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Neural Network Design and Optimization of 2D 
Material Integrated Optical Polarizers 
David J. Moss  

Optical Sciences Centre, Swinburne University of Technology, Hawthorn Victoria, Australia; 
dmoss@swin.edu.au 

Abstract 

On-chip integration of highly anisotropic two-dimensional (2D) materials offers new opportunities 
for realizing high-performance polarization-selective devices. Obtaining optimized designs for such 
devices requires extensively sweeping large parameter spaces, which in conventional approaches 
relies on massive mode simulations that demand considerable computational resources. Here, we 
address this limitation by developing a machine learning model based on fully connected neural 
networks (FCNNs). Trained by using mode simulation results for low-resolution structural 
parameters, the FCNN model can accurately predict polarizer figures of merits (FOMs) for high-
resolution parameters and rapidly map the global variation trend across the entire parameter space. 
We test the performance of the FCNN model using two types of polarizers with 2D graphene oxide 
(GO) and molybdenum disulfide (MoS2). Results show that, compared to conventional mode 
simulation approach, our approach can not only reduce the overall computing time by about 4 orders 
of magnitude, but also achieve highly accurate FOM predictions with an average deviation of less 
than 0.04. In addition, the measured FOM values for the fabricated devices show good agreement 
with the predicted ones, with discrepancies remaining below 0.2. These results validate artificial 
intelligence (AI) as an effective approach for designing and optimizing 2D-material-based optical 
polarizers with high efficiency.  

Keywords: machine learning; 2D materials; optical polarizers; fully connected neural network 
 

Introduction 
The rapid advancement in artificial intelligence (AI) technology is revolutionizing the modeling 

and engineering of optical devices [1–4]. Compared to traditional simulation methods that rely on 
iterative Maxwell equations solving, AI offers a substantial improvement in computing efficiency by 
constructing neural networks that map structural parameters to optical responses, thereby directly 
capturing the underlying relationships [5–8]. This transformative approach is broadly applicable, 
with particular strength in addressing complex design challenges and optimizing sophisticated 
devices [1,2,9–11]. To date, the use of AI in optical device design has yielded substantial success in 
developing a variety of functional devices such as metasurfaces [8,12–15], nonlinear optical devices 
[16,17], electro-optic modulators [18], photodetectors [19–21], and quantum optical devices [22–24].  

Optical polarizers are essential building blocks for selecting and controlling light polarization 
states in optical systems [25–28]. Recently, two-dimensional (2D) materials with strong anisotropic 
light absorption and broadband response have been utilized to implement optical polarizers, offering 
high device performance and novel features beyond what traditional bulk materials can achieve 
[25,26,29–31]. The performance of 2D-material-based optical polarizers is highly dependent on their 
device structural parameters [25,30,32,33]. Optimizing the design for these devices typically requires 
extensive sweeps across large parameter spaces. Conventional methods, which rely on 
comprehensive simulations via mode simulation software, are computationally demanding, 
particularly given that accurate mode simulations for devices with 2D materials require extremely 
fine meshing [34–36]. 
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In this work, we develop a machine learning model based on fully connected neural networks 
(FCNNs) for the design and optimization of 2D-material-based optical polarizers. Trained on mode 
simulation results for low-resolution structural parameters, the FCNN model can accurately predict 
polarizer figures of merit (FOM) for high-resolution parameters and rapidly map the global FOM 
variation trend by sweeping the full parameter space. Two types of optical polarizers with 2D 
graphene oxide (GO) and molybdenum disulfide (MoS2) films are employed to test the performance 
of the FCNN model. Results show that our machine learning method can finish sweeping the full 
parameter space in 25‒35 s, in contrast to several months as required for mode simulations, and 
provides accurate FOM predictions with an average deviation (AD) of less than 0.04 relative to mode 
simulations. In addition, the measured FOM values for the fabricated polarizers agree well with those 
predicted by the FCNN model, with discrepancies below 0.2. These results confirm the effectiveness 
of AI as an efficient tool for the design and optimization of 2D-material-based optical polarizers.  

Results and Discussion 

Figure 1a shows the schematic of a 2D-material-based integrated waveguide polarizer, where a 
silicon (Si) photonic waveguide is coated with an atomically thin 2D material film, such as GO or 
MoS2. The right panel of Figure 1a depicts a schematic cross section of the hybrid waveguide, where 
W and H represent the width and height of the Si waveguide, respectively, and n, k, and d represent 
the refractive index, extinction coefficient, and thickness of the 2D material film, respectively. These 
structural parameters are critical for designing the polarizer and optimizing its performance. 

Recent studies have revealed that 2D materials such as graphene [26,29,31,37,38], GO 
[30,32,33,39,40], transition metal dichalcogenides (TMDCs) [41–45], and MXenes [46,47] exhibit 
strong anisotropy in their light absorption, with light propagating in the in-plane direction showing 
significantly stronger absorption than that in the out-of-plane direction. Due to the interaction 
between the evanescent field from Si waveguide and the 2D material film with strong anisotropy in 
its light absorption, the hybrid waveguide in Figure 1a exhibits significantly stronger light absorption 
for transverse electric (TE, in-plane) polarization compared to transverse magnetic (TM, out-of-plane) 
polarization. This enables it to function as an effective TM-pass optical polarizer. In addition, 2D 
materials can exhibit strong anisotropy in their light absorption over a broad spectral range spanning 
from visible to infrared wavelengths [25]. This wide bandwidth provides a significant advantage for 
2D-material-based integrated waveguide polarizers over conventional bulk Si photonic polarizers, 
which typically have limited operating bandwidths of less than 100 nm [26,29]. In the following 
discussion, we use 2D GO and MoS2 (a typical TMDC) films on a Si photonic platform as examples 
to demonstrate the effectiveness of our FCNN-based model. This choice is motivated by Si’s 
dominance in integrated photonic devices and our extensive prior research on these 2D material 
[30,42,48–50]. However, the operation principle is not limited to these 2D materials or Si platform and 
can be readily extended to other 2D materials (e.g., graphene and MXene) and integrated platforms 
(e.g., silicon nitride [51] and lithium niobate [52]). 

