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Deep Learning based Distillation Algorithm for Designing a Highly .

List of Tables

Table 1. Reconstruction performance of student and baseline MRI systems for AF' €
{4,8,16}. The teacher system has an acceleration factor AF; that is one unit lower
than the corresponding student (AF, = AF, — 1). Best results are shown in bold

Table 2. Reconstruction performance of student and baseline SPC systems for v €
{0.05,0.1,0.2,0.3,0.4}. The teacher system has the same compression ratios as
the student v, = 75, however, it uses real-valued coded apertures. Best results
are shown in bold

Table 3.  Reconstruction performance of the student, baseline, Blue Noise CA, and
teacher SD-CASSI systems. The baseline, student, and Blue Noise models use a

binary-valued CA, while the teacher uses a real-valued CA.

Table 4.  Reconstruction performance of the student and baseline models under var-
ying noise levels for MRI systems in terms of PSNR. Additive Gaussian noise
with SNR values ranging from 20 dB to 40 dB was added to the measurements.

Table 5.  Reconstruction performance of the student and baseline models under var-
ying noise levels for SPC systems in terms of PSNR. Additive Gaussian noise

with SNR values ranging from 20 dB to 40 dB was added to the measurements.

11

52

95

o8

64

65



Deep Learning based Distillation Algorithm for Designing a Highly .

Table 6.  Reconstruction performance of the student and baseline models under var-
ying noise levels for SD-CASSI systems in terms of PSNR. Additive Gaussian
noise with SNR values ranging from 20 dB to 40 dB was added to the measure-
ments.

Table 7.  Performance of the student models when distilled from teacher systems
with different acceleration factors (AF; € {3,7,15}) for AF; € {4,8,16}, with
AF; < AF;. Results are reported in PSNR.

Table 8.  Ablation study using various real-valued CA SPC teachers to optimize
different binary-valued students under the criterion v, < ;. Results are reported
in PSNR.

Table 9.  Performance of student models (SD-CASSI with one snapshot and binary-
valued CA) distilled from teacher systems configured with one or two snapshots
and real-valued CAs. Results are reported in PSNR.

Table 10.  Ablation study on the KD loss function components (Lgxc, Lpec) across
three CI systems. Results are presented in terms of PSNR and SSIM.

Table 11. Comparison of computational cost between the proposed method (KD)
and the baseline (E2E) for the three CI systems: MRI with AF = 8, SPC with
~v = 0.4, and SD-CASSI with one snapshot. The metrics include execution time

and memory usage.

12

66

67

68

69

70

71



Deep Learning based Distillation Algorithm for Designing a Highly . 13

Abstract
Title: Deep Learning based Distillation Algorithm for Designing a Highly Physically Constrained Compu-

tational Imaging System
Autor: Ledén Santiago Suarez Rodriguez

Keywords: Knowledge distillation, computational imaging systems, end-to-end optimization, magnetic re-

sonance imaging, coded aperture systems.

Description: Computational imaging (CI) systems extend the capabilities of traditional imaging systems
by encoding high-dimensional signal information into low-dimensional coded projections, which are subse-
quently decoded using computational algorithms. The design of the physical encoder is crucial for accurate
image reconstruction, as it determines how the scene is sampled and encoded, directly affecting the qua-
lity and quantity of the encoded information and its subsequent reconstruction. Currently, CI systems are
designed using an end-to-end (E2E) optimization approach, where the encoder is represented as a neural
network layer and is jointly optimized with the computational decoder. However, the performance of E2E
optimization is significantly reduced by the physical constraints imposed on the encoder, such as binariza-
tion, light throughput, and the compression ratio. Moreover, since E2E learns the parameters of the encoder
by backpropagating the reconstruction error, it does not promote optimal intermediate outputs and suffers

from gradient vanishing.

To address these limitations, this research reinterprets the concept of knowledge distillation—traditionally

used to train smaller neural networks by transferring knowledge from a larger pretrained model—to design

Master Thesis

Faculty of Physicomechanical. Department of Systems Engineering. Advisor: Henry Arguello Fuentes,
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a physically constrained CI system by transferring knowledge from a pretrained, less-constrained CI system.
The proposed approach involves three steps: First, given the original CI system (student), a teacher system is
created by relaxing the constraints on the student’s encoder. Second, the teacher is optimized to solve a less-
constrained version of the student’s problem. Third, the teacher guides the training of the highly constrained
student through two proposed knowledge transfer functions, targeting both the encoder’s structure and the

decoder feature space.

This approach was validated on three representative CI modalities: magnetic resonance, single-pixel, and
compressive spectral imaging. Simulations demonstrate that a teacher system with an encoder structure
similar to the student’s—having a comparable number of measurements or similar nature of the codification
basis—provides effective guidance. This leads to significantly improved reconstruction performance and en-
coder design for the student, outperforming both E2E optimization and traditional non-data-driven encoder

designs.
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Resumen
Titulo: Algoritmo de Destilacion basado en Aprendizaje Profundo para el Disefio de un Sistema de Imagen

Computacional Altamente Restringido Fisicamente
Autor: Ledn Santiago Suarez Rodriguez

Palabras Clave: Destilacion de conocimiento, sistemas de imagen computacional, optimizaciéon de extremo

a extremo, imagen por resonancia magnética, sistemas de apertura codificada.

Descripciéon: Los sistemas de adquisicion de imagenes computacionales (CI, por sus siglas en inglés) ex-
tienden las capacidades de los sistemas de iméagenes tradicionales al codificar informacion de senales de
alta dimension en proyecciones codificadas de baja dimension, que posteriormente se decodifican mediante
algoritmos computacionales. El diseno del codificador fisico es crucial para una reconstruccién precisa de
la imagen, ya que determina cémo se muestrea y codifica la escena, afectando directamente la calidad y
cantidad de la informacion codificada y su posterior reconstruccion. Actualmente, los sistemas CI se disenan
mediante un enfoque de optimizacion de extremo a extremo (E2E), donde el codificador se representa como
una capa de red neuronal y se optimiza conjuntamente con el decodificador computacional. Sin embargo, el
rendimiento de la optimizacion E2E se ve significativamente reducido por las restricciones fisicas impuestas
al codificador, como la binarizacion, la transmision de luz y la relacién de compresion. Ademés, dado que
E2E aprende los parametros del codificador retropropagando el error de reconstruccion, no promueve salidas

intermedias 6ptimas y sufre del problema de desaparicion del gradiente.

Para abordar estas limitaciones, esta investigacion reinterpreta el concepto de destilacién de conocimien-

Trabajo de grado

EES
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to—tradicionalmente utilizado para entrenar redes neuronales méas pequenas transfiriendo conocimiento des-
de un modelo preentrenado més grande—para disenar un sistema CI fisicamente restringido transfiriendo
conocimiento desde un sistema CI preentrenado con menos restricciones. El enfoque propuesto implica tres
pasos: Primero, dado el sistema CI original (estudiante), se crea un sistema maestro relajando las restricciones
en el codificador del estudiante. Segundo, el maestro se optimiza para resolver una versiéon menos restringida
del problema del estudiante. Tercero, el maestro guia el entrenamiento del estudiante altamente restringi-
do mediante dos funciones de transferencia de conocimiento propuestas, dirigidas tanto a la estructura del

codificador como al espacio de caracteristicas del decodificador.

Este enfoque fue validado en tres modalidades representativas de CI: resonancia magnética, imagen de un solo
pixel e imagen espectral compresiva. Las simulaciones demuestran que un sistema maestro con una estructura
de codificador similar a la del estudiante—con un nimero comparable de mediciones o una naturaleza similar
en la base de codificacion—proporciona una guia efectiva. Esto conduce a una mejora significativa en el
rendimiento de reconstrucciéon y en el diseno del codificador del estudiante, superando tanto la optimizacién

E2E como los disenos de codificadores tradicionales no basados en datos.
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Research Products

Contributions of the thesis

= This research introduces a novel knowledge distillation framework for computational
imaging system design, addressing the performance limitations imposed by physical
constraints on the encoder in traditional end-to-end optimization. In this approach,
the constraints on the encoder in the highly constrained student are relaxed to create

the teacher, which is then trained and used to guide the student’s learning.

» Two knowledge transfer loss functions are proposed to facilitate knowledge transfer
from the teacher to the student: (1) encoder loss, which aligns the student’s encoder
structure with that of the teacher, and (2) decoder loss, which aligns the feature spaces

of their respective computational decoders.

» This research demonstrates that teachers with a similar number of measurements and
an encoder with a similar codification basis to that of the student provide effective
guidance, leading to significant improvements in both the student’s encoder design

and its reconstruction performance.

= The proposed approach was validated across three widely used computational imaging
systems—magnetic resonance imaging, the single-pixel camera, and the single-disperser
coded aperture snapshot spectral imager—showing superior performance compared to

traditional E2E optimization and non-data-driven encoder designs.
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1. Introduction

Computational imaging (CI) systems have extended the capabilities of traditional imaging
systems by integrating computational algorithms with physical image acquisition, surpas-
sing conventional imaging limitations such as blurring, dynamic range, spatial resolution
and depth of field Bhandari et al. (2022); Liang (2024). CI systems employ a physical en-
coder to encode the desired high-dimensional signal information into low-dimensional coded
projections, which are then reconstructed by a computational decoder Arguello et al. (2023).
CI systems have been applied in several imaging fields such as optical imaging, seismic ima-
ging, computational microscopy, and medical imaging Bhandari et al. (2022); Karl et al.
(2023); Wetzstein et al. (2020). The performance of these systems relies on the effective de-
sign of the encoder, as it determines how the scene is sampled and encoded, affecting the
quality and amount of information that can be encoded and subsequently reconstructed by
the computational decoder.

