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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.

. 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

Chaos 31, 013122 (2021); doi: 10.1063/5.0005267
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nonlinear dynamics."’ 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 proposed’ 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.” 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.

Il. 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 analysis® 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.” This

Tkeguchi Laboratory 2020(p. 4 / 188)
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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,” 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. [1 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.” 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 I+]—2P+(ch,~j(m,n)}, o)
m,n)e
gii(m,n) = A|ti(m) — t;(n)| + A,|pi(m) — pj(n)l, (2)

where i and j are the indices of the marked point process data, or
the time window to be compared; g;;(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; # 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), £;(m) is the
occurrence time of the mth event in the ith time window, p;(m) is
the mark value of the mth event in the ith time window, the coeffi-
cients A, and A, determine the weights of the corresponding terms,
and the terms A|t;(m) — tj(n)| and A, |p;(m) — p;j(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.

Chaos 31, 013122 (2021); doi: 10.1063/5.0005267
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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 plots® 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

1 (DG,j) < 6),

R =
/ 0 (otherwise),

©)

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, 6 is a threshold, and D(j, 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,®

1
1Y0)
DET = ZIN“";" )
> @’
where
N—I+1IN-I+1
Uh= > Y (=R - ,+,]+I>HR,+k,+k )
=1 j=itl
In Eq. (4), U(]) is the number of diagonal lines in the plot whose

length is l (plxels) (1 <1 <N-—1) and Iy, is the minimum length
of the diagonal line. In this study, Iy, is set to two. In Eq. (5), we
definethatRy; =0(j=1,...,N+1andRjy;; =0(=1,...,N).
Diagonal lines usually disappear in recurrence plots generated from
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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 H, (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 x N). In
this study, the threshold 6 in Eq. (3) is determined such that the
number of plotted points in each recurrence plotis 0.1 x N x 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,” 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 (IEILs), 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 windows M = 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 M, such that the distribution of DET's obtained
from CRSS data does not differ significantly from that obtained from
FRSS data.

If Miyin 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 M, 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 M, is fun-
damentally related to the time at which the deterministic features
disappear and produces information about the relevant prediction
limits.

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

1. Calculate the values of DET of Ny FRSS data.

2. Set M to unity and y to zero. y represents the number of times
that the null hypothesis is not rejected.

3. Calculate the values of DET of N, CRSS data with the constraint
parameter M.

Tkeguchi Laboratory 2020(p. 6 / 188)
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4. Calculate a significance level o’ 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
o,y < y+1LIfy >0, My, = M and the algorithm termi-
nates, where ®,, is the parameter of our method. Wheny < ©,,
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 ' in step 5
using the Siddk correction’ as follows:

o =1—(—a), (6)

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

We here note that if we employ the small shuffle surrogate data’
instead of the proposed CRSS, the surrogate data whose short-term
correlation is destroyed can be obtained. Let x(f) (t = 1,2,...,7) be
the tth data point in a regularly sampled time series data and . (f)
be the temporal index of x(t). The small shuffle surrogate data* are
generated using the following three steps:

(1) j(t) is defined by j(t) = Z(t) + &, where & is a Gaussian
random number with appropriate mean and variance.

(ii) By ranking j(t) (t=1,2,...,7) in ascending order of their
values, the rank of .% (), which is described by rank(ﬂ~ ) a=<
rank(Z (1) < 1), is adopted as the new index of the fth data
point in the original time series.

(iii) The small shuffle surrogate data are obtained byx(rank(,ﬂ~ M) (t=

1,2,...,7).

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.

IIl. EXPERIMENTAL SETTINGS

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

X =-—-ox+o0y,
y =-xz4+rx—y, 7)
z =xy— Pz

where o, B, andr are parameters. In this study, o = 10,
B = %, and 0 < r < 220, and Eq. (7) is numerically integrated using
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where v corresponds to the membrane potential, u corresponds to
? the recovery variable of a neuron, and I corresponds to the input to

aneuron. In Eq. (8), a, b, ¢, and d are parameters. The variables v and

| Make N;FRSS data l u are reset to ¢ and u + d, respectively, when the value of v reaches

30 mV. In this study,a = 0.02, b = 0.2, ¢ = —55,and I = 10, unless

l otherwise stated. The Izhikevich simple neuron model can produce

| Calculate DET for FRSS data ‘ rich firing patterns exhibited by real biological neurons. The marked

point process data are generated by extracting the value of u(f) when

l the neuron fires. In this study, Eq. (8) is numerically integrated using

| M+1,v+0 l 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

i method so that [v(f) — 30| < 107°. Figures 5(d)-5(g) show examples

| Make V. CRSS data ] of marked point process data generated from the Izhikevich neuron
l model, where the red vertical lines correspond to events.

To compare the marked point process data generated from

| Calculate DET for CRSS data ! the deterministic dynamical systems with those generated from

l a stochastic process, we used the Poisson process with marks

as the underlying model for point process data. The inter-event

Calculating p-value intervals of the Poisson process are independent and identi-

By WElh s cally distributed with the exponential distribution whose proba-

l bility density function is described by Q(x) = £e~**. The mark

; a of each event is independent and identically distributed with the
| d+—1—-(1—-a)™ l

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, £ =10 and A, = A,

| y+—y+1 | p — value < o =L
In this study, we first investigate the relationships between the
Yes values of DET and the parameter values of M that determine the

strength of the random shuffle of time windows. Next, we investigate
72 6, No | M M+1 }— the relationship between the reciprocal of My,;, and the LLE. Positive

" correlation between the reciprocal of My, and the sum of positive
es

] Lyapunov exponents implies that M,,;, obtained by our method can

| Mein & M 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
FIG. 4. Flow chart of the proposed method. exponent, and consequently we investigate the relationship between
LLE and the reciprocal of My;,. The Lyapunov exponents of the
Lorenz equations were estimated by the QR decomposition-based
method."” Let (A1, A, A3) be the Lyapunov spectrum of the Lorenz
equations, where A; > A, > As. 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."’ Let (1, u,) be the Lya-
punov spectrum of the neuron model described in Eq. (8), where
M1 > Wy Figure 6(b) depicts the relationships between the values of

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(¢) 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.'' 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,'” which is described by

v=0.04v* +5v+ 140 —u + I, the parameter d and the corresponding Lyapunov exponents, where
{1'/. =a(bv — u), the value of d is increased from 0.86 to 0.95 with a step size of
0.0005.
ifv > 30 [mv] then {V <o (8) In the numerical experiments, we also directly estimated the
u<—utd LLE based on the method proposed by Sato et al.'” and compared it
Chaos 31, 013122 (2021); doi: 10.1063/5.0005267 31,013122-5
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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 (- = 28) whose largest Lyapunov exponent A1 ~ 0.90, and (c) a chaotic orbit (r = 167.5) whose largest Lyapunov
exponent A4 ~ 1.95. (d) A regular-spiking neuron (a =0.02, b =0.2, c = —65, d = 8, | =10), (e) a fast-spiking neuron (a =0.1, b = 0.2, c = —65, d = 2, | = 10), (f)
a chaotic-spiking neuron (a = 0.02, b = 0.2, ¢ = —55, d = 0.905, / = 10) whose largest Lyapunov exponent ;1 ~ 0.04, and (g) a chaotic-spiking neuron (a = 0.02,
b=0.2,c= —55 d=0.925 | = 10) whose largest Lyapunov exponent 11 = 0.07. (h) The marked Poisson process (¢ = 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(f).
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with M, obtained using our method. The LLE can be estimated by
¥ D@+ s,k() +9)
Z In

D(i, k(D) ©

1 1
LLE(s) & —
SN—s*“
i=1
where k(i) is the index of the nearest time window of the ith time
window and D(i + s, k (i) + s) represents the distance between the

ith and « (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 A, in Eq. (2) 1 1
Weight of MSTM A, in Eq. (2) 1 1
Step size of the Runge-Kutta
method h 0.001 0.025
Threshold ®, 3 3
Significance level 0.01 0.01
The number of FRSS data N 100 100
The number of CRSS data N, 100 100
Step size s in Eq. (9) 1 1
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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, A4 ~ 0.90 and r = 167.5, A4
~ 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
=02, ¢c=—65 d=28; represented by the yellow line), fast-spiking (a
=01, b=02, c=—65d = 2; represented by the light blue line), and
chaotic-spiking (a = 0.02, b =02, ¢ = —55, d = 0.905, ;1 ~ 0.04 and a
=0.02, b=0.2, c = —55, d = 0.925, u ~ 0.07; represented by the purple
and dark blue lines, respectively), where L = 200. The horizontal dashed lines
represent the DETs of FRSS data.

Myin 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 M, 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 A, and u, are larger than 1072, because
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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
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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 Mni» and the LLE. The value of the correlation coefficient p is shown in each
figure.
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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 ;. 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 ().

Next, we compared My, and the LLE in the cases where
X1 > 1072, 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 M,,;, 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 1, is
less than approximately 0.7. However, this positive correlation dis-
appears when A; 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 My correlates positively with the LLE even when the LLE of
the original dynamical systems takes large values, where the corre-
lation coefficient p between the reciprocal of My, 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 M, 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 My, and the reciprocal of My, 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 My, and the LLE of
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FIG. 10. Distance matrices and recurrence plots when the parameter r = 146.9,

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 M,;,, 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
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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."'*"'* 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 A, in Eq. (2) so that the weight value of marks
(A,) is smaller than that of IEIs (A,). 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 My,
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.

ACKNOWLEDGMENTS

This research is partially supported by the JSPS Grants-
in-Aid for Scientific Research (Nos. JP15KT0112, JP17K00348,
JP17K00348, JP18K18125, and JP20H00596).

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 A; > 1072
in our experiments.
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FIG. 11. Relationship between My, and w for the Lorenz equations. The val-
ues of My, 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, A4 ~ 0.90 and
r=167.5, A1 ~ 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 My,
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

X =—0x+0y+ 0,
y=—xz+rx—y+ g, (B1)
z=xy— Bz+ &,

where wé,, w§,, and w&, 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

50 - : : - -
RS (1 = 0.00, yp = -0.38)
FS (14 = 0.00, yp = —0.33)
40 - —— Chaos (j1; = 0.04, i, = ~0.00) 1
—— Chaos (4 = 0.07, p, = -0.00)
< 30
[
= 5
10 \\ 1
0 . . . . .
0 0.025 0.05 0.075 0.1 0.125 0.15

Noise strength ®

FIG. 12. Relationship between M, and w for the Izhikevich neuron model.
The values of My, 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,
¢=—65 d=28; 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 (@=0.02, b=02c=-55 d=0905 un~004 and a=0.02,
b=10.2, ¢c=-55 d=0.925 w ~ 0.07; represented by the purple and dark
blue lines, respectively), where L = 100.
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noise is described by

V= 0.04v + 5v + 140 — u + I + wé,,
u=a(bv—u),

V<

u<—u+d, (B2)

ifv> 30 [mv] then {
where wé, 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 Egs. (B1) and (B2), w is the strength of noise. In this paper,
&, &, £, and £, 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(¢) 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(f) > x(t — T) and x(t) > x(t + T) for all ¢t and
T (1 < T < 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 @ > 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 M, and the
strength of noise w, 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 My,
gradually decreases with increasing noise strength. In addition,
Fig. 11 indicates that M, 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 M, 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

Transmitter Receiver
n(t)
I
Chaos | 5®|° N Ple® | vise )
b_’modulation / N / decoder —b
Pl > S

1 N ]

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 N; be the number of transmit antennas and N, be the number of receive antennas. Figure 1
shows an example when N; = N,. = 2. Let b be a transmit block which is given by

b = [boablv"' 7bL—1]a (1>
b, € {0,1}, (m=0,1,--- ,L—1),

where L is the number of symbols.
Let s(t) be the ¢ th MIMO transmit vector which is given by

s(t) = [s1(t), s, (1)), (2)

where s;(t) (i = 1,---, N;) corresponds to the ¢ th symbol transmitted from the i th transmit antenna
and T represents the transpose. In Eq. (2), ¢ represents the temporal order with which s(t) is
transmitted from the transmit antennas. The transmitted symbol s;(¢) is generated from the transmit
block b by the chaos-based modulation, which is described later in this section. Let Sg be the MIMO
transmit block consisting of B MIMO transmit vectors defined by

SB = [S(O)a o aS(B - 1)] (3)
Note that L = N;B. Then, the tth MIMO receive vector is given by

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

hu(t) - hin,(t)
H(t) = J (5)
hn,a(t) - hnon ()

where h;;(t) is the ¢ th channel component between the ¢ th transmit antenna and the j th receive
antenna. Values of h;;(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(¢).

In the original C-MIMO system, a common key ¢y (0 < Re[cg] < 1 and 0 < Im[cg] < 1) is randomly
generated and shared between the transmitter and the receiver in advance. The value of ¢q is used
to generate the initial values of the chaotic dynamical systems. Figure 2 shows a configuration of the
chaos modulation part [4-6].

b t ! ;
Zo Ck+1 B

Co—0 modulation ChaQS_ randomize ——
Yo (Bernoulli shift)

Ck+1
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 Sg by using a transmit block b
and the k th element symbol represented by ¢, (k = 1,---,L). The element symbol ¢ is generated
from ¢y by a chaos-based modulation described in the following procedure.

(I) Set k to 0.

(IT) Two initial values of chaotic dynamical systems, xo and yo, are generated from the element
symbol ¢, and the transmit block b as follows:

Re[ck] (b =0),
zo=1 1—Re[cy] (b, =1 and Re[ci] >1/2), (6)
Re[cg]+1/2 (b =1 and Relc| <1/2),
and
Im(ey] (b(k+1) moa =0),
Yo=141— Im|cy] (b(k+1) mod =1 and Im[ex] >1/2), (7)
Im[cg]4+1/2  (D(k41) mod =1 and Im[cx] <1/2).

In Egs. (6) and (7), when k = 0, the common key ¢ is used.
(ITIT) Two chaotic series are generated by the Bernoulli shift map:

(®)

Ti41 = 2x;mod 1,
Yi+1 =2y mod 1,

where g and yo are used as the initial values. After iterating Eq. (8) n times, the (k + 1) th
element symbol ¢y is calculated by

{Re[ckH] = Tn4byir/2) mod L? (9)

Im[Ck+1} = yn+b{(k+1)+L/2} mod L’

where n is set to 100, as described in [6].
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(IV) By using cg41, the transmitted random Gaussian symbol s is generated using the Box-Muller
method [7] as follows:

5k+1:W/_JOg(“%k+ﬂ{CO“2ﬂuyk+ly+jShﬂ2ﬂ“%k+ﬁ}a (10)

where j is the imaginary unit, u, 41 and uy ;1 are defined by

1
Us o4l = arccos|cos{37m(Re[ci+1]+Im[ecky1]) H,

1 1 (11)
Uy k1 = arcsin[sin{43m(Re[ck4+1] —Im[ck+1]) }] + 3
(V) After repeating the steps (IT)—(IV), the MIMO transmit block Sp is defined as
S1 SNy+1 ' S(B—1)Ni+1
SN, S2N, v SBN,

where the symbols in the i th column are transmitted from the ¢ th antenna. Therefore, the
MIMO transmit vector s(¢) in Eq. (2) is given by

S(t) = [stny+15 > SN, (13)

In the receiver, the joint maximum likelihood sequence estimation (JMLSE) [5] is performed to
decode Sp. The decoded block b is given by

B-1
b =arg min » _ [|r(t) — H(t)(b, o), (14)
beQ  i—0

where €2 is a set of all possible bit sequences of length L and §(f),co) is a MIMO transmit vector
generated from the block b and common key cg in the receiver side by the chaos-based modulation
described in the above-mentioned steps (I)-(V). The set of possible bit sequences 2 and the vectors
§(b, o) (b € Q) 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 —10711), similar to [10].

In the original C-MIMO system, even if an eavesdropper estimates a key close to the common key
cp, the communication is still secure except when the eavesdropper estimates the common key whose
squared error is smaller than 10726 [8]. The value 1072 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 N; = 2, namely L = 2B, for the sake of simplicity, but the
same discussion is valid for the case where N; > 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[c] < 0.5.

I1. Although b is composed of L bits, siy1 is generated consisting of only four bits of the total
L bits, namely by, bit1, bgtp, and bgrpr1. This use of a small number of bits in b reduces
possible values of si1, which might lead to poor performance.

To resolve issue I, in Fig. 3, we show the flow for generating the transmitted symbol sj 1 from the
element symbol ¢;. We first present an analysis of Egs. (6) and (8).

First, the initial values of the chaotic dynamical systems g are generated from the element symbol
¢k according to Eq. (6), depending on the value of by. After generating xo, o is mapped to z1 by the
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initial
value
element Eq. (6) T Eq. (8) element transmitted

symbol symbol
Eq.(7) Value gq (g)

Yo

Fig. 3. Schematic diagram demonstrating the generation of the transmitted
symbol siy1 from the element symbol ¢ in the original C-MIMO system.

Bernoulli shift map (Eq. (8)). If the bit by affects si11, the value of £ must vary when the value of
bit b, varies.

However, regardless of whether by, = 0 or b, = 1, the values of 1 are the same when 0 < Re[cg] <
0.5. The following reason causes the values of z; to remain the same: if by = 0, the value of x;
is 2Re[cg] mod 1. Conversely, if by = 1, the value of x1 is {2Re[ck] + 1} mod 1 = 2Re[cx] mod 1,
which is identical to the value when b; = 0. This is because the modulo operation is defined by
amod = a—p|F], where [-] is the floor function. This indicates that Eq. (6) has no effect on si41
when 0 < Re[cy] < 0.5.

1 : : : : 1

0.8 r 1 0.8 t
0.6 1 0.6
< <
0.4 | 1 0.4 |
0.2 | 1 0.2}
0 L L L L O L L L L
0 02 04 06 08 1 0 02 04 06 08 1
Re[c,] Re[cy]
(a) by =0 () b =1

Fig. 4. Relation between Re[c] and 24 for (a) by = 0 and (b) by = 1.

To confirm the above discussion that Eq. (6) has no effect on s+ when 0 < Refex] < 0.5, we
plotted the value of 1 as a function of Re[cg] in Fig. 4. From Fig. 4, it can be observed that although
the value of by, is different, these two relations are equivalent when 0 < Re[c] < 0.5. Thus, regardless
of whether b, = 0 or b, = 1, the values of x; are the same when 0 < Re[cg] < 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[cg] < 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 Ny = N,. = 2.
In Fig. 5, we generated and plotted 2% = 2% symbols (sj1), 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 si, the original C-MIMO system [4-6] uses the element symbol ¢; and
the following four bits in b: by, in Eq. (6), but1) mod £ i Eq. (7), b(k4B) mod £ a0d b((k41)+B) mod L
in Eq. (9). When k = 0, although the number of possible bit patterns of b is 2 (= 2% in Fig. 5(a)),
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the number of patterns of symbols s; is 24(= 16). When k = 1, the bits in b used to generate the
symbols s, are shifted from the bits that were used to generate the symbols s; by one bit. Hence, in
addition to the four bits used in the case that k& = 0, b(y2) mod 1. and b((k42)+B) mod 1. are used to
generate the symbol so. Therefore, six bits are involved in total. In Fig. 5(b), it can be observed that
the number of patterns of the symbols sy is 2°(= 64); however, the maximum number of bit patterns
of b is 28(= 256).

Imis.]
°
Imis,]
o
Imisl
°

Im[s,]
o

Imiss]
°

Imisg]
o

Imis]
-
Imisg]
-

Refss] Re[sg] Re[s;] Refsg]

(e) ss5 (f) se (g) s7 (h) ss

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

4. Proposed system

Ck+1
b.co —0 Chaos randomize ——
5 (Bernoulli shift)

I

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 Eqgs. (6) and (7) have no effect on the value
of ¢ as shown in Sec. 3. On the basis of this fact, we simply use the following Eqgs. (15) and (16)
instead of Eqs. (6) and (7).

xo = Re[cg), (15)
Yo = Imley]. (16)

Although issue I exists in Egs. (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 — §) in the original C-MIMO system, where §(< 1) is a small real number and
d = 10~ in [10]. This replacement of the modulo operator is introduced to prevent the values of
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x, and y, from converging to zero in numerical simulations, but not to address issue I. Moreover,
this value of ¢ is empirically determined; further, no reports systematically clarify how the value of §
affects the dynamics of the Bernoulli shift map and the randomness of generated transmitted symbols.
In this sense, the proposed method (Egs. (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, xy and yg, are generated only from ¢y, 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

Cht1 = Tnti, T JYntiy, (17)

where n = 100 and we adaptively change the number of iterations i, and i,, using the transmit block
b. When the (k + 1) th element symbol cx41 is generated, the values of i, and 7, are determined by

0 (k>1),
Iy = 5 (18)
> 2™by, (k=0),
m=0
and
0 (k>1),
_ 2B—1 (19)

Y)Y 2B, (k=0).
m=B

Equations (18) and (19) indicate that i, and i, take values calculated by the second equations in
Eqgs. (18) and (19) only when the first transmitted symbol s; 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 si(k > 1) are generated from the first element symbol ¢;, it is not necessary to calculate i,
and i, for these transmitted symbols. Based on this idea, i, and 4, are set to 0 when k& > 1. These
changes increase the number of patterns of symbols to 2V¢5, 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 s; 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 s is 2%, 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 s;(¢ = 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 2V¢5 (= 28). Consequently, the number of patterns of each transmit symbol (s;) 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
sx 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:

A; = / IPi(2) — Q(2))dz, (20)

where P;(z) is a cumulative distribution of the distances between symbols corresponding to s; 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 A; 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 A; calculated for 100 values of the common key ¢y. 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-MIMQO 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 E},/Nj per receive antenna, where Ej,/Nj is the
signal to noise ratio (SNR) per bit. In this experiment, we randomly generated 10° transmit blocks
b and calculated their decoded blocks b. 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 b 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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Table I. Conditions of the numerical experiments.

