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Abstract

Spontaneous blinking is one of the most frequent human behaviours. While attentionally
guided blinking may benefit human survival, the function of spontaneous frequent blinking in
cognitive processes is poorly understood. To model human spontaneous blinking, we pro-
posed a leaky integrate-and-fire model with a variable threshold which is assumed to repre-
sent physiological fluctuations during cognitive tasks. The proposed model is capable of
reproducing bimodal, normal, and widespread peak-less distributions of inter-blink intervals
as well as the more common popular positively skewed distributions. For bimodal distribu-
tions, the temporal positions of the two peaks depend on the baseline and the amplitude

of the fluctuating threshold function. Parameters that reproduce experimentally derived
bimodal distributions suggest that relatively slow oscillations (0.11-0.25 Hz) govern blink
elicitations. The results also suggest that changes in blink rates would reflect fluctuations of
threshold regulated by human internal states.

Introduction

Spontaneous blinking is the most frequent eye-closing behaviour in daily life [1]. Humans
spontaneously blink 20-30 times per minute [2]. This is approximately 5-10 times as many as
the necessary frequency to maintain the humidity of eye surfaces [3].

In recent years, it has been hypothesized that such frequent blinking could play an impor-
tant role in adaptive human behaviours [4], [5]. Participants in a laboratory experiment tended
to blink immediately after the emergence of intermittently presented visual stimuli [6] indicat-
ing that people reliably receive visual information avoiding oversight errors. Similarly,
researchers have reported that viewers were likely to blink at implicit breaks in expert storytell-
ing performances [7]. These findings suggest that people know when to blink through interac-
tion with external inputs. As a result, temporal shifts of attention are guided by professional
performances, with an emerging synchronizations of blinking. Neurological research further

PLOS ONE | https://doi.org/10.1371/journal.pone.0206528 October 30, 2018
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showed that spontaneous blinks contribute to disengaging attention from audio-visual stimuli
[8]. Owing to this function, people would be able to allocate attention to new targets immedi-

ately after blinking. Thus blinking could be a means for humans to efficiently gather informa-
tion from the huge amount of surrounding audio-visual stimuli.

Although numerous experimental studies have been developed, little theoretical research
using mathematical models has been carried out. The one-dimensional stochastic diffusion
(OSD) model has been proposed as a mathematical model of spontaneous blinking [9]. This
model assumes a blink generator in which electrical potential varies depending on the external
inputs of corneal stimulation such as dryness, dust, or muscle fatigue. The electrical potential
varies as Brownian motion process, resulting in a blink when the potential reaches a threshold.
The potential exponentially decays to a constant value when the blink generator receives no
inputs. Thus, intervals between spontaneous blinks are formulated as a first-passage-time to a
constant threshold. According to [9], burst patterns in blinking can be explained by assuming
that the threshold was shifted lower when the participants were drowsy.

Human blinking rates, however, vary in a few tens of seconds while watching an audio-
visual stimulus [10]. A realistic model should account for this variation. In addition to such
temporal characteristics, changes in blinking rates often provide less common distributions of
inter-blink intervals (IBIs) in cognitive tasks [6], [11]. Thus, an adequate model should repro-
duce the diverse distributions of spontaneous blinking. The OSD model cannot reproduce dis-
tributions of IBIs because of its stochastic nature and constant threshold.

In this paper, we propose a leaky integrate-and-fire (LIF) model with a variable threshold
to represent the fluctuation of internal states of human blinks. First, we examine the reproduc-
ibility of the distributions of IBIs by the OSD model, however, the OSD cannot reproduce
experimental results. Then, we show that the proposed LIF model reproduces a variety of dis-
tributions such as the positively skewed, normal, peak-less, and bimodal distributions of IBIs.
Finally, we explore the parameters that reproduce the distributions of IBI reported in a classi-
cal experimental study.

Model of human spontaneous blinks
One-dimensional stochastic diffusion model

In this model, changes in the potential X of the blink generator are governed by the following
equation:
X(1)
ax(t) = <77+u>dt+¢dW(t), (1)
with an initial condition X(0) = X,,.

In Eq (1), W is a Wiener process that is characterized by spontaneous decay 3 (> 0), average
input 4 (—oo < p < 00), and a noise term of ¢ (> 0) for a random process. This stochastic dif-
ferential equation is formally equivalent to the Ornstein-Uhlenbeck process. The interval
between one blink and the next (IBI) can be expressed as a first-passage-time density function,
which is defined by the time duration between the initial potential X, and the time to pass the
threshold potential.

The OSD model is based on the Ornstein-Uhlenbeck process and therefore the potential X
obeys the mean reversion law [9]. If we took P(w|a, t) as the probability that a stochastic vari-
able o is given when t = 0 whereby we gain w at time ¢, in this model, P(—oco| X, t) = 0. Accord-
ing to Hoshino [9], this mathematical assumption represents the physiological nature of a
blinking generator that reliably repeats to active blinking within a finite time period without
assuming a reflecting boundary.
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The results of numerical simulations demonstrated that the OSD model can reproduce the
positively skewed distribution of experimentally observed IBI [9]. However, this model does
not reproduce the other previously reported distributions of IBI (See, Fig B in S1 File).

Leaky integrate-and-fire model with a variable threshold

Although the primary physiological function of blinking is to prevent dryness of eye-surfaces,
cognitive functions of human blinks have also been reported [7], [12]. A human blinks in
accordance with semantic segmentations of audio-visual information. For example, people
tend to blink after looking at punctuation marks in reading tasks [12] and immediately after
listening to the punch line of jokes while viewing a storytelling performance [7]. Neurological
research indicated that spontaneous blinks contribute to disengaging attention from audio-
visual stimuli [8]. Cognitive load is integrated while audio-visual information is continuously
accumulated. When people blinks, however, the cognitive load is reset by attentional dis-
engagement where a part of audio-visual information is transmitted to the next processing
stage. These facts indicate that we can model the biophysical changes in an internal value of a
blink generator which is driven by cognitive load as well as by physiological inputs such as dry-
ness and fatigue of muscle.

As one of the possible models, we used a leaky integrate-and-fire model with a variable
threshold to represent such a blink-and-reset mechanism. The leaky integrate-and-fire models
have been used as models of changes in membrane potential of a single neuron [13]. Human
blinking is a macroscopic phenomenon that involves several brain areas. However, as far as we
could assume that integrate-and-reset mechanism as a plausible postulation, the leaky inte-
grate-and-fire model is suitable for human blinking as well.

As a possible mechanism for blinking intervals providing a variety of distributions, we
assumed that the changes in blink rates are regulated by internal states that could vary in
accordance with external stimuli. To construct the model, we assume a simply formulated situ-
ation where a background oscillation exists as a regulator of frequent human blinking. Such
oscillation would emerge spontaneously as a result of physiological rhythms in addition to the
rhythm induced by the external stimuli during an experimental task that requires visual atten-
tion. In this study, we consider a leaky integrate-and-fire model with a variable threshold [14].

The potential V of blinking generator is governed by

‘fj—‘::—cv+1+é, (2)
where c is a constant decay term and I is an external input with intensity b. The last term repre-
sents the Gaussian noise & ~ N(0, ¢°) derived from the random fluctuation of external stimuli.
The noise £ =0 when 0=0.

One way to extract a particular rhythmic process in a physiological system is to set a vari-
able threshold function [15]. Then, we introduced the following threshold function 6(t) deter-
mined by

2
0(t) :a+ksinlt, (3)
T

where a is the baseline constant, k is the amplitude coefficient, and 7 is the period. When V'
reaches the threshold, it immediately elicits a blink.

Fig 1(a) and 1(b) show the typical pattern when a = 1 and k = 0, i.e. 6(t) = 1. In a simple
case of a perfect integrator without decay and noise, i.e. ¢ = 0 and o' = 0, V demonstrates a
monotone increasing with accumulating non-negative external inputs I (Fig 1(a)). Even when

PLOS ONE | https://doi.org/10.1371/journal.pone.0206528 October 30, 2018 3/14
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Fig 1. Results by the LIF model with (a), (b) a constant and (c) a variable threshold. The V increases with integrating the binomial input I. The
parameter c is the decay term and the parameter ¢ is the standard deviation of noise &. The baseline of the threshold function a = 1. (a) There are no
decay and no noise, i.e., c = 0 and o = 0. (b) There is no noise, i.e., 0 = 0. (¢c) The threshold is time-varing with the amplitude k and the period 7 where the
decay and the noise exist.

https://doi.org/10.1371/journal.pone.0206528.g001

the threshold is constant, V, in the integrate-and-fire model, behaves in a complex way due to
the decay term ¢ and the noise o = 0, resulting in the creation of irregular IBIs (Fig 1(b)). The
parameter k determines the amplitude of the threshold function 6(t). Owing to the nonlinear-
ity of the varying threshold function 6(t), IBIs can show rather complex patterns even if the
external input I is constant. The model was deposited in BioModels Database [16] and
assigned the identifier MODEL1810190001.

Previous researches have revealed the effect in a modulation of the current in LIF models of
aneuron numerically and analytically [13], [17], [18]. A modulation of the current can be
mathematically transformed to the variations of threshold. Therefore, the LIF model with a
variable threshold would provide results that correspond to the previous research on a neuron.
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However, the LIF model would also be useful to understand statistical behavior of the human
blinkings if the LIF model fit the data from physiological experiments.

Numerical simulation and analysis
Parameters

To the best of the authors’ knowledge, no mathematical proof provides that first-passage-time
density functions of the Ornstein-Uhlenbeck process always exhibits positively skewed distri-
butions. Thus, the ODS model [9] may reproduce a variety of distributions when specific
parameters are set. Hence, we re-examined the distributions simulated by the OSD model. In
this replication, threshold potential was set to 1.0 and the parameters of the Ornstein-Uhlen-
beck process were set as shown in Table 1 to cover the typical ranges of decay f and input y
that elicit blinking at realistic intervals. In the numerical experiments, the parameters j, y, and
¢ are increased by the values denoted in the third column of Table 1.

In all simulations, the time step was set to dt = 0.001 s. The total time for observation was
50 min (= 3, 000 s) to gain enough occurrences of IBI to estimate the distribution of human
spontaneous blinking [3].

On the other hand, in the simulations of the proposed model, parameters were set as fol-
lows: the intensity of the external input I of which intervals obey a binomial distribution was
setto b = 1. To explore a relatively wide range of intensities for the inputs, a constant threshold
baseline a = 1 was set. When we assume the simple case with ¢ = 0 and ¢ = 0, it is necessary to
accumulate non-negative inputs 1, 000 times because b x dt = 0.001. Taking into account the
binomial distribution of 1, 2, 000 steps were needed on average to reach the threshold baseline.
In other words, the variable V reaches the threshold in an average of 2 s. For instance, in case
that k = 0.20, this corresponds to a maximum deviation 1/5 from the threshold baseline when
a = 1. In case that k = 0.0, however, the threshold is a constant 6(t) = a because

ksin@ =0. (4)
T

The period 7 corresponds to the frequency of the threshold function 6(t). For example, the fre-
quency of the threshold is 0.1 Hz for 7= 10 s and 10.0 Hz for 7 = 0.1 s. Fig 1(c) shows the typi-
cal pattern whena=1,k=1/10,and 7=5s5, i.e.

1 2
0(r) = 1—|—1—Osin?m. (5)

Evaluation of distribution

Based on observation of human blinking behaviours, Ponder and Kennedy [19] reported four
types of distributions of IBI. Although this study is classical, we focused on this study because
it had reported all of known distributions. Moreover, the distributions were obtained from suf-
ficient number of participants with using a certain procedure. Variations of distributions were
consistent with that obtained in the following experimental studies [2], [5]. Thus, Ponder &

Table 1. Parameters used in the OSD model.

range an increment
B [0.01, 10.0] 0.01
i [0.1, 10.0] 0.1
¢ (0.5, 1.0] 0.05

https://doi.org/10.1371/journal.pone.0206528.t001
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Kennedy’s [19] four types of distributions of IBI are very informative even in recent years.
According to [19], the results show that most common distribution was positively skewed
(62.0%, 31/50 people). The authors also observed peak-less distributions (22.0%, 11/50),
bimodal distributions (12.0%, 6/50), and normal distributions (4.0%, 2/50).

We evaluated the peaks of simulated distributions of IBIs using kernel estimation of proba-

bility density. The kernel density function f, (x) was estimated as

" 1
Jile) = =S K(w) (6)
=1
We used a Gaussian kernel function, which is described as
K(u) = —— 22 7)
V2n ’
where
X —x
= (8)

In this equation, x; was the ith observed value and / was the bandwidth, n was the total number
of x;. For kernel density estimations, we used the C++ library [20] in which the optimal band-
widths h were calculated as the integral over the square of the curvature using the trapezoidal
rule.

We then estimated the number of peaks in the simulated distributions by applying the
peak-finding algorithm [21]. In order to detect peak(s), this algorithm differentiates the esti-
mated probability density and finds the locations where the signs change from positive to neg-
ative. Each peak is determined relatively rather than absolutely because the probability density
could be high depending on the bandwidth. Therefore, a peak was defined as the point that ful-
fills the following two conditions that the peak point exceeds 0.1, and exceeds one quarter of
the difference between the maximum value and the minimum values. If any probability density
was incomputable due to low occurrence of blinking, the peak-finding algorithm was not
applied to those specific results.

We evaluated the kernel-estimated distribution in the range of 0-20 s, which is the usual
IBI range. We calculated the median of the results of the simulations for comparison with the
means of experimental data, because the shapes of the distributions were diverse. For unimo-
dal distributions, we used these median values to detect the skewness. If the time location of
the peak was lower than the centre of the estimated range, we regarded the distribution as the
positively skewed.

For bimodal distributions, we evaluated the time locations of two simulated peaks. We per-
mitted differences within +£0.025 s for each reported peak. For instance, if the time locations in
the experimental data were 0.5 s and 5.5 s, we assumed that these peaks were reproduced when
the first simulated peak was located between 0.475-0.525 s and the second simulated peak was
located between 5.475-5.525 s. The width of each histogram bin in Ref. [19] was 0.5 s, and
therefore the range was narrow enough to capture the simulated peaks.

Results

Distributions of IBI simulated by OSD model

Our simulations resulted in 901, 000 solutions for the OSD model. Then, 70.53%(635, 488/901,
000) of the solutions had a peak, while the remainder (29.46%) had no peak defined by the
peakfinder algorithm; bimodal and other multimodal distributions were not detected. One
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third (30.84%, 195, 985/635, 488) of distributions with a peak were positively skewed although
the time location of the peak depended on the parameters. Otherwise (69.15%, 439, 503/635,
488), the simulated distributions approximated normal distributions (See, Fig B in S1 File, for
detail). Regarding the distributions without peaks, the probability density was approximately
constant within the range of 0-20 s, which is chosen for the simulation. We considered that
these results demonstrated peak-less distributions at least in this range. Thus, the one-dimen-
sional stochastic diffusion model reproduced only positively skewed, normal and widespread
peak-less distributions of IBIs.

Proposed model

Parameters and behaviours of V and distributions of IBI. Contrary to the OSD model,
the leaky integrate-and-fire model with a variable threshold reproduced a variety of distribu-
tions depending on the parameters. By experimenting with the parameters, we thus could
reproduce the distributions of IBI of spontaneous human blinking.

When the parameters were fixed at a =1, 0 =0, and k = 0, the mean and median values
increased as ¢ became larger within the range of 0.0-0.3 (Fig 2(a)). The symmetric shape of the
distribution did not change. In the leaky integrate-and-fire model, the intervals of the external
input I obey a binomial distribution. Theoretically, the proposed model reproduces the normal
distribution of IBI with these specific parameters because a binomial distribution with suffi-
cient sample size approximates a normal distribution.

When the parameters were fixed at 0 = 0 and ¢ = 0 and then the amplitude k of the threshold
functions varied in the range of 0.0-0.3, the medians of the distributions were almost constant.
In this case, however, the tails of the distributions expanded and the shorter IBI showed rela-
tively higher probability density than the longer one (Fig 2(b)).

10.0
c=00 —— k=00 ——
c=0.1 —— k=01 ——
c=0.2 8.0 k=02
c=03 £ k=0.3
[
S
Q 60 r
<
S 40t
<
N
A
2.0
/ —\
| A 1 1 0 O j j I \ \ I 1
2, 3 4 5 | 2 3 4 5
Inter-blink Intervals [s] Inter-blink Intervals [s]
(@a=1,0=0,k=0 (bya=1,c=0,0=0,t=15

Fig 2. Results obtained by the LIF model with a variable threshold. Probability density functions change in accordance with decay term ¢ or amplitude
of threshold function k. (a) The symmetric shape of distributions are maintained even when the decay term ¢ becomes larger. (b) The tails of the
distributions expand when the amplitude k becomes larger.

https://doi.org/10.1371/journal.pone.0206528.9002
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Fig 3. Results by the LIF model with a variable threshold. The V increases with integrating the binomial input I. The parameter c is the decay term and
the parameter o is the standard deviation of noise . The baseline of the threshold function a = 1 and the threshold is time-varing with the amplitude k
and the period 7. (a) The period 7 is short and the prolonged IBI is observed only if the value V is not trapped by the threshold function which is convex
down. (b) When the threshold function is convex up with the large period 7, the prolonged IBI is frequently observed. (c) Due to the large decay term c,
the prolonged IBI is observed even when the period 7 is small.

https://doi.org/10.1371/journal.pone.0206528.9003

The proposed model was capable of reproducing bimodal distributions by setting the
amplitude k and the period 7 of threshold functions. As shown in Fig 3(a), when the thresh-
old function 0(t) is convex downward, the value V frequently reached the threshold. In this
case, the number of the peak was unity. When the threshold function 6(¢) fluctuated near the
baseline with a smaller amplitude and a longer period, prolonged IBIs occurred (Fig 3(b)).
Due to the effect of the decay term ¢, the value V remained just below the threshold. In this
case, the number of peaks was two. Therefore, if a larger decay term was chosen, we were
able to obtain both relatively longer IBIs and shorter IBIs even when the baseline was much
lower (Fig 3(c)).
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Table 2. Parameters used in experiments by the LIF model with a variable threshold.

range an increment
¢ [0, 1] 0.01
k [0, 0.9] 0.01
T [0.5, 10] 0.5

https://doi.org/10.1371/journal.pone.0206528.t002

We chose the parameters of the proposed model as shown in Table 2 to cover approxi-
mately widest ranges of ¢ and k. The third column in Table 2 shows increments for the param-
eters ¢, k, and 7 (See, S2 File for a sample of the results). The period 1 < 7 < 10 s was set to
correspond to the range 0.1-1.0 Hz. For the sake of simplicity, other parameters were fixed to
a=lando=0.

In the range of these parameters, we obtained 174,629 solutions for the proposed model.
The results of peak-detection showed that 4.68% (8, 170/174, 629) of distributions were peak-
less, 37.95% (66, 273/174, 629) were unimodal, 41.03% (71, 653/174, 629) were bimodal, and
1.38% (2, 411/174, 629) of those were trimodal. The remaining 14.96% (26, 122/174, 629) of
distributions were not computable due to their lower number of blinks.

The proposed model also produced trimodal distributions. Fig 4 demonstrates the number
of peaks depending on decay term ¢ and amplitude k when a = 1 and o = 0 (these parameters
are discussed in the next section).

Reproduction of Ponder and Kennedy’s [19] bimodal distributions of IBI. The pro-
posed model is capable of reproducing bimodal distributions of IBIs. In this reproduction, the
time bins that contain peaks were determined by the combination of baseline a and amplitude
k of the threshold function 6(t). The value V is most likely to reach the threshold when the
threshold function 6(¢) has a minimal value at

2nt
sin— = —1,
T
where

2
o(t) :a—i—ksinit:a—k.
T

Hence, the time location of the first peaks (the peak closest to 0) is determined by the values
a — k. If the decay term exists in the range of 0 < ¢ < 1, the first peak is located around 0.5 s

T T T T T T
3 3
= 5 0.6 =
2 2
B | i L i
I 1 w 04 1
L :- i 0 02 & el 0
= NA e . = NA
0 0.1 0.2 0.3 0.4 0.5 i 0 0.1 0.2 0.3 0.4 0.5
c c
(@a=1,1t=7.5,6=0 b)a=1,t=15,6=0

Fig 4. The number of peaks of the distributions of IBI in case that ¢ and k are changed. The color bars show the number of peaks. (a) Trimodal distributions are
observed as red clusters surrounded by the areas of bimodal distributions. (b) For the larger period 7, trimodal distributions are not observed.

https://doi.org/10.1371/journal.pone.0206528.9004
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Table 3. Peaks and means reported in Ref. [19] and the parameter ranges to reproduce these peaks.

Reported in Ref. [19] Parameters of the proposed model

Case First peak Second peak Mean a-k T Freq.[Hz] Median
1 0.5 3.5 2.05 0.14-0.19 4.0-7.0 0.14-0.25 2.42-2.73
2 0.5 5.0 3.31 0.14-0.16 6.0-8.5 0.12-0.16 3.45-3.86
3 0.5 5.0 3.64 0.14-0.16 6.0-8.5 0.11-0.16 3.45-3.86
4 0.5 6.5 4.12 0.15-0.16 8.0-8.5 0.11-0.13 4.65-4.91
5 1.0 5.5 3.95 0.30-0.35 6.5-9.0 0.11-0.15 3.95-4.65
6 0.5 7.0 4.45 0.15 9.0 0.11 5.03

For case 6, one combination of parameters existed.

https://doi.org/10.1371/journal.pone.0206528.1003

when a — k ~ 0.15. If the value V is not trapped by the threshold function, it increases with
non-negative inputs. Then, the value V certainly hits the threshold function which is convex
downward. Therefore, the intervals between the time location of the first peak and that of the
second peak are always smaller than the period 7 of the threshold function. Consequently, the
time location of the second peak depends on the period .

Assuming that the threshold function determines time locations of peaks, we can reproduce
two peaks where we intend to allocate. Table 3 demonstrates the time locations of peaks and
the means in the bimodal distributions in the experimental study [19].

The parameters shown in Table 3 demonstrate the minimum value a — k and the period 7
that reproduce bimodal distributions. As shown in Table 3, 0.14 < a — k < 0.35 and the period
was 4.0 < 7 < 9.0 s. These periods correspond to 0.11-0.25 Hz.

Furthermore, the proposed model also produces trimodal distributions if particular param-
eters are given. For instance, we obtain trimodal distributions when ¢ = 0.05, a = 1, and
k=0.6,1i.e.,a—k=0.4 under the condition that the period 7 = 7.5. The combinations of
parameters that reproduce trimodal distributions were distributed as clusters (red regions in
Fig 4(a)). The trimodal distributions were also obtained when we expanded the ranges of
parametersto 0 < ¢ < 1land 0 <k < 0.9 (See, Fig Cin S1 File). The trimodal distributions
could exist in areas surrounded by the bimodal distributions (Figs C (b) and C (c) in S1 File).
To reproduce the empirical bimodal distributions reported by Ponder and Kennedy [19], the
parameter range of 7 was estimated as 4.0-9.0. Within this range, we obtain the trimodal distri-
butions as well (Figs C (b) and C (¢) in S1 File).

Discussion
Distributions of spontaneous human blinking

Although the OSD model [9] reproduced the positively skewed, normal, and peak-less distri-
butions of spontaneous human blinking, the model did not reproduce bimodal distributions
within the range of typical parameters. In contrast, the proposed model reproduced all four
distributions including the bimodal one.

Contrary to the previous experimental study [19], the positively skewed distribution was
not the most common among the numerical results of the proposed model: 66, 273 cases
(37.95%) followed a unimodal distributions and only 22, 142 (12.6%) cases were positively
skewed. The normal distributions were also achieved by the binomial nature of inputs, albeit
only in the simplest cases with noiseless inputs and thresholds with a constant value, i.e. 0 =0
and k = 0. In most simulations, however, o = 0 and k > 0. These results suggest that a noisy sys-
tem reproduces the positively skewed distributions if the threshold varies periodically. One
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possibility is that positively skewed distributions are common in previous studies (e.g., [3],
[19]) as a consequence of the ubiquitous noise in biological systems, such as blink generators.

The bimodal distribution was also observed in the experimental study [19], albeit less com-
monly than the positively skewed and normal distributions. To reproduce the bimodal distri-
butions, the differences between baseline and threshold amplitude, i.e. a — k, had to be set at
lower values. When the value of the threshold function was convex downward (Fig 3(c)), the
model elicited a series of blinks within short intervals. Frequent blinking in a short period,
known as “blink bursts” [9], could be explained by the short term decrease of the threshold
function.

In this paper, the proposed model also produced trimodal distributions. The combinations
of the parameters that produce the trimodal distributions were not localized but distributed in
small regions (Fig 4). In future research, we will examine whether or not trimodal distributions
of IBI can be confirmed experimentally. As one of the cases, we consider a viewing task that
requires visual attention. In such a simple perceptional task, we could assume that cognitive
load, i.e., I, is almost task-independent, or obey a stochastic process. The saliency and the stim-
ulus value is well controlled and thus the visual attention is simply regulated by the presenta-
tions of visual targets. Here, k and ¢ could be interpreted as individual factors, sensitivity to the
external stimuli and tendency to induce blink suppressions, respectively. When sensitivity of a
participant becomes higher, this is represented as a larger value of k in the model. The parame-
ter ¢ is a decay term and thus if ¢ is larger, the value V tends to fluctuate under the threshold,
producing prolonged IBIs. Therefore, a larger ¢ corresponds to the tendency to induce blink
suppressions.

Trimodal distributions might be observed when we change the conditional variables that
correspond to k and c in experiments with participants who show bimodal distributions. First,
the targets of visual attention is intermittently presented within 7.5 s, which corresponds to 7.
Second, when sensitivity of a participant k is relatively low, e.g., k = 0.2, the shortest IBI would
be averagely 1.6 s when there is no decay ¢ = 0. Meanwhile, a participant has a moderate ten-
dency of blink suppression, in the range of ¢ = 0.41-0.45, trimodal distributions could be
observed. For this participant, the value V fluctuates under the threshold function because
decay and the input intensity are well balanced, producing prolonged IBIs. However, once the
threshold is convex downward due to disappearance of targets, the value V must hit the thresh-
old function in several hundred milliseconds, resulting a termination of the prolonged IBI.
Two cases can occur after the reset. In one case, it takes a few seconds until the V reaches to
the threshold again because the previous reset occurred approximately at the maximum value
of the threshold function. In another case, short-term sequential blinking is observed if the
previous reset occurred at near the minimum value of the threshold function. As the results,
prolonged IBI and two types of behaviours after reset would produce the trimodal distribu-
tions of IBL

In more complex task, k corresponds to the integration of task-dependent cognitive loads
as well as individual sensitivity to the external stimuli. Thus, we need considerations on certain
characteristics of the variable threshold when we argue more complex tasks by applying the
proposed model.