Traditionally, CI system design has relied on predefined random or structured pat-
terns, which have proven effective for different imaging modalities. Examples include Hada-
mard and Fourier coded apertures (CAs) Zhang et al. (2017); Duarte et al. (2008), radial
and spiral undersampling patterns for magnetic resonance imaging (MRI) Geethanath et al.
(2013), and regular or jittered sampling strategies in seismic survey acquisition Hernandez-
Rojas and Arguello (2024). Similarly, diffractive optical elements (DOEs) have been designed

using Fresnel Miyamoto (1961), saddle Bernet (2018), and spiral Oemrawsingh et al. (2004)
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lenses, while 3D ultrasound imaging has leveraged 2D sparse arrays based on determinis-
tic or stochastic spiral distributions Ramalli et al. (2022). Furthermore, analytical designs
leveraging compressive sensing principles have been widely explored across various appli-
cations Correa et al. (2016); Henry and Gonzalo (2011); Lustig et al. (2007); Vasanawala
et al. (2011); Mosher et al. (2014, 2017). While these traditional designs have been effecti-
ve in their respective contexts, they are typically limited by hand-crafted signal properties,
limiting their performance.

In contrast, current approaches optimize CI systems in a data-driven manner using
an end-to-end (E2E) framework, enabling high-performance task-specific CI systems. This
method jointly optimizes the encoder and computational decoder for a specific imaging task,
incorporating deep learning by representing the image formation model as a neural network
layer, with subsequent layers acting as the computational decoder Arguello et al. (2023).
Examples include the design of a DOE for high dynamic range imaging Metzler et al. (2020),
the design of a colored CA for depth estimation Lopez et al. (2024), undersampling mask
optimization for MRI reconstruction Bahadir et al. (2020), seismic survey design for seismic
imaging reconstruction Hernandez-Rojas and Arguello (2024), and microscopic illumination
pattern design for image reconstruction Kellman et al. (2019).

The design of the encoder must account for physical constraints. In MRI, for instance,
long scans can lead to patient discomfort, motion artifacts, high costs, and long waiting times
that may extend for months Bahadir et al. (2020); GharehMohammadi and Sebro (2024);

Zaitsev et al. (2015). To address these issues, k — space measurements are undersampled to
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reduce acquisition time, resulting in a trade-off between obtaining high-quality images and
minimizing scan times.

Similarly, optical imaging systems employ CAs to reduce the amount of information
required during acquisition while maintaining high-quality image reconstruction. Binary-
valued CAs are commonly used because they are easier to fabricate and calibrate than
real-valued or quantized CAs, use less integration time, and have lower storage requirements
Bacca et al. (2021). However, each element of the binary-valued CA is limited to acquiring
only two states: blocking or passing light. Compared to other CA types, this limitation
reduces the amount of information that can be encoded and subsequently reconstructed,
resulting in less detailed or lower-quality images Arguello et al. (2023); Bacca et al. (2021).
Furthermore, CA imaging systems are constrained by the need to acquire a limited number
of snapshots to reduce acquisition and processing times, resulting in a trade-off between
image quality and the time needed for acquisition and processing. Therefore, these systems
aim to minimize the number of acquisitions and maximize the performance on the imaging
task Arguello and Arce (2014); Bacca et al. (2021).

When multiple or severe constraints are introduced, CI systems become highly cons-
trained, making the trade-off between practical implementation and reconstruction quality
even more critical. For instance, in MRI, higher acceleration factors (AF')(e.g., 8x or 12x)
make image recovery increasingly challenging Munoz et al. (2022); Chu et al. (2025), yet
they enable faster scans, making the approach practical for real-world implementation. Simi-

larly, in an CA systems, a high compression ratio combined with binary-valued CAs reduces
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acquisition and processing times and simplifies implementation but increases the difficulty
of reconstructing accurate images Arguello et al. (2023).

These constraints of CI systems are incorporated into the E2E optimization problem
through regularization functions that constrain the set of optimal values of the imaging for-
mation model parameters Arguello et al. (2023). Consequently, these regularization functions
reduce the degrees of freedom of the CI system during training, ultimately degrading its per-
formance on the imaging task Jacome et al. (2023). Furthermore, since the E2E optimization
framework learns the encoder parameters by backpropagating the reconstruction error, it
does not promote optimal intermediate outputs, as these outputs are unknown. Moreover,
the encoder of the CI system may not be optimal as it suffers from the vanishing gradient
problem due to being the first layer of the E2E framework Jacome et al. (2023). Thus, it
is required to develop new learning techniques to address the implementation constraints of
the encoder and find optimality criteria for the design of the encoder.

To address the performance limitations of E2E optimization for CI system design,
this work proposes a novel approach inspired by knowledge distillation (KD) Hinton et al.
(2015) theory. In KD, a larger and complex neural network, known as the teacher, gui-
des the training of a smaller and simpler network, called the student, using a knowledge
transfer function to effectively convey learned representations and improve performance. The
student is specifically designed for resource-constrained environments, and with the teacher’s
guidance, it can achieve higher performance than it would through standalone training. This

research reinterprets the concept of KD for CI system design, where a high-performance,



Deep Learning based Distillation Algorithm for Designing a Highly . 24

less-constrained CI system serves as the teacher model, while a more physically constrained
CI system acts as the student model. Both CI systems share computational decoders with
the same neural network architecture, with the focus on addressing the constraints in the stu-
dent’s encoder. For the simulations, the well-known U-Net architecture was used Ronneber-
ger et al. (2015); however, the proposed methodology can be extended to any computational
decoder neural network architecture. The proposed approach follows a three-stage methodo-
logy, illustrated in Figure 1: (1) the teacher encoder is created by relaxing the constraints
on the student encoder, (2) the teacher encoder is optimized along with its reconstruction
decoder to solve a less-constrained version of the student’s problem, and (3) the teacher
provides guidance to the student by transferring knowledge through various proposed KD

loss functions.

Figure 1. The student system is a constrained CI system with encoder Ag, and decoder
Me,. In the first stage, by relaxing the student encoder constraints, a teacher encoder
Ag, is derived. In the second stage, the teacher encoder and its reconstruction network
M, are optimized to solve a less-constrained version of the student’s problem, resulting
in Agr, Me;. In the third stage, the knowledge of the pretrained teacher system is used to
guide and enhance the performance of the student system’s encoder and decoder.

Stage 3
Knowledge distillation

Stage 1

Relaxation Teacher optimization
Z(As,) 7 As,
{AtI>s,M®s} > {Aquet} {A:};,M@;}
Student Teacher Pretrained
Constrained CI Less Constrained Teacher
system CI system CI system

The proposed methodology is designed to be general-purpose for CI system design
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and serves as an alternative to E2E optimization. In this approach the student is desig-
ned to be implementable for real-world acquisition, addressing practical physical constraints
in the encoder. However, the teacher system is not required to be practical for real-world
acquisition, as it is only used in simulation to transfer its knowledge to the student. This
allows for endless possibilities in creating the teacher, such as relaxations in the number of
measurements, codification in non-conventional bases (e.g., complex or quaternion), or even
using a different CI system as the teacher to distill the student, offering more flexibility than
E2E optimization.

The effectiveness of the proposed approach was validated on three representative CI
systems: MRI, the single-pixel camera (SPC) Duarte et al. (2008), and the single-disperser
coded aperture snapshot spectral imager (SD-CASSI) Wagadarikar et al. (2008). However,
the methodology is not limited to these cases, and future research can further explore its
applicability to other imaging modalities such as diffractive optical imaging with DOEs
Urrea et al. (2024), computed tomography Liu et al. (2023) and seismic imaging Hernandez-
Rojas and Arguello (2024). This research devises different design criteria for relaxing the
student’s encoder to obtain the teacher’s encoder for each system. In MRI, a teacher was
created with a lower acceleration factor (AF') than the student, allowing it to acquire more
information, which can then be transferred to the student. For the SPC and SD-CASSI
systems, the teacher uses real-valued CAs and equal or higher number of snapshots than
the binary-valued CA student, enabling the acquisition of more information for transfer.

However, the design of the teacher is still an open research question, where different encoder
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parametrizations can be useful for knowledge transfer.

To transfer knowledge from the teacher system to the student system, two types of
loss functions were employed, as illustrated in Figure 2: the encoder loss function and the
decoder loss function. The encoder loss function aligns the student’s encoder structure with
the teacher’s encoder structure, while the decoder loss function aligns the feature space of
the student’s decoder with the teacher’s. Additionally, the encoder loss function not only
provides regularization for the student’s encoder structure but also enhances the gradient
signal that is backpropagated by introducing a supervised signal in the encoder, thereby
mitigating the vanishing gradient problem in traditional E2E optimization, similar to the
effect of intermediate losses in deep networks Szegedy et al. (2015). The decoder loss guides
the learning of optimal intermediate features in the student’s computational decoder. This
is achieved because the teacher’s encoder operates under fewer constraints, enabling higher
recovery performance in the teacher’s decoder compared to the student’s decoder. As a re-
sult, the teacher’s decoder produces more robust learned feature representations, which can
effectively guide the student’s feature space. Simulation results indicate that the nature of
the teacher system’s encoder significantly impacts the performance of the student system.
Specifically, a teacher with a relaxation close to that of the student (similar number of mea-
surements or similar nature of the codification basis) provides effective guidance, leading
to better encoder design and reconstruction performance than E2E optimization. For MRI,
when the undersampling mask learned by the student was used to train a reconstruction

neural network, it achieved better reconstruction performance than the mask obtained th-
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rough E2E optimization. In the SPC, the student’s learned sensing matrix exhibited lower
condition numbers and mutual coherence compared to that obtained through E2E optimi-
zation. Similarly, in the SD-CASSI, the student’s learned encoder led to improved spectral

band correlation compared to E2E optimization.

