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ABSTRACT

Marked point processes refer to time series of discrete events with additional information about the events. Seismic activities, neural activ-
ities, and price movements in financial markets are typical examples of marked point process data. In this paper, we propose a method for
investigating the prediction limits of marked point process data, where random shuffle surrogate data with time window constraints are pro-
posed and utilized to estimate the prediction limits. We applied the proposed method to the marked point process data obtained from several
dynamical systems and investigated the relationship between the largest Lyapunov exponent and the prediction limit estimated by the pro-
posed method. The results revealed a positive correlation between the reciprocal of the estimated prediction limit and the largest Lyapunov
exponent of the underlying dynamical systems in marked point processes.

© 2021 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0005267

Even though the prediction limit is a fundamental and impor-
tant property of time series data, only a few methods are available
for estimating the prediction limits of marked point processes
in terms of nonlinear dynamics. In this paper, we propose a
method for estimating the prediction limit of marked point pro-
cesses that are generated from nonlinear dynamical systems, by
utilizing random shuffle surrogate data with time constraints.
The idea underlying the proposed method is very simple, but
it can evaluate an important feature of time series, namely, the
largest Lyapunov exponent of the marked point process, from the
estimated prediction limit.

I. INTRODUCTION

Various complex phenomena are ubiquitous in the real world.
When time series data observed in these real complex phenomena

exhibit complex and irregular behavior, the possibility that these
irregular fluctuations might be produced by nonlinear determin-
istic, possibly chaotic, dynamical systems should be considered. If
the times series data are considered to be generated from nonlinear
dynamical systems, a variety of methods for analyzing complex and
irregular time series data in terms of the nonlinear dynamical sys-
tems theory are available when the time series data are observed at
regular intervals of time, such as methods for detecting determinism,
estimating the largest Lyapunov exponent (LLE), and evaluating the
predictability of the time series data.

On the other hand, there are time series data that can be
observed only at irregular intervals, which are called marked point
process data; for example, the occurrence time of seismic activities,
spike timings of neurons, and price movements in financial mar-
kets constitute marked point process data. In contrast to regularly
sampled time series data, only a few methods have been proposed
to analyze marked point process data in terms of deterministic
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nonlinear dynamics.1,2 In particular, to the best of our knowledge,
no methods for estimating the prediction limits of marked point
process data in terms of deterministic nonlinear dynamics are avail-
able. Namely, it is a fundamental and important research challenge
to develop such a method.

In this study, we attempt to estimate the prediction limit of
the marked point process data that are generated from determin-
istic nonlinear dynamical systems. Our method is based on a simple
idea: if the observed marked point process data are generated from
nonlinear deterministic dynamical systems, the data exhibit short-
term correlations, then the time when the correlations disappear can
be related to a prediction limit of the observed data. To investigate
the time when the short-term correlation disappears, we use a sur-
rogate data method that determines if marked point process data
exhibit short-term serial dependence, thereby evaluating the pre-
diction limit of the marked point process data. Although various
surrogate data methods have been proposed3–6 for analyzing nonlin-
earity in regularly sampled time series data, these methods cannot
be directly applied to marked point process data in our approach.
We thus also propose a simple surrogate data method to investigate
the prediction limit of the marked point process data, which is an
extended random shuffle surrogate method for marked point pro-
cess data.7 In our method, a marked point process is divided into
multiple segments, and then surrogate data are generated by shuf-
fling the order of M neighboring segments, where M represents the
strength of the constraints on the shuffle of the segments. Using
this method, we can generate surrogate data such that local tempo-
ral structures (short-term correlations) in the original marked point
process data are destroyed. The method developed in this study is
called constrained random shuffle surrogates (CRSS). Further, we
estimate the minimum value of M such that the distribution of dis-
criminating statistics of the CRSS data does not differ significantly
from that of the surrogate data generated by shuffling the order of
all segments. This minimum value of M represents the approximate
time at which the short-term correlation disappears, thereby pro-
viding information about the prediction limits of the marked point
process data.

We applied the proposed method to marked point process data
generated from several nonlinear deterministic dynamical systems
and investigated the relationship between the reciprocal of the pre-
diction limit estimated by the proposed method and the LLE of the
dynamical systems that generate the marked point process data. The
results obtained by conducting numerical simulations indicate that
the reciprocal of the estimated prediction limits and the LLE are pos-
itively correlated. This result strongly suggests that our method can
detect the prediction limit of marked point process data.

II. METHODS

In our method, we first generate CRSS data from the given
marked point process data and perform a statistical test to estimate
its prediction limits using a measure of recurrence plot quantifica-
tion analysis8 as a discriminating statistic. To obtain a recurrence
plot of the marked point process data, we divide the data into smaller
segments (time windows) and calculate the distances between the
time windows. The marked spike train metric (MSTM) is used to
calculate the distances between the marked point process data.7 This

FIG. 1. Example of dividing marked point process data into small segments (time
windows). (a) Original data and (b) divided data.

procedure for analyzing marked point process data is grounded
in the recurrence-plot-based method introduced by Hirata and
Aihara,2 where the ith time window, w(i), is defined to be the ith
state value, as depicted in Fig. 1. The rest of this section is orga-
nized as follows: the MSTM is introduced in Sec. II A; the recurrence
plot and a measure of determinism called DET, which is used to
quantify the deterministic features of the obtained recurrence plots,
are introduced in Sec. II B; and the proposed method is described
in Sec. II C.

A. Marked spike train metric (MSTM)

In the MSTM, the distance between two marked point pro-
cesses is defined to be the total cost of transforming one marked
point process into another process through two operations.7 The
first operation is deletion or insertion of a single event, and its cost
is unity. The second operation is a shift in a mark direction or tem-
poral direction of a single event, the cost of which is proportional to
the shift length. The distance between two marked point processes
is then defined by

D(i, j) = min
C

{

I + J− 2P +
∑

(m,n)∈C

gij(m, n)

}

, (1)

gij(m, n) = !t|ti(m)− tj(n)| + !p|pi(m)− pj(n)|, (2)

where i and j are the indices of the marked point process data, or
the time window to be compared; gij(m, n) shows the cost of shift-
ing the mth event in the ith time window to the nth event in the
jth time window; m is an event in the ith window; n is an event in
the jth window; C is a set of pairs of events (m, n); I and J corre-
spond to the total number of events in the ith and jth time windows;
and P is the number of elements in the set C. In Eq. (2), ti(m) is the
occurrence time of the mth event in the ith time window, pi(m) is
the mark value of the mth event in the ith time window, the coeffi-
cients !t and !p determine the weights of the corresponding terms,
and the terms !t|ti(m)− tj(n)| and !p|pi(m)− pj(n)| on the right-
hand side of Eq. (2) describe the cost of shifting one event to another
in the temporal and mark directions, respectively. An example of
MSTM calculation between two marked point processes or two time
windows, w(i) and w(j), is depicted in Fig. 2.
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FIG. 2. Example of calculating the MSTM between two marked point process
data or the time windows w(i) and w(j).

B. Recurrence plot and DET

Recurrence plots8 are used as a tool to visualize recurrences
in nonlinear dynamical systems, which represent nonstationarity
and nonperiodicity in time series data. A recurrence plot is a two-
dimensional image. The value of the (i, j)th pixel of the recurrence
plot is defined by

Ri,j =

{

1 (D(i, j) < θ),
0 (otherwise),

(3)

where i and j (i, j = 1, . . . , N) denote the indices of the ith and jth
time windows (Fig. 1), N is the total number of time windows in the
marked point process data, θ is a threshold, and D(i, j) is the MSTM
between the ith time window w(i) and the jth time window w(j).

Recurrence quantification analysis is an analysis method that
quantifies the patterns appearing in recurrence plots. In this study,
we use a measure of determinism called DET,8

DET =

∑N−1
l=lmin

lU(l)
∑N−1

l=1 lU(l)
, (4)

where

U(l) =

N−l+1
∑

i=1

N−l+1
∑

j=i+1

(1− Ri−1,j−1)(1− Ri+l,j+l)

l−1
∏

k=0

Ri+k,j+k. (5)

In Eq. (4), U(l) is the number of diagonal lines in the plot whose
length is l (pixels) (1 ≤ l ≤ N− 1) and lmin is the minimum length
of the diagonal line. In this study, lmin is set to two. In Eq. (5), we
define that R0,j = 0 (j = 1, . . . , N + 1) and Ri,N+1 = 0 (i = 1, . . . , N).
Diagonal lines usually disappear in recurrence plots generated from

stochastic processes with no serial dependence or processes with
weak determinism. On the other hand, if the recurrence plot is gen-
erated from deterministic systems or processes with strong deter-
minism, longer diagonal lines appear. The length of the diagonal
lines is closely related to the second order Rényi entropy H2 (see, for
example, Sec. 3.6 in Ref. 8). Therefore, the DET value can contain
information about the determinism or predictability.

Because the percentage of plotted points in the recurrence plot
directly affects the value of DET, when we compare two or more
recurrence plots, recurrence plots need to be generated that have the
same ratio of the number of plotted points to the size (N× N). In
this study, the threshold θ in Eq. (3) is determined such that the
number of plotted points in each recurrence plot is 0.1× N× N.

C. Estimating prediction limits by constrained
random shuffle surrogate data

We attempt to estimate the prediction limit of marked point
process data generated from nonlinear deterministic dynamical sys-
tems. If the observed marked point process data are generated by
nonlinear dynamical systems, the data exhibit short-term correla-
tions, and the time when the correlations disappear can be related to
the prediction limit of the observed marked point process data.

To examine whether there is a short-term correlation or not, we
first propose a method for generating random shuffle surrogate data
with time window constraints, namely, CRSS data, thereby ascer-
taining the time when the short-term correlations disappear. We
generate CRSS data using the following algorithm:

1. A marked point process is divided into multiple time windows
whose lengths are L.

2. M neighboring time windows are grouped, and the order of time
windows in each group is randomly shuffled.

In this method, we randomly shuffle the temporal order of
M neighboring time windows, thereby destroying the short-term
correlation of marked point process data. The above algorithm pre-
serves the distribution of distances between time windows. This
method is an extended method of the random shuffle surrogate
for the marked point process data,7 where CRSS corresponds to
the random shuffle surrogate when M = N. To check whether the
marked point process data have short-term correlations, we employ
the null hypothesis that the observed marked point process has no
short-term serial dependence. If the marked point process has no
short-term correlations, the value of DET can be almost the same
as the original marked point process even when the order of time
windows is randomly shuffled.

The examples are depicted in Fig. 3. When M = 3, the data
are CRSS data [Fig. 3(a)], where the order of three neighboring
time windows is randomly shuffled. This random shuffling partially
changes the distribution of inter-event intervals (IEIs), whereas the
distribution of marks and the distances between time windows do
not change. When M = 1, the surrogate data are equivalent to the
original data [Fig. 3(b)]. When M is the total number of time win-
dows N, the data are fully random shuffled surrogate (FRSS) data
[Fig. 3(c)], where the order of all time windows is randomly shuffled.
In the numerical experiments, we increased M gradually from 1 to N
(the number of time windows) and estimated the minimum value of
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FIG. 3. Examples of constrained random shuffling. In case that (a) the number of
randomly shuffled time windowsM = 3 (CRSS data), (b) the number of randomly
shuffled time windows M = 1, which corresponds to the original data, and (c)
the number of randomly shuffled time windows M = 9 (= N) (FRSS data). The
process of random shuffling is depicted in (a), while only the resultant marked
point process data are depicted in (b) and (c).

M, represented by Mmin, such that the distribution of DETs obtained
from CRSS data does not differ significantly from that obtained from
FRSS data.

If Mmin is large, it indicates that similar patterns appear repeat-
edly in the marked point process data. In this case, the data can be
predicted easily. On the other hand, if Mmin is small, the state of
the marked point process data changes rapidly with time, and the
data are not likely to contain similar patterns. In such cases, the data
might not be predictable. In this sense, the obtained Mmin is fun-
damentally related to the time at which the deterministic features
disappear and produces information about the relevant prediction
limits.

In this study, Mmin is determined using the Welch t-test
between the CRSS data and the FRSS data. The algorithm for
calculating Mmin is as follows:

1. Calculate the values of DET of Nf FRSS data.
2. Set M to unity and γ to zero. γ represents the number of times

that the null hypothesis is not rejected.
3. Calculate the values of DET of Nc CRSS data with the constraint

parameter M.

4. Calculate a significance level α′ using the value of M.
5. Perform the Welch t-test to check whether the mean values of

DET calculated from CRSS data are significantly larger than
those calculated from FRSS data.When the p-value is larger than
α′, γ ← γ + 1. If γ ≥ %γ , Mmin = M and the algorithm termi-
nates, where %γ is the parameter of our method. When γ < %γ ,
go to step 6.

6. Increase the value of M by M← M + 1 and go to step 3.

Figure 4 depicts the flow chart of the above-mentioned
algorithm. In our method, statistical tests are performed repeatedly,
which might create the problem of multiple comparisons. To coun-
teract this problem, we determine the significance level α′ in step 5
using the Šidák correction9 as follows:

α′ = 1− (1− α)
1
M , (6)

where α is the desired overall significance level and α = 0.01 in this
study.

We here note that if we employ the small shuffle surrogate data4

instead of the proposed CRSS, the surrogate data whose short-term
correlation is destroyed can be obtained. Let x(t) (t = 1, 2, . . . , τ ) be
the tth data point in a regularly sampled time series data and I (t)
be the temporal index of x(t). The small shuffle surrogate data4 are
generated using the following three steps:

(i) Ĩ (t) is defined by Ĩ (t) = I (t) + ξt, where ξt is a Gaussian
random number with appropriate mean and variance.

(ii) By ranking Ĩ (t) (t = 1, 2, . . . , τ ) in ascending order of their
values, the rank of Ĩ (t), which is described by rank(Ĩ (t)) (1 ≤
rank(Ĩ (t)) ≤ τ ), is adopted as the new index of the tth data
point in the original time series.

(iii) The small shuffle surrogate data are obtained by x(rank(Ĩ (t))) (t =
1, 2, . . . , τ ).

If this method is applied directly to the marked point process
data by considering x(t) to be the tth event, the surrogate data whose
short-term correlation is destroyed can be generated. However, this
method does not preserve the distances between time windows,
which indicates that whenever the surrogate data are generated, the
MSTM has to be repeatedly recalculated. These repeated calculations
of the MSTM involve an extremely high computational cost. On the
other hand, in our method, even if the order of time windows is
randomly shuffled, the distribution of the distances between time
windows holds before and after performing a random shuffle of M
neighboring time windows. Thus, we need to calculate the distances
between time windows only once.

III. EXPERIMENTAL SETTINGS

We used two types of dynamical systems to generate the
marked point process data. The first dynamical system is the Lorenz
equations10 described by

⎧

⎨

⎩

ẋ = −σx + σy,
ẏ = −xz + rx− y,
ż = xy− βz,

(7)

where σ , β , and r are parameters. In this study, σ = 10,
β = 8

3 , and 0 ≤ r ≤ 220, and Eq. (7) is numerically integrated using
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FIG. 4. Flow chart of the proposed method.

the fourth-order Runge–Kutta method with a step size of h = 0.001.
The marked point process data are generated by extracting the local
maxima from the time series of x(t) of the Lorenz equations. The
mark values of the marked point process are the local maxima,
and the event timings are the times at which the local maxima
occur.11 Figures 5(a)–5(c) show examples of marked point process
data generated from the Lorenz equations, where the red vertical
lines correspond to events.

The second dynamical system is the neuron model proposed by
Izhikevich,12 which is described by

{

v̇ = 0.04v2 + 5v + 140− u + I,
u̇ = a(bv− u),

if v ≥ 30 [mv] then
{

v← c,
u← u + d, (8)

where v corresponds to the membrane potential, u corresponds to
the recovery variable of a neuron, and I corresponds to the input to
a neuron. In Eq. (8), a, b, c, and d are parameters. The variables v and
u are reset to c and u + d, respectively, when the value of v reaches
30 mV. In this study, a = 0.02, b = 0.2, c = −55, and I = 10, unless
otherwise stated. The Izhikevich simple neuron model can produce
rich firing patterns exhibited by real biological neurons. The marked
point process data are generated by extracting the value of u(t) when
the neuron fires. In this study, Eq. (8) is numerically integrated using
the fourth-order Runge–Kutta method with a step size of h = 0.025,
where the time when a neuron fires is calculated with the bisection
method so that |v(t)− 30| < 10−6. Figures 5(d)–5(g) show examples
of marked point process data generated from the Izhikevich neuron
model, where the red vertical lines correspond to events.

To compare the marked point process data generated from
the deterministic dynamical systems with those generated from
a stochastic process, we used the Poisson process with marks
as the underlying model for point process data. The inter-event
intervals of the Poisson process are independent and identi-
cally distributed with the exponential distribution whose proba-
bility density function is described by Q(x) = ℓ e−ℓx. The mark
of each event is independent and identically distributed with the
Gaussian distribution whose average and variance are zero and
unity, respectively. We call this point process marked Poisson
process in this paper. In the experiments, ℓ = 10 and !t = !p

= 1.
In this study, we first investigate the relationships between the

values of DET and the parameter values of M that determine the
strength of the random shuffle of time windows. Next, we investigate
the relationship between the reciprocal of Mmin and the LLE. Positive
correlation between the reciprocal of Mmin and the sum of positive
Lyapunov exponents implies that Mmin obtained by our method can
plausibly evaluate the prediction limit of the given marked point
process data, because the Kolmogorov–Sinai entropy, which can be
a measure of predictability, is estimated by the sum of positive Lya-
punov exponents. In this paper, both the Lorenz system [Eq. (7)] and
the Izhikevich neuron model [Eq. (8)] have one positive Lyapunov
exponent, and consequently we investigate the relationship between
LLE and the reciprocal of Mmin. The Lyapunov exponents of the
Lorenz equations were estimated by the QR decomposition-based
method.13 Let (λ1, λ2, λ3) be the Lyapunov spectrum of the Lorenz
equations, where λ1 > λ2 > λ3. Figure 6(a) depicts the relationships
between the values of the parameter r and the corresponding Lya-
punov exponents, where the value of r is increased from 0 to 220
with a step size of 0.5. On the other hand, in the Izhikevich neuron
model, whenever the neuron fires, the variables v and u are reset.
If the QR decomposition-based method is directly used, this after-
spike resetting mechanism makes the estimated Lyapunov spectra
inaccurate. We thus use the method for estimating the Lyapunov
spectrum based on saltation matrices.14 Let (µ1, µ2) be the Lya-
punov spectrum of the neuron model described in Eq. (8), where
µ1 > µ2. Figure 6(b) depicts the relationships between the values of
the parameter d and the corresponding Lyapunov exponents, where
the value of d is increased from 0.86 to 0.95 with a step size of
0.0005.

In the numerical experiments, we also directly estimated the
LLE based on the method proposed by Sato et al.15 and compared it
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FIG. 5. Examples of marked point process data obtained from (a)–(c) the Lorenz equations, (d)–(g) the Izhikevich neuron model in Eq. (8), and (h) the marked Poisson
process. (a) A periodic orbit (r = 160), (b) a chaotic orbit (r = 28) whose largest Lyapunov exponent λ1 ≈ 0.90, and (c) a chaotic orbit (r = 167.5) whose largest Lyapunov
exponent λ1 ≈ 1.95. (d) A regular-spiking neuron (a =0.02, b =0.2, c = −65, d = 8, I =10), (e) a fast-spiking neuron (a =0.1, b = 0.2, c = −65, d = 2, I = 10), (f)
a chaotic-spiking neuron (a = 0.02, b = 0.2, c = −55, d = 0.905, I = 10) whose largest Lyapunov exponent µ1 ≈ 0.04, and (g) a chaotic-spiking neuron (a = 0.02,
b = 0.2, c = −55, d = 0.925, I = 10) whose largest Lyapunov exponent µ1 ≈ 0.07. (h) The marked Poisson process (ℓ = 10). The red vertical lines show generated
marked point process data. The gray lines in (a)–(g) show the original time series obtained from each of the dynamical systems. In (d)–(g), the blue lines show the time series
of v(t), and the gray lines show the time series of u(t).
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FIG. 6. Lyapunov spectra of (a) the Lorenz equations and (b) the Izhikevich neu-
ron model. In (a), the red line represents λ1, the gray line represents λ2, and
the blue line represents λ3. In (b), the red line represents µ1 and the blue line
represents µ2.

with Mmin obtained using our method. The LLE can be estimated by

LLE(s) ∝
1
s

1
N− s

N−s
∑

i=1

ln
D(i + s, κ(i) + s)

D(i, κ(i))
, (9)

where κ(i) is the index of the nearest time window of the ith time
window and D(i + s, κ(i) + s) represents the distance between the
ith and κ(i)th time windows after s steps, where s = 1 in this study.

In the experiment for investigating the relationship between

TABLE I. Parameter values used in the experiments.

Lorenz Neuron
equations model

Parameter [Eq. (7)] [Eq. (8)]

The number of time windows N 200 200
Length of time windows L 5 200
Weight of MSTM !t in Eq. (2) 1 1
Weight of MSTM !p in Eq. (2) 1 1
Step size of the Runge–Kutta

method h 0.001 0.025
Threshold %γ 3 3
Significance level α 0.01 0.01
The number of FRSS data Nf 100 100
The number of CRSS data Nc 100 100
Step size s in Eq. (9) 1 1

FIG. 7. DETs obtained from CRSS data. (a) DETs obtained by the marked
Poisson process, where L = 2. (b) DETs for the marked point process data gen-
erated from the periodic Lorenz system (r = 160; represented by the yellow
line) and the chaotic Lorenz systems (r = 28, λ1 ≈ 0.90 and r = 167.5, λ1

≈ 1.95; represented by green and dark blue lines, respectively), where L = 1.
(c) DETs for the marked point process data generated from the Izhikevich neu-
ron model [Eq. (8)] whose patterns of spiking are regular-spiking (a = 0.02, b
= 0.2, c = −65, d = 8; represented by the yellow line), fast-spiking (a
= 0.1, b = 0.2, c = −65, d = 2; represented by the light blue line), and
chaotic-spiking (a = 0.02, b = 0.2, c = −55, d = 0.905, µ1 ≈ 0.04 and a
= 0.02, b = 0.2, c = −55, d = 0.925, µ1 ≈ 0.07; represented by the purple
and dark blue lines, respectively), where L = 200. The horizontal dashed lines
represent the DETs of FRSS data.

Mmin and the LLE, we generated 100 marked point process data with
different initial values for each parameter set of the Lorenz equa-
tions and the Izhikevich neuron model. We then calculated the mean
values of Mmin and the LLE. The value of r is increased from 25 to
220 with a step size of 1 in the Lorenz equations. In the Izhikevich
neuron model, the value of d is increased from 0.89 to 0.95 with a
step size of 0.001. In both dynamical systems, we use each of the val-
ues of r and d only when λ1 and µ1 are larger than 10−2, because
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FIG. 8. Results for the Lorenz equations. (a) The relationship between the LLE
estimated by Eq. (9) and the LLE. (b) The relationship between the reciprocal of
Mmin and the LLE. The value of the correlation coefficient ρ is shown in each
figure.

the recurrence plots become extremely sensitive to the length of
time windows when the dynamical systems exhibit periodic behav-
ior (see Appendix A for details). The parameter values used in these
experiments are those listed in Table I, unless otherwise stated.

IV. RESULTS

First, we investigated the relationship between DET and the
value of the parameter M. Figure 7(a) is the result of the marked
Poisson process, where the inter-event intervals are described as
identical and independently distributed random variables. The
marked Poisson process has no short-term correlation. From
Fig. 7(a), even when the value of M is small, there is no difference
between the DET values of the FRSS data and the CRSS data. This
result indicates that our method correctly detects the property that
the marked Poisson process does not have a short-term correla-
tion. Figure 7(b) shows the results for the Lorenz equations, where
three values of r are used: when r = 160, the Lorenz system exhibits
periodic behavior, and when r = 28 and 167.5, the Lorenz system
exhibits chaotic behavior, where the LLE of the Lorenz system with
r = 28 is smaller than that with r = 167.5. From Fig. 7(b), when the

FIG. 9. Results for the Izhikevich neuron model. (a) The relationship between the
LLE estimated by Eq. (9) and the LLE. (b) The relationship between the reciprocal
of Mmin and the LLE. The value of the correlation coefficient ρ is shown in each
figure.

marked point process data are generated from the periodic Lorenz
system, the DET values gradually decrease with increasing value of
M, compared with the results for the marked point processes gen-
erated from chaotic Lorenz systems. In addition, when the LLE is
large, the decrease in the value of DET accelerates as the value of M
increases.

The same applies to the results of the Izhikevich neuron model
shown in Fig. 7(c), which shows the results for three types of behav-
ior of neurons: regular-spiking (RS), fast-spiking (FS), and chaotic-
spiking (Chaos) behavior. From Fig. 7(c), if the patterns of spiking of
neurons are RS or FS, the DET values gradually decrease as the value
of M increases. The speed of the decrease of the FS neuron is faster
than that of the RS neuron, which appears to be proportional to the
values of µ2. On the other hand, if the pattern of spiking exhibits
chaotic behavior, the DET values quickly decrease, and the speed of
the decrease is proportional to the LLE (µ1).

Next, we compared Mmin and the LLE in the cases where
λ1 > 10−2. Figures 8(a) and 9(a) show the relationships between
the LLE estimated from the marked point process data by Eq. (9)
and the LLE of the original dynamical systems. Figures 8(b) and
9(b) show the relationship between the reciprocal of Mmin and the
LLE of the original dynamical systems. From Fig. 8(a), the LLE esti-
mated from the marked point process data by Eq. (9) correlates
positively with the LLE of the original dynamical systems when λ1 is
less than approximately 0.7. However, this positive correlation dis-
appears when λ1 becomes large, and the LLE estimated by Eq. (9)
appears to correlate inversely with the LLE of the original dynamical
systems.

This tendency can also be found in Fig. 9(a), which shows the
results for the Izhikevich neuron model; the LLE estimated by Eq. (9)
is slightly inversely proportional to the LLE of the original dynamical
systems. These results indicate that Eq. (9) cannot evaluate the LLE
precisely when the LLE of the original dynamical systems becomes
large. On the other hand, from Figs. 8(b) and 9(b), the reciprocal
of Mmin correlates positively with the LLE even when the LLE of
the original dynamical systems takes large values, where the corre-
lation coefficient ρ between the reciprocal of Mmin and the LLE is
approximately 0.7 in both cases. These results imply that the pre-
diction limits of the marked point process data generated from the
Lorenz equations and the Izhikevich neuron model can be estimated
by Mmin obtained via the proposed method.

V. DISCUSSION

In Sec. IV, we show that the prediction limits of the marked
point process data generated from several dynamical systems can be
estimated by Mmin and the reciprocal of Mmin is closely related to the
LLE by numerical simulations. As discussed in Ref. 8, the distribu-
tion of the diagonal lines is directly related to the second order Rényi
entropy, but not to the LLE. Consequently, the DET values might
not be directly related to the LLE, because the DET value is propor-
tional to the average diagonal line length. However, our results imply
the possibility that the prediction limit estimated by using the DET
values, namely, the diagonal line length, can be indirectly related to
the LLE. Although the results obtained by the numerical simulations
[Figs. 8(b) and 9(b)] clarify that the reciprocal of Mmin and the LLE of
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FIG. 10. Distance matrices and recurrence plots when the parameter r = 146.9, σ = 10, b = 8
3
in the Lorenz equations. (a) The distance matrix when L = 15.67. (b)

The recurrence plot corresponding to (a). (c) The distance matrix values when L = 15.77. (d) The recurrence plot corresponding to (c).

the original dynamical systems have a positive correlation, the theo-
retical evidence thus far is insufficient. Therefore, it is important to
obtain an analytical relationship among Mmin, the LLE, and the sum
of positive Lyapunov exponents in the future.

Moreover, it is necessary to discuss the range of applicability of
the proposed method. Our method primarily aims at estimating the
prediction limits of the marked point process data generated from
nonlinear dynamical systems, which implicitly assumes that IEIs
and marks of the marked point processes data include the informa-
tion of the dynamical systems that generate them. Thus, in a realistic
situation, we need to assess whether the marked point processes
are stochastic or not before using the proposed method. Although
the proposed method uses the CRSS data to determine whether the
observed marked point process has no short-term serial dependence
or not, it might not be sufficient to distinguish the marked point pro-
cesses generated from nonlinear dynamical systems and those from
stochastic processes. Because if an observed marked point process

consists of colored noise and contains significant short-term corre-
lations, the null hypothesis employed in the CRSS method can be
false.

In the case where the information of original dynamical sys-
tems is encoded into sequences of the IEIs, several methods based on
surrogate data can be useful to assess whether the observed marked
point process data are stochastic or not.1,16–18 However, even if the
sequences of IEIs are not stochastic, there is a possibility that the
marks of events can be described by stochastic variables. In such
a case, in the proposed method, it might be needed to adjust the
weight value of marks !p in Eq. (2) so that the weight value of marks
(!p) is smaller than that of IEIs (!t). In addition to these cases, we
should note the possibilities such as (i) a sequence of marks is not
stochastic, but a sequence of IEIs is stochastic; (ii) both sequences of
IEIs and marks are stochastic; and (iii) both sequences of IEIs and
marks are not stochastic, but they are independently generated from
distinct dynamical systems. In this paper, we mainly focused on the
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case where both sequences of marks and IEIs include information
about the identical nonlinear dynamical system that generates them.
Consequently, the proposed method lacks the considerations of
cases (i)–(iii). In this sense, to avoid misinterpretations of observed
data, it is not appropriate to apply our method to the data with
properties (i)–(iii), and thereby it is also important to examine these
possibilities before applying the method proposed in this paper to
real data.

VI. CONCLUSION

We proposed a method for estimating the prediction limits of
the marked point process data generated from nonlinear dynami-
cal systems, using constrained random shuffle surrogate data. Using
two dynamical systems, namely, the Lorenz equations and the
Izhikevich neuron model, we numerically investigated the validity
of the proposed method. From the results, we concluded that a pos-
itive correlation exists between the LLE and the reciprocal of Mmin,
which is the time when the short-term correlation disappears. These
results of numerical simulations show that the prediction limit of
the marked point process can be detected by the proposed method,
although the theoretical evidence is not yet sufficient.

In this study, we mainly investigated several deterministic non-
linear dynamical systems and fully stochastic point processes. How-
ever, it is also important to evaluate how the proposed method works
for various types of stochastic dynamical systems, including the case
where the marked point process whose IEIs (marks) have some kind
of dynamics but the marks (IEIs) have no dynamics. Then, it is an
important avenue for future research studies to investigate marked
point processes generated from such systems.
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APPENDIX A: UNDESIRABLE EFFECTS OF TIME
WINDOW LENGTHS

We also investigated the effect of the time window lengths and
observed that they occasionally produce undesirable effects on the
distances calculated by the MSTM. Figure 10 presents examples
of distance matrices whose (i, j)th element (pixel) is the distance
between the time windows w(i) and w(j) in a marked point process
generated from a time series of x in Lorenz equations with strong
periodicity. Both distance matrices [Figs. 10(a) and 10(c)] are cal-
culated from the same marked point process by using the common
parameter values of the MSTM. The only difference between them is
the time window length L: L = 15.67 in Fig. 10(a) and L = 15.77 in
Fig. 10(c). Despite the small difference in the time window length,
the distance matrices, shown in Fig. 10, are observed to be com-
pletely different. The values of DET obtained from these distance
matrices are also quite different. This difference due to the window
length becomes prominent when the largest Lyapunov exponent is
small. From these results, we consider the case in which λ1 > 10−2

in our experiments.

FIG. 11. Relationship between Mmin and ω for the Lorenz equations. The val-
ues of Mmin are calculated from the marked point process data generated from
the Lorenz system with dynamical noise [Eq. (B1)], whose behavior is periodic
(r = 160; represented by the yellow line) and chaotic (r = 28, λ1 ≈ 0.90 and
r = 167.5, λ1 ≈ 1.95; represented by green and dark blue lines, respectively),
where L = 2.

APPENDIX B: EFFECT OF DYNAMICAL NOISE

We further investigated the effect of dynamical noise on Mmin,
where the dynamical noise was added to the Lorenz equations
[Eq. (7)] and the Izhikevich neuron model [Eq. (8)], as follows. The
Lorenz equations with dynamical noise are described by

⎧

⎨

⎩

ẋ = −σx + σy + ωξx,
ẏ = −xz + rx− y + ωξy,
ż = xy− βz + ωξz,

(B1)

where ωξx, ωξy, and ωξz are the noise terms. The Euler–Maruyama
method with the step size 0.0001 was used to obtain the numerical
solutions of Eq. (B1). The Izhikevich neuron model with dynamical

FIG. 12. Relationship between Mmin and ω for the Izhikevich neuron model.
The values of Mmin are calculated from the marked point process data
generated from the Izhikevich neuron model with dynamical noise [Eq.
(B2)], whose patterns of spiking are regular-spiking (a = 0.02, b = 0.2,
c = −65, d = 8; represented by the yellow line), fast-spiking (a = 0.1,
b = 0.2, c = −65, d = 2; represented by the light blue line), and chaotic-spik-
ing (a = 0.02, b = 0.2, c = −55, d = 0.905, µ1 ≈ 0.04 and a = 0.02,
b = 0.2, c = −55, d = 0.925, µ1 ≈ 0.07; represented by the purple and dark
blue lines, respectively), where L = 100.
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noise is described by
{

v̇ = 0.04v2 + 5v + 140− u + I + ωξv,
u̇ = a(bv− u),

if v ≥ 30 [mv] then
{

v← c,
u← u + d, (B2)

where ωξv is the noise term. The Euler–Maruyama method with
the step size 0.0025 is used to obtain the numerical solutions of Eq.
(B2). In Eqs. (B1) and (B2), ω is the strength of noise. In this paper,
ξx, ξy, ξz, and ξv represent white Gaussian noise whose average and
variance are zero and unity, respectively.

For the Izhikevich neuron model, the marked point process
data are generated by extracting the value of u(t) when the neuron
fires. In contrast, for the Lorenz equations, the marked point pro-
cess data are generated by the following procedure: (i) a time series
of x obtained by the Euler–Maruyama method with the step size
0.0001 is resampled every 10 steps and then the time series x(t) is
generated. (ii) The local maxima are detected by checking whether
x(t) satisfies both x(t) > x(t− T̃) and x(t) > x(t + T̃) for all t and
T̃ (1 ≤ T̃ ≤ T), where T = 0.25 in this paper. (iii) The marked point
process data are generated by extracting these local maxima. Steps (i)
and (ii) were incorporated to reduce the number of events included
in the marked point process data. If the local maxima are simply
extracted from the time series obtained by the Euler–Maruyama
method, the number of events in the marked point process data
generated from Eq. (B1) considerably increases when ω > 0, which
simultaneously increases the computational cost of the MSTM. Steps
(i) and (ii) can counteract this effect.

Figures 11 and 12 show the relationship between Mmin and the
strength of noise ω, where the parameter values used in the exper-
iments are the same as those listed in Table I except for the values
of L; L = 2 in the Lorenz equations and L = 100 in the Izhikevich
neuron model. In addition, the Euler–Maruyama method was used
instead of the Runge–Kutta method.

From Figs. 11 and 12, it can be seen that the value of Mmin

gradually decreases with increasing noise strength. In addition,
Fig. 11 indicates that Mmin obtained from the periodic system can
be potentially smaller than that obtained from the chaotic system
with dynamical noise. These results not only show that the dynam-
ical noise decreases Mmin, namely, the estimated prediction limit,
but also imply that the estimated prediction limit might not reflect
the true predictability of the underlying dynamical systems in the
marked point processes.
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Abstract: The multiple-input multiple-output (MIMO) system is one of the wireless commu-

nication methods that use multiple transmit and receive antennas. To ensure security on the

physical layer and also to enhance channel coding efficiency, a chaos MIMO (C-MIMO) system

was previously proposed. In this system, a chaotic dynamical system is used for modulation.

In this paper, we revealed that the original C-MIMO system does not effectively use the in-

formation of bits that are used for modulation, which results in a difficulty in distinguishing

encrypted symbols. To solve this issue, we propose a new modulation method for the C-MIMO

system. We evaluated the performance of the proposed C-MIMO system and showed that the

proposed C-MIMO system significantly improves block error rates.

Key Words: chaos communication, MIMO, Bernoulli shift map

1. Introduction
Owing to the widespread use of the Internet, the development of high capacity and secure commu-

nication systems is required. To deal with this problem, it is acknowledged that the multiple-input

multiple-output (MIMO) system [1] is effective owing to its large channel capacity. The MIMO system

has already played an essential role in the fourth generation of cellular mobile communications (4G)

and the fifth generation of cellular mobile communications (5G). Although the current MIMO system

provides security for the layers higher than the physical layer, the security of the physical layer is

not taken into consideration. However, as the number of users increases, the security of the current

MIMO system is insufficient and encryption in the physical layer should be considered.

To ensure the security of the physical layer, the chaos-based communication method [2] is effective.
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One of the well-known chaos-based communication methods is chaotic code division multiple access

(C-CDMA) [3], where a chaos-based modulation is incorporated into the code division multiple access

(CDMA); the C-CDMA ensures the security of the physical layer. However, the CDMA was not

included in the 4G and 5G standards. Conversely, Okamoto et al. proposed a chaos MIMO (C-

MIMO) system that ensures the security of the physical layer and also obtains channel coding gain by

introducing a chaotic dynamical system in the signal modulation part [4–6]. The C-MIMO system is

one of the common key cryptosystems, which uses the feature of chaotic dynamics such as a sensitive

dependence on initial conditions. Although the original C-MIMO system shows high performance, it

is still important to reveal why the chaotic dynamics leads to good performance from the perspective

of nonlinear dynamical systems.

In this study, we numerically analyzed the dynamics of the chaotic system used in the modulation

part of the original C-MIMO system [4–6] and clarified that there is a possibility that the original C-

MIMO system [4–6] does not take full advantage of the information of bits used for signal modulation.

Then, we further proposed a chaos-based modulation method for the modulation part in [6] and showed

that the proposed C-MIMO system improves bit error rate (BER) and block error rate (BLER)

performances, because the proposed C-MIMO system can effectively use the information of bits.

2. Chaos MIMO system

Fig. 1. Original chaos multi-input multi-output (C-MIMO) system [4–6].

In this section, we review a configuration of the original C-MIMO system [4–6]. Figure 1 shows the

configuration of the original C-MIMO system.

Let Nt be the number of transmit antennas and Nr be the number of receive antennas. Figure 1

shows an example when Nt = Nr = 2. Let b be a transmit block which is given by

b = [b0, b1, · · · , bL−1], (1)

bm ∈ {0, 1}, (m = 0, 1, · · · , L − 1),

where L is the number of symbols.

Let s(t) be the t th MIMO transmit vector which is given by

s(t) = [s1(t), · · · , sNt
(t)]T , (2)

where si(t) (i = 1, · · · , Nt) corresponds to the t th symbol transmitted from the i th transmit antenna

and T represents the transpose. In Eq. (2), t represents the temporal order with which s(t) is

transmitted from the transmit antennas. The transmitted symbol si(t) is generated from the transmit

block b by the chaos-based modulation, which is described later in this section. Let SB be the MIMO

transmit block consisting of B MIMO transmit vectors defined by

SB = [s(0), · · · , s(B − 1)]. (3)

Note that L = NtB. Then, the t th MIMO receive vector is given by

r(t) = H(t)s(t) + n(t), (4)
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where n(t) is the t th noise vector whose elements obey the zero-mean Gaussian distribution. The

matrix H(t) is the t th channel matrix given by

H(t) =

⎡
⎢⎣

h11(t) · · · h1Nt
(t)

...
. . .

...

hNr1(t) · · · hNrNt
(t)

⎤
⎥⎦ , (5)

where hij(t) is the t th channel component between the i th transmit antenna and the j th receive

antenna. Values of hij(t) follow antenna and symbol independent and identically distributed (i.i.d.)

flat Rayleigh fading. In the receiver, the transmit block b is estimated from r(t).

In the original C-MIMO system, a common key c0 (0 < Re[c0] < 1 and 0 < Im[c0] < 1) is randomly

generated and shared between the transmitter and the receiver in advance. The value of c0 is used

to generate the initial values of the chaotic dynamical systems. Figure 2 shows a configuration of the

chaos modulation part [4–6].

Fig. 2. Configuration of the chaos modulation part in the original C-MIMO
system [4–6].

The original C-MIMO system generates the MIMO transmit block SB by using a transmit block b

and the k th element symbol represented by ck (k = 1, · · · , L). The element symbol ck is generated

from c0 by a chaos-based modulation described in the following procedure.

(I) Set k to 0.

(II) Two initial values of chaotic dynamical systems, x0 and y0, are generated from the element

symbol ck and the transmit block b as follows:

x0 =

⎧
⎪⎪⎨
⎪⎪⎩

Re[ck] (bk =0),

1−Re[ck] (bk =1 and Re[ck]>1/2),

Re[ck]+1/2 (bk =1 and Re[ck]≤1/2),

(6)

and

y0 =

⎧
⎪⎪⎨
⎪⎪⎩

Im[ck] (b(k+1) mod L =0),

1− Im[ck] (b(k+1) mod L =1 and Im[ck]>1/2),

Im[ck]+1/2 (b(k+1) mod L =1 and Im[ck]≤1/2).

(7)

In Eqs. (6) and (7), when k = 0, the common key c0 is used.

(III) Two chaotic series are generated by the Bernoulli shift map:

{
xl+1 = 2xl mod 1,

yl+1 = 2yl mod 1,
(8)

where x0 and y0 are used as the initial values. After iterating Eq. (8) n times, the (k + 1) th

element symbol ck+1 is calculated by
{

Re[ck+1] = xn+b(k+L/2) mod L
,

Im[ck+1] = yn+b{(k+1)+L/2} mod L
,

(9)

where n is set to 100, as described in [6].
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(IV) By using ck+1, the transmitted random Gaussian symbol sk+1 is generated using the Box-Muller

method [7] as follows:

sk+1 =
√

− log(ux,k+1){cos(2πuy,k+1)+j sin(2πuy,k+1)}, (10)

where j is the imaginary unit, ux,k+1 and uy,k+1 are defined by

ux,k+1 =
1

π
arccos[cos{37π(Re[ck+1]+Im[ck+1])}],

uy,k+1 =
1

π
arcsin[sin{43π(Re[ck+1]−Im[ck+1])}] +

1

2
.

(11)

(V) After repeating the steps (II)–(IV), the MIMO transmit block SB is defined as

SB =

⎡
⎢⎣

s1 sNt+1 · · · s(B−1)Nt+1

...
. . .

...

sNt
s2Nt

· · · sBNt

⎤
⎥⎦ , (12)

where the symbols in the i th column are transmitted from the i th antenna. Therefore, the

MIMO transmit vector s(t) in Eq. (2) is given by

s(t) = [stNt+1, · · · , s(t+1)Nt
]T . (13)

In the receiver, the joint maximum likelihood sequence estimation (JMLSE) [5] is performed to

decode SB. The decoded block b̂ is given by

b̂ = arg min
b̃∈Ω

B−1∑

t=0

||r(t) − H(t)ŝ(b̃, c0)||2, (14)

where Ω is a set of all possible bit sequences of length L and ŝ(b̃, c0) is a MIMO transmit vector

generated from the block b̃ and common key c0 in the receiver side by the chaos-based modulation

described in the above-mentioned steps (I)–(V). The set of possible bit sequences Ω and the vectors

ŝ(b̃, c0) (b̃ ∈ Ω) are generated in the receiver in advance.

In numerical simulations, when the double-precision floating-point number is adopted, the chaotic

series generated by Eq. (8) converges to zero with a finite number of iterations [9]. To avoid this zero

convergence, the modulo operator (mod 1) in Eq. (8) is replaced by mod(1− 10−11), similar to [10].

In the original C-MIMO system, even if an eavesdropper estimates a key close to the common key

c0, the communication is still secure except when the eavesdropper estimates the common key whose

squared error is smaller than 10−26 [8]. The value 10−26 is significantly small; therefore, the security

is considered to be sufficient.

3. Issues in the original C-MIMO system
In this section, we discuss the case where Nt = 2, namely L = 2B, for the sake of simplicity, but the

same discussion is valid for the case where Nt > 2.

The following two issues exist in the original C-MIMO system:

I. Equations (6) and (7) have no effect when 0 < Re[ck] < 0.5 and 0 < Im[ck] < 0.5.

II. Although b is composed of L bits, sk+1 is generated consisting of only four bits of the total

L bits, namely bk, bk+1, bk+B, and bk+B+1. This use of a small number of bits in b reduces

possible values of sk+1, which might lead to poor performance.

To resolve issue I, in Fig. 3, we show the flow for generating the transmitted symbol sk+1 from the

element symbol ck. We first present an analysis of Eqs. (6) and (8).

First, the initial values of the chaotic dynamical systems x0 are generated from the element symbol

ck according to Eq. (6), depending on the value of bk. After generating x0, x0 is mapped to x1 by the
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Fig. 3. Schematic diagram demonstrating the generation of the transmitted
symbol sk+1 from the element symbol ck in the original C-MIMO system.

Bernoulli shift map (Eq. (8)). If the bit bk affects sk+1, the value of x1 must vary when the value of

bit bk varies.

However, regardless of whether bk = 0 or bk = 1, the values of x1 are the same when 0 < Re[ck] <

0.5. The following reason causes the values of x1 to remain the same: if bk = 0, the value of x1

is 2 Re[ck] mod 1. Conversely, if bk = 1, the value of x1 is {2 Re[ck] + 1} mod 1 = 2 Re[ck] mod 1,

which is identical to the value when bk = 0. This is because the modulo operation is defined by

α mod β ≡ α−β⌊α
β ⌋, where ⌊·⌋ is the floor function. This indicates that Eq. (6) has no effect on sk+1

when 0 < Re[ck] < 0.5.

Fig. 4. Relation between Re[ck] and x1 for (a) bk = 0 and (b) bk = 1.

To confirm the above discussion that Eq. (6) has no effect on sk+1 when 0 < Re[ck] < 0.5, we

plotted the value of x1 as a function of Re[ck] in Fig. 4. From Fig. 4, it can be observed that although

the value of bk is different, these two relations are equivalent when 0 < Re[ck] < 0.5. Thus, regardless

of whether bk = 0 or bk = 1, the values of x1 are the same when 0 < Re[ck] < 0.5.

It should be noted that the shapes of these two return maps are not important (Fig. 4(a) indicates

a Bernoulli shift map and Fig. 4(b) demonstrates a tent map). The same discussion also applies to

Eq. (7) when 0 < Im[ck] < 0.5.

For issue II, we first show the constellation diagrams of the original C-MIMO system when the

MIMO transmit block length B = 4 and the number of transmit and receive antennas Nt = Nr = 2.

In Fig. 5, we generated and plotted 2L = 28 symbols (sk+1), which are all possible bit patterns of

the transmit block b. Even though the maximum number of symbols is 28, the number of symbols

in Fig. 5(a) is only 16, because certain symbols take exactly the same value. Thus, it is difficult to

distinguish one symbol from another. The same discussion applies to Fig. 5(b).

When generating the symbol sk, the original C-MIMO system [4–6] uses the element symbol ck and

the following four bits in b: bk in Eq. (6), b(k+1) mod L in Eq. (7), b(k+B) mod L and b((k+1)+B) mod L

in Eq. (9). When k = 0, although the number of possible bit patterns of b is 2L (= 28 in Fig. 5(a)),
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the number of patterns of symbols s1 is 24(= 16). When k = 1, the bits in b used to generate the

symbols s2 are shifted from the bits that were used to generate the symbols s1 by one bit. Hence, in

addition to the four bits used in the case that k = 0, b(k+2) mod L and b((k+2)+B) mod L are used to

generate the symbol s2. Therefore, six bits are involved in total. In Fig. 5(b), it can be observed that

the number of patterns of the symbols s2 is 26(= 64); however, the maximum number of bit patterns

of b is 28(= 256).

Fig. 5. Examples of constellation diagrams for the k th transmitted symbol
sk obtained using the original C-MIMO system, when B = 4 and n = 100.

4. Proposed system

Fig. 6. Configration of the modulation part in the proposed C-MIMO system.

We propose an improved C-MIMO system that addresses the above-mentioned issues I and II discussed

in Sec. 3. Figure 6 shows a configuration of the proposed chaos-based modulation for the C-MIMO

transmission system.

Let us first address issue I where the third equations in Eqs. (6) and (7) have no effect on the value

of ck as shown in Sec. 3. On the basis of this fact, we simply use the following Eqs. (15) and (16)

instead of Eqs. (6) and (7).

x0 = Re[ck], (15)

y0 = Im[ck]. (16)

Although issue I exists in Eqs. (6) and (7) in the original C-MIMO system from a theoretical

perspective, this issue seems to be resolved indirectly by replacing the modulo operator (mod 1) in

Eq. (8) with mod(1 − δ) in the original C-MIMO system, where δ(< 1) is a small real number and

δ = 10−11 in [10]. This replacement of the modulo operator is introduced to prevent the values of
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xn and yn from converging to zero in numerical simulations, but not to address issue I. Moreover,

this value of δ is empirically determined; further, no reports systematically clarify how the value of δ

affects the dynamics of the Bernoulli shift map and the randomness of generated transmitted symbols.

In this sense, the proposed method (Eqs. (15) and (16)) can remove the uncertainty caused by the

replacement of the modulo operator and simplify the original C-MIMO system.

By this change, the initial values, x0 and y0, are generated only from ck, and the initial values do

not depend on b anymore. Instead, b is used in another part, which resolves issue II.

Second, let us address issue II. We changed Eq. (9) to

ck+1 = xn+ix
+ jyn+iy

, (17)

where n = 100 and we adaptively change the number of iterations ix and iy, using the transmit block

b. When the (k + 1) th element symbol ck+1 is generated, the values of ix and iy are determined by

ix =

⎧
⎪⎪⎨
⎪⎪⎩

0 (k ≥ 1),
B−1∑

m=0

2mbm (k = 0),
(18)

and

iy =

⎧
⎪⎪⎨
⎪⎪⎩

0 (k ≥ 1),
2B−1∑

m=B

2m−Bbm (k = 0).
(19)

Equations (18) and (19) indicate that ix and iy take values calculated by the second equations in

Eqs. (18) and (19) only when the first transmitted symbol s1 is generated (k = 0). We emphasize

that all bits in b are used in the proposed C-MIMO system. In addition, because the other transmitted

symbols sk(k ≥ 1) are generated from the first element symbol c1, it is not necessary to calculate ix
and iy for these transmitted symbols. Based on this idea, ix and iy are set to 0 when k ≥ 1. These

changes increase the number of patterns of symbols to 2NtB, which is the maximum number of bit

patterns of b.

5. Numerical experiments
To confirm the performance of the proposed C-MIMO system, we conducted three numerical experi-

ments. In the first experiment, we checked the number of transmitted symbols generated from all bit

patterns of b. Figure 7 shows the constellation diagrams obtained by the proposed C-MIMO system

when the MIMO transmit block length B = 4.

In Fig. 7, we conducted the same experiments corresponding to Fig. 5, but used the proposed C-

MIMO system instead of the original one. From Fig. 7(a) and 7(b), we can observe that the number

of symbols increases substantially in comparison with Fig. 5(a) and 5(b).

Figure 8 shows distributions of inter-symbol distances obtained from the original and proposed

C-MIMO systems. In the case of the original C-MIMO system, because the number of generated

patterns of the symbol s1 is small, the inter-symbol distances are localized around zero (Fig. 8(a)).

Conversely, in the case of the proposed C-MIMO system, because the number of generated patterns

of the symbol s1 is 28, the inter-symbol distances are widely distributed (Fig. 8(a)). From Fig. 8(b),

we can observe that the tendency is almost the same. Specifically, the variation of the inter-symbol

distance becomes small in the case of the original C-MIMO system. Therefore, the proposed C-MIMO

system works well in increasing the number of patterns of the transmitted symbols.

In the second experiment, to show quantitatively that the proposed C-MIMO system can generate

a wide variety of patterns of the transmitted symbols, we conducted the following experiment: we

first calculated the transmitted symbol si(i = 1, · · · , 8) from b using the proposed C-MIMO system.

The transmitted symbols were calculated for all possible bit sequences of b, where the total number of

patterns of b is 2NtB(= 28). Consequently, the number of patterns of each transmit symbol (si) is at

most 256 patterns. Next, 256 symbols were generated randomly, where the real and imaginary parts
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Fig. 7. Examples of constellation diagrams of the k th transmitted symbol
sk obtained using the proposed C-MIMO system when B = 4 and n = 100.

of each symbol obey a Gaussian distribution having the same average and variance as the symbols

generated by the proposed C-MIMO system. We then calculated the distance between the distribution

of inter-symbol distances obtained by the proposed C-MIMO system and that of random symbols as

follows:

Ai =

∫ ∞

0
|Pi(z) − Q(z)|dz, (20)

where Pi(z) is a cumulative distribution of the distances between symbols corresponding to si gen-

erated by the proposed C-MIMO system and Q(z) is a cumulative distribution of distances between

random symbols. Because the probability that the randomly generated symbols are identical is ex-

tremely low, the 256 randomly generated symbols are predominantly different from each other. In

this sense, the randomly generated symbols can be ideally placed transmitted symbols and thus the

distance Ai can be a good indicator of the variation in the patterns of symbols obtained by the

proposed C-MIMO system. In this experiment, by calculating Eq. (20) for the original chaos-based

modulation method described in Sec. 2, we compared the proposed C-MIMO system with the original

one. Figure 9 shows the averaged values of Ai calculated for 100 values of the common key c0. From

Fig. 9, it can be observed that the proposed C-MIMO system can generate symbols that are more

similar to the random symbols than the symbols generated by the original C-MIMO system.

In the third experiment, we evaluated the BER and BLER of the original and proposed C-MIMO

systems. In this experiment, we also investigated the BER and BLER of two MIMO systems: the

first system is a MIMO system with binary phase-shift keying (BPSK) modulation and the second

system is that with quadrature phase-shift keying (QPSK) modulation. We compared the proposed

C-MIMO system with these two modulation schemes. In this paper, we call the MIMO system with

BPSK modulation BPSK-MIMO and that with QPSK modulation QPSK-MIMO. In the BPSK- and

QPSK-MIMO systems, MIMO receive vectors were decoded by the maximum likelihood detection

(MLD). Table I lists the simulation conditions. We assumed that the channel information follows the

antenna and symbol i.i.d. one-path Rayleigh fading. In addition, the channel information is perfectly

estimated in the receiver side.

Figures 10–12 show the BER and BLER against Eb/N0 per receive antenna, where Eb/N0 is the

signal to noise ratio (SNR) per bit. In this experiment, we randomly generated 106 transmit blocks

b and calculated their decoded blocks b̂. The BER is the ratio of the number of incorrect bits to

the total number of received bits. Conversely, the BLER is the rate at which b̂ is not decoded to b.
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Fig. 8. Examples of distributions of inter-symbol distances when B = 4 and
n = 100. The distributions illustrated in the insets in each figure are separately
plotted distributions for the proposed and original C-MIMO systems.
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Fig. 9. Results for Ai (Eq. (20)) obtained using the original and proposed
C-MIMO systems.

Table I. Conditions of the numerical experiments.

Modulation BPSK, QPSK Chaos (original and proposed)

Number of transmit and Nt = Nr = 2 (Figs. 10, 11(a), and 12(a))
receive antennas Nt = Nr = 2, 3, and 4 (Figs. 11(b) and 12(b))

MIMO Block length N/A B = 2, 3 and 4

Chaos map N/A Bernoulli shift map

Number of iterations
N/A n = 100

for the Bernoulli shift map

Synchronization of common keys Perfect

Channel
Antenna and symbol i.i.d.
one-path Rayleigh fading

Receive channel state information Perfect

Algorithm for decoding MLD JMLSE

We changed the common key c0 every 104 blocks (the total number of common keys c0 is 100). The

real and imaginary parts of the common key c0 obey a uniform distribution in the range (0, 1). The

elements of n(t) are additive white Gaussian noises. Then, SNR is calculated as follows:

SNR = 10 log10

σ2
r

σ2
n

, (21)

where σ2
r is the average power per receive antenna and σ2

n is the average power of noises. In the

BPSK-MIMO, the original C-MIMO, and the proposed C-MIMO systems, Eb/N0 is identical to SNR.

In the case of the QPSK-MIMO system, Eb/N0 = SNR/2.

We first compared the proposed C-MIMO system with the BPSK- and QPSK-MIMO systems, as

illustrated in Fig. 10. From Fig. 10, it can be observed that the BPSK- and QPSK-MIMO systems

exhibit better performance than the proposed C-MIMO system only when the value of SNR (Eb/N0)

is low (Eb/N0 ≪ 10). In contrast, especially in the region where the values of Eb/N0 are high, the

proposed C-MIMO system (B > 2) substantially decreases BER/BLER and shows better BER/BLER
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Fig. 10. Bit error rate (BER) and block error rate (BLER) of the BPSK-,
the QPSK-, and the proposed C-MIMO systems, where Nt = Nr = 2.

performance than the BPSK- and QPSK-MIMO systems.

Next, we compared the proposed and the original C-MIMO systems, as illustrated in Figs. 11(a)

and 12(a). From Figs. 11(a) and 12(a), it can be observed that when B = 3 and 4, the BER and

BLER performances of the proposed system are improved when compared to the original C-MIMO

system. From Figs. 11(b) and 12(b), when Nt = Nr = 3 and 4, the BER and BLER performances

of the proposed C-MIMO system are also improved when compared to the original C-MIMO system.

The reason is that it is easy to distinguish transmitted symbols from each other because the number

of patterns of the transmitted symbols has increased. When B = 2 and Nt = 2, the BER and

BLER performances of the proposed C-MIMO system are equivalent to those of the original C-MIMO
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Fig. 11. BER of the original and proposed C-MIMO systems.

system. This is because both the proposed C-MIMO system and the original one generate the same

number of block patterns, i.e., 24 block patterns, in the case where B = 2.

Although these results of numerical simulations reveal that the proposed C-MIMO system exhibits

higher performance than the BPSK-, the QPSK-, and the original C-MIMO systems, we should specify

that the computational cost of the proposed C-MIMO system is higher than that of the BPSK- and

the QPSK-MIMO systems because of the high computational cost of the chaos modulation and the

decoding of the modulated symbols. In addition, the computational cost of the proposed C-MIMO

system is also higher than the original C-MIMO system, because the number of iterations (ix and iy)

is large. Consequently, reducing the computational cost of the proposed C-MIMO system is one of
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Fig. 12. BLER of the original and proposed C-MIMO systems.

our important future works.

In this paper, we primarily considered the single-user MIMO; however, the multi-user MIMO (MU-

MIMO) [11] and massive MIMO [12–14] are currently receiving considerable attention. Besides, several

extended C-MIMO systems have been proposed, where the original C-MIMO system is extended to the

MU-MIMO [15] and massive MIMO systems [16]. These extended C-MIMO systems also incorporate

the chaos-based modulation which is almost identical to the chaos-based modulation used in the

original C-MIMO system for a single user described in Sec. 2. This fact implies that our approach

can be applied to these extended C-MIMO systems. Thus, the application of our method to these

extended C-MIMO systems and the evaluation of their performance are important future works.
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6. Summary

In this paper, we investigated the modulation part of the C-MIMO system [4–6] from the perspective

of nonlinear dynamical systems. Then, we described the issues pertaining to the initial values of the

chaotic dynamical systems used in the original C-MIMO system, i.e., the constellation diagrams of

the original C-MIMO system show that the same transmitted symbols are generated from different

symbols because only four bits of the total L bits in the transmit block were used to generate the

transmitted symbols in the original C-MIMO system.

Based on these results, we proposed a new modulation method. In the proposed C-MIMO system,

all bits in the transmit block are used to generate the transmitted symbols and the number of iterations

of chaotic maps was adaptively controlled by the information of the transmit block. We showed that

the BER performance of the proposed C-MIMO system was superior to that of the original C-MIMO

system.

Although we only evaluated the BER (BLER) performance of the proposed C-MIMO system in

this paper, throughput is also an important performance measure for the proposed C-MIMO system,

which should be investigated in future work.
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Abstract: The recent developments in measurement techniques have allowed us to observe

multidimensional time series data in various fields. Thus, detecting causal relations between

elements from multidimensional time series data is useful for prediction, model generation, and

system control. In addition, causal relations between elements can be detected to estimate

network connections. In other words, the network structure can be estimated from multidi-

mensional time series data by using causality detection methods. Among the several methods

for detecting causality, Granger causality is a well-known method that is widely used for causal

estimation between time series. On the other hand, a method called convergent cross map-

ping (CCM) has been proposed, which can distinguish causality from pseudo-correlation. It

is important to investigate whether CCM will be effective with increased number of elements,

even though the evaluation of its performance with a few elements has been reported in the lit-

erature. Moreover, it is important to evaluate the performance with changing dynamics of the

elements. In this study, to estimate the connectivity between elements in complex networks,

we apply CCM to mathematical models of complex networks, or the Watts-Strogatz model. In

particular, we investigate how complex network structures affect causal estimation, by apply-

ing CCM to multidimensional time series data produced from complex networks. According to

the results, we find the connectivity estimation accuracies in the regular ring-lattice network

to be slightly higher than those in random networks. Furthermore, we reveal that it is easier

to perform connectivity estimation for a network with a community structure than a random

structure.

Key Words: nonlinear time series analysis, complex network, causality, connectivity
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1. Introduction
Causal relations exist between various events, and thus, it is important to identify them. In recent

years, with the advances in observation technology and information science, considerable time series

data can be measured easily. Thus, various methods have been proposed for estimating and detecting

causality for time series data. For example, Granger causality is a commonly used method in causal

estimation between time series signals [1]. However, several problems remain. Although Granger

causality works well for a certain type of time series, it might not be effective for cases in which time

series signals are generated from nonlinear deterministic dynamical systems.

On the other hand, a method called convergent cross mapping (CCM) [2] has been proposed as

an effective method for estimating the causal relation between nonlinear deterministic time series

signals. In [2], it was shown that CCM is effective for detecting the causality for a simple network with

relatively few vertices. However, in the real world, the causality between events might be produced

from complex networks and real-world networks are known to have a complex network structure [3,

4], for example, neural networks, power grids, the Internet, friendships, the spread of disease, and

the spread of information. Estimating these complex connections is generally a difficult problem, but

an important topic. That is, we need to evaluate the CCM performance for complex networks with

relatively more vertices. Then, our purpose is two-fold. The first one is to investigate the ability

of CCM to perform causality detection and coupling estimation in complex networks with relatively

more vertices. The second one is to investigate whether the performance of coupling estimation by

CCM depends on the network structure. Therefore, this study investigates how the causality detection

accuracy resulting from the difference in the network structure appears when component elements in

a network are connected by a complex network model.

In addition, coupling estimation using CCM has some problems. In CCM, after we mutually

predict time series in-sample through cross mapping, we need to manually decide the threshold that

determines whether a coupling exists. Therefore, we propose the use of CCM in combination with

the Otsu method [5]. The proposed method can automatically decide the threshold for coupling

estimation.

2. Method
Let us refer to a time series that influences as “the time series of cause,” and one that is influenced

as “the time series of result.” The information in the time series of cause can be accumulated in the

time series of result, and as the length of the time series increases, the amount of information of the

time series of cause accumulated in the time series of result increases. In fact, such a concept is used

in this paper as a common basis for causality estimation methods of CCM [2]. In this section, we

review CCM, or a causality estimation method, based on the nonlinear dynamical systems theory.

The basic idea of CCM is that the higher the mutual prediction accuracy of a time series, the higher

the possibility that causality exists. First, we consider a dynamical system comprising two variables,

xt and yt, where t is time. Let xt be a cause of yt. Originally, CCM estimates the causality between

multidimensional time series data, but for simplicity, we use two variables here.

When applying CCM to two time series data xt and yt, we first reconstruct the attractors us-

ing a time-delay coordinate system [6] from the original time series xt and yt. Embedding can be

achieved by transforming an observed time series into a time-delay coordinate with a sufficiently large

dimension [7]. Even if we cannot observe all variables, we can have the information on the original

dynamical system only from an observed time series by reconstructing the attractors.

Let us define a reconstructed attractor from the time series of xt by a time-delay vector x(t), as

shown in Eq. (1).

x(t) = (xt, xt+τ , xt+2τ , · · · , xt+(m−1)τ ), (1)

where τ is the time delay and m is the dimension of the reconstructed state space. Similarly, y(t) is

defined by

y(t) = (yt, yt+τ , yt+2τ , · · · , yt+(m−1)τ ). (2)
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Next, to predict the original time series xt and yt, we use the above-mentioned time-delay vectors

x(t) and y(t). This method is called cross mapping because yt is predicted using x(t) and xt is

predicted using y(t). Now, we define x̂t and ŷt as the predicted time series. In the cross mapping, ŷt

is calculated by

ŷt =
K∑

i=1

wti yti . (3)

Here, K is the number of neighbors for predicting the time series. We take the K neighbors of

x(t), which are x(t1), x(t2 ), · · · , x(tK), where x(ti) = (xti , xti+τ , xti+2τ , · · · , xti+(m−1)τ ). Next,

we take the corresponding y(t1), y(t2 ), · · · , y(tK), where y(ti) = (yti , yti+τ , yti+2τ , · · · , yti+(m−1)τ )

and predict ŷt by Eq. (3). In what follows, we basically use K = m + 1 in numerical experiments.

However, when investigating the effects of the number of neighbors K on predictability in numerical

experiments, we use K = m + 1 or 2m. In Eq. (4), wti is defined by

wti =
uti

K∑

j=1

utj

, (4)

where wti is the weight calculated from the time-delay vector of the ith nearest neighbor x(ti) in the

reconstructed state space x(t). In Eq. (4), uti is defined by

uti = exp

{−d[x(t), x(ti)]

d[x(t), x(t1)]

}
, (5)

where d[x(t), x(s)] is the Euclidean distance between x(t) and x(s) and x(ti) is the ith nearest

neighbor of the time-delay vector x(t) in the reconstructed state space. When d[x(t), x(ti)] = 0, uti

is defined by

uti =

{
1 (i = 1),

0 (i ̸= 1).
(6)

Then, using Eqs. (3)–(6), the predicted state ŷt is obtained:

ŷt =
K∑

i=1

exp{−d[x(t),x(ti)]/d[x(t),x(t1)]}
K∑

j=1

exp{−d[x(t),x(tj)]/d[x(t),x(t1)]}
yti . (7)

The accuracy of cross mapping is evaluated by the correlation coefficient ρxy between the actual time

series yt and ŷt obtained by Eq. (7). Namely, ρxy is defined by

ρxy =

T∑

t=1

(ŷt − ¯̂yt)(yt − ȳt)

√√√√
T∑

t=1

(ŷt − ¯̂yt)
2

√√√√
T∑

t=1

(yt − ȳt)2

, (8)

where T is the length of time series and ȳt is the average of yt. Here, let us assume that yt is affected

by xt and xt is not affected by yt (xt is cause and yt is result). In this case, the correlation coefficient

ρxy between yt and ŷt predicted from x(t) is expected to take a low value. On the other hand, the

correlation coefficient ρyx between xt and x̂t predicted from y(t) is expected to be a high value. This

is because xt does not contain the information of yt but yt contains the information of xt. From this

fact, we estimate the existence and direction of causality from yt to xt. The prediction accuracy of

the time series increases and converges when the time series length is increased while performing the

cross mapping. Therefore, it is called convergent cross mapping [2].
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3. Network models and time series models
3.1 Network models
In this study, we investigate how complex network structures affect the accuracy of connectivity

estimation by CCM. Then, we use two complex network structures.

The first one is generated from the Watts–Strogatz model [8], which is a network model that can

easily reproduce the small-world structure [8]. We use a network with 20 and 100 vertices generated

from the WS model in numerical experiments. The reason why we use the WS model is that it is

one of the most famous network models that can change the network randomness by changing the

rewiring probability. We first create a regular ring-lattice network of arbitrary average degree when

creating a network using the WS model. Here, we set the average degree to four in case of 20 vertices,

and six in case of 100 vertices. Next, we rewire the edges of a regular ring-lattice network by changing

the rewiring probability p. When p = 1, it is a random network.

The second one is a network with community structure. As shown in Fig. 1, we create two networks:

a network with a community structure (Fig. 1(a)) and that with a random structure (Fig. 1(b)). Here,

we describe how to create a network with a community structure. When we create such a network, we

first create two complete graphs of 11 vertices. Next, we select two edges from each complete graph

and create a network with a community structure by rewiring these edges. In addition, we use the

following procedure to create a fixed-degree random network. We first create a regular ring-lattice

network with 22 vertices and an average degree of 10, using the WS model [8]. Next, we rewire the

edges randomly so that the degree of each vertex of the created network does not change [9].

Fig. 1. Networks with (a) community structure and (b) random structure.

Creating these two complex network structures, we introduce two nonlinear dynamical systems for

the vertex dynamics in the networks. The first nonlinear dynamical system is a coupled logistic map

described in Sec 3.2 and the second one is a chaotic neural network described in Sec 3.3.

The reason why we use these dynamical systems is two-fold. The first reason is that [2] used a

coupled logistic map consisting of two logistic maps to evaluate the CCM. That is, [2] did not try

more than two logistic maps to evaluate the CCM. However, as it is well-known that the relation

among more than three elements is complex, it is important to evaluate the CCM on more than three

vertices with the same dynamics. The second reason is that functional shapes of elements used in

these dynamical systems are different: the logistic map is a unimodal map, while a chaotic neuron

is a bimodal map. Namely, it is important to evaluate the performance of CCM when the dynamics

changes.

3.2 Coupled logistic map
The coupled logistic map [10, 11] is defined by Eq. (9), where zi(t) is the state value of the vertex i at

time t, ε is the coupling strength between vertices, ki is the degree of the vertex i, Aij is the (i, j)th

component of the adjacency matrix obtained from the WS model, and N is the number of vertices

in the coupled logistic map. The function f describes a logistic map: f(ϕ) = aϕ(1 − ϕ), where a is a

parameter. In this paper, we use a = 4.0 and ε = 0.1.
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zi(t + 1) = (1 − ε)f(zi(t)) +
ε

ki

N∑

j=1

Aijf(zj(t)). (9)

The reason why we set ε = 0.1 is that the state values could be a periodic solution depending on the

value of ε. If the state value is a periodic solution, the prediction obtained with the cross mapping is

almost unity, even if there is no causality between the vertices. Here, a bifurcation diagram visualizing

the relation between ε and the state values when we use the WS model on p = 0 is shown in Fig. 2.

Fig. 2. Bifurcation diagram of the coupled logistic map (a = 4.0) on the WS
model with the rewiring probability p = 0.

Figure 2 shows the values of zi(1 ≤ i ≤ 20) as the y-axis; we exclude 100,000 transient states and

use 100 as the time series length. Figure 2 shows that the state value partially becomes a periodic

solution when ε is more than 0.5. Therefore, we use the parameter ε = 0.1 with which the state value

does not become a periodic solution.

3.3 Chaotic neural network
The chaotic neural network [12] is defined by Eq. (10), where vi(t) is a state value of the chaotic neuron

i at time t, κi is the refractory time decay constant, αi is a coefficient for refractory terms, ai is a bias,

N is the number of neurons in the network, and wij is the coupling strength between the neurons i

and j (i, j = 1, 2, · · · , N). The function g is a sigmoid function g(ψ) =
1

1 + exp(−ψ/ε′)
, where ε′

is a parameter. In this paper, we use κi = 0.8, αi = 1.0, ai = 0.2, ε′ = 0.04, and wij = 0.2 (i ̸= j).

When i = j, wij = 0.

vi(t + 1) = κivi(t) − αig(vi(t)) + ai +
N∑

j=1

wijg(vj(t)) (10)

The reason why we set wij = 0.2 is that the state value could be a periodic solution depending on

the value of wij . Here, a bifurcation diagram visualizing the relation between wij and the state values

when we use the WS model of p = 0 is shown in Fig. 3.

Fig. 3. Bifurcation diagram of the chaotic neural network.
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In Fig. 3, we show the values of vi(1 ≤ i ≤ 20) as the y-axis, exclude 100,000 transient states

and use 100 as the time series length. This figure indicates that the state value becomes a periodic

solution when the wij is greater than 0.2. Therefore, we use a parameter whose state value does not

become a periodic solution, wij = 0.2.

4. Numerical experiments

4.1 Estimation of connectivity for the coupled logistic map and the chaotic

neural network
In this section, we explain the results of the numerical experiments. First, we use the coupled logistic

map of Eq. (9) as the dynamics of each vertex of the WS model. Then, we change the edge rewiring

probability p in the WS model and generate ten networks for each edge rewiring probability. We

vary p from 0.0 to 1.0, in steps of 0.05. Next, we apply CCM to the time series generated from the

network and estimate the connectivity between the vertices. To evaluate the accuracy of connectivity

estimation, we calculate the average values of accuracies for 10 networks. Then, we can obtain 400

prediction accuracies for a single network because it has 20 vertices, and we predict the time series

mutually in CCM. With sufficient data points in the time series, we obtain relatively high prediction

accuracies in the case where vertices are connected and low accuracy in the case where the vertices

are not connected. In other words, when a sufficient length of the time series is used, the distribution

of the prediction accuracies is expected to be bimodal.

In connectivity estimation, the vertices are found to be connected if the prediction accuracy is

greater than the threshold, and not connected if the prediction accuracy is less than the threshold.

Then, we use the Otsu method for deciding the threshold of the prediction accuracies. The Otsu

method is an effective method for deciding the threshold in cases where the distribution is bimodal.

Normally, we can obtain an appropriate threshold of connectivity estimation using the Otsu method.

In the Appendix, we describe the algorithm of the Otsu method.

In the following numerical experiments, the length of the time series used in the CCM is set to 4,000,

the dimension m of the reconstructed state space is two, and τ is unity. Figure 4 shows the relation

between the edge rewiring probability and the average of the connectivity estimation accuracy in a

network generated from the WS model. In Fig. 4, the purple line with circles indicates the average

values of the estimation accuracy, while the gray-shaded area indicates 95% confidence interval when

we use the t-distribution.

Fig. 4. Relation between the edge rewiring probability p and estimation ac-
curacy of connectivity when dynamics of vertices are the coupled logistic map
(Eq. (9)) in case of 20 vertices. The gray-shaded area indicates 95% confidence
interval when we use the t-distribution.

Figure 4 shows that the estimation accuracies of connectivity with varying edge rewiring probability

take higher values than 0.8. In addition, the connectivity estimation accuracies in a regular ring-lattice

network are relatively higher than those in random networks. However, the estimation accuracies of

connectivity take almost the same value even when the edge rewiring probability in the WS model is

changed. The confidence intervals for the random network are wider than those for regular ring-lattice

networks, and the variance in the accuracy of connectivity estimation is large.
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Next, we perform a similar numerical experiment for the 100-vertex case. The average degree is

set to six and the other parameters are the same as those in the case of 20 vertices. Figure 5 shows

the relation between the edge rewiring probability and the average of the connectivity estimation

accuracy. Figure 5 shows that the accuracy of connectivity estimation is better than about 0.8 for all

edge rewiring probabilities. In addition, the overall connectivity estimation accuracy is slightly lower

for random networks than for regular networks, and the confidence intervals are wider. This may be

because as p increases, high-degree vertices emerged. Furthermore, the characteristics of the results

are not much different from those of the case with 20 vertices.

Fig. 5. Relation between the edge rewiring probability p and estimation accu-
racy of connectivity when the dynamics of the vertices are the coupled logistic
map (Eq. (9)) in case of 100 vertices. The gray-shaded area indicates 95%
confidence interval when we use the t-distribution.

Next, we apply the CCM to the chaotic neural network (Eq. (10)). Figure 6 shows the results of the

numerical experiments conducted for the chaotic neural network. As shown in Fig. 6, the prediction

accuracies take values between 0.6 to 0.9, which indicates that the accuracies are totally lower than

the results of the logistic map. However, as shown in Fig. 4, the connectivity estimation accuracies

in the regular ring-lattice network are relatively higher than those in the random networks and the

confidence intervals for a random network are wider than for regular ring-lattice networks. These

tendencies are almost the same as the case of the coupled logistic map shown in Fig. 4.

Fig. 6. Relation between the edge rewiring probability p and estimation ac-
curacy of connectivity when the dynamics of vertices are the chaotic neural
network (Eq. (10)). The gray-shaded area indicates 95% confidence interval
when we use the t-distribution.

4.2 Effects of goodness of predictors and edge degrees
In causal estimation by CCM, we detect causality based on mutual prediction accuracy. In other

words, the higher the prediction accuracy of the time series, the higher is the possibility that causality

exists which means that it is important to create a good predictor. In particular, when we predict the

time series using CCM in this paper, we calculate the weights using the distance information in the

reconstructed state space (Eq. (4)). If we use this method for calculating the weights, the prediction

point should be surrounded by neighboring points. Thus, if the prediction accuracy increases with
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the number of neighbors used for the prediction, the prediction point might not be surrounded by

neighboring points. On the other hand, the prediction point is surrounded by neighboring points with

a high probability when the prediction accuracy does not increase even with an increase in the number

of neighboring points used for prediction. Therefore, we investigate the mutual prediction accuracies

by changing the number of neighboring points used for time series prediction, and compared their

accuracies.

In addition, it is highly likely that the mutual prediction accuracy decreases in the case where

the vertex has many edges, because vertices with a high degree are affected by many other vertices

and the created predictor is likely to be bad. Therefore, we calculate the average of the time series

prediction accuracy of the vertices of individual degrees when we change the number of neighboring

points. We call it the average prediction accuracy, which is defined by Eq. (11).

ρ̄δ =
1

N∑

j=1

∑

i∈Ω

Aij

N∑

j=1

∑

i∈Ω

Aijρij . (11)

In Eq. (11), ρ̄δ is the average prediction accuracy of the degree δ, Ω is the set of indices of vertices

defined by Ω ≡ {i | ki = δ, i = 1, 2, · · · , N}, ki is the degree of vertex i, Aij is the (i, j)th element

of the adjacency matrix, and ρij is the prediction accuracy of vertex j predicted by the time series

observed from vertex i.

To surround the predicted points in an m-dimensional state space, we need at least m + 1 points.

Namely, we need at least K = m+1 neighboring points when the dimension of the reconstructed state

space is m [2]. Figure 7 shows the relation between ρ̄δ and degree δ when the number of neighboring

points used for prediction K is m + 1 and 2m. In Fig. 7, we use ten random networks (p = 1) with

20 vertices and an average degree of four. In addition, we change the dimension of the reconstructed

state space for prediction in the range of 2 ≤ m ≤ 5.

Fig. 7. Relation between degree δ and average prediction accuracy ρ̄δ on ten
random networks p = 1.

As shown in Fig. 7, the time series prediction accuracy decreases as the degree increases. In

addition, from Figs. 7(a) and (b), there is no significant change in the prediction accuracy even

when the number of neighboring points used for the prediction and the reconstruction dimension are

changed. Therefore, it is sufficient that the number of neighboring points is m + 1 in the numerical

experiments using the coupled logistic map. Then, we set the number of neighboring points K to m+1

in the numerical experiments conducted for the coupled logistic map. However, in both Figs. 7(a)

and (b), the prediction accuracy is slightly higher when the dimension of reconstruction is three. To

make this result easier to understand, we replace the horizontal axis δ and legend m in Fig. 7. This

is shown in Fig. 8. In other words, Fig. 8 shows the relation between the average prediction accuracy

ρ̄δ and the reconstruction dimension m for each degree δ.

Figure 8 shows that although the average prediction accuracies ρ̄δ take almost the same value even

when the dimension of the reconstructed state space is changed, the average prediction accuracies ρ̄δ

are slightly improved in the case of m = 3. Although we investigate this reason in various ways, we

cannot clarify the reason. Thus, we will investigate the reason for a future work. Figures 7 and 8 shows
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Fig. 8. Relation between dimension of reconstructed state space m and av-
erage prediction accuracy ρ̄δ for each degree δ.

that the mutual prediction accuracy for vertices with a higher degree is low. Vertices with higher

degrees receive information from many other vertices, which makes it difficult to predict. In other

words, the accuracy of causality detection using CCM depends on how the time series are affected.

4.3 Connectivity of community structure
In this section, using CCM, we compare the difference in the connectivity estimation accuracy between

a network with a community structure and a random network with the same number of vertices and

edges. We use the network shown in Fig. 1. Figure 9 shows the results of comparing the prediction

accuracy. The connectivity estimation accuracy of a network with a community structure is higher

than 0.8, whereas that of a random network is less than 0.6. Since the degrees of all vertices in the

two networks are the same, the degree has no effect on the connectivity estimation accuracy. In other

words, it is relatively easier to estimate a network having a community structure than a random

network when we perform connectivity estimation by CCM.

Fig. 9. Comparison of estimation accuracy of connectivity in a network with
a community structure (Fig. 1(a)) and a random network structure (Fig. 1(b)).

5. Conclusion
We performed the connectivity estimation of networks generated from complex network models using

CCM [2], which is a method for estimating causality. Here, causality means connectivity, and thus,

estimating causality can be considered as estimating connectivity. In particular, we investigated

whether there is a difference in the accuracy of connectivity estimation by CCM when the edge
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rewiring probability of the WS model is changed. Thus, we used two nonlinear dynamical systems, a

logistic map and a chaotic neuron model, as the network vertices.

As a result, we found that the connectivity estimation accuracies in the ring-lattice regular network

were slightly higher than those in random networks. In addition, the variance in the accuracy of

connectivity estimation in random networks was larger than that in regular ring-lattice networks. We

also found that it is difficult to estimate the connectivity for high-degree vertices by CCM. This result

supports the fact that the variance in the accuracy of connectivity estimation in a random network

is large.

Furthermore, we compared the accuracies of connectivity estimation in a network with communities

and its randomized networks with the same conditions (the numbers of vertices, edges, and degrees).

As a result, we found that it is easier to perform connectivity estimation for a network with a com-

munity structure than that for random networks. In other words, these results imply that networks

with a community structure have less disturbed information of time series than random networks.

In addition, to estimate the coupling using CCM, we need to manually decide the threshold that de-

termines whether a coupling exists. However, the appropriate value of the threshold varies depending

on the conditions. Therefore, in this paper, we proposed a method to estimate the network structure

by automatically determining the threshold of the prediction accuracy and detecting the causality

by combining the Otsu method and CCM. The results of the numerical experiments show that the

coupling estimation accuracy obtained by the proposed method works well, which implies that it is a

useful method.

In this paper, the WS model, which can easily change the network randomness, was used as a

complex network model. However, it is also important to use other network models, such as the BA

model [13]. Then, it is an important future work to investigate the performance of CCM using several

network models including the BA model.

In addition, we would like to extend the method so that it is possible to estimate the network

structure even if there are unobserved time series data, because it is not often the case that all the

time series data generated from a network are observed in the real world. Therefore, it is also an

important issue to analyze the case where we cannot observe all variables from target dynamical

systems.
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Appendix
In this appendix, we describe the Otsu method. The Otsu method of binarization is a discriminant

analysis method often used in the field of image processing [5]. In this paper, the estimated adjacency

matrix is generated by applying Otsu binarization to the prediction accuracy matrix obtained by

CCM. In case that the time series is obtained from connected vertices, the prediction accuracy of

time series signals obtained by CCM converges to a high value if the length of the time series signals

used for prediction is sufficient. On the other hand, for unconnected vertices, the prediction accuracy

of time series signals obtained by CCM converges to 0 when the length of the time series signals used

for the prediction is sufficient. Therefore, if this length is sufficiently long, the prediction accuracy

of the time series signals obtained by CCM is expected to be a bimodal distribution. Therefore, the

Otsu binarization method is effective in estimating the causality from the prediction accuracy of time

series signals obtained by CCM. The algorithm of the Otsu binarization method is as follows.

(1) The average value µ0 , maximum value Imax, and minimum value Imin of all obtained prediction

accuracies are calculated.

(2) The threshold θ is defined in the range of Imin ≤ θ ≤ Imax, and the data are classified into two

classes, class 1 and class 2, by the threshold θ.
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(3) The number of data in class 1, n1, the average value of data in class 1 µ1, the variance of data

in class 1 σ2
1 , the number of data in class 2, n2 , the average value of data in class 2 µ2 , and the

variance of data in class 2 σ2
2 are calculated.

(4) The within-class variance σ2
w, between-class variance σ2

b , and separation rate S are calculated.

σ2
w =

n1σ
2
1 + n2σ

2
2

n1 + n2
, (A-1)

σ2
b =

n1(µ1 − µ0 )
2 + n2 (µ2 − µ0 )

2

n1 + n2
, (A-2)

S =
σ2

b

σ2
w

. (A-3)

(5) Steps (2) to (4) are repeated by changing the threshold value θ in the range of Imin ≤ θ ≤ Imax.

Then, the threshold value, when the separation rate S takes the maximum value Smax, is used

for discrimination of two classes: coupled and uncoupled.
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ディジタルコンピュータ上での非線形力学系の
実装について
—ベルヌーイシフト写像の場合—

How to Implement Nonlinear Dynamical Systems on Digital Computers:
The Bernoulli Shift Map Case

池口 徹 Tohru IKEGUCHI

アブストラクト カオス応答を示す非線形力学系の一つにベルヌーイシフト写像がある．ベルヌーイシフト写像は，傾きが 2の
線形写像を組み合わせた区分線形力学系であるが，その記述の単純さにより，様々な場面で用いられている．ベルヌーイシ
フト写像では，状態値を 2倍し，その結果に応じて mod 1演算を施す．そのため，2進体系を用いる現在のディジタル
コンピュータでベルヌーイシフト写像の応答を実装する際には注意が必要となる．本稿では，まず，ディジタルコンピュー
タを用いた数値計算により，ベルヌーイシフト写像の応答を実装する際に生じる問題について述べる．続いて，この問題を
解決する方法として，ベルヌーイシフト写像により状態値を更新する際に，写像の傾きの大きさに微小な変位を与える方法
と状態値に変位を与える方法を導入し，これらの性能について，解軌道，リアプノフ指数，不変測度に対する実験的な調査
を行った結果に基づいて議論する．更に，本稿では，微小変位を与えることで実装したベルヌーイシフト写像を擬似乱数生
成器とみなすことでカオス乱数を生成し，得られたカオス乱数の性能という側面からの検討も行う．具体的には，ベルヌー
イシフト写像の応答をしきい値を用いて変換した 0, 1の 2値乱数系列に対して，NIST検定による解析を行った結果を示し
ている．

キーワード カオス，ベルヌーイシフト写像，コンピュータ上での実装，カオス乱数

Abstract The Bernoulli shift map is one of the nonlinear dynamical systems that show chaotic responses. The Bernoulli

shift map is a piecewise linear dynamic system, but because of its simplicity of description, it is used in various situations.

On the other hand, the essence of the dynamics of the Bernoulli shift map is that it doubles the state value. In other

words, we must be careful when we implement the Bernoulli shift map on the current digital computers that use binary

systems. In this article, we first describe an issue in the implementation of the response of the Bernoulli shift map

with a digital computer. To solve this issue, we introduced two methods and investigated their performance: the first

one is to give a small displacement to the slope of the map and the second one is to give a small displacement to the

state value of the map. We evaluated these two methods by estimating Lyapunov exponents and invariant measures.

In addition, we generated chaotic time series generated from the Bernoulli shift map by the methods and investigated

the performance of the obtained chaotic time series as pseudorandom numbers, presenting the results of applying the

NIST test to the chaotic times series.

Key words Chaos, Bernoulli shift map, Implementation on digital computers, Chaotic random numbers

1. は じ め に

2019年 3月に開催された電子情報通信学会総合大会で事件は

発生した．NOLTA ソサイエティ，N-2 複雑コミュニケーショ

ンサイエンスの一般セッションである．座長は，法政大学の鳥

飼弘幸先生で，発表者は，著者の研究室で 2020 年 3 月に修士

号を取得した山崎凌氏であった．

このときの発表タイトルは，「カオス MIMO システムにおけ

るビットの利用法の改良とその性能評価」である．内容は，名古

池口 徹 正員：フェロー 東京理科大学工学部情報工学科
E-mail tohru@rs.tus.ac.jp

Tohru IKEGUCHI, Fellow, Member (Dept. of Information and Com-
puter Technology, Faculty of Engineering, Tokyo University of Sci-
ence, 6-3-1 Niijuku, Katsushika-ku, Tokyo, 125-8585 Japan).

電子情報通信学会 基礎・境界ソサイエティ
Fundamentals Review Vol.14 No.3 pp.229–238 2021 年 1 月
c⃝電子情報通信学会 2021

屋工業大学の岡本英二先生が提案されているカオス MIMO シ

ステム（1）～（4）の改良についてであった．カオス MIMO システ

ムでは，変調部に代表的なカオス力学系の一つであるベルヌー

イシフト写像が用いられており，通信性能と秘匿性を兼ね備え

た優れたシステムである．

発表が終わるといつもどおり質疑応答に移り，会場から数件

の質問が寄せられた．質疑応答の時間もそろそろ終わりに近づ

いた頃に，座長の鳥飼先生から以下の質問を頂いた（注1）．

鳥飼先生: 僕も似たような質問なんですけど，ベルヌー

イシフトは，どうやって実装されたんですか？

（注1）：以下のやり取りだけを読むと，誤解を生みかねないのであえて申し上げるが，

山崎凌氏はとても優秀で，修士課程修了の最後の最後まで努力を続け，改良カオス

MIMO システムの提案とその性能評価に関する内容を纏め，原著論文と投稿した．

この論文は，NOLTA Journal に採録されている（5）．
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山崎凌 : ベルヌーイシフトは，プログラムで実装して

います . . .

会場 : 笑 . . .

鳥飼先生: (すかさず，フォローで)傾きは 2のまま？

山崎凌 : 傾きは . . .あ，傾きの，えっと，mod 1をと

る部分に微小な誤差を乗せることで，収束す

ることを防いでいます．

鳥飼先生: でも，えっと，傾きは 2のままで . . .?

山崎凌 : はい．

鳥飼先生: 収めるときに，ちょっと動かしている感じで

すかね? でも，そうだとしても . . . 系列を

100回くらい回していましたよね．

山崎凌 : 用いた方法でも頻度分布を求めて，一様分布

になることは確認しています．

鳥飼先生: そうすると，2−100 くらいの精度が初期値に

はないといけないと思うのですが，その辺り

はどうなのでしょうか．

鳥飼先生: ご自身も含めて，皆さん，どうされているん

ですかね．

2. ベルヌーイシフト写像

2. 1 ベルヌーイシフト写像の定義

ベルヌーイシフト写像のダイナミクスは，式 (1) で与えられ

る．式 (1)において，tは離散時間，x(t)は，時刻 tにおける状

態値である．

x(t + 1) = 2x(t) (mod 1)

=

{

2x(t) (0 < x(t) < 0.5)

2x(t) − 1 (0.5 <= x(t) < 1)
(1)

ベルヌーイシフト写像のリターンマップを図 1 に示す．図 1 を

見ると分かるように，ベルヌーイシフト写像は区分線形な，す

なわち，非線形な力学系である．

2. 2 ベルヌーイシフト写像のダイナミクス

式 (1) を用いて，ベルヌーイシフト写像を時間発展させるこ

とを考える．まず，時刻 t におけるベルヌーイシフト写像の状

態値を 2進表記し，これを xB(t)とすると，初期状態は，

xB(0) = 0.b1b2b3 · · · bibi+1 · · · bi−1bi . . . (2)

と表すことができる．式 (2)において，bi = 0, 1である．この

初期値 xB(0)を式 (1)に従って写像する．まず，状態値を 2倍

するが，これは，2 進数では状態値を左に 1 ビットシフトする

ことに相当するので，

xB(1) = 2xB(0) = b1.b2b3 · · · bi+1bi+2 . . .

図 1 ベルヌーイシフト写像 (式 (1))のリターンマップ

となる．b1 = 0の場合は，0.b2b3 · · · bi+1bi+2 . . .となる．一方，

b1 = 1の場合は，1.b2b3 · · · bi+1bi+2 . . .となるが，これに対し

てmod 1を施すので，結局，ともに，0.b2b3 · · · bi+1bi+2 · · ·
となる．t > 0も同様の操作が行われる．

ベルヌーイシフト写像は，[0, 1]の区間力学系であるが，初期

値として [0, 1]の有理数を採用した場合，上記のようなベルヌー

イシフト写像のダイナミクスにより，最終的には，0か周期的な

解が得られることになる．一方，初期値として [0, 1]の無理数が

採用された場合，xB(0) が無限周期のビットパターンとなるた

め，これを初期値とした場合のベルヌーイシフト写像の解の系

列も非周期的な値を取る．

[0, 1]における有理数集合の濃度と無理数集合の濃度がそれぞ

れ可算無限，非可算無限であることを考えると，初期値として

採用されるのは，ほとんどの場合，無理数ということになる．こ

の結果，ベルヌーイシフト写像の解の系列は非周期的となる．

2. 3 ベルヌーイシフト写像における初期値鋭敏依存
性とリアプノフ指数

カオス力学系の特徴の一つに初期値鋭敏依存性がある．初期

値鋭敏依存性とは，カオス力学系に与えた二つの初期値の微少

な差が，時間発展に従って，指数関数的に拡大する性質である．

ベルヌーイシフト写像の場合は，以下のように考えることが

できる（6）．初期値 t = 0 においてベルヌーイシフト写像に与え

る二つの初期値を x(1)(0)，x(2)(0)とし，これらの二つの初期

値の差が非常に小さく，例えば，10−30 オーダであったとする．

すなわち，
∣

∣x(1)(0) − x(2)(0)
∣

∣∼ 10−30

である．10−30 ≈ 2−100 なので，状態値を 2 進表記で考える

と，x
(1)
B (0)と x

(2)
B (0)は，101ビットめで初めて異なるとして

よいだろう．つまり，

x
(1)
B (0) = 0.b1b2b3b4 · · · b100 0 b102b103 . . .
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x
(2)
B (0) = 0.b1b2b3b4 · · · b100 1 b′

102b′
103 . . .

である．

既に説明したように，ベルヌーイシフト写像のダイナミクス

は，左にビットシフトし，最上位ビットを切り捨てることと等価

である．したがって，x
(1)
B (0)，x

(2)
B (0)は，100の写像後には，

x
(1)
B (100) = 0.0 b102b103b104 . . .

x
(2)
B (100) = 0.1 b′

102b′
103b′

104 . . .

