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Abstract

Neuromorphic computing has attracted considerable attention as an efficient approach to over-
coming the limitations of conventional von Neumann architectures. For the practical hardware
implementation of artificial neural networks (ANNs), device operation should extend beyond
individual cells to array-level architectures, typically realized as crossbar arrays in which synaptic
weights are stored as the conductance states of individual cells and directly utilized for matrix—
vector multiplication (MVM). In this context, crossbar arrays serve not only as high-density inte-
gration platforms but also as core computing architectures in which stored conductance distribu-
tions are directly utilized for MVM. However, conventional electrically modulated arrays often suf-
fer from unintended disturbances through shared interconnects during programming and erasing,
thereby limiting computational reliability. As a promising alternative, optically modulated systems
enable selective and parallel weight control in a non-contact manner. Realizing these advantages
in practical computing, however, requires optical learning to be implemented at the array level. In
this Perspective, we review optically programmable crossbar arrays from the perspective of array-
level ANN implementation. We first discuss the key mechanisms governing optical programming
and erasing, and then examine the major requirements for array-level optical learning, includ-

ing update uniformity, reliability, and efficiency. Finally, we highlight current progress, remain-
ing challenges, and future perspectives toward the realization of optically programmable crossbar
array-based ANN hardware.

1. Introduction

Recent advances in artificial intelligence have intensified the demand for computing platforms capable of
processing large volumes of real-time data at high speed and with high energy efficiency [1, 2]. However,
conventional digital electronic systems, such as graphics processing units and tensor processing units,
retain physically separate memory and computation units, requiring repeated transfer of weights through
the memory hierarchy and thereby incurring latency and energy overheads [3—6]. These limitations have
driven growing interest in alternative computing architectures that can overcome the structural con-
straints of conventional von Neumann systems [7, 8].

Neuromorphic systems inspired by biological neural networks have attracted considerable atten-
tion as promising candidates for next-generation computing platforms [9-12]. In biological neural net-
works, memory storage and signal processing occur concurrently, thereby enabling highly parallel and
energy-efficient computation [13, 14]. To implement this operational principle in hardware artificial
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Figure 1. Conceptual framework of array-level optical learning for neuromorphic computing: left, optical programming and
erasing modulate the conductance states of array cells. Middle, the programmed conductance matrix is directly used for array-
level matrix—vector multiplication, where input voltages applied to the rows generate accumulated output currents along

the columns. Right, the resulting current pattern is utilized for image recognition tasks. The MIT license (MIT) Copyright
2017 Zalando SE (https://tech.zalando.com).

neural network (ANN) systems, devices should be configured in array formats rather than operated
individually [15-17]. Among various hardware architectures, crossbar arrays have attracted particular
interest because synaptic weights are stored as the conductance states of individual cells, while matrix—
vector multiplication (MVM) is performed directly within the same physical array. When input volt-
ages are applied simultaneously to the rows, each cell performs multiplication according to Ohm’s law,
and the resulting output currents are accumulated along the columns according to Kirchhoff’s current
law [18]. This in-memory operation reduces repeated weight transfer and enables highly parallel analog
MVM. By contrast, in many current optical and photonic neural network (ONN/PNN) architectures,
the memory elements that maintain the synaptic weights are physically separated from the optical pro-
cessing unit that performs MVM. Thus, unlike crossbar arrays, in which the stored conductance states
directly participate in MVM within the same physical array, memory and computation remain sepa-
rated at the system level in many ONN/PNN implementations, requiring additional interfaces between
functional components and thereby increasing overall system complexity. Therefore, to fully realize these
architectural advantages, practical crossbar array-based ANN hardware systems require a precise and reli-
able array-level weight-update scheme that can accurately establish the target conductance distribution
[19, 20].

However, satisfying this requirement remains challenging with conventional electrical programming
and erasing schemes. At the array level, electrical weight-updating suffers from two major limitations:
the update process becomes progressively inefficient as the array size increases, and the target conduc-
tance distribution across the array is difficult to establish with high precision [21-23]. This is because
the conductance of each cell in crossbar arrays is generally adjusted through serial, cell-by-cell program-
ming and erasing, which inherently constrains update efficiency in large-scale arrays [24-26]. In addi-
tion, during electrical updating, part of the applied bias can affect unselected cells even though they are
not intended to be modified [27-29]. Such unintended electrical stress can perturb their stored conduc-
tance states, thereby compromising the precision and reproducibility of array-level weight-updating [30,
31]. Accordingly, optical conductance modulation has emerged as a promising strategy for array-level
weight control [32-34]. Because light can be spatially focused and selectively delivered to desired cells
or regions, it can enhance update selectivity while suppressing electric-field-induced conductance distur-
bances in unselected cells [35-37]. Furthermore, the spatial selectivity of light enables parallel updating
of multiple cells or regions simultaneously [38]. These characteristics make optical learning particularly
attractive for rapid weight-updating in large-scale crossbar arrays.

Previous studies on optically modulated devices have largely concentrated on demonstrating
light-induced conductance modulation at the individual-device level and elucidating the associated
mechanisms [39]. Consequently, array-level requirements pertinent to practical ANN hardware have
received relatively limited attention in existing reviews. From this standpoint, the present perspective
addresses optically modulated devices specifically in the context of array-level ANN implementation
(figure 1). We first categorize optically modulated devices into unidirectional and bidirectional opti-
cal modulation schemes according to the extent of light involvement in the weight-update processes.
We then discuss the key requirements for array-level optical modulation and examine representative
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Figure 2. Schematic illustrations of representative mechanisms for unidirectional optical conductance modulation include (a)
charge trapping at defect sites, (b) charge trapping in floating gates, (c) heterointerface-induced carrier separation, (d) ionization
of oxygen vacancies, (e) polarization of ferroelectric layer, and (f) phase transition.

demonstrations in which optical weight-updating is incorporated into array-level ANN operation.
Finally, we discuss the remaining challenges and future directions for translating proof-of-concept
demonstrations of optically programmable devices into scalable crossbar arrays for practical ANN hard-
ware implementation.

2. Mechanisms for optical weight modulation

Weight modulation includes a programming process that sets the conductance of a cell to a desired value
and an erasing process that returns the programmed conductance to its initial state [40—42]. In opti-
cally modulated ANN systems, these operations can be categorized into two types depending on the
extent to which light is involved. One is unidirectional optical modulation, in which light participates

in only one of the programming or erasing processes, whereas the other is bidirectional optical modula-
tion, in which both processes are performed solely by light. Because the conductance of each cell serves
as a synaptic weight in ANN operation, the optically modulated conductance state should remain suffi-
ciently stable after modulation. Accordingly, this section discusses the mechanisms underlying these two
schemes, focusing on how optically modulated conductance states are established and maintained as reli-
able weight levels for ANN operation.

2.1. Unidirectional optical modulation mechanism
Unidirectional optical modulation refers to a conductance-update scheme in which light participates in
either programming or erasing, while the reverse process is achieved by a non-optical stimulus. The
optically driven process can reduce unintended disturbances in unselected cells; however, because con-
ductance modulation in the opposite direction is typically performed electrically, such disturbances are
not completely eliminated in array architectures. Despite this operational limitation, unidirectional opti-
cal modulation can be implemented using a single-photoactive-layer-based structure, offering advantages
in structural simplicity and ease of fabrication.

