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This work explores the inverse stochastic resonance (ISR) induced by bounded noise and the multiple inverse stochas-
tic resonance induced by time delay by constructing a modular neural network, where the modified Oja’s synaptic learning
rule is employed to characterize synaptic plasticity in this network. Meanwhile, the effects of synaptic plasticity on the ISR
dynamics are investigated. Through numerical simulations, it is found that the mean firing rate curve under the influence
of bounded noise has an inverted bell-like shape, which implies the appearance of ISR. Moreover, synaptic plasticity with
smaller learning rate strengthens this ISR phenomenon, while synaptic plasticity with larger learning rate weakens or even
destroys it. On the other hand, the mean firing rate curve under the influence of time delay is found to exhibit a decaying
oscillatory process, which represents the emergence of multiple ISR. However, the multiple ISR phenomenon gradually
weakens until it disappears with increasing noise amplitude. On the same time, synaptic plasticity with smaller learning
rate also weakens this multiple ISR phenomenon, while synaptic plasticity with larger learning rate strengthens it. Further-
more, we find that changes of synaptic learning rate can induce the emergence of ISR phenomenon. We hope these obtained
results would provide new insights into the study of ISR in neuroscience.
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1. Introduction

It is well known that noise is unavoidable in the neuro-
biological dynamical system. Various interesting phenomena
induced by noise, such as synchronization and transition,!!~!
stochastic resonance, and coherent resonance,”®! have

been extensively
10,11

studied in neurobiological dynamical
systems.'%!11 Interestingly, Paydarfar et al. discovered!'?! a
new phenomenon induced by noise when studying the effect
of noise on neuronal pacemakers in a vitro preparation of squid
giant axons, which showed that noise can suppress or turn
off repetitive neuronal activity. Since the dependence of the
neuronal response on noise is opposite to that in the stochas-
tic resonance mechanism, this phenomenon is called inverse
stochastic resonance (ISR). Once this phenomenon came out,
it attracted a lot of research attention. For example, Uzuntarla
et al. investigated ISR induced by ion channel noise!!3! and
they extended this research to the neural network.['* Besides,
the influence of electrical synapses and chemical synapses on
ISR in single neuron and neural network were investigated.[!3]
The related experimental work of Anatoly et al. on ISR, such
as the study of cerebellar Purkinje cells, provided prelimi-
nary experimental proof for ISR, and showed the impor-
tant role of ISR in cerebellar information processing. Up to
now, the study of ISR has been reported mainly in individual
neurons or simple networks. However, in recent years, exper-
iments have discovered that in the cerebral cortex of cats and

17,18

macaques,[ ! the structure of the neural network has modu-
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lar characteristics. A network with high modularity has dense
connections between nodes within a module, but sparse con-
nections between nodes in different modules. Compared with
classical complex networks, this structure allows modular net-
works to accurately represent some collective behaviors in the
real world. To further understand the role of ISR in the brain,
it is imperative to study ISR in modular neural network.
Noise is a key factor that causes the phenomenon of ISR.
In the previous numerical simulations of ISR, Gaussian noise
and non-Gaussian noise were usually used instead in order to
simulate the noise in reality. Among them, Tuckwell et al.
studied the ISR of Hodgkin—Huxley (HH) neurons under white
Gaussian noise and performed long-term firing analysis. ']
Guo found that Gaussian color noise has a stronger inhibitory
effect on neuronal firing than Gaussian white noise.”) Li
et al. tested whether non-Gaussian colored noise can induce
ISR.[>!1 Lu et al. compared the ISR induced by Gaussian and
non-Gaussian colored noise and found that under the condi-
tion of non-Gaussian colored noise, the transition of the mean
firing rate was smoother, the ISR duration was longer, and
the ISR phenomenon was more obvious.!*?! In recent years,
bounded noise as a generic non-Gaussian colored noise has at-

