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Real-Time Correlation Detection via Online Learning of
a Spiking Neural Network with a Conductive-Bridge Neuron
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Dong-Eon Kim, Jae-Joon Kim, Tae-Hun Shim, and Jea-Gun Park*

The neuronal density of complementary metal-oxide-semiconductor field-effect
transistor-based neurons is limited because of the use of capacitors. Therefore,

a novel neuron is fabricated using a conductive-bridge-neuron device, current-
mirror-type sense amplifier, latch, micro-controller-unit, and digital-analog-
converters. This neuron exhibits a typical integrate-and-fire function; in particular,
the generation frequency of the fire spikes at the neuron exponentially increases
with the input-voltage-spike amplitude. Using the proposed designed neuron

in combination with an input spike generation and spike-timing-dependent-
plasticity algorithm, a real-time correlation detection based on online learning

is realized. With the increase in the number of learning iterations, the weight of
synapses for 100 correlated input neurons gradually increase, whereas that for
900 uncorrelated input neurons steadily reduce. In addition, after 700 learning
iterations, the output neuron is almost synchronized with the 100 correlated
input neurons, thereby achieving correlation detection for cognitive functions in
neuromorphic architectures and demonstrating the possibility of development of
a neuromorphic chip based on the conductive-bridge neurons and synapses.

Neumann architectures to overcome the
von Neumann bottleneck in artificial

intelligence applications.®!  Neuromor-
phic architectures, especially spiking
neural networks (SNNs), consume

considerably less power (=20 mW), than
conventional von Neumann computing
architectures (=100 W).l As the main
building block of SNNs, spiking neurons,
especially complementary-metal-oxide-
semiconductor  field-effect  transistor
(C-MOSFET)-based neurons, have been
intensively researched. However, the den-
sity of such neurons is limited because of
the extremely large area of the capacitor
(>500 um? per capacitor) required to emu-
late the integrate function and achieve
sufficient capacitance (i.e., several pF per
capacitor)."18 To overcome this problem,
the use of capacitor-less spiking neurons

1. Introduction

Bioinspired neuromorphic computing architectures have
emerged as promising alternatives for conventional von
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has been recommended. Recently, several

researchers reported spiking neurons that
can exhibit the integrate functionality, based on frameworks
such as the phase-change memory,'>?%! resistive-random-access
memory,?2%1 conductive-bridge-random-access memory,26%’]
and partially depleted silicon-on-insulator.?8! A spiking neuron
principally needs a spike neuron device to emulate the inte-
grate function and a sensing amplifier circuit to generate the
fire function in a scheme known as integrate-and-fire. However,
the existing studies only empirically presented spiking neuron
devices to emulate the integrate function. Certain researchers
designed a neuron in software by using a sense amplifier cir-
cuit, a controller for operating the neuron, a SNN containing
neurons, and synapses, and a pattern recognition test was con-
ducted using software simulations. However, only the realization
of a spiking neuron was demonstrated as all the SNN operations
based on spiking neuron devices emulating the integrate func-
tion were conducted via simulations.

This study represents the first attempt at developing a con-
ductive-bridge neuron emulating an integrate-and-fire function
as an alternative to conventional C-MOSFET-based spiking neu-
rons. The neuron was composed of a conductive-bridge-neuron
device, sensing amplifier, and latch circuit. The conductive-
bridge-neuron device was fabricated in a simple manner by
adopting a vertical device structure including a CuTe top elec-
trode, TiO, resistive layer, and TiN bottom electrode. The Cu
atoms diffused from the CuTe top electrode could easily form
Cu filaments in the TiO, resistive layer. This phenomenon
is of significance because Cu filaments in the TiO, resistive
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layer principally influence the integrate function of a neuron
device (i.e., the integrated voltage increase behavior as the
number of input-current spikes increases). In addition, a SNN
was designed with a hardware conductive-bridge neuron as
an output neuron, a software synaptic weight update strategy
based on the simplified spiking-timing-dependent-plasticity
(STDP) algorithm, and a software signal control scheme (i.e.,
neuron circuit control and output signal sensing from the
neuron) based on a micro controller. The hardware neuron was
used to examine the dependence of the number of fire spikes
on the input-voltage-spike amplitude. Using the SNN with the
integrate-and-fire function and simplified STDP algorithm, the
possibility of real-time correlation detection for cognitive func-
tions in pattern or voice recognition was tested.

