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Next-Value Prediction of Beam Waists From Mixed
Pitch Grating Using Simplified Transtformer Model

Yu Dian Lim"”, Member, IEEE, Peng Zhao
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Abstract—TIn this study, a simplified transformer model is used
to predict the beam waist of 1,092 nm light coupled out from
SiN-based mixed pitch gratings at various heights. The beam waists
data at various heights above the grating is first compiled. Then,
we used a sequence of the current beam waist values, z-positions,
and the computed mathematical indicators (features) to predict the
next beam waist value (labels). Optimized transformer model yields
average percentage error (APE) of 6.6% between the predicted
and actual beam waists, which corresponds to 93.4% prediction
accuracy. This study provides a pioneering approach to using
natural language processing model to perform predictive modelling
on photonics data, and possible extrapolation of photonics data
using transformer model.

Index Terms—Attention, gratings, multi-head attention,
photonics integrated circuits, quantum computing, self-attention,
silicon photonics, transformer model.

1. INTRODUCTION

ECENT breakthroughs in quantum technologies have
Rsparked a surge in investments and research in quan-
tum computing. Due to its exceptional computing performance,
much attention has been placed on quantum computing as the
next-generation computing technology [1], [2], [3]. Generally,
quantum computing operation involves continuously-changing
the quantum state of quantum bits (qubits) [4], [5]. Among
various qubits, one of the popular choices is the trapped ion
qubit, due to its high fidelity, CMOS-compatible scalability,
and its feasibility in room temperature operation. Fundamen-
tally, the computing operation of trapped ion qubits involves
optical addressing of trapped ions, where laser light of specific
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Fig. 1. Illustration of optical addressing using mixed pitch grating.

wavelengths are required to alter the energy level of the ions
that corresponds to the | 1 ) and | 0 ) quantum states [6]. For
instance, 88Sr™ ion requires 405, 422, 674, 1033, and 1092 nm
for ionization, doppler cooling, qubit transition, quenching of
metastable excited state, and clear-out during doppler cooling,
respectively [7].

To further miniaturize the ion trap quantum computers, silicon
photonics components have been integrated into the planar
electrode ion trap for the optical addressing ion qubits. For
instance, it has been reported that grating couplers can be buried
underneath the planar electrode of ion trap, to couple light
towards the trapped ions for optical addressing purposes [4],
[8]. To achieve this, the light beam coupled out from the grating
should have high degree of focusing with narrow beam waist. In
the effort of enhanced focusing, our research group has reported
several strategies, such as optimizing the radius of curvature [9],
[10] and implementing mixed pitch gratings [11]. For mixed
pitch gratings, the focusing mechanism is illustrated in Fig. 1.
It can be seen that grating pitches of 1.1 and 1.2 pm, which
correspond to different output directions for 1,092 nm light, are
placed next to each other to form focused light beam. The details
about the mechanism of the mixed pitch grating are discussed
in our previous work [11].

In order to “aim” the light towards the trapped ion, the
direction where the light coupled out from the grating should be
thoroughly investigated for accurate positioning and integration
of grating structure into the ion trap. Meanwhile, the under-
standing of beam waist progression above the grating is crucial.
Ideally, the ions should be trapped in the position where optimal
focusing occurs. In our previous works, we have reported the
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analysis of photonics data simulated by finite difference time
domain (FDTD) method using Python-based data science tech-
niques [10], [11]. For more versatile design and integration of
grating into the planar electrode ion trap, the optical properties
of light coupled out from the grating can be modelled using
machine learning technique. In the state-of-the-art, pioneering
works on the usage of machine learning in photonics have been
reported [12]. For instance, Hooten et al. reported the usage of
reinforcement learning on the inverse design of grating couplers
[13]. Meanwhile, Tu et al. reported using deep neural network
(DNN) technique for similar applications [14]. Nevertheless, the
research works of machine learning in photonics are still lacking,
where more studies are called for.

