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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
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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:

dXÖtÜ à �XÖtÜ
b
á m

✓ ◆
dt á �dWÖtÜ; Ö1Ü

with an initial condition X(0) = X0.
In Eq (1), W is a Wiener process that is characterized by spontaneous decay β (> 0), average

input μ (−1< μ<1), and a noise term of ϕ (> 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 X0 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(ω|α, t) as the probability that a stochastic vari-
able α is given when t = 0 whereby we gain ω at time t, in this model, P(−1|X0, 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.

Threshold-varying integrate-and-fire model of human blinking
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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

dV
dt
à �cV á I á x; Ö2Ü

where c is a constant decay term and I is an external input with intensity b. The last term repre-
sents the Gaussian noise ξ* N(0, σ2) derived from the random fluctuation of external stimuli.
The noise ξ = 0 when σ = 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 θ(t) deter-
mined by

yÖtÜ à aá k sin
2pt
t
; Ö3Ü

where a is the baseline constant, k is the amplitude coefficient, and τ 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. θ(t) = 1. In a simple
case of a perfect integrator without decay and noise, i.e. c = 0 and σ = 0, V demonstrates a
monotone increasing with accumulating non-negative external inputs I (Fig 1(a)). Even when

Threshold-varying integrate-and-fire model of human blinking
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the threshold is constant, V, in the integrate-and-fire model, behaves in a complex way due to
the decay term c and the noise σ = 0, resulting in the creation of irregular IBIs (Fig 1(b)). The
parameter k determines the amplitude of the threshold function θ(t). Owing to the nonlinear-
ity of the varying threshold function θ(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
a neuron 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.

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 σ is the standard deviation of noise ξ. The baseline of the threshold function a = 1. (a) There are no
decay and no noise, i.e., c = 0 and σ = 0. (b) There is no noise, i.e., σ = 0. (c) The threshold is time-varing with the amplitude k and the period τ where the
decay and the noise exist.

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

Threshold-varying integrate-and-fire model of human blinking
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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 β and input μ
that elicit blinking at realistic intervals. In the numerical experiments, the parameters β, μ, and
ϕ 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
set to 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 c = 0 and σ = 0, it is necessary to
accumulate non-negative inputs 1, 000 times because b × dt = 0.001. Taking into account the
binomial distribution of I, 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 θ(t) = a because

k sin
2pt
t
à 0: Ö4Ü

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

yÖtÜ à 1á 1

10
sin

2pt
5
: Ö5Ü

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

β [0.01, 10.0] 0.01

μ [0.1, 10.0] 0.1

ϕ [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 f̂ hÖxÜ was estimated as

f̂ hÖxÜ à
1

nh
Xn

ià1

KÖuÜ: Ö6Ü

We used a Gaussian kernel function, which is described as

KÖuÜ à 1ÅÅÅÅÅÅ
2p
p e�u2=2; Ö7Ü

where

u à x� xi
h

: Ö8Ü

In this equation, xi was the ith observed value and h was the bandwidth, n was the total number
of xi. 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

Threshold-varying integrate-and-fire model of human blinking
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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, σ = 0, and k = 0, the mean and median values
increased as c 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 σ = 0 and c = 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)).

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

https://doi.org/10.1371/journal.pone.0206528.g002

Threshold-varying integrate-and-fire model of human blinking
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The proposed model was capable of reproducing bimodal distributions by setting the
amplitude k and the period τ of threshold functions. As shown in Fig 3(a), when the thresh-
old function θ(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 θ(t) 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 c, 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)).

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 σ is the standard deviation of noise ξ. The baseline of the threshold function a = 1 and the threshold is time-varing with the amplitude k
and the period τ. (a) The period τ 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 τ, the prolonged IBI is frequently observed. (c) Due to the large decay term c,
the prolonged IBI is observed even when the period τ is small.

https://doi.org/10.1371/journal.pone.0206528.g003

Threshold-varying integrate-and-fire model of human blinking
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We chose the parameters of the proposed model as shown in Table 2 to cover approxi-
mately widest ranges of c and k. The third column in Table 2 shows increments for the param-
eters c, k, and τ (See, S2 File for a sample of the results). The period 1 τ 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 = 1 and σ = 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 c and amplitude k when a = 1 and σ = 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 θ(t). The value V is most likely to reach the threshold when the
threshold function θ(t) has a minimal value at

sin
2pt
t
à �1;

where

yÖtÜ à aá k sin
2pt
t
à a� k:

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< c< 1, the first peak is located around 0.5 s

Table 2. Parameters used in experiments by the LIF model with a variable threshold.

range an increment

c [0, 1] 0.01

k [0, 0.9] 0.01

τ [0.5, 10] 0.5

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

Fig 4. The number of peaks of the distributions of IBI in case that c 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 τ, trimodal distributions are not observed.

https://doi.org/10.1371/journal.pone.0206528.g004
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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 τ of the threshold function. Consequently, the
time location of the second peak depends on the period τ.

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 τ
that reproduce bimodal distributions. As shown in Table 3, 0.14 a − k 0.35 and the period
was 4.0 τ 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 c = 0.05, a = 1, and
k = 0.6, i.e., a − k = 0.4 under the condition that the period τ = 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
parameters to 0 c 1 and 0 k 0.9 (See, Fig C in 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 τ was estimated as 4.0–9.0. Within this range, we obtain the trimodal distri-
butions as well (Figs C (b) and C (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. σ = 0
and k = 0. In most simulations, however, σ = 0 and k> 0. These results suggest that a noisy sys-
tem reproduces the positively skewed distributions if the threshold varies periodically. One

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 τ 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.t003
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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 c 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 c is a decay term and thus if c is larger, the value V tends to fluctuate under the threshold,
producing prolonged IBIs. Therefore, a larger c 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 τ.
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 c = 0. Meanwhile, a participant has a moderate ten-
dency of blink suppression, in the range of c = 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 IBI.

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 (t = 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],
(f)t=11,470[s], (g)t=11,525[s] and (h)t=11,545[s]. Enbed figures are enlargements.
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FIG. 2. Lomb periodogram power spectra and the spike trains from which they were derived, showing examples of basal and
postdrug neuronal activity from awake rats (A–C) and anesthetized rats (D and E). Spike trains are smoothed with 500-ms bins and
are shown scaled to their highest point (in Hz). Mean firing rate is given in the bottom left corner of each spike train plot.
Ninety-second segments of the 180-s trains used for analysis are shown. Beneath spike trains are the corresponding power spectra,
which are shown with a line signifying the P 5 0.01 significance level; spectral peaks that cross this line indicate significant
periodicities (Horne and Baliunas 1986; Kaneoke and Vitek 1996). Several cases have multiple significant peaks. Spectra for a
neuron are scaled to the highest spectral peak for that neuron (except in D and E in which there are no significant spectral peaks).
Basal and post-dopamine (post-DA) agonist epochs are illustrated for each unit; some postantagonist epochs are also shown. A:
EPN. B and E: globus pallidus (GP). C and D: SNPR. Of the 3 illustrated neurons recorded in awake rats, units A and C have
significant baseline periodicities, and unit B does not. After apomorphine (0.32 mg/kg iv), all 3 units have strong periodicities. The
smoothed spike trains from postapomorphine time segments demonstrate the periodic and repetitive nature of the rate oscillations.
They are also indicative of the various shapes of the oscillations. In the 2 cases (A and C) where periodicities are present both before
and after apomorphine, the drug increases the oscillation frequency. In these 3 neurons, DA antagonists given after apomorphine
completely block periodic activity (A: D2 antagonist eticlopride 0.2 mg/kg iv; B and C: D1 antagonist SCH 23390 0.5 mg/kg iv).
In D, a typical SNPR neuron from a chloral hydrate-anesthetized rat that has a baseline firing rate that is stationary on a time scale
of many seconds. Apomorphine (and subsequent haloperidol, 0.2 mg/kg) has little effect. Power spectra from these spike trains
reveal no significant periodicities. Similarly, in E a typical GP neuron from a urethan-anesthetized rat demonstrates a very stationary
firing rate both in baseline and after injection of combined SKF 81297 and quinpirole (1.0 mg/kg iv each). There are no significant
peaks in the accompanying power spectra.
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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 ⊂
V , where V is a set of vertices, E is a set of edges, c :
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:

min
|E|∑

i=1

c(ei)z(ei), (1)

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

z(ei) =
{

1 (ei ∈ ET)
0 (otherwise), (2)

where ET is a subset of edges which are included in the
Steiner tree T .

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.

(a) (b)

(c) (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

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.

(a)

(b) (c)

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 (Cobt/Copt − 1) × 100,
where Cobt is the cost of the obtained solution and Copt 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 Eqs. (3), (4) and (5).

ξi(t + 1) = ζ j(t) + β
C(t) −Ci j(t)

CMST
, (3)

ζi(t + 1) = −α
t−1∑

d=0

kd
r xi(t − d) + θ, (4)

ηi(t + 1) = −W
|V |∑

l=1

xl(t) +W. (5)

In Eq. (3), ζ j(t) is the refractory effect of the jth neuron
at time t, β(> 0) is a scaling parameter, C(t) is the cost of
the current Steiner tree at time t, Ci j(t) 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 CMST is the cost of the minimum spanning tree of
the given graph. In Eq. (4), α(> 0) is a scaling parameter,
kr(0 < kr < 1) is a decay factor, xi(t) is an output of the
ith neuron at time t which is defined in Eq. (6) and θ is a
positive bias. The strength of the refractory effect is grad-
ually reduced depending on the value of kr. 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 t, the
mutual connection induces all neurons to fire. Then, the
output of the ith neuron is defined as follows:

xi(t + 1) = f {ξi(t + 1) + ζi(t + 1) + ηi(t + 1)}. (6)

In Eq. (6), f (y) is a sigmoidal function defined by f (y) =
1/(1 + e−y/ϵ), where ϵ is a steepness parameter. If xi(t +
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.

(a) (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 I080 in Steinlib [16]. If the value
of k increases, the calculation cost becomes large. From
this viewpoint, we set the range of k is 1 ≤ k ≤ 5 in this
paper. The parameters of the chaotic neural network were
set as follows: α = 1.0, β = 100.0, kr = 0.98, W = 0.20,
θ = 0.50 and ϵ = 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 I080

Original 1 0.55 11.28
1 0.24 9.11
2 0.40 2.32

Proposed 3 0.41 2.37
4 0.36 2.58
5 0.39 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 I080 B I080 B I080

Original 1 0.55 11.26 0.55 11.26 0.55 11.28
1 0.28 9.16 0.22 8.95 0.24 9.11
2 0.34 2.32 0.27 1.84 0.40 2.32

Proposed 3 0.34 2.43 0.28 1.96 0.41 2.37
4 0.33 2.54 0.23 2.00 0.36 2.58
5 0.35 2.52 0.29 1.89 0.39 2.47

est paths shows the best performance. On the other hand, in
case of the benchmark problem set I080, the method with
the second shortest paths between terminals shows the best
performance. The given graphs of B are sparse and those
of I080 are dense. Good performance for I080 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:

ζi(t + 1) = −α
s−1∑

d=0

kd
r xi(t − d), (7)

where s is the period of the tabu effect. The parameters of
the tabu search were set as follows: α → ∞, β = 100.0,
kr = 1.0, W = 0.0, ϵ = 0.0 and s = 10.0. The parameters
of the exponential tabu search were set as follows: α = 1.0,
β = 100.0, kr = 0.98, W = 0.0, ϵ = 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:

∆wi j(∆ti j) =

⎧⎪⎪⎨⎪⎪⎩
A+ exp(−∆ti j

τ
) (∆ti j > 0),

−A− exp(∆ti j

τ
) (∆ti j < 0),

(1)

where ∆ti j = ti−t j−δi j, ti is the firing time of the postsynap-
tic neuron i, t j is the firing time of the presynaptic neuron j,
δi 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 τ 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
a rhythm 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 τ. Decreasing the value
of τ narrows the shape of the STDP window, and it can
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weaken the amplitudes of LTP and LTD in long spike tim-
ing differences. As a result, ISO has been generated when
τ ≈ 1[ms]. However, the plausible value of τ observed
in physiological experiments is at least around 10 [ms].
Namely, the condition that τ ≈ 1 may be physiologically
implausible[8], [9], [10]ɽIn 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 τ 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 τ be-
tween 1 and 10. In the normal STDP learning for inhibitory
synapses, we set A+ and A− to 0.01, τ to 20. The synaptic
weights between neurons are updated every second by Eq.
(2):

wi j(t) = wi j(t − 1) +
t∑

ti=t−1

∆wi j(∆ti j), (2)

where ∆wi j(∆ti j) 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 0
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 λt and
average synaptic weights when τ = 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 τ = 10[ms]. When
A+ = 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:

λt[spikes/sec] =
1
N

N∑

j=1

⎧⎪⎪⎪⎨⎪⎪⎪⎩

S t∑

s=S (t−1)+1

δ
(
s − s j(t)

)
⎫⎪⎪⎪⎬⎪⎪⎪⎭
, (3)

where δ(x) is a delta function, time window with S =
1, 000[ms], the range of the window is S (t−1)+1 ≤ s ≤ S t
at time t and s j(t) 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-
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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, ED 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 ID 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, ED, IP and ID increase when the fir-
ing rate begins to increase. While the firing rate more
increases, ID becomes larger than IP, then, ED becomes
larger than EP. In addition, ED makes a little jump at
t = 11, 430[s] and decreases rapidly. In Fig. 2(b), EP and
ED oscillate with a small amplitude while IP and ID 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

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 rhythms 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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Figure 2: Temporal changes of how frequently LTP and LTD occur when τ = 10[ms]. The horizontal axes are time [sec],
the vertical axes in the upper plot are the firing rate[spikes/sec] and the vertical axes in the lower plot are the number of
LTP and LTD with synaptic modification. In (a), EP, ED, IP and ID oscillate very slowly and their order are reversed
before a peak of firing rates. In (b), EP, ED, IP and ID are almost constant when A+ = 0.1 and A− = 0.12.
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Figure 3: Frequency distribution of spike timing difference between presynaptic and postsynaptic neurons when τ =
10[ms]. In (a) and (c), postsynaptic neurons are excitatory, while in (b) and (d) postsynaptic neurons are inhibitory. The
horizontal axes are differences of spike timings[ms]. The vertical axes are frequency.

Ikeguchi Laboratory 2018(p. 26 / 190)



Nonlinear Analysis on Temporally High Resolution Data of Stock Markets in Japan

Kohei Yamamoto1, Yutaka Shimada2, Kantaro Fujiwara1,3,4 and Tohru Ikeguchi1,3

1 Department of Management Science, Graduate School of Engineering, Tokyo University of Science
3 Department of Information and Computer Technology, Faculty of Engineering, Tokyo University of Science

6–3–1 Niijuku, Katsushika-ku, Tokyo 125-8585, Japan
2 Graduate School of Science and Engineering, Saitama University
255 Shimo-Okubo, Sakura-ku, Saitama, Saitama 338–8570, Japan

4 International Research Center for Neurointelligence, The University of Tokyo
7–3–1 Hongo, bunkyo, Tokyo 113–0033, Japan

Email: k-yamamoto@hisenkei.net, yshimada@mail.saitama-u.ac.jp, kantaro@rs.tus.ac.jp, tohru@rs.tus.ac.jp

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 1574.90 737.91
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.
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The 30 companies are a major factor in stock price fluctua-
tions.

3. Methods

3.1. Irregularity
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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:

Cv =
1
x̄

√√√
1

d − 1

d∑

i=1

(xi − x̄)2 , (1)

and

Lv =
3

d − 1

d−1∑

i=1

(xi − xi+1)2

(xi + xi+1)2 , (2)

where d is the total number of event intervals, xi (i =
1, 2, . . . , d) represents the ith interval and x̄ is the mean IEI.
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.

3.2. Marked Spike Train Metric (MSTM)

Mark

Time[ms]

・・・ ・・・
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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
Dq(Z,Z′) [4, 5] which is a basic method to quantify the
distance between the markless point processes:

Dq(Z,Z′) = min
{N−1∑

k=1

cq(Vk,Vk+1)
}
, (3)

where Dq(Z,Z′) represents the distance between the orig-
inal point process Z and the point process Z′ to be com-
pared. The parameter q adjusts the weight of event deletion
and insertion as well as movement cost and V1,V2, . . . ,Vk

are the steps of bringing Z closer to Z′ (Fig. 3). In Fig. 3,
Cq(Vk,Vk+1) represents the cost between Vk and Vk+1. 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 ta

A. If the event occurrence time of the bth in a point
process B is assumed to be tb

B, the cost between these two
events Cq(Vk,Vk+1) is q|ta

A − tb
B|.

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

D(i, j) = min
{ ∑

(m,n)∈C

{
λt |ti(m) − t j(n)|

+ λp|pi(m) − p j(n)|
}

+ I + J − 2P
}
, (4)
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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 n 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 λt and
λp determine the weights of the corresponding terms and
defined by Eq. (5).

λp = λt
δt
δp
, (5)

where δt is the standard deviation of the time interval for
all data and δp is standard deviation of the weights.

We should not choose too large λt, because if we choose
λt too large, the distance is calculated only the sum of the
number events and ignored the event interval information.
Therefore, we set λt 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):

Ri, j =

⎧⎪⎪⎨⎪⎪⎩
1 (D(y(i), y( j)) < θ)
0 (otherwise).

(6)

where, y(i) denotes the ith window (Fig. 2) and θ 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

the measures of RQA, we used DET defined as follows:

DET =

N∑

l=lmin

lP(l)

N∑

l=1

lP(l)

. (7)

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

P(l) =
N∑

i, j=1

(1 − Ri−1, j−1)(1 − Ri+l, j+l)
l−1∏

k=0

Ri+k, j+k. (8)

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 lmin 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-
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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 coefficient 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 ln, j expresses the jth num-
ber in the nth lottery.

L =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

l1,1 l1,2 . . . l1,7
...

...
. . .

...
ln,1 ln,2 . . . ln,7
...

...
. . .

...
lN,1 lN,2 . . . lN,7

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (1)

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

Xn =

√
l2n,1 + l2n,2 + · · · + l2n,7√

312 + 322 + · · · + 372
. (2)
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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, . . . , Xn, . . . , XN}. Observable range of Xn is 0.1313 (=√
12 + 22 + · · · + 72

√
312 + 322 + · · · + 372

) ≤ Xn ≤ 1. In this paper, we con-

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

4. Methods

4.1. Autocorrelation function

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

Ck =
1

N − k

N/2∑

n=k+1

(Xn − µ)(Xn−k − µ), (3)

Rk = Ck/C0, (4)

where k represents a time difference and µ 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 π. Then, there
are K = d! kinds of π. When the number of πq that ap-
pear in the discrete data, aq, is divided by a total number
N−d+1 of permutations, the probability is pq =

aq

N−d+1 and
the probability distribution is P = (p1, p2, · · · , pq, · · · , pK).
Then, the information entropy of the discrete data is calcu-
lated by Eq. (5).

S = −
K∑

q=1

pq ln pq. (5)

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

PE = S/S max. (6)

In Eq. (6), S is normalized by the maximum value S max,
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!.

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 × 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
j of the time series. The distance Di, j between two points
vi and v j is calculated by Eq. (7).

Di, j = |vi − v j|. (7)

Here, vi is reconstructed vector shown in Eq. (8).

vi = (Xi, Xi+τ, · · · , Xi+(m−1)τ). (8)

In Eq. (8), τ expresses a time delay and m expresses dimen-
sion of a reconstructed state space.

Next, we calculated Ri, j as follows:

Ri, j =

⎧⎪⎪⎨⎪⎪⎩
1, Di, j ≤ θ,
0, otherwise.

(9)

Finally, the image is represented by R,

R =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

R1,1 . . . R1,i . . . R1,N
...

. . .
...
. . .

...
Rj,1 . . . Rj,i . . . Rj,N
...

. . .
...
. . .

...
RN,1 . . . RN,i . . . RN,N

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (10)

If Ri, j is unity, the (i, j)th pixel is colored in black.
The threshold value θ is an important parameter, thus

we should select the value of θ carefully. In the image of
N × N pixels, the total number of Di, j is N2. This image
R is a square matrix with a diagonal component of Di, j =

Dj,i. Thus we calculated total number of pixels s of Di, j by
s = N(N − 1)/2. Then, we sort Di, j in an ascending order.
To set the value of θ, we used the parameter α (0 ≤ α ≤ 1)
where the (s × α)th value of Di, j 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 Xn and Yn. From Fig. 1, the range of the
time series data of X is 0.4 < Xn < 0.9 and that of Y is
0.1 < Yn ≤ 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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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 VX 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 Rk. From Fig. 3(a), we can see that Rk becomes al-
most zero after k > 0. Even if k increases, Rk varies in the
range of about −0.2 ≤ Rk ≤ 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 PE of X PE of Y
3 0.995339 0.994035
4 0.982233 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.

Ikeguchi Laboratory 2018(p. 33 / 190)



 0

 50

 100

 150

 200

 250

 0  50  100  150  200

j

i
(a)

 0

 50

 100

 150

 200

 250

 0  50  100  150  200

j

i
(b)

 0

 50

 100

 150

 200

 0  50  100  150  200

j

i
(c)

 0

 50

 100

 150

 200

 0  50  100  150  200

j

i
(d)

 0

 20

 40

 60

 80

 100

 120

 140

 0  20  40  60  80  100  120  140

j

i
(e)

 0

 20

 40

 60

 80

 100

 120

 140

 0  20  40  60  80  100  120  140

j

i
(f)

Figure 4. Recurrence plots of (a), (c), (e) the real LOTO7 data X and (b), (d), (f) the
simulated data Y. Here, we fixed τ = 1 and α = 0.1. Other parameters are indicated
in Table 2.

Table 2. Values of DET of recurrence plots and conditions used to create recurrence
plots in Fig. 4.

Figure data m θ DET
4(a) X 1 0.016987 0.1714
4(b) Y 1 0.017351 0.1640
4(c) X 10 0.016732 0.8641
4(d) Y 10 0.017517 0.8617
4(e) X 100 0.017488 0.9069
4(f) Y 100 0.017667 0.9036

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

In this paper, we applied nonlinear time series analysis
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.
From the return map analysis, there are no cases where all
the seven lottery figures are the smallest or the largest in
one lottery. From the results of autocorrelation functions
of X and Y, the time series data X and Y are uncorrelated.
However, further investigation is necessary because uncor-
relation does not imply independency. From the results of
the permutation entropy, it was found that the order patterns
of X were complicated and had randomness. In the analy-
sis using the recurrence plots, any deterministic rule cannot
be observed. However, further quantitative investigation of
recurrence plots is necessary.

This research is partially supported by the JSPS Grant-
in-Aid for Scientific Research (No. 16K16126, 18K18125,
15K12137, 16K16138, 15KT0112 and 17K00348).
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1 まえがき
グラフ的シュタイナー木問題 (The Steiner tree problem

in graphs: STPG)は，頂点集合 V，枝集合 E，枝の重
み関数 cからなる無向グラフG = (V, E, c)と必須点集合
K ⊂ V が与えられたとき，K を連結する木の中で，木に
含まれる枝の重みの和が最小となるものを求めるNP困
難な組合せ最適化問題である．我々は既にカオスダイナ
ミクスを用いた STPGの解法を提案している [1]．この手
法は概ね良い性能を示すものの，枝の重みが一様に分布
しない問題例に対しては性能が劣化する場合がある．こ
の原因は，局所探索法が深い局所解から抜け出す解を生
成できないことにあった [2]．
そこで本稿では，複数の最短経路を使用して必須点お

よび現在のシュタイナー木 T 内で次数 3以上の頂点間の
最短経路 (キーパス)に基づく局所探索法 (The key-path
based neighborhood: KBN)[3] を行う手法を提案する．
ここで，複数の最短経路とは，1番目から k(≥ 2)番目ま
での最短経路と定義する．これにより，近傍範囲が拡大
し，結果として深い局所解からの脱出を実現した．

2 KBN[3]

KBNは T からキーパスを 1つ削除し，木を 2つに分
裂させ，それらを最短経路で接続しなおすことにより近
傍解を構築する局所探索法である．キーパスは，T 内にお
いて式 (1)で定義される VC同士を接続する経路である．

VC(T ) = K ∪ VK(T ), (1)

ここで VK(T )は T 内での次数 3以上の頂点集合である．

3 提案法
本稿では，2つに分裂した木を，それらの複数の最短経

路で接続しなおすことにより近傍解を構築する手法を提
案する．2頂点間の複数の最短経路はYen法 [4]などを用
いて求めることができる．ベンチマーク問題 i080-141[5]
に対する，従来法と提案法 (2 番目の最短経路まで使用)
で生成した近傍解の範囲の比較の結果を図 1に示す．青
が従来法，赤が提案法に対応し，実線が現在解，丸が近
傍解を表す．Gapは最適解からの誤差率である．図 1か
ら，提案法では従来法よりも近傍解の範囲が拡大してい
ることが分かる．

 4
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 1  2  3  4

G
ap

[%
]

The number of iterations

図 1: 従来法と提案法の近傍解の範囲の違い．
4 数値実験
従来法と提案法の性能をベンチマーク問題 [5]を解いて

比較した．初期解の生成には文献 [6]の手法を用い，近傍
解の生成には 1番目から k番目の全ての最短経路を使用す
るKBNを用いた．数値実験の結果を表 1に示す．k = 1
のとき従来法，2 ≤ k ≤ 5のとき提案法である．平均誤
差率は異なる複数の初期解から局所探索を行った際の各
小問の誤差率の平均値である．

表 1: 数値実験結果 (平均誤差率 [%])．
kの値

問題名 1 2 3 4 5
B 0.51 0.51 0.51 0.51 0.51

I080 8.85 2.06 2.06 1.96 1.99

表 1から，提案法は，迂回路が複数存在しない疎なグ
ラフの問題 Bに対しては従来法と同じ性能を示し，また，
迂回路が複数存在する密なグラフの問題 I080に対しては
従来法より良い性能を示すことが分かる．

5 まとめ
複数の最短経路を使用して KBNを行う手法を提案し

た．数値実験の結果，提案法は従来法よりも良い性能を
示すことが分かった．今後はカオスダイナミクスを用い
たメタヒューリスティック解法で提案法を駆動する手法の
性能を評価する予定である．本研究の一部は JSPS科研
費 (No. 15K12137，16K16138，24650116，15KT0112)
の助成を受けたものである．
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■ ポイント
・最短経路のみを使っていては上手く解けない問題があることを指摘
・迂回路を上手く使うことで枝重みの分布が一様でない問題に対しても効果的な局所探索法を提案
・迂回路を上手く使う手法はさまざまな局所探索法による組合せ最適化に応用できる可能性 [1, 2]
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■ 対象とする問題
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膵β細胞のTRPM2チャネル活性に伴う
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1 はじめに
分泌ホルモンの 1つであるインスリンは，膵臓のランゲルハン

ス島に存在する膵 β 細胞から分泌される．インスリンの機能は，
血糖を臓器に取り込み血糖値を一定に保つことである．
膵 β細胞膜上には，Transient Receptor Potential Melastatin

2 (以下，TRPM2) チャネルが存在する．低グルコース濃度で
は，細胞質 Ca2+ は振動しない．一方，高グルコース濃度では，
TRPM2チャネル活性に伴い，細胞質の Ca2+ 振動の立ち上がり
が早くなること，またバースト期間が延長することが報告されて
いる [1]．インスリンは，細胞質 Ca2+がバーストしている間に分
泌される．すなわち，TRPM2チャネルが活性すると，より早く，
より長いインスリン分泌が可能となる．そこで本稿では，TRPM2
チャネルを考慮した膵 β細胞の数理モデルを提案し，TRPM2チャ
ネル活性に伴う細胞質 Ca2+ のダイナミクスの再現可能性につい
て調査した結果を報告する．

2 モデル
Bertramらのモデル [2]では，電位依存性K+ (KV) チャネル，

電位依存性 Ca2+ (CaV) チャネル，Ca2+活性化K+ (KCa) チャ
ネル，ATP感受性K+ (KATP)チャネルが考慮されている．我々
のモデルでは，Bertram モデルに式 (6) で示すように TRPM2
チャネルを導入している．

Cm
dV

dt
= −(IKV + ICaV + IKCa + IKATP + ITRPM2) (1)

IKV = gKVn(V − VK) (2)

ICaV = gCaVm∞(V − VCa) (3)

IKCa = gKCa
Ca2

KD
2 + Ca2

(
V − VK

)
(4)

IKATP = gKATPO∞(V − VK) (5)

ITRPM2 = gTRPM2(V − VTRPM2) (6)

式 (1)において，V は膵 β 細胞の膜電位，Cm は膜のキャパシタ
ンス，IKV, ICaV, IKCa, IKATP, ITRPM2 はそれぞれ，KV電流，
CaV電流，KCa電流，KATP電流，TRPM2チャネル電流であ
り，式 (2)∼(6)で示される．式 (6)において，gTRPM2，VTRPM2