Figure 1b illustrates the process flow for using a machine learning approach to predict polarizer 
figures of merit (FOM’) for high-resolution structural parameters (W’, H’) based on mode simulations 
with low-resolution parameters (W, H). It mainly includes three steps.  

First, the 2D material parameters (n, k, d) are experimentally measured, which will be used for 
mode simulations in the next step. For instance, the 2D material film thickness can be characterized 
by using atomic force microscopy (AFM) [48]. The TE- and TM-polarized refractive indices (nTE, nTM) 
and extinction coefficients (kTE, kTM) of the 2D material film can be obtained by fitting the transmission 
spectra of 2D-material-coated microring resonators (MRRs) [53,54] based on the scattering matrix 
method [55,56].  
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Figure 1. | a, Schematic illustration of a 2D-material-based integrated waveguide polarizer consisting of a silicon 
(Si) photonic waveguide coated with a 2D material film such as graphene oxide (GO) and molybdenum disulfide 
(MoS2). The right panel shows the cross-sectional view of the hybrid waveguide, where W and H denote the 
width and height of the Si waveguide, respectively, and n, k, and d represent the refractive index, extinction 
coefficient, and thickness of the 2D material film, respectively. b, Schematic illustration of a fully connected 
neural network (FCNN) model used to predict polarizer figures of merit (FOM’) for high-resolution structural 
parameters (W’, H’) based on mode simulations with low-resolution structural parameters (W, H). 

Second, by using the measured 2D material parameters, mode simulations are performed for the 
hybrid waveguides with low-resolution (W, H) sets. For small values of W or H, the corresponding 
TE or TM modes may fail to converge, indicating that these dimensions meet the mode cut-off 
condition and the modes cannot physically exist. In such cases, the corresponding (W, H) is recorded 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 September 2025 doi:10.20944/preprints202509.1609.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1609.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 25 

 

as ‘Null’. When both TE and TM modes are converged, the power propagation losses (dB/cm) of the 
hybrid waveguide can be calculated by [53,54]  

 PLTE = －10 · log10  ቄ ൣexp൫－2π · kTE, eff · L / λ ൯൧2ቅ (1) 

 PLTM = －10 · log10  ቄ ൣexp൫－2π · kTM, eff · L / λ ൯൧2ቅ (2) 
where kTE, eff and kTM, eff are the imaginary parts of the effective refractive indices for the TE and TM 
modes, respectively, L = 1 cm is the waveguide length, and λ is the light wavelength. Based on Eqs. 
(1) and (2),  the polarizer figure of merit (FOM) can be further calculated by [30] 
 FOM = PDL / EIL = (PLTE － PLTM) / PLTM (3) 
where PDL is the power dependent loss defined as the difference between the TE- and TM- polarized 
insertion losses, and it has been widely employed to quantify the polarization selectivity of optical 
polarizers [25,32,33]. EIL is the minimum excess insertion loss induced by the 2D film, which equals 
to the excess insertion loss for TM polarization. In 2D-material-based optical polarizers, the 2D 
material films not only provide high polarization selectivity but also introduce excess insertion loss. 
Therefore, the FOM  defined in Eq. (3), which quantifies the trade-off between these two factors, is 
commonly used to assess the performance of 2D-material-based optical polarizers [25,29,30].  

Finally, the recorded ‘Null’ for (W, H) corresponding to non-converged modes and the 
calculated FOM values for (W, H) corresponding to converged modes are used as the training dataset 
for the FCNN model. Once trained, the FCNN model can not only determine whether the TE or TM 
modes converge for a much larger test dataset containing high-resolution (W’, H’), but also predict 
the corresponding polarizer figure of merits FOM’s for the converged modes. The detailed 
framework of the FCNN model will be introduced in Figure 2. For clarity in comparison, in our 
following discussion the parameters of the training and test datasets are labeled in the same manner 
but with slight difference. For example, FOM, W, and H refer to the parameters for the training 
dataset, whereas FOM’, W’, and H’ correspond to those for the test dataset.  

In order to optimize device structural parameters and achieve the maximum polarizer FOM, 
conventional approaches rely on commercial mode simulation software (such as COMSOL 
Multiphysics and Lumerical FDTD) to carry out exhaustive parameter sweeps over all sets of (W, H). 
For instance, scanning W ∈ [300, 1000] nm and H ∈ [100, 300] nm at 1-nm resolution would require 
simulations for over 140,000 sets of (W, H), with each simulation typically taking 5‒7 minutes. As a 
result, the computing time and cost become extremely high, particularly given the fact that the 2D 
material films (with thicknesses typically on the order of 1 nm) require ultra-fine mesh resolution to 
ensure accurate mode simulations.  

In contrast, our approach uses machine learning to extract and model the relationships between 
structural parameters and modal behavior from a small number of (W, H) sets, allowing for rapid 
prediction of arbitrary high-resolution (W’, H’). In addition, performing an exhaustive sweep over all 
high-resolution (W’, H’) using our method adds minimal extra time compared to predicting a single 
set. For example, predicting the FOM’ for one set with converged mode takes 40‒80 ms, while 
sweeping over 140,000 sets of (W’, H’) requires only 25‒35 seconds, with each additional set 
contributing less than 1 ms to the total computing time. Except for saving substantial computing time 
and cost, our method also delivers high prediction accuracy. For example, using 396 sets of (W, H) as 
the training dataset, our method can achieve a high accuracy of ~99.0% in predicting mode 
convergence and a low average deviation (AD) of 0.018 when predicting the FOM’ for over 140,000 
sets of (W’, H’). 

