IEICE TRANS. FUNDAMENT

ALS, VOL. E00{A, NO. 0 1997

1

P APER

Resonance in a Chaotic Neuron Mo del Driven by a W eak

Sinusoid

Shin MIZUT ANI y

, Member, T akuy a SANO yy

, T adasu UCHIY AMA yyy

, Nonmembers,

and Nob oru SONEHARA yyyy

, Member

SUMMAR Y W e show by numerical calculations that a

chaotic neuron mo del driven by a weak sinusoid has resonance.

This resonance phenomenon has a p eak at a drive frequency

similar to that of noise-induced sto chastic resonance (SR). This

neuron mo del was prop osed from biological studies and shows a

chaotic resp onse when a parameter is varied. SR is a noise in-

duced e�ect in driven nonlinear dynamical systems. The basic

SR mechanism can b e understo o d through synchronization and

resonance in a bistable system driven by a subthreshold sinusoid

plus noise. Therefore, background noise can b o ost a weak signal

using SR. This e�ect is found in biological sensory neurons and

obviously has some useful sensory function. The signal-to-noise

ratio (SNR) of the driven chaotic neuron mo del is improved de-

p ending on the drive frequency; esp ecially at low frequencies, the

SNR is remarkably promoted. The resonance mechanism in the

mo del is di�erent from the noise-induced SR mechanism. This

pap er considers the mechanism and prop oses p ossible explana-

tions. Also, the meaning of chaos in biological systems based on

the resonance phenomenon is considered.

key words: chaotic neuron model, biologic al information pro-

cessing, driven chaotic system, stochastic resonanc e, numerical

calculation

1. Intro duction

Background noise with resp ect to a signal is considered

a nuisance. Engineers have always striven to reduce

background noise, but in some nonlinear systems such

as a bistable system, it yields the b ene�t of weak signal

detection. This phenomenon is called sto chastic reso-

nance (SR) [1]{[3]. The basic SR mechanism is that

the system is synchronized and resonated by an exter-

nal p erio dic signal when a bistable system is driven by a

subthreshold sinusoid plus some amount of noise. The

subthreshold sinusoid alone can not overcome the p o-

tential barrier of the bistable system, but the addition

of noise helps this movement b etw een wells of bistable

p otentials. This timing is o ccasionally synchronized to

an external p erio dic signal. The p ower sp ectrum of the

system’s time series has p eaks at the drive-signal fre-

quency and its harmonics. Supp ose that a detector can

catch the signal when the system’s state ov ercomes the

Manuscript received March 27, 1998.

Manuscript revised June 1, 1998.

y

The author is with NTT Communication Science

Lab oratories.

yy

The author is with NTT Optical Network Systems

Lab oratories.

yyy

The author is with NTT OCN Service Division.

yyyy

The author is with NTT Human Interface Lab oratories.

p otential barrier. The p ower sp ectrum of the exter-

nal signal, which contains the sinusoid and noise has

no p eak at the sinusoid frequency

. In a SR situation,

the subthreshold sinusoid can b e found as a p eak with

background noise in the p ower sp ectrum of a detector’s

resp onse. This indicates that SR enhances the detec-

tion of a weak signal from background noise. SR is

also observed in threshold systems, but the result is a

noise-induced threshold crossing rather than resonance,

b ecause the system is indep endent of the drive signal

frequency [4], [5]. Excitable media also show SR [6].

F or these reasons, it has b een shown that neuron mo d-

els such as the Fitzhugh-Nagumo mo del [7], [8], exhibit

SR b ehaviors [9]. This SR e�ect is found in the ac-

tual sensory neurons of cray�sh and obviously provides

a useful sensory function for the segmentation of noisy

backgrounds [10].

SR is known as an e�ect driven by tw o co op erative

signals, i.e., a sinusoid and noise [1]{[3]. This situation

considered as a p erturb ed system is more complex than

that for one with a driving-signal case. In this pap er,

we consider a chaotic system as a uctuating system

instead of a bistable system driven by noise. There has

b een a lot of studies on nonlinear systems p erturb ed

by adding a signal or by multiplying a parameter by a

signal. However, few pap ers hav e addressed p erturb ed

chaotic systems in the context of SR. Crisanti et al.

[11] mainly considered the SR e�ect in a noiseless de-

terministic chaotic system when the bifurcation param-

eter was driven p erio dically in time b elow and ab ove the

threshold for the onset of chaos. The mechanism of this

resonance is the same as in an excitable system driven

near a bifurcation p oint.

