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Hardware Implementation of Bayesian Decision-Making
with Memristors

Lekai Song, Pengyu Liu, Yang Liu, Jingfang Pei, Wenyu Cui, Songwei Liu, Yingyi Wen,
Teng Ma, Kong-Pang Pun, Leonard W. T. Ng, and Guohua Hu*

Brains perform decision-making by Bayes theorem – events are quantified as
probabilities and based on probability rules, computed to render the
decisions. Learning from this, Bayes theorem may be applied to enable
efficient user–scene interactions. However, given the probabilistic nature,
implementing Bayes theorem with the conventional deterministic computing
hardware can incur excessive computational cost and decision latency.
Though challenging, here a probabilistic computing approach is presented
based on memristors to implement Bayes theorem. Memristors are integrated
with Boolean logic circuits and, by exploiting the volatile stochastic switching
of the memristors, realize probabilistic Boolean logic operations, key for Bayes
theorem hardware implementation. To empirically validate the efficacy of the
hardware Bayes theorem in enabling user–scene interactions, lightweight
Bayesian inference and fusion operators are designed using the probabilistic
logic circuits and apply the operators in road scene parsing for self-driving,
including route planning and obstacle detection. The results show the
operators can achieve reliable decisions in less than 0.4 ms (or equivalently
2500 fps), outperforming human decision-making and the existing driving
assistance systems.

L. Song, P. Liu, Y. Liu, J. Pei, S. Liu, Y. Wen, K.-P. Pun, G. Hu
Department of Electronic Engineering
The Chinese University of Hong Kong
Shatin, N. T., Hong Kong SAR 999077, China
E-mail: ghhu@ee.cuhk.edu.hk
Y. Liu
ShunHing Institute of AdvancedEngineering
TheChineseUniversity ofHongKong
Shatin,N. T.,HongKongSAR999077, China
W.Cui, T.Ma
Department of AppliedPhysics
HongKongPolytechnicUniversity
HungHom,Kowloon,HongKongSAR999077, China
L.W. T.Ng
School ofMaterials Science andEngineering
NanyangTechnologicalUniversity
Singapore 639798, Singapore

The ORCID identification number(s) for the author(s) of this article
can be found under https://doi.org/10.1002/aelm.202500134

© 2025 The Author(s). Advanced Electronic Materials published by
Wiley-VCH GmbH. This is an open access article under the terms of the
Creative Commons Attribution License, which permits use, distribution
and reproduction in any medium, provided the original work is properly
cited.

DOI: 10.1002/aelm.202500134

1. Introduction

Brains are adept at making timely reli-
able decisions for events even with un-
certainties. This ability is attributed to
the Bayes theorem, a mathematical prin-
ciple used to determine the probabil-
ity of an event to occur when given
certain conditions.[1] In Bayes theorem,
the events, conditions, and their rela-
tions are all quantified and computed as
probabilities, following the fundamental
probability rules, to render timely reli-
able decisions. Bayes theorem therefore
shows promise in visualizing the poten-
tial risks and decision confidence in ad-
dressing problems in, for instance, user–
scene interactions.[2,3] Taking road scene
parsing in self-driving as an example
(Figure 1a), the car of investigation in
blue based on Bayes theorem may make
timely decision with reliability for lane
changing when considering all relevant
traffic conditions, e.g. the incoming cars,
the pedestrian, and the ambient light

and weather conditions. However, given the probabilistic nature,
implementing Bayes theorem can be challenging due to the lack
of specialized hardware to perform probabilistic data represen-
tation and computation. Using the conventional deterministic
computing hardware systems for Bayes theorem implementation
can inevitably incur excessive computational cost and decision
latency.[4]

Idealistic Bayes theorem implementation demands a proba-
bilistic computing solution to realize the probabilistic data rep-
resentation and computation. One feasible approach is to en-
code the data into streams of random bits, termed stochastic num-
bers, where the probability of the bit 1s determines the values.[5]

The stochastic numbers, when fed into standard Boolean logic
gates, can undergo bitwise Boolean operations and yield recon-
structed stochastic numbers as the computational results. The in-
puts and results obey statistical relations, thereby simplifying the
logic operations[5–7] and facilitating Bayes theorem implemen-
tation. Early electronic circuits, e.g., those based on linear feed-
back shift registers (LFSR), have demonstrated the ability in en-
coding stochastic numbers by exploiting the stochasticity inher-
ent in the circuits.[8–10] These circuits can be further integrated
with Boolean logic circuits for stochastic number processing
conforming to probabilistic computing rules. However, intricate
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Figure 1. Bayesian decision-making. a) Road scene parsing in self-driving, showing the car of investigation decides lane changing based on Bayes
theorem when considering all relevant traffic conditions, e.g. the incoming cars, the pedestrian, and the ambient light and weather conditions. b–
d) Hardware implementation diagrams of Bayes theorem with memristors, where the memristors are used to enable probabilistic data encoding and
logic operations and as such, render timely reliable Bayesian decision making based on probabilistic computational rules.

