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Abstract

The integration of micro-nano optical structures has become an essential strategy for over-
coming the performance bottlenecks of quantum well infrared photodetectors (QWIPs),
specifically by addressing the inherent inability of planar devices to couple with nor-
mally incident light due to intersubband transition selection rules. A critical factor in
this integration is the precise spectral overlap between an optical mode and the mate-
rial’s excitation mode. Therefore, achieving precise spectral engineering is indispensable.
However, conventional electromagnetic simulations act as forward solvers, calculating
optical responses based on given geometric parameters. They cannot directly perform
inverse design, which involves deriving optimal geometric parameters directly from a
desired optical response. Consequently, structural optimization is severely constrained by
time-consuming trial-and-error iterations, which often struggle to find the global optimum
in a complex design space. To overcome these limitations, this paper presents a compre-
hensive theoretical and numerical study proposing a deep learning framework for QWIPs
coupled with all-dielectric micropillar structures. By establishing a structure-absorption
spectrum dataset via finite difference time domain (FDTD) simulations, we developed
a dual-network setup. For the forward prediction, a multilayer perceptron (MLP) maps
geometric parameters (side length a and period p) to the absorption spectrum, achieving a
computational speedup of seven orders of magnitude over traditional numerical simula-
tions. Concurrently, a convolutional neural network (CNN) is employed for the inverse
design, realizing on-demand design of geometric parameters based on target spectra with
high reconstruction accuracy. Furthermore, the selected all-dielectric micropillar struc-
tures are highly compatible with mainstream semiconductor fabrication processes. This
research provides an efficient, automated toolkit for the development of high-performance
infrared photodetectors.

Keywords: quantum well infrared photodetectors; micro/nanophotonics; deep learning

1. Introduction

Infrared detection technology plays an indispensable role in fields such as imaging [1],
molecular sensing [2], and atmospheric monitoring [3,4]. Among various technologies,
QWIPs occupy a prominent position in long-wave infrared (LWIR) detection due to their
high uniformity in large-scale material growth, superior stability, and mature fabrication
processes [5]. However, governed by intersubband transition selection rules, quantum
wells can only absorb the electric field component perpendicular to the epitaxial layers (E;).
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This physical constraint prevents traditional planar devices from effectively coupling with
normally incident light.

To overcome this limitation, researchers have introduced various micro-nano optical
structures—including metallic antennas [6], photonic crystal slabs [7], and all-dielectric
micropillars [8,9]—to modulate the incident light field. These structures generate a strong
E, component, thereby enhancing light-matter interaction and improving the absorption
efficiency of the quantum well layers. In designing such structures, the precise regulation
of the spectral response (e.g., the synergistic optimization of resonant peak positions and
absorption intensity) is of paramount importance.

Traditionally, geometric design heavily relies on electromagnetic modeling based
on numerical simulations, such as the FDTDmethod [10]. Reaching a target response
requires meticulous fine-tuning of geometric parameters through an iterative, trial-and-
error process. However, the high computational costs and slow iteration speeds of
these methods severely restrict design efficiency. Furthermore, FDTD lacks the inherent
capability for inverse design, specifically in deriving geometric parameters from target
spectral responses.

In recent years, deep learning (DL) has emerged as a powerful data-driven approach,
offering new paradigms for photonic device design through its nonlinear mapping capa-
bilities [11]. Once trained, DL models can map the relationship between device structures
and their optical responses near-instantaneously, bypassing time-consuming numerical
solvers. DL-based methods have already been successfully applied to broadband absorp-
tion enhancement [12], high-performance thermal emitters [13], and protein structure
detection [14].

In this paper, we propose a deep learning-based forward-inverse prediction frame-
work. For the forward model, inputting geometric parameters (side length a, period p)
yields the QWIP absorption spectrum within 0.12 ms, representing a speedup of seven
orders of magnitude over conventional electromagnetic simulations. For the inverse de-
sign model, providing a desired absorption spectrum allows for the direct retrieval of the
corresponding geometric parameters. Physically, achieving this optimal absorption spec-
trum ensures the precise spectral overlap between the material’s excitation mode and the
optical guided-mode resonance. This optical resonance provides the critical out-of-plane
electric field (E;) enhancement within the quantum well region, thereby maximizing the
light-matter interaction. This work provides an efficient, automated toolkit for the realiza-
tion of high-performance infrared detectors.