5.[23-231 Compared with

tracted a lot of attention from scholar
other noises, bounded noise not only considers the amplitude
and frequency of the noise, but also the random phase, which
is more suitable for simulating the realistic noise. Wang et al.
studied the inhibitory effect of bounded noise on neuronal fir-

ing, and found that the larger the amplitude of the bounded
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noise and the smaller the frequency, the more obvious the in-
hibitory effect.[?®]

In addition, in the real neural network system, since neu-
rons cannot process and transmit the information received in
an instant,>”) that is to say, we need to consider the influence
of coupling time delay on neuronal dynamics in the neural net-
work system. The effect of time delay on the ISR of a single

neuron has been confirmed, 8]

and there are related reports
that time delay can induce multiple ISR phenomena on a sin-
gle neuron. Therefore, it will be an interesting topic to study
the effect of time delay on ISR in modular neural network.

In the neurobiological system, it has been found that in
the process of neurons growth and learning and memory, the
weights of synapses connecting neurons are constantly up-

4.129-31

dated, rather than remain unchange I The biological

process by which this neural system modulates the strength of
connections between neurons is called synaptic plasticity. 3?!
However, most previous studies of ISR did not consider synap-
tic plasticity in order to simplify the neural network model.
To make our study more physiologically meaningful, synaptic
plasticity needs to be included in neuronal model. Now, some
simplified learning rules, such as Hebbian learning rule,*3!
Oja’s rule,**! STDP rule,*! have been proposed to regulate
synaptic weights. As a modified Hebb learning rule, the Oja’s
learning rule can make the updated synaptic weights have
good convergence. In recent years, many scholars have de-
voted themselves to using Oja’s learning rule to study synaptic
plasticity in biological neural networks. For example, Yao et
al. discussed the effect of synaptic learning rate on spike syn-
chronization in neural networks.*®) Through numerical stud-
ies, Yang et al. found that an increase in synaptic learning
rate slightly inhibits burst synchronization between interacting
neurons. 7!

In view of the fact that previous works of ISR have been
mainly studied in single neurons or simple networks and have
not considered the effect of synaptic plasticity, the purpose
of this work is to extend the study of ISR to modular neural
network. In order to make the network model more physio-
logically meaningful, synaptic plasticity is also considered in
the connections of the modular neural network. Inspired by
the above findings, this work constructs a modular neural net-
work model with synaptic plasticity, and studies the effects of
bounded noise, time delay, and synaptic plasticity on inverse
stochastic resonance through numerical simulation. The rest
of this work is arranged as follows: Section 2 presents the
mathematical model of a modular neural network with synap-
tic plasticity. Section 3 illustrates the numerical simulation

results. Finally, a conclusion is drawn in Section 4.

2. Model

The modular network in this work can be generated as
following: Firstly, it is assumed that the modular network con-
sists of M submodules. The submodules are all small-world
networks that obey the random boundary process proposed by

(381 Among them, the small-world net-

Newman and Watts.
work is generated by adding shortcuts between non-nearest
nodes with intra-cluster probability pjne, in a regular ring-like
network of N nodes (each node is connected to its K nearest
neighbors). After generating all the submodules, nodes in dif-
ferent submodules are randomly connected with inter-cluster
probability piner. The framework of the modular network is
thus constructed. The network configuration parameters are
setas M =2, N =150, K =6, pinra1 = 0.1, Pintraz = 0.09,
Pinter = 0.01 where pinga; and pinga2 denote the intra-cluster
probabilities of the two submodules, respectively.

The classical HH neuron model,**! which reproduces
spiking behavior similar to that of many real neurons, is of-
ten used to study the effect of noise on neuronal dynamics,
which can be described by the following equation:

C%/ = Ip+gxn* (Vk = V) + gnam®h(Va — V)
+eL(VL—V)+&(1).

