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Abstract

Reduced graphene oxide (rGO) exhibits strong anisotropic light absorption and high compatibility
with photonic integrated chips, making it a promising material for implementing high-performance
on-chip polarization-selective devices. The performance of rGO integrated waveguide polarizers is
highly dependent on the waveguide geometry, and achieving optimal performance requires
exploring a large parameter space, making conventional mode simulation methods computationally
demanding. Here, we propose and demonstrate a machine learning framework based on fully
connected neural networks (FCNNs) to map the dependence of the polarizer figure of merit (FOM)
on the waveguide geometry. Once trained by using a small dataset of low-resolution mode
simulation results, the FCNN framework can rapidly and accurately predict FOM values across a
large structural parameter space with high resolution. Results show that this method can reduce
overall computing time by more than 4 orders of magnitude as compared to the mode simulation
methods, and achieve high prediction accuracy with an average deviation (AD) below 0.05. These
results highlight the FCNN-based machine learning framework as an efficient tool for the design and
optimization of rGO integrated waveguide polarizers.

Keywords: waveguide; polarizer; graphene oxide

1. Introduction

Polarization control is fundamental to optical technologies, and polarizers serve as essential
components that enable this function by allowing one polarization state to propagate while
suppressing the orthogonal state [1-4]. Recently, on-chip integration of two-dimensional (2D)
materials with strong anisotropic light absorption and broadband optical response has emerged as
an attractive approach for realizing integrated polarizers with wide operation bandwidth and high
polarization selectivity [3-7]. Particularly, reduced graphene oxide (rGO) has shown several unique
advantages among various 2D materials [8-11]. First, it exhibits much stronger anisotropic light
absorption than graphene oxide (GO), enabling enhanced polarization selectivity for rGO polarizers
[10,12,13]. Second, rGO can be easily produced by reducing GO, retaining the benefits of solution-
based and transfer-free methods for on-chip integration of 2D GO films and offering excellent
compatibility with photonic integrated chips [14-16]. Finally, in contrast to GO that typically
undergoes reduction under elevated temperatures and high optical powers, rGO exhibits
significantly improved thermal stability and power endurance, making it particularly advantageous
for high-power applications [8,11,16].

The performance of rGO integrated waveguide polarizers, quantitatively evaluated by the
polarizer figure of merit (FOM), is highly dependent on the waveguide structural parameters [8]. In
conventional methods, optimizing the structural parameters to achieve high FOM values requires
extensive mode simulations across large structural parameter spaces. Such simulations rely on
numerical mode simulation software and are computationally demanding, especially since accurate
simulations of waveguides incorporating 2D materials require extremely fine meshing [17-19].
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Recently, rapid advances in artificial intelligence (AI) technology are revolutionizing the
modeling and design of optical devices [20-23]. Unlike conventional simulation approaches that
depend on iteratively solving Maxwell's equations, Al significantly enhances computational
efficiency by constructing neural networks that directly map structural parameters to optical
responses, thereby capturing underlying physical relationships [24-27]. This transformative
paradigm offers broad applicability, demonstrating notable strengths in tackling complex design
challenges and optimizing sophisticated photonic structures [21,23,28-30]. Up to now, Al-driven
methods have achieved considerable success in designing diverse functional devices, including
metasurfaces [24,31-34], nonlinear optical devices [35,36], electro-optic modulators [37],
photodetectors [38-40], and quantum optical devices [41-43].

In this work, we propose a machine learning framework based on fully connected neural
networks (FCNNs) to optimize the performance of rGO integrated waveguide polarizers. Trained by
using a small dataset of low-resolution mode simulation results, the FCNN framework can predict
the FOM values across a large structural parameter space with high resolution. Compared with
traditional mode simulation methods, this approach not only reduces overall computing time by
more than 4 orders of magnitude, but also achieves high prediction accuracy with an average
deviation (AD) below 0.05. In addition, we construct nine training datasets with different sizes, and
analyze the trade-off between improvements in prediction accuracy and the cost of building the
training dataset. These results verify the effectiveness of the FCNN-based machine learning
framework in efficiently designing and optimizing rGO integrated waveguide polarizers.

