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Abstract: Optogenetic experiments in vivo face fundamental limitations in real-time optical stim-
ulation and biophotonic signal processing, constraining the efficiency and adaptability of neural cir-
cuit interrogation. This review establishes how photonic neuromorphic systems, operating at ultrafast
speeds and with high energy efficiency, can overcome these barriers by forming a closed-loop opti-
cally driven interface with neural tissue. We present a comprehensive analysis of mathematical and
computational models that describe neural dynamics in optical neuromorphic devices, bridging clas-
sical neuronal frameworks with optogenetic control paradigms. Emphasis is placed on how nonlinear
dynamical modeling and data-driven approaches enable the design of photonic neurons and synapses
capable of seamless integration with tapered fibers, fiber photometry, and computational optical control
systems. Such integration allows real-time signal processing and adaptive feedback within optogenetic
experiments, thereby enhancing precision and bidirectionality in living neural circuit interactions. By
converging mathematical theory, photonic hardware, and neurobiology, this work provides a roadmap
for next-generation neural interfaces that leverage optical neuromorphic computing to advance both
intelligent neuroengineering and biomedical diagnostics.
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1. Introduction

The integration of optogenetics with mathematical modeling has established a new paradigm for
analyzing and emulating neural computation. By enabling precise spatiotemporal control of neuronal
activity in vivo through targeted photostimulation, optogenetics has revolutionized neuroscience [1-4].
This technique, which involves the genetic introduction of light-sensitive proteins, allows for the se-
lective activation or inhibition of specific neurons and large ensembles [5—7]. It has become an indis-
pensable tool for probing neural information processing and for developing novel therapeutic strategies
for neurological disorders [8,9]. Furthermore, when combined with simultaneous electrophysiological
recording, targeted photostimulation has made optogenetics a cornerstone methodology for dissecting
neural circuits, elucidating brain organization, and linking population dynamics to behavior [10-13].
The resulting high-precision, multimodal data now demands advanced mathematical frameworks capa-
ble of accurately modeling these controlled dynamics to bridge biological experiments with theoretical
understanding.

Mathematical models that capture the effects of optical stimulation on neuronal dynamics serve a
dual purpose: they advance our understanding of the underlying biophysics while providing a founda-
tion for designing neuromorphic systems that exploit optical nonlinearities. Such modeling is particu-
larly powerful for analyzing nonlinear phenomena like bifurcations, synchronization, and multistability
in neural systems [14, 15]. Even reduced oscillator-based descriptions, such as the FitzHugh—Nagumo
(FHN) [16,17] and Hindmarsh—Rose (HR) [18] models, have proven effective in identifying key mech-
anisms of excitability and predicting neuronal responses to optical inputs. These models form a con-
ceptual bridge between biological experiments and computational realizations, facilitating the design
of photonic hardware that mimics neuronal dynamics.

Foundational works on neuromorphic modeling and neural circuit theory [19-21] established the
principles of biologically grounded computation, from ion-channel kinetics to network-level behavior.
Mathematical frameworks for neuronal dynamics [22] and multistability in biological systems [15] pro-
vided the theoretical basis for implementing realistic neural models in photonic and memristive hard-
ware. Recent advances in computational neurology [23] further demonstrate the necessity of bridging
biological realism with engineering constraints when designing neuromodulation devices. In this con-
text, the control-oriented framework proposed by Martinez et al. [24,25] formulates single-neuron and
population-level models explicitly as nonlinear dynamical systems amenable to closed-loop control,
highlighting observability, controllability, and model reduction as key prerequisites for feedback-based
neuromodulation.

This control perspective is critical because traditional optogenetic systems often rely on prede-
termined, open-loop stimulation protocols, which limits their therapeutic efficacy and experimental
precision. A paradigm shift toward closed-loop control requires real-time processing of neural activ-
ity to generate adaptive, activity-dependent stimulation. Here, neuromorphic photonic devices offer a
compelling solution by enabling computation with sub-millisecond latency and minimal power con-
sumption directly in the optical domain. Their integration with neural interface tools, such as tapered
fibers for stimulation and fiber photometry for readout, can create a fully optical, adaptive control
system [26,27]. This computational optical control is essential for applications requiring continuous
adaptation to brain state, such as seizure suppression or the restoration of sensorimotor function.

The limitations of conventional electronic architectures further motivate the development of optical

Mathematical Biosciences and Engineering Volume 23, Issue 4, 940-986.



942

neuromorphic platforms. In von Neumann computers, the separation between processing and memory
units introduces latency and energy inefficiency at high operating speeds. Electronic circuits also
struggle to match the ultrafast intrinsic response of optical components, a critical bottleneck for real-
time biosignal processing. Physical scalability presents another challenge, as interconnect density
restricts the construction of large-scale neural networks [28,29]. Optical systems, by contrast, naturally
support high-bandwidth, low-latency, and energy-efficient parallel computation, making them ideally
suited for implementing the neural models inspired by optogenetic principles. This convergence of
optogenetics, mathematical theory, and photonic hardware paves the way for a new generation of
intelligent, bidirectional interfaces with the brain.

This convergence is being driven by parallel advances in device technologies and their theoretical
underpinnings. Foundational reviews have charted the landscape of neuromorphic photonics, from
individual devices to full system architectures. Ferreira de Lima et al. [30] and Shastri et al. [31]
surveyed the development of photonic neurons and synaptic devices, demonstrating operation at GHz
speeds and energy efficiencies approaching 1 fJ/bit [32]. Fu et al. [33] provided a systematic anal-
ysis of optical neural networks, highlighting their inherent advantages in parallelism and throughput
while identifying key challenges in thermal stability and the physical implementation of nonlinear
activation functions. Complementary work by Song et al. [34] further emphasized scalability limi-
tations and the pragmatic necessity for hybrid optoelectronic solutions. In parallel, researchers have
explored memristive devices, where Yang et al. [35] and Huo et al. [36] detailed how ion-drift dy-
namics and phase transitions can be engineered to naturally exhibit spiking behavior and short-term
memory, providing a distinct physical pathway to brain-inspired computation. Sun et al. [37] further
reviewed architectures that leverage such devices for highly parallel, low-power processing. Mean-
while, at the bio-hybrid frontier, George et al. [38] demonstrated synaptic plasticity in systems that
directly couple living neurons with electronic chips, blurring the line between biological and artificial
computation. The neurophotonics community has concurrently developed a sophisticated toolkit for
interrogation, with comprehensive surveys cataloging optogenetic actuators, including uLEDs, upcon-
version nanoparticles, and minimally invasive delivery methods, primarily as experimental techniques
for dissecting neural circuits [39—41].

Despite this remarkable progress, a perceptible division persists in the literature. Work on photonic
neural networks [30-34] is often oriented toward high-speed machine-learning computation, while
research on memristive systems [35-37] focuses on analog in-memory computing and reservoir archi-
tectures. Both streams, however, frequently treat the mathematical description of device dynamics as
a secondary concern rather than a primary design language. Consequently, three critical gaps remain
at their intersection with neural engineering. First, existing reviews tend to prioritize device physics
or computational performance, lacking a systematic treatment of the mathematical models, such as
nonlinear rate equations and bifurcation analyses, that intrinsically connect photonic dynamics to the
fundamental phenomena of neuronal excitability. Second, although optogenetics is extensively sur-
veyed as a neuroscientific tool, the explicit integration of channelrhodopsin kinetics with the dynam-
ical models of photonic neurons remains underexplored, creating a barrier to designing biophysically
grounded, closed-loop interfaces. Third, prior work often addresses neuromorphic computing and bi-
ological neural systems in separate silos, without a unified framework for platforms that use photonic
processing to directly control or emulate living neural circuits in real time.

This disconnect is becoming increasingly consequential. The 2025 neurotechnology roadmap ex-
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plicitly calls for a transition from viewing optogenetics merely as an experimental methodology to-
ward embracing it as a foundational principle for designing next-generation therapeutic neuroprosthe-
ses [42]. We argue that achieving this transition demands a deliberate multidisciplinary synthesis. It
requires unifying the biophysics of light-neuron interactions, the engineering of photonic computing
architectures [31,33], the nonlinear dynamics of memristive and optical systems [39], and the biologi-
cal mechanisms of neural plasticity [38]. This review is positioned at this nexus, aiming to provide the
missing integrative perspective by foregrounding mathematical modeling as the essential linchpin.

From an implementation perspective, photonic neuromorphic—optogenetic platforms can be viewed
as a layered design flow progressing from elementary photonic building blocks toward system-level
closed-loop operation. At the device level, this includes photonic neuron elements (e.g., microring
resonators, passive microcavities, FP-SA lasers, VCSELs) and tunable weighting components (e.g.,
MZI meshes, resonator-based weights, or phase-change elements). These blocks are assembled into
circuit-level primitives supporting weighted summation, nonlinear activation, and delay/feedback. At
the subsystem level, wavelength-division multiplexing, fan-in/fan-out networks, and synchronization
circuitry enables scalable neuromorphic processing. System-level integration combines the photonic
processor with optical readout from neural tissue and programmable stimulation delivery. Finally,
biological interfacing closes the loop by mapping measured neural states to stimulation waveforms,
enabling adaptive optogenetic control.

Guided by this layered design flow, we introduce an experimental and technological roadmap (Fig-
ure 1) that translates these conceptual layers into a sequence of implementable stages. The roadmap
systematically bridges the gap between foundational photonic components, scalable network imple-
mentations, and the feedback control required for adaptive bio-interfaces. This progression from iso-
lated devices (a) to fully integrated systems (b) and closed-loop control architectures (c) demonstrates
how photonic neuromorphic principles can be scaled to address the low-latency, high-bandwidth de-
mands of real-time neural interfacing. Consequently, this integrative approach enables the development
of targeted applications (d) that leverage photonic speed and parallelism for therapeutic and prosthetic
interventions.

To this end, this review synthesizes rigorous mathematical models of computation with scalable
photonic implementations to chart a systematic path toward intelligent, closed-loop neural interfaces.
Our discussion is structured around three core, interdependent pillars:

e Mathematical modeling of photonic neurons: We analyze the dynamical systems—f{rom passive
microresonators to active laser oscillators—that replicate neuronal excitability, spiking, and re-
fractory periods (Section 2).

e Dynamics and plasticity in optical synapses: We examine photonic and optoelectronic devices
that implement synaptic weighting, filtering, and learning, discussing how their inherent dynamics
often blur the classical neuron—synapse distinction (Section 3).

e Architectures for network-level computation: We review integrated photonic networks, highlight-
ing how inter-component coupling, feedback, and system-level stability enable complex, brain-
inspired computation (Section 4).

A control-theoretic perspective is woven throughout, as the envisioned optogenetic platforms are
fundamentally feedback systems. Their behavior must therefore be interpreted through principles
of nonlinear dynamics, stability, and sensitivity to parameter variations. This modeling foundation
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Figure 1. An experimental roadmap for photonic neuromorphic—optogenetic systems. The
progression from fundamental optoelectronic components (a) to integrated photonic net-
works (b) and finally to closed-loop bio-integrated control systems (c) charts a path toward
real-world biomedical applications (d). This visual synthesis aligns with the layered design

flow discussed in the text.

supports a dedicated discussion on optogenetic interfacing, where we integrate channelrhodopsin ki-
netics with photonic neuron models and frame the hybrid photonic—biological system as a controlled
dynamical entity. The synthesis culminates in a conceptual blueprint for closed-loop neuromorphic—
optogenetic platforms, directly informing the translational roadmap presented earlier. By foreground-
ing mathematical coherence, this review aims to bridge disparate device-centric literatures and estab-
lish a principled foundation for the next generation of neural prostheses and brain-inspired computing

architectures.