pre-/post-processing circuit designs are often required to en-
sure the results are not corrupted by improper correlations be-
tween the stochastic numbers.[11,12] As nanomaterial and elec-
tronics technology develop, devices with intrinsic stochastic prop-
erties were reported, e.g. memristive electronics based on 2D
materials.[13–16] These devices, exploiting their stochastic proper-
ties, can inherently realize probabilistic data representation and
computation and are, therefore, promising for designing com-
pact hardware Bayes theorem systems.
Herein, we present amemristor-enabled probabilistic comput-

ing approach for hardware implementation of Bayes theorem, as
illustrated in Figure 1b–d. We integrate volatile memristors with
Boolean logic circuits and, by exploiting the volatile stochastic
switching of the memristors, realize probabilistic data encoding
and logic operations that are essential for Bayes theorem imple-
mentation. Using the memristor-enabled probabilistic logic cir-
cuits, we design lightweight Bayesian hardware operators capable
of performing key Bayesian functions, e.g. inference and fusion.
These hardware operators are applied in road scene parsing for
self-driving, including route planning and obstacle detection, to
empirically validate their effectiveness in practical user–scene in-
teractions. Our results show the operators can perform reliable
decisions in less than 0.4 ms (or equivalently 2500 fps). This out-
performs human decision-making and the advanced driver as-
sistance systems, underpinning the potential to enable efficient
Bayesian user–scene interactions in, for instance, self-driving,
virtual reality, and robotics.

2. Results

2.1. Volatile Memristors

Memristors are resistive switching devices, and the memory
volatility varies depending on the switching mechanisms[17]

– the volatile memristors behave with self-reset threshold

switching.[18] In practical switching, memristors tend to exhibit
nonideal stochasticity, as a result of the underlying stochastic
switching dynamics. For example, arising from the stochastic
diffusion of the conductive elements, filamentary memristors
switch with stochasticity.[19] The stochasticity, however, along
with the self-reset threshold switching behavior, can potentially
enable the volatile memristors to perform probabilistic data en-
coding with reduced hardware and computational cost.[20–22]

Toward probabilistic data representation for hardware Bayes
theorem implementation, we develop volatile filamentary mem-
ristors from solution-processed hexagonal boron nitride (hBN),
following our previous report.[23,24] We start with liquid-phase
exfoliation of hBN, followed by memristor fabrication via pho-
tolithography (Figure S1, Supporting Information). Figure 2a
shows the memristors, where the top electrode develops with sil-
ver. To assess the switching behavior, we conduct sweeping test of
thememristors (Figure 2b). In a typical switching, thememristor
switches to a low resistive state when the bias is over a thresh-
old voltage Vth, and then spontaneously resets to a high resistive
state when the bias recedes below a hold voltage Vhold. Unlike the
typical filamentary memristors where the interplay between the
material defects and the filaments leads to non-volatile memory
behavior,[25,26] the dangling-bond-free nature of hBN contributes
to the volatile memory. Particularly, a thermal effect can partic-
ipate in the switching process and the generation of abundant
Joule heat can intensify the atomic oscillation.[27–29] As a result,
the silver filaments through the hBN layer can maintain an equi-
librium yetmetastable state, leading to a fast threshold switching.
With the decline and removal of the external bias, thememristors
spontaneously reset as the filaments rupture. See also Figure S2
(Supporting Information) for the transient switching of themem-
ristors, showing a switching time of ≈50 ns, a relaxation time of
≈1100 ns, and a switching energy of ≈0.16 nJ.
As the sweeping test continues, the memristor exhibits con-