Figure 2. Comparative of E2E optimization and the proposed KD methodology for designing
ClI systems. During training, the pretrained teacher guides the learning of the student through
the proposed loss functions Lgnc and Lpgc. For inference, the student system operates
independently.
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2. Problem statement

CI systems involve the joint design of the encoder and computational decoder Bhan-
dari et al. (2022). The state-of-the-art for designing these systems uses an E2E optimization
framework, where the encoder is modeled as a neural network layer and is integrated into
neural network architectures for performing a specific imaging task, an the parameters of
both the encoder and computational decoder are jointly optimized Arguello et al. (2023).

CI systems are constrained by physical practical limitations that must be addres-
sed during its design phase. For instance optical systems use CAs to reduce the amount of
acquired information while maximizing reconstruction, furthermore, binary-valued CAs are
preferred over real-valued or quantized due to its ease of fabrication, have lower storage requi-
rements and use less integration time. However these constraints limit the performance of the
system Bacca et al. (2021). Similarly, in MRI, scans can take long time, leading to discom-
fort of the patient, motion artifacts and high costs Zaitsev et al. (2015); GharehMohammadi
and Sebro (2024), then to address this issues k — space measurements are undersampled,
effectively reducing acquisition but compromising image quality Yiasemis et al. (2024).

In order to take into account the physical constraints during the design phase, regulari-
zation functions are introduce into the E2E optimization problem, these functions constraint
the set of values that the parameters of the encoder can take, effectively addressing practical
physical constraints for implementation but reducing de degrees of freedom of the encoder

during training, which consequently limits the performance of the system on its task Arguello
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et al. (2023). Furthermore, the encoder in the E2E optimization framework is prone to the
gradient vanishing gradient problem as it is the first layer of the framework, and intermediate
outputs may be suboptimal due to the overall E2E framework is optimized using only the
output of the computational decoder Jacome et al. (2023).

In the field of deep learning, the paradigm of KD Hinton et al. (2015) is a popular
approach for neural network compression, motivated by compressing high-complexity models
into compact networks to enable applications on resource-limited devices Gou et al. (2021).
KD is based on a teacher-student relationship, where a large neural network (teacher) is em-
ployed to train a smaller neural network (the student) Wang and Yoon (2022), achieving the
student higher performance than standalone training. This leads to the following research

question:

Can knowledge distillation techniques enhance the optimization of a highly physically
constrained computational imaging system, compared to traditional end-to-end deep learning

optimization, in terms of performance improvement?
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3. Objectives
General Objective
To design a knowledge distillation deep learning algorithm for the optimization of a highly
physically constrained coded aperture imaging system.
Specific Objectives
1. To model existing physically constrained coded aperture imaging systems, as well as

the knowledge distillation approach as an optimization problem.

2. To develop a knowledge distillation deep learning algorithm for the optimization of a

highly physically constrained coded aperture imaging system.

3. To validate the designed algorithm for imaging reconstruction tasks through simula-

tions using different datasets.

4. To compare its performance against traditional E2E deep learning optimization for

designing a highly physically constrained coded aperture imaging system.
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4. Background and related work

This chapter discusses the state-of-the-art in designing CI systems, namely E2E op-
timization, provides background on knowledge distillation and its role in CI systems, and
describes the CI systems used in this research to validate the proposed method, specifically
MRI, the SPC, and the SD-CASSI.
4.1. End-to-end optimization

CI systems can be interpreted as an encoder-decoder framework, where the imaging
formation model encodes a scene x € R" into coded projections y € R™, with m < n

Arguello et al. (2023). This process follows the forward sensing model:

y =Asx + 1, (1)

where Ag € R™*" represents the encoder forward model of the CI system, parametrized
by ®, and n € R™ is additive noise. A computational decoder then recovers the underl-
ying signal x. The state-of-the-art approach to optimize CI systems involves an E2E deep
learning optimization, where the physics-based forward imaging model is incorporated into
deep learning architectures as a differentiable layer Arguello et al. (2023); Wetzstein et al.
(2020). By modeling both the sensing model Ag parametrized by ® and the computational
decoder Mg parametrized by © as neural network layers, the E2E optimization problem is

formulated as follows:
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P
* 7 1
{0*, @) = arg min D IMe(AzAax,) — x5 + TRA(P) + 1R, (O), (2)
) p:1

where {©*, ®*} are the set of optimal values of the encoder and the computational deco-
der parameters, respectively, {x,};_, is the dataset, and R,(®) is a regularization function
that acts on the parameters of the imaging formation model to promote specific physical
constraints, such as binarization and quantization for CAs in systems like the SPC and SD-
CASSI, transmittance for the & — space undersampling mask with a given AF in MRI, the
number of angles in computed tomography, or the quantization of the height map in DOEs.
The regularization parameter 7 balances the trade-off between the desired constraints pro-
moted by the regularization function and the performance of the recovery Arguello et al.
(2023). Additionally, the regularization function R,(®) prevents overfitting of the compu-
tational decoder parameters ® to the training data by limiting the network’s complexity
through penalizing large weight values, where i as its regularization parameter.

The regularization functions R, (®) used to enforce the physical constraints of the CI
systems in the E2E optimization, restrict the set of optimal values in the imaging formation
model. Consequently, this reduces the degrees of freedom during training, ultimately limiting
the recovery performance of the CI system. This performance reduction occurs due to the
influence of physical constraints on the structure of the imaging formation model, which

affects the effectiveness of the computational decoder Bacca et al. (2021); Jacome et al.
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(2023). Furthermore, the encoder is susceptible to vanishing gradients as it is the first layer
in the E2E framework, which further limits its ability to learn an optimal codification.
Therefore, effective design of the encoder is essential for achieving high-performance recovery
in CI systems.

Equation (2) is solved using gradient descent-based algorithms, and once the optimal
encoder values are learned ®*, the physical imaging formation model can be implemented to
acquire real measurements. Subsequently, the learned computational decoder Mg+ is used
to perform the recovery task on the acquired measurements Arguello et al. (2023); Wetzstein
et al. (2020).

4.2. Knowledge distillation

Deploying large-scale deep learning models poses a significant challenge due to their
immense computational complexity and massive storage requirements, limiting their use in
resource-constrained systems Cho and Hariharan (2019); Gou et al. (2021). To achieve similar
performance while reducing model complexity, a model compression technique is needed.

KD, popularized by Hinton et al. (2015), is an effective technique for optimizing neural
networks for inference on resource-constrained devices. In KD a smaller and simpler model,
known as the student, is trained to mimic the behavior of a larger and more complex model,
known as the teacher, leading to the student model achieving better performance than would
be possible if it were trained directly on the task Gou et al. (2021); Romero et al. (2015).
KD is especially valuable in scenarios where the deployment of neural network models for

real-time inference is challenging due to physical constraints or system limitations, such as
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in resource-constrained devices like smartphones, smartwatches, or embedded devices Mait
et al. (2018), where storage and computational resources are limited.

Knowledge transfer in KD can occur through various sources, including intermediate
feature maps of the teacher model Romero et al. (2015), relationships between consecutive
feature maps Yim et al. (2017), and the response of the teacher model Hinton et al. (2015).
Feature maps represent outputs from intermediate layers, while the response refers to the
output of the model’s final layer Alkhulaifi et al. (2020). The KD optimization problem can

be expressed as:

P
1 .
©; = argmin= Y A Lia(Me, (x,), dp) + AoLixn (O, OF, ;) (3)
o, I

where ©; represents the parameters of the student model, @7, denotes the optimized para-
meters of the teacher model, x,, and d, are the input and desired output of the model, Liasx
is the task-specific loss (e.g., reconstruction or classification), and Lkp is the KD loss that
transfers knowledge from the teacher to the student. The regularization parameters \; and
Ao balance the contributions of the task-specific and KD losses.

Although KD has been applied mainly to high-level computer vision tasks such as
segmentation, detection, and classification, its applications in low-level vision tasks such as
reconstruction and denoising have been less explored Fang et al. (2023); Zhu et al. (2023);
Gao et al. (2019); He et al. (2020); Xie et al. (2023); Chen et al. (2021). Furthermore, the use

of KD in CI has received limited attention. For example, Wu and Li (2024) applied KD to
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reconstruct magnetic resonance images but did not address the design of the undersampling
mask. Similarly, Quan et al. (2023) utilized KD to enhance the performance of a phase
retrieval system’s recovery network without considering the design of the codification masks,
while Sun et al. (2024) employed KD for compressive video captioning without optimizing
the CAs.
4.3. Acquisition models

This section describes the CI systems used to validate the proposed approach. These
systems include three popular CI systems: MRI, the SPC, and the SD-CASSI. The following
subsections provide detailed descriptions of each system.

