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Introduction

Operando thermal behaviour of transistor-
integrated memristors and its implications on
online and offline learning

Eng Kang Koh, (2 #° putu Andhita Dananjaya, 2@ Young Seon You® and
Wen Siang Lew (2 *@

The influence of in situ temperature on the electrical characteristics of memristors is a critical consideration
for the reliable deployment of neuromorphic computing systems. This study investigates the operando
thermal behaviour of a 1T—-1R (1 Transistor—1 Resistor) Ta,Os-based memristive device operated at tempera-
tures up to 150 °C, focusing on real-time read-margin changes rather than long-term retention degradation.
The demonstrated device exhibited stable potentiation and depression (P/D) behaviour over 2M consecutive
pulses without significant degradation, confirming its robustness for thermal stress analysis. Pulse-based
measurements revealed distinct temperature-dependent behaviours of the transistor and memristor com-
ponents. While the transistor current consistently decreased with increasing temperature due to enhanced
carrier scattering, the integrated 1T—-1R configuration exhibited a unique response: the high-conductance
state (HCS) current decreased from metallic-like filamentary conduction, whereas the low-conductance
state (LCS) current increased due to thermally activated hopping conduction. Consequently, the dynamic
range of conductance compressed from ~17x at 25 °C to ~5x at 150 °C, highlighting the severity of
thermal-induced read margin shrinkage. Neural network simulations demonstrated that this compression
results in a degradation in accuracy of more than 6% in simple classification tasks, such as MNIST, and up to
2.7% and 4% degradation in offline training for the MNIST and Fashion-MNIST datasets, respectively, com-
pared to the ideal memristor. A scaling-based compensation model was proposed to restore the effective
conductance range, thereby recovering the inference accuracy at elevated temperatures. These findings
highlight a universal thermal interaction challenge in 1T-1R RRAM architectures and establish a quantitative
framework for evaluating and mitigating its impact on neuromorphic system reliability.

operational temperature stress on WO,-based memristors at
elevated temperatures up to 373 K (99.85 °C) resulted in severe

In the era of the Internet of Things and edge Artificial
Intelligence (AI), memristors have emerged as a promising
technology due to their scalability and multi-bit storage
capabilities.'™ When integrated into a crossbar architecture,
these devices hold great potential for accelerating Al
workloads.®™® However, a significant hurdle in adopting resis-
tive memristors for practical systems lies in their relatively
large spatial and temporal variations compared to other
memory technologies.”'® This variability becomes exacerbated
at elevated operational temperatures, which require reliability
up to 150 °C."" Such thermal stresses undermine the stability
and reliability of memristors, which are critical for neuro-
morphic implementations.">"® Choi et al. demonstrated that
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degradation of memristor-based neural network (NN) perform-
ance, reducing it to near-zero levels."*

