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In recent years, the use of deep learning to replace traditional numerical methods for electromagnetic propagation has
shown tremendous potential in the rapid design of photonic devices. However, most research on deep learning has focused
on single-layer grating couplers, and the accuracy of multi-layer grating couplers has not yet reached a high level. This
paper proposes and demonstrates a novel deep learning network-assisted strategy for inverse design. The network model
is based on a multi-layer perceptron (MLP) and incorporates convolutional neural networks (CNNs) and transformers.
Through the stacking of multiple layers, it achieves a high-precision design for both multi-layer and single-layer raster
couplers with various functionalities. The deep learning network exhibits exceptionally high predictive accuracy, with an
average absolute error across the full wavelength range of 1300–1700 nm being only 0.17%, and an even lower predictive
absolute error below 0.09% at the specific wavelength of 1550 nm. By combining the deep learning network with the
genetic algorithm, we can efficiently design grating couplers that perform different functions. Simulation results indicate
that the designed single-wavelength grating couplers achieve coupling efficiencies exceeding 80% at central wavelengths
of 1550 nm and 1310 nm. The performance of designed dual-wavelength and broadband grating couplers also reaches high
industry standards. Furthermore, the network structure and inverse design method are highly scalable and can be applied not
only to multi-layer grating couplers but also directly to the prediction and design of single-layer grating couplers, providing
a new perspective for the innovative development of photonic devices.
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1. Introduction

Silicon photonics platforms have rapidly developed due
to their high compatibility with existing semiconductor manu-
facturing processes, low cost, and ability to integrate densely
with electronic chips.[1–4] However, silicon as an optical ma-
terial faces challenges such as high optical losses in certain
spectral regions, susceptibility to crosstalk, nonlinear effects
under high power, and temperature sensitivity.[5] These issues
limit its performance in telecommunications and high-power
applications. Overcoming these limitations requires hybrid
integration with other materials to enhance the overall per-
formance and functionality of the silicon photonics platform.
Silicon nitride (Si3N4) has emerged as a highly regarded alter-
native material due to its low optical losses and broad trans-
parency window. It offers excellent optical transmission prop-
erties and supports complex optical functions such as non-
linear optics and efficient optical modulation. Si3N4 has a

medium to high refractive index and superior passive optical
performance compared to silicon, especially at telecommuni-
cation wavelengths. Its nonlinear magnetic susceptibility is
much lower than silicon, allowing it to handle higher power
levels with minimal losses, making it suitable for high-power
optical applications such as photonic integrated LiDAR and
biosensors.[1,6] Despite the smaller electro-optic and thermo-
optic coefficients of Si3N4, which limit its use in active pho-
tonic devices, hybrid integration with materials having higher
electro-optic or thermo-optic coefficients, such as lithium nio-
bate (LNOI),[7,8] indium phosphide (InP) [9] and gallium ar-
senide (GaAs),[10,11] can enable active functionalities on a
silicon nitride-based platform. This hybrid approach lever-
ages the advantages of Si3N4 and introduces other materials
to achieve functions such as modulation and switching. Stud-
ies have shown that Si3N4 waveguides can be integrated into
SOI, LNOI and other platforms to form 3D integrated struc-
tures, where Si3N4 is typically used for the transmission and
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reception of high-power light in waveguides, optical fibers and
free space. Si and LNOI are used for active modulation of the
optical paths.[1,12]

Grating couplers[13,14] and edge couplers[15] are the two
most commonly used optical input/output interfaces. Grat-
ing couplers are widely used in various photonic architec-
tures due to their high integration, high alignment tolerance,
wide bandwidth and cost-effectiveness. Maire et al.[16] de-
signed and fabricated a high-efficiency surface grating coupler
for Si3N4 waveguides. The results showed that at a wave-
length of 1310 nm, the coupling efficiency exceeded 60%,
and the −3 dB tolerance of the angle and wavelength was 4◦