The variable threshold and biological oscillations

The results of numerical simulations in this study suggest that the variable threshold plays a
critical role in producing a variety of IBI distributions, especially for the bimodal distribution.
Numerous experimental studies have revealed that the blink rates are regulated by internal
states of the participants during performing cognitive tasks (e.g., [6, 11]). While we assumed
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that the variable threshold represented particular physiological fluctuations, a few plausible
candidates of human internal states exist.

Researchers have reported that dopamine levels in the brain may influence IBI. For exam-
ple, pathologic reduction of dopamine induces a lower frequency of blinking and fewer varia-
tions of IBI [3]. The blinking rate varies depending on the level of tonic and phasic dopamine
[22]. In other words, the frequency of blinking varies in accordance with the innate baseline
and transient states of the dopamine levels. As one possibility, one could speculate that the
threshold fluctuations in the proposed model correspond to phasic dopamine levels. If this
hypothesis is correct, blinking frequencies increase with phasic dopamine levels, reshaping the
distributions of IBI.

Rhythms of human biological systems such as brain waves [23] and attentional fluctuations
[24] could also be candidates. The results of reproduction of the bimodal distributions sug-
gested that relatively slow oscillations (0.11-0.25 Hz) regulate blinks. Recent neurological stud-
ies have found delta-band (0.5-4 Hz) blink-related oscillations (BROs) in a resting sate [25].
One study [23] reported that spontaneous blinks activate precuneus regions related to aware-
ness and monitoring of the environment. Physiological fluctuations represented by the thresh-
old function in the proposed model may relate to such brain waves.

Consistency between the model and the physiological foundations of motor
control

In the proposed LIF model, V represents the changes in an internal value of a blink generator.
Although the location of the blink generator circuit is controversial [3], human blinking must
be involved in the general motor control circuits. There is no major contradiction if we assume
that the integration of cognitive load may correspond to a direct path of excitatory motor con-
trol circuits that increase blinking frequency. On the other hand, inhibitory signals decrease
blinking frequency and therefore can provide less frequent blinks, leading variations of IBI [2],
[3]. The variations of the threshold would be in accordance with an indirect path of inhibitory
motor control circuits. The results on IBI distributions in this paper suggest that a variable
threshold can create two or three types of IBI. When we acknowledge the variable threshold in
the LIF model corresponds to this inhibitory control, we can argue that human blinking rates
vary in a few tens of seconds due to the effect of inhibitory signals [5]. While the LIF models
are often used for a neuron, it also seems that the model would be useful to represent human
blinking as the macroscopic phenomenon that involves multiple brain areas.

Conclusion

In this paper, we proposed a leaky integrate-and-fire model with a variable threshold to model
human spontaneous blinking. The proposed model could reproduce the positively skewed,
normal, and peak-less distributions of IBI. Moreover, the proposed model reproduced the
bimodal distributions, which could not be reproduced by the OSD model at least within the
typical range of parameters.

Parameters that reproduce the temporal locations of peaks in the experimental distributions
reported by a classical study [19] suggest that relatively slow oscillations (0.11-0.25 Hz) govern
blink elicitations. The proposed model also predicts the existence of the trimodal distributions
of IBI and the distributions could be produced by the non-specific parameters. As a possible
mechanism, we can assume that changes in blink rates would reflect fluctuations of threshold
regulated by particular human internal states such as a brain dopamine level or rhythms of
human biological system.
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Rhythms below 0.1[Hz] is called infra-slow oscillations (ISO), whose generation mechanism is unclear[1]. However,
it has been shown that ISO is induced by activation of dopamine[2]. It has also been indicated that dopamine has
an effect of changing the shape of STDP window[3]. We have already reported that dopaminergic effect on STDP
induces ISO[4]. However, in Ref. [4], the learning of inhibitory synapses and the dopaminergic effect have not been
taken account.

In Ref. [3], it is shown that LTP and LTD during dopaminergic activation in short spike timing differences are
stronger than these in control condition. In addition, it is also revealed that LTP and LTD caused by longer spike
timing differences are weakened. Then, in this paper, we introduced the dopaminergic effect[3] into STDP learning.
In particular, we increased the values of the maximum amplitudes of LTP and LTD, and reduced the value of the
temporal constant of LTP and LTD to realize the dopaminergic effect[3].

We applied the dopaminergic effect to STDP for excitatory and inhibitory synapses. Results are shown in Fig.
1(a). Figure 1(a) shows temporal changes of firing rates. The horizontal axis is time[sec] and the vertical axis is the
firing rate[spike/sec|. In Fig. 1(a), four slow oscillations can be observed four during 1,000 seconds, which means that
ISO occurs. These oscillations are less than 0.1[Hz]. Figure 1(b)—(h) are frequency distributions of the excitatory
synaptic weights at several temporal timings. One of the peaks of the firing rate in Fig. 1(a) is shown by a purple
line (¢ = 11,443[s]). Figure 1(b)—(h) show bimodal distributions. However, the synaptic weights are not constant and
their intermediate values temporally change. Comparing with Fig. 1(b)-(h), the synaptic weights of intermediate
values fluctuate with time. When the firing rate increases, the ratio of the synaptic weights of intermediate values
become large (Fig. 1(b),(c),(d),(g) and (h)). On the other hand, when the firing rate decreases, the values become
small (Fig. 1(e) and (f)). In case that the ratio of the large synaptic weights is high, the firing rate in the neural
network increases. This induces the increase of the firing rates of inhibitory neurons.

Therefore, the main factor that the firing rates of the neural network decrease is the activation of the inhibitory
neurons. However, the number of inhibitory neurons is small. As a result, excitatory neurons that are not depressed
start to fire and the firing rate of the neural network increases again. From these results, it is indicated that the
temporal change of the synaptic weights of intermediate values affect the generation of ISO.
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Figure 1: (a)Firing rates and synaptic weights at (b)t=11,350]s], (c)t=11,400[s], (d)t=11,435[s], (e)t=11,440[s],
(£)t=11,470]s], (g)t=11,525[s] and (h)t=11,545[s]. Enbed figures are enlargements.
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Abstract—We propose a new local search method for
solving the Steiner tree problem in graphs. The method
improves the original key-path based neighborhood. The
original key-path based neighborhood removes one of the
key-paths and connects divided trees by using the shortest
path between divided trees. Our new local search method
uses the k(> 2)th shortest path between terminals when
connecting divided trees. Numerical experiments show that
the new local search method exhibits better performance
than the original key-path based neighborhood.

1. Introduction

The Steiner tree problem in graphs is one of the NP-
hard combinatorial optimization problems [1]. Given an
undirected weighted graph G = (V,E,c) and a set K C
V, where V is a set of vertices, E is a set of edges, ¢ :
E — R is a cost function, and K is a subset of V called
terminal vertices, the Steiner tree is a tree which connects
all terminal vertices. The cost of the Steiner tree is the sum
of the cost of the edges included in the Steiner tree. Then,
the object of the Steiner tree problem in graphs is to find
the minimum cost Steiner tree of the given graph.

The objective function of the Steiner tree problem in
graphs is defined as follows:

|E]|
min Z c(epz(e),

i=1

ey

where ¢;(i = 1,2, ...,|E|) is the ith edge, |E| is the total num-
ber of edges, c(e;) is the cost of the ith edge and z(e;) is a
decision variable described as follows:

w={ 1} et

0 (otherwise),

@

where Et is a subset of edges which are included in the
Steiner tree 7.

To solve the Steiner tree problem in graphs, many ap-
proximation methods have already been proposed. As con-
struction methods for the Steiner tree problem in graphs,
the shortest path heuristic [2], the distance network heuris-
tic [3] and the average distance heuristic [4] have already
been proposed. These methods construct the Steiner tree
rapidly. As local search methods for the Steiner tree prob-
lem in graphs, the vertex based neighborhood [5], the swap-
vertex based neighborhood [6] and the key-path based
neighborhood [7] have already been proposed. These meth-
ods improve the Steiner tree. Execution of the local search
is controlled by metaheuristics, such as tabu search [8], ge-
netic algorithm [9] and GRASP [10].

The chaotic neural network [11] is one of the effective
metaheuristics for solving the combinatorial optimization
problems, such as traveling salesman problems, quadratic
assignment problems and the vehicle routing problems
[12]. The effect of the chaotic neural network for solv-
ing the Steiner tree problem in graphs has already been
evaluated [13, 14]. In Refs. [13, 14], the key-path based
neighborhood is controlled by the chaotic neural network.
This method shows good performance for almost problems.
However, this method is not effective for special cases of
problem instances: several terminals are directly connected
by edges which have extremely large costs. The edges
which have extremely large costs are called incidence edge.

To overcome this weak point, in this paper, we propose
a new local search method which uses the k(> 2)th shortest
path between terminals when improving the Steiner tree.
The key-path based neighborhood removes one of the key-
paths from the Steiner tree and connects divided trees using
its shortest path. The proposed method uses the k(> 2)th
shortest path between terminals instead of the first shortest
path between terminals.

From the results of the numerical experiments, the
method using the chaotic neural network which controls
the new key-path based neighborhood shows better perfor-
mance than the method which controls the original key-
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path based neighborhood.

In addition, to evaluate the effectiveness of the new key-
path based neighborhood, we controlled this method by the
tabu search and the exponential tabu search [15]. These
methods are simpler than the chaotic neural network [11].
The obtained results show that the new key-path based
neighborhood exhibits the best performance if it is con-
trolled by the exponential tabu search.

2. Methods

2.1. The shortest path heuristic [2]

The shortest path heuristic is one of the most popular
methods for constructing the Steiner tree. First, a vertex is
selected randomly as the root of the Steiner tree. Then, the
shortest path between two vertices, one has already been
included in the Steiner tree and the other is the terminal
which has not been included yet in the Steiner tree, is in-
cluded in the Steiner tree. This operation is repeated until
all terminals are included. An example of this procedure is
shown in Fig. 1.

(©) (d)
Figure 1: An example procedure of the shortest path heuris-
tic [2]. (a) A randomly selected terminal is included in the
Steiner tree. (b) Shortest paths between the selected termi-
nal and other terminals are searched. (c) The orange arrow
in (b) is included in the Steiner tree. (d) If all terminals are
included in the Steiner tree, this procedure terminates.

2.2. The key-path based neighborhood [7] with the kth
shortest path

The key-path based neighborhood is one of the effec-
tive local search methods for solving the Steiner tree prob-
lem in graphs. The key-path based neighborhood removes
one of the key-paths and the current Steiner tree is divided
into two trees. Then, two divided trees are connected by
its shortest path. The key-path is the path which connects
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key-vertices. Key-vertices consist of terminal vertices and
crucial vertices. Crucial vertices are non-terminal vertices
which have at least three degrees in the current Steiner tree.
An example of this method is shown in Fig. 2.

(b) (©

Figure 2: An example of the key-path based neighborhood.
(a) There are five key-vertices (yellow) in the given Steiner
tree. Then, four key-paths exist in this Steiner tree. (b) One
of the key-paths is removed from the Steiner tree. (c) One
of the shortest paths between divided trees is added.

This procedure cannot produce feasible neighborhood
solutions which have larger costs than the current Steiner
tree, because the original key-path based neighborhood al-
lows to connect divided trees by using the removed key-
path. Metaheuristics find good solutions by occasionally
moving to bad solutions. To produce bad solutions, we
propose to prohibit adding the removed key-path to connect
two divided trees. In addition, the key-path based neighbor-
hood produces small number of neighborhood solutions.
To explore solutions in a wide space, we used the k(> 2)th
shortest path between terminals when divided trees are con-
nected. Due to these improvements, the key-path based
neighborhood can produce various neighborhood solutions.
The variances of the gaps of neighborhood solutions ob-
tained by the original key-path based neighborhood and the
new key-path based neighborhood are shown in Fig. 3. The
gap of each instance is defined by (Copi/Cope — 1) X 100,
where Cqyy is the cost of the obtained solution and Copy is
the cost of the optimum solution. In Fig. 3, green dots with
lines express the gap of the current solution at each itera-
tion and orange dots express the gap of the neighborhood
solutions generated from the current solution at each iter-
ation. In this experiment, the local search method is ter-
minated if no neighborhood solutions improve the current
solution. Therefore, the maximum number of iterations of
these methods are different. From Fig. 3, the new key-path
based neighborhood can produce worse solutions than the
current solution.
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Figure 3: The variances of the gaps of the neighborhood
solutions obtained by (a) the original key-path based neigh-
borhood and (b) the new key-path based neighborhood
when solving a benchmark problem b06 in Steinlib [16].

2.3. The chaotic neural network [11]

In the method for solving the Steiner tree problem in
graphs using the chaotic neural network, each vertex cor-
responds to chaotic neurons. Namely, the ith vertex cor-
responds to the ith chaotic neuron. The internal state of
chaotic neurons is updated by Egs. (3), (4) and (5).

C(1) - Ci;(1)

Sit+ 1) =40+ f—5 ; 3
MST
=1
G+ 1) =-a ) Kxt-d)+0, )
d=0
4]
e+ 1) = =W > x()+ W. o)

=1

In Eq. (3), ¢;(¢) is the refractory effect of the jth neuron
at time ¢, B(> 0) is a scaling parameter, C(¢) is the cost of
the current Steiner tree at time ¢, C;;(¢) is the cost of the
neighborhood solution which is obtained by removing the
key-path between the ith vertex and the jth vertex at time
t, and Cysr is the cost of the minimum spanning tree of
the given graph. In Eq. (4), a(> 0) is a scaling parameter,
k(0 < k, < 1) is a decay factor, x;(¢) is an output of the
ith neuron at time ¢ which is defined in Eq. (6) and 6 is a
positive bias. The strength of the refractory effect is grad-
ually reduced depending on the value of k,. In Eq. (5), W
is a connection weight between the neurons and |V] is the
total number of vertices. The mutual connection regulates
the firing rate of neurons. If no neuron fires at time ¢, the
mutual connection induces all neurons to fire. Then, the
output of the ith neuron is defined as follows:

xi(t+1) = fi&it+ D+ 5t + D +ni(e + D). (6)
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In Eq. (6), f() is a sigmoidal function defined by f(y) =
1/(1 + e7/€), where € is a steepness parameter. If x;( +
1) > 0.5, the ith neuron fires. In this method, neurons are
updated asynchronously. A single iteration is finished if all
neurons were updated. A schematic diagram of the key-
path based neighborhood using the chaotic neural network
is shown in Fig. 4.

OOOOO
OOOOO

(@ (b)
Figure 4: A schematic diagram of the key-path based
neighborhood using the chaotic neural network. Key-
vertices of the given Steiner tree in (a) are a, b, c, f and
h. Thus, the internal states of neurons (yellow) which cor-
respond to (a) are updated.

3. Numerical experiments

We evaluated the performance of the chaotic neural net-
work using the key-path based neighborhood with the kth
shortest path by numerical experiments. We used bench-
mark problem sets B and 1080 in Steinlib [16]. If the value
of k increases, the calculation cost becomes large. From
this viewpoint, we set the range of kis 1 < k < 5 in this
paper. The parameters of the chaotic neural network were
set as follows: @ = 1.0, 8 = 100.0, k, = 0.98, W = 0.20,
6 = 0.50 and € = 0.002.

We used the average gap to compare the performance of
the methods. The average gap is the average value of the
gap of each instance in the benchmark problem set. In each
instance, we construct the Steiner tree from every terminal
and averaged the results. The results of the numerical ex-
periments are shown in Table 1. Original means the result
of the original key-path based neighborhood and proposed
means the result of the new local search method.

Table 1: Results of the numerical experiments

Average gap[ %]
k| B 1080
Original 1 | 0.55 11.28
1024 9.11
2| 040 2.32
Proposed 3 | 0.41 2.37
41036 2.58
51039 2.47

From Table 1, the proposed method shows better per-
formance than the original method. In case of the bench-
mark problem set B, the method which uses the first short-
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Table 2: Average gaps|[%] obtained by the numerical experiments for three metaheuristics

Tabu search ~ Exponential tabu search ~ Chaotic neural network
k| B 1080 B 1080 B 1080
Original 1 | 0.55 11.26 | 0.55 11.26 0.55 11.28
11028 9.16 | 0.22 8.95 0.24 9.11
21034 232|027 1.84 0.40 2.32
Proposed 3 | 0.34 243 | 0.28 1.96 0.41 2.37
41033 254 |0.23 2.00 0.36 2.58
51035 252|029 1.89 0.39 2.47

est paths shows the best performance. On the other hand, in
case of the benchmark problem set 1080, the method with
the second shortest paths between terminals shows the best
performance. The given graphs of B are sparse and those
of 1080 are dense. Good performance for 080 comes from
the fact that the proposed method can find good detour be-
tween terminals.

We applied the new local search method to other meta-
heuristics, the tabu search and the exponential tabu search.
These methods are realized by changing the refractory ef-
fect and regulating the parameters of the chaotic neural net-
work. To realize the tabu effect, the refractory effect of the
chaotic neural network is changed as follows:

s—1

G+ 1) =-a ) Kx(t - d), @)
d=0

where s is the period of the tabu effect. The parameters of
the tabu search were set as follows: @ — oo, 8 = 100.0,
k, = 1.0, W = 0.0, ¢ = 0.0 and s = 10.0. The parameters
of the exponential tabu search were set as follows: @ = 1.0,
B = 100.0, k&, = 0.98, W = 0.0, ¢ = 0.0 and s = 10.0.
In cases of the tabu search and the exponential tabu search,
the neuron which has highest output value fired.

The comparison results by the numerical experiments
among the chaotic neural network, the tabu search and the
exponential tabu search are shown in Table 2. From Table
2, the exponential tabu search is the most effective method
for solving the Steiner tree problem in graphs.

4. Conclusion

The key-path based neighborhood is one of the effective
method for improving the cost of the Steiner tree. However,
this method is not effective if the graph has incidence edge
costs: several terminals are directly connected by edges
which have extremely large cost. The reason why the key-
path based neighborhood shows poor performance for such
instances is that the method considers only the shortest path
between terminals. To effectively solve this type of prob-
lem, one of the possible strategies is to find good detours
between terminals.

To overcome this weak point, we proposed the new lo-
cal search method based on the key-path based neighbor-
hood. The new local search method uses the k(> 2)th short-
est path between terminals when connecting divided trees.

We evaluated the performance of the new key-path based
neighborhood in case of the value of k& changes. From
the results of the numerical experiments, the new key-
path based neighborhood shows better performance than
the original key-path based neighborhood. In particular, if
the graph has incidence edge costs, the average gap of the
new key-path based neighborhood is much smaller than the
original key-path based neighborhood. This method shows
good performance, because the new key-path based neigh-
borhood can search solution in a wide searching space ef-
fectively.
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Abstract—In our brain, neural networks are constructed
by connecting neurons. Then, various rhythms with differ-
ent frequencies can be observed. Among them, rhythms
called infra-slow oscillations (ISO) have been widely ob-
served. The frequency band of ISO is below 0.1[Hz]. Al-
though it is widely acknowledged that ISO plays important
and essential roles in brain functions, its generation mech-
anism remains unclear. We have already reported that ISO
can be reproduced by introducing a dopaminergic effect
to spike-timing-dependent plasticity (STDP). Nevertheless,
dopaminergic effect has not been fully modeled. In this pa-
per, we investigated the reproducibility of the ISO under
more realistic conditions. We modified the STDP function
and introduced learning for inhibitory synapses. In addi-
tion, we investigated temporal changes of synaptic weights
when ISO is observed and showed that temporal changes
play a key role in reproducing ISO.

1. Introduction

Billions of neurons exist in our brain and their interac-
tion generates a variety of rhythms. Among them, infra-
slow oscillation (ISO) is one of the rhythms. ISO has been
discovered in various physiological experiments since its
discovery in 1957[1] although the generation mechanism
remains unclear. Recently, it has been shown that ISO is in-
duced by the activation of dopamine. For example, in Ref.
[2], it has been reported that the agonist of dopamine acti-
vation induces ISO. It has been also revealed that the shape
of the spike-timing-dependent plasticity (STDP) window
is changed by the activation of dopamine[3]. In Ref. [4],
Kobayashi et al. focused on the effect of dopamine and in-
troduced its effect to the STDP learning to reproduce ISO.
However, in Ref. [4], two issues should be resolved: (1)
the dopaminergic effect to the STDP learning has not been
modeled enough, and (2) the STDP learning has been ap-
plied only to excitatory synapses. It has been reported that
learnings occur not only in excitatory synapses but also
in inhibitory synapses[5],[6]. Therefore, in this paper, we
modeled the dopaminergic effect in STDP in more detail
and introduced it into excitatory and inhibitory synapses by
numerical experiments. As a result, we quantitatively show
that ISO can be reproduced by our model. In addition, we
analyzed how the synaptic weights changes when ISO is

reproduced and showed that temporal changes of synaptic
weights play a key role in reproducing ISO.

2. STDP learning

In neural networks, the synaptic weights between neu-
rons are modified by the learning. We applied the STDP
learning for all neurons[7]. The amount of change in
synaptic weights depends on the spike timing differences
of neurons. If a spike of presynaptic neuron arrives at a
postsynaptic neuron before the postsynaptic neuron fires,
the synaptic weights is potentiated (long-term potentiation,
LTP). On the other hand, if a spike of a presynaptic neu-
ron arrives at the postsynaptic neuron after the postsynap-
tic neuron fires, the synaptic weights is depressed (long-
term depression, LTD). The amount of change in synaptic
weights in the STDP can be expressed by the following
equation:

Ay exp(—ﬂ

T

-A_ exp(@)

(Atij > 0),

(Alij <0), M

AW,’j(Al‘ij) = {

where At;; = t;—t;—0d;;, t; is the firing time of the postsynap-
tic neuron 7, ¢; is the firing time of the presynaptic neuron j,
6;j is a conduction delay from the neuron j to the neuron i,
A, is the maximum value of LTP, A_ is the maximum value
of LTD, and 7 is the time constants of LTP and LTD.

3. Reproduction of the effect of dopamine

Dopamine is one of the neurotransmitters. It has been
reported[2] that apomorphine, a dopamine agonist, induces
arhythm of very low frequency (0.1 [Hz] or less) with large
amplitude. In addition, it is revealed that the activation of
dopamine affects STDP. Yang and Dani showed that activa-
tion and inhibition of dopamine receptors change the shape
of STDP window[3]. They have shown that LTP and LTD
during dopaminergic activation in short spike timing dif-
ferences are stronger than under normal condition. On the
other hand, they also revealed that LTP and LTD caused by
longer spike timing differences are weakened.

In Ref. [4], this dopaminergic effect to STDP has been
realized by decreasing the value of 7. Decreasing the value
of 7 narrows the shape of the STDP window, and it can



weaken the amplitudes of LTP and LTD in long spike tim-
ing differences. As a result, ISO has been generated when
7 ~ 1[ms]. However, the plausible value of 7 observed
in physiological experiments is at least around 10 [ms].
Namely, the condition that 7 = 1 may be physiologically
implausible[8], [9], [10]. In addition, Yang and Dani have
observed that the dopaminergic activation strengthens LTP
and LTD in short spike timing differences, which was not
focused in Ref. [4].

Therefore, in this paper, we introduced more realistic ef-
fects of dopamine[3] into the STDP learning, which we call
the dopaminergic STDP, by increasing the values of A, and
A_, and reduced the value of T as dopaminergic effects.

4. Methods

We constructed a neural network with 1,000 Izhikevich
neurons[11]. In the neural network, the number of exci-
tatory neurons is 800 and inhibitory neurons is 200. We
used regular spiking neurons for excitatory neurons, and
fast spiking neurons for inhibitory neurons. Each neuron
has randomly connected 100 synapses with a probability
of 10%. Every excitatory neuron is connected to 100 neu-
rons which are randomly chosen from all neurons. Every
inhibitory neuron is connected to 100 neurons which are
randomly chosen from excitatory neurons. Conduction de-
lays between neurons are random integers between 1[ms]
and 20[ms]. A randomly selected neuron is stimulated by
the external input of 20[mA].

The excitatory synapses obey the dopaminergic STDP
learning every second and the inhibitory synapses obey the
normal STDP learning every second. In the dopaminergic
STDP learning for excitatory synapses, we increased A,
from 0.1 to 1.0, A_ from 0.12 to 1.20, and changed 7 be-
tween 1 and 10. In the normal STDP learning for inhibitory
synapses, we set A, and A_ to 0.01, 7 to 20. The synaptic
weights between neurons are updated every second by Eq.

2):

13
wir(t) = wit = D)+ ) Awi(Ar;), @)
ti=t-1
where Aw;;(At;;) depends on Eq. (1).

In a neural network with these conditions, the initial val-
ues of excitatory synaptic weights are set to six, the max-
imum value is limited to 10, and the minimum value is
limited to zero. The initial values of inhibitory synaptic
weights are set to —5, the maximum value is limited to O
and minimum value is limited to —10. Under these con-
ditions, we attempted to reproduce ISO by examining the
firing rates of the neural network, and investigated how the
synaptic weights change.

5. Results

5.1. Temporal change of firing rates and synaptic
weights

Figure 1 shows a temporal change of firing rates A, and
average synaptic weights when 7 = 10[ms]. The firing rate
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Figure 1: Temporal change of firing rates and average
synaptic weights. The horizontal axes are time [sec], the
left vertical axes are the firing rate [spikes/sec] and the right
vertical axes are the average synaptic weight. One of the
peaks of the firing rate is shown by the vertical purple line
(t = 11,443[sec]). Both figures are for T = 10[ms]. When
Ay = 1.0 and A_ = 1.20, the firing rates and the synaptic
weights oscillate with very slow rhythms.

is the average firing frequency of a single neuron among
all neurons every one second, calculated by the following
equation:

1 N St
A[spikes/sec] = N Z{ Z

§(s- Sj(l‘))}, 3)
j=1 |s=SG—1)+1

where 6(x) is a delta function, time window with § =
1,000[ms], the range of the window is S(t—1)+1 < s < St
at time ¢ and s;(¢) is the firing time of the jth neuron in-
cluded in this time window.

The average synaptic weights are calculated by synap-
tic weights from excitatory neurons to excitatory neurons
(blue lines in Fig. 1) and from excitatory neurons to in-
hibitory neurons (orange lines in Fig. 1) every one second.