Despite these challenges, studies examining the operando
thermal effects of 1T-1R memristors are scarce. Most studies
focus solely on temperature stress on the 1R cell during retention
tests to evaluate neuromorphic reliability, leaving operational
stability at elevated temperatures less explored.””™® This is
despite most functional memristor-based neuromorphic projects
employing a 1T-1R architecture, as seen in projects such as
NeuRRAM and DenRAM, which are representative examples of
memristor-based neuromorphic hardware.>>*' This configuration
is favoured due to better control of the resistive switching charac-
teristics, improving the overall performance in large-scale
implementations. Hence, considering the prevalence of 1T-1R
architecture in neuromorphic chips, the lack of systematic studies
examining the temperature-dependent interaction between tran-
sistor and memristor components can be identified as a notable
gap in the current literature.
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To address these gaps, this study systematically investigates
the impact of in situ thermal stress on the operational charac-
teristics of the 1T-1R memristor devices utilised for neuro-
morphic computing. By capturing real-time dynamic inter-
actions between the transistor and memristor components
during pulsed operation, the present study provides direct
insight into how temperature affects the coupled system. This
differs from conventional retention tests on other scalable
memristor platforms, which examine device degradation over
time or device failure.>*** This work focuses on how synaptic
behaviour (specifically P/D dynamics) changes at elevated
ambient temperatures of up to 150 °C. By studying conduc-
tance fluctuations at different temperature points, the research
reveals opposing trends in higher and lower conductance
states. It links these shifts to underlying physical mechanisms,
such as metallic conduction and thermally activated hopping.
This operando approach enables the observation of tempera-
ture-induced read-margin compression, offering a practical
framework for assessing the thermal reliability of memristor-
based neuromorphic systems. More importantly, this study also
incorporates these real-world device behaviours into neural
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network simulations, demonstrating how temperature-depen-
dent variability in conductance directly impacts training and
inference accuracy. To address this issue, a temperature-aware
conductance rescaling scheme is proposed, which digitally
compensates for temperature-induced variations based on real-
time feedback from on-chip thermal sensors. By normalising
the measured conductance to its equivalent room-temperature
value through calibrated scaling coefficients and enforcing a
conductance floor, this method effectively restores network
accuracy under varying thermal conditions. The findings high-
light the importance of thermal-aware design, in situ tempera-
ture monitoring, and adaptive learning algorithms in ensuring
the robust deployment of memristive systems in AI hardware.

Results and discussion
Memristor cell and operation

In this investigation, as depicted in Fig. 1a, the applied DC
voltage was referenced to the source line (SL), with the bit line
(BL) grounded, unless otherwise stated. This study focuses on
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(a) TEM imaging of the 1R cell connected to a 40 nm NMOS and the corresponding schematic of the emulated biological synapses. (b) XPS

depth profiling performed on devices in the LCS and HCS showing the evolution of the non-lattice oxygen concentration extracted from O 1s peaks
as a function of etching time. The inset presents Ta 4f peaks at the approximate middle of the switching layer. (c) DC characteristics of 1T, 1R, and
combined 1T-1R cell. (d) Pulse operation scheme deployed for synaptic weight updating.
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exploring multilevel switching behaviour of the 1T-1R cell,
aiming to emulate synaptic functions under various external
temperature conditions. As illustrated in Fig. 1a, the synapse
serves as a fundamental component in neuromorphic comput-
ing; the memristor stores electrical input from a pre-neuron
and relays it to a post-neuron, mimicking biological neural
pathways and enabling network-based processing of complex
tasks. Fig. 1b presents the XPS depth profiling results obtained
from two devices, one in the LCS and another in the HCS.
Within the Ta,05/Ta,N interface, the non-lattice oxygen con-
centration (as a percentage using the O 1s peak, from 528-535
eV, deconvoluted into two peaks) was found to increase from
approximately 12% to 22% upon switching from the LCS to
the HCS, indicating the generation of oxygen vacancies during
the switching process.>**® Additionally, the Ta 4f spectra
(from 20-31 eV, deconvoluted into five doublet peaks) depicted
in the inset were acquired from approximately the mid-region
of the switching layer, revealing the coexistence of multiple Ta
oxidation states within the switching film.**>® Fig. 1c presents
the DC I-V characteristics of three configurations: transistor-
only (1T - grey), memristor-only (1R - orange), and the com-
bined 1T-1R cell (blue). The cells were swept to 1.5 V for set
and ~—1.25 V to —1.5 V for reset. The differences in current
levels before, during, and after switching highlight the essen-
tial role of the transistor in modulating current flow and main-
taining stable operation in the 1T-1R configuration during
weight updates. Fig. 1d illustrates the schematic of the non-
identical pulse conditions employed for the emulation of P/D
throughout the remaining study. This allows for the evaluation
of the memristor performance under realistic operation con-
ditions. This scheme mimics the conductance increase (poten-
tiation) and decrease (depression) analogous to the strengthen-
ing and weakening of biological synapses. During poten-
tiation, 128 Vi, pulses were incrementally increased from 1.2
to 2.4 V to obtain consecutive states. For depression, a con-
stant complete reset step (Vi = 2.4) was applied, followed by a
decremental Vi set condition from 2.4 to 1.2 V. This reset-
and-set depression scheme is similar to an existing scheme
presented by Li et al.>® The source line (Vs ) and bit line (Vg)
were fixed at 2.0 V during both potentiation and depression
steps. All write pulses were 200 ns in duration, and read oper-
ations were conducted at 0.1 V with a delay of 100 ps after each
state transition using a fixed Vi, of 1.2 V.