and 50 nm, respectively. However, due to the lower refrac-
tive index and grating design limitations of Si3N4 grating cou-
plers, their coupling efficiency is usually lower than that of
silicon grating couplers. To maximize the coupling efficiency
of Si3N4 grating couplers as much as possible, Pan et al.[17]

designed a double-layer focusing grating coupler, in which the
first layer is a silicon nitride grating and the second layer is a
Si slab layer. The coupling efficiency reaches 78% at 1550 nm
and the 1-dB bandwidth reaches 100 nm. Mak et al.[18] suc-
cessfully designed a SiN-on-Si double-layer grating coupler
based on a global optimization algorithm for the first time.
The measured median insertion loss is −2.1 dB and the me-
dian 1-dB bandwidth is 70.8 nm. Most of the methods used in
this type of research are traditional forward design and inverse
design methods,[19–21] both of which require complex mod-
eling processes and a large number of computing resources.
Moreover, it is difficult to quickly design a grating coupler
that meets the needs of various complex applications. Deep
learning techniques,[22–25] by predicting the optical properties
of nontraditional materials and the performance of complex
grating structures, have opened new avenues for the design of
grating couplers. This approach can uncover innovative solu-
tions that may be overlooked by traditional manual design pro-
cesses, assisting researchers in developing new types of grat-
ing couplers that meet specific application needs.[26–29] How-
ever, current research is limited to single-layer grating cou-
plers, with minimal application in multi-layer designs. The
challenges in multi-layer designs mainly stem from the inter-
actions between different layers and the unpredictable inter-
layer effects, which often reduce the accuracy of predictions.

To accurately predict the coupling efficiency of multi-
layer grating couplers, this paper proposes a deep learning-
assisted inverse design method. The study first takes the three-
layer grating coupler as the basic geometric structure and sim-
ulates the grating as a 300×3 matrix, where ‘0’ and ‘1’ rep-
resent the fully etched area and the non-etched area, respec-
tively. This matrix data are used as input for training in the
deep learning network. To enhance prediction accuracy, we
integrate the MLP training module with the CNN and trans-
former architecture as the core component of the deep learn-

ing network. The training results show that the prediction er-
ror of the network structure ranges from 0%–0.15% in most
cases, with an average error of only 0.17%. Particularly at the
specific wavelength of 1550 nm, the prediction error consis-
tently remains below 0.09%. In addition, we combine genetic
algorithms with the network structure, using the inverse de-
sign approach to optimize grating couplers with varying per-
formances. Simulation results indicate that single-wavelength
grating couplers designed using this method can achieve up to
82% coupling efficiencies, comparable to metal mirror grat-
ing couplers. At the same time, the performance of dual-
wavelength and broadband grating couplers also reached a rel-
atively high level in the industry. Notably, the design time
for this inverse design method is less than 5 min, demonstrat-
ing a significant speed advantage. Importantly, this network
structure and inverse design method are not only applicable to
multi-layer grating couplers but can also be directly applied
to the prediction and design of single-layer grating couplers,
demonstrating extreme scalability.

2. A 3D integrated grating coupler structure de-
sign
Figure 1 shows a schematic diagram of the structure of a

three-layer grating coupler. From bottom to top, the waveg-
uide materials are LNOI, Si3N4 and Si, with thicknesses of
900 nm, 400 nm and 220 nm, respectively. Each layer is sepa-
rated by SiO2, with thicknesses of 400 nm, 300 nm, and 2 µm.
The thickness of the top SiO2 cladding is set to 2 µm. The
grating area of each layer is composed of 300 discrete pix-
els represented by ‘0’ and ‘1’, where ‘0’ and ‘1’ represent the
fully etched area and the non-etched area, respectively, and the
pixel unit size is 50 nm, as shown in Fig. 1(b). Based on these
parameters, the corresponding grating coupler model is estab-
lished and simulated using Lumerical FDTD software. After
the simulation is completed, the structural distribution of the
grating coupler is discretized into a 300×3 matrix, and the ma-
trix values are composed of randomly distributed ‘0’ and ‘1’.
In addition, the coupling efficiency curve is output along with
the structural data to establish the database required for the
deep learning network. When the database contains a suffi-
cient number of samples, this structure can be used to approx-
imate the simulation of grating couplers with arbitrary distri-
butions, and the pixel combination can be appropriately ad-
justed according to the actual processing requirements. When
all the matrix values of the upper or lower layers are ‘0’, dif-
ferent combinations of double-layer or single layer Si3N4 grat-
ing couplers can be represented. This shows that by changing
parameters the designed grating coupler architecture is highly
scalable and can be used to equivalently simulate traditional
grating couplers, sub-wavelength grating couplers and multi-
layer superimposed grating couplers.
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(a)

