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Reservoir computing determined by nonlinear
weight dynamics in Gd-doped CeO2/CeO2

bi-layered oxide memristors†
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Reservoir computing (RC) is an effective framework for processing

spatiotemporal signals. Memristors are well-suited for physical reser-

voirs in hardware-based RC systems due to their nonlinear functions

and memory characteristics. This study experimentally demonstrates

an RC system using Pt/Gd-doped CeO2(GDC)/CeO2/Pt memristors.

These devices exhibit time-dependent weight updates and decay

characteristics, which are critical for extracting spatial and temporal

features in RC applications. While previous research has explored

implementing RC systems by exploiting the nonlinearity of memris-

tors, there is a lack of systematic research on factors affecting the

nonlinearity of memristors and analyzing the reservoir states. Using

the time-dependent dynamics of Pt/GDC/CeO2/Pt memristors, this

study extracts reservoir states under different pulse conditions and

systematically analyzes the factors affecting the extraction of these

states. Our findings demonstrate that nonlinearly mapped reservoir

states can be linearly separated to achieve high-performance recog-

nition and prediction in complex spatiotemporal tasks in RC systems.

Finally, the RC performance of the memristor shows up to 90.5%

accuracy in 4-bit pattern verification using the Modified National

Institute of Standards and Technology (MNIST) database.

1. Introduction

Recently, artificial neural networks (ANNs) have enabled
remarkable progress in the fields of artificial intelligence,1

information security,2 big data,3 and cloud computing.4 Among
them, reservoir computing (RC), a subset of recurrent neural

networks (RNNs), is particularly effective in handling complex
data such as pattern recognition,5 speech recognition,6 time
series analysis,7 and natural language processing.8 Unlike deep
neural networks (DNNs), which require extensive weight train-
ing, RCs offer faster learning by updating only the output
layer’s weight while keeping the rest of the network fixed.9,10

In addition, the simplicity in training the output layer, such as
linear regression in RC, avoids exploding and vanishing gradi-
ent problems that occur in traditional RNNs.11 The reservoir
layer, which is the most important component of an RC system,
dynamically extracts features from temporal input data by
nonlinearly mapping low-dimensional inputs into a high-
dimensional feature space. Reservoir computing then repro-
jects this high-dimensional space back to fit training signals.
The key requirement for a reservoir layer is nonlinear recurrent
network dynamics, ensuring that input signals decay over
time while preserving historical dependencies for efficient
training.

Recent research trends in RC can be summarized and
applied in solving real-world problems with actual data, modifica-
tion of RC models to improve their performance, and physical
implementation of RC models.12 Among them, physical imple-
mentation of RC models has received considerable attention, and
it is important to investigate physical systems that can serve as
reservoirs. In particular, physical implementation of RC systems in
non-von Neumann architecture, including emerging neuro-
morphic architecture, is currently being extensively researched to
mitigate the problems of limited performance of von Neumann
architecture coming from its separation of processing and memory
units.13,14 Memristors,15,16 oscillators,17 spintronics,18–20 and
photonic devices21,22 have been explored as reservoir components.
Among them, memristors offer unique advantages due to their
short-term memory and nonlinear dynamic behavior, making
them ideal for RC systems. Memristor-based RC systems have
shown excellent performance in tasks such as pattern recognition,
time-series forecasting tasks,23 signal processing24 and disease
detection.25 However, optimizing nonlinearity of memristors is
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essential for achieving diverse and distinguishable reservoir
states.15,26,27 Therefore, it is crucial to analyze time-dependent
weight dynamics of memristors to extract various spatial and
temporal characteristics of the reservoir in performing spatiotem-
poral operations for optimizing the RC systems. These features
include high dimensionality of the reservoir, nonlinearity with
respect to weight update, paired-pulse facilitation (PPF), nonlinear
short-term plasticity (STP), and class separation properties. How-
ever, there is a lack of systematic research on the factors influenc-
ing the nonlinearity of memristors. Also, the analysis of reservoir
states determined by the factors affecting this nonlinearity has not
been thoroughly studied. Therefore, in order to achieve high-
performance recognition and prediction in complex spatiotem-
poral tasks in RC systems, this study aims to extract reservoir states
under various voltage application conditions and analyze the
factors that influence the extraction of these reservoir states.
Through this, the dominant factors that affect the performance
of memristor-based RC systems and their optimized conditions
can be identified.

Current research on artificial synapses with memristors
focuses primarily on the non-volatile aspects of the memristors.
It includes the enhanced transition from short-term memory
(STM) to long-term memory (LTM),28 and improved retention
for DNN computations and switching performance with low
power and high speed.29 However, for the application to RC, it is
essential to realize and control the time-dependent conductance
decay behaviors of the memristors as STM functionality. In this
work, we experimentally demonstrate a memristor-based RC
system with Pt/Gd-doped CeO2 (GDC)/CeO2/Pt interfacial-type
analog memristors. It exhibits time-dependent weight update
and decay characteristics, which are beneficial for realizing an
RC system. In the RC system, the weight update of memristors
should be precisely controlled in an analog way with respect to the
input conditions such as voltage pulse amplitude, pulse width,
number of pulses, interval between pulses, and its decay with
time. Memristors with oxide-based RRAM exhibit two resistance
switching characteristics: digital and analog switching. Digital
switching is achieved typically by the formation and rupture of
conductive filaments in the insulating oxide. The alignment
of defects or metal cations induced by external bias can form
conductive filaments and cause consequent resistance changes.
However, the formation and rupture of filaments is difficult to
represent in multi-level resistance states, making it difficult to
achieve analog synaptic weights. In contrast, analog switching
employs a non-filamentary resistance change through the modifica-
tion of the interface by external bias, causing a gradual change in
resistance state. This gradual and analog change in the conductance
is advantageous for implementing RC systems. As aforementioned,
there have been many memristors with various single-layered and
bi-layered oxides, such as CeO2,30 HfO2,31 TiOx/Al2O3,32 ZnO/TaOx,33

and ZrO2/IGZO.34 In this study, the bi-layered oxide memristors
based on the same CeO2 matrix, i.e., GDC/CeO2, are employed to
have more stable and controllable redistribution of oxygen vacancies
between the CeO2 and GDC layers under the electric field.35

CeO2 has desirable properties for resistive switching such as
the presence of abundant oxygen vacancies, high oxygen ion

conductivity, and variable valence states of Ce cations (Ce3+

and Ce4+), which makes it favorable to exhibit a gradual analog
resistance change.36–38 While CeO2 exhibits a gradual resistance
change characteristic, the synaptic properties of Pt/CeO2/Pt mem-
ristor devices with a single CeO2 switching layer showed signifi-
cantly asymmetric synaptic weight update behaviors (potentiation
and depression), as reported in previous studies.39 They also
suffered from the inconsistent dynamic range of resistance change
during repeated operation. The GDC has also been reported to
have increased oxygen ion conductivity via increased oxygen
vacancy concentration as a result of Gd doped in CeO2.40,41