Here, V is the membrane potential and C is the membrane ca-
pacitance. gk, gNa, and gr, are the maximum conductance for
potassium, sodium, and leak current with corresponding equi-
librium potentials Vk, WNa, and VL. Iy is external current and
& (¢) represents the noisy environment of neurons.

The gating variables m and h represent the activation and
inactivation variables of sodium channel, respectively, and the
gating variable n represents the activation variable of potas-
sium channel in neurons. They simulate activation and inacti-
vation of sodium channel and activation of potassium channel
respectively through the following differential equation: "]

d

i 0 (1—x)—Bex, (x=m,n,h).

dr

The voltage-dependent coefficients @, and B, (x = m, n,
h) are determined experimentally and follows the following

equation: (3940

_0.01(10—V)
)= exp[(10—V)/10] -1’
B.(V) =0.125exp(—V /80),
V)= 0.1(25—V)
" expl(25 V) /10] — 17
Bu(V) = 4exp(=V/18),

o (V

R

0y, (V) =0.07exp(—V /20),
1

V)
V) = GOV 1

=
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On the basis of the HH neuron model, this work builds a math-
ematical model of modular neural network with synaptic plas-
ticity under bounded noise and time delay environments, as
shown in the following:

dvy (e
)
+gNam hr i (Vi — Vii(2)) + gL (VL — Viai(1)
M N
+g2 ZAI,J(ivj)vVIJ(iajat)
J=1j=1
x [Vi,i(t) = Vy,j(t = T)] +&(1),
AW, (i, j.t o
% = L-arctan{V;;(t)[V; ;(t) = Vii(t)Wi 4 (i, j,1)]},
dxy;
51—~ B (=) (D

in which V;;(t) (i =1,2,...,N,I = 1,...,M) represents the
membrane potential of the i-th neuron in the /-th submod-
ule. Aj;(i,j) is the connection matrix of the modular net-
work. Ay (i, j) = Ay (j,i) = 1 if neuron i in the I-th submod-
ule is connected with neuron j in the J-th submodule, other-
wise Aj;(i, ) = Ay 1(j,i) = 0. In this model, we use a mod-
ified Oja’s learning rule to describe the variation of synaptic
weights between neurons. Wy ;(i, j,t) represents the synaptic
weight form neuron j in the J-th submodule to neuron i in the
I-th submodule at time 7. L is the synaptic learning rate, which
reflects the speed at which the synaptic weights between neu-
rons are updated. x; ; represents the gating variables of the i-th
neuron in the I-th submodule. The bounded noise & (¢) can be
expressed as & (1) = Dsin(Qt 4+ oB(t) + I'), where D and Q
represent the amplitude and frequency of the bounded noise,
respectively. B(t) is a standard Wiener process, I is a ran-
dom variable uniformly distributed in [0, 27). In simulations,
the parameters of the bounded noise are fixed at £2 = 6.0 and
o = 3.0. In order to make the isolated HH neuron produce
spiking activity, the values used for all parameters are listed
in Table 1. respectively. In this work, the Euler algorithm is
used to numerically simulate the above model with the time
step 0.02, the initial value of V;;(¢) is set to be 0.0, and the
initial value of the gating variables (my;, ny;, hy;) is set by
x1,i(0) = 04(0)/ (o) + By0))> (x = m,n, h).

Table 1. Neuron model parameters.

Symbol Description Value Units
C membrane capacitance 1 uF/cm?
gK maximum potassium conductance 36 mS/cm?
gNa maximum sodium conductance 120 mS/cm?
gL maximum sodium conductance 0.3 mS/cm?
Vk sodium reversal potential —12 mV
VNa sodium reversal potential 115 mV
\%3 leakage reversal potential 10 mV
Iy injected bias current 6.8 uA/cm?
T time interval 1000 ms

To quantify the ISR, first we count the number of spikes
generated by each neuron in the modular network within the
time interval 7', and then calculate the mean firing rate of the
modular network according to the following formula:

Rocs = gz | L L0 @
mod — Neikes |

NMT =5 Spikes
é;ikes denotes the number of spikes of neuron i in the /-
th submodule in the time interval 7. This R4 can effectively

Here, n

reflect the firing frequency of the modular neural network. A
smaller Ry,oq represents a lower firing frequency of the mod-
ular neural network. If there appears a minimal value in the
evolution of Ry04, one can say that ISR occurs in the modular
neural network. Due to the random character of both the gen-
eration of the modular network and the generation of noise,
the results obtained below are averaged over 50 realizations,
with the exception of the membrane potential map, in order to
ensure the real reliability of the numerical calculations.

3. Results

In this section, we mainly investigate ISR induced by
bounded noise and multiple ISR induced by time delay in this
modular neural network. Moreover, the effect of synaptic plas-
ticity on ISR and multiple ISR are further discussed.

3.1. Inverse stochastic resonance induced by bounded
noise

Firstly, we investigate how bounded noise affects HH
neuron firing in the modular neural network without consid-
ering synaptic plasticity and time delay. For this purpose, we
set both the synaptic learning rate L and the delay 7 in Eq. (1)
to be 0.
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Fig. 1. The membrane potentials of modular neural network under differ-
ent noise amplitudes: (a) D = 0.0, (b) D =0.5,(c) D=1.5, (d) D =4.0,
(e) D=8.0.

Under the above preconditions, figure 1 shows the mem-
brane potentials of the modular neural network at different
noise amplitudes. In Fig. 2, the interspike interval histograms
(ISIHs) of the modular neural network is further depicted to
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more vividly describe the firing rhythm of collective neurons.
Combining Figs. 1 and 2, we clearly find that the modular neu-
ral network is in a regular spiking state in the absence of noise,
and the total number of firing spikes is 5700 in this the modu-
lar neural network. When the noise amplitude increases to 0.5,
the firing spikes in the modular neural network become sparse,
and the number of its firing spikes is significantly reduced to
2638. When the noise amplitude increases further, as shown in
Fig. 2(c) the firing frequency of neurons decreases again and
only a small number of firing spikes appear in the modular
neural network, with the number of firing spikes decreasing to
603. However, for larger noise amplitudes, the number of fir-
ing spikes in the modular neural network no longer decreases.

On the contrary, the number of firing spikes increases with
increasing noise amplitude. For example, when D = 4.0 and
D = 8.0 (see Figs. 2(d) and 2(e)), the number of firing spikes
in the modular neural network increases to 4181 and 5495, re-
spectively. Furthermore, we find from Fig. 2 that the range
of the distribution of interspike intervals (ISIs) of the modu-
lar neural network gradually expands as the noise amplitude
increases. This indicates that the distribution and regularity
of neuronal firing are changed by the noise amplitude. Over-
all, one can observe that the firing frequency of the modular
neural network first decreases and then increases with increas-
ing noise amplitude, which suggests that bounded noise can
induce ISR in this modular neural network.
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Fig. 2. ISIHs of modular neural network at different noise amplitudes: (a) D = 0.0, (b) D =0.5, (c) D= 1.5, (d) D =4.0, (e) D =8.0.

To quantify the ISR phenomenon in the modular neural
network, the mean firing rate of the modular neural network
on the different noise amplitude is calculated in Fig. 3. As the
noise amplitude increases, the mean firing rate first decreases
and then increases, reaching a minimum around D = 1.5,
which shows an inverted bell-like shape. This implies that
modular neural network does show a phenomenon of ISR un-
der the influence of bounded noise.
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Fig. 3. The variation of mean firing rate with the bounded noise amplitude D.