(b)

Fig. 1. Schematic structure of three-layer grating coupler. (a) 3D model
diagram. (b) Front view.

3. Deep learning network design and inverse de-
sign

As shown in Fig. 2, the conventional design process and
inverse design process of grating couplers rely on electromag-
netic simulation software to scan various parameters and then
select the optimal result. Although this method is simple to
operate, but its efficiency is very low when there are many
design target parameters or the design target is difficult to
achieve. This study uses the trained deep learning network
structure to replace the traditional electromagnetic simulation
steps. This approach significantly reduces the time required
for device simulation and can be used in combination with
any inverse design algorithm to improve design efficiency, as
shown in Fig. 2(c).
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Fig. 2. (a) Prediction flowchart for traditional electromagnetic simulation. (b) Prediction flowchart based on deep learning network structure.
(c) Inverse design flowchart incorporating the deep learning network.

The first step in designing the deep learning network is
establishing a database. During the simulation process, the
pixel combination of the grating couplers is set to a 300×3
matrix with an arbitrary distribution. During the simulation
process using Lumerical FDTD, the light source uses a Gaus-
sian beam with the wavelength range of 1300–1700 nm. The
position of the light source is centered in the grating area,
with a mode field radius of 5.2 µm and an incidence angle
of 5◦. The boundary conditions around the simulation domain
are set to perfectly matched layer (PML), and the mesh grid
resolution is established at 5 nm. Based on these simulation
parameters, a dataset of 40000 grating couplers with various
distributions was simulated for the neural network. To achieve
accurate predictions for the majority of structures with mini-
mal data, half of the structures were set to completely random,
while the other half were configured as special structures, in-
cluding single-layer, double-layer, uniform distribution, and
spaced values. During the actual training process, the ratio of
random structures to special structures was 1:1. The training,

validation, and test sets were randomly selected from both the
random and special structure databases, with 70% of the data
used for the training set, 15% for the test set and 15% for the
validation set, ensuring that each dataset contained sufficient
numbers of both completely random and special structures.
Upon completion of the simulations, we recorded the coupling
efficiency, denoted as T , for each grating coupler. These data,
along with the discrete 300×3 matrices, were compiled into a
dataset. The dataset comprises 201 sampling points, each rep-
resenting the coupling efficiency values within the wavelength
range of 1300–1700 nm, to be used for subsequent analysis
and deep learning network training.

The second step involves constructing the deep learning
network structure. The structure has been further optimized
based on the network architecture previously proposed,[30]

consisting of a three-layer neural network structure: MLP,
CNN and transformer. Each layer transforms the input data
into higher-level feature representations through nonlinear ac-
tivation functions. Compared to individual neural network lay-
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ers (e.g., CNN, GAN, MLP), this design offers advantages
such as enhanced feature extraction capability, improved ex-
pressive power and greater predictive accuracy. It effectively
handles nonlinear problems, making it suitable for predict-
ing the coupling efficiency of grating couplers across multi-
ple angles and a wide wavelength range. Figure 3(a) shows
the flowchart of the deep learning network structure predic-
tion. The main steps to achieve prediction using this network
structure include:

(i) Generation of a 300×3 matrix corresponding to the
output of the arbitrarily distributed multi-layer grating coupler,
along with the coupling efficiency curves at different angles.

(ii) Integration of the input matrix data with coupling ef-
ficiency using the single pixel information aggregation (SPIA)
component, which also incorporates single-pixel positional in-
formation.

