32,000 image pairs for training and 2,000 for testing. The
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Fig. 5: Experimental setup. Left: Close-up view of the lensless camera prototype (zoom
shot). Right: Overview of the data collection setup with the monitor (overview shot).
We construct a lensless camera using a generic image sensor and a diffuser, capturing
coded images displayed on a monitor placed at a distance of approximately 50 cm.

system point spread function (PSF) is experimentally measured by capturing
the response to a single white point displayed at the center of the monitor.

We compare our method against two representative baselines: the standard
Le-ADMM-U [21] and the state-of-the-art UPDN (15 mixed channels) [17]. Al-
though a more recent approach, PhoCoLens [10], employs conditional diffusion
models to enhance subjective perceptual quality, it entails prohibitive computa-
tional costs and, as noted by its authors, yields lower PSNR than UPDN. For
this evaluation, UPDN is therefore treated as the strongest baseline for fidelity-
oriented metrics such as PSNR.

5.2 Implementation Details

The proposed EK-DUN is implemented with 10 iterations. For the prior net-
work P(i) in each iteration, we employ a U-Net [25]. Specifically, we configure
a 3-level U-Net where each level consists of two standard convolution blocks
(Conv-ReLU), max pooling for downsampling, and transposed convolutions for
upsampling. We use 32 base feature channels that double at each subsequent
level. All models are trained to minimize the Mean Squared Error (MSE) loss
under identical conditions for 200 epochs using an initial learning rate of 1×10−4

and an exponential learning rate scheduler with a decay factor of 0.95 per epoch.
We follow the default settings reported in prior work for each baseline (e.g., Le-
ADMM-U with 5 iterations and UPDN with 10 iterations).

The experimentally measured PSF is provided to all models. In the Le-
ADMM-U baseline, the PSF is kept fixed as a constant physical parameter.
In contrast, for both UPDN and our proposed method, the PSF is initialized
with the measured data and subsequently optimized jointly with the network
parameters. All models were trained and evaluated on a single NVIDIA A100
(80GB) GPU with PyTorch 2.1.0 and CUDA 11.8.

5.3 Qualitative Results

Figure 6 provides a qualitative comparison of the reconstruction results on the
test set. The baseline Le-ADMM-U, based on a fixed shift-invariant PSF, suf-
fers from noticeable blurring and artifacts, particularly in regions far from the
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Fig. 6: Qualitative comparison of reconstruction results on real-world data. We com-
pare EK-DUN with Le-ADMM-U, a baseline unrolled network with a shift-invariant
PSF, and UPDN, a state-of-the-art unrolled network with multiple learned PSFs. EK-
DUN achieves high-fidelity reconstruction comparable to UPDN, preserving fine details
and reducing artifacts in challenging regions.
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Table 1: Quantitative comparison of reconstruction performance on the test set. We
report the average PSNR, SSIM, and LPIPS. The best results are highlighted in bold,
and the second best are underlined.

Method PSFs # Iter. # Params Runtime [s] ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Le-ADMM-U [21] 1 RGB (fixed) 5 38.0M 0.132 27.65 0.810 0.2994
UPDN [17] 15 mixed (trainable) 10 11.9M 0.257 30.65 0.837 0.2764
Ours (EK-DUN) 3 RGB (trainable) 10 82.7M 0.187 31.09 0.843 0.2650

optical axis where PSF variations are significant. UPDN significantly improves
sharpness by learning multiple PSFs to approximate shift-variance. Our pro-
posed method achieves comparable visual quality to this state-of-the-art base-
line, effectively resolving fine details and textures. This result demonstrates that
our physically grounded Eigen-Kernel approach successfully captures the shift-
variant optics necessary for high-quality imaging, matching the performance of
complex learned-filter baselines while maintaining physical interpretability.

5.4 Quantitative Performance

We evaluate the reconstruction quality using three standard metrics: Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index (SSIM) [30], and Learned
Perceptual Image Patch Similarity (LPIPS) [35]. Table 1 summarizes the quanti-
tative performance. Our EK-DUN significantly outperforms Le-ADMM-U (+3.44
dB) and surpasses the state-of-the-art UPDN by +0.44 dB in PSNR. Notably,
EK-DUN achieves this quality with a faster inference runtime (0.187 s vs 0.257 s
for UPDN). Although EK-DUN has more trainable parameters than UPDN, pa-
rameter count is not the dominant inference cost in this setting. The main cost
comes from FFT-based convolutions with large PSFs and their intermediate fea-
ture maps; UPDN employs 5× more kernels per layer to handle shift-variance,
whereas EK-DUN applies only a small number of additional kernels in the final
stages. Consistent with this, EK-DUN also reduces peak inference GPU mem-
ory compared with UPDN (2.03 GiB vs 2.86 GiB). Thus, EK-DUN improves
PSNR over UPDN while also reducing inference runtime and peak memory, de-
spite having a larger number of trainable parameters. It also preserves a strictly
linear forward model with physically interpretable corrections.