4.3.1. Magnetic resonance imaging. MRI is a non-invasive imaging tech-
nique that captures images of the body using strong magnetic fields and radio waves. Unlike
X-ray imaging, it does not employ harmful ionizing radiation Karl et al. (2023). MRI scans
can take a long time depending on the part of the body being imaged, which can cause
discomfort to the patient, increase costs, and cause motion artifacts. Additionally, this ex-
tended scan time limits the number of patients that can be imaged in a day, resulting in
long waiting times that can stretch for weeks or even months Bahadir et al. (2020); Gha-
rehMohammadi and Sebro (2024). Therefore, the acquisition process is undersampled to
reduce scan times, and magnetic resonance images are reconstructed from the undersampled
k —space measurements. Traditional undersampling approaches use fixed undersampling pat-
terns, with the most common including random rectilinear, equispaced rectilinear, cartesian,

radial, and spiral Yiasemis et al. (2024). However, each undersampling pattern may lead



Deep Learning based Distillation Algorithm for Designing a Highly . 36

to different reconstruction performances for the same reconstruction method Bahadir et al.
(2020); Geethanath et al. (2013); Yiasemis et al. (2024). More recent approaches optimize
the undersampling masks pattern together with the reconstruction neural network in an E2E
manner Bahadir et al. (2020); Weber et al. (2024); Weiss et al. (2020); Razumov et al. (2023).

The single-coil MRI acquisition process is given by equation (1), where Ag = PF,
where ® € {0, 1}™*" denotes an undersampling mask and F € C"*" is the Fourier transform
operator. In this work, the £ —space undersampling mask is modeled as a neural network layer

with trainable parameters W € R™*" incorporating a Heaviside step activation function

H(z) = ”E;'rlT' to binarize the mask, such that ® = H(W) € {0,1}™*". However, this
activation function is not differentiable at zero and has a gradient of zero elsewhere, making
it unsuitable for learning the undersampling mask directly. To address this, a Straight-

Through Estimator (STE) is employed Courbariaux et al. (2015). The STE enables the

gradient from the preceding layer to propagate through the activation function, facilitating

o2 _

the optimization of the binary undersampling mask, such that % = 1.

To promote the desired acceleration factor for the k& — space undersampling mask ®

the following regularization term is employed in (2) as:

R(®) = 7 (m _ Al_F>4' (@)

n

4.3.2. Single pixel camera. The SPC consists of an objective lens that

forms an image of the scene onto a CA, which spatially modulates the scene. The encoded
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Figure 3. Single-pixel camera acquisition scheme
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image is then focused by a collimator lens onto a single-photon detector, as illustrated Figure
3. To obtain different measurements (snapshots) from the same scene, the CA is changed for
each snapshot Bacca et al. (2019).

The forward model of the SPC is given by equation (1). Here, the forward operator
matrix is built upon the vectorization of the CAs ®; as Ag = [®1,...,®,,]". The relationship
between the number of acquired measurements and the image size is given by the compression
ratio y = 2.

The CAs can be binary-valued or real-valued. In a binary-valued CA, translucent
or opaque elements are used to either block or allow light to pass through. Each entry of
the CA takes a value of 0 or 1 (®;; € {0,1}), representing the blocking or passage of
light Bacca et al. (2020); Arce et al. (2014). On the other hand, real-valued CAs attenuate
light at different levels, admitting a wider range of values compared to binary CAs. In a
real-valued CA, each entry takes a value ®;; € R Bacca et al. (2021). The SPC system

aims to minimize the number of snapshots, reducing acquisition and processing times while
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Figure 4. Single-disperser coded aperture snapshot spectral imager acquisition scheme, source
Henry and Gonzalo (2011).
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maximizing reconstruction performance.

In this work, the CAs of the SPC were modeled as neural network layers with trainable
parameters W; € R", i = 1,...,m. The binary-valued CAs are obtained as ®; = sign(W,) €
{=1,1}",i = 1,...,m where sign(-) denotes the element-wise sign function sign(z) = -
However, this function, like the Heaviside step, is not differentiable at zero and has a gradient
of zero elsewhere, leading to the same optimization issues. Therefore, we use an STE, such
that 22 = 1.

4.3.3. Single disperser coded aperture snapshot spectral imager. The
SD-CASSI system Wagadarikar et al. (2008) is a snapshot spectral imaging system where the
incoming light is modulated spatially using a CA. Subsequently, a disperser element, such as
a prism or a grating, disperses the spectral information of each spatial location across a wide

area on the detector, resulting in the multiplexation of the spatial and spectral information

of the scene, as illustrated in Figure 4.
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The forward model of the SD-CASSI is expressed by equation (1). Here x € RVML
represents the vectorized data cube with spatial dimensions N x M and L spectral bands with
n=NML,y € RNM+L=1 denotes the vectorized detector measurement with m = N (M +
L—1), and n € RVM+L=1) is additive noise. The sensing matrix that accounts for the coding
and dispersing effect is given by A = P® € RVNMFL-DXNML whepe P ¢ RN(M+L-1)xNML
is a matrix that models the dispersion and ® € RNMLXNML jg the diagonalized CA. To
acquire a set of k snapshots y = [(y°)7,..., (y* 1) T]" represents the set of measurements,
As =[(AD)T, ..., (A5 T]T are the set of sensing matrices, and = [(n°)7,..., (") T]"
is the set of noise vectors. The SD-CASSI shares similar constraints with the SPC system.
In the SD-CASSI, CAs may be binary-valued (®;; € {0,1}) or real-valued (®,; € [0,1]),
additionally, the number of snapshots is minimized to reduce acquisition and processing
times while maximizing recovery performance. To model the CAs for the SD-CASSI in the

E2E framework, the same process done for the SPC is applied using the Heavyside step

activation function H along with a STE.
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5. Distilling knowledge for computational imaging system design

This chapter introduces the proposed approach to address the performance limitations
of CI systems optimized through E2E optimization. Inspired by KD, this approach enables
knowledge transfer from a less constrained CI system (teacher) to guide the learning of a
more constrained CI system (student). Specifically, the proposed approach is divided into
three stages. First, the teacher system encoder is obtained as a relaxation of the student
system encoder, such that Ag, < Z(As,), where Z(-) is a relaxation operator. Second, the
teacher is optimized following Eq. (2), solving a relaxed version of the student’s recovery
problem, obtaining the optimal parameters of the encoder and decoder {®}, ®;}. Third,
once trained, the teacher guides the student’s learning process through proposed knowledge
transfer functions. The proposed KD optimization pipeline is illustrated in algorithm 1.

Before describing the proposed KD optimization scheme, the nature of the teacher
encoder is first defined, and its key differences from the student encoder are outlined. Next,
we describe the employed computational decoder.
5.1. Computational encoder

The design of the encoder of a CI system is the most important part of the system, as
it determines how the scene is sampled and encoded. This directly affects the amount and
quality of the acquired information, which is critical for the performance of the computational

decoder. We now describe the teacher and student encoder configurations.
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Algorithm 1 Proposed KD optimization of CI systems
Require: Ag , Me,, N > Student’s encoder and computational decoder, number of epochs

1: Stage 1: Obtain the teacher’s encoder Ag, by relaxing the student’s encoder constraints with

operator Z(-):
2: Ag, < Z(As,)

3: Stage 2: Optimize the teacher’s encoder and decoder parameters
4: foriin 1,2,..., N do

2
5: Liask = ‘Mgi (A;%A@%X> —XH2
6: L = Liask + TR () + 1R (OF)
7: @7{”1 — @i — <8Ltask + 'LLBRI»L(GD)

00! 00!
i1 _ gyi o 0Ly IR, (P})
: P, =P a( 3 + T 0%
9: end for

10: The teacher’s encoder and decoder parameters {@®j, ®;} are set to be frozen.

11: Stage 3: Optimize Ag,, Me, with the guidance of Ag:, Meg; using knowledge transfer fun-

ctions Lenc and Lpgc.
12: foriin 1,2,..., N do

13: S = M[(QS(A;A(I,QX) > Student’s features at layer [
14: T = M[”;(A;*Aq}i*x) > Teacher’s features at layer [
15: Lene =D (Aq’i’A¢§*’X> > D is a distance function
16:  Lpec = [|S— T3 ,

17 Lo = [ Moy (A5 Anx) =],

18: Lxp = AMLask + A2LpEC + A3LeNe + TRA(P5) + uR,(O5)

19: Ol =0 -q (Alagggk + A 585 + uf)%(f)?g))

20 @ =@l —a (n e 42,2050 ) 4o (32 4 R0

21: end for

return {Ag:, Mg+ }

5.1.1. Teacher encoder nature. A key aspect of the proposed approach is

the teacher configuration. The teacher’s encoder is obtained by relaxing the student’s encoder

constraints using the operator Z(+), such that Ag, + Z(As,). Furthermore, the teacher is

a synthetic CI system used only in simulations to guide the student, and therefore, it does
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not need to be feasible for real-world acquisition. This flexibility enables the exploration of
various teacher configurations based on the application. As a result, the teacher’s encoder
codifies richer information than the student’s, enabling its computational decoder to achieve

higher performance. Below, we mention the explored teacher encoder configurations:

= MRI: The teacher system is obtained by relaxing the student’s acceleration factor, i.e,

®, € {0,1}m" ®, € {0,1}"X", with - >

= SPC: The teacher system is obtained by relaxing the student’s constraint on the CAs

from binary-valued to real-valued ([®;);; € R), and increasing the amount of acquired

information, such that m; > m,.
s SD-CASSI: The teacher systems follow the same relaxations explored for the SPC.

