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Predicting Optical Property in One-Dimensional
Axionic Photonic Crystals by Deep Learning

Approach

Anny Faria
x24124770

Abstract

Axionic photonic crystals (APCs) are a generalized class of topological photonic
materials characterized by physical parameters ϵ, µ, and θ. Controlling their trans-
mission spectra is crucial for developing future axionic photonic devices. The central
problem is that traditional computational methods (like TMM) are slow and require
substantial memory. Furthermore, the literature lacked a deep learning prediction
focused specifically on the axionic crystal domain, and it was unproven if MLPs
could accurately predict phenomena characterized by abrupt oscillations, such as
their transmission spectra. This study employs a Multi-Layer Perceptron (MLP)
to predict the transmission spectra of 1D APCs, solving the traditional method’s
cost limitations. The study was conducted in three experiments with increasing
input complexity (X,R, δ). Datasets were generated via TMM and an MLP was
trained to map inputs to the output spectrum T (ω), with performance evaluated
primarily by Euclidean Distance (ED). The results show the MLP is highly efficient
on calculation time. The model achieved its best accuracy in the one-parameter
experiment, with a mean ED = 0.0365. However, in the three experiments the res-
ults indicate the MLP works well in low-complexity regimes but struggles to model
abrupt oscillations that occur in high-non-linearity parameter regimes near δ = 1.0,
where performance was poor and unstable. This study validates the MLP as an
effective method to accelerate 1DAPC analysis and provides the foundation for all
future research into the inverse design of these complex axionic devices.

1 Introduction

1.1 Background of the Study

It is well established in the literature that solid-state physical phenomena can occur not
only with massive particles but also with photons. Photonic crystals (PCs) have become a
major focus of study in recent years (Dhanabalan et al. 2023). According to their geomet-
rical symmetry, PCs can be categorized into one-dimensional (1D), two-dimensional (2D),
and three-dimensional (3D) structures. They are systems whose refractive index changes
periodically in space, enabling control of the propagation of electromagnetic waves.

A special type of photonic crystal is called a one-dimensional axionic photonic crys-
tal (1DAPCs), which are periodic structures formed by alternating layers A and B that
control the propagation of light in a single direction (angle of light incidence = 0). Each
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layer has intrinsic physical and geometric properties, known as structural parameters,
which influence how light propagates through the material. The physical properties are
electrical permittivity ϵB,A, magnetic permeability, µB,A and axionic term θB,A. The geo-
metric property is the size of the layer dA and dB. When light propagates in this crystal,
at the interface between layers A and B, a portion of the light is reflected and another
portion is transmitted. The transmitted portion continues to propagate through the layer,
while the reflected portion is redirected backward. This process repeats at each interface
between layers A and B until the light finishes propagating through the structure. This
light behaviour produces an optical spectrum that is relevant for photonic technological
applications, such as optical filters and photonic devices based on axions. For such a
system, the transfer matrix method (TMM) is a traditional method used to investigate
the propagation of light within one-dimensional photonic materials. This method is com-
posed of the transmission (when the waves cross any interface) and propagation (when
the waves propagate inside a given layer) matrices, as well as the deterministic sequences
investigated. However, despite their potential applications, the computational analysis
of these systems is challenging.

1.2 Research Problem

A major issue in the photonics field is that, although many studies have contributed
significantly to the development of photonic technologies, most investigations involving
these crystals have been conducted theoretically using traditional computational methods
such as the Transfer Matrix Method (TMM), Plane Wave Expansion (PWE), and Finite-
Difference Time-Domain (FDTD). However, these approaches are often time-consuming
and require substantial computational memory.

1.3 Research Questions and Objectives

In recent decades, with advances in artificial intelligence (AI), particularly in the devel-
opment of neural network models, many studies in the field of physics have emerged using
neural networks (NNs) like Multilayer Perceptron (MLP), Deep Neural Network (DNN)
and Convolutional Neural Networks (CNNs) as an alternative of low cost and huge poten-
tial, significantly overcoming limitations found in traditional methods. In this context,
very recent works involving the application of neural networks in PCs have emerged in
many areas of the photonics research field, like inverse design of photonic crystals (Long
et al., 2019, 2024; Li et al., 2025; Liu & Yu, 2019) especially deep neural networks (DNNs)
combined with optimization methods (Li et al., 2025; Zhan et al., 2022), aiming to solve
the limitation of designing optical systems and materials based on traditional methods
and human intuition.

This study focuses on three central research questions:
Research question 1: How accurately can a neural network predict the transmission

spectra of circularly polarized light in one-dimensional axionic photonic crystals?
Research question 2: How does the neural networks performance compare with the

Transfer Matrix Method in terms of accuracy and computational cost?
Research question 3: How sensitive is the models generalization to variations in phys-

ical and geometrical parameters (X, R, δ)?
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To address this question, we propose an extension of the method proposed by Liu &
Yu (2019), adapting it to the investigation of the highly oscillatory spectrum of trans-
mission of circularly polarized wave propagation in a one-dimensional axionic photonic
crystal where only one neural network model called Multi-Layer Perceptron (MLP) is
trained, and their performances are tested and compared with the Transfer Matrix
Method (TMM). The investigation has been carried out considering three cases, which
are, respectively, one-, two-, and three-parameter predictions similarly to Liu & Yu (2019).
The present work is hopeful to provide an effective method for the spectrum analysis in
1DAPCs and to lay a foundation for inverse design of 1DAPCs.

1.4 Significance of the Research

This research addresses the limitation of current computational methods TMM used
in the analysis of one-dimensional axionic photonic crystals (1DAPCs), which are time
consuming and computationally costly.

By employing a Multi-Layer Perceptron (MLP), this study aims to validate a low-
cost and highly efficient alternative for accurately predicting the transmission spectrum
of circularly polarized light. The methodology applied in this research will not only
accelerate the simulation and optimization processes but, also will lay the groundwork
for the inverse design of 1DAPCs, thereby accelerating the development of novel optical
filters and axion based photonic devices.

1.5 Thesis Organisation

The structure of this thesis is organized as follows: In Sec. 2 we present a critical analysis
of the literature review. Its divided into four parts that cover knowledge of the classical
photonic crystal theory, time photonic crystals, and the recent advances in methodologies
using deep learning in the photonics field. It concludes by identifying the research niche
and outlining the expected contributions of this study. In Sec. 3 we present the research
methods and specifications.

In Sec. 4 we present in detail the implementation of the proposed solution of the
research question and research resources. In Sec. 5 we present a comprehensive analysis
of the results, and the main findings of the study are presented. In Sec. 6 we summarize
the main results obtained in this work.

Figure 1: Proposed roadmap for the thesis

3



2 Literature Review

2.1 Theoretical Framework

The use of deep learning to predict optical spectrum properties like transmission is a new
trend and an innovative step toward overcoming traditional methods, which usually re-
quire extensive numerical simulations that are costly, time-consuming, and computational
memory. Recently, machine learning and deep learning (ML/DL) have been applied in
many areas of photonics to reduce simulation costs, accelerate design, and predict com-
plex properties. In this section, we present an overview of the fundamental concepts for
understanding the use of traditional methods in photonic crystals from different perspect-
ives within this research field, as well as a critical overview of recent research papers in
deep learning, which helps us to analyse the strengths, weaknesses, or limitations in this
field.

This section has been divided into the following subsections: In Subsec. 2.2.1 and 2.2.2
we address classical photonic crystal methods, outlining basic concepts of photonic crys-
tals (PCs) and classical methods used in the study of the propagation of light in PCs
and critically analyzing traditional methods. In Subsec. 2.2.3 and, 2.2.4, and 2.2.5 we
presents a very recent contribution in photonics using a deep learning approach in differ-
ent application domains, showing the strengths, weaknesses, or limitations in this field.