When A, = 1.0 and A_ = 1.20 (Fig. 1(a)), four slow
oscillations in the firing rate can be observed during 1,000
seconds, which means that ISO occured. In the average
synaptic weights of Fig. 1(a), similar slow oscillations can
also be observed. When A, = 0.1 and A_ = 0.12 (Fig.1
(b)), highly irregular oscillations in the firing rate can be
observed with a constant amplitude. In average synaptic
weight of Fig. 1(b), the average synaptic weight takes
constant values. In addition, in average synaptic weight
of Fig. 1(a) and (b), the average synaptic weights be-
tween excitatory and inhibitory neurons (orange lines) are
stronger than those between excitatory and excitatory neu-



rons (blue lines). In Fig. 1(a), when the firing rate in-
creases, the average synaptic weight from excitatory neu-
rons to inhibitory neurons decreases rapidly, while the aver-
age synaptic weight between excitatory neurons increases
rapidly.

5.2. Change in the amount of LTP and LTD

In Fig. 2, Ep is a temporal change of how many times
excitatory synaptic weights are modified by the STDP rule
in case that LTP occurs, Ep is a temporal change of how
many times excitatory synaptic weights are modified by the
STDP rule in case that LTD occurs, Ip is a temporal change
of how many times inhibitory synaptic weights are modi-
fied by the STDP rule in case that LTP occurs and I is
a temporal change of how many times inhibitory synaptic
weights are modified by the STDP rule in case that LTD
occurs. These values are normalized by the total number of
synaptic weights.

In Fig. 2(a), Ep, Ep, Ip and Ip increase when the fir-
ing rate begins to increase. While the firing rate more
increases, Ip becomes larger than Ip, then, Ep becomes
larger than Ep. In addition, Ep makes a little jump at
t = 11,430[s] and decreases rapidly. In Fig. 2(b), Ep and
Ep oscillate with a small amplitude while Ip and I are
always zero and they do not oscillate.

5.3. Frequency distribution of spike-timing difference

Figure 3(a) and (b) show the frequency distributions of
spike timing differences when ISO occurs with A, = 1.0
and A_ = 1.20. Figure 3(c) and (d) show the frequency
distributions of spike timing differences when ISO does
not occur with A, = 0.1 and A- = 0.12. These figures
show that the amount of negative spike timing differences is
larger than positive ones. However, in Fig. 3(a) and (b), the
peak values of the frequency distributions are slightly pos-
itive values. In Fig. 3(c) and (d), the peak values of the fre-
quency distributions are slightly negative values. Namely,
the peak values of slightly positive timing in Fig. 3(a) con-
tributes to increases of the firing rates and the peak value
of slightly positive timing contributes to decreases of the
firing rates in Fig. 3(b).

In the numerical experiments, we make the maximum
amplitudes of LTD of the STDP window is larger than that
of LTP. Thus, the amount of negative spike timing differ-
ences should be larger than positive ones and the peak value
of spike timing differences should be negative value.

However, our numerical results show that the peak value
of spike timing differences are slightly positive value.
Then, our conjecture is that sensitive balance between these
positive peaks and relative ratios of LTP (positive areas in
Fig.3(a) or (b)) and LTD (negative areas in Fig.3(a) or (b))
is important factor for reproducing ISO.

6. Conclusions

In this paper, we reproduced ISO with increasing the val-
ues of the maximum amplitudes of LTP and LTD in the
STDP window, and investigated the change of the synaptic
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weights. As a result, we could reproduce ISO with physi-
ologically plausible conditions. These results indicate that
the effect of dopamine which increases the maximum am-
plitudes of LTP and LTD is an important factor.

In addition, we showed that the synaptic weights change
with thythms of ISO as shown in Fig. 1. We can see that
the frequencies of LTP and LTD oscillate with the rhythms
of ISO (Fig. 2) and the spike timing differences behave in a
different way from the normal STDP. From these results, it
is indicated that ISO can be generated by small fluctuation
of synaptic weights.
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Abstract—In recent years, online tradings are gradu-
ally increasing in financial markets. Then, temporally high-
resolution data have been accumulated in various markets.
In previous researches, stock tradings are assumed to fol-
low the Brownian motion, thus they have been analyzed
from stochastic points of view. However, it is important to
analyze such data from the deterministic points of view. In
this paper, we applied nonlinear time series analysis meth-
ods to temporally high resolution data of a stock market
in Japan to quantify their nonlinear deterministic proper-
ties. The results suggest that stock price fluctuation in the
Japanese stock market does not occur randomly. If this
fluctuation has deterministic characteristics, we can predict
the future stock price in high precision.

1. Introduction

Various time series signals are observed in the natural
world. To analyze these time series signals, various analy-
sis methods have been applied, such as estimating the au-
toregressive model, the moving average model, and the au-
toregressive moving average model. However, if we used
these linear analysis methods, there is a limit for analyses
due to nonstationary and nonlinearity of the time series sig-
nals.

To analyze time series signals that behave in a complex
and irregular manner, we have to consider the possibility
that such irregular fluctuation arises from nonlinear deter-
ministic dynamics. To test this possibility, chaotic time se-
ries analysis is applied to exchange rate data between the
Japanese yen and the US dollar [1]. It is revealed that
both fluctuations in the exchange rate the timing exhibit
the characteristics behavior of deterministic chaos.

In this paper, we analyzed the temporally high resolution
data in a Japanese stock market by applying the methods
used in Ref. [1]. We examined and clarified whether or not
deterministic dynamics, possibly chaotic dynamics, exists
in the temporally high resolution data.

2. Datasets

TOPIX is one of the indices of stock price fluctuations
in the Japanese stock market. TOPIX is calculated using
share prices including all the listed companies of the First
Section of the Tokyo Stock Exchange. TOPIX Core 30
is an index that consists of 30 highest capitals and stock
trading volumes among the companies in the First Section
of the Tokyo Stock Exchange. In this paper, we used the
stock price fluctuation data (TOPIX Core 30) of 1 ms order
on March 10th, 2017. Its basic statistical values are shown
in Table 1.

Table 1: Basic statistical values of indices

Statistics | TOPIX [ TOPIX Core 30 |
minimum value 1565.26 732.02
maximum value 1574.90 73791

average value 1570.68 735.34

variance 4.36 2.16

standard deviation 2.09 1.47

In this paper, we transformed these time series data to
inter event intervals (IEI) that is defined as an interval be-
tween two successive events. In this paper, we defined an
event by a transaction. Then, IEI is the time between two
transactions. Basic statistics of IEI are shown in Table 2.

Table 2: Basic statistics of IEI

] Statistics | TOPIX | TOPIX Core 30 |
the number of IEIs 502748 55514
minimum|[ms] 1 1
maximum|[ms] 1311 6958
average[ms] 35 277
variance 2849 212241
standard deviation[ms] 53 460

TOPIX Core 30 is calculated only from 30 companies.



The 30 companies are a major factor in stock price fluctua-
tions.

3. Methods

3.1. Irregularity

?

73018

=l boogll

400810 401a0° 4015010 402007 4.02510° 4000107

TOPIX Core30

Figure 1: (a) Time series of TOPIX Core 30 of March
10, 2017 and (b) a time series represented as a marked
point process from 4,000,000 [ms] to 4,030,000 [ms] of
Fig. 1(a). As an example, two solid vertical lines indicate
the 10 [s] interval. Observed time series was divided into
such time windows without overlapping.

First, we generated a marked point process from the data
with the TOPIX index value. Information of marks are a
weight of each event. Next, we divided total observation
period into bins with a certain time window width. An ex-
ample is shown in Fig. 1. We calculated the two statistics:
the coefficient of variation Cv [2] and the local variation Lv
[3] using the trading time interval in each time window:

1 d
yae D R (M
i=1

=i =

and
d-1

Lv= 3 2)

(x; — Xi11)?

d-1 = (xi + xi01)?

where d is the total number of event intervals, x; (i =
1,2,...,d) represents the ith interval and X is the mean IEIL
The coefficient of variation Cv shows the degree of varia-
tion of the event interval and is expressed by the ratio of
the standard deviation and the average of the IEI. The local
variation Lv is calculated using the relationship between
adjacent event intervals. These statistical values are equal
to unity when the data follows the Poisson process. On the
other hand, if the events exhibit perfectly periodic, it takes
zero. Therefore, we examined whether the calculated sta-
tistical values are significantly different from unity by using
the Wilcoxon rank sum test.
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3.2. Marked Spike Train Metric (MSTM)
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Figure 2: Schematic diagram for calculating marked spike
train metric.

We calculated the distance between time windows (Fig.
2) and investigated whether event series correlates with
each other. We used the marked spike train metric (MSTM)
to quantify the distance between two marked point pro-
cesses.

To quantify the distance, we transformed a marked point
process until it matches with the other marked point pro-
cess. The first process is deletion or insertion of a single
event, the costs of which are unity. The second process is
shift of a mark direction or a temporal direction of a single
event, the cost of which is proportional to the shift length.

We calculated the cost to measure the similarity between
the two event series. First, let us explain spike time metric
D,(Z,7") [4, 5] which is a basic method to quantify the
distance between the markless point processes:

N-1
DZ.Z) = min{z (Vi vk+1)}, 3)

k=1

where D,(Z,Z") represents the distance between the orig-
inal point process Z and the point process Z’ to be com-
pared. The parameter g adjusts the weight of event deletion
and insertion as well as movement cost and Vi, V5, ..., V;
are the steps of bringing Z closer to Z’ (Fig. 3). In Fig. 3,
Cy(Vi, V1) represents the cost between Vi and Vi,q. The
costs for inserting and deleting events are unity. The move-
ment cost is proportional to the time interval. For example,
let the ath event occurrence time within a point process A
be #4. If the event occurrence time of the bth in a point
process B is assumed to be tg, the cost between these two
events Co(Vi, Vig1) is glt — 15].

In the MSTM, a term of mark is added to Eq. (3) [6].
Then, the MSTM is defined as shown in Eq. (4).

DG, j) min{ > {/l,lti(m) — t;(n)

(m,n)eC

+

mmm—mw}

+ I+J—2P}, “4)
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Aty \
; Cy(Va,V3) = q x Aty
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insertion Cy(V5,Vy) =1
Va 1
/ Cy(Va, V) = g x Ats
Vs=2' I

Ats

Figure 3: An example of transforming the spike sequences
Z into Z'.

where i and j are the index of the time window to be com-
pared; m is an event in the ith window and # is an event in
the jth window; C is a set of pairs of events (m,n); I and J
correspond to the total number of the time windows i and
J» P is the number elements in the set C; coefficients A, and
A, determine the weights of the corresponding terms and
defined by Eq. (5).

/lp = /lr_» (5)

where 6; is the standard deviation of the time interval for
all data and 6, is standard deviation of the weights.

We should not choose too large A;, because if we choose
A, too large, the distance is calculated only the sum of the
number events and ignored the event interval information.
Therefore, we set A, to 0.1 in this paper.

3.3. Recurrence plot and DET

Recurrence plot [7] is a visualization tool of possible re-
current patterns between two points on attractors, which
represents nonstationarity and nonperiodicity in time series
data. To create a recurrence plot, a two-dimensional image
is prepared. The size of the image is N which is the total
number of points on the attractor. The recurrence plot is
defined by Eq. (6):

L (DO, y()) < 6)
R;j = i (6)
0 (otherwise).
where, y(i) denotes the ith window (Fig. 2) and 6 is a thresh-
old set to 10% of the maximum distance between all win-
dows.
Recurrence quantification analysis (RQA) is an analysis
that quantifies the patterns of recurrence plots. As one of
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the measures of RQA, we used DET defined as follows:

N
Z 1P(])

[=lmin

DET = —2 )

- .
Z 1P(l)
=1

This measure is based on P([), the diagonal lines of length
l’

N -1
P()= Y (1= Ry ;)= Risto) | [ Rickjur ®)
k=0

ij=1

In the recurrence plots of stochastic processes or pro-
cesses with small determinism, diagonal lines will usually
disappear. On the other hand, if a process is deterministic,
longer diagonal lines will appear. Therefore, DET, the ra-
tio of recurrence points that have diagonal lines of at least
length [, to all recurrence points, is one of the most im-
portant quantities to discriminate deterministic processes to
stochastic processes [7].

4. Results

The results were shown in Figs. 4, 5, and 6 for the time
window width of 12,850 [ms].  Figure 4 shows a distri-

06 [ Cv o |
05 | Lv ——
>
g 04y 1
§_ 0.3 //Affk\\ i
Lt 02 r A/ \x\ b
01 | / . |
0 . os® e,
0 0.5 1 15 2 25

Values of Cv and Lv
Figure 4: The histograms of Cv and Lv.

bution of Cv and Lv in which the average value deviates to
the right from unity. As a result of the Wilcoxon rank sum
test, it was found that there was a significant difference be-
tween values of Cv and Lv and unity calculated from the
original data (p < 0.05). These results shows that the data
do not follow the Poisson process.

Using the distance matrix calculated using MSTM, we
created recurrence plots in Fig. 5(a), the recurrence plot
of the original time series is shown. The results clearly
show that it has a specific structure. In order to investi-
gate whether results of the recurrence plot is reliable, 1,000
random shuffled surrogate data were generated. One of re-
currence plots of this surrogate data is shown in Fig. 5(b).
Then, we calculated the values of DET for the original time
series and its surrogates. The distributions of values of
DET of the original time series and its surrogate data are
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Figure 5: Recurrence plots of (a) using the original data of
TOPIX Core 30 and (b) random shuffled data.

shown in Fig. 6. As shown in Fig. 6, DET of the original
time series took a value of 0.49. However, DET of surro-
gates are almost 0.19. From these results, we found that
there is a significant difference between the original data
and the random shuffled surrogate data (p < 0.01). These
results strongly suggest that the stock price does not fluctu-
ate randomly.

5. Conclusion

In this paper, we investigated trading data on Japanese
stock market with high time resolution. First of all, we
analyzed the coeflicient of variation and the local variation
of the stock price fluctuation intervals. The results showed
that trading intervals do not randomly occur. Next, marked
point process data with weights as price was generated and
divided into time windows. We generated recurrence plots
of the marked point process and evaluated the values of
DET of the original data and the random shuffled surrogate
data. As a result, significant difference of DET was found.

The results suggest that stock price fluctuation in the
Japanese stock market does not occur randomly. If this
fluctuation has deterministic characteristics, we can unravel
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Figure 6: DET obtained from the original data (the dash-
dotted line) and DET obtained from its random shuffle sur-
rogates of the recurrence plot.

the dynamics of stock markets, and predict the future stock
price in high precision.
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Abstract—LOTO7 is one of the popular lotteries in
Japan. Customers are asked to choose seven numbers from
1 to 37, then the prize is decided according to the number of
hits. In this paper, we consider seven selected numbers as
a seven dimensional vector and converted it to a time series
to investigate randomness of LOTO7. We calculated return
maps, autocorrelation functions, permutation entropies and
recurrence plots from the time series data. From the results,
it is revealed that the real data of the LOTO7 has random-
ness.

1. Introduction

There are a variety of lotteries around the world. Lotter-
ies require true randomness. Then, one of the important is-
sues is to guarantee randomness in lotteries. The LOTO7 is
one of the famous lotteries in Japan. In the LOTO7, seven
numbers are selected at random. Thus, it is an important
issue to investigate whether the selected number sequences
of the LOTO7 are truly random. However, it is very diffi-
cult to define true randomness mathematically, because true
random numbers require independence and unpredictabil-
ity. In this article, we adapted nonlinear time series anal-
ysis methods to LOTO7 to investigate whether or not win-
ners of the LOTO7 are decided randomly. To resolve the
issue, we adapted the same analysis to the real LOTO7 and
to the simulated LOTO7 and compared results. In the nu-
merical experiments, simulated data were made from the
Mersenne Twister [1]. We have already confirmed that ran-
dom numbers made from the Mersenne Twister passed the
NIST special publication test [2]. If the LOTO7 data were
truly random, LOTO7 might have a similar property as the
simulated random data, or the Mersenne Twister.

2. Overview of the LOTO7

The LOTO7 is a lottery that picks up seven numbers
from 1 to 37 and the prizes are determined by the num-
ber of hits. This lottery is sold every day, and winners are
decided every Friday. If there are no winners, the carryover
occurs.

The lottery is done using a machine which is called
“Yumeloto-kun.” The “Yumeloto-kun” uses 37 balls to
select lottery numbers. Each ball has the same size and
weight. First, 37 balls are put in a bowl which is placed on
the top of the “Yumeloto-kun.” Next, the balls are dropped
on the first pallet of the machine. Then, the pallet rotates
and the balls are scattered on the wall surface by centrifugal
force. Seven balls are alternately and randomly extracted
from the left and right outlets. Seven figures are determined
by the above-mentioned procedures. Finally, the remaining
balls are dropped on the second pallet of the machine. Two
bonus figures are selected in the same way. The bonus fig-
ures are used only to choose the second grade and the end
grade. In this paper, we do not consider the bonus figures
to investigate the randomness of the lottery figures.

The results of the LOTO7 are provided on the web-
site [3]. Because the LOTO7 does not need the order of
the figures, the result of this lottery is sorted in ascending
order.

3. How to simulate LOTO7

To investigate the randomness of the result of the
LOTO7, we created simulated time series data from the fig-
ures of the result of the LOTO7. Before creating the simu-
lated time series which consists of N (1 < n < N) rows and
7 columns, we used the real results of the LOTO7. This
matrix is called L (Eq. (1)), and [, ; expresses the jth num-
ber in the nth lottery.

11!1 11,2 - 11,7
L=| Ly Lo ... L | (1)
lN,l lN‘z e le

To make a time series, we used the transformation of
Eq. (2) from Eq. (1):

2 2 2
\/ln,l + ln,2 Tt ln,7

" B2+ 32+ 1372

(@)




In Eq. (2), the right hand side of Eq. (2) is normal-
ized by a feasible maximum value. From these proce-
dures, the data matrix L becomes the time series X =
{X1,..., X, ..., Xn}. Observable range of X, is 0.1313 (=
V312 +322+ ...+ 372

ducted investigations based on N = 250 times of the lottery
results.

) < X, < 1. In this paper, we con-

4. Methods

4.1. Autocorrelation function

We calculated the autocorrelation function of X. First,
we calculated the autocovariance function Cj; shown in
Eq. (3). Then, we can obtain the autocorrelation function
Ry shown in Eq. (4).

N/2

1
Ci = mn;](xn — 1)Kk — 1), 3)
Ry = Ci/Co, 4

where k represents a time difference and u represents an
average value of X.

4.2. Permutation Entropy [4]

We computed the permutation entropy [4] of X. The per-
mutation entropy is defined as the summation of normal-
ized information entropy which is obtained from a proba-
bility distribution of d-permutation in time series data. For
discrete data, frequency of the number of a permutation
type is divided by the total number of permutations. It rep-
resents the existence probability of the permutation type.
Let us denote the type of d-permutation as nr. Then, there
are K = d! kinds of 7. When the number of n, that ap-
pear in the discrete data, a4, is divided by a total number
N —d+1 of permutations, the probability is p, = # and
the probability distributionis P = (p1, p2,**+ , Pg»*** » PK)-
Then, the information entropy of the discrete data is calcu-
lated by Eq. (5).

K
S :—qulnpq. 5)
g=1

The maximum value is obtained when P has an equal prob-
ability of p, = 1/K for all g and let S nox = In(K). Thus,
the permutation entropy PE becomes Eq. (6).

PE = S/§ max- (6)

In Eq. (6), S is normalized by the maximum value S j,x,
then its range becomes 0 < PE < 1. If the permutation
entropy is close to unity, the appearing order pattern is more
complicated. On the other hand, if it is close to zero, the
appearing order pattern is regular. It is recommended that
the value of d is 3 < d < 7 and it is desirable that the data
length M of the analyzed time series satisfies that M > 5d!.
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4.3. Recurrence plots [5]

We applied the recurrence plot to X. The recurrence plot
is a method which can visualize behavior of a time series
using the information of the distance between two points
directly. To create the recurrence plots, we prepared an
image of N X N pixels at first. The lateral direction of the
image corresponds to the index i of the time series and the
longitudinal direction of the image corresponds to the index
Jj of the time series. The distance D; ; between two points
v; and v; is calculated by Eq. (7).

D;j=vi—v,l. (7
Here, v; is reconstructed vector shown in Eq. (8).
Vi = (X,', X, oo, Xi+(m—l)r)- (8)

In Eq. (8), 7 expresses a time delay and m expresses dimen-
sion of a reconstructed state space.
Next, we calculated R; ; as follows:

1, D;; <0
Rl' L > Lj =Y 9
7 {0, otherwise. ©)

Finally, the image is represented by R,

Rl,l qu,' Rl,N
R = Rj,l Rj’i Rj,N (10)
Ry Ry Rnn

If R; ; is unity, the (i, j)th pixel is colored in black.

The threshold value 6 is an important parameter, thus
we should select the value of 8 carefully. In the image of
N x N pixels, the total number of D;; is N°. This image
R is a square matrix with a diagonal component of D;; =
D;;. Thus we calculated total number of pixels s of D; ; by
s = N(N - 1)/2. Then, we sort D; ; in an ascending order.
To set the value of 6, we used the parameter & (0 < @ < 1)
where the (s X )th value of D, ; is used.

5. Results

We compared two time series data. The first one is ob-
served from the result of the LOTO7, and the second one
is generated by pseudo random numbers. Namely, the first
one X is the real LOTO7 and the second one Y is simulated
data. The simulated random time series Y is generated by
using the Mersenne Twister. If the LOTO7 data were truly
random, X might have a similar property as the simulated
random data, then Y was generated in the same process as
X. The length of the time series Y is 250. We set the seed
of the Mersenne Twister to seven.

Figure 1 shows waveforms of the time series of X and Y.
In Fig. 1, the horizontal axis represents n and the vertical
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Figure 1. Time series waveforms of (a) the actual LOTO7 data X and (b) simulated
data.

axis represents X,, and Y,. From Fig. 1, the range of the
time series data of X is 0.4 < X, < 0.9 and that of Y is
0.1 < Y, < 1. These results show that no cases are found
where all the seven lottery figures are the smallest or the
largest in one lottery.

Figure 2 shows the return maps of X and Y. In Fig. 2,
the horizontal axis represents value of the index n, the ver-
tical axis represents value of the index n + 1. Comparing
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0.6

-
T
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0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
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Figure 2. Return maps of (a) the actual LOTO7 data X and (b) the simulated data Y.

Fig. 2(a) and Fig. 2(b), the range of the simulated LOTO7
data Y is wider than that of the actual LOTO7 data X. The
variance values of X, Vx = 0.008 and Y,Vy = 0.01, are
different from each other. One of the reason why Vyx and
Vy are different is a number of data. If the number of data
is enough, it may be possible that the difference between
Vx and Vy becomes zero.
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Figure 3. Autocorrelation functions of (a) the actual LOTO7 data X and (b) the
simulated data Y.

Next, the autocorrelation functions of X and Y are shown
in Fig.3. In Fig. 3, the horizontal axis represents the time
difference k and the vertical axis represents autocorrelation
function R;. From Fig. 3(a), we can see that R; becomes al-
most zero after k > 0. Even if k increases, R varies in the
range of about —0.2 < Ry < 0.2. This result indicates that
there is no correlation. Comparing Fig. 3(a) with Fig. 3(b),
we can see that the values of autocorrelation functions of
X and Y are similar. These results indicate that these se-
quences of LOTO7 do not have correlation.

Then, we calculated the permutation entropies of X and
Y. These results are shown in Table 1. The data length
M, which is considered to be recommended for calculating
the permutation entropy, is M > 5d!. In this paper, we
set M = 250, which means that the permutation entropy
is reliable for the condition that d < 4. From Table 1, the

Table 1. Results of the permutation entropies (d = 3,4) of X and Y.
d PEofX PEofY
3 0.995339 0.994035
4 0982233 0.987319

permutation entropies of X and Y are close to unity, which
indicates that the appearance pattern of the permutation is
complicated. In addition, the permutation entropies of X
and Y have very similar values. Because Y is randomly
generated data, if the permutation entropy of X is similar
to Y, X has high randomness.

Finally, we created the recurrence plots of X and Y as
shown in Fig. 4. In Fig. 4, the horizontal axis represents
the index i and the vertical axis represents the index j.
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In Table 2, we showed the conditions which were used to
create recurrence plots in Fig. 4. The difference between
ranges of indices of these results was due to the fact that di-
mension of the reconstruction state space is different. If the
time series has deterministic property and possible chaotic
dynamics, diagonal patterns can be seen in the recurrence
plot. In Fig. 4(a), no diagonal lines nor patterns can be
found. When we increased the number of dimensions of re-
construction state spaces, the diagonal lines were observed
(Fig. 4(c) and Fig. 4(e)). These results were also observed
in Fig. 4(d) and Fig. 4(f). The results of analysis of Fig. 4
show that actual data have almost the same property as Y
(the Mersenne Twister). Namely, it is considered that X
has randomness. In addition, the similarity can also be
cofirmed from the results of DET [6] which evaluates the
ratio of diagonal lines in recurrence plots. If the value of
DET takes near unity, the data have determinism, while if
it takes zero, the data have randomness. From Table 2, the
values of DET take almost the same equal values for both
X and Y. From this viewpoint, it is considered that the
properties of these data are similar.

6. Conclusion

M/&« /M /:s /ﬁf
- T T In this paper, we applied nonlinear time series analysis
i i methods, such as return maps, autocorrelation functions,

© @ permutation entropies and recurrence plots to the time se-

ries data observed from the lottery numbers of the LOTO7.

140 From the return map analysis, there are no cases where all
120 the seven lottery figures are the smallest or the largest in
100 one lottery. From the results of autocorrelation functions
80 of X and Y, the time series data X and Y are uncorrelated.
- o0 ) .// However, further investigation is necessary because uncor-
relation does not imply independency. From the results of
4017 y the permutation entropy, it was found that the order patterns
20 of X were complicated and had randomness. In the analy-
0 0 40 60 50 700 120 140 0 558 6(; 50 100 120 140 sis using the recurrence plots, any deFerrpini.stic rqle c.annot
i be observed. However, further quantitative investigation of

© ) recurrence plots is necessary.
Figure 4. Recurrence plots of (a), (¢), (¢) the real LOTO7 data X and (b), (d), (f) the This research is partially supported by the JSPS Grant-

§imulated data Y. Here, we fixed 7 = 1 and @ = 0.1. Other parameters are indicated in-Aid for Scientific Research (NO. 16K16126, 18K1 8125,
in Table 2. 15K12137, 16K16138, 15KT0112 and 17K00348).
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Abstract We have already proposed a method using a chaotic neural network for solving the Steiner tree problem
in graphs. In this report, we investigated the relationship between the solvable performance and the refractoriness
embed in the chaotic neural network. To resolve this issue, we compared the performance of the methods using
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Abstract In this paper, we applied Convergent Cross Mapping to estimate causal relations between multiple
timeseries. We used a coupled logistic map to produce the multiple timeseries, and the Watts-Strogatz model as a
network structure. For this network, we examined how the estimation accuracy of the causal relationship between
each vertex changes with various rewiring probabilities. We also investigated the estimation accuracy of the causal
relation depending on the existence of the community structure in the network. As a result, it was suggested that
the difference in the network structure does not affect the estimation accuracy of the causal relation.
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Abstract We investigated the possibility of generating a pseudo random number sequence with good performance by us-
ing chaotic dynamics. In this paper, we used the logistic map to generate a pseudo random number. To alleviate numerical
calculation errors, we modified the logistic map to an integer logistic map. We converted the time series data obtained from
the integer logistic map to binary sequences. Then, we evaluated the performance of the pseudo random number sequence by
using the NIST test. In particular, we investigated the influence of the accuracy of numerical precision on the performance
of random numbers, even if the same bifurcation parameter values were used. As a result, even if the accuracy of numerical
precision is increased, the number of the NIST certification passed does not show large variation.
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Abstract In this report, we generated pseudorandom numbers using chaotic dynamics and investigated its performance as
pseudorandom numbers with post-processing by the XOR operation. Then we analyzed whether the quality of the pseudoran-
dom numbers post-processed by the XOR operation is improved or not. In this study, the pseudorandom number generator is
an integer logistic map which reduces numerical errors. First, we converted time series data obtained from the integer logis-
tic map to binary random numbers by setting a threshold value. When we generate chaotic random numbers, we varied the
numerical precision. Then, using the NIST test, we evaluated the quality of pseudorandom numbers which is post-processed
by the XOR operation. As the results, if numerical precision is high enough, the quality of the pseudorandom numbers did
not change by the XOR operation. On the other hand, if numerical precision is insufficient, we found that the quality of the

pseudorandom numbers declined by the XOR operation.

