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ABSTRACT

Modern machine learning models use an ever-increasing number of parameters to train (175 × 109 parameters for GPT-3) with large datasets
to achieve better performance. Optical computing has been rediscovered as a potential solution for large-scale data processing, taking advan-
tage of linear optical accelerators that perform operations at lower power consumption. However, to achieve efficient computing with light, it
remains a challenge to create and control nonlinearity optically rather than electronically. In this study, a reservoir computing approach (RC)
is investigated using a 14-mm waveguide in LiNbO3 on an insulator as an optical processor to validate the benefit of optical nonlinearity. Data
are encoded on the spectrum of a femtosecond pulse, which is launched into the waveguide. The output of the waveguide is a nonlinear trans-
form of the input, enabled by optical nonlinearities. We show experimentally that a simple digital linear classifier using the output spectrum
of the waveguide increases the classification accuracy of several databases by ∼10% compared to untransformed data. In comparison, a digital
neural network (NN) with tens of thousands of parameters was required to achieve similar accuracy. With the ability to reduce the number
of parameters by a factor of at least 20, an integrated optical RC approach can attain a performance on a par with a digital NN.

© 2023 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0158611

INTRODUCTION

Matrix operations serve as an essential element in establish-
ing connections between neurons in a neural network. For each
neuron, the input vector is multiplied by the corresponding weight
matrix, which is known as a multiply and accumulate (MAC)
operation. The resulting vector is then passed through a nonlin-
ear activation function. However, the heavy computational load of
these operations has led to the optical implementation of the MAC
operation using integrated photonics or 2D light modulators in
free space. A recent study1 has implemented a reconfigurable free
space vector–matrix multiplier based on the Stanford architecture2

using a digital micromirror device and spatial light modulator for
input vector and matrix encoding, respectively. This technique’s
primary advantage is that the MAC calculation does not consume
energy while light propagates through transparent, non-scattering

optical components. Furthermore, operations with a matrix size of
1000-by-1000 can be executed in a single pass because matrices
are implemented with 2D light modulators having million pixels.
Another approach for optical MAC calculation is to use thermo-
optically controlled Mach–Zehnder interferometer (MZI) meshes
based on planar matrix–vector multiplication (MVM) architectures,
implemented using silicon photonics technology.3 Since the MAC
calculation takes place passively via interference, energy consump-
tion is reduced compared to digital computers. This technology is
currently being commercialized. However, thermal modulators con-
sume energy all the time, which poses a scale-up problem. An optical
crossbar array with a fix-and-forget phase change material (PCM)
has been introduced for MVM to reduce energy consumption. In
this approach, coupling ratios are set by PCM at crossing points,
eliminating the need to power up the optical circuit continuously.4
Despite these advances, the growing number of parameters in neural
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network models poses a persistent challenge for scaling planar archi-
tectures, including electronics. As a result, the machine-learning
community is also exploring techniques to compress neural network
models to make them more computable.5

Performing a vector calculation through a neuron in electronic
hardware involves several steps, including reading the vector and
matrix from memory, performing the MAC calculation, sending
the result to a memory buffer, computing the nonlinear activation,
and writing the output to memory.6 However, memory accesses
consume the most energy, making data movement the primary bot-
tleneck for scaling,7–9 which becomes increasingly problematic for
large neural networks. Optical MVMs face similar challenges, as the

optical MAC calculation must be stored in memory before nonlinear
activation can be performed in electronics, given the lack of optical
nonlinearity on the chip. Incorporating on-chip optical nonlinearity
could reduce the need for memory accesses and would also enable
the computation of multiple neural network layers simultaneously
in optics, reducing the need for switching between optics and elec-
tronics for nonlinear activation between layers and further reducing
memory access requirements.

Reservoir computing (RC) is a method that can reduce the
number of parameters required for machine learning by taking
advantage of the intrinsic complexity of physical systems.10 Reser-
voirs are fixed, complex, and passive, generally recurrent neural