2.2 Review of Related Studies

2.2.1 Conventional Methods in Optical Property Analysis

The fundamental concepts of photonic crystals (PCs) and the classical methods used
to study the light propagation in these materials are well documented in two import-
ant books: Joannopoulos et al. (2008) and Markoš & Soukoulis (2008). The first de-
scribe how periodic dielectric structures manipulate electromagnetic waves, producing
photonic bandgaps (PBGs), and dispersion phenomena through solutions of Maxwells
equations in periodic media. They employ the plane-wave expansion (PWE) method
in an one-dimensional periodic multilayer system, presenting numerical calculations to
compute bandgap structures. On the other hand, Markoš & Soukoulis (2008) use the
transfer matrix method (TMM) to analyze the propagation of electrons and electromag-
netic waves through one-dimensional periodic multilayer systems. They explicitly use
the transfer matrix formalism to study problems related to the transmission of electrons
and electromagnetic waves, particularly in photonic crystals and left-handed materials,
and also dispersion relation and band structure conditions from the trace of the transfer
matrix. Their approach demonstrates how the different formalisms can predict allowed
and forbidden bands for different wave types, highlighting TMM as a versatile alternative
to plane-wave expansion methods. Both of these approaches form a solid foundation for
analysing wave phenomena in periodic multilayer systems.

Although the book of Joannopoulos Joannopoulos et al. (2008) emphasizes the preci-
sion of plane-wave expansion (PWE) for numerical calculations of photonic optical prop-
erties and band structures, the method becomes computationally intensive as the system
size or material complexity increases, requiring a specific procedure called truncation of
Fourier harmonics. Similarly, Markoš & Soukoulis (2008) show that the transfer matrix
method (TMM) is versatile compared to plane-wave expansion, but the approach still
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requires a transfer matrix calculation for each frequency and parameter set to compute
transmission and bandgaps, requiring computational costs. The next subsection examines
how the TMM has been applied in an axionic photonic crystal to compute simulations
to analyse optical properties.

2.2.2 Axionic Photonic Crystals

With the advent of topological photonic materials, several studies have utilized the trans-
fer matrix method (TMM) to investigate electromagnetic waves in one-dimensional ax-
ionic systems, where the presence of magnetoelectric interactions changes the electro-
magnetic response. Granada & Rojas (2017) present a 4 × 4 transfer matrix method
(TMM) applied to a one-dimensional topological photonic insulator. They present ana-
lytical expressions that describe how the topological parameter axion, such as θ, induces
changes in the reflection coefficients for incident TE and TM waves, as well as the polar-
ization rotation of the reflected and transmitted waves. On the other hand, Araújo et al.
(2021) apply a conventional 2 × 2 TMM to one-dimensional axionic photonic crystals
(1DAPCs), analyzing the propagation of circularly polarized light within this material.
Their analysis reveals that the first photonic band gap (PBG) is governed by the dielec-
tric contrast of R = ϵB/ϵA, the thickness ratio X = dB/dA, and the axionic contribution
δ = π2(θA − θB)

2/α2. They also show that there θ is a mechanism for controlling the
frequency interval that propagates in the axionic material.

However, both studies show the precision of the transfer matrix method (TMM) in
capturing the influence of axionic parameters θ on the transmittance, reflectance, and
band structures. It uses numerical methods to compute simulations, setting varied para-
meters and presenting curves for each configuration, which become computationally in-
tensive. The next subsection examines how machine learning has been applied to solve
the computational cost, forming the basis for an important path to analyse optical phe-
nomena and band structures.

2.2.3 Deep Learning for Optical Property Prediction

Recently, many studies have emerged using deep learning approaches as practical com-
putational tools to exploit dispersion relation, optical spectrums, and the inverse design
approach, showing excellent performance in reducing significantly computationally costly,
time-consuming and memory-intensive providing an alternate avenue to speed simula-
tions. The following discusses recent papers for many applications of neural networks in
photonics.

2.2.4 Neural Network for Prediction

Neural networks can significantly reduce computational cost. Liu & Yu (2019) proposed
a study in which they trained deep backpropagation neural networks (DBP-NNs) and
radial basis function neural networks (RBF-NNs) to predict dispersion relations in 1D
phononic crystals. The training data came from the transfer matrix method (TMM).
They show that RBF-NNs achieve faster training and high accuracy for single-structural
parameters, while DBP-NNs offer more stability for structural multi-parameter paramet-
ers. Both models drastically reduce computational time once trained, providing accurate
predictions properties. Also Jabin & Fok (2022) shows feed-forward multilayer perceptron
in another system called photonic crystal fibers (PCFs). They address a more complex
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forward prediction problem, proposing a feed-forward multilayer perceptron (MLP) to
simultaneously predict 12 distinct optical parameters of photonic crystal fibers (PCFs)
from 6 input parameters. Their study directly agrees with Liu & Yu on the main benefit,
reporting a reduction of over 99.9% in computation time.

The strength of both authors Liu & Yu (2019) and Jabin & Fok (2022) lies in demon-
strating that multilayer perceptron (MLP) can accurately predict physical properties
from structural parameters and reduce computation time. However, a notable limitation
is the restricted scope of the optical phenomena investigated, which does not extend to
the analysis of transmission or reflection spectra. More critically, it remains an open
question whether the proposed MLP architecture possesses sufficient generalization ca-
pacity to accurately predict phenomena characterized by abrupt oscillations. Also, None
of these studies addressed the specific physical domain of axionic photonic crystals, which
introduce unique physical parameters such as the term θ.

To conclude, their work directly informs our study, providing a precedent for the use
of NNs as a fast forward predictor. Our work applies this same philosophy to a differ-
ent and more complex physical domain, axionic crystals, and focuses on a different but
equally important outcome, the transmission spectrum, testing their ability to generalize
to complex dynamics that were not the focus of previous studies.

2.2.5 Inverse Design Approaches

Neural networks have been integrated into inverse design frameworks for photonic sys-
tems, although axionic effects remain unexplored. Long et al. (2019) propose a study for
topological photonic crystals. They develop a tandem neural network architecture com-
bining a pre-trained forward predictor with an inverse generator to design one-dimensional
dielectric PCs with specific topological invariants (Zak phases). This approach solves the
common mapping challenge in inverse design problems, ensuring that the obtained solu-
tions correspond to physically feasible structures, the validity of which was confirmed
through simulations using the transfer matrix method (TMM). Also, Long et al. (2024)
extends the inverse design approaches to photonic time crystals (PTCs) through a tandem
neural network pipeline (forward and inverse), capable of mapping vectors of topological
properties including the relative phases (ϕ) associated with Berry phases in momentum
gaps into temporal layer configurations. This strategy mitigates the challenge typical of
inverse mappings and enables the generation of physical structures, validated via TMM
simulations.

These studies on inverse design are critical, as they reveal the true importance of a
robust model. The methodologies of Long et al. (2019) and Long et al. (2024) are not
alternatives to forward prediction, they are dependent on it. In addition, these studies
collectively demonstrate that deep learning in the inverse design of photonic systems
can accelerate and scale the design process. A notable limitation is that this approach
primarily focuses on dielectric 1DPCs, and does not address inverse design of a complex
physical phenomena such as axionic terms.

To conclude, the present study is focused on creating this foundational building block.
By developing an MLP to accurately predict the transmission spectrum in 1DAPCs, our
work provides the essential, missing tool required to motivate all future research into the
inverse design of these photonic devices based on axion.
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3 Methodology

The methodology is an essential part of any research, it ensures the effectiveness of the
proposed research and contributes to the successful achievement of the research objectives.
In this study, the methodology is described in a series of steps, as illustrated in figure
3. These steps provide a structured process that can be followed to replicate the results
produced by our proposed research.

Figure 2: Research Methodology for the Study

3.1 Generating Data with TMM

Data acquisition is the first and most important step before starting an investigation. In
this section, we summarize the same mathematical method used in the paper Araújo et al.
(2025) regarding the mathematical approach of the transfer matrix method (TMM) to
generate numerical transmission spectra of light for 1D axionic photonic crystals (1DAPC)
composed of an infinite periodic arrangement of two layers named A and B with dieletric
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permittivities ϵA and ϵB, magnetic permeabilities µA and µB, topological angles θA and θB,
and thicknesses dA and dB, respectively, as described in Fig. 4. We choose a coordinate
system such that the topological photonic crystal is perpendicular to the z-axis Araújo
et al. (2021).

