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TOPICAL REVIEW — Physics in neuromorphic devices
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Rapid developments in artificial intelligence trigger demands for perception and learning of external environments
through visual perception systems. Neuromorphic devices and integrated system with photosensing and response func-
tions can be constructed to mimic complex biological visual sensing behaviors. Here, recent progresses on optoelectronic
neuromorphic memristors and optoelectronic neuromorphic transistors are briefly reviewed. A variety of visual synaptic
functions stimulated on optoelectronic neuromorphic devices are discussed, including light-triggered short-term plastici-
ties, long-term plasticities, and neural facilitation. These optoelectronic neuromorphic devices can also mimic human visual
perception, information processing, and cognition. The optoelectronic neuromorphic devices that simulate biological visual
perception functions will have potential application prospects in areas such as bionic neurological optoelectronic systems

and intelligent robots.
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1. Introduction

With the rapid development of artificial intelligence (AI)
and Internet of things (IoTs), special requirements are arisen
for computation speed and energy consumption.!!?! Unfortu-
nately, it is hard to satisfy the increasing demands of com-
putation resources with the coming of information explosion
by the traditional computation systems based on von Neu-
mann architectures, where the physical separation of mem-
ory module and processing module brings about limited data
transmission rate and huge energy consumption.>#! As com-
parison, our brain consists of ~ 10'" neurons and ~ 1019
synapses. Neurons and synapses are the basic units of
brain memory and information processing.’! They can ex-
ecute computation in a parallel model. Thus, unstructured
tasks such as perception, learning, thinking, memory, and
decision-making can be fulfilled in an energy efficient pattern
due to the highly parallel, event-driven, and energy-efficient
architectures.!®”] Therefore, brain inspired computation con-
figurations are proposed to overcome the von Neumann bot-
tleneck. Moreover, neuromorhpic devices are considered as a
feasible technical way to realize the brain-like computation in
artificial neural networks (ANNs) and artificial intelligence. 8]
In the last decade, two-terminal resistance switching devices
(e.g., memristors,”~'?! phase change memories!!3!) and three-

terminal transistors (e.g., ferroelectric transistor,'4 elec-
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trolyte gated transistors,!'-2?! memtransistors/?*!) have been
proposed for neuromorhpic device applications. Several bio-
logical synaptic plasticity behaviors have been mimicked, in-
cluding paired pulse facilitates (PPF), synaptic filtering, spike-
timing dependent plasticity (STDP), metaplasticity, etc. More-
over, neural calculations have been simulated successfully, in-

[24,25 26,27]

cluding pattern memory,?*>3! pattern recognition, !

[28

reser-

I spatiotemporal dynamic logic,!3-16:29-31]

voir computing,
etc.

A peripheral nervous system can sense and respond to ex-
ternal stimuli such as light, sound, pressure, and chemicals.
This sensation information can be transferred to the central
nervous system. 2] Previously, pressure sensors>* and elec-

s34 have successfully simulated

tronic skin (E-skin) device
the touch response of human skin. Recently, tactile sensing
characteristics have been achieved by connecting pressure sen-
sor with neuromorphic transistor or neuromorphic memristor,
possessing the functions of signal conversion and information
processing.[!%111 Such bionic tactile sensing systems based on
neuromorphic devices will have broad application prospects
in low-cost bionic smart field information sensing and intel-
ligent identification. We receive most of outer information
through our visual perception systems. 3! The photoreceptors
in the retina receive light inputs and convert them into elec-

trical signals. The optic nerves, composed of various neu-
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rons and adjacent synapses, can transmit the electrical stim-
uli to the visual cortex. Recently, designing artificial visual
perception system is attracting increasing interests. The main
functions of the visual perception system include perception,
learning, and memory of external information. Kwon et al. 136!
designed a light-adjusted optoelectronic neuromorphic circuit
consisted of a photovoltaic divider and an ionotronic synap-
tic transistor. The photovoltaic divider and synaptic transis-
tor act as artificial retina and optic nerve, respectively. The
light-adaptable synaptic functions of the biological visual per-
ception system have been simulated successfully. In addi-
tion, photodetectors can also simulate artificial photorecep-
tors to obtain visual information by converting light signals

[3738]' At the same time, photoelectric

into electrical signals.
neuromorphic devices with photosensitivity can directly con-
vert light stimuli into post-synaptic signals to simulate visual
perception learning systems. Recently, optoelectronic neuro-

morphic devices based on two-terminal memristors or three-

terminal transistors have been demonstrated using different

39401 carbon nanotubes, *1]

materials, such as metal oxides,!
graphene,*?) and MoS,.[*3! Compared with electrical signals,
optical signals can be regarded as additional terminals, which
greatly enrich the degree of freedom in regulating the synap-
tic plasticity. Therefore, bionic systems that combine opto-
electronic neuromorphic devices, bionic prostheses, and soft
robotics will greatly advance the development of artificial in-
telligence systems.

