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Abstract. Photonic parallel computing inspires important approaches to artificial intelligence, promising
substantial gains in processing speed, energy efficiency, and latency. Nevertheless, the integration density
and robustness of most optical computing architectures continue to pose significant challenges. Here, we
report a waveguide-array optical neural network based on thin-film lithium niobate (TFLN). By virtue of the
compact size of the waveguide arrays, this architecture yields a computational density of 9.48 × 104 TOPS∕
mm2. Moreover, the high-speed and energy-efficient characteristics of the TFLN platform enable a computing
speed of 135.6 TOPS with an energy efficiency of 6.28 TOPS∕W. Our experiments on the iris flower and
handwritten digit recognition demonstrate accuracies of 100% and 89.7%, respectively. The device achieves
over 90% accuracy across a 75-nm operating bandwidth in the iris flower recognition task, indicating the
wavelength insensitivity and superior robustness of the waveguide array. As a compact paradigm for optical
neural networks, we demonstrate the potential of waveguide arrays in performing optical computation, thereby
offering solutions for the advancement of edge computing, optoelectronic integration, and intelligent auto-
mation.
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1 Introduction
Artificial intelligence has promoted a number of advancements
in a multitude of industries, including autonomous driving,1

computer vision,2 preference analysis,3 and large language
models,4 while also generating substantial demand for data and
computational resources.5,6 Traditional electronic computing
architectures, including central processing units, graphics
processing units, and application-specific integrated circuits,
face severe challenges from high energy consumption and
latency in processing large-scale deep learning tasks.7,8

To overcome these limitations, optical neural networks
(ONNs) are recognized as a crucial direction for next-generation

high-performance computing,9–18 leveraging their inherent ad-
vantages of ultra-high energy efficiency, ultra-high bandwidth,
ultra-low latency, and parallel processing at the speed of
light. Research into on-chip ONNs primarily follows two main
technical routes: one is based on interferometer arrays such as
Mach–Zehnder interferometers (MZIs)19–23 and micro-ring res-
onators (MRRs)24–29 to realize linear matrix multipliers; the other
leverages static diffractive optical elements, referred to as on-
chip diffractive ONNs (DONNs).30–34 However, existing on-chip
photonic computing solutions still face significant challenges.
MZI/MRR-based schemes, although programmable, suffer from
a large physical footprint, limiting integration density, and their
active modulation mechanisms (e.g., the thermo-optic effect,
plasma dispersion effect, or material phase transition) are often
power-hungry and sensitive to environmental fluctuations.
Conversely, on-chip DONNs utilize planar diffractive elements
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to perform computing functions, aiming for high computational
density and energy efficiency. Nevertheless, the precise diffrac-
tion structures of DONNs demand extremely high fabrication
accuracy, and this leads to poor fabrication error tolerance as
well as high sensitivity to operating wavelengths, which hinders
the application in wavelength division multiplexing and the
further scaling of the computational complexity.

To address the critical challenges of speed, power consump-
tion, integration density, and robustness concurrently, a compel-
ling pathway is to leverage advanced material platforms and
novel photonic architectures. The thin-film lithium niobate
(TFLN) platform, renowned for its strong electro-optic effect,
provides a superior foundation for high-speed and low-power
optical modulation, directly mitigating the speed and power
consumption limitations of traditional silicon-based or silicon
nitride-based devices.35–40 Meanwhile, waveguide arrays stand
out as a mature and versatile photonic structure. They offer
remarkable design flexibility, stable fabrication processes, and
a compact form factor. Although waveguide arrays have dem-
onstrated free-form design potential in areas such as topological
photonics,41–43 their application in ONNs has historically been
limited to simple, regular layouts,35,44–46 underutilizing their full
potential for complex computational design.