Figure 2a illustrates the framework of the FCNN model designed for first identifying converged 
modes and then predicting the corresponding polarizer FOM’ for them. The trained FCNN model, 
which takes the high-resolution test dataset (W’, H’) as input, is composed of two subnetworks. The 
first one (FCNN-1) determines whether a mode is converged or not, and the second one (FCNN-2) 
predicts the polarizer FOM’ for the converged modes. Only the (W’, H’) corresponding to converged 
modes are sent to FCNN-2, which outputs the predicted FOM’ values. Both FCNN-1 and FCNN-2 
have a similar architecture consisting of an input layer, multiple hidden layers, and an output layer, 
as illustrated in the inset of Figure 2a. Each layer contains a number of neurons, and every neuron is 
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fully connected to all neurons in the following layer through weighted links. This architecture is 
typical for FCNNs, and similar to that in Refs [57,58]. Figure 2b illustrates the operation flow for a 
single neuron in FCNN-1, as marked by the dashed box in Figure 2a. The neuron takes a weighted 
sum of the outputs from all neurons in the previous layer, incorporates a bias, and outputs the result 
after applying a nonlinear activation function. 

 
Figure 2. | a, Schematic illustration of the framework of the FCNN model, which consists of two subnetworks 
FCNN-1 and FCNN-2 for identifying mode convergence and predicting polarizer FOM’s, respectively. Inset in 
the right panel illustrates the architecture of FCNN-1, which includes an input layer (L = 1), multiple hidden 
layers (L = 2, 3, …, m-1), and an output layer (L = m). b, Schematic of a single neuron in FCNN-1, as marked by 
the dashed box in a. c, Binary cross-entropy (BCE) loss and accuracy versus epoch for the training and validation 
datasets in training FCNN-1. d, Root mean square error (RMSE) and R2-score versus epoch for the training and 
validation datasets in training FCNN-2. 

Before using the FCNN model in Figure 2a to identify converged modes and predict their 
corresponding polarizer FOM’ for high-resolution (W’, H’) sets, we trained it with the low-resolution 
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training dataset (W, H). We started with training of FCNN-1 for mode convergence identification. 
Training dataset consisting of (W, H, C) pairs was constructed, with C encoded as 1 for converged 
and 0 for non-converged modes. This dataset was then normalized and passed forward to the input 
layer, generating the input vector h1 = (Wnorm, Hnorm). For a given layer p, the output hp, j of the j-th 
neuron is calculated by [59–61] 

 hp, j = 𝑓 (∑  wp, ij · hp-1, i + bp, j
q
i=1 ) (4) 

where q is the total number of neurons in the layer p-1, hp-1, i is the output of the i-th neuron in the 
layer p-1, wp, ij is the connection weight from the i-th neuron in the (p-1)-th layer to the j-th neuron in 
the p-th layer, 𝑏p, j is the bias of the j-th neuron in the current layer, and f is the activation function. 
The activation function f (x) is ReLU [62] throughout the network, except in the output layer where 
Sigmoid is applied, yielding the final output y ∈ [0, 1]. When y > 0.5, the input (W, H) is classified as 
a converged mode, if not, it is classified as non-converged. During the training, FCNN-1 evaluated 
its results against the ground-truth labels using the binary cross-entropy (BCE) loss and accuracy 
[7,63]. The gradients backpropagated to iteratively update the weights w and biases b across all layers, 
thereby enabling the network to learn the input-output mapping. 

Following the training of FCNN-1, we trained FCNN-2 to perform polarizer FOM’ prediction. 
Mode-converged (W, H, FOM) sets were constructed as the training dataset and fed into FCNN-2. 
Similarly, FCNN-2 employs forward (Eq. (4)) and backpropagation, sharing a comparable fully 
connected architecture with FCNN-1. The key differences lie in their learning objectives and output 
designs. FCNN-1 performs binary convergence identification using a Sigmoid activation, with its 
performance evaluated by classification metrics such as BCE loss and accuracy. In contrast, FCNN-2 
predicts continuous FOM values using a ReLU output activation, and its performance is assessed by 
regression metrics such as root mean square error (RMSE) and R2-score [7,63,64].  

Figure 2c shows BCE loss and accuracy versus epoch for the training and validation datasets 
during the training of FCNN-1. We employed the Adam optimizer [65] with a learning rate of 1×10-

4, a batch size of 128, and an early stopping criterion of 50 epochs. During the training process, the 
BCE loss decreased, whereas the accuracy increased. Until the metrics reached stable states after ~320 
epochs, the model converged with a BCE loss of ~3.0×10-3 and an accuracy of ~99.9% for the training 
dataset, as well as a BCE loss of ~3.0×10-3 and an accuracy of ~99.8% for the validation dataset. These 
indicate that the model successfully converged to achieve an optimal level of identification 
performance.  

Figure 2d shows RMSE and R2-score versus epoch for both training and validation datasets 
during the training of FCNN-2. The model was also trained using the Adam optimizer [65] with the 
same learning rate and early stopping criterion but a different batch size of 16. This is mainly due to 
the smaller size of the FCNN-2 dataset, where using a reduced batch size can effectively regularize 
the model against overfitting. As training progressed, a decrease in the RMSE was accompanied by 
an increase in the R2-score. After ~1300 epochs, the metrics stabilized, with the training dataset 
reaching an RMSE of ~2.5×10-2 and an R2-score of ~0.999. On the other hand, the validation dataset 
achieved a BCE loss of ~4.6×10-2 and an R2-score of ~0.997. These results confirm that FCNN-2 also 
converged into a stable state with robust predictive performance. 