Here, we describe the optoelectronic characteristics
of two-terminal memristors and three-terminal transistors.
Photo-illumination triggered synaptic responses and neural
cognitive behaviors are discussed. Later, integration of arti-
ficial visual perception and artificial biological systems is de-
scribed, reflecting the trend of future bionic neural networks.
Finally, a short outlook is provided. Table 1 shows synaptic

functions achieved on optoelectronic neuromorphic devices.

Table 1. Synaptic functions achieved on optoelectronic neuromorphic devices.

Light-induced synaptic functions

Optoelectronic neuromorphic memristors

Optoelectronic neuromorphic transistors

Excitatory post-synaptic current (EPSC) [44-47] [48,49]
Paired pulse facilitates (PPF) [44,45,47,50] [51,52]
Inhibitory post-synaptic current (IPSC) [45] [53-55]
Long-term plasticity [39,45,47,56] [51,52,57]
Spike-timing dependent plasticity (STDP) [58] [52-55,59,60]
Visual memory [40,43,46,61] [36,51]
Image recognition [46] [14,47,55,62]
Logic functions [63,64] [53,55,65]
Classical conditioning experiment [54,59,65]

2. Optoelectronic neuromorphic memristors

The concept of memristor was first proposed by Pro-
fessor Chua from the University of California, Berkeley in
1971.1961 Tn 2008, HP laboratories successfully manufactured
TiO, based memristor.[©7! Memristor is a two-terminal device
with a three-layer structure, including top electrode (TE), bot-
tom electrode (BE), and resistive switching (RS) layer. The
resistance state can be changed by the amount of charges flow-
ing through the RS layer. Memristors have advantages includ-
ing simple physical structure, small size, non-volatile prop-
erties, memory capacity, low energy consumption, and good
scalability. Up to date, various types of memristors have been
reported, such as phase change memories (PCMs), %8 resis-
tive switch memories,[®7% etc. Due to the non-linear elec-
trical properties, memristors have been proposed for artificial
synapse and neuromorphic engineering applications.

2.1. Synaptic plasticities

As an interesting optoelectronic technology, photonic
memories have attracted increasing attention in the last few

years. Such devices have great potentials to overcome the von

Neumann bottleneck. Moreover, integrated systems consisted
of arrayed photonic memories have attracted increasing inter-
ests for adoption as building blocks in the biospired vision
system. (71

ZnO is a typical wide band gap semiconductor material
with a band gap of ~ 3.37 eV. It has high exciton binding
energy and excellent selective absorption of ultraviolet (UV)
light. Thus, it has broad application prospects in ultraviolet
detectors due to the significant photoelectric performances. As
typical functional materials in microelectronic field, ZnO has
also been proposed as RS layer in memristor. Recently, ZnO
nanorods have been proposed for optically modulated artificial
synapse applications.**] The high resistance state (HRS) of
the device is non-volatile, while the low resistance state (LRS)
is volatile. This volatile characteristic is beneficial for simulat-
ing the short-term synaptic plasticity behavior. The HRS and
LRS overlap immediately when exposing to UV illumination,
as shown in the yellow part in Fig. 1(a). Since the decay ki-
netics in the light-excited LRS is similar to that in the electric-
excited LRS, it is hardly to tell whether the device was in LRS
or HRS before illumination. Such light-induced shielding of
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HRS and LRS is called optical shielding (OS). When a se-
ries of electric pulses are applied, the overlapped LRS and
HRS show different responses and become discernible again,
as shown in the blue part of Fig. 1(a). This process is called
electrical shielding (ED). Such OS and ED functions can be
used to encrypt and decrypt data, respectively, making it pos-
sible to process massive data for ANN applications. In such a
device, oxygen vacancies are distributed along the surfaces of
the vertically aligned nanorods, which helps the unique elec-
trical characteristics.

Furthermore, ZnO;_,/AlO, heterojunction based photo-
electric memristor has also been proposed with ITO/ZnO;_,
/AlO,/Al stacks.3°! Here, the AlOjy, layer is naturally formed
on Al. The device shows typical current—voltage (I-V) sweep-
ing curves in the dark and under UV-light illumination, dis-
playing LRS and HRS. The operation mechanism is related
to the electron trapping/detrapping at the trapping sites in the