FIG. 1. (a) Experimental setup, where data samples are encoded into a femtosecond pulse spectrum using a spectral pulse shaper (π). The encoded data pulses are then
focused into a lithium niobate on insulator ridge waveguide, where the pulse spectrum evolves nonlinearly over a 14 mm long waveguide. The output spectrum of each data
instance is captured using a spectrometer, and further information processing steps are carried out on a digital computer. (b) Plots show the projection of the liver disease
dataset to two dimensions before and after the experiment, using the linear discriminant analysis method. The dataset contains four classes: healthy, hepatitis, fibrosis, and
cirrhosis, and each instance of the dataset is plotted by a colored dot representing the corresponding class.
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networks followed by a simple readout stage with few parameters to
learn. This approach makes the training cost of RC low, regardless
of the complexity of the reservoir or task. Unlike traditional neu-
ral networks, increasing the complexity of the RC reservoir does not
necessarily increase the number of parameters or operations, making
it highly attractive for scaling. In response to this appeal, numer-
ous physical optical reservoir implementations have been developed,
utilizing semiconductor lasers, random diffusers, integrated wave-
guides, and fibers,11–17 in addition to theoretical and numerical
studies.18–20 For instance, the optical Kerr effect was recently utilized
in multimode fibers to implement a reservoir that could perform
several machine learning tasks.21 In another study,17 single-mode
fibers with data-encoded pulses were used to generate nonlinearity
using the same effect. In both cases, nonlinearity occurred during the
propagation of the light pulse inside the fiber without optoelectronic
conversion, resulting in higher energy efficiency than methods12,15

based on detector nonlinearity due to the absence of optoelectronic
conversion.

In this study, we present an optical computing technique that
leverages on-chip optical nonlinearity, and we provide experimental
findings showcasing its effectiveness in various classification tasks
through the utilization of the RC approach. To achieve this, we
employ a waveguide made from Lithium Niobate (LN) on an insula-
tor substrate. LN exhibits χ(2) and χ(3) nonlinearities due to its non-
centrosymmetric structure. The combination of LN’s high refractive
index contrast and these inherent nonlinearities enables complex
optical nonlinear processes at modest pump energies, typically in
the order of tens of pJ pulse energies.22,23 Our experimental setup
involves a 14 mm-long ridge waveguide pumped with data-encoded
femtosecond pulses. The data encoding is achieved by modulat-
ing the amplitude of the spectral components of the optical beam
using a pulse shaper (see “Methods”). The overall experimental
setup is shown in Fig. 1(a). These pulses undergo nonlinear evolu-
tion influenced by χ(2) and χ(3) effects as they propagate through
the waveguide. A spectrometer records the resulting spectrum at
the waveguide’s output for each data sample. Linear discriminant
analysis (LDA) is a technique for projecting high-dimensional data
onto low dimensions while maintaining class diversity. We uti-
lize LDA as an indicator of class separation. In our liver disease
experiment (see “Results” for more detail), we find that the LN
waveguide’s nonlinear transformation of input data enhances the
separation between different classes, leading to improved classifica-
tion accuracy. Figure 1(b) illustrates the LDA of the liver disease
dataset before and after the nonlinear transformation in the LN
chip. Remarkably, the separation between healthy and other disease
classes increases, and better classification accuracy is achieved. The
optical transformation takes place in a planar waveguide. In view of
the potential high level integration benefiting from on-chip lasers,
modulators, and detectors, our system is hereafter called intSOLO
(integrated scalable optical learning operator21). In the remainder of
this paper, the nonlinear transformation performed by intSOLO is
analyzed in depth in various cases.

RESULTS

A widely accepted method for demonstrating a system’s non-
linear transformation capability is to evaluate it against Boolean

logic operations. In our study, we conducted experiments involving
two- and three-bit exclusive OR (XOR) tasks, wherein the out-
put exhibits nonlinear dependence on the input (bit combinations).
This nonlinearity renders XOR unsuitable for learning by a linear
classifier.

In our experimental setup, we nonlinearly transformed the
input bit combinations, encoding them onto the pulse’s spectrum.
We then recorded the corresponding output spectra for each input,
generated by the LN waveguide. Subsequently, the output spectrum
was input into a digital ridge classifier. It is important to clarify that
the term “ridge” used to describe the classifier is unrelated to the
name of the waveguide itself. The results of this experiment can be
found in the supplementary material, Results 1.

Our findings revealed that when using intSOLO in conjunction
with a linear ridge classifier, we achieved a remarkable 100% accu-
racy on the XOR tasks. In contrast, when relying solely on the ridge
classifier, the accuracy dropped to 50%. We further explored the
system’s performance using higher-dimensional input and output in
subsequent experiments.