となり，これらの値の差は，

∣

∣x(1)(100) − x(2)(100)
∣

∣∼ 1

2

となる．すなわち，初期値においては，10−30 オーダで我々に

は見えないであろう非常に微小な差が，時間発展とともに 10−1

のオーダにまで拡大し，その差を観測できるようになるという

ことである．

さて，このようなカオス力学系に特有の特徴である初期値鋭

敏依存性を定量化する指標がリアプノフ指数である．以下のよ

うな離散時間力学系 F を考える．

x(t + 1) = F (x(t)) (3)

ベルヌーイシフト写像の場合，

F (x(t)) = 2x(t) (mod 1)

となる．

いま，式 (3) における，時刻 t の状態値 x(t) に対して微小

な変位 δ(t) を与えると，この δ(t) は，時刻 t + 1 においては，

δ(t + 1)となるので，

x(t + 1) + δ(t + 1) = F (x(t) + δ(t)) (4)

となる．δ(t)は微小であるから，式 (4)の右辺をテーラ展開し，

二次以上の項を無視すると，

x(t + 1) + δ(t + 1) = F (x(t)) + F ′(x(t))δ(t)

を得る．式 (3)を用いると，

δ(t + 1) = F ′(x(t))δ(t) (5)

となる．これは，時刻 t から t + 1 への時間発展により，微小

変位 δ(t)は F ′(x(t))倍されるということである．これが t = 0

から t = T まで繰り返されるが，その大きさを考えればよい．

すなわち，

∣

∣

∣

∣

δ(T )

δ(0)

∣

∣

∣

∣

=

T
∏

t=0

∣

∣

∣

∣

F ′(x(t))

∣

∣

∣

∣

である．

この伸びの大きさ |δ(T )/δ(0)|が，指数関数的であるとすると，

T
∏

t=0

∣

∣

∣

∣

F ′(x(t))

∣

∣

∣

∣

= eλT (6)

と書くことができる．式 (6) の伸び率 λ が，リアプノフ指数と

呼ばれる指標である．リアプノフ指数 λ を用いることで，カオ

ス力学系の特徴の一つである軌道不安定性を定量的に評価する

ことができる．

式 (6)の両辺の対数を取ることにより，リアプノフ指数 λは，

以下の式 (7)で求めることができる．

λ =
1

T
log

T
∏

t=0

∣

∣

∣

∣

F ′(x(t))

∣

∣

∣

∣

=
1

T

T
∑

t=0

log

∣

∣

∣

∣

F ′(x(t))

∣

∣

∣

∣

(7)

式 (1) を見ると分かるようにベルヌーイシフト写像の場合，

|F ′(x(t))| = 2 である．したがって，式 (7) を用いると，ベル

ヌーイシフト写像のリアプノフ指数は，λ = log 2と求めること

ができる．

2. 4 ベルヌーイシフト写像が収束するメカニズム

本稿で対象としているベルヌーイシフト写像のようなカオス

力学系の応答をディジタルコンピュータで実装する場合，注意

すべき点がある．ディジタルコンピュータでは，有限精度の状

態値を用いざるを得ないため，状態値が最終的には 0 に収束し

てしまうからである．

図 2は，浮動小数点数の精度を，単精度 (以下，float型)，倍精

度 (以下，double型)，拡張倍精度 (以下，long double型)で求

めたベルヌーイシフト写像の時系列である．初期値は 1 × 10−1

としている．横軸は時刻 t，縦軸が時刻 t における状態値 x(t)

である．図 2を見ると分かるように，いずれの場合においても，

数回の写像後に状態値が 0に収束していることが分かる．

このようにディジタルコンピュータを用いて，式 (1) のベル

ヌーイシフト写像を時間発展させると，図 1のように収束する．

これは以下の理由によるものである．

図 2 浮動小数点数の精度を (a) float 型，(b) double

型，(c) long double 型として，ベルヌーイシフ
ト写像を定義どおりに実装した場合に得られる
x(t)の時系列（初期値は，1×10−1 としている）
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まず，時刻 t におけるベルヌーイシフト写像の状態値を 2 進

表記し，これを xB(t)とすると，初期状態は，

xB(0) = 0.b1b2b3 · · · bibi+1 · · · bn−1bn (8)

と表すことができる．式 (8) における nは，状態値を表現する

ために用いられている浮動小数点数の仮数部のビット長に相当

する．

この初期値 xB(0)を，式 (1)に従って写像するので，

xB(1) = 2xB(0) (mod 1) = 0.b2b3 · · · bi+1bi+2 · · · bn0

となる．t > 0も同様の操作が行われるで，n回の写像を行うと，

xB(1) = 2xB(0) (mod 1) = 0.b2b3 · · · bi+1bi+2 · · · bn0

xB(2) = 2xB(1) (mod 1) = 0.b3b4 · · · bi+2bi+3 · · · bn00

...

xB(n) = 2xB(n − 1) (mod 1) = 0.00 · · · 000

となる．すなわち，ベルヌーイシフト写像の繰り返しによって

状態値は上記のように，最大 n回の写像で 0に収束する．

2. 5 変位を与えたベルヌーイシフト写像

ベルヌーイシフト写像は理論的にはカオス応答を示すが，図 2

のように，数値計算により，ベルヌーイシフト写像を実装する

と，有限回の写像の繰り返しで状態値は 0 に収束する．これを

防ぐために，
• 傾きの大きさ 2

• 状態値に対する mod 1演算における 1

に微小な変位を加えるという方法を考えることができる．ベル

ヌーイシフト写像では，現在の状態値を 2 倍することがビット

シフトに対応するため，状態値を 2倍する際に微小変位を加え，

実際の演算時には，傾きが 2 からずれた値にしてこれを防ぐと

いうのが，前者の方法の主張である．一方，後者の考えは，ベル

ヌーイシフト写像の状態値を 2倍した後に施すmod 1演算にお

いて，微小な変位を加えることで 0 への収束を抑えるというも

のである．なお，以下では，前者を傾きに変位を与えた，後者を

状態値に変位を与えたと呼ぶことにする．前述のカオスMIMO

システムの研究（1）～（4）では，ベルヌーイシフト写像を実装する

際には，状態値に変位を与える方法が採用されている．

本稿では，ベルヌーイシフト写像の傾き，状態値に変位を与

える場合についての調査結果を述べる．まず，ベルヌーイシフ

ト写像の傾き 2 に対して，微小変位 a を与え，2 − a(≡ a′) と

した場合は以下のようになる．

x(t + 1) = a′x(t) (mod 1) (9)

=

⎧

⎪

⎪

⎨

⎪

⎪

⎩

a′x(t)

(

0 < x(t) <
1

a′

)

a′x(t) − 1

(

1

a′
<= x(t) <= 1

)

この場合のリターンマップは，図 3 (a)である．次に，状態値を

mod 1演算する際に微小変位 εを与え，1 − ε(≡ ε′)で mod演

図 3 (a) 傾き，(b) 状態値に変位を与えたベルヌーイ
シフト写像のリターンマップ

算する場合は以下のようになる．

x(t + 1) = 2x(t) (mod ε′) (10)

=

⎧

⎪

⎪

⎨

⎪

⎪

⎩

2x(t)

(

0 < x(t) <
ε′

2

)

2x(t) − ε′
(

ε′

2
<= x(t) < ε′

)

この場合のリターンマップは，図 3 (b)である．

これに加えて，傾きと状態値のmod演算の両者に変位を与え

ることも可能であるが，本稿では，傾きに変位を与える場合と

状態値に変位を与える場合の比較について考察するために，式

(9) と式 (10) を用いた場合の結果を述べている．具体的には，

これら 2 種類の変位の与え方について，その大きさを変えた場

合に得られる解軌道，不変測度，リアプノフ指数を用いた評価
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図 4 浮動小数点数の精度を double 型，初期値 1 × 10−1 とした場合に，傾きと状態値に変位
a, ε を与えたベルヌーイシフト写像の不変測度の例

を行う．更に本稿では，ベルヌーイシフト写像を擬似乱数生成

器と考え，しきい値を用いて解軌道から得られる状態値を 0, 1

の 2 値に変換した擬似乱数の統計的性質という観点から評価を

行っている．

3. 変位を与えたベルヌーイシフト写像の性能

まず，傾きと状態値に変位を与えた場合について，どのような

応答となるのかを不変測度を観測することにより調査する．解

軌道 (x(t), t = 0, 1, 2, . . .)が与えられたときに，その密度関数

を考えることができるが，これを不変測度という．ベルヌーイ

シフト写像の不変測度は，[0, 1]の一様分布となることが知られ

ている．

図 4 に，浮動小数点数の精度を double 型とした場合の不変

測度の結果例を示す．図 4 (a), (b), (c)は，ベルヌーイシフト写

像の傾きを 2から 2 − aとした場合，図 4 (d), (e), (f)は，ベル

ヌーイシフト写像の状態値に対する mod 演算を，1 − εで行っ

た場合である．図 4では，初期値を x(0) = 1.0 × 10−10 とし，

過渡状態として 100,000 回を省いた後，1,000,000 回を算出し

ている．

まず，図 4 (a), (b), (c) を見ると，傾きに変位を与え，2 − a

とすると，変位の大きさが大きすぎると (a = 1 × 10−1)，不

偏測度に偏りが生じることが分かる．これは図 3 (a) を見ると

分かるように，写像の区分点が 2 − aとなるためである．また，

a = 1 × 10−16 とすると，変位を与えない場合と同様に，状態

値 x(t)が，十分な時間経過とともに 0に収束する結果となった．

これは，double 型の場合の有効桁数は，小数点以下第 15 桁で

あるため，aに 1 × 10−16 の変位を与えても，実際は変位を与

えていない場合の結果と同じになるためである．

次に，図 4 (d), (e), (f) を見ると，状態値に変位を与えた場

図 5 状態値に変位 ε = 1 × 10−16 を与えた場合のリ
ターンマップ

合は，一様な不偏測度が得られている．図 4 (d) において，区

間 [0.90, 1.00] 状態値の頻度が 0 となっているが，これは状態

値に変位 ε を与えることにより，x(t) の定義域が，[0, 1] から

[0, 1 − ε]になったためである．

なお，ε = 1 × 10−16 の場合は，頻度分布が著しく偏る結果

を得た．これは，変位を加えているにもかかわらず，周期応答

となってしまったためである．実際に，ε = 1 × 10−16 の場合

について，数値実験により得られた x(t)を用いて，図式解法と

して示した結果が図 5 である．この結果からも周期応答となる

ことが確認できる．図 4 は，浮動小数点数の精度を double 型

とした結果であるが，float型，long double型とした場合でも，

各精度の有向桁に応じた微小な εを与えると同様の結果となる．

また，初期値 1 × 10−1，浮動小数点数の精度を double 型，
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図 6 浮動小数点数の精度 double型，初期値 1×10−1

とし，状態値に大きさが 1 × 10−N の変位を与
えた場合の状態値の時間変化のビット表現

状態値に変位を与えた場合について，状態値のビットパターン

の時間変化を調査した．図 6 に結果を示す．図 6 では，縦軸に

写像回数，横軸に仮数部のビット番号とし，当該ビットが 0 な

らば白，1ならば黒としてプロットしている．

図 6 より，状態値に変位を与えることで非周期的な応答が

得られる場合は，図の左側は斜線が出ており，右側はモザイ

ク状になっていることが分かる．これは，図の斜線部では左 1

ビットシフトにより状態値の遷移が斜め線として現れるため

である．また，モザイク状の部分では変位を与えたここによ

り，ビットパターンにランダムな変化が生じることを示して

いる．例えば，変位 ε = 1 × 10−6 を与えた場合 (図 6 (b))，

1 × 10−6 ≈ 0.1 · · · × 2−19 であるため，すなわち，状態値に変

位 ε = 1 × 10−6 を与える場合，仮数部の上位 19ビットには変

位が乗らず，単なる左 1ビットシフトとなる．一方，20ビット

目以降には変位が加えられるため，ビットシフトした値が不規

則なビットパターンとなる．また，変位 ε = 1 × 10−16 を与え

表 1 状態値のビット数が 6ビット，状態値の変化が周
期的になる一例

t 状態値 xB(t)

0 0.100101

1 0.001110

2 0.011100

3 0.111000

4 0.110100

5 0.101100

6 0.011100

7 0.111000

8 0.110100

.

.

.
.
.
.

た場合 (図 6 (f))では，規則的な斜め線が出現しており，周期的

な状態変化となっていることが分かる．

これらの結果は，傾きと状態値に変位を加えた場合に，非周

期的な応答が得られるかどうかを調査したものである．これら

の結果を見ると，傾きに変位を与えるよりも，状態値に変位を

与える場合に安定して非周期的な応答が生み出されることが分

かる．しかし，状態値に変位を加える場合にも注意すべき点が

ある．それは，状態値に与える変位の大きさとして ε = 1 × 2−i

(2 進数表現で第 i ビットめが 1 でそれ以外は 0) を与えると応

答が周期的となるということである．

簡単のために，仮数部が 6 ビット，変位の大きさが ε =

6.25 × 10−2 = 0.000100(2) の場合を考える．式 (10) より，

写像を 1回適用する際には，

(i) 状態値 x(t)を 2倍する

(ii) mod (1 − ε)演算する

という二つの操作を行う．(i)の操作は，2進数表現した場合に，

状態値 xB(t) を 1 ビット左シフトする．(ii) の操作は，ビット

シフト前の xB(t) の小数第一位のビットが 1 のとき実行され，

ビットシフト後に一の位へ移動したビットを反転 (0)し，εを加

算する．一方，ビットシフト前の xB(t) の小数第一位のビット

が 0のときは (ii)の操作は行われない．

今，ある状態値 xB(0) = 0.100101 に対して，(i)，(ii) の

操作を行うことを考える．x(0) = 0.100101(2) は小数第一位

のビットが 1 なので，(i) の操作後に (ii) の操作を行う．今，

ε = 0.000100(2) なので，(i) により左に 1 ビットシフトさ

れ，1.001010(2) となった後，(ii) により，0.001010(2) + ε =

0.001010(2) +0.000100(2) → 0.001110(2) となる．この一連の

操作により状態値が xB(0) = 0.100101から xB(1) = 0.001110

に遷移した．

次に，xB(1) = 0.001110では，小数第一位のビットは 0なの

で，(i) の操作のみを行い，xB(2) = 0.011100 に遷移する．以

降，同様の操作で状態値が遷移していく．これをまとめたもの

が，表 1である．

表 1を見ると，状態値 xB(2) = xB(6)となること，すなわち

4 周期となることが分かる．今，仮数部の上位 4 ビットに注目

すると，見かけ上は小数第一位のビットが，写像によって小数

第四位の位置に移動することになる．これは，xB(t) の小数第
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表 2 浮動小数点数の精度を double 型，ベルヌーイ写
像の初期値を 1 × 10−1 とした場合に，傾き，状
態値に与えた変位の大きさとリアプノフ指数の
関係（結果は小数第三位まで示している）

変位の大きさ
変位の与え方
傾き 状態値

1 × 10−1 0.642 0.693

1 × 10−2 0.688 0.693

1 × 10−3 0.693 0.693

1 × 10−4 0.693 0.693

1 × 10−5 0.693 0.693

1 × 10−6 0.693 0.693

1 × 10−7 0.693 0.693

1 × 10−8 0.693 0.693

1 × 10−9 0.693 0.693

1 × 10−10 0.693 0.693

1 × 10−11 0.693 0.693

1 × 10−12 0.693 0.693

1 × 10−13 0.693 0.693

1 × 10−14 0.693 0.693

1 × 10−15 0.693 0.693

一位のビットが 0の場合は，(i)により小数第四位のビットに 0

が立ち，1の場合は (i)，(ii)により 1が立つためである．

最後に，表 2 に，傾きと状態値に与えた変位の大きさと推定

したリアプノフ指数の関係を示す．なお，表 2 では応答が周期

的とならない場合についての結果をまとめている．

既に述べたように一次元写像のリアプノフ指数は，写像関

数 F (式 (7)) の微分値により求めることができる．すなわち，

ベルヌーイシフト写像の傾きに変位 a を与え，2 − a とする

と，F ′ の大きさも変化するが，log |2 − 1 × 10−1| ≈ 0.642，

log |2 − 1 × 10−2| ≈ 0.688，log |2 − 1 × 10−3| ≈ 0.693 とな

るためである．一方，状態値に変位を与える場合は，傾きは 2

のままであるため，リアプノフ指数の大きさは，log 2 = 0.693

となる．この結果は，浮動小数点数の精度が double型の結果で

あるが，float型，long double型でも同様の結果となっている．

4. NIST検定

乱数列のランダム性を評価するために，国際標準的な統計

検定方式がアメリカ国立標準技術研究所 (National Institute

of Standards and Technology, NIST) から提供されている．

本稿では，NIST が公開している NIST Special Publication

800–22（7）(以下，NIST 検定) を使用して，ベルヌーイシフト

写像から生成した乱数列の性能評価を行う．NIST 検定は，全

15項目の統計検定から構成されている．具体的な各検定項目と

その内容を表 3に示す（7）．

NIST 検定では検定対象の乱数列長に応じて，パラメータを

設定することが推奨されている．これは，乱数長に応じて適切

な検定結果を得るために必要な処理である．本稿で用いたパラ

メータ設定を表 4に示す．表 4の有意水準 αとは，検定対象と

なる乱数列がランダムでない場合の確率である．また，ブロッ

表 3 NIST 検定の項目内容（7）

No. 検定項目 検定内容

1 頻度検定 2 値乱数 (0，1) のうち，1 の出現確率が 1/2 に近
いに近いかどうかを検定

2 ブロック単位の頻
度検定

あるブロック長に対して，1 の出現確率が 1/2 に
近いに近いかどうかを検定

3 累積和検定 2 値乱数を (+1，− 1) に変換し，その累積和で定
義されるランダムウォークの 0 からの最大偏移を
検定

4 連の検定 連続した 1 の数（連）を検定

5 ブロック単位の最
長連検定

あるブロック長に対して，最長の連を検定

6 2 値行列ランク検
定

数列全体の互いに疎な行列のランクを検定

7 離散フーリエ変換
検定

周期性の調査のため，数列の離散フーリエ変換に
よるピークの高さを検定

8 重なりのないテン
プレート適合検定

あらかじめ用意されたビット列（テンプレート）の
出現回数を検定（重なりなしで検定）

9 重なりのあるテン
プレート適合検定

あらかじめ用意されたビット列（テンプレート）の
出現回数を検定（重なりありで検定）

10 マウラーのユニ
バーサル統計検定

数列内で一致するパターンを検出し，圧縮するこ
とができるかを検定

11 近似エントロピー
検定

あるビット長の出現パターンの頻度を検定

12 ランダム偏差検定 累積和ランダムウォークで K 回訪れるサイクル数
を検定

13 種々のランダム偏
差検定

累積和ランダムウォークで特定の状態を訪れる回
数の合計を検定

14 系列検定 あるビット長のすべての重複ビットパターンの出
現頻度を検定

15 線形複雑度検定 乱数を生成するための線形フィードバックシフト
レジスタの長さを検定

表 4 NIST 検定で用いたパラメータ項目

項目 パラメータ値

有意水準 α 0.01

ブロック単位の頻度検定 - ブロック長 16, 384

重なりのないテンプレート適合検定 - ブロック長 9

重なりのあるテンプレート適合検定 - ブロック長 9

近似エントロピー検定 - ブロックの長さ 10

系列検定 - ブロックの長さ 16

線形複雑度検定 - ブロックの長さ 500

ク長とは，各検定を行う際の単位ブロック長である．

また，NIST検定では，1Gbit以上の乱数長を要求されるが，

1 Gbit 全体を検定するわけではなく，1Mbit × 1,000 のよう

に，長さ 1,000,000 (= 1 Mbit)の系列を 1,000個に分けて，全

検定項目を実施する．このとき，各検定結果に対してそれぞれ

1,000 個の p 値が求まる．一つの検定項目に対して，1,000 個

の p 値を用いた適合度検定より P 値が算出される．この P 値

により，1,000 個の p 値のばらつきについて，一様性を評価す

る．同時に，1,000 個の p 値のうち，p 値が有意水準 α につい

て，p値 > αとなる比率も評価する．本稿では，各検定項目に

ついて，1,000 個の p 値の一様性と比率ともに合格した場合の

み，その検定項目に合格したとしている．

本稿で行った，具体的な検定の手順は以下のとおりである．ま

ず，式 (9)，(10)により，傾きと状態値に変位を与えたベルヌー

イ写像より算出した x(t)に対して，以下により 2値乱数を生成

する．
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図 7 初期値 1.0 × 10−3 とした場合のベルヌーイ写像の解軌道 x(t)から生成した 0-1擬似乱数
に対する NIST 検定合格数結果（左列 (a), (d) は float 型，中列 (b), (e) は double 型，右
列 (c), (f) は long double 型を用いて，上段 (a), (b), (c) は傾きに変位を与えた場合，下
段 (d), (e), (f) は状態値に変位を与えた場合である）

B(t) =

{

0 x(t) <= θ

1 x(t) > θ
(11)

ここで，θ = (1 − ε)/2である．

ベルヌーイシフト写像の解軌道を生成する際には，
• 初期値 x(0) = 1 × 10−k (k = 1, 2, · · · , 16)

• 浮動小数点数精度: float型，double型，long double型
• 過渡状態: 0 <= t <= 100,000

• 乱数長: 230

• 変位: a = 1 × 10−N , ε = 1 × 10−N (N = 1, 2, · · · , 16)

とした．

変位の値の大きさと NIST検定合格数の関係を，図 7に示す．

図 7の各図において，横軸は変位の大きさ (1× 10−N )，縦軸は

NIST 検定合格数である．図 7 を見ると，まず，浮動小数点数

として float型を採用した場合 (図 7 (a), (d))，どのように変位

を与えても，検定の合格数は少ないことが分かる．次に，浮動

小数点数として double 型と long double 型を採用した場合は

(図 7 (b), (c), (e), (f))，N が増加するにつれて検定合格数も増

加し，N = 7～9付近で最大となり，更に N が増加すると検定

合格数は減少する傾向を示している．特に，状態値に変位を与

えた場合 (図 7 (f))，その大きさが 1 × 10−4～1 × 10−12 であ

れば，ほぼ全ての検定項目に合格していることが分かる．また，

long double 型の場合は，N = 2～13の広い範囲で検定合格数

は 14または 15となっており，乱数の性能が安定している．

この結果は，ベルヌーイシフト写像の初期値を 1.0 × 10−3 と

した場合のものであるが，初期値をほかの値とした場合も，こ

れらの結果の傾向に変化は見られなかった．これらの結果より，

ベルヌーイシフト写像を擬似乱数生成器として用いる場合，変

位を状態値のみに与える方法が最も安定した性能を有する乱数

を生成できると考えられる．

5. お わ り に

本稿では，非線形力学系の応答を解析する際にディジタルコ

ンピュータを用いた数値計算により生じる問題とその解決策に

関する議論を行った．まず，非線形力学系の例としてベルヌー

イシフト写像を導入し，ベルヌーイシフト写像のダイナミクス

に起因して，有限精度の状態値を用いざるを得ないディジタル

コンピュータでの実装では，写像の状態値が最終的には 0 に収

束することを示した．

次に，この問題を解決する方法として，ベルヌーイシフト写像

の傾きと状態値に微小な変位を与える手法を導入し，そのダイ

ナミクスを定式化した．更に，変位を与えたベルヌーイシフト

写像より得た解軌道，不変測度，リアプノフ指数を調査した．そ

の結果，傾き，あるいは，状態値に変位を加えることによって，

作り出される応答は非周期的とできることを確認した．しかし，

変位の大きさによっては，周期的となる場合があることも示し

た．また，その理由を明らかにするため，状態値を 2 進数で表

現し，各時刻での状態値のビット列が，ベルヌーイシフト写像に

よりどのように遷移するかも調査した．その結果，状態値に変

位を与える場合に周期的応答となる仕組みが，ビットシフトと

mod 演算により状態値の上位 iビットでビットパターンのルー

プにより生じること，したがって，変位 εが 1 × 2−i となる場

合に応答が周期的になることを示した．これより，ディジタルコ

ンピュータを用いた数値計算においてベルヌーイシフト写像を

実装するためには，状態値へ与える変位の大きさを ε |= 1× 2−i

とすることが必須であることが分かる．

また，本稿では，変位を与えることで実装したベルヌーイシ

フト写像の性能を，擬似乱数の性能という観点からも解析した．

具体的には，変位を与えることで実装したベルヌーイシフト写
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図 8 ロジスティック写像に対して，float 型，double

型，long double 型を用いた場合にカオス応答が
継続する割合

像の解軌道 x(t)を 0, 1の二値乱数に変換した系列を擬似乱数と

みなし，乱数としての性能を NIST 検定を用いて調査した．そ

の際，ベルヌーイシフト写像について，浮動小数点数の精度を

float型，double型，long double型として実装した場合につい

て，得られる擬似乱数の性能に変化が見られるかを調査した．

その結果，浮動小数点数の精度が float 型の場合は，double

型，long double 型の場合と比較して，検定合格数が極端に減

少すること，また，double型，long double型の場合は，状態

値に変位を与えると検定に合格しやすいことが明らかとなった．

具体的には，double型の場合，状態値に与える変位の大きさを

1 × 10−5～1 × 10−12 としたとき，検定合格数がピークに達す

ることを明らかにした．

一方，浮動小数点数の精度が long double 型の場合は，変位

を傾き，状態値に与えた場合ともに検定合格数が増加すること

が分かった．ただし，傾きに変位を与えた場合の検定合格数が

ピークとなる範囲は 1 × 10−7～1 × 10−15 であったのに対し，

状態値の与えた場合は，1 × 10−3～1 × 10−17 と広い範囲で検

定合格数が高い値となった．

以上の擬似乱数の立場の解析結果から，ベルヌーイシフト写

像を擬似乱数生成器として用いる場合，浮動小数点数の精度を

double型または long double型とし，状態値へ与える変位の大

きさを 1 × 10−7～1 × 10−13 とすると，NIST検定に合格しや

すい安定した擬似乱数を得ることができる．

本稿では，ベルヌーイシフト写像をディジタルコンピュータ

上で実装する際，理論どおりに実装すると状態値が 0 に収束す

ることをいかに防ぐか，という観点からの議論を行った．今回

はベルヌーイシフト写像を対象としたが，ベルヌーイシフト写

像と位相共役なロジスティック写像（8）

x(t + 1) = ax(t)(1 − x(t)) (12)

でも同様な収束を観測できる．

例えば，図 8は，式 (12)のロジスティック写像において，a = 4

とした際に，浮動小数点数の精度を float 型，double 型，long

double型とした場合に，状態値がどの程度収束しないのかを調

査した結果である．初期値 x(0) を 100 万個用意し，写像を 10

億回繰り返した場合に，応答が収束した割合を示している．100

万個の初期値は [0, 1]に等間隔で配置して実験を行った．図 8を

みると，浮動小数点数の精度を float 型にした場合で約 18.8%，

double型にした場合で約 16.3%，また，long double型にした

場合でも約 3.6%が収束してしまうことが分かる．このような問

題に対しては，整数化による精度保証（9）～（14）などの対応があ

る．今後も様々な側面から検討すべき重要な課題の一つである

と考えられる．

本稿の内容に関して，様々なご議論をいただだいた山崎凌氏，

金丸志生氏，鈴木大樹氏に感謝します．
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Abstract
We have already proposed a method for detecting causal-
ity for point process data, especially for marked point pro-
cess data. Our proposed method needs to reconstruct a state
space from an observed marked point process, but it has not
been revealed that we can reconstruct the state space from the
marked point process. Therefore, in this paper, we numeri-
cally verified whether the state space could be reconstructed
from the marked point process using a delayed coordinate
system. In particular, we evaluated a similarity between the
inter-point distance distributions in the state space of the orig-
inal dynamical system that generated the marked point pro-
cess and the state space reconstructed from the marked point
process. As a result, we can reconstruct the state space from
the marked point process using the delay coordinate system.
In addition, we showed that the proposed method could be ef-
fective for detecting causality from marked point processes.

1. Introduction
In recent years, it is possible to observe various time se-

ries data with high precision because observational technolo-
gies have been much improved. Then, we can observe point
process data that is the time series data observed at irregu-
lar intervals. Typical examples of point process data include
spike trains derived from neural activities and marked point
processes derived from seismic activities and economic activ-
ities. If we can identify causal relations only from observed
data, it is useful to understand various phenomena. For exam-
ple, through a method for detecting causality, it is expected to
estimate the network structure only from multi-dimensional
observed time series [1]; then, we use obtained knowledge to
control the system. Also, various methods to estimate causal-
ity from observed time series, such as the Granger causal-
ity [2] and transfer entropy [3], have been proposed. How-
ever, it has been pointed out that these methods cannot distin-
guish actual causality from spurious causality and that they
require a large number of data [4]. On the other hand, a
method called convergent cross mapping [4] has been pro-
posed to solve these problems.

For these reasons, we have already proposed a causality
detection method for point processes by modifying conver-
gent cross mapping [4] based on nonlinear dynamical systems

theory [5, 6, 7]. Since the proposed method detects causal-
ity based on information in the reconstructed state space, we
need to reconstruct the state space from point process. How-
ever, the state space reconstruction from event intervals has
already been discussed [8, 9]. Then, it has also been dis-
cussed that the data obtained by extracting the local maxima
of an observed time series might preserve a part of the char-
acteristics in the original dynamical system [10]. The marked
point process is considered to be a multi-dimensional time
series, because the marked point process has inter-event in-
tervals and marked values. Moreover, it has already been
revealed that the state space can be reconstructed from the
multi-dimensional time series [11, 12]. However, the state
space reconstruction from marked point processes has not
been fully explored. Therefore, in this paper, we examine the
validity of a method for reconstructing the state space from
marked point processes and evaluate the proposed method for
detecting causality based on its reconstruction method.
2. Method to generate a marked point process

In this section, we describe how to generate a marked point
process. We generated a marked point process by extracting
the local maxima of the time series (Fig. 1) [13]. In Fig. 1,

Figure 1: Schematic diagram of the method for generating a
marked point process by extracting local maxima of an original con-
tinuous time series.
the nth event timing S(n) is defined as when the time series
takes the local maximum, and the marked value M(n) is its
state value. We define inter-event interval (IEI) as T (n) =
S(n + 1) − S(n). To generate the time series, we use the
Lorenz system [10] and a coupled Lorenz system [14]. We
show the Lorenz system in Eq. (1).⎧

⎪⎨
⎪⎩

ẋ = σ(−x + y),

ẏ = −xz + rx − y,

ż = xy − bz,

(1)

where we use parameter values r = 28, σ = 10 and b = 8/3
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in this paper. Then, the coupled Lorenz system is shown in
Eq. (2).⎧

⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

ẋ1 = σ1(y1 − x1) + C12(x2 − x1),

ẏ1 = r1x1 − y1 − x1z1,

ż1 = −b1z1 + x1y1,

ẋ2 = σ2(y2 − x2) + C21(x1 − x2),

ẏ2 = r2x2 − y2 − x2z2,

ż2 = −b2z2 + x2y2,

(2)

where the parameter values are set to σ1 = σ2 = 10, b1 =
b2 = 8/3 and r1 = r2 = 28. Here, the causal relationship
between each variable in the coupled Lorenz system is shown
in Fig. 2. Figure 2 shows that Lorenz 1 and Lorenz 2 are cou-

Figure 2: The causal relationship between valiables in the coupled
Lorenz system.

pled with the coupling strength C12 and C21. When Lorenz
1 and Lorenz 2 are bidirectionally coupled, we set parame-
ters as C12 = C21 = 1. When Lorenz 1 and Lorenz 2 are
unidirectionally coupled, we set parameters as C12 = 0 and
C21 = 1. When Lorenz 1 and Lorenz 2 are not coupled, we
set parameters as C12 = C21 = 0.

3. Evaluation of reconstructed state space from marked
point process

This section describes and evaluates a method to recon-
struct state space from a marked point process.

3.1 State space reconstruction from marked point pro-
cess

First, we describe how to reconstruct a state space from
marked point processes. Let T (n) be the nth inter-event in-
terval (IEI) of a marked point process and M(n) be the mark
value. The state space can be reconstructed using delay coor-
dinate system [15], as shown in Eq. (3).

V (n) = (M(n), T (n), · · · , M(n + (m + 1)τ),

T (n + (m + 1)τ)), (3)
where 2m is the reconstruction dimension and τ is the time
delay. Then, we evaluate the validity of the reconstruction
of the state space from marked point processes of the Lorenz
system. If the state space of the dynamical system can be re-
constructed from the marked point process, the reconstructed
state space should preserve the topological characteristics
such as the Lyapunov spectrum and the fractal dimension of
the state space of the original continuous dynamical system
that generated the marked point process. In addition, if the
topological characteristics of the dynamical system are pre-
served, the inter-point distance distribution should be similar.
Therefore, to evaluate whether the original dynamical system
can be reconstructed, we calculate the Jensen-Shannon (JS)
divergence [16] between the inter-point distance distributions
of the original state space and the reconstructed state space

of the Lorenz system. Here, the overview of the numerical
experiment is shown in Fig. 3.

Figure 3: Evaluation procedure for the state space reconstruction
from marked point processes.
3.2 Jensen-Shannon (JS) divergence

The JS divergence is defined as the sum of the Kullback-
Leibler (KL) divergences. Then, first, we explain the KL di-
vergence. The KL divergence is a measure to quantify dissim-
ilarity of two probability distributions. The KL divergence of
a probability distribution P from a probability distribution Q
is defined by Eq. (4).

DKL(P ||Q) =

N∑

i=1

P (ki) log

(
P (ki)

Q(ki)

)
. (4)

In Eq. (4), P (ki) and Q(ki) are the probabilities of the ith
class of the probability distribution P and Q in the case of
ascending order, and N is the total number of classes. From
Eq. (4), the KL divergence is an asymmetric measure, namely
DKL(P ||Q) ̸= DKL(Q||P ). Therefore, in this paper, we use
the JS divergence because it is symmetric. The JS divergence
for probability distributions P and Q is defined by Eq. (5).

DJS(P, Q) =
1

2
(DKL(P ||M) + DKL(Q||M)). (5)

Here, the probability distribution M is the average of the
probability distributions P and Q, and is defined by M(ki) =
1

2
(P (ki) + Q(ki)), where ki is the ith class of distributions

in ascending order.
3.3 Result

We investigated the relationship between the JS divergence
and the reconstruction dimension. Figure 4 shows the results
of the JS divergence between the inter-point distance distri-
bution of the original dynamical system and the inter-point
distance distribution reconstructed from the marked point
process by varying the reconstruction dimension. We used
10,000 data points to calculate the inter-point distance distri-
bution. Also, we varied the reconstruction dimension in the
range of [2, 20] at intervals of 2.

In Fig. 4, the horizontal and the vertical axes represent
the reconstruction dimension and the JS divergence. Further-
more, DJS(Po||Pi) represents the JS divergence between the
original state space of the Lorenz system and the state space
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Figure 4: The JS divergence between the original Lorenz system
and the system reconstructed from marked point process when m
changes.

reconstructed from the marked point process of the variable
i. From Fig. 4, although appropriate values of the reconstruc-
tion dimension depend on which variable is used, we found
that the JS-divergence has a small value of less than 0.05.
In other words, the inter-point distance distribution recon-
structed from the marked point process is similar to the inter-
point distance distribution of the original state space. This
result is not a sufficient condition for reconstructing the state
space, but it may provide evidence that the state space can
be reconstructed from marked point process. In future work,
we should investigate whether the reconstructed state space
has characterictics satisfied the sufficient condition for em-
bedding.
4. Detecting causality for marked point processes

In this section, we evaluate the effectiveness of the pro-
posed method for detecting causality between marked point
processes. The proposed method uses the method for re-
constructing the state space from a marked point process
(Eq. (3)).
4.1 Proposed method for detecting causality for multidi-
mensional marked point processes

We describe the proposed method for detecting causality
for marked point processes. Our method generates time delay
vectors from two-dimensional time series of mark and IEI, as
shown in Eqs. (6) and (7). Then, we predict the mark and
IEI time series from the information in the reconstructed state
space independently.

V x(n) = (Mx(n), Tx(n), · · · , Mx(n + (m + 1)τ),

Tx(n + (m + 1)τ)), (6)

V y(n) = (My(n), Ty(n), · · · , My(n + (m + 1)τ),

Ty(n + (m + 1)τ)), (7)

where Mx(n) and Tx(n) are the marked value and IEI of
marked point process obtained from the variable x (MPPx),
and My(n) and Ty(n) are the marked value and IEI of marked
point process obtained from the variable y (MPPy). Next, to
predict the IEI time series, Tx(n) and Ty(n), and the marked
values, Mx(n) and My(n), we use the above-mentioned time
delay vectors: V x(n) and V y(n). In CCM, we calculate
weights from the distance information of neighboring points
in the reconstructed state space. Then, we use the weights
to cross-predict of in-sample and detect causality based on
the prediction accuracy. Here, we only describe the case of
predicting the IEI time series Tx(n) and the mark time se-
ries Mx(n) from the information in the reconstructed state

space of y. Now, we define T̂x(n) as the predicted time series
of Tx(n) and M̂x(n) as the predicted time series of Mx(n).
Here, T̂x(n) is calculated by

T̂x(n) =

K∑

i=1

wy(n∗
i ) Tx(η∗

i ), (8)

and M̂x(n) is calculated by

M̂x(n) =

K∑

i=1

wy(n∗
i ) Mx(η∗

i ), (9)

where the meaning of ∗ is explained in Eq. (12). In Eqs. (8)
and (9), K is the number of neighbors for predicting time
series. In the numerical experiments, we used K = 2m + 1.
Then, wy(n∗

i ) is defined by

wy(n∗
i ) =

uy(n∗
i )

K∑

j=1

uy(n∗
j )

, (10)

where wy(n∗
i ) is the weight calculated from the ith nearest

neighbor of the time delay vector V y(n∗) in the reconstructed
state space. In Eq. (10), uy(n∗

i ) is defined by

uy(n∗
i ) = exp {−d[V y(n∗), V y(n∗

i )]} , (11)

where d[V y(n∗), V y(n∗
i )] is the Euclidean distance between

V y(n∗) and V y(n∗
i ). Then, V y(n∗

i ) is the ith nearest neigh-
bor of the time delay vector, V y(n∗), in the reconstructed
state space. Here, the prediction flow is shown in Fig. 5. As
shown in Fig. 5, we first consider the case where Mx(n) and
Tx(n) are the target of in-sample prediction. We show the
prediction steps (i)∼(v) in the following.
(i) We define the nth event timing of the MPPx and MPPy as

Sx(n) and Sy(n). We refer to the marked value My(n∗)
and IEI Ty(n∗) which corresponds to the nearest event
timing Sy(n∗) for Sx(n). Namely, n∗ is calculated by
the Eq. (12).

n∗ ∈ Gn = arg min
n′

|Sy(n
′
) − Sx(n)|. (12)

In other words, n∗ is the index of event on MPPy whose
event timing is the nearest event against Sx(n) on MPPx.

(ii) We identify the ith nearest neighbor of V y(n∗), V y(n∗
i ),

on the reconstructed state space. In Fig. 5, we show an
example of the case where m = 1 and τ = 1, that is, the
reconstruction dimension is 2.

(iii) Using Eqs. (10) and (11), we calculate uy(n∗
i ) and

wy(n∗
i ). In addition, we refer to Sy(n∗

i ) which corre-
sponds to the time of ith nearest neighbor.

(iv) We refer to the IEI Tx(η∗
i ) and the marked value Mx(η∗

i )
that corresponds to the event with the nearest timing of
Sy(n∗

i ), that is, η∗
i = (n∗

i )
∗. Now, by setting n∗

i = ηi,
we make the meaning of ∗ the same as the case of step
(i).
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V y(n∗)

V y(n∗
1) V y(n∗

2)

V y(n∗
3)

Figure 5: In-sample prediction flow for marked point process in the proposed method.

(v) We calculate the weighted average of Tx(η∗
i ) and Mx(η∗

i )
referenced by (iv) using the weight wy(n∗

i ) calculated
by (iii) . Namely, we predict Mx(n) and Tx(n) such as
Eqs. (8) and (9).

We perform the above procedure for all events to generate
prediction time series of the IEIs and the marked values.
Here, the prediction accuracy is evaluated by the correlation
coefficient in the same manner as Ref. [4]. When marked
point processes have causality and the data length is suffi-
ciently long, the prediction accuracy of the time series in-
creases and converges. We can detect the causality by us-
ing this characteristic. The difference between the proposed
method and the original CCM is two-folds. The first one is
that the temporal matching of the index for in-sample predic-
tion is realized based on the nearest time when the event oc-
curred. The second one is that the state space is reconstructed
from the marked values and IEIs.

4.2 Result
We applied the proposed method to the marked point pro-

cesses obtained from the coupled-Lorenz system described in
Eq. (2). The results of detecting causality are shown in Fig. 6.
The horizontal and the vertical axes represent the data length
used for the prediction and the prediction accuracy. In addi-
tion, ρtarget[Lorenz i | Lorenz j] in the legend is the average
of the prediction accuracy for predicting Lorenz i (i = 1, 2)
using Lorenz j (j = 1, 2), where the “target” is IEI or mark.
In other words, we average nine prediction accuracies of pre-
dicting marked point processes generated from each variable
in Lorenz i using each variable in Lorenz j.

Figure 6: Results of applying the proposed method for detecting
causality to marked point processes obtained by Eq. (2).

Figure 6 shows that in the case of bidirectional coupling, all
prediction accuracies increase with increasing the data length.
In contrast, in the case of unidirectional coupling, the pre-
diction accuracies only increase when we predict Lorenz 1
using Lorenz 2. Furthermore, in the case of non-coupling,
all prediction accuracies converge to almost zero. Therefore,
we found that the proposed method is effective in detecting
causality for marked point processes.
5. Conclusion

We have investigated whether a dynamical system can be
reconstructed from a marked point process using a delay-
coordinate system. In particular, we calculated the JS di-
vergence between the inter-point distance distribution of the
original state space and the reconstructed state space. As a
result, it is suggested that the state space can be reconstructed
from the marked point process. Then, we applied the pro-
posed method for detecting causality to marked point pro-
cesses generated from the coupled Lorenz system. As a re-
sult, we found that the proposed method effectively detect
causality for marked point processes.
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Abstract

A recurrence plot (RP) is an effective method to capture char-
acteristics of time series qualitatively. When applying RP, we
need to set the threshold to plot the correlation between two
points. However, it is hard to set an optimal threshold accord-
ing to the time series. Therefore, we have already proposed a
method for capturing the characteristic of time series using a
deterministic index calculated from multiple RPs created by
changing the threshold. This article examined the effective-
ness of the proposed method for discriminating deterministic
chaos and noisy periodicity. The results show that the pro-
posed method is effective in the discrimination of determinis-
tic chaos and noisy periodicity.

1. Introduction

In this article, we use a method called recurrence plot
(RP) [1, 2] to visualize dynamical and structural properties
of attractors. RP visualizes the correlation between points on
an attractor into a two-dimensional binary image while pre-
serving the time evolution information. The two-dimensional
image is a square image with both axes corresponding to the
time indices of the original time series. The pixel (i, j) is
set to unity if the state values at the time i and j are in the
neighborhood of each other, and zero if they are not. Thus,
a two-dimensional binary image consists of 0s and 1s, which
is called RP. RP is useful in detecting non-stationarity [1]. It
is also considered that RPs contain topological information
about attractors [3]. Moreover, there are some typical pat-
terns [4] on RPs that can be used to understand the proper-
ties of dynamical systems behind time series. For these rea-
sons, RP is currently one of the most promising methods for
analysing nonlinear time series.

In addition, many extensions of RP have been proposed [4].
For example, it is essential to use the neighborhood relation
of the points on the attractor and information of the trajec-
tory vector in chaotic time series analysis. Therefore, the iso-
directional recurrence plot (IDRP) [5] has been proposed as

an extended RP method. IDRP considers the information of
trajectory vector.While RP visualizes the neighborhood re-
lation between two points on the attractor, IDRP visualizes
the same direction relation of trajectory vectors. Further-
more, based on RP and IDRP, the iso-directional neighbors
plot (IDNP) [5] has been proposed to visualize the neighbor-
hood and same direction relationships. It is expected that the
number of plots that are near and in the same direction will be
small on IDNP created from stochastic time series. Therefore,
IDNP is considered to be effective in detecting determinism
in time series [5].

However, a threshold needs to be carefully set when ap-
plying RP, IDRP, and IDNP. RP needs a threshold to deter-
mine whether or not to plot the pixel corresponding to the
time index for the distance between two points on the attrac-
tor. IDRP needs a threshold for the difference between the
transition vectors obtained from any two points on the attrac-
tor. Although, there is no direct threshold in the case of IDNP
because the number of plots of IDNP depends on the plots
on RP and IDRP, the thresholds of RP and IDRP are essen-
tial parameters in creating IDNP. If these thresholds are set
incorrectly, it may not capture characteristics of the time se-
ries. For this reason, it has been studied how to set the thresh-
old on RP [2, 6–9]. On the other hand, the best threshold of
RP strongly depends on the target structure [4, 10]. In ad-
dition, instead of a two-dimensional binary image, an anal-
ysis method using a recurrence matrix with a distance be-
tween two points given to each pixel has been proposed [11].
This method eliminates the need to set a threshold and cre-
ates a unique recurrence matrix for a given attractor. How-
ever, quantifying the recurrence matrix is more complicated
than quantifying the RP, so it is common to use the binarized
RP [3].

Therefore, we have proposed a method to extract a time
series property by creating multiple RPs, IDRPs, and IDNPs
with varying thresholds instead of adopting a single thresh-
old [12–15]. This method focused on the transition of patterns
appearing on RP, IDRP, and IDNP with the threshold change.
To quantify the patterns appearing on these images, we used
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the occurrence probability R [5]. Therefore, we could ob-
tain the trend of R for the variable threshold. Our proposed
method [12–15] captures this trend as a property of the time
series.

However, the proposed method has not been sufficiently
investigated for a system, such as a nonlinear stochastic dy-
namical system. Therefore, in this article, we investigate that
the proposed method can discriminate between the determin-
istic chaotic time series and the noisy periodic time series.
Using the proposed method, we can obtain different proper-
ties for deterministic chaotic time series and noisy periodic
time series, thereby discriminating them.

2. Methods

In this article, we assume that the time series to be analyzed
is one-dimensional. We first reconstruct the state space by
transforming the observed time series xt (t = 1, . . . , n) into
time-delay coordinates [16,17]. The reconstructed state space
vector is described by

Xt = (xt, xt+τ, . . . , xt+(m−1)τ), (1)

where t = 1, . . . ,N with N = n− (m− 1)τ, m is the dimension
of the reconstructed state space and τ is the time delay.

Using the reconstructed state space obtained from Eq. (1),
we create an N×N two-dimensional image, or RP [1,2] by the
following procedure. The first step is to calculate the distance
Di, j between any two points, Xi and X j, in the reconstructed
state space as

Di, j = |Xi − X j|, (2)

where |·| denotes Euclidean distance. The (i, j)th pixel value
RPi, j of the RP can be calculated using Eq. (2) as

RPi, j =

⎧⎪⎪⎨⎪⎪⎩
1 (if Di, j ≤ θr),
0 (otherwise).

(3)

In Eq. (3), θr is the threshold that determines the closeness
between two points. Then, let MRP be the set of pixels whose
values are unity in RP.

Next, we will explain IDRP [5], which visualizes the dif-
ference of trajectory vectors between two points. In compar-
ison, RP is a method to visualize the neighborhood relation-
ship between two points. In other words, by changing Eq. (2)
to Eq. (4), we can create an (N−T )×(N−T ) two-dimensional
image, namely IDRP.

DVi, j = |(Xi+T − Xi) − (X j+T − X j)|, (4)

where T is the transition time length of the trajectory vector.
The (i, j)th pixel value of the IDRP, IDRPi, j, can be calculated
using Eq. (4) as

IDRPi, j =

⎧⎪⎪⎨⎪⎪⎩
1 (if DVi, j ≤ θd),
0 (otherwise).

(5)

In Eq. (5), θd is the threshold that determines whether two
trajectory vectors are in the same direction or not. Then, let
MIDRP be the set of pixels whose values are unity in IDRP.

Since IDRP plots the time evolution of two arbitrary points
Xi and X j, it does not take into account whether they are close
to each other or not. Then, the set of pixels whose values are
unity on IDNP is defined as the common set of the set MRP
and the set MIDRP:

MIDNP = MRP ∩ MIDRP. (6)

Therefore, the (i, j)th pixel value of IDNP, IDNPi, j, is deter-
mined to be

IDNPi, j = RPi, j × IDRPi, j. (7)

In other words, a relation is plotted on the IDNP if the dis-
tance between any two points (Xi, X j) is within θr and the
norm of the difference between the trajectory vectors is within
θd. Moreover, the size of IDNP is (N − T ) × (N − T ), as in
IDRP.

3. Occurrence Probability R

In this article, we use the occurrence probability R [5] to
quantify the IDNP. The IDNP is the common set of the RP
and IDRP as shown in Eq. (6). Then R denotes the proba-
bility of the occurrence of pairs of neighboring points whose
trajectory vectors are in the same direction, which is defined
by

R =
|MIDNP|
|MRP| , (8)

where |MRP| and |MIDNP| denote the number of elements in
the sets MRP and MIDNP, respectively. If the target system
is deterministic, it is considered that neighboring sets tend to
have a similar direction and maintain a neighborhood rela-
tionship even after the transition. The occurrence probability
R reflects this property in the ratio of the number of points in
the denominator and numerator of Eq. (8). Therefore, R tends
to be high when the time series is deterministic.

4. Variable Threshold

For RP and IDRP, it is necessary to set the thresholds θr
and θd. To select the threshold of RP, the following methods
have been proposed: 10% of the average or maximum dis-
tance between two points of the attractor [2], a few percent
of the maximum distance between two points of the attrac-
tor [6], 1% of the total number of pixels to be plotted [7],
namely the proportion called a recurrence rate (RR) [4] be
1%, or a system-specific setting method [8, 9]. However, it is
difficult to determine the optimal threshold for any given time
series uniquely because a threshold selection of RP strongly
depends on the target system [4, 10].
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Therefore, in this article, instead of selecting an optimal
threshold, we created various RPs for a single time series by
varying the threshold. The method of changing the threshold
is explained using RP as an example. In RP, the distances
between all two points in the attractor are calculated, and if
Di, j is less than or equal to the threshold θr, (i, j)th pixel is
colored black. In this article, we first find the shortest distance
Dmin = min

i< j
Di, j and the longest distance Dmax = max

i< j
Di, j.

Then, the width of the range [Dmin, Dmax] is Dr = Dmax −
Dmin, and θr is given by

θr = Drθ + Dmin. (9)

In Eq. (9), θ is a parameter that manipulates the threshold
θr with a range of 0 ≤ θ ≤ 1. For example, when θ = 0, the
points are plotted on the RP only when satisfying Di, j ≤ Dmin.
On the other hand, when θ = 1, all pixels are set to unity. In
IDRP, DVr = DVmax − DVmin is calculated for DVi, j, and θ
manipulates θd. By varying this parameter θ, we create mul-
tiple RPs and IDRPs with different threshold values. When
creating an IDNP, we used a common value of θ for both RPs
and IDRPs. In this article, θ = 2−k (k = 1, 2, . . . , 10).

5. Model

In this article, the stochastic Rössler model (SRM) is used
to analyze deterministic chaotic time series and noisy peri-
odic time series. We define an SRM as

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

ẋ = −y − z + σω̇1,

ẏ = x + ay + σω̇2,

ż = b + z(x − c) + σω̇3,

(10)

where a, b, and c are parameters, ωi(t) (i = 1, 2, 3) are
independent standard Wiener processes with Gaussian in-
crements, and σ is a parameter for the noise intensity.
When σ = 0, the SRM is equivalent to the Rössler equa-
tions [18]. In this article, a = b = 0.2, c = 5.7 for
the chaotic response, and c = 3.5 for the two-period re-
sponse. In addition, 10 types of noise intensity σ (σ =
0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09 and 0.1)
were used to generate noisy periodic time series. These nu-
merical calculations were performed using the fourth-order
Runge-Kutta method with a step width of h = 10−4. The time
series to be analyzed has a length of 4, 000 points that are sub-
sampled every 500 steps from the time series of the response
of 2 × 106 steps after omitting 106 steps as a transient state.

6. Numerical Experiment

The conditions for the numerical experiments are described
below. First, we generated 100 time series with fixed param-
eters and different initial values. Therefore, the occurrence

probability R is averaged over these 100 time series. The tran-
sition time length T used in IDRP is set to the same value of
the time delay τ (T = τ). The chaotic time series and the
noisy periodic time series are the time series of the first vari-
able x generated from the SRM with the parameter c and the
noise intensity σ, respectively. The dimensionality m of the
reconstructed state space was set to m = 7. The time delay τ
was set to the time when the autocorrelation function of the
time series to be analyzed first became 1 − 1/e [19].

Figure 1 shows the trend of the occurrence probability R
for the chaotic time series (c = 5.7 and σ = 0 in SRM) and
that for the noisy periodic time series (c = 3.5 and σ > 0 in
SRM). In Fig. 1, the horizontal axis is the parameter θ in log
scale. The vertical axis is the occurrence probability R. The
triangles connected by the solid black line show the results
of the chaotic time series (c = 5.7 and σ = 0). The circles
connected by dashed lines show the noisy periodic time series
(c = 3.5 and σ > 0). The difference in color indicates the
difference in the noise intensity σ.
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Figure 1: We generated 100 time series for various values of
c and σ by changing the initial values. Solid lines are deter-
ministic time series, and dashed lines are noisy periodic time
series with the noise intensity σ. The triangles denote chaotic
parameters, and the circles denote periodic parameters. Plots
represent the mean of 100 runs.

Our purpose is to discriminate between deterministic chaos
and noisy periodicity. From Fig. 1, we can see that the chaotic
time series has high R even when θ is small, and the variation
of R is small even when θ increases. On the other hand, for
noisy periodic time series, R is low when θ is small, and R
becomes large when θ increases. From these differences in
the trend of R, it is suggested that the proposed method can
discriminate between deterministic chaos and noisy periodic-
ity.

Another finding from this result is that the proposed
method of setting thresholds of RP so far has a risk of false
discriminating between deterministic chaos and noisy peri-
odic time series. First, the threshold of a few percent to
10% of the attractor size [2, 6] corresponds to the range of
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0.01 < θ ≤ 0.1 in Fig. 1. The range of threshold values that
detects high determinism (R > 0.6) despite the strong noise
intensity σ. Moreover, θ is close to 0.1, the deterministic
chaos and noisy periodic time series have a similar R, and it is
difficult to discriminate between them. Next, the relationship
between θ and the recurrence rate (RR) on the RPs is shown
in Fig. 2. The differences from Fig. 1 are the vertical axis is
the log scale, and the indicator is RR. Then, RR is calculated

as follows: RR =
2

N2 − N

N∑

i< j

RPi, j. Figure 2 shows that θ,
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Figure 2: The relationship between θ and RR on the RPs.

where the RR is around 1%, is approximately in the range of
2−5 (= 0.03125) ≤ θ ≤ 2−4 (= 0.0625). In Fig. 1, looking at
the occurrence probability R in the range of θ where the RR
is around 1%, it can be seen that the noisy periodic time se-
ries has a high R at any noise intensity σ, and it is difficult to
distinguish from the deterministic chaotic time series. These
emphasize the necessity of varying the threshold rather than
using a single threshold in the analysis using the conventional
threshold selecting method.

7. Conclusion

We investigated the discrimination between chaotic and
noisy periodic time series by feature extraction from the RP,
the IDRP, and the IDNP when the threshold is varied. From
the result, we found that as we changed the threshold, the
occurrence probability R does not change significantly for
chaotic time series, whereas it increases for noisy periodic
time series. These results suggest that we can discriminate
deterministic chaos and noisy periodicity using the proposed
method. In addition, if we used thresholds that have been
decided empirically, 1 ∼ 10% of the attractor’s size or the
recurrence rate [2, 6, 7], it is clarified that even noisy peri-
odicities with high noise intensity are misrecognized to have
high determinism (i.e., false positives). Namely, it is not only
effective but also essential to change the thresholds.
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Abstract
Complex network theory has revealed several characteristics
of languages. However, despite recent attempts of compar-
ison in different languages, it has not been fully examined
which characteristics of languages make the differences in
network structure between languages. In this paper, we in-
vestigated whether the frequency of words and part of speech
affect language network, by using complex network theory.
For the analysis, we used text data of the Gospel of Matthew
translated into nine languages. Our main results are two folds:
first, there is correlation between several statistical measures
of language network structure and the frequency of words.
Second, features of part of speech affect several statistical
measures of language network structure. These results sug-
gest that the frequency of words and part of speech are key
factors that shape structural differences of language networks.

1. Introduction
Many different languages are used in the world, and these

languages have been analyzed in various approaches. In re-
cent years, a lot of research on quantitative analysis of lan-
guages from the viewpoint of complex network theory has
been reported. As a result, it has been suggested that dif-
ferent languages have common features and specific features.
For example, the local structures of a language network have
common systems—connection of words, positions of words,
and basic word orders—in different languages [1]. Also, even
if languages belong to the same language family, these lan-
guages could have different characteristics [2]. Although
these previous studies are interesting, these previous stud-
ies do not use text data of the same content of documents
across different languages, nor use various languages of the
text data.

We have already demonstrated that language networks
transformed from documents have different characteristics of
network structure, by using the New Testament [3–5]. Using
the New Testament as text documents for analyses, we can
analyze the same documents by different languages. How-
ever, we have not investigated which characteristics of doc-
uments affect the structural characteristics of language net-
works when the documents transformed to networks.

Therefore, in this paper, we first investigated the relation-
ship between statistical measures of language network struc-
ture and the frequency of words, because the frequency of
words could be one of the essential characteristics of text
documents. As a result, we found a universal feature that
the frequency of words affects the degree centrality [6], the
betweenness centrality [6], and the closeness centrality [7].
However, it does not affect the clustering coefficient [8] and
the square clustering coefficient [9].

Next, we investigated which characteristics of documents
affect the clustering coefficient and the square clustering co-
efficient. Then, we found that part of speech (PoS) affects
the clustering coefficient and the square clustering coefficient.
These results suggest that the frequency of words and PoS are
key factors that shape the structural differences between lan-
guage networks.

2. Text documents
We used the Gospel of Matthew in the New Testament

[10–15] as text documents in this paper. The data are advan-
tageous for the following reasons: first, it has been translated
into many different languages. Second, it unifies the content
of documents between different languages.

Our data set consists of nine different languages and
these languages are classified into four language families:
Greek, Latin, English, German, French, Russian (Indo-
European language family), Japanese (Japanese language
family), Finnish (Uralic language family), and Chinese (Sino-
Tibetan language family). Table 1 summarizes the basic in-
formation of the dataset used in this paper.

Table 1: Summary information of the data set (Versions of
the Gospels of Matthew in the New Testament)ɽ

Language Family Version Year Words Vertices Edges
Greek1

Indo-European

NA28 2012 16, 293 7, 442 13, 511
Greek2 UBS5 2014 15, 546 7, 296 12, 946
Latin Bublia Sacra Vulgata 1955 16, 435 2, 849 9, 499

English1 King James Version 1611 23, 665 2, 394 8, 889
English2 English Standard Version 2001 22, 663 2, 471 8, 901
German Lutherbible 1984 21, 789 2, 352 8, 438
French1 Louis Segond 1910 23, 263 2, 454 8, 494
French2 Segond 21 2007 23, 432 2, 502 9, 123
Russian Russian Synodal Version 1876 16, 954 4, 378 9, 020

Finnish1
Uralic

Vanha Kirkkoraamattu 1642 17, 805 4, 253 9, 065
Finnish2 Uusi Kirkkoraamattu 1992 16, 749 4, 690 9, 809

Japanese1
Japanese

Colloquial translation 1954 31, 055 2, 204 7, 811
Japanese2 New common translation 1987 29, 311 2, 177 7, 653

Chinese Sino-Tibetan Chinese Standard Bible Simplified 2009 22, 846 2, 628 9, 198

45

Ikeguchi Laboratory 2020(p. 60 / 188)



3. Method for transforming documents into co-
occurrence language network

First, we applied a morphological analysis to divide a sen-
tence into prototypes of words and obtain their PoSs. The
morphological analysis tool that we used is Mecab [16] for
Japanese, and Tree-tagger [17] for other languages. Then, we
treated the pair of the prototype and the PoS of a word as a
vertex. Next, we created an unweighted and undirected net-
work by connecting the vertices with edges if they were adja-
cent in sentences. Here, the duplication of words or connec-
tions between words was not allowed, and punctuation marks,
half-punctuation marks, and symbols were excluded. Figure
1 shows an example of transforming documents into language
networks.

If a document is split into two or more networks by using
this method, we only used a large connected subnetwork as an
analysis target in this paper. The reason is that these obtained
networks consist of one large connected subnetwork and sev-
eral small subnetworks or isolated vertices in many cases, and
the small subnetworks and isolated vertices are not essential
for capturing the characteristics of the co-occurrence relations
of words in sentences which are the subject of our analysis.

Figure 1: An example of transforming documents into lan-
guage networks. Squares and rectangles are vertices. The
upper part of the vertex expresses a prototype of the word,
and the lower part of vertex expresses the PoS. For example,
DT stands for determiner and VB stands for verb.

4. Statistical measures of network structures
We examined five statistical measures of network struc-

tures: the degree centrality, the betweenness centrality, the
closeness centrality, the clustering coefficient and the square
clustering coefficient. Let the number of vertices be N , the
degree of the ith vertex be ki, and the (i, j)th element of the
adjacency matrix of the network be aij . If an edge between
the ith vertex and the jth vertex exists, aij = aji = 1, other-
wise, aij = aji = 0.

4.1 Degree centrality
The degree centrality (DC) quantifies the importance of

vertices by focusing on their degrees. DC of the ith vertex,

DC(i), is defined as

DC(i) =

N∑

j=1

aij . (1)

4.2 Betweenness centrality
The betweenness centrality (BC) quantifies the importance

of vertices by focusing on their frequency of appearance on
the shortest paths in the network. BC of the ith vertex, BC(i),
is defined as

BC(i) =

N∑

j=1,j ̸=i

N∑

l=j+1,l ̸=i

Pjl(i)

Pjl
, (2)

where j and l are start and end vertices of the shortest path,
Pjl is the total number of shortest paths between j and l, and
Pjl(i) is the total number of shortest paths between j and l
through the vertex i.

4.3 Closeness centrality
The closeness centrality (CC) quantifies the importance of

vertices by focusing on whether they are close to other ver-
tices in the network. CC of the ith vertex, CC(i), is defined
as

CC(i) =
1

N∑

j=1

dij

, (3)

where dij is the shortest distance between the ith vertex and
the jth vertex.

4.4 Clustering coefficient
The clustering coefficient (C(3)) is the probability that two

vertices that are neighbors of a given vertex are neighbors
of each other. The clustering coefficient of the ith vertex,
C(3)(i), is defined as

C(3)(i) =
2

ki(ki − 1)

N∑

j=1

aij

⎛
⎝

N∑

l=j+1

ailajl

⎞
⎠ . (4)

4.5 Square clustering coefficient
The square clustering coefficient (C(4)) is the quotient be-

tween the number of squares and the total number of possible
squares. For a given ith vertex and V = {v1, v2, ..., vki

}
which is the set of vertices of neighbors of ith vertex, the
square clustering coefficient of the ith vertex, C(4)(i), is de-
fined as

C(4)(i)=

ki∑

m=1

ki∑

n=m+1

qivmvn

ki∑

m=1

ki∑

n=m+1

{(kvm −ηivmvn)(kvn −ηivmvn)+qivmvn}
, (5)
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where qivmvn
is the number of squares actually constructed

using vertices (i, vm, vn), ηivmvn
is defined as ηivmvn

= 1 +
qivmvn

+ θvmvn
. If neighbors vm and vn are connected with

each other, θvmvn = 1, otherwise, θvmvn = 0.

5. Experiments on the frequency of words and the PoS
First, we investigated the relationships between each of the

five statistical measures of language networks described in
Sec. 4 and the frequency of words. More specifically, we
calculated the correlation coefficients and the correlation dia-
grams between the frequency of words and the five statistical
measures to investigate their relationships.

Next, we investigated which characteristics of documents
affect C(3)(i) and C(4)(i) by focusing on the PoS. First, we
calculated the frequency of the PoS in all documents and net-
works. Then, we calculated and compared C(3) and C(4) for
each PoS to investigate the differences of the PoSs which af-
fect language network structure.

6. Results
Figure 2 shows the correlation coefficients between the fre-

quency of words and the five statistical measures.
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Figure 2: Correlation coefficients between the frequency of
words and the five statistical measures.

Figure 2 shows that the linear correlation coefficients
between the frequency of words and the two statistical
measures—DC and BC—are very high. These results in-
dicate that the frequency of words may affect the structural
characteristics, namely DC and BC. On the other hand, the
linear correlation coefficient between the frequency of words
and CC is low.

To clarify these relations, we investigated correlation dia-
grams between the frequency of words and CC. Figure 3 is a
result for English as an example. Figures 3(a) shows the cor-
relation diagram between the frequency of words and CC, and
Fig. 3(b) show the same results but in the semi-logarithmic
scale. In Fig. 3(a), we found that the frequency of words and
CC have a nonlinear correlation. Furthermore, in Fig. 3(b),
a linear relationship appears in the semi-logarithmic scale,
where their correlation coefficient in the semi-logarithmic
scale is 0.72. These results suggest that there is a nonlin-
ear correlation between the frequency of words and CC for

English. This nonlinear correlation can be found in other lan-
guages.

On the other hand, Fig. 2 shows that no correlation exists
between the frequency of words and each of two statistical
measures—C(3) and C(4). These results suggest that the fre-
quency of words affects language network structure, namely
DC, BC, and CC but, does not affect language network struc-
ture, namely C(3) and C(4).
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Figure 3: Correlation diagrams of the frequency of words and
closeness centrality (English (KJV)) in (a) a linear scale and
(b) the semi-logarithmic scale.

Next, we show the analysis results, focusing on the PoS. In
Figs. 4–7, the horizontal axis is the type of PoSs and the ver-
tical axis is the type of languages. Colors represent influence
of the PoS. Here, the influence of the PoS is defined as the
average value of statistics (Fig. 4 is the frequency of words,
Fig. 5 is the frequency of vertices, Fig. 6 is the frequency of
C(3) and Fig. 7 is the frequency of C(4)) for each PoS. Also,
the values of the influence for each PoS are normalized by the
maximum value by languages. If a PoS is highly influential
on its value, the color is close to red in Figs. 4–7. Besides, if
no PoS exist in a language, they are shown in white.

Figures 4 and 5 show the results of the influence of the fre-
quency of PoSs in all documents and networks. Figure 4 sug-
gests that in the documents of many languages used in this pa-
per, although nouns and verbs account for a high frequency of
documents, other PoSs—such as adjective, pronoun, preposi-
tion, particle, also account for a high frequency of documents.
However, Fig. 5 shows that in the network of many languages
used in this paper, only nouns and verbs account for a very
high frequency of language networks. These results suggest
that nouns and verbs largely affect language network struc-
ture, among various PoSs that are frequently used in the doc-
uments.

Figures 6 and 7 show C(3) and C(4) for each PoS in all
languages. Figure 6 suggests that PoSs that affect C(3) de-
pend on languages. However, values of C(3) for nouns and
verbs are high for almost all languages. Therefore, the nouns
and verbs may strongly affect the characteristics of language
network structure because frequencies of nouns and verbs are
high from Fig. 5.

Figure 7 shows that adjectives and adverbs have higher val-
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ues of C(4) in Latin, English, German, French, and Russian
which belong to the Indo-European language family. How-
ever, the adjectives and adverbs does not strongly affect the
characteristics of language network structure because fre-
quencies of adjectives and adverbs are low from Fig. 5. These
results suggest that C(3) and C(4) may be influenced by the
PoS.

Figure 4: Influence of the frequency of words for each PoS in
the documents.

Figure 5: Influence of the frequency of vertices for each PoS
in the language network.

Figure 6: Influence of the frequency of the clustering coeffi-
cient for each PoS.

Figure 7: Influence of the frequency of the square clustering
coefficient for each PoS.

7. Conclusions
In this paper, we investigated the relationships between the

frequency of words and the five statistical measures of lan-
guage networks—the degree centrality, the betweenness cen-
trality, the closeness centrality, the clustering coefficient, and
the square clustering coefficient. As a result, it is shown that
the frequency of words affects the degree centrality, the be-
tweenness centrality, and the closeness centrality, but does not
affect the clustering coefficient and the square clustering co-
efficient. We also investigated the clustering coefficient and
the square clustering coefficient, focusing on the PoS. As a
result, the clustering coefficient and the square clustering co-
efficient may be influenced by the PoS.

The results of this paper suggest that in complex network
theory, the clustering coefficient and the square clustering co-
efficient may capture the characteristics of PoSs. In the fu-
ture, we should also investigate whether the method for cre-
ating language networks affects the results obtained in this
paper.
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Abstract

Many researches on information diffusion have been re-
ported. However, these researches mainly use static networks
for analysis. In the real world, there are not only static net-
works, but also temporal networks (TNs) whose structure
changes dynamically. We have already reported that the con-
tact density is related to the information diffusion on the TNs.
However, contact characteristics other than the contact den-
sity could also affect the information diffusion. Therefore,
this paper investigated the relationship between the diffusion
rate and the contact order on information diffusion on TNs
while changing the contact density. Furthermore, we investi-
gated the influence of the vertices with high centralities on the
diffusion rate of information by exchanging contacts. As a re-
sult, we found that contact order strongly affects the diffusion
rate of information. Moreover, we also found that informa-
tion spreads more easily when the percentage of the contacts
of vertices with high centralities is high.

1. Introduction

The relationships of people can be described as networks,
where people are represented as vertices, and the social ties
between two people are represented as edges. These network
structures are static because the social ties between two peo-
ple rarely change in the short term. Here, the social ties can
be friendships on the internet or in the real world. In the real
world, not only the social ties but also the contacts between
two people can be represented as the edges of the networks.
When we create the networks from the contacts of people,
these network structures change temporally because the con-
tacts between two people can change temporally. Therefore,
the networks whose structures change temporally are referred
to as temporal networks (TNs).

Many researches on information diffusion with the former
static networks have been reported [1–5]. On the other hand,
the information diffusion on the latter TNs are not well dis-
cussed. Therefore, we have already investigated final dif-
fusion rates of information on the TNs of contacts between
people using the information diffusion model that we pro-

posed [6] previously. As a result, we found that the con-
tact density is related to the information diffusion. However,
the diffusion rate of information diffusion are different, even
when the contact density are almost the same [6]. These re-
sults indicate that other characteristics of TNs than the con-
tact density can also affect the information diffusion. Then,
we hypothesize that if contacts occurred in a different order,
the diffusion rate of information can be different.

In this paper, to test the hypothesis, we investigate the re-
lationship between the diffusion rate and the contact order
on information diffusion on TNs while changing the contact
density, by using the proposed model of information diffu-
sion. Furthermore, we investigate the influence of the vertices
with high centralities on the diffusion rate of information by
exchanging contacts.

2. Contact data sets and temporal networks

In this section, we describe the data sets used in this paper.
We create two TNs from two face-to-face contact data sets
obtained at a high school and a hospital in France [7–9]. Let
us describe the (i, j)th component of the adjacency matrix on
the TNs at time t[s] as Aij(t). If there is a contact between
two vertices (people) i and j at time t, Aij(t) = Aji(t) = 1,
otherwise Aij(t) = Aji(t) = 0. The data sets at the high
school and the hospital consist of face-to-face contact records
for 126 people during 4 days and for 75 people during 5 days,
respectively. They are recorded at intervals of 20 seconds.
In these data sets, the average numbers of contacts per 20
seconds (contact density ρ) at the high school and the hospital
are 2.10 and 1.87.

3. Proposed model of information diffusion

In this section, we describe the model of information diffu-
sion [6] we used in this paper. We define the interest level of
vertex i for information as xi(t). Then, the dynamics of the
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level of interest of vertex i is described as follows:

xi(t + 20) = gi(τ, t)xi(t)

+ αH(xi(t) − θi)
∑

j∈Gi(t)

F (xj(t) − θj), (1)

gi(τ, t) =

{
τ (t − t∗i ≡ 0 (mod 3600)),

1 (otherwise),
(2)

H(x) =

{
0 (x ≥ 0),

1 (x < 0).
(3)

Here, F (x) is the step function, t∗i is the time when vertex
i first receives the information such as e-mail, rumor, etc. τ
(0 < τ < 1) is a decay coefficient of the interest level for
the information. Furthermore, Gi(t) is the set of adjacent
vertices of vertex i at time t, θi is the threshold of vertex i,
and α is the influence of information. By gi(τ, t), the interest
level of vertex i for information decays every 3, 600 seconds.
By H(x), vertex i receives information from adjacent vertices
only if it has not reached its threshold θi.

4. Numerical experiments

In this section, we investigated the relationship between the
diffusion rate and the contact order on information diffusion
on TNs while changing the contact density. Furthermore, we
investigated the influence of the vertices with high centralities
on the diffusion rate of information by exchanging contacts.

4.1 The relationship of the contact order and information
diffusion

4.1.1 Experimental conditions

Before the experiment, we divided the time series of con-
tacts into windows with a width of d[s], then we moved the
contacts so that each window contains two contacts while
keeping the temporal order. The contact density per 20 sec-
onds is described as Eq. (4). From Eq. (4), when d is small,
the contact density ρ is large. The relationship of d and ρ is
shown in Fig. 1.

ρ = 40/d (4)

Figure 1: The relationship between d and ρ. The purple bars
represent the contacts and the numerals above the bars repre-
sent the order of the contacts.

Then, we generated TNs from contact data sets with differ-
ent ρ by changing d in the range of [20, 60]. To investigate the
relationship between the diffusion rate and the contact order,
we then generated 100 random shuffled (RS) TNs where the
contact order is randomly shuffled. The results of the RSTNs
are averaged over 100 trials.

In the experiments, we set α to 0.04, τ to 0.97, and thresh-
old θi to 0.5 for all vertices. Furthermore, we spread the in-
formation by setting the interest level of the first vertex con-
tacted to unity. The first vertex contacted refers to vertex i
when the first contact occurred is (i, j). Besides, we set the
interest level of other vertices to 0. In this paper, we define
the number of vertices whose interest level for information
once reached their thresholds by time t as n(t). The diffusion
rate at time t is defined by Eq. (5).

s(t) =
n(t)

N
, (5)

where N is the total number of people. Then, the final diffu-
sion rate of information is defined by Eq. (6).

S = s(T ), (6)

where T is the time when the last contact is observed.

4.1.2 Results

We investigated the relationship between d and S on the
TNs whose contacts are divided into windows. The results
are shown in Fig. 2. Figure 2 shows that the final diffusion
rates S decreases when the width of windows d increases in
both cases of the high school and the hospital. It suggests that
information spreads more easily, when the contact density ρ
is high. In addition, Fig. 2 also shows that the grey area
accounts for about more than 60% on the high school when
20 ≤ d ≤ 50 and more than 90% on the hospital of the
range [0, 1] of S. These results suggest that the contact order
strongly affects the information diffusion on TNs. Moreover,
it is also necessary to discuss how to change the contact order
to raise or lower S.
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Figure 2: The relationship between d and S on the TNs (α =
0.04, τ = 0.97). The dashed lines and the grey areas show
the average values of S and the ranges between the maximum
and the minimum values of S obtained from 100 RSTNs.

4.2 The relationship of the order of the contacts with high
centralities and information diffusion

Next, we investigated how to change the contact order to
raise the final diffusion rate of information S. Generally, the
vertices (people) with high centrality play an important role
in information diffusion. If the contacts of the influential ver-
tices occurred more frequently, the final diffusion rate S in-
creases. Therefore, we move the contacts of the vertices with
high centralities from the second half to the first half of the
contact data to increase the percentage of the contacts of the
vertices with high centralities in the first half of the data. We
then investigated the influence of these vertices on the final
diffusion rate of information diffusion S.

4.2.1 Experimental conditions

In this paper, we define vertices with high eigenvector cen-
tralities [10] as influential vertices in information diffusion.
The eigenvector centrality is an indicator of the property that
a vertex plays an important role in the networks, if adjacent
vertices of the vertex has high degree. Therefore, it is consid-
ered to be appropriate to measure the influence of the vertex.
In addition, we generated two networks from all contacts in
the high school and the hospital, and calculated the eigenvec-
tor centrality of each vertex.

In the experiments, we set 0.005 ≤ α ≤ 0.05 and τ =
0.97. Furthermore, we set the threshold θi to 0.5 for all
vertices. Then, we defined the contacts of the vertices with
high eigenvector centralities as high-centrality contacts. The

eigenvector centrality of contacts ξij is denoted by Eq. (7).

ξij = max{Ei, Ej}. (7)

Here, Ei indicates the eigenvector centrality of vertex i. Next,
we define M as the total number of contacts. The values of
ξij for the high school and the hospital against observation
time t are shown in Fig. 3.
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Figure 3: ξij against observation time t. Here, contacts oc-
curred in 20 seconds are plotted in the same time t, because
the contacts were observed at intervals of 20 seconds. The
blank areas mean that no contact was observed.

From Fig. 3, the contacts with high ξij exist all over the
range of time in both of the high school and the hospital.
Furthermore, the hospital has a higher percentage of high-
centrality contacts than the high school. We moved the high-
centrality contacts in the second half into the first half of the
contact data sets to increase the percentage of high-centrality
contacts. In particular, we changed the orders of contacts be-
fore the experiments as follows:

Step 1 Choose M/10 contacts randomly from the time range
of (0, T/2)

Step 2 Sort all contacts in the time range of [T/2, T ] by ξij .
Note that we sorted the contacts randomly if their val-
ues of ξij are the same.

Step 3 Choose M/10 contacts from the time range of
[T/2, T ] in the sort order of Step 2. Note that we only
choose half of the contacts of the same vertex. The
reason is that if we chose all contacts of the same ver-
tex, the vertex (person) would not contact with other
vertices (people) in the time range of [T/2, T ].

Step 4 Exchange the contacts chosen in Step 1 and Step 3.

Figure 4 shows the above procedure (Steps 1–4). Using the
above procedure (Steps 1–4), we generated 100 TNs and in-
vestigated the averaged diffusion rates.
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Figure 4: Schematic diagram of exchanging contacts. Green
bars represent the contacts randomly chosen from the first
half of the data. Blue bars represent the contacts with the
highest values of ξij in the second half of the data. The length
of bars represents the value of ξij of contacts.

4.2.2 Results

We investigated the relationship between α and S on the
original TNs and the reconstructed TNs by exchanging con-
tacts. The results are shown in Fig. 5.
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Figure 5: Relationship between α and S on the TNs. The
dashed lines and the grey areas show the average values of
S and the ranges between the maximum and the minimum
values of S in the cases of the reconstructed TNs.

From Fig. 5, we found that average values of S in the cases
of the reconstructed TNs are higher than that of the original
TN when α ≥ 0.03 in the high school. In addition, we found
that S of the reconstructed TNs are higher than that of the
original TN when α ≥ 0.015 in the hospital. Furthermore,
the values of S of the original TN are included in the grey
area where 0.02 ≤ α ≤ 0.035 in the case of high school,
and 0.005 ≤ α ≤ 0.01 in the case of hospital. These results
suggest that information is likely to spread more widely when
the contacts of vertices with high eigenvector centralities oc-
cur more frequently than usual in the first half of the contact
data sets. In other words, the contacts of high eigenvector
centrality vertices play an important role in the early phase of
the information diffusion.

5. Conclusions
In this paper, we investigated the relationship between the

diffusion rate and the contact order on information diffusion
on the TNs while changing the contact density, by applying
the proposed model of information diffusion. As a result, we
found that information is likely to spread more widely when
the contact density is high, and the contact order strongly af-
fects the information diffusion. Furthermore, we investigated
the influence of the vertices with high eigenvector centrali-
ties on the diffusion rate of information by exchanging con-
tacts. As a result, we found that information spreads more
easily when the percentage of the contacts of vertices with
high centralities is high. From these results, it suggests that
we can activate information diffusion by keeping the original
contacts and changing their occurrence order.
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Abstract

Traveling Salesman Problem is one of the NP-hard combi-
natorial optimization problems. Thus, it is important to de-
velop approximation algorithms for finding near-optimal solu-
tions. The Lin-Kernighan-Helsgaun-heuristic (LKH) is one of
the most powerful approximation algorithms, which can obtain
good approximate solutions quickly. In the case of using LKH,
LKH uses a set of edges presumed to be included in the opti-
mal solution. Namely, the performance of LKH depends on the
edge candidates. In this paper, we propose a method for gen-
erating good edge candidates, which has almost the same per-
formance as the reduction of the computational time. Numeri-
cal experiments show that the proposed method can reduce the
computation time while maintaining the solution performance
of LKH.

1. Introduction

The traveling salesman problem (TSP) is defined as follows:
given a set of n cities V and cost d(i, j) between two cities
i, and j, then find the shortest tour that visits only once all
given cities. Thus, TSP is the problem of finding a bijection
ρ : V → V that minimizes the objective function defined by

∑

v∈V

d(v, ρ(v)). (1)

where ρ(v) corresponds to the city visited after the city v.
The reason why TSPs are frequently solved is that it can be

applied for solving a wide range of real-world problems, such
as VLSI design [1]. However, TSP is one of the NP-hard prob-
lems, then it is important to develop not only an exact algorithm
but also an approximate algorithm.

The Lin-Kernighan-Helsgaun-heuristic (LKH) [2] is one of
the high-performance approximate solution methods for solv-
ing TSP. It has been reported that LKH can find good approxi-
mate solutions in a short time frame by using a set of cities and
edges that are estimated to be included in the optimal solution.
In this paper, these edges are called edge candidates.

It is true that it is effective to find good edge candidates, how-
ever, if the number of cities increases, it takes a long time to
obtain good edge candidates. In addition, the computational
time and solution performance of LKH highly depend on the
edge candidates. Therefore, it is an important issue to develop
an efficient method of generating good edge candidates.

In Ref.[3], a method for searching edge candidates has
been proposed (the conventional method). In the conventional
method, one can get multiple tours generated by Partial OP-
timization Metaheuristic Under Special Intensification Condi-
tions (POPMUSIC) [4], which can construct a tour shortly. All
edges in obtained tours by POPMUSIC are regarded as edge

candidates. However, the computational time of the conven-
tional method increases if the performance of edge candidates
would be improved.

This paper proposes a method for obtaining good edge candi-
dates by improving the conventional method by changing an al-
gorithm in the POPMUSIC. Numerical experiments show that
the proposed method improves the performance of edge candi-
dates while reducing computational time.

2. The Conventional Method

In the conventional method, 20 tours are constructed using
POPMUSIC, and all edges in the constructed tours are regarded
as edge candidates. The process of generating edge candidates
is shown in Fig. 1.

Figure 1: Process of generating edge candidates.

The algorithm of POPMUSIC is shown as follows:

1. Select na cities randomly from V to make the representa-
tive city set V ′.

2. Construct a random tour Ts for na cities in the representa-
tive city set V ′.

3. Optimize Ts using the Lin-Kernighan-heuristic[5](LK) (a
tour colored in green of Fig. 2(a)).

4. Let the tour T = Ts.
5. For T , insert v /∈ V ′ immediately after u ∈ V ′ with the

smallest d(u, v) (Fig. 2(b)).
6. For each city v ∈ V ′ (Fig. 2(c)).

(a) For Ts, let w be 2 cities away from v.
(b) Let T ′ be a subtour that starts at the city visited im-

mediately before v and ends at w in T .
(c) Fix the start and end points of T ′ and optimize it

using the 2-opt method (Fig.3).
(d) Update T , following the subtour T ′ optimized in

Step (c).

7. Terminate this algorithm (Fig.2(d)).
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(a) Representative tour Ts (Green line) im-
proved by LK. Purple dots represent all cities
V .

(b) Insert not representative cities (/∈ U ) for T
(purple line).

(c) Optimize partial tour.

(d) End of optimization.

Figure 2: A process of POPMUSIC. In this example, the in-
stance E1k.0[6] is used.

Figure 3: An example of 2-opt. If d(v1, v3) + d(v2, v4) <
d(v1, v2) + d(v3, v4), edges (v1, v2) and (v3, v4) are removed
and cities v1 and v3 and cities v2 and v4 are connected.

In Step 3, POPMUSIC optimizes Ts using the LK. Then, in
the following, we show the algorithm of LK. A procedure of
the improvement of the solution is shown in Fig.4.

1. Construct a random tour T .
2. Let the city set U = V .
3. Select a city v1 ∈ U and an edge (v1, v2).
4. Let the tour T ′ = T and i = 1, g = 0.
5. Set i = i + 1 and select v2i−1, and v2i that satisfy the

following conditions (a)∼(c). If there are no such cities,
proceed to Step 9.

(a) No overlap with v1 ∼ v2i−2.
(b) T ′ contains the edge (v2i−1, v2i).
(c) d(v2i−1, v2i−2) < d(v2i−1, v2i)

6. Delete the edges (v1, v2i−2) and (v2i−1, v2i) of T ′ and add
(v1, v2i) and (v2i−1, v2i−2).

7. Let g = g + d(v1, v2i−2) + d(v2i−1, v2i) −
d(v2i−1, v2i−2) − d(v2i, v1).

8. If g ≤ 0, return to Step 5. If g > 0, Let T = T ′ and return
to Step 2.

9. Remove v1 from U and return to Step 3. If U = {φ},
terminate the algorithm with T as the final solution.

(a) (b)

(c)

Figure 4: Improvement of the solution by LK. (a) Step 5 when
i = 1. (b) Step 5 when i = 2. (c) Step 8 (g > 0).

The computational time of POPMUSIC is shorter than other
algorithms such as LK and 2-opt. When the number of cities is
n, the algorithmic complexity of each method is O(n2.78) for
the LK and O(n2.29) for the 2-opt [3]. On the other hand, POP-
MUSIC is O(n1.56) when na = n0.56. In the following, we
discuss the derivation of the algorithmic complexity of POP-
MUSIC.
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POPMUSIC divides a large problem into small problems.
By applying the LK and the 2-opt to the divided small prob-
lems, the algorithmic complexity of the POPMUSIC is re-
duced. Now, we consider the algorithmic complexity of Steps
3 and 6 because these steps could be bottlenecks.

Let the number of representative cities na = nh(0 < h < 1).
In Step 3, POPMUSIC optimizes the representative cities using
the LK. The number of representative cities is nh, and the algo-
rithmic complexity of the LK method is O(n2.78). Therefore,
the algorithmic complexity of Step 3 is O(n2.78h).

In Step 6, POPMUSIC optimizes the subtour T ′ of the tour
T using the 2-opt. The expected value of the number of cities in
the subtour T ′ is 2n1−h, and the algorithmic complexity of the
2-opt is O(n2.29). Thus, the algorithmic complexity for opti-
mizing one subtour is O(n2.29(1−h)). Since POPMUSIC needs
to perform this operation for the number of representative cities
nh, the algorithmic complexity of Step 6 is O(n(2.29−1.29h)).

Therefore, the total algorithmic complexity of POPMUSIC
is O(n2.78h +n1+h +n(2.29−1.29h)). Finding h that minimizes
this algorithmic complexity is equivalent to finding h that min-
imizes max(2.78h, 1 + h, 2.29 − 1.29h). The relationship be-
tween h and 2.78h, 1+h, and 2.29− 1.29h is shown in Fig. 5.
When h = 0.56, max(2.78h, 1+h, 2.29−1.29h) is minimized
and the algorithmic complexity is O(n1.56).

Figure 5: Relationship between the value of h and the algorith-
mic complexity of POPMUSIC. The algorithmic complexity of
Step 3 is O(n2.78), and Step 6 is O(n2.29−1.29h).

3. Proposed Method

In Fig. 6(a), we show the relationship between na and the
number of edges which are not the optimal solution but in-
cluded in the edge candidates by the conventional method.
We used pla85900 from the benchmark instance collection
TSPLIB[1]. If the number of edges not included in the opti-
mal solution is small, the edge candidates are good. From Fig.
6(a), it is necessary to increase the number of representative
cities to obtain good edge candidates.

In Fig. 6(b), we show the relationship between the value of
h and the computational time required to generate edge candi-
dates. We used the same instance as Fig. 6(a). From Fig. 6(b),
it is necessary to reduce the number of representative cities to
reduce the computational time.

These results show that a large number of representative
cities requires a lot of computational time, while a small num-
ber of representative cities results in a large number of extra
edges. Therefore, there is a trade-off between the computa-
tional time and the performance of the edge candidates.

(a)

(b)

Figure 6: Relationships between the value of h and (a) the num-
ber of extra edges, and (b) the computational time.

In this paper, we propose a method that uses the 2-opt in-
stead of the LK used in Step 3 in POPMUSIC. The number of
representative cities na can be increased by replacing the LK
with the 2-opt.

By replacing the LK with the 2-opt, for optimizing the rep-
resentative city in Step 3, the algorithmic complexity of Step 3
becomes n2.29h. Therefore, the total algorithmic complexity of
Steps 3 and 6 is now O(n2.29h + n(2.29−1.29h)). Finding h that
minimizes O(n2.29h + n(2.29−1.29h)) is equivalent to finding
the h that minimizes max(2.29h, 2.29 − 1.29h). The relation-
ship between h and 2.29h, 2.29 − 1.29h is shown in Fig. 7.
When h = 0.65, max(2.29h, 2.29 − 1.29h) is minimized and
the total algorithmic complexity of Steps 3 and 6 is O(n1.49).

Figure 7: Relationship between the value of h and the algo-
rithmic complexity of the proposed method. The algorithmic
complexity of Step 3 is O(n2.29), and Step 6 is O(n2.29−1.29h).

4. Numerical Experiments

To compare the performance of the conventional method and
the proposed method, we used the gap and the computational
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time. In this experiment, we used the benchmark instance col-
lection DIMACS Challenge [6]. Most of the optimal solution
of the DIMACS challenge instances are not obtained. Then, the
gap is defined as follow:

Gap[%]=
(Obtained solution)−(Known best solution)

(Known best solution)
×100. (2)

Table 1 shows results of the numerical experiments. The first
column represents the instance name, and the second column
represents the number of cities. The third and fourth columns
provide the gaps of the conventional and proposed methods.
The fifth column represents the ratios of the conventional and
proposed methods. Then, the sixth to the eighth columns rep-
resent the calculation time of both methods and their ratios.
Table 1 shows no significant difference between the gaps in
these methods. However, the computational time of the pro-
posed method is reduced. These results indicate that the pro-
posed method generates edge candidates with almost the same
performance but reduces the computational time.

Table 1: Results of performance.
Gap(%) Computational time(s)

The number Conv. Prop. Ratio Conv. Prop. Ratio
Instance of cities (A) (B) (B/A) (C) (D) (D/C)
E10k.0 10,000 0.081 0.077 0.951 69.66 49.29 0.708
E31k.0 31,623 0.13 0.13 1.000 392.60 289.42 0.737
E31k.1 31,623 0.77 0.76 0.987 395.09 288.56 0.730
E100k.0 100,000 0.82 0.84 1.024 2184.67 1580.14 0.723
E100k.1 100,000 0.17 0.19 1.118 2175.38 1571.78 0.723
E316k.0 316,228 0.19 0.21 1.105 11398.96 8541.49 0.749

5. Discussion

We investigated the detail of the computational time. Table
2 represents the time of generating edge candidates and cal-
culating instances by LKH. For small-size instances, the pro-
posed method takes less time than the conventional method
both for generating edge candidates and conducting LKH. On
the other hand, for large-size instances, the proposed method
is inferior to generate edge candidates. However, the pro-
posed method significantly reduces the computational time in
LKH. As a result, the total computational time of the proposed
method is shorter than that of the conventional method. These
results show that the edge candidates generated by the proposed
method can reduce the computational time of LKH.

Table 2: Results of computational time.
Generating time of Computational time
edge candidate (s) of LKH(s)

The number Conv. Prop. Ratio Conv. Prop. Ratio
instance of Cities (A) (B) (B/A) (C) (D) (D/C)
E10k.0 10,000 43.94 26.72 0.598 25.72 22.57 0.869
E31k.0 31,623 201.76 149.62 0.742 190.84 139.80 0.733
E31k.1 31,623 201.49 148.76 0.738 193.60 139.80 0.724
E100k.0 100,000 844.62 837.11 0.991 1340.05 743.03 0.554
E100k.1 100,000 837.27 827.13 0.988 1338.11 744.65 0.556
E316k.0 316,228 3575.71 4734.92 1.324 7823.25 3806.57 0.487

Next, we also investigated the number of edge candidates
and the number of edge candidates included in the optimal so-
lution. We used the benchmark instance collection TSPLIB
[1]. If the number of the edge candidates is small and the
edge candidates include many optimal edges, we can regard the
edge candidates as having a good performance. The results are
shown in Table 3. The proposed method maintains the number
of edges in the optimal solution. However, the method reduces
the total number of edges for the large-size instances compared

to the conventional method. It indicates that for large-size in-
stances, the proposed method adequately removes extra edges
that should not be included in the optimal solution.

Table 3: Evaluation of edge candidates.
Total number of The number of edges
edge candidates included in the optimum

The number Conv. Prop. Ratio Conv. Prop. Ratio
Instance of cities (A) (B) (B/A) (C) (D) (D/C)
pr2392 2,392 7,831 9,096 1.162 2,388 2,385 0.999
d15112 15,112 59,038 63,450 1.075 15,038 15,087 1.003
pla33810 33,810 146,022 133,363 0.913 33,748 33,717 0.999
pla85900 85,900 446,016 346,183 0.776 85,807 85,770 1.000

6. Conclusion

In this paper, we propose a method for generating good edge
candidates for obtaining approximate solutions. Numerical ex-
periments show that the proposed method can reduce the com-
putational time compared to the conventional method.

The conventional and the proposed methods use 20 tours to
generate edge candidates. The performance of the edge candi-
dates is expected to depend on the number of tours used. It is
an important future work to investigate an optimal value of the
number of tours.

This research is partially supported by the JSPS Grant-in-
Aids for Scientific Research (No. JP15KT0112, JP17K00348,
and JP20H00596).
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Abstract– Hypertension is one of the widespread 
cardiovascular system disorders, which may cause various 
health complications.  Hypertension can be diagnosed by 
the blood pressure (BP) measurement; however, 
conventional cuff-based devices cannot be used for 
continuous health monitoring. In recent studies, 
photoplethysmogram (PPG) was applied for cuff-less BP 
estimation. This PPG-based technique has great potential 
for application in the wearable devices for continuous real-
time health monitoring and can be used for early 
identification of hypertension condition. Unlike the case of 
the clinical settings, real-time health monitoring by the 
PPG recorded by the wearable devices may require 
operating with the short PPG recordings.  The PPG 
dynamics is highly complex, and the methods of nonlinear 
time series analysis can be efficiently used for its analysis. 
This data-driven study aimed to investigate the possibility 
of a recurrence quantification analysis application for the 
detection of hypertension conditions in short-recorded 
PPG signals. The results demonstrated that the mean 
diagonal line length, maximal diagonal line length, and the 
trapping time calculated from the recurrence phot can be 
potentially useful for differentiation between normal, 
prehypertension, stage 1 and 2 hypertension cases. 

 
1. Introduction 
 

Human photoplethysmogram (PPG) is one of the 
noninvasively measured biological signals widely applied 
to health monitoring. It is well known that PPG carries 
rich information on the performance of the cardiovascular 
system [1]. The heart rates and oxygen estimation have 
been main PPG applications for decades, and recent 
studies demonstrated that PPG can also be used for cuff-
less blood pressure (BP) estimation [2]. High blood 
pressure or hypertension is the globally spread 
cardiovascular system disorder, which depends on its 
category may be potentially harmful to health, as well as 
lead to or worsen other cardiovascular system diseases. 
Timely identification of hypertension conditions is an 
important issue. Continuous real-time health monitoring 
by wearable devices, such as smartwatches, could be its 
possible solution. However, the number of issues naturally 
arises when the PPG measured by the wearable device is 
used. One of them is that unlike the PPG measured in 
clinical settings, where the measurement protocol and 

devices are unified, the wearable devices, that are the 
most promising in terms of health monitoring, have a wide 
range of device setups and the types of the PPG used. To 
address this issue one may need to rely on the essential 
characteristics of the PPG signal dynamics. The most 
commonly used NIR and green light PPGs are known to 
have chaotic dynamics [3-5]; therefore many studies have 
been conducted towards the identification of various 
physiological and mental health disorders by the nonlinear 
time series analysis of the PPG signals [3, 6, 7], that can 
reveal its underlying dynamical characteristics. 
Recurrence quantification analysis (RQA) [8] is one of 
these methods [9]. 

Another important issue is that real-time health 
monitoring by signals continuously recorded during daily 
activities may require to operate with short recordings, as 
the PPG signal may be corrupted by the motion artifacts, 
presence of measurement noise, etc.  

Taking the above-mentioned issues into consideration, 
this data-driven study aims to investigate whether the 
RQA is effective for the identification of the differences in 
the dynamics of the short recorded PPGs obtained from 
hypertension condition subjects in comparison with 
healthy subjects’ PPGs.   

 
2. Data 
 

In this study, the short-recorded photoplethysmogram 
database for blood pressure monitoring [10] was utilized. 
Each dataset was recorded for 2.1s with sampling 
frequency 1 kHz. Detailed experimental protocol, 
database description, its availability and data quality 
check information can be found in [11].  

For this study data of subjects with normal, 
prehypertension (preH), stage 1 hypertension (S1H), stage 
2 hypertension (S2H) records, and with no records of 
diabetes, cerebral infarction, and cerebrovascular disease 
were selected.  

It is well-known that the PPG data may significantly 
change with age [12]. To reduce influence of the subjects’ 
age, among the 219 subjects (age range: 21-86) datasets 
provided in the database, the data corresponding to the 
subjects over 45 years old were chosen for this study. 
Used data age range, the total number of datasets (N), 
average BP for each PPG group are summarized in table 1.   
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Table 1. Summary of hypertension groups records 

Hypertension  N  Age Average 
BP, mmHg 

Normal  49 45-75 110/64 
Prehypertension 73 45-84 130/72 
Stage 1 hypertension 31 46-77 148/82 
Stage 2 hypertension 20 45-80 168/89 

 
A typical example of the raw data from normal and 

S2H group is shown in Fig. 1. 

 
Fig. 1. A typical example of unprocessed PPG signal for 
normal (blue line) and stage 2 hypertension (red line) 
subject.   
 
3. Results 
 
3.1. Recurrence plot 
 

The recurrence plot was calculated for each dataset. 
Based on the previous studies [4, 5], the applied 
embedding dimension was chosen equal to 4. Fig. 2 
demonstrates an example of the obtained recurrence plots 
corresponding to the normal, preH, S1H, and S2H data.   

 
3.2. Recurrence Quantification Analysis (RQA) 
 

The RQA was applied to the calculated recurrence plots 
to get the quantitative characteristics of PPGs underlying 
dynamics. The RQA was conducted by the MATLAB 
CRP toolbox [8]. The following indexes were calculated: 
recurrence rate (RR), determinism (DET), mean diagonal 
line lengths (L), maximal diagonal line lengths (Lmax), 
laminarity (LAM), trapping time (TT), and maximal 
vertical line lengths (Vmax). The mean values of these 
indexes for each group are shown in table 2. Time series 
which DET values were below 0.9 were omitted from the 
study due to the possibility of significant noise 
contamination. 

First, a one-factor ANOVA test was applied to each 
index to test the null hypothesis of equal means for four 
hypertension groups. The null hypothesis was confirmed 
for the RR and DET indexes; therefore, the difference in 
the mean values of these indexes is not significant; for 
other indexes the null hypothesis was rejected. 

 
Fig. 2. An example of recurrence plot for the PPG signal 
corresponding to the (a) normal, (b) prehypertension, (c) 
stage 1 hypertension and (b) stage 2 hypertension subject.   
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Table 2. Mean values of calculated RQA indexes  
  Normal PreH S1H S2H 

RR 0.15 0.15 0.15 0.16 
DET 0.98 0.98 0.98 0.99 

L 27.44 25.67 25.09 28.46 
Lmax 1600.78 1684.16 1742.39 1799.00 

ENTR 2.98 2.94 2.93 3.03 
LAM 0.99 0.99 0.99 1.00 

TT 32.28 31.19 30.72 34.05 
Vmax 32.28 31.19 30.72 34.05 

 
 T-test was applied to the rest of the RQA indexes to 

test the null hypothesis on the equal means between pairs 
of different hypertension groups. The results demonstrated 
that none of the applied indexes could differentiate 
between S1H and S2H groups. For the following indexes 
and pairs of groups the null hypothesis was rejected with 
significance level 0.05:    
x normal vs. preH: L, Lmax, ENTR, LAM, TT, Vmax, 
x normal vs. S1H: L, Lmax, TT, 
x normal vs. S2H: L, Lmax, ENTR, LAM, TT, 
x preH vs. S1H: L, Lmax, ENTR, LAM, TT, 
x preH vs. S2H: L, Lmax, ENTR, LAM, TT. 
 