Modulation BPSK, QPSK ‘ Chaos (original and proposed)
Number of transmit and N; = N, =2 (Figs. 10, 11(a), and 12(a))
receive antennas Ny = N, = 2,3, and 4 (Figs. 11(b) and 12(b))
MIMO Block length N/A B =2,3and4
Chaos map N/A Bernoulli shift map

Number of iterations
for the Bernoulli shift map
Synchronization of common keys Perfect
Antenna and symbol i.i.d.

N/A n =100

Channel one-path Rayleigh fading
Receive channel state information Perfect
Algorithm for decoding MLD ‘ JMLSE

We changed the common key cq every 10* blocks (the total number of common keys ¢q is 100). The
real and imaginary parts of the common key ¢y 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:

2
5 (21)

Q

SNR = 10log,

S
3N

where o2 is the average power per receive antenna and o2 is the average power of noises. In the
BPSK-MIMO, the original C-MIMO, and the proposed C-MIMO systems, E;,/Ny is identical to SNR.
In the case of the QPSK-MIMO system, E;, /Ny = 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 (E}/Np)
is low (Fy/Np < 10). In contrast, especially in the region where the values of Ej,/Ny 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 Ny = N,. = 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 N; = N, = 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 N; = 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., 2* 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 (i, and i)
is large. Comnsequently, reducing the computational cost of the proposed C-MIMO system is one of
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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,
x; and vy, where t is time. Let x; be a cause of y;. 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 x; and y;, we first reconstruct the attractors us-
ing a time-delay coordinate system [6] from the original time series z; and y;. 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 x; by a time-delay vector x(t), as
shown in Eq. (1).

x(t) = (T4, Tiyr, Ttor, $t+(m—1)r), (1)

where 7 is the time delay and m is the dimension of the reconstructed state space. Similarly, y(t) is
defined by

Y(t) = (Yts Yitr, Ye42rr 5 Yer(m—1)7)- (2)
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Next, to predict the original time series x; and y;, we use the above-mentioned time-delay vectors
x(t) and y(t). This method is called cross mapping because y; is predicted using x(t) and xz; is
predicted using y(t). Now, we define Z; and g, as the predicted time series. In the cross mapping,
is calculated by

K
U = Zwt Ygi- (3)
i=1

Here, K is the number of neighbors for predicting the time series. We take the K mneighbors of
x(t), which are ('), (t?), ---, x(t"), where x(t') = (¥4, Tpigr, Tpizor, *  Tyis(m-1)r). Next,
we take the corresponding y(t!), y(t?), -+ -, y(t*), where y(t') = (Ysi, Yitrs Ytivors > Ytit(m1)7)
and predict ¢; 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), wy is defined by

Ui
K )
E Ui
i=1

where wy: is the weight calculated from the time-delay vector of the ith nearest neighbor x(t) in the

(4)

Wi =

reconstructed state space (t). In Eq. (4), uy: is defined by

e = { Gt au] | ©

where d[z(t), (s)] is the Euclidean distance between x(t) and z(s) and =(¢') is the ith nearest
neighbor of the time-delay vector x(¢) in the reconstructed state space. When d[z(t), x(t)] =0, us

is defined by
1 (i=1),
Ui = 6
{0 (i #1). (6)

Then, using Egs. (3)—(6), the predicted state ¢, is obtained:

Y- (7)

The accuracy of cross mapping is evaluated by the correlation coefficient p,, between the actual time
series y; and g, obtained by Eq. (7). Namely, p,, is defined by

T —
> (=) (e — 1)

Pzy = Tt:1 p= ) (8)
Z(?)t — ;)2 Z(yt —t)?
t=1 t=1

where T is the length of time series and ¥; is the average of y;. Here, let us assume that y; is affected
by x; and z; is not affected by y; (x; is cause and y; is result). In this case, the correlation coefficient
Pay between y, and g, predicted from x(t) is expected to take a low value. On the other hand, the
correlation coefficient p,, between z; and Z; predicted from y(t) is expected to be a high value. This
is because x; does not contain the information of y; but y; contains the information of x;. From this
fact, we estimate the existence and direction of causality from y; to x;. 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 z;(t) is the state value of the vertex i at
time ¢, € is the coupling strength between vertices, k; is the degree of the vertex i, A;; is the (¢, 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(¢) = ap(l — ¢), where a is a
parameter. In this paper, we use a = 4.0 and ¢ = 0.1.
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alt+1) = (L= ) f (1) + 1 DA f(25(1). (9)

The reason why we set ¢ = 0.1 is that the state values could be a periodic solution depending on the
value of . 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 e and the state values when we use the WS model on p = 0 is shown in Fig. 2.

0 02 0.4 06 08 1
€

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 z;(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 ¢ is more than 0.5. Therefore, we use the parameter ¢ = 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 v;(t) is a state value of the chaotic neuron
1 at time t, k; is the refractory time decay constant, a; is a coefficient for refractory terms, a; is a bias,

N is the number of neurons in the network, and w;; is the coupling strength between the neurons ¢
1

~ 1+exp(—9/2)
is a parameter. In this paper, we use k; = 0.8, o = 1.0, a; = 0.2, ¢’ = 0.04, and w;; = 0.2 (i # j).
When i = j, wi; = 0.

and j (i, j=1, 2, ---, N). The function g is a sigmoid function g(¢) , where &’

vi(t+1) = Kkvi(t) — cug(vi(t)) + a; + Y _wijg(v;(t)) (10)

j=1

The reason why we set w;; = 0.2 is that the state value could be a periodic solution depending on
the value of w;;. Here, a bifurcation diagram visualizing the relation between w;; and the state values
when we use the WS model of p = 0 is shown in Fig. 3.

Ml = {

0 0.05 0.1 0.15 0.2 0.25

Fig. 3. Bifurcation diagram of the chaotic neural network.
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In Fig. 3, we show the values of v;(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 w;; is greater than 0.2. Therefore, we use a parameter whose state value does not
become a periodic solution, w;; = 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 7 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.

1 W.

0.8 -

0.6 -

04+

0.2+

Accuracy of connectivity estimation

95% confidential interval

0 0.2 0.4 0.6 0.8 1
Rewiring Probability p

0

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.
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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 ¢-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.
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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 ¢-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).

N
Ps =~ ! DS Aijpij. (11)
Z Z Ay j=14i€Q
j=1i€Q

In Eq. (11), ps is the average prediction accuracy of the degree J, €2 is the set of indices of vertices
defined by Q={i | k; =6, i=1, 2, ---, N}, k; is the degree of vertex i, A;; is the (i, j)th element
of the adjacency matrix, and p;; 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 ps and degree 6 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.

1 1

m=2 —— m=2 ——
m=3 —— m=3 —x—
0.8 m=4 —— 0.8 m=4 ——
m=5 m=5
0.6 0.6
& &£
0.4 0.4
0.2 — . - ) 0.2 '\:\¥%*' N
0 0
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
3 3
(a) The number of neighbors K =m +1 (2 < m < 5). (b) The number of neighbors K = 2m (2 < m < 5).

Fig. 7. Relation between degree § and average prediction accuracy ps 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 § 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
ps and the reconstruction dimension m for each degree 6.

Figure 8 shows that although the average prediction accuracies ps take almost the same value even
when the dimension of the reconstructed state space is changed, the average prediction accuracies ps
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 ps for each degree 4.

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.

1

0.8

0.6

0.4

0.2

Accuracy of connectivity estimation

0

Community Random

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 pp, maximum value Ip,.y, and minimum value I, of all obtained prediction
accuracies are calculated.

(2) The threshold 6 is defined in the range of Iy < 0 < Iax, and the data are classified into two
classes, class 1 and class 2, by the threshold 6.
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(3) The number of data in class 1, ny, the average value of data in class 1 p;, the variance of data
in class 1 o, the number of data in class 2, no, the average value of data in class 2 po, and the
variance of data in class 2 03 are calculated.

(4) The within-class variance 02, between-class variance Uf, and separation rate S are calculated.

2 2
2 n10y + Nooy

Op = ——"""—"—"°, (A_l)
ny1 + ne
_ 2 _ 2
o2 = it = po)” + ma(pa = po)” (A-2)
ny + ne
2
S = ig (A-3)
o-w

(5) Steps (2) to (4) are repeated by changing the threshold value 6 in the range of Inyin < 6 < Ijax.
Then, the threshold value, when the separation rate S takes the maximum value Sy, is used
for discrimination of two classes: coupled and uncoupled.
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How to Implement Nonlinear Dynamical Systems on Digital Comput ‘
The Bernoulli Shift Map Case '
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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
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i#E @« NVX—A4 7 ME, 7ar I8 TEELT
WEF L

£ T S

B (7008 F, 74 u—TC)HEE20FF?

e - EXE ... &, HED, 2o&, modl & &
BRI N RAE A e B 2 & T, JUORT
5T EwwTtwnwE g,

Bfide: TH, 2ok, HEWF20FFT .27

(110537 S E AN

B Wdb & XL, brolBMALTWAKLT
ITrR? TH, FH2ELTD ... RV %E
100 [ < HWEILTwE L7z LA,

g« W72 BT HOHEGAE % RO T, — Mo
1275 2 L I3FERRL TV ET.

BfGE: 295k, 27100 & 5D REEEATIEIE S
W EWTRWwWER ) OTEA, Z0iAY)
ZEIBDOTL &9 D

Bfided: THHELEDT, BEA, EIENRTVILA
ESERAY AR

2. NIX—A 27 NEE
2.1 NIWX—A>7 " NEBOTES

NV R=A 27 VEHOFAFI72F, X (1) TH2oR
S, R (1) BT, tISEERRERH, () 13, Rt I2BT 51K
EETH .

z(t+1) = 2z(¢t) (mod 1)

) 22(t) (0 < z(t) < 0.5) )
| 22() -1 (05 a(t) < 1)
NVRA=AT T VNESED) ==y TR 1TIRT. M1 %
B2 eahn L9110, NV —427 NERIERGHER, T
Lbhb, FHRELNIFRTHD.

2.2 NXWX—127 N NBEBDEALAFITX

X (1) ZHNT, NVX—A 27 FNEEFIFEESESES 2
EEREZDH, FT, BH 12BNV —4 27 NELOIR
A 2R L, SNE zp(t) &2 L, WHIIRED,

Z‘B(O) :0.b1b2b3---bibi+1--‘bi_lbi... (2)
ERTIENTEDL. R () IZBVT, b;=0,1THb. 2O
ML 2 (0) 23X (1) 10> TEHY 5. £9, KL 2 f5
TAHY, T, 2EBRTIREEEZLEIC1IEY P YT RT S
LMY THDT,

:EB(l) = 2:E]3(O) = by.babs - - bi+1bi+2 A
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e 2x(0)
f— (-1

x(t+ 1)

0.5
x(1)
H1 NXVX—A2T7 R EHRGEQ)DVE—27y T

E7 b, by =0 DBAEIZ, 0.babs---bip1bive... LA, —7,
by =1 DAL, Lbabs - -biprbiye... £7%5H, THUZxL
Tmod 1%ETDT, #E, &b, 0.babz---biyi1biyo---
LB, t> 0 SABRDBIENITTDND.

NV X —A 7 MNERIE, [0,1] ORBEHIFERTH DA, W
e LCl0,1] OFHEAERH L7-%6, Lo k) v —
AT VEBOTAF I 7 A2E D, w2, 0 2R %R
fEHBREHND T LI D. —T5, PIMEE LT[0, 1] DIEEED
RS54, op(0) PEREMOC Y N3y - nbl:
O, TNEOPEE LGOIV —4 27 NEGORDFR
51 FET IR 2l % LS

[0,1] 1B 2 HFHBFES DR L BHEESORESTNE
NWTHAEIR, JEHRTHL 2 L EE2 DL, ML LT
FHENLDIE, ZTEALDYE, BEEE W) 2 Elhb. O
DR, NV X =4 27 NEGOBORINIIFEMA L % %,

2.3 NIX—4 27 NEHRICH T B EMESR KT
MEYT T TR

7 AT RO RO — D I BRI D B . W
EHBMATEL L, 7+ ARG 2 72 o 0 HIE DA
AN, BEMFEIRICIE S T, IREBEMIIIRT 2 HETH 5.

NV X =AY T NEGEOBEE, DWTOXIIIEZLI LD
TELE, MMt =0 ICBVTRLX—A ¥ 7 FERIZH 2
5 - o0HEE 21 (0), 2@ (0) L L, ZhHD D208
EDEMNIEF IS L, FlziE, 10730 F—=FTho/zb T 5.
Thubb,

|z (0) — 22 (0)] ~ 10730

Tdhb. 10730 = 27100 ZpC, REEMEE 2 BELTEZ S
L, 2P0) L 220) 1, 101 ¥y b THOTREES L LT
fw7zrs, 2%,

m1(31)(0) = 0.b1babsbs - - - b1oo O bio2b103 ...
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282 (0) = 0.b1babsbs---b1oo 1 byoablos - -

TH5b.

BEICBIBH L2291, N\VX—A4 37 VNBBROYAFI7 A
&, ZlcEy Y7 ML, mREMEY FEUIDIETS I L L
Thb. L7zh-T, 207(0), 22(0) 1, 100 DEZHIE,

a:l(gl)(IOO) = 0.0 b102b103b104 e

2$)(100) = 0.1 b, gob)0abhos - - -

L, INLOHEDEE,
‘x<U(100)47m<”(100)|~a%

b, $hbb, MEMEICBWTIE, 10730 £ = THA I
BRRZWTH 2 ) TN, KZERE L $121071
DA —=FIZETIKRL, TOEZBUTEILLHIITHDEN)
ZETHL.

ST, TD&) Bdd AT DFHET & 2 RIS
AR 2 g AL 2481505 7 7 7R TH L. LT X
O MR FR F 2 E R L.

z(t + 1) = F(x(t)) (3)
NV R —A 2T NEEOWE,
F(z(t)) = 2z(t) (mod 1)

b,

wE, R (3) BB, INFH ¢t ORREME 2(¢) (2 L THUN
BN S() G525 L, TO8t) 1, BHt+1IZBWT,
St+1) L220T,

a(t+1) +6(t+1) = F(z(t) + 5(t)) (4)

Lb. 5(t) BMANTH LD, K (4) OfllET—TREL,
TRUEOEE T B L,

z(t+1)+ 5t +1) = F(z(t)) + F'(z(t)5(t)
5. X (3) HVD L,
ot +1) = F'(x(t))d(t) (5)

Ll b, SINUE, BE S L+ 1 ~ORFRFEICL Y, b
BRLS() 1E F(x(@) fEENb L w) ZeThHD, Zhht=0
PHt=T FTHRIBREINDD, TOREZEEZNT I,
Thbb,

5611

Th5b.
ZOMUDKRES|5(T)/6(0)| 25, TR THL L T5 L,

F@@ﬂ

T

I1

t=0

F’(w(t))] S (©)
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LELZEDTESL. X (6) DMUEND, VT 7/ 7icEkE
IENBIEECTH L. VT T 7HEN 2 HWE LT, 74
ATIFERDEHE D — D Td WAL E M & m RS 5
ZENTED.

X (6) DWLOFEERS Z L2k, V777 7HE N &,
PTFOR (7) TROBZEHTE S,

T

)\:%logH

t=0

FGa(0)] = 3 o
t=0

F’(w(t))] @)

X ERDLEGDPD LNV —A YT NEBEORA,
|F'(x(t)| =2 Thb. LinoT, X (7) HVLE, N
=AY T VNEHD) T T TR, A=log2 LRkDBH I L
HTED,

2.4 NIWX—A 27 NEBFPPNEKRTEIAHZX L

AETHRELTWAINLVI—A LT VEBED XD B hF A
NEZROLEETA VI NA Y ¥ a—F CEET LA, FE
FTREENDHL., TA VI NA 21—y TlE, BEREEOHLK
B W& 2 2500720, REEEDSRLAIZIE 0 12U L
TLEIDHLTHA.

B2 1, FE NI ORI 2, WIS (DT, float BY), fi5ks
£ (LUF, double B), #LiRFEHEEE (LT, long double &) Tk
DNV X =47 NEBRORITH 5. FIlftid 1 x 1071
ELTWD. REEIREZ] ¢, HEATREZ ¢ 12 B0 2R 2 (1)
THs. M2xRAE50558912, WTFLOBEIZBNTH
BB OBAGHIIREE DS 0 [P L T b 2 L0500 5.

X TFavINarEa—sEHNT, & (1) O\
X—=A 27 VESEBEEESELE, 10X ITOET 5.
CHEDTOMHICL 2 DTHA.

0.8
=061
X 04r

0.2

0 0

10 20 30 40 5t0 60 70 80 90 100

(a)

0.8 |
= 06
X 0.4

0.2

0 0

10 20 30 40 50 60 70 80 90 100

0.8
S 061
X 041

0.2

0 0

10 20 30 40 50 60 70 80 90 100

(c)

2 FE/NBRBOWEEE (a) float B, (b) double
A, (c) long double & LT, NIV X—1 27
PEGREEBREHWICKELLBEICELINS
z(t) DEERG] FDEAER, 1x107 &L TW3)
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T, BEtI2BIFANV X —A 27 NEZBOIRIEEE 2 i
FiLL, INE ap(t) &35 L, WKL,

xB(O) :O.b1b2b3~”bibi+1 "'bnflbn (8)

LERFIENTED, K (8) LB A nid, REMEEHT S
72 SR T W 2 BN O O € v b I Y
5.

WA z5(0) %, X (1) ISE> THEET 20T,

z(1) = 2z5(0) (mod 1) = 0.b2b3---bjt1bit2---by0
LDt > 0 bAKOERESTTONL T, nHOGHEEITH &,

CL‘B(I) = 2:13]3(0) (mod 1) = 0.b2b3 e b7;+1b7;+2 e bnO

rB (2) = 2.2713(1) (l’l’lOd 1) = 0.b3b4 e bi+2bi+3 e bnOO

zg(n) = 2zg(n —1) (mod 1) =0.00---000

Eeb, Thebb, NVX—4 27 MNEMEOEYELIZE-T
RREMIE ERO XIS, K n BOGETOINET 5.

2.5 BRNESANLI—A 27 NE

NV A=A 27 MEARIIHEGRICIE A A RIS ERT A, X2
DX, BMEFHEIZL Y, NV X—A VT NEEREET D
&, HRBIOBAZ D) R L CIREEMEIL 0 10T 5. Shi
B <7012,

o HEXDOKREEZ2

o REEEICH TS mod 1HEIZBITS 1
N R TN B L) FEEERZ LI ENTES., N
X=A4 7 VEHTIE, BEOREMEZ 25452 258y b
27 MR A7, IREfEE 2 f5 3 2 BICHUNEM Z N2,
EBEOWFHFAREIIE, HE2 20T NfEICLTINECE
V) D, BHIEDHEDTRTH L. —H, BAEDERIL, N
=4 27 MEJOIREEE 2 5 L7215 mod 1 A IZH
WC, fUNREMNEZMZZZETONDODEEZIIZ 2209 b
DTHDH. =p, WTTE, fiFcESICENES R, BEL
REMEICEN 2 5 2 72 LB 2 L1285, Bk 4+ 2 MIMO
YAFLDOWEV D TE, NVX—A YT NEGEREETS
BRi2iE, RIS 252 5 FEPSRH SN Twa.

ARFTHE, "V —A 27 NEROMEE, IREEICEM %5
ZAEBEIOVTOWMEMRELBRE, 9, WX —AT7
FEHEOMEE 21T LT, MNEM e 252, 2—a(=d) &
L72BE D TOL )Tk 5.

z(t+1) = a’z(t) (mod 1) (9)

a’z(t) (0<dﬂ<§J

a'z(t) — 1 (%ém@él)

COHBEDO) -3y TIE, M3(a) TH5H. RKIZ, KEHEE
mod 1 BT BB INE e 52, 1—e(=¢€’) T mod i
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1 — (2 —a)x(®)
— Q-ax() -1
-
+
=
R
0 1/(2 —a) 1
x(1)
(a)
1-¢ T— 2x()
5—-nm—a—a
-
+
=
0 (1-29)/2 1-¢
x(1)
(b)

X3 (a) fEZ, (b) REBEICEMESZ NI —A
7 NEEOY -2y T

B4 3UTOL )R 5.

z(t+1) = 2z(t) (mod &’) (10)

2x(t) (0 <z(t) < %)
2z(t) — &’ (%, <z(t) < a’)

COBED) Y —r= v 7L, K3(b) THAL.

