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Integrated photonic synapses, neurons, memristors, and neural
networks for photonic neuromorphic computing

Shufei Han'?, Weihong Shen®2*, Min Gu'?* and Qiming Zhang®?*

Abstract: Rising demands for bandwidth, speed, and energy efficiency are reshaping the landscape of computing
beyond the limits of von Neumann electronics. Neuromorphic photonics—using light to emulate neural computa-
tion—offers ultrafast, massively parallel, and low-energy information processing, positioning integrated photonic
neural networks (IPNNs) as promising hardware for next-generation artificial intelligence (Al). By combining the
architectural efficiency of neuromorphic models with the physical advantages of integrated photonics, IPNNs enable
high-speed and programmable linear operations during the in-plane optical transmission, while leaving room for
compact and reconfigurable on-chip optical nonlinearities and memory functions. Firstly, we review the concepts
and principles of key building blocks in IPNN, that are photonic synapses, neurons, and photonic memristors which
offer optical memory and storage capabilities. And then, we summarize the representative IPNN architectures and
their recent advances, including coherent, parallel, diffractive, and reservoir computing, for photonic neuromorphic
computing with high throughput and high efficiency. Finally, we outline practical considerations—calibration and
stability of large-scale networks, routes toward co-integration with electronics, diffractive—interferometric hybrid
architectures, and programmable photonic architectures for general Al purposes. We highlight a forward outlook on
enabling IPNN with low energy consumption, robust photonic operations, and efficient training strategies, aiming to
guide the maturation of general-purpose, low-power photonic Al.

Keywords: neuromorphic photonics; integrated photonic neural networks (IPNNs); photonic integrated circuits

(PICs)

Introduction

Integrated photonic neural networks (IPNNs), as an impor-
tant direction of neuromorphic computing, are gradually
becoming an ideal choice for efficiently processing large-
scale artificial intelligence tasks. In recent years, with the
rapid development of artificial intelligence (AI), the bottle-
necks of traditional computing architectures in speed,
latency, bandwidth, and power consumption have become
increasingly prominent, especially for processing deep
neural networks (DNNSs). In the von Neumann architec-
ture, the separation of computation and memory leads to
inefficient data movement, which severely constrains the
scalability and real-time performance of AI applications!.
At present, global Al compute demand continues to grow
rapidly, while traditional hardware architectures are
approaching their limits"”’, this problem is particularly

evident in edge-computing scenarios, where reliance on
power-hungry graphics processing units (GPUs) and band-
width-heavy workloads is no longer sustainable. Mean-
while, the computational paradigm of biological neural
systems—characterized by outstanding energy efficiency,
parallelism, and adaptive learning—offers a new direction
to address these challenges. Neuromorphic computing,
which emulates the structure and function of biological
neural systems, exhibits clear advantages in energy effi-
ciency, computational speed, and dynamic learning capabil-
ity; however, existing electronic hardware still suffers from
low integration density, high power consumption, and elec-
trical interference, limiting further development®-'°.
Photonics, by virtue of its high bandwidth, low latency,
and low energy consumption, has become an ideal plat-
form for neuromorphic computing!!-*>. Photonic comput-
ing leverages optical signals for parallel processing,
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handling multiple information dimensions and achieving
near-lossless data transmission and in-flight accumulation
during propagation. Studies show that, under the same
power budget, photonic processors deliver far greater
computational throughput than traditional electronic
processors'®’. At the same time, photonic technology
supports multi-threading across dimensions such as wave-
length and spatial mode'*%!, enabling significant accelera-
tion of computation without adding proportional overhead.

Despite theoretical and experimental advances, inte-
grated photonic neural networks still face several chal-
lenges!?>23, For example, implementing low-power nonlin-
ear activation in hardware and realizing efficient photonic
storage media remain focal and difficult research topics*?".
In addition, optimizing the architectural design of photonic
neural networks to achieve higher computational density
and stronger processing capability is an urgent problem to
solve?® 31, As integrated photonic technology matures,
future photonic neural networks are expected to realize
large-scale, low-power intelligent inference and real-time
processing through new architectural designs and more
efficient photonic components, thereby promoting the
broad application of Al in edge computing, autonomous
driving, intelligent manufacturing, and other fields.

In this work, we first introduce photonic synapses and
photonic neurons and discuss how they implement weight
loading and nonlinear activation functions, which are two
critical links in neuromorphic computing. Photonic
synapses realize weighted operations by modulating the
intensity and phase of light, while photonic neurons process
signals through nonlinear activation functions. Optical
memristors, as key components in photonic neural
networks, provide nonvolatile memory and high-speed
processing capabilities, supporting the weight loading and
storage functions of photonic synapses, thereby providing
strong support for the efficient operation of photonic
neural networks. The efficient cooperation of these
photonic building blocks forms the foundation of photonic
neural networks and propels the rapid development of
photonic neuromorphic systems. We then delve into recent
progress in integrated photonic neuromorphic systems with
different architectures, analyzing their application potential
and challenges across various Al tasks. Through this review,
we aim to provide theoretical support and practical guid-
ance for the development of integrated photonic neural
networks, paving the way for next-generation, efficient,
low-power Al computing platforms.

Integrated photonic neuromorphic
devices

Photonic synapses

Biological neuromorphic systems consist of collections of
highly interconnected neurons, computational units and
synapses (memory units). Each neuron receives weighted
outputs from adjacent neurons via dendrites with specific

synaptic weights, and these signals are summed in the
soma, equivalent to a linear combination of all inputs—a
process that can be modeled as matrix-vector multiplica-
tion (MVM)* In integrated photonic neuromorphic
systems, synaptic interconnections are typically imple-
mented by optical waveguides, and the weighting process is
usually performed by optical intensity modulators. In other
words, the weight is loaded onto the optical carrier's inten-
sity via all-optical or electro-optic modulation®>-*.