Mathematical Biosciences and Engineering

Volume 23, Issue 4, 940-986.



945

2. Modeling photonic neurons: From microresonators to laser spikers

The implementation of neuronal excitability in photonic hardware relies on translating key dy-
namical features—threshold behavior, pulse generation, and a refractory period—into optical domain
processes. Three primary device architectures exemplify this translation, each with distinct physical
mechanisms and corresponding mathematical models:

e Passive microresonators: These cavities, lacking optical gain, leverage nonlinear Kerr effects or
thermo-optic shifts to produce threshold-like activation and spike-shaped transmission.

e Fabry—Pérot lasers with saturable absorbers (FP-SA): This class of active neurons generates all-
or-nothing optical spikes via a regenerative process of gain, absorption, and sudden energy re-
lease, closely mimicking biological action potentials.

e Microring resonators: Often used in coupled configurations, these versatile components provide
essential signal processing functions such as temporal summation, filtering, and tunable delay,
which are crucial for network integration.

Figure 2 illustrates representative configurations. Panels (a), (c), and (d) depict photonic neurons
based on passive microresonators. These structures function as nonlinear filters or modulators, where
spike-like responses emerge from resonance shifts induced by input power. Their compatibility with
standard photonic integration platforms makes them attractive for scalable circuits. In contrast, the
device in panel (b) represents the FP-SA laser, a fundamentally different, active architecture. Its spiking
is an intrinsic oscillatory instability. When pump power exceeds a critical threshold, the coupled gain-
absorber dynamics undergo a rapid, self-terminated transition, emitting a discrete optical pulse. This
mechanism enables it to operate as a self-contained spike generator.

In the rest of this section, we survey the mathematical models that describe these systems, exam-
ining their characteristic dynamics, comparing their implementations, and assessing their roles within
larger photonic networks.

2.1. Photonic passive microcavity neurons

Passive microcavity neurons emulate the core computational function of a biological neuron: the
thresholded integration of incoming signals. These devices transduce a sustained or pulsed optical
input into a discrete, spike-like optical output, effectively performing nonlinear filtering that mirrors
neuronal excitability.

In a standard implementation, an optical input signal, typically in the 1310-1550 nm telecom range,
is delivered via a waveguide to a passive, nonlinear microresonator. The resonator temporally integrates
the input energy. Only when the accumulated intensity within the cavity surpasses a nonlinear threshold
does the system undergo a rapid transition, emitting a sharp output pulse. This process is exemplified
in architectures such as a vertical resonator formed by a rectangular protrusion: the input signal (often
rectangular pulses with durations up to 1 ns, power levels of 1-10 mW, and repetition rates from kHz
to 100 MHz) is filtered; upon exceeding a critical power, the resonator is excited and releases a distinct
output spike, thereby converting a sub-threshold drive into a super-threshold, neuron-like response.

The dynamical behavior of a passive microcavity neuron is governed by a nonlinear differential
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Figure 2. Representative architectures of photonic neurons. (a) A passive microresonator
implementing threshold-like nonlinear filtering. (b) A Fabry—Pérot laser with a saturable
absorber (FP-SA), functioning as an active spiking source. (c) A side-coupled and (d) an
over-coupled microring resonator, enabling temporal summation and signal delay.

equation that serves as its computational core [43]:

Cil—? = (—y + iAw + ikIAP)A + Vv S (D), 2.1
where A(?) is the complex intracavity field amplitude, y represents the total energy loss rate, Aw denotes
the frequency detuning between the input signal and the cavity resonance, k is the nonlinear Kerr
coeflicient, S;,(¢) is the input optical field, and v € [0, 1] quantifies the coupling efficiency between the
waveguide and the resonator. This modeling framework is applicable to common integrated photonic
platforms, including silicon (Si) and silicon nitride (SiN) [44].

In this formulation, A(#) functions as the photonic analogue of a neuronal membrane potential,
while its squared magnitude |A(7)]> corresponds to the measurable output intensity. The individual
terms have clear physical and functional interpretations: —yA models cavity losses, iAwA introduces
a detuning-induced phase shift, and ik|A|*A captures the intensity-dependent Kerr nonlinearity essen-
tial for threshold behavior. The driving term +/vS;,(¢) injects the external optical field, with v being
determined by the resonator—waveguide interface geometry.

The system exhibits a sharp threshold response characteristic of neuronal excitability. For sub-
threshold input intensities, the intracavity field remains in a low-energy, quiescent state, as nonlinear
effects are negligible. However, when S;,(7) delivers sufficient energy within a short temporal window,
the Kerr term ik|A|*A induces a dynamic shift of the cavity resonance. This initiates a positive feedback
loop: the shifted resonance aligns more closely with the input frequency, enhancing energy coupling
into the cavity, which in turn further amplifies the resonance shift. This regenerative process triggers
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a rapid, nonlinear buildup of the intracavity field, culminating in the abrupt emission of a spike-like
output pulse. Following emission, cavity energy is depleted, and the system resets to equilibrium,
thereby emulating the refractory period of a biological neuron.

Thus, the passive microcavity neuron acts as a nonlinear temporal integrator with a precise all-or-
nothing activation mechanism. Its compact, all-photonic design and inherent compatibility with com-
plementary metal-oxide-semiconductor (CMOS) fabrication processes establish it as a foundational
building block for scalable photonic neuromorphic computing systems.

The theoretical framework of Eq. (2.1) has been progressively validated and refined through a series
of landmark experimental and conceptual studies. This journey from foundational theory to system-
level integration highlights the maturation of passive microcavities as versatile neuromorphic compo-
nents. The vision for compact, energy-efficient photonic neurons was articulated early by Vahala [45],
who described how microcavities with dimensions of ~ 10 um could generate ultrafast optical pulses (a
few nanoseconds in width) with minimal energy. This conceptual framework established the promise
of using strong light—matter interactions in confined geometries to build scalable, high-speed optical
neural networks directly on silicon platforms.

A pivotal experimental milestone was achieved by Xiang et al. [46], who demonstrated the first
fully passive photonic neuron using a side-coupled microring resonator. Their design exploited in-
trinsic nonlinearities—two-photon absorption, free-carrier generation, and thermal effects—to achieve
thresholded excitation without active gain elements. This purely passive approach yielded nanosecond-
scale spiking with sub-10 uW power consumption, marking a significant advance in simplicity, energy
efficiency, and CMOS compatibility. Concurrently, Yang et al. [47] proposed a compact (~ 10 um),
ultrafast (spike width ~4 ns) neuron design, further cementing the feasibility of integrating such ele-
ments into scalable silicon photonic circuits. The computational role of these devices was expanded
beyond simple thresholding by Donati’s monograph [48], which analyzed how nonlinear microring
resonators can be harnessed for temporal data processing and spike generation, positioning them as
versatile dynamical systems for analog computation and information encoding.

Subsequent research has explored more complex computational paradigms enabled by these de-
vices. Castro et al. [49] systematically investigated how microresonator nonlinearities, cavity losses,
and quality factor influence performance in reservoir computing, establishing a direct quantitative link
between photonic device parameters and machine learning metrics such as state-space richness and
computational capacity. The integration of silicon microring resonators into diverse architectures was
further advanced by Biasi et al. [50], who demonstrated their utility across multiple computational
paradigms, including feedforward networks, spiking models, and reservoir computing, highlighting
their role as universal, reconfigurable building blocks for hybrid electronic—photonic platforms.

A critical consideration for the real-world deployment of these neurons, particularly within closed-
loop systems, is their behavior in feedback configurations. In practice, passive microcavities are often
embedded within optical or optoelectronic feedback loops, where small variations in detuning or cavity
losses can significantly impact system stability and spike reproducibility. This sensitivity underscores
the importance of the control-theoretic perspective highlighted earlier, linking device physics directly
to requirements for robust, adaptive operation.

Collectively, these works trace the evolution of microring-based neurons from a compelling theo-
retical concept to a technologically mature and versatile platform for neuromorphic computing. From
Vahala’s initial vision and Xiang’s passive implementation to their current role in complex compu-
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tational architectures, this body of work demonstrates a clear pathway toward their integration into
next-generation, closed-loop photonic processing systems.

2.2. Photonic neuron based on microring resonators

Building upon the foundational work discussed above, the microring resonator has emerged as a
particularly mature and versatile platform for neuromorphic photonics, combining a compact footprint,
CMOS compatibility, and rich nonlinear dynamics. In a typical operating regime, an optical signal,
comprising a train of rectangular pulses with durations up to 1 ns, power of 40—60 W, repetition rates
from 1 to 10 MHz, and a wavelength near 1550 nm, is delivered to an input waveguide coupled to the
resonator. The resonant circulation of light within the ring enables energy accumulation over multiple
round trips. This process enhances the intracavity field until a nonlinear threshold is crossed, triggering
the emission of a short optical spike at the output [51].

Two primary architectural configurations enable this neuron-like behavior. The first is the side-
coupled configuration, where the microring is positioned adjacent to a straight waveguide. This ge-
ometry allows resonant coupling for spectral filtering, temporal summation, and signal delay. As a
photonic neuron, it operates by integrating input energy until nonlinear phase shifts, driven by the
accumulated intracavity power, precipitate a spike-like response.

The second approach utilizes vertical (overlaid) coupling, where the microring is fabricated di-
rectly above the bus waveguide. This 3D integration strategy enhances mode overlap and feedback
strength, yielding a more compact and efficient device. Vertical coupling has been shown to facilitate
stronger nonlinear interactions, self-oscillations, and robust threshold excitation, thereby expanding
the repertoire of achievable neuronal dynamics.

Critically, both configurations inherently implement a biological integrate-and-fire mechanism
paired with a refractory period, as detailed by Ye et al. [52]. The recirculation of light in the resonator
provides temporal integration, while nonlinearities (e.g., the Kerr effect or free-carrier dispersion) in-
duce dynamic resonance shifts. When the intracavity intensity reaches a threshold, this shift aligns the
cavity resonance with the input wavelength, triggering a positive feedback loop that results in a sharp
output spike. Following the spike, energy depletion and the subsequent relaxation of the cavity back to
its equilibrium state mimic the neuronal refractory period. Under sustained input, this cycle produces
repetitive spike trains that closely emulate the firing patterns of biological action potentials.

The experimental validation of the theoretical integrate-and-fire dynamics in microring resonators
represents a cornerstone in the development of photonic neurons. A seminal demonstration by Shen
et al. [53] implemented a silicon-based photonic neuron that utilized a microring resonator to produce
a sharp, threshold-like transfer function, thereby closely emulating the input—output characteristics of
biological neurons. The device successfully reproduced several fundamental neural behaviors:

o [Intensity threshold: Activation occurred exclusively when the intracavity power accumulated be-
yond a critical level.

o Spike-like output: The system emitted sharp, well-defined optical pulses that captured the all-or-
nothing character of biological action potentials.

e Temporal integration: The resonator effectively summed energy from consecutive sub-threshold
input pulses, producing a spike only when the integrated energy exceeded the firing threshold.

These neuron-like properties arise directly from the physical interplay among resonant transmission,
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intracavity field buildup, and inherent material nonlinearities in silicon, such as the Kerr effect and free-
carrier dispersion. The significance of this work is further underscored by the platform’s full CMOS
compatibility, positioning silicon microring resonators as highly promising candidates for large-scale
neuromorphic integration, where compactness, scalability, and fabrication maturity are critical.

The dynamics of microring neurons are captured by an extension of the general nonlinear cavity
model (Eq. (2.1)), which incorporates a feedback mechanism intrinsic to the ring geometry:

A
Ci’_t = (—y + iAw + ikJAIDA + VS (1) + aA(t — T¢), (2.2)

where « is the feedback strength, and 7, is the roundtrip delay. This delayed feedback, arising from
multiple roundtrips of light, enriches the system’s dynamics by introducing recurrence and memory.

