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Abstract

The exponential growth of cloud computing and artificial intelligence (Al) applications has driven an urgent need for
high-bandwidth, energy-efficient hardware architectures in data centers. With Moore’s Law nearing its limits, optical
neuromorphic computing hardware offers a promising alternative, providing ultra-high speeds and minimal energy
consumption due to its analog architecture. Here, we propose the microcomb-enabled parallel optical convolution
streaming processor (OCSP) with time, space, and wavelength three-dimensional multiplexing, operating at data rates
of 50 GBaud or higher, achieving a convolution computing speed of up to 4 trillion operations per second (TOPS).
Moreover, the OCSP uses a robust self-calibration mechanism to achieve accurate optical phase calibration and set-up
of its convolution function. This innovative approach leverages time-space interleaving passive periodic interference
architecture, incorporating wavelength-division-multiplexing technology, and is verified experimentally for parallel
image feature extraction and recognition tasks. Our OCSP offers a practical pathway for seamlessly integrating
photonic computing units into data center interconnects, unlocking photonic computing'’s potential for scalable, low-
latency Al workloads.

Introduction centers. Furthermore, Wavelength Division Multi-

In recent years, with the rapid development of
information technologies such as cloud computing,
artificial intelligence (AI), and big data, the data
volume and computing power demands of data centers
have witnessed explosive growth. The rapid develop-
ment of computationally intensive technologies has
generated a critical need for energy-efficient and cost-
effective data center interconnects and intelligent
computing hardware that can accommodate sub-
stantial capacity'~’. Firstly, optical interconnection,
characterized by its high bandwidth capabilities, facil-
itates rapid data transmission and addresses the
pressing demand for increased bandwidth in data
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plexing (WDM) technology enables the simultaneous
transmission of multiple optical signals at varying
wavelengths over a single fiber, thereby significantly
enhancing the available bandwidth for data transfer
and accommodating the exponential growth of data
volume. Chip-scale microcombs have emerged as a
transformative solution for WDM systems, owing to
their unique combination of octave-spanning spectral
coverage (>100nm) and stable high-repetition-rate
modes (typically 10-100 GHz)®°. Recent advance-
ments have showcased the capability of massively
parallel data transmission utilizing various types of
microcomb sources'®™'?,
Secondly, optical neuromorphic computing hard-
1440 offering ultra-high speeds facilitated by the
>10 THz wide optical bandwidth together with, mini-
mal energy consumption down to 2.5x 10 ' J per
operation due to their analog architecture'®'®, are
promising candidates for hardware accelerators. While
digital electronics generally perform convolutions via
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Fourier transforms (as convolution in the time domain
is equivalent to multiplication in the frequency
domain) to reduce the computing complexity from
O(n? to O(nlog(n)), analog optics can accelerate
convolutions in a dramatically different way—simply
following the time domain definition that involves
splitting the signal into several paths, applying weights
and delays, then recombining. These analog methods
are suited to convolution acceleration, since on the one
hand, the size of typical convolutional kernels (i.e.,
3 x 3) is well within the capability/parallelism of analog
optical systems; on the other hand, analog approaches
promise: a) much lower energy consumption, as com-
putation is performed during transmission, thus elim-
inating the data read/write processes in von Neumann
hardware; b) streaming data processing at higher
bandwidths throughputs reaching over 100 GBaud that
enables real-time low-latency processing of large-
volume optical data streams*', and parallelism using
WDM. While significant progress has been made in
optical convolution hardware that exploits wavelength-
division-multiplexing parallelisms®>*®, phase-changing
materials'’, and higher computing dimensions’, there
still remain substantial opportunities for significant
improvements. Existing approaches encounter sub-
stantial challenges in the further expansion of com-
puting parallelism, ultra-high-speed data loading, and
stable weight configuration. For example, the
microcomb-based non-coherent computing archi-
tecture, although microcomb provides broad band-
width (>100 nm) with dozens of wavelength channels,
the computational scalability is ultimately constrained
by reconfigurable component quantity for each addi-
tional comb line requiring a corresponding micro-ring
resonator (MRR) unit. However, the integration scale
of the MRR is physically constrained by its limited free
spectral range (FSR). Furthermore, as the scale of
integration increases, issues such as drift in MRR
resonances and inter-channel crosstalk will become
increasingly pronounced. This renders the systems
highly susceptible to environmental perturbations,
thereby complicating the stability control of the micro-
ring weights even further’®* ', The coherent optical
computing architecture based on the Mach-Zehnder
interferometer (MZI) mesh with multi-input multi-
output (MIMO) port, high-speed information loading
is accompanied by signal synchronization issues.
Additionally, the number of basic MZI units in
coherent computing architectures usually grows
quadratically with the increase in the number of input
ports, which poses significant challenges for chip
reconfiguration'®?°,