Charge trapping, a representative mechanism for regulating the effective carrier concentration in
the channel, can originate from defect-related trap states or interfacial potential wells arising from dif-
ferent band-alignment between two materials, as illustrated in figure 2(a) [43—45]. When light is inci-
dent on the photoactive layer, photogenerated electron—hole pairs within the photoactive layer are sep-
arated, after which a portion of the carriers migrates to trap sites and becomes captured [46—48]. This
process suppresses recombination and alters the effective carrier concentration in the channel, result-
ing in a corresponding conductance change. In many organic materials (e.g. C8-BTBT and pentacene)
and oxide materials (e.g. InGaO and ZnO), dangling bonds generated by structural discontinuities
at the interface between the dielectric and the photoactive layer can act as trapping centers for pho-
togenerated carriers [49]. In low-dimensional materials with a high surface-to-volume ratio, such as
MoS; and ReS,, defect-induced surface trapping can dominate charge transport and recombination
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behavior. Floating-gate-based conductance modulation, in which materials such as CsPbBr; quantum
dots (QDs) and carbon nitride (C3N4) serve as floating-gate layers, is achieved using a device structure
in which an isolated floating-gate layer is inserted between the channel and the gate insulator, as shown
in figure 2(b). In such devices, optical modulation can be described by two representative charge-transfer
pathways, depending on the location of photocarrier generation and the direction of carrier transfer. In
the first pathway, photogenerated carriers in the photoactive channel layer tunnel through the tunneling
layer and are trapped or stored in the floating-gate layer. In the second pathway, photocarriers gener-
ated in the floating-gate layer tunnel through the tunneling layer and are injected into the channel layer.
Although the direction of charge transfer differs between these two pathways, both processes generate
stored or spatially separated charges in the vicinity of the channel/floating-gate stack. These charges are
not readily recombined after illumination because they are confined in the floating-gate layer or sepa-
rated across the tunneling layer. The resulting electrostatic potential shift modulates the effective carrier
concentration in the channel, leading to a persistent change in device conductance even after the optical
stimulus is removed [50, 51]. Although the photoactive layer is typically used as the channel, an alter-
native approach employs different materials for the channel and the photoactive layer to form a junc-
tion, thereby leveraging potential wells arising from band-alignment offsets such as amorphous indium-
gallium—zinc oxide (a-IGZO)/MoS, heterostructure, where a-IGZO serves as the channel and MoS, func-
tions as the photoactive layer, or a MoS,/3,4,9,10-perylenetetracarboxylic dianhydride (PTCDA) het-
erostructure, where MoS, serves as the channel and PTCDA acts as the photoactive layer [52]. As shown
in figure 2(c), under illumination, some photogenerated charges in the photoactive layer transfer to the
channel layer, where they are trapped by the interfacial energy-level offset, thereby suppressing recombi-
nation. Consequently, the carrier density in the channel is modulated, leading to a corresponding change
in conductance [53].

Another reported mechanism for conductance modulation in metal-oxide-based devices, such as
IGZO, indium oxide (In,03), and indium zinc oxide (IZO), is the photoinduced ionization of oxygen
vacancies, as illustrated in figure 2(d) [54]. Under illumination, neutral oxygen vacancies become ionized
and release free electrons, increasing the electron concentration in the channel and thereby enhancing
the conductance. Because these vacancies do not immediately neutralize due to a large activation-energy
barrier, the conductance does not rapidly decay after the light is turned off, enabling memory behavior.
Oxide semiconductors such as IGZO, In,03, and IZO are considered promising material platforms for
complementary metal-oxide—semiconductor (CMOS)-oriented integration because they combine rela-
tively low-temperature deposition with scalable large-area fabrication. Many oxide semiconductors can be
prepared in an amorphous form, thereby avoiding grain-boundary-related nonuniformity and facilitat-
ing relatively uniform electrical characteristics across large-area arrays [55]. Moreover, their compatibil-
ity with established deposition techniques, including sputtering and atomic layer deposition (ALD), has
enabled wafer-scale fabrication and monolithic three-dimensional integration demonstrations [56].

Another mechanism for modulating the carrier concentration in the channel is polarization-
based conductance modulation, in which ferroelectric materials, such as poly(vinylidene fluoride-
trifluoroethylene) (P(VDF-TrFE)), hafnium zirconium oxide (HZO), and aluminum scandium nitride
(AlScN), are employed as the polarization layer (figure 2(e)) [57]. The suitability of ferroelectric materi-
als for CMOS integration strongly depends on the material and fabrication. In this context, HZO and
AlScN have attracted particular attention as emerging platforms because they can be deposited using
established thin-film fabrication techniques. HZO can be deposited by ALD or sputtering, scaled to
ultrathin film thicknesses, and crystallized within thermal budgets of approximately 400 °C in back-end-
of-line-compatible device demonstrations [58, 59]. AIScN can likewise be deposited by reactive sputter-
ing and has been incorporated into optoelectronic ferroelectric devices fabricated within silicon BEOL-
compatible process windows, making it another promising candidate for CMOS-integrated optoelec-
tronic devices [60]. When light is incident on an active layer formed on a ferroelectric layer, electron—
hole pairs are generated, and some of them drift toward and accumulate near the interface due to the
polarization-induced bound charges. The accumulated photoinduced charges generate an additional
internal electric field in the active layer, thereby altering the carrier density in the channel and inducing
a corresponding change in conductance.

As illustrated in figure 2(f), phase transition provides another mechanism for conductance mod-
ulation. Under high-energy illumination, electron—hole pairs are generated in the high-valence metal
oxide film (e.g. vanadium dioxide (VO,)), and the photogenerated electrons are promoted to the con-
duction band [61]. Meanwhile, photogenerated holes react with adsorbed water molecules to produce
protons. These photogenerated electrons and protons cooperatively reduce the valence state of the metal
ions from a higher to a lower oxidation state, which can lead to the formation of a hydrogenated bronze
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Figure 3. Schematic illustrations of representative mechanisms for bidirectional optical conductance modulation: (a) ionization
and neutralization of oxygen-vacancy-related states in a wide-/narrow-bandgap heterostructure under high- and low-energy
light, (b) ferroelectric-polarization-based conductance modulation at the channel/ferroelectric interface under high- and low-
energy light, and (c) photoinduced doping modulation governed by the adsorption and desorption of oxygen species under
high- and low-energy light.

phase. This process reconstructs the dominant conduction pathway and induces a transition in the resis-
tive state.

2.2. Bidirectional optical modulation mechanism

Bidirectional optical modulation relies on wavelength-dependent photoresponses to induce opposite con-
ductance changes for programming and erasing. This behavior can be realized by controlling the inter-
facial barrier through the built-in potential of a heterojunction formed between different photoactive
materials. Another approach employs a single photoactive layer, in which the doping level is modulated
in a wavelength-dependent manner to increase or decrease the carrier concentration depending on the
illumination wavelength.