はそれぞれ TRPM2 チャネルのコンダクタンスと逆転電位であ
る．このとき，細胞質 Ca2+ 濃度を表す変数 Caのダイナミクス
は式 (7)で示される．

dCa

dt
= fcyt(−ηICaV − kPMCACa + Jer) (7)

式 (7) において，fcyt は細胞質遊離 Ca2+ の割合，η は CaV 電
流を流束に変換するパラメータ，kPMCA は Ca2+ ポンプレート，
Jer は小胞体を透過する Ca2+ の流束である．

Bertramモデルにおいて η = 4.5 × 10−6 としていた値を η =
3.7 × 10−6 に変更し，それ以外のパラメータは Bertramモデル
と同じとした．TRPM2チャネル活性により，TRPM2チャネル
のコンダクタンスが増加することが報告されている [1]．そのた
め本稿では，gTRPM2 を増加させることで TRPM2チャネル活性
を表現した．また，グルコース濃度の増加は kPMCA を増加する
ことで表現した．

3 結果
TRPM2チャネルが活性化していない状態を gTRPM2 = 1.0[pS]，

VTRPM2 = −20.0[mV]，活性化した状態を gTRPM2 = 10.0[pS]，
VTRPM2 = −20.0[mV] とする．グルコース濃度が低い状態
(kPMCA = 0.12) と高い状態 (kPMCA = 0.2) での，TRPM2
チャネル活性に伴う細胞質 Ca2+ 濃度の時系列を図 1に示す．横
軸が時間 t[min], 縦軸が細胞質 Ca2+濃度 [µM]である．また，緑
線が TRPM2チャネルが活性化した状態，紫線が活性化していな
い状態を表す．図 1(a)では，活性，不活性に関係なく細胞質Ca2+

濃度は振動していない．この結果は，グルコース濃度が低い状態
では，TRPM2チャネル活性に関わらず細胞質 Ca2+ 濃度が振動
しないことが再現できることを示すものである．また，TRPM2
チャネルが活性化した状態での細胞質 Ca2+ 濃度が，活性化して
いない状態より高いことも生理学実験の結果と一致している [1]．
一方，図 1(b) では，緑線は紫線より立ち上がりが早く，バース
ト期間も長くなっている．この結果は，TRPM2チャネル活性に
伴う細胞質 Ca2+ 濃度のダイナミクスが再現できていることを示
すものである．
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図 1. グルコース濃度が (a) 高い状態と (b) 低い状態での細胞質 Ca2+

濃度の時系列．緑が活性化した状態，紫が活性化していない状態を示す．

4 まとめ
本稿では，Bertram らのモデルに，TRPM2 チャネルを考慮

した項を加えたモデルを提案した．グルコース濃度が高い状態で
は，TRPM2チャネル活性に伴い，細胞質の Ca2+ 振動の立ち上
がりが早くなることとバースト期間が延長することを再現でき
た．Ca2+ 振動の立ち上がりが早いことは，インスリン分泌が早
く始まることを表す．また，バースト期間が延長することは，イ
ンスリン分泌量が増加することを表す．これらは，TRPM2チャ
ネルの活性剤が糖尿病治療に役立つ可能性を示唆するものである．
なお，本研究の一部は JSPS 科研費 (No.16K16126，15K12137,
16K16138, 15KT0112, 17K00348)の援助を受けて行われた．

参考文献
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膵β細胞のTRPM2チャネル活性に伴うカルシウムダイナミクスの再現A-16

膵β細胞

TRPM2チャネル

インスリンを分泌し，血糖量を一定範囲内に保つ
インスリン分泌機能の詳しいメカニズムは不明

TRPM2チャネル活性に伴う反応 [1]

(b) 静止膜電位の上昇
(a) TRPM2チャネルのコンダクタンスが増加

b-cells (Fig. 1C and Supplementary Fig. 1). When the
subtracted currents sensitive to ex-4 were plotted
against the membrane voltage for the current-voltage
(I-V) relationship, the reversal potential was 219.2 mV,
and it was shifted to 24.4 mV (Fig. 1D) by omitting
external Ca2+. Thus, the ex-4–sensitive channel is perme-
able to Na+, K+, and Ca2+. The reversal potentials were
consistent with NSCC reversal potentials in previous
reports, in which GLP-1 elicited the NSCC current with
reversal potentials ranging from 220 to 0 mV (2,13). The
slope conductances in normal and Ca2+-free HKRB solu-
tions were 82.3 and 25.2 pA/pF, respectively. These
results indicate that the ex-4–sensitive current is in part
Ca2+ permeable (Fig. 1D). Ex-4 increased the current in
a concentration-dependent manner; the effect started at
0.01 nmol/L, peaked at 0.1–1 nmol/L, and declined at
$10 nmol/L (Fig. 2).

Potentiation of First-Phase Insulin Secretion and
Cytosolic Ca2+ Caused by Increasing NSCC Current via
cAMP/EPAC/NSCC Pathway by Ex-4
Next, we confirmed that incretin hormone could increase
first-phase insulin secretion and [Ca2+]i response to glu-
cose. Insulin secretion measured during 15-min (Fig. 3A-1)
or 5-min (Supplementary Fig. 2) static incubation with
16.6 mmol/L glucose was increased by addition of ex-4.
Increase in [Ca2+]i is a primary context prior to initiation
of insulin secretion. An increase in glucose concentration
from 2.8 to 5.6 mmol/L induced first-phase increases in
[Ca2+]i, and a subsequent increase in glucose to 8.3 mmol/L
induced further increases in [Ca2+]i in an oscillatory pat-
tern. The [Ca2+]i oscillation declined with time during
20 min of exposure to 8.3 mmol/L glucose under control
conditions, while it was maintained or even enhanced in the
presence of GLP-1 (Fig. 3A-2). GLP-1 significantly increased

Figure 1—Depolarization of the membrane potential in association with increased background current induced by ex-4. A: The membrane
potential of a b-cell isolated from rat islets was recorded at 2.8 mmol/L glucose. The membrane was depolarized upon superfusion with
10210 mol/L ex-4 in a reversible manner. B: Comparison of resting membrane potentials in the absence and presence of 10210 mol/L ex-4.
Glucose concentration was 2.8 mmol/L. Membrane potentials in the absence and presence of ex-4 were264.2 6 1.3 mV and258.46 2.1
mV, respectively. *P < 0.01, n = 9. C: Perforated whole-cell clamp experiment performed in the absence (control) and presence of 10210

mol/L ex-4 showed that ex-4 increased inward currents (see subtracted currents that were current components increased by ex-4). D:
Mean current levels during test pulses of subtracted current traces were measured and plotted against corresponding voltage. The I-V
relationship showed a slope conductance of 82.3 pA/pF (95% CI 67.3–97.3) and a reversal potential of 219.2 mV (225.2 to 211.0, n = 6
[closed circles]) in the control; in the absence of Ca2+, the slope conductance was 25.2 pA/pF (12.0–38.4) and the reversal potential was
24.4 mV (222.5 to 48.5, n = 6 [open circles]). Lines were drawn by using linear regression fit to the data points. Data are expressed as
mean 6 SEM. Tolbutamide at 100 mmol/L was superfused in the experiments shown in C and D to inhibit KATP channels.
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膜 
電 
位 
[mV]

活性後

活性前

�64.2[mV]

�58.4[mV]

the area under the curve of [Ca2+]i oscillations (AUC)
(Fig. 3A-3).

In order to clarify the mechanistic pathways in which
incretin hormone facilitates the opening of NSCC, we

tested compounds that mediated effects downstream
of receptor stimulation. Both ex-4 and GLP-1, as well as
another GLP-1 analog, liraglutide, significantly increased
inward current at concentrations of 10210 mol/L measured

Figure 2—Dose-dependent increases of ex-4– (A) and GIP-sensitive (B) NSCC currents. The current was recorded according to the same
protocol demonstrated in Fig. 1C and D. The membrane potential was held at 270 mV and the glucose concentration was 5.6 mmol/L
throughout the experiments. The current was expressed by the current density (pA/pF). Data were collected from five to nine data points in
each experiment.

Figure 3—Ex-4 (10210 mol/L) increases the first-phase insulin secretion evoked by 16.6 mmol/L glucose with increased Ca2+ influx and
increased NSCC current via the cAMP/EPAC/NSCC pathway. A-1: Ex-4 increased the insulin secretion at 16.6 mmol/L glucose. *P < 0.05
vs. 16.6 mmol/L glucose without ex-4. A-2: GLP-1 at 10210 mol/L increased the duration of Ca2+ oscillations. At the end of the experiment,
100 mmol/L tolbutamide (Tolb) was added to confirm that the responsive cells were b-cells. G, glucose (mmol/L). A-3: AUC of oscillatory
Ca2+ responses at 8.3 mmol/L glucose was increased by GLP-1. The results (A-2 and -3) were from mouse b-cells. HKRB solution with
0.1% BSA was used for insulin secretion or Ca2+ measurements. B–N: Effects of the following agents on current are shown. GLP-1 (B),
liraglutide (C), and ex-4 (D) at 100 pmol/L; ex-(9-39) (0.1 mmol/L) (E); dubutyryl cAMP (dbcAMP) (1 mmol/L) (F ); H89 (10 mmol/L) (G); PKA
activators 6-Benz cAMP (100 mmol/L) (H) and 6-Phen cAMP (10 mmol/L) (I); EPAC activator 8-pCPT (10 mmol/L) (J); EPAC inhibitor ESI-09
(10 mmol/L) (K); TRPM2 inhibitor 2-APB (10 mmol/L) (L and N); and GIP (10210 mol/L) (M). In B–D, F, H–J, M, and N, effects of the indicated
agents on NSCC are shown. In E, G, K, and L, effects of 10210 mol/L ex-4 on NSCC in the presence of the indicated agents are illustrated.
Rat islet b-cells were used and 100 mmol/L tolbutamide was present throughout the experiments of B–N. The number of data points was six
to nine. *P < 0.05 vs. control (cont) by paired test.
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(b) 活性前後の静止膜電位の時系列

活性あり 活性なし

�

�

膵β細胞上に存在し， Na^, Ca^^を透過する� Na+Ca2+

(c) 高グルコース濃度ではCa^^濃度振動の立ち上りが早いCa2+

(d) 低グルコース濃度のCa^^濃度は 
　  スパイクが1度生じた後，静止状態が続く

Ca2+

(c), (d)Ca^^濃度の時系列Ca2+

細胞質基質Ca^^濃度のダイナミクスCa2+

Cm
dV

dt
= �(IKV + ICaV + IKCa + IKATP + ITRPM2) (1)

IKV = gKVn(V � VK) (2)

ICaV = gCaVm�(V � VCa) (3)

IKCa = gKCa
Ca2

KD
2 + Ca2

�
V � VK

�
(4)

IKATP = gKATPO�(V � VK) (5)

ITRPM2 = gTRPM2(V � VTRPM2) (6)
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IKATP
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IKV

追加!

活性なし (gTRPM2 = 16[pS])

(gTRPM2 = 37[pS])活性あり

b-cells (Fig. 1C and Supplementary Fig. 1). When the
subtracted currents sensitive to ex-4 were plotted
against the membrane voltage for the current-voltage
(I-V) relationship, the reversal potential was 219.2 mV,
and it was shifted to 24.4 mV (Fig. 1D) by omitting
external Ca2+. Thus, the ex-4–sensitive channel is perme-
able to Na+, K+, and Ca2+. The reversal potentials were
consistent with NSCC reversal potentials in previous
reports, in which GLP-1 elicited the NSCC current with
reversal potentials ranging from 220 to 0 mV (2,13). The
slope conductances in normal and Ca2+-free HKRB solu-
tions were 82.3 and 25.2 pA/pF, respectively. These
results indicate that the ex-4–sensitive current is in part
Ca2+ permeable (Fig. 1D). Ex-4 increased the current in
a concentration-dependent manner; the effect started at
0.01 nmol/L, peaked at 0.1–1 nmol/L, and declined at
$10 nmol/L (Fig. 2).

Potentiation of First-Phase Insulin Secretion and
Cytosolic Ca2+ Caused by Increasing NSCC Current via
cAMP/EPAC/NSCC Pathway by Ex-4
Next, we confirmed that incretin hormone could increase
first-phase insulin secretion and [Ca2+]i response to glu-
cose. Insulin secretion measured during 15-min (Fig. 3A-1)
or 5-min (Supplementary Fig. 2) static incubation with
16.6 mmol/L glucose was increased by addition of ex-4.
Increase in [Ca2+]i is a primary context prior to initiation
of insulin secretion. An increase in glucose concentration
from 2.8 to 5.6 mmol/L induced first-phase increases in
[Ca2+]i, and a subsequent increase in glucose to 8.3 mmol/L
induced further increases in [Ca2+]i in an oscillatory pat-
tern. The [Ca2+]i oscillation declined with time during
20 min of exposure to 8.3 mmol/L glucose under control
conditions, while it was maintained or even enhanced in the
presence of GLP-1 (Fig. 3A-2). GLP-1 significantly increased

Figure 1—Depolarization of the membrane potential in association with increased background current induced by ex-4. A: The membrane
potential of a b-cell isolated from rat islets was recorded at 2.8 mmol/L glucose. The membrane was depolarized upon superfusion with
10210 mol/L ex-4 in a reversible manner. B: Comparison of resting membrane potentials in the absence and presence of 10210 mol/L ex-4.
Glucose concentration was 2.8 mmol/L. Membrane potentials in the absence and presence of ex-4 were264.2 6 1.3 mV and258.46 2.1
mV, respectively. *P < 0.01, n = 9. C: Perforated whole-cell clamp experiment performed in the absence (control) and presence of 10210

mol/L ex-4 showed that ex-4 increased inward currents (see subtracted currents that were current components increased by ex-4). D:
Mean current levels during test pulses of subtracted current traces were measured and plotted against corresponding voltage. The I-V
relationship showed a slope conductance of 82.3 pA/pF (95% CI 67.3–97.3) and a reversal potential of 219.2 mV (225.2 to 211.0, n = 6
[closed circles]) in the control; in the absence of Ca2+, the slope conductance was 25.2 pA/pF (12.0–38.4) and the reversal potential was
24.4 mV (222.5 to 48.5, n = 6 [open circles]). Lines were drawn by using linear regression fit to the data points. Data are expressed as
mean 6 SEM. Tolbutamide at 100 mmol/L was superfused in the experiments shown in C and D to inhibit KATP channels.
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活性なし

活性あり

低グルコース濃度 高グルコース濃度
活性なし 活性あり 活性なし 活性あり

静止膜電位[mV] -63.88 -59.18 -61.27 -58.65
バースト期間[s] (分泌時間) 0 303.6 331.6 565.6
発火数/バースト期間[s] 0 0.629 0.55 0.56
インスリン分泌量 0 少 中 多

(7)dCa

dt
= fcyt(��1ICaV � �2ITRPM2 � kPMCACa + Jer)

流出するCa^^Ca2+流入するCa^^Ca2+

VK �75 mV
VCa 25 mV

VTRPM2 �25 mV
gKV 2700 pS
gCaV 1000 pS
gKCa 600 pS

gKATP 25000 pS

�1 2.4 � 10�6 fA
�1µMms�1

�2 7.0 � 10�6 fA
�1µMms�1

・静止膜電位が上昇
TRPM2チャネル活性により

・バースト期間が延長
・脱分極に寄与
・インスリン分泌量が増加

[1] M. Yosida, et al., ``Involvement of cAMP/EPAC/TRPM2 activation in glucose-and  
incretin-induced insulin secretion,” Diabetes, 63(10), pp. 3394-3403, 2014.

[2] R. Bertram, et al., ``Calcium and glycolysis mediate multiple bursting modes  
 in pancreatic islets,'' Biophysical Journal, 87(5), pp. 3074-3087, 2004. ・静止状態期間が短縮

ADPとグルコース6リン酸 (G6P) のダイナミクス

r :グルコースに依存するパラメータ RGK :グルコキナーゼ反応速度定数

dADP

dt
= (ATP � ADP exp[(r + �)(1 � Ca/r1)])/�a (8)

dG6P

dt
= �(RGK � RPFK) (9)

膵β細胞の模式図�

高グルコース濃度
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(a) TRPM2チャネルのコンダクタンスの変化

TRPM2チャネルを 
追加した数理モデルを提案

参考文献4. まとめ

2. モデル [2] 3. 結果
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TRPM2チャネルで 
インスリン分泌量を制御可能

生理学実験の結果と一致 糖尿病治療に有効！
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࿥ͨؒ࣌͠ߴղ૾౓ͷσʔλ͕ղੳର৅ͱͳ͍ͬͯΔ [1]ɽ
զʑ͸طʹɼ1msΦʔμͷؒ࣌ߴղ૾౓Λ༗͢ΔגՁมಈ
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੒͢ΔɽͦΕΛ࣌ؒ૭ʹ෼ׂͨ͠ޙ [1, 2]ɼϚʔΫ෇͖ Spike
Time Metric (ҎԼɼSTM) [3]Λ༻͍ͯϚʔΫ෇͖఺աఔ
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池口研究室 修士1年 4418526 山本紘平

制約付きランダムシャッフルサロゲートデータを用いたマーク付き点過程データの解析法について

1．研究目的と報告内容
・研究目的 ・報告内容

マーク付き点過程データに対し，その予測限界を調査するための新
たな手法として，制約付きランダムシャッフルサロゲートデータを
用いた手法を提案する．また，提案手法をLorenz方程式，Rössler
方程式から生成したマーク付き点過程データに対し適用した結果を
報告する．

2．データセット

系列を一致させるまでにかかるコストの合計を系列間の距離と定義する．

3．マーク付き点過程間の類似度

D = min{ ∑
(m,n)∈C {λt|ti(m) − tj(n)| + λp|pi(m) − pj(n)|} + I + J − 2P}
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・時間窓の組み合わせ全てに対して距離を計算する

距離行列を生成する
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・極大値を抽出し，マーク付き点過程データに変換

マーク付き点過程データとは，離散的なイベント時系列に何らかの情報が付与したされた点
過程である．具体的には，地震活動，神経活動，金融市場での値動きなどがある． 
また，これまでの研究にて為替，株式といった金融市場には短い期間であれば決定論性が存
在することがわかっている．[1,2,3]この性質を用いれば強い予測ができる[4]が，どの程度
持続するかは議論されていない．この予測限界を明らかにすることが研究目的である．

・リターンマップ
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時系列信号 Recurrence plot 制約付きランダムシャッフル 
サロゲートデータ

Lorenz方程式

Rössler方程式

IEIはPoisson過程 
マークは一様乱数

Sin関数
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例：図から実際にDETを計算

時系列の性質を可視化する手法 
本研究では，各時間窓間の相関関係を
可視化する．

P (1) = 8 P (2) = 4 P (4) = 2

lmin = 2 DET =
16

24
= 0.75

DET 大きい
DET 小さい

決定論性高い
決定論性低い

・DETによる決定論性の検定

帰無仮説に従うランダムシャッフルサロゲートデータを多数作成し， 
オリジナルデータとのDETの値の有意差を見る

窓
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の例

の例
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・制約付きランダムシャッフルサロゲートデータ

• The number of randomly shuffled windows = 10 (fully random shuffle surrogate data)

8 5 2 6 1 4 9 3 10 7

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

2 3 1 6 4 5 7 9 8 10

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

1 2 3 4 5 6 7 8 9 10

4．Recurrence plot と決定論性の指標DET
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決定論的カオス応答を示す時系列に対して，DETの減少速度に違いが見られた． 
この減少速度が時系列間の予測限界を表すリアプノフ指数と相関があるか追加調査を行い，決定論性の持続性を評価できるか定量的な解析を行う． 
また，分割する時間窓幅によっては，各種時系列の特徴が潰れてしまうため，適切な時間窓幅を決定できる評価手法を導入する．
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౦ژେֶߴࡍࠃ౳ڀݚॴχϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ 4

1 ͸͡Ίʹ
ๅ͘͡͸ੈքͷ֤ࠃͰߦΘΕ͍ͯΔɽๅ͘͡ͷநબʹ͸ɼਅ

ʹϥϯμϜͰ͋Δ͜ͱ͕ٻΊΒΕΔɽ೔ຊͷ༗໊ͳๅ͘͡ͷҰ
ͭʹ LOTO6͕͋ΔɽLOTO6͸ɼ1͔Β 43ͷ੔਺஋͔Βɼ6
ͭͷ਺ࣈΛબΜͰɼ౰બ਺ࣈͱҰகͨ͠਺ʹΑͬͯ৆͕ۚࢧ෷
ΘΕΔๅ͘͡Ͱ͋Δɽ
ຊߘͰ͸ɼLOTO6ͷநબ݁Ռʹରͯ͠ɼඇઢྻܥ࣌ܗղੳ
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͍Δɽநબ਺ࣈ͸ঢॱʹฒͼସ͑ࣔ͞ܝΕ͍ͯΔɽͦͷͨΊɼ
ୈ n (1 ≤ n ≤ N)ճ໨ͷநબͰબ͹Εͨ 6ͭͷ਺ࣈͷ͏ͪ s൪
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ࣜ (1)ͷਖ਼نԽΛ͢ࢪɽ

Xn =

√
l2
n,1 + l2

n,2 + · · · + l2
n,6√

382 + 392 + · · · + 432
(1)

͜ͷॲཧʹΑͬͯɼநબ݁Ռ L ͔Βɼ࣌ྻܥσʔλ X =

{X1, . . . , Xn, . . . , XN} ͕ಘΒΕΔɽ؍ଌՄೳͳ Xn ͷ஋Ҭ͸ɼ
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√
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ຊߘͰ͸ɼඇઢྻܥ࣌ܗղੳख๏ͱͯ͠ɼϦΧϨϯεϓϩο

τ (ҎԼɼRP)[2]Λಋೖͨ͠ɽLOTO6ͷநબ݁Ռ L͔Βࢉग़
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ϩήʔτσʔλ [3]ʹରͯ͠ RPΛ࡞੒ͨ͠ɽXͱ RSαϩήʔ
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ࣔ͢ɽਤ 1(a)ͱਤ 1(b)ΛݟΔͱɼϓϩοτʹภΓ͕ͳ͘ɼ࣮
σʔλ X͸ϥϯμϜੑΛ༗͍ͯ͠Δͱ͑ߟΒΕΔɽ͔͠͠ɼ࠶
਺ݩ੒ঢ়ଶۭؒͷ࣍ߏ m = 10ͱͨ͠ਤ 1(c)ͱਤ 1(d)Ͱ͸ɼର
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ϩήʔτσʔλͷฏۉ஋ͱΤϥʔόʔɽ
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τσʔλʹରͯ͠΋ಉ༷ͷ݁Ռͱͳͬͨɽ·ͨɼܾఆ࿦ੑΛݕ
ग़͢ΔࢦඪͰ͋Δ DETΛࢉग़͠ɼ࣮σʔλͱ RSαϩήʔτ
σʔλͷࠩΛൺֱͨ͠ɽ݁Ռͱͯ͠ɼLOTO6ͷ࣮σʔλͱͦ
ͷ RSαϩήʔτσʔλʹର͢Δղੳ݁Ռ͸ಉ༷ͷ޲܏Λࣔ͢
͜ͱɼैͬͯɼLOTO6ͷநબ݁Ռ͸ϥϯμϜੑΛ༗͍ͯ͠ͳ
͍ͱ͢ΔؼແԾઆ͸٫غͰ͖ͳ͍͜ͱ͕ࣔ͞Εͨɽ
ͳ͓ɼຊڀݚͷҰ෦͸ JSPS Պݚඅ (No.16K16126ɼ

15K12137, 16K16138, 15KT0112, 17K00348) ͷԉॿΛड͚ͯ
ΘΕͨɽߦ
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[1] “LOTO6աڈͷநબ݁Ռ”, http://www.takarakujinet.co.jp/loto6/index2.html,
ऴӾཡ೔ฏ੒࠷ 30 ೥ 3 ݄ 26 ೔ɽ

[2] N. Marwan, et al., Physics Reports, Vol. 438, No. 5, pp. 237–329, 2007.

[3] ஑ޱపɼాࢁହ࢘ɼখࣨݩ੓ɽΧΦε࣌ྻܥղੳͷૅجͱԠ༻ɽ߹ݪҰ޾
ฤɽۀ࢈ਤॻɼ2002ɽ
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LOTO6に対する非線形時系列解析A-19
○金丸志生，島田裕，藤原寛太郎，池口徹1 2 3 4

東京理科大学 工学部 経営工学科1 埼玉大学大学院 理工学研究科2 東京大学国際高等研究所 ニューロンインテリジェンス国際研究機構3 東京理科大学 工学部 情報工学科4

目的 宝くじの抽選結果に，非線形時系列解析手法を 
適用し，決定論性が隠れているか調査をする．

データ LOTO6の過去の抽選結果    を 
時系列データとする．

1から43の数字 (            ) の中から， 
異なる6つの数字を選び， 
抽選数字と一致した数によって賞金が支払われる宝くじ．

LOTO6とは

[1]

ද 1

ճ߸਺ நબ਺ࣈ (ln,s < ln,s+1)

1 l1,1 l1,2 l1,3 l1,4 l1,5 l1,6

...
...

...
...

...
...

...

n ln,1 ln,2 ln,3 ln,4 ln,5 ln,6

...
...

...
...

...
...

...

N lN,1 lN,2 lN,3 lN,4 lN,5 lN,6

1

ln,s � N
<latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit><latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit><latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit><latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit><latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit><latexit sha1_base64="dx/klT8xsr8fHdCgOW0WdJYEHoY="></latexit>

解析手法 列毎に決定論性が存在するかを調査するために，   列目を1つの 
時系列データ (      ) として考え，リカレンスプロット   を適用する．[2]

s
<latexit sha1_base64="d81Vb1dkGbHrsR7ToUSaGCY3sNU="></latexit><latexit sha1_base64="sNVIl2ukKAYBcB6+gEigqaajMZo="></latexit><latexit sha1_base64="sNVIl2ukKAYBcB6+gEigqaajMZo="></latexit><latexit sha1_base64="sNVIl2ukKAYBcB6+gEigqaajMZo="></latexit><latexit sha1_base64="sNVIl2ukKAYBcB6+gEigqaajMZo="></latexit><latexit sha1_base64="8xRqYz7qc5su3ewq7uZAcQfPdTk="></latexit>

＊リカレンスプロット (RP)

連続的に近傍に留まり続けるという特徴が， 
斜め線として現れる．→ 決定論性を検出する指標． 
値域は， 
1に近づくほど決定論性を有すことを示唆する．

0 � DET � 1.
<latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit><latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit><latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit><latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit><latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit><latexit sha1_base64="s0/qvtEK0hSSkuRbxnzZrM/0oFM="></latexit>

[2]＊DET (determinism)

2点間の距離関係を視覚化．

Ri,j =

⇢
1 (Di,j  ✓)
0 (otherwise)

<latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit><latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit><latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit><latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit><latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit><latexit sha1_base64="GnZ2C2GgP1NwpWLr9i2r7WePaKo="></latexit>

Di,j = |vi � vj |
<latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit><latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit><latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit><latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit><latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit><latexit sha1_base64="0sLdzZvEYa/sf1V2CG0tk18Gqpo="></latexit>

vi = (li,s, li+�,s, · · · , li+(m�1)�,s)
<latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit><latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit><latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit><latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit><latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit><latexit sha1_base64="N1vaR23VHqBgLw6z4KNgjARvP0c="></latexit>

� = 1
<latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit><latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit><latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit><latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit><latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit><latexit sha1_base64="5jFqNKLHX48dei+RORgpTyvbpcU="></latexit>

遅れ時間 と固定．

LOTO6の抽選結果に決定論性は見られず，ランダム性を示唆する結果を得た！

結果

参考文献
[1] “LOTO6 過去の抽選結果”,  
      http://www.takarakujinet.co.jp/loto6/index2.html, 最終閲覧日 平成30年5月31日.

[2] N. Marwan, et al., Physics Reports, Vol. 438, No. 5, pp. 237̶329, 2007.

[3] 池口徹, 山田泰司, 小室元政, カオス時系列解析の基礎と応用, 合原一幸編, 産業図書, 2002.