Passive and time-space interleaving optical convolu-
tion operation units are key enablers for the ultra-high-
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speed data loading and high-parallelism optical con-
volution computing, as they specifically enable: a) the
coherent optical convolution computing architecture
characterized by single-input and single-output, the
challenges associated with high-speed signal synchro-
nization in MIMO systems are effectively avoided. b)
decoupling wavelength from on-chip components
establishes two independent scaling dimensions: the
OCSP chip’s physical pathways scale convolutional
kernel size without wavelength constraints; wavelength
channels  independently  extend input data
dimensionality.

However, challenges in accurate phase control and
alignment hinder coherent computing operations in
existing optical convolution hardware (multi-wavelength
sources'”?>?8 and external electronics®® are used instead),
due to the difficulties in calibrating and manipulating the
optical phase sufficiently accurately, that is, on optical
frequency scale rather than a microwave-signal scale®.
This precludes using on-chip signal interference and thus
efficient use of spatial-division parallelism — the powerful
and scalable computing parallelism.

Here, we propose and demonstrate a microcomb-
enabled high-parallel optical convolutional streaming
processor (OCSP) with key features including: a)
wavelength-division multiplexing, time-space interleav-
ing architecture operating at a symbol rate of 50 GBaud
with the potential to go much higher. b) The computing
speed achieves 4 trillion operations per second (TOPS).
(i.e., with reconfigurable synaptic weights), representing
the highest computing speed for integrated optical
convolution hardware accelerators c) built-in reference
waveguide for on-chip optical phase and amplitude
weight calibration enabling accurate setting of the
synaptic weights. The OCSP is achieved by coherently
interleaving the time and space; simultaneously, it
incorporates wavelength-division multiplexing technol-
ogy to support the large-scale data requirements for
both speed and capacity. Its performance is experi-
mentally verified by implementing generic image feature
extraction functions and image recognition tasks. The
OCSP demonstrates significant potential as a universal
convolutional front-end embeddable in data centers,
effectively enhancing computational throughput while
reducing energy consumption.

Results
Principle of operation

The core structure integrated in the photonic chip
comprises: a passive streaming processing unit, a refer-
ence waveguide, and two pairs of fan-out for data pro-
cessing and calibration respectively (Fig. 1b). The
streaming processing unit can be configured as a finite
impulse response (FIR) filter which can be modeled as a
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Fig. 1 Parallel optical convolution streaming processing system. a Optical spectra at critical locations of the parallel optical convolution
streaming processing system. (i) the microcomb with a repetition rate of 1/AT serves as a multi-wavelength source. (i) output optical spectrum of the
modulated multi-wavelength signal, where each carrier is independently loaded with data at a symbol rate of 1/AT. (iii) the OCSP’s transmission
spectrum with a free spectral range (FSR) of 1/AT. (iv) multi-wavelength data streams after parallel convolution processing by the OCSP. b System
diagram for parallel image processing using the OCSP. Multiple image data streams are independently loaded onto distinct wavelength channels and
transmitted through a shared optical fiber to the OCSP chip, enabling parallel convolution processing. Wavelength-selective switches can be
employed to dynamically manage access to these data streams. The outputs are then demultiplexed for simultaneous, parallel readout of all
processed streams. 1SO optical isolator, BPF bandpass filter, DMUX demultiplexer, MUX multiplexer, MZM Mach-Zehnder modulator, PD

photodetector

finite impulse filter*”. Mathematically, the transfer func-
tion in the time and frequency domain can be given by:

H(f)= 3, gande

N-1
h(t) =Y " 8(t —nAT)
Where fis the optical frequency, N denotes the number of
taps and nAT is the delay of tap #n, the amplitude and
phase of the tap are represented by a, and ¢, and can be
fully adjusted in all dimensions by changing the splitting
ratio of the MZI and the phase shift of the phase shifter.
The H(f) is periodic with a FSR of 1/AT (FSR=1/AT).
Benefiting from the periodic interference characteristics
of the filter, when the carrier frequency spacing of the
input streams aligns with the filter’s FSR, the OCSP can
simultaneously perform parallel convolution across multi-
ple data streams, without necessitating additional on-chip
components (as shown in Fig. 1a, b).
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For an input optical data streams, the filter output is
given by the convolution:

W) =x() % h(t) =S a,é?x(t — nAT)

The input optical data streams, at a symbol rate 1/AT
Baud (1/AT is also the repetition frequency of micro-
comb), are wavelength-division multiplexed and feature
unlimited lengths for streaming processing. The input
optical data streams are simultaneously duplicated and
weighted via cascaded MZIs, with the phases controlled
by phase shifters (PSs). Next, the weighted replicas are
progressively delayed with a delay step (between adjacent
spatial paths) equals to AT, the symbol duration of input
data streams, effectively achieving time-space interleaving
(i.e., the input data’s adjacent symbols are aligned in time).
Finally, the weighted and delayed replicas are coupled
together, constructively or destructively interfering with
each other to yield convolution results.
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The convolution window effectively slides at the input
data rate. Each output symbol is the dot product between
the input data, within a convolution window or receptive
field (determined by the scale of the chip, i.e., number of
spatial paths N), and the weights (implemented by the
MZIs and PSs). Consequently, each output symbol is the
result of N multiply-and-accumulate (MAC) operations.
The OCSP directly processes the optical fields when the
OCSP processes real-valued data (i.e., intensity-modu-
lated, phases are 0 or m), each of which takes 2 operations
(1 multiplication and 1 accumulation) and thus results in
a peak computing speed of 2 N/AT operations per second
(OPS), per wavelength channel. This computing speed
can be boosted when processing massive wavelength-
division multiplexed optical data streams; and the fre-
quency interval between wavelength channels needs to be
equal to, or multiple of, the symbol rate 1/AT.

Kernel self-calibration of the OCSP

The key of the wavelength-division multiplexing and
time-space interleaving convolutional computing archi-
tecture is rooted in two factors: a) the alignment of the
optical comb repetition frequency with the FSR of the
OCSP, and b) the alignment of phase shifts induced by
each path on the OCSP. Yet any tiny delay variations in
the magnitude of optical wavelengths (~1550 nm) can
lead to large phase errors in the convolution weights and
thus in the computing results. This is a nontrivial issue
due to the challenges in obtaining phase-related responses
of the chip and overcoming the dynamic on-chip thermal
crosstalk or temperature disturbance (Fig. 2f, g). To
address this, we first map the convolution kernel to the
time-domain taps of the OCSP chip. Subsequently, we
apply an on-chip phase recovery method* to optical
computing chips (Fig. 3a). This adds an optical reference
path to the chip, which enables phase recovery based on
the intensity-only spectral response of the chip via the gap
method. The intensity response can be easily measured
with an external tunable laser source and a power meter;
by placing the reference path on the chip we ensure that
any phase errors in the patch that lead to external
instrumentation do not affect the phase measurement.
The measured power response of the entire OCSP chip
can be regarded as a superposition of spectral compo-
nents yielded by “internal” (between the streaming pro-
cessing taps) and “external” (between the reference tap
and the streaming processing taps) interferences. As such,
the impulse response of the OCSP (i.e., the convolutional
weights) can be obtained via the Fourier transform of the
entire chip’s power response, provided the reference path
is sufficiently shorter than the streaming processing paths
(t> T). With the dynamic convolutional weights obtained
(both the amplitudes and phases), the required updates of
the electrical power supply can be obtained and the
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desired kernel weights can be deterministically dialed-up
(for the detailed self-calibration process and robustness
test, see Supplementary Notes 4, 5). Beyond successfully
calibrating our OCSP, this phase recovery approach
enables optical computing chips to obtain comprehensive
dynamic on-chip frequency and impulse responses (both
the phases and amplitudes), thus enabling accurate and
trainable on-chip frequency responses that greatly
enhances the computing accuracy and allows rapid
training of coherent optical computing hardware.

Convolutional kernel verification

To demonstrate our approach, we fabricated a 16-tap
FIR chip on a standard Silicon-On-Insulator (SOI) plat-
form*®, Taps 9-16 were worked as the OCSP and taps
2-8 were in the off state, while tap 1 served as the
reference path. The delay step of the OCSP’s streaming
processing taps is AT =~20ps, corresponding to an
input optical data rate of 50 GBaud. This also gives the
OCSP’s impulse response duration 7=7 x AT = 140 ps.
The delay gap between the reference path and the OCSP’s
first tap is ~8 x AT, satisfying t > T for subsequent phase
recovery via Fourier transform. Four stages of tunable
couplers were used to achieve the desired amplitudes of
convolutional weights and eight PSs were used to
manipulate the tap’s phases (i.e., the signs of the weights).

