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Effective integration of multiple sensory information in the brain is essential to achieve accurate
information perception and processing despite the noise and imperfections in biological neural systems,
providing strong inspiration for improving computational accuracy in neuromorphic computing. In the
future development of brainlike chips, e.g., biomimetic robots, multisensory-information integration is an
essential capability for recognizing the external circumstances. Here, based on the computational model
proposed by neuroscientists, we propose a hardware implementation scheme of the decentralized multi-
sensory information-integration system using spintronic devices, in which magnetic tunnel junctions are
employed as artificial neurons with stochastic dynamics. Using a one-dimensional continuous variable
(orientation, head direction, etc.) as a typical example, we demonstrate that the input information from
noisy cues is extracted with high accuracy after integration. This spintronic neuromorphic system exhibits
remarkable tolerance for both nonuniform devices and the malfunction of different modules. The com-
putational advantages and robustness of the spintronics-based information-integration system provide an
important basis for the development of hardware neuromorphic platforms.
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I. INTRODUCTION

Digital computers nowadays rely on the accurate
processing of data, where every bit must be correctly
computed, transferred, and stored. Ensuring accuracy in
storage and computation consumes additional energy [1].
In contrast, biological neural systems contain significant
noise in the information, stemming either from the sensory
organs as noisy input signals or during the neural compu-
tation due to the stochastic dynamics of the neurons and
synapses [2–6]. Despite this noise, the neural system can
achieve sophisticated cognitive and behavioral tasks. For
example, humans can distinguish orientation differences
of less than 1° [7], and orientation is a typical continuous
variable in object recognition.

Stimulus information cannot be accurately encoded in
the activity of a single neuron due to noise from input
signals and the intrinsic network topology. Neural circuits
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generally adopt a population coding strategy to represent
external stimuli [8–10], as shown in Fig. 1(a). They inte-
grate relevant sensory cues from other circuits optimally
to improve perception (i.e., multisensory-information inte-
gration) [12–15]. The continuous-attractor neural network
(CANN) is a canonical model for representing continu-
ous features through population coding, such as orientation
[16], movement direction [17], head direction [18], spatial
locations [19], and different views of objects [20,21]. Com-
putations using CANNs yield consistent results with neural
experiments [22–25]. Coupling several CANNs can enable
Bayesian optimization of multiple information integration
[26–29]. In addition, multisensory-information integration
is a necessary function for future intelligent systems, such
as biomimetic robots, to accurately perceive the external
circumstances [30].

In a CANN, every individual neuron has its own pref-
erence, and its responsive tuning curve to external stimuli
is bell shaped and centered at its corresponding preference
[8,19,31]; see Fig. 1(a). The stochastic dynamic properties
of such neurons in population coding [10,32] are perfectly
reproduced by a magnetic tunnel junction (MTJ) in the
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FIG. 1. (a) Schematic illustration of population coding. Lines in the left panel indicate the neurons’ tuning curves, which are bell
shaped and centered at their preferences. One-dimensional variable θext induces activity in a group of neurons, resulting in a bumplike
population activity (right panel). Stimulus value θest is then decoded based on the neural population activity [11]. (b) Switching
frequency of the MTJs with different preferences as functions of the input voltage. Frequency is calculated by sampling 100 states
within 1 ms. Dashed lines are fitted using a Gaussian function. (c) Schematic of the proposed architecture of a MTJ-based CANN.
Every MTJ in the CANN is subjected to a unique local bias to represent the neuron with its own preferred feature, as indicated by
the substrate at the bottom. Green arrows denote excitatory connections for the MTJ in the dashed frame, and the connections have
translationally invariant symmetry for all the MTJs. Solid magenta line schematically illustrates the bell-shaped response bump of the
network under an external stimulus. Inhibitory connections are not explicitly shown. (d) Population activities of the network with and
without connections. Solid white lines represent the estimate decoded from the network response. Stimulus is input to the network at
t < 20�t. (e) Deviation of the network estimate from the real stimulus and the variance of the network estimate as functions of the
system’s noise strength.

