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Photonic neural networks (PNNs) have emerged as a promising platform for high-speed, parallel, and
low-latency computing by harnessing the linear propagation of optical signals. However, scaling up
PNNs faces significant challenges due to hardware errors caused by fabrication variations and
environmental factors. Traditional approaches, such as offline error correction and online training,
either rely on complex control systems or suffer from local optima convergence issues, resulting in
limited scalability and efficiency. Here, we propose a hybrid on-offline configuration (HOOC) algorithm
for programmable optical processors. This innovative approach combines offline initial value
presetting with online perturbed optimization iteration algorithm, enabling precise and highly efficient
error correction. We benchmark the algorithm’s performance in complex-valued matrix configuration
and classification tasks, demonstrating robust error correction capabilities, including high
reconstruction fidelity (≥98%), rapid convergence (≤10 iterations), and reduced dependence on
detection devices. Furthermore, numerical simulations of high-order coherent processors
demonstrate that our HOOC algorithm effectively avoids local optima, a common limitation of the
conventional in-situ training method, thus simultaneously improving the scalability and robustness.
These results underscore the viability and efficiency of the HOOC algorithm for scalable and robust
PNN implementations, paving the way for scalable optical computing in artificial intelligence
applications.

Driven by the rapid development of deep neural networks to address
computation-intensive tasks in various applications1,2, numerous types
of computing hardware have emerged as accelerators for artificial
intelligence3–9. Among these frontier schemes, photonic neural networks
(PNNs) have attracted a great deal of attention for their advantages of high
speed, high parallelism, and low latency10–12. By leveraging the linear pro-
pagation of optical signals in optical devices, various fundamental opera-
tions in neural networks can be efficiently performed in the optical domain,
including dot-product13, matrix multiplication14, convolution15, Fourier
transforms16, and so on. This capability enables PNNs to deliver compu-
tational power surpassing that of their electrical counterparts. Meanwhile,

photonic integrated circuits (PICs), as CMOS-compatible hardware plat-
forms, facilitate compact on-chip integrationof optical deviceswhile enabling
large-scale, cost-effective manufacturing of photonic chips17,18. These
advancements have also ensured the practical implementation of PNN
models19. To date, several studies have demonstrated large-scale, multilayer
PNNs based on programmable on-chip optical processors14,20–22, showcasing
their potential in applications such as image recognition13,23, natural language
processing24, signal processing25,26, and complicated model solving27, etc.

However, scaling up PNNs remains challenging due to the precise
encoding requirements of interferometers, which rely on analog operations2
8. Unlike digital circuits, which exhibit some tolerance to manufacturing
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errors29, integratedphotonic chips, as analogdevices, aremore susceptible to
errors arising from fabrication process variations30,31 and temperature
fluctuation32,33. Current PNN implementations typically rely on pre-trained
neural networks, which require offline simulation of the ideal model on
classical computing equipment. However, discrepancies between the ideal
model and actual PICs introduce significant hardware errors that accu-
mulate as the on-chip circuits scale up. While several local error correction
methods have been developed to improvematrix accuracies34–38, addressing
device imbalance errors34, waveguide losses28,36, and thermal crosstalk36–38,
these approaches typically require high-precision multiple sampling
and complex control systems, presenting substantial experimental
challenges35,36,39.