Anishchenko et al. considered noise-induced and

noiseless SR in the cubic map [12] and the Chua’s cir-

cuit [13]. The cubic map and the Chua’s circuit have a

bifurcation which a chaotic attractor separates into two

attractors. This has b een studied as a phenomenon of

intermittency of the chaos-chaos type [12], [14]. In the

noise-induced SR case, the noise can merge the basins

of the individual chaotic attractors. The basic reso-

nance mechanism in this case is chaos-chaos switch-

ing synchronized to an external sinusoid. Even in the

noiseless case, resonance was found having a p eak in

the p ower sp ectrum. This mechanism was mo dulated

chaos-chaos intermittency synchronized to an external

2

IEICE TRANS. FUNDAMENT

ALS, VOL. E00{A, NO. 0 1997

sinusoid. SR can b e found in bistable systems of not

only �xed p oints but also any kind of attractor, even

chaos. In noise-induced SR, the noise can merge the

basins of the individual chaotic attractors.

Nicolis et al. [15] studied SR-like enhancement in

the bimo dal chaos of the Du�ng equation and a one-

dimensional intermittent map driven by a weak sinu-

soid alone. The Du�ng equation is a nonautonomous

system driven by a primary sinusoid and generates a

chaotic attractor re ected by ap erio dic jumps b etween

two stable �xed p oints x = �1 of an unp erturb ed sys-

tem. They sub jected it to a secondary p erio dic forcing

in the form of an additive contribution. The amplitude

of the secondary p erio dic forcing was much less than

that of the primary sinusoid. In addition, they studied

how the bimo dal chaos of the Du�ng equation shows

SR-like enhancement by driving by a weak secondary

sinusoid, and mainly calculated the probability distri-

bution of residence times in one part of the phase space

(i.e., x

<

=

0 or x > 0). W e see a sequence of discrete

p eaks instead of a smo oth exp onential-like distribution

in the probability distribution. The probability mass of

the principal p eak is depressed by the secondary forcing

and the probability mass of p eaks of higher p erio ds is

enhanced when the p erio d is a certain multiple of the

p erio d of the primary sinusoid. The secondary forcing

drifts the mean residence time to a higher value. Nico-

lis et al., however, rep orted that any obvious p eak in

the p ower sp ectrum and a high SNR value can not b e

identi�ed. By the ab ove results, they showed an en-

hanced sensitivity to external p erio dic signals, such as

chaos sp ontaneously generates its own e�ective noise in

this system.

W e also do not consider any external sto chastic forces

in this pap er, but similar to previous research, we re-

gard a chaotic uctuation as sto chastic noise in the

studied system. Note that the ratio of an input signal

to an input noise for these systems is in�nite b ecause

the external input is a noise-free sinusoid. In this pap er,

according to previous studies, we attach great imp or-

tance to understanding the resonance prop erties and

its mechanism, not to detect a weak signal as a noise-

induced e�ect. Sto chastic noise is generated intrinsi-

cally from the system as chaos. If we could consider

intrinsic sp ontaneous noise as deterministic chaos, the

nerve system in a biological system may b ene�t from

the resonance generated in the driven chaotic system.

Accordingly

, we also emphasize our consideration on

how an autonomous chaotic system shows a resonance

phenomenon by driving by a weak sinusoid. Nonau-

tonomous systems such as the Du�ng system are nec-

essary with a sinusoid even to pro duce chaos.

Here, we consider a chaotic neuron mo del as a bio-

logical chaotic system. The chaotic neuron mo del and

its network were prop osed by Aihara et al. and are

based on their studies of squid giant axons and the

Ho dgkin-Huxley equation [16]. The networks of the neuron mo del have b een intensively studied in infor-

mation pro cessing, with consideration on escaping from

lo cal minima in optimization and retrieving an asso cia-

tive memory [17]{[19]. Recently

, some chaos control

techniques have also b een applied to networks to stabi-

lize the chaotic retrieval pro cesses [20], [21]. The neuron

mo del is a generalization of the McCullo ch-Pitts mo del

[22] as a threshold system, or the Fitzhugh-Nagumo

mo del [7], [8] as an excitable system. This mo del has

also b ecome a chaotic system. This was the �rst sim-

ple neuron mo del to provide a chaotic resp onse; some

parameter combinations trigger a chaotic output. The

driven mo del do es not show chaos-chaos intermittency

b ecause the mo del do es not simultaneously have two

chaotic attractors in a certain parameter set.

In our study on the resonance phenomenon in the

chaotic neuron mo del, we �rst show that, similar to the

SR in the bistable case, the chaotic neuron mo del driven

by a weak sinusoid also has obvious p eaks in the p ower

sp ectrum. The resonance mechanism is di�erent from

noise-driven SR b ecause of the lack of chaotic multi-

attractors. Next, we show the dep endence of the signal-

to-noise ratio (SNR) on the mo del parameter and the

drive parameters. Finally

, we draw some conclusions

from the results and discuss the resonance mechanism.