As illustrated in figure 3(a), one representative strategy for implementing bidirectional conduc-
tance modulation through an interfacial barrier is to design a heterojunction composed of two mate-
rials with different bandgaps, such as pyrenyl graphdiyne/graphene/PbS QDs, IGZO/SnO/SnS, and
In, O3/ PBDB-T-2 F [62]. In general, a metal oxide is used as the layer with the relatively wider bandgap
material. Under high-energy illumination, oxygen-vacancy-related defect states in the wide-bandgap
metal oxide are ionized, releasing additional free electrons and thereby increasing the conductance
[63]. Photogenerated carriers are also generated in the relatively narrow-bandgap layer, and some of
them acquire additional energy under high-energy illumination and are subsequently transferred to
the metal oxide layer, where they contribute to charge transport [64]. As a result, the electron concen-
tration in the channel increases under high-energy illumination, enabling a programming process. In
contrast, under low-energy illumination, selective photoexcitation occurs only in the relatively narrow-
bandgap layer. Rather than being transported as current, the generated charges contribute to neutraliz-
ing the ionized oxygen vacancies in the metal oxide [65]. Accordingly, the additional electrons that had
increased due to oxygen-vacancy ionization are reduced, and the charge concentration in the channel
returns to its original level. As a result, an erasing process is achieved under low-energy illumination.
Another interfacial-barrier-based mechanism determines conductance modulation through the band
alignment formed at the channel/ferroelectric interface and the polarization state of the ferroelectric
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layer, as described in figure 3(b). Materials with this behavior include organic semiconductor/P(VDE-
TrFE) and CuPc/P(VDF-TrFE) heterostructures. When the channel layer is interfaced with the ferroelec-
tric layer, this built-in potential is formed and can induce the polarization of the ferroelectric layer to
align in a specific direction [66]. Under these conditions, in which the interfacial potential and polar-
ization state are established, different charge behaviors can arise depending on the illumination energy.
In general, the channel has a narrower bandgap than the ferroelectric layer. Therefore, under low-energy
illumination, optical absorption occurs primarily and selectively in the channel, and photogenerated car-
riers are also formed mainly in the channel. Although low-energy illumination generates photocarriers,
it does not provide sufficient energy for them to surmount the interfacial barrier. As a result, the gen-
erated photocarriers cannot cross the interfacial barrier formed between the channel and the ferroelec-
tric layer and instead accumulate near the interface. The electrons accumulated near the interface cre-
ate a local electric field, thereby inducing the pre-existing polarization of the ferroelectric layer to reori-
ent into a specific direction. The resulting polarization state continues to act as an effective electric field
on the channel even after the illumination is removed, thereby maintaining electron accumulation near
the interface and sustaining an increased effective electron concentration in the channel. Accordingly,
under low-energy illumination, interfacial electron accumulation, ferroelectric polarization alignment,
and an increase in channel electron concentration are sequentially linked, ultimately giving rise to pro-
gramming behavior with increased conductance [67, 68]. In contrast, under high-energy illumination,
photocarriers are generated not only in the channel but also within the ferroelectric layer. Unlike under
low-energy illumination, high-energy illumination provides sufficient additional energy for the photo-
carriers generated in the channel to surmount the interfacial barrier. As a result, the electrons that had
accumulated near the interface under low-energy illumination move across the interface, and the pre-
viously formed interfacial electron accumulation is relaxed. Accordingly, the polarization alignment of
the ferroelectric layer induced by charge accumulation returns to its original direction, and the effective
electron concentration in the channel also recovers to its initial level. Consequently, an erasing process
that restores the conductance toward its original level can be achieved under high-energy illumination.
Another approach involves a photoinduced doping modulation mechanism that enables bidirectional
optical modulation using a single photoactive layer (figure 3(c)), as demonstrated in materials such

as PdSe; and SnSe. This mechanism is typically observed in p-type low-dimensional materials, where
strong-electronegativity adsorbates such as moisture or oxygen molecules induce p-type doping at the
surface [69]. Under low-energy illumination, adsorption of oxygen molecules is preferentially main-
tained at the surface. Specifically, oxygen molecules are adsorbed on the surface and capture electrons
owing to their strong electronegativity, thereby forming superoxide ions (O>~). This electron trapping
increases the hole concentration and gives rise to a p-type doping effect in the channel. Although low-
energy illumination can generate photocarriers, it does not provide sufficient energy to neutralize the
adsorbed oxygen ions and induce their desorption. Therefore, the adsorbed oxygen ions remain on the
surface, while conductance enhancement occurs through the photogenerated carriers. Such low-energy
illumination consequently leads to a programming process that increases the conductance. In contrast,
under high-energy illumination, photocarriers are generated and the adsorbed oxygen ions on the sur-
face are neutralized, causing the adsorbed O?~ species to desorb and be released back into the gas phase.
Because this desorption process removes oxygen molecules that act as electron acceptors at the sur-
face, the electron concentration in the channel increases and the hole concentration correspondingly
decreases. As a result, the conductance decreases, thereby enabling an erasing process.

3. Optical programming at the array-level for neuromorphic computing

3.1. Requirements for array-level ANN operation

For ANN implementation, weight modulation should be considered at the array level, where pro-
gramming and erasing should precisely establish the target conductance distribution across the array
[70]. Key considerations include how uniformly a given programming or erasing update condition is
reflected across multiple cells, how well the states of previously programmed cells are preserved while
selected cells are being updated, and how rapidly and efficiently large-scale weight-updating can be
carried out.

Weight-update uniformity refers to the extent to which an identical programming or erasing process
produces consistent conductance changes across multiple cells (figure 4(a)). This is a critical require-
ment for efficiently implementing a target weight distribution in large-area arrays without adjusting the
update conditions for individual cells. In conventional electrical weight-update schemes, intrinsic device-
to-device variation and position-dependent voltage drops during update can each cause the conductance
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Figure 4. Key operational requirements for array-level ANN implementation. (a) Weight-update uniformity for achieving con-

sistent conductance modulation across multiple cells under identical update conditions. (b) Weight-update reliability for main-
taining stable and reproducible conductance modulation during repeated programming and erasing cycles. (c) Fast and energy-
efficient update capability for enabling rapid and scalable modulation of weights during array-level operation.

states of individual cells to deviate from their intended values even under identical applied conditions
[71, 72]. From this perspective, optical conductance modulation is particularly valuable because it
enables more uniform weight-updating during repeated array-level update operations.

Weight-update reliability refers to how well the states of previously programmed cells are preserved
while selected cells are being updated as illustrated in figure 4(b). In array-based ANN systems, this
requirement becomes particularly important because learning involves repeated updates across large
numbers of cells [73, 74]. During electrical updating, unintended bias on unselected cells can perturb
stored conductance states and progressively distort the programmed weight distribution [75]. From this
perspective, optical conductance modulation is advantageous because optical stimuli can be confined to
selected cells or defined regions through laser scanning or mask-assisted illumination, thereby reducing
disturbance to neighboring cells.

Fast and energy-efficient update capability refers to how rapidly and efficiently large numbers of
weight states can be adjusted during programming and erasing, and it therefore strongly influences the
scalability of array-level operation (figure 4(c)). Because array-level learning requires repeated conduc-
tance modulation across many cells, low programming speed and repeated tuning can limit learning
throughput while increasing time and energy overhead [76]. In addition, insufficient weight-update uni-
formity and reliability can increase the need for repeated program-verify operations, making this issue
more critical as the array size increases.