Potentiation and depression under external temperature stress

Fig. 2a illustrates the P/D behaviour of the memristor at
different ambient temperatures. This ambient temperature
was applied by a temperature stage on which the sample was
placed. Five devices were evaluated at room temperature (RT,
~23 °C or 296.15 K) with their variations shown as error bars.
Additionally, the devices were also evaluated at elevated temp-
eratures of 85 °C (358.15 K), 105 °C (378.15 K), 125 °C
(398.15 K), and 150 °C (423.15 K), which correspond to the
automotive grades defined by the AEC-Q100 standards.'” This
range represents the highest temperature at which the NMOS
transistor in the 1T-1R configuration was qualified to operate
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reliably. Beyond this limit, the transistor may experience
dielectric stress or leakage-related failure, which would
obscure the intrinsic thermal behaviour of the memristive
element. As the purpose of this work is to investigate operando
temperature effects on device conductance states rather than
extreme-environment qualification or reliability testing, temp-
eratures exceeding 150 °C were not explored. Additionally, the
same five devices were subjected to a complete heating-
cooling cycle (RT — 85 °C — 105 °C — 125 °C — 150 °C —
125 °C - 105 °C — 85 °C — RT) while applying potentiation
and depression pulses. As the external temperature increased,
the higher conductance states decreased while the lower con-
ductance states increased, effectively narrowing the dynamic
range. This degradation in dynamic range is attributed to the
devices’ sensitivity to thermal variations, suggesting potential
temperature-induced changes in the conduction mechanism.
The heating-cooling cycle verified that this effect was intrinsic
and reversible, since the conductance dynamic range fully
recovered once the devices were cooled back to room tempera-
ture. Overlaid results from the five devices confirm that this
temperature-dependent behaviour was consistent and repeata-
ble. It is also worth noting that this present work employs a
discrete 1T-1R configuration, in which the memristor layers
are connected to the post-metal 4 layer, with the probe con-
nected directly to the top electrode. This arrangement enables
relatively efficient heat dissipation compared to actual mono-
lithically integrated arrays, which tend to trap more heat
within the dielectric and interconnect layers. This would
further intensify local temperature rise. Hence, the thermal-
induced conductance shrinkage observed in this study rep-
resents a baseline scenario, and the effect is anticipated to be
even more pronounced in fully integrated systems.

Fig. 2b presents the endurance characteristics (at room
temperature) of 1T-1R cells after being subjected to the pulse
scheme highlighted in Fig. 1d. Each subfigure in Fig. 2b pre-
sents overlapped full P/D cycles from different devices (por-
trayed with an error bar at each state), corresponding to weight
updates at 1, 10k, 100k, 1M, and 2M iterations. The endurance
test demonstrated stable conductance ranges even after more
than 2 million weight updates, far exceeding the approximately
2500 pulses applied during a single heating-cooling cycle.
This indicates that normal operational fatigue does not con-
tribute to the observed temperature effects, supporting the
interpretation that the conductance variations are thermally
induced and reversible.