Key words Chaotic random number, Integer logistic map, Numerical precision, XOR operation, NIST SP 800-22



1. Introduction

There are two types of random number generators. The first type
of the random number generator is a physical random number gen-
erator using physical phenomena. The physical number generator
has an advantage that the same random numbers cannot be repro-
duced, whereas its generation speed of random numbers is slow.
However, recently, the high speed physical random number gener-
ation method using laser chaos has been proposed [1]. In Ref. [1],
Uchida et al. generated random numbers using two semiconductor
lasers which have chaotic vibrations. They detected each laser in-
tensity by a photo-detector. They converted a digital signal which
obtained by 1-bit AD converter to a binary signal according to a
threshold value. Furthermore, to reduce the statistical bias of the
random number, the XOR operation is applied to the binary signal
obtained from the two lasers as a post-processing method, which
generates a binary random number well.

The second type of random number generator is a pseudoran-
dom number generator. Various pseudorandom number generators
have been proposed. A method based on chaotic dynamics is one
of the effective approaches for generating pseudorandom numbers.
There are many researches on pseudorandom number generators us-
ing chaotic dynamics, because unpredictability is one of the impor-
tant properties of random numbers. For example, in Ref. [2], Ishida
et al. examined how many bits are required to observe chaotic time
series which is generated by fixed-point arithmetic and to function
as a pseudorandom number from the viewpoint of invariant mea-
sures and the power spectra. Then, they investigated responses of
a logistic map which are generated by the fixed-point arithmetic.
According to Ref. [2], from the results of the invariant measures,
the logistic map can respond chaotically when the number of bits
is more than 15 bits. Furthermore, the power spectra of the re-
sponses showed that we get random numbers which can be regarded
as Gaussian noise.

In this report, we adopted a logistic map [4] as a pseudorandom
number generator and performed statistical analyses of generated
pseudorandom numbers. To reduce numerical errors as in Ref. [2],
we use an integer logistic map. We created two pseudorandom num-
ber sequences by the integer logistic map as an input for the XOR
operation. We then created pseudorandom numbers by the XOR
operation and we investigated the effectiveness of the XOR oper-
ation from the performance of generated pseudorandom numbers,
where random number sequences are evaluated by the NIST Spe-
cial Publication 800-22 [3] (hereinafter referred to as the NIST test)
published by the National Institute of Standards and Technology of

the US Department of Commerce.
2. Effects of the XOR operation

In physical random number generators, post-processing methods

are often used to reduce a bias of appearance frequencies of 0 and 1
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bits. The XOR operation is one of the most popular post-processing
methods. Here, we show that the XOR operation reduces the bias
of the appearance frequencies of 0 and 1. Let p/(jl) and pg) be the
probabilities that the binary values 8 € {0, 1} are generated from
the two random number generators. We then define the probability

]Jg) (I = 1,2) as a function of b by

1
()
== -b, 1
Py ) n
o_ 1
pr=5% b, 2

where b is a bias included in the original binary random numbers.
Here, we assume two mutually independent binary random number
generators. Two inputs which are generated by the random num-
ber generators is applied to the XOR operation, then new random
numbers are generated by the XOR operation. Furthermore, we can
define the appearance probabilities of 0 and 1 post-processed by the

(1,2) (1,2)

XOR operation, p,*~ and p,“, using Egs. (1) and (2) as follows:

1 1 1
po” = py + PP = (5 - bY (5 b = 5 +26°0)

(1.2) 1) (2 1 2)

1 1 1
Py =Py Py TP Py :Z(E_b)(z‘*b):E—sz- “)

In the case that |b| < 0.5, we see that the bias decreases to b%. In
this report, we aim at investigating whether this XOR operation is

effective or not in case that chaotic random numbers are two inputs.
3. Pseudorandom number generator

A logistic map [4] is defined by
X1 = axi(1 = x), ()

where a is a parameter and x, is a state value at time 7. When a = 4,
it is known that the logistic map exhibits chaotic response because
all periodic solutions are unstable. Namely, the period becomes in-
finite. However, the infinite period cannot be reproduced by numer-
ical calculation, due to an accumulation of numerical errors during
temporal evolution of the map, which means that the state of the lo-
gistic map converges to a periodic solution. To avoid such an unde-
sirable situation, we used an integer logistic map as a pseudorandom
number generator as shown in Ref. [2].

The integer logistic map can be derived from Eq. (5). Firstly,
multiplying 10V by both hand sides of Eq. (5), we get

10V X xpe1 = 107 X ax,(1 - x,). (6)
Using X, = 10" x x,, Eq. (6) is rewritten by

Xiv1 aX,(1 - 107N x X)), (7

= aX,(10" - X)x 107" ®)
We use the floor function | ] to extract the integer part as follows:

X1 = [aX,(10Y = X)107"]. ®



In Eq. (5), a is a parameter, X, (= 10" X x,) is the state value at time
t, and N represents numerical precision.

Next, we explain how to make pseudorandom numbers from the
integer logistic map. In this report, the parameter a is set to 4, at
which the Lyapunov exponent becomes In2 and chaotic responses
can be observed. We generate the time series from using the integer
logistic map (Eq. (9)) and convert it to binary random numbers by
Eq. (10).

% - 0 (X;<0), (10)

1 X, >0),
where 6 is a threshold. When a = 4, a range of state values of the
logistic map (Eq. (5)) is 0 < x, < 1. Thus, in the case of the integer
logistic map (Eq. (9)), the range is 0 < X, < 10". Here, the invari-
ant measure of the integer logistic map (a = 4) is shown in Fig. 1.

Figure 1 shows that X, < 6 and X, > 6 appear with equal probability.

Frequency

- _

0 0.5x10N 10
Xt

N

Fig. 1: The invariant measure of the integer logistic map in case that
a=4.

Therefore, it is expected that O and 1 bits appear equally by setting
6=0.5x10".

4. NIST SP 800-22

Next, we describe the NIST test which statistically evaluates
whether the sequence is really random or not. The NIST test con-
sists of 15 test items. We show these items and their descriptions in
Table 1. Table 1 shows the test numbers, the names of test items,
and their descriptions. The NIST test in Table 1 is provided by the
National Institute of Standards and Technology (NIST). Each test
item in Table 1 tests properties required as random numbers. The
random number sequence with 1Gbits or more length is necessary
to conduct the NIST test. In the NIST test, the random number se-
quence with 1Gbits is divided into small segments whose length is
1,000, 000(= 1Mbits). Then, obtained 1,000 segments are tested
by the 15 NIST items. At this time, we obtain 1,000 p-values from
each test result. Then, the following two sub-tests are conducted.
The first sub-test is to obtain P-value which means uniformity of
distribution of 1,000 p-values. For the second sub-test, using the

1,000 p-values, we evaluated the probability that the p-value is
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greater than @ (= 0.01), where the significance level « is the proba-
bility that the random number sequence is not random in the sense of
each NIST item. In this report, only if the first and second sub-tests
were passed, we decided that the tested random number sequences

passed each test item.
5. Numerical experiments

We describe the experimental conditions that we used in this re-
port. First, the pseudorandom number generator is produced from
the integer logistic map of Eq. (9) introduced in Sec. 3. Next, the
length of the generated pseudorandom number is 2°° (> 1Gbits) to
ensure a sufficient length for evaluation of random numbers in the
NIST test. Then, we used a time series obtained from the integer
logistic map after 100, 000 temporal steps. As shown in Fig. 2, us-
ing the integer logistic map, we generate a time series whose length

is 23! + 10° and discard the first 10° points as transient states. We

transient Rl R2

state

0 10 20+10°

w [
21 +10°

Fig. 2: How to produce two chaotic random numbers used for input

of the XOR operation.

then obtain pseudorandom numbers by Eq. (10). Dividing the rest
of time series into two time series, we obtain two bit sequences
Ry (10° <t <2%°+10%°) and R, (2°°+10° < ¢ < 231 +10%). The gen-
erated pseudorandom number sequences R and R, are evaluated by
the NIST test. In addition to R; and R,, we evaluate the performance
of the pseudorandom number sequence generated by R; @ R, where
@ is the bit-wise XOR operation. For one parameter set of (N, Xj),
we generate the three pseudorandom number sequences R;, R,, and
R, ® R, and test them by the NIST test.

In this report, we investigated the relation between the numeri-
cal precision N and the quality of pseudorandom number sequences
(R{,R,, and R; @ R»).
merical precision N and the initial value X in Eq. (9), where
16 < N < 20, N € N, and the hth initial value is defined
by X" = 001 x hx 10Y (h = 1, 2, -+, 24, 26, ---, 49).
The reason why X, = 0.25 x 10V is excluded is that X, con-

In this experiment, we changed the nu-

verges to zero for + > 1. From the above, the total number
of pseudorandom number sequences that we generate is 720 (=
3 (three sequences, Ry, Ry, and R; & R,) X 240 (the total number

of possible pairs of the parameter values of N and Xg’))).
6. Results

Under the experimental condition mentioned in Sec. 5., we gen-
erated 720 pseudorandom number sequences and showed the prob-
ability distribution of the number of passed NIST items M in Fig. 3.
While P(M) is calculated by dividing the number of pseudorandom
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Table 1: Test items of 15 items under the NIST test.

No. | Items Descriptions
1| Frequency Test Test whether the occurrence probability of 0 and 1 is close to %
2 | Frequency Test within a Block For a given block length, we test whether the occurrence probability of 0 and 1 is close to %
3 | Cumulative Sums Test Convert the binary random number to (+1, —1) and test the maximum deviation from 0 of the random walk defined by the cumulative sum.
4 | Runs Test Test the number of consecutive 1s (runs).
5 | Test for the Longest Run of Ones in a Block | For a block length, test the longest runs.
6 | Binary Matrix Rank Test Test the rank of sparse matrices across several columns.
7 | Discrete Fourier Transform Test To investigate the periodicity, the height of the peak due to discrete Fourier transformation of the sequence is tested.
8 | Non-overlapping Template Matching Test The number of occurrences of bit string prepared in advance is tested without overlap.
9 | Overlapping Template Matching Test The number of occurrences of bit string prepared in advance is tested with overlap.
10 | Maurer’s “Universal Statistical” Test Matching patterns within a sequence are detected and tested to see if they can be compressed.
11 | Approximate Entropy Test The frequency of occurrence patterns of a bit length is tested.
12 | Random Excursions Test The total of the number of times K times are visited by cumulative sum random walk is tested.
13 | Random Excursions Variant Test The sum of the number of visits to a specific state with the cumulative sum random walk is tested.
14 | Serial Test The occurrence frequency of all overlapping bit patterns of a certain bit length is tested.
15 | Linear Complexity Test Test the length of the linear feedback register to generate a random number.

number sequences which pass M NIST items by the total number
of pseudorandom numbers (720). In Fig. 3, the horizontal axis rep-
resents the number of passed NIST items and the vertical axis its

probability. From Fig. 3(a) and (b), the difference between the re-
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Fig. 3: The probability distributions of the number of passed NIST

items M.

sults for R; and R, is small because R; and R, are simply generated

from Eq. (10). Figure 3(c) shows the result for R; @ R, generated
by the XOR operation of R, and R,. From Fig. 3(c), the probability
of pseudorandom number sequences that pass all 15 items does not
increase, which means that the quality of pseudorandom numbers
were not improved by the XOR operation.

Next, we examined the passed NIST items for each N. In Fig. 4,
we can see passed probability of the NIST items, for each N and
three pseudorandom numbers. In Fig. 4, the horizontal axis repre-
sents the item numbers of the NIST test shown in Table. 1, and the
vertical axis represents the passed probability among the 48 initial
values Xj. First, comparing R; and R, in Fig. 4, there is no dif-
ference in the quality of pseudorandom number sequences for each
item of the NIST test. When N = 16, we cannot generate the se-
quences which pass the 1st, 3rd, 4th, 8th, 10th and 14th items. When
N = 17, we cannot generate the sequences which pass eighth item.
If N = 18 or more, we can generate the sequences which pass all
items.

Next, comparing R; and R, with Ry ® R, in Fig. 4, we can see that
the XOR operation is not effective except for the case that N = 16.
Looking at N = 16, the number of passed test items for R; @ R is
less than for R and R,.

7. Discussion

From Sec. 6, we did not get the results that application of the
XOR operation is not always effective. On the other hand, in the
column of N = 16 in Fig. 4, we get the results which are contrary
to our expectation that the quality of the pseudorandom numbers is
improved by the XOR operation. Actually, the passed NIST items
without the XOR operation did not pass if the XOR operation is
applied.

In this section, we discuss the above results. First, we compare R,
and R, with R; & R, when N = 16. While the pseudorandom num-
ber sequences R; and R, pass at most nine items of the NIST test,
R; ® R, passes at most only six items. Additionally, the number of

passed items becomes six only when Xy = 0.41 x 10V (N = 16). In
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Fig. 4: The passed probability of the NIST items for 16 < N < 20 and three pseudorandom numbers (R;, R; and R; ® R;).

the case Xy # 0.41 x 10'°, the number of passed items becomes five.
We show the frequencies of the number of passed items of the NIST

test when N = 16, in Table 2. From Table 2, we can see that the fre-

Table 2: Frequencies of the number of passed items of the NIST test
when N = 16.

The number of passed items 6171819
Type of Ry 01 15 | 24
pseudorandom Ry 21422

number Ri®R, (471|100 |0

quency of passed items 5 is extremely low in R; and R,. However, it
is the most frequent in R; @ R,. In Table 2, the minimum frequency
of the number of passed items about R, and R; is five. However, the
maximum frequency of the number of passed items about R, & R,
is five. There results indicate that the XOR operation decreases the
quality of R; and R;.

Next, we examine the reasons for the result. NIST test items 1
and 2 test whether the occurrence frequencies of 0 and 1 appearing
in the sequence almost equal or not. The frequency test calculates

a bias S of the occurrence frequencies of 0 and 1 in the sequence

using Eq.(11).

an

S = ZTZZX[ -1,
=1

where T is a length of a random number sequence and T = 2% in
this experiment. The definition of X; is described in Eq. (10). If the
occurrence frequencies of 0 and 1 are equal, S will be 0. Here, we
can redefine the bias S between the probability of appearances of 0
and 1 in Eq. (12) because T is enough long.

T

2X,—1=-Py +P,. (12)

=1
We then define pg‘) as the probability of appearances of 8 (8 € {0, 1})
in the pseudorandom number sequence of k (k € {R;,R,}). We de-
fine S’ about the pseudorandom numbers of R; & R, in Eq. (13)
according to Eq. (12) using pg‘).

, R) (R R) (R R) (R R) (R
S’ = _pgl>ps)z)+pi)1)p(] 2)+p(] 1),,2)2)_,,(] 1)p(1 _). (13)
Using pg") + p(lk) =1 & p(lk) =1- pgk), Eq. (13) is rewritten by

S/ — _pE)ROpéRZ) +p§)Rl)(1 _pE)Rz)) + (1 _pE)Rl))png)

~(1 = py)(1 = pg™)

(Ry)

-1+2p; o

+2p,

(R1) (R2)
—4170]1702



= =2(1 = p{f = pif) + 1 - 4p{fpi. (14)

Using Eq. (14), we created a color map shown in Fig. 5. In Fig. 5,

the horizontal axis represents pge‘) , the vertical axis represents pgRZ)

and the color bar represents S’. From Fig. 5, we can see that if

1 1
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Fig. 5: The color map created by Eq. (14).

(Ry) (R2)

1
py - or py?’ equals to 5 the bias S’ will be 0, and if both pE)R‘) and

(Ry)
Py

precision is enough, for example, N = 20, R; and R, already have

1
are away from 7 S becomes far from 0. When the numerical

good quality. For the reason, we cannot see that the difference in the
quality R, and R, with R; ® R,.

Finally, we investigate the number of p-values that are greater
than « in the test items of the NIST test 1 and 2 as Fig. 6. In Fig. 6,
the horizontal axis represents the numerical precision N and verti-
cal axis represents the number of p-values greater than « in the test
items 1 and 2 and the gray zone is the confidence interval provided
by the NIST in Eq. (15) multiplied by m.

(1—a)¢3,/%. (15)

In Eq. (15), m represents the number of segments of random num-
ber sequence in case of performing the NIST test. In this report,
we set parameters @ = 0.01 and m = 1,000. Therefore, the
confidence interval is 0.99 + 0.009439279 and the gray zone is
[980.560721,999.439279]. We calculated the plots in Fig. 6 the av-
erage of the number of p-values greater than « of the test items 1 and
2 in each pseudorandom number type using each N. From Fig. 6,
we can see that even if the XOR operation is applied, the number of
p-values greater than « is included in the confidence interval. How-
ever, when N = 16, the number of passed items is decreased. The
results mean that application of the XOR operation destroys unifor-

mity of the distribution of p-values.
8. Conclusion

In this report, we generated the pseudorandom number sequences
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Fig. 6: The number of p-value larger than « in the NIST test items.

using the integer logistic map [2]. Furthermore, using two pseu-
dorandom number sequences for the XOR operation, we generated
new pseudorandom number sequences and evaluated them. We used
the NIST SP 800-22 [3] for evaluation of the pseudorandom num-
ber sequences. As the results, we considered that the XOR oper-
ation was not so much effective when the inputs to the XOR op-
eration were chaotic pseudorandom numbers. On the contrary, we
found that if pseudorandom number sequences using the logistic
map without considering the numerical precision are applied to the
XOR operation, the quality of the pseudorandom number sequences

might be decrease.
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Abstract Marked point process data refer to a time series of discrete events with additional information. For example, seis-
mic activities, neural activities, price movements on financial markets are typical examples of the marked point process data.
In this report, we propose a method of constrained random shuffle surrogate data as a new method to investigate the prediction
limit for these marked point process data. We applied the proposed method to the four kinds of marked point process data.
The first and second data have deterministic features. These data are obtained from the Lorenz and the Rossler systems. The
third data have randomness feature. The fourth data have periodic feature. In addition, we report the correspondence between
the proposed method and the maximum Lyapunov exponent which is an index of orbital instability and an existing measure to
investigate prediction limits.

Key words Nonlinear time series analysis, marked point process data, recurrence plot, surrogate data



1. Introduction

Various time series signals are observed in nature. To ana-
lyze these time series signals, various analysis methods have al-
ready been proposed, for example, estimation of the auto-regressive
model, the moving average model, and the auto-regressive moving
average model. However, if we use these linear analysis methods,
there is a limit for analyses due to nonstationarity and non-linearity
of the time series signals. To analyze time series signals that behave
in complex and irregular manner, we have to consider the possibil-
ity that such irregular fluctuations arise from nonlinear deterministic
dynamics.

There are many methods to quantify orbital instability, one of the
essential features of chaotic dynamical systems, for regularly sam-
pled time series data. On the other hand, there are data that can
only be observed at irregular intervals, which are called marked
point process data. For example, seismic activities, neural activi-
ties, price movements in financial markets are described by marked
point process data. To the best of our knowledge, there are only a
few methods to quantify orbital instability for these marked point
process data from the view point of nonlinear dynamical systems.
In this report, we propose a random shuffle surrogate method with
time window constraints to investigate temporal correlations of the
marked point process data. We call it the method of constrained
random shuffle surrogate data. In addition, we compared the results
of the proposed method with the value of the maximum Lyapunov

exponent.
2. Methods

We propose the constrained random shuffle surrogate data method
to investigate temporal correlations of marked point process data by
recurrence plot techniques [1]. To obtain the recurrence plot, we
need to calculate distances between segments in marked point pro-
cess data. For marked point process data, marked spike train metric
(MSTM) is used to define the distance between two marked point
process data. In the following subsections, we first explain how
to define the state space in Sec. 2. 1. Next, we explain MSTM in
Sec. 2.2. In Sec. 2.3, we introduce the recurrence plot to visual-
ize the distance matrix obtained by MSTM and DET that is used
to quantify deterministic feature from the obtained recurrence plot.
The proposed method is described in Sec. 2. 4.

2.1 How to define the state space

It is not so easy to define the state space for marked point process
data. Therefore, in this report, the marked point process data was
divided into time windows [2] (Fig. 1). We define the ith time win-
dow, w(i), as the ith state value. To obtain the recurrence plot, we
use MSTM [3] to quantify the distance between two time windows
in this report.

2.2 Marked Spike Train Metric (MSTM)

MSTM calculates the distance between two marked point process
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Fig. 1: An example of dividing marked point process data into time

windows.

data by estimating the total cost for transforming one marked point
process data into another data. In MSTM, there are two operations.
The first operation is deletion or insertion of a single event and their
cost is unity. The second operation is a shift in a mark direction
or temporal direction of a single event, the cost of which is propor-
tional to the shift length. Then, MSTM is defined by Eq. (1).

DG, j) = min{ > {/l,lt[(m)—tj(n)l

(m,n)eC
+ Aplpi(m) - Pj(n)l} +I1+J- ZP}, M

where i and j are indices of the marked point process data, or the
time window to be compared in our case; m is an event in the ith
window and n is an event in the jth window; C is a set of pairs of
events (m, n); t;(m) is the occurrence time of the mth event in the ith
window; p;(m) is the mark value of the mth event in the ith window;
I and J correspond to the total number of spikes in the ith and jth
time windows; P is the number of elements in the set C; the coeffi-
cients 4, and A, determine weights of the corresponding terms. An
example of calculating MSTM between two marked point process

data, w(i) and w(j), is shown in Fig. 2

I=5 .
w(i) ? :
K =
\ move to temporal direction At3) - ] 0]
2 4 5
1 ‘ 3
move to mark direction
2 5 Ap|p1(4) - Pj(z)l
1 ‘3 ‘ 4
move to temporal and mark 216(5) = £(8)|
direction m J
: +4,p(5) = p@)|
K 2 [« [
deletions insertion
’ [+J-P=3
3 4 ‘ 5 P=3
J=4 g
W(.] ) ‘ 1 ‘ 2 ‘ 4

Fig. 2: How to calculate MSTM between two marked point process
data (w(i)and w(})).

In this report, we defined



4= @
61’
where &, is the standard deviation of the time interval for all data
and ¢, is standard deviation of the weights.

We should not choose a too large value of A,. If the value of A,
is too large, the resulting distance between the ith and jth time win-
dow is simply the difference of the number of events in the ith and
the jth time window. Thus, the information about event intervals
are lost. According to Ref. [3], we set 4, to 0.1.

2.3 Recurrence plot and DET

Recurrence plot [1] is a visualization tool of recurrent patterns
between two points on attractors of nonlinear dynamical systems,
which represents non-stationarity and non-periodicity in time series
data. To create a recurrence plot, a two-dimensional image is pre-
pared. Usually, the size of the image N is the total number of points
on the attractor. In this report, the state value is a time window.
Thus, the size of the image N is the total number of time windows
in the marked point process data. Namely, the recurrence plot is an

image whose value of the (7, j)th pixel is defined by Eq. (3):

Ry = L (Dw(@), w())) < 6) 3)
0 (otherwise).
where w(i) denotes the ith time window (Fig. 1), and D(w(i), w(}))
is MSTM between the ith window w(i)) and the jth window w(}). 6
is a threshold.
Recurrence Quantification Analysis (RQA) is an analysis method
that quantifies the patterns appeared in recurrence plots. Although

there are several measures, we used DET defined as follows:

N
Z ()

[=lmin

DET = —— )

- ,
Z ()
=1

where

N I-1
UMD = 3 (=R ) = Rigrjun) [ | Rostjoae )
ij=1 k=0
As shown in Eq. (4), U(!) is the total number of diagonal lines in the
recurrence plot whose length is / [pixels] and /;, is the minimum
length of the diagonal line. In this report, /., is set to 2. In the re-
currence plots of generated from stochastic processes or processes
with weak determinism, diagonal lines will usually disappear. On
the other hand, if a process is deterministic or processes with strong
determinism, longer diagonal lines will appear. Therefore, DET is
one of the most important quantities to discriminate deterministic
processes to stochastic processes [1].

From Eq. (4) and (5), it is clear that the percentage of plot-
ted points in the recurrence plot directly affects the value of DET.
Therefore, when we compare the recurrence plot and other recur-

rence plots, we need to align the percentage of plotted points in the
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recurrence plot. In this report, 6 is a threshold set to 0.1 X N X N.

2.4 Constrained random shuffle surrogate data

We propose a method for generating random shuffle surrogate
data with time window constraints in order to investigate how long
time windows with similar patterns continue to be observed. We
introduce the algorithm in the following:

(1) Define M as the number of randomly shuffled windows in
a small group (Fig. 3).