Unlike linear Fabry—Pérot microresonators, microring resonators enable multiple roundtrips of
light, introducing temporal delays and cumulative phase effects that enrich their dynamic behavior.
These features give rise to recurrence relations in the intracavity field, where each roundtrip’s output
depends on the evolving history of previous circulations. Such memory effects are fundamental to
generating spikes, performing temporal summation, and achieving short-term dynamical storage, es-
tablishing microring resonators as versatile core elements for photonic spiking neural networks and
reservoir computing architectures.

From a neurobiological perspective, the delayed feedback and resonance memory inherent to mi-
croring resonator neurons enable the emulation of complex neuronal behaviors, including temporal
summation, self-excitation, spike adaptation, and refractory recovery, key hallmarks of biological spik-
ing neurons. Unlike simpler passive resonators, microring-based neurons possess intrinsic memory due
to optical feedback loops and non-instantaneous carrier dynamics, allowing them to replicate realistic
spiking behavior with high fidelity. Consequently, microrings function not only as efficient nonlinear
optical components but also as functional analogues of living neurons. Threshold photonic neurons
based on microring resonators integrate ultrafast response times, low energy consumption, high inte-
gration density, and intrinsic optical nonlinearity. These properties make them promising candidates
for neuromorphic photonic accelerators targeting real-time signal processing, temporal sequence learn-
ing, and pattern recognition, applications that leverage fast nonlinear dynamics and spike-based coding
directly in hardware.

Recent experimental work has highlighted these capabilities. For instance, Yuan et al. [54] inves-
tigated passive microring resonators fabricated on a silicon-on-insulator (SOI) platform, with a reso-
nance wavelength of 1552.77 nm, and revealed neuron-like self-oscillatory regimes. These oscillations
arise from the interplay of two-photon absorption, free-carrier effects, and thermally induced resonance
shifts, resulting in stable self-pulsations with a period of approximately 120 ns. Notably, the oscillation
period is highly sensitive to resonance detuning (64), but only weakly dependent on input power. Fur-
thermore, the authors demonstrated synchronization of multiple microrings via mutual coupling and
cascaded delayed feedback. By using spike-timing mean squared error (MSE) as a synchronization
metric, they achieved sub-nanosecond precision (MSE < 1076 for 61 € (0.002,0.01) nm and feedback
delay 7, = 2 ns), establishing the feasibility of networked microring neurons for reservoir computing
and large-scale spiking networks in CMOS-compatible platforms.

Building on this foundation, Xiang et al. [55] extended microring-based neurons to computationally
relevant tasks. They proposed and experimentally demonstrated photonic pulse-based convolution for
feature extraction, integrated into a hybrid spiking convolutional neural network (SCNN). Their system
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achieved 94.1% classification accuracy on the Modified National Institute of Standards and Technology
(MNIST) benchmark, demonstrating the potential of microring-based neurons for machine learning.
To further highlight energy efficiency and scalability, they implemented a 5 X 4 photonic spiking neural
network capable of pattern recognition tasks using ultralow-power spike-based processing.

In parallel, Tamura et al. [56] reported a CMOS-compatible photonic neuron architecture utiliz-
ing optical feedback in an electrically tunable microring modulator with a p—n junction. The system
undergoes a subcritical Andronov—Hopf bifurcation, providing a versatile mechanism for switching
between excitable and oscillatory regimes. The neuron’s output is highly sensitive to both the ampli-
tude and timing of input pulses, underscoring its suitability for time-domain information processing
and temporal coding in neuromorphic circuits.

At the network level, Xu et al. [57] studied architectures for large-scale silicon photonic neural net-
works built from arrays of microring resonators. They focused on practical scalability challenges, such
as wavelength variability, fabrication tolerances, and thermal cross-talk. The authors analyzed how
deviations in resonance wavelengths (1) propagate through the network and proposed compensation
strategies to maintain performance in large integrated systems. This work provides critical insights
into the feasibility of deploying microring-based neurons in densely integrated, chip-scale neuromor-
phic platforms.

Collectively, these studies highlight the versatility of microring resonators for neuromorphic pho-
tonics. Through their combination of nonlinear thresholding, temporal integration, self-oscillation,
and synchronization, they emulate a wide range of neuronal behaviors while remaining fully compat-
ible with silicon photonics technology. These advances pave the way toward scalable, ultrafast, and
energy-efficient optical neural networks, bridging the gap between biologically inspired computation
and practical photonic hardware.

2.3. Fabry-Pérot saturable absorber laser neuron

The Fabry—Pérot saturable absorber (FP-SA) laser represents a prominent class of active photonic
neurons, integrating a Fabry—Pérot resonator with a saturable absorber (SA) to achieve biologically
inspired spiking dynamics. In this configuration (Figure 2(c,d)), the device is excited with an optical
input, i.e., typically rectangular pulses up to 1 ns in duration, 40-60 uW in power, at repetition rates of
1-10 MHz, and near 1550 nm, aligning with the dominant longitudinal mode of the cavity. Initially, at
low intensities, the saturable absorber prevents transmission, effectively gating the optical signal. Once
sufficient energy accumulates, the absorber saturates, leading to a rapid increase in transmission and
the emission of a short, spike-like optical pulse, with a threshold energy on the order of 48 pJ. This
mechanism inherently implements an “integrate-and-fire” response, complete with a refractory period,
closely mirroring the activation and recovery cycle of a biological neuron.

The dynamics of an FP-SA neuron are typically described by a reduced two-variable rate-equation

model:

dl dN N
— =[gN - () —v] 1, —— =P - ——-gNI, (2.3)
dl dt N

where [ is the intracavity intensity, N is the carrier density in the gain section, Q(/) is the intensity-
dependent saturable absorption, P is the pumping rate, y accounts for cavity losses, gy is the differential
gain coefficient, and 7y is the carrier lifetime. This framework captures the core nonlinear processes:
temporal integration, threshold activation, spike emission, and post-spike recovery. Unlike passive mi-
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croresonator neurons, which rely on amplitude and phase dynamics (Egs. (2.1) and (2.2)), FP-SA neu-
rons are active devices where spiking is driven primarily by energy accumulation in the gain medium
and its abrupt release upon absorber saturation.

As excitable oscillators, FP-SA neurons exhibit dynamics that are strongly governed by feedback
topology and parameter sensitivity. Key control parameters, such as gain coefficient gy, absorber re-
covery time, and external modulation depth, directly influence the lasing threshold, spike timing, and
overall stability. This sensitivity underscores their suitability for closed-loop architectures, where pre-
cise tuning enables adaptive, real-time neuromorphic processing.

FP-SA lasers have thus emerged as a central platform for neuromorphic photonics. Xiang et
al. [58] demonstrated an integrated FP-SA laser neuron chip capable of temporal integration, threshold-
triggered spiking, and refractory recovery, and further proposed temporal spike multiplexing to address
hardware scalability. Zheng et al. [59] experimentally validated coherent photonic neural computing
using FP-SA lasers, confirming their feasibility for neuron-like signal processing. Fu et al. [60] re-
viewed the broader role of semiconductor lasers with saturable absorbers in neuromorphic computing,
identifying FP-SA lasers as a promising active element for implementing neural dynamics. Recent
contributions by Shi et al. [61] and Song et al. [62] further highlight their potential for constructing
high-speed, low-power photonic spiking neural networks.

A fundamental distinction between active FP-SA neurons and passive microcavity or microring
neurons lies in the presence of optical gain. Active neurons incorporate a pumped gain medium (elec-
trically or optically pumped) enabling energy accumulation and autonomous spike generation. In con-
trast, passive neurons lack optical gain and instead rely on intensity-dependent losses, carrier-induced
index changes, or thermo-optic effects to produce threshold dynamics. While passive architectures
(e.g., silicon microrings) benefit from CMOS compatibility and scalability, active FP-SA neurons offer
richer dynamical regimes, such as excitable responses, relaxation oscillations, and self-pulsations, due
to the interplay between gain and loss.

Despite these structural differences, all three major photonic neuron architectures (passive microres-
onators, microring resonators, and active FP-SA lasers) share core functional attributes: threshold
activation, spike emission, and refractory behavior, supporting fully optical input—output processing
without electronic conversion. These common features enable spike-based coding, temporal integra-
tion, and logic operations in neuromorphic circuits. In summary, passive devices offer compactness,
scalability, and energy efficiency, while active FP-SA lasers provide enhanced dynamical richness and
controllability. Together, they establish a versatile hardware foundation for large-scale, ultrafast pho-
tonic spiking neural networks with applications in low-power neuromorphic computing and adaptive
neural interfaces.

Nonlinear optical effects, and, in particular, Kerr nonlinearity, play a central role in enabling thresh-
olding, gain, and neuron-like activation in purely photonic systems.

2.4. Kerr effect—based signal amplification

Third-order Kerr nonlinearity y® plays a central role in implementing neuron-like functionalities
in photonic systems. The Kerr intensity-dependent refractive index, n = ng + n,|E|*, leads to a cu-
bic nonlinearity with respect to the field amplitude, giving rise to optical bistability—a phenomenon
in which a resonator exhibits two stable transmission states at the same input power [63,64]. This
results in an S-shaped transfer characteristic analogous to the sigmoidal activation function in biolog-
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ical neurons, which is critical for realizing threshold elements and nonlinear information processing
in photonic neural networks. Furthermore, self-phase modulation induced by the Kerr effect enables
intensity-dependent phase shift, thereby extending the functional richness of neural network architec-
tures [65].

Signal amplification can be achieved by exploiting Kerr nonlinearity under strong optical pumping.
The dynamics of a Kerr optical resonator are governed by the same cubic nonlinear cavity equation
as introduced in Eq. (2.1), with the Kerr term providing the physical origin of optical bistability and
neuron-like threshold behavior. To analyze the small-signal gain, the intracavity field is decomposed
into a stationary strong pump component gy and a small signal fluctuation: a = ap+a,, where |ay| < |ay|.
After substituting into the original equation and linearizing around the steady state, we obtain the
effective parametric gain equation for the signal component:

da,
dt

= (iAs — K)a, + iGa'e", (2.4)

where a; is the signal photon annihilation operator, a. is the signal photon creation operator, A.rr =
A — 2xaol? is the effective Kerr detuning of the resonator, A is the bare cavity—pump detuning, ¢ is
the interaction phase, and G = y®|aq|? is the pump-induced Kerr coupling coefficient.

This y®-mediated interaction enables all-optical amplification via four-wave mixing in high-Q pho-
tonic resonators or nonlinear waveguides [66,67]. The gain coeflicient can be estimated as G = yP,,
where P, is the circulating pump power, and vy is the nonlinear Kerr coeflicient of the material. The am-
plification regime remains compatible with quantum-limited operation down to the single-photon level,
provided that the standard noise constraints of Kerr parametric amplification are satisfied [68,69].

The combination of bistability, amplification, and self-phase modulation within a single Kerr plat-
form opens pathways toward fully integrated optical neural networks with multifunctional nonlinear
elements.

2.5. Comparative discussion: Passive versus active photonic neuron architectures

A comparative analysis of photonic neuron architectures reveals fundamental trade-offs between
passive and active designs, governed by their underlying physical mechanisms and their implications
for system-level performance. The choice between these approaches hinges on the specific require-
ments of the target application, balancing dynamic richness against practical constraints such as power,
scalability, and fabrication complexity.

