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ABSTRACT

Most previous studies have modeled resistive switching based on physical principles. While physics-driven models provide
valuable physical insight, their complexity and device specificity limit scalability and often result in high computational costs
in large-scale circuit simulations. To address these limitations, we propose a generic compact modeling methodology in
LTspice. This generalized approach constructs compact models for diverse resistive memory technologies using a minimal set
of common circuit elements. It integrates nonlinear resistors, capacitors, and switches to reproduce key switching phenomena—
including filament formation, polarization-modulated tunneling, and spin-dependent resistance—thereby capturing the essential
behaviors of RRAM, TS, FTJ, and MRAM. This generalized framework enables flexible parameter tuning to reflect each device’s
distinct switching dynamics. Validation using experimental and reference data confirms that the resulting models accurately
reproduce the key switching characteristics across all four device classes. Monte Carlo simulations further demonstrate the
framework’s ability to capture variability arising from parameter fluctuations and cycling effects. The proposed framework scales
seamlessly from single-device operation to array-level simulation, enabling performance evaluation of SNN- and BNN-based
inference systems and supporting accurate estimation of power consumption. Collectively, these results demonstrate the
framework’s broad applicability and scalability for large-scale neuromorphic and in-memory computing architectures.

Introduction
The rapid advancement of artificial intelligence and data-driven applications has intensified the demand for scalable and
energy-efficient computing architectures. Current transistor-based technologies are facing severe efficiency limits, with the
global electricity consumption of information technology projected to reach up to 21% by 2030.1 To address this impending
energy crisis and the scaling limitations, architectures that directly process data within memory—such as in-memory computing
(IMC) and neuromorphic systems—are emerging as a promising path to overcome the von Neumann bottleneck.2, 3

Emerging memory technologies based on memristive devices are considered key enablers for these paradigms due to
their non-volatile storage capability and resistive switching behavior. These properties offer a practical route toward realizing
energy-efficient, large-scale computing systems, a potential that is further validated by their growing adoption in industrial
embedded applications and cost-competitiveness compared to traditional Flash memories.

Among these technologies, devices such as resistive random-access memory (RRAM), threshold switching (TS) selectors,
ferroelectric tunnel junctions (FTJ), and magnetic random-access memory (MRAM) exhibit distinct switching mechanisms
suited for non-volatile storage, dynamic selection, and in-memory processing. The unique electrical characteristics and
underlying physical mechanisms shown in Fig. 1 have established these devices as promising candidates for diverse next-
generation computing platforms. Moreover, their technological readiness is notably advancing, with successful integration into
commercial process nodes signaling that they are moving beyond theoretical research into practical implementation.4–7

However, these fundamental operational differences complicate the development of a generalized circuit-level model. Most
existing compact models are device-specific or rely heavily on complex physical formulations. This fragmentation increases
structural complexity and significantly limits their use in large-scale circuit simulations, thereby hindering reliable exploration
of system-level performance and power efficiency.8–10

Recent studies have highlighted these challenges, emphasizing the need for a simplified yet broadly applicable modeling
framework. To address these challenges, we propose a generic compact modeling methodology in LTspice. This generalized
approach uses a minimal set of circuit components to construct distinct compact models for various resistive memory devices.
These models (comprising nonlinear resistors, capacitors, and switches) emulate switching dynamics without detailed physical
modeling. This methodology achieves both computational efficiency and broad applicability, accurately reproducing key
behaviors such as resistance transitions, nonlinear current–voltage characteristics, and threshold-driven switching dynamics.11
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Figure 1. Conceptual overview of the generic modeling framework. It connects the distinct switching mechanisms of RRAM,
TS, FTJ, and MRAM and demonstrates their scalability to crossbar array modeling, neuromorphic computing, and in-memory
computing architectures.

This common framework scales seamlessly from individual device modeling to array-level simulations and supports
practical design and analysis at the system level. The methodology was validated comprehensively at both the device and
array levels. The resulting models accurately reproduced the key switching characteristics of all four device types against
experimental and reference data. Monte Carlo analysis further confirmed the framework’s ability to capture variability arising
from fabrication-induced fluctuations and operational noise. Building on this validation, its system-level capability was
demonstrated through array-level simulations of SNN- and BNN-based inference systems, enabling accurate evaluation of
operational performance and power consumption.12