Integrated intensity modulators can be realized in two
ways. One directly modulates intensity along the waveg-
uide, and the other converts phase modulation into inten-
sity via resonators or interferometers. Waveguide-based
photonic synapses typically use optical attenuators with
tunable absorption loss (e.g., devices based on P-type /
Intrinsic / N-type (PIN) junctions or phase-change materi-
als®®) or optical amplifiers with tunable gain (e.g., semicon-
ductor optical amplifiers, SOAs*). Such photonic synapses
can perform dot products as light propagates and require
synaptic arrays to perform MVM operations.

For the other class of photonic synapses, the most comm-
on structures are microring resonators (MRRs)*” and Mach-
Zehnder interferometers (MZIs)*, as shown in Fig. 1(a) and
Fig. 1(b). Photonic weight matrices based on MZI meshes
rely on coherent propagation and interference. This archi-
tecture typically has a complex network topology***, and
therefore requires precise matrix-decomposition algo-
rithms to configure the phase parameters of each MZI
element; backpropagation-based training likewise depends
on these configurations. The number of MZIs required by
an N-port neural network grows quadratically with N,
which poses challenges for compactness and power at large
scales.

MRRs are significantly smaller than MZIs, with the
diameter of MRRs typically in the range of tens of microm-
eters, whereas the overall dimensions of MZIs are generally
hundreds of micrometers scale. The resonant characteris-
tics of MRRs can be combined with wavelength-division
multiplexing (WDM) to realize parallel and direct weight
loading—often referred to as the "broadcast-and-weight"
scheme®. Weights are applied to the optical intensity of
WDM signals by MRRs operating at different resonant
wavelengths. Because optical intensity cannot be negative,
balanced photodetection of the through and drop ports of
split MRRs is employed to realize real-valued (signed)
weights. However, due to inevitable fabrication variations
and thermal sensitivity, the calibration and stabilization of
large-scale microring arrays remain challenging.

As an alternative, phase-change materials (PCMs) offer
broad prospects for nonvolatile photonic synapses with
memory effects and can also be used for photonic in-
memory computing. Chalcogenide PCMs can be switched
nonvolatily and repeatedly between crystalline and amor-
phous states under optical or electrical pulses, producing
significant changes in both the real and imaginary parts of
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Fig. 1 | Photonic integrated synapses based on (a) MRR, (b) MZl, and (c) PCM. Figure reproduced with permission from: (a) ref.>’, IEEE; (b) ref.?,

(c) ref.*?, Springer Nature.

the refractive index. In PCM-integrated waveguide
devices*!, as shown in Fig. 1(c), the phase-change process
induces a change in the refractive index, which modulates
both the intensity and phase of optical signals, thereby
enabling synaptic weighting. Their nonvolatile nature
makes them excellent candidates for optical memory. By
finely controlling intermediate states between crystalline
and amorphous phases, multi-bit storage can be realized.
Since the first fully optical PCM synapse was proposed in
2017°*, many reports on PCM-based photonic synapses
have appeared, enabling in-memory photonic computing,
unsupervised spiking neuromorphic networks*, and
tensor-core-like convolution operations®.

Photonic neurons

In integrated photonic neuromorphic systems, photonic
neurons are mainly divided into two types: so-called contin-
uous-time neurons, which communicate using optical
continuous-wave analog signals, and spiking neurons,
which encode information in the timing of spikes. Most
traditional photonic artificial neural networks adopt the
continuous-time neuron structure. As long as the nonlin-
ear activation function is differentiable and integrable,
gradient descent can be used for effective training. By
contrast, spiking neurons face greater difficulty and
complexity in signal generation, detection, and network
training. Even so, spiking neurons provide a more natural
way to represent certain classes of information and are
more energy-efficient than non-spiking neurons.

Photonic implementations of artificial neurons include
two solutions, namely opto-electro-optic (OEO) conver-
sion and fully optical solutions. For OEO continuous-time
neurons, nonlinear responses arise from self-intensity
modulation or from the intrinsic electro-optic transfer
functions of modulators or photodetectors. In the first case,

as shown in Fig. 2(a) and Fig. 2(b), the optical signal after
linear computation is proportionality-converted into an
electrical signal by an on-chip photodetector and then fed
to an electro-optic modulator (typically an MZI*> or MRR*)
to modulate the intensity of a new optical carrier or of the
original optical signal. The nonlinear function of an OEO
neuron can be programmed via the modulator's voltage
bias. Using combined MZI and MRR architectures, as many
as 14 nonlinear functions have been reported, showing
strong diversity and reconfigurability”’. However, the time
delay introduced by OEO conversions is inevitable and
requires corresponding on-chip optical delay lines to
synchronize optical and electrical signals.

In addition, the intrinsic electro-optic/optical-electrical
transfer function of EO/OE devices can be directly used as
the nonlinear activation, as shown in Fig. 2(c). Electro-
absorption modulators (EAMs) based on indium tin oxide
(ITO) layers monolithically integrated into silicon waveg-
uides have been shown to act as nonlinear photonic
neurons®. Nonlinear germanium-silicon photodiodes (Ge-
Si PDs) exploiting free-carrier absorption have been
proposed to realize on-chip optical neuron activation with
self-monitoring of optical power®, providing a fully inte-
grated all-optical neural network capable of in-situ training.
Thanks to the maturity of high-speed EO/OE devices on
silicon photonic platforms, OEO neurons offer high feasi-
bility for complementary metal-oxide-semiconductor
(CMOS)-compatible, large-scale neuromorphic systems.

