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Abstract
Multi-wavelength optical information processing systems are commonly utilized in optical neural networks and
broadband signal processing. However, their effectiveness is often compromised by frequency-selective responses
caused by fabrication, transmission, and environmental factors. To mitigate these issues, this study introduces a deep
reinforcement learning calibration (DRC) method inspired by the deep deterministic policy gradient training strategy.
This method continuously and autonomously learns from the system, effectively accumulating experiential knowledge
for calibration strategies and demonstrating superior adaptability compared to traditional methods. In systems based
on dispersion compensating fiber, micro-ring resonator array, and Mach-Zehnder interferometer array that use multi-
wavelength optical carriers as the light source, the DRC method enables the completion of the corresponding signal
processing functions within 21 iterations. This method provides efficient and accurate control, making it suitable for
applications such as optical convolution computation acceleration, microwave photonic signal processing, and optical
network routing.

Introduction
Optical information processing systems have emerged

as essential components in numerous applications such as
accelerating computing and broadband signal proces-
sing1–3. In particular, multi-wavelength optical informa-
tion processing systems (hereafter multi-wavelength
systems) capitalize on the intrinsic physical properties of
light and wavelength division multiplexing4. These sys-
tems provide noteworthy advantages, such as high band-
width, low attenuation, resilience to electromagnetic
interference, and low energy consumption5–7. With pho-
tonic integrated circuits, the information processing
capacity of multi-wavelength systems can be further
enhanced, simultaneously reducing Size, Weight, and
Power consumption (SWaP)8. There is a growing number

of such systems across the realms of microwave photo-
nics9 and optical computing10–12.
Nonetheless, the frequency-selective response may

affect the efficacy and dependability of multi-wavelength
systems in practical applications. For example, in dis-
persive compensating fiber (DCF)-based optical com-
puting systems, non-uniform intensity distribution of the
optical frequency comb and differences in device fre-
quency responses across wavelengths can introduce
computational errors; in Micro-Ring Resonator (MRR)-
based systems, the resonance peak position and ampli-
tude often deviate from theoretical predictions; and in
Mach-Zehnder interferometer (MZI)-based systems,
variations in waveguide responses across different
wavelengths lead to performance discrepancies. These
phenomena can be ascribed to various factors. First,
fabrication processing constraints may result in device
defects, causing the frequency response to deviate from
the expected design specifications13. Second, the inher-
ent non-uniformity of the frequency response originat-
ing from the gain medium could potentially affect the
entire frequency response of the system14. Finally, the
physicochemical characteristics of the operational
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To improve the accuracy of information processing in
this system, it is essential to calibrate the intensity of the
optical carriers at different wavelengths. There are several
traditional methods such as dual-comb spectroscopy and
spectrometers, used for the calibration and quantification
of OFC. Each of these methods has its advantages and
disadvantages. The equalization method using a spectro-
meter offers high resolution, making it suitable for combs
with narrower repetition rates. However, its slow mea-
surement speed hinders real-time monitoring. Dual-comb
spectroscopy leverages the beat frequency effect of two

combs to achieve high-resolution and high-speed spectral
detection, suitable for rapid dynamic detection. However,
it has high system complexity, requires strict phase syn-
chronization, and becomes more complex to implement
when the comb repetition rate is large.
This work presents the DRC method for the system,

which enables calibration with minimal iterations,
resulting in improved computational accuracy. Although
the introduction of DCF increases attenuation, the
structure is simpler compared to traditional methods. In
this study, a WS modifies the signal intensities at different
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Fig. 1 Calibration architecture and results for DCF-based system. a depicts the calibration link. b presents a photograph of the encapsulated
chip of the Kerr comb. c displays the 50 optical comb lines used in the system, which were generated from the Kerr optical comb. d shows the
iterative cycles to the 4 calibration algorithms when using laser sources with different numbers of comb lines. e and f, respectively present the
comparative outcomes of the DCF-based system output with and without DRC calibration, using 20 comb lines and 50 comb lines as laser sources
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environment might have an impact on the reliability of
the system15.
Within the realm of electronic information and com-

munication, a variety of calibration techniques have been
applied to address frequency-selective response chal-
lenges16–18. One notable example is the introduction of a
digital differentiator polynomial model by Xiang et al. to
counteract the frequency-selective response in a time-
interleaved Analog-to-Digital Converter (ADC)19.
Another significant contribution comes from Zhou et al.,
who developed a lookup table-based calibration algorithm
for Radio over Fiber20. Both methods collectively fall
under the category of model-based calibration, which
highly depends on intricate and rigorous modeling,
thereby hindering their widespread adoption.
To enhance usability, researchers have focused on

model-free calibration techniques rooted in optimization
algorithms21,22, such as artificial neural networks for cali-
bration in optical neural network23. However, there are still
some limitations, as they often involve time-consuming
iterations and exhibit sensitivity to environmental condi-
tions, ultimately constraining their overall efficacy.
To reduce the errors caused by frequency-selective

response in multi-wavelength systems while maintaining
accuracy, usability, and effectiveness, this work presents the
Deep Reinforcement learning-based Calibration (DRC).
The DRC method incorporates training strategies from
deep deterministic policy gradient (DDPG)24,25 to facilitate
rapid adaptability for multi-wavelength systems. During the
process of inferring calibration strategies, the DRC model
undergoes continuous training and optimization. As a
result, the calibration network accumulates calibration
experience over time. Such a mechanism also enables the
method to adapt to environmental disturbances such as
vibration, humidity, and temperature fluctuations, provided
that their amplitude remains moderate and the disturbance
frequency is far below the convergence time of the cali-
bration algorithm. Compared to traditional methods, this
accumulation of experience significantly reduces the
number of iterations required by DRC. The principles of
the DRC method are described in Section 4. By leveraging
reinforcement learning algorithms, DRC acquires knowl-
edge through environmental interactions, dynamically and
rapidly refining calibration strategies to bolster robustness
against environmental perturbations26–29.
Moreover, this study involved an experimental validation

process on three types of multi-wavelength systems which
are utilizing DCF, MRR array, and MZI array, respectively.
Each of these systems is designed for specific classification
tasks, including the classification of the MNIST dataset30

and the Urbansound8K dataset31. In terms of model size,
the DCF system employs 20 optical combs for convolution
operations, the MRR system utilizes 9 micro-rings for
multiply-accumulate (MAC) operations, and the MZI

system includes 15 MZIs for MAC operations. The
empirical results demonstrated that the DRC reached
convergence within 21 iterations. Specifically, in the DCF-
based system, the error of the output decreased by 78.0%.
In the MRR array-based system, the variance in output
among different MRRs dropped to 3.89 × 10−4. In the MZI
array-based system, the relative output error after cali-
bration by DRC was reduced by 85.4% compared to the
results obtained prior to calibration using the standard
voltage configuration. This work compares DRC to three
other calibration techniques employing Genetic Algorithm
(GA), Stochastic Parallel Gradient Descent (SPGD), and
Proportional-Integral-Derivative (PID) algorithm respec-
tively. Among these methods, DRC proved to be superior
in terms of calibration efficiency and accuracy. This find-
ing highlights the potential of DRC as an effective solution
to the frequency-selective response challenges, which plays
a key role in the precision and reliability improvement of
multi-wavelength systems.