ELECTRONIC
MATERIALS

www.advelectronicmat.de
2. Results and Discussion

2.1. Conductive-Bridge-Neuron Device

To realize SNN neuromorphic chips with a high neuronal
density unlike C-MOSFET-based SNNs, a neuron should
be designed with one neuron device and the least number
of n- and p-MOFSETs without capacitors. To this end, a con-
ductive-bridge-neuron device is a promising framework. The
device was fabricated to have a vertical structure including
a 100-nm-thick CuTe top electrode, 15-nm-thick TiO, resis-
tive layer, and 100-nm-thick TiN bottom electrode, as shown
in Figure 1a. The area of the conductive-bridge-neuron device
was 5 X 5 um?. The Cu ion concentration in the context of the
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Figure 1. Conductive-bridge-neuron device. a) Device structure. b) Depth profile of Cu ion concentration, analyzed through EDS line-scanning and
x-TEM image. c) Crystallinity of TiO, resistive layer at without and different additional annealing temperatures, analyzed by X-ray diffraction. d) I-V
curve. e) Integrate function depending on the input-current-spike amplitude. f) Number of input-current spikes for integrated voltage saturation (blue)
and difference (red) depending on the input-current-spike amplitude. g) Depth profile of Cu ion concentration after reset. h) Depth profile of Cu ion
concentration after inputting 50 current spikes. i) Depth profile of Cu ion concentration after inputting 100 current spikes.
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complementary-error-function decreased from the top elec-
trode (=66%) to the bottom electrode (=3%). Therefore,
inverse-conical-shaped Cu filaments would be produced in the
TiO, resistive layer as the Cu ions diffused from the CuTe top
electrode during sputtering of the top electrode, as shown in
Figure 1b.2°3U The surface roughness of the TiN bottom elec-
trode was investigated by using atomic force microscope, as
shown in Figure S1, Supporting Information. Several locations
like a hillock were found in the area (1 um?) of the TiN bottom
electrode, where a higher electric field would be applied at hill-
ocks rather than valleys. Thus, multiple Cu filaments would be
produced in the TiO, resistive switching layer on the TiN bottom
electrode. In addition, it was reported that a CBRAM included
multiple metallic filaments in the resistive switching layer.3031
In addition, the TiO, resistive layer having an amorphous
structure, not subjected to additional annealing, was selected
because a high resistance state (HRS) of the TiO, resistive
layer is essential for achieving a significantly HRS, as shown in
Figure 1c. Note that an additional annealing above 200 °C trans-
formed the crystallinity of the TiO, resistive layer from amor-
phous to anatase structure and the resistance of the TiO, resis-
tive layer having an amorphous structure would be generally
higher than that having crystalline structure.3? To confirm the
presence of Cu filaments in the TiO, resistive layer, the voltage
was scanned from 0 to 2.2 V; the current rapidly increased
with the applied bias between the top and bottom electrodes,
resulting in the formation of Cu filaments. The current-versus-
voltage (I-V) curve for the conductive-bridge-neuron device
exhibited the HRS, low resistance state (LRS), LRS, and HRS,
when the applied bias between the top and bottom electrodes
was scanned from 0 to 2.2 V, -1.8 V, and 0 V, similar to that
of a CBRAM, with a Vg, of 1.7 V and V.. of =1.8 V, as shown
in Figure 1d.2°Y After forming process, the conductive-bridge-
neuron device showed the on/off ratio of 6.91 x 102 at 0.1 V.
The cumulative average voltage and standard deviation for the
formation process were 1.66 and 0.21 V, respectively, whereas
those for the set process were 1.64 and 0.18 V, respectively,
indicating the reliable electrical characteristics of the neuron
device, as shown in Figure S2, Supporting Information. In
particular, to operate a conductive-bridge-neuron device per-
forming integrate function, the negative differential resistance
(NDR) region was selected, which means the integrate function
of conductive-bridge-neuron device would be performed by the
rupturing process of the conductive Cu filaments in the TiO,
resistive layer, as shown in the green line of Figure 1d. The
current conduction of the NDR region was followed by ionic
conduction mechanism, as shown in inset of Figure 1d. To
implement the integrate function, I,.. of =100 LA was initially
applied to form Cu filaments in the TiO, resistive layer, thereby
attaining an LRS, as indicated by the orange line in Figure 1d.
Note that set process happened at the positive applied bias since
the conductive-bridge-neuron device behaves as a CBRAM; oth-
erwise, set process would be found at the negative applied bias
if the conductive-bridge-neuron device behaves as an OxRAM.
Thus, the conductive-bridge-neuron device follows evidently the
CBRAM mechanism. In addition, the LRS current in the con-
ductive-bridge-neuron device decreased clearly with increasing
the device operation temperature, indicating that the resistive
switching layer includes metallic (Cu) filaments, as shown in
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Figure S3, Supporting Information.?**¥ Remind that the LRS
current for OxRAM having oxygen vacancy filaments in the
resistive switching layer increases with the operation tempera-
ture.3>-%] Moreover, the dependency of the LRS current on the
device operation temperature for the conductive-bridge-neuron
device proved that the conductive-bridge-neuron device was a
CBRAM having Cu filaments, since Te behaves as a semicon-
ductor rather than a metallic characteristic where the LRS cur-
rent decreases as the device operating temperature increases.>®!
The device resistance increased with the input-current spikes,
thereby attaining the HRS, as indicated by the green line in
Figure 1d. This result indicates that the Cu filaments formed
and ruptured when the input-current spikes increased, emu-
lating an integrate function. The reason why CuTe as a metal
filament source rather than Cu or Ag in the conductive-bridge-
neuron device was associated with the achievement of a self-
compliance current limit at set process or not, as shown in
Figure S4, Supporting Information. The conductive-bridge-
neuron device having CuTe top electrode could perform a self-
compliance current limit at set process, while those having
Cu or Ag top electrode were essentially necessary for applying
a compliance current limit at set process. In particular, the
composition ratio between Cu and Te of 6:4 could the achieve-
ment of a self-compliance current limit at set process.’? Our
proposed conductive-bridge-neuron device was used the CuTe
top electrode having 6:4 composition ratio. The importance of
a self-compliance current limit is that the presence of a self-
compliance current limit in the conductive-bridge-neuron
device can avoid a breakdown of the conductive-bridge-neuron
device. The additional circuit to avoid a breakdown of conduc-
tive-bridge-neuron device should be necessary if the conduc-
tive-bridge-neuron device should use a compliance current at
set process. A negative current spike having a spike amplitude
of —100 YA was applied, and hundreds positive input-current
spikes (i.e., pulses) with a 1 ms spike width were sequentially
applied on the TiN bottom electrode. The input-current-spike
amplitude was varied from 1 to 5 A, as shown in Figure le,
which is the schematic of the input-current spikes in one cycle.
The voltages of the neuron device induced between the top and
bottom electrodes were measured between the read operation.
As the number of input-current spikes increased, the inte-
grated voltage of the conductive-bridge-neuron device gradually
increased and saturated, emulating a typical integrate function,
as shown in Figure le. As the amplitude of input-current spikes
was further increased, the number of input-current-spikes for
integrated voltage saturation linearly decreased, as shown in
Figure 1f. Therefore, the integrated voltage difference linearly
increased with the amplitude of input-current spikes. In addi-
tion, since the conductive-bridge-neuron device showed gradu-
ally an integrate behavior as the number of input-current-spikes
increases; the effective multilevel states were evidently divided
into 32 levels, as shown in Figure S5, Supporting Information.
To prove the mechanism by which the conductive-bridge-
neuron device emulated integrate function, intentional con-
ductive-bridge-neuron devices having the area of 60 x 60 um?
were fabricated, and the depth profiles of Cu ion concentration
between top and bottom electrode were characterized as a func-
tion of after reset (LRS) in (i) of Figure le, after inputting 50 cur-
rent spikes in (ii) of Figure 1le, and after inputting 100 current
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spikes in (iii) of Figure le, as shown in Figure 1g-i. Note that
these devices were fabricated to have a vertical structure
including a 30-nm-thick CuTe top electrode, 100-nm-thick TiO,
resistive layer, and 60-nm-thick TiN bottom electrode. In addi-
tion, the depth profile of Cu ion concentration was measured
by time-of-flight secondary ion mass spectrometry (ToF-SIMS).
For the conductive-bridge-neuron device after reset (LRS), the
relative Cu ion concentration from top to bottom electrode
decreased from =2.61 x 10% to 0.5 intensity (arbitrary unit: a.u.)
at 42 nm under the TiN bottom electrode (i.e., 130 nm in depth
from the surface of the CuTe top electrode) with the context of
complementary error function, as shown in Figure 1g.