OEO schemes for spiking neurons mainly use excitable
semiconductor lasers, such as two-section gain/saturable-
absorber lasers®® or electrically injected excitable
distributed-feedback lasers. In 2023, Xiang SY et al.
proposed and experimentally validated a photonic spiking-
neuron chip based on an integrated Fabry-Perot laser with a
saturable absorber, exploiting the device's excitable dynam-
ics to realize neuronal functions such as spike generation
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Fig. 2 | Photonic integrated neurons based on OEO conversion based on (a) MZI or (b) MRR, OE neurons based on (c) ITO-EAM, and all-optical neurons
based on (d) Ge- and (e) PCM-loaded MRR. Figure reproduced with permission from: (a) ref.??, IEEE; (b) ref.?, APS; (c) ref.*, AIP Publishing; (d) ref.>°, under

a Creative Commons Attribution License; (e) ref.“?, Springer Nature.

and temporal integration*®. By further incorporating time-
multiplexed spatiotemporal spike encoding and a super-
vised learning strategy, they demonstrated hardware-algo-
rithm co-inference in cascadable photonic spiking neural
networks. In the same year, the group extended this
approach by developing an indium-phosphide photon-
ic integrated distributed-feedback-laser—saturable-absorber
neuro-synaptic chip, monolithically merging synaptic linear
weighting and spiking-neuron nonlinear firing within a
single device®. Using this integrated core, they achieved on-
chip hardware inference of convolutional spiking neural
networks, thereby substantially advancing the integration
and system-level scalability of photonic spiking computing
engines. Fully optical schemes rely on nonlinear materials
(such as Ge™ or PCMs*!) and on the nonlinear dynamics of
MRRs or photonic-crystal nanocavities, as shown in Fig. 2(d)
and Fig. 2(e). In 2019, Feldmann et al. proposed a fully opti-
cal spiking neuron based on a passive MRR structure with
PCM-loaded crossings*, in which the optical signal after
the PCM synapse is applied to the MRR, and the neuron is
activated through the phase-change process. In 2022, a
passive silicon MRR demonstrated another fully optical
integrated spiking neuron via self-pulsation behavior®, with
observed sub-GHz operating speeds and excitability akin to
resonate-and-fire neurons. These two studies reveal new
ideas for realizing fully optical integrated spiking neurons
and show compatibility with WDM?*, mode-division multi-
plexing®!, and the execution of fully optical plasticity and
self-learning.

Photonic memristors

Photonic memristors, as the optical memory components of
IPNN, have attracted considerable attention in recent years.
Originating from Chua's proposal of the electrical memris-

tor as the fourth fundamental circuit element in 1971, their
defining property is the ability to modulate and retain a
resistance state conditioned on the history of the input
signal®. As the optical counterparts in photonic neuromor-
phic systems, photonic memristors offer optical memory
and processing by tuning the transmission properties of
light in non-volatile or volatile forms, thereby providing
innovative solutions for photonic in-memory neuromor-
phic computing.

The photonic non-volatile memristors modulate the
optical response in integrated circuits while maintaining the
modulated state afterwards achieving high-speed operation
together with long retention®. The nonvolatile, multilevel
storage afforded by optical memristors has been deployed
in photonic integrated circuits (PICs) with functional mate-
rials such as PCMs and zirconate titanate (PZT)*, thereby
co-locating memory and computation within the same
device and substantially improving the efficiency of IPNN.
Nevertheless, widespread adoption remains hindered by
challenges including material failure mechanisms, fabrica-
tion complexity, and excessive switching energy, all of
which warrant further investigation.

Compared to the static and long-term memory of non-
volatile memristors, photonic volatile memristors offer
short-term memory and rich dynamical characteristics with
nonlinearities, leading to adaptive neuromorphic comput-
ing with high complexity®. Nonlinear optical cavities with
nonlinear dynamics like optical bi-stability, self-oscillation
and chaos, are the optimal candidates of photonic volatile
memristors®?, and ease to be implemented in integrated
photonics, fiber optics or free-space optics. Concurrently,
the concept of photonic volatile memristors has been
explored in the field of quantum photonics. In 2022, Spag-
nolo M et al. experimentally demonstrated a photonic
quantum memristor capable of processing quantum
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information at the single-photon level®, underscoring the
potential of quantum neuromorphic architectures, as
shown in Fig. 3. This innovation not only broadens the
application scope of memristive concepts but also suggests a
pathway for bridging photonic and quantum computing.
Future work will focus on enhancing switching speed,
energy efficiency, and scalability to meet the demands of
large-scale photonic neuromorphic systems and quantum
computing to solve general Al proposes and high-complex-
ity problems like nondeterministic polynomial time (NP)-
hard and combinatorial optimization®.

Photonic synapses, photonic neurons, and photonic
memristors are key components in photonic neuromorphic
computing systems, each possessing distinct characteristics,
advantages, and limitations. Photonic synapses implement
synaptic interconnections via optical waveguides and
weight signals using optical intensity modulators, offering
high bandwidth, low energy consumption, and parallel
computing capabilities. They can efficiently perform
matrix-vector multiplication, making them suitable for
large-scale neural network applications, and support non-
volatile storage. However, challenges remain in terms of
system integration, stability, and power consumption.
Photonic neurons, including continuous-time and spiking

neurons, exhibit advantages in high-speed computation and
low energy consumption. Continuous-time neurons are
compatible with CMOS technology and are suitable for
large-scale integration, but their implementation is rela-
tively complex. Spiking neurons, on the other hand, encode
information through spike signals, offering superior energy
efficiency, but their training and implementation are more
intricate. Photonic memristors modulate light intensity and
phase to enable volatile and non-volatile in-memory
computing, allowing in-memory computing tasks to be
processed within the same device, thus enhancing effi-
ciency. However, photonic memristors are still in the early
stages of development, with significant potential for explo-
ration and discovery. Overall, these components present
promising prospects for photonic neuromorphic comput-
ing, yet the realization and stability of large-scale systems
still face significant technical challenges.