3.2. Effect of synaptic plasticity on noise-induced ISR

In the following, we investigate how the synaptic plastic-
ity affects the above bounded noise-induced inverse stochastic
resonance. First, we depict the effect of synaptic plasticity on
the ISR phenomenon by characterizing the change curve of
mean firing rate with noise amplitude under different synaptic
learning rates in Fig. 4. The results in Fig. 4 show that for rel-
atively weak synaptic learning rate, there is a minimum of the
mean firing rate, while for stronger synaptic learning rate (e.g.,
L = 8 and L = 9), there is no significant minimum in the evo-
lution of mean firing rate. This indicates that within a certain
range of the synaptic learning rate L, the modular neural net-
work will still experience ISR, and when the synaptic learning
rate L is too large, the modular neural network will not experi-
ence ISR. Furthermore, for smaller synaptic learning rate, the
shift in the mean firing rate is gentler, while for slightly larger
synaptic learning rate (e.g., L = 1, 3), the shift will be sharper.
In Fig. 4, the mean firing rate stays at a lower state for the

appropriate noise amplitude. Compared to different synaptic
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learning rates, and it can be seen that the range of noise ampli-
tude that keeps the mean firing rate low becomes larger as the
synaptic learning rate increases. As the synaptic learning rate
increases further, this range narrows again. Therefore, we can
choose the appropriate synaptic learning rate so that the range
of noise amplitudes that can inhibit neuronal firing activity be-
comes wider. On the other hand, we can also find that with
increasing of the synaptic learning rate, the minimum value

synaptic learning rate. Furthermore, the fact that these curves
fall and then rise implies that the mean firing rate of the modu-
lar neural network decreases and then increases as the synaptic
learning rate increases, which is precisely the characteristic of
ISR. We thus conclude that, under a suitable noise, changes in
the learning rate of synaptic plasticity can also induce ISR in
modular neural network.

50

of the mean firing rate keeps decreasing. However, further
increasing of the synaptic learning rate, we find that the mini-

45r
401
35¢

(a)

— — -Minimum average firing rate
without synaptic plasticity

mum value of the mean firing rate starts to increase until ISR
no longer occurs in the module neural network. In order to il-
lustrate this situation more intuitively, we extract the minimal
value of each curve, as shown in Fig. 5(a). By comparing with
the case when the synaptic learning rate L = 0, it can be found
that when L is relatively small (L < 6.5), synaptic plasticity
will strengthen the inhibitory effect of noise, thus strengthen-
ing the ISR phenomenon; when L is relatively large (L > 6.5),
synaptic plasticity weakens the inhibitory effect of noise, so
that the ISR phenomenon in the modular neural network is
weakened or even disappeared.
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Fig. 4. The variation of mean firing rate with the noise amplitudes D
under different synaptic learning rates.

Next, we further investigate the effect of synaptic plastic-
ity on ISR by fixing the noise amplitude. Figure 5(b) shows
the variation of the mean firing rate with the synaptic learn-
ing rate for different case of noise amplitudes. As can be seen
in Fig. 5(b), each curve falls and then rises upon increasing
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Fig. 5. (a) Minimal mean firing rate as a function of the synaptic learn-
ing rate L. (b) The variation of mean firing rate with the synaptic learn-
ing rate under different noise amplitudes D.
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Fig. 6. The membrane potentials of modular neural network with
the condition of D = 0.5 under different synaptic learning rates L:
(a)L=0.0,(b)L=0.1,(c)L=6,(d)L="7,(e) L=8.

To verify whether changes in the learning rate of synaptic
plasticity can induce ISR in the modular neural network, we
depict some membrane potentials of the modular neural net-
work and their corresponding ISIHs in Figs. 6 and 7. Figure 6
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shows some membrane potentials of the modular neural net-
work under the condition of noise amplitude D = 0.5. From
the figure we note that without considering synaptic plasticity,
i.e., when the synaptic learning rate L = 0, the modular neural
network still has a large number of firing spikes, and com-
bined with Fig. 7 we know that the number of firing spikes at
this time is 2638. When considering synaptic plasticity and
setting the synaptic learning rate to 0.1, the firing spikes of
the modular neural network becomes sparse and the number
of firing spikes is reduced to 1410. When the synaptic learn-
ing rate is increased to 6, the modular neural network has only
a few firing spikes at the beginning, and then the network is
in a quiescent state, and the number of firing spikes is only
429. When the synaptic learning rate is further increased, the