In our previous work, we used DNN technique to perform pre-
dictive modeling on light beams coupled out from gratings with
various radius of curvature. We first simulated and computed
the beam waists of 1,092 nm light coupled out from 6 different
design of gratings between z = 0 to 45 um (ref. Fig. 1) to obtain
6 datasets. We trained the DNN models using 5 datasets (from
5 grating designs), then predict the beam waists coupled out
from the remaining grating (z = 0 to 45 pm) [15]. Besides this
approach, another possible approach to use machine learning on
FDTD-simulated beam waists is to extrapolate the beam waist
coupled out from grating. By creating a machine learning model
that can perform accurate next-value prediction on the beam
waists, extrapolations can be performed.

To perform the next-value prediction, the beam waist propa-
gation should be shaped into one dimensional (1D) data, with z
values in the x-axis and their corresponding beam waists in the
y-axis. Traditionally, 1D data can be modelled with recurrent
neural network (RNN) technique. However, RNN suffers from
the problem of vanishing gradients. Upon extensive computation
and modelling, the gradient in RNN tends to reduce significantly,
where the parameter updates become insignificant [16]. To re-
solve the vanishing gradient problem, an alternative to RNN in
modeling 1D data is the transformer model. Transformer model
was first introduced by Google Inc., and was widely used in nat-
ural language processing (NLP). Generally, a transformer model
takes in a sequence of data, compute the relevance between each
vector using a self-attention mechanism, and predict the output
corresponding to the input data [17].

Due to its ability to model long data sequence without van-
ishing gradient, the usage of transformer in NLP applications,
such as language translation and next-word prediction has been
widely reported. A well-known example would be the genera-
tive artificial intelligence software, ChatGPT (Chat Generative
Pre-Trained Transformer), where its key algorithm is based on
transformer model [18]. In the context of next-word prediction
in NLP, the transformer first tokenizes an initial sentence into
a sequence of numbers. Next, the sequence of numbers is
inserted into the trained transformer model as the input data.
Then, the model basically predicts the numbers associated to
the next words, and produces the corresponding words as the
output data. Similar concept can also be applied in 1D data. In
extrapolating 1D data, the transformer model takes in a sequence
of earlier numbers as the initial input data, and predicts the
subsequent numbers for extrapolation. In the state-of-the-art, Li
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Fig.2.  General workflow used in this study. Six sets of simulated data (“100%
1.2 pm” to “20% 1.2 um/80% 1.1 pm”™) are split into training and validation
data. The validation data is fixed to be 0.4 of “50% 1.2 pm/50% 1.1 pm” dataset.
Six training datasets are inserted into the model set-by-set.

et al. reported usage of transformer-based generative adversarial
network in time-series anomaly detection [19]. At the same
time, Zhao et al. reported implementation of attention-based
mechanism in transformer model in time series data imputation
[20]. Nevertheless, there has been limited studies on the usage
of transformer models on photonics-related applications.

In this study, a simplified transformer model is used to model
and predict the beam waist coupled out from mixed pitch
gratings. The beam waists are first simulated and computed
for 1.2 pm pitch grating and 1.1/1.2 um mixed pitch gratings.
Then, mathematical indicators, including relative strength index
(RSI) and exponential moving average (EMA), are computed.
The obtained beam waists and indicators are then compiled
into datasets. The datasets are then used to train, optimize, and
evaluate the prediction accuracy of transformer models.

II. DATA SHAPING AND MODEL CONSTRUCTION

Fig. 2 illustrates the overall workflow of this study. For the
“Construction of Simulation Model” and “Photonics Simula-
tion” parts, the beam waists of the light coupled out from the
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Fig. 3. Simulated beam waist along z-axis (a): 1.2 pm grating (b) 1.1/1.2 um
mixed pitch grating.