Remark 1 Here we devised a set of design criteria for the teacher model in the employed
CI systems, however, this is still an open research question. We devise some insights that can
be valuable for other imaging modalities. For computed tomography, where we are required
to design the source angles to be minimal to reduce the user’s radiation exposure Mao et al.
(2018) or in scenarios of limited angle where only a small portion of the scene can be scanned
Liu et al. (2023), a teacher can employ a huge number of equispaced source angles or a higher
resolution sensor. In diffractive optical imaging, the DOFEs have quantized heights Li et al.
(2022) or in some scenarios DOEs are implemented in deformable mirrors which have a
very limited parametrization based on few Zernike polynomials Urrea et al. (2024) which

reduces the degree of freedom in the optimization. In this scenario, the teacher could be
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a quantization-free DOE or employ a high number of Zernike polynomuals. In compressive
seismic 1maging, one is required to reduce the number of sources to mitigate environmental
effects and acquisition costs and time Hernandez-Rojas and Arquello (2024). Thus, a teacher

design can be a system that uses a high number of uniformly distributed sources.

5.1.2. Student encoder nature. The student CI system encoder, designed
for both simulation and real-world implementation, must account for practical constraints.
In MRI, we considered students with undersampled k — space masks corresponding to acce-
leration factors AF; € {4,8,16}. For SPC, the following compression ratios were considered,
with the student using binary-valued CAs: v, € {0.05,0.1,0.2,0.3,0.4}. For the SD-CASSI
system, the focus is on a student with a single snapshot and a binary-valued CA.

5.2. Computational decoder

Since we focus on developing a new methodology for designing CI systems rather than
creating a novel signal reconstruction architecture, we used the well-known U-Net Ronneber-
ger et al. (2015) as the computational decoder for the experimental simulations. However, we
emphasize that the proposed methodology can be extended to any computational decoder.
Additionally, as our focus is on addressing the physical constraints in the encoder of the
student, the computational decoders of both the student and teacher share the same U-Net

architecture. The U-Net architecture used in these simulations is depicted in Figure 5.
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Figure 5. Scheme of the U-Net used as computational decoder, C is the number of channels of
the input image, C=2 for MR images, C=1 for grayscale images, and C=8 for the multi-spectral
images. E determines the number of filters of each convolutional layer of the U-Net, E=1 for
MRI, E=4 for the SPC, and E=2 for the SD-CASSI system.
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5.3. Knowledge transfer functions

The transfer of knowledge from the teacher to the student is illustrated in Figure 2.
In this approach, the pretrained teacher system guides the student’s learning through two
proposed types of loss functions: the encoder loss function Lgnc and the decoder loss function
Lpec. Specifically, Lpgc promotes the alignment of the intermediate feature spaces between
the teacher and student decoders, while Lgnc enforces alignment between the teacher and
student encoders. These two functions allow guidance in both the sensing architecture and the
computational recovery method, mitigating the vanishing gradient problem in the encoder
and facilitating the learning of optimal intermediate outputs in the computational decoder.

The learning of the student system involves minimizing the following loss function:

Lxp = )\1HM@S (A;SA@SX> — XH% + M Lprc + A3LENC, (5)
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where A3 = 1 — \; — Ay with A3 > 0. The parameters \;, Ay, and A3 are regularization terms
that control the relative contributions of the different loss functions during optimization.

Then, the KD optimization problem is then formulated as follows:

P
L1
(07,1} =argmin 3" [ Me, (A} Awx,) — 3
®S7¢S p:1 (6)

+ AaLprc + A3Lenc + TRA(®,) + pR,.(O,).
The decoder KD loss function, Lpgc, remains consistent across all three CI systems.
This loss focuses on aligning the feature space of the student and teacher computational
decoders. Since the teacher network contains clearer and more robust features—having been
trained to reconstruct images with fewer degradations due to having a less constrained enco-
der than the student—its feature space can guide and improve the student’s computational
decoder performance. To this end, we use the bottleneck layers, as they provide the most

compact and informative representation of the input image. The decoder loss function is

defined as:

1
Lore = [Ty - Sull3 (7)

where T, = /\/l[b]; (Ag;Ag;x) and S, = /\/lgs(AgsAq)Sx) represent the intermediate fea-
ture maps extracted from the bottleneck layers ([0]) of the teacher and student decoders,
respectively.

Since the encoder depends on the structure of each acquisition system (MRI, SPC,
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SD-CASSI), the encoder loss is defined for each CI system:
5.3.1. Magnetic resonance imaging. The encoder loss function proposed

for MRI systems is:

2

: (8)

1
Loxe = HFchjcbst _ Flo! ¢ Fx
2

where F! is the transpose conjugate of the Fourier transform matrix F. This function encou-
rages the student’s k — space undersampling mask ®, to mimic the structure of the teacher’s
k — space undersampling mask ®; by aligning the backprojected measurements from the
student’s and teacher’s encoders in the image domain.

5.3.2. Single-pixel camera. For the SPC system, the encoder loss function
is defined as:

1 2
Loxe = HAQSAWS — Ag A . 9)

where Aw, is the student’s forward model with CAs before the binarization step, and Ag; €
R™ ™ is the teacher’s forward model, with the teacher employing real-valued CAs, ®; =
W7, This loss encourages structural similarity in the student’s forward model with the
teacher’s by aligning their Gram matrices, which capture the pairwise correlations of the
CA patterns. The alignment is performed in the real-valued space, where the student’s CAs
are comparable to the teacher’s CAs. By comparing the models in the real-valued domain

before binarization, the student can more effectively mimic the teacher’s encoding, leveraging
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the richer information present in real numbers to guide the learning process.
5.3.3. Single disperser coded aperture snapshot spectral imager. For

the SD-CASSI system, the encoder loss function is expressed as:

1 «T
EENC = EHWZWS - ‘I)tT(I’t Hga (10)

where Wy is the student CA prior binarization, and ®7 is the optimal teacher real-valued
CA. This function promotes structural similarity between the Gram matrices of the student
and teacher CAs. Similar to the SPC system, this approach aligns the student’s CAs in the

real-valued space, where they are directly comparable to the teacher’s CAs.
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6. Simulations & Results

Reconstruction performance was measured using the peak signal-to-noise ratio (PSNR)
and structural similarity index (SSIM) Wang et al. (2004). The teacher and baseline models
for all three CI systems were previously optimized with E2E optimization according to equa-
tion (2). All students were trained under the guidance of their optimal teacher, corresponding
to a less constrained CI system with a similar number of snapshots and a comparable nature
of the codification basis of the encoder. For specific details on how the optimal teachers were
selected, refer to the Section 7.3 of the Ablation Studies Chapter.

Furthermore, the improvement in the encoder design was evaluated for each CI sys-
tem. In MRI we utilized the learned undersampling mask with the baseline and student as
fixed undersampling patterns to train a reconstruction network. We computed the condition
number, singular value distribution, and gram matrices of the forward models for the SPC. In
the SD-CASSI system, we computed the spectral band correlation of the optimized forward
model and the magnitude of the Fourier transform of the designed CA. Additional experi-
ments, including computational requirements, loss function ablation studies, teacher system
selection, and noise robustness evaluations, are detailed in the Ablation Studies Chapter.
The implementation employs PyTorch Paszke et al. (2019) for deep learning components

and Colibri ! for optical system simulations.

L https://github.com /pycolibri/pycolibri
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The following subsections describe the simulations and results for each CI system
employed.
6.1. Magnetic resonance imaging

Training details: The FastMRI single-coil knee dataset Knoll et al. (2020), obtained
from the Deeplnverse library Tachella et al. (2023), was used. It consists of magnetic reso-
nance images of knees, each with a resolution of 320 x 320. The dataset includes 900 training
images, of which 810 were used for training and 90 for validation. The test set contains 73
images. All images were resized to 256 x 256. The teacher, student, and baseline models
were trained for 500 epochs. The first 200 epochs constituted an unconstrained phase, where
the acceleration factor regularization function in (4) used a regularization parameter 7 = 1,
allowing the exploration of different undersampling schemes. The remaining 300 epochs for-
med a constraining and refining phase, with the regularization parameter set to 7 = 1 x 10%°
to limit the mask ® to the given acceleration factor AF and refine the decoder network
training with the learned mask. The training was conducted with a 5 x 10~* learning rate
and a batch size of B = 32. The AdamW Loshchilov (2017) optimizer was employed with
a weight decay parameter of 1 x 1072, For the following results, we set A\; = 0.1, A\ = 0.3
for AF, =4, Ay = 0.3, = 0.2 for AF;, = 8, and A\ = 0.3, A3 = 0.5 for AF, = 16. These
values were chosen based on a hyperparameter search detailed in Section 7.1 of the Ablation
Studies Chapter.

We compared the proposed KD approach with the traditional E2E optimization sche-

me for designing MRI systems. The teacher systems were previously optimized with an
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acceleration factor AF, = AF, — 1 (for details of this selection, refer to Section 7.3 of the
Ablation Studies Chapter). Five realizations of the student MRI systems and baselines were
performed, with the average and standard deviation of these realizations reported. Table 1
summarizes the obtained results. It can be observed that in all three evaluated acceleration
factors, the student achieves better results than the baseline. Furthermore, the results in-
dicate that all student models are more stable than the baseline, exhibiting lower standard
deviations in the reconstruction metrics.