In our previous study, however, devices with a Pt/GDC/Pt structure
consisting of a GDC single layer did not exhibit reliable analog
weight updates.35 On the other hand, the proposed GDC/CeO2 bi-
layered oxide memristor has been demonstrated to have analogous
synaptic weight update, PPF, STP characteristics and their adjust-
ment could be improved compared to the single-layered CeO2 or
GDC memristors.35 For RC systems, the weights need to be
adjusted analogically to subsequently separate the reservoir states
based on the predictable decay characteristics. A memristor with a
bi-layered oxide structure, where a GDC layer is stacked on top of
the CeO2, is advantageous for exhibiting gradual analog resistance
change states via the exchange of oxygen vacancies between two
layers, compared to a single-layered device with limited control-
lable variables. Therefore, a bi-layered oxide memristor produces
more precise and predictable synaptic weights updates in RC. This
study demonstrated performing RC using the GDC/CeO2 bi-layered
oxide memristors by storing reservoir states with controllable
weight update and decay characteristics that effectively separate
complex sequential information without superimposing the states.
The RC performance of the memristor was evaluated via 4-bit
pattern verification by applying various pulse signals to the
memristor, where a Modified National Institute of Standards
and Technology (MNIST) handwriting digit database was used to
train and test the RC system. Although RC systems with various
memristors have been researched previously,15,26,27 there has been
a lack of systematic investigation on the relationship between
memristor performance and RC operation. The efficient RC
operation for discrimination of reservoir states is hard to achieve
due to the overlap of states determined by multiple factors
including the magnitude of weight update depending on the input
strength, PPF, time-dependent decay of updated weight, and
interval between input signals. Therefore, a systematic examina-
tion of the effect of these variables on RC performance was carried
out to provide guidelines for the implementation of efficient RC
systems with memristors.

2. Results and discussion
2.1 Requirements for memristor-based reservoir computing
systems

As shown in Fig. 1(a), the human brain processes input signal
stimuli through connections called neurons and synapses.
By mimicking the biological nervous system, which is capable
of performing highly cognitive functions with low energy, a
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memristor can be a good candidate to produce the abundance
of physical reservoir states for an RC system. The RC
system consists of an input layer receiving the input signal, a
reservoir layer processing the spatiotemporal input signal
in high-dimensional space, and a trainable readout layer used
to generate the output (Fig. 1(b)). In a memristor-based
RC system, as shown in Fig. 1(c), when a spatiotemporal
input signal stimulates a memristor, the modified conduc-
tance (or resistance) is stored in the memristor and consti-
tutes a reservoir state. Then, it becomes the input to a

subsequent readout layer, processing spatial and temporal
tasks in parallel.

As described earlier, it is of paramount importance that the
reservoirs in an RC system have sufficient nonlinear recurrent
network dynamics. There are four main requirements for such
a physical reservoir (Fig. 1(d)). First, it must have high dimen-
sionality, which means that a sequence of events can be linked
together to express spatiotemporal dependencies. The problem
with memristors in conventional RC systems is that each input
signal to an individual memristor is processed independently,

Fig. 1 RC system based on a memristor-based reservoir. (a) Biological RC. In the human brain, the weighted sum of electrical signals emitted by
neuronal activity provides the biological basis for the RC algorithm. (b) Schematic illustration of an RC system. (c) Schematic of input encoding processing
to the memristor-based reservoir and its dynamics in an RC system. (d) Requirements for memristor-based RC systems: high dimensionality, nonlinearity,
paired-pulse facilitation (PPF), short-term plasticity (STP), and separation property.
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making it difficult to represent the spatial relationship between
time-domain inputs.42 Instead, if the input signals are implicitly
stored as historical information to map them to a higher dimen-
sion, spatiotemporal dependencies can be represented and gen-
erate enriched reservoir states. Second, strong nonlinearity of
memristors is required. Memristors have an inherent nonlinear
behavior that makes them very suitable for implementing
RC systems.43 It has been reported that such nonlinearities in
memristors can result from complex physico-chemical coupling
processes such as ion drift, which involves redox or composition
changes to maintain charge neutrality.44–46 The nonlinearity
of memristors during the weights update and their decay is
necessary to multiply the richness of physical reservoirs.26,27

The change in conductance of each memristor, controlled by
nonlinear dynamics, facilitates the mapping of the input signal to
various separated reservoir states in a high-dimensional space.
Therefore, nonlinearly mapped reservoir states can be linearly
separated, allowing RC systems to be implemented using only a
simple linear network layer.15 In addition, PPF characteristics are
one of the factors that contribute to the nonlinearity of the
memristor and affect the separation capability of reservoir states.
The output signal of each memristor is obtained through the
excitatory post-synaptic current (EPSC) as a result of a series of
temporal input stimuli. The EPSC is determined by the number,
amplitude, and interval of input pulses as well as its gradual decay
with time. This characteristic can be quantified by the PPF,
expressed as the ratio of the first output signal to the second
output signal for two consecutive input signals. The PPF illustra-
tion in Fig. 1(d) shows the change in current in a memristor
measured between two consecutive pulses. Applying two conse-
cutive pulses with the same amplitude results in a larger increase
in the second output signal than that in the first output signal
(a o b). Third, it must have short-term plasticity. Short-term
plasticity features conductance that returns to its initial state on a
timescale of seconds in general when the applied voltage is
removed.47 Because the reservoir in the RC system needs to store
the processed output from the relatively recent inputs, it is
required to have a suitable STP that does not drop the processed
conductance too fast or too slow. Finally, it should be easy
to separate the implied output signals into different classes.
The implied output signal is evaluated as conductance. The
greater the difference between the respective conductance values,
the easier it is to classify. To facilitate classification, the non-
linearly decaying dynamics of memristors should be well char-
acterized. Also, the timing of applying the read voltage must be
well determined accordingly, so that the nonlinearly mapped
reservoir states can be linearly separated.

2.2 Electrical characteristics of Pt/GDC/CeO2/Pt memristors

The current–voltage (I–V) hysteresis curves from 12 cells of Pt/
GDC/CeO2/Pt memristors were obtained by repeating DC vol-
tage sweeps, as shown in Fig. 2(a). First, positive voltage sweeps
of 0 - +4 - 0 V were repeated ten times, then the same
number of negative sweeps of 0 - �3 - 0 V were conducted.
As repeating positive voltage sweeps, the current of the cell #1
increased consecutively within the range from 1.75 to 10.21 nA.

Then, it decreased sequentially back to about 4.17 nA by repeating
negative voltage sweeps. This confirms the voltage polarity-
dependent analog resistance change in the memristors with the
GDC/CeO2 bi-layer. To evaluate the cell-to-cell variation, the
current values at the initial sweep, after potentiation sweeping
ten times and subsequently 10 depression sweeps of 12 cells from
the I–V curves in Fig. 2(a) are presented in Fig. 2(b). The black dots
represent the current values, measured at +4 V after the initial
+4 V double sweep as potentiation. The red dots indicate the
current values measured at +4 V after 10 times of the +4 V double
sweep as depression. The green dots correspond to the current
values measured at �3 V after the subsequent 10 times of �3 V
double sweeps. The mean value (m) of potentiation was 10.1 nA,
and the standard deviation (s) was 0.4 nA; thus, the s/m value was
about 0.04, which implies the deviation of 4% from the mean
value. The m after depression was 1.05 nA, and its s was 0.24 nA;
thus, the s/m value was about 0.23, which implies the deviation of
23% from the mean value. In this device, because the CeO2 layer
was deposited by atomic layer deposition (ALD), it turns out that
the resistance change is more stable and uniform than that of the
device using sputtering for the layers.35 Fig. S1 (ESI†) shows the
cell-to-cell distribution of the potentiation in the device using
sputter-deposited bilayers and the device using sputter-GDC/ALD-
CeO2 (ESI†). For potentiation, 30 pulses of +4 V and with a width
of 0.64 ms were applied to 12 randomly selected cells and the
current ratio before and after potentiation, i.e., degree of potentia-
tion, was read at the readout voltage. Its distribution in the device
using sputter-deposited bilayers, which is quantitatively defined
as the percentage ratio of standard deviation (s) to the mean value
(m), was calculated to be 25%, while the percentage ratio of s/m of
the device using sputter-GDC/ALD-CeO2 was about 7%. This
confirms a significant improvement in the uniformity by using
ALD-deposited CeO2 in the bi-layered memristor. In addition, the
I–V curves are highly asymmetric between positive and negative
voltage sweeps, which can be attributed to the different Schottky
barrier height at CeO2/Pt and Pt/GDC interfaces.48,49 The Schottky
barrier height at the CeO2/Pt interface was measured to be
approximately 0.3 eV, which is notably lowerthan B0.55 eV at
the Pt/GDC interface (Fig. S2 in the ESI†). The different barrier
heights between both interfaces construct an asymmetric band
structure as shown in Fig. 2(d).