In this work, we propose a waveguide-array optical neural
network (WONN) based on the TFLN platform. Building upon
this material advantage, we innovatively adopt the waveguide
array structure as the core computing unit as shown in Fig. 1 to
improve the integration density and robustness compared with
the existing ONN structures. Leveraging the compact nature
of the waveguide array, we achieve computational units with
dimensions of 14.3 μm × 100 μm (for the iris flower classifica-
tion task) and 24.8 μm × 300 μm [for the Modified National
Institute of Standards and Technology (MNIST) classification
task], which can realize a computational density of 9.48×
104 TOPS∕mm2. Meanwhile, our device achieves over 90%
accuracy across a 75-nm operating bandwidth in the iris classi-
fication task, demonstrating the wavelength insensitivity and
superior robustness of the waveguide array. Furthermore, by ex-
ploiting the superior electro-optic effect of the TFLN platform,
it achieves a theoretically estimated high computational speed
of 135.6 TOPS and an energy efficiency of 6.28 TOPS∕W.
This approach exhibits an exceptional performance as shown
in Fig. 1(c) and introduces a novel paradigm for the design
of neural network computational units, which is not only adapt-
able across various material platforms but also enables addi-
tional design flexibility in optical computing.

2 Materials and Methods
Figure 1(a) illustrates the architecture of our WONN device.
The chip integrates multimode interference (MMI) splitters in
multiple stages, electro-optic phase shifters, waveguide arrays,
and input/output grating couplers. The input task is first prepro-
cessed and converted into voltage signals, which are applied to
the electrodes of the phase shifters to modulate the optical
phase. The modulated light then propagates through the wave-
guide array, where the matrix-vector multiplication (MVM) is
carried out, and the computational outcome is subsequently re-
trieved as an optical intensity output. The dense arrangement of
the waveguides introduces coupling interactions among them,
which governs the propagation of the light field. By precisely
controlling the strength of each coupling coefficient, the trans-
mission matrix T of the waveguide array can be deliberately

designed [Figs. 1(a) and 1(b)]. Implementing the transmission
matrix T for tasks of varying complexity presents a trade-off:
although more waveguides are necessary for complex opera-
tions, an overabundance wastes space, which strikes a balance
in selecting the waveguide number. Accordingly, a 10-wave-
guide array (representing a 10 × 10 weight matrix) and a
20-waveguide array (representing a 20 × 20 weight matrix)
are used for the iris task and the MNIST task, respectively.
Meanwhile, when configuring the input and output ports of
the array, a well-considered selection strategy is adopted to
achieve optimal task performance. The specific waveguides
selected thereby establish the matrices Mn×p and Nq×n (p; q,
and n are the number of neural units in input layer, output layer,
and hidden layer, respectively), which physically implement the
input-to-hidden and hidden-to-output layer weight matrices (see
Note S1 in the Supplementary Material).

Generally, the coupling interaction can be described by the
coupled mode theory (CMT).47–49 For the waveguide array system
in Figs. 2(a) and 2(b), assuming the coupling among waveguides
is c1; c2;…; cn−1, the system Hamiltonian can be written as

H ¼

0
BBBBBB@

β1 c1
c1 β2 c2

c2 β3
. .
.

. .
. . .
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cn−1

cn−1 βn

1
CCCCCCA
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where β1; β2;…; βn are propagation constants in each waveguide.
In this work, all the propagation constants are the same for the
identical structural features of the waveguides. According to the
CMT, the propagation of the light field in thewaveguide array can
be described in the similar mathematic form to the Schrödinger
equation

−i d
dz

AðzÞ ¼ HAðzÞ; (2)

where i is the imaginary unit, z is the coordinate along the
direction of the light field evolution, and AðzÞ ¼
½A1ðzÞ A2ðzÞ … AnðzÞ � is the light field distribution at
coordinate z. Solving this differential equation, we can get

AðzÞ ¼ Að0Þei
R

z

0
Hdz. Because there is no modulation on the

coupling coefficients and propagation constants along the evo-
lution in our device, the equation can be simplified and the trans-
mission matrix is derived as T ¼ eiHz. A limitation arises
because the CMT requires the tight-binding approximation
(nearest-neighbor coupling only) and the constant-mode profile
assumption (inter-waveguide coupling does not perturb the mo-
dal field distribution). In the practical realization with TFLN rib
waveguides, the optical mode is not perfectly confined, intro-
ducing significant higher-order coupling, which causes the
CMT-calculated field distribution to deviate from the actual one.
A more accurate method for simulating light propagation in
waveguide arrays is the eigenmode expansion (EME) technique.
This approach begins by calculating the eigenmodes of the
entire waveguide array. The input field is then decomposed into
these eigenmodes, and the propagation of each individual mode
is computed. The output field distribution is finally obtained
by the coherent superposition of all these evolved eigenmodes
at the output. Although this method is computationally more
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intensive than CMT, it yields results that are in excellent agree-
ment with rigorous numerical simulations. To achieve both
speed and precision during the training process, in the design
of our device, we introduce an efficient training optimization
method. As shown in Fig. 2(b), the WONN is first trained
using a CMT model to achieve a coarse approximation of the
coupling coefficients, which are subsequently refined via an
EME model to yield the final values (see Notes S2 and S3,
Fig. S3 in the Supplementary Material).