Methods
A generic compact model for RRAM, TS, FTJ, and MRAM was developed in LTspice using manually constructed circuits
composed of nonlinear resistors, capacitors, and switches. Device-level validation was performed by comparing simulation
results against DC and transient switching characteristics. Detailed procedures for parameter extraction and model adaptation
are provided in Supplementary Note 1. For fabricated RRAM (TiN/Hf/HfOx/Pt/Ti stack) and TS (W/ZnTe/W) devices, these
characteristics were experimentally measured at 25◦C using a Keysight B1500A (HRSMU/WGFMU units). An overview of
the manufacturing process and the stack structure of the fabricated memristive devices used for experimental validation is
provided in Supplementary Fig. S1. The FTJ and MRAM models were validated against published reference data from Li
et al. and Kim et al., respectively. Stochastic behavior was examined via Monte Carlo analysis, using variability parameters
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extracted from experimental cycle-to-cycle measurements of the fabricated RRAM and TS devices. System-level applicability
was verified using array-level LTspice implementations. A co-simulation methodology was employed for SNN inference
(784×24×10), where the 784×24 first layer was simulated in software. Its output spikes were then fed into the 24×10 final
layer, which was implemented in LTspice using our RRAM model. Additionally, a BNN convolution system was simulated
using an MRAM-based XNOR array to evaluate computational accuracy and power efficiency.

Results and discussion
Device-level Simulation
Our device-level analysis covers the four representative memory technologies: RRAM, TS devices, FTJ, and spin-transfer
torque MRAM (STT-MRAM). For each technology, a distinct compact model was constructed using the proposed methodology,
capturing the core physical switching mechanism with a minimal set of circuit components. A detailed summary of the circuit
components and parameters for each device is provided in the Supplementary Table S1.

Resistive Random Access Memory Modeling
RRAM exhibits binary switching behavior, alternating between High-Resistance State (HRS) and Low-Resistance State (LRS)
under applied voltage bias. This transition originates from the formation and rupture of conductive filaments driven by oxygen
ion migration within the HfOx layer. Under positive bias, oxygen vacancies drift toward the bottom electrode, leading to
filament formation and transition to the LRS. In contrast, a negative bias induces localized Joule heating and reoxidation,
disrupting the filament and restoring the insulating gap, thereby returning the device to the HRS. Both thermal and field-driven
processes govern this bipolar switching mechanism, as shown in Fig. 2a.13–15

Our compact circuit, shown in Fig. 2b, models this filament-based switching mechanism. The circuit consists of a non-linear
resistor combined with a series of voltage-controlled switches (S1 to Sn). As the applied voltage exceeds predefined threshold
values, these switches are sequentially activated, replicating the progressive growth of the conductive filament. The electrical
characteristics of these switches are governed by a voltage-controlled threshold logic defined by two key parameters: the
threshold voltage (Vt) and the holding voltage (Vh), as listed in Supplementary Table S1. Specifically, the switch transitions
from the High Resistance State (HRS, Roff) to the Low Resistance State (LRS, Ron) when the applied voltage exceeds the upper
threshold sum (V > Vt +Vh). Conversely, the device reverts to the HRS when the voltage drops below the lower threshold
difference (V < Vt −Vh). In this model, Rc represents the contact resistance at the electrode interface, Rs accounts for the
insulating gap resistance in the HRS, and R f models the conductive filament in the LRS, while Cs and Ci describe the gap and
cell capacitances, respectively.

While physical models often use internal state variables (e.g., x in Eq. 1) to describe filament evolution, this approach can
increase complexity and computational cost in circuit simulators.

R(x) = Ron · exp(−λx)+Roff · (1− exp(−λx)) (1)

To maximize SPICE compatibility and efficiency, we therefore implemented a stateless, voltage-dependent exponential
resistance model in LTspice, expressed as

R = R0 · exp
(
−|V(n1)−V(n2)|−a

b

)
(2)

where R0 is a scaling constant, and a and b are fitting parameters calibrated against experimental I–V data. The voltage drop
across the non-linear resistor is represented by |V(n1)−V(n2)|, where n1 and n2 denote the positive and negative terminals of
the resistive element, respectively.16–18