AlOy layer. Under negative bias, an electron depletion layer
is formed in the AlO, layer, realizing a reset process from
the LRS to the HRS. Under positive bias, the depletion layer
will get narrow, which causes LRS. While the UV-light illu-
mination modulates the resistive behaviors due to photogen-
erated holes and persistent photoconductivity effects. Thus,
the device can demonstrate photoelectric plasticity by setting
light pulse stimulation at different pulse width, pulse inten-
sity, pulse number, and pulse frequency. Figure 1(b) shows
the conversion from short-term plasticity to long-term plastic-
ity by changing the optical power density of the light pulse. As
a typical form of short-term plasticity, paired pulse facilitate
(PPF) plays an important role in processing temporal auditory
or visual information.!”?! Figure 1(c) shows the PPF behav-
ior simulated on the memristor under light stimuli. Moreover,
neuromorphic facilitation, depression and long-term plasticity
have been mimicked on the device.
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Fig. 1. Optoelectric neuromorphic memristors for neuromorphic applications. (a) Optical shielding (OS) and electrical deshielding (ED) of
the memristor based on a vertically arranged ZnO nanorod structure. The blue arrows indicate the time scale of the ED process. (b) Photonic
EPSC behavior under different light pulse power density. The read voltage is 0.1 V. (c) Photonic PPF behavior. (d) Cumulative probability plot
of resistance measured for 150 times on 15 different samples under NIR and dark conditions. (e) Photonic potentiation and electric habituation
in the W/MoS,/p-Si memristive synapse. (f) System integration of the RRAM array with light signal. (g) The light signals are stored in the
13 x 13 RRAM array. (a) Reprinted with permission from Ref. [44], Copyright 2018, AIP Publishing. (b) and (c) Reprinted with permission
from Ref. [39], Copyright 2018, American Chemical Society. (d), (f), and (g) Reprinted with permission from Ref. [43], Copyright 2018,
Wiley-VCH. (e) Reprinted with permission from Ref. [45], Copyright 2018, Wiley-VCH.
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Two-dimensional (2D) transition metal dichalcogenides
(TMDs) are considered as promising candidates for the next
generation optoelectronics and photodetection due to their
unique electrical, mechanical, and optical properties.[*>73] Es-
pecially, they have also been proposed for photonic mem-
ristor applications with light illumination at near-infrared re-
gion (NIR) due to the small band gap, showing great poten-
tials in memristive synapses. Due to the combination of pho-
tonic and electric neuromorphic functions, they would have
prospectives in synthetic retinas and optoelectronic interfaces.
Zhai et al.'**! used a heterostructure formed with upconversion
nanoparticles (UCNPs) and molybdenum disulfide (MoS;) to
achieve optically tunable memory performance under NIR il-
lumination. The upconversion material has excellent light re-
sponse performances in the NIR due to its photon conversion
characteristics.[”*73] With the increased light intensity, both
the SET voltage and the RESET voltage gradually decrease.
While the ON current and OFF current increase correspond-
ingly. Figure 1(d) shows the cumulative probability plot of
resistance measured for 150 times on 15 different samples un-
der NIR and dark conditions. Such NIR light tunable behav-
ior lays the foundation for the application of multifunctional
memory devices. Furthermore, memory functions of photon
write-electric erase can also be implemented based on pho-
tonic potentiation and electric habituation characteristics. 43!
For W/MoS,/p-Si memristive synapse, the increase of the con-
ductance corresponding to EPSC can be used to mimic the
potentiation of the synaptic strength, while the decrease of
the conductance corresponding to IPSC can be used to mimic
the habituation of the synaptic strength. A continuous optical

pulse sequence (power intensity: 0.11 mW/cm?, width: 1 s)
gradually increases the conductances due to the photogener-
ated electrons and holes, as shown in Fig. 1(e). This behavior
simulates the potentiation of the synaptic strength. While a
continuous negative voltage pulse sequence (amplitude: —8 'V,
width: 5 ms) gradually decreases the conductances, thus mim-
icking the habituation of the synaptic strength. In addition,
synaptic potentiation and habituation behaviors can be modu-
lated by changing the amplitude or width of light and electrical
pulse stimuli.

2.2. Visual memory

In human visual system, eyes can receive image infor-
mation from retina. And the optic nerve can transfer visual
signals to the visual center to form visual memory. Figure 2(a)
schematically shows the whole process. Such visual percep-
tion system can be simulated by integrating memory devices
and image sensors. Shen et al.[**) proposed a memristor sys-
tem to imitate human visual memory by integrate UV resistive
image sensors and resistive switching memory devices. Fig-
ure 2(b) schematically shows the bioinspired visual memory
unit. The In,O3 micrometer-sized wires array is used to detect
the UV signals. Ni/Al,O3/Au memristor is fabricated to con-
nect the photosensor and to store the detected optical signals.
The flexible visual memory arrays fabricated on PI substrate
are composed of 10 x 10 pixels. When UV light is applied, the
memristor will be programmed. When the light is removed,
the memristor has been programmed to a non-volatile state.
In another word, the stored information of light distribution
on the pixel shows long-term retention performances due to

Imaging system
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Fig. 2. Artificial visual memory. Schematic illustration of (a) human visual memory system and (b) artificial visual memory device. (c) Infor-
mation storage and reprogrammable capability of the visual memory device arrays. (a)—(c) Reprinted with permission from Ref. [40], Copyright