sistent cycle-to-cycle stochasticity in Vth (2.08 ± 0.28 V) and Vhold
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Figure 2. Volatile switching memristors. a) 12 × 12 hBN memristors in a crossbar configuration, and the optical microscopic and cross-sectional
transmission electron microscopic images of a typical memristor. Device area ≈20 × 20 μm2. Scale bars – 5 mm, 20 μm, and 100 nm. b) Current-voltage
output from a typical memristor, showing 128-cycle stochastic yet stable switching with a switching ratio of ≈105. A compliance current of 100 nA is
set. c) Overall and d) individual distributions of the measured Vhold and Vth of 10 randomly selected memristors in (a), along with the corresponding
Gaussian fittings. 128 cycles are tested for each memristor. e) Endurance test of a typical memristor undergoing 106 consecutive test cycles under pulsed
stimuli. For each test cycle, a 20 μs voltage pulse of 10 V is set to fully program the memristor and an 80 μs voltage pulse of 0.1 V is set to read the output.
The output of the memristor is amplified by an operational amplifier and measured by an oscilloscope. The high and low resistance states in each test
cycle are computed based on the oscilloscope measurement, and plotted in blue and red, respectively. Both the states remain stable throughout the
endurance test.

(0.98± 0.30 V) in switching. The stochasticity arises from the un-
derlying switching dynamics of the memristors, i.e., the stochas-
tic diffusion of the silver ions.[19,27,29] To assess the stochas-
ticity further, we perform sampling test of ten randomly se-
lected devices from the array (Figure S3, Supporting Informa-
tion). As demonstrated, all the ten sampled devices exhibit a
stable stochasticity in switching. We plot the overall device-to-
device stochasticity in Figure 2c, with the distributions of the
measured Vhold and Vth of the individual sampled memristors

in Figure 2d. The device-to-device stochasticity is ≈8% in Vth,
measured by the coefficient of variation, i.e., the ratio of the
standard deviation to the mean of Vth in sampled memristors,
proving a high device-to-device uniformity. Having confirmed
the stable, uniform cycle-to-cycle and device-to-device stochas-
tic switching, we perform stochastic process modeling on Vth.
The measured Vth of each of the sampled memristors follows
a mean-reverting behaviour with random fluctuations, conform-
ing to the Ornstein-Uhlenbeck process (Figure S4, Supporting
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Information). Ornstein-Uhlenbeck process describes a stochas-
tic process in a dynamical system.[20] This indicates the stabil-
ity of the switching stochasticity of our memristors in long-term
switching. Indeed, pulsed cycling switching test proves a switch-
ing endurance of over 106 cycles (Figure 2e).
The stable volatile stochastic switching suggests that ourmem-

ristors when exploited in probabilistic computing can encode the
inputs into stochastic numbers in lightweight, where the volatile
switching can eliminate resetting circuits and operations, while
the switching stochasticity can facilitate stochastic number en-
coding. On the other hand, importantly, the device-to-device uni-
formity and high fabrication yield can allow simplified circuit
design and calibration in practical probabilistic computing hard-
ware implementation.

2.2. Probabilistic Logic Circuits

Using our volatile memristors, we then design stochastic num-
ber encoders (SNEs; Figure 3a) for stochastic number encod-
ing with desired probabilities and correlations, aiming to real-
ize probabilistic data representation as required by Bayes theo-
rem. Here the memristors are integrated with comparators to
implement lightweight SNEs. See also Figure S5 (Supporting
Information) for the hardware implementation. When fed with
pulsed signalVin, thememristors are switched stochastically, and
the output from the memristors carrying the stochasticity is bi-
narized by the comparators via the reference Vref. This yields
stochastic numbers with probabilities, and the probabilities are
well-regulated by Vin and Vref. Notably, as designed, the stochas-
tic numbers from an SNE are correlated, while those from two
or more parallel SNEs are uncorrelated. Figure 3b presents the
probability of uncorrelated stochastic numbers Puncorrelated with
respect to Vin. As Vin increases, Puncorrelated is increased, as the
memristors tend to switch on with a higher probability. This re-
lation follows a sigmoidal fit, proving that Vin can effectively reg-
ulate Puncorrelated. Similarly, Figure 3c presents the probability of
correlated stochastic numbers Pcorrelated with respect to Vref. In
this case, Pcorrelated is decreased as Vref increases, as Vref serves
as the threshold for binarization. This relation also follows a sig-
moidal fit, proving that Vref can also effectively regulate Pcorrelated.
Here we note that Puncorrelated can exhibit a more prominent devi-
ation than Pcorrelated, as two or more parallel independent mem-
ristors are required in implementing an uncorrelated SNE and
the device-to-device variations among the memristors can lead to
the more prominent deviation. The minor deviation in Pcorrelated
primarily arises from the noise and operation of the memristor
and the correlated SNE circuit. Nevertheless, as demonstrated,
our SNEs can perform stochastic number encoding with desired
and well-regulated probabilities and correlations, suggesting that
our SNEs can facilitate integration with Boolean logic circuits for
performing probabilistic computing.
As examples, here we show the integration of our SNEs with