ランダムシャッフル (RS) サロゲートデータ

元の時系列データをランダムに入れ替え，時間的な相関を壊したデータ．
20種類のRSサロゲートデータを作成し，元のデータに対するDETの差を比較する．
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[3]

DET =

N�
w=wmin

wP (w)

N�
w=1

wP (w)

P (w) =

N�

i,j=1

(1 � Ri�1,j�1)(1 � Ri+w,j+w)

w�1�

k=0

Ri+k,j+k
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wmin ୹ͷࣼΊઢͷ௕͞࠷:

P (w) :௕͞ wͷࣼΊઢͷຊ਺
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m次元の再構成状態空間

�
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m
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・
・

・

・・
・
v1

<latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit><latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit><latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit><latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit><latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit><latexit sha1_base64="wAIspOoUlCGwpsNGvpnkBZr4Nkw="></latexit>

v2
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異なる不応性を有するニューラルネットワークによる
グラフ的シュタイナー木問題の解探索性能の比較
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あらまし 我々は既に，カオスニューラルネットワークを用いたグラフ的シュタイナー木問題の解法を提案し，それ
が良い性能を示すことを報告している．本報告では，グラフ的シュタイナー木問題に対するカオスニューラルネット
ワークを用いた解法の性能を，タブーサーチニューラルネットワーク，指数減衰タブーサーチニューラルネットワー
クを用いた解法の性能と比較する．これにより，どのような不応性が解探索性能に影響を与えるかを検討する．数値
実験の結果，指数減衰タブーサーチニューラルネットワークを用いた解法は，タブーサーチニューラルネットワーク，
カオスニューラルネットワークを用いた解法よりも良い性能を示すことを確認した．
キーワード グラフ的シュタイナー木問題，タブーサーチニューラルネットワーク，指数減衰タブーサーチニューラ
ルネットワーク，カオスニューラルネットワーク

Solvable Performance and Refractory Effects of Neural Networks
for Solving the Steiner Tree Problem in Graphs
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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
the tabu search neural network, the exponential tabu search neural network, and the chaotic neural network for
solving the Steiner tree problem in graphs. These methods have different refractoriness. The results of numerical
experiments revealed that the exponential tabu search neural network shows the best performance among these
methods.
Key words The Steiner tree problem in graphs, the tabu search neural network, the exponential tabu search
neural network, the chaotic neural network
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1. ま え が き
グラフ的シュタイナー木問題は，頂点集合 V，枝集合 E，枝

の重み関数 cからなる重みつき無向グラフ G = (V,E, c)と必
須点集合 T ⊆ V が与えられたとき，T を連結する木の中で，木
に含まれる枝の重みの和が最小となる「最小シュタイナー木」
を求める問題である．グラフ的シュタイナー木問題の目的関数
は式 (1)により表される．

min
∑

e∈E
c(e)z(e), (1)

ただし，c(e)は枝 eの重み，z(e)は枝 eの決定変数で，

z(e) =

⎧
⎨
⎩

1 (e ∈ ES)

0 (otherwise),
(2)

である．式 (2)において，ES はシュタイナー木に含まれる枝
集合である．グラフ的シュタイナー木問題は NP 困難な組合
せ最適化問題である [1]ため，厳密解法だけでなく近似解法に
ついても盛んに研究されている．
グラフ的シュタイナー木問題は工学的にさまざまな応用が期

待されている．例えば，必須点を電子回路における素子の電源
端子とする．このとき，接続可能な頂点間に枝を張ると，得ら
れた最小シュタイナー木は最も効率的な配線をする基盤の穴あ
け箇所となる．近年，電子回路は小型化・高周波化が進み，配
線が複雑になっている．そのため，回路図から配線図を自動で
設計するソフトウェアが望まれている．グラフ的シュタイナー
木問題に対する高速で正確な近似解法を開発することで，配線
図の自動設計に対する寄与となる．
巡回セールスマン問題，二次割当問題，配送計画問題などの

種々の組合せ最適化問題に対して，カオスニューラルネット
ワークを用いた解法が提案され，良い解探索性能を示すことが
報告されている [2]～[5]．我々は既に，カオスニューラルネッ
トワークを用いた解法がグラフ的シュタイナー木問題に対して
も良い解探索性能を示すことを報告している [6]～[8]．しかし，
カオスニューラルネットワークをグラフ的シュタイナー木問題
に用いた場合，何が良い解探索に影響を与えているのかはまだ
明らかになっていない．
一方，モチーフ抽出問題に対しては，カオスニューロンが持

つ「一度発火したあとしばらくの期間は発火しない」という振舞
いが解探索性能に良い影響を与えることが報告されている [9]．
そこで本報告では，グラフ的シュタイナー木問題に対して，不
応性効果の観点から解析を行う．具体的には，不応性効果が一
定期間持続するタブーサーチ，不応性効果が時間経過と共に減
衰する指数減衰タブーサーチ，時間減衰する不応性効果とアナ
ログ活性化関数によりカオス的な振舞いをするカオスサーチを
用いた解法の性能を比較する．これにより，どのような不応性
がグラフ的シュタイナー木問題の解探索性能に影響を与えるか
を検討する．

2. 手 法
本章では，本報告で比較する解探索手法について述べる．ま
ず，構築法について述べ，次に局所探索法について述べる．最
後にニューラルネットワークについて述べる．

2. 1 構 築 法
本報告では，構築法として Distance Network Heurisitc

(DNH) [10]を使用した．DNHは必須点間の最短経路に基づい
てシュタイナー木を構築する手法である．DNHの例を図 1に
示す．まず，必須点のみからなる重み付き無向完全グラフを構
築する (図 1(b)) ．必須点間の距離は入力グラフ上での最短距
離とする．次に，重み付き無向完全グラフの最小全域木を構築
する (図 1(c)) ．最後に，最小全域木に含まれる枝を入力グラフ
上での最短経路に置き換え，シュタイナー木とする (図 1(d))．

(a) (b)

(c) (d)
図 1 DNHの例．円が頂点，線が枝，数字が各枝の重みを表す．赤円

が必須点，最太線がシュタイナー木に含まれる枝を表す．(a) は
入力グラフである．(b)は (a)の必須点のみからなる完全グラフ
である．中太線が完全グラフに含まれる枝を表す．(c)は (b)の
最小全域木である．(d) は (c) に含まれる枝を (a) での最短経
路に置き換えたものである．これが DNH で得られたシュタイ
ナー木となる．

2. 2 局所探索法
本報告では，局所探索法としてSteiner Vertex Insertion (SVI)
と Steiner Vertex Elimination (SVE) の 2 種類の方法を使用
した [11]．最小シュタイナー木 S に含まれる頂点集合 VS ⊆ V

があるとき，S は入力グラフ Gにおいて VS を張る最小全域木
と等しい．このことから，シュタイナー木は頂点集合のみで表
現することができる．

SVIは現在のシュタイナー木に含まれていない頂点を現在の
シュタイナー木に挿入することによって近傍解を生成する手法
である．SVIの例を図 2に示す．図 2(a)のシュタイナー木に
斜線の頂点を挿入するとする．まず，現在のシュタイナー木に
含まれる頂点と斜線の頂点からなる頂点集合を考える．この頂
点集合と，この頂点集合に含まれる頂点間に存在する枝集合か
らなる部分グラフを構築する (図 2(b)) ．次に，構築した部分
グラフの最小全域木を構築する (図 2(c)) ．構築した最小全域
木の葉に必須点でない頂点があった場合，その頂点に枝を張る

— 2 —- 52 -

Ikeguchi Laboratory 2018(p. 47 / 190)



必要はないため，木からその頂点とその頂点に繋がる枝を削除
し，シュタイナー木を得る (図 2(d))．

(a) (b)

(c) (d)
図 2 SVI の例．(a) は現在解である．(a) のシュタイナー木に斜線の

頂点を挿入する．(b)は (a)のシュタイナー木に斜線の頂点を挿
入した頂点集合と，その頂点集合に含まれる枝集合である．(c)
は (b) の最小全域木である．(d) は (c) の葉が全て必須点にな
るように不要な頂点と枝を削除して得られたシュタイナー木で
ある．

SVE は現在のシュタイナー木に含まれている頂点を現在の
シュタイナー木から削除することによって近傍解を生成する手
法である．SVEの例を図 3に示す．図 3(a)のシュタイナー木
から斜線の頂点を削除するとする．まず，現在のシュタイナー
木に含まれる頂点から斜線の頂点を削除した頂点集合を考える．
この頂点集合と，この頂点集合に含まれる頂点間に存在する枝
集合からなる部分グラフを構築する (図 3(b))．次に，構築した
部分グラフの最小全域木を構築する (図 3(c)) ．図 3(c)は葉が
全て必須点になっているため，これをそのまま得られたシュタ
イナー木とする．

(a) (b)

(c)
図 3 SVEの例．(a)は現在解である．(a)のシュタイナー木から斜線

の頂点を削除する．(b)は (a)のシュタイナー木から斜線の頂点
を削除した頂点集合と，その頂点集合に含まれる枝集合である．
(c) は (b) の最小全域木である．葉が全て必須点であるため，こ
れを得られたシュタイナー木とする．

2. 3 メタヒューリスティクス
本報告では，メタヒューリスティクスとしてタブーサーチ，
指数減衰タブーサーチ，カオスサーチの 3 種類の方法を使用
した [3] ．各手法はニューラルネットワークとして実装した．
ニューラルネットワークは入力グラフの頂点数分のニューロン
により構成される．各ニューロンは各頂点に対応させた．つま
り，ニューロン iが発火したとき，頂点 iに対応する近傍解に
遷移する．
ニューロンの内部状態の更新式を式 (3)から (5)に示す．

ξi(t + 1) = β(C(t)− Ci(t)), (3)

ζi(t + 1) = −α
s∑

d=0

kdrxi(t− d) + θ, (4)

ηi(t + 1) = −W
n∑

l=1

xl(t) + W. (5)

式 (3)は利得効果を表す．βは利得効果の調整パラメータ，C(t)
は時刻 t での現在解のコスト，Ci(t) は時刻 t でのニューロン
iに対応する近傍解のコストである．式 (4)は不応性効果を表
す．αは不応性効果の調整パラメータ，sはタブー期間，kr は
減衰パラメータ，xi(y)は時刻 yでのニューロン iの出力，θは
バイアスである．式 (5)はニューラルネットワークの発火率を
調整する．W は結合荷重，nは入力グラフ Gの頂点数である．
また，ニューロンの出力は式 (6)で決定する．

xi(t + 1) = f{ξi(t + 1) + ζi(t + 1) + ηi(t + 1)} (6)

ただし，f はシグモイド関数 f(y) = 1/(1 + e−y/ϵ)，ϵは先鋭度
である．
このニューラルネットワークはパラメータと発火判定方法に
よってタブーサーチ，指数減衰タブーサーチ，カオスサーチと
なる．各メタヒューリスティクスを実現するパラメータの設定
を表 1に示す．また，各メタヒューリスティクスの不応性効果
の振舞いの違いを図 4に示す．図 4では，実線が不応性効果の
時系列，点線がニューロンが発火した時刻を表す．タブーサー
チはタブー期間の間は ζ(t) = −αとなり，指数減衰タブーサー
チはタブー期間の間に ζ(t) が指数関数的に減衰する．カオス
サーチはタブーサーチや指数減衰タブーサーチとは異なり，過
去の ζ(t)の全ての情報を保持する．リセットが入らないため，
同じ値を繰り返さないことが分かる．

表 1 各メタヒューリスティクスを実現するパラメータ一覧．TS はタ
ブーサーチ，E-TS は指数減衰タブーサーチ，CS はカオスサー
チを意味する．

TS E-TS CS
β > 0.0 > 0.0 > 0.0
α ∞ > 0.0 > 0.0
s > 0 > 0 t− 1
kr 1.0 < 1.0 < 1.0
θ 0.0 0.0 > 0.0
W 0.0 0.0 > 0.0
ϵ 0.0 0.0 > 0.0
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図 4 各メタヒューリスティクスの不応性効果の振舞いの違い．上段がタブーサーチ，中段が指
数減衰タブーサーチ，下段がカオスサーチである．ニューロン発火後の不応性効果の振舞
いを比較するため，どのメタヒューリスティクスでも α = 1.0，t = 1, 11, 21 でニューロ
ンが発火するとした．実線が不応性効果の時系列，点線がニューロンが発火した時刻を表
す．その他のパラメータは，タブーサーチでは s = 5, kr = 1.0, θ = 0.0，指数減衰タブー
サーチでは s = 5, kr = 0.9, θ = 0.0，カオスサーチでは s = t− 1, kr = 0.9, θ = 0.01
とした．

タブーサーチと指数減衰タブーサーチは，イタレーションご
とに内部状態値が最大のニューロンを発火と判定する．一方，
カオスサーチは，ニューロンの出力が閾値を超えたら発火と判
定する．複数のニューロンが発火した場合，イタレーションご
とに最も早く発火したニューロンに対応する近傍解に遷移する．

3. 数 値 実 験
異なる不応性を有するタブーサーチ，指数減衰タブーサーチ，

カオスサーチの解探索性能を比較するため，数値実験を行った．
実験条件は以下の通りである．性能の比較には SteinLib [12]の
ベンチマーク問題を使用した．使用したベンチマーク問題の特
徴を表 2 に示す．現在解から近傍解を生成する際には，必須
点以外の全ての頂点をランダムに走査し，走査する頂点 v が
v /∈ VS であれば SVIを適用し，v ∈ VS であれば SVEを適用し
た．現在解に対して全ての近傍解を走査することを 1イタレー
ションと定義し，イタレーション数の上限は 100回とした．最
小全域木の根は必須点からランダムに選択し，頂点の走査順も
イタレーションごとにランダムとした．性能の評価は最適解か
らの誤差率 Gap (式 (7)) で行った．

Gap = ((Cobt − Copt)/Copt) · 100[%] (7)

ただし，Cobt は数値実験により得られた解のコスト，Copt は最
適解のコストである．ランダム性を含むため，1小問に対して
必須点数回試行し，誤差率の最良値，平均値，最悪値，標準偏差

を比較した．また，調整が必要な各パラメータは予備実験の結
果を元に設定した．まず，タブーサーチでは，タブー期間 sを
2から 20まで 2ずつ変化させた．次に，指数減衰タブーサーチ
では，利得効果の調整パラメータ β を 0.0001から 1まで 10倍
ずつ変化，タブー期間 sを 2から 20まで 2ずつ変化，減衰パ
ラメータを 0.75から 0.90まで 0.05ずつ変化させた．最後に，
カオスサーチでは，利得効果の調整パラメータ β を 0.0001か
ら 1まで 10倍ずつ変化，減衰パラメータ kr を 0.75から 0.90
まで 0.05ずつ変化，バイアス θ を 0.0001から 1まで 10倍ず
つ変化，結合荷重W を 0.0001から 1まで 10倍ずつ変化させ
た．ベンチマーク問題ごとに，平均誤差率が最も低くなったパ
ラメータを採用した．また，カオスニューラルネットワークで
は，ニューロンの出力が 0.5以上のとき発火とした．

表 2 数値実験に使用したベンチマーク問題の特徴一覧．

問題名 小問数 頂点数 枝数 必須点数
B 18 50 ∼ 100 63 ∼ 200 9 ∼ 50

I080 100 80 120 ∼ 3160 6 ∼ 20
P4E 11 100 ∼ 200 4950 ∼ 19900 5 ∼ 100
P4Z 10 100 4950 5 ∼ 50

数値実験の結果を表 3∼表 6に示す．最良値は小問ごとの誤
差率の最良値の平均値，平均値は小問ごとの誤差率の平均値の
平均値，最悪値は小問ごとの誤差率の最悪値の平均値，標準偏
差は小問ごとの誤差率の標準偏差の平均値である．
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表 3∼表 6から，タブーサーチ，指数減衰タブーサーチ，カオ
スサーチの中では，指数減衰タブーサーチが最も平均誤差率が
低く，良い性能を示すことが分かる．また，図 5にベンチマー
ク問題別に小問ごとの平均誤差率を示す．図 5から，指数減衰
タブーサーチはどの小問に対しても平均的に良い解を得ている
ことが分かる．

表 3 ベンチマーク問題 B の数値実験結果．

手法名 最良値 平均値 最悪値 標準偏差
TS 0.00 0.17 0.32 0.08

E-TS 0.00 0.16 0.17 0.04
CS 0.00 0.27 0.55 0.18

表 4 ベンチマーク問題 I080 の数値実験結果．

手法名 最良値 平均値 最悪値 標準偏差
TS 0.13 0.78 1.95 0.67

E-TS 0.13 0.64 1.47 0.46
CS 0.24 1.13 2.56 0.80

表 5 ベンチマーク問題 P4E の数値実験結果．

手法名 最良値 平均値 最悪値 標準偏差
TS 0.00 0.00 0.00 0.00

E-TS 0.00 0.00 0.00 0.00
CS 0.00 0.00 0.00 0.00

表 6 ベンチマーク問題 P4Z の数値実験結果．

手法名 最良値 平均値 最悪値 標準偏差
TS 0.00 0.44 1.09 0.40

E-TS 0.00 0.16 0.58 0.17
CS 0.00 0.17 0.58 0.18

4. 結 論
本報告では，グラフ的シュタイナー木問題に対して，不応性

効果に着目した解析を行った．具体的には，タブーサーチ，指
数減衰タブーサーチ，カオスサーチを用いた解法の性能の比較
である．数値実験の結果から，今回対象とした問題に対しては，
指数減衰タブーサーチが最も良い性能を示すことが分かった．
このことから，グラフ的シュタイナー木問題に対しては不応性
効果 (タブー効果) が指数関数的に減衰する解探索手法が効果
的であると考えられる．
本研究の一部は JSPS 科研費 (No. 18J10671, 16K21327，

17K00348, 15TK0112) の助成を受けたものである．
文 献

[1] R. M. Karp, “Reducibility among combinatorial problems,”
in Complexity of computer computations, pp. 85–103, 1972.

[2] M. Hasegawa, T. Ikeguchi, and K. Aihara, “Combina-
tion of chaotic neurodynamics with the 2-opt algorithm to
solve traveling salesman problems,” Physical Review Let-
ters, vol. 79, no. 12, 2344, 1997.

[3] M. Hasegawa, T. Ikeguchi, and K. Aihara, “Solving large

scale traveling salesman problems by chaotic neurodynam-
ics,” Neural Networks, vol. 15, no. 2, pp. 271–283, 2002.

[4] M. Hasegawa, T. Ikeguchi, and K. Aihara, “A novel chaotic
search for quadratic assignment problems,” European Jour-
nal of Operational Research, vol. 139, no. 3, pp. 543–556,
2002.

[5] 星野 聖, 木村 貴幸, 池口　徹, “時間枠制約付き配送計画問題に
対するカオスダイナミックスを用いたメタヒューリスティック解
法,” 電子情報通信学会論文誌 A, vol. 90–A, no. 5, pp. 431–441,
2007.

[6] M. Fujita, T. Kimura, and T. Ikeguchi, “Solving the Steiner
Tree Problem in Graphs by Chaotic Neural Network using
Key Path Neighborhood,” Proceedings of the 12th Meta-
heuristics International Conference(MIC 2017), pp. 834–
836, 2017.

[7] M. Fujita, T. Kimura, K. Fujiwara, and T. Ikeguchi, “Eval-
uation of the performance of the chaotic neural network for
solving the Steiner tree problem in graphs with incidence
costs,” Proceedings of the 2017 International Symposium
on Nonlinear Theory and its Applications (NOLTA2017),
pp. 712–715, 2017.

[8] M. Fujita, T. Kimura, K. Fujiwara, and T. Ikeguchi, “Solv-
ing the Steiner Tree Problem in Graphs Using the Key-Path
Based Neighborhood with the kth Shortest Path,” in Pro-
ceedings of the 2018 International Symposium on Nonlin-
ear Theory and its Applications (NOLTA2018), pp. 61-64,
2018.

[9] T. Matsuura, K. Numata, and T. Ikeguchi, “Searching char-
acteristics of chaotic neurodynamics for combinatorial opti-
mization,” Nonlinear Theory and Its Applications, IEICE,
vol. 3, no. 4, pp. 573–585, 2012.

[10] L. Kou, G. Markowsky, and L. Berman, “A fast algorithm
for Steiner trees,” Acta Informatica, vol. 15, pp. 141–145,
1981.

[11] E. Uchoa and R. F. Werneck, “Fast local search for the
Steiner problem in graphs,” ACM Journal of Experimental
Algorithms, vol. 17, no. 2, article 2.2, 2012.

[12] T. Koch, A. Martin, and S. Voß, “Steinlib: An updated
library on Steiner tree problems in graphs,” in X. Cheng,
D. Du eds. Steiner Trees in Industry, pp. 285–325, Springer
US, 2001.

— 5 —- 55 -

Ikeguchi Laboratory 2018(p. 50 / 190)



0.0
0.5
1.0
1.5
2.0
2.5
3.0
3.5
4.0

 2  4  6  8  10  12  14  16  18

G
ap

 [%
]

Instance index

TS
E-TS

CS

(a) B

0.0
1.0
2.0
3.0
4.0
5.0
6.0
7.0

 20  40  60  80  100

G
ap

 [%
]

Instance index

TS
E-TS

CS

(b) I080

0.0
0.2
0.4
0.6
0.8
1.0

 2  4  6  8  10  12

G
ap

 [%
]

Instance index

TS
E-TS

CS

(c) P4E

0.0
0.5
1.0
1.5
2.0
2.5
3.0

 2  4  6  8  10

G
ap

 [%
]

Instance index

TS
E-TS

CS

(d) P4Z
図 5 ベンチマーク問題別の小問ごとの平均誤差率の比較．どのベンチマーク問題でも，指数減

衰タブーサーチ (E-TS) が他の手法よりも誤差率の低い解を得ている．

— 6 —- 56 -

Ikeguchi Laboratory 2018(p. 51 / 190)



ࣾஂ๏ਓ ৘ใ௨৴ֶձࢠి
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

৴ֶٕใ
TECHNICAL REPORT OF IEICE.

ωοτϫʔΫߏ଄ͷҧ͍͕ҼՌؔ܎ͷਪఆਫ਼౓ʹ༩͑ΔӨڹʹ͍ͭͯ

ᖒా ࿨໻† ౡా ༟†† ஑ޱ ప†,†††

† ౦ژཧՊେֶ ෦ֶ޻ Պֶ޻Ӧܦ
˟125-8585 ౦ژ౎׉০۠৽॓ 6–3–1
†† େֶେֶӃۄ࡛ ཧڀݚֶ޻Պ

˟338–8570 อٱԼେ۠ࡩࢢ·͍ͨ͞ݝۄ࡛ 255
††† ౦ژཧՊେֶ ෦ֶ޻ ৘ใֶ޻Պ

E-mail: †sawada@hisenkei.net

͋Β·͠ ຊߘͰ͸ɼྗֶܥͷຒΊࠐΈཧ࿦ʹͮ͘جҼՌੑͷਪఆख๏Ͱ͋ΔConvergent Cross MappingΛ݁߹ϩδ
εςΟοΫࣸ૾ʹରͯ͠ద༻ͨ݁͠ՌΛใ͢ࠂΔɽ۩ମతͳωοτϫʔΫͷߏ଄ͱͯ͠Watts-StrogatzϞσϧΛ༻͍
͍ͯΔɽ͜ͷωοτϫʔΫʹର͠ɼࢬͷͭͳ͗ม͑֬཰ΛมԽͤͨ͞ࡍʹɼ֤௖఺ؒͷҼՌؔ܎ͷਪఆਫ਼౓͕ͲͷΑ͏

ʹมԽ͢Δ͔Λௐࠪͨ͠ɽ·ͨɼωοτϫʔΫͷίϛϡχςΟߏ଄ͷ༗ແʹΑΔҼՌؔ܎ͷਪఆਫ਼౓ͷҧ͍ʹ͍ͭͯ

΋ௐࠪͨ͠ɽͦͷ݁ՌɼωοτϫʔΫߏ଄ͷҧ͍͸ҼՌؔ܎ͷਪఆਫ਼౓ʹ͸ӨڹΛ༩͑ͳ͍ͱ͍͏͜ͱ͕ࣔࠦ͞Εͨɽ

Ωʔϫʔυ ҼՌਪఆɼConvergent Cross Mappingɼ݁߹ϩδεςΟοΫࣸ૾ɼWatts-StrogatzϞσϧ

Estimation accuracy of causal relation on difference in network structures
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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.
Key words Causality estimation, Convergent Cross Mapping, Coupled logistic map, Watts-Strogatz model

1. ͸ ͡ Ί ʹ

༷ʑͳࣄ৅ؒͷҼՌؔ܎Λ໌Β͔ʹ͢Δ͜ͱ͸Ͳͷ෼໺Ͱ΋

ॏཁͳ՝୊Ͱ͋ΔɽҼՌ͕ؔ܎ଘ͢ࡏΔͱ͍͏͜ͱ͸ɼ͋Δࣄ

৅͕ผͷ͋Δࣄ৅ʹӨ͍ͯ͠ڹΔͱ͍͏͜ͱͰ͋Δɽྫ͑͹ɼ

େؾதͷԹࣨޮՌΨε͕૿͑ΔͱؾԹ্͕͕Δͱ͢Δɽ͜ͷͱ

͖ɼʮେؾதͷԹࣨޮՌΨε͕૿͑Δ͜ͱʯ͕ݪҼͰ͋Γɼʮؾ

Թ্͕͕Δ͜ͱʯ͕݁ՌͰ͋ΔɽຊߘͰ͸ɼ͜ͷΑ͏ͳ͕ؔ܎

੒Γཱͭͱ͖ɼ͜ͷ 2ͭͷࣄ৅ؒʹ͸ҼՌ͕ؔ͋܎ΔͱΑͿɽ

ҼՌؔ܎ͷਪఆର৅ʹ͸༷ʑͳछྨ͕͋Δ͕ɼຊߘͰ͸࣌ܥ

ྻؒͷҼՌؔ܎ͷਪఆ [1,2] ʹ͍ͭͯओʹѻ͏ɽ࣌ؒྻܥͷҼ
Ռؔ܎Λਪఆ͢Δख๏ͱͯ͘͠޿༻͍ΒΕ͖ͯͨख๏ͷҰͭʹ

Granger Causality[2]͕͋ΔɽҰํɼܾ ఆ࿦త͔ͭඇઢܗͳ࣌ܥ

ྻʹରͯ͠ਖ਼͘͠ҼՌੑΛਪఆͰ͖Δख๏ͱͯ͠ɼConvergent
Cross Mapping[2]ͱ͍͏ख๏͕ SugiharaΒʹΑΓఏҊ͞Εͯ
͍Δ [2,3]ɽConvergent Cross Mapping͸࣌ྻܥ௕͕୹͍৔߹
Ͱ΋༗ޮͱͳΔ͜ͱͳͲ͕จݙ [3]Ͱ͸ࣔ͞Ε͍ͯΔɽ͔͠͠ɼ
ωοτϫʔΫతͳ؍఺͔ΒͷҼՌؔ܎ͷਪఆʹؔ͢Δௐࠪ΋ॏ
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ཁͰ͋Δɽͦ͜ͰຊߘͰ͸ɼ֤௖఺ͷڍಈΛ݁߹ϩδεςΟο