To overcome the limitations of offline error correction methods,
significant efforts have been made to develop online weight configuration
approaches for PNNs40. One promising solution is in-situ
backpropagation41, which dynamically adjusts weights in real time by
transmitting bidirectional optical signals through the mesh on the chip.
However, these methods that rely solely on in-situ training require the
real-time monitoring of signal strength at each node and a complex
peripheral electrical system42. Alternative online training methods, such
as physics-agnostic algorithms such as genetic algorithm43, particle
swarm optimization44, and in-situ perturbed optimization iteration (POI)
method36,45, update on-chip weights without relying on gradients or prior
knowledge of the chip. While these methods eliminate the need for
gradient-based optimization, they are prone to local optima and face
challenges in converging to global optima46. This defect arises from
random initialization strategies that may position the initial parameters
within the basin of attraction of suboptimal solutions, increasing the
possibility of convergence to local minima. While scaling the population
size can partially mitigate this issue, it introduces significant computa-
tional inefficiency due to iterative iterations. Besides, pruning strategies
and enhanced initialization techniques can partially alleviate the risk of
local optima24,47, however, iterative optimization procedures starting
from random initial configurations still demand significant computa-
tional overhead and prolonged training durations to achieve convergence
towards application-specific target matrices36. These problems grow
exponentially in high-dimensional space48, and highlight the critical need
for an accurate and efficient training method for PNNs.

Here, we demonstrate a hybrid on-offline configuration (HOOC)
algorithm for programmable optical processors. By combining offline initial
value presetting with an online POI algorithm, this approach achieves
precise and highly efficient hardware error correction for programmable
PNNs. Specifically, offline presetting requires only approximate initial
values, eliminating the need for high-precision measurement equipment
typically used in traditional offline correction methods. The online cali-
bration process, based on inverse design and Frobenius norm normal-
ization, effectively addresses various hardware errors such as insertion loss,
imbalance, and crosstalk. Together, the hybrid configuration enhances
device characterization efficiency and avoids the local extrema issues
commonly associated with traditional physics-agnostic algorithms. The
algorithm is also applicable to complex-valued matrix configurations and
can be extended to other symmetric topological structures.

To experimentally validate the proposed method, we design and fab-
ricate two photonic chips with Clements49,50 and FFT meshes51,52. We
demonstrate several proof-of-principle tasks, including complex-valued
matrix configuration and the classification of the Iris and Vowel datasets.
The HOOC algorithm exhibit exceptional performance across all tasks. For
complex-valued matrix configuration, the algorithm achieves a fidelity
greater than 0.98 for 4th-order matrices with fewer than 10 optimization
iterations. In contrast to traditional online error correctionmethods, which
typically reach a steady state by around 100 round trips and are prone to
becoming trapped in local optima, our algorithm demonstrates a sig-
nificantly faster convergence rate andachieves a superior convergence value.
Given that matrix configuration is a core operation in neural networks, this
algorithm can be directly applied to PNNs for classification tasks. Using the

Clements mesh, the measured accuracies for the Iris and Vowel datasets
converged to 91.18 ± 0.98% and 72.55 ± 1.96%, respectively, demonstrating
excellent agreement with the numerical testing accuracies. Similarly, with
the FFT-based mesh, the accuracies converged to 83.21 ± 1.96% and
72.98 ± 3.54%, respectively. These results demonstrate the viability and
effectiveness of the HOOC algorithm.

Results
Concept and principle
In this work, the HOOC algorithm is employed to achieve high-fidelity
optical circuit performance on imperfect hardware platforms. The sche-
matic of the algorithm, depicted in Fig. 1, consists of two primary compo-
nents: offline preset and online calibration. As shown in Fig. 1a, the offline
preset is a forward design process used for circuit initialization, in which the
core operation is the mapping between neural network and physical
hardware. In this phase, the connections between layers, represented by the
weight matrix W in a typical electronic neural network, are decomposed
using singular valuedecomposition (SVD)asW =UΣV†, whereU andV are
unitary matrices, and Σ is a diagonal matrix. This decomposition is then
encoded into programmable optical architectures, such as the Clements
mesh49,50 and FFT mesh51,52, which are composed of Mach-Zehnder inter-
ferometer (MZI) units (see Supplementary Note 1 for detailed matrix
decomposition methods). Subsequently, the phase shifters in MZIs are
calibrated by adjusting the voltage supplied to thermo-optic heaters, and the
theoretical parameters derived from matrix decomposition (e.g., θi) are
encoded into the optical processor upon power activation, while the output
signals are collected bymonitors and transmitted to the computer. Notably,
the calibration curve in the offline preset process does not require high
precision; instead, sampling a small set of voltage values is sufficient to
complete the calibration. This approach significantly reduces the calibration
time, which was previously a time-consuming task.