2. Chaotic Neuron Mo del

The original chaotic neuron mo del is represented as the

dynamics of the di�erence equations of three v ariables

[16]. A certain parameter combination can reduce these

three variables into one variable. The simplest chaotic

neuron mo del has the following dynamics.

y (t + 1) = k y (t) � �f (y (t)) + a;

x(t + 1) = f (y (t + 1));

f (z ) =

1

1 + exp(� z

�

)

; (1)

where

y (t) : internal state of neuron at time t,

x(t) : output of neuron at time t,

k : damping constant,

� : refractory parameter (�

>

=

0),

a : parameter based on the input and the threshold,

� : steepness parameter of the sigmoid function.

W e inv estigate this mo del for simplicity

. The neuron

has a chaotic output when parameter a yields a p ositive

Lyapunov exp onent. The Lyapunov exp onent charac-

terizes how arbitrarily a small disturbance is exp onen-

tially ampli�ed or contrasted. A bifurcation diagram

and the Lyapunov exp onent as a function of parameter

a are shown in Fig. 1. W e �x the parameter set at

k = 0:7, � = 1:0, and � = 0:02 throughout this pap er.

MIZUT

ANI et al: RESONANCE IN A CHAOTIC NEURON MODEL DRIVEN BY A WEAK SINUSOID

3

(a) Bifurcation diagram

(b) Lyapunov exp onent

Fig. 1 Bifurcation diagram and Lyapunov exp onent of a

chaotic neuron as a function of input parameter a. The param-

eters are k = 0:7, � = 1:0, and � = 0:02. In Fig. 1(b), the line

connecting the p oints is only a guide for the eyes.

3. F undamen tal Mechanism of Sto chastic Res-

onance

SR is a noise-induced e�ect in nonlinear systems [1]{[3].

Consider an ov erdamp ed ball x(t) moving in double-

well p otential U (x) such that

dx

dt

= �

@ U

@ x

+ F (t) + A sin 2� f

0 t (2)

with a weak time-p erio dic signal A sin 2� f

0 t and noise

F (t) (Fig. 2(a)). The ball is weakly forced sinusoidally

in time, but can not overcome p otential barrier �U

with a weak p erio dic signal alone. A certain amount of

force is required for the ball to ov ercome the barrier. If

we add noisy uctuating force F (t), the ball can o cca-

sionally jump over the barrier. Here, F (t) is Gaussian

white noise [hF (t)i = 0; hF (t)F (t

0

)i = 2D � (t � t

0

)]. The

chance of switching the wells is synchronized with the

amplitude p eak of the p erio dic signal. Time series x(t)

of the incidents, where the barrier is overcome, has p eak

S (f

0

) at sinusoid frequency f

0 in the p ow er sp ectrum

of Fig. 2(b). This p eak do es not app ear when the noise

is excessively small or excessively large as in Fig. 2(c).

This is b ecause in the former case the incidents (where the barrier is overcome) do not o ccur, and in the latter

they o ccur at random. There is an optimum amount

of noise to detect the weak signal for any given SNR in

Fig. 2(c) [for example, SNR= 10 log

10

(S (f

0

)=N )]. This

phenomenon is called SR.

When we consider the detection of the weak sinu-

soid in this bistable system, we can �nd an intriguing

characteristic. More sp eci�cally

, we can not detect the

weak sinusoid from the p ower sp ectrum of the original

signal, which contains the sinusoid plus noise, b ecause

the p ower of the sinusoid is covered by the noise p ower.

Supp ose that the system’s movements are detectable

only when the system’s state jumps from one well to the

other. If the sinusoid alone is to o weak under a thresh-

old of a detector, the detector will not �nd it. Once the

uctuation is introduced to the system in a mo derate

amount, the detector resp onds o ccasionally b ecause the

total amount of signals o ccasionally exceeds the thresh-

old. T o detect the sinusoid, we can statistically pro cess

the output from the detector to extract the p ower p eak.

Background noise can enhance the detection of a weak

time-p erio dic signal.

The mechanism of sto chastic resonance was originally

prop osed as an explanation of the p erio dic o ccurrences

of ice ages on earth [23]. A weak p erio dic shift of

earth’s orbit to the sun is susp ected as a recurrence

of glaciation every 100; 000 years. However, this or-

bital eccentricity alone can not present a ma jor reason

for the energy di�erence b etween earth’s climates. T o

solve this di�culty

, a group of scientists describ ed the

concept of driven nonlinear dynamics, where a small

p erio dic p erturbation can b e ampli�ed by uctuations

[23]. They assumed that the climates of earth have

two stable states as a bistable system. A p erio dic or-

bital shift alone can not cause a switch in climates, but

adding orbital uctuations can ov ercome the p otential

di�erence b etween the bistable states, and the timing of

glaciation synchronizes to the p erio dicity of the orbital

eccentricity

. The discussion still continues, but it is an

interesting mo del. Note that not only this case, but also

situations in which a signal is ampli�ed by uctuations,

have b een found in many systems.