Based on the FCNN framework in Figure 2, we trained models for optimizing the FOM for GO-
coated Si waveguide polarizers across varying waveguide width W and height H. For comparison, 
we selected training datasets containing different numbers of (W, H) sets, which correspond to 
different step sizes (i.e., Δ = 80 nm, 40 nm, and 20 nm) between adjacent parameters within the ranges 
of W ∈ [300, 1000] nm and H ∈ [100, 300] nm. A smaller step size Δ results in a larger number of (W, 
H) sets in the training dataset. For example, for mode-convergence identification, the dataset with Δ 
= 20 nm contains 396 sets, whereas the dataset with Δ = 80 nm only has 27 sets. The ranges of W and 
H were chosen to roughly span the convergence boundaries of the fundamental TE and TM modes 
for single-mode Si waveguides operating near 1550 nm. In addition, a high-resolution test dataset, 
generated with Δ’ = 1 nm within the same ranges of W’ ∈ [300, 1000] nm and H’ ∈ [100, 300] nm, was 
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used to evaluate the trained models for mode-convergence identification and polarizer FOM’ 
prediction. 

Figure 3a shows the FOM of GO-Si waveguide polarizer versus low-resolution (W, H) with a 
step size of Δ = 80 nm. The FOM values were calculated based on mode simulations using commercial 
software (COMSOL Multiphysics), and the ‘Null’ region corresponds to the (W, H) with non-
converged TE or TM modes in the simulations. In our mode simulations, the GO film parameters (n, 
k, d) were obtained from our experimental measurements reported in Refs. [30,32]. For Δ = 80 nm, the 
(W, H) parameter space contains only 27 sets. As a result, Figure 3a appears as large, discretized 
patches, reflecting the limited resolution of the training dataset. 

 

Figure 3. | a, c, e, FOM of GO-Si waveguide polarizer versus low-resolution (W, H) with Δ = 80 nm, 40 nm, and 
20 nm, respectively, where Δ is the step size between adjacent waveguide parameters within ranges of W ∈ [300, 
1000] nm and H ∈ [100, 300] nm. The FOM values were calculated based on mode simulations and the ‘Null’ 
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regions denote the cases of non-converged TE or TM modes in the simulations. b, d, f, FOM’ versus high-
resolution (W’, H’) with Δ’ = 1 nm. The FOM’ values were predicted using FCNN-2, which was trained by using 
the data in a, c, e, respectively. The ‘Null’ regions denote the cases of non-converged TE or TM modes, which 
were predicted using FCNN-1. g, Accuracy of FCNN-1 and average deviation (AD) of FCNN-2 versus Δ. h, TE 
and TM mode profiles corresponding to a high- and a low-FOM’ point in f, marked by ‘＊’ and ‘＋’, respectively. 

Figure 3b shows FOM’ versus high-resolution (W’, H’) with Δ’ = 1 nm, which was generated by 
the FCNN model in Figure 2a, trained using the low-resolution dataset in Figure 3a. The ‘Null’ region 
indicates cases of non-converged TE or TM modes identified by FCNN-1, whereas the FOM’ values 
in the convergent region were predicted by FCNN-2. Compared with Figure 3a, the results in Figure 
3b exhibit much higher resolution, where the convergence boundaries and the trend of FOM’ 
variation remain consistent with the low-resolution results obtained from mode simulations. This 
demonstrates that the trained FCNN model can effectively predict high-resolution FOM’ by 
capturing how the variations in waveguide structural parameters influence mode convergence and 
FOM. We also note that the change of FOM’ with either W’ or H’ is non-monotonic, mainly resulting 
from non-monotonic changes in the mode overlap with the GO film. This complex dependence 
cannot be accurately modelled by simple interpolation or polynomial fitting, highlighting the 
challenges in optimizing the performance of such devices. In contrast, our machine learning approach 
can efficiently capture complex dependencies from a low-resolution dataset, providing a powerful 
tool for optimizing device structural parameters to achieve maximum FOM’. 

Figure 3c,e show the FOM of GO-Si waveguide polarizer versus (W, H) with step sizes of Δ = 40 
nm and 20 nm, respectively. Figure 3d,f show the corresponding FOM’ versus high-resolution (W’, 
H’) with Δ’ = 1 nm. For Δ = 40 nm and 20 nm, the training datasets contain 108 and 396 sets of (W, H), 
respectively. Compared with Figure 3a, these larger datasets provide more detailed mode simulation 
results for training our FCNN model. Similar to Figure 3b, the higher-resolution results in Figure 3d 
and 3f also capture the variation trends of the convergence boundaries and FOM obtained from mode 
simulations, further demonstrating that the FCNN model can effectively perform predictions based 
on low-resolution datasets.  