Integrated photonic neural networks

Coherent photonic neural networks

Coherent photonic neural networks (PNNs) use a single
light source to provide a coherent optical field for the entire
network and realize signal distribution, routing, and
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Fig. 3 | Comparison of classical and quantum memristors. Figure reproduced with permission from ref.>¢, under a Creative Commons Attribution License.
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weighting through optical interference. Their linear MVM
operation is performed entirely in the optical domain at a
single carrier frequency, without multi-wavelength signals
or O/E conversions, thereby making the system more
neuromorphic and enabling planarization and cascade
across layers. In 2017, Shen YC et al. proposed a coherent
nanophotonic deep-learning processor on a silicon PIC?.
The processor comprised a cascaded array of 56 progra-
mmable MZIs and demonstrated its application to vowel
recognition for the first time. Although on-chip optical
nonlinear units and fully integrated multiply-accumulate
(MAC) operations had not yet been realized at that time,
this work marked the starting point of neuromorphic
computing on large-scale PIC platforms. Building on this,
coherent PNNs have made further breakthroughs in recent
years. In 2023, Pai S et al. proposed a new method address-
ing the training difficulties of coherent neural networks®.
In 2024, Bandyopadhyay S et al. designed and implemented
a fully integrated coherent optical neural network architec-
ture (FICONN)*. Coherent PNNs can be applied not only
to typical tasks such as image and digit recognition but also
to communication channel optimization and reinforce-
ment learning. By 2025, coherent PNNs were capable of
realizing truly large-scale integrated photonic devices, vali-
dating their feasibility and superiority for practical Al and
scientific computing.

In 2023, Pai S et al. used thermo-optic phase shifters as
tunable weight elements®, as shown in Fig. 4(a). By intro-
ducing forward and backward optical-field interference
measurements, gradient information can be obtained
directly in the optical domain, avoiding frequent OEO
conversions and external numerical computation. This
enabled the first in-situ, end-to-end training of PNNs and
greatly improved the flexibility and usability of optical
computing systems. In 2024, Bandyopadhyay S et al. mono-
lithically integrated four key subsystems onto a commercial
silicon-photonics chip (6.0 mm x 5.7 mm)>. Input vectors
were encoded as 6-channel coherent optical fields (ampli-
tude and phase) and passed through an MZI mesh to imple-
ment a programmable 6 x 6 matrix multiplication, complet-
ing the linear transforms of each layer. The system
achieved, for the first time on a single chip, a multilayer
coherent all-optical DNN with programmable nonlineari-
ties for inference and in-situ training, demonstrating that
efficient on-hardware training is possible without conven-
tional backpropagation and greatly reducing training
latency and energy. The power consumption is still limited
by thermal phase shifters; lower-power phase-shift tech-
nologies are expected to further improve efficiency. In 2025,
Liao K et al. integrated near-infrared perovskite LEDs®, a
Si3Ny photonic processing network (13 layers, locally
connected), and perovskite photodetectors on the same
chip to construct a heterogeneous "emit-compute-detect”
integrated system. Perovskite materials, with low-tempera-
ture processing, tunable bandgaps, and tolerance to lattice

mismatch, are suitable for heterogeneous integration with
Si3Ny platforms, thereby addressing long-standing cross-
material co-integration bottlenecks among sources, proces-
sors, and detectors.

Based on the basic MZI structure, in 2023, SeyedMoham-
mad S et al. proposed a programmable MZI mesh inte-
grated with arrays of surface grating couplers®!. Even when
the numbers of apertures at the transmitter and receiver are
mismatched or irregularly arranged, or when amplitude
occlusion or phase distortions are introduced along the
propagation path, the system can still find optimal orthogo-
nal modes. This study finds the optimal communication
channel in real time without system modeling or measure-
ment, opening a new frontier for PNN applications. In
2024, Li XK et al. built a hybrid photonic computing plat-
form to directly emulate reinforcement learning (RL)
processes®, as shown in Fig. 4(b). The system computes the
similarity of 3472-dimensional atomic vectors for
perovskite synthesis tasks and accelerates Q-learning by
using similarity-based rewards, achieving efficiency
improvements of 30.6%, 12.2%, and 56.0% in benchmark
tasks and real materials design, thereby demonstrating the
feasibility and advantages of optoelectronic co-acceleration
for large-scale RL.

In 2025, Hua SY et al. proposed a truly large-scale, low-
power, high-accuracy, and integrable photonic matrix
accelerator’!, as shown in Fig. 4(c). The system comprises
three core modules: an input modulation unit (modulating
vector elements into optical signals), a matrix core (a recon-
figurable MZI mesh for multiply-accumulate operations),
and an optoelectronic detection unit (implementing
weighted optical accumulation and electrical readout). The
accelerator adopts a non-blocking reconfigurable interfero-
metric structure supporting arrays of 64 x 64 and beyond,
improving interconnect flexibility and area efficiency, and
innovatively introduces an optical-register mechanism to
avoid frequent OEO conversions. With reconfigurability,
scalability, and ease of integration, it represents an impor-
tant advance in optical computing and provides strong
hardware support for future on-chip optoelectronic hybrid
Al systems.

As application scenarios grow in complexity, hardware
architectures featuring large scale, high parallelism, and
high integration become increasingly critical for PNNs. In
2024, Dong BW et al. proposed using partially coherent
light sources to replace traditional fully coherent sources to
reduce crosstalk and boost parallel compute capability®. By
controlling the coherence length, crosstalk can be reduced
by nearly two orders of magnitude. Comparative experi-
ments using fully coherent (laser), partially coherent
(amplified spontaneous emission (ASE)/superluminescent
diode (SLD)), and incoherent (LED) sources show that
partially coherent sources maintain high accuracy even
when executing up to nine groups of parallel matrix
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multiplications. This study systematically verifies, for the
first time, that "partial coherence" is a key resource for
enhancing the parallelism and anti-crosstalk performance
of photonic computing, breaking the traditional design
paradigm that relied solely on fully coherent sources and
offering a new approach for high-precision, high-through-
put, and scalable optical computing platforms.