 
4. Discussion  
 

The aim of this study was to investigate whether the 
RQA indexes can be applied to differentiate the short-
recorded PPG data obtained from subjects with normal, 
prehypertension, stage 1 and stage 2 hypertension.  As 
seen from the typical examples of time series (Fig. 1) and 
different hypertension groups recurrence plots (Fig. 2), no 
significant qualitative difference can be observed. 
However, RQA results demonstrated that significant 
differences can be found in characteristics of the PPGs 
corresponding to normal, prehypertension, and 
hypertension data. The L, Lmax, ENTR, LAM, and TT 
RQA indexes were found to be applicable to identify 
differences in the dynamics of studied data. However, no 
statistical differences were observed for the RR and DET 
indexes; and none of the applied indexes was able to 
differentiate between stage 1 and 2 hypertension groups.   

It worths noticing that most of the PPG datasets for all 
groups are deterministic as follows from the results of 
DET calculation. 

 
5. Conclusion 

 
Results of this data-driven study demonstrated that the 

RQA measures, namely, mean diagonal line lengths, 
maximal diagonal line length, and the trapping time can 
potentially be applied for identification of the PPGs 
corresponding to the subjects with hypertension disorder. 

This result can contribute to the area of real time health 
monitoring and early identification of hypertension.  
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ϩδεςΟοΫࣸ૾ͷΧΦεԠͱϊΠδʔͳपظղͷผ
Discrimination between chaotic response and noisy periodic response of the logistic map

ؙۚ ੜࢤ † Nina Sviridova†† ౡా ༟ ††† ޱ ప †,††

† ౦ژཧՊେֶେֶӃ Պڀݚֶ †† ౦ژཧՊେֶ ෦ֶ ††† େֶେֶӃۄ࡛ ཧڀݚֶՊ

1 ͡Ίʹ
ϦΧϨϯεϓϩοτ (RP) [1]ɼ؍ଌ͞Εͨྻܥ࣌ͷ

ৼΔ͍Λ Խ͢Δख๏Ͱ͋Γɼࢹը૾ͱՄࠇͷനݩ࣍2
ͦͷը૾ʹݱΕΔϓϩοτύλʔϯ͔Βɼྻܥ࣌ͷಛੑΛ
ఆੑతʹѲ͢Δ͜ͱ͕Ͱ͖Δɽͨͩ͠ɼRP্ͷࠇըૉ
ͷׂ߹ɼઃఆͨ͠ᮢʹΑͬͯҟͳΔͨΊɼᮢॏཁ
ͳύϥϝʔλͰ͋ΔɽզʑطʹᮢΛมԽͤͨ͞ͱ͖ͷ
RPͷมԽΛఆྔతʹௐΔ͜ͱͰɼඇઢྻܥ࣌ܗͷಛੑ
Λଊ͑Δख๏ΛఏҊ͍ͯ͠Δ [2]ɽఏҊख๏Ͱɼ·ͣɼᮢ
ͷҟͳΔෳͷ RPΛ࡞͢Δɽ࣍ʹɼͦΕΒʹରͯ͠
ఆྔԽղੳؼ࠶ (RQA) [3]ͷҰͭͰ͋ΔDETΛࢉग़ͯ͠
RPͷมԽΛఆྔԽ͢Δɽᮢ ΛมԽͤ͞Δ͜ͱͰಘΒΕΔ
DETͷਪҠΛɼྻܥ࣌σʔλͷಛੑͱͯ͠ଊ͑Δख
๏͕ఏҊख๏Ͱ͋ΔɽຊߘͰɼ͔ܥֶྗࢄΒੜ͡Δܾ
ఆతΧΦεͱϊΠδʔͳपظղͷಛੑΛɼఏҊख๏ʹΑ
Γผ͢Δ͜ͱΛతͱ͢Δɽͨͩ͠ຊߘͰɼϊΠδʔ
ͳपظղΛɼ҆ఆͳपظղʹμΠφϛΧϧϊΠζ͕ՃΘͬ
ͨԠͱఆٛ͢Δɽ۩ମతʹɼܾఆతඇઢܥֶྗܗͰ
͋ΔϩδεςΟοΫࣸ૾ [4]ͱɼ͜ΕʹμΠφϛΧϧϊΠ
ζ͕ҹՃ͞ΕͨϊΠδʔϩδεςΟοΫࣸ૾ [5]͔Βੜ
͞ΕΔྻܥ࣌ΛରʹɼఏҊख๏ͷ༗ޮੑΛݕ౼͢Δɽ

2 ఏҊख๏
·ͣɼղੳରͱ͢Δྻܥ࣌σʔλ͍ͣΕ ͷݩ࣍1

࡞ଌͰ͖ΔͱԾఆ͢ΔͨΊɼRPͷ؍৴߸ͷΈΛྻܥ࣌
ʹඞཁͳঢ়ଶۭؒΛߏ࠶͢Δख๏ͱͯ͠Ԇ࠲ඪܥͷ
มख๏Λ༻͍Δ [6,7]ɽ࣍ʹɼߏ࠶ঢ়ଶۭؒͷ 2ؒ
͢Δ࡞ใΛͱʹRPΛڑ [1]ɽ͜ͷͱ͖ɼᮢ࠶
ঢ়ଶۭؒͷߏ 2ؒڑͷ࠷খ͔Β࠷େ·Ͱͷ
ʹɼ0 ≤ θ ≤ 1ͷׂ߹Λֻ͚ͯมԽͤ͞ɼ2ؒڑ͕ᮢ
ҎԼͷ߹ͷΈɼରԠ͢ΔըૉΛ͘͢ࠇΔɽͦͷޙɼ֤
ᮢͰ࡞ͨ͠RPΛɼܾఆੑࢦඪͰ͋ΔDET [3]ʹΑ
ΓఆྔԽ͢ΔɽDETɼ(45◦ ͷର֯ઢʹฏߦͳࣼΊઢΛ
(ըૉͷ૯ࠇ)/(ըૉͷ૯ࠇ͢Δߏ ͱఆٛ͞ΕΔɽ͢
ͳΘͪɼDET RP্ʹݱΕΔࣼΊઢͷׂ߹Λද͢ɽ࠷
ɼᮢͱʹޙ DETͷ͔ؔΒྻܥ࣌ͷಛੑΛผ͢Δɽ

3 ࣮ݧ
ຊߘͰɼϩδεςΟοΫࣸ૾ [4]͔Βੜ͞ΕΔܾఆ

తΧΦεԠͱɼϊΠδʔϩδεςΟοΫࣸ૾ [5]͔Β
ੜ͞ΕΔϊΠδʔͳपظղԠΛରʹɼఏҊख๏ʹ
ΑΔྻܥ࣌ͷಛੑผ͕ՄͰ͋Δ͔Λௐࠪͨ͠ɽ͜͜
ͰɼϊΠδʔϩδεςΟοΫࣸ૾ͱɼxt+1 = axt(1 −
xt) + σ(xt)εt Ͱఆٛ͞ΕͨɼϩδεςΟοΫࣸ૾ʹӈล
ୈೋ߲ͷࢄෆۉҰੑͷμΠφϛΧϧϊΠζ߲͕ՃΘͬ
ͨϞσϧͰ͋Δɽͨͩ͠ɼxt ࠁ࣌ࢄ t ʹ͓͚Δঢ়ଶ
ɼaذύϥϝʔλɼεt  (−0.5, 0.5) ͷҰ༷ʹ
ै͏֬มͰ͋Γɼσ(xt) σ(xt) = 0.5 × min{axt(1 −
xt), 1−axt(1−xt)}ͱఆٛ͞ΕΔɽܾఆతΧΦεԠɼ
a = 3.57, 3.69, 3.694, 3.6916, 4ΛϩδεςΟοΫࣸ૾ʹ
༩͑ͯੜͨ͠ɽରͯ͠ϊΠδʔͳपظղԠɼϩδε
ςΟοΫࣸ૾ʹ͓͍ͯ 2k (k = 1, . . . , 7) पظղͱͳΔύϥ

ϝʔλ a = 3.4, 3.45, 3.55, 3.565, 3.569, 3.5698, 3.5699
ΛϊΠδʔϩδεςΟοΫࣸ૾ʹ༩͑ͯੜͨ͠ɽ֤ܥ࣌
ྻաঢ়ଶͱͯ͠ 100ল͍ͨޙͷ 1, 000ͱ͠ɼ࠶
ݩ࣍ঢ়ଶۭؒͷߏ 3ɼΕؒ࣌ 1ͱͨ͠ɽॳظ
ͱཚγʔυΛมͯ͠ߋ 100ຊͷྻܥ࣌Λੜͯ͠ಘͨɼ
100ճฏۉͷ DETͷਪҠΛਤ 1ʹࣔ͢ɽԣ࣠ର
࣠ͰᮢΛఆΊΔύϥϝʔλ θɼॎ࣠DETΛࣔ͢ɽਤ 1

 0

 0.2

 0.4

 0.6

 0.8

 1

10-3 10-2 10-1 100

D
ET

(θ
)

θ

chaotic (a=3.5700)
chaotic (a=3.6000)
chaotic (a=3.6940)
chaotic (a=3.9160)
chaotic (a=4.0000)

noisy periodicity (a=3.4000)
noisy periodicity (a=3.4500)
noisy periodicity (a=3.5500)
noisy periodicity (a=3.5650)
noisy periodicity (a=3.5690)
noisy periodicity (a=3.5698)
noisy periodicity (a=3.5699)

ਤ 1: ύϥϝʔλ θ ʹର͢Δ DETͷਪҠɽ

ΑΓɼΧΦεύϥϝʔλΛ༩͑ͨϩδεςΟοΫࣸ૾ͷԠ
ʹର͢Δ DETͷਪҠ (࣮ઢ֯ࡾҹ) ͱɼपظύϥ
ϝʔλΛ༩͑ͨϊΠδʔϩδεςΟοΫࣸ૾ͷԠʹର͢
Δ DETͷਪҠ (ഁઢؙҹ) ໌Β͔ʹҟͳΔ͜ͱ͕
͔ͬͨɽܾఆతΧΦεԠͰ͋ΕɼᮢʹΑΒͣߴ
͍ܾఆੑΛ༗͢Δͷʹରͯ͠ɼϊΠδʔͳपظղԠͰ
ɼᮢ͕େ͖͘ͳΔʹͭΕͯɼDETͷ͕૿Ճ͢Δ
͔ܥֶྗࢄಘΒΕͨɽैͬͯɼఏҊख๏ʹΑͬͯɼ͕
Βੜ͡ΔܾఆతΧΦεͱϊΠδʔͳपظղԠͷผ
ՄͰ͋Δ͜ͱ͕໌Β͔ͱͳͬͨɽ

4 ·ͱΊ
ຊߘͰɼRPͷᮢΛมԽͤ͞Δ͜ͱͰಘΒΕΔܾఆ

ੑࢦඪ DET ͷਪҠ͔ΒɼܾఆతΧΦεͱपظ
ղʹμΠφϛΧϧϊΠζ͕ՃΘͬͨϊΠδʔͳपظղͷ
ಛੑผ͕ՄͰ͋Δ͔Λௐࠪͨ͠ɽ݁ՌΑΓɼDETͷ
ਪҠ͕ͦΕͧΕͰҟͳΔͨΊɼఏҊख๏ɼྗࢄ
ղظΒΕΔܾఆతΧΦεԠͱϊΠδʔͳपݟͰܥֶ
Ԡͷผʹ༗ޮͰ͋Δ͜ͱ͕͔ͬͨɽͳ͓ɼຊڀݚ
ͷҰ෦ JSPSՊݚඅ (Nos. JP17K00348, JP18K18125,
JP19K14589, JP20H00596) ͷԉॿΛड͚ͯߦΘΕͨɽ
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Abstract A recurrence plot is one of the most effective nonlinear time series analysis methods for qualitatively understanding

a nonlinear dynamical system. Furthermore, recurrence quantification analysis methods can be used to quantitatively evaluate

the recurrence plot. In this report, we extract the properties of nonlinear time series from changes in quantification indices

obtained by varying plot density on the recurrence plot and its extension methods, iso-directional recurrence plot and iso-di-

rectional neighbors plot. The experimental results suggest that the proposed method can discriminate the properties between

deterministic chaotic time series and noisy periodic time series, and that it can also discriminate deterministic chaotic time

series and the time series with colored noise such as a fractional Brownian motion.
Key words Recurrence Plot, Iso-Directional Recurrence Plot, Iso-Directional Neighbors Plot, Density of RP, Recurrence
Quantification Analysis, and Extraction of Property for Nonlinear Time Series

1.  ͡ Ί ʹ

ͷඪͷڀݚղੳʹؔ͢Δྻܥ࣌ 1 ͭɼ͋ΔγεςϜ͔

ΒಘΒΕΔෳࡶͳྻܥ࣌ͷ༧ଌͱ੍ޚͰ͋Δ [1], [2]ɽ͍ߴ༧ଌ

ਫ਼੍ޮޚΛ࣮͢ݱΔͨΊʹɼγεςϜͷಛੑΛଊ͑

ͨϞσϧͷߏங͕ٻΊΒΕɼྑ͍ϞσϦϯάΛ͏ߦʹɼର

γεςϜͷߏͷཧղ͕ॏཁͱͳΔɽຊߘͰɼΞτϥΫλͷ

Խ͢ΔͨΊʹɼϦΧϨϯεϓϩοτ֮ࢹΛߏ (recurrence plot,

RP) [3], [4] ͱݺΕΔख๏Λ༻͍ΔɽRP ɼܾఆతඇઢܗ

లใΛൃؒ࣌ΛɼͷΞτϥΫλ্ͷ֤ؒͷ૬ؔؔܥֶྗ

— 1 —- 7 -
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อ࣋͠ͳ͕Β Խ͢Δख๏Ͱ͋Δɽ͜ͷ֮ࢹը૾ͱݩ࣍2 ࣍2

ΠϯσοΫεʹରԠؒ࣌͠ͷΞτϥΫλͷݩը૾ɼ͕྆࣠ݩ

ͨਖ਼ํܗͷը૾Ͱ͋Δɽըૉ (i, j)ɼࠁ࣌ iͱ jͷঢ়ଶ͕ޓ

͍ʹۙʹଘ͢ࡏΔ߹ 1ɼଘ͠ࡏͳ͍߹ 0ͱ͢Δɽ͜

ΕʹΑΓɼ0ͱ 1Ͱߏ͞ΕΔ ͷݩ࣍2 2ը૾͕࡞͞Εɼ

͜ͷը૾ͷ͜ͱΛ RPͱݺͿɽRPඇఆৗੑͷݕग़ʹ༗ޮͰ

͋Δͱ͞Ε͍ͯΔ [3]ɽ·ͨɼRPʹΞτϥΫλʹؔ͢Δτϙ

ϩδΧϧͳใؚ͕·ΕΔͱ͑ߟΒΕ͍ͯΔ [5]ɽRP্Ͱ͍

͔ͭ͘ͷදతͳύλʔϯ [6]͕ଘ͠ࡏɼͦΕΒ͔Βྻܥ࣌ͷ

എޙʹજΉྗֶܥͷಛੑΛѲ͢Δ͜ͱ͕Ͱ͖Δɽ͜ΕΒͷཧ

༝͔ΒɼRPࡏݱɼ࠷༗ྗͳඇઢྻܥ࣌ܗղੳख๏ͷ 1ͭ

ͱͳ͍ͬͯΔɽ

·ͨɼRP ͷ֦ுख๏ଟ͘ఏҊ͞Ε͍ͯΔ [6]ɽྫ͑ɼ

ΧΦεྻܥ࣌ղੳʹ͓͍ͯɼΞτϥΫλ্ͷͷ͚ۙؔͩ

Ͱͳ͘ɼيಓϕΫτϧͷใΛ༻͍Δ͜ͱॏཁͰ͋Δɽͦ͜

ͰɼΞτϥΫλ্ͷ͕ͲͷํʹભҠ͢Δ͔ͱ͍͏يಓϕΫ

τϧͷใΛྀͨ͠ߟ RPͷ֦ுख๏ͱͯ͠ɼಉํੑϦΧϨ

ϯεϓϩοτ (iso-directional recurrence plot, IDRP) [7]͕ఏҊ͞

Ε͍ͯΔɽRP͕ΞτϥΫλ্ͷ֤ؒͷ͕ۙؔೝΊΒΕ

Δ߹ʹϓϩοτ͢Δख๏Ͱ͋Δͷʹରͯ͠ɼIDRPɼΞτ

ϥΫλ্ͷ֤ؒͷਪҠϕΫτϧͷ͔ࠩΒಉํ͕ੑೝΊΒΕ

Δ߹ʹϓϩοτ͢Δख๏Ͱ͋Δɽ͞ΒʹɼRP ͱ IDRP Λ༻

͍ͯɼ͔ۙͭಉํͰ͋ΔؔΛՄࢹԽ͢Δಉํతۙϓ

ϩοτ (iso-directional neighbors plot, IDNP) [7]ఏҊ͞Ε͍ͯ

Δɽ֬తͳ͔ྻܥ࣌Β࡞ͨ͠ IDNP্ʹɼ͔ۙͭಉ

ͱͳΔϓϩοτ͕গͳ͘ͳΔͱ༧͞ΕΔɽͨ͠ͷؔํ

͕ͬͯɼIDNPྻܥ࣌ͷܾఆੑݕग़ʹޮՌతͰ͋Δͱ͑ߟ

ΒΕΔ [7]ɽ

͔͠͠ͳ͕ΒɼRP IDRPɼIDNPΛద༻͢Δࡍʹɼ৻ॏ

ʹઃఆ͠ͳ͚ΕͳΒͳ͍ύϥϝʔλ͕ଘ͢ࡏΔɽRPͷ߹

ɼΞτϥΫλ্ͷҙͷ 2ؒͷڑʹରͯؒ࣌͠Πϯσο

ΫεʹରԠ͢Δըૉʹϓϩοτ͢Δ͔൱͔Λஅ͢ΔͨΊͷᮢ

͕ඞཁͱͳΔɽIDRPͷ߹ɼΞτϥΫλ্ͷҙͷ 2

͔ΒಘΒΕΔਪҠϕΫτϧؒͷࠩͷϊϧϜʹର͢Δᮢ͕ඞཁ

Ͱ͋ΔɽIDNPͷ߹ɼRPͱ IDRP্ͷϓϩοτʹԠͯ͡ϓ

ϩοτ͕ܾ·ΔͨΊɼతͳᮢଘ͠ࡏͳ͍ɽͨͩ͠ɼ

IDNPΛ࡞͢Δ͏͑ͰɼRPͱ IDRPͷᮢॏཁͳύϥϝʔ

λͰ͋Δɽ͜ΕΒͷᮢͷઃఆΛͨͬޡ߹ɼྻܥ࣌ͷಛΛ

ଊ͑Δ͜ͱ͕Ͱ͖ͳ͍߹͕͋ΔɽͦͷͨΊɼRPͷᮢͷઃ

ఆํ๏ʹ͍ͭͯͷߦ͕ڀݚΘΕ͍ͯΔ [4], [8]ʙ[11]ɽҰํͰɼ

RPͷྑ࠷ͳᮢରߏʹ͘ڧґଘ͢Δ͜ͱࣔ͞Ε͍ͯ

Δ [6], [12]ɽ·ͨɼ֤ըૉ͕ 0ͱ 1Ͱߏ͞ΕΔ ը૾Ͱݩ࣍2

ͳ͘ɼ2ؒڑΛ֤ըૉʹ༩͑ͨϦΧϨϯεྻߦʹΑΔղ

ੳํ๏ఏҊ͞Ε͍ͯΔ [13]ɽ͜ΕʹΑΓɼᮢͷઃఆΛ͢Δ

ඞཁ͕ͳ͘ͳΔͨΊɼ͋ΔΞτϥΫλʹରͯ͠ҰҙʹϦΧϨϯ

εྻߦΛ࡞͢Δ͜ͱ͕Ͱ͖Δɽ͔͠͠ɼϦΧϨϯεྻߦʹΑ

ΔఆྔԽɼRPΛఆྔԽ͢Δ͜ͱΑΓ͍ͨ͠Ίɼ2Խ͠

ͨ RPΛ༻͢Δ͜ͱ͕Ұൠతͱ͞Ε͍ͯΔ [5]ɽ

ͦ͜ͰզʑɼᮢʹΑΔ 2ԽॲཧΛͭͭ͠ࢪɼ͋Δ 1

ͭͷᮢΛ࠾༻͢ΔͷͰͳ͘ɼᮢΛมԽͤͯ͞ෳͷ RPɼ

IDRPɼIDNPΛ࡞͢Δ͜ͱͰɼྻܥ࣌ͷಛੑΛநग़͢Δख๏

ΛఏҊ͍ͯ͠Δ [14]ʙ[17]ɽ͜ΕΒͷख๏ͰɼᮢมԽʹ

͏ 2 ը૾্ʹϓϩοτ͞ΕΔͷີݩ࣍ (RP ີ) ͱ RPɼ

IDRPɼIDNP্ʹݱΕΔύλʔϯͷؔʹண͍ͯ͠Δɽͨͩ

͠ɼRPɼIDRPɼIDNP ྻܥ࣌Λ 2 Δ͜͢ը૾ͱมݩ࣍

ͱͰఆੑతʹྻܥ࣌Λղੳ͢Δख๏Ͱ͋ΔͷͰɼؼ࠶ఆྔԽղ

ੳ (recurrence quantification analysis, RQA) [6], [18], [19] ͱݺ

ΕΔख๏Λ༻͍ͯɼ͜ΕΒ ΕΔύλʔϯΛఆݱʹը૾্ݩ࣍2

ྔԽ͢ΔɽRQAͷதͰɼRP্ʹݱΕΔࣼΊઢͷׂ߹Λఆྔ

Խͨ͠ DET [6], [18]ͱݺΕΔࢦඪɼྻܥ࣌ͷܾఆੑͷࢦ

ඪͱͯ͠ΒΕ͍ͯΔɽ·ͨɼจݙ [7]ͰɼRPͱ IDRPͷϓ

ϩοτ͔Βܾ·Δܾఆੑͷࢦඪͱͯ͠ɼIDNP ͷ RP ʹର

͢Δੜ֬ى RΛఏҊ͍ͯ͠Δɽ͜ΕΒ 2ͭͷܾఆੑͷࢦඪ

Λ༻͍ͯɼRPີͷมԽʹର͢Δ DETͱ RͷਪҠ͕ಘΒ

ΕΔɽ͜ͷਪҠΛྻܥ࣌ͷಛੑͱͯ͠ଊ͑Δख๏͕ɼզʑ

͕ఏҊ͍ͯ͠Δख๏ [14]ʙ[17]Ͱ͋Δɽ

͔͠͠ͳ͕ΒɼఏҊख๏ʹ͍ͭͯɼϥϯμϜྗֶܥͷΑ͏ͳ

ܾఆͱ͕֬ࠞ͢ࡏΔܥʹର͢ΔௐࠪෆेͰ͋Δɽͦ

͜ͰຊߘͰɼఏҊख๏Λద༻͢Δ͜ͱͰɼܾ ఆతΧΦεܥ࣌

ྻͱपظԠʹμΠφϛΧϧϊΠζ͕ҹՃ͞Εͨྻܥ࣌ (पظ

+ϊΠζ)ʹ͍ͭͯɼͦΕͧΕͰҟͳΔಛੑ͕ಘΒΕΔ͜ͱΛใ

Δɽ͜Ε·Ͱʹɼ͜ΕΒ͢ࠂ 2ͭͷλΠϓͷྻܥ࣌ͷผʹɼ

ΧΦεͷੑ࣭ͷҰͭͰ͋Δظ༧ଌՄੑͱظ༧ଌෆՄੑ

Λར༻ͨ͠ผख๏͕ఏҊ͞Ε͍ͯΔ [20]ʙ[22]ɽ͜ΕΒͷख

๏Ͱɼඇઢܗ༧ଌख๏ͷ༧ଌਫ਼͕༧ଌεςοϓʹରͯ͠

ͲͷΑ͏ʹมԽ͢Δͷ͔ΛௐΔ͜ͱͰɼྻܥ࣌ͷഎޙʹଘࡏ

͢ΔγεςϜͷৼΔ͍Λਪఆ͢Δɽͨͩ͠ɼ༧ଌεςοϓ

ͱɼࠁ࣌ t ·Ͱͷ͔ྻܥ࣌Β s ઌͷ t + s ͷঢ়ଶΛ༧ଌ

͢Δࡍͷ sʹରԠ͢Δɽྫ͑ɼ༧ଌεςοϓͷ૿Ճʹ

ରͯ͠༧ଌਫ਼͕མͪΔ߹ର͕ΧΦεྻܥ࣌ɼ༧ଌਫ਼

͕༧ଌεςοϓʹґଘͤͣʹҰఆͰ͋Εपظ +ϊΠζܥ࣌

ྻͰ͋Δͱஅ͢Δख๏Ͱ͋Δ [20]ʙ[22]ɽҰํͰɼ͜ͷख๏

Ͱඇϒϥϯӡಈ (fractional Brownian motion, fBm) [23]

ͷΑ͏ͳ༗৭ϊΠζΛࣝผ͢Δ͜ͱ͍͠ͱ͑ߟΒΕΔ [2]ɽ

͜Ε fBm ͕ΧΦεͱಉ༷ʹظ༧ଌՄੑΛ༗͢ΔͨΊͰ

͋Δɽ·ͨɼ͍ڧपੑظΛͭ࣋σʔλͷ߹ผ͕͏·͘ߦ

ΘΕͳ͍͜ͱ͕͋Δ [24]ɽ͜ΕʹՃ͑ͯɼΧΦεྻܥ࣌ͱ fBm

มҐͷมԽ͕ɼΧΦظର͢Δॳʹؒ࣌ͷผʹɼ༧ଌྻܥ࣌

εͰ͋Εࢦؔతʹ֦େ͞ΕΔͷʹରͯ͠ɼfBmͰ͋Ε

ͷႈʹै͏͜ͱΛར༻ͨ͠ख๏͕ఏҊ͞Ε͍ͯΔؒ࣌ [25]ɽ

ͦ͜ͰຊߘͰఏҊख๏ʹΑΔΧΦεྻܥ࣌ͱपظ + ϊΠ

ζྻܥ࣌ͷผʹՃ͑ͯɼΧΦεྻܥ࣌ͱ fBm ͷΑ͏ͳ༗৭

ϊΠζྻܥ࣌ͷผՄͰ͋Δ͜ͱʹ͍ͭͯ߹Θͤͯใࠂ

͢Δɽ

2. ղ ੳ ख ๏

ຊߘͰɼղੳରͷ͕ྻܥ࣌ Ͱ͋Δ͜ͱΛԾఆ͢Δݩ࣍1

ͨΊɼ·ͣؒ࣌Ε࠲ඪͷมʹΑͬͯঢ়ଶۭؒΛߏ࠶

͢Δ [26], [27]ɽߏ࠶ঢ়ଶۭؒͷݩ࣍Λ mɼؒ࣌ΕΛ τͱ

ͯ͠ɼ؍ଌྻܥ࣌ xt (t = 1, . . . , n)Λࣜ (1)ͷΑ͏ʹߏ࠶ঢ়ଶ

— 2 —- 8 -

Ikeguchi Laboratory 2020(p. 79 / 188)



ۭؒϕΫτϧͱม͢Δɽ

Xt = (xt, xt+τ, . . . , xt+(m−1)τ) (1)

͜ͷͱ͖ɼt = 1, . . . ,N, N = n − (m − 1)τͱͳΔɽࣜ (1)ΑΓಘ

ΒΕΔߏ࠶ঢ়ଶۭؒΛ༻͍ͯɼ࣍ͷखॱͰ N × N ͷ ըݩ࣍2

૾ RP [3], [4]Λ࡞͢Δɽҙͷ 2 (Xi, X j)ͷϢʔΫϦου

ڑ Di, j Λࣜ (2)Ͱఆٛ͢Δɽ

Di, j = |Xi − X j| (2)

RPͷୈ (i, j)ըૉ RPi, j ɼࣜ (2)Λ༻͍ͯɼ

RPi, j =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1 (if Di, j ≤ θr)
0 (otherwise)

(3)

ͱ༩͑ΒΕΔɽࣜ (3)ͷ θr ͕ 2ؒͷۙੑΛఆΊΔᮢͰ͋

Δɽ͜͜ͰɼRP্ͷըૉ͕ 1ͷͷ (i, j)ͷू߹Λ MRP ͱ

͢Δɽ

ɼIDRPʹ࣍ [7]ʹ͍ͭͯઆ໌͢ΔɽRP͕ 2ؒͷۙؔ

ΛՄࢹԽ͢Δख๏Ͱ͋Δͷʹରͯ͠ɼIDRP 2ؒͷيಓϕ

ΫτϧͷࠩͷϊϧϜΛͱʹಉํੑΛՄࢹԽ͢Δख๏Ͱ͋Δɽ

͢ͳΘͪɼࣜ (2)Λࣜ (4)ʹ͑Δ͜ͱͰɼ(N − T )× (N − T )ͷ

ը૾ݩ࣍2 IDRPΛ࡞Ͱ͖Δɽ

DVi, j = |(Xi+T − Xi) − (X j+T − X j)| (4)

͜͜ͰɼT يಓϕΫτϧͷਪҠؒ࣌Ͱ͋ΔɽIDRPͷୈ (i, j)

ըૉ IDRPi, j ɼࣜ (4)Λ༻͍ͯɼ

IDRPi, j =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1 (if DVi, j ≤ θd)

0 (otherwise)
(5)

ͱ༩͑ΒΕΔɽࣜ (5) ͷ θd ͕ 2 ؒͷಉํੑΛఆΊΔᮢ

Ͱ͋Δɽ͜͜ͰɼIDRP্ͷըૉ͕ 1ͷͷ (i, j)ͷू߹Λ

MIDRP ͱ͢Δɽ

IDRPͰҙͷ 2 Xi, X j ͷൃؒ࣌లͷਪҠ͕͚ۙΕϓ

ϩοτ͞ΕΔͨΊɼͦΕΒ͕͍ޓʹۙͰ͋Δ͔Ͳ͏ྀ͔ߟ

͞Εͳ͍ɽͦ͜ͰɼRPͱ IDRPΛΈ߹ΘͤΔ͜ͱʹΑͬͯɼ

ಉํ͔ۙͭͱͳΔؔΛՄࢹԽ͢Δ IDNP [7] Λ࡞͢Δ

͜ͱ͕Ͱ͖ΔɽIDNP্ͷըૉ 1ͷͷ (i, j)ͷू߹ MIDNP

ɼू߹ MRP ͱू߹ MIDRP ͷڞ௨ू߹ͱͯࣜ͠ (6)ͷΑ͏ʹఆ

ٛ͞ΕΔɽ

MIDNP = MRP ∩ MIDRP (6)

͕ͨͬͯ͠ɼIDNPͷୈ (i, j)ըૉ IDNPi, j ɼ

IDNPi, j = RPi, j × IDRPi, j (7)

ͱఆ·Δɽͭ·Γɼҙͷ 2 Xi, X j ؒͷڑ͕ θr ҎͰ͋

Γɼ͔ͭɼਪҠϕΫτϧؒͷࠩͷϊϧϜ͕ θd ҎͷಉํੑΛ

༗͢ΔؔͷΈ͕ IDNP্ʹϓϩοτ͞ΕΔɽ·ͨɼIDNPͷ

αΠζɼIDRPͱಉ༷ʹ (N − T ) × (N − T )ͱͳΔɽ

3. ఆྔԽࢦඪ

ΒಘΒΕΔ͔ྻܥ࣌ RPɼIDRPɼIDNPΛఆྔԽ͢ΔͨΊʹɼ

ຊߘͰ 2 ͭͷఆྔԽࢦඪΛ༻͍Δɽ·ͣҙͱͯ͠ɼRP

ͷର֯ઢ্ͷըૉඞͣ 1ʹͳΔͨΊɼҎԼͰड़ΔఆྔԽࢦ

ඪʹྀ͓͍ͯ͠ߟͳ͍͜ͱ͕ҰൠతͰ͋Δ [6]ɽ·ͨɼ͜ͷ

ର֯ઢ LOI (line of identify)ͱݺΕΔɽ

ຊߘͰѻ͏ఆྔԽࢦඪͷ 1ͭɼDET (determinism) [6], [18]

ͱݺΕΔܾఆੑΛධՁ͢ΔࢦඪͰ͋ΔɽDETɼRP্ʹ

ϓϩοτ͞ΕΔͷ૯ʹରͯ͠ɼRP্ʹग़͢ݱΔ͖ 45

ͷࣼΊઢ (LOIʹฏߦͳࣼΊઢ)Λߏ͢Δͷׂ߹ΛఆྔԽ͠

,ͳࣼΊઢɼXiߦඪͰ͋ΔɽLOIʹฏࢦͨ X j Ͱࠁ࣌ͷ͕࣍

࿈ଓͯۙ͠ʹཹ·Δ߹ʹݱΕΔɽ͜Εɼۙؔʹ͋Δ

2͕࣍ͷࠁ࣌ʹ͓͍ͯۙؔΛอͪଓ͚Δͱ͍͏ܾఆ

తͳγεςϜͷੑ࣭Λ RP্ʹө͍ͯ͠Δɽղੳରྻܥ࣌

͕ܾఆతͰ͋Δ߹ʹ DET ͍ߴΛࣔ͢ʹ͋Δ [6],

[18]ɽࣼΊઢΛఆྔԽ͢Δʹ͋ͨͬͯɼRP্ͰݱΕΔ͞ lͷ

ࣼΊઢͷຊ P(l)Λɼࣜ (8)Ͱఆٛ͢Δɽ

P(l) =
N−l+1∑

i=1

N−l+1∑

j=i+1

(1 − RPi−1, j−1)(1 − RPi+l, j+l)
l−1∏

c=0

RPi+c, j+c (8)

͜͜ͰɼRP LOIʹ͍ͭͯରশͳը૾ͱͳΓɼRPi, j = RPj,i ͱ

ੑ͕͍ͨߴΊɼࣜ (8)Ͱ i < jͷൣғͰ P(l)Λࢉग़ͯ͠

͍Δɽ·ͨɼࣜ (8)Λ༻͍ͯ RP্ͷࣼΊઢΛ͑ΔͨΊʹɼ

RP0, j = 0 ( j = 1, . . . ,N + 1)ɼRPi,N+1 = 0 (i = 1, . . . ,N)ͱఆٛ͠

ͯɼRPͷԑ (RP1, jɼ·ͨɼRPi,N)ʹଘ͢ࡏΔϓϩοτʹΑͬ

͞ΕΔࣼΊઢΛΧϯτͰ͖ΔΑ͏ʹ͢Δඞཁ͕͋Δɽߏͯ

͍ͯ༺ɼP(l)Λʹ࣍ DETΛࣜ (9)Ͱࢉग़͢Δɽ

DET =

N−1∑

l≥lmin

lP(l)

N−1∑

l≥1

lP(l)

(9)

͜͜Ͱɼlmin ࣼΊઢͷ࠷খͷ͞Λද͠ɼຊߘͰ lmin = 2ͱ

͢Δɽ·ͨɼࣜ (9) தͷ
∑
ͷ্ݶΛ N − 1 ͱ͢Δͷ LOI Λ

ͳ͍ͨΊͰ͋ΔɽDETྀ͠ߟ RPͷΈͳΒͣɼIDRPɼIDNP

͔Β࡞ͨ͠ը૾͔Βࢉग़͢Δ͜ͱ͕ՄͰ͋Δɽͨͩ͠ɼ

IDRPɼIDNP ͔Β DET Λࢉग़͢Δࡍɼࣜ (8), (9) தͷ N Λ

N−T ͱ͢Δɽ֤ख๏͔ΒٻΊΒΕΔ DETΛͦΕͧΕɼDETRPɼ

DETIDRPɼDETIDNP ͱ͢Δɽ

͏ 1ͭͷఆྔԽࢦඪɼੜ֬ى R [7]ͱݺΕΔࢦඪͰ

͋ΔɽR RPͱ IDNPΛ༻͍ͯࢉग़͞ΕΔɽ·ͣɼIDNPɼ

ࣜ (6)ʹࣔͨ͠௨ΓɼRPͱ IDRPͷڞ௨ू߹Ͱ͋Δɽ͜ͷͱ͖

ͷಉํతۙ MIDNP ͷ RPͷۙ MRP ʹର͢Δੜ֬ى

 RΛࣜ (10)Ͱఆٛ͢Δɽ

R =
|MIDNP|
|MRP| (10)

͜͜Ͱɼ|MRP|ٴͼ |MIDNP|ɼͦΕͧΕू߹ MRP ͼٴ MIDNP ͷ

ཁૉΛද͢ɽRɼMRP ͱ MIDRP ʹΑܾͬͯ·ΔఆྔԽࢦඪ

Ͱ͋ΔɽDETͱಉ༷ʹɼղੳରܾ͕ྻܥ࣌ఆతͰ͋Δ߹

ʹɼR͍ߴΛࣔ͢ʹ͋Δ [7]ɽ͜Εɼܾఆతͳγε

ςϜΛରͱͨ͠߹ɼۙ͢Δू߹ྨํͨ͠ࣅʹભҠ͠

ͯɼભҠޙۙؔΛอ͍ͪ͢ͱ͍͏ੑ࣭͕ɼࣜ (10)ͷ
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ͱࢠͷͷׂ߹ͱͯ͠ө͞Ε͍ͯΔ͔ΒͰ͋Δɽ

4. RPີͷૢํ࡞๏

RPͱ IDRPͰᮢ θr ͱ θd Λઃఆ͢Δඞཁ͕͋ΔɽRPͷ

ᮢʹ͍ͭͯɼΞτϥΫλͷ 2ؒڑͷฏۉ·ͨ࠷େڑ

ͷ 10% [4]ɼΞτϥΫλͷܘͷ% [8]ɼ૯ըૉͷ 1% [9]

ఔ͕ϓϩοτ͞ΕΔΑ͏ʹઃఆ͢Δํ๏ɼγεςϜʹԠͨ͡

ઃఆํ๏ [10], [11]ͳͲ͕ఏҊ͞Ε͍ͯΔɽ͔͠͠ɼRPͷᮢ

બରͱ͢ΔγεςϜʹ͘ڧґଘ͢ΔͨΊɼҙͷྻܥ࣌

ʹରͯ͠࠷దͳᮢΛҰҙʹఆΊΔ͜ͱ͍͠ [6], [12]ɽ

ͦ͜ͰຊߘͰɼ࠷దͳᮢΛઃఆ͢ΔͷͰͳ͘ɼᮢΛ

มԽͤͯ͞ RPີͷҟͳΔ༷ʑͳը૾Λ 1ͭͷྻܥ࣌ʹର͠

͢Δɽ࡞ͯ

RPີͷมํߋ๏ʹ͍ͭͯɼRPΛྫʹઆ໌͢ΔɽRPͰɼ

ΞτϥΫλͷશͯͷ 2ؒڑ Di, j Λࢉग़͠ɼDi, j ͕ᮢ θr

ҎԼͰ͋Εୈ (i, j) ըૉʹ͕ϓϩοτ͞ΕΔɽຊߘͰɼ

·ͣɼDi, j (i ! j) ͷ͏ͪͷ࠷ڑ Dmin ͱ࠷ڑ Dmax Λ

Δൣғ͢ࡏ͕ଘڑɼ2ؒʹ࣍ΊΔɽٻ [Dmin, Dmax]ͷ෯Λ

Dr = Dmax − Dmin ͱͯ͠ɼ

θr = Drθ + Dmin (11)

ʹΑͬͯ θr Λ༩͑Δɽ͜͜Ͱɼθ  RP ີΛૢ͢࡞Δύϥ

ϝʔλͰ͋Γɼ0 ≤ θ ≤ 1ͷൣғΛͭ࣋ɽྫ͑ɼθ = 0ͷ߹

ɼDi, j = Dmin Λຬͨ͢ RP্ͷ (i, j)ըૉͷΈʹ͕ϓϩοτ

͞ΕΔɽରʹ θ = 1ͷ߹ɼશͯͷ 2ؒڑ͕ՄࢹԽର

ͱͳΔͨΊɼશͯͷըૉ͕ 1ͱͳΔɽ·ͨɼIDRPͰ DVi, j

ʹ͍ͭͯ RPͷ Di, j ͱಉ༷ʹɼDVr = DVmax − DVmin ΛٻΊɼθ

Λૢͯ͠࡞ଟ༷ͳ θd Λද͢ݱΔɽຊख๏Ͱɼ͜ͷύϥϝʔ

λ θ ΛมԽͤ͞Δ͜ͱʹΑͬͯɼRPີ͕ҟͳΔը૾Λ࡞

͢Δɽͨͩ͠ɼຊߘͰɼRP ͱ IDRP ͷ྆ํʹڞ௨ͷ θ Λ༩

͑ͯɼಉ͡ RPີΛͭ࣋ RPͱ IDRP͔Β IDNPΛ࡞͢Δɽ

ຊߘͰɼθ = 2−k (k = 1, 2, . . . , 10)ͱͨ͠ɽ

5. ཧϞσϧ

ຊߘͰɼܾఆతΧΦεྻܥ࣌ɼपظԠʹμΠφϛΧϧ

ϊΠζ͕ҹՃ͞Εͨྻܥ࣌ (पظ +ϊΠζ)ɼඇϒϥϯӡ

ಈ (fBm)Λղੳରͷྻܥ࣌ͱ͢Δɽ

·ͣɼΧΦεྻܥ࣌ͱपظ + ϊΠζྻܥ࣌ͷੜʹ༻͠

ͨ֬ Lorenz Ϟσϧ (stochastic Lorenz model, SLM) [28] Λࣜ

(12)ʹࣔ͢ɽ
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

ẋ = s(−x + y) + σω̇1

ẏ = rx − y − xz + σω̇2

ż = −bz + xy + σω̇3

(12)

͜͜Ͱɼx, y, zঢ়ଶมɼs, r, bύϥϝʔλɼσϊΠζڧ

ɼωi(t) (i = 1, 2, 3)ಠཱͳΨε૿Λͭ࣋ඪ४Wienerա

ఔʹै͏֬มͰ͋Δɽͨͩ͠ɼσ = 0ͷͱ͖ܾఆతͳ

Lorenzํఔࣜ [29]ͱͳΔɽຊߘͰɼs = 10, b = 8/3ͱͯ͠ɼ

ΧΦεԠΛ r = 28ɼ16 पظԠΛ r = 215.45 ʹΑΓੜ͠

ͨɽ·ͨɼपظ +ϊΠζྻܥ࣌Λੜ͢ΔͨΊͷϊΠζڧ σ

 σ = 0.5, 1, 2, 5, 10, 20ͷ 6छྨΛ༻͍ͨɽ͜ΕΒͷܭ

ɼεςοϓ෯͕ࢉ h = 10−4 ͷ ͷϧϯήɾΫολ๏ʹΑΓ࣍4

ͳͬͨߦ [30]ɽղੳରͱ͢Δྻܥ࣌ɼաঢ়ଶͱͯ͠ 106

εςοϓΛল͍ͨޙͷ 2× 106 εςοϓͷԠ͔Βɼ500εςο

ϓຖʹ 1ΛϦαϯϓϦϯάͨ͠ 4, 000ͷྻܥ࣌Λͭ࣋ɽ

ɼfBmʹ࣍ [23] ྻܥ࣌ BH(t) ɼ૿ BH(t) − BH(s) ͷฏۉ

͕ 0ɼ૿ͷ͕ࢄ σ2
f |t − s|2H ͱؒ࣌ͷႈͰมԽ͢Δ֬ա

ఔΑΓੜͨ͠ɽຊߘͰɼࢄ σ2
f = 1ɼϋʔετࢦ H Λ

H = 0.2, 0.5, 0.8ͷ 3छྨΛ༻͍ͯ fBmͷྻܥ࣌Λੜͨ͠ɽ

ͨͩ͠ɼH = 0.5ͷͱ͖ͷ BH(t)ϒϥϯӡಈͱͳΔɽfBmੜ

ͷΞϧΰϦζϜɼϥϯμϜதมҐ๏Λमਖ਼ͨ͠ํ๏ [31]

ͱͨ͠ɽ·ͨɼղੳରͱ͢Δྻܥ࣌ͷ͞ 4, 000ͱͨ͠ɽ

6.   ࣮ ݧ

࣮ݧͰɼཧϞσϧʹґଘ͠ͳ͍ڞ௨ͷ࣮ݧ݅ͱ͠

ͯɼ1ͭͷγεςϜʹର͠ύϥϝʔλΛݻఆ͠ɼॳظͱཚ

γʔυΛม͑ͨ 100ຊͷྻܥ࣌Λੜͨ͠ɽ͕ͨͬͯ͠ɼ100

ຊͷͦΕͧΕͷྻܥ࣌ʹఏҊख๏Λద༻ͯ͠ಘΒΕͨɼฏۉ

ͷఆྔԽࢦඪ (DETͱ R)ͷਪҠΛ݁Ռͱͯࣔ͢͠ɽ·ͨɼ

IDRPద༻࣌ʹઃఆ͢ΔਪҠؒ࣌ T ؒ࣌Ε τͱ͘͠͠

ͨ (T = τ)ɽ

ΧΦεྻܥ࣌ͱपظ +ϊΠζྻܥ࣌ɼͦΕͧΕͷύϥϝʔ

λ rɼϊΠζڧ σΛ༩͑ͨ SLM͔Βੜͨ͠ୈҰม xͷ

ݩ࣍ঢ়ଶۭؒͷߏ࠶Λରͱͨ͠ɽྻܥ࣌ m  m = 7 ͱ

ͨ͠ɽؒ࣌Ε τɼղੳରྻܥ࣌ͷࣗݾ૬͕ؔؔ࠷ॳʹ

1− 1/eͱͳΔࠁ࣌ Ct ͷͱͨ͠ (τ = Ct) [32]ɽ·ͨɼඇϒ

ϥϯӡಈ (fBm)͔Βੜͨ͠ྻܥ࣌ɼm = 3, τ = Ct ͱͯ͠

ঢ়ଶۭؒΛߏ࠶ͨ͠ɽ

·ͣɼύϥϝʔλ rɼϊΠζڧ σΛ༩͑ͨͱ͖ͷ SLM͔Β

ੜ͞ΕΔୈҰม xͷྻܥ࣌Λɼm = 7, τ = Ct Ͱߏ࠶ͨ͠

ঢ়ଶۭؒͷҰྫΛਤ 1ʹࣔ͢ɽਤ 1(a)ϊΠζڧ͕ σ = 0Ͱ

͋ΔͨΊɼܾఆతͳ Lorenzํఔ͔ࣜΒಘΒΕΔ 16पظԠ

ͷྻܥ࣌ xʹର͢Δߏ࠶ΞτϥΫλΛ͍ࣔͯ͠ΔɽҰํɼਤ

1(h) σ = 0ͷܾఆతͳԠͰ͋Δ͕ɼύϥϝʔλ r = 28

ͳͷͰͦͷԠΧΦεԠͱͳΔɽਤ 1ʹ͓͍͖ͯ͢

ɼσ > 0ͷ߹ʹɼपظԠͷߏ่Ε (ਤ 1(b)∼(g))ɼΧ

ΦεԠͷߏ࠶ΞτϥΫλͷߏͱྨࣅͷߏͱͳΔ͜ͱͰ

͋Δ (ਤ 1(h))ɽ͜ͷΑ͏ͳಛ͕͋ΔͨΊʹɼΧΦεྻܥ࣌ͱ

पظԠʹμΠφϛΧϧϊΠζ͕ҹՃ͞Εͨྻܥ࣌ (पظ +ϊ

Πζ)ͷผΛ͑ߟΔඞཁ͕͋Δɽ

ྻܥ࣌ɼΧΦεʹ࣍ (SLMͷ r = 28, σ = 0)ɼपظ+ϊΠζܥ࣌

ྻ (SLMͷ r = 215.45, σ > 0)ɼfBmྻܥ࣌ (H = 0.2, 0.5, 0.8)

ͦΕͧΕʹରͯ͠ RP ີΛมͯ͠ߋಘΒΕΔɼRPɼIDRPɼ

IDNP ͷఆྔԽࢦඪ (DET ͱ R) ͷਪҠΛਤ 2 ʹࣔ͢ɽਤ

2 Ͱɼԣ࣠Λ RP ີΛૢ͢࡞Δύϥϝʔλ θ ͱͯ͠ยର

άϥϑͰද͍ͯ͠Δɽॎ࣠ఆྔԽࢦඪΛද͓ͯ͠Γɼਤ

2(a)  RP ΑΓࢉग़͞Εͨ DETRPɼਤ 2(b)  IDRP ΑΓࢉग़

͞Εͨ DETIDRPɼਤ 2(c) IDNPΑΓࢉग़͞Εͨ DETIDNPɼਤ

2(d)ੜ֬ى RͰ͋Δɽਤ 2(a)∼(d)ʹ͓͍ͯɼຌྫڞ௨Ͱ

— 4 —- 10 -
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(a) r = 215.45, σ = 0, τ = 2
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(c) r = 215.45, σ = 1, τ = 2
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(d) r = 215.45, σ = 2, τ = 2
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(e) r = 215.45, σ = 5, τ = 2
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(h) r = 28, σ = 0, τ = 4

ਤ 1: ύϥϝʔλ rͱϊΠζڧ σΛ༩͑ͨͱ͖ͷ SLM͔Βੜ

͞ΕΔୈҰม xͷྻܥ࣌ͷߏ࠶ঢ়ଶۭؒͷҰྫɽঢ়ଶۭ

ؒͷߏ࠶ʹ༻͢Δύϥϝʔλɼm = 7, τ = Ctɽͨͩ͠ɼ

Ct ͦΕͧΕͷྻܥ࣌ͷࣗݾ૬͕ؔؔ࠷ॳʹ 1 − 1/eʹͳͬ

ͨͱ͖ͷࠁ࣌Λࣔ͢ɽ

͋Γɼࠇ৭ͷ࣮ઢͰ݁Εͨ △ ҹɼΧΦεྻܥ࣌ (SLM ͷ

r = 28, σ = 0)ɼഁઢͰ݁Εͨ ⃝ҹɼपظ +ϊΠζྻܥ࣌
(SLMͷ r = 215.45, σ > 0)ɼഁઢͰ݁Εͨ!ҹɼfBmܥ࣌

ྻ (H = 0.2, 0.5, 0.8)ΛͦΕͧΕ͍ࣔͯ͠Δɽ৭ͷҧ͍ɼϊ

Πζڧ σɼ·ͨɼϋʔετࢦ H ͷҧ͍Λ͍ࣔͯ͠Δɽ

ຊߘʹ͓͍ͯผ͍ͨ͠ྻܥ࣌ͷɼ(I) ܾఆతΧΦε
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(d) IDNP ͷ RP ʹର͢Δੜ֬ى R

ਤ 2: ఏҊख๏ΛγεςϜ͕ҟͳΔྻܥ࣌ʹద༻ͨ݁͠Ռɽԣ

࣠ RPີΛૢ͢࡞Δύϥϝʔλ θɼॎ࣠ఆྔԽࢦඪͰ͋

Γɼ(a) RPΑΓࢉग़͞Εͨ DETRPɼ(b) IDRPΑΓࢉग़͞

Εͨ DETIDRPɼ(c) IDNPΑΓࢉग़͞Εͨ DETIDNPɼ(d)ੜ

֬ى R ΛͦΕͧΕ͍ࣔͯ͠Δɽࠇ৭ͷ࣮ઢͰ݁Εͨ △ ҹ
ɼΧΦεྻܥ࣌ (SLMͷ r = 28, σ = 0)ɼഁઢͰ݁Εͨ ⃝
ҹɼपظ +ϊΠζྻܥ࣌ (SLMͷ r = 215.45, σ > 0)ɼഁઢ

Ͱ݁Εͨ !ҹɼfBmྻܥ࣌ (H = 0.2, 0.5, 0.8)ΛͦΕͧΕ

͍ࣔͯ͠Δɽઢͷ৭ϊΠζڧ σɼ·ͨɼϋʔετࢦ H

ͷҧ͍Λ͍ࣔͯ͠Δɽ
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ͱྻܥ࣌ԠʹμΠφϛΧϧϊΠζ͕ҹՃ͞Εͨظͱपྻܥ࣌

(II)ܾఆతΧΦεྻܥ࣌ͱ fBmͷΑ͏ͳ༗৭ϊΠζྻܥ࣌Ͱ

͋Δɽ·ͣɼਤ 2(a)∼(c)Ͱࣔͨ͠ɼ֤ θͷ RPɼIDRPɼIDNP͔

Βࢉग़͞Εͨ DET ͷਪҠʹ͍ͭͯɼ(I)ΧΦε ৭ͷ࣮ࠇ)

ઢͰ݁Μͩ △ҹ)ͱपظ +ϊΠζ (ഁઢͰ݁Μͩ ⃝ҹ)ͦΕͧ

Εͷ݁ՌΛൺֱ͢ΔɽΧΦεͷ DETRPɼDETIDRPɼDETIDNP ͷ

ਪҠɼ͍ͣΕͷ θ ʹ͓͍͍ͯߴΛอͪɼ·ͨɼθ ͷ

มԽʹΑΔ DETͷ૿ݮখ͍͜͞ͱ͕͔ΔɽҰํͰɼपظ

+ϊΠζͷ DETͷਪҠɼθ͕খ͍͞ͱ͖ DETখ͞

͘ɼθ͕େ͖͘ͳΔʹͭΕͯɼDET૿Ճ͍ͯ͘͜͠ͱ͕͔

Δɽ͜ΕΒͷਪҠͷҧ͍͔Βɼ(I)ΧΦεྻܥ࣌ͱपظ +ϊ

Πζྻܥ࣌ͷผՄͰ͋Δͱ͑ߟΒΕΔɽ

ɼ(II)ΧΦεʹ࣍ ৭ͷ࣮ઢͰ݁Μͩࠇ) △ҹ)ͱ fBm (ഁઢͰ

݁Μͩ !ҹ)ͷผɼਤ 2(d)ͷੜ֬ى RͷਪҠͷҧ͍

ΑΓɼՄͰ͋Δͱ͑ߟΒΕΔɽΧΦεͰ͋Ε θ͕খ͍͞

߹Ͱ R 0.5ۙͱͳΓɼܾఆੑ͕ೝΊΒΕΔɽҰํͰɼ

fBmͰ͋Ε͍ͣΕͷϋʔετࢦ H ʹ͓͍ͯɼRPີ͕

10%ఔ·Ͱ R 0.3ఔʹ͔͠૿Ճ͠ͳ͍ɽ͕ͨͬͯ͠ R

ͷਪҠʹΑͬͯɼ (II)ΧΦεྻܥ࣌ͱ fBmྻܥ࣌ͷผ

ՄͰ͋Δͱ͑ߟΒΕΔɽ͔͠͠ͳ͕Βɼ(I)ͷผʹ͓͍ͯ༗

ޮͰ͋ͬͨਤ 2(a)∼2(c)ͷ DETͷਪҠʹΑΔ (II)ͷผ

͍͠ͱ͑ߟΒΕΔɽಛʹϋʔετࢦ͕ H = 0.8ͱେ͖͍

߹ ৭ͷഁઢͰ݁Μͩࠇ) ! ҹ)ɼܾఆతΧΦεྻܥ࣌ΑΓ

͍ߴ DETͱͳΔɽ͜ΕΒͷ݁Ռɼ͜Ε·Ͱ༻͞Ε͖ͯͨ

RPີ [4], [8]ʙ[11]ͰܾఆੑΛݕޡग़͢Δ͕͋ੑݥةΔ

͜ͱɼఏҊख๏Λ༻͍Δ͜ͱͰ͜ͷੑݥةΛճආͰ͖Δ͜ͱΛ

ࣔ͢ͷͰ͋Δɽ

7. · ͱ Ί

ຊߘͰɼզʑ͕ఏҊ͍ͯ͠ΔϦΧϨϯεϓϩοτີͷม

ԽʹΑΔྻܥ࣌ͷಛੑநग़ख๏ [14]ʙ[17]Λ༻͍ͯɼपظԠ

ʹμΠφϛΧϧϊΠζ͕ҹՃ͞Εͨྻܥ࣌ͱɼඇϒϥϯ

ӡಈͷΑ͏ͳ༗৭ϊΠζྻܥ࣌ [23]͕ɼܾఆతΧΦεྻܥ࣌

ͱผՄͰ͋Δ͔Λௐࠪͨ͠ɽఏҊख๏Ͱɼ·ͣɼ1ݩ࣍ͷ

ɼʹ࣍ͨ͠ɽߏ࠶ඪΛ༻͍ͯঢ়ଶۭؒΛ࠲Εؒ࣌Λྻܥ࣌

Ұͭͷߏ࠶ঢ়ଶۭؒʹ͍ͭͯɼϦΧϨϯεϓϩοτ (RP) [3],

[4]ɼಉํੑϦΧϨϯεϓϩοτ (IDRP) [7]ɼಉํతۙϓ

ϩοτ (IDNP) [7]ͷ RPີΛมԽͤͯ͞ద༻͠ɼෳͷը૾

Λ࡞ͨ͠ɽRPີ͕͍ը૾͔Β͍ߴը૾ͱมԽ͍ͯ͠

ͷࡍ͘ DET [6], [18]ͱੜ֬ى R [7]Λࢉग़͠ɼͦΕΒͷਪҠ

ܭɽͨͬߦજΉγεςϜͷผΛʹޙͷഎྻܥ࣌Β͔

ͱྻܥ࣌ΑΓɼܾఆతΧΦεͷ݁Ռ͔ΒɼDETͷਪҠࢉ

पظϊΠζྻܥ࣌ͷผ͕ՄͱͳΔ͜ͱ͕໌Β͔ʹͳͬͨɽ

Ճ͑ͯɼܾఆతΧΦεྻܥ࣌ͱඇϒϥϯӡಈͷྻܥ࣌

ͷผɼRͷਪҠ͔ΒՄͱͳΔ͜ͱ͕ࣔ͞ΕͨɽҰํ

Ͱɼ͜Ε·ͰʹѻΘΕ͖ͯͨᮢઃఆํ๏ [4], [8]ʙ[11]ʹΑΓ

ఆ·ΔΑ͏ͳ RPີʹ͓͍ͯɼܾఆతΧΦεͱඇϒ

ϥϯӡಈผΛޡΔ͕͋ੑݥةΔ͜ͱɼैͬͯɼຊख๏ͷ

Α͏ʹ RPີ͕͍ൣғ͔Βେ͖͍ൣғ·ͰมԽͤ͞Δख๏

͕ඞཁͰ͋Δ͜ͱ͕ࣔ͞Εͨɽ

ͳ͓ɼຊڀݚͷҰ෦ JSPSՊݚඅ (No. 19K14589, 20H00596,

17K00348, 18K18125)ͷԉॿΛड͚ͯߦΘΕͨɽ
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発火間隔時系列を用いたニューロンへの共通入力の再構成
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あらまし ニューロンの出力信号の観測に比べて，ニューロンへの入力信号の観測は容易ではない．そのため，ニュー
ロンの出力信号のみを用いて，ニューロンへの入力信号を再構成する手法が提案されている．本稿では，複数のニュー
ロンより出力されたスパイク列から得られる発火間隔時系列に対して，非線形時系列解析手法の一つであるリカレン
スプロットを用いたニューロンへの共通入力の再構成手法を提案している．その際，ニューロンの数理モデルとして，
Leaky Integrated and Fireモデルを用いて提案手法の性能評価を行った．結果として，発火間隔時系列を用いた複数の
ニューロンへの共通入力の再構成を行う提案手法が有効であることが示された．
キーワード LIFモデル，リカレンスプロット，ニューロン

Reconstruction of Input Signal Using Common Interspike Interval Time Series
Ei MIURA† and Tohru IKEGUCHI†

† Department of Information and Computer Technology, Faculty of Engineering, Tokyo University of Science
E-mail: †ei.miura@hisenkei.net

Abstract It is not easy to observe the input signals of neurons compared to the output signals of neurons. For this reason,
several methods have been proposed to reconstruct the input signals of neurons using only the output signal of the corresponding
neurons. In this paper, we propose a method for reconstructing common input signals of neurons using recurrence plots, a
nonlinear time series analysis method, using inter spike interval time series observed from output spike trains from multiple
neurons. We use the leaky integrated-and-fire model as the mathematical neuron model to evaluate the performance of the
proposed method. As a result, we show that the proposed method using inter spike interval time series is effective to reconstruct
the common input signals of multiple neurons.
Key words Leaky Integrated-and-Fire model, Reccurence plot, Neuron

1. は じ め に
人間の脳内には，ニューロンと呼ばれる細胞が多数存在して
いる．ニューロンは，ある閾値を超える入力が与えられると，
スパイクを出力することで，断続的に情報を伝達する．一般的
に，ニューロンの出力信号を観測することに比べて，ニューロン
への入力信号を観測することは容易ではないとされている．そ
のため，ニューロンの出力信号から入力信号を再構成する手法
が提案されている．具体的には，ニューロンの出力信号である
スパイク列から，時間窓に対する発火数の割合を算出すること
で得られる発火率時系列を用いて，個体差のある複数のニュー
ロンへの共通入力を再構成する手法である [1], [2]．この従来手
法を用いることで，共通入力を再構成できることが示されてい
る．しかし，従来手法では，発火率時系列を用いているため，
ニューロンの発火の詳細な情報が欠落している可能性がある．

そこで本稿では，複数のニューロンより出力されたスパイク列
から得られる直接的な情報である発火間隔時系列を用いること
で，共通入力を再構成する手法を提案する．従来手法では，複
数のリカレンスプロット（以下，RP）[3]の和集合を取ることで
作成する重畳リカレンスプロット（以下，重畳 RP）[1], [2]を用
いている．重畳 RPを作成する際には，一辺の長さが異なる RP
を重畳することが困難であるため，全ての RPの一辺の長さを
一定にする必要がある．ここで，RPの一辺の長さは，ニュー
ロンの発火数に比例する．そこで本稿では，発火数が一定とな
る 2つの設定を導入することで，共通入力の再構成を行った．
1 つ目の設定は，Leaky Integrated-and-Fire モデル（以下，LIF
モデル）[4]の漏れ !に対し，発火数が一定となるようにバイア
ス項 "! を調整した場合である．2つ目の設定は，発火数が一
定となる範囲で，LIFモデルの漏れ ! を微小に変化させた場合
である．これらの 2つの設定を導入することで調査を行った結
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果，複数のニューロンの個体差として，LIFモデルの漏れのパ
ラメータ ! を用いた場合でも，発火数が一定となるような条件
で共通入力の再構成を行えることが示唆された．

2. ニューロンモデルと発火間隔時系列
ニューロンは閾値 Θを超える入力が与えられると発火し，ス
パイク列を出力する性質を持っている．LIFモデルは，これら
の性質を模倣する単純なニューロンモデルであり，式 (1)で定
義される．
!
#$ (%)
#%

= −$ (%) + & (%) (1)

ここで，$ (%) は膜電位，& (%) は入力電流を表す．なお，膜電位
$ (%) は閾値 Θに達したとき式 (2)のようにリセットされる．
$ (%) = 0 ($ (%) ≥ Θ) (2)

また，1/! は漏れの割合を示すパラメータであり，1/! → 0の
とき，通常の積分発火モデルとなり，1/! が大きくなると，漏
れの割合が大きくなる．
ニューロンは，入力信号により膜電位 $ (%) が上昇することで
発火し，直後に $ (%) がリセットされることを繰り返す．' 番目
の発火時刻を ( (') とすると，発火間隔 % (') は，式 (3)で求める
ことができる．
% (') = ( (' + 1) − ( (') (3)

式 (3) により，断続的に発火間隔を求めることで，発火間隔
（Inter spike intervals, ISI）時系列が得られる．

3. 提 案 手 法
本稿では，複数のニューロンより出力されたスパイク列から
得られる発火間隔時系列を用いることで，共通入力を再構成す
る手法を提案する．提案手法の流れを図 1に示す．ここでは，
提案手法の流れについて説明する．
（ 1） 手順 1では，LIFモデルの漏れ ! を個体差とした )個
のニューロンを用意し，共通入力にバイアス項を加えた時系列
を入力することで，)本の発火間隔時系列を得る．
（ 2） 手順 2では，)本の各発火間隔時系列に対して，アト
ラクタの再構成 [5]～[7]を行い，)個の RPを作成する．
（ 3） 手順 3では，各ニューロンへの共通入力の情報を取り
出すために，)個の RPから和集合を取ることで，重畳 RPを作
成し，共通入力を再構成する [8]．
なお，各手順における具体的な手法については，以降の章で説
明する．

4. 時系列解析手法
4. 1 時間遅れ座標系への変換によるアトラクタの再構成
現実に存在する *次元のシステムから，複数の状態変数を同
時に観測できる場合は稀である．また，多くの場合では元のシ
ステムの次元数が不明である．このような場合，観測できた状
態変数から元のシステムのアトラクタの再構成を行うことで，

アトラクタの特徴を再現できる．本稿では，アトラクタの再構
成を行う手法として，時間遅れ座標系を用いた [5]～[7]．時間
遅れ座標系への変換は，1つの状態変数から元の力学系の * 次
元のシステムのアトラクタの軌道を再構成する際に用いられる
手法である．具体的には，1変数の時系列信号 +(%) から *次元
の再構成状態空間へ変換する場合，時間遅れ , を用いて式 (4)
のように * 次元ベクトル !(%) を構成する．
!(%) = (+(%), +(% + ,), . . . , +(% + (* − 1),)) (4)

また，時間遅れ座標系への変換によるアトラクタの再構成手
法は，スパイク列に対しても拡張されている．発火間隔時系列
% (') を用いて，式 (5)のように * 次元ベクトル "(') を構成する
ことで，元の力学系のアトラクタを再構成できる [7]．
"(') = (% ('), % (' + 1), . . . , % (' + (* − 1))) (5)

4. 2 リカレンスプロット
RPは力学系のアトラクタの状態空間内における 2点間の距

離情報を可視化する手法である [3]．具体的には，アトラクタ上
の点の数が - であるとき，一辺の長さが - となる二次元画像
を用意する．式 (6)で #(', .) = 1となるとき，第 (', .) 画素を
プロットすることで RPは作成される．

#(', .) =
⎧⎪⎪⎨
⎪⎪⎩

1 (|"(') − "( .) | < /" )

0 ( それ以外 )
(6)

ここで，/" は RPの閾値であり，"(')，"( .) は式 (5)により求
めたアトラクタの状態空間内の 2点を表す．また，|"(') − "( .) |
は "(') と "( .) のユークリッド距離を表す．

4. 3 重畳リカレンスプロット
重畳 RP は，2 つ以上の RP の成分の和集合をとる手法であ

る．具体的には，0 個の時系列から作成した 0 個の RP を ##

(1 = 1, 2, · · · , 0) とすると，式 (7) により，## から重畳 RP，
#+(', .) を作成できる．

#+(', .) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1 (
$∑

#=1
## (', .) ≥ /+)

0 ( それ以外 )
(7)

ここで，/+ は重畳 RP の閾値 /+ である．式 (7) は RP 上の
## (', .) = 1となる点が /+ となるときに，重畳 RP上の第 (', .)
画素をプロットすることを意味している．なお，複数のニュー
ロンから得られた出力信号の重畳 RPを求めることで，ニュー
ロンへの共通の入力の情報を取り出すことができると考えられ
る [1], [2]．

4. 4 RPからの時系列の再構成
RPの作成に用いた時系列の特徴が RP上のプロットパターン

として可視化される．すなわち，RPから元の時系列を再構成
することが可能である [8]．文献 [8]では，以下の 4つの手順で
時系列の再構成を行う．
（ 1） RPを隣接行列とみなし，RP上の点 #(', .) = 1である
頂点 ' と頂点 . の間に枝を張ることで無向グラフを作成する．
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共通入力 再構成
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図 1: 提案手法の流れ

（ 2） 頂点 'と隣接する頂点の集合2% を2% = { . |#(', .) = 1}
とし，頂点 'と頂点 . の枝の重み 3%, & を式 (8)により定義する．
3%, & = 1 −

|2% ∩ 2 & |
|2% ∪ 2 & |

(8)

ここで，|2% | は集合 2% の要素数，∩は積集合，∪は和集合で
ある．
（ 3） 枝の重み 3%, & で重み付けされた無向グラフの全ての頂
点 'と頂点 . の間の最短距離 4%, & を計算し，距離行列 $ = [4%, & ]
を作成する．
（ 4） 距離行列 $ に古典的多次元尺度法 [9]を適用し，時系
列を再構成する．

5. 数 値 実 験
本稿では，漏れのパラメータ ! を個体差とした LIFモデルか
ら得られる発火間隔時系列を用いて，複数のニューロンへの共
通入力の再構成を行った．具体的には，まず，共通入力とした
レスラー方程式 [10] の第 1 変数 5(%) の時系列にバイアス項 "

を加えた入力時系列 & (%) = 5(%) +"を作成し，LIFモデルの漏れ
! を個体差とした )個のニューロンへ入力することで，)本の
発火間隔時系列を得る．ここで，レスラー方程式のパラメータ
は 6 = 0.36, 7 = 0.4, 8 = 4.5，LIFモデルの閾値 Θ = 20とした．
次に，時間遅れ座標系への変換を用いて，)本の各発火間隔時
系列に対して，アトラクタの再構成を行い，)個の RPを作成
する．ここで，次元数 * = 5，遅れ時間 1としてアトラクタの
再構成を行った．また，RPの閾値 /" は RPのプロット割合が
10%となるように設定した．最後に，共通入力の情報を取り出
すために，)個の RPから和集合を取ることで，重畳 RPを作成
し，共通入力を再構成する．ここで，重畳 RPの閾値 /+ = )/2
とした．
なお，LIFモデルの漏れ ! を変化させると発火数が変化する

ため，アトラクタのプロット数が変化し，RPの重畳が困難にな
る場合がある．そこで本稿では，発火数が一定となる 2つの設
定を導入することで数値実験を行った．

1つ目の設定では，LIFモデルの漏れ ! に対し，発火数が一
定となるようにバイアス項 "! を調整する．具体的には，漏れ
1/! = 0.0, 0.1, . . . , 2.4 とした 25 個の LIF モデルへ共通入力し
たレスラー方程式の第 1変数 5(%) にバイアス項 "! を加えた時
系列 & ! (%) = 5(%) + "! を入力し，得られる発火間隔時系列を用
いて共通入力の再構成を行った．ここで，バイアス項 "! は，
漏れ ! とした LIF モデルの発火数が 500 となるように設定し
た．漏れ ! に対して設定したバイアス項 "! を図 2に示す．

図 2: 漏れ ! に対し，発火数が一定となるように設定したバイ
アス項 "!

2つ目の設定では，発火数が一定となる範囲で，LIFモデル
の漏れ ! を微小に変化させる．具体的には，LIFモデルの発火
数が一定となる漏れ ! の範囲 0.996 ≤ 1/! ≤ 1.00188で変化さ
せた 50個の LIFモデルへ共通入力としたレスラー方程式の第
1変数の時系列 5(%) に，バイアス項 " = 50.35を加えた入力時
系列 & (%) = 5(%) + " を入力し，得られる発火間隔時系列を用い
て共通入力の再構成を行った．ここで，バイアス項 " = 50.35
は，漏れ ! の範囲 0.996 ≤ 1/! ≤ 1.00188における LIFモデル
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の発火数が 500となるように設定した値である．
なお，共通入力の再構成ができているかを確認するため，共
通入力と再構成時系列の標準化を行った 2 つの時系列の重ね
書きを行い，共通入力と再構成時系列標準化を行った 2つの時
系列から抽出した極値の時系列間の相関係数を算出した．さら
に，共通入力としたレスラー方程式の第 1変数 5(%) の時系列か
ら RPを作成し，作成した RPと重畳 RPのプロットパターンを
比較した．このとき，レスラー方程式の第 1変数 5(%) の時系列
の 1/20でサブサンプルした時系列から RPを作成した．

6. 実 験 結 果
共通入力としたレスラー方程式の第 1 変数 5(%) の時系列の

RPと提案手法により作成した重畳 RPを図 3，図 4に示す．ま
た，これらの RPから時系列を再構成することで得た共通入力
時系列と再構成時系列を重ね書きした結果を図 5，図 6に示す．
ここで，共通入力を紫色の時系列で，再構成時系列を赤色の時
系列で示した．
図 3及び図 4から，発火数が一定となる 2つの設定のどちら
の場合でも，共通入力としたレスラー方程式の第 1変数 5(%) の
時系列の RPと重畳 RPのプロットパターンが類似することが
わかる．また，図 5及び図 6から，発火数が一定となる 2つの
設定のどちらの場合でも，共通入力としたレスラー方程式の第
1変数 5(%) の時系列と再構成時系列の概形が類似することもわ
かる．さらに，共通入力と再構成時系列の標準化を行った後，
極値を抽出することで得た 2つの時系列間の相関図を図 7及び
図 8に示す． これらの相関係数は，発火数が一定となる 2つ
の設定のどちらの場合でも 0.98となった．以上の結果から，発
火数が一定となる設定下においては，高精度に共通入力の再構
成を行うことができることがわかる．

7. ま と め
本稿では，ニューロンより出力されたスパイク列から得られ
る発火間隔時系列に対して，非線形時系列解析手法の一つで
ある RPを用いた共通入力の再構成手法を提案し，性能評価を
行った．その結果，複数のニューロンの個体差として，LIFモ
デルの漏れのパラメータ ! を用いた場合，発火数が一定となる
設定を導入することで共通入力の再構成を精度よく行えること
が示された．
本稿では，発火数が一定となる設定で共通入力の再構成を
行ったが，発火数が異なる設定での共通入力の再構成を行うこ
とについての検討も必要である．また，ニューロンの数理モデ
ルとして，単純な LIFモデルを用いたが，より複雑なニューロ
ンモデルを用いた場合に，発火間隔時系列を用いた共通入力の
再構成について検討する必要がある．
本研究の一部は，JSPS科研費 (No. 17K00348, 20H00596)の
援助を受けて行われた．
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(a) 共通入力（レスラー方程式の第 1 変数）の RP (b) 重畳 RP

図 3: LIFモデルの漏れ ! に対し，発火数が一定となるようにバイアス項 "! を調整した場合の RPの比較

(a) 共通入力（レスラー方程式の第 1 変数）の RP (b) 重畳 RP

図 4: 発火数が一定となる範囲で，LIFモデルの漏れ ! を微小に変化させた場合の RPの比較
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図 5: LIFモデルの漏れ ! に対し，発火数が一定となるようにバイアス項 "! を調整した場合の共通入力としたレスラー方程式の第
1変数 5(%) と再構成時系列の重ね書き

図 6: 発火数が一定となる範囲で，LIFモデルの漏れ ! を微小に変化させた場合の共通入力としたレスラー方程式の第 1変数 5(%)
と再構成時系列の重ね書き

図 7: LIF モデルの漏れ ! に対し，発火数が一定となるように
バイアス項 "! を調整した場合の共通入力時系列と再構成時系列
から抽出された極値間の相関図

図 8: 発火数が一定となる範囲で，LIF モデルの漏れ ! を
微小に変化させた場合の共通入力時系列と再構成時系列から
抽出された極値間の相関図
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あらまし 2020年，COVID-19が世界的に流行し，現在も感染拡大している．感染力が強く，無発症者が存在するこ
とで，無意識的に感染拡大を引き起こしたことが世界的大流行の一つの要因であると考えられている．COVID-19ウイ
ルスに対するワクチン開発に時間がかかる中，感染拡大を抑制するために行われた主な対策の一つに，感染者の隔離
がある．感染者の隔離により，どの程度，感染拡大を抑制できるのかを定量的に評価することは重要である．そこで
本稿では，ネットワーク上での感染拡大抑制において感染者の隔離が有効であるかを確率的な感染症伝播モデルを用
いて定量的に評価する．まず，周囲の感染状況によって回復確率を定め，感染者の隔離及び回復者のクラスを加えた
r-SIARモデルを提案する．提案モデルはネットワーク上の頂点が確率的に状態遷移するモデルである．次に，r-SIAR

モデルを用いた感染症伝播の数値実験を行い，感染者を隔離した場合に最終感染率がどの程度減少するか調査した．
その結果，ネットワーク構造と感染力によっては隔離という対策が効果的でないことがわかった．
キーワード 複雑ネットワーク，感染症伝播モデル，感染症拡散，COVID-19

Quantitative Evaluation of the Effects of Quarantine of Infected Person

Using Mathematical Models of Infectious Diseases
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Abstract In 2020, COVID-19 has become a global pandemic and is still spreading. One of the reason why COVID-19

spreads widely is that it has high infectivity and some patients infected uncousciously. While the development of a vaccine

against COVID-19 virus would take much more time, one of the main strategies taken to control the spread of infection is the

quarantine of infected persons. However, it is an important issue to quantitatively investigate to what extent the quarantine of

infected patients can reduce the spread of infection. In this paper, we quantitatively evaluate the effectiveness of the quarantine

to control the spread of infection, using a stochastic infection transmission model on networks. First, we propose an r-SIAR

model that introduces the process of quarantine of infected persons and a class of recovering persons. The proposed r-SIAR

model has stochastic dynamics of state transitions at each vertex on the network. Next, using the proposed model, we simulated

the spread of infectious diseases and investigated how much the final infection rates are reduced when the infected patients

were quarantined. We found that depending on the network structure and infectivity, the quarantine of infectious person is not

effective.

Key words complex network, infection transmission model, spread of infectious disease, COVID-19
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1. は じ め に

2020年，COVID-19が世界的に流行し，現在も感染拡大して

いる．COVID-19は感染力が強く，自覚症状のない感染者が多

く存在する．これにより，無意識的な感染拡大を引き起こし，そ

の結果，世界的大流行が発生したと考えられている．COVID-19

に対するワクチン開発に時間がかかる一方で，感染拡大を抑制

するために行われた対策の一つに，感染者の隔離がある．感染

者の隔離によって感染拡大をどの程度抑制できるのかを定量的

に評価することは重要である．

そこで本稿では，感染拡大を抑制するために，感染者を隔離

することの有効性を感染症伝播モデルを用いて定量的に評価す

る．隔離の有効性を評価するために，周囲の感染状況によって

回復確率を定め，感染者の隔離及び回復者のクラスを加えた

r-SIARモデルを提案する．SI系モデル [1]は感染者数のダイナ

ミクスを常微分方程式で記述するが，本稿で提案する r-SIAR

モデルはネットワークの頂点の状態が確率的に遷移するダイ

ナミクスを有するとしている．提案モデルを用いて，感染症伝

播の数値実験を行い，感染者の隔離をした場合と，隔離を行わ

なかった場合の最終感染率の差異を調査した．その際，UCM

(Uncorrelated Configuration Model) [2]と，WSM (Watts-Strogatz

Model) [3]をネットワークとして使用した．

2. 感染症伝播モデル

2. 1 r-SISモデル

文献 [4] では，r-SIS モデル (resource based Susceptible–

Infectious–Susceptible Model) が用いられている．このモデル

では，死亡や誕生を考慮しないものとしている．SISモデルの

状態遷移図を図 1に示す．

図 1 SIS モデルの状態遷移図

SISモデルでは，未感染者 ! クラスから感染者 " クラスへの

遷移が感染確率 #によって，また，" クラスから !クラスへの遷

移が回復確率 $ によって発生する．本稿では，r-SISモデル [4]

の振る舞いを離散的に再現し，これを改良したモデル (r-SIAR

モデル)を提案する．r-SISモデルにおいて，%! (&) を頂点 ' の時

刻 & のときの状態値とする．頂点 'が !クラスのとき %! (&) = 0，

" クラスのとき %! (&) = 1と定める．また，隣接行列の (', () 成

分を )! " と表す．ここで，時刻 & で ! クラス (%! (&) = 0)となる

頂点 ' と隣接する " クラス (% " (&) = 1) である頂点 ( の集合を

*! (&) と表すと，*! (&) は式 (1)で表せる．

*! (&) = { ( | %! (&) = 0 ∩ )! "% " (&) = 1} (1)

すなわち，|*! (&) | は時刻 & で %! (&) = 0となる頂点 ' と隣接する

% " (&) = 1である頂点 ( の個数である．また，感染確率 #は，隣

接する " クラスとの一回の接触で " クラスに遷移する確率を

示すため，時刻 & で頂点 ' が ! クラス (%! (&) = 0)から " クラス

(%! (& + 1) = 1)に遷移する確率は 1 − (1 − #) |#! ($) | となる．

以上より，ネットワーク上の頂点 ' の状態遷移のダイナミク

スは式 (2)となる．

%! (& + 1) =
⎧⎪⎪⎨

⎪⎪
⎩

%! (&) + + (1 − (1 − #) |#! ($) | ) (%! (&) = 0)

%! (&) − + ($! (&)) (%! (&) = 1)
(2)

ただし，+ (,) は確率 ,で 1をとり，確率 1− ,で 0をとる関数

とする．一方，現実的には，回復確率は単純な確率に加えて治

療や薬などの資源 (リソース)にも依存すると考えられる．そこ

で，r-SISモデルでは，回復確率 $ を分配されるリソースの量

に依存させている．時刻 & での頂点 ' の回復確率 $! (&) を式 (3)

に示す．

$! (&) = $0 + $%
-! (&)
.!

(3)

ここで，$0 は自己治癒確率を表す．本稿では，文献 [4]と同様

に，$0 = 0とした．.! は頂点 'の次数，$% は得たリソースの使

用率，-! (&) は時刻 & のとき，頂点 ' が隣接する ! クラスのノー

ドから得るリソース量を表す．式 (3)より，頂点 ' の回復確率

$! (&) は得られるリソース量 -! (&) に比例する．また，リソース

は ! クラスの頂点から " クラスの頂点へ一方向にのみ配分さ

れる．

各頂点の獲得リソース量は，周囲の頂点の感染状況，リソー

スの配分戦略によって異なる．例として，図 2 (a) のような状

態を考える [4]．水色の頂点が ! クラスの頂点，赤色の頂点が

" クラスの頂点を表す．このとき，頂点 3 から頂点 1, 2 への

伝染力はそれぞれの隣接頂点のクラスによって決定する．図 2

(b) の頂点 1 では，隣接する ! クラスの頂点が 1 つ，図 2 (c)

の頂点 2 では 3 つある．つまり，頂点 1 よりも，頂点 2 の方

が多くの頂点に疾病を伝染させる可能性が高い．このとき，頂

点 1 を LI (Lower Infectiousness) 頂点，ノード 2 を HI (Higher

Infectiousness)頂点と呼ぶ．

図 2 (a)ネットワークの例， (b)頂点 1 (周囲に & クラスの頂点が多い

頂点: HI 頂点)とその隣接頂点， (c)頂点 2 (周囲に ' クラスの頂

点が多い頂点: LI 頂点) とその隣接頂点
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また，時刻 & のとき，" クラスの頂点 'が持つ !クラスの頂点

と接続する枝の本数を /! (&) とする．図 3のようなネットワー

クでは，/! (&) = 2 (紫色)，/( (&) = 3 (緑色)となる．

図 3 )! ($) , )" ($) として数える枝

時刻 & で頂点 ' が，隣接する ! クラスの頂点 ( から得られる

リソース量を - ′"→! (&) として，式 (4)のように定義する．

- ′"→! (&) =
(/! (&) + 1)*

∑

+∈{ " (' ) }
(/+ (&) + 1)*

(4)

ここで，{ ( (")}は，頂点 ( と隣接する " クラスの頂点の集合，0

はパラメータである．例えば，図 3のようなネットワークにお

いて，時刻 & で，" クラスの頂点 'が !クラスの隣接頂点 ( から

得るリソース量 - ′"→! (&) は，/! (&) = 2, /( (&) = 3であるので，

- ′"→! (&) =
(/! (&) + 1)*

(/! (&) + 1)* + (/( (&) + 1)*
=

3*

3* + 4*

となる．また，時刻 & で頂点 ' が配分されるリソース量 -! (&) は

式 (5)で表すことができる．

-! (&) =
∑

"∈{! (&) }
- ′"→! (&) (5)

ここで，{'(!)} は頂点 ' と隣接する ! クラスの頂点の集合であ

る．式 (4)は，0 > 0のとき HI頂点に対して優先的にリソース

配分し，0 < 0のとき LI頂点に対して優先的にリソース配分す

ることを意味する．また，0 = 0のとき，各頂点には均等にリ

ソースを配分することになる．

2. 2 r-SIARモデル

本稿では，感染者の隔離という対策の効果を定量的に評価す

るために，2. 1 節の r-SISモデルの " クラスを 2つのクラスに

分けたモデルを提案する．具体的には，r-SISモデルの " クラス

を，確率 1で隔離された感染者クラス (" クラス)と，確率 1− 1

で隔離されなかった感染者クラス (2クラス)に分類する．提案

モデルでは，隔離となった " クラス頂点をネットワークから外

すこととする．また，感染症の種類によっては，人間は一度疾

病に感染し，回復することで，免疫を得ることもある．免疫を

獲得することで再感染せず，他者に疾病を感染させない状態と

なる．そこで，提案する r-SIAR モデルでは，このように再感

染せず，他者へ疾病を感染させない回復者のクラス (3 クラス)

も導入した．ここで，" クラスの頂点 ' は隔離されてから時刻

4経過後に回復者 3 クラスに遷移し，隔離前のネットワーク上

での枝を再度つなぎ直す．2 クラスの頂点は 2. 1節の r-SISモ

デルと同様に，ネットワークから隔離されることはなく，獲得

したリソースによる回復確率のもと，回復者 3クラスに遷移す

る．r-SIARモデルの状態遷移図を図 4に示す．

図 4 r-SIAR モデルの状態遷移図

次に，%! (&) を頂点 ' の時刻 & での状態値とし，頂点 ' が ! ク

ラスのとき %! (&) = 0，" クラスのとき %! (&) = 1，2クラスのとき

%! (&) = 2，3 クラスのとき %! (&) = 3とする．また，時刻 & のと

き，隣接行列の (', () 成分を )! " (&) と表す．ここで，時刻 & で !

クラス (%! (&) = 0)となる頂点 ' と隣接する 2クラス (% " (&) = 2)

である頂点 ( の集合を * ′! (&) と表すと，* ′! (&) は式 (6)で表せる．

* ′! (&) = { ( | %! (&) = 0 ∩ )! " (&)% " (&) = 2} (6)

すなわち，|* ′! (&) | は，時刻 & で ! クラス (%! (&) = 0)となる頂

点 ' と隣接する 2 クラス (% " (&) = 2) である頂点 ( の個数を表

す．また，感染確率 #は，隣接する 2クラスとの一回の接触に

よって !クラスの頂点が " または 2クラスに遷移する確率を示

す．よって，!クラス (%! (&) = 0)から " クラス (%! (& + 1) = 1)ま

たは 2クラス (%! (& + 1) = 2)に遷移する確率は 1 − (1 − #) |#
′
!
($) |

となる．以上より，ネットワーク上の頂点 ' の状態遷移のダイ

ナミクスは式 (7)となる．

,! ($ + 1) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪
⎩

,! ($) +- (1 − (1 − .) |#
′
!
($ ) | ) (- (1 − /) + 1)

(,! ($) = 0)

,! ($) + 20 ($ −1! − 2) (,! ($) = 1)

,! ($) +- (3! ($)) (,! ($) = 2)

,! ($) (,! ($) = 3)

(7)

ただし，関数 5 (%) はステップ関数である．ここで，式 (7)の

6! は頂点 ' がネットワーク上で隔離された時刻とする．また，

感染者クラスに遷移する頂点は，確率 1 によって " クラス，確

率 1 − 1 で 2 クラスに遷移する．" クラスとなった頂点はネッ

トワーク上で枝を外して隔離状態とし，一時的に孤立点とする．

孤立点となった " クラスの頂点は，4時刻経過後，3クラスへ遷

移し，ネットワークに復帰する．一方，2クラスの頂点はネッ

トワーク上で隔離されずに，各時刻ごとに与えられる回復確率

$! (&) によって 3クラスへ遷移する．ここで，回復確率 $! (&) は
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式 (3)∼(5)と同様に定義する．ただし，r-SIARモデルでは式 (4)

の /! (&) を，2クラスの頂点 ' が持つ ! または 3 クラスの頂点

と接続する枝の本数とする．

3. ネットワークモデル

本節では，感染症伝播の数値実験に使用した 2 つのネット

ワークモデルについて述べる．

3. 1 UCM (Uncorrelated Configuration Model)

文献 [4]では，次数分布が任意のべき則に従うネットワーク

UCM (Uncorrelated Configuration Model) [2]が使用されている．

UCMは，ネットワークの頂点数 7，次数分布のべき指数 8，最

小次数 .min を決め，最大次数が
√
7 となるような制約のもと，

次数列を作成する．作成した次数列をネットワークの各頂点に

割り当て，ランダムに結ぶことで作成されるネットワークで

ある．

3. 2 WSM (Watts-Strogatz Model)

WSM [3]は，頂点数 7，次数 . の規則的な円環状格子から，

確率 ,で枝をつなぎ変えて作成されるネットワークモデルで

ある．,= 0のときは枝のつなぎ変えが起きず，規則的な円環

状格子ネットワークとなる．一方，,= 0.01前後ではスモール

ワールドネットワーク，,= 1では全ての枝がつなぎ変えられ

たランダムネットワークになる．

4. 数 値 実 験

本稿で行った数値実験について述べる．本稿の目的は，ネッ

トワーク上での感染拡大を抑制するために，感染者の隔離が有

効であるかを定量的に評価することである．そこで，各感染症

伝播モデルを用いて，一度の接触による感染確率 # と，最終

感染率 9 の関係を調査した．: = {' | %! (&) > 0} としたとき，

: は r-SISモデルでは " クラスの頂点集合，r-SIARモデルでは

", 2, 3 クラスの頂点集合を表す．最終感染率 9 を式 (8)のよ

うに定義する．

9 =

|: |
7

(8)

ネットワークは頂点数 7 = 5000，最小次数 .min = 3，次数分

布が 8 = 2.4のべき則に従う UCMと，頂点数 7 = 5000，次数

. = 8 の規則的円環格子状ネットワークを確率 , = 0.01 で枝

をつなぎ変えたWSMを使用した．シミュレーション開始時に

は，全頂点の 1%の 50頂点を感染源としてランダムに配置し

た．また，r-SIARモデルでは，感染源の 50頂点に対し，確率

1 で " クラス，確率 1 − 1 で 2クラスとした．リソースの使用

率を $% = 0.60とし，リソース戦略パラメータ 0 = −2.0, 0, 2.0

とした．

まず，r-SISモデルを用いた場合の感染確率 #と最終感染率 9

の関係を図 5に示す．ここで，赤のプロットが 0 = −2.0，灰色

のプロットが 0 = 0，青のプロットが 0 = 2.0のリソース配分戦

略を表す．
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図 5 感染確率 . と最終感染率 4 の関係 (r-SIS モデル)

文献 [4] では UCM を用いて，感染者数のダイナミクスを表

す r-SISモデルで数値実験が行われているが，文献 [4]の図 2 (a)

と図 5 (a)は，ほぼ同様の概形が得られた．ただし，文献 [4]で

は # ≤ 0.015と # > 0.015で有効な戦略の入れ替わりが起きて

いるが，我々の数値実験では，どちらのネットワークモデルを

使用しても各戦略間の最終感染率 9 に対する有意な差はなく，

戦略間の効果の入れ違いは起きなかった．

次に r-SIARモデルを使用したときの感染確率 # と，最終感

染率 9 の関係を調査した．このとき，厚生労働省の新型コロ

ナウイルス感染症の国内発生動向 [5]より，7月 15日までの東

京都の陽性患者のうち，有症状者の割合を算出し，隔離確率を

1 = 0.39と設定した．得られた結果を図 6に示す．
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図 6 感染確率 . と最終感染率 4 の関係 (r-SIAR モデル)

図 6 から，再感染が起きないことと，ネットワークから約

40%(1 = 0.39)の感染者を隔離することによって，r-SISモデル

よりも最終感染率 9 を抑制している．また，図 6 (a), (b)から，

どちらのネットワークモデルにおいても各戦略の違いが最終感

染率に影響を与えていないこともわかる．したがって，これ以

降は 0 = 0に固定して数値実験を行った．

次に，再感染が起きないことと感染者隔離の効果をそれぞれ

定量的に評価するために，r-SISモデルと，1 = 0, 0.39とした

r-SIARモデルについて，感染確率 #と最終感染率 9の関係を図

7に示す．図 7 (a)を見ると，UCMにおいては，約 40%の感染

者の隔離という対策を行っても，0.1 ≤ # ≤ 0.2では約 20%程

度しか最終感染率を抑制できていないことがわかる．一方で，

図 7 (b)より，WSMでは 0 < # < 0.3において，感染者を隔離

しないときに比べ約 50%以上の最終感染率 9 を抑制できてい

ることがわかる．
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図 7 r-SIS モデル，r-SIAR モデル (/ = 0, 0.39) の感染確率 . と最終

感染率 4 の関係の比較

次に，r-SIARモデルについて，隔離確率 1と感染確率 #を変

化させた場合に，最終感染率 9 がどのように変化するかを調査

した．結果を図 8に示す．図 8では，最終感染率 9 (0≤ 9 ≤1)

をカラーマップで示している．図 8 (a), (b)から，どちらのネッ

トワークにおいても 1の値が大きいほど，どの #に対しても感

染を抑制できていることがわかる．しかし，図 8 (a)を見ると，

UCMにおいては，# = 0.5のとき，6割以上の感染者を隔離し

ないと 9 > 0.7となることがわかる．すなわち，感染力の強い

疾病においては，感染者を半数以上隔離しても最終感染率は高

いままであり，7∼8割以上の感染者を隔離しなければ，感染の

拡大を抑制することはできない．一方，図 8(b)を見ると，WSM

では，UCMに比べて全体的に青色が占めている割合が高く，感

染者の隔離が感染症の拡大抑制に効果的であることを示してい

る．しかし，WSモデルでも，# = 0.5のとき半数以上の感染者

を隔離しなければ 9 ≥ 0.8となる．これらの結果から，感染者

を隔離する対策は，ネットワーク構造と，感染力の強さに依存

して効果的となる場合もあるが，感染力が強い疾病 (# ≥ 0.4)の

場合，感染者の大多数を隔離しなければ，感染の拡散抑制に効

果はない．
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図 8 感染確率 . と隔離確率 /，最終感染率 4 の関係

5. ま と め

本稿では，確率的な感染症伝播モデルを用いて，感染者の隔

離がネットワーク上での感染拡大抑制にどの程度有効な対策で

あるかを定量的に評価した．感染者の隔離が有効であるかを

評価するために，r-SISモデルに隔離の効果を導入した r-SIAR

モデルを提案した．また，r-SISモデルと r-SIARモデルを用い

て，感染確率と隔離確率を変化させたときの最終感染率を評価

した．対象とするネットワークは UCMとWSMとした．

数値計算による検証の結果，感染力が高い感染症の場合は，

感染者を 5割以上隔離しなければ，8割程度拡散してしまうこ

とがわかった．この結果は，ネットワーク構造，感染力の強さ

によっては隔離という対策は効果的とならないことを示唆する

ものである．

今後は，どのようなネットワーク構造でより感染者の隔離が

有効であるのかを調査することが必要である．また，COVID-19

の感染拡大傾向により適応したモデル化のために，再感染を考

慮した感染症モデルや，隣接頂点だけでなく濃厚接触者という

概念を含んだ感染症モデルの構築を検討する．
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͢Δɽͦ͜ͰɼmBSSRPͷҰ෦ͷ੍ΛऔΓআ͖ɼͦͷ੍ʹର͢ΔҧΛॏΈ͖ͷҧྔͱͯ͠mBSSRP ͷ
తؔʹՃ͑ͨιϑτ੍͖ࣗసं࠶ஔ (mBSSRP-S) ΛఏҊ͍ͯ͠Δɽ͞ΒʹɼmBSSRP-SΛղ͘͜ͱͰ
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Abstract In a bike sharing system (BSS) , we proposed a multiple-Vehicle Bike Sharing System Routing Prob-
lem (mBSSRP) to determine short tours to adjust bicycles using vehicles in short time. However, it is difficult
to construct feasible solutions for some instances due to strict constraints of mBSSRP. Therefore, we proposed a
multiple-Vehicle Bike Sharing System Routing Problem with Soft Constraints (mBSSRP-S) that removes some con-
straints from mBSSRP and adds those violations to objective function of mBSSRP as penalties. Furthermore, we
proposed a dynamic weight adjustment method to efficiently explore both feasible and infeasible solution space of
mBSSRP by solving mBSSRP-S. Numerical experiments have shown that we obtained good solutions for instances
with about 50 ports. However, the number of ports in real BSSs in more than hundreds. Thus, in this study, we
investigate the performance for large-scale instances. As results of numerical experiments, we confirm that good
solutions of mBSSRP are obtained for the large-scale instances.
Key words large-scale bike sharing system, combinatorial optimization problem, multiple-vehicle bike sharing
system routing problem, tabu search
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ۙɼަ ௨ौͷ؇ɼCO2ݮɼ݈ ͷͨΊʹɼόΠΫࢤ߁

γΣΞϦϯάγεςϜ (Bike Sharing SystemɼҎԼɼBSS) ͱ

༗͢ΔαʔϏε͕ɼ৽͍͠ަ௨γڞΕΔࣗసंΛଞͷਓͱݺ

εςϜͱͯ͠ੈքதͰಋೖ͞Ε͍ͯΔɽBSSͰɼ֗தͷ༷ʑ
ͳॴʹઐ༻ͷறྠϙʔτΛઃஔ͢Δɽ֤ϙʔτͷିग़Մͳ
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Δ͜ͱ͕Ͱ͖ɼ؆қͳखଓ͖ʹΑΓɼࣗసंΛར༻͢Δ͜ͱ͕

Ͱ͖ΔɽBSSɼआΓͨࣗసंΛͲͷϙʔτฦ٫Ͱ͖Δॊ
ೈੑʹΑΓɼར༻ऀ͕૿Ճ͍ͯ͠Δɽ͔͠͠ɼར༻ऀ͕ࣗ༝ʹ

ग़ൃͱతΛܾఆͰ͖ΔͨΊɼࣗసं͕Ұํ͔Γʹར

༻͞Εͯ͠·͏ͱɼࣗసंΛआΓΔ͜ͱ͕Ͱ͖ͳ͍ϙʔτɼࣗ

సंΛฦ٫Ͱ͖ͳ͍ϙʔτ͕ൃੜͯ͠͠·͏ɽ͜ͷͨΊɼΓ

͍ͨॴͰࣗసंΛआΓɼ͖ͳॴͰฦ͢͜ͱ͕Ͱ͖Δ BSS
ͷར͕ࣦΘΕͯ͠·͏ɽ

͜ͷΛղܾ͢ΔͨΊʹɼBSSͰɼෳͷࣗసंճऩंΛ
༻͍ͯறྠϙʔτͷࣗసंΛௐ͍ͯ͠Δɽզʑɼෳͷ

ࣗసंճऩंͷޮతͳࣗసं࠶ஔܦ࿏Λܾఆ͢ΔͨΊʹɼෳ

ͷࣗసंճऩंΛ༻͍ͨࣗసं࠶ஔ (multiple-Vehicle
Bike Sharing System Routing ProblemɼҎԼɼmBSSRP) Λ
ఏҊ͠ɼ͜ͷʹର͢Δൃݟతղ๏Λ։ൃ͍ͯ͠Δ [1]ʙ[5]ɽ
ఏҊղ๏ɼ͍ؒ࣌Ͱࣗసंճऩंͷ८ճܦ࿏Λߏங͢Δ͜

ͱ͕Ͱ͖͕ͨɼҰ෦ͷྫʹର࣮ͯ͠ߦՄͳ८ճܦ࿏Λಘ

Δ͜ͱ͕Ͱ͖ͳ͔ͬͨɽ͜ΕɼmBSSRP੍͕݅͠ݫ
͍ͨΊɼ੍Λຬͨ͢८ճ࿏ΛߏஙͰ͖ͳ͔ͬͨ͜ͱ͕ݪҼͷ

1ͭͰ͋Δɽ
ͦ͜ͰɼmBSSRPͷҰ෦ͷ੍ΛऔΓআ͖ɼͦͷ੍ʹର͢
ΔҧΛॏΈ͖ͷҧྔͱͯ͠ mBSSRPͷతؔʹՃ͑
ͨιϑτͳ੍͖ࣗసं࠶ஔ (multiple-Vehicle Bike
Sharing System Routing Problem with Soft constraintsɼҎ
ԼɼmBSSRP-S)ΛఏҊͨ͠ [6]ɽmBSSRP-Sͷղ୳ࡧաఔͰ
ಘΒΕΔҧྔ͕ 0ͷղmBSSRPͷ࣮ߦՄղͰ͋Γɼҧ
ྔ͕ 0ΑΓେ͖͍ղ mBSSRPͷ࣮ߦෆՄղͰ͋Δɽզʑ
ɼmBSSRP-SΛղ͘͜ͱͰɼmBSSRPͷྑͳۙࣅղΛಘ
ΒΕΔ͜ͱΛใͨ͠ࠂɽ͔͠͠ɼmBSSRPͷྑͳۙࣅղΛ
ಘΔͨΊʹɼmBSSRP-S ͷతؔʹ༻͞ΕΔॏΈ
Λదͳʹઃఆ͢Δ͜ͱ͕ෆՄܽͰ͋ΓɼͦͷઃఆࠔͰ

͋Δɽ

ͦ͜ͰɼmBSSRP-SΛղ͘͜ͱͰ༏ΕͨmBSSRPͷղΛಘ
ΔͨΊʹɼmBSSRPͷ࣮ߦՄղͱ࣮ߦෆՄղͷ྆ํΛޮ
తʹ୳͢ࡧΔ͜ͱ͕Ͱ͖ΔಈతͳॏΈௐ๏ఏҊͯ͠

͍Δ [7]ɽ࣮ݧΛ݁ͨͬߦՌɼఏҊղ๏ɼϙʔτ͕ 50
ఔͷྫʹରͯ͠ mBSSRPͷྑͳۙࣅղ͕ಘΒΕΔ͜
ͱΛใ͍ͯ͠ࠂΔɽ͔͠͠ɼ࣮ࡍʹӡӦ͞Ε͍ͯΔ BSSͷறྠ
ϙʔτඦͰ͋Δɽͦ͜ͰຊใࠂͰɼϙʔτ͕ඦ͋

Δେنͳ mBSSRPʹର͢ΔఏҊղ๏ͷੑௐࠪΛ͏ߦɽ
࣮ݧͷ݁Ռɼେنʹରͯ͠ಈతͳॏΈௐ๏Λ

༻͍ͯ mBSSRP-SΛղ͘ํ๏ mBSSRPͷྑ͍ղΛ୳ࡧͰ
͖Δ͜ͱΛ֬ೝͨ͠ɽ

2. ࣗసं࠶ஔ

ෳͷࣗసंճऩंΛ༻͍֤ͯறྠϙʔτͷࣗసं

Λޮྑ͘࠶ௐ͢Δ८ճܦ࿏Λܾఆ͢ΔͨΊʹɼmultiple-
Vehicle Bike Sharing System Routing Problem (mBSSRP)
ͱ multiple-Vehicle Bike Sharing System Routing Problem
(mBSSRP-S) ΛఏҊ͍ͯ͠Δ [1]ɽmBSSRP ͱ mBSSRP-S
ɼ1 ͭͷσϙͱ n ͷறྠϙʔτɼmݸ ͷࣗసंճऩं

͕༩͑ΒΕΔɽ֤ϙʔτॳظঢ়ଶΑΓࣗసं͕ա͍ͯ͠

Δϙʔτ·ͨɼෆ͍ͯ͠Δϙʔτͷ 2छྨʹ͚ΒΕΔɽ
ճऩंա͍ͯ͠ΔϙʔτͰࣗసंΛճऩ͠ɼࣗసं͕ෆ

͍ͯ͠ΔϙʔτʹࣗసंΛิॆ͢ΔɽmBSSRPͱmBSSRP-S
ͷલఏ݅ΛҎԼʹࣔ͢ɽ

ʢ 1ʣσϙʹ༧උͷࣗసं͕༻ҙ͞Ε͍ͯΔͨΊɼճऩंσ
ϙͰࣗసंΛੵΜͰग़ൃ͢Δ͜ͱ͕ՄͰ͋Δɽ

ʢ 2ʣશͯͷճऩंσϙΛग़ൃ͠ɼ࠶ͼσϙʹΒͳ͚Ε͍
͚ͳ͍ɽ

ʢ 3ʣ࠶ஔۀ࡞தʹࣗసंมԽ͠ͳ͍ɽ

ʢ 4 ʣ֤ ϙʔτʹ 1ͷճऩं͕ 1͔͠๚Ͱ͖ͳ͍ɽ

͜ΕΒͷલఏ݅ͷͱͰɼෳͷࣗసंճऩंΛ༻͍ͯ࠶

ஔۀ࡞Λ͏ߦɽ

2. 1 multiple-Vehicle Bike Sharing System Rout-
ing Problem (mBSSRP)

mBSSRPͷղɼલఏ݅ʹՃ͑ͯҎԼʹࣔ͢ 3ͭͷ੍
݅Λຬͨ͞ͳ͚Ε͍͚ͳ͍ɽ

ʢ 1 ʣ੍ :੍ؒ࣌ݶ ճऩं੍ؒ࣌ݶʹσϙʹΒͳ͚Ε
͍͚ͳ͍

ʢ 2 ʣੵ :Έ੍ࠐ ճऩंੵࡌ༰ྔΛ͑ͯࣗసंΛੵΉ͜ͱ
͕Ͱ͖ͳ͍

ʢ 3 ʣิ ॆ੍: 1ͷ๚Ͱෆ͍ͯ͠Δϙʔτʹඞཁͳ
Λิॆ͠ͳ͚Ε͍͚ͳ͍

mBSSRP ͷతɼલఏ݅ͱ (1) ∼ (3) ͷ੍݅Λຬ
ͨ͢८ճܦ࿏தͰɼճऩंͷ૯Ҡಈ࠷͕ؒ࣌খͱͳΔ८ճܦ࿏

ΛٻΊΔ͜ͱͰ͋Δɽ

2. 2 multiple-Vehicle Bike Sharing System Rout-
ing Problem with Soft Constraints (mBSSRP-
S)

mBSSRP-SͰɼmBSSRP͔Β (1) ∼ (3)ͷ੍݅Λऔ
Γআ͖ɼͦΕΒͷҧྔΛॏΈ͖ͷͱͯ͠తؔʹՃ

͑ΔɽmBSSRP-SͷతؔΛҎԼʹࣔ͢ɽ

૯Ҡಈؒ࣌+ α× PT + β × (Pb+ + Pb−) (1)

ࣜ (1) ʹ͓͍ͯɼ૯Ҡಈؒ࣌ͱશͯͷճऩंͷҠಈؒ࣌ͷ૯
Λࣔ͠ɼmBSSRP ͷతؔͰ͋ΔɽPT աؒ࣌Ͱ͋
Γɼ੍ؒ࣌ݶΛ͑ͯۀ࡞Λؒ࣌ͨͬߦͰ͋ΔɽPb+ ͱ Pb− 

ͦΕͧΕੵࠐΈҧͱิॆҧΛද͢ɽੵࠐΈҧ

ͱɼࣗసं͕ա͍ͯ͠ΔϙʔτͰੵࡌ༰ྔ੍ͷͨΊʹ

ࣗసंΛճऩंʹੵࠐΉ͜ͱ͕Ͱ͖ͳ͔ͬͨͰ͋Δɽิॆ

ҧͱɼࣗసं͕ෆ͍ͯ͠Δϙʔτʹ͓͍ͯճऩंʹ

ੵΜͰ͍Δࣗసं͕গͳ͍ͨΊʹɼࣗసंΛิॆ͢Δ͜ͱ

͕Ͱ͖ͳ͔ͬͨͰ͋Δɽաؒ࣌ɼੵࠐΈҧɼิॆ

ҧ͕ 0ͷղɼmBSSRPͷ࣮ߦՄղͰ͋Δɽαɼβ 
ϖφϧςΟͷॏΈͰ͋Δɽ

3. ఏҊղ๏ͷٻղखॱ

mBSSRP ͱ mBSSRP-S Λղͨ͘ΊͷఏҊղ๏ͷٻղखॱ
ʹ͍ͭͯઆ໌͢Δɽ·ͣ࢝Ίʹɼߏங๏ʹΑΓॳظղΛੜ͢

ΔɽmBSSRPΛղ͘߹ʹۙ࠷ૠೖ๏ɼmBSSRP-Sͷ߹
࠷ԕૠೖ๏Λߏͨ͠ʹجங๏ʹΑΓॳظղΛੜ͢Δɽ

͍ͯ༺๏Λɼϧʔτૠೖ๏ͱϧʔτަʹ࣍ 1ͭͷ८ճ
࿏ͷվળૢ࡞Λ͏ߦɽϧʔτૠೖͱɼ͋Δ८ճ࿏ͷ 3 ݸ
ҎԼͷ࿈ଓ͢Δϙʔτྻ a′− b ΛಉҰ८ճ࿏தͷ c− c′ ʹૠೖ

͢Δख๏Ͱ͋Δ (ਤ 1(a))ɽϧʔτަ๏ͱɼ͋Δ८ճ࿏
ͷ࿈ଓ͢Δ ҎԼͷϙʔτྻݸ3 a′− b ͱಉҰ८ճ࿏தͷ࿈ଓ͢
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a′!
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a
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(a) ϧʔτૠೖ๏

a′ !

a

b

b′!

c

c′!d

d′!

a′ !

a

b

b′!

c

c′!d

d′ !