Traversal of states

To further elucidate the observed temperature dependency of
the P/D behaviour observed at different temperatures, an ana-
lysis was conducted to determine how the underlying conduc-
tion mechanisms influenced the states. Our prior studies on
an identical structure established that, under low electric
fields, the devices exhibit ohmic conduction in both the high-
conductance state (HCS) and the low-conductance state
(LCS).*® To understand the observed temperature-dependent
behaviour, the current variations across the highest and lowest
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Fig. 2 (a) Behaviour of five devices and their P/D curves under different external temperature stress conditions. Conductance states show tempera-

ture-dependent reversible shifts — while higher conductance states decrease, lower conductance states increase, highlighting the thermally driven
conduction effects. (b) Overlay of 3 potentiation and depression cycles up to >2M total weight updates.

conductance states were examined. The devices were switched
to their respective states at room temperature before being
read at elevated temperatures. Fig. 3a illustrates the behaviour
of the 1T-1R cells when subjected to a low-field pulsed
sampling double sweep (0.1 V-0.35 V, 100 ps). The double
sweep was performed to ensure that any change in read
current was solely due to the external temperature influence,
rather than an unintended state transition resulting from
higher voltage exposure (>0.1 V). The results confirm the
observed P/D trends: at the HCS, the current decreases with
increasing temperature, while at the LCS, it increases with
increasing temperature. This inverse behaviour confirms that
the conductance variations are attributable to readout con-
ditions rather than intrinsic shifts in the device states.
Furthermore, to isolate the contribution of the transistor,
Fig. 3b shows the 1T cell measured separately under the same
pulse sampling conditions as those in Fig. 3a, confirming that
the drain current decreases as the temperature rises. Fig. 4
depicts a schematic representation of the temperature-depen-
dent conduction behaviour of the 1T, 1R, and 1T-1R devices.
Within the NMOS, it is expected that as the temperature
increases, the mobility of charge carriers in an NMOS

Nanoscale

decreases due to enhanced scattering from lattice vibrations
(phonons), which in turn causes a decrease in the channel
current.*"

Therefore, although the transistor alone exhibits a decrease
in current with rising temperature, the impact of this behav-
iour is not significant at the HCS since both 1T and 1R experi-
ence a similar current reduction with increased external temp-
erature. However, at the LCS, the opposing effects of the 1T
and 1R lead to a prevailing increase in current, as the current
control is dominated mostly across the memristor. To further
explain this opposing trend, the ohmic conduction mecha-
nism as presented in eqn (1) must be examined:**

Ec — Ep
T
Referring back to Fig. 4, in the 1R cell at the HCS, the CF
bridges the top and bottom electrodes via a continuous path
of oxygen vacancies.*® This continuous path of oxygen
vacancies exhibits metallic-like conduction, where the carrier

density (n) remains nearly constant as the temperature
changes. This is similar to metals, where free electrons are

(1)

Johmic = qUNE = quNcE exp (—

This journal is © The Royal Society of Chemistry 2026
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Fig. 3 Pulse /-V curves of the 1T-1R cell at various temperatures, read at the (a) highest and lowest conductance under a low field (<0.35 V). (b)
The same measurement performed on the 1T cell compared to a DC voltage reference in grey. (c) Analysis of various conductance states as a func-
tion of the external temperature, with the conductance shift (150 °C—RT) of the state denoted in the legend.

present at all times and are not generated thermally.
Consequently, the temperature dependence of conductivity is
primarily governed by carrier mobility (x). As the temperature
increases, enhanced electron-phonon scattering reduces g,
leading to a decrease in current density Jonmic.> Conversely, in
the LCS, the CF is partially ruptured, introducing a semicon-
ducting gap in the conduction path. In this state, the carrier
density follows a thermally activated relationship, n = NcE exp
[-(Ec — Eg)/kT], resulting in a strong temperature dependence
due to thermal excitation of carriers across the localised poten-
tial barrier. Although the carrier mobility still decreases with
the temperature due to phonon scattering, the rapid increase
in carrier concentration outweighs this effect, resulting in an
overall increase in current density. Increasing temperature pro-
vides sufficient energy for carriers to overcome potential bar-
riers, resulting in a significant increase in carrier concen-
tration. In the combined 1T-1R configuration, the overall
temperature dependence arises from the interplay between
these two components. In the HCS, both the NMOS and the
memristor exhibit reduced current with increasing tempera-
ture, resulting in a decrease in the overall current. In contrast,

This journal is © The Royal Society of Chemistry 2026

in the LCS, although the NMOS contribution decreases, the
thermally enhanced hopping conduction in the memristor
dominates, as it is the main current limiter, resulting in an
overall increase in current. This competing behaviour explains
the asymmetric temperature response observed in the 1T1R
device. The opposite trend in the HCS and LCS of the 1T-1R
device causes the dynamic range compression observed in
Fig. 2a.

