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Abstract—Most recent implementations of sensitive neurons
based on resistive-switching materials operate in a always-spiking
regime, i.e. as relaxation oscillators whose frequency encodes
the stimulus. Envisioning future low-energy event-based neuro-
morphic sensors, we have implemented a temperature-sensitive
neuron with a memristor made of vanadium dioxide (VO2), a
phase-change material, capable of exhibiting a stochastic burst-
ing behaviour when biased in subthreshold regime by a MOS
transistor. We experimentally demonstrate this functionality by
recording intermittent bursts of spikes separated by quiescent
periods of time, a behaviour reminiscent of excitable systems.
Distinct bursts are unambiguously identified through a rigorous
interquartile range method. Temperature is encoded into the
temporal characteristics, i.e. the full statistical distribution of these
bursts thanks to the temperature dependence of VO2 transition
parameters. The bursts duration and number of spikes per burst
are experimentally found to follow an exponential distribution, in
agreement with the general theory of Markovian bistable systems.
The observed phenomenon could be explained by a noise-induced
transient escape from a stable equilibrium to a limit cycle.

Index Terms—Neuromorphic sensor, sensitive spiking neuron,
vanadium dioxide, bursting, volatile memristor

I. INTRODUCTION

Phase-change materials such as NbOx and VO2 exhibit
reversible metal-insulator transitions (MIT), i.e. transitions
from/to high-resistive state (HRS) to/from low-resistive state
(LRS) [1]. Used as volatile memristors, they are able to gen-
erate stimulus-dependent electrical spikes [2]–[7], mimicking
the action potentials of biological neurons [8]. Prospective
applications include neuromorphic sensors, integrated in hard-
ware platforms performing energy-efficient data processing, and
neuro-prosthetics devices to restore certain sensory functions
among impaired patients [9]. Sensitive neurones have recently
been implemented based on two-terminal memristive devices,
either by interfacing them with external sensors [10]–[15],
or by performing the transduction directly within the phase-
change material [7], [16]–[18]. VO2 is naturally sensitive to
various types of stimuli, including temperature [7], strain [19],
[20] and light [17], which makes it a promising candidate for
neuromorphic multimodal sensors.
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Nonlinear Dynamical Electronic Devices and Circuits” of the F.R.S.-FNRS.

Whereas some biological neurons typically exhibit quiescent
periods in between spike events, present sensory neurons either
remain silent or operates in always-spiking mode. The latter is
also referred to as oscillating regime as the spiking neuron
behaves like a relaxation oscillator [17]. In this configuration,
the stimulus (e.g. temperature) is encoded in the spike duration
or, equivalently, the spike frequency [7]. Such rate-encoding
scheme has several flaws in terms of biological plausibility,
energy efficiency and robustness against uncertainties.

Firstly, such artificial neurons only mimic the class-1 ex-
citability among the 20 most prominent features of biological
neurons [21]. In particular, excitable behaviours [22] that would
be required to achieve a fully event-based neuromorphic sens-
ing and processing platform [23] are missing. Secondly, the
energy consumption of a always-spiking neuron is substantial
because of the dynamic consumption inherent to the perpetual
charge-discharge process of output capacitors. While the static
consumption is usually reported to be dominant and remain to
be reduced in future sensor designs [7], [16]–[18], improving
the dynamic consumption by using a sparser encoding scheme
will be beneficial. Furthermore, sparsity is even more crucial
for a hardware configuration where the sensing layer would
be interfaced with a spiking neural network [24]. Last but
not least, recognised experiments in the field of neuroscience
have evidenced that the excitable (i.e. event-based) neuronal
behaviours are more robust than the always-spiking ones [25].
The spike timing of the former is precisely determined by the
exciting stimulus and is little affected by the unknown noise
sources (e.g. generated within the neuron itself), whilst the
latter accumulates timing uncertainties across spike cycles [7],
i.e. phase errors or jitter as is inherent to noisy oscillators [26].

