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The current Von-Neumann architecture cannot support emerging applications in artificial intelligence,
necessitating a new computing paradigm that can solve complex tasks. Memristor-based near-memory
computing demonstrates the potential beyond Von-Neumann computers. However, due to device limita-
tions, memristor-based hardware with bulky peripheral circuits cannot handle complex tasks and is sen-
sitive to noise. In this study, we leverage the physical stochasticity of a diffusive device and the inherent
parallelism of the crossbar structure to implement a true stochastic Bayesian machine based on an Au/Ag/
Al;,03/Pt/Ti memristor crossbar array circuit. The proposed system supports long probabilistic sequence
inference with superior soft-error robustness and enables probabilistic hardware to handle high-feature
tasks such as image recognition for the first time. We have constructed a diffusive memristor device with
the corresponding compact model and measured the signal-transmission characteristics of the crossbar
array prototype circuit, revealing severe signal distortion due to parasitic effects. Moreover, we propose a
signal-reconstruction method that effectively improves the performance of Bayesian machine circuits.
Our work points to new directions for exploring circuit design and large-scale integration methods in

probabilistic computing hardware.
© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

With the rapid development of artificial intelligence, the tradi-
tional Von-Neumann computing architecture has encountered
major obstacles, including memory walls and high time and energy
costs [1-5]. Benefiting from the emergence of various electronic
devices [6,7], in-memory or near-memory computing methods
such as quantum computing, neuromorphic computing, and prob-
abilistic computing (i.e., P-computing) can significantly improve
computational efficiency and reduce storage costs by minimizing
data movement [8-15], enabling the development of flexible wear-
able and edge computing applications based on physical character-
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istics [16-18]. Among these methods, P-computing not only
demonstrates the potential to solve complex problems more effec-
tively than traditional computing techniques but also exhibits
greater robustness and interference immunity [19-21]. In P-
computing, the values of probabilistic bits (P-bits), which can be
either “0” or “1,” constantly change over time, such that P-bits
behave similarly to binary stochastic neurons in brain-inspired
systems [22,23].

Bayesian inference serves as a powerful framework for P-
computing, as it allows for decision-making in scenarios character-
ized by incomplete information or limited data samples [24]. In
contrast to the black-box nature of neural networks, Bayesian
inference is a fully interpretable method grounded in mathemati-
cal theory that enables the incorporation of prior knowledge to
generate deterministic probabilistic predictions. In hardware
implementations, the probabilistic characteristics of Bayesian
inference demonstrate its robustness against device defects and
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single-event perturbations [23,25,26]. However, due to its unique
topological properties, Bayesian inference is more challenging than
neural networks to implement in hardware. Recent works have
implemented Bayesian inference with accelerated sampling times
on complementary metal-oxide semiconductor (CMOS)-dedicated
integrated circuits and large field-programmable gate arrays
(FPGAs) [25,27]. However, the computational cost and efficiency
of these methods are always constrained by a reliance on external
memory.

To address these limitations, Bayesian inference based on the
non-volatile memristor (NVM) crossbar array circuit has recently
been introduced for P-computing [26,28]. The operation mode of
the crossbar array structure is naturally compatible with the Baye-
sian formula; moreover, the significant advantages of the crossbar
array structure, which include scalability and parallel computation,
can greatly reduce data movement and achieve high-density inte-
gration and interconnections [29-34]. However, implementation
of the NVM crossbar array circuit necessitates the use of numerous
comparators, pseudo-random number generators, and gate cir-
cuits, introducing a huge time cost and increasing the energy con-
sumption. Furthermore, due to the length limitation of the random
bit stream, the inference of long probability likelihood sequences
requires an exponential increase in the number of memristors for
probability multiplication. This approach also suffers from severe
numerical underflow and can only be used to implement true ran-
dom number generators (TRNGs)/simple logic gates or low-feature
task classification.

In this article, we propose for the first time the use of a diffusive
memristor-based crossbar array circuit to implement a Bayesian
system with soft-error robustness and long probability sequence
inference capabilities, providing an innovative pulse switching-
driven paradigm for P-computing hardware. Before building and
analyzing the whole crossbar array circuit, a single diffusive mem-
ristor with an Au/Ag/Al,O3/Pt/Ti (AAAPT) structure that exhibits
probabilistic properties was fabricated. Based on the physical char-
acteristics, we developed a compact model of the proposed diffu-
sive memristor device and successfully simulated its behaviors.
Next, we leveraged the physical stochasticity of diffusive memris-
tors and the inherent parallelism of the crossbar structure to
implement a true stochastic Bayesian system for long probability
sequence inference that outperforms traditional hardware [27],
thereby generalizing P-computing hardware to image recognition.
Compared with a probabilistic system using the NVM/magnetic
tunnel junction (MT]) as the storage element [28,35], our Bayesian
machine circuit achieves greater scalability, inference efficiency,
and soft-error robustness by introducing memristors as P-bits.
Since the transmission performance and optimization schemes of
the crossbar array have not been considered in previous research,
we propose an extensible circuit modeling and analysis method
for the diffusive memristor-based crossbar array circuit and fabri-
cate a prototype circuit that integrates 256 diffusive memristors

Table 1
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for experimental validation, finding significant signal-
transmission issues in memristor-based probabilistic hardware.
Finally, to improve signal-transmission quality, we propose a
signal-reconstruction method based on improved variational mode
extraction (IVME) and effectively filter parasitic signals within the
crossbar array circuit, enabling further P-computing applications.