Based on the training results, the chip is processed using
a complementary metal-oxide-semiconductor (CMOS)-com-
patible manufacturing process. Then, the fabricated chip is
wire-bonded to a printed circuit board and the photograph
of the packaged chip is exhibited in Fig. 2(c). Figure 2(d)
presents the microscope picture of the overall view of the device
used in the iris flower classification task, and Figs. 2(e) and 2(f)
show the scanning electron microscope (SEM) images of the
waveguide array and an enlarged view of the input part. The
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Fig. 1 Schematic illustration of waveguide-array optical neural network. (a) Schematic diagram of
the proposed device, which primarily consists of MMI splitters, electro-optic phase shifters, and
waveguide arrays. The waveguide arrays are elaborately designed to execute the MVM opera-
tions in the network, which is carried out within an extremely low latency when the input signals
converted from the specific tasks are fed into the device. The mathematical formulation of the
waveguide array in the neural network is presented in the lower-left corner, where the transmission
matrix T highlighted in the orange box is obtained by precisely controlling each inter-waveguide
coupling according to the CMT as shown in panel (b). (c) Performance of the proposed device
compared with that of other on-chip optical neural network works on the different material plat-
forms in terms of the throughput and the computational density.
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waveguides feature a width of 800 nm, a ridge height of 300 nm
with a 300-nm slab waveguide below, a propagation length of
100 μm, and gaps ranging from 0.48 to 1.09 μm. The structural
parameters of the phase shifters are based on the previous
works.50,51 The MZI modulator of the same design features a
half-wave voltage of 3.37 V by the pull–push configuration
and an extinction ratio of 26 dB. The phase shifters used in
the specific tasks are also characterized by calculating the mean
square error (MSE) function between the output intensity dis-
tribution and the reference, indicating a voltage of ∼13 V for
a full 2π phase shift by the single-arm configuration (see
Note S4 and Fig. S6 in the Supplementary Material).

3 Results

3.1 Iris Flower Classifier

In the iris flower classification task, the complete dataset of
150 samples was randomly divided into training and test sets
with a 4:1 split, i.e, 120 samples for training and 30 for testing.
Figure 3(a) illustrates the progression of the loss function and
accuracy throughout the two-stage training process of the neural
network. A slight increase in loss and a corresponding dip in
accuracy are observed at the transition from the first to the

second training stage, consistent with our previous discussion.
After the training, our device achieves 100% recognition accu-
racy on the test set in the simulation. To validate the general-
izability of our proposed architecture, we also design a WONN
for the Palmer Penguins dataset, an alternative to the iris flower
dataset, achieving a theoretical test accuracy of 98.6%.