(b) ϧʔτަ๏

a′ !

a

b

b′!

c c′ !

a′ !

a

b

b′!

c c′ !

(c) Or-opt

a′!

a

b

b′ !

c

c′ ! d

d′!

a′!

a

b

b′ !

c

c′! d

d′!

(d) CROSS-exchange

a′!

a b

b′!

a′!

a b

b′!

(e) 2-opt ๏

ਤ 1 .๏ͷྫࡧॴ୳ہ ϙʔτΛࣔ͢ɽܗ࢛֯σϙɼܗ֯ࡾ

Δ ҎԼͷϙʔτྻݸ3 c′ − d Λަ͢Δํ๏Ͱ͋Δ (ਤ 1(b))ɽ
ղΛಘΔͨΊʹɼOr-opt͍ྑʹߋ [8] ͱ CROSS-exchange [9]
ͷ࣮ߦΛλϒʔαʔν [10]ʙ[12] Ͱ੍͢ޚΔख๏ʹΑΓղ୳ࡧ
Λ͏ߦɽOr-optͱɼ͋Δ८ճ࿏ͷ࿈ଓ͢Δ ҎԼͷϙʔݸ3
τྻ a′ − b ΛҟͳΔ८ճ࿏ c − c′ ʹૠೖ͢Δํ๏Ͱ͋Δ (ਤ
1(c))ɽCROSS-exchangeͱɼ͋Δ८ճ࿏ͷ ҎԼͷ࿈ଓݸ3
͢Δϙʔτྻ a′ − b ΛҟͳΔ८ճ࿏தͷ 3 ҎԼͷϙʔτྻݸ
c′ − dͱަ͢Δํ๏Ͱ͋Δ (ਤ 1(d))ɽ
λϒʔαʔνہॴ୳ࡧͱಉ༷ʹɼࡏݱͷղͷۙղʹભҠ

͢Δɽہॴ୳ࡧͰɼࡏݱͷղΑΓྑ͍ղʹ͔͠ભҠ͢Δ͜

ͱ͕Ͱ͖ͳ͍͕ɼλϒʔαʔνͰࡏݱͷۙղͷதͰ࠷ྑ

͍ղʹભҠ͢Δɽ͕ͨͬͯ͠ɼࡏݱͷղΑΓվѱͳղʹભҠ

͢Δ߹͋Δɽλϒʔαʔνɼपظతͳղ୳ࡧΛ͙ͨΊ

ʹɼաڈͷ୳ࡧཤྺΛλϒʔϦετʹՃ͠ɼλϒʔϦετʹ

ભҠ͢Δ͜ͱ͕Ͱ͖ͳ͍ɽ͜ͷؒظΕ͍ͯΔղϔҰఆ͞ࡌه

ͰɼλϒʔαʔνڀݚͿɽຊݺͷ͜ͱΛλϒʔχϡΞͱؒظ

͕ભҠ͢ΔۙΛ Or-opt ·ͨ CROSS-exchange Ͱߏங͢
ΔɽຊڀݚͰɼOr-opt·ͨ CROSS-exchange͕࣮͞ߦΕ
ͨ߹ɼަ͞ΕΔ෦ॱྻͷ࢝ͷΈ߹ΘͤΛλϒʔϦε

τʹՃ͢Δɽ͕ͨͬͯ͠ɼCROSS-exchange·ͨ Or-opt
ͷΈ߹Θͤ࢝ΕΔ෦ॱྻͷ͞Εͨ߹ɼަ͞ߦ࣮͕

a′ − c′ ͕λϒʔϦετʹอଘ͞Εɼ͜ΕΒΛ࢝ͱ͢Δૢ࡞

Ұఆ͞ࢭېؒظΕΔɽ୳ࡧաఔͷதͰ mBSSRPͷ࣮ߦՄղ
͕ಘΒΕͨ߹ (աؒ࣌ɼੵࠐΈҧɼิॆҧ͕
0ͷͱ͖) ɼ2-opt๏Λ࣮͢ߦΔɽ2-opt๏ͱ 1ͭͷ८ճ࿏
Ͱࢬ a− a′ ͱࢬ b− b′ Λ͔͑͗ܨΔํ๏Ͱ͋Δɽ͋Β͔͡Ίܾ

ΊΒΕͨճλϒʔαʔνʹΑΔղભҠΛ܁Γฦ͠ɼղ୳ࡧͷ

աఔͰಘΒΕͨྑ࠷ղΛग़ྗ͢Δɽͦͷղʹରͯ͠ɼϧʔτ

ૠೖɼϧʔτަΛ͍ߦɼ1ͭͷ८ճ࿏Ͱվળૢ࡞Λ͏ߦɽ

ຊڀݚͰ mBSSRP-SΛղ͍ͯ mBSSRPͷྑͳۙࣅղ
Λ୳͢ࡧΔ߹ɼతؔͷϖφϧςΟʔͷॏΈ αͱ β Λ

୳ࡧঢ়ଶʹԠͯ͡ಈతʹมԽͤ͞ΔɽtճͷղભҠʹ͓͚Δ

ॏΈΛ α(t)ɼੵࠐΈɾิॆ੍ʹର͢ΔॏΈΛ β(t)ͱ
ͨ͠ͱ͖ɼtճͷղભҠʹ͓͚ΔతؔҎԼͷࣜͰද

͞ΕΔɽ

૯Ҡಈؒ࣌+ α(t)× PT(t) + β(t)× (Pb+(t) + Pb−(t)) (2)

ࣜ (2) ͷ t ճͷ୳ࡧͰಘΒΕͨ [α(t) × PT(t)] ͱ [β(t) ×
(Pb+(t) + Pb−(t))]Λൺֱ͠ɼࣜ (3)ɼ(4) ͷߋ৽ࣜΛ༻͍ͯ
ௐΛ͏ߦɽ
α(t + 1) =⎧
⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

λα(t) if α(t)× PT(t) > β(t)(Pb+(t) + Pb−(t)),
and PT(t) ≠ 0,

µα(t) if α(t)× PT(t) < β(t)(Pb+(t) + Pb−(t)),
and PT(t) ≠ 0,

α(t) if α(t)× PT(t) = β(t)(Pb+(t) + Pb−(t)),
and PT(t) ≠ 0,

α(t) if PT(t) = 0,

(3)

β(t + 1) =⎧
⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

λβ(t) if α(t)× PT(t) < β(t)(Pb+(t) + Pb−(t)),
and Pb+(t) + Pb−(t) ≠ 0,

µβ(t) if α(t)× PT(t) > β(t)(Pb+(t) + Pb−(t)),
and Pb+(t) + Pb−(t) ≠ 0,

β(t) if α(t)× PT(t) = β(t)(Pb+(t) + Pb−(t)),
and Pb+(t) + Pb−(t) ≠ 0,

β(t) if Pb+(t) + Pb−(t) = 0.

(4)

͜͜Ͱɼλ(> 1) ॏΈͷ૿ՃྔΛௐ͢Δύϥϝʔλɼ
µ(0 < µ < 1)ݮগྔΛௐ͢ΔύϥϝʔλͰ͋Δɽ

4.   ࣮ ݧ

10km × 10km ͷΤϦΞʹɼσϙͱ 100 ͷϙʔτͷݸ
͕ҟͳΔྫΛ 5 ɽաෆ͏ߦ͠ੑධՁΛ࡞ͭ
 −5 ∼ +5ͱ͠ɼ࠷େੵࡌ༰ྔ 10ͷճऩं 5͕࠶
ஔۀ࡞Λ͏ߦɽճऩं 30[km/h]ͰҠಈ͠ɼࣗసं 1͋ͨ
Γͷؒ࣌ۀ࡞ 2 ɼ੍ؒ࣌ݶ 180 ͱ͢Δɽߦࢼճ
50 ͱ͠ɼλϒʔςχϡΞ 70, λϒʔαʔνͷ܁Γฦ͠ճ
(ΠλϨʔγϣϯ) 1,000ͱ͢ΔɽॏΈͷύϥϝʔλ
α(0) = 1ɼβ(0) = 1ɼλ = 1.05ɼµ = 0.7ͱͨ͠ɽ

4. 1 ࣮ ݧ ݁ Ռ

ද 1ʹ mBSSRPΛղ͍ͨ݁Ռɼද 2ʹ mBSSRP-SΛղ͍
ͯಘΒΕͨ mBSSRP ͷ݁ՌΛࣔ͢ɽද 1ɼ2͔ࠨΒ൪
߸ɼతؔͷฏۉɼྑ࠷ɼ࠷ѱɼؒ࣌ࢉܭɼ50 ͷݸ
ՄղͷΛࣔ͢ɽදߦͷதͰಘΒΕ࣮ͨߦࢼ 1 ΑΓɼ
1ɼ2ɼ5ʹରͯ͠ ͷதͰߦࢼ50 1 ࣮ͭߦՄղ͕ಘΒΕ
ͳ͔͕ͬͨɼ 3ɼ4 ʹରͯ͠ 50 ͷதͰճ͚࣮ͩߦࢼ
ՄղΛಘΒΕͨ͜ͱ͕Θ͔ΔɽҰํɼmBSSRP-Sߦ Λղ͍
ͯɼmBSSRPͷ࣮ߦՄղΛಘΔํ๏Ͱɼશͷશߦࢼ
ՄղΛಘΔ͜ͱ͕Ͱ͖͍ͯΔߦ࣮͍͓ͯʹ (ද 2). ͞Βʹɼ
 3ɼ4ͷྑ࠷ղʹ͍ͭͯൺֱ͢ΔͱɼmBSSRP-SΛղ͍ͨ
΄͏͕͍८ճ࿏ΛಘΔ͜ͱ͕Ͱ͖͍ͯΔɽ͔͠͠ɼؒ࣌ࢉܭ

ʹ͍ͭͯ mBSSRPΛղ͘΄͏͕͍݁Ռͱͳͬͨɽ͜Ε
mBSSRP-SΛղ͘߹ɼmBSSRPͷ࣮ߦෆՄղۙղͱ
ͳΔͨΊɼ୳ൣࡧғ͕͕Δ͔ΒͰ͋Δɽ

ߟ͍ͯͭʹࢠͷ༷ࡧɼmBSSRPͱmBSSRP-Sͷղ୳ʹ࣍
͢Δɽਤ 2ɼ 3ʹର͢Δ֤ߦࢼʹ͓͍ͯɼ1000ΠλϨʔ
γϣϯதʹަ͞Εͨ෦ྻͷઌ಄ϙʔτ a′ ͱ c′ ͷΈ߹Θ
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ද 1 mBSSRP Λղ͍ͨ݁Ռ

No. ฏۉ ྑ࠷ ѱ࠷ ؒ࣌ࢉܭ [s]
ಘΒΕͨ

Մղߦ࣮

3 112,075.25 111,416 113,916 431.68 4
4 121,287.00 121,287 121,287 440.01 1

ද 2 mBSSRP-S Λղ͖ಘΒΕͨ mBSSRP ͷ݁Ռ

No. ฏۉ ྑ࠷ ѱ࠷ ؒ࣌ࢉܭ [s]
ಘΒΕͨ

Մղߦ࣮

1 119,663.24 116,138 125,689 539.44 50
2 118,280.04 113,323 125,884 532.35 50
3 113,082.80 108,516 119,708 549.36 50
4 120,097.32 116,042 127,243 555.68 50
5 122,788.34 119,708 128,506 536.73 50
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(a) mBSSRP (b) mBSSRP-S

ਤ 2 mBSSRPͱ mBSSRP-SΛղ͍ͨͱ͖ɼަ͞Εͨϙʔτͷ
Έ߹Θͤͷछྨͱతؔͷؔ

ͤͷछྨͱྑ࠷ղΛࣔ͢ɽͳ͓ɼߦࢼճΈ߹Θͤͷछ

ྨʹै͍ঢॱʹฒม͍͑ͯΔɽmBSSRP-SͰmBSSRP
ͷ࣮ߦෆՄྖҬભҠͰ͖ΔͨΊɼmBSSRPΛղ͘ΑΓ
ଟ࠼ͳަߦ͕ΘΕɼͦΕʹΑΓ༏Εͨղ͕ಘΒΕͨͷ͔ͱ

༧͞ΕΔɽ͔͠͠ɼਤ 2 ΑΓɼަ͞ΕͨϙʔτͷΈ߹Θ
ͤछྨͱੑؔݟ͕ੑΒΕͳ͔ͬͨɽ

ਤ 3ʹɼ֤ ͷߦࢼ 1000ΠλϨʔγϣϯͷதͰ࣮ߦՄղΛ୳
Մߦճ࣮ߦࢼΛࣔ͢ɽղͷؔྑ࠷ճͱಘΒΕͨͨ͠ࡧ

ղͱ୳ͨ͠ࡧճʹԠͯ͡ঢॱʹฒͼม͍͑ͯΔɽmBSSRP
ͷ࣮ߦՄղΛΑΓଟ͚ͭ͘ݟΔ͜ͱͰྑ࠷ղͷީิ͕૿͑Δ

ͨΊɼղ୳ੑࡧ্͕͢Δͱ͑ߟΒΕΔ͕ɼਤ 3ͷ݁Ռ͔Β
ɼ͜ΕΒͷؒʹ͕ؔͳ͍͜ͱ͕͔Δɽ

5. · ͱ Ί

ຊڀݚͰɼಈతʹॏΈΛௐ͠ͳ͕Β mBSSRP-SΛ
ղ͖ɼmBSSRPͷྑͳۙࣅղΛٻΊΔํ๏͕େنͳ mB-
SSRPʹରͯ͠༗ޮͰ͋Δͷ͔ੑΛௐࠪͨ͠ɽ࣮ݧͷ
݁ՌɼmBSSRP-SΛղ͖ɼmBSSRPͷղΛ୳͢ࡧΔํ๏ɼ
mBSSRPΛղ͘ΑΓ͍ܦ࿏Λ͚ͭݟΒΕΔ͜ͱΛ֬ೝ͠
ͨɽ·ͨɼmBSSRPͰ࣮ߦՄղΛ͚ͭݟΔ͜ͱ͕Ͱ͖ͳ
͔ͬͨʹରͯ͠ɼmBSSRP-SͰmBSSRPͷ࣮ߦՄղ
Λ͚ͭݟΔ͜ͱ͕Ͱ͖ͨɽ͔͠͠ɼmBSSRP-SͰmBSSRP
ͷ࣮ߦෆՄղۙղͱͯ͠ѻΘΕͯ͠·͏ͨΊɼղ୳ࡧͷ

ൣғ͕͕Γɼ͍ؒ࣌ࢉܭΛཁͯ͠͠·͏ɽैͬͯɼޙࠓͷ
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ਤ 3 mBSSRP-SΛղ͍ͨͱ͖ɼ࣮ߦՄղͨ͠ճͱతؔͷ
ؔ

՝ͱͯ͠ɼ୳ൣࡧғΛݶఆؒ࣌͠ࢉܭΛॖ͢Δ͜ͱͳͲ

ΒΕΔɽ͑ߟ͕

·ͨɼmBSSRP-S Λղ͘͜ͱͰɼྑ͍ղ͕ಘΒΕΔཧ༝
mBSSRPͷ࣮ߦՄղͱ࣮ߦෆՄղΛ୳͢ࡧΔͨΊͩͱߟ
͑ΒΕΔɽͦ͜Ͱɼ͜ΕΛ֬ೝ͢ΔͨΊʹۙૢ࡞ͷछྨͱ

ੑ࣮ߦՄղͷ୳ࡧճͱੑʹ͍ͭͯௐ͕ͨɼ໌Β͔

ͳؔੑΛ͍ࣔͯ͠ͳ͔ͬͨɽఏҊղ๏ͷੑΛ্ͤ͞Δ

ͨΊʹ༏Εͨੑ͕ಘΒΕΔཧ༝ʹ͍ͭͯ໌Β͔ʹ͢Δඞཁ

͕͋Δɽ

ँࣙ ຊڀݚ JSPS Պݚඅ 19K04907, 15KT0112,
17K00348ͷॿΛड͚ͨͷͰ͋Δɽ

จ ݙ
[1] ሣഅൕೆɼদӜོจɼ“όΠΫγΣΞϦϯάγεςϜʹ͓͚Δෳͷࣗసं

ճऩंΛ༻͍ͨࣗసं࠶ஔ,” 2017 ిࢠใ௨৴ֶձ NOLTA
ιαΤςΟେձɼNLS-16ɼ2017.

[2] H. Tsushima, T. Matsuura, and K. Jin’no, “Local Search
Method for Multiple-Vehicle Bike Sharing System Routing
Problem,” Journal of Signal Processing, Vol. 22, No. 4, pp. 157-
160, 2018.

[3] H. Tsushima, T. Matsuura, and T. Kimura, “Tabu Search
Method for Multiple-Vehicle Bike Sharing System Routing
Problem,” Proc. of IEICE NOLTA 2018, pp. 168–171, 2018.

[4] ሣഅൕೆɼদӜོจɼଜوɼ“ෳͷࣗసंճऩंΛ༻͍ͨࣗసं࠶
ஔʹର͢ΔΧΦεαʔν๏ͷఏҊ,” ৴ֶٕใ, Vol. 118, No. 106,
pp. 57–62, 2019.

[5] Gurobi Optimizer: http://www.gurobi.com
[6] ሣഅൕೆ, ଜو, দӜོจ, “ιϑτͳ੍͖ࣗసं࠶ஔʹର

͢Δղ๏ͷڀݚ, ” ৴ֶٕใ, Vol. 119, No. 19, pp. 65–70, 2019.
[7] ሣഅൕೆɼଜوɼদӜོจ, “ࣗసं࠶ஔʹର͢Δ࣮ߦՄղ

ͱෆՄղͷ୳ࡧΛಈతʹมԽͤ͞Δղ๏ͷఏҊ, ” ৴ֶٕใ, Vol. 119,
No. 381, pp. 13–18, 2020.

[8] Or. I, “Traveling salesman-type combinational problems and
their relation to the logistics of blood banking, ” Xerox Univ.
Microfilms 1976.

[9] E. Taillard, P. Badeau, M. Gendreau, F. Geurtin, and J.Y.
Potvin, “A Tabu Search Heuristic for the Vehicle Routing Prob-
lem with Time Windows, ” Transportation Science, Vol. 31,
pp. 170–186, 1997.

[10] F. Glover, “Tabu Search-Part I,” ORSA Jounal on Computing,
Vol. 1, No. 3, pp. 190–206, 1989.

[11] F. Glover, “Tabu Search-Part II,” ORSA Jounal on Computing,
Vol. 2, No. 1, pp. 4–32, 1990.

[12] F. Glover, “A user’s guide to tabu search,” Annals of Opera-
tions Reserch, Vol. 41, pp. 3–28, 1993.

— 4 —- 22 -

Ikeguchi Laboratory 2020(p. 99 / 188)



ࣾஂ๏ਓ ใ௨৴ֶձࢠి
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

৴ֶٕใ
TECHNICAL REPORT OF IEICE.

ωοτϫʔΫߏ͕ใ֦ࢄʹ༩͑ΔӨڹͷղੳ

δϣϩΤϯ† ᖒా †† ౡా ༟††† ޱ ప†,††,††††

† ౦ژཧՊେֶ େֶӃڀݚֶՊ ใֶઐ߈
˟125-8585 ౦ژ০۠৽॓ 6–3–1

†† ౦ژཧՊେֶ େֶӃڀݚֶՊ ߈ઐֶӦܦ
††† େֶۄ࡛ େֶӃཧڀݚֶՊ ཧిࢠใ෦
˟338–8570 อٱԼେ۠ࡩࢢ·͍ͨ͞ݝۄ࡛ 255

†††† ౦ژཧՊେֶ ෦ֶ ใֶՊ
E-mail: †jyoroen@hisenkei.net

͋Β·͠ ຊߘͰɼݻ༗ϕΫτϧத৺ੑΛྀͨ͠ߟใ֦ࢄͷཧϞσϧΛఏҊ͢Δɽ·ͨɼఏҊϞσϧΛ༻͍ͯɼ

ใͷӨ͕ྗڹใ֦ࢄʹ༩͑ΔޮՌͱωοτϫʔΫߏͷؔΛௐࠪ͢Δɽ·ͣɼنଇతͳωοτϫʔΫͱϥϯμ

ϜωοτϫʔΫ্ͰใͷӨྗڹΛมԽͤͨ͞߹ͷ࠷ऴతͳใͷ֦ࢄʹ͍ͭͯௐࠪͨ͠ɽ࣍ʹɼنଇతͳωο

τϫʔΫͱϥϯμϜωοτϫʔΫ্ͰใͷӨྗڹΛมԽͤͨ͞߹ͷฏࢄ֦ۉʹ͍ͭͯௐࠪͨ͠ɽͦͷ݁Ռɼ

ใͷӨ͕ྗڹେ͖͘ͳΔͱɼنଇతͳωοτϫʔΫͱϥϯμϜωοτϫʔΫ্Ͱͷ࠷ऴతͳใͷ֦ࢄنଇత

ͳωοτϫʔΫͷํ͕େ͖͘ɼͦͷࠩϐʔΫʹୡ͔ͯ͠Βখ͍͞ʹऩଋ͢Δ͜ͱ͕Θ͔ͬͨɽҰํɼใ͕ωο

τϫʔΫશମ·Ͱ͕Δ߹ɼنଇతͳωοτϫʔΫͱϥϯμϜωοτϫʔΫ্Ͱͷฏࢄ֦ۉϥϯμϜωοτ

ϫʔΫͷํ͕େ͖͘ɼͦͷࠩใͷӨ͕ྗڹେ͖͘ͳΔͱڞʹ֦େ͢Δ͜ͱ͕Θ͔ͬͨɽ

Ωʔϫʔυ ใ֦ࢄɼෳࡶωοτϫʔΫɼཧϞσϧɼωοτϫʔΫத৺ੑ

Analysis of influence of network structure on information diffusion
Luyan XU†, Kazuya SAWADA††, Yutaka SHIMADA†††, and Tohru IKEGUCHI†,††,††††

† Department of Information and Computer Technology, Graduate School of Engineering, Tokyo University
of Science

Niijuku 6-3-1, Katsushika-ku, Tokyo, 125-8585, Japan
†† Department of Management Science, Graduate School of Engineering, Tokyo University of Science
††† Department of Information and Computer Sciences, Graduate School of Science and Engineering,

Saitama University
255 Shimo-Okubo, Sakuraku, Saitama City, Saitama 338–8570, Japan

†††† Department of Information and Computer Technology, Faculty of Engineering, Tokyo University of
Science

E-mail: †jyoroen@hisenkei.net

Abstract In this paper, we propose an information diffusion model with eigenvector centrality. Using the proposed
model, we investigated the relationship between the influence of information and the final diffusion rates on regular
and random networks, when we change the influence of information. Next, we investigated the relationship between
the influence of information and the average spreading speed on regular and random networks, when we change the
influence of information. As a result, we found that the final diffusion rates on regular network are higher than
those on random networks. When the influence of information increases, the difference of the final diffusion rates
between regular and random networks increases to a peak value, and finally converges to a small value. On the
other hand, when information spreads to the entire network, we found that the average spreading speed on random
networks is faster than that on regular networks. In addition, the difference of the average spreading speed between
regular and random networks increases with the influence of information.
Key words Information diffusion, Complex network, Mathematical model, Network centrality
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1. Introduction

The social relationships of people can be described as net-
works, where people are represented as vertices, and their so-
cial ties are represented as edges. In recent years, there have
been a lot of researches on information diffusion on such net-
works. For example, Centola reported that the information
spreads more widely on a hexagonal lattice than on regular
random networks by a social experiment [1]. To support the
results of Centola’s experiment, we have already proposed an
information diffusion model in which the level of interest in
information changes according to the eigenvector centrality
of vertices. Then, we reported that the information spreads
more easily on regular networks than on random networks
through the proposed model [2].

In this paper, we investigated the relationship between the
influence of information and the final diffusion rates on regu-
lar and random networks through the proposed model. Fur-
thermore, we investigated the relationship between the in-
fluence of information and the average spreading speed on
regular and random networks.

2. Proposed model

In this section, we describe the proposed model in which
the level of interest in information changes according to the
eigenvector centrality of vertices. Eigenvector centrality [3]
is an indicator of the property that the more adjacent ver-
tices of high degree has, the more likely the vertex plays an
important role in the network. In other words, vertices with
high eigenvector centralities are likely to play an important
role in the networks.

We define the eigenvector centrality of vertex i as Ei.
Then, the proposed model is shown by Eq. (1).

xi(t+ 1) = e−1/τxi(t) +
∑

j∈Gi

αF (xj(t)− θj)
Ej

Ei
, (1)

where F (x) is a step function, xi(t) is the interest of infor-
mation of the vertex i at time t, Gi is a set of indexes of
adjacent vertices of the vertex i, θj is the threshold of the
vertex j, τ is the decay parameter, and α is the parameter
that determines the influence of information. In Eq. (1),
e−1/τ represents the decay of the level of interest in informa-
tion over time. In Eq. (1), Ej/Ei indicates that the greater
the eigenvector centrality of the information sender against
the receiver, the higher level of interest in that information
is.

3. Network models

In this section, we describe the networks which we used
in this paper. As a regular network, we used the Hexago-
nal Lattice Network (HLN) [1] which is a torus network in

which each vertex has six neighbors as shown in Fig. 1(a).
As a random network, we used random networks generated
by rewiring edges in HLNs in the same manner as the Watts
and Strogatz model [4] as shown in Fig. 1(b). In addtion, we
define the rewiring probability as p, and the total number of
vertices as N .

(a) (b)

Figure 1 Examples of (a) the Hexagonal lattice network and (b)
the random network (N = 128). The network in (b) is
obtained by rewiring edges of the network in (a) with
p = 1.

4. Numerical experiments
4. 1 Experimental conditions
We set 0.05 ≤ α ≤ 1, and e−1/τ = 0.8. Under these condi-

tions, we investigated the relationship between the influence
of information and the final diffusion rates on regular and
random networks through the proposed model. Furthermore,
we investigated the relationship between the influence of in-
formation and the average spreading speed on regular and
random networks. In the numerical experiments, we started
the diffusion with a randomly choosing vertex i∗ from the
network and setting xi∗(0) which is larger than its threshold
θi∗ . The end timing of the diffusion T was defined as the
previous timing when vertices that could spread information
disappear. We define the number of vertices whose level of
interest in information once reached their thresholds by time
t as n(t), the diffusion rate at time t as Eq. (2).

s(t) = n(t)
N

. (2)

Then, the final diffusion rate of information is defined by Eq.
(3).

S = s(T ). (3)

The average spreading speed is defined by Eq. (4).

v̄ = S

T
. (4)

In this paper, we used HLNs (N = 512) and their randomized
networks. In addition, the threshold θi obeys a truncated
normal distribution with an average µ = 0.7 and a variance
σ2 which lies within the range [0.4, 1.0]. In this section, all
results are averaged over 1, 000 trials.
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4. 2 Results
First, we investigated the relationship between the influ-

ence of information α and the final diffusion rates S on reg-
ular and random networks when we applied the proposed
model to HLNs and random networks as shown in Fig. 2.

 0

 0.2

 0.4

 0.6
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 0  0.1  0.2  0.3  0.4  0.5  0.6  0.7  0.8  0.9  1
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σ=0.3, p=1

σ=0.4, p=0

σ=0.4, p=1

Figure 2 The relationship between the influence of information
α and the final diffusion rates S when we applied the
proposed model to HLNs and random networks.

Figure 2 shows that the diffusion of information rarely oc-
curs when the influence of information α is less than or equal
to 0.4. On the other hand, when the value of α is greater
than 0.4, the final diffusion rate S increases with the value of
α on regular and random networks, and converges to unity
on regular networks, when the value of α is greater than 0.7.
In addition, the difference of S between regular and random
networks changes significantly when 0.4 < α ≤ 1. To calcu-
late the difference of S between regular and random networks
quantitatively, we investigated the relationship between the
influence of information α and the difference of S on regular
and random networks as shown in Fig. 3. In Fig. 3, we de-
fine the difference of S between regular and random networks
as DS .
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Figure 3 The difference of the final diffusion rates S between
regular and random networks against the influence of
information α.

Figure 3 shows that DS increases to about 0.6 in the range
of 0.4 ≤ α < 0.55 and decreases to about 0.12 in the range
of 0.55 ≤ α < 1 when the standard deviation σ = 0.2, 0.3
and 0.4. On the other hand, DS increases to 0.54 in the
range of 0.4 ≤ α < 0.65 and decreases to 0.12 in the range
of 0.65 ≤ α ≤ 1, when σ = 0.1. These results show that

the greater the influence of information α is, the less the dif-
ference of the final diffusion rate S on regular and random
networks, when 0.65 ≤ α ≤ 1.

Next, we investigated the average spreading speed v̄ on
regular and random networks when the final diffusion rate
S = 1. According to the frequency distribution normalized
by the range [0, 1] of the final diffusion rate S of random
networks as shown in Fig. 4, we found that the cases that
S ∈ [0.9, 1] are less than 20 percents when α = 0.5 and 0.55,
about 20 ∼ 40 percents when α = 0.6. Figure 4 indicates
that the cases that S > 0.9 are rare in random networks
when α is less than 0.6. Then, we investigated the relation-
ship between α and v̄ when 0.6 ≤ α ≤ 1 and S = 1. The
results are shown in Fig. 5.
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Figure 5 The relationship between the influence of information
α and the average spreading speed v̄ when we applied
the proposed model to HLNs and random networks.

Figure 5 shows that the average spreading speed v̄ in-
creases with the value of α in both regular and random net-
works. In addition, the values of v̄ on random networks are
always greater than those on regular networks. Furthermore,
the ratios of α and v̄ on random networks are greater than
those on regular networks. To quantify the difference of v̄
on random and regular networks, we investigated the rela-
tionship between α and the difference of v̄ on random and
regular networks as shown in Fig. 6, where we define the
difference of v̄ between random and regular networks as Dv̄.

 0
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Figure 6 The difference of the average spreading speed v̄ between
random and regular networks against the influence of
information α

Figure 6 shows that Dv̄ increases with the value of α in
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the range of 0.6 ≤ α ≤ 1, when S = 1. In other words, the
greater the influence of information α is, the faster the av-
erage spreading speed v̄ is. In addition, the spreading speed
of information in the random networks is faster than regular
networks, when S = 1.

5. Conclusion

In this paper, we investigated the relationship between the
influence of information and the final diffusion rates on regu-
lar and random networks. Furthermore, we also investigated
the relationship between the influence of information and the
average spreading speed on regular and random networks.

As a result, we found that the information spreading on
random networks tends to be stable and wide, almost as well
as on regular networks, when the influence of information
increases. On the other hands, when information spreads

to the entire network, we found that the average spreading
speed of information on random networks tends to be faster
than regular networks, when the influence of information in-
creases.
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Figure 4 The frequency distributions of the final diffusion rates S calculated from 1, 000
random networks.
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Abstract In this paper, we investigate differences in structural features of co-occurrence networks of words which
are generated from documents written in different languages. For the analysis, we use the New Testament, in which
the same texts are expressed in different languages. We investigate the structural features of the language network
of the New Testament written in nine different languages, mainly Indo-European languages. In this paper, we
use two types of methods for transforming networks from the New Testament texts. The results show that each
language has its own unique network structure and some languages, which belong to different language families,
have similar structural features of their networks. In addition, we show that some languages do not have similar
structural features of the network, even though they belong to the same language family.
Key words Language network, New Testament, Co-occurrence, Language family
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1.  ͡ Ί ʹ

ۙͰɼΠϯλʔωοτ SNSͳͲͷීٴʹΑΓੈքத
ͷࠃҬ͔Βσʔλ͕ൃ৴͞Ε͓ͯΓɼͦΕΒʹର͢ΔϏο

άσʔλղੳ͕ॏཁ͞ࢹΕ͍ͯΔɽ͜Εʹͬͯɼଟ͘ͷςΩ

ετσʔλ͔ΒఆܕԽ͞Ε͍ͯͳ͍จࣈใΛղੳ͠ɼ༗༻ͳ

ݟಛΛநग़͢ΔςΩετϚΠχϯάͷ͕ڀݚΜʹߦΘ

Ε͍ͯΔɽͦͷҰͭͱͯ͠ɼ୯ޠͷىڞΛωοτϫʔΫ্Ͱͷ

࿈݁ੑͱͯ͠ଊ͑ɼෳࡶωοτϫʔΫͷ؍͔ΒจষΛղੳ͢

Δ͕ڀݚ͞Ε͍ͯΔɽྫ͑ɼจষதͷ୯ޠͷؔىڞΛ

දͨ͠ωοτϫʔΫͷղੳ [1]ɼίϛϡχςΟղͷ࣮ޠݴʹݧ
ωοτϫʔΫΛ༻ͨ͠ղੳ [2]ɼখઆΛରͱͨؒ͠ޠݴͷ
ωοτϫʔΫղੳ [3]ͳͲ͕͋Δɽ͜ΕΒͷใࠂɼจষΛωο
τϫʔΫͱͯ͠ଊ͑ɼΫϥελ [4]ɼฏۉؒڑ [4]ͳ
ͲͷωοτϫʔΫͷఆྔԽࢦඪΛ༻͍ͯɼωοτϫʔΫͷߏ

తಛΛఆྔతʹௐ͍ࠪͯ͠Δɽ͔͠͠ɼωοτϫʔΫؒͷߏ

తಛͷࠩҟΛఆྔԽ͠ɼޠݴͷಛΛൺֱ͢Δ͜ͱॏཁ

Ͱ͋Δɽ

ຊߘͰɼޠݴʹΑΔจ๏ߏʹண͠ɼωοτϫʔΫཧ

ͷ؍͔ΒޠݴͷಛΛఆྔతʹௐࠪ͢Δɽ۩ମతʹɼ9छ
ྨͷޠݴͰॻ͔Εͨಉ͡༰ͷจষΛ༻͠ɼؒޠݴͷจ๏ߏ

ͷҧ͍ʹணͨ͠ղੳΛ͏ߦɽຊߘͰɼಉ͡༰͕ҟͳΔ

Ε͍ͯΔจষͷྫͱͯ͠৽ॻΛղੳରͱ͠͞ݱͰදޠݴ

ͨɽͳ͓ɼຊߘͰ༻ͨ͠ 9छྨͷޠݴɼΠϯυɾϤʔϩο
ύޠΛத৺ͱ͢ΔΪϦγϟޠɼϥςϯޠɼӳޠɼυΠπޠɼ

ϑϥϯεޠɼϩγΞޠɼຊޠɼϑΟϯϥϯυޠɼதޠࠃͰ͋

Δɽ͜ΕɼੈքͷޠݴͷதͰΠϯυɾϤʔϩούޠͷϢʔ

β͕࠷େͰ͋Δ͜ͱʹՃ͑ɼ৽ॻͷ࢝·Γ͕ΪϦγϟޠ

Ͱ͋ΓɼϤʔϩούݍͰͷޠݴͷҧ͍Λௐࠪ͢Δ͜ͱ͕ઌܾͰ

͋Δ͔ΒͰ͋Δɽ

͡Ίʹɼ༻͢Δ৽ॻͷจষʹରͯ͠ܗଶૉղੳΛߦ

͍ɼ୯ޠͷܕݪ ɼʹ࣍ͷใΛऔಘ͢ΔɽࢺΑͼ͓(ଶૉܗ)
ಘΒΕͨ୯ޠͷใΛ༻͍ͯɼ୯ޠͷىڞʹணͨ͠ωοτ

ϫʔΫΛ࡞͢ΔɽຊߘͰɼΫϥελͱฏۉؒڑ

Λ༻͍ͯɼؒޠݴͷωοτϫʔΫͷߏతಛͷൺֱΛͨͬߦɽ

·ͨɼҟͳΔωοτϫʔΫؒͷߏతಛͷࠩҟͷఆྔԽ͕Մ

ͳεϖΫτϧάϥϑڑ [5]Λ༻͍ͯɼؒޠݴͷωοτϫʔ
Ϋͷߏతಛͷࠩҟʹ͍ͭͯௐࠪͨ͠ɽ

ͦͷ݁ՌɼಉҰޠݴͰهड़͞Εͨจষྨͨ͠ࣅωοτϫʔ

ΫͷߏతಛΛ༗͍ͯ͠Δ͜ͱɼΠϯυɾϤʔϩούޠͷ

தͰޠݴʹΑͬͯҟͳΔωοτϫʔΫͷߏతಛΛࣔ͢ݴ

ʹྨ͞ΕޠΔ͜ͱ͕໌Β͔ͱͳͬͨɽ·ͨɼҟͳΔ͕͋ޠ

͍ͯͯɼωοτϫʔΫͷߏతಛ͕ྨ͍ͯ͠ࣅΔ͕ޠݴଘ

Δͱ͍͏͜ͱ໌Β͔ͱͳͬͨɽ͢ࡏ

2. σʔλ༺

ຊߘͰɼੳରͱͯ͠৽ॻͷԻॻ [7]– [11]Λ༻
ͨ͠ɽ۩ମతʹɼϚλΠʹΑΔԻॻ (ҎԼɼϚλΠ)ɼϚ
ϧίʹΑΔԻॻ (ҎԼɼϚϧί)ɼϧΧʹΑΔԻॻ (ҎԼɼ
ϧΧ)ɼϤϋωʹΑΔԻॻ (ҎԼɼϤϋω)ͷશ 4छྨͰ
͋Δɽ৽ॻͷԻॻΛ༻͢Δཧ༝ɼจষͷରԠΛऔΔ

͜ͱ͕Ͱ͖Δ͜ͱʹՃ͑ͯɼจষͷ༰ʹετʔϦʔੑ͕͋Δ

ͨΊɼ༁ऀͷҧ͍ʹΑΔ༰ͷࠩҟ͕ग़ʹ͍͔͘ΒͰ͋Δɽ

ຊߘͰղੳରͱ͕ͨ͠ޠݴଐ͢Δޠɼޠ [12]ɼޠॱ [13]
Λද 1ʹɼ༻ͨ͠৽ॻͷσʔλΛද 2ࣔ͢ɽද 2ʹ͓͚
Δ IDɼ4ষҎ߱ͷਤதͰ༻͢Δɽ·ͨɼද 2ͷׅހͷ
ୈҰ൛ͷ࡞Λද͢ɽ

ද 1 ຊߘͰղੳରͱͨ͠ޠݴͷޠɼޠɼޠॱɽ

ޠݴ ޠ ޠ ॱޠ

ΪϦγϟޠ

ΠϯυɾϤʔϩούޠ

ΪϦγϟޠ SVO
ϥςϯޠ ΠλϦοΫޠ SOV
ӳޠ ήϧϚϯޠ SVO

υΠπޠ ήϧϚϯޠ SVO
ϑϥϯεޠ ΠλϦοΫޠ SVO
ϩγΞޠ όϧτޠ SVO
ຊޠ ຊޠ ຊޠ SOV

ϑΟϯϥϯυޠ ϥϧޠ ϑΟϯޠ SVO
தޠࠃ γφɾνϕοτޠ γφޠ SVO

ද 2 ৽ॻͷσʔλɽͨ͠༺

ޠݴ ID όʔδϣϯ ࡞

ΪϦγϟޠ
GR1 NA28 2012(1898)
GR2 UBS5 2014(1966)

ϥςϯޠ La1 Bublia Sacra Vulgata 1955

ӳޠ
GB1 King James Version 1611
GB2 English Standard Version 2001

υΠπޠ DE1 Lutherbible 1984

ϑϥϯεޠ
FR1 Louis Segond 1910
FR2 Segond 21 2007

ϩγΞޠ RU1 Russian Synodal Version 1876

ຊޠ
JP1 ༁ޠޱ 1954
JP2 ৽ڞಉ༁ 1987

ϑΟϯϥϯυޠ
FI1 Vanha Kirkkoraamattu 1642
FI2 Uusi Kirkkoraamattu 1992

தޠࠃ CN1 Chinese Standard Bible Simplified 2009

3. ख๏࡞ωοτϫʔΫޠݴ

͡ΊʹɼจষΛܗଶૉղੳ͠ɼ୯ޠͷܕݪ ɼ(ଶૉܗ)
Ͱޠଶૉղੳπʔϧͱͯ͠ɼຊܗͷใΛऔಘ͢Δɽࢺ

mecab [14] ΛɼଞޠݴͰ tree-tagger [15] Λ༻ͨ͠ɽ͔
ͪॻ͖Λ͠ͳ͍ຊޠͰɼ໌֬ͳ୯ޠͷఆٛͳ͍ͨΊɼᐆ

ດ͞ໃ६͕ͳ͘ɼҰٛతʹͦͷ୯ҐΛΓऔΔ͜ͱ͕ॏཁͰ

͋ΔɽͦͷͨΊɼmecabʹ༷ʑͳࣙॻ͕༻ҙ͞Ε͍ͯΔ͕ɼ
ຊߘͰ unidic [16]Λ༻ͨ͠ɽ
͔ͪॻ͖͞Εͨ୯ޠΛҰͭͷͱ͠ɼಉҰจষதͰྡ

͢Δ୯ޠΛࢬͰ݁Ϳ͜ͱͰɼॏΈແ͠ແωοτϫʔΫΛ࡞

ͨ͠ɽ͜͜Ͱɼ୯ޠͷॏෳɼಉ͡୯ޠͷϖΞͷͭͳ͕Γͷॏෳ

ೝΊͣɼ۟ ಡɼ۟ಡɼه߸Λআ͍ͨɽ·ͨɼ۟ ಡͷલ

ख࡞Ͱ݁ͳ͍͜ͱͱͨ͠ɽ͜ͷωοτϫʔΫࢬޠͷ୯ޙ

๏Λख๏ 1ͱ͢Δɽख๏ 1Ͱɼ୯ޠͷ׆༻Λͨ͠··ωο
τϫʔΫΛ࡞Ͱ͖ΔͨΊɼޠݴʹΑΔ׆༻ͷؔੑΛωοτ

ϫʔΫʹө͢Δ͜ͱ͕ՄͰ͋Δɽख๏ 1Ͱ࡞͞Εͨޠݴ
ωοτϫʔΫͷྫΛਤ 1ʹࣔ͢ɽ
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ɹɹɹɹɹɹɹɹɹɹɹ

ਤ 1 ख๏ 1 Ͱ࡞͞ΕͨޠݴωοτϫʔΫͷྫɽ

ͷΛҰͭͷࢺͱܕݪͷޠଶૉղੳͰಘΒΕͨ୯ܗɼʹ࣍

ͱ͠ɼಉҰจষதͰྡ͢Δ୯ޠΛࢬͰ݁Ϳ͜ͱͰɼॏΈ

ແ͠ແωοτϫʔΫΛ࡞ͨ͠ɽ͜ͷωοτϫʔΫ࡞ख๏

Λख๏ 2ͱ͢Δɽ·ͨɼख๏ 1ͱಉ༷ʹɼ୯ޠͷॏෳɼಉ͡୯
߸هͷϖΞͷͭͳ͕ΓͷॏෳೝΊͣɼ۟ಡɼ۟ಡɼޠ

Λআ͍ͨɽ·ͨɼ۟ಡͷલޙͷ୯ޠࢬͰ݁ͳ͍͜ͱͱ͠

ͨɽख๏ 2Ͱɼ୯ޠͷࢺʹணͨ͠࡞ख๏ͱͳΔͨΊɼ
ख๏ 1ΑΓޠॱจ๏ߏΛωοτϫʔΫʹө͢Δ͜ͱ͕
ՄͰ͋Δɽख๏ 2Ͱ࡞͞ΕͨޠݴωοτϫʔΫͷྫΛਤ 2
ʹࣔ͢ɽ

ɹɹɹɹɹɹɹɹɹɹɹ

ਤ 2 ख๏ 2 Ͱ࡞͞ΕͨޠݴωοτϫʔΫͷྫɽ

ͳ͓ɼ͜ΕΒͷωοτϫʔΫͷ࡞ख๏Ͱɼ1ͭͷจষ͕
2ͭҎ্ͷωοτϫʔΫʹ྾͢Δ͜ͱ͑ߟΒΕΔɽ͔͠͠ɼ
͜ͷΑ͏ͳ߹ͷଟ͘ɼ࠷େ෦άϥϑͱඇৗʹখ͍͞ωο

τϫʔΫ·ཱͨݽͰɼશମͷωοτϫʔΫ͕ߏ͞Ε͍ͯ

Δɽখ͍͞ωοτϫʔΫͱཱݽɼຊߘͷੳରͱ͢Δจ

ষதͷ୯ޠͷؔىڞͷಛΛଊ͑Δ্Ͱຊ࣭తͰͳ͍ͱ

େ෦άϥϑͷ࠷ͰจষதͷߘΒΕΔɽ͕ͨͬͯ͠ɼຊ͑ߟ

ΈΛநग़͠ɼղੳΛͨͬߦɽ

4. ৽ॻ͔Β࡞ͨ͠ޠݴωοτϫʔΫͷ
ղੳ

4. 1 ͱࢬͷؔ

͡Ίʹɼ৽ॻͷจষͰ༻͞Ε͍ͯΔ୯ޠʹ͍ͭͯ

ௐࠪͨ݁͠ՌΛਤ 3ʹࣔ͢ɽ͜͜Ͱɼຊޠʹ͓͚Δ୯ޠͱ
จষΛܗଶૉղੳͨ͠ࡍʹಘΒΕΔɼ͔ͪॻ͖͞Εͨ୯ޠ

ͷͰ͋Δɽ

 5000

 10000

 15000

 20000

 25000

 30000

 35000

GR1 GR2 La1 GB1 GB2 DE1 FR1 FR2 RU1 JP1 JP2 FI1 FI2 CN1

Th
e 
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m

be
r o

f w
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ds

Languages

MATTHEW
MARK
LUKE
JOHN

ɹɹɹɹɹɹɹɹɹɹɹ

ਤ 3 ϚλΠ (MATTHEW)ɼϚϧί (MARK)ɼϧΧ (LUKE)ɼ
Ϥϋω (JOHN) ͷจষதͰ༻͞Ε͍ͯΔ୯ޠɽԣ࣠ද
2 ͷ ID Ͱ͋Δɽ

ਤ 3ΛݟΔͱɼಉ͡༰ͷจষΛҟͳΔޠݴͰද͍ͯ͠ݱΔ
ͨΊɼ֤ԻॻؒͰͷ୯ޠಉ͡Λ͍ࣔͯ͠Δ͜ͱ͕Θ

͔Δɽ·ͨɼಉ͡༰ͷจষΛߏ͢Δͷʹɼຊޠಛʹଟ

͘ͷ୯ޠΛඞཁͱ͢ΔޠݴͰ͋Δ͜ͱɼӳޠɼυΠπޠɼϑ

ϥϯεޠɼதޠࠃൺֱత୯ޠΛଟ͘ඞཁͱ͢ΔޠݴͰ͋Δ

͜ͱ͕Θ͔ΔɽҰํɼϥςϯޠɼϑΟϯϥϯυޠɼϩγΞޠɼ

ΪϦγϟޠͰɼൺֱతগͳ͍୯ޠͰจষ͕ߏ͞Ε͍ͯΔɽ

ΑͬʹޠݴͰ࢜ಉޠʹண͢ΔͱɼϤʔϩούޠɼޠ

ͯ୯ޠ͕ҟͳ͍ͬͯΔ͜ͱ͕Θ͔ΔɽҰํɼήϧϚϯʹଐ

͍ͯ͠ΔӳޠɼυΠπޠ୯ޠ͕ྨ͍ͯ͠ࣅΔ͜ͱ͕Θ͔Δɽ

ɼख๏ʹ࣍ 1ɼ2Ͱ࡞ͨ͠ωοτϫʔΫʹ͍ͭͯɼޠݴʹ
ΑΔɼࢬͷҧ͍ʹ͍ͭͯௐࠪͨ͠ɽԣ࣠Λɼॎ

࣠Λࢬͱͨ݁͠ՌΛਤ 4ɼ5ʹࣔ͢ɽ

 8000

 8500

 9000

 9500

 10000

 10500

 11000

 11500

 12000

 2000  2500  3000  3500  4000  4500  5000  5500  6000

Th
e 

nu
m

be
r o

f e
dg

es

The number of nodes

Japanese

JP1JP1JP2

English

GB1GB2

Latin

La1

Chinese

CN1

Finnish

FI1

FI2

German

DE1

French

FR1

FR2

Russian

RU1

Greek

GR1

GR2

(a) ϚλΠ

ɹɹɹɹɹɹɹɹɹɹɹɹ
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(d) Ϥϋω

ɹɹɹɹɹɹɹɹɹɹɹɹ

ɹ
ਤ 4 ֤ԻॻΛख๏ 1 ʹΑΓมͨ͠ωοτϫʔΫͷɼࢬ

ͷؔɽ
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(d) Ϥϋω

ɹɹɹɹɹɹɹɹɹɹɹɹ

ɹ
ਤ 5 ֤ԻॻΛख๏ 2 ʹΑΓมͨ͠ωοτϫʔΫͷɼࢬ

ͷؔɽ

ਤ 4ɼ5ΛݟΔͱɼຊޠɼӳޠɼϑϥϯεޠɼதޠࠃɼυΠ
πޠɼൺֱతগͳ͍ɼࢬͰωοτϫʔΫ͕ߏ͞Ε

͍ͯΔ͜ͱ͕Θ͔ΔɽҰํɼΪϦγϟޠɼϑΟϯϥϯυޠɼϩ

γΞޠɼϥςϯޠɼࢬΛൺֱతଟ͘ඞཁͱ͢Δޠݴ

Ͱ͋Δ͜ͱ͕Θ͔Δɽ͜ΕΒͷ݁Ռɼਤ 3ͷ୯ޠͷଟ͞ͱ
ɼޠɼϑϥϯεޠɼӳޠͱͳ͍ͬͯΔɽ͜Εɼຊͷؔٯ

தޠࠃɼυΠπ͕ޠɼಉ͡୯ޠΛ܁Γฦ͠༻͍Δ͜ͱͰจষΛ

ද͍ͯ͠ݱΔՄੑΛࣔࠦ͢ΔͷͰ͋Δɽ·ͨɼɼࢬ

ͷؔಉҰޠͰ͋ͬͯҟͳΔʹ͋ΔҰํͰɼήϧ

Ϛϯޠʹଐ͢ΔӳޠͱυΠπޠʹಉ༷ͷ͕͋Δ͜ͱ͕

Θ͔Δɽ

ಉޠݴʹணͯ͠ΈΔͱɼϑΟϯϥϯυޠҎ֎ͷಉޠݴಉ࢜

Ͱɼࢬ΄ͱΜͲมԽ͍ͯ͠ͳ͍͜ͱ͕Θ͔Δɽ͜

Εɼಉ͡จষͷҟͳΔ༁൛Ͱ͋ͬͯɼ༁͠ํʹؔΘΒͣɼ

Ε͍ͯΔͨΊݱͷಛ͕ωοτϫʔΫͷಛͱͯ͠ىڞͷޠݴ

Ͱ͋ΔɽҰํɼ͍͠จ๏نଇΛ༻͍ͯ͠Δͱ͞ΕΔϑΟϯ

ϥϯυޠɼจ຺ʹΑΔޠඌͷมԽ͕ଟ͍ͱ͞Ε͍ͯΔɽ͜ͷ

ཧ༝ʹΑΓɼ༁ʹґଘͯ͠ωοτϫʔΫͷɼࢬʹมԽ

ߏड़͢ΔωοτϫʔΫͷޙΒΕΔɽ·ͨɼ͑ߟΔͱ͍͖ͯى͕

తಛͰɼϑΟϯϥϯυޠಉ࢜ͷจষྨߏͨ͠ࣅΛ༗

͍ͯ͠Δ͜ͱΛ͍ࣔͯ͠Δɽ

ख๏ͷҧ͍ʹΑΔɼͷมԽΛ࡞ɼωοτϫʔΫʹ࣍

දͨ݁͠ՌΛਤ 6ʹࣔ͢ɽ
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(d) Ϥϋω

ɹɹɹɹɹɹɹɹɹɹɹɹ

ɹ
ਤ 6 ωοτϫʔΫ࡞ख๏ͷҧ͍ʹΑΔͷҧ͍ɽ

ਤ 6ΛݟΔͱɼຊޠɼϥςϯޠɼυΠπޠɼϑϥϯεޠͰ
ख๏ 1Λ༻͍ͨ߹ɼ͕ଟ͘ͳ͍ͬͯΔ͜ͱ͕Θ͔Δɽ
͜Εɼଞͷޠݴʹൺͯ׆༻ͷछྨจষதͰ୯׆͕ޠ༻͞

ΕΔ߹͕ଟ͍ͨΊͰ͋Δͱ͑ߟΒΕΔɽ·ͨɼΠλϦοΫޠ

ʹଐ͍ͯ͠ΔϥςϯޠɼϑϥϯεޠͰ͕Ұக͍ͯ͠Δ͜

ͱΘ͔ΔɽҰํɼӳޠɼΪϦγϟޠɼख๏ 2Λ༻͍Δͱ
͕ଟ͘ͳΔ͜ͱ͕Θ͔Δɽ͜Εɼಉ͡୯ޠͰ͋ͬͯҟ

ͳΔࢺͱͳΔ͜ͱ͕େ͖͘Ө͍ͯ͠ڹΔͱ͑ߟΒΕΔɽ͔͠

͠ɼಛʹ͕ࠩݦஶʹදΕ͍ͯΔΪϦγϟޠͰɼҰൠతʹड͚

ೖΕΒΕ͍ͯΔɼෳࡶͳ׆༻Λ͢ΔޠݴͰ͋Δͱ͍͏ධՁͱ

ɼωοޠɼϩγΞޠͷ݁Ռͱͳͬͨɽ·ͨɼϑΟϯϥϯυٯ

τϫʔΫ࡞ख๏ʹΑΔͷҧ͍ݦஶʹݱΕͳ͔ͬͨɽ

4. 2 Ϋϥελͱฏۉؒڑͷؔ

ɼख๏ʹ࣍ 1ɼ2Ͱ࡞ͨ͠ωοτϫʔΫͷΫϥελ (Ҏ
ԼɼC) [4]ɼฏۉؒڑ (ҎԼɼL) [4]Λௐࠪͨ͠ɽ͜͜Ͱɼ
CɼLͱʹɼݩͷωοτϫʔΫΛϥϯμϚΠζͯ͠ಘΒΕ

ͨωοτϫʔΫͷ CRɼLR Ͱਖ਼نԽ͍ͯ͠Δɽ

ϥϯμϚΠζɼ࣍Λอଘͨ͠ঢ়ଶͰϥϯμϚΠζΛ͏ߦ

ख๏Λ༻ͨ͠ɽຊߘͰɼ1ͭͷϥϯμϜωοτϫʔΫΛ࡞
͢ΔͨΊͷϥϯμϚΠζͷߦࢼճΛ 200ճͱ͠ɼ࡞͞Ε
ͨϥϯμϜωοτϫʔΫ͔Β CRɼLR Λಋग़ͨ͠ɽ

ͨͩ͠ɼޠݴʹΑͬͯɼݩͷωοτϫʔΫ͔ΒϥϯμϚΠ

ζͯ͠ಘΒΕͨωοτϫʔΫ͕ଟ͘ͷ߹Ͱ྾ͯ͠͠·͍ɼ

LR ΛࢉܭͰ͖ͳ͍͜ͱ͕͋Δɽ͜ΕɼݩͷωοτϫʔΫͷ

྾͍͢͠ʹࡍͷಛ͕ɼϥϯμϚΠζͨ͠ߏΑΔʹޠݴ

Ͱɼ࿈݁ߘΒΕΔɽͦ͜Ͱຊ͑ߟՄੑ͕͋Δͱͭ࣋Λߏ

ͳϥϯμϜωοτϫʔΫ͕ಘΒΕΔޠݴʹରͯ͠ͷΈ C/CRɼ

L/LR Λಋग़ͨ͠ɽͳ͓ɼ࿈݁ͳϥϯμϜωοτϫʔΫ͕ಘΒ

Εͨޠݴɼਤ 4ɼ5ʹ͓͚Δɼࢬ͕ൺֱతগͳ͍ޠݴ
͕ଟ͔ͬͨɽԣ࣠Λ C/CRɼॎ࣠Λ L/LR ͱͨ݁͠ՌΛਤ 7ɼ
8ʹࣔ͢ɽ
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(d) Ϥϋω

ɹɹɹɹɹɹɹɹɹɹɹɹ

ਤ 7 Ϋϥελɼฏۉؒڑͷؔ (ख๏ 1)ɽ
ɹ
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ਤ 8 Ϋϥελɼฏۉؒڑͷؔ (ख๏ 2)ɽ
ɹ

ਤ 7ɼ8ΛݟΔͱɼຊޠ C ͕খ͘͞ɼL͕େ͖͍Λ

͍ࣔͯ͠Δ͜ͱ͕Θ͔Δɽ͜ͷ͜ͱ͔Βɼຊޠ୯ޠΛ༻

͢ΔͨΊͷޠॱͷنଇ͕গͳ͘ɼ༻͞ΕΔ୯ޠಉ࢜ͷؔ࿈ੑ

͕গͳ͍͜ͱ͕ɼωοτϫʔΫͷߏతಛʹӨ͍ͯ͠ڹΔͱ

ޠɼυΠπޠɼϑϥϯεޠɼϥςϯޠΒΕΔɽҰํɼӳ͑ߟ

C ͕େ͖͘ɼL͕খ͍͞Λ͍ࣔͯ͠Δɽ͜ͷ͜ͱ͔Βɼӳ

͢ΔͨΊͷߏɼจষΛޠɼυΠπޠɼϑϥϯεޠɼϥςϯޠ

จ๏نଇ͕ຊޠΑΓଟ͘ɼ୯ޠಉ࢜ͷؔ࿈ੑ͕͍ڧͱ͑ߟΒ

ΕΔɽ·ͨɼήϧϚϯޠʹଐ͢ΔӳޠɼυΠπޠɼΠλϦο

Ϋޠʹଐ͢ΔϥςϯޠɼϑϥϯεޠͰಉ༷ͷʹ͋Δ͜ͱ

Θ͔Δɽ

ਤ 7ɼ8ͷωοτϫʔΫ࡞ख๏ͷҧ͍Λൺֱͯ͠ɼ࡞
͞ΕͨωοτϫʔΫͷಛྔͷؒޠݴͷҧ͍΄ͱΜͲมΘΒ

ͳ͍݁Ռͱͳͬͨɽ͜ͷ͜ͱ͔Βɼ׆༻ʹணͨ͠ख๏ 1ɼ
ணͨ͠ख๏ʹࢺ 2ʹؔΘΒͣɼ࡞͞ΕͨωοτϫʔΫͷߏ
తಛʹɼޠݴͷಛ͕ө͞Ε͍ͯΔ͜ͱ͕ࣔࠦ͞ΕΔɽ

4. 3 εϖΫτϧάϥϑڑʹଟݩ࣍ई๏Λద༻ͨ͠૬ର

తͳҐஔؔ

ɼख๏ʹ࣍ 1ɼ2Ͱ࡞ͨ͠ωοτϫʔΫʹ͍ͭͯɼޠݴʹ
ΑΔωοτϫʔΫؒͷߏతಛͷࠩҟΛεϖΫτϧάϥϑڑ

 [5]Λ༻͍ͯఆྔԽͨ͠ɽ·ͨɼಘΒΕͨεϖΫτϧάϥϑ
ई๏ݩ࣍ʹରͯ͠ɼଟڑ [17]Λద༻͢Δ͜ͱͰɼڑใ
ΛͰ͖Δ͚ͩอͨ࣋͠ঢ়ଶͰɼωοτϫʔΫͷ૬ରతͳҐஔؔ

ΛͷωοτϫʔΫͷ૬ରతͳҐஔؔؒޠݴԽͨ͠ɽࢹΛՄ

ਤ 9ɼ10ʹࣔ͢ɽ
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(d) Ϥϋω

ɹɹɹɹɹɹɹɹɹɹɹɹ

ਤ 9 ωοτϫʔΫͷ૬ରతͳҐஔؔ (ख๏ 1)ɽ
ɹ

−0.05−0.04−0.03−0.02−0.01 0 0.01 0.02 0.03 0.04

−0.06

−0.04

−0.02

 0

 0.02

 0.04

 0.06

−0.05
−0.04
−0.03
−0.02
−0.01

 0
 0.01
 0.02
 0.03
 0.04
 0.05

Japanese

JP1

JP2

English

GB1

GB2

Latin

La1

Chinese

CN1

Finnish

FI1FI2

German

DE1
French

FR1

FR2

RU1 RussianGR1
Greek

GR2

(a) ϚλΠ

ɹɹɹɹɹɹɹɹɹɹɹɹ

−0.05−0.04−0.03−0.02−0.01 0 0.01 0.02 0.03 0.04

−0.06−0.05−0.04−0.03−0.02−0.01 0 0.01 0.02 0.03 0.04

−0.05
−0.04
−0.03
−0.02
−0.01

 0
 0.01
 0.02
 0.03
 0.04
 0.05
 0.06

Japanese

JP1

JP2

English

GB1

GB2

Latin

La1

Chinese

CN1

Finnish

FI1FI2

German

DE1
French

FR1FR2

RU1
RussianGR1

Greek
GR2

(b) Ϛϧί

ɹɹɹɹɹɹɹɹɹɹɹɹ

−0.06−0.05−0.04−0.03−0.02−0.01 0 0.01 0.02 0.03 0.04

−0.05−0.04−0.03−0.02−0.01 0 0.01 0.02 0.03 0.04

−0.06

−0.04

−0.02

 0

 0.02

 0.04

 0.06

Japanese

JP1

JP2

English

GB1

GB2

Latin

La1

Chinese

CN1

Finnish

FI1

FI2

German
DE1 French

FR1

FR2

RU1

Russian
GR1 Greek

GR2

(c) ϧΧ

ɹɹɹɹɹɹɹɹɹɹ

−0.05
−0.04
−0.03
−0.02
−0.01

 0
 0.01
 0.02
 0.03
 0.04

Japanese

JP1

JP2

English

GB1

GB2

Latin

La1
Chinese

CN1

Finnish

FI1

FI2

German
DE1 French

FR1
FR2

RU1

RussianGR1
Greek

GR2

−0.06 −0.05 −0.04 −0.03 −0.02 −0.01  0  0.01  0.02  0.03  0.04

−0.04
−0.03
−0.02
−0.01

 0
 0.01
 0.02
 0.03
 0.04
 0.05
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ਤ 10 ωοτϫʔΫͷ૬ରతͳҐஔؔ (ख๏ 2)ɽ
ɹ

ਤ 9ɼ10ΛݟΔͱɼͲͷޠݴͰಉҰޠݴಉ࢜Ͱൺֱతྨࣅ
ͨ͠ωοτϫʔΫͷߏతಛΛ༗͍ͯ͠Δ͜ͱ͕Θ͔Δɽ·

ͨɼຊޠɼଞ͔ޠݴΒͷҐஔ͕Ε͍ͯΔ͕ɼ͜Εଞݴ

༗͍ͯ͠Δ͕͜ޠΛຊߏͳ͍ಛతͳωοτϫʔΫʹޠ

ͱΛࣔࠦ͢ΔͷͰ͋Δɽ͜ͷ݁Ռɼਤ 7ɼ8Ͱࣔͨ͠ɼ
ຊޠଞޠݴʹൺͯΫϥελ͕খ͘͞ɼฏۉؒڑ

͕େ͖͍ޠݴͰ͋Δͱ͍͏݁ՌͱҰக͍ͯ͠Δɽ

Ұํɼϑϥϯεޠɼจষ͓ΑͼωοτϫʔΫ࡞ख๏ͷҧ

͍ʹΑͬͯɼωοτϫʔΫͷߏతಛ͕ଞޠݴͱྨ͢ࣅΔ

߹ͱ͠ͳ͍߹͕͋Δ͜ͱ͕Θ͔Δɽϑϥϯεޠಉ࢜ྨ͠ࣅ

ͨωοτϫʔΫͷߏతಛΛ༗͍ͯ͠Δ͜ͱ͔Βɼϑϥϯε

ଇҎ֎ʹɼωοτϫʔنॱͳͲͷจ๏ޠ༺׆ͷޠ୯ʹޠ

ΫͷߏతಛʹӨڹΛ༩͑Δޠݴͷಛ͕ଘ͍ͯ͠ࡏΔՄ

ੑ͕ࣔࠦ͞ΕΔɽ

·ͨɼΪϦγϟޠɼϩγΞޠɼϑΟϯϥϯυޠɼϥςϯޠɼ
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தޠࠃɼൺֱతྨͨ͠ࣅωοτϫʔΫͷߏతಛΛ༗ͯ͠

͍Δ͜ͱ͕Θ͔Δɽ͔͠͠ɼΪϦγϟޠɼϩγΞޠɼϥςϯޠ

ͱʹΠϯυɾϤʔϩούޠʹଐ͍ͯ͠Δ͜ͱͱҰகͨ͠

݁Ռͱͳ͕ͬͨɼϑΟϯϥϯυޠɼதޠࠃͱʹҟͳΔޠ

ͷޠݴͰ͋ΔͨΊɼޠྨͱ͢Δ݁Ռͱͳͬͨɽ

ήϧϚϯޠʹଐ͢ΔӳޠɼυΠπޠɼख๏ 1Ͱωοτ
ϫʔΫͷߏతಛ͕ྨ͍ͯ͠ࣅΔ߹ͱ͍ͯ͠ͳ͍߹͕͋

Δͱ͍͏݁ՌͱͳͬͨɽҰํɼࢺʹணͨ͠ख๏ 2Ͱݦஶ
తಛΛ༗͍ͯ͠Δͱ͍͏݁ՌߏωοτϫʔΫͷͨ͠ࣅྨʹ

ͱͳͬͨɽ͜ΕΒͷޠݴɼɼࢬͷؔɼΫϥελ

ɼฏۉؒڑͷؔͰྨޠݴͨ͠ࣅͰ͋Δ͜ͱ͕Θ͔

Δɽ͜ͷ͜ͱ͔ΒɼӳޠɼυΠπޠࢺʹணͨ͠ޠॱͳͲ

ͷจ๏نଇ͕ྨ͍ͯ͠ࣅΔͱ͍͏Ͱɼಉ͡ޠʹྨ͢Δ͜

ͱ͕Ͱ͖Δͱ͑ߟΒΕΔɽ

·ͨɼΠλϦοΫޠʹྨ͞Ε͍ͯΔϥςϯޠɼϑϥϯε

తಛΛ༗͠ߏͷղੳͰҟͳΔωοτϫʔΫͷߘɼຊޠ

͍ͯΔͱ͍͏݁Ռͱͳͬͨɽ͜ͷཧ༝લड़ͨ͠௨Γɼϑϥϯ

εޠʹωοτϫʔΫͷߏతಛʹӨڹΛ༩͑Δޠݴͷಛ͕

ଘ͍ͯ͠ࡏΔ͜ͱ͕ݪҼͰ͋Δͱ͑ߟΒΕΔɽ

ද 1ͷจ๏ʹண͢Δͱɼຊޠଞޠݴͱൺֱͯ͠ɼҟͳ
ΔωοτϫʔΫͷߏతಛΛͭ࣋ͱ͍͏݁ՌͱҰக͕ͨ͠ɼ

ϥςϯޠͰଞޠݴͱྨ͢ࣅΔ݁Ռͱͳͬͨɽ

4. 4 ωοτϫʔΫͷಛྔͱޠɼޠͱͷؔੑ

ɼࢬɼΫϥελɼฏۉؒڑͷޠͱޠ

ͷྨͱͷؔੑΛɼωοτϫʔΫ࡞ख๏Ͱൺֱͨ݁͠ՌΛ

ද 3ʹࣔ͢ɽ͜͜ͰɼΠϯυɾϤʔϩούޠΛޠ 1ɼຊ
ޠΛޠ 2ɼϑΟϯϥϯυޠΛޠ 3ɼγφɾνϕοτޠ
Λޠ 4ͱදͨ͠ɽ·ͨɼωοτϫʔΫ࡞ख๏ 1ɼ2Ͱͷ
ΛͦΕͦΕ N1ɼN2 ͱͨ͠ɽද 3Ͱɼख๏ͷҧ͍ʹΑ
ΔͷൺɼΫϥελɼฏۉؒڑ͕ 1Λ͍͑ͯ
Δ߹Λ +ɼ͍͑ͯͳ͍߹Λ −ͱͯࣔͨ͠͠ɽ·ͨɼද 3
ͷ ∗͕ͳ͍͜ͱΛද͢ɽ

ද 3 ωοτϫʔΫͷಛྔͱޠɼޠͱͷؔɽ

ޠݴ ޠ ޠ ॱޠ N1/N2
C/CR C/CR L/LR L/LR

ख๏ 1 ख๏ 2 ख๏ 1 ख๏ 2
ΪϦγϟޠ

ޠ 1

ΪϦγϟޠ SVO + ∗ ∗ ∗ ∗
ϥςϯޠ ΠλϦοΫޠ SOV − + + − ±
ӳޠ ήϧϚϯޠ SVO + ± ± − −

υΠπޠ ήϧϚϯޠ SVO − ∗ + ∗ ±
ϑϥϯεޠ ΠλϦοΫޠ SVO − ∗ ± ∗ ±
ϩγΞޠ όϧτޠ SVO + ∗ ∗ ∗ ∗
ຊޠ ޠ 2 ຊޠ SOV − − − + +

ϑΟϯϥϯυޠ ޠ 3 ϥϧޠ SVO + ∗ ∗ ∗ ∗
தޠࠃ ޠ 4 γφޠ SVO + − − + +

ද 3ΛݟΔͱɼ֤ޠݴͰωοτϫʔΫͷߏతಛ͕ҟͳͬ
͍ͯΔ͜ͱ͕Θ͔Δɽ·ͨɼಉޠɼಉޠͰ͋ͬͯωοτ

ϫʔΫͷߏతಛ͕ྨ͍ͯ͠ࣅͳ͍͜ͱΘ͔Δɽ͜ΕΒͷ

͜ͱ͔ΒɼຊߘͰѻͬͨωοτϫʔΫಛྔҎ֎ʹɼޠݴͷ

ωοτϫʔΫͷߏతಛ͕͋Δ͜ͱ͕ࣔࠦ͞ΕΔɽ

5. · ͱ Ί

ຊߘͰɼҟͳΔޠݴͷจষΛ୯ޠͷىڞωοτϫʔΫม

ʹతಛͷࠩҟߏωοτϫʔΫͷ͕ͭ࣋ޠݴΔ͜ͱͰɼ͢

͍ͭͯௐࠪͨ͠ɽͦͷ݁ՌɼΠϯυɾϤʔϩούޠʹଐͯ͠

͍ΔʹؔΘΒͣɼଞͷޠͷޠݴͱྨͨ͠ࣅωοτϫʔΫͷ

ΔҰํͰɼҰൠతʹΒΕ͕ͯ͋ޠݴతಛΛ༗͍ͯ͠Δߏ

͍ΔޠͷྨͱҰக͢Δޠݴ͋Δ͜ͱ͕໌Β͔ͱͳͬͨɽ

·ͨɼήϧϚϯޠʹଐ͢ΔӳޠɼυΠπޠͰɼ͔ޠݴΒ࡞

͞ΕΔωοτϫʔΫͷߏతಛྨ͍ͯ͠ࣅΔͱ͍͏݁Ռ

Εͨɽݱʹஶݦ͕

·ͨɼࠓճͷωοτϫʔΫ࡞ख๏Ͱ׆༻ͱࢺʹண͠

ͨ 2छྨͷํ๏Λ༻͕ͨ͠ɼϑϥϯεޠͷΑ͏ʹɼ͜ͷ 2ͭ
͚ͩͰ·ͩޠݴͷಛΛଊ͖͑Ε͍ͯͳ͍Մੑ͕͋Δͱ͍

͏͜ͱ໌Β͔ͱͳͬͨɽ

ຊߘͰͷղੳ݁ՌͰɼ্ֶޠݴͰΒΕ͍ͯΔޠݴͱಉ༷

ͷઈରతྨͰ͖ͳ͔͕ͬͨɼ૬ରతͳؒޠݴͷҧ͍͕͋Δ

ͱ͍͏͜ͱ͕໌Β͔ͱͳͬͨɽ

ຊߘͰɼωοτϫʔΫ࡞ख๏Λม͢ߋΔ͜ͱͰɼ·ͩ

ΒΕ͍ͯͳ͍จ๏نଇΛ͚ͭݟΒΕΔՄੑ͕͋Δ͜ͱΛࣔ͠

͍ͯΔɽ·ͨɼֶޠݴͰࣔ͞Ε͍ͯΔޠޠͷྨʹର͠

ͯɼωοτϫʔΫͷ؍͔Β৽ͨͳֶޠݴͷ࠲ࢹΛఏҊ͢Δ

͜ͱ͕Ͱ͖ΔՄੑΛ͍ࣔͯ͠Δɽ

ँࣙ ຊڀݚͷҰ෦ɼJSPS Պݚඅ (No. 15KT0112ɼ
17K00348ɼ18K12701ɼ18K18125)ͷॿΛड͚ͯߦΘΕͨɽ
·ͨɼࢿޠݴྉͷऩूʹؔͯ͠ΞυόΠεΛͩͬͨ͘͞ Sviri-
dova NinaॿڭɼໟՂࢯɼδϣϩΤϯँײ͘ਂʹࢯਃ্͛͠
·͢ɽ
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Abstract In recent years, various kinds of time series data have been observed. One of the kinds is a marked point process.
For example, stock trading and seismic data are typical examples of marked point process. Although various stochastic methods
for generating marked point processes have been proposed, a method for generating marked point processes that follows deter-
ministic dynamics has not been sufficiently discussed. One of the methods for generating marked point processes according
to deterministic dynamics is to extract maxima of observed time series produced from a nonlinear dynamical system. In this
article, we investigate whether the marked point processes generated from the nonlinear deterministic dynamical system by
the maximum extraction preserve the characteristics of the original dynamical system. To evaluate the characteristics of the
dynamical system, we used KL and JS divergence of the distribution of distance between two points on attractors of the original
dynamical system and the marked point process.
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1.  ͡ Ί ʹ

༷ʑͳྻܥ࣌σʔλ͕ߴਫ਼ʹ؍ଌ͞ΕΔΑ͏ʹͳ͍ͬͯΔɽ

͜ΕΒͷྻܥ࣌σʔλͷதʹɼΠϕϯτ͕ൃੜͨ͠ͱ͖ͷΈ

σʔλ͕؍ଌ͞ΕΔաఔσʔλଟ͘ଘ͢ࡏΔɽྫ͑ɼ

גՁมಈɼਆࡉܦ๔ͷԠͳͲͦͷయܕͰ͋Δɽਆࡉܦ

๔ͷԠεύΠΫྻͱݺΕɼਆࡉܦ๔ͷৼ͍Λ͢ݱ࠶Δ

༷ʑͳཧϞσϧ͕ఏҊ͞Ε͍ͯΔɽ·ͨɼաఔσʔλɼ

ྫ͑גՁมಈͳͲͷσʔλͷΑ͏ʹՃใΛ༗͢Δɼ

ϚʔΫ͖աఔσʔλͰ͋Δ߹ଟ͍ɽϚʔΫ͖աఔ

σʔλΛੜ͢ΔϞσϧͱͯ͠ɼΠϕϯτλΠϛϯάϚʔΫ

ʹ֬తͳৼ͍ΛԾఆ༷ͨ͠ʑͳཧϞσϧ͕ఏҊ͞Εͯ

͍Δ [1]ɽ
ҰํɼגՁมಈΧΦεੑΛ༗͢Δ͜ͱɼैͬͯɼظతͳ

༧ଌ͕ՄͰ͋Δ͜ͱΛࣔࠦ͢Δ݁Ռใ͞ࠂΕ͍ͯΔ [2]ɽଈ
ͪɼܾఆతඇઢܥֶྗܗʹै͏ϚʔΫ͖աఔσʔλͷੜ

ϞσϧΛݕ౼͢Δ͜ͱॏཁͰ͋Δɽ͔͠͠ɼܾఆతඇઢ

ʹΒϚʔΫ͖աఔσʔλΛੜ͢Δख๏े͔ܥֶྗܗ

Ε͍ͯͳ͍ɽ͞౼ݕ

ͦ͜ͰຊߘͰɼ࿈ଓྗֶܥͷۃେநग़ʹΑͬͯੜ͠

ͨϚʔΫ͖աఔ͕ݩͷྗֶܥͷಛΛͲͷఔอͯ࣋͠

͍Δͷ͔ʹ͍ͭͯௐࠪ͢Δɽ۩ମతʹɼܾఆతඇઢྗܗ

େΛநग़͢Δۃσʔλͷྻܥ࣌Βੜ͞Ε͔ͨܥֶ [3]͜ͱ
ʹΑͬͯੜͨ͠ϚʔΫ͖աఔ͔Βߏ࠶ͨ͠ΞτϥΫ

λ্ͷ 2 ؒڑͱݩͷྗֶܥͷΞτϥΫλ্ͷ 2 ؒ
ͷใ͕ͲͷఔڑΛൺֱ͢Δ͜ͱͰɼ2ؒڑ
อ࣋͞Ε͍ͯΔͷ͔ධՁͨ͠ɽ2ͭͷ 2ؒڑͷൺֱʹ
ɼKullback-Leibler (KL) ใྔ [4] ͱ Jensen-Shannon (JS) 
ใྔ [5]Λ༻͍ͨɽ·ͨɼຊߘͷ࣮ݧʹ Lorenzํఔࣜ [6]
ͱ IzhikevichϞσϧ [7]Λ༻ͨ͠ɽ

2. େநग़ʹΑΔϚʔΫաఔͷੜۃ

·ͣɼຊߘͰ༻͍ͨۃେநग़ʹΑΔϚʔΫ͖աఔͷੜ

 [3]ʹ͍ͭͯड़ΔɽۃେΛநग़͢Δ͜ͱͰϚʔΫ͖
աఔΛੜ͢Δ༷ࢠΛਤ 1ʹࣔ͢ɽਤ 1ʹࣔ͢Α͏ʹɼҙͷ
৴߸ͷྻܥ࣌ n൪ͷۃେͷࠁ࣌ΛΠϕϯτൃੜࠁ࣌ t(n)ͱ

ఆٛ͠ɼۃେΛϚʔΫใ M(n)ͱఆٛ͢Δ͜ͱͰɼϚʔΫ

͖աఔΛੜ͢Δɽ͜ͷͱ͖ n൪ͷΠϕϯτൃੜִؒ (IEI)
ɼT(n) = t(n + 1) − t(n)ͰఆٛͰ͖ΔɽຊߘͰۃେநग़ʹ

ਤ 1 େநग़ʹΑΔϚʔΫ͖աఔੜ๏ۃ

ΑΔϚʔΫ͖աఔͷରͱͯ͠ɼLorenzํఔࣜ [6]Λ༻͍
ͨɽLorenzํఔࣜΛࣜ (1)ʹࣔ͢ɽ

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪
⎩

dx
dt
= σ(−x + y)

dy
dt
= −xz + r x − y

dz
dt
= xy − bz

(1)

ຊߘͰɼRunge-Kutta ๏ʹΑΓղΛ͕ͨ͠ࢉܭɼͦͷࡍͷࠁ
Έ෯ h = 0.01ͱͨ͠ɽύϥϝʔλ σ = 10, b = 8/3ͱ͠ɼr

 24 ≤ r ≤ 100ͷൣғͰ ΈͰมԽͤͨ͞ɽ͜͜ͰɼΧΦεࠁ1
ԠͱͳΔ r = 28 ͷ߹ͷ z ͷྻܥ࣌ͱɼۃେநग़ʹΑΔ

ϚʔΫ͖աఔΛਤ 2ʹࣔ͢ɽਤ 2ΛݟΔͱɼྻܥ࣌৴߸ͱ
ϚʔΫ͖աఔΧΦεతͳৼ͍Λ͍ͯ͠Δ͜ͱ͕֬ೝͰ

͖Δɽ

ʹେΛநग़͢Δ͜ͱۃɼχϡʔϩϯϞσϧʹରͯ͠ʹ࣍

ΑͬͯϚʔΫ͖աఔΛੜ͢Δ͜ͱΛ͑ߟΔɽຊߘͰɼ

IzhikevichχϡʔϩϯϞσϧ [7]Λ༻͍ͯϚʔΫ͖աఔΛੜ
͢ΔɽIzhikevichχϡʔϩϯϞσϧΛࣜ (2)ʹࣔ͢ɽ

⎧⎪⎪⎨

⎪⎪
⎩

#v = 0.04v2 + 5v + 140 − u + I

#u = a(bv − u)
(2)

͜͜Ͱɼv ≥ 30ͷͱ͖ɼࣜ (3)Ͱ v, uϦηοτ͞ΕΔɽ

⎧⎪⎪⎨

⎪⎪
⎩

v ← cɹ

u← u + d
(3)

·ͨɼv ບిҐɼu ճ෮มɼI ֎෦ೖྗɼa, b, c, d

ύϥϝʔλͰ͋ΔɽղΛ͢ࢉܭΔࡍͷ Runge-Kutta ๏ͷࠁ
Έ෯ h = 0.01 ʹઃఆͨ͠ɽຊߘͰɼΠϕϯτൃੜλΠ
ϛϯάΛ v, u ͕ࣜ (3) ͰϦηοτ͞Εͨࠁ࣌ɼϚʔΫͷ
ΛϦηοτ͞Εͨࠁ࣌ͷ u2 ͱͯ͠ϚʔΫ͖աఔΛੜ

ͨ͠ɽճ෮มൃՐۃʹ࣌େΛऔΔͷͰɼۃେநग़͠

͍ͯΔ͜ͱʹ૬͢Δ͕ɼϚʔΫͷࠩΛΑΓେ͖͘͢Δͨ

ΊʹϚʔΫΛ u2 ͱ͍ͯ͠Δɽ͜͜ͰɼΧΦεԠΛ͢Δ

a = 0.2, b = 2, c = −56, d = −16, I = −99ͷͱ͖ͷບిҐܥ࣌
ྻͱϚʔΫ͖աఔΛਤ 3ʹࣔ͢ɽਤ 3͔ΒɼບిҐྻܥ࣌
৴߸͓ΑͼɼϚʔΫ͖աఔΧΦεతͳԠΛ͍ͯ͠Δ͜

ͱ͕֬ೝͰ͖Δɽ

3. ঢ়ଶۭؒͷߏ࠶

Ԇ࠲ඪܥΛ༻͍ͨঢ়ଶۭؒͷߏ࠶ [8] ʹ͍ͭͯड़Δɽ
߸৴ྻܥ࣌ x(t)ʹର͢ΔԆ࠲ඪܥΛ༻͍ͨঢ়ଶۭؒͷߏ࠶

ࣜ (4)Ͱఆٛ͞ΕΔɽ͜͜Ͱɼτ Εؒ࣌ɼm ߏ࠶࣍

Λද͢ɽݩ

v(t) = (x(t), x(t + τ), x(t + 2τ), · · · , x(t + (m − 1)τ)) (4)

ࣜ (4)ʹ͕ͨͬͯ͠ɼेେ͖͍ݩ࣍ͰԆ࠲ඪܥʹΑΔߏ࠶
Λ͏ߦͱɼશม͕؍ଌ͞Ε͍ͯͳ͍߹Ͱݩͷྗֶܥͷ
μΠφϛΫεΛߏ࠶Ͱ͖Δ͜ͱ͕ΒΕ͍ͯΔ [9]ɽຊߘͰ
ɼҙͷྗֶ͔ܥΒۃେநग़ʹΑͬͯϚʔΫ͖աఔΛ
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(a) ߸৴ྻܥ࣌

(b) ϚʔΫ͖աఔ

ਤ 2 z(t) ͷྻܥ࣌৴߸ͱۃେநग़ʹΑΓੜͨ͠ϚʔΫ͖աఔ

(a) ບిҐྻܥ࣌৴߸

(b) ϚʔΫ͖աఔ

ਤ 3 ບిҐྻܥ࣌৴߸ͱੜͨ͠ϚʔΫ͖աఔ

ੜ͍ͯ͠Δ͕ɼۃେநग़ϙΞϯΧϨஅ໘ΛऔΔ͜ͱʹର
Ԡ͢Δɽͭ·ΓɼۃେΛநग़ͯ͠ੜͨ͠ϚʔΫ͖աఔ
ݩͷྗֶܥͷใΛநग़͍ͯ͠Δ͜ͱʹͳΔɽ͕ͨͬͯ͠ɼ
ಘΒΕͨϚʔΫ͖աఔΛԆ࠲ඪܥʹΑͬͯߏ࠶͢Δ͜
ͱͰɼݩͷྗֶܥͷμΠφϛΫεΛଊ͑Δ͜ͱ͕ՄͰ͋Δͱ
ߏ࠶ΛܥͷྗֶݩΒΕΔɽ·ͨɼΠϕϯτִ͔ؒΒͰ͑ߟ
ՄͰ͋Δ͜ͱΘ͔͍ͬͯΔ [10]ɽͭ·ΓɼIEIΛࣜ (4)Ͱ࠶
Ͱ͖Δɽࣜߏ࠶Λܥͷྗֶݩ͢Δ͜ͱͰߏ (4)؍ଌܥ࣌
ྻ͕ 2มͷ߹ʹ֦ுͯ͠ߏ࠶͕ՄͰ͋Δ [11]ɽͦ͜
Ͱɼn൪ͷ IEIΛ T(n)ɼn൪ͷϚʔΫΛ M(n)ͱ͠ɼҎԼ
ͷࣜ (5)ʹΑΓߏ࠶͢Δɽ

V (t) = (T (t), M(t), · · · , T (t + (m − 1)τ), M(t + (m − 1)τ)) (5)

ࣜ (5)ʹ͓͍ͯɼτ Εؒ࣌Ͱɼ2m͕ߏ࠶ݩ࣍ͱͳΔɽ·

ͨɼҰൠతʹྗֶܥͷશมΛ؍ଌ͢Δ͜ͱࠔ͕ͩɼຊ

ͷݩͰཧϞσϧΛ༻͍͍ͯΔͨΊɼϩʔϨϯπํఔࣜͷߘ

,ͱͯ͠ɼx(t)ܥֶྗ y(t), z(t)ͷશมΛ༻͍ͨ ΞτϥΫݩ࣍3
λΛ༻͍Δɽ

4. ֬ؒͷඇྨࣅͷఆྔԽ

ϚʔΫ͖աఔͷഎޙʹ͋Δྗֶܥͷಛ͕ϚʔΫ͖

աఔσʔλʹͲͷఔอ࣋͞Ε͍ͯΔͷ͔ΛఆྔతʹධՁ͢Δ

͜ͱΛ͑ߟΔɽզʑ͋Δྗֶ͔ܥΒۃେΛநग़͢Δ͜ͱʹ

ΑͬͯϚʔΫ͖աఔΛੜ͍ͯ͠Δɽੜͨ͠ϚʔΫ͖

աఔ͔Βࣜ (4), (5)ʹΑͬͯݩͷྗֶܥΛߏ࠶Ͱ͖Δͱ͢
Εɼݩͷྗֶܥͷ 2ؒڑͱߏ࠶ͨ͠ྗֶܥͷ 2
ڑΒΕΔɽ͕ͨͬͯ͠ɼ2ؒ͑ߟΔͱ͢ࣅྨڑؒ
ͷࠩΛ 4.1ɼ4.2અͰࣔ͢ࢦඪʹΑͬͯධՁ͢Δɽ