Ϋࣸ૾ͱ͠ɼωοτϫʔΫͷߏ଄ʹWatts-Strogatz ϞσϧΛ
༻͍Δ͜ͱͰωοτϫʔΫߏ଄͕ҼՌੑʹ༩͑ΔӨڹΛௐࠪ͢

Δɽ۩ମతʹ͸ҟͳΔΫϥελੑΛ༗͢ΔωοτϫʔΫʹର͠ɼ

Convergent Cross MappingΛ༻͍ͨࡍͷҼՌؔ܎ͷਪఆਫ਼౓
͕ͲͷΑ͏ʹมԽ͢Δ͔ௐࠪͨ͠ɽ͞Βʹɼ࣍਺ͷࠩҟ΍ωο

τϫʔΫͷίϛϡχςΟߏ଄ͷ༗ແʹΑΔҼՌؔ܎ͷਪఆਫ਼౓

ͷࠩʹ͍ͭͯ΋ݕ౼ͨ͠ɽ

2. Convergent Cross Mapping(CCM)[3]

ҼՌؔ܎Λਪఆ͢Δࡍɼ݁Ռͷ࣌ྻܥσʔλʹ͸ݪҼͷ࣌ܥ

ྻσʔλͷ৘ใ͕஝ੵ͞Ε͍ͯΔɽ͜ͷ࣮ࣄ͸ɼ࣌ྻܥͷ௕͞

͕௕͘ͳΔ΄ͲݦஶͱͳΔͱ͍ྑͯ͑ߟɽ࣮ࡍɼ͜ͷΑ͏ͳߟ

͑ํ͸ຊߘͰ༻͍Δ Convergent Cross Mapping (CCM)Λؚ
ΉछʑͷҼՌੑਪఆ๏ͷڞ௨ͷํ͑ߟͱͳ͍ͬͯΔɽຊઅͰ

͸ɼྗֶܥཧ࿦ʹͮ͘جҼՌੑਪఆ๏Ͱ͋Δ CCMʹ͍ͭͯ঺
հ͢Δɽ

·ͣɼXt, Yt ͷ 2ม਺͔ΒͳΔྗֶܥΛ͑ߟΔɽXt Ҽɼݪ͕

Yt ͕݁Ռͱ͢Δɽt͸࣌ࠁͰ͋Δɽຊདྷ CCMͰ͸ɼଟ࣍ݩͷ
ɼ͜͜Ͱ͸͕͏ߦͷਪఆΛ܎σʔλશͯʹରͯ͠ҼՌؔྻܥ࣌

؆୯ͷͨΊ 2ม਺ͱ͢Δɽ
͜ͷ 2ͭͷ࣌ྻܥσʔλʹ CCMΛద༻͢Δʹ͋ͨͬͯɼݩ

ͷ࣌ྻܥXt, Yt ͔Β࣌ؒ஗Ε࠲ඪܥʹΑΔΞτϥΫλͷߏ࠶੒

Λ͏ߦ [4]ɽΞτϥΫλͷߏ࠶੒Λ͏ߦཧ༝͸ɼԾʹશม਺Λ؍
ଌͰ͖ͳ͍৔߹Ͱ΋ɼߏ࠶੒ΞτϥΫλʹ͸ͦͷഎܠʹ͋Δྗ

ܥͷ৘ใ͕อ࣋͞Ε͍ͯΔ͔ΒͰ͋Δɽ͜ΕʹΑΓɼ֤࣌ܥֶ

ྻؒͷҼՌੑΛຒΊࠐΈۭؒ಺ͷڑ཭ͱͯ͠ଊ͑Δ͜ͱ͕Ͱ͖

Δɽ࣌ྻܥ Xt ͔ΒΞτϥΫλͷߏ࠶੒Λ͢Δࡍɼ࣌ؒ஗ΕΛ

τ ͱͯ͠ɼ࣌ؒ஗ΕϕΫτϧ x(t)Λ࡞੒͢Δɽ࣌ؒ஗ΕϕΫτ
ϧ x(t)͸ࣜ (1)ͷΑ͏ʹͳΔɽͨͩ͠ɼm͸ຒΊࠐΈ࣍ݩͰ

͋Δɽ

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

ಉ༷ʹͯ͠ y(t)͸ࣜ (2)ͷΑ͏ʹͳΔɽ

y(t) = (Yt, Yt+τ , Yt+2τ , · · · , Yt+(m−1)τ ) (2)

࣍ʹɼݩͷ࣌ྻܥXt, Yt Λྨਪ͢ΔͨΊʹɼ্هͷ࣌ؒ஗Ε

ϕΫτϧ x(t)ɼy(t)Λ༻͍Δɽx(t)Λ༻͍ͯ Yt Λྨਪɼy(t)
Λ༻͍ͯ Xt Λྨਪ͢Δ͜ͱΛ Cross MappingͱݺͿ [3]ɽ·
ͨɼྨਪͨ࣌͠ྻܥΛͦΕͧΕɼX̂t, Ŷt ͱఆٛ͢ΔͱɼŶt ͸ࣜ

(3)ʹΑΓද͢͜ͱ͕Ͱ͖Δɽ

Ŷt =
m+1∑

i=1

w
(x,i)
t Y i

t (3)

ͨͩ͠ɼw(x,i)
t ͸ xʹؔ͢ΔຒΊࠐΈۭؒ಺Ͱɼ࣌ؒ஗Εϕ

Ϋτϧ x(t)ʹ i൪໨ʹڑ཭͕͔ۙͬͨ࣌ؒ஗ΕϕΫτϧ͔Βࢉ

ग़ͨ͠ॏΈͷ͜ͱͰ͋Δɽ۩ମతʹ͸ɼw
(x,i)
t ͸ࣜ (4)Ͱද͞

ΕΔɽ

w
(x,i)
t = uit

m+1∑

j=1

ujt

(4)

·ͨɼY i
t ͸ w

(x,i)
t ʹ࣌ؒతʹରԠ͢Δ Yt Ͱ͋Δɽ

ͨͩ͠ɼuit ͸ࣜ (5)Ͱද͞ΕΔɽ

uit = exp −d[x(t),xi(t)]
d[x(t),x1(t)] (5)

·ͨɼd[x(t),x1(t)] = 0ͷͱ͖ɼuit ͸ࣜ (6)ͱͨ͠ɽ

uit =ɹ

⎧
⎨
⎩

1 (i = 1)

0 (i ≠ 1)
(6)

ͨͩ͠ɼd[x(a), x(b)]͸ x(a)ͱ x(b)ؒͷϢʔΫϦουڑ཭
Ͱ͋Δɽxi(t)͸ɼຒΊࠐΈۭؒ಺Ͱ x(t)ʹ i൪໨ʹ͍ۙ࣌ؒ

஗ΕϕΫτϧͰ͋Δɽ্هͷࣜ (3)∼(6)Λ·ͱΊΔͱࣜ (7)ͷ
Α͏ʹͳΔɽ

Ŷt =
m+1∑

i=1

exp{−d[x(t),xi(t)]/d[x(t),x1(t)]}
m+1∑

j=1

exp{−d[x(t),xj(t)]/d[x(t),x1(t)]}
Y i
t (7)

ࣜ (6)Λ༻͍ͯશͯͷ tʹ͓͍ͯ Ŷt Λ͢ࢉܭΔɽ࣮ࡍͷ࣌ܥ

ྻ Yt ͱࣜ (7)ͰٻΊͨ Ŷt ؒͷ૬ؔ܎਺ ρX→Y ʹΑͬͯ Cross
Mappingͷਖ਼֬ੑΛධՁ͢Δɽ·ͨɼٯ΋ಉ༷Ͱ͋ΔɽX̂t ʹ

ؔͯ͠΋ಉ༷ͷࢉܭΛ͍ߦɼ૬ؔ܎਺ ρY→X ʹΑΓධՁ͢Δɽ

ҼͰɼYt͕݁ՌͱԾఆ͢Δɽ͜ͷͱ͖ɼx(t)͔ΒݪɼXt͕ࠓ
ྨਪͨ͠ Ŷt ͱ Yt ؒͷ૬ؔ܎਺ ρX→Y ͸௿͍஋ͱͳΔɽҰํɼ

y(t)͔Βྨਪͨ͠ X̂t ͱXt ؒͷ૬ؔ܎਺ ρY→X ͸͍ߴ஋ͱͳ

ΔɽͳͥͳΒ͹ɼݪҼͷ࣌ྻܥσʔλʹ͸݁Ռͷ࣌ྻܥσʔλ

ͷ৘ใ͸ؚ·Ε͍ͯͳ͍ͨΊͰ͋Δɽ͜ΕʹΑΓҼՌؔ܎ͷ༗

ແͱํ޲Λਪఆ͢Δɽ

3. ݁߹ϩδεςΟοΫࣸ૾ [5][6]

ຊߘͰ͸ɼ֤௖఺ͷڍಈΛ݁߹ϩδεςΟοΫࣸ૾ͱͨ͠ɽ

͜ΕΛࣜ (8)ʹࣔ͢ɽ

zi(t + 1) = (1− ϵ)f(zi(t)) + ϵ

K

N∑

j=1

ai,jf(zj(t)) (8)

ຊߘͰ݁߹ϩδεςΟοΫࣸ૾Λ༻͍ͨཧ༝͸ɼCCMΛద
༻͢ΔࡍͷԾఆͰ͋Δܾఆ࿦త͔ͭඇઢܗͳԠ౴Λࣔࣸ͢૾Ͱ

͋Δ͔ΒͰ͋Δɽࣜ (8)ʹ͓͍ͯ zi(t)͸௖఺ iͷ࣌ࠁ tͰͷঢ়

ଶ஋Λද͠ɼf(z)͸ϩδεςΟοΫࣸ૾Ͱ f(z) = αz(1− z)Ͱ
͋Δɽ·ͨɼα͸ϩδεςΟοΫࣸ૾ͷൟ৩཰Λද͢ύϥϝʔ

λͰɼϵ͸֤௖఺ؒͷ݁߹ڧ౓Ͱ͋ΔɽຊߘͰ͸ɼK = ͼٴ1
K = N ͷ৔߹ʹ͍ͭͯݕ౼͍ͯ͠ΔɽN ͸ωοτϫʔΫͷશ

௖఺਺Ͱɼai,j ͸ωοτϫʔΫͷྡ઀ྻߦͷ Aͷୈ (i, j)੒෼
Λද͢ɽ

4. ͼϥϯμϜͳωοτϫʔΫʹର͢Δٴଇతن
CCMʹΑΔҼՌؔ܎ਪఆਫ਼౓ͷൺֱ

Watts-StrogatzϞσϧ [7]ͱ͸࣮ݱͷωοτϫʔΫʹݟΒΕ
ΔεϞʔϧϫʔϧυੑΛ͢ݱ࠶ΔωοτϫʔΫϞσϧͰ͋Δɽ

εϞʔϧϫʔϧυੑͱ͸ωοτϫʔΫͷฏۉΫϥελ܎਺͸

େ͖͘ɼฏۉ௖఺ؒڑ཭͸খ͍͞ͱ͍͏ੑ࣭Ͱ͋ΔɽຊߘͰ

͸ɼωοτϫʔΫͷߏ଄ʹओʹ͜ͷWSϞσϧΛ࢖༻͕ͨ͠ɼ
WSϞσϧ͸ߏ଄ͷҧ͏ (Ϋϥελ܎਺΍ฏۉ௖఺ؒڑ཭ͳͲ
ͷωοτϫʔΫࢦඪ͕ҟͳΔ)ωοτϫʔΫΛੜ੒͢Δ͜ͱ͕
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Ͱ͖ΔͨΊͰ͋Δɽ

·ͣɼWSϞσϧͰ࡞੒ͨ͠ωοτϫʔΫͷ֤௖఺Λࣜ (8)
ͷ݁߹ϩδεςΟοΫࣸ૾͔Βੜ੒ͨ࣌͠ྻܥΛ༻͍ͯ CCM
ʹΑΔҼՌਪఆΛͨͬߦɽ͜͜Ͱ͸ɼK = 1ͱ͍ͯ͠Δɽ͜ͷ
ʹ޲ு͍ͬͯΔ௖఺ؒ͸྆ํ͕ࢬ੒ͨ͠ωοτϫʔΫͰ࡞ɼࡍ

݁߹͍ͯ͠Δ΋ͷͱͨ͠ɽ

4. 1 ࣮ ݧ ৚ ݅

ࣜ (8)Ͱͷ֤ύϥϝʔλ͸ɼα = 3.75ɼϵ = 0.05ɼN = 20ͱ
ͨ͠ɽ·ͨɼCCMΛద༻͢Δࡍͷ֤ύϥϝʔλ͸ຒΊࠐΈ࣍
ݩ m = 2ɼ࣌ؒ஗Ε τ = 1 ͱͨ͠ɽWS Ϟσϧͷฏ࣍ۉ਺͸
k = 4 ͱ͠ɼͭࢬͳ͗ม͑֬཰ p ͸ 0.0 ≤ p ≤ 1.0 ͷൣғͰɼ
੒ͨ͠ɽ࡞Έͱͯ͠ωοτϫʔΫΛࠁ0.05

4. 2 ݁ Ռ

ͳ͗ม͑֬཰ͭࢬ p = 0.0ɼ0.35ɼ1.0ͷ৔߹ͷ݁ՌΛਤ 1∼3
ʹࣔͨ͠ɽ֤ਤʹ͓͍ͯɼ(a)͸ωοτϫʔΫͷՄࢹԽɼਤ (b)
͸ྡ઀ྻߦɼ(c)͸݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 100ͱ
ͨ͠৔߹ʹCCMʹΑΓಘΒΕͨ૬ؔ܎਺ྻߦɼ(d)͸݁߹ϩδ
εςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 4,000ͱͨ͠৔߹ͷ૬ؔ܎਺ྻߦ
Ͱ͋Δɽ·ͨɼਤ 1∼3(c),(d)ʹ͓͚Δɼԣ࣠ 1 ∼ 20͸ CCM
ͷࡍʹྨਪʹ༻͍ͨ࣌ྻܥ zi(t)ͷΠϯσοΫε iΛද͢ɽॎ

࣠ 1 ∼ 20͸ྨਪͨ࣌͠ྻܥͷΠϯσοΫεΛද͍ͯ͠Δɽ
࣍ʹɼωοτϫʔΫߏ଄ΛɼWSϞσϧͱͨ͠৔߹ͷͭࢬͳ

͗ม͑֬཰ p ͱਪఆਫ਼౓ ρ̄ ͷؔ܎Λਤ 4 ʹࣔ͢ɽਪఆਫ਼౓ͱ
͸ɼ࣮ࡍʹ௚઀݁߹͍ͯ͠Δ௖఺ؒʹؔͯ࣌͠ྻܥ௕Λ 4,000
ͱͨ͠৔߹ʹ Cross Mappingͯ͠ಘΒΕΔ૬ؔ܎਺ͷฏۉ஋
ρ̄ͱఆٛͨ͠ɽ۩ମతʹ ρ̄Λࣜ (9)Ͱఆٛ͢Δɽ

ρ̄ =

N∑

i=1

N∑

j=1

ai,j ρzi→zj

kN
(i ≠ j) (9)

ͨͩ͠ɼρzi→zj ͸ࣜ (10)ͱఆٛͨ͠ɽ

ρzi→zj
=

1
T

T∑

t=1

(ẑj,i(t)− ¯̂zj,i)(zj(t)− z̄j)

√√√√ 1
T

T∑

t=1

(ẑj,i(t)− ¯̂zj,i)2

√√√√ 1
T

T∑

t=1

(zj(t)− z̄j)2

(10)

ẑi,j(t)͸ zj ͔Β CCMʹΑΓྨਪͨ͠ zi ͷ࣌ࠁ tʹ͓͚Δ

஋Ͱ͋ΓɼT ͸ CCMΛద༻͢Δࡍɼྨਪʹ༻͍ͨ࣌ྻܥ௕Ͱ
͋Δɽ·ͨɼz̄iɼ¯̂zi ͸ ziɼẑt ͷฏۉ஋Ͱ͋Γɼࣜ (11),(12)Ͱ
ఆٛͨ͠ɽ

z̄i = 1
T

T∑

t=1

zi(t) (11)

¯̂zi = 1
T

T∑

t=1

ẑi(t) (12)

ਤ 1(c) ΛΈΔͱɼ࣌ྻܥ௕Λ 100 ͱͨ͠৔߹ɼਖ਼֬ʹྨਪ
Ͱ͖ͳ͍͜ͱ͕Θ͔Δɽਤ 1∼ਤ 3(b),(d)ͷ݁Ռ͔Βɼͭࢬͳ
͗ม͑֬཰ΛมԽͤͨ͞ͱ͖ɼنଇతͳωοτϫʔΫͰ΋ϥϯ

μϜωοτϫʔΫͰ΋࣮ࡍʹ݁߹͍ͯ͠Δ௖఺ؒʹͯ CCMΛ
਺͸܎Εͨ૬ؔ͞ࢉܭ͍ͯ༺ 0.3ఔ౓ͱͳ͍ͬͯΔɽҰํɼ݁
߹͍ͯ͠ͳ͍௖఺ؒͷ૬ؔ܎਺͸΄΅ 0ʹऩଋͨ͠ɽ͜ΕΒͷ

݁Ռ͔Βɼਪఆͦͷ΋ͷʹ͍ͭͯ͸ਖ਼͍ͯ͑͘͠ߦΔ͜ͱ͕Θ

͔Δɽ͔͠͠ɼ૬ؔ܎਺ͷ஋͸ 0.3ఔ౓ͱ௿͍ɽਤ 4ΛΈΔͱ
ωοτϫʔΫߏ଄͕نଇతͰ΋ϥϯμϜͰ΋ਪఆਫ਼౓ʹ͸͕ࠩ

ͳ͍ͱ͍͏͜ͱ͕ࣔࠦ͞ΕΔɽ

(a) WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p = 0.0 ͱ͠
ͨ৔߹ͷωοτϫʔΫ

(b) ωοτϫʔΫͷྡ઀ྻߦ

(c) ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 100 ͱͨ͠৔߹ʹ CCM Λద༻͠

ͯಘΒΕͨ૬ؔ܎਺ྻߦ

(d) ௕Λྻܥ࣌ 4000 ͱͨ͠৔߹ͷ૬ؔ܎਺ྻߦ
ਤ 1 WS Ϟσϧͷͭࢬͳ͗ม͑֬཰Λ p = 0.0 ͱͨ͠৔߹ͷ݁Ռ
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(a) WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p = 0.35
ͱͨ͠৔߹ͷωοτϫʔΫ

(b) ωοτϫʔΫͷྡ઀ྻߦ

(c) ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 100 ͱͨ͠৔߹ʹ CCM Λద༻

ͯ͠ಘΒΕͨ૬ؔ܎਺ྻߦ

(d) ௕Λྻܥ࣌ 4000 ͱͨ͠৔߹ͷ૬ؔ܎਺ྻߦ
ਤ 2 WS Ϟσϧͷͭࢬͳ͗ม͑֬཰Λ p = 0.35 ͱͨ͠৔߹ͷ݁Ռ

(a) WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p = 1.0
ͱͨ͠৔߹ͷωοτϫʔΫ

(b) ωοτϫʔΫͷྡ઀ྻߦ

(c) ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 100 ͱͨ͠৔߹ʹ CCM Λద༻

ͯ͠ಘΒΕͨ૬ؔ܎਺ྻߦ

(d) ௕Λྻܥ࣌ 4000 ͱͨ͠৔߹ͷ૬ؔ܎਺ྻߦ
ਤ 3 WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p = 1.0 ͱͨ͠৔߹ͷ݁Ռ
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ρ-

p

ਤ 4 WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p ͱਪఆਫ਼౓ ρ̄ ͷؔ܎

5. ࣍਺ͱਪఆਫ਼౓ͷؔ܎ʹ͍ͭͯ

CCM͸͋Δ࣌ྻܥσʔλ͕༗͢Δ৘ใʹ͖ͮجɼଞͷ࣌ܥ
ྻͷมԽΛྨਪ͢Δख๏Ͱ͋ΔɽͦͷͨΊɼશ௖఺ؒͷ݁߹ڧ

౓͕Ұ༷ͳͱ͖ɼ࣍਺͕͍ߴ௖఺͕ଞͷ௖఺͔Βड͚औΔ৘ใ

ྔ͸૬ରతʹ௿Լ͠ɼͦͷ݁Ռɼ͜ΕΒͷ௖఺ؒͷҼՌؔ܎ͷ

ਪఆਫ਼౓͸Լ͕Δͱ͑ߟΒΕΔɽͦ͜Ͱɼ࣍਺ͱ CCMʹΑΔ
ҼՌؔ܎ͷਪఆਫ਼౓ͷؔ܎ʹ͍ͭͯௐࠪͨ͠ɽͦͷࡍɼຒΊࠐ

Έ࣍ݩͷมԽ͕ਫ਼౓ʹͲͷΑ͏ͳӨڹΛ༩͑Δ͔΋ؚΊͯௐࠪ

ͨ͠ɽ

5. 1 ࣮ ݧ ৚ ݅

֤௖఺ͷڍಈ͸ࣜ (7)ͷ݁߹ϩδεςΟοΫࣸ૾ͱ͠ɼ֤ύ
ϥϝʔλ͸ɼα = 3.75ɼϵ = 0.05ɼN = 20ɼK = N ͱͨ͠ɽ

·ͨɼCCMͷ֤ύϥϝʔλ͸ຒΊࠐΈ࣍ݩ mΛ 2 ≤ m ≤ 5
ͷൣғͰมԽͤ͞ɼ஗Ε࣌ؒ τ = 1 ͱͨ͠ɽ·ͨɼWS Ϟσ
ϧͷฏ࣍ۉ਺͸ k = 4 ͱ͠ɼWS Ϟσϧͷͭࢬͳ͗ม͑֬཰
p = 0.95ͷͱ͖ʹؔͯ࣍͠਺ͱਪఆਫ਼౓ʹ͍ͭͯௐࠪͨ͠ɽࢬ
ͭͳ͗ม͑֬཰Λ p = 0.95ͱͨ͠ཧ༝͸ɼ֤௖఺ͷ࣍਺ʹ͹Β
͖͕ͭ͋Γɼ࣍਺ͱਪఆਫ਼౓ͷؔ܎ʹؔͯ͠ͷௐࠪΛ্͏ߦͰ

࣍਺ͷҧ͍ʹΑͬͯൺֱͰ͖ΔͨΊͰ͋Δɽ

5. 2 ݁ Ռ

CCMͷࡍͷຒΊࠐΈ࣍ݩΛ 2 ≤ m ≤ 5ͷൣғͰมԽͤͨ͞
݁ՌΛਤ 5ʹࣔ͢ɽ

 0

 0.2

 0.4

 0.6

 0.8

 1

 1  2  3  4  5  6

ρ-

k

m=2
m=3
m=4
m=5

ਤ 5 ຒΊࠐΈ࣍ݩmΛมԽͤͨ͞ͱ͖ͷ࣍਺ k ͱਪఆਫ਼౓ ρ̄ͷؔ܎

ਤ 5ΑΓɼ࣍਺͕͍ߴ௖఺ʹؔͯ͠ͷҼՌؔ܎ͷਪఆਫ਼౓͸
௿Լ͢Δ͜ͱ͕෼͔Δɽ·ͨɼຒΊࠐΈ࣍ݩ m ͷ্ঢʹ൐͍

ਪఆਫ਼౓͕Լ͕Δ͜ͱ΋෼͔Δɽ͜Ε͸ɼCCMʹΑΔྨਪͷ
+Δۙ๣఺਺Λm͍༺ʹࡍ 1Ͱݻఆ͍ͯ͠ΔͨΊɼຒΊࠐΈ࣍
ݩ m ͷ্ঢʹ൐͍ྨਪͷࡍʹ༻͍Δۙ๣఺਺΋૿Ճ͠ɼͦͷ

݁Ռɼྨਪਫ਼౓ͷ௿ԼΛটۙ͘๣఺ͷ৘ใΛ༻͍ͯ͠·ͬͨͨ

Ίͩͱ͑ߟΒΕΔɽ

6. ίϛϡχςΟߏ଄͕ҼՌؔ܎ͷਪఆਫ਼౓ʹ༩
͑ΔӨڹʹ͍ͭͯ

͞ΒʹɼωοτϫʔΫͷίϛϡχςΟߏ଄ͷ༗ແ͕ CCMʹ
ΑΔҼՌؔ܎ͷਪఆਫ਼౓ʹ͍ͭͯ༩͑ΔӨ࡯ߟ͍ͯͭʹڹΛߦ

͏ɽͦͷͨΊʹɼίϛϡχςΟΛ࣋ͭωοτϫʔΫͱίϛϡχ

ςΟΛ࣋ͨͳ͍ϥϯμϜͳωοτϫʔΫʹ͍ͭͯ CCMʹΑΔ
ҼՌਪఆΛ͍ߦɼਫ਼౓Λൺֱͨ͠ɽ

6. 1 ࣮ ݧ ৚ ݅

·ͣɼ11 ௖఺ͷ׬શάϥϑΛ 2 ੒͢Δɽ࣍ʹɼҰํͷ࡞ͭ
ωοτϫʔΫͷ௖఺͕༗͢Δࢬ 1 ຊΛଞํͷωοτϫʔΫʹ
ͭͳ͗ม͑ͨ 22௖఺Ͱ 2ͭͷίϛϡχςΟΛ࣋ͭωοτϫʔ
ΫΛ࡞੒ͨ͠ɽ͜ͷͱ͖ฏ࣍ۉ਺͸ 10Ͱ͋Δɽ·ͨɼ௖఺਺
22ɼฏ࣍ۉ਺Λ 10ͷϥϯμϜάϥϑΛίϛϡχςΟߏ଄Λ༗
͞ͳ͍ωοτϫʔΫͱͨ͠ɽ͜ΕΒͷ 2ͭͷωοτϫʔΫͷ֤
௖఺ͷڍಈΛࣜ (8)(K = N)ͷ݁߹ϩδεςΟοΫࣸ૾ͱͯ͠
CCMΛద༻͠ɼਪఆਫ਼౓ͷൺֱΛͨͬߦɽ݁߹ϩδεςΟο
Ϋࣸ૾ͷύϥϝʔλ͸ɼϵ = 0.007, α = 3.75ͱ͠ɼCCMͷύ
ϥϝʔλ͸ຒΊࠐΈ࣍ݩm = 2ɼ஗Ε࣌ؒ τ = 1ͱͨ͠ɽ্ه
ͷύϥϝʔλΛ༻͍ͨཧ༝͸ɼϩδεςΟοΫࣸ૾͸ [0,1] ͷ
Ͱ͋ΓɼҰ౓ܥֶྗؒ۠ [0,1] ͷൣғΛ௒͑ͯ͠·͏ͱ஋͕ൃ
ΊͰ͋Δɽͨ͏·ͯ͠͠ࢄ

6. 2 ݁ Ռ

ίϛϡχςΟߏ଄Λ࣋ͭωοτϫʔΫɼίϛϡχςΟߏ଄Λ

࣋ͨͳ͍ϥϯμϜͳωοτϫʔΫʹؔͯ͠ͷ݁ՌΛਤ 6,7ʹࣔ
͢ɽ֤ਤͷ (a) ͸࡞੒ͨ͠ωοτϫʔΫΛՄࢹԽͨ͠ਤɼ(b)
͸ɼ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 4,000 ͱͨ͠৔߹
ʹ Cross MappingʹΑΓಘΒΕͨ૬ؔ܎਺ྻߦͰ͋Δɽ·ͨɼ
ਤ 8ʹͦΕͧΕͷωοτϫʔΫͷ CCMʹΑΔҼՌਪఆਫ਼౓Λ
ࣔ͢ɽ

ਤ 6ΛΈΔͱɼίϛϡχςΟΛ࣋ͭ͜ͱ͕Θ͔Δ͕૬ؔ܎਺
ͷ஋͸ 0.1લޙͷ௿͍஋ͱͳ͍ͬͯΔɽ·ͨɼਤ 8͔Βίϛϡ
χςΟߏ଄ͷ༗ແ͸ CCMʹΑΔҼՌؔ܎ਪఆਫ਼౓ʹ͸Ө͠ڹ
ͳ͍ͱ͍͏͜ͱ΋ࣔࠦ͞ΕΔɽ

7. ݁ ࿦

ຊߘͰ͸ɼWSϞσϧͷ֤௖఺ͷڍಈΛ݁߹ϩδεςΟοΫ
ࣸ૾ͱͨ͠ࡍʹಘΒΕΔଟ࣍ྻܥ࣌ݩΛର৅ͱͯ͠ CCM Λ
ద༻͠ɼҼՌؔ܎ͷਪఆΛͨͬߦɽWSϞσϧͷͭࢬͳ͗ม͑
֬཰ΛมԽͤͯ͞ɼωοτϫʔΫߏ଄Λنଇత͔ΒϥϯμϜ΁

ͱมԽ࣮ͤͯ͞ݧΛ͕ͨͬߦɼωοτϫʔΫߏ଄ͷҧ͍͸ҼՌ

Λ༩͑ͳ͍ͱ͍͏͜ͱ͕ࣔࠦ͞Εͨɽڹͷਪఆਫ਼౓ʹ͸Ө܎ؔ

ճ͸ɼ௖఺਺͕ࠓ 20ఔ౓ͷωοτϫʔΫΛର৅ͱ͕ͨ͠ɼ௖
఺਺Λ૿΍ͨ͠৔߹ʹͲͷΑ͏ͳ݁Ռ͕ಘΒΕΔ͔͸ޙࠓͷ՝

୊Ͱ͋Δɽ·ͨɼ࣍਺͕͍ߴ௖఺ʹؔ͢ΔҼՌؔ܎ͷਪఆਫ਼౓

͸ɼ࣍਺͕௿͍௖఺ͷਪఆਫ਼౓ΑΓ΋௿͍ͱ͍͏݁Ռ͕ಘΒΕ

ͨɽ͞ΒʹɼຒΊࠐΈ࣍ݩΛ૿΍͢ͱਪఆਫ਼౓͕Լ͕Δͱ͍͏

݁Ռ΋ಘΒΕͨɽޙ࠷ʹɼίϛϡχςΟߏ଄ͷ༗ແ΋ CCMʹ
ΑΔҼՌؔ܎ͷਪఆਫ਼౓ʹ͸ӨڹΛ༩͑ͳ͍ͱ͍͏͜ͱ΋ࣔࠦ

͞Εͨɽ
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(a) 2 ͭͷίϛϡχςΟߏ଄Λ༗͢Δ௖఺਺ 22ɼฏ࣍ۉ਺ k = 10 ͷωοτϫʔΫ
ͷྫ

(b) ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 4,000 ͱͨ͠৔߹ʹ CCM Λద༻ͯ͠

ಘΒΕͨ૬ؔ܎਺ྻߦ

ਤ 6 2 ͭͷίϛϡχςΟΛ࣋ͭωοτϫʔΫΛ࡞੒͠ɼCCMΛద༻
ͨ݁͠Ռ

ँࣙ ຊڀݚͷҰ෦͸ JSPS Պ ݚ අ (No. 15KT0112,
17K00348ɼ18K18125) ͷԉॿΛड͚ͯߦΘΕͨɽ
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(a) ίϛϡχςΟߏ଄Λ༗͞ͳ͍௖఺਺ 22ɼ
ฏ࣍ۉ਺ k = 10 ͷϥϯμϜωοτϫʔΫ

(b) ݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ௕Λ 4,000 ͱͨ͠৔߹ʹ CCM Λద༻ͯ͠

ಘΒΕͨ૬ؔ܎਺ྻߦ
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͋Β·͠ ຊߘͰ͸ɼ௕ظ༧ଌ͕ෆՄೳͱ͞ΕΔΧΦεμΠφϛΫεΛར༻͢Δ͜ͱͰɼੑೳͷྑ͍ཚ਺ྻ͕࡞ΕΔ

͔Λௐ͍ࠪͯ͠Δɽ۩ମతʹ͸ɼϩδεςΟοΫࣸ૾Λٖࣅཚ਺ੜ੒ثͱ͠ɼͦͷ਺஋ࠩޡࢉܭΛ؇࿨͢ΔͨΊʹɼ

੔਺ϩδεςΟοΫࣸ૾΁ͱ֦ுΛͨ͠ɽ੔਺ϩδεςΟοΫࣸ૾ͷԠ౴͔Βಘͨ࣌ྻܥσʔλʹରͯ͠ɼᮢ஋Λઃ

͚ɼθϩΠνͷ 2஋ཚ਺Λੜ੒ͨ͠ɽཚ਺ͷੑೳͷྑ͠ѱ͠ΛධՁ͢Δ NISTݕఆΛ༻͍ͯɼཚ਺ྻͷੑೳௐࠪΛߦ

ͳͬͨɽಛʹɼશ͘ಉ͡෼ذύϥϝʔλ஋Ͱ΋਺஋ࢉܭਫ਼౓ͷҧ͍͔Βɼཚ਺ͷੑೳ͸ͲΕ΄ͲӨڹΛड͚Δͷ͔Λ

ௐࠪͨ͠ɽͦͷ݁Ռɼ਺஋ࢉܭਫ਼౓Λ૿Ճͤͯ͞΋ɼNISTݕఆ߹֨਺ͷׂ߹ͷมԽ͸খ͍͜͞ͱ͕෼͔ͬͨɽ

Ωʔϫʔυ ΧΦεཚ਺ɼ਺஋ࢉܭਫ਼౓

Effects of numerical precision on statistical performance of chaotic random
numbers

Shiki KANAMARU†, Yutaka SHIMADA††, Kantaro FUJIWARA†††, and Tohru IKEGUCHI†,††††
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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.