Fig. 2(c) shows the weight update for potentiation and depres-
sion of the GDC/CeO2 bi-layered memristors. The measurement
was conducted by applying 50 consecutive voltage pulses with
+4 V and �3 V amplitudes for potentiation and depression,
respectively, at a fixed pulse width of 0.64 ms. The current was
read at +2 V after each pulse. It shows an analog change in
resistance with respect to the voltage polarity, consistent with the
polarity dependence in I–V sweep results. It is noteworthy that the
resistance level can be tuned simply by repeating pulse applica-
tion because the current changed sequentially proportional to the
pulse number. Updating weights in an analog manner is impor-
tant in RC systems because it can represent a variety of states to
meet the high dimensionality of RC. Unlike the digital-type
resistance change memristor, an analog-type resistance change
memristor can represent various states with one device. Thus, it
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enables increases in the integration capacity and operation speed
with reduced power consumption and hardware fabrication cost.

The analog resistance change is thought to come from the
redistribution of oxygen vacancies, which modulates the energy
barrier at the electrode/oxide interface and changes the resistance,
as schematically illustrated in Fig. 2(d).35 When a positive voltage
is applied to the Pt top electrode (TE), while the Pt bottom
electrode (BE) was grounded in the Pt/GDC/CeO2/Pt memristor,
the positively charged oxygen vacancies migrate from the GDC to
the CeO2 layer, and oxygen ions move to the GDC layer in an
opposite direction. Then, the added oxygen vacancies, as n-type
dopants in CeO2, provide more electrons to the interface, which
fill the interface traps and lift up the Fermi-level. As a result, the
Schottky barrier height at the CeO2/Pt bottom interface is lowered
and the resistance read at a positive voltage decreases gradually
(potentiation). Conversely, applying a negative voltage to the Pt TE
causes positively charged oxygen vacancies to migrate from the
CeO2 to the GDC layer, increasing the Schottky barrier at the
CeO2/Pt bottom interface. Therefore, the resistance read at +3 V
increases gradually (depression).

In RC systems, the previous input influences the next
response via storing information and organizing the state of
the physical reservoir, characterized by a recurrent connection.
A recurrent connection can be implemented with the decay

characteristics having short-term plasticity and nonlinearity to
ensure that past inputs influence temporally the current reser-
voir state and output. The behavior of current decay with time
in the memristor is presented in Fig. 3. It shows that the
current decay as a retention loss resembles the dynamics of
human memory loss. In human memory, short-term memory
(STM) remains typically for a few seconds to tens of minutes,
while long-term memory (LTM) remains for hours to weeks, or
even a lifetime.50 Although it is also pursued to intentionally
switch from STM to LTM by strengthening input stimulating
conditions for the application to nonvolatile memory,51 it is
more desirable to have STM or STP characteristics for the use of
a memristor as a reservoir to process spatiotemporal signals in
RC systems.

The retention loss characteristics with respect to the ampli-
tudes and the number of pulses applied to the memristors are
shown in Fig. 3(a). Here, the current was measured at +2 V every
1 s after applying the stimulus pulse under different conditions.
Obviously, the current increased higher upon applying the
pulses with higher amplitude of voltage and more times. When
+5 V pulses were applied 5, 10, and 20 times, the current
increased from 0.15 to 0.21 nA, 0.14 to 0.23 nA, and 0.34 to
1.12 nA, respectively. The current then decayed to 0.21, 0.23, and
0.84 nA after 9 s. Similarly, at +6 V pulses with the same pulse

Fig. 2 The electrical characteristics and mechanism of the GDC/CeO2 memristors. (a) I–V curves upon repeating positive and negative DC voltage
sweeps in the order of 0 - +4 V- 0, 0 - �3 V - 0. (b) Cell-to-cell variation of the current values at the initial sweep, after 10 times of potentiation
sweep and subsequent 10 times of depression sweeps in I–V curves. (c) Potentiation and depression currents measured at +2 V after repeated application
of + 4 and �3 V pulses, respectively. (d) Schematic diagram of the switching mechanism of GDC/CeO2 memristors.
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number conditions, the current increased from 0.15 to 0.34 nA,
0.14 to 0.55 nA, and 0.14 to 1.52 nA, and then decayed to 0.33,
0.48, and 0.94 nA after 9 s, respectively. Also at +7 V pulses, the
current increased from 0.12 to 0.40 nA, 0.12 to 1.02 nA, and 0.12
to 3.08 nA, then decayed to 0.38, 0.64, and 1.43 nA after 9 s,
respectively. It is also clearly observed that the fast initial decay
as the STM is followed by a long and slow decay as the LTM,
mimicking the human memory loss.52

The dependence of retention on the amplitude and number
of pulses in Fig. 3(a) provides several notable characteristics for
the RC applications. First, under the condition of a small
number of pulse applications, e.g., 5 and 10 times, the change
of current (conductance as a synaptic weight) was not signifi-
cant but retained long with negligible decay with time, irre-
spective of the pulse amplitude. In this weak stimulation
condition, it is thought that only a small number of oxygen
vacancies are redistributed; thereby making a low oxygen
vacancy concentration gradient. As a result, the driving force
for oxygen vacancies to return back to the initial state is small,
so long retention is achieved. Even though longer retention
could be achieved in the weaker stimulus condition, the change
of current is not sufficient, which limits the available weight
levels. Memory is closely linked to synaptic weight, which is the
strength of synaptic connections.53–55 In biological systems, the
synaptic weight is strengthened or weakened by the change in
ionic concentrations that determine the activation of receptors
and the release of neurotransmitters (e.g. Ca2+, Na+, Mg2+, K+).56

In order to remember complex information or large amounts of
data for a long time, stimuli should be strong enough to make
the significant change in ionic concentrations to achieve strong
synaptic weights. Nevertheless, it should be noted that the
complex biological and molecular mechanisms for memory
stability are still being investigated.57 Moreover, simply enhanc-
ing synaptic efficacy is not enough to store complex memories,
as the response of a synapse in a long-term process is not
simply determined by its own activity history.58,59 Second, the
current increased proportionally to the amplitude of pulse in
the order of +5, +6 and +7 V. Furthermore, the retention after

9 s was 64, 56, and 44% respectively. It is rational that the final
current after decay is higher at the higher pulse amplitude
condition. However, it is noticeable that the application of the
higher amplitude pulse led to the greater initial current change
but also resulted in the faster decay of current. This implies
that the pulse application with the higher amplitude led to the
higher conductance change, while causing further decay due to
the higher driving force for the restoration to the initial state as
discussed earlier. Therefore, the percentile retention loss is the
highest at the highest pulse amplitude condition, although
the absolute current value after decay is the highest. Even with
the decay, the current at each condition could be distinguished
from each other. For the RC application, both the sufficient
conductance change and its discernable short-term decay are
essential to differentiate the reservoir states. Thus, it is con-
cluded that increasing the number and amplitude of pulses is
preferred to achieve distinguishable reservoir states in response
to temporal stimuli for RC applications.