2. Device Structure

Figure 1a illustrates the schematic of an integrated waveguide polarizer based on a silicon
photonic waveguide coated with a monolayer rGO film. The cross section of this hybrid waveguide
is shown in Figure 1b, where W and H represent the width and height of the silicon waveguide,
respectively, and n, k, and d represent the refractive index, extinction coefficient, and thickness of the
rGO film, respectively. These parameters play a critical role in determining the performance of the
rGO integrated waveguide polarizers.
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Figure 1. a, Schematic illustration of an integrated waveguide polarizer consisting of a silicon (Si) photonic
waveguide coated with a monolayer reduced graphene oxide (rGO) film. b, The cross-sectional view of hybrid
waveguide is shown in the right panel, where W and H denote the width and height of the silicon waveguide,
respectively, and #, k, and d represent the refractive index, extinction coefficient, and thickness of the rGO film,

respectively.

rGO [44-48] can be derived from GO [4,6,49-51] through reduction processes that remove
oxygen-containing functional groups (OFGs) such as hydroxyl, epoxide, carbonyl, and carboxylic
groups [52,53]. In contrast to graphene, which has a low solubility, GO containing hydrophilic OFGs
can be readily dispersed in water and processed in solution [14,54]. Recently, a solution-based,
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transfer-free method has been developed for on-chip integration of 2D GO films [12,13,54,55], which
allows layer-by-layer film coating in large areas with precise control of the film thickness. The GO
coated on integrated devices can be easily reduced to form rGO by using various methods, such as
thermal reduction, chemical reduction, laser reduction, and microwave reduction [15]. During the
reduction process, the restoration of sp2-hybridized carbon domains results in a decreased optical
bandgap and changes in the material properties such as optical absorption and refractive index [8,11].
Different degrees of rGO reduction are achieved depending on the extent to which OFGs are
removed. When the OFGs are completely removed and no residual groups remain on the carbon
network, the bandgap approaches zero, and the material properties closely resemble those of
graphene [52,56]. Therefore, the reduction of GO into rGO also provides an appealing route for mass-
producing graphene-like materials through solution-based processing [57,58].

The hybrid waveguide shown in Figure 1a exhibits significantly stronger light absorption for
transverse electric (TE, in-plane) polarization than for transverse magnetic (TM, out-of-plane)
polarization. This behavior arises from the interaction between the evanescent field of the silicon
waveguide and the 2D material film, which possesses strong anisotropy in its light absorption
[8,10,11]. In addition, owing to the broadband anisotropic absorption of rGO spanning the visible to
infrared region, the hybrid waveguide exhibits a substantially wider operational bandwidth in
contrast to bulk-material-based optical polarizers, which are generally limited to bandwidths below
100 nm [3,7]. Although rGO inherently exhibits strong polarization selectivity, the overall polarizer’s
performance is strongly governed by the waveguide geometry, as structural parameters such as
waveguide width and height directly determine the modal field distribution and the strength of the
light-matter interaction. In the following, we will use an FCNN-based machine learning framework
to optimize the performance of rGO integrated waveguide polarizers.

3. FCNN-Based Machine Learning Framework

Figure 2 illustrates the process flow for using a machine learning approach to predict FOM of an
integrated waveguide polarizer coated with a monolayer rGO film. In this approach, mode
simulations performed with low-resolution structural parameters (W, H) are used to train a predictive
framework, which is then applied to predict the polarizer performance across a high-resolution
design space (W', H'), thereby enabling efficient exploration of the structural parameter space and
facilitating the identification of device geometries with high performance. This process consists of
three steps.

First, the optical parameters of the rGO film (n, k, d) are experimentally measured for use in
subsequent mode simulations. For example, rGO film thickness can be determined using atomic force
microscopy (AFM) [11]. The TE- and TM-polarized refractive indices (nr1e, ntm) and extinction
coefficients (krk, krm) of the rGO film can be extracted by fitting the transmission spectra of rGO-coated
microring resonators (MRRs) [9,59] using the scattering matrix method [60,61].