Results
Calibration of DCF-based System
Figure 1a showcases the DCF-based system utilizing

Kerr Optical Frequency Comb (OFC)32,33. As shown in
Fig. 1b, a photograph of the packaged laser source chip is
provided. Due to bandwidth constraints of the Waveform
Shaper (WS) used in this study, 20 and 50 comb lines are
selected to test the calibration capability of the DRC. The
spectrum of 50 comb lines is presented in Fig. 1c. The
working principle and chip details of this system can be
found in Supplementary Note 1-A. Multiple research
studies34,35 have implemented multi-wavelength systems
based on this principle of time-stretching technology in
recent years, including radar signal matching filtering in
the microwave photonics field36–38, perceptions14, and
neural networks in the optical computing field39–47, etc.
However, the Kerr optical comb in the DCF-based

system also possesses certain limitations. As shown in
Fig. 1c, the uniformity of the comb teeth discussed in this
paper is suboptimal, with a power disparity reaching
6.5 dB and 12.5 dB for 20 and 50 comb teeth, respectively.
Previous studies have noted discrepancies between the
actual computational outcomes in the system and theo-
retical predictions41. Despite employing a WS to initially
equalize the intensity of various wavelengths, ensuring
uniform input intensity into the system, discrepancies in
the output results persist14. These discrepancies are also
related to other factors. The DCF-based system involves
multiple devices, including EDFA and DCF, which
demonstrate distinct responses to varying wavelengths,
leading to inconsistent attenuation effects across different
wavelengths. Meanwhile, variations from the working
environment are likely to influence the system responses
as well, which is inevitable during the computing process.
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meter offers high resolution, making it suitable for combs
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it has high system complexity, requires strict phase syn-
chronization, and becomes more complex to implement
when the comb repetition rate is large.
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structure is simpler compared to traditional methods. In
this study, a WS modifies the signal intensities at different

0

30

120

150

180

210
GA SPGD PID DRC

Ite
ra

tiv
e 

cy
cl

es

Comb type
8 DFB 16 DFB 20 comb 50 comb32 DFB

66.8%

69.1%

1530 1540 1550 1560

–40

–20

Spectrum (nm)

12.5 dB

50 comb lines

In
te

ns
ity

(d
B

m
)

Kerr Comb EDFA

WS

PC IM

DCF
OSC

d

a

OSC: Oscilloscope

0 50 100

0

25

50

Time (ns)

50 comb lines

Error decreased 
by 44.6%.

0 20 40

0

10

20

Time (ns)

O
ut

pu
t (

a.
u.

)

Without DRC  With DRC

20 comb lines

Error decreased
by 78.0%.

f

WS: Waveform shaper EDFA: Erbium-doped fiber amplifier PC: Polarization controller

DCF: Dispersion compensation fiber IM: Intensity modulator

Photodetector (PD)

Kerr Comb

b c

e

Fig. 1 Calibration architecture and results for DCF-based system. a depicts the calibration link. b presents a photograph of the encapsulated
chip of the Kerr comb. c displays the 50 optical comb lines used in the system, which were generated from the Kerr optical comb. d shows the
iterative cycles to the 4 calibration algorithms when using laser sources with different numbers of comb lines. e and f, respectively present the
comparative outcomes of the DCF-based system output with and without DRC calibration, using 20 comb lines and 50 comb lines as laser sources
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environment might have an impact on the reliability of
the system15.
Within the realm of electronic information and com-

munication, a variety of calibration techniques have been
applied to address frequency-selective response chal-
lenges16–18. One notable example is the introduction of a
digital differentiator polynomial model by Xiang et al. to
counteract the frequency-selective response in a time-
interleaved Analog-to-Digital Converter (ADC)19.
Another significant contribution comes from Zhou et al.,
who developed a lookup table-based calibration algorithm
for Radio over Fiber20. Both methods collectively fall
under the category of model-based calibration, which
highly depends on intricate and rigorous modeling,
thereby hindering their widespread adoption.
To enhance usability, researchers have focused on

model-free calibration techniques rooted in optimization
algorithms21,22, such as artificial neural networks for cali-
bration in optical neural network23. However, there are still
some limitations, as they often involve time-consuming
iterations and exhibit sensitivity to environmental condi-
tions, ultimately constraining their overall efficacy.
To reduce the errors caused by frequency-selective

response in multi-wavelength systems while maintaining
accuracy, usability, and effectiveness, this work presents the
Deep Reinforcement learning-based Calibration (DRC).
The DRC method incorporates training strategies from
deep deterministic policy gradient (DDPG)24,25 to facilitate
rapid adaptability for multi-wavelength systems. During the
process of inferring calibration strategies, the DRC model
undergoes continuous training and optimization. As a
result, the calibration network accumulates calibration
experience over time. Such a mechanism also enables the
method to adapt to environmental disturbances such as
vibration, humidity, and temperature fluctuations, provided
that their amplitude remains moderate and the disturbance
frequency is far below the convergence time of the cali-
bration algorithm. Compared to traditional methods, this
accumulation of experience significantly reduces the
number of iterations required by DRC. The principles of
the DRC method are described in Section 4. By leveraging
reinforcement learning algorithms, DRC acquires knowl-
edge through environmental interactions, dynamically and
rapidly refining calibration strategies to bolster robustness
against environmental perturbations26–29.
Moreover, this study involved an experimental validation

process on three types of multi-wavelength systems which
are utilizing DCF, MRR array, and MZI array, respectively.
Each of these systems is designed for specific classification
tasks, including the classification of the MNIST dataset30

and the Urbansound8K dataset31. In terms of model size,
the DCF system employs 20 optical combs for convolution
operations, the MRR system utilizes 9 micro-rings for
multiply-accumulate (MAC) operations, and the MZI

system includes 15 MZIs for MAC operations. The
empirical results demonstrated that the DRC reached
convergence within 21 iterations. Specifically, in the DCF-
based system, the error of the output decreased by 78.0%.
In the MRR array-based system, the variance in output
among different MRRs dropped to 3.89 × 10−4. In the MZI
array-based system, the relative output error after cali-
bration by DRC was reduced by 85.4% compared to the
results obtained prior to calibration using the standard
voltage configuration. This work compares DRC to three
other calibration techniques employing Genetic Algorithm
(GA), Stochastic Parallel Gradient Descent (SPGD), and
Proportional-Integral-Derivative (PID) algorithm respec-
tively. Among these methods, DRC proved to be superior
in terms of calibration efficiency and accuracy. This find-
ing highlights the potential of DRC as an effective solution
to the frequency-selective response challenges, which plays
a key role in the precision and reliability improvement of
multi-wavelength systems.