SAUTHA T, {8 & LAREEMEO mod HEEDWH TN % 52
HIEDWEETH LD, AT, HEICEMEZS 258k
RBMEICEM 252 2B EOHBIIOWTERET 572012,
(9) &30 (10) ZH WG EORKHR L BTV L. BRHIZIE,
NS QMHDOEMDEZTIZONWT, FOKESEEZY
FIR SN B RE, REWE, VT 7 7IREGE 2R
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LS s s e L e s st s s LSS s s s s s s e
0.09 0.09 —
0.08 — 0.08 |- —
> 007 — > 007 | — >
[9) ) )
% 0.06 | — g 0.06 |- — qc)
3 005 B > 005 =1
o o o
0.04 — 0.04
o o o
w003 = w003 w
0.02 0.02
0.01 0.01
0 P crocnononononobonong 0 crocnononononobonong 0 T crocnomobononobonoBo
82RREBILIBIERRIBIES BePREBBILZBZERREBES E2PREBBILIBIZERRELYES
?TT722TT22232222T22L 7722272222022 2T22eL T722272722220222T2221
Sbdbdbdbobdbohdbdbdb dbdbdbohdbohobdbobdb dbdbdbohobohobdbobhdb
S882CRIREBIIBBBERRELBEY 882 CRREBILBBIERRILRY 882CRREBILBBIERLELRY

(b)a=1x10"8 (c)a=1x10"1°

LS s s s e O T T T T T T T T T T T T T T T T T Ol T T T T T T T T T T T T T T T T
0.09 B 0.09 |- 0.09 - B
0.08 B 0.08 |- B 0.08 - B
> 007 — > 007 | B > 007 B
g 0.06 8 0.06 8 0.06
g_ 0.05 B g_ 0.05 g_ 0.05
0.04 B 0.04 0.04
o o I
w003 B w003 w003
0.02 — 0.02 0.02
0.01 — 0.01 0.01
|
0 chocromononmonobonobLD 0 crecnomobnononobonono 0 T crecnomobobnonobonmono
CrErAANANIINVOORIDORRNQ OQrErAdAMMITONOORNIRINNC CQrErANMMITUNOORNRIRORNO
PTTT22TT2TTT222TT22L T722T272223T22222T22¢9 T7272272722T2222T22¢9
Sbdbdbdbhobodbohdbdbdb dbdbdbohobohobdbobob dbdbdbohobohobdbobhob
SSEERNBRITBBIBRNIZIS SSECENBRSYBBICRNIRBE S SSECERN3BISIBBICRNIRES
SRERERERS PERE X R I e e B R=RERER= R L] ERERERDERERE PRPE IS I e g e = R R R R R ERERERDERSRE PRRE LIS e g g = R R R R R

x
~
=

x
~

—
=

x
~
=

(d)e=1x10"" (e)e=1x10"8 (fle=1x 1071

4 FEYNESHOKEEE double B, MHAME 1 x 107" & LAHEIC, B SRBMEICER
a, e E5ZINIWVX =127 FVEEOTEAEDH

RAFD. BICARTE, NV X—A 27 NESE SR 1 y
meEZ, LEVEZHVTRIGED, S155 N5 IRE/ME 0, 1 V4
D 2 I L 7 EL R O RE TR & v ) B A 5 BRI & Bl /'
FToTWwh,
3 . 3 06| o
=

¥, & LREHEICEM 252 BEICONT, 0Lk 04r
BREE DO EAENEFBNT 222X VAT 2. @ &
B (x(t), t =0,1,2,...) P52 o5N/ L 22, ZOHEMY 02t P
FEABIEHTEDY, SHAEREMEL VY. AL X— A 4
7 MNEAEOARERMIEL, [0,1] O—KESTTE R DT ENHMSN o ‘ ‘ ‘

0 0.2 04 0.6 0.8 1

TWh, x(t)

412, I NESMORIEE double Bl & L7 SO 5 HEBIEA  — 1 x 10-16 £5 7 ABADY
WEORREGZ TS, M4(a), (b), (c) 1E, NVX—4 7 }ME P

BoOMHE % 255 2—a & L72HE, M4(d), (e), (f) &, N
A=A 7 NEROREBEISHT 2 mod A Z, 1—¢ TI7o
A THH, 4TI, MEMEE 2(0) =1.0x 10710 &£ L,
SEPERAE & LT 100,000 [H & &\ 724, 1,000,000 [0 % & H L
TWwa,

¥, M4(a), (b), (c) ZRLE, HEIEMNESZ, 2—a
EThE, BENOREEPRETEL L (a=1x10"1), N
RHEE AR AT B 2 A5, TNk 3(a) 2R 2 &
DHBIIN, BEREORGENE2—a L%b72DTHA. $72,
a=1x10"16 L4 2L, Bt 52awige oMk, RE
itz (t) A5, %KM E & B2 0 IIURT 2GR L o7z,
Z1E, double BOMEDOH ML, NUTLLTE 15 #7C
HoH72D, alllx 10716 DB EG2TH, EBITEMZE S
ATCOWRWEAORREF LR L720TH D,

Kz, B 4(d), (e), () 2B &, WBMEIZEMLES 2728
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i, —BAEARNESSEONLTYS, M 4(d) 2BwT, X
[t [0.90, 1.00] IRFEMEDBEREAS 0 & % > TV B A, ZHULIRGEE
HICZENL e 252 2 2 LICX D, o(t) ORI, [0,1] 5
[0,1—¢] ikl Thb.

%8B, e=1x 10716 DL, HESADE L i DGR
. SRR, BREMATOAICL 22D 5T, FHIEE
Lo T LES272DTHAE, EBIZ, e =1x 10716 o4
IZoWT, FEERICL VESN o) 2 HWT, XL
LCRLZZHERD 5 ThHD., ORI SHYIEE &2 5
CENMERTE L. M4, BRI OEEE double #
L LR TH 525, float B, long double Fl & L7234 TD,
EREEDOFIMTIIG U7z e 252 5 LRBEORER L 2 5.

F72, WME 1 x 1071, FREVNETEOKEEE % double H,
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2000

2000

1500
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500 500
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mantissa part bit

o =
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mantissa part bit

(a)N =1

(b)N =6

2000

1500
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500 500 5

0
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mantissa part bit

(d)N =12

0
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mantissa part bit

(c)N =38

2000 2000

1500

1500

+~ 1000

+~ 1000

500 500

0
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mantissa part bit

(f)N =16

0
0 10 20 30 40 50
mantissa part bit

(e)N =15

6 SREVINIABOEE double B, #JERE 1 x 1071
EL, KEBEICAZSIH 1 x 107N 0z s
Z 1A DIREEOBEZEEDE v FRE

WBMEICEM 2 5 2 72881200, IRBEOY Y b8y —
OREMZALZRE L7z, 6 ISREREZRT. K6 T, il
A%, Moy MRS L L, BFEE Y M0 &
HIdHA, 12561 3RELTTay FLTWA.

K6 &0, IREEMEICEN %5 2 5 2 & CIRM A IBEH°
BoNDYEE, MOLMEFHESSETE Y, HGEEs A
RIS TWA I ENGN D, TR, MO TIEIA 1
Ey by 7 MCXYVREBEOERSFOMRLE LTHNL 20
Thb. $72, EFA 7 ROBHTIEIEMELG 2722212 &
D, Ev bRy =D ICT v T LB ELLZ EERLT
Wh. BIZIE, Efie =1x107% 252754 (M 6(b)),
1x1076~0.1---x2719 THAH70, Tabb, REMHEIZE
fie=1x10"6 252 236, WBHO AL 19 ¥y MTITZE
MEsd, Wbkl Ey b7 Mekb, —J, 20y b
HUBE XA 5N b 720, ¥y by 7 b L7
My bS8y —vehd, $i2, Zfite=1x10"16 252
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K1 KBEOEY MY 6 Ev b, KEBEOELYE
HABD(C 7 B —1l

IR 2 (2)
0.100101
0.001110
0.011100
0.111000
0.110100
0.101100
0.011100
0.111000
0.110100

||| AW~ O|

72HA (K6 () T, BHIMZRROBATHBIL TBY, BN
BIRREZEALE > TWVRD T LG h 5.

L OFERIE, S LRBEEICEN 2 INA 2612, FFE
W ZINEMEONL 0 E) EFELLELOTHL. b
ORRAERD &, WEICEMES 25 X0 b, IREMEICENE
52 258 %E U ORI RIBE s a il S b 2 &A%
A LhL, REMEICEMCEZMZSHE1CEETRE AN
b, T, KBMEIZTRLEMOREEE L Te=1x27"
QEHEHTE I Cy oA 1 TERUINI0) 2522 L6
BOTHNE 2B L) 2 THB.

fHE DD, KEHE» 6 Ey b, ZROKEEH e =
6.25 x 1072 = 0.000100(2) P &HEEF 2 5. KX (10) £V,
Gig % 1 s 5B,

(i) IREEME x(t) % 21532

(ii) mod (1 —e¢) AT 2
V) TODBMEERLTS . (1) OREIR, 2 EEFEILGEC,
KRB zp(t) X 1 ¥y MEY 7 T 5. (i) OFMEE, ©v b
7 MO xp(t) DB MLOY Y PA 1 D& XTI E N,
Yy b7 MEIZ—ONABII L7z Y &5 (0) L, e 20
HTh, —h, v o7 Mo zp(t) O/NRE—LOE v b
A0 DL & (i) DIRFEIITHONA .

4, & AIREEME xp(0) = 0.100101 12X L C, (i), (i) ®
BfihA7H) 2L A% 2%, 2(0) = 0.100101 (o) 3/EEE—1L
DYy A1 BOT, (i) DEERIC () OBRELZITH. 4,
e = 0.0001002) NPT, () ICLYEICTEYPY T PE
M, 1.001010(2) & %o 72fk, (i) 12X, 0.001010(2) +¢& =
0.001010(2) +0.000100(2y —+ 0.001110(2y & %%, ZD—#ND
FELC XV RAENEAS 25 (0) = 0.100101 2°5 2 (1) = 0.001110
BB L.

RIZ, zp(l) =0.001110 TI&, /MEE—MOE Y NI 0O %D
T, (i) DFEOAEIT, 2p(2) = 0.011100 (2ERT L. DL
e, EORETIRBEIBR L T, i edizbo
2, £1Th5b.

F1eRLL, REMzp(2) =25(6) £B22L, Thbh
A E B 2 s, A, REERO B 4 €y MIZEH
FT2&, Aol RSOy b2, BIEICE - TN
EIROMEICREIT A Z E12h b, ZhUd, oa(t) D/
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R 2 FE/IBABOREE % double B, NIUX—AF
GOMEREE 1 x 107 & LABZEIC, BZ, K
BEICSAEMORESEVT T/ THEHBO
BR ERIIBE=METRLTWVDS)

ok s s | DTS
B D) <
- 1B [ RnEfE
1x10~' |0.642| 0.693
1x1072 |0.688 | 0.693
1x 1072 |0.693 | 0.693
1x10~% |0.693| 0.693
1x107° |0.693 | 0.693
1x107% |0.693| 0.693
1x10°7 |0.693| 0.693
1x107% |0.693 | 0.693
1x107° |0.693 | 0.693
1x107'° |0.693 | 0.693
1x 107 |0.693 | 0.693
1x 1072 |0.693 | 0.693
1x 107 |0.693 | 0.693
1x 107 |0.693 | 0.693
1x 107 ]0.693 | 0.693

—fOY Y FAT0 OEEE, () ICE W AARENOE Y MZo
AL, 1OHEE (1), () 1CL) 1270 TH 5.

Iz, F212, HE LREBHICG R RO RS S L
L7207 77 7HIRBOMBERT. %8, £ 2 TIEILEL»EY
B &b WHEIZOVTOREL T EDTVED,

BRIz 5 IC—RIEEBZD) 777 78, Bi1EH
BF (7)) OMGEICL Y RDEZENTED, Thbb,
NV A=A 7 VEGOWEE LN a %52, 2—a b T?
&, FP OREESHETDH, log|2 — 1 x 1071 =~ 0.642,
log|2 —1x 1072| ~ 0.688, log|2 —1x 1073| ~ 0.693 & 7
5720 CThbH. —J7, IREMICEN LG 25561, HEIE2
DFEFFTHLID, VT T TREOKE S, log2 = 0.693
LB, ZORRE, EE/NUEEOKEREDY double IO T
& %75, float B, long double FITH FERDFER L Lo TV 5.

4. NIST ¥BE

GBLEHN D F > 5 AR R 5 72012, EIFREEAER 2 855t
B 7 H37 20 J E L EEEEAR B JE T (National Institute
of Standards and Technology, NIST) 2> 5 gt & T 5.
AAETlE, NIST 23436 L Tw 5% NIST Special Publication
800-22 (7 (LLF, NIST #usE) # M LT, "XV X—4A 7L
TG B AN L 72 ELES OVERRRTAT 2 47 ) . NIST MiEld, 4
15 HHOMEHRE, DM S T b . BRI 2 K BoemHE &
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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
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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 [ ]. 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.

s

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. I,

® Marked vak
M(n+1) arked voe

M(n)

4
5
=
T(n)
: - !
S(n) Sn+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).

T = 0'(7‘27 + y):

y=-—zz+re—y, 1

Z=uxy— bz,

where we use parameter values r = 28,0 = 10 and b = 8/3



in this paper. Then, the coupled Lorenz system is shown in
Eq. (2).
&1 = o1(y1 — z1) + Cia(z2 — 21),
Y1 =T1T1 — Y1 — T121,
21 = —brz1 + w11,
Zo = 02(y2 — x2) + Co1(x1 — 22),
Y2 = raTa — Y2 — Ta2e,
2o = —bazo + w2yp,
where the parameter values are set to o1 = g9 = 10,b; =
by = 8/3 and r; = ro = 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-

2

Lorenz 1 Lorenz 2

N C; V)
\XI/:'\;XZ
Zl/ Cll ZZ

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

pled with the coupling strength C5 and C5;. When Lorenz
1 and Lorenz 2 are bidirectionally coupled, we set parame-
ters as C12 = Co; = 1. When Lorenz 1 and Lorenz 2 are
unidirectionally coupled, we set parameters as Cjo = 0 and
C5; = 1. When Lorenz 1 and Lorenz 2 are not coupled, we
set parameters as C1o = Ca; = 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).

T(n+ (m+1)71)), 3)
where 2m is the reconstruction dimension and 7 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
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of the Lorenz system. Here, the overview of the numerical
experiment is shown in Fig. 3.
. r Original
T W S L. A
W A b N A ) observe £
NVV WV NV WY VWVANVM £

Inter-point

distance distribution

Js

A divergence

Extraction of
local maximum

Marked point process

Inter-point
distance distribution

Reconstructed
dynamics

—

AL

Reconstruction i

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
is defined by Eq. (4).

N
Dir(PIQ) = 3 Plk) 1og(P (’“‘))
=1

Ok “

In Eq. (4), P(k;) and Q(k;) are the probabilities of the ith
class of the probability distribution P and () 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
Dk 1(P||Q) # Dk (Q||P). Therefore, in this paper, we use
the JS divergence because it is symmetric. The JS divergence
for probability distributions P and () is defined by Eq. (5).

1
D;s(P,Q) = i(DKL(PHM) + Dk (Q[M)). )
Here, the probability distribution M is the average of the
probability distributions P and @, and is defined by M (k;) =

1
§(P(k1) + Q(k;)), where k; 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, D ;5(P,||P;) represents the JS divergence between the
original state space of the Lorenz system and the state space

14
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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
. 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 IEIL, as
shown in Egs. (6) and (7). Then, we predict the mark and
IEI time series from the information in the reconstructed state
space independently.

Vi(n) = (M:(n), To(n), -, Ma(n+ (m+1)7),

Typ(n+ (m+ 1)7)), (6)
Vy(n) = (My(n), Ty(n), -+, My(n+ (m+ 1)7),
Ty(n+ (m+1)7)), 7

where M,(n) and T,(n) are the marked value and IEI of
marked point process obtained from the variable  (MPP,,),
and M (n) and Ty, (n) are the marked value and IEI of marked
point process obtained from the variable y (MPP,). Next, to
predict the IEI time series, T, (n) and Ty(n), and the marked
values, M, (n) and M,(n), we use the above-mentioned time
delay vectors: V,(n) and Vy(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 T,(n) and the mark time se-
ries M, (n) from the information in the reconstructed state
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space of y. Now, we define Tm (n) as the predicted time series
of T (n) and M, (n) as the predicted time series of M, (n).
Here, T, (n) is calculated by

K
T, (n) = Z wy(n7) Tu(n;), 3
i=1
and M, (n) is calculated by
R K
M) = 3wy (n}) M (1), ©)
i=1

where the meaning of * is explained in Eq. (12). In Egs. (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}) is defined by

uy(n7)

K
Z uy(nj)
j=1

where wy,(n]

¥) is the weight calculated from the 4th nearest
neighbor of the time delay vector V', (n*) in the reconstructed
state space. In Eq. (10), u,(n}) is defined by

uy(ni) = exp {=d[V,(n"), Vy(nj)]}, (1)

where d[V ,(n*), V,(n})]is the Euclidean distance between

Vy(n*) and Vy(n}). Then, V(n}) is the ith nearest neigh-

bor of the time delay vector, V,(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 M, (n) and

T, (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 MPP,, and MPP,, as
Sz(n) and Sy (n). We refer to the marked value M, (n*)
and IEI T, (n*) which corresponds to the nearest event
timing S, (n*) for S;(n). Namely, n* is calculated by
the Eq. (12).

wy(n;) = ) 10)

7

*

n* € G, = arg min|Sy(n/) —5z(n)|.

n

12)

In other words, n* is the index of event on MPP,, whose
event timing is the nearest event against S, (n) on MPP,.

(i) We identify the ith nearest neighbor of V', (n*), V,(n}),
on the reconstructed state space. In Fig. 5, we show an
example of the case where m = 1 and 7 = 1, that is, the
reconstruction dimension is 2.

Using Egs. (10) and (11), we calculate u,(n]) and

wy(n¥). In addition, we refer to Sy(n}) which corre-

sponds to the time of ith nearest neighbor.

(iv) We refer to the IEI T, (n;) and the marked value M, (n}")
that corresponds to the event with the nearest timing of
Sy(nf), that is, n} = (nf)*. Now, by setting n} = 7;,
we make the meaning of * the same as the case of step

().

(iii)
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! ( v ) In-sample prediction

M,(n)

5,1%)

calculate u (n*) and w (n7)

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

(v) We calculate the weighted average of T, () and M, (n})
referenced by (iv) using the weight w,(n]) calculated
by (iii) . Namely, we predict M, (n) and T, (n) such as
Egs. (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, prarget[Lorenz ¢ | 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 ¢ using each variable in Lorenz j.

0.25

=)
o
%

.15

o
°
a

Prediction accuracy
P (=]
=

-0.05
1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Data length used for prediction

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 Os 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

2 Saitama University
255 Shimo-okubo, Sakura, Saitama city,
Saitama 338-8570, Japan

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 x; (t = 1,...,n) into
time-delay coordinates [16,17]. The reconstructed state space
vector is described by

(1)

wheret=1,...,N with N = n— (m— 1)t, m is the dimension
of the reconstructed state space and 7 is the time delay.

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

X = (xh Xttty eovs xl+(m—1)‘r)7

D;;=1X; - Xjl, 2)

where |-| denotes Euclidean distance. The (i, j)th pixel value
RP; ; of the RP can be calculated using Eq. (2) as
1GfD;; <£6,),
RP;; = e 3
0 (otherwise).

In Eq. (3), 6, is the threshold that determines the closeness
between two points. Then, let Mgrp 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) X (N —T') two-dimensional
image, namely IDRP.

DV, ;= 1(Xir — X)) — (Xjar — X)), (€]

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

1 Gf DV;; <6,),
0 (otherwise).

IDRPZ'J = { (5)
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In Eq. (5), 6, is the threshold that determines whether two
trajectory vectors are in the same direction or not. Then, let
Miprp be the set of pixels whose values are unity in IDRP.

Since IDRP plots the time evolution of two arbitrary points
X; and X, 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 Mgp
and the set Mpgp:

Mipnp = Mrp N Miprp- (6)
Therefore, the (i, j)th pixel value of IDNP, IDNP, ;, is deter-
mined to be

IDNP; ; = RP; ; x IDRP; ;. )
In other words, a relation is plotted on the IDNP if the dis-
tance between any two points (X;, X;) is within 6, and the
norm of the difference between the trajectory vectors is within
64. Moreover, the size of IDNPis (N — T) X (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

_ |Mippl
[Mgpl|

where |Mgp| and |[Mipnp| denote the number of elements in
the sets Mrp and Mipnp, 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 IDREP, it is necessary to set the thresholds 6,
and 6,. 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
D; ; is less than or equal to the threshold 6,, (i, j)th pixel is
colored black. In this article, we first find the shortest distance
Dyin = min D;; and the longest distance Dya = max D;;.

i<j J
Then, the width of the range [Dmin, Dmax] 18 Dy = Dpax —
Dhin, and 6, is given by
0r = Drg + Dmin~ (9)

In Eq. (9), 6 is a parameter that manipulates the threshold
6, with a range of 0 < 6 < 1. For example, when 6 = 0, the
points are plotted on the RP only when satisfying D; ; < Dy;p.
On the other hand, when 6 = 1, all pixels are set to unity. In
IDRP, DV, = DViyax — DViyin is calculated for DV, j, and 6
manipulates 6,. By varying this parameter 6, we create mul-
tiple RPs and IDRPs with different threshold values. When
creating an IDNP, we used a common value of 6 for both RPs
and IDRPs. In this article, 8 = 27 ¥ (k= 1,2,..., 10).

