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Neuromorphic systems that employ advanced synaptic learning rules, such as the three-factor learning 
rule, require synaptic devices of increased complexity. Herein, a novel neoHebbian artificial synapse 
utilizing ReRAM devices has been proposed and experimentally validated to meet this demand. This 
synapse features two distinct state variables: a neuron coupling weight and an “eligibility trace” 
that dictates synaptic weight updates. The coupling weight is encoded in the ReRAM conductance, 
while the “eligibility trace” is encoded in the local temperature of the ReRAM and is modulated by 
applying voltage pulses to a physically co-located resistive heating element. The utility of the proposed 
synapse has been investigated using two representative tasks: first, temporal signal classification 
using Recurrent Spiking Neural Networks (RSNNs) employing the e-prop algorithm, and second, 
Reinforcement Learning (RL) for path planning tasks in feedforward networks using a modified version 
of the same learning rule. System-level simulations, accounting for various device and system-level 
non-idealities, confirm that these synapses offer a robust solution for the fast, compact, and energy-
efficient implementation of advanced learning rules in neuromorphic hardware.
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Emulating the biophysical dynamics of the brain by manipulating naturally available physical dynamics lies 
at the core of neuromorphic computing and is what holds the key to achieving at-par energy efficiency and 
cognitive capabilities of the human brain1–5. Realizing the full potential of neuromorphic computing requires 
the development of a computational paradigm that reasonably mimics the structure and functionality of the 
brain at various levels of abstraction while also being conducive to efficient hardware implementation using 
state-of-the-art technologies6–9.The latter can be achieved using memristive devices, which are known for 
emulating the synaptic functionality due to their ability to tune the conductance to an arbitrary value within 
its physical dynamic range10–13. Additionally, when arranged in crossbar arrays, these devices enable area and 
energy-efficient in-memory computing by offering massive parallelism. Several studies have reported chip-level 
demonstrations of neural network accelerators using various memristive devices14–17. The former is achieved 
by adopting spiking neural networks (SNNs). SNNs are known for offering the brain-inspired computational 
paradigm that comprises approximated neuro-inspired neuron models as activation functions interconnected 
with synaptic weights and transmit information using asynchronous spike-based events18–21. Thus, using 
memristor-based hardware to implement SNNs is a compelling alternative for attaining energy efficiency and 
cognitive performance comparable to those of a biological brain.

SNNs can be trained using the Hebbian learning rules, such as spike-timing-dependent plasticity (STDP) or 
its variants22–24. In STDP-based learning, the timing and sequence of pre- and post-synaptic spikes determine 
the magnitude and direction of weight changes25. Several experimental demonstrations have shown that SNNs 
trained with the STDP algorithm can learn to detect temporal correlations within spike trains in an unsupervised 
manner26–28. Additionally, large-scale experimental demonstrations have investigated the potential benefits of 
SNNs29–34. Despite their biological plausibility, SNNs trained using STDP perform poorly on relatively complex 
tasks primarily due to their focus on local optimization and lack of a global error signal, as seen in artificial 
neural networks (ANNs) trained with backpropagation35. As a result, the performance of spike-based learning 
algorithms has often been overshadowed by gradient-based methods used in non-spiking networks. Another 
significant limitation of SNNs trained with Hebbian learning rules is their inability to model tasks involving 
long-term temporal dependencies36. While recurrent spiking neural networks (RSNNs) offer a potential solution 
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for modeling such tasks, their training algorithms struggle to assign importance to past neural states for errors 
observed in the present, making it difficult to determine the necessary adjustments to the network’s learnable 
parameters to achieve desired performance36,37. This issue, known as the temporal credit assignment problem, is 
not unique to RSNNs but also exists in ANNs. ANNs address this problem using the backpropagation through 
time (BPTT) algorithm38. However, BPTT requires unfolding the network and propagating errors backward 
through time38,39, which, while effective for modeling long-term temporal sequences, demands extensive 
memory, high training time, and significant computational resources, thereby limiting its use in neuromorphic 
hardware40.

The eligibility propagation (e-prop) algorithm effectively addresses the temporal credit assignment problem 
in a biologically plausible way36. Studies have shown that RSNNs trained with e-prop algorithms can learn online 
and handle complex tasks efficiently36. The e-prop algorithm is a special case of the three-factor learning rule, 
where synaptic plasticity is influenced not only by the pre-synaptic and post-synaptic neuron signals (as in 
standard Hebbian learning) but also by an additional third signal. Typically, a three-factor learning rule for 
synaptic plasticity can be expressed as35:

	 ẇ = F (M, pre, post).

In this equation, ẇ represents the rate of change of the synaptic weight. The variable M denotes the third signal, 
and the function F defines the specific learning rule. Three-factor learning rules, including their variants, tackle 
the issues associated with SNNs by introducing local eligibility traces. These traces, combined with the coupling 
weight, maintain a fading memory of pre-synaptic activity. Additionally, they make the global error signal (the 
third signal) locally accessible at the synapse, along with the pre-and post-synaptic signals, facilitating local 
learning. In the context of temporal modeling tasks, these characteristics eliminate the need for the network 
to unfold and propagate backward in time, resulting in substantial savings in computational resources and 
accelerating the training process of neuromorphic hardware.

This work focuses on developing a synaptic element tailored for hardware implementation of the e-prop 
learning algorithm. Our key contributions are as follows: (1) We propose a novel artificial synapse with a two-
terminal heater 3D-integrated with a ReRAM cell. This design utilizes intentionally introduced self-thermal 
coupling between the heater and ReRAM to encode the eligibility trace through the local temperature of 
the ReRAM, while the non-volatile conductance levels represent the synaptic weights. (2) We provide a 
comprehensive analysis of the proposed synapse’s operation, including its physical mechanisms and various 
non-idealities. The core operating principle is experimentally validated, and its implementation at the array level 
is studied within the context of the e-prop algorithm. (3) We present a numerical model to further investigate 
the synapse’s operation and assess its scalability. (4) We evaluate the synapse’s performance on two representative 
tasks using hardware-aware network simulations, accounting for device- and array-level non-idealities.