Distinctive convolutional kernels were first imple-
mented using the OCSP chip for generic image processing
functions (kernels 1, 2) and verification of convolution
accuracy at the critical point (kernel 3) (Fig. 3b). The
windowed power response of the entire chip (with ref.
path) within a frequency range of 3.5/AT was Fourier
transformed to obtain the impulse responses, which were
then used to assess errors against the desired tap coeffi-
cients and thus the needed update of applied electrical
power. After 65 iterations, the OCSP taps’ amplitudes and
phases converge to their desired values and thus can be
used for subsequent optical data processing (Fig. 3b, first
two rows). Since the OCSP features a periodic frequency
response with FSR of 1/AT (Fig. 3b, last two rows), the
OCSP could support simultaneous computing/feature
extraction of multiple wavelength channels, provided the
wavelength channels’ spacing matches with an integer
multiple of the OCSP’s FSR.

To verify the parallel computing capabilities of our
OCSP chip, five wavelengths were simultaneously selected
by the waveshaperl (wsl) and transmitted through a
shared optical path. The input optical data was encoded as
intensities of flattened image matrices at 50 GBaud and
loaded onto each wavelength channel. At the output port,
the waveshaper2 (ws2) dynamically selected the compu-
tational results of each wavelength, enabling wavelength-
demultiplexed readout (Fig. 4a—c). The waveforms of the
convolution results and their mean squared error curves
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second column illustrates the detailed view of the waveforms. e The feature maps generated after applying two different convolution kernels and the
synthesized feature map (Sobel operator). f The convolution error curve after processing image data carried by five distinct wavelengths utilizing

three different convolutional kernels

are shown in Fig. 4d, f (see Supplementary Note 2, 7 for
the detailed discussion on the convolution results). The
convolutional kernels directly implemented by the OCSP
chip can achieve desired image processing functions
including averaging (kernel 1) or edge enhancement
(kernel 2). The OCSP’s convolutional weights need to
satisfy certain rules such that the optical carrier can be
maintained for detection: the sum of the weights corre-
sponds to the transmission of the carrier, thus it cannot be
set as zero—at which point the carrier is suppressed (i.e.,

1612 | Light Sci Appl | 2026 | Vol 15 | Issue 5

located at the notches of the amplitude responses), such
as the Sobel operator. We note that this does not impose
any limitations onto the OCSP’s capability, since on one
hand, a local oscillator laser at the same wavelength as the
carrier can be offered at detection to compensate for the
carrier’s power losses, on the other hand, the convolu-
tional weights do not satisfy the rule can always be
decomposed into two sets of convolutional weights that
can be implemented simultaneously and then synthesized,
as we have demonstrated in Fig. 4e (synthesized kernels 1
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and 2). In this experiment, we break it down into two sets
of taps when the sum of tap coefficients is lower than 2
(for 8-tap OCSP used) (see Supplementary Note 1, 3 for
detailed discussion).