5. Model

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

X=-y—-z+ow,

y=x+ay+ows, (10)
z=b+z(x—-c)+ows,
where a, b, and ¢ are parameters, w;(¥) (i = 1,2,3) are

independent standard Wiener processes with Gaussian in-
crements, and o is a parameter for the noise intensity.
When o = 0, the SRM is equivalent to the Rossler equa-
tions [18]. In this article, a = b = 0.2, ¢ = 5.7 for
the chaotic response, and ¢ = 3.5 for the two-period re-
sponse. In addition, 10 types of noise intensity o (o0 =
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 1 = 107*. 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 x 10° steps after omitting 10° 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
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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 7 (T = 7). 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 ¢ and the
noise intensity o, respectively. The dimensionality m of the
reconstructed state space was set to m = 7. The time delay 7
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 (¢ = 5.7 and o = 0 in SRM) and
that for the noisy periodic time series (¢ = 3.5 and o > 0 in
SRM). In Fig. 1, the horizontal axis is the parameter 6 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 (¢ = 5.7 and o = 0). The circles
connected by dashed lines show the noisy periodic time series
(¢ = 3.5 and o > 0). The difference in color indicates the
difference in the noise intensity o.

chaotic (c=5.7, 0=0) —&—
° & noisy periodicity (3.5,0.01) —©—
o 7 Z noisy periodicity (3.5,0.02
e noisy periodicity (3.5,0.03)
noisy periodicity (3.5,0.04,
-4 noisy periodicity (3.5,0.05
noisy periodicity (3.5,0.06
noisy periodicity (3.5,0.07,
noisy periodicity (3.5,0.08)
noisy periodicity (3.5,0.09)
0 noisy periodicity (3.5,0.1) —©—

102 107

10°

0
Figure 1: We generated 100 time series for various values of
¢ and o by changing the initial values. Solid lines are deter-
ministic time series, and dashed lines are noisy periodic time
series with the noise intensity o~. 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 6 is small, and the variation
of R is small even when 6 increases. On the other hand, for
noisy periodic time series, R is low when 8 is small, and R
becomes large when 6 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

19



0.01 < 8 < 0.1 in Fig. 1. The range of threshold values that
detects high determinism (R > 0.6) despite the strong noise
intensity o. Moreover, 6 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 6 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 = ;j- Figure 2 shows that 6,
N?

l<]

&

chaotic (c=5.

noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy periodicity (3.
noisy penodlcny

102 107" 10°

LRI BRIBRD

0
Figure 2: The relationship between 8 and RR on the RPs.

where the RR is around 1%, is approximately in the range of
275 (= 0.03125) < 9 < 27* (= 0.0625). In Fig. 1, looking at
the occurrence probability R in the range of § 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 o, 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.

Ikeguchi Laboratory 2020(p. 59 / 188)

Acknowledgment

This research is partially supported by the JSPS Grant-in-
Aid for Scientific Research (Nos. JP17K00348, JP18K 18125,
JP19K14589, and JP20H00596).

References

[1] J.-P. Eckmann et al., Europhys. Lett., 4, pp. 937-977,

1987.

[2] J. P. Zbilut et al., Phys. Lett. A, 171, Nos. 3-4, pp. 199-
203, 1992.

[3] M. Thiel et al., Phys. Lett. A, 330, No. 5, pp. 343-349,
2004.

[4] N. Marwan et al., Phys. Rep., 438, Nos. 5-6, pp. 237—
329, 2007.

[5] S. Horai et al., IEEJ Trans. Electron. Inf. Syst., 122,

No. 1, pp.141-147, 2002, in Japanese.

[6] G. B. Mindlin et al., Physica D, 58, Nos. 14, pp. 229—
242, 1992.
[7] J. P. Zbilut et al., Phys. Lett. A, 297, Nos. 3—4, pp. 173—
181, 2002.
[8] M. Thiel et al., Physica D, 171, No. 3, pp. 138-152,
2002.
[9] L. Matassini et al., Phys. Rev. E, 65, No. 2, p. 021102,
2002.
[10] N. Marwan, Int. J. Bifurc. Chaos Appl. Sci. Eng., 21,

No. 4, pp. 1003-1017, 2011.

G. McGuire et al., Phys. Lett. A, 237, Nos. 1-2, pp. 43—
47, 1997.

A. Ogawa et al., Proc. IEICE Gen. Conf. 19, N-1-33,
2019.

(1]

[12]

[13] S. Kanamaru et al., IEICE Technical Report, 119,

No. 19, NLP2019-5, pp. 23-28, 2019.

S. Kanamaru et al., Proc. NLS Conf. IEICE ’19, N-1-
13,2019.

S. Kanamaru et al., Proc. of NOLTA2019, pp. 536-539,
2019.

[14]

[15]

[16] E. Takens, In Dynamical systems and turbulence, Lec-

ture Notes in Mathematics, 898, pp. 366-381, 1981.

T. Sauer et al., J. Stat. Phys., 65, Nos. 3—4, pp. 579-616,
1991.

Otto E. Rossler, Phys. Lett. A, 57, No. 5, pp. 397-398,
1976.

M. T. Rosenstein et al.,
pp. 117-134, 1993.

[17]
(18]
[19]

Physica D, 65, Nos. 1-2,

20



Ikeguchi Laboratory 2020(p. 60 / 188)

F T NCSP'21
W

Effects of Document Characteristics on Language Network Structure

Kihei Magishi'*!, Tomoko Matsumoto'f, Yutaka Shimada'i" and Tohru Ikeguchi'

t Tokyo University of Science
6-3-1 Niijuku, Katsushika,
Tokyo 125-8585, Japan
Phone/FAX:+81-03-5876-1717
TE-mail: magikihe @hisenkei.net

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.
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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 [0], the
betweenness centrality [0], 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).

Language Family Version Year | Words | Vertices | Edges
Greek| 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 | Indo-European English Standard Version 2001 | 22,663 | 2,471 8,901
German Lutherbible 1984 | 21,789 2,352 8,438
Frenchl 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

Finnishl Uralic Vanha Kirkkoraamattu 1642 | 17,805 4,253 9,065

Finnish2 Uusi Kirkkoraamattu 1992 | 16,749 | 4,690 9,809

Japanesel Japanese Colloguial 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




3. Method for transforming documents into

occurrence language network

Co-

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 [ 7] 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.

From Matthew 2.
Now after Jesus was born in Bethlehem of Judea in the days of Herod the king,
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saying, "Where is he wh .
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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 IV, the
degree of the ith vertex be k;, and the (4, 7)th element of the
adjacency matrix of the network be a;;. If an edge between
the ith vertex and the jth vertex exists, a;; = a;; = 1, other-
Wise, Qi = Aj; = 0.

4.1 Degree centrality

The degree centrality (DC) quantifies the importance of
vertices by focusing on their degrees. DC of the ith vertex,
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DC(i), is defined as

N
j=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(1),
is defined as

N N .
Boi= Y Y P}i@,

j=1il=j+10#0 7

(@)

where j and [ are start and end vertices of the shortest path,
Pj; is the total number of shortest paths between j and [/, and
P;i(1) is the total number of shortest paths between j and [
through the vertex .

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, C'C(4), is defined
as

Co(i) =

— 3)
> di
j=1
where d;; is the shortest distance between the 7th vertex and
the jth vertex.

4.4 Clustering coefficient

The clustering coefficient (C(®)) 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®)(4), is defined as

N
E a;1aj]

I=j+1

9 N
OV = i 2 @
[ 1 7:1

4.5 Square clustering coefficient

The square clustering coefficient (C'*)) is the quotient be-
tween the number of squares and the total number of possible
squares. For a given ith vertex and V. = {vy,v9,..., v, }
which is the set of vertices of neighbors of ith vertex, the
square clustering coefficient of the ith vertex, c® (1), is de-
fined as

ki ki
E E Qivmvn

m=1ln=m+1

CW ()= , 5

Z Z {(kvm - nivmvn)(k:vn —Nivpmon ) +qivmvn }

m=1ln=m+1
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where gy, 4, 1S the number of squares actually constructed
using vertices (4, Uy, Un)s Miv,0,, 1S defined as n;y, », = 1 +
Qivpwn T 0,0, - If neighbors v, and v,, are connected with
each other, 0, , =1, otherwise, 0, , =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®) (i) and C¥) (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 ) and C@ 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
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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'®) and C'), 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'®) and C'¥.
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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®) and Fig. 7 is the frequency of C'*)) 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'®) and C'® for each PoS in all
languages. Figure 6 suggests that PoSs that affect C'®) de-
pend on languages. However, values of C'®) 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@ 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®) and C*) may be influenced by the
PoS.

Greek1
Greek2
Latin
English1
English2
German
French1
French2
Russian
Finnish1
Finnish2
Japanese1
Japanese2
Chinese

Influence of parts of speech

Figure 4: Influence of the frequency of words for each PoS in
the documents.
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Influence of parts of speech

Figure 5: Influence of the frequency of vertices for each PoS
in the language network.
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Figure 6: Influence of the frequency of the clustering coeffi-
cient for each PoS.
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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-
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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 ¢[s] as A;;(¢). If there is a contact between
two vertices (people) ¢ and j at time ¢, A;;(t) = A;;(t) =1,
otherwise A;;(t) = Aj;i(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 p) 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 [0] we used in this paper. We define the interest level of
vertex ¢ for information as x;(¢). Then, the dynamics of the



level of interest of vertex ¢ is described as follows:

x;(t +20) = g;(7,t)x: (1)

Fal @) - 0) S Flot)-0), O
JEG(t)
7 (t—=t; =0 (mod 3600)),
9i(r,1) = {1 (otherwise), @
0 (z>0),
H(z) = {1 (< 0) 3)

Here, F'(z) is the step function, ¢} is the time when vertex
1 first receives the information such as e-mail, rumor, etc. 7
(0 < 7 < 1) is a decay coefficient of the interest level for
the information. Furthermore, G;(¢) is the set of adjacent
vertices of vertex 7 at time ¢, 6; is the threshold of vertex i,
and « is the influence of information. By ¢;(7, t), the interest
level of vertex ¢ 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 6;.

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 p is large. The relationship of d and p is
shown in Fig. 1.

p=40/d “
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Figure 1: The relationship between d and p. 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 p 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 « to 0.04, 7 to 0.97, and thresh-
old 6; 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 ¢
when the first contact occurred is (4, 7). 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 ¢ as n(¢). The diffusion
rate at time ¢ is defined by Eq. (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), (©)

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 p
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 (o =
0.04, 7 = 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 < o« < 0.05 and 7 =
0.97. Furthermore, we set the threshold 8; to 0.5 for all
vertices. Then, we defined the contacts of the vertices with
high eigenvector centralities as high-centrality contacts. The
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eigenvector centrality of contacts ;; is denoted by Eq. (7).
gij = Inax{Ei, EJ} (7)

Here, E; indicates the eigenvector centrality of vertex ¢. Next,
we define M as the total number of contacts. The values of
&;; for the high school and the hospital against observation
time ¢ are shown in Fig. 3.
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Figure 3: ;; against observation time ¢. Here, contacts oc-
curred in 20 seconds are plotted in the same time ¢, 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 ;; 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 (0,7/2)

Sort all contacts in the time range of [T'/2,T] by &;;.
Note that we sorted the contacts randomly if their val-
ues of §;; are the same.

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.

Step 2

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 &;; in the second half of the data. The length
of bars represents the value of &;; of contacts.

4.2.2 Results

We investigated the relationship between o and S on the
original TNs and the reconstructed TNs by exchanging con-
tacts. The results are shown in Fig. 5.

1

0.8
0.6
0.4

0.2

0

0 0.01 0.02 0.03 0.04

0.05
a
contacts exchanged —+— original —=—

(a) High School

0 0.01 0.02 0.03 0.04 0.05

a
(b) Hospital

Figure 5: Relationship between o 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 « > 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 o > 0.015 in the hospital. Furthermore,
the values of S of the original TN are included in the grey
area where 0.02 < o < 0.035 in the case of high school,
and 0.005 < a < 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.

Ikeguchi Laboratory 2020(p. 67 / 188)

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(7, 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
p : V — V that minimizes the objective function defined by

S d(w, p(v)).

veV

(1

where p(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 A/P-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.

Edge Candidates

Figure 1: Process of generating edge candidates.

The algorithm of POPMUSIC is shown as follows:

1. Select n, cities randomly from V' to make the representa-
tive city set V.

2. Construct a random tour 7’ for n,, cities in the representa-
tive city set V.

3. Optimize T using the Lin-Kernighan-heuristic[5](LK) (a
tour colored in green of Fig. 2(a)).

4. Let the tour T' = T.

5. For T, insert v ¢ V' immediately after v € V’ with the
smallest d(u, v) (Fig. 2(b)).

6. For each city v € V' (Fig. 2(c)).

(a) For 7%, 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 7.

(c) Fix the start and end points of 7" and optimize it
using the 2-opt method (Fig.3).

(d) Update T, following the subtour 7" optimized in
Step (¢).

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

(b) Insert not representative cities (¢ U) for T’
(purple line).

§ <N

£ A <\ LM \ =
24NN G

(d) End of optimization.

Figure 2: A process of POPMUSIC. In this example, the in-
stance E1k.0[6] is used.
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Figure 3: An example of 2-opt. If d(vi,v3) + d(va,v4) <
d(v1,v2) + d(vs,v4), edges (v1,v2) and (vs, v4) are removed
and cities v and v3 and cities vo and v4 are connected.

In Step 3, POPMUSIC optimizes T 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.

. Construct a random tour 7".

. LetthecitysetU = V.

. Select a city v; € U and an edge (v, v3).

. Letthetour 7/ =T and: =1, g = 0.

. Set ¢ = ¢ + 1 and select vo;_1, and vo; that satisfy the
following conditions (a)~(c). If there are no such cities,
proceed to Step 9.

DN A W=

(a) No overlap with v1 ~ vg;_s.
(b) T’ contains the edge (vai—1, v2;)-
(©) d(vai—1, vai—2) < d(v2i—1, v2i)
6. Delete the edges (v1,v2;—2) and (va;—1,v2;) of T” and add
(v1,v2;) and (vai—1,V2i—2).
7.Let g = g + d(vi,vi-2) + d(vai—1,v2) —
d(vai—1,v2i—2) — d(vai, v1).
8. If g < 0, return to Step 5. If g > 0, Let T' = T” and return
to Step 2.
9. Remove v; from U and return to Step 3. If U = {¢},
terminate the algorithm with 7" as the final solution.

(©)

Figure 4: Improvement of the solution by LK. (a) Step 5 when
i =1.(b) Step 5 when ¢ = 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(n?"®) for
the LK and O(n2-2%) for the 2-opt [3]. On the other hand, POP-
MUSIC is O(n'*%) when n, = n°5¢. 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 n, = n"(0 < h < 1).
In Step 3, POPMUSIC optimizes the representative cities using
the LK. The number of representative cities is n’, and the algo-
rithmic complexity of the LK method is O(n?"®). Therefore,
the algorithmic complexity of Step 3 is O(n?78").

In Step 6, POPMUSIC optimizes the subtour 7” of the tour
T using the 2-opt. The expected value of the number of cities in
the subtour 7" is 2n'~", and the algorithmic complexity of the
2-opt is O(n??°). Thus, the algorithmic complexity for opti-
mizing one subtour is O(n?2°(1 ")) Since POPMUSIC needs
to perform this operation for the number of representative cities
n”, the algorithmic complexity of Step 6 is O (n(2-29-1-29h))

Therefore, the total algorithmic complexity of POPMUSIC
is O(n? 78" - plth 4 p(2:29-1.29)) "Finding h that minimizes
this algorithmic complexity is equivalent to finding / 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(n!°%).

2
= 3
Q@
S
g 25 - b
O 2.29-1.29h
Q 2+ B
€
ES] I .
5 15 F ' N
> 1
< 1 ‘
5 2.78h :
§ 05| i .
I
u::_ 0 \ | 056 |
0 0.2 0.4 0.6 0.8 1

Figure 5: Relationship between the value of h and the algorith-
mic complexity of POPMUSIC. The algorithmic complexity of
Step 3 is O(n?"®), and Step 6 is O(n22971:291),

3. Proposed Method

In Fig. 6(a), we show the relationship between n, 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.
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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 n, 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 n?2%". Therefore, the total algorithmic complexity of
Steps 3 and 6 is now O(n?2%" 4 n(2:29-1.290)) Finding h that
minimizes O(n?2%" 4 n(2:29-1.290)) i5 equivalent to finding
the A 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(n'4?).

2
= 3
<9
£ 25
8 2.29-1.2%h
Q 2 - 4
£
=
s 1.5 flag ~~ "~ TTTTTTTTTTTT 0 N
ke 1
< 1L '
k] |
- I
S 05 22 ! 4
53 I
L% 0 1 | | 1065
0 0.2 0.4 0.6 0.8 1

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(n?-2°), and Step 6 is O(n2-2971-29),

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 [0]. Most of the optimal solution
of the DIMACS challenge instances are not obtained. Then, the
gap is defined as follow:

_ (Obtained solution) — (Known best solution)
Gap[%]= (Known bost solution) x100.

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) ©) (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 31,623 077 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 0.19 021 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) ©) (D) (DIC)
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 20149  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 83727  827.13 0.988 1338.11  744.65 0.556
E316k.0 316,228 3575.71 473492 1324 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
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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) ©) (D) (D/O)
pr2392 2,392 7,831 9,096 1.162 2,388 2,385 0.999
di5112 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 85900 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 Bllé,vre;;gl—?g
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.
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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.
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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
Linax 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
Vinax 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:

e normal vs. preH: L, Limax, ENTR, LAM, TT, Vax,

e normal vs. S1H: L, Liax, TT,

e normal vs. S2H: L, Linax, ENTR, LAM, TT,
e preH vs. S1H: L, Lmax, ENTR, LAM, TT,
e preH vs. S2H: L, Linax, 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.
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This result can contribute to the area of real time health
monitoring and early identification of hypertension.
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Discrimination between chaotic response and noisy periodic response of the logistic map
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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
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ERELTWS [14]~[17]. TS DFETI, BUEEILITRE
5 2 RITEE LIz Ty b INDHOEE (RP HE) & RP,
IDRP, IDNP LIZEN2 82—V OBRIZERHLTWS. 7277
U, RP, IDRP, IDNP [3[R%1% 2 oTHRAN & BHid 5 2
& TEMIICHERI 2T 2 P TH D DT, HiFEELMK
Hr (recurrence quantification analysis, RQA) [6],[18],[19] & IFFi¥
NDFEEZHANVT, 05 2 RITHEG RIZEHNDE AR — V%2 E
2=1t9d 5. RQA OHFTH, RP RIZHNZROMMOEE % E =
{LL 7= DET [6],[18] & WX 2 HRfZis, WpRFloPE w0t
B LTHIONT WS, £/, XWk([7] TiX, RP & IDRP D
Oy S E BPIERMEDEE LT, IDNP ® RP (2%
TEHERBERR ZIELTWVWS., 05 2 DORERMED T
ZMHWT, RPHEEDZE(LIZN T 5 DET & R OHfBMIAE S
N5, ZORBIMEN ZRERFIORM: & U TR Z 5 FiEH, Hx
PRELTWBFE[14]~[17] TH 5.

L LR, REFEIZOWT, SUYRLNERDLS 2
REREERHMBEET BRI TIRFTRIA+HTHSE. *
ZTARTIE, REFELWEAT 5 Z & T, PERNT A AR
Fl & RS IZ XA F 2 500 7 A XHEIINE N 7= 5250 (R
+ /AR IZDONWT, TNTFNTERELFEIEONDE Z L 2]
D5, INETIZ, ThS 220X 1 TORRIIOHBNZIX,
J1% ZDOWHEDO—D>TdH 5 FHI TR etk & BHIF AR araeE
ERAUZHAPEMREI N TS [20]~[22]. Zh50F
ETIE, FMETHFEOTFHBENTHA Ty THIZI LT
EDEDIIET 2D %2HANRDEZ LT, BRIIOBEZRIZGHE
TEVATLOWB TN ERET D, 72720, FHIAT Y TH
e, Wikl F TORRIIDS s LD 1+ s DRBMEE FH
TERO s iZxEd 5. HlAIE, FHURATy THOEhIC
KU TTHREERED 258 3RS0 4 AR, FRKEE
DRPHAT Y TG TIT—ETHNLEAY + /1 A%
HlThs YT 5FETHD [201~[22]. — /T, ZOFE
TIXIEER 7 5 7~ EH) (fractional Brownian motion, fBm) [23]
D& AN ) A X EFHNTEBELVEEZ SN [2].
ZHUE BBm A AR L ERICEITRITEEN 2 AT 57T
H5. £z, BOAHEEZR>T — X OBEBHHIANS & AT
DNBENZ DD B [24]. ZHITINA T, HA4 ARSI & Bm
R A DEIHNTIE, PRI 2B DZEALAS, B A
ATHIUSBBEBINIERENZ DI LT, Bm THNIE
R DFIZHES Z e 2 U FEBIREI N TV S [25].

FTZTCARMCTIIREFIRIZL D2 WA AR HE + /4
ZERFIOMBZIMA T, B4 AR E Bm D& 55 EH
J A RAERFOHBEARETH 2 Z L IZO2VWTHEDETHRE
5.

2. BT FE

ARTIE, TN RORRAN 1 XL TH DL E2NET S
72, FPIIRRENEEEAN OB & - TREBZER % F K
T 5 [26],[27]. FRESCREBEMOUGLEE m, KENE 7 &
LT, BRI x, (t=1,...,n) X (1) O & S IZHMEERE



ZERIRT MIUANC BT S,
X = (Xt Xpgzs oo es xt+(m—1)‘r) (€Y

IDEE, t=1,..., N, N=n-(m-Dr &kd. X)) LvE
5N % FERERIRIEZE 2 W T, IROFIET NxN O 2 {RTH
B RP [3],[4] 2/ERT 2. ERD 28 X X)) D2—2 Vv K
PRt D, X (2) TEHT B.

D;;=1X; - X}l 2)

RP O G, j) Wi#fE RP;; &, X (2) #HWT,

1 (if D;; < 6,)
RP;; = 3)
0 (otherwise)
thzoend, NGB Do, 22 KEOEHENZEED HHMETH
%. ZZT, RP EOBEHEMEN 1 DD G, j) DEEE Mgp &
T5.

YRIZ, IDRP [7] IZDWCHEAT 5. RP 2% 2 sl oir R %
ZAHULT B FHETH L DX LT, IDRP I 2 s O#HENR
I NVDED NV LED EIZFAGAEEZ ST 2 FETH 5.
Tbb, RQ) 2D IRZXBILT, W-T)xWN-T)D
2 YRICHEf IDRP ZfER T 5.