2. Materials and Methods
2.1. Device Structure and Design

As illustrated in Figure 1a, the proposed device consists of an array of square all-
dielectric micropillars. The height of the micropillars is fixed at 3.9 um, while the side
length (a) and the period (p) are varied to modulate the optical response. The device
architecture comprises a three-layer vertical stack: a 1.8 pm thick top GaAs layer, a 1.5 um
thick central GaAs/AlGaAs multi-quantum well (QW) active layer, and a 0.6 um thick
bottom GaAs layer. The substrate is GaAs.

To facilitate photocurrent extraction, 300 nm wide conductive bridges are integrated
between the square micropillars. This configuration enables the incident light field to
be effectively confined within the micropillar cavities. Furthermore, the design is highly
compatible with semiconductor fabrication processes.
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Figure 1. Schematic of the deep learning-based QWIP structure and its forward and inverse design
workflows. (a) Design model of the all-dielectric micropillar array detector, defining the materials of
each layer and geometric parameters (side length a, period p); (b) absorption spectra of the quantum

well micropillar array.

2.2. FDTD Numerical Simulation

To establish a comprehensive “structure-to-spectrum” dataset for deep learning, we
performed large-scale batch simulations using the FDTDmethod. The simulation model
primarily incorporates two material types: bulk GaAs and the GaAs/AlGaAs QW. The QW
layer, formed by periodic repetitions of GaAs and AlGaAs, is modeled as an anisotropic
medium, egw = diag ((—:x,ey,ez) Its dielectric functions in the x and y directions are ap-
proximately equivalent to those of GaAs, €x = €y = €g,as. The dielectric function in the z
direction (€,,) follows a Lorentzian lineshape [15-17]:

f v
. 1
o= fF—if o @
fw and 7y represent the peak response frequency and the damping constant of the

QW, respectively. These parameters are obtained by fitting the photocurrent spectrum
of a 45° mesa device with a Lorentzian lineshape. €’ denotes the imaginary part of the

/
€z = €GaAs T €

dielectric constant associated with the intersubband absorption at the peak response
frequency. The real and imaginary parts of the €, are illustrated in Figure 2a. Notably,
the imaginary part features a peak at a wavelength of 10.2 pm, dictating the material’s
intersubband excitation. Numerical simulations were conducted using Lumerical FDTD
Solutions 2023.

To accurately model the periodicity of the device, periodic boundary conditions were
applied along the x and y axes, while perfectly matched layer (PML) conditions were
employed along the z axis. The simulation mesh was set to a uniform resolution of 0.1 pm;
this mesh fineness is sufficiently rigorous for the micron-scale dimensions of the unit cell,
ensuring both computational convergence and high numerical accuracy. The excitation
source was defined as a z-axis-oriented plane wave with normal incidence upon the
micropillar-coupled QWIP array. Furthermore, frequency-domain field profile monitors
were positioned directly above and below the device to capture the reflectance (R) and
transmittance (T spectra.
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Figure 2. Material dielectric properties and dataset distribution. (a) Real and imaginary parts of the
z-direction complex dielectric function (e,) dispersion for the GaAs/AlGaAs QW layer. (b) Dataset
of 400 absorption spectra generated through FDTD simulations with varying geometric parameters
(side length a and period p). (c) Absorption spectra for a fixed micropillar side length a = 2.1 pum while
varying the period p from 3.4 um to 5.0 um. (d) Absorption spectra for a fixed period p = 4.8 um
while varying the side length a from 1.6 pm to 2.0 um.

