'a\
e \lii"§

www.MaterialsViews.com

www.afm-journal.de

Synaptic Learning and Memory Functions Achieved
Using Oxygen lon Migration/Diffusion in an Amorphous

InGaZnO Memristor

Zhong Qiang Wang, Hai Yang Xu,* Xing Hua Li, Hao Yu, Yi Chun Liu,* and Xiao Juan Zhu

A single synaptic device with inherent learning and memory functions is
demonstrated based on an amorphous InGaZnO (0.-IGZO) memristor;
several essential synaptic functions are simultaneously achieved in such a
single device, including nonlinear transmission characteristics, spike-rate-
dependent and spike-timing-dependent plasticity, long-term/short-term
plasticity (LSP and STP) and “learning-experience” behavior. These character-
istics bear striking resemblances to certain learning and memory functions of
biological systems. Especially, a “learning-experience” function is obtained for
the first time, which is thought to be related to the metastable local struc-
tures in 0-IGZO. These functions are interrelated: frequent stimulation can
cause an enhancement of LTP, both spike-rate-dependent and spike-timing-
dependent plasticity is the same on this point; and, the STP-to-LTP transition
can occur through repeated “stimulation” training. The physical mechanism

which increases the energy dissipation and
limits the density of integration. Moreover,
in these artificial neural devices, synaptic
behaviors are imitated through software
programming. Thus, it is highly desirable
to realize synapse emulation in a single
device with inherent learning and memory
abilities. Recently, the memristor has been
proposed to emulate the synapse because
of their similar transmission characteris-
tics.l! Based on ion migration or atomic
switch mechanisms, several groups have
succeeded in designing and fabricating
memristors using different materials (e.g.,
TiO,, Ag,S, RbAg,I;, Si:Ag, and WO, );" 13!
some groups have used their memristors

of device operation, which does not strictly follow the memristor model, is
attributed to oxygen ion migration/diffusion. A correlation between short-
term memory and ion diffusion is established by studying the temperature
dependence of the relaxation processes of STP and ion diffusion. The realiza-
tion of important synaptic functions and the establishment of a dynamic
model would promote more accurate modeling of the synapse for artificial

neural network.

1. Introduction

The synapse is the cellular unit for learning and memory,[*?l and
synapse emulation is viewed as a key step toward neuromorphic
computing. Some synaptic devices have been developed based
on common electronic components.>~l However, many transis-
tors and capacitors are used therein to emulate a single synapse,
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to emulate the spike-timing-dependent
plasticity (STDP) and transmission charac-
teristics of the synapse. However, a com-
plete analog to the biological synapse is
difficult to achieve because not all synaptic
functions are involved in the memristor
model. Besides ion migration, concentra-
tion gradient-induced ion diffusion can
bring a new dynamic process to the mem-
ristor, thus leading to the appearance of
some other synaptic phenomena, such
as long-term/short-term memory.'%13l Ag for the selection of
memristive materials, compared to commonly used polycrys-
talline films, the amorphous InGaZnO (0-IGZO) film offers
certain advantages, including high uniformity over a large area,
room-temperature growth conditions, easily controlled electrical
properties, and excellent flexibility.!* The high uniformity and
the lack of grain boundaries enable device scaling to nanometer
dimensions, thereby facilitating high-density integration. The
o-IGZO can be continuously changed from insulator to con-
ductor by adjusting the oxygen content,!’® which makes it suit-
able for a dynamic response to input signals, as occurs in the
biological synapse. Moreover, the flexibility of the amorphous
film allows memristors to be bent into irregular shapes in prac-
tical applications.

Here, we demonstrate a single synaptic device based on an
0-IGZO memristor; several learning/memory functions, similar
to the biological systems, are achieved in such a single device.
Especially, a “learning-experience” function is obtained for
the first time. The physical mechanism of device operation is
attributed to oxygen ion migration/diffusion, and a correlation
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Figure 1. The nonlinear transmission characteristics of 0-IGZO memristor. a,b) I~V character-
istics of the memristor at positive and negative bias voltages, the voltage sweep range is from
zero to 6 (—6) V then back to zero, and the time for a sweep cycle is 1 s. The device conductivity
continuously increases (decreases) during the positive (negative) voltage sweeps. The insets
show a structural diagram of the two-terminal, bilayer a-IGZO memristor and a schematic
illustration of the concept of using memristors as synapses between neurons. c) The curves of
current and voltage versus time, which are plotted from the data in a and b. d) The variation of
the device conductivity with the scanning cycles.