SR has b een rep orted in a wide range of physical

systems, not only bistable systems but also excitable

systems and threshold systems. As such a system, we

can consider a neuron mo del with integrate-and-�re dy-

namics. Dynamics of this type can b e describ ed in two

parts. The �rst is "integration", i.e., when the inte-

grated input to a neuron exceeds a certain threshold,

and the second is "�re", b ecause the neuron �res and

resets the integration. A simpli�ed version of a neu-

ron mo del known as a threshold system is called the

McCullo ch-Pitts mo del [22].

SR has also b een investigated even in actual neurons,

e.g., a mechanoreceptive sensory neuron from cray�sh

[10], and from rat skin [24], and an interneuron from

the cricket ab dominal ganglia [25]. The neural network

4

IEICE TRANS. FUNDAMENT

ALS, VOL. E00{A, NO. 0 1997

Fig. 2 Sto chastic resonance

of a biological system has b een investigated with re-

sp ect to SR. The extracellular p otential of hipp o campal

slices in a rat temp oral lob e showed SR in the electric

�elds of a sinusoid plus noise [26]. The mechanism has

also b een introduced to explain uctuations in the hu-

man visual p erception in resolving ambiguous �gures

[27], for example, known as the Necker cub e [28] in vi-

sual psychology

. In biological systems, studies on SR

are considered to give an understanding of the sensory

mechanism in real noisy environments and high-level

cognitive pro cesses. A technological application using

SR has b een intensively investigated in sup erconduct-

ing quantum interference devices (SQUIDs) [29]. This

application aimed at the robustness of the SQUIDs’ op-

(a) Power spectrum of time series x(t)

(b) Power sp ectrum of time series y (t)

Fig. 3 Power sp ectra of the chaotic neuron mo del driven by

a weak sinusoid.

eration in a uctuating magnetic �eld.

4. Resonance in the Chaotic Neuron Mo del

W e investigated the following chaotic neuron mo del

driven by a sinusoid with weak amplitude A and fre-

quency f

m

.

y (t + 1) = k y (t) � �f (y (t)) + a + A sin 2� f

m t;

x(t + 1) = f (y (t + 1)): (3)

W e used the parameters a = 0:35, A = 0:005, and

f

m

= 0:125 and time step T

n

= 4096 to calculate the

p ow er sp ectrum, unless otherwise mentioned. These

v alues make the mo del chaotic. Figure 3 shows typical

p ow er sp ectra of time series x(t), y (t) obtained by dis-

carding 8192 transient time steps. Both sp ectra hav e

sharp p eaks at a drive frequency f

m of 0:125. Higher

harmonics can b e observed as the signal amplitude in-

creases. F or the sigmoid function, similar to SR e�ect

of threshold systems, the p ower sp ectrum of x(t) has a

higher p eak than that of y (t). Accordingly

, we inves-

tigated the resonance of y (t) rather than x(t) to study

the chaotic neuron mo del as a nonlinear map without

the sigmoid function e�ect.

MIZUT

ANI et al: RESONANCE IN A CHAOTIC NEURON MODEL DRIVEN BY A WEAK SINUSOID

5

W e calculated the dep endence of the SNR on input

parameter a of the mo del parameters, and amplitude

A and frequency f

m of a drive signal. W e de�ned the

SNR in time series y (t) as

SNR = 10 log

10

(

S (f

m

)

N

): (4)

Here, S (f

m

) is the p eak p ower at the drive signal fre-

quency and N is the noise p ower obtained by averaging

40 frequency p oints around the signal frequency . W e

calculated the SNR average from 100 chaotic time se-

ries that were acquired on 100 di�erent initial v alues of

random numbers of y (0) = [0; 1]. The parameter dep en-

dence of the SNR was examined by successively varying

the value of one parameter while keeping the values of

the other two �xed at the ab ove values. The Lyapuno v

exp onent was calculated from 8192 time steps discard-

ing 8192 transient time steps.

Figure 4 shows the SNR vs input parameter a. W e

chose the region of a = [0:345; 0:365] where there was an

increasing trend in the Lyapunov exp onent of the un-

p erturb ed mo del as shown in Fig. 4(b). The p erturb ed

system o�ers an improved SNR compared to the unp er-

turb ed time series with the addition of a weak sinusoid.

There is a negative correlation b etween the SNR value

and the Lyapunov exp onent in this �gure. However,

based on calculations in other parameter regions, the

SNR dep ends on not only the Lyapuno v exp onent but

also the phase structure of chaotic attractors. The SNR

prop erty do es not converge to a smo oth line if the num-

b er of samples increases when calculating the average

SNR, b ecause the chaos in the map is structurally un-

stable.

Figure 5 shows the SNR vs amplitude A of the drive

signal. Here, like the ab ove case, the p erturb ed system

o�ers a higher SNR than the unp erturb ed time series

with a weak sinusoid. The SNR value b ecomes satu-

rated with the magnitude of uctuations as the drive

amplitude increases. However, the p erturb ed system

b ecomes nonchaotic as the drive amplitude increases

further.