Fig. 3(b) shows PPF characteristics of Pt/GDC/CeO2/Pt mem-
ristors. Since RC processes the temporal information, the
responsive weight update to successive pulses with time inter-
val as also involving short-term decay is one of the decisive
factors to determine final reservoir states. The weight update
for successive input signals with interval can be assessed by
PPF characteristics. Twenty pulses with an amplitude of +7 V
and 0.64 ms were applied and the current was read at +2 V every
2 s for 2 min, and it was repeated four times in total. After
consecutive pulses, the initial current increased from 0.16 to
4.08 nA and decreased to 1.28 nA after 2 min. Application of
another set of pulses further increased the current to 8.05 nA,
then decreased it to 1.97 nA after 2 min. Apparently, the peak
value of the EPSC by the second set of pulses is larger than that
by the first set. The PPF index, defined as the ratio of the
second EPSC (A2) to the first EPSC (A1), corresponds to 202%.
The ratio of the third and fourth EPSCs to the first EPSC is
337% and 436%, respectively, verifying the continuously
increasing EPSC upon repeating pulse application even with
its decay with time. The enhanced PPF indices upon repeating

Fig. 3 Time-dependent characteristics of GDC/CeO2 memristors. (a) Response of the memristor as a function of the number of pulses with a pulse
width of 0.64 ms. Current is read at +2 V every 1 s. (b) PPF characteristics after repeating twenty potentiation pulses with an amplitude of +7 V and width
of 0.64 ms. Current is read at +2 V at intervals of 2 s for 60 times. This procedure was repeated four times. The PPF index is defined as the ratio of the
second increased EPSC (A2) to the first increased EPSC (A1).

Communication Journal of Materials Chemistry C

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

0 
Fe

br
ua

ri
 2

02
5.

 D
ow

nl
oa

de
d 

on
 3

0/
07

/2
02

5 
02

:4
1:

57
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4tc05041j


4900 |  J. Mater. Chem. C, 2025, 13, 4894–4909 This journal is © The Royal Society of Chemistry 2025

pulse application are also explained with accumulative oxygen
ion redistribution. Oxygen vacancies move from the GDC
toward the CeO2/Pt interface under positive bias, then lower
the Schottky barrier height at the CeO2/Pt bottom interface and
consequently increase the conductance. These oxygen vacan-
cies (and oxygen ions) tend to return back to the initial
locations due to the driving force to minimize the concen-
tration gradient, thereby causing retention loss when the
voltage is removed. Nevertheless, repeated application of pulses
causes more vacancies to be stuck near at CeO2/Pt interface
stronger. Partially remained oxygen vacancies are responding to
the consecutively applied pulse before they have fully returned
to their original position. As a result, the current level after
decay keeps increasing to exhibit PPF characteristics.

2.3 Memristor-based RC for 4-bit input discrimination

Using the characteristics of analog and time-dependent
resistance change dynamics with its short-term decay in Pt/
GDC/CeO2/Pt memristors, the RC operation for 4-bit input
discrimination was demonstrated. In order to discriminate
multi-bit input, the distinguishable reservoir states should
be stored through analog weight update by a controllable change
in conductance and its decay with time. In particular,

nonlinearities in STP and PPF play a crucial role in representing
different and distinguishable reservoir states. As shown in Fig. 2
and 3, the Pt/GDC/CeO2/Pt memristor has unique nonlinear STP
and PPF characteristics with respect to the pulse condition.

Fig. 4 shows the experimental results of binary 4-bit input
data discrimination processing. The binary 4-bit data from
[0000] to [1111] were processed by applying a pulse train
consisting of a set pulse (+5 V, 0.64 ms, twenty times) for ‘‘1’’
and ground (0 V) for ‘‘0’’, respectively. The current after pulsing
was read at +2 V. Between each pulse, the interval time was set to
be 10 s for utilizing the decay of conductance depending on
conductance state. Fig. 4(a) shows the results from 48 cells
measured by repeatedly applying a binary 4-bit pulse train with
a total of 16 states ([0000] to [1111]) three times for each case. The
current change is found to be consistent at each pulse train,
discriminating input data according to the pulse train. To analyze
the current change for the input data in detail, the results were
divided into three groups with respect to the number of ‘‘1’’ bits.
Then, one of the three repeated measurement results for each
train was randomly selected and are presented in Fig. 4(b)–(d).
The total results of three repeated measurements are shown in
Fig. S4a–e (ESI†). Fig. 4(b) shows the simplest case of the current
for the four states with one ‘‘1’’ bit, i.e., [1000], [0100], [0010], and

Fig. 4 Measurement results of binary 4-bit input pulse data discrimination processing. (a) Response of 48 GDC/CeO2 memristors to repeated
application of a pulse train representing a binary 4-bit input for a total of 3 times. For input ‘‘1’’, a set pulse (+5 V, 0.64 ms, twenty times) is used, while for
‘‘0’’, ground is taken. The read pulse amplitude and width are 2 V and 0.64 ms, respectively. The same pulse train shows a similar response tendency and
the final current is successfully separated. Current change in the memristor: (b) bit corresponding to ‘‘1’’ is one ([1000], [0100], [0010], [0001]), (c) bit
corresponding to ‘‘1’’ is two ([0101], [1010], [0011], [0110], [1100], [1001]), and (d) bit corresponding to ‘‘1’’ is three ([1101], [0111], [1011], [1110]).
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[0001]. The measured currents for those states are shown to be in
the order of I[1000] o I[0100] o I[0010] o I[0001]. Apparently, the [1000]
state has the lowest final current due to the longest decay time,
whereas the [0001] state has the highest current due to the
shortest decay time. Due to the decrease in current with time,
the four states from [1000] to [0001] with ‘‘1’’ input pulse at
different time could be discriminated accordingly.

Compared to the case of one ‘‘1’’ input pulse train, the states
with two and three ‘‘1’’ input pulse trains are more compli-
cated. The discrimination of states is not determined only by
the behavior of current decay with time, but also by the
nonlinearity in PPF and weight update characteristics. In this
measurement, the effect of nonlinearity of the current change
on the state discrimination could be analyzed from PPF char-
acteristics upon applying the first pulse (+5 V, 0.64 ms, twenty
times) and the second pulse (+5 V, 0.64 ms, twenty times) with
an interval time. Fig. 4(c) shows the currents in the case of six
states with two ‘‘1’’ input trains, i.e., [0101], [1010], [0011],
[0110], [1100], and [1001]. Pulses of the same sequence of ‘‘11’’,
i.e., [0011], [0110], and [1100] will have the same interval time
between ‘‘1’’. Therefore, the length of decaying time after input
of ‘‘11’’ determines the final current. Similarly, the currents for
[0101] and [1010] states having the same sequence of ‘‘101’’ are
determined by the decaying time. As expected, the final current
was measured to be I[0011] 4 I[0110] 4 I[1100], and I[0101] 4 I[1010].
On the other hand, it is not a simple matter to discriminate the
states with different pulse sequences. This is because nonlinea-
rities in decay, PPF, and the weight update as a function of
pulse number are all involved at the same time. In order to
examine the effect of nonlinearity in PPF as a function of
interval time on the final current, the current for the [0101]
state was compared with that for [0011], where the interval
times between pulses were not the same as each other. The
current for the [0101] state associates with the PPF with a longer
interval time, whereas that for the [0011] state associates only
consecutive pulsing with a much smaller interval time between
pulses than the [0101] state. The result of I[0101] 4 I[0011]