Passive neurons, implemented in silica, silicon nitride microcavities, or silicon microring res-
onators, derive their functionality from intrinsic material nonlinearities, such as the Kerr effect, free-
carrier dispersion, or thermo-optic shifts. Their primary advantages lie in exceptional compactness,
ultralow static power consumption, and seamless compatibility with large-scale CMOS photonic inte-
gration [51-53]. These devices successfully emulate core neuronal features, including temporal inte-
gration, threshold activation, and all-or-nothing spiking. However, their dynamics are inherently driven
by external optical excitation; they lack an internal gain medium and therefore cannot autonomously
generate sustained spiking or oscillatory activity without additional feedback or amplification circuits.
This makes them ideal for scalable, energy-efficient networks where individual nodes are externally
driven.
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Active neurons, most notably Fabry—Pérot lasers with integrated saturable absorbers (FP-SA), in-
corporate optical gain, typically via electrical or optical pumping. This gain medium enables energy
accumulation and regenerative feedback, supporting a richer suite of nonlinear behaviors—including
excitable spiking, relaxation oscillations, and self-sustained pulsations [58—60]. These dynamics more
closely mimic the energetic and temporal characteristics of biological neurons. The trade-off, how-
ever, is increased architectural complexity, higher power demands to maintain population inversion,
and greater challenges in dense integration compared to their passive counterparts.

In summary, passive architectures offer a path toward ultra-efficient, highly scalable neuromorphic
circuits, while active architectures provide enhanced dynamical control and autonomous signal gen-
eration. The selection of one approach over the other, or their hybrid integration, depends on the
application’s priorities: whether maximizing component density and energy efficiency or leveraging
complex, self-sustained dynamics for advanced computational tasks. Together, these complementary
paradigms expand the design space for photonic neuromorphic systems, enabling tailored solutions
across computing, sensing, and bidirectional neural interfacing.

From an application standpoint, the architectural choice between passive and active neurons is dic-
tated by system-level priorities. Passive photonic neurons are ideally suited for massively parallel,
low-power neuromorphic accelerators where energy efficiency and scalability are critical, such as in
reservoir computing and large-scale signal pre-processing pipelines [49,50]. In contrast, active FP-SA
neurons excel in applications demanding richer, self-sustained dynamics, such as autonomous oscilla-
tory regimes, flexible excitability control, or complex temporal coding, making them strong candidates
for feature extraction, time-series processing, and hybrid optoelectronic systems [61,62]. A promising
direction lies in hybrid integration, where passive microring neurons and active FP-SA elements are
combined on a shared silicon photonics platform. This approach could optimally balance the scalability
and efficiency of passive devices with the dynamical versatility of active components.

A systematic comparison of these architectures is presented in Table 1, which evaluates ten critical
parameters across three representative implementations. These parameters include material platform,
spiking behavior, oscillation frequency, activation threshold, CMOS compatibility, control mechanism,
synchronization strategy, scalability, power consumption, and feedback implementation. The analy-
sis reveals clear trade-offs: passive microcavities (Si/SiN-based) offer superior CMOS compatibility
and minimal static power but require external optical drive; FP-SA lasers enable autonomous spiking
through internal gain but face material and power overhead challenges; microring resonators occupy
an intermediate space, combining nonlinear thresholding with inherent delayed feedback for synchro-
nization.

The substantial progress in photonic computing reflected in this comparison suggests that fully func-
tional photonic neuromorphic processors are becoming increasingly viable. These advances are stim-
ulating interdisciplinary innovation and positioning photonic platforms as competitive candidates for
next-generation, high-speed, energy-efficient computing. However, a fundamental conceptual diver-
gence from biology persists. In current photonic implementations, the classical biological distinction
between neuronal and synaptic elements is inherently blurred. A single nonlinear microresonator often
performs dual roles: it acts as a spiking neuron (integrating and firing) and as a signal-transmitting
synapse (applying weighting and temporal filtering). This functional merging means that neuron-like
computation is achieved within unified physical devices, and the separation between neuronal and
synaptic functions becomes primarily a network-level architectural consideration rather than a dis-
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Table 1. Comparative characteristics of photonic neuron architectures, including material
platform, activation threshold, power consumption, CMOS compatibility, and integration

scalability.
Feature Photonic passive Fabry-Pérot saturable Microring resonator
microcavity neuron absorber laser neuron neuron
Material Si, SiN III-V (InGaAsP, GaAs) Si, SiN
Spike-like Self pulse LIF-spikes Self pulse, spikes
behavior
Oscillatory ~5-10 MHz ~500 MHz ~5-10 MHz
frequency
Threshold ~mW Voltage/current (mA) Depends on detune and
input
CMOS- v X v
compatibility
Control A, temperature Current, voltage, optical A, temperature, delay
injection
Synchronization =~ Through detune Through optical injection Through feedback and
and SA detune
Scalability High Limited by current and heat ~ Medium-high
Energy Low High Low
consumption
Feedback External optics Through cavity and SA Feedback via delay loop

crete hardware distinction. This represents a paradigm shift from biomimetic design toward function-
optimized photonic processing, with significant implications for learning algorithms, network scalabil-
ity, and biological interpretability.

2.6. Optogenetics and photonic neurons

A powerful technological convergence is emerging between the fields of optogenetics and neuro-
morphic photonics, both fundamentally reliant on light as a means of information transfer and control
(Figure 3). While optogenetics employs light to probe and modulate living neural circuits via genet-
ically encoded actuators like channelrhodopsin-2 (ChR2) and halorhodopsin [70-72], neuromorphic
photonics implements neural network models directly in hardware using light. The synergy lies in de-
veloping hybrid photonic-biological interfaces capable of bidirectional, closed-loop communication:
photonic systems can deliver precise optogenetic stimulation while simultaneously processing optical
readouts (e.g., fluorescence, scattering) from the neural tissue.

This integrated approach enables the physical emulation of key biophotonic processes, such as intra-
cellular signaling, fluorescence dynamics, and light-triggered ion flux, to create platforms that can (1)
systematically analyze the efficacy of optogenetic protocols on neuronal ensembles, (2) identify optical
stimulation patterns that induce stable functional changes (e.g., neural plasticity), and (3) train neural
network models under biologically realistic, variable conditions. The result is a tight methodologi-
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cal alignment where light serves as both a precise probe and a programmable control signal, bridging
photonic engineering and experimental neuroscience.

A critical distinction from biological systems, however, lies in the functional architecture of the
photonic hardware itself. In many integrated implementations, the classical biological separation be-
tween neuronal and synaptic elements is not preserved. As illustrated in Figure 3, a single photonic
device, such as a microring resonator, an FP-SA laser, or a phase-change material (PCM) cell, can
simultaneously exhibit neuron-like functionalities (nonlinear activation, thresholding, excitability) and
synapse-like functionalities (weighting, temporal filtering, analog memory). This functional overlap is
not a limitation but a direct consequence of photonic design, where nonlinearity, signal routing, and
memory are naturally co-localized within the same physical element. While this reduces one-to-one
biological interpretability, it represents a deliberate hardware optimization that enhances compactness,
bandwidth, and scalability. Consequently, learning in such systems does not rely on a strict modular
separation between neurons and synapses but instead on the reconfigurability and integrated memory
of each device, enabling highly parallel and hardware-efficient implementations. This architectural
paradigm is particularly advantageous for constructing closed-loop optogenetic interfaces, where pro-
cessing efficiency and minimal latency are paramount.

@ i (blue)light

ChR2

(membrane channel)

depolarization

spike (near-IR) light

Optogenetic neuron Photonic neuron

(a) (b)

Figure 3. Comparison of spike-generation mechanisms in optogenetic and photonic neurons.
(a) In an optogenetically modified neuron, light activates channelrhodopsin-2 (ChR2) ion
channels, inducing membrane depolarization and triggering a biological action potential. (b)
In a photonic neuron, an input optical pulse drives nonlinear dynamics (e.g., Kerr effect,
carrier-induced shifting) within a microresonator, leading to the emission of an optical spike.
In both systems, optical stimulation initiates excitable threshold dynamics that culminate in
an all-or-nothing output spike.

This convergence establishes a foundation for adaptive, bidirectional neural interfaces that leverage
the speed and parallelism of light for both observation and intervention, paving the way for next-
generation neuroprosthetics and brain—-machine communication systems.

Notably, experimental studies have demonstrated that near-infrared light exposure can modulate
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hippocampal neuronal activity through non-genetic means [73]. These effects are attributed primarily
to physical mechanisms (thermal, mechanical, and photochemical interactions) rather than genetically
encoded photosensitivity. Crucially, the resulting neural responses exhibit cumulative and irregular dy-
namics, contrasting sharply with the precise, threshold-activated spiking enabled by optogenetic tools.
Research in this domain [74-77] is therefore critical for developing non-invasive neural modulation
strategies and neurohybrid systems, where precise control is essential but genetic modification must be
avoided.

A profound physical analogy underlies both photonic neural networks and optogenetics: in each
case, light drives nonlinear processes within a medium, altering its state as a function of intensity,
duration, and stimulation history. This conceptual proximity enables optical neuromorphic systems to
serve as high-speed physical emulators for modeling, simulating, and optimizing optogenetic experi-
ments.

The use of advanced photonics in optogenetics has a well-established history. For example, two-
photon absorption allows activation of retinal chromophores using infrared light (920-1060 nm), pen-
etrating 500-800 um of tissue with a subcellular excitation volume of ~2-3 um?® [78,79]. Three-
photon excitation extends access to subcortical layers (> 1 mm) but requires peak intensities exceeding
100 GW-cm™2. A fundamental constraint is photocurrent saturation, where increasing optical power
beyond a certain point yields no greater neural response while phototoxicity continues to rise.

Photonic hardware can directly emulate these biophysical dynamics. Optical resonators with em-
bedded nonlinear materials (e.g., Kerr media) can be tuned—via quality factor and nonlinear coeffi-
cients—to reproduce characteristic opsin response curves, including temporal constants and saturation
profiles. Similarly, optical memristors can mimic multi-state opsin kinetics (e.g., the four-state model
of ChR2(H134R) [80]) through material phase changes. Crucially, photonic networks process spatial
light patterns natively, enabling real-time emulation of how opsin-expressing neuronal populations re-
spond to the profile of a laser beam. This capability is vital for planning large-scale experiments, such
as patterned stimulation of the visual cortex.

Such systems can thus function as ultrafast physical emulators to identify optimal stimulation pa-
rameters (pulse shape, frequency, spatial distribution). Their intrinsic picosecond-to-nanosecond re-
sponse times far exceed software simulation speeds, allowing for rapid exploration of protocol space
using optimal control principles [81]. This addresses a growing need in the field, where software
platforms like PyRhO, which evolved from a descriptive kinetic model [80] into a comprehensive sim-
ulation tool [82], are ultimately constrained by digital hardware performance.

A hybrid framework integrating photonic neuromorphic accelerators with software like PyRhO
could deliver transformative advantages:

e Acceleration: 100-1000 times faster simulation of large networks (> 10° neurons) via optical
parallelism.

e Efficiency: Ultra low energy consumption (fJ per operation vs. pJ in digital hardware).

e Integration: Seamless use of the same optical source and pathway for both simulation and subse-
quent biological experiment.

This approach has direct clinical relevance. Projects like PIONEER (GS030), which uses
AAV—ChrimsonR to restore vision in retinitis pigmentosa, require patient-specific tuning of stimulation
parameters. Photonic neuromorphic systems could act as personalized physical emulators, predicting
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optimal protocols based on individual opsin expression and retinal topology in real time, using the very
optical hardware intended for therapy.