(iii) Extraction of local structural information using the
local information acquisition (LIA) component, which con-
sists of eight residual blocks, each comprising a 1×1 convolu-
tion layer and a 1×3 convolution layer.

(iv) Simultaneous embedding of position information and
wavelength information into the designed network structure
via transpose attention modules, as shown in Fig. 3(b). The
output of the wavelength encoding module is concatenated
with the input to the transpose attention module and then fed
into the first MLP module. The output of the first module,
after transposition and concatenation with the output from the
position encoding module, is fed into the second MLP module.

(v) Conversion of latent space features into correspond-
ing coupling efficiency through a fully connected module with
non-shared parameters, outputting the prediction results.
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Fig. 3. (a) Prediction flowchart based on the deep learning network structure. (b) Structure of the transposed attention block.

This design aims to precisely predict the performance

of grating couplers under various configurations through a

highly specialized network structure, thereby facilitating ef-

ficient processing and accurate modeling of complex multidi-

mensional data. In the overall training process of the deep

learning network, we used the adaptive moment estimation

(Adam) algorithm as the optimization method. This algorithm

is based on adaptive estimation of first-order gradients using

low-order moments. During this phase, the learning rate of

the model was set to 0.001, with 80 training epochs and a batch

size of 1800. The loss function was set as follows:

LOSS = |lnY − lnT | , (1)

where T represents the simulated coupling efficiency at differ-
ent wavelengths and Y indicates the predicted coupling effi-
ciency from the deep learning network at various wavelengths.
The entire training of the neural network and the subsequent
reverse design process were conducted on a platform compris-
ing an Intel (R) Core (TM) i7-13700K and two NVIDIA RTX
4090 GPUs. The training time required was approximately
72 hours. As shown in Fig. 4(a), the convergence curve of
the trained deep learning network’s prediction accuracy for
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the coupling efficiency of grating couplers with respect to the
iteration number is displayed. With the introduction of the
deep learning network, the prediction absolute error (the av-
erage error between the simulated coupling efficiency and the
predicted coupling efficiency over a wide wavelength range)
gradually decreased from an initial 67.1% to approximately
0.29% as the number of iterations increased. After around
40 iterations, the error began to stabilize, with both predic-
tion accuracy and the loss function showing minimal changes.
At this stage, the mean squared error (MSE) is 2.18× 10−5.
These results indicate that the designed model can achieve a
stable state with only a few iterations, and the predictions for
unknown data are almost consistent with the simulated values.
Figure 4(b) presents the average error statistics of the model on
the test set, where the majority of the prediction absolute er-
rors range from 0% to 0.15%, with an overall average absolute
error of only 0.17%. Notably, at specific wavelengths, such
as at 1550 nm, the prediction absolute errors are all less than
0.09%. Figures 4(c) and 4(d) show the comparison between
the predicted curve and the actual simulation curve under the
lowest and highest prediction accuracy, respectively, with the
maximum absolute error being only 2%. In the case of poor
prediction results, most errors occur when the coupling effi-

ciency is less than 10%. If the prediction is made only for data
with coupling efficiencies higher than 20%, the maximum ab-
solute error is less than 0.3% in all cases. These results in-
dicate that our model predictions are very close to the actual
values, and their accuracy remains at a high level.[31–34] In
addition, the prediction results from the neural network were
trained and optimized based on the materials and thicknesses
shown in Fig. 1. The selection of these thicknesses and ma-
terials was primarily designed based on current trends in pho-
tonic integrated substrates. If different material substrates and
layer thicknesses are used, the neural network can still perform
adequately. It simply requires collecting relevant datasets by
treating the different material properties and thickness features
as variables during the training process. However, as the num-
ber of feature parameters increases, the required dataset size
will become significantly larger. Finally, to clearly illustrate
the performance of the neural network designed in this study,
we compared it with models using standalone MLP and CNN
networks, as well as similar methods from other studies, as
shown in Table 1. It is evident that the use of a multilayer net-
work structure in this study significantly improved the predic-
tion accuracy of the grating coupler across a wide wavelength
range.