After completing the offline preset process, the initial values are
encoded into the optical processor, and the monitored outputs are subse-
quently used for online calibration. Figure 1b illustrates the forward pro-
pagation process in the coherent optical processor and its associated
electrical equipment. Previousworkshaveprovideda theoretical foundation
tomitigate hardware errors caused by beam splitter imbalances by adjusting
the phase shift values34. Building on this insight, we develop an online
calibration algorithm designed to effectively address various hardware
errors in optical processors, including device insertion loss, beam splitter
imbalances, and thermal crosstalk. Figure 1c conceptually shows the online
calibration process of our HOOC algorithm. To efficiently optimize the
configuration of the on-chip MZI mesh, we employ the POI algorithm, a
type of inverse design algorithm, to compensate for discrepancies between
the practical matrices and the target matrices. During each iteration, the
phase shift value θi is perturbed to compute the forward difference∇LðθiÞ,
which represents the loss gradient with respect to the weight matrix (see
Supplementary Note 2 for further details on the updating process). To
ensure that the calibrationprocess can cover errors causedbydevice loss, the
loss function L of the perturbation optimization algorithm is defined as

L ¼ 1
n2

Xn

i¼1

Xn

j¼1

ÂMZI;ij � Âtarget;ij

���
���
2
; ð1Þ

Â ¼ A
k AkF

; k AkF ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xn

i¼1

Xn

j¼1

jAijj2
vuut ; ð2Þ

where Â is matrix obtained by normalizing A using the Frobenius norm,
Atarget is the target matrix, and AMZI is the matrix implemented by MZI
mesh. During each round of online calibration of the Nth-order MZI grid,
each rowof theNth-order identitymatrix is codedas the input signal, and the
corresponding output vector is collected to reconstruct theNth-ordermatrix
realized by the MZI grid. This approach allows the online calibration
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algorithm to accurately estimate the forward deviation of the MZI mesh
while accounting for the device loss, thereby providing accurate gradient
direction for perturbation optimization. Since the online calibration process
begins with a relatively rough initial value obtained from the offline presets,
online calibration can quickly approach the targetmatrixwith few iterations.
Additionally, by adopting Frobenius norm normalization, the global
proportional relationships between matrix elements are preserved,
preventing any single element from dominating the whole structure.
By utilizing global matrix-level information rather than relying solely
on individual device calibration, the robustness of the system is
significantly enhanced. As a result, our HOOC algorithm does not
over-rely on highly accurate control systems. It is worth noting that
the normalization and loss function calculation methods described
above are equally applicable to complex-valued matrices, as Â in
Equation (1) may assume complex values.

Experimental setup and validation
Figure 2 a illustrates the schematic of the testing system to validate the
HOOC algorithm experimentally. The testing system comprises several
key components: a tunable continuous-wave light source, an integrated
optical processor chip, a photon detector, and a near-field projecting
system. The process begins with a continuous laser light at a wavelength
of 1550 nm, which is directed through fiber arrays into a polarization
controller to adjust the input light mode to ensure alignment with the
transmission mode, and then goes into the integrated optical processor
chip. The resulting output photons are then collected by a fiber array and
transmitted to the photon detector. To enhance the efficiency of rapid

phase shifter characterization during the offline preset stage, a near-field
projecting system is added. Light from the designed monitoring ports on
the chip passes through a Fourier lens system and is captured by a
shortwave infrared (SWIR) camera for calibration. During this process,
detected photons are converted into photocurrents and further collected
by a data acquisition (DAQ) broad, together with programmable phase
shifters to be controlled by a classical computer, which also manages the
updating process of the POI algorithm. The chip is packaged optically
and electrically, with electrodes mounted to a printed circuit board via
wire bonding, as demonstrated in Fig. 2b.