2018, Wiley-VCH.
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the nonvolatile characteristic of the resistance switching mem-
ristor. Especially, the light image can be maintained for at least
one week. When a UV image with a special pattern, for exam-
ple a butterfly, has been received by the visual memory arrays,
the pattern will be memorized, as shown in Fig. 2(c). When
applying negative voltage on the memrsistor, the visual mem-
ory arrays can be programmed again, i.e., the resistance state is
switched from LRS to HRS. In another word, the stored light
information can be erased. Thus, the visual memory arrays
can be re-used for a new image. Visual memory function can
also be mimicked directly on optoelectronic memory device
arrays. As discussed in the previous part that the heterostruc-
ture of UCNPs/MoS; can achieve optically tunable memory
performance under NIR illumination.*3 Thus, the sensor and
the visual memory can be realized on the single optoelectronic
memristor. Figure 1(f) schematically shows 13 x 13 optomem-
ory arrays. Pattern characters “FMEG” can be written into
the arrays under the assistance of NIR illumination. Where-
after, the resistance states of the memory arrays can be read out
electrically at a read voltage of 0.5 V, as shown in Fig. 1(g).
Moreover, Mennel et al.'’® proposed an ANN vision sensor
for ultra-fast recognition and encoding of optical images. It
provides various training possibilities for ultra-fast machine
vision applications.

These optical-assistance storage systems can reapear the
stored image information, and provide a novel approach to im-
itate human echoic memory and haptic memory. Moreover,
the flexible visual memory device will have potentials in wear-
able electronics, electronic eyes, etc.

3. Optoelectric neuromorphic transistors

Transistors have also been proposed for neuromorphic
device applications as early as in 1996 by Carver Mead!’”}
Due to unique characteristics of the three-terminal transistor,
it has certain advantages over two-terminal device in terms of
neuromorphic applications. Firstly, the information transfer
and learning process can be executed synchronously. Second,
the synaptic performance can be regulated by adding addi-
tional gates to amplify signals and reduce energy consump-
tion. Thirdly, multi-gates can be integrated for realizing den-
dritic algorithm. 233178791 Therefore, three-terminal transistor
based neuromorphic devices would act as fundamental build-
ing blocks in the field of synaptic bionics and neuromorphic
computing. Especially, phototransistor would facilitate the
co-regulation of semiconductor channel conductances by light
and electrical stimuli. Thus, they would also have great poten-
tials in artificial visual neuromorphic system.

3.1. Synaptic plasticities

The transmission of information between neurons de-
pends on the delivery of neurotransmitters between synaptic

clefts. The release of neurotransmitters leads to different kinds
of synaptic functions, including synaptic potentiation and de-
pression, excitatory post-synaptic current, paired pulse facili-
tation, synaptic filtering, short-term plasticity, long-term plas-
ticity, etc. Thus, one of the main tasks for phototransistors
in neuromorphic engineering applications would be the real-
ization of these basic synaptic functions. In phototransistors,
light stimuli are regarded as pre-synaptic spikes to trigger the
synaptic responses. With smart designs and strategies, basic
synaptic response and unique neural functions have been mim-
icked on these kinds of neuromorphic transistors.

Recently, layered 2D materials have been paid attention
for neuromorphic system applications. 382831 Kim er al. (8]
designed MoS; phototransistors for optical synaptic device ap-
plications, as schematically shown in Fig. 3(a). P-type Ge acts
as the back gate. When Ge absorbs light in the region from
visible to infrared (A = 520-1550 nm), band bending happens
in Ge, which changes the modulation behaviors of the Ge back
gate. It exhibited a fast rising time of 0.1 ms and a decay time
of 45 ms for infrared light. The process could simulate the
visual information identifications in retina. Both potentiation
and depression behaviors have been demonstrated under dif-
ferent light illumination, including visible (A = 520 nm), dark,
and infrared (A = 1550 nm), as shown in Fig. 3(b). The results
indicate potentials in both optical-sensing and synaptic opera-
tions in one device. Recently, black phosphorus (BP) is also
emerged as an exciting 2D material. The strong light—matter
coupling brings great potentials in broadband photodetection
(UV to infrared), demonstrating exotic electronic and opto-
electronic properties. With distinctive photoresponse charac-
teristics and strong light-matter coupling, BP has also been
selected for applications in artificial synaptic devices, demon-
strating both excitatory and inhibitory synaptic plasticity. >3-4
TAhmed et al.’¥ reported an optically stimulated artificial
synapse based on layered BP. The device can imitate both
inhibitory and excitatory action potentials by applying opti-
cal stimulation. No additional alternating-polarity electrical
stimuli are needed. Inhibitory post-synaptic current (IPSC)
is also an important synaptic response in biological nerve
system. 84! Thus, realization of inhibitory synaptic responses
on hardware devices would be interesting for neuromorphic
platforms.!®>! The BP synaptic device demonstrates several
kinds of neural functions, including spike-duration dependent
plasticity (SDDP), short-term and long-term memory transi-
tions, IPSC, EPSC, PPF, spatiotemporally correlated synaptic
response, classical Pavlov’s learning, and STDP. As shown in
Figs. 3(c) and 3(d), both EPSC and IPSC behaviors have been
demonstrated at different wavelengths of 280 nm and 365 nm,
respectively. In the nerve system, it is observed that stimuli du-

ration may affect the modulation of the synaptic response. 6]
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The present device also demonstrates SDDP on both light in-
duced EPSC and IPSC. Similarly, PPF behaviors have been
mimicked by applying paired light stimuli. Ebbinghaus’ for-
getting curve, an important brain-like learning mechanism, 7]
has also been mimicked on the device. By connecting two
separate BP synaptic devices together, symmetric STDP re-
sponses have been mimicked by applying optical pulses on the
two synaptic devices with certain pulse intervals. The energy
consumption is estimated to be ~ 3.5 pJ per synaptic activity.
Interestingly, the device would prone to unintentional optical
exposures during multi-wavelength synaptic operations.

