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ABSTRACT
The rapid advancement of deep learning (DL) has significantly expanded its application across various fields, including physics and materials
science. DL facilitates the prediction of physical parameters of materials without the need for time-consuming and labor-intensive experi-
ments. Atom-vacancy defects, present in various materials responsible for intriguing physical phenomena, exhibit diverse physical parameters
and are a prime example of such applications. These tendencies are even more pronounced in two-dimensional (2D) (atomically) thin van der
Waals layers. However, the correlation between different types of atomic defects and their properties remains an area of active exploration.
Herein, we propose an innovative DL model and predict the structural parameters of atom-vacancy defects solely from low-frequency noises,
arising from stochastic capture and emission of charges through them, in few-atom layer semiconductors molybdenum disulfides (MoS2).
The predicted parameters show good agreement with experimental results. This methodology enables the accurate extraction of structural
parameters of various materials, significantly reducing error rates by suppressing excess learning and demonstrating the high potential of DL.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0254351

The recent rapid advancements in deep learning (DL) have
demonstrated its potential across various domains, including nat-
ural language processing, image generation, and the prediction of
materials’ physical properties.1–7 In particular, approaches such as
Graph Neural Networks (GNNs) for molecular-structure repre-
sentation learning and diffusion models for novel material design
have enabled not only the discovery of innovative physical phe-
nomena and materials but also the estimation of physical para-
meters of diverse materials, without the need for complicated,
time-consuming, and labor-intensive experiments. Furthermore,
approaches like Physics-Informed Neural Networks (PINNs), which
incorporate physical laws into their loss functions, have garnered
significant attention for their ability to ensure physical consistency
in predictions.8

Atom-vacancy defects in various semiconductors give rise to
numerous intriguing physical phenomena and are characterized by

various physical parameters,9 such as activation energy (Ea), cap-
ture cross section (σ), trap state density per unit volume (NT),
and electron velocity (ν). These parameters are typically determined
through time-consuming experimental techniques, such as pho-
toluminescence, high-resolution transmission electron microscopy
(HRTEM), deep-level transient spectroscopy (DLTS), and observa-
tion of low-frequency (f) (LF) noises. Since these defects can hinder
the performance of electronic and photonic devices in certain cases,
it would be highly advantageous to predict the physical proper-
ties associated with atom-vacancy defects without relying on such
labor-intensive measurements.

The influence of atom-vacancy defects becomes more pro-
nounced in two-dimensional (2D) atomically thin van der Waals
(vdW) semiconductors [e.g., the transition metal dichalcogenide
(TMDC) family such as molybdenum disulfide (MoS2)], as even
few atom-vacancy defects can significantly alter those physical
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properties. Various types of atom-vacancy defects have been
identified in these materials {e.g., sulfur (S) vacancies in MoS2
[Fig. 1(a)]}.9–20 These defects introduce numerous mid-gap states
with different Ea values and electric behaviors. Among them, S
vacancies have the lowest formation energy and are the most chemi-
cally and thermally stable in MoS2 layers. However, the correlations
with various kinds of atom defects are still under exploration.

Our recent work has revealed that the stochastic capture and
emission of charge carrier through such defects lead to large hys-
teresis loops in the statical electric properties of field-effect transis-
tors (FETs) using few-atom-layer MoS2 (Fig. 1).9 The temperature
dependence and HRTEM observations indicated that these effects
originate from pairs of neighboring in-plane S vacancy defects
[Fig. 1(a)], which are predominantly located near the interface
between the MoS2 flake and the substrate, with Ea ∼ 0.35 eV.
LF noise measurements clarified a significant f shift in two 1/f2-
dependent regimes, implying stochastic behaviors of electric charges
through the S vacancy pairs, with high-speed charge (or spin) tran-
sitions across low kinetic energy barriers between narrow discrete
states.

However, such measurements for individual 2D layer materi-
als are time-consuming and labor-intensive. It is therefore essential
to accurately predict the structure parameters of materials using
DL without relying on these measurements. Herein, we develop
an innovative DL model and predict the structural parameters (Ea)
of S atom-vacancy defects solely from simple LF noise [i.e., power
spectral density (PSD)] measurements in few-atom-layer MoS2.9–11

The predicted parameters indicate good agreement with the exper-
imental results, confirming the high effectiveness of the developed
model.