The transfer-matrix method (TMM) is a powerful analytical technique for the study
of any kind of wave propagating through any multilayered media. One of the advantages
of applying TMM is to simplify the algebra that can otherwise be quite involved. Within
the framework of TMM and considering electromagnetic waves, there are two kinds of
matrices: (i) the transmission matrix, which connects the fields across an interface, and
(ii) the propagation matrix, which describes the fields propagating inside a layer Markoš
& Soukoulis (2008) and Araújo et al. (2025).

Figure 3: Design of 1D axionic photonic crystal. Source: Araújo et al. (2021)

Here, we assume that the electrical permittivity ϵ(r⃗), the magnetic permeability µ(r⃗),
and the topological angles θ(r⃗) are real, isotropic, non-dispersive and periodic, with

translational vector R⃗ = Dẑ, where D = dA+dB is the unit cell size Araújo et al. (2021),
that is,

ϵ(r⃗) = ϵ(r⃗ + R⃗) ⇒ ϵ(z) = ϵ(z +D), (1)

µ(r⃗) = µ(r⃗ + R⃗) ⇒ µ(z) = µ(z +D), (2)

θ(r⃗) = θ(r⃗ + R⃗) ⇒ θ(z) = θ(z +D). (3)

For the normal incidence case, i.e., when the light wave incides perpendicularly to the
xy-plane, one can propose as a solution for the wave equation the superposition of two
propagating waves with opposite directions in z-axis Araújo et al. (2021). After some
algebra, we obtain that the total electric and magnetic fields in a medium j (= A, B)
can be given as

E⃗j,λ =
[
Ej,λe

ikjzv̂λ + Ēj,λe
−ikjzv̂λ

]
, (4)

H⃗j,λ =
[
gj,λEj,λe

ikjzv̂λ + ḡj,λĒj,λe
−ikjzv̂λ

]
. (5)

where the real wave-vector is k⃗j = (0, 0, kj), where kj = njω/c and nj =
√
ϵjµj is the

refraction index of the medium. Here, λ = ± and is related to the right (+) and left (−)
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circularly polarized waves, and the v̂λ = v̂± is given by

v̂± =
1√
2

(
1
±i

)
(6)

In addition, we have defined gj,λ (ḡj,λ is the conjugate complex)

gj,λ =
α

µ0cπ
θj − λ

i

ωµ0µj

kj. (7)

We need to know how the electromagnetic waves behave at the boundaries Araújo
et al. (2021). By starting from the interface, the boundary conditions are given by

E⃗A,λ = E⃗B,λ, (8)

H⃗A,λ = H⃗B,λ. (9)

Applying the above boundary conditions at z = 0, and using Eqs. (4)-(5), we have
(one can omit the index λ without loss of generality) Araújo et al. (2021).

EA + ĒA = EB + ĒB, (10)

gAEA + ḡAĒA = gBEB + ḡBĒB, (11)

where the coefficients EB and ĒB can be related to the EA and ĒA ones by a 2 × 2
interface matrix from medium A to B Araújo et al. (2021).

(
EB

ĒB

)
=MAB

(
EA

ĒA

)
, (12)

where

MAB =
1

2iIm [gB]

(
gA − ḡB ḡA − ḡB
−gA + gB −ḡA + ḡB

)
(13)

From Eqs. (10)-(11), one can obtain 2 × 2 interface matrix MBA that relates the
coefficients from the medium B to the medium A in the following way Araújo et al.
(2021). (

EA

ĒA

)
=MBA

(
EB

ĒB

)
, (14)

where

MBA =
1

2iIm [gA]

(
gB − ḡA ḡB − ḡA
−gB + gA −ḡB + ḡA

)
. (15)

A general expression for the transmission matrix when a electromagnetic wave that
crosses an interface from a medium m to another one n can be written as follows Araújo
et al. (2021),

Mmn =
1

2iIm [gn]

(
gm − ḡn ḡm − ḡn
−gm + gn −ḡm + ḡn

)
, (16)
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where Im [gn] corresponds to the imaginary part of the g term for the medium n, and
that is defined in Eq. (7).

Now, for a wave that propagates inside a layer with thickness dj and has wave-vector
kj, the 2× 2 propagation matrix is given by Araújo et al. (2021),

Mj =

(
eikjdj 0
0 e−ikjdj

)
. (17)

For more details please see Ref. Markoš & Soukoulis (2008).
When dieletrics are arranged in a periodical way to form a photonic crystals, eletro-

magnetic waves are modulated by Bragg scatterings, showing the photonic band structure,
where the photonic bandgaps emerge Araújo et al. (2021). Consider the l-th unit cell
[A|B] of an one-dimensional topological photonic insulator. The electric fields inside A

and B slabs are named as E⃗A,l = (EA,l, ĒA,l) and E⃗B,l = (EB,l, ĒB,l). In order to obtain
the transfer-matrix for this unit cell, one must relate the electric fields in (l + 1)-th unit
cell to the l-th one Araújo et al. (2021).

For an electromagnetic wave that propagates inside a slab A and crosses the interface
from A to B, both in the same j-th unit cell, we have(

EB,l

ĒB,l

)
= MAMAB

(
EA,l

ĒA,l

)
. (18)

In order to the same electromagnetic wave can propagate itself through the layer B and
crosses the interface from B, that belongs to the l-th unit cell, to A, which is now in the
(l + 1)-th unit cell, the transfer-matrix is given by Araújo et al. (2021),(

EA,l+1

ĒA,l+1

)
= MBMBA

(
EB,l

ĒB,l

)
. (19)

By replacing Eq. (18) in Eq. (19), we have(
EA,l+1

ĒA,l+1

)
= M

(
EA,l

ĒA,l

)
(20)

where
M = MBMBAMAMAB (21)

is a 2× 2 transfer-matrix for the whole unit cell [A|B] Araújo et al. (2021).
It is known from the literature that the coefficients of transmission T is obtained from

the elements of the transfer-matrix M , which are given by Araújo et al. (2025),

T =
1

M11

(22)

Using the Transfer Matrix Method (TMM), we generated datasets based on three ex-
perimental scenarios, each representing a different parameter configuration of the system
under study. For the experiment we considered X and R are unchanged and the range
of δ is from 0.0 to 1.0, for the experiment, we considered X is unchanged and the ranges
of R and δ are respectively from 0.00 to 1.0 and from 0.25 to 3.00, and for the third
experiment we considered, where the ranges of X, R and δ are respectively from 0.00 to
3.00, from 0.25 to 3.00 and from 0.00 to 1.00. The number of the total file generated in
each experiment is shown in Tab. 3.1:
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Figure 4: To better illustrate the transmission and reflection of light within the material.

Variable parameters Number of files
δ 5001
R, δ 5656
X, R, δ 7812

Table 1: Total number of files generated in three experiments.

3.2 Data Structure

The data structure is an essential part of data analysis because it refers to the way
datasets are formatted. In this research, the files obtained from the transfer matrix
method simulation were organized in tabular format. The data type is structured and
is continuous. Within each file, each line has four columns, which are the respective
values of the reduced frequency ω̄, transmission T , geometric parameter, X and physical
parameters of the system R and δ. In summary, for the three experiments the data is
organized as shown in Table 2

First column Second column Third column Fourth column Fifth column
ω̄ (float64) T (float64) X (float64) R (float64) δ (float64)

Table 2: Summary of content data structure. Data type: float64.

3.3 Data Preprocessing

In this research, preprocessing does not involve data cleaning, data transformation, fea-
ture engineering, etc. Instead, it involves the initial organization of the simulated results
into a format suitable for machine learning. This step included standardized formatting
of the results in text files .txt containing columns corresponding to reduced frequency,
ω̄, the input parameters (X, R and δ) and the corresponding simulation output (T ).