(2) In each group, the order of time windows is randomly
shuffled.
An example is shown in Fig. 3. When M = 1 (Fig. 3(top)), the

+ The number of randomly shuffled windows M = 1 (original data)

1 2 3 4 5 6 7 8 9 10

+ The number of randomly shuffled windows M = 3 (constrained randomly shuffled surrogate data)

2|3|1 6|4|5 7|9|810

+ The number of randomly shuffled windows M = 10 (fully random shuffled surrogate data)

s |5 |26 |1 [a]e][s]|1n0]7

Fig. 3: There examples of constrained random shuffling

surrogate data is equivalent to the original data. When M = 3
(Fig. 3(middle)), the data are a constrained randomly shuftled surro-
gate data. When M is the total number of time windows (Fig. 3(bot-
tom)), the data are equivalent to fully random shuffie surrogate data.
In the analysis, we increased M from 1 to N (the number of win-
dows). As the value of M increases, the value of DET decreases
because the temporal correlation is destroyed. Using this property,
we investigate the minimum value of M, represented by M*, such
that the difference between DET obtained from constrained random
shuffled surrogate data and that from fully random shuffled surro-
gate data disappears. The obtained M* is strongly related to the
time when the deterministic feature disappears. In this report, M*
is defined to be a cross point of the value of DET calculated from
constrained random shuffle surrogate data and the value of DET cal-

culated from fully random shuffled surrogate data.
3. Experiments

We applied the proposed method to four types of marked point
process data. The first data is obtained from the Lorenz system [4]
(Fig. 4(b)). The second data is obtained from the Rossler system [5]
(Fig. 5(b)). The third data is random marked point process data
(Fig. 6). The fourth data is a periodic marked point process which
is produced from a sinusoidal wave (Fig. 7).

First, the Lorenz system [4] is described by



d +

— = —0x+ 0y,

d Y

d

d_y =—xz+rx-y, 6)
dz

= = xy—bz

ar T

where o, b, and r are parameters. In this report, we used two param-
eter setups: one is o = 16.0,b = 4.0,and r = 45.92 and another is
o =16.0,b = 4.0,and r = 40.0. A time series signal of the third
variable is shown in Fig. 4(a). In Fig. 4(a), Eq. (6) was numerically
integrated by the Runge-Kutta method with the step size 2 = 0.01.
In Fig. 4(b), a marked point process data was generated by extract-

ing the local maximum values from the time series in Fig. 4(a) [6].

z(t)

o ] ’\I‘ ‘F
=l J/\M I Mw \% \\,\ m‘ /“Ji

: A

0 2 4 6 8 10 12 14 16 18 20

(a) Time series signal of the third variable z(7)

z(t)

(b) Marked point process series from the third variable z(7)

Fig. 4: The results calculated from the Lorenz system: o =
16.0,b = 4.0, and r = 40.

The Rossler system [5] is described by

dx _ .

a - 0TE

d

- ™
d

z
=b+xz-cz,
dt

where a, b, and ¢ are parameters. In this report, we used two param-
eter setups: one is a = 0.15,b = 0.20,and ¢ = 10.0 and another is
a = 0.20,b = 0.20,and ¢ = 5.7. A time series signal of the third
variable is shown in Fig. 5(a). In Fig. 5(a), Eq. (7) was numerically
integrated by the Runge-Kutta method with the step size & = 0.01.
In Fig. 5(b), a marked point process data was generated by extract-

ing the local maximum values from the time series in Fig. 5(a) [6].

We next generated a random marked point process data whose

inter-event intervals follow exponential distribution and whose
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Fig. 5: The results calculated from the Rossler systems:
0.15,6 = 0.20,and ¢ = 10.0.
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Fig. 6: An example of random marked point process data.
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Fig. 7: Periodic marked point process data of observed from a sinu-

soidal wave

This time series was calculated by sin(117), where ¢ € Z.
Total observation periods and the length of time window of all

data are summarized in Table 1.

Table 1: Total observation periods and the length of time window

System Total observation The length of
periods time window
Lorenz: o = 16.0,b =4.0, r=4592 10° 2 x 102
Lorenz: o = 16.0,b =4.0, r =40.0 10° 2% 10?
Rossler: a = 0.15,b = 0.20, ¢ = 10.0 2 % 107 4%x10°
Réssler: a = 0.20,b = 0.20, ¢ = 5.7 2% 107 4%10°
Random 107 5% 10°
Periodic 107 5% 10°

marks obey uniform distribution in [0, 1].

in Fig. 6.

Finally, we produced the periodic time

The time series is shown

series is shown in Fig. 7.

3.1 Maximum Lyapunov exponent
We further investigated whether the constrained random shuffle
surrogate data can be used to evaluate the prediction limit of the

marked point process data. We compared M* determined by our



method and the maximum Lyapunov exponents of the Lorenz and
Rossler systems.

One of the features of chaotic dynamical systems is sensitive de-
pendence on initial conditions. When we give two initial values in-
cluding a slight difference to a chaotic dynamical system, the result-
ing orbits starting from these two initial values separate from each
other exponentially. This feature is called sensitive dependence on
initial conditions, or orbital instability. The maximum Lyapunov
exponent is an indicator to quantify orbital instability, which is an
essential feature of deterministic chaos. The maximum Lyapunov
exponents of the Lorenz and Rossler systems used in this report are

shown in Table 2.

Table 2: The maximum Lyapnov exponents for the Lorenz and the

Rossler systems [7], [8].

System Parameter values
Lorenz | o =16.0,b=4.0, r=4592| 2, = 2.16
o =160,b=40, r=400 | 4y = 137
Rossler | a =0.15,6=0.20,¢ =10.0 | 2; = 0.87

a =020,b=020,c=57 |4 = 0.069

Maximum Lyapnov exponent

4. Results

Figure 8 shows the results of recurrence plots. In the recurrence
plots calculated from the Lorenz and Rossler systems (Fig. 8(a) ~
8(d)), short diagonal lines appear because the marked point process
data generated from these systems show deterministic and chaotic
behaviour. Since the sinusoidal wave is periodic, long diagonal lines
appear (Fig. 8(f)), whereas, in the recurrence plot of the random
data, diagonal lines do not appear because the random data does not
have the temporal correlation.

Figure 9 shows the results of calculated constrained random shuf-
fle surrogate data from the marked point process data. In Fig. 9,
when the value of M increases, the values of DET calculated from
the data with a large maximum Lyapunov exponent value decrease
faster than the data with a small maximum Lyapunov exponent. This
might be influenced by the value of the maximum Lyapunov expo-
nent because the maximum Lyapunov exponent is strongly related
to the time when temporal correlations disappear.

We consider the correspondence between M* and the maximum
Lyapunov exponent. In Table 3, there is a difference between the
first Lorenz system and the second Lorenz system. However, we
cannot observe any differences between the first Rossler system and
the second Rossler system. One of the possible reasons might be re-
lated to the number of events in time windows. The Rossler systems
have few events in windows than the Lorenz systems. To solve this
issue, it might be necessary to set the length of time window longer
than the Lorenz systems when calculating the distance. However,
Table 3 suggests that it is clarified that the difference in the maxi-

mum Lyapunov exponents affect the decrease of DET.
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5. Conclusion

We proposed the constrained random shuffle surrogate data as a
new method to evaluate temporal correlations of marked point pro-
cess data. Then, to evaluate the validity of the proposed method,
we applied the proposed method to the four types of marked point
process data. The first data is calculated from the Lorenz systems.
The second data is calculated from the Rossler systems. These data
have deterministic features. The third one is random data and the
fourth one is a sinusoidal wave. We divided these data into time
windows and calculated the inter window distance matrix by using
the marked spike train metric.

From the first result, we found that there are clean differences
among the deterministic data, the random data and the periodic data.
In case of the periodicity, the value of DET decreases more slowly
than the deterministic data. The random data have a low DET value
regardless of the number of randomly shuffled windows.

As the second result, the difference in the maximum Lyapunov
exponents affect the decrease of DET. In this report, we could not
find a specific relationship between the maximum Lyapunov expo-
nent and the value of DET calculated from constrained surrogate
data. As an important future work, we will conduct numerical ex-
periments on the degree of correlation between the maximum Lya-
punov exponent and the value of DET calculated from constrained
surrogate data by examining various parameters and systems. Fur-
thermore, when we divide into the long length of time window with
the Lorenz systems, there was no difference between the data and
random data. Therefore, the determinism may disappear depend-
ing on the length of time windows. Namely, we need to investigate

appropriate length of the time windows.
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Abstract The multiple-input multiple-output (MIMO) is one of the wireless communication methods that use
multiple transmit antennas and receive antennas. To ensure security on the physical layer and also to enhance chan-
nel coding effects, a chaos MIMO (C-MIMO) system has already been proposed. In this system, a chaotic dynamical
system is used for modulation. In this report, we revealed that the original C-MIMO system does not effectively use
the information bits that are used for the modulation, which makes it difficult to distinguish encrypted symbols. To
solve this issue, we propose a new modulation method for the C-MIMO system. We evaluated the performance of
the modified C-MIMO system to show that the modified method improves block error rate.
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1 Introduction

Due to the widespread use of the Internet, high capac-
ity and secure communication systems are required. To
deal with this problem, the multiple-input multiple-output
(MIMO) system [1] which has large channel capacity is ac-
knowledged to be effective. The MIMO system has already
played an essential role in the 4th generation of cellular mo-
bile communications (4G), and it is expected to be incor-
porated into the 5th generation of cellular mobile communi-
cations (5G). Although the current MIMO system provides
the security in upper layers, the security of the physical layer
is not taken into consideration. As the number of users in-
creases, the security of the current MIMO system is insuffi-
cient and encryption in the physical layer should be consid-
ered.

To ensure the security of the physical layer, the chaos-
based communication method is effective. One of the well-
known chaos-based communication method is Chaotic Code
Division Multiple Access (C-CDMA) [2] that ensures the se-
curity of the physical layer. However, the CDMA was not
been included in 4G standard and it will not be included in
5G standard too. On the other hand, Okamoto et al. have
proposed a chaos-based MIMO (C-MIMO) system that real-
izes both ensuring the security of the physical layer and ob-
taining channel coding gain by introducing a chaotic dynam-
ical system in signal modulation [3-5]. The C-MIMO system
is one of the common key cryptosystems, using the feature
of chaotic dynamics such as sensitive dependence on initial
conditions. However, it is not sufficiently investigated why
the chaotic dynamics leads to a good performance from the
viewpoint of nonlinear dynamical systems.

In this report, we numerically analyzed the dynamics of a
chaotic system used in the modulation part of the C-MIMO
system and clarified that the C-MIMO [3-5] system does not
take full advantage of the information bits used for the signal
modulation. We further proposed a chaos-based modulation
method for the modulation part in Ref. [5] and showed that
the proposed method improves block error rate (BLER) per-

formance by effectively utilizing the information bits.

transmitter receiver
n(t
s DT
. Chaos s®) ; o f r®1 MLsE s
modulation o decoder
P& > S

r N T

Fig. 1 The original C-MIMO system [3-5].
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2 The chaos MIMO system [3-5]

In this section, we review a configuration of the original
C-MIMO system [3-5]. The C-MIMO system uses a complex
number cg as a common key. Figure 1 shows the original
configuration of the 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= [b07b17"‘ ,bN,,B—lL (1)

bm € {0,1}, (m=0,1,--- ,N,B — 1).

Let s(t) be the MIMO transmit vector at time ¢ which is
given by

s(t) = [s1(8), - sm (D)7 ()
where s;(t) (i = 1,---,Ny) is the transmitted symbol from
the ith transmit antenna at time ¢ and 7T represents the trans-
pose. Let Sp be the MIMO transmit block consisting of B
MIMO transmit vectors defined by

Se = [S(O)a o 7S(B - 1)} (3)
Then, the channel matrix at time ¢, H(t), is given by

hi1(t) hin, (t)
Hi)=| . G
hn,1(t) hn,.n, ()

where h;;(t) is the channel component between the ith trans-
mit antenna and the jth receive antenna at time ¢. Each
value of hy;(t) follows antenna-i.i.d. and symbol-i.i.d. flat
Rayleigh fading. Let r(¢) be the MIMO receive vector given
by

r(t) = H()s(t) + n(t), (5)

where n(t) is the noise vector whose elements obey the zero-
mean Gaussian distribution. In the receiver, a decoded
blocks b is calculated from r(t).

In the C-MIMO system, the common key ¢o (0 < Reeo] <
1 and 0 < Im[eo] < 1) is randomly generated and shared be-
tween the transmitter and the receiver in advance. The value
of ¢o is used to generate initial values of chaotic dynamical
systems. Figure 2 shows a configuration of the chaos modu-

lation [3-5]. The MIMO transmission block Sp is modulated

b ? ] 5
2o Chk+1 B

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

Cl+1

Fig. 2 The configuration of the chaos modulation [3-5].



by using cp and a transmit block b.

The C-MIMO system modulates the MIMO transmit block
Sp by using the transmit block b and the kth element sym-
bols represented by ¢ (k=1,---, BN;). The element sym-
bol ¢ is generated from co by a chaos-based modulation
described in the following procedure.

(I) Set k to 0.
(II) Two initial values of chaotic dynamical systems, xo
and yo, are generated from the element symbol ¢, and the

transmission block b as follows:

Re[ck] (b, =0),

zo=<{ 1—Relck] (b, =1 and Re[ck] >1/2), (6)

Relck]+1/2 (br=1 and Re[c] <1/2),

and
Im|cg] (b(k+1) moa NyB=0),
Yo=q 1— Imcx] (b(k+1) mod Ny =1 andIm[ck] >1/2), (7)
Imcg]+1/2  (br41) moa Ny =1 and Im[cg] <1/2).

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

shift map:

Ti41 = 2x; mod 1,

(®)

Y41 =2y mod 1,
where xp and yo are used as the initial value. After iterating
Eq. (8) for n times, the (k + 1)th element symbol ciy1 is
calculated by

Re[ck+1] = Lnt+bkyB) mod Ny B? 9)

Im[cgp41] = Yn+b((k11)4 B} mod Ny B

where n is set to 100 in the same manner as Ref. [5].
(IV) By using ck+1, the transmited random Gaussian sig-
nal S;41 is generated by the Box-Muller method as follows:

Sk41 =1/ —log(uz, ky1){cos(2muy, py1)+7sin(2muy ky1)},  (10)

where

1
U k1 = arccos|cos{37m(Re[ckt1]+Im[ck11])}],
(11)

1
Uy k1 = arcsin[sin{43m(Re[ck+1]—Im[cky1])}] + >

(V) Repeating the steps (II)-(IV), the modulated
MIMO transmit block Sp is defined by

1 SN+ 3(B—1)N¢+1

U
o]
Il

;o (12

SN, San, SBN:

where the symbols in the ith row are transmitted from the
ith antenna. Therefore, the MIMO transmit vector §(t) is
defined by Eq. (2) given by

é(t) = [gtNtJrh'" ag(t+l)Nt]T' (13)

Ikeguchi Laboratory 2018(p. 78 / 190)

initial
value
element Eq. ©) element transmit
Eq. (6) q.
symbol .I.O symbol Eq. 10) symbol

Ck Ck+1 — Sk+1
Eq. (7) yo/

Fig. 3 Schematic diagram of how to generate 5341 from the ele-

ment symbol cg.

In the receiver, the joint maximum likelihood sequence esti-
mation (JMLSE) [3] is performed to decode Sg. The decoded
block b is them given by

B-1
b = arg min » _[[r(t) — H(£)s()||*. (14)
b oo

Note that §(t) is the symbol generated from b in the receiver
side, where possible bit sequences b (Eq. (14)) and its cor-
responding symbols (§(¢)) are generated in the receiver in
advance.

In the C-MIMO system, even if an eavesdropper estimates
a key close to the common key ¢, the communication is still
secure except when the eavesdropper estimates to the com-
mon key whose squared error is smaller than 1072¢ [6]. The

value 10729 is very small, then the security is enough.
3 Issues in the original C-MIMO system

We here point out the following two issues in the original
C-MIMO system:

(i) Regardless of whether by = 0 or by = 1, resultant
values of §py1 are the same when 0 < Re[ex] < 0.5 and
0 < Imfex] < 0.5.

(ii) Although b is composed of N;B bits, §;4+1 is gen-
erated only by four bits of N;B bits, namely by, bx41, bk+B
and bx4+p+1. This use of a small number of bits in b reduces
possible values i1, which might cause poor performance.

For the case (i), in Fig. 3, we show the flow of generating
the transmit symbol §x4+1 from the element symbol c,. We
first show how Eq. (6) affects the value of 5;41 when by =0
and by = 1. Figure 4 shows the value of Re[ck+1] as a func-
tion of Re[cx], when 1 + b(44B) moa 28 = 100 in Eq. (9). In
Fig. 4, we do not show the relation between ¢ and Sky1,
because 541 is uniquely determined from cjy1.

Thus, it is enough to know the relation between c; and
cr+1. Figure 4(a) shows the case that by = 0 and Fig. 4(b)
shows the case that by = 1. Figure 4(c) shows the difference
between the case that by, = 0 (Fig. 4(a)) and the case that
br = 1 (Fig. 4(b)). When 0 < Re[ck] < 0.5, the difference
is almost 0. In other words, the generated element symbols
are almost the same even though the value of by is differ-
ent. This indicates that Eq. (6) has no effect on 5541 when
0 < Refex] < 0.5. The same also applies to Eq. (7) when

3



0 < Imex] < 0.5.

To clarify the cause of the above-mentioned issue, we show
the values of 21 against ¢, namely the case that Eq. (9) is ap-
plied to zo and yo only in once. Figure 5 shows a return map
of Eq. (8). From Fig. 5(a) and 5(b), these two return maps
are equivalent to each other when 0 < Re[cx] < 0.5, which
is caused by the following reason: if b, = 0, the value of z;
is 2Re[ck] mod 1. On the other hand, if by = 1, the value
of z1 is {2Reex] + 1} mod 1 = 2Re[cx] mod 1, because the
modulo operation is defined by a mod 8 = o — ,BI_%J , where
|-] is the floor function. Therefore, the return map shown in
Fig. 5(a) corresponds to the Bernoulli shift map, and that in
Fig. 5(b) corresponds to the tent map.

For the case (ii), we first show the constellation diagram of
the original C-MIMO system when the MIMO transmission
block length B = 4 and the number of transmit and receive
antennas N; = N, = 2. In Fig. 6, we generated and plotted
2NtB — 98 symbols (5411), which are all possible bit patterns
of the transmit block b. Even though the maximum num-

ber of symbols is 2%, the number of symbols in Fig. 6(a) is
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(c) Difference between the case of by, = 0 and by, =1

Fig. 4 The values of Re[cy41] against Re[cy]

Ikeguchi Laboratory 2018(p. 79 / 190)

0.8 0.8
0.6 0.6
X X
0.4 0.4
0.2 0.2
0 ()
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Re[c,] Re[c,]
(a) bk =0 (b) bk =1

Fig. 5 Return maps of chaotic dynamical systems defined in
Eq. (8).

only 16, because some symbols take exactly the same value.
Namely it is difficult to distinguish one symbol from other
symbols. The same discussion also applies to Fig. 6(b).
When generating the symbol 5, the original C-MIMO sys-
tem [3-5] uses the element symbol ¢; and the following four
bits in b: by in Eq. (6), b(k+1) mod 25 in Eq. (7), b(k+B) mod 28
and b((x+1)+B) mod 25 in Eq. (9). Thus, when k = 0, although
the number of possible bit patterns of b is 2V5(= 2% in
Fig. 6(a)), the number of patterns of symbols 3; is 2* = 16.
When k = 1, bits used to generate the symbols 32 are shifted
from the bits used to generate the symbols 51 by one bit.
Hence, in addition to four bits used in the case that & = 0,
b(k+2) mod 2B and b((x4+2)+B) mod 2B are used to generate the
symbol §2. Therefore, six bits are involved in total. In this
case, the number of patterns of the symbol &5 is 2° = 64, how-

ever, the maximum number of bit patterns of b is 28 = 256.
4 Proposed system

We propose an improved C-MIMO system, addressing the
above-mentioned problems (i) and (ii). Figure 7 shows a
configuration of the proposed C-MIMO transmission system.
We first address the issue (i) that the third equations in
Egs. (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

2 2
1 1r
-~ <
19, 10, % %
£ 0 ~ E 0 ":“
"
1 A .
2 2
2 1 0 1 2 2 -1 0 1 2
Refs,] Rels,]
(a) 31 (b) 52

Fig. 6 Examples of constellation diagrams of the original C-
MIMO system, when B = 4 and n = 100.
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Fig. 7 The proposed C-MIMO system.

Egs. (15) and (16) instead of Egs. (6) and (7).
xo = Relew], (15)

yo = Im]cy]. (16)

By this change, the initial values, xo and yo, are generated
only from ¢, and the initial values do not depend on b any-
more. Second, we address the issue (ii). We change Eq. (9)
to

Ch+1 = Tnti, + JYntiy, (17)

where we adaptively change the number of iterations i, and
iy based on the transmit block b. When the (k + 1)th el-
ement symbol ciy1 is generated, the value of i, and i, are

determined by

0 (k> 1),
iy = { B2 (18)
b (k = 0),
m=0
0 (k>1),
iy = { 2B (19)

Z 2" Bp,,  (k=0),
m=B

Equations (18) and (19) indicate that i, and i, take val-
ues calculated by the second equations in Egs. (18) and (19)
only when the first transmit symbol §; is generated (k = 0).
We emphasize that all bits in b are used in our method. In
addition, since the other transmit symbols 5, (k > 1) are gen-
erated from the first element symbol c;, it is not necessary
to change i, and i, for these transmit symbols. Based on
this idea, i, and ¢, are set to 0 when k > 1. These changes
increase the number of patterns of symbols to 25 that is

the maximum number of bit patterns of b.
5 Numerical experiments

To confirm the performance of our method, we conducted
two experiments. We first checked the number of different
symbols generated from all bit patterns of b. Figure 8 shows
the constellation diagrams obtained by the proposed method
when the MIMO transmission block length B = 4.

In Fig. 8, we conducted the same experiments correspond-
ing to Fig. 6, but used the proposed method instead of the

original one. From Fig. 8(a) and 8(b), we can see that
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Fig. 8 Example of constellation diagrams of the proposed C-
MIMO system when B =4 and n = 100

the number of symbols increases substantially in comparison
with Fig. 6(a) and 6(b). Figure 9 is a histogram of inter-
symbol distances corresponding to Fig. 6(a) and Fig. 8(a).
In the original C-MIMO system, because the number of gen-
erated patterns is small, the variety of distances is small and
their values are localized to 0. On the other hand, in the pro-
posed method, because the number of generated patterns of
symbols is 2%, the variety of inter-symbol distances is large.
Therefore, our method works well in increasing the number

of patterns of the symbols.

0.06

proposed original
0.05 C-MIMO C-MIMO 1
0.04 ]
0.03 ]

Frequency

0 05 1 15 2 25 3 35 4
Distance between signals

Fig. 9 Example of histogram of inter-symbol distances on 3;.

To show that the increase in the number of patterns of the
symbols does not depend on the value of the common key co,
we compare symbols generated by the C-MIMO systems and
symbols having 256 patterns that are the maximum number
of bit patterns. Namely, we generated 256 patterns symbols
which obey a Gaussian distribution having the same average
and variance as symbols generated by the C-MIMO systems.
We calculated the distance between the distribution of inter-
symbol distances obtained by the C-MIMO system and that

Table 1 BLERs of A of Eq.(20) obtained by the original C-

MIMO system and the proposed method.

original | proposed

A 0.0188174 | 0.0020653




Table 2 Simulation conditions

C-MIMO system

MIMO Block length B=4
The number of transmit and Ny =2
receive antennas Np =2

Chaos map Bernoulli shift map
The number of iterating n = 100
Synchronization of common keys perfect

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

Receive channel state information perfect

of random symbols as follows

A:/ |P.(2) — Po(2)|dz, (20)

where Ps(z) and P,(z) are cumulative distributions of the
distribution of the distances between symbols generated by
the C-MIMO system and by random symbols. Table 1 shows
the averaged values of A calculated from 100 common keys
co. From Table 1, the proposed method can generate symbols
that are more similar to the symbols than symbols generated
by the original method.

We then evaluated the BLER performance of the proposed
method. Table 2 shows the simulation conditions. We as-
sumed that the channel information follows the antenna-i.i.d.
and symbol-i.i.d. one-path Rayleigh fading. In addition, the
channel information is perfectly estimated in the receiver
side.

Figure 10 shows the BLER against the signal to noise ra-
tio (SNR) per receive antenna. We randomly generated 10°
transmit blocks b and calculated decoded blocks b. The
BLER is the rate at which b is not decoded to b. We changed
the common key co every 10* blocks (the total number of
common keys ¢ is 100). The real and imaginary parts of the
common key cyg obey uniform distribution. The elements of
n(t) are additive white Gaussian noises.

From Fig. 10, the BLER performance of the proposed sys-
tem is improved as compared with the original system. The
reason is that it is easier to distinguish modulated symbols
from each other due to the number of patterns of the symbols

increase.
6 Conclusion

In this report, we investigated the modulation part of the
C-MIMO system from the viewpoint of nonlinear dynami-
cal systems. We then indicated that the original C-MIMO
has drawbacks in the generating point of the initial values of
chaotic dynamical systems. We also investigated the constel-
lation diagrams for the original C-MIMO system and found

that the same symbols are generated from different values of
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Fig. 10 Comparison of the original C-MIMO system and the pro-
posed C-MIMO system. The horizontal axis is the SNR
and the vertical axis is the BLER.

b because only four bits of N¢B bits in b are used to generate
the symbols in the original C-MIMO system.

Based on these results, we proposed a new modulation
method. In the proposed system, all bits in b are used and
the number of iterations of chaotic maps is adaptively con-
trolled on the basis of the information of b. We showed that
the block error rate performance is improved by comparing

with the original one.
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A Study on Common Noise-induced Synchronization of Chaotic Maps Using Colored Noise
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Effects of excitatory/inhibitory neuron ratio on firing rates and learning
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Influence of TRPM2 channel on insulin secretion
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Nonlinear time series analysis with local vs global Recurrence plot
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A method of investigating determinism of marked point process data
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RECONSTRUCTION OF A COMMON INPUT USING SUPERPOSED RECURRENCE PLOTS
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Improvement of Chaos MIMO system and Its performance evaluation
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A computational and empirical study on
blink synchronization induced by performer’s inputs
(HHE P S DAINT & > TEL 2B H FEMIZEE S 551 5GER1Y - SEEERAYATYT)

Abstract

Synchronization is one of the universal phenomena in the world and thus has been
studied in a variety of fields such as physics, biology, and psychology. In recent years,
blink synchronization in experiments with individual participants has been reported.
However, it remains unrevealed that the nature of blink synchronizations in theatre
where a performer and multiple audience members interact with each other. The
purpose of this thesis is to explore the mechanisms of emerging blink synchronizations
in theatre and its effects on human cognition and collective experiences by taking both
computational and empirical approach.

In Chapter 1, I introduced the background of the research on blink synchronizations
in theatre from the viewpoint of synchronizations as universal phenomena that are
observed in a group of neurons as well as inter-personal interactions.

In Chapter 2, I discussed the conditions for emerging blink synchronizations in
theatre. The possibility of emerging blink synchronizations depends on the degree of
mastery of the performers. Moreover, higher subjective transportive experience was
related to larger variance of inter-blink intervals (i.e., IBI). This result suggests that the
professional performance leaded cognitive process regarding enjoyment while experts’
act also guided the switching timing between attentional allocation and attentional
shift. Subsequently, the blink rates change in accordance with the performance, lead-
ing to enlarge the differences between dense blinking and sparse blinking. Hence, the
variance of IBI would be larger for participants who had much the transportive expe-
rience by the professional performance.