gratings are simulated using Fourier-difference time-domain
(FDTD) technique (1,092 nm wavelength, z = 0 to 45 pm) and
computed using Python-based data analysis techniques. Laser
light with 1,092 nm wavelength is selected for this study, as it
is used for the clear-out function in trapped %¥Sr* ion qubit.
The grating used is 0.4 pm thick SiN etched-through grating.
In a typical FDTD simulation, 1.092 nm laser light (labeled as
“Input light” in Fig. 1) is first coupled into the waveguide and
propagates towards the grating. After that, the light is coupled
out (labeled as “Output light” in Fig. 1) from the grating,
where the electric field distribution of the 1,092 nm light of
z = 0 — 45 pm is captured by a 3D monitor. The beam waist
at each z-position is then computed using Python-based data
analysis technique. Similar FDTD simulation and beam waist
computation is performed repeatedly for gratings with pitches
of 100% 1.2 pm, 80% 1.2 um/20% 1.1 pm, 60% 1.2 nm/40%
1.1 pm, 50% 1.2 um/50% 1.1 pm, 40% 1.2 um/60% 1.1 pm, and
20% 1.2 pnm/80% 1.1 um. The details of the FDTD simulation
and beam waist computation is described in our previous work
[11].

Fig. 3 compares the beam waists of 1,092 nm light from
1.2 um grating and 1.1/1.2 pm mixed pitch grating. It can be
observed that beam waists from 1.1/1.2 pm mixed pitch grating
are approximately ~25% smaller than 1.2 pm grating along
z-axis due to the focusing mechanism of mixed pitch grating. It
can be observed that the beam waists below z = 25 pm exhibits
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Fig. 4. Compiled features and labels for model training. BW and RSI are

beam waist and relative strength index, while EMAL, EMAM, and EMAS are
the exponential moving average of the past 40, 30, and 20 BW. (b) Features
rearranged into 3D data array to be fed into the transformer to compute their
respective label.

high level of irregularities. As referred to Fig. 1, the top oxide
layer above the grating ends at z = 10 pm, which means that be
beam forming generally starts from z = 10 pum. The z= 10 pm to
25 pm region represents the reactive field region, approximately

3

ranges between the grating to 0.62 <\/Z ) above the grating,
where D is the maximum linear dimension of grating and A is the
wavelength [21]. Meanwhile, region above z = 25 pm represents
the far-field region, approximately ranges above (.62 (@ )

[22]. Thus, in our study of machine learning modeling and
prediction using transformer model, beam waists in the reactive
field region will be used as the features (data used to make
predictions), while beam waists above the reactive field region
will be used as the labels (data to be predicted).

The “Data Collection, Computation, and Compilation™ part
of Fig. 2 is illustrated in Fig. 4(a). The primary data collected
from the FDTD simulation and Python-based computation are
beam waist (BW) and height (z) above grating, with total 317
rows of primary data. To better model the beam waist, we
used mathematical indicators such as Relative Strength Index
(RSI) [23] and exponential moving average (EMA) [24] of
the BW values. The RSI can be calculated by the following
equation:

100
RSI = 100 — Avg. Increment )
Avg. Reduction

where Avg. Increment/Avg. Reduction of a specific Z/BW row
are the average increase/decrease in BW values of the past 10
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data points. Meanwhile, EMA can be calculated using:

EMA, = (BW,) (HLN> + (EMA, 1) (1 _ HLN)

where the EMAS, EMAM, and EMAL shown in Fig. 4(a) are
calculated with N = 20, 30, and 40, respectively (S, M, L in
EMA represents ‘Short’, ‘Medium, ‘Long’, respectively). In this
work, the RSI, EMAS, EMAM, and EMAL values are calcu-
lated using ‘pandas_ta’ package, which is a built-in package
for technical analysis in Python. The usage of mathematical
indicators, EMAS, EMAM EMAL and RSI reflects the moving
averages of 10 —40 prior beam waist values. These indicators are
widely-used in financial modelling, and prediction of financial
indicators such as stock price and index values [25]. In the
context of next-value prediction of beam waist along z-axis,
these indicators illustrate the moving trend of the beam waist,
10 — 40 values prior to the current beam waist values. Thus,
it can be deduced that these indicators can be a useful tool in
performing next-value predictions on beam waist values along
Z-axis.

AsshowninFig. 4(a), each dataset is splitinto feature columns
and label column, where features are the data used for prediction,
while label is the data to be predicted. Note that ‘ratio’, which
indicates the mixing ratio of 1.1/1.2 pm pitches, is also included
as one of the features. The label is set to be the BW value of the
next data row. This implies that the transformer model takes in
the features of a current data point to predict the beam waist of
the next data point. Along the rows of the datasets, the datasets
are split into training and validation datasets. Training datasets
are the data used to train the transformer model, while the
validation datasets are the data used to evaluate the prediction
performance of the trained model.