Results
Calibration of DCF-based System
Figure 1a showcases the DCF-based system utilizing

Kerr Optical Frequency Comb (OFC)32,33. As shown in
Fig. 1b, a photograph of the packaged laser source chip is
provided. Due to bandwidth constraints of the Waveform
Shaper (WS) used in this study, 20 and 50 comb lines are
selected to test the calibration capability of the DRC. The
spectrum of 50 comb lines is presented in Fig. 1c. The
working principle and chip details of this system can be
found in Supplementary Note 1-A. Multiple research
studies34,35 have implemented multi-wavelength systems
based on this principle of time-stretching technology in
recent years, including radar signal matching filtering in
the microwave photonics field36–38, perceptions14, and
neural networks in the optical computing field39–47, etc.
However, the Kerr optical comb in the DCF-based

system also possesses certain limitations. As shown in
Fig. 1c, the uniformity of the comb teeth discussed in this
paper is suboptimal, with a power disparity reaching
6.5 dB and 12.5 dB for 20 and 50 comb teeth, respectively.
Previous studies have noted discrepancies between the
actual computational outcomes in the system and theo-
retical predictions41. Despite employing a WS to initially
equalize the intensity of various wavelengths, ensuring
uniform input intensity into the system, discrepancies in
the output results persist14. These discrepancies are also
related to other factors. The DCF-based system involves
multiple devices, including EDFA and DCF, which
demonstrate distinct responses to varying wavelengths,
leading to inconsistent attenuation effects across different
wavelengths. Meanwhile, variations from the working
environment are likely to influence the system responses
as well, which is inevitable during the computing process.
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It is apparent that the peak values of voltage scanning
and their respective voltage positions differ across various
MRRs. Consequently, designing a specialized calibration
algorithm is important to manage the response of differ-
ent MRRs, and to reach a state of uniform weights effi-
ciently. In essence, the primary objective is to identify the
precise voltage values for each MRR that yield consistent
power output through the Drop port. Implementing this
calibration technique can significantly improve the accu-
racy of the chip in computational applications. The

implementation method of DRC for the MRR array-based
system is presented in Supplementary Note 2-B.
Figure 2b showcases the number of iterations required

for calibration by four algorithms. The results are reliable
as they are based on extensive testing, and each test
involves hundreds of calibration trials. All algorithms
utilize the same reward criteria to determine when the
target state has been reached. Taking the 3 × 3 MRR
array-based system as an example, the DRC approach
averages 10.24 iterations to achieve calibration. The PID
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wavelengths, which is a key point to obtain good results
using the DRC method. The modified signals are collected
by a PD and measured by an oscilloscope. Simultaneously,
system calibration is performed by the algorithm platform
communicating wirelessly with both the oscilloscope and
WS. The implementation method of DRC for the DCF-
based system is presented in Supplementary Note 2-A.
Figure 1d displays the iterative cycles required for four

calibration algorithms to achieve calibration under dif-
ferent situations of comb teeth. A 32-channel DFB laser
array is also employed to generate different numbers of
optical carriers, assessing the calibration speed of each
algorithm within the system. The laser array features a
wavelength spacing of 100 GHz. The 32 lasers cover a
wavelength range from 1537.32 nm to 1562.92 nm. The
power of each individual channel is around 0 dBm, and
the line width is ≤3MHz. By adjusting the attenuation at
different wavelengths within the laser array, the incon-
sistency of an OFC is simulated. The data for PID and
DRC are derived from 50 repeated experiments. Owing to
the long iteration duration of the GA and SPGD, they
underwent only 10 trials to gather the best iterative data.
Taking the case of 20 comb lines as an example, DRC

achieves the target state in an average of 8.76 iterations,
demonstrating the highest efficiency among the tested
approaches. The PID method requires about 25.6 itera-
tions to accomplish the same goal, ranking second in
efficiency. However, both the GA and SPGD methods fail
to calibrate the system within 300 iterations. As the
number of combs increases, the average iterative cycle of
each algorithm also shows an upward trend. The reason
for this is that the increase in the number of combs leads
to a further expansion of the spectral range, making the
wavelength response inconsistency of the system more
pronounced. This increases the difficulty of system cali-
bration, resulting in a higher iteration cycle. However,
even with a significant increase in the number of combs,
the incremental increase in the iteration cycle for the DRC
calibration algorithm remains small. This indicates that
the calibration model trained in the simulated system can
effectively reduce the number of iterations required dur-
ing the calibration process.
Figures 1e, f compare the output before and after

applying the DRC method, which clearly demonstrates a
significant improvement of linearity post-correction. After
calibration by DRC, the system errors are reduced by
78.0% and 44.6% of their initial value for 20 and 50 comb
lines, respectively.

Calibration of MRR-based System
Figure 2a presents the MRR array-based system, which

is employed to validate the flexibility of the DRC algo-
rithm proposed in this study further. The MRR array is
designed by a 3 × 3 configuration, and the physical image

is shown in the inset of Fig. 2b. The detailed information
on the MRR chip design is shown in Supplementary Note
1-B. Recently, there has been significant advancement in
the study of multi-wavelength systems using MRR tech-
nology48–51. The high integration and distinctive filtering
capabilities of MRR have facilitated its widespread appli-
cation in fields like microwave photonic filters9,52 and
optical computing systems53,54.
Nonetheless, the theoretical and actual performance of

MRR can differ because of design inaccuracies and
manufacturing uncertainties. This discrepancy highlights
the importance of precise calibration before deploying
MRR arrays55,56. Without proper calibration, the actual
output might significantly deviate from the expected one.
This is the reason that calibration becomes even more
critical in optical chips that integrate multiple MRRs, as
inconsistent fabrication severely affects uniformity. In
practical applications, it is usually expected for MRRs of
identical diameter to show uniform wavelength and
intensity responses. However, it is a challenge to meet this
expectation in the real world, which has been proved by
the large number of chip testing. Thus, to ensure smooth
operation, calibration is necessary when deploying cas-
caded MRR chips in optical computing, where uniform
response is crucial.
The execution of matrix convolution in this study is

contingent upon the precise adjustment of the weights of
MRRs. Prior to utilizing the MRR for modulation pur-
poses, it is crucial to carefully examine the essential
parameters. By employing a tunable laser, we methodi-
cally examine the wavelength response of 9 MRRs, with
comprehensive scan results provided in Supplementary
Note 3. Taking both cost-efficiency and system design
into account, MRRs with identical diameters are paired
with lasers processing the same wavelength. For each
MRR, following the identification of the optical carrier, a
multi-channel power supply (MCPS, TH-MS128-
12CVFL) with a control precision of ±0.001 V is utilized
to conduct voltage scans from 0 to 7 V, aiming to ascer-
tain the effective voltage control spectrum. The applica-
tion of a specific voltage induces a temperature elevation
around the MRR, leading to a variation of its spectral
response. This alteration is evidenced by the changed
ratio of laser passing through the Drop and Through ports
of the MRR, which is fundamental to the process of
weight modulation in MRR. Based on the results of the
voltage scanning, the voltage control range of each MRR
can be determined. For each MRR, it is essential to con-
firm the location of the rightmost peak within the scan-
ning voltage spectrum, which is designated as the start
point for the voltage control range. The scanning process
continues toward the right until the output nears zero, at
which point it is established as the stop point of the vol-
tage control range.
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It is apparent that the peak values of voltage scanning
and their respective voltage positions differ across various
MRRs. Consequently, designing a specialized calibration
algorithm is important to manage the response of differ-
ent MRRs, and to reach a state of uniform weights effi-
ciently. In essence, the primary objective is to identify the
precise voltage values for each MRR that yield consistent
power output through the Drop port. Implementing this
calibration technique can significantly improve the accu-
racy of the chip in computational applications. The

implementation method of DRC for the MRR array-based
system is presented in Supplementary Note 2-B.
Figure 2b showcases the number of iterations required

for calibration by four algorithms. The results are reliable
as they are based on extensive testing, and each test
involves hundreds of calibration trials. All algorithms
utilize the same reward criteria to determine when the
target state has been reached. Taking the 3 × 3 MRR
array-based system as an example, the DRC approach
averages 10.24 iterations to achieve calibration. The PID
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wavelengths, which is a key point to obtain good results
using the DRC method. The modified signals are collected
by a PD and measured by an oscilloscope. Simultaneously,
system calibration is performed by the algorithm platform
communicating wirelessly with both the oscilloscope and
WS. The implementation method of DRC for the DCF-
based system is presented in Supplementary Note 2-A.
Figure 1d displays the iterative cycles required for four