Figure 6 shows the SNR vs frequency f

m of the

drive signal. The p erturbation improv es the SNR

in subsequent frequency regions, at low frequencies

f

m

= [0:05; 0:25] and around f

m

= 0:3. An improv ed

SNR value in this region can also b e found when the

drive frequency is an irrational number. Obviously

, this

mo del contains some mechanism in which a given weak

drive signal makes the SNR improv e. The highest SNR

p eak by far is at a low frequency

, i.e., where the Lya-

punov exp onent is very low. This high SNR p oint is

singular b ecause no other such high SNR p oint can b e

found from �ne p oint calculations around that p oint.

(a) SNR vs input parameter a

(b) Lyapunov exp onent vs input parameter a

Fig. 4 SNR and corresp onding Lyapunov exp onent as a func-

tion of input parameter a = [0:345; 0:365]. In Fig. 4(a), the

square plots represent the SNR for a p erturb ed time series and

the triangle plots represent the SNR for an unp erturb ed time se-

ries with the addition of a weak sinusoid. In Fig. 4(b), the square

plots represent the Lyapunov exp onent for a p erturb ed time se-

ries and the triangle plots represent the Lyapunov exp onent for

an unp erturb ed time series (no weak sinusoid is added). All of

the lines connecting p oints are guides for the eyes.

5. Conclusions and Discussions

W e investigated a chaotic neuron mo del driven by a

weak sinusoid using numerical calculations. Our results

revealed noise driven SR-like b ehaviors with a p ow er

6

IEICE TRANS. FUNDAMENT

ALS, VOL. E00{A, NO. 0 1997

(a) SNR vs drive amplitude A

(b) Lyapunov exp onent vs drive amplitude A

Fig. 5 SNR and corresp onding Lyapunov exp onent as a func-

tion of drive amplitude A. The lines here follow those in Fig.

4.

sp ectrum p eak at a drive frequency . W e calculated the

SNR as functions of the input parameter of the mo del,

and the amplitude and frequency of the drive signal.

First, dep ending on the input parameter, the SNR of a

p erturb ed time series was improved compared to an un-

p erturb ed time series with a weak sinusoid. The SNR

dep ended on b oth the Lyapunov exp onent and a phase

structure of chaotic attractors. W e could not merely

regard the Lyapunov exp onent as the intensity of noise

in noise-induced SR. However, there was a negative cor-

(a) SNR vs drive frequency f

m

(b) Lyapunov exp onent vs drive frequency f

m

Fig. 6 SNR and corresp onding Lyapunov exp onent as a func-

tion of drive frequency f

m

. The lines here follow those in Fig.

4.

relation b etween the SNR and the Lyapunov exp onent.

Next, dep ending on the drive amplitude, the SNR of

the p erturb ed system was also improved when the am-

plitude increased. The SNR value was saturated with

increasing drive amplitude, but the p erturb ed system

b ecame nonchaotic with a further increase in the drive

amplitude. Finally

, dep ending on the drive frequency ,

the SNR of the p erturb ed system was improved con-

siderably mainly at low frequencies. Even from this

result, this neuron mo del must have some resonance

MIZUT

ANI et al: RESONANCE IN A CHAOTIC NEURON MODEL DRIVEN BY A WEAK SINUSOID

7

mechanism that makes the SNR larger by a given weak

drive signal.

The mechanism of this phenomenon is describ ed.

First, the p ossibility that the approximated system

may have a bistable p otential is brought to light. The

Hop�eld-type neuron mo del has a bistable p otential in

a certain case [30]. The chaotic neuron mo del, in con-

trast, do es not hav e a bistable p otential similar to the

Hop�eld-type mo del even if the mo del with a given pa-

rameter set is approximated by a di�erential equation

[dx=dt = x(t + 1) � x(t)]. The SNR of the approximated

system can not b e estimated by an adiabatic approach

[31]. Second, the mechanism may b e explained as noise

induced threshold crossing; the equation of the mo del

includes some e�ect from a sigmoid function similar to

that of threshold systems. The SNR of threshold sys-

tems is indep endent of the drive frequency

, but the SNR

of the mo del is frequency-dep endent. Third, and more

interesting, the p erturbation can b e regarded as a slow

change in bifurcation parameter a (input parameter).

When the phase structure of an attractor is sensitive to

this parameter, the slow p erturbation - slow compared

to the time scale of the attractor - derives a resonance

phenomenon. The sto chastic system generating noise-

induced SR has its own selectivity of resp onse to an

external p erio dic signal and ampli�cation of the signal.