In this work, we present experimental measurements of a
temperature-sensitive neuron-like spiking circuit based on a
VO2 memristor operating in stochastic bursting regime for the
first time to our best knowledge. The transduction is ensured
by the variations of the device static current (I) - voltage (V )
characteristics with the temperature. We analyse the subsequent
spike and burst distributions and statistics. While the reported
phenomena still awaits further mathematical modelling, more-
over supported by characterisation of the intrinsic noise of
the VO2 memristor, our preliminary analyses suggest that the
bursting behaviour could be explained by a noise-induced
transient escape from a stable equilibrium to a limit cycle.979-8-3315-7097-2/26/$31.00 ©2026 IEEE
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Figure 1. (a) Structure of a typical two-terminal VO2 memristor. (b) Static
I-V characteristic of the VO2 device studied in this work (L = 600 nm and
W = 3 µm), measured in voltage-driven and current-driven modes at T =
42 ◦C. The NDR region is shaded in red. The MOS transistor, whose load
line at VG = 2.04V is plotted in dashed line, can be assimilated to a current
source setting the operating point. (c) Schematics of the VO2 spiking circuit.
(d) Five 10ms-long traces, sampled at 12.5MHz, showing the bursting output
voltage of the circuit.
Parameters: T = 42 ◦C, C = 33nF, VG = 2.04V and Vsupply = 4.5V.

II. EXPERIMENTAL DETAILS

The VO2 memristor, the building block of the spiking neuron,
is fabricated on a silicon wafer with a thermally grown 200 nm-
thick SiO2 insulating layer, on which the VO2 135 nm-thin film
is direct-current (DC) sputtered from a vanadium target and
further annealed at 500 ◦C to trigger crystallization. Since the
VO2 is here not patterned, the device dimensions are defined
by the gold electrode dimensions, which are patterned through
liftoff. Device structure is shown in Fig. 1(a), with detailed
fabrication processes available in [27].

The static I-V characteristics of the device are shown in
Fig. 1(b), measured both in voltage- and current-driven modes.
The device transitions from its HRS to LRS in a hysteretic
fashion. In the current-driven mode, the device shows a negative
differential resistance (NDR) across a certain current range,
which is a prerequisite to obtain a stable and self-sustained
spiking behaviour [28]. NDR takes place in certain devices
based on materials whose conductivity has a superlinear tem-
perature dependence [29]. In resistive-switching devices, the
transition takes place through a filamentary process, meaning
only a portion of the channel becomes metallic. The NDR
corresponds to a redistribution of the current flow between the
metallic filament and the insulating outer part in the channel.

The schematics of the spiking circuit implemented on PCB
is depicted in Fig. 1(c), following [7]. In this work, only the
VO2 memristor is placed on the heating chunk and is subject
to controlled temperature variations. Output voltage traces (like

those shown in Figure 1(d)) are recorded with an oscilloscope.

III. SPIKING CIRCUIT OPERATION

To drive the VO2 memristor into continuous oscillations (i.e.
spiking regime), a bias current must be applied in its NDR,
without intersecting other stable points in its I-V curve, placing
the device in an unstable configuration. The current is here
controlled by the gate voltage of a series NMOS transistor
(see Fig. 1(c)). A capacitor sets the charge and discharge
time constants, and hence the spiking rate [7]. The energy
consumption is dominated by the static power, in the mW
range, which remains to be improved in future implementations.

The spiking circuit of Fig. 1(c) can be regarded as a
nonlinear dynamical system with two equilibrium behaviours,
depending on the bias current: either a stable equilibrium point,
corresponding to a silent neuron, or a limit cycle (in the I-V
plan) when the neuron spikes. Hopf bifurcations can explain the
appearance of a limit cycle in deterministic systems, notably
the oscillating behaviours of different types of spiking neurons,
based on memristors or not [30], [31]: the limit cycle emerges
(i.e. the neuron spikes) when a static parameter of the circuit
(here the bias current) exceeds a certain critical threshold (here
IIMT as indicated in Fig. 1(b)). When setting the transistor
drain current ID at the edge of the NDR region (right above the
current level IIMT), oscillations become unstable. The device
thus emits bursts of spikes (see measured time series in Fig.
1(d)). Such behaviour has been associated to the phase-locked
firing, skipping, or tonic bursting in biological neurons [6].