As discussed in the previous part, quantum dots (QDs)
have been proved to be good choices in functional optoelec-
tronic device applications. Photoresponse behaviors could

be modulated by the sizes and the compositions of the QDs.

The strategies have also great potentials in artificial light-
sensitive synaptic devices. Recently, Huang ef al.!®!! reported
a light-stimulated synaptic transistors (LSSTs) by blending in-
organic halide perovskite quantum dots (IHP QDs) and or-
ganic semiconductors (OSCs) together. The device demon-
strates improved charge separation efficiency of the photoex-
Moreover, the IHP QDs/OSCs hybrid film

demonstrates delayed decay in photocurrent, which is im-

cited charges.

portant for achieving synaptic performances. A light pulse
(500 nm, 0.1 mW/cm?, pulse width 500 ms) induces a typical
EPSC response with peak EPSC value of ~ 1.3 nA, as shown
in Fig. 3(e). When the pulse ends, the EPSC gradually decays
back to rest state due to the slow recombination of the trapped

electrons and holes. With the increased light pulse width, the
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Fig. 3. Short-term plasticity on optoelectronic synapse transistors. (a) Schematic diagram of MoS, phototransistors based optical synaptic
device. (b) Potentiation and depression behaviors obtained under different light conditions: visible (A = 520 nm), dark, and infrared (A =
1550 nm). (c) 280 nm optical stimulus-emulating EPSC. (d) 365 nm optical stimulus-emulating IPSC. (e) EPSC triggered by a light pulse.
(f) EPSCs triggered by a pair of light pulses (500 nm, 0.1 mW/cm?, AT =2 s). (g) Schematic diagram demonstrating light programming
operation and electrical erasing operation for photonic flash memory based on all-inorganic CsPbBr3 perovskite quantum dots (QDs). (a)
and (b) Reprinted with permission from Ref. [80], Copyright 2019, American Chemical Society. (c)(f) Reprinted with permission from
Refs. [54,81], Copyright 2019, Wiley-VCH. (g) Reprinted with permission from Ref. [37], Copyright 2018, Wiley-VCH.
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EPSC increases correspondingly due to the increased pho-
togenerated charges. When paired light pulses are intro-
duced, the typical biological PPF function is also simulated
on the LSSTs, as shown in Fig. 3(f). Photonic flash mem-
ory based on all-inorganic CsPbBr3; perovskite QDs was also
demonstrated.*”! The CsPbBr3 QDs and semiconductor layer
form a heterostructure to serve as a optically programmable
and electrically erasable unit in the photonic flash memory.
Figure 3(g) schematically shows the energy diagram under
light programming operation and electrical erasing operation.
During light illumination, large numbers of charge carriers are
generated within the QDs layer. The photogenerated holes will
escape to pentacene due to the energy band bending. Thus,
photoinduced electrons will remain in the conduction band of
the CsPbBr3 QDs. Such trapped electrons can trigger an addi-
tional internal electric field to accelerate holes to be swept into
the pentacene channel. When light illumination stops, such
trapped electrons will be retained by the potential well with a
long lifetime. Thus, such CsPbBr3-based flash memory could
be used to emulate information transmission in neuromorphic
architectures. It is observed that the PPF index ratio decays
with the increased optical pulse interval time. Moreover, it in-
creases with the increased light intensity from 0.041 mW/cm?,
0.069 mW/cm?, 0.129 mW/cm? to 0.153 mW/cm?. The ob-
servation is related to the fact that the increased light intensity
promotes the generation of photoelectrons inside the CsPbBr3
QDs and prolongs the decay time of the post-synaptic current
(PSC). Furthermore, the device also demonstrates wavelength
dependent synaptic plasticities.

It is interesting to note here that ionic-liquid or ionic-
gel based electrolyte gated transistors (EGTs) can oper-

ate at low-voltage due to the unique interfacial ionic gat-
ing effects.['”:83-901 Interestingly, ion gating behaviors in
EGTs are quite similar to those in biological synapse, which
means that unique ion modulation behavior in EGTs could
establish bridges between iontronic devices and neuromor-