As shown in Figs. 2 and 5 datasets are used as training
data to train the transformer model, with mixing ratio of “50%
1.2 pm/50% 1.1 pm” singled out (not fed into the transformer
model for training). Meanwhile, 60% of each dataset (including
BW, z, RSI, EMAS etc.) from the SiO2/SiN region and the
reactive field region is used as the training data, while 40% of
the dataset is used as the validation data. The purpose of having
a validation dataset is to evaluate the predictive performance of
the trained transformer model.

The “Data Splitting, Reshaping, and Feeding into Model”
in Fig. 2 is illustrated in Fig. 4. Each feature is rearranged
from 1D data arrays to 2D data arrays. Note that the number
of columns in each 2D data array represents the sequence length
inserted into the transformer model during the model training.
As illustrated in Fig. 4(b), when the sequence length is 5, the
features of the past 5 data points will be considered. In this study,
sequence length of 5, 10, and 20 will be explored. The details of
sequence length variations will be discussed in the next
sections.

The “Construction of Transformer Model” part in Fig. 2 is
illustrated in Fig. 5. The simplified transformer model illus-
trated in Fig. 5(a) is inspired by the full transformer model
proposed by Google Inc., without the word embedding and the
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Fig.5. (a)Outline of the simplified transformer model. The transformer blocks
are repeated 2, 3, and 4 times for model optimization, (b) Number of parameters
and layer-by-layer description for each layer in the simplified transformer model
(model with 1 transformer block). The layers in red are layers belong to the
transformer block.

encoder/decoder labels in the model [17]. The simplified trans-
former model uses a 2-head input for the multi-head attention
layer, where the head size of each head is fixed to be 16. In the
simplified model, the reshaped features illustrated in Fig. 4(b)
are first inserted as a sequence of input data. For instance, input
data with sequence length of 5 will be inserted as a series of
5 vectors, with each vector consists of 6 elements (EMAS,
EMAM, EMAL, RSI, Z, and current BW). The layer-by-layer
route for the input data in the transformer model, the function
of each layer, and the corresponding parameters in each layer,
are illustrated in Fig. 5(a) and (b). For models with 2, 3 and 4
transformer blocks, the details of the transformer model can be
found out by expanding the layers in red as shown in Fig. 5(b).
Alternatively, ‘model.summary()’ function can be used in the
full Python code provided, which will be mentioned later.
The details of the transformer model and multi-head attention
are discussed inref [17], [26]. The datasets shown in Fig. 2(100%
1.2 pm, 20% 1.2 um/80% 1.1 pm... etc.) are inserted into the
transformer model set-by-set for model training.
Fundamentally, one important consideration when construct-
ing a machine learning model is the availability of training data.
When a small amount of training data is available, the model
should be kept small, with less trainable parameters. In this study,
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we started with a big transformer model, with 4 heads in the
multi-head attention, head size of 64, and 4 transformer blocks.
The number of trainable parameters is 30,817. As we train the
transformer model set-by-set, the dimension of each dataset is
(146, 5, 6), indicating 146 rows, sequence length of 5, each
sequence has vectors with 6 elements. This result in only 4,380
datapoints, where 5 training datasets only yield a total of 21,900
datapoints. As the number of trainable parameters exceeds the
number of training data available, the model training is unstable,
and often result in inconsistent outcome. To resolve this, we used
small transformer models with 2 heads in multi-head attention
layer, where the size of each head is only 16. As a result, the
number of trainable parameters reduced to 3,025 — 7,073 for
transformer models with 2 — 4 transformer blocks and 5 — 20
sequence length.