compact Boolean logic circuits to build probabilistic AND and
MUX in uncorrelation, as they can conduct the key Boolean op-
erations for Bayes theorem (Figure 3d). For probabilistic AND,
two parallel SNEs are connected to an AND gate, and the uncor-
related stochastic numbers from the SNEs serve as the inputs to
the AND gate. Upon operation, based on the Puncorrelated-Vin rela-

tion in Figure 3b, the SNEs when fed with pulsed signals output
uncorrelated stochastic numbers, denoted as a and b, with prob-
abilities of P(a) and P(b), respectively. a and b are then bit-by-bit
fed into the AND gate to output a stochastic number, denoted as
c, with a probability of P(c). We show in Figure 3e the correspond-
ing stochastic numbers and probabilities from the hardware test.
The statistical relation, i.e., P(a)P(b) ≈ P(c), proves that the prob-
abilistic AND successfully functions as a multiplier to conduct
one-step multiplication of the stochastic numbers. Here we note
that, compared to the conventional binary multipliers, the prob-
abilistic AND not only simplifies the circuit design but also re-
duces the computational cost. The probabilistic AND can also
be configured in correlation. In this case, SNEs are configured
to output correlated stochastic numbers based on the Pcorrelated-
Vin relation in Figure 3c, and the correlated probabilistic AND
outputs the minimum of the inputs, i.e., P(c) ≈ min(P(a), P(b))
(Figure 3e). We also design probabilistic MUX in both uncorrela-
tion and correlation, and it performs one-step weighted addition
(Figure 3e). Here the select and inputs of the probabilistic MUX
must be uncorrelated to perform the operations properly (Figure
S6, Supporting Information).We present in Table S1 (Supporting
Information) a summary of the probabilistic logic circuits includ-
ing AND, OR, XOR, and MUX in varying correlations.
The probabilistic logic circuits with the desired probabilities

and correlations can potentially be integrated to enable proba-
bilistic computing toward Bayes theorem implementation. Note
that in the above demonstrations, the stochastic numbers are all
encoded in 100-bit length. A longer bit length can render a higher
precision in data representation and cancel the errors, however,
with a higher computational cost.[5] Given the tradeoff, the bit
length can be adjusted to accommodate tasks with different pre-
cision, error tolerance, and cost requirements.

2.3. Hardware Implementation of Bayesian Inference

To instantiate Bayes theorem, we apply our probabilistic logic cir-
cuits to implement Bayesian inference, a key decision-making
method. Inference draws conclusions based on known facts.
Despite being investigated in multiple disciplines including
logic, neuroscience, and computer science, the essence of in-
ference still remains elusive.[30–32] Nevertheless, the Bayes the-
orem provides a probabilistic solution to achieve inference.[16,33]

In Bayesian inference, prior knowledge denotes the known facts,
and belief the confidence (or reliability) of a certain decision. Im-
portantly, as the prior knowledge and beliefs are quantified as
probabilities, Bayesian inference can effectively revise the prior
knowledge with the new information, based on the rules of prob-
ability, to make reliable decisions.
Our lightweight memristor-based probabilistic logic circuits

are proven capable of performing probabilistic data representa-
tion and computation. Herein, we design a hardware operator
using our probabilistic logic circuits to perform Bayesian infer-
ence (Figure 4a; see also Figure S7 (Supporting Information) for
the hardware implementation), following the Bayesian inference
theorem:

P (A|B) = P (A)P (B|A)
P (B)

= P (A)P (B|A)
P (A)P (B|A) + P (¬A)P (B|¬A) (1)
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Figure 3. Memristor-enabled probabilistic logic circuits. a) Stochastic number encoders (SNEs), consisting of a memristor and a set of comparators.
The output probability and correlation are regulated by the input Vin and reference Vref. An SNE via circuit designs can output correlated stochastic
numbers, while two or more parallel SNEs can output uncorrelated stochastic numbers. b) Puncorrelated-Vin and c) Pcorrelated-Vref relations of the SNEs in
uncorrelation and correlation, well-fitting sigmoid functions Puncorrelated = 1/(1 + exp[− 3.56(Vin − 2.24)]) and Pcorrelated = 1 − 1/(1 + exp[− 11.5(Vref −
0.57)]). The error bar representing the mean and standard deviation at each data point is obtained from ten repeated samplings, where each sampling
consists of 100-bit stochastic numbers. d) Probabilistic AND andMUX logic circuits in uncorrelation, implemented with the SNEs and standard AND and
MUX logic circuits. The circuits can be reconfigured to implement other probabilistic logic circuits and accommodate varying correlations. e) Hardware
tests of the probabilistic logic circuits in (d) in both uncorrelation and correlation. Bit 0s and 1s are marked in blue and red. For probabilistic MUX, the
frequency of select s is half of the inputs to ensure both the inputs participate in the logic operations. The outputs of the probabilistic logic circuits in
uncorrelation and correlation are consistent with the statistical relations in Table S1 (Supporting Information).