Although the results in Figure 3b,d,f display the same resolution for (W’, H’), they actually have 
different prediction accuracies resulting from different sizes of their training datasets. To 
quantitatively analyze the prediction accuracy, we plot the accuracy of FCNN-1 and the average 
deviation (AD) of FCNN-2 for various Δ in Figure 3g. The accuracy of FCNN-1 is defined as the 
proportion of correctly classified cases, whereas the AD of FCNN-2 represents the mean absolute 
deviation between the values of predicted FOM’ and simulated FOM. As Δ decreases, the training 
dataset becomes larger, leading to increased accuracy of FCNN-1 and decreased AD of FCNN-2. This 
indicates that a larger training dataset allows the FCNN model to better capture the underlying 
relationships and thus improve prediction accuracy. At Δ = 20 nm, a maximum FCNN-1 accuracy of 
~99.0% and the minimum FCNN-2 AD of ~0.018 are achieved. When Δ decreases from 40 nm to 20 
nm, the variations in these two parameters become more significant than those observed when Δ 
decreases from 80 nm to 40 nm. This reflects the fact that the variation in prediction accuracy with 
the size of training dataset does not follow a linear trend. This is not surprising, as enlarging the 
training dataset not only increases the number of training (W, H) sets but also reveals finer variations 
in the (W, H) – FOM mapping that are not captured by smaller datasets. 

Figure 3h shows the TE and TM mode profiles corresponding to a high- and a low-FOM’ point 
in Figure 3f marked by ‘＊’ and ‘＋’, respectively. The FOM’ values of these two points are ~5.16 and 
~0.25, and the corresponding waveguide structural parameters (W’, H’) are (436 nm, 201 nm) and (579 
nm, 238 nm), respectively. The huge difference between the high and low FOM’ values highlights the 
significance of optimizing waveguide structural parameters in the design of 2D-material-based 
optical polarizers. In addition, FOM values of ~5.13 and ~0.25 were obtained from mode simulations 
using the same waveguide structural parameters, closely matching the FOM’ values predicted by our 
FCNN model and reflecting the accuracy of our machine learning approach. We also note that the 
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highest FOM’ values in Figure 3f are achieved near the mode convergence boundary, for example, 
the FOM’ value at (439 nm, 200 nm) is ~5.28. Although selecting (W, H) exactly at the convergence 
boundary can maximize the polarizer FOM, this comes at the expense of a limited operation 
bandwidth. For practical devices, the trade-off between an increased polarizer FOM and a decreased 
operation bandwidth should be balanced. A practical solution is to choose (W, H) slightly offset from 
the convergence boundary, which can provide a relatively high FOM together with a minor decrease 
in the operation bandwidth. These results further reflect the complexity in optimizing the 
performance of 2D-material-based optical polarizers. 

In Figure 3, we compare the performance of our FCNN model using training datasets of different 
sizes (i.e., Δ = 80, 40, and 20 nm) while keeping a fixed test dataset size of Δ’ = 1 nm.  In Figure 4, we 
further compare the performance of our FCNN model for test datasets of different sizes (i.e., Δ’ = 10, 
5, 2, and 1 nm) while keeping the size of training dataset fixed at Δ = 20 nm. Here, we choose Δ = 20 
nm for the training dataset because it provides the best prediction accuracy in Figure 3.  

As shown in Figure 4a, the training dataset is generated with a step size of Δ = 20 nm and 
includes the FOM values of GO-coated Si waveguide polarizers for 396 sets of (W, H). Similar to 
Figure 3a, the FOM values were calculated based on mode simulations, and the ‘Null’ region 
corresponds to the (W, H) with non-converged TE or TM modes. Figure 4b‒e show FOM’ versus 
higher-resolution (W’, H’) with Δ’ = 10, 5, 2, and 1 nm, respectively, which were obtained by training 
the FCNN model using the low-resolution dataset in Figure 4a. As Δ’ decreases from 10 nm to 1 nm, 
the number of (W’, H’) sets in the test dataset increases from 1491 to 140,901, resulting in more refined 
convergence boundaries and more detailed FOM’ characteristics.  

In Figure 4f, we compare the accuracy of FCNN-1 and the AD of FCNN-2 for various Δ’ in Figure 
4b‒e. A decrease in Δ’ (i.e., a larger test dataset) results in decreased accuracy of FCNN-1 and 
increased AD of FCNN-2, showing a trend opposite to that observed in Figure 3g. This indicates that 
the FCNN model achieves lower prediction accuracy when applied to finer resolutions of the 
waveguide structural parameters. When Δ’ decreases from 10 nm to 1 nm, the accuracy of FCNN-1 
decreases from ~99.8% to ~99.0%, whereas the AD of FCNN-2 increases from ~0.01 to ~0.018, showing 
only minor degradation in the prediction accuracy. This confirms the accuracy of our FCNN model 
when applied to test datasets much larger than the training dataset. 

To demonstrate the universality of our approach, the FCNN model in Figure 2a was also applied 
to optimizing the FOM of MoS2-Si waveguide polarizers. Following the same procedure for 
optimizing the GO-Si polarizers, the model was trained using mode simulation results for low-
resolution (W, H) sets, and its prediction accuracy is evaluated on a larger test dataset consisting of 
high-resolution (W’, H’) sets.  

Figure 5a shows the FOM of MoS2-Si waveguide polarizer versus low-resolution (W, H) with a 
step size of Δ = 20 nm. Similar to Figures 3a and 4a, the FOM values and the ‘Null’ region 
corresponding to non-converged TE or TM modes were obtained based on mode simulations. In our 
mode simulations, the MoS2 film parameters (n, k, d) were obtained from our experimental 
measurements reported in Ref. [50]. In Figure 5b, higher-resolution FOM’ values were predicted at a 
step size of Δ’ = 1 nm. Both the FOM’ values and ‘Null’ region were predicted by the FCNN model 
trained by using the low-resolution dataset in Figure 5a. As can be seen, the higher-resolution 
predictions not only closely match the low-resolution results, but also reveal finer features of the 
convergence boundaries and FOM variation ‒ similar to those observed in Figure 4e. 
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Figure 4. | a, FOM of GO-Si waveguide polarizer versus low-resolution (W, H) with Δ = 20 nm. The FOM values 
were calculated based on mode simulations and the ‘Null’ regions denote the cases of non-converged TE or TM 
modes in the simulations. b, c, d, e, FOM’ versus high-resolution (W’, H’) with Δ’ = 10 nm, 5 nm, 2 nm, 1 nm, 
respectively. The FOM’ values were predicted using FCNN-2, which was trained by using the data in a. The 
‘Null’ regions represent the cases of non-converged TE or TM modes, which were predicted using FCNN-1. f, 
Accuracy of FCNN-1 and AD of FCNN-2 versus Δ’. 