After constructing the small transformer model, the model is
then compiled using mean squared error as the loss indicator and
‘Adam’ optimizer with learning rate of 10, as referred to the
“Compilation of Transformer Model” in Fig. 2. For the model
training (“Training of Transformer Model” in Fig. 2), the number
of epochs is fixed at 100. The 5 training datasets illustrated in
Fig. 2 are compiled into 5 separated tables similar to Fig. 4(a).
Then, we reshaped the datasets into 5 3D data arrays similar to
Fig. 4(b). The 5 data arrays are then fed into the transformer
model for model training array-by-array. After the preparation
of training datasets and transformer model, the model is then
trained. The training is carried out using a workstation with 16
cores processor with up to 5.7 GHz boost clock; and a gaming
graphic card with 24 GB GDDR6X RAM running at 2520 MHz
clock speeds.

Upon training of the model, the accuracy of the prediction
using the trained model is tested using the validation data. The
features of the validation data (reshaped BW, z, RSI, EMAL,
EMAM, and EMAS) are used to predict the label of the val-
idation data (Next BW), as referred to Fig. 4. As mentioned
earlier, “50% 1.2 nm/50% 1.1 um” dataset is used as the
validation data. The abovementioned processes are carried out
in Python platform. The Python codes for transformer model
construction, model training and model prediction used in this
study extends from the source code presented in [27].

III. PREDICTION OF BEAM WAIST

The “Photonics Data Prediction with Trained Model” illus-
trated in Fig. 2 is presented in the following sections. For the
optimization of simplified transformer model, we employed
two variations: sequence length (5, 10, 20) and number of
transformer blocks (2, 3, 4). The average percentage error (APE)
between actual (simulated) beam waist and predicted beam waist
is used as the main figure-of-merit to determine the predictive
accuracy of the model.

Fig. 6(a) shows the APEs between predicted/actual data; while
Fig. 6(b) shows the average difference between training and
validation data (from 50th epoch onwards, Sth set of training data
“20% 1.2 pym/80% 1.1 um”). Generally, it can be observed that
model trainings with a sequence length of 5 exhibit the lowest
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tween training-validation data.

APEs, ranging between 6.6% and 7.06%. This is followed by
sequence length of 10, with APEs ranging between 12.58% and
22.68%. The highest APEs, ranging from 21.24% to 34.15%, are
observed in model trainings using a sequence length of 20. The
high APEs using large sequence length can be due to the over-
considerations of beam waists data from the 0 to 25 pm region
(training data) at the early stage of the validation data (~25 to
30 um). As the 0 to 25 pm region tends to have higher beam waist
data and higher degree of fluctuation, as shown in Fig. 3, over-
consideration of these prior data (with large sequence length
of 20) will cause the transformer model to predict higher-than-
actual beam waist values.

The prediction of higher-than-actual beam waist values can
be further visualized in Fig. 7. In Fig. 7(a), it is shown that
the predicted beam waists fitted closely to the actual beam
waist, with minimal deviations between these two sets of data.
Generally, the percentage errors between actual and predicted
beam waist are 0.6 to 9% from z = 30 um to z = 39 um. When
the actual beam waist experiences sudden drop at z = 39 um, the
trained transformer model could not ‘catch-up’ with the sudden
change. Thus, the percentage error spiked to 61%, then slowly
reduced to 9 — 15% range. In contrast, in Fig. 7(b), there is a
spike in the predicted data in the range of 26 to 28 pm. As a
result, the percentage error spiked to > 100% at this stage. This
implies the over-consideration of prior beam waist data using
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length = 20, number of blocks = 2, APE = 34.15%.

sequence length = 20, which result in higher-than-actual pre-
diction of beam waist. Between z = 32 to 39 pm, the percentage
errors reduced and stabilities to 0 — 6%. The higher-than-usual
prediction is also observed between 40 to 45 um. In this region,
the actual beam waist experienced an abrupt drop. However, the
predicted beam waist did not ‘catch-up’ with this drop, which can
be attributed to the large sequence length of 20. The percentage
error increases to 30 — 79% again.

Meanwhile, as referred to Fig. 6(a), it can be observed that
transformer models with 3 transformer blocks yields the lowest
APE for sequence length = 5, 10 and 20. As the accuracy
of transformer model scales with both the size of training
data and the size of the transformer model, it can be deduced
that models with 3 transformer blocks with 4089 to 6009
trainable parameters is the most optimized combination for
the size of 5 datasets (with 21,900 datapoints) used in this
study. [28], [29].