Table 1. Comparison with other similar neural network schemes for a grating coupler.

Reference Network architecture Types of GC Wavelength (nm) Prediction error

[31] MLP subwavelength GC 1400–1700 6.8%

[32] CNN nonuniform GC 1200–1700 < 1%

[33] MLP inclined/hybrid GC 532 0.05%

[34] MLP chirped GC 1400–1650 < 1%

This paper MLP discrete matrix GC 1300–1700 < 0.44%

This paper CNN discrete matrix GC 1300–1700 < 0.49%

This paper CNN+MLP+transformer discrete matrix GC 1300–1700 0–0.15%
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Fig. 4. (a) Convergence curve of coupling efficiency predicted by deep learn-
ing network. (b) Statistics of average prediction error of deep learning net-
work on test set. (c) Comparison of the prediction curve and actual simulation
curve in the case of lowest prediction accuracy. (d) Comparison of the pre-
diction curve and actual simulation curve in the case of highest prediction
accuracy.

The third step involves integrating genetic algorithms
with deep learning to optimize the design process. Genetic
algorithms are a heuristic search technique primarily used to
solve complex optimization problems. Compared to gradi-
ent descent and particle swarm optimization algorithms,[35]

genetic algorithms exhibit stronger global search capabilities,
adaptability and parallelism. In addition, the grating coupler
designed in this paper is based on a discrete distribution struc-
ture, allowing its representation through the conversion of 0
and 1. This characteristic aligns perfectly with the nature of
genetic algorithms. Therefore, we choose to combine genetic
algorithms with the designed neural network for subsequent
design optimization.

The core mechanism of this algorithm includes oper-
ations, such as selection, crossover and mutation, through
which iterative searches are performed in the solution space,
with the aim of finding optimal or near-optimal solutions.
However, these operations are also the main reason the algo-
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rithm takes longer to run. By replacing the traditional elec-
tromagnetic simulation step with the deep learning model in-
troduced in this article, the time required for optimization can
be significantly reduced. The entire optimization process is
illustrated in Fig. 5.

(i) According to the above grating coupler equivalent ma-
trix method, 200 300×3 matrices are randomly generated as
200 initial populations.

(ii) A specific figure of merit (FOM) is defined based on
the target requirements. Use the trained deep learning model
to evaluate the FOM of each population.

(iii) Use the roulette method to select the next generation
population based on the proportion of FOM values and deter-
mine which populations will be used for crossover or muta-
tion. The specific process is shown in the flowchart of Fig. 5.

(iv) The process is terminated if the maximum number of
iterations is reached or if there is no significant improvement
in the FOM over 50 consecutive generations.
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Fig. 5. Flowchart of inverse design combining genetic algorithms and
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Through the method of combining genetic algorithms and
deep learning, the optimization process can be effectively ac-
celerated while maintaining or improving the quality of the so-
lution. Compared with traditional inverse design algorithms,
our method requires only 0.06 s on average to calculate the
FOM for each individual. Through testing, it was found that
the deep learning model was able, in only 5 min, to iden-
tify the optimal solution that met the design objectives. Un-
der the same settings — including identical design targets,
number of iterations, and population size — the FDTD-based
electromagnetic simulation software required approximately
10 hours to achieve a similar result. Moreover, the opti-
mized results obtained from deep learning were largely con-
sistent with those from the FDTD simulation. This finding

demonstrates that the proposed deep learning network pos-
sesses both high prediction accuracy and extremely fast opti-
mization speed. Compared to traditional electromagnetic sim-
ulation, the optimization process is accelerated by approxi-
mately 120 times. It is worth noting that the observed acceler-
ation in the optimization task is significantly lower than the ac-
celeration observed for predicting a single structure. This dis-
crepancy is primarily attributed to hardware limitations, which
introduce uncontrollable delays during the iterative operations
of the genetic algorithm. In addition, this approach utilizes a
discrete grating coupler architecture, allowing the deep learn-
ing model to be applied to various types of grating coupler
designs, as well as to grating couplers intended for multiple
functionalities.