We fabricate two types of programmable photonic chips with pro-
grammable MZI meshes to experimentally validate the HOOC algorithm.
The micrographs of the fabricated chips, based on the FFT-based scheme51

and the Clements scheme49, are shown in Fig. 2c, d, respectively. The FFT-
based scheme integrates a fast Fourier transform in the optical domainusing
butterfly-style MZI meshes with a single column of MZIs, enabling the
realization of a one-layer neural network with a 4th-order circulant matrix
connection. On the other hand, the Clements-based scheme incorporates
two 4th-order unitary matrices and one diagonal matrix, enabling the
multiplication of arbitrary unitary matrices. For the Clements structure, 8
MZI units are added into both the top and bottom optical paths to com-
pensate for inter-path insertion loss variations while simultaneously pro-
viding additional monitor ports. For the FFT-based scheme, 1% tap ports
are symmetrically introduced into all propagating paths, serving as power
monitors. Additionally, on-chip balanced detection units are included to
extract the real and imaginary parts of the output signals, which are essential
for demonstrating the HOOC algorithm in the complex-valued domain. A
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Fig. 1 | Architecture of the HOOC algorithm. a The offline preset process relies on
matrix decomposition and the characterization of on-chip discrete devices. Target
matrices, derived from a trained network, are mathematically decomposed into
phase shifts corresponding to the on-chip architecture. These phase shifts are then
mapped to individual devices using measured transfer curves, establishing the

theoretical configurations. b Illustration of the forward propagation flow within the
coherent optical processor and associated electrical equipment. c The online cali-
bration process further refines the implemented matrices using a POI algorithm.
Through multiple iterations, the impact of hardware errors on the matrix is mini-
mized, enabling the calibrated configuration to converge toward the target matrices.
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detailed description of the on-chip balanced detection unit is provided in
Supplementary Note 2.

To evaluate the performance of our HOOC algorithm and validate its
design for hardware error correction, we first investigate the reconfigurability
of the arbitrary transformation by generating and implementing random
complex-valued matrices within two MZI-based meshes. The process begins
with the calibration of phase shifters in the MZIs during the offline preset
stage, accomplished through near-field detection. Figure 3a displays the near-
field image captured by the SWIR camera, with the spot areas corresponding
to themonitoring grating couplers highlighted by red dotted boxes. The image
within the red dotted box is further converted into a normalized intensity
distribution for phase shifter calibration, as illustrated in Fig. 3b. The cali-
bration results using near-field detection are represented by gray dots in
Fig. 3c. For comparison, the calibration curve of a complete 2π modulation
cycle using the traditional output light detection method is plotted as a blue
line in Fig. 3c. It is evident that the data obtained from the SWIR camera
closely matches the transmission values from the traditional method but
requires significantly less calibration time and fewer sampling points, thereby
enhancing the efficiency of the offline presetting process. In addition, although

the calibration of all heaters is necessary to account for fabrication-induced
phase variations, the availability of multiple monitoring ports enables parallel
calibration, preserving overall efficiency. The resulting calibration curves are
stored and subsequently used for arbitrarymatrix encoding. Further details on
the offline calibration procedure are provided in Supplementary Note 3.

Next, we validate the HOOC algorithm by applying it to reconstruct
weight matrices upon programmable optical processors. The target matrices
used for validation are numerically generated random normed matrices with
4 × 4modes, constructed without theoretical approximations. These matrices
serve as ideal benchmarks to assess the reconstruction accuracy on Clements-
based and FFT-based MZI meshes, as shown in Fig. 3d, f. In these figures,
color bars represent experimental results, while opaque bars with solid-
dashed borders denote theoretical results. Significant errors between the
uncorrected matrix and the target matrix are observed in both the real and
imaginary parts. However, after applying online calibration, the corrected
matrix shows a substantial reduction in errors, converging closely to the
target matrix in both its real and imaginary components, demonstrating the
effectiveness of our correctionmethod. In Supplementary Note 4, we provide
a detailed procedure of the online calibration based on the POI algorithm.
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Fig. 2 | Schematic of the experimental setup and photonic chips. a Testing system
of theHOOCalgorithm.The light generated by a tunable C-band laser and amplified
by an erbium-doped fiber amplifier (EDFA) is directed through a polarization
controller (PC) and into the photonic chip. The optical signals from the monitor
ports within the MZI mesh are captured by a shortwave infrared (SWIR) camera.
The output signals from the fiber array (FA) are converted into photocurrent and