The remainder of the manuscript is organized in the following order: section “Eligibiility-based learning” 
presents a high-level description of eligibility-based learning, followed by a discussion on the proposed synapse 
operation, related experimental results, unit cell design, and its array-level operation in the section “Thermal 
NeoHebbian synapse”. The section “Numerical modeling covers the numerical modeling of the proposed synapse. 
The section “Benchmark simulations” details system-level simulations used to benchmark the performance 
benefits of the proposed synapse on two representative tasks: reinforcement learning in SNNs and the more 
complex TIMIT phoneme classification task in RSNNs. Finally, we conclude by summarizing the scope and 
limitations of the proposed synapse in the section “Discussion & summary”.

Eligibiility-based learning
A high-level description of eligibility-based learning in SNNs utilizing neoHebbian synapses is discussed in 
this section. Figure 1a shows a schematic of the SNN where input neurons are connected to output neurons 
using neoHebbian synapses. NeoHebbian synapses exhibit both short-term dynamics and long-term plasticity, 
characterized by the synaptic “eligibility trace” (e) and coupling weight (w), respectively. The neuronal firing 
activity at the pre- and post-synaptic neurons dictates the updates in eligibility trace values. These traces serve 
as temporal markers that record the past activities of the synapse. When the synaptic weights are to be updated, 
eligibility traces interact with neuromodulator signals to determine the extent and direction (increase or 
decrease) of synaptic weight changes. In other words, the eligibility trace serves as an additional gating signal 
that, in conjunction with pre- and post-synaptic activities, influences long-term plasticity and is regulated by the 
common (two-factor) Hebbian rule.

The computation of the eligibility state (f(t)) takes place at the pre-synaptic neuron, while the pseudo-
gradient (ψ(t)) is generated at the post-synaptic neuron. The signal f(t) acts as a low-pass filtered version 
of the incoming spike train, giving the synapse a fading memory of recent pre-synaptic activity. The role of 
ψ(t) is different: it serves as a surrogate derivative for the spiking nonlinearity. Because the spike-generation 
function is a hard threshold, its true derivative is either zero or undefined and therefore not useful for learning. 
To overcome this, ψ(t) is defined as a smooth approximation that is non-zero only within a narrow window 
around the firing threshold. Importantly, this pseudo-derivative window is always non-negative and acts only as 
a scaling factor, while the sign of ψ(t) is provided by the global learning signal L(t). In practice, this means that 
whenever the membrane potential comes close to threshold, the neuron is assigned a non-zero gradient of the 
appropriate sign to enable effective weight updates during learning. Together, f(t) and ψ(t) form the eligibility 
trace e(t) = f(t) × ψ(t), which captures both the pre-synaptic history and the post-synaptic sensitivity to 
its membrane potential. The training process operates in batches, where data within each batch, termed as 
a dataframe, is sequentially processed over U  time steps. During the training process, e(t) is computed and 
accumulated over the presentation of the dataframe. Figure 1b shows the evolution of signals f(t), ψ(t), and 
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e(t) during the dataframe presentation. Subsequently, at the end of the dataframe presentation, the coupling 
weights (wij) are updated proportionally to eΣ, where eΣ denotes the accumulated e(t) over the dataframe 
presentation. Overall, the eligibility-based learning approach allows the network to associate specific spike 
timings with subsequent rewards or punishments, enhancing its ability to perform tasks that require temporal 
linking of events, such as sequence learning and reinforcement learning, where outcomes are delayed from 
actions. Detailed equations related to eligibility-based learning are provided in the supplementary information 
(Section 1) and the section “Benchmark simulations” in the main manuscript.

Thermal NeoHebbian synapse
The high-level functionality of the proposed synapse in the context of the e-prop training algorithm is outlined 
in the following. The training process in e-prop consists of three key stages: the spike integration (or inference) 
phase, the eligibility update (e-update) phase, and the weight update phase. The spike integration and e-update 
occur during the data frame presentation, while the weight update is executed after the data frame presentation 
(refer to Fig. 2a). Consider the heater (H) and ReRAM (Mw) arrangement as shown in Fig. 2b. In this, Mw  acts 
as coupling weight and transmits weighted current spikes from i-th pre-neuron to j-th post-neuron during the 
spike integration phase, as shown in Fig. 2b. During the e-update phase, the heater receives appropriate signals 
such as f(t) and ψ(t) from pre- and post-neurons, respectively, resulting in the rise in heater temperature due to 
Joule heating. Due to the thermal coupling between the heater and ReRAM, the local temperature of ReRAM 
increases proportionally to the dissipated power. The e-update phase is depicted in Fig. 2c. These operations are 
repeated at every step during the dataframe presentation in the training process. Finally, at the end of the data 
frame presentation, the accumulated temperature rise in ReRAM represents “eΣ”, thus satisfying the requirement 
of computing and storing the eligibility trace at the synapse. Subsequently, during the weight update, a fixed-
amplitude programming pulse is applied, which induces a conductance change (∆Gw) proportional to the 
accumulated temperature rise (eΣ). The weight update phase is depicted in Fig. 2d. Essentially, the temperature-
dependent switching behavior of the ReRAM is exploited to update the weights proportional to eΣ.

To implement the characteristic features highlighted by the high-level functionality of the thermal neoHebbian 
synapse, we propose the integration of a two-terminal heater cell with the ReRAM device, as depicted in Fig. 2e. 
The heater element comprises an insulating layer sandwiched between two metallic layers: the top electrode (TE) 
and the shared electrode (SE). A metallic nanorod connects the TE and SE. Upon applying a voltage between the 
TE and SE, a substantial current flows through the metallic nanorod, which has a high electrical conductivity, 
resulting in localized Joule heating. Due to the high thermal conductivity of the SE, strong thermal coupling is 
established between the heater element and the ReRAM. The ReRAM switching layer is sandwiched between 
the SE and the bottom electrode (BE). To mitigate lateral heat diffusion to adjacent cells, the nanorod structure 