In the present research, vdW-fabricated few-layer MoS2 flakes
(of a thickness of ∼6 nm) are employed with a current flow area of
∼5 × 10 μm2 between two Au/Ti electrodes [Figs. 1(b) and 1(c)].
Few-layer MoS2 flakes are affixed onto pre-fabricated two Au/Ti
electrodes on the SiO2/Si substrate through mechanical exfoliation
of bulk MoS2 (purchased from HQ Graphene Co.) using Scotch
tape and poly-dimethyl siloxane (PDMS) sheets, utilizing a 2D het-
erostructure transfer system (HQ graphene Co). Prior to exfoliation,
the SiO2/Si substrate surface is plasma-cleaned for 30 minutes under
high vacuum. The thickness of ∼6 nm is confirmed by atomic force
microscopy [Fig. 1(d)] and Raman spectroscopy. After flake trans-
fer, each sample is covered by a high-quality hBN monolayer. All
processes are conducted inside a glovebox with an Ar-gas atmo-
sphere. Dynamic behaviors (LF noises and PSD) associated with the
S-vacancy pairs are measured at room temperature (T) using the set
shown in Fig. 1(e), following the methodology described in Ref. 9,
for the investigation of the present DL model.

The dataset for constructing the DL model (i.e., PSD values and
structure parameters) is generated employing the structural para-
meters of MoS2 reported in Ref. 10. For building the DL model, a
total of 40 000 data points, which consist of 28 000 training samples,
4000 validation samples, and 8000 test samples, are employed. The
PSD is calculated based on these parameters using the following two
equations, covering the frequency range of 1–3000 Hz:

FIG. 1. (a) Schematic cross-sectional
and top views of an S-vacancy pair
in a mono-quantum layer of MoS2. (b)
Schematic views of the sample cross
section used for LF noise measure-
ments and DL modeling, highlighting the
MoS2/SiO2 junction interface, including
the structure shown in (a). (c) Opti-
cal microscope image of the sample
described in (b), showing a few-atom-
layer MoS2 flake attached to two pre-
fabricated Au/Ti electrodes on a SiO2/Si
substrate. The flake is fabricated using
vdW mechanical exfoliation of bulk MoS2
with Scotch tape and a PDMS sheet
transfer technique. (d) Cross-sectional
AFM image of (c). (e) Schematic setup
for LF noise measurements using the
sample shown in (b). Noise current (IN)
and PSD are measured with an oscillo-
scope at room temperature, while vary-
ing the constant Isd current (Ic) and Vbg
in (b).
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FIG. 2. Schematic illustrations depicting the construction of the proposed DL
model.

SI( f ) = Aα(Ibias)I2
bias

1 + ( f
fα
)2 + =

Aβ(Ibias)I2
bias

1 + ( f
fβ
)2 + C, (1)

τ(T) = 1
2π f (T) =

1

σ(0) × exp ( −E
kBT ) ×NT × v

. (2)

Equation (1) describes the PSD spectrum modeled using two
Lorentzian functions, as provided in Ref. 10. In this equation, Ibias
represents the constant current used for LF noise measurements,

Aα and Aβ are the amplitudes of the Lorentzian functions corre-
sponding to widths fα and fβ, respectively, and C denotes a flat
background accounting for the measured system noise spectrum.
Equation (2) is the Shockley–Read–Hall (SRH) statistics equation,
which incorporates the structural parameters mentioned above. It
describes the capture and emission of charge carriers through energy
levels introduced by defects.

The proposed DL model is constructed as follows (Fig. 2):
(1) Input Data: PSD data, generated as described above (a 1D

vector with 3000 points), are used as input.
(2) Segmentation: The input PSD data are divided into three

f segments. This introduces an inductive bias based on
the hypothesis that different f regions carry independent
features.

(3) Feature Extraction: A 1D Convolutional Neural Network
(CNN) with Generalized Mean Pooling (GeM) and the Swish
activation function is applied to extract features from the
segmented f-region data.

(4) Data Combination: The segmented data are combined into a
3D tensor, structurally analogous to the RGB components in
image processing. This transformation facilitates the use of
image-processing techniques that are widely adopted in DL
applications.

(5) Final Prediction: The combined 3D tensor is fed into a
ResNet-based model to predict Ea.

In the present research, GeM pooling methods are employed
as the feature extraction layer, instead of standard pooling methods.