We applied this expression to model the voltage-dependent behavior of both the insulating gap resistance Rs and filament
resistance R f , reflecting their strong non-linearity under different bias conditions. The exponential form allows for a compact
representation of threshold-triggered conduction changes without requiring complex internal state tracking. This strategy
achieves both circuit simplicity and an accurate reflection of filamentary switching physics. As shown in Fig. 2c, the simulated
I–V characteristics exhibit strong agreement with the measured data obtained from the RRAM device. A deterministic accuracy
verification using the best-fitted DC I–V characteristics and a quantitative mean absolute percentage error (MAPE) analysis
is provided in Supplementary Fig. S2. The measurement was performed using a double sweep method, where the voltage
was swept from −2.5V to +2.5V and then back to −2.5V—a standard technique for evaluating hysteresis. A compliance
current of 100 µA was applied, and a single switching cycle was simulated under the same constraint. The simulated curve
closely matches the measured data, successfully reproducing the sharp set transition and the relatively fast reset behavior. These
results confirm that the proposed circuit model captures the filamentary resistive switching characteristics of RRAM with strong
physical consistency.19
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Figure 2. (a) Bipolar resistive switching mechanism in HfOx-based RRAM, illustrating filament creation and breakdown. (b)
Conceptual diagram and equivalent circuit model for the RRAM device. (c) Simulated and measured I–V characteristics
validating consistent switching thresholds (Vset, Vreset). (d) Transient response validating dynamic switching behavior under
positive and negative pulses. (e) Multi-level (3-bit) operation simulated by controlling the SET voltage. (f) Simulated reference
I–V curve without parameter variation. (g) Monte Carlo simulation with variation in Vset and Vreset. (h) Monte Carlo simulation
with combined variation in Vset, Vreset, Ron, and Roff.

To verify the model’s dynamic switching behavior, we performed transient write–read pulse simulations. As shown in
Fig. 2d, bipolar voltage pulses (Set and Reset) were applied, followed by small read pulses. The simulated transient current
(dashed line) accurately reproduces the abrupt resistance changes and matches the measured read current levels (solid line) after
both Set and Reset operations. This demonstrates that the model captures both static and dynamic behaviors of filamentary
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RRAM under pulse operation. Additional pulse-timing dependent transient switching results across multiple time domains are
provided in Supplementary Fig. S3.20

We implemented multi-level switching behavior by controlling both the number and threshold voltages of the series-
connected voltage-controlled switches (S1 to S8). As shown in Fig. 2e, each switch activates progressively as the applied
voltage exceeds its individual threshold, producing discrete steps in conductance. This mechanism enables a smooth emulation
of multiple intermediate resistance states, reflecting partial filament growth or dissolution within the device. During a gradual
set voltage sweep from 3.2 V to 4.3 V, eight distinct switching events were sequentially triggered, effectively realizing 3-bit
resolution in a single cell. The resulting I–V curve exhibits well-defined conductance plateaus, validating that the model captures
voltage-dependent modulation and multi-level switching characteristics. The simulation results closely match experimental
measurements and confirm the model’s ability to reproduce both gradual and abrupt transitions observed in filamentary RRAM
devices.21

We evaluated the model’s ability to capture device variability through Monte Carlo simulations in LTspice. Figure 2f shows
the reference I–V response without parameter variation, demonstrating stable switching behavior. In Fig. 2g, we introduced
random variations to the switching threshold voltages, Vset and Vreset, resulting in observable cycle-to-cycle dispersion near the
switching points. Further variation in the resistance parameters, Ron and Roff, produced I–V curves with a statistical spread and
non-linearity consistent with experimentally observed distributions, as shown in Fig. 2h. These results confirm that the model
supports variability analysis and replicates the stochastic switching behavior of filamentary RRAM. A quantitative summary of
the coefficient-of-variation (CV) statistics for both LRS and HRS (mean, quartiles, and range) is provided in Supplementary
Table S2. This statistical agreement was further verified using cumulative distribution functions (CDFs) of Vset and read currents
at Vread = 1 V, as shown in Supplementary Fig. S4. A quantitative comparison of the coefficient of variation (CV) between
measurement and simulation is provided in Supplementary Fig. S5.22

Threshold Switching Device Modeling
The switching behavior illustrated in Fig. 3a originates from field-induced reconfiguration of localized defect states within
amorphous chalcogenide materials. During electroforming, a strong electric field generates intrinsic defects such as vacancies
and interstitials. These defects subsequently migrate and partially align, forming transient conduction pathways within the
insulating matrix. When the applied voltage exceeds the threshold voltage Vt, injected carriers gain sufficient energy to trigger
impact ionization and defect-assisted tunneling, resulting in an abrupt transition to a low-resistance state. Unlike resistive
switching memories governed by stable filament formation, this conductive state is sustained by continuous carrier injection and
field-aligned defect clusters. As the voltage decreases below the holding voltage Vh, the electric field can no longer maintain the
defect configuration, the accumulated defects relax into disordered states, and the conduction path collapses. Consequently, the
device reverts to a high-resistance state. This volatile switching mechanism confines conduction to voltages above the threshold,
effectively suppressing leakage current under subthreshold bias.23, 24