Regarding the circuit of Fig. 1(c)), random transient noise
is believed to induce the stochastic transitions from the stable
equilibrium to the limit cycle. Akin to stochastic resonance
[32], however in absence of periodic forcing signal, bursting
phenomena occur when the amplitude and duration of the
noise is sufficient to briefly enter the stable oscillation region.
The origin of such triggering noise remains to be thoroughly
investigated. It is likely intrinsic to the spiking neuron circuit
of Figure 1(c), i.e. it includes all the noise sources of the
VO2 memristor and of the MOS transistor. Previous work [7]
suggested that the intrinsic stochasticity of the memristor was
dominated by time-uncorrelated cycle-to-cycle variations of the
hysteresis parameters. However, this hypothesis requires further
validation by experiments and modelling.

IV. TEMPERATURE-DEPENDENT STOCHASTIC BURSTING

The temperature-dependence of the VO2 device I-V curve,
captured by the Poole-Frenkel conduction mechanism [18],
[33], allows to encode temperature into the bursts temporal
characteristics. Such dependence is shown experimentally in
Fig. 2(a), with current-driven measurements performed in the
41 to 47 ◦C temperature range (corresponding to a noxious
temperature range for humans [34]). As the VO2 conductivity
increases rapidly with temperature, the Joule power required
to bring a portion of the VO2 channel to insulator-to-metal
transition and induce filament formation reduces, progressively
lowers the corresponding IMT bias point with respect to the
fixed NMOS current (see Fig. 2(b)). The resulting bursting
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Figure 2. (a) Evolution of the VO2 device current-driven I-V characteristics
with temperature, in the 41 ◦C (red) - 47 ◦C (yellow) temperature range. Only
the forward-part of the hysteresis is shown. (b) Extraction of the current level
IIMT corresponding to the IMT, plotted against temperature. (c) For each
temperature point, three 100 s-long traces of the circuit output voltage were
sampled at 100 kHz.

behaviour has been recorded through three 100 s-long measure-
ments at each temperature (Fig. 2(c)).

For the device to exhibit stable and sustained oscillations,
the biasing current must be a least tens of µA larger than
the IMT current IIMT (as it is the case at 47 ◦C): this can be
regarded as a noise margin ensuring a certain immunity to the
established stable limit cycle. At lower temperatures, e.g. 41 to
43 ◦C, the biasing current falls below IIMT and bursts occur
very sparsely. This occurs because the memristor is there set in
a stable equilibrium point at the end of the hysteresis branch
corresponding to the insulating state (near the (VIMT, IIMT)
point of Fig. 2(b)): as temperature increases, the system escapes
more easily from the basin of attraction of the stable equilib-
rium point due to the noise, i.e. the probability of observing a
burst increases. In the intermediate temperature range, bursts
duration tends to increase with temperature. This phenomenon
is attributed to a degradation of the noise immunity of the
stable equilibrium point that lies at the verge of instability as
the temperature rises. Past observations of bursts in resistive-
switching neurons were modulated by varying the amplitude of
the current fed through the device [35], [36], or by artificially
adding a certain amount of noise to this current [6], [32], [37].

In this work, since the control current is fixed, the temperature-
dependent I-V characteristics progressively bring the system
towards fully spiking regime, resulting in the observed stimuli-
dependent bursting behaviour for the intermediate temperature
range.

V. STATISTICAL ANALYSES AND DISCUSSION

To study the stochastic bursting phenomenon, we focus on
the 42 - 45 ◦C temperature range where bursts are not too sparse
nor too frequent. The goal is to understand which specific
burst metrics encode the stimulus. These metrics are defined
in Fig. 3(a)-(b), including the burst duration Tb, the number
of spikes per burst Ns and the inter-spike interval ISI. These
quantities are random and require statistical analyses. The firing
rate is defined as the total number of spikes fired over the entire
observation time, in spike/s. Even in the field of neurosciences,
there is no clear consensus on unambiguous quantitative defi-
nitions of "spikes" and "bursts" [8]. Therefore, an important
methodological question is to define when two consecutive
spikes should be considered as part of the same burst or distinct
bursts. In this work, separate bursts are identified through the
Interquartile Range (IQR) method, as depicted in Fig. 3(c)-(f).
The IQR, or "box-plot" method, is commonly used to detect
outliers within a dataset [38]. For each temperature, all ISIs
are extracted over a full observation duration, and the three
quartiles Q1, Q2 and Q3 dividing the ISIs dataset into four
equal intervals (each containing 25 % of the data) are computed.
Two consecutive spikes whose ISI is larger than the threshold
ISIth = Q3 + 1.5 · IQR are considered to belong to distinct
bursts.