DV = (Xivr — Xi) = (Xjur — X)) “

ZZT, TIFHE~RY MVORBRFIETH 5. IDRP D (i, j)
W 34E IDRP; ; 1%, X (4) ZAWT,

1GEDV,; <6
IDRP,; = U DV.j = 8a) )

0 (otherwise)
tEzonsd. XG) D06, » 2 AEORTGRMZED 5 FHIE
THh5. ZIT, IDRP LOHEEMEH 1 DM G, j)) DEE%
Mipprp &5 5.

IDRP TIHTLRED 2 i X, X; ORHEIFEE DR AT 1L
Oy hINE7D, TNEPEWVIGEHETH B0 E D 0IEER
TN\, £ZT, RP L IDRP 2flAadbEbZLitL-T,
[F 5 [F) 225 % & 73 2 B fR & w4k 3 % IDNP [7] 2/E 9 5
ZeMTE%. IDNP EOMHEZEME 1 DO (0, j) DES Mpne
&, BE Mpp LS Miprp DILBES L LT (6) DL D IZE
HEINhb.

Mipnp = Mrp N Mipgrp ©)

U7=»>T, IDNP D% (i, j) Ml IDNP;; I3,

IDNPI,, = RP,"J‘ X IDRP,_, 7

CEED. DFED, FED2 KX, X; MO 6, LNTH
D, D, HBRZ MLVEIDOZED ) IVAH 6, AN DR Sk %
BT 2HBEDANIDNP Liz7my h&hb, 7z, IDNP D
Y4 X%, IDRP L[EBRIZ (N-T)x(N-T) &7 5.

3. EELER

KR40 575541 % RP, IDRP, IDNP %#E&{L$ 572012,
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AFEciE2 ooEREEEH VS, FTEESNELT, RP
ORI EOHFZIILT 11225728, AT THRRZERIIE
BEIZBWTIEEBRBLULAEWZ X R TH B [6]. £/, Z0D
KR IE LOI (line of identify) & FEIZN 5.

AFETH S ER/LfEED 1 D1%, DET (determinism) [6], [18]
E PN B PSR % G 3 248K CTd 5. DET IE, RP ki
Ty hE¥NDEOBEUIIK LT, RP HICHBRT 2IHEE 45 &
DRLDFR (LOLIZFEA TRt edf) &R 2 DG % E R L
T H 5. LOLITFEATRRIOIE, X, X; BIRDILATEH
HEE L OGEEBICE 288 C81NE. Zhid, EEERICHS
2 HAROBRNZ B W T HEFERRE R DK 5 &\ D RER
722> A5 L OVEE% RP EICKBL TW5. fRHTH4RIERS]
PPE RN T H 555412 DET I8 W EZ R TEAICH B [6],
[18]. Rz ERILT SI12H>T, RP LTHNEZEX 1D
ROMOAE P() %2, X (8) TEHT 5.

N-I+1 N-I+1 —1
P(= > 3 (1=RPiy )1 - RPM,H)]_[RP,H e ()
=1 j=i+l =0

ZZT, RPIFZLOLIZDOWTHFaEBE D, RP,; =RP;; &
TLEMENE WD, R (@) Tlki< j OHEPHT PO 2HHLT
W3, £72, X Q) ZHVWTRP LOROIERZ Z72DI21F
RPy;=0(j=1,....N+1), RPiy, =0(i=1,....N) LEHL
T, RP Of% (RP,;, 721, RPy) WCHFHETZTHY Miko
THRINDIROMEIT Y N TELEIICTILERD S.
Iz, P() ZAWT DET 2= (9) TR 5.

N-1
Z 1P(])

2l min

DET = o ©)

Z 1P(])

=1

ZZT, b ERIOMOT/NOREIEZRL, AT =2 &
T5. £/, AOHDOYDEREN-1LTEH5DIELOI %
ERLUB\W=dTH5. DET X RP DHA7%: 59, IDRP, IDNP
MOERLZEGE»S S HIET 2 Z WM ETHDL. 2721,
IDRP, IDNP %5 DET 2R $ 581, X ©Q), 9 FON %
N-T &3 5. £FEDS5RD 512 DET % T ZF N, DETgp,
DETprp, DETppny &3 5.

5 1 DO L, AREER[T] LIHENSIEET
»%. RIZRP £ IDNP Z2iWCHIEEh5. £7, IDNP I,
K (6) IZRUED, RP & IDRP DIELEATHS. ZDr X
DR J5 I Mipnp D RP O35 5080 Mgp 12353 2 4 i
KR %X (10) TEHT 5.

|Mrpl

ZZ T, |Mgpl O [Mpnp| 1, TNFNES Mgp KO Mipnp D

TEMERT. RIE, Mpp & Mppp & o THRE 5*%&“1@
TH5. DET & BRI, BTN REERIIDPRE RN TH 55

RIFEWMEZ RIMAIZH B [7]. Z0U, /J%ﬁés?n‘ﬁﬁ@&yz

TLENRE UGS, BT AEGIIHELL 2 AT BB L

T, BBBLIIERRZELPTVEWIEED, KX 10) O

10)

-9.



BENFOEBOEEL UTRMINTWENSTHS.
4. RPEBEDBRERE

RP & IDRP TR 6, & 6, 2% ET 2 HENH 5. RP D
BEICDWTIE, 7 M52 &0 2 SRR S £ 7= I3 R
BED 10% [4], 7 b7 27 XRDERDE % (8], FEFEBMD 1% [9]
BERTTY NENDLSITRET 2 HE, VAT AZGU
B HIE[10][11] A EAREINTWS. L L, RP ORHE
BHUIHR L T2V AT LTELKIFET 2720, EEOKRY
IR U CROEZRBME 2 — I 8D B Z 213 L [6],[12].

T ZTARTIE, RELBEEHETS20TIERL, BMiEE
ZbE T RP EE DR B4 2GR E 1 DDORRINTH L
TERT 5.

RP BE DEFHEIZDOWT, RP ZHIZHIT 5. RP T,
T N7 2RO TO 2 K D; 25 AL, D HBHE 6,
UFTHhHNIEE (,) MBIZEATBY hEhd. KFETIE,
T, DG #)) DOHDOREHME Dy & BEHME Dy %
Kb B, WIZ, 2 FMEMDFET 2 HH [Duin, Dmaxl D&%
D, = Dy — Dy £ LT,

0, = D0 + Dy;n (1)

W&koTH 2525, 22T, 01X RPEEREETZ/1F
A—XTHY, 0<0<1DOHFEEZFFD. HIRIEX, 6=0D5H4
\%, Dij= D 21729 RP LD (i, j) MiFEDO A LA TH Y b
ENhb. KAIZ0=1D5EE, £TO 2 MAEEE a8 bt
K b7-H, RTOMWHEMN1 L7425, 7z, IDRP TiE DV,
IZDWT RP D D;; EHEBRIZ, DV, = DVyux — DVipin 23K, 6
EEELTEMAR 0, KRBT 5. AFETIE, 20T A—
R OBELZIED I LIZE > T, RPHEENRL D EGE EK
5. 72770, KTk, RP & IDRP O FizH@D 6 % 5
Z7T, HU RP#EJE%K>DRP & IDRP % 5 IDNP 2T 5.
ARETIE, 0=2"%(k=1,2,...,10) £ L7z,

5. HIEETIL

ARTI, PUERITA A ARG, AIGEIZ LA F I AN
J A ZADEIME Nz R250 JAM + 2 14 X), FEBHT T Vil
B (fBBm) Z fRAHTI R DRRTI L 5 5.

T, HAARERIE A + 7 1 ARERFI O E I HH L
7=H#%=& Lorenz E 7 )V (stochastic Lorenz model, SLM) [28] % &
(12) IZRT.

X=s(-x+y)+ 0w
y=rx—y-—xz+ 0, (12)

z==bz+xy+0w;

ZIZT, Xy, 2 \IREEE, 5, r, b IZNT A=K, oo lX/ 1 X5k
B, wi(n) (i =1,2,3) 13774 7 A5 % KD FEEHE Wiener i
FRZRE O HERERTH S, 2L, o=00& T XRERTL
Lorenz /52 [29] & 742 5. AFTIX, s=10,h=8/32 LT,
AFXAGEE r=28, 16 AMIEEZ r=21545 12K D £ L
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oo E7z, A+ A ARG ELR T 27200 ) 1 Zi8E o
Zo=05,1,2,5 10,20 ® 6 LAV, Z1 o ORUHEET
BiX, A7y FER =10 D4RDIV T - 7w ZIEITED
1172572 [30]. MRATIR &3 2HERFNE, #EREE LT 10°
AT TEBNZEZD 2x 108 ATy TOREN S, 500 AT v
THIZ L EmEVY YTV T LTz 4,000 MORRIIERFD.
WIZ, fBm [23] R4 By() 1%, H9 Bu(t) — Bu(s) D
M0, WO ol — P LR O FRTEALT B R
FREODAERLEZ. ARETIE, 2K a'?. =1, "—AME¥WH*%
H=02,05, 08 D 3 Fi¥%H\\T fBm ORFRHZAEKL -,
7L, H=05D . ED By(H) 13757 VB s. BmE
DT NTY XLNE, T2 XA EENERIBIE LG [31]
U7 F7, SR E TARRIIOEZ X 4,000 A& U7z,

6. HIE XK

BUEERTIE, BT T VIKRE L Wi o EREM e U
T, 12DV ATF LI UNTA=REEEL, HIHEE LI
V= REZEZA7 100 KORFRAZERK L. Lzdi>T, 100
ROENETNDORRINIREFELZEHA L TR,
DERALIEE (DET & R) OHBMA 2R E LTRT. F7z,
IDRP & FHIRFIZEE T 2 HEBIFEE T IERREEL r 2F L L
72 (T =1).

A AR A + 7 1 ARRFNE, ZNENDNT A —
Rr, /A ABE 2G5 AT-SIMPSERLUEZHE-EH x D
ReRFI 2GR e Uz, HEEREBEMOITCE miEIm=72&
U7z, BN 713, e SikeRg] o B A BB A
1-1/e L7505 C, DIEE Utz (t=C)[32]. %7, BT
Z v VEE) (fBm) 2 SER U ZKRYIE, m=3,t=C, 2 LT
ARABZE I % FIRERR U 72,

F9, RTA—ZKr, JAXBE o 2GR EDSIM N5
EREINDE LR x ORI %, m=7, t=C, THRRLZ
RO —Fl%2X 115RT. K1) i&/ 1 ZREN =0T
HB72H, PN Lorenz AN SHF SN S 16 AHIISE
ORFRH x ICHTHHEMET M7 7 22 RLTWVWS. —K,
Ith & o =0 DRERNZIGETH DD, NTA—XiEr=28
BOTEDIEFIAIARSE LS. M1IICBVWTEATAE
i, o> 00551z, APIREOREIZAN (K 1b)~g), 7
AAREOHEMET T 7 2OME L HEUOMELX kB Z 2T
H5 [ 1(h). ZOLDBRREAD B72012, A AKRRY| &
JAEISEIZ XA F I HN ) A XD N 28] A +
A4 X)) DB %EEZ R B BENRD 5.

WIZ, J14 ARRS] (SLM @ r = 28, o = 0), A + / 1 R
5 (SLM @ r = 21545, o > 0), fBm R (H = 0.2, 0.5, 0.8)
FNFNIZHUTCRPHEALTHLTHESN S, RP, IDRP,
IDNP @5 &/L$5HE (DET & R) DHERMEA % 2 i12Rd. X
2T, Bz RPEELZHBETEINIA—R9ELTHN
B o7 TRLUTVS. Mt Ee2/bEEzRLTsh, X
2(a) 13 RP & D 5 H & 17z DETgp, X 2(b) 1% IDRP & » #H
X7z DETprp, ¥ 2(c) I3 IDNP & b HH & 1172 DETpye, X
2(d) IXERMER R TH S, KM 2a)~d) IZBWT, SflkIET
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(a) r=21545,0=0,7=2 (b) r=21545 0 =05, 1=2

X2

(¢c) r=21545,0=1,71=2 (d) r=21545,0=2,7=2

Xu2r

() r=21545, 0=5,1=2 (f) r=21545, 0 =10, 7=2

X2

(g) r=21545, 0=20,7=2

(h) r=28,0=0,17=4

LRI A=Rr e ) A Xl o 252722 ED SLM D5 4E
B X N B — 2 x DIFRSI D EREBRAEZE M D — 5. fRfEZe
MOBEMBIHEHTEF7 A =X, m=7,t=C,. 7z/ZL
C X ENTENDRRS D H MBS RN 1 - 1/e 12725
7= 2OMH % RT.

HY, BOOEMRTHIINS Ao BUX, H A4 AFRH (SLM O
r=28, c=0), RTINS OHIX, A+ /1 XRRS
(SLM @ r = 21545, o > 0), BgcHEIENZ O L, Bm KR
FI(H=0205 08 #ZNhFTNRLTWVD. AOEWNE, /
A X o, £720%, N—AMEEH DEVWERLTWVWS.
AR BWTHHI U 72 WRR A OFLIE, (1) PREFRINH A A
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B
o
o
\C
w
[a}
10°
chaotic (r=28, 0=0) —&— noisy periodicity (215.45,10) —©-
noisy periodicity (215.45,0.5) —©-- noisy penud\cl(y 1215 45,20) —©--
noisy periodicity (215.45,1) m (H=0.2) --E1-
noisy periodicity (215.45,2) 'Brn (H=0.5) --EF-
noisy periodicity (215.45,5) Bm (H=0.8) --E+
(a) RP & D 5t U7z DETRrp
’
0.8
B
o 06
[is
S
L 04
a o . )
02 -~ /’E" o
= =
0 lB—— B
103 102 107" 10°
chaotic (r=28, 0=0) —&— noisy periodicity (215.45,10) —©-
noisy periodicity (215.45,0.5) —©-- noisy perlcd\clly 1215 45,20) —©--
noisy periodicity (215.45,1) m (H=0.2) --E1-
noisy periodicity (215.45,2) 'Bm (H=0.5) --EF-
noisy periodicity (215.45,5) Bm (H=0.8) --E+
(b) IDRP & b HHi L 7= DETpre
B
o
=z
g
=
w
o
O
0 f——a——EgT e
103 102 107" 10°
0
chaotic (r=28, 0=0) —&— noisy periodicity (215.45,10) —©--
noisy periodicity (215.45,0.5) —©-~ noisy penodmuy |2|5 45,20) —©--
noisy periodicity (215.45,1 Bm (H=0.2) --E}-
noisy periodicity (215.45,2) th (H=0.5) -
noisy periodicity (215.45,5) Bm (H=0.8) --E-
(c) IDNP X D % U 7z DETipnp
)
o
10°
chaotic (=28, 0=0) —&— noisy periodicity (215.45,10) —©~
noisy periodicity (215.45,0.5) —©-~ noisy periodicity (215.45,20) —©-
noisy periodicity (215.45,1) Bm (H=0.2) --&-
noisy periodicity (215.45,2) Bm (H=0.5) --&-
noisy periodicity (215.45,5) Bm (H=0.8) --E-

(d) IDNP @ RP (Zx}9 2 A #CHER R

2: REFHEE VAT LAV RLDRRINCHEMA U 72555,
fillE RP BEZEET 585 A —& 6, Mz CE/EETSH
D, (a) I RP & W B H X N7z DETgp, (b) I& IDRP & » %tﬂé
N7z DETipgp, (c) 1% IDNP & D B H X172 DETiprp, (d) &
IR R Z2FNFRLTWVWS., BOOEBTHIENZ A H
&, A ARSI (SLM D r =28, o = 0), BRTHIEN O
FlZ, R+ /1 XE§R5] (SLM @ r = 21545, o > 0), kR
THEENZ O ENE, Bm KRS (H =02, 0.5, 0.8) 2 ZhZh
RUTW3., otk  ZfE o, £721%, N—AMERH
DEVERLTNS.
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W25 & FISEIC & A F 2 2V A XHSHINE iz R &
(D) IREFIN I A ARRHN & fBm D & S AT ) 1 XFRST
»H5. £, HM2a)~(c) TxHL%, %6 DRP, IDRP, IDNP 7
S5EHE N7 DET OHBMEIZOWT, (D HAZ (BEADOE
MUCHAL a B LM + /14 X (FRTHRAZ O H) 0%
NOFERZ BT 5. A AD DETrp, DETipre; DETipne D
WRMEDIE, WINhD IZBVWTHEWMEZED, £/, 60
24z & % DET OBBIZ/NS W 23 nn b, —HT, Al
+ /4 XD DET O#RBMHIE, 6 HB/NE VW& EIX DET /X
<, 9KRELRBIZONT, DET ML TWL Z o h
5. IS OB DEND S, (1) A4 AR & FE +
A ARG DHHNEATRETH D L EZ SN D.

Wz, (D) A4 A (REOERTHEAR o ) & Bm (R T
A OED OHBNE, B 2(d) DAERHER R OHERBIER D E
X0, WRETHEILEZOND. HAATHNL I NN WY
ATHRIFOSMEE D, REREPRADOSNS. — AT
fBm THNENTNDON—Z MER H IZEWTH, RPEED
10% FEEE TIE RIF03REICULMMLZW. L2 >TR
OWBIEENIZ & > T, AI) HA ARSI L Bm K25 OHBI1X
WEETHDEEEZOLNE. ULLrLEARS, ) OHGIIZEWTHE
T H - 721¥ 2(a)~2(c) @ DET DHEMEAIZ & B (1) DHIBIF
HLWEEZSND, BZN—ZAMEED H=08 £ KE W
G BOOBIRTHAR D), RERNWIAARRIIED D
FWDET &4 5. ZhoDfERIE, ZhECclifishTEr
RP Z & [4], [8]~[11] TIFRE M % Sl 3 2 a2 5
¥, BEFEEAVWEILTIOERMEZEM TSI %
RIBDTHS.

7. ¥ & ®

ARTI, BAMBEELTWBR )AL AT Oy NEEDE
{biZ & 2 HERF ORPIEITH FIE [14]~[17] ZHWT, AHISE
WEAF IV A ADEME N-ReR5 &, BT T v

BEID X 5 At ) A R [23] B, BLERI 7 A AR
CHIBIARECTH B2 FE L. BEFETE, £7, 1T
SR 51 2 R VR A & FH W CIRBEZE R 2 FRERR L 72, IRiC
— D DERBREZMIIZOWT, YA 2 7ay b+ (RP)[3],
[4], AABRMEY ZL > AT Ty k (IDRP)[7], [AARKGLE S
Tk (IDNP) [7] D RP EE 2L XV THHL, EHEOE B
ML 72, RP EEIMEWVEED S @ WEHEAN 2 2L T

<BXD DET [6],[18] L MR R[7] 2H L L, Tho OHER
I H & R DERIZEL Y 2T AU &2 175 7= BUEE
BoOKR» S, DET OHBMEN & D, PERKIA A ARERF &
JH A RGO H B A TRE L 725 T L SIS AT o 72
AT, WEmH A ARERF & IR T T 0V EB DO RR S
ORI, R OWRBMEMMN S MEEL 2D ZENRENE. —FA
T, INFETITHRONT E BIMEE HE (4], [8]~[11112 XD
EED LI RPEEIZENTIE, RERKD A A &I T
T VHEBNIHA AR RELN S D 8, o T, AFED
& 512 RP BEAMENHIFA A 5 K EWHIPH F TR S8 5Tk
BRBETHD I e WREI NI,
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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 aresult, 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
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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-STAR
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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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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Bike Sharing System Routing Problem, BAF, mBSSRP) %
REL, ZOMBIZT 2R RAMNMEEZ AL TV 5 [1]~[5].
FREMNEIRL, KON R C R R O SR MRS & iS5 2
EMTELD, —HORMBFIZ U THITARE K E R % 15
5T eNTERP-7. ZhiE, mBSSRP (EHIFIZM: A3 L
Wiz, filfE 7 TKERE2BETE Lo 2 EAFEED
12TH5.

% Z T, mBSSRP O—HOH# 2D RE, £OHIFNIN T
5iE K& EAMTE DEKE L LT mBSSRP ©HMEHIZINZ
72V 7 bl & Bl A EME (multiple-Vehicle Bike
Sharing System Routing Problem with Soft constraints, LA
T, mBSSRP-S) 2% L7z [6]. mBSSRP-S DR #EFE T
BFoNBENKED 0 DHEIE mBSSRP OETHHEMTH 0, #EX
BP0 &0 KEVHEIE mBSSRP OFETAAIREMTH D, T4
%, mBSSRP-S %#f#< Z & T, mBSSRP @ Rt {Lff % 13
LbNBZ L ERELZ. UL, mBSSRP @ Rt 7 30 LU %
35729121, mBSSRP-S ® HABEIEIZfHH X 1125 B AR
ZHEY)LMEICRET D ZENAARTH Y, ZOREIHET
H5.