modular neural network starts to resume firing and the num-
ber of firing spikes gradually increases. When the synaptic
learning rate is 7, the modular neural network starts to gradu-
ally resume firing during the first 500 ms, and the number of
firing spikes increases to 996 at this time. When the synap-
tic learning rate is 8, the modular neural network is basically
in a spiking state, and there are 4541 firing spikes at that time.
From Figs. 6 and 7, we can clearly see that with the increase of
the synaptic learning rate L, the number of firing spikes of the
modular neural network has obviously experienced a process
of first decreasing and then increasing. Thus we can say more
definitely that changes of learning rate in synaptic plasticity

can induce ISR in modular neural network.
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Fig. 7. The ISIHs of modular neural network with the condition of D =

(c)L=6,(d)L=7,(e) L=8.

3.3. Multiple inverse stochastic resonances induced by
time delay

This subsection builds on the previous subsection and fur-
ther investigates the effect of time delay on bounded noise-
induced ISR by introducing the coupling time delay into the
coupling term. Without considering synaptic plasticity, we
first show the membrane potentials of the modular neural net-
work at different time delay 7. The membrane potential in
Fig. 8(a) does not take into account the effect of time delay,
and it can be seen that there are only a few firing spikes in the
modular neural network at this case, which is due to the noise
inhibiting the neuronal firing. When the effect of time delay
is considered and the time delay is set to be 10, the modular
neural network shifts to a spiking state under the effect of time
delay. When the time delay is increased to 14, the neuronal fir-
ing is again suppressed and a large number of firing spikes dis-
appear. Similarly, when the time delay continues to increase

to 27, a large number of firing spikes appear in the modular

0.5 under different synaptic learning rates L: (a) L = 0.0, (b) L= 0.1,

neural network. And when the time delay is further increased
to 31, these firing spikes almost disappear again. From these
findings we get a conclusion that multiple ISR phenomenon
can occur in the modular neural network as the time delay 7
increases.

To further verify the above conclusion, we depict the
mean firing rate of the modular neural network as a function
of time delay in Fig. 9 when D = 1.0. As can be seen from
the curve, the mean firing rate exhibits a decaying oscillation
process with respect to the time delay 7. First, the firing of
the modular neural network is already in a suppressed state
under the effect of noise, and as the time delay 7 increases,
the network resumes firing so that the mean firing rate reaches
its first maximum. Further increasing the time delay 7, the
mean firing rate rapidly decreases to a minimum. Increasing
the time delay again, the mean firing rate reaches the second
maximum. The following process is analogous. This means
that the multiple ISR phenomenon does appear in the mod-
ular neural network with the change of the delay 7. On the
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other hand, we find that as the delay 7 increases, the maxi-
mal value on the curve gradually decreases and the minimal
value gradually increases, which means that the amplitude of
the oscillation becomes smaller. This result indicates that the
multiple ISR phenomenon induced by the time delay gradually
weakens with the increase of the time delay 7. Without loss of
generality, we also depict the mean firing rate for small noise
amplitude such as D = 0.5 and 1.5, from which the above sim-
ilar results are obtained. In addition, the variations of mean
firing rate with time delay 7 for large noise amplitude such as
D =12.0, 2.5, 3.0, and 5.0 are illustrated in Fig. 9. One can
find that as the noise amplitude D increases, the amplitude of
the oscillations of the mean firing rate curve decreases until
the oscillations disappear. This indicates that the multiple ISR
phenomenon gradually weakens until it disappears with con-
tinuous increasing of noise amplitude D.
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Fig. 8. The membrane potentials of the modular neural network with
the condition of noise amplitude D = 1.0 under different time delay 7:
(@7t=0,(b)t=10,(c) t=14,(d) =27, (e) T=31.
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Fig. 9. The mean firing rate as a function of time delay for different
noise amplitudes.