2. Experimental materials and methods
2.1. Memristor/memristor-based crossbar array circuit fabrication

Patterning of the bottom electrodes and bit lines (BLs) was first
carried out by means of a photolithography technique (Heidelberg
direct-write lithography (DWL) 66+) on silicon (Si) substrates fea-
turing a thermally grown 285 nm-thick SiO; layer. Then, titanium/
platinum (Ti/Pt, 3 nm/40 nm) metal deposition was carried out
using a sputtering technique (DISCOVERY-635) with a commer-
cially available (99.99%) Ti/Pt target at 100 W direct current (DC)
power. Since the density of Al,O3 films decreases significantly with
decreasing atomic layer deposition (ALD) growth temperature [36],
a bilayer Al,05 dielectric with thicknesses of 10 and 5 nm was pre-
pared via ALD (ALD150LX), with respective substrate temperatures
of 200 and 50 °C. The bilayer Al,03 structure prepared under the
conditions described in this paper exhibited uniform pore sizes
and superior performance, so these experimental conditions were
adopted for subsequent fabrication. Finally, the top electrodes of
the memristor and word lines (WLs) were defined via a second
DWL process, followed by thermal evaporation (ZHD300) of the sil-
ver/gold (Ag/Au, 40 nm/20 nm) (commercially available, 99.99%)
and a lift-off process. After the fabrication of the memristor-
based crossbar array, the device was passivated with 5 nm Al,03
deposited using the ALD approach at a substrate temperature of
200 °C. The width of both the BLs and WLs was 5 pm, and the effec-
tive size of the memristor cell of the fabricated memristor-based
crossbar-array circuit prototype was determined by the overlap
area of the WL and BL. Table 1 systematically lists the key param-
eters in the device fabrication.

2.2. Electrical measurement

All electromotive force (E)-current (I) electrical measurements
were carried out on a homemade probe station furnished with an
FS-Pro (PDA Co., Ltd.) semiconductor parameter analyzer in an
ambient atmosphere at room temperature. The DC source unit
FS480-SMU was employed for DC measurements, and the wave-
form generator unit FS480-PMU was utilized for pulse measure-
ments. All protocols for pulse measurements on devices were
conducted by varying/fixing the parameters of pulse width, ampli-
tude, and time interval. Detailed parameter values are provided in
the captions and descriptions in the following sections. Table 1

Summary table of key parameters, including device fabrication, environmental variables, and equipment.

Category Parameter/component

Description/value

Substrate
Bottom electrode

Device fabrication

Functional layer 1 (dielectric)
Functional layer 2 (dielectric)

Top electrode

WL/BL length

WL/BL width

Effective cell area

Probe station
Semiconductor analyzer
Source generator units
Ambient conditions

Crossbar geometry

Measurement setup

Si with thermally grown SiO, (285 nm)
Ti/Pt (3 nm/40 nm)

B-Al;03 (10 nm porous structure)
T-Al,05 (5 nm dense structure)

Ag/Au (40 nm/20 nm)

500 pm

5 um

25 um?

Custom-built probe station

FS-Pro (PDA Co., Ltd.)

FS480-SMU (DC) and FS480-PMU (pulse)
Room temperature (23 °C), ambient atmosphere
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provides key parameters of the equipment and measurement
conditions.

2.3. A diffusive memristor model for device and circuit dynamical
simulation

To ensure the probabilistic threshold switching and volatile
characteristics of the diffusive device, the functional layer serves
as the tunneling barrier, promoting filament formation and facili-
tating spontaneous filament breakage through the Gibbs-Thomson
effect and interfacial energy minimization [37]. Based on both the
physical mechanism and the experimental device, it is clear that
the device randomness originates from physical diffusion dynam-
ics. Therefore, we generalized a model that integrates concepts
from electricity, nanotechnology, and thermodynamics [38]. In
contrast to the previous model, we have also accounted for the
probabilistic switching range and memristor operating frequency,
which are critically important for simulating probabilistic switch-
ing behavior in high-frequency and high-speed circuits. The diffu-
sion of each Ag nanoparticle is described by the Langevin
equations, as follows:

dx; Ui — 04 U (x;) B4y
nar =) e 2k T e .

where x; (i = 1, 2, ..., M) is the position of the ith particle at time t in
the device, M is the total number of particles, o is the induced
charge, D is the distance between the electrodes, and 7 is the parti-
cle viscosity. The first term on the right-hand side of Eq. (1)
describes the drift effect of the electric field, where #, is the applied
positive electrode voltage and v4 denotes the empirical parameter
of the voltage drop. In the second term, U(x;) is the Gibbs-Thomson
interfacial energy driving force. The third term is the particle ther-
mal fluctuation with frequency deviation calibration, where T and
kg are the temperature and Boltzmann constant, respectively, and
¢ is generated by a Gaussian noise generator. Finally, f represents
the pulse frequency, and p and y are the frequency variation factor
and residual, respectively, which are calibrated by fitting experi-
mental data on the probabilistic switching behavior of memristors
at different frequencies. To model the probabilistic switching range,
we restrict o, X, and R. to the fitted range and select initial param-
eters that satisfy the restrictions:

o 2v (D (D x VA RE21D2R-
Olmax B ﬁ (7 7xc>e (127 xC) RCZHIDZRCZ <¢ (2)

2

where oy 1S the upper limit of the induced charge range; x. and R
are the position of nanoparticle clusters formed due to interfacial
energy and the principal radius of the potential profile, respectively;
¢ is a convergence factor that controls the range of the voltage
switching threshold; and v is the scaling factor. A device simulation
of the current-voltage (V) characteristics and frequency switching
behavior was performed using a Verilog-A type simulation program
with integrated circuit emphasis (SPICE) diffusive memristor model.
As shown in Appendix A Fig. S1, the incremental step method was
utilized to solve the coupled multi-physics equations, enabling an
accurate dynamic simulation of the diffusive memristor. The incre-
mental update mechanism and experimental calibration parame-
ters are detailed in Appendix A Section S1.