collected by a data acquisition (DAQ) board. b Image of the photonic chip packaged
to the printed circuit board (PCB) and fiber array. FFT: fast Fourier transform; IFFT:
inverse fast Fourier transform; BDUs: balanced detection units. Photographs of the
fabricated photonic chips with the FFT-basedMZImesh (c) and the Clements-based
MZI mesh (d).
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As a result of the matrix deployment, the fidelity F ¼
jTrðÂy

MZI ÂtargetÞj2 is calculated, and its distribution, along with the cor-
responding loss function, is plotted as a function of iteration rounds in
Fig. 3e, g for the Clements and FFT-based MZI meshes, respectively. The
matrix fidelity based solely on the offline preset Funco is 0.79 and 0.71,
respectively. After applying the online calibration method, these values
improve to 0.98 ± 0.06 and 0.98 ± 0.08 within just 10 iterations. Simulta-
neously, the matrix losses decrease from 5.26 and 3.51 to 0.70 ± 0.18 and
0.69 ± 0.30 after the same number of iterations, respectively. This
improvement stems from correcting static component errors including
beam splitter imbalance ratios and inter-path insertion loss variations. In
addition, local thermal crosstalk causes functional discrepancies between
the on-chip device performances during actual operation and themeasured
results obtained during the offline presetting stage. Such a performance-
limiting factor in our thermally programmablematrix processor can also be
compensated by employing the online calibration. In our experiments,
fabricated chips for theClements andFFT-based schemes contain 48 and28

on-chip phase shifters, respectively. Given themulti-channel voltage source
with an update rate of 100 Sa s−1 in our experimental system, the online
calibration process requires ~1 s per iteration for the Clements-based chip
and ~0.6 s for the FFT-based chip. The 50 iterations in Fig. 3e, g take ~50 s
and 30 s, respectively, with eachachieving afidelity exceeding 0.97within 10
iterations. These results demonstrate that the HOOC algorithm can
reconstruct thematrix with high accuracy and efficiency, which can further
be applied into the complicated classification tasks.

Classification tasks
In this section, the HOOC algorithm is further applied to optical neural
networks, demonstrating its capability to enhance classification perfor-
mance across various tasks, such as the Iris andVowel datasets, as illustrated
in Fig. 4a. For the Irisdataset, which comprises four features (sepal and petal
lengths and widths) and three categories (setosa, versicolor, and virginica),
the entire dataset of 150 samples is split into a training set of 99 samples and
a test set of 51 samples. A one-layer neural network with a weight matrix
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c Normalized transmission curve of an MZI unit. d Illustration of a random

complex-valued matrix configuration using Clements-based mesh. e The experi-
mental testing results of fidelity and loss versus rounds of the POI algorithm for the
Clements-based mesh. f Illustration of a random complex-valued matrix config-
uration using FFT-basedmesh. gThe experimental testing results of fidelity and loss
versus rounds of the POI algorithm for the FFT-based mesh.
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W4×3 (Fig. 4b) is trained on both Clements-based and FFT-based MZI
meshes. The numerical testing accuracies for the two MZI meshes are
92.16% and 74.51%, respectively. During the offline preset stage, the testing
samples are experimentally evaluated on both hardware chips with classi-
fication accuracies below 75%. Subsequently, the online calibration of the
HOOC algorithm is employed to correct hardware errors, updating the real
and imaginary parts of the trained weight matrix through iterative opti-
mization on the twoMZImeshes, as depicted in Figs. 4d, e, g, h. After error
correction, the classification accuracies improve to 91.18 ± 0.98% and
72.55 ± 1.96%, respectively, demonstrating convergence towards the values
obtained in the numerical simulation.