In Chapter 3, I explored the nature of blink synchronizations as a human collective
behaviour. In a collective experiment under the theatre setting, the degree of blink
synchronizations was increased 30 — 60 % compared to that calculated using the data
obtained in the laboratory experiment with individual participants, which was reported
in Chapter 2. Regarding blink synchronization in theatre, collective viewing is highly

more effective especially for the first-time viewers than the frequent viewers. Inter-
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spectator forces, if I could refer to, influence attractively in collective viewing settings.

In Chapter 4, I proposed a mathematical model that explain human blinking focus-
ing on the distributions of IBI. I discuss how the blinking patterns vary due to external
inputs that is represented as the fluctuation of a threshold function. In particular, the
model reproduced the previously known all four type of IBI distributions and the model
also predict a trimodal IBI distributions that have not been reported empirically. The
parameters of the model also suggested that relatively slow (0.11 —0.25[Hz]) oscillation
governs the human spontaneous blinking.

In Chapter 5, I proposed that a method to reconstruct a time series of common
input using overlapped multiple, i.e., superposed recurrence plots. The time series of
the common input can be reconstructed based on superposed recurrence plots with
high accuracy when the sufficiently high dimensional embedding and the widths of
time window for calculating the firing rates were set to an effective value to capture the
fluctuations of the common input. I therefore applied the method to the blinking rates
as well. Using the superposed recurrence plots of audience members’ blinking, a time
series of the common input was reconstructed. The fluctuations of the reconstructed
time series were assumed to be the common input of the expert performances that
influence on blinking systems of audience members.

In Chapter 6, I discussed the blink synchronizations in theatre based on the numer-
ical simulations and experiments in this thesis. Then, I stated the limitations of this
study and possible interpretations. Finally, I referred to the remained problems and

future research on the theatre communications.
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In the cortices, a number of neurons exist. By interacting with each other, the neurons organize huge com-
plex networks. Then, these neurons exhibit diverse spontaneous neuronal activities. Beggs et al.(2007)
reported that the neuronal avalanche phenomenon in which the synchronous firings of neurons propa-
gation occur in the surface layer of rat cortex. Frequency distributions of its life time and size of such
synchronous firings follow the power law with the slopes of —2.0 and —1.5, respectively. Those values of
slopes are similar to the avalanches of the snowy mountains. Therefore, this phenomenon is called neu-
ronal avalanche phenomenon. It is suggested that neuronal avalanche phenomenon plays an important
role in our memory and learning. In theoretical researches, several neural network models that reproduce
neuronal avalanche phenomenon have already been proposed, but it is unclear why such a network struc-
ture induces neuronal avalanche phenomenon. On the other hand, it has also been reported that spike
timing dependent synaptic plasticity (STDP) autonomously induces neuronal avalanche phenomenon.
Although most of previous studies have succeeded in reproducing the neuronal avalanche phenomenon,
these studies assume hypotheses that are physiological unplausible. In recent years, it has been reported
that neural rhythmic activities are observed in the cerebral cortex in the growth process of rats, and this
rhythmic activities contribute to the formation of neuronal avalanche phenomenon. It is reported that
such rhythmic activities greatly affect the network structure induced by the STDP learning rule. That
is, by considering such characteristic oscillations of neural rhythmic activities, it seems that there is a
possibility of reproducing neuronal avalanche phenomenon more natural assumptions.

Therefore, in this thesis, we show that neural networks with the STDP learning rule can reproduce
neuronal avalanche phenomenon by introducing more natural assumptions. Specifically, we assume that
neural rhythmic activities play an intrinsic effect for reproducing neuronal avalanches. We introduce the
assumption that the above-mentioned characteristic rhythmic phenomenon is autonomously induced, and
show that the neuronal avalanche phenomenon can be reproduced by applying the STDP learning rule
to the neural network.

As a result, it was possible to autonomously reproduce the change of the rhythmic activities observed in
our brain by incorporating the change in the function of inhibitory neurons into the model. Furthermore,
as the neural rhythmic activities observed in our brain changed, the statistics of the neuronal avalanche
phenomenon also changed. Under the situation where the neural rhythmic activities observed in our brain
can not be reproduced, the statistics of the neuronal avalanche phenomenon could not be reproduced.
However, under the situation where the neural rhythmic activities can be reproduced, the statistics of the
neuronal avalanche phenomenon could be reproduced. Therefore, it became clear that the change of the

neural rhythmic activities play an important role for reproducing the neuronal avalanche phenomenon.
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Common-noise-induced synchronization is a nonlinear phenomenon in which various nonlinear dynamical
systems synchronize when a common noise is imposed. This phenomenon is widely observed in various
fields of science and engineering, such as the spike timings of neurons, masting of trees, alternate bearing,
circadian rhythms, and the numbers of sheep in isolated islands.

We first modeled the alternate bearing of Citrus unshiu based on the framework of common-noise-
induced synchronization. The alternate bearing is a plant phenomenon of several fruit trees in which the
volumes of product increases or decreases every two years, across a wide culturated area. We modeled
common noises by applying environmental fluctuations based on Resource Budget Model. Environmental
noise refers to commonly influential surrounding information such as air temperature and humidity. In
this model, we obtained the autocorrelation function and the power spectrum of the sunshine hours
data that would contribute to the alternate bearing. These results suggest that the environmental noise
would be colored noise rather than white noise. Therefore, colored noises characterized by slopes of
powerspectrum, were imposed to the proposed model as common noise. Then, the correlation coefficient
of the proposed model demonstrated that the oscillators more strongly synchronized as colored noises
whose parameter v was larger, were imposed.

Then, we investigated the behavior of synchronization when a colored noise was imposed to other one-
dimensional maps as well: A sine map, a chaotic neuron, an exponential map and a mouse map. On the
other hand, previous studies on colored noise focused on differential equations which have a continuous
time dynamical system. However, little attentions have been paid on one-dimensional maps. One-
dimensional maps are selected because they have discrete-time dynamical system, of which calculation and
implimentation cost are small. If discrete maps are taken as a Poincare section discretizing a continuous-
time dynamical system, the knowledge of the behavior in the colored-noise-applied state might be useful
even in a continuous system.

Results of numerical experiments showed that, similar to the proposed model for the alternate bearing,
the synchronization rates decrease as the parameter v of the colored noise increase in all four chaotic
maps. When examining return maps, we confirmed that the shape of distributions slightly changed
and the frequency of state values changed. The calculated ratios of enlargement as well as reduction
corresponded to the synchronization rate. In other words, the reduction ratio of the minute differences
was positively correlated with the synchronization rate. These results suggest that the synchronization
is caused because two oscillators more frequently take the values in such the area where the minute

differences become reduced.
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ETHERUZEBOWREIZE Z2IGEBH DI LWHRATE-. TNSORIZ, SRIOFERGHETIER U -H#E
FLBUZBE L TlE, BUEFHBERE N 2320 < N <300 CHOICHEREZRET I 2REBTE2HDTHS. Z0s
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A & A —F % F\> 7z Prize Collecting Steiner Tree Problem O fi#jk:
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DHHEL D, ¥ 7—H—F LD bEOMBRRMRE L ZEWEEZ 2R T LBbh ok,

2 PCSTP

PCSTP & liifei % £ prize / — F, iz 2wk ) —F, EAREFFO Ty 9652577 70352 678, K
(D) DHNEEZ R/MET 2 RE2 KD HHETH 5. 2TD prize / — FEMARICELHEIZZR\NDS, prize / —
FEBORICEZROEEE, 20/ — FPROMlifi%2S2 2 L3 TE LD -7 LIZ7% % DT prize 77O EFHIZ HIY
BIBUC G2 %, —J, ik — FIRaRIcEE T L HEREZ T 220,
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TIZEEFNBZIvPaRFERTIZEETNEW ) —FORF LT 4 OMER/MTBUEETH 5.
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T/ — FOFALHIERZTO, RANRIEARZ TR T 2. ZOBRMEX, —FiOREVPKIET 2 X9 icftbhs, T4
LLigVr RO i ZMTIGEML, ieVr 892, —HieVr o Xi ZHIRL, i¢VrEd2%. ZDLE, Vp THHE
FF DINEBAN DR 7560, FITAVREM L %22, 7 PCSTP Tl3, MfFEMEHINBEIEEIC 5 2 2 wE %
EBL, pi>00/ — RICBAREZITI. i¢Vr 2o i OMETORERE LICH 2/ — FIT% v 13l
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2IT, ERINBAT, nidfho=2—wrhr 6D AT, 6 FEE, f()IFAT Y TRBTH S,
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eld, /7 EA FEIBORBIETH S, £/, ZOIFARAZ2a—0ryEFAZNEO=Z 2 —0 Y THERS S
HDDCNN THh 5. REETE, —2—v Y iMBPCSTP D/ —FilcWET2 X HICCNN ZBEL, x(+1)>05
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%, —a—uvin¥LFrI7 A, KNG ~HX @B THRIHUTES,
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Ei(r+1) 13HBA 2R L, HEBIBEZ M ST CRDD 5. B IFSHEATIDOIMIER T A =2, A1) 1d/ —
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2T 2R H 5.k IPISEDIREER, o FAICEOTRE T X =2, RIFFIEDNA 7ATH S, x(t+1)
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4 RERER

DIMACS challenge DX > F v — 7 [ [4] 2> 5, K100.1, K100.2,..., K100.10 ® 10 fADREZHHL, ¥ 7 —3—
F LREEOWRIIL 21T 720, WYL A= OWRZ2I{To7, ZNZNOMEDMREIX, ¥ 7 —%—F 3%
T—HMTH B s, REERIW ERZEE L0, EDREATA—F B & & DWEEER k ITHKAFT 5.

7= —F0y 7=l s 1%, FHEETs % 122529 FTELIE, 2N 10 HHER L EROFEH S -
ELELS oo s ZERAL 7.

, WAAY—=FIfEHT %539 X —%1% B =0.0006,k=0.95 & L7-.

WELIENTIA=FZHG 100004 ¥ L — a Vi L7 L & —MORBROKRT L L, fHEEZT-o 7%, FHiiERIE,
—EOERE» 6 (10) ZHACTHEIN2HERTH S, WIRIL, TXTOERTBER prize / — F (p; > 0) %, &
BRI TR S AR L 2, UIRIC X 2RERDIZSDEE D, FREFNORMEL 10 AR L TE o L F
PR LR fE, oM Z R, VRSN % 175 72

v RO EINBIBE — frowfi
a FJEfE

X100 (%] (10)

R L1WOEORY Fv—JMEICOWVT, 7Y —FEAFRAY—FZNZNTHEVL L ZDOMRE

s 7= —F BEAY—F
v Fe—JfE | ¥ 7 mME P fE AME | /Ml TofE L EZN
K100.1 20 0 0379  0.757 0 0252 1262
K100.2 13 0 251 6.545 0 0.489  0.945
K100.3 28 1.903 28.984  62.248 0 039  3.898
K100.4 13 0 0 0 0 0 0
K100.5 12 4.l64 4512 5.899 0 0 0
K100.6 13 0 0348  1.742 0 0 0
K100.7 26 0 1414 3112 0 0376  1.257
K100.8 16 0 0.998 4315 0 0 0
K100.9 13 0 0 0 0 0254  1.268
K100.10 13 2794 3371 5677 | 2794 2.794 2794
) 0.886 4252 9.030 | 0279 0456 1142

ERVFe— VR Y 7TV —F LT RS —F ZNZNTHROIFERE2RLICRT, § 77— —F AT AT —
FRIEL T, MBS EE-ZGAZRTE L, £1ILBWVT, ROWERMESNLF2RKFETRY, ¥ 77— —F
<X, [ K100.3, K100.5, K100.10 TRNRZER O TRD 2 Z L3 TE R o7, FHRE K100.3, K100.7 DEK
RIS E WE & 2> T 7 2 L2 S RFED S OB SR o7 2 L35, —F, ARV —F T
K100.10 Z B < FIRECR/ANRAERDI0 L k> Tz, mARERII DWW CTHMIRICRZ REIF RS kv, ZOfE.
BAFAY—F UL, ¥ 77— —F LK L CEN R & RO I8 2 2 enEZ 6N, i, %
NENOVYPRAERZ KT 2 &, FEKL00.9 DADRETH A AV —FBRAEN LOBiEZ R L T/, 20l Lk
Do, BAEBZMEICOWTHAARY—FIZENTH S LBbh b,

HROEVOHBZFAET 2720, TNLTNOMRROFET KL 7. BOEO7uy b2z 4 ¥ —> 3
v, MEERAERE L TR Q) WRT., ZRZL, AFAY—FF 1 APV —2 a v CROEBERZERNITI 20, 4%
L—y a VKT ER R 7ay + L1k,
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X 2: K100.7 Z ¥R L 72 & E DEDER

YT =P —FDEETIE, 1504 L —>aryhs504FL—>ay, 600/ 7L —2ard»569004 7L —a
VOMITHBRDIEEZ DR L Tw b, ZHUIRFIRICHD, BUBSHERE S o772 E2EKRL T3, FLBOE
LOEL/NI, —J, A AY—F OERTIHFAROEEZ B ETHEINIBEcCER Y, BOFe2EbRESA
P CRRB OB ZITA TS 2 b9 5.

5 FEH

AKX T, AFAY—F 27 PCSTP DL ZRE L 7. ZOMR, AFARAY—FIE5 7—%—F LKL T
INEIPHDOfRZEM 2 RE T2 2 N TE L0, R D6, BELLEREZITZAD I Db olk,
SHOPEE LT, WEIGE L7237 A =9 2RET 2 FHEOMMLIRO NS, 2L T, &Y/ — FE»S WHE
PEL DR AR o MBI L THRHEEZIT I DELDH 2. 7o, BMEOTFEORREEZ WA A —FITEBH L L
FOMRBICOVTHIEZIT Y, AFRAY—FOUELZ R TE 2 FEOMRLEETH 3,

SE 3

[1] David S. Johnson, Maria Minkoff and Steven Phillips, “The Prize Collecting Steiner Tree Problem: Theory and Prac-
tice,” in Proceedings of the Eleventh Annual ACM-SIAM Symposium on Discrete Algorithms (SODA’00), pp. 760-769,
2000.

[2] Mikio Hasegawa, Tohru Ikeguchi, and Kazuyuki Aihara, “Combination of Chaotic Neurodynamics with the 2-opt Al-
gorithm to Solve Traveling Salesman Problems,” Physical Review Letters, Vol. 79, pp. 2344-2347, 1997.

[3] Fu Zhang-Hua and Hao Jin-Kao, “Knowledge-Guided Tabu Search for the Prize-Collecting Steiner Tree Problem in
Graphs,” Knowledge-Based Systems, Vol. 128, pp. 78-92, 2017.
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M4 &b, BUEIZLET 255 IEROFRKEREEZRT I ENDhrs. BAEREELZ-ZITX D, N
E\Eﬁ)ﬁﬁﬁﬁ'fkj—é (‘:%Eﬁmuf%f:.

3.3 EBMRFRIITOLE

RIZ, BFKBAGIIFUTISI N ED &S ITHETHIT 2 DR T 5720, ISIOZERMEICER U 72f#
Mrafrs. @R Z2EECThHh o HBIL 72 ISI OFEE R % 1), ISIO#MREZE n L LT, ISIOZRERBM R, %

Iy,
Ri=— (4)

CREFET S, ISIOFEERLZ VL T2 R X 1IEDL. DX D ERRMEDE WEMERFEK X = DA, R;
WEWMEE 725, 8T A — &d—QJ;Joalmb a, b, c AL LRRERRB D DI %2 X 5 (2R
B 5(a) 1& c=—65,0.02<a<0.035,01<b<08&U7ZFERTHD. K5D)IEb=0.20.02<a<0.035
,—60<c<—40 L U7zfERTH D, K5(c)lda=0.02,01<b<08 —60<c<—40&U7MERTH 5.
FAMEE LT a % 0.0001, bZ 001, cZ 0253 2BLIETWVWS.

B 5(a) T, R OKfEIXa =0.02,b=011,c=-65,d=21=10D & R, =094 Th->7z. ¥
5(b) Tl, R; DEAfHIZa=002,b=02,c=-425d=2,1=10D& & R; = 0.201195 TH>7=. [X
5(c) TlX, R; DKMl a=0.02,b=0.11,c=—-50.75,d=2.0,1 =10 D& & R; = 0.950495 TH > 7=.

3.4 BBEOEANWEBEBLRLYT T/ 718EE (4]

33HITT, HRREBBVRD @D 7N T AR U TAFANEEZE L TV EDHREEITR T2, A
ANIFRIE, EPITRGD 2O0HEEZ A5 &, TNTNOMHGEIX TR 58 2 R 3 ¢ HEBEUR T

AU g A

0 50 100 150 200 250 300 0 50 100 150 200 250 300 50 100 150 200 250 300
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vimv]
SEBRES
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S
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8335885838

tims]

(a) Regular-Spiking (b) Fast-Spiking (¢) Intrinsically-Bursting

X 2: BMEDZE) T 5 Izhikevich =2 — B Y ETIIIEIT S, &FKNZ— 2 DOIRERERY]
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0.05 0.05 0.05 ;

) ) )
& g 5
=} =} =}
o o o
£ hH\WH\\HHHHMMumu | g g

. L | 04 0

15 16 17
tms] t{ms] t{ms]
(a) Regular-Spiking (b) Fast-Spiking (¢) Intrinsically-Bursting

4: RENEET 2 Izhikevich =2 —T VY ETNMIIBIT B, ZFHAKSIX—2DISIOL A NT T L
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HEELTWS., {HESREREE 2RI T 27200 EL LT, V77 781V H 5. KLt TOR
72% 2 DODOYIMEIZ X S RHGED A%, D(t) & LT (5) IR,

D(t) = D(0) (5)

ZITEADBVT T 7HEBEZRLTWS. NDEPETH D, X (5) 15, B UliEz 52 -Ho
BB DILA O BB TWL 720, ZOIREFIIAANTHELEZXS. A (B) ONEE LD L
R6)DEIICKTILNTES.

log D(t) = At + log D(0) (6)

Ky, WHBEBOTY D) 55, X \NEOHETH 22 HET 5. £ -MHEDE D(t) DR
BRI TOMY THB. HDBIELIZHIF 5 2 DDM (v1(t), va(t)), (us(t), uz(t)), (01(1),05(t)) DFil%
D(t) LT 5L R(7) LRTZeNTES.

D(t) = /(vi(t) — v2(t))? + (u(t) — ua(1))? + (61(t) — 62(1))? (7)

¥ 6 12 EIZR U8 T A= ROBUENEET 5 L D log D(t) DRI %ZRT. MHEORRE D OHERM D
FHBE D(t) ORERINER, ROV AAMERROSNDGEIHRT LI LW TEDEDMHE 2R LT,

log D(t)
W
o

0 200 400 600 800 1000 1200 1400 1600 1800 2000
t{ms]

B 6: 3.3HITKDZNTRA-RIZBIT 5, R HHMEE G A 7-REOEFM O D(t) D2z F s 7
7 Ti"%/_‘?\. L/ f:r\ljzl:%

X6 %R TEMDMEE 2HRT 52 DTS2, BME 0 2 FRFEZ /L X H 72 Izhikevich =2 —0 VY E TV
WIHMESIBURE 2> Z 2 6 5.
4 F&®

ATl Izhikevich =2 —B Y EFIVZBWT, A (3) ZHVTHIE 2RI EL 22k —
ETH DA EZMZ XY, ISIOZHEMEZFHTE L. T UTISIOZHMERE WS XA =Rz L THh
FAMZRPFE LU=, V7 7 7R RO FER, ISIOZRENE VST X — X CEEMDH A A% R L
7z. HEO= 2 —0 Y CIIEBZT ARG I A AEZFH O, FOXAIZXLITEI Lo TV,
ARWFFED 5, BBEMOEIIG URHZEIT 2 Z e RRBINT VWS,

SE Xk

[1] E. M. Izhikevich, IEEE Trans. NN, 14(6):1569, 2003.

[2] E. M. Izhikevich, IEEE Trans. NN, 15(5):1063, 2004.
[3] Jan Benda, Leonald Maler, and Andre Longtin, J. Neurophysiol, 104(5):2806, 2010.

[4] ®AE, Izhikevich = a— B Y ETIMIEITF DA AKX A F I 7 ZADMENT, 2013 FEH KT T
W AT L TR RS, 2014.
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BN = o — 1 VDA DA AN 7 24 IV T OMBEIZE 2 5 HE
BEFERERH (M1 2% )

=31
1 5=

ANHEORE, S5, R, WRE, M, WER L OMNEOREE 2, MNOMRME= 2 — v Y EOBELIE 5O
X THEBL, EETVAH, MIXFEICEHL WS, /2, AMPETCWIMEMIFEELREITIZ LS, =a—
0 I S ORI R K TERfICESE S DM AT > TW0Wad. ZONHREED ATRHRIMIZFEKT S L %
HAEFRKIEF 0 S, KIEEOMRMILIEZ O X S ICHRBRKEH 217> TW5D [1]. 72, KINEEOEENE=2—
OV [E DO E AL Strong Sparse Weak Dence(BAUF, SSWD) TH 2 Z &3> TWwb. SSWD kid, BOiEED
PR, WOKEED L VIREBE RS 5. Gk [2) TIRERFKIEE N T, A8 7O AHINICHBID B % iERILEE]
FarmMLUTWD, HERLBHL L, BERBEOREDANITH LU THE2MRDO N TANBEORIENHEIHRKTH
. FHISIESSWD & UTHEERAMEICRS —a—F 3y N7 =22 HWT, FAREOMEAHBEREZ#HE L
TERILBBIR 2 HBLI U2 (2], TOME, MEREOREVWYF TAMIZEWT, A1 27 K41 3 v 7 O AR
MRELRDEVWIEHRDPFHAI N, RESIESSWD & UTHY YDA EMHAL, A1 7 R4 IV 7 OMBEIICD
WTHELZ [3]. UL, MERILGHRKZFHT 2 ZLIXTER o7, £z, EHPEROMSERZ WBEHRM T
HETELZIZEEDLS T, BT YOG THETERL S 7ZORIZDWTIZH S IR TV,

2 BH

ERILGTR 2 BT 5 72D EHER SSWD O 2 TS 5. JfrifsiTld, SSWD D4 INEER S 6, A
VINMEERHWTY I ab—Ya v EiTo7z. SSWD OSARNBIER A DG G, HRILBEKPERTE, Hv
Rofic WG E, WRILBERPHR TS o7z, AHETHE, BEE=a2—u VRO Y F TRAEASH DI
WEAMINEERSS, 2RI VI HEHNTY Ial—Ya v i fToRE2MET 5. 4401, SSWD
DRI 0T % AWV EE, HRLBHAZMATE AP o202 {E L2, HRLERKLA2EHE TS TRV
Hik SSWD O ICH v v iz #A S B 728, FEREMYE VL EOMEMHBERELPEWHEEZ L > TS T
Hb. FIT, MIIAZXA IV THRRKTE2oa—0 v OBEHELZ. TO, MEDX Y b7 — 7 2KOEHF K
EBWREUIZR BT A =R BN, B8RS, KRB LHND L HEMHBERERERE ER->TLEY, RS
W=D THD. AWFETIE, SSWD 4346 & HEMHBERBOBERIZ OWTHEL 2R 2 HET 5.

3 HIEETI

XHR[2] Tl, =a—F3xy b7 =2 ZRETIHIETNE UT, Leaky BMAFKET VEHVTWS. £z, X
%ﬂﬂﬁu,mmqﬁﬁ%k%?wklgﬁ MY F T 2DV R IRV A gy, gf DEAF IV AREZELEZET
WERRBELTVS (X (1). X (2), (3) [CHEN, WEMEYFTADIVEIRVATHS g, g1 DXAF I 7 A%R
IR, v BEEMATH L. 7 FREBEARERTH Y, BEY =202 T =20ms], WfHE=Z2—1 2T
7 =10[ms] TH 3. Vi & Leaky BALOWHLEN, Vg IZHEM Y F S ABRBROWIEREL, Vi (ZIMHEIMES > 7 A%E
WOFEHENTH Y, THhZNV, = — 70[mV], Vg =0mV], V; = —80[mV] TH3. Bflld — 50[mV], Vv b
flilx — 60[mV] & L7z, 6(t) T VAR, Gp; 3 j FHO= 2 -0V IZHALTWIHEELY S TADEA, G,
FjEHDO=Z 2 -0 VA LTV AHIHINES S TADER, d;j l3=a—8 Y j PS5 DEERETH S, s; 1F=a—0H
VIIMODANRL I RAIVITHD. WMERER 75 1% 2[ms] TH 5.

d’Ui 1

P —;(Ui - Vi) —9g,(v; = Vg) — g1, (vi — V1) (1)
dgg, 9E,

7 — _ k3 PR . 2

dt d;) (2)

J
dygr, g1,
el *TJFZGI,LJZW*SJ'*CZJ) (3)
s J Sj
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4 HEBRFM

B [2] DXTA—RFEIFFR L OBY THS. AWFETIE, 1,000 HOHEME= 2 —1 > & 200 HOMEIME= 2 —
OYEHWT=a—5)VAy N7 =2 2R L. FIHPRED S 100[ms] O, $RTO=a—n VIZAMBALZ 5 X
Tz BMBATNTIZRT Y VBFRIHED AN 252 Wz, £=a—1 VIESCHR [2] L ABRICE 1 h o et RT, i
D=a—BprifEad s, MEEHOYF T AEALSSWD &2 0MmICE LI E, ZRISOYF T AEARITEK 1
DY —EMHE Uz, BIEIE 0 ~ 2[ms] DB OEE % T > X LIEALE. ¥ 2 b— 3 YIEIK 20,000[ms] & U 7-.
£72, SSWD & UTHBIER M, H <oz v

K1 —a—n VHOMERHERL T A —RFE
MEATTO—a—0YOffE | EALEOZa—o Y OfME | EaHER | Y F TADEA

G SSWD
Hill 7
BT 0 01 7.56
G 0.84
FUIYE HIFITE 05 105

NV RN HORERBEERSE R (4) 1R T, k=0.066,0=15Th 5. NEEHRIHGOMREZBEEERX (5) 1TRT.
o =125, =3(log(0.2)) + 302 £ § 5.

flx) = ﬁ”ra;wk>&0>ax>m (4)
_ 1 —(logz — p)?
flz) = V@;Uexp[ 957 ] (5)

5 EERER
51 J2R4%—7Av bk

Bl 1(a), K 1(b)ldEhEN, WEE= 2 —0 VBOEADHESBERSM, Wit L DI AL
Oy b Chb. BEBIEEL], MIE= 2 — 12 BE (0-999 IFEEME= 2 — 1>, 1000-1999 k=2 —n ) 2%
T X 1(a) OEBEMED TR, #0.915[Hz], X 1(b) DEEMEDEIFAERITH 0.999[Hz] THS. SEDY I 2
L=y 3y Tk, AREOEERKELRDNTA—RT, MEREONMAEEZ, HAMBRNRELEKTS. £oT,
X Q) DNRTRA=R 0 %FHEL, FBREOFRKETHIEEITS
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200

ob ‘e S AT c T
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1. AX—=7avy k
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SSWD D442 9.0[mV] LA B BUERI A, Z oMUz Ay~ 0% EH L7254, SSWD O/MHIZA Y < afie
LE5DEATHHRKEKET LI Wb 5. 770, HYwnmOBATIE, BENE= o —o > h W 5 i it L
THRKURTWEHADD 5.