2.3. Dataset Construction

The absorption spectrum (A) of the micropillar-coupled QWIP array was calculated
using the relation A = 1 — R — T. To construct a dataset for the deep learning models,
we systematically swept the geometric parameters of the micropillars. As illustrated in
Figure 2b, the side length (a) was varied from 1.5 um to 3.9 pm, while the period (p)
was varied from 2.0 pm to 10.6 um. This extensive parameter space ensures that the
generated dataset, comprising 400 distinct absorption spectra, can cover a significantly
broader resonance wavelength band. Furthermore, the spectral behavior exhibits a strong
dependence on these geometric variations. For instance, as shown in Figure 2¢, when
the side length is fixed, increasing the period p leads to a redshift in the resonance peak.
A similar redshift phenomenon is observed in Figure 2d when the period is fixed and
the side length a is increased. Therefore, by simultaneously varying both the side length
and the period over a wide range, we successfully mapped a highly comprehensive and
continuous optical response space. Finally, for the training of the deep learning models,
80% of the generated data (320 samples) was used for the training set, while the remaining
20% (80 samples) served as the testing set to evaluate the models’ generalization capability.

3. Results and Discussion
3.1. Forward Prediction Model Based on MLP

Leveraging the established structure-to-spectrum dataset, we first focused on the
forward prediction of absorption spectra. The forward prediction model employs a MLP
architecture. Despite its structural simplicity, the MLP is capable of approximating any
continuous function and has been extensively utilized in nanophotonics research [18-20].
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As depicted in Figure 3a, the input layer receives normalized geometric parameters,
specifically the side length (a) and period (p) of the micropillars. The hidden layers
are designed with 200, 300, 400, and 500 neurons, respectively. To enhance the model’s
generalization capability and mitigate the risk of overfitting, a Dropout strategy with a rate
of 0.2 is implemented. Rectified Linear Unit (ReLU) functions are employed as the activation
mechanism for all hidden layers to handle non-linear mapping, while the final output layer
generates a 500-dimensional vector representing the predicted absorption spectrum.
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Figure 3. MLP model and training. (a) Schematic of the MLP network architecture; (b) Convergence
curve of the MSE loss function during training.

The training process of the forward network is optimized using the mean squared
error (MSE) loss function, defined as:

1 N
MSEformvard = ~ 3| Ai = Aif @
1

where A; and A; denote the ground-truth and predicted absorption values, respectively.
The model was implemented and trained using the PyTorch framework. To ensure sta-
ble convergence, both the input geometric features and the output spectral data were
standardized using the StandardScaler method. We utilized the Adam optimizer with a
learning rate of 0.0002 to minimize the MSE loss function. Training was performed using
mini-batch stochastic gradient descent with a batch size of 64. The model was trained for
2000 epochs on an NVIDIA (NVIDIA Corp., Santa Clara, CA, USA) GeForce RTX 4060 GPU
to ensure complete convergence of the training loss. As illustrated in Figure 3b, the training
loss converges rapidly, indicating that the model has effectively captured the underlying
physical mapping between the geometric structures and their optical responses.

3.2. Infrared Absorption Spectrum Prediction

To evaluate the predictive performance of the forward prediction model, three repre-
sentative samples were selected from the testing set. Specifically, Figure 4a demonstrates
that the MLP model can accurately reconstruct complex multi-peak spectral features. Mean-
while, Figure 4b,c illustrate its capability to reliably predict single-peak spectra with higher
absorption rates. Across these varied optical responses, the predicted resonance peak
positions and the full width at half maximum (FWHM) are highly consistent with the
ground truth.
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Figure 4. Comparison between predicted spectra (red solid lines) and FDTD-simulated spectra (black
solid lines) for three typical structures in the test set. (a—c) The geometric parameters for these cases
are;a=1.6pump=38um,a=24pump=>5.6 um, a=2.6 um p = 4.0 um, respectively.

Furthermore, the deep learning framework offers a substantial advantage in computa-
tional efficiency. Evaluated on an NVIDIA GeForce RTX 4060 GPU, the average inference
time of the trained MLP model is approximately 0.12 ms per spectrum. In comparison, a
conventional FDTD numerical simulation for a single spectrum typically requires about
20 min. This indicates that the proposed deep learning approach achieves a computational
speedup of seven orders of magnitude (107), which can significantly accelerate the spectrum
prediction process.

3.3. Inverse Design Model Based on CNN

To rapidly retrieve the geometric parameters corresponding to a desired spectrum, we
implemented an inverse design framework. For the inverse design model, we employed
a CNN. CNN is a deep learning architecture that efficiently extracts data features using
convolutional layers. It is particularly well-suited for processing spectral data, as it can
effectively capture local correlations within the spectra [21,22].