A more complicated task, Vowel task, is further used to validate the
HOOC algorithm’s ability to mitigate hardware errors and improve clas-
sification performance. A two-layer PNNmodel integratedwith theHOOC
algorithm is employed for this task. As shown in Fig. 4c, the PNN model

consists of a hidden layer W8×8 and an output layerW8×4. During matrix
encoding, the hidden layer weight matrix is partitioned into four 4 × 4
blocks. The Vowel dataset includes 11 categories, each characterized by 10
features. To manage this complexity, a subset of 4 categories (“hid”, “hId”,
“hEd”, and “hAd”) and the first eight features are selected, with the dataset
divided into a training set of 196 samples and a test set of 144 samples. The
training process of the HOOC algorithm on the two chips is illustrated in
Figs. 4f, i, respectively. We perform the hidden layerW8×8 with our HOOC
algorithm in the optical domain, and the output layerW8×4 is performed on
the electrical computer. Thefidelity of the trainedweightmatrices, shown in
Fig. 4j and summarized in Table 1, demonstrates significant improvement
after applying the HOOC algorithm. Upon completion of the HOOC
process, the accuracy of the experimental testing increased from 52.08% to
83.21 ± 1.96% for the Clements-based MZI mesh and from 53.47% to
72.98 ± 3.54% for the FFT-based MZI mesh.

Performances under high-order coherent processor
As illustrated in the above sections, our HOOC algorithm has been
experimentally validated to effectively correct hardware errors in both 4th-
order Clements-based and FFT-based MZI meshes. To investigate the
scalability of the HOOC algorithm further, this section presents numerical
simulations of the two MZI meshes under fabrication imperfections. The
primary sources of hardware errors in an MZI mesh include: (1) Insertion
loss (αBS) and imbalance (βMMI) of the beam splitter; (2) Insertion loss
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Fig. 4 | Schematic and experimental results of theHOOC algorithm in the optical
neural network. a Photonic neural network designed for various tasks, including
complex-valued weight configuration, classification of the Iris dataset, and classifi-
cation of the Vowel dataset. b Pre-trained network for Iris task and its encoding
strategies. x1 ~ x4 represent the four features of each sample, y1 ~ y3 represent the
three classes. The weight matrix (W4×3) is encoded in either the real or imaginary
part of the complex-valuedmatrix (WMZI). cPre-trained network forVowel task and

its encoding strategies. x1 ~ x8 represent the eight features of each sample, y1 ~ y4
represent the four classes. The weight matrix of the first hidden layer (W8×8) is
divided into blocks and restructured into complex-valued matrices (WMZI1 and
WMZI2). d–f The calibration results of the two tasks using a 4 × 4 Clements-based
MZI mesh. g–i The calibration results of the two tasks using a 4 × 4 FFT-based MZI
mesh. j Histogram comparing the fidelity of weight matrices implemented using
only the initial preset versus those corrected through online calibration.

Table 1 | Summary of the measured fidelity

Matrix WIris,r WIris,i WVowel,1 WVowel,2

Clem. unc. 0.704 0.891 0.803 0.713

Clem. cor. 0.989 0.972 0.907 0.953

FFT. unc. 0.746 0.691 0.844 0.742

FFT. cor. 0.973 0.929 0.957 0.957
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(αCross) and crosstalk (βCross) of the cross coupler; (3) Insertion loss of the
waveguide (αWG); (4) Metal absorption loss (αmetal) and (5) environmental
fluctuations. Among them, themetal absorption loss (αmetal) for each phase
shifter is set to 0.06 ± 0.1 dB, according to the simulation results basedon the
geometric dimensions of the titanium nitride (TiN) heaters (300 μm× 3
μm) in our fabricated chip53. Other losses are estimated from experimental
measurements and summarized in Table 2. In Supplementary Note 5, we
provide a detailed description of the characterizations for the on-chip
devices. In addition, to account for environmental fluctuations in practical
conditions, we introduce a 5% random noise to the phase shift values.