indicates that the increase in current via PPF surpasses the
current change in consecutive pulses. As previously described,
PPF can be enhanced during an appropriate interval time
(presynaptic inhibition) between consecutive pulses. Therefore,
it can be seen that the interval time of 10 s between the
second pulse ‘‘1’’ and the fourth pulse ‘‘1’’ of the [0101] pulse
resulted in a higher final current due to the enhanced PPF
characteristics than the [0011] pulse. Nevertheless, caution is
needed as the difference is minimal and could be changed
depending on the interval, number of pulses for each train, and
other factors. For example, the current for the [1001] state with
the longer interval time of 20 s turned out to be the smallest.
This means if the interval time is too long, the next synaptic
response is inhibited because oxygen vacancies would return
back to the equilibrium position given enough interval time. It
can be summarized in the states with two ‘‘1’’ bits that the
current in consecutive pulses without interval time was smaller
than the current in pulses with an interval time of 10 s and
larger than the current in pulses with a longer interval time of

20 s. This implies that there is an optimum condition in the
interval time to enhance the PPF to discriminate the states due
to the nonlinear decay characteristics of PPF. The nonlinearity
of memristors can be tuned by appropriately modulating
presynaptic inhibition and the final current levels for each
state are the interwoven results with the effects of several
nonlinear factors.

Fig. 4(d) shows the currents upon applying three ‘‘1’’ input
trains, [1101], [0111], [1011], and [1110]. It is obvious that the
current for the [0111] state is measured to be higher than that
for [1110] because the former state has a shorter decay time.
The following is a comparison between [1011], [1101] and
[0111], where the first two states have an interval between
pulses and the last has no interval between pulses. The first
two cases with the interval between pulses associates both the
PPF and decay with time depending on conductance. On the
other hand, the last case without interval associates only
the decay behavior. The final current was found to be in the
order of I[1101] 4 I[0111] 4 I[1011]. The I[0111] by consecutive
pulses without an interval was higher than I[1011] by the pulses
with the interval time after the input pulse once. However, it is
lower than I[1101] with the interval after input pulse twice. The
result of I[1101] 4 I[0111] 4 I[1011] implies that PPF after input
twice enhanced the current most, whose effect was even stron-
ger than the current increase by consecutive pulsing (i.e., [0111]
state). The PPF after input once (i.e., [1011]) was not as effective
as that after input twice. This indicates again that the PPF and
decay characteristic depending on its conductance level and
the interval step is one of the decisive factors. The result of
I[0111] 4 I[1011] implies that PPF is not so effective at a low
current regime after one input pulse compared to the consecu-
tive pulsing. However, the result of I[1101] 4 I[0111] indicates that
PPF at a high current regime increases the current further than
that of consecutive pulsing. As shown in the results, the
discrimination of [1011] and [1101] states is correlated to the
decay characteristics depending on its conductance level. Afore-
mentioned, the conductance change and its decay are deter-
mined by the redistribution of oxygen vacancy. In the [1011]
pulse, the amount of migrated oxygen vacancies after the first
pulse application is less than that after the application of the
first and second pulses in the [1101] pulse. When the applied
voltage is removed, the oxygen vacancies return to equilibrium
due to the concentration gradient during the interval time.
Based on the interval time, for the pulse [1101], where more
oxygen vacancies moved by ‘‘11’’ pulses, the current dropped
more sharply during the interval due to the larger concen-
tration gradient. The sharper decrease in current is consistent
with that shown in Fig. 3 via the rapid return of a large
amount of oxygen vacancies that were moved as the number
of stimuli increased. Then, the next pulse led to a higher
final current than that for the [1011] pulse due to the enhanced
PPF behavior. It is concluded from this result that PPF
plays a crucial role to increase the nonlinearity of current
increment during weight updates and determines the decay rate
depending on the conductance level. Therefore, the effect of
enhanced PPF by the number of pulses or interval time on
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discrimination of reservoir states needs to be precisely
controlled.

Fig. 5(a)–(d) show the final currents corresponding to a
binary 4-bit pulse along with its initial values at four different
conditions shown in the table. The final currents corres-
ponding to 4-bit reservoir states are plotted, where the states
with one ‘‘1’’ are referred to sequence 1–4 (Section 1), and the
states with two ‘‘1’’s are sequence 5–10 (Section 2), and the
states for three ‘‘1’’s are sequence 11–14 (Section 3), respec-
tively. Depending on the pulse conditions of pulse amplitude,
pulse number, and the interval time between pulses, the
reservoir states were differentiated by a combination of the
decrease in current with time and the nonlinearity of the PPF.
Four different pulse conditions are summarized in the table in
Fig. 5, with the application of +5 V twenty times and reading at
+2 V with an interval of 10 s (Fig. 5(a), condition 1), +7 V twenty
times with an interval of 10 s (Fig. 5(b), condition 2), +5 V
twenty times with an interval of 5 s (Fig. 5(c), condition 3), and
+5 V ten times with an interval of 5 s (Fig. 5(d), condition 4).
Comparing the results for condition 1 and 2 with the different
pulse amplitude of +5 and +7 V at the same number and
interval time, the final current is higher at the higher amplitude
of +7 V (i.e., the stronger stimulus condition). However, the
final current values between sections becomes more overlapped
due to the faster decay after the stronger stimulus. Comparing
the results in condition 1 and 3 explains the effect of interval
time of 10 and 5 s on the differentiation of states. At the shorter
interval time of 5 s in condition 3, the overall current level
is higher because there is less decay of the current during the
interval step. However, the overlap of states could not be
avoided either, e.g., the overlap between sequence 7 in Section 2
and sequence 14 in Section 3. Finally, when the number of
applied pulses and the interval time between pulses are
reduced compared to condition 1 (in Fig. 5(d)), the time-
dependent decay characteristic does not appear clearly due to
insufficient stimulus, which leads to the overlap of current
levels within the section. These comparative results in Fig. 5
suggest that optimization of pulse conditions is essential to
construct the distinguishable reservoir states because the pulse
amplitude, number of pulses, and interval time between pulses
are all comprehensively involved in this.