A quantitative analysis of the additional energy and time overhead associated with program—verify
operations in electrical programming showed that, in a resistive-memory crossbar, the write energy and
latency were 3.391 nJ and 14.236 ns, respectively, without verification. When a single verification step
was included, these values increased to 3.493 nJ and 19.389 ns, respectively. Thus, even one verification
step increased the write energy by approximately 3.0% and the latency by approximately 36.2%. Because
these overheads can accumulate when verification and corrective programming are repeated, reducing
the number of program-verify operations is important for the implementation of large-scale arrays [77].
By contrast, optical programming does not require the programming stimulus to be delivered through
shared row and column interconnects and can spatially confine the stimulus to selected cells or defined
regions. Therefore, optical programming can update multiple cells in parallel while reducing the verifica-
tion and correction operations associated with disturbances in unselected cells.

In addition, optoelectronic devices exhibit relatively low energy consumption during weight updates,
further supporting their potential for large-scale array implementation. In a black phosphorus/CdS opto-
electronic device, the estimated energy consumption was 0.43-8.9 fJ per optical spike, compared with
25 f] per electrical spike in the same device. Under the reported conditions, the energy consumed per
optical spike was therefore approximately 2.8-58 times lower than that consumed per electrical spike
[78]. In another optoelectronic memristor based on an ITO/SiO,/Al,05/Pt structure, the estimated
energy consumption was 80 pJ per optical programming pulse, whereas the electrical programming
energy was 18.36 nJ per pulse, corresponding to an approximately 230-fold reduction in programming-
pulse energy [79]. These results quantitatively demonstrate the potential energy-saving advantages of
optical conductance modulation at the individual-device level. When combined with spatially parallel
weight updating, these energy advantages can further enhance the scalability of optical programming
toward large-scale arrays.
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PC + FPGA

MNIST

Array-Level Classification

Figure 5. Schematic illustration of array-level image classification in hardware artificial neural networks (ANN) system.
Preprocessed visual inputs, such as Modified National Institute of Standards and Technology (MNIST) digits, fingerprints, and
faces, are converted into voltage vectors and applied to the array, where the stored conductance distribution generates parallel
column-current outputs for classification.

3.2. Array-level applications in neuromorphic computing
Neuromorphic hardware minimizes data movement by directly utilizing stored device states for compu-
tation, thereby enabling parallel and energy-efficient information processing. These advantages become
even more pronounced in array architectures, where the conductance state of each cell serves as a
weight. As illustrated in figure 5, when input signals are simultaneously applied to each row, current
responses determined by the stored conductance distribution are generated in parallel and accumulated
along each column, so that each output reflects the weighted response of the input to the correspond-
ing stored weight pattern [80, 81]. Thus, the significance of the array lies not merely in expanded stor-
age capacity, but in its ability to directly generate computational responses from stored conductance
patterns. This characteristic is particularly valuable for recognition tasks, such as Modified National
Institute of Standards and Technology (MNIST) dataset, fingerprint, and face recognition, in which mul-
tiple spatial features should be compared simultaneously. After an input image is preprocessed into pixel
and converted into corresponding input voltages, the resulting output current in each column depends
on how strongly the input components overlap with high-conductance cells in the stored pattern.
Columns with stronger overlap produce larger output currents, whereas those associated with lower-
conductance regions yield smaller responses. By comparing the outputs from multiple columns, the array
can determine which stored pattern best matches the input, providing the basis for both matching and
classification [82, 83].

Although many previous studies have estimated classification accuracy by mapping experimen-
tally measured multilevel conductance states of individual devices onto simulated array weights in
software-based ANNs, such results primarily demonstrate the prospective utility of individual devices
rather than the functionality of an integrated hardware ANN array [84]. Because learning and infer-
ence are not executed within a physical array, these evaluations cannot determine whether a target
conductance distribution can be accurately established and preserved once many cells are integrated
and operated collectively [85]. Even demonstrations extended to small-scale arrays, such as 3 x 3 or
5 X 5, have largely been validated only at the level of simple visual memory, denoising, or pattern
mapping, rather than establishing the feasibility of actual array-level computation. Such small-scale
demonstrations do not sufficiently reveal the cumulative effects of cell-to-cell variation and distur-
bance in unselected cells during repeated updates, both of which increasingly govern computational
fidelity as the array size grows. Consequently, establishing optically modulated devices as practical neu-
romorphic computing platforms requires more than simulation-based classification results or proof-of-
concept small-array demonstrations; it requires direct evidence that large-scale arrays can implement
and maintain the programmed conductance distribution needed for reliable MVM and practical image
recognition.
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Toward Advanced Optical ANN Systems
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Dependence
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Figure 6. Schematic illustrations of key directions toward advanced optical ANN systems: (a) Development of stable and simple
single-layer devices beyond complex and environmentally sensitive structures. (b) Extension of device-level optical modulation
to one-shot array-level optical training. (c) Advancement from proof-of-concept studies to system-level hardware validation for
practical optical neuromorphic computing.

4. Conclusion and perspective

In this review, we have highlighted recent progress in optical conductance modulation for array-level
ANN systems. From this perspective, optical learning offers two major advantages: it can confine weight-
updating to selected cells without unintended conductance disturbance, and enable simultaneous and
selective updating of multiple cells through controlled illumination. These characteristics make optical
learning a promising strategy for improving weight-update reliability, training speed, and energy effi-
ciency in hardware ANN systems. Nevertheless, several issues should still be resolved before this concept
can be translated into practical hardware ANN platforms.

First, it is necessary to broaden the range of materials and device architectures capable of stable bidi-
rectional optical conductance modulation as illustrated in figure 6(a). Most of the bidirectional optical
conductance modulation devices reported to date are based on heterostructures composed of two active
layers with different bandgaps [86, 87]. In these structures, not only the photoresponse of each material
but also the interfacial band alignment, trap states, and barrier formation collectively influence device
operation. Therefore, in large-scale integration processes, even slight variations in the interlayer junction
state can lead to device-to-device variations in conductance modulation characteristics, making it diffi-
cult to achieve uniform and reproducible operation across the array. In addition, the strong dependence
on specific material combinations and junction configurations further limits structural design flexibil-
ity. Although several single-material systems capable of bidirectional optical conductance modulation
have also been reported, many of them rely on the adsorption and desorption of oxygen or moisture, or
on changes in doping states induced by variations in the external environment. These mechanisms offer
the advantage of enabling bidirectional modulation in a relatively simple manner under specific condi-
tions, but they still suffer from limitations in terms of long-term stability against oxidation and opera-
tional stability under varying oxygen and moisture partial pressures. Therefore, to achieve stable bidirec-
tional optical conductance modulation with high stability and simple device structures, it is important
to develop single active layer systems that can provide reversible conductance modulation depending on
the wavelength or optical stimulation conditions, without relying on complex interfacial engineering or
external environmental factors, while maintaining structural and electrical stability under repeated opti-
cal operation.