5.2 HEEMEREREK
FHAHBEREE R (6) 1R, MBI E 1% 2 DDA E OREEHEMARFEL TWBED, b L < IZHEML
TVWERERTEDTHS. & (6) ELTELLUTFTOLSIIERTE 3.

Sty (@i () = < Tin(t) >) (Tout(H) = < Tous(t) >)

© o (6)
\/Zz;l(xin(t)i < ‘Tin(t) >)2\/Zzﬂ:1(xout(t)f < l‘out(t) >)2
— Pr(minxOUt)T - TQTinrout (7)
VrinT — (rin D)2 /TouT — (rousT)2
= Pr(Tou|im) 2 -

out

Tin(t) 1&, Rt IZBITDBATANRS T, AR IR ER L, KRV EEER0LT D, 2ou(t) 1, RHILIZS
FBEHIAANRA T, ANA72HTLER L, HIBRWVWEEZ0LTD. £/ <20 >, < Tow > WETNTN 241, Tout
DOBAT ETDVEETHS. i, rows ETNTNAMDD AL ZFIOFKETH S, TIiEr,T << 1,rouT << 1 i
T RWIFHXETH S, Pr(zm|zon) = rin (&, ATTANA ZPRZEESHIANA 72 B U LB EHETH 5.

2(a), X 2(b) I PRGN & AHEABRBOEFRE 2L 7. MEREORI IR > &k > FOIEETHS. XD
e AN B AR AR, BEILEYIIREMN TH S, PHEEMLBEINE, a2 - ERALP T LS.

04 ‘ ‘ ‘ 04
035 | 035 |
03 | ] 03 |
) 025 | 095 |
o 02y S o2
0.15 | 015 |
0.1 r b 01t
005 | 005 |
0 ‘ ‘ ‘ 0
70 -65  -60 55  -50

70 65 60 -55 -50

Mean membrane potential(mV] Mean membrane potential[mV]

(a) SSWD & LT 9.0mV A EICHEER A, #

D= 5 >~ 4346 % S ] (b) SSWD & UTH >~ 434 % i

0.4

0.3
c
Rl s
ks w02
o o
5 0.2 g
8 g 04
2 5
o (&}
@] 0.0 :
70 -50
0.0 Mean membrane potential (mV)
-60 -50 -40 . : s
Mean membrane potential (mV) 00 Firi;:rate (ZHOZ) 80
(c) Sl o OREAL & AR DR T ALY (d) <FHTS DI KR & A0 EAHBE R O BUEE RO
BROFER EEES

2: FEUCR L AHEAHBIRE D B £R

2(c) & 3CHk [2] T, FHTS AT o 72 EHPEBROMERTH S, X 2(d) IE3HR [2] THEATS AT o7z 8fEHY I 2 L —
arORRTH S, M 2(a) DNBERDMDGZAETIE, —FBREVEAOHLMHBEREIXLZIZL > THSDIZHL
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T, B20b) DI HDBETIE, —HBRXEVEAOHBMBREIZLFEORICL>TwRY. K 2(a) DEE, —
BHRNEAICE mf%i@ﬁﬂ@@ufﬁﬁm%%ﬁ#ﬂ<aofab ERILBB R FAEL TWDEH, K2(b) T
i%+nﬁﬁ%i$bfwAm ENRoN D, FEIE SSWD OOMITH v <04 % B S BB, FHEEMI E
HOMEMHEBEA LRETANSTHE. BHEO=2—0 V25D ANDPFAICESEO =2 —0 v 2RI S
Ab FKLUXT L, HEMBRB EWEE2LEEEXLND.
53 BAYMIVITHERTZ-_a—0OVE
BN =2 —a Y OFKEA IV IRRAUDPZHERT E-012, BRI VI THRATEZ2oa—0 v Behigd 5.
XA I VI THRAKTIZoa—arBEld, REMIENIEEORD=_2—arRREKLTHWEIRE WS THS.
Bl L 2 FIRFZENC TR U -8 = o — 0 v O, MtlZSEIC Uz, #EREZK 3(a), K 3(b) AT, K 3(a), X
3(b) 75, SSWD ORAHIZH Y aAmEMEHA LAY, ARAICHEKTE222a—0 Y OEBRE N & 2R L

3500 3500
3000 3000
- 2500 _ 2500
§ 2000 :-:; 2000
E 1500 % 1500
1000 = 1000
500 500
7273 4 5 6 7 8 0

o 2 3 4 5 6 7 8

number of Synchronization number of Synchronization
(a) SSWD & LT 9.0mV M RITHEERSE, £ (b) SSWD & LTH Y <45 %

DA A >~ 5347 %

X 3: FRENZFE KL - = o —a > OBD N4

6 &b

2(a), B2(b) & D FEKEAN1 ~ 2[Hz] (G THEMBRED & < 2o TV AHERLIGH K2 MR L 2. Zhid
BlE= o —u VRO ETRE IO BER A A2 EHA L Z 21tk 228 ThD. ZL T, -2 —orHox
DM DFEEIRE LT ¥~ DD THHRLIGE R %295 Z 2R U7z, SSWD A16IZ A v I afizith
=%E, EHPFEBROBEN D £ {0 kh oz, RERS KRN E Y 6[Hz) (HET, MHEMHBERBD EWZDTH
5. FRIZFXORMIZHS. H3(D) &b, SSWDIZH Y ohik#HT 2L =a—nvORKRA IV IHEIIL
TWBIZehbrotz. Za—BYDREKEAIVIDRAMLTWEZD, #ELkO=Za—mrHREALPTIARD,
AHHDFEKEA IV TOMBEPE 805 e 2R U, BREFBNEFH FTIZEWT, MRLIGHRZHT 5720121
ﬁgﬁiz—ﬂV@@ﬁ“%éﬁ@ﬁﬂﬁﬁﬂﬁﬁﬂﬁ?utﬁigfﬁévtﬂﬁ#ot.itﬁv%uﬁﬁtﬁﬂ
200%, HEEH= 21— VFOEADOHTE 9.0mV] AETHZ L WS Z 2SN L.

SE

(1] & —=, fhRse, “BLLER0 S OB AR, ” BERF R, 2008.

[2] Jun-nosuke Teramae, Yasuhiro Tsubo and Tomoki Fukai, “Optimal spike- based communication in excitable
networks with strong-sparse and weak-dense links,” Scientific reports, 2, 485, 2012.

[3] REFEZST, “=a—T0 kv T =228 5 AFRFEKTEE O, 7 R ERRZ TAHRE TR R0
S, 2017
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B /I = o — 0 VSR FE KR FAEICE X D3RI T S 0158
P L (R 2% )

1 ([EL®IC

t b ORNIZIEF 1000 EEL EO =2 —0 YA FET 5. —a—nVIMEEE2ZITID, BAkTLHIL
THRAETAMD 2 -0 IEE2%5. —a—O VA LESI I8 Toa—JI0xy N7 —27 2REEL,
MHIZHKT B Z & THBIEEPTRONERERENERH I N TS, ZOK, =a—JF)Vxy hT7—2T
i, e L2 —u YEOFKXA I V7 IHAFT 5 Spike Timing Dependent Plasticity (STDP) “F & Hil
WEoToma—n VHEOMEERENEZIL, T X k2 RERLIIEE L/ z=a—F )bk y T —72
DREEPER SN TWS [1].

Za—BuVItIFEAEED = - v OR K ERET BN -0 v K EIET A= 2 -
YO 2HEIMFAET B, = 2 — 0V OFEIZ LD EE R KR A OHIEA IR 5 2B 61T
WA, —F, ABREHIR L 0 KRS CIEEE = 2 — 1 VAN 80%, HIEIME= 2 — 1 ¥ AN 20% D EI& T
FHET DL VWHDNT WD [2]. &7z, XU MEREDREERFERZEDOMANTIE2 DD =2 —1 U ILRIZEFEN
ELTED, ZOMR, MHFEEPHGRER L 25 SEITEE0VDNTNVS 3. L2L, ZEZID LD
R LB DN, £ OUEPEMLZGE, MO ED XS W EEZGZ5DMIDONT
WS PIZR>TWARW. T2 T, AiXTlX, —=a2—F)1xy b7 —2 & STDP ZHOHIE T IV 2 H\\ /-
BAEERRIC & 0 AP EBRCIIEBRNELZME T TCORELITRS 22T, LAROHEEZMIRT LI L2 H
95, KEXDOBRITIZED, FEREREDOBECHIIBEIOEEEZZONS.

BRIZIE, =a—I 03y T —27OHMET NV E2B W CHENE /MfE=2—n DR E2 2L X7
BRIz, FEKP STDP FEBEMHEICE DX S BREENELTWEO0%2HE L. TOME, —a—F L%y b
7 — 7 2ROMPER L FEITIE, STDP 3 X5 FKME L fE= 2 —a i X2 FKIMED 2 DDA
TUADEETHDLZ EEHSNIZLT.

2 HIEETI

2.1 Izhikevich Za—0OYET I [4]
—a—=Ilaxy b= ERFETE =2 -0 Y ORIE T IV L U T Izhikevich =2 —0 YV E TV & Wz,
Izhikevich =a—B1 Y ETIVE X (1) ITRT EHOEMI LRI DERIND.

{v’i(t) = 0.04v; (t)? + 5v;(t) + 140 — w;(t) + I;(t) 1)
1 (t) = a(bvi(t) — u;(t))

if v;(t) > 30[mV], v;(t) < ¢, u;(t) < u(t) +d

ZZT, tIEEL, v(t) ERE BB = a—a v OBEEA, wi(t) ERZIt B s =a—0 v i OfEE
REDEIEER, L) IRt B33 -0y i A\OANEBRTHY, a, b, ¢, dIFNTA—XTH 5.
72, REBRCTIR L) %

Iz(t) = Iex + Z win(vj(t — (5”) - 30) (2)
JES;

LU, R(2)ITBWVWT, L FMNBALER, S, 13=a -0y il FAKETE=a—0 v 08ES, §;
F=a—uy i ho=a—B Vi NOEFEEBIETHD. 72, Hx) FATYy 7T (r<0DE & H(z) =0,
x>0 EH@) =1)Thb. vj(t—10;) >30DLE, TRbb=a—0 Vi llfHETEIZa—1 Y j2%
KT%K%,9%71@%éﬁéww@ﬁ%é@%ﬁﬁ:n—ﬂyiKlﬁéﬂa

2.2 STDP %#&EA [1]

Za—SNRxY MU= IZBIFBEHLIE, —a—0 U HOMABRENEITIEIETHE. —a—F)
Y NI —2 3B ETHI LT, BREECEELA - 2 — 0 VO AREEERL, £S5 AV a—
0y HOREEMER RS E5. STDP #HAITIX, Y F 7ABAMEOERII=a— 0V OFEKRA I
VIHKIET B, HEPAN SNl —a—arE Y FTAK = a—a Y, HREHDTAHO=—a2—1
VEYVFTAfima—ayj T i, —a—narvi, jlikj i DEIZEEELTWS. L, =i DJHE
IZZa—a UK UGS, VF TAREEHRE w; 18O 5N5. TN % long-term potentiation (BAF,
LTP) W5, i, i — j DIIZFEKLUZ%E, ¥ F TAREEHRE w; 135505615, Tk long-term
depression (BA'N, LTD) &\W5. ZDEKIIZANAS TDRKDEA IV ITITHRELT, T F TADPERT 5
M % 21 7 &2 A IV P KAFAT M L IR, 72, ZOMEIRE - =B A2 STDP Z#FAI L IER, 22
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TS =1,000[ms] DFfHIEZ AT H5EBE2EZX L. Wil t[sec] D& &, BOHPIXSE-1)+1<s< St TH
%. STDP #HH O ETIVIIA (3) TIN5 [5].

_Sifsjféij

Ay = { Ay exp( Sﬁ) (si —sj — 05 > 0) (3)
—A_ exp(%) (Si — 85 — 5ij < 0)

AXB)ITBVT, 5, s FENTNYF TAB=a—0 Vi OFEKRH], ¥ F T A= a—8v Y j OFKEL]

Thbd. 6 d=a—0y insb=a—0 Y i NOLEERIE ms] THS. AL, A_IFETNEFNLIP, LTD ®

KM, 71X LTP & LTD OWMERERTH L. 48, s =s; + 0 OWH, v F T AKEHEITZL %
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J& (Total Electron Content, BAF, TEC) DZ&{t&E% /5 Z &Ik b, EitfE & thE OB RN T L 72
LONH 5 [1)[2]. TEC LIFBEHEICFLETL20ETOEEDI L THS. wmlkiE GPS ZEHT 2 B
ﬁ?—ﬂ%ﬁﬂb,%@2%&%&?—ﬂ®ﬂﬁiéﬁ HIDZ KT(WSﬁ# %E%h%bfﬁﬁ%@
TEC % Keb s 2 LN TED. 25D [1][2] Tt MEFAERIT TEC 12k - 7 = & ARG S T
W5, UL, HEREMCHEO PRE S X2 L 5% TEC DZYLD D 572708 5 2 IEHEI R I TV
. F TR TIE, KBBHERA D TEC 123t U CIEMIEIRERIIRNT I & MR v N7 — 2 @t
FEEHWSZLIZkoT, HEIRET I FRERADIARSHEETo 72

2 MNAE

GNSS (Global Navigation Satellite Sysyem/®ERHINHRE S AT L) o EKEZET 58 L WWEYE
MELUTHREINTVWE2ODETHEELTHS. GNSS LIZKED GPS, HAD¥XTHME, vy 70D
GLONASS, WN#ES D Galileo 5 DHEHIN > AT LAOMRIETH 5. B FHE ST 2 EICH 20km [HfET
1,300 7 T E S NTH D, BFEEESOMIRKZNERE £ & DTV OFE LB 3] THDH. EHFH
HERTIE L HIC 1 H2 5 32 /AR LIBEL T 5. SR E LB CRHEE T 5 8B il 7 —
ZETTIMT 2 T o7, UMD, TEC 77— X OLB 2MHT 5. TEC 7— X OLBIE TEC ORI
T ZpOSBEPEEEE LG 2k il cE 5. 2O, BEPFYOIEE 15 52 UTEHR Lz, R
2, EEHOGETHSNE TEC 7— X DL UT, MBI RIENFED D THE VALV VAT
oy b (BLF, RP) 2fFkd 5. ZITHRONEZRP DT —XE2BETHELTHSZLIZL-T, &RP
M0 7 7 k% EHIT 5. SENE, SR [4) CREINTWS 2y b7 — 2% AW T& RP MO
HEZGHIL 72, & 2 CRHIL 28Rl T — X 2 W TERT RERRIE 21T\, HEDH 5 H L7230 \WH DEW
PHED FIRICOVWTHHEL 7.

21 YALrvRI7Ovk

RP X, 777X EDEMMOMBERBRENRATE2EOTH Y, KERHIT —X DM - #Hﬁﬁﬁ
EEE - #F””‘%ato)r R IEIE % 2 OTERIZ & > TEMEMIZ %fﬁa‘éﬂeo)fa@é ZTORER, T—4X
DT b7 U XEE L FERREERD 2 IRtE#H e L THE/IEINS.

RP 2 S 51213, —LDORINVT MT7 27X LOROMBN L7405 & 570 2002 HET 5. Rk
HTF =R x(t) = (x1(t), x2(t), .., 2(t), ..., 2, (t)) € R LT 2 fifEREE X (1) ICX D EHKT 5.

D, = Ji(xw’) () 1)

k=1
S[E1E TEC QAT — 2175 LT 2 MHEBEE 2 5L, RP 2{ER L7, BUAINICIZR (2) TEHEI NS,

D) <8
Ry = {(1) Eotfler)r;isoe)) (2)

7ZL, 0I3BETH 5. £/, D,; =D;;, THBHDT, D,;; DiUF, S=,C, &7%%. £IZT, S
DR D, ; & AR, (Sx p) HEIZHD D”%:F%{ﬁec‘: U7z, B, ARXTlEp=0.12&

t; 724503 TEC 287 — X 2 BB R IENEM 7 =1, IRt m = 10 THDIAA T RP % /ERK

2.2 v ND—URIEE
SCHR [4] TR Y N7 — B0 ERELTWD. ZOXy N2 S 75T U AT8% VT
By P — 2 BOBEDEWERMICEBIATESHBETHL. 203y VT —J[EMEZ HWND &
EEEDORY N =2 ZBYNINET BRI TES. ZhiE, STV 7 V750 %w MU — 7 OREER
P - JEIREE I B S 2 EE R RE AATVWS 72O THS. £z, TOxy b7 —ZMEHHIZR Y bT—
é%gﬁﬁfﬂﬁé%QT%ﬁ%%%ﬁ?%Ztﬁ?%%.li?ﬁRP%*va—ﬁ@%%ﬁﬂtbf
To7=.
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2.3  ZRTREBEBRE

PHEET — X % 2 OCITBLE T 5 ik e UCEUOCRERMRIE (7] 35 5. 200 NERRIE IR D%
WEEBEAT B FIET, T XIOBOEMBE 2RI ST I A TES. LR REEIZIFZW D90 T
NI XLDPMFET BAY, SEEH U 72 D13 B2 kot REVE (Classical multi-dimansional scaling, BA
T, CMDS) ThH 5. ZZTIETECEHOD RP Dy b7 — o HiF#ZERET— X & U T 21772

3 MRER - BE

AETIE 201143 A 11 HIZFHE L ARAAKRER ZEId5 e Uk, £/, ELMERE» SRS
TW5 TEC 7— Z ORI E AR (LR, UT) TfbnT\wa. UT & (H AR (JST)—9) K &
RoT\WA, HHAKESIX 201143 H 11 H 14 K546 2 18 (JST), ‘st B & O R HH 130km
EEFELTAMBECTHS. MEOBEERT Y/ =F 2 — N3 9.0 T, HARMZIZE) ZBIME Lk
BTHB. UTICH B HEFAAERLE 51 46 72 I8 TH S, MEFRAEH, B L OHERE T HETA» 5D
TEC O£ b #HA L7z, ARTIRMEREH 20 7 HEOR R E2®RET 5. £9, 112201143 411
HIZ 2 B2 CBIMlS N7z TEC 77— &, TEC ¥ —2 OB 8, TEC OABZ7RT. #tiin TEC Off
[TECU], #i#liA* UT hour] TH 5. TEC OLB) 2 H T ML it d oK1 DL 51245,

120 T T T T T T T T T 9

100
051

8 60 |-

60 -

TEC [TECU]

TEC [TECU]

TEC [TECU]
-

40 - 30 -

20

0 05 1 15 25 3 35 4 a5 5 0 05 1 15 25 3 35 4 a5 5 05 1 15

2 2 3 35 4 45
Time [UT, hour] Time [UT, hour]

2 25
Time [UT, hour]

1: 2011 4 3 A 11 HiZ 2 FETER X 17z TEC 7— %, TEC 7 — X O#BE) Y, TEC OLH).

3.1 WEAKER \
212 2011 4E 3 H 4 H X 2011 48 3 3 11 HIZBRI S h- 242 0 TEC O£ % 73, Milih UT[hour],
REOMHMIHEAFAE U RZ 2R LTS,

=) Wwwwwm [N WOV =)
= Ml E
— PPN —
gﬂwwwm,.mw [N N PR g
Sy M rnomn Wi rscsht| o
S P Aty 5
] ‘ ]
5 wrt oy A A r 5
| NV\N\AMWW«WJW
o T e} o
| |
= M ] =
P\l Arsinnmt
0 1 2 3 4 5 6 7 8 5 10 11 1213 14 15 16 17 18 19 20 21 22 20 24 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 2
Time [UT.hourl Time [UT.hourl

B 2: 2011 FF3 H4H (&) &£ 2011 £ 3 H 11 H (£) ® TEC O£H).

HENEEL TWARW20I1 A3 H4HIZ1L HAELT TEC OZEHBDL NI Labh s, HENFEA
b§£%1E3H11Bu%%%iw%4%%%a%%%iﬁ%uTEC@%%ﬁ#ﬁtﬁ%<@ofméz
EAbnb.

RIZE 3 ~ 512 TEC DEBIDIRY] & ZD RP 2/5R7. BEOHHRIIHENIRE L /-RAZ2RLTNW5.
X 3 IZAE 1 HAMR O TEC OZFOERT|E RP TH 5. HEMNKRE TWAWE 23 TEC OZFH /M
ZeNbnd. M4, 5IFHENEELZHO TEC OZH ORI 2 RP Th 5. AERiE T TEC OZEH)
ﬁﬁiw:tﬁb#%.:@%%%i%@ﬁ%@ﬁﬁﬁ%%@%%ﬁ%%ﬁi6%1m%@@umw#a%
AoN5b.
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Time [UT,hour]
85 os

o s 1 s

s X ; s
=) =) =)
3] o 3]
o, o o,
@ @ @
8 8 8
S . S . S
2 g 2
: : WWMNWMWW g WWMMWM/W
g g g
S o S . S 4
(¢} (o} (o]
w w w
L} 1 F 1 L} 1
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500 400
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_ 40 _ o a0
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‘ 200
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3: 2011 4E 3 H 4 HO TEC OZEH ORI L RP (14, 21, 22 Bff &)

Time [UT,hour] Time [UT,hour] Time [UT,hour]

5 [ 5 5 [
o o o
O o ] W,
= = =
A 2 2
8 8 8
8 . 8 S
g g g
g W\NWWWWW\/ g 2
g g £
S 5 <38
o [&] o
w w w
=3 = =
700 800
700 L ) )
s . s / 700
oo |21 : ' 600
; o S 600
500 - ’ 500
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400 400
— - "= 400
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300 300
200 200 200
100 4 100 100
’ /' /)
0 0 0
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i

4: 2011 4 3 A 11 HOAEF#%0 TEC OZEBHOMRII & RP (5, 9, 15 HiiE)

Time [UT,hour] Time [UT,hour] Time [UT,hour]
o [ 5 [t =
o [ [+
[ w W,
= = =)
g %W\/\/W\/\/\N g g
3 8 3
S o -3 S o
2 2 &
53 3 53
£ £ 2
O . o O 45
%1 o o
w w w
= F =
ow S T S
. ' I S 700 LR e 700
400 600 600
-
~ - 500 A 500
300 |, . ., o i
;‘ ' 400 400
tn ' “ ;
200 |, By ' 4 300 // 300
N t v R
. ;,' | N 200 ; 200
100 | - v ;
b h . 100 g 100
LN Ak B 1
olla s P . Y 0 0
0 200 300 400 500 0 100 200 300 400 500 600 700

0 100 200 300 400 500 600 700
i

5: 2011 4E 3 A 11 HOAER %D TEC OZBORRFI L RP (21, 26, 27 B 2)

TEC OZF DRI 2552 H 2 sl D, ; "REVIFERDZDT, WA =N TWEED D> TH
5. HMIEEMFEL TOARWRH &, MEFREREROKRIT CIE TEC ZHD /X —U2ES Z LA RP O
B LD RRIND.

612122011 4E3 H 4 H& 2011 % 3 H 11 HORMEROETOMAGOED X Yy b7 — 7 [HH#% 5t
BULKRERT. HFRHEERTERL TV,



Satelite Number

Satelite Number

[]
? mEEEEECEEE

B 6: 2011 43 4 H (%

2011 4% 3 A 4 HIZ&K1E 0.206,

Spectral graph distance

Satelite Number

Satelite Number

SEEME 0.168, 2011 4 3 A 11 HIZiAMH 0.208,
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Spectral graph distance

o

) & 2011 45 3 A 11 H (4) O&MEEF O TEC Z8O RP O % v b7 — 2 [k

FEIIAE 0.162 &S

@%Kfot.%ﬁ@,$%@Kﬁ%@%ﬁt<,ﬁ%thf%vbv~&ﬁ%%®@tuﬁ%a%ﬁﬁn
I Tz,
X 71Z1% TEC 2 ﬁ@RP@%VF7~7%ﬁ%iﬁwfCMDS%ﬁok%%%%?.Bﬁﬂ%@%%%
%z#%@ ADPMBROZE ZIL X750, X PHEOFBIZERLRVWEDE R >TWS.
§ 8 | * && X * % 8 X x X AE E X
-0.10 -0.05 Dim:.::ion1 0.05 0.10 -0.10 -0.05 Dim::‘:ion‘] 0.05 0.10

X 7: 201143 H4H (%) &£ 2011 £ 3 A 11 H () o&&EEB DO TEC ZH D RP O v b7 — 2 [Hili#% 72 CMDS

DR

X 7aABE, KE1HEMTD 2011 4 3 Tl %ﬁiﬂ’w:ﬂﬁy&c:%io'@\é:c‘:f)i‘ﬂbb%. —4, i
EPFRELUZ2011E3H 1L HTIEB, A, XM‘%} WZahid Z e idinhro 7273, %{Z‘S%EE)&X#EPH%
fHEIZED, B, ADPANIMEIZDSZ N bhrs. UL, HiE b%ibtlﬂt%ﬁzb&fyotﬁf
RKERERZR SN D -7
4 F&b

RIX T, BEEE OB FEE ORI T — XI5 U CIERIE R 2RI IE & MR v N7 — J fifiriE %

PV LD PR EZHFE L 72, FiRE LT, SEOMATEIMEOPREZIE-S D LEA B LIFTER
hot-. TEC ZBHORERAIP RP TIRIEEATA Uz H & 4 Uk o 72 H, MR i 2 A5 L
TOWRVKHFETIIREREVRR SN, LrL, xv hT— &WE%@%&mREﬁ&&%ﬁit%@%
ﬁ%ib%éhﬁ<ﬁofbiok.:h&THE@E@@ﬁ%ﬂtﬁﬁ?é%@ﬁﬁ%?—ﬁKf@b#
K%%c:ﬂ&ﬂomfbiof:kkb EAoND., SBROFEL LTIE, LHE QMBI U THT 21T 22
BIFons. 72, e RETHEROT - X2 HATHZ L LBETHB.