Parallelized IPNN

MRRs possess characteristic filtering behavior, enabling

selective transmission or suppression of specific optical
frequencies and reallocation of optical power at selected
resonances. Based on this, WDM systems composed of
MRRs can realize weight distribution and summation, and
through wavelength-channel filtering and weighting,
perform the matrix operations required for inference in
PNNGs directly in the optical domain. As a key technology in
optical communications to expand capacity, WDM likewise
accelerates photonic neural computing via wavelength-
parallel operations. The photonic "Broadcast-and-Weight"
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scheme is naturally compatible with WDM?¥, input data
and weight matrices are loaded onto different wavelength
channels via a WDM modulation array and MRR weight
bank, thereby enabling highly parallel computation. If
combined with PCMs, the programmable absorption
contrast between crystalline and amorphous states can be
exploited for weight tuning, endowing the network with
nonvolatility and self-learning ability. Compared with
coherent MZI-based architectures, MRR networks perform
matrix computation via intensity modulation with a simpler
structure, avoiding complex phase control and program-
ming algorithms and offering higher compactness and
energy efficiency in large-scale networks.

In 2023, Yin RY et al. proposed an on-chip parallel
computing scheme combining mode-division multiplexing
(MDM) with WDM?®. As shown in Fig.5(a), three TE
modes (TEo-TE;) and four wavelengths share the same bus
waveguide, and a 3 x 4 microring array performs mode
demultiplexing, elementwise multiplication, and weighted
accumulation. MRRs write weights by thermal tuning and
achieve continuously tunable 0-1 weight via on/off-reso-
nance control. By stacking orthogonal MDM and WDM
degrees of freedom and combining negative-weight
mapping with MRR weight programming, the system
achieved high parallelism, low energy consumption, and
easy on-chip integration for convolution and mode-detec-
tion tasks. In 2025, Hong SH et al. further proposed and
demonstrated a scalable parallel silicon-photonics signal-
processing chip®, as shown in Fig. 5(b). The chip integrates
two WDM-based 16-channel (de)multiplexers and 6-bit
tunable delay lines (TDLs), realizing wavelength-time inter-
leaved multiplexing. On the same hardware, it supports
multiple functions including microwave signal reception
and beamforming, reconfigurable microwave photonic
filtering, ultra-wideband arbitrary waveform generation,
and high-speed parallel optical computing, demonstrating
excellent generality and scalability.

In recent years, research on parallel PNNs has advanced
not only in structural design but also in application scope.
Beyond common digit, speech, and gesture recognition,
researchers have explored novel tasks such as emotion
recognition. In 2023, Zhao BH et al. built an on-chip inte-
grated optical neural network using a microcomb source
providing dozens of evenly spaced wavelengths together
with a thermally tuned MRR array®, as shown in Fig. 5(c).
The system realized high-accuracy optical tensor convolu-
tion and 6-class human emotion recognition. While this
scheme demonstrated the feasibility of optical convolution
for multi-class emotion recognition, its components were
still implemented discretely, which is unfavorable for
further on-chip integration and miniaturization. In the
same year, Bai et al. for the first time realized a fully inte-
grated system combining a DFB-pumped microcomb®,
electro-optic modulators (EOMs), an MRR weight array,
and on-chip delay lines, as shown in Fig. 5(d). By combin-

ing multi-wavelength parallelism from the microcomb with
programmable weight/delay control, this approach
achieved high-accuracy, calibratable WDM convolution on
chip, with recognition accuracy approaching digital imple-
mentations and setting a new record in optical core
compute density. Also in 2023, Jiang XY et al. proposed a
triangular waveguide-mesh structure®. With thermo-tuned
ring nodes, the structure solves subset-sum problems (SSPs)
by setting rings to splitting or through states and emulates
two-state discrete-time stochastic processes (SPSs) by cont-
rolling transmission. The triangular mesh is more compact,
facilitating scale-out and programmable photonic comput-
ing. In 2025, Yu X et al. proposed a triangular-like parallel
optical computing system driven by a soliton microcomb
source and an MZI network®, as shown in Fig. 5(e). The
scheme supports over 100 wavelength inputs, greatly imp-
roving optical computing parallelism and data throughput.

Previously, in 2019, Feldmann ] et al. proposed an all-
optical pulsed synaptic network architecture based on an
MRR-WDM system combined with PCMs*!, as shown in
Fig. 6(a). The system uses PCMs to control synaptic weights
and achieves optical nonlinear responses through reversible
amorphous-crystalline switching, enabling both supervised
and unsupervised learning tasks. Compared with tradi-
tional electronic approaches, optical neural networks signif-
icantly improve computational speed and energy efficiency
and are particularly suitable for high-speed, large-band-
width data processing scenarios. Subsequently, in 2021, the
Feldmann team further built an integrated photonic tensor
core on a SisNy platform®, as shown in Fig. 6(b). By
combining MRRs, WDM, and PCMs, the device performs
parallel optical convolutions on chip, achieving up to 10'?
multiply-accumulate (MAC) operations per second. Lever-
aging microcombs together with PCMs, multiple MVM
operations can be executed within a single physical device,
greatly improving computational efficiency. In 2023, Dong
BW et al. proposed a photonic radio frequency (RF) modu-
lation scheme based on PCMs and WDM?’, as shown in
Fig. 6(c), introducing an additional degree of freedom to
increase parallelism. The system achieved approximately
100x more parallel computing capacity, an improvement of
two orders of magnitude over systems relying solely on
spatial and wavelength degrees of freedom. In the same
period, Zhou W et al. developed nonvolatile, electrically
programmable multi-level PCM waveguide memory cells’’,
as shown in Fig. 6(d). Using WDM for multi-channel paral-
lel multiplication, they constructed a 2 x 2 optical convolu-
tion kernel composed of four PCM cells and demonstrated
on-chip handwritten-digit and image recognition.