Fig. 3c further demonstrates this by presenting every 10
states from Fig. 2a, where the opposing trends in the higher
and lower conductance states gradually converge around the
40™ state. This indicates that at intermediate conductance
levels, the competing influences of reduced carrier mobility in
the HCS and the increased carrier concentration in the LCS
balance out, resulting in minimal net change in conductance
with the temperature.

Online and offline training

Hence, the following steps were taken to assess the impact of
dynamic range degradation resulting from elevated external
temperatures. The P/D characteristics from Fig. 2a, specifically,
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behaviour.

the five experimentally measured devices with each device sub-
jected to the two full P/D cycles, were incorporated into a
generic neural network simulation for training on the MNIST
dataset. It was assumed that the performance variation, as
expected in a larger array, would therefore be constrained
within the variability envelope defined by these ten P/D cycles
for each temperature. As depicted in Fig. 5a, a fully connected
MLP network architecture with 784 input nodes (corres-
ponding to 28 x 28 pixels), a hidden layer of 300 nodes, and 10
output nodes (one for each category) was constructed for this
purpose. The sigmoid and SoftMax activation functions were
digitally simulated. The classification accuracy dropped by
approximately 7% as the operating temperature increased
from room temperature (RT) to 150 °C, highlighting the direct
influence of temperature-induced device non-idealities on
online learning. In this work, only the accuracy degradation
was analysed, because the goal of this network architecture
was not to maximise the classification performance, but rather
to examine how thermally induced changes in the memristor
conductance affect the classification performance. The
observed degradation is likely driven by the compression of
the individual devices’ dynamic range, which reduces the sep-

Nanoscale

aration between conductance levels and consequently limits
the precision of weight representation. This effect becomes
increasingly significant in deeper and more complex neural
network architectures, where a larger number of memristors
are required. As each device experiences temperature-induced
dynamic range degradation, the cumulative impact across the
network exacerbates the overall network accuracy (ie., the
errors from one layer are passed down to the next). For the
sake of this argument, effects such as overfitting are assumed
to be negligible, since relatively simple datasets like MNIST
can be easily overfit using sufficiently large networks. Under
such conditions, varying the network depth to compare per-
formance could confound two competing influences. While
increasing the number of layers can improve performance
through enhanced hierarchical feature extraction, it also
requires more memristor devices, which can lead to greater
performance degradation, as discussed earlier. This conflict
makes it difficult to isolate the individual effects of these two
factors.

Next, to more precisely isolate the impact of temperature on
conductance-to-state mapping, the MNIST and Fashion-MNIST
(a more complex dataset) were trained offline under ideal con-