% Z T, mBSSRP-S %#f#< Z & TEN7- mBSSRP Df#f% 13
%7212, mBSSRP DT HEfif & EAT R REM D 5 % %)
RNTHERT 2 Z LA TE LN REARBEIRELREL T
W3 [7]. BAEERRZAT o 7285 R, REMIKIE, F— MDY 50
FREE DORIEFNIZK LT mBSSRP O RIFASELMEMRE SN B Z
EEHmELTWS. UL, EBICER I TS BSS Ot
R—MUIBETHS. I TABETHE, R— MO ED
% KH72 mBSSRP 12X 3 B2 R EOMREFHEEZTS. K
TEEBRORER, KREEMEIIN U T H BN E AR E %
FWT mBSSRP-S % fi# < 5¥%iE mBSSRP O R\ \Mi# % R T
LT L EMER LT,

2. BGEBEEERE

BHOHEERNEZ FAWCEERAS— bOHEHESE
ZRNRE L BT 2 KERE 2 IE T 57017, multiple-
Vehicle Bike Sharing System Routing Problem (mBSSRP)
& multiple-Vehicle Bike Sharing System Routing Problem
(mBSSRP-S) ##£Z%E L T\ 3% [1]. mBSSRP & mBSSRP-S
i, 1207 R n oK — N, m B0 HEHEREH
MEZO6ND. FZR— MIPHPIREL D HEHEAEEL TH
5R—bMEEZIE, ARLTWVWSHR—MD2HEHEIIHITONS.
FUE BB L TWA R — N CTHEEEZ[EIL, HEHEIRE
LTWabKR— MZHEHEZM7 Y 5. mBSSRP £ mBSSRP-S
DEfESEMZ U TITRY
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(TR FHOHEZEHELHERSIN T WS, HIEHIET
RCHIEHEZBATHAT I AWETH .

(2)ETOEPNEFTREHFKEL, BOTRIZRS BITFHIEW
SRR

(3)FEEMFEEFICHERESBIIEML L.
()EFR—=PMZIE 1 BOEINEDS 1 LT E R0,

I o DHIREMD D & T, HEO HERHERXE Z AW TH
BlEfF2EZAT S .
2.1 multiple-Vehicle Bike Sharing System Rout-
ing Problem (mBSSRP)
mBSSRP Offid, FifRGRMITMATUTFIZRT 3 20l
E U v SNV QAT RANAR

(1) BRI FE A eI B U AR BR IR AT PO 7 AR R S 7 1 Ui
Wi

(2)BAAHIR: FINEIIEEARZEA CHEHREZEOZ L
MWTERN

(3)FARMHF: 1 EOMTAR L TWVWAKR— MIBELRAEK
ZRFE LRI T R0

mBSSRP O HMIE, Hifedfthe (1) ~ (3) DHlFISM: % hi
72 KRR T, [AUE DR BRI A BN & 72 2 KRR
ERDBHILTHS.
2.2 multiple-Vehicle Bike Sharing System Rout-
ing Problem with Soft Constraints (mBSSRP-
S)
mBSSRP-S Tl, mBSSRP 725 (1) ~ (3) Ofilfu5At: % Y
DERE, ThoDERKEEZEANEOREE LTHBBEEZ
Z%. mBSSRP-S @ HMWEHZ LA TITRT.

B EREE + o x Pr + 8 X (Poy + Poo) (1)

X (1) IZBWT, HBERRE L1342 TORINEHEDOB B DR
MzmRLU, mBSSRP O HWEEE TH 2. Pr iZEKHETH
D, HIRRR B2 CTEE2T-ZRETHS. Py & Py 1
TNETNFAAER BB EMARKEEERT. BAAERKE
B, BIRENEEL TV R— N TRIEEERD DI
HiZHE 2 ENEICEAD Z 3 TE R =58 Th 5. WiR
ERABREX, BEEIAELTWAERE— MIBEWTHEIXEIZ
ATV HEHAED DR Wz, HizHz2HATsI L
MTERP--ERTH L. MR, FUAAENRAE, #A
EREEH 0 Offlx, mBSSRP OETAREMAETH 5. o, B
NRFNVT 4 DEAMRUTH 5.

3. IREMEDKREFIR

mBSSRP & mBSSRP-S % fif < 7z & D & i i% D K i I
IZDOWTEHIHIT 5. £, HEEIZ & 0 WIIEE LK
%. mBSSRP #fi# < B&IZ I FOa AL, mBSSRP-S O5&
(TR ATE 2 BT U 72 MR I & D W &2 RS 5.

WIZ, — MNFFAE &V — FARHEZE FWT 1 20XK(HE
BROBEREZTS. V— MRFEALIE, H2KEED 3 F
T o 5 K— bl o' —b ZF—KEEHD c - ITHA
THEFETHS (M 1(a). b— MAKHEL X, H25KE K
DS 2 3MEUATDR— b o' —b & FE—&FEEE O3

-20 -



l}-\ [‘ﬂ n-a-8-a
\ﬂ ﬂ*.;l—'

[»m N [»m o8-8
km e \-ﬂ G880

(a) V— MAFRAE (b) — ML
[c'md me 4
£ 1900
mj mj
¥ V¥

\‘Jﬂ_’.ﬁ._'lk‘ﬂj Ka—»m—».—»l—»m—»mj

(d) CROSS-exchange
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(c) Or-opt

“\ i
>
o

1 RFHEREOH. ZAIIET R, MARIERER—-FE2RT.

2 3MHLATR DR — Ml ¢ —d 2R 2 5ETHS (K 1(b)).

FHIZRW#EE15 72817, Or-opt [8] & CROSS-exchange [9)
DFELTE R T =Y —F [10]~[12] THIFNT 2 FIHEIC & 0 fREZER
%475, Or-opt &, »2KEEENDEET S 3 HLFDKR—
Milla —b 2R 2KEK c— ITHiIAT B2 HETHDE (K
1(c)). CROSS-exchange & (%, & 2 K[E KD 3 {HILT D
THKR— Mo — b &EGRZEEEEHD 3MFEATDAR— 4
d—d eI BHETHS (K 1(d)).

BT =Y —F L FFHER L FRRIZ, BRI ER
5. RAHERTIE, HEOMEIDBRWIZUL»ER TS Z
EMTERWD, XRT =Y —F CRBEDEHEMOT TR R
WRIZER T 5. LzhoT, BEDMR L Y b UCERRIZER
TRHELHB. X7V —F%, FRMHNRBEREZH SO
12, BEOERERE X7 —1) A MEML, X T7—1) AR
I N TV BEANZ—CHMES T 2N TERN. 20
Mo Z 2R T—=a7 LIRS, RBIETIE, XT—H—F
&M T 58 % Or-opt ¥ 72 1% CROSS-exchange THESE T
5. AT, Or-opt ¥ 721k CROSS-exchange DSEfT X 1
=56, RBINDEMEF OB HOMAEDEE X T =) X
MZEMT 5. L7zdi> T, CROSS-exchange ¥ 7213 Or-opt
METINIGE, KBS NG O ROMAGHLE
a — WET—=VAMURFFEIN, ThoERGRE T DHEIT
—EMEEIEI NS, BEEFED T mBSSRP D17l REfiE
MEonGa (B, MIAARKEH, MAaE0EK»
0D&E), 2-opt IEEEITT S, 2-opt E&id 1 DOKIEIEKK
THia—a 2Fib—V 2BENZDHETHS. HorLOBR
DONFZRAMR T =S —FIZ L DMEBEMREVIRL, MIERD
wRETHRONZRBMEL TS, ZOIZHLT, V—FA
A, b— FAZHEZTV, 1 DO CWHEEZITS.
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AWF5ETlE mBSSRP-S % f#\ T mBSSRP D F i 72 37 {BL fiz
YRS B5E, BHEBRORF LT 4 —DEME o & 8 %
BRERIBIZIE U T Z L X8 5. ¢t MBAORERIZE IS
HAMREE a(t), BHAA - FFRGHIRICTT 2 EAREE B(¢) &
Lz &, ¢ B HOMERIZE T 2 HBEEMEIZ TR TR
INns.

BB 4 a(t) x Pr(t) + B(t) X (Poy(t) + Po—(1)) (2)

X (2) Dt EHOHERTHESNT [alt) x Pr(t)] & [B(t) x
(Poy(t) + Po—(t))] 218U, KX (3), (4) OHEFHREZHWTHR
B z2175.

a(t+1) =
Aa(t) if alt) x Pr(t) > B(t)(Poy(t) + Po_ (1)),
and Pr(t) #0,
if a(t) x Pr(t) < B@)(Por(t) + Po (1)),
and Pr(t) #0, (3)
a(t) i a(t) x Pr(t) = B(t)(Poy(t) + Po—(1)),

and Pr(t) #0,

a(t) if Pr(t) =0,

po(t)

Blt+1) =
AB() if a(t) x Pr(t) < B(t)(Pot(t) + Po—(t)),
and Py (t) + Po—(t) #0,
i a(t) x Pr(t) > B(8)(Pos (t) + Po_ (1)),
and Puy(t) + Po—(t) #0, (4)
B(t) if alt) x Pr(t) = B(t)(Pot (1) + Po— (1)),

and Ppy(t) + Po—(t) # 0,
B(t) if Ppy(t) + Po—(t) =0.
ZIT A 1) BEAMEKORIE BT B85 A — 4,
w0 < p < 1) ERDREFET 255 A— 2 Th 5.

4. BERR

10km x 10km O TV 7HNIZ, THRE 100 HDR— kD5
DR L MEZ 5 DIER UM 217 5. @REAE
id -5~ +5 AL L, RAREARE 10 ADRINE 5 A A
EEEE4TS. EUEI 30km/h] THEIL, HiEdE 1857k
D OIEZERFMIE 2 4, HIPREFM X 180 42T 5. RITEEUL
50 &L, 7 —=F=a7IE70, X7 —Y—F O KLU [
(12 —=222)031,000 55, BEAMRED/NNT A —XfEi
a(0)=1, B(0)=1, A=1.05, p=07 & L7

4.1 EREBER

% 112 mBSSRP %\ 72458, £ 2 12 mBSSRP-S % fi#\»
T 5N mBSSRP DR ZRT. £ 1, 213kEH» S MEE
5, BRBEBOEYIME, mEAE, BoEE, FHERE, 50 Mo
RITOHRTHLONEFTTRMOMERT. X1 &0, HHE
1, 2, 5026 LTIk 50 RITOHFT 1 D5 FTAIHEMD S S 1
oAy, R 3, 4128 LTk 50 il o dhoBE 21 E
TR EE SN Db h 5. —J, mBSSRP-S #f#\»
T, mBSSRP OETH e %152 kTR, 2MEOLHAT
KBWTETAHEMERLZENTETVS (K 2). T5IT,
M 3, 4 OEREMIZDOWTHKT 5L, mBSSRP-S % f#\ 72
FES P VKEEEEL ZENTETWS, LA, RN
IZDWTIX mBSSRP %< IES B WIERE o7z, Zhi
mBSSRP-S % f#< 4, mBSSRP D347 R il REfR + W f51% &
7570, HRERBEEBENBENS5TH 5.

2, mBSSRP & mBSSRP-S DfERDEET-IZ DWW THE
T5. K2iE, ME3IZHTEEATITHWT, 1000 1 X L —
Va VIR I NP DT ER— o/ & DflAED

pB(t)
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# 1 mBSSRP %\ 7z 55 5R

. Fonriz
No. SRy 2353 Ol G [s] o
! S T R
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# 2 mBSSRP-S %f# 13517z mBSSRP DR

e #onr
No. R 5353 Ol G [s] e
EXFEINE
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HOBERE RBERERT. &b, RMTABITHASDOEOE
U VEIEIZERZE X TW5. mBSSRP-S Tl mBSSRP
DFETATREEIEANE BB TE 5720, mBSSRP %f#< & b
L LY RZBBPITON, THZLVENERIESNZDONE
FREINhB. UL, M2 &0, ZfINZR—NOflAacb
WREE E VERRIRBI RIS R S igdr o 72,

B 312, 7D 1000 1 X L — 3 v O THIT I HEfR % 1%
KUzEH LB O N REMOBFRERT. RITEIEULFESTAT
AEfR & BRER U 72 B0 IS U CRIFIZ & 2 T\Wwb. mBSSRP
DOETAREME LV L RADI 22 e TREMOBERMIPIEZ 5
728, RFRMERENH ET2eEZX SN, K3 OHERE»S
&, ZNSORICIFERP RN &R nn5.

5. ¥ & &

AL T, BIICEAMREE FIE L 2255 mBSSRP-S %
fif &, mBSSRP D RAFAE AR % KD 5 LA KHI AL mB-
SSRP iz L CHEMTH B D MEER2THA L /2. BiEERD
., mBSSRP-S #f#%, mBSSRP Off % %R T 5 Sk,
mBSSRP 2 K h bWk E Rolrohd Z L 2MAL
7z. 72, mBSSRP TIIFETAHEME RO DI LMW TER
Mo P2 REIREIZ R U C, mBSSRP-S Tl mBSSRP D347 Al fief#
ERDOIBZENTEE. L L, mBSSRP-S Tld mBSSRP
DOETAARERELERE LTHRONUTLUE S 720, RIFRD
HEAAILA D, BVAEREZ2ELTCLED. f£-T, %O
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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.
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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 Fj.
Then, the proposed model is shown by Eq. (1).

_ E;
wi(t+1) =V Tmi(t) + J;i“mj“) 5 O
where F(z) is a step function, z;(t) is the interest of infor-
mation of the vertex i at time ¢, G; is a set of indexes of
adjacent vertices of the vertex i, 6; is the threshold of the
vertex j, 7 is the decay parameter, and « is the parameter
that determines the influence of information. In Eq. (1),
e~ /7 represents the decay of the level of interest in informa-
tion over time. In Eq. (1), E;/E; 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
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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 < a < 1, and e /7 = 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 ¢* from the
network and setting x;+ (0) which is larger than its threshold
0;+. The end timing of the diffusion 7' 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 ¢ as Eq. (2).

_n(®)
s(t) = (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).

_ S
U= (4)

In this paper, we used HLNs (N = 512) and their randomized
networks. In addition, the threshold 6; obeys a truncated
normal distribution with an average ¢ = 0.7 and a variance
o 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 « 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.

1
0.8 t
0.6 t
(4]
0.4 t
0.2 t
O = r/— L L L L
0 01 02 03 04 05 06 07 08 09 1
o
0=01,p=0 —&—  0=0.2,p=0 —&— =03, p=0 0=0.4, p=0
0=0.1,p=1 —e—  0=02,p=1 —®—  0=0.3, p=1 0=0.4, p=1
Figure 2 The relationship between the influence of information

« 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 « is less than or equal
to 0.4. On the other hand, when the value of « is greater
than 0.4, the final diffusion rate S increases with the value of
« on regular and random networks, and converges to unity
on regular networks, when the value of « is greater than 0.7.
In addition, the difference of S between regular and random
networks changes significantly when 0.4 < a < 1. To calcu-
late the difference of S between regular and random networks
quantitatively, we investigated the relationship between the
influence of information o 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 Dg.
1
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0=0.1 —e— 0=02 —=— 0=03 0=0.4

Figure 3 The difference of the final diffusion rates S between
regular and random networks against the influence of

information a.

Figure 3 shows that Dg increases to about 0.6 in the range
of 0.4 < a < 0.55 and decreases to about 0.12 in the range
of 0.55 < a < 1 when the standard deviation ¢ = 0.2,0.3
and 0.4. On the other hand, Dg increases to 0.54 in the
range of 0.4 < o < 0.65 and decreases to 0.12 in the range
of 0.65 < a < 1, when ¢ = 0.1. These results show that
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the greater the influence of information « is, the less the dif-
ference of the final diffusion rate S on regular and random
networks, when 0.65 < a < 1.

Next, we investigated the average spreading speed v 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 a = 0.5 and 0.55,
about 20 ~ 40 percents when o = 0.6. Figure 4 indicates
that the cases that S > 0.9 are rare in random networks
when « is less than 0.6. Then, we investigated the relation-
ship between o« and ¥ when 0.6 < o < 1 and S = 1. The

results are shown in Fig. 5.
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Figure 5 The relationship between the influence of information

o and the average spreading speed v when we applied

the proposed model to HLNs and random networks.

Figure 5 shows that the average spreading speed v in-
creases with the value of « in both regular and random net-
works. In addition, the values of ¥ on random networks are
always greater than those on regular networks. Furthermore,
the ratios of & and ¥ on random networks are greater than
those on regular networks. To quantify the difference of v
on random and regular networks, we investigated the rela-
tionship between « and the difference of v on random and
regular networks as shown in Fig. 6, where we define the

difference of v between random and regular networks as Dy.
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Figure 6 The difference of the average spreading speed v between
random and regular networks against the influence of

information «

Figure 6 shows that Dy increases with the value of « in
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the range of 0.6 < a < 1, when S = 1. In other words, the
greater the influence of information « is, the faster the av-
erage spreading speed v 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
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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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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.
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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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Influence of Contact Properties to Information Diffusion on Temporal Networks
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Estimation of Common Input Signals to Neuron Using Multiple Reconstructed Attractors
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On State Space Reconstruction from Marked Point Processes
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Relation between Frequency of Words and Language Network Structures
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W, PRGN, SRRV 2B, 1 ODXE.
5IEEEE Ry N = DR S NEGA, BN S
T EMNRE LT,

3 ERER )

¥9, REEOTFAMNT—ROHEEOMHHHEEL2E
HUZ-, Wiz, sEED Y v — 2o ee iz
sked7z. BARMNZI, ot [12], B UL [12],
iiEHULE [13], 77 AZLREK(14], WA 5 A X%
B [15] TH L. mEEIZ, RHFEOMANE & A Bk
ORI E RL 35 Z LT, HEEOMAEE L v
h 7 — 2 ORGERRHEO BRI ZRE L 72,

BHEEOMMAMEE YL 2 v M7 — 7488 REAOME,
IEEEHUDE, A, 25 2 R EREL, 1A S T A
ZAEH) OFMEAGREEZXN LIRS, X1 Ok S 3E
FEEE, MemiIAHBIMREER L TV 5.
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B 1A&WSE, HEEOMFSHE & RBeTE - B
DVEDRILAHBI D IEHIZ |\ 2 2 D3 0. 2 s D
RiF, HEEOMASEN R Y b7 — 2 ORGERRRIC Y
BERITIHREDPDH LI L ERRTHLEDTH 5.

— /7, HEROMHSHE Ln ORI AR
DM B. LU, EFEIZOWT, BRI
LEHEROEDOMBIM E RS &, AR MR &k
HODMEI IR IR B D B Z L s (M2) .

o0 o

B

HEEDEREE
2: HEEE 2129 & BER DM A & mhid ot & DEBIM

F7z, HEBOMHME L 2 7 2 XK UMK 7 2
ZARE DN IEFAB I AR,

4 F&o

ARTIE, XFEOREO—DLEZ SN HGEDMHAH
BIEE %y N T — 2 R0 R LIS L DRI DL
THEL . ZORR, SEHEOMECEREIZED ST,
BAEE DML & kB - B HUDME & DRRNC IR
WA A 5 = &, bbb £ ORIC I
NoHbHI VPSP, KT, HEFEE2NRLE
U7 R D AR U 72h, MSFEIZE W TS ERkAIERIE
MBEPEIET 2 Z L3R L TWD. 2o OFEROFE
MICDOWTIFARRE T 5 FETHD. —Jj, 7IAR
PRI AT 2 5 A 2RI L DRI IZFUZAHBI A 2N 2
ELUIBh o, SiE, AROMID S v b
7 — ZERFEIHAE L T B ATREMEIZ DWW S %
BE DS, Eie, HAOHABIENNORE L % v |
7 — 7 EOBRNE 2T T 5 BB D B,

BEE AW —HRIE, JSPS BHFEE (No. JP1TK
00348, JP18K12701, JP18K18125, JP20H00596) D Bj
B2 Tiitbh 7z,

SE X
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Discrimination between Chaotic Time Series and Noisy Quasi-periodic Solutions

EP AN

Nina Sviridova?

BERS e i

HRFERLR A E R ARG ToARZe R 1 SRR R T2 ° R R R B TP el

1 ELoic

IR R BRI R IE D — DIz | A MMEE ey b
(IDNP) [1] % 5. IDNP i, 7 b 52 2D 2 D&
EPOFRAROBGRE, 2IWTOHRBEBHRTEREALZED
TH5. IDNP LOREZEDE S, IDNP 2K T2 Y
AV vATay b (RP) [2] ERARMEY ZL AT Ty b
(IDRP) [1] DEMED K E TITHETHNTA =X GIZEXD
TESH. FxlIBEIZ RP, IDRP D 0 284z KEL LZE
D IDNP OZbZ2EEMIZHHARS Z & T, ERERRS
DR E R B2 FEEREL TS [3-5]. TNSHDFET
%, £9, RP X IDRPIZXfL T, § DfEz&{fbxErZ L
THEBD RP & IDRP 2{Efks 5. iz, FU 0 DETHE
R N7z RP £ IDRP OILEESH 5, IDNP 2/EFKT 5.
%12, IDNP & RP # W TCAEMR R 1] 25HHL, 0
IZxt9 % R OHERIEM %155, Bk [3-5] T, ZOFIH
Lo THRINT— 2 DR E2IEZ 22 eNTE5Z N
REINTWBD, BB T A AR & U & B2 P
J A ZHEINE N7z R4 DB E BN D W TR RGN T
HB. FITERETIE, HA AL aERMIZNE ) 1 X
PEIN X N7z iR A ORI A AR EFIRIC L ATRETH
L0 EHFETS.

2 RWFE

ARTI, 1XEORRIT— 2 PBHlE iz L RET
5. ZO LIRGCOBHIRRSIFT— 2 LT, £91%, BT
FERER AN DMDIAATIE [6,7] % W CIRABZE M % B S
3. I, EEECIREZEMN S, 2 MEERO/HREZ S 212
RP %fE§d % [2]. £72, 2 DOHE Y ML DO
Wad iz, FMANMEEZ(E{ET % IDRP Z/EkT 5 [1].
fER L7 RP & IDRP 2 W5 Z & T, SEE» DR FHD
Bt %E WE T 5 IDNP 2/EkT 5 [1]. 727ZL, RP &
IDRP ORMEIE, HEhEBCIREEEMPNOMLED 2 sEIZDW
TOWER (RP THIUK 2 sSHEEEE, IDRP THNIXHENR
7 MV DE) OR/MEPSHRAMEETOMHIZ, 0<<1
DEGEHIMHEE TS, BB, 0 DEEE{EEEIL
TIER L 7= RP DR 70y MNE4#, IDNP O 7oy
FMEUEDTE Uiz EOERIMER R(O) ZHAL, 0 DED
ZAIZHWT 5 R(9) OHERBMEESS.