where the probabilistic AND and MUX are integrated to con-
duct one-step multiplication and weighted addition operations,
respectively, for functioning as the numerator and denominator.
The division is achieved with a probabilistic MUX plus a D-Flip-
Flop, following a classic divider design, CORDIV.[34] When per-
forming Bayesian inference, the prior knowledge with a prior
probability P(A) is updated when the new information with a

marginal probability P(B) is available, to yield a reliable decision
with a posterior probability P(A|B).
To investigate the effectiveness of our Bayesian inference op-

erator in practical applications, we apply the operator in route
planning for self-driving (Figure 4a). Route planning has been
a challenging topic in self-driving, demanding great efforts to
deal with complex traffic, vehicle driving, and lane-changing
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Figure 4. Hardware implementation of Bayesian inference. a) Memristor-enabled Bayesian inference operator and its workflow to perform Bayesian
inference for route planning. Prior knowledge with a prior probability P(A) is updated as the new information with probability P(B) becomes available,
yielding a reliable decision with a posterior probability P(A|B). Here P(A) represents the initial belief of a vehicle (blue) trying to cut in lanes, and P(B)
represents the probability of the vehicle spotting another vehicle (red) on the target lane. The Bayesian inference operator is implemented with the
memristor-enabled probabilistic AND and MUX logic circuits. The probabilistic logic circuits are used to conduct multiplication and weighted addition
operations respectively for functioning as the numerator and denominator conforming to the Bayesian inference theorem. The division is achieved with a
probabilistic MUX plus a D-Flip-Flop, following a classic divider design for stochastic numbers, CORDIV.[34] See Figure S7 (Supporting Information) for
the detailed circuit design and hardware implementation. b) Hardware test of the Bayesian inference operator to perform route planning for self-driving
vehicles. P(A) and P(B) are manually set to initialise the operator. Stochastic numbers at the key nodes are plotted accordingly. Bit 0s and 1s are marked
in blue and red. The result P(A|B) > P(A) means the red vehicle in (a) can cut in lanes with higher confidence. This enhanced decision reliability is
attributed to the comprehensive evaluation of both the vehicle itself and the traffic situation. Pairwise (c) Pearson and (d) SC correlations between the
stochastic numbers in (b).

conditions. Particularly, given that any delay in decision making
can lead to severe traffic accidents, achieving timely reliable de-
cisions is critical in route planning. Bayesian inference has been
considered promising for performing route planning,[35] as it can
potentiallymake reliable decisionswith prior knowledge (e.g., the
traffic rules, road structures, and driving behaviors) and the lat-
est lane information (e.g., the obstacles, accidents, and weather
conditions). Here we assume a vehicle (blue) considering chang-
ing its lane, with probability P(A) representing its initial belief to
cut in the lane, based on the prior knowledge, i.e., the traffic con-
ditions before lane changing. To ensure a safe lane change, the
vehicle may evaluate the situation in the target lane to determine
whether to cut in through Bayesian inference. In this case, P(B)
represents a marginal probability related to the latest lane condi-
tion, i.e., an incoming vehicle (red) on the target lane. With P(A)
and P(B), the vehicle may update its belief based on the Bayesian
inference theorem and get a posterior probability P(A|B). For

illustration, P (A) = 57% and P (B) = 72% are assumed here for
Bayesian inference (Figure 4b). The operator integrates the prior
knowledge with the latest lane information to make a final de-
cision with a probability P (A|B) = 63%. This probability aligns
with the theoretical result in Equation 1, ≈61%, validating the
effectiveness of our hardware operator in performing Bayesian
inference. With the updated belief, i.e., P(A) < P(A|B), the vehi-
cle may make a lane-changing decision with a higher reliability.
However, here we must note the decision-making is essentially
not limited to lane changing. For example, when P(A) > P(A|B),
the hardware operator can decide to maintain its current lane
with a higher reliability.
Note that, to make our hardware operator lightweight for

timely decision-making, we maximize the sharing of the SNEs.
This is possible with a well regulation of the probabilities and cor-
relations of the stochastic numbers that ensures the proper func-
tions of the Multiplier, Adder, and Divider. To clarify, we quantify