superparamagnetic regime [33,34], which can serve as the
fundamental element for the hardware implementation of
population coding [35]. In particular, the switching fre-
quency of a MTJ driven by thermal perturbation can be
simply tuned by an external electric and/or magnetic bias
to shift its preference [36]. Then a group of MTJs with
various biases naturally encode a stimulus of continuous
features [37,38], as shown in Fig. 1(b). Thanks to mature
fabrication techniques, such MTJs can be optimized to
reduce their switching time down to nanoseconds [39].
They are particularly suitable for application in future nan-
odevices [40–44] with fast operation speed, low cost, and
low energy consumption [45–47]. There was a pioneering
study to realize population coding with superparamagnetic
MTJs [36], where the summation of the weighted activity
of several MTJs with shifted tuning curves was employed
to represent nonlinear functions, and the realization of this
approach was dependent on MTJs with a smaller area and
lower energy consumption than those based entirely on

CMOS devices. However, the computational advantages
of population coding in a network consisting of inter-
connected MTJs have not yet been fully exploited, partly
because of the challenges in developing and applying
suitable neuromorphic algorithms [48] to let MTJ-based
networks have designed functions and good performance.

Based on recent progress in experimental and compu-
tational neurosciences for the application of population
coding and multiple sensory integration in information
processing [12,26,28,29], we propose a spintronic realiza-
tion scheme of several coupled CANNs with high toler-
ance to system noise and input noise. The scheme employs
the unique dynamic characteristics of MTJs and provides
an ideal implementation for the computational neuro-
science model [28,29]. As a proof of concept, a decen-
tralized model for multisensory-information integration is
implemented with MTJs, which have stochastic dynamics
driven by thermal fluctuations. Through multiscale simu-
lations, we demonstrate its capability to accurately extract
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one-dimensional orientation by integrating multiple noisy
input signals. This bioinspired computing scheme is partic-
ularly robust against hardware variability and the different
malfunctions of modules in the network.

II. PROPOSAL FOR THE MTJ-BASED CANN

We design a magnetic CANN consisting of a group
of MTJs, the preferences of which are uniformly dis-
tributed in a one-dimensional receptive field, as sketched
in Fig. 1(c). The MTJs are connected via translation-
ally invariant excitatory connections, i.e., the connection
strength between two neurons only depends on the differ-
ence between their preferred stimuli [27]; see Eq. (A4) in
the Appendix. Such translationally invariant connections
can be realized through peripheral circuits [49]. Synap-
tic strengths are globally scaled by the parameter Jrec and
global inhibition is introduced to maintain the balance of
excitatory and inhibitory dynamics in the network; see the
Appendix.

A MTJ consists of two ferromagnetic layers, such as
Co-Fe-B, that are separated by an insulator spacer like
MgO. While the magnetization of one ferromagnetic layer
is fixed by, e.g., an exchange bias due to an adjacent
antiferromagnetic material, the other magnetic layer can
flip its magnetization under the superparamagnetic regime
via thermal excitation. When the two magnetizations are
parallel and antiparallel, the MTJ exhibits low and high
resistance, respectively. For a single MTJ under an elec-
tric voltage (V), the thermally induced stochastic switching
frequency (denoted as r hereafter to mimic the firing
rate of a single neuron) is determined by the temperature
and energy barrier between the parallel and antiparallel
states, as described by the generalized Néel-Brown theory
[33,50]. A bell-shaped tuning curve of the MTJ follows the
relation r ∝ f [(V − Vpre)

2], where f is a nonlinear func-
tion, as described in the Supplemental Material [51]. Vpre is
the preferred value determined by an electrical or magnetic
bias on the free layer and is uniformly distributed across
the whole receptive field; see the Appendix.