5.5 Ablation Study

To verify the effectiveness of our proposed hybrid Eigen-Kernel strategy, we
compare three EK-DUN variants with different forward-model configurations:
(1) a Kbase-only variant, which corresponds to a shift-invariant unrolled network
with the same 10-iteration architecture, (2) a full Eigen-Kernel variant that
applies the Eigen-Kernel model (Kbase,Kv,Kh) in all 10 iterations, and (3) our
proposed hybrid variant that activates the Eigen-Kernel model only in the last
2 iterations.
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Fig. 7: Visualization of the learned base kernel Kbase, vertical eigen-kernel Kv, hori-
zontal eigen-kernel Kh, and their respective differences from the base. The difference
images reveal subtle displacements in the caustic spot positions, indicating that the
kernels have learned to adaptively compensate for spatially-varying vertical and hori-
zontal distortions.

Table 2: Ablation study of different kernel configurations. We report the average
PSNR on the test set and the inference runtime in seconds per image.

Configuration PSNR ↑ Runtime [s] ↓

EK-DUN w/ Kbase only 29.54 0.181
EK-DUN w/ Eigen-Kernel (all iterations) 31.12 0.246
EK-DUN w/ Eigen-Kernel (last 2 iterations) 31.09 0.187

Table 2 summarizes the results. The improvement from the Kbase-only vari-
ant to the full Eigen-Kernel variant reflects the benefit of replacing the shift-
invariant forward model with the proposed Eigen-Kernel forward model. While
applying the full Eigen-Kernel model to all iterations yields the highest PSNR,
it increases the inference runtime by approx. 36%. The small PSNR gap between
the full and hybrid variants supports the hypothesis introduced in Sec. 4.3: the
refined forward model is most beneficial in the final reconstruction stages, where
remaining errors are dominated by fine spatial details. The hybrid variant there-
fore retains almost all of the PSNR gain of the full Eigen-Kernel variant while
remaining close to the Kbase-only runtime.

5.6 Visualization of Learned Eigen-Kernels

To provide physical insight into the learned forward model corrections, we visu-
alize the base kernel Kbase and the directional eigen-kernels Kv,Kh in Fig. 7.
By observing the difference images (Kv −Kbase and Kh −Kbase), we find that
the network effectively learns to shift and warp the caustic patterns. Specifically,
the difference maps exhibit subtle sub-pixel displacements of the spot structures
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along the vertical and horizontal axes, respectively. These results confirm that
the unrolled network succeeds in acquiring spatially-varying physical parameters
that directly compensate for the geometric and astigmatic distortions observed
in our hardware setup (Sec. 4.1).

6 Conclusion

In this paper, we proposed Eigen-Kernel Deep Unrolled Network (EK-DUN),
a deep unrolled network for diffuser-based lensless imaging that learns physics-
based corrections to the forward model. EK-DUN mitigates shift-invariant model
mismatch by decomposing spatially varying PSFs into interpretable eigen-kernels
and integrating them into the iterative reconstruction process. Experiments on
real data from our prototype show improved reconstruction fidelity over prior
unrolled baselines, demonstrating the effectiveness of forward-model mismatch
correction in our diffuser-based lensless imaging setup. A remaining limitation is
that the current low-dimensional Eigen-Kernel basis may be insufficient for wider
FoV diffuser configurations, where larger sensors, larger effective apertures, or
wider scattering angles can introduce higher-order off-axis aberrations. Beyond
this specific prototype, by learning correction kernels from captured data rather
than relying on a detailed hand-crafted aberration model for a specific diffuser,
this approach may extend data-driven forward-model corrections to other lens-
less imaging systems, such as mask-based cameras, and to aberration-limited
computational imaging systems including DOE- and metalens-based imaging.
More broadly, because the proposed correction preserves a linear forward model
with an efficient adjoint operator, its application to non-unrolled reconstruction
methods that rely on linear inverse or adjoint computations is also a promising
extension for future work.
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