Adv. Electron. Mater. 2025, 11, e00134 e00134 (6 of 10) © 2025 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH

 2199160x, 2025, 16, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/aelm

.202500134 by H
O

N
G

 K
O

N
G

 PO
L

Y
T

E
C

H
N

IC
 U

N
IV

E
R

SIT
Y

 H
U

 N
G

 H
O

M
, W

iley O
nline L

ibrary on [06/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.advelectronicmat.de


www.advancedsciencenews.com www.advelectronicmat.de

Figure 5. Hardware implementation of Bayesian fusion. a) Memristor-enabled Bayesian fusion operator and its workflow to perform Bayesian fusion.
Pre-trained neural networks tailored for single modalities receive RGB and thermal information and output single-modal obstacle detection decisions,
denoted as P(y|x1) and P(y|x2), where y represents the detected obstacle, and x1 and x2 represent the RGB and thermal information, respectively. The
Bayesian fusion operator fuses the single-modal decisions into a reliable decision, denoted as p(y|x1,x2), using the Bayesian fusion theorem. The Bayesian
fusion operator is implemented with thememristor-enabled probabilistic AND andMUX logic circuits. The probabilistic logic circuits are used to conduct
multiplication and weighted addition operations respectively for functioning as the numerator and denominator conforming to the Bayesian fusion
theorem. The division is achieved with a probabilistic MUX plus a D-Flip-Flop, following a classic divider design for stochastic numbers, CORDIV.[34]

See Figure S9 (Supporting Information) for the detailed circuit design and hardware implementation. b) Obstacle detection results before and after the
Bayesian fusion of the RGB and thermal information under the different visibility conditions during daytime and nighttime. Before fusion, single-modal
(RGB or thermal) networks typically lose certain target obstacles andmake decisions with insufficient confidence. The Bayesian fusion operator effectively
overcomes the single-modal shortages, addresses the target-missing and low-confidence issues, and achieves much more accurate and reliable results.

pairwise correlations between the stochastic numbers involved
in the Bayesian inference using Pearson correlation and SC corre-
lation (Figure 4c,d). The results confirm that all the probabilistic
logic circuits in our operator work in the desired correlations and,
as such, conduct the desired Boolean operations for performing
Bayesian inference. Though our route planning studies the case
where the decision-making is governed by one variable only (de-
noted as one-parent-one-child, i.e., A→B), our operator can be
readily generalized to more cases, for instance, two-parent-one-
child (A1→B←A2) and one-parent-two-child (B1←A→B2) (Figure
S8, Supporting Information). In addition, arising from the fast
switching of the memristors (<4 μs in total per bit, Figure S2,
Supporting Information), our Bayesian inference operator with
100-bit stochastic number encoding can achieve Bayesian infer-
ence with less than 0.4 ms per frame, or equivalently 2500 fps.
Note that here we neglect the delays of the comparators and
Boolean logic circuits, as the switching of the memristors is the
bottleneck of the operator. In this consideration, our operator out-
performs human decision-making (0.7–1.5 ms reaction time[36])
and the advanced driver assistance systems (30–45 fps[37]) in
route planning.

2.4. Hardware Implementation of Bayesian Fusion

Fusion is another key Bayesian decision-making.While inference
integrates the past and present information, fusion considers the
information from multiple modalities. Given that each modality
represents fragmented information, Bayesian fusion fusesmulti-
modal information to address the single-modal shortages and as
such, achieve more reliable decisions.[30] As with inference, the
information in Bayesian fusion is represented and computed by
probabilities and can lead to excessive computational cost and la-
tency. Here we investigate the potential of our probabilistic logic
circuits in implementing Bayesian multimodal fusion in hard-
ware. We design a fusion operator conforming the Bayesian fu-
sion theorem (Figure 5a). See also S9 for the hardware imple-
mentation.
To investigate the effectiveness of our hardware Bayesian fu-

sion operator in practical applications, we apply the operator in
obstacle detection in self-driving (Figure 5a). Here we assume
a self-driving vehicle equipped with RGB and thermal cameras,
with the RGB camera to extract the obstacle signatures mainly in
good visibility and the thermal camera obstacle signatures only