Second, to fully realize the advantages of optical learning, device-level conductance modulation
should be extended to array-level one-shot optical weight-update (figure 6(b)). Here, ultimate one-shot
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optical learning refers to a scheme in which a single application of a spatially engineered optical stimulus
directly sets each cell in the array to a different target conductance state, without sequential cell-by-cell
scanning, repetitive pulse application, or subsequent correction steps. Most array-level optical learning
studies reported to date have relied on binary transmission and blocking-pattern masks or multibeam-
laser-based optical updating as strategies to enhance selectivity and parallelism and thereby improve
learning efficiency [88, 89]. Although these strategies are effective for the selective learning of specific
cells or local regions, they are not well suited for implementing complex weight distributions. In such
cases, they require either multiple optical training steps with a series of masks or multiple light sources
combined with sophisticated optical alignment systems. As a result, system complexity increases, and
scalability toward large-area arrays is constrained. These limitations constitute a major barrier to the
realization of one-shot optical weight modulation at the array level. To achieve this, a simple optical
source should be able to deliver, in a single step, a spatially varying transmittance pattern or position-
dependent light-intensity profile that encodes the target conductance of each cell, without relying on
complex multi-source configurations or precise optical alignment systems. In conventional semiconduc-
tor microfabrication, grayscale-mask-based photolithography has been used to precisely control local
exposure dose, and more recently, concepts such as active gray-tone masks or dynamic photomasks
based on liquid-crystal devices have also been proposed [90, 91]. While these approaches have thus far
been explored mainly in other fields, they can provide a useful conceptual and technical framework for
optical weight-update schemes. Because such approaches can generate position-dependent optical stim-
ulation intensities even with a single light source, they hold strong potential for extension into one-shot
optical learning platforms that simultaneously assign target weights to individual cells. In other words,
future research should move beyond simple cell selectivity toward directly encoding the weight matrix
into the spatial distribution of light.

Finally, for optical learning to translate into practical neuromorphic computing hardware, it should
advance beyond proof-of-concept demonstrations at the single-device or small-array level toward large-
scale hardware implementation and extension to actual system level as shown in figure 6(c). Although
many studies to date have demonstrated excellent optical conductance modulation characteristics at
the single-device level, hardware-based computing with actual arrays has yet to be sufficiently realized
and has instead largely been inferred indirectly from simulation results. However, in practical hardware
ANN:g, it is important to consider not only the performance of individual devices but also the robust
realization of array-level characteristics, such as weight-update uniformity, reliability of conductance
updates without unintended disturbance to unselected cells, and the efficiency of large-scale weight-
updates. Therefore, whether these array-level characteristics can be stably maintained even in large-scale
systems and translated into consistent weight-updating and reliable computing across the entire array
should be validated through direct hardware-level demonstrations. Furthermore, for practical applica-
tions, the development of optical learning should proceed beyond proof-of-concept arrays toward inte-
gration at the system level [92]. Achieving this integration can be a critical step toward system-level neu-
romorphic hardware. Overall, optical weight modulation holds strong potential to overcome the struc-
tural limitations of conventional electrical learning schemes and to enable more precise and parallel
array-level learning.

Compared with previously proposed reference benchmarks, current optically programmable devices
have demonstrated meaningful progress in several key performance metrics. The proposed reference
values for high-precision analog weight updates include a read voltage below 0.4 V, a weight-transfer
or programming time below 1 ms, and more than 1000 effective programming steps under symmetric
switching conditions [93]. Representative optically programmable devices have demonstrated a read volt-
age of 0.004 V and 4096 gradual conductance states, thereby reaching or exceeding the corresponding
reference values for low-voltage readout and the number of conductance states [94, 95]. By contrast, the
reported update time of 5 ms remains longer than the reference value of less than 1 ms [78]. Moreover,
these achievements were obtained separately in different individual devices rather than being simultane-
ously realized within a single device or array. Nevertheless, these results indicate the potential for fur-
ther advancement of optical programming technologies. For extension toward large-scale arrays, these
device-level characteristics should be validated together with array-level programming uniformity, update
reliability, operating speed, and energy efficiency.

Also, considering that neuromorphic systems ultimately aim to achieve on-chip learning, the energy
advantages of optical learning should also be retained at the overall system level, including the energy
consumption associated with light-source operation, optical transmission losses, and peripheral elec-
tronic circuits, rather than being limited to the optical energy incident on the device. In this context,
an on-chip memory system combining optically controlled phase-change memory with silicon-photonic
links was compared with an electrically controlled counterpart. Even when the electrical energy required
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to drive the light source, optical transmission losses, and the energy consumption of major peripheral
electronic circuits were included, the write and read energies per bit were approximately 5.97-fold and
3.8-fold lower, respectively [96]. Although this system is not itself a neuromorphic learning system,

it demonstrates that the energy advantages of optical parallelism can be retained at the overall system
level after the integration of the light source and peripheral electronics. These results support the poten-
tial extension of systems integrating optical weight modulation, on-chip optical delivery networks, and
peripheral electronic circuits toward energy-efficient optical neuromorphic hardware.

Therefore, if the challenges discussed in the Conclusion and Perspective section are addressed, optical
programming and erasing could evolve beyond a supplementary method of assisting electrical updates
and emerge as a new paradigm for optically programmed ANNSs systems. Furthermore, this progress is
expected to accelerate the development of next-generation neuromorphic hardware with high reliability,
high throughput, and scalability, ultimately laying an important foundation for the practical implemen-
tation of all-optically modulated neural networks.

Acknowledgment

This research was supported by Seoul National University of Science and Technology.

Data availability statement

No new data were created or analysed in this study.

ORCID iDs

Tae-Woo Lee 0000-0002-6449-6725
Hea-Lim Park @ 0000-0001-8370-7068

References

[1] Sebastian A, Le Gallo M, Khaddam-Aljameh R and Eleftheriou E 2020 Nat. Nanotechnol. 15 529-44

[2] Shastri B J, Tait A N, Ferreira de Lima T, Pernice W H P, Bhaskaran H, Wright C D and Prucnal P R 2021 Nat. Photon. 15 102—14

[3] Lee H-H, Ro J-S, Kim K-N, Park H-L and Lee T-W 2025 Curr. Opin. Solid State Mater. Sci. 35 101215

[4] Wang Z et al 2017 Nat. Mater. 16 101-8

[5] Xia Qand Yang] ] 2019 Nat. Mater. 18 309-23

[6] Choi]J-H, An H-M and Park H-L 2025 Flex. Print. Electron. 10 013501

[7] ChoiM, Choi G, Lee S, Lee T-W and Park H-L 2025 J. Phys. Mater. 8 042001

[8] Zhou H, Li S, Ang K-W and Zhang Y-W 2024 Nano-Micro Lett. 16 121

[9] Yang]J-Q, Wang R, Ren Y, Mao J-Y, Wang Z-P, Zhou Y and Han S-T 2020 Adv. Mater. 32 2003610

10] Rathi N, Chakraborty I, Kosta A, Sengupta A, Ankit A, Panda P and Roy K 2023 ACM Comput. Surv. 55 243

11] Kim N et al 2023 Adv. Intell. Syst. 5 202300016

12] Lee H-S, Ro J-S, Ko G-M and Park H-L 2023 Flex. Print. Electron. 8 043001

13] YuLand YuY 2017 J. Neurosci. Res. 95 225366

14] Zhang T, Yang K, Xu X, Cai Y, Yang Y and Huang R 2019 Phys. Status Solidi RRL 13 1900029

15] Jeong H and Shi L 2019 J. Phys. D: Appl. Phys. 52 023003

16] Kiani F, Yin ], Wang Z, Yang J ] and Xia Q 2021 Sci. Ady. 7 eabj4801

17] LeeJ, Cho I-S, Beak C-J, Park H-L and Lee S-H 2026 Adv. Funct. Mater. 36 15933