between short-term memory and ion diffusion is established by
investigating their relaxation process at different temperatures.
The present work would promote a more accurately model of
the synapse for use in artificial neural networks.
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applied voltage pulses. Higher-amplitude and
longer-duration pulses cause a larger change
in the conductivity, as illustrated in Figure 2a.
If we treat the device conductivity as a syn-
aptic weight, the above phenomena show a
close similarity to the nonlinear transmission
characteristic of biological synapses. Positive/
negative pulses are used to excite/inhibit the
synapse. The modulation of conductance can
be considered as a result of the motion of the
conduction front between oxygen-rich and
oxygen-deficient layers, which is realized by
the electric field induced migration of oxygen
ions. Note that there are also some behaviors
that can not be explained by the memristor
model. Figure 2b shows the current response
to a series of 100 positive voltage pulses
(5 'V, 100 ms, “P process”) immediately fol-
lowed by 80 negative pulses (-5 V, 100 ms,
“N process”). Although the conductivity also
increases (decreases) under the stimulation
of consecutive positive (negative) pulses,
a gap is observed between the final state of
the “P process” and the initial state of the
“N process”. These two states should have
been the same in the frame of the memristor
model. Such a phenomenon, along with
some following observations different from
the memristor, can be understood by consid-
ering the back-diffusion effect of oxygen ions
and will be discussed below.

3. Synaptic Plasticity: Spike-Rate-Dependent
Plasticity and Spike-Timing-Dependent

Plasticity (STDP)

2. Nonlinear Transmission Characteristics

An important characteristic of the synapse is its plasticity. One

aspect of synaptic plasticity is the temporal correlation between

A synapse can be regarded as a two-terminal device and the
synaptic weight can be dynamically modi-
fied and stored using consecutive spikes,!'1°)

which is similar to a charge-controlled mem- 3

ristor.l®) Inspired by the memristor model, 5V 50ms
the switching layer of our synaptic device & 5V 100ms
consists of two parts: the conducting (oxygen- £ 5| w6V 100ms
deficient) and insulating (oxygen-rich) §

0-IGZO layers (inset of Figure 1a). As shown g L 1 1
in Figures 1a and b, when consecutive posi- © 1 ‘ l
tive (0 to 6 V) and negative (0 to —6 V) voltage ,/l il
sweeps are applied to the device, its conduc- W/

tivity continuously increases and decreases, 0 0
respectively, with the voltage sweep. To 4060 80

clearly illustrate such a changing trend, the Pulse(#)

curves of current and voltage versus time,

100

different spike signals. Firstly, the synaptic weight can be

(b)

o

Current(nA)
2

st
«+5V 100ms

0.57¢ > -5V 100ms
0 40 80 120 160
Pulse(#)

as well as the conductivity measured at the
end of each sweep, are plotted in Figure 1c,d.
The device conductivity can also be adjusted
by tuning the duration and amplitude of the
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Figure 2. Memristor response to programming pulses. a) Higher-amplitude and longer-dura-
tion pulses cause a larger change in the device conductivity; and, b) The device conductivity
can be increased or decreased by consecutive potentiating or depressing pulses. All the current
data in (a) and (b) are recorded using a read voltage pulse with amplitude 3 V and duration
50 ms.
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implement STDP, a pair of pulses with ampli-
F 60 tude V*/V- =5 V/-5 V are applied to the top
and bottom electrodes as the pre- and post-
synaptic spikes, as illustrated in Figure 3c,d.
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Figure 3. Demonstration of spike-rate-dependent plasticity and STDP in the memristor syn-
apse. a) The variation of the current (log-scale) with the pulse interval (the pulse duration and
number are fixed herein), which indicates that the high stimulation rate can result in the con-
ductance enhancement. b) The formation and decay of spike-induced EPSC. c,d) A pair of the
pre- and post-synaptic spikes, which are designed to implement STDP. e) The relative change
of the memristor synaptic weight (AW) versus the relative spike timing (At). The solid lines are

the exponential fits to the experimental data.

modified by temporally correlated pre- and post-synaptic spikes
via STDP, which is one of the essential learning/memory laws for
emulating synaptic functions.>#1112 When a post-synaptic spike
is triggered momentarily (a few milliseconds) after a pre-synaptic
spike, the synaptic weight increases and long-term potentiation
occurs; in converse, when the temporal order is reversed, the
synaptic weight decreases and long-term depression occurs.[16-1]
Secondly, the change of synaptic weight strongly depends on the
spike rate (i.e., the time interval between stimuli). On these two
points, a remarkable similarity is observed between the current
device and the biological synapse.