Figure 5c shows the TE and TM mode profiles corresponding to a high- and a low-FOM’ point 
in Figure 5b marked by ‘＊ ’ and ‘＋ ’, respectively. The corresponding waveguide structural 
parameters (W’, H’) are (436 nm, 201 nm) and (579 nm, 238 nm), with FOM’ values of ~7.21 and ~0.71, 
respectively. Mode simulations show FOM values of ~7.23 and ~0.72 for the same structural 
parameters ‒ agreeing well with the predicted FOM’ values. This confirms that our FCNN model is 
also effective for optimizing MoS2–Si optical polarizers.  
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Figure 5. | a, FOM of MoS2-Si waveguide polarizer versus low-resolution (W, H) with Δ = 20 nm. The FOM 
values were calculated based on mode simulations and the ‘Null’ regions denote the cases of non-converged TE 
or TM modes in the simulations. b, FOM’ versus high-resolution (W’, H’) with Δ’ = 1 nm. The FOM’ values were 
predicted using FCNN-2, which was trained by using the data in a. The ‘Null’ regions represent the cases of non-
converged TE or TM modes, which were predicted using FCNN-1. c, TE and TM mode profiles corresponding 
to a high- and a low-FOM’ point in b, marked by ‘＊’ and ‘＋’, respectively. d, Comparison of the AD of FCNN-
2 between GO-Si and MoS2-Si polarizers. 

Figure 5d compares the accuracy of our FCNN model for predicting GO-Si and MoS2-Si 
polarizers. For mode convergence identification, since the influence of ultrathin 2D materials on 
mode convergence is negligible as compared to bulk Si waveguides, the prediction accuracy of 
FCNN-1 for the two types of polarizers is almost the same (which has already been shown in Figure 
4f). Therefore, here we focus on comparing FOM’ prediction based on FCNN-2. As shown in Figure 
5d, the AD of FCNN-2 for predicting MoS2-Si polarizers is ~0.033, which is slightly higher than ~0.018 
obtained for GO-Si polarizers. Such difference can be attributed to a larger FOM value range of MoS2 
polarizers (i.e., [0, 8]) as compared to that for GO polarizers (i.e., [0, 6]). When the target variable spans 
a wider range, the FCNN model needs to learn a more extensive input-output mapping. With a fixed 
training dataset size, certain subranges might receive insufficient coverage, thus leading to increased 
prediction deviations. Nevertheless, the two types of polarizers exhibit small AD values on the order 
of 10-2. This confirms the high accuracy of our machine learning approach when applied to different 
types of 2D-material-based optical polarizers. 

To provide a comprehensive evaluation of our approach, we test our FCNN model under 
various conditions and compare the performance with respect to computing time and prediction 
accuracy. Figure 6a compares the single-point computing times of the mode simulation and machine 
learning methods. Results for ten test points are shown, each corresponding to a specific (W, H) for 
mode simulation or a (W’, H’) serving as input for the FCNN model. The computing times for the 
FCNN-based machine learning method are evaluated in two stages, one corresponds to predictions 
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of mode convergence using only FCNN-1, and the other corresponds to predictions of FOM’ using 
both FCNN-1 and FCNN-2.  

 

Figure 6. | a, Comparison of single-point computing times (across 10 tests) between the mode simulation and 
the machine learning methods. b, Overall computing time of the FCNN model for all (W’, H’) in the test dataset 
with a step size of Δ’ = 1 nm versus step size of Δ for (W, H) in the training dataset. In a and b, the results for 
FCNN model include two curves: one corresponds to predictions of mode convergence using only FCNN-1, the 
other corresponds to predictions of FOM’ using both FCNN-1 and FCNN-2. c, Accuracy of FCNN-1 versus Δ. d, 
Confusion matrix of FCNN-1 corresponding to point in the dashed circle marked in c. e, AD of FCNN-2 versus 
Δ for GO-Si and MoS2-Si polarizers. f, Comparison between FCNN-2 predictions and mode simulation results 
for the points in the dashed circle marked in e. Each dot represents one data point, and the black dashed line 
indicates the diagonal reference. 

As can be seen, the mode simulation method requires ~300–400 s to finish computing for one 
point. This process includes three steps: (i) performing mode simulations with software, (ii) manually 
identifying fundamental TE or TM modes and verifying convergence, and (iii) calculating the FOM 
values based on the mode simulation results. In our case, mode simulations (using COMSOL 
Multiphysics) in the first step account for over 80% of the total computing time, which was performed 
on a standard personal computer equipped with an Intel(R) Core (TM) i7-7700K CPU running at 4.20 
GHz and 32.0 GB of RAM. In contrast, the trained FCNN model completed mode convergence 
identification through FCNN-1 in only ~0.01–0.03 s, and the entire FOM’ prediction process involving 
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both FCNN-1 and FCNN-2 required only ~0.04–0.08 s ‒ about 4 orders of magnitude faster than the 
mode simulation method. This remarkable acceleration results from replacing repeated numerical 
solving with a simple forward pass of the trained network, in which the input parameters are 
processed through a series of matrix multiplications and nonlinear activation functions to produce 
the output.  