This result indicates that inverse-conical-shape Cu filaments
were formed in the TiO, resistive layer, as shown in the inset of
Figure 1g. Otherwise, for the conductive-bridge-neuron device
after inputting 50 current spikes, the relative Cu ion concen-
tration from top to 1 nm above bottom electrode (i.e., 130 nm
in depth from the surface of the CuTe top electrode) decreased
from =2.68 x 10% to 0.5 intensity (a.u.), as shown in Figure 1h.
The positive-charged Cu ions in the TiO, resistive layer drifted
from the bottom to top electrode as the positive 50 current
pulses were supplied from bottom electrode. Thus, the Cu ion
concentration near bottom electrode after inputting 50 current
spikes was significantly reduced compared to that after reset,
thereby enhancing the resistance of the conductive-bridge-
neuron device. This result means that some of Cu filaments
in the TiO, resistive layer would be ruptured after inputting 50
current spikes, as shown in the inset of Figure 1h. Moreover,
for the conductive-bridge-neuron device after inputting 100 cur-
rent spikes, the relative Cu ion concentration from top to 26 nm
above bottom electrode (i.e., 130 nm in depth from the surface
of the CuTe top electrode) decreased from =2.7 x 102 to 0.5
intensity (a.u.), as shown in Figure 1i. The Cu ion concentration
near bottom electrode after inputting 100 current spikes was
further remarkably decreased compared to that after inputting
50 current spikes. This result implies that most of Cu filaments
in the TiO, resistive layer would be ruptured, as shown in the
inset of Figure 1i. Comparing Figure 1g—i, as the number of
input-current-spikes increased from 0 to 50 and 100, the depth
of the Cu ion intensity being arrived at 0.5 a.u. moved from 172
to 129 and 104 nm, as shown in Figure S6, Supporting Infor-
mation. This result indicated that the mechanism by which the
conductive-bridge-neuron device emulated integrate function
was associated with the increase of the rupturing degree of the
Cu filaments in the TiO, resistive layer as a number of input-
current spikes increased.