3. Results

3.1. Switching characteristics and dynamical simulations of the
diffusive memristor

Our proposed AAAPT memristor exhibits advantages in various
properties, including the voltage switching range, frequency char-
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acteristics, and stochastic characteristics. While these properties
have been the subject of limited analysis in previous works, they
are indispensable for the practical application of memristors [38-
44]. The AAAPT memristor, shown in Fig. 1(a), was fabricated via
a series of microfabrication processes (Section 2) and exhibits vola-
tile threshold switching behavior over a probabilistic switching
range. Specifically, with a compliance current (I.) of 100 nA, apply-
ing a voltage in the range of 5-10 V can force the Ag ions to form
nanoparticle clusters, which ultimately form conduction channels.
The device then switches from a high-resistive state (HRS) to a
low-resistive state (LRS) with a current increase of several orders
of magnitude. Upon removal of the applied voltage, the memristor
rapidly returns to its original resistive state [45-47]. We prepared
bilayer Al,0s; dielectrics at different substrate temperatures,
including a porous T-Al,Os layer for the arrayed top Ag electrode
and a dense B-Al,03 layer for providing a high on-off ratio, as
shown in Appendix A Fig. S2. Affected by the locally enhanced elec-
tric field due to the porous low-density structures [37,48-50], the
forming voltage (Fig. 1(b); Fig. S3 in Appendix A), device-to-device
variations (Fig. 1(c); Fig. S4 in Appendix A), and statistical distribu-
tion variations (Fig. S5 in Appendix A) of the device with the
improved bilayer Al,O3 structure were significantly reduced,
ensuring the repeatability of the diffusive memristor. Moreover,
the cycle-to-cycle variations of the device were efficiently
improved, as shown in Figs. 1(d) and (e), transforming from severe
random fluctuations to stable switching windows.

For the fabricated memristor device, the electroforming process
is a critical initialization step to confirm the formation of conduc-
tive filaments. As shown in Fig. 1(b), the memristor device requires
a forming voltage (primarily concentrated between 2.3 and 3.0 V)
to switch from the initial HRS to the LRS. Subsequently, due to the
residual nanoparticles on both sides of the electrodes, the volatile
memristor with a bilayer Al,O3 structure can easily switch to the
LRS again with an applied DC sweep voltage as low as 0.07-
0.12 V, exhibiting a probabilistic switching behavior. Fig. 1(f)
shows the statistical device cycle-to-cycle threshold voltage (Vi)
distribution histograms, with the distribution parameters anno-
tated, demonstrating the repeatability of the device variability
and confirming that the distribution of switching thresholds fol-
lows a Gaussian distribution. An optical photograph of the fabri-
cated memristor is provided in Fig. 1(g).

By applying voltages and measuring the resulting currents [51-
53], we further explored the kinetic properties of the volatile mem-
ristor, determining that, while the device exhibits a switching
range, frequency characteristics, and probabilistic switching char-
acteristics, it lacks adequate modeling. To address this issue, we
then performed device simulations using a generalized model inte-
grating electrical, nanomechanical, and thermodynamic properties
(Section 2). In our simulations, two clusters of silver nanoparticles
were located at the two electrodes within the device. As the
applied voltage increased, Joule heating and the electric field drift
induced charge on the particles, raising the local temperature and
resulting in a uniform distribution of nanoparticles. This led to a
decrease in tunneling resistance, an increase in current and tem-
perature, and then positive feedback that formed conducting chan-
nels. Once the applied voltage was removed, the decreased
temperature led to bidirectional retraction of the nanoparticles,
diffusing them near the electrodes to minimize interfacial energy
and re-establish the HRS [38,54], as shown in Appendix A Fig. S6.

Through a comparison between the model simulation and the
experimental results, we identified the probabilistic range switch-
ing characteristics of the diffusive devices. For a single device, the
switching threshold is not a fixed voltage but a fluctuating proba-
bility range. Fig. 1(h) shows the switching voltage-probability
statistics curve under different pulse voltages when the applied
pulse voltage falls within the probabilistic switching range. In
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Fig. 1. Switching characteristics and dynamical simulations of the diffusive memristor. (a) Schematic diagram of the designed dual-functional layer device: (i) schematic
diagram of the designed device structure; (ii) microstructure of the bilayer Al,0s; (iii) schematic diagram of the arrayed top electrode formation; (iv) schematic diagram of
the arrayed filament formation; and (v) cross-sectional transmission electron microscopy (TEM) image and corresponding energy-dispersive X-ray spectroscopy (EDS) image
of the stacked memristor structure. (b) Formation process of diffusive memristors with bilayer Al,05 dielectrics. (c) Device-to-device distributions of the threshold voltage
(Vi) for the memristor devices with bilayer Al,03 dielectrics, with the whiskers representing the 95% confidence interval (CI) of the mean threshold. (d) Switching range of
the diffusive memristor without the T-Al,05 layer (before process improvement); the compliance current (I.) is set to 100 nA. (e) Switching range of the diffusive memristor
with the bilayer Al,03 dielectric (after process improvement). (f) Statistical cycle-to-cycle Vi, distributions of the device over 150 statistical cycles. (g) Optical photograph of
the diffusive memristor device. (h) Switching voltage-probability statistics curve of the diffusive memristor under different pulse amplitudes (time interval: 3 ms; width:
3 ms). (i) Simulation of the probabilistic switching range of the diffusive memristor. p424: mean Vi, value for different devices; o4,4: standard deviation of Vi, for different
devices; pcc: mean Vy, value across different cycles; oq,c: standard deviation of Vi, across different cycles; max Vy,: upper limit of the threshold voltage Vi; min Vyy: the
lower limit of the threshold voltage Vi;; NPs: nanoparticles.

addition, the switching probability histogram over 100 cycles is goodness of fit. Therefore, we enhanced our electrodynamic model
shown in Appendix A Fig. S7, where it can be seen that the cumu- by introducing random initialization and convergence domain con-
lative distribution function (CDF) of the switching probability exhi- straints to accurately simulate the probabilistic switching range, as
bits a distinct logistic distribution and achieves an excellent shown in Fig. 1(i). Meanwhile, to make the compact model of the
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diffusive device adaptable to the simulation requirements for prac-
tical applications of high-frequency and high-speed circuits, we
measured the switching characteristics of the device at various
pulse frequencies when applying the same voltage pulse ampli-
tude. When the applied pulse amplitude and width were fixed
(amplitude: 1.8 V; width: 3 ms), it was found that the increase in
pulse frequency led to a decrease in the switching probability, as
shown in Appendix A Fig. S8. Thus, a higher amplitude pulse volt-
age was required to achieve switching in the device compared with
the DC voltage. We incorporated a frequency-varying factor into
the overdamped Langevin equation to ensure that the model
aligned with the device frequency characteristics, thereby meeting
the simulation requirements for different operating frequencies.