This journal is © The Royal Society of Chemistry 2026
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ditions and subsequently mapped to the device. This approach
also removes the influence of temperature-induced dynamic
range shrinkage on the weight update process, allowing the
temperature effect on inference performance to be examined
independently. In Fig. 5a, the inference accuracy after online
learning decreases nearly linearly with increasing temperature,
whereas in Fig. 5b, the offline learning exhibits a nonlinear
degradation. This difference arises from the distinct nature of
the two training schemes. In online learning, weights are con-
tinuously updated through direct interaction with the device, so
accuracy degradation closely follows the temperature-induced
shrinkage of the device conductance window. In contrast, offline
learning involves pre-training under idealised software con-
ditions (infinite precision of states), with subsequent mapping
of quantised weights to device conductances. Minor nonlineari-
ties and quantisation artefacts during this mapping can produce
small fluctuations in accuracy, sometimes yielding slightly
higher performance at intermediate temperatures, such as at
85 °C or 125 °C. Importantly, these local variations do not con-
tradict the device-level behaviour; the overall trend remains a
degradation of accuracy with increasing temperature, consistent
with the observed conductance shrinkage. This highlights that
while the offline learning scheme may show small non-monoto-
nicities, the underlying temperature-dependent reliability chal-
lenge persists, emphasising the importance of accounting for
these effects in memristor-based neuromorphic systems.
Furthermore, the degradation in classification accuracy observed
in the offline learning case is notably smaller than that in online
training (—1.6% versus —6.7%, respectively). This difference
arises because, in offline learning, the synaptic weights are pre-
trained, and computation primarily involves matrix-vector multi-
plication. As a result, the memristor’s intrinsic switching charac-
teristics, such as the nonlinearity and asymmetry of the poten-
tiation/depression (P/D) curves, do not directly influence the
inference process. In contrast, online learning requires continu-
ous in situ weight updates, where these device-level nonlineari-

This journal is © The Royal Society of Chemistry 2026

ties play a significant role in determining network performance,
leading to a more pronounced accuracy degradation with
increasing temperature. To further understand the impact of
temperature on network performance, we analysed the AG — G
characteristics of our devices across temperatures from room
temperature to 150 °C, as shown in Fig. S1 and S2. During learn-
ing, the average AG decreases monotonically from 9.2 pS at
room temperature to 4.5 pS at 150 °C for potentiation and
increases from —5.5 pS at room temperature to —0.8 pS at 150 °C
for depression, while the standard deviation decreases more
gradually, from 11.5 pS to 8.8 pS (for potentiation) and from
22.7 pS to 18.6 pS (for depression) over the same temperature
range, as summarised in Fig. S3, resulting in a modest increase
in the CV, driven primarily by the reduced mean update magni-
tude rather than an absolute increase in stochasticity.
Importantly, across all temperatures, no polarity reversal, asym-
metric drift, or abrupt broadening of the AG — G distributions is
observed, indicating that the intrinsic update mechanism
remains fundamentally unchanged. The slight increase in CV
leads to local, zero-mean overlap between neighbouring conduc-
tance states, causing a minor reduction in update resolution,
but does not introduce systematic global bias.

In contrast, the accessible conductance window contracts
systematically with the temperature, as shown in Fig. 2, redu-
cing the number of effectively usable states and suppressing
weight contrast across the network. This deterministic, global
compression of the conductance range is the dominant factor
driving the observed degradation in both learning and infer-
ence accuracy. The proposed temperature-aware rescaling
scheme restores the effective conductance span to its room-
temperature equivalent, recovering global weight contrast and
separability (w.r.t. Fig. S2 and S3). As a result, both learning
and inference performance are restored to near-baseline levels,
confirming that dynamic-range shrinkage, rather than altered
update statistics or stochastic variability, is the primary mecha-
nism governing temperature-induced accuracy loss.
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Thermal crosstalk between neighbouring cells is not expli-
citly considered in the present simulation. However, the omis-
sion of such coupling can be regarded as a base-case scenario,
since the inclusion of inter-cell thermal interactions would be
expected to further accentuate conductance-range compression
through local temperature elevation and spatially correlated
drift, as reported in prior studies.>*3®