Key words Chaos random number, Numerical calculation precision
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1. ͸ ͡ Ί ʹ

ཚ਺ੜ੒ثʹ͸େผͯ͠ೋछྨ͋ΔɽҰͭ͸෺ཧݱ৅Λར༻

ͨ͠෺ཧཚ਺ੜ੒ثͰ͋Δɽੑݱ࠶ͷͳ͍ཚ਺͕ੜ੒Մೳͳ఺

͕௕ॴͰ͋ΔɽҰํɼ୹ॴͱͯ͠ɼཚ਺ੜ੒଎౓͕஗͍఺͕ࢦ

ఠ͞Ε͍͕ͯͨɼۙ೥Ͱ͸ɼϨʔβΧΦεΛ༻͍ͨߴ଎෺ཧཚ

਺ੜ੒ํࣜ΋ఏҊ͞Ε͍ͯΔ [1]ɽจݙ [1]Ͱ͸ɼೋͭͷΧΦε

ৼಈΛ༗͢Δ൒ಋମϨʔβΛ༻͍ͯɼޫݕग़ثͰ֤Ϩʔβڧ౓

Λݕग़͠ɼ1Ϗοτ ADมث׵ʹΑΓɼσδλϧ৴߸ʹม͠׵

ͨσʔλΛݩʹཚ਺Λੜ੒͍ͯ͠ΔɽಘΒΕͨσδλϧ৴߸ʹ

ᮢ஋Λઃ͚ɼ2஋৴߸ʹม׵Λ͢Δɽ͞Βʹཚ਺ͷ౷ܭతภΓ

ΛݮΒͨ͢Ίʹɼޙॲཧํࣜͱͯ͠ഉଞత࿦ཧ࿨ԋࢉΛɼೋͭ

ͷϨʔβ͔ΒಘΒΕͨ 2஋৴߸ʹ͠ࢪɼੑೳͷྑ͍ 2஋ཚ਺Λ

ੜ੒͍ͯ͠Δɽ

ୈೋͷཚ਺ੜ੒ث͸ٖࣅཚ਺ੜ੒ثͰ͋Δɽࡏݱ·Ͱ༷ʑͳ

ఏҊ͞Ε͍ͯΔ͕ɼͦΕΒͷதʹΧΦεμΠ͕ثཚ਺ੜ੒ࣅٖ

φϛΫεΛ༻͍ͨख๏͕͋Δɽཚ਺ͷॏཁͳੑ࣭ͷҰͭʹ༧ଌ

ෆՄೳੑ͕͋ΔɽΧΦεμΠφϛΫεͷ༗͢Δ௕ظ༧ଌෆೳੑ

Λ༻͍ٖͨࣅཚ਺ͷੜ੒ʹؔ͢Δڀݚ͸੝ΜʹߦΘΕ͍ͯΔɽ

ྫ͑͹ɼจݙ [2]Ͱ͸ɼݻఆখ਺఺ԋࢉʹΑΓੜ੒ͨ͠ΧΦε

త͕࣌ྻܥɼٖࣅཚ਺ͱͯ͠ػೳ͢ΔͨΊʹඞཁͳϏοτ਺Λ

ෆมີ౓΍ύϫʔεϖΫτϧͷ؍఺͔Βௐ͍ࠪͯ͠Δɽจݙ [2]

Ͱ͸ɼෆมີ౓ͷ݁Ռ͔ΒɼΧΦεతͰ͋Δͱ൑அͰ͖Δͷ͸

Ϗοτ਺͕ 15ϏοτҎ্Ͱ͋Δ͜ͱɼ·ͨɼύϫʔεϖΫτϧ

ͷ݁Ռ͔Β͸ɼ৚݅ʹΑͬͯ͸গͳ͍Ϗοτ਺Ͱ΋Ψ΢εϊΠ

ζͱݟͳͤΔͱ͍͏͜ͱ͕ࣔ͞Ε͍ͯΔɽ·ͨɼจݙ [3]Ͱ͸ɼ

੔਺ϩδεςΟοΫࣸ૾͕ੜ੒Ͱ͖Δฏۉతͳඇपظঢ়ଶͱܭ

ਫ਼౓ΛࢉܭΛ༩͑ͨ͏͑ɼ܎తͳؔࣅਫ਼౓ͱͷۙࢉ 128Ϗοτ

ͱͨ͠ϩδεςΟοΫࣸ૾Ͱੜ੒͞Εͨೋਐྻܥ͸ɼҰ༷ੑΛ

༗͢Δͱ͍ͯ͠Δɽ

ຊߘͰ͸ɼϩδεςΟοΫࣸ૾ [4]Λٖࣅཚ਺ੜ੒ثͱͯ͠

ੜ੒ٖͨ͠ࣅཚ਺ͷੑೳʹ͍ͭͯ౷ܭతͳݕ౼Λ͍ͯ͠Δɽ਺

஋ࠩޡࢉܭʹΑΔӨڹΛ؇࿨͢ΔͨΊʹɼจݙ [2], [3] ͱಉ༷

ʹɼݻఆখ਺఺ԋࢉʹ֦ுͨ͠੔਺ϩδεςΟοΫࣸ૾Λ༻

͍Δɽͦͷࡍɼ੔਺ϩδεςΟοΫࣸ૾ͷ਺஋ࢉܭਫ਼౓ΛมԽ

ͤ͞Δ͜ͱͰɼੜ੒͞ΕΔٖࣅཚ਺ྻͷੑೳʹͲͷΑ͏ͳӨ

ʹΔͷ͔Λௐࠪ͢Δɽ͜ͷͱ͖ɼཚ਺ྻͷੑೳධՁ͢ݱग़͕ڹ

͸ɼถࠃ঎຿লඪ४ٕज़ہ (NIST)͕ެ։͍ͯ͠Δ NIST Special

Publication 800–22 [5] (ҎԼɼNISTݕఆ)Λ࢖༻ͨ͠ɽ

2. ϩδεςΟοΫࣸ૾

ΧΦεԠ౴Λࣔࠩ͢෼ํఔࣜɼϩδεςΟοΫࣸ૾Λࣜ (1)

ʹࣔ͢ɽ

xt+1 = axt(1 − xt) (1)

a͸ύϥϝʔλɼxt ͸࣌ࠁ t Ͱͷঢ়ଶ஋Λද͢ɽಛʹ a = 4ͷ

ͱ͖ɼϩδεςΟοΫࣸ૾͸ແݶपظΛ΋ͭ͜ͱ͕஌ΒΕ͍ͯ

Δɽ͔͠͠ɼ਺஋্ࢉܭͰ׬શͳແݶपظΛ͢ݱ࠶Δ͜ͱ͸Ͱ

͖ͳ͍ɽͦΕ͸ɼࣸ૾Λ܁Γฦ͢͜ͱʹΑΓ਺஋ੵ͕ࠩޡࢉܭ

΋Γɼपظղ΁ͱऩଋ͢Δ৔߹͕͋Δ͔ΒͰ͋Δɽ͜͜Ͱුಈ

খ਺఺਺ܕͷϩδεςΟοΫࣸ૾ͷԠ౴͕ɼࣸ૾ΛͲͷఔ౓܁

Γฦ͢ͱऩଋ͢Δͷ͔Λௐࠪͨ͠ (ਤ 1)ɽਤ 1͸ɼࣜ (1)ʹ͓

͍ͯ a = 4ͱ͠ɼϥϯμϜʹ༩͑ΒΕͨॳظ஋ x0 (0 < x0 < 1)

͔Βࣜ (1)Λ܁Γฦͨ͠ͱ͖ʹɼԿճ໨ͷࣸ૾ޙʹԠ౴͕ऩଋ

͢Δ͔Λଌఆͨ݁͠ՌͰ͋Δɽ50, 000ύλʔϯͷϥϯμϜͳॳ

஋Λ༻͍ɼ0ظ ≤ t < 230 ͷൣғͰԠ౴͕ऩଋ͢Δࣸ૾ճ਺ͷස

౓෼෍Λ͍ࣔͯ͠Δɽ
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The number of iterations with which the satae of the map (Eq.(1)) converged.

ਤ 1: 50, 000ύλʔϯͷॳظ஋ͷ͏ͪɼ0 ≤ t < 230 ͷൣғͰࣸ

૾ͷԠ౴͕ऩଋͨ͠ͱ͖ͷࣸ૾ճ਺ͷස౓෼෍ɽ

ਤ 1ͷԣ࣠͸ࣸ૾͕ऩଋ͢Δճ਺ɼॎ࣠͸ऩଋͨ͠ύλʔϯ

਺Λද͢ɽਤ 1͔Βɼશ 50, 000௨Γͷॳظ஋ͷ͏ͪɼ8, 355௨

Γͷॳظ஋ͰԠ౴͕ऩଋ͢Δ͜ͱΛ͍ࣔͯ͠ΔɽNISTݕఆͰ͸

ఆର৅ͱͳΔཚ਺ݕఆ݁Ռͷ৴པੑ͕े෼ͱ͞ΕΔͨΊʹ͸ɼݕ

ͷཚ਺ྻ௕͕ɼ࠷௿Ͱ΋ 1GbitҎ্ɼ͢ͳΘͪɼ1, 000, 000, 000

ϏοτҎ্Ͱͳ͚Ε͹ͳΒͳ͍ͱ͍ͯ͠Δɽਤ 1ͷ݁Ռ͸ɼු

ಈখ਺఺ܕͷϩδεςΟοΫࣸ૾͔Β 1Gbitͷཚ਺Λੜ੒͢Δ

ͱɼ਺஋ࢉܭਫ਼౓ͷӨڹʹΑΓɼԠ౴͕ऩଋͯ͠͠·͏֬཰͕

8, 355/50, 000 = 16.71%ͱͳΔ͜ͱΛࣔ͢΋ͷͰ͋Δɽ͜ΕͰ

͸ཚ਺ͱͯ͠ػೳ͠ͳ͍ɽͦ͜Ͱɼ਺஋ࠩޡࢉܭΛ؇࿨͢Δͨ

Ίʹɼ਺஋ࢉܭਫ਼౓ͷ্޲Λ͑ߟΔɽ

3. ੔਺ϩδεςΟοΫࣸ૾

ຊߘͰ͸ɼจݙ [2], [3]ͱಉ༷ʹɼݻఆখ਺఺ܕ΁ͱ֦ுͨ͠

੔਺ϩδεςΟοΫࣸ૾Λٖࣅཚ਺ੜ੒ثͱͯ͠༻͍Δɽ੔਺

ϩδεςΟοΫࣸ૾Λಋग़͢ΔͨΊʹɼ·ͣɼࣜ (1)ͷ྆ลΛ

10N ഒ͢Δͱࣜ (2)ͱͳΔɽ

10N × xt+1 = 10N × axt(1 − xt) (2)

͜͜ͰɼXt = 10N × xt ⇐⇒ xt = 10−N × Xt ΑΓɼࣜ (2)͸ࣜ (3)

ͱͳΔɽ

Xt+1 = aXt(1 − 10−N × Xt) (3)

ࣜ (3)ͷӈลΛม͢ܗΔͱɼࣜ (4)ͱͳΔɽ

Xt+1 = aXt(10N − Xt) × 10−N (4)

ࣜ (4) ʹ͍ͭͯ੔਺෦ͷΈΛѻ͏ͨΊɼΨ΢εه߸ ⌊ ⌋ Λ༻͍
Δͱɼ
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Xt+1 = ⌊aXt(10N − Xt)10−N⌋ (5)

ΛಘΔɽࣜ (1)ಉ༷ɼa͸ύϥϝʔλͰ͋ΓɼXt (= 10N × xt)͸

ࠁ࣌ tͰͷঢ়ଶ஋Ͱ͋Δɽ͜͜ͰɼN ͸਺஋ࢉܭਫ਼౓Λද͢ɽ

4. ࣮ ݧ ४ උ

ΧΦε͕༗͢Δੑ࣭ͷҰͭʹॳظ஋Ӷහґଘੑ͕͋Δɽॳظ

஋ͷΘ͔ͣͳ͕ࠩ࣌ྻܥͷະདྷͷঢ়ଶ஋ʹେ͖͘ӨڹΛٴ΅͢

͜ͱ͔ΒɼΧΦε͸௕ؒظͷ༧ଌ͸ෆՄೳͱ͞Ε͍ͯΔɽॳظ

஋ӶහґଘੑΛఆྔతʹද͢ࢦඪͱͯ͠ɼϦΞϓϊϑࢦ਺͕͋

ΔɽϦΞϓϊϑࢦ਺ͷఆٛΛࣜ (6)ʹࣔ͢ɽ

λ = lim
T→∞

1

T

T∑

t=1

ln | f ′(xt)| (6)

ࣜ (6) ͷఆٛΛɼϩδεςΟοΫࣸ૾ʹ౰ͯ͸ΊΔͱ ( f (x) =

ax(1 − x))ɼࣜ (7)ͷΑ͏ʹදͤΔɽ

λ = lim
T→∞

1

T

T∑

t=1

ln |a − 2axt | (7)

ϦΞϓϊϑࢦ਺ʹ͍ͭͯɼλ > 0ͱͳΔͱ͖ɼͦͷͱ͖ͷύϥ

ϝʔλ aͰੜ੒͞ΕΔ࣌ྻܥ͸ΧΦεͱΈͳ͢͜ͱ͕Ͱ͖Δɽ

จݙ [6]Ͱ͸ɼϩδεςΟοΫࣸ૾ͷύϥϝʔλ aΛෛͷ஋ͱ

Ͱ͖Δ͜ͱ (−2 ≤ a ≤ 4)ɼͦͷࡍͷϦΞϓϊϑࢦ਺͸ɼa = 1Λ

த৺ʹରশੑΛ΋ͭ͜ͱ͕ใ͞ࠂΕ͍ͯΔɽຊߘͰ͸ɼཚ਺ੜ

੒ʹ༻͍ΔύϥϝʔλΛݕ౼͢ΔͨΊʹɼ−2 ≤ a ≤ 4ͷൣғΛ

∆a = 0.001ͱͯ͠ɼλ > 0ͱͳΔύϥϝʔλ஋Λநग़ͨ͠ɽந

ग़ͨ͠ λ > 0ͱͳΔ aΛ༻͍ͯཚ਺ͷੜ੒ͱݕఆΛߦͳͬͨɽ

ཚ਺ͷݕఆʹ͸ NISTݕఆΛ࢖༻ͨ͠ɽ݁ՌΛਤ 2ʹࣔ͢ɽਤ

2͸ɼԣ͕࣠ύϥϝʔλ aɼࠨͷॎ͕࣠ NISTݕఆ߹֨਺ (NIST

ఆ͸ݕ 15छྨͷݕఆ߲໨Λ༗͢Δ)ɼӈͷॎ͕࣠ϦΞϓϊϑࢦ

਺ λΛද͢ɽਤ 2ΑΓɼϦΞϓϊϑࢦ਺͕࠷େͱͳΔ a = 4ͱ
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ਤ 2: ϦΞϓϊϑࢦ਺͕ λ > 0ʹͳΔύϥϝʔλ aͰੜ੒ͨ͠ཚ

਺ͷ NISTݕఆ߹֨਺ͱ aͷͱ͖ಘΒΕΔϦΞϓϊϑࢦ਺ λɽ

a = −2ͷͱ͖ɼNISTݕఆͷ߹֨਺͕ੑ͘ߴೳͷྑ͍ཚ਺͕ੜ

੒ग़དྷ͍ͯΔ͜ͱ͕෼͔Δɽਤ 2ͷ݁ՌΑΓɼຊߘͰ͸ a = 4

ͱ a = −2ʹয఺Λ౰ͯͯɼௐࠪΛߦͳͬͨɽ

5. ࣮ ݧ ํ ๏

5. 1 ਺஋ࢉܭਫ਼౓ N (15 ≤ N ≤ 155) ͱ NISTݕఆ߹֨਺ͷ
ͷௐࠪ܎ؔ

੔਺ϩδεςΟοΫࣸ૾ (ࣜ (5)) ͷԠ౴͔Β߹ܭ 288 ύ

λʔϯͷཚ਺Λੜ੒ͨ͠ɽ༻͍ͨύϥϝʔλ a ͸ɼa = 4 ͱ

a = −2 ͷೋͭͰ͋Δɽશύλʔϯʹ͓͍ͯɼॳظ஋ X0 ͸

X0 = 0.2× 10Nɼ0 ≤ t ≤ 100, 000Λա౉ঢ়ଶͱͯ͠ল͖ɼཚ਺௕

Λ 100, 000 < t ≤ 230 + 100, 000 Ͱͷ 230 ͱݻఆͨ͠ɽ2 ஋ཚ਺

ͱ͢ΔͨΊͷᮢ஋ θ͸ θ = 0.5 × 10N ͱͨ͠ɽଈͪɼXt ≤ θͰ͋
Ε͹ 0ɼXt > θ Ͱ͋Ε͹ 1ͱม͍ͯ͠׵Δɽͦͷࡍɼ਺஋ࢉܭ

ਫ਼౓ N Λ 15 ≤ N ≤ 155ͷൣғͰ ∆N = 1ͱͯ͠มԽͤ͞ɼٖ

ཚ਺ͱͯ͠ͷੑೳΛࣅ NISTݕఆΛ༻͍ͯධՁͨ͠ɽ

5. 2 ਺஋ࢉܭਫ਼౓ N (156 ≤ N ≤ 1000) ͱ NISTݕఆ߹֨਺
ͷؔ܎ͷௐࠪ

ຊ߲Ͱ͸࣍ʹɼ਺஋ࢉܭਫ਼౓ N Λ͞Βʹ্ͤ͞޲ɼ 156 ≤
N ≤ 1000ͱͨ͠৔߹ʹ͍ͭͯͷௐࠪΛߦͳͬͨɽͦͷࡍɼ੔਺

ϩδεςΟοΫࣸ૾ͷύϥϝʔλΛ a = ఆݕఆ͠ɼNISTݻʹ4

߹֨਺ͷස౓ɼશݕఆ߲໨ʹ߹֨͢Δׂ߹ͱ֤ NISTݕఆ߲໨

ຖͷ߹ׂ֨߹Λௐࠪͨ͠ɽ

5. 3 ॳظ஋ X0 ͱ NISTݕఆ߹֨਺ͷؔ܎ͷௐࠪ
5. 1߲ɼ5. 2߲Ͱ͸ɼॳظ஋ X0 ͸ X0 = 0.2 × 10N ͱݻఆͯ͠

͍ͨɽຊ߲Ͱ͸ɼॳظ஋ͷҧ͍ʹΑΔٖࣅཚ਺ͷੑೳࠩΛௐࠪ

ͨ͠ɽX0 = 0.5 × 10N ͷͱ͖͸ɼԠ౴͕ݻఆ఺΁ͱऩଋ͢Δͨ

Ίɼཚ਺ͱͯ͠ద͞ͳ͍ɽ·ͨɼ੔਺ϩδεςΟοΫࣸ૾΁ͱ

֦ுͨ͜͠ͱͰ਺஋͕ࠩޡࢉܭ౷Ұ͞ΕɼX0 = 0.5 Λத৺ʹ

ରশੑΛɼਖ਼֬ʹ࣋ͭɽྫ͑͹ɼx(1)
0 = 0.5 + yͱ x(2)

0 = 0.5 − y

ͷೋͭͷॳظ஋͕༩͑ΒΕͨͱ͖ (0 ≤ y ≤ 1)ɼͦΕͧΕͷ࣍

ͷ࣌ؒͰͷঢ়ଶ஋͸ࣜ (1) ʹΑΓɼx(1)
1 = a(0.5 + y)(0.5 − y) ͱ

x(2)
1 = a(0.5 − y)(0.5 + y)ͱͳΔɽͭ·Γɼx(1)

1 = x(2)
1 Ͱ͋Γɼ࣌

ؒൃలͯ͠΋͜ͷؔ܎͸่Εͳ͍ɽ͜ͷΑ͏ʹɼॳظ஋ x(1)
0 ͱ

x(2)
0 Ͱੜ੒͞ΕΔཚ਺ྻ͸ಉ͡΋ͷͰ͋ΔͨΊɼNIST ఆ݁ݕ

Ռ΋·ͨಉ͡Ͱ͋Δ͜ͱ͕෼͔ΔɽҎ্ͷཧ༝Ͱɼॳظ஋ͷൣ

ғ͸ɼ0.1 × 10N ≤ X0 ≤ 0.45 × 10N Λ 0.05 × 10N ΈͰมԽ͞ࠁ

ͤͨɽͳ͓ɼ͜ͷͱ͖ͷ਺஋ࢉܭਫ਼౓ N ͸ N = 21ɼ22ɼ23ɼ24

ɼ25ɼ26ɼ27ɼ28ɼ29ɼ30ͷ 10௨ΓͰཚ਺Λੜ੒ͨ͠ɽ

5. 4 ੜ੒ͨ͠ཚ਺ͷੑೳධՁํ๏: NISTݕఆ
ੜ੒ͨ͠ཚ਺ͷੑೳΛɼNISTݕఆΛ༻͍ͯ౷ܭతʹධՁΛ

ͨ͠ɽNISTݕఆ͸ɼ15छͷݕఆ߲໨Λ༗͍ͯ͠Δɽͦͷݕఆ

಺༰Λද 1ʹࣔ͢ɽද 1͸ɼશ ఆݕఆ൪߸ɼݕఆ߲໨ͷݕ15

߲໨ͷ໊শͱͦͷݕఆ಺༰ʹ͍ͭͯΛද͍ͯ͠Δɽද 1ͷςε

τεΠʔτ͸ɼถࠃ঎຿লඪ४ٕज़ہ (NIST)͕ఏ͍ͯ͠ڙΔɽ

·ͨɼNISTݕఆͰ͸ݕఆର৅ͷཚ਺ྻ௕ʹԠͯ͡ɼύϥϝʔ

λΛઃఆ͢Δ͜ͱ͕ਪ঑͞Ε͍ͯΔɽ͜Ε͸ɼཚ਺௕ʹԠͯ͡

ద੾ͳݕఆ݁ՌΛಘΔͨΊʹඞཁͳॲཧͰ͋ΔɽຊߘͰ༻͍ͨ

֤߲໨ͱύϥϝʔλ஋Λද 2ʹࣔ͢ɽද 2ͷ༗ҙਫ४ αͱ͸ɼ

·ఆର৅ͱͳΔཚ਺ྻ͕ϥϯμϜͰͳ͍৔߹ͷ֬཰Ͱ͋Δɽݕ

ͨɼϒϩοΫͷ௕͞ͱ͸ɼ֤ݕఆΛࡍ͏ߦͷ୯ҐϒϩοΫͷ௕

͞Λද͢ɽ

NIST ఆͰ͸ɼ1Gbitݕ Ҏ্ͷཚ਺௕Λཁ͞ٻΕΔ͕ɼ1Gbit
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ද 1: NISTݕఆͷ߲໨಺༰ [7]
൪߸ ఆ߲໨ݕ ఆ಺༰ݕ

1 ස౓ݕఆ 2 ஋ཚ਺ (0ɼ1) ͷ͏ͪɼ1 ͷग़֬ݱ཰͕ 1/2 ʹ͍͔ۙͲ͏͔Λݕఆ

2 ϒϩοΫ୯Ґͷස౓ݕఆ ͋ΔϒϩοΫ௕ʹରͯ͠ɼ1 ͷग़֬ݱ཰͕ 1/2 ʹ͍͔ۙͲ͏͔Λݕఆ

3 ྦྷੵ࿨ݕఆ 2 ஋ཚ਺Λ (+1ɼ− 1) ʹม͠׵ɼͦͷྦྷੵ࿨Ͱఆٛ͞ΕΔϥϯμϜ΢ΥʔΫͷ 0 ͔Βͷ࠷େภҠΛݕఆ

4 ࿈ͷݕఆ ࿈ଓͨ͠ 1 ͷ਺ (࿈) Λݕఆ

5 ϒϩοΫ୯Ґͷ࠷௕࿈ݕఆ ͋ΔϒϩοΫ௕ʹରͯ͠ɼ࠷௕ͷ࿈Λݕఆ

6 2 ஋ྻߦϥϯΫݕఆ ਺ྻશମͷ͍ޓʹૄͳྻߦͷϥϯΫΛݕఆ

7 ཭ࢄϑʔϦΤมݕ׵ఆ पੑظͷௐࠪͷͨΊɼ਺ྻͷ཭ࢄϑʔϦΤม׵ʹΑΔϐʔΫͷ͞ߴΛݕఆ

8 ॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆ ͋Β͔͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ)ͷग़ݱճ਺Λݕఆ (ॏͳΓͳ͠Ͱݕఆ)

9 ॏͳΓͷ͋ΔςϯϓϨʔτద߹ݕఆ ͋Β͔͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ)ͷग़ݱճ਺Λݕఆ (ॏͳΓ͋ΓͰݕఆ)