The multi-class classification test was performed by learning
and testing the input pulse signal for a 4-bit pattern to assess its
performance in the RC system with respect to the pulse condi-
tions from condition 1 to 4. Fig. 5(e) illustrates the process of
separating multi-class points into each group in the RC system.
The data consists of 100 points in each of the six groups, where
each point is randomly distributed along a normal distribution
from a randomly selected center point. Each point lies on a two-
dimensional plane with a range of 0 to 255 per axis. Each axis
(x, y) can be represented by 8 bits binary, so a point can be
represented by a total of 16 bits (x + y) and encoded as a pulse
sequence. This pulse sequence is rearranged into 4 � 4 bits
using a memristor with a separation capacity of 4 bits. Each of
the four pulse sequences of 4 bits is then converted into one of
16 current values, each of which is a state identified in the 4-bit

reservoir, for training and classification. The 16 current values,
as the states that are identified in the 4-bit reservoir, are
converted by the software through a normalization process
between 0 and 1. The maximum number of iterations for
training is set to 15 epochs. The simulation results of multi-
class classification are shown in Fig. 5(f). The reservoir state
constructed by pulse condition 1 showed the highest classifica-
tion accuracy, followed by pulse conditions 2, 3, and 4. Com-
pared to condition 1, the reservoir states in condition 2 with the
higher pulse amplitude and the reservoir state in condition 3
with the shorter interval time had relatively lower accuracy due
to overlap of the final currents. This was caused by the
increased decay rate as the amplitude increased (condition 2)
and the negligible decay of current for insufficient interval time
(condition 3). In pulse condition 4 with reduced pulse number
and interval time, the reservoir states were too overlapped to be
discriminated, thus leading to the lowest accuracy. Since the
reservoir states are normalized to be the values between 0 and 1
by the software, it is crucial to ensure that each of the 16 reservoir
states is linearly distinguishable from one another. The relatively
low accuracy in the multi-class classification task is thought to be
due to the small dataset size and the inherent ambiguity within
the data itself. Nevertheless, the dependence of accuracy on bit
discrimination efficacy verifies that nonlinear decay characteris-
tics play a crucial role in the multi-class classification task of RC
operation.

As discussed earlier, the decay characteristic is one of the
decisive factors and is determined by the amplitude and
number of pulses and the interval time between pulses. In
general, the current decays rapidly in the early stage and
gradually afterward. Because RC utilizes these STP properties
of decay to store information, its effect on the discrimination of
4-bit reservoir states was examined by quantitatively analyzing
the decay curve. Numerous mathematical models have been
proposed to quantitatively describe the decay curves.51,60

Among them, an exponential decay function was employed in
this study with a form of61

y ¼ A1 � exp
�t
t

� �
þ y0; (1)

where y is the decay function representing the retention of
current, t is the time, t is the relaxation time constant, A1 is the
prefactor and y0 is the saturated current or memory level with
time. Fig. 6(a)–(d) show the current decay curves when the sets
of twenty pulses with an amplitude of +5 V and a width of
0.64 ms pulses were repeatedly applied to Pt/GDC/CeO2/Pt
memristors for 1 to 4 times with 10 s interval between the
set. The current was read at +2 V every 10 s for 100 s in total.
This measurement was performed three times with different
cells under the same conditions, and the extracted parameter
values were averaged. Using the extracted values of t and the DI,
the 4-bit reservoir states were theoretically predicted as shown
in Fig. 6(e)–(g). It provides the effect of decay condition on the
discrimination of 4 bits reservoir states. First, the decay curve
fitting with eqn (1) showed that the average t-values tended to
increase to 7.04, 8.66, 10.33 and 10.89 as repeating sets of pulses.
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Fig. 5 Experimentally measured reservoir states at four different pulse conditions and multi-class classification task. (a)–(d) Response of a memristor, showing the
final current corresponding to a binary 4-bit pulse, along with its initial value. Four pulse conditions (1, 2, 3, and 4) are constructed with the number of pulses
applied, the interval between pulses, and the applied pulse amplitude as variables: (a) +5 V� 20, read at +2 V, interval 10 s (condition 1), (b) +7 V� 20, read at +2 V,
interval 10 s (condition 2), (c) +5 V� 20, read at +2 V, interval 5 s (condition 3), and (d) +5 V� 10, read at +2 V, interval 5 s (condition 4). (e) Process flow of multi-
class classification in the RC system. (f) Simulation results showing accuracy at the 15th epoch for conditions 1, 2, 3, and 4.
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The average DI also increased further in the order of 4.93� 10�10,
7.46 � 10�10, 1.01 � 10�9, and 1.28 � 10�9 A as repeating sets of
pulses. The A1 were 3.36 � 10�10, 7.24 � 10�10, 1.13 � 10�9, and
1.51 � 10�9 A, respectively. The theoretical calculation of the 4-bit
reservoir states with the obtained average t values and average DI
is shown in Fig. 6(e). For example, it can be assumed that the
reservoir state with one ‘‘1’’ follows an exponential decay function
with an A1 of 3.36 � 10�10 A, a DI of 4.93 � 10�10 A, and a t of
7.04, which are related to the first pulse. By following the
exponential decay function, the decaying current can be predicted
as a function of time, so the reservoir state can be constructed
accordingly as shown in Fig. 6(e). The 4-bit reservoir states with
the corresponding final currents are plotted, and states with one
‘‘1’’ are referred to as sequences 1–4 (Section 1), the states with
two ‘‘1’’s to sequences 5–10 (Section 2), and the states with three
‘‘1’’s to sequences 11–14 (Section 3), respectively. Previous results
have confirmed that the conductance level is determined by the
interval time, and the PPF behavior is enhanced according to the
previous conductance level. Furthermore, the enhanced PPF
behavior increases the nonlinearity, which makes it easier to
distinguish between the reservoir states. Nevertheless, the PPF

component that contributes to the nonlinearity depends on the
device and pulse conditions. Therefore, even this needs further
correction, the constructed reservoir states were analyzed by
varying only the parameters obtained from the quantitative
analysis on the decay curve without considering the PPF behavior.

First, the configured reservoir states are constructed as shown
in Fig. 6(f) by varying the relaxation time t from the measured
ones in Fig. 6(a)–(d). The three cases of reservoir states were
constructed by setting t values to be 0.5 times (3.52, 4.33, 5.17 and
5.45), 2 times (14.08, 17.32, 20.66 and 21.78), and 5 times (35.2,
43.3, 51.65 and 54.45) the measured ones (7.04, 8.66, 10.33 and
10.89). In the case of 0.5 times t values, the current drops rapidly
during interval time. Thus, the current is likely to be bisected. For
example, the current bisection occurs at 5, 6, 8 and 7, 9, 10 in
Section 2 with respect to whether the pulse was applied or not
before the final current measurement. In Section 2, sequences at
5, 6, and 8 have ‘‘1’’ bit at the final input, so they exhibited a
higher current at nearly the same level. However, since sequences
at 7, 9, and 10 do not have the final ‘‘1’’ pulse, the currents
remained to be the decayed ones. Therefore, it is found that a too
small t value is not desirable to enrich the reservoir state. In this

Fig. 6 Quantitative analysis of decay curve. (a)–(d) Results of twenty pulses with an amplitude of +5 V and a width of 0.64 ms pulses were repeatedly
applied to Pt/GDC/CeO2/Pt memristors from (a) 1 time, (b) 2 times, (c) 3 times and (d) 4 times at 10 s intervals, and then read at +2 V every 10 s for 100 s.
The obtained decay curve is fitted with an exponential decay function. Based on the calculated relaxation time constant and current increment,
(e) theoretical calculation results for 4 bits reservoir, (f) theoretical calculation results for 4 bits reservoir when the relaxation time constant is �0.5, �2,
and �5 the original relaxation time constant, and (g) theoretical calculation results for 4 bits reservoir when the current increase is �2 and �5 the original
current increment.
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case, it is suggested to reduce the interval time, then the currents
can be read as distinct states before they are substantially decayed.
Reducing interval time gives an advantage to reduce the time
required for the RC system to train, so allows it to learn large
amounts of data quickly. There is also a way to read by increasing
the interval time nonlinearly. Actually, the current decays non-
linearly, falling rapidly at the early stage and then slowing down.
In order to clearly distinguish between the currents, it is necessary
to read higher-level currents quickly at the early stage when the
current drops quickly or read lower-level currents slowly at the end
when the current decays slowly.