Vowel classification

Spoken vowel classification is a fundamental task in machine
learning systems. In this study, we used a dataset from Ref. 24 that
consists of 12 formant frequencies extracted from audio recordings
to estimate a vowel. The dataset comprises seven vowels and 273
samples. The dataset was encoded as spectral amplitude by the pulse
shaper (see “Methods” for details), and a corresponding spectrum
for each instance was recorded after the waveguide. We discretized
the output spectrum to produce a vector with 196 values per sam-
ple, selected around the pump wavelength (950 nm) and the second
harmonic (475 nm).

To examine the impact of nonlinearity, we performed ridge
classification on a test set of both original and transformed data
through the LN waveguide. Figure 2 shows confusion matrices cal-
culated from the ridge model using original and transformed data
(after the LN waveguide). The original data provided an accuracy
of 88.5%, whereas we obtained 98.8% accuracy on the test set with
intSOLO. We attribute the improved performance to the nonlinear
pulse propagation in the LN waveguide, which increased the dimen-
sionality of the output and extracted previously hidden data features.
Since the ridge is a linear model, the improvement in performance
confirms that it originates from nonlinear propagation.

Furthermore, we analyzed the performance of intSOLO on
several classifier metrics, including precision, recall, and F1-score.
Recall, also referred to as the true positive rate, quantifies the frac-
tion of actual positive samples correctly predicted by a classifier.
Conversely, the F1-score represents the harmonic mean of precision
and recall, which is particularly useful for addressing imbalanced
datasets. To prevent misleading conclusions, we have also reported
F1-scores in our evaluation. A summary of these metrics is shown in
Table I, where “Baseline” refers to the original data used for classifi-
cation and “LN” refers to the optical nonlinearly transformed data.
The LN transformation improved the performance of the model
for these metrics, with a total F1-score increase of 11.2%. In addi-
tion, the detailed classification performances for different classes are
presented in the supplementary material, Results 2.
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FIG. 2. Confusion matrices of three experiments: spoken vowel (a) and (d), date fruit (b) and (e), and liver disease (c) and (f). The upper row (before waveguide) shows
classification accuracies using the original dataset with the ridge classifier (a)–(c). The bottom row (after waveguide) is calculated using a nonlinearly transformed dataset
(d)–(f). Confusion matrices are normalized row-wise.

TABLE I. Classification report of three datasets for various metrics, calculated using the linear ridge model. Baseline means
that the original dataset is used to train a model. In the LN case, models are trained on an optically transformed dataset.
Optical experiments are repeated 30 times, and the reported LN values are average of those. Precision, recall, and F1-score
are the average of the corresponding scores across classes, which are calculated for each class of datasets separately.

Metric

Spoken vowel Date fruit Liver disease

Baseline (%) LN (%) Baseline (%) LN (%) Baseline (%) LN (%)

Accuracy 88.5 98.8 88.9 96.3 83.2 94.3
Precision 91.9 98.9 86.4 95.7 52.2 73.4
Recall 88.3 98.8 86.2 95.9 66.3 70.4
F1-score 87.6 98.8 85.6 95.7 56.4 70.3

We would like to draw attention to a referenced study25 that
utilizes the same vowel classification dataset. In that study, the
researchers implemented a reservoir using a bulk nonlinear crys-
tal. The data-encoded pulse undergoes multiple passes through the
crystal to enable multilayer processing. In contrast, our approach
achieves similar results with a single pass through the waveguide,
simplifying the system architecture. In comparison to the referenced
work, our method demonstrates a 5% improvement in accuracy for
vowel recognition. It is worth noting, however, that their approach
incorporates a digital twin of the reservoir, allowing for tuning via

control parameters added to the data encoding pulse, while our
method does not have this tuning capability.

Date fruit classification

We further evaluated the performance of intSOLO on a more
challenging multiclass task, using a dataset of 898 samples of seven
different types of date fruits from Ref. 26. Each instance in the
dataset has 34 features, including morphological and shape charac-
teristics, extracted from images of the fruits using computer vision
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techniques. After encoding the dataset as pulse spectra and prop-
agating it through the LN waveguide, we performed a final linear
ridge classification on both the raw and transformed datasets. The
resulting confusion matrices are presented in Fig. 2. The trans-
formed dataset achieved a test accuracy of 96.3%, compared to
88.9% for the raw dataset. Table I summarizes the improvements
in different classifier metrics achieved by using the nonlinear trans-
formation. As in the vowel classification task, the LN waveguide
enhances the performance of the model, demonstrating the effec-
tiveness of intSOLO in high-dimensional multiclass classification
tasks.