10 Ϛ΢ϥʔͷϢχόʔαϧ౷ݕܭఆ ਺ྻ಺ͰҰக͢ΔύλʔϯΛݕग़͠ɼѹॖ͢Δ͜ͱ͕Ͱ͖Δ͔Λݕఆ

11 ఆݕΤϯτϩϐʔࣅۙ ͋ΔϏοτ௕ͷग़ݱύλʔϯͷස౓Λݕఆ

12 ϥϯμϜภࠩݕఆ ɹྦྷੵ࿨ϥϯμϜ΢ΥʔΫͰ K ճ๚ΕΔαΠΫϧ਺Λݕఆ

13 छʑͷϥϯμϜภࠩݕఆ ɹྦྷੵ࿨ϥϯμϜ΢ΥʔΫͰಛఆͷঢ়ଶΛ๚ΕΔճ਺ͷ߹ܭΛݕఆ

14 ఆݕྻܥ ɹ͋ΔϏοτ௕ͷ͢΂ͯͷॏෳϏοτύλʔϯͷग़ݱස౓Λݕఆ

15 ઢܗෳࡶ౓ݕఆ ɹཚ਺Λੜ੒͢ΔͨΊͷઢܗϑΟʔυόοΫγϑτϨδελͷ௕͞Λݕఆ

ද 2: NISTݕఆͰ༻͍ͨύϥϝʔλ߲໨ͱͦͷ஋

߲໨ ύϥϝʔλ஋

༗ҙਫ४ α 0.01

ϒϩοΫ୯Ґͷස౓ݕఆ -ϒϩοΫͷ௕͞ 16384

ॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆɹ-ϒϩοΫͷ௕͞ 9

ॏͳΓͷ͋ΔςϯϓϨʔτద߹ݕఆɹ-ϒϩοΫͷ௕͞ 9

ఆɹ-ϒϩοΫͷ௕͞ݕΤϯτϩϐʔࣅۙ 10

ఆݕྻܥ -ϒϩοΫͷ௕͞ 16

ઢܗෳࡶ౓ݕఆ -ϒϩοΫͷ௕͞ 500

શମΛݕఆ͢Δ༁Ͱ͸ͳ͘ɼ1Mbit×1, 000 ͷΑ͏ʹɼ௕͞

1, 000, 000 (= 1Mbit) ͷཚ਺Λ 1, 000 ఆ߲ݕ෼͚ͯɼશʹݸ

໨Λ࣮͢ࢪΔɽ͜ͷͱ͖ɼ֤ݕఆ݁Ռʹରͯͦ͠ΕͧΕ 1, 000

ͷݸ p ஋͕ٻ·ΔɽҰͭͷݕఆ߲໨ʹରͯ͠Ұͭͷ P ஋Λɼ

1, ͷݸ000 p஋Λ༻͍ͨద߹౓ݕఆΑΓࢉग़͢Δɽ͜ͷ P஋ʹ

ΑΓɼ1, ͷݸ000 p஋ͷ͹Β͖ͭʹ͍ͭͯɼҰ༷ੑΛධՁ͢Δɽ

ಉ࣌ʹɼ1, ͷݸ000 p஋ͷ͏ͪɼͲͷఔ౓ͷ p஋͕༗ҙਫ४ α

ʹ͍ͭͯɼp஋ > αͱͳΔൺ཰΋ධՁ͢ΔɽຊߘͰ͸ɼ֤ݕఆ

߲໨ʹ͍ͭͯ 1, ͷݸ000 p஋ͷҰ༷ੑͱൺ཰ڞʹ߹֨ͨ͠৔߹

ͷΈɼͦͷݕఆ߲໨ʹ߹֨ͨ͠ͱ͢Δɽ

6. ࣮ ݧ ݁ Ռ

6. 1 ਺஋ࢉܭਫ਼౓ N (15 ≤ N ≤ 155) ͱ NISTݕఆ߹֨਺ͷ
ͷௐࠪ܎ؔ

·ͣɼ਺஋ࢉܭਫ਼౓ͱ NISTݕఆ߹֨਺ͷؔ܎ʹ͍ͭͯௐࠪ

ͨ͠ (5. 1߲)ɽਤ 3ʹɼԣ࣠ʹ਺஋ࢉܭਫ਼౓ N (15 ≤ N ≤ 155)ɼ

ॎ࣠ʹ NIST ՌΛࣔ͢ɽਤ݁ݧఆ߹֨਺Λͱ࣮ͬͨݕ 3 Ͱ͸ɼ

a = 4ͱ a = −2ͲͪΒ΋ɼ਺஋ࢉܭਫ਼౓͕૿Ճ͢Δ΄ͲɼNIST

ఆ߹֨਺΋૿Ճ͢Δ͜ͱ͕Θ͔Δɽ·ͨɼཚ਺ͷੑೳ͕҆ఆݕ

͢Δ਺஋ࢉܭਫ਼౓ͷ໨҆ͱͯ͠͸ N ≥ 20Ͱ͋Δ͜ͱ΋෼͔Δɽ

͞Βʹɼ਺஋ࢉܭਫ਼౓Λ૿Ճͤͯ͞΋ɼNISTݕఆʹશͯ߹֨

͍ͯ͠ͳ͍৔߹͕͋Δɽ

6. 2 ਺஋ࢉܭਫ਼౓ N (156 ≤ N ≤ 1000) ͱ NISTݕఆ߹֨਺
ͷؔ܎ͷௐࠪ

6. 1 ͷ݁ՌΛड͚ͯɼ਺஋ࢉܭਫ਼౓Λ͞Βʹ্ঢͤͨ͞
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ਤ 3: ύϥϝʔλ a = 4ͱ a = −2ͷ৔߹ʹ͍ͭͯɼ਺஋ࢉܭਫ਼

౓ N ΛมԽͤͯ͞ੜ੒ٖͨ͠ࣅཚ਺ͷ NISTݕఆ߹֨਺ɽ

156 ≤ N ≤ 1000 ͷൣғͰ a = 4 ͱͯ͠ௐࠪΛߦͳͬͨ (5. 2

߲)ɽͦͷ݁ՌΛਤ 4ʹࣔ͢ɽਤ 4ΑΓɼN = 445ͷͱ͖ NIST
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ਤ 4: ύϥϝʔλ a = 4ͷ৔߹ʹ͍ͭͯɼ਺஋ࢉܭਫ਼౓ N ΛมԽ

ͤͯ͞ੜ੒ٖͨ͠ࣅཚ਺ͷ NISTݕఆ߹֨਺ (156 ≤ N ≤ 1000)ɽ

ఆ߹֨਺͕ݕ 12·ͰԼ͕͍ͬͯΔ͜ͱ͕෼͔Δɽਤ 4͸ɼ਺

஋ࢉܭਫ਼౓ͷ্͚ͩ޲Ͱ͸ɼੜ੒͞ΕΔٖࣅཚ਺ͷੑೳ্޲ʹ

͸ݶք͕͋Δ͜ͱΛࣔࠦ͢Δ΋ͷͰ͋Δɽ

࣍ʹɼa = 4ɼ20 ≤ N ≤ 1000 Ͱੜ੒ͨ͠ܭ 981 ύλʔϯͷ

ཚ਺ʹ͍ͭͯɼNISTݕఆ߹֨਺ͷස౓෼෍Λਤ 5ʹࣔ͢ɽਤ

5͸ɼԣ͕࣠ NISTݕఆ߹֨਺Λද͓ͯ͠Γɼॎ͕࣠ͦͷස౓
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Λද͍ͯ͠Δɽਤ 5Ͱ͸ɼNISTݕఆ߹֨਺͕ 15ͷύλʔϯ਺
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ਤ 5: ύϥϝʔλ a = 4ͷ৔߹ɼ਺஋ࢉܭਫ਼౓ N ΛมԽͤͯ͞

ੜ੒ٖͨ͠ࣅཚ਺ͷ NISTݕఆ߹֨਺ͷ෼෍ (20 ≤ N ≤ 1000)ɽ

͸ɼશ 981ύλʔϯத 665ύλʔϯͰ͋Γɼ໿ 67.79%͕ NIST

ఆ߲໨શͯʹ߹֨ͨ͜͠ͱʹͳΔɽಉ༷ͷ߹֨਺ͷݕఆͷݕ

෼෍Λ 20 ≤ N ≤ ௐࠪͨ͠ͱ͜Ζɼશͯͬߜʹ155 136ύλʔ

ϯத 88 ύλʔϯͱ໿ 64.71% ͷׂ߹Ͱશݕఆ߲໨ʹ߹֨ͯ͠

͍ͨɽ͜͜Ͱɼ20 ≤ N ≤ 100ɼ20 ≤ N ≤ 200ɼ20 ≤ N ≤ 300

ɼ· · ·ɼ20 ≤ N ≤ 1000ͱͨ͠৔߹ʹ͍ͭͯɼNISTݕఆ߲໨શ 15

ఆʹ߹ׂ֨ͨ͠߹Λਤݕ 6ʹࣔ͢ɽਤ 6͸ɼԣ͕࣠ू۠ͨ͠ܭ

ؒͷ࠷େ਺஋ࢉܭਫ਼౓ Nɼॎ͕࣠ NISTݕఆ߲໨શ 15߲໨ʹ߹

ׂ֨ͨ͠߹Λࣔ͢ɽਤ 6ΑΓɼ֤ूؒ۠ܭͰಘΒΕͨ NISTݕ
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ਤ 6: Δ۠ؒΛมԽͤͨ͞ͱ͖ͷɼNIST͢ܭू ఆ߲໨શݕ 15

ఆʹ߹֨͢Δׂ߹ɽݕ

ఆ߲໨શͯʹ߹֨͢Δׂ߹ʹେ͖ͳมԽ͸ͳ͘ɼҰఆͷ஋෇ۙ

ʹཹ·Δ͜ͱ͕෼͔Δɽਤ 6Ͱ͸ɼ20 ≤ N ≤ 100Ͱूׂͨ͠ܭ

߹ͱɼ20 ≤ N ≤ 1000Ͱूׂͨ͠ܭ߹Ͱࠩ͸໿ 0.02%Ͱ͋ͬͨɽ

·ͨɼ࠷େ஋Λͱͬͨͷ͸ɼू͕ؒ۠ܭ 20 ≤ N ≤ 300ͷͱ͖Ͱ

0.6797Ͱ͋ͬͨɽٯʹɼ࠷খ஋Λͱͬͨͷ͸ɼ20 ≤ N ≤ 500ͷ

۠ؒͷͱ͖Ͱ͋ͬͨɽͦͷࠩ͸ɼ0.002ఔ౓Ͱ͋Δ͕ɼ͍ߴ਺

஋ࢉܭਫ਼౓Λ࣋ͪͳ͕Β΋ɼ͘ߴͳ͍਺஋ࢉܭਫ਼౓Ͱੜ੒ͨ͠

ཚ਺ͷੑೳʹྼΔ৔߹͕͋Δ͜ͱ΋֬ೝͰ͖ͨɽ͜ΕΒͷ݁Ռ

͸ɼࠓճͷ࣮ํݧ๏Ͱ࡞੒ٖͨ͠ࣅཚ਺ʹؔͯ͠͸ɼ਺஋ࢉܭ

ਫ਼౓ N ͕ 20 ≤ N ≤ 300Ͱे෼ʹੑೳΛൃ͢شΔ͜ͱΛࣔࠦ͢

Δ΋ͷͰ͋Δɽ͜ΕΒͷ݁Ռ͔Β΋ɼཚ਺ͷੑೳͷ্޲ʹ͸਺

஋ࢉܭਫ਼౓Ҏ֎ͷӨڹΛ͑ߟΔඞཁ͕͋Δ͜ͱ͕෼͔Δɽ

Ҏ্ͷ݁ՌΑΓɼNIST ఆ߲໨ͷͲͷ߲໨ʹෆ߹֨ʹͳݕ

Γ΍͍͢ͷ͔Λௐࠪͨ͠ɽਤ 7 ʹɼԣ࣠Λ NIST ݕఆͷ֤ݕ

ఆ߲໨ɼॎ࣠ʹ߹֨ͨ͠ཚ਺ͷׂ߹ͱͯ͠ɼ਺஋ࢉܭਫ਼౓Λ

20 ≤ N ≤ 1000Ͱੜ੒ͨ͠ 981ύλʔϯͷཚ਺ʹ͍ͭͯͷੑೳ

ௐࠪ݁ՌΛࣔ͢ɽԣ࣠ͷ൪߸͸ɼද 1ͷݕఆ߲໨൪߸ʹରԠ͠

͍ͯΔɽਤ 7ΑΓɼ8൪ͷॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆ
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ਤ 7: ύϥϝʔλ a = 4ͷ৔߹ʹ͍ͭͯɼ਺஋ࢉܭਫ਼౓ N Λม

Խͤͯ͞ੜ੒ͨ͠ཚ਺ͷ NISTݕఆͷ֤ݕఆ߲໨߹֨਺ͷ෼෍

(20 ≤ N ≤ 1000)ɽ

Ҏ֎ͷݕఆ߲໨ʹ͸ 95%ͷཚ਺͕߹͍֨ͯ͠Δ͜ͱ͕Θ͔Δɽ

8 ൪ͷݕఆʹ߹֨ͨ͠ཚ਺ͷׂ߹͸໿ 77% Ͱ͋ΔɽॏͳΓͷ

ͳ͍ςϯϓϨʔτద߹ݕఆ͸ɼੜ੒ͨ͠ཚ਺தʹग़͢ݱΔɼ͋

Β͔͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ)ͷճ਺͕Ұ༷Ͱ͋

Δ͔Λௐࠪ͢ΔݕఆͰ͋Δɽࠓճઃఆͨ͠ 8൪ͷݕఆʹ༻͍Δ

ςϯϓϨʔτͷ૯਺͸ 148छͰ͋ΔɽͦͷྫΛද 3ʹࣔ͢ɽද

ද 3: ॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆʹ༻͍ΒΕΔςϯϓ

Ϩʔτͷྫɽ

000000001 000000011 000000101 000000111

000001001 000001011 000001101 000001111

000010001 000010011 000010101 000010111

000011001 000011011 000011101 000011111

000100011 000100101 000100111 000101001

3ͷΑ͏ͳ 9Ϗοτ͔ΒͳΔςϯϓϨʔτ͕ 148छྨ༻ҙ͞Ε

͍ͯΔɽ9Ϗοτͱ͢Δཧ༝͸ɼද 2Ͱࣔͨ͠Α͏ʹɼ୯Ґϒ

ϩοΫͷ௕͞Λ 9ͱͨͨ͠ΊͰ͋ΔɽॏͳΓͷͳ͍ςϯϓϨʔ

τద߹ݕఆʹෆ߹֨ͱͳΔཧ༝͸ɼ͜ΕΒͷςϯϓϨʔτͷग़

ਫ਼౓ͷࢉܭճ਺ͷ෼෍ʹภΓ͕͋ΔͨΊͰ͋Δɽ͜Ε͸਺஋ݱ

໰୊Ͱ͸ͳ͘ɼཚ਺ੜ੒ݯͰ͋ΔϩδεςΟοΫࣸ૾ͷ࣌ྻܥ

ͷಛ௃ʹΑΔͱ͑ߟΒΕΔɽ

6. 3 ॳظ஋ X0 ͱ NISTݕఆ߹֨਺ͷؔ܎ͷௐࠪ
਺஋ࢉܭਫ਼౓ͷӨڹ͸ N ≥ 20ͷͱ͖େ͖ͳมԽ͸ͳ͍ͱߟ

͑ΒΕΔɽͦ͜Ͱɼ5. 3߲ͷॳظ஋ X0 ΛมԽͤͨ͞৔߹ʹɼཚ

਺ͷੑೳʹରͯ͠ͲͷΑ͏ͳӨ͕ڹग़Δͷ͔Λௐࠪͨ݁͠ՌΛ

ਤ 8ʹࣔ͢ɽਤ 8͸ɼԣ͕࣠ॳظ஋ X0 (∆X0 = 0.05 × 10N)ɼॎ

͕࣠ NISTݕఆͷ߹֨਺Λද͢ɽਤ 8Ͱ͸ɼX0 = 0.25 × 10N ͷ

ͱ͖͸Ͳͷ਺஋ࢉܭਫ਼౓Ͱ΋ɼNISTݕఆ߹֨਺͸ 0Ͱ͋ͬͨɽ
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ਤ 8: ֤਺஋ࢉܭਫ਼౓ N Ͱॳظ஋ X0 ΛมԽͤͯ͞ੜ੒ͨ͠ཚ਺

ͷ NISTݕఆ߹֨਺ɽ

͜Ε͸ɼX0 = 0.5× 10N ͷͱ͖ͱಉ༷ʹɼॳظ஋ X0 = 0.25× 10N

ͷͱ͖͸࣍ͷ࣌ࠁͷঢ়ଶ஋͕ X1 = 0.75 × 10Nɼߋʹͦͷ࣍ͷ࣌

ͷঢ়ଶ஋͸ࠁ X2 = 0.75× 10N ͱͳΔɼ͢ͳΘͪݻఆ఺΁ͱऩଋ

͢ΔͨΊͰ͋Δɽ͜ͷͱ͖ͷ 2஋ཚ਺͸ಉ͡Ϗοτ͔͠ಘΒΕ

ͣɼཚ਺ͱͯ͠ػೳ͠ͳ͍ɽਤ 8ͷதͰ࠷େͷ਺஋ࢉܭਫ਼౓͸

N = 30ͷͱ͖Ͱ͋Δ͕ɼ13ݕఆͱଞͷ N ͷͱ͖ΑΓ௿͘ͳΔ

ॳظ஋ͱ ஋͕͋Δ͜ͱ͕෼͔Δɽظఆʹ߹֨͢Δॳݕ15

ਤ 8ͷ݁Ռʹ͍ͭͯɼ֤਺஋ࢉܭਫ਼౓ຖͰ NISTݕఆ߹֨਺

Λൺֱͨ͠΋ͷΛද 4ʹࣔ͢ɽද 4ΑΓɼಉ͡਺஋ࢉܭਫ਼౓ N

ද 4: ਺஋ࢉܭਫ਼౓ N ຖͷ NISTݕఆ߹֨਺ͷճ਺ɽ

਺஋ࢉܭਫ਼౓ NIST ఆ߹֨਺ݕ

N 15 14 13 12

21 5 3 0 0

22 7 1 0 0

23 7 1 0 0

24 5 3 0 0

25 3 5 0 0

26 5 3 0 0

27 6 2 0 0

28 5 3 0 0

29 5 2 0 1

30 5 0 3 0

Ͱ͋ͬͨͱͯ͠΋ॳظ஋ X0 ͷҧ͍Ͱ NIST ఆ߹֨਺͕͹Βݕ

ͭ͘͜ͱ͕෼͔Δɽಛʹ N = 29ͷͱ͖͸ɼ15ݕఆʹ߹֨͢Δ

ॳظ஋͕ ؍஋΋ظఆ͔͠߹֨͠ͳ͍ॳݕଌ͞Ε͕ͨɼ12؍ݸ5

ଌ͞Εͨɽ͍ߴ਺஋ࢉܭਫ਼౓ʹઃఆͯ͠΋ɼॳظ஋ʹΑͬͯ͸

NISTݕఆʹશͯʹ߹֨͢Δཚ਺͸࡞Εͳ͍৔߹͕͋Δ͜ͱ͕

෼͔ͬͨɽ

7. ݁ ࿦

ຊߘͰ͸ɼ௕ظ༧ଌ͕ෆՄೳͱ͞ΕΔΧΦεμΠφϛΫεΛ

༗͢ΔϩδεςΟοΫࣸ૾Λཚ਺ੜ੒ݯͱ͢Δ͜ͱͰɼੑೳ͕

ྑ͍ཚ਺Λ࡞ΕΔ͔Λௐࠪͨ͠ɽ਺஋ࠩޡࢉܭΛ؇࿨͢ΔͨΊ

ʹɼϩδεςΟοΫࣸ૾Λ੔਺ϩδεςΟοΫࣸ૾ (ࣜ (5))΁

ͱ֦ுͨ͠ɽ·ͣॳΊʹɼੜ੒͞ΕΔཚ਺ͷੑೳ͕͍ߴͱظ଴

͞ΕΔύϥϝʔλͷݕ౼ΛϦΞϓϊϑࢦ਺Λ༻͍ͯߦͳͬͨ

(ਤ 2)ɽ࣍ʹɼݕ౼ͨ͠ύϥϝʔλΛ༻͍ͯੜ੒ͨ͠ཚ਺ʹͭ

͍ͯɼNISTݕఆΛ༻͍ͯ౷ܭతͳੑೳධՁΛͨ͠ɽಛʹɼΧ

Φεཚ਺ͷੑೳʹ਺஋ࢉܭਫ਼౓ N ͕༩͑ΔӨڹʹ͍ͭͯௐࠪ͢

ΔͨΊɼ਺஋ࢉܭਫ਼౓ N ΛมԽ࣮ͤͯ͞ݧΛߦͳͬͨɽͦͷ݁

Ռɼ਺஋ࢉܭਫ਼౓ N ͸࠷௿Ͱ΋ 20͋Ε͹ɼੑೳͷ͍ߴཚ਺Λ

ੜ੒͢Δ͜ͱ͕෼͔ͬͨ (ਤ 3)ɽ

·ͨ௥Ճௐࠪͷ݁ՌΑΓɼ਺஋ࢉܭਫ਼౓ N Λ͞Βʹ্͞޲

ͤͯ΋ɼඞͣ͠΋ٖࣅཚ਺ͷੑೳ্͕͢޲ΔΘ͚Ͱ͸ͳ͍͜ͱ

΋໌Β͔ͱͳͬͨ (ਤ 4ɼਤ 6)ɽ͜ͷ͜ͱ͔Βɼཚ਺ͷੑೳʹ

͸਺஋ࢉܭਫ਼౓Ҏ֎ͷӨ͕͋ڹΔͱ͑ߟΒΕΔɽͦ͜ͰɼNIST

ఆ߲໨ʹෆ߹֨ʹͳΓ΍͍͢ͷ͔Λௐࠪͨ͠ͱ͜ݕఆͷͲͷݕ

ΖɼॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆʹෆ߹֨ʹͳΔׂ߹͕

ͱ͕෼͔͍ͬͨ͜ߴ (ਤ 7)ɽ͜ͷ݁Ռ͔Βɼཚ਺ੜ੒ݯʹ༻͍

ͨϩδεςΟοΫࣸ૾ͷੑ࣭ʹΑΓɼϏοτύλʔϯͷग़ݱճ

਺ʹภΓ͕ੜ͡ΔͷͰ͸ͳ͍͔ͱ͑ߟΒΕΔɽ͞Βʹɼ਺஋ܭ

ͷݯͱͯ͠͸ɼཚ਺ੜ੒ڹਫ਼౓Ҏ֎ͷཚ਺ͷੑೳʹ༩͑ΔӨࢉ

ॳظ஋ X0 ஋ظΒΕΔɽͦ͜Ͱɼॳ͑ߟ͕ X0 ͕ཚ਺ͷੑೳʹ༩

͑ΔӨڹͷௐࠪΛߦͳͬͨ (ਤ 8)ɽͦͷ݁Ռɼಉ͡਺஋ࢉܭਫ਼

౓Ͱ͋ͬͯ΋ॳظ஋ʹΑΔཚ਺ͷੑೳධՁ͸มԽ͢Δ͜ͱ͕෼

͔ͬͨɽҎ্ͷ݁Ռ͔ΒɼΧΦεཚ਺ͷੑೳʹӨڹΛٴ΅͢ཁ

Ҽʹ͸ɼ਺஋ࢉܭਫ਼౓ͷΈͳΒͣɼੜ੒ݯͱͳΔΧΦεμΠφ

ϛΫεͷੑ࣭ͱ༻͍Δॳظ஋͕ٖࣅཚ਺ͱͯ͠ͷੑೳʹӨڹΛ

༩͍͑ͯΔͱ͑ߟΒΕΔɽ

ँࣙ ຊڀݚͷҰ෦͸ JSPSՊݚඅ (No. 18K18125ɼ16K16138,

15KT0112, 17K00348)ͷԉॿΛड͚ͯߦΘΕͨɽ

จ ݙ
[1] A. Uchida et al, “Fast physical random bit generation with chaotic

semicomductor lasers”, Nature Photonics, Vol. 2, No. 12, pp. 728–
732, 2008.

[2] ੴా๜তɼৗా໌෉ɼҪ্޺ߴɼ“༗ݶϏοτԋࢉʹΑΔΧΦε
తྻܥͷੑ࣭”,ిࢠ৘ใ௨৴ֶձٕज़ڀݚใࠂ, Vol. 98, No. 140,
pp. 9–14, 1998 (CAS 98–16) .

[3] ɼ੔਺ϩδεςΟοΫࣸ૾Λ༻͍ͨཚ਺ੜ੒๏ͱͦͷԠࠃࡍ౹
.Պത࢜࿦จɼ2012ڀݚ௨৴େֶӃ৘ใγεςϜֶؾి,༺

[4] R. M. May, “Simple mathematical models with very complicated dy-
namics”, Nature, Vol. 261, No. 5560, pp. 459–467, 1976.

[5] A. Rukhin et al, “A Statistical Test Suite for Random and Pseudoran-
dom Number Generators for Cryptographic Applications”, National
Institute of Standards and Technology, Special Publication 800-22,
2010.

[6] Y. Shimada, E. Takagi and T. Ikeguchi, “Symmetry of Lyapunov ex-
ponents in bifurcation structures of one-dimensional maps”, Chaos:
An Interdisciplinary Journal of Nonlinear Science, Vol. 26, No. 12,
pp. 123119, 2016.

[7] ಺ాರ࢙,ʰෳܥࡶϑΥτχΫεϨʔβΧΦεͷಉظͱޫ৘ใ௨
৴΁ͷԠ༻ʱ,ཱڞग़൛ࣜגձࣾ, 2016.

— 6 —

Ikeguchi Laboratory 2018(p. 63 / 190)



ࣾஂ๏ਓ ৘ใ௨৴ֶձࢠి
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

৴ֶٕใ
TECHNICAL REPORT OF IEICE.

੔਺ϩδεςΟοΫࣸ૾Λ༻͍ͨΧΦεཚ਺ͱNISTݕఆʹΑΔੑೳධՁ

†ੜࢤؙۚ ౡా༟†† †††ଠ࿠׮ݪ౻ ஑ޱప†,††††

†౦ژཧՊେֶֶ޻෦ܦӦֶ޻Պ
˟125-8585౦ژ౎׉০۠৽॓ 6–3–1
Պڀݚֶ޻େֶେֶӃཧۄ࡛††

อٱԼେ۠ࡩࢢ·͍ͨ͞ݝۄ8570࡛–338˟ 255
†††౦ژେֶߴࡍࠃ౳ڀݚॴχϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ

౦ژ౎จ۠ژຊڷ 7–3–1
††††౦ژཧՊେֶֶ޻෦৘ใֶ޻Պ

E-mail: †shikimaru@hisenkei.net

͋Β·͠ ຊߘͰ͸ɼ௕ظ༧ଌ͕ෆՄೳͱ͞ΕΔΧΦεμΠφϛΫεΛར༻ͨ͠ΧΦεཚ਺Λഉଞత࿦ཧ࿨ԋࢉʹΑ

Γޙॲཧͨ͠ཚ਺ྻͷੑೳ্͕͢޲Δ͔Λௐ͍ࠪͯ͠Δɽ·ͣ࢝Ίʹɼࣸ૾Λ܁Γฦ͢͜ͱͰੜ͡Δ਺஋ࠩޡࢉܭΛ

؇࿨͢ΔͨΊʹɼϩδεςΟοΫࣸ૾Λ੔਺ϩδεςΟοΫࣸ૾΁ͱ֦ு͠ɼٖࣅཚ਺ੜ੒ثʹ༻͍ͨɽ࣍ʹɼ੔਺

ϩδεςΟοΫࣸ૾ͷԠ౴͔ΒಘΒΕΔ࣌ྻܥσʔλΛɼᮢ஋Λઃ͚Δ͜ͱʹΑΓ 2஋ͷΧΦεཚ਺Λੜ੒ͨ͠ɽ͞

Βʹɼੜ੒ͨ͠ΧΦεཚ਺ͱɼͦΕΒΛೖྗͱͯ͠ഉଞత࿦ཧ࿨ԋࢉΛͯ͠ࢪੜ੒ͨ͠ཚ਺Λ NISTݕఆΛ༻͍ͯੑ

ೳධՁΛͨ͠ɽͦͷࡍɼΧΦεཚ਺ੜ੒ͷ਺஋ࢉܭਫ਼౓͕༩͑ΔӨڹʹ͍ͭͯ΋ซͤͯௐࠪΛߦͳͬͨɽ݁Ռ͔Βɼ

਺஋ࢉܭਫ਼౓͕े෼ͳΧΦεཚ਺Λഉଞత࿦ཧ࿨ԋࢉͷೖྗͱͨ͠৔߹ɼഉଞత࿦ཧ࿨ԋࢉΛ͢ࢪલޙͰͷཚ਺ੑೳ

ʹมԽ͸ݟΒΕͳ͍͜ͱ͕෼͔ͬͨɽҰํɼ਺஋ࢉܭਫ਼౓͕ෆे෼ͳ৔߹ɼഉଞత࿦ཧ࿨ԋޙࢉͷཚ਺ͷੑೳ͕ྼԽ

͢ΔՄೳੑ͕͋Δ͜ͱ΋෼͔ͬͨɽ

Ωʔϫʔυ ΧΦεཚ਺ɼ੔਺ϩδεςΟοΫࣸ૾ɼ਺஋ࢉܭਫ਼౓ɼഉଞత࿦ཧ࿨ԋࢉɼNIST SP 800–22

Performance Evaluation of Chaotic Random Numbers Using Integer Logistic
Map by NIST Test

Shiki KANAMARU†, Yutaka SHIMADA††, Kantaro FUJIWARA†††, and Tohru IKEGUCHI†,††††

† Department of Management Science, Faculty of Engineering, Tokyo University of Science
Niijuku 6-3-1, Katsushika-ku, Tokyo, 125-8585, Japan

†† Department of Information and Computer Science, Graduate School of Science and Engineering, Saitama University
255 Shimo-Okubo, Sakura-ku, Saitama City, Saitama 338–8570, Japan

††† International Research Center for Neurointelligence, The University of Tokyo
7–3–1 Hongo, Bunkyo-ku, Tokyo 113–0033, Japan

†††† Department of Information and Computer Technology, Faculty of Engineering,
Tokyo University of Science

E-mail: †shikimaru@hisenkei.net

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
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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

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(1)
β and p(2)

β be the

probabilities that the binary values β ∈ {0, 1} are generated from

the two random number generators. We then define the probability

p(l)
β (l = 1, 2) as a function of b by

p(l)
0 =

1
2
− b, (1)

p(l)
1 =

1
2
+ 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

XOR operation, p(1,2)
0 and p(1,2)

1 , using Eqs. (1) and (2) as follows:

p(1,2)
0 = p(1)

0 p(2)
0 + p(1)

1 p(2)
1 = (

1
2
− b)2 + (

1
2
+ b)2 =

1
2
+ 2b2,(3)

p(1,2)
1 = p(1)

0 p(2)
1 + p(1)

1 p(2)
0 = 2(

1
2
− b)(

1
2
+ b) =

1
2
− 2b2. (4)

In the case that |b| < 0.5, we see that the bias decreases to b2. 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

xt+1 = axt(1 − xt), (5)

where a is a parameter and xt is a state value at time t. 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 10N by both hand sides of Eq. (5), we get

10N × xt+1 = 10N × axt(1 − xt). (6)

Using Xt = 10N × xt, Eq. (6) is rewritten by

Xt+1 = aXt(1 − 10−N × Xt), (7)

= aXt(10N − Xt) × 10−N . (8)

We use the floor function ⌊ ⌋ to extract the integer part as follows:

Xt+1 = ⌊aXt(10N − Xt)10−N⌋. (9)
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In Eq. (5), a is a parameter, Xt (= 10N × xt) 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 ln 2 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).