Adv. Electron. Mater. 2025, 11, e00134 e00134 (7 of 10) © 2025 The Author(s). Advanced Electronic Materials published by Wiley-VCH GmbH
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with heat emission. We test with a real dataset, FLIR,[38] that con-
sists of aligned RGB-thermal images captured at different visibil-
ity conditions. Pre-trained edge networks tailored for processing
RGB and thermal signals are used to output single-modal detec-
tion decisions, denoted as P(y|x1) and P(y|x2), where y represents
the detected obstacles, and x1 and x2 the RGB and thermal in-
puts. Considering the limitations of the RGB and thermal cam-
eras, the single-modal decisions tend to be unreliable. As shown
(Figure 5b), the thermal camera loses certain obstacles, as a result
of insufficient thermal emissions from the obstacles or received
by the camera. RGB camera also misses obstacles, particularly
during low-visibility nighttime. Besides, these two single modal-
ities sometimes fail to provide confident decisions.
Given this, RGB-thermal Bayesian fusion has been considered

promising for realizing reliable decision-making, particularly,
during low-visibility nighttime, rain, and fog.[2,3] Our Bayesian
fusion operator can fuse the single-modal RGB and thermal de-
cisions into p(y|x1,x2), following:

p
(
y|x1, x2) = p

(
x1, x2|y) p (y)
p
(
x1, x2

) ∝ p
(
x1, x2|y) p (y) (2)

Assuming x1 and x2 are conditionally independent with given
y, we have:

p
(
x1, x2|y) = p

(
x1|y) p (x2|y) (3)

Substituting Equation 3 into 2, we get the multimodal fusion
decision:

p
(
y|x1, x2) ∝ p

(
x1|y) p (x2|y) p (y) = p

(
x1|y) p (y) p (x2|y) p (y)

p (y)

∝
p
(
y|x1) p (y|x2)

p (y)
(4)

The RGB-thermal Bayesian fusion results prove our opera-
tor is effective in addressing the single-modal detection issues
(Figure 5b). On the one hand, our operator can integrate the
single-modal RGB and thermal decisions to generate a final de-
cision, resolving the issue of target missing. On the other hand,
our operator can make more confident decisions by leveraging
the Bayesian fusion theorem.
As with the Bayesian inference operator, our Bayesian fusion

operator also maximizes the sharing of the SNEs and makes
good use of the correlations to realize lightweight circuit de-
sign. Similarly, arising from the fast switching of thememristors,
our Bayesian fusion operator with 100-bit stochastic number en-
coding can also easily achieve fusion with less than 0.4 ms per
frame (equivalently 2500 fps). Considering the sampling rate of
the cameras (10–30 fps[39]) and the processing speed of the pre-
trained networks (300 fps[40]) deployed in real-world self-driving,
our operator is a promising timely reliable obstacle detection so-
lution for self-driving.

To accommodate larger-scale systems with higher-order condi-
tional probabilities and allow fusion with more modalities, Equa-
tion 4 can be easily generalized by, according to ref. [41].

p
(
y|x1, x2 … xM

)
=

∏M
i=1 p

(
y|xi)

p(y)M−1 (5)

In this case, as more variables and dependencies are involved
in the computation, the probabilistic results may become mini-
mal. Hence, longer stochastic numbers can be required to repre-
sent the results to avoid underflow during the computation. This
may gradually undermine the advantages of stochastic comput-
ing over the conventional binary computing in terms of energy
consumption and latency, as we discuss in Note S1 (Supporting
Information) and show in Figure S11 (Supporting Information).
The correlations between the stochastic numbers in this casemay
also need to be re-evaluated to ensure correct stochastic com-
puting due to the longer and sparser stochastic numbers. Here,
“sparser” means a decreased ratio of bit 1s in stochastic num-
bers. Given the above considerations and concerns, the Bayesian
operator needs to be optimized carefully before being deployed
in large-scale systems.

3. Conclusion

In this work, we have implemented a memristor-enabled prob-
abilistic computing approach for performing timely reliable
Bayesian decision-making in hardware. We develop lightweight
probabilistic logic circuits using volatile stochastic memristors
and achieve probabilistic data representation and logic opera-
tions to facilitate hardware Bayes theorem implementation. As
practical applications of the hardware Bayes theorem, we design
Bayesian inference and fusion operators using the probabilistic
logic circuits and prove their remarkable performance in road
scene parsing for self-driving, including route planning and ob-
stacle detection.
Given the demonstrated remarkable Bayesian decision-