18] Jang] and Gi S-G 2026 Adv. Mater. Technol. 11 00588

19] Merced-grafals E J, Davila N, Ge N, Williams R S and Strachan J P 2016 Nanotechnology 27 365202

20] Shooshtari M, Serrano-gotarredona T and Linares-barranco B 2026 Adv. Intell. Syst. 8 ¢202500806

21] Yu S, Chen P-Y, Cao Y, Xia L, Wang Y and Wu H 2015 2015 IEEE Int. Electron Devices Meeting (Washington, 07—09 December 2015)
17.3.1-4

[22] LiH etal 2021 Adv. Intell. Syst. 3 2100017

[23] Qin Y-E Bao H, Wang F, Chen ], Li Y and Miao X-S 2020 Adv. Intell. Syst. 2 2000114

[24] Nguyen TV, AnJ, Oh S, Truong S N and Min K-S 2022 Neuromorph. Comput. Eng. 2 032001

[25] LiY and Ang K-W 2021 Adpv. Intell. Syst. 3 2000137

[26] Jin B, Wang Z, Wang T and Meng ] 2025 Research 8 0758

[27] ShiL, Zheng G, Tian B, Dkhil B and Duan C 2020 Nanoscale Ady. 2 1811-27

[28] Rao M et al 2022 Small Sci. 2 2100072

[29] Wang C et al 2019 ACM Trans. Des. Autom. Electron. Syst. 24 46:1-46:37

[30] Park ] and Kim H 2026 Adv. Funct. Mater. 36 €31235

[31] ZhouY, Hu X, Wang L and Duan S 2021 Sci. China Inf. Sci. 64 160408

[32] Pereira M E, Martins R, Fortunato E, Barquinha P and Kiazadeh A 2023 Neuromorph. Comput. Eng. 3 022002

11


https://orcid.org/0000-0002-6449-6725
https://orcid.org/0000-0002-6449-6725
https://orcid.org/0000-0001-8370-7068
https://orcid.org/0000-0001-8370-7068
https://doi.org/10.1038/s41565-020-0655-z
https://doi.org/10.1038/s41565-020-0655-z
https://doi.org/10.1038/s41566-020-00754-y
https://doi.org/10.1038/s41566-020-00754-y
https://doi.org/10.1016/j.cossms.2025.101215
https://doi.org/10.1016/j.cossms.2025.101215
https://doi.org/10.1038/nmat4756
https://doi.org/10.1038/nmat4756
https://doi.org/10.1038/s41563-019-0291-x
https://doi.org/10.1038/s41563-019-0291-x
https://doi.org/10.1088/2058-8585/adb595
https://doi.org/10.1088/2058-8585/adb595
https://doi.org/10.1088/2515-7639/adf35a
https://doi.org/10.1088/2515-7639/adf35a
https://doi.org/10.1007/s40820-024-01335-2
https://doi.org/10.1007/s40820-024-01335-2
https://doi.org/10.1002/adma.202003610
https://doi.org/10.1002/adma.202003610
https://doi.org/10.1145/3571155
https://doi.org/10.1145/3571155
https://doi.org/10.1002/aisy.202370050
https://doi.org/10.1002/aisy.202370050
https://doi.org/10.1088/2058-8585/ad0a37
https://doi.org/10.1088/2058-8585/ad0a37
https://doi.org/10.1002/jnr.24131
https://doi.org/10.1002/jnr.24131
https://doi.org/10.1002/pssr.201900029
https://doi.org/10.1002/pssr.201900029
https://doi.org/10.1088/1361-6463/aae223
https://doi.org/10.1088/1361-6463/aae223
https://doi.org/10.1126/sciadv.abj4801
https://doi.org/10.1126/sciadv.abj4801
https://doi.org/10.1002/adfm.202515933
https://doi.org/10.1002/adfm.202515933
https://doi.org/10.1002/admt.202500588
https://doi.org/10.1002/admt.202500588
https://doi.org/10.1088/0957-4484/27/36/365202
https://doi.org/10.1088/0957-4484/27/36/365202
https://doi.org/10.1002/aisy.202500806
https://doi.org/10.1002/aisy.202500806
https://doi.org/10.1109/IEDM.2015.7409718
https://doi.org/10.1002/aisy.202100017
https://doi.org/10.1002/aisy.202100017
https://doi.org/10.1002/aisy.202000114
https://doi.org/10.1002/aisy.202000114
https://doi.org/10.1088/2634-4386/ac781a
https://doi.org/10.1088/2634-4386/ac781a
https://doi.org/10.1002/aisy.202000137
https://doi.org/10.1002/aisy.202000137
https://doi.org/10.34133/research.0758
https://doi.org/10.34133/research.0758
https://doi.org/10.1039/D0NA00100G
https://doi.org/10.1039/D0NA00100G
https://doi.org/10.1002/smsc.202100072
https://doi.org/10.1002/smsc.202100072
https://doi.org/10.1145/332506
https://doi.org/10.1145/332506
https://doi.org/10.1002/adfm.202531235
https://doi.org/10.1002/adfm.202531235
https://doi.org/10.1007/s11432-020-3204-y
https://doi.org/10.1007/s11432-020-3204-y
https://doi.org/10.1088/2634-4386/acd4e2
https://doi.org/10.1088/2634-4386/acd4e2

10P Publishing Nano Futures 10 (2026) 032502 H-B Jang et al

[33] Shen Z, Zhao C, Kang L, Sun Y, Liu Y, Mitrovic I Z, Yang L, Lim E G, Zeng Z and Zhao C 2022 Adyv. Intell. Syst. 4 2100236

[34] ChoiJ-H, Hwang H S, Jang H-B, Kim S-U and Park H-L 2024 ACS Appl. Electron. Mater. 6 8094

[35] Mao J-Y, Zhou L, Zhu X, Zhou Y and Han S-T 2019 Adv. Opt. Mater. 7 1900766

[36] Zhang ], Dai S, Zhao Y, Zhang ] and Huang ] 2020 Adv. Intell. Syst. 2 1900136

[37] ZhaoJ, Liu D, Zhao K, Wang J, Shang Y, Wang F, Ma S, Pei Y, Lou ] and Yan X 2026 Adv. Mater. 38 e11411

[38] Feldmann J, Youngblood N, Wright C D, Bhaskaran H and Pernice W H P 2019 Nature 569 208—14

[39] Wang S, Dong X, Xiong Y, ShaJ, Cao Y, Wu 'Y, Li W, Yin Y and Wang Y 2021 Adv. Electron. Mater. 7 2100014

[40] Yang Z et al 2025 Adv. Funct. Mater. 35 2509119

[41] Lee G, Jeong S, Kim H, Kim Y J, Oh S, Choi ] and Yoo H 2025 npj Flex. Electron. 9 65

[42] RoJ-S, An H-M and Park H-L 2023 Jpn. J. Appl. Phys. 62 SE0801

[43] Sun X, Wang Z, Si C, Jiang C and Yang S 2025 Adv. Funct. Mater. 35 2411999

[44] Chen ], Zhou Z, Kim B J, Zhou Y, Wang Z, Wan T, Yan ], Kang J, Ahn J-H and Chai Y 2023 Nat. Nanotechnol. 18 882—8