4. 1 Kullback-Leibler (KL)ใྔ
·ͣɼຊߘͰࢄతͳ֬ʹର͢Δ Kullback-

Leibler (KL)ใྔ [4]Λ༻͍ΔɽKLใྔɼҙͷ 2ͭͷ
͕֬Ͳͷఔྨ͍ͯ͠ࣅΔͷ͔ΛఆྔԽ͢ΔࢦඪͰ͋Δɽ

֬ Pͷ֬ Qʹର͢Δ KLใྔҎԼͷࣜ (6)Ͱ
ද͞ΕΔɽ

DKL(P | |Q) =
n∑

i=1
P(ki) log

(
P(ki)
Q(ki)

)

(6)

͜͜ͰɼP(ki), Q(ki)֬ʹ͓͍ͯখ͍͞ํ͔Β i൪ͷ

Λද͢ɽ·ͨɼҙͷڃ֊ΛऔΔ֬ɼnશڃ֊ ki ʹ͓͍

ͯ Q(ki) = 0ͷ߹͑ߦ͕ࢉܭͳ͍ͨΊɼຊߘͰ Q(ki) = 0
ͷ߹আ͍ͯࢉܭΛߦͳͬͨɽKLใྔඇෛੑ͕͋Γɼ௨
ৗਖ਼ͷΛऔΔ͕ɼ͜ͷॲཧʹΑͬͯɼෛͷऔͬͯ͠·

͏߹͕ଘ͢ࡏΔɽ·ͨɼKLใྔʹඇରশੑ͕͋ΓɼҰ
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ൠతʹ DKL(P | |Q) ! DKL(Q | |P)Ͱ͋ΔͨΊɼ݁Ռͷղऍ͕

ෳࡶͱͳͬͯ͠·͏ɽͦ͜ͰຊߘͰɼKLใྔʹൺͯܭ
Ͱ͖ͳ͍߹͕গͳ͘ɼ2ͭͷʹରͯ͠Ұҙʹใྔ͕ࢉ
Ͱ͖Δࢉܭ JSใྔ༻͍ͨɽ

4. 2 Jensen-Shannon (JS)ใྔ
KLใྔʹඇରশੑ͕͋Δ͕ɼҙͷ 2ͭͷʹର͠
ͯҰҙʹใྔ͕ܾఆ͢Δ JSใྔ͕ఏҊ͞Ε͍ͯΔ [5]ɽ֬
 P ͱ Q ͷ JSใྔͷఆٛΛࣜ (7)ʹࣔ͢ɽ

DJS(P,Q) =
1
2
(DKL(P | |M) + DKL(Q | |M)) (7)

ͨͩ͠ɼ֬ M ֬ P ͱ Q ͷฏۉͷ֬Ͱ

͋ΓɼM(ki) =
1
2
(P(ki) +Q(ki))ͱ͢ΔɽKLใྔͰɼҙ

ͷ ki ʹ͓͍ͯ Q(ki) = 0 ͕ଘ͢ࡏΔͱɼ͑ߦ͕ࢉܭͳ͍ͨΊ
ʹɼෛͷใྔͱͳͬͯ͠·͏߹͕͋Γɼ݁Ռͷ৴པੑ͕མ

ͪͯ͠·͏ɽ͔͠͠ɼJSใྔ M(ki) = 0ͷ߹ɼ͢ͳΘͪ
P(ki) = 0 ∩Q(ki) = 0ͷ߹ͷΈ͑ߦ͕ࢉܭͳ͘ͳΔͨΊɼKL
ใྔʹൺͯ৴པੑͷ͍݁Ռ͕ग़ʹ͍͘ͱ͑ߟΒΕΔɽ·

ͨɼJSใྔʹରশੑ͕͋Γɼ2ͭͷ͔Β͞ࢉܭΕΔ
ใྔҰҙʹఆ·ΔͨΊɼ݁Ռͷղऍ͕͍ߦ͘͢ͳΔɽैͬ

ͯɼຊߘͰ KLใྔʹՃ͑ͯ JSใྔͨ͠ࢉܭɽ

5.   ࣮ ݧ

ຊߘͰߦͳ࣮ͬͨݧʹ͍ͭͯड़Δɽຊߘͷతɼۃ

େΛநग़͢ΔมʹΑͬͯɼੜͨ͠ϚʔΫ͖աఔσʔ

λ͕ݩͷྗֶܥͷۭؒతಛΛͲͷఔอ࣋Ͱ͖͍ͯΔͷ͔Λ

ఆྔతʹධՁ͢Δ͜ͱͰ͋Δɽͦ͜ͰɼۃେΛநग़͢Δ͜ͱ

Ͱੜͨ͠ϚʔΫ͖աఔσʔλͱݩͷྗֶܥͷΞτϥΫλ

ͷ 2ؒڑͷࠩΛൺֱ͢Δ͜ͱͰɼݩͷྗֶܥͷใ͕
ϚʔΫ͖աఔʹͲͷఔอ࣋͞Ε͍ͯΔ͔ͷௐࠪΛߦͳͬ

ͨɽ۩ମతʹɼݩͷΞτϥΫλ্ͷ̎ؒڑͱϚʔΫ

͖աఔͷߏ࠶ΞτϥΫλ্ͷ 2 ؒڑʹରͯ͠
KLใྔͱ JSใྔΛͨ͠ࢉܭɽͦͷࡍɼ2ؒڑݩͷ
ΞτϥΫλͱ IEIɼϚʔΫɼIEIͱϚʔΫͷߏ࠶ΞτϥΫ
λͰൣғ͕ҟͳΓɼ୯७ʹൺֱͰ͖ͳ͍ͨΊɼ[0,1] ͷൣғͰ
ਖ਼نԽͨ͠ɽ·ͨɼϚʔΫ͖աఔͷߏ࠶ݩ࣍ m = 10ɼ
Εؒ࣌ τ = 1ͱ͠ɼաঢ়ଶͱ͔ͯ͠ྻܥ࣌Β 100,000
Λআ֎ͨ͠ɽ2ؒڑͷࢉܭʹ༻͍ͨΞτϥΫλͷ
ݩͷྗֶܥɼIEIɼϚʔΫɼIEIͱϚʔΫ͔Βߏ࠶ͨ͠
ΞτϥΫλͷશͯʹ͓͍ͯ 10,000 ͱͨ͠ɽ·ͨɼ֬
 [0,1]ͷൣғͰ֊ڃ෯Λ 0.05ɼଈͪ֊ڃΛ n = 20ͱͯ͠ٻ
Ίͨɽ

ͷΞτϥΫλ্ͷݩ 2 ؒڑͱ IEIɼϚʔΫɼIEI
ͱϚʔΫ͔Βߏ࠶ͨ͠ΞτϥΫλ্ͷ 2 ؒڑͷ
KLใྔͱ JSใྔΛ݁ͨ͠ࢉܭՌΛਤ 4ʹࣔ͢ɽ͜͜Ͱɼ
ਤ 4ͷԣ࣠ϩʔϨϯπํఔࣜͷύϥϝʔλ rɼॎ࣠ KL
ใྔɼJS ใྔͰ͋Δɽ·ͨɼPo  x(t), y(t), z(t) Λ༻͍ͨ 3
ͷ֬Ͱ͋ΔɽڑԽ̎ؒنΞτϥΫλʹ͓͚Δਖ਼ݩ࣍

Px, Py, Pz ͦΕͧΕ x, y, z ͷྻܥ࣌ͷۃେΛநग़ͯ͠ੜ

ͨ͠ϚʔΫ͖աఔ͔Βߏ࠶ͨ͠ΞτϥΫλʹ͓͚Δਖ਼

Խن 2ؒڑͷ֬Ͱ͋Δɽ

ਤ 4 ΛݟΔͱɼKL ใྔ 0 ͔Β 2 ఔͷΛऔ͓ͬͯ
ΓɼJS ใྔ֓Ͷ 0 ͔Β 0.3 ఔͷΛऔ͍ͬͯΔɽͨ͠
͕ͬͯɼ֬ൺֱతྨ͍ͯ͠ࣅΔͱ͑ߟΒΕΔɽ·ͨɼ

r = 92, 93, 100 ͷͱ͖ͷ JSɼKL ใྔେ͖͘มಈ͍ͯ͠
Δ͕ɼΧΦεԠͷ߹ͱҟͳΓɼ͜ͷύϥϝʔλͷͱ͖

पيظಓͱͳ͍ͬͯΔ͜ͱ͕ݪҼͩͱ͑ߟΒΕΔɽ࣮ࡍʹ

r = 92, 93, 100ͷपيظಓͷ߹ͱ r = 28ͷΧΦεيಓͷ߹
ͷΞτϥΫλΛਤ 5ʹࣔ͢ɽਤ 5ΛݟΔͱɼr = 28ͷ (a)Χ
ΦεతͳيಓΛඳ͍͍ͯΔ͕ɼr = 92, 93, 100ͷ (b)∼(d)पظ
ಓͱͳ͍ͬͯΔ͜ͱ͕֬ೝͰ͖Δɽ·ͨɼਤي 4ʹ͓͍ͯɼJS
ใྔΛൺֱ͢Δͱɼz(t)ͷྻܥ࣌ͷۃେΛநग़ͨ͠߹ʹ

ใྔͷ͕૬ରతʹ͘ͳ͍ͬͯΔ͜ͱ͕Θ͔Δɽ͜ΕΒͷ

݁Ռɼߏ࠶ݩ࣍ m = 10ɼΕؒ࣌ τ = 1ͱͨ͠߹Ͱ͋Δ
ͨΊɼଞͷ݅Ͱಉ༷ͷͱͳΔ͔ɼ·ͨͦͷݪҼʹ͍ͭ

ͯΑΓৄࡉͳௐ͕ࠪඞཁͰ͋Δɽ

ɼIzhikevichϞσϧ͔Βੜͨ͠ϚʔΫ͖աఔʹରʹ࣍
ͯ͠ Lorenz ํఔࣜͷ߹ͱಉ༷ʹ JS ใྔΛͨ͠ࢉܭɽ
ݩ࣍ߏ࠶ mɼΕؒ࣌ τɼআ֎ͨ͠աঢ়ଶɼ༻͍ͨܥ࣌

ྻಉ༷Ͱ͋Δɽ·ͨɼຊߘͰɼa, b, c, d, I ʹؔͯ͠

5 छྨͷύϥϝʔλΛ༻͍͕ͨɼͦΕͧΕɼ(A) a = 0.2, b =
2, c = −56, d = −16, I = −99ɼ(B) a = 0.511, b = 0.2, c = −55, d =
2, I = 10ɼ(C) a = 0.02, b = 0.498, c = −47.6, d = 2, I = 10ɼ
(D) a = 0.05, b = 0.2, c = −50.96, d = 2, I = 10ɼ(E) a = 0.01, b =
0.61, c = −56, d = 2, I = 10Ͱ͋Δɽ͜͜Ͱɼ(A)ɼ(B)ΧΦε
Ԡ͢ΔύϥϝʔλͰɼ(C)ɼ(D)ɼ(E)ਪఆͨ͠ϦΞϓϊϑࢦ
͕ਖ਼ͷൣғͰ͋Γɼ(C)ɼ(D) Chatteringͱྨͨ͠ࣅΧΦε
తൃՐύλʔϯΛࣔ͢߹ɼ(E) Regular Spikingͱྨͨ͠ࣅ
ΧΦεతൃՐύλʔϯΛࣔ͢߹Ͱ͋Δ [12]ɽͨ͠ࢉܭ JS 
ใྔͷ݁ՌΛද 1ʹࣔ͢ɽද 1ΛݟΔͱɼJSใྔ 0.1͔Β

ද 1 Izhikevich Ϟσϧ͔Βੜͨ͠ϚʔΫ͖աఔΛ༻͍ͯߏ࠶
ͨ͠ΞτϥΫλͷ 2 ؒڑͱບిҐ͔ྻܥ࣌Βߏ࠶͠
ͨΞτϥΫλͷ 2 ؒڑؒͷ JS ใྔ

DJS

ύϥϝʔλ ϚʔΫྻܥ࣌ IEI ྻܥ࣌ ϚʔΫͱ IEI ྻܥ࣌
(A) 0.465586 0.494907 0.459617
(B) 0.307387 0.310033 0.291579
(C) 0.143854 0.246331 0.165065
(D) 0.393453 0.376193 0.320988
(E) 0.412835 0.379912 0.290520

0.5ͷൣғͷΛऔ͓ͬͯΓɼ(C)ͷύϥϝʔλҎ֎ͰɼϚʔ
Ϋͱ IEI͔ྻܥ࣌Βߏ࠶ͨ͠߹ʹͬͱ͍Λऔͬͯ
͍Δɽ

6. · ͱ Ί

ຊߘͰɼܾఆతඇઢܥֶྗܗΛ؍ଌ͢Δ͜ͱͰಘͨܥ࣌

ྻ৴߸ͷۃେΛநग़ͯ͠ੜͨ͠ϚʔΫ͖աఔσʔλ͕

ͲͷఔݩͷྗֶܥͷۭؒతಛΛอ͍ͯ࣋͠Δͷ͔ʹ͍ͭͯ

ͷܥͷྗֶݩɽ۩ମతʹɼͨ͠౼ݕ 2ؒڑͱϚʔΫ
͖աఔͷߏ࠶ঢ়ଶۭؒͷ 2ؒڑʹରͯ͠ KL
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1 はじめに

ニューロンの出力信号を観測することに比べて，ニューロ
ンへの入力信号を観測することは容易ではない．本稿では，複
数のニューロンより得られる発火間隔（ISI）時系列から再構
成したアトラクタ [1]を用いることで，ニューロンへの共通入
力の推定を行う手法を提案する．

2 ニューロンモデルと入力信号

本稿では，ニューロンの数理モデルとして，Leaky Integrated

and Fire（LIF）モデル [2]を用いる．LIFモデルのダイナミク
スは，τ V̇ (t) = −V (t)+S(t)と表現できる．ここで，V (t)は膜
電位，S(t)は入力電流，τは漏れの割合を示すパラメータである．
LIFモデルは，膜電位 V (t)が閾値Θを超えると発火し，V (t)

がリセットされる．ここで，j番目のニューロンの i番目の発火
時刻を Tj(i)とすると，ISI時系列は tj(i) = Tj(i + 1) − Tj(i)

である．本稿では，個体差のある複数のニューロンとして，
Θ = 20，1/τ = 0.8, 0.9, . . . , 1.2とした 5個の LIFモデルを
用いた．さらに，ニューロンへの共通入力として，カオス応答
を示すレスラー方程式 [3]の第 1変数 x(t)の時系列を用いて，
S(t) = x(t) + 40とした．なお，レスラー方程式のパラメータ
は a = 0.36, b = 0.4, c = 4.5とした．

3 ニューロンへの共通入力の推定手法

本稿では，以下に述べるように複数の再構成アトラクタの
合成によりニューロンへの共通入力の推定を行う．そこで，再
構成アトラクタの直径を揃えるため，以下の手順により処理
を行う．(1) j 番目 (j = 1, 2, . . . , 5)のニューロンより得られ
た ISI時系列 tj(i)を平均 0，分散 1として標準化した ISI時
系列 t′

j(i)を得る．(2) 5個の t′
j(i)から m次元遅延ベクトル

uj(i) = (t′
j(i), t

′
j(i + 1), . . . , t′

j(i + (m − 1)L))を用いて [1]，
5つのアトラクタを再構成する．ここで，Lは遅れ時間である．
(3) ベクトル uj(i)を用いて再構成した 5つのアトラクタから
1つのアトラクタを合成する．具体的には，発火時刻 Tj(i)と
ベクトル uj(i)は対応しているので，5つのベクトル uj(i)を
発火時刻 Tj(i)の順番に並べ替え，アトラクタを合成した．図
1は，j = 3, i = 1, 2とした場合の，ベクトル uj(i)を対応す
る発火時刻 Tj(i)の順番に並べ替える例である．(4) 合成した
アトラクタのリカレンスプロット (RP)[4]を作成し，共通入力
を推定した [5]．ここで，m = 5，L = 1，RPの閾値はプロッ
ト割合が 10%となるように設定した．

図 1: 対応する発火時刻 Tj(i) の順番でベクトル uj(i) を並べ替える例

4 結果
共通入力の時系列 x(t)から m = 5，L = 15としてアトラ

クタの再構成を行い，そのアトラクタから作成した RP と合
成したアトラクタの RPを図 2に示す．ここで，図 2(左)は，

図 2: 共通入力の RP（左）と合成したアトラクタの RP（右）
共通入力の時系列 x(t) を 1/20 でサブサンプルして作成した
RPである．図 2を見ると，共通入力の RPと合成したアトラ
クタの RP は類似することがわかる．また，共通入力の時系
列 x(t)（紫色）と図 2（右）に示した RPから推定した入力時
系列 x̂(t)（赤色）を図 3に示す． ここで，共通入力の時系列

図 3: 共通入力時系列 x(t) と推定した入力時系列 x̂(t)

x(t)と推定した入力時系列 x̂(t)は標準化を行った．図 3を見
ると，2つの時系列の概形が類似していることがわかる．実際
に x(t)と x̂(t)の相関係数は，0.80であり，入力信号を概ね推
定できていることがわかる．
これらの結果は，個体差のある複数のニューロンより得ら

れる ISI時系列を用いて再構成したアトラクタを合成すること
で，共通入力の推定が可能であることを示すものである．

5 まとめ
本稿では，複数の ISI 時系列を用いてアトラクタを合成す

ることで，個体差のある複数のニューロンへの共通入力の推定
を行う手法を提案した．数値実験の結果，提案手法は個体差の
ある複数のニューロンに対する共通入力の推定において有効
であることが示された．
なお，本研究の一部は，JSPS 科研費 (JP17K00348,

JP20H00596)の援助を受けて行われた．
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Tohru Ikeguchi

౦ژཧՊେֶେֶӃ Պڀݚֶ 1 େֶେֶӃۄ࡛ ཧڀݚֶՊ 2 ౦ژཧՊେֶ ෦ֶ 3

1 ͡Ίʹ
ۙͷ؍ଌٕज़ͷ্ʹ͍ɼ༷ʑͳྻܥ࣌σʔλΛ
σʔྻܥ࣌ଌ؍ଌͰ͖ΔΑ͏ʹͳ͍ͬͯΔɽ؍ʹਫ਼ߴ
λʹɼαϯϓϦϯάִ͕ؒҰఆͰͳ͍աఔσʔλɼ
ϚʔΫաఔσʔλଘ͢ࡏΔɽయܕతͳաఔσʔ
λͱͯ͠ɼਆ׆ܦಈ͔ΒಘΒΕΔεύΠΫྻ͕ɼϚʔΫ
աఔͱͯ͠ɾ׆ࡁܦಈ͕͋Δɽ͜͠ΕΒͷ؍
ଌσʔλ͔ΒҼՌؔΛݕग़͢Δ͜ͱ͕Ͱ͖Εɼ༷ʑ
ͳݱͷཧղʹཱͯΔ͜ͱ͕Ͱ͖Δɽྫ͑ɼଟݩ࣍
Λਪఆ͠ߏͷΈ͔ΒωοτϫʔΫྻܥ࣌ଌ؍ [1]ɼγ
εςϜΛ੍͢ޚΔ͜ͱͳͲͷԠ༻͕ظͰ͖Δɽ
զʑ͢Ͱʹɼඇઢܥֶྗܗཧʹͮ͘جɼҼՌੑݕ
ग़๏ (convergent cross mapping) [2]Λ֦ு͢Δ͜ͱͰɼ
աఔσʔλؒͷҼՌੑΛݕग़Մͳख๏ΛఏҊ͍ͯ͠
Δ [3, 4, 5]ɽఏҊख๏ɼߏ࠶ঢ়ଶۭؒͷใʹͮج
͍ͯҼՌੑΛݕग़͢ΔɽϚʔΫͷͳ͍աఔʹ͍ͭͯɼ
͢ͰʹΠϕϯτִ͔ؒΒͷঢ়ଶۭؒߏ࠶ख๏ͳͲʹؔ
͢Δ͕ٞ͋Δ [6]ɽҰํͰɼϚʔΫաఔ͔Βͷঢ়
ଶۭؒߏ࠶ʹ͍ͭͯɼ؍ଌྻܥ࣌ͷۃେΛநग़͠
ͯಘΒΕΔྻܥ࣌ʹݩͷྗֶܥͷಛ͕อ࣋͞ΕΔ͜
ͱ͕จݙ [7]Ͱٞ͞Ε͍ͯΔɽ͔͠͠ɼϚʔΫա
ఔ͔Βͷঢ়ଶۭؒߏ࠶ेʹݕ౼͞Ε͍ͯͳ͍ɽͦ
͜ͰຊߘͰɼϚʔΫաఔ͔Βঢ়ଶۭؒΛߏ࠶͢
Δख๏ͷଥੑͷݕ౼Λ͏ߦɽ

2 ղੳख๏ͱ݁Ռ
ຊߘͰɼ؍ଌྻܥ࣌ͷۃେΛநग़͢Δ͜ͱͰϚʔ
ΫաఔΛੜ͢Δ [8]ɽ͜͜ͰɼϚʔΫաఔ͔
Βঢ়ଶۭؒΛߏ࠶͢Δํ๏ʹ͍ͭͯड़ΔɽϚʔΫ
աఔͷ n൪ͷΠϕϯτִؒ (IEI)Λ T (n)ɼϚʔ
ΫΛM(n)ͱ͢Δɽঢ়ଶۭؒɼԆ࠲ඪܥ V (n) =

(M(n), T (n), · · · , M(n+(m−1)τ), T (n+(m−1)τ))

Λ༻͍ͯߏ࠶ՄͰ͋Δͱظ͞ΕΔ [9]ɽ͜͜Ͱɼm

ߏ࠶ݩ࣍ɼτ Εؒ࣌Ͱ͋ΔɽIEIͱϚʔΫͷ
͢Δ͜ͱɼΠϕϯτִؒߏ࠶Βঢ়ଶۭؒΛ͔ྻܥ࣌
Մͳ͜ͱߏ࠶ΛܥΒྗֶ͔ྻܥ࣌ [6]ɼྻܥ࣌ͷۃ
େʹݩͷྗֶܥͷಛؚ͕·Ε͍ͯΔ͜ͱ [7]ɼଟ
Մͳ͜ͱߏ࠶Βঢ়ଶۭؒΛ͔ྻܥ࣌ݩ࣍ [10]ͳͲ
͔ΒɼຒΊࠐΈͱͳΔ͜ͱ͕͑ߟΒΕΔɽ
ҎԼͰɼͦͷଥੑΛධՁ͢ΔͨΊʹɼLorenzํ
ఔࣜ [7]ͷશঢ়ଶม͔Βߏͨ͠ΞτϥΫλ্Ͱͷ 2

ؒڑͱɼۃେநग़ͰಘͨϚʔΫաఔ͔Β
ͨ͠ঢ়ଶۭؒͷΞτϥΫλ্ͷߏ࠶ 2ؒڑ
ؒͷྨࣅͱͯ͠ɼJSใྔ [11]Λࢉग़͢Δɽ2ؒ
σʔλͨ͠༺ʹࡍΔ͢ࢉܭΛڑ 10,000Ͱɼ2

ڑؒ [0, 1]ͷൣғͰਖ਼نԽͨ͠ɽ·ͨɼ2ؒڑ
ͷϏϯ෯ 0.05ͱ͠ɼߏ࠶ݩ࣍ 2 ≤ m ≤ 20

ͷൣғͰมԽͤ͞ɼΕؒ࣌ τ = 1ͱͨ͠ɽ֤ม
x, y, z ʹର͢Δߏ࠶ݩ࣍ͱ JSใྔͷؔΛද 1ʹ
ࣔ͢ɽද 1ͰɼJSใྔ͕࠷খͱͳͬͨΛࣈͰ

ද 1 ͱݩ࣍ߏ࠶ JSใྔͷؔ
ݩ࣍ߏ࠶ m

2 4 6 8 10 12 14 16 18 20

x 0.062 0.018 0.026 0.062 0.098 0.118 0.151 0.184 0.208 0.238

y 0.095 0.054 0.041 0.056 0.084 0.121 0.151 0.185 0.215 0.249

z 0.201 0.166 0.110 0.071 0.050 0.042 0.042 0.044 0.050 0.059

͍ࣔͯ͠Δɽද 1͔ΒɼͲͷมΛ༻͍ͯϚʔΫա
ఔΛੜ͢Δ͔ʹΑͬͯదͳߏ࠶ݩ࣍ͷҟͳΔ
͕ɼJSใྔ 0.05ҎԼͷখ͞ͳΛऔ͍ͬͯΔ͜ͱ
͕Θ͔Δɽ͜ΕΒͷ݁ՌɼϚʔΫաఔΛ༻͍ͨ࣌
ؒΕ࠲ඪܥʹΑΓɼຒΊࠐΈͱͳΔՄੑΛࣔࠦ͢Δ
ͷͰ͋Δɽͨͩ͠ɼ2ؒڑ͕ྨ͢ࣅΔ͜ͱ
ΑޙࠓՄͳे݅Ͱͳ͍ͨΊɼߏ࠶͕ܥֶྗ
Γৄࡉͳௐ͕ࠪඞཁͰ͋Δɽ

3 ·ͱΊ
ຊߘͰɼϚʔΫաఔ͔ΒΠϕϯτִؒ (IEI)ͱ

ϚʔΫΛ༻͍ͯঢ়ଶۭؒΛߏ࠶͢Δख๏ͷଥੑΛ
ͷΞτϥΫλ্ͷܥͷྗֶݩɽ۩ମతʹɼͨ͠ূݕ 2

ؒڑͱϚʔΫաఔͷ IEI ͱϚʔΫͷ͔
Βߏ࠶ͨ͠ΞτϥΫλ্ͷ 2 ؒڑͷؒͷྨ
Λࣅ JSใྔͰධՁͨ͠ɽ݁Ռͱͯ͠ɼΠϕϯτؒ
ִͱϚʔΫΛ༻͍ͨঢ়ଶۭؒͷߏ࠶͕ຒΊࠐΈͱͳ
ΔՄੑ͕ࣔࠦ͞Εͨɽͳ͓ɼຊڀݚͷҰ෦ JSPSՊ
අݚ (Nos. JP15KT0112, JP17K00348, JP18K18125,

JP20H00596)ͷԉॿΛड͚ͯߦΘΕͨɽ

ݙจߟࢀ
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୯ޠͷ༻සͱޠݴωοτϫʔΫͷߏతಛͷؔ
Relation between Frequency of Words and Language Network Structures

ᚸف؛ฏ †

Kihei MAGISHI
দຊ๎ࢠ †

Tomoko MATSUMOTO
ౡా༟ ††

Yutaka SHIMADA
ޱప †

Tohru IKEGUCHI
† ౦ژཧՊେֶ †† େֶۄ࡛

1 ͡Ίʹ
զʑطʹɼෳࡶωοτϫʔΫཧͷ؍͔ΒޠݴΛ
ղੳ͢Δ͜ͱͰɼಉҰจॻͰ͋ͬͯهड़͢Δޠݴʹґ
ଘͯ͠ɼωοτϫʔΫͷߏతಛ͕ҟͳΔͷͱͳΔ
͜ͱΛ໌Β͔ʹͨ͠ [1–3]. ͔͠͠ɼจॻͷͲͷΑ͏ͳ
ಛ͕ωοτϫʔΫͷߏతಛʹө͢Δͷ͔ʹ͍ͭ
ͯະղ໌Ͱ͋Δ. ͦ͜ͰຊߘͰɼจॻͷಛͷ 1ͭ
ͱ͑ߟΒΕΔ୯ޠͷ༻සͱωοτϫʔΫߏͷఆྔ
Խࢦඪͱͷؔੑʹ͍ͭͯௐࠪͨ͠ɽͦͷ݁Ռɼޠݴͷ
छྨʹؔΘΒͣɼ୯ޠͷ༻සͱ࣍த৺ੑɾഔհத
৺ੑɾۙத৺ੑͷؒʹ૬͕ؔ͋Δ͜ͱ͕໌Β͔ͱͳͬ
ͨͷͰใ͢ࠂΔɽ
2 ख๏࡞ωοτϫʔΫޠݴσʔλͱ༺
ຊߘͰɼ৽ॻͷϚλΠʹΑΔԻॻ [4–9]Λର
ͱ͠ɼ༁όʔδϣϯΛؚΊͨ 14छྨͷςΩετσʔ
λΛ༻ͨ͠. ·ͨɼղੳରޠݴͱͯ͠ɼΠϯυɾϤʔ
ϩούޠʹྨ͞ΕΔΪϦγϟޠɼϥςϯޠɼӳޠɼ
υΠπޠɼϑϥϯεޠɼϩγΞޠɼϥϧޠʹྨ͞
ΕΔϑΟϯϥϯυޠɼຊޠʹྨ͞ΕΔຊޠɼγ
φɾνϕοτޠʹྨ͞ΕΔதޠࠃΛ༻͍ͨɽ
·ͣɼܗଶૉղੳʹΑΓจষΛ୯ޠͷܕݪ ʹ(ଶૉܗ)

ղ͠ɼͦͷࢺΛٻΊͨ. ଶૉղੳπʔϧͱͯ͠ܗ
ຊޠmecab [10]Λɼଞޠݴ tree-tagger [11]Λ༻
ͨ͠. ͷΛࢺͱͦͷܕݪͷޠɼ୯ʹ࣍ 1ͭͷͱ
͠ɼจষதͰྡ͢ΔΛଓ͢Δ͜ͱͰɼ୯ޠͷڞ
.ͨ͠࡞ωοτϫʔΫΛணͨ͠ॏΈແ͠ແʹى ͦ
ͷࡍɼ୯ޠͷॏෳɼ୯ؒޠͷͭͳ͕ΓͷॏෳೝΊͣɼ
۟ಡɼ۟ಡɼه߸Λআ͍ͨ. ͳ͓ɼ1ͭͷจষ͔
Βඇ࿈݁ͳωοτϫʔΫ͕ಘΒΕͨ߹ɼ࠷େ෦ά
ϥϑΛରͱͨ͠.
3 Ռ݁ݧ࣮
·ͣɼ֤ޠݴͷςΩετσʔλͷ୯ޠͷ༻සΛࢉ
ग़ͨ͠ɽ࣍ʹɼ5छྨͷωοτϫʔΫߏͷఆྔԽࢦඪΛ
த৺ੑ࣍Ίͨɽ۩ମతʹɼٻ [12]ɼഔհத৺ੑ [12]ɼ
ۙத৺ੑ [13]ɼΫϥελ [14]ɼܗ࢛֯Ϋϥελ
 [15]Ͱ͋Δɽޙ࠷ʹɼ֤୯ޠͷ༻සͱ֤ఆྔԽࢦ
ඪͷ૬ؔΛࢉग़͢Δ͜ͱͰɼ୯ޠͷ༻සͱωο
τϫʔΫͷߏతಛͷؔੑΛௐࠪͨ͠ɽ
֤୯ޠͷ༻සͱωοτϫʔΫࢦඪʢ࣍த৺ੑɼ
ۙத৺ੑɼഔհத৺ੑɼΫϥελɼܗ࢛֯Ϋϥε
λʣͷ૬ؔΛਤ 1ʹࣔ͢ɽਤ 1ͷԣ࣠ޠݴͷ
छྨɼॎ࣠૬ؔΛද͍ͯ͠Δɽ
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ਤ 1: ୯ޠͷ༻සͱ֤ࢦඪؒͷ૬ؔ

ਤ 1ΛݟΔͱɼ୯ޠͷ༻සͱ࣍த৺ੑɾഔհத
৺ੑͷઢܗ૬͕ؔඇৗʹ͍͜ߴͱ͕͔Δɽ͜ΕΒͷ݁
Ռɼ୯ޠͷ༻ස͕ωοτϫʔΫͷߏతಛʹӨ
Մੑ͕͋Δ͜ͱΛࣔࠦ͢ΔͷͰ͋Δɽ͢΅ٴΛڹ
Ұํɼ୯ޠͷ༻සͱۙத৺ੑͷઢܗ૬͍ؔ
͜ͱ͕͔Δɽ͔͠͠ɼӳޠʹ͍ͭͯɼ୯ޠͷ༻ස
ͱۙத৺ੑͷ૬ؔਤΛݟΔͱɼ୯ޠͷ༻සͱۙ
த৺ੑʹඇઢܗͳ૬͕ؔ͋Δ͜ͱ͕͔Δʢਤ 2ʣɽ
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ਤ 2: ӳޠ 2ʹର͢Δ୯ޠͷ༻සͱۙத৺ੑͱͷ૬ؔਤ

·ͨɼ୯ޠͷ༻සͱΫϥελɾܗ࢛֯Ϋϥε
λͷؒʹ૬ؔͳ͍ɽ
4 ·ͱΊ
ຊߘͰɼจॻͷಛͷҰͭͱ͑ߟΒΕΔ୯ޠͷ༻
සͱωοτϫʔΫߏͷఆྔԽࢦඪͱͷؔੑʹ͍ͭ
ͯௐࠪͨ͠ɽͦͷ݁ՌɼޠݴͷछྨޠʹؔΘΒͣɼ
୯ޠͷ༻සͱ࣍த৺ੑɾഔհத৺ੑͱͷؒʹઢ
૬ؔܗ૬͕ؔ͋Δ͜ͱɼۙத৺ੑͱͷؒʹඇઢܗ
͕͋Δ͜ͱ͕໌Β͔ͱͳͬͨɽຊߘͰɼӳޠΛରͱ
ͨ݁͠ՌͷΈ͕ࣔͨ͠ɼଞޠݴʹ͓͍ͯಉ༷ͳඇઢܗ
૬͕ؔଘ͢ࡏΔ͜ͱ֬ೝ͍ͯ͠Δɽ͜ΕΒͷ݁Ռͷৄ
Δ༧ఆͰ͋ΔɽҰํɼΫϥελ͢ࠂผ్ใ͍ͯͭʹࡉ
૬͕ؔͳ͍͜ܗͱͷؒʹઢΫϥελܗ࢛֯ɾ
ͱ໌Β͔ͱͳͬͨɽޙࠓɼຊߘͷ݁Ռ͕ޠݴωοτ
ϫʔΫ࡞ख๏ʹґଘ͍ͯ͠ΔՄੑʹ͍ͭͯௐࠪ͢Δ
ඞཁ͕͋Δɽ·ͨɼ୯ޠͷ༻සҎ֎ͷಛͱωοτ
ϫʔΫߏͷؔੑΛௐࠪ͢Δඞཁ͕͋Δɽ
ँࣙ ຊڀݚͷҰ෦ɼJSPS ՊݚඅʢNo. JP17K

00348, JP18K12701, JP18K18125, JP20H00596ʣͷॿ
Λड͚ͯߦΘΕͨɽ
ݙจߟࢀ
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ΧΦεྻܥ࣌ͱϊΠδʔͳ४पظղͷผ
Discrimination between Chaotic Time Series and Noisy Quasi-periodic Solutions

ؙۚ ੜࢤ 1 Nina Sviridova2 ౡా ༟ 3 ޱ ప 1,2

౦ژཧՊେֶେֶӃ Պڀݚֶ 1 ౦ژཧՊେֶ ෦ֶ 2 େֶେֶӃۄ࡛ ཧڀݚֶՊ 3

1 ͡Ίʹ
ඇઢྻܥ࣌ܗղੳख๏ͷҰͭʹಉํతۙϓϩοτ

(IDNP) [1] ͕͋ΔɽIDNP ɼΞτϥΫλͷ 2 ؒͷۙ
͔ͭಉํͷؔΛɼ2ݩ࣍ͷനࠇը૾Ͱදͨ͠ݱͷ
Ͱ͋ΔɽIDNP্ͷࠇըૉͷׂ߹ɼIDNPΛߏ͢ΔϦ
ΧϨϯεϓϩοτ (RP) [2]ͱಉํੑϦΧϨϯεϓϩοτ
(IDRP) [1]ͷᮢͷେ͖͞ʹ૬͢Δύϥϝʔλ θʹΑΓ
ఆ·ΔɽզʑطʹRPɼIDRPͷ θΛঃʑʹେ͖ͨ͘͠ͱ
͖ͷ IDNPͷมԽΛఆྔతʹௐΔ͜ͱͰɼඇઢྻܥ࣌ܗ
ͷಛΛଊ͑Δख๏ΛఏҊ͍ͯ͠Δ [3–5]ɽ͜ΕΒͷख๏Ͱ
ɼ·ͣɼRPͱ IDRPʹରͯ͠ɼθͷΛมԽͤ͞Δ͜ͱ
Ͱෳͷ RPͱ IDRPΛ࡞͢Δɽ࣍ʹɼಉ͡ θͷͰ࡞
͞ΕͨRPͱ IDRPͷڞ௨ू߹͔ΒɼIDNPΛ࡞͢Δɽ
ɼIDNPͱʹޙ࠷ RPΛ༻͍ͯੜ֬ى R [1]Λࢉग़͠ɼθ
ʹର͢Δ RͷਪҠΛಘΔɽจݙ [3–5]Ͱɼ͜ͷखॱ
ʹΑͬͯྻܥ࣌σʔλͷಛੑΛଊ͑Δ͜ͱ͕Ͱ͖Δ͜ͱ͕
ࣔ͞Ε͍ͯΔ͕ɼܾఆతΧΦεྻܥ࣌ͱ४पظղʹ෦
ϊΠζ͕ҹՃ͞Εͨྻܥ࣌ͷಛੑผʹ͍ͭͯະݕ౼Ͱ
͋Δɽͦ͜ͰຊߘͰɼΧΦεղͱ४पظղʹ෦ϊΠζ
͕ҹՃ͞Εͨྻܥ࣌ͷಛੑผ͕ఏҊख๏ʹΑΓՄͰ͋
Δ͔Λௐࠪ͢Δɽ

2 ղੳख๏
ຊߘͰɼ1ݩ࣍ͷྻܥ࣌σʔλ͕؍ଌ͞ΕͨͱԾఆ͢

Δɽ͜ͷ σʔλʹରͯ͠ɼ·ͣɼԆྻܥ࣌ଌ؍ͷݩ࣍1
Έख๏ࠐͷຒΊܥඪ࠲ [6,7]Λ༻͍ͯঢ়ଶۭؒΛߏ࠶͢
Δɽ࣍ʹɼߏ࠶ঢ়ଶۭ͔ؒΒɼ2ؒڑͷใΛͱʹ
RPΛ࡞͢Δ [2]ɽ·ͨɼ2ͭͷيಓϕΫτϧؒͷࠩͷ
ใΛͱʹɼಉํੑΛՄࢹԽ͢Δ IDRPΛ࡞͢Δ [1]ɽ
ͨ͠࡞ RPͱ IDRPΛ༻͍Δ͜ͱͰɼ͔ۙͭಉํͷ
Խ͢ΔࢹΛՄؔ IDNP Λ࡞͢Δ [1]ɽͨͩ͠ɼRP ͱ
IDRPͷᮢɼߏ࠶ঢ়ଶۭؒͷҙͷ 2ؒʹ͍ͭ
ͯͷใ (RPͰ͋Ε 2ؒڑɼIDRPͰ͋Εيಓϕ
Ϋτϧؒͷࠩ) ͷ࠷খ͔Β࠷େ·Ͱͷʹɼ0 < θ < 1
ͷׂ߹Λֻ͚ͱ͢Δɽޙ࠷ʹɼθ ͷΛมԽͤ͞Δ͜ͱ
Ͱ࡞ͨ͠ RPͷ૯ϓϩοτΛɼIDNPͷ૯ϓϩο
τΛࢠͱͨ͠ͱ͖ͷੜ֬ىR(θ)Λࢉग़͠ɼθͷͷ
มԽʹର͢Δ R(θ)ͷਪҠΛಘΔɽ

3 ࣮ݧ
ຊߘͰɼLangfordํఔࣜ [8]ͷঢ়ଶม (x, y, z) ʹ

ϊΠζڧ σͷՃ๏ੑͷ෦ϊΠζΛҹՃͨ͠ҎԼͷϞσ
ϧ͔Βੜ͞ΕΔ xΛ؍ଌྻܥ࣌ͱͨ͠ɽ⎧
⎪⎨
⎪⎩

ẋ = (z − β)x − ωy + σξ̇1

ẏ = ωx + (z − β)y + σξ̇2

ż = λ + αz − z3/3 − (x2 + y2)(1 + ρz) + εzx3 + σξ̇3

͜͜Ͱɼύϥϝʔλ α = 1, β = 0.7, λ = 0.6, ω =
3.5, ρ = 0.25ͱ͠ɼεΛม͑ͯΧΦεղ (ε = 0.25) ͱ४प
ղظ (ε = 0) Λੜͨ͠ɽͨͩ͠ɼξi(t) (i = 1, 2, 3) ಠ
ཱͳΨε૿Λͭ࣋ඪ४Wienerաఔʹै͏֬มͰ
͋Δɽ·ͨɼ४पظղʹ෦ϊΠζ͕ҹՃ͞Εͨྻܥ࣌Λ
ੜ͢ΔͨΊʹɼσ = 0.01, 0.02, 0.03, 0.04, 0.05ͷ 5छ
ྨΛ༻͍ͨɽ͜ΕΒͷࢉܭεςοϓ෯͕ h = 10−4ͷ
ɼաঢ়ଶྻܥ࣌ɼ͍ߦͷϧϯήɾΫολ๏ʹΑΓ࣍4

ͱͯ͠ 106 εςοϓΛল͍ͨޙͷ 2 × 106 εςοϓͷԠ
͔Βɼ500εςοϓຖʹ 1ΛαϒαϯϓϦϯάͨ͠ 4, 000
ͱͨ͠ɽຊߘͰɼҰͭͷ (ε, σ) ͷʹରͯ͠ (x, y, z)
ͷॳظΛมͨ͠ߋ 100ຊͷྻܥ࣌Λੜ͠ɼR(θ)ͷฏۉ
ΛٻΊͨɽͳ͓ɼ(x, y, z) ͷॳظඪ४ਖ਼نʹै͏
֬มͱͨ͠ɽ͞ΒʹɼθΛ 2−i (i = 1, 2, . . . , 10) ͱ
ͨ͠ɽ·ͨɼঢ়ଶۭؒͷߏ࠶ݩ࣍Λm = 7ɼؒ࣌
Ε τ Λ؍ଌྻܥ࣌ͷࣗݾ૬͕ؔؔ࠷ॳʹ 1 − 1/eʹͳΔ
ࠁ࣌ [9]ͱͨ͠ɽ
݁ՌΛਤ 1ʹࣔ͢ɽਤ 1ͷԣ࣠ύϥϝʔλ θɼॎ࣠

ੜ֬ى R(θ)Ͱ͋Δɽࠇ৭ͷ࣮ઢͰ݁Εͨ△ҹ͕ɼΧ
Φεྻܥ࣌ (ε = 0.25, σ = 0) ΛɼഁઢͰ݁Εͨ⃝ҹ͕ɼ
४पظղʹ෦ϊΠζ͕ҹՃ͞Εͨྻܥ࣌ (ε = 0, σ > 0)
Λද͍ͯ͠Δɽઢͷ৭ϊΠζڧ σͷҧ͍Λ͍ࣔͯ͠Δɽ
ਤ 1ʹ͓͍ͯɼΧΦεྻܥ࣌ θʹґΒͣ R͕͍ߴਫ४Λ

 0

 0.2
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θ

θ
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ਤ 1: ύϥϝʔλ θ ʹର͢Δੜ֬ى R(θ) ͷਪҠɽ

อ࣋͠ɼͦͷมಈখ͍͞ɽҰํɼ४पظղʹ෦ϊΠζ
͕ҹՃ͞Εͨྻܥ࣌ɼθΛେ͖͘͢Δͱ R͕૿Ճ͢Δ
ͷҧ͍͔ΒɼఏҊख๏ʹΑͬΔɽ͜ΕΒͷਪҠ͕͋
ͯɼΧΦεͱ४पظղʹ෦ϊΠζ͕ҹՃ͞Εͨྻܥ࣌ͷ
ผ͕ՄͱͳΔ͜ͱ͕ࣔ͞Εͨɽ

4 ·ͱΊ
ຊߘͰɼύϥϝʔλ θΛมԽͤ͞ͳ͕Βෳͷ RPͱ

IDNP Λ࡞͢Δ͜ͱͰಘΒΕΔੜ֬ى R(θ) ͷਪҠ
ղʹ෦ϊΠζ͕ҹՃ͞ظΒɼܾఆతΧΦεͱ४प͔
Εͨྻܥ࣌ͷผ͕ՄͰ͋Δ͔Λௐࠪͨ͠ɽͦͷ݁Ռɼ
͜ΕΒͷผՄͰ͋Δ͜ͱ͕ࣔ͞Εͨɽͳ͓ɼຊڀݚ
ͷҰ෦ JSPS Պݚඅ (Nos. JP17K00348, JP18K18125,
JP19K14589, JP20H00596) ͷԉॿΛड͚ͯߦΘΕͨɽ
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Performance evaluation of tabu search method for solving real data of multiple-vehicle bike sharing system

routing problems
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1 ·͕͖͑

զʑطʹBike Sharing System (BSS) Ͱੜ͡Δࣗస
ंͷաෆΛௐ͢ΔͨΊʹɼෳͷࣗసंճऩंΛ༻
͍ͨࣗసं࠶ஔ (mBSSRP) [1]ͱͦͷۙࣅղΛ
Ͱ͖Δղ๏ΛఏҊ͍ͯ͠ΔݟͰൃؒ࣌ [2, 3]ɽ͜Ε·Ͱ
ɼϥϯμϜʹறྠϙʔτΛஔͨ͠ྫΛ༻͍ͯఏ
Ҋղ๏ͷੑධՁΛ͖ͨͯͬߦɽຊߘͰɼఏҊղ๏Ͱ
Δ͍ͯ͠༺ Or-optΛ֦ுͨ͠ख๏Λಋೖ͠ɼ࣮σʔ
λ [4]ʹର͢Δੑʹ͍ͭͯใ͢ࠂΔɽ

2 ෳͷࣗసंճऩंΛ༻͍ͨࣗసं࠶ஔ

mBSSRP Ͱɼσϙͱ n ߹ͷϙʔτूݸ V =

{0, 1, ..., n} ({0}σϙ) ɼ֤ϙʔτͷ 2ؒڑɼϙʔ
τ iʹิॆ·ͨճऩ͠ͳ͚Ε͍͚ͳ͍ࣗసं qi

͕༩͑ΒΕΔɽmBSSRPͷతɼ࠷େੵࡌ༰ྔQͷ
ճऩंM ͕ࣗసंΛճऩ͠ͳ͚Ε͍͚ͳ͍ϙʔτ
(qi > 0)ͰࣗసंΛճऩ͠ɼͦΕΒͷࣗసंΛෆͯ͠
͍Δϙʔτ (qi < 0)ʹิॆ͢Δͱ͖ɼճऩंͷ૯Ҡಈڑ
͕࠷খͱͳΔ८ճܦ࿏ΛٻΊΔ͜ͱͰ͋ΔɽmBSSRP

ͰճऩंɼࣗసंΛੵΜͰσϙΛग़ൃ͢Δ͜ͱ͕Մ
Ͱ͋ΓɼσϙΛग़ൃ͠ɼ࠶ஔ࠶ʹޙͼσϙʹΔɽ
ࣗసंͷ࠶ஔதʹϙʔτͷࣗసंมԽ͠ͳ͍ɽ
·ͨɼϙʔτʹ 1ͷճऩं͕ 1ͷΈ๚ՄͰ͋
ΔɽmBSSRPͷ੍݅ɼ(1) ܾΊΒΕͨؒ࣌Ͱ࡞
ɼ(2)੍ؒ࣌Λऴ͑Δۀ ճऩंͷ༰ྔΛ͑ͯࣗసं
ΛੵࠐΊͳ͍ੵࠐΈ੍ɼ(3) 1ͷ๚Ͱճऩͱิॆ
Λ੍ॆิ͏ߦͰ͋Δɽ

3 mBSSRPʹର͢Δղ๏

mBSSRPͷྑͳۙࣅղΛಘΔͨΊʹɼࡏݱͷղ͔
Β࣍ͷղʹભҠ͢ΔۙղީิΛ Or-opt ͱ CROSS-

exchangeͰੜ͢ΔɽOr-optͱɼ͋Δ८ճ࿏ͷ࿈ଓ
͢Δ 3ϙʔτҎԼͷ෦ॱྻΛଞͷ८ճ࿏ͷϙʔτؒʹ
ૠೖ͢Δૢ࡞Ͱ͋Δ [5]ɽ

͜Ε·Ͱ Or-optͰૠೖͰ͖Δ࿈ଓϙʔτ κ 3ʹ
ઃఆ͍͕ͯͨ͠ɼจݙ [6]ͰɼκͷΛ 3ΑΓେ͖
͘͢Δ͜ͱͰɼରশ८ճηʔϧεϚϯͷ͍८ճ
࿏ΛಘΒΕΔ͜ͱ͕ใ͞ࠂΕ͍ͯΔɽͦ͜ͰఏҊղ๏Ͱ
ɼκͷΛ 3ΑΓେ͖͘ઃఆ͢Δɽͳ͓ɼCROSS-

exchangeɼैདྷ௨Γͷઃఆͱͨ͠ɽ·ͨఏҊղ๏Ͱ
ɼλϒʔαʔν๏Λ༻͍ͯہॴղʹؕΔ͜ͱΛ͍Ͱ
͍Δɽ

4 ࣮ݧɾ݁Ռ
ϙʔτ n = 90Ͱ͋Δ࣮σʔλ Ciudad de Mexico

ʹର͠ɼճऩंͷ࠷େੵࡌ༰ྔ Q = 17, ճऩं
M = 20ɼߦࢼճΛ 10ճɼλϒʔؒظΛ 250ɼλϒʔ
αʔν๏ͷ܁Γฦ͠ճΛ 1,000 ͱઃఆ࣮ͯ͠ݧ
ΛߦͳͬͨɽOr-optͰૠೖͰ͖Δ࿈ଓϙʔτ κ =

3, 5, 10, 15, 20, 25 ͱઃఆͨ͠ɽද 1 ՌΛࣔ͢ɽ݁ݧ࣮ʹ
ද 1ΑΓɼఏҊղ๏࣮σʔλʹରͯ͠८ճܦ࿏Λߏ
ங͢Δ͜ͱ͕Ͱ͖Δ͜ͱ͕͔Δɽ͞ΒʹɼOr-optͰ
ͷૠೖ࿈ଓϙʔτ κͷ૿Ճʹͬͯɼ͍८ճܦ࿏Λ
ಘΒΕΔ͜ͱ͕֬ೝͰ͖ͨɽ

ද 1 κΛม͑ͨͱ͖ͷࠩޡͱؒ࣌ࢉܭ

κ
ࠩޡ [%]

ฏۉ ྑ࠷
ؒ࣌ࢉܭ [s]

3 11.28 9.33 84.83

5 10.64 7.39 92.92

10 8.96 7.73 105.28

15 8.84 8.15 120.00

20 8.10 6.67 134.07

25 7.97 5.78 138.77

5 ·ͱΊ
ຊߘͰɼ࣮σʔλʹର͢ΔఏҊղ๏ͷੑධՁΛߦ
ͳͬͨɽ࣮ݧͷ݁ՌɼఏҊղ๏࣮σʔλʹରͯ͠
࣮ߦՄղ͕ಘΒΕΔ͜ͱΛ֬ೝͨ͠ɽ͞ΒʹOr-opt

ૠೖͰՄͳ࿈ଓϙʔτ κͷ૿ՃʹΑΓɼ͍८ճܦ
࿏ΛಘΒΕΔ͜ͱ͕Θ͔ͬͨɽͳ͓ɼຊڀݚ JSPSՊ
අݚ (No. JP19K04907, JP17K00348, JP20H000596)
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TSPの近似解法に与える枝候補作成手法について
On a Method for Searching Good Edge Candidate Sets of TSP

土佐 真義 † 宮 南風 † 對馬 帆南 † 池口 徹 †

† 東京理科大学大学院 工学研究科

1 はじめに
巡回セールスマン問題 (Traveling Salesman Prob-

lem，以下，TSP) は組合せ最適化問題の 1つである．
TSPはNP 困難なクラスに属する問題であり，厳密解
法だけではなく近似解法の開発も重要である．

TSP の高性能な近似解法の 1 つに Lin-Kernighan-
Helsgaun-heuristic [1] (以下，LKH法) がある．LKH
法は，都市集合と最適解に含まれると推測される枝の
集合 (以下，枝候補) も入力とすることで，短い時間で
良好な近似解を求めることができる．しかし，枝候補
を作成する手法は，近似解法と同様に都市数の増加に
伴って計算時間も増加する．すなわち，効率的な枝候
補の作成法も重要である．
文献 [2] では，枝候補の作成手法を提案している (以

下，従来手法) ．従来手法では，高速な巡回路作成手
法である Partial OPtimization Metaheuristic Under
Special Intensification Conditions [3] を用いて複数の
巡回路を用意する．得られた巡回路に一度以上含まれ
る全ての枝を枝候補とする．
本稿では，従来手法の計算時間削減を目的とした枝
候補作成手法を提案する．数値実験の結果，提案手法
は従来手法と比較して，同等の解探索性能を有しなが
らも計算時間を削減できることがわかった．

2 従来手法
従来手法 [2] で用いられている巡回路作成アルゴリ
ズムを以下に示す．なお，2つの都市 i, j 間の距離を
dij とする．

1. 問題都市集合 V から na個の都市をランダムに選
択し，代表都市集合 V ′ とする．

2. 代表都市集合 V ′ に含まれる na 都市に対してラ
ンダムな巡回路 Ts を作成する．

3. 巡回路 Ts を Lin-Kernighan-heuristic [4] (以下，
LK法) を用いて改善する．

4. 巡回路 T = Ts とする．
5. T について，v /∈ V ′ を duv (u ∈ V ′)が最も小さ
くなる uの直後に挿入する．

6. 各都市 v ∈ V ′ について，以下の作業を行う．
(a) Ts について，vの 2つ先に訪れる都市を w
とする．

(b) 巡回路 T において，v の直前に訪れる都市
から始まり w で終わる部分巡回路を T ′ と
する．

(c) 部分巡回路 T ′の始点と終点を固定し，2-opt
法を用いて改善操作を行う．

(d) 手順 (c)で得られた部分巡回路 T ′を用いて
T を更新する．

上記の手順で巡回路を複数個作成し，それらに含まれ
る全ての枝を枝候補とする．

3 提案手法
従来手法では，大規模な問題を小問題に分割するこ
とで高速な巡回路の作成を実現している．しかし，従
来手法では，代表都市数 naを大きく設定すると計算時
間が増加し，少なく設定すると余分な枝が多く含まれ
てしまう．そこで本稿では，手順 3の代表都市の改善
操作における LK法の代わりに 2-opt法を用いる手法
を提案する．2-opt法を用いることで，代表都市数 na

を増やすことができる．これにより，近似解法の計算
時間を削減することができる．
従来手法と提案手法で得られた枝候補を LKH法 [1]

に与えた際の解の誤差率と総計算時間，ならびにそ
れぞれの枝候補に含まれる総枝本数と最適解に含ま
れる枝本数を比較した．対象としたインスタンスはベ
ンチマーク問題集 TSPLIB [5] のものである．誤差率
は，{(巡回路長) − (最適巡回路長)}/(最適巡回路長) ×
100(%) で定義した．結果を表 1 に示す．表 1 をみる
と，誤差率は従来手法が優れているものの，提案手法は
計算時間を削減できていることがわかる．これは，提
案手法では，枝候補に含まれる最適解の枝本数の比率
を 1に保ったまま，枝候補に含まれる総枝本数を削減
できていることが要因である．

4 まとめ
本稿では，近似解法に与える枝候補作成手法を提案
した．数値実験の結果，提案手法を用いると，従来手
法よりも計算時間を削減できることを明らかにした．
本研究の一部は，JSPS 科研費 (No. 15KT0112，

17K00348，20H00596) の助成を受けて行われた．
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表 1 従来手法と提案手法の性能の比較

問題 [5]

誤差率 (%) 計算時間 (秒)
枝候補に含まれる 最適解に含まれる

総枝本数 枝本数
従来手法 提案手法 比率 従来手法 提案手法 比率 従来手法 提案手法 比率 従来手法 提案手法 比率

(A) (B) (B/A) (C) (D) (D/C) (E) (F) (F/E) (G) (H) (H/G)

pr2392 0.376 0.322 0.856 7.30 4.73 0.648 7,831 9,096 1.162 2,388 2,835 0.999

usa13509 0.380 0.475 1.250 125.35 90.16 0.719 51,114 55,215 1.080 13,462 13,463 1.000

d15112 0.076 0.092 1.211 168.28 135.24 0.804 59,038 63,450 1.075 15,038 15,087 1.003

pla33810 0.568 0.865 1.523 434.93 374.65 0.861 146,022 133,363 0.913 33,748 33,717 0.999

pla85900 0.229 0.299 1.305 1589.15 1288.62 0.811 446,016 346,183 0.776 85,807 85,770 1.000
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จॻ༰ͷҧ͍͕ޠݴωοτϫʔΫͷߏʹ༩͑ΔӨڹ
Impact of the differences in document contents on the structure of language networks
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1 ͡Ίʹ
ෳࡶωοτϫʔΫͷ؍͔ΒޠݴղੳΛ͜͏ߦͱͰɼ
ҟͳΔޠݴͰهड़͞Εͨจॻ͔ΒಘΒΕΔޠݴωοτ
ϫʔΫͷߏతಛͷࠩҟ͕ɼ֤ޠݴͷจ๏ߏ্ͷಛ
Λө͢Δ͜ͱΛࣔ݁͢Ռ͕ใ͞ࠂΕ͍ͯΔ [1,2]ɽ͠
͔͠ɼޠݴωοτϫʔΫͷ࡞ʹ༻͍ͨจॻ༰͕ޠݴ
ؒͰಉҰͰͳ͍ͨΊɼޠݴωοτϫʔΫͷߏతಛ
ͷࠩҟ͕ɼจ๏ߏͰͳ͘จॻ༰ʹΑͬͯੜͨ͡Մ
ੑ͕͞Ε͍ͯΔɽ
ຊߘͰɼಉҰ༰ͷจॻ͕ෳͷҟͳΔޠݴͰ༁
͞Ε͍ͯΔ৽ॻΛղੳରͱͯ͠ɼޠݴωοτϫʔ
ΫͷߏతಛͷࠩҟΛௐࠪͨ͠ɽ۩ମతʹɼ֤ޠݴ
Ͱॻ͔Εͨ৽ॻ͔ΒॏΈແ͠ແωοτϫʔΫΛ࡞
͠ɼΫϥελ [4]ɼฏۉؒڑ [4]ɼεϖΫτ
ϧάϥϑڑ [5]Λ༻͍Δ͜ͱͰɼจॻ༰ͷಉҰੑ͕
ωοτϫʔΫͷߏతಛͷࠩҟʹ༩͑ΔӨڹͷ༗ແΛ
ௐࠪͨ͠ͷͰใ͢ࠂΔɽ
2 σʔλ༺
ຊߘͰɼੳରͱͯ͠৽ॻͷԻॻ [6–11]ͷ
༁Λ༻ͨ͠ɽ۩ମతʹɼϚλΠʹΑΔԻॻ (Ҏ
ԼɼϚλΠ)ɼϚϧίʹΑΔԻॻ (ҎԼɼϚϧί)ɼ
ϧΧʹΑΔԻॻ (ҎԼɼϧΧ)ɼϤϋωʹΑΔԻॻ
(ҎԼɼϤϋω)ͷશ 4छྨͰ͋Δɽͳ͓ɼ֤Իॻͷ
จॻͷ༰ҟͳΔ͜ͱʹҙ͢Δɽ·ͨɼղੳରͱ
ͯ͠ɼҹɾԤޠʹྨ͞ΕΔޠرɼཏޠɼӳޠɼಠޠɼ
ޠɼ࿐ޠɼຊޠʹྨ͞ΕΔຊޠɼӊ፮ޠʹ
ྨ͞ΕΔᢹޠɼࢧಹɾଂޠʹྨ͞ΕΔதޠࠃΛ
༻͍ͨɽ
3 ํ๏࡞ωοτϫʔΫޠݴ
·ͣɼܗଶૉղੳʹΑΓจষΛ୯ޠͷܕݪ ʹ(ଶૉܗ)

ղ͠ɼͦͷࢺΛٻΊΔɽܗଶૉղੳπʔϧͱͯ͠ɼ
ຊޠmecab [12]Λɼଞͷޠݴ tree-tagger [13]Λ
ͷΛࢺͱͦͷܕݪͷޠɼ୯ʹ࣍ɽͨ͠༺ 1 ͭͷ
ͱ͠ɼจষதͰྡ͢Δ߹ʹࢬͰ݁Ϳ͜ͱͰɼॏ
Έແ͠ແωοτϫʔΫΛ࡞ͨ͠ɽͦͷࡍɼ୯ޠͷॏ
ෳɼ୯ؒޠͷͭͳ͕ΓͷॏෳೝΊͣɼ۟ಡɼ۟ಡ
ɼه߸Λআ͍ͨɽͳ͓ɼ1ͭͷจষ͔Βඇ࿈݁ͳωο
τϫʔΫ͕ಘΒΕͨ߹ɼ࠷େ෦άϥϑΛ༻͍ͨɽ
4 ݧ࣮
ຊߘͰɼಉҰͷԻॻ͔ΒಘΒΕͨωοτϫʔΫͷ
తಛͱҟͳΔԻॻ͔ΒಘΒΕͨωοτϫʔΫͷߏ
తಛΛൺֱ͢Δ͜ͱͰɼจॻ༰ͷಉҰੑ͕ωοߏ
τϫʔΫͷߏతಛʹ༩͑ΔӨڹΛௐࠪ͢Δɽ·ͣɼ
֤Իॻ͔ΒಘΒΕͨωοτϫʔΫͷߏతಛΛɼΫ
ϥελ (C) [4]ͱฏۉؒڑ (L) [4]Λ༻͍ͯ
ͷωοτϫʔΫΛϥϯμϚΠζ͠ݩɼࡍग़ͨ͠ɽͦͷࢉ
ͨωοτϫʔΫͷΫϥελ (CR)ͱฏۉؒڑ
(LR)Λ༻͍ͯCͱLͷΛਖ਼نԽͨ͠ [14]ɽ࣍ʹɼωο
τϫʔΫͷߏతಛͷྨੑࣅΛɼεϖΫτϧάϥϑڑ
 [5]Λ༻͍ͯௐࠪͨ͠ɽͦͷࡍɼεϖΫτϧάϥϑڑ

ʹଟݩ࣍ई๏Λద༻͢Δ͜ͱͰɼ֤ωοτϫʔΫͷ
Խͨ͠ɽࢹΛՄੑࣅྨ
5 ݁Ռ
C/CRͱ L/LRͷؔɼωοτϫʔΫͷྨੑࣅͷ݁Ռ
Λਤ 1ʹࣔ͢ɽͳ͓ɼਤ 1Ͱɼ!͕ϚλΠɼ⃝͕Ϛ
ϧίɼ△͕ϧΧɼ▽͕ϤϋωͰ͋Δɽ·ͨɼਤ
1(a)ͷԣ࣠ C/CRɼॎ࣠ L/LR Ͱ͋Δɽ
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(b) ωοτϫʔΫͷྨੑࣅ

ɹɹɹɹɹɹɹɹɹɹɹɹਤ 1: ωοτϫʔΫղੳͷ݁Ռ
ਤ 1(a)ΛݟΔͱɼจॻ༰͕ಉҰͰͳ͍߹Ͱɼಉ
ҰޠݴͰॻ͔ΕͨԻॻ͔ΒಘΒΕͨωοτϫʔΫྨ
తಛΛ༗͢Δ͜ͱ͕Θ͔ΔɽҰํɼਤߏͨ͠ࣅ 1(b)
ΛݟΔͱɼӳޠɼޠɼຊޠͷΑ͏ʹɼจॻ༰͕ಉ
ҰͰͳ͍ͱωοτϫʔΫͷߏతಛ͕ྨ͠ࣅͳ͍ޠݴ
͋Δ͜ͱ͕Θ͔Δɽ
6 ·ͱΊ
ຊߘͰɼؒޠݴͰจॻͷ༰͕ಉҰͰ͋Δ͔൱͔Ͱɼ
Δ͔Λௐ͢ݱతಛʹࠩҟ͕ग़ߏωοτϫʔΫͷޠݴ
ࠪͨ͠ɽͦͷ݁Ռɼจݙ [1, 2] ͳͲͰ༻͍ΒΕ͖ͯͨɼ
ΫϥελɼฏۉؒڑΛ༻͍ͨ߹ʹɼจॻ
༰͕ಉҰͰͳͯ݁͘Ռ͕มԽ͠ͳ͍͜ͱ͕ࣔࠦ͞Ε
ͨɽҰํɼεϖΫτϧάϥϑڑΛ༻͍Δ߹ɼωο
τϫʔΫߏʹจॻ༰ͷࠩҟʹؔ͢Δใؚ·Εͯ
͍Δ͜ͱ͕ࣔࠦ͞Εͨɽ͜ΕΒͷ͜ͱ͔Βɼωοτϫʔ
Ϋͷ؍͔ΒޠݴղੳΛ͏ߦ߹ɼจॻ༰ͷಉҰੑ
ॏཁͳཁૉͰ͋Γɼ͜ͷҙຯͰɼ৽ॻΛ༻͍ͨղ
ੳඞཁͰ͋Δͱ͑ߟΒΕΔɽ

ँࣙ ຊڀݚͷҰ෦ɼJSPSՊݚඅ (No. 15KT0112ɼ
17K00348ɼ18K12701ɼ18K18125)ͷॿΛड͚ͯߦΘ
Εͨɽ
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Analysis of Information Diffusion on Temporal Networks
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౦ژཧՊେֶ େֶӃڀݚֶՊ 1 େֶۄ࡛ େֶӃཧڀݚֶՊ 2 ౦ژཧՊେֶ ෦ֶ 3

1 ͡Ίʹ

ۙɼෳࡶωοτϫʔΫ্Ͱͷใ֦ࢄʹؔ͢Δ͕ڀݚ

ΜʹߦΘΕ͍ͯΔ [1, 2]ɽզʑطʹɼ੩తͳωοτϫʔΫߏ
͕ใ֦ࢄʹ༩͑ΔӨڹʹ͍ͭͯௐࠪͨ݁͠ՌΛใͯ͠ࠂ

͍Δ [3, 4]ɽҰํɼੈ࣮ݱքʹ੩తͳωοτϫʔΫ͚ͩͰͳ
͘ɼߏ͕ಈతʹมԽ͢ΔςϯϙϥϧωοτϫʔΫଟ͘ଘ

͕มԽ͢Δςϯϙϥߏʹڞͱؒ࣌ͰɼߘΔɽͦ͜Ͱຊ͢ࡏ

ϧωοτϫʔΫʹରͯ͠ɼใͷؔ৺ʹணͨ͠ใ֦ࢄ

Ϟσϧ [3]Λద༻͠ɼςϯϙϥϧωοτϫʔΫ্Ͱͷใ֦ࢄ
ʹؔ͢ΔௐࠪΛͨͬߦͷͰใ͢ࠂΔɽ

2 ίϯλΫτωοτϫʔΫ

ຊߘͰɼϑϥϯεͷߍߴͱපӃͰ؍ଌ͞Εͨɼਓͱਓͷί

ϯλΫτͷσʔλ [5–7]ΛςϯϙϥϧωοτϫʔΫʹม͠ɼ
2ͭͷςϯϙϥϧωοτϫʔΫ্Ͱͷ࠷ऴతͳใ֦ࢄΛௐ
ࠪͨ͠ɽߍߴͰͷσʔλɼ126໊ ͷ(һͱֶੜڭ) 4ؒͷ
ର໘৮هͰ͋ΔɽපӃͰͷσʔλɼ75໊ (ҩྍελοϑ
ͱऀױ)ͷ 5ؒͷର໘৮هͰ͋Δɽ·ͨɼߍߴͱපӃͰ
ͷίϯλΫτ 20ඵ͝ͱʹ؍ଌ͞ΕΔɽࠁ࣌ tͰ࣮ऀྗڠݧ i

ͱ j ʹίϯλΫτ͕ଘ͢ࡏΔ߹ɼࠁ࣌ tͰͷςϯϙϥϧωο

τϫʔΫͷྡྻߦA(t)ͷ (i, j)Aij(t) = Aji(t) = 1ɼ
ͦ͏Ͱͳ͍߹ɼAij(t) = Aji(t) = 0ͱͳΔɽ
3 ใ֦ࢄϞσϧΛ༻͍࣮ͨݧ

ͷࢄͱපӃͷςϯϙϥϧωοτϫʔΫ্Ͱɼใ֦ߍߴ

࣮ݧΛ͍ߦɼใͷ࠷ऴ֦ࢄ S Λௐࠪͨ͠ɽࠁ࣌ tͰͷ

 iͷใͷؔ৺Λ xi(t)ͱ͢Δɽؔ৺ xi(t)ࣜ (1)
ʹैͬͯมԽ͢Δɽ

xi(t + 1) = gi(τ, t)xi(t)

+ αH(xi(t)− θi)
∑

j∈Gi(t)

F (xj(t)− θj) (1)

͜͜Ͱɼt∗i Λ i͕࠷ॳʹใΛड͚ͱͬͨࠁ࣌ɼτ(τ < 1)
Λใͷؔ৺ͷݮਰͱ͢Δͱɼgi(τ, t)ɼt− t∗i ≡ 0
(mod 3600)ͷͱ͖ gi(τ, t) = τɼͦΕҎ֎ͷͱ͖ gi(τ, t) = 1
ͱͳΔɽ·ͨɼF (x)εςοϓؔɼH(x) x ≥ 0ͷͱ͖
H(x) = 0ɼx < 0ͷͱ͖ H(x) = 1ͱͳΔؔͰ͋Δɽ͞Β
ʹɼGi(t)ࠁ࣌ tͰͷ iͷྡͷू߹ɼθi  i

ͷᮢɼαใͷӨྗڹͰ͋Δɽ j ͷᮢ θj ɼൣғ

͕ [0, 1]ͷฏۉ µ = 0.5ɼඪ४ภࠩ σ = 0.2ͷஅਖ਼نͱ
ͨ͠ɽ

ॳʹ৮ͨ͠࠷ͷ݅ͱͯ͠ɼ࢝։ࢄ֦ 2ͭͷͷ͏ͪɼ
Ұํͷؔ৺Λ 1ʹ͢Δ͜ͱͰใΛ֦ͨͤ͞ࢄɽgi(τ, t)ʹ
ΑΓɼ3600ඵ͝ͱʹ iͷใͷؔ৺͕ݮਰ͢Δɽ·

ͨɼH(x) ʹΑΓɼ i ᮢʹୡ͍ͯ͠ͳ͍߹ͷΈྡ

͔ΒͷใΛड৴͢Δɽຊ࣮ݧͰɼใͷӨྗڹΛ

0.005 ≤ α ≤ 0.05ͱ͠ɼτ = 0.95ɼ0.99ͱͨ͠ɽͳ͓ɼຊߘ
Ͱͷ݁Ռɼ200ճͷߦࢼฏۉͰ͋Δɽ
ใͷӨྗڹ αΛมԽͤ͞ɼߍߴͱපӃͷςϯϙϥϧωο

τϫʔΫ্Ͱͷ࠷ऴ֦ࢄ S Λௐࠪͨ݁͠ՌΛਤ 1 ʹࣔ͢ɽ
ࢄऴ֦࠷ S ɼޙ࠷ͷίϯλΫτ͕ऴΘΔ·ͰʹɼҰᮢ

ʹୡͨ͠ͷશʹର͢Δׂ߹Ͱ͋Δɽ
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(b) ਰݮ τ = 0.95
ਤ 1: ྗڹͱපӃͷςϯϙϥϧωοτϫʔΫ্ͰͷใͷӨߍߴ α ͱ࠷ऴ֦ࢄ
 S ͷؔ

ਤ 1(a)ΑΓɼݮਰ τ = 0.99ͷͱ͖ɼߍߴʹൺͯɼප
Ӄͷ࠷ऴ֦ࢄ S ͕େ͖͍͜ͱ͕Θ͔Δɽ·ͨɼใͷӨڹ

ྗ α͕େ͖͘ͳΔʹͭΕɼපӃʹൺͯɼߍߴͰͷ࠷ऴ֦ࢄ

 S ɼਤʹ࣍ஶʹมԽ͢Δ͜ͱ͕Θ͔ͬͨɽݦ͕ 1(b) ΑΓɼ
ਰݮ τ = 0.95ͷͱ͖ɼα < 0.035ͷ߹ͰɼߍߴΑΓ
පӃͷ S͕େ͖͍͜ͱ͕Θ͔ͬͨɽҰํɼα ≥ 0.035ͷ߹Ͱ
ɼපӃΑΓߍߴͷ S ͕େ͖͍͜ͱ͕Θ͔ͬͨɽ͜Εɼප

ӃΑΓߍߴͷ S ͕ α ґଘ͢Δ͜ͱΛࣔ͢ͷͰ͋Δɽ͘ڧʹ

·ͨɼਤ 1(a)ɼ(b) ͷ݁ՌΛൺֱ͢Δͱɼݮਰ τ ʹΑΔ

ࢄऴ֦࠷ S ͷมԽɼߍߴʹൺͯɼපӃʹ͓͍ͯݦஶͰ

͋Δ͜ͱ͕ࣔࠦ͞ΕΔɽ

4 ·ͱΊ

ຊߘͰɼߍߴͱපӃͰͷίϯλΫτσʔλ [5]Λςϯϙϥ
ϧωοτϫʔΫʹมͨ͠ɽͦΕΒͷωοτϫʔΫ্Ͱใ֦

ਰݮɼ͍ߦΛݧͷ࣮ࢄ τ ΛมԽͤͨ͞ࡍͷใͷӨ

ྗڹ αͱใͷ࠷ऴ֦ࢄ S ͷؔʹ͍ͭͯௐࠪͨ͠ɽͦͷ

݁ՌɼߍߴͰͷใͷ࠷ऴ֦ࢄපӃʹൺͯɼใͷӨڹ

ྗ αʹ͘ڧґଘ͢Δ͜ͱ͕Θ͔ͬͨɽͦΕʹରͯ͠ɼපӃͰ

ͷใͷ࠷ऴ֦ࢄɼߍߴʹൺͯɼใͷؔ৺ͷݮ

ਰ τ ͷҰ෦ڀݚґଘ͢Δ͜ͱ͕Θ͔ͬͨɽͳ͓ɼຊ͘ڧʹ

 JSPS Պݚඅ (No. 15KT0112ɼ17K00348, 18K18125) ͷ
ԉॿΛड͚ͯߦΘΕͨɽ

ݙจߟࢀ

[1] D. J. Watts & S. H. Strogatz, Nature, 393, 440–442, 1998.
[2] D. Centola, Science, 329, 1194–1197, 2010.
[3] A. Tanaka et al., Proc. of NOLTA2013, 298–301, 2013.
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ڹฃੑ/੍ੑχϡʔϩϯൺ͕γφϓεୡใྔʹ༩͑ΔӨڵ
Effects of excitatory/inhibitory neuron ratio on synaptic infomation entropy

ೆ෩ٶ 1

Nanfu Miya

ౡా༟ 2

Yutaka Shimada

ଠݪ౻ 3

Kantaro Fujiwara

ޱప 1,4

Tohru Ikeguchi

౦ژཧՊେֶ େֶӃڀݚֶՊ ߈ઐֶӦܦ 1 େֶۄ࡛ େֶӃཧڀݚֶՊ ཧిࢠใ෦ 2

౦ژେֶߴࡍࠃڀݚॴ χϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ 3 ౦ژཧՊେֶ ෦ֶ ใֶՊ 4

1 ͡Ίʹ
ੜཧֶతݟʹΑΕɼେൽ࣭Ͱڵฃੑχϡʔϩϯͱ

੍ੑχϡʔϩϯ 4: 1ͷൺ (ҎԼɼੜཧֶతൺ)Ͱଘ
Δͱ͍ΘΕ͍ͯΔ͢ࡏ [1]ɽ͔͠͠, ͳͥ͜ͷΑ͏ͳൺͱͳ
Δͷ͔ɼ·ͨ͜ͷൺ͕มԽͨ͠߹ɼͷਆ׆ܦಈʹͲͷ
Α͏ͳӨ͕͋ڹΔͷ͔ʹ͍ͭͯ໌Β͔ʹͳ͍ͬͯͳ͍.

զʑطʹɼSTDPֶशଇ [2]ʹै͏χϡʔϥϧωοτϫʔ
ΫͰɼੜཧֶతൺʹ͓͍ͯશχϡʔϩϯͷฏൃۉՐ͕࠷
্ঢ͢Δ͜ͱΛ࣮ݧʹΑΓࣔͨ͠ [3]ɽຊߘͰɼੜཧ
ֶతൺͷඞવੑΛχϡʔϩϯؒͷୡใྔͷଆ໘͔Βղੳ
͢ΔɽใୡͷҼՌੑղੳͰ༻͍ΒΕΔ Delayed Transfer
Entropy[5](ҎԼɼDTE)Λ֦ுͨ͠ࢦඪΛఏҊ͠ɼχϡʔϩ
ϯൺͷมԽʹର͢ΔୡใྔͷมԽΛௐࠪͨ͠ɽ
2 ධՁࢦඪ
จݙ [5] ͷධՁࢦඪ Dp[i → j], Dc[i → j] Λ֦ு͢Δɽ·

ͣɼχϡʔϩϯ i ͱ j ͷؒͷ γφϓεୡԆΛ d ͱ
Ծఆͨ͠߹ͷγφϓεୡใྔ DTEi→j(d) Λࢉग़
͢Δɽ͞Βʹɼd ΛมԽͤͨ͞ࡍͷ DTEi→j(d) ͷ࠷େ
Dp[i → j] = max

1≤d≤dmax

{DTEi→j(d)} ͱɼDTE ͷ৴པΛ

ද͢ Dc[i → j] =

dp+τ/2∑

d=dp−τ/2

DTEi→j(d)

dmax∑

d=1

DTEi→j(d)

Λ༻͍ͯγφϓε

ͷ݁ͼ͖ͭͷ͞ڧΛධՁ͢Δ [5]ɽͨͩ͠ɼdmax ࠷େԆ
ͰߘͰ͋Γɼຊؒ࣌ dmax = 30 ͱͨ͠ɽdp Dp[i → j]
ΛͱΔԆ d Ͱ͋Δɽ·ͨɼDc[i → j] ͷύϥϝʔλ τ
৴པ۠ؒͰ͋ΓɼຊߘͰ τ = 5 ͱͨ͠ɽd ͷʹ
Αͬͯ DTEi→j(d) ͕େ͖͘มಈ͠ɼ͔ͭϐʔΫͷ͍ߴ
γφϓεͦͷԆʹΑΔ݁ͼ͖͕͍ͭڧͱਪఆͰ͖Δɽ
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D
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 ->
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D
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TR
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D
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→
j]

D
p[i

→
j] (a)

(b)

ਤ 1. ͱ֤ใྔͷؔڧ߹݁

จݙ [5] ͷख๏
Ͱɼୡ
ԆΛ͏ใ
ྔ͕ਖ਼͘͠ਪ
ఆͰ͖ͳ͍ͱ
͖ ɼDp[i → j]
͕ ߴ ͍ ͕ ɼ
Dc[i → j] ͕
͍ͱ͍͏
ΕΔɽͨ͠ݱ͕
͕ͬͯɼ͜ͷΑ
͏ͳ߹ʹɼ
ୡใྔͷ
͘ࢉग़͞Ε
Δ͜ͱ͕·͠
͍ɽͦ͜Ͱຊߘ
Ͱɼୡڧ
ΛධՁ͢Δࢦඪͱͯ͠ TR[i → j] = Dp[i → j] · Dc[i → j] Λ
ఏҊ͢ΔɽఏҊࢦඪΛ༻͍ΔͱɼDp[i → j] ͱ Dc[i → j] ͷ
߹ͷΈ͍ߴ͕ऀ྆ TR[i → j] ͷ͕͘ߴͳΔɽྫͱͯ͠ɼ

 100ɼχϡʔϩϯͷ݁߹֬ 10%ɼڵฃੑʗ੍ੑ
χϡʔϩϯൺ 3 : 2ͷωοτϫʔΫͰࢦඪΛࢉग़ͨ݁͠ՌΛ
ਤ 1 ʹࣔ͢ɽຊ࣮ݧͰɼχϡʔϩϯؒͷ݁߹ڧ [0,10]
ͷൣғͰͷҰ༷ʹै͏ͱͨ͠ɽॎ͕࣠ैདྷ๏ (ਤ 1(a))ͱ
ఏҊ๏ (ਤ 1(b)) ͷใྔɼԣ࣠݁߹ڧɼΧϥʔόʔ
Dc[i → j]ͷΛද͢ɽ
ਤ 1(a)ͰɼDp[i → j]͕͘ߴ Dc[i → j]͕͍γφϓε

͕ଘ͢ࡏΔ͜ͱ͕Θ͔ΔɽҰํɼਤ 1(b)ͰɼͦΕΒͷγφ
ϓεͷใྔ͕શମతʹ͍͜ͱ͕Θ͔Δɽ·ͨɼDc[i → j]
ͷ͍ߴγφϓεͷํͷਤͰେ͖͘มΘΒͳ͍ɽΑͬ
ͯɼTR[i → j] Λ༻͍Δ͜ͱʹΑΓɼୡใྔΛਖ਼͘͠ਪ
ఆͰ͖͍ͯΔ͜ͱ͕֬ೝͰ͖Δɽ
3 ݧ࣮
શχϡʔϩϯʹର͢Δ੍ੑχϡʔϩϯൺͷׂ߹Λɼ0 ≤

r ≤ 0.9ͷൣғͰઃఆ͢Δɽ֤ r ͷʹରͯ͠จݙ [3]ͱಉ༷
ͷχϡʔϥϧωοτϫʔΫΛ༻ҙ͠ɼSTDP ֶशΛ͏ߦɽֶ
शऴྃޙɼेʹܦաͨ͠ࠁ࣌ʹ͓͚Δɼ֤ڵฃੑγφϓεͷ
ୡڧΛࢉग़ͨ͠ɽ
γφϓε͝ͱʹಘΒΕͨୡڧ TR[i → j]ͷ݁ՌΛਤ 2

ʹࣔ͢ɽਤ 2ͷॎ࣠ TRڵฃੑγφϓεશମͷ TR[i → j]
ͷฏۉΛද͢ɽ

0.0×100

5.0×10-5

1.0×10-4

1.5×10-4
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2.5×10-4

 0  0.1  0.2  0.3  0.4  0.5  0.6  0.7  0.8  0.9

TR

r(Ratio of Inhibitory Neurons)

Excitatory -> All
Excitatory -> Excitatory
Excitatory -> Inhibitory

TR

ਤ 2. χϡʔϩϯൺͱ TR ͷؔ

ਤ 2 ΑΓɼTR(ࢵ
৭) ੜཧֶతൺ
Ͱ͋Δ r ≃ 0.2 Ͱ
Λͱͬͨɽ͍ߴ࠷
·ͨɼڵฃੑ → ڵ
ฃੑ݁߹ (৭)Ͱ
r ≃ 0.7ɼڵฃੑ →
੍ੑ݁߹ (ਫ৭)Ͱ
 r ≃ 0.1 Ͱ͍ߴ
ͱͳͬͨɽr ձػฃੑ݁߹ͷֶशڵ→ฃੑڵͱ͖ɼ͍ߴ͕
ѹظগ͠ɼݮ (LTD)͕গͳ͘ͳΔ [3]ɽͦͷ݁Ռɼγφϓ
ε݁߹ڧશମతʹ૿͞ڧΕɼୡڧ͍ߴͱͳΔɽͦ
ͷҰํͰɼաͳ੍ੑχϡʔϩϯͷଘࡏෳͷχϡʔϩϯ
ͷใୡΛతʹ્͢ΔɽΏ͑ʹɼڵฃੑγφϓεશ
ମͰɼr ≃ 0.2Ͱ TR͕࠷େʹͳΔͱ͑ߟΒΕΔɽ
4 ·ͱΊ
ຊߘͰɼڵฃੑ/੍ੑχϡʔϩϯൺΛมԽͤͨ͞߹

ͷχϡʔϩϯؒͷγφϓεୡใྔΛௐࠪͨ͠ɽ·ͣɼDTE
Λ֦ுͨ͠ࢦඪΛఏҊ͠ɼͦͷ༗༻ੑΛࣔͨ͠ɽ͞Βʹɼఏ
ҊࢦඪΛద༻ͨ݁͠ՌɼੜཧֶతൺۙͰڵฃੑγφϓε
ͷ༗͢Δฏۉใྔ্͕͢Δ͜ͱΛ໌Β͔ʹͨ͠ɽ͜ͷ݁
ՌɼωοτϫʔΫશମͷෳͷχϡʔϩϯʹใ͕͠ɼ
͜ΕʹΑΓൃՐ͕ଅਐ͞ΕΔ͜ͱΛࣔࠦ͢ΔͷͰ͋Δɽͳ
͓ɼຊڀݚͷҰ෦ JSPSՊݚඅ (No.15KT0112ɼ17K00348ɼ
18K18125) ͷԉॿΛड͚ͯߦΘΕͨɽ
ݙจߟࢀ

[1] De Felipe J. and Farinas I., Prog. Neurobiol., Vol. 6, No. 39, pp. 563–
607, 1992.

[2] Bi G. Q. and Poo M. M., J. Neurosci., Vol. 18, No. 8, pp. 10464–
10472 , 1998.

[3] ೆ෩ٶ ଞ, ৴ֶ૯େ, N-1-25, 2019.
[4] ೆ෩ٶ ଞ, ৴ֶιେ, N-1-10, 2019.
[5] Ito, S. et al., PLoS ONE, Vol. 11, No. 6, e27431, 2011.
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ϚʔΫ͖աఔσʔλʹର͢ΔҼՌੑղੳ
Causality Analysis for Marked Point Process
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Tohru Ikeguchi

౦ژཧՊେֶ େֶӃڀݚֶՊ ߈ઐֶӦܦ 1 େֶۄ࡛ େֶӃཧڀݚֶՊ ཧిࢠใ෦ 2

౦ژཧՊେֶ ෦ֶ ใֶՊ 3

1 ͡Ίʹ
ਆ׆ܦಈɼ׆ࡁܦಈաఔσʔλͱͯ͠؍ଌ

͞ΕΔɽզʑطʹɼҰఆͷαϯϓϦϯάִؒͰ؍ଌ͞
Εͨྻܥ࣌σʔλؒͷҼՌੑΛݕग़Մͳ Convergent

Cross Mapping (CCM) [1]Λ֦ு͢Δ͜ͱͰɼਆࡉܦ
๔ͷཧϞσϧ͔ΒಘΒΕΔൃՐྻܥִ࣌ؒؒ࣌ʹର
ͯ͠ҼՌੑΛݕग़͢Δख๏ (ISICCM๏)ΛఏҊ͠ɼ
աఔσʔλʹରͯ͠ߴਫ਼ͳҼՌݕఆ͕ՄͱͳΔ͜
ͱΛࣔͨ͠ [2, 3]ɽҰํɼϚʔΫ͖աఔʹରͯ͠
ISICCM๏͕༗ޮͱͳΔ͔Λ͢ূݕΔ͜ͱॏཁͰ͋Δɽ
ͦ͜ͰຊߘͰɼཧϞσϧ͔Βੜͨ͠ϚʔΫ͖
աఔσʔλʹରͯ͠ ISICCM๏ʹΑΓҼՌੑ͕ݕग़Մ
Ͱ͋Δ͔Λௐࠪͨ͠ͷͰใ͢ࠂΔɽ
2 ղੳख๏ͱσʔλੜํ๏
ຊߘͰɼϚʔΫ͖աఔؒͷҼՌੑղੳʹ IS-

ICCM๏ [2, 3]Λ֦ுͨ͠ख๏Λ༻͍ΔɽISICCM๏
ISI͔ྻܥ࣌Βঢ়ଶۭؒΛߏ࠶͠ɼൃ Րؒ࣌ʹΑΔؒ࣌
ରԠΛऔΔ͜ͱͰ ISIྻܥ࣌Λ༧ଌ͢Δํ๏Ͱ͋Δɽຊߘ
Ͱɼঢ়ଶۭؒΛߏ࠶͢ΔࡍɼΠϕϯτִؒ (IEI) ࣌
ͷྻܥ࣌ͱϚʔΫྻܥ Β͔ྻܥ࣌ݩ࣍2 ͷঢ়ଶۭݩ࣍10
ؒΛߏ࠶͠ɼISICCM๏ͱಉ༷ͷखॱͰ IEIྻܥ࣌ͱ
ϚʔΫྻܥ࣌ΛͦΕͧΕಠཱʹ༧ଌͨ͠ɽ·ͨɼϚʔΫ
͖աఔɼࣜ (1)ʹࣔ͢ϨεϥʔํఔࣜͱϩʔϨϯπ
ํఔࣜͷ݁߹ܥ [4]Λํ྆ʹجʹ݁߹ͤͯ͞ಘΒΕͨ࣌
ͱͯ͠ੜͨ͠ࠁ࣌େͱͦͷൃੜۃσʔλͷྻܥ [5]ɽ

ਤ 1 ม
ؒͷҼՌؔ


⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

ẋ1 = −α(x2 + x3) + C1y1

ẋ2 = α(x1 + 0.2x2)

ẋ3 = α(0.2 + x3(x1 − 5.7))

ẏ1 = 10(−y1 + y2)

ẏ2 = 28y1 − y2 − y1y3 + C2x2
2

ẏ3 = y1y2 − 8/3y3

(1)

ຊߘͰɼα = 3, C1 = 1, C2 = 8ͱ
ͨ͠ɽ·ͨɼࣜ (1)ͷมؒͷҼՌάϥ
ϑΛਤ 1ʹࣔ͢ɽਤ 1ɼϩʔϨϯπܥ
ͱϨεϥʔ͕ܥ৭ͷҹͰ૬ޓʹӨڹ
Λ༩͍͑ͯΔ͜ͱΛࣔ͢ɽ
3 ࣮ݧ

IEIྻܥ࣌ͱϚʔΫ͔ྻܥ࣌Βੜͨ͠ ߏ࠶ݩ࣍10
ঢ়ଶۭؒΛ༻͍ͯɼIEIྻܥ࣌ͱϚʔΫྻܥ࣌Λ༧ଌ͠
ͨ݁ՌΛਤ 2ʹࣔ͢ɽԣ࣠༧ଌʹ༻͍ͨσʔλɼॎ
࣠༧ଌਫ਼ (૬ؔ)Λද͢ɽ·ͨɼਤ 2ͷ ρ[xi|yj ]

 yj Λ༻͍ͯ xiΛ༧ଌͨ݁͠Ռɼρ[yi|xj ] xj Λ༻͍
ͯ yi Λ༧ଌͨ݁͠ՌͰ͋Δɽਤ 2ΛݟΔͱɼy ͷใ
Λ༻͍ͯ xΛ༧ଌͨ͠શͯͷ߹ʹ͓͍ͯɼྻܥ͕࣌
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(a) IEI ߹Λ༧ଌͨ͠ྻܥ࣌
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(b) ϚʔΫྻܥ࣌Λ༧ଌͨ͠߹

ਤ 2 ༧ଌʹ༻͍ͨσʔλͱ༧ଌਫ਼ͷؔ

500ͷͱ͖ 0.7Ҏ্ͷ༧ଌਫ਼Λࣔ͠ɼྻܥ࣌ 10,000

ͷͱ͖ 0.9Ҏ্ͷ͍ߴ༧ଌਫ਼ʹऩଋ͍ͯ͠Δɽྻܥ࣌
Λ૿Ճͤͨ͞߹ʹɼ༧ଌਫ਼͕͍ߴʹऩଋ͢Δ͜
ͱ༧ଌํͱٯͷํͷҼՌੑΛݕग़͍ͯ͠Δ͜ͱΛ
ҙຯ͢ΔͨΊ [1]ɼx͔Β y ͷҼՌੑΛݕग़Ͱ͖͍ͯ
Δɽ͔͠͠ɼxͷใΛ༻͍ͯ yΛ༧ଌͨ͠߹ɼ༧
ଌਫ਼ 0͔Β 0.6ఔͰਪҠ͍ͯ͠Δɽ͜͜ͰɼϨε
ϥʔํఔࣜͱϩʔϨϯπํఔࣜ྆ํʹ݁߹͍ͯ͠Δ
͕ɼC1 = 1, C2 = 8ͱ x͔Β y ͷҼՌੑʹൺͯ y

͔Β xͷҼՌੑ͕ऑ͍ͨΊɼ༧ଌਫ਼͕Լͨ͠ͱߟ
͑ΒΕΔɽ
4 ·ͱΊ
ຊߘͰɼطʹզʑ͕ఏҊͨ͠աఔσʔλؒͷҼՌ

ग़ख๏ݕੑ (ISICCM๏) [2, 3] ΛϚʔΫ͖աఔʹ
֦ு͠ɼద༻ͨ݁͠ՌΛใͨ͠ࠂɽ۩ମతʹɼIEI࣌
ͷྻܥ࣌ͱϚʔΫྻܥ ߏ࠶Βঢ়ଶۭؒΛ͔ྻܥ࣌ݩ࣍2
͕֦ͨ͠ு෦Ͱ͋Δɽͦͷ݁ՌɼϚʔΫ͖ա
ఔσʔλʹର֦ͯ͠ுͨ͠ ISICCM๏༗ޮͰ͋Δ
Մੑ͕ࣔࠦ͞Ε͕ͨɼ݁߹ڧʹภΓ͕ଘ͢ࡏΔ߹
ਖ਼͘͠ҼՌੑΛݕग़Ͱ͖ͳ͍߹͋Δ͜ͱ͕Θ͔ͬ
ͨɽͳ͓ɼຊڀݚͷҰ෦ JSPSՊݚඅ (No. 15KT0112ɼ
17K00348ɼ18K18125) ͷԉॿΛड͚ͯߦΘΕͨɽ
ݙจߟࢀ
[1] G. Sugihara et al., Science, 338(6106): 496–500, 2012.

[2] ᖒా  ଞ, ৴ֶιେ, N-1-12, 2019.

[3] ᖒా  ଞ, ৴ֶ૯େ, N-1-9, 2020.

[4] M. Quyen et al., Physica D, 127(3–4): 250–266, 1999.