making performance and the compact circuit designs, as well
as the scalability of our memristors, our hardware Bayes theo-
rem approach is readily scaled up and generalized to develop
Bayesian systems for real-world user–scene interactions. To ex-
plore the feasibility, we show via simulation that a large-scale
Bayesian fusion can process high-throughput road scene video
(Movie S1, Supporting Information). As demonstrated, the fu-
sion resolves the target missing issue, with significantly higher
chances to detect the obstacles than the single-modal thermal (by
85%) or RGB (by 19%). For example, the running child obscured
by the harsh lighting is hardly detected by RGB. Besides, impor-
tantly, the fusion achieves decisions with higher confidence. Aris-
ing from the fast switching of the memristors, the large-scale
Bayesian fusion can achieve user–scene interactions with a re-
sponse time of less than 0.4 ms, or equivalently over 2500 fps,
fulfilling the requirements of widespread applications including
self-driving, virtual reality, robotics, and beyond. Though promis-
ing, realizing large-scale Bayesian systems requires large-scale
fabrication of the memristors and high-level integration of the
memristors with logic circuits, as well as parallel operations of
the large-scale circuits. Amongst these, the fabrication yield and
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uniformity of the memristors are still key concerns in large-scale
manufacturing in current technological advances, and collabora-
tive efforts from both the academia and industry are demanded
to address the challenges. Hardware and algorithm codesigns are
also needed to address or accommodate the non-idealities, e.g.
noises and delays from the memristors and circuits.

4. Experimental Section
Materials and Memristor Fabrication: Pristine hBN powder and all

chemicals were purchased from Sigma–Aldrich and used as received.
Liquid-phase exfoliation, ink formulation, and deposition of hBN follow
the method previously reported in ref. [23]. In a typical process (Figure
S1, Supporting Information), the memristor was fabricated in a vertical
Pt/Au/hBN/HfOx/Ag configuration, where hBN was deposited by slot-die
coating, the HfOx layer (20 nm) was deposited by atomic layer deposition,
and the metal electrodes (5/15 nm Pt/Au and 30 nm Ag) were patterned
by photolithography and deposited by electron beam evaporation. During
device fabrication, the hBN layer after deposition was baked at 200 °C for
2 h.

Stochastic Number Encoders and Probabilistic Logic Circuits: To build
the SNEs and probabilistic logic circuits, the memristors were tested on a
probe station and connected to the logic gates and other electronic devices
on a breadboard. Tektronix Keithley 4200A-SCS parameter analyzer with
pulse measure units was used to measure the electrical characteristics
of the memristors. Siglent arbitrary waveform generators and digital stor-
age oscilloscopes were used to output signals and measure waveforms.
To endow the stochastic numbers with a certain probability, based on the
Puncorrelated-Vin and Pcorrelated-Vin relations in Figure 3b,c, each stochastic
number encoder was fed with n-cycle pulsed signals of the corresponding
Vin to encode n-bit stochastic numbers.

Stochastic Number Correlation: The correlation between the stochastic
numbers Sx and Sy is quantified using the Pearson correlation (𝜌) and SC
correlation (SCC),[11] following:

𝜌

(
Sx, Sy

)
= ad − bc√

(a + b) (a + c) (b + d) (c + d)
(6)

and

SCC
(
Sx, Sy

)
=

{ ad−bc
(a+b+c+d)min(a+b,a+c)−(a+b)(a+c) , ad ≥ bc

ad−bc
(a+b)(a+c)−(a+b+c+d)max(a−d,0) , ad < bc

(7)

where a, b, c, and d represent the counts of 1-1, 1-0, 0–1, and 0-0 pairs of
two stochastic numbers Sx and Sy, respectively.

Bayesian Inference and Fusion: Each operator is built with two ran-
domly selected memristor-based SNEs. The two SNEs exhibit similar
Puncorrelated-Vin and Pcorrelated-Vin relations. No specific or additional mem-
ristor calibration, circuit redesigns, or testing of the relations are required
to implement the SNEs and operators given the high device uniformity and
fabrication yield of the memristors. For Bayesian fusion, the pre-trained
RGB-only and thermal-only networks used are the Ultralytics YOLOv8[42]

and Roboflow flir-data-set/22,[38] respectively. The prior of the obstacle p(y)
is assumed to be uniform for the convenience of circuit designs. Limited by
the scalability of the lab-based realization of the hardware Bayesian opera-
tor, the hardware Bayesian fusion is conducted on individual RGB-thermal
image pairs only. These Bayesian demonstrations are implemented by
hardware. On this basis, large scale Bayesian computing is implemented
via simulation in Python. Movie S1 (Supporting Information) shows large-
scale Bayesian fusion on videos. Considering the output probability may
exceed one, a normalization module is integrated to ensure reasonable
outputs as the final multimodal fusion decisions (Figure S10, Supporting
Information).
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the author.
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