[45] Liu Z et al 2024 Adv. Mater. 36 2409520

[46] Ren Q, Zhu C, Ma S, Wang Z, Yan J, Wan T, Yan W and Chai Y 2025 Adv. Mater. 37 2407476

[47] Pan S, Wu S, Ming J and Ling H 2025 Adv. Opt. Mater. 13 01992

[48] An H-M, Jang H, Kim H, Lee S-D, Lee S-H and Park H-L 2023 J. Mater. Chem. C 11 14580

[49] Haneef H F, Zeidell A M and Jurchescu O D 2020 J. Mater. Chem. C 8 759-87

[50] ZhangF, Li C, Chen Z, Tan H, Li Z, Lv C, Xiao S, Wu L and Zhao ] 2025 Microsyst. Nanoeng. 11 5

[51] Park H-L, Kim H, Lim D, Zhou H, Kim Y-H, Lee Y, Park S and Lee T-W 2020 Adv. Mater. 32 1906899

[52] KimJ, Lee J, Lee J-M, Facchetti A, Marks T ] and Park S K 2024 Small Methods 8 2300246

[53] Jo C, Kim J, Kwak J Y, Kwon S M, Park J B, Kim J, Park G-S, Kim M-G, Kim Y-H and Park S K 2022 Adv. Mater. 34 2108979

[54] NiY, Zhang S, Sun L, Liu L, Wei H, Xu Z, Xu W and Xu W 2021 Appl. Mater. Today 25 101223

[55] Kamiya T and Hosono H 2010 NPG Asia Mater. 2 15-22

[56] Liu A, Kim Y-S, Kim M G, Reo Y, Zou T, Choi T, Bai S, Zhu H and Noh Y-Y 2024 Nature 629 798-802

[57] Du]J et al 2021 Nano. Energy 89 106439

[58] Liao J, Dai S, Peng R-C, Yang J, Zeng B, Liao M and Zhou Y 2023 Fundam. Res. 3 33245

[59] Bégon-Lours L, Halter M, Puglisi F M, Benatti L, Falcone D F, Popoff Y, Dévila Pineda D, Sousa M and Offrein B J 2022 Adv.
Electron. Mater. 8 2101395

60] Xiao F et al 2026 Sci. Bull. 71 293-303

61] Li G et al 2022 Nat. Commun. 13 1729

62] Han X, Tao J, Liang Y, Guo E, Xu Z, Wu W, Tong J, Chen M, Pan C and Hao ] 2024 Nat. Commun. 15 10430

63] Hu L, Shao ], Wang J, Cheng P, Zhang L, Chai Y, Ye Z and Zhuge F 2024 Appl. Phys. Rev. 11 011411

64] Hu L, Yang J, Wang J, Cheng P, Chua L O and Zhuge F 2021 Adv. Funct. Mater. 31 2005582

65] YangJ, Hu L, Shen L, Wang J, Cheng P, Lu H, Zhuge F and Ye Z 2024 Fundam. Res. 4 158—66

66] JiR, Feng G, Jiang C, Tian B, Luo C, Lin H, Tang X, Peng H and Duan C-G 2022 Adv. Electron. Mater. 8 2101402

67] NiuJ, Lyu]J, Li], Samantaray K S, Jang C, Lee Y, Park J-S and Lee S 2026 Adv. Sci. 13 €22092

68] LiY, Guan Z, Zhang Y, Wang J, Liu B, Han Q, Xu H, Zheng H and Li X 2024 ACS Photonics 11 4966—77

69] Liang], Yu X, Qiu J, Wang M, Cheng C, Huang B, Zhang H, Chen R, Pei W and Chen H 2023 ACS Appl. Mater. Interfaces
15 9584-92

[70] Song W et al 2024 Science 383 903—-10

[71] Li C et al 2018 Nat. Electron. 1 5259

[72] Shin T et al 2021 IEEE Trans. Compon. Packag. Manuf. Technol. 11 1122-36

[73] Hasan R, Taha T M and Yakopcic C 2017 Microelectron. J. 66 31-40

[74] Wang W, Li Y and Wang M 2024 Neuromorph. Comput. Eng. 4 032002

[75] LeeY, Jeon B, Cho Y, Kim J, Shim W and Kim S 2025 Adv. Mater. Technol. 10 2400585

[76] XiaZ, Sun X, Wang Z, Meng J, Jin B and Wang T 2025 Nano-Micro Lett. 17 217

[77] Hosseinzadeh S, Biglari M and Fey D 2021 Front. Nanotechnol. 3 765947

[78] Zhu C et al 2022 Light Sci. Appl. 11 337

[79] Kumar D, Li H, Singh A, Rajbhar M K, Syed A M, Lee H and El-atab N 2024 npj Unconv. Comput. 1 1

[80] Amirsoleimani A, Alibart F, Yon V, Xu J, Pazhouhandeh M R, Ecoffey S, Beilliard Y, Genov R and Drouin D 2020 Adyv. Intell. Syst.
22000115

[81] Sun K, Chen J and Yan X 2021 Adv. Funct. Mater. 31 2006773

[82] Bontupalli V, Yakopcic C, Hasan R and Taha T M 2018 ACM J. Emerg. Technol. Comput. Syst. 14 41:1-41:27

[83] FengX, Li S, Wong S L, Tong S, Chen L, Zhang P, Wang L, Fong X, Chi D and Ang K-W 2021 ACS Nano. 15 1764-74

[84] Ambrogio S et al 2018 Nature 558 60-67

[85] Chen S, Zhang T, Tappertzhofen S, Yang Y and Valov I 2023 Adv. Mater. 35 2301924

[86] Patil P P, Raju T D, Nirmal K A, Dongale T D, Kim K H and Kim T G 2026 Mater. Horiz. 13 3761-99

[87] Yin Z-X, Chen H, Yin S-F, Zhang D, Tang X-G, Roy V A L and Sun Q-] 2025 Small 21 2412851

[88] Kim J, Kim H, Cheon G J, Lee D, Kim I S, Won U, Lee J, Won S M and Kang J 2026 Adv. Funct. Mater. 36 e14177

[89] Zou L, AnJ, Xu H, Wang G and Lin S 2025 Adv. Electron. Mater. 11 2400992

[90] CuiZ, Du]J and Guo Y 2003 Micromach. Technol. Micro-Opt. Nano-Opt. 4984 111-7

[91] Smith M A, Berry S R, Parameswaran L, Holtsberg C M, Siegel N, Lockwood R B, Chrisp M P, Freeman D and Rothschild M 2019
J. Micro/Nanolithogr. MEMS MOEMS 18 043507

[92] Chen H, Zhang Y, Zhou H, Park T, Sun W, Kim K-N, Huang H, Park Y-L and Lee T-W 2026 Nano. Energy 154 111983

[93] Haensch W, Raghunathan A, Roy K, Chakrabarti B, Phatak C M, Wang C and Guha S 2023 Adv. Mater. 35 2204944

[94] Ma M, Huang C, Yang M, He D, Pei Y, Kang Y, Li W, Lei C and Xiao X 2024 Small 20 2406402

[95] LiP, Shan X, Lin Y, Du 'Y, Ma J, Wang Z, Zhao X, Tao Y, Xu H and Liu Y 2025 Light Sci. Appl. 14 354