The equivalent circuit in Fig. 3b models this volatile behavior using our generalized modeling approach. It consists of
the same core elements as the RRAM model—nonlinear resistors, capacitors, and voltage-controlled switches. Although the
physical mechanism (defect reconfiguration) differs from that of RRAM (filament formation), the resulting electrical response
is phenomenologically analogous: the device abruptly switches ON when Vt is exceeded and switches OFF once the voltage
falls below Vh. This voltage-triggered, nonlinear transition between HRS and LRS is functionally similar to the resistive
switching in RRAM. Accordingly, we employ the same stateless, voltage-dependent exponential formulation (Eq. 2) to describe
the nonlinear resistors (Rs and Rcl) in the TS model. To capture the abrupt turn-on and turn-off behavior symmetrically in
both polarities, the circuit adopts two asymmetric branches. This configuration successfully reproduces the volatile switching
dynamics, and tuning of the parameters (Vt, Vh, and fitting coefficients a and b) enables close agreement with experimental
observations.25

As shown in Fig. 3c, the simulated I–V curve exhibits strong agreement with the experimental data of a fabricated TS
device. The voltage sweep was performed bidirectionally from +1.5V to −1.5V with a compliance current of 10mA to prevent
permanent breakdown. When the voltage exceeds Vt, the simulated current rises sharply, and upon decreasing below Vh, the
current drops abruptly, reproducing the rapid collapse of the conduction path. The model clearly reproduces the hysteresis
window defined by the Vt–Vh separation, with both the steep turn-on slope and the sudden reset transition accurately matched to
the experimental measurements. These results confirm the model’s capability to replicate the volatile switching behavior of TS
devices.26

Model robustness was further verified by systematically perturbing key switching parameters. Threshold voltages Vt and Vh,
as well as resistance values Ron and Roff, were independently varied to emulate fabrication- and operation-induced fluctuations.
Figure 3d shows the reference I–V curve without variation. In Fig. 3e, changes in Vt and Vh shift the switching window
horizontally, altering the turn-on and turn-off voltages. In Fig. 3f, variations in Ron and Roff modify the current level, affecting
the ON/OFF conductance ratio. The model maintains consistent switching trends under all conditions, demonstrating its
capability to capture the variability observed in TS devices.27
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Figure 3. (a) Switching mechanism of a ZnTe-based OTS device, illustrating defect transitions and cluster formation. (b)
Conceptual diagram and equivalent circuit model for the OTS device. (c) Simulated and measured I–V characteristics validating
the matched threshold (Vt) and holding (Vh) behavior. (d) Simulated reference I–V curve without parameter variation. (e)
Monte Carlo simulation with variation in Vt and Vh. (f) Monte Carlo simulation with combined variation in Vt, Vh, Ron, and Roff.

Ferroelectric Tunnel Junction Modeling
The operation of a Ferroelectric Tunnel Junction (FTJ) relies on ferroelectric polarization modifying the electrostatic potential
across its tunneling barrier (Fig. 4a). An applied voltage shifts the conduction band profile, raising or lowering the barrier
depending on the polarization direction. During the set operation, the polarization points from the top toward the bottom
electrode. This internal electric field lowers the conduction band near the bottom interface and reduces the effective barrier for
electrons tunneling from bottom to top. A read voltage of the same polarity therefore increases the tunneling probability and
transitions the device into the LRS. Conversely, the reset operation reverses the polarization toward the top electrode, which
raises the conduction band and increases both the barrier height and width. This results in a decreased tunneling probability and
a transition to the HRS under the same read bias.28, 29 The interplay between the applied voltage and the polarization-induced
internal field governs the readout current by modulating the effective barrier. This dynamic modulation of tunneling probability
constitutes the tunneling electroresistance (TER) effect. We validated this mechanism using TCAD simulations with the
Centaurus tool, and the results are presented in Supplementary Fig. S6.30, 31

The compact model for FTJ behavior (Fig. 4b) is based on this principle. It consists of an exponential tunneling resis-
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Figure 4. (a) Switching mechanism of the FTJ, illustrating polarization reversal and tunneling barrier modulation. (b)
Conceptual diagram and equivalent circuit model for the FTJ device. (c) Simulated I–V and R–V characteristics validating the
hysteretic switching behavior. (d) Transient pulse response validating the polarization-dependent TER effect. (e) Monte Carlo
simulation with combined variation in switching thresholds and resistance states (Ron, Roff), confirming model robustness.