Liver disease dataset

Hepatitis C is a liver infection that can lead to serious health
problems, such as cirrhosis and liver cancer in its advanced stages.
Early diagnosis and treatment are essential. To aid in this effort, we
have utilized a dataset consisting of blood samples from individ-
uals categorized as healthy, having hepatitis, fibrosis, or cirrhosis.
This dataset, which contains 615 examples, including seven sus-
pected samples that were categorized as healthy for simplicity, was
sourced from Ref. 27. Each instance in the dataset contains ten
parameters about blood, age, and gender of the participants. We
transformed the dataset using a nonlinear transformation, as in
previous experiments.

As shown in Fig. 2, the classification performance was
enhanced, resulting in higher classification accuracy, particularly for
the class hepatitis, which was previously considerably lower before
the waveguide. The other measures listed in Table I indicate that
intSOLO performed better, achieving higher performance levels. In
this case, the F1-score was primarily decreased by low precision
performance with the original dataset. However, intSOLO boosted
precision by 21.2%, resulting in an F1-score of 70.3%.

Numerical studies

The simultaneous effect of second- and third-order nonlinear
effects could be interesting for all-optical information processing.
Here, we observe both experimental and numerical input–output
pairs and comment on possible reasons for such data transfor-
mation. Our numerical simulations are based on the generalized
nonlinear Schrödinger equation, employing the split-step Fourier
method while excluding second-order nonlinearity and Raman
effects from consideration.28 To emulate real-world conditions,
we use experimentally acquired pulse spectra as numerical inputs,
obtained before entering the LN waveguide. These pulses undergo
a numerical propagation of 14 mm, yielding the simulated spec-
tra presented in Fig. 3. Figure 3 illustrates an example of simulated
and measured output spectra for modulated [Fig. 3(b)] and unmod-
ulated [Fig. 3(a)] pulse spectra. Self-phase modulation broadens
the pulse spectrum, which is clearly seen in the experimental and
numerical cases. There is a dip around 950 nm in the measured spec-
trum after the LN waveguide, which is known to disappear at low
pump power.22 It could be due to the χ(2) effect, whereby the sec-
ond harmonic beam draws energy from the pump. Moreover, the
back action of the second harmonic beam also produces frequen-
cies near the pump wavelength.29 Figure 3(b) shows the results of
a data encoded pulse. Interestingly, the output has a peak around
950 nm, although there was not much power at that wavelength
at the beginning. Overall, these results prove that the input–output
relationship is nonlinear due to the interaction of material and fs
pulses.

Parameter saving

We conducted an experiment to examine the performance of
a neural network with varying parameters and compared it with
the LN waveguide. Our fully connected NN has two hidden layers,

FIG. 3. Input–output pulse spectra before and after the LN waveguide with (b) and without (a) data encoding. The blue and orange plots are measured experimentally. A data
sample having 13 features is encoded (b). The purple plots are obtained by propagation simulation of measured spectra before LN.
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FIG. 4. Macro F1 test scores of three datasets for varying hidden unit numbers in two hidden layers of neural networks. The X and Y axes indicate the number of neurons in
the second and first layers of the neural network. Each point in the figure is calculated 30 times using random weight initializations of layers. In addition, the median macro
F1-score on the test set is reported.

with each layer extending up to 500 neurons. We trained the NN
on different combinations of neuron numbers for three datasets and
displayed the results in Fig. 4. As expected, the F1-score increased
with an increase in the number of hidden units for all models. We
also evaluated the performance of the original and LN-transformed
datasets using ridge regression and presented the results in Table I.
For instance, the transformed spoken vowel achieved an F1-score of
0.988, while the spoken vowel in Fig. 4 reached the score range of
0.956–0.965 in several instances. Although there were cases where
the NN outperformed the LN, we focused on the statistical behav-
ior of the NN, making its performance on these islands equivalent to
the LN experiment. The lowest number of parameters among these
islands was 32 287, with 360 neurons in the first layer and 75 in the
second layer. The highest score for the date fruit dataset was 0.88 in
Fig. 4, while the LN scored 0.957. In the liver disease experiment,
a similar trend was observed as in the spoken vowel experiment,
with a score of 0.68 obtained using a network with 123 287 para-
meters (layer-1: 310; layer-2: 375). A simpler comparison of test
scores vs several network sizes is provided in the supplementary
material, Table 3. Based on these results, we can conclude that
a two-layer neural network with 32 287 learnable parameters can
perform similarly to the LN waveguide reservoir for the given
tasks.