Fig. 6(b) shows the average difference between the training
and validation losses. Fundamentally, a negative value indicates
that the training loss is larger than the validation loss, implying
that the model is overfitted. Meanwhile, a positive value implies
that the model is underfitted [30], [31], [32]. As mentioned
earlier, the transformer models are trained with the 5 training
datasets labeled in Fig. 2. The 5 training datasets are inserted into
the transformer model set-by-set, with the epoch of each training
fixed at 100. Thus, it can be deduced that the training-validation
average difference is higher during the Ist training (using “100%
1.2 pm” dataset, when the model is under-trained), and the value
of average difference reduces during the 5th training (using
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Fig. 8. Training loss-Validation loss curves of transformer model with 3

transformer blocks with sequence length = 5: (a) 1st training using “100%
1.2 um” dataset, (b) Sth training using “50% 1.2 pm/50% 1.1 um” dataset.

“50% 1.2 pm/50% 1.1 pm” dataset, when the model is trained).
For instance, the training loss and validation loss curves for
the transformer model with 3 transformer blocks and sequence
length =5 (combination with lowest APE in Fig. 6(a)) are shown
in Fig. 8. At the 1st model training using “100% 1.2 pm” dataset,
the average difference between training and validation data is
0.02, where the positive value indicates that the model is under
trained. At the 5th model training using “50% 1.2 pm/50%
1.1 pm”, the average difference dropped to -0.016, where the
negative value indicates that the model is trained. In this study,
the values shown in Fig. 6(b) are the average difference taken
from the 5th training.

As mentioned earlier, in Fig. 6(b), a negative value imply-
ing that the model is overfitted, while a positive value imply-
ing that the model is underfitted. Generally, most transformer
blocks/sequence length combinations shown in Fig. 6(b) are
slightly overfitted. This indicates that further training does not
further improve the prediction accuracy of the model. However,
for transformer model with 2 transformer blocks with sequence
length = 20, the model is slightly underfitted. As mentioned
earlier, the accuracy of transformer model scales with both the
size of training data and the size of the transformer model. Thus,
for this transformer model, further training with more training
data may improve its prediction accuracy. Nevertheless, the
magnitude of the average difference between training-validation
losses shown in Fig. 6(b) is rather small. Thus, it can be deduced
that the models are sufficiently trained to achieve their respective
optimized predictive performance. To further understand the
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impact of key parameters, including the number of transformer
blocks, sequence length, transformer size, size of training data,
on the prediction performance of the transformer model, further
studies are called for. Authors can use the full Python code
(with linked dataset) provided in [33] to optimize the above-
mentioned parameters. At the same time, the Python code for
the transformer modelling can also be used for extended datasets,
to investigate the impact of dataset size on the prediction per-
formance of the transformer model. Nevertheless, the above-
mentioned outcomes demonstrated modelling and prediction of
transformer model on beam waist data, with accuracy of up to
93.45%.

IV. DISCUSSION

In this work, we introduced a pioneering attempt in using
transformer models on photonics data, a quantitative dataset
which has much smaller scale than the conventional language
processing application. Transformer model has been widely-
used as large language models (LLM) in natural language pro-
cessing (NLP) applications. Due to its ‘data hungry’ nature,
transformer model often requires large amount of data to train
[34]. This is due to the presence of massive parameters in a
transformer-based LLM. In a typical NLP application, the pa-
rameters to trained often range from 70 million to over 16 billion
[29], [35]. However, as we have limited photonics data available,
we scaled down our simplified transformer model to have 4945
(2 transformer blocks) and 7073 (4 transformer blocks). Thus,
despite limited data available, good fitting of the training dataset
into the transformer model can be achieved.