3 HEXRR

AR T, Langford A2 [8] DREEHK (z, y, 2) I
A XEE o OIEREOWNE ) A XU FTOET
USRI NDS ¢ Z2BHIRERTE LTz,

t=(z=-flr—wy+o&

§=ws+ (2 — By + otz

t=Adaz—23/3— (2 4+ (1 + p2) + e22® + 0&3
ZIT, ATA—KREa=18=07T A=06 w=
3.5, p=025 &L, e #EATHAAM (c = 0.25) & HEfH
WifR (e =0) 2R U7z, 72720, &) (=1, 2, 3) {34k
SLIR AT ANy % RO REHE Wiener IR IZHE S MR T
Hob. Fio, BRI A XBEHME Wiz R %
kS 27012, o=0.01, 0.02, 0.03, 0.04, 0.05 D 5 f&
AW, ZhS OB AT Y TiEA h =107 O
ROV VT - 7w ZFEZ L DTV, KRRV, EERRE

2021/3/9 ~ 12 Fr T4 Pl

LLT10® 25y T2ENVEED 2 x 108 257 v TOBE
M5, 500 ATy THIZ 1 HEY T T v Z ULz 4,000
mMe U7z ARETIE, —20 (6, o) DML T (z, v, 2)
OYIAMEZZHE L 72 100 ADKRSZERL, R(0) DY
ERDI. B, (r, y, 2) OYHUEIIFEHE DA RS
TERERE Uz, 512, 0227 (i=1,2, ..., 10) &
U7z, &7z, WREBZEMOBEBERITRHE m =7, FHEE
N Z2EIERS OB CAHBEBEBDS RN 1 — 1/e 12725
%l [9] & L7z

MEREN LIZRT. X1 OIS A =& 0, M
AR R(O) TH D, BOOEMTHIINS A MR, &
F AWRS (e = 0.25, 0 = 0) %, BHERTHIENZ O D,
HEFE AR R A ADSEIIN & N7z KERA (e = 0, 0 > 0)
EHRLTWS, BoflE/) 1 X8E o OEWERLTWS,
M 1i2BW\WT, BAAERINL OIS T R AE W KEEE

1
0.8
0.6
R(©)
0.4
. £=0.25, 0=0 ——
e £=0, 0=0.01 --o—-
02 £=0, 0=0.02 —-o-—-
£=0, 0=0.03
£=0, 0=0.04
0 £=0, 0=0.05 --o-
103 102 0 107"

1: XT A= 0 1Z%9 2 4RHER R(0) OHERE.

REEL, TOEFHENI W, —J, RIS 1 X
PEIINE NzGR5, 0 ZRELTHE RHPEINT SE
MAH5. o DHEBMHERDOENDLS, BEFEIZL-
T, HARECHEFMARRIZNER /1 XDSEHIII S 7= RER 5 D
HIFIMTREE 725 Z L ARE Nz,

4 F&&H

ARTIE, NIA—K 0 Z2EIERPSEHD RP &
IDNP 2{Efd 5 Z & THRLOND ERHEE RO) OHEFIHE
MRS, PEMRATT A A & HEREARRIZ AR/ 4 XHDSETIN X
NERERAOHRIDBTRETH 202 THE L. TOHE,
INSOHMIZAHETH B I EIRINE. BB, Kig
D —¥Ri% JSPS B (Nos. JP17K00348, JP18K18125,
JP19K 14589, JP20H00596) D% % 31 CTirbirrz.

SE
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Performance evaluation of tabu search method for solving real data of multiple-vehicle bike sharing system

routing problems

BIE WL !

Honami Tsushima

FEUHRb R

Tokyo University of Science

1 FANE

4 I$BEIZ Bike Sharing System (BSS) T4 U % Hiix
HOWMA R Z2FET 272012, $O HizH RN EHE %
Wz i FEREME (mBSSRP) [1] & % Orblf# % 56
REITHRRTEAEZIBELTVWS [2,3]. ZThET
X, T YR LICERA — b & RdE U 7B & TR
EIREDOVEREEM 2 /7> T & 7. AT, RBEMET
AL T\W3 Or-opt 2R L7 FEEEAL, E7—
R AT 2 HRRIZ O W THE T 5.

2 #HROBGEOREZAVCEGERRERE

mBSSRP T, X & n fHOR— b EES V =

{0,1,...,n} {0} FTR), &R — b 2 SEpEME, K—
b IZREFE F /2RI L 22 1T W T R W HERE S g,
NE 25605, mBSSRP O HMIZ, mAEHARE Q D
[EUNE M B2 AEEZ [EUILL 2T v 2ns— b
(¢; >0) CHEEHEZEINL, ThS5DOHEEEEZ REL T
WBR— b (q; < 0) IZffiFmT 5 & &, BINEDKRBE)R
DR/ IR Bl 2 kDB Z ¥ THSH. mBSSRP
TIREINEIE, AEEZBATT A2 HET S Z 030
HETHhH, TRZ2HEFEL, BREBRIZHTTKRKIIRS.
R O HECE IR — O HEEEABIZZE/L L2,
F7z, K= ME 1 BOEIED 1 EDO AL WEETH
%. mBSSRP OHlfIZME, (1) #eod 5NN TfE
KR MA DR, (2) BIEDOAEEZBA THIRHE
EREGAD R WEGAAGIRY, (3) 1 B TR & #iF
IO MARNTD 5.

3 mBSSRP ICxtd 3%

mBSSRP D RAF TR % 155 728012, BUED R
SR DIRIZER T 5 (R %Ai % Or-opt & CROSS-
exchange THRKT 5. Or-opt &%, % &KEEO H5E
T3 38— MR O NES] % DK AIFE D AR — NI
AT 28ETH S [5].

ZNFE T Or-opt CHIATE B3R — Ml IX 3
FEL TV, XHk[6] TIE, s Dz 3 LDEKRE
2527, Akl —IV A< VEEOFE KR
HE/OSND ZEPREINT VD, Z I TREMIET
H, kDfEiZE 3 LD BRELEETS. B, CROSS-
exchange %, K@D DFE L Uiz, EBEMIET
&, X7 =Y —FEEAVCRIRIZES Z & ZB\WT
W5,

2021/3/9 ~ 12 Fr T4 Pl
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Tohru Ikeguchi
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4 PEER - BER

R—Fn =90 TH5HT—4X Ciudad de Mexico
XU, FINEORABEHRARE Q = 17, FINEAH
M =20, #47EEE 10 |, & 7 —H#f% 250, X 7 —
P —FIEO VKU EEE 1,000 & 3@ U T ER
%1775 7z. Or-opt THATE 3R — MLk =
3,5,10,15,20,25 L& L7z, £ 1 ICHEBRFEREZRT.
F£1 &0, BEMEIET—XFL THKERRE % HE
EITDHIENTEDLZ W aND. X517, Oropt T
OFFAERE R — Nk OIS T, BOKERR %
BFoNDZEHPHERTE .

K1 k2REAT2E EDOFRAEFR LRI

HOEHR (%) | Lon
R p | AT
3| 11.28 9.33 84.83
51 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 &b

ARTIE, ET— 2T 2 RREMIEOMEREREN % 17
otz BAREEBROMER, REMIEIET —XITHILT
HETREENIGE ONDB Z L 2R L 72, X 51Z Or-opt
A CHREZ AN — M s OBIINZ X 0, O KE#E
BEBONDEZERNbh otz B, AWgEid JSPS Bl
W (No. JP19K04907, JP17K00348, JP20H000596)
DEB % Z T THTb -,
SE R

(1] ¥R S, 2017 4 B IEHREE Y2 NOLTA vV

YA T 1 K%, A-16, 2017.

[2] H. Tsushima, et al., Journal of Signal Processing,
22(4), pp. 157-160, 2018.

[3] H. Tsushima et al., submitted, 2020.
[4] D. Mauro, et al., Omega, 45, pp. 7-19, 2014.

[5] I. Or, PhD thesis,
Evanston, 1976.

[6] G. Babin, et al., Journal of the Operational Re-
search Society, 58(3), pp. 402—407, 2007.
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D-1-11 2021 & BFERBEZEIRERE
TSP OEUEEICS X B RARMIERFEICOVT
On a Method for Searching Good Edge Candidate Sets of TSP
ER/E oo S WU T Hiimiyal
TSR R B TSR
1 FLoIC (d) FIE (c) TF SN KRR T % H\wT

MEL -1 2~ U (Traveling Salesman Prob-
lem, BUF, TSP) A€ RELMEED 1 O0TH 5.
TSP X NP W7 7 2@ T2METH D, B
BT TR GAEEDFE O HEETH 5.

TSP O &EMHERER T BI#EED 1 D12 Lin-Kernighan-
Helsgaun-heuristic [1] (M{F, LKH ) 2% %. LKH
ik, HMHRS L REBICEENS HRII NI D
B£E (LT, Bem) b AN $228T, BMoukRET
BIFABIREZRDZ 223 TE S, L L, HEH
PRS2 FEIE, EBUIEE L RSSO B
fEo CEtEIRHISIEMT 2. T4bb, ZRMLZETE
HOTERIEDEETH 5.

XHR [2] TR, BIRMOIERTFEZRRL TS (X
T, fERFHE) . 1ERFETIE, mdEKERRIERT
15T & % Partial OPtimization Metaheuristic Under
Special Intensification Conditions [3] % W THE D
KEpgzEHES 5. Fon8EKIC—EN EEEh
2ETORERIENE T 5.

ARTE, TERFIROFRKHAIRZ HIY & L7k
BEAERFEZIRRE T 5. BUAEROMR, REFE
BIERFIEE IR LT, FSOMRIERMEREZA Ligh
5HETERHEZHIR T 2 Z e 23bh o 7.

2 ERFE
PERFIE 2] THVLN TV B KERRIER 7 LY
R LB TIORT. BB, 200 i, j HOEH>
1. FEHTHRSV 25 n, MOHTZ 7 > & 2105%E
KL, REEHEEV T 5.
2. REAHEEG V& END n, HHIIHL T
v X LR[BS T, ZAFR T 5.

3. [EE& T, % Lin-Kernighan-heuristic [4] (AT,
LK %) ZHOTHET 5.
KEEE T =T, £ 3%

TIZOWT, v V' & dy, (ue V') PRE/PNX
{7225 u DERICHAT 3.
6. HFHM v eV IZoWT, ITOMEERTTS.
(a) Ty IZDWT, v D2 DRICHIN 2T % w
L33,
(b) KEHE T I2BWT, v OERNTH NS H
PHIRE D w THRO LK ERZ T/ &

e

TREHT5.

FREoFIECHKEEE 2 EREERL, Zhbicaih
ZETORERBEME T 5.

3 REFE

PERFETIR, KL RERZ/NEECDET 2 2
Y oEEEEOEREER LTV, LarLl, i
KFETIE, REEHE n, TRELIFET 3 2 FTEE
MAEIL, PRARET I ERDBENZLEEN
TLEY. 2ITABTIE, TE3 ORKREHONRE
BEICBIT 2 LK B0 DT 2-opt % AWV 5 Fik
PRET . 2-opt EEHWSE Z 2T, KEEHE n,
PHERTIENTES. ZhICKD, SELREDRE
R ZHIR T 2 2 e S TE 3.

PERFIE L RETFIE TR ONIHEM % LKH % 1]
WCHZ-BBROBOEER L RETERE, RoicE
NZRORBEMICE TN 2 REAR E Rolffic & %
NBBARE L=, R LizA Y ARV ZAIEN
YF<— L TSPLIB 5] Db DTH 5. iER
&, {GEERRE) — (REKEERER) )/ (REKEREE) x
100(%) TEF L. MRER1LITRT. K1 %242
Y, BEAERIIERTEMENTVWE DD, BETIEZ
HERBZEHBTETWB Zebhrsd. Zhid, 1E
BTETIE, BEEICE N2 REEOR AR O R
LR FF, BIRMICE TN 2R E IR
TETWB I L ERTH 3B.

4 Frd
AFETIE, ERRRECS 2 2 RERER TR R 1S
L7z, BUEEBROFR, #EFEEHVWD &, 1EkF
FEEDDEIEREEHIRTE 2 Z e 2L L.
AEFFED—EE, JSPS BHfFE (No. 15KT0112,
17K00348, 20H00596) D% 3213 TITb s,

BEH

[1] K. Helsgaun, EJOR, 126, 1, 106-130, 2000.

2] E. D. Taillard, and K. Helsgaun, EJOR, 272, 2,
420-429, 2019.

[3] E.D. Taillard, and S. Voss, Essays and surveys in
metaheuristics, 613-629, 2002.

[4] S. Lin, and B. W. Kernighan, Oper. Res., 21, 2,

T 5. 498-516, 1873.
(c) EB5KEEE T/ DI E R ZEE L, 2-opt [5] G. Reinelt, ORSA J. on Comp., 3, 4, 376-384,
B D THEREZ21TS . 1991.
£ 1 TERTFRRETEOMEE D L
s (%) SRR (7)) ﬁﬂ’%i‘?b: afh% B EENS
M 5] | - . . . - . - ;ﬁﬁﬁzkﬁ& . . ﬁz!xi&z‘
PERTFIE [ RETFE | R [ICRFE [ IBRFE | R |[1ERFE [ HRETF | R [ ICRkFE | IREFiE | He#
(A) B) [B/A)] (©) D) [D/O)] (E) F) |[EF/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
usal3b09 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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Impact of the differences in document contents on the structure of language networks

N-1-14
B T FAARRA 7
Kihei MAGISHI Tomoko MATSUMOTO
HEHRI R T
1 [EC®IC

R Y N7 — 7 OB S SEMTEIT> 22T
RLLEHTHRINTXENrSF/FONDLFHEXY b
7 — 2 OHGENRFEOERD, & SiEOSERE EOR
We Kis 5 Z & 2R RIRAImE TN TWS [1,2]. L
U, FiEry b7 =27 OERIZHW - XENEHNSE
FICH—TldA\\izd, Fiiry b7 — 27 ORGENRHE
DB, IEME TR XHFHNFIC L >THEL ]
BRI TV 5.

AFETIE, FA—NBDOXEPERD RS S 5ETHER
INTVEIHHEE LI AZ L LT, SiEry b7 —
7 ORGENRBO 2R 2 FE L7z, BRI, &5
TEPNIHHBEN SEARUBASX Y b7 — 2 24F
U, 77 AXGREC[4], FITHAEERE (4], AX2 b
VI 5 7 5] ZHWS Z T, XENBDR—ER
Gy MU — 7 OREENREOERIZE 2 B0 R
HELZOTHET 5.

2 FERT—%

AT, HFdGRe UTHifBEEOREE [6-11] O
WERZMHEHE LU=, BARMIZIE, w22 L3EEE (B
T, ¥ZAME), ¥V LBmEEHE (BT, vvafx),
NHIZEBEESR (BT, VHE), INICLIEEE
(AR, 3N Z) 02 4TBETH . b, SESTHED
NEONFIIRLD I LITERT S, &7, g
U, HI- REEIRICA S NDAEE, Mol XG5, MEE,
{LEE, &5E, AASHRICHOBSI WD HAGE, SHiGERIC
DESINDIREE, S - WEGEER I T s hEREZ
EELAY A
3 EExv NI—VERAE

E9, WREREMNTIZ L L HFEORE (JEREHE) 12
MRL, TOMEERD L. LREEMNTY - e LT
HAGEIX mecab [12] %, ) SFEIL tree-tagger [13] &
AL, 2, HEORME ZOHFAOMEZ 1 20D
JHme L, XEPTHET 258K THIZ LT, &
AU MR X Y b — 2 ZMER L. 2O, HEEOHE
#, HEEROOLN Y OEEIIRADT, Wi, Pt
M, BEERWEZ. 2B, 1 DOXED S IEHEEL Ry
FT— IR ONTGER, BRKES ST 7RV,
4 =B

ARTI, A—DESEENPSBONZIY NT =20
&R BB EErofFoN/ry b7 —2D
SRR T 5 2 & T, XENEOHR ML v
N7 — 2 ORSERRBICS 2 2 E2AET 5. £7,
FEEEHEP S/ ON XY N7 — 7 OENR#E, 2
5 A RARE(C) [4] & FITES IR (L) [4] 2T
HHU”. 20O, TOXy b7 —2% 5V X3 A4 XL
Tty NI =0 DY T ARG (Cr) & Y TE R P
(Lr) ZHWT C & L OfEZERLLU [14]. RIZ, %
b7 — 7 ORENREORELMEE, AT MVT T TR
B 5] #HOWCHE L., TOB, AXRZ ML T TH

2020/9/156 ~ 18 A T4

(EH - BR/NOLTAR BRI X E)

A T
Yutaka SHIMADA

At
Tohru IKEGUCHI
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(a) Or-opt (b) CROSS-exchange

1 EEEEE

4 BUEEER - #HR

R— MDY 100 EFrORMEZE 3 DFERL L, MEREFEMiZ1TS.
BARAEEHIE -5 ~ 45 A& L, RAEBRAR 10 BDEIY
H 5 BOPMEEET S, EINEIX 30[km/h] THEIL, 1657
D ORI 2 4, HIBRKEREIZ 180 2§75, X 7 —HAfM
X 50, £ &L — 30 1,000, EAMRBDNT A —X{HIZ
a(0)=1, B(0)=1, A=1.07, p=0.30 & L7

#& 1 12 mBSSRR-S % fif# & 13 5 #1172 mBSSRP D % /R
K1 &Y, EEMEERBLULZZET, ME1L 2 TEbT
T VEREDYSE B AV R IR IX 50% A LIRS 5 Z e AT E .
M 3 IZ DV TIFFHRREZHIR L 23S, RWEREZ2E5
ZENTEE.

# 1 mBSSRP-S % fi# 21§ 5 72 mBSSRP OfEHE

(a) BCOEMHEMEZ W HE

No. T R BB GHERE [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) EfEfREEREL 54

No. RBZ] R BB FHERR [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 F&o

ARWRETIE, REMEOVREEZMR L2 E F, FIHEKHZ
KMET 272 I BEBBEE O\ 2 DO FEFRICK - 7 Rk
EREL, TOMREEZHEL . BUEEBROMEE, ASOM
REEGen S, FHERREZ 0% EHIIET 2 Z LIzl L 7=,
7B, AW JSPS B (No. JP19K04907, 15KT0112,
17K00348) DRI % 51 Tirh iz,

SE R
[1] #EWRES, 2017 F BV EWIEEY 2 NOLTA V¥ A =75+
K&, A-16, 2017.
[2] BB S, /5585, 119(19), 65-70, 2019.
[3] BHEWLREE S, F%83#), 119(381), 13-18, 2020.
[4] H. Tsushima et al., submitted, 2020.
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BiEHEEMEICH T 25t EREZENRE T 2 2O DIRFE
LR
BRI R L 14 MO gE =

1 IELoic

NA 22T )TV AT A (BSS) TH U % HIEZHD
BAREBR R T 272012, HHO G T H R E %
W7z i EACERE (mBSSRP) 2 2E L T35 [1].
U5 U, mBSSRP (ZHfIGMAD0 U\ 72, FREME
T OREBN R U CEITIREMEE RS Z e R TER
WD B 572, Z ORIEZ RS 5728, mBSSRP ®
—HOKMEE Y BRE, ZhoDfiliicadsEKES
HAMEDRF )T 1 & LT mBSSRP @ HKBIHUZ I
Z 72V 7 Ns#lfAE mBSSRP (mBSSRP-S) & 424 L
7z [2]. mBSSRP-S Ti¥ mBSSRP OEIFAAREfEANS
BB LURLSENEN 0 L7425 mBSSRP DFIZER T
52 xHET. BUEEBROFEE, mBSSRP-S %\
T mBSSRP D47 f REfi# % 15 5 #iHE X mBSSRP % fi#
WGBS LD BEN-EESNDH, FHERFEIZEE M
T2 [3]. RFERTIE, MEREEHMEREL LD SEIREHZ
B3 B IR DWW TIRE T 5.

2 #BERoOBHmELOINEZBAVW-BiEEBEERE

mBSSRP ¥ mBSSRP-S Ti&, 1 DD F R & HIZHEM
i RARELTWS 2 EOR—- IR nfl5 250 5.
mBSSRP @ HiWIL, EEHIFDH 5 EE ORI E A HE
WHR—-MITHEREZEINL, RER— bR Ts e
&, 1) REAIHIRY, 2) BOAARIKY, 3) MiFARIY 229
J& [ % oD v ¢ B N EE DTS BIREFE] AN B & 7 5 3K e i %
RKDBZELTHB.

—J5, mBSSRP-S 3 FEldD 3 DDflfyZEL 0 frE, Z
NS OHFNKT 538 K &% HNERIZINZ 7-f#ETH
%. mBSSRP-S @ HIBEEUIX, T(t) + a(t) x E(t) +
B(t) x P(t) TH5B. T(t) ikt 1 XL —3»HDEIYL
HOMBBEEMTH D, ik mBSSRP ® HWEET
H5. El)IZt1 2L —y 3y HOXKMEBIZS W TEIL
BRI 2 2 TIEE%21T - 72K, P@) 1%, t A
Al —yayHIZEI - fiRTE R, - BIEHAHZE
RY. alt) 2 BEt) Ikt MR L —ya vy HOEMEKT
H5.