[96] Narayan A, Thonnart Y, Vivet P, Coskun A K and Joshi A 2022 ACM Trans. Archit. Code Optim. 19 48:1-48:26

12


https://doi.org/10.1002/aisy.202100236
https://doi.org/10.1002/aisy.202100236
https://doi.org/10.1021/acsaelm.4c01439
https://doi.org/10.1021/acsaelm.4c01439
https://doi.org/10.1002/adom.201900766
https://doi.org/10.1002/adom.201900766
https://doi.org/10.1002/aisy.201900136
https://doi.org/10.1002/aisy.201900136
https://doi.org/10.1002/adma.202511411
https://doi.org/10.1002/adma.202511411
https://doi.org/10.1038/s41586-019-1157-8
https://doi.org/10.1038/s41586-019-1157-8
https://doi.org/10.1002/aelm.202100014
https://doi.org/10.1002/aelm.202100014
https://doi.org/10.1002/adfm.202509119
https://doi.org/10.1002/adfm.202509119
https://doi.org/10.1038/s41528-025-00444-1
https://doi.org/10.1038/s41528-025-00444-1
https://doi.org/10.35848/1347-4065/acaca4
https://doi.org/10.35848/1347-4065/acaca4
https://doi.org/10.1002/adfm.202411999
https://doi.org/10.1002/adfm.202411999
https://doi.org/10.1038/s41565-023-01379-2
https://doi.org/10.1038/s41565-023-01379-2
https://doi.org/10.1002/adma.202409520
https://doi.org/10.1002/adma.202409520
https://doi.org/10.1002/adma.202407476
https://doi.org/10.1002/adma.202407476
https://doi.org/10.1002/adom.202501992
https://doi.org/10.1002/adom.202501992
https://doi.org/10.1039/D3TC02571C
https://doi.org/10.1039/D3TC02571C
https://doi.org/10.1039/C9TC05695E
https://doi.org/10.1039/C9TC05695E
https://doi.org/10.1038/s41378-024-00859-2
https://doi.org/10.1038/s41378-024-00859-2
https://doi.org/10.1002/adma.201906899
https://doi.org/10.1002/adma.201906899
https://doi.org/10.1002/smtd.202300246
https://doi.org/10.1002/smtd.202300246
https://doi.org/10.1002/adma.202108979
https://doi.org/10.1002/adma.202108979
https://doi.org/10.1016/j.apmt.2021.101223
https://doi.org/10.1016/j.apmt.2021.101223
https://doi.org/10.1038/asiamat.2010.5
https://doi.org/10.1038/asiamat.2010.5
https://doi.org/10.1038/s41586-024-07360-w
https://doi.org/10.1038/s41586-024-07360-w
https://doi.org/10.1016/j.nanoen.2021.106439
https://doi.org/10.1016/j.nanoen.2021.106439
https://doi.org/10.1016/j.fmre.2023.02.010
https://doi.org/10.1016/j.fmre.2023.02.010
https://doi.org/10.1002/aelm.202101395
https://doi.org/10.1002/aelm.202101395
https://doi.org/10.1016/j.scib.2025.10.010
https://doi.org/10.1016/j.scib.2025.10.010
https://doi.org/10.1038/s41467-022-29456-5
https://doi.org/10.1038/s41467-022-29456-5
https://doi.org/10.1038/s41467-024-54845-3
https://doi.org/10.1038/s41467-024-54845-3
https://doi.org/10.1063/5.0185502
https://doi.org/10.1063/5.0185502
https://doi.org/10.1002/adfm.202005582
https://doi.org/10.1002/adfm.202005582
https://doi.org/10.1016/j.fmre.2022.06.019
https://doi.org/10.1016/j.fmre.2022.06.019
https://doi.org/10.1002/aelm.202101402
https://doi.org/10.1002/aelm.202101402
https://doi.org/10.1002/advs.202522092
https://doi.org/10.1002/advs.202522092
https://doi.org/10.1021/acsphotonics.4c01550
https://doi.org/10.1021/acsphotonics.4c01550
https://doi.org/10.1021/acsami.2c20166
https://doi.org/10.1021/acsami.2c20166
https://doi.org/10.1126/science.adi9405
https://doi.org/10.1126/science.adi9405
https://doi.org/10.1038/s41928-017-0002-z
https://doi.org/10.1038/s41928-017-0002-z
https://doi.org/10.1109/TCPMT.2021.3092740
https://doi.org/10.1109/TCPMT.2021.3092740
https://doi.org/10.1016/j.mejo.2017.05.005
https://doi.org/10.1016/j.mejo.2017.05.005
https://doi.org/10.1088/2634-4386/ad6732
https://doi.org/10.1088/2634-4386/ad6732
https://doi.org/10.1002/admt.202400585
https://doi.org/10.1002/admt.202400585
https://doi.org/10.1007/s40820-025-01705-4
https://doi.org/10.1007/s40820-025-01705-4
https://doi.org/10.3389/fnano.2021.765947
https://doi.org/10.3389/fnano.2021.765947
https://doi.org/10.1038/s41377-022-01031-z
https://doi.org/10.1038/s41377-022-01031-z
https://doi.org/10.1038/s44335-024-00001-5
https://doi.org/10.1038/s44335-024-00001-5
https://doi.org/10.1002/aisy.202000115
https://doi.org/10.1002/aisy.202000115
https://doi.org/10.1002/adfm.202006773
https://doi.org/10.1002/adfm.202006773
https://doi.org/10.1145/3264819
https://doi.org/10.1145/3264819
https://doi.org/10.1021/acsnano.0c09441
https://doi.org/10.1021/acsnano.0c09441
https://doi.org/10.1038/s41586-018-0180-5
https://doi.org/10.1038/s41586-018-0180-5
https://doi.org/10.1002/adma.202301924
https://doi.org/10.1002/adma.202301924
https://doi.org/10.1039/d5mh02338f
https://doi.org/10.1039/d5mh02338f
https://doi.org/10.1002/smll.202412851
https://doi.org/10.1002/smll.202412851
https://doi.org/10.1002/adfm.202514177
https://doi.org/10.1002/adfm.202514177
https://doi.org/10.1002/aelm.202400992
https://doi.org/10.1002/aelm.202400992
https://doi.org/10.1117/12.477831
https://doi.org/10.1117/12.477831
https://doi.org/10.1117/1.JMM.18.4.043507
https://doi.org/10.1117/1.JMM.18.4.043507
https://doi.org/10.1016/j.nanoen.2026.111983
https://doi.org/10.1016/j.nanoen.2026.111983
https://doi.org/10.1002/adma.202204944
https://doi.org/10.1002/adma.202204944
https://doi.org/10.1002/smll.202406402
https://doi.org/10.1002/smll.202406402
https://doi.org/10.1038/s41377-025-01897-9
https://doi.org/10.1038/s41377-025-01897-9
https://doi.org/10.1145/3533252
https://doi.org/10.1145/3533252

	Toward optically programmable crossbar arrays for array-level artificial neural network hardware
	1. Introduction
	2. Mechanisms for optical weight modulation
	2.1. Unidirectional optical modulation mechanism
	2.2. Bidirectional optical modulation mechanism

	3. Optical programming at the array-level for neuromorphic computing
	3.1. Requirements for array-level ANN operation
	3.2. Array-level applications in neuromorphic computing

	4. Conclusion and perspective
	References