The resp onse is mainly to the slow p erio dic p erturba-

tion and even ap erio dic [32]; the frequency is slower

than the characteristic time of the system [31]. The

resp onse to a low frequency of a p erio dic signal is also

characteristic of the chaotic neuron mo del. The slow

weak p erturbation is the origin of the resonance and

high SNR in the driven mo del; b eing slower than the

time scale of the chaotic attractor is essential.

W e can chec k other chaotic maps parametrically

driven by a sinusoid to adopt the third p ossibility as

the mechanism. If it is the mechanism, we can �nd an

improved SNR when the p erturbation is slow enough

compared to the time scale of chaotic uctuations. In

other maps, we can observe a p ower sp ectrum p eak

and corresp onding high SNR that is dep endent on the

drive frequency [33]. However, some of the maps have

scattered frequencies of an improved SNR, and others

do not show any signi�cant improvement in the SNR.

One of them shows an improved SNR of harmonics fre-

quencies. In this case, the p ower of the drive frequency

moves to the harmonics frequencies by a nonlinear ef-

fect. These facts supp ort the �nding that the mech-

anism may b e related to not only the third p ossible

scenario but others that we describ ed and several kinds

of nonlinear map functions. Actually

, biological sys-

tems may use such a mechanism by chaos to pro cess

information. W e can see that a driven system can im-

prove the SNR when the state of the system is in weak

chaos rather than in strong chaos. Assuming that sp on-

taneous noise in biological systems can b e regarded as

deterministic chaos, we can say that biological systems may take adv antage of chaos-generated phenomena. An

example of this is resonance generated by chaos as it

b ecomes e�ective noise in a sp ontaneous manner.

F rom studies on nonlinear parametric e�ects, we are

able to understand that the bifurcation p oint is shifted

by p erio dic p erturbations [34], [35]. There are some

rep orts stating that some chaotic dynamics are sup-

pressed by p erturbations. Lima and Pettini analyzed

the suppression of chaos in the Du�ng-Holmes equation

by resonant parametric p erturbations [36]. Braiman

and Goldhirsh rep orted taming chaos in an equation of

a Josephson junction by weak sinusoid p erturbations

[37]. These results may give us some clues to under-

standing the resonance mechanism.

Finally

, several studies on enhanced resonance in ex-

tended systems have recently b een rep orted [32], [38],

[39]. W e mention that it would b e very interesting to

investigate resonance in a network of the chaotic neuron

mo del. A study on the prop erties of network resonance

and a comparison of the neuron resonance may im-

prove our understanding of the resonance mechanism,

b ecause we would b e able to check the third p ossibility

of the mechanism in this pap er indirectly from di�er-

ences in the prop erties of chaos from the single map and

the coupled map. W e may obtain a smo oth prop erty

for changes in the SNR value against the bifurcation

parameter and drive parameters b ecause high dimen-

sional coupled systems have structural stable chaos [40]

in chaos regimes. W e can also �nd a clearer resonance

frequency from a smo oth SNR prop erty re ected in the

stability .

Acknowledgments

The authors gratefully thank Dr. Y ukio T okunaga of

NTT Human Interface Lab oratories for supp orting this

research. The authors also thank Prof. Kazuyuki

Aihara, Prof. T akehiko Horita, Prof. Shin Ishii,

Prof. T ohru Ikeguchi, and Dr. Masaharu Adachi for

their valuable suggestions.

References

[1] K. Wiesenfeld and F. Moss, \Sto chastic Resonance and the

Bene�ts of Noise: F rom Ice Ages to Cray�sh and SQUIDs,"

Nature, vol. 373, no. 6509, pp.33{36, 1995.

[2] F. Moss and K. Wiesenfeld, \The Bene�ts of Background

Noise," Sci. Am., vol. 273, no. 2, pp.66{69, 1995.

[3] A. R. Bulsara and L. Grammaitono, \T uning in to Noise,"

Phys. T oday

, vol. 49, no. 3, pp.39{45, 1996.

[4] L. Grammaitono, F. Marchesoni, and S. Santucci, \Sto chas-

tic Resonance as Bona Fide Resonance," Phys. Rev. Lett.,

vol. 74, no. 7, pp.1052{1055, 1995.

[5] L. Grammaitono, \Sto chastic Resonance and the Dithering

E�ect in Threshold Physical Systems," Phys. Rev. E, vol. 52,

no. 5, pp.4691{4698, 1995.

[6] P

. Jung and G. Mayer-Kress, \Spatiotemp oral Sto chastic

Resonance in Excitable Media," Phys. Rev. Lett., vol. 74,

8

IEICE TRANS. FUNDAMENT

ALS, VOL. E00{A, NO. 0 1997

no. 11, pp.2130{2133, 1995.

[7] R. Fitzhugh, \Impulses and Physiological States in Theoreti-

cal Mo dels of Nerve Membrane," Biophys. J., vol. 1, pp.445{

446, 1961.

[8] J. Nagumo, S. Arimoto, and S. Yoshizawa, \An Active Pulse

T ransmission Line Simulating Nerve Axon," Pro c. IRE, vol.