Second, using the measured rGO parameters, mode simulations are conducted for the hybrid
waveguides with low-resolution (W, H) sets. For small W or H values where the corresponding TE or
TM modes fail to converge, indicating that these dimensions meet the mode cut-off condition and the
modes cannot physically exist. In such sets, the corresponding (W, H) is recorded as ‘Null’. For
converged modes, the power propagation losses (dB/cm) of the hybrid waveguide can be calculated

by [9,59]
PLyz = =10 log, { [exp(—2mkpg, o5 L/ )]} (1)
PLpyg=—10- log,, { [exp(—27 - kny o5+ L/ 1]} 2)

where kr, o and krum, of are the imaginary parts of effective refractive indices for the TE and TM modes,
respectively, L =1 cm is the waveguide length, and A is the wavelength of light. The polarizer figure
of merit (FOM) is then calculated by [6]
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FOM = PDL / EIL = (PLyz — PLyy) / PLyy 3)
where PDL is the power dependent loss, defined as the difference in insertion loss between the TE
and TM modes. This metric has been widely applied to quantify the polarization selectivity of optical
polarizers [4,8,49]. EIL represents the minimum excess insertion loss induced by the rGO film,
equivalent to the excess insertion loss for TM polarization. In 2D-material-based optical polarizers,
the 2D material films provide high polarization selectivity as well as introduce excess insertion loss.
Therefore, the FOM defined in Equation (3), which reflects the trade-off between these two factors, is
commonly used to evaluate the performance of 2D-material-based optical polarizers [4,6,7].
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Figure 2. Schematic illustration of a fully connected neural network (FCNN) framework, which maps low-
resolution structural parameters (W, H) obtained from mode simulations to high-resolution parameters (W', H’)
for predicting the polarizer figures of merit (FOM’).

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 to construct the
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training dataset for the FCNN framework. The framework is designed with two subnetworks, one
responsible for mode-convergence classification and the other for FOM prediction. After training on
low-resolution structural parameters (W, H), the framework can determine whether the TE or TM
modes converge and, for converged cases, predict the corresponding figure of merit FOM’s across
high-resolution (W', H’) structural parameter sets. In this way, the FCNN framework enables efficient
exploration of the full design space and provides a predictive foundation for identifying waveguide
geometries with high performance. The details of the FCNN framework will be presented in Figure
3. For clarity in comparison, the following discussion employs the same yet slightly different manner
to label the training and test datasets parameters. For instance, W, H, and FOM refer to the parameters
for the training dataset, whereas W', H’, and FOM’ correspond to those for the test dataset.

To highlight the necessity of the proposed machine-learning-assisted approach, it is instructive
to first examine the limitations of conventional methods. Conventional methods rely on commercial
mode simulation software (such as COMSOL Multiphysics and Lumerical FDTD) to exhaustively
evaluate all combinations of W and H. For example, scanning over W € [300, 1000] nm and H € [100,
300] nm at 1-nm resolution would require over 140,000 individual simulations, with each simulation
typically taking 5-7 minutes. This results in prohibitively high computing time, particularly because
the ultra-thin rGO films (with thicknesses typically on the order of 1 nm) require ultra-fine mesh
resolution to ensure simulation accuracy.

By contrast, the proposed machine-learning framework extracts and models the relationships
between structural parameters and modal behavior from a small number of (W, H) sets. Once trained,
the framework can rapidly predict FOM’ for an arbitrary high-resolution (W, H’). Furthermore,
sweeping the entire high-resolution (W', H’) using our method adds minimal extra time compared to
predicting a single set. For instance, predicting the FOM’ for one set with converged mode takes 40—
80 ms, while sweeping over 140,000 sets of (W', H’) takes only 25-35 seconds, with each additional
prediction contributing less than 1 ms to the total computing time. In addition to significantly saving
computing time, our method also achieves 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 0.043 across FOM’ predictions for more than
140,000 (W', H’) sets.

Ve
(W, H) Input Trained Classify s Sum
for design FCNN-1 operation
A f Activate
z ~ function
FCNN trained by mode simulation data
Mode
converged —
?
No
Return
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Return Trained B Yes
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Figure 3. Schematic illustration of the FCNN framework, which comprises two subnetworks FCNN-1 and
FCNN-2 for identifying mode convergence and predicting polarizer FOM’s, respectively. Inset in the middle
panel illustrates the architecture of either subnetwork, consisting of an input layer (L = 1), multiple hidden layers

(L=2,3, ..., m-1), and an output layer (L = m).