Figure 6 shows visual results comparing the proposed method with the E2E baseline in
terms of reconstruction performance and undersampling k — space mask design. As the figure
illustrates, the student’s undersampling mask effectively imitates the teacher’s undersampling
mask across different acceleration factors, due to the use of the Lgnc function, yielding
better reconstructions than the baseline, getting improvement by up to 1.47 (dB) in PSNR.
Additionally, zoom-in sections demonstrate the student model’s superior ability to recover

high-frequency details and preserve fine structural information than the baseline.
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Figure 6. Reconstruction performance of the student and baseline MRI systems. The first
row shows the teacher-optimized undersampling mask and its corresponding reconstruction.
The second row presents the student-optimized mask and its reconstruction. The third row
displays the baseline-optimized mask and its reconstruction. The PSNR (dB) and SSIM
metrics are reported in the upper-right corner of each reconstruction.

Full sampling

Teacher

Student

Baseline
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Table 1

Reconstruction performance of student and baseline MRI systems for AF € {4,8,16}. The
teacher system has an acceleration factor AF; that is one unit lower than the corresponding
student (AF, = AFy — 1). Best results are shown in bold

Teacher (AF; = AF; — 1) Student Baseline
* "PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1
4 45.48 0.985 42.82+0.12 0.974+£0.0004 41.52+0.28 0.962 +£ 0.0025
8 39.07 0.938 38.62+0.06 0.932+0.0006 38.26+0.22 0.928+£0.0024
16 36.57 0.905 36.26 £0.17 0.901 +0.0022 3596 +0.22 0.896 + 0.0027

To evaluate the improvements in the design of the encoder, the optimized k£ — space
undersampling masks for the baseline and student systems were extracted, fixed its weights,
and used to reconstruct magnetic resonance images from the undersampled measurements
using a reconstruction neural network with the same architecture as the employed U-Net.
Additionally, the reconstruction performance of the recovery network using the student’s
learned k£ — space undersampling masks was compared to traditional undersampling mask
patterns, such as spiral and radial, from Liu and Saloner (2014). Figure 7 presents visual re-
sults of the reconstruction performance for the trained neural network with the fixed learned
masks of the student and baseline, as well as with the spiral and radial patterns, all with
AF = 8. These results show that the network trained with the student’s learned mask out-
performs the baseline as well as the spiral and radial patterns. Zoomed-in results reveal that
the network trained with the student’s mask captures finer high-frequency features, leading
to improved reconstruction. Additionally, a plot for AF € {4,8,16} demonstrates that the
network trained with the student mask consistently outperforms the networks trained with

the baseline, spiral, and radial masks across all acceleration factors.



Deep Learning based Distillation Algorithm for Designing a Highly . 53

Figure 7. Comparison of the student MRI system with the baseline and common k-space
undersampling masks (spiral and radial). On the upper rows, a visual comparison for AF' = 8
is presented, with PSNR (dB) and SSIM metrics displayed in the upper-right corner of each
reconstruction. On the right bottom, a performance plot comparison of the student, baseline,
radial and spiral masks with AF € {4, 8,16} is shown.

Student Baseline N Spiral

0.98
421 0.96
540. 0.94 -o-Spiral
T 38 0.92 .
=71 E 0.90% Baseline
7z, 361 70 Radial
a 1 0.88
A 344 0.86. -o-Student
324 0.84+
30+ 0.821
4 8 16 4 I 16
Acceleration Factor Acceleration Factor

6.2. Single-pixel camera

Training details: The FashionMNIST dataset Xiao et al. (2017) was employed. It
consists of 60,000 training and 10,000 testing images of size 28 x 28 containing 10 classes
of clothing. The training dataset was divided into 50, 000 images for training and 10, 000 for
validation. All images were resized to 32 x 32. The training was performed for 50 epochs

using the Adam optimizer Kingma (2014) with a learning rate of 5 x 10~ and a batch size
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of B = 64 images.

We compared the proposed KD approach with the traditional E2E optimization sche-
me for designing SPC systems. All teacher systems were previously trained with v, = ~,
with real-valued CAs. Five realizations of the student and baseline models were evaluated,
with average and standard deviation reported. An additional comparison was made using the
traditional Hadamard basis for the CA patterns Zhang et al. (2017), with the computational
decoder trained accordingly. Table 2 shows the results, where the student system outperforms
both the baseline (by up to 1.05 (dB)) and the Hadamard basis across all compression ratio
configurations. Additionally, the student models, in almost all cases, demonstrate greater
stability than the baseline, showing lower standard deviations in the reconstruction metrics.

To evaluate the improvement in the codification of the CAs learned by the student, we
present the mutual coherence ;i(A) = max;,; |(a;,a;)| of the student and baseline forward
model matrices across all evaluated compression ratios in Figure 8a. These results show that
the columns of Ag: (the student’s sensing matrix) are less correlated with each other com-
pared to the columns of Ag+ (the baseline’s sensing matrix). This indicates that the student
can collect a more diverse set of measurements than the baseline. Additionally, Figure 8b
shows the distribution of the normalized singular values of the student and baseline forward

model operators. The student’s matrix exhibits larger minimal singular values, leading to a

Omax (A)

o (A) compared to the baseline, showing that the student’s

lower condition number k(A) =
system is more stable and robust than the baseline. Furthermore, Figure 9 provides visual

results comparing sections of the Gram matrices A;AQ; for the student and A;A@* for
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Table 2

Reconstruction  performance of student and baseline SPC  systems for -~ €
{0.05,0.1,0.2,0.3,0.4}. The teacher system has the same compression ratios as the
student vy = v, however, it uses real-valued coded apertures. Best results are shown in bold

Teacher Student Baseline Hadamard
7 PSNR 1t SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1
0.05 25.59 0.915 24.50 £0.04 0.894 +0.001 24.03+0.03 0.887+0.002 18.80+0.03 0.745 4+ 0.004
0.1 27.84 0.944 26.07 £0.04 0.920+0.001 25.53+0.09 0.907+0.009 19.78 £0.03 0.793 &+ 0.006
0.2 30.90 0.972 2793 £0.06 0.945+0.001 27.06=+0.08 0.936£0.002 22.60+£0.03 0.867 % 0.013
0.3 33.29 0.978 29.11 £0.08 0.955+0.002 28.06+0.21 0.947+0.003 24.95+0.05 0.911 4+ 0.006
0.4 34.57 0.987 29.54+£0.06 0.961 +0.001 28.81+0.2 0.955+£0.002 26.83+0.08 0.938 4 0.004

the baseline. The student’s Gram matrix demonstrates stronger linear independence due to
its off-diagonal elements having lower values compared to the baseline’s Gram matrix. This
suggests that the student’s matrix provides more distinct and non-redundant information,
contributing to improved performance in the reconstruction due to measurement diversity

and stability of the sensing matrix.

Figure 9. Visualization of a 256 x 256 section of the AjAg matrices for the student’s SPC
and the baseline’s sensing matrices.
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Figure 8. (a) Mutual coherence of the student and baseline SPC sensing matrices for various
compression ratios. (b) Distribution of normalized singular values for the student and baseline
SPC matrices at different compression ratios, with their condition numbers indicated next
to the respective labels.
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6.3. Single disperser coded aperture snapshot spectral imager

Training details: The ARAD-1K dataset Arad et al. (2022) was used for multi-
spectral image reconstruction. It contains 950 images, each of size 31 x 512 x 512 in the
400-700 nm range. The images were resized to 256 x 256 and eight equidistant spectral bands
were selected from the original 31 bands. Four non-overlapping patches were extracted from
each image, resulting in 3,600 patches for training, 125 for validation, and 75 for testing,
with each patch sized 8 x 128 x 128. The AdamW Loshchilov (2017) optimizer with a weight

decay of 1 x 1072 was employed. The teacher, student, and baseline systems were trained for
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500 epochs with a learning rate of 5 x 10~%, using a batch size of B = 32.

The proposed approach was compared to traditional E2E optimization for a SD-CASSI
system with a binary-valued CA and one-snapshot configuration. The teacher system was
pretrained using a real-valued CA with the same one-snapshot configuration. Five realizations
of the student and baseline models were conducted, with the average and standard deviation
reported. Additionally, we compared the reconstruction performance of the network using a
SD-CASSI with a Blue Noise CA Correa et al. (2016) with one snapshot. Table 3 summarizes
the results, demonstrating that the student model outperforms the baseline (by up to 1.53
dB in PSNR) and Blue Noise CA (by up to 1.56 (dB) in PSNR).

Figure 10 presents visual reconstructions of all spectral bands, comparing the proposed
KD approach with E2E optimization and the use of a Blue Noise CA as a fixed encoder. The
results are shown in terms of PSNR and SSIM. The results demonstrate that the student
model consistently outperforms both the baseline and Blue Noise CA across all bands, and
in nearly all bands, it even surpasses the teacher model. For the multi-spectral image, the
student achieves a PSNR of 40.90 (dB), surpassing the teacher’s 40.30 (dB). The student
also outperforms the baseline and Blue Noise CA, with improvements of 1.47 (dB) over the
baseline and 2.04 (dB) over the Blue Noise CA. Also, in Figure 11 spectral profiles were
evaluated at the RGB ground truth image point. The Spectral Angle Mapper (SAM) metric
Yuhas et al. (1992) was used to quantify spectral similarity. The results show that the student
system achieves a SAM score of 0.0344, outperforming the baseline score of 0.0433 and the

Blue Noise CA score of 0.0617 (lower values indicate better similarity).
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Table 3

Reconstruction performance of the student, baseline, Blue Noise CA, and teacher SD-CASSI
systems. The baseline, student, and Blue Noise models use a binary-valued CA, while the
teacher uses a real-valued CA.