In the current device, the top and bottom electrodes can be
seen as the pre- and post-synaptic neurons, respectively. Consid-
ering the charge-controlled memristor model, if we fix the total
spiking time, the change of synaptic weight should be constant
and be independent of the spike rate. However, for the current
device, a different phenomenon that more frequent stimulation
leads to a larger change of synaptic weight is observed (Figure 3a).
Such a spike-rate-dependent characteristic is similar to that of
biological synapses,?”l and may be ascribed to the temporal
interaction between the excitatory postsynaptic current (EPSC)
and the spike. As shown in Figure 3b, a single presynaptic spike
(5'V, 50 ms) can trigger an EPSC, with its intensity gradually
decaying to zero within around 50 ms after the pulse passes. It
is conceivable that after the pulse voltage is removed, the oxygen
ions still can move forward a short distance due to the inertia
effect, which may result in the formation of ion-mediated EPSC.

Adv. Funct. Mater. 2012, 22, 2759-2765
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relative timing At < 0 (At > 0) is defined as
the interval from the end of the presynaptic
(postsynaptic) spike to the beginning of the
postsynaptic (presynaptic) spike. The postsyn-
aptic currents were measured before (I;) and
15 min after (I,) the spike-pair application.
That is, we record the long-term memory
level herein (including in the above spike
rate response measurements), which will be
discussed in the next section. The relative
change of synaptic weight (AW) is defined as
(I, = 1)/ I;. Figure 3d shows the variation of AW with At. We can
see that i) when the presynaptic neuron spikes before (after) the
postsynaptic neuron, the synaptic weight increases (decreases);
ii) the smaller the time interval At, the larger the absolute value
of AW, and, iii) the experimental data can be well fitted to a
exponential function. These are typical STDP characteristics
of biological synapses.1*l In fact, the temporal characteristic
is identical between spike-rate-dependent plasticity and STDP
behaviors, and frequent stimulation can increase the synaptic
weight (namely, the device conductivity, which can also be
regarded as the memory level.).

60 100

4. Synaptic Plasticity: Long-Term/Short-Term
Plasticity and “Learning-Experience” Function

Synaptic plasticity can be categorized into long-term and
short-term plasticity (LTP and STP) according to the memory
retention; in psychology, these correspond to the long-term
and short-term memory behaviors, respectively.?!-2l The STP
(LTP) is a temporary (permanent) potentiation of neural con-
nections, and lasts for a few minutes or less (from hours to
years). Besides, STP can be converted to LTP through repeated
rehearsals, which involves a physical change in the structure of
neurons. These temporal characteristics of memory retention
were also achieved in the current device.
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Pulse(#) Time(s) Pulse(#) stable for at least 3 d or even longer (inset

g %0 4 @& B0 § S50 40 60 EO | 2 3 4 of Figure 4). Both retention times are of the

@ Ve Forgetting ® [@ P GOMTE L) © same order of magnitude as those of short-

P e e - /o/° 100 term and long-term memory in the human
o e @ brain. Furthermore, we study the relaxation
< Learning experience S processes of STP after different numbers of
§° . Ve v o Lo En stimulation Puls.es were applied. to ’Fhe devi.ce.
5 Megm@’ ‘} o = ltis shown in Flgur'e 5 that, with increasing
& lattice V4 ‘2 number of stimulations, the relaxation time
(% ........ ;‘% T increases from several seconds to tens of
od ) edeReere o seconds and tends to saturate beyond 100
stimulations, indicating a decreasing forget-

ting rate; meanwhile, the ratio of memory

Viop=V+
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Figure 4. The LTP/STP and “learning-experience” behaviors, and the dynamic model of device
operation. a) Nearly linear increase of the synaptic weight with consecutive stimuli. b) The
spontaneous decay of the conductivity, that is, the relaxation process of STP, which is very
similar to the human-memory “forgetting curve”. The solid lines are an exponential decay fits
to the experimental data using Equation 1. c) Re-stimulation process from the mid-state. Only
four pulses, far fewer than the number of stimuli required in the first learning process, can make
the device recover its memory, which bears striking resemblance to the learning process based
on experience for biological systems. The top inset presents the memory retention of LTP,
and the bottom inset illustrates an oxygen ion migration/diffusion model of device operation.