Fig. 1.  a Schematic of a spiking neural network incorporating neoHebbian synapses. b The evolution of 
signals f(t), ψ(t), and e(t) during the dataframe presentation. fi(t) and ψj(t) represent signals from the i−
th pre-synaptic neuron and j−th post-synaptic neuron, respectively. eij(t) is obtained by multiplying fi(t) 
and ψj(t). c Characteristic features of a neoHebbian synapse - computing eij(t) and accumulating it (i.e., eΣ) 
during the data frame presentation. During the weight update, the weight change (∆wij) is proportional to the 
accumulated e(t). η represents the learning rate.
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is surrounded by an electrically and thermally insulating layer. The desired properties of the heater are akin to 
those used in mushroom-type phase-change memory technologies41–43. Consequently, suitable materials for 
the electrode layers include W, TiN, and TaN, and for the insulating layers, materials such as SiO2, HfO2, and 
TiO2. This design minimizes area footprint by 3D integration of the heater and the ReRAM cells. The decay of 
the eligibility trace in this design is inherently linked to thermal properties defined at fabrication and is governed 
by the thermal time constant τTH = RTHCTH, where RTH is the effective thermal resistance and CTH is the 
thermal capacitance of the heated volume. Although intrinsic thermal diffusivity is a fixed material property, 
the effective time constant can still be tuned through geometry and stack design. Parameters such as oxide/
electrode thickness, device area, crossbar pitch, and the introduction of thermal barrier layers offer practical 
control knobs44. Details about the fabricated ReRAM layer stack and its electrical characteristics are presented 
in the following section.

Experimental results
Metal oxide memristors were fabricated using a similar process to our previous work10, which involved etch-
down processes, and UV lithography for patterning, DC-mode magnetron sputtering for electrode deposition, 
and thermal annealing in forming gas to adjust non-stoichiometry. However, in this work, an oxide bilayer 
stack was formed using ALD to simplify the fabrication process and mitigate issues related to thickness and 
composition variations in the sputtering targets. Figure 3a shows typical I-V switching curves from these devices, 
with the inset providing details of the ReRAM layer stack. These devices exhibit low forming voltages (∼2V), 
switching voltages (∼1V), and an on/off ratio of ∼20 at a read voltage of 0.1V.

Fig. 2.  High-level description of the thermal neoHebbian synapse operation: a Three key stages involved in 
the training operation of e-prop: spike integration (shaded blue), eligibility-update (shaded olive), and weight 
update (shaded red). Arrangement of the heater and ReRAM during b Spike integration, c e-update, and d 
Weight update phases. The red arrow depicts the thermal coupling between the heater and ReRAM. e Design 
of a crossbar array illustrating 3D-integrated heater and ReRAM cells.
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We now examine the temperature-dependent switching characteristics within the context of thermal neo-
Hebbian synapse operation. In the proposed design, the heater and ReRAM cells are 3D-integrated, with the 
structure optimized to maximize thermal coupling between them. The close proximity of the heater and ReRAM, 
along with the high thermal conductivity of SE, allows for simplification of experimental measurements by 
emulating the heater’s role through modulation of the ambient temperature. Our investigation focuses on 
understanding the normalized conductance change (∆G/G0) induced by a fixed voltage pulse as a function of 
the initial programmed conductance (G0) and ambient temperature (T). Figure 3b and c present (∆G/G0) as a 
function of G0 and T for the SET and RESET processes, respectively.

The measurement protocol employed during the experiments is as follows: First, the ReRAM is programmed 
to a target initial conductance G0 with 5% tuning accuracy, using the tuning algorithm described in45. 
Next, a programming pulse of fixed amplitude and duration is applied, followed by a read pulse to measure 
the conductance change (∆G). The device is then reprogrammed to the same G0, and the measurement is 
repeated multiple times to collect several data points for each G0. This procedure is repeated for all specified G0 
values. Afterward, the ambient temperature increases and the entire process is repeated. Figure 3f illustrates the 
measurement protocol. For the SET process, data were obtained using a pulse with an amplitude of 0.85V and 
a duration of 280 µs, with measurements repeated 10 times for each combination of G0 and T. For the RESET 
process, a pulse of - 1.05V with a duration of 280µs was applied, and measurements were repeated 30 times 
for each combination of G0 and ambient temperature. Figure 3d shows the average normalized conductance 
change for the SET process, where each data point represents the average of 10 measurements, while Fig. 3e 
shows the corresponding average values for the RESET process, with each data point representing the average 
of 30 measurements.

It was observed that during the SET process, the conductance change reaches its maximum when G0 is close 
to the device’s lowest conductance state and its minimum when G0 approaches the highest conductance state. 
Conversely, during the RESET process, the conductance change is at its maximum when G0 is near the highest 
conductance state and at its minimum when G0 is close to the lowest conductance state. This asymmetry can be 
explained by the underlying filament dynamics: during RESET, rupture of the conductive filament is aided by 
the larger current that flows when the device is in a higher conductance state. The resulting Joule heating raises 
the filament temperature, accelerating oxygen vacancy redistribution. As the conductance decreases, the current 
drops correspondingly, so the available heating becomes insufficient to further rupture the already narrow 
filament, leading to saturation near the low-conductance end. In the SET process, when the device is in a high-
resistance state, most of the applied bias drops across the active region, resulting in a stronger electric field that 
drives vacancy drift and filament formation. Consequently, conductance increase is high at low conductance, but 
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Fig. 3.  a Representative I-V curves measured with quasi-static DC voltage sweep at 1V/s on 250 × 250nm2 
area devices. The inset provides the device stack details. Normalized percentage conductance change as a 
function of the initial conductance and ambient temperature is shown for the b SET and c RESET processes. 
The average normalized percentage conductance change as a function of ambient temperature for the SET 
and RESET processes is presented in (d) and (e), respectively. f Illustration of the measurement protocol used 
to obtain the data is shown in (b) and (c). The green pulse depicts the multiple SET, RESET, and read pulses 
required to reprogram the device to the same G0. VP and Vread, respectively, denotes fixed programming pulse 
used to measure ∆G and read pulse.
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saturates as the filament thickens and the local field intensity decreases46,47. Overall, this behavior is attributed 
to the fixed dynamic conductance range in ReRAM devices, which naturally leads to saturation of conductance 
updates as the device approaches either extreme of its conductance window.