This work can be viewed as an extension to a research
work that our group has previously-reported. In [11], we re-
ported using Python-based data science technique to compute
the beam waists along x-axis and y-axis (ref. Fig. 1(b)) of
1,092 nm light coupled out from 1.1/1.2 pm mixed pitch grat-
ing. In this work, we used simplified transformer models to
predict the beam waist coupled out from 50% 1.1 pm/50%
1.2 pm mixed pitch grating. This work can be benchmarked
against another previously-reported work, where we used deep
neural network (DNN) model to predict the beam waists
coupled out from gratings with various radius of curvature
[15].

As compared to [15], this work demonstrated slight im-
provement in APE values from 7.2% to 6.6% for well-
fitted models. The concepts of predictive modelling of both
works ([15] and current work) are fundamentally different.
For the predictive modelling of beam waist using DNN mod-
els, we used only grating design indicator (radius of cur-
vature) and the z-position to as the features, to predict the
corresponding beam waists. Meanwhile, for this work, we
performed next-value prediction using transformer models. This
means that we used the current beam waist and other mathe-
matical indicators (EMAL, EMAM, EMAS, RSI etc.) to pre-
dict the next beam waist values. The mathematical indicators
are computed based on the moving trends of 10 — 40 beam
waist values prior to the current beam waist. This implies that
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we include more features in this work than our prior work
in [15]. At the same time, the nature of the DNN model is
different from the transformer model. For the DNN model, the
features (radius of curvature and z-position) are inserted into
the model as isolated values. Upon training of the model, the
parameters in the model are optimized without explic-
itly considering the relationship between the inserted fea-
tures. On the other hand, the features of transformer
model are inserted into the model as a sequence of vec-
tors, where the correlation between each vector in the se-
quence is computed in the multi-head attention layer. In
the context of our work, for sequence length = 5, a sequence
of 5 vectors is inserted into the transformer model. Each vector
consists of information including current beam waist, z-position,
RSI,EMAL, EMAM, and EMAS. Then, the correlation between
each vector is computed in the multi-head attention layer. Due to
the different in prediction nature, inclusion of more features, and
the presence of multi-head attention to compute the correlation
between the vectors in the features, this work achieved slightly
better APE values than our prior work in [15] for well-fitted
models.

Another key differences between this work and [15] is the
splitting of training and validation data. In [15], six beam waist
datasets, similar to the dataset presented in Fig. 4(a), are simu-
lated. Five datasets are used as the training data, and one dataset
is used as the validation data. Similar to the previous work,
six beam waist datasets are simulated in this work. However,
among the simulated beam waist datasets, 60% of all six datasets
are used as the training data, the unused 40% of the “50%
1.1 pum/50% 1.2 pm” dataset is used as the validation data.
Another key difference is the inclusion of grating properties as
the feature data. For [15], we include the radius of curvature,
a key determining factor of the beam waist, as the feature
data. However, in our current work, we treated each dataset
neutrally, as we did not include mixing ratio as one of the
features.

The exclusion of mixing ratio implies that we use a sequence
of current beam waists (and other associated indicators) to
predict the next beam waist value. Without considering the
mixing ratio, the next-value prediction performed by in “50%
1.2 pm/50% 1.1 pm” dataset exhibits high prediction accuracy
even under two conditions: (1) “50% 1.2 pm/50% 1.1p m”
beam waist data is not included when training the transformer
model, (2) the next-value prediction is carried out in the z =
30 — 45 pm region, however, the training datasets described
in Fig. 4 do not include this beam waists from this region
at all. For the extrapolation of FDTD simulation, the model
can be further modified, such as training to predict the next-
5 or next-10 beam waist values. Due to scarcity of training
data as we have limited computing resources in performing
FDTD simulation, the proposed approach is not attempted in
this study. Nevertheless, we demonstrate a possibility of ex-
trapolating the beam waist using transformer model, where the
fundamentals can be further expanded by fellow researchers with
better computing resources, and mass amount of beam waist
datasets.
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A key limitation of this study is the lack of experimental
data. As demonstrated earlier, the modelling and next-value
prediction of beam waists from mixed-pitch gratings are carried
out solely from data simulated by finite-difference time-domain
(FDTD) technique. For mixed-pitch gratings, we have previ-
ously reported the comparison of simulated and experimentally-
measured beam waists [11]. The obtained beam waists from
mixed-pitched gratings show similar focusing phenomenon in
both simulated and experimentally measurement settings. How-
ever, due to the limitations in experimental resources, we are
only able to obtain beam waist from one z-position experi-
mentally. As mentioned earlier, transformer model is generally
“data-hungry”. Thus, to perform similar transformer modelling
and prediction on experimentally-measurement beam waists,
highly-magnified beam profiles are required. To achieve this,
high pixel infrared camera should be used. At the same time, a
set of beam profile data should be taken for every 1 pm elevation
of the infrared camera. Thus, a complex measurement system
with high precision z-axis motorized stage is needed. Neverthe-
less, the obtained outcome from this work can serve as a solid
foundation to achieve the abovementioned experiments, where
similar transformer modelling can be used on experimental beam
profile datasets.