A promising pathway for non-invasive neural interfacing leverages the ability of near-infrared (NIR)
light to modulate hippocampal activity [73]. This effect stems from physical mechanisms like thermal
and photochemical interactions, not from genetic encoding. The resulting dynamics are inherently
cumulative and irregular—a fundamental divergence from the crisp, threshold-driven responses of op-
togenetics. This very distinction makes NIR stimulation a critical area of study [74—77] for developing
next-generation neurohybrid systems and therapeutic strategies where genetic modification is prohib-
ited, yet high-fidelity control is paramount.

In conclusion, integrating photonic neuromorphic systems into the optogenetic workflow is both
technically feasible and conceptually powerful. The structural analogy between optical nonlinearities
in hardware and photodynamics in biology provides a natural correspondence, paving the way for
specialized optical accelerators that bridge neurobiological computation and therapeutic intervention.

3. Optical synapses: Photonic implementation and plasticity models

The development of optical synapses is a critical step toward building ultrafast, energy-efficient
neuromorphic processors. These components replicate the core function of biological synapses, trans-
mitting and adaptively weighting signals between computational units, but do so using light. This
enables high bandwidth, low latency, and low crosstalk, which are essential for scalable neural net-
works.

Foundational optoelectronic implementations established the basic principles of optical synaptic
coupling. An early, influential model used an infrared LED and photodiode pair to couple two FHN
electronic oscillators [83]. In this system, the state of one oscillator modulated the light intensity
driving its partner, creating an all-optical feedback loop. By tuning coupling parameters, fundamental
synchronization regimes, including complete and phase-locked synchronization, were demonstrated.
This work proved that light could effectively transmit timing information and orchestrate coordinated
dynamics between artificial neurons, establishing a minimal blueprint for an optical synapse.

The transition to integrated photonic platforms marked a shift toward higher speed, greater com-
plexity, and biophysical realism. A significant advance utilized erbium-doped fiber lasers (EDFLs)
as optical drivers [84-86]. Here, an FHN oscillator modulating an EDFL’s pump could induce rich
nonlinear dynamics, including chaos and multistability, in a receiving laser neuron. This paradigm
was later extended to the three-variable Hindmarsh—Rose model [87], which reproduces biologically
realistic activity patterns like bursting and chaotic spiking. These studies demonstrated that optical
synaptic links could mediate sophisticated, patterned interactions far beyond simple pulse forwarding.

The field is now advancing toward all-optical networks with embedded plasticity, where synaptic
functionality is fully integrated into photonic circuits. This shift moves beyond simple point-to-point
optical links to engineer essential network-level properties: signal routing, fan-in and fan-out, and,
most critically, synaptic plasticity. In biological systems, activity-dependent adjustment of connection
strength forms the foundation of learning and memory. In photonics, this is realized through devices
whose transmission or phase shift can be dynamically modified by optical signals, enabling the direct
hardware implementation of learning rules such as spike-timing-dependent plasticity (STDP).

A fundamental architectural departure from biology is the frequent functional overlap between neu-
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rons and synapses in integrated photonic platforms. In many implementations, a single element, such
as a nonlinear resonator or interferometer, can simultaneously perform thresholding (a neuron-like
function) and signal weighting or temporal filtering (a synapse-like function). This co-localization is
a deliberate hardware optimization that enhances compactness, speed, and energy efficiency, though it
necessitates a rethinking of network design and learning algorithms away from strict biological anal-
ogy. Consequently, optical synapses are no longer conceived as isolated links but as integral compo-
nents within large-scale, distributed photonic architectures.

In the following subsections, we examine the mathematical models of plasticity governing these
systems and detail the state-of-the-art hardware implementations that underpin next-generation neuro-
morphic computing.

3.1. Phase-change material synapses and photomemristors

Phase-change materials (PCMs) offer a powerful platform for implementing artificial optical
synapses, where the synaptic weight is encoded in the material’s structural phase. This subsection out-
lines the operational principle, theoretical description, and device realizations of PCM-based synapses,
and introduces the closely related concept of the photomemristor.

The core functionality relies on the reversible, laser-induced phase transition of a PCM thin film
(e.g., Ge,Sb,Tes or GST225) between an amorphous state and a crystalline state. These two phases
exhibit distinct optical properties, such as absorption and refractive index. The synaptic weight is
defined by controlling this phase: a “write” laser pulse (typical parameters: A4 ~ 532 nm, duration
~ 10 — 30 ns, intensity ¥ 1 — 4 MW/cm?) selectively heats the material to induce a phase change.
Subsequently, a separate “read” probe signal (often at telecom wavelengths like 4 ~ 1550 nm) is
modulated in intensity or phase by the film, thereby reading the stored synaptic weight that governs
signal transmission between photonic neurons [88—90].

The dynamical response of a PCM synapse to optical pulses is governed by a coupled thermo-optical
model [91]. This model integrates three key physical processes:

1. Heat diffusion: Describes the temperature evolution 7'(¢, r) due to absorption of the control laser
pulse [92].

2. Phase transition kinetics: Models the evolution of the crystalline fraction C(¢,r) (C = 0: amor-
phous, C = 1: crystalline) [93].

3. Optical readout: Relates the material’s phase state to the transmission of the probe beam [94].

These processes are captured by the following system of equations, which together emulate synaptic
plasticity:

oT

Per s = V- (k(OVT) + Qups(2), (3.1
68_? = kerys(T) - C - (1 = C), (3.2)
Lowi = iy - eXp (_kext(c) : d) . (33)

Here, Eq. (3.1) is the heat diffusion equation, where p is density, c, is heat capacity, k(C) is thermal
conductivity, and Q(?) is the absorbed laser power density. It calculates the localized heating profile
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critical for precise phase transitions. Eq. (3.2) governs the crystallization kinetics using a Johnson-
Mehl-Avrami-type formalism. The temperature-dependent rate k(1) and the term C(1 — C) ensure
that the phase change slows as it nears completion. The evolution of C is the direct physical analogue
of the synaptic weight update. Finally, Eq. (3.3) describes the optical readout via the Beer-Lambert
law. The output probe intensity /,,, is attenuated based on the extinction coefficient k,,,(C), which
depends on the phase, and the film thickness d.

This theoretical framework has been experimentally validated in various photonic platforms using
GST?225. The implementations share the principle of all-optical control but differ in topology, leading
to varied performance metrics:

e Waveguide-integrated films: Depositing thin GST225 films on polymer or SizN, waveguides
[95, 96] enables direct modulation of guided light. These devices show transmission changes
up to ~ 40% (= 7 dB) with pulse energies of ~ 486 pJ, and have demonstrated multi-level storage
(e.g., 16 states) and optical spike-timing-dependent plasticity (STDP) learning rules.

e Enhanced photonic structures: Integration with resonant structures like photonic crystals [97] or
directional couplers [98] enhances light-matter interaction, allowing for more efficient control
over coupling ratios and lower energy switching.

e Ultracompact plasmonic and nanogap devices: Employing plasmonic effects or nanoscale gaps
[99, 100] achieves extreme miniaturization (footprint < 1 um?), high optical contrast (> 74%),
and low energy consumption (= 8 — 42 pJ per event). These features are pivotal for high-density,
scalable neuromorphic photonic circuits.

A closely related and advanced paradigm is the photomemristor [101]. While the term “PCM
synapse” often implies a separated “write” and “read” process, a photomemristor is defined by a direct,
nonlinear relationship between the history of input optical stimuli and the resulting optical response,
exhibiting persistent memory and hysteresis [102-104]. The term “photomemristor” has gained sig-
nificant traction since circa 2018, formalizing the extension of the memristive concept, where device
state depends on the history of stimuli, into the optical domain.

For PCM-based devices, the theoretical model (Egs. (3.1)—(3.3)) remains applicable. The concep-
tual shift is in the operational paradigm: in a photomemristor, the same optical port or beam can be used
for both writing the state (via pulse intensity/duration) and reading it (via transmitted/reflected power),
without intermediary electrical conversion [105, 106]. The continuously variable crystalline fraction
C(t) thus directly translates into a continuously variable optical transmission, making photomemristors
ideal, compact building blocks for representing synaptic weights in all-optical neural networks.

The integration of PCM synapses and photomemristors into larger, functional photonic neural net-
work architectures is a vibrant research frontier. Current efforts focus on achieving scalable inter-
connect schemes, demonstrating on-chip learning algorithms, and co-designing devices with photonic
neurons to realize fully photonic, efficient, and high-speed neuromorphic computing systems.

3.2. Implementation of photomemristive synapses

Photomemristors represent an advanced class of devices in neuromorphic photonics, defined by
their all-optical memory and programmability. This subsection details their operational paradigm,
key application in neuromorphic vision, performance benchmarks, and integration into reconfigurable
photonic systems.

Mathematical Biosciences and Engineering Volume 23, Issue 4, 940-986.



960

The photomemristor conceptually merges the non-volatile memory function of an electronic mem-
ristor with purely optical control and readout. Its defining characteristic is a direct, history-dependent
relationship between optical input (stimulus) and optical output (response), without intermediate elec-
trical signals. As illustrated in Figure 4, this contrasts with hybrid optoelectronic synapses and even
some PCM devices that may separate optical “write” and electrical “read’”’processes. In a photomem-
ristor, the same optical pulse can both alter and probe the device state, leading to inherent memory and
hysteresis in the optical domain [101, 102]. This seamless fusion of memory and photonic modulation
makes them ideal for direct, in-sensor processing of optical data.

A primary and promising application of photomemristors is in neuromorphic vision systems, where
they enable in-sensor computing by colocating sensing, memory, and processing. Device arrays func-
tion as both pixellated sensors and programmable synaptic weight matrices. For example, CMOS-
compatible photomemristor arrays (scalable to 10 x 10 pixels) have demonstrated long-term image
retention without power and achieved up to 86.7% accuracy in face recognition tasks [107,108]. These
systems emulate key biological learning rules, such as short-term plasticity (STP), long-term potenti-
ation (LTP), and spike-timing-dependent plasticity (STDP), across a broad optical bandwidth (ultravi-
olet to near-infrared). Integration with plasmonic nanostructures (e.g., via localized surface plasmon
resonance, LSPR) further enhances light-matter interaction, improving both optical efficiency and pat-
tern learning accuracy [108].

The performance of photomemristive synapses is benchmarked by three critical metrics essential
for scalable neuromorphic hardware:

e Speed and temporal resolution: Implementations using phase-change materials (e.g., GST) in
silicon waveguides have been switched with picosecond optical pulses (4 ~ 1570 nm), achieving
state changes with a temporal resolution exceeding 1 ns [109]. This surpasses the speed limits of
most electronic memristors.

e Energy efficiency: The energy per switching event for these integrated devices can be below
100 pJ, with advanced plasmonic and nanoscale designs reaching the 10-100 pJ range [109,110].

¢ Analog behavior and retention: Photomemristors exhibit high-fidelity multi-level analog storage,
with demonstrations of up to 32 distinct, non-volatile states, crucial for emulating the analog
nature of biological synaptic weights.

This combination of high speed, low energy, and analog programmability provides a seamless interface
with photonic integrated circuits and fiber-optic networks.

Beyond standalone synapses, photomemristors are engineered as the active element in reconfig-
urable nanophotonic circuits. By integrating PCMs (GST, Sb,S3) into the core of photonic compo-
nents, researchers have demonstrated light-programmable control over fundamental optical properties.
For instance:

e Programmable waveguides: The phase and amplitude of guided light can be dynamically tuned
by locally switching the PCM state, enabling reconfigurable interferometers and filters.

e Tunable metasurfaces: Integrating PCMs into metasurface unit cells allows for post-fabrication
control over beam steering, spectral response, and polarization manipulation with sub-wavelength
precision [110].