3 EEREZEET 3O ORRHKEE

mBSSRP O BAFAABRE B 7=, X T —H—
FEAVWEZFEERELTWVWS 4. ZOMETIER
T =Y —F TIROE~ESL T 5 7= D fEfE % Or-opt
& CROSS-exchange THEM L TW5. Or-opt &if, &
2 KA EE DI NES] 2 A DK B FE AT 5 #ETH
5. 1 DDOF AT U NES %2 EIH, £ 721330
WUTH AT S 238D %% 5. CROSS-exchange 1%, &
2 X [E & DER A NEF & A D KK [FI K D ER 3 NEF % 53 Hs 5
BETHS. CROSS-exchange H Hi4NEH % [ENH & i iE
TRBTE D70 1 DO U 4 8 D DEHE
19 5.

REMRETEITSINDA - REHEEIEDEG % TRz

FER, ENHOE2NES % A3 5 Or-opt 234 66%, IE
IED ER 43 NIES] % 23 #1395 CROSS-exchange A5 20% 5
fTENTHY, WHNEFZWNEZ UTHA - T 58
FEIZIZFE A EfTbn T Wi o7-. £72, mBSSRP-S %
RN & E DIRBER DT 2FET 5 L, 1 mBSSRP
DFEATIREMR 2 PRER T 5 & ifse U CRIT I REMR 2 BRER T
52 bHbhrol. TS 2 DDMHAED S, mBSSRP-S
ZR B, FEATREMR %15 201 & FATAREME 2 57/-& T
BRRMIR 2 222 2 B D 5. RITAREE 2 1S HRTE T
DK E LT, RTORMEMEZHERL 725G L &b ER
BEDOEWERDNES % ENETHA - KT 25512 D AR
E LB EDHRERZITS.

4 FEER - BER

A— MEAH 100 HFRFOREZ 10 EER L, VEREFHT %
79. BARBEIE -5 ~+5H& L, RAEHBMAR 10
BORIE 5 AAMEEEIT S, BUHEIE 30(km/h] T
L, 1HH70 OEXERRIE 25, HIRKRIX 180 4
E95. 27X 50, 1 XL —>ai%1,000, &
AR D 8T A= 2 fHIZ a(0) =1, B(0) =1, A= 1.07,
uw=0.30%U7.

% 112 mBSSRR-S % 8\ THJH T mBSSRP D 4T
AREfED S SN E DA XL —Y a3y, FHERM, 50
EOWIARE? 576 N/ ET RO ERT. K1 &
D, RTOEEMRERERL 58 TR 2 RE L 725
BIZHARD CHAERMIZLE->TLEDD, £ETORITT
EITAREMRE R ONTWAZ E, Fnr &L —>a v T
BoENTWBEZ o, FEITAEEMEZHERT LRTOH
RHIR L LT, & TOREREERT I LVERT
H5.

% 1 mBSSRP-S % fi# %1357z mBSSRP DfEHE

ECOLGERZ| LRz
BRLU=5E |RELHE
AL —vay 219.63 263.77
SRR [s] 103.13 55.89
135 N7z LT A REMR DI 50 45
5 F&&

A ETIE, mBSSRP-S 2 fi# < Bz, VEREZMERr L
RIS, FHEIEHE % R D 72 9\ FE T AT RER & 19 5 Al
& FATTIREME &2 19 7 R CHRSRMIG 2 AT T B TR 2 1R
U7z, FEATHREMR 219 5 B D ERFRIIG & L Tl T ol
ERERRT 2 Z VAR TH L. 511, FATTREMRE
R BOBRBEIEIZOWTEZDBEDD .

SE R

(1] HEPLES, 2017 4 BTHEIBE¥2 NOLTA V¥4 T7 1
K42, A-16, 2017.

[2] BEWE S, F5E0R, 119(19), 65-70, 2019.
[3] BB S, 5585, 119(381), 13-18, 2020.
[4] H. Tsushima et al., submitted, 2020.
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Oy hBEZELELSIEDILICLD

RIE M 7 7rz & MR TR R B R 51 OO 14 i A
A
FURHELRLR S (B 2 4 RS

1 ELC&®IC

HHER AR IR D —DI2 )V AL v AT By b (RP) [1]
M b, RP IZERFIT— X OB E 2 RotD H REHT
EHUEDTHS. RPICIEEGFOREHEOE S (BT,
RP BELIER) 2EDBNTA—XONH5. Fx~lLRPE
EEHELIZKEL L ED RP D22 ERBWIZHANS Z
LT, BRI ORMERZ A 2 FERIBE L [2-4]. Z
NoHDOFETIE, £9, RP PZOIKETFE [5] LT, RP
EEORL D EHOEGEERT 5. RIZ, ThoizxLT
ﬁ%i%k%ﬁﬁmAH@® DTH5 DET &, EilhEx
R 25 LT RP 0Z{bx E®({bs 5. ik [2-4] Tl RP
FEZEASEE I TESNS DET ¥ R OB S,
FERS T — X DRFEERZ SNDB ZEARINTWVWS

LA URPSZINSDRITHEICEWT, WERKX A F
IV ALRERGRN ) A ADRMAET BT VXL S1EREHNRE L
BT TN T VAR, ZZTARTIE, RERIHT A AL
MRz ) A X e GO RRTIOEEEZIEZ 5 2 2HRE
5. BARNZIX, IREREXAFIZATHEIO VAT 1Y 7 E
B [7] THERGRI ) A AWRELZ /A YR VAT 1y IV E
%Bﬂﬁ%%%hé%%ﬂ%ﬁ%u,%%%E@ﬁ%%%%
HI 5.

2 REFE

AR TR E TERRINT—XIZWINs 1 IRTDHA
BUHITERZ L 2INET . TD72 RP OIERIZ BB IR
REZE[ &2 B T 5 Tk e U CRBEMERAN DDA AT
%mmé[m1u AFTI, FEREER L TR S N RIBZER A
5, 2 sEEEERE®RE H 212 RP 216K % [1). %7z, 2D
DOBERZ ML DZEDI—2 D R J)VA K 0 [FE 52 aa
{35 IDRP ZfE L, RP & IDRP ZH\W\T, EfEH»DM
FHrOBFR%E AT 5 IDNP 2{EHKT % [5)].

RP HE X, HHEREBEEANOERED 2 SEIZDWTD
% (RP THIUF 2 M, IDRP THhNIFHBE R ML
DEDI—2 Vv R/ IVL) ORAMED S FAMEE TOMEIZ,
0§9§1®%A%Hifﬁfié DET %, 43k i
FORE, DT 45° ORIDOMREFER T 2 REZEORE L L
t,RPLKﬁM%%@ﬁ@%Aéii R R, 2F
IZ RP o7 ay MY, £FI1Z IDNP ofa7ay Me L7z,
IDNP @ [RJ5 ARS8 RP DS BUIN 584 %
*7. DEFtRiV?M%ﬁﬁW#&E RTH B L IEIX
B eEZLND.

3 WHREERT

ARTHRETETVRLNERTHD /A V—AVATAY
75 8,9] 2R (1) ITRT.

Tiy1 = a:L‘t(l — LL‘z) + U(mtfl)at (1)

72720, o \ZEEEEGZ) ¢ D & & DIREE, o XD T A —
&, 1% (=0.5, 0.5) D—KEDTIZHE D MREKTH Y, o(x)
it o(xi—1) = 0.5min(z¢, 1 — 2¢) LEHRINS.
4 PUERER
RP*W%k%<btt%@lﬁTa R
WIS, MERN AR BB IZX A S
/4X%Aﬁﬁ$ﬂ®%%%%z%m5# f
L. BERIZIZ, OV AT4v I BEHKHIZHE WV
2, 4, 8, 16, 32, 64, 128 AMILE, I A AIGEIZIRBNT
A — Xl a =3, 3.45, 3.55, 3.565, 3.569, 3.5698, 3.5699, 4
W, SRRFIEIZEEREE UT 500 SEWZHD
1
1

H D
71 )V
i

#
<
<

ﬁ*‘ SUEN)
i

1,000 & U, BEHBCREEMOUTIE 3, BNREIEZ 1 &
U7z, FAMMEEZEH T 20 BRREN 2 MV,

Ty THROEETORZ MLE LK

OVAT A4y 2F{E ) A= VAT 4y ZBHIZDONT
#a 5 A, MHMEEEEY — R2LFE LT 100 KOHERF
EXGUZ, REFEZEAL THE SN BEOHERMEN 2 X 1
IZRY. M T RP B E 2 ED B /87 A —X 0, #Hitlh
T B E R

1 =
0.75 jp—e—o— +j§‘ ;{ﬂ/§§

pEpY
05 -+
025 A2

-
0 é—"‘%ﬁﬁ/x

DET(6)
=
4
QY
NN
DET(6)

= ~ A=
075@»4-*’7:3’“7‘7(* 075~»+4—*1*ﬁz/"
os fpt T AT °5f’*ﬁ4"‘/4¢/’/

Uase ] leset

0
2=3.565 2=3.5699 —— a=3 ——  a=3.565
a=4 —— a=3. a3,

DET(6)
R(6)

(C) DETIDNP

K1 12077 A=X q 26 UT, REFEEWLMEE GBS — N2

100 [FEA U 7= A5 5. %’f?ﬂtiD/XTf/ﬁ g, WS A T — D/lT{/?
GIRDINE BRI R & bka%@%?ﬁﬁfxﬁb Ty MEEHEE, T — =%
BMERRAE 2R T, &M, BME 0 22(LIETHEKLZ (a) RP, (b) IDRP,
(c) IDNP ® DET &, (d) 4iLhE® R OHEBMEEZ RS,

K 1LIZRUZWTNOEEIZEWTE, a =4 DAVAT 1Y
D 'BARD I 7 ANEETN T BB (FRVERR) &, Zofi
DOEMIEE L2 a TD /A V=B I AT v 7 EHRDIFEIC
W9 B HERB M (RPN DIER) 132 5. E>T, A XS
B EMARIZ XA F IV ) A R GUIEDHBIHAEE L 42
5 R E NI
5 &

AFETIX RP BE2E/LIE L Z L THOLNDEBEDOHR
firr S, HA AR & BRI X1 F I ANV ) A X% ET
FERF DRFMERMH S BETH 2032 PE L 7. KL S, BE
NS WHIPH T ORFEEDEIX, FERAIDH A A SETHIIE
mLl, A Z A FI AN A X ELRETHNIREL 2
5V ZIREIG U TBE D EEN RSN, — /5T, RP
TR R D RP BETH 2 0.1 [HEPRE W

HETIX, ZNSDORSIFIRDINR W=D, RP EE 22X

BDZLIZEoTHONDHERMA 2 RRTIORMEE T2 &

DA R I N7

BE Sk

[1] J.-P. Eckmann et al., Europhys. Lett., Vol. 4, pp. 937-977,
1987.

[2] /NI 4EAT fth, BFEEOEEEEA 2019 FERA A LHEGHCE, N-1-33,
2019.

[3] @ EA A, EEBIERE TS BAFHERE, Vol. 119, No. 19,

NLP2019-5, pp. 23-28, 2019 4 5 A

[4] S. Kanamaru et al., Proceedings of the 2019 Interna-
tional Symposium on Nonlinear Theory and its Applications
(NOLTA2019), pp. 536-539, 2019.
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W NFERERICE D WY — I M RBREORRMERH
V2 FEL 1
FUTERIAR 5 2 48 MRS E

1 EL&IC

HIEPMRIESE), REEENLSOERE T — & & LTI
b, Br3BRz, —E0Y v 7 v rEkECERX
N7ZHERF] T — X B O K EME % #H AT EE 2L Convergent
Cross Mapping (CCM) [1] Z#55ES 5 Z & T, st
DEILE TN 51550 5 F K EFERER SN A U TR R
MM T 5 FiE (ISICCM i) 2#2F L, fUBfET—
2T U TCHERBERNERENTREL 0D Z L 2R L
72 (2, 3]. —/, ¥— 7RI L TH ISICCM
WEE REDERIATTHILHEETHS. TITAR
FEKTIE, BHEETADPSER L Y — 7 RET—
2423t LT ISICCM 342 & b IRV ATRETH 5
PEHRELZOTHRET 3.
2 BFEET—YERAE

AFERTIE, ~— 7 FERER O R R I 1S-
ICCM ik [2, 3] 243k L 72 FiE%E W 5. ISICCM &
W KRG (IST) ReRFH SRABZER 2 FIRE L, FEK
Rz & B IS 2 H S Z & T IST RS 2 Tl 5
HETH L. AFRTHE, KRB 2 BHHEKT 58,
Ry MR (IED) KR8 E < — 27 RERFID 2 IRITHRERS
225 10 RTTDIREZEN ] & PR U, ISICCM ik & [ABkD
FIET IEL KRS & ~ — 27 R4 %2 Z 2 Az Tl
U7z, T O, #@JERRE L LT 100,000 sSXZ2RA L, K
RHNEIX 500 525 500 ZA T 10,000 £ TS, £
7z, ~— 2 {ffHEFEIE, gap junction % £ S Izhikevich

Za—aYEFI: 0 = 0.04v;2 + bu; + 140 —w; + I, +
N

Z 'LUZ'J‘('U]'—’UZ‘), ’U,Z = ai(bivi—ui) [4, 5] 7‘336/%]“5)%7’—:
i#j,j=1
AR DR S DR AAE A B S % = & TR L7 [6].
ZZT, v > 30D ZF, V; 4 Ci, U — U+ d; iz ey
MENB. 72720, SEIEN =2& U7z, £77, NT A—
ﬂti, a; = 003, bz = 03, C; = —55, dz = 2, I»L =10
e b, ﬁﬁm%é@i%éti W12 = W21 = 0.05 & L/, ):lL
ﬁ@%/ﬁ\@iﬁ%/ﬁ\ai W12 = 0, Wa21 = 0.05 t L/f:
3 HE=XRR

IEL IfR%1 & < — 7 KR 51070 5 A2 U 72 10 IROGFRRERK
REZEMZ FAWT, IEIRRY &~ — 7R %2 FHIL
AR AR 1ITRT. K10 (a) Xl AAFEEOHE, K
10 (b) RS AR A DA DHETH S, Killid T
ZCHWT — &K, Mtd ke (FHBEGRK) 2K7.
%7z, prer(neuron i | neuron j) lF=a—HB1 Y j DY —
IR VT =2 —1 v i O — 27 ] FUEFE O TEI
EPRUZAERERL, pmark(neuron ¢ | neuron j) i
—a—Br oY —IsfMM#EEEHWT=a—0r i D
T RERO Y — 7 EE FRIL K RERT.

10D (a) 2RZ L, —a—mY10OY—27 A0
ZHWT, —a—nY20v—2MAGEFO IET 2 P

pigi(neuron 11 neuron 2) —— pigi(neuron 2 | neuron 1) —s—
Pmandneuron 11 neuron 2) —x— Pmarcneuron 2 | neuron 1

Prediction accuracy of
|EI/ Mark time series
oo oo oo o
@ s o N o

o
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Data length used for prediction

(a) WIAFFIRES

=]
piei(neuron 11 neuron 2) —— pizi(neuron 2 | neuron 1) —x—
Pmar(neuron 11 neuron 2) —s— Pmardneuron 2 | neuron

oo o900 0o
SR2&88888

Prediction accuracy of
|EI/ Mark time series

o

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Data length used for prediction

(b) ¥ — 7RI % FHL =8
1 FHEHNZHWEZT =X E L HER U 72 ISICCM #EIZ &
5 TG E OB

LB E%2BWT, FHICHWS F— X E2BMEE5
ETHIKEREIZ ERE L, 0.5 205 0.7 FEEE O B E W E
IR LTWA. K20 (b) 2R5L, —a—1> 20
=M EEErS Za—a Y 1 DY — I AEEREE T
BUIGE, T—XEOBEIMIENFHEE X 0.8 DAE
DEWMEIZINRLTWS., ZOfEIE, —a—arv 1k
52—y 2ADRREEZELLRETETVWEZ L
BERET S, £/, —a—nr10Ov—7EER»S
—a—nr 20— MEEE FHIL B, Ak
THNEFHHEE X AT TN WEICINEHE T 513977
2, 0575 0.6 BEDMHEIZEFRLTWS., ORI,
F—DNSA—REFHLTWSZHIZ, 1RO
PUTVWBEZEWFERLZEEZLSNS.
4 F&0

ARFERTIE, BRICTERA DREL 72 T — X HDK
R FE ISICCM ) [2, 3] & ¥ — 7 sz
AR L, @A UZAERZ2ME Lz, BERMIZI, TEL R
R < — T HERFID 2 IRFTIRERE H & IRABZE [ % Pk
B U 7= sSSEERER > TH B, T OFER, ~— 7 mEiE
FT—=Z Iz U TCTHHEER L 72 ISICCM i ERITH 5 1
BEEA RIB I N2 hS, NERFEIEIT W B IHEEIT,
NEMZPMHUTUESEERH D Z D bh o 7z,
SRk, Yur—bhr7r—& 7 2EHLT, FHKED
EREBLOCIEAREMIZLDEDTH L HOMEEIT
SMBEMNH B, 2, IRNVIRAIVIDELERT
5Z&T, KOEHELRFHSREERTHILHEET
hdrEZONS.

Bk

[1] G. Sugihara et al., Science, 338, 6106, 496-500, 2012.
(2] EEH AR ftl, 5% K, N-1-12, 2019.
| EEH FIAR i, (58K, N-1-9, 2020.
[4] E. M. Izhikevich, IEEE TNN, 14, 6, 1569-1572, 2003.
| IR B8 fih, 555 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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< — B IC T B Visibility Graph O&MEORET
EAHE
SOREIRL K% ML 2 4 WIS

1 ikLoic

Bxld, BfhF—x&2~v—ofm@ET -2 LT
BT, 2 NT—=D BT B LT, HfEry b T —
7 HER DB O BN 21T o TE 72 [1][2]. ZDEE,
Visibility Graph [3] (BAF, VG &) &IEIEH 5 KR 5
T—RE3Y N)— 7 AT 2FEEFHALE. Ue
L, VGERNRIIT—X2 &3y N7 —2IEHBT 5T
ETHB0, v—INRBRICEMAT S & &, fEEL
724w N =2 DD~ — 7 (RO R R Kk T &
TWRWATREMEDR I N T WS, 22T, AWFETIEH
ZRAIERELHE M HRERD SER U 72~ — 7 (F fuEfg iz
HUTVGHEEZERAL, 2y N7 —2%2EKT 5. IRIZ,
oy h7— o MR 4] 2 AWTER LRy hT—2
M ORENR OB A2 T T 5 Z 2T, v — 27 ffm#
RIS 2 VG OB 2 HE L MR 2 HET 5.
2 7%

AWFETIE, ¥ — 7 (N RGERREAERRT 5720, FEfA
HMH AR THEo—L oY B B L LAT—F
6| REHWz. VT 7y ZEEAWVTE AR S
BFoNERRYT =2 LT, BAMEZHEL, v—
IR — R 2 ER U, a—L oY HRERDS
A—R%o=10, b=3/8, r =28 IZPEL, LAT—
FRADNRITA =K% a=02,b=0.2,¢c=57 ITHE
U7-.

3 EERFIE

9, B—LUVHARERLSE S NIRRT EHWT
T — N OB AT 5. RIT, Bohiiy — 7S
EREE M 1(a) 1IORT £ D ICEBORHRARIZSEIL, v —
7 FOBTE wy, we, ..., wy BIEKT . TOEE, £T
DY — I FHRRED A XY M 200 A EAFET 5 &
S BDIRZZRET S, T, ~— 27 5B w,,
Wa, ..., wy (ZHUTVGIEZEHL, M1(b)D&DIZ
2Y NT—2 Gy, G, ..., G, ZIERT 5. BBIZ, 2
rNT—2 Gy o ry h7—2 Ga, Gs..., G, D2
N7 — 27 BEEEE d(G1, G), d(G1,Gs), ..., d(G1,Gh)
2EUT S, b, AUNFEREREEMS HERT
HHO—L UV HRRAN S/ SN — 7 B w,,
Wy weey Wy 0)%5\%75)@@{’5"57‘:&), Z\“Y A Gl,
Gy ...y G, ODREEEHELLL, d(Gy,Gs), d(Gy,G3), ...,
d(Gy,Gp) DIEWNE W EEZ SND, 2, Zv b7 —
7 [EFEBE DM T NI WD & TR T 2720, Bkd
NERTHB VAT —HREALSFEUFETERD 3 v
FT— 2 &EK L, a—L YRR VAT — R
MOER L 7Z& 32y N7 =2 D31y b7 — iR % L
BeBHZeT, 2y NY—JMEHOMEVIEZETHBZ
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WX EE A Method for Extracting Nonlinear Time Series Property
by Changing Threshold of Recurrence Plot
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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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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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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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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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BrmE 2 38 A U 72 BAYE R £ 7L % B 72 G KA 3R D 78 & 1Y A
B Aok (O i 4% , Nina Sviridova 312X)

1 EL®IC

2020 4, Fflaw F 7 A )L ZEGYE (COVID-19) 25 HFRNCIRIT L, BIE b BYHER AW
TW5%. COVID-19 1FE&R) 258 <, BHERO LR VWERENZ IEET S, Zhuckbd, K
Bk ERER R R L, RN KRITARE L EZ 5 TWw5 [1]. COVID-19 %2
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The Technical Program Committee of the 2021 RISP International
Workshop on Nonlinear Circuits, Communications
and Signal Processing
presents

NCSP’21 Student Paper Award

to

Shiki Kanamaru
Tokyo University of Science

“Discrimination of Deterministic Chaos and Noisy Periodicity
by the Recurrence Plot with Variable Threshold”
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