PSNR 1 SSIM 1
Teacher 37.44 0.965
Student  36.89 +0.01 0.958 + 0.001
Baseline 35.36 +£0.21  0.943 £ 0.002
Blue Noise 35.33£0.03  0.942 + 0.001

Figure 10. Reconstruction performance of the SD-CASSI system, reported in PSNR (dB)
and SSIM, for the teacher, student, baseline, and Blue Noise models. Results are shown for all
eight spectral bands, detailing the PSNR and SSIM for each band. The overall performance
across all eight spectral bands is: teacher (PSNR: 40.30 (dB), SSIM: 0.971), student (PSNR:
40.90 (dB), SSIM: 0.971), baseline (PSNR: 39.43 (dB), SSIM: 0.965), and Blue Noise (PSNR:
38.86 (dB), SSIM: 0.960).
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Figure 11. Spectral profiles for a point in the RGB ground truth image are presented, along
with the SAM metric.
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To evaluate the improvements in the design of the encoder for the SD-CASSI sys-
tem using the proposed approach, we computed the spectral band correlation matrix G €
RL*E - This matrix quantifies the correlation between the spectral bands, where low co-
rrelation values indicate incoherent spectral sampling. The matrix is obtained by decom-
posing the SD-CASSI sensing matrix Ag € RNMFL-UXNML jnto [ blocks, such that
Ag = [A}, Ay, ..., A;], where each A; € RVWMFL=OXNM corresponds to the sensing matrix
for the i-th spectral band, containing the diagonalized CA shifted by i - N positions. The
(i, 7)-th entry of the spectral band correlation matrix G is computed as the inner product
of the submatrices A; and A;, given by G;; = Tr(A] A;). Additionally, we computed the
Fourier transform magnitude of the CAs F®. Figure 12 illustrates both the spectral band
correlation matrix and the Fourier transform magnitude metrics for the baseline, teacher,
student, and Blue Noise CAs. The results show that the teacher system focuses on very
specific low and high frequencies, discarding the rest of the spectrum. The student system

displays a similar frequency response to the teacher but with a broader emphasis across
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the spectrum, particularly enhancing both low and high frequencies, while also prioritizing
certain regions. The baseline CA shows a more uniform behavior, with higher-frequency de-
tails present but not as dominantly represented as in the teacher or student CAs. The Blue
Noise CA provides a more uniform encoding of both low and high frequencies. However, it’s
not as high-frequency focused as a teacher, nor as low-frequency concentrated as student or
baseline. Furthermore, the spectral band correlation matrix results show that the student
CA exhibits lower coherence than the baseline and Blue Noise CAs, indicating that it is less
spectrally correlated. This lower correlation suggests that the student CA acquires more di-
verse and less spectrally redundant measurements compared to the other two. Additionally,
the student CA’s average correlation of 0.446 is lower than that of the Baseline (0.741) and
Blue Noise (0.512). The higher average spectral band correlation seen in the teacher system
can be attributed to the relaxation of the binary constraint. In other words, allowing the
teacher CA to use real-valued intensity levels, rather than strictly binary values, leads to

measurements that are more closely related spectrally.
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Figure 12. The first row displays the employed Blue Noise CA along with the learned CA
of the baseline, student, and teacher. The second row presents the magnitude of the Fourier
Transform for the Blue Noise CA and the learned CA of the baseline, student, and teacher.
The third row shows the spectral band correlation matrix for the Blue Noise CA and the
learned CA of the baseline, student, and teacher, with the average spectral band correlation
displayed above each matrix.
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Spectral band correlation
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7. Ablation Studies

This chapter presents ablation studies conducted to determine the optimal hyperpa-
rameters for the knowledge transfer loss functions (A1, A2), evaluate the noise robustness
of the proposed approach, identify the best teacher model, assess the contribution of each
knowledge transfer loss function (Lgnc and Lpgc), and analyze computational requirements
during the training phase.

7.1. Hyperparameter tuning

This section presents the results of the hyperparameter tuning for the regularization
terms of the KD loss function (A1, A2). A grid search was conducted for each CI system, eva-
luating (A1, A\2) € {0.0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8} x{0.0,0.1,0.2,0.3,0.4,0.5,0.6,0.7, 0.8}
with the constraint that A\; + Ay < 1 to prevent negative values for As.

Figure 13 shows the results of this search for MRI, with the tuning performed for
each acceleration factor of the student, i.e., AF, € {4,8,16}, where the teacher model used
AF; = AF,—1 for each corresponding AF,. We observed the following trends: for AF; = 4, the
optimal set was {A; = 0.1, Ay = 0.3} with A\3 = 0.6, indicating that the encoder loss function
Lenc plays a dominant role, with the student’s performance heavily relying on mimicking the
teacher’s undersampling mask. For AF; = 8, the optimal set was {\; = 0.3, Ao = 0.2} with
A3 = 0.5, while for AF; = 16, the optimal set was {\; = 0.3, Ao = 0.5} with A\3 = 0.2. As the
acceleration factor increases, the number of available points for subsampling the k& — space

decreases, shifting the focus of the loss function more towards knowledge transfer in the
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Figure 13. Grid search for hyperparameter tuning of A\; and Ay for MRI students with ac-
celeration factors a) AF; = 4, b) AF; = 8, and ¢) AF; = 16, using a teacher model with
AF, = AF, — 1 for each case. Results are reported in PSNR.
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decoder and less on the encoder.

For SPC, the optimal values were found to be \; = Ay = 0.1, leading to A3 = 0.8.
This configuration indicated that the student’s performance was primarily influenced by
minimizing the encoder loss by aligning the student’s gram matrix of the forward operator
before binarization A&,s A, with the teacher’s gram matrix Al? Ag:.

For the SD-CASSI system, a similar behavior was observed as with the SPC. The
encoder loss function played a more significant role in the performance than the other losses.
However, the decoder loss did not contribute to improving performance as much as the
encoder loss. The optimal configuration was found to be Ay = 0.1, Ay = 0, and A3 = 0.9,
with the system’s improvement heavily relying on aligning the student’s gram matrix of the
CAs before binarization W] W, with the teacher’s real-valued CAs gram matrix &' ®;.
7.2. Noise robustness

Here, we evaluate the performance of the proposed approach in the presence of noise in

the measurements. The analysis considers signal-to-noise ratios (SNRs) ranging from 20 dB to
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40 dB, with increments of 5 dB. Table 4 presents the reconstruction results in terms of PSNR
for MRI, showing that the student consistently outperforms the baseline across all noise
configurations. For an acceleration factor of AF' = 4, both the student and baseline models
exhibit the lowest PSNR values. This is primarily because the computational decoder at this
acceleration factor was trained with less severe degradations compared to the decoders at
higher acceleration factors. Additionally, although the student shows improved performance
under noisy conditions, the overall gains are limited. This can be attributed to the fact
that the computational decoders were trained on noise-free data. The performance could
potentially be enhanced by incorporating noise into the & — space measurements during the

training phase.

Table 4

Reconstruction performance of the student and baseline models under varying noise levels for
MRI systems in terms of PSNR. Additive Gaussian noise with SNR values ranging from 20
dB to 40 dB was added to the measurements.

SNR (dB)
AF| 20 25 30 35 40

4 135.53 39.08 41.26 42.27 42.64
36.69 38.01 38.48 38.63 38.68
16 | 35.81 36.21 36.34 36.39 36.40

Student
oo

4 13528 3880 40.73 41.53 41.81
36.48 37.81 38.27 3843 38.47
16 | 3557 3594 36.05 36.09 36.10

Baseline
oo

Table 5 shows the reconstruction performance of the student and baseline models for

SPC under noise conditions. In all cases, the student outperforms the baseline, except for
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~v = 0.05 with a noise level of 20 dB. This exception may be attributed to the student having
a slightly higher condition number (1.57) compared to the baseline (1.55), as shown in Figure

8b in the Simulations & Results Chapter.

Table 5

Reconstruction performance of the student and baseline models under varying noise levels for
SPC systems in terms of PSNR. Additive Gaussian noise with SNR values ranging from 20
dB to 40 dB was added to the measurements.

SNR (dB)
v | 20 25 30 35 40
0.05 | 23.18 24.07 24.40 24.51 24.54
£ 0.1 |24.93 25.67 25.93 26.02 26.04
< 02 |26.92 27.66 27.91 27.98 28.01
B 03 |28.10 28.76 28.98 29.05 29.07
04 | 28.59 29.22 29.43 29.50 29.52
0.05| 23.25 23.80 23.99 24.05 24.07
g 01 | 2478 2523 2538 2543 2544
02| 2633 2677 2690 2695 26.96
A 03 | 2715 27.60 27.74 27.78 27.80
04 | 2826 28.69 28.83 28.87 28.89

Table 6 shows the reconstruction performance of the student and baseline models
for the SD-CASSI system under noise conditions. In all noise configurations, the student
significantly outperforms the baseline.

7.3. Selection of the best teacher

This section aims to determine which teacher CI system provides the most effective

knowledge to the student. To achieve this, various teacher configurations were evaluated in

the three CI systems.
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Table 6

Reconstruction performance of the student and baseline models under varying noise levels
for SD-CASSI systems in terms of PSNR. Additive Gaussian noise with SNR values ranging
from 20 dB to 40 dB was added to the measurements.