4. Optimization and performance analysis of
grating couplers of inverse design

4.1. Design of multi-layer single-wavelength grating cou-
plers

The wavelength grating coupler is the most common type
of grating coupler design, primarily aimed at maximizing the
coupling efficiency between fibers and photonic integrated
platforms at the target wavelengths. Such high coupling effi-
ciency significantly reduces signal loss and enhances the over-
all transmission performance of the system, which is crucial
in fields such as LiDAR and optical communications. For 3D
integrated photonic platforms, employing a multilayer grating
coupler design is considered the best strategy to improve cou-
pling efficiency. We use an inverse design method to optimize
the commonly used operational wavelengths of 1310 nm and
1550 nm. We set the incident angle to 5◦, and the objective
function is defined as

FOM = Tλ , (2)

where λ is the target wavelength and Tλ is the coupling effi-
ciency at the target wavelength.

The FOM is imported into the aforementioned inverse de-
sign model for optimization. As shown in Fig. 6(a), the grat-
ing coupler designed by this model shows relatively smooth
convergence in coupling efficiency. After 100 iterations, the
coupling efficiencies reach high levels of 82% and 85% at two
wavelengths, surpassing the results reported in the vast major-
ity of existing literature, as shown in Figs. 6(b) and 6(c). From
the figure, it can be observed that both grating couplers achieve
their maximum values at their respective center wavelengths,
with 3-dB bandwidths of 30 nm and 32 nm. Due to the specific
configuration of the three-layer grating coupler, irregular fluc-
tuation effects occur in regions outside the center wavelength.
However, this does not affect the high coupling efficiency near
the center wavelength. In addition, compared to traditional
methods combining electromagnetic simulation with inverse
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design, our model covers more possibilities and can prevent,
to the greatest extent, the inverse design from falling into the
local optimal solution. At the same time, the speed advantage
of the model is also obvious. The design of the grating coupler
for two working wavelengths can be completed within 5 min,
while the traditional method takes more than 10 hours. In or-
der to further explore the principle of the ultra-high coupling
efficiency of the multi-layer grating coupler, we also simulated

its cross-sectional electric field distribution, and the results are
shown in Fig. 6(d). As shown in Fig. 6(d), the top layer of
LNOI significantly enhances the mode matching between the
Si3N4 layer grating coupler and the single-mode fiber through
grating modulation. At the same time, the bottom Si layer ef-
fectively reduces the leakage of coupled light to the substrate,
thereby significantly improving the overall efficiency of the
grating coupler.
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4.2. Design of multi-layer dual-wavelength grating cou-
plers

Multi-wavelength grating couplers are pivotal compo-
nents in photonic integrated circuits (PICs), designed to effi-
ciently couple light between optical fibers and photonic chips
over multiple wavelengths. These devices leverage the diffrac-
tion properties of grating structures to facilitate the coupling
process, which is essential for applications requiring the use of
different wavelengths, such as in telecommunications, sensing
and biomedical fields. To achieve high coupling efficiency at
both 1550 nm and 1310 nm wavelengths simultaneously, the
optimization objective function in our design is set as follows:

FOM =
K

∑
i=1

Tλi −η

K

∑
i=1

∣∣Tλi − T̄λi

∣∣, (3)

where K represents the number of target working wavelengths,
which is set to 2 here, Tλi represents the coupling efficiency at

the ith wavelength, η represents the weight, and T̄λi represents
the average coupling efficiency across multiple wavelengths.