Using these parameters, we conduct three simulations for circuit sizes
N = 4, 8, 16 on both Clements-based and FFT-based MZI meshes. Each set
involved 200 randomly generated complex-valued matrices for hardware
configuration. The simulation results are evaluated based onmatrix fidelity,
as shown in Figs. 5a, b. For N = 4, both MZI meshes achieved a matrix
fidelity exceeding 0.97 with theHOOCalgorithm.While the fidelity of both
pre-correction and post-calibration matrices decreases for larger N, a sig-
nificant improvement in fidelity is consistently observed after calibration,
underscoring the scalability and feasibility of our approach. Notably, our
simulations assume a minimum detectable optical power of −30 dBm
(corresponding to the 7-bit resolution of our control system), demon-
strating that the schememaintains a robust performance without requiring
ultra-high-precision external electronics. Furthermore, a comparative

analysis between our HOOC algorithm and traditional online error cor-
rection methods43,45, detailed in Supplementary Note 6, demonstrates that
the HOOC algorithm achieves both a faster convergence rate and a higher
convergence value. Meanwhile, our HOOC algorithm exhibits good robust
performance in avoiding the local optimization problem, which ensures its
scalability for high-scale circuits containing a large number of physical
parameters. In Supplementary Note 6, we provide detailed simulation
analysis of the performance of ourHOOCalgorithmunder varying levels of
random initial phase noise.

Conclusion
In this work, we propose and demonstrate an HOOC algorithm for the
efficient configuration of programmable optical processors. By combining
the advantages of offline presetting and online calibration, this approach
integrates rapid offline characterization with the POI algorithm. The offline
presetting stage provides a time-efficient method for initializing optical
processor values without requiring the high-precision device characteriza-
tion used in previous works. The online calibration stage employs the POI
algorithm to achieve global matrix optimization. Utilizing Frobenius nor-
malization, our calibration algorithm effectively mitigates errors caused by
various hardware imperfections, including insertion loss, imbalance, and
crosstalk. This addresses a key limitation of traditional calibration algo-
rithms, which are typically restricted to handling a single type of error.
Furthermore, by starting with offline-preset initial values, our online cali-
bration avoids the local extrema issues commonly encountered in tradi-
tional physics-agnostic algorithms.

We validate the HOOC algorithm through extensive experiments and
simulations. Two photonic chips, based on Clements and FFT-based MZI
meshes, are fabricated and integrated into a closed-loop testing system.
Through a series of experiments, we demonstrate the algorithm’s out-
standing performance in diverse scenarios, including complex-valued
matrix configuration and the implementation of PNNs for classification
tasks such as Iris and Vowel datasets. Specifically, the algorithm achieves
highfidelity (≥98%) inmatrix reconstructionwith remarkably few iterations
(≤10 iterations),while experimental accuracies for classification tasks closely
matchnumerical testing results. Simulation experiments further validate the
algorithm’s applicability to large-scale on-chip optical processors, high-
lighting its reliability and scalability.

Although we demonstrate the HOOC algorithm on Clements-based
and FFT-based MZI meshes, its applicability extends to other on-chip
symmetric topological structures. For asymmetric designs, such as the