DISCUSSION

Our study shows that the nonlinearity in intSOLO offers use-
ful pre-processing before a simple digital linear classifier. By using
the LN waveguide as a frontend processing step, the number of
parameters required is significantly reduced. The parameter count is
proportional to the data movement, which affects energy consump-
tion. For the spoken vowel experiment, a two-hidden layer digital
NN for the original data requires 32 287 parameters. In contrast, a
ridge classifier with experimental optical frontend processing results
in similar accuracy but uses only 1372 parameters. The pulse energy
of around 50 pJ is sufficient for computing with modern sensors.30,31

However, electronics currently limit our computation speed at input
encoding and readout.

For proof-of-principle, we used an SLM-based pulse shaper
with a 10 Hz refresh rate. However, since our waveguide is

on an LN insulator, the input could be modulated on a chip
with GHz speed using Mach–Zehnder modulators.32,33 Commer-
cial integrated WDMs could also be adapted as a spectral pulse
shaper.

The waveguide’s spatial domain provides additional dimen-
sions to encode more input features, allowing for scaling up. Evanes-
cently coupled multimode waveguides could be used to increase
input size, potentially allowing for high-speed modulators and
multimode waveguides in large data pipelines.

IntSOLO relies on two nonlinear effects: χ(2) and χ(3). The
optical beams generated by each effect interact with each other
during propagation and generate a rich set of optical frequencies.
Further analysis and tuning of these two effects may lead to unprece-
dented nonlinearity opportunities. The length of the waveguide
is 14 mm, which could be decreased further either by increasing
pump power or shortening the pulse duration. The key is to obtain
enough optical nonlinearity, which is proportional to the product
of interaction length and peak power. Kerr frequency combs on
LN have already been demonstrated using a 300 mW continuous
laser.34 Another promising direction may be using ring resonators to
decrease the required optical power for a compact, ultra-low power
implementation.

Optical nonlinearity depends on coupled power in the wave-
guide. We observed instability due to coupled power fluctuation,
which is pronounced in our experimental setup because of the long
path length of the free space pulse shaper (see the supplementary
material, Discussions 5 and 6), sub-micrometer waveguide cross
section, and off-the-shelf components. A pulse shaper could also be
implemented using multimode fiber and its intermodal dispersion.
Encoding data into different spatial modes could provide temporal
optical signals after propagating a few centimeter fibers.35 In con-
clusion, this study may provide a path for all-optical information
processing for machine learning on a chip.

METHODS
Data encoding and feeding into LN waveguide

Data are encoded onto the spectrum of a femtosecond laser
using a pulse shaper. We used a spatial light modulator (SLM) based
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technique for the pulse shaper, adapted from Ref. 36. It is a quasi-
4f setup in which the pulse is modulated in the frequency domain.
The pulse is spectrally dispersed across the horizontal dimension of
an SLM using a diffraction grating and focused horizontally with
a cylindrical lens. A phase function applied to each frequency is
expressed in Eq. (1), where A stands for the amplitude and B for the
phase of a given frequency. A schematic of our optical setup is shown
in the supplementary material, Fig. 1. The vertical dimension is used
as a programmable amplitude modulator. In the vertical direction, a
binary phase grating with a period of 12 pixels (2z0) is used. Ampli-
tude modulation is performed by changing the phase depth of the
grating. We use a tunable Chameleon Ultra II Ti:sapphire laser,
which provides 140 fs pulses in a wavelength range of 680–1080 nm.
Our pulse shaper is designed for 950 nm. A Holoeye Pluto 2.1 phase
only SLM is utilized , which has 1920 pixels horizontally with a
pitch of 8 μm. The unmodulated original pulse’s spectral full width
at half maximum (FWHM) is roughly 9 nm. This corresponds to
500 pixels on the spatial light modulator (SLM) of the pulse shaper.
In particular, when encoding samples (12-dimensional vectors)
from vowel classification datasets, we divide the 500 pixels into 12
bands. Each band approximately corresponds to 41 pixels. Subse-
quently, the elements of the vector are mapped as an amplitude
modulation within the corresponding band; see the supplementary
material, Methods 4. We measured the two-photon autocorrelation
of pulses before and after the pulse shaper to guarantee that the
fs pulse is preserved (supplementary material, Fig. 3). Autocorre-
lation is performed using a commercial Carpe autocorrelator. We
observed 12 fs of broadening, which is expected because of optical
components,