X̃t =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
0 (Xt ≤ θ),
1 (Xt > θ),

(10)

where θ is a threshold. When a = 4, a range of state values of the

logistic map (Eq. (5)) is 0 ≤ xt ≤ 1. Thus, in the case of the integer

logistic map (Eq. (9)), the range is 0 ≤ Xt ≤ 10N . Here, the invari-

ant measure of the integer logistic map (a = 4) is shown in Fig. 1.

Figure 1 shows that Xt ≤ θ and Xt > θ appear with equal probability.

0 0.5×10N 10N

Fr
eq
ue
nc
y

Xt

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

a = 4.

Therefore, it is expected that 0 and 1 bits appear equally by setting

θ = 0.5 × 10N .

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

greater than α (= 0.01), where the significance level α 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 230 (> 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 231 + 105 and discard the first 105 points as transient states. We

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

R1 (105 < t ≤ 230+105) and R2 (230+105 < t ≤ 231+105). The gen-

erated pseudorandom number sequences R1 and R2 are evaluated by

the NIST test. In addition to R1 and R2, we evaluate the performance

of the pseudorandom number sequence generated by R1 ⊕ R2 where

⊕ is the bit-wise XOR operation. For one parameter set of (N, X0),

we generate the three pseudorandom number sequences R1, R2, and

R1 ⊕ R2 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

(R1,R2, and R1 ⊕ R2). In this experiment, we changed the nu-

merical precision N and the initial value X0 in Eq. (9), where

16 ≤ N ≤ 20, N ∈ N, and the hth initial value is defined

by X(h)
0 = 0.01 × h × 10N (h = 1, 2, · · · , 24, 26, · · · , 49).

The reason why X0 = 0.25 × 10N is excluded is that Xt con-

verges to zero for t ≥ 1. From the above, the total number

of pseudorandom number sequences that we generate is 720 (=

3 (three sequences, R1, R2, and R1 ⊕ R2) × 240 (the total number

of possible pairs of the parameter values of N and X(h)
0 )).

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 1
2 .

2 Frequency Test within a Block For a given block length, we test whether the occurrence probability of 0 and 1 is close to 1
2 .

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-

 0
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 0.3
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0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
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The number of passed NIST items M

(a) R1
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(c) R1 ⊕ R2

Fig. 3: The probability distributions of the number of passed NIST

items M.

sults for R1 and R2 is small because R1 and R2 are simply generated

from Eq. (10). Figure 3(c) shows the result for R1 ⊕ R2 generated

by the XOR operation of R1 and R2. 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 X0. First, comparing R1 and R2 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 R1 and R2 with R1 ⊕R2 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 R1 ⊕ R2 is

less than for R1 and R2.

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 R1

and R2 with R1 ⊕ R2 when N = 16. While the pseudorandom num-

ber sequences R1 and R2 pass at most nine items of the NIST test,

R1 ⊕ R2 passes at most only six items. Additionally, the number of

passed items becomes six only when X0 = 0.41 × 10N (N = 16). In
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Fig. 4: The passed probability of the NIST items for 16 ≤ N ≤ 20 and three pseudorandom numbers (R1, R2 and R1 ⊕ R2).

the case X0 ! 0.41×1016, 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 5 6 7 8 9

Type of R1 0 1 8 15 24

pseudorandom R2 1 2 14 22 9

number R1 ⊕ R2 47 1 0 0 0

quency of passed items 5 is extremely low in R1 and R2. However, it

is the most frequent in R1 ⊕ R2. In Table 2, the minimum frequency

of the number of passed items about R1 and R2 is five. However, the

maximum frequency of the number of passed items about R1 ⊕ R2

is five. There results indicate that the XOR operation decreases the

quality of R1 and R2.

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).

S ≡
T∑

t=1

2X̃t − 1, (11)

where T is a length of a random number sequence and T = 230 in

this experiment. The definition of X̃t 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.

S =
T∑

t=1

2X̃t − 1 = −P0 + P1. (12)

We then define p(k)
β as the probability of appearances of β (β ∈ {0, 1})

in the pseudorandom number sequence of k (k ∈ {R1,R2}). We de-

fine S ′ about the pseudorandom numbers of R1 ⊕ R2 in Eq. (13)

according to Eq. (12) using p(k)
β .

S ′ = −p(R1)
0 p(R2)

0 + p(R1)
0 p(R2)

1 + p(R1)
1 p(R2)

0 − p(R1)
1 p(R2)

1 . (13)

Using p(k)
0 + p(k)

1 = 1 ⇐⇒ p(k)
1 = 1 − p(k)

0 , Eq. (13) is rewritten by

S ′ = −p(R1)
0 p(R2)

0 + p(R1)
0 (1 − p(R2)

0 ) + (1 − p(R1)
0 )p(R2)

0

−(1 − p(R1)
0 )(1 − p(R2)

0 )

= −1 + 2p(R1)
0 + 2p(R2)

0 − 4p(R1)
0 p(R2)

0
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= −2(1 − p(R1)
0 − p(R2)

0 ) + 1 − 4p(R1)
0 p(R2)

0 . (14)

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

the horizontal axis represents p(R1)
0 , the vertical axis represents p(R2)

0

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

 0  0.2  0.4  0.6  0.8  1
p0

(R1)

 0

 0.2

 0.4

 0.6

 0.8

 1

p 0
(R

2)

-1

-0.5

 0

 0.5

 1

S’

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

p(R1)
0 or p(R2)

0 equals to
1
2

, the bias S ′ will be 0, and if both p(R1)
0 and

p(R2)
0 are away from

1
2

, S becomes far from 0. When the numerical

precision is enough, for example, N = 20, R1 and R2 already have

good quality. For the reason, we cannot see that the difference in the

quality R1 and R2 with R1 ⊕ R2.

Finally, we investigate the number of p-values that are greater

than α 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 α 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 − α) ± 3

√
(1 − α)α

m
. (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 α = 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 α 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 α 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 α 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 Rössler 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
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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

Mark

Time

・・・ ・・・

w(i) w(i + 1) w( j)
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).

D(i, j) = min
{ ∑

(m,n)∈C

{
λt |ti(m) − t j(n)|

+ λp|pi(m) − pj(n)|
}
+ I + J − 2P

}
, (1)

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); ti(m) is the occurrence time of the mth event in the ith

window; pi(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 λt and λp 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

5

1
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3

4

5

1

2

3 4

51

2

3 4

53 4

5

1

2

3

4

421

3

move to temporal direction

move to mark direction

move to temporal and mark 
direction

deletions insertion

λt|ti(3) − tj(1)|

λp|pi(4) − pj(2)|

λt|ti(5) − tj(4)|
+ λp|pi(5) − pj(4)|

I + J − P = 3

w(i)

w( j) J = 4

I = 5

P = 3

Fig. 2: How to calculate MSTM between two marked point process

data (w(i)and w( j)).

In this report, we defined
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λp = λt
δt

δp
, (2)

where δt is the standard deviation of the time interval for all data

and δp is standard deviation of the weights.

We should not choose a too large value of λt. If the value of λt

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 λt 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 (i, j)th pixel is defined by Eq. (3):

Ri, j =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
1 (D(w(i),w( j)) < θ)

0 (otherwise).
(3)

where w(i) denotes the ith time window (Fig. 1), and D(w(i),w( j))

is MSTM between the ith window w(i)) and the jth window w( j). θ

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:

DET =

N∑

l=lmin

lU(l)

N∑

l=1

lU(l)

, (4)

where

U(l) =
N∑

i, j=1

(1 − Ri−1, j−1)(1 − Ri+l, j+l)
l−1∏

k=0

Ri+k, j+k. (5)

As shown in Eq. (4), U(l) is the total number of diagonal lines in the

recurrence plot whose length is l [pixels] and lmin is the minimum

length of the diagonal line. In this report, lmin 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

recurrence plot. In this report, θ is a threshold set to 0.1 × N × 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:

ʢ 1ʣ Define M as the number of randomly shuffled windows in

a small group (Fig. 3).

ʢ 2ʣ 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

8 5 2 6 1 4 9 3 10 7

2 3 1 6 4 5 7 9 8 10

1 2 3 4 5 6 7 8 9 10

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

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

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

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 shuffled surro-

gate data. When M is the total number of time windows (Fig. 3(bot-

tom)), the data are equivalent to fully random shuffle 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 Rössler 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
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dx
dt
= −σx + σy,

dy
dt
= −xz + rx − y,

dz
dt
= xy − bz,

(6)

where σ, b, and r are parameters. In this report, we used two param-

eter setups: one is σ = 16.0, b = 4.0, and r = 45.92 and another is

σ = 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 h = 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].
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(a) Time series signal of the third variable z(t)
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(b) Marked point process series from the third variable z(t)

Fig. 4: The results calculated from the Lorenz system: σ =

16.0, b = 4.0, and r = 40.

The Rössler system [5] is described by

dx
dt
= −y + z,

dx
dt
= x + ay,

dz
dt
= b + xz − cz,

(7)

where a, b, and c are parameters. In this report, we used two param-

eter setups: one is a = 0.15, b = 0.20, and c = 10.0 and another is

a = 0.20, b = 0.20, and c = 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 h = 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

marks obey uniform distribution in [0, 1]. The time series is shown

in Fig. 6.

Finally, we produced the periodic time series is shown in Fig. 7.
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Fig. 5: The results calculated from the Rössler systems: a =
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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(11t), where t ∈ 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

periods

The length of

time window

Lorenz: σ = 16.0, b = 4.0, r = 45.92 105 2 × 102

Lorenz: σ = 16.0, b = 4.0, r = 40.0 105 2 × 102

Rössler: a = 0.15, b = 0.20, c = 10.0 2 × 107 4 × 105

Rössler: a = 0.20, b = 0.20, c = 5.7 2 × 107 4 × 105

Random 107 5 × 105

Periodic 107 5 × 105

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
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method and the maximum Lyapunov exponents of the Lorenz and

Rössler 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 Rössler systems used in this report are

shown in Table 2.

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

Rössler systems [7], [8].

System Parameter values Maximum Lyapnov exponent

Lorenz σ = 16.0, b = 4.0, r = 45.92 λ1 = 2.16

σ = 16.0, b = 4.0, r = 40.0 λ1 = 1.37

Rössler a = 0.15, b = 0.20, c = 10.0 λ1 = 0.87

a = 0.20, b = 0.20, c = 5.7 λ1 = 0.069

4. Results

Figure 8 shows the results of recurrence plots. In the recurrence

plots calculated from the Lorenz and Rössler 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 Rössler system and

the second Rössler system. One of the possible reasons might be re-

lated to the number of events in time windows. The Rössler 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.

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 Rössler 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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Fig. 8: Results of recurrence plots calculated from (a), (b) the Lorenz systems and (c), (d) the Rössler systems, (e) random marked point

process data, and (f) periodic marked point process data.

 0

 0.2

 0.4

 0.6

 0.8

 1

 10  20  30  40  50  60  70  80  90  100

D
ET

The number of randomly shuffled windows

constrained randomly shuffled surrogate data
fully random shuffle window surrogate data

(a) The Lorenz system: σ = 16.0, b = 4.0, and r =

45.92

 0

 0.2

 0.4

 0.6

 0.8

 1

 10  20  30  40  50  60  70  80  90  100

D
ET

The number of randomly shuffled windows

constrained randomly shuffled surrogate data
fully random shuffle window surrogate data

(b) The Lorenz system: σ = 16.0, b = 4.0, and r =
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Fig. 9: Results of (a), (b) The Lorenz system, (c), (d) The Rössler system. (e) random marked point process data, and (d) periodic marked

point process data.
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Lorenz: σ = 16.0, b = 4.0, r = 45.92 λ1 = 2.16 4 400
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Rössler: a = 0.15, b = 0.20, c = 10.0 λ1 = 0.87 4 1600000

Rössler: a = 0.20, b = 0.20, c = 5.7 λ1 = 0.069 4 1600000
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͋Β·͠ ແઢ௨৴ͷख๏ͱͯ͠,ෳ਺ͷΞϯςφΛ༻͍ͯ௨৴Λ͏ߦMultiple-Input Multiple-Output (ҎԼ, MIMO)
γεςϜ͕͋Δ. MIMO γεςϜͷมௐ෦ʹΧΦεΛԠ༻͢Δ͜ͱͰ, ෺ཧ૚ʹ͓͍ͯϢʔβʔؒͷൿಗੑΛ֬อ͠
ͳ͕Βූ߸ԽརಘΛ֫ಘͰ͖ΔΧΦεMIMO (ҎԼ, C-MIMO) γεςϜ͕ఏҊ͞Ε͍ͯΔ. ຊߘͰ͸, ·ͣॳΊʹ,
C-MIMOͷ৴߸มௐ෦Ͱ༻͍ΒΕΔΧΦεࣸ૾ͷৼ෣͍Λௐࠪ͢Δ. ͜ΕʹΑΓ, ैདྷγεςϜ͕৴߸ͷมௐʹ༻͍
ΔϏοτྻͷ৘ใΛे෼ʹ׆༻Ͱ͖͍ͯͳ͍͜ͱΛ໌Β͔ʹ͢Δ. ࣍ʹ, ͜ͷ໰୊Λվળͨ͠ C-MIMOγεςϜΛఏ
Ҋ͠, .Δ͢ࠂΓ཰ಛੑΛௐࠪͨ݁͠ՌΛใޡ
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Performance analysis of a modified Chaos MIMO system
with efficient use of bit information
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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.
Key words Chaos communication, MIMO, Bernoulli shift map
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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

S 
/ 
P

P 
/ 
S

Chaos 
modulationb b̂

c0

JMLSE 
decoder

s(t)

n(t)

r(t)

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

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 c0 as a common key. Figure 1 shows the original
configuration of the C-MIMO system.

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

b = [b0, b1, · · · , bNtB−1], (1)

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

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

s(t) = [s1(t), · · · , sNt(t)]T , (2)

where si(t) (i = 1, · · · , Nt) is the transmitted symbol from
the ith transmit antenna at time t and T represents the trans-
pose. Let SB be the MIMO transmit block consisting of B
MIMO transmit vectors defined by

SB = [s(0), · · · , s(B − 1)]. (3)

Then, the channel matrix at time t, H(t), is given by

H(t) =

⎡
⎢⎢⎣

h11(t) · · · h1Nt(t)
...

. . .
...

hNr1(t) · · · hNrNt(t)

⎤
⎥⎥⎦ , (4)

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

r(t) = H(t)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 b̂ is calculated from r(t).

In the C-MIMO system, the common key c0 (0 < Re[c0] <
1 and 0 < Im[c0] < 1) is randomly generated and shared be-
tween the transmitter and the receiver in advance. The value
of c0 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 SB is modulated

modulation Chaos
(Bernoulli shift)
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Fig. 2 The configuration of the chaos modulation [3-5].
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by using c0 and a transmit block b.
The C-MIMO system modulates the MIMO transmit block

SB by using the transmit block b and the kth element sym-
bols represented by ck (k = 1, · · · , BNt). The element sym-
bol ck is generated from c0 by a chaos-based modulation
described in the following procedure.

(I) Set k to 0.
(II) Two initial values of chaotic dynamical systems, x0

and y0, are generated from the element symbol ck and the
transmission block b as follows:

x0 =

⎧
⎪⎨
⎪⎩

Re[ck] (bk=0),

1−Re[ck] (bk=1 and Re[ck]>1/2),

Re[ck]+1/2 (bk=1 and Re[ck]≤1/2),

(6)

and

y0 =

⎧
⎪⎨
⎪⎩

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

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

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

(7)

In Eqs. (6) and (7), when k = 0, the common key c0 is used.
(III) Two chaotic series are generated by the Bernoulli

shift map: ⎧
⎨
⎩
xl+1 = 2xl mod 1,

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

where x0 and y0 are used as the initial value. After iterating
Eq. (8) for n times, the (k + 1)th element symbol ck+1 is
calculated by

⎧
⎨
⎩

Re[ck+1] = xn+b(k+B) mod NtB
,

Im[ck+1] = yn+b{(k+1)+B} mod NtB
,

(9)

where n is set to 100 in the same manner as Ref. [5].
(IV) By using ck+1, the transmited random Gaussian sig-

nal s̃k+1 is generated by the Box-Muller method as follows:

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

where

ux,k+1 = 1
π

arccos[cos{37π(Re[ck+1]+Im[ck+1])}],

uy,k+1 = 1
π

arcsin[sin{43π(Re[ck+1]−Im[ck+1])}] + 1
2
.

(11)

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

S̃B =

⎡
⎢⎢⎣

s̃1 s̃Nt+1 · · · s̃(B−1)Nt+1
...

. . .
...

s̃Nt s̃2Nt · · · s̃BNt

⎤
⎥⎥⎦ , (12)

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

s̃(t) = [s̃tNt+1, · · · , s̃(t+1)Nt ]
T . (13)

ck

x0

y0

ck+1 sk+1

element 
symbol

element 
symbol

initial 
value

transmit 
symbolEq. (6)

Eq. (7)

Eq. (9)
Eq. (10)

Fig. 3 Schematic diagram of how to generate s̃k+1 from the ele-
ment symbol ck.

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

b̂ = arg min
b̃

B−1∑

t=0

||r(t)−H(t)ŝ(t)||2. (14)

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

In the C-MIMO system, even if an eavesdropper estimates
a key close to the common key c0, the communication is still
secure except when the eavesdropper estimates to the com-
mon key whose squared error is smaller than 10−26 [6]. The
value 10−26 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 bk = 0 or bk = 1, resultant
values of s̃k+1 are the same when 0 < Re[ck] < 0.5 and
0 < Im[ck] < 0.5.

(ii) Although b is composed of NtB bits, s̃k+1 is gen-
erated only by four bits of NtB bits, namely bk, bk+1, bk+B

and bk+B+1. This use of a small number of bits in b reduces
possible values s̃k+1, which might cause poor performance.

For the case (i), in Fig. 3, we show the flow of generating
the transmit symbol s̃k+1 from the element symbol ck. We
first show how Eq. (6) affects the value of s̃k+1 when bk = 0
and bk = 1. Figure 4 shows the value of Re[ck+1] as a func-
tion of Re[ck], when n + b(k+B) mod 2B = 100 in Eq. (9). In
Fig. 4, we do not show the relation between ck and s̃k+1,
because s̃k+1 is uniquely determined from ck+1.

Thus, it is enough to know the relation between ck and
ck+1. Figure 4(a) shows the case that bk = 0 and Fig. 4(b)
shows the case that bk = 1. Figure 4(c) shows the difference
between the case that bk = 0 (Fig. 4(a)) and the case that
bk = 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 bk is differ-
ent. This indicates that Eq. (6) has no effect on s̃k+1 when
0 < Re[ck] < 0.5. The same also applies to Eq. (7) when
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0 < Im[ck] < 0.5.
To clarify the cause of the above-mentioned issue, we show

the values of x1 against ck, namely the case that Eq. (9) is ap-
plied to x0 and y0 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[ck] < 0.5, which
is caused by the following reason: if bk = 0, the value of x1

is 2Re[ck] mod 1. On the other hand, if bk = 1, the value
of x1 is {2Re[ck] + 1} mod 1 = 2 Re[ck] mod 1, because the
modulo operation is defined by α mod β ≡ α− β⌊α

β
⌋, 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 Nt = Nr = 2. In Fig. 6, we generated and plotted
2NtB = 28 symbols (s̃k+1), which are all possible bit patterns
of the transmit block b. Even though the maximum num-
ber of symbols is 28, the number of symbols in Fig. 6(a) is
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(b) In the case of bk = 1
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(c) Difference between the case of bw,k = 0 and bw,k = 1

Fig. 4 The values of Re[ck+1] against Re[ck]
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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 s̃k, the original C-MIMO sys-
tem [3-5] uses the element symbol ck and the following four
bits in b: bk in Eq. (6), b(k+1) mod 2B in Eq. (7), b(k+B) mod 2B

and b((k+1)+B) mod 2B in Eq. (9). Thus, when k = 0, although
the number of possible bit patterns of b is 2NtB(= 28 in
Fig. 6(a)), the number of patterns of symbols s̃1 is 24 = 16.
When k = 1, bits used to generate the symbols s̃2 are shifted
from the bits used to generate the symbols s̃1 by one bit.
Hence, in addition to four bits used in the case that k = 0,
b(k+2) mod 2B and b((k+2)+B) mod 2B are used to generate the
symbol s̃2. Therefore, six bits are involved in total. In this
case, the number of patterns of the symbol s̃2 is 26 = 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
Eqs. (6) and (7) have no effect on the value of ck as shown in
Sec. 3. On the basis of this fact, we simply use the following
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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.

Eqs. (15) and (16) instead of Eqs. (6) and (7).

x0 = Re[ck], (15)

y0 = Im[ck]. (16)

By this change, the initial values, x0 and y0, are generated
only from ck, and the initial values do not depend on b any-
more. Second, we address the issue (ii). We change Eq. (9)
to

ck+1 = xn+ix + jyn+iy , (17)

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

ix =

⎧
⎪⎪⎨
⎪⎪⎩

0 (k ≥ 1),
B−1∑

m=0

2mbm (k = 0),
(18)

iy =

⎧
⎪⎪⎨
⎪⎪⎩

0 (k ≥ 1),
2B−1∑

m=B

2m−Bbm (k = 0),
(19)

Equations (18) and (19) indicate that ix and iy take val-
ues calculated by the second equations in Eqs. (18) and (19)
only when the first transmit symbol s̃1 is generated (k = 0).
We emphasize that all bits in b are used in our method. In
addition, since the other transmit symbols s̃k(k ≥ 1) are gen-
erated from the first element symbol c1, it is not necessary
to change ix and iy for these transmit symbols. Based on
this idea, ix and iy are set to 0 when k ≥ 1. These changes
increase the number of patterns of symbols to 2NtB 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 28, the variety of inter-symbol distances is large.
Therefore, our method works well in increasing the number
of patterns of the symbols.
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Fig. 9 Example of histogram of inter-symbol distances on s̃1.

To show that the increase in the number of patterns of the
symbols does not depend on the value of the common key c0,
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
ɹ A ɹ 0.0188174 0.0020653
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Table 2 Simulation conditions

C-MIMO system
MIMO Block length B = 4

The number of transmit and Nt = 2
receive antennas Nr = 2

Chaos map Bernoulli shift map
The number of iterating n = 100

Synchronization of common keys perfect

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

Receive channel state information perfect

of random symbols as follows

A =
∫ ∞

0
|Ps(z)− Pr(z)|dz, (20)

where Ps(z) and Pr(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
c0. 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 106

transmit blocks b and calculated decoded blocks b̂. The
BLER is the rate at which b̂ is not decoded to b. We changed
the common key c0 every 104 blocks (the total number of
common keys c0 is 100). The real and imaginary parts of the
common key c0 obey 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 NtB 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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Causal estimation on complex network structures by Convergent Cross Mapping
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1 ͸͡Ίʹ

܎৅ؒͷҼՌؔࣄ [1,2]Λ໌Β͔ʹ͢Δ͜ͱ͸༷ʑͳ
෼໺ʹ͓͍ͯॏཁͰ͋Δɽओʹઢܗͳ֬཰աఔ͔Β؍ଌ
͞Εͨ࣌ྻܥ৴߸ؒͷҼՌؔ܎Λਪఆ͢Δख๏ͷҰͭʹ
Granger Causality [1]͕͋ΔɽҰํɼܾ ఆ࿦త͔ͭඇઢܗ
ͳγεςϜ͔Β؍ଌ͞Εͨ࣌ྻܥ৴߸ؒͷҼՌؔ܎Λਪ
ఆ͢Δख๏ͱͯ͠ɼConvergent Cross Mapping (CCM)

ͱ͍͏ख๏͕ఏҊ͞Ε͍ͯΔ [2,3]ɽจݙ [2,3]Ͱ͸ɼൺ
ֱతগ਺ͷྗֶ͕ܥ૬ޓʹ݁߹͞ΕͨγεςϜʹରͯ͠ɼ
CCMͷ༗ޮੑ͕ࣔ͞Ε͍ͯΔɽ͔͠͠ɼଟ਺ͷྗֶܥ
͕ෳࡶʹ݁߹ͨ͠৔߹ʹ؍ଌ͞ΕΔ࣌ྻܥ৴߸ʹର͢Δ
CCMͷ༗ޮੑͷௐࠪ͸ෆे෼Ͱ͋Δɽͦ͜ͰຊߘͰ͸ɼ
ଟ਺ͷϩδεςΟοΫࣸ૾ΛෳࡶωοτϫʔΫߏ଄ʹΑ
Γ݁߹ͨ͠৔߹ʹ؍ଌ͞ΕΔଟ࣍ྻܥ࣌ݩ৴߸ʹରͯ͠ɼ
CCMͷ༗ޮੑΛௐࠪ͢Δɽ۩ମతʹ͸ɼεϞʔϧϫʔ
ϧυωοτϫʔΫͷϞσϧͰ͋ΔWatts-Strogatz (WS)

Ϟσϧ [5]ʹैͬͯ݁߹ͨ͠ଟ਺ͷϩδεςΟοΫࣸ૾͔
ΒಘΒΕΔ࣌ྻܥ৴߸ʹରͯ͠ɼCCMΛ༻͍ͯҼՌؔ
଄͕ҼՌߏΛਪఆΛ͢Δɽ͜ΕʹΑΓɼωοτϫʔΫ܎
Λ༩͑Δͷ͔ௐࠪͨ͠ɽڹͷਪఆਫ਼౓ʹͲͷΑ͏ͳӨ܎ؔ
͞ΒʹɼίϛϡχςΟߏ଄Λ༗͢ΔωοτϫʔΫʹର͠
ͯ΋ҼՌؔ܎ͷਪఆਫ਼౓Λௐࠪͨ͠ɽͦͷ݁Ռɼنଇత
ͳωοτϫʔΫʹ͓͍ͯ΋ϥϯμϜͳωοτϫʔΫʹ͓
͍ͯ΋ҼՌؔ܎ͷਪఆਫ਼౓ʹ͸͕ࠩݱΕͳ͔ͬͨɽ͔͠
͠ɼίϛϡχςΟߏ଄Λ༗͢ΔωοτϫʔΫͰ͸ɼҼՌ
ͳΔ৔߹͕͋Δ͜ͱ͕Θ͔ͬͨɽ͘ߴͷਪఆਫ਼౓͕܎ؔ