calibration algorithms to achieve calibration under dif-
ferent situations of comb teeth. A 32-channel DFB laser
array is also employed to generate different numbers of
optical carriers, assessing the calibration speed of each
algorithm within the system. The laser array features a
wavelength spacing of 100 GHz. The 32 lasers cover a
wavelength range from 1537.32 nm to 1562.92 nm. The
power of each individual channel is around 0 dBm, and
the line width is ≤3MHz. By adjusting the attenuation at
different wavelengths within the laser array, the incon-
sistency of an OFC is simulated. The data for PID and
DRC are derived from 50 repeated experiments. Owing to
the long iteration duration of the GA and SPGD, they
underwent only 10 trials to gather the best iterative data.
Taking the case of 20 comb lines as an example, DRC

achieves the target state in an average of 8.76 iterations,
demonstrating the highest efficiency among the tested
approaches. The PID method requires about 25.6 itera-
tions to accomplish the same goal, ranking second in
efficiency. However, both the GA and SPGD methods fail
to calibrate the system within 300 iterations. As the
number of combs increases, the average iterative cycle of
each algorithm also shows an upward trend. The reason
for this is that the increase in the number of combs leads
to a further expansion of the spectral range, making the
wavelength response inconsistency of the system more
pronounced. This increases the difficulty of system cali-
bration, resulting in a higher iteration cycle. However,
even with a significant increase in the number of combs,
the incremental increase in the iteration cycle for the DRC
calibration algorithm remains small. This indicates that
the calibration model trained in the simulated system can
effectively reduce the number of iterations required dur-
ing the calibration process.
Figures 1e, f compare the output before and after

applying the DRC method, which clearly demonstrates a
significant improvement of linearity post-correction. After
calibration by DRC, the system errors are reduced by
78.0% and 44.6% of their initial value for 20 and 50 comb
lines, respectively.

Calibration of MRR-based System
Figure 2a presents the MRR array-based system, which

is employed to validate the flexibility of the DRC algo-
rithm proposed in this study further. The MRR array is
designed by a 3 × 3 configuration, and the physical image

is shown in the inset of Fig. 2b. The detailed information
on the MRR chip design is shown in Supplementary Note
1-B. Recently, there has been significant advancement in
the study of multi-wavelength systems using MRR tech-
nology48–51. The high integration and distinctive filtering
capabilities of MRR have facilitated its widespread appli-
cation in fields like microwave photonic filters9,52 and
optical computing systems53,54.
Nonetheless, the theoretical and actual performance of

MRR can differ because of design inaccuracies and
manufacturing uncertainties. This discrepancy highlights
the importance of precise calibration before deploying
MRR arrays55,56. Without proper calibration, the actual
output might significantly deviate from the expected one.
This is the reason that calibration becomes even more
critical in optical chips that integrate multiple MRRs, as
inconsistent fabrication severely affects uniformity. In
practical applications, it is usually expected for MRRs of
identical diameter to show uniform wavelength and
intensity responses. However, it is a challenge to meet this
expectation in the real world, which has been proved by
the large number of chip testing. Thus, to ensure smooth
operation, calibration is necessary when deploying cas-
caded MRR chips in optical computing, where uniform
response is crucial.
The execution of matrix convolution in this study is

contingent upon the precise adjustment of the weights of
MRRs. Prior to utilizing the MRR for modulation pur-
poses, it is crucial to carefully examine the essential
parameters. By employing a tunable laser, we methodi-
cally examine the wavelength response of 9 MRRs, with
comprehensive scan results provided in Supplementary
Note 3. Taking both cost-efficiency and system design
into account, MRRs with identical diameters are paired
with lasers processing the same wavelength. For each
MRR, following the identification of the optical carrier, a
multi-channel power supply (MCPS, TH-MS128-
12CVFL) with a control precision of ±0.001 V is utilized
to conduct voltage scans from 0 to 7 V, aiming to ascer-
tain the effective voltage control spectrum. The applica-
tion of a specific voltage induces a temperature elevation
around the MRR, leading to a variation of its spectral
response. This alteration is evidenced by the changed
ratio of laser passing through the Drop and Through ports
of the MRR, which is fundamental to the process of
weight modulation in MRR. Based on the results of the
voltage scanning, the voltage control range of each MRR
can be determined. For each MRR, it is essential to con-
firm the location of the rightmost peak within the scan-
ning voltage spectrum, which is designated as the start
point for the voltage control range. The scanning process
continues toward the right until the output nears zero, at
which point it is established as the stop point of the vol-
tage control range.
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baseline for evaluating how closely the performance of
neural networks calibrated by different algorithms
approaches that of an “ideal” system. The MNIST data-
set30, which consists of grayscale images of handwritten
digits in 10 categories, and the UrbanSound8K dataset31,
which contains audio files in 10 categories typically found
in urban settings, were chosen for classification tasks. Due
to the differing nature of the tasks, the neural network
models also varied accordingly. Subsequent paragraphs
will elucidate the neural network models employed in
each of the two systems.
For the DCF-based system, after dispersion in the long-

distance DCF, multiple convolution kernels can be
obtained by separating signals of different wavelengths
using a wavelength division multiplexer (WDM)39. In the
classification of the MNIST dataset, a WDM is designed

to direct the first 10 optical combs and the last 10 optical
combs to distinct detectors. Consequently, 2 convolution
kernels are obtained, which can be construed as two 2 × 5
convolution kernels. When classifying the Urbansound8K
dataset, the OFC can be split into four uniform groups
using a WDM, and then each group is directed to a
detector to obtain four 5 × 1 convolutional kernels. The
Urbansound8K dataset is subjected to Mel-frequency
cepstral coefficients (MFCC) transformation before being
fed into the neural network for classification. As a com-
monly employed method for modeling audio signal fea-
tures, MFCC finds applications across various domains62.
Experimental results show the classification accuracies

of the neural network models obtained under different
calibration algorithms in Fig. 4b. It is apparent that the
best accuracy is achieved by the ideal neural network
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method necessitates an average of 20.6 iterations.
Unfortunately, the GA and SPGD algorithms face sig-
nificant challenges in attaining calibration for the MRR
array-based system. The GA takes 150 iterations and the
SPGD failis to do so even after 300 attempts. Thus, for the
calibrations of the remaining two rows of MRRs, the less
effective GA and SPGD methods are not considered to be
viable options. To validate the scalability and effectiveness
of the DRC algorithm on MRR array-based system, this
method was deployed on a 9 × 3 MRR array. Figure 2b
also presents the average number of iterations required
for calibrating this chip using the DRC and PID methods.
The iterations required for DRC and PID calibration are
about 15.6 and 401.3, respectively. Detailed experimental
information regarding the 9 × 3 MRR array can be found
in the Supplementary Note 4.
For the 3 × 3 MRR array-based system, Fig. 2c, d depict

the changes in the output states of each MRR during the
calibration process of the three-row MRR array using the
DRC and PID methods, respectively. It is evident that for
the calibration of each row, the DRC algorithm reaches
the target state in less than 10 rounds, whereas the PID
approach requires at least twice as many iterations. This
observation exhibits the efficiency and superiority of the
DRC method again. Quantitative analysis reveals that the
variances among the outputs of the system are 3.89 × 10−4

for the DRC method and 4.87 × 10−4 for the PID method.
These results demonstrate the calibration performance of
the four algorithms in the MRR array-based system. In
terms of both speed and accuracy, the DRC approach
outperforms the other methods.