50, pp.2061{2070, 1962.

[9] A. Longtin, \Sto chastic Resonance in Neuron Mo dels," J.

Stat. Phys., vol. 70, no. 1/2, pp.309{327, 1993.

[10] J. K. Douglass, L. Wilkens, E. Pantazelou, and F. Moss,

\Noise Enhancement of Information T ransfer in Cray�sh

Mechanoreceptors by Sto chastic Resonance," Nature, vol.

365, no. 6444, pp.337{340, 1993.

[11] A. Crisanti, M. F elcioni,d G. Paladin, and A. V ulpiani,

\Sto chastic Resonance in Deterministic Chaotic Systems,"

J. Phys. A, vol. 27, no. 17, pp.L597{L603, 1994.

[12] V. S. Anishchenko, A. B. Neiman, and M. A. Safanov a,

\Sto chastic Resonance in Chaotic Systems," J. Stat. Phys.,

vol. 70, no. 1/2, pp.125{139, 1993.

[13] V. S. Anishchenko, M. A. Safanov a, and L. O. Chua,

\Sto chastic Resonance in Chua’s Circuit," Int. J. Bifur.

Chaos, vol. 2, no. 2, pp.397{401, 1993.

[14] F. T. Arecci, R. Badii, and A. Politi, \Low-frequency Phe-

nomena in Dynamical Systems with Many Attractors," Phys.

Rev. A, vol. 29, pp.1006{1009, 1984.

[15] G. Nicolis, C. Nicolis, and D. McKernan, \Sto chastic Reso-

nance in Chaotic Dynamics," J. Stat. Phys., vol. 70, no. 1/2,

pp.125{139, 1993.

[16] K. Aihara, T. T ak abe, and M. T oyoda, \Chaotic Neural Net-

works," Phys. Lett. A, vol. 144, no. 6/7, pp.333{340, 1990.

[17] H. Nozawa, \A Neural Network Mo del as a Globally Cou-

pled Map and Applications Based on Chaos," Chaos, vol. 2,

no. 3, pp.377{386, 1992.

[18] M. Hasegawa, T. Ikeguchi, T. Matozaki, and K. Aihara,

\Solving Combinatorial Optimization Problems by Nonlinear

Neural Dynamics," Pro c. Int. Conf. on Neural Net., pp.3140{

3145, 1995.

[19] M. Adachi and K. Aihara, \Asso ciative Dynamics in a

Chaotic Neural Network," Neural Networks, vol. 10, no. 1,

pp.83{98, 1997.

[20] S. Mizutani, T. Sano, T. Uchiyama, and N. Sonehara, \Con-

trolling Chaos in Chaotic Neural Networks," Pro c. Int. Conf.

on Neural Net., pp.3038{3043, 1995.

[21] M. Adachi, \Controlling a Simple Chaotic Neural Network

Using Resp onse to Perturbation," Pro c. Int. Symp. Nonlin-

ear Theory and its Applications, pp.989{992, 1995.

[22] W. S. McCullo ch and W. H. Pitts, \A Logical Calculus of

Ideas Immanent in Nervous Activity

," Bull. Math. Biophys.,

vol. 5, pp.115{133, 1943.

[23] R. Benzi, S. Sutera, and A. V ulpini, \The Mechanism of

Sto chastic Resonance," J. Phys. A, vol. 14, no. 11, pp.L453{

L457, 1981.

[24] J. J. Collins, T. T. Imho�, and P

. Grigg, \Noise-Enhanced

Information T ransmission in Rat SA1 Cutaneous Mechanore-

ceptors via Ap erio dic Sto chastic Resonance," J. Neurophys-

iol., vol. 76, no. 1, pp.642{645, 1996.

[25] J. E. Levin and J. P

. Miller, \Broadband Neural Enco ding in

the Cricket Cercal Sensory System Enhanced by Sto chastic

Resonance," Nature, vol. 380, no. 6570, pp.165{168, 1996.

[26] B. J. Gluckman, T. I. Neto�, E. J. Neel, W. L. Ditto, M. L.

Spano, and S. J. Schi�, \Sto chastic Resonance in a Neuronal

Network from Mammalian Brain," Phys. Rev. Lett., vol. 77,

no. 19, pp.4098{4101, 1996.

[27] M. Riani and E. Simonotto, \Sto chastic Resonance in the

Perceptual Interpretation of Ambiguous Figures: A Neural

Network Mo del," Phys. Rev. Lett., vol. 72, no. 19, pp.3120{

3123, 1994.

[28] L. A. Necker, \Observations on Some Remarkable Optical

Phenomena Seen in Switzerland," Philos. Mag. Third Series,

vol. 1, no. 5, pp.329{337, 1832.