Table 2 | Summary of hardware parameters in the simulation

Parameter Definition value

αBS Insertion loss of splitter 0.50 ± 0.05 dB

βBS Imbalance of splitter 0.5 dB

αcross Insertion loss of cross 0.10 ± 0.02 dB

βcross Crosstalk of cross <−40 dB

αWG Insertion loss of waveguide 2.00 ± 0.30 dB

lBS length of MZI 300 μm

αmetal Metal absorption loss 0.06 ± 0.01 dB

Nphase Random phase noise <0.2π

Pin Input optical power 20 dBm

Ssample Sensitivity of sampling −30 dBm

Clements-based mesh, N = 4 FFT-based mesh, N = 4

Clements-based mesh, N = 8 FFT-based mesh, N = 8

Clements-based mesh, N = 16 FFT-based mesh, N = 16

= 0.75 ± 0.12
= 0.98 ± 0.01

= 0.88 ± 0.06
= 0.99 ± 0.01

= 0.58 ± 0.15
= 0.91 ± 0.05

= 0.79 ± 0.08
= 0.96 ± 0.01

= 0.44 ± 0.18
= 0.83 ± 0.05

= 0.70 ± 0.09
= 0.89 ± 0.04

a b

Fig. 5 | Simulated results of Fidelity under different order of MZI meshes with
hardware errors. The histograms show the fidelity of random complex-valued
matrices before and after online calibration for the Clements-based MZI mesh (a)

and FFT-based MZI mesh (b) with N = 4, 8, 16. Each group includes 200 random
complex-valued matrices.
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Reck54 and Diamond55 configurations, the algorithm can be adapted by
compensating for propagation path loss to mitigate optical power
attenuation. Moreover, the offline pre-configuration and online calibration
strategies of our algorithm are highly versatile in programmable photonics.
By modifying the decomposition strategy and loss function variables, our
method can be extended to various applications, including optical
interconnects56, microwave photonics57, and topological beamforming58,
among others. This adaptability highlights the potential of our algorithm to
enhance functionality in systems supporting hundreds of modes, offering a
promising pathway for scaling up programmable photonics and enabling
transformative applications across diverse industries.

Methods
Fabrication and packaging
The 4th-order Clements-based and FFT-based MZI mesh is fabricated on
the silicon-on-insulator (SOI) platform with a 220-nm-thick silicon top
layer and a 2-μm-thick buried oxide. Subsequently, a thin layer of titanium
nitride (TiN) is then deposited to serve as the resistive material for the
heaters, followedby thepatterningof a thin aluminumfilm to formelectrical
connections to the electrodes and heaters. To minimize power consump-
tion, isolation trenches are etched around theTiNphase shifters through the
SiO2 top cladding and Si substrate. The entire fabrication process is carried
out using CMOS-compatible techniques. Detailed analysis of the average
power consumption perMZI unit and the loss characteristics of each unit is
provided in Supplementary Note 5. For optical packaging, UV-curable glue
is employed to attach the fiber array to the chip, with index-matched oil
applied to enhance coupling efficiency. The measured coupling loss is
~3.5 dB per facet. For electrical packaging, a two-layer wire-bonding tech-
nique is utilized to connect the electrical pads on the chip to the corre-
sponding pads on the PCB.

Experimental setup
The light source is a Santec-570 tunable laser, providing C-band input light.
Next, an erbium-doped fiber amplifier (EDFA) is connected to the laser,
amplifying the optical power up to 20 dBm. A polarization controller is
employed to optimize the coupling efficiency of the light source to the
photonic chip. Input andoutput signals are coupledusing a 12-channelfiber
array with a uniform spacing of 127 μm. The encoding of input signals and
matrix configurations is achieved using an NI-PCI-6704 multi-channel
voltage source, controlled viaMATLAB, which updates voltages at a rate of
~100 Sa s−1. Light emitted from the monitor ports of the photonic chip is
captured using a YM-SC640 shortwave infrared camera. To capture the
output optical signals below 14 dBm, eight photodetectors (LSIPD-LD50,
0.9 mAmW−1) convert the optical output signals into electrical signals,
which are then transformed into sampling voltages using 62-kΩ resistors. A
data acquisition board (DAQ,NI-USB-6210, 250 kS s−1) is utilized to collect
the sampling voltages for further processing.

Data availability
The data that support the findings of this study are available from the
corresponding author upon request.

Code availability
The codes that support the findings of this study are available from the
corresponding author upon request.
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