Next is the cases where t values are doubled and quintupled
from the original t values. In Fig. 6(f), when t values are
doubled, the dynamic range of the overall current distribution
increases, so it avoids the overlap of current between each section.
Moreover, in Fig. 6(f), when t values are quintupled, the decay
becomes much more gradual, resulting in a wider overall current
distribution range. This prevents overlap between the current
levels of different sections. However, because the current decays
slowly, there is significant overlap of the current levels within each
section. Therefore, it is concluded that appropriate t values are
required to achieve an overall distinguishable current range for
each reservoir state without their overlap within and between the
sections. For example, the case with double t values is found to be
better to discriminate the states than the case with quintupled
t values suffering significant overlaps between the states even
with the wider overall current distribution.

Second, the reservoir states were constructed by doubling
and quintupling DI as shown in Fig. 6(g). The two reservoir
states of 4 bits by doubling DI (9.86� 10�10, 1.49 � 10�9, 2.02 �
10�9, and 2.56 � 10�9 A) and quintupling DI (2.47 � 10�9,
3.73 � 10�9, 5.05 � 10�9, and 6.4 � 10�9 A) are presented in red
and blue color, respectively. As DI increases, the overall current
dynamic range increases, resulting in a larger difference in
current level between sections. The difference in current level
between sections is even much greater in the 5 times case, but
the current level within sections becomes more overlapped
compared to the original case. Final currents for 5 through
10 in Section 2 are mostly overlapped and 11 through 14 in
Section 3 are also overlapped. Therefore, the value of t should
also be increased in order to avoid the overlap between the
states because of enhanced decay at a high current level.

The RC system creates a single reservoir state with spatio-
temporal information. In order to learn the generated reservoir
states, the reservoir states must be distinguishable from each
other. Through the examination of the dependence of discri-
mination capability of reservoir states on several parameters,
the relaxation time constant t and the current increment DI
were found to be decisive factors. For a Pt/GDC/CeO2/Pt mem-
ristor under the same current increment condition, the case
with doubled t values made separable reservoir states. On the
other hand, as the current increment increased under the same
t condition, the current tended to overlap within each section,
leading to an indistinguishable reservoir state. Even if it is
applied specifically in this device, it provides the quantitative
guideline that the conditions with doubled t while keeping

DI are appropriate to achieve distinguishable reservoir states.
Increasing DI via a strong stimulus pulse would require the
increased t values to separate the states. These guidelines are
available by analyzing the effect of the current levels, DI, and t
values of the given memristors on the discrimination of reser-
voir states; thereby the optimized conditions would vary
depending on the properties of the devices.

2.4 Pattern recognition through RC operation

The RC system consists of an input layer, a reservoir layer, and
an output layer. In this system, only the connection weights of a
single linear output layer are trained to reduce the complexity of
training RNNs. To benchmark the efficiency and performance of
these RC frameworks using a Pt/GDC/CeO2/Pt memristor as a
reservoir, a handwritten digit recognition test was performed by
training and testing the input pulse signal for a 4-bit pattern.

Fig. 7(a) shows the process of recognizing a handwritten digit
image in the RC system. The MNIST dataset from Kaggle’s Digit
Recognizer competition is utilized for training and evaluating the
model. The training set consists of 40 000 handwritten digit
images collected from the MNIST handwriting digit database
and 4000 samples to be used for testing. First, the input image
of 28 � 28 pixels is converted to a binary image and encoded as a
pulse sequence. This pulse sequence is rearranged to 196 � 4 bits
since it uses a memristor with a separation capacity of 4. The 196
pulse sequences of 4 bits are then trained and classified by
converting each into one of the 16 current values, which are the
states identified in the 4-bit reservoir. The 16 current values,
which are the states identified in the 4-bit reservoir, are converted
by software through a normalization process between 0 and 1. The
maximum number of iterations for training is set to 15 epochs.

To investigate the importance of nonlinear characteristics in
RC, we compared the performance of the nonlinear reservoir
model with STM characteristics and that with linear current
change. The results of condition 1 in Fig. 5 were used for the
simulation of image recognition in the nonlinear reservoir
model. The simulation results for the other three conditions
in Fig. 5 are shown in Fig. S7 (ESI†). The 16 different 4-bit input
signals are well classified in this condition and represent the
implied historical information. For comparison, the discrimi-
nation results of reservoir states for two cases assumed to have
linear decay are presented in Fig. 7(b) and (c). The first case in
Fig. 7(b) shows the discrimination of the reservoir state that
was obtained under the condition of identical increase and
decay of current, i.e., the current increases by +1 when the pulse
is applied and decreases by �1 during the decay. In this case,
the final current turns out to be either 0 or 1, because the
current decreases completely during the interval time even if
the current increases when a voltage is applied. As a result, 16
different 4-bit input signals are finally fixed to be only 0 and 1,
which is not enough to reflect the richness of the reservoir
state. The other is the case of larger current increase than
current decrease, as shown in Fig. 7(c). In this case, the current
does not return to the initial value via its decay during interval
time. Therefore, the final currents can be discriminated with
respect to the pulse input to some extent even with the linear
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decay of current. Nevertheless, it has a certain level of overlap
between the states, which leads to less capability of discrimi-
nating the states compared to the nonlinear condition shown
in Fig. 7(a). In Fig. 7(c), the current increase was assumed to be
0.58 nA, which is the average increase in current measured
when applying a pulse corresponding to ‘‘1’’ in Fig. 4(b). The
current decrease was 0.29 nA, assumed to be the 50% decrease
in current in 10 s after applying +5 V voltage 20 times. Then, the
final current became to have 6 states, ranging from 0 to 1.45 nA
with an identical interval of 0.29 nA. Both cases have much
lower discrimination capabilities compared to the nonlinear
case showing 16 distinguished states. This verifies that the
nonlinear and asymmetry of current change is highly desirable
for digit discrimination in RC systems. This superior capability
of discriminating 16 states in the nonlinear case than linear
ones enabled the highest digit recognition accuracy of 90.49%,
as shown in Fig. 7(d). As expected, the linear but asymmetric
case exhibited the higher accuracy of 83.38% than the 75.27%
of the linear and identical increase and decrease of current
case. Considering that RC trains only the connection weights of

a simple linear output layer, the accuracy of 90.49% in the
nonlinear case is recognized to be quite high. It also has a
negligible overlap of reservoir states. Thus, it is concluded that
nonlinear decay benefits achieving the richness of the reservoir.
The results of relatively fair accuracy 475% even in the linear
cases are thought to be because classifying the MNIST hand-
written digit is a simple task. If more complex problems were
tested, there would be larger difference in the accuracy between
nonlinear and linear cases. Fig. 7(e)–(g) show the confusion
matrix, which is a table to compare the experimentally pre-
dicted labels of the RC system with the actual label in each
condition. In this table, the dark red square indicates greater,
and lighter red one represents lower probability of classifying
the actual label. Apparently, the nonlinear case in Fig. 7(e) is
found to have the greatest probability of classifying the actual
label with the best accuracy.