In summary, parallel PNNs significantly increase on-chip
neural-compute throughput and energy efficiency by multi-
plexing across multiple degrees of freedom such as wave-
length, mode, and time. MRR-based WDM architectures,
thanks to their spectral selectivity and structural tunability,
can realize high-precision weight loading and matrix
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computation; with the introduction of PCMs, they further
gain reconfigurability and nonvolatility, enabling on-chip
self-learning. With the fusion of technologies such as
MDM, TDLs, and microcomb sources, parallel PNNs
continue to make progress in compactness, energy opti-
mization, and multi-task adaptability, achieving accuracy
close to electronic neural networks with much higher speed
in tasks such as speech recognition, emotion recognition,
image classification, and combinatorial optimization.
Although most current systems still depend on discrete
components, overall integration and interconnect effi-
ciency are steadily improving, and the trend toward fully
on-chip integration and cross-domain co-design is clear.
Continued development in this direction will provide a
solid physical and engineering foundation for the realiza-
tion of genuinely practical photonic intelligent computing.

Integrated diffractive optical neural networks

Diffractive optical neural networks (DONNs) are generally
composed of discrete diffractive optical elements contain-
ing thousands to millions of photonic neurons and inter-
connections, featuring extremely strong parallel computing
capability and ultra-low energy consumption. Three-
dimensional diffractive neural networks (3D DONNs) stack
multiple diffractive layers to realize deeper and wider
network structures, thereby enhancing model expressivity
and computational complexity. In 2018, Lin X et al. first
proposed an optical-diffraction-based deep neural network
that classified handwritten-digit images’?, demonstrating
the potential of diffractive optical computing for image
recognition. However, 3D structures involve higher design
and fabrication complexity and usually entail higher energy
and volume costs. In recent years, researchers have begun
exploring DONN migration to PIC platforms to realize
more compact and controllable on-chip integrated architec-

tures. Integrated DONNs combine the advantages of opti-
cal diffraction and deep learning and offer a viable route to
efficient, low-power photonic computing.

In the integrated diffractive systems, phase control of the
optical wave is usually implemented by dielectric metasur-
faces formed by arrays of subwavelength structures. Such
metasurfaces impose local phase shifts on fields propagat-
ing in a wide slab waveguide. In 2020, Zarei S et al. designed
an integrated DONN based on a high-contrast transmis-
sion metasurface”. The system used a subwavelength
diffractive array with a 500 nm period and 140 nm cell
width to realize one-dimensional diffraction control at a
1550 nm wavelength. In the study, the 1D metasurface was
defined as a hidden layer of the DONN, and each diffrac-
tive cell was treated as a neuron. By changing the lengths of
diffractive cells under fixed width and period, precise wave-
front control and spatial modulation of the optical field
were achieved.

In 2021, the group of Chen HW at Tsinghua University
proposed an integrated diffractive network based on a 2D
spatial electromagnetic propagation model on chip™, as
shown in Fig. 7(a). This model accurately approximates
light propagation in slab waveguides and serves as the
forward model during DONN parameter training, allowing
fast optimization of structural parameters via gradient
descent. The team also proposed a "weight-mapping
model", defining three same-size subwavelength diffractive
structures as a basic diffractive unit and treating it as the
minimum computational unit of the DONN. In 2023,
building on earlier theory, the group designed and fabri-
cated the first integrated DONN". By combining particle-
swarm optimization with experimental measurements, they
implemented online error compensation after chip packag-
ing, significantly improving system robustness and compu-
tational accuracy. In the same year, based on subwave-
length diffractive units, they designed an on-chip
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diffractive optical convolution kernel”, and further
constructed an on-chip optical convolutional neural
network, validating excellent performance in image classifi-
cation and image denoising. In addition, they proposed
using a fitting network to map learned parameters to physi-
cal structures”’; compared with traditional weight-mapping
models, this approach avoids restrictive approximations
and greatly increases the integration density of integrated
DONNs. Under the new mapping rule, an integrated
DONN can theoretically integrate about 6 x 10* computa-
tional units per square millimeter.

Besides implementations based on dielectric metasur-
faces, integrated diffractive layers can also be realized using
phase-shifter arrays and diffractive elements such as multi-
mode interferometers (MMIs). Compared with 1D meta-
surface structures, multi-port directional couplers achieve
smaller footprints between closely spaced parallel
waveguides, while in-layer phase-shifter arrays provide
reconfigurability at the cost of reducing the number of
available photonic neurons. In 2022, Zhu HH et al. demon-
strated a silicon-based scalable, fully integrated diffractive
neural network’, as shown in Fig. 7(b). The network used
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two ultra-compact diffractive units and multiple MZIs to
realize parallel Fourier transforms, convolutions, and opti-
cal computation. The compact diffractive units reduce area
and power scaling from quadratic (typical of MZI-based
PNNs) to linear with input dimension, thereby signifi-
cantly increasing on-chip compute density and energy effi-
ciency and offering a new solution for energy-efficient,
large-scale optical computing chips.

In 2024, Cheng JW et al. proposed and demonstrated a
trainable diffractive optical neural network (TDONN) chip
based on integrated diffractive optical devices’, as shown in
Fig. 7(c), addressing the difficulty of training integrated
DONNs. The TDONN chip contains an input layer, five
hidden layers, and an output layer, and requires only a
single forward pass for inference, without frequent O/E
conversions. The researchers designed customized stochas-
tic gradient descent and dropout mechanisms for photonic
neurons, enabling in-situ optical training with fast conver-
gence. The chip demonstrated high compute density (447.7
tera operations per second (TOPS)/mm?), high energy effi-
ciency (7.28 TOPS/W), and extremely low optical latency
(30.2 ps), and achieved four-class classification across
multimodal tasks (vision, audio, touch) with 85.7%
accuracy.