phic platforms. Thus, there are several reports on ion-

gated EGTs for neuromorphic device applications.[!3-20:91]
For example, starch-based bio-polysaccharide -electrolyte
gated indium—gallium-zinc oxide (IGZO) photoelectric syn-
ergic coupled neuromorphic transistors have been reported,
demonstrating potentials in visual perception—learning system
applications.[”? Figure 4(a) shows the schematic diagram of
the device. The IGZO neuromorphic transistor demonstrates
photon response activities. The photosensitivity (S) reaches
a maximum value of ~ 1.6 x 107% with Vs at —0.45 V.
When receiving light stimulus, the device demonstrates photo-
electrical synergic synaptic responses. Figure 4(b) illustrates a
typical PSC with absolute PSC amplitude of ~ 63 nA. When
paired light pulses are applied, PPF behaviors are also demon-
strated, as shown in Fig. 4(c). Interestingly, in the nervous sys-
tem, synaptic response can be trigged by multiple pre-synaptic
stimuli.'®3! When different types of stimuli arrive in a temporal
and spatial manner, a spatiotemporal integration phenomenon
will happen in the neuron. The photoelectric synergic cou-
pled neuromorphic transistors can also mimic synergic stimuli
responses by applying photo-stimuli and electric stimuli in a
temporal and spatial manner, as shown in Figs. 4(d) and 4(e).
Thus, such photo-electrical synergic neuromorphic transistor
will have potentials in bionic visual intelligent perception—
learning system.
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Fig. 4. Starch gated IGZO photoelectric neuromorphic transistors. (a) Schematic diagram of the device. (b) A typical post-synaptic current.
(c) Typical PSC triggered with paired light pulses. (d) Schematic diagram of synergic effect in neurons activated by electric and light stimuli.
(e) Absolute EPSC amplitude at zero time (+ = 0) as a function of ATpr>—pre;. Reprinted with permission from Ref. [92], Copyright 2020,

Royal Society of Chemistry.
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3.2. Cognitive behaviors

In nervous system, synaptic plasticity is closely related
In 1968,
Atkinson and Shiffrin proposed a multistore model to explain

to human brain learning and memory functions.

the memory behavior.[°* The model describes three kinds of
memories, including sensory memory (SM), short-term mem-
ory (STM), and long-term memory (LTM), as schematically
shown in Fig.5(a). With frequent maintenance rehearsals, the
memory level will be enhanced. In another word, SM can
be transferred to STM and STM can be transferred to LTM
with rehearsals. The phenomena of synaptic plasticity and
transformation from STM to LTM have been mimicked on
pn-junction-decorated IGZO phototransistors.*8 Figure 5(b)
shows a transition from STP to LTP with the increased in-
put light pulse intensity. The behavior is quite similar to the
transition between STM and LTM with the increased elec-
tric spike amplitude observed on solid-state electrolyte gated
oxide synaptic transistor.!”>! Furthermore, a fading memory
behavior is observed from the volatile part and nonvolatile
part as shown in Fig. 5(c). STM-to-LTM transition has also
been demonstrated on ITO/Nb:SrTiO3 heterojunction artifi-
cial optoelectronic synapse by increasing the spike numbers

[69

or frequencies.[®! The current decay time and the steady cur-

rent after decay also increase with the intensity, number, and
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frequency of the light pulse. In addition, both light pulse width
and light pulse wavelength can also affect the transition char-
acteristics between STM and LTM.[37:811

Besides, there are two kinds of long-term synaptic plas-
ticity includes long-term potentiation (LTP) and long-term de-
pression (LTD). %! The short-term synaptic plasticity provides
temporary selection for neuron circuits, while LTP/LTD in
synapses is the biological basis for continuous learning and
memory. Thus, it is essential to mimic LTP and LTD to
achieve cognitive complexity in artificial synapses. Qian et
al.®") achieved optical LTP and electrical LTD characteris-
tics in optoelectronic synaptic device fabricated on a hetero-
junction consisted of copper-phthalocyanine (CuPc) and para-
sexiphenyl (p-6P) layers. Figure 5(f) shows that the PSC in-
creases linearly in the LTP area after applying 85 light pulses
(width of 0.5 s and wavelength of 365 nm). Subsequently,
the PSC in the LTD region drops non-linearly to the initial
value after applying 85 electrical pulses (magnitude of —10V,
width of 0.1 s). The LTD behavior selectively leads to the
decline of learning and memory. The LTP/LTD characteristic
curves depend greatly on the light pulse conditions. The tran-
sition between LTP and LTD could be also realized by obeying
spike-timing dependent plasticity (STDP) learning rules.

| A
0 1 R 1 N 1 A ! s
o L

120 180 240

0 60 300
Time (s)
(d) LTP (light pulse)  LTD (voltage pulse)
__ 60 : - - : . . .
E a0l Viost =-10V Power =0.1mW |
3 20t ;
D N ——
0 n " " " r