[5] N. Yabuta and T. Ikeguchi, Proc. of NOLTA, 188–191,
2007.
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ࣗసं࠶ஔʹର͢ΔOr-optͱCROSS-exchangeͷ
ۙղΛͨ͠ݮղ๏ͷੑௐࠪ

Performance of Reduction of Or-opt and CROSS-exchange neighborhoods

for multiple-Vehicle Bike Sharing System Routing Problem
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1 ͡Ίʹ
όΠΫγΣΞϦϯάγεςϜ (BSS)Ͱੜ͡Δࣗసंͷաෆ

Λௐ͢ΔͨΊʹɼෳͷࣗసंճऩंΛ༻͍ͨࣗసं࠶
ஔ (mBSSRP) ΛఏҊ͍ͯ͠Δ [1]ɽ͔͠͠ɼmBSSRP
੍͕͍݅ͨ͠ݫΊɼఏҊղ๏Ұ෦ͷྫʹର࣮ͯ͠ߦ
ՄղΛಘΔ͜ͱ͕Ͱ͖ͳ͍߹͕͋ͬͨɽͦ͜ͰɼmBSSRP
ͷҰ෦ͷ੍ΛऔΓআ͖ɼͦ ͷ੍ʹର͢ΔॏΈ͖ͷҧྔͱ
ͯ͠mBSSRPͷతؔʹՃ͑ͨιϑτͳ੍͖mBSSRP
(mBSSRP-S) ΛఏҊͨ͠ [2]ɽҧྔ͕ 0ͷmBSSRP-Sͷղ
mBSSRPͷ࣮ߦՄղͱͳΔɽ࣮ݧͷ݁ՌɼmBSSRP-
SΛղ͍ͯmBSSRPͷ࣮ߦՄղΛಘΔ͜ͱͰmBSSRPΛ
ղ͘ΑΓ༏ΕͨղΛಘΒΕΔ͕ɼؒ࣌ࢉܭ૿Ճ͢Δ [3]ɽ
ͦ͜ͰຊߘͰɼؒ࣌ࢉܭΛॖ͢ΔͨΊʹۙΛ͠ݮ
ͨղ๏ΛఏҊ͠ɼͦͷੑΛใ͢ࠂΔɽ

2 ෳͷࣗసंճऩंΛ༻͍ͨࣗసं࠶ஔ
mBSSRPͱmBSSRP-SͰɼ1ͭͷσϙͱࣗసं͕աɾ

ෆ͍ͯ͠Δ 2छྨͷϙʔτ͕ nݸ༩͑ΒΕΔɽmBSSRPͷ
తɼ༰ྔ੍ͷ͋Δෳͷճऩं͕աϙʔτʹͯࣗస
ंΛճऩ͠ɼෆϙʔτิॆ͢Δͱ͖ɼ1) (ɼ2੍ؒ࣌ ੵ
(Έ੍ɼ3ࠐ ิॆ੍Λຬͨ͢८ճ࿏ͷதͰճऩंͷ૯Ҡಈ
ΊΔ͜ͱͰ͋ΔɽٻͱͳΔ८ճ࿏Λ࠷͕ؒ࣌
ҰํɼmBSSRP-S্هͷ 3ͭͷ੍ΛऔΓআ͖ɼ͜ ΕΒͷ

੍ʹର͢ΔҧྔΛతؔʹՃ͑ͨͰ͋ΔɽmBSSRP-
S ͷతؔɼT (t) + α(t) × E(t) + β(t) × P (t) Ͱ͋Δɽ
T (t) tΠλϨʔγϣϯͷճऩंͷ૯Ҡಈؒ࣌Ͱ͋Γɼ͜
Ε mBSSRPͷతؔͰ͋ΔɽE(t) tΠλϨʔγϣϯ
ͷ८ճ࿏ʹ͓͍ͯճऩं੍͕ؒ࣌ݶΛ͑ͯۀ࡞Λͨͬߦ
ɼPؒ࣌ (t)ɼtΠλϨʔγϣϯʹճऩɾิॆͰ͖ͳ͔ͬͨ
ࣗసंΛࣔ͢ɽα(t)ͱ β(t) tΠλϨʔγϣϯͷॏΈ
Ͱ͋Δɽ

3 ۙΛͨ͠ݮղ๏
mBSSRPͷྑͳۙࣅղΛಘΔͨΊʹɼλϒʔαʔνΛ༻

͍ͨख๏ΛఏҊ͍ͯ͠Δ [4]. ͜ͷղ๏Ͱλϒʔαʔν͕࣍
ͷղભҠ͢ΔͨΊͷۙΛ Or-optͱ CROSS-exchangeͰ
ੜ͍ͯ͠ΔɽOr-optͱɼ͋Δ८ճ࿏ͷ෦ॱྻ i− jΛଞ
ͷ८ճ࿏தʹૠೖ͢Δૢ࡞Ͱ͋Δ (ਤ 1 (a)) ɽ1ͭͷૠೖૢ࡞
ʹର͠෦ॱྻΛਖ਼ॱɼ·ͨٯॱʹͯ͠ૠೖ͢Δ 2 ௨Γ͕
͋ΔɽCROSS-exchange ɼ͋Δ८ճ࿏ͷ෦ॱྻ i − j ͱ
ଞͷ८ճ࿏ͷ෦ॱྻ k − lΛަ͢Δૢ࡞Ͱ͋Δ (ਤ 1 (b)).
CROSS-exchange෦ॱྻΛਖ਼ॱͱٯॱͰަͰ͖ΔͨΊ
1ͭͷަ࡞ૢʹର͠ 4 ௨Γͷղ͕ଘ͢ࡏΔɽ
ఏҊղ๏Ͱ࣮͞ߦΕΔૠೖɾަ࡞ૢͷׂ߹Λௐͨ݁Ռɼ

ਖ਼ॱͷ෦ॱྻΛૠೖ͢ΔOr-opt͕ 65%ɼਖ਼ॱͷ෦ॱྻ
Λަ͢Δ CROSS-exchange͕ Ε͓ͯΓɼ෦͞ߦ25%࣮
ॱྻΛٯॱʹͯ͠ૠೖɾަ͢Δૢ࡞΄ͱΜͲߦΘΕ͍ͯͳ
͍͜ͱ͕Θ͔ͬͨɽͦ͜Ͱɼ෦ॱྻΛਖ਼ॱͰૠೖɾަ͢Δ
߹ͷΈʹݶఆ͠ɼؒ࣌ࢉܭͷॖΛࢼΈΔɽ

i j

i j

i

k

j

l

k l

ji

(a) Or-opt (b) CROSS-exchange

ਤ 1 ۙૢ࡞
4 ࣮ݧɾ݁Ռ
ϙʔτ͕ 100ՕॴͷΛ ɽ͏ߦ͠ɼੑධՁΛ࡞3ͭ

աෆ −5 ∼ +5 ͱ͠ɼ࠷େੵࡌ༰ྔ 10 ͷճऩ
ं 5͕ۀ࡞Λ͏ߦɽճऩं 30[km/h]ͰҠಈ͠ɼ1͋ͨ
Γͷؒ࣌ۀ࡞ 2ɼ੍ؒ࣌ݶ 180ͱ͢Δɽλϒʔؒظ
 50ɼΠλϨʔγϣϯ 1,000ɼॏΈͷύϥϝʔλ
α(0) = 1ɼβ(0) = 1ɼλ = 1.07ɼµ = 0.30ͱͨ͠ɽ
ද 1 ʹ mBSSRR-S Λղ͖ಘΒΕͨ mBSSRP ͷ݁ՌΛࣔ

͢ɽද 1ΑΓɼۙղΛͨ͜͠ݮͱͰɼ 1, 2ͰΘͣ
͔ʹੑ͕ྼΔ͕ؒ࣌ࢉܭ 50%Ҏ্ॖ͢Δ͜ͱ͕Ͱ͖ͨɽ
 3 ʹ͍ͭͯؒ࣌ࢉܭΛ͠ݮͳ͕Βɼྑ͍ੑΛಘΔ
͜ͱ͕Ͱ͖ͨɽ

ද 1 mBSSRP-SΛղ͖ಘΒΕͨmBSSRPͷ݁Ռ
(a) શͯͷۙղΛ༻͍ͨ߹

No. ฏۉ ྑ࠷ ѱ࠷ ؒ࣌ࢉܭ [s]

1 119,966.02 116,229 125,588 461.10
2 118,408.50 113,405 123,847 457.67
3 113,967.06 110,167 119,364 449.33

(b) ۙղΛݶఆͨ͠߹

No. ฏۉ ྑ࠷ ѱ࠷ ؒ࣌ࢉܭ [s]

1 121,039.18 116,338 125,900 217.13
2 118,623.86 113,954 124,618 212.58
3 113,808.58 109,525 118,751 209.01

5 ·ͱΊ
ຊใࠂͰɼఏҊղ๏ͷੑΛҡͨ࣋͠··ɼؒ࣌ࢉܭΛ

ॖ͢ΔͨΊʹભҠසͷ͍ߴ 2 ͭͷۙ୳ͨͬߜʹࡧղ๏
ΛఏҊ͠ɼͦͷੑΛௐࠪͨ͠ɽ࣮ݧͷ݁Ռɼಉͷੑ
Λಘͳ͕Βɼؒ࣌ࢉܭΛ 50%Ҏ্͢ݮΔ͜ͱʹޭͨ͠ɽ
ͳ͓ɼຊڀݚ JSPSՊݚඅ (No. JP19K04907, 15KT0112,
17K00348)ͷԉॿΛड͚ͯߦΘΕͨɽ

ݙจߟࢀ
[1] ሣഅൕೆΒɼ2017  ใ௨৴ֶձࢠి NOLTA ιαΠΤςΟ
େձ, A-16, 2017.

[2] ሣഅൕೆΒ, ৴ֶٕใ, 119(19), 65–70, 2019.

[3] ሣഅൕೆΒ, ৴ֶٕใ, 119(381), 13–18, 2020.

[4] H. Tsushima et al., submitted, 2020.
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ࣗసं࠶ஔʹର͢Δؒ࣌ࢉܭΛॖ͢ΔͨΊͷ୳ࡧઓུ
ሣഅൕೆ

౦ژཧՊେֶ ത࢜ 1 ࣨڀݚޱ

1 ͡Ίʹ
όΠΫγΣΞϦϯάγεςϜ (BSS)Ͱੜ͡Δࣗసंͷ
աෆΛௐ͢ΔͨΊʹɼෳͷࣗసंճऩंΛ༻
͍ͨࣗసं࠶ஔ (mBSSRP) ΛఏҊ͍ͯ͠Δ [1]ɽ
͔͠͠ɼmBSSRP੍͕͍݅ͨ͠ݫΊɼఏҊղ๏
Ұ෦ͷྫʹର࣮ͯ͠ߦՄղΛಘΔ͜ͱ͕Ͱ͖ͳ
͍͕͋ͬͨɽ͜ͷΛղܾ͢ΔͨΊɼmBSSRPͷ
Ұ෦ͷ੍ΛऔΓআ͖ɼͦΕΒͷ੍ʹର͢ΔҧྔΛ
ॏΈ͖ͷϖφϧςΟͱͯ͠mBSSRPͷతؔʹՃ
͑ͨιϑτͳ੍͖mBSSRP (mBSSRP-S)ΛఏҊ͠
ͨ [2]ɽmBSSRP-SͰmBSSRPͷ࣮ߦෆՄղ
ભҠ͠ͳ͕Βҧྔ͕ 0ͱͳΔmBSSRPͷղʹભҠ͢
Δ͜ͱΛ͢ࢦɽ࣮ݧͷ݁ՌɼmBSSRP-SΛղ͍
ͯ mBSSRPͷ࣮ߦՄղΛಘΔઓུ mBSSRPΛղ
͍ͨ߹ΑΓ༏ΕͨղΛಘΒΕΔ͕ɼؒ࣌ࢉܭ૿Ճ
͢Δ [3]ɽຊൃදͰɼੑΛҡ࣋͠ͳ͕Βؒ࣌ࢉܭΛ
Δɽ͢ࠂઓུʹ͍ͭͯใࡧΔ୳͢ݮ

2 ෳͷࣗసंճऩंΛ༻͍ͨࣗసं࠶ஔ
mBSSRPͱmBSSRP-SͰɼ1ͭͷσϙͱࣗసं͕
աɾෆ͍ͯ͠Δ 2छྨͷϙʔτ͕ nݸ༩͑ΒΕΔɽ
mBSSRPͷతɼ༰ྔ੍ͷ͋Δෳͷճऩं͕
աϙʔτʹͯࣗసंΛճऩ͠ɼෆϙʔτิॆ͢Δͱ
͖ɼ1) (ɼ2੍ؒ࣌ (Έ੍ɼ3ࠐੵ ิॆ੍Λຬͨ͢
८ճ࿏ͷதͰճऩंͷ૯Ҡಈ࠷͕ؒ࣌ͱͳΔ८ճ࿏Λ
ΊΔ͜ͱͰ͋Δɽٻ
ҰํɼmBSSRP-S্هͷ 3ͭͷ੍ΛऔΓআ͖ɼ͜
ΕΒͷ੍ʹର͢ΔҧྔΛతؔʹՃ͑ͨͰ͋
ΔɽmBSSRP-S ͷతؔɼT (t) + α(t) × E(t) +
β(t) × P (t) Ͱ͋ΔɽT (t) tΠλϨʔγϣϯͷճऩ
ंͷ૯Ҡಈؒ࣌Ͱ͋Γɼ͜ΕmBSSRPͷతؔͰ
͋ΔɽE(t) tΠλϨʔγϣϯͷ८ճ࿏ʹ͓͍ͯճऩ
ɼPؒ࣌ͨͬߦΛۀ࡞Λ͑ͯؒ࣌ݶ੍͕ं (t)ɼtΠ
λϨʔγϣϯʹճऩɾิॆͰ͖ͳ͔ͬͨࣗసंΛ
ࣔ͢ɽα(t)ͱ β(t) tΠλϨʔγϣϯͷॏΈͰ
͋Δɽ

3 ઓུࡧΛॖ͢ΔͨΊͷ୳ؒ࣌ࢉܭ
mBSSRPͷྑͳۙࣅղΛಘΔͨΊʹɼλϒʔαʔ
νΛ༻͍ͨख๏ΛఏҊ͍ͯ͠Δ [4]. ͜ͷղ๏Ͱλ
ϒʔαʔνͰ࣍ͷղભҠ͢ΔͨΊͷۙղΛ Or-opt
ͱ CROSS-exchangeͰੜ͍ͯ͠ΔɽOr-optͱɼ͋
Δ८ճ࿏ͷ෦ॱྻΛଞͷ८ճ࿏தʹૠೖ͢Δૢ࡞Ͱ͋
Δɽ1ͭͷૠೖૢ࡞ʹର͠෦ॱྻΛਖ਼ॱɼ·ͨٯॱ
ʹͯ͠ૠೖ͢Δ 2௨Γ͕͋ΔɽCROSS-exchangeɼ͋
Δ८ճ࿏ͷ෦ॱྻͱଞͷ८ճ࿏ͷ෦ॱྻΛަ͢Δ
ॱٯͰ͋ΔɽCROSS-exchange෦ॱྻΛਖ਼ॱͱ࡞ૢ
ͰަͰ͖ΔͨΊ 1ͭͷަ࡞ૢʹର͠ 4 ௨Γͷղ͕ଘ
Δɽ͢ࡏ
ఏҊղ๏Ͱ࣮͞ߦΕΔૠೖɾަ࡞ૢͷׂ߹Λௐͨ

݁Ռɼਖ਼ॱͷ෦ॱྻΛૠೖ͢Δ Or-opt͕ 66%ɼਖ਼
ॱͷ෦ॱྻΛަ͢Δ CROSS-exchange͕ 20%࣮
Δૢ͢ॱʹͯ͠ૠೖɾަٯΕ͓ͯΓɼ෦ॱྻΛ͞ߦ
ΘΕ͍ͯͳ͔ͬͨɽ·ͨɼmBSSRP-SΛߦ΄ͱΜͲ࡞
ղ͍ͨͱ͖ͷղ୳ࡧͷ༷ࢠΛௐࠪ͢Δͱɼ1mBSSRP
ͷ࣮ߦՄղΛ୳͢ࡧΔͱ࿈ଓ࣮ͯ͠ߦՄղΛ୳͢ࡧ
Δ͜ͱΘ͔ͬͨɽ͜ΕΒ 2ͭͷ͔ΒɼmBSSRP-S
Λղ͘ࡍɼ࣮ߦՄղΛಘΔલͱ࣮ߦՄղΛಘͨޙͰ
୳ࡧઓུΛม͑Δඞཁ͕͋Δɽ࣮ߦՄղΛಘΔલ·Ͱ
ͷઓུͱͯ͠ɼશͯͷۙղΛ୳ͨ͠ࡧ߹ͱ࠷ભҠ
ͷ͍ߴ෦ॱྻΛਖ਼ॱͰૠೖɾަ͢Δ߹ʹͷΈݶ
ఆͨ͠߹ͷൺֱ࣮ݧΛ͏ߦɽ

4 ࣮ݧɾ݁Ռ
ϙʔτ͕ 100ՕॴͷΛ ͠ɼੑධՁΛ࡞ݸ10
ɽաෆ−5͏ߦ ∼ +5ͱ͠ɼ࠷େੵࡌ༰ྔ 10
ͷճऩं 5͕ۀ࡞Λ͏ߦɽճऩं 30[km/h]ͰҠ
ಈ͠ɼ1͋ͨΓͷؒ࣌ۀ࡞ 2ɼ੍ؒ࣌ݶ 180
ͱ͢Δɽλϒʔؒظ 50ɼΠλϨʔγϣϯ 1,000ɼॏ
Έͷύϥϝʔλα(0) = 1ɼβ(0) = 1ɼλ = 1.07ɼ
µ = 0.30ͱͨ͠ɽ
ද 1ʹ mBSSRR-SΛղ͍ͯॳΊͯ mBSSRPͷ࣮ߦ
Մղ͕ಘΒΕͨͱ͖ͷΠλϨʔγϣϯɼؒ࣌ࢉܭɼ50
ՄղͷΛࣔ͢ɽදߦղ͔ΒಘΒΕ࣮ͨظͷॳݸ 1Α
ΓɼશͯͷۙղΛ୳ͨ͠ࡧ߹ۙղΛݶఆͨ͠
߹ʹൺΔͱؒ࣌ࢉܭྼͬͯ͠·͏͕ɼશͯͷߦࢼͰ
ՄղΛಘΒΕ͍ͯΔ͜ͱɼ͍ΠλϨʔγϣϯͰߦ࣮
ಘΒΕ͍ͯΔ͜ͱ͔Βɼ࣮ߦՄղΛ୳͢ࡧΔલͷ୳
Δ͜ͱ͕༗ޮͰ͢ࡧઓུͱͯ͠ɼશͯͷۙղΛ୳ࡧ
͋Δɽ
ද 1 mBSSRP-SΛղ͖ಘΒΕͨ mBSSRPͷ݁Ռ

શͯͷۙղΛ ۙղΛ
୳ͨ͠ࡧ߹ ߹ఆͨ͠ݶ

ΠλϨʔγϣϯ 219.63 263.77
ؒ࣌ࢉܭ [s] 103.13 55.89

ಘΒΕ࣮ͨߦՄղͷ 50 45

5 ·ͱΊ
ຊใࠂͰɼmBSSRP-SΛղ͘ࡍʹɼੑΛҡ࣋͠
ͳ͕Βɼؒ࣌ࢉܭΛॖ͢ΔͨΊʹ࣮ߦՄղΛಘΔલ
ͱ࣮ߦՄղΛಘͨޙͰ୳ࡧઓུΛม͢ߋΔղ๏ΛఏҊ
ͨ͠ɽ࣮ߦՄղΛಘΔલͷ୳ࡧઓུͱͯ͠શͯͷۙ
ղΛ୳͢ࡧΔ͜ͱ͕༗ޮͰ͋Δɽޙࠓɼ࣮ߦՄղ
Λಘͨޙͷ୳ࡧઓུʹ͍ͭͯ͑ߟΔඞཁ͕͋Δɽ

ݙจߟࢀ
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ϦΧϨϯεϓϩοτີΛมԽͤ͞Δ͜ͱʹΑΔ
ܾఆతΧΦεͱඇઢ֬ܗྻܥ࣌ͷಛੑநग़

ੜࢤؙۚ

౦ژཧՊେֶ म࢜ 2 ࣨڀݚޱ

1 ͡Ίʹ
ඇઢྻܥ࣌ܗղੳख๏ͷҰͭʹϦΧϨϯεϓϩοτ (RP) [1]

͕͋ΔɽRPྻܥ࣌σʔλͷৼΔ͍Λ ը૾Ͱࠇͷനݩ࣍2
දͨ͠ݱͷͰ͋ΔɽRP ʹը૾தͷࠇըૉͷׂ߹ (ҎԼɼ
RPີͱݺͿ) ΛఆΊΔύϥϝʔλ θ͕͋Δɽզʑ RPີ
Λঃʑʹେ͖ͨ͘͠ͱ͖ͷ RP ͷมԽΛఆྔతʹௐΔ͜
ͱͰɼඇઢྻܥ࣌ܗͷಛੑΛଊ͑Δख๏ΛఏҊͨ͠ [2–4]ɽ͜
ΕΒͷख๏Ͱɼ·ͣɼRPͦͷ֦ுख๏ [5]ʹରͯ͠ɼRP
ີͷҟͳΔෳͷը૾Λ࡞͢Δɽ࣍ʹɼͦΕΒʹରͯ͠
ఆྔԽղੳؼ࠶ (RQA) [6]ͷҰͭͰ͋Δ DETͱɼੜ֬ى
RΛࢉग़ͯ͠ RPͷมԽΛఆྔԽ͢Δɽจݙ [2–4]ͰɼRP
ີΛมԽͤ͞Δ͜ͱͰಘΒΕΔDET ͱ RͷਪҠ͔Βɼ
σʔλͷಛੑΛଊ͑ΒΕΔ͜ͱ͕ࣔ͞Ε͍ͯΔɽྻܥ࣌
͔͠͠ͳ͕Β͜ΕΒͷઌڀݚߦʹ͓͍ͯɼܾఆతμΠφ

ϛΫεͱ֬తϊΠζ͕ࠞ͢ࡏΔϥϯμϜྗֶܥΛରͱ͠
ͨௐࠪߦΘΕ͍ͯͳ͍ɽͦ͜ͰຊߘͰɼܾఆతΧΦεͱ
पظղʹϊΠζΛؚΉྻܥ࣌ͷಛੑΛଊ͑Δ͜ͱΛతͱ͢
Δɽ۩ମతʹɼܾఆμΠφϛΫεͰ͋ΔϩδεςΟοΫࣸ
૾ [7]ʹ֬తϊΠζ͕ࠞͨ͠ࡏϊΠδʔϩδεςΟοΫࣸ
૾ [8,9]͔ΒಘΒΕΔྻܥ࣌ΛରʹɼఏҊख๏ͷ༗ޮੑΛௐ
ࠪ͢Δɽ
2 ఏҊख๏
ຊߘͰղੳରͱ͢Δྻܥ࣌σʔλ͍ͣΕ ͷΈݩ࣍1

ଌͰ͖Δ͜ͱΛԾఆ͢ΔɽͦͷͨΊ؍ RP ͷ࡞ʹඞཁͳঢ়
ଶۭؒΛߏ࠶͢Δख๏ͱͯ͠Ԇ࠲ඪܥͷຒΊࠐΈख๏
Λ༻͍Δ [10,11]ɽຊߘͰɼߏ࠶ͯ͠ಘΒΕͨঢ়ଶۭ͔ؒ
Βɼ2 ؒڑใΛͱʹ RPΛ࡞͢Δ [1]ɽ·ͨɼ2 ͭ
ͷيಓϕΫτϧͷࠩͷϢʔΫϦουϊϧϜΑΓಉํੑΛՄࢹ
Խ͢Δ IDRPΛ࡞͠ɼRPͱ IDRPΛ༻͍ͯɼ͔ۙͭಉ
Խ͢ΔࢹΛՄͷؔํ IDNPΛ࡞͢Δ [5]ɽ

RP ີɼߏ࠶ঢ়ଶۭؒͷҙͷ 2 ؒʹ͍ͭͯͷ
ใ (RPͰ͋Ε 2ؒڑɼIDRPͰ͋ΕيಓϕΫτϧ
ͷࠩͷϢʔΫϦουϊϧϜ) ͷ࠷খ͔Β࠷େ·Ͱͷʹɼ
0 ≤ θ ≤ 1 ͷׂ߹Λֻ͚ͯௐઅ͢ΔɽDET ɼʹࠇը
ૉͷ૯ɼࢠʹ 45◦ ͷࣼΊઢΛߏ͢Δࠇըૉͷ૯ͱ͠
ͨɼRP্ʹݱΕΔࣼΊઢͷׂ߹Λද͢ɽੜ֬ىRɼ
ʹ RPͷ૯ϓϩοτɼࢠʹ IDNPͷ૯ϓϩοτͱͨ͠ɼ
IDNP ͷಉํతۙͷ RP ͷۙʹର͢Δׂ߹Λ
ද͢ɽDET ͱ R ͍ͣΕܾ͕ྻܥ࣌ఆతͰ͋Δͱ
ΒΕΔɽ͑ߟͳΔͱ͘ߴ
3 ରྻܥ࣌
ຊߘͰରͱ͢ΔϥϯμϜྗֶܥͰ͋ΔϊΠδʔϩδεςΟο

Ϋࣸ૾ [8, 9]Λࣜ (1)ʹࣔ͢ɽ

xt+1 = axt(1 − xt) + σ(xt−1)εt (1)

ͨͩ͠ɼxt ࠁ࣌ࢄ t ͷͱ͖ͷঢ়ଶɼa ذύϥϝʔ
λɼεt  (−0.5, 0.5) ͷҰ༷ʹै͏֬มͰ͋Γɼσ(x)
 σ(xt−1) = 0.5min(xt, 1 − xt)ͱఆٛ͞ΕΔɽ
4 ࣮ݧ

RP ີΛେ͖ͨ͘͠ͱ͖ͷ DET ͱ R ͷͷ
ਪҠ͔ΒɼܾఆతΧΦεͱपظղʹμΠφϛΧϧ
ϊΠζΛؚΉྻܥ࣌ͷಛੑΛଊ͑ΒΕΔ͔Λௐࠪ
ͨ͠ɽ࣮ݧʹɼϩδεςΟοΫࣸ૾ʹ͓͍ͯ
2, 4, 8, 16, 32, 64, 128 पظԠɼΧΦεԠʹͳΔύϥ
ϝʔλ a = 3, 3.45, 3.55, 3.565, 3.569, 3.5698, 3.5699, 4
Λ༻͍ͨɽ֤ྻܥ࣌աঢ়ଶͱͯ͠ 500 ল͍ͨޙͷ
1, 000 ͱ͠ɼߏ࠶ঢ়ଶۭؒͷݩ࣍ 3ɼΕؒ࣌ 1 ͱ
ͨ͠ɽಉํੑΛࢉग़͢ΔͷʹඞཁͳيಓϕΫτϧɼ1 ε
ςοϓޙͷ·ͰͷϕΫτϧͱͨ͠ɽ

ϩδεςΟοΫࣸ૾ͱϊΠδʔϩδεςΟοΫࣸ૾ʹ͍ͭͯ
֤ aΛ༩͑ɼॳظͱཚγʔυΛมͯ͠ߋ 100ຊͷྻܥ࣌
ΛରʹɼఏҊख๏Λద༻ͯ͠ಘΒΕͨࢦඪͷਪҠΛਤ 1
ʹࣔ͢ɽԣ࣠ର࣠Ͱ RPີΛఆΊΔύϥϝʔλ θɼॎ࣠
֤ࢦඪΛࣔ͢ɽ
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(c) DETIDNP
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(d) R

ਤ 1. 1 ͭͷύϥϝʔλ a ʹରͯ͠ɼఏҊख๏ΛॳظͱཚγʔυΛม͑ͯ
100ճద༻ͨ݁͠Ռɽ࣮ઢϩδεςΟοΫࣸ૾ɼഁઢϊΠδʔϩδεςΟοΫ
ࣸ૾ͷԠΛରͱͨ͠ͱ͖ͷ֤ࢦඪΛද͠ɼϓϩοτฏۉɼΤϥʔόʔ
ඪ४ภࠩΛද͢ɽ֤ਤɼᮢ θ ΛมԽͤͯ͞࡞ͨ͠ (a) RPɼ(b) IDRPɼ
(c) IDNP ͷ DET ͱɼ(d) ੜ֬ى R ͷਪҠΛࣔ͢ɽ

ਤ 1ʹ͍ࣔͨͣ͠Εͷࢦඪʹ͓͍ͯɼa = 4ͷϩδεςΟο
Ϋࣸ૾ͷΧΦεԠʹର͢ΔਪҠ (͍࣮ઢ) ͱɼͦͷଞ
ͷपظԠͱͳΔ aͰͷϊΠδʔϩδεςΟοΫࣸ૾ͷԠʹ
ର͢ΔਪҠ (Ҏ֎ͷഁઢ) ҟͳΔɽैͬͯɼΧΦεԠ
ͱपظղʹμΠφϛΧϧϊΠζΛؚΉԠͷผ͕Մͱͳ
Δ͜ͱ͕ࣔࠦ͞Εͨɽ
5 ·ͱΊ
ຊߘͰ RP ີΛมԽͤ͞Δ͜ͱͰಘΒΕΔࢦඪͷਪҠ

ղʹμΠφϛΧϧϊΠζΛؚΉظͱपྻܥ࣌ΒɼΧΦε͔
ͷಛੑநग़͕ՄͰ͋Δ͔Λௐࠪͨ͠ɽ݁Ռ͔Βɼᮢྻܥ࣌
͕খ͍͞ൣғͰͷ֤ࢦඪͷɼ͕ྻܥ࣌ΧΦεԠͰ͋Ε
ղʹμΠφϛΧϧϊΠζΛؚΉԠͰ͋Ε͘ͳظɼप͘ߴ
Δͱ͍ͬͨԠʹԠͯ͡ҟͳΔಛੑ͕ಘΒΕͨɽҰํͰɼRP
ద༻ݧܦʹ࣌తʹѻΘΕΔ RP ີͰ͋Δ 0.1 ۙେ͖͍
ൣғͰɼ͜ΕΒͷݟ͚͕͔ͭͳ͍ͨΊɼRPີΛมԽ͞
ͤΔ͜ͱʹΑͬͯಘΒΕΔਪҠΛྻܥ࣌ͷಛੑͱ͢Δ͜ͱ
ͷ༗ޮੑ͕ࣔࠦ͞Εͨɽ
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ඇઢܥֶྗܗཧʹ͍ͨͮجϚʔΫաఔؒͷҼՌੑݕग़
ᖒా

౦ژཧՊେֶ म࢜ 2 ࣨڀݚޱ

1 ͡Ίʹ
ਆ׆ܦಈɼ׆ࡁܦಈաఔσʔλͱͯ͠؍ଌ
͞ΕΔɽզʑطʹɼҰఆͷαϯϓϦϯάִؒͰ؍ଌ͞
Εͨྻܥ࣌σʔλؒͷҼՌੑΛݕग़Մͳ Convergent
Cross Mapping (CCM) [1]Λ֦ு͢Δ͜ͱͰɼਆࡉܦ๔
ͷཧϞσϧ͔ΒಘΒΕΔൃՐִؒྻܥ࣌ʹରͯ͠ҼՌ
ੑΛݕग़͢Δख๏ (ISICCM๏)ΛఏҊ͠ɼաఔσʔ
λʹରͯ͠ߴਫ਼ͳҼՌݕఆ͕ՄͱͳΔ͜ͱΛࣔ͠
ͨ [2, 3]ɽҰํɼϚʔΫաఔʹରͯ͠ ISICCM๏
͕༗ޮͱͳΔ͔Λ͢ূݕΔ͜ͱॏཁͰ͋Δɽͦ͜Ͱຊ
ൃදͰɼཧϞσϧ͔Βੜͨ͠ϚʔΫաఔσʔ
λʹରͯ͠ ISICCM๏ʹΑΓҼՌੑ͕ݕग़ՄͰ͋Δ
͔Λௐࠪͨ͠ͷͰใ͢ࠂΔɽ

2 ղੳख๏ͱσʔλੜํ๏
ຊൃදͰɼϚʔΫաఔؒͷҼՌੑղੳʹ IS-

ICCM ๏ [2, 3] Λ֦ுͨ͠ख๏Λ༻͍ΔɽISICCM ๏
ൃՐִؒ (ISI) ͠ɼൃՐߏ࠶Βঢ়ଶۭؒΛ͔ྻܥ࣌
ରԠΛऔΔ͜ͱͰؒ࣌ΑΔʹؒ࣌ ISIྻܥ࣌Λ༧ଌ͢Δ
ํ๏Ͱ͋ΔɽຊൃදͰɼঢ়ଶۭؒΛߏ࠶͢ΔࡍɼΠ
ϕϯτִؒ (IEI) ͷྻܥ࣌ͱϚʔΫྻܥ࣌ ྻܥ࣌ݩ࣍2
͔Β ͠ɼISICCM๏ͱಉ༷ͷߏ࠶ͷঢ়ଶۭؒΛݩ࣍10
खॱͰ IEIྻܥ࣌ͱϚʔΫྻܥ࣌ΛͦΕͧΕಠཱʹ༧ଌ
ͨ͠ɽͦͷࡍɼաঢ়ଶͱͯ͠ 100,000Λআ֎͠ɼ࣌
ྻܥ 500͔Β ΈͰࠁ500 10,000·ͰมԽͤͨ͞ɽ·
ͨɼϚʔΫաఔɼgap junctionΛ͏ Izhikevich
χϡʔϩϯϞσϧ: v̇i = 0.04vi

2 + 5vi + 140− ui + Ii +
N∑

i ̸=j,j=1

wij(vj−vi), u̇i = ai(bivi−ui) [4, 5]͔ΒಘΒΕͨ

ճ෮มͷྻܥ࣌ͷۃେΛநग़͢Δ͜ͱͰੜͨ͠ [6]ɽ
͜͜Ͱɼvi ≥ 30ͷͱ͖ɼvi ← ci, ui ← ui +diʹϦηο
τ͞ΕΔɽͨ ͩ͠ɼࠓճN = 2ͱͨ͠ɽ·ͨɼύϥϝʔ
λɼai = 0.03, bi = 0.3, ci = −55, di = 2, Ii = 10
ͱ͠ɼ྆ํ݁߹ͷ߹ w12 = w21 = 0.05ͱ͠ɼย
ͷ߹߹݁ํ w12 = 0, w21 = 0.05ͱͨ͠ɽ

3 ࣮ݧ
IEIྻܥ࣌ͱϚʔΫ͔ྻܥ࣌Βੜͨ͠ ߏ࠶ݩ࣍10
ঢ়ଶۭؒΛ༻͍ͯɼIEIྻܥ࣌ͱϚʔΫྻܥ࣌Λ༧ଌ͠
ͨ݁ՌΛਤ 1ʹࣔ͢ɽਤ 1ͷ (a)྆ํ݁߹ͷ߹ɼਤ
1ͷ (b)ยํ݁߹ͷ߹ͷ݁ՌͰ͋Δɽԣ࣠༧ଌ
ʹ༻͍ͨσʔλɼॎ࣠༧ଌਫ਼ (૬ؔ) Λද͢ɽ
·ͨɼρIEI(neuron i | neuron j)χϡʔϩϯ jͷϚʔ
ΫաఔΛ༻͍ͯχϡʔϩϯ iͷϚʔΫաఔͷ IEI
Λ༧ଌͨ݁͠ՌΛද͠ɼρmark(neuron i | neuron j)
χϡʔϩϯ jͷϚʔΫաఔΛ༻͍ͯχϡʔϩϯ iͷ
ϚʔΫաఔͷϚʔΫΛ༧ଌͨ݁͠ՌΛද͢ɽ
ਤ 1ͷ (a)ΛݟΔͱɼχϡʔϩϯ 1ͷϚʔΫաఔ
Λ༻͍ͯɼχϡʔϩϯ 2ͷϚʔΫաఔͷ IEIΛ༧ଌ
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(a) ߹݁ํ྆

 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0.9

 0  1000  2000  3000  4000  5000  6000  7000  8000  9000  10000

Pr
ed

ic
tio

n 
ac

cu
ra

cy
 o

f 
 IE

I /
 M

ar
k 

tim
e 

se
rie

s

Data length used for prediction

ρIEI(neuron 1 | neuron 2)
ρmark(neuron 1 | neuron 2)

ρIEI(neuron 2 | neuron 1)
ρmark(neuron 2 | neuron 1)

(b) ϚʔΫྻܥ࣌Λ༧ଌͨ͠߹

ਤ 1 ༧ଌʹ༻͍ͨσʔλͱ֦ுͨ͠ ISICCM๏ʹΑ
Δ༧ଌਫ਼ͷؔ

ͨ͠߹Λআ͍ͯɼ༧ଌʹ༻͍ΔσʔλΛ૿Ճͤ͞Δ
ͱ༧ଌਫ਼্ঢ͠ɼ0.5͔Β 0.7ఔͷൺֱత͍ߴ
ʹऩଋ͍ͯ͠Δɽਤ 2ͷ (b)ΛݟΔͱɼχϡʔϩϯ 2ͷ
ϚʔΫաఔ͔Βχϡʔϩϯ 1ͷϚʔΫաఔΛ༧
ଌͨ͠߹ɼσʔλͷ૿Ճʹ͍༧ଌਫ਼ 0.8Ҏ্
ͷ͍ߴʹऩଋ͍ͯ͠Δɽ͜ͷ݁Ռɼχϡʔϩϯ 1͔
Βχϡʔϩϯ 2ͷҼՌੑΛਖ਼͘͠ݕग़Ͱ͖͍ͯΔ͜ͱ
Λࣔࠦ͢Δɽ·ͨɼχϡʔϩϯ 1ͷϚʔΫաఔ͔Β
χϡʔϩϯ 2ͷϚʔΫաఔΛ༧ଌͨ͠߹ɼຊདྷ
Ͱ͋Ε༧ଌਫ਼্ঢͤͣখ͍͞ʹऩଋ͢Δͣͩ
͕ɼ0.5͔Β 0.6ఔͷʹ্ঢ͍ͯ͠Δɽ͜ͷ݁Ռɼ
ಉҰͷύϥϝʔλΛ༻͍ͯ͠ΔͨΊʹɼྗֶܥͷಛ
ΒΕΔɽ͑ߟҼͩͱݪΔ͜ͱ͕͍ͯࣅ͕
4 ·ͱΊ
ຊൃදͰɼطʹզʑ͕ఏҊͨ͠աఔσʔλؒͷҼ
Ռੑݕग़ख๏ (ISICCM ๏) [2, 3] ΛϚʔΫաఔʹ
֦ு͠ɼద༻ͨ݁͠ՌΛใͨ͠ࠂɽ۩ମతʹɼIEI࣌
ͷྻܥ࣌ͱϚʔΫྻܥ ߏ࠶Βঢ়ଶۭؒΛ͔ྻܥ࣌ݩ࣍2
͕֦ͨ͠ு෦Ͱ͋Δɽͦͷ݁ՌɼϚʔΫաఔ
σʔλʹର֦ͯ͠ுͨ͠ ISICCM๏༗ޮͰ͋ΔՄ
ੑ͕ࣔࠦ͞Ε͕ͨɼྗֶܥతಛ͕͍ͯࣅΔ߹ɼ
ҼՌੑΛݕޡग़ͯ͠͠·͏߹͕͋Δ͜ͱ͕Θ͔ͬͨɽ
ɼαϩήʔτσʔλޙࠓ [7]Λ༻ͯ͠ɼ༧ଌਫ਼ͷ
্ঢ͓Αͼऩଋ͕ҼՌੑʹΑΔͷͰ͋Δ͔ͷݕఆΛߦ
͏ඞཁ͕͋Δɽ·ͨɼΠϕϯτλΠϛϯάͷࠩΛྀ͢ߟ
Δ͜ͱͰɼΑΓߴਫ਼ͳ༧ଌثΛੜ͢Δ͜ͱॏཁͰ
͋Δͱ͑ߟΒΕΔɽ
ݙจߟࢀ
[1] G. Sugihara et al., Science, 338, 6106, 496–500, 2012.
[2] ᖒా  ଞ, ৴ֶιେ, N-1-12, 2019.
[3] ᖒా  ଞ, ৴ֶ૯େ, N-1-9, 2020.
[4] E. M. Izhikevich, IEEE TNN, 14, 6, 1569–1572, 2003.
[5]  ෨ ଞ, ৴ֶ A, J100-A, 5, 195–204, 2017.
[6] N. Yabuta and T. Ikeguchi, Proc. of NOLTA, 188–191,

2007.
[7] M. Thiel et al., EPL, 75, 4, 535–541, 2006.
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ϚʔΫաఔʹର͢ΔVisibility Graphͷ༗ޮੑͷݕ౼
ໟՂ

౦ژཧՊେֶ म࢜ 2 ࣨڀݚޱ

1 ͡Ίʹ
զʑɼָۂσʔλΛϚʔΫաఔσʔλͱͯ͠

ѻ͍ɼωοτϫʔΫʹม͢Δ͜ͱͰɼෳࡶωοτϫʔ
Ϋཧͷ؍͔ΒָۂղੳΛ͖ͨͯͬߦ [1][2]ɽͦͷࡍɼ
Visibility Graph [3] (ҎԼɼVG ๏) ͱݺΕΔྻܥ࣌
σʔλΛωοτϫʔΫʹม͢Δख๏Λ༻ͨ͠ɽ͔͠
͠ɼVG๏ྻܥ࣌σʔλΛωοτϫʔΫʹม͢Δख
๏Ͱ͋ΔͨΊɼϚʔΫաఔʹద༻͢Δͱ͖ɼ࡞͠
ͨωοτϫʔΫ͕ݩͷϚʔΫաఔͷಛΛөͰ͖
͍ͯͳ͍Մੑ͕͞Ε͍ͯΔɽͦ͜ͰɼຊڀݚͰྗ
ʹͨ͠ϚʔΫաఔ࡞ৗඍํఔ͔ࣜΒܕඇઢܥֶ
ରͯ͠VG๏Λద༻͠ɼωοτϫʔΫΛ࡞͢Δɽ࣍ʹɼ
ωοτϫʔΫؒڑ [4]Λ༻͍ͯ࡞ͨ͠ωοτϫʔΫ
ؒͷߏతಛͷࠩҟΛղੳ͢Δ͜ͱͰɼϚʔΫա
ఔʹର͢ΔVG๏ͷ༗ޮੑΛௐࠪͨ݁͠ՌΛใ͢ࠂΔɽ

2 σʔλ
ຊڀݚͰɼϚʔΫաఔΛ࡞͢ΔͨΊɼඇઢܕ

ৗඍํఔࣜͰ͋ΔϩʔϨϯπํఔࣜ [5]ͱϨεϥʔํ
ఔ [6]ࣜΛ༻͍ͨɽϧϯήΫολ๏Λ༻͍֤ͯํఔ͔ࣜΒ
ಘΒΕͨྻܥ࣌σʔλʹରͯ͠ɼۃେΛநग़͠ɼϚʔ
ΫաఔσʔλΛ࡞ͨ͠ɽϩʔϨϯπํఔࣜͷύϥ
ϝʔλΛ σ = 10ɼb = 3/8ɼr = 28 ʹઃఆ͠ɼϨεϥʔ
ํఔࣜͷύϥϝʔλΛ a = 0.2, b = 0.2, c = 5.7 ʹઃఆ
ͨ͠ɽ

3 खॱݧ࣮
·ͣɼϩʔϨϯπํఔ͔ࣜΒಘΒΕͨྻܥ࣌Λ༻͍ͯ

ϚʔΫաఔΛ࡞͢Δɽ࣍ʹɼಘΒΕͨϚʔΫ
աఔΛਤ 1(a)ʹࣔ͢Α͏ʹෳͷؒ࣌૭ʹׂ͠ɼϚʔ
Ϋաఔ w1ɼw2ɼ...ɼwnΛ࡞͢Δɽͦͷࡍɼશͯ
ͷϚʔΫաఔͷΠϕϯτ͕ ΔΑ͢ࡏҎ্ଘݸ200
ɼϚʔΫաఔʹ࣍૭ͷ෯Λઃఆ͢Δɽؒ࣌ʹ͏ w1ɼ
w2ɼ...ɼwnʹରͯ͠VG๏Λద༻͠ɼਤ 1(b)ͷΑ͏ʹ
ωοτϫʔΫG1ɼG2ɼ...ɼGnΛ࡞͢Δɽޙ࠷ʹɼωο
τϫʔΫG1ͱଞͷωοτϫʔΫG2ɼG3...ɼGnͷωο
τϫʔΫؒڑ d(G1, G2)ɼd(G1, G3)ɼ...ɼd(G1, Gn)

Λࢉग़͢Δɽͳ͓ɼಉ͡ྗֶܥඇઢܕৗඍํఔࣜͰ
͋ΔϩʔϨϯπํఔ͔ࣜΒಘΒΕͨϚʔΫաఔ w1ɼ
w2ɼ...ɼwn ͷߏ͕ྨ͢ࣅΔͨΊɼωοτϫʔΫ G1ɼ
G2ɼ...ɼGnͷߏྨ͠ࣅɼd(G1, G2)ɼd(G1, G3)ɼ...ɼ
d(G1, Gn)ͷ͕খ͍͞ͱ͑ߟΒΕΔɽ·ͨɼωοτϫʔ
Ϋؒڑͷ͕ेখ͍͜͞ͱΛ֬ೝ͢ΔͨΊɼҟͳΔ
Ͱ͋ΔϨεϥʔํఔ͔ࣜΒಉ͡ख๏Ͱෳͷωοܥֶྗ
τϫʔΫΛ࡞͠ɼϩʔϨϯπํఔࣜͱϨεϥʔํఔࣜ
͔Β࡞֤ͨ͠ωοτϫʔΫͷωοτϫʔΫؒڑΛൺ
ֱ͢Δ͜ͱͰɼωοτϫʔΫؒڑͷ͕༗ҙͰ͋Δ͜
ͱΛ֬ೝ͢Δɽ

(a) ͢Δ࡞૭ʹׂ͠ෳͷϚʔΫաఔΛؒ࣌

(b) VG ๏Λ༻͍ͯ (a) ͔ΒωοτϫʔΫΛ࡞͢Δ

ਤ 1 ϩʔϨϯπํఔ͔ࣜΒωοτϫʔΫΛ࡞͢Δྫ.

4 ݁Ռ
ಘΒΕͨϚʔΫաఔʹରͯ͠VG๏Λద༻͠ɼωο

τϫʔΫؒڑΛࢉग़ͨ݁͠ՌΛਤ 2ʹࣔ͢ɽ͜͜Ͱɼ
ԣ࣠࡞ͨ͠ωοτϫʔΫͷΠϯσοΫεɼॎ࣠ωο
τϫʔΫؒڑͷͰ͋Δɽ·ͨɼ੨ઢಉ͡ϩʔϨϯ
πํఔ͔ࣜΒ࡞ͨ͠ωοτϫʔΫͷωοτϫʔΫؒڑ
ɼઢϩʔϨϯπํఔ͔ࣜΒ࡞ͨ͠ωοτϫʔΫ
ͱϨεϥʔํఔ͔ࣜΒ࡞֤ͨ͠ωοτϫʔΫͷωοτ
ϫʔΫؒڑͷͰ͋Δɽ
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ਤ 2 ωοτϫʔΫؒڑΛࢉग़ͨ݁͠Ռ

ਤ 2͔Βɼಉ͡ྗֶܥͰ͋ΔϩʔϨϯπํఔ͔ࣜΒ࡞
ͨ͠ωοτϫʔΫͷωοτϫʔΫؒڑͷ͕খ͍͞
ͨΊɼ֤ωοτϫʔΫͷߏతಛ͕ྨ͢ࣅΔ͜ͱ͕
͔Δɽ͜ΕɼVG ๏Λ༻͍Δ͜ͱͰϚʔΫաఔͷ
ಛ͕ө͞Ε͍ͯΔ͜ͱΛࣔࠦ͢Δɽ

5 ·ͱΊ
ຊใࠂͰɼVG๏ΛϚʔΫաఔʹద༻͢Δͱ͖ɼ

ͷϚʔΫաఔͷಛΛݩͨ͠ωοτϫʔΫ͕࡞
өͰ͖Δ͔ͷূݕΛͨͬߦɽ݁Ռͱͯ͠ɼϚʔΫա
ఔʹର͢Δ VG๏͕༗ޮͰ͋Δ͜ͱ͕ࣔࠦ͞Εͨɽ

ݙจߟࢀ
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[2] F. Mao et al., NOLTA2019, 587–590, 2019.
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χϡʔϩϯൺͱཧతڑ͕γφϓεͷ݁߹ੑ༩͑ΔӨڹ
ೆ෩ٶ

౦ژཧՊେֶ म࢜ 2 ࣨڀݚޱ

1 ͡Ίʹ
ੜཧֶతݟʹΑΕɼେൽ࣭Ͱڵฃੑχϡʔϩ

ϯͱ੍ੑχϡʔϩϯ 4: 1ͷൺ (ҎԼɼੜཧֶత
ൺ)Ͱଘ͢ࡏΔͱ͍ΘΕ͍ͯΔ [1]ɽ͔͠͠ɼͳͥੜཧ
ֶతൺ͕ଘ͢ࡏΔͷ͔ʹ͍ͭͯ໌Β͔ʹͳ͍ͬͯͳ
͍ɽ͜Ε·ͰͷڀݚͰɼੜཧֶతൺʹԿΒ͔ͷ࠷దੑ
Λͭ࣋͜ͱΛχϡʔϩϯϞσϧΛ༻͍࣮ͨݧͰࣔ͠
ͨ [2, 3, 4]ɽ
͞ΒʹɼμϯͳͲͷػোੜཧֶతൺʹ

ै͍ͬͯͳ͍͜ͱ͕ҰҼͰ͋Δͱ͑ߟΒΕ͓ͯΓ [5, 6]ɼ
μϯऀױͱ݈ৗऀʹ͓͍ͯɼܭଌ͢ΔྖҬؒͷཧ
తڑʹԠͨ͡ fMRI৴߸ͷ૬͕ؔؔҟͳΔ͜ͱ͕Θ
͔͍ͬͯΔ [7]ɽ
ຊൃදͰɼલड़ͷݟΛ͢ূݕΔతͷԼɼχϡʔ

ϩϯൺ͝ͱͷγφϓεୡใྔͱཧతڑͱͷ
ʹཧϞσϧΛ༻͍ͯௐࠪ͢Δɽ۩ମత͍ͯͭʹੑؔ
ɼ·ͣҟͳΔχϡʔϩϯൺͰੜ͞Ε֤ͨχϡʔϥ
ϧωοτϫʔΫ্ͷγφϓεͷ͏ͪɼใྔ্͕Ґͷ
ͷʹ͍ͭͯண͢ΔɽͦΕΒͷγφϓεୡԆͷ
Λࢉग़͠ɼχϡʔϩϯൺ͝ͱʹൺֱͨ͠ɽ

2 γφϓεୡใྔ
γφϓεͷใྔͱͯ͠ɼจݙ [4] ͷୡใྔ

TR[i → j]Λ༻͍Δɽ͜ΕɼγφϓεΛڬΉ 2ͭͷχ
ϡʔϩϯؒͷεύΠΫྻ͔Βࢉग़͢ΔDelayed Transfer

EntropyΛ֦ுͨ͠ͷͰ͋Δɽୡใྔ TR[i → j]

ͱ͖ɼχϡʔϩϯ͍ߴ͕ i͔Β jͷใ͕ଟ͘ྲྀΕͯ
͍Δ͜ͱΛҙຯ͢Δɽ

3 ࣮ݧ
શχϡʔϩϯʹର͢Δ੍ੑχϡʔϩϯൺͷׂ߹Λ

rͱ͢Δɽr = 0, 0.2(ੜཧֶతൺ), 0.4, 0.6ʹର͢Δจ
ݙ [4]ͱಉ༷ͷχϡʔϥϧωοτϫʔΫΛ༻ҙ͠ɼSTDP

ֶश [8]Λ͏ߦɽेʹֶश͕ऩଋͨ͠ (t = 3, 600[s])࣌
ؒظҎ߱ʹ͓͍ͯɼֶशΛऴྃͤ͞Δɽ͞ΒʹɼҰఆࠁ
(t = 5, 400 ∼ 7, 200[s])ͷεύΠΫྻΛऔಘ͠ɼୡ
ใྔ TRΛγφϓε͝ͱʹࢉग़ͨ͠ɽޙ࠷ʹɼશͯͷγ
φϓεͷ͏ͪɼୡใྔ্͕Ґ 20 %ͷγφϓεΛந
ग़͠ɼཧతڑͱͷؔੑΛௐࠪͨ͠ɽ·ͨɼ͜͜Ͱ
ͷཧతڑཧϞσϧ্ͷγφϓεୡԆ δͱ
ͨ͠. δ͕খ͍͞߹ɼཧతڑ͍ۙͱΈͳ͠ɼେ
͖͍߹ԕ͍ͱΈͳ͢ɽ

4 Ռ݁ݧ࣮
ୡใྔ TR্͕Ґ 20 %ͷγφϓεͷୡԆ

δͷසΛਤ 1ʹࣔ͢ɽੜཧֶతൺͰ͋Δ r = 0.2

Ͱස͕΄΅ಉͰ͋Δͷʹର͠ɼͦΕҎ֎ͷൺͰ
ʹภΓ͕͋Δ͜ͱ͕Θ͔Δɽಛʹ੍ੑχϡʔϩ

ϯ͕ଘ͠ࡏͳ͍ r = 0ͷͱ͖ɼԆ δ͕খ͍͞γφϓ
εͷΊΔׂ߹͕͘ߴɼେ͖͍γφϓεͷׂ߹͕͍ɽ
fMRI৴߸Λղੳ࣮ͨ͠ݧΑΓɼੜཧֶతൺʹैΘͳ
͍μϯऀױͷͰɼཧతڑ͕ڑͷྖҬ
ؒͷ৴߸ؒͷ૬ؔ͘ߴڑͷྖҬؒͷ૬͍ؔ͜
ͱ͕Θ͔͍ͬͯΔ [7]ɽfMRI৴߸͕ಘΒΕΔྖҬͷͱ
ཧϞσϧ্ͷχϡʔϩϯؒͷγφϓεҰରҰʹର
Ԡ͠ͳ͍ͷͷɼ͜ΕΒͷݟͱҰக͍ͯ͠Δ͜ͱ͕Θ
͔Δɽ
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(a) r = 0 ͷͱ͖
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(b) r = 0.2(ੜཧֶతൺ)ͷͱ͖
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(c) r = 0.4 ͷͱ͖
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(d) r = 0.6 ͷͱ͖

ਤ 1 ্Ґ 10%ͷୡใྔ TRΛ༗͢Δγφϓεͷ
ୡԆ δͷ

5 ·ͱΊ
ຊൃදͰɼҟͳΔχϡʔϩϯൺͰͷχϡʔϥϧωο

τϫʔΫ্Ͱࢉग़͞Εͨγφϓεୡใྔʹ͍ͭͯɼ
্ҐͷγφϓεͷΈΛநग़͠ɼධՁΛͨͬߦɽͦͷ݁Ռɼ
γφϓεୡԆͷසੜཧֶతൺͰͳ͍
߹ʹภΓ͕ੜͨ͡ɽ͜ ΕɼfMRI৴߸Λղੳ࣮͔ͨ͠ݧ
ΒಘΒΕͨݟΛ࣋͢ࢧΔ݁Ռͱͳͬͨɽޙࠓɼχϡʔ
ϩϯϞσϧΑΓੜ͞Εͨਆ׆ܦಈσʔλ͔Β Balloon

Ϟσϧ [9][10]Λ༻͍ͯɼfMRI৴߸ʹม͠ɼχϡʔϩ
ϯൺ͝ͱͷ૬ؔؔΛൺֱ͢Δɽ
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ςϯϙϥϧωοτϫʔΫͷߏ͕ใ֦ࢄʹ༩͑ΔӨڹͷղੳ
δϣ ϩΤϯ

౦ژཧՊେֶ म࢜ 1 ࣨڀݚޱ

1 ͡Ίʹ
ۙɼෳࡶωοτϫʔΫ্Ͱͷใ֦ࢄʹؔ͢Δڀݚ
͕ΜʹߦΘΕ͍ͯΔ [1,2]ɽզʑطʹɼใ֦ࢄͷ
ཧϞσϧΛఏҊ͠ɼ੩తͳωοτϫʔΫߏ͕ใ֦ࢄʹ
༩͑ΔӨڹʹ͍ͭͯௐࠪͨ݁͠ՌΛใ͍ͯ͠ࠂΔ [3,4]ɽ
Ұํɼੈ࣮ݱքʹਓؒؔΛࢬͱ͢ΔΑ͏ͳ੩తͳ
ωοτϫʔΫ͚ͩͰͳ͘ɼਓͱਓͷίϯλΫτΛࢬͱ͢
ΔΑ͏ͳؒ࣌తʹߏ͕มԽ͢Δςϯϙϥϧωοτϫʔ
Ϋଟ͘ଘ͢ࡏΔɽͦ͜ͰຊൃදͰɼ࣮ੈքͷίϯ
λΫτσʔλ͔Β࡞ͨ͠ςϯϙϥϧωοτϫʔΫʹର
ͯ͠ɼใͷؔ৺ʹணͨ͠ใ֦ࢄϞσϧ [3]Λ
༻͍࣮ͨݧʹΑͬͯɼςϯϙϥϧωοτϫʔΫͷߏ
͕ใ֦ࢄʹ༩͑ΔӨڹʹ͍ͭͯௐࠪΛ݁ͨͬߦՌΛ
ใ͢ࠂΔɽ

2 ༻͍ͨςϯϙϥϧωοτϫʔΫ
ຊൃදͰɼϑϥϯεͷߍߴͱපӃͰ؍ଌ͞Εͨɼਓ
ಉ࢜ͷίϯλΫτͷσʔλ [5–7]Λςϯϙϥϧωοτϫʔ
Ϋʹม͠ɼ2ͭͷςϯϙϥϧωοτϫʔΫ্Ͱใ֦
ͱපӃͰͷσʔλͦΕͧߍߴɽͨͬߦΛݧͷ࣮ࢄ
Εɼ126໊ ͷ(һͱֶੜڭ) 4ؒͷର໘৮هͱ 75
໊ (ҩྍελοϑͱऀױ)ͷ 5ؒͷର໘৮هͰ͋
Δɽ·ͨɼߍߴͱපӃͰͷίϯλΫτ 20ඵ͝ͱʹ؍
ଌ͞Εɼ20ඵ͋ͨΓͷฏۉίϯλΫτͦΕͧΕ 2.09
ͱ 1.80Ͱ͋Δɽࠁ࣌ tͰ࣮ऀྗڠݧ iͱ jʹίϯλΫτ
͕ଘ͢ࡏΔ߹ɼࠁ࣌ tͰͷςϯϙϥϧωοτϫʔΫͷ
ྡྻߦ A(t)ͷ (i, j) Aij(t) = Aji(t) = 1ɼί
ϯλΫτ͕ଘ͠ࡏͳ͍߹ɼAij(t) = Aji(t) = 0ͱ
͢Δɽ

3 ใͷؔ৺ʹணͨ͠ใ֦ࢄϞσϧ
ຊൃදͰɼใͷؔ৺ʹணͨ͠ใ֦ࢄͷ
ཧϞσϧΛ༻͍࣮ͯݧΛͨͬߦɽࠁ࣌ tͰͷ i
ͷใͷؔ৺Λ xi(t)ͱ͢Δɽؔ৺ xi(t)ࣜ (1)
ʹैͬͯมԽ͢Δɽ

xi(t + 1) = gi(τ, t)xi(t)

+ αH(xi(t)− θi)
∑

j∈Gi(t)

F (xj(t)− θj) (1)

͜͜Ͱɼt∗i Λ i͕࠷ॳʹใΛड৴ͨ͠ࠁ࣌ɼτ(0 ≤
τ ≤ 1)Λใͷؔ৺ͷݮਰͱ͢Δͱɼgi(τ, t)
ɼt− t∗i ≡ 0 (mod 3600)ͷ߹ʹ gi(τ, t) = τɼͦΕ
Ҏ֎ͷ߹ʹ gi(τ, t) = 1ͱ͢Δɽैͬͯɼ iॳΊ
ͯใΛड৴͔ͯ͠Βɼ3600ඵ͝ͱʹใͷؔ৺͕
ਰ͢Δɽ·ͨɼFݮ (x)εςοϓؔɼH(x) x ≥ 0
ͷ߹H(x) = 0ɼx < 0ͷ߹H(x) = 1ͱͳΔؔͰ
͋Δɽ͞ΒʹɼGi(t)ࠁ࣌ tͰͷ iͷྡͷू
߹ɼθi iͷᮢɼαใͷӨྗڹͰ͋Δɽैͬ
ͯɼ iࣗͷᮢ θiʹୡ͢Δ·Ͱྡ͔Βͷ

ใΛड৴͠ଓ͚ɼᮢʹୡ͢ΔͱใΛૹ৴͢Δɽͳ
͓ɼ֤ͷᮢɼൣғ͕ [0, 1]Ͱฏۉ µ = 0.5ɼඪ४
ภࠩ σ = 0.2ͷஅਖ਼نͱͨ͠ɽ
4 ࣮ݧ
ࢄͱපӃͷςϯϙϥϧωοτϫʔΫ্Ͱɼใ֦ߍߴ
ͷ࣮ݧΛ͍ߦɼใͷ࠷ऴ֦ࢄ S ʹ͍ͭͯௐࠪ
ͨ͠ɽ࠷ऴ֦ࢄ Sɼޙ࠷ͷίϯλΫτ͕ऴΘΔ·Ͱ
ʹɼҰᮢʹୡͨ͠ͷશʹର͢Δׂ߹Ͱ͋
Δɽ·ͨɼ֦ࢄ։࢝ͷ݅ͱͯ͠ɼ࠷ॳʹ৮ͨ͠ 2ͭ
ͷͷ͏ͪɼҰํͷؔ৺Λ 1ʹ͢Δ͜ͱͰใΛ֦
ਰݮɽͨͤ͞ࢄ τ Λ τ = ఆ͠ɼใͷӨݻʹ0.95
ྗڹ αΛ 0.005 ≤ α ≤ 0.05ͷൣғͰมԽͤͨ͞߹ͷ
Sͷ݁ՌΛਤ 1(a)ʹࣔ͢ɽ·ͨɼα = ఆ͠ɼτݻʹ0.05
Λ 0.9 ≤ τ ≤ 1ͷൣғͰมԽͤͨ͞߹ͷ Sͷ݁ՌΛਤ
1(b)ʹࣔ͢ɽਤ 1ʹ͓͚Δ࣮ઢͱഁઢͦΕͧΕ࠷ऴ֦
Λࣔ͢ɽͳ͓ɼຊൃදͰͷ݁Ռશͱͦͷ૿Ճࢄ
ͯ 200ճͷߦࢼฏۉͰ͋Δɽ
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(a) α ͱ S ͷؔ (τ = 0.95)
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(b) τ ͱ S ͷؔ (α = 0.05)

ਤ 1: ࢄऴ֦࠷ͱපӃͷςϯϙϥϧωοτϫʔΫ্Ͱͷใͷߍߴ S

ਤ 1(a)͔ΒɼߍߴͰͷ࠷ऴ֦ࢄ S ͷ૿Ճප
ӃΑΓେ͖͍ͨΊɼߍߴͰͷ SɼපӃʹൺͯใͷ
Өྗڹ αʹ͘ڧґଘ͢Δ͜ͱ͕Θ͔ͬͨɽਤ 1(b)͔Βɼ
පӃͰͷ࠷ऴ֦ࢄ S ͷ૿ՃߍߴΑΓେ͖͍ͨ
ΊɼපӃͰͷ S ɼߍߴʹൺͯݮਰ τ ґ͘ڧʹ
ଘ͢Δ͜ͱ͕Θ͔ͬͨɽ͜ΕΒͷɼ୯Ґͨ͋ؒ࣌
ΓͷฏۉίϯλΫτ͕ɼපӃʹൺͯߍߴͷํ͕େ͖
͍ͨΊͩͱ͑ߟΒΕΔɽ
5 ·ͱΊ
ຊൃදͰɼใ֦ࢄϞσϧΛ༻͍ͯɼߍߴͱපӃͷ
ςϯϙϥϧωοτϫʔΫͷߏ͕ใ֦ࢄʹ༩͑ΔӨڹ
ʹ͍ͭͯௐࠪͨ͠ɽͦͷ݁ՌɼίϯλΫτͷؒ࣌తີ
͕େ͖͍߹ͷ࠷ऴ֦ࢄɼใͷӨྗڹʹൺֱతڧ
͘ґଘ͢Δ͜ͱ͕ࣔࠦ͞ΕͨɼҰํɼίϯλΫτͷؒ࣌
తີ͕খ͍͞߹ͷ࠷ऴ֦ࢄɼؔ৺ͷݮਰʹൺ
ֱత͘ڧґଘ͢Δ͜ͱ͕ࣔࠦ͞Εͨɽޙࠓɼ͜ͷԾઆ
Λ͢ূݕΔͨΊʹɼίϯλΫτͷؒ࣌తີΛมԽͤ͞
ͨαϩήʔτσʔλΛ༻͍ͨݕఆΛ͏ߦඞཁ͕͋Δɽ
ݙจߟࢀ
[1] D. J. Watts & S. H. Strogatz, Nature, 393, 440–442, 1998.
[2] D. Centola, Science, 329, 1194–1197, 2010.
[3] A. Tanaka et al., Proc. of NOLTA2013, 298–301, 2013.
[4] δϣ, ଞ, ৴ֶٕใ, 119, 471, 83–88, 2020.
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TSPの枝候補作成に用いる巡回路誤差率の比較
土佐真義

東京理科大学 修士 1年 池口研究室

1 はじめに
巡回セールスマン問題 (Traveling Salesman Problem，以

下 TSP)は組合せ最適化問題の 1つである．TSPは NP困難
であり，最適解に近い解を求めるアルゴリズム (以下，近似解
法)が必要とされている．
近似解法で TSPを解くにあたり，最適解に含まれていると

推測される枝 (以下，枝候補)をあらかじめ用意し，枝候補に
限定して探索を行うことで，短時間で解を見つけることがで
きる．しかし，都市数が大きな問題では枝候補を定める時間も
長くなる．このことは，近似解法だけでなく，枝候補を抽出す
るアルゴリズムも重要であることを意味する．
先行研究 [1]では，枝候補の抽出手法を提案している．高速

な巡回路生成手法であるPartial OPtimization Metaheuristic
Under Special Intensification Conditions(以下，従来手法)を
用いていくつかの巡回路を用意する．そして，各巡回路に一度
以上含まれる枝を枝候補とする．
これまでの研究で，従来手法の一部を変更した手法 (以下，

提案手法)を含む枝候補抽出手法を提案した．提案手法は都市
数の多い問題に対して枝候補の中の最適解に含まれている枝
の本数を維持しつつ，従来手法よりも枝候補に含まれる枝の
総本数を減少させた．しかし，どのような過程でこれらの枝候
補が得られたのかは明らかになっていない．そこで，枝候補の
抽出の際に用いる巡回路の誤差率について従来手法と提案手
法の比較を行う．

2 従来手法
枝候補探索の従来手法 [1]のアルゴリズムを以下に示す．

1. 問題都市集合 V から na 個の都市をランダムに選択し，代
表都市集合 V ′ とする．

2. 代表都市集合 V ′ に含まれる na 都市に対してランダムな
巡回路 Ts を生成する．

3. Lin-Kernighan-heuristic[2](以下，LK法)を用いて Ts を
最適化する．

4. 巡回路 T = Ts とする．

5. T について，v /∈ V ′ を du,v (u ∈ V ′)が最も小さくなる u
の直後に挿入する．

6. 各都市 v ∈ V ′ について，以下の作業を行う．

(a) Ts について，v の次の次に訪れる都市を w とおく．
(b) 巡回路 T において vの直前に訪れる都市から始まり

w で終わる部分巡回路を T ′ とする．
(c) 部分巡回路 T ′ の始点と終点を固定し，2-opt法を用
いて最適化する．

(d) 手順 (c) で最適化された部分巡回路 T ′ を用いて T
を更新する．

3 提案手法
従来手法では，大規模な問題を小問題に分割することで高

速な巡回路の生成を実現している．しかし，従来手法は代表都
市の個数を多く設定すると計算時間がかかり，少なく設定する
と余分な枝が多く含まれてしまう．そこで，提案手法は代表都
市数を従来手法より増やしつつ，手順 3 の代表都市の最適化
に LK法の代わりに 2-opt法を用いる．2-opt法を用いること
で，代表都市の増加に伴う計算時間の増加を抑えることがで

きる．これにより計算時間を維持しつつ余分な枝の本数を抑
えることができる．

4 数値実験
それぞれの手法について枝候補を作成し，枝候補に含まれる

枝の本数と最適解に含まれる枝の本数を調査した．具体的には，
初期解を 20個生成し，それらに含まれる全ての枝を枝候補と
する．対象とした問題は TSPLIB[3]の問題 pr2392，d15112，
pla33810，pla85900である．結果を表 1に示す．枝候補に含
まれる枝の本数が少ないほど，近似解法の計算時間を短縮す
ることができる．また，枝候補が最適解に含まれる枝を多く
含んでいるほど，最適解に近い解を得られる可能性が上がる．
表 1 から，提案手法は従来手法と比較して最適解に含まれる
辺の数は維持されているものの，都市数の大きい問題につい
て枝の総本数を削減できていることがわかる．このことから，
都市数の多い問題に対して提案手法は最適解に含まれない余
分な枝を適切に取り除いていることがわかる．

表 1 枝候補の性能の評価

問題 都市数
枝候補の総本数 最適解の枝本数
従来手法 提案手法 従来手法 提案手法

pr2392 2,392 7,831 9,096 2,388 2,385

d15112 15,112 59,038 63,450 15,038 15,087

pla33810 33,810 146,022 133,363 33,748 33,717

pla85900 85,900 446,016 346,183 85,807 85,770

次に，従来手法と提案手法において，枝候補の作成に用
いた巡回路を単体で見た際の誤差率を比較した．誤差率は
(巡回路長)−(最適解の巡回路長)

(最適解の巡回路長)
で定義される．巡回路の誤差率の平均

値を表 2 に示す．全ての問題において，従来手法が提案手法
より平均誤差率が低いことがわかる．そのため，枝候補の抽出
において必ずしも誤差率の低い巡回路を作成する必要はない
ことがわかった．

表 2 各手法の巡回路誤差率の平均値 (単位: %)

問題 従来手法 提案手法
pr2392 21.7368 24.4435

d15112 21.0794 28.5610

pla33810 34.8559 46.8461

pla85900 43.3363 57.2635

5 まとめ
提案手法を用いた枝候補抽出手法は従来手法のそれと比較

して，枝候補に含まれる枝の本数を削減しつつ最適解に含ま
れる枝を維持できる．本発表では，その原因を調査するために
枝候補の作成に用いる巡回路を単体で確認した際の誤差率を
算出した．その結果，巡回路の誤差率は枝候補の枝の本数の削
減には直接的に影響していないことがわかった．

参考文献
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of Operational Research, 272, 2, 420–429, 2019.

[2] Lin, Shen and Kernighan, Brian W, Operations re-
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[3] G. Reinelt, ORSA Journal on Computing, 3, 4, 376–
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୯ޠͷ༻ස͕ޠݴωοτϫʔΫͷߏతಛʹ༩͑ΔӨڹ
ᚸ؛ ฏف

౦ژཧՊେֶ म࢜ 1 ࣨڀݚޱ

1 ͡Ίʹ

զʑɼෳࡶωοτϫʔΫͷ؍͔ΒޠݴղੳΛ͏ߦ
͜ͱͰɼҟͳΔޠݴͰهड़͞Εͨจॻ͔ΒಘΒΕΔޠݴ
ωοτϫʔΫͷߏతಛ͕ɼ֤ޠݴͰҟͳΔ͜ͱΛࣔ
͖ͯͨ͠ [1, 2]. ͔͠͠ɼจॻΛωοτϫʔΫʹม͠
తߏɼจॻͷͲͷΑ͏ͳಛ͕ωοτϫʔΫͷʹࡍͨ
ಛʹӨ͍ͯ͠ڹΔ͔ௐ͍ࠪͯ͠ͳ͍.

ຊൃදͰɼจॻͷಛͷ 1ͭͱ͑ߟΒΕΔ୯ޠͷ
༻සͱωοτϫʔΫߏͷఆྔԽࢦඪͱͷؔੑʹͭ
͍ͯௐࠪͨ͠ɽ݁Ռͱͯ͠ɼޠݴͷछྨʹؔΘΒͣ୯ޠ
ͷ༻ස͕ωοτϫʔΫͷߏతಛʹӨ͍ͯ͠ڹΔ
͜ͱɼ୯ޠͷ༻සҎ֎ʹωοτϫʔΫͷߏతಛ
ʹӨ͢ڹΔจॻͷಛ͕ଘ͢ࡏΔ͜ͱ͕ࣔࠦ͞Εͨɽ

2 σʔλ༺

ຊൃදͰɼ৽ॻͷϚλΠʹΑΔԻॻ [4]–[9]Λ
ղੳରͱ͠ɼ༁όʔδϣϯΛؚΊͨ 14छྨͷςΩ
ετσʔλΛ༻ͨ͠. ·ͨɼղੳରޠݴͱͯ͠ɼҹɾ
Ԥޠʹྨ͞ΕΔޠرɼཏޠɼӳޠɼಠޠɼޠɼ࿐
ʹྨ͞Εޠɼӊ፮ޠʹྨ͞ΕΔຊޠɼຊޠ
Δᢹޠɼࢧಹɾଂޠʹྨ͞ΕΔதޠࠃΛ༻͍ͨɽ

3 ख๏࡞ωοτϫʔΫޠݴ

·ͣɼܗଶૉղੳʹΑΓจষΛ୯ޠͷܕݪ ʹ(ଶૉܗ)
ղ͠ɼͦͷࢺΛٻΊΔ. ͜͜Ͱɼܗଶૉղੳπʔϧ
ͱͯ͠ຊޠmecab[10]Λɼଞޠݴ tree-tagger[11]
Λ༻ͨ͠. ͷΛࢺͱͦͷܕݪͷޠɼ୯ʹ࣍ 1ͭͷ
ͱ͠ɼจষதͰྡ͢Δ߹ʹؒΛࢬͰ݁Ϳ͜
ͱͰɼॏΈແ͠ແωοτϫʔΫΛ࡞ͨ͠. ͦͷࡍɼ
୯ޠͷॏෳɼ୯ؒޠͷͭͳ͕ΓͷॏෳೝΊͣɼ۟ಡɼ
۟ಡɼه߸Λআ͍ͨ. ͳ͓ɼ1ͭͷจষ͔Βඇ࿈݁
ͳωοτϫʔΫ͕ಘΒΕͨ߹ɼ࠷େ෦άϥϑΛ༻
͍ͨ.

4 ݧ࣮

ຊൃදͰɼ୯ޠͷ༻සͱ 4छྨͷωοτϫʔΫ
·Λௐࠪͨ͠ɽ۩ମతʹੑඪͱͷؔࢦͷఆྔԽߏ
ͣɼ֤ޠݴͰͷςΩετσʔλͷ୯ޠͷ༻සΛࢉग़
͢Δɽ࣍ʹɼ֤ޠݴͷςΩετσʔλ͔Β࡞ͨ͠ 14
छྨͷޠݴωοτϫʔΫʹରͯ͠ɼ࣍த৺ੑ [12]ɼۙ
த৺ੑ [13]ɼഔհத৺ੑ [12]ɼΫϥελ [14]Λࢉ
ग़͢Δɽޙ࠷ʹɼ୯ޠͷ༻සͱ֤ࢦඪͷ૬ؔΛ
ߏස͕ωοτϫʔΫͷ༺ͷޠग़͢Δ͜ͱͰɼ୯ࢉ
తಛʹӨڹΛ༩͍͑ͯΔͷ͔Λௐࠪͨ͠ɽ

5 ݁Ռ

୯ޠͷ༻සͱ࣍த৺ੑɼۙத৺ੑɼഔհத৺
ੑɼΫϥελͷ૬ؔΛਤ 1ʹࣔ͢ɽͳ͓ɼਤ 1ͷԣ
࣠ޠݴͷछྨΛɼॎ࣠૬ؔΛද͍ͯ͠Δɽ

ਤ 1 ඪͷ૬ؔࢦසͱ֤༺ͷޠͷ୯ޠݴ֤

ਤ 1 ΛݟΔͱɼ୯ޠͷ༻සͱ࣍த৺ੑͷ૬ؔ
͕ඇৗʹ͍͜ߴͱ͕Θ͔Δɽ͜ͷ݁Ռ͔ΒɼจॻͰ୯
࣍ΕΔຖʹωοτϫʔΫͰରԠ͢Δͷ͞༺͕ޠ
͕૿Ճ͠ɼωοτϫʔΫͷߏతಛʹӨڹΛ༩͑ͯ
͍Δ͜ͱ͕͑ߟΒΕΔɽ·ͨɼ୯ޠͷ༻සͱഔհத
৺ੑ૬͕ؔඇৗʹ͍͜ߴͱ͕Θ͔Δɽ͜ͷ݁Ռ͔Βɼ
จॻͰଟ͘༻͞ΕΔ୯ޠɼωοτϫʔΫͷଞ
ͷഔհͱͯ͠ॏཁͳׂΛՌͨ͢ͱ͍͏ҙຯͰɼ
ωοτϫʔΫͷߏతಛʹӨڹΛ༩͍͑ͯΔ͜ͱ͕ߟ
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マスクの着用が生体信号に与える影響の調査
岡安高輝

東京理科大学 学部 4 年 池口研究室

1 はじめに
現在，COVID-19 の感染症対策として外出時にはマス
クを着用することが推奨されている [1]．本研究では，マ
スクの着用の有無が生体信号にどのような影響を与えるの
かを明らかにすることを目的とする．そこで我々は心臓血
管系の関連情報を持つ photoplethysmogram（以下 PPG）
データ [2]を使用して調査する．また，マスクを着用せず
に安静にした状態で測定された PPGデータはカオスダイ
ナミクスに起因して生じていると強く示唆されている [3]．
本稿では，マスクを着用する状態と着用しない状態での
PPGデータを実際に計測し，比較した結果を報告する．
2 PPGデータ

PPGデータは末梢血管の血流量の変化を表した時系列
データである．PPGデータを計測する様子は図 1の通り
で，指の一方から LEDを投光し相対する受光素子により
透過光を測定することによって非侵襲に得られる．本実験
では，マスクの着用の有無を対照実験の条件として，室温
26◦Cの静かな室内にてリラックスした状態で 1回 3分間
のデータを 1人あたり 3回計測した．計測機器のサンプ
リングレートは 409.6[Hz]である．計測した PPGデータ
は，マスクの着用なしが 2人，マスクの着用ありが 4人の
計 18回分である．

図 1 PPGデータを計測する様子

3 アトラクタの再構成
アトラクタの再構成を行うことでデータの特徴を定性的
に捉えることができる．1変数の時系列データから高次元
空間のアトラクタを再構成するために，時間遅れ座標系へ
の変換を行う．この変換は，1変数の時系列データを y (t)，
時間遅れの大きさを τ としてm次元の再構成状態空間にお
いて，m次元ベクトル式 (1)を構成する [4]．次元はm = 3
として，τ にはフーリエ変換して得られたスペクトラムの
主要な周波数の周期を 4で割った値を採用する [5]．

v (t) = (y (t) , y (t + τ) , . . . , y (t + (m − 1)τ)) (1)

4 結果
計測した PPGデータのうち，マスクの着用の有無が異
なる PPGデータの調査を行った結果の一例を示す．時系
列波形の一部を図 2に示す．また PPGデータをフーリエ
変換して得られたスペクトラムを図 3に示す．基本統計量
や図 3により得られた τ は表 1に示す．
表 1 PPGデータの基本統計量と τ を計算した結果

データ数
[ステップ]

平均値 標準偏差
主要な周波数

[Hz]
τ [s]

τ

[ステップ]

マスクなし 75,683 0.78233 0.02466 1.367
1

4 × 1.272
81

マスクあり 77,009 0.77055 0.02461 1.272
1

4 × 1.367
75

さらに PPGデータを時間遅れ座標系へ変換してアトラ
クタの再構成を行った結果を図 4に示す．ただし，見やす
いようデータ数は 10, 000としている．図 4から，マスク
の有無に関わらず生成されたアトラクタはストレンジアト
ラクタであることが確認できたが，マスクの着用の有無に
よる違いは，定性的には捉えられなかった．

(a)マスクなし (b)マスクあり
図 2 時系列波形の例

(a)マスクなし (b)マスクあり
図 3 フーリエ変換で得られたスペクトラムの例

(a)マスクなし (b)マスクあり
図 4 再構成したアトラクタの例

5 まとめ
本稿では，リラックスした状態でマスクを着用する場合
としない場合について PPGデータを計測してアトラクタ
の再構成を行った．マスクの着用の有無いずれの場合もス
トレンジアトラクタを描けたが，定性的な違いはなかった．
今後は，他の条件下での PPGデータの計測を行う．加え
て，リアプノフ指数，非線形決定論的予測，ポアンカレ写
像，Wayland テスト，サロゲート法 [3]等の非線形時系列
解析手法を PPGデータに適用して，マスクの着用の有無
が生体信号にどのような影響を与えるのかを定量的に明ら
かにする．
参考文献
[1] 新型コロナウイルス感染症対策専門家会議, “新型コロナ
ウイルス感染症対策の状況分析・提言（2020 年 5 月 4
日）,” https://www.mhlw.go.jp/content/10900000/00062
9000.pdf, (Accessed on 09/28/2020).

[2] J. Allen, “Photoplethysmography and its application in
clinical physiological measurement,” Physiological Mea-
surement, Vol. 28, No. 3, pp. R1–R39, feb 2007.

[3] N. Sviridova et al., “Human photoplethysmogram: new
insight into chaotic characteristics,” Chaos, Solitons &
Fractals, Vol. 77, pp. 53–63, 2015.

[4] 池口 徹 他, “カオス時系列解析の基礎と応用,” 合原 一幸 編,
産業図書, 2000.

[5] K. Sakai, “Nonlinear Dynamics and Chaos in Agricultural
Systems,” Developments in Agricultural Engineering. El-
sevier Science, 2001.
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決定論的非線形力学系から生成するマーク付点過程と力学系の特徴保存についての調査
田所知也

東京理科大学 学部 4年 池口研究室
1 はじめにマーク付点過程を生成する手法として，観測時系列の極大値を抽出する手法がある．しかし，極大値抽出によって生成したマーク付点過程が元の時系列及び力学系の特徴をどの程度保存出来ているかについては詳細な調査が行われていない．そこで，本発表ではローレンツ方程式のパラメータを変化させた際に，極大値抽出により生成したマーク付点過程が元の力学系の特徴を保存出来ているかをリカレンスプロットの定量化指標 DETと Lmaxを用いて評価した．
2 リカレンスプロット
2.1 定義リカレンスプロット（RP）とは非線形時系列に対する解析手法の一つである．具体的には，状態空間内の 2点間距離が閾値 θより小さければ点をプロットし，そうでなければプロットしないという処理を行い，データの特徴を視覚化する方法である．i番目の状態ベクトルを
Xiとし，i番目，j番目の状態ベクトル間のユークリッド距離を d(Xi, Xj)と表すと，RPの (i, j)成分 R(i, j)は式 (1)のように定義される [1]．

R(i, j) =

{
1, if(d(Xi, Xj) < θ)

0, otherwise
(1)

2.2 定量化指標
RPの点のパターンを定量化する指標として，プロットの斜め線を用いたDETとLmaxがある．本発表では，この 2つの指標により力学系の特徴を評価する．まず，斜め線の長さが lの集合をD(l)とすると，斜め線をなす点の割合DETはDET=

∑
l≥2

|D(l)|/ ∑
l≥1

l|D(l)|である．次に，
RPの斜め線の最大長LmaxはLmax = max{l|D(l) ̸= φ}である．ここで，φは空集合を表す [2]．
3 数値実験ローレンツ方程式 [3]のパラメータ rを刻み幅 1ずつ
0 ≤ r ≤ 400の範囲で変化させ，得られた解から RPを作成し，定量化指標 DETと Lmax を求めた．解を求める際にはルンゲ＝クッタ法を用い，刻み幅は 0.01とし
た．パラメータ σ, bはそれぞれ σ = 10, b =

8

3
，用いた

データ数は n = 5000とし，t = 1000までを過渡状態として除いて計算した．DETと Lmax は，ローレンツ方程式の各変数の時系列に対して，遅延座標系 [4]による再構成状態空間からRPを作成して求めた．その際，遅れ時間を τ = 10，再構成次元をm = 10とした．また，ローレンツ方程式の各変数の時系列から極大値を抽出して得たマーク付点過程のマーク時系列，イベント間隔時

系列，及びその両方に対して遅延座標系による再構成状態空間からRPを作成し，DETと Lmaxを求めた．図 1に各変数の時系列とマーク付点過程から得られた DETと 1
Lmax

を示す．

(a) DET（第 1 変数） (b) DET（第 2 変数）

(c) DET（第 3 変数） (d) 1
Lmax

（第 1 変数）

(e) 1
Lmax

（第 2 変数） (f) 1
Lmax

（第 3 変数）
図 1: ローレンツ方程式のパラメータ rとDET， 1

Lmax
の関係

ローレンツ方程式のパラメータ rについては様々な調査がされており，例えば 24.06 < r < 313ではストレンジアトラクタとなることが知られている．実際，図 1(d),

(e), (f)を見ると 25 ≤ r ≤ 215で 1
Lmax

が大きくなっている．また，r = 150付近及び r > 214.4では周期的な振る舞いをすることが知られており，r = 150付近及び
r > 215では 1

Lmax
が小さくなっている．しかし，DETからは元の力学系の特徴を確認できなかった

4 まとめ本発表では，観測時系列の極大値抽出により生成したマーク付点過程が元の力学系の特徴を保存できているかを調査した．具体的には，ローレンツ方程式のパラメータ rを変化させた際に RPの定量化指標である DETと
Lmax が元の力学系に追従するかを評価した．結果として，定量化指標 Lmaxでは元の力学系の特徴が確認できた．先行研究により，ローレンツ方程式のパラメータ rの変化による力学系の変化が確認されており，今後は既知のパラメータ設定の周辺における調査をより細かい刻み幅で行いたい．
参考文献
[1] J.-P. Eckmann et al., EPL, 4, 9, 973–977, 1987.

[2] 平田祥人, 数理解析研究所備講究録, 1768, 150–162, 2011.

[3] E. N. Lorenz, Journal of Atmospheric Sciences, 20, 130–
141,1963.

[4] F. Taknes, Lecture Notes in Mathmatics, 366–381, 1981.
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感染症数理モデルを用いた「感染者隔離」の定量的評価
真鍋歩未

東京理科大学 学部 4年 池口研究室

1 はじめに
昨今における，COVID-19の世界的な大流行は，感染
力が強く，無症状者が存在することによる無意識的な感
染拡大が一つの要因だと考えられている．ウイルスに対
するワクチン開発に時間がかかる中，感染拡大を防止す
るために，海外渡航の制限や，感染者の隔離などの対策
がとられている．しかし，その中でも感染者の隔離がど
の程度感染拡大を防止できるのかは十分に調査されてい
ない．そこで，各頂点の周囲の感染状況によって回復確
率が定められる r-SISモデル [1]に，隔離感染者を考慮
したモデルを提案し，感染伝播の数値実験を行う．感染
者の隔離の有無が最終感染率に与える影響を調査した．

2 r-SIARモデル
SIRモデルなどの一般的な感染症伝播モデルは感染者
数のダイナミクスを表すモデルであるが，本発表では，
ネットワークの各頂点に状態遷移を表すダイナミクスを
与えるモデルを使用した．具体的には，回復確率 µが各
頂点が周囲の感染状況によって定められる r-SISモデル
[1]を，回復者クラス及び隔離感染者クラスを加えるよ
う r-SIARモデルへ拡張した．xi(t)は時刻 tにおける状
態値であり，xi(t) = 0, 1, 2, 3でそれぞれ Sクラス，I
クラス，Aクラス，Rクラスであることを表す．各頂点
の状態遷移のダイナミクスを式 (1)，状態遷移図を図 1
に示す．

xi(t + 1) =

⎧
⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

xi(t)+

G(1 − (1 − β)|li(t)|)(G(1 − δ) + 1) (xi(t) = 0)

xi(t) + 2H(t − Ti − u) (xi(t) = 1)

xi(t) + G(µi(t)) (xi(t) = 2)

xi(t) (xi(t) = 3)

(1)

ただし，Tiは頂点 iがネットワークから隔離された時刻を
表し，関数G(p)は確率pで 1,確率1−pで 0をとり，関数
H(x)は x ≥ 0のとき 1，x < 0のとき 0をとる階段関数
とする．時刻 tにおける隣接行列の (i, j)成分をAi,j(t)と
すると，li(t) = {j|xi(t) = 0, Ai,j(t)xj(t) = 2}と定義す
る．未感染者Sクラスの頂点 iは感染確率 1−(1−β)|li(t)|

によって感染者クラスへ遷移する．また，回復確率 µi(t)

は，隣接頂点の感染状況，リソース配分戦略によって定
められる [1]．確率 δで Iクラスに遷移すると，頂点 iは
ネットワークから枝を外す．さらに，時刻 uが経過する
と，Rクラスへ遷移しネットワークに復帰する．

図 1 r-SIARモデルの状態遷移図

3 数値実験
頂点数N = 5000, 最小次数 kmin = 3であるべき指数

γ = 2.4の次数分布に従うUCM(Uncorrelated Configu-

ration Model)[2]を使用して，感染者隔離の有無と，感
染確率 β，最終感染率 ρの関係を調査した．最終感染率
ρは Iクラス，Aクラス，Rクラスの頂点が全頂点に占
める割合を示す．r-SISモデル [1]と，r-SIARモデルの
隔離確率 δ = 0及び 0.39において感染確率 β と最終感
染率 ρを調査した結果を図 2に示す．回復者クラスが存
在することや，感染者の隔離を行うことで最終感染率 ρ

を抑制できている．また，感染確率 β と最終感染率 ρ，
隔離確率 δの関係を調査した結果を図 3に示す．感染確
率 β ≥ 0.3では感染者を 5割以上隔離しないかぎり，最
終感染率は 8割を超えた．したがって，ネットワークの
構造や，感染力の強さによっては感染者の隔離という策
があまり効果的でないことが考えられる．
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図 3 β と δ, ρの関係

4 まとめ
本発表では，確率的な感染症伝播モデルを用いて，感
染者隔離のネットワーク上の感染拡大防止への有効性を
定量的に評価した．具体的には，r-SISモデル [1]に，隔
離感染者クラス，回復者クラスを追加した r-SIARモデ
ルを提案し，感染確率，隔離確率と最終感染率の関係を
調査した．結果として，感染力が高い感染症である場合
は，感染者を 5割以上隔離しなければ，感染症は 8割ほ
ど拡散してしまうことがわかった．よって，ネットワー
クの構造，感染力の強さにより感染者の隔離は効果的
でないことを示唆した．今後は，感染者の隔離の有無と
ネットワークの構造的特徴の関連性の調査が必要である．
また，COVID-19により適応したモデル化のために，再
感染の起きうる感染症モデルや，隣接頂点だけでなく濃
厚接触者という概念を含んだ感染症モデルの構築も検討
する．

参考文献
[1] Chen et al, Chaos: An Interdised. J. of Nonlinear

Sci., 28(12), 123105, 2018.

[2] Catanzaro et al, PRE, 71(2), 027103, 2005.
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ΑΔจষͷ͕ࠩখ͍͜͞ͱɼ࣌എܠΛө͍ͯ͠Δ͜
ͱͳͲͷಛΛͭ࣋౦ژே৽ฉΛ༻ͨ͠ɽ

3 ωοτϫʔΫͷ࡞ख๏
ຊڀݚͰ୯ޠͷىڞʹ͠ɼޠݴωοτϫʔΫΛ
ଶૉղੳπʔϧͰ͋Δܗͣ·ͨ͠ɽ۩ମతʹɼ࡞
mecab[3]Λ༻͍ͯɼจষΛ୯ޠͷܕݪʹղ͠ɼͦͷ
ΛҰͭͷࢺͱܕݪͷޠಘΒΕͨ୯ʹ࣍ΛಘΔɽࢺ
ͱͯ͠ѻ͍ɼจষதͰྡ͢Δ߹ʹࢬΛ༩͠ॏΈແ
͠ͷແωοτϫʔΫΛ࡞ͨ͠ɽͦͷࡍ୯ޠͷॏෳ
ೝΊͣɼ۟ಡͷه߸আͨ͠ɽ·ͨɼҰͭͷจষ
͔ΒෳͷωοτϫʔΫ͕ಘΒΕͨ߹ɼ࠷େ෦ά
ϥϑͷΈΛ࠾༻͢Δ͜ͱͱͨ͠ɽ

4 खॱݧ࣮
ෳࡶωοτϫʔΫͷ؍͔Β࣌มભʹ͏จষߏ
ͷมԽΛௐࠪ͢ΔͨΊɼ࣌͝ͱʹจষͷωοτϫʔ
ΫߏΛൺֱͨ͠ɽ۩ମతʹɼ৽ฉࣄهΛޠݴωοτ
ϫʔΫʹม͠ɼಘΒΕͨωοτϫʔΫͷಛྔͰ͋Δ
ڑؒۉɼฏ࣍ [4]ɼΫϥελ [4]Λࢉܭ
ͨ͠ɽͦͷࡍɼಘΒΕͨωοτϫʔΫΛϥϯμϚΠζ͠
ͨωοτϫʔΫͷΫϥελͱฏۉؒڑΛ༻͍
ͯਖ਼نԽॲཧΛͨͬߦɽҟͳΔ࣌ͷ৽ฉ͔ࣄهΒಘΒ
ΕͨωοτϫʔΫͷಛྔͷൺֱΛ͢Δ͜ͱͰɼ࣌ม
ભʹ͏จষߏͷมԽͷʹ͍ͭͯௐࠪͨ͠ɽ

5 Ռ݁ݧ࣮
1912͔Β 1942ͷ৽ฉ͔ࣄهΒಘΒΕͨޠݴωο
τϫʔΫͷ࣍Λ݁ͨ͠ࢉܭՌΛਤ 1ʹࣔ͢ɽ·ͨɼ
1912͔Β 1943ͷ৽ฉ͔ࣄهΒಘΒΕͨޠݴωοτ
ϫʔΫͷฏۉؒڑΛਤ 2ɼΫϥελΛਤ 3ʹ
ࣔ͢ɽਤ 1͔Βɼঃʑʹ্͕࣍ʹભҠ͍ͯ͠ΔΑ
Δ͕ɼ1912͑ݟʹ͏ 114݅ɼ1922 241݅ɼ1932

 109݅ɼ1942 32݅ͷ৽ฉ͍࣍ͯͭʹࣄه
Λ·ͱΊͨͷͰ͋ΔͨΊɼࣄه͕࣍ʹӨڹ

͍ͯ͠ΔՄੑ͕͋Δͱ͑ߟΒΕΔɽ·ͨɼਤ 2ͱਤ 3

͔ΒฏۉؒڑͱΫϥελؒͰ͕ࠩଘࡏ
͢Δ͜ͱ͕Θ͔Δ͕ɼ࣌มભʹ͏ͷมԽݟ͕
ΒΕͳ͍݁Ռͱͳͬͨɽ

10-5

10-4

10-3

10-2

100 101 102

p
(k
)

k

1912
1922
1932
1942

ਤ 1 ࣍

	1.01

	1.015

	1.02

	1.025

	1.03

	1.035

	1.04

	1.045

	1.05

	1.055

	1910 	1915 	1920 	1925 	1930 	1935 	1940 	1945

a
v
e
ra
g
e
	p
a
th
	l
e
n
g
th

year

ਤ 2 ฏۉؒڑ

	0.65

	0.7

	0.75

	0.8

	0.85

	0.9

	0.95

	1

	1.05

	1910 	1915 	1920 	1925 	1930 	1935 	1940 	1945

C
lu
s
te
ri
n
g
	C
o
e
ff
ic
ie
n
t

year

ਤ 3 Ϋϥελ

6 ·ͱΊ
ຊڀݚͰɼ࣌มભʹΑΔจষߏͷมԽΛௐࠪ͢
ΔͨΊʹɼҟͳΔ࣌ͷ৽ฉࣄهΛωοτϫʔΫʹม
͠ɼಛྔΛ͢ࢉܭΔ͜ͱͰ࣌ؒͷൺֱΛͨͬߦɽͦ
ͷ݁ՌɼಛྔؒͰ͕͕ࠩ͋ͬͨɼ࣌มભʹ
͏จষߏͷมԽͷݟΒΕͳ͔ͬͨɽݪҼͱͯ͠ɼ
৽ฉͷࣄهͷจষྔ͕શମతʹগͳ͍͜ͱɼ͝ࣄهͱͷ
จষྔʹ͕ࠩ͋Δ͜ͱ͕͑ߟΒΕΔɽͦͷͨΊɼޙࠓͷ
՝ͱͯ͠ɼಛྔΛ͝ࢺͱʹ࣌͠ࢉܭؒͷൺֱΛ
ΒΕΔɽ͛ڍ͢͜ͱͳͲ͕૿ʹߋΛࣄهͱɼ͜͏ߦ

ݙจߟࢀ
[1] Y. Shimada, et al., EPL, 127, 5, 56003, 2019.