Given that conductance-range compression remains a domi-
nant limitation under elevated temperature conditions, it is
important to examine how existing compensation strategies
address this issue. Temperature compensation techniques for
memristive systems can be broadly categorised into device-level,
circuit-level, and system-level approaches. Device-level methods,
such as material or stack engineering, aim to improve intrinsic
thermal stability but require process modifications and provide
no runtime adaptability (ie., effectively O(1) during operation).
Circuit-level techniques, including PTAT/CTAT-based biasing, are
typically designed under simplified assumptions of monotonic
temperature dependence.”” However, the devices investigated
here exhibit asymmetric behaviour, where the HRS conductance
increases while the LRS conductance decreases with the tempera-
ture, resulting in progressive compression of the conductance
window. Programming-based methods such as write-verify com-
pensate variability through iterative pulse-verify cycles, typically
requiring O(N) operations per weight update, where N denotes
the number of iterations needed to reach the target state. This
leads to increased latency and energy consumption. Nevertheless,
while one might assume that write-verify algorithms could
ensure accurate conductance programming at elevated tempera-
tures, such schemes only improve precision within the available
conductance window and do not address the fundamental
reduction of that window itself. When the entire conductance
range contracts with the temperature, the achievable separation
between programmed states is inherently reduced, and no algo-
rithmic approach can program states beyond the physical limits
imposed by the device. Therefore, the problem investigated in
this work remains relevant regardless of the use of write-verify
schemes, particularly for inference, where weights are fixed and
temperature-dependent conductance drift directly translates into
computational error without any opportunity for correction.

Hence, a temperature-aware conductance rescaling scheme is
proposed in Fig. 6 to digitally compensate for thermally induced
variations in device conductance. From Fig. 3c, it can be observed
that the effects of the HCS current decrease and the LCS current
increase approximately cancel each other around the 40th state,
suggesting that a function can be designed to rescale these
opposing effects and restore the effective conductance window.
This approach leverages a calibrated temperature-dependent
model that maps the measured conductance at elevated tempera-
tures back to its equivalent room-temperature value, expressed as:

G(T) = fy — P1(T — To)
ao+ a1 (T — Tp)

(2)

Grr =

where ay, ay, po, and p; are coefficients fitted via linear
regression (ap = 1.03, a; = —0.0026, f, = —6.4, and B, = 0.5)
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with Ty = 20 °C, yielding an RMSE of approximately 8.6 pS.
This RMSE value refers to the accuracy with which the com-
pensation restores the conductance distribution. Fig. 6a shows
a comparison of the experimentally measured conductance
(plotted as open circles) at increasingly elevated temperatures
with the temperature-compensated results through the pro-
posed digital rescaling scheme (plotted as filled circles). The
compensation function was applied to each averaged data
point, effectively restoring the original conductance window
that had been compressed at elevated temperatures. Fig. 6b
presents the full dataset from five devices, each subjected to
two complete P/D cycles (one during heating and another
during cooling) after post-processing. Additionally, the cor-
rected data were also subjected to a conductance floor of
30 uS, preventing negative values while maintaining consist-
ency across the temperature range. These processed datasets
were subsequently used as input for the neural network simu-
lations. Fig. 6¢ shows the corresponding in situ learning and
inference results, once again obtained from simulation. At
room temperature, as depicted in Fig. 5b, the baseline
achieved an accuracy of 86.9% after 40 training epochs.
Following temperature compensation, the simulated infer-
ence accuracy remained stable across the temperature range of
85-150 °C, with a value of 85.8-86.7%, showing no observable
degradation. Similarly, the inset in the same figure depicted the
same for inference. The accuracy showed no noticeable differ-
ence across temperatures for both the MNIST and Fashion-
MNIST datasets. This confirms that the proposed rescaling
approach effectively mitigates temperature-induced conductance
variability, thereby allowing network performance to recover.
The practical implementation of the proposed temperature-
aware rescaling scheme introduces minimal overhead, as it pri-
marily relies on lightweight digital post-processing rather than
significant hardware modification. On-chip temperature
sensors, which are already widely used in modern CMOS
systems for thermal monitoring, can be leveraged and
deployed at the array or tile level, resulting in negligible area
and power overhead.*®*™*° For the sake of estimation, the repre-
sentative values from the literature (e.g., the NeuRRAM chip)
suggest that the additional area and power required for temp-
erature sensing are on the order of <1% of the overall system.**
The compensation can be expressed as a temperature-depen-
dent affine transformation of the measured conductance and
implemented using low-complexity digital arithmetic or lookup-
table-based approaches. As this requires only a constant number
of operations per read, the associated latency is negligible rela-
tive to neural network inference timescales. Overall, the scheme
provides an efficient and practical solution for mitigating temp-
erature-induced conductance degradation in large-scale systems.
Nevertheless, although this work proposes a promising
temperature-aware rescaling approach, its current implemen-
tation represents only a first step toward a comprehensive solu-
tion. Addressing the thermal sensitivity of memristive systems
will require concerted efforts from the broader research com-
munity to develop more robust, scalable, and hardware-
efficient compensation mechanisms.