The CANN receives sensory information with consider-
able noise from a local sensor, which is converted into a
global input voltage (Vext) for all the MTJs in the network.
This global input, used to encode the continuous exter-
nal stimulus, leverages the distinctive dynamic properties
of MTJs and significantly simplifies the input process in
the conventional neuroscience model. The total voltage
on a MTJ (Vtot) becomes a superposition of the exter-
nal stimulus (Vext), the local bias (Vpre), and the recurrent
interactions from other MTJs (Vrec). The input noise and
system noise are superimposed on Vext and Vrec, respec-
tively, both modeled by independent random noise. Under
Vtot, the response of every MTJ is updated by count-
ing the switching frequency in a fixed time interval. This

frequency is then transferred to other MTJs via the con-
nections as an electrical voltage, according to the inverse
function, f −1, as described in the Supplemental Material
[51]. Thus, the computation is iteratively performed, and
the CANN generates bump activity to encode the exter-
nal stimulus. Information is then extracted by decoding
the response bump, taking the center of mass of the bump
in the past 10 time steps for network dynamics as the
instantaneous estimate [59,60], which is equivalent to the
maximum likelihood estimate [4].

Before performing information integration, we first
demonstrate the capability of information encoding using
such a spintronic CANN, where recurrent connections
in the network are essential for the accuracy and reten-
tion of encoded data. The dynamics of a CANN with
100 MTJs is performed with and without recurrent con-
nections. Detailed dynamic equations are provided in the
Appendix. Since the CANN is translationally invariant,
the response to an arbitrary stimulus (Vext) corresponds to
the same bump centered at the corresponding MTJ with
Vpre = Vext. Therefore, we only consider in this work a
constant external stimulus of the orientation, θext = 0◦,
without loss of generality. Then the input voltage, Vext, is
applied to the network without input noise (βinp = 0) for a
finite period, t ≤ 20�t, and the firing rates (switching fre-
quencies) of the most active MTJs in the CANN are plotted
in Fig. 1(d).

With the input signal, both the MTJs without connec-
tions and the CANN with connections exhibit a bump-
shaped response centered at the MTJs with a preference
of 0°. The white lines represent the decoded estimate, i.e.,
the center of mass of the network response. The CANN
with connections results in much smaller uncertainty than
the unconnected MTJs, indicating that the recurrent con-
nections lead to more accurate information encoding.

After turning the stimulus off at t = 20�t, all the MTJs
without connections reach the highest firing rate, and the
encoded information disappears. In contrast, the CANN
with connections still holds a bell-shaped response, with
its center near the previous external stimulus, θext = 0◦,
indicating that the network has memorized the informa-
tion. The retention of the response bump is attributed to
the connections in the CANN, which determine the energy
landscape of the dynamic network. Specifically, a series
of local minima, referred to as attractors, are continuously
distributed over the feature space due to the translationally
invariant connections, in contrast to the discrete attractors
in the Hopfield network [44]. When the CANN receives
an external input, it evolves to the corresponding attrac-
tor state and remains at this steady state after the input
is removed. Such an inertialike effect not only helps to
reduce the influence of system noise in the network, but
also holds the stimulus information for other cognitive
functions, such as decision making and spatial navigation.
By repeating 20 runs with 400 trials each, we calculated

064040-3



LI ZHAO et al. PHYS. REV. APPLIED 21, 064040 (2024)

the average deviation of the network estimate, θest, from
the real stimulus, θext, D = |θest − θext|, and the variance
of θest (denoted by Sest) as a function of system noise
strength, βsys, as shown in Fig. 1(e). Both the deviation
and variance of the CANN with connections are smaller
than those without connections. Therefore, although inde-
pendent MTJs are applicable for the population coding
strategy, the connections in the CANN essentially provide
the unique advantages of the network. It is worth not-
ing that a single CANN can barely reduce the input noise
because such noise simultaneously applies to all the MTJs
in the CANN, resulting in a global shift in the network esti-
mate. In biological neural systems, information received
from different senses is integrated to achieve high accu-
racy, where the independent input noise for different senses
can be effectively reduced.