These systems achieve reconfiguration with ultralow energy (10—100 pJ per switch) and are fully com-
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patible with standard silicon photonics platforms, paving the way for dynamically programmable pho-
tonic neural networks on a chip.

While traditional memristors rely on electronic signals and ionic migration to modulate resistance,
photomemristors utilize optical excitation to induce persistent changes in their optical properties. This
fundamental distinction in operating principle is illustrated in Figure 4.

—0

—
Zr02 (20 nm)

Si0: or ALOs (~10-20 nm)

Il GST or Sb:S: (~20-30 nm)

Au (20 nm)

Pt(40 nm)
Ti (20 nm)

TiN(20 - 40 nm)

(a) (b)
Figure 4. Contrasting switching modalities in memristive devices. (a) Electro-ionic switch-
ing in a ZrO, memristor, where filament formation/rupture via cation migration under a
bias alters resistance. (b) All-optical switching in a photomemristor, where a phase tran-
sition in a chalcogenide material (e.g., GST, Sb,S;) is directly induced by photonic energy
(4 = 800 — 1550 nm). The layered material schematics underscore the different physical
domains exploited for non-volatile state control.

glass

As shown in Figure 4, the switching mechanisms of electrical and photomemristors are fundamen-
tally different. In the electrical memristor (a), resistance is modulated by the electric-field-induced
migration of oxygen vacancies (O?7). In contrast, the photomemristor (b) is switched optically, with
a focused laser pulse inducing a localized phase change. Both device architectures incorporate func-
tional upper and lower layers essential for thermal management and optical interfacing, highlighting a
design commonality despite their distinct stimuli.

The study of these complementary memristive phenomena is pivotal for neuromorphic engineering.
Building on foundational work in thin-film devices and networks [111-117], Table 2 synthesizes a
comparative analysis of their operating principles and key performance characteristics.

The fundamental difference in stimuli—electrical versus optical—naturally leads to distinct roles
in neuromorphic architectures. In such systems, memristors serve as artificial synapses, while the
source of the control signal (electrical or optical) functions as the neuron [118]. Consequently, in a
conventional memristor, the neuronal stimulus is an applied voltage or current; in a photomemristor,
it is a light pulse. The synaptic weight is encoded in the device’s conductance or optical properties.
Network connections are realized through crossbar lines or optical waveguides, mimicking axons and
dendrites. The objective remains an engineering-focused implementation of analog storage and signal
modulation for accelerated brain-inspired computing.
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Table 2. Comparison of thin film memristor and photomemristor characteristics.

Characteristics

Thin film memristor

Photomemristor

Control signal

The nature of the response

Nonlinearity/hysteresis

Physical mechanism

Electrical voltage

Current (conductivity)

Current vs Voltage

Ton migration, defect switching

Light (intensity, wavelength,
duration)

Optical (transmission, reflection,
phase)

Power vs Transmission

Phase transition,

photoconductivity, LSPR

Switching speed ~ns—mcs ~ps—ns

Switching energy 1-100 nJ 1-100 pJ

Number of analog states 2—-64 (in the best cases >100) 8-32 (demonstrated), potential
>100

3.3. Optical weighting elements based on microresonators, Mach—Zehnder interferometers (MZIs),
and wavelength-division multiplexing (WDM) systems

Extending the analogy of memristors as artificial synapses to the optical domain, photonic neuro-
morphic systems require components that can controllably attenuate, delay, and route light to represent
synaptic weights. Three principal architectures serve this function: Mach—Zehnder interferometers
(MZIs), optical microresonators, and wavelength-division multiplexing (WDM) systems. They modu-
late an optical signal’s phase or amplitude—functioning as a tunable weight—through refractive index
changes driven by external stimuli such as voltage (in electro-optic, thermo-optic modulators) or a
control-light intensity (in nonlinear devices).

The operational parameters of these elements vary by design. Required control power typically
ranges from 0.1 to 10 mW, depending on material nonlinearity, with output signal power between
—20 dB and 0 dB relative to input. Microresonators achieve quality factors (Q) of 10*~10°, defining
their filtering sharpness. MZIs enable continuous O to 2z phase shifts with 1-10 V control voltages.
Device footprints are compact (10-100 um), with operational bandwidths of 10-100 GHz, enabling
dense on-chip integration.

Although serving a common purpose, these architectures rely on distinct physical principles and
thus require different mathematical descriptions. While approximate transfer functions relate output
to control parameters under static conditions, a complete description demands fundamental models:
Maxwell’s equations with boundary conditions for resonators and waveguides, wave equations for
MZlIs, and spectral response functions for WDM multiplexers. These models are essential to capture
dynamics, dissipation, and nonlinear effects absent in simple transfer functions.

The MZI transfer function is derived from the principle of linear interference between two optical
paths with a controllable phase shift A¢ [119]:

A
Loy = Iy cos (7¢) s
(3.4)
Ad = ZZAnL
= 1 ,
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where 1,,, is the output intensity, An is the change in the refractive index, and L is the length of the
modulating section.

Input light is divided into two arms, propagates along them with distinct optical path lengths, and is
recombined at the output. Depending on the relative phase difference, interference may be constructive
or destructive, thereby controlling the transmitted intensity. In Eq. (3.4), modulation of the refractive
index (e.g., via thermo-optic or electro-optic effects) enables precise control of the optical phase and,
consequently, the output intensity. This makes the MZI a convenient and widely adopted building
block for implementing tunable optical weights in neuromorphic photonic networks.

Microresonators, such as ring resonators, operate on the principle of resonant filtering, where light
repeatedly circulates within a closed optical path. At specific wavelengths, constructive interference
enhances the intracavity field, giving rise to sharp resonance peaks (or dips) in the transmission spec-
trum. These resonances are determined by the geometry and material properties of the resonator de-
scribed by the wavelength-dependent transfer function 7'(1) of the microresonator:

1 -d?

T = R
@ 1—-2acos8 + a?

(3.5)

where a denotes the amplitude coupling (or loss) coefficient, and 6 is the round-trip phase shift defined

as
2mnegL

A

Here, n. s is the effective refractive index, and L is the ring circumference. In this formulation, 7'(1)
can be derived from the circulating field amplitude in the the full dynamical model given by Eq. (2.2),
which represents a steady-state solution and captures the frequency response of the system under fixed
control parameters. Weight modulation is achieved by tuning n.q or a (e.g., via thermo-optic effects),
thereby shifting the resonance wavelength or adjusting the filtering depth. Thus, microresonators act as
optical weighting elements, modulating signal intensity through spectral selectivity and phase control.

Wavelength-division multiplexing (WDM) exploits this spectral selectivity to implement multichan-
nel architectures. In WDM systems, each channel is addressed by a distinct wavelength, typically
realized using arrays of microresonators tuned to different resonances or by diffraction gratings that
provide spatial wavelength separation. Their behavior can be described by a matrix transfer function
T, in which each element T;; corresponds to the contribution of input channel i to output channel j:

1
()
enabling compact description of large-scale, multi-wavelength systems such as WDM multiplexers.

The progression of these systems is illustrated by several representative studies. Initial work
by [120] marked a conceptual transition from holographic implementations in photosensitive crys-
tals to integrated chip-scale devices based on microresonators and phase-change materials, unifying
these under the term “optical synapse”. Subsequent development of WDM-based synapses utilizing
microresonators and electro-absorption modulators [121] demonstrated a hybrid approach where a
photodetected optical signal (0.01-50 mW) drove nonlinear opto-electro-optic (O—E—O) activation.

A significant advance came with the realization of all-optical activation functions in plas-
mon—exciton nanostructures (MNPs+QDs) and Cg, [122], which achieved MNIST classification ac-
curacies comparable to ReLU and sigmoid functions while operating with picosecond response times.

0 (3.6)

T;(1) =

(3.7)
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Concurrently, recurrent architectures were explored, with [123] demonstrating a GRU-like all-optical
recurrent network using an SOA-MZI and fiber loop (~305 ns), which achieved an F1-score of 41.85%
on the FI-2010 dataset at an energy cost of ~180-300 pJ per symbol.

A central research direction has focused on enhancing programmability and robustness. This in-
cludes the on-chip training of an MZI array via a genetic algorithm [124], yielding ~94% accuracy
on Iris classification with inherent noise tolerance. Scalability and resilience were further analyzed
by [125], showing that 3-MZI and MZI+X configurations could maintain > 95% MNIST accuracy
under phase noise (oo = 0.1 rad). The feasibility of *in situ* training was experimentally confirmed
on 4 x 4 MZI chips using local optimization rules [126, 127], reducing matrix tuning errors below
1% within tens of iterations. A hardware—algorithm co-design approach presented in [128] employed
gradient-free training on a 4 X 4 MZI chip to deliver ~90% classification accuracy, with numerical
validation via tensor-train decomposition confirming scalability to 16 X 16 matrices.

Beyond large-scale interferometric networks, research has expanded toward novel materials and
minimalist device designs. For instance, integrating phase-change materials with N-SiN MZIs enabled
high extinction ratios up to 11 dB with low loss in the crystalline state [129]. Coherent processing
architectures were demonstrated to handle 1 GHz spike streams of 130 ps duration while enabling
dynamic weight control [130]. High-speed synaptic functionality was advanced through an SOA-
REAM receiver capable of signed spike-train summation at 10 Gb/s [131], and programmable 4 X 4
MZI arrays were proposed for trainable matrix transformations [132]. Temporal processing was further
exemplified by a photonic recurrent neuron using a 305 ns optical loop to classify 100 ps pulses at
10 Gb/s with over 91% accuracy [133].

Addressing critical challenges of non-volatile memory and fast reconfiguration, an ultralow-energy
II-V/Si device (0.15-0.36 pJ, 300-900 ps) demonstrated power-free weight retention [134], while
rapid switching was achieved with a 1 X 4 electro-optic switch featuring 20 ps operation and >25 dB
extinction [135]. Practical system integration was supported by data-driven calibration techniques for
MZI multipliers, where a neural-network model reduced the RMSE to 1.6 dB and facilitated scaling
to 100 channels [136]. This trajectory culminated in the demonstration of the first all-optical ReLU
neuron, which achieved 90% accuracy on Iris classification at 1 Gb/s [137].

Collectively, these works underscore progress driven by synergistic advances in materials (e.g.,
PCMs, II1-V/Si) and the development of ultrafast, energy-eflicient photonic components, paving the
way for scalable neuromorphic platforms.

The concept of the optical synapse, now widely adopted in engineering-focused neuromorphic pho-
tonics, remains a conditional analogy to its biological counterpart. In contrast to biological synapses,
typical optical implementations often lack distinct pre- and postsynaptic terminals, and the “neuron”
function is commonly assigned to an external laser source without intrinsic neural dynamics. Further-
more, optical circuits are inherently symmetric and reversible, whereas biological synapses are strictly
unidirectional. Direct optical interactions between neurons are not found in biology, except in photore-
ception (where light is an external stimulus) or optogenetics (where light serves as a control signal but
neural communication remains electrochemical). Therefore, the term “optical synapse” is best inter-
preted as an engineering metaphor, describing a tunable optical channel rather than a strict biological
replica.

Notwithstanding these conceptual distinctions, engineered optical synapses exhibit exceptional
properties. They combine scalability, ultralow energy consumption, and multilevel plasticity, and they
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allow the co-integration of memory and processing within a single photonic component. These at-
tributes represent a fundamental departure from conventional digital architectures and underscore the
potential of neuromorphic photonics as a route to energy-efficient, high-performance computing.