As mentioned earlier, one of the distinctive differences be-
tween transformer model and deep neural network (DNN) model
is the nature of the input features. For transformer model, cor-
relations between all vectors in a sequence of input data are
computing by the multi-head attention layer. The nature of this
multi-head attention mechanism can be applied to optimizing
other silicon photonics (SiPh) devices. For instance, when opti-
mizing SiPh grating couplers, a series of grating parameters, in-
cluding pitch, duty cycle, thickness, etch depth, and operational
wavelength should be optimized. These parameters are related
to each other, but the correlations are not explicitly addressed
when modelling the parameters and corresponding grating per-
formance using DNN model. Thus, the simplified transformer
models introduced in this work can be used. For instance, a series
of grating parameters mentioned earlier can be converted to a
series of vectors. The parameters can be varied, to generate more
combinations of gratings and its corresponding performance.
The series can then serve as the input to the transformer model.
Similar mechanism can also be applied on optimizing other SiPh
devices, such as photodetectors, modulators etc.

A key improvement can be done to improve the prediction
accuracy of the transformer model. For each dataset illustrated
in Fig. 2, the dimension is (146, 5, 6), which translates to
4380 datapoints. As mentioned earlier, as transformer model
is widely used in NLP, it is capable of handling millions of
datapoints. Thus, to increase the prediction accuracy, FDTD
simulation with higher mesh count and more data points should
be used to train larger transformer models, with more train-
able parameters. However, such improvement requires better
computing resources. Thus, to enable the expansion of ex-
ploratory work in this direction, we have included the full
Python code of the transformer model (with linked datasets)
in [33].
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V. CONCLUSION

In this study, simplified transformer models have been
employed to perform modelling and prediction of beam waists
of 1,092 nm coupled out from SiN mixed pitch gratings. The
primary data used in the modeling is the simulated and computed
beam waist (BW) and its associated height (z). Mathematical
indicators, such as relative strength index (RSI) and exponential
moving average (EMA) are computed to be included in the
modeling and prediction. The modelling and prediction of trans-
former models uses a sequence of the current beam waist values,
z-levels, and the abovementioned mathematical indicators (fea-
tures) to predict the next beam waist value (labels). Sequence
length of 5, 10, and 20; with 2, 3 and 4 blocks of transformer
blocks, are explored. Predictions with lowest average percentage
errors (APEs) are obtained from sequence length = 5, with APEs
of 6.6 to 7.1%, corresponding to prediction accuracy of 92.9
to 93.4%. Transformer modelling with sequence length = 20
yields highest APEs, ranging from 21.2 to 34.2%. Nevertheless,
the optimized transformer demonstrated a prediction accuracy
of up to 93.4%. The obtained outcomes provide insightful in-
puts on the design and integrating of gratings for the optical
addressing of trapped ion qubits. At the same time, the demon-
stration of using simplified transformer model to predict optical
properties from gratings opens up a pioneering path on using
natural language processing (NLP) models and mathematical
indicators (RSI, EMA, etc.) in predicting photonics data. The
next-value prediction underlies a foundation to the extrapolation
of photonics data, where the framework can be further expanded
to prediction the next-5 or next-10 beam waists. Besides, the
multi-head attention of the transformer model can be used for the
optimization of silicon photonics devices, where the correlations
among the key parameters in the device can be considered.
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