tor (RFTJ)—representing the combined nonlinear tunneling branches (Rn1 and Rn2)—and a voltage-dependent ferroelectric
capacitance (Cpol) connected in parallel. The tunneling resistance (RFTJ) originates from quantum tunneling, and the WKB
approximation (Eq. 3) provides the theoretical foundation:

T ∝ exp
(
−2d

h̄

√
2mφeff

)
(3)

Here, m is the electron effective mass and h̄ is the reduced Planck constant. The tunneling current (I) is proportional to this
probability and thus follows the same exponential form simplified to:

I ∝ exp
(
−C

√
φeff

)
(4)

where C is a constant incorporating the physical parameters from the previous equation. A crucial aspect of FTJs is that
an applied voltage |V | lowers the effective barrier (φeff), which causes the current I to increase exponentially with voltage.
Consequently, the resistance R =V/I decreases exponentially as a function of |V |. This phenomenological, voltage-dependent
exponential behavior, though arising from quantum tunneling, is mathematically analogous to the nonlinear conduction modeled
in RRAM and TS. We therefore apply the same stateless, voltage-dependent exponential formulation (Eq. 2) to describe
this decay for the resistor RFTJ. Concurrently, the ferroelectric polarization response is modeled by the voltage-dependent
capacitance Cpol, which is also fitted using the same phenomenological exponential form. This component models the nonlinear
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dielectric response (i.e., capacitance increase) as the voltage approaches the coercive region, thereby capturing the hysteretic
polarization dynamics. The model’s exp(−|V |) form, applied to both R and C components, directly reproduces the required
behavior, where a and b are fitting parameters that scale and shift the exponential resistance curve to match experimental
I–V data. The use of absolute voltage ensures symmetric modulation and reflects the bidirectional nature of polarization
switching.32–35

As shown in Fig. 4c, the simulated I–V characteristics exhibit strong agreement with reference data from Li et al., obtained
under voltage sweeps between −4V and +4V. The model clearly reproduces the hysteresis and nonlinear conduction. This
result confirms that the model correctly represents polarization-modulated tunneling behavior.36, 37 To further confirm the
model’s applicability across different FTJ configurations, we additionally validated the model using an extra TiN-based FTJ
stack, as shown in Supplementary Fig. S7. Corresponding resistance–voltage (R–V ) plots further validate that the model
reproduces the abrupt resistance transitions associated with set and reset operations, consistent with the physical mechanisms
underlying FTJ switching.

We further analyzed the transient switching behavior of the FTJ under dynamic biasing conditions to demonstrate the TER
effect. The applied pulse sequence, shown in Fig. 4d, consisted of a positive 4V set pulse followed by a −1V to +1V read
sweep. A subsequent negative 4V reset pulse was then applied, followed by a second identical read sweep. Short stabilization
intervals between steps ensured complete polarization transition. The first read revealed a high current, which confirmed the
device was in the LRS. In contrast, the read after the reset showed a significantly lower current, indicating a transition to
the HRS. This distinct current contrast under identical read conditions is clear evidence of the TER behavior governed by
ferroelectric polarization switching.38–40

Finally, we evaluated the FTJ model’s variability to assess its robustness against process variations. Twenty Monte Carlo
simulations were performed, introducing random variations in switching voltage thresholds and resistance states (Ron, Roff).
These variations emulate physical non-uniformities such as fabrication fluctuations and material imperfections. The resulting
I–V curves (Fig. 4e) consistently maintain well-defined hysteresis loops and sharp switching transitions. This result confirms
that the model is resilient to variability and accurately preserves the key switching characteristics of FTJs under diverse
conditions.41

Magnetoresistive Random Access Memory Modeling
The magnetic tunnel junction (MTJ) consists of a free layer (FL), a thin insulating tunnel barrier (BL), and a pinned layer (PL).
The PL maintains a fixed magnetic orientation, while the FL reverses its magnetization in response to an external magnetic
field or a spin-polarized current. The tunneling resistance depends on the relative alignment of the magnetizations of these two
layers. In the parallel (P) configuration, minimal electron spin scattering results in the LRS, whereas in the antiparallel (AP)
configuration, spin misalignment suppresses tunneling and leads to the HRS. These two stable resistance states form the basis
of non-volatile data storage in MRAM. Spin-transfer torque (STT) enables this switching, where a spin-polarized current exerts
a torque on the FL to reverse its magnetization, as illustrated in Fig. 5a.42, 43