[29] A. D. Hibbs, A. L. Singsaas, E. W. Jacobs, A. R. Bulsara,

J. J. Bekkedahl, and F. Moss, \Sto chastic Resonance in a

Sup erconducting Lo op with a Josephson Junction," J. Appl.

Phys., vol. 77, no. 6, pp.2582{2590, 1995.

[30] W. C. Schieve, A. R. Bulsara, and G. M. Davis, \Single Ef-

fective Neuron," Phys. Rev. A, vol. 43, no. 6, pp.2613{2623,

1991.

[31] B. McNamara and K. Wiesenfeld, \Theory of Sto chastic

Resonance," Phys. Rev. A, vol. 39, no. 9, pp.4854{4869, 1986.

[32] J. J. Collins, C. C. Chow, and T. Imho�, \Stochastic Reso-

nance without T uning," Nature, vol. 376, no. 6537, pp.236{

238, 1995.

[33] S. Mizutani, in preparation, 1998.

[34] P

. Bryant and K. Wiesenfeld, \Suppression of Period-

Doubling and Nonlinear Parametric E�ects in Periodically

Perturbed Systems," Phys. Rev. A, vol. 33, no. 4, pp.2525{

2543, 1989.

[35] S. T. V ohra, L. F abiny

, and K. Wiesenfeld, \Observation of

Induced Sub critical Bifurcation by Near-Resonant Perturba-

tions," Phys. Rev. Lett., vol. 72, no. 9, pp.1333{1336, 1994.

[36] R. Lima and M. Pettini, \Suppression of Chaos by Reso-

nant Parametric Perturbations," Phys. Rev. A, vol. 41, no.

2, pp.726{733, 1990.

[37] Y. Braiman and I. Goldhirsh, \T aming Chaotic Dynamics

with W eak Periodic Perturbations," Phys. Rev. Lett., vol.

66, no. 20, pp.2545{2548, 1991.

[38] J. F. Lindner, B. K. Meadows, W. L. Ditto, M. E. Inchiosa,

and A. R. Bulsara, \Array Enhanced Sto chastic Resonance

and Spatiotemp oral Synchronization," Phys. Rev. Lett., vol.

75, no. 1, pp.3{6, 1995.

[39] M. E. Inchiosa and A. R. Bulsara, \Coupling Enhanced

Sto chastic Resonance in Nonlinear Dynamic Elements Driven

by a Sinusoid Plus Noise," Phys. Lett. A, vol. 200, no. 3/4,

pp.283{288, 1995.

[40] K. Kaneko, \Sup ertransients, Spatiotemp oral Intermittency

and Stability of F ully Developed Spatiotemp oral Chaos,"

Phys. Lett. A, vol. 149, no. 2/3, pp.105{112, 1990.

MIZUT

ANI et al: RESONANCE IN A CHAOTIC NEURON MODEL DRIVEN BY A WEAK SINUSOID

9

Shin Mizutani received the B. S.

degree in physics from Science University

of T okyo in 1990. In 1992, he received the

M. E. degree in biophysical engineering

from Osaka University

. In the same year,

he joined NTT Human Interface Lab o-

ratories, and since then has b een study-

ing neural networks and nonlinear science

to understand the information pro cessing

mechanisms in the nerve system. He is

currently a researcher at NTT Communi-

cation Science Lab oratories.

T akuya Sano received the B. S. and

M. S. degrees in physics from T okyo Insti-

tute of T echnology in 1990 and 1992. In

1992, he joined NTT T ransmission Sys-

tems Lab oratories. He has b een studying

optical subscrib er systems and the non-

linear dynamics of optical systems. He

is currently a researcher at NTT Optical

Network Systems Lab oratories. He is a

member of the Optical So ciety of Amer-

ica.

T adasu Uchiyama received the B.

S. and M. S. degrees in physics from

Nagoya University in 1985 and 1987. In

1987, he joined NTT Human Interface

Lab oratories and studied neural networks

and online character recognition. Since

1998, he b elongs to OCN Service Division

as a manager of Marketing Group.

Nob oru Sonehara received the B.

E., M. E., and Ph. D. degrees in Engineer-

ing from Sinsyuu University in 1977, 1979,

and 1993, resp ectively

. In 1979, he joined

NTT Electrical Communication Lab ora-

tories in Y okosuk a. He was actively en-

gaged in research on facsimile transmis-

sion, G3 and G4 facsimile terminal de-

velopment, visual information pro cessing

system development, and CCITT/ISO in-

ternational standardization of ODA (Of-

�ce Do cument Architecture) and telematic terminals. In 1989 he

was transferred to A

TR where he was Sup ervisor of the Cognitive

Pro cessing Department, A

TR Auditory and Visual Perception

Research Lab oratories, and engaged in research on parallel image

pro cessing based on the neural network mo del. He is presently

a Research Group Leader of NTT Human Interface Lab oratories

and engaged in the research and development of neural network

applications.