2.2. Fabrication of Conductive-Bridge Neuron

In a biological neural network, neurons communicate with
other neurons through synapses using spike signal, as shown
in Figure S7a, Supporting Information. The magnitude of
the transmitted spike signal from the pre-neuron to the post-
neuron is determined by the weight of the synapse between
these neurons. When a post-neuron receives pre-synaptic
spikes (input spikes) from pre-neurons, the membrane poten-
tial (Vipem) of the post-neuron increases with the number of
input spikes, corresponding to the integrate function. When the
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membrane potential exceeds a certain threshold (Vy,), the post-
neuron generates a post-synaptic spike, that is, fire function, as
shown in Figure S7b, Supporting Information. Subsequently,
the post-synaptic spike propagates to the adjacent neurons con-
nected to the post-neuron to update the synaptic weight at the
synapses between the post-neuron and adjacent neurons. This
neuronal dynamic known as integrate-and-fire is widely identi-
fied as a neuron model describing the neuron behavior of bio-
logical neural network.***l To emulate the integrate-and-fire
at an artificial spiking neuron, similar to a biological spiking
neuron, the post-neuron was connected with a pre-neuron
through synapses, and a controller including a clock, read, inte-
grate, Viniegrater and output spikes was established, as shown in
Figure 2a. The artificial neuron emulating the integrate-and-
fire function was realized using one conductive-bridge-neuron
device, seven n-MOSFETS, three p-MOSFETs, and one reference
resistor (Ry) to minimize the core area of the neuron (=8 pm?,
through an 28 nm C-MOSFET process), as shown in Figure S8,
Supporting Information.yl To overcome the limitation of lab-
scale neuron fabrication based on discrete C-MOSFETs and
resistors—specifically, the difficulty in matching the transistor
specifications for the latch-type sense amplifier, as indicated
in Figure S8, Supporting Information—a current-mirror-type
sense amplifier and latch were designed to operate the lab-scale
neuron by using a conductive-bridge-neuron device, as shown
in Figure 2b. Thus, a lab-scale conductive-bridge-neuron com-
posed of a conductive-bridge-neuron device placed on a probe
station, a current-mirror-type sense amplifier, and a latch
was generated. The amplifier was produced using discrete
C-MOSFETs and resistors implemented on a breadboard, as
shown in Figure S9, Supporting Information.

In addition, DACs, power supply, and MCU were used to
produce the read, integrate, Viyegrater and latch-reset spike, as
shown in Figure S9, Supporting Information; the timing dia-
gram is shown in Figure 2b. Read (1.7 V), integrate (5 V), Vipegrate
(1.7-1.8 V), and latch-reset (5 V) spikes were sequentially sup-
plied through the MCU; the integrate and Vipegrae Spikes
were simultaneously provided through the MCU and DAC, as
shown in the timing diagram in Figure 2a. Vpp—Veeer (2.8 V)
was applied on the bottom electrode of the conductive-bridge-
neuron device, and a high voltage (4 V) at the V; node was ini-
tially sustained by the latch, as shown in Figure 2b. When the
integrate and Vipiegrate SPikes were applied to the gate electrodes
of Vinegrate and integrate n-MOSFETS, the applied voltage on
the conductive-bridge-neuron device increased. When the inte-
grate and Vipiegrate Spikes were continuously applied, the applied
voltage on the conductive-bridge-neuron device continuously
and gradually increased, emulating an integrate function. The
read spike was synchronized with the integrate, Viyegrater and
latch-reset spikes to compare the induced voltage between the
V, node and V. (i.e., reference voltage), and the fire spike were
sequentially generated if the induced voltage at the V, node was
less than 2.01V, thereby achieving the fire function.

Using the developed neuron, as shown in Figure 2b and
Figure S9, Supporting Information, the dependence of the inte-
grate-and-fire function on the number of input-voltage spikes
(i-€., Vintegrate in Figure 2b) for the conductive-bridge neuron was
evaluated as a function of the input-voltage-spike amplitude,
as shown in Figure 3 and Video S1, Supporting Information.
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Figure 2. Conductive-bridge neuron. a) Schematic of spiking neural network (SNN) designed with a conductive-bridge neuron (i.e., output neuron),
controller, synapses, and input neurons. b) Conductive-bridge-neuron circuit design emulating the integrate-and-fire function by using a conductive-bridge-
neuron device, current-mirror-type sense amplifier, and latch. One cycle in the timing diagram involves read, integrate, Viyegrates and latch-reset signals.