3.4. Metasurface-based spatial light modulators

An emerging paradigm for optical weighting leverages metasurfaces—ultrathin, planar arrays of
subwavelength optical elements that provide unprecedented control over the phase, amplitude, and po-
larization of light. In contrast to interferometric or resonant devices that operate in the temporal or
spectral domain, metasurfaces enable direct spatial encoding of optical fields. This capability makes
them exceptionally well-suited for massively parallel operations, such as optical convolution and ma-
trix multiplication, by applying a spatially variant transfer function to an incident wavefront.

(1) Spatial beam shaping and optical weighting.

The operation of a metasurface can be described by a spatially dependent transmission (or reflection)
function T'(x, y, w), which modulates an input optical field E;, to produce the output field Ey:

Eout(x,ya U)) = T(X,y’ (,U) : Ein(xaya C()), (3'8)
where the complex transfer function incorporates both amplitude and phase modulation:
T(x,y,w) = A(x,y, w) - €0, (3.9)

Here, A(x,y, w) and ®(x,y, w) represent the spatially encoded amplitude and phase profiles, respec-
tively. This formulation allows a single static metasurface to implement a fixed, passive weighting
matrix.

(i1) Spectral and polarization control.

For neuromorphic applications, dynamic reconfigurability is essential. This is achieved by integrat-
ing metasurfaces with active materials, including phase-change materials (e.g., GST, VO,) [138], liquid
crystals [139], and electrically tunable plasmonic elements [140]. Recent experimental demonstrations
highlight the versatility of this approach:

e Reconfigurable metasurface modulators with switching times ranging from ~ 0.7 ps to ~ 7 us
and handling peak powers up to ~70 W [141].

e Holographic pattern generation for simultaneous multi-site optogenetic stimulation [142].

e All-optical matrix multiplication units with footprints below 100 um? [143].

In this context, metasurfaces function as programmable spectral—polarization filters or multiplexing
elements interfaced with WDM photonic systems.

The principal advantage of metasurfaces is their ability to implement spatially distributed synaptic
weights in a single, compact layer, thereby avoiding the cumulative delay and insertion loss inherent in
cascaded waveguide architectures. However, several challenges remain for their widespread adoption:
(1) reconfiguration speeds are generally slower than those of electro-optic Mach—Zehnder interferome-
ters; (ii) active metasurfaces often exhibit non-negligible insertion loss; and (iii) fabrication complexity
escalates for large-scale, high-precision arrays.

(ii1) Local field enhancement and light-matter interaction engineering.

A particularly compelling application lies at the intersection of neuromorphic photonics and neu-
rotechnology, where metasurfaces provide both spatial field shaping and local field enhancement for
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optogenetic stimulation. By dynamically encoding phase patterns ®(x,y, f), reconfigurable metasur-
faces can project arbitrary three-dimensional light distributions onto neural tissue with subcellular
precision [144, 145]. The required phase mask is typically computed via algorithms such as Gerch-
berg—Saxton or through direct holographic encoding:

(D(X, )’) = arg (fffAtal‘get(x’,y,’ Z,) * G(-x’ y’ x,’ y,’ Z,)dx, dy, dZ, ) (310)

where Ay 1 the desired 3D intensity pattern, and G is the optical propagation kernel. When com-
bined with fast temporal modulation, this enables precise 4D light sculpting for advanced optogenetic
platforms [146].

In summary, metasurface-based spatial light modulators occupy a complementary position in
photonic-optogenetic systems, serving mainly as spatial and spectral front-end processors rather than
dynamical neuron elements. While technical hurdles in speed, loss, and fabrication persist, their in-
trinsic suitability for parallel optical processing and direct interface with biological neural systems
positions them as a highly promising platform for next-generation neuromorphic photonic and neuro-
optical applications [147, 148].

4. Neural network based on lasers and related photonic architectures

Laser dynamics have emerged as a compelling foundation for neuromorphic photonics, capitalizing
on the intrinsic nonlinearity of optical resonators to emulate fundamental neural functions: excitation,
spiking, phase synchronization, and chaotic behavior. This approach integrates the physics of coherent
light emission with neuromorphic computing principles, offering pathways to computational systems
with exceptional temporal resolution and energy efficiency.

While electronic neuromorphic circuits typically operate at nanosecond timescales, and individual
memristive elements achieve picosecond dynamics primarily at the device level, laser-based neurons
can sustain stable picosecond-to-femtosecond responses. This capability positions photonic neural
networks to perform computations at frequencies beyond the practical limits of conventional silicon
electronics. By leveraging the natural instability modes and nonlinear interactions of laser systems,
these architectures open new avenues for high-speed, low-power neuromorphic processing that exploits
the unique temporal and coherence properties of light.

4.1. CO;, laser as an early model of the optical neuron

The analogy between laser dynamics and neuronal activity was first highlighted by Arecchi et
al. [149, 150]. They demonstrated that homoclinic chaos in a CO, laser with delayed feedback, where
a trajectory departs from a saddle point and subsequently returns, resembles spiking behavior in neu-
rons. Striking parallels were identified between the temporal patterns of laser output and neural action
potentials. By linearizing the system around a stable focus and introducing spatial coupling terms, the
field evolution can be expressed as [149]:

dx
i
where x(r, t) represents the local field variable, f(x) local nonlinearity (e.g., excitation/relaxation of a
CO, laser), and ¢ the coupling strength between neighboring oscillators. This formulation (4.1) estab-

f(x) + eV2x, 4.1)
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lished a conceptual bridge between laser physics and neurodynamics: the local term f(x) corresponds
to the excitable dynamics of a neuron, while the diffusive coupling £V2x emulates synaptic or spatial
interactions within a neural population.

More broadly, these studies showed that the mathematical models and nonlinear dynamics govern-
ing lasers provide deep insights into neuronal excitability, synchronization, and information process-
ing, and vice versa. Such insights have spurred advances in neuromorphic photonics, paving the way
for optical computing technologies. Shared features include thresholds, transitions to spiking regimes,
nonlinear responses, and the emergence of synchronization when multiple units are coupled. These
observations suggested that homoclinic chaos in lasers could serve as a foundation for neuromorphic
computing [151].

Building upon these classical studies, later research extended the analysis of excitable and burst-
ing dynamics to other photonic platforms while maintaining conceptual continuity with CO,-laser
physics. For instance, Kelleher et al. [152] demonstrated two-color bursting oscillations in optically
injected quantum-dot lasers, explicitly linking their behavior to the slow—fast dynamics first identified
in CO, lasers with saturable absorbers. In both systems, the separation of timescales, between the fast
photon intensity and the slow modulation variable (carrier inversion or thermal detuning), gives rise to
alternating active and silent phases analogous to neuronal bursting.

4.2. Semiconductor lasers model of the optical neuron

Semiconductor lasers became a natural continuation of neuron-like laser studies, as they combine
strong nonlinearity, fast carrier dynamics, and on-chip integrability [153]. Unlike bulky gas lasers,
they feature subnanosecond relaxation times and can be electrically pumped, making them ideal for
compact photonic neurons [154]. Their behavior, from relaxation oscillations to spiking and chaotic
regimes, is described by the same rate-equation framework introduced in Eq. (4.1), but with carrier
lifetimes and saturation mechanisms characteristic of semiconductor media, where the photon lifetime
is typically in the range of 1-10 ps, the carrier lifetime 0.1-2 ns, and the gain saturation governed
by carrier depletion in quantum wells. Figure 5 illustrates the physical mechanism of neuron-like
excitability in a semiconductor laser with optical feedback.

Carrier injection modulates the gain region, while partial reflections at the cavity facets sustain the
optical field. The interplay between gain saturation, cavity losses, and feedback delay leads to the
injected optical or electrical current exceeding the lasing threshold and carriers being rapidly depleted
in the gain region (green), thereby resulting in a short optical pulse — the optical analogue of a neuronal
spike. The partially reflecting facets sustain the intracavity field, while cavity losses and the feedback
loop (blue arrow) determine the recovery dynamics and refractory period.The bottom arrow emphasizes
that the photon lifetime 7, is much shorter than the carrier lifetime 7, a key condition for excitability
7, < 7, The insets show the temporal profiles of the input current and the resulting output spike.
Together, these elements demonstrate how fast photon dynamics combined with slower carrier recovery
can reproduce the threshold-and-refractory behavior characteristic of biological neurons.
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Figure 5. Schematic representation of neuron-like excitability in an edge-emitting semicon-
ductor laser under optical or electrical injection.

Tiana-Alsina et al. [155] further demonstrated that semiconductor lasers respond to periodic forcing
in a manner qualitatively similar to neurons, exhibiting spike-rate modulation dependent on both input
amplitude and frequency. Comparable dynamics have since been observed across diverse laser systems,
including fiber lasers [156] and integrated photonic devices [157], indicating a broader applicability of
laser-based neuromorphic principles.

Early implementations relying on discrete semiconductor sources faced significant limitations in
scalability and integration, constraining their practical deployment. Addressing these challenges, Pruc-
nal et al. [158] systematically analyzed the dynamical similarities between semiconductor lasers and
neurons, while highlighting vertical-cavity surface-emitting lasers (VCSELSs) as particularly promising
candidates for scalable network architectures.

4.3. VCSEL-based optical neuron model

The observation of neural-like dynamics was later extended to vertical-cavity surface-emitting lasers
(VCSELSs), where rich nonlinear behaviors, including spiking regimes and optical bistability, have been
demonstrated [159—-161]. Among various photonic neuron implementations, VCSEL-based systems
are notably compact and technologically mature, accurately reproducing neuronal excitability through
carrier—photon interactions. Their dual electrical and optical excitability allows them to function as
direct, light-driven analogues of biological neurons—a conceptual parallel to optogenetics, albeit with
a different physical mechanism. Collectively, these attributes position VCSELs and related photonic
architectures as leading candidates for scalable, high-performance neuromorphic computing. It is im-
portant to note that photonic neural networks inherently form complex multi-loop feedback systems,
where parameters such as coupling delays, detuning distributions, and gain dynamics govern overall
stability, synchronization, and bifurcation structure.
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VCSELs are particularly attractive for neuromorphic applications due to their compactness, low
threshold currents, and inherent compatibility with photonic integration. Their dynamical response is
governed by the interplay between carriers and photons, captured by the following rate equations:

ds 1 N

— = [G(N)— —]S +B—,

dt T, T, 4.2)
d—N = L - E -G(N)S .
dt  qV 1, ’

where § is the photon density, N the carrier density, 7, and 7, the photon and carrier lifetimes, G(N)
the optical gain, 8 the spontaneous emission factor, / the injection current, g the electron charge, and
V the active volume.

A transient increase in the injection current raises the carrier density N above the lasing threshold,
triggering a rapid, spike-like response in the photon density S. This excitability originates from the
separation of timescales (7, > 7,), where the fast photon dynamics produce the spike, while the
slower carrier recovery defines the refractory period. This fast—slow structure closely mirrors classical
neural models and aligns with the dynamical principles of other excitable photonic systems, such as
the Fabry—Pérot saturable absorber neuron described by Eq. (2.3).

A series of experimental studies has successfully implemented artificial neurons using optoelec-
tronic circuits pairing VCSELSs with single-photon avalanche photodiodes [151, 159—-161]. These sys-
tems reproduce hallmark features of biological neurons, including threshold behavior, all-or-nothing
spiking, absolute refractory periods, and stimulus-dependent firing rates. By varying the duration of
the optical excitation pulses, such neurons can support both temporal and rate coding schemes. Fur-
thermore, adjusting the pulse amplitude allows operation in deterministic or probabilistic regimes, and
stochastic resonance effects have been investigated to enhance signal detection.

Advancing from single-neuron operation to functional networks requires structured interconnectiv-
ity and control. Reservoir computing (RC) offers a powerful framework for both processing informa-
tion and dynamically analyzing the collective behavior of such optoelectronic networks.