Figure 3 illustrates the FCNN framework used to predict the FOM’ of rGO- integrated
waveguide polarizers over a high-resolution structural parameter space. The framework processes
the input high-resolution test dataset (W', H’) in two sequential stages. In the first stage, FCNN-1
classifies whether the TE and TM modes are converged. Parameter sets for which either the TE or TM
mode fails to converge, indicating that the corresponding guided mode cannot be sustained under
those dimensions, are classified as ‘Null’. In the second stage, only those (W, H’) combinations
identified as mode-converged are fed into FCNN-2, which predicts the corresponding polarizer
FOM'. This two-step structure enables rapid screening of the design space by eliminating invalid
configurations before performance evaluation.

Both FCNN-1 and FCNN-2 employ a similar architecture consisting of an input layer, multiple
hidden layers, and an output layer, as illustrated in the middle inset of Figure 3. Neurons in each
layer are fully connected to neurons in the next layer through weighted links. Each neuron computes
a weighted summation of inputs from the previous layer, adds a bias term, and applies an activation
function to generate its output. This architecture is standard for FCNNSs, similar to that in Refs [62,63],
and is suitable for modeling complex mapping between structural parameters and device
performance.

Before performing the FCNN framework in Figure 3 to identify converged modes and predict
their corresponding polarizer FOM’ for high-resolution (W', H’) sets, both subnetworks were trained
using a low-resolution training dataset (W, H). The training began with FCNN-1 for mode
convergence identification. A 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
fed to the input layer, generating the input vector hi = (Wrom, Hrerm), For a given layer p, the output
hp, ;j of the j-th neuron is computed as [64-66]

h,; = f (Z;‘Ll Wp,ij Py i by ) 4)

where g is the total number of neurons in the (p-1)-th layer, £, ; is the output of the i-th neuron in

the layer p-1, w, ; is the connection weight from the i-th neuron in the (p-1)-th layer to the j-th

N
neuron in the p-th layer, bp’ ; 1s the bias of the j-th neuron in the current layer, and fis the activation
function. ReLU [67] activation function is applied to all hidden layers, while a Sigmoid activation
function is used in the output layer to generate the convergence probability 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 [25,68]. The gradients were backpropagated to iteratively update the weights
w and biases b across all layers, allowing the network to learn the underlying input-output mapping.

Following the completion of FCNN-1 training, FCNN-2 was trained for polarizer FOM’
prediction using only mode-converged (W, H, FOM) sets. FCNN-2 adopts the same fully connected
structure and training mechanism as FCNN-1 but uses a ReLU activation function in the output layer
to predict continuous FOM’ values. The model was trained using backpropagation with regression
metrics, including root mean square error (RMSE) and R?-score [25,68,69], to evaluate the prediction
accuracy.

4. Results and Discussion

Based on the FCNN framework in Figure 3, we trained FCNNs for optimizing the FOM for rGO
integrated waveguide polarizers across varying waveguide width W and height H. To investigate the
influence of training data density on prediction accuracy, three training datasets were constructed
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using uniform step sizes of A = 80 nm, 40 nm, and 20 nm for both W and H between adjacent
parameters within the ranges of W € [300, 1000] nm and H € [100, 300] nm. A smaller step size A
corresponds to a larger number of (W, H) sets in the training dataset. For example, for mode-
convergence identification, the dataset with A =20 nm contains 396 sets, whereas the dataset with A
=80 nm only has 27 sets. The ranges of W and H were chosen to approximately span the convergence
boundaries of the fundamental TE and TM modes for single-mode integrated waveguides operating
near 1550 nm. In addition, a high-resolution test dataset, generated with A’ =1 nm within the same
ranges of W’ € [300, 1000] nm and H” € [100, 300] nm, was used to evaluate the trained FCNNs for
both mode-convergence identification and polarizer FOM’ prediction.

Figure 4a shows the FOM of rGO integrated waveguide polarizer versus low-resolution (W, H)
with a step size of A = 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. The corresponding GO film parameters (1, k, d)
used in our mode simulations were obtained from the experimental measurements reported in Ref.
[8], where the rGO film was thermally reduced from GO with a high reduction degree. In that work,
the silicon waveguide was first coated with a monolayer GO film and subsequently heated on a
hotplate at 150 °C for 15 min. The thickness (d) of the rGO film was set to 1 nm. The refractive index
(n) and extinction coefficient (k) of the rGO film at 1550 nm were nre = ~2.1 and kre = ~0.194 for TE
polarization, and nmv = ~1.97 and kv = ~0.0272 for TM polarization. For A = 80 nm, the (W, H)
parameter space contains only 27 sets. As a result, Figure 4a appears as large, discretized patches,
reflecting the limited resolution of the training dataset.