III. INFORMATION INTEGRATION BY TWO
COUPLED MTJ-BASED CANNS

Inspired by multiple sensory-information integration
in the biological neural system, we design a decentral-
ized information-integration model consisting of L(L ≥ 2)

CANNs, which are reciprocally connected, as sketched in
Fig. 2(a). The connection strengths between different net-
works also depend on the difference in the preferences of
the corresponding MTJs and are scaled by another param-
eter, Jrep. The functional task of the coupled CANNs is to
reduce the uncertainties of input cues to extract precise
information. In the following, we demonstrate the func-
tionality and robustness in hardware implementation with
MTJs via numerical simulations. In particular, the MTJ-
based networks show a better performance and require
less-critical network parameters than the computational
neuroscience model, providing great flexibility for device
fabrication and applications.

First, we consider two CANNs, each consisting of 100
MTJs, which receive a fixed external stimulus correspond-
ing to θext = 0◦. Independent white Gaussian noise with
strengths of βsys = 0.015 V and βinp = 0.005 V are super-
posed on the interior and input signals, respectively. To
examine the effect of information integration, we consider
three strategies. The first two strategies correspond to the
external stimulus applied separately to the first network
(denoted as Net 1) and the second network (denoted as Net
2). In the third strategy, we let both networks receive their
external inputs simultaneously. The three strategies are
schematically illustrated in Fig. 2(b), and the firing rates
(switching frequencies) are shown in Fig. 2(c). When only
a single network receives the external stimulus, the other
network is excited indirectly by the internetwork connec-
tions, and thus, exhibits a wider response. If both networks
receive their external inputs simultaneously, the bandwidth
of the firing rate slightly decreases.

Owing to the reciprocal structure of the two CANNs,
we investigate the network’s estimate, θest, under the three
external input strategies by decoding the response of the
first network (i.e., Net 1). For every external input strat-
egy, a run with 400 trials is performed and the calculated
values of θest are shown as scattered dots in Fig. 2(d). The
corresponding distribution is plotted on the right side. Then
we repeat 20 runs with 400 trials each and plot the aver-
age distributions of θest in Fig. 2(e) for the three strategies.
All three curves exhibit a bell-shaped distribution cen-
tered at θext = 0◦, as expected. Moreover, the integrated
information with two simultaneous sensory inputs has a
narrower distribution than the other cases with only one
sensory input. The variances of θest are plotted in Fig. 2(f)
for a quantitative comparison, where the low green col-
umn manifests the accuracy of the integrated sensory
information.

As a benchmark, we employ the Bayesian inference
to estimate the variance for comparison. To do so, we
consider the first two strategies shown in Fig. 2(b)
and obtain θ1

est and θ2
est by decoding the output of the

first network. Following the Bayes theorem, we calcu-
late the variance of Bayesian inference across 400 trials,
SB = [S(θ1

est)
−1 + S(θ2

est)
−1]−1 [61]; see Eq. (A9) in the

Appendix. After averaging the results from 20 runs with
400 trials for every run, we find the average variance using
the Bayesian inference is larger than that from network
integration. This quantitative comparison demonstrates
the remarkable accuracy of integrating multiple sensory
information using the reciprocally connected magnetic
CANNs.

The network with superparamagnetic MTJs for sensory-
information integration has an excellent performance
across a wide range of network parameters. This includes
the voltage boundary of neuron preference, strengths of
synaptic connections, the threshold of the firing rate, the
number of neurons, and the sampling rate of MTJs, as sys-
tematically examined and documented in the Supplemental
Material [51]. In addition, the synaptic connections can be
truncated within just a few neighboring MTJs, while the
performance of the network is kept the same; see the Sup-
plemental Material [51]. The networks work reasonably
well in the presence of input and system noise, as well
as the inhomogeneity of superparamagnetic MTJs because
of the population coding strategy of CANNs [62]; see the
Supplemental Material [51]. These advantages are very
helpful for reducing complexity and energy consumption
in future applications.