In summary, the inherent physical stochasticity of the diffusive
memristor offers advantages such as a high switching speed, low
power consumption, and notable scalability compared with
pseudo-random generators. Comprehensive physical characteriza-
tion and compact modeling enable diffusive devices to be effec-
tively applied in probabilistic applications.

3.2. A memristor-based probabilistic Bayesian machine for long
sequence inference

Bayesian machines tolerate soft errors (e.g., non-uniformity of
memristors), and their probabilistic computational framework
matches the properties of the memristor-based crossbar array
well. Based on the probability of event occurrence at previous
moments (the prior probability, p(X = x)) and the likelihood factor
p(0q, Oy, 05, ..., Op), it is possible to estimate the posterior proba-
bility of the occurrence of X = x when the observations 04, 0,, O3,
... Op, occur. X represents the random variable corresponding to
the target classification event (e.g., the handwritten digit class)
with x denoting its specific state (e.g., the digits 0-9), while Oy
(k =1, 2, ..., m) signifies the kth observation feature value (e.g.,
the pixel gray value) fed into the system. m is the total number
of observations. In practice applications, each input feature value
is usually considered to be conditionally independent (Section S2
in Appendix A), and the Bayes rule can be simplified as follows:

p(X =X|01,02,05 Om) =pX =%) x p(01|X =x) x p(0:|X
=X) X ...x p(On|X =%)

geoey =

| 3)

However, in previous NVM-based probabilistic hardware, the
substantial cost of adders and pseudo-random generators becomes
non-negligible again as the feature dimensions increase, especially
for long probability inference tasks such as image recognition. Tak-
ing Modified National Institute of Standards and Technology
(MNIST) handwritten digit classification as an example, inputting
28 x 28 pixels requires at least 7840 comparators, 784 pseudo-
random generators, and 6 x 107 memristors [28]. Moreover, with
the random bitstream limitation, the posterior probability still can-
not be inferred due to serious numerical underflow.

In this study, we introduce P-bits to implement a probabilistic
Bayesian machine; this leverages the physical stochasticity of dif-
fusive memristors and the inherent parallelism of the crossbar
array structure, eliminating the need for gate circuits and
pseudo-random generators, and achieving long probabilistic
sequence inference with soft-error robustness. In the memristor-
based crossbar array, each intersection of the BL and WL is con-
nected to a P-bit structure consisting of a diffusive memristor, a
limiting load resistor, and a transistor to realize P-computing, as
shown in Fig. 2(a). For each diffusive memristor, a scaled volt-
age-probability fitting curve (Fig. 2(b)) is obtained by means of
device pulse statistical characterization. The fitting process
employs a sigmoidal logistic model (details provided in Appendix
A Section S3). To prevent numerical underflow and improve com-
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putational efficiency and classification accuracy, we then perform
a nonlinear transformation of this voltage—probability curve based
on the following equation [19,55]:

A
G(ynorm) = @1+e n(Znorm~bn) 1

(4)

where a, and b, are fitting parameters and A is a nonlinear factor
used to adjust the intensity of the nonlinear transformation. For
the normalized input pulse voltage vnorm= (¥in — 2)/¥s, ¥ iS the
switching boundary voltage and v is the scaling voltage, and G
denotes the probability that the P-bit switches at normalized volt-
age VUnorm. The probability transformation under different nonlinear
factors is shown in Fig. 2(c). The final P-bit structure exhibits char-
acteristics similar to those of the stochastic Hopfield network, with
its state S as follows:

S = u[G(¥norm) — rand] (5)

where u is the binary step function. To meet the probabilistic
switching properties of the P-bit, the rand term is introduced to
define whether the P-bit is switched or not switched each time.
As shown in Fig. 2(a), for different binarized pixel gray values, the
prior probabilities based on the Bernoulli Bayesian model can be
converted into corresponding probability voltages. Each intersec-
tion of the BL and WL, represented as a P-bit value, can be tuned
to float around an ideal probability value, as shown in Appendix A
Fig. S9. Based on the timing circuit logic, square wave pulses are
applied simultaneously to both the BL and WL, as shown in Appen-
dix A Fig. S10. When BL, (r denotes the index of the selected BLs)
operates, each P-bit corresponds to a prior probability p(X = x) or
a conditional probability p(Ox| X = x), depending on the probabilistic
modulation of the voltage difference between the WLs and BL,.
Since the classification results of the current digit input are inde-
pendent from the previous image, we adopt static prior probabili-
ties without performing dynamic updates. When a memristor
switches and the transistor turns on, the probability line (PL) cur-
rent flows through the source-drain path, which is physically iso-
lated from the WL/BL interconnected with the memristor,
preventing damage caused by sneak paths. In addition, as all the dif-
fusive memristors on BL, switch to the LRS, the corresponding PL for
that BL; is fully active. Due to repeated switching operations in
threshold switching devices (e.g., ferroelectric FeRAM/FeFET and
non-volatile/diffusive memristors), ion migration within the mate-
rial layers forms solid conductive filaments, leading to stuck-at-
fault issues (i.e., memristors degrading into low-resistance resis-
tors) and the loss of the probabilistic switching functionality [56].
Therefore, when BL, operates in positive voltage mode, all other
BL; (j represents all unselected BLs, j # r) apply voltages to ensure
the diffusion memristor remains negatively biased. Benefiting from
the asymmetric design (i.e., the inert bottom electrode that pre-
vents reverse threshold switching) of the proposed diffusive device,
this crossbar array operation strategy can actively suppress exces-
sive filament growth and preserve the probabilistic volatility of
the memristors.