After the chip processing and packaging, the device under-
goes initial characterization of a pre-operational calibration and
rectification procedure owing to processing imperfections.
There are two influences brought from fabrication errors. First,
morphological imperfections within the waveguide array result
in a deviation of the inter-waveguide coupling coefficients from
their designated values, thereby inducing errors in the transmis-
sion matrix. Second, an initial phase error is imparted to the
light field upon its passage through the phase shifters before it
is coupled into the waveguide array. We begin by analyzing the
influence of the manufacturing imperfections in the waveguide
array. Figures 3(b) and 3(c) show the simulated variations in
the loss function and task accuracy with respect to the evolution
length error and the waveguide width error, respectively. It can
be observed that within a length error range of approximately
−7 to þ8 μm, the WONN maintains a recognition accuracy
above 90%, and across the entire considered width error range
from −100 to þ100 nm, the recognition accuracy remains
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Fig. 2 Design principle and the prototype of the proposed device. (a) Modeling diagram of the
WONN. (b) Cross-profile of the waveguide array and the designing principle. A two-step training
optimization method is utilized to achieve the proper coupling coefficients powered by CMT
method and EME method. (c) Photograph of the packaged chip. (d) Microscope image of the de-
vice used in the iris flower classification task. (e) SEM image of the overall view of the waveguide
array highlighted by the green box. Within the orange box is an (f) enlarged view of the input part.
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above 95%, demonstrating an excellent tolerance to fabrication
errors. We also characterize the performance of an isolated
waveguide array and compare the experimental results with
theoretical simulations. By successively stimulating each input
port, the intensity outputs are subsequently recorded and shown
from the top to the bottom in Fig. 3(d). The experimental results
align with the theoretical simulations at an evolution length of
105 μm, which indicates that the associated error in the evolu-
tion process is around 5 μm and well within the permissible
range. For the compensation of the initial phase error, a method
involving training-based in situ compensation is proposed, which
entails retraining the model directly on the erroneous chip. The

optimization variables are defined as the compensatory voltages
for each electrode, and the MSE is set as the objective function,
which is minimized through iterative gradient descent optimiza-
tion (see Note S5 and Fig. S7 in the Supplementary Material).

Figure 3(e) shows the confusion matrix of the identification
results of our device on the test dataset and the accuracy reaches
100%, and the accuracy on the whole samples in the dataset is
96%, demonstrating the advantages of accuracy and reliability
in matrix operations. The wavelength response of the WONN is
tested in Fig. 3(f) and the chip’s classification accuracy on the
test dataset across different wavelengths is measured. The re-
sults show that within the range of 1495 to 1570 nm, the
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Fig. 3 Analysis of fabrication errors and experimental results of iris flower classification task.
(a) Loss function and the test accuracy versus the training epochs in the two-step training opti-
mization method. (b) and (c) Variation in the loss function and accuracy versus different evolution
length errors and waveguide width errors, respectively. (d) Comparison between the output inten-
sity distribution measured after exciting each input port of an isolated waveguide array and the
simulation results with a propagation length of 105 μm. (e) Confusion matrix of the classifying
results on the test dataset with an accuracy of 100%. (f) Classification accuracy of the test dataset
as a function of wavelength, showing an operating bandwidth of 75 nm from 1495 to 1570 nm with
a recognition accuracy in excess of 90%. (g) to (i) Simulated outputs and the experimental outputs
of the designed waveguide array when three different species of iris flower are fed into the WONN
at the operating wavelength of 1550 nm. The illustration above each figure presents the picture
captured in the experiment, where the brightest port indicates the recognition result.
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recognition accuracy remains above 90%, indicating the wave-
guide array’s insensitivity to wavelength and confirming its
superior robustness. Figures 3(g)–3(i) present a comparison
between the simulated and experimentally measured outputs of
the waveguide array for three different species of iris flowers at
wavelength of 1550 nm, revealing excellent agreement. The
illustration above each figure shows the measured intensity dis-
tribution of the output grating, in which the brightest port indi-
cates the recognition result and the waveguide numbers 1, 2, and
3 represent three species of Setosa, Versicolour, and Virginica,
respectively.

3.2 Handwritten Digit Classifier

TheMNIST handwritten digit images classifying is a more com-
plicated task. Utilizing the method above, a new WONN is de-
signed accordingly, and the architecture is shown in Fig. 4(a).
The MNIST dataset is divided into a training dataset of 60,000