The RC operation for 4-bit input discrimination was demon-
strated in this study, focusing on the relationship between
memristor dynamics and RC performance. It would be more
beneficial to expand this analysis to higher bit discrimination

Fig. 7 Recognition of handwritten digit images using a memristor-based RC system. (a) Process flow for recognizing handwritten digit images in the RC
system. A 28 � 28-pixel handwritten digit image is binarized and converted to a pulse stream. The converted pulse stream is fed to a memristor-based
reservoir and the reservoir state is supplied to a trained readout function for recognition. Results of the current change in the linear decay case: (b) when
the current increase is equal to the current decrease, and (c) when the current increase is greater than the current decrease. (d) Simulation results
showing accuracy at the 15th epoch for cases of nonlinear and linear current change. Confusion matrix, a table comparing the experimentally predicted
and actual labels for the RC system under different conditions (e) +5 V � 20 read at +2 V, interval 10 s (condition 1), (f) linear case 1, and (g) linear case 2.
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to generalize the effect of these parameters on the efficacy of bit
discrimination. Indeed, the RC operation for higher bit dis-
crimination requires more sophisticated models and more
precisely controlled weight update and decay dynamics. For
this, achieving more accurate and optimized conditions of
memristor characteristics, such as PPF, decay dynamics, and
weight updates, should be further pursued.

3. Conclusion

An interfacial-type Pt/GDC/CeO2/Pt memristor was proposed
for use as a physical reservoir in RC, and its weight update
dynamics as a function of time with respect to pulse conditions
were systematically investigated. The more rapid decay char-
acteristics were obtained under the condition of the higher
amplitudes and the larger number of pulses, along with the
higher currents. RC operation for 4-bit input discrimination
was demonstrated using different current responses and decay
characteristics. The pulse amplitude, number of pulses, and
interval time between pulses were all comprehensively related
to determine a discriminable reservoir state. From the analysis
of the current change under repeated 4-bit pulse application, it
was verified that the nonlinearity of PPF and decay character-
istics during weight update played an important role in repre-
senting distinguishable reservoir states. The PPF characteristic
determined the rate of increase based on the previous con-
ductance level after the weight update. And the decay charac-
teristic determined the rate of current decrease based on the
current increment. Considering the influence of the PPF on the
decay response of the 4-bit pulse, the input pulse sequence
could be optimized by adjusting the pulse conditions to obtain
distinguishable reservoir states. Decay curves were also ana-
lyzed quantitatively to investigate their impact on the discrimi-
nation of 4-bit reservoir states. It was confirmed that the
relaxation time constant and current increment in the expo-
nential decay function are important variables to determine the
discrimination capability of the reservoir states. The interval
time between pulses was associated with the relaxation time
and PPF depending on conductance in the construction of
multi-bit reservoir states being linearly separated. The quanti-
tative analysis of the time-dependent decay curves of memris-
tors is crucial because it allows for the prediction of
distinguishable reservoir states in advance. Finally, it was
demonstrated that a 4-bit RC system could be utilized to solve
the complex problems associated with the MNIST pattern
recognition task with the accuracy of 90.5% and multi-class
classification with 69.5% accuracy. Evaluation of MNIST pat-
tern recognition performance with regard to the nonlinearity of
current change and its decay confirmed that higher accuracy
was achieved when the current change and its decay were
nonlinear rather than linear. This study explored the optimized
nonlinear characteristics of memristors required for use as
the reservoir in the RC system for hardware and demonstrated
the potential of the proposed bi-layered oxide memristor as the
reservoir in energy-efficient RC systems.

4. Experimental
Device fabrication

The GDC/CeO2 bi-layered oxide memristor with a simple MIM
structure was fabricated as shown in Fig. 1(c). A 70 nm-thick
Pt bottom electrode (BE) was deposited on a 10 nm-thick Ti
adhesion layer on a SiO2/Si substrate via e-beam evaporation
(FC-2000, Temescal). Then, a resistance changing layer of
20 nm-thick CeO2 film was deposited by thermal ALD (NCD
D-200) at 240 1C using Ce(iPrCp)2(N-iPr-amd) as a cerium
precursor and water vapor as an oxidant gas. A sequential
precursor pulsing method was adopted to achieve sufficient
vapor pressure of the cerium precursor.62 A total of 10 cerium
precursor pulses of 1 s each with an interval of 2.5 s were dosed
into the chamber, followed by a purge with nitrogen gas for 40 s.
Subsequently, a single H2O pulse was dosed for 0.4 s, followed
by a 15 s purge with nitrogen. On top of the CeO2 layer, a 30 nm-
thick GDC layer was deposited by RF magnetron sputtering
using a GDC target with a composition of CeO2/Gd2O3

(80 : 20 mol%) in an Ar environment, followed by annealing at
400 1C for 1 h in an air environment. Last, a 30 nm-thick Pt top
electrode (TE) was deposited by e-beam evaporation using a
shadow mask with a diameter of 100 mm.

Electrical measurements

The DC current–voltage (I–V), potentiation and depression,
PPF, and time-dependent current decay characteristics of the
memristor were examined using a semiconductor parameter
analyzer (Agilent 4156B). Also, for the digit recognition experi-
ment, the input pulses were converted into digitized square
pulse signals and applied to the memristor. The binary 4-bit
data from [0000] to [1111] were processed by applying voltage
pulses of amplitude (+5, +7 V) with a pulse width of 0.64 ms and
a different number of applications. Based on the behavior of
the current decay with time, the interval time between pulses
was set to 5 and 10 s. The conductance of the device was read at
+2 V. In the measurement setup, the voltage was applied to the
TE while the BE was grounded.

Reservoir computing simulation for multi-class classification

To compare the performance of RC with regard to various
parameters, 4-bit reservoir states were constructed with mem-
ristors and the simulation of discriminating the separated
groups was performed. The training dataset consists of 100
points in each of six groups, which are randomly distributed
along a normal distribution from a randomly chosen center
point on a two-dimensional plane from 0 to 255 per each axis.
Each axis (x, y) can be represented by 8 bits of binary and one
point can be represented by a total of 16 bits (x + y). To
represent the reservoir state with 4 bits of separation capacity,
the 16 bits of data representing one point were made into a
matrix of size with 4 � 4 bits. The 4 � 4 bit pulses were used as
input pulses to the memristor and converted into one conduc-
tance state. The conductance output from the resistors was fed
into a single layer perceptron, passed through a softmax func-
tion, and finally output was obtained as a probability of which
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group it belongs to. The hyperparameters used for testing were
the batch size of 1, running rate of 0.001, Adam as the
optimizer, and cross entropy loss as the loss function. A total
of 600 training sets were trained and tested for 15 epochs.

Reservoir computing simulation for digit recognition tasks

A 4-bit reservoir state was constructed with memristors and the
modeling of the RC system for the digit recognition task was
performed in the order of preprocessing, training, and actual
inference. As a preprocessing of the training dataset, the
training dataset with 28 � 28 pixels of a black and white image
based on MNIST as.jpg provided by Kaggle was preprocessed
for 4-bit reservoir computing. To represent the reservoir state
with a separation capacity of 4 bits, the data were binarized
after reshaping the image into 4-pixel units, resulting in a
matrix with a size of 196 � 4 bits. The 196 � 4 bits pulses were
used as input pulses to the memristors to obtain one implied
conductance value of each memristor, which was fed into and
trained on a readout layer consisting of a single layer percep-
tron. After preprocessing the provided training dataset, the
model was trained and tested for inference accuracy by input-
ting the test dataset with the trained model. The readout layer
was composed of the pytorch module, which used softmax as
the activation function and was trained by supervised learning.
The Adam optimizer with a learning rate of 0.001 was utilized
to minimize the categorical cross-entropy loss through mini-
batch gradient descent, with a batch size of 100. After passing
through one input layer consisting of 196 nodes, a batch
normalization layer was used to optimize the training. The
accuracy of the trained model was then obtained using the
testset at each epoch. The confusion matrix for the testset was
also plotted to show the accuracy of the trained model and the
bias of the output.
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