__ 60 . . . :
Zé, mi Power = 0.4 mW ]
o
o 20t
o

0 L L L : " n
0 50 100 150 200 250 300 350
Time (s)

Fig. 5. Short-term memory (STM) and long-term memory (LTM). (a) Schematical diagram for the multistore model. (b) Continuous increase
in PSC changes with the increased pulse intensity. (c) A fading memory behavior. (d) LTP/LTD characteristics of the CuPc/p-6P optoelectronic
synapse for neuromorphic computing. (b) and (d) Reprinted with permission from Refs. [48,97], Copyright 2019, Elsevier.
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STDP plays a critical role in cognitive activities and deter-
mines the sign and magnitude of LTP or LTD. It refers to the
change in synaptic weight with the interval time (Atpre_post)
between pre-synaptic and post-synaptic spikes and is consid-
ered to be a key feature of synaptic plasticity in biological ner-

(98991 STDP is a complement to Hebbian synap-

vous system.
tic plasticity and is considered to be the basis for learning
and memory by competitively strengthening and weakening
of synapses in the neural network.[!%! In canonical STDP, the
strength of neuron connections will increase if pre-synaptic
spike arrives before post-synaptic spike within a short in-
terval time. Conversely, the strength of neuron connections
will decrease if pre-synaptic spike arrives after post-synaptic
spike within a short interval time. Thus, mimicking STDP is
also highly important for neuromorphic system. By modify-
ing the spike conditions, including spike duration and ampli-
tude, spike shapes, different kinds of STDP behaviors have
been mimicked on neuromorphic devices.>*191-1931 The co-
existences of multiple types of synaptic plasticity enable the
design of advanced neural structures. Yin et al.!3! reported

several types of STDP behaviors on silicon nanocrystals (Si

NCs) phototransistors through combinations of light and elec-
trical stimuli. As shown in Fig. 6(a), a symmetric Hebbian
characteristic is observed when both the pre-synaptic and post-
synaptic stimuli are positive Vg5 (E*). A symmetrical anti-
Hebbian learning rule is obtained when both the pre-synaptic
and post-synaptic stimuli are light stimuli (L), as shown in
Fig. 6(b). Figure 6(c) shows the asymmetric Hebbian learn-
ing rule when the pre-synaptic and post-synaptic pulses are L
and E™, respectively. Finally, the device achieves asymmetric
anti-Hebbian when the pre-synaptic and post-synaptic pulses
are L and E™, respectively (Fig. 6(d)).

In addition, STDP learning rules have been demon-
strated with the synergistic effect of light and elec-
trical stimuli on photoelectric synaptic devices based
on 2D materials (MoS,,!'#821 black phosphorus, 2341,
one-dimensional  nanomaterials,®  and  metal-oxide—
semiconductor materials.!%!! Diverse learning rules can help
artificial neural networks to deal with more complex situations
and improve the learning efficiency.

In physiology, classic conditioning is a typical form of as-

sociative learning in nervous system.!!%! Figure 7(a) schemat-
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ically shows classic Pavlovian associative learning. Initially,
bell-ringing, considered as neutral stimulus (NS), can not trig-
ger salivation. While feeding-food, considered as uncondi-
tioned stimulus (US), will activate salivation (unconditioned
response, UR). During training, both US and NS are pro-
vided simultaneously, causing salivation. Thus, an associa-
tion between NS and US is established. After training, NS
only can cause salivation. Now, NS and UR convert to con-
ditional stimulus (CS) and conditioned response (CR), re-
spectively. Several groups have reported electrical stimuli
triggered associative learning.[!>195-197] Moreover, Yu et al.
have also established the relation between STDP and classic

U031 John er al.82! simulated Pavlovian classic

conditioning.
conditional reflection on a synergistic gating of electro-iono-
photoactive 2D chalcogenide neuristors. The storage level of
light pulses on the device is much better than that of electrical
pulses. Thus, the electrical pulses were deemed as bell-ringing
(Fig. 7(b)), while the light pulses were deemed as feeding-
food (Fig. 7(c)). Initially, the PSC obtained by electrical pulse

stimulation (NS) is less than salivation threshold of 500 nA

(a) Before Conditioning

(phase a in Fig. 7(d)). While the PSC obtained by light pulse
stimulation (US) is higher than the salivation threshold (UR,
phase b in Fig. 7(d)). After training for 40 cycles by ap-
plying light pulse stimulation (US) and electrical pulse stim-
uli (CS) together, CS only will trigger “salivation”, indicat-
ing the establishment of an effective association between light
pulse stimuli (feeding-food) and electrical pulse stimuli (bell-
ringing). Moreover, extinction behaviors have been observed
on the 2D chalcogenide neuristors. Pavlovian classical con-
dition was also mimicked on electrolyte gated photoelectric
synergic coupled oxide neuromorphic transistor with simple
device configurations.”?) Light spikes are deemed as feed-
ing food (US), while gate voltage spikes are deemed as bell
ringing (NS). Moreover, Pavlovian classical condition experi-
ments can also be simulated on synaptic devices under all-light
stimulation. 3931 These multi-input optical signal synapse de-
vices do not need to add additional electrodes, and have a
faster response speed with lower energy consumption, indi-
cating great potentials in neuromorphic engineering.
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Fig. 7. Pavlovian associative learning. (a) Schematic diagram of Pavlov’s dog experiment. (b) Electrical pulses as conditioned stimulus (CS)
with EPSC < 500 nA (no salivation). (c) Optical pulses as unconditioned stimulus (US) with EPSC > 500 nA (salivation). (d) Imitation of
Pavlovian conditioning. Reprinted with permission from Ref. [82], Copyright 2018 Wiley-VCH.