NeoHebbian synapses: unit cell and array level operation
The unit-cell implementation of thermal neo-Hebbian synapses is shown in Fig. 4. This unit cell consists of one 
transistor, one heater, and one ReRAM device, hence referred to as the 1T-1H-1M configuration. During the 
spike integration phase (ϕE = 0), the memristor serves as a coupling weight, facilitating the transmission of 
weighted current spikes from the pre-neuron to the post-neuron, while the transistor remains off, as depicted 
in Fig. 4a.

In the e-update phase (ϕE = 1), the eligibility state f(t) and the pseudo-gradient ψ(t), calculated at the 
pre-and post-synaptic neurons, respectively, are applied across the heater. Simultaneously, the memristor 
(Mw) is decoupled from the pre-neuron, as illustrated in Fig. 4b. The applied voltage signals result in Joule 
heating, raising the temperature of the heater, which subsequently increases the local temperature of the ReRAM 
through thermal coupling. The total eligibility contribution to the weight update is stored as the cumulative 
temperature rise in the ReRAM during data presentation. In the final weight update phase (ϕW = 1), a fixed-
amplitude programming pulse is applied, leading to a change in conductance ∆G, which is proportional to the 
accumulated eligibility trace (eΣ), as shown in Fig. 4c. Shared usage of one of the electrode terminals between the 
heater and the memristor in a 1T-1H-1M configuration requires time-division multiplexing between the ϕE  = 
0 and ϕE  = 1 phases. However, introducing an additional transistor in the synaptic cell can eliminate the need 
for time-division multiplexing between the spike integration and the e-update phases in the 1T-1H-1M design, 
albeit with the trade-off of reduced density48.

An essential feature of the noeHebbian synapse is the local computation and storage of e(t). As illustrated 
in Fig. 1c, during e-prop operation, e(t) is computed as the product of f(t) and ψ(t). In the context of the 
thermal neoHebbian synapse, this implies that the local temperature of Mw  should increase proportionally to 
the product of voltage signals f(t) and ψ(t). The 1T-1H-1M unit cell allows local computation and storage of e(t) 
through appropriate biasing and voltage scaling.

During ϕE  = 1, assuming the transistor is operating in the triode regime, the drain current (ID) is given by,

	 ID(t) = k (VGS(t) − VTH) VH2(t).

The voltage drop across the heater can be expressed in terms of the drain current as:

	 VH1(t) − VH2(t) = ID(t)R.

Here, R denotes heater electrical resistance, and k is a transistor-related parameter. Consequently, the power 
dissipated across the heater is expressed as:

	
PH = 1

R
V 2

H1
(RkVOV)2

(1 + RkVOV)2 .� (1)

Now, VH1 and VOV are scaled as follows,

	
VH1 ∝

√
ψ(t) & VOV ∝

√
f(t)

Rk(1 −
√

f(t))
. � (2)

Fig. 4.  1T-1H-1M unit cell implementation of the thermal neoHebbian synapse. During the dataframe 
presentation, the operation of the synapse is time multiplexed between a Spike integration - ϕE  = 0 and b 
e-update - ϕE  = 1 phase c Weight update is performed at the end of the dataframe - ϕW  = 1. The appropriate 
biasing conditions for each phase are shown in the schematic. F(.) & G(.) are defined in Eq. (2).
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VOV denotes transistor overdrive voltage. This voltage scaling performed at the neuron site ensures that the 
dissipated power across the heater and, consequently, the temperature rise at the heater follows the desired 
proportionality:

	 PH ∝ ψ(t) × f(t) ; ∴ ∆T ∝ ψ(t) × f(t).� (3)

Due to thermal coupling, the power dissipated across Mw is proportional to PH; consequently, the local 
temperature of Mw increases in relation to the product of ψ(t) and f(t). More details on the related equations 
are provided in the supplementary information. For completeness, we note that both the pre-synaptic low-pass 
state f(t) and the scaled pseudo-gradient ψ(t) can be mapped onto standard neuromorphic circuit primitives. 
In practice, f(t) can be implemented as a simple leaky integrator (e.g., RC or switched-capacitor), while ψ(t) can 
be generated by a comparator-based or piecewise-linear window around the firing threshold and scaled by the 
global learning signal L(t)49,50.

We now discuss the array-level operation of the proposed synapse. The array-level implementation of the 1T-
1H-1M design involves synaptic cells arranged in a differential configuration, as shown in Fig. 5a. The key stages 
in the operation of e-prop are shown in Fig. 5b. In this setup, two sets of synapses are utilized. The net synaptic 
conductance is given by G = G+ − G−, where G+ denotes the total conductance of memristor M+

w , and G− 
represents the total conductance of memristor M−

w . The net conductance G can be increased (decreased) by 
potentiating (depressing) G+ or depressing (potentiating) G−51,52.

Figure 5c shows the voltage bias applied at respective terminals during spike integration, e-update, and 
weight update. The e-update and subsequent weight update operation in the differential mode operate as follows: 
During e-prop operation, f(t) maintains a strictly positive value, while ψ(t) can be either positive or negative. 
Depending on the sign of ψ(t), the e-update operation is directed towards either heater H+ or heater H−. 
For instance, when ψ(t) > 0, f(t) and ψ(t) are applied to the terminals of heater H+, as illustrated in Fig. 4b. 
Conversely, if ψ(t) < 0, the update is directed towards heater H−. During the ϕW  = 1 phase, a fixed amplitude 
programming pulse is simultaneously applied to both memristors G+ and G−. Consequently, the resulting 
change in conductances, denoted as ∆G+ and ∆G−, is directly proportional to the local temperature increase at 
the respective synapse during the e-update phase. Therefore, the net change in conductance (∆G) is calculated 

Fig. 5.  a Differential mode crossbar-array implementation of the 1T-1H-1M design. b Key stages in the 
operation of e-prop: spike integration (ϕE  = 0), e-update (ϕE  = 1), and weight update (ϕW  = 0). c Biasing 
condition at the respective terminal during these phases.
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as ∆G = ∆G+ − ∆G−. It’s important to note that the voltage pulse used during ϕW  = 1 induces insignificant 
conductance change if the local temperature rise at the memristor is negligible. The array-level implementation 
depicted in Fig. 5a facilitates parallelism, leading to substantial time savings during training. For example, during 
ϕE  = 1, eligibility is updated concurrently for all the elements in the array, followed by concurrent weight update 
at the end of the dataframe in ϕW  = 1.