Figure 4b shows FOM’ versus high-resolution (W, H’) with A" =1 nm, obtained using the FCNN
framework in Figure 3, which was trained on the low-resolution dataset shown in Figure 4a. 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 4a, the
results in Figure 4b 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 framework can effectively predict high-resolution FOM’
by capturing the dependence of mode convergence and FOM on the waveguide structural
parameters. 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 rGO film. This complex
dependence cannot be accurately modeled 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'.

Figures 4c and 4e show the FOM of rGO integrated waveguide polarizer versus (W, H) with
training step sizes of A =40 nm and 20 nm, respectively. Figures 4d and 4f show the corresponding
FOM’ versus high-resolution test (W, H') with A” =1 nm. For A = 40 nm and 20 nm, the training
datasets contain 108 and 396 sets of (W, H), respectively. Compared with Figure 4a, these larger
training datasets provide more detailed mode simulation results for training our FCNN framework.
Similar to Figure 4b, the higher-resolution results in Figures 4d and 4f also capture the variation
trends of the convergence boundaries and FOM obtained from mode simulations. This confirms that
the FCNN framework can reliably infer high-resolution the performance of rGO integrated
waveguide polarizer from low-resolution training data, thereby enabling efficient and accurate
exploration of the design parameter space.

Figure 5 shows the TE and TM mode profiles corresponding to a high- and a low-FOM’ point in
Figure 4f 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 ~15.3 and ~2.4, respectively.
Mode simulations show FOM values of ~15.4 and ~2.4 for the same structural parameters,
demonstrating good agreement with the predictions and confirming the accuracy of the FCNN
framework in capturing polarizer’s performance. We also note that the highest FOM’ values in Figure
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4f are achieved near the mode convergence boundary, for example, the FOM’ value at (439 nm, 200
nm) is ~15.7. Although selecting (W, H) exactly at the convergence boundary can maximize the
polarizer FOM, this configuration typically results in a narrow operational bandwidth due to the
strong wavelength dependence of mode cutoff. For practical polarizers, 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.

Non-converged TE or TM mode FOM

| D
0 4 7 11 14 18

a W (nm) b W’ (nm)
A’=1nm

Null

495 660 825
c W (nm) d W’ (nm)
"=1nm

330 495 660 825 ‘ 495 660 825 990

e W (nm) f W’ (nm)
Figure 4. a, ¢, e, FOM of rGO integrated waveguide polarizer versus low-resolution (W, H) with A = 80 nm, 40
nm, and 20 nm, respectively, where A 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’ regions denote the cases of non-converged TE or TM modes in the simulations. b, d, f, FOM’ versus high-
resolution (W', H') with A" =1 nm. The FOM’ values were predicted using FCNN-2, which was trained with the
data in a, ¢, e, respectively. Regions labeled ‘Null’ correspond to non-converged TE or TM modes, as identified
by FCNN-1.
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Given that the mode simulation results are still needed for establishing the training dataset for
the FCNN-based framework, the size of the dataset becomes a critical factor influencing both the
prediction accuracy and the cost of data preparation. In principle, a larger training dataset with a
finer resolution of the waveguide structural parameters enables higher prediction accuracy, but it
also requires more time for mode simulations to generate the training dataset, resulting in a trade-off
between them. In the following, we analyze this trade-off by comparing nine training datasets of (W,
H) with different sizes. Table 1 summarizes the step size combinations (AW, AH) for these datasets
designated as Nos. 1 -9, each obtained by uniformly sampling W € [300, 1000] nm and H € [100, 300]
nm. Decreasing either AW or AH increases the number of training samples, thereby enabling a
quantitative assessment of how selecting step size AW and AH influences the performance of the
FCNN framework. When the step size is 80 nm for both AW and AH (i.e., dataset No. 1), the numbers
of training (W, H) sets for FCNN-1 and FCNN-2 are 27 and 17, respectively. As the step size decreases,
the number of training (W, H) sets increases. When step size decreases to 20 nm for both AW and AH
(i.e., dataset No. 9), the training (W, H) sets for FCNN-1 and FCNN-2 increase to 396 and 281,
respectively.