Figure 6b shows overall computing time of the FCNN model versus step size of Δ for (W, H) in 
the training dataset. The overall computing time refers to the total time required for all (W’, H’) in the 
test dataset with a step size of Δ’ = 1 nm. Similar to Figure 3, a larger Δ leads to a smaller size of the 
training dataset. As the step size Δ increases from 5 nm to 80 nm, the number of (W, H) sets decreases 
from 5781 to 27. Since the prediction of FCNN-1 for mode convergence identification mainly depends 
on the model architecture and the size of test dataset, the overall computing time for FCNN-1 remains 
largely unaffected by the size of the training dataset, staying nearly constant at ~5 s. On the basis of 
FCNN-1, FCNN-2 was employed to predict the FOM’ values for (W’, H’) corresponding to the 
converged modes. The overall computing times for both FCNN-1 and FCNN-2 remain in the range 
of ~25–35 s. Compared with FCNN-1, FCNN-2 dominates the overall computing time, accounting for 
~80 %. The higher computing time of FCNN-2 arises from its need to perform more complex 
regression tasks for accurate prediction of FOM’ values (as compared to FCNN-1 that only carries 
out binary classification for mode convergence identification), as well as its larger network 
architecture (e.g., having 128 neurons per hidden layer compared with 64 in FCNN-1). We also note 
that the overall computing times for both FCNN-1 and FCNN-2 show no significant variation with 
the size of training dataset, mainly because the forward computing time of the FCNN model 
primarily depends on the complexity of the model architecture and the size of test dataset.  

According to Figure 6a,b, the mode simulation method requires ~300–400 s to finish computing 
for a single point. Exhaustively sweeping all (W’, H’) in the test dataset with a step size of Δ’ = 1 nm 
results in an overall computing time on the order of ~107 s (i.e., over 100 days of continuous running), 
highlighting the extremely demanding computing time and cost. In contrast, our FCNN model offers 
substantial savings in computing time and cost, requiring less than 40 s to exhaustively sweep all (W’, 
H’) in a test dataset of the same size. This also highlights the advantage of our FCNN model in 
handling massive sets of device structural parameters for performance optimization. 

In addition to computing time, prediction accuracy serves as another key metric for evaluating 
the performance of the FCNN model. Figure 6c illustrates accuracy of FCNN-1 versus Δ, where the 
step size of test dataset is fixed at Δ’ = 1 nm. Here we present additional results for different Δ values 
to extend the results in Figure 3g and provide a more detailed analysis of the influence of training 
dataset size on the prediction accuracy. The accuracy of FCNN-1 decreases as Δ increases. The 
decrease is gradual for Δ in the range of [2, 20], and becomes more significant for larger Δ values, 
indicating that prediction accuracy does not decrease linearly with increasing training dataset size. 
This is a combined result caused by multiple factors ‒ most notably reduced data diversity and 
inadequate representation of feature distributions ‒ which limit FCNN-1 to capture finer variations 
in the input-output mapping that are essential for achieving higher prediction accuracy. Although a 
larger training dataset improves the accuracy of FCNN-1, it also increases the computing time and 
cost required for constructing the training dataset. Therefore, a trade-off between them should be 
properly balanced for practical applications. In our case, the selection of Δ = 20 nm in Figures 4 and 
5 was also based on considerations of such trade-off. 

Figure 6d shows the confusion matrix of FCNN-1 with a step size of Δ = 20 nm for the training 
dataset, which corresponds to the point in the dashed circle marked in Figure 6c. The confusion 
matrix can be used to evaluate the agreement between the truth and predicted labels for mode 
convergence identification, where ‘C’ denotes converged modes and ‘NC’ represents non-converged 
TE or TM modes. The values in the matrix represent the numbers of (W’, H’) sets for different cases, 
and their sum equals 140,901, which is the total number of (W’, H’) sets in the test dataset. In our test, 
we observed that 101,475 sets for converged modes and 38,058 sets for non-converged modes were 
correctly identified, and only 465 sets for non-converged modes and 903 sets for converged modes 
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were misclassified as the opposite label. These results in an overall accuracy of FCNN-1 exceeding 
99% and an error rate below 1%. This demonstrates that the high accuracy of FCNN-1 for mode 
convergence identification and its reliability in supporting subsequent prediction of FOM’ using 
FCNN-2.  

In Figure 6e,f, we further evaluate the prediction accuracy of FCNN-2. Figure 6e shows the AD 
of FCNN-2 versus step size Δ of the training dataset. Here we show the results for both GO-Si and 
MoS2-Si polarizers with the same step size of Δ’ = 1 nm for the test dataset. Similar to Figure 6c, the 
prediction accuracy decreases with increasing Δ, and the variation of AD with Δ does not exhibit a 
linear relationship. In addition, FCNN-2 also involves a trade-off between improving prediction 
accuracy and controlling the cost for constructing the training dataset. In Figure 6e, a dramatic 
increase in the AD of FCNN-2 is observed only when Δ rises beyond 20 nm, which was another reason 
for selecting Δ = 20 nm in Figures 4 and 5.  

Figure 6f shows the comparison between FCNN-2 predictions and mode simulation results for 
the points in the dashed circle marked in Figure 6e. The step size of training dataset is Δ = 20 nm, and 
the step size of test dataset is Δ’ = 1 nm. Each dot represents one data point, and the black dashed line 
indicates the diagonal reference. As can be seen, the points for both GO and MoS2 polarizers cluster 
closely around the diagonal reference, indicating high prediction accuracy of FCNN-2. In addition, 
the MoS2 polarizers exhibit greater errors compared with GO polarizers, as explained in the 
discussion of Figure 5d. The inset of Figure 6f shows the corresponding prediction error distribution 
curves. Compared with the MoS2 polarizers, the GO polarizers exhibit a higher and narrower zero-
centered error distribution, indicating better prediction accuracy and consistency.  