Numerical modeling
The electrothermal effects are critical in the operation of the proposed synapse and are further investigated using 
the numerical model. Figure 6a shows the schematic of the 1T-1H-1M synapse, and the corresponding modeled 
geometry considered for electrothermal simulation is shown in Fig. 6b. The oxide thickness (Tox) is assumed to 
be 30nm for both the heater and ReRAM (see Fig. 6b). All other dimensions are marked in minimum feature 
size (F). The time-dependent temperature profile within the device is obtained by solving the transient heat flow 
equation. More details on the numerical model are provided in the supplementary information (section 4).

Figure 6d illustrates the e-update phase, showing the transient temperature evolution at the heater and 
ReRAM in response to the dissipated power at the heater. Temperature contours calculated at t = 60 ns are 
overlaid on the modeled geometry and shown in Fig. 6c, highlighting the thermal coupling between the heater 
and ReRAM. Overall, Fig. 6c and d validate the capability to encode the “eligibility state” in the form of local 
temperature, as the local temperature of the ReRAM can be modulated by applying heating pulses at the heater.

We now examine potential sources of non-idealities that might influence the performance metrics of e-prop. 
For instance, the accumulated eligibility (eΣ) is expected to remain constant, even in the absence of activity (see 
Eq. 8 in the supplementary information (section 1)). However, in the proposed synapse, eΣ decreases due to 
natural temperature decay in the absence of heating pulses (refer to Fig. 6d). Ideally, this suggests that the desired 
τTH should tend towards infinity. However, it will be evident in the next section that the desired value of τTH 
depends on the target application, and, in fact, this eligibility decay could be useful in certain cases. Additionally, 
it’s important to note that when the pulse width (tPW) exceeds the device thermal time constant (τTH), the 
ReRAM temperature reaches the steady state, impeding further e-updates. Thus, the tPW should be shorter than 
τTH during the ϕE = 1 phase to update the eligibility state continuously.

Another important non-ideality is the thermal crosstalk during the ϕE = 1 phase. The unintentional rise in 
the local temperature of the neighboring synapses could result in an erroneous e-update. Therefore, we define 
the thermal crosstalk coefficient as the ratio of temperature rise at the adjacent synapses to temperature rise at 
the heater in response to heating pulse in ϕE=1 phase. To mitigate the issue of thermal crosstalk, modifications 
are made to the device structure, as illustrated in Fig. 6e. These modifications include reducing the distance 
between the heater and ReRAM to enhance the desired self-thermal coupling and increasing the thickness of 
both the top and bottom electrodes to slow the propagation of heat flux toward neighboring devices, thereby 
reducing unintentional thermal crosstalk. Further, the thermal crosstalk coefficients for the structures shown 
in Fig. 6b, e are compared for different values F and K. Figure 6f shows that the new design increases the self-

µ

Fig. 6.  a 1T-1H-1M synapse unit cell. b Modeled geometry for electrothermal analysis. c Temperature 
contours calculated at t = 60ns for F = 60nm and overlaid on the modeled geometry, showing the thermal self-
thermal coupling between the heater and ReRAM. d Transient temperature evolution depicting ϕE  = 1 phase. 
e Modified geometry that improves self-thermal coupling and reduces the thermal crosstalk. A comparison 
of thermal coupling coefficients for the structure shown in (b) & (e) is shown in (f–h). f self-thermal coupling 
between heater and ReRAM at location A. Thermal crosstalk between the heater at location A and ReRAM 
at location B and C is shown in (g) & (h), respectively. The inset shows the schematic of the modeled 3×3 
crossbar array, where K denotes crossbar pitch.
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thermal coupling and reduces thermal crosstalk, as shown in Fig. 6g, h. The effects of these non-idealities, 
including eligibility decay and thermal crosstalk, are examined in detail in the benchmark simulations section.

Benchmark simulations
Case study #1: reinforcement learning in SNNs
This case study discusses the use of neoHebbian synapses in training SNNs for tasks related to reinforcement 
learning. Specifically, we explore a scenario where a virtual agent resembling a mouse navigates a maze in search 
of cheese while avoiding traps (see Fig. 7a). The maze is structured like a n × n grid, where the mouse’s current 
position defines its state. At each step, the agent, or mouse, is limited to a single action: moving in one of four 
directions “up”, “down”, “left”, or “right”. An episode in this context refers to a single run of the agent through 
the maze, from start to termination. Each episode begins with the agent randomly placed within the maze 
and terminates when the agent either finds cheese or encounters a trap. Following each episode, a new round 
commences from a randomly selected location within the maze. The agent is trained over multiple episodes, 
learning from past experiences to improve performance. The reward system is designed to maximize the agent’s 
chances of finding cheese, offering positive rewards for success and penalties for falling into traps. Additionally, 
each action made without finding cheese results in a minor penalty. Schematic of array level implementation of 
the network is shown in Fig. 7c. The respective parameters are summarized in the table shown in Fig. 7b.

In each episode, the agent navigates the grid by making decisions at every timestep. The assumed grid 
arrangement is akin to an input layer (environment position/state) where each location on the grid is connected to 
four Leaky-Integrate and Fire (LIF) neurons in the output layer (representing action) using thermal neoHebbian 
synapse as shown in Fig. 7a. The LIF neurons drive the agent’s decision-making process at each time step in the 
output layer. For example, suppose the LIF neuron corresponding to the action “up” direction in the output layer 
exhibits the highest membrane potential, which is influenced by both the current grid position of the mouse 
and the accumulated potential from the previous state. In that case, the mouse will move in the “up” direction. 
Further, homeostasis is applied on the most recent action (output LIF neuron with highest membrane potential) 
by decreasing the membrane potential by half.