P(z, ω) = [rect( z
2z0
) ⋅ ei(A(ω)rect( z

z0
)+B(ω))]

∗
+∞

∑
n=−∞

δ(z − 2z0n). (1)

The datasets are preprocessed before being sent to SLM. First,
each feature of the dataset is scaled to [0,1]. Second, each data sam-
ple is arranged to fit a window of SLM and FWHM. If the length
of the features is less than 500, features are repeated until the vec-
tor length reaches 500. After that, the data vector is copied to fill the
SLM. Depending on the experiments, modulation depth and period
can be tuned. For example, if data includes high-frequency features,
that may cause less average output power due to more diffraction to
higher orders. In this case, increasing the modulation period tempers
power loss, sacrificing dynamic range.

Our waveguides have a sub-micrometer size. The beam dia-
meter after the pulse shaper is ∼5 mm. We coupled the pulse shaper
output into the LN waveguide with a 60×microscope objective with
a NA of 0.85. Another microscope objective is used to image the
chip from the top, which allows us to visualize the intensity of the
second harmonic generation for fine tuning the coupling. Coupling
enough power is crucial for nonlinearity generation. Furthermore,
the generated second harmonic signal is also exploited to maximize
nonlinearity during experiments.

Digital classification

The final classifier layers are implemented using the Scikit-learn
Python package on a computer. Output spectra are collected using

a spectrometer (Ocean Optic HR 4000, 200–1100 nm). The multi-
mode fiber collecting the light for the spectrometer is aligned directly
to the waveguide’s output as close as possible. For experiments, we
first encoded the dataset one by one on pulses, which were sent
through the waveguide, and then recorded the corresponding out-
put spectra. After that, we clipped and combined the portions of
the spectra around the second harmonic and pump wavelengths.
This produces 196 points in our experimental setup. That is, each
sample is mapped to a vector of 196 scalar values. This mapped
dataset is called a transformed dataset. Then, the ridge classifica-
tion method is applied to the transformed dataset. The transformed
dataset is normalized (zero mean and unit standard deviation) across
wavelengths for all classification techniques. 30% of the dataset is
used for the test and the rest for the training (more details in the
supplementary material, Methods 1). The Adam optimizer is used
for neural network experiments with a learning rate in the order of
10–4. Confusion matrices are normalized row-wise. The liver dis-
ease and date fruit dataset is composed of an imbalanced dataset.
Therefore, the synthetic minority oversampling technique (from
Scikit-learn) is utilized to balance (supplementary material, Methods
2). For the baseline model (dataset before the optical transform), we
up sampled the features so that the number of features in the origi-
nal (input) and optically transformed are the same. This is important
because the number of features defines the parameter counts in the
model, and the parameter count is proportional to the model capac-
ity. In this work, experimentally, 196 wavelengths are used at the
output. Therefore, the original features are up sampled to 196. For
neural network sweeps, the first layer is swept from 15 to 500 with a
step size of 25 and the second layer from 0 to 500 with the same step.
The number of epochs and learning rate are hand-tuned for each
dataset to provide the highest score and lowest overfit at the begin-
ning of sweeps, and they are kept constant for all neural network
experiments.

LN chip

The LiNbO3 waveguide is fabricated in a 400 nm thick thin-film
LiNbO3 on 2 μm SiO2 on a 500 μm Si wafer with an x-cut crystal
orientation as previously described in Ref. 22. The fabrication uses
standard electron-beam lithography with HSQ resist and optimized
ICP/RIE dry-etching with Ar ions. The remaining mask and dry-
etching residuals are removed by a subsequent wet-etching step in
a buffered oxide etch (BOE) and potassium hydroxide (KOH). The
waveguide has a length of 14 mm, a top width of 750 nm, a ridge-
height of 250 nm, a remaining thin-film thickness of 150 nm, and a
sidewall angle of 60○. After dicing, the input facets of the waveguides
are mechanically lapped and polished to enhance light coupling effi-
ciency. The coupling loss of 11.2 dB/facet and average propagation
loss of 0.2 dB/cm are from Ref. 22. See the supplementary material,
Methods 3, for more details.

SUPPLEMENTARY MATERIAL

The supplementary material presents details of the classifica-
tion performed, optical setup stability, and dataset balancing.
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