11



3.3.1 Dividing the Data

For each experiment, the files are generated and randomly divided into three folders: the
training set to train the model, the validation set to be used during the training to set
the hyperparameters, and the testing set to be used only once at the end to evaluate
the final performance of the chosen model. Also, the datasets stored in those folders are
completely different from each other. Therefore, to ensure that the files were different
in each folder, the library import random and import shuttil were used. Since the
split is randomized, running the code multiple times would generate different partitions
of the data. For consistency and reproducibility, the code was executed only once, and
the resulting file allocations for train, validation, and test were recorded in .txt files
and saved for later use. Automatic division into training, validation, and test sets is
considered as shown in Table. 3.

Dataset Split
Training 75.0%
Validation 12.5%
Testing 12.5%

Table 3: Proportional distribution of files in the three experiment.

This partitioning was implemented in the TMM code itself, ensuring consistency from
the moment the data were generated. Thus, preprocessing ensured that the data that
emerged from the TMM simulation were already structured, partitioned, and ready for
application in neural network models.

In this context, neural network models operates on two sets of main matrices: the
input matrix x and the output matrix y. For each experiment x and y are defined as

Experiment Input parameters (x) Output (y)
1 δ T (ω̄)

2 R, δ T (ω̄)

3 X, R, δ T (ω̄)

Table 4: Summary definition input and output of each experiment

where X, R, δ are the geometric and physical input parameters mapped to the output
T (ω̄) which is a non-linear curve.

3.3.2 Normalization of Data

To increase the credibility of the MLP model, the normalization technique was used for
the data processing. In general, the normalization step is applied to both the input (X,
R and δ) and target vectors T (ω̄) in the dataset Razi et al. (2013). The purpose of this
concept is to scale values in order to match input neurons range. It is better to think of
the MLP as having a pre-processing block that appears between the input and the first
layer of the network and a post-processing block that appears between the last layer of
the network and the output, as shown in Figure 5 Eze (2019). In this research, the most
common pre-processing and post-processing function, was used to normalize input and
output data for the range of [−1, 1] Razi et al.,(2013).
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Figure 5: A schematic normalization process of a neural network. Readapted from Razi
et al.,(2013)

xnorm =
x− xtrain

min

xtrain
max − xtrain

min

(23)

where x is the input parameter vector. The minimum and maximum values x∗mintrain,x∗
maxtrain are computed from the training set. The post-processing is

ynorm =
y − ytrain

min

ytrain
max − ytrain

min

(24)

where y is the output vector corresponding to the transmission curve T (ω̄). The global
limit ymin

train, ytrain
max are computed over the entire output matrix of the training set.

3.4 Neural Network Models

Once the data have been generated, structured, and preprocessed, the next crucial step
involves selecting the model that best fits the desired predictive performance. In this
research, the objective of using neural network models is to learn the mapping function to
predict optical properties, such as transmission spectra in three cases: (i) One-parameter
prediction (δ), (ii) Two-parameter prediction (R, δ) and (iii) Three-parameter prediction
(X,R, δ). Therefore, a Multi-Layer Perceptron (MLP) is selected for its ability to model
complex, nonlinear relationships, characteristic of optical spectra and are well established
in the literature as benchmark model (Verma et al.,2023; Zhu et al., 2021).

(i) Experiment 1 - One-parameter prediction (x = δ):

f(δ) → T (ω̄)

(ii) Experiment 2 - Two-parameter prediction (x = R, δ):

f(R, δ) → T (ω̄)

(iii) Experiment 3 - Three-parameter prediction (x = X,R, δ):

f(X,R, δ) → T (ω̄)

where X,R, δ are the geometric and physical input parameters mapped to the output
T (ω̄).

The following subsections show the fundamental concepts of the neural network used
in this research.
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3.4.1 Multi-Layer Perceptron (MLP)

The Multi-Layer Perceptron (MLP) is a supervised model and is one of the classic deep
learning models Goodfellow et al.(2016). In this research, the Multi-Layer Perceptron
is trained with backpropagation. The network architecture consists of a collection of
“neurons” arranged in layers called the input layer, hidden layer, and output layer that
are connected in a way that allows communication between them.

Input layers: the input layer consists of two neurons corresponding to the input
features x ∈ Rd.

Hidden layers: networks have more than one hidden layer. Each layer is composed
of multiple neurons, whose function is to extract features from the data. To do this,
each neuron individually performs a two-step transformation on its input, such as linear
transformation and non-linear activation as shown in figure 6.

Figure 6: To better illustrate the linear transformation and non-linear activation in a
single neuron 2.

(i) Linear Transformation: In the linear transformation, the hidden layer computes a
pre-activation vector, z(l), through a matrix multiplication between the activation
vector of the previous layer, like a(l−1), and the weight matrix of the current layer,
w(l), followed by the addition of the bias vector b(l) the compact form of this
operation is as follows:

z(l) = wT
(l)a(l−1) + b(l). (25)

(ii) Non-Linear Activation: After the linear transformation, the pre-activation vector
z(l) is then passed through a non-linear activation function g. The element of non-
linearity allows us greater flexibility and the creation of complex functions during
the learning process. In addition, activation functions are one of the essential

2Davi, V.C., 2025. A deep dive into the mathematics behind neural networks. Medium. Available at:
link [Accessed 7 Dec. 2025].
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elements of a neural network. Without them, our neural network would become
a combination of linear functions, remaining just a linear function in itself. Also,
the activation function also has a significant impact on learning speed, which is one
of the main criteria for its selection. For hidden layers, the Rectified Linear Unit
(ReLU) function is used:

a(l) = g(z(l)) = ReLU(z(l)) = max(0, z(l)). (26)

The result of a(l) = g(z(l)), is the output vector of the hidden layer, which serves as
input to the next layer.

Output Layer: The output layer is the final layer of the network, and its purpose is
to transform the result from the last hidden layer into the format of the desired prediction.
In this study, it applies the same linear transformation described in Eq. (25). However,
unlike hidden layers, which use nonlinear activation functions, the output layer employs
a “sigmoid” activation function g(z) = z because we want the values returned from the
model to be continuous. Mathematically, if the network has l hidden layers, the final
prediction y is the following:

ŷ =
∑
i

wT
(l+1)a(l) + b(l+1). (27)

The essential step of a neural network is the training process, which is the process
that explains how the network learns from errors. For the network to learn, it first
needs to quantify how wrong its predictions are. The main source of information on the
progress of the model learning process is the cost function. The cost function compares
the prediction with the actual value and calculates how incorrect the network is. There
are several cost functions in the literature, each suitable for different types of problems.
The learning process is the change of values in the parameters w and b where the cost
function is minimized.

Cost Function: For this research, we want to predict a continuous value. Therefore,
the Mean Squared Error (MSE) was used:

LMSE =
1

n

n∑
i=1

(yi − ŷi)
2 (28)

where yi is the true value, ŷi is the predicted value, and n is the number of samples. This
mathematical function calculates the average of the squared differences between predicted
and actual values.

Optimization: During the training process, we want to adjust the parameters
weights and biases in a way that the cost function LMSE is as small as possible, ideally
getting it as close to zero as possible. Minimization of the cost function is a process of
optimization that is performed using the gradient descent method, which shows us the
direction of greatest growth of the cost function. In each iteration of training, the values
of the partial derivatives of the cost function with respect to each weight and bias of the
network are calculated using the chain rule of calculus. This mean, if we cause a small
variation in weight, w(l) this automatically cause a small variation in the pre-activation
function z(l), which causes automatically a small variation in a(l) = g(z(l)), which dir-
ectly influences of the cost function. This variation then propagates forward through the
network, ultimately influencing the cost function as a chain reaction.
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Figure 7: To better illustrate the process of forward and backward propagation in an
entire architecture 2.