FIG. 3. (a) Predicted examples of PSD vs
f relationships for three sets of Eaα and
Eaβ, obtained using the present model
with the parameters listed in Table I. (b)
Distribution of error values Δ for Eaα (left)
and Eaβ (right), predicted from 8000 PSD
datasets.
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Standard pooling methods include average and maximum poolings,
which need to be appropriately selected depending on the task.21

Average pooling is advantageous for tasks that reflect global trends
of the entire data (e.g., image classification), as it uniformly aggre-
gates feature distributions across the entire input. On the other
hand, maximum pooling extracts the most prominent features in
local regions and is suitable for tasks where local information is vital
(e.g., object detection). However, when predicting Ea from the PSD
spectrum generated in the present MoS2, there is no clear insight
into which method would contribute more to improving prediction
accuracy, except for Ref. 22. Therefore, we adopt the GeM pooling
method, which is learnable and automatically allows us to optimize
feature representations for Ea prediction.

Figure 3(a) illustrates the predicted examples of the PSD vs f
relationships for three sets of Eaα and Eaβ, which correspond to shal-
lower and deeper Ea levels, respectively. These results are obtained
using this DL model, with the parameters listed in Table I. Eaα and
Eaβ values predicted from the PSD show good agreement with the
correct solutions, validating the appropriateness of the constructed
DL model. The error values for Eaα and Eaβ predicted from 8000 PSD
datasets are shown in Fig. 3(b). They imply the mean absolute errors
of ∣ΔEaα∣ = 0.2 meV and ∣ΔEaβ∣ = 0.1 meV, compared to the exper-
imental values of Eaα ∼10 meV and Eaβ ∼23 meV, reaffirming the
strong predictive relevance and accuracy of the developed model.

The DL model is applied to the PSD measurement results of
our multiple MoS2 flake samples obtained from Fig. 1(e) [Fig. 4(a)]
to predict their Ea and NT values. Distribution of the predicted
results of Eaα and Eaβ pairs for three different NT values is presented
in Fig. 4(b). When the NT value from Ref. 10 (∼5 × 1011/cm2) is
employed, the predicted Eaα values become negative. In contrast,
as the NT ratio increases slightly (by a factor of 1.1–1.3 times), the
Eaα values shift to positive and reach the most relevant range (Eaα
∼1.0–1.5 meV and Eaβ ∼5–6 meV) at NT ∼ 1.1 ×, the value from
Ref. 10. These results are in approximately good agreement with the
previously reported experimental values of Eaα ∼1.5 meV and Eaβ

∼3 meV for NT ∼1012/cm2 in our earlier studies on MoS2 flakes,
which were confirmed through HRTEM, temperature-dependent
resistance, and LF noise measurements.9 This model enables accu-
rate predictions of structure parameter values without the need for
time-consuming and labor-intensive experimental measurements.
Although the predicted Eaβ ∼5–6 meV values are larger, this result
implies the strong effectiveness of the proposed DL model.

One of the causes for this discrepancy between the predicted Eaβ
and the experimental values (∼3 meV) is attributable to an imbal-
ance in the output scales of the problem.23 Since the input data
have more data points in the high-frequency region than in the

TABLE I. Structure parameters of defects used for the prediction shown in Fig. 3.

NT 4 × 1011 (cm2)

V 107 cm/s
kB 8.6 × 10−5 eV/k
T 300 K
σα 10−23 cm2

σβ σα × 830 cm2

FIG. 4. (a) Examples of PSD measurement results for the two MoS2 flake samples
obtained from Fig. 1(e). (b) Distribution of predicted pairs of Eaα and Eaβ values
for three different NT values, including those shown in Fig. 4(a).

low-frequency region, the DL model tends to underestimate Eaα.
To address this imbalance during training, a weight factor of 3.16
is applied to encourage more careful learning of Eaα. This weight
potentially causes larger values of Eaβ. Adjusting the weight factor to
2.25 to equalize the scales of Eaα and Eaβ, or implementing a relative
error evaluation that weights each target by the inverse of its vari-
ance, may be beneficial for further improvement of the prediction
accuracy.