Figure 6 illustrates a VCSEL-SPAD reservoir computing network, conceptually extending the ex-
citable optoelectronic neuron demonstrated by Chizhevsky et al. [159] into a recurrent photonic archi-
tecture. The system comprises three functional layers: an input layer for injecting optical or electrical
stimuli, a central reservoir layer that performs nonlinear, transient signal processing via excitable dy-
namics, and a readout layer that linearly combines reservoir states to generate an output.

The fundamental unit, shown in Figure 6, is an artificial neuron built from an arbitrary function
generator (AFG), a VCSEL, a variable optical attenuator (VOA), a single-photon avalanche diode
(SPAD), and a monitoring photodiode (PD). In operation, the AFG drive signal is converted into an
optical pulse by the VCSEL. This pulse is split: one path goes to the monitoring PD, while the other
passes through the VOA to the SPAD. The SPAD acts as a threshold element, producing a digital output
pulse only when the incident optical power exceeds its sensitivity, thereby emulating the all-or-none
spiking behavior of a biological neuron. A local feedback loop from the SPAD output to the AFG
input creates an inhibitory or refractory period, defining the neuron’s excitability and recovery time.
The combination of deterministic VCSEL carrier—photon dynamics (governed by rate equations like
Eq. (4.2)) and the stochastic thresholding of the SPAD successfully reproduces key neuronal features,
including threshold activation, a refractory period, and stereotyped spike output.
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Figure 6. Schematic of a single optoelectronic neuron based on the experimental configu-
ration showing the VCSEL-SPAD coupling with local feedback that reproduces neuron-like
excitability. Reservoir layer is composed of multiple VCSEL-SPAD neurons interconnected
through optical and electrical feedback pathways. Input and output layers provide signal in-
jection and readout from the optical reservoir, respectively.

The reservoir layer is formed by interconnecting an array of these VCSEL-SPAD neurons through
optical or electrical links. The collective state of the reservoir, denoted x(7), can be represented by
the optical intensities S;(¢) or the spiking events of each neuron i. Input stimuli u(¢) are coupled into
the reservoir via an input weight matrix W;,. Internally, neurons interact through delayed recurrent
connections characterized by a weight matrix W,,, where delays in A¢ account for signal propagation
and detector response times.

Finally, the readout layer samples the activity of selected reservoir neurons (e.g., via SPAD outputs
or monitored PD signals) and applies a linear weight matrix W, to produce the final, task-dependent
output y(¢). Restricting learning to the readout layer has important implications for closed-loop bio-
photonic systems. Since the internal photonic dynamics remain fixed, the photonic substrate can pro-
vide a stable nonlinear transformation of neural signals, while adaptation occurs only at the interface to
biological activity. This separation facilitates co-adaptation between photonic processing and evolving
neural dynamics, as readout weights can be continuously updated without perturbing the underlying
photonic hardware. As a result, readout-level training naturally supports robust closed-loop optoge-
netic control, where stimulation waveforms are adjusted in response to measured neural states.

In compact form, the network’s dynamics can be described by the system:

dx
= = FX0) + Wiy X(2 = A1) + Wiy u(0), (4.3)

y(t) = Wout X(t)’

Mathematical Biosciences and Engineering Volume 23, Issue 4, 940-986.



971

where the nonlinear function F encapsulates the local excitable dynamics—thresholding, spike gener-
ation, and refractory behavior—of each individual VCSEL—-SPAD neuron. This framework presents a
pathway for implementing physical reservoir computing using scalable, neuromorphic photonic com-
ponents.

Further extending the utility of photonic architectures for network-level analysis, Banerjee et al.
[162] demonstrated that delay-coupled optoelectronic oscillators can successfully recover underlying
network topology, even in the presence of noise and heterogeneous delays. These findings confirm that
elementary photonic nodes, including VCSELSs and Fabry—Pérot saturable absorbers, can be effectively
analyzed and reconstructed at the network scale using RC methodologies.

Beyond spiking neurons, graded photonic neurons have attracted significant interest. These systems
preserve the essential nonlinearity and excitability of their spiking counterparts but operate without
a refractory period, enabling continuous response. For instance, Nie et al. [157] reported an inte-
grated on-chip quantum-dot laser that functions as a graded neuron, achieving processing rates up to
10 Gbaud, offering a memory window of ~ 1 ns, and performing reservoir computing without the need
for delayed feedback. This illustrates how excitability can be harnessed for ultrafast, continuous signal
processing.

Significant progress is also being made toward large-scale, trainable optical neural networks. Skalli
et al. [163] demonstrated a model-free, end-to-end trained VCSEL-based optical neural network scal-
able to thousands of neurons with GHz inference bandwidth. This represents a critical transition from
fixed-weight reservoir systems toward autonomous optical networks capable of in situ learning. De-
spite these advances, core challenges in scaling, system integration, and energy efficiency remain active
areas of research [164—166].

To provide a unified dynamical comparison across prominent photonic neuron classes, including
passive microresonators, Fabry—Pérot saturable absorber (FP-SA) lasers, and VCSEL-based neurons,
we performed canonical time-domain simulations (Figure 7) using normalized, device-independent
forms of Egs. (2.1), (2.3), and (4.2). Our goal was to highlight the universal dynamical motifs shared
across these physically distinct platforms.

All simulations were performed in normalized units using a Runge—Kutta 45 solver on an identical
temporal grid (0-50, 5000 points). Initial conditions were set to zero. The input excitation consisted of
a Gaussian pulse with an amplitude of 1.2 and a width of 0.5. This base signal was extended to explore
different regimes: it was applied singly to probe excitability, duplicated with a 4-unit separation to test
refractory behavior, combined with a continuous-wave step input of 0.6 to compare pulse and sustained
responses, and incorporated into a delayed feedback loop (delay 3.0, coefficient 0.3) to study recurrent
dynamics.

Model-specific parameters were chosen to operate each system in its excitable regime. For the
passive microresonator (Eq. (2.1)), normalized loss and coupling coefficients were set to 1 and 2,
respectively. For the Fabry—Pérot saturable absorber (FP-SA) laser neuron (Eq. (2.3)), the carrier
pump rate was 0.2 with unity decay constants. For the VCSEL model (Eq. (4.2)), the normalized pump
was set to 0.15, also with unity decay coefficients, and time was rescaled by the carrier lifetime.

The results, compiled in Figure 7, illustrate canonical dynamical regimes—excitability, refractori-
ness, response to sustained input, and delayed-feedback dynamics. Despite the distinct physical im-
plementations of a passive resonator, an FP—SA laser, and a VCSEL, their simulated responses exhibit
qualitatively similar nonlinear structures. This robust emergence of threshold activation, stereotyped
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Figure 7. Simulated time series of three canonical photonic neuron models under various
excitation conditions, highlighting their shared dynamical motifs. The three rows correspond
to: (i) a passive microresonator (governed by Eq. (2.1)), (i1) a Fabry—Pérot saturable ab-
sorber (FP-SA) laser neuron (Eq. (2.3)), and (iii) a VCSEL-based neuron (Eq. (4.2)). The
four columns illustrate distinct dynamical regimes: (a) Excitability: the system’s response to
a single suprathreshold pulse; (b) refractory behavior: the response to two successive pulses
separated by an interval of 4 normalized time units, showing suppressed spiking during re-
covery; (c) pulsed vs. continuous-wave (CW) excitation: a comparison of the responses to a
transient pulse and a sustained step input; and (d) delayed-feedback regime: dynamics under
feedback with a delay of 3 normalized time units and a coupling coefficient of 0.3. These
regimes correspond to biological excitability, refractory behavior, tonic firing, and recurrent
neural dynamics commonly observed in optogenetically driven circuits.

spiking, and recovery periods across diverse photonic platforms demonstrates that the excitable behav-
ior central to neuromorphic photonics is governed by universal nonlinear dynamical principles, rather
than being specific to a particular material system or device architecture.

5. Conclusions

Over the past decade, photonic neural networks have matured into a highly promising platform
for energy-efficient, high-speed computing. Beyond their clear potential to accelerate artificial intelli-
gence, these systems uniquely enable the modeling and manipulation of biological neural processes.
The convergence of photonics with optogenetics has been particularly impactful, establishing a nat-
ural framework for using light to probe and modulate neural activity, thereby positioning photonic
architectures as powerful tools for both emulating and interfacing with neurobiological dynamics.

The integration of biologically plausible mechanisms, such as spike-timing-dependent coding,
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synaptic plasticity, and excitability governed by fast—slow dynamics, has significantly enhanced the
realism and versatility of neuromorphic photonic systems. By aligning their operational principles
with the functional characteristics of biological neurons, these platforms serve a dual purpose: as high-
performance computational accelerators and as experimental testbeds for investigating neural phenom-
ena. This dual capability supports the simulation of optogenetic experiments, the optimization of
neuroprosthetic interfaces, and the development of hybrid systems for real-time interaction with neural
tissues.
Looking ahead, several synergistic research vectors are critical for advancing the field:

e [arge-scale integration and scalability: Developing dense, fully integrated photonic circuits with
hundreds to thousands of neurons is essential for realizing complex, brain-inspired architectures.

e Hybrid photonic—electronic learning: Combining the high-speed parallelism of photonics with
adaptive electronic control or on-chip training algorithms will enable fully trainable, large-scale
networks with real-time learning capabilities.

e Enhanced biological fidelity: Incorporating more detailed neuronal and synaptic models, includ-
ing dendritic processing and neuromodulatory feedback, will improve the realism and predictive
power of optical neuromorphic simulations.

e Bio-interfaced systems: Directly coupling photonic circuits with living neural tissue or organoids
could create transformative, closed-loop platforms for neurophysiological studies and therapeutic
intervention.

e Reservoir computing and temporal processing: Exploiting the intrinsic dynamics of photonic sys-
tems for temporal coding and memory offers a direct path to ultra-fast, brain-inspired information
processing.

e Energy efficiency and robustness: Optimizing device design, network architectures, and noise
tolerance remains paramount for the practical deployment of photonic neural systems in real-
world applications.

A critical frontier is the development of a complete closed-loop optogenetic interface, which re-
quires integrated photonic components for both writing (stimulation) and reading (sensing) neural ac-
tivity, coupled with neuromorphic processing for real-time adaptation. Emerging technologies, such as
optoelectronic synaptic transistors based on organic semiconductors [167, 168], provide this essential
bidirectional link. These devices function as biorealistic, tunable synaptic elements that transduce opti-
cal readout signals into adaptive electronic responses, enabling on-chip learning and dynamic modula-
tion of optical stimulation. This synergy points toward fully autonomous, intelligent neuromodulation
systems.

From a system-level perspective, photonic neurons and optogenetic interfaces act as co-located
actuators and sensors within hybrid neural systems. Their performance must be evaluated through rig-
orous metrics of stability, robustness to parameter drift, and resilience to measurement noise. While
this engineering-driven approach, which often combines weighting, memory, and activation within a
single photonic element, may reduce strict biological modularity, it offers distinct advantages in scal-
ability and energy efficiency. Consequently, training and inference in these systems rely on principles
of programmability and device-level reconfigurability, diverging from, yet complementing, biological
network organization.

In summary, neurophotonics integrates photonics, neuroscience, and computation to forge a unique
interdisciplinary pathway. By merging classical optical nonlinearities with bio-inspired and optoge-
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netic strategies, it enables systems that are fundamentally efficient, high-speed, and adaptive. Sustained
progress in this arena promises not only to accelerate the development of powerful neuromorphic com-
puting but also to revolutionize our understanding of the brain and pioneer new frontiers in medical
diagnostics and therapeutics.
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