The gradient of the cost function LMSE with respect to a weight w
[l]
ji in a layer l with

pre-activation z
[l]
j and activation a

[l]
j is decomposed as:

∂LMSE

∂w
[l]
ji

=
∂LMSE

∂z
[l]
j

∂z
[l]
j

∂w
[l]
ji

(29)

=
∂LMSE

∂a
[l]
j

∂a
[l]
j

∂z
[l]
j

∂z
[l]
j

∂w
[l]
ji

. (30)

Similarly, for the bias b
[l]
j ,

∂LMSE

∂b
[l]
j

=
∂LMSE

∂z
[l]
j

∂z
[l]
j

∂b
[l]
j

. (31)

The partial derivatives Eqs. (29-31) of the cost function with respect to w
[l]
ji and b

[l]
j

parameters indicate how much and in which direction they should be adjusted.
Finally, to decrease LMSE, we must move the parameters in the opposite direction

to the gradient Goodfellow et al.(2016). This needs to be updated iteratively until w
[l]
ji

and b
[l]
j reach a global optimal minimum. In this way, the mathematical concept behind

the updated parameters to reach the global minimum comes from the first-order Taylor
expansion of the cost function,

w[l] = w[l] − α
∂L

∂w[l]
(32)

b[l] = b[l] − α
∂L

∂b[l]
(33)

where α represents the learning rate which means the size of the step taken in the opposite
direction to the gradient. This has to be updated iteratively until “w” and “b” reach a
global minimum.

16



Adaptive Moment Estimation (Adam): Modern libraries like TensorFlow/Keras
does not explicitly compute a Taylor expansion at each iteration. Instead, it directly
applies the parameter update rule that was theoretically derived from this expansion.
Basically, it initializes two vectors, m and v. A time step counter t is also initialized to
zero. For each iteration t, Adam computes the gradient at t 3. Then, it updates the
first-moment vector m, which stores the moving average of the gradients.

m
[l]
t = β1m

[l]
t−1 + (1− β1)

∂L

∂w
[l]
t

, (34)

Then, similarly, the second-moment vector v is updated 3.

v
[l]
t = β2v

[l]
t−1 + (1− β2)

(
∂L

∂w
[l]
t

)2

(35)

The same is applied to biases:

m
b[l]
t = β1m

b[l]
t−1 + (1− β1)

∂L

∂b
[l]
t

, (36)

v
b[l]
t = β2v

b[l]
t−1 + (1− β2)

(
∂L

∂b
[l]
t

)2

(37)

where β1 = 0.9 is the exponential decay rate for the 1st moment estimates for default,
β2 = 0.999 is the exponential decay rate for the 2nd moment estimates for default.
Because these moving averages start at zero, they are biased toward zero in early steps
and Adam corrects this with:

The update rules for Adam optimizer is:

w
[l]
t+1 = w

[l]
t − α

m̂
[l]
t√

v̂
[l]
t + ε

. (38)

The same is applied to biases:

b
[l]
t+1 = b

[l]
t − α

m̂
b[l]
t√

v̂
b[l]
t + ε

. (39)

where ε is a small constant for numerical stability for default the value is 1e− 7. In this
research, inicially, an initial learning rate is set. This value of 0.001 is a standard, balanced
starting point, neither so high as to cause instability nor so low as to make training too
slow. A higher learning rate could lead to faster convergence but risks overshooting the
minimum, while a lower learning rate ensures more stable convergence but at the risk of
getting stuck in local minima or taking too long to converge 3. The small constant ε is
added to prevent any issues with division by zero, which is especially important when the
second moment estimate vt is very small 3. While Adam is generally robust to noisy data,
extreme outliers or highly noisy datasets might impact its performance, but its not our

3Cristian Leo, 2024. The Math behind Adam Optimizer. Towards Data Science. Available at: link
[Accessed 7 Dec. 2025].
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case, once don’t have noisy. On the other hands, the Adam optimizer nearly always works
better due to its ability to adapts the learning rate for each parameter 3. The benefits
of that is faster convergence, better handling of sparse data, and more stable training by
allowing each parameter to be updated at a different pace Goodfellow et al.(2016) and
Kingma & Ba(2014).

Controlling Overfitting: To improve generalization and to fight overfitting, the
following techniques were employed: Early Stopping for reducing the size of each para-
meter dimension are regularization. This is widely used because it is simple to understand
and implement and has been reported to be superior to regularization methods in many
cases Prechelt (2002). Also the ReduceLROnPlateau is used, and its purpose is to track
the models performance and reduce the learning rate when there is no improvement for
a certain quantity number of epochs. The intuition is that the model approached a sub-
optimal solution with current learning rate and oscillate around the global minimum.
Reducing the learning rate would enable the model to take smaller learning steps to the
optimal solution of the cost function 4.

3.4.2 Evaluation

The evaluation metric is an important part of the training process because it measures
how effectively the model achieves its prediction goals. In this research, we performed
two different metrics. The first is the training metric, which uses the mean squared error
(MSE) equation to evaluate the model performance of MLP. Also, to evaluate how well
the model generalizes on the training and validation sets. The second is the evaluation
metric, which uses the Euclidean distance (ED) equation to assess prediction accuracy
by measuring the distance between the transmission predicted and target (T ) . Also,
the architectures used are evaluated by compareing the Euclidean mean error on the
validation sets. The smaller the Euclidean distance is, the higher the prediction accuracy
is Liu & Yu (2019). The mathematical ED is defined as

EDi =

√√√√ n∑
i=1

(yi,j − ŷi,j)2 (40)

The mean of Euclidean distance is

MED =
1

N

N∑
i=1

√√√√ M∑
j=1

(yi,j − ŷi,j)2

 (41)

The Euclidean Distance (ED) is the L2 norm of the error between the predicted curve
and the real curve. In the context of curve regression, ED is an intuitive and robust
measure of how “far” the predicted curve is from the real one. An ED value close to zero
means that the MLP is capable of reproducing the physical characteristics of the curve,
such as peaks and valleys, with high fidelity.

4 2021. Why models often benefit from reducing the learning rate during training. StackOverflow.
Available at: link [Accessed 7 Dec. 2025].
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3.5 Ethical Considerations

In this research, there is no direct human or animal involvement. Ethical considerations
focus on transparency, making the methodology and trained models available for verifica-
tion and reproducibility, and ensuring deep learning codes and datasets will be published
in an open repository to ensure accessibility.

4 Implementation

The implementation and reproducibility is a fundamental pillar of scientific investigation.
To ensure that the results of this study are reproducible, this section presents the set of
hardware, software, and tools used in all stages of the investigation, from data simulation
to the training and evaluation of MLP models.

4.1 Hardware Configuration

The computing platform used in our work is a laptop whose configuration is shown in
Table 4.1.

Classification Name
CPU Google Colab
Memory 8 GB
OS Sequoia Version 15.6 (24G84)

Table 5: Computer configuration.

4.2 Software and Libraries

The training of the neural network models was carried out on the cloud computing plat-
form Google Colaboratory (Colab). The use of this platform allowed access to CPUs. The
RAM memory available in the Colab environment was sufficient to manage the datasets
and the developed models. The following Table 4.2 details the main tools and libraries
employed to produce all experimental outputs and results.

Category Tools
Database Management Google Drive
IDEs Google Colab and Visual Studio Code (con-

figured for Jupyter Notebook)
Programming Language Python (3.12.5)

Table 6: Software used in the proposed research.

All the programs are written in Python programming language because it is open-
source and free, easy to learn due to its intuitive syntax, and has an extensive standard
library and a wide variety of documented and comprehensive libraries for machine learn-
ing. The MLP are developed in Tensorflow/Keras for being easy to use. The function
of time.clock() is used to calculate the running time of programs Liu & Yu (2019).
The following Table 4.2 shows the principal libraries in used in each stage process.
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Modules Libraries
Data Generation Numpy, Pandas, time.clock(), random, shutil
Modelling and Evaluation Sklearn, TensorFlow/Keras, time.clock(), Matplotlib

Table 7: Libraries used in each module of the proposed research.

4.3 Model Training

The training for the final model was performed using the TensorF low/Keras library.
The model training was performed on the Google Colaboratory. The final MLP model
has been trained for approximately 150 (experiment 1) and 100 (experiment 2, 3) epochs
using the one cycle learning rate method.

4.3.1 MLP architectures and Hyperparameters

The design of the network architecture and the selection of hyperparameters are crucial
to ensure the model’s capacity to generalize. In Experiments 1, 2, and 3, deep MLPs were
used because the input dimensionality is low. A Deep architecture enables the network
to capture oscillations in the input and output mapping, generating a high-dimensional
output of 1000 points.