Our neuromorphic model implemented by MTJs
exhibits more advantages than the computational neu-
roscience model [26,28,29]. For example, the achieved
integration of multisensory information does not require
critically fixed Jrep and Jrec (see the Supplemental Mate-
rial [51]), in sharp contrast to the original computational
model [26]. This is because the tuning curve of a neuron

064040-4



NEUROSCIENCE-INSPIRED INFORMATION. . . PHYS. REV. APPLIED 21, 064040 (2024)

(a) (b)

(e)

(d)

(c)

(f)

FIG. 2. (a) Structure of two coupled CANNs based on MTJs. Two CANNs have the same structure as in Fig. 1(c). Each CANN
receives an independent voltage as the input sensory signal and communicates through the excitatory connections between networks
denoted by purple arrows. (b) Schematic diagram of the three external stimulus input conditions: (1) only V1

ext is applied to network
1 (left); (2) only V2

ext is applied to network 2 (center); (3) V1
ext and V2

ext are simultaneously applied to the two networks (right). (c)
Population activities of two networks for the three stimulus conditions in a temporal order. (d) Decoded θest from the firing rate in
network 1 for 400 trials, while the right curves illustrate the distribution of the 400 estimated values. (e) Average distribution of
extracted θest. (f) Mean variance obtained over 20 runs. Error bars indicate the standard deviation of the variances over 20 runs.
Bayesian inference is plotted for comparison. Three asterisks indicate the significant difference (***, p < 0.001).

in the computational model relies sensitively on the con-
nections in the network. However, a MTJ naturally has a
bumplike response function for the input voltage, even if it
is not connected to any others. Such an intrinsic dynamic
property offers a large flexibility in choosing appropriate
network parameters to achieve a better performance and
greatly reduces the difficulty in hardware implementation
of brain-inspired computing.

IV. NETWORK WITH THREE
INTERCONNECTED MTJ-BASED CANNS:

ROBUSTNESS AGAINST MODULE BREAKDOWN

The above network can be generalized to contain three
or more CANNs that are mutually connected. Here, we
take a network with three CANNs as an example, sketched
in the inset of Fig. 3, to verify its functionality in the pres-
ence of module breakdown. With a single external input
(Vi

ext, i = 1, 2, 3), the variance of the network estimate
obtained by decoding the response of the first network
is plotted as blue, orange, and purple bars, respectively.
When the three CANNs simultaneously receive Vi

ext, the
variance is much smaller (the green bar) than those with
only one of the CANNs receiving the external input. The
performance of information integration by three CANNs
is even better than that of the standard Bayesian inference
(the red bar).

Next, we test the functionality of the network when
the module does not work properly. Three possible prob-

lems are specifically introduced, namely, the external input
signal for the third CANN is blocked (B1), the recipro-
cal signal transmitted towards the third CANN is blocked