Based on this definition, Fig. 3(g)-(h) show that the bursts
duration and the number of spikes per burst follow an expo-
nential distribution (shown here at 43 ◦C, but observed for all
four temperatures). Importantly, the exponential distribution is
entirely characterized by its mean λ, which is also equal to
its standard deviation. Fig. 3(j) and (k) show that the means
of the two parameters (burst duration, number of spikes per
burst) increase exponentially with temperature. The mean ISI
within a burst (Fig. 3(i)) decreases linearly with temperature
(consistently with past observations in always-spiking sensitive
neurons [7], [12], [18]), while the firing rate (Fig. 3(l)) increases
exponentially with temperature. Interestingly, evolutions of the
burst parameters with temperature (shown in Fig. 3(i)-(l))
follow similar trends than those measured in sensory neurons
of certain insects in reaction to noxious heat [39], [40], which
might be an asset regarding the biophysical plausibility of the
reported bursting behaviour.

Regarding the stochasticity of the bursting phenomenon,
the exponential distribution of the bursts duration and num-
ber of spikes per burst has been observed previously in
FitzHugh–Nagumo oscillators [41], analog neuromorphic cir-
cuits exemplifying excitable systems [22]. The exponential
distribution is a rather general property of transition times in
Markovian bistable systems with time-scale separation [42],
[43] an instance of which are CMOS memory bitcells prone to
state variation caused by the intrinsic noise [44]. This analogy
has led us to presumably attribute the experimentally reported
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Figure 3. Evolution of the bursts characteristics between 42 and 45 ◦C. (a)(b) Definition of the different bursts metrics. (c)-(f) Statistical definition of a burst. For
each temperature, the dataset of ISIs extracted for each pair of consecutive spikes is shown together with the dataset box-plot. The upper boundary corresponds
to the ISI threshold for burst definition: pairs of consecutive spikes whose ISI is below ISIth belong to the same burst. Distribution of the bursts duration (g)
and number of spikes per burst (h) measured at 43 ◦C, fitted to an exponential distribution. Evolution of several burst metrics with temperature : mean ISI in a
burst (i), mean burst duration (j), mean number of spikes per burst (k) and firing rate (l).

bursting phenomena to noise-induced transient escape from the
basin of attraction of a stable equilibrium point to a limit cycle.
This interpretation is consistent with the numerical simulation
of [41]. Notably, an increase of the temperature seems to
increase the probability of such transitions and therefore the
burst and spike densities (Fig. 3(c)-(f)).

Our conjecture could be strengthened and validated by future
mathematical modelling work driven by experimental VO2
device data. Such approach would combine concepts from
nonlinear systems theory applied to memristor-based neurons
[31] with stochastic calculus [43].

VI. CONCLUSION & PERSPECTIVES

We have here experimentally reported a stimulus-dependent
stochastic bursting behaviour in a simple one VO2 memristor
- one transistor circuit, with transduction of the temperature
directly performed within the VO2 device. Distinct bursts have
been unambiguously identified through a rigorous interquar-
tile range method. Stimulus information is contained both
in the statistics of the burst and in the firing rate, unlike
recent implementations of VO2 memristor-based sensors that
operate in rate-encoding, i.e. always-spiking mode. While the
experimental distributions suggest that the stochastic bursting
phenomenon is attributed to a noise-induced state transition
from a stable equilibrium to a limit cycle, further modelling
work are still required to confirm this assumption. Moreover,
the reproducibility of the reported behaviour across multiple

devices should be assessed in future work. The static energy
consumption remains to be improved to fully benefit from such
sparser encoding scheme. Future neuromorphic sensors could
leverage the natural sensitivity of VO2 to other types of stimuli
such as strain and light. This paves the way for a new generation
of energy-efficient and bio-plausible sensitive spiking neurons.
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