During an episode, the eligibility value is updated at every time step according to the following procedure. 
Referring to Fig. 7a, suppose the agent is positioned at the i-th neuron in an n × n grid. If the membrane 
potential of the j-th action neuron is the highest, then the eligibility value for the synapse connecting the i-th 
position neuron with the j-th action neuron is increased. Therefore, the updated eligibility takes the form,

	 ei,j(t) = ei,j(t − 1) + 1.� (4)

Equation (4) reflects a Hebbian-like co-activation rule: whenever state i and action j are jointly active, the 
corresponding synapse accumulates eligibility. This discrete increment captures the idea that recently used 
state–action pairs are more likely to be credited when rewards arrive later. And the eligibility values of all other 
synapses undergo the leakage similar to works53,54,

	 ei,j(t) = γ ei,j(t − 1).� (5)

Fig. 7.  a Schematic of SNN used for illustrating reinforcement learning using neoHebbian synapse. Here, the 
agent, depicted as a mouse, must navigate through a n × n grid to locate cheese and avoid traps. The traps are 
shown using the red color cross. NeoHebbian synapse connects every i-th neuron in a n × n grid to every j-th 
neuron in the output layer (connection for only one i-th neuron is shown to avoid clutter). b Parameter values 
used in the simulations. c Schematic of array level implementation of the network shown in (a). Here n × n 
denotes the grid length.

 

Scientific Reports |         (2026) 16:6836 9| https://doi.org/10.1038/s41598-026-35641-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Here γ is the discount factor, and it ranges between 0 to 1. Equation (5) implements exponential decay of 
eligibility for inactive synapses, which is consistent with eligibility traces in reinforcement learning and with the 
e-prop framework. This leakage prevents stale synapses from retaining undue credit and provides a biologically 
plausible fading memory of past activity. The synaptic weights are updated at the end of each episode in 
proportion to the accumulated rewards and eligibility value, as shown in the following equation.

	
∆Wij =

(
1

1 + e−r
− χ

)
·

episode∑
eij .� (6)

Here, r denotes the ratio of the accumulated rewards and penalties in an episode relative to the highest positive 
reward. Equation (6) combines the local eligibility with a global learning signal, consistent with the three-factor 
learning rule. The logistic term provides a bounded and normalized scaling of the reward relative to a baseline 
χ to ensure stable updates across different reward magnitudes. The weight update procedure ensures that both 
rewards and recent actions are considered during learning. The neuron membrane potential and eligibility 
values are reset to zero at the beginning of each episode. We scale the worst and best rewards proportional to 
grid length to standardize rewards across various grid sizes. This scaling approach ensures consistency in the 
reward magnitudes relative to the size of the grid (see Fig. 7b).

As discussed in earlier sections, the natural decay of temperature in the absence of heating pulses represents 
an important non-ideal aspect. This decay results in a reduction in accumulated eligibility, which is typically 
expected to remain constant until the weight update occurs (see eq.8 in the supplementary information section 
1). However, in the context of the reinforcement learning scenario, this non-ideality facilitates the realization of 
the discount factor γ. This factor allows the agent to prioritize recent experiences while gradually diminishing 
the significance of older ones, which is crucial for effectively adapting to the changing challenges presented by 
the environment.

Benchmark simulations are performed on various n × n grids (n = 3, 5, 7, 10) to investigate the influence 
of temperature decay on the agent’s learning ability. In this context, “learning” refers to the agent’s ability to 
earn five consecutive positive rewards. Figure 8 compares the average number of episodes required to reach 
this learning benchmark across different grid sizes, considering the effects of temperature decay and ReRAM 
variability. For instance, in scenarios where γ = 0, eligibility accumulation is null due to rapid temperature 
decay, while γ = 1 signifies no reduction in accumulated eligibility owing to extremely slow temperature decay. 
When γ=0, it’s expected that there would be an increase in the average number of episodes required to reach the 
learning benchmark, as the agent doesn’t consider prior experiences while making decisions. Interestingly, it’s 
observed that the average number of episodes needed to reach the learning benchmark for γ = 1 is also higher 
across all grid sizes, indicating that the agent struggles to achieve the benchmark if the temperature decay is 
extremely slow. This effect is particularly pronounced in larger grid sizes (n = 7, 10), where complexity and 
the number of possible paths are higher. The agent learns faster with optimal temperature decay, as indicated 
by the optimal γ value in the heatmap, is considered. Therefore, the seemingly non-ideal effect of temperature 
decay proves beneficial in reinforcement learning, as it enables the agent to prioritize recent experiences and 
gradually diminishes the importance of past experiences. Moreover, increased ReRAM variability hampers the 
agent’s learning process, as evidenced by the rise in the average number of episodes needed to reach the learning 
benchmark with increasing variability. Details about the variability model used in our simulations are provided 
in the supplementary information section 5.

Next, with a fixed 50% variability, we analyze the impact of temperature-induced changes in ReRAM 
conductance, modeled as W = W (1 + α(T − Tamb)), where W  is ReRAM conductance55. A lower α value is 
typically preferred in these applications. The heatmap in Fig. 9 shows the agent’s success ratio within a maximum 
number of episodes for each grid size. The success ratio represents the number of times the agent reached the 
learning benchmark for each unique combination of γ and α, divided by the maximum number of times the 
benchmark was reached. Figure 9 shows that the influence of α becomes less significant with increasing grid sizes, 

Fig. 8.  Heatmap compares the average number of episodes required to reach the learning benchmark across 
different grid sizes: a3 × 3 grid, b5 × 5 grid, c7 × 7 grid, and d10 × 10 obtained by considering the impact of 
temperature decay and memistor variability. Simulation results, which are the mean of 20 runs for each unique 
combination of γ and variability in each grid size, are obtained using a pair of ReRAM devices in a differential 
configuration to implement a synapse, with each ReRAM device assumed to have 7-bit precision.
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potentially due to the increased redundancy. This observation underscores the potential for efficient operation 
in dense arrays, a capability that will be further explored in a subsequent case study involving more complex 
networks. In practice, temperature-induced changes in ReRAM conductance, can be improved beyond by 
reducing α at the device level. Materials engineering strategies such as tailoring oxide stoichiometry to suppress 
vacancy diffusion, introducing dopants to stabilize conductive paths, or adding barrier/capping layers to reduce 
thermal activation have been shown to enhance stability. At the circuit and architecture level, approaches such 
as differential encoding to cancel common-mode drift, periodic refresh or re-training of synaptic weights, and 
redundancy across parallel devices can further mitigate conductance relaxation51.