To further validate the effectiveness of our FCNN model, we practically fabricate GO-Si and 
MoS2-Si waveguide polarizers. In our fabrication, we first fabricated uncoated Si waveguides on a 
silicon-on-insulator (SOI) wafer with a 220-nm-thick top Si layer and a 2-μm-thick silica layer. The 
waveguide patterns were defined using 248-nm deep ultraviolet photolithography, followed by 
inductively coupled plasma (ICP) etching that enabled waveguide formation. Next, a 1.5-μm-thick 
silica upper cladding layer was deposited on the SOI chip via plasma enhanced chemical vapor 
deposition (PECVD). Finally, windows of different lengths were opened on the upper cladding 
through the processes of photolithography and reactive ion etching (RIE) to enable the coating of 2D 
material films onto the Si waveguides. All the fabricated Si waveguides had the same length of ~3.0 
mm, and the lengths of opened windows (i.e., the 2D film coating lengths) ranged between ~0.1 mm 
and ~2.2 mm.  

After fabricating the uncoated Si waveguides, monolayer 2D material films were coated on them 
using different methods. For GO, we employed a solution-based approach that enabled transfer-free 
and layer-by-layer film coating. For MoS2, MoS2 films were synthesized by low-pressure chemical 
vapor deposition (LPCVD) and subsequently transferred onto the Si waveguides using polymer-
assisted transfer process. Detailed fabrication processes for these are provided in Refs. [32,33,48] 

Figure 7a,b show microscopic images of the fabricated GO-Si and MoS2 -Si waveguide polarizers. 
The transferred 2D material films exhibit good morphology and uniform coverage across the SOI 
chip surface, confirming the effectiveness and quality of the film coating. Figure 7c,d show Raman 
spectra of SOI chips before and after coating 2D GO and MoS2 film, respectively. The Raman spectra 
were characterized by using a ~514-nm excitation laser. The presence of characteristic peaks at ~1345 
cm-1 and ~1590 cm-1 for the GO-coated chip, and at ~384 cm-1 and ~404 cm-1 for the MoS2-coated chip, 
provides evidence for successful on-chip integration of these 2D films.  
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Figure 7. | a, b, Microscopic images of fabricated GO-Si and MoS2-Si waveguide polarizers on silicon-on-
insulator (SOI) chips, respectively. c, d, Measured Raman spectra of SOI chips before and after coating 2D GO 
and MoS2 films, respectively. e, f, Experimentally measured FOM (Exp.) and FOM’ predicted by the FCNN 
model (FCNN) versus Si waveguide width (W) for the GO-Si and MoS2-Si polarizers, respectively. In c and d, 
the Si waveguide height is H = 220 nm. 

Figure 7e,f compare the experimentally measured FOM values with FOM’ values predicted by 
the FCNN model. The data points for the experimental results depict the average of measurements 
on four devices with different 2D film coating lengths (i.e., 0.2 mm, 0.4 mm, 1.0 mm, 2.2 mm), and the 
error bars illustrate the variations among these devices. As can be seen, the predicted FOM’ values 
agree well with the experimental results, with minor discrepancies mainly arising from fabrication-
induced variations in the device structural parameters (e.g., 2D film thicknesses). For both types of 
polarizers, the predicted and measured values differ by less than 0.2, with the minimum deviation 
reaching 0.01. These results highlight the high accuracy of our FCNN model in guiding practical 
device design. Since we only have SOI wafers with a 220-nm-thick top Si layer, we are unable to 
fabricate GO and MoS2 polarizers achieving higher FOM’ values in Figures 3 and 5. As discussed in 
Figure 3h, the highest FOM’ values are usually achieved near the mode convergence boundary, 
where choosing (W, H) exactly at the boundary can maximize the polarizer FOM but limit the 
operation bandwidth. Therefore, the variation trend of FOM’, which provides valuable guidance for 
balancing the above trade-off, is more important than simply finding the highest FOM’ points. As 
discussed in Figure 3b, our machine learning method is particularly powerful in mapping the global 
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variation trend of FOM’ by rapidly sweeping across all sets of device structural parameters. This 
highlights the strength of our approach in addressing the complex requirements of practical device 
design. These results are applicable to a wide range of linear and nonlinear integrated devices 
including microcombs Refs. [67–144] and graphene oxide based integrated chips, Refs. [145–186] 
quantum optical chips Refs. [187–202] and a range of other devices. Refs. [187–212] 

Conclusions 

In summary, an FCNN-based machine learning model is developed for design and optimization 
of 2D-material-based optical polarizers. Trained on mode simulation results for low-resolution 
structural parameters, the FCNN model can accurately predict the polarizer FOM values for high-
resolution structural parameters and rapidly sweep the entire parameter space to map the global 
variation trend. The performance of the FCNN model is tested using two types of polarizers with 2D 
GO and MoS2 films. Results show that our machine learning method can reduce the overall 
computing time from several months as required for mode simulations to ~30 s, and achieve accurate 
FOM predictions with an average deviation of less than 0.04 relative to mode simulation results. In 
addition, the measured FOM values of fabric[67–144ated polarizers show excellent agreement with 
those predicted by the FCNN model, with the discrepancies remaining below 0.2. Our work opens 
new avenues for leveraging AI to facilitate the design and optimization of 2D-material-based optical 
polarizers. 

Declaration of competing interest: The authors declare no competing interests.  
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