FIG. 3. Information integration by three networks that are
reciprocally connected with one another. Top inset illustrates the
system consisting of three CANNs. From left to right, normal;
external stimulus for network 3 not received (B1); input com-
munication to network 3 blocked (B2); output communication
from networks blocked (B3). Bottom histograms show the cal-
culated average variance from network 1 under the four input
conditions: networks 1–3 receive the external stimuli, respec-
tively, and all three networks receive the input simultaneously.
Error bars represent the standard deviation over 20 runs, while
every run contains 400 independent trials. Variance of Bayesian
inference is plotted for comparison. Note that with B1 or B3 and
only network 3 receiving the external stimulus, the system does
not respond. Three asterisks indicate the significant difference
(***, p < 0.001).
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(B2), and the reciprocal signal transmitted from the third
CANN is blocked (B3); see the inset of Fig. 3. The vari-
ances integrated by the normal and faulty networks with
different external inputs are plotted at the bottom of Fig. 3.
These module breakdowns may affect the integrated infor-
mation in cases with a single external input. Nevertheless,
the variance is much less changed with the three simul-
taneous inputs, as shown by the green bars. In addition,
the variance from network integration is noticeably smaller
than that from the Bayesian inference. It is worth noting
that, for a single input, the variances under the breakdown
of B2 and B3 are smaller than the normal case, which
can be understood as follows. For example, under B2 or
B3, and only the first or the second network receiving
the external input, the system noise of the third network
does not influence the estimate by the first network due
to blocked communication. Thus, the variance is slightly
lowered. When only the third CANN receives the external
input under B2, the system noise of the other two net-
works transferred to the third network is filtered owing
to the communication breakdown. Consequently, the out-
put information from Net 3 is more accurate, resulting in
a smaller variance (the right purple column). However, if
three networks simultaneously receive external inputs, the
smallest variance is only achieved for the normal case, as
shown by the green columns.

The robustness of this network against module break-
down is attributed to its decentralized structure. Every
CANN first makes a local estimate with its own popula-
tion coding strategy, and communication between CANNs
via the reciprocal connections further help to achieve a
more accurate global estimate. This is significantly differ-
ent from the conventional centralized computing structure,
where a breakdown in the central computing unit must lead
to the whole system failing.

V. CONCLUSIONS

We develop a population coding scheme implemented
by superparamagnetic MTJs, which are used to construct
the CANN. The recurrent connections within the CANN
play an essential role in the accuracy and retention of
encoded information. The mutually connected CANNs are
designed as a decentralized neural network for integrat-
ing sensory information. Numerical simulations demon-
strate that this spintronics-based hardware network has an
excellent capability to integrate noisy sensory information
and does not sensitively depend on the network parame-
ters. This decentralized network is robust against various
breakdowns of sensory and communicative modules. Since
multisensory-information integration is a necessary and
crucial unit in future robotics and artificial intelligence
as a basis for decision making, our findings provide an
important reference for the development of neuromorphic
computing hardware.
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APPENDIX

Dynamics of the MTJ-based CANNs

The decentralized model for multisensory-information
integration in this work consists of L(L ≥ 2) one-
dimensional CANNs. In every CANN, a group of MTJs
are aligned in a ring according to their preference with
periodic boundary conditions. The preference of the ith
MTJ in the lth CANN (Vl

pre,i, i = 1, . . . , N , l = 1, . . . , L,
where N is the size of each CANN) is equally distributed
in the range of [−Vbound, +Vbound), where Vbound is the
voltage boundary of neuron preference. To mimic the
multisensory information-integration mechanism, we map
the preferred value of MTJ at Vl

pre,i to the continuous-
orientation-feature space (θ l

i ) in the range of [−π , +π),
i.e., θ l

i = πVl
pre,i/Vbound.

The dynamics of each MTJ is determined by the
total applied voltage, Vl

i(t), including its preference volt-
age, Vl

pre,i(t); the interactions from other neurons, Vl
rec,i(t)

(where the system noise is implicitly included); and the
external input signal, Vl

ext,i(t) (where the input noise is
superposed), namely,

Vl
tot,i(t) = −Vl

pre,i(t) + Vl
rec ,i(t) + Vl

ext,i(t). (A1)

Here, Vl
rec ,i(t) includes both the recurrent interactions from

neurons in the same CANN and the reciprocal interactions
from neurons in other CANNs, which are given by

Vl
rec,i(t)

=
∑

m
∑

j J lm
ij [Vm

j (t − �t) + Vm
sys,j (t)]

1 + k

√
∑

i

〈∑
m

∑
j J lm

ij [Vm
j (t − �t) + Vm

sys,j (t)]
〉2

.