The input-current spikes were sequentially applied on the
bottom electrode of the conductive-bridge-neuron device because
the input-voltage spikes at the Vijigrate node were sequentially
applied, as shown in Figure 2b. At the input-voltage-spike ampli-
tude of 1.70 V, an integrate-and-fire mechanism occurred after
134 input-voltage spikes, thereby generating a fire spike (i.e.,
output spike) at the V,,, node shown in Figure 2b, as shown in
Figure 3a. When the input-voltage spikes were continuously and
sequentially supplied after resetting the latch circuit shown in
Figure 2b, an additional integrate-and-fire occurred after =276
input-voltage spikes. These results indicated that the number of
input-voltage spikes (=134) that generated the first fire spike was
different from that (=410) of the spikes that generated the second
fire spike. This phenomenon can be attributed to the variation in
the integrated voltage with the increase in the number of input-
current spikes, as shown in Figure le. The dependence of the
generation of the fire spikes was examined as the input-voltage-
spike amplitude increased from 1.70 to 1.80 V in increments of
0.01V, as shown in Figure 3a-k. The fire spikes were generated
earlier at a higher input-voltage-spike amplitude, indicating that
a higher input-voltage-spike amplitude led to a higher genera-
tion frequency of the fire spikes. Although the interval of the
occurrence of fire spikes was not identical, the optimization
of a SNN was not expected to be a critical issue owing to the
similarity with the human-brain neuron behavior, as shown in
Figure 3a—k. In particular, the generating frequency increased
almost exponentially with the input-voltage-spike amplitude, as
shown in Figure 3l The increase in the generation frequency
of the fire spikes with the input-voltage-spike amplitude could

Adv. Electron. Mater. 2022, 8, 2101356 2101356 (5 of 11)

be understood by considering conductive Cu filaments in the
TiO, resistive layer against the electric-field applied to the resis-
tive layer including Cu?* ions.*>-3! Because the migration prob-
ability of the Cu?* ions in the resistive layer (i.e., 15-nm-thick
TiO,) increased with the applied electric-field intensity on the
conductive-bridge-neuron device, the Cu filaments became
thinner in the resistive layer when the input-voltage-spike
amplitude increased, as shown in Supporting Information Note.

2.3. Real-time Correlation Detection with Online Learning
for SNN Using Conductive-Bridge Neuron

Human brains receive a continuous sensory stream from the
retina, lateral geniculate cortex, and striate cortex, among
other entities, and can efficiently and simultaneously manage
these multisensory bio-signals. The mechanisms by which
the brain processes multisensory signals are closely related to
the ability of neurons capturing the correlations among the
multisensory signals. In addition, correlation detection (also
known as coincidence detection) plays a critical role in the
learning and memory activities in the human brain.[*#! The
importance of the integrate-and-fire function in the realiza-
tion of the real-time correlation detection can be understood
by the recognition process of the human brain. When the
human brain receives continuous multisensory bio-signals
in real-time, each neuron in the human brain combines (i.e.,
integrate function) the multisensory bio-signals and gener-
ates output bio-signals (i.e., fire function) being transferred
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Figure 3. Integrate-and-fire function of conductive-bridge neuron. a—k) Frequency of fire generation depending on the input-voltage-spike amplitude
variation from 1.70 to 1.80 V in increments of 0.01. |) Variation in the number of fires with the input-voltage-spike amplitude.

toward other neurons via synapses. The learning processes in
the human brain to update the synapses connected with the
correlated pre-neurons were conducted by using a specific
STDP learning rule. As a result, the fire activity of pre-neuron
was synchronized with that of post-neuron, indicating a spe-
cific recognition for a specific bio-signal. Hence, correlation

detection must be ensured to realize cognitive functions in
neuromorphic architectures. To examine the feasibility of cor-
relation detection based on the proposed approach, a SNN
was designed, as shown in Figure 4. The software part was
composed of the input spike generation module, simplified
STDP algorithm, and graphical user interface (GUI) to control