We discuss additional advantages of the present DL model,
which outperforms the conventional 1D CNN model in several
important aspects. The best loss values are significantly improved,
decreasing from 0.021 in the conventional 1D CNN model to
0.003 in the present model. For the conventional 1D CNN model
[red curve in Fig. 5(a)], the test loss initially decreases slightly around
epoch 0 (i.e., at early stages of learning) but then increases as the
number of epochs grows, indicating typical excess-learning behav-
ior. Moreover, the test loss diverges from the training loss (blue
curve) and exhibits oscillatory behavior, highlighting unstable learn-
ing. In contrast, these issues are not observed in the present DL
model. The test loss smoothly converges along with the training loss,
achieving stable learning [Fig. 5(b)]. Furthermore, the present model
uses ∼5.5 times more parameters than the conventional model
(i.e., 11 × 106 parameters [Fig. 5(b)] compared to 2 × 106 [Fig. 5(a)],
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FIG. 5. Loss curves for the conventional
1DCNN model (a) and the present DL
model (b) using the number of para-
meters of 2 × 106 and 11 × 106, respec-
tively. The insets show expanded views
of the regions enclosed by dotted circles.

demonstrating superior learning performance. These results sug-
gest that the inductive bias introduced by the data segmentation
method [see Eq. (2)] effectively suppresses excess-learning behavior
and enhances the stability of the learning process. This improvement
underscores the robustness and reliability of the present DL model.

Beyond the advantages in accuracy and computational effi-
ciency, we also examined the model’s robustness to quantization.
In the case of the DL model using a conventional 1D CNN, per-
formance significantly deteriorates when the model parameters are
quantized (i.e., rounded off to integer values, a common practice
in DL fields). In contrast, the present DL model exhibits minimal
performance loss after quantization. Specifically, when all parameter
values are rounded off to one significant digit, the loss increases by
only 0.001. This robustness against quantization can be attributed
to the convergence of the model’s solution to a broadly flat optimal
region within the parameter space. Such flat regions are well known
for their high generalization performance, enabling the model to
provide appropriate solutions even for various unknown data. This
characteristic underscores the superior adaptability and stability of
the present DL model.

We have conducted a detailed comparative analysis between
our proposed DL model and the 1D CNN. Here, in addi-
tion to the 1D CNN, other multiple existing architectures, such
as AvgNet (GNN-based model), ResNet 1D, Long Short-Term
Memory (LSTM), nonstationary transformers, and TimesNet, are
compared.24–26 For evaluation metrics, we use the mean squared
error (loss) and inference speed. As the results shown in Fig. 6
and Table II clearly indicate, our model achieves the lowest loss
value of 0.003, outperforming all other architectures in prediction
accuracy.

FIG. 6. Comparison of test loss vs inference time for various neural network
architectures as plotted from Table II.

In particular, GNN-based AvgNet demonstrates the second-
best performance with an accuracy of 0.006, while it suffers from
a significant decrease in inference speed, down to 29.187 ms. This
is because the computational complexity increases proportionally to
the square of the sequence length. The data used in the present study
have a sequence length of 3000, which is quite large for graph data.
When applying GNNs to such data, practical challenges arise not
only in terms of learning stability and decreased inference speed but
also in the requirement for expensive computational environments.

Our model achieves the highest prediction accuracy (loss:
0.003) while maintaining an acceptable balance in inference speed
(7.487 ms). Particularly for this task, which deals with large-scale
sequential data as training data, our proposed DL model is con-
sidered the optimal selection as it does not require expensive
computational environments while maintaining accuracy.

In conclusion, we have predicted the structural parameters (i.e.,
Eaα ∼1.0–1.5 meV and Eaβ ∼5–6 meV at NT ∼5.5 ×1011/cm2) of
atom-vacancy defects solely from LF noise (PSD) data, originating
from stochastic capture and emission of charges through them, in
few-atom layer MoS2 by developing an innovative DL model. The
predicted Ea and NT values approximately agreed with the experi-
mental results.9 This result was attributed to the separation of PSDs
to the three f segments introducing an inductive bias, the extraction
of parameters from each segment using a 1D CNN with GeM, and
those combining into 3D tensors, analogous to RGB components
in image processing, to leverage advanced DL techniques. This DL
model allows precise prediction of structural parameters for various
materials without the need for complex and hassle-intensive mea-
surements, highlighting the significant potential of DL in advancing
material science.

TABLE II. Comparison of test loss vs inference time among various neural network
architectures.

Model Loss Inference speed (ms)

1D CNN 0.021 1.512
ResNet 1D 0.008 2.602
LSTM 0.014 1.384
Nonstationary transformer 0.019 4.136
TimesNet 0.020 3.655
AvgNet (GNN) 0.006 29.187
Our model 0.003 7.487
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