Unlike traditional interference computing, diffractive
computing relies on diffraction through multiple transmis-
sive or reflective layers for information processing. Each
neuron performs computation by modulating the phase or
amplitude of the optical wave, and the entire process
completes at the speed of light. This gives integrated
DONNSs significant advantages in processing speed and
energy efficiency and makes them particularly suitable for
low-latency, highly integrated application scenarios.
However, the computational capability of integrated
DONN:Ss is still constrained by current photonic integration
technology, and trade-offs among integration density,
power consumption, and compute performance remain an
important direction for future research.

Photonic reservoir computing

Photonic reservoir computing (RC) is a time-series process-
ing method inspired by biological neural networks and is
especially suitable for dynamic signals and time-dependent
tasks. Compared with traditional recurrent neural
networks, RC trains only the output layer while keeping the
reservoir fixed, which significantly simplifies training and
reduces computational overhead. In 2014, Vandoorne K et
al. performed the first experimental validation of reservoir
computing on a passive silicon-photonics chip®’, marking
the birth of photonic RC. An RC system maps input signals
into a high-dimensional nonlinear space via a dynamic,
fixed-topology "reservoir" to capture temporal dependen-
cies and complex patterns. Nonlinearity in the reservoir is
typically produced by physical nodes that rely on optical
nonlinear effects such as two-photon absorption and free-

carrier dispersion. In photonic implementations, silicon-
photonics devices such as MRRs are often used as nonlin-
ear nodes, simulating neuronal dynamics by modulating
optical phase and intensity. In 2018, Coarer FDL et al.
proposed an all-optical RC architecture using silicon MRRs
and successfully demonstrated the delayed-XOR task at 20
Gb/s with power consumption below 2.5 mW?®!, verifying
the high energy efficiency of silicon photonic RC. To
further improve scalability and compute density, the intro-
duction of "virtual nodes" has become a key path. Through
time-multiplexing and related techniques, multiple virtual
nodes can be implemented in a single physical node, reduc-
ing hardware complexity while increasing processing speed.
In 2021, Borghi et al. first proposed and validated an opti-
cal RC scheme based on a single silicon microring and
time-multiplexing®’, as shown in Fig. 8(a). The system uses
carrier nonlinearities (two-photon absorption and free-
carrier dispersion) to realize inter-node coupling and
nonlinear responses, requiring no photodetectors or active
materials and greatly simplifying the architecture.

In 2025, Donati G et al. proposed an optical-pulse
processing and reservoir-computing framework based on
silicon MRRs®, realizing a sparse and efficient spiking-style
RC. The system uses two negatively detuned modes of the
microring to inject time-series signals in parallel; when
input power exceeds a threshold, self-pulsation occurs.
Features of the Iris dataset are encoded separately in wave-
length and time, and 92% classification accuracy was
achieved. Although currently suitable mainly for relatively
simple tasks, the work provides a new idea for temporal
feature encoding in photonic RC. In the same year, Lugnan
A et al. combined the volatile nonlinear dynamics of MRRs
with the nonvolatile storage characteristics of PCMs to
construct an adaptive photonic dynamical system®, as
shown in Fig. 8(b). Using a hierarchical MRR-PCM array
together with a lightweight logistic-regression-based train-
ing algorithm (no backpropagation), the system reached
98.2% accuracy on MNIST handwritten-digit recognition.
The system is highly compact and robust and can be scaled
to larger problems via multi-wavelength expansion. The
team subsequently proposed a multi-node optical reservoir
with 64 silicon MRRs®. This architecture can learn and
infer the timing and rate of single-pulse inputs and can still
respond correctly long after the input excitation has ended,
significantly extending the memory timescale of photonic
RC and showing potential for complex dynamic signal
processing.

In 2024, Wang DL et al. proposed and experimentally
demonstrated a silicon-photonics RC chip based on next-
generation reservoir computing (NG-RC)*, as shown in
Fig. 8(c). The chip uses delay lines and star couplers to
build a feed-forward reservoir layer and trains the output
layer via linear regression, requiring neither the recurrent
feedback nor strong nonlinear nodes on which traditional
RC relies. Experiments showed an information-processing
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rate exceeding 60 GHz, an equivalent compute throughput
of about 211 TOPS, a total power of 5.1 W, and an energy
efficiency of about 41 TOPS/W, significantly breaking
bandwidth and scalability limits.

Overall, photonic RC has demonstrated excellent perfor-
mance across a variety of temporal tasks. Applications
include time-series classification, signal prediction, and
nonlinear equalization in optical communications. In classi-
fication, RC effectively handles complex time-series data
such as speech recognition and handwritten-digit recogni-
tion; in prediction, it models temporal dependencies for
high-accuracy forecasting; and in optical communications,
RC compensates nonlinear distortions caused by transmis-
sion, significantly improving system performance. These
results demonstrate the great potential of photonic reser-
voir computing for high-speed, energy-efficient intelligent
processing and lay a solid foundation for future ultrafast,
low-power photonic neural-computing architectures.

Prospect

As Al compute demand continues to grow, traditional elec-
tronic architectures are increasingly constrained by band-
width, latency, and power consumption. Photonic neural
networks, especially IPNNs, with ultrahigh processing
speed, low power, and high-bandwidth parallelism, are
becoming a key direction for next-generation intelligent
computing. Leveraging the massless, high-speed, and
charge-free nature of light, IPNNs exhibit significant