ZE Xk

(1] J. Shuanggen, O. Giovanni and J. Rui. GNSS ionospheric seismology: Recent observation evidences and characteristics.
Earth-Science Reviews, Vol. 147, pp. 54-64, 2015.

[2] HESE, HES, KBS, M. GNSS-TEC HETHASMIE & KL, #lHiZ23%, Vol. 56, pp. 125-134, 2010.
3] EEhzi@EE EMBEpE RN T — X R4t — Y R (http://terras.gsi.go.jp/)

[4] Y. Shimada, Y. Hirata, T. Ikeguchi and K. Aihara. Graph distance for complex networks. Scientific Reports, Vol. 6, No. 34944,
2016.

N. Marwan, R. M. Carmen, T. Marco, and K. Jurgen. Recurrence plots for the analysis of complex systems. Physics Reports,
Vol. 438, No. 5, pp. 237-329, 2007.

[6] WiIT K, 1L 2w, NE JTE (2000) , 7 A4 ARESRIIARNT OILGE L IS, AR — 50, EENE.
(7] ik 5&=%, 1A ¢ (2006) , BT — 2 OfRfiik, 27 K.
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WAL T OMMBE D 2 B0 T 2 JRATIRSR IR
REESE (i 2052 )
1 RUBI

K\l — v 2+ R (traveling salesman problem, BAT TSP) 7 £ D NP W75 #H &6 Fod LIS LT
BE 7R ChoBRZ RO 2 2 L3 L v, 207, BORETERZOIPEZ F T 2 PO RO
STV, A REIIEIC N 20 RE D —D I T RINIRED S 2. F6 FUIAEE IR D LRGE I3 75\ 23,
— RV DLREEDS D 2 T L D b ROHEREZ /R § 2 IS LT %, F RAYIRE I I3 2 s AR 9
5 EDTE DHHIESL, K220 ROREZS2 2 L3 TE 2 RFRRILELR END 5. HERTIX, ML
X DI 2 R L 78, RFTRRIE TGS T 5 L W) TIEBIRH S NS 2 L% v, CORIRTI, Mk
LRSI L GEA I T3, Lo L, B2 TSP IS T 230N 28R D —D T h 2 Bl fFikT
BEROKRIE 2 LT % &, iR T X SN2 BIIREKEKICE TN 25 TH 2HERIE L9y
25, Wb, mEFETICHHIN 2 KRICET X ) KRR EZTI) CETIDRWELEL 2 Lh
TELMFTE S, 2 I TAMXTIE, BRIV BoNMoERzE-> TRFERIEZT) 2 LickD,
WH DR LD LGl CHEORCREZ T2 2 L2 HNE § 5, BAEMIZIE, TSP ICxd 22550 %
JRIFTERERIED —DTdh 5 2-opt EFATIRHIZ, BOEHHET L I NABUZ ERFFICE AP T T 2 Pl iR
T 5. BIEEBOME, REEIIERIEL D BRVEZGS Z LI L 7,

2 TSP &#BEEE

2.1 TSP

oS LR OS2 o & &, RToHiliz b & 95 £—RIE DT 2 KB D 24 2> T E]#
EORED S D% K 28 TSP TH 5. TSP DHMBEEZ (1) TR T, (1) 1Ic&W»T, N IZHEDHH
%, d(a,b) 13 o EHOH b OMIOERE, () 1% FEHICHM T 28H, T = {t(1),4(2),....,t(N)} iZ#H T OKF]
IER 27 L TH 5.

mln{z d(t(i), t(i + 1)) + d(t(N), (1))} (1)

2.2 TSP IlcWd3EBHEE

TSP It 2 ADRIN AT & U CROEEE & BB IMES S 3 (1), AECE, EHEKEESIIENTH 2~
Fo— [ 2] 2T, 2 OMEEEIC X 0 AR L 72K & KK & ORER A G L Tw 0%
WEL 7, b, MELORTFOHS ZMEOBT B ERT.

Bolifsid (113, FRBNCOAVLETORT, BEOBTLSRLIEVET 28T 2 2 L A2#DE L CEEE
WSS 2 FECTH B, BRNCHITT 28T ¢(1) IOERETIC X > TR O N2 KEIESZT 2, 20k, &
EEECH O N2 KA N B FEET 2, 7LTY RAEMTOME) Th 2.

1. fEROHT 2N, t(1) LT3

2. j=2,..,NITWNLTHES 2#EDET

3. BEIGER L 72 t(1), ..., t(5 — 1) DA O#ESTI O 6, t(j —1) L DHEEPROE D DEFEY, t(j) £ T2
4. t(N) & t(1) 28 E, &R t(1) = ¢(2) ..~ t(N) > t(1) ZHKT %

BOLBMNE (1) (&5 & 0 T2 2 EEF N TR WETOR TR S TIGEVWHTTZ TISEMT 2 2 L 2D
BLU KN ZREET 2 FIETH L. RUIGESETIC X > TR ONZKMENZENT 2, 703 Y RLIEMT
DEYTH 5,

1. EROHH 238, 1 DDHEHID 6 74 280Kl T 25K %

2. FAKEIEE T B2 ToOHiZz &L ETUTOERME3~ 5. Z2H#DIET

3. d(i,j) ZE/MNTT BT i(e T) LT j(¢ T) DfAEERD 2

4. BT CBEEEL v 28D ) B 1 Oz El k(e T) LT 5

5. B (i k) %K (4,5) EKE (G, k) THEEHA 2 2 LIc kD, @KEIE T ICHT § 28T 2
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3 BEETEARULKEERICEFTNSREFRELERICEENSIRDLER

FTIROI, N A TSP ISR LT, MEEEZ A RN 28800 t(1) 2 & 27 N 8 0&Knlk % £
5. NCo HFET 22 TORD, 20O NHOKREKICMEFEHIN T2 %285 Lz, Thbb, MEHYET
BRI NEOKIEKD 5 b, #ifii & j 0 2 8828 TR (4, 5) 2 a L EIEE OB E KL (i, §) OEEHHE
K(i,j) LBHET 5., £/, HHKP>G,]) = K(i,j)/N LEETS. #l2E, N=6DLE, 2T 6ok
DERIND, HDHE(i,)) 32D H B 3WOKEFECHTAINT L &, DR (i,5) DFEAIHE K(i,5) =3
Thbh, HHE P>, ) =3/6=50%Thbs. HAMETLIC, BIETERS KRS N 2
D) bR E LT 2R £ Lo FREZ2X 11287, ¥ 113 TSPLIB O €ill01 ZH W1 TH 3.
1 OREEX FEFSERE, HEIEETH D, used IFHEEETER L 72 N HOKRE I S 72488, optimal 13
used ICE EFNBHHD ) b EGEK K2 BN T 28802 R T, K156, BEETOMMBEEL RV (80 ~ 101)
3L, RERZHERT 2 TH BMERDENE VD) T VTN B, Fio, BORFEEOME & AR %
LEBs g 3 &, BOLEHEDIZ ) DM AEEDSE B OB %\,

RIZ, FLfEk & BB METOMHZE 100% (D N) OB D 9 b iEER R T 2582 R 1ITRT,
EDRET b mEHHE T O 100% DD 9 b 90% 5 midfif 2 fER T A2 Th 5 L) BRIk > 7,

40 40
used XXXTH used XXOCH
35 optimal M | 35 optimal M |
o o
o 30 o 30
o] o
o o
w 25 o 25
o o
49 20 49 20
9 9
2 2
E 15 S 15
S S
[N o9 ;
910 Rt
= [ 8
1t
. s i ol o b gl 0 I D RN 5 8
0 20 40 60 80 100
frequency of use frequency of use
(= N ELN Y 3
(a) HILFFIE (b) FTBME

1: W ((a) SEFEIE & (b) MAIDBHNE) CORDMABAED AL &, odfi 2 HK 9 2 B D EL (eil101)

£ 1 ROLfEE, RUDBINETOMAE 100%DED ) b iwfE 2 #K 3 2 Hk

ol wOlE NS
MR | (RIS 100% DR | modififEz2 R d 2808 | AR 100% DEE | ol 2 kel 3 2 B
st70 23 21 (91.3%) 9 7 (77.8%)
eil101 29 26 (89.7%) 8 6 (75.0%)
2280 37 33 (89.2%) 17 17 (100.0%)
pr1002 298 268 (89.9%) 121 111 (91.7%)

2 (3R 2 RS 5 B D IRIL L & BROMBHIE TOMMBEZ TR L 72X TH 5. ML T O/
DRVEIRERCET7ay b L, K206, RIEFEIREEMEL D S, RiEE2EET 252 % < A
LTWw3 I Enbdrrs,
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AN NN
“43/4\) W IR
- N

/
. )
W ﬁ_\) . \
o \ o \
il \/J\%\ ) "t/ u/ N

> > - 1
7 V \ —
S
(a) FRIEE (eil101) (b) HITHHIE (eil101) (c) mEEINEE (eil101)
nnnnnnnnnn PR o e T/ ~ /e /s °
UUUUUUUUUU C ( (: )-" hg \‘ ‘“3 B o0 :' ',,".“f :' ',,".““ :, et .
)) '/(\l)fl (\Ilﬁ 600 o I '/'V ! '/' ! 00
. >y 6000 - \ " >y 6000 ;j.-: - ;:. , - :;L - .
4000 L f( \ f(n i 4000 I \’“Y F’( F’/
- i zﬁlnfﬁ|/¥1 . AU |
(d) F#fi# (pr1002) (e) BB (pr1002) (f) FATBMMEE (pr1002)

4 2: FRowfiE 2 R 2 B ORI (IRIEFHE, BOmBIE) TOMASEE

4 TSP XY 3 REAAKRTRE

4.1 2-optik

2-opt ¥:1E, BEDOKFEIEKD S 2 2O ZHIRL, M2 >0 ZBMT 2 2 &1 & > TH L WiKEEs 2 AR
ZFHETHS, B2BERZ 2L TKAKENEMHEINS L FIIZ0BIEZAZERMAL, Bshhvne 23
TTOKENED £ Fi129 %, ZOUIEZ KR PDETOROMAETIEAL THSETERLS B2 ETHRYIET,

4.2 RERE

FOREEE CHEIC KRR & LT SN2 BIEREK R ICE TN TH HEEIE L L W) T L2355 h o
TWw3, Z20hd, Ki XTi?ﬁ%&f%%hﬁ%&@ﬁmféﬂmtf2qﬁ&kiD%@&%%ﬁ5?§%
RET 2, 7, BolHEZ2 O TREICHHRMT 28800 (1) 22 A2 7% N oK% ER L, £ oKn k%
R AR E L COfABEZELT 2. KU, BN 2EHIERS N8 K D bRiitHETOEMREIE VS AED
AEDBEEFRZ Z2ITH LW IHTIFIZ DT T 2-0pt HRATH. ROMHROF O ZESL L TEREKICED 5700
BT 2 2 KD EHIBRI NG 2 KDOEDZNZNDHEARORAMEZAVCHEKT 5, HIFT CIEETE 56
Finsle e o7 b &, WD %\ 2-0pt IISHEATT 5. IREEDEELI2 — F % Algorithm]1 (2733

Algorithm 1 FEFFETOMHRDOEE 2 BT 5 2-opt I

1: fori=1... N—-2do

2: for j=i+2... Ndo

3: i max(PU0 i + 1), PG G + 1)) < mas(P(() 1)), PG + 1)1 + 1) then
It i d(1(7), i + 1)) + d(8G), 6+ 1)) > d(80), 1)) + d(t(i + 1), + 1)) then

5: for k=0. % —1do

6: swap t(i + 1+ k) and t(j — k)

7 end for

8: end if

9: end if

10: end for

11: end for
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5 #IERER

PR DVERE % B E SRR R L 72, RRE D HlICIEAERE (2-opt ¥5) 2 L 72, FERETIIRIIIMRZ ER D
liziam & LamobEcaER L, KREPUETE R H S5 ET2opt BN L 7., —H, REETIE,
F9RET 2B A E Lie N lHOKBEEZ AR L, BRI EN2MEZERE L. X, K s
TER L %% F THIKIAE D 2-opt 5 (Algorithm1) Z#E DR L 7z, #RTi%k 3,000 AT DI Z 24 N W], %
A ORI 20 BIERIT L T 5, fERIE L IREET [2][3] DRV F v — 7 MEZ R 7 BR o223 & IR
BR2ITRT, R2ICEBWVT, (EREEREEZ L TROWEERZ RETR L7, £, FHRRRHEIIEOEGE
TOOREFIC AR &, JRFTRRIC NI R R %2 01 TREL L 7o, bk ot EIRENIZFERETIE 1 [lo
R, IRFELETIE Nl D OFOREEICHE LR 27, REROGHRHEIFIMETSH 2. FREIETIIREK
% &R L CRRERD I 0.1% ~ 0.3% 12 KL o TE D, /MEERAMEDIREDRIETHEIN TS,

20 BER LRI

A H (%) FTEIRER [s]
MES Pk | RIME BRIl | soffik RS
St70 ek [ 2.40 15.90 7.30 0.0001 0.0016
% | 1.80 1590 7.10 0.0037 0.0034
eil101 ek | 3.00 11.80 6.80 0.0001 0.0019
P% | 2,10 11.60 6.70 0.0086 0.0050
2980 ek [ 3.70 14.00 7.80 0.0003 0.0075
&L | 240 13.00 7.60 0.0724 0.0194
11002 PEF | 4.90 11.60 8.10 0.0028 0.1144
P 2| 520  11.50  8.00 27989  0.2913
nrwl3To ek [ 5.80 9.89 8.04 0.0060 0.1332
L | 5.65 9.63 7.83 8.3445 0.4222
ley2323 PEK | 6.86 11.40 9.10 0.0202 0.4077
& | 6.41  11.12  8.80 47.1287 0.7885
) ek | 6.85 10.47 8.59 0.0265 0.6616
dbj2924 iZ | 6.57 10.26  8.17 77.6923 1.4229
cad663 PER | 8.29 10.95 9.52 0.0753 2.5424
B4 | 835 10.38 9.26 351.2240 6.2458
084 ek | 8.82 10.43 9.39 0.3031  11.9705
] $iZ%2 | 8.45 10.17 9.30 | 2984.8781  32.5771
19882 BEK | 8.68 10.50 9.50 0.3003  12.1483
& #% | 8.61 10.05 9.29 | 2967.3503  31.7108

6 &b

BOEGHEIC BT 2 DR WE 2B L T 2-opt #2179 2 & T, KL X D SEHERRIZIEMT 223, 32
FERPMEIMI NG C L 2MERL 72, U, ROEHETHER S 12K M & Rk g% Dz A LT
22 EPHMETHL EEAOND,. JORRDPS, RIEFECET 2 8EOEMMEZD 7 — 7 IZRATRRILICE
WTHMTH S EHEAOGNS,

SE R
(1] AT, AfkaekE, Kl —L 2 < v FE~OME, §IaFIE, 1997.
[2] TSPLIB, http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/ (HA&B% H: 2018 4 5 H 3 H)

[3] Traveling Salesman Problem, http://www.math.uwaterloo.ca/tsp/index.html (FA&RI%E H: 2018 4 12 H
11 H)
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3 Visibility Graph
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Solving the Steiner Tree Problem in Graphs

by the Chaotic Neural Network Using Vertex Based Neighborhood

Misa Fujitatl, Takayuki Kimurat2, and Tohru lkeguchit1 3

t1 Department of Management Science, Graduate School of Engineering, Tokyo University of Science

t2 Department of Electrical, Electronics, and Communication Engineering, Faculty of Fundamental Engineering, Nippon Institute of Technology
t3 Department of Information and Computer Technology, Faculty of Engineering, Tokyo University of Science

® The Steiner Tree Problem in Graphs

m Objective function

min Z c(e)z(e)

eelE

c(e) : weight of the edge ¢
z(e) : decision variable

B Decision variable

G=(V.E) S = (Vs, Es)
)= {1 (c € Fs)
Q : Vertex Vs : Vertex set of § 0 (otherwise)
@ : Terminal Es : Edge set of §
— : Edge

Includes all terminals

® Local Search [1]

Delete

Delete

® Numerical Experiments Actual AFR [%]

m Purpose Target AFR 2.0 + [%]

Name
- .001 .1 2.
The chaotic search shows good performance 0.00 0 0
- : 1 1. 1.97 1.97
where the average firing rate (AFR) is 10 ~ 20% <0 98 9 9
ex) the traveling salesman problems [2] <02 1.82 179 137
the quadratic assignment problems [5] <03 192 194 155
Is this valid for the Steiner tree problem in graphs? 04 L9g 197 134
. <05 2.06 2.06 2.49
® Conditions 06 1.80 1.80 131
+ Used a benchmark problem set C in Steinlib [6] 07 177 1.80 1.24
- Used the method in [7] to construct an initial solution <08 191 191 2.11
- Parameters of the chaotic search were set to €09 229 228 263
@=1.k=09.0=01,W=0.1,£=001 o 268 268 299
tuned automatically to keep the target AFR e 202 2o 223
B was tuned automatically to keep the targe a2 L8 201 194
B(T)+0.5 (if A. AFR < T. AFR) c13 2,57 2.57 3.00
B(T+1) =4 B(T)—0.5 (if A. AFR > T. AFR) cl4 3.22 3.23 3.39
B(T) (otherwise) c15 4.83 4.84 4.84
c16 3.79 3.81 3.86
the number of fired neurons
“FR = . : 19 17 4.12 4.12 4.15
the number of feasible solutions 18 6.70 6.71 6.69
- Upper limit of the iterations was 1,000 c19 6.84 6.86 6.78
- We obtained solutions 50 times per instance 20 7.27 7.28 7.00
Average 3.18 3.18 3.15
m Results
0.9 T T T T
08 - _ m
= ———— e
F 07t ——— —— ]
s 061 B
g 05| = R
C rde———r = 4
03 Il Il Il Il
— 90
& 80t
% 70 B
= =2.000
< 60 =1.000 b
= B 20100
EREL 20010 -3¢
S 40 = 0001 - ]
< 30 L L L L L L L
2 4 6 8 10 12 14 16 18 20
Target AFR [%]
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® The Chaotic Neural Network [2-4]

u Gain effect
Decreases the objective function value

&Gt +1) = B(C@) - Ci(h)

(3 : Scaling parameter
C(t) : The cost of the solution at time ¢
C;(t): The cost of the neighborhood solution corresponds to the i th neuron at time ¢

m Refractory effect
Escapes from local minima

t—1
Glt+1)=—ad kait—d) +0
d=1

« : Scaling parameter
k : Decay factor
2;(t) : Output of the i th neuron at time ¢
0 : positive bias
m Regulation of the firing rate

If no neuron fired, neurons are positive biased at the next iteration

VI
nilt+1)=-WY m(t)+W
=1

W : Connection weight of each neuron

m Output of neuron
Neurons fired when its output is larger than 0.5

zi(t+1) = fH{&GE+ D)+ G+ 1) +nm(t+1)}

f + activation function of neurons (we used sigmoidal function)

Searching processes (target AFR is 2.0+0.001%)
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oM e ®
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Convergent cross mapping (CCM) [1]

Convergent Cross Mapping can detect causal relation between time series data
produced from a nonlinear deterministic system.

@ Overview
« Information on the time series data of the influence destination is accumulated in the affected time series data
- The more data we use, the more information we get — Prediction accuracy of time series increases

Prediction Prediction

X——Y Xe—Y X——Y

Prediction

< S >

s 3 S 9 £ >
S3 28 s
o £ o L B ®
5 3 5 3 o <
T 3 20 5 3
£ 8 £ s 88
a &ﬂ!

Length of time series
used for prediction

Length of time series
used for prediction

Length of time series
used for prediction

@ Prediction algorlthm(ln-sample) (i)Find neighboring points

Experiment procedure

Time series

prediction accuracy
matrix

Network

+—— > lccM —
4
Logistic map
or
i
l Chaos neuron Binarization method
estimation of Otsu [5]
Adjacency matrix adjacency matrix
2 mm ) Frequency distribution of

prediction accuracy

Accuracy Threshold
rate -
«— £ 0 1
&
m \/\
—_—

prediction accuracy

Xigs (i)Embedding
: (Example: m =2,z = 1)
2(t) = (X¢, Xpsrs Xesor, -

X, in embedded space

s Xit(m-1)7)

@ Results (CCM parameter: m =2,7 = 1)

Logistic map Chaotic neuron

(iii) Calculate weights
exp{ d[uz (i)

z(g) }
216{478) CXP{ i
(iv) Prediction

Z)T(S
o= ) wh
j€{4,7,8}

i —

wy =

234567889 1! Tt
® : Prediction target

1

i(v) Generate predicted time series

o o
£ § <
" S50 EELWW
= EQ £ 09
= £ O 08 £ 0 oo
P
7] 2% ()
E o > 04 © > 04
Q j-3¥0)
gl\) @ ©
= 2L o2 2L o2
o 3 o 3
Q >3 28
[§] <g o <8 o

04
Rewiring probability

06 04 06

Rewiring probability

08

Y,
t

P S S S S R S
1 23 45 67 89

0o

(vi) Calculate correlation coefficievnt\'

- T T T I
»>
- 2 34567809 1

Watts-Strogatz model (WS model) [2]

Regular

S

0 1

Small-world Random

&0

O<p<l1

rewiring edges
with probability p
from extended
one-dimensional lattice
to random network

rewiring
probability

Coupled logistic map [3]
N
&
Xt 1) = (1= eft(0) +- /:ZI a; f(x(1))

+ Parameters

x(1) :

- Conditions

e=0.1

Value at vertex ] at time ¢

£ . Coupling strength between the vertices
a=4.0
f(@) : Logisticmap f(z) = az(l —2) N =20
ki . Degree of the vertex |
N : Number of vertices of the network
a; (i, j)th component of the adjacency matrix

j

p=0 p =005 p=0.1
/ " "‘ | l,
\ e
p=0_15"" . . p=0.15 p=02 p =025
° f—
8 A /\ /\ P &
Q
] y A
: ¥ M g
O -
3 \ \ . y < 1
kel \ \
] p=03 p =035 p=03 p=035 . p=04
: /\ /\
[
o
= #
S
< \| |/ \
2 \ \
% p =045\ p =05 p =055
» —
o
(%]
kY
Q.
£
@
X
| p=07
p =085
A
&
.
\ “q
p= 09» p =095\ p=1 p=1

Chaotic neural network [4]
N
afO0) + a;+ Y wf(0)

j=1

it + 1) = ky(t) —
+ Parameters

Conclusion

» Logistic map has higher estimation accuracy than chaotic neuron

+ Estimation accuracy decreases when periodic solutions

and synchronization occur
- Estimation accuracy on random network is lower than
regular network

. + Conditions
yi(l‘) . Value at vertex| at time f
kl- . Refractory time decay constant kl' = 08
a; . Coefficient for refractory terms ai = 10
. S e ) = _ a;=0.2
f(w) : sigmoid function f(w) T+ exp(onie) i
a; : Bias e=0.04
N : Number of vertices of the network le = 02
Wij . Coupling strength between vertex | and vertexj N = 20
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Inhibitory neurons play a crucial role in controlling

Tokyo University of Science; Saitama University> The University of Tokyo ?
1. Why do neurons fire? The 2. Excitatory/Inhibitory Neuron
RILECENC EELEETS magnitude - .
: of the inout @ Excitatory : @ nhibitory
. : : signal Signal Positive : Negative
|nput . — T
ey @ ——=2 () o T Firing _....|....Frometion . Suppression
: A Ratio 80% : 20%
Potential (physiological

@ cxcitatory Neuron experiment[1])

excessive firings and synchronization in neural networks.
eanerveneanest @ Inhibitory Neuron

3. Synaptic Strength
STDP Learning(2]

@_>@ Variability of Synaptic Strength
A

Synapse between neurons
A+

Atij >0 RO

Aty;
‘ A exp(—
od— ot p—
| | (@) >
Input Signal @ @ i

Al

Atij
Neurons have individual synaptic strengths. At;; : spike timing between neuron  and j 1 ol
Thi: :han; e with the state of the firing A_~_7 A _: maximum value of LTP, LTD
T :time constants of A, 6 A_ —A-
4. Numerical Experiment[3]
IChange the inhibitory neuron ratio "IN I 5. ReSUHIS Flrlng Rates on Lea rn'ng ’
® .4/‘ The highest value when _ 25
N
TIN = 02 % 20 Inhibitory Neurons
o—0—0 5 g e ppres
= 5 P II’I’\g ||p'|'_\r= 10N P
gl i » X = @E.D_ by Inhibitory =P>(Large)
-— ® |:l o] P 0| oo
£ e
‘ . LE 00 200 400 600 800 1-0.00 % 5 = Am
. 5 Time [s) © \J ""‘m“’“‘*—w\
T D ng rule only for excitatory neuron 0 0.9 0.4 s , FE(xgtatoryNeurons ‘ —
— = — = 0. T = U.
@ : Excitatory Neurons  1000(1 — 71n) ,’,IN —06 TIN — 0.8 TIN -1 < 0 0.2 0.4 0.6 0.8 1
@ : Inhibitory Neurons 100071y IN = Y- IN =Y. IN = Inhibitory Neuron Ratio "IN

Synaptic strength frequency distribution after Learning
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0 0 0 0 0
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Synaptic Strength Synaptic Strength Synaptic Strength Synaptic Strength Synaptic Strength

The average variability of synaptic strength | 6. Conclusion
0.8

Two suppressions depend on neuron ratio
0.6 -

L Firing Suppression Inhibit N H
0.4 bySynapticstrength_’ rnibitory meuren LOW H ngh The WhOIe neural

02 L Ratio
0

Firing Suppression Sma” ‘ ' L network were
-0.2 W/ 1 by Inhibitory Neurons arge activated when both
04y ‘ ngé}f;g{\fj;g}ﬁ{gg 1 Firing Suppression .

00 02 04 06 o08 1 by Synaptic Strength ||_arge === Small
Inhibitory Neuron Ratio 7IN (Learning) hardly to occur.

ReferenceS [1] DeFelipe J. and Farinas |., Progress in neurobiology, Vol. 6, No. 39, pp. 563-607, 1992.
[2] Bi G. Q. and Poo M. M., The Journal of Neuroscience, Vol. 18, No. 8, pp. 10464-10472, 1998.
[3] Izhikevich E. M., Neural Computation, Vol. 2, No. 18, pp. 245-282, 2006.

Difference between LTP and LTD
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s “‘Detecting Causality in Complex Ecosystems”[1]D#B7
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[EL&Ic
Granger causality[2]
A} <o*{(YIU-X)} XY
—> RERBIGHZRICH UTAREEDN LFVWHRBWEEEHD

RERVBEBZR DONERICH U CRARBRERFE TSRV ?
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