Through multiple experiments, we have determined that
setting η to 1 enables our dual-wavelength grating couplers to
achieve the highest coupling efficiency, as shown in Figs. 7(a)
and 7(b). The efficiencies of this dual-wavelength coupler
reached 50% and 60%, respectively. Although these values are
lower than the performance of single-wavelength grating cou-
plers, they exceed the results reported in most of the existing
literature. Similarly, the design time for the dual-wavelength
grating coupler is also within 6 min, further confirming the
speed advantage of our design method. In addition, the elec-
tric field distributions illustrated clearly demonstrate that at
both target wavelengths, the beams can be stably coupled into
the waveguide layer and stably transmitted in the fundamental
mode.
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4.3. Design of multi-layer broad wavelength grating cou-
plers

Broad wavelength grating couplers are specialized opti-
cal components used in photonics to couple light efficiently
across a wide range of wavelengths. These devices are cru-
cial for applications that require transmitting and processing
light over broad spectral ranges, such as in telecommunica-
tions, datacom and various sensing technologies. In our de-
sign, the corresponding optimization objective function is set
as follows:

FOM =
i=n2

∑
i=n1

Tλi −η

i=n2

∑
i=n1

∣∣Tλi − T̄λi

∣∣, (4)

where n1 and n2 represent the sequence numbers correspond-
ing to the starting wavelengths of the broad wavelength cou-
pling range. We conducted inverse design for two broadband
grating couplers, with their operating wavelength ranges set
at 1520 nm–1570 nm and 1400 nm–1600 nm, respectively,
with η also set to 0.5. The results, as shown in Figs. 8(a)
and (b), indicate that both grating couplers exhibited relatively
flat coupling efficiencies within their respective target wave-
length ranges, with coupling efficiencies exceeding 68% and
22%, respectively. These values have achieved a high level
comparable to existing broad wavelength grating couplers. As

shown in Fig. 8, the coupling efficiency of the broad wave-
length grating coupler exhibits a noticeable decrease compared
to the single-wavelength grating coupler. The primary reason
for this decline is that the design was optimized with broad-
band performance as the main objective. The results demon-
strate that this design achieves a flat coupling efficiency curve
over a 200 nm bandwidth, which is highly advantageous for
broadband photonic devices. For applications where the re-
quirement for a broad wavelength range is relatively lower,
the coupling efficiency can be adjusted directly by controlling
the value of η . Finally, the designed grating coupler is com-
pared with other grating couplers with similar architectures,
as shown in Table 2. The performance of the designed grating
coupler is superior to other architectures.
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Fig. 8. Predicted and simulated coupling efficiency curves for grating
couplers with central wavelength ranges of (a) 1520 nm–1570 nm and
(b) 1400 nm–1600 nm.

Table 2. Comparison with other similar neural network schemes for grating coupler comparison of performance with other similar multi-layer
grating couplers.

Reference GC structure Wavelength (nm) Coupling efficiency

[18] Si3N4–Si double-layer structure 1550 nm 61%
[19] height-variable structure 1503 nm–1587 nm 57.5%
[36] dual-etched structure 1306 nm &1527 nm 54.5%&45.3%
[37] multilayer topologically optimized structure 1550 nm 50%
[38] dual-layer Si structure 1530 nm–1565 nm 50%–70%

This paper LNOI–Si3N4–Si multilayer structure 1310 nm/1550 nm 82%/85%
This paper LNOI–Si3N4–Si multilayer structure 1310 nm & 1550 nm 50%&60%
This paper LNOI–Si3N4–Si multilayer structure 1520 nm–1570 nm/1400 nm–1600 nm 68%/22%

4.4. Design of single-layer single-wavelength grating cou-
plers

The results above have demonstrated that the inverse de-
sign algorithm combined with deep learning can effectively
design multi-layer grating couplers with various functionali-
ties. In addition, we can also design single-layer grating cou-
plers of silicon nitride by using discrete matrices with specific
design inputs, such as setting the matrix values of LNOI layers
to 0, and setting the matrix values of one of the silicon layers
and Si3N4 layers to 0. In this design approach, since each layer
of the multi-layer grating coupler is fully etched, the designed
single-layer grating couplers are also fully etched. According
to Eq. (1), we designed a single-wavelength grating coupler
for the 1550 nm wavelength, which is presented in Fig. 9(a),
with maximum efficiency reaching 34%. Although these ef-