Calibration of MZI-based System
Figure 3e illustrates the MZI array-based system, which

was similarly employed to validate the efficacy of the DRC
calibration algorithm. This chip comprises 15 MZI units,
each of which consists of two couplers and two phase
shifters (PSs). The physical representation of the chip is
shown in Fig. 3a. More design information about the MZI
chip is provided in Supplementary Note 1-C. With the
ongoing progress of optical computing technology, the
application of MZI chips has expanded significantly57–59.
They have been widely adopted in research efforts, con-
tributing to the development of functional optical com-
puting chips and their related applications8,60,61.
Prior to matrix encoding, it is common to scan the

operating points of all MZI units to adjust the weights, but
the processes are quite complex. In the context of multi-
wavelength scenarios, the complexity of weight distribu-
tion is significantly increased. This work aims to calibrate
the commonly used MZI array structures by employing
the DRC algorithm. Unlike the previously mentioned
systems, the parameters to be calibrated in this system do
not have a one-to-one correspondence with the system

output, complicating calibration. To effectively demon-
strate the calibration results, the MZI array can be set to
represent an identity matrix, establishing a one-to-one
correspondence between input and output. The imple-
mentation method of the DRC algorithm is discussed in
the Supplementary Note 2-C.
Figure 3b illustrates the changes in system output as the

DRC algorithm is applied, with the input set to
[1,0,1,0,1,0]. After approximately 21 iterations, the system
rapidly achieved the desired target state, with a relative
output error of 0.068, corresponding to an 85.4% reduc-
tion compared to the results obtained prior to calibration
using the standard voltage configuration. This demon-
strates the effectiveness of the DRC algorithm in cali-
brating the MZI array-based system.
The GA and SPGD calibration algorithms were imple-

mented in the system, with the relevant results presented
in Fig. 3c, d. The GA method requires approximately 1350
iterations for the system to reach a stable state, achieving
a relative error of about 0.166. However, the SPGD
method was unsuccessful in calibrating the system. In
contrast, the DRC algorithm remains the superior
method. It should be noted that MZI calibration is akin to
solving underdetermined matrix problems, making PID
unsuitable and thus not deployed.

Impact of calibration errors on multi-wavelength system
results
To assess the impact of several calibration methods on

the accuracy of the three types of multi-wavelength sys-
tems in information processing, some simple neural net-
work models were constructed using the corresponding
operators of the system as the basis. As illustrated in Fig. 4a,
a neural network framework combining a convolutional
layer and a fully connected layer was constructed based on
the aforementioned three types of multi-wavelength sys-
tems. These three distinct systems serve as convolutional
kernels of varying sizes, enabling the implementation of
optical convolution operations within the network model.
Following the convolution process, the digital computer
performs non-linear operations and the fully connected
layer computations, ultimately facilitating classification
tasks across different datasets. Upon completing the
training of the neural network model, the average errors
in different calibration algorithms were simulated as the
weight errors of the convolutional kernel, resulting in
different new neural network models. By comparing their
performance in the same task, the effectiveness of the
different calibration algorithms can be evaluated. Mean-
while, the ideal neural network is introduced, which is
defined as a digital implementation of the same network
architecture used in the calibrated photonic system, but
realized entirely on a computer such that no numerical
errors occur during training or inference. It serves as a
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baseline for evaluating how closely the performance of
neural networks calibrated by different algorithms
approaches that of an “ideal” system. The MNIST data-
set30, which consists of grayscale images of handwritten
digits in 10 categories, and the UrbanSound8K dataset31,
which contains audio files in 10 categories typically found
in urban settings, were chosen for classification tasks. Due
to the differing nature of the tasks, the neural network
models also varied accordingly. Subsequent paragraphs
will elucidate the neural network models employed in
each of the two systems.
For the DCF-based system, after dispersion in the long-

distance DCF, multiple convolution kernels can be
obtained by separating signals of different wavelengths
using a wavelength division multiplexer (WDM)39. In the
classification of the MNIST dataset, a WDM is designed

to direct the first 10 optical combs and the last 10 optical
combs to distinct detectors. Consequently, 2 convolution
kernels are obtained, which can be construed as two 2 × 5
convolution kernels. When classifying the Urbansound8K
dataset, the OFC can be split into four uniform groups
using a WDM, and then each group is directed to a
detector to obtain four 5 × 1 convolutional kernels. The
Urbansound8K dataset is subjected to Mel-frequency
cepstral coefficients (MFCC) transformation before being
fed into the neural network for classification. As a com-
monly employed method for modeling audio signal fea-
tures, MFCC finds applications across various domains62.
Experimental results show the classification accuracies

of the neural network models obtained under different
calibration algorithms in Fig. 4b. It is apparent that the
best accuracy is achieved by the ideal neural network
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method necessitates an average of 20.6 iterations.
Unfortunately, the GA and SPGD algorithms face sig-
nificant challenges in attaining calibration for the MRR
array-based system. The GA takes 150 iterations and the
SPGD failis to do so even after 300 attempts. Thus, for the
calibrations of the remaining two rows of MRRs, the less
effective GA and SPGD methods are not considered to be
viable options. To validate the scalability and effectiveness
of the DRC algorithm on MRR array-based system, this
method was deployed on a 9 × 3 MRR array. Figure 2b
also presents the average number of iterations required
for calibrating this chip using the DRC and PID methods.
The iterations required for DRC and PID calibration are
about 15.6 and 401.3, respectively. Detailed experimental
information regarding the 9 × 3 MRR array can be found
in the Supplementary Note 4.
For the 3 × 3 MRR array-based system, Fig. 2c, d depict

the changes in the output states of each MRR during the
calibration process of the three-row MRR array using the
DRC and PID methods, respectively. It is evident that for
the calibration of each row, the DRC algorithm reaches
the target state in less than 10 rounds, whereas the PID
approach requires at least twice as many iterations. This
observation exhibits the efficiency and superiority of the
DRC method again. Quantitative analysis reveals that the
variances among the outputs of the system are 3.89 × 10−4

for the DRC method and 4.87 × 10−4 for the PID method.
These results demonstrate the calibration performance of
the four algorithms in the MRR array-based system. In
terms of both speed and accuracy, the DRC approach
outperforms the other methods.

Calibration of MZI-based System
Figure 3e illustrates the MZI array-based system, which

was similarly employed to validate the efficacy of the DRC
calibration algorithm. This chip comprises 15 MZI units,
each of which consists of two couplers and two phase
shifters (PSs). The physical representation of the chip is
shown in Fig. 3a. More design information about the MZI
chip is provided in Supplementary Note 1-C. With the
ongoing progress of optical computing technology, the
application of MZI chips has expanded significantly57–59.
They have been widely adopted in research efforts, con-
tributing to the development of functional optical com-
puting chips and their related applications8,60,61.
Prior to matrix encoding, it is common to scan the

operating points of all MZI units to adjust the weights, but
the processes are quite complex. In the context of multi-
wavelength scenarios, the complexity of weight distribu-
tion is significantly increased. This work aims to calibrate
the commonly used MZI array structures by employing
the DRC algorithm. Unlike the previously mentioned
systems, the parameters to be calibrated in this system do
not have a one-to-one correspondence with the system

output, complicating calibration. To effectively demon-
strate the calibration results, the MZI array can be set to
represent an identity matrix, establishing a one-to-one
correspondence between input and output. The imple-
mentation method of the DRC algorithm is discussed in
the Supplementary Note 2-C.
Figure 3b illustrates the changes in system output as the

DRC algorithm is applied, with the input set to
[1,0,1,0,1,0]. After approximately 21 iterations, the system
rapidly achieved the desired target state, with a relative
output error of 0.068, corresponding to an 85.4% reduc-
tion compared to the results obtained prior to calibration
using the standard voltage configuration. This demon-
strates the effectiveness of the DRC algorithm in cali-
brating the MZI array-based system.
The GA and SPGD calibration algorithms were imple-

mented in the system, with the relevant results presented
in Fig. 3c, d. The GA method requires approximately 1350
iterations for the system to reach a stable state, achieving
a relative error of about 0.166. However, the SPGD
method was unsuccessful in calibrating the system. In
contrast, the DRC algorithm remains the superior
method. It should be noted that MZI calibration is akin to
solving underdetermined matrix problems, making PID
unsuitable and thus not deployed.