STT-MRAM typically utilizes a one-transistor one-MTJ (1T1M) architecture, where the MTJ is connected in series
with an NMOS access transistor (Fig. 5b). Our compact model adheres to this structure and generalized methodology. It
combines a current-controlled switch with a voltage-controlled nonlinear resistor. The current-controlled switch emulates the
STT mechanism, a fundamentally current-driven process. The voltage-controlled resistor (Rn), which models the non-ohmic
tunneling behavior, employs the same stateless, voltage-dependent exponential formulation (Eq. 2) used for the other device
models, demonstrating the versatility of the approach.44

The MRAM model was validated against the switching behavior of a reference STT device. As shown in Fig. 5c, the
simulated I–V characteristics from a ±0.8V bidirectional voltage sweep accurately reproduce the reference device behavior.
The model produces distinct LRS (P) and HRS (AP) states and correctly captures the abrupt resistance transitions for both
Program (AP → P) and Erase (P → AP) operations, confirming its fundamental accuracy.45, 46

The model’s dynamic switching behavior was evaluated using the five-step pulse sequence shown in Fig. 5d. This sequence
applied a +0.8V Program pulse and a −0.8V Erase pulse, with intermediate 0.3V read pulses verifying the resistance state.
The simulated transient currents (red line) successfully replicated the behavior of the target device and clearly distinguished
between the LRS (approximately 600 µA) and the HRS (approximately 250 µA). This confirms that the model accurately
captures STT-driven switching at the circuit level without complex magnetic field modeling.

Finally, the variability of the MRAM model was assessed through twenty transient simulation cycles with random
perturbations applied to key parameters. Specifically, variations were introduced to the LRS and HRS resistances (Ron, Roff)
and the LTspice model parameters for the current-controlled switch (It, Ih), emulating process-induced non-uniformities. As
illustrated in Fig. 5e, the resulting current traces remain clearly separated. This demonstrates the model’s robustness and
predictive stability under parameter variations.47
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Figure 5. (a) STT-MRAM switching mechanism, illustrating spin alignment change modulating tunneling resistance. (b)
Conceptual diagram and equivalent circuit model for the 1T1M STT-MRAM device. (c) Simulated I–V and R–V
characteristics validating the Program (AP → P) and Erase (P → AP) transitions. (d) Transient pulse response validating
STT-driven resistance change. (e) Monte Carlo simulation with variation in Ron, Roff, and the LTspice current-switch
parameters (It, Ih), confirming model robustness.

Array-Level Simulation
The validated device-level models form the basis for subsequent array-level simulations. To demonstrate the system-level
applicability of our methodology, we extended the RRAM and MRAM models, as representative examples, into array-level
configurations. These array-level simulations enable the evaluation of fundamental computing operations such as Vector-Matrix
Multiplication (VMM) and Multiply-Accumulate (MAC), which are key functions in neuromorphic and in-memory computing
systems. This approach allows for the estimation of dynamic power consumption under realistic inference conditions,
accounting for both device-level switching and interconnect effects. This supports a comprehensive assessment of array
performance, including functionality, energy efficiency, and scalability, and demonstrates the practical applicability of our
modeling framework.

RRAM Array Simulation with SNN Inference
To perform array-level computing simulations using the proposed generic model, we simulated array operations based on
an SNN inference scheme, as illustrated in Fig. 6a.48. We employed an off-chip training approach, where the weight map
and input encoding were prepared in software and then transferred to the array-level simulation. First, to obtain the weight
map, we implemented a 784×24×10 artificial neural network (ANN) in PyTorch. The network was trained on the MNIST
dataset with a batch size of 32 for 100 epochs. ReLU was used as the activation function and stochastic gradient descent
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Figure 6. (a) Schematic of the RRAM-based SNN array co-simulation, implementing the 24×10 final layer with the generic
RRAM model. (b) ISPP simulation (blue dots) fitted to the measured 3-bit (8-level) potentiation and depression characteristics
(white dots), representing the conductance states. (c) Simulated 24×10 weight map after conductance programming. (d)
Inference result for the input digit ’3’, with the highest current at the correct output node. (e) Confusion matrix of the SNN
co-simulation over 200 test samples. (f) Average power consumption per digit class during MNIST inference.