Optoelectronic hybrid neural network

To further highlight the capability of the OCSP system
demonstrated in this work, we performed a proof-of-
concept demonstration to validate our OCSP’s deploy-
ment in the data centers and complex neural networks,
thereby working in coordination with electronic hardware
to facilitate advanced Al tasks. Figure 5a shows the
schematics of the integrated parallel data interconnect
system for large-capacity optical interconnection. At the
WDM transmitter, each comb line carries independent
data streams through WDM technology. The OCSP is
directly embedded in the WDM transmission link,
maintaining compatibility with transceiver interfaces,
enabling parallel feature extraction across all wavelength
channels. At the WDM receiver, the multi-channel con-
volutional stream is detected by the photodetector and
transmitted to the next computing node after processing
(such as sampling and retiming) (for detailed deployment
in datacenter, see Supplementary Note 9). In this proof-
of-concept study, we use microcombs as the multi-
wavelength source, waveshaper and Mach-Zehnder
modulators facilitate the dynamic loading of data across
various wavelengths instead. We adopted the PAM-16
modulation format which is a potential enabler for next-
generation data center optical interconnects, offering
higher spectral efficiency than the generic PAM-4 mod-
ulation format in data centers while meeting requirements
envisioned for Al workloads. To validate the universality
of our OCSP chip, we conducted tests in distinct datasets.
Figure 5b shows the network model in the CIFAR10**
data test, 200 images were divided into 5 different batches,
and five different wavelengths carried the image data of
different batches respectively. The input RGB image of
dimensions 34 x 34 x 3 pixels was processed through
three 2x2x3 convolutional kernels, generating three
feature maps with spatial resolution 17 x 33 for sub-
sequent network processing. In this experiment, the first
convolutional layer was implemented using photonic
computing hardware, while the subsequent layers of the
network were realized through electronic computing
hardware. The electronic hardware segment comprises
five basic layers followed by a fully connected (FC) layer.
Each basic layer contains four consecutive convolutional
layers that form a dense processing block. The feature
maps and the expanded waveforms of kernel 1 obtained
from the experiment and the CPU are shown in Fig. 5c.
The slight difference between the experiment and calcu-
lation is mainly caused by limited system bandwidth. The
confusion matrix (Fig. 5d) illustrates the accuracy of the
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prediction obtained from experiment and theoretical
calculation is 85% and 92%. (Additionally, the experiment
results on ImageNet subset®, Fashion-MNIST*, and
MNIST* datasets are shown in Supplementary Note 10).

Discussion

Our study further advances the potential of optical
computing by introducing an OCSP featuring the WDM
optical input interface. This architecture provides sub-
stantial transmission bandwidth and effectively supports
high-speed, large-capacity data requirements. Moreover,
it overcomes the limitation in previous optical computing
architectures®®**3*>%°; the difficulty of integrating on-chip
optical computing units into optical interconnection
systems due to incompatible optical input interfaces.
Moreover, the OCSP chip can be fabricated using the
industry-standard SOI platform, which is consistent with
the platform used for commercial optical receiver mod-
ules (e.g., Intel's 400G DR4), thereby, facilitating the co-
design and integration with the optical receiver module
while mitigating convolutional output errors caused by
distance transmission.

The original input signal of the OCSP may experience
distortion due to crosstalk and nonlinear effects in dis-
tance transmission, which could consequently introduce
errors in the convolutional output. Extensive research
efforts have been devoted to addressing signal distortion
in data center optical interconnects. Representative
approaches include MRR arrays for implementing multi-
wavelength parallel dispersion compensation in the opti-
cal domain'®, and the FIR filter-based devices for inter-
symbol interference compensation48. Furthermore, lever-
aging the inherent stability of data center optical inter-
connect links, we can incorporate transmission link
characteristics into the network training paradigm. This
hardware-aware learning approach facilitates the devel-
opment of adaptive neural network models that maintain
robust inference accuracy under signal distortion
scenarios.

The performance can be easily boosted with much
higher space-/wavelength-division parallelisms and data
rates: for instance, 100 GBaud’s data rate is readily
available via commercial transceiver (TRXs); forty
100 GHz-spaced wavelengths in the optical C band can be
offered as well by microcombs. For our passive OCSP
structure, the size of the convolutional kernel is deter-
mined by the tap coefficients of the FIR filter, which
corresponds to the number of delay paths. OCSP with
over 64 spatial paths can be straightforwardly fabricated
with passive low-loss wafer-scale nanofabrication plat-
forms, and future designs could employ increased physical
spacing between waveguide paths or integrated thermal
isolation trenches in the chip substrate to alleviate ther-
mal crosstalk. These optimizations could lead to a

Light Sci Appl | 2026 | Vol 15 | Issue 5 | 1613 LSA
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Fig. 5 Optoelectronic hybrid neural network. a Schematic diagram of parallel optical interconnection in data centers. The OCSP chip is embedded
in the WDM transmission link, serving as a multi-channel convolution accelerator and cooperating with electronic devices to perform complex
network tasks. OPU optical processing unit. XPU accelerated Processing Unit. EIC electronic integrated circuits. b The architecture of the convolution
neural network (CNN). Each basic layer contains four consecutive convolutional layers that form a dense processing block. To enhance gradient flow
and mitigate vanishing gradients, residual connections are integrated by routing the input through a convolutional layer (for dimension alignment)
before merging it with the output of the block via element-wise addition. Following these residual blocks, a pooling layer down-samples the
extracted features, which are then flattened and projected onto a 10-dimensional space corresponding to the CIFAR-10 classes by the final FC layer.
Conv, convolutional layer. FC, fully connected layer. ¢ The experimental and simulated feature maps and waveform of kernell. d The confusion
matrices obtained from CPU implementation and the proposed optoelectronic hybrid architecture implementation
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remarkable peak computing speed of
2 x 64 x 100G x40 =0.512 Peta OPS, for a single inte-
grated OCSP device.