SNR (dB) ‘ Student ‘ Baseline

20 35.72 34.68
25 36.52 35.30
30 36.79 35.50
35 36.86 35.95
40 36.89 35.57

In MRI, teachers with AF, € {3,7,15} were used to distill students with AF, €
{4,8,16}, under the condition that AF; < AFj. Table 7 presents the results, which show that
the closer the teacher’s acceleration factor is to the student’s (while satisfying AF; < AF),
the better the student’s performance. This is partly due to the encoder loss function, which
encourages the student’s £ —space undersampling mask to imitate the teacher’s mask. When
the teacher and student have similar acceleration factors, the structure of the teacher’s mask
is easier for the student to replicate, as the available sampling points in & — space are more
comparable. However, when the acceleration factors differ significantly, the difference in
available sampling points increases, making it more challenging for the student to effectively
imitate the teacher’s mask.

In SPC, teachers with real-valued CAs with 4, € {0.05,0.1,0.2,0.3,0.4} were used to
distill students with binary-valued CAs with v, € {0.05,0.1,0.2,0.3,0.4} under the condi-
tion 4 > 7,. Table 8 shows the results, which indicate that the maximum reconstruction

performance is obtained when v, = 7;. This is due to the encoder loss function Lgnc, which
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Table 7

Performance of the student models when distilled from teacher systems with different accele-
ration factors (AF; € {3,7,15}) for AF, € {4,8,16}, with AF, < AFy. Results are reported
in PSNR.

AF,
¢ Baseline
3 7 15
16 | 35.91 36.13 36.41 36.10
AF, 8 | 38.31 38.71 38.11
4 | 42.82 41.94
Teacher 45.48 39.07 36.57

minimizes the discrepancy between the Gram matrices of the teacher’s and student’s forward
models. When ~, = =, the structure of the teacher’s and student’s sensing matrices is more
closely aligned, making it easier for the student to approximate the teacher’s forward model.
However, when 7, > 7, the teacher has access to a greater number of effective measurements
due to the higher ;. This leads to a Gram matrix for the teacher that represents a richer
set of measurement correlations, which the student, constrained by fewer sampling points,
struggles to replicate.

In the SD-CASSI system, two teacher configurations were evaluated. The first confi-
guration uses a one-snapshot SD-CASSI with a real-valued CA, while the second employs
a two-snapshot SD-CASSI with real-valued CAs. Table 9 presents the PSNR results ob-
tained by distilling knowledge from these two teacher configurations into a student with a
one-snapshot setup and a binary-valued CA. The results reveal a behavior similar to that

observed in SPC: the student achieves maximum performance when its number of snapshots
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Table 8
Ablation study using various real-valued CA SPC teachers to optimize different binary-valued
students under the criterion vs < ;. Results are reported in PSNR.

Yt B .
aseline
0.05 0.1 0.2 0.3 0.4

0.4 29.46 28.62

0.3 29.07 28.44 28.13

v¥s 0.2 27.85 27.18 26.73 27.07
0.1 25.99 24.02 23.67 23.98 25.70

0.05 | 24.46 22.76 21.83 21.55 22.04 24.04

Teachers‘ 25,59 2784 3090 33.29 34.57

matches that of the teacher (one snapshot). This can be attributed to the encoder loss fun-
ction, Lgnc, which minimizes the discrepancy between the student’s and teacher’s CA Gram
matrices. When the number of snapshots is the same for both the student and the teacher,
the structure of the teacher’s Gram matrix closely resembles what the student can replicate,
facilitating the learning process. However, when the teacher uses more snapshots than the
student, the student struggles to replicate the teacher’s Gram matrix, resulting in reduced
performance.
7.4. Knowledge distillation loss function ablation studies

In this section, the contributions of the different components of the KD loss function
in (5) are evaluated across the three CI systems. Table 10 presents the results obtained using
various configurations of the KD loss function. The findings indicate that each loss term
contributes individually to improved reconstruction performance compared to the baseline.

Notably, the encoder loss function provides the most significant improvement, as it directly
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Table 9
Performance of student models (SD-CASSI with one snapshot and binary-valued CA) distilled

from teacher systems configured with one or two snapshots and real-valued CAs. Results are
reported in PSNR.

Teacher Snapshots )
Baseline
1 2
Student 1 snapshot | 36.90 36.35 35.42
Teacher 37.44 38.71

aligns the student’s forward model with the teacher’s. Additionally, in almost all cases,
combining the two distillation loss terms with the task loss function yields the greatest
improvements, highlighting the benefits of jointly distilling both the encoder and decoder
components.
7.5. Computational requirements comparison

In this section, we compare the computational costs of the proposed KD method and
the baseline for optimizing the three CI systems. All experiments used a NVIDIA RTX 3080
TT GPU. Table 11 presents the results comparing the proposed KD method with the baseline
E2E method, focusing on GPU memory usage and training time for the CI systems: MRI
with AF = 4, SPC with v = 0.4, and SD-CASSI with one snapshot. These results reveal
that while the KD method requires more resources than the baseline E2E method during
training, the increases are relatively modest across all three CI systems. For MRI, the KD
approach adds 13 minutes to the training time and requires 1,586 MB more memory. In SPC,

the increase is 8 minutes in training time and 82 MB in memory. The largest difference is
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Table 10
Ablation study on the KD loss function components (Lgnc, Lprc) across three CI systems.
Results are presented in terms of PSNR and SSIM.

MRI
Lenc v 4 X X
Lpec X 4 v X

PSNR 1| 41.64 42.56 41.38 41.25
SSIM 1 | 0.964 0.973 0.961 0.960
SPC

Lenc v v X

Lpec X v
PSNR 1| 29.40 29.52 28.78 28.62
SSIM 1 | 0.956 0.961 0.956 0.955
SD-CASSI

Lenc v v X X

Lpec b 4 v v b 4
PSNR 1 | 36.90 36.66 35.86 35.42
SSIM 1 | 0.958 0.957 0.949 0.945

\
X X

observed for SD-CASSI, where KD adds 50 minutes and 5,898 MB in memory usage, due the
the features map of spectral images being significantly larger than the feature maps of one
or two channel images. Despite these increases, the KD proposed approach is justified by the
significant improvements in reconstruction performance and encoder design, as demonstrated
in previous sections.

Additionally, the inference time remains the same for both the baseline and the propo-
sed method because, after the knowledge transfer process during training, the teacher model
is no longer needed. The student model, which has already learned the necessary knowled-

ge from the teacher, performs inference independently. As a result, there are no additional
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Table 11
Comparison of computational cost between the proposed method (KD) and the baseline (E2E)
for the three CI systems: MRI with AF = 8, SPC with v = 0.4, and SD-CASSI with one

snapshot. The metrics include execution time and memory usage.

Training Time Memory Usage (MB)
System

E2E KD E2E KD
MRI 22m 18s 35m 13s | 4,084 5,670
SPC 12m 12s 20m 22s | 1,280 1,362
SD-CASSI | 2h 13m 20s  3h 3m 4s | 2,405 8,303

computational costs during inference.
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8. Conclusions

This research introduces a novel, general-purpose approach for designing CI systems
based on KD, demonstrating competitive performance against traditional E2E optimization.
We validated this method through extensive experiments on three representative CI sys-
tems—MRI, the SPC, and the SD-CASSI. The results show that by relaxing and solving the
original optimization problem, the teacher model effectively transfers valuable knowledge
via encoder and decoder loss functions, significantly enhancing the student model’s recovery
performance. This approach achieves gains of up to 1.47 dB in MRI, 1.05 dB in SPC, and
1.53 dB in SD-CASSI.

Additionally, improvements in encoder design were observed, including better con-
dition numbers, mutual coherence, and linear independence in SPC, better spectral band
correlation in SD-CASSI, and enhanced reconstruction performance in MRI when incorpo-
rating the learned undersampling mask as a fixed encoder within reconstruction networks.

Moreover, validation experiments confirm the robustness of the proposed method un-
der noisy measurement conditions. Ablation studies further suggest that a teacher system
with an encoder structure similar to the student’s—having a comparable number of measu-

rements or a similar codification basis—provides more effective guidance.
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9. Discussion & future work

The proposed approach is designed as an alternative to traditional E2E optimization
for the design of any CI system by reinterpreting the concept of KD within CI systems.
Instead of using a large and complex neural network as a teacher, it uses a less constrained,
high-performance CI system, and the student corresponds to a more constrained CI system.
In this work, we validated it on three representative CI systems: MRI, the SPC, and the
SD-CASSI. Future work can address limitations of the proposed approach, such as the need
for hyperparameter tuning of the KD loss functions, as these are not the same across all
CI modalities, and determining the criteria for selecting an optimal teacher to guide the
student. Further research could also explore the design of other CI systems, such as seismic
imaging, phase retrieval, and diffractive optical imaging systems. Additionally, while only
a few relaxations of the teacher’s encoder were explored, future research could investigate
less conventional parameterization found useful in neural networks and inverse problems
such as complex Lee et al. (2022) or hypercomplex numbers Bojesomo et al. (2024); Jacome
et al. (2024), or employ a different CI system as the teacher, distinct from the student.
Furthermore, this work addresses the image reconstruction task; future work could explore
other tasks, such as segmentation, classification, and depth estimation. Additionally, this
approach can be useful for designing recovery-only schemes without designing the CE, which
can be useful for a wide range of imaging inverse problems such as super-resolution, computed

tomography, (non-) blind deconvolution, and denoising Ongie et al. (2020).
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