(SGD) was employed as the optimizer. The weights were initialized using He initialization. After training, the weights were
quantized to 3-bit precision. The quantized model achieved approximately 95% classification accuracy on the MNIST test set
(10,000 images). Next, the trained ANN was converted to an SNN using a rate-coding scheme in software. Pixel intensities
were normalized to the range [0, 1] and encoded into spike trains over 25 time steps, where the spike rate was proportional to
the normalized intensity. The spikes were applied to the first layer (784×24). The resulting currents were summed through
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vector–matrix multiplication (VMM) using the trained weights and processed by an integrate-and-fire mechanism. The second
layer (24 × 10) performed VMM in the same manner and generated output currents. Finally, the extracted weight map was
transferred into the array-level simulation as the cell conductance states. The input spike trains were applied to the wordlines to
execute VMM, and the output currents were read out from the bitlines and accumulated over the time window. The predicted
label was determined by the bitline with the maximum accumulated current.

Each RRAM cell in the array was required to represent 3-bit weights. To achieve this, we adopted the generic model
of multi-level RRAM, as presented in Fig. 2e. To verify the conductance range of this model, an Incremental Step Pulse
Programming (ISPP) simulation was conducted. As shown in Fig. 6b, set pulses (3V to 4.2V in 25mV increments) and reset
pulses (−1 V to −1.6 V in 50 mV increments) were sequentially applied, and intermediate read pulses were used to verify
the resulting states. Eight conductance levels (G1–G8) were formed within the range of 10 to 80nA, with intervals of 10nA,
closely matching the multi-level characteristics observed at the device in Fig. 2e.

Additionally, to reflect the intrinsic variations of actual RRAM devices in set/reset behavior, Gaussian-distributed errors
were embedded into the model. The programming-error distributions across conductance levels (G1–G8) and the validity of
using a Gaussian noise source with fixed parameters (µ = 0, σ = 1.064 nS) are provided in Supplementary Fig. S8. Weight
transfer within the array was performed using 2 µs triangular pulses and a repeated read-verify scheme. To ensure precise
tuning of each cell’s conductance to its target value, we applied the Incremental Step Pulse Verification and Adjustment (ISPVA)
method. As shown in Fig. 6c, approximately 94% of the cells converged within ±2 nS of their target, while the remaining cells
fell within ±4 nS, confirming accurate and high-precision weight mapping.49

Subsequently, inference simulations were carried out by applying input spike trains of 1 V amplitude and 4 ms period
over 25 time steps to the array. As illustrated in Fig. 6d, an input image of the digit ‘3’ was used, and the output neuron
corresponding to the correct label exhibited the highest integrated current, confirming correct classification.

Moreover, classification accuracy was evaluated using 200 MNIST test samples, achieving approximately 95% accuracy
(Fig. 6e). Finally, power analysis during inference (Fig. 6f) confirmed that the proposed model quantitatively reproduces realistic
array-level behavior, validating its predictive capability for neuromorphic computing simulations. A scalability analysis of the
relative simulation time for processing 200 input samples across various array configurations is provided in Supplementary
Fig. S9.50, 51

The power consumed by a single RRAM cell was defined as the product of the applied voltage and the cell current. For an
array with m WLs and n BLs, when a voltage was applied to a given WL, the total current through that WL was equal to the
sum of the currents through the n connected cells (one per BL). This relationship indicated that the power consumption of a
single WL could be expressed as the sum of the power dissipated by the cells connected to that WL. Accordingly, the power
consumed on the i-th WL during inference was calculated as in Eq. (5).

n

∑
j=1

∫ T

0
Pi j(t) = Ptot.i (5)

The total power consumption of the array was then defined as the sum of the power consumed across all m WLs. The
average power consumption was obtained by dividing the total energy consumption by the total inference time T , as expressed
in Eq. (6).

1
T

m

∑
i=1

Ptot.i = PAV G.array (6)

MRAM Array Simulation with BNN Inference
To demonstrate array-level computation using the STT-MRAM model, we simulated a BNN-based in-memory convolution
operation. The validation combined software pre-processing with an LTspice array simulation. The target architecture (Fig. 7a)
integrates an STT-MRAM sub-array with peripheral WL and BL drivers to enable parallel MAC operations.52

A 2T-2J bitcell configuration was employed to perform hardware-level XNOR operations suitable for binarized inference
(Fig. 7b). Each bitcell consists of two MTJs paired differentially, one storing the parallel state (representing a digital 1) and
the other the anti-parallel state (representing a digital 0). When differential input signals are applied to the BL and BL_B
lines, XNOR logic operations naturally emerge. The resulting currents are then summed through the shared source line (SL) to
accumulate the MAC operation across multiple bitcells.53