Based on the crossbar array’s ability to perform probabilistic co-
multiplication, when the pulse generator sends N positive voltage
pulses to each BL, the pulse-acceptor module behind the PLs can
read the number of times each PL is fully conductive. The posterior
probability is then derived through Bayesian inference:

:Zf:1C§><C§><C§><...><Ci 6)
N

where Xp; is the occurrence state of the event corresponding to BL,

and P, (I =1, 2, ..., L) is the input between the Ith WL and BL.. (}

denotes the switching state of the diffusive memristor (located at

the intersection of Ith WL and BL,) at the zth pulse (z=1, 2,..., N).
N is the total number of pulses. In this paper, we classify the MNIST

p(XpL|P1,Pa,...,Pp)
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Fig. 2. The memristor-based probabilistic Bayesian machine. (a) Probabilistic voltage modulation is performed based on the gray values of the MNIST datasets. Subsequently,
the modulated voltage is fed into the memristor crossbar array. (b) Scaled voltage-probability curves (with fitting coefficient of determination R? = 0.998) obtained from the
experimental statistics of the AAAPT diffusive memristor. (c) Probability transformation under different nonlinear factors. (d) Confusion matrix for the MNIST dataset
recognition task based on the Bernoulli Bayesian machine. (e) Visualization of the conditional probability values for each pixel point of the MNIST number “0.” (f) Recognition
accuracy of memristor-based hardware circuits with different array sizes, under different soft-error intensities (where a device non-uniformity of 0.1 or 0.2 represents
Gaussian distribution errors with 10% or 20% standard deviations of the normalized range). (g) Accuracy degradation of inference methods with varying sizes under different
noise intensities. A: nonlinear factor used to adjust the intensity of the nonlinear transformation; #,,.m: the normalized input pulse voltage; ANN: artificial neural network;
GND: ground; ADC: analogue-to-digital converter; Viejectea: selected BL pulse voltage; Vpuise-probability: Probability-modulated pulse voltages applied to WLs; PLy-PLg: the
probability lines 0-9; BLo-BLg: the bit lines 0-9; WLy-WL7s4: the word lines 0-784; TS: threshold switching.

handwritten digits dataset by (ngown X Ndown) X 10 arrays, where
Ndown Tepresents the size of the images with varying degrees of
downsampling. As shown in Fig. 2(d), the confusion matrix for clas-
sifying raw pixels based on the Bernoulli Bayesian model achieves a
classification accuracy of 84.73%. We visualize the conditional prob-
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ability values for each pixel of the digit “0,” as shown in Fig. 2(e).
When the pixel gray value of the digit “0” is input, the probability
of “0” is judged with higher clarity; that is, the posterior probability
is higher. This distinct difference in clarity indicates that the
memristor crossbar array-based Bayesian machine exhibits clear
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interpretability. We also visualized the other digits (0-9) sepa-
rately; the digit visualizations and confusion matrix before and
after the nonlinear transformation are shown in Appendix A
Figs. S11-S13.

To demonstrate the scalability and potential of the proposed
Bayesian system, we now discuss an optimization scheme that
improves the computing performance while maintaining hardware
efficiency. Since incorporating pixel-to-pixel correlations into like-
lihood probability calculations can increase the image classifica-
tion accuracy, histogram-of-oriented-gradients (HOG) features
are introduced to capture the local shape and edge directionality
of image pixels. Compared with utilizing raw pixels, the HOG fea-
ture significantly reduces the correlation between raw pixel values.
Subsequently, a Gaussian Bayesian model is adopted to perform
multi-bit quantization and avoid information loss of the Bernoulli
Bayesian model. As shown in Fig. 2(f), the HOG-based Gaussian
Bayesian machine demonstrates greater recognition accuracy and
soft-error robustness compared with other methods. Further abla-
tion experiments were made to validate the effectiveness of the
extended method as shown in Appendix A Fig. S14, along with a
discussion of the hardware provided in Appendix A Section S4.

We also designed and simulated an NVM-based artificial neural
network (ANN) and an NVM-based probabilistic system for com-
parison, demonstrating the soft-error robustness of the diffusive
memristor-based system. The superior robustness of probabilistic
hardware compared with non-volatile device computing systems
originates from the difference between probabilistic sampling
and static weight storage. To ensure the number of memristors
used in the system remains within the same order of magnitude,
the network structure should be kept relatively similar; detailed
information on network structural and device non-uniformities is
provided in Appendix A Section S5. As the feature size increases,
the prior knowledge becomes more complete, and the recognition
accuracy of both the NVM-based ANN and the proposed P-
computing system gradually improves (Fig. 2(f)). However, NVM-
based Bayesian machines driven by pseudo-random bit streams
(Fig. S15 in Appendix A) cannot handle high-feature tasks due to
circuit complexity and numerical underflow. Furthermore, mem-
ristors are always used as storage devices in the traditional com-
puting paradigm, and the intensification of soft errors such as
device non-uniformity will seriously affect the computing accu-
racy. As shown in Fig. 2(g), the accuracy of Bayesian machines with
different sizes exhibits a gradual decline with increasing noise
intensity. Compared with NVM-based ANNSs, the results further
demonstrate the soft-error robustness of the proposed system.
The diffusive device-based Bayesian system relies on the accumu-
lated probability of switching events across multiple cycles. The
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continuous switching and integration process effectively reduces
the damage caused by single device mis-switching (as device noise
typically follows a zero-mean Gaussian distribution), thereby
maintaining the accuracy of the posterior probability inference.
In comparison, non-volatile device-based computing systems rely
on the encoded conductance state of the memristor. Device noise
can directly affect the weight values during vector-matrix multipli-
cation, causing immediate degradation in the final computational
accuracy.

We subsequently performed repeated experimental runs to
analyze the statistical variance. As shown in Appendix A
Table S1, the accuracy results in smaller arrays exhibit higher sta-
tistical variance, especially under high noise, due to the loss of
more input information and the limited number of device-based
P-bits. However, as the array size increases, the statistical variance
decreases and stabilizes.