(A2)

Vl
rec,i(t) increases with the recurrent inputs from other

neurons and then saturates gradually due to normaliza-
tion by the overall network activity. This normalization
operation could be implemented through global shunting
inhibition by inhibitory neurons [49], where the parameter
k controls the inhibition strength. Vm

j (t − �t) is calculated
by f −1[rm

j (t − �t)], where rm
j (t − �t) is the switching

frequency of the j th MTJ in the mth CANN at t − �t.
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The system noise voltage, Vm
sys,j (t), in Eq. (A2) is given

by

Vm
sys,j (t) = βm

sysξ
m
sys,j (t), (A3)

where ξm
sys,j (t) is Gaussian white noise with zero mean and

unit variance, and βm
sys corresponds to its strength.

The interaction strength (J lm
ij ) from the j th MTJ in the

mth CANN to the ith MTJ in the lth CANN is set to be

J lm
ij = J̃ lmexp

[

−
(

θ l
i −θm

j√
2σ lm

)2
]

, if |θ l
i − θm

j | < θth,

0, else,
(A4)

where J̃ lm and σ lm denote the absolute interactive strength
and range between MTJs, and J̃ lm = Jrec and σ lm = σrec
for l = m and J̃ lm = Jrep and σ lm = σrep otherwise. The
connection J lm

ij is a function of θ l
i − θm

j and is, there-
fore, spatially translation invariant, so that each CANN
enables a family of continuous attractors. Notably, we only
consider short-range connections within the condition of
|θ l

i − θm
j | < θth to save computing power consumption; see

the Supplemental Material [51].
The external inputs, Vl

ext,i(t), are set to be a constant, αl
ext,

due to the computing characteristic superposed by input
noise,

Vl
ext,i(t) = αl

ext + β l
inpξ

l
inp(t), (A5)

where αl
ext ∈ [−Vbound, +Vbound) refers to the orientation of

the external input in the lth layer (θ l
ext = παl

ext/Vbound).
ξ l

inp(t) is Gaussian white noise with zero mean and
unit variance, and β l

inp is the corresponding input noise
strength. The firing rate of the ith MTJ in the lth layer
at time t, rl

i(t), is calculated using the generalized Néel-
Brown theory, as described in the Supplemental Material
[51].

Variance determined using Bayesian inference

We consider a single external stimulus θext, generat-
ing two sensory cues (V1

ext and V2
ext), where the noise is

assumed to be independent for the two cues. According to
Bayes theorem, the posterior distribution, p(θext|V1

ext, V2
ext),

satisfies the following relationship:

p(θext|V1
ext, V2

ext) ∝ p(V1
ext|θext)p(V2

ext|θext)p(θext). (A6)

Here, p(Vl
ext|θext) (l = 1, or 2) represents the likelihood

function modeled by a Gaussian distribution, and it indi-
cates the probability of a particular value of Vl

ext generated
by the given stimulus θext. p(θext) a priori specifies the
probability of the presence of θext and is assumed to be
a uniform distribution.

Applying Bayes theorem again, the likelihood functions,
p(Vl

ext|θext), can be rewritten as

p(Vl
ext|θext) ∝ p(θext|Vl

ext)p(Vl
ext). (A7)

Because of the uniform distribution of stimuli θext, p(Vl
ext)

is also uniform. Consequently, p(θext|Vl
ext) is a Gaussian

function following the likelihood functions. Substituting
Eq. (A7) into Eq. (A6) and omitting the uniform proba-
bilities of p(θext) and p(Vl

ext), we have

p(θext|V1
ext, V2

ext) ∝ p(θext|V1
ext)p(θext|V2

ext). (A8)

Since both p(θext|V1
ext) and p(θext|V2

ext) are Gaussians, their
product, p(θext|V1

ext, V2
ext), must be a Gaussian function, and

its variance can be directly computed from the variances of
the other two Gaussians as

S(θext|V1
ext, V2

ext)
−1 = S(θext|V1

ext)
−1 + S(θext|V2

ext)
−1.

(A9)
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