ficiency values are significantly decreased compared to multi-
layer grating couplers, they are still higher than fully etched
grating couplers with equivalent feature sizes. As shown in
Fig. 9(b), the significant decrease in coupling efficiency is
mainly since most of the light beam is directly incident on the
substrate layer and absorbed by it. This design case demon-
strates the scalability of our design algorithm. This means that
our algorithm is applicable not only to the design of multi-
layer grating couplers, but also to the design of single-layer
grating couplers. Moreover, although our discussion primar-
ily focuses on a single angle of incidence, the design can be
adapted to accommodate multiple angles of incidence based
on specific requirements, fully meeting the needs of various
application scenarios. This combination of flexibility and effi-
ciency ensures a high degree of applicability and reliability of
the design solution in practical applications.
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5. Experiments and testing
To validate the performance of the designed grating cou-

pler, a combination of electron beam lithography and plasma
etching was employed to fabricate the single-layer silicon ni-
tride grating coupler shown in Fig. 9. For the convenience of
subsequent testing, two identical grating couplers were placed
in parallel with a spacing of 127 µm. The mode conversion
region of the grating coupler was designed with a 300 µm
long tapered waveguide to ensure that the insertion loss of the
mode converter is negligible. Straight waveguides and Euler
bend waveguides with a bending radius of 15 µm were used in
the intermediate section, both contributing negligible insertion
loss. As shown in Fig. 10(a), optical microscope images and
corresponding SEM detailed images of the fabricated grating
coupler are provided. It can be observed from the images that,
due to the high precision of electron beam lithography, no sig-
nificant process defects were observed in the grating region,
and the grating lines remained intact.

The grating coupler was characterized using a fiber ar-
ray (FA). During the testing process, the upper port was set
as the input port, and the lower port was set as the output
port, enabling the measurement of the transmission loss of the
two grating couplers. The transmission loss curve of a single
grating coupler was then obtained by dividing the measured
result by two. Figure 10(b) presents a comparison between
the transmission loss predicted by deep learning and the actu-
ally measured transmission loss. Due to limitations of the test-
ing fixture, the testing angle of the FA was constrained to 8◦,
which caused a shift in the transmission loss curve in terms of
wavelength. The central wavelength shifted to 1.535 µm, and
the corresponding transmission loss was −6.2 dB. It can be
seen that while the actual transmission loss curve exhibited an
overall decrease compared to the computed results, the overall
trend remained consistent. Periodic fluctuations were also ob-
served in the transmission loss curve, primarily due to multiple
reflections of light between the optical fiber, the surface of the
grating coupler, and the substrate, as well as unavoidable fiber
jitter. Overall, the experimental results are in good agreement
with the predictions of deep learning, demonstrating the relia-
bility of deep learning in predicting the performance of grating
couplers. For multilayer grating couplers, similar experimen-
tal validation has not yet been conducted due to fabrication
limitations. Future work will explore the verification of multi-
layer grating couplers through multi-step overlay and bonding
techniques.
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6. Conclusion

In this study, a novel deep learning prediction network
based on MLP, CNN and transformer models was developed,
enabling highly accurate predictions for multi-layer grating
couplers. The network demonstrated excellent prediction ac-
curacy, with errors ranging between 0% and 0.15% in most
cases, and an overall average error of just 0.17%, with a par-
ticularly low error of less than 0.09% at the 1550 nm wave-
length. To improve design efficiency, the deep learning model
was combined with genetic algorithms to form an efficient in-
verse design strategy, significantly reducing optimization time,
with all simulations completed in less than 6 min. To validate

the feasibility of this deep learning-based design method, sim-

ulation verifications were conducted for single-wavelength,

dual-wavelength and broadband multi-layer grating couplers,

as well as single-wavelength single-layer grating couplers, all

of which achieved outstanding performance. Furthermore, ex-

perimental validation was performed on a single-layer silicon

nitride grating coupler using the EBL process, confirming the

accuracy of both the deep learning predictions and the design

methodology. This study highlights the immense potential of

deep learning in grating coupler design and provides valuable

insights for applying these methods to silicon photonic device

design.
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