Compared with the repeated programming process of a tradi-
tional non-volatile device, our structure offers better flexibility in
updating the prior probability for tasks requiring dynamic infer-
ence. Further discussion and explanation are provided in Appendix
A Section S6. A comparison of key metrics between the proposed
system and other P-computing implementations (i.e., FPGA [57]
and novel devices [28,35]) is shown in Table 2. Compared with
the MTJ/NVM-based system, our system achieves stable classifica-
tion under noise and errors with less power and inference time
required for low-feature tasks, making it suitable for deployment
in edge computing applications. For high-feature tasks, the pro-
posed system supports long probability inference while achieving
a lower equivalent per multiply-accumulate (MAC) energy con-
sumption than other methods.

3.3. Analysis of signal transmission for the memristor-based crossbar
array circuit

Current memristor-based systems, such as neuromorphic com-
puting and P-computing, widely rely on memristor crossbar arrays
to achieve high-density interconnections and integration [58-61].
However, due to the unique circuit structure of the memristor-
based crossbar array, its high interconnection density and device
variability may compromise the reliability of signal transmission,
significantly impacting the performance of computing systems
[62-65]. To further analyze the impact of crossbar array structures
on memristor applications, we fabricated a prototype circuit (Sec-
tion 2) of a 16 x 16 diffusive memristor-based crossbar array to
experimentally measure the signal-transmission performance
and subsequently develop a scalable equivalent circuit model.
An optical photograph of the prototype circuit of the memristor

Table 2
Comparison of key metrics among various P-computing implementations.
Ref. Technology Task Feature Array size Device Accuracy Inference  Power Per- Soft-error  Long
dimension count time MAC robustness  probability
(clocks) energy inference
[35] MT]J Spam [1, 100] [1, 100] [1, 100.00% 2 000 ([1, 80 pJ Medium No
classification 100] x 8 100] x 0.16)
nj
[57] FPGA Full MNIST 28 x 28 28x16x16  — 90.75% 65 536 1.34 m] 16 nJ Poor Yes
(LSTM
neurons)
[28] NVM Gesture 6 24 x 128 x 64 196 608  89.00% 255 2.5n] 104 pJ Poor No
recognition
This work (pixel) Diffusive Downsampling 9 x 9 82 x 10 820 81.10% 200 0.14 nJ 170 f]  Strong Yes
memristor ~ MNIST
This work (HOG) Diffusive Downsampling 14 x 14 577 x 10 5770 92.97% 100 000 296.1 nJ 51 pJ Strong Yes
memristor ~ MNIST

LSTM: long-short-term memory; HOG: histogram-of-oriented-gradients.
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Fig. 3. The diffusive memristor-based crossbar array with its signal-transmission analysis results. (a) Optical photograph of the crossbar array. (b) Crossbar array model for
the extraction of parasitic parameters in ANSYS Q3D, with the spacing based on the actual area of the prototype circuit. (c) The unit-cell parasitic circuit model of the
memristor crossbar array. (d) A comparison of the ideal and simulated output current of the crossbar array (square wave pulse amplitude: 1.8 V; duty cycle: 50%). (e)
Measured output current of the crossbar array (square wave pulse amplitude: 1.8 V; duty cycle: 50%). (f) Transient signal simulation with a rising time (t) of 1 x 107 s and
5x 1077 s, respectively. TS: threshold switching; C;: the mutual capacitance between WL and BL; C, and Cs: the mutual capacitances between two adjacent WLs and two
adjacent BLs; C4 and Cs: the self-capacitances of WL and BL; L; and L,: the self inductances of BL and WL; L3 and L4: the mutual inductances between adjacent BLs and WLs; R:

the parasitic resistance of interconnect line.

crossbar array is shown in Fig. 3(a). The diffusive memristor can be
used to form a high-density P-computing crossbar array by con-
necting the WLs as signal inputs and the BLs as outputs, with the
memristor device in between.

Based on the prototype circuit structure and geometric dimen-
sions, we first used the domain decomposition method to decom-
pose the 16 x 16 periodic circuit of the memristor crossbar array
shown in Fig. 3(b) into unit cells. Subsequently, by combining
the memristor model with the parasitic element extracted via
ANSYS Q3D [30,66], the equivalent circuit of the memristor cross-
bar array was constructed, enabling transient waveform simula-
tion of the internal circuit nodes. The unit parasitic circuit model
of the memristor crossbar array is shown in Fig. 3(c). The intercon-
nect design sizes of memristor crossbar arrays typically range from
100 nm to 10 pm—electrically smaller than the input signal wave-
length. Therefore, this analytical approach is fully adequate for
simulating nanosecond-level or even faster signal transmission in
memristor crossbar arrays. By re-extracting the parasitic element
parameter matrix of the geometric dimensions of different arrays,
this method theoretically supports the reconstruction and analysis
of crossbar array circuits with arbitrary sizes.

Based on the compact model of the diffusive memristor and the
equivalent circuit model of the crossbar array, we further analyzed
the transmission properties of the pulse waveform inputs. The unit
cell spacing in the model was determined by the actual dimensions
of the prototype circuit, as the devices were located at the intersec-
tion of the WLs and BLs. The parameters for the interconnect line
size and metal layer thickness were based on the construction of
the actual prototype circuit as well, ensuring consistency between
the model and the actual circuit. Transient circuit simulations
revealed that the signal distortion worsened as the pulse frequency
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increased, due to parasitic effects, as shown in Fig. 3(d). It can be
seen that the crossbar array operates more stably at lower pulse
frequencies, with only minor ripples at the rising and falling edges.
As the frequency increases, more severe signal distortion occurs.
This is because higher frequencies introduce more parasitic com-
ponents, resulting in significant distortion such as rising edge delay
and ripples.

We also experimentally validated the memristor crossbar array
prototype circuit by applying square waves with different pulse
frequencies, as shown in Appendix A Fig. S16. The signal-
transmission measurement results are shown in Fig. 3(e). It can
be seen that the measured result exhibits a similar distortion to
that of the equivalent circuit simulation, revealing the significant
signal-transmission issues in the memristor-based crossbar array.