Figure 4a shows the results of a test in which the synaptic
device was stimulated sequentially with 100 positive pulses; the
synaptic weight gradually increases with the number of pulses.
It is interesting to note that when the applied voltage is removed,
a spontaneous decay of synaptic weight occurs in the case of no
external inputs (Figure 4b). The decay rate is very fast at the ini-
tial stage and then gradually slows down. Such a changing trend
is consistent with the human-memory “forgetting (or retention)
curve” in psychology. The synaptic weight does not relax to the
initial state, but stabilizes at a mid-state, which means that the
change of synaptic weight consists of two parts: STP and LTP.
Many researchers have attempted to develop
different mathematical models for the quanti-

retention increases slightly from around
37% to around 52%. Similar phenomena
have very recently been reported by Ohno
et al. and Chang et al., and are thought of
as a clear indication of the STP-to-LTP tran-
sition, which is achieved through repeated
stimulation.[10:13]

A more interesting phenomenon, similar to
the “ learning-experience” behavior of human
beings,?!l was also observed. When the syn-
aptic device is stimulated again from the mid-
state, only four pulse stimulations can make
the device recover its memory to the original level, as shown
in Figure 4c. In contrast, dozens of pulses are required to pro-
duce the same amount of memory in the first process. After the
memory recovery, the increment of memory in each stimulation
returns to normal. These results indicate that the synaptic device
that has “ learning-experience” would allow re-learning of the
forgotten information to be easier. If the STP and re-stimulation
processes illustrated in Figure 4 are continued for more cycles,
the preliminary results show that fewer and fewer stimulation
pulses are required for memory recovery, and a behavior similar
to STP-to-LTP transition occurs. Further research is in progress.

tative description of memory loss in biological
systems.1013] However, which mathematical
function best portrays memory loss is still a
subject of hot debate. Recently, Ohno et al.

-100
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and Chang et al. used an exponential power
function and a stretched-exponential func-
tion, respectively, to quantitatively study the
STP behavior of their synaptic devices.[1%13]
A common feature of the two equations is to
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contain an exponential decay term. Thus, for
simplicity, we use an exponential decay equa-
tion to describe the relaxation process of STP

Synaptic Weight (%)
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M(t) = M, + (Mo — M,) exp(—t/T) (1)

M(t), My, and M, are the memory level at
time t, t = 0, and at steady state after a long
time, and, 7 is the relaxation time constant,
which can be used to evaluate the forgetting
rate. The fit yields 7 = 32.4 s for STP, while
the memory level (M,) of LTP can remain
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Figure 5. Repeated-stimulation-induced STP-to-LTP transition. a—d) Memory decay curves
recorded after different numbers of identical stimuli (dots), the data have been normalized
and fitted by Equation 1 (solid lines). e) The variation of relaxation time constant (7) with the
number of stimulation pulses, where the 7 is obtained by fitting data from a-d. The results
indicate that the forgetting rate can decrease and the ratio of memory retention can increase
through repeated stimulation.
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Several important temporal characteris-
tics, including spike-rate-dependent plasticity,
STDP, LTP, and STP, have been demonstrated
in the current synaptic device. They are not

323K

isolated but inter-related. For example, i) fre-
quent stimulation can cause an enhancement
of LIP, both spike-rate-dependent plasticity

308K

and STDP are the same on this point; and, ii)
the STP-to-LTP transition can occur through
repeated “stimulation” training. Obviously, the
physical mechanism underlying these phe-

293K

Synaptic Weight (a.u.)

nomena is different, which is discussed next.