[2] http://www.lib.kobe-u.ac.jp/sinbun/ (2020-09-25Ӿཡ)

[3] https://taku910.github.io/mecab/ (2020-09-25 Ӿཡ)

[4] D. J. Watts, et al., Nature, 393, 6684, 440–442, 1998.
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ϒʔτετϥοϓϦαϯϓϦϯά๏ʹΑΔྻܥ࣌σʔλͷ༧ଌ
େૣل

౦ژཧՊେֶ ֶ෦ 4 ࣨڀݚޱ

1 ͡Ίʹ
ԹͷσʔλͳͲͷ༷ʑؾՁͷσʔλɼגքʹੈ࣮ݱ
ͳྻܥ࣌σʔλ͕ଘ͍ͯ͠ࡏΔɽ͜ΕΒͷྻܥ࣌σʔλ
ͷେඇઢܗͳಈ͖Λ͓ͯ͠Γɼͷ༧ଌΛ͜͏ߦ
ͱ͕͍͠ɽ͜ͷΑ͏ͳඇઢྻܥ࣌ܗʹରͯ͠ɼ༧ଌΛ
ڀݚߦΒઌݪख๏͕͍͔ͭ͘ఏҊ͞Ε͍ͯΔɽ͏ߦ
[1]Ͱ༧ଌख๏ͱͯ͠ϒʔτετϥοϓϦαϯϓϦ
ϯά๏ (ҎԼɼϒʔτετϥοϓ๏)ΛఏҊ͠ɼాࣸ૾
ʹରͯ͠༧ଌΛ݁ͨͬߦՌΛใ͍ͯ͠ࠂΔɽϒʔτ
ετϥοϓ๏ैདྷͷख๏ΑΓɼϊΠζͷ͋Δྻܥ࣌
ʹରͯ͠ਫ਼ͷ͍ߴ༧ଌΛ͜͏ߦͱ͕Ͱ͖Δɽຊൃ
දͰɼϒʔτετϥοϓ๏ͷ༧ଌਫ਼ΛධՁ͢ΔͨΊɼ
Τϊϯࣸ૾Λ༻͍ͯैདྷͷ༧ଌ๏ͱͷൺֱΛ͏ߦɽ۩ମ
తʹɼ༧ଌεςοϓΛมԽͤͨ͞߹ͷ࣮σʔλͱ
༧ଌσʔλͱͷࠩޡΛಋग़͢Δ͜ͱʹΑͬͯɼैདྷͷ༧
ଌख๏ͱϒʔτετϥοϓ๏ͷ༧ଌਫ਼ͷൺֱΛ͏ߦɽ

2 ैདྷͷ༧ଌख๏
ຊൃදͰɼैདྷͷ༧ଌख๏ͱͯ͠ɼϩʔϨϯπͷྨ
ਪ๏ [2]ɼՃॏฏۉ༧ଌ๏ [3]ɼෛͷࢦΛ༻͍ͨՃॏฏ
ਪఆ๏ྻߦ༧ଌ๏ɼϠίϏۉ [4]ͷ 4ͭͷ༧ଌख๏Λ༻
͍Δɽ

3 ϒʔτετϥοϓ๏
ΞτϥΫλ্ͷҰΛ v(t)ɼ༧ଌ͢ΔΛ v̂(t+1)ͱ
͢Δɽͦͷͱ͖ɼϒʔτετϥοϓ๏ʹΑΔϠίϏྻߦ
ͷਪఆͷखॱҎԼͷΑ͏ʹࣔͤΔɽ
1. ֶशσʔλʹ͓͚ΔϠίϏྻߦG(t)Λਪఆ͓ͯ͘͠ɽ

2. v(t)ͷۙΛM Δɽ͜͜ͰM͢ࡧ୳ݸ = 5ͱ
͢Δɽ

3. ୳ۙͨ͠ࡧͷใΛ B ճϦαϯϓϦϯά͢Δɽ
͢ͳΘͪɼͲͷۙΛ༻͍ͯϠίϏྻߦΛਪఆ͢
Δ͔ΛϥϯμϜʹબͼͳ͓͠ɼB ΛྻߦͷϠίϏݸ
ΊΔɽͳ͓ɼ͜͜Ͱٻ B = 200ͱ͢Δɽ

4. Ίͨٻ B ΛͱΔɽۉΛਪఆ͠ɼฏྻߦͷϠίϏݸ

4 σʔλ༺
ΧΦεతͳৼΔ͍Λྻܥ࣌͏ߦσʔλͱͯ͠ɼΤϊ
ϯࣸ૾Λ༻ͨ͠ɽΤϊϯࣸ૾Λࣜ (1)ɼࣜ (2)ʹࣔ͢ɽ

x(t + 1) = 1 − ax2(t) + y(t) (1)

y(t + 1) = bx(t) (2)

ຊൃදͰϊΠζͳ͠ͷྻܥ࣌σʔλͱͯ͠ύϥϝʔλ
aɼb Λ a = 1.4ɼb = 0.3 ͱͨ͠Τϊϯࣸ૾Λ༻͍ͨɽ
·ͨɼϊΠζ͖ͷྻܥ࣌σʔλͱͯ͠ɼύϥϝʔλΛ
a = 1.25ɼb = 0.3ͱ͠ɼม xɼyʹ [−0.1, 0.1]ͷϥϯ
μϜϊΠζΛ༩ͨ͠Τϊϯࣸ૾Λ༻͍ͨɽ

5 ࣮ݧ
֤༧ଌख๏Λ༻͍ͯΤϊϯࣸ૾ͷ༧ଌΛ͍ߦɼ༧
ଌεςοϓ sΛมԽͤͨ͞߹ͷࠩޡΛൺֱͨ͠ɽޡ
ࠩೋฏۉฏํࠜࠩޡ E Λ༻͍ͨɽࣜ (3)ʹࣔ͢ɽ

E =

√
⟨(x(t) − x̂(t))2⟩

σ2
(3)

͜͜Ͱɼx(t)ɼx̂(t)ͦΕͧΕྻܥ࣌σʔλͷ࣮σʔλ
ͱ༧ଌσʔλͰ͋Γɼσ ࣮σʔλͷඪ४ภࠩͰ͋Δɽ
ϊΠζͳ͠ͱϊΠζ͖ͷ߹ͷΤϊϯࣸ૾ͷ༧ଌ
Λ݁ͨͬߦՌΛਤ 1ʹࣔ͢ɽ

(a) ϊΠζͳ͠ (b) ϊΠζ͖

ਤ 1: ༧ଌεςοϓΛมԽͤͨ͞ͱ͖ͷΤϊϯࣸ૾ͷ༧
ଌࠩޡ E

ྨਪ๏ɼՃॏฏۉ༧ଌɼෛͷՃॏฏۉ༧ଌɼϠίϏ
େ͖͍ͷ͕͕ࠩޡਪఆ๏ͱϒʔτετϥοϓ๏ΑΓྻߦ
͔ͬͨɽਤ 1(a)ʹ͓͍ͯɼ༧ଌεςοϓ s͕େ͖
͘ͳΔʹͭΕͯࠩޡ E ͷ͕େ͖͘ͳΔ͜ͱ͕͔ͬ
ͨɽͦΕʹରͯ͠ɼਤ 1(b)Ͱࠩޡ E ʹ͋·ΓมԽ͕
ΒΕͳ͔ͬͨɽ͜ΕΒͷ݁Ռ͔Βɼϒʔτετϥοϓݟ
๏ͱैདྷͷϠίϏྻߦਪఆ๏ͷਫ਼ͷࠩʹ͋·Γେ͖ͳ
ҧ͍͕ͳ͍͜ͱ͕͔ͬͨɽϠίϏྻߦͷਪఆۙ
M ͱϦαϯϓϦϯάBͷ͕Ө͢ڹΔͨΊɼࠩޡ
Λখ͘͢͞Δ݅Λຬͨ͢దͳΛઃఆͰ͖͍ͯͳ͍
ͱ͑ߟΒΕΔɽ

6 ·ͱΊ
ຊൃදͰɼϒʔτετϥοϓ๏ͷ༗༻ੑΛࣔͨ͢Ίɼ
Τϊϯࣸ૾Λ༻͍ͯैདྷͷ༧ଌख๏ͱͷൺֱΛͨͬߦɽ
ͦͷ݁Ռɼϒʔτετϥοϓ๏ʹΑΔϠίϏྻߦਪఆͷ
ਫ਼ͷ͞ߴΛ໌֬ʹ֬ೝ͢Δ͜ͱ͕Ͱ͖ͳ͔ͬͨɽޙࠓ
ͷ՝ͱͯ͠ɼࠩޡΛখ͘͢͞ΔͨΊɼۙM ɼ
ϦαϯϓϦϯάճ B ΛมԽͤͨ͞ͱ͖ͷࠩޡΛௐࠪ
͠ɼϠίϏྻߦΛਖ਼֬ʹਪఆ͢Δ͜ͱ͕ඞཁͰ͋Δɽ

ݙจߟࢀ
[1] D. Haraki et al., Phys., 75, 5, 056212, 2007.

[2] E. N. Lorenz, J.Atmos. Sci., 26, 4, 636–646, 1967.

[3] T. Ikeguchi and K. Aihara, Phys., 55, 3, 2530, 1997.

[4] Eckmann, et al., Phys., 34, 6, 4971, 1986.
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εϖΫτϧάϥϑڑΛ༻͍ͨWSϞσϧͷߏͷղੳ
ᖒాً

౦ژཧՊେֶ ֶ෦ 4 ࣨڀݚޱ

1 ͡Ίʹ
ෳࡶωοτϫʔΫͱɼ࣮ݱʹଘ͢ࡏΔͭͳ͕Γ
ωοτϫʔࡶͰදͨ͠ͷͰ͋ΔɽෳࢬΛͱݱ
ΫΛղੳ͢Δ͜ͱʹΑΓɼରͷಛੑΛ໌Β͔ʹͰ͖
ΔՄੑ͕͋ΔɽωοτϫʔΫΛղੳ͢Δࢦඪɼωο
τϫʔΫͷ͞ڱΛఆྔԽ͢ΔΫϥελɼωοτ
ϫʔΫͷͭͳ͕Γͷۙ͞ΛఆྔԽ͢Δฏۉؒڑ
ͳͲ͕͋Δɽ͔͠͠ɼ͜ΕΒͷࢦඪωοτϫʔΫ
ͷࠩҟΛఆྔԽ͢Δ͜ͱͰ͖͍ͯͳ͍ɽߏ
͜Εʹରͯ͠εϖΫτϧάϥϑڑ [1]ɼ2ͭͷ
ωοτϫʔΫؒͷڑΛٻΊΔ͜ͱ͕Ͱ͖Δɽωοτ
ϫʔΫͷಛੑΛөͨ͠ϥϓϥγΞϯྻߦΛར༻͢
Δ͜ͱͰɼωοτϫʔΫߏͷࠩҟΛఆྔԽ͢Δ͜ͱ
͕Ͱ͖ΔɽຊൃදͰɼεϖΫτϧάϥϑڑΛ༻͍
ͯɼWSϞσϧ [2]ಉ࢜ͷڑΛܭଌͨ͠ɽ

2 εϖΫτϧάϥϑڑ
εϖΫτϧάϥϑڑϥϓϥγΞϯ͔ྻߦΒಘ
ΒΕΔݻ༗ϕΫτϧΛར༻͢Δɽ͜͜Ͱɼϥϓϥγ
Ξϯྻߦ L ɼA Λ n × n ͷແωοτϫʔΫͷ
ྡྻߦɼDΛର֯ྻߦͰ diag(k1, . . . , kn)ͱͯ͠ɼ
L = D −Aͱఆٛ͞ΕΔɽ2ͭͷωοτϫʔΫG(i)ɼ
G(j) ͷڑΛ͢ࢉܭΔεϖΫτϧάϥϑڑͷࣜ
ҎԼͰఆٛ͞ΕΔɽ

d
(
G(i), G(j)

)
≡ 1

mij − 1

mij∑

r=2

d′
(
ρ(i)

r , ρ(j)
r

)

2ͭͷωοτϫʔΫͷϥϓϥγΞϯྻߦͷݻ༗ϕΫτ
ϧͷཁૉͷ ρ(i)

r , ρ(j)
r ؒͷڑ d′ (ρ(i)

r , ρ(j)
r

)
ͷܭ

ɼྦྷੵ͍ͯ͘͜͠ͱͰఆٛ͞Ε͍ͯΔɽmij͠ࢉ 
1 < mij ≤ min

(
n(i), n(j)

)
ͱ͠ɼݻ༗ϕΫτϧͷݸ

͕ҧ͏߹Ͱൺֱ͢Δ͜ͱ͕Ͱ͖Δɽ

3 WSϞσϧ
WSϞσϧ [2]ɼ1998ʹൃද͞ΕͨจͰε
ϞʔϧϫʔϧυݱΛઆ໌͢ΔࡍʹఏҊ͞Εͨωοτ
ϫʔΫͰ͋ΔɽWSϞσϧɼҎԼͷखॱͰ࡞͢Δ
͜ͱ͕Ͱ͖Δɽ
1. nݸͷΛԁ্ʹฒɼ֤͔Βྡ͢Δ

kݸͷͰଓ͠ɼ֨ࢠάϥϑͷ࡞Λ͢Δɽ
2. ͦΕͧΕͷ͗ܨ͍ͯͭʹࢬม͑֬ pͰࢬͷยํ
ͷΛΓ͠ɼผͷʹଓ͢Δɽ

͜ͷϞσϧɼp = 0ͷͱ͖ԁ্ͷ֨ࢠωοτϫʔ
ΫͱͳΓɼp = 1ͷͱ͖ϥϯμϜωοτϫʔΫͱͳΔɽ
·ͨɼp = 0.01ۙͷͱ͖ɼεϞʔϧϫʔϧυωο
τϫʔΫͱͳΔ͜ͱ͕ΒΕ͍ͯΔɽ

4 ࣮ݧ
εϖΫτϧάϥϑڑ͕ωοτϫʔΫͷߏͷࠩҟ
ΛөͰ͖͍ͯΔ͔Λ֬ೝΛͨ͏ߦΊʹɼWSϞσϧ
Λ༻͍࣮ͯݧΛͨͬߦɽҎԼʹ࣮ݧͷखॱΛ
ࣔ͢ɽ
1. ม͑֬͗ܨ p0ͷWSϞσϧGp0

Λ࡞͢Δɽ

2. ม͑֬͗ܨ pͷWSϞσϧΛN࡞ݸ͠ɼͦΕ
ͧΕΛG(1)

p , G(2)
p , . . . , G(N)

p ͱ͓͘ɽ

3. D (p0, p) = 1
N

∑N
i=1 d

(
Gp0

, G(i)
p

)
Λ͢ࢉܭΔɽ

4. खॱ 2ɼ3Λ p = 0.02͔Β p = 1·Ͱ Έࠁ0.02
Ͱ͏ߦɽ

ͨͩ͠ɼWSϞσϧͷ 500ɼ࣍ 10ͱ͠
ͨɽ·ͨɼN = 5000ͱͨ͠ɽ

p0 = 0.1, 0.4Ͱ݁ͨ͠ࢉܭՌΛਤ 1ʹࣔ͢ɽ͜ͷ
ਤΑΓɼͲͪΒͷ p0 ʹ͓͍ͯ p0 = pۙͰ࠷
D (p0, p)͕খ͘͞ͳ͍ͬͯΔ͜ͱ͕֬ೝͰ͖ΔɽՃ
͑ͯɼWSϞσϧ p͕େ͖͘ͳΔʹͭΕͯϥϯμ
ϜωοτϫʔΫʹۙͮͨ͘ΊɼωοτϫʔΫͱͯ͠ͷ
ಛ͕গͳ͘ͳΔɽͦͷͨΊɼ͗ܨม͑֬ͷେ͖
͍WSϞσϧಉ࢜Ͱɼ͗ܨม͕͑֬ҟͳ͍ͬͯͯ
ྨͨ͠ࣅωοτϫʔΫͱͳΔɽਤ 1(b)ਤ 1(a)ͱ
ൺֱͯ͠ൣғͰD(p0, p)͕খ͘͞ͳ͍ͬͯΔ͜ͱ
͕Θ͔Δɽ͜ͷ͜ͱ͔ΒεϖΫτϧάϥϑڑɼ
WSϞσϧؒͷߏͷࠩҟΛఆྔԽ͢Δ͜ͱ͕Ͱ͖Δ
ͱ͑ߟΒΕΔɽ

(a) p0 = 0.1

(b) p0 = 0.4

ਤ 1 ࢉܭΛ݁ͨͬߦՌ

5 ·ͱΊ
ຊൃදͰɼWSϞσϧΛ༻͍ͯεϖΫτϧάϥϑ
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ϑڑWSϞσϧͷωοτϫʔΫߏͷࠩҟΛఆ
ྔԽͰ͖Δ͜ͱ͕Θ͔ͬͨɽ

ݙจߟࢀ
[1] Y. Shimada, et al., Sci. Rep., 6, 34944, 2016.

[2] D. J. Watts, et al., Nature, 393, 440–442, 1998.

Ikeguchi Laboratory 2020(p. 142 / 188)



ニューロンへの入力時系列の再構成
三浦英

東京理科大学 学部 4年 池口研究室

1 はじめに
人間の脳内には，ニューロンと呼ばれる神経細胞が数
多く存在している．ニューロンは，ある閾値を超える入
力が与えられると，スパイク列を出力することで，断続
的に情報を伝達する．一般的に，ニューロンの出力信号
を観測することは容易であるが，ニューロンへの入力時
系列を観測することは困難である．先行研究 [1] では，
複数のニューロンから出力されるスパイク列から得られ
る発火間隔時系列を用いて，ノイズ量が大きい場合でも
ニューロンへの入力時系列を再構成できることを示して
いる．なお，ニューロンモデルとして，Leaky Integrate-

and-Fireモデル (以下，LIFモデル)[2]が使用されてお
り，ニューロン数を 10個と設定している．
本発表では，ニューロン数を変更した場合に，再構成時
系列の精度が，ノイズの大きさによって変化するかを検
証した．

2 ニューロンへの入力時系列の再構成手法 [1]

まず，個体差のある複数のニューロンに対し，レスラー
方程式の第 1変数 x(t)を入力することで得られる発火
間隔時系列から複数のリカレンスプロット [5, 6]（以下，
RP）を作成する．ここで，ニューロンの個体差はノイ
ズを用いて表現した．次に，複数のニューロンへの共通
入力の情報を取り出すために，複数のRPから和集合を
取ることで，重畳 RPを作成する．最後に，重畳 RPか
ら重み付きネットワークを作成し，ダイクストラ法を用
いることで，距離行列を求め，多次元尺度法を適用する
ことで，入力時系列を再構成する．[7, 8, 9]

3 実験
本発表では，ニューロン数を変更した場合に，ノイズ
量の大きさによって再構成された入力時系列の精度が変
化するのかを調査するために，入力時系列と再構成時系
列の相関係数を算出することで定量的に評価した．具体
的には，ノイズ量を正規分布に従う平均 0 のガウスノ
イズを用いて，SN 比 p で定義し，p = −15, 0, 15, 20，
ニューロン数 n = 1, 10, 50, 100と変更した場合の相関係
数を求めた．なお，入力時系列と再構成時系列ではデー
タ数が異なるため，相関係数の計算には時系列の極値を
用いた．

4 結果
入力時系列と再構成時系列を重ね書きした結果を図 1

に，ノイズ量を変更した場合の各ニューロン数における
相関係数を図 2に示す．ここで，時系列の振幅を合わせ
るため，入力時系列と再構成時系列を標準化した．
図 1, 2を見ると，重ね書きの概形が類似したこと，相
関係数が高いことから，ニューロン数を変更した場合で

図 1 入力時系列と再構成時系列の重ね書き

図 2 ノイズ量を変えた場合の相関係数

も入力時系列を再構成できていることがわかる．また，
ノイズの SN比 p = 20とした場合では，ニューロン数
n = 100と大きな場合でも再構成できなかった．これら
の結果から，ニューロン数を増やした場合でも，再構成
できるノイズ量の大きさは変化しないことがわかる．ま
た，ニューロン数の違いによる，入力時系列と再構成時
系列の相関係数に比例関係があるかについては傾向が見
られなかった．

5 まとめ
本発表では，先行研究 [1]の手法を用いて，ニューロ
ン数を変更した場合に，再構成時系列の精度がノイズの
大きさによって，変化するかを検証した．結果として，
ニューロン数を変更した場合でも，入力時系列を再構成
できるノイズ量の大きさに変化がないことがわかった．
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֬ೝ͞Ε͓ͯΓ [2, 3]ɼੜཧֶతൺʹै͍ͬͯͳ͍͜ͱࣔࠦ
͞Ε͍ͯΔɽ͞ΒʹɼfMRIΛ༻͍ͨώτΛରͱ࣮ͨ͠ݧͰɼ
μϯऀױͱ݈ৗऀʹͯɼܭଌ͢ΔྖҬؒͷཧతڑʹԠ͡
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1 はじめに
人間の脳内には，ニューロンと呼ばれる神経細胞が数
多く存在している．ニューロンは，ある閾値を超える入
力が与えられると，スパイクを出力することで，断続的
に情報を伝達する．一般的に，ニューロンの出力信号を
観測することに比べて，ニューロンへの入力信号を観測
することは困難である．本稿では，出力されたスパイク
列から得られる発火間隔時系列を用いることで，共通入
力を再構成する手法を提案する．ここで，ニューロンの
数理モデルとして，Leaky Integrated and Fire モデル
（以下，LIFモデル）を用いる．本稿では，複数のニュー
ロンの個体差として，LIFモデルの漏れのパラメータ τ

を用いて，共通入力の再構成を行った結果を報告する．

2 Leaky Integrated and Fireモデル [1]

LIFモデルは，式 (1)で定義される．

τ
dV (t)

dt
= −V (t) + S(t) (1)

ここで，V (t)は膜電位，S(t)は入力電流を表し，膜電
位 V (t)はある閾値Θに達したとき，V (t)← 0とリセッ
トされる．また，τ は漏れの割合を示すパラメータであ
り，τ が小さくなると，漏れの割合が大きくなる．本稿
では，閾値 Θ = 20とした．

3 ニューロンへの共通入力の再構成
まず，共通入力としたレスラー方程式の第 1変数 x(t)

の時系列にバイアス項を加えた時系列を作成し，LIFモ
デルの漏れ τ を個体差とした n個のニューロンへ入力し，
n本の発火間隔時系列を得る．次に，時間遅れ座標系へ
の変換を用いて，n本の得られた発火間隔時系列から n

個のアトラクタの再構成 [3]を行い，n個のリカレンス
プロット [4, 5]（以下，RP）を作成する．さらに，共通
入力の情報を取り出すために，n個の RPから和集合を
取ることで，重畳RPを作成する．最後に，論文 [6]の手
法を用いて，重畳 RPから共通入力を再構成する [7, 8]．

4 実験
LIFモデルの漏れ τ を変化させると，発火数が変化し，

RPの重畳が困難になる場合があるため，発火数が一定
となる条件にする必要がある．そこで本稿では，まず，
各漏れ τ に対し，発火数が一定となるようにバイアス項
を調整した場合に共通入力の再構成を行った．次に，発
火数が変化しない範囲で，LIFモデルの漏れ τ を微小に
変化させ，共通入力の再構成を行った．なお，共通入力
の再構成ができているかを確認するため，共通入力と再
構成時系列の 2つの時系列の標準化を行い，時系列から
極値を抽出し，その相関係数を算出した．

5 結果
まず，漏れ 1/τ = 0.0, 0.1, . . . , 2.4に対し，発火数が

500で一定となるようにバイアス項を調整した場合に共
通入力の再構成を行った結果を図 1に示す．ここでは，
ニューロン数を 25とした．このとき，相関係数は 0.98

となった．

図 1 漏れ τ ごとにバイアス項を調整した場合の 2 つの時系列波形

次に，発火数が変化しない範囲 (0.996 ≤ 1/τ ≤
1.00188)で，LIFモデルの漏れ τ を微小に変化させ，共
通入力の再構成を行った結果を図 2に示す．ここでは，
ニューロン数を 50，発火数が 500となるようにバイアス
項を 50.35とした．このとき，相関係数は 0.98となった．

図 2 漏れ τ を微小に変化させた場合の 2 つの時系列波形

図 1, 2を見ると，2つの時系列波形の概形が類似して
いること，相関係数が高いことがわかる．この結果は，
発火数が一定となるような条件では，共通入力の再構成
を行えることを示すものである．

6 まとめ
本稿では，発火間隔時系列を用いてニューロンへの共
通入力の再構成を行った．その結果，複数のニューロン
の個体差として，LIFモデルの漏れのパラメータ τ を用
いた場合でも，発火数が一定となるような条件で共通入
力の再構成を行えることが示唆された．
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東京理科大学　池口研究室　修士2年　澤田 和弥
1．研究動機と目的

2．因果性検出手法 (提案法)

( iv ) 近傍ベクトルに対応するスパイクに 
発火時間が最も近いISIを参照

1 65432

1 65432 7 8 9 10

ISI1(1) ISI1(2) ISI1(5)

( i ) 発火時間が近いスパイク(ISI)の参照

1 65432

1 65432 7 8 9 10

̂ISI1(4) = w1ISI1(1) + w3ISI1(2) + w8ISI1(5)
( v )           の予測ISI1(4)

時刻 [msec]

時系列データに対する 
因果性検出手法

・Granger causality [2] 
・Transfer entropy [3] 
・Convergent cross mapping [4]

(マーク付き)点過程間の 
因果性検出手法はほとんどない

5．まとめ

参考文献

[9] N. Otsu, IEEE Trans. on systems, man, and cybernetics, Vol. 9, No. 1, pp.62–66, 1979.

( iii ) 重み 　　　　　の計算w1, w3, w8

T2(n )

M2(n )
1

6

8

3

( ii ) 状態空間の再構成&近傍を探す

( v ) IEIとマークの予測

( )+ ( )+ ( )( ) =̂T1(4)
M̂1(4) w1 w3 w8

T1(1) T1(2) T1(5)
M1(1) M1(2) M1(5)

643

6542 7 9 10

1 2
T1(1) T1(2)

5
T1(5)

1 3 8

( iv ) 近傍ベクトルに対応するイベントと 
タイミングが近いイベントを参照するM1(n )

M2(n ) t

t

( i ) タイミングが近いイベントを参照

1 65432

1 65432 7 8 9 10

マーク付点過程1

マーク付点過程2 t

M2(n )

M1(n )

t

M1(4)

M2(6)

T2(6)

T1(4)
予測対象

(マーク付き)点過程間の 
因果性検出法の開発

研究目的

因果関係？

(a) スパイク列 (gap junctionで結合したIzhikevichモデル)[6, 7] (b) マーク付き点過程 (結合ローレンツ方程式[8])

(a) スパイク列
(b) マーク付き点過程

{
·vi = 0.04vi2 + 5vi + 140 − u i + Ii + ∑N

i≠j,j=1 wi,j(vj − vi)
·u i = ai(bivi − u i)

vi ≥30
vi ← ci
u i ← u i + di

のとき

(a) スパイク列 (例：  を用いた  の予測)ISI2 ISI1 (b) マーク付き点過程 (例：マーク付点過程2の情報を使ってマーク付点過程1を予測)

スパイク列1

スパイク列2

予測対象

ISI1(n )

ISI2(n )
1

6

8

3

( ii ) 状態空間の再構成[5] &近傍を探す

(iii) 重み 　　　　　の計算w1, w3, w8
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発火率同じ 発火率異なる

・発火率同じ 
(6ニューロン)

・発火率異なる 
(6ニューロン)

イベント間隔からの状態空間再構成 
イベント間隔の時間対応

(マーク付き)点過程データ
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時刻 [msec]

3．データ生成モデル

4．結果

[1] S. Funahashi et al., Cerebral Cortex, 10, 6, 535—551, 2000.
[2] C. W. J. Granger, Econometrica, 37, 3, 424—438, 1969.
[3] T. Schreiber, PRL, 85, 2, 461—464, 2000.
[4] G. Sugihara et al., Science, 338, 6106, 496—500, 2012.
[5] T. Sauer, PRL, 72, 24, 3811—3814, 1994.
[6] E. M. Izhikevich, IEEE Trans. on NN, 14, 6, 1569—1572, 2003.
[7] 内木, 他, 信学論, J100-A, 5, 195—204, 2017.
[8] V. S. Anishchenko et al., Phys. Rev. E, 57, 1, 316—322, 1998.

点過程データ間の因果性検出手法の検討

提案手法により点過程間の 
因果性を検出可能

6．今後(博士課程)の課題
・イベント数が異なるような点過程データに対して， 
　点過程の改変を最小限にとどめ，イベントの挿入などを行う方法の検討

・マーク付点過程からの埋め込みの理論的保証

・複数の因果性検出手法の検討及び統合の基盤 
　（非線形力学系理論+情報理論的なアプローチ）

・実データ(神経スパイク列・経済データ・地震データなど)の解析と 
　その結果得られた知見から手法の改善を検討

・因果性検出手法を用いた複雑ネットワーク上での情報流推定

・複雑ネットワーク上での因果性検出

・観測データに欠損があるような状況での因果性検出・推定
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提案手法の問題点
イベント数が大きく異なる場合

同じイベントを参照し続ける
予測時系列が連続して 
同じ値を取り続ける

多

少

窓を設定してイベント数を揃える?
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コンタクトの順番が情報拡散に与える影響の解析
東京理科大学 池口研究室 M1 ジョ ロエン

研究背景と動機1

参考文献
[1] D. J. Watts & S. H. Strogatz, Nature, 393, 1440–442, 1998. 
[2] D. Centola, Science, 329, 1194–1197, 2010. 
[3] 石黒, 他, 信学ソ大, N-1-14, 2017.

静的なネットワーク上での情報拡散

：人

：人間関係

時刻

枝は時間と共に変化しない図1

人間関係は静的

数値実験と社会実験は近年盛んに行われている[1-4] 
  数値実験で社会実験の結果を再現できている[3, 4, P1, P2]

発表文献

[4] A. Tanaka et al., Proc. of NOLTA2013, 298–301, 2013.
[5] http://www.sociopatterns.org/ (最終閲覧日: 2020/11/26).
[6] P. Vanhems et al., PLOS ONE, 8, e73970, 2013.
[7] J. Fournet & A. Barrat, PLOS ONE, 9, e107878, 2014.

[P1] ジョ, 他, 信学技報, 119, 471, 83–88, 2020..
[P2] L. Xu et al., IEICE Technical Report, 120, 55, 23–26, 2020.
[P3] ジョ, 他, 信学ソ大, N-1-11, 2020.

テンポラルネットワーク上での情報拡散

時刻

：人

：コンタクト

枝は時間と共に変化する図2

コンタクトは動的

感染症拡散の研究では用いられているが， 
  それと類似した情報拡散の研究では用いられていない

動的なネットワーク 研究目的

研究手段

動的なテンポラルネットワーク上での 
情報拡散のダイナミックスを明らかに

実世界のテンポラルネットワーク上で 
情報拡散の数値実験を行って解析

情報拡散モデルを使用

研究目的2

使用データ[5-7]3

(1) 高校での接触記録（参加者: 126名，平均コンタクト数(密度): 2.09[/20sec]）

(2) 病院での接触記録（参加者:   75名，平均コンタクト数(密度): 1.87[/20sec]）

コンタクトは20秒ごとに一回観測される

図3 コンタクトセンサー[5]

コンタクトデータの取り方

装着

図4 対面接触した参加者

近くで対面接触

データを生成

テンポラルネットワークの作成手法4

時刻(秒)　 参加者 参加者

0 3 4
0 5 4
20 2 5
20 3 8
40 2 8
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•
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•
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•••
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時刻(秒)　 参加者 参加者

0 2 9
0 4 6
20 3 4
20 1 3
40 1 5

••
•

••
•

••
•

i j

表1 コンタクトデータの例①

i j

図5 同時に対面接触した複数の参加者ペア

コンタクト=枝

2 5 3 8 枝を繋げる
5

4

3

2

8

表2 コンタクトデータの例②

コンタクトなし 
孤立点になる

図6

図7

情報への関心度に着目した情報拡散モデル[4, P3]5
隣接頂点からの情報入力減衰関数関心度

F(x)：ステップ関数

xi(t + 1) = gi(τ, t)xi(t) + αH(xi(t) − θi)
∑

j∈Gi(t)

F (xj(t) − θj)

<latexit sha1_base64="CF/6aY+o3Qps8k6RyGv1L9iacBg=">AAACEnicZVDLTsJAFJ1BUUSFqks3jWxoUNIaEnVhQjRRlpjII6GkmQ4DDEwf6dwam6Ybv8GvcWfc+gOu/BUBayJwVueec8/NybV9wSXo+hfObGxmt7ZzO/ndvf1CUTk4bEsvDChrUU94Qdcmkgnu shZwEKzrB4w4tmAde3o79ztPLJDccx8h8lnfISOXDzklMJMsJXq2Yp6UoWJo6rU6WgwmkPAUtNTR1IpJhD8maqP8J52ZMGZALK7F5oBLX5BIQiSYasrQseKJyV31Pt1N7uaxyf/YbNISSynpVX0BdZ0YKSmhFE1LeTEHHg0d5gIVRMqeofvQj0kAnAqW5M1QMp/QKRmx 3oy6xGGyHy9etGTGxJEycuw10SEwXjkDw8t+zF0/BObSJJ+flTZWK66T9nnVqFWvHmql+k1aP4eO0QkqIwNdoDpqoCZqIYq+cRYXcBG/4jf8jj9+VzM4zRyhJeDPHx6ampk=</latexit>

：時刻　での頂点　の隣接頂点の集合itGi(t)
τ：減衰係数

：頂点　の関心度の閾値(        [0,1])j

<latexit sha1_base64="oBz8L9BJGlNURlEtAjQuEVYKI6E=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtYi0ldqocsy1mNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6aIZWxwF48vfvre++YaZ6oZzNLMZJ0oviYM2rKUedtZDue6y1yVge/AgeqtEf2x/AlYblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87ryxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnIPXn8X22Q6uYYlkKefgEDvm2j</latexit>

θj θj ∈
α：情報の影響力(0 < τ < 1)

8

Aさんは芸能人と 
結婚したんだって！

やっぱり本当！?

C D

関心度: 

閾値: 

上昇ねえねえ！知ってる？ 
Aさんは芸能人と 
結婚したよ！

初耳だ！

D F

上昇

図8

興味を持つ人から情報を受信し，興味を持ったら情報を送信する iが興味を持っている
xi(t) > θi

<latexit sha1_base64="NXsnvBSZBbwZOV9XPEVxo8AdJ5I=">AAABqnicZY5NT8JAEIan+IX1q+jRC5ELJoa0hkS9GKIXj2jkw0DTbJcBNuxum+5UJQ0X/4dX/U3+GxF7Ad7Tk3lnJk8YS2HIdX+swsbm1vZOcdfe2z84PHJKx20TpQnHFo9klHRDZlAKjS0SJLEbJ8hUKLETTu7/+s4rJkZE+pmmMfqKjbQYCs5oPgqc0nsgqnRevi33aYzEAhE4FbfmLlJeBy+HCuRpBs5HfxDxVKEmLpkxPc+Nyc9YQoJLnNn91GDM+ISNsDdHzRQaP1uoL5UZU8ZMVbg2VIzGK29oeO1nQscpoeYz255Le6uK69C+rHn12s1jvdK4y/WLcApnUAUPrqABD9CEFnB4g0/4gm/rwnqyXqze/2rBym9OYCnW4BdQYXPH</latexit>

H(x) =

{
0 (x ≥ 0)

1 (x < 0)

<latexit sha1_base64="zFsXgZala9jH/wl6eYBfgUezhug=">AAAB3HicZU/LSsNAFL2prxpfUZduggVpNyWRggoKxW66rGAf0MQymd7GockkZCbSEroRd+LWf/Br3Nq/MY1x0faszj3n3sO5TugxIQ1jrhQ2Nre2d4q76t7+weGRdnzSEUEcUWzTwAuinkMEeoxjWzLpYS+MkPiOh11n3Fj43ReMBAv4o5yGaPvE5WzEKJGpNNAazfKkcmc56DKe0DRIzFQ9haFf6OWJ5aJuVHTLyjQz026NSjpZyIf/+wOtZFSNDPo6MXNSghytgfZqDQMa+8gl9YgQfdMIpZ2QSDLq4Uy1YoEhoWPiYj+lnPgo7CR7dslMiC/E1HfWRJ/I55UYObq2E8bDWCKnM3VR2lytuE46l1WzVr15qJXq93n9IpzBOZTBhCuoQxNa0AYKX/ANPzBXnpQ35V35+FstKPnNKSxB+fwFw5iCMQ==</latexit>

関心度　　が閾値　に達するまで，情報を受信θixi(t)

<latexit sha1_base64="k2urJ7akBwoqYm9uv999Rwem0w0=">AAABnnicZY5NT8JAEIZn8QvrV9WjFyIXvJDWkKg3oonxYsTE0ibQkO064Ibd7aa7NZKGi//Aq/4y/42AvQDv6cm8M5Mn0YIb63m/pLKxubW9U9119vYPDo/c45OuSfOMYcBSkWZRQg0KrjCw3AqMdIZUJgLDZHw378N3zAxP1YudaIwlHSk+5Iza2Sj8GPCGvXAGbt1reovU1sEvoQ5lOgP3s/+aslyiskxQY3q+p21c0MxyJnDq9HODmrIxHWFvhopKNHGx0F0qCyqNmchkbSipfVt5Y4fXccGVzi0qNnXm0v6q4jp0L5t+q3nz3Kq3b0v9KpzBOTTAhytowwN0IAAGY/iCb/ghNXJPHsnT/2qFlDensBQS/QHhzm+E</latexit>

：情報を送信しない頂点 ：情報を送信する頂点 ：情報

i
j1
j2

時刻 t

j5
j6

j4

j3
時刻 t + 1

j1
j2j5

j6
i

j4

j3

関心度xi(t + 1)

時刻 t

閾値 θi

超えると送信

図9

(otherwise)

<latexit sha1_base64="qhR5OwhSDMtNFxjZM3Ch9Kbkhqo=">AAABrHicZY7LTsJAFIbP4A3rrcrSTSMb3DStIUF3RDcuMeGWQEOm4wEmzEybmamGNN34Im71kXwbEbsB/tWX859z8sWp4MYGwQ+p7O0fHB5Vj52T07PzC/fyqm+STDPssUQkehhTg4Ir7FluBQ5TjVTGAgfx4umvH7yhNjxRXbtMMZJ0pviUM2pXo4lba3j5WEsvsXPU79xg4d1O3HrgB+t4uxCWUIcynYn7MX5NWCZRWSaoMaMwSG2UU205E1g448xgStmCznC0QkUlmihfy2+UOZXGLGW8M5TUzrfe2Ol9lHOVZhYVKxxnJR1uK+5C/84Pm/7DS7Pefiz1q3ANN9CAEFrQhmfoQA8YLOETvuCb+KRLRiT6X62Q8qYGGyHTX97vdNw=</latexit>

gi(τ, t) =

{
τ

1

<latexit sha1_base64="2dzqXR4n2X9zFeKhSzOaO0HvQwQ=">AAAB1XicZY9NS8NAEIYnftb4FfXopdhLBSmJFFRQKHrxWMF+QDeEzXYal2Y3IbsRSshFxKv/wV/jVW/+G9MaD23fw/Aw78zwjh+HXGnb/jFWVtfWNzYrW+b2zu7evnVw2FVRmjDssCiMkr5PFYZcYkdzHWI/TpAKP8SeP76b+r1nTBSP5KOexOgKGkg+4ozqouVZ14GX8bxONE3P9OkN8THgMmPFRZWb1UJTp0rIjJ2iEpTDf9+zanbDnqm6DE4JNSjV9qwXMoxYKlBqFlKlBo4dazejieYsxNwkqcKYsjENcFCgpAKVm82+nDMzKpSaCH+pKah+WjijR5duxmWcapQsN6eh ncWIy9A9bzjNxtVDs9a6LeNX4BhOoA4OXEAL7qENHWDwAZ/wBd9Gz8iNV+Ptb3TFKHeOYE7G+y+6YILM</latexit>

：頂点　が初めて情報を受信した時刻t∗i

<latexit sha1_base64="WPyYulDSH7cfqKBGK8GitbXu8js=">AAABn3icZY67TsNAEEVnwyuYl4GSBkhDFdkoUqCLoIAKGYk8UGKi9TIJq+yuLe8YKbLS8Am08GP8DSG4SXyro7kzoxMlSlryvB9WWVvf2Nyqbjs7u3v7B+7hUcfGWSqwLWIVp72IW1TSYJskKewlKXIdKexGk9u/vvuOqZWxeaJpgqHmYyNHUnCaj3o0lC8Dbmno1ry6t8hpGfwCalAkGLofg9dYZBoNCcWt7fteQmHOU5JC4cwZZBYTLiZ8jP05Gq7RhvnCd6nMubZ2qqPSUHN6W3lDo6swlybJCI2YOc5c2l9VLEPnsu436tePjVrrptCvwgmcwwX40IQW3EMAbRCg4BO+4JudsTv2wIL/1Qorbo5hKez5F3Z0cL0=</latexit>

i

<latexit sha1_base64="QO32zyIpRtMqYnE8nVbAGDyBuN4=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKhW2CAZgaxFpK7VR5ZhrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tNJnjEMWSKSbBBTjYIrDA03AgdphlTGAvvx7P6v779jpnmiXsw8xUjSqeITzqgpR10+th3P9Za5qINfgQNVOmP7Y/SasFyiMkxQrYe+l5qooJnhTODCGuUaU8pmdIrDEhWVqKNiKbpSFlRqPZdxbSipeVt7YyY3UcFVmhtUbGFZpbS/rliH3rXrt9zbbssJ7ir9JpzDJVyBD20I4BE6EAIDhE/4gm9yRgLyQJ7+VxukujmFlZDnXwKKbaI=</latexit>

：頂点　が初めて情報を受信してからの経過時間i

<latexit sha1_base64="QO32zyIpRtMqYnE8nVbAGDyBuN4=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKhW2CAZgaxFpK7VR5ZhrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tNJnjEMWSKSbBBTjYIrDA03AgdphlTGAvvx7P6v779jpnmiXsw8xUjSqeITzqgpR10+th3P9Za5qINfgQNVOmP7Y/SasFyiMkxQrYe+l5qooJnhTODCGuUaU8pmdIrDEhWVqKNiKbpSFlRqPZdxbSipeVt7YyY3UcFVmhtUbGFZpbS/rliH3rXrt9zbbssJ7ir9JpzDJVyBD20I4BE6EAIDhE/4gm9yRgLyQJ7+VxukujmFlZDnXwKKbaI=</latexit>

t − t∗i

<latexit sha1_base64="jp5Bmc21nM4Z8R6g9s6DW8etwZU=">AAABoXicZY67TsNAEEVnwyuYV4CSBuGGhshGkQJdBA10AZGHSEy0XiZhld215R0jRVYavoEW/ou/wQQ3iW91NHdmdMJYSUue98Mqa+sbm1vVbWdnd2//oHZ41LVRmgjsiEhFST/kFpU02CFJCvtxglyHCnvh9Pav771jYmVknmgWY6D5xMixFJzy0TNd0Ei+DLmlUc316t4ip2XwC3ChSHtU+xi+RiLVaEgobu3A92IKMp6QFArnzjC1GHMx5RMc5Gi4RhtkC+OlMuPa2pkOS0PN6W3lDY2vgkyaOCU0Yu44ubS/qliG7mXdb9SvHxpu66bQr8IJnME5+NCEFtxBGzogwMAnfME3c9k9a7PH/9UKK26OYSls8AuG+XFy</latexit>

(t − t∗i ≡ 0 (mod 3600[s]))

<latexit sha1_base64="W8ctW0UAzco7skNTQVZ2kf8agNg=">AAAByXicZY+7TsNAEEXH4RXMy0BJsyJNKIjWEPHoImiQaIJEHlJsrPVmE1bZtR3vOiJYbuAf+Bpa+Af+BhPcJLnV0b0zozt+JLjSGP8YpZXVtfWN8qa5tb2zu2ftH7RVmMSUtWgowrjrE8UED1hLcy1YN4oZkb5gHX90+5d3JixWPAwe9TRiriTDgA84JTq3PAtXNTpF2kt5hp6QQ5RGyGHjhE8QzimSYT89v8C458QSKTc78awKruGZ0DLYBVSgUNOz3px+SBPJAk0FUapn40i7KYk1p4JlppMoFhE6IkPWyzEgkik3nX02F6ZEKjWV/pIpiX5eOKMHV27KgyjRLKCZaeal7cWKy9A+q9n12vVDvdK4KeqX4QiOoQo2XEID7qAJLaDwAZ/wBd/GvTE2XozX/9GSUewcwpyM91+Gjn6R</latexit>

減衰関数

時刻 t

初めて情報を受信してから， 

1時間が経過した度に減衰

関心度xi(t + 1)

0 t∗i

<latexit sha1_base64="WPyYulDSH7cfqKBGK8GitbXu8js=">AAABn3icZY67TsNAEEVnwyuYl4GSBkhDFdkoUqCLoIAKGYk8UGKi9TIJq+yuLe8YKbLS8Am08GP8DSG4SXyro7kzoxMlSlryvB9WWVvf2Nyqbjs7u3v7B+7hUcfGWSqwLWIVp72IW1TSYJskKewlKXIdKexGk9u/vvuOqZWxeaJpgqHmYyNHUnCaj3o0lC8Dbmno1ry6t8hpGfwCalAkGLofg9dYZBoNCcWt7fteQmHOU5JC4cwZZBYTLiZ8jP05Gq7RhvnCd6nMubZ2qqPSUHN6W3lDo6swlybJCI2YOc5c2l9VLEPnsu436tePjVrrptCvwgmcwwX40IQW3EMAbRCg4BO+4JudsTv2wIL/1Qorbo5hKez5F3Z0cL0=</latexit>

1時間 1時間 1時間

減衰
減衰

減衰

•••
•••t∗i + 3600

<latexit sha1_base64="2meI6OZnm/ZJgZr9yvworq/1mOc=">AAABoXicZY67TsNAEEVnwyuYl4GSBuEGgRStIeLRRdBAFxB5iMRE62USVtldW941UmSl4Rto4b/4G0xwk/hWR3NnRieMpTCW0h9SWVpeWV2rrjsbm1vbO+7uXttEacKxxSMZJd2QGZRCY8sKK7EbJ8hUKLETjm//+s47JkZE+slOYgwUG2kxFJzZfPRsB+Ll5PT8gtKB69EaneWwDH4BHhRpDtyP/mvEU4XacsmM6fk0tkHGEiu4xKnTTw3GjI/ZCHs5aqbQBNnMeK7MmDJmosLSUDH7tvDGDq+CTOg4taj51HFyaX9RsQzts5pfr10/1L3GTaFfhQM4gmPw4RIacAdNaAEHDZ/wBd/EI/ekSR7/VyukuNmHuZDeLyIgcEs=</latexit>

t∗i + 7200

<latexit sha1_base64="eU55kgslHvJ9MHTPUhSeGHLLQpk=">AAABoXicZY67TsNAEEVnwyuYl4GSBuEGgRSto0iBLoIGOoPIQyQmWi+TsMru2vKukSIrDd9AC//F32CCmyS3Opo7MzpRIoWxlP6Qytr6xuZWddvZ2d3bP3APjzomzlKObR7LOO1FzKAUGttWWIm9JEWmIondaHL713ffMTUi1k92mmCo2FiLkeDMFqNnOxQvF5fNOqVD16M1Os/pKvgleFAmGLofg9eYZwq15ZIZ0/dpYsOcpVZwiTNnkBlMGJ+wMfYL1EyhCfO58UKZM2XMVEUrQ8Xs29IbO7oKc6GTzKLmM8cppP1lxVXo1Gt+o3b90PBaN6V+FU7gDM7Bhya04A4CaAMHDZ/wBd/EI/ckII//qxVS3hzDQkj/FyIkcEs=</latexit>

t∗i + 10800

<latexit sha1_base64="CJowteHHw18oHBqFStDJ8+r5pdk=">AAABonicZY5NT8JAEIZn8QvrV9WjFyMejCZka0jEG9GL8QTRAklbyXYdcMPutuluTUjDxf/gVX+X/0bEXoD39GTemckTp1IYS+kPqaytb2xuVbednd29/QP38Khrkjzj6PNEJlk/Zgal0OhbYSX20wyZiiX24vH9X997x8yIRD/bSYqRYiMthoIzOxsFdiBeLq882qR04NZonc5zugpeCTUo0x64H+FrwnOF2nLJjAk8mtqoYJkVXOLUCXODKeNjNsJghpopNFExV14oC6aMmah4ZaiYfVt6Y4fNqBA6zS1qPnWcmbS3rLgK3eu616jfdhq11l2pX4UTOIML8OAGWvAAbfCBQwKf8AXf5Jw8kg55+l+tkPLmGBZCwl+DNHCF</latexit>

(秒)

図10

•••

6 数値実験 A 7 数値実験 B

元の順番 ランダムの順番 ランダムの方の分布
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<latexit sha1_base64="d3mwv+AVWMjEJguVOd50E9Bza30=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtUDaSm1UOeZarNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6a IZWxwF48vfvre++YaZ6oFzNLMZJ0oviYM2rKUed5ZDue6y1yVge/AgeqtEf2x/A1YblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87byxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnI PXn8X22Q6uYYlkKefgHoA22M</latexit>

時間間隔 d

<latexit sha1_base64="MPixRt2vLipi6XWjx1kdzyxVZDg=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtYi0ldqoctxrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tVJnjEMWSKSrB9TjYIrDA03AvtphlTGAnvx7OGv771jpnmiXs08xUjSqeITzqgpR53xyHY811vmog5+BQ5UaY/sj+E4YblEZZigWg98LzVRQTPDmcCFNcw1ppTN6BQHJSoqUUfFUnSlLKjUei7j2lBS87b2xkxuo4KrNDeo2MKySml/XbEO3WvXb7l3nZYT3Ff6TTiHS7gCH24ggCdoQwgMED7hC77JGQnII3n+X22Q6uYUVkJefgH8d22d</latexit>

高校

範囲が広い
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<latexit sha1_base64="MPixRt2vLipi6XWjx1kdzyxVZDg=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtYi0ldqoctxrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tVJnjEMWSKSrB9TjYIrDA03AvtphlTGAnvx7OGv771jpnmiXs08xUjSqeITzqgpR53xyHY811vmog5+BQ5UaY/sj+E4YblEZZigWg98LzVRQTPDmcCFNcw1ppTN6BQHJSoqUUfFUnSlLKjUei7j2lBS87b2xkxuo4KrNDeo2MKySml/XbEO3WvXb7l3nZYT3Ff6TTiHS7gCH24ggCdoQwgMED7hC77JGQnII3n+X22Q6uYUVkJefgH8d22d</latexit>

病院

範囲が広い

S

<latexit sha1_base64="d3mwv+AVWMjEJguVOd50E9Bza30=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtUDaSm1UOeZarNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6aIZWxwF48vfvre++YaZ6oFzNLMZJ0oviYM2rKUed5ZDue6y1yVge/AgeqtEf2x/A1YblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87byxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnIPXn8X22Q6uYYlkKefgHoA22M</latexit>

実世界のコンタクトデータにおけるコンタクトの順番を変化させ， 
情報の最終的な拡散率を調査した

コンタクト

時刻t0 { d { 2d { 3d {元データ
•••

時刻t0 { d { 2d { 3d { •••
12 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8

均等に

時刻t

•••
173 8 6 5 2 4

ランダムに入れ替え

最終拡散率 S

<latexit sha1_base64="d3mwv+AVWMjEJguVOd50E9Bza30=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtUDaSm1UOeZarNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6aIZWxwF48vfvre++YaZ6oFzNLMZJ0oviYM2rKUed5ZDue6y1yVge/AgeqtEf2x/A1YblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87byxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnIPXn8X22Q6uYYlkKefgHoA22M</latexit>

：一度閾値に達した頂点の割合

元の順番 ランダムの順番

T/2

<latexit sha1_base64="Q066Lo6LpaN0egGHB5XFZV0fWM8=">AAABmnicZY5NT8JAEIZn8QvrF+pRD8ZePNWWkKg3gheNF4wtkEBDtutQN+xum+7WhDRcvHvV3+a/EbEX6Ht6Mu/M5IlSwbVx3R9S29jc2t6p71p7+weHR43jk55O8oxhwBKRZIOIahRcYWC4EThIM6QyEtiPpvd/ff8dM80T5ZtZiqGkseITzqhZjF786+a4YbuOu8xFFbwSbCjTHTc+Rq8JyyUqwwTVeui5qQkLmhnOBM6tUa4xpWxKYxwuUFGJOiyWqitlQaXWMxlVhpKat7U3ZnIbFlyluUHF5pa1kPbWFavQazpey7l7btntTqlfhzO4hCvw4Aba8ABdCIBBDJ/wBd/knHTII3n6X62R8uYUVkL8X6f7bgI=</latexit>

前半

ランダムのコンタクト

t0 T

<latexit sha1_base64="t+lsCIvnCXXjJn3EMecTng42mh0=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtahpK7VR5ZhrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tNJnjEMWSKSbBBTjYIrDA03AgdphlTGAvvx7OGv779jpnmiumaeYiTpVPEJZ9SUo053bDue6y1zUQe/AgeqtMf2x+g1YblEZZigWg99LzVRQTPDmcCFNco1ppTN6BSHJSoqUUfFUnSlLKjUei7j2lBS87b2xkxuo4KrNDeo2MKySml/XbEOvWvXb7l3nZYT3Ff6TTiHS7gCH24ggCdoQwgMED7hC77JGQnII3n+X22Q6uYUVkJefgHpN22N</latexit>

後半

中心性上位のコンタクト
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<latexit sha1_base64="Q066Lo6LpaN0egGHB5XFZV0fWM8=">AAABmnicZY5NT8JAEIZn8QvrF+pRD8ZePNWWkKg3gheNF4wtkEBDtutQN+xum+7WhDRcvHvV3+a/EbEX6Ht6Mu/M5IlSwbVx3R9S29jc2t6p71p7+weHR43jk55O8oxhwBKRZIOIahRcYWC4EThIM6QyEtiPpvd/ff8dM80T5ZtZiqGkseITzqhZjF786+a4YbuOu8xFFbwSbCjTHTc+Rq8JyyUqwwTVeui5qQkLmhnOBM6tUa4xpWxKYxwuUFGJOiyWqitlQaXWMxlVhpKat7U3ZnIbFlyluUHF5pa1kPbWFavQazpey7l7btntTqlfhzO4hCvw4Aba8ABdCIBBDJ/wBd/knHTII3n6X62R8uYUVkL8X6f7bgI=</latexit>

ランダムのコンタクト

t0 T

<latexit sha1_base64="t+lsCIvnCXXjJn3EMecTng42mh0=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtahpK7VR5ZhrsWo7UewgVVEXVlb4cfwbQsnS5p0e3Xt3euJUcG0874c0Nja3tneau9be/sHhkX180tNJnjEMWSKSbBBTjYIrDA03AgdphlTGAvvx7OGv779jpnmiumaeYiTpVPEJZ9SUo053bDue6y1zUQe/AgeqtMf2x+g1YblEZZigWg99LzVRQTPDmcCFNco1ppTN6BSHJSoqUUfFUnSlLKjUei7j2lBS87b2xkxuo4KrNDeo2MKySml/XbEOvWvXb7l3nZYT3Ff6TTiHS7gCH24ggCdoQwgMED7hC77JGQnII3n+X22Q6uYUVkJefgHpN22N</latexit>

中心性上位のコンタクト

高校 高校

病院 病院

最
終
拡
散
率
S

<latexit sha1_base64="d3mwv+AVWMjEJguVOd50E9Bza30=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtUDaSm1UOeZarNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6aIZWxwF48vfvre++YaZ6oFzNLMZJ0oviYM2rKUed5ZDue6y1yVge/AgeqtEf2x/A1YblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87byxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnIPXn8X22Q6uYYlkKefgHoA22M</latexit>

最
終
拡
散
率
S

<latexit sha1_base64="d3mwv+AVWMjEJguVOd50E9Bza30=">AAABmHicZY49T8MwEIbP5auErwAbLIgsTFGCKgFbBAOwtUDaSm1UOeZarNpOFDtIVdSFlRV+HP+GULK0eadH996dnjgVXBvP+yGNtfWNza3mtrWzu7d/YB8edXWSZwxDlogk68dUo+AKQ8ONwH6aIZWxwF48vfvre++YaZ6oFzNLMZJ0oviYM2rKUed5ZDue6y1yVge/AgeqtEf2x/A1YblEZZigWg98LzVRQTPDmcC5Ncw1ppRN6QQHJSoqUUfFQnSpLKjUeibj2lBS87byxoyvo4KrNDeo2NyySml/VbEO3UvXb7k3nZYT3Fb6TTiFc7gAH64ggAdoQwgMED7hC77JCQnIPXn8X22Q6uYYlkKefgHoA22M</latexit>

前半後半

入れ替え

まとめ

高

高 高

低

情報が広く拡散する傾向

逆

高中心性コンタクト
割合

高中心性コンタクト
割合

高中心性のコンタクトの割合大

コンタクト中心性 = 頂点の固有ベクトル中心性の最大値図11

図12

図14

図13

高中心性のコンタクトの短期的な割合が 
情報拡散に影響を与えていることが示唆

コンタクトの順番が情報の拡散率に影響を与えている
αα
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巡回路

枝候補

重ね書き

TSPの近似解法に与える枝候補作成手法の検討
東京理科大学 池口研究室 土佐真義

2.研究背景

最終的な解

3.提案手法

1.TSP

 0

 200

 400

 600

 800

 1000

 1200

 1400

 1600

 1800

 2000

 0  500  1000  1500  2000  2500  3000  3500  4000
 0

 200

 400

 600

 800

 1000

 1200

 1400

 1600

 1800

 2000

 0  500  1000  1500  2000  2500  3000  3500  4000

TSPを解くアルゴリズムは重要

全ての都市を訪れて最初に訪れた都市に戻る 
最短の巡回路を求める組合せ最適化問題

枝候補は近似解法による最終的な解や計算時間に大きく影響

図1: TSPの問題例 
　　(kroA100[1]) 図3: 枝候補と近似解法の関係

図5: 代表都市を選択

図2: kroA100の最適解

図6: 代表都市を最適化 図7: 他の都市を代表都市に 
　　 グループ分け

図8: グループ単位で最適化 図9: 最適化終了

近似解法 
2opt法 
LK法[3] 
LKH法[4] 
etc…

問題

図4: 提案手法

枝候補 
作成手法 
提案手法 
POPMUSIC 
etc…

枝候補問題

重ね書きに用いる巡回路の個数による枝候補の性能変化を調査

4.数値実験
・重ね書きに用いる巡回路数と計算時間の関係

図10: 巡回路数と計算時間 
         (100,000都市問題)

図11: 巡回路数と計算時間 
         (316,227都市問題)

計算時間は線形に増加

・重ね書きに用いる巡回路数と誤差率の関係

図12: 巡回路数と誤差率 
         (100,000都市問題)

図13: 巡回路数と誤差率 
         (316,227都市問題)

ある程度巡回路数を増やせば誤差率に変化はない
・計算時間の詳細

紫: 枝候補作成時間 
緑: LKHの計算時間

紫: 枝候補作成時間 
緑: LKHの計算時間

LKHの計算時間は対数関数的に増加

・巡回路の個数と枝候補の枝本数

図14: 巡回路数と計算時間 
         (100,000都市問題)

図15: 巡回路数と計算時間 
         (316,227都市問題)

図16: 巡回路数と誤差率 
         (100,000都市問題)

図17: 巡回路数と誤差率 
         (316,227都市問題)

LKHの計算時間と同様に対数関数的に増加

6. まとめ

・枝候補の作成に用いる巡回路の個数も重要

参考文献
[1] Gerhard Reinelt, ORSA Journal on Computing, 3, 4, 376–384, 1991.
[2] Eric D Taillard, Keld Helsgaun, European Journal of Operational Research, 272, 2, 420–429, 2019. 
[3] Lin Shen, Kernighan Brian W, Operations Research, 21, 2, 498–516, 1973.
[4] Keld Helsgaun, European Journal of Operational Research, 126, 1, 106–130, 2000. 
[5] David S Johnson, Lyle A McGeoch, C´esar Rego, Fred Glover, 
　  http://archive. dimacs.rutgers.edu/Challenges/TSP/ , 2001. 

・TSPの枝候補は近似解法の性能に直結
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東京理科大学 池口研究室 M1眞岸祈平
新約聖書を対象とした言語ネットワークの解析

◆マタイによる福音書 ◆マルコによる福音書
◆ルカによる福音書 ◆ヨハネによる福音書

言語 語族 バージョン 作成年
ギリシャ語1

インド・ヨーロッパ語族

NA28 2012(1898)
ギリシャ語2 UBS5 2014(1966)
ラテン語 Bublia Sacra Vulgata 1955
英語1 King James Version 1611
英語2 English Standard Version 2001
ドイツ語 Lutherbible 1984
フランス語1 Louis Segond 1910
フランス語2 Second 21 2007
ロシア語 Russian Synodal Version 1876
日本語1 日本語族 口語訳 1954
日本語2 新共同訳 1987

フィンランド語1 ウラル語族 Vanha Kirkkoraamattu 1642
フィンランド語2 Uusi Kirkkoraamattu 1992

中国語 シナ・チベット語族 Chinese Standard Bible 2009

重み無し無向ネットワーク

見よ
動詞

イエス
名詞

が
助詞

ヘロデ
名詞

王
名詞

の
助詞

代
名詞

に
助詞

ユダヤ
名詞

ベツレヘム
名詞

で
助詞

お
接頭辞

生まれ
名詞

なる
動詞

た

助動詞

とき
名詞

最大部分グラフ

孤立点

イエス
名詞

が
助詞

ヘロデ
名詞

王
名詞

の
助詞

代
名詞

に
助詞

、
記号

ユダヤ
名詞

の
助詞

ベツレヘム
名詞

で
助詞

イエスがヘロデ王の代に、ユダヤのベツレヘムで

お生まれになったとき、見よ

[マタイ伝, 2章1節]
お
接頭辞

生まれ
名詞

に
助詞

なる
動詞

た

助動詞

とき
名詞

、
記号

見よ
動詞 ・・・

・・・

単語の重複 
つながりの重複 
句読点 
半句読点 
記号

参考文献

発表文献

研究背景と目的1．

使用データ2． 言語ネットワーク作成手法3．

実験と結果4．

まとめ6．
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図2: 文章中の単語数
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図3: 頂点数と枝数
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◆各言語特有の文章構造が存在

◆文書内容の統一は重要な要素

[1] Ramon Ferrer I Cancho et al.,  biological science, 268, 1482, 2265, 2001. 

[3] Gao Yuyang et al., Physica A, 393, 579–589, 2014. 
[2] Yutaka Shimada et al.,  EPL, 127, 5, 56003, 2019. 

[4] Duncan J Watts et al., Nature, 393, 440–442, 1998.

[5] Yutaka Shimada, et al., Scientific Reports, 6, 34944, 2016.

[P2] 眞岸 祈平 他, 信学技報, 120, 55, 27–32, 2020.
[P3] 眞岸 祈平 他, 信学ソ会, N-1-14, 2020.

[P1] 眞岸 祈平 他, 信学技報, 119, 471, 77–82, 2020.

◆文書内容統一の必要性の検討
◆各言語の文章構造を定量的に解析

新約聖書を用いて言語解析

目的

文書内容の統一可能

言語の種類が豊富

❶

❷

表1

図1

◆時代間比較
◆品詞ごとの構造解析

課題

複雑ネットワーク理論の観点から言語を解析

非構文的 構文的言語表現

現在約200万年前
進化

約6800種類なし種類

土地，歴史，社会的背景などが影響

言語の共通点

◆限られた単語から 
　無限の文を作成できる

単語のつながりが要因？

◆文生成の過程が
迅速で頑健

先行研究

問題点❶ 文書内容が統一されていない

言語の種類が増やせない問題点❷

解析対象: 小説，コーパス

異なる6言語を解析

スモールワールド性，スケールフリー性[1]
文を迅速に生成できる要因を示唆

共通の形成メカニズム[2]
各言語で局所的にネットワーク構造が類似

定性的な言語分類とは異なる[3]
同じ語族であってもネットワーク構造が異なる

本研究

新約聖書

単語の共起に着目

(i) 単語数
(ii) 頂点と枝数

(iii) クラスタ係数と平均頂点間距離

◆単語の使用頻度の影響度の調査

(v) 単語の使用頻度の影響度
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図5: スペクトルグラフ距離d(G(i), G( j))

(iv) ネットワーク構造の類似性

d′!(ρ(i)
r , ρ( j)

r ) = ∫
∞

−∞
|ϱ(i)

r (y) − ϱ( j)
r (y) |dy

d(G(i), G( j)) = 1
Mij − 1

Mij

∑
r=2

d′!(ρ(i)
r , ρ( j)

r )

番目のネットワークiG(i) =
Mij = min (NG(i), NG( j))
ρr = 番目の固有ベクトルr
ϱr = 番目の固有ベクトルの 

累積分布
r

L(i) =
n

∑
j=1

dij

C(i) = 2
ki(ki − 1)

N

∑
j=1

aij

N

∑
l=j+1

ailajl

ki = 頂点の次数i
aij = 隣接行列の 成分i, j

dij = 頂点 間の最短距離i, j

 頂点数N = −0.4
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クラスタ係数C

図6: 単語の使用頻度と各指標の相関係数

◆文書内容が異なると結果が異なる可能性
◆単語の使用頻度は中心性に影響

DC(i) =
N

∑
j=1

aij

BC(i) =
N

∑
j=1, j≠i

N

∑
l=j+1,l≠i

Pjl(i)
Pjl CC(i) = 1

N

∑
j=1

dij頂点 間の経路数Pjl = j, l
頂点 間でPjl(i) = j, l
頂点を通る経路数i

◆文書内容に関わらず言語ごとに傾向は類似

◆言語の文章構造の特徴を定量化可能
◆各言語の文章構造は特徴的

◆言語の文章構造を定量化可能

◆単語の使用頻度は中心性に影響
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スペクトルグラフ距離における累積寄与率と構造的特徴
東京理科大学 工学部 情報工学科 B4 澤田　幸輝

2. スペクトルグラフ距離

6. 結果

7. まとめ 参考文献

ϕ(i) = K(i) − A(i)

ϕ( j) = K( j) − A( j)

G(i)

x(i)
1 , x(i)

2 , …, x(i)
N(i)−1, x(i)

N(i)

x( j)
1 , x( j)

2 , …, x( j)
N(i)−1, x( j)

N(i)

…

G( j)

d′ 1

≡ 1
N(i)

N(i)

∑
r=1

d′ (x(i)
r , x( j)

r )

ラプラシアン行列

d′ 2 d′ N(i)−1 d′ N(i)

d(G(i), G( j))

：対角行列 
　　　　対角成分は次数

：隣接行列

： の 番目の固有ベクトルϕ(i) r

：ネットワーク 頂点数G(i)
x(i)

r
N(i)

A(i)
K(i)

, …, x( j)
N( j)

3. 提案手法

G0

G0.1

G1

Gp0

基準のWSモデル

比較対象のWSモデル

繋ぎかえ確率 のWSモデルp = 0.0

繋ぎかえ確率 のWSモデルp = 0.1

繋ぎかえ確率 のWSモデルp = 1.0

D(p0,0)

D(p0,0.1)

D(p0,1)
D(p0, p) :基準と比較対照間のスペクトルグラフ距離

5. 数値実験

提案手法：寄与率の高い固有ベクトルのみで説明できる

：繋ぎ変え確率 ：スペクトルグラフ距離縦軸横軸

従来手法：寄与率の低い固有ベクトルのみで説明できる

6.1 頂点数とスペクトルグラフ距離

基準の繋ぎかえ確率 p0 = 0.2累積寄与率c :

6.2 繋ぎかえ確率とスペクトルグラフ距離

提案手法 従来手法

・従来:寄与率の小さい固有ベクトルから使用

・提案:寄与率の大きい固有ベクトルから使用

寄与率の大小にかかわらず， 
固有ベクトルが同等のネットワークの特性を反映

[1] Yutaka Shimada, Yoshito Hirata, Tohru, Ikeguchi and Kazuyuki Aihara, “Graph distance for complex 
networks, ” Scientific reports, Vol. 6, No. 1, pp. 1—6, 2016.

[2] Duncan J Watts and Steven H Strogaz, “Collective dynamics of ‘small-world’ networks, ” nature, 
Vol. 393, No. 6684, pp. 440—442, 1998.

1. 背景 同じ頂点数のネットワーク 異なる頂点数のネットワーク

1 2

1

11

222

3 3 3

34 4

4

4 5

隣接行列

ハミング距離 ハミング距離

4. 使用ネットワーク

p = 0

格子グラフ ランダムネットワーク

：繋ぎ変え確率 n ：頂点数 kp ：次数

p = 0.1 p = 1

スモールワールドネットワーク

Watts-Strogatzモデル

x(i)
1 , x(i)

2 , …, x(i)
N(i)

x( j)
1 , x( j)

2 , …, x( j)
N(i), …, x( j)

N( j)

…
従来手法

x( j)
1 , …, x( j)

N( j)−1, x( j)
N( j)

x(i)
1 , …, x(i)

N(i)−N( j)+1…, x(i)
N(i)−1, x(i)

N(i)…
提案手法

：各固有値に対応する固有ベクトル ：頂点数

・従来:寄与率の小さい固有ベクトルから使用

・提案:寄与率の大きい固有ベクトルから使用

x(i)
r N(i)

⭕異なる頂点数のネットワークにも利用可能
⭕有向ネットワークに利用可能

スペクトルグラフ距離

提案手法と従来手法で傾向は変わらない
構造の差異を定量化

：頂点数 ：スペクトルグラフ距離

n0 = 200

縦軸横軸

基準の頂点数

p = 0.1繋ぎかえ確率

5.1 頂点数とスペクトルグラフ距離 5.2 繋ぎかえ確率とスペクトルグラフ距離

基準のWSモデル

比較対照のWSモデル

繋ぎかえ確率 のWSモデルn = 10

繋ぎかえ確率 のWSモデルn = 20

繋ぎかえ確率 のWSモデルn = 30

Gn0

G10

G20

G30

D(n0,10)

D(n0,20)

D(n0,30)

D(n0, n) :基準と比較対照間のスペクトルグラフ距離
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จɹ A Method for Extracting Nonlinear Time Series Property

ɹɹɹɹɹ by Changing Threshold of Recurrence Plot

ɹɹɹɹɹ ϦΧϨϯεϓϩοτͷᮢมԽʹΑΔඇઢྻܥ࣌ܗͷಛੑநग़๏

ຊจͰɼ؍ଌྻܥ࣌ͷಛΛ 2ͷ Խ͢ΔϦΧϨϯεϓϩοτࢹը૾ͱՄݩ࣍2 (RP) Λ༻͍ͨඇઢ

͕ᮢΑΓ͚ۙڑͷঢ়ଶؒͷࠁ࣌ͷ৽͍͠ಛੑநग़ख๏ΛఏҊ͍ͯ͠ΔɽRPɼ2ͭͷରԠ͢Δྻܥ࣌ܗ

ΕɼରԠ͢ΔըૉʹΛଧͪɼԕ͚ΕΛଧͨͳ͍ͱఆٛ͞ΕΔɽRPγϯϓϧͳఆٛͰ͋ΔʹؔΘ

Βͣɼྻܥ࣌σʔλͷഎޙʹજΉྗֶܥͷ༷ʑͳใΛఆੑతʹѲ͢Δ͜ͱ͕Ͱ͖ΔͨΊɼ༗ྗͳඇઢ࣌ܗ

ղੳख๏ͷҰͭͱͳ͍ͬͯΔɽྻܥ

·ͨɼRPͰ༻͍ΒΕΔ 2ؒڑใɼΧΦεྻܥ࣌ղੳʹ͓͍ͯૅجͱͳΔใͰ͋Δɽͦͷଞʹ

ॏཁͳใͱͯ͠ɼيಓϕΫτϧͷใ͕͛ڍΒΕΔͨΊɼຊจͰɼيಓϕΫτϧͷใΛྀͨ͠ߟ RP

ͷ֦ுख๏Ͱ͋ΔಉํੑϦΧϨϯεϓϩοτ (IDRP) ༻͍ΔɽՃ͑ͯɼRPͱ IDRP͔Βɼಉํతۙ

ϓϩοτ (IDNP) Λ࡞͢Δ͜ͱ͕Ͱ͖ΔɽIDNPɼ2ͭͷରԠ͢Δࠁ࣌ͷঢ়ଶ͕͔ۙͭಉํੑͷؔ

Ͱ͋Δ߹ͷͱ͖ͷΈɼରԠ͢ΔըૉʹΛଧͭख๏Ͱ͋Δɽಛʹ IDNPྻܥ࣌ͷܾఆੑݕग़ʹ༗ޮͳख

๏Ͱ͋Δɽ·ͨɼIDNPతͳᮢΛͣͨ࣋ɼRPͱ IDRPͷͦΕͧΕͷᮢʹґଘ͢Δɽ

ҰํͰɼRPɼIDRPͷᮢ৻ॏʹઃఆ͢Δඞཁ͕͋Δɽ͜ΕᮢͷઃఆΛޡΔͱྻܥ࣌ͷಛΛ͏·

͘ଊ͑ΒΕͳ͍߹͕͋ΔͨΊͰ͋Δɽ͔͠͠ͳ͕Βɼྻܥ࣌ʹԠͨ͡ྑ࠷ͳᮢɼྗֶܥͷߏʹ͘ڧґ

ଘ͢Δ͜ͱ͔ΒɼҰҙʹఆΊΔͷ͍͠ɽ

ͦ͜ͰຊจͰɼRPͱ IDRPͷᮢΛมԽͤͯ͞ɼᮢͷมԽʹΑΓ RPɼIDRPɼIDNP্ͷϓϩοτ

ύλʔϯ͕ͲͷΑ͏ʹਪҠ͢Δͷ͔Λௐࠪ͠ɼͦͷਪҠΛྻܥ࣌ͷಛੑͱͯ͠ଊ͑Δख๏ΛఏҊ͢Δɽ͜

ͷͱ͖ɼؼ࠶ఆྔԽղੳख๏ (RQA) Λ༻͍Δ͜ͱͰɼᮢͱ RP্ͷϓϩοτύλʔϯͷؔΛఆྔతʹଊ

͑Δ͜ͱ͕Ͱ͖Δɽ

·ͣɼఏҊख๏ͷଥੑΛௐࠪ͢ΔͨΊʹɼඇઢ͔ܥֶྗܗΒ؍ଌ͞ΕΔܾఆతΧΦεྻܥ࣌ͱ֬త

ͳͦྻܥ࣌ΕͧΕʹఏҊख๏Λద༻͠ɼ͜ΕΒͷಛੑผͷ༗ޮੑΛௐࠪͨ͠ɽ࣍ʹɼৼΔ͍͕ࣅΔͱ͞Ε

ΔܾఆతΧΦεྻܥ࣌ͱपظԠʹμΠφϛΧϧϊΠζ͕ՃΘͬͨྻܥ࣌ʹఏҊख๏Λద༻͠ɼ͜ΕΒͷಛ

ੑผͷ༗ޮੑΛௐࠪͨ͠ɽ࣮݁ݧՌΑΓɼܾఆతΧΦεྻܥ࣌ͱपظԠʹμΠφϛΧϧϊΠζ͕Ճ

Θͬͨྻܥ࣌ͷಛੑผ͕ՄͰ͋Δ͜ͱ͕ࣔ͞ΕͨɽՃ͑ͯɼఏҊख๏ʹΑͬͯɼܾఆతΧΦεྻܥ࣌ͱ

ඇϒϥϯӡಈͷΑ͏ͳ༗৭ϊΠζྻܥ࣌ͷผՄͰ͋Δ͜ͱ͕ࣔ͞Εͨɽ·ͨɼطଘͷ RPͷᮢ

ઃఆํ๏ʹΑΔಛੑͷݕޡग़ͷ໌͕ੑݥةΒ͔ͱͳΓɼఏҊख๏ʹΑΔᮢมԽʹ͏ͱϓϩοτύλʔϯͷ

ਪҠΛௐࠪ͢Δ͜ͱͷඞཁੑ͕ࣔࠦ͞Εͨɽ
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จɹ A Method for Extracting Nonlinear Time Series Property

ɹɹɹɹɹ by Changing Threshold of Recurrence Plot

ɹɹɹɹɹ ϦΧϨϯεϓϩοτͷᮢมԽʹΑΔඇઢྻܥ࣌ܗͷಛੑநग़๏

In this thesis, using a recurrence plot (RP) which visualizes the features of an observed time series into

a binary two-dimensional image, we proposed a new method for extracting properties of nonlinear time

series. RP can be defined as follows: if the distance between two states at two corresponding times is

closer than a threshold, a point is plotted on the corresponding pixel; if it is farther, no point is plotted.

Despite its simple definition, RP is one of the most powerful nonlinear time series analysis methods

because it can qualitatively grasp difference between various dynamical systems behind the time series.

The distance information between two points used in RP is the basic information in chaotic time series

analysis. In addition, the information of the trajectory vectors is also important. Therefore, in this

thesis, we also use the information of the trajectory vectors in the iso-directional recurrence plot (IDRP),

which is an extended method of RP. Besides, from the RP and the IDRP, we can create an isotropic

neighborhood plot (IDNP). IDNP is a method of plotting the corresponding pixel only when the states

of the two corresponding times are near and in the same direction. In particular, IDNP is an effective

method to detect determinism of time series. Moreover, IDNP does not have a direct threshold but

depends on the threshold of RP and IDRP.

On the other hand, the thresholds of RP and IDRP need to be set carefully. This is because if the

thresholds are set incorrectly, the features of the time series may not be captured well. However, it is

difficult to uniquely determine the best threshold value for each time series because it strongly depends

on the structure of the target system. In this thesis, we investigate the relationship between the threshold

values and the plot patterns on RP, IDRP, and IDNP. Then, we proposed a method for capturing the time

series properties by observing the transition of the recurrence quantification analysis (RQA) statistics.

Using RQA, the relationship between the thresholds and the plot patterns on the RPs, IDRPs and IDNPs

can be captured quantitatively.

First, to investigate the validity of the proposed method, we applied the proposed method to determin-

istic chaotic time series observed from nonlinear dynamical systems and stochastic time series. Next, we

applied the proposed method to the deterministic chaotic time series and the noisy periodic time series.

Then, we investigated the effectiveness of the discrimination of these properties. The numerical exper-

iments showed that the proposed method could discriminate the deterministic chaotic time series and

the noisy periodic time series. Besides, it is shown that the proposed method can discriminate between

deterministic chaotic time series and colored noise time series, such as the fractional Brownian motion.

In addition, the danger of false detection of the properties by the existing threshold setting method of

RP was revealed, which implies that it is essential to apply the proposed method which investigates the

trend of the plot patterns with the change change of the threshold of RP.
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จ Detecting Causality for Point Processes Based on Nonlinear Dynamical System Theory

ɹɹɹɹ ඇઢܥֶྗܗཧʹ͍ͨͮجաఔσʔλʹର͢ΔҼՌੑݕग़

ଌՄͱͳͬͨɽզʑɼαϯϓϦ؍σʔλΛྻܥ࣌ͷݩ࣍ਫ਼ʹଟߴΑΓɼ༷ʑͳͰʹ্ଌٕज़ͷ؍

ϯάִ͕ؒҰఆͳྻܥ࣌σʔλҎ֎ʹαϯϓϦϯάִ͕ؒҰఆͰͳ͍ଟݩ࣍ͷաఔσʔλଟ͘؍ଌ

͢Δ͜ͱ͕Ͱ͖Δɽయܕతͳաఔσʔλͱͯ͠ɼਆ׆ܦಈʹΑΓಘΒΕΔεύΠΫྻɼ׆ಈɼࡁܦ

ͷΈͷաఔσʔλؒ࣌ΔɽεύΠΫྻχϡʔϩϯͷൃՐ͢ࡏಈ͔ΒಘΒΕΔϚʔΫաఔσʔλ͕ଘ׆

Ͱ͋Δ͕ɼϚʔΫաఔɼΠϕϯτൃੜࠁ࣌ʹԿΒ͔ͷใؚ͕·Ε͍ͯΔσʔλͰ͋Δɽ

͔͠͠ɼ͜ͷΑ͏ʹଟݩ࣍ͷաఔσʔλΛ؍ଌͰ͖ΔΑ͏ʹͳͬͨʹؔΘΒͣɼաఔੜͷഎޙʹ͋

ΔࣄؒͷҼՌؔ໌͕Β͔ʹͳ͍ͬͯͳ͍߹͕ଟ͍ɽಘΒΕͨྻܥ࣌σʔλɼաఔσʔλ͔Βɼࣄؒ

ͷؔ࿈ੑɼ͢ͳΘͪҼՌؔΛ໌Β͔ʹ͢Δ͜ͱ͕Ͱ͖Εɼࣗવݱ׆ࡁܦಈͳͲզʑͷࣾձʹว͢ࡏΔ

छʑͷෳݱࡶΛཧղ͢ΔҰॿͱͳΔ͚ͩͰͳ͘ɼ༧ଌɾஅɾ੍ޚͳͲͷछʑͷֶతԠ༻͕ՄͱͳΔɽ

͜Ε·Ͱɼྻܥ࣌σʔλؒͷҼՌੑΛݕग़͢Δख๏ͱͯ͠ɼઢܗճͮ͘جʹؼGranger causalityใཧ

ͮ͘جʹ transfer entropyͳͲ͕͘༻͍ΒΕ͍ͯΔɽ͔͠͠ɼ͜ΕΒͷख๏ܾఆతඇઢ͔ܥֶྗܗΒಘ

ΒΕΔྻܥ࣌σʔλʹରͯ͠ɼਅͷҼՌؔͱٙࣅ૬ؔΛ۠ผͰ͖ͳ͍͜ͱͳͲɼ༷ʑͳΛ༗͍ͯ͠Δ

ͷ࣮ࣄͰ͋ΔɽҰํɼඇઢܥֶྗܗཧʹͮ͘جҼՌੑݕग़ख๏ͱͯ͠ convergent cross mapping (CCM)

͕ఏҊ͞Ε͓ͯΓɼܾఆతඇઢܥֶྗܗʹର͢ΔҼՌੑݕग़ʹ͓͍ͯ༗ޮͰ͋Δ͜ͱ͕ࣔ͞Ε͍ͯΔɽ͔͠

͠ɼඇઢܥֶྗܗཧͷཱ͔Βͷաఔσʔλʹର͢Δղੳख๏ेʹඋ͞Ε͍ͯͳ͍ͷ͕ݱঢ়Ͱ͋Γɼ

աఔσʔλʹର͢ΔҼՌੑݕग़ख๏΄ͱΜͲͳ͍ɽ

ͦ͜ͰɼຊจͰɼCCMΛ֦ு͢Δ͜ͱͰɼεύΠΫྻͷΑ͏ͳϚʔΫͷͳ͍աఔσʔλɼϚʔΫ

աఔσʔλʹର͢ΔҼՌੑݕग़ख๏ΛఏҊ͢ΔɽCCMΛ༻͍ͯҼՌੑΛݕग़͢Δࡍʹɼ؍ଌ͔ྻܥ࣌Βঢ়

ଶۭؒΛߏ࠶͢Δඞཁ͕͋ΓɼεύΠΫྻʹରͯ͠Ԇ࠲ඪܥΛ༻͍Δ͜ͱͰɼঢ়ଶۭؒΛߏ࠶Մͳ͜

ͱ͢Ͱʹٞ͞Ε͍ͯΔ͕ɼϚʔΫաఔ͔Βͷঢ়ଶۭؒߏ࠶ٞ͞Ε͍ͯͳ͍ɽຊจͰɼϚʔ

Ϋաఔʹରͯ͠Ԇ࠲ඪܥΛ༻͍ͯঢ়ଶۭؒΛߏ࠶͢Δํ๏ΛఏҊ͠ɼͦͷଥੑΛ࣮ݧʹΑΓݕ

ূͨ͠ɽ݁Ռͱͯ͠ɼԆ࠲ඪܥΛ༻͍Δ͜ͱͰɼϚʔΫաఔ͔Βঢ়ଶۭؒΛߏ࠶Ͱ͖Δ͜ͱ͕ࣔࠦ͞

Εͨɽ·ͨɼཧϞσϧ͔Βੜͨ͠εύΠΫྻɼϚʔΫաఔʹରͯ͠ɼఏҊख๏Λద༻͢Δ͜ͱͰɼҼ

Ռੑݕग़͕ՄͱͳΔ͜ͱ͕Θ͔ͬͨɽ
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จ Detecting Causality for Point Processes Based on Nonlinear Dynamical System Theory

ɹɹɹɹ ඇઢܥֶྗܗཧʹ͍ͨͮجաఔσʔλʹର͢ΔҼՌੑݕग़

In recent years, improvements in observation technologies have made it possible to observe multi-

dimensional time series data with high precision in many fields. In addition, we can also observe not

only time series data with regular sampling intervals but also point process data with irregular sampling

intervals. Typical examples of the multi-dimensional point process data and marked point process data

include spike trains obtained from neural, seismic and economic activities. Spike trains are point process

data only with the firing timing of neurons, while marked point processes are data with some information

and the event timing.

In this way, although we can observe multi-dimensional point process data, causal relationships between

the events behind the generation of point processes are not yet clear in many cases. If we can clarify

the causal relationships between events from observed multi-dimensional point process data, it cannot

only help us understand various complex phenomena that are ubiquitous in our society, such as natural

phenomena and economic activities, but also enable various engineering applications such as prediction,

diagnosis, and effective control.

Various methods have been proposed to detect causality between time series data, such as the Granger

causality based on linear regression and transfer entropy based on the information theory. However,

these methods have various problems, such as the inability to distinguish actual causality from spuri-

ous causality for time series data obtained from nonlinear deterministic dynamical systems. Therefore,

convergent cross mapping (CCM), a causality detection method based on nonlinear dynamical systems

theory, has been proposed. It is effective in causality detection for nonlinear deterministic dynamical

systems. However, the analysis method for point process data based on the nonlinear dynamical system

theory has not been sufficiently developed yet, and there are few causality detection methods for point

process data.

Therefore, in this thesis, we propose a method for detecting causality for spike trains and marked point

processes by modifying CCM. To detect causality using CCM, it is necessary to reconstruct the state

space from the observed time series. The state space reconstruction from interspike intervals of spike

train has already been discussed. However, the state space reconstruction from marked point processes

has not been fully explored. Therefore, in this thesis, first we propose a method to reconstruct the state

space from the marked point process using a delay coordinate system; then, we verified the validity of

the proposed method by numerical experiments. As a result, it is suggested that the state space can be

reconstructed from the marked point process using the delayed coordinate system. Next, we apply the

proposed method of causality detection to the spike trains and marked point processes generated from

the mathematical model. As a result, the proposed method is effective for detecting causality for spike

trains and marked point processes.
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จ Effectiveness of Visibility Graph for Marked Point Processes and its Application to

ɹɹɹɹ Analyzing Structural Features of Musical Composition

ɹɹɹɹ ϚʔΫաఔʹର͢Δ Visibility Graph ͷ༗ޮੑͷݕ౼ͱָߏۂղੳͷԠ༻

ෳࡶωοτϫʔΫཧʹ͓͍ͯɼྻܥ࣌σʔλͱωοτϫʔΫͷؔΛղੳ͢Δ͕ڀݚΜʹߦΘΕ͍ͯΔɽ

ྫ͑ɼ2006 ʹ J. Zhang ΒʹΑΓྻܥ࣌ΛωοτϫʔΫʹม͢Δख๏͕ఏҊ͞Ε͍ͯΔɽ·ͨɼ2012

ʹౡాΒʹΑΓωοτϫʔΫΛྻܥ࣌ʹม͢Δख๏͕ఏҊ͞Ε͍ͯΔɽ͜ΕΒͷख๏ʹΑΓɼྻܥ࣌σʔ

λͱωοτϫʔΫΛؔ࿈͚ͮͯղੳ͢Δ͜ͱͷ༗ޮੑ͕ূ໌͞Ε͍ͯΔɽ͔͠͠ɼੈ࣮ݱքʹ͓͍ͯɼ࿈ଓ

తʹ؍ଌͯ͠ಘΒΕͨྻܥ࣌σʔλΑΓΉ͠ΖɼࢄతͳΠϕϯτྻܥʹԿΒ͔ͷใ͕༩͞ΕͨϚʔΫ

աఔσʔλͷ΄͏͕ଟ͘ଘ͢ࡏΔɽ͜ͷΑ͏ʹه͞ΕΔσʔλͷྫͱͯ͠ɼͷൃੜλΠϛϯάɼ ֤

छۚ༥ࢢͷಈ͖ͳͲ͕͋Δɽ͔͠͠ɼෳࡶωοτϫʔΫཧʹ͓͍ͯɼ͜ΕΒͷϚʔΫաఔͱωοτ

ϫʔΫͷؔʹ͍ͭͯेʹٞ͞Ε͍ͯͳ͍ɽͦ͜ͰɼຊจͰɼϚʔΫաఔͱωοτϫʔΫͷؔ

͢Δɽʹ

ຊจͰɼ·ͣϚʔΫաఔʹରͯ͠ɼVisibility Graph (VG) ๏Λద༻͢Δͱ͖ͷ༗ޮੑΛݕ౼͢Δɽ

VG๏ྻܥ࣌σʔλΛωοτϫʔΫʹม͢Δख๏ͷҰͭͰ͋Δ͕ɼྻܥ࣌σʔλͷͱؒ࣌ใΛ྆ํ

༻͢ΔͨΊɼϚʔΫաఔʹద༻Ͱ͖Δͱ͑ߟΒΕΔɽͦ͜ͰɼϚʔΫաఔʹରͯ͠ VG๏ͷ༗ޮੑ

Λௐࠪ͢ΔͨΊɼඇઢܗৗඍํఔ͔ࣜΒ࡞ͨ͠ϚʔΫաఔʹରͯ͠ VG๏Λద༻͠ɼωοτϫʔΫΛ

తಛͷࠩҟΛղੳ͢Δ͜ͱͰɼϚʔΫߏग़ͨ͠ࢉ͍ͯ༺Λڑ͢Δɽ۩ମతʹɼωοτϫʔΫؒ࡞

աఔʹର͢Δ VG ๏ͷ༗ޮੑΛௐࠪͨ͠ɽͦͷ݁ՌɼϚʔΫաఔʹରͯ͠ VG๏͕༗ޮͰ͋Δ͜ͱ͕

ࣔ͞Εͨɽ

·ͨɼຊจͰϚʔΫաఔΛωοτϫʔΫʹม͢ΔԠ༻ͱͯ͠ɼָۂσʔλΛϚʔΫաఔσʔ

λͱͯ͠ѻ͍ɼωοτϫʔΫʹม͢Δ͜ͱͰෳࡶωοτϫʔΫཧͷ؍͔ΒղੳΛ͏ߦɽͦͷࡍɼVG๏

Λ֦ுͨ͠৽ͨͳωοτϫʔΫมख๏ΛఏҊ͢Δɽ֦ுͨ͠ VG ๏Իූͷ͚ͩ͞ߴͰͳ͘ɼԻූͷܧଓ

ΔͨΊɼैདྷͷྀ͍ͯ͠ߟؒ࣌ VG ๏ΑΓָۂσʔλͷղੳʹద͍ͯ͠Δ͜ͱ͕໌Β͔ͱͳͬͨɽఏҊख

๏Λ༻͍ͯಘΒΕͨωοτϫʔΫʹର͠ɼωοτϫʔΫؒڑΛఆྔԽ͢Δख๏Λ༻͍ͯɼָߏۂͷࠩҟΛ

ղੳ͢ΔɽߋʹɼָۂͷಛΛఆྔԽ͢ΔͨΊɼϦΧϨϯεϓϩοτͱͦͷఆྔԽख๏Λ༻ָ͍ͨۂͷܾఆ

ੑΛ͢ࢉܭΔख๏ΛఏҊ͠ɼܾఆੑͷࠩҟͱ͍͏؍͔ΒָۂղੳΛ͏ߦɽ݁Ռͱͯ͠ɼܾఆੑָۂͷ

ඪͱͳΓಘΔ͜ͱ͕ࣔ͞ΕͨɽࢦΛఆྔԽͰ͖Δߏ
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จఏग़ऀ ɹϞɹϑΫΧ߈ઐֶӦܦ

จ Effectiveness of Visibility Graph for Marked Point Processes and its Application to

ɹɹɹɹ Analyzing Structural Features of Musical Composition

ɹɹɹɹ ϚʔΫաఔʹର͢Δ Visibility Graph ͷ༗ޮੑͷݕ౼ͱָߏۂղੳͷԠ༻

The relationship between time series and networks has been widely discussed in the theory of complex

networks. For example, J. Zhang, M. Small et al. proposed a method to transform time series into

networks in 2006, and Y. Shimada, T. Ikeguchi et al. proposed a method to transform networks into time

series in 2012. Both of these studies have already been proved to be effective to analyze the relationship

between time series and networks. Most commonly, time series data are a sequence taken at successive

equally spaced points in time. However, there are different types of data that can only be observed at

irregular intervals in the real world, which are called marked point process data. For example, occurrence

timing in seismic activities data, changes in the stock price in financial markets, and many other data

are described by the marked point process data. Therefore, it is also important to study the relationship

between marked point processes and networks which has rarely been discussed in the theory of complex

networks.

In this thesis, we first discuss the possibility to transform marked point processes into networks by using

the visibility graph (VG) method. Despite the VG method being one of the methods to transform time

series into networks, it is considered that the VG method can also be applied to marked point processes

because the VG method uses both values and time information. To investigate the effectiveness of the

VG method for marked point processes, we apply the VG method to the marked point processes created

from the nonlinear ordinary differential equations and investigate the difference in structural features

between networks created by using the inter-network distance. As a result, we show that the VG method

can reflect the characteristics of the marked point processes properly.

Also, as an application of transforming marked point processes into networks, we treat musical composi-

tions data as marked point processes and transform them into networks that preserve structural features

of the corresponding marked point processes. We can analyze the structures of musical compositions

through the corresponding marked point processes and networks. Then, we propose a two-dimensional

extended marked point process for musical compositions and a new method of transforming the extended

marked point processes to networks by using the VG method. We show that the proposed method is more

suitable for analyzing musical composition data than the conventional VG method because the proposed

method treats not only the heights of notes but also the duration of notes. Further, we investigate how

to extract features of musical compositions by focusing on the temporal structure changes. In particular,

we calculate determinism of the musical composition data, which can represent the regularity of musical

composition. As a result, we show that determinism can be a good indicator for quantifying the regularity

of musical composition.
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จ A Study on Emerging of Brain Disorders Induced by Neuron Ratio Imbalance

ɹɹɹɹ Using a Mathematical Model of Spiking Neural Networks

ɹɹɹɹ ཧϞσϧΛ༻͍ͨχϡʔϩϯൺෆ͕ߧۉಋ͘ػোͷൃݱʹؔ͢Δڀݚ

ώτͷʹઍԯݸҎ্ͷχϡʔϩϯ͕ଘ͢ࡏΔɽχϡʔϩϯ৴߸Λड͚औΓɼ෦ঢ়ଶ͕͋ΔҰఆΛ

͑ͯൃՐ͢Δ͜ͱͰ݁߹͢Δଞͷχϡʔϩϯʹ৴߸ΛૹΔɽ·ͨɼχϡʔϩϯʹଞͷχϡʔϩϯͷൃՐΛ

ଅਐ͢ΔڵฃੑχϡʔϩϯͱաͳൃՐΛ੍͢ޚΔ੍ੑχϡʔϩϯ͕ଘ͢ࡏΔɽ͜ΕΒͷߧۉಉൃظՐͷ

ଅਐͱաൃՐΛ੍͍ͯ͠ޚΔͱ͑ߟΒΕ͍ͯΔɽੜཧֶ࣮ݧʹΑΓಘΒΕ͔ͨݟΒɼώτͷେൽ࣭ʹ

ฃੑχϡʔϩϯ͕ڵ 80%ɼ੍ੑχϡʔϩϯ͕ 20% ଘ͢ࡏΔ͜ͱ͕ΒΕ͍ͯΔ (ੜཧֶతൺ)ɽ͔͠͠ɼ

ͳͥ͜ͷൺͳͷ͔ɼ·ͨɼ͜ͷൺ͕มԽͨ͠߹ɼͷใॲཧʹͲͷΑ͏ͳӨڹΛ༩͑Δͷ͔໌Β͔

ʹ͞Ε͍ͯͳ͍ɽҰํɼڵฃੑ/੍ੑχϡʔϩϯൺͷෆ͕ࣗߧۉดεϖΫτϥϜɼμϯɼ౷߹ࣦௐ

ɼΞϧπϋΠϚʔපͳͲɼ༷ʑͳ࣬ױͰ؍ଌ͞Ε͓ͯΓɼ͜ͷෆ͕͜ੑߧۉΕΒͷػোΛ༠Ҿ͍ͯ͠

Δ͜ͱ͕ࣔࠦ͞Ε͍ͯΔɽ

ຊจͰɼ·ͣεύΠΩϯάχϡʔϥϧωοτϫʔΫͷཧϞσϧΛ༻͍ͯɼڵฃੑ/੍ੑχϡʔϩϯ

ൺ͕ωοτϫʔΫʹ༩͑ΔӨڹͷఆྔతධՁΛ͏ߦɽಛʹɼ࣮ࡍͷͰ؍ଌ͞Ε͍ͯΔεύΠΫλΠϛϯ

άґଘՄ઼ੑ (STDP)ͷγφϓεֶशΛద༻͢Δ͜ͱʹΑΓɼχϡʔϩϯͷظతͳ׆ಈߏܗͷӨڹ

Λௐࠪ͢ΔɽͦͷࡍɼਆܦՊֶʹ͓͚Δجຊతͳख๏ʹՃ͑ɼใཧɼෳࡶωοτϫʔΫཧΛ༻͍ͨ

ఆྔతղੳΛ͏ߦɽ

݁Ռͱͯ͠ɼୈҰʹɼχϡʔϩϯͷ׆ಈΛௐࠪͨ͠ͱ͜ΖɼωοτϫʔΫ্ͷฏൃۉՐɼಉظੜཧ

ֶతൺͰ࠷େԽ͢Δ͜ͱ͕໌Β͔ͱͳͬͨɽ·ͨɼγφϓεͷֶशաఔΛௐࠪͨ݁͠ՌɼSTDPʹΑΔظ

ѹͱ੍ੑχϡʔϩϯʹΑΔతͳѹͷτϨʔυΦϑ͕ؔଘ͢ࡏΔ͜ͱΛ֬ೝͨ͠ɽ͜ͷ݁Ռɼ2

छྨͷѹʹΑΔӨ࠷͕ڹখԽ͞Εͨൺ͕ੜཧֶతൺʹରԠ͢Δ͜ͱΛࣔࠦ͢ΔͷͰ͋Δɽୈೋʹɼ

ใཧΛ༻͍ͨղੳͱͯ͠ɼDelayed Transfer EntropyΛ֦ுͨ͠ࢦඪΛ༻͍ͯγφϓεͷใྲྀΛఆྔԽ͠

ͨɽͦͷ݁Ռɼγφϓε୯ମͰͷہॴతͳใྔɼੜཧֶతൺͰඞͣ͠࠷େԽ͞Εͳ͍͕ɼෳͷγφ

ϓεʹ·͕ͨΔେҬతͳใྔ࠷େԽ͞ΕΔ͜ͱ͕໌Β͔ͱͳͬͨɽୈࡾʹɼෳࡶωοτϫʔΫཧʹͮج

͍ͨ༗ॏΈ͖ωοτϫʔΫͱͯ͠ͷղੳΛͨͬߦɽͦͷ݁ՌɼSTDPֶशʹΑΓܗ͞ΕΔϑΟʔυϑΥ

ϫʔυߏ͕χϡʔϩϯͷ׆ಈʹ༩͑ΔӨڹඍখͰ͋Δ͜ͱΛ໌Β͔ʹͨ͠ɽ·ͨɼ֤χϡʔϩϯͷग़γφ

ϓεڧͷ૬͕͍ؔߴ߹ʹൃՐ্ঢ͢Δ͜ͱࣔ͞Εͨɽ

͜ΕΒͷ݁ՌΛड͚ͯɼຊจͰɼχϡʔϥϧωοτϫʔΫͰಘΒΕΔਆ׆ܦಈσʔλ͔ΒɼfMRI৴߸

ʹม͢ΔཧϞσϧΛ༻͍ͯɼμϯऀױͷωοτϫʔΫͷҟৗੑͷݱ࠶ݟΛࢼΈͨɽͦͷ݁Ռɼ

ཧతͳڑͷҧ͍ʹΑΔ׆ಈ૬ؔͷΛ͢ݱ࠶Δ͜ͱʹޭͨ͠ɽ

Ҏ্ΑΓɼڵฃੑ/੍ੑχϡʔϩϯൺͷෆੑߧۉػͷੑ׆ԼΛҾ͖͜͢͜ىͱΛ࣮͔ݧΒ

໌Β͔ʹͨ͠ɽ͜ΕΒͷ݁ՌɼཧϞσϧΛ༻͍ͨௐࠪʹΑΓɼ֤࣬ױͷোͷݪҼղ໌ΛՄͱ͢Δ͜ͱɼ

͞Βʹɼ͜ΕΒͷ࣬ױͷྍ࣏๏ͷ։ൃʹ͢ݙߩΔͷͰ͋Δɽ

Ikeguchi Laboratory 2020(p. 160 / 188)



म࢜จཁࢫ

ओࠪ: ޱɹప ɹ तڭ

෭ࠪ: ཱ ஐষ ।ڭत
෭ࠪ: ∅ ۣٛ ɹॿڭ

จఏग़ऀ ٶɹ߈ઐֶӦܦ ೆ෩

จ A Study on Emerging of Brain Disorders Induced by Neuron Ratio Imbalance

ɹɹɹɹ Using a Mathematical Model of Spiking Neural Networks

ɹɹɹɹ ཧϞσϧΛ༻͍ͨχϡʔϩϯൺෆ͕ߧۉಋ͘ػোͷൃݱʹؔ͢Δڀݚ

There are more than 100 billion neurons in the human brain. A neuron receives signals and sends signals

to other connected neurons by firing when its internal state exceeds a threshold value. Also, excitatory

neurons promote the firing of other neurons and inhibitory neurons that depress excessive firing. We

consider that balancing these two types of neurons can contribute to the control of synchronized firings

and excessive firings. Physiological experiments have shown that the cerebral cortex contains 80 percent

excitatory neurons and 20 percent inhibitory neurons (the physiological ratio). However, it has not

been clarified why this ratio exists and how this ratio affects information processing in the brain. In

addition, excitatory/inhibitory imbalance has been observed in various diseases such as autism spectrum

disorder, Down syndrome, schizophrenia, and Alzheimer’s disease. It has been suggested that this neural

imbalance induces brain impairment. In this thesis, we use a mathematical model of spiking neural

networks to evaluate the effect of neuron ratio on the brain functions quantitatively. In particular, we

apply the synaptic learning of Spike timing-dependent plasticity (STDP), which has been observed in

the real brain, to investigate the effects on activities in the long-term and structure formation of neural

networks. We use information theory and complex network theory for quantitative evaluation in addition

to basic neuroscience methods.