The simulation workflow (Fig. 7c) combined software pre-processing with the LTspice simulation. Three 3×3 convolution
kernels and a sample input image (a dog) were binarized (per RGB channel) and flattened into 1D vectors in software.
Subsequently, these vectors were used in the LTspice simulation, where the three 9-element kernel vectors were programmed
into the three rows of a 3×9 sub-array model. The flattened image vectors were then applied sequentially as differential signals
to the nine columns (BLs) to perform the convolution. This process was executed for 900 timesteps to generate a 30×30 feature
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Figure 7. (a) Schematic of the STT-MRAM sub-array for BNN in-memory computation. (b) Circuit schematic of the 2T-2J
differential bitcell and its XNOR truth table. (c) Co-simulation workflow, illustrating software pre-processing (Binarize,
Flatten) and mapping to the LTspice array model. (d) Simulated output current waveform for Feature Map 1, where each
current level corresponds to a single gray-scaled pixel value in the output map. (e) Average power consumption of the 3×9
STT-MRAM sub-array, detailing power for three kernels and the total array.

map. As shown in Fig. 7d, the accumulated SL current from each timestep was post-processed and mapped to a grayscale pixel,
successfully forming the output feature maps.54

Finally, the system’s power consumption was analyzed. Each input pulse applied via the BL driver consisted of a 1ms pulse
width at 0.32V amplitude, executed over 900 timesteps. As shown in Fig. 7e, Kernel 1 and Kernel 2 consumed approximately
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5.47mW each, while Kernel 3 consumed approximately 6mW. The total power consumption across the 3× 9 sub-array
accumulated to approximately 17mW. This array-level simulation confirms that the proposed generic model can be readily
extended to support complex BNN-based in-memory computations and enables quantitative analysis of power characteristics
under realistic inference workloads.

Conclusion
This work presented a generic compact modeling methodology for RRAM, TS, FTJ, and MRAM. This framework employs a
generalized approach, using a minimal set of components (nonlinear resistors, capacitors, and voltage- or current-controlled
switches) to construct distinct sub-models. This configuration accurately reproduces device characteristics without requiring
device-specific physical equations.

At the device level, the resulting models successfully reflect the intrinsic switching mechanism of each corresponding
memory. We demonstrated that the same voltage-dependent resistance formulation (Eq. 2) could phenomenologically capture
filament-based switching (RRAM), defect-driven volatility (TS), polarization-modulated tunneling (FTJ), and spin-dependent
tunneling (MRAM). All models demonstrated strong consistency with experimental and reference data.

To evaluate scalability, this framework was extended to array-level simulations. The RRAM model was used to implement
a multi-level SNN for MNIST inference, and the MRAM model was used to create a 2T-2J differential XNOR array for BNN
convolution. Both array simulations demonstrated correct inference behavior and validated the models’ predictive capabilities
at the system level.

Nevertheless, the proposed behavioral modeling approach entails inherent limitations compared to physics-based simulations.
Specifically, the adoption of a simplified switching mechanism implies that complex transient dynamics—such as the precise
pulse-width dependence of switching voltages or the gradual evolution of conductance—may not be fully captured without
specific parameter tuning. Furthermore, while the model incorporates the temperature dependence of conduction, the thermal
reset mechanism is abstracted as a threshold-triggered event to avoid the complexity of explicitly solving differential heat
equations. Relevant temperature-dependent I–V characteristics and compact-model fitting results are provided in Supplementary
Fig. S10 and Supplementary Note 2. As a phenomenological model, it necessitates calibration against measured data, and
simulations predicting unmeasured physical regimes beyond the characterized range may exhibit increased deviation.

However, these abstractions are intentional and prerequisite for achieving scalability. Unlike conventional physical models,
which often involve computationally intensive equations (e.g., dynamic heat distributions), our methodology abstracts these
transient physical details to generate compact models suitable for direct integration into circuit-level configurations. This
approach enables the efficient simulation of large-scale inference workloads and the accurate estimation of system-level
power consumption. Ultimately, this framework effectively bridges the gap between single-device physics and array-level
system performance, providing a robust platform for the design and evaluation of heterogeneous memory architectures. A
comprehensive feature-level comparison between the proposed generic model and representative compact models is provided in
Supplementary Table S4. A quantitative runtime benchmark for Set/Reset operations of a 32×32 synaptic array, including
comparisons to representative physics-based models, is summarized in Supplementary Table S3.

Data Availability
The datasets generated during and/or analyzed during the current study are available from the corresponding author upon
reasonable request.
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