advantages for large-scale matrix multiplication. By opti-
mizing key photonic structures such as MRRs, MZIs, and
PCMs, high-density, low-power neural computing can be
achieved. IPNNs have already shown strong performance in
tasks such as image recognition, speech processing, natural
language processing, and scientific computing; several stud-
ies have realized optical convolutions, image filtering, and
eigenvalue computation, indicating the potential to transi-
tion from proof-of-concept to practical deployment. In
particular, for inference tasks such as classification and
recognition, their low latency and high throughput provide
real-time capability suitable for edge computing,
autonomous driving, and intelligent sensing.
Optoelectronic hybrid integration is regarded as a key
technological route to practical neuromorphic photonic
computing. While all-optical schemes offer advantages in
energy efficiency and parallelism, they still rely on electrical
functions for nonlinear activation, storage, and detection.
In 2021, Shastri BJ et al. proposed a system-level packaged
neuromorphic photonic processor'!, as shown in Fig. 9(a).
The processor combines advanced PICs, co-integrated elec-
tronics, and commercial packaging technology. A reconfig-
urable photonic neural network is integrated on a silicon
PIC, and nonvolatile optical storage uses PCM devices for
analog weight tuning. External light sources can be coupled
to silicon photonic circuits via fiber coupling, photonic
bonding, or modular connections to laser chips. In virtu-
ally all brain-inspired photonic architectures, electronic
circuitry remains indispensable for network calibration,
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signal modulation, and feedback control. Therefore, deeply
fusing photonics and electronics to construct hybrid
photonic processors is considered the optimal path to high-
performance neuromorphic computing. In this architec-
ture, a CMOS application-specific integrated circuit (ASIC)
is flip-chip bonded to the silicon PIC to drive EO devices,
configure the photonic network, and provide digital-to-
analogue converter (DAC)/analogue-to-digital converter
(ADC) interfaces for instruction execution and signal feed-
back control.

Overall, integrated neuromorphic photonic processors
represent a new form of hardware realization for neural
networks. This progress has been enabled by high-perfor-
mance photonic integrated chips, advanced packaging, and
algorithmic methodologies tailored for training photonic
networks. After decades of sustained research, multiple
photonic neuron models, photonic memristors, network
architectures, and training strategies have emerged, some of
which show significant potential for building neuromor-
phic processors with high throughput, high density, and
high energy efficiency. For practical deployment, achieving

co-packaging and modular real-time integration of optics,
electronics, and sources remains a key challenge for
commercialization of IPNNs.

In addition to optoelectronic hybrid integration, diffrac-
tive-interferometric hybrid architectures have also become
an emerging direction for IPNNs. In 2024, Xu ZH et al.
proposed a large-scale photonic chipset system named
Taichi®, as shown in Fig. 9(b), designed for energy-effi-
cient artificial general intelligence tasks. Taichi adopts a
diffractive-interferometric hybrid architecture with distrib-
uted shallow structures, modular chipset design, and task
decomposition/aggregation. The system consists of multi-
ple photonic computing units (tunable execution units,
TEUs), each including a diffractive encoder, an interfero-
metric embedding layer (MZI), and a diffractive decoder.
Complex tasks are decomposed into multiple binary
subtasks; each path completes a local decision, and the
results are then encoded and combined to form the final
output. Experiments show that Taichi can execute classifi-
cation with up to 1000 classes and achieves energy effi-
ciency up to 160 TOPS/W for content-generation tasks.
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In the future, by integrating lasers, modulators, and
photodetectors, a fully packaged system can be realized; by
combining direct laser writing (DLW) and PCM technol-
ogy, fully programmable weight control can be achieved.
Taichi's distributed approach is compatible with existing
PIC architectures and is expected to further enhance system
flexibility and general-purpose computing capability. This
architecture breaks through current bottlenecks of photonic
neural networks in scale, energy efficiency, and functional-
ity, achieving accuracy close to electronic systems for classi-
fication and content generation while delivering order-of-
magnitude gains in energy efficiency, thereby demonstrat-
ing the practical potential of optical computing beyond the
laboratory.

Furthermore, compared to the two-dimensional diffrac-
tion neural network, the three-dimensional diffraction
neural network offers higher network density and computa-
tional power. Our research group, Yu HY et al, has already
developed a 3D diffraction optical neural network using
three-dimensional two-photon nanolithography technol-
ogy*. In the future, the 3D diffraction optical neural
network can be vertically integrated onto PIC to form a 3D
hybrid integrated architecture. Compared to the 2D diffrac-
tive-interferometric hybrid architecture like Taichi, the 3D-
integrated hybrid architecture further improves the
network density of diffractive computing, push the IPNN
towards high density, high efficiency and high spatial paral-
lelism, without sacrificing its advantages in high speed and
programmability.

At present, most photonic neural chips are still designed
for specific tasks and lack generality. Looking forward,
developing low-cost, highly programmable, general-
purpose photonic chips is of great significance. In 2024, Dai
TX et al. developed a fully programmable topological
photonic chip on a silicon-photonics platform®, as shown
in Fig. 9(c). The chip treats microring resonators as "artifi-
cial atoms" and uses tunable MZIs as "inter-atomic interac-
tions", enabling independent control of coupling strength
and phase for each "atom". As a result, various topological
optical lattices and operating points can be rapidly reconfig-
ured on the same chip, allowing direct observation and
verification of different topological phenomena.

Compared with traditional “one-off custom" samples,
this type of chip functions as a reprogrammable hardware
carrier, supporting phase-transition control, statistical-
physics studies, and prototyping of different topological
lattices on a single device. With advances in large-scale
optoelectronic packaging and silicon-based heterogeneous
integration, such platforms are expected to support more
complex fundamental studies (e.g., disordered, inhomoge-
neous, and anisotropic systems) and to serve as robust opti-
cal hardware modules for classical and quantum informa-
tion processing.

In summary, integrated optical neural networks repre-
sent a cutting-edge path to overcoming the bottlenecks of

traditional electronic computing and show great potential
in computational density, energy efficiency, and multi-task
processing capability. Although current systems still face
challenges in nonlinear devices, memory mechanisms, and
system integration complexity, continued developments in
optoelectronic hybrid integration, diffractive-interferomet-
ric hybrid architectures, and general-purpose programmable
photonic platforms are expected to enable IPNNs with large
scale, low power, and high programmability, providing a
solid foundation for the next generation of intelligent
computing hardware.
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