Case study #2: RSNNs for phenome classification
In this case study, we investigate the performance of the thermal neoHebbian synapse in the TIMIT phoneme 
classification task. We employ the e-prop algorithm to conduct online training of recurrent spiking neural 
networks (RSNNs) featuring thermal neoHebbian synapses on the TIMIT dataset. TIMIT phoneme recognition 
serves as a standard measure for assessing the temporal processing capabilities of recurrent neural networks56. 
The dataset consists of acoustic speech signals from 630 speakers across eight dialect regions of the USA. The 
objective is to identify the spoken phoneme among 61 phonemes within each 10ms time frame.

The schematic representation of the modeled RSNN network used in this study is illustrated in Fig. 10, 
comprising 39 input neurons, one hidden layer with 200 LIF neurons, and an output layer consisting of 61 
neurons, operating over an average of 700 time steps per sample during inference. The input data is encoded 
following the procedure outlined in36, and one sample input data is shown in Fig. 11a. The LIF spiking neurons 
in the input layers are connected to the hidden layer LIF neurons via neoHebbian synapses. Hidden layer 
LIF neurons are recurrently connected to themselves and other neurons by neoHebbian synapses. An output 
(readout) layer of non-spiking neurons is connected to the hidden layer with common (Hebbian) synapses. 
Spikes coming from the input layer (si(t)) and recurrent connections (sh(t)) updates the membrane potential 
of the hidden layer neurons. The training operation is performed as follows. During the e-update phase, the 
eligibility contribution is computed at each time step and accumulated at synapse during the presentation of 
U-step long input dataframe as follows,

	
eΣ =

U∑
t=1

eij(t), where eij(t) = fi(t) × ψj(t).� (7)

Here, f(t) and ψ(t) signals are provided from pre-synaptic and post-synaptic neurons, respectively. The network 
loss is calculated at the non-spiking output neurons, and batch-mode stochastic gradient descent is used to 
update the output layer weights (wo). The neoHebbian synapse (wi/h) are updated according to

	 ∆wi/h = ηeΣ.� (8)

Here, parameter η denotes the learning rate. The values of eΣ, f(t), and ψ(t) are set to zero at t = 0, i.e., before 
the presentation of a new training dataframe. Note that updates to the readout weights (wo) and input/recurrent 
neoHebbian weights (wi/h) occur exclusively at the end of each dataframe. supplementary information section 
1 provides more details on the key equations used in this case study.

Figure 11b compares the training accuracy obtained using ideal (software-modeled) synapses and the 
proposed neoHebbian synapses. The proposed synapses perform comparably to ideal synapses, assuming 
floating-point precision. We then investigated the dependence of test accuracy on synapse bit precision, as 
shown in Fig. 11c. Our study demonstrates that a minimum of 200 states per ReRAM (approximately 8-bit 
precision) is required to ensure that the degradation in test accuracy is less than 3%.

Fig. 9.  The heatmaps illustrate success ratios for a spiking neural network agent’s training across various grid 
sizes with γ (y-axis) controls temperature decay, while α is varied along the x-axis. Lighter shades indicate 
lower success ratios. Simulation results, which are the mean of 20 runs for each unique combination of γ and 
α in each grid size, are obtained using a pair of ReRAM devices in a differential configuration to implement a 
synapse, with each ReRAM device assumed to have 7-bit precision.

 

Scientific Reports |         (2026) 16:6836 11| https://doi.org/10.1038/s41598-026-35641-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Two significant sources of non-idealities specific to the thermal neoHebbian synapse include thermal 
crosstalk and temperature decay. It is noted that test accuracy increases with an increase in τTH and saturates 
for τTH values exceeding 1µs, as depicted in Fig. 11d. The choice of materials, device dimensions, and crossbar 
size dictates the τTH value, and achieving τTH ≈ 1µs is feasible with practical crossbar arrays44,57. Thermal 

Fig. 11.  a A sample from the TIMIT data set applied to the input layer of the modeled RSNN used for the 
TIMIT phenome detection task. b Ideal (software modeled) synapse and proposed synapse test accuracy 
comparison (c,d,e,f) shows the test accuracy sensitivity towards various sources of non-idealities such as c Bit 
precision, d Thermal decay, e Thermal crosstalk, f Variability.

 

Fig. 10.  The schematic of the fully connected RSNN with one hidden layer. The input and hidden layers 
consist of spiking LIF neurons. NeoHebbian synapses connect the input layer with the hidden layer and 
recurrent connection within the hidden layer. The output readout and hidden layers are connected using 
(common) Hebbian synapses. wi

ij , wh
ij , wo

ij  denote the synaptic weights in the input, hidden and output layer. 
eij  and s(t) denote the stored eligibility value and spikes from LIF neurons, respectively.
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crosstalk becomes a critical factor with higher device density, i.e., as minimum feature size (F) and crossbar pitch 
(K) decrease. To evaluate the impact of thermal crosstalk, synapse locations are considered from N × M  and 
M × M  crossbar implementations for the input and recurrent layers, respectively. The data provided in Fig. 6f–
h is used to obtain the thermal coupling coefficient. Figure 11e demonstrates that despite notable scaling in F and 
K, the reduction in test accuracy is approximately 3%. Both transistor scaling and thermal crosstalk are critical 
in determining the scaling potential of thermal synapses. Lastly, Fig. 11f shows the test accuracy’s dependence 
on memristor variability, showing a decrease of around 1% for variations up to 100%. It is shown that increasing 
the network size results in an improvement in test accuracy. Thus, we attribute the network resilience to various 
non-idealities to the inherent redundancy in the baseline network36 and the implementation of hardware-aware 
training techniques48. Details on the memristor variability model, its impact on network performance, and the 
effects of increased ambient temperature on test accuracy are provided in supplementary information Section 5.