4. Artificial visual system

Up to date, various synaptic characteristics have been
achieved on a single artificial synaptic device. To build an in-
tegrated system of artificial neural system may be one impor-
tant branch of future neuromorphic engineering. Visual per-

ception system is an important sensory component in bionic

electronics, which can adaptively detect, process, and mem-
orize light signals.!'%) Wang et al.!!*! fabricated a ferroelec-
tric/electrochemical modulated organic synapse and proposed
an artificial visual-perception system. There are multiple or-
ganic functional layers in the device responsible for light-

sensing. Thus, the device can transducer incident light signals

078502-10



Chin. Phys. B Vol. 29, No. 7 (2020) 078502

into synaptic signals, both volatile and non-volatile. With the
threshold property, color recognition function can be achieved.
Synaptic signals triggered with light stimuli at wavelengths of
550 nm and 850 nm show different degrees of volatility. Thus,

1091 pro-

the devices demonstrate retinal functions. Lee et al.!
posed a visually sensor motor nervous system, as schemati-
cally shown in Fig. 8(a). The optical information can be sensed
by photodetectors (light receptors) to generate output signals.
The signals are then converted to excitatory post-synaptic cur-
rent (EPSC) by a stretchable organic nanowire synaptic tran-
sistor (s-ONWST) (synapses). The EPSC is converted into
a voltage signal by a transimpedance circuit to control the
contraction of the polymer actuator (biological muscle). Fig-
ure 8(b) presents excellent mechanical stability of the artificial
s-ONWST with flexible substrates after stretching to 100%
strain. The EPSC can be modified by adjusting the trigger
frequency of the action potential. Before illumination, a small

(a) Light signals

Transimpedance circuit

_ A
i A
Photodetector ;

(exteroception)
Synaptic transistor (signal processing)

voltage of ~ 1 V is generated by the resting current of the
artificial synapse. The artificial muscle demonstrates a slight
contraction, as shown in Figs. 8(c) and 8(d). When short light
pulses arrive, EPSCs are converted to voltages to operate the
actuator. The output voltage and displacement & of the actu-
ator increase with the increasing spike number. When there
are only 10 spikes, the output voltage is 1.3 V. As compari-
son, an output voltage of ~ 3.2 V is observed with 60 spikes.
Correspondingly, é values of ~ 1.5 mm and ~ 2.7 mm are
observed. Furthermore, the polymer actuator operated stably
with s-ONWST at both 0 and 100% strains with § at 5.3 mm
and 5.4 mm, respectively. These behaviors resemble biologi-

s.[11%1 The proposed artificial opto-

cal muscle tension response
electronic sensorimotion nervous system will open a new era
of bioelectronic technology for the next-generation artificial

limbs and soft robotics.
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Fig. 8. Artificial sensorimotor synaptic system. (a) Schematic diagram of the visual perception motor system. (b) Spike number-dependent-
plasticity (SNDP) measured on the s-ONWST. (c) Output voltage and displacement (8) of the polymer actuator with different spike number
under 100% strain. (d) Bending diagrams of polymer actuator under different spike number under 0% and 100% strain. Reprinted with

permission from Ref. [109], Copyright 2018 AAAS.

5. Outlook

Neuromorphic system could be a good way to overcome
Von Neumann bottleneck. Recently, several kinds of neuro-
morphic devices, including resistance switching devices and
transistors, have been proposed to mimic basic synaptic func-
tions, such as short-term plasticity, long-term plasticity, synap-
tic filtering, spike-timing-dependent plasticity, metaplasticity,
heteroplasticity, etc. Moreover, advanced neuron functions
have been realized, including pattern memory and pattern
recognition, classical conditions, and machine learning. All
these demonstrate great potentials for solid-state neuromor-

phic devices in neuromorphic engineering.

In addition, developing visual perception-learning system
at hardware level would also provide new opportunities for ad-
vanced intelligent learning system. In such a system, advanced
intelligent photodetectors play the most important role for ex-
tension of human vision. Fortunately, progresses in advanced
optoelectronic devices provide these possibilities. Neuromor-
phic devices possessing abilities to convert light stimuli into
postsynaptic signals can also simplify the visual perception-
learning system. Here, we review recent progress on opto-
electronic neuromorphic memristors and optoelectronic neu-
romorphic transistors. These optoelectronic neuromorphic de-

vices can mimic visual perception, information processing,
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and memory. Moreover, using synergistic stimuli in neuro-

morphic devices could significantly improve the diversity of

signal inputs and the functional diversities of neural network

systems and perception systems. It should be noted here that

the integrated system of neuromorphic devices with artificial

perception synapses and bionic electronic device with external

sensory elements will have great potentials in wearable elec-

tronics, soft robots, and bionic prosthesis.
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