The batch size (BS) determines how many samples are processed before updating the
models weights. Choosing an appropriate BS provides a stable and accurate estimate of
the gradient, which is especially important for complex regression tasks.

Hidden layers use the ReLU activation function, introducing non-linearity and en-
abling the network to model the complex shape of the transmission curve T (ω̄). The
output layer uses a sigmoid activation to map the predictions because of the oscillatory
nature.

The Adam optimizer was selected for its fast and robust convergence. The initial
learning rates were chosen to allow rapid progress toward the global minimum, while
learning rate schedulers further refine training by reducing the learning rate when progress
stalls. Early stopping prevents overfitting by halting training once validation loss stops
improving, restoring the best weights.

The ReduceLROnPlateau is a fine-tuning technique for the learning rate. It was
chosen to monitor a metric, and if the metric does not improve for a defined number
of epochs called patience, the learning rate is multiplied by 0.5, effectively halving
it. Once the model is near the minimum, reducing the learning rate allows it to take
smaller and more precise steps, preventing oscillations and converging to an optimal
point in the weight space, which is necessary to achieve a very low Euclidean distance
and, consequently, good accuracy.

The following sections summarize the architectures and hyperparameters used in each
experiment. Unless otherwise specified, the networks use ReLU activations in hidden
layers, Sigmoid activation in the output layer, Adam optimizer, L2 regularization, Re-
duceLROnPlateau scheduler, and Early Stopping.

Experiment 1 - One-parameter prediction (δ):
For one-parameter prediction, the following six architectures of the MLP are compared:
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Model Hidden Layers Neurons per Layer
MLP 1-1 2 [192, 96]
MLP 1-2 3 [256, 128, 64]
MLP 1-3 4 [256, 128, 128, 64]
MLP 1-4 6 [384, 384, 192, 192, 96, 96]
MLP 1-5 3 [512, 256, 128]
MLP 1-6 4 [512, 256, 256, 128]

Table 8: Summary of tested MLP architectures (1 Inputs: δ).

Category Values
Input Dimension 1 (δ)
Output Dimension 1000 (T curve)
Batch Size 128
Epochs 150
Activation Functions ReLU() (hidden layers), Sigmoid (output)
Optimizer Adam(learning rate=5× 10−4)
Regularization L2 5× 10−6

Early Stopping Monitor: val loss, Patience: 5, Restore Best Weights: True
Learning Rate Scheduler ReduceLROnPlateau(factor=0.5, patience=8, min lr=1× 10−7)
Seed 42 (Python, NumPy, TensorFlow)
Determinism Enabled (tf.config.experimental.enable op determinism())

Table 9: MLP Hyperparameters (1 Input: δ)

Experiment 2 - Two-parameter prediction (R, δ):
For two-parameter prediction, the following six architectures of the MLP are compared:

Model Hidden Layers Neurons per Layer
MLP 2-1 2 [192, 96]
MLP 2-2 3 [256, 128, 64]
MLP 2-3 4 [1024, 1024, 384, 384]
MLP 2-4 6 [1024, 1024, 384, 384, 192, 192]
MLP 2-5 3 [512, 256, 128]
MLP 2-6 4 [512, 256, 256, 128]

Table 10: Summary of tested MLP architectures (2 Inputs: R, δ).
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Category Values
Input Dimension 2 (R, δ)
Output Dimension 1000 (T curve)
Batch Size 128
Epochs 100
Activation Functions ReLU() (hidden layers), Sigmoid (output)
Optimizer Adam(learning rate=5× 10−4)
Regularization L2 1× 10−6

Early Stopping Monitor: val loss, Patience: 5, Restore Best Weights: True
Learning Rate Scheduler ReduceLROnPlateau(factor=0.5, patience=8, min lr=1× 10−7)
Seed 42 (Python, NumPy, TensorFlow)
Determinism Enabled (tf.config.experimental.enable op determinism())

Table 11: MLP Hyperparameters (2 Inputs: R, δ).

Experiment 3 - Three-parameter prediction (X, R, δ):
For three-parameter prediction, the following four architectures of the MLP are compared:

Model Hidden Layers Neurons per Layer
MLP 3-1 2 [192, 96]
MLP 3-2 3 [256, 128, 64]
MLP 3-3 4 [1024, 1024, 384, 384]
MLP 3-4 6 [1024, 1024, 384, 384, 192, 192]
MLP 3-5 6 [2048, 2048, 1024, 1024, 512, 512]
MLP 3-6 6 [2048, 1024, 512, 256, 128, 64]

Table 12: Summary of tested MLP architectures (3 Inputs: R, X, δ).

Category Values
Input Dimension 3 (R, X, δ)
Output Dimension 1000 (T curve)
Batch Size 128
Epochs 200
Activation Functions ReLU() (hidden layers), Sigmoid (output)
Optimizer Adam(learning rate=2× 10−4)
Regularization L2 1× 10−6

Early Stopping Monitor: val loss, Patience: 40, Restore Best Weights: True
Learning Rate Scheduler ReduceLROnPlateau(factor=0.5, patience=15, min lr=1× 10−7)
Seed 42 (Python, NumPy, TensorFlow)
Determinism Enabled (tf.config.experimental.enable op determinism())

Table 13: MLP Hyperparameters (3 Inputs: R, X, δ).

22



5 Evaluation

5.1 Experiment 1: One-parameter prediction (δ)

The comparison of the architectures tested for the prediction of two parameters δ is based
on the Mean Euclidean Distance (ED) calculated on the validation sets, as detailed in the
Fig. 8. This graph was generated with the purpose of showing which type of architecture
best learned the complexity of the oscillatory curves of an axionic system in an MLP
model with a low-dimensional input and a high-dimensional output.

5.1.1 MLPs Architectures Comparison

Figure 8: Comparisons of the mean errors of the corresponding validation sets for different
MLPs architectures.

The MLP 1-4 model highlighted, achieving the lowest mean error (ED) of 0.0365 and thus
being classified as the best-performing architecture for this experiment. In contrast, the
MLP 1-1 model showed the highest mean error, with an ED of 0.1601. The intermediate
architectures achieved the following error results, in ascending order: MLP 1-6 with
0.0480, MLP 1-3 with 0.0641, MLP 1-5 with 0.0659, and MLP 1-2 with 0.0713. The
MLP 1-4 committed less error in the training stage, and it is the best model choice to
make transmission predictions.
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5.1.2 Transmissions Predictions

Figure 9: Hidden layer = 6, Neurons = 1344 and Epoch = 200 shows the comparison
between the predicted transmission spectra (MLP) with respect to the original transmis-
sion spectra (TMM).

Figure 9 shows the transmission predictions of the best model (MLP) as a function of
the reduced frequency ω̄ = ω/ω0 compared to the reference method (TMM) for differ-
ent combinations of the parameters δ = 0.25, 0.50, 0.75, 1.00 and fixed values of ratio
thickness X = 1 and ratio electric permittivity R = 1. The solid curves represent the
results on transmission obtained using the reference method Transfer Matrix Method
(TMM), while the dashed curves represent the transmission predictions of the Multilayer
Perceptron (MLP) model.

It can be observed that increasing the value of δ modifies the amplitude of the trans-
mission spectra. The analysis reveals that, for δ = 0.25, the ED = 0.2691. Then,
for δ = 0.50 and δ = 0.75, a significant reduction in the errors was observed, with
ED = 0.0177 and ED = 0.0131 showing that the physical behavior calculated by the
MLP 1-4 model accurately reproduces the traditional TMM method. This is an indic-
ation that the MLP 1-4 model has correctly learned the nonlinear relationship between
the input variable δ and the transmission response T (ω̄). On the other hand, the error
increases for δ = 1.00 with ED = 0.0229.