3.4. Effect of synaptic plasticity on delay-induced multiple
ISR

In this subsection, we fix the noise amplitude at D = 1.0,
and then investigate the effect of synaptic plasticity on time de-
lay induced multiple ISR. Figure 10 shows the mean firing rate

as a function of time delay for different synaptic learning rates
with the condition of specific D value. It can be seen from the
figure that regardless of the value of the synaptic learning rate,
the mean firing rate still show a decaying oscillatory process
with respect to the time delay 7, i.e., the amplitude of the os-
cillation decreases as the time delay 7 increases. These results
indicate that the modular neural network still shows multiple
ISR phenomena when considering synaptic plasticity, and its
property of weakening with increasing time delay T does not
change. However, the amplitude of the oscillations in the mean
firing rate changes as the synaptic learning rate increases. Fig-
ure 10(a) shows that the amplitude of the oscillations decreases
as the synaptic learning rate increases. Further increasing the
synaptic learning rate, the amplitude of the oscillations starts
to increase as shown in Fig. 10(b).
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Fig. 10. The mean firing rate as a function of time delay with the con-
dition of D = 1.0 under different synaptic learning rates L.

To illustrate the change in the amplitude of oscillations
in a clearer way, figure 11 depicts the difference between the
first maximum value and the first minimum value of the mean
firing rate curve for different synaptic learning rates. As the
synaptic learning rate increases, the amplitude of the oscilla-
tion first decreases and then increases. This suggests that the
multiple ISR phenomenon in the modular neural network first
weakens and then strengthens as the synaptic learning rate in-
creases. By comparing with the situation when the synaptic
learning rate L = 0, it can be found that when L is relatively
small (L < 1.5), synaptic plasticity weakens the multiple ISR
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phenomenon; when L is larger (L > 1.5), synaptic plasticity
strengthens the multiple ISR phenomenon.
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Fig. 11. The amplitude of the oscillations as a function of synaptic
learning rates L.

4. Conclusion

As described above, ISR is a phenomenon in which the
firing of neurons is inhibited. At present, the function and
role of ISR on information transmission in brain neural net-
works gradually emerges. Recent neuroanatomical studies
have shown that the connections in brain neural networks have
modular characteristics. In addition, synaptic plasticity is a
factor that cannot be ignored in neural system. Therefore, it
is desirable to study ISR in modular neural network as well
as the influence of synaptic plasticity on ISR. To this end, this
work mainly explores bounded noise-induced ISR and time
delay-induced multiple ISR in a modular neural network and
discusses the effect of synaptic plasticity on the above two ISR
phenomena.

First, a modular neural network model with synaptic plas-
ticity is constructed. Then, bounded noise-induced ISR and
time delay-induced multiple ISR are investigated in this mod-
ular neural network. Finally, the effect of synaptic learning
rate on the ISR is investigated. Simulation results show that
the ISR phenomenon occurs in the modular neural networks
under the influence of bounded noise, and that synaptic plas-
ticity with a smaller learning rate can strengthen this ISR phe-
nomenon, while synaptic plasticity with a larger learning rate
can weaken or even destroy it. In addition, we also find that
changes in synaptic learning rate can also induce the ISR phe-
nomenon in the modular neural network. On the other hand,
the modular neural network also shows multiple ISR phenom-
ena under the influence of time delay, and it is found that this
phenomenon gradually decreases as the time delay 7 increases.
Besides, synaptic plasticity does not affect the occurrence of
multiple ISR phenomenon, but only the strength of multiple
ISR is changed, i.e., synaptic plasticity with a small learning

rate weakens multiple ISR phenomena, while synaptic plastic-
ity with a large learning rate strengthens it.
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