In contemporary big data storage architectures, infor-
mation is typically dispersed across multiple storage
nodes. By facilitating the flexible allocation of wave-
lengths, the OCSP chip enables distributed access to
extensive datasets, concurrently retrieving data from each
storage node. The data center connects computing
resources distributed across various locations through
optical interconnects, thereby forming a virtual resource
pool. The embedding of the current OCSP chip into the
data center facilitates dynamic computational resource
allocation with enhanced utilization efficiency. This fra-
mework enables fine-grained partitioning and distributed
deployment of complex neural networks across hetero-
geneous computing nodes, where each node specializes in
processing dedicated neural network components (e.g.,
input layers, hidden layers, output layers) (for more details
about collaborative design with electronic control unit,
see Supplementary Note 8). Through optical inter-
connection technology, these different computing nodes
can transfer data at extremely high speeds.

Materials and methods
Chip fabrication and calibration

The photonic integrated circuit (PIC) was fabricated
using a standard SOI platform, with a total chip footprint
of 25 mm?. TiN heaters (each with ~1.7 kQ resistance) are
used to tune the optical phases via thermo-optical effects.
The fabricated PIC is a 16-tap FIR chip. For a proof-of-
concept demonstration using a standard chip design, we
used the shortest path as the reference path and only half
of the taps as the OCSP. The unused paths were sup-
pressed in power and should be removed in future
implementations. The dominant computational delay
originates from the longest optical path (~20 mm) within
the OCSP chip, yielding a total latency of 290 picose-
conds. During the experiments, the chip was mounted on
an external thermal controller, with the temperature
stabilized at 30 °C to dissipate the heat generated by the
on-chip PSs. The optical insertion loss spectra (i.e., the
power response or the squared amplitude response) of the
chip were measured by an optical vector network analyzer
(Luna OVA 5100), which can be replaced with a
wavelength-swept laser and an optical power meter, as we
introduced above. The wavelength selection is achieved
through Finisar WaveShaper 4000S and 16000A.

Evaluation of the computing performance

Computing speed. As common standards in quantifying
the computing speed of optical computing hardware are
yet available, we follow our prior method that our OCSP’s
computing speed is determined by the data rate of the
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output signal and the needed number of operations to
yield each output symbol. Each output symbol is the dot
product between the input data, within a convolution
window or receptive field (determined by the scale of the
chip, i.e, number of spatial paths N), and the weights
(implemented by the MZIs and PSs). Consequently, each
output symbol is the result of N multiply-and-accumulate
(MAC) operations. For real-valued input data (Xz) and
weights (W), 2 operations (1 multiplication and 1 accu-
mulation) are needed for each MAC operation, which
leads to a computing speed of 2 N/AT OPS per wave-
length channel. With N =8 parallel spatial paths and an
input data rate of 1/AT=50 GBaud. the OCSP chip
demonstrates a  peak  computing speed  of
2x8x50G=0.8 TOPS per wavelength and thus 5x 0.8
TOPS =4 TOPS with the five parallel wavelengths.

Energy consumption. The consumed energy of the
OCSP mainly comes from the PSs that manipulate light
interference. In the experiment, we used standard metal
heaters on SOI to control the effective refractive indices
and thus phase shifts based on the thermo-optic effect in
silicon. 16 heaters were used in total, each taking <40 mW
to achieve 2m phase shift. We estimate the average power
consumption of the heaters as 20 mW and the total
energy consumption as 20 x 16 = 320 mW, resulting in an
energy efficiency of: 0.8TOPS/320 mW = 2.5 TOPS w ™'
for single-wavelength real-valued case; and 4TOPS/
320mW =125 TOPS w ' for five-wavelength real-
valued cases. This power consumption can be further
reduced with advanced thin film Lithium Niobate (TFLN)
platforms that cost ultra-low, if not negligible in contrast
to silicon, bias power the phase shifters*°. We note that
TFLN’s high bandwidth can also significantly boost the
tuning/training speed of the OCSP to tens of GHz—
comparable to, if not faster than, state-of-art digital
electronics (for more details and comparisons of other
structures, see Supplementary Note 6).
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