a * Software part * Hardware part
- Simplified T' T.. Conductive-bridge-neuron device\\‘l
{ STDP algorithm VB IR \ |
: = Input spikes generation i&’ b i s N,_,_/
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Figure 4. SNN with hardware and software parts. a) Software part with 1000 input neurons, input spike generation module, 1000 synapses, STDP
algorithm, and GUI controlling the conductive-bridge neuron. b) Hardware part with the conductive-bridge neuron, MCU, and DACs.
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the neuron, and the SNN was composed of 1000 input neu-
rons, 1000 synapses, and one output neuron. The hardware
part included the conductive-bridge neuron, DACs, and MCU,
as shown in Figure 2 and Figure S9, Supporting Information.
All the synapses were initialized with a weight of 0.5. In the
software part, input spikes penetrating 1000 input neurons
were generated, a synaptic weighted sum was performed, and
the weighted sum was transferred to the DAC via the MCU.
The DAC transformed the digital weighted sum into a spe-
cific analog voltage. This analog voltage (Viptegrate) Was input to
the neuron, and the fire spike at the V,,, node was generated
as soon as V, was less than 2.01 V, as shown in Figure 2b.
The simplified STDP algorithm was implemented by iden-
tifying the time difference between the occurrence of a fire
spike between the input neurons and output neuron, and the
weights of 1000 synapses were updated. The synaptic weights
for the synapses connected with the already fired input neu-
rons were potentiated and depressed when the fire spike time
difference between the input and output neurons was less and
more than five cycles, respectively. One cycle involved read,
integrate, and latch-reset operations, as shown in the timing
diagram in Figure 2b.

Initially, 100 and 900 correlated and uncorrelated input neu-
rons were selected, with covariance values of 0.5 and 0, respec-
tively. To generate these correlated and uncorrelated input fire
spikes, 1000 Gaussian random numbers were generated from
a multivariate-normal-probability-density function, as explained
in the Experimental Section.! A raster plot of 1000 input
neurons was generated, in which the correlated neurons were
not distinguished from the uncorrelated neurons, as shown
in Figure 5a. To classify these neurons, the raster plot was
rearranged. The results indicated that 100 correlated neurons
were obtained, with covariance values of 0.5, and 900 uncor-
related neurons randomly produced fire spikes, as shown in
Figure 5b,c. Using the randomly distributed input fire spikes
for the 100 correlated and 900 uncorrelated input neurons, the
SNN shown in Figure 4 was trained and a time evolution of
the normalized synaptic weight was produced, as shown in
Figure 5d,e. The normalized synaptic weight for the synapses
connected with the 100 correlated input neurons increased
gradually with the number of cycles (i.e., number of learning
iterations), whereas the weight for the synapses connected with
the 900 uncorrelated input neurons decreased steadily with the
number of cycles.

To visualize the dependency of the raster plot on the pres-
ence or absence of the correlation at the input neurons, the
number of synapse against the synaptic weight was observed
as a function of the number of cycles, as shown in Figure 5f.
After ten learning cycles, the average synaptic weight distribu-
tion did not change significantly, and the weights at all syn-
apses were initially 0.5, as shown in the left part of Figure 5f.
However, after 500 learning cycles, the average weight at the
synapses connected with the correlated input neurons was
significantly enhanced from 0.50 to 0.71, whereas that of the
synapses connected with the uncorrelated input neurons sig-
nificantly reduced from 0.50 to 0.22, as shown in the middle
part of Figure 5f. As the number of cycles increased to 1000, the
weight at all synapses connected with the correlated input neu-
rons was =1, whereas the corresponding value for the synapses
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connected with the uncorrelated input neurons remarkably
decreased from 0.50 to 0.10, as shown in the right part of
Figure 5f.

The real-time evolution of the synaptic weight distribution
of the synapses connected with the correlated and uncorre-
lated input neurons is clearly shown in Video S2, Supporting
Information. The results indicate that with the increase in
the number of cycles (i.e., number of learning iterations),
the weights for the synapses connected with the correlated
and uncorrelated input neurons remarkably increased and
decreased, respectively, demonstrating the excellent training
performance of the SNN. To examine the learning effect of the
designed SNN, the dependence of the synchronization of the
input and output fire spikes on the number of cycles was inves-
tigated for the correlated input neurons, as shown in Figure 5g.
When the number of learning iterations was less than 700, the
output neuron spikes were randomly generated without any
synchronization of the input neuron spikes. Beyond this point,
the synchronization of the fire spikes between the input and
output neurons was significantly enhanced with the increase
in the number of learning iterations. This result demonstrated
that the designed SNN could realize real-time correlation detec-
tion and facilitate the development of a neuromorphic archi-
tecture for cognitive functions such as video analysis and voice
recognition. Finally, the power consumption and operating
frequency of our proposed SNN was simply reviewed. It is dif-
ficult to estimate accurately the power consumption and oper-
ating frequency of our proposed SNN since our proposed SNN
was not fully integrated in hardware. Thus, assuming the worst
cases, the peak power consumption and operating frequency
of the proposed conductive-bridge-neuron itself was calculated
by summing integrate, read, and reset operations. The peak
power consumption of the conductive-bridge-neuron operating
integrate, read, and reset were =2.9 UW at Viyegrare Of 1.7 V,
1.4 UW at read current of 0.5 HA, and 96 uW in the conductive-
bridge-neuron of Figure 2b, respectively, as shown in Table S2,
Supporting Information. The operating frequency of the
conductive-bridge-neuron was defined by a cycle of integrate,
read, and reset and =125 Hz. The peak power consumption
of the conductive-bridge-neuron (i.e., =100.3 uW) was sim-
ilar to that of a previous report (i.e., maximum = 100 uWw),l3!
demonstrating no accurate comparison. In addition, the oper-
ating frequency of the conductive-bridge-neuron (i.e., =125 Hz)
was similar to that of the previous reports (i.e., =100 Hz).[*/