Impact of calibration errors on multi-wavelength system
results
To assess the impact of several calibration methods on

the accuracy of the three types of multi-wavelength sys-
tems in information processing, some simple neural net-
work models were constructed using the corresponding
operators of the system as the basis. As illustrated in Fig. 4a,
a neural network framework combining a convolutional
layer and a fully connected layer was constructed based on
the aforementioned three types of multi-wavelength sys-
tems. These three distinct systems serve as convolutional
kernels of varying sizes, enabling the implementation of
optical convolution operations within the network model.
Following the convolution process, the digital computer
performs non-linear operations and the fully connected
layer computations, ultimately facilitating classification
tasks across different datasets. Upon completing the
training of the neural network model, the average errors
in different calibration algorithms were simulated as the
weight errors of the convolutional kernel, resulting in
different new neural network models. By comparing their
performance in the same task, the effectiveness of the
different calibration algorithms can be evaluated. Mean-
while, the ideal neural network is introduced, which is
defined as a digital implementation of the same network
architecture used in the calibrated photonic system, but
realized entirely on a computer such that no numerical
errors occur during training or inference. It serves as a
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such as GA, SPGD, and DRC incorporate probabilistic
approaches, making them suitable for tackling problems
that are difficult to solve through conventional mathema-
tical models or precise calculation methods, such as the
calibration of MZI array-based systems. In contrast, deter-
ministic algorithms like PID utilize precise strategies to
attain optimal solutions for the calibration of DCF-based
and MRR array-based systems. The experimental results
indicate that the DRC method, which incorporates specific
prior knowledge, demonstrates the highest calibration effi-
ciency across all three types of multi-wavelength systems.
In evaluating the strengths and limitations, it is noted

that the lack of prior knowledge in the GA extends its
iteration time, while SPGD achieves faster convergence on
certain problems but encounters difficulties with large-
scale applications. PID showcases speed and simplicity in
implementation, yet its effectiveness heavily relies on
expert knowledge for parameter tuning. Conversely, DRC
emerges as the superior method for real-time applications
by rapidly achieving desired states through strategic policy
selection, although it requires pre-training.
To conclude, this research focuses on utilizing a deep

reinforcement learning algorithm to tackle the distortion
caused by frequency-selective responses within multi-
wavelength systems. The DRC approach significantly
reduces output errors across various types of multi-
wavelength systems, such as reducing output error in the
DCF system to 22.0% of its original magnitude, decreasing
output variance in the MRR array to 3.89 × 10−4, and
minimizing relative output error in the MZI array to
14.6% of its manual calibration result. The DRC method

produces effective calibration for all three systems by
establishing a unified error model. The algorithm nor-
malizes system outputs and control parameters. It also
uses neural network-assisted parameter optimization.
Experimental results show that the target calibration state
is reached within 21 iterations. While special signals were
employed during the calibration process, it is important to
note that this algorithm is equally applicable to more
complex and nonlinear input scenarios. For a more
intricate discussion, the experimental and simulation
details specifically for an MRR array-based system, can be
found in the Supplementary Note 5. These comparative
experimental findings underscore the superior calibration
efficiency and accuracy of the DRC algorithm, suggesting
its promising potential for enhancing calibration in
microwave photonics and optical computing.

Materials and methods
Figure 5 depicts the calibration processing model and

multi-wavelength system developed in this study. The
multi-wavelength system comprises four basic modules:
multi-wavelength laser carriers, a modulation and coding
unit, an information processing unit, and a detection unit.
An OFC is used in the DCF system to provide numerous
equally spaced carriers, aligning with the need for higher
computational capacity. Conversely, the MRR and MZI
systems demand stable output power and specific oper-
ating wavelengths, making DFB laser arrays more suitable.
The calibration processing model mainly interacts with
the modulation and coding unit, and the detection unit to
exchange data. The calibration process initiates with
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Fig. 5 The flowchart of calibration processing in a multi-wavelength system. The yellow modules represent the components of the system, and
the numbers denote the sequence of calibration steps
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model for each dataset, with a minor decrease in accuracy
for the DRC-calibrated model, and the lowest accuracy
recorded for the PID-calibrated model. This indicates that
the DRC method surpasses the PID approach in enhan-
cing system accuracy.
To examine the impact of two calibration methods on

the accuracy of the MRR array-based system in informa-
tion processing, a neural network model was constructed
using a 3 × 3 convolutional kernel operator as the foun-
dation. Therefore, when designing the neural networks for
classifying the MNIST and Urbansound8K datasets, it is
sufficient to modify the size of each convolutional kernel
to 3 × 3 while maintaining the rest of the network archi-
tecture. By repeatedly employing the MRR-based system,
computations for multiple convolutional kernels within
the network model can be realized. The comparative
classification accuracy of the neural network models
under different calibration algorithms is presented in
Fig. 4c. The results indicate that the DRC method can be
scaled to larger MRR arrays, and its calibration efficiency
is significantly higher compared to the PID method.
For the MZI-based system, an arbitrary 6 × 6 weight

matrix can be constructed through appropriate combi-
nations, facilitating the execution of 6×6 convolution
operations. Consequently, when the MZI array is
employed as an optical convolution unit, the kernel size is

set to 6 × 6. If multiple convolution kernels are required,
this can be achieved by reusing the MZI array elements.
Since the PID method is not applicable for the calibration
of MZI arrays, this study compares the effectiveness of
different calibration algorithms within an MZI system,
specifically focusing on the GA algorithm and the DRC
algorithm. The relevant results are illustrated in Fig. 4d.
This result indicates that the network model calibrated
using the DRC method exhibits significantly lower errors
compared to the results obtained for GA calibration,
resulting in classification accuracy that is closer to the
ideal network model.
These outcomes suggest that a reduction in calibration

error directly correlates with an increase in the accuracy
of multi-wavelength optical information processing tasks.
Previous experimental results have demonstrated that the
DRC method exhibits a significant advantage in calibra-
tion accuracy compared to other traditional methods.
Therefore, employing the DRC method for the calibration
of multi-wavelength systems effectively enhances the
reliability of optical information processing.