Table 1 compares key metrics of the proposed synapse against the prior works. Per synapse area is determined 
assuming 1T-1R unit cell configuration, where the heater element is integrated above the ReRAM, resulting in 
no additional area overhead. The ReRAM cross-sectional area is assumed to be 250 × 250 nm2, with 200 nm 
spacing between metal lines, giving an estimated cell area of 450F2. Based on 65nm technology for the access 
transistors, the total cell area is 1.9µm2. We note that the choice of 65nm technology for access transistor is driven 
by our fabricated ReRAM’s switching voltages, switching currents, and conductance range10. However, further 
reductions unit cell area are possible by decreasing the ReRAM cell area, switching voltages and currents58. The 
total energy of the proposed synapse is estimated assuming a 10 ns spike integration time and a write voltage 
(Vw) of 1.7 V. The energy per timestep for inference and weight update is on the order of ∼ V 2

wGwtPW ≈ a few 
fJ (e.g., ∼4 fJ/timestep for Vread = 0.1 V, tPW = 10 ns, and Vwrite = 1.7 V). In addition, the eligibility update 
phase in our design involves activation of a local heater; assuming a heater resistance of 500 Ω and a 10 ns 
activation pulse, the corresponding energy consumption is estimated to be ∼4.5 pJ per timestep. In conclusion, 
the proposed synapse offers competitive advantages in terms of both area and energy efficiency.

Discussion & summary
The proposed thermal neoHebbian synapse leverages both thermal and electrical effects in computation, 
forming a multi-physics computing unit. This approach offers several advantages over conventional computation 
methods. For example, conventional computing units are burdened with converting all signals into the electrical 
domain, including voltages, currents, and conductances, neglecting other forms of information generated 
during network operation. By harnessing both electrical and thermal effects in computation, we can maximize 
the utilization of information derived from network activity, potentially leading to significant improvements61.

This approach has gained increasing attention in recent years44,62–66. For instance, Kim et al.65 experimentally 
demonstrated that the dynamic evolution of internal state variables, particularly temperature, enables ReRAM 
to mimic Ca2+-like dynamics, facilitating the native encoding of temporal information and synaptic weight 
regulation. They showed that these internal dynamics can be exploited to implement spike-timing-dependent 
plasticity (STDP) using simple, non-overlapping pulses. Building on this, Yoo et al.44 proposed material 
and structural modifications to enhance internal temperature dynamics, validating the concept through the 
application of STDP-trained spiking neural networks for temporal correlation detection tasks. Another study66 
explored the use of thermal crosstalk in neuromorphic computing, proposing its potential for future applications. 
In related work, it shows that the thermal crosstalk-driven spatiotemporal communication in multiple Mott 
neurons achieves energy efficiency several orders of magnitude greater than state-of-the-art digital processors62. 
Similarly, Kumar et al.63 leveraged thermal dynamics to demonstrate 15 distinct neuronal behaviors using 
nanoscale third-order circuit elements, showing promise for the development of highly efficient neuromorphic 
hardware.

Coupling weights Eligibility Per synapse area Energy per timestep Eligibility decay time constant Maturity

Y. Demirağ et al.50 PCM conductance PCM drift 12 × 12 µm2
∼ 1 nJ! ∼ s⊗ +

C. Frenkel et al.59 CMOS CMOS 1200F 2 $  (0.94 μm2) 1.5 − 178 nJ& ∼ ms⊠ ++

T. Bohnstingl et al.49 PCM conductance CMOS 5221F 2 Λ  (1.02 μm2) 29 nJ∗ ∼ ms⊠ +

S. G. Sarwat et al.60 PCM conductance Optical response of PCM 5 × 4.8 µm2 Υ ∼ mJ# ∼ ns−ms△ -

This work ReRAM conductance ReRAM local temperature 450F 2  (1.9  μm2) 5 pJ ∼ ns−µsΩ -

Table 1.  Comparison of the proposed synapse with prior works. $Calculated assuming SRAM cell area of 
150F2 in 28 nm technology and 8-bit weights. ΛCalculated assuming 2T1R unit cell and 14nm technology 
for the access transistor as per14. ΥBased on fabricated Ag/GeSe3/Ag device dimensions as per60. +Based 
on 65nm technology for access transistor and cell area of 450F2. Write energy calculated (≈ I2tpw/G) 
assuming Iprog∼ 100 µA, G ∼ 1 µS, and tpw ∼ 100ns, as per the parameters mentioned in50. &Learning 
energy reported at V= 0.5V59. ∗Only coupling weights are PCM-based; eligibility computations are performed 
using a high-precision unit. Write energy is estimated roughly according to the values provided in49: Iprog  = 
700µA, tpw  = 600ns, G = 10µS. #Learning energy dominated by optical power60. ⊗ Limited by PCM device 
resistance drift rate. ⊠Limited by Von-neumann style sequential computing. △Limited by Ag conductive 
filament relaxation dynamics. ΩLimited by thermal time constant.
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While multi-physics computing units, particularly those involving temperature, offer significant advantages, 
they also present several practical challenges. Unlike measurable variables such as current or voltage, temperature 
is a hidden variable, making direct measurement and control difficult. Furthermore, elevated temperatures can 
accelerate device degradation and lead to various reliability issues67,68. Although this work and several other 
works44,62–66 demonstrated a method of exploiting thermal effects for computation, significant challenges remain 
for future real-world applications.

In addition, heat dissipation is an unavoidable byproduct of electronic system operation, and it is increasingly 
pronounced as devices continue to shrink in size69. While efforts to reduce power dissipation remain a priority, 
exploring innovative approaches to harness electro-thermal effects could unlock new possibilities. For example, 
such approaches could drive advancements in novel materials with tailored thermal properties, where electronic 
and thermal behaviors can be independently controlled. Moreover, the development of nanoscale devices 
capable of regulating heat flow, such as thermal diodes or thermal transistors, presents promising directions for 
future research70,71.

In summary, we have proposed and experimentally validated ReRAM-based neo-Hebbian synapses. The 
performance improvements provided by these synapses were evaluated through two representative applications 
based on the scalable e-prop learning algorithm. Our findings demonstrate that the proposed thermal neo-
Hebbian synapses significantly reduce both time-to-solution and energy-to-solution. This underscores their 
potential for facilitating fast, scalable, online, and robust learning in neuromorphic hardware.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable 
request.
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