273K

5. Mechanism of Device Operation

Since Williams’s group proposed ion migra-
tion as the basis of memristor operation,®!
several groups have built memristors based
on Ag or oxygen ion migration. Such a
mechanism is also applicable to the current
0-IGZO memristor.B1 The conductance of
0-IGZO depends strongly on its oxygen con-
tent: the higher oxygen content, the lower the conductivity. The
movement of oxygen ions induced by electric field can change
the relative thicknesses of oxygen-deficient and oxygen-rich
layers, thus modulating the device conductance. However, as
mentioned above, some phenomena, especially STP, cannot
be understood in terms of the ion migration model. Since the
oxygen ion migration can lead to differences in oxygen con-
centration distribution, another dynamic process, concentra-
tion-gradient-induced ion diffusion, becomes non-negligible.
According to Gramm et al.,*’] assuming a linear relationship
between oxygen concentration and conductivity, the solution of
the one-dimensional diffusion equation can be written as:

o(t) ~ oo+ (64/m2) (00— o) exp(—t/T'(T)) (2)
where the of(t), o), and o, are the conductivity at time t, t = 0,
and on reaching a steady state after a long time, and the 7'(7T) is
the relaxation time constant of the diffusion process (only the
first term of the solution is given herein, the error caused by
neglecting the other terms is less than 10%). Obviously, this
equation has the same form as the above exponential decay
equation (Equation 1) used to fit the relaxation process of
STP, suggesting that the back-diffusion of oxygen ions may be
responsible for STP behavior. It is known that the diffusion rate
is a function of temperature (). If the STP is related to oxygen
ion diffusion, the relaxation process of STP will be affected by
the temperature. Figure 6 presents the decay curves of STP
measured at different temperature. As expected, the relaxation
time of STP is sensitive to the temperature, and increases as the
temperature drops. The relaxation time of the diffusion process
(7(T)) and the diffusion coefficient D(T) can be expressed as
7(T) = 41%/n*D(T) and D(T) = Dyexp (-E/kT), respectively.
Combining the two expressions together, we obtain

! 412 41 1 E 3
n—+hn——=-—
7% Dy /(T) kT G)
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Figure 6. a) Memory retention data recorded at different temperature (dots) and fitted curves
using Equation 1 (solid lines). b)Plot of —In(7~") against 1000/T. A linear fit using Equation 3
gives the activation energy for diffusion E = 0.36 eV and the room-temperature diffusion coef-
ficient D(T) =2.12 X 107" cm? s7'. Both values are close to those reported for oxygen ions.[?’]

where E represents an activation energy for diffusion, D,
and L are the maximum diffusion coefficient at infinite tem-
perature and the width of the initial concentration (L = 20 nm,
which is roughly estimated from the active layer thickness?%l),
respectively, and k is the Boltzmann constant. Letting the relax-
ation time constant (7) of STP be equal to that of the diffusion
process (7(T)), we plotted the curve of —In(7~1) versus 1000/T
using the data in Figure 6a. As shown in Figure 6b, the data
approximate a straight line, as predicted in Equation 3, and the
fit yields E = 0.36 eV. Further, the diffusion coefficient D(T) at
room temperature is calculated to be about 2.12 x 10~ cm? 57!
Both experimental values are comparable to the activation
energy (0.4 eV) and the diffusion coefficient (5 x 107* cm? s7})
of oxygen ions reported by Nian et al.?’! This provides further
evidence for the correlation between oxygen ion diffusion and
STP behavior.

Considering the migration and diffusion of oxygen ions, we
can understand the mechanism of device operation as follows:
i) when a positive bias voltage is applied to the top electrode
(oxygen-rich IGZO side), the electric field induced motion of
oxygen ions compresses the highly resistive oxygen-rich IGZO
layer, thus increasing the device conductivity. ii) When the
bias is removed, the back-diffusion of oxygen ions (especially
unstable interstitial oxygen (O;>)), induced by the concentra-
tion gradient, results in a partial retreat of the conduction front,
thus reducing the device conductivity. Such a dynamic process
corresponds to the STP behavior. iii) When a negative pulse is
applied immediately after a positive one, similar to the case of
Figure 2b, the directions of ion migration and diffusion become
identical, and the superposition of the two dynamic processes
accelerates the retreat of the conduction front, thus resulting
in the formation of a gap between the “P process” and the “N
process”. iv) High-rate stimulation, where the idle time between
pulses is very short, can suppress the back-diffusion of oxygen
ions and promote their migration and the EPSC-spike interac-
tion. This may be a possible reason why frequent stimulation
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can enhance the LTP in spike-rate-dependent plasticity and
STDP behaviors. v) For amorphous materials, the structural
disorder, such as bond-length and bond-angle deviations, favors
the formation of unstable or metastable local structures. The
back-diffusion makes a fraction of the oxygen ions recombine
with oxygen vacancies (V,2*) or occupy interstitial lattice sites.
However, these local structures are metastable, thus less energy
is required to destroy their structure and make these oxygen
ions migrate again, which may lead to the observation of novel
“learning-experience” behavior in our device.

