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1. Introduction

Stochastic resonance (SR) [1] has been used in infor-
mation processing, particularly for signal detection in
neural systems, and experimental results have been re-
ported [2, 3, 4]. With regard to sensory systems, these
studies insist that SR is the principle behind subthresh-
old signal detection in a real noisy environment. With
a view to explaining experimental results, studies have
mainly concentrated on SR using neuron models [5, 6].
These model studies focus on subthreshold signal de-
tection in sensory systems. By contrast, some high-
level functions of human vision, audition and memory
retrieval are considered to be the results of SR [7, 8, 9].
These functions caused by SR may be related to coupled
systems and spatiotemporal signals because the neuron
activities are represented as firing patterns. SR has
also been reported in actual neural networks that should
correspond to these high-level function results [10, 11].
However, these SR studies on actual neural networks
were related to a simple situation that included a si-
nusoidal signal in noise.

Here we focus on an associative memory network
[12, 13] consisting of a FitzHugh-Nagumo (FHN) neuron
model [14, 15] provided to deal with SR in excitable dy-
namics caused by a spatiotemporal signal. The weights
are learned by a modified Hebbian rule using orthogonal
unbiased patterns. The network with Gaussian white
noise is modulated by a temporally sinusoidal pattern.
We consider that this modulation pattern is an input sig-
nal and the noise is a fluctuation in the environment. We
previously used one of the learning patterns as the mod-
ulation pattern, and reported the results of spatiotem-
poral SR in this system [16]. From those results, when
we used the overlap between the network output and
the learning pattern as the network response, we found
the SR properties of pattern oscillatory retrieval in the
overlap timeseries synchronized with the sinusoidal mod-
ulation. As found in previous SR studies, the noise vari-
ance maximized the resonance response and the reso-

nance curve could be fitted by the theoretical SR func-
tion of the excitable dynamics. The network and neu-
ron resonance frequency was similar. We determined for
the first time that, in a heterogeneous system, the cou-
pling strength maximized the resonance response. This
resonance mechanism was explained by a following sce-
nario. The parameter crosses a bifurcation point to a
limit cycle corresponding to the modulation pattern. In
other words, the state crosses a threshold to an excitable
state corresponding to the modulation pattern. In this
work, we use a randomly flipped pattern from a learn-
ing pattern as a modulation pattern. This approach is
provided to study oscillatory retrieval properties by spa-
tiotemporal SR modulated by a distorted learning pat-
tern. We evaluate the robustness of retrieval when we
decrease the similarity between this modulation pattern
and the learning pattern. Section 2 shows the model
and the modulation pattern and Sec. 3 provides the nu-
merical results. Finally, we summarize our conclusions
related to the oscillatory retrieval properties produced
by spatiotemporal SR and speculate on the meaning of
spatiotemporal SR in actual neural systems and their
functions.

2. Model

To study pattern oscillatory retrieval by spatiotempo-
ral SR, we focus on an associative memory network that
is formed of coupled FHN neurons. The neuron model
has a fast variable u representing the internal state of
a neuron and a slow variable v corresponding to the re-
fractory period. The constant input Iy biases the neu-
ron toward the threshold so that it oscillates. A network
modulated by a sinusoid with a small amplitude I; and a
frequency fm, and Gaussian white noise 7;(¢) with mean
0 and variance D, can be represented by the following
equations.

du; u?
T dt = U; — — —V;

3
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(2)

where the parameters are 7 = 0.1, 7 = 0.8, v = 0.7,
and Iy = 0.0. The value of Ueq for a parameter set is
determined by the equilibrium state in the absence of a
sinusoid and noise in a single neuron model. Here, we
fix ueq =—1.2as Iy = 0.0 and the number N of neurons
in the network is 256. The noise is uncorrelated both
within the neurons and in time.

The weight w; ; is learned by the following modified
Hebb rule.

p
W = m;'ff(ﬁf—

dvi
dt

= u; —fv;+7,

(3)

w represents the coupling strength and a is the mean
activity of the learning patterns. We use this asymmet-
rical learning rule because the neuron experiences a re-
bound effect [12, 13] by which it is fired through an in-
hibitory input. The learning patterns ¢ (i = 1,..., N,
u=1,... p) with a mean activity a = 0.5 are the or-
thogonal p = 3 patterns coded with 0 and 1 values.
The modulation amplitude I = (L1, Ly .o In) is
&vzmod

constructed from a modulation pattern with a

small value ¢ as follows.
I, = EEmOd.

(4)

We fix ¢ = 0.05 as a small value against input noise vari-

ance D. This modulation pattern EZmOd is constructed
by random flipping from the v-th learning pattern. Ran-
dom flipping replaces 1 with 0 or 0 with 1 in randomly
gmod

chosen neurons. However maintains its orthogo-

nality with other learning patterns and mean activity
Smod
I3

a. The overlap r between the modulation pattern
and the v-th learning pattern is

- s L —oE™d-a. @

r represents the similarity between the modulation pat-
tern ,EZmOd and the v-th learning pattern. Here we call
this overlap r the modulation pattern similarity. We
study the retrieval properties produced by SR with de-
creases in the modulation pattern similarity r.

Here we introduce an overlap m,(t) as an order pa-
rameter in the network behavior. Since we are often
interested in resonance with binary signals, we quantize
the internal state u timeseries into a binary output of 1

or 0 reflecting whether or not the neurons are firing. To
define the overlap, timeseries u;(t) is transformed into
binary output z;(t) as follows.

o Loifu > wyyy,
o= {0, otherwise. (6)

The overlap m(t) is defined as follows.