As a first result, from the investigation of neural activity, we clarified that the average firing rate and the

degree of synchronization in the network are maximum at the physiological ratio. We also investigated

the learning process of synapses and suggested a trade-off relation between long-term depression by

STDP and direct depression by inhibitory neurons. Results show that the physiological ratio corresponds

to the ratio in which the two types of suppression was minimum. Secondly, we quantified synaptic

information flow for analysis based on information theory using an extended Delayed Transfer Entropy.

The results showed that the global information flow across multiple synapses was maximum though the

local information at single synapses was not maximum by the physiological ratio. Thirdly, we analyzed

the results as a directed weighted network based on the complex network theory. Then, we clarified that

the feed-forward structure formed by STDP learning had only a small effect on the neural activity. We

also found that the firing rate increased when the correlation between the output synaptic strengths of

each neuron was high. Based on these results, in this thesis, we attempt to reproduce the abnormalities

in the brain networks of patients with Down syndrome using a mathematical model that converts neural

activity data obtained by neural networks into fMRI signals. As a result, we succeeded in reproducing

the distribution of activity correlations due to differences in physical distance. We conclude that the

ratio of excitatory/inhibitory neuron imbalance depressed in functional brain activities from numerical

experiments. These results allow elucidating the cause of disorders and contribute to the development of

a therapeutic method by using the mathematical model.
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マスクの着用の有無を対照条件として測定した
光電脈波に対する非線形時系列解析

岡安高輝 (池口徹 教授 ，Nina Sviridova 助教)

1 はじめに

現在，日本政府は新型コロナウイルス（COVID-19）感染症対策として外出時にはマスクを着用すること
を推奨している [1]．しかし，マスクの着用の有無が身体にどのような影響を及ぼすかは十分な調査が行われ
ていない．一方，光電脈波（photoplethysmogram，以下 PPG）データは非侵襲に測定可能な心臓血管系の
関連情報を持つデータとして知られている [2]．また，マスクを着用せずに安静にした状態で測定されたPPG

データは，カオス的振る舞いを示すことも報告されいてる．[3, 4]．そこで本論文では，非線形力学系理論の
立場から，マスクの着用の有無が身体にどのような影響を与えるのかを，PPGデータに対するカオス時系列
解析により明らかにする．具体的には，カオス力学系の特徴の一つである初期値鋭敏依存性を定量化する指
標であるリアプノフ指数を算出し，マスクを着用した場合としない場合で，PPGデータのリアプノフ指数に
有意差があるのかを調査した．

2 実験
2.1 Photoplethysmogramデータ

PPGデータは，末梢血管の血流量の変化を表した時系列データである．血管の血流量は定期的に変化する
ことを利用して，指先の一方から LED を投光し相対する受光素子により透過光の変化量を測定する．PPG

データからは，心拍数，血中酸素飽和度（以下 SpO2）や血圧の検出，自律神経機能の評価などの心血管系に
関する情報を得ることができる [2]．また，PPGデータは非侵襲な計測方法であり計測機器が安価という特
徴を持つため，医療機器の他にスマートウォッチなどのウェアラブルデバイスにも広く用いられている．

2.2 実験条件
実験では，パルスオキシメータ（東京デバイセズ株式会社）[5]を用いて PPGデータを非侵襲に計測した．
計測機器のサンプリング周波数 fs = 409.6[Hz]である．被験者は，東京理科大学の学生のうち，21∼28歳の
健康な男女 14名である．「東京理科大学における人を対象とする医学系研究に関する倫理規程」[6]に従い，
予め実験手順を被験者に対して説明し，同意を得た後実験を行った．室温 22 ∼ 26◦Cの静かな室内にて，リ
ラックスした状態で 1回 3分間の PPGデータを 1人あたり 2回もしくは 3回計測した．この実験をマスク
を着用した場合としない場合で実施した．また，実験を実施する前に，血圧計と SpO2が計測できるパルス
オキシメータを用いて，血圧と SpO2，心拍数を記録した．計測したPPGデータは，マスクの着用ありが 13

人の 37回分，マスクの着用なしが 12人の 33回分である．

2.3 実験結果
マスクあり，なしの条件における被験者 4の 3回目の PPGデータを対象に解析した結果を示す．表 1は，

実験実施時の血圧と心拍数，SpO2の記録と，計測した PPGデータの基礎統計量（データ数，最大値，最小
値，平均，標準偏差）である．また，計測した PPGデータ ptの時系列波形を図 1に示す．

表 1: 実験情報と計測した PPGデータの基礎統計量．
条件 日時 室温 最高血圧 最低血圧 心拍数 SpO2

マスクあり 9月 16日 13:37 25[℃] 106[mmHg] 76[mmHg] 81[bpm] 98[%]

マスクなし 9月 16日 13:22 26[℃] 106[mmHg] 76[mmHg] 81[bpm] 98[%]

データ数 最大値 最小値 平均値 標準偏差

79,946 0.862 0.674 0.737 0.037

74,032 0.831 0.674 0.734 0.026

(a) (b)

図 1: 計測した PPGデータ pt の時系列波形．(a)マスクあり，(b)マスクなし．

Ikeguchi Laboratory 2020(p. 162 / 188)



3 解析手順
3.1 トレンドの除去
まず，実験によって得られたPPGデータから，被験者が実験中に計測機器を動かしたことなどで生じた観

測ノイズを取り除くことを目的として，tステップ毎に前後 30点の移動平均 Tt =
1

61

t+30∑

k=t−30

pkをトレンドと

して算出する．解析では，トレンドを除去した時系列 xt = pt+30 − Tt+30を対象とする．

3.2 状態空間の再構成
現実に存在するシステムから，全ての状態変数を観測できる例は稀である．本論文においても，1次元の

PPGデータが計測されるのみで，元のシステムの全ての変数を観測することはできない．そこで，1次元の
時系列データ xt(t = 1, 2, 3, . . . , n)を時間遅れ座標系へと変換して状態空間を再構成する [7, 8]．この変換は，
再構成状態空間の次元数をm，遅れ時間を τ として，Xt =（xt, xt+τ , . . . , xt+(m−1)τ ) を構成する．このとき，
t = 1, 2, 3, . . . , N，N = n− (m−1)τ となる．本論文では，各PPGデータに対して，False nearest neighbors

（以下 FNN）法 [9]を適用して再構成次元数mを推定する．また，自己相関関数の値が最初に 1/e以下にな
る時刻を遅れ時間 τ とした [10]．

3.3 False nearest neighbors 法による再構成次元数mの検討
FNN法 [9]は，状態空間を再構成するときに必要条件としての次元数mを定めるために用いられる手法で
ある．これは，再構成状態空間の次元数mを大きくしたときに，誤り近傍点数が 0に収束するmを採用する
手法である．再構成状態空間の次元をmからm + 1としたときに，m次元では点Xiの近傍であった点Xj

がm + 1次元では近傍でなくなったとき，点Xj は点Xiの誤り近傍点という．FNN法によって推定される
次元数mが埋め込みとなる数学的な保証はないが，実際の解析では，より低次元の再構成状態空間を用いる
ことが望ましいため，次元数mを決める際の一つの基準として用いられている．

FNN法の手順を示す．まず，m次元再構成状態空間における点Xiとその最近傍点Xj の 2点間距離は，

Dm (i, j) =

√√√√
m−1∑

k=0

(xi+kτ − xj+kτ )
2 である．次に，m次元とm + 1次元の再構成状態空間における点Xiと

点Xjの 2点間距離についての相対距離はRL =

√
Dm+1 (i, j)2 − Dm (i, j)2

Dm (i, j)2
=

|xi+mτ − xj+mτ |
Dm (i, j)

と表す．こ

のとき，RLが閾値 θより大きい場合，点Xj は点Xiの誤り近傍点であると定める．本論文では θ = 10と
した [9]．最後に，誤り近傍点を再構成状態空間内の全ての点に対して算出する．RL > θである点の総数を

Rmとおけば，誤り近傍率は
Rm

n − (m − 1)τ
となる．

3.4 最大リアプノフ指数の算出
カオス力学系の最も重要な性質の一つに初期値鋭敏依存性がある．カオス力学系において，ある初期値と
その初期値に微小な変化を与えた第 2の初期値を与えると,これらの 2つの初期値から始まる解軌道の挙動が
全く異なるという性質である．このような性質を軌道不安定性とも呼ばれる．軌道不安定性はリアプノフ指
数によって定量化される．最も大きいリアプノフ指数 (largest Lyapunov exponent，以下 LLE) が正のとき，
その力学系はカオス応答を示す．本論文では，LLEを文献 [11]に基づいて求める．文献 [11]のアルゴリズム
は，利用可能なすべてのデータを用いるため，小さなデータセットに対しても LLEの推定精度が高く，加え
て 1次元のデータからも LLEの推定が可能という特徴を持つ．
具体的な LLE算出の手順を示す．まず，アトラクタ上の点Xjと点Xjの微小変位として異なる軌道上の
点X ĵ を求める．ただし，点X ĵは |j− ĵ| > 205ステップ (PPGデータの平均周期の半分程度)を満たす点Xj

の近傍点とした．次に，XjとX ĵ 間の iステップ経過後の拡大距離 dj(i) =
∥∥∥Xj+i − X ĵ+i

∥∥∥ を求める．この

ような dj(i)を全ての jについて求め，iステップ経過後の平均拡大距離を d(i) =
1

N − i

N−i∑

j=1

∥∥∥Xj+i − X ĵ+i

∥∥∥

とする．一般的に，カオス力学系において近接する軌道は指数関数的な速さで離れていく．すなわち，時系列
のサンプリング周期を Ts (= 1/fs) とすると，iステップ経過後，つまり iTs[s]後の平均拡大距離は d(i) ∼ eλi

と表せる．すなわち，ln d(i) ∼ λiである．したがって，経過時間 iTs[s]と微小変位の平均拡大距離 d(i)の片
対数グラフ上に直線部分が表れたとき，その傾き λが LLEの推定値である．
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4 解析結果
計測した PPGデータからトレンドを除去した時系列波形を図 2に示す．次に，3次元の再構成状態空間に
変換した結果を図 3に示す．遅れ時間 τ は自己相関関数の値が最初に 1/e以下になる時刻としたところ，マ
スクありのとき τ = 24，マスクなしのとき τ = 22であった．

(a) (b)

図 2: 計測した PPGデータ pt のトレンドを除去した PPGデータ xt の時系列波形．(a)マスクあり，(b)マスクなし．

(a) (b)

図 3: 再構成次元数m = 3として状態空間を再構成した結果．(a)マスクあり (τ = 24)，(b)マスクなし (τ = 22) ．

図 3(a)と (b)を比較すると，マスク着用の有無によって 3次元の再構成状態空間に定性的な違いは見られ
なかった．
次に，FNN法を適用した結果を図 4に示す．図 4(a)は横軸が次元m，縦軸が誤り近傍率である．図 4(a)よ

(a)
(b)

図 4: (a)ある PPGデータに FNN法を適用した結果例．実線がマスクあり，破線がマスクなしの結果である．(b)全 PPGデータ
に FNNを適用して得られた再構成次元 mの度数分布．実線で囲んだデータがマスクあり，破線で囲んだデータがマスクなしの結
果である．

り，マスクありとマスクなしで誤り近傍率が 0に収束する次元数はいずれもm = 11であることが分かる．図
4(b)は全 PPGデータに対して FNN法適用することで求めた次元数mの分布である．実線で囲まれたデー
タがマスクあり，破線で囲まれたデータがマスクなしのときの結果である．横軸は再構成次元m，縦軸は度
数 [%]である．階級幅は 1とした．データによって再構成次元mは異なる値をとることが分かる．
続いて，推定されたmとτ を用いて状態空間を再構成し，LLEを算出した．図 5(a)に経過時間 iTs[s]と微
小変位の平均拡大距離の自然対数 ln d (i)の関係を示す．実線でマスクありのときの解析結果と傾き一定の区
間における近似直線を描いた．破線でマスクなしのときの解析結果と傾き一定の区間における近似直線を描
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いた．ln d (i)はアトラクタサイズに達すると収束する．LLEはマスクありのとき 0.7185，マスクなしのとき
0.6716であった．同様の手順で全 PPGデータの LLEを算出し，各被験者に対するマスクありの場合とマス
クなしの場合で平均を取って図示した結果が図 5(b)である．実線に囲まれたデータがマスクあり，破線に囲
まれたデータがマスクなしのときの結果である．横軸は LLEの階級，縦軸は度数 [%]である．階級幅は 0.1

とした．図 5(b)より，全 PPGデータの LLEが正であり軌道不安定性を有することが分かった．

傾き 0.7185 傾き 0.6716

(a)
(b)

図 5: (a)経過時間 iTs[s]と微小変位の平均拡大距離の自然対数 ln d (i)の関係．実線がマスクあり，破線がマスクなしのときの結果．
(b)全 PPGデータの LLEを算出した結果の度数分布．実線で囲んだデータがマスクあり，破線で囲んだデータがマスクなし．

最後に，全 PPGデータから求めた再構成次元mと LLEについて，t検定を行い，マスクの着用の有無に
よって有意差があるか調査した．いずれも有意水準 α = 0.05で両側検定とした．再構成次元mについては，
帰無仮説H0:「マスクの着用の有無によりmに差はない」，対立仮説H1:「マスクの着用の有無によりmに
差がある」と設定した．LLEについては，帰無仮説H0:「マスクの着用の有無により LLEに差はない」，対
立仮説H1:「マスクの着用の有無により LLEに差がある」と設定した．結果，いずれの帰無仮説も棄却され
なかった．すなわち，マスクの着用の有無によって PPGデータの再構成次元mと LLEに差が生じるとは言
えない．
5 まとめ
本論文では，マスクの着用が身体にどのような影響を及ぼすのかを PPGデータに対して非線形時系列解
析を適用することで調査した．まず，PPGデータを計測し，FNN法により再構成次元mを推定し，LLEを
算出して PPGデータの軌道不安定性を定量的に評価した．その結果，マスクの着用の有無に関わらず PPG

データは軌道不安定性を有すること，マスクの着用の有無による LLEに有意差はないことが明らかになった．
以上の結果は，マスク着用による身体への影響は存在しない可能性を示唆するものである．今後の課題とし
て，LLE以外の指標を用いて PPGデータを解析することで，マスク着用の有無が身体に与える影響につい
て調査を行う．
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隔離を導入した感染症数理モデルを用いた感染拡大抑制策の定量的評価

真鍋 歩未 (池口 徹 教授 ，Nina Sviridova 助教)

1 はじめに
2020年，新型コロナウイルス感染症 (COVID-19)が世界的に流行し，現在も感染拡大が続い
ている．COVID-19は感染力が強く，自覚症状のない感染者が多く存在する．これにより，無
意識的な感染拡大を引き起こし，世界的大流行が発生したと考えられている [1]．COVID-19を
含む種々の感染症は，ワクチンが開発される，あるいは治療法が確立されるまでの間，感染者
の隔離によって感染拡大の抑制を試みる．その際，隔離の効果を定量的に評価することも重要
である [2]．しかし，現実社会において隔離の効果を定量化することは困難である．そこで本論
文では，感染症数理モデルを用いて，感染者の隔離の有効性を定量的に評価することを目的と
する．具体的には，周囲の状況によって感染状態の遷移を行い，感染者の一部をネットワーク
から隔離させるモデルを提案する．提案モデルでは，ネットワークの頂点の感染状態がネット
ワーク構造に依存して変化する．2種類の複雑ネットワークモデル上で，提案モデルによる数
値実験を行い，各ネットワーク上での隔離と最終感染率の関係を調査した．

2 感染症数理モデル

2.1 従来モデル
代表的な感染症数理モデルの一つに，Kermackらが提案した，SIR (Susceptible–Infected–

Recovered)モデル [3]がある．SIRモデルは，人々の集団を，疾病への感染状態によって，Sク
ラス，I クラス，Rクラスに分類する．Sクラスは未感染者であり，疾病に感染する可能性が
ある状態である．I クラスは感染者であり，疾病に感染している状態である．Rクラスは回復
者であり，疾病から回復した状態で，他者に疾病を感染させず，自身も再感染することはない
状態である．SIRモデルでは，各クラスの人数の遷移が確率的に行われることで，感染症の伝
播を表現する．一方，ネットワークの各頂点を人とみなし，感染状態のクラスを与えるモデル
として，r-SIS (resource based Susceptible–Infected–Susceptible)モデルが提案されている [4]．
r-SISモデルは，感染確率 βでSクラスから Iクラスへ遷移し，回復確率 µで IクラスからSク
ラスへの遷移する．また，各頂点の周囲の感染状況によって感染確率および回復確率が頂点ご
とに変動する [4]．

2.2 提案モデル – r-SIARモデル –

図 1: r-SIARモデルの状態遷移図

本論文では，感染者の隔離という対策の効果を定量的に
評価するために，従来モデルの r-SISモデル [4]の Iクラス
を 2つのクラスに分けた r-SIARモデルを提案する．具体的
には，r-SISモデルの Iクラスを隔離率 δで隔離された感染
者 (Iクラス)と，確率 1 − δで隔離されなかった感染者 (A
クラス)とする．r-SIARモデルでは，隔離となった Iクラ
スの頂点をネットワークから外すこととする．ここで，隔
離率 δは，現実社会において感染者を陽性と確認した確率
とも捉えることもできる．また，感染症の種類によっては，
人間は一度疾病に感染し，回復することで，免疫を得るこ
ともある．免疫を獲得することで再感染せず，他者に疾病
を感染させない状態となる．そこで，提案モデルでは，このように再感染せず，他者へ疾病を感
染させない回復者のクラス (Rクラス)も導入した．ここで，Iクラスの頂点 iは隔離されてから
時刻u経過後に回復者Rクラスに遷移し，隔離前のネットワーク上での枝を再度つなぎ直す．A
クラスの頂点は r-SISモデル [4]と同様に，ネットワークから隔離されることはなく，獲得した
リソースによる回復確率のもと，回復者Rクラスに遷移する．r-SIARモデルの状態遷移図を図
1に示す．xi(t)を頂点 iの時刻 tでの状態値とし，頂点 iがSクラスのときxi(t) = 0，Iクラスの
とき xi(t) = 1，Aクラスのとき xi(t) = 2，Rクラスのとき xi(t) = 3とする．また，時刻 tのと
き，隣接行列の (i, j)成分をYij(t)と表す．ここで，時刻 tでSクラス (xi(t) = 0)となる頂点 iと
隣接するAクラス (xj(t) = 2)である頂点 jの集合Et

i は，Et
i = {j | xi(t) = 0 ∩ Yij(t)xj(t) = 2}

で表せる．すなわち，|Et
i |は，時刻 tで Sクラス (xi(t) = 0)となる頂点 iと隣接するAクラス
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(xj(t) = 2)である頂点 jの個数を表す．また，感染確率 βは，隣接するAクラスとの一回の接
触によって Sクラスの頂点が IまたはAクラスに遷移する確率を示す．よって，時刻 tにおい
て，Sクラスの頂点 i(xi(t) = 0)が，時刻 t + 1において Iクラス (xi(t + 1) = 1)またはAクラ
ス (xi(t + 1) = 2)に遷移する確率は 1 − (1 − β)|Et

i |となる．以上より，ネットワーク上の頂点 i
の状態遷移のダイナミクスは式 (1)となる．

xi(t + 1) =

⎧
⎪⎨
⎪⎩

xi(t) + G(1 − (1 − β)|Et
i |)(G(1 − δ) + 1) (xi(t) = 0)

xi(t) + 2H(t − Ti − u) (xi(t) = 1)
xi(t) + G(µi(t)) (xi(t) = 2)
xi(t) (xi(t) = 3)

(1)

ただし，関数G(p)は確率 pで 1，確率 1− pで 0をとる関数，関数H(x)はステップ関数である．
一方，現実的には，回復確率は単純な確率に加えて治療や薬などの資源 (リソース)にも依存す
ると考えられる．そこで，r-SIARモデルでは，r-SISモデル [4]に倣い，回復確率 µを分配され
るリソースの量に依存させている．時刻 tでの頂点 iの回復確率 µi(t)を µi(t) = µ0 + µrri(t)/ki

と定義する．ここで，µ0は自己治癒確率を表す．ただし，本論文では文献 [4]と同様に，µ0 = 0
とした．kiは頂点 iの次数，µrは得たリソースの使用率，ri(t)は時刻 tのとき，頂点 iが隣接
する Sクラスの頂点から得るリソース量を表す．つまり，頂点 iの回復確率 µi(t)は得られるリ
ソース量 ri(t)に比例する．また，リソースは SクラスおよびRクラスの頂点からAクラスの
頂点へ配分される．また，時刻 tのとき，Aクラスの頂点 iが持つ SクラスまたはRクラスの
頂点と接続する枝の本数をmi(t)とする．時刻 tで頂点 iが，隣接する SクラスまたはRクラ
スの頂点 jから得られるリソース量を r′

j→i(t)として，r′
j→i(t) = (mi(t) + 1)α/

∑

q∈Θt
j

(mq(t) + 1)α

と定義する．ここで，集合Θt
jは，Θt

j = {i | xj(t) = 0 ∪ xj(t) = 3 ∩ Yij(t)xi(t) = 2}で表し，時
刻 tで SまたはRクラスの頂点 jと隣接するAクラスの頂点 iの集合，αはパラメータである．
α > 0のとき，周囲に SクラスおよびRクラスの多い頂点に対して優先的にリソース配分し，
α < 0のとき，周囲に S クラスおよび Rクラスの少ない頂点に対して優先的にリソース配分
することを意味する．また，α = 0のとき，各頂点には均等にリソースを配分することになる．
ここで，集合Ωt

iをΩt
i = {j | xi(t) = 2 ∩ (Yij(t)(xj(t) + 1) = 1 ∪ Yij(t)xj(t) = 3)}と表し，時刻

tでAクラスの頂点 iと隣接する Sクラス，Rクラスの頂点 jの集合とすると，時刻 tで頂点 i

が配分されるリソース量 ri(t)は r′
j→i(t)を用いて，ri(t) =

∑

j∈Ωt
i

r′
j→i(t)と定義する．

3 ネットワークモデル

3.1 Uncorrelated Configuration Model

Uncorrelated Configuration Model (以下，UCM)[5]は，スケールフリー性を持つネットワー
クモデルである．ここで，スケールフリー性とは，ネットワークの次数分布がべき則に従うこ
とを指す．UCMは，任意のべき指数 γを与え，以下の手順で作成される．

1. 頂点数N，最小次数 kmin，べき指数 γを指定する．
2. 次数分布に従い，最小次数が kmin，最大次数が

√
N となるような次数順列を作成し，各

頂点に割り当てる．
3. 各頂点に割り当てられた次数から，高次数の頂点から順に，他の頂点と枝を接続する．た
だし，自己ループ，多重辺は作成しない．

3.2 Watts-Strogatz Model

Watts-Strogatzモデル (以下，WSM)は，スモールワールド性を有するネットワークモデル
である [6]．ここで，スモールワールド性とは，現実世界では「友人の友人も自分の友人」であ
るような世間の狭さを表す性質である．複雑ネットワーク理論上では，ネットワークのクラス
タ係数が高く，同時に平均頂点間距離が小さいときにスモールワールド性を有すると定義され
る．WSMは，以下の手順で作成される．

1. 頂点数N，平均次数 k̄の規則的な円環状格子を作成する．
2. 存在する枝全てについて，確率 pでつなぎ変える．ただし，枝をつなぎ変える際は枝の両
端の頂点のうち，一方の頂点を等確率で切り離し，ランダムに選んだ頂点に枝を接続す
る．また，自己ループ，多重辺は作成しない．
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この手順で作成されたWSMは，p = 0のとき，規則的な円環状格子ネットワーク，p = 0.01前
後ではスモールワールドネットワーク，p = 1のとき，全ての枝がつなぎ変えられたランダム
ネットワークとなる．

4 数値実験
感染者隔離の定量的評価を行うために，提案モデル (r-SIARモデル)と r-SISモデルを用いて，
感染確率βと最終感染率ρの関係を調査した．まず，最終時刻 t′(= 200)におけるV = {i | xi(t

′) >
0}とすると，V は r-SISモデルでは I クラスの頂点集合，r-SIARモデルでは I, A, Rクラス
の頂点集合を表す．これより，最終感染率 ρを ρ = |V |/N と定義する．感染伝播を行うネット
ワークとして，頂点数 N = 5000，最小次数 kmin = 3，次数分布が γ = 2.28のべき則に従う
UCMと，頂点数N = 5000，平均次数 k̄ = 8，枝つなぎ変え確率 p = 0.01のWSMを使用した．
実験開始時において，全頂点の 1%の頂点を感染源としてランダムに配置した．また，r-SIAR
モデルでは，感染源の頂点に対し，確率 δで Iクラス，確率 1 − δでAクラスとした．隔離後
回復に要する時間を u = 14，リソースの使用率を µr = 0.60とし，リソース戦略パラメータ
α = −2.0, 0, 2.0とした．また，厚生労働省の新型コロナウイルス感染症の国内発生動向 [7]よ
り，7月 15日までの東京都の陽性患者のうち，有症状者の割合を算出し，隔離率を δ = 0.39と
固定した．まず，r-SIARモデルのリソース戦略の違いによる感染確率 βと，最終感染率 ρの関
係を調査した結果を図 2に示す．
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図 2: リソース戦略の違いによる感染確率 βと最終感染率 ρの関係
図 2から，リソース戦略パラメータ αの値によらず，ネットワークから約 40% (δ = 0.39)の感
染者を隔離することで，疾病の感染力が弱い際は，UCMに比べ，WSMにおいてネットワーク
全体への疾病の拡散を抑制できていることがわかる．しかし，疾病の感染力が強い際は，UCM，
WSM共に，ネットワーク全体に疾病が拡散する．また，各リソース戦略の違いが最終感染率
に影響を与えていないことから，これ以降は α = 0に固定して数値実験を行った．
次に，再感染が起きないことと感染者隔離の効果をそれぞれ定量的に評価するために，r-SIS
モデルと，δ = 0, 0.39とした r-SIARモデルについて，感染確率 βと最終感染率 ρの関係を図
3に示す．
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図 3: r-SISモデル，r-SIARモデル (δ = 0, 0.39)の感染確率 βと最終感染率 ρの関係の比較
図 3 (a)を見ると，UCMにおいては，約 40%の感染者の隔離という対策を行っても，0.1 ≤

β ≤ 0.2では約 30%程度しか最終感染率を抑制できていないことがわかる．一方，図 3 (b)よ
り，WSMでは 0 < β < 0.3において，感染者を隔離しないときに比べ約 50%以上の最終感染率
ρを抑制できていることがわかる．
最後に，r-SIARモデルについて，隔離率 δと感染確率 βを変化させた場合に，最終感染率 ρ
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がどのように変化するかを調査した．結果を図 4に示す．図 4では，最終感染率 ρ (0≤ ρ ≤1)
をカラーマップで示している．

(a) UCM (b) WSM

図 4: 感染確率 βと隔離率 δ，最終感染率 ρの関係
図 4 (a), (b)から，どちらのネットワークにおいても δの値が大きいほど，どの βに対しても
感染を抑制できていることがわかる．しかし，図 4 (a)を見ると，UCMにおいては，β = 0.5の
とき，6割以上の感染者を隔離しないと，最終感染率は 7割を超える．すなわち，感染力の強い
疾病においては，感染者を半数以上隔離しても最終感染率は高いままであり，7 ∼ 8割以上の感
染者を隔離しなければ，感染の拡大を抑制することはできない．一方，図 4(b)を見ると，WSM
では，UCMに比べて全体的に青色が占めている割合が高く，感染者の隔離が感染症の拡大抑
制に効果的であることを示している．しかし，WSMにおいても，β = 0.5のとき半数以上の感
染者を隔離しなければ，最終感染率は 6割を超える．これらの結果から，感染者を隔離する対
策は，ネットワーク構造と，感染力の強さに依存して効果的となる場合もあるが，感染力が強
い疾病 (β ≥ 0.4)の場合，感染者の大多数を隔離しなければ，感染拡大の抑制に効果はない．

5 まとめ
本論文では，感染者の隔離がネットワーク上での感染拡大抑制にどの程度有効な対策であるか
を定量的に評価した．感染症数理モデルの一つである r-SISモデルに，隔離を考慮した r-SIAR
モデルを提案した．また，r-SISモデルと r-SIARモデルを用いて，感染確率と隔離率を変化さ
せたときの最終感染率を評価した．対象とするネットワークはUCMとWSMとした．数値実
験による検証の結果，感染力が高い感染症の場合は，感染者を 5割以上隔離しなければ，7割
程度拡散してしまうことがわかった．この結果は，ネットワーク構造，感染力の強さによって
は隔離という対策は効果的な戦略とならないことを示すものである．
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ෳࡶωοτϫʔΫཧΛ༻͍ͨจষߏͷ࣌తมԽͷղੳ

૬ݪཬߐ (ޱప तڭ ɼNina Sviridovaॿڭ)

1 ͡Ίʹ
తʹ৴͞ΕɼΠϯλʔωοτ͔Β༰қʹखʹೖΕΒΕΔΑ͏ʹͳͬࢠͰଟ͘ͷςΩετσʔλ͕ిࡏݱ
͍ͯΔɽͦΕʹͬͯɼจষΛωοτϫʔΫʹม͢Δ͜ͱͰจষߏͷಛʹ͍ͭͯղੳ͢Δઌڀݚߦ
ଟ͘ͳ͞Ε͍ͯΔɽྫ͑ɼCanchoΒจষΛ୯ޠͷ͍ͯͮجʹىڞωοτϫʔΫΛ࡞͠ղੳΛ͍ͯͬߦ
ͨΓ [1]ɼౡాΒͷڀݚͰ༷ʑͳখઆΛωοτϫʔΫԽ͠ɼͦͷಛͷఆྔతͳධՁΛߦͳ͍ͬͯͨ [2]ɽ͠
͔͠ɼ͜ΕΒ࣌తͳ؍͔ΒղੳΛ͍ͯͬߦͳ͔ͬͨΓɼྺ࢙ͷதͷೋؒͰͷൺֱʹཹ·͓ͬͯΓɼ࣌
มભʹͬͨจষߏޠݴωοτϫʔΫͷಛͷมԽʹ͍ͭͯͷٞෆेͰ͋Δɽͦ͜ͰຊจͰ
ɼղੳରΛຊޠͷ৽ฉࣄهͱ͠ɼઓલͱઓޙͷ৽ฉࣄهΛωοτϫʔΫʹม͢Δ͜ͱͰɼෳࡶωο
τϫʔΫཧͷ؍͔Β࣌มભʹΑΔจষߏͷมԽΛௐࠪͨ͠ɽ۩ମతʹɼઓલͱઓޙͷ৽ฉࣄهΛ
ରʹ࡞ͨ͠ޠݴωοτϫʔΫʹରͯ͠ɼωοτϫʔΫͷಛྔͰ͋ΔΫϥελ [3]ɼฏۉؒڑ
[3]ɼ࣍Λ༻͍ͯௐࠪͨ͠ɽ͜ΕʹՃ͑ͯɼग़ݱස͕࠷͍ߴ୯ޠͷ֤ωοτϫʔΫಛྔʹରͯ͠ผ
ੳΛͨͬߦɽͦͷ݁Ռɼ࣌มભʹ͏จষߏͷมԽͷݟΒΕͳ͔͕ͬͨɼઓલͱઓޙʹΑΔจ
ষΛྨͰ͖Δ͜ͱ͕໌Β͔ʹͳͬͨɽ

2 σʔλ༺
ຊจͰղੳରͱͯ͠ɼਆށେֶܦࡁܦӦڀݚॴͷ৽ฉࣄهจݿ [4]ɼே৽ฉࣾͷฉଂ II[5]͔Βҟͳ
Δ࣌ͷ৽ฉࣄهͷςΩετσʔλΛμϯϩʔυͯ͠༻ͨ͠ɽͦͷࡍɼ֤ͷ͕ࣄه๛ʹଘ͢ࡏΔ
͜ͱɼॻ͖खʹΑΔจষͷ͕ࠩখ͍͜͞ͱɼ࣌എܠΛө͍ͯ͠Δ͜ͱͳͲͷಛΛͭ࣋ઓલͷ౦ژே
৽ฉ͓Αͼઓޙͷே৽ฉΛ༻ͨ͠ɽ۩ମతʹɼ1912͔Β 1942ͷ౦ژே৽ฉͱɼ1990ɼ2000

ɼ2010ɼ2019ͷே৽ฉͰ͋Δɽ
3 ωοτϫʔΫͷ࡞ख๏

ຊจͰ୯ޠͷىڞʹ͠ɼจষΛॏΈແ͠ແωοτϫʔΫʹมͨ͠ɽ۩ମతʹɼ·ͣܗଶૉ
ղੳπʔϧͰ͋Δmecab[6]Λ༻͍ͯɼจষΛ୯ޠͷܕݪʹղ͠ɼͦͷࢺΛಘΔɽ࣍ʹಘΒΕͨ୯ޠͷݪ
ωοτϫʔΛ༩͢Δ͜ͱͰॏΈແ͠ͷແࢬʹ߹ΛҰͭͷͱͯ͠ѻ͍ɼจষதͰྡ͢Δࢺͱܕ
ΫΛ࡞ͨ͠ɽͦͷࡍ୯ޠͷॏෳೝΊͣɼ۟ಡͷه߸আ͠୯ޠͷΈΛωοτϫʔΫͷͱͨ͠ɽ
·ͨɼҰͭͷจষ͔ΒෳͷωοτϫʔΫ͕ಘΒΕͨ߹ɼಘΒΕͨωοτϫʔΫͷ͏ͪ࠷େͷͷͷΈ
Λ༻͢Δ͜ͱͱͨ͠ɽ۩ମྫΛਤ 1ʹࣔ͢ɽ

ਤ 1: ωοτϫʔΫ࡞ྫ

4 खॱݧ࣮

ෳࡶωοτϫʔΫͷ؍͔Β࣌มભʹ͏จষߏͷมԽΛௐࠪ͢ΔͨΊɼ࣌͝ͱʹจষͷωοτϫʔ
ΫߏΛൺֱͨ͠ɽ۩ମతʹɼ৽ฉࣄهΛޠݴωοτϫʔΫʹม͠ɼಘΒΕͨωοτϫʔΫͷಛྔͰ
͋Δ࣍ɼฏۉؒڑɼΫϥελΛͨ͠ࢉܭɽͦͷࡍɼಘΒΕͨωοτϫʔΫΛϥϯμϚΠζ
ͨ͠ωοτϫʔΫͷΫϥελͱฏۉؒڑΛ༻͍ͯਖ਼نԽॲཧΛͨͬߦɽҟͳΔ࣌ͷ৽ฉ͔ࣄه
ΒಘΒΕͨωοτϫʔΫͷಛྔͷൺֱΛ͢Δ͜ͱͰɼ࣌มભʹ͏จষߏͷมԽͷʹ͍ͭͯௐࠪ
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ͨ͠ɽ࣍ʹจষதͰ༻͞Ε͍ͯΔ୯ޠͷதͰසग़ͷ୯ޠΛௐࠪͨ͠ɽසग़ͷ୯ޠʹ͍ͭͯɼಉ༷ʹΫϥε
λɼ࣍ɼฏۉؒڑΛ͠ࢉܭɼͦΕͧΕϥϯμϚΠζͨ͠ωοτϫʔΫͷࢦඪΛ༻͍ͯਖ਼نԽॲ
ཧΛͨͬߦɽ

5 ݁Ռ
ઓલͷ 1912͔Β 1942ɼઓޙͷ 1990ɼ2000ɼ2010ɼ2019ͷ৽ฉ͔ࣄهΒಘΒΕͨޠݴωο
τϫʔΫͷಛྔΛਤ 2ʹࣔ͢ɽ͜͜Ͱԣ࣠ɼॎ࣠ωοτϫʔΫಛྔΛਖ਼نԽͨ͠ͱͳ͍ͬͯΔɽ

(a) (b)

ਤ 2: (a)ઓલͱ (b)ઓޙͷ৽ฉࣄهͷωοτϫʔΫಛྔ

ਤ 2͔Βɼ࣌มભʹ͏ͷมԽݟ͕ΒΕͳ͍݁ՌͱͳͬͨɽݪҼͱͯ͠ɼҰͭͷࣄهʹରͯ͠Ұ
ͭͷωοτϫʔΫΛ࡞͍ͯ͠ΔͨΊɼจষྔ͕ଟ͘ͳ͘ωοτϫʔΫͷن͕খ͍͜͞ͱɼ͝ࣄهͱͷจ
ষྔʹ͕ࠩ͋Δ͜ͱ͕͑ߟΒΕΔɽͦΕΒΛվળ͢ΔͨΊʹɼ୯ޠ୯ҐͰಛྔͷൺֱΛͨͬߦɽ۩ମతʹ
ѻ͏୯ޠͱͯ͠ɼ࣌ʹؔແ͘Ͳͷࣄهʹීวతʹ༻͞Ε͍ͯΔ͜ͱ͕·͍ͨ͠Ίɼ୯ޠͷ༻ස
ʹ͍ͭͯ·ͣௐࠪͨ͠ɽઓલͷ 1912͔Β 1921ɼઓޙͷ 1990ɼ2000ɼ2010ɼ2019ͷ৽ฉه
Ͱొ͍ͯ͠Δ্Ґࣄهɼଟ͘ͷ͍ͯͭʹࣄ ΕͨසΛௐ͞༺ͰࣄهͱɼͦΕΒ͕ͦΕͧΕࢺͷಈݸ10
ࠪͨ݁͠ՌΛਤ 3ɼਤ 4ʹࣔ͢ɽ͜͜Ͱਤ 3(a)ɼਤ 4(a)ͷԣ࣠ɼॎ࣠ରԠ͢Δ୯ొ͕ޠͨ͠ࣄه
͕ͦͷͷશͯͷࣄهʹΊΔׂ߹Ͱ͋Δɽ·ͨɼਤ 3(b)ɼਤ 4(b)ͷԣ࣠ɼॎ࣠ରԠ͢Δಈ͕ͦࢺ
ͷͷࣄهͷશͯͷಈࢺʹΊΔׂ߹Ͱ͋Δɽ

(a) (b)

ਤ 3: ઓલͷࣄهʹରͯ͠ (a)֤ಈࢺͷग़ࣄهͨ͠ݱͷׂ߹ͱ (b)֤ಈࢺͷࣄهͷׂ߹Λௐࠪͨ݁͠Ռ

(a) (b)

ਤ 4: ઓޙͷࣄهʹରͯ͠ (a)֤ಈࢺͷग़ࣄهͨ͠ݱͷׂ߹ͱ (b)֤ಈࢺͷࣄهͷׂ߹Λௐࠪͨ݁͠Ռ

ਤ 3ɼਤ 4ΛݟΔͱಈࢺʹ͓͍ͯʮҝΔʯɼʮ༗Δʯ͕࠷Α͘༻͞Ε͍ͯΔ͜ͱ͕Θ͔ΔɽͦͷͨΊɼ
ʮҝΔʯͱʮ༗ΔʯͷωοτϫʔΫಛྔͰ͋ΔΫϥελɼฏۉؒڑɼ࣍Λௐࠪɾൺֱͨ͠ɽͦ
ͷࡍɼಛྔͷईΛ͘͢͠ΔͨΊɼͦΕͧΕฏۉΛҾ͖ඪ४ภࠩͰׂΔ͜ͱͰɼͦΕͧΕͷͱൣ
ғΛଗ͑ΔΑ͏ʹਖ਼نԽΛͨͬߦɽʮҝΔʯͷ݁ՌΛਤ 5ɼʮ༗Δʯͷ݁ՌΛਤ 6ʹࣔ͢ɽ͜͜Ͱԣ࣠ɼॎ
࣠ͦΕͧΕͷωοτϫʔΫಛྔͷͰ͋Δɽ
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(a) (b)

ਤ 5: (a)ઓલͱ (b)ઓޙͷʮҝΔʯͷωοτϫʔΫಛྔ

(a) (b)

ਤ 6: (a)ઓલͱ (b)ઓޙͷʮ༗ΔʯͷωοτϫʔΫಛྔ

ɽΫͨͬߦͷϓϩοτͷॏ৺ͷਨೋઢΛҾ͘͜ͱͰผੳΛޙΕΒͷ݁Ռʹର͠ɼઓલͱઓ͜ʹߋ
ϥελͱฏۉؒڑͷؔΛਤ 7ɼΫϥελͱ࣍ͷؔΛਤ 8ɼฏۉؒڑͱ࣍ͷؔ
Λਤ 9ʹࣔ͢ɽ͜͜ͰɼࣈσʔλͷΛද͢ɽ·ͨɼ੨ͷϓϩοτ͕ઓલɼΦϨϯδͷϓϩοτ͕ઓޙɼ
άϨʔͷϓϩοτ͕ઓલͷ݁Ռͷॏ৺ɼԫ৭ͷϓϩοτ͕ઓޙͷ݁Ռͷॏ৺ɼͷઢ͕ೋͭͷॏ৺ͷਨ
ೋઢͰ͋Δɽ
ਤ 7͔Βਤ 9ͷ݁ՌΛݟΔͱɼผੳʹΑΓઓલͱઓޙͰྨ͞Ε͓ͯΓɼωοτϫʔΫߏʹ͕ࠩ͋Δ
͜ͱ͕Θ͔Δɽਤ 8ɼਤ 9ΛݟΔͱɼʮҝΔʯɼʮ༗Δʯڞʹɼ࣍ઓલʹൺઓޙͷํ͕খ͍͞ɽਤ 8(b)Ͱ
ઓޙͷํ͕Ϋϥελେ͖͍Λͱ͓ͬͯΓɼ࣍ͱಉ༷ʹωοτϫʔΫߏʹӨ͍ͯ͠ڹΔ͕ɼਤ
8(a)ͰΫϥελ͕ωοτϫʔΫߏʹ΄ͱΜͲӨ͍ͯ͠ڹͳ͍͜ͱ͕Θ͔Δɽ

(a) (b)

ਤ 7: (a)ʮҝΔʯͱ (b)ʮ༗ΔʯͷΫϥελͱฏۉؒڑͷؔ
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(a) (b)

ਤ 8: (a)ʮҝΔʯͱ (b)ʮ༗ΔʯͷΫϥελͱ࣍ͷؔ

(a) (b)

ਤ 9: (a)ʮҝΔʯͱ (b)ʮ༗Δʯͷฏۉؒڑͱ࣍ͷؔ

ਤ 9ΛݟΔͱɼฏۉؒڑͱ࣍ͲͪΒಉ༷ʹωοτϫʔΫߏʹӨ͍ͯ͠ڹΔ͕ɼਤ 9(a)Ͱઓ
͕େ͖͍Λͱ͍ͬͯΔҰํͰɼਤڑؒۉͷํ͕ฏޙ 9(b)Ͱઓલͷํ͕ฏۉؒڑ͕େ͖͍
ͱͳ͓ͬͯΓɼೋͭͷಈࢺͰڞ௨͢ΔಛݟΒΕͳ͍ɽ݁Ռͱͯ͠ɼਤ 8ɼਤ 9͔Β͕࣍ઓલͱઓޙͷ৽
ฉࣄهͷಛΛ࠷өͰ͖͍ͯΔ͜ͱ͕͔ͬͨɽ

6 ·ͱΊ

ຊจͰɼ৽ฉࣄهΛରʹޠݴωοτϫʔΫΛ࡞͠ɼෳࡶωοτϫʔΫͷ؍͔Β࣌ͨݟؒͰͷ
ຊߏޠͷࠩΛௐࠪͨ͠ɽͦͷ݁ՌɼจষશମͰͷωοτϫʔΫߏʹ͓͍͕ͯΑ͘ݟΒΕͳ͔ͬͨ
͕ɼจষதͰΑ͘༻͞Ε͍ͯΔ୯ޠʹண͠ɼͦͷಛྔΛൺֱ͢Δ͜ͱͰઓલͱઓޙͷ৽ฉࣄهͷωο
τϫʔΫΛྨ͢Δ͜ͱ͕Ͱ͖ͨɽߋʹɼ୯ޠͷ࣍ઓલͱઓޙͷ৽ฉࣄهͷಛΛөͰ͖Δ͜ͱ͕ࣔ
ࠦ͞Εͨɽ
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ϒʔτετϥοϓϦαϯϓϦϯά๏ʹΑΔϦΞϓϊϑࢦͷਪఆ

େૣل (ޱప तڭ ɼNina Sviridova ॿڭ)

1 ͡Ίʹ

ͳಈ͖Λ͍ͯ͠ΔͨΊ༧ܗͳඇઢࡶΓɼ͜ΕΒͷଟ͘ෳ͓ͯ͠ࡏσʔλ͕ଘྻܥ࣌քʹ༷ʑͳੈ࣮ݱ

ଌΛ͜͏ߦͱ͕ࠔͰ͋ΔɽಛʹΧΦεੑΛྻܥ࣌ͭ࣋σʔλɼॳظͷඍখͳมҐ͕ࢦؔతʹ֦େ͢Δ

ͱ͍͏ॳظӶහੑΛͨͭ࣋ΊɼظతͳਪఆࠔͰ͋Δɽ͔͠͠ɼܾఆతμΠφϛΫεΛ༗͢ΔͨΊɼྑ

͍ϞσϧΛ࡞͢Δ͜ͱ͕Ͱ͖ΕɼظతͳਪఆՄͰ͋Δɽ༧ଌख๏ͷҰͭʹɼϠίϏྻߦਪఆ๏ [1]͕͋

ΔɽϠίϏྻߦਪఆ๏ɼඍখͳมҐؒͷભҠΛఆΊΔɼϠίϏྻߦΛਪఆ͢Δ͜ͱʹΑΓ༧ଌΛ࣮͢ݱΔɽϠ

ίϏྻߦਪఆ๏ʹΑΔਪఆɼेʹ·͍ۙ͠Λࢀর͢Εਫ਼ͷ͍ߴਪఆΛ͜͏ߦͱ͕Ͱ͖Δ͕ɼܥ࣌

ྻσʔλʹϊΠζ͕ೖΔͱɼదͰͳِ͍ۙΛࢀরͯ͠͠·͏ͨΊɼਪఆਫ਼͕Լ͕ͬͯ͠·͏ɽͦ͜ͰݪΒ

[2] ϒʔτετϥοϓϦαϯϓϦϯά๏ (ҎԼɼϒʔτετϥοϓ๏) Λ༻͍ͨਪఆख๏ΛఏҊ͠ɼాࣸ૾ [4]

ʹରͯ͠༧ଌΛͨͬߦɽϒʔτετϥοϓ๏ͰɼϠίϏྻߦΛҰҙʹٻΊΔͷͰͳ͘ɼۙΛෳճࢀ

র͢͜͠ͱʹΑͬͯɼϊΠζͷӨڹʹΑΔਪఆਫ਼ͷݮগΛ͑Δ͜ͱ͕Ͱ͖ΔɽຊߘͰɼϠίϏྻߦਪఆ

๏ͱϒʔτετϥοϓ๏ΛϦΞϓϊϑࢦͷਪఆʹద༻͠ɼͦͷੑΛൺֱ͢ΔɽͦͷࡍɼΤϊϯࣸ૾ [3]ͱా

ࣸ૾Λ༻͍ͯൺֱΛͨͬߦͱ͜Ζɼాࣸ૾ʹ͓͍ͯɼೋͭͷख๏ʹΑΔϦΞϓϊϑࢦͷਪఆʹ͕ࠩݟΒΕͨɽ

2 ඇઢܥֶྗܗͱϠίϏྻߦ

͋Δඇઢ͕͋૾ࣸܗΔͱ͖ɼܦ͕ؒ࣌ա͢Δ͝ͱʹͦͷࣸ૾͕ͲͷΑ͏ͳͷϠίϏྻߦΛͱΔͷ͔ɼཧత

ΊΔ͜ͱ͕ग़དྷΔɽx(t)ΛRkٻʹ Ͱͷؒ࣌ tʹ͓͚Δঢ়ଶͱ͠ɼf  kݩ࣍ͷඇઢ૾ࣸܗͱͨ͠ͱ͖ɼࣜ (1)ͷ

Δɽ͑ߟΛܥֶྗ

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

͜͜Ͱɼx(t)ʹ͓͚ΔඍখͳมҐΛ∆x(t)ͱ͢Δͱ,

x(t + 1) + ∆x(t + 1) = f(x(t) + ∆x(t))ɹ (2)

ΛಘΔɽ͜͜Ͱɼࣜ (2)ͷӈลΛςΠϥʔల։Λ͢ΔͱɼϠίϏྻߦ J Λ༻͍ͯɼࣜ (3)ͷΑ͏ʹۙ͢ࣅΔ͜ͱ

͕Ͱ͖Δɽ

f(x(t) + ∆x(t)) = f(x(t)) + J(x(t))∆x(t) (3)

ࣜ (3)Λࣜ (2)ʹೖ͢Δͱɼࣜ (4)ͱͳΔɽ

x(t + 1) + ∆x(t + 1) = f(x(t)) + J(x(t))∆x(t) (4)

͜͜Ͱࣜ (1)Λ༻͍Δͱɼঢ়ଶ x(t)ʹ͓͚Δ f ͷϠίϏྻߦΛ J(t)ͱͯ͠ɼࣜ (4)ࣜ (5)ʹมͰ͖Δɽ

∆x(t + 1) = J(t)∆x(t) (5)

Αͬͯɼf ͷୈ iΛ fiɼx(t)ͷୈ j Λ xj Λ͢ΔͱɼϠίϏྻߦ J(t)ɼࣜ (6)Ͱද͢͜ͱ͕Ͱ͖Δɽ

J(t) =

⎛
⎜⎜⎜⎜⎝

∂f1

∂x1

∂f1

∂x2
. . . ∂f1

∂xk
∂f2

∂x1

∂f2

∂x2
. . . ∂f2

∂xk

...
...

. . .
...

∂fk

∂x1

∂fk

∂x2
. . . ∂fk

∂xk

⎞
⎟⎟⎟⎟⎠

(6)
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3 ϦΞϓϊϑࢦͷಋग़ํ๏

ࣜ (1)ͷྗֶܥΛ N ճ෮͢Δͱ͖ɼϠίϏྻߦ J(t)ͷ N ճੵͷྻߦΛM(x(0)ɼN) =
∏N−1

t=0 J(t) ͱఆٛ

͢Δɽ·ͨɼJ(t)ͷਖ਼ఆྻߦΛ {M(x(0)ɼN)}†{M(x(0)ɼN)}ͱ͠ɼͦͷݻ༗Λ σi(N)ͱͨ͠ͱ͖ɼϦΞϓ

ϊϑࢦࣜ (7)Ͱఆٛ͞ΕΔɽ

λi = lim
N→∞

1

N
log σi(N) (7)

͜͜Ͱ i = 1ɼ2ɼ...ɼmͰ͋Γɼmྻܥ࣌σʔλͷݩ࣍Ͱ͋Δɽ͔͠͠ɼ͜ͷఆٛͰɼ͢ࢉܭΔͷ͕ࠔͰ͋

ΔɽຊདྷɼॳظͷඍখͳมҐͷ৳ͼͷ߹͍Λ͍ͯ͠ࢦΔϦΞϓϊϑࢦ͕ɼෛͷΛͱΔͱ͖ɼॖ·ͬͯ͠

·͏͔ΒͰ͋ΔɽͦͷͨΊɼϠίϏྻߦͷQRղΛ͜͏ߦͱ͕ඞཁͱͳΔɽQ(t)ΛަྻߦɼR(t)Λ্ߦ֯ࡾ

ྻͱ͢ΔͱɼJ(t)Q(t) = Q(t + 1)R(t + 1)ͱղͰ͖ΔɽΑͬͯɼࣜ (8)ΛಘΔɽ

{M(x(0)ɼN)}†{M(x(0)ɼN)} = Q(2N)
2N∏

k=1

R(k) (8)

ͨͩ͠ɼk ≥ N ͷͱ͖ɼJ†(N − (k + 1))Q(k) = Q(k + 1)R(k + 1)ͱ͢Δɽࣜ (8)ΑΓɼϦΞϓϊϑࢦࣜ (9)

ͰٻΊΒΕΔɽ

λi = lim
N→∞

1

2N

2N∑

k=1

log |Rii(k)| (9)

ͨͩ͠ɼRii(k)ɼྻߦR(k)ͷୈ iର֯ཁૉͰ͋Δɽࣜ (9)Λ༻͍ͯɼཧͷϦΞϓϊϑࢦΛٻΊΔ͜ͱ͕

Ͱ͖ΔɽຊจͰ༻͍ΔΤϊϯࣸ૾ాࣸ૾ ͷࣸ૾Ͱ͋ΔͨΊɼλ1ݩ࣍2 ͱ λ2 ͷೋͭͷ͕ಋग़͞ΕΔ͜

ͱʹͳΔɽҰൠతʹෛͷϦΞϓϊϑࢦ λ2 ͷਪఆࠔͰ͋Γɽ࠷େϦΞϓϊϑࢦ λ1 ͷ͕ॏཁͰ͋Δɽ

4 ਪఆख๏

4.1 ϠίϏྻߦਪఆ๏ [1]

ϠίϏྻߦਪఆ๏ʹΑΔϠίϏྻߦͷਪఆͷखॱΛҎԼʹࣔ͢ɽΞτϥΫλ্ͷҰx(t)Λ͑ߟΔɽx(ki)x(t)ͷ i

൪ͷۙͱ͢Δɽ͜͜Ͱɼi = 1, 2, ..., M Ͱ͋ΓɼM Λۙͱ͢ΔɽຊߘͰɼΞτϥΫλ্ͷ 2ؒͷ

Λڑ࠷ 1ͱͨ͠ͱ͖ͷׂ߹ rΛ༻͍ͯɼx(t)Λத৺ͱͨۙ͠ܘ rʹଘ͢ࡏΔΛɼx(t)ͷۙͱΈ

ͳ͢ɽมҐϕΫτϧ yiɼzi ΛͦΕͧΕ yi = x(ki) − x(t)ɼzi = x(ki + 1) − x(t + 1)ͱ͢Δɽ͜ΕΒͷมͷؔ

Λɼਤ 1ʹࣔͨ͠ɽW Λ yi ͷྻߦࢄɼC Λ ziͷڞྻߦࢄϠίϏྻߦͱ͢ΔͱɼJ(t)ࣜ (10)Ͱఆٛ͞

ΕΔɽ

J(t) = CW −1 (10)

WɼC Wkl = 1
M

∑M
i=1 yikyilɼCkl = 1

M

∑M
i=1 zikyil ͱͳΔɽͨͩ͠ɼyikɼzik  xiɼyi ͷୈ kɼWklɼ

Ckl ྻߦWɼC ͷ (k, l)Ͱ͋Δɽ

ਤ 1: ࠁ࣌ tʹ͓͚Δ x(t)ͱͦͷۙͷਪҠͷؔ
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4.2 ϒʔτετϥοϓ๏ [2]

ϒʔτετϥοϓ๏ɼۙΛෳճબͼͯ͠ϠίϏྻߦΛٻΊΔ͜ͱʹΑͬͯɼϊΠζͷӨڹʹΑΔਪ

ఆਫ਼ͷݮগΛ͑Δख๏Ͱ͋Δɽϒʔτετϥοϓ๏ʹΑΔϠίϏྻߦͷਪఆͷखॱΛҎԼʹࣔ͢ɽ

1. ΞτϥΫλ্ͷҰ x(t)ͷۙΛ୳͢ࡧΔɽ

2. ͲͷۙΛ༻͍ͯϠίϏྻߦΛਪఆ͢Δ͔ΛϥϯμϜʹϦαϯϓϦϯά͢Δɽୈ b(b = 1ɼ2ɼ...ɼB)ճʹ

ϦαϯϓϦϯάͨۙ͠ʹΑΓਪఆͨ͠ϠίϏྻߦΛ Jb(t)ͱ͢Δɽͳ͓ɼຊߘͰ B = 200ͱ͢Δɽ

3. BݸͷϠίϏྻߦͷฏۉΛͱΔɽͭ·Γɼࠁ࣌ tʹ͓͚Δϒʔτετϥοϓ๏ʹΑΔϠίϏྻߦΛɼJ(t) =
1
B

∑B
b=1 Jb(t) ͱ͢Δɽ

5 ଌϊΠζ؍

ຊจͰɼ৴߸ରࡶԻൺ (ҎԼɼSNൺ)ʹΑΓେ͖͞ΛఆΊͨ؍ଌϊΠζΛɼΤϊϯࣸ૾ [3]ͱాࣸ૾ [4]

ʹՃ͢ΔɽΧΦεੑΛͭ࣋Α͏ʹύϥϝʔλΛઃఆͨ͠ɽSNൺ p[dB] p = 10 log10(δs/δn) ͱͳΔɽ͜͜Ͱɼ

δsೖྗ͢Δྻܥ࣌σʔλͷࢄͰ͋ΓɼδnϊΠζͷࢄͰ͋ΔɽຊจͰฏ͕ۉ 0ɼ͕ࢄ δnͷਖ਼ن

ʹै͏ΨεϊΠζΛੜͨ͠ɽ

6 Ռ݁ݧ࣮

྆ख๏Ͱਪఆͨ͠Τϊϯࣸ૾ͷϦΞϓϊϑࢦͷ૬ରࠩޡΛɼਤ 2ʹࣔ͢ɽσʔλN = 1, 000ɼ10, 000ͱ͠

ͨɽۙܘ rΛ 0.0005 ≤ r ≤ 0.1ͷൣғͰ ΈͰมԽͤ͞ɼSNൺࠁ0.005 10 ≤ p ≤ 40ͷൣғͰ ΈͰมԽࠁ5

ͤͨ͞ɽ

(a) ϠίϏྻߦਪఆ๏ʹΑΔ λ1ͷ
ਪఆ݁Ռ

(b) ϒʔτετϥοϓ๏ʹΑΔ λ1

ͷਪఆ݁Ռ
(c) ϠίϏྻߦਪఆ๏ʹΑΔ λ2 ͷ
ਪఆ݁Ռ

(d) ϒʔτετϥοϓ๏ʹΑΔ λ2

ͷਪఆ݁Ռ

ਤ 2: ਪఆͨ͠Τϊϯࣸ૾ͷ λi ͷ૬ରࠩޡ (N = 1, 000)

(a) ϠίϏྻߦਪఆ๏ʹΑΔ λ1ͷ
ਪఆ݁Ռ

(b) ϒʔτετϥοϓ๏ʹΑΔ λ1

ͷਪఆ݁Ռ
(c) ϠίϏྻߦਪఆ๏ʹΑΔ λ2 ͷ
ਪఆ݁Ռ

(d) ϒʔτετϥοϓ๏ʹΑΔ λ2

ͷਪఆ݁Ռ

ਤ 3: ਪఆͨ͠Τϊϯࣸ૾ͷ λi ͷ૬ରࠩޡ (N = 10, 000)

ਤ 2(a)ɼ(b)Λൺֱͨ͠ͱ͖ɼਤ͕ྨ͍ͯ͠ࣅΔͷ͕Θ͔Δɽ·ͨਤ 2(c)ɼ(d)Λɼਤ 3(a)ɼ(b)Λɼਤ 3(c)ɼ(d)

Λൺֱͨ͠ͱ͖ɼͦΕͧΕਤ͕ྨ͍ͯ͠ࣅΔͷ͕Θ͔Δɽ͜ΕΒͷ݁Ռ͔ΒɼΤϊϯࣸ૾ͷϦΞϓϊϑࢦͷ

ਪఆʹ͓͍ͯɼ྆ख๏ʹ͕ࠩ΄΅ݟΒΕͳ͍͜ͱ͕Θ͔ͬͨɽ࣍ʹɼాࣸ૾ʹରͯ͠ಉ༷ͷ࣮ݧΛͨͬߦɽ

Ikeguchi Laboratory 2020(p. 176 / 188)



(a) ϠίϏྻߦਪఆ๏ʹΑΔ λ1ͷ
ਪఆ݁Ռ

(b) ϒʔτετϥοϓ๏ʹΑΔ λ1

ͷਪఆ݁Ռ
(c) ϠίϏྻߦਪఆ๏ʹΑΔ λ2 ͷ
ਪఆ݁Ռ

(d) ϒʔτετϥοϓ๏ʹΑΔ λ2

ͷਪఆ݁Ռ

ਤ 4: ਪఆͨ͠ాࣸ૾ͷ λi ͷ૬ରࠩޡ (N = 1, 000)

(a) ϠίϏྻߦਪఆ๏ʹΑΔ λ1ͷ
ਪఆ݁Ռ

(b) ϒʔτετϥοϓ๏ʹΑΔ λ1

ͷਪఆ݁Ռ
(c) ϠίϏྻߦਪఆ๏ʹΑΔ λ2 ͷ
ਪఆ݁Ռ

(d) ϒʔτετϥοϓ๏ʹΑΔ λ2

ͷਪఆ݁Ռ

ਤ 5: ਪఆͨ͠ాࣸ૾ͷ λi ͷ૬ରࠩޡ (N = 10, 000)

ਤ 4(a)ɼ(b)Λൺֱ͢ΔͱɼϠίϏྻߦਪఆ๏ͷํ͕͕ࠩޡେ͖͍ͷ͕Θ͔Δɽ·ͨɼਤ 4(c)ɼ(d)Λൺֱ͢Δ

ͱɼϒʔτετϥοϓ๏ͷํ͕͕ࠩޡେ͖͍ɽҰํɼਤ 5(a)ͱਤ 5(b)ɼਤ 5(c)ͱਤ 5(d)Λൺֱͨ͠ͱ͖ɼਤ

4΄Ͳͷ͕ࠩݟΒΕͳ͍ɽ͜ΕΒͷ݁Ռ͔Βɼాࣸ૾ʹ͓͍ͯɼσʔλ N ͕গͳ͍ͱ͖ɼϒʔτετϥο

ϓ๏ λ1 ͷਪఆਫ਼͕͘ߴɼϠίϏྻߦਪఆ๏ λ2 ͷਪఆਫ਼͕͍͜ߴͱ͕Θ͔ͬͨɽ

7 ·ͱΊ

ຊߘͰɼΤϊϯࣸ૾ͱాࣸ૾ʹରͯ͠ϠίϏྻߦਪఆ๏ͱϒʔτετϥοϓ๏Λద༻͠ɼϦΞϓϊϑࢦ

ͷਪఆ͢Δ͜ͱͰɼ྆ख๏ͷੑͷൺֱΛͨͬߦɽͦͷ݁ՌɼΤϊϯࣸ૾ʹ͓͍ͯ྆ख๏ʹࠩ΄ͱΜͲݟΒ

Εͳ͔ͬͨɽҰํɼాࣸ૾ʹ͓͍ͯσʔλ͕গͳ͍ͱ͖ɼϒʔτετϥοϓ๏ಛʹॏཁͳࢦඪͰ͋Δ λ1

ͷਪఆਫ਼͕͘ߴɼϠίϏྻߦਪఆ๏ λ2ͷਪఆਫ਼͕͍͜ߴͱ͕Θ͔ͬͨɽΤϊϯࣸ૾ͱాࣸ૾ͷܗঢ়ͷҧ

͍ʹΑΓɼాࣸ૾ൺֱతϊΠζͷӨڹΛड͚͍͢ͷͩͱ͑ߟΒΕΔɽߟࢀʹͰ͖Δσʔλ͕গͳ͍߹

ʹɼϒʔτετϥοϓ๏ϠίϏྻߦਪఆ๏ΑΓɼϦΞϓϊϑࢦͷਪఆʹؔͯ͠༏Ε͍ͯΔͱ͍͏͜ͱ͕ࣔ

ࠦ͞Εͨɽ
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ڹʹ༩͑ΔӨڑ༩͕εϖΫτϧάϥϑد༗ͷྦྷੵݻ

ᖒాً (ޱప तڭ ɼNina Sviridova ॿڭ)

1 ͡Ίʹ
ωοτϫʔΫͱɼ࣮ݱʹଘ͢ࡏΔͭͳ͕ΓݱΛͱࢬͰදͨ͠ͷͰ͋Δɽྫ͑ɼਓΛɼ2ऀؒ

ͷਓؒؔΛࢬͱ͢Δ͜ͱͰࣾձωοτϫʔΫΛ࡞Ͱ͖Δɽ͜ͷΑ͏ͳωοτϫʔΫΛղੳ͢Δ͜ͱͰɼ࣮ੈք

ͷ༷ʑͳΛղܾ͢Δ͜ͱ͕Ͱ͖ΔɽෳͷωοτϫʔΫͷҧ͍ΛఆྔԽ͢Δ͜ͱͰɼؒ࣌ͱͱʹߏ͕ม

Խ͢ΔςϯϙϥϧωοτϫʔΫΛҰݩ࣍ͷྻܥ࣌σʔλͱͯ͠ѻ͏͜ͱ͕Ͱ͖Δɽ͜ͷΑ͏ʹͯ͠ಘΒΕͨܥ࣌

ྻσʔλʹରͯ͠طଘͷྻܥ࣌ղੳͷख๏Λ༻͍Δ͜ͱͰɼςϯϙϥϧωοτϫʔΫͷಛΛղ໌Ͱ͖ΔՄੑ

͕͋ΔɽຊจͰɼωοτϫʔΫؒͷڑΛଌΔࢦඪͷ 1ͭͰ͋ΔεϖΫτϧάϥϑڑ [1] ͳΒͼʹɼ·ͣɼ

༗֦ுͨ͠༗εϖΫτϧάϥϑڑ [2]ͷੑͷ֬ೝΛͨͬߦɽ݁Ռͱͯ͠ɼ༗εϖΫτϧάϥϑڑɼ

༗ωοτϫʔΫߏͷࠩҟΛఆྔԽͰ͖Δ͜ͱΛ֬ೝͨ͠ɽ·ͨɼεϖΫτϧάϥϑڑɼωοτϫʔΫͷ

ྡ͔ྻߦΒಘΒΕΔϥϓϥγΞϯྻߦͷݻ༗ϕΫτϧΛ༻͍Δɽ͔͠͠ɼҟͳΔͷωοτϫʔΫؒͷڑ

ΛଌΔࡍʹɼͷগͳ͍ωοτϫʔΫʹ߹ΘͤͯڑͷࢉܭΛͨ͏ߦΊɼͷଟ͍ωοτϫʔΫͷ

ɼจࡍΔ͜ͱͰ͖ͳ͍ɽͦͷ͢༺༗ϕΫτϧͯ͢ݻ [1]Ͱݻ༗ͷখ͍͞ݻ༗ϕΫτϧ͔Βॱʹࢉܭ

༗ݻ͍ߴ༗ɼ͢ͳΘͪݻ͍ߴ༩ͷدʹ๏͕հ͞Ε͍ͯΔɽ͔͠͠ɼҰൠతํ͏ߦΛࢉܭͷڑɼ͠༺ʹ

ʹରԠ͢Δݻ༗ϕΫτϧͷํ͕ͦͷྻߦͷಛΛઆ໌Ͱ͖Δͱ͑ߟΒΕΔɽͦͷͨΊɼݻ༗ͷد༩ʹண

͠ɼ༻͢Δݻ༗ϕΫτϧʹΑΔڑͷਪҠʹ͍ͭͯௐࠪΛͨͬߦɽ݁Ռͱͯ͠ɼͯ͢ͷݻ༗ϕΫτϧ͕ಉ༷

ʹωοτϫʔΫͷใΛ༗͢Δ͜ͱ͕Θ͔ͬͨɽ

2 ωοτϫʔΫ༺

2.1 WSϞσϧ

Watts-StrogazϞσϧ (ҎԼWSϞσϧ)[3]εϞʔϧϫʔϧυݱΛઆ໌͢ΔࡍʹఏҊ͞ΕͨωοτϫʔΫͰ

͋ΔɽWSϞσϧҎԼͷखॱͰ࡞͢Δ͜ͱ͕Ͱ͖Δɽ

1. nݸͷΛԁ্ʹฒɼ֤͔Βྡ͢Δ kݸͷͰଓ͠ɼ֨ࢠάϥϑͷ࡞Λ͢Δɽ

2. ͦΕͧΕͷࢬʹ͍ͭͯ֬ pͰࢬͷยํͷΛΓ͠ɼผͷʹଓ͢Δɽ

͜ͷϞσϧɼਤ 1ͷΑ͏ʹ p = 0ͷͱ͖ԁ্ͷ֨ࢠωοτϫʔΫͱͳΓɼp = 1ͷͱ͖ϥϯμϜωοτϫʔΫ

ͱͳΔɽ·ͨɼp = 0.01ۙͷͱ͖ɼεϞʔϧϫʔϧυωοτϫʔΫͱͳΔ͜ͱ͕ΒΕ͍ͯΔɽ

ਤ 1: WSϞσϧ

2.2 ༗WSϞσϧ

͜ͷWSϞσϧΛ༗άϥϑʹ֦ுͨ͠༗WSϞσϧ [2]ҎԼͷखॱͰ࡞͢Δɽ

1. WSϞσϧͱಉ༷ʹ nݸͷΛԁ্ʹฒɼ֤͔Βྡ͢Δ kݸͷͰଓ͠ɼ֨ࢠάϥϑͷ࡞

Λ͏ߦɽ

2. ؒͷࢬΛ 1ຊ͔Β 2ຊʹ૿͠ɼͦΕͧΕͷࢬͷ͖Λ͍ޓʹҟͳΔΑ͏ʹܾΊΔɽ

3. ͦΕͧΕͷࢬʹ͍ͭͯ֬ pw ͰࢬͷยํͷΛΓ͠ɼผͷʹଓ͢Δɽ
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3 ղੳख๏
3.1 εϖΫτϧάϥϑڑ

ຊষͰɼεϖΫτϧάϥϑڑʹ͍ͭͯઆ໌Λ͏ߦɽωοτϫʔΫGʹର͢ΔϥϓϥγΞϯྻߦ φͷఆٛΛ

ࣜ (1)ʹࣔ͢ɽ
φ ≡ K − A (1)

AN ×N ͷແωοτϫʔΫͷྡྻߦɼK = diag(k1, . . . , kN )Ͱ͋Δɽͨͩ͠ɼki iͷ࣍Ͱ͋Δɽ

φݻ༗ղΛ༻͍ͯࣜ (2)ͷΑ͏ʹॻ͖͑Δ͜ͱ͕Ͱ͖Δɽ

φ = XΛ (X)
T

(2)

Λ =diag(λ1, . . . , λN )Ͱ͋Δɽͨͩ͠ɼ֤ λ φͷݻ༗Ͱ͋Γɼλ1 = 0 ≤ λ2 ≤ . . . ≤ λN ͱ͢Δɽ·ͨɼxr Λ

φͷ r൪ͷݻ༗ λr ʹରԠ͢Δݻ༗ϕΫτϧͱ͢ΔͱɼX = (x1, . . . , xN )ͱͳΔɽ͜ͷݻ༗ϕΫτϧΛ༻͍

ͯɼ2ͭͷωοτϫʔΫ G(i)ɼG(j) ͷεϖΫτϧάϥϑڑࣜ (3)Ͱఆٛ͞ΕΔ [1]ɽ

d
(
G(i), G(j)

)
≡ 1

Mij − 1

Mij∑

r=2

d′(x(i)
r , x(j)

r ) (3)

͜͜ͰɼωοτϫʔΫ G(i)ɼG(j) ͷΛ N (i)ɼN (j) ͱఆٛ͢ΔͱɼMij = min(N (i), N (j))Ͱ͋Δɽ·ͨɼ

d′(x(i)
r , x

(j)
r )֤ωοτϫʔΫͷ r൪ͷݻ༗ϕΫτϧؒͷڑͰ͋Δɽd′(x(i)

r , x
(j)
r )ࣜ (4)Ͱఆٛ͞ΕΔɽ͜

ͷͱ͖ɼࣜ (4)ਤ 2ͷΑ͏ʹදͤΔɽ

d′(x(i)
r , x(j)

r ) ≡
∫ ∞

−∞

∣∣∣ϱ(i)
r (y) − ϱ(j)

r (y)
∣∣∣dy (4)

͜͜Ͱɼϱr(y)ࣜ (5)Ͱఆٛ͞ΕΔϕΫτϧ xr ͷཁૉͷྦྷੵؔͰ͋Γɼ

ϱr(y) ≡ 1

N

N∑

l=1

H(y − x′
rl) (5)

ͱͳΔɽ͜͜ͰɼH(y)εςοϓؔͰ͋Δɽ·ͨɼx′
rl࠷େΛ 1ɼ࠷খΛ 0ͱͳΔΑ͏ʹਖ਼نԽΛͨ͠ϕ

Ϋτϧ xr ͷ l൪ͷཁૉͰ͋Δɽͨͩ͠ɼਖ਼نԽࣜ (6)

x′
rl ≡ xrl − xr min

xr max − xr min
(6)

ͱ͢Δɽ͜ ͜Ͱɼxrlݻ༗ϕΫτϧxrͷ l൪ͷཁૉɼxr max = max(xr1, xr2 . . . , xrN )ɼxr min = min(xr1, xr2 . . . , xrN )

Ͱ͋Δɽ

ࣜ (5)ਤ 2ͷΑ͏ʹ֤ݻ༗ͷݻ༗ϕΫτϧͷྦྷੵͱͳΔɽ·ͨɼࣜ (4)ɼ2ͭͷωοτϫʔΫͷݻ༗

ϕΫτϧͷྦྷੵ͔ΒಘΒΕΔࣼઢ෦ͷ໘ੵͰ͋Δɽࣜ (4)ɼ֤ݻ༗ϕΫτϧͷΈ͔ΒٻΊΒΕɼͦͷͷ

ฏ͕ࣜۉ (3)Ͱ͋Δɽ

(a) ϱ1(y) (b) ϱ2(y) (c) d′(x1, x2)

ਤ 2: ࣜ (4)ʹ͍ͭͯ

3.2 ༗εϖΫτϧάϥϑڑ

༗εϖΫτϧάϥϑڑ [2]ͰɼϥϓϥγΞϯྻߦΛ༻͍ͯࢉܭΛ͏ߦɽ༗εϖΫτϧάϥϑڑͷϥϓ

ϥγΞϯྻߦࣜ (7)Ͱఆٛ͞ΕΔɽ
φD ≡ A − KD (7)

͜͜Ͱɼ KD = diag(kD1, . . . , kDN )Ͱ͋Δɽͨͩ͠ɼkDi  iͷೖΓ࣍Ͱ͋Δɽ͜͜Ͱɼ φD ͷಛҟ

ղࣜ (8)ͷΑ͏ʹॻ͖͑Δ͜ͱ͕Ͱ͖Δɽ

φD = US (V )
T

(8)

͜͜ͰɼSϥϓϥγΞϯྻߦ φD ͷ r൪ͷಛҟ σr Λ༻͍ͨର֯ྻߦͰ S=diag (σ1, . . . , σN )Ͱ͋Δɽ·ͨɼ

U = (u1, . . . , uN )ɼV = (v1, . . . , vN )ͦΕͧΕͷϥϓϥγΞϯྻߦͷ r൪ͷಛҟʹରԠ͢ΔࠨಛҟϕΫτ
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ϧͱӈಛҟϕΫτϧͰ͋ΔɽࠨಛҟϕΫτϧɼӈಛҟϕΫτϧΛ༻͍ͯɼ2ͭͷωοτϫʔΫ G(i)ɼG(j) ͷ༗

εϖΫτϧάϥϑڑࣜ (9)ɼ(10)Ͱఆٛ͞ΕΔɽ

du

(
G(i), G(j)

)
≡ 1

Mij − 1

Mij∑

r=2

d′(u(i)
r , u(j)

r ) (9)

dv

(
G(i), G(j)

)
≡ 1

Mij − 1

Mij∑

r=2

d′(v(i)
r , v(j)

r ) (10)

Mij min(N (i), N (j))Ͱ͋Δɽ༗εϖΫτϧάϥϑڑͰɼࠨಛҟϕΫτϧɼӈಛҟϕΫτϧͷͦΕͧΕͰ

εϖΫτϧάϥϑڑ du

(
G(i), G(j)

)
ɼdv

(
G(i), G(j)

)
ΛٻΊΔ͜ͱ͕Ͱ͖Δɽ

4 ղੳ݁Ռ
4.1 ༗εϖΫτϧάϥϑڑͷੑௐࠪ

༗WSϞσϧʹରͯ͠༗εϖΫτϧάϥϑڑΛద༻͠ɼڑͷਪҠʹ͍ͭͯௐࠪΛͨͬߦɽ͜ͷͱ͖ɼܨ

͗ม͑֬Λݻఆ͠ɼΛมԽͤͨ͞ɽ
1 ม͑֬͗ܨ p0 ͷ༗WSϞσϧ Gp0 Λ࡞͢Δɽ
2 ม͑֬͗ܨ pͷ༗WSϞσϧΛ Y ͠ɼͦΕͧΕΛ࡞ݸ G

(1)
p , G

(2)
p , . . . , G

(Y )
p ͱ͓͘ɽ

3 D (p0, p) = 1
Y

∑Y
i=1 d

(
Gp0

, G
(i)
p

)
Λ͢ࢉܭΔɽ

4 p = 0.02͔Β p = 1·Ͱ Έͱͯ͠ɼखॱࠁ0.02 2ɼ3Λ܁Γฦ͢ɽ
ͨͩ͠ɼ༗WSϞσϧͷ 500ɼ࣍ 10ͱͨ͠ɽ·ͨɼY = 5000ͱͨ͠ɽ݁ՌΛਤ 2ʹࣔ͢ɽͲͪ

Βͷਤ͔Β p0 = pͱͳΔۙͰD (p0, p)͕࠷͘ͳ͍ͬͯΔ͜ͱ͕ΈͯͱΕΔɽɽ·ͨɼp0 = 0.4ͷͱ͖

ൣғͰD (p0, p)͕͘ͳΔͱ͍͏ΈͯͱΕͨɽ͜Εɼ༗WSϞσϧ p͕େ͖͘ͳΔ΄Ͳωοτϫʔ

Ϋͱͯ͠ͷಛྔ͕গͳ͘ͳ͍ͬͯΔ͜ͱ͕ݪҼͱͳ͍ͬͯΔɽ͜ΕΒͷ͜ͱ͔Βɼ༗εϖΫτϧάϥϑڑ

ωοτϫʔΫߏͷࠩҟΛఆྔԽͰ͖͍ͯΔ͜ͱ͕Θ͔Δɽ

(a) p0 = 0.1 (b) p0 = 0.4

ਤ 3: ༗WSϞσϧͷΛݻఆ͠ɼ͗ܨม͑֬ pΛมԽͤͨ݁͞Ռ

4.2 ͷਪҠڑͷεϖΫτϧάϥϑࡍ༗ͷΛมԽͤͨ͞ݻΔ͢༺͍ͯ༺༩Λدੵྦྷ

ʹͲͷΑ͏ͳมԽ͕ΈΒΕΔͷ͔Λ֬ೝͨ͠ɽڑʹΑͬͯɼεϖΫτϧάϥϑݸ༗ϕΫτϧͷݻΔ͢༺

༩دɽྦྷੵͨͬߦΛࢉܭ༗ϕΫτϧͷΛܾΊɼݻΔ͢༺༩ʹΑͬͯدੵྦྷ ci ʹୡ͢Δ·Ͱͷ༻ͨ͠

༗ϕΫτϧͷΛݻখͷ࠷ mͱ͢Δɽ͜͜Ͱɼྦྷੵد༩ΛՃຯͨ͠εϖΫτϧάϥϑڑͷࢉܭΛ͢ΔࣜΛ

dm

(
G(i), G(j)

)
= 1

m

∑Mij

r=Mij−m+1 d′(x(i)
r , x

(j)
r ) Ͱఆٛ͢Δɽ͜ͷεϖΫτϧάϥϑڑͰɼैདྷͷͷͱҟ

ͳΓɼݻ༗ͷେ͖͍ݻ༗ϕΫτϧ͔ΒॱʹࢉܭΛ͏ߦɽ͜ͷεϖΫτϧάϥϑڑΛ༻͍ͯҎԼͷ࣮ݧΛ

ɽͨͬߦ
1. ม͑֬͗ܨ p0 ͷWSϞσϧ Gp0

Λ࡞͢Δɽ
2. ม͑֬͗ܨ pͷWSϞσϧΛN ͠ɼͦΕͧΕΛ࡞ݸ G

(1)
p , G

(2)
p , . . . , G

(N)
p ͱ͓͘ɽ

3. D (p0, p) = 1
N

∑N
i=1 dm

(
Gp0

, G
(i)
p

)
Λ͢ࢉܭΔɽɹɹ

4. p = 0.1͔Β 1·Ͱ Έͱͯ͠ɼखॱࠁ0.1 2ɼ3ɼ4Λ܁Γฦ͢ɽ
࣮ݧʹ༻͍ͨWSϞσϧͷ n = 100ɼ࣍ k = 4, 50ɼp0 = 0.1ͱͨ͠ɽ·ͨɼྦྷੵد༩ cΛ 20%

͔Β 100%·Ͱ ɽ݁ՌΛਤͨͬߦͷมԽʹ͍ͭͯௐࠪΛࡍͨ͠ʹΈࠁ10% 4ʹࣔ͢ɽԣ࣠ pɼॎ࣠D (p0, p)

Λද͍ͯ͠Δɽ݁Ռ͔Βɼc = 100ͷͱ͖ɼp = 0.2Ͱ࠷D(p0, p)͕খ͘͞ͳΔɽ͜ͷ cΛมԽͤͯ͞

มΘΒͳ͍ɽ͜ͷ͜ͱ͔Βɼد༩ͷݻ͍ߴ༗ͷΈͰωοτϫʔΫͷಛΛઆ໌Ͱ͖͍ͯΔͱ͍͑Δɽ

Ikeguchi Laboratory 2020(p. 180 / 188)



(a) k = 4 (b) k = 50

ਤ 4: ͷਪҠڑͷεϖΫτϧάϥϑࡍม͑֬ΛมԽͤͨ͗͞ܨ

·ͨɼಉ༷ͷ࣮ݧΛখ͞ͳݻ༗͔Βॱʹ༻͍ͯࢉܭΛͨͬߦɽ݁ՌΛਤ 5ʹࣔ͢ɽ͜ͷ߹ɼਤ 4ͱಉ༷

ʹɼcͷΛมԽͤͯ͞มԽ͍ͯ͠ͳ͍͜ͱ͕Θ͔Δɽ͜ͷ͜ͱ͔ΒɼWSϞσϧɼد༩ͷ͞ߴʹΑ

Βͣɼͯ͢ͷݻ༗ϕΫτϧ͕ಉʹωοτϫʔΫͷಛΛදݱͰ͖͍ͯΔͱ͑ߟΒΕΔɽ

(a) k = 4 (b) k = 50

ਤ 5: খ͍͞ݻ༗͔Βॱʹྦྷੵد༩Λࡍͨ͠ࢉܭͷεϖΫτϧάϥϑڑͷਪҠ

5 ·ͱΊ

ຊจͰɼ༗εϖΫτϧάϥϑڑͷੑ֬ೝΛͨͬߦɽ݁Ռͱͯ͠ɼ༗εϖΫτϧάϥϑڑεϖ

Ϋτϧάϥϑڑͱಉ༷ʹωοτϫʔΫߏͷࠩҟΛఆྔԽͰ͖Δ͜ͱ͕Θ͔ͬͨɽ·ͨɼྦྷੵد༩ΛՃຯ͠

ͨεϖΫτϧάϥϑڑΛ༻͍ͯɼ࣮ݧΛͨͬߦɽ݁Ռͱͯ͠ɼد༩ͷ͞ߴʹΑΒͣɼͯ͢ͷݻ༗ϕΫτ

ϧ͕ಉʹωοτϫʔΫͷಛੑΛөͰ͖͍ͯΔ͜ͱ͕Θ͔ͬͨɽ
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発火間隔時系列から再構成したアトラクタの合成によるニューロンへの共通入力の推定

三浦英 (池口徹 教授 ，Nina Sviridova 助教)

1 はじめに
人間の脳内には，ニューロンと呼ばれる細胞が多数存在している．ニューロンは，ある閾値を超える

入力が与えられると，スパイクを出力することで，情報を他のニューロンに伝達する．脳内の情報表現
は，スパイク発生間隔により実現されていると考えられている．すなわち，どのような入力により，ど
のような出力が得られるのかを解析することは，脳内情報処理原理の解明という立場から重要である．
しかし，ニューロンの出力スパイク列を観測することに比べて，ニューロンへの入力信号を観測するこ
とは容易ではない．そのため，ニューロンの出力スパイク列から入力信号を推定する手法が提案されて
いる [1, 2]．しかし，文献 [1, 2]の手法では，発火率時系列を用いているため，ニューロンの発火の詳細
な情報が欠落している可能性がある．そこで本論文では，個体差のある複数のニューロンより得られる
発火間隔時系列から再構成したアトラクタを合成することで，ニューロンへの入力を推定する手法を提
案する．結果として，提案手法は個体差のある複数のニューロンに対する共通入力の推定において有効
であることが示された．

2 ニューロンモデルと発火間隔時系列
本論文では，ニューロンの数理モデルとして，Leaky Integrate and Fire (LIF)モデル [3]を用いた．

ニューロンは閾値Θを超える入力が与えられると発火し，スパイク列を出力する性質を持っている．LIF

モデルは，これらの性質を模倣する単純なニューロンモデルであり，式 (1)で定義される．

τ
dV (t)

dt
= −V (t) + S(t) (1)

ここで，V (t)は膜電位，S(t)は入力電流を表す．また，τは漏れの割合を示すパラメータであり，1/τ → 0

のとき，通常の積分発火モデルとなり，1/τ が大きくなると漏れの割合が大きくなる．
入力信号によりニューロンの膜電位 V (t)が上昇することで，閾値 θに達するとスパイクを出力（発

火）し，直後に V (t) ← 0とリセットされることを繰り返す．ここで，i番目の発火時刻を T (i)とする
と，発火間隔（interspike intervals, ISI）時系列 t(i)は，式 (2)で求めることができる．

t(i) = T (i + 1)− T (i) (2)

3 提案手法
3.1 全体の手順
本論文では，個体差のある複数のニューロンより得られる発火間隔時系列から再構成したアトラクタ

を合成することで，共通入力を推定する手法を提案する．提案手法の手順を図 1に示す．

1. 手順 1では，LIFモデルの漏れ τ を個体差とした n個のニューロンに対して，共通入力にバイア
ス項を加えた時系列を入力することで，n本の発火間隔時系列を得る．

2. 手順 2では，n本の各発火間隔時系列に対して，アトラクタの再構成を行う [4]．

3. 手順 3では，各ニューロンへの共通入力の情報を取り出すために，n個のアトラクタから 1個の
アトラクタを合成する．

4. 手順 4では，手順 3で合成したアトラクタのリカレンスプロット（RP）[5]を作成し，共通入力
を推定する [6]．

3.2 時間遅れ座標系への変換によるアトラクタの再構成
現実に存在するm次元の力学系から，複数の状態変数を同時に観測できる場合は稀である．また，多

くの場合では元の力学系の次元も不明である．このような場合，観測できた状態変数から元の力学系の
アトラクタの再構成を行うことで，元の力学系の情報を再現できる．本論文では，アトラクタの再構成
を行う手法として，時間遅れ座標系を用いた [4, 7, 8]．時間遅れ座標系への変換は，1つの状態変数から
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図 1: 提案手法の手順

元の力学系のm次元のシステムのアトラクタの軌道を再構成する手法である．具体的には，1変数の時
系列信号 y(t)からm次元の再構成状態空間へ変換する場合，時間遅れ Lを用いて式 (3)のようにm次
元ベクトル v(t)を構成する．

v(t) = (y(t), y(t + L), . . . , y(t + (m− 1)L)) (3)

また，時間遅れ座標系への変換によるアトラクタの再構成手法は，スパイク列に対して拡張されている．
具体的には，発火間隔時系列 t(i)を用いて，式 (4)のようにm次元ベクトルu(i)を構成することで，元
の力学系のアトラクタを再構成できる [4]．

u(i) = (t(i), t(i + 1), . . . , t(i + (m− 1))) (4)

3.3 リカレンスプロット
RPは，力学系のアトラクタの状態空間内における 2点間の距離情報を可視化する手法である [5]．具

体的には，アトラクタ上の点の数がN であるとき，一辺の長さがN となる二次元画像を用意する．こ
こで，式 (5)でR(i, j) = 1となるとき，第 (i, j)画素をプロットすることでRPは作成される．

R(i, j) =

{
1 (|u(i)− u(j)| < θr)

0 (それ以外)
(5)

なお，θrはRPの閾値であり，u(i)，u(j)は式 (4)により求めたアトラクタの状態空間内の 2点を表す．
また，|u(i)− u(j)|は u(i)と u(j)のユークリッド距離である．

3.4 RPからの時系列の推定
RPは，時系列の特徴を保持しているため，RPから元の時系列を推定することが可能である [6]．文

献 [6]では，以下の 4つの手順で時系列の推定が可能となることが示されている．

1. RPを隣接行列とみなし，RP上の点R(i, j) = 1である頂点 iと頂点 jの間に枝を張ることで無向
グラフを作成する．

2. 頂点 iと隣接する頂点の集合GiをGi = {j|R(i, j) = 1}とし，頂点 iと頂点 jの枝の重み wi,j を
式 (6)により定義する．

wi,j = 1− |Gi ∩Gj |
|Gi ∪Gj |

(6)

ここで，|Gi|は集合Giの要素数，∩は積集合，∪は和集合である．
3. 枝の重みwi,jで重み付けされた無向グラフの全ての頂点 iと頂点 j間の最短距離 li,jを計算し，距
離行列L = [li,j ]を作成する．

4. 距離行列Lに古典的多次元尺度法 [9]を適用し，時系列を推定する．
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3.5 再構成アトラクタの合成
本論文では，個体差のある複数のニューロンより得られる発火間隔時系列から再構成したアトラクタ

を合成することで，共通入力を推定する手法を提案する．まず，ニューロンの漏れ 1/τ が大きくなるにつ
れて発火間隔 tj(i)も大きくなり，発火間隔時系列から再構成したアトラクタの直径が変化するという問
題がある．そこで，アトラクタの直径を揃えるために，j番目 (j = 1, 2, . . . , 5)のニューロンより得られた
発火間隔時系列 tj(i)から平均 0，分散 1として標準化した発火間隔時系列 t′j(i)を作成した．次に，標準
化した 5個の発火間隔時系列 t′j(i)からm次元遅延ベクトルu′

j(i) = (t′j(i), t
′
j(i+1), . . . , t′j(i+(m− 1)))

を用いて，5個のアトラクタを再構成した．なお，本稿ではm = 5とした．さらに，m次元遅延ベクト
ル u′

j(i)を用いて再構成した 5個のアトラクタから 1個のアトラクタを合成した．具体的には，j 番目
のニューロンの i番目の発火時刻 Tj(i)とベクトル u′

j(i)は対応しているため，5個のベクトル u′
j(i)を

発火時刻 Tj(i)の順番に並べ替えることで，アトラクタを合成した．ここで，j = 3, i = 1, 2, 3とした場
合の，ベクトルu′

j(i)を対応する発火時刻 Tj(i)の順番に並べ替える例を図 2に示す．図 2では，ベクト
ル u′

j(i)を発火時刻 Tj(i)の順に並べ替えることで，再構成したアトラクタから 1個のアトラクタを合
成している．

発火時刻 の順に 
ベクトル を 
並べ替える

Tj(i)
u′ j(i)

合成前

発火時刻Tj(i)ベクトルu′ j(i)
T1(1) = 2.8
T1(2) = 3.5
T1(3) = 6.2
T2(1) = 3.2
T2(2) = 5.3
T2(3) = 7.4
T3(1) = 4.6
T3(2) = 5.7
T3(3) = 6.7

u′ 1(1)
u′ 1(2)
u′ 1(3)
u′ 2(1)
u′ 2(2)
u′ 2(3)
u′ 3(1)
u′ 3(2)
u′ 3(3)

u′ 2(1)
u′ 1(1)

u′ 2(2)
u′ 2(3)

u′ 1(2)

u′ 1(3)

u′ 3(1)

u′ 3(2)
u′ 3(3)

合成後

T1(1) = 2.8
T1(2) = 3.5

T1(3) = 6.2

T2(1) = 3.2

T2(2) = 5.3

T2(3) = 7.4

T3(1) = 4.6
T3(2) = 5.7
T3(3) = 6.7

u′ 1(1)
u′ 1(2)

u′ 1(3)

u′ 2(1)

u′ 2(2)

u′ 2(3)

u′ 3(1)
u′ 3(2)
u′ 3(3)

発火時刻Tj(i) ベクトルu′ j(i)

u′ 2(1)
u′ 1(1)

u′ 2(2)
u′ 2(3)

u′ 1(2)

u′ 1(3)

u′ 3(1)

u′ 3(2)
u′ 3(3)

図 2: 対応する発火時刻 Tj(i)の順番でベクトルu′
j(i)を並べ替える例

4 数値実験と結果
まず，カオス応答を示すレスラー方程式 [10]の第 1変数 x(t)の時系列に，バイアス項 40を加えた入力

時系列 S(t) = x(t) + 40を作成した．ここで，レスラー方程式のパラメータは a = 0.36, b = 0.4, c = 4.5

とした．次に，作成した入力時系列 S(t)を漏れ 1/τ = 0.8, 0.9, . . . , 1.2，閾値Θ = 20とした 5個の LIF

モデルへ入力し，5個の発火間隔時系列を得た．さらに，3.5節の手法を用いて，5個のアトラクタの合
成を行った．最後に，合成したアトラクタのRPを作成し，文献 [6]の手法により，合成したアトラクタ
のRPから共通入力を推定した．ここで，RPの閾値 θrはプロット割合が 10%となるように設定した．
なお，共通入力を推定できているか確認するため，共通入力の時系列 x(t)のRPと合成したアトラクタ
のRPのプロットパターンを比較した．さらに，共通入力の時系列 x(t)と合成したアトラクタのRPか
ら推定した入力時系列の概形を比較し，相関係数を算出した．
以下に，数値実験の結果を示す．まず，共通入力の時系列 x(t)のRPと合成したアトラクタのRPを

図 3に示す．ここで，図 3(a)は，共通入力の時系列 x(t)を 1/20でサブサンプルして作成したRPであ
る．また，合成したアトラクタ上の点の数は，5つのアトラクタ上の点の数の合計である． 図 3を見る
と，共通入力のRPと合成したアトラクタのRPのプロットパターンが類似することがわかる．
次に，共通入力の時系列 x(t)と図 3(b)に示したRPから推定した入力時系列 x̂(t)を図 4に示す．こ

こで，共通入力の時系列 x(t)と推定した入力時系列 x̂(t)は平均 0，分散 1として標準化を行った．また，
x̂(t)のデータ数は，x(t)のデータ数に対して少ないため，図 4では，x(t)を x̂(t)のデータ数でサブサン
プルすることでデータ数を合わせ，2つの時系列をプロットしている．図 4を見ると，2つの時系列の
概形が類似している．また，x(t)と x̂(t)の相関係数は 0.80であり，入力時系列を概ね推定できている
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(a) 共通入力のRP (b) 合成したアトラクタのRP

図 3: 共通入力のRPと合成したアトラクタのRPの比較

図 4: 共通入力時系列 x(t)と推定した入力時系列 x̂(t)

ことがわかる．これらの結果は，個体差のある複数のニューロンより得られる発火間隔時系列から再構
成したアトラクタを合成することで，共通入力の推定が可能であることを示している．

5 まとめ
本稿では，個体差のある複数のニューロンより得られる発火間隔時系列から再構成したアトラクタを

合成することで，共通入力を推定する手法を提案し，性能評価を行った．結果として，提案手法は個体
差のある複数のニューロンに対する共通入力の推定において有効であることが示された．
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