From the models perspective, the explanation for a smooth curve δ = 0.25 with low
amplitude having an error only slightly higher than the values for δ = 0.50 and δ0.75 is
related to the gradient used to minimize the prediction error. A near-zero error gradient
provides a very weak correction signal for the neural network. This suggests that the
learning algorithm Gradient Descent does not find a clear “reference point” and may
stop making adjustments even if the ideal accuracy has not been reached, because the
cost error changes very little at each step.

On the other hand, the transmission curve for the value of δ = 1.00 presents a deeper
valley. At the edges where ω̃ ≈ 0.25 and ω̃ ≈ 1.75, it is noticeable that the MLP begins
to deviate from the exact shape of the curve generated by the TMM. The error becomes
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even more visible when ω̃ ≈ 1.00, reaching its peak at ω̃ = 1.00, the region that represents
the greatest difference between the curve predicted by the MLP and the curve generated
by the TMM. This may indicate that the activation functions of the MLP model are
in a region where the derivative is very small, and the neuron can no longer adjust its
weights effectively, suggesting that this regime is the most difficult for the model. This
suggests a saturation of the Sigmoid activation function in the last layer, where the model
consistently fails to replicate values close to 1 or 0, while performing well in the middle
of the interval, as occurs with its δ = 0.50 and δ = 0.75.

It can be seen that the predicted transmission for δ = 0.25, 0.50, 0.75 are in good
agreement with the TMM target values. However, the predicted transmission for δ = 1.00
has a difference of 0.26 in its curves between MLP predicted and TMM target values.
In general, the MLP exhibit good performances for predicting the transmission of APCs
with different δ values.

5.1.3 Model Convergence

The Fig. 10 is essential to identifying model generalization capability, and detecting
issues like overfitting or underfitting.

Figure 10: Variation of mean squared error (MSE) vs. the number of epochs for training
and validation dataset.

Figure 10 shows variation of the of the Mean Squared Error (MSE) versus number of
epochs for training and validation datasets during the learning process of the “MLP 1–4”
model. The results correspond to the model architecture configuration with 6 hidden
layers, 1344 neurons, and a total of 150 training epochs.

The x-axis represents the number of training epochs, which corresponds to the itera-
tions over the entire training dataset. The y-axis shows the Mean Squared Error (MSE),
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which quantifies the average squared difference between the MLP predicted and TMM
values.

The rapid decrease of the values of MSE for both the training and validation during
the initial epochs approximately up to epoch 25, the close alignment between the training
and validation curves with no evident signs of overfitting or underfitting and the low and
stable MSE values suggest that the model is well set and generalizes well to unseen
data, the data are well normalized, and the optimizer efficiently adjusted the network
weights causing fast convergence, reaching an almost constant value for epochs greater
than approximately 75 suggesting effective learning in the early stages.

5.2 Experiment 2: Two-parameter prediction (R, δ)

The comparison of the architectures tested for the prediction of two parameters δ is based
on the Mean Euclidean Distance (ED) calculated on the validation sets, as detailed in the
Fig. 11. The comparison of the architectures tested for the prediction of two parameters
(R, δ) is based on the Mean Euclidean Distance (ED) calculated in the validation sets,
as detailed in Figure 11. The MLP 2-4 model highlighted, achieving the lowest mean
error (ED) of 0.0914 and thus being classified as the best performing architecture for
this experiment. In contrast, the MLP 2-2 model showed the highest mean error, with
an ED of 0.4475. The intermediate architectures achieved the following error results, in
ascending order: MLP 2-6 with 0.1391, MLP 2-3 with 0.1658, MLP 2-1 with 0.2243, and
MLP 2-5 with 0.4443.

5.2.1 MLPs Archithectures Comparison

Figure 11: Comparisons of the mean errors of the corresponding validation sets for dif-
ferent MLPs architectures.
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5.2.2 Transmission Predictions

Figure 12: Hidden layer = 6, Neurons = 3200 and Epoch = 100 shows the comparison
between the predicted transmission spectra (MLP) with respect to the original transmis-
sion spectra (TMM). For X = 1 with (a) R = 0.25, (b) R = 0.50, (c) R = 1.00 and (d)
R = 2.00.

Figure 12 shows the transmission predictions of the best model MLP 2-4 compared with
the reference method (TMM) for different combinations of parameters R and δ. The
analysis reveals that, for R = 0.25 in Figure 12(a), the Euclidean Distances (ED) ranged
from ED = 0.0539 for δ = 1.00 to ED = 0.8766 for δ = 0.25. Next, for R = 0.50 in
Figure 12(b), a significant reduction in errors was observed, with ED values ranging from
ED = 0.0310 for δ = 0.25 to ED = 0.2200 for δ = 1.00. For R = 1.00 in Figure 12(c), the
ED values remained within the range of ED = 0.0721 for δ = 0.25 to ED = 0.1604 for
δ = 1.00. Finally, at R = 2.00 in Figure 12(d), the ED values varied from ED = 0.0651
for δ = 0.25 to ED = 0.1734 for δ = 1.00.

Table 14 shows the accuracy ED corresponding to the mean error between the two
curves for a specific pair of parameters (R and δ).
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R δ = 0.25 δ = 0.50 δ = 0.75 δ = 1.00
0.25 0.0539 0.0729 0.1824 0.8766
0.50 0.0310 0.0464 0.0398 0.2200
1.00 0.0721 0.0879 0.1132 0.1604
2.00 0.0651 0.0957 0.1187 0.1734

Table 14: Summary of the Euclidian Distance error values obtained from the MLP vs.
TMM comparison.

After analyse the accurancy of the model, we should ask how does the performance
of the MLP model vary as δ changes, considering all possible variations of R? To answer
this question, for each value of δ, we collected all the error values (ED) corresponding to
that δ, considering all variations of R. From this set of EDs, we calculated the mean and
standard deviation, thus obtaining a summarized measure of the models performance
for that specific δ. This procedure was repeated for each value of δ, allowing a clear
assessment of how the models error varies with δ.

EDδ =
1

4

∑
R

ED(R, δ) (42)

σδ =

√
1

4

∑
R

(
ED(R, δ)− EDδ

)2
(43)

As the axionic photonic system depends on δ, it is important to analyze how the
performance of the MLP changes systematically as δ increases. Table 15 numerically
illustrates the behavior of the MLP 2-4 model.

δ EDδ σδ MLP Performance
0.25 0.0555 0.0156 Best performance and most stable
0.50 0.0757 0.0188 Good performance
0.75 0.1135 0.0505 Fair
1.00 0.3576 0.3005 Poor and highly unstable

Table 15: Overall error metrics of the MLP for each value of δ.

We can observe from Table 15 that the discretization of δ is uniform, but accordigly to
the Fig. 12 the transmission spectrum changes very rapidly near δ = 1.0. As δ increases,
the axionic term introduces more irregularities in the transmission spectrum, leading to
sharper oscillations with narrow peaks and valleys. The Gradient Descent does not find
a clear “reference point” and may stop making adjustments.

5.2.3 Model Convergence

Figure 13 illustrates the variation of the Mean Squared Error (MSE) over the training
epochs for both the training and validation datasets. The MSE curves for training and
validation show a rapid decrease during the initial epochs, indicating an efficient learning
process. Additionally, the curves remain closely aligned and tend to stabilize at low values,
suggesting a good generalization capability and showing no evident signs of overfitting or
underfitting.
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Figure 13: Variation of mean squared error (MSE) vs. the number of epochs for training
and validation dataset.

5.3 Experiment 3: Three-parameter prediction (X, R, δ)

The comparison of the architectures tested for the prediction of two parameters δ is based
on the Mean Euclidean Distance (ED) calculated on the validation sets, as detailed in the
Fig. 14. The comparison of the architectures tested for the prediction of three parameters
(X,R, δ) is based on the Mean Euclidean Distance (ED) calculated in the validation sets,
as detailed in Figure 14. The MLP 3-4 model highlighted, achieving the lowest mean
error (ED) of 0.2109 and thus being classified as the best performing architecture for
this experiment. In contrast, the MLP 3-3 model showed the highest mean error, with
an ED of 0.3285. The intermediate architectures achieved the following error results, in
ascending order: MLP 3-5 with 0.03528, MLP 3-6 with 0.4231, MLP 3-2 with 0.6883,
and MLP 3-1 with 1.3073.
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5.3.1 Architectures Comparison

Figure 14: Comparisons of the mean errors of the corresponding validation sets for dif-
ferent MLPs architectures.
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5.3.2 Transmission Predictions

Figure 15: Hidden layer = 6, Neurons = 3200 and Epoch = 200 shows the comparison
between the predicted transmission spectra (MLP) with respect to the original transmis-
sion spectra (TMM). For (a) R = 0.25, X = 0.90, (b) R = X = 0.50, (c) R = X = 1.00
and (d) R = X = 2.00.