Further transient simulations with shorter rising times t;
revealed that the ripple, resonance, and overshoot at the rising
edge became more pronounced, as shown in Fig. 3(f). These results
also indicate that fully modeling the signal transmission with par-
asitic effects is essential when analyzing memristor-based com-
puting systems. Finally, we separately analyzed the parasitic
effect with different interconnect models, as described in Appendix
A Figs. S17-S19. It was found that the mutual coupling effect of
parasitic capacitance had a significantly detrimental impact on
the signal transmission. Based on the size of the constructed mem-
ristor crossbar array prototype circuit, we adjusted the unit length,
width, and thickness and found that, for the capacitive array cir-
cuit, optimizing the WL and BL width greatly improved the
signal-transmission problem (Section S7 in Appendix A); this
guided the array circuit design while ensuring device uniformity
(i.e., the cross-surface area of the BLs and WLs) and minimizing
the signal-transmission problem.
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3.4. An IVME-based signal-reconstruction method and P-computing
applications

Signal-transmission issues in memristor-based crossbar array
circuits can cause severe output signal distortion, compromising
the accurate operation of subsequent circuits. Taking the hardware
implementation of spiking neural networks (SNNs) as an example,
spiking signals are transmitted between each neuronal layer, and
parasitic effects introduced in each layer can distort the input sig-
nals received by subsequent crossbar arrays, as shown in Fig. 4(a).
The traditional signal-equalization method is to adjust the circuit
structure during the circuit design process, such as optimizing
the circuit layout and adding compensation circuits. However, in
practical applications, many manufacturing uncertainties continue
to affect the signal-transmission performance due to parasitic
effects, which cannot be fully mitigated in the early design stages.
Therefore, we introduce a new method to reconstruct the current
signals affected by parasitic effects.

The output current signal affected by parasitic effects can be
decomposed into two parts: the target mode and the parasitic
effects. This approach is similar to the variational mode decompo-
sition (VMD) method [67,68], which decomposes non-smooth sig-
nals into individual modes [69-71]. As shown in Appendix A
Fig. S20, we propose the use of an IVME algorithm to extract the
local fluctuation features of signals affected by parasitic effects
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and subsequently reconstruct the target signal using the waveform
of the transmitted signal in the circuit. In the proposed IVME algo-
rithm, the output signal s(t) of the memristor-based crossbar array
circuit can be divided into the ideal output signal s4 (t) and the per-
turbation ((t) caused by parasitic elements. It is necessary to min-
imize the two parts’ spectral overlap to ensure effective separation
of the parasitic perturbation from the ideal output current. There-
fore, the problem of ideal-mode extraction can be solved by mini-
mizing the constraints of the following conditions:

min{d; +L}. St.5(0) = a(t) + L0 7)

where wyq is the center frequency of the output current signal, c is
the balancing factor, J; is the minimization of the desired signal
bandwidth, and J; is the penalty term for spectral overlap. The pen-
alty term can be adjusted to ensure that the output current signals
at different pulse frequencies overlap with the desired signal while
minimizing the overlap with {(t). Finally, the original signal is
reconstructed using localized features of the desired signal com-
bined with the input waveform of the transmitted signal (Section S8
in Appendix A). Fig. 4(b) illustrates the reconstruction process for a
square wave signal with parasitic effects, showing the IVME ideal
mode, the residual, and the reconstructed signal. Based on mathe-
matical derivations, we compared the proposed IVME against three
standard reconstruction techniques (i.e., fast Fourier transform
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Fig. 4. The signal-transmission problem in the probability computing system and the IVME-based signal-reconstruction method. (a) An IVME-based parasitic-effect filter for
multi-layer neural network circuit applications, taking a spiking neural network (SNN) as an example. (b) The ideal mode, residual, and reconstructed signals based on the
IVME method for square waves with parasitic effects. (c) A comparison of different filtering methods (FFT, Kalman filter, and IVME ideal mode) for square wave signals with
parasitic effects. (d) Absolute error in filtering parasitic effects from the original signal using different methods. (e) Signal-to-noise ratio (SNR) achieved by filtering out
parasitic effects from the original signal using different methods. (f) Reconstruction results of the measured output currents containing parasitic effects. FFT: fast Fourier
transform; VMD: variational mode decomposition; Vi, Vi, and Viy.,: voltages applied to WL;, WL, and WLs, respectively.
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(FFT)-based filtering, the Kalman filter, and standard VMD) for val-
idation. We performed signal equalization on a square wave pulse
sequence that included parasitic effects (sequence duration: 6 s,
containing 100 square waves with variable pulse intervals); the
results of the parasitic effect filtering by different methods are
shown in Fig. 4(c). After continuous signals have been sampled dis-
cretely, the signal-to-noise ratio (SNR) is used as a quantitative met-
ric to evaluate reconstruction quality and is defined as follows:

SNR = 101g (Z safl” 2)
2_ [sa[n] — se[n]|

where s4 [1n] represents the sampled ideal signal without parasitic
effects, se[n] denotes the filtered signal via different methods, and
n denotes the index of the discrete sampling points. As shown in
Figs. 4(d) and (e), the FFT filter performed poorly (SNR: ~5.18 dB)
because the parasitic distortion is non-stationary and overlaps with
the signal frequency band, invalidating the simple frequency cutoff.
Due to the lack of prior constraints, standard VMD could not deter-
mine the number of modes. This led to mode aliasing and solution
difficulties during filtering, resulting in limited improvement (SNR:
~5.93 dB). The Kalman filter achieved better noise reduction (SNR:
~12.15 dB). However, as a recursive estimator, it can smooth signals
but struggles with restoring the sharp edges of pulses. Furthermore,
its computation process is strictly serial, leading to low throughput
and high latency during hardware implementation, making it
unsuitable for processing high-frequency signals.