6. Conclusions

In summary, several essential synaptic functions, resembling
learning/memory functions of biological systems, have been
demonstrated in the o-IGZO memristor, including nonlinear
transmission, spike-rate-dependent plasticity, STDP, LTP/STP,
and “learning-experience” behavior. The STP decay can be well-
described by a diffusion equation, and the same temperature
dependence is observed between the relaxation processes of
STP and ion diffusion. Both facts, along with the calculation
of the diffusion coefficient, confirm that the back-diffusion of
oxygen ions is a dominant mechanism of memory loss in STP.
The LTP can be enhanced through two ways: high-rate stimula-
tion with short time interval and repetitive stimulation training.
The latter transfers STP to LTP. The interesting “learning-expe-
rience” characteristic is also observed, which is thought to be
related to the unstable local structure in o-IGZO. Though the
diffusion process and microstructural properties bring some
novel features to our synaptic device, the synaptic functions
and plasticity are very complex in biological systems, and more
detailed consideration of some factors, such as the design of
device structure, the selection of material, other dynamic mech-
anisms, is still needed to make the synaptic simulation more
accurate and comprehensive. Studies on such physical models
will also help to understand or predict, to a certain degree, some
unknown mechanisms and phenomena in neuroscience.

7. Experimental Section

Device Fabrication: The memristor was composed of oxygen-
deficient and oxygen-rich 0-IGZO layers having the same thicknesses
of approximately 40 nm. Both layers were sequentially grown on a Pt/
Ti/SiO,/Si substrate by magnetron sputtering at room temperature.
Ultrapure argon with 1 Pa pressure and oxygen with 2 Pa pressure
were used as the sputtering gases for oxygen-deficient and -rich layers,
respectively. The Pt electrodes were thermally evaporated on the top and
patterned into many circular pads with a diameter of 0.5 mm using a
shadow mask.

Device Test: The device measurements were carried out using a
semiconductor parameter analyzer (B1500A, Agilent), an arbitrary
function generator (3390, Keithley), an oscilloscope (TDS 2012B,
Tektronix), and a SourceMeter (2636A, Keithley). Both writing and
reading of the memristor were performed in the pulse mode. According
to Figure Ta, an electrical pulse with low amplitude (3 V) and short
duration (20 or 50 ms) was used as the read voltage to minimize
disturbance on device conductance. We define a flow of current from
top to bottom electrode as the positive bias. In Figure 2a, three kinds
of pulses with different amplitude and duration of (5 V, 50 ms), (5 V,
100 ms) and (6 V, 100 ms) were used to stimulate the synaptic device

© 2012 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim
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to investigate its response to stimulus intensity and duration. In Figure
2b, 100 positive pulses (amplitude 5 V, duration 100 ms) followed by
80 negative pulses (amplitude -5 V, duration 100 ms) were applied. In
the above two tests, the stimulation pulse interval was extended to 1 s
to suppress the spike-rate effect, and the current was read after each
stimulation pulse is applied. In the studies on spike rate dependent
plasticity (Figure 3a), the amplitude and duration of stimulation pulses
were fixed at 5 V and 10 ms, but their interval was varied between 10, 40,
70, and 90 ms. The current is read once every 10 stimuli. The parameters
of stimulation and read pulses in Figures 4a and c were identical to those
of the positive pulses in Figure 2b. The decay processes of STP, shown in
Figure 4b, 5 and 6, were recorded by monitoring the current change with
time. To obtain the decay curves in Figure 5, we continuously stimulated
the device using different numbers of pulses (amplitude 5 V, duration 20
ms, interval 30 ms), and then read the current every second with 3V, 20
ms read pulses immediately after the last stimulus in the series. Figure
6 presents the temperature dependence of STP, where the device was
stimulated by 100 consecutive pulses (amplitude 6 V, duration 100 ms,
interval 100 ms) at different temperatures.
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