3. Conclusion

Typical C-MOSFET-based neurons can successfully emulate the
integrate-and-fire function for SNNs; however, capacitors must
be used to emulate the integrate function. Consequently, high
neural-network integration cannot be achieved as an RC time
constant of several milliseconds necessitates the use of a capac-
itor with a capacitance of several pF and a large area >500 pm?.
In contrast, the proposed neuron, shown in Figure S8a, Sup-
porting Information, fabricated using a conductive-bridge-
neuron device with an area of 113 x 113 nm?, seven n-MOSFETSs,
three p-MOSFETs, and one resistor, could be implemented
in a small area (=8 um?) with a 28 nm technology node, as
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Figure 5. Real-time correlation detection with online learning. a) Raster plot of random input spikes with different numbers of learning iterations, with
100 correlated input spikes and 900 uncorrelated input spikes. Raster plots of the b) classified 100 correlated and c) 900 uncorrelated input spikes.
d) Time evolution of weights for synapses connected with 100 correlated input neurons. e) Weights for synapses connected with 900 uncorrelated input
neurons. f) Synaptic weight distribution after 10, 500, and 1000 learning iterations. g) Test results of real-time correlation detection with online learning.

summarized in Table S1, Supporting Information. The conduc-  resistive layer, and 100-nm-thick TiN bottom electrode, could
tive-bridge-neuron device, having a simple vertical device struc-  successfully implement the integrate function by controlling
ture with a 100-nm-thick CuTe top electrode, 15-nm-thick TiO, the Cu filaments in the TiO, resistive layer. Specifically, a larger
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number of input-current spikes led to thinner Cu filaments.
Moreover, a spiking conductive-bridge-neuron was designed
using a current-mirror-type sense amplifier, latch, MCU, and
DACs. The framework could exhibit an integrate-and-fire func-
tion, depending on the input-voltage-spike amplitude supplied
from the DAC: a higher input-voltage spike led to a higher
generation frequency of fire spikes. In addition, an SNN was
effectively designed with a conductive-bridge neuron as the
hardware part and input spike generation module, weight
update strategy based on the simplified STDP algorithm, and
GUI as the software part. The designed SNN could realize real-
time correlation detection with online learning. In particular,
with the increase in the number of learning iterations, the
normalized weight for the synapses connected with the corre-
lated and uncorrelated input neurons increased gradually and
decreased steadily, respectively. Furthermore, a synapse array
could be realized by using a cross-point-conductive-bridge-
memristor array, as shown in Figure S10a, Supporting Informa-
tion. Cross-point conductive-bridge-memristor synapse devices
could be produced using the same device structure as that of
the conductive-bridge-neuron because the conductive-bridge-
memristor synapse presented potentiation and depression
behavior, as shown in Figure S10d, Supporting Information.
Such an array, as shown in Figure S10a, Supporting Informa-
tion, has several advantages and can help ensure a simple fabri-
cation process and low production cost for neuromorphic chips
because the synapses and neurons can be simultaneously fab-
ricated with the same device structure. Notably, in the case of
C-MOSFET-based neuromorphic chips, a synapse is generally
produced by eight n- and p-MOSFETs, and a neuron is fabri-
cated using capacitors and C-MOSFETs. The proposed frame-
work can help realize a cross-point-memristor array connected
with an input neuron and output conductive-bridge-neuron to
achieve a high neuronal density. However, since most of power
in the conductive-bridge-neuron would be dissipated by the
conductive-bridge-neuron device, for achieving low power con-
sumption, further study is necessary for reducing the integrate
current in the conductive-bridge-neuron device; that is, from
100 (our work) to less than 1 pHA. In addition, further study is
necessary for improving symmetricity, although this conduc-
tive-bridge-synapse device has an excellent linearity of potentia-
tion, as shown in Figure S10d, Supporting Information.