As illustrated in Figure 5a, the CNN backbone consists of three sequential 1D convolu-
tional blocks. Each block performs a 1D convolution operation followed by a pooling layer,
which progressively downsamples the sequence length of the spectral features. Specifically,
the input spectrum vector of length 500 is first processed and compressed to a feature
length of 250 after the first convolutional block. The subsequent two blocks continuously
extract higher-level abstract features, further reducing the feature dimensions to 125 and
62, respectively. Following this hierarchical feature extraction process, the final 1D feature
maps (length 62) are flattened and fed into a fully connected (FC) network. The network
ultimately converges to a 2-node output layer, accurately yielding the targeted geometric
parameters a and p.

During model training, we adopted MSE as the loss function, defined as:

1 5 |2

MSEinverse = NZ|51 =5 3)
i

where S; and S; represent the ground-truth and predicted geometric parameters, respec-
tively. The network was optimized using the Adam optimizer with an initial learning rate
of 0.0001. To ensure robust feature learning and stable gradient updates, the model was
trained with a batch size of 32 for 1000 epochs.

As shown in Figure 5b, the loss function converges rapidly during training and remains
stable, indicating that the model has accurately captured the physical mapping from the
spectral response back to the geometric structure.
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Figure 5. CNN model and training. (a) Architecture of the inverse design model based on a CNN;
(b) Training loss function curve for the inverse network.
3.4. Geometric Design and Physical Mechanism of the Devices
To verify the accuracy of the inversely designed parameters, we fed a preset target
absorption spectrum into the network and imported the model’s output geometric pa-
rameters into the FDTD simulation environment for secondary validation. As depicted
in Figure 6a, the inversely reconstructed spectrum highly coincides with the input target
spectrum, demonstrating the model’s exceptional precision in navigating the geometric
parameter space.
(a) (b) 10.2um
0.16 Input spectrum
Retrieved spectrum
goazf
g
5 0.08
=
<0.04}
0.00 L—— —
4 6 10 12 14 16

Wavelength (pm)

Figure 6. Performance of the inverse design model and validation of physical mechanisms.
(a) Comparison between the target spectrum (pink solid line) and the simulated spectrum (green
dashed line) reconstructed using parameters predicted by the inverse model; (b) Localized electric
field distribution (E / Eg) within the micropillar at the resonance wavelength of 10.2 um. Where E
denotes the incident field amplitude.

From a physical perspective, the remarkable absorption enhancement stems from the
synergy of two critical mechanisms. First, as shown in Figure 6b, the micropillar array
excites a guided-mode resonance (GMR) that diffractively converts normally incident light
into a strong out-of-plane electric field (E;), providing near-field enhancement. Second, at
the resonant wavelength of 10.2 um, this optical mode precisely overlaps with the material’s
excitation mode (dictated by the imaginary part of the quantum wells’ dielectric function).
The simultaneous spatial E, enhancement and exact spectral matching significantly enhance
light-matter coupling, directly yielding the high absorption spectrum. This underlying
mechanism fully validates the physical reliability of our deep learning design.
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4. Conclusions

In this paper, we proposed a deep learning-driven approach to optimize the perfor-
mance of all-dielectric micropillar QWIPs. Based on FDTD simulations, a comprehensive
dataset comprising 500 structure-spectrum samples was constructed. For forward spectrum
prediction, our developed MLP model achieves high-precision forward absorption spec-
trum prediction with a computational speedup of seven orders of magnitude over FDTD.
For inverse geometric design, the CNN model directly predicts geometric parameters
from a desired target spectrum, achieving on-demand inverse design, which is a capabil-
ity inherently absent in conventional electromagnetic simulation software. Furthermore,
near-field E, analysis reveals that GMR strongly enhances the internal electric field, and
the high absorption is ultimately realized through the precise spectral matching between
this optical mode and the QW material’s excitation mode. Therefore, the proposed method
provides a rapid and precise DL framework for QWIP design. Future work will focus on
the experimental fabrication of the optimal devices generated by this deep learning-assisted
design, while exploring the extension of this methodology to the intelligent design of other
complex optoelectronic devices.
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