images and a test dataset of 10,000 images, and each image
consists of 28 × 28 grayscale pixels. Prior to being fed into the
device, every image is first flattened into a 784 × 1 vector, and
then the vector is processed by a fully connected layer, which
compresses it to a 10 × 1 vector to match the number of inputs
on the device [Fig. 4(b)]. In this task, the number of waveguides
in the array is set to 20, and the evolution length is 300 μm to
suit the task’s complexity. The waveguides, with a width of
600 nm and gaps ranging from 0.48 to 1.17 μm, give a total
width of 24.8 μm. This configuration exhibits a recognition
accuracy of 91% on the test dataset in the simulation. We also
perform a comparison on a digital chip, where the compression
operation is kept unchanged, and the WONN chip is replaced
with a complex-valued linear regression layer which is re-
trained. The resulting recognition accuracy reaches 87.9%,
demonstrating the effectiveness of WONN in the recognition
task. Figure 4(c) is the SEM image of the input section of
the fabricated waveguide array. When evaluated on 300
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Fig. 4 Schematic illustration and experimental results of handwriting digit classification task.
(a) Schematic diagram of the device for the MNIST identification task, where the number of wave-
guides in the array increases to 20. (b) Framework of the neural network. The features of the
handwriting digit images are extracted by operations of flattening and compressing and then
processed by the proposed device. (c) SEM image of the input section of the waveguide array
and the enlarged view shown in the insert. (d) Confusion matrix of the experimental classification
results with an accuracy of 89.7%. (e)–(g) Classification results for digits “1,” “6,” and “9,”which are
determined by the output exhibiting the maximum intensity.
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randomly selected samples from the test dataset, the system
achieves a recognition accuracy of 89.7% under the multi-level
compensation scheme for this increased system complexity. The
confusion matrix is shown in Fig. 4(d), and the classification
results for the digits “1,” “6,” and “9” after error compensation
are presented in Figs. 4(e)–4(g), where the output with the high-
est intensity represents the final recognition result (see Note S5
in the Supplementary Material).

4 Discussion and Conclusion
This work demonstrates a matrix-vector multiplication scheme
utilizing waveguide arrays for optical neural networks, which
capitalizes on the inherent compactness, fabrication stability,
and robustness of waveguide arrays, while synergistically com-
bining them with the high-speed and low-power consumption
advantages of TFLN. The resulting chip exhibits exceptional
performance in computational density, computational speed,
power efficiency, and operating bandwidth. Figure 1(c) and
Table 1 present the key performance metrics of the WONN
and the comparison with other representative works in the same
field. Taking the iris flower classification task as an example,
the waveguide array dimensions are merely 14.3 μm × 100 μm.
Operating at the experimental speed of 10 kHz, the computa-
tional speed of this chip, based on the referenced calculation
method,13 is 1.36 × 107 OPS. This result is limited by our
measurement system and does not achieve the optimal perfor-
mance of the TFLN modulators. Assuming the switching
operation at 100 GHz which is widely adopted in optical com-
putation and can be achieved by TFLN modulators,21,30,52 the
computational speed can be calculated to be 135.6 TOPS,
corresponding to an extremely high computational density of
9.48 × 104 TOPS∕mm2. These metrics for speed and density
rank among the highest in the field of on-chip optical computing
and establish a leading position for this work among imple-
mentations on the TFLN platform, as quantified in Fig. 1(c),
where the work in Ref. 31 ranks at the top for its sophisticated
design and compact size utilizing the diffraction units.
Regarding the chip’s power consumption, the dominant

portion is attributed to the capacitive load of the phase shifters.
Simulations indicate a phase shifter capacitance of 10 pF, which
corresponds to a calculated energy efficiency of 6.28 TOPS/W
(see Note S6 in the Supplementary Material). Furthermore, the
device exhibits an operating bandwidth of 75 nm, underscoring
the wavelength tolerance inherent to the waveguide array archi-
tecture. The future integration of wavelength division multiplex-
ing to leverage the wavelength dimension in computation
enables the expansion of channels and the increase in informa-
tion capacity, further unlocking the computational potential of
optical neural networks based on waveguide arrays.

In summary, we propose, for the first time, the use of wave-
guide arrays to perform matrix-vector multiplication and to
construct an optical neural network. By flexibly controlling the
inter-waveguide coupling coefficients to configure the desired
transmission matrix, we achieved 100% recognition accuracy
on the iris dataset and 89.7% on the MNIST dataset in the
experiment, demonstrating reliable performance in optical com-
puting. Moreover, it surpasses other TFLN platforms in compu-
tational speed, density, and operating wavelength bandwidth,
securing a leading position in the field of on-chip optical neural
networks, and proposing a pioneering architectural paradigm
for high-speed optical computing cores. Prospective integration
with dynamically programmable ONNs to harness their syner-
gistic potential heralds a promising pathway toward scalable,
high-performance optical computing.
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