(%) 436 nm x 201 nm (+) 579 nm x 238 nm Max
rGO ir | TE rGo Air

FOM’=15.3 FOM’=2.4 Min

Figure 5. TE and TM mode profiles corresponding to a high- and a low-FOM’ point in Figure 4f, marked by * *

"and ‘+’, respectively.

Table 1. Various training datasets (W, H) for the FCNN-based framework.

Dataset No. AH (am)» AW (am)* Number of training ~ Number of training

sets for FCNN-1 sets for FCNN-2
1 80 80 27 17
2 40 80 54 39
3 20 80 99 73
4 80 40 54 32
5 40 40 108 75
6 20 40 198 141
7 80 20 108 64
8 40 20 216 150
9 20 20 396 281

aAW and AH are the step sizes used to uniformly sample W € [300, 1000] nm and H € [100, 300] nm, respectively,
for establishing the training dataset (W, H).

Figure 6 presents the predicted FOM’ distributions obtained from the nine training datasets
listed in Table 1. These results are evaluated using the same high-resolution test space with a step
size of A’ =1 nm. Each subfigure corresponds to a specific (AW, AH) combination. The ‘Null’ region
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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.

In Figure 6a—6¢, AW is fixed at 80 nm while AH decreases from 80 nm to 20 nm. While the overall
position of the mode-convergence boundary remains nearly unchanged, the predicted FOM’
distribution becomes progressively smoother with more continuous gradient transitions as AH is
reduced. This indicates that reducing the step size AH improves the granularity of the FOM’
distribution without significantly affecting the convergence boundary. A similar trend is observed in
Figure 6a, 6d, and 6g, where AH is fixed at 80 nm while AW decreases from 80 nm to 20 nm. The
convergence boundary maintains a consistent shape, while the internal FOM’ distribution grows
more detailed with decreasing AW. When both AW and AH are reduced simultaneously (Figures 6a,
6e, and 6i), the FOM’ distribution achieves the highest level of smoothness and detail, clearly
delineating high-performance regions. This confirms that fine selection in both dimensions enhances
the FCNN framework’s prediction accuracy and enables more accurate identification of optimal
structural parameters.

Non-converged TE or TM mode FOM
| | . O .
0 4 7 1 14 18
Training dataset No. 1 Training dataset No. 2 Training dataset No. 3

AW =80 nm, AH =80 nm AW =80 nm, AH =40 nm

AW =80 nm, AH =20 nm

H’ (nm)
H’ (nm)

7

Null

<

495 660 825 990 330 495 660 825 990 330 495 660 825 990
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100
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Figure 6. a-i, FOM’ versus high-resolution (W', H’) with A’ =1nm. The FOM’ values were predicted using FCNN-
2, which was trained using the datasets No. 1 — No. 9 listed in Table 1, respectively. The ‘Null’ regions denote
the cases of non-converged TE or TM modes, which were predicted using FCNN-1.

In Figure 7, we compare the accuracy of FCNN-1 and the average deviation (AD) of FCNN-2 for
various combinations of AH and AW corresponding to the training datasets in Figure 6. The accuracy
of FCNN-1 is defined as the proportion of correctly classified cases for mode convergence
identification, whereas the AD of FCNN-2 represents the mean absolute deviation between the values
of predicted FOM’ and simulated FOM. A decrease in either AW or AH (i.e., a larger training dataset)
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results in increased accuracy of FCNN-1 and decreased AD of FCNN-2, showing a trend consistent
with the predicted FOM’ distributions in Figure 6. For comparison, the numbers of the (W, H) sets for
training FCNN-1 and FCNN-2 are also shown in Figure 7. At dataset No. 9, where the step sizes for
both AW and AH are reduced to 20 nm, the numbers of training (W, H) sets increase to 396 for FCNN-
1 and 281 for FCNN-2, with the FCNN-1 accuracy exceeds 99.0%, while the AD of FCNN-2 decreases
to below 0.05. This indicates that employing finer resolutions of the waveguide structural parameters
enhances the capability of the FCNN framework to capture the dependence of the polarizer FOM on
the waveguide geometry, thereby improving prediction accuracy.