Discussion
This study investigates four calibration methods within

three multi-wavelength systems, categorizing them into
heuristic and deterministic algorithms. Heuristic algorithms
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such as GA, SPGD, and DRC incorporate probabilistic
approaches, making them suitable for tackling problems
that are difficult to solve through conventional mathema-
tical models or precise calculation methods, such as the
calibration of MZI array-based systems. In contrast, deter-
ministic algorithms like PID utilize precise strategies to
attain optimal solutions for the calibration of DCF-based
and MRR array-based systems. The experimental results
indicate that the DRC method, which incorporates specific
prior knowledge, demonstrates the highest calibration effi-
ciency across all three types of multi-wavelength systems.
In evaluating the strengths and limitations, it is noted

that the lack of prior knowledge in the GA extends its
iteration time, while SPGD achieves faster convergence on
certain problems but encounters difficulties with large-
scale applications. PID showcases speed and simplicity in
implementation, yet its effectiveness heavily relies on
expert knowledge for parameter tuning. Conversely, DRC
emerges as the superior method for real-time applications
by rapidly achieving desired states through strategic policy
selection, although it requires pre-training.
To conclude, this research focuses on utilizing a deep

reinforcement learning algorithm to tackle the distortion
caused by frequency-selective responses within multi-
wavelength systems. The DRC approach significantly
reduces output errors across various types of multi-
wavelength systems, such as reducing output error in the
DCF system to 22.0% of its original magnitude, decreasing
output variance in the MRR array to 3.89 × 10−4, and
minimizing relative output error in the MZI array to
14.6% of its manual calibration result. The DRC method

produces effective calibration for all three systems by
establishing a unified error model. The algorithm nor-
malizes system outputs and control parameters. It also
uses neural network-assisted parameter optimization.
Experimental results show that the target calibration state
is reached within 21 iterations. While special signals were
employed during the calibration process, it is important to
note that this algorithm is equally applicable to more
complex and nonlinear input scenarios. For a more
intricate discussion, the experimental and simulation
details specifically for an MRR array-based system, can be
found in the Supplementary Note 5. These comparative
experimental findings underscore the superior calibration
efficiency and accuracy of the DRC algorithm, suggesting
its promising potential for enhancing calibration in
microwave photonics and optical computing.

Materials and methods
Figure 5 depicts the calibration processing model and

multi-wavelength system developed in this study. The
multi-wavelength system comprises four basic modules:
multi-wavelength laser carriers, a modulation and coding
unit, an information processing unit, and a detection unit.
An OFC is used in the DCF system to provide numerous
equally spaced carriers, aligning with the need for higher
computational capacity. Conversely, the MRR and MZI
systems demand stable output power and specific oper-
ating wavelengths, making DFB laser arrays more suitable.
The calibration processing model mainly interacts with
the modulation and coding unit, and the detection unit to
exchange data. The calibration process initiates with
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Fig. 5 The flowchart of calibration processing in a multi-wavelength system. The yellow modules represent the components of the system, and
the numbers denote the sequence of calibration steps
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model for each dataset, with a minor decrease in accuracy
for the DRC-calibrated model, and the lowest accuracy
recorded for the PID-calibrated model. This indicates that
the DRC method surpasses the PID approach in enhan-
cing system accuracy.
To examine the impact of two calibration methods on

the accuracy of the MRR array-based system in informa-
tion processing, a neural network model was constructed
using a 3 × 3 convolutional kernel operator as the foun-
dation. Therefore, when designing the neural networks for
classifying the MNIST and Urbansound8K datasets, it is
sufficient to modify the size of each convolutional kernel
to 3 × 3 while maintaining the rest of the network archi-
tecture. By repeatedly employing the MRR-based system,
computations for multiple convolutional kernels within
the network model can be realized. The comparative
classification accuracy of the neural network models
under different calibration algorithms is presented in
Fig. 4c. The results indicate that the DRC method can be
scaled to larger MRR arrays, and its calibration efficiency
is significantly higher compared to the PID method.
For the MZI-based system, an arbitrary 6 × 6 weight

matrix can be constructed through appropriate combi-
nations, facilitating the execution of 6×6 convolution
operations. Consequently, when the MZI array is
employed as an optical convolution unit, the kernel size is

set to 6 × 6. If multiple convolution kernels are required,
this can be achieved by reusing the MZI array elements.
Since the PID method is not applicable for the calibration
of MZI arrays, this study compares the effectiveness of
different calibration algorithms within an MZI system,
specifically focusing on the GA algorithm and the DRC
algorithm. The relevant results are illustrated in Fig. 4d.
This result indicates that the network model calibrated
using the DRC method exhibits significantly lower errors
compared to the results obtained for GA calibration,
resulting in classification accuracy that is closer to the
ideal network model.
These outcomes suggest that a reduction in calibration

error directly correlates with an increase in the accuracy
of multi-wavelength optical information processing tasks.
Previous experimental results have demonstrated that the
DRC method exhibits a significant advantage in calibra-
tion accuracy compared to other traditional methods.
Therefore, employing the DRC method for the calibration
of multi-wavelength systems effectively enhances the
reliability of optical information processing.

Discussion
This study investigates four calibration methods within

three multi-wavelength systems, categorizing them into
heuristic and deterministic algorithms. Heuristic algorithms
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classification accuracy of neural network constructed with DCF-based, MRR-based and MZI-based systems after calibration with different algorithms,
respectively
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feeding a standard signal into the modulation and coding
unit of the multi-wavelength system via signal emission
unit, aiming to build output signals that are easy to
evaluate for errors. A signal acquisition unit captures the
output signal from the multi-wavelength system, which is
subsequently input into the calibration model. This model
assesses the output signal for any irregularities. If the
output does not match the expected result, the DRC
algorithm is employed to compute calibration parameters.
The DRC algorithm mainly calibrates components in the
encoding unit, such as the driving voltage of the MRRs
and MZIs, the input signal of the modulators, and the
attenuation of different wavelengths in the WS. This
method works on specific devices (including MZI, MRR,
WS etc.) within the system to calibrate signals across
various wavelengths. This calibration process is iterative
and lasts until the output signal, which is obtained from
the signal acquisition unit, reaches an acceptable level,
indicating that the system has been calibrated success-
fully. A more detailed flowchart regarding the calibration
process design can be found in the Supplementary Note 6.
The calibration model named DRC is designed and

implemented with reference to the training strategies of
DDPG24. The fundamental components of the DRC
model include state, action, and reward. The state St 2
RN represents the normalized output state from the
processed output of the multi-wavelength system, where
N denotes the number of output channels present in the
system. Action At 2 RM corresponds to a change in the
calibration parameters, with M representing the number
of calibration parameters being optimized. The reward
function RðSt ;AtÞ evaluates the alignment between the
actual normalized output (yout) and the ideal output (yideal),
defined as:

R St ;Atð Þ ¼ α� λ � jjyout � yidealjj2 ð1Þ

where jj � jj2 denotes the L2 norm (Euclidean norm)63, α is
the reward offset to set the baseline reward and λ
represents the scale factor for scaling the effect of the
error term in the function. The use of the L2 norm is
justified by its desirable mathematical properties: it is
differentiable almost everywhere, encourages an overall
minimization of error across all outputs in the system, and
offers a stable gradient for optimization. For the
hyperparameter α, it is crucial to ensure that the reward
remains non-negative when the system reaches the
desired state, thereby accelerating convergence. Addition-
ally, careful tuning of the hyperparameter λ is necessary to
enhance sensitivity to errors between the output and the
ideal, ensuring effective reduction of deviations. The
values of these two parameters should be configured
based on the specifics of the system and empirical
observations. Detailed definitions and discussions on the

reward formulations for the DCF, MRR, and MZI systems
are provided in Supplementary Note 2.
The DRC model utilizes a dual-network framework

comprising the actor network and the target actor net-
work, both implemented as four-layer fully connected
neural networks. The actor network takes the environ-
mental state information as input and generates an action
strategy At ¼ ActorðStÞ that aligns with the objective. The
target actor network is specifically used to train and
optimize the parameters of the calibrating policy. During
the calibration process, the parameters will also be itera-
tively updated. A replay buffer is used to store the system
inputs and outputs obtained during the actual calibration
process, containing ðSt;At ;R St ;Atð Þ; Stþ1Þ. These data
will serve as the training dataset to further optimize the
actor model. Iterative updates of the target actor network
enable the DRC model to converge toward an effective
calibration strategy that minimizes error across various
optical systems, thereby enhancing overall system stability
and performance. More details about the interference and
training phase of the DRC model are shown in Supple-
mentary Note 6.
It is worth noting that the three algorithms used for

horizontal performance comparison, namely GA, SPGD,
and PID, are all based on uniform hardware. Detailed
information regarding the design and implementation of
the three algorithms can be found in Supplementary
Note 7.
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feeding a standard signal into the modulation and coding
unit of the multi-wavelength system via signal emission
unit, aiming to build output signals that are easy to
evaluate for errors. A signal acquisition unit captures the
output signal from the multi-wavelength system, which is
subsequently input into the calibration model. This model
assesses the output signal for any irregularities. If the
output does not match the expected result, the DRC
algorithm is employed to compute calibration parameters.
The DRC algorithm mainly calibrates components in the
encoding unit, such as the driving voltage of the MRRs
and MZIs, the input signal of the modulators, and the
attenuation of different wavelengths in the WS. This
method works on specific devices (including MZI, MRR,
WS etc.) within the system to calibrate signals across
various wavelengths. This calibration process is iterative
and lasts until the output signal, which is obtained from
the signal acquisition unit, reaches an acceptable level,
indicating that the system has been calibrated success-
fully. A more detailed flowchart regarding the calibration
process design can be found in the Supplementary Note 6.
The calibration model named DRC is designed and

implemented with reference to the training strategies of
DDPG24. The fundamental components of the DRC
model include state, action, and reward. The state St 2
RN represents the normalized output state from the
processed output of the multi-wavelength system, where
N denotes the number of output channels present in the
system. Action At 2 RM corresponds to a change in the
calibration parameters, with M representing the number
of calibration parameters being optimized. The reward
function RðSt ;AtÞ evaluates the alignment between the
actual normalized output (yout) and the ideal output (yideal),
defined as:

R St ;Atð Þ ¼ α� λ � jjyout � yidealjj2 ð1Þ

where jj � jj2 denotes the L2 norm (Euclidean norm)63, α is
the reward offset to set the baseline reward and λ
represents the scale factor for scaling the effect of the
error term in the function. The use of the L2 norm is
justified by its desirable mathematical properties: it is
differentiable almost everywhere, encourages an overall
minimization of error across all outputs in the system, and
offers a stable gradient for optimization. For the
hyperparameter α, it is crucial to ensure that the reward
remains non-negative when the system reaches the
desired state, thereby accelerating convergence. Addition-
ally, careful tuning of the hyperparameter λ is necessary to
enhance sensitivity to errors between the output and the
ideal, ensuring effective reduction of deviations. The
values of these two parameters should be configured
based on the specifics of the system and empirical
observations. Detailed definitions and discussions on the

reward formulations for the DCF, MRR, and MZI systems
are provided in Supplementary Note 2.
The DRC model utilizes a dual-network framework

comprising the actor network and the target actor net-
work, both implemented as four-layer fully connected
neural networks. The actor network takes the environ-
mental state information as input and generates an action
strategy At ¼ ActorðStÞ that aligns with the objective. The
target actor network is specifically used to train and
optimize the parameters of the calibrating policy. During
the calibration process, the parameters will also be itera-
tively updated. A replay buffer is used to store the system
inputs and outputs obtained during the actual calibration
process, containing ðSt;At ;R St ;Atð Þ; Stþ1Þ. These data
will serve as the training dataset to further optimize the
actor model. Iterative updates of the target actor network
enable the DRC model to converge toward an effective
calibration strategy that minimizes error across various
optical systems, thereby enhancing overall system stability
and performance. More details about the interference and
training phase of the DRC model are shown in Supple-
mentary Note 6.
It is worth noting that the three algorithms used for

horizontal performance comparison, namely GA, SPGD,
and PID, are all based on uniform hardware. Detailed
information regarding the design and implementation of
the three algorithms can be found in Supplementary
Note 7.
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Large-scale cluster quantum microcombs
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Abstract
An optical frequency comb comprises a cluster of equally spaced, phase-locked spectral lines. Replacing these classical
components with correlated quantum light gives rise to cluster quantum frequency combs, providing abundant
quantum resources for measurement-based quantum computation, and multi-user quantum networks. We propose
and generate cluster quantum microcombs within an on-chip optical microresonator driven by multi-frequency lasers.
Through resonantly enhanced four-wave mixing processes, continuous-variable cluster states with 60 qumodes are
deterministically created. The graph structures can be programmed into one- and two-dimensional lattices by
adjusting the configurations of the pump lines, which are confirmed inseparable based on the measured covariance
matrices. Our work demonstrates the largest-scale cluster states with unprecedented raw squeezing levels from a
photonic chip, offering a compact and scalable platform for computational and communicational tasks with quantum
advantages.

Introduction
Quantum entanglement, as conceptualized by Einstein,

Podolsky, Rosen (EPR)1, and Schrödinger2, has spurred
numerous quantum technologies that promise superior
speed and security over classical counterparts. One key
metric of these applications is the number of quantum
entities involved. When these entities are entangled in
specific graph structures called cluster states, it enables
the implementation of novel quantum protocols, includ-
ing measurement-based quantum computing3,4 and
unconditional quantum teleportation5. Optical photons
have been demonstrated to be versatile for quantum
computing and long-distance quantum information
transmission. However, the probabilistic nature of single-
photon sources has limited the construction of large-scale
cluster states, with the current maximum being 12 pho-
tons6 or 18 photonic qubits7. Instead of qubits, EPR’s

original concept of quantum entanglement was encoded
in continuous variables (CVs), such as the positions and
momenta of particles1. This form of quantum entity,
known as quantum modes (qumodes), can be determi-
nistically entangled via Gaussian operations8,9. In quan-
tum optics, these CVs are typically chosen as quadrature
components, defined as x̂ ¼ âþ ây

� �
=
ffiffiffi
2

p
and

p̂ ¼ �i â� ây
� �

=
ffiffiffi
2

p
, with â ây

� �
being the annihilation

(creation) operator of the quantized electromagnetic field.
CV quantum states can be represented using the corre-
lations between these quadratures in the form of covar-
iance matrices.
The building blocks for photonic CV cluster states are

squeezed vacuums generated by optical parametric
amplifiers or oscillators. Multiplexing them in spec-
tral10–13, temporal14–17, path18,19, and spatial20,21 domains
has resulted in large-scale cluster states containing up to 1
million qumodes. However, aiming for compactness and
scalability, realizing large-scale CV cluster states on
photonic chips encounters two significant challenges.
First, chip-based squeezers, including waveguide para-
metric amplifiers22–24 and nonlinear optical micro-
resonators25–32, underperform their tabletop counterparts
in raw squeezing—a key performance metric that
measures the reduced quadrature noise relative to the
vacuum noise as received by photodetectors. Second, the
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