Figure 15 shows the transmission predictions of the best model MLP 3-4 compared with
the reference method (TMM) for different combinations of parameters R, X and δ. The
analysis reveals that, for R = 0.25 and X = 0.90 in Figure 15(a), the Euclidean Distances
(ED) ranged from ED = 0.0732 for δ = 0.25 to ED = 0.8281 for δ = 1.00. Next, for
R = 0.50 and X = 0.50 in Figure 15(b), the errors were generally low, with the minimum
error being ED = 0.0354 (at δ = 0.50) and the maximum ED = 0.2429 (at δ = 1.00).
For R = 1.00 and X = 1.00 in Figure 15(c), the ED values ranged from ED = 0.2750 for
δ = 0.25 down to ED = 0.1162 for δ = 1.00. Finally, at R = 2.00 and X = 2.00 in Figure
15(d), the ED values varied from ED = 0.4321 for δ = 0.25 down to ED = 0.1635 for
δ = 1.00.

Table 16 shows the specific ED accuracy for each combination of parameters (R,X)
and δ.

(R, X) δ = 0.25 δ = 0.50 δ = 0.75 δ = 1.00
(0.25, 0.90) 0.0732 0.1231 0.2355 0.8281
(0.50, 0.50) 0.0496 0.0354 0.0884 0.2429
(1.00, 1.00) 0.2750 0.2076 0.1706 0.1162
(2.00, 2.00) 0.4321 0.3516 0.2668 0.1635

Table 16: Summary of the Euclidian Distance error values obtained from the MLP vs.
TMM comparison for MLP 3-4.

After analysing the accurancy of the model, we should ask how does the performance
of the MLP model vary as δ changes, considering the 4 pairs of (R, X) tested. To answer
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this question, for each value of δ, we collected all the error values (ED) corresponding
to that δ from Table 16. From this set of 4 EDs, we calculated the mean and standard
deviation, thus obtaining a summarized measure of the models performance for that
specific δ.

EDδ =
1

4

4∑
i=1

EDi(δ) (44)

σδ =

√√√√1

4

4∑
i=1

(
EDi(δ)− EDδ

)2
(45)

As the axionic photonic system depends on δ, it is important to analyze how the
performance of the MLP changes systematically as δ increases. Table 17 numerically
illustrates the behavior of the MLP 3-4 model based on the data from Table 16.

δ EDδ σδ MLP 3-4 Performance
0.25 0.2075 0.1585 Fair performance, but unstable
0.50 0.1794 0.1132 Best performance and relatively stable
0.75 0.1903 0.0718 Good performance and most stable
1.00 0.3377 0.2831 Poorest performance and highly unstable

Table 17: Overall error metrics of the MLP 3-4 model for each value of δ, calculated
from Table 16.

5.3.3 Model Convergence

Figure 16 illustrates the variation of the Mean Squared Error (MSE) over the training
epochs for both the training and validation datasets. The MSE curves for training and
validation show a rapid decrease during the initial epochs approx. 25, indicating an
efficient learning process. Additionally, the curves remain closely aligned and tend to
stabilize at low values, suggesting a good generalization capability. The validation loss
exhibits several small, sharp spikes around epochs 100, 110, and 115. The training loss
remains smooth. This suggests minor, temporary instability and shows no evident signs
of overfitting or underfitting.
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Figure 16: Variation of mean squared error (MSE) vs. the number of epochs for training
and validation dataset.

5.4 Discussion

Parameters Method Model training time (s) Calculation time (s) Mean of ED

δ MLP 1-4 73.06s 0.00012954s 0.036494
R, δ MLP 2-4 283.30s 0.00019654s 0.091408
R, X, δ MLP 3-4 3085.06s 0.00047988s 0.205738

TMM – 0.105 –

Table 18: Comparison between the MLP and transfer matrix method. Model training
time refers to the time training a neural network needs; Calculation time refers to the
average time taken by the trained neural networks or the TMM to calculate the trans-
mission of a APC; Mean of ED is the mean of the accuracies of the corresponding testing
set Liu & Yu (2019).

Table 5.4 presents a performance comparison among neural network models (MLP) and
the traditional transfer matrix method (TMM). The analysis focuses on three main met-
rics, such as training time, calculation time, and accuracy measured by mean euclidean
distance. It can be noticed that the time required by MLPs is extremely short, and
the prediction accuracy is remarkable, similarly to Liu & Yu (2019). For one-parameter
prediction, the δ are superior to the two-parameter (R, δ) and three-parameter (X, R,
δ) on training time, prediction accuracy, and simplicity of the model. For one-parameter
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prediction, the MLP has a smaller mean error, similarly to Liu & Yu (2019). Also one-
parameter prediction, the MLP 1-4 is a better choice because of its high accuracy and
stability. In terms of calculation time, the TMM (0.105s) is significantly slower than a
trained MLP.

6 Conclusion and Future Work

This research addressed the limitations of current computational methods used by TMM
in the analysis of one-dimensional axionic photonic crystals (1DAPCs) and the use of
neural networks such as the Multi-Layer Perceptron (MLP) to investigate the accuracy
and computational time consumption in predicting the transmission optical spectrum,
focusing on evaluating how the model generalizes for one, two, and three system para-
meters. Key findings indicate that the MLP has positive implications for time efficiency,
achieving calculation times as low as 10−4 s compared to 10−1 s for TMM, representing
a drastic reduction in processing time. Additionally, the research underscores signific-
ant accuracy in low-complexity scenarios, particularly in the one-parameter experiment
where the model MLP 1-4 achieved an accuracy of ED = 0.0365. The model also revealed
sensibility within the model’s generalization capabilities in high-complexity regimes, spe-
cifically when the axionic term (δ) approaches 1.0, leading to increased error rates and
instability due to abrupt oscillations in the transmission spectra. The implications of
these findings underline the urgent need for researchers to integrate machine learning
into the simulation and optimization of photonic devices. Incorporating these neural
network models could mitigate computational bottlenecks and promote the development
of photonic technologies. Moreover, the study contributes to existing literature by high-
lighting the feasibility of using MLPs as a surrogate for TMM, prompting stakeholders to
consider deep learning as an integral tool for the rapid analysis of optical properties. This
research acknowledges limitations such as the models difficulty in accurately predicting
phenomena characterized by high non-linearity and high spectral peaks, particularly in
the three-parameter experiments where the mean ED becomes the worst for transmission
regions around 0.5. Additionally, the analysis utilized forward prediction perspectives,
thus not exploring the complexities of inverse design. Future research directions should
focus on refining neural network architectures to reduce errors in high-oscillation regimes
and provide more precise predictions for complex parameter combinations. Investigations
of inverse design and optimization would also enrich the current understanding, enabling
the study of crystal structures based on desired optical outputs. Further studies examin-
ing the effectiveness of different deep learning models beyond MLPs could significantly
contribute to the optimization of axionic photonic devices. In conclusion, MLP is highly
efficient on calculation time. The model achieved its best accuracy in the one-parameter
experiment, with a mean ED = 0.0365. However, in the three experiments the results
indicate the MLP generalizes well in low-complexity regimes but struggles to model ab-
rupt oscillations that occur in high-non-linearity parameter regimes (near δ = 1.0), where
performance was poor and unstable. The three experiments showed that the computa-
tional challenges posed by traditional methods in the analysis of axionic photonic crystals
can be overcome by neural networks, ensuring efficiency in optical simulations and the
development of future axionic photonic devices.
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