A more significant improvement in prediction accuracy is observed when AW or AH decreases
from 80 to 40 nm, whereas the improvement becomes gradual when further decreasing the step size
from 40 to 20 nm. For example, when AW remains fixed at 20 nm, progressively reducing AH from
80 nm to 40 nm and 20 nm results in two notable trends. In FCNN-1, the number of (W, H) samples
in training datasets No. 4-6 increases from 108 to 216 and 396, accompanied by an accuracy
improvement from 92.2% to 98.3% and 99.0%. In FCNN-2, the corresponding training sizes increase
from 64 to 150 and 281, whereas the AD decreases from 0.14 to 0.06 and 0.04. This indicates that the
accuracy of FCNN-1 and the AD of FCNN-2 do not follow a linear trend with the size of the training
dataset. This trend arises because reducing the step size beyond a practical threshold adds additional
(W, H) samples that do not reveal finer variations in the (W, H) - FOM mapping, but instead produce
redundant data with nearly identical performance characteristics. In addition, the performance of the
FCNN framework shows greater sensitivity to AH than AW, since small variations in H lead to
stronger changes in the effective refractive index and optical field distribution, resulting in larger
differences in optical responses among samples.

__100
S - 400
2 95
o - 300
=
3 90- e
& 200 @
Z 85 100 T
5 g
80+ o 2
0.3- b=
300 S
[Tem
Q -
< 200 2
S £
= =
S Z
o - 100
Lo

T T T

1 2 3 4 5 6 7 8 9
Training dataset No.

Figure 7. Accuracy of FCNN-1 and average deviation (AD) of FCNN-2 for different training datasets (No. 1 —
No. 9). The numbers of the (W, H) sets for each training dataset is also shown for comparison. The FCNN-1 for
mode convergence identification and FCNN-2 for FOM’ prediction were trained on the datasets listed in Table
1, and tested on the dataset with A’ =1 nm.

To quantitatively assess the computational advantage of the proposed FCNN approach, we
compare its computing time with that of traditional mode simulations. The total time required for
mode-simulation-based method includes three parts: (i) conducting mode simulations via COMSOL
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Multiphysics, with the software running on a system with an Intel(R) Core (TM) i7-7700K CPU
running at 4.20 GHz and 32.0 GB of RAM, (ii) manually identifying fundamental TE and TM modes
and classifying convergence, and (iii) calculating the FOM values. By contrast, the computing time of
the FCNN framework consists of two stages, one involves predicting mode convergence using only
FCNN-1, and the other corresponds to predictions of FOM’ using both FCNN-1 and FCNN-2.

For ten representative (W, H’) parameter sets, conventional mode simulations require ~300—400
s per set on average, with more than 80% of the time consumed by the mode-solving process. By
comparison, the trained FCNN framework completes mode convergence identification using FCNN-
1 in ~0.01-0.03 s and predicts the FOM’ using both FCNN-1 and FCNN-2 in only ~0.04-0.08 s,
resulting in a speedup of more than 4 orders of magnitude relative to conventional simulation.
Notably, the test dataset with A’ =1 nm contains 140,901 parameter sets. A brute-force sweep of all
(W, H’) combinations at 1 nm test step size would require mode simulation to consume
approximately 107 seconds, which corresponds to over 100 days of continuous operation,
underscoring the prohibitive computational demands and costs. Conversely, our FCNN framework
offers substantial savings in computing time and cost, requiring less than 40s to exhaustively sweep
all (W, H’) in a test dataset of the same size. This highlights the advantage of our FCNN framework
in handling massive sets of structural parameters for polarizers’ performance optimization. These
results highlight the promise MoSz-coated waveguides have for enhancing nonlinear optics, on par
with both GO and other 2D materials [70-102] with potential applications to microcomb based
photonics. [103-175] In addition, these results also reveal an inherent trade-off, where improvements
in prediction accuracy need to be weighed against the cost related to building the training dataset.

5. Conclusions

In summary, we propose and demonstrate a FCNN-based machine learning framework for
optimizing the performance of rGO integrated waveguide polarizers. By using a small dataset of low-
resolution mode simulation results to train the framework, it can rapidly and accurately predict the
polarizer FOMs across a much larger structural parameter space with high resolution. The proposed
framework achieves high prediction accuracy, with an AD below 0.05, while reducing overall
computing time by more than 4 orders of magnitude compared with traditional mode simulation
methods. Besides, nine training datasets with different sizes are constructed to analyze the trade-off
between improvements in prediction accuracy and the cost of building the training dataset. These
results demonstrate that the FCNN-based machine learning framework provides an efficient means
for the design and optimization of rGO integrated waveguide polarizers.
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