The proposed IVME mode separates only two modes, with the
extracted ideal mode exhibiting a performance comparable to that
obtained via Kalman filtering (~10.83 dB). Furthermore, the recon-
structed signals based on the extracted-mode features achieved a
better SNR of 18.73 dB. When IVME was used as the filter and local
feature-detection tool, the IVME reconstruction errors primarily
exhibited temporal errors in rising/falling edges. As a simplified
version of the VMD, IVME can be implemented in FPGAs [72,73].
To further demonstrate the feasibility of hardware implementa-
tion, we compared the hardware resource consumption and algo-
rithm complexity of the IVME module with those of signal-
equalization methods such as long short-term memory (LSTM)-
based neural equalizers [74]| and the Kalman method (Section S9
in Appendix A), demonstrating the higher computational efficiency
of the IVME module in Appendix A Table S2.

Furthermore, we applied the IVME method to reconstruct the
output signal affected by parasitic effects in the prototype circuit.
The voltage difference between the BL and WL was applied as
the input voltage to the memristor-based crossbar array circuit,
while the output current was applied to the parasitic filter through
the BL. Based on the pulse waveform and the local features, the
output signal was reconstructed as shown in Fig. 4(f), confirming
that we successfully filtered out the parasitic effects from the
crossbar array output current measured in Fig. 3(e). We also recon-
structed the output signals for different pulse frequencies and
amplitudes (Fig. S21 in Appendix A). The rising edges, falling edges,
and amplitude of the reconstructed signal were consistent with
those of the original signal, indicating that the IVME method can
effectively extract local fluctuations and reconstruct signals.

In the proposed Bayesian system, memristors are key devices
for storing or generating random sources. Since the voltage drop
generated by the sneak current in the memristor-based crossbar
array is significantly lower than the device Vy,, it does not cause
incorrect transistor turn-on. Instead, signal ripple due to parasitic
effects will affect the probabilistic switching behavior of the diffu-
sive memristors, causing performance degradation of the proba-
bilistic system, as shown in Fig. 5(a). Therefore, we further
analyzed the impact of parasitic effects for this Bayesian machine,
extracting the parameters of the memristor device and the matri-

8)
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ces of parasitic resistances, inductances, and capacitances (R, L,
C) from the physical layout of crossbar switch arrays of varying
sizes. As shown in Fig. 5(b), the voltage probability mapping curve
in a 28 x 28 x 10 crossbar array can become severely distorted as
the voltage transient rate dV/dt increases, due to the introduction
of more high-frequency components. Correspondingly, the recog-
nition accuracy on the MNIST dataset declines. When dV/dt =
1 x 10°, the accuracies of the Bernoulli Bayesian machine and the
Gaussian Bayesian machine drop to 52.4% and 47.4%, respectively.
Although the Gaussian Bayesian machine has stronger ideal infer-
ence capabilities, its accuracy degrades more severely under severe
signal distortion.

Since the parasitic impact on switching probability accumulates
along the signal-transmission path, the large-scale crossbar array
in the P-computing system can be divided into small arrays, with
IVME modules added between each subarray to avoid error accu-
mulation, as shown in Fig. 5(c). For memristor crossbar arrays of
varying sizes, the configuration of the IVME module can be deter-
mined through a trade-off analysis between recognition accuracy
and the number of partitions. As shown in Fig. 5(d), we analyzed
the relationship between segmentation number and system accu-
racy using the Bernoulli and Gaussian Bayesian models. It can be
observed that parasitic effects will severely disrupt analog signal
transmission, resulting in poor accuracy (segmentation quantity:
0). As the number of segments increases, the overall accuracy of
the probabilistic system significantly improves, rising sharply
and converging at a segmentation quantity of approximately 3-5.
Therefore, we can first verify the accuracy degradation caused by
signal-transmission issues through crossbar array circuit simula-
tion. Subsequently, based on the convergence curves and perfor-
mance requirements, we can ensure better performance is
achieved with fewer hardware resources. In the future, conver-
gence can be accelerated by optimizing the initialization of the
center frequency. Additionally, hyperparameters such as the bal-
ancing factor ¢ can be optimized before hardware deployment
based on simulations of the proposed equivalent circuit. These
improvements can further increase computational efficiency.

4. Discussion and conclusions

In summary, we have implemented a true stochastic Bayesian
machine based on an AAAPT memristor crossbar array circuit for
the first time. Benefiting from the characteristics of the diffusive
memristor-based crossbar array circuit, the Bayesian machine is
robust to soft errors such as device non-uniformity and supports
long probability sequence inference, enabling probabilistic hard-
ware to handle high-feature tasks such as image recognition for
the first time. Compared with other probabilistic systems (i.e.,
NVMs, MT]Js, and FPGAs), the proposed system offers superior com-
putational efficiency and scalability and achieves higher recogni-
tion accuracy on the MNIST dataset. Before building and
analyzing the whole crossbar array circuit, we first fabricated a sin-
gle diffusive memristor and used it as the P-bit in a memristor-
based crossbar array, constructing a corresponding compact model
based on the physical characteristics. Subsequently, we proposed
an extensible circuit modeling and analysis method for the
memristor-based crossbar array structure and fabricated a proto-
type circuit that integrates 256 diffusive memristors for experi-
mental validation, demonstrating both the effectiveness of the
circuit model and the significant signal-transmission issues in
memristor-based probabilistic hardware. Finally, we proposed a
signal-reconstruction method based on IVME to effectively filter
parasitic signals within the crossbar array circuit. Compared with
methods such as FFT, Kalman filtering, VMD, and neural equalizers,
the proposed signal-reconstruction scheme effectively balances
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Fig. 5. Parasitic effects on Bayesian machines. (a) Signal-transmission problems directly lead to incorrect switching of the P-bit. (b) Distortion of scaled voltage-probability
curves due to parasitic effects cause signal distortion. (c) Using the IVME method to filter parasitic effects in large-scale crossbar array circuits to avoid error accumulation. (d)
Improved Bayesian machine accuracy based on the signal-reconstruction method with different segmentation quantities. dV/dt: the voltage transient rate.

the computational cost with the signal-equalization performance.
Our work opens new directions for designing and exploring hard-
ware circuits and computational methods for P-computing, with
the potential to lead to the achievement of stable and effective
edge computing applications [75-79].
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