4. Experimental Section

Conductive-Bridge-Neuron Device Fabrication: A 100-nm-thick SiO, film
was grown on a silicon substrate. A 100-nm-thick TiN bottom electrode
having a width of 5 um was patterned using the first lift-off process.
This process was followed by the spin coating of a positive photoresist
(AZ5214E) at 5000 rpm for 30 s, soft baking at 120 °C for 1 min 40 s,
exposure to UV light with a beam intensity of 20 mW cm™ for 12 s,
development of the exposed patterned photoresist by using a developer
(AZ300MIF) for 70 s, DC magnetron sputtering at a TiN power of 40 W
and 30 sccm Ar flow, and lift-off of the patterned photoresist, as shown in
Figure 1a. Next, a 15-nm-thick TiO,-film resistive layer and 100-nm-thick
CuTe top electrode having a width of 5 um were patterned via the second
lift-off process that was similar to the first lift-off process. The difference
was that the 15-nm-thick TiO,-film resistive layer was sputtered at 40 W
RF power under a 40 sccm Ar flow, and the 100-nm-thick CuTe top
electrode was sputtered at a 40 W DC power under a 30 sccm Ar flow.
The area of the conductive-bridge neuron device was 25 um?, as shown
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in Video S1, Supporting Information. To characterize the shape of Cu
filaments in the TiO, resistive layer, a cross-sectional transmission-
electron-microscope image of the conductive-bridge-neuron device was
observed at an acceleration voltage of 200 KeV, and the depth profile
of the Cu ion concentration of the conductive-bridge-neuron device
was measured through energy-dispersive X-ray spectroscopy (TEM and
EDS: JEM-2100F). In addition, the crystallinity of the TiO, resistive layer
was characterized by X-ray diffraction (ATX-G). Moreover, ToF-SIMS
(TOF.SIMS 5) measurement was performed to investigate precise Cu
ion concentration depending on the number of input-current-spikes.
The electrical properties and integrate function of the conductive-
bridge-neuron device were evaluated using a source measurement unit
(Keithley 236) and semiconductor parameter analyzer (Agilent B2902A).

Formation or Rupturing of Cu Filaments in Conductive-Bridge-Neuron
Device: The changes in the resistance of the conductive-bridge-neuron
device from the HRS (i.e., the detachment of Cu filaments on the TiN
bottom electrode) to the LRS (i.e., the attachment of the conductive
Cu filaments on the TiN bottom electrode) could be explained by the
formation of the conductive Cu filaments in the TiO, resistive layer. The
CuTe top electrode supplied Cu?* ions to the TiO, resistive layer via
oxidation. The oxidation probability and migration probability of Cu?*
jons are presented in Supporting Information Note.

Input Spike Generation for Correlation Detection: To generate the
correlated and uncorrelated pre-spike signals, 1000 Gaussian random
values were generated from a multivariate-normal-probability-density
function:

x| L%l [x-X]
Xp 2

Forvmy (K1 xn) = (2”)1\1/2 U]
Ci Civ

[Cx]=] : (2)
C Can

[Cd, Cij and X denoted the covariance matrix in Equation (2),

covariance (between i and j entries), and mean spike generation
probability, respectively. The Gaussian random number X at a specific Cx
was generated, as defined in Equation (3), and transformed to a uniform
distribution U by using a normal cumulative density function, specified
by Equation (4)

X = f(%Cx) G)
U=¥(x) @)

Here, f(X,Cx) and ¥(X) denoted the multivariate-normal-
probability-density function in Equation (1) and normal cumulative
density function, respectively. U could be transformed to any probability
density function by using a proper probability density function. In the
authors’ case, the uniform distribution was transformed to a Poisson
distribution with parameter 4, which described the average number of
events. Figure 5a shows the time evolution of the generated pre-spike
signals (100 correlated + 900 uncorrelated spike signals). Because 100
pre-spike signals were correlated with a covariance of 0.5, 100 pre-spike
signals fired at a similar time, as shown in Figure 5b. In contrast, the
900 uncorrelated pre-spike signals occurred independent of one another,
as shown in Figure 5c.

System Setup for Correlation Detection: The hardware and software
mixed SNN was designed to perform correlation detection using
conductive-bridge neuron. All components such as neuron devices, drive
circuits, and control systems related to conductive-bridge neuron were
implemented in hardware. Then, the parts related to pre-neurons and
synapses (including updating of synaptic weights) were implemented in
software. The circuit was precisely controlled by a MCU (ATmega2560).
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For the operation of the MCU, the code written in C language was
uploaded to the MCU. The MCU sent and received signals to and from
the computer via serial communication. On the software part, a custom
GUI written in Python was used to communicate with the MCU. Each
part of the hardware such as circuit drive voltage, circuit signal timing,
and output spike monitoring could be controlled via GUI. A drive
circuit consisted of a current-mirror-type sense amplifier, latch, several
MOSFETs (n-MOSFET; 2N7000, p-MOSFET; BS250), bypass capacitor
(0.1 uF), and resistors (1 kQ, 10 k). The DC level of each control
signal was precisely adjusted using a 16-bit DAC (LTC1655) controlled
by the MCU. At each read cycle, the MCU read the output spike signal
and confirmed that the conductive-bridge neuron produced an output
spike. When an output spike signal was detected, the MCU notified the
computer that a spike had occurred. At this time, the software updated
the software synapse by calculating the time difference between the
software-generated input spikes and the hardware neurons-generated
output spikes. Simplified STDP algorithm was used to update the
weights.

Supporting Information

Supporting Information is available from the Wiley Online Library or
from the author.
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