Z(&“

This overlap m,(t) shows the similarity between the net-
work output z;(¢) at time ¢ and the p-th learning pat-
tern. We call m,,(t) the learning pattern overlap. In the
same way, we define overlap m, _(¢) for the modula-
tion pattern and call m,,q(f) the modulation pattern
overlap.

We calculate the mean peak powers P,(fn) and
Phod(fm) to evaluate the resonance response of m,,(t)
and m, o q(t) at modulation frequency f,,. We also con-
sider the power ratio Pr(fm) = Py(fm)/Prmod(fm) to
compare the modulation frequency powers for the oscil-
latory retrieval. This ratio is expressed in decibels (dB).
When Pgr(fm) > 1 (10logyq Pr(fm) > 0) and the net-
work shows clear spatiotemporal SR, we regard as suc-
cessful retrieval of the v-th learning pattern by SR.

a)(zi(t) —a). (7)

m#(t) Na(l

3. Numerical Results

Figure 1 shows the peak powers when the noise vari-
ance was varied. In a range of noise variance D, P,(fn)
is larger than P q(fm). The amplitude of m,() is
larger than that of m . 4(#) at the modulation frequency
fm- This means that the network oscillatory output is
more similar to the learning pattern than the modulation
pattern. This retrieval effect is large when the weight is
large.

Next, we fix noise variance D and calculate P,(f)
and P,,q4(fm) as a function of modulation pattern sim-
ilarity r. Figure 2 shows P,(fmn) and P, q(fm). When
the modulation pattern similarity r is larger than a crit-
ical value, P,(fm) > Ppod(fm). This shows that when
the modulation pattern is a slightly distortion of the
learning pattern, the network can retrieve the learning
pattern, not the modulation pattern. This is caused by
the retrieval function of the associative memory model,
which is provided by a cooperative effect through inter-
action. With a larger coupling strength w, the result is
similar and the retrieval effect become larger than that
with a small w.

Lastly, we consider the power ratio Pr(fm) in order
to compare the modulation frequency powers for oscil-
latory retrieval synchronized with the sinusoidal pattern

-772-



30

Power P(fm) (dB)

I I I
0 0.1 02 03 0.4 0.5 0.6 0.7 0.8 0.9 1

Noise variance D

Figure 1: Powers P, (fr) and P, q(fm) as a function of
noise variance D. The parameters are w = 0.2, f,,, = 0.2,

and r = 0.5.
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Figure 2: Powers P,(fm) and P, q(fm) as a function
of modulation pattern similarity ». The parameters are

w=0.1, fn = 0.25, and D = 0.6.
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Figure 3: Power ratio Pg(fm). The numbers represent
the ratio in dB. The parameters are w = 0.2 and f,, =

0.2.

modulation. Figure 3 shows Pr(fm). Pr(fm) > 1, when
the modulation pattern similarity » is larger than a crit-
ical value and noise variance D is in a certain range.
The region of Pg(fm) > 1 is extended in the direction
of » and reduced in the direction of D as the coupling
strength w increases. Here we note for a further large w
that when w becomes too large, clear pattern SR prop-
erties are not obtained in the network even when using
a learning pattern as a modulation pattern [16].

4. Conclusion and Discussion

We studied the properties of pattern oscillatory re-
trieval produced by SR in an associative memory net-
work coupled FHN neuron model. The modulation pat-
tern was constructed from one of the learning patterns
by random flipping. We undertook a numerical study of
stochastic synchronized retrieval with the sinusoidal pat-
tern modulation when the similarity between the modu-
lation pattern and the original learning pattern was re-
duced. The network stochastically and periodically re-
trieved the learning pattern rather than the modulation
pattern when the similarity between two patterns was
larger than a critical value and the noise variance was
in a certain range. This means that the network oscil-
latory output was more similar to the learning pattern
than the modulation pattern. This retrieval effect was
large when the weight was large. The range of the learn-
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ing pattern retrieval for a large weight was extended in
the similarity direction and decreased in the noise vari-
ance direction. These responses show that the network
retrieves the learning pattern, not the modulation pat-
tern even when the modulation pattern is only a slight
distortion of the learning pattern. This is caused by the
retrieval function of the associative memory model. The
results show an effective function whereby spatiotempo-
ral SR can robustly detect subthreshold spatiotemporal
signals even when the pattern signal is slightly distorted.

Here we consider the importance of spatiotemporal SR
for the high-level functions of neural systems. Actual
neural systems that have high-level functions, code in-
formation by firing patterns and not by firing each neu-
ron. We can assume that the firing pattern behavior is
important for information processing and transmission.
Suppose that a certain firing pattern is evoked by a spa-
tiotemporal input. Even when the spatiotemporal input
is sightly distorted, it may be able to activate the same
firing pattern. In a sensory SR situation, we did not
consider the distortion of the input signal. Spatiotem-
poral SR in an associative memory network can resonate
with the distorted spatiotemporal input and retrieve a
learning pattern by cooperative resonance between res-
onators. If the behavior and formation of firing patterns
in actual neural systems are important for high-level in-
formation processing, spatiotemporal SR is more suit-
able for neural systems than ordinary sensory SR. These
functions are necessary for the high-level functions of
neural systems. This spatiotemporal SR may become a
simple model of high-level information processing by SR
in neural systems.
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