This journal is © The Royal Society of Chemistry 2026
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Fig. 6 (a) Averaged conductance states collected at different temperatures. The open circles were replotted from Fig. 2a, showing the shrunken

dynamic range at higher temperatures, while the filled circles represent the corresponding digitally compensated values obtained through the temp-
erature-dependent rescaling function. (b) Aggregated conductance data from five devices, each undergoing two full P/D cycles, after digital post-
processing and conductance floor clipping; these values were used as input for network simulations. (c) Neural network online and offline accuracy
results demonstrating minimal degradation post-compensation across the elevated temperature compared to room temperature.

Conclusions

This study highlights the significant influence of temperature
on the synaptic weight stability of memristive devices, reveal-
ing opposing trends in conductance modulation due to the
distinct conduction mechanisms in the HCS and LCS that ulti-
mately reduce the dynamic range. These findings point to the
importance of incorporating in situ temperature monitoring to
manage and mitigate temperature-induced variability, thereby
ensuring reliable neuromorphic system performance. It is also
important to note that these findings are specific to the mem-
ristor structure studied here, which exhibits a distinct ohmic
conduction mechanism. Devices based on different conduc-
tion mechanisms may exhibit less, or in some cases, even
more severe degradation in dynamic range under thermal
stress. This work proposed a temperature-aware rescaling
scheme. While it effectively restores the conductance range
and maintains network accuracy, several limitations remain.
Firstly, its performance strongly depends on the precision and
spatial resolution of on-chip temperature sensing, where any
local hotspots or temporal fluctuations may result in imperfect
compensation. Secondly, the model parameters were cali-

This journal is © The Royal Society of Chemistry 2026

brated using a limited device set and may require re-fitting for
other materials or stack configurations, which limits the gener-
ality of the approach. Thirdly, the compensation assumes a
linear temperature dependence of conductance variation,
which may not hold under wider thermal or stress conditions.
Moreover, hardware implementation would require additional
circuitry for real-time temperature feedback and digital correc-
tion, introducing potential power and area overhead. Finally,
while the proposed approach corrects systematic temperature-
induced drift, it does not mitigate random stochastic varia-
bility. However, this can be addressed by applying a write—
verify scheme, which was beyond the scope of this work.
Future research should focus on integrating similar innovative
compensation mechanisms to further enhance the robustness
and reliability of memristive synapses in practical neuro-
morphic applications.

Methodology

As depicted in Fig. 1a, each memristor structure utilised in
this work consists of a Pt top electrode and a Ta,O5 switching
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layer deposited on Ta,N via connecting to the NMOS transistor
fabricated using a 40 nm front-end-of-line process. A 3 nm
Ta,Os layer was deposited by magnetron sputtering using a
99.99% purity Ta,Os ceramic target, with a 50 W RF power
supply at 2 mTorr pressure and 20 sccm Ar gas flow. The
30 nm Pt electrode was deposited above the switching layer by
a 50 W DC PVD step at the same pressure and gas flow.
Transmission electron microscopy was carried out using a
Thermo Fisher Talos F200X G2 system. The XPS depth profil-
ing was conducted with a monochromatic Al Ka X-ray source
using a Kratos Analytical Axis Supra Plus XPS system. All elec-
trical current-voltage (I-V) measurements for the 1T, 1R, and
1T-1R devices were conducted using a Keithley 4200A-SCS
semiconductor parameter analyser. All neural network simu-
lations were performed using the CrossSim 2.0 framework.**
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