2 Convergent Cross Mapping (CCM) [2,3]

ҼՌؔ܎Λਪఆ͢Δࡍɼ݁Ռͷ࣌ྻܥ৴߸ʹ͸ݪҼͷ
͸ɼຊํ͑ߟ৴߸ͷ৘ใ͕஝ੵ͞Ε͍ͯΔɽ͜ͷྻܥ࣌
Ͱ༻͍Δߘ CCM [2][3]ΛؚΉछʑͷҼՌਪఆख๏ͷڞ
௨ͷํ͑ߟʹͳ͍ͬͯΔɽCCM͸ྗֶܥཧ࿦ʹ͍ͮج
ͨҼՌੑਪఆख๏Ͱ͋ΔɽCCMͰ͸ɼ2ͭͷ࣌ྻܥ৴
߸ Xt ͱ Yt (t = 1ɼ2ɼ· · · )ʹରͯ͠ Yt ͔Β Xt ΁ͷҼ
Ռؔ܎Λਪఆ͢Δࡍʹɼ·ͣɼXt ͷ࣌ؒ஗ΕϕΫτϧ
x(t) = (Xt, Xt+τ , · · · , Xt+(m−1)τ )Λ࡞੒͢Δɽ͜͜Ͱɼ
m͸ຒΊࠐΈ࣍ݩɼτ ͸࣌ؒ஗Ε஋Ͱ͋Δɽ࣍ʹɼx(t)

ͱ Yt Λ༻͍ͯ Yt ͷ༧ଌ࣌ྻܥ৴߸ Ŷt Λੜ੒͠ɼYt ͱ
Ŷtͷ૬ؔ܎਺Λ͢ࢉܭΔ͜ͱͰ༧ଌਫ਼౓ΛٻΊΔɽ͜͜
Ͱͨ͠ࢉܭ༧ଌਫ਼౓͕͚ߴΕ͹ Yt ͔Β Xt ΁ͷҼՌؔ
Ͱ͸ɼ͜ͷख๏ΛߘΔͱ͍͏͜ͱʹͳΔɽຊ͢ࡏଘ͕܎
༻͍ͯҼՌੑਪఆΛͨͬߦɽ

3 ݁߹ϩδεςΟοΫࣸ૾ [4]
ຊߘͰ͸ɼࣜ (1)Ͱఆٛ͞ΕΔ݁߹ϩδεςΟοΫࣸ

૾Λ༻͍Δɽ

zi(t + 1) = (1 − ϵ)f(zi(t)) + ϵ

N∑

j=1

ai,jf(zj(t)) (1)

ࣜ (1)ʹ͓͍ͯ zi(t)͸௖఺ iͷ࣌ࠁ tͰͷঢ়ଶ஋Λද
͢ɽ·ͨɼf(z)͸ϩδεςΟοΫࣸ૾ f(z) = αz(1 − z)

Ͱ͋Γɼα͸ϩδεςΟοΫࣸ૾ͷύϥϝʔλͰ͋Δɽϵ

͸֤௖఺ؒͷ݁߹ڧ౓ɼN ͸ωοτϫʔΫͷશ௖఺਺Ͱ
͋Δɽai,j ͸ωοτϫʔΫͷྡ઀ྻߦͷୈ (i, j)੒෼Ͱ
͋Γɼ௖఺ iͱ j ͕݁߹͍ͯ͠Δ৔߹͸ 1ɼͦ͏Ͱͳ͍
৔߹͸ 0Ͱ͋Δɽ
4 ͼϥϯμϜͳωοτϫʔΫʹର͢ΔҼՌਪٴଇతن
ఆਫ਼౓ͷൺֱ

WSϞσϧ [5]ͱ͸࣮ݱͷωοτϫʔΫʹݟΒΕΔε
ϞʔϧϫʔϧυੑΛ͢ݱ࠶ΔωοτϫʔΫϞσϧͰ͋Δɽ
εϞʔϧϫʔϧυੑ͸ɼΫϥελ܎਺͸େ͖͘ɼฏ࠷ۉ
୹ύε௕͸খ͍͞ͱ͍͏ੑ࣭Λ༗͢Δ [5]ɽWSϞσϧ
Ͱ͸ɼԁ؀ঢ়ͷਖ਼ଇͳωοτϫʔΫதͷ֤ࢬΛҰఆͷ֬
཰ pͰ͔͑͗ܨΔ͜ͱͰɼεϞʔϧϫʔϧυωοτϫʔ
Ϋ΍ϥϯμϜωοτϫʔΫΛੜ੒͢ΔɽຊߘͰ͸ɼWS

ϞσϧͰ࡞੒ͨ͠ωοτϫʔΫͷྡ઀ྻߦΛ༻͍ͯɼࣜ
(1)ͷ݁߹ϩδεςΟοΫࣸ૾ͷ֤௖఺͔Βੜ੒ͨ࣌͠
ɽͨͬߦରͯ͠ɼCCMʹΑΔҼՌਪఆΛʹྻܥ
4.1 ৚݅ݧ࣮
ࣜ (1)Ͱͷ֤ύϥϝʔλ͸ɼα = 3.75ɼϵ = 0.01ɼN =

20 ͱͨ͠ɽ·ͨɼCCM Λద༻͢Δࡍͷ֤ύϥϝʔλ
͸ຒΊࠐΈ࣍ݩΛ m = 2ɼ࣌ؒ஗Ε஋Λ τ = 1 ͱ͠
ͨɽWSϞσϧͷฏ࣍ۉ਺͸ 4ͱ͠ɼ͗ܨࢬม͑֬཰Λ
p = 0.05 × i (i = 0ɼ1ɼ· · ·ɼ20)ͱͯ͠ωοτϫʔΫΛ࡞
੒ͨ͠ɽຊߘͰ͸ɼҼՌؔ܎ͷਪఆͷ໰୊ΛϩδεςΟο
Ϋࣸ૾ؒͷ݁߹ਪఆ໰୊ͱଊ࣮͑ͯݧΛͨͬߦɽ࣮ݧͰ
͸ɼ·ͣɼωοτϫʔΫதͷશͯͷ௖఺ͷϖΞʹରͯ͠ɼ
CCMΛ༻͍ͯ࣌ྻܥ৴߸ؒͷ༧ଌਫ਼౓Λࢉग़ͨ͠ɽ࣍
ʹɼಘΒΕͨN(N − ͷ༧ଌਫ਼౓ʹରͯ͠ɼେ௡ͷݸ(1
ೋ஋Խ [6]ʹΑͬͯᮢ஋ΛఆΊɼ༧ଌਫ਼౓͕ᮢ஋Ҏ্ͳΒ
͹݁߹ɼᮢ஋ະຬͳΒ͹ඇ݁߹ͱͯ͠ɼ݁߹ਪఆΛͬߦ
ͨɽͦͷࡍɼશͯͷ࣌ྻܥ৴߸ͷ௕͞Λ 4,000ͱͨ͠ɽ
·ͨɼ࣮ࡍͷωοτϫʔΫͷྡ઀ྻߦͱਪఆͨ͠ωοτ
ϫʔΫͷྡ઀ྻߦͷ֤੒෼Λൺֱͯ͠ɼҰக͍ͯ͠Ε͹
ਖ਼ղɼͦ͏Ͱͳ͚Ε͹ෆਖ਼ղͱͯ͠ࢉग़ͨ͠ਖ਼ղ཰Λ݁
߹ਪఆਫ਼౓ͱͨ͠ɽ͞Βʹɼ্هͷखॱΛ 20ճ܁Γฦ
͠ɼ݁߹ਪఆਫ਼౓ʹؔͯ͠ฏۉΛͨ͠ࢉܭɽ
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4.2 ݁Ռ
ม͑֬཰͗ܨࢬ pͱ 20ճฏۉΛऔͬͨ݁߹ਪఆਫ਼౓

ͷؔ܎Λਤ 1ʹࣔ͢ɽਤ 1͔Βɼ͗ܨࢬม͑֬཰ pʹΑ
Βͣ 0.95ఔ౓ͷ݁߹ਪఆਫ਼౓͕ಘΒΕͨɽ͜ͷ͜ͱ͔
ΒɼCCMʹΑΔ݁߹ਪఆਫ਼౓͸ɼWSϞσϧ͔Βੜ੒
͞ΕΔωοτϫʔΫͷߏ଄ʹґଘ͠ͳ͍͜ͱ͕Θ͔Δɽ
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ਤ 1 WS Ϟσϧͷͭࢬͳ͗ม͑֬཰ p ͱ݁߹ਪఆਫ਼౓ͷؔ܎

5 ίϛϡχςΟߏ଄͕ҼՌؔ܎ͷਪఆਫ਼౓ʹ༩͑ΔӨ
͍ͯͭʹڹ
͞ΒʹɼωοτϫʔΫ಺ͷίϛϡχςΟߏ଄ͷ༗ແ͕

CCM ʹΑΔ݁߹ਪఆͷਫ਼౓ʹ༩͑ΔӨڹΛௐࠪͨ͠ɽ
ͦͷͨΊʹɼίϛϡχςΟߏ଄Λ࣋ͭωοτϫʔΫͱί
ϛϡχςΟߏ଄Λ࣋ͨͳ͍ϥϯμϜͳωοτϫʔΫΛ࡞
੒͠ɼCCMʹΑΔ݁߹ਪఆਫ਼౓Λൺֱͨ͠ɽ
5.1 ৚݅ݧ࣮
·ͣɼ11௖఺ͷ׬શάϥϑΛ ੒͢Δɽ࣍ʹɼ֤࡞2ͭ

༗͠ͳ͍ڞશάϥϑ͔Β௖఺Λ׬ 2ຊͷࢬΛબ୒͠ɼ͜
ΕΒͷࢬΛ͔͑͗ܨΔ͜ͱͰίϛϡχςΟߏ଄Λ༗͢Δ
ωοτϫʔΫΛ࡞੒ͨ͠ (ਤ 2(a))ɽ·ͨɼWSϞσϧͰ
ม͑֬཰Λ͗ܨࢬ 0ͱͨ͠ 22௖఺ɼฏ࣍ۉ਺ 10ͷωο
τϫʔΫΛ࡞੒͠ɼ֤௖఺ͷ࣍਺Λอଘ͠ͳ͕Βϥϯμ
ϜʹࢬΛ͗ܨม͑Δ͜ͱͰશ௖఺ͷ࣍਺͕ 10ͷϥϯμ
ϜωοτϫʔΫΛ࡞੒ͨ͠ [7]ɽ͜ΕΒͷ 2ͭͷωοτ
ϫʔΫͷྡ઀ྻߦΛ༻͍ͯࣜ (1)ͷ݁߹ϩδεςΟοΫ
ࣸ૾͔Βੜ੒ͨ࣌͠ྻܥ৴߸ʹରͯ͠ CCMΛద༻͠ɼ
݁߹ਪఆਫ਼౓ͷൺֱΛͨͬߦɽ݁߹ϩδεςΟοΫࣸ૾
ͷύϥϝʔλ͸ɼϵ = 0.007, α = 3.75ͱ͠ɼશͯͷ࣌ܥ
ྻ৴߸ͷ௕͞Λ 4,000ͱͨ͠ɽ
5.2 ݁Ռ
ίϛϡχςΟߏ଄Λ࣋ͭωοτϫʔΫٴͼɼίϛϡχ

ςΟߏ଄Λ࣋ͨͳ͍ϥϯμϜͳωοτϫʔΫʹରͯ͠
CCMΛద༻ͨ݁͠ՌΛਤ 2ʹࣔ͢ɽਤ 2(a),(c)͸࡞੒͠
ͨωοτϫʔΫΛՄࢹԽͨ͠ਤͰ͋Δɽ·ͨɼਤ 2(b),(d)

͸ɼCCMʹΑͬͯ௖఺ iͷ࣌ྻܥ৴߸͔ΒಘΒΕͨ௖
఺ j ͷ༧ଌ࣌ྻܥ৴߸ͱ zj(t)ͷ૬ؔ܎਺Λ (i, j)੒෼
ͱ͢Δྻߦ (༧ଌਫ਼౓ྻߦ)ΛՄࢹԽͨ͠ਤͰ͋Δɽͦ
ΕͧΕͷωοτϫʔΫͷ݁߹ਪఆਫ਼౓Λਤ 3ʹࣔ͢ɽਤ
2(b) ΛݟΔͱɼ༧ଌਫ਼౓͕͘ߴͳ͍ͬͯΔ੒෼͕ࠨԼ
ͱӈԼʹ෼͔Ε͓ͯΓɼίϛϡχςΟߏ଄Λ༗͢Δ͜ͱ
͕Θ͔Δ͕ɼ૬ؔ܎਺ͷ஋͸ 0.1લޙͷ௿͍஋ͱͳͬͯ
͍Δɽ·ͨɼਤ 3͔ΒɼίϛϡχςΟߏ଄Λ࣋ͭωοτ
ϫʔΫͷํ͕ɼϥϯμϜͰίϛϡχςΟߏ଄Λ࣋ͨͳ͍
ωοτϫʔΫΑΓ΋݁߹ਪఆਫ਼౓͕͘ߴͳΔ͜ͱ͕Θ͔
ΔɽCCM͸ɼ༧ଌʹ༻͍Δ࣌ྻܥͷ஝ੵ৘ใྔʹΑͬͯ
ҼՌؔ܎Λਪఆ͢Δख๏Ͱ͋ΔɽίϛϡχςΟߏ଄Λ࣋
ͨͳ͍ϥϯμϜωοτϫʔΫ͸ɼ֤௖఺ͷ༗͢Δ৘ใ͕
ΑΓෳࡶʹӨ͠ڹ߹͏ɽҰํɼίϛϡχςΟߏ଄Λ࣋ͭ

ωοτϫʔΫ͸֤࣌ྻܥ৴߸ͷ৘ใ֦͕ࢄίϛϡχςΟ
಺ͰߦΘΕΔɽ͜ΕΒͷࠩҟʹىҼͯ͠ɼίϛϡχςΟ
ͳͬͨ͘ߴ଄ͷ͋ΔωοτϫʔΫͰ͸݁߹ਪఆਫ਼౓͕ߏ
ͱ͑ߟΒΕΔɽ

ਤ 2 ݁߹ϩδεςΟοΫࣸ૾Λ༻͍ͯ (a)ίϛϡχςΟߏ଄Λ࣋ͭ
ωοτϫʔΫʹରͯ͠ CCM Λద༻ͨ͠৔߹ͷ (b) ༧ଌਫ਼౓ྻߦͱ
(c)ίϛϡχςΟߏ଄Λ࣋ͨͳ͍ϥϯμϜωοτϫʔΫʹରͯ͠ CCM
Λద༻ͨ͠৔߹ͷ (d) ༧ଌਫ਼౓ྻߦ
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ਤ 3 2ͭͷίϛϡχςΟΛ࣋ͭωοτϫʔΫͱίϛϡχςΟΛ࣋ͨ
ͳ͍ωοτϫʔΫΛ༻͍ͨ CCM ʹΑΔҼՌؔ܎ͷਪఆਫ਼౓ͷൺֱ
6 ݁࿦
ຊߘͰ͸ɼଟ਺ͷϩδεςΟοΫࣸ૾ΛWSϞσϧʹ

৴߸Λྻܥଌ͞ΕΔ࣌؍Β͔ܥֶྗ߹݁ͨ͠߹݁ͯͬै
ର৅ͱͯ͠ɼCCMʹΑΔҼՌؔ܎ͷਪఆਫ਼౓Λௐࠪ͠
ͨɽͦͷࡍɼWSϞσϧͷ͗ܨࢬม͑֬཰ΛมԽͤͯ͞ɼ
ωοτϫʔΫߏ଄ΛنଇతͳωοτϫʔΫ͔ΒϥϯμϜ
ωοτϫʔΫ΁ͱมԽ࣮ͤͯ͞ݧΛͨͬߦɽͦͷ݁Ռɼ
ωοτϫʔΫߏ଄ͷҧ͍͸ҼՌؔ܎ͷਪఆਫ਼౓ʹӨڹ
Λ༩͑ͳ͍͜ͱΛ਺஋࣮ݧʹΑΓࣔͨ͠ɽ·ͨɼωοτ
ϫʔΫ͕ίϛϡχςΟߏ଄Λ࣋ͭ৔߹ͱίϛϡχςΟߏ
଄Λ࣋ͨͳ͍৔߹ (ϥϯμϜωοτϫʔΫ)Λൺֱͯ͠Ҽ
Ռؔ܎ͷਪఆਫ਼౓্͕͢޲Δ৔߹͕͋Δ͜ͱ΋ࣔͨ͠ɽ
ͳ͓ɼຊڀݚͷҰ෦͸ JSPS Պ ݚ අ (No. 15KT0112,
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1 まえがき
我々は既に，カオスサーチがタブーサーチよりもグラ

フ的シュタイナー木問題に対する優れた解探索性能を示
すことを報告した [1, 2, 3, 4, 5]．本報告では，グラフ的
シュタイナー木問題に対するタブーサーチとカオスサー
チの解探索性能の差について，探索の多様性という観点
から調査した結果を報告する．調査の結果，タブーサー
チよりもカオスサーチのほうが多様なニューロンが発火
しており，解探索に多様性があることが分かった．

2 グラフ的シュタイナー木問題
頂点集合 V，辺集合 E，辺の重み関数 c : E → R+か

らなる無向グラフG = (V, E, c)と必須点集合 T ⊆ V が
与えられたとき，T を連結する木をシュタイナー木と呼
ぶ．シュタイナー木に含まれる辺の重みの総和が最小な
シュタイナー木を求める問題が，グラフ的シュタイナー
木問題である．グラフ的シュタイナー木問題は NP 困
難な組合せ最適化問題であるため，厳密解法だけでなく
近似解法についても盛んに研究されている．

3 頂点に基づく局所探索法 [6]

最小シュタイナー木を構成する頂点集合の最小全域木
は，最小シュタイナー木と等しい．つまり，シュタイナー
木は頂点集合によってユニークに表現することができる．
頂点に基づく局所探索法では，現在のシュタイナー木

を構成する頂点集合 VS′ に対して，VS′ に含まれていな
い頂点を VS′ に追加する頂点追加近傍と，VS′ に含まれ
ている頂点を VS′ から削除する頂点削除近傍をとる．近
傍解は近傍解を構成する頂点集合の最小全域木とする．
頂点に基づく局所探索法の例を図 1に示す．左のシュ

タイナー木を現在のシュタイナー木 S′とする．S′に対
して橙色の頂点を追加した近傍解の重みは 12で，S′に
対して青色の頂点を削除した近傍解の重みは 10である．

4 タブーサーチとカオスサーチ
タブーサーチとカオスサーチはさまざまな組合せ最適

化問題に対してよい性能を示すことが知られているメタ
戦略である [7, 8, 9]．本研究ではこれらをニューラルネッ
トワークとして実装した．

図 1: 頂点に基づく局所探索法の例
ニューラルネットワークはグラフを構成する頂点数分

のニューロンから構成した．各ニューロンは各頂点に対
応させた．つまり，ニューロン iが発火したとき，頂点
iに対応する近傍解に遷移する．
ニューロン iの内部状態は式 (1)から (3)に従って更

新した．

ξi(t + 1) = β(C(t) − Ci(t)), (1)

ζi(t + 1) = −α
s∑

d=0

kdxi(t − d) + θ, (2)

ηi(t + 1) = −W
n∑

l=1

xl(t) + W. (3)

式 (1)において，β は調整パラメータ，C(t)は時刻 t

での現在解の重み，Ci(t)は時刻 tでのニューロン iに対
応する近傍解の重みである．式 (2)は不応性を表す．α

は不応性の調整パラメータ，sはタブーテニュア，kは減
衰パラメータ，xi(t)は時刻 tでのニューロン iの出力，
θはバイアスである．式 (3)はニューラルネットワーク
の発火率を調整する．W は結合荷重，nは全頂点数であ
る．また，ニューロンの出力は式 (4)で決定した．

xi(t + 1) = f{ξi(t + 1) + ζi(t + 1) + ηi(t + 1)}, (4)

ただし，f はシグモイド関数 f(y) = 1/(1+ e−y/ϵ)，ϵは
先鋭度である．
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タブーサーチとカオスサーチは，パラメータとニュー
ロンの更新方法，発火判定方法を調整することによって
実現できる．α → ∞，sを定数とし，内部状態値が最大の
ニューロンのみが発火するように同期更新するとタブー
サーチが実現できる．また，出力が閾値を超えたニュー
ロンが発火するように非同期更新するとカオスサーチが
実現できる．

5 数値実験
タブーサーチとカオスサーチの解探索性能の差を多

様性の観点から調査した．具体的には，ニューロンの発
火頻度分布の違いを算出した．本研究で用いる手法は，
ニューロンの発火が解遷移に対応するからである．実験
条件は以下の通りである．性能の比較には文献 [10]のベ
ンチマーク問題を使用した．初期解の生成には文献 [11]

の手法を使用し，近傍解の生成には頂点に基づく局所探
索法 [6]を使用した．利得 C(t) − Ci(t)はグラフの最大
辺重みで正規化し，最良解を発見した場合にはその解に
必ず遷移することとした．ニューロンの更新順はランダ
ム順とした．全ニューロンを更新することを 1イタレー
ションと定義し，1, 000イタレーション経過したら探索
終了とした．パラメータは，タブーサーチでは β = 1，
α → ∞，k = 1，s = 24，θ = 0，W = 0とし，カオス
サーチでは β = 9.8，α = 1，k = 0.9，s = t−1，θ = 1，
W = 0.1，ϵ = 0.01とした．
数値実験の結果を表 1に示す．表 1の数字は最適解か

らの誤差率で，小問ごとに 20回計算した最良値，平均
値，最悪値，標準偏差である．表 1の平均値では，最良性
能となった結果を太字で示している．表 1から，タブー
サーチよりもカオスサーチのほうが低い誤差率で解けて
いる問題が多く，性能が良いことが分かる．また，小問
c20を解いた際のニューラルネットワークの発火頻度分
布を図 2に示す．横軸がニューロン番号，縦軸が発火頻
度である．図 2から，タブーサーチよりもカオスサーチ
のほうが多様なニューロンが発火していることが分かる．
発見的解法が良い性能を示すには，探索の集中化と多様
化のバランスが重要だと考えられている．これらの結果
から，カオスサーチはグラフ的シュタイナー木問題を解
くのに最適なバランスを持つと考えられる．

6 まとめ
グラフ的シュタイナー木問題に対するタブーサーチと

カオスサーチの解探索性能の差について解探索の多様性
の観点から検討するために，ニューロンの発火頻度分布
を比較した．その結果，タブーサーチよりもカオスサー
チのほうが多様なニューロンが発火していることが分
かった．このことから，グラフ的シュタイナー木問題に
対しては探索の多様化を重視したほうがよく解けると考
えられる．
本研究の一部は JSPS 科研費 (No. 18J10671,

16K21327，17K00348, 15TK0112) の助成を受けたもの
である．

表 1: 問題 Cの誤差率
タブーサーチ カオスサーチ

問題名 最良 平均 最大 SD 最良 平均 最大 SD

c01 0.00 0.24 1.18 0.47 0.00 1.41 2.35 1.15

c02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

c03 0.00 0.03 0.13 0.05 0.00 0.05 0.27 0.11

c04 0.74 0.74 0.74 0.00 0.74 0.74 0.74 0.00

c05 0.00 0.01 0.06 0.03 0.00 0.03 0.06 0.03

c06 1.82 1.82 1.82 0.00 0.00 0.73 1.82 0.89

c07 0.00 0.59 1.96 0.78 0.00 0.00 0.00 0.00

c08 0.98 1.06 1.18 0.10 0.20 0.20 0.20 0.00

c09 0.14 0.25 0.28 0.06 0.14 0.23 0.28 0.07

c10 0.09 0.09 0.09 0.00 0.00 0.00 0.00 0.00

c11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

c12 0.00 0.43 2.17 0.87 0.00 0.00 0.00 0.00

c13 0.00 0.47 1.16 0.45 0.39 0.54 0.78 0.19

c14 0.31 0.31 0.31 0.00 0.00 0.12 0.31 0.15

c15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

c16 0.00 3.64 9.09 4.45 0.00 3.64 9.09 4.45

c17 0.00 4.44 11.11 4.16 0.00 0.00 0.00 0.00

c18 0.88 1.42 2.65 0.71 0.00 0.53 1.77 0.71

c19 1.37 1.64 2.05 0.34 0.00 0.00 0.00 0.00

c20 0.00 0.07 0.37 0.15 0.00 0.00 0.00 0.00

平均 0.32 0.86 1.82 0.63 0.07 0.41 0.88 0.39
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図 2: ニューラルネットワークの発火頻度分布の比較 (上:

タブーサーチ，下: カオスサーチ)
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༗৭ϊΠζʹΑΔΧΦεࣸ૾ͷڞ௨ϊΠζಉݱظ৅ʹؔ͢ΔҰݕ౼
A Study on Common Noise-induced Synchronization of Chaotic Maps Using Colored Noise
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౦ژେֶ ॴڀݚ౳ߴࡍࠃ χϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ 3 ౦ژཧՊେֶ ෦ֶ޻ ৘ใֶ޻Պ 4

1 ͸͡Ίʹ
௨ͷϊΠζ͕Ճ͑ΒΕͨෳ਺ڞ৅ͱ͸ɼݱظ௨ϊΠζಉڞ

ͷಠཱͳࣗ཯ৼಈࢠͷϦζϜ͕֬཰తʹಉ͢ظΔݱ৅Ͱ͋
Δ [1]ɽ֓೔ϦζϜ΍χϡʔϩϯͷൃՐλΠϛϯάͷಉظͳ
Ͳʹ͓͍ͯ֬͘޿ೝ͞Ε͍ͯΔ [2]ɽ·ͨɼڞ௨ϊΠζͱ͠
ͯന৭ϊΠζɼ༗৭ϊΠζΛҹՃ͢Δ͜ͱͰ 2ͭͷৼಈ͕ࢠ
ಉ͢ظΔ͜ͱ΋ཧ࿦తʹ֬ೝ͞Ε͍ͯΔ [3, 4]ɽ͔͠͠ɼ͜
ΕΒͷڀݚ͸ओͱͯ͠࿈ଓ࣌ؒྗֶܥΛର৅ͱ͓ͯ͠Γɼ཭
ܥֶྗؒ࣌ࢄ (ҎԼɼࣸ૾) Λର৅ͱͨ͠ڀݚ͸গͳ͍ɽຊ
Ͱ͸ɼΧΦεࣸ૾Λର৅ͱͯ͠ɼύϫʔεϖΫτϧߘ P (f)

͕ fν ߹௨ϊΠζͱͯ͠ҹՃͨ͠৔ڞͱͳΔ༗৭ϊΠζΛܕ
਺ࢦɼࡍΔɼͦͷ͢౼ݕ͍ͯͭʹ ν ͱಉظɾඇಉظͷؔ܎
Λ਺஋࣮ݧʹΑΓௐࠪͨ͠ͷͰใ͢ࠂΔɽ

2 ਺஋ࢉܭ
ຊڀݚͰ͸ɼҎԼͷࣜͰఆٛ͞ΕΔΧΦεχϡʔϩϯ (ࣜ

(1))ͱαΠϯϚοϓ (ࣜ ௨༗৭ϊΠζΛҹՃ͠ɼಉڞʹ((2)
ੜ͡Δ͔Λௐࠪͨ͠ɽ͕ظ

xi(t + 1) =F (xi(t))

=kxi(t) − α

1 + exp (−xi(t)/ϵ)
+ a + wξi(t) (1)

yi(t + 1) =G(yi(t)) = sin(ρyi(t)) + wξi(t) (2)

͜͜Ͱɼi͸ৼಈࢠͷ൪߸Ͱ͋Δɽ·ͨɼύϥϝʔλ͸ͦΕ
ͧΕɼk = 0.8ɼα = 1.0ɼa = 0.15ɼϵ = 0.02ɼρ = 3.15ͱ
ͨ͠ɽ͜ͷͱ͖ɼࣜ (1)ɼ(2)͸ͲͪΒ΋ΧΦεతͳڍಈΛ
ࣔ͢ɽξi(t)͸࣌ࠁ tʹ i൪໨ͷࣸ૾ʹҹՃ͞ΕΔϊΠζͰ͋
ΔɽຊߘͰ͸ɼξi(t)͸ύϫʔεϖΫτϧ͕ fν ͱͳΔ༗৭ܕ
ϊΠζͱͨ͠ɽ࣮ݧͰ͸ɼ·ͣɼඪ४ਖ਼ن෼෍ʹै͏ཚ਺ྻ
Λੜ੒͢Δɽ࣍ʹ͜ͷཚ਺ྻΛϑʔϦΤม͢׵Δɽͦͷޙɼ
ύϫʔεϖΫτϧ͕ fν ͱͳΔΑ͏ʹ֤प೾਺੒෼ʹରͯ͠
ม׵Λ͠ࢪɼٯʹޙ࠷ϑʔϦΤม͢׵Δ͜ͱͰɼύϫʔε
ϖΫτϧ͕ fν ʹै͏ཚ਺ྻ {ξi(0), · · · , ξi(T )}Λੜ੒ͨ͠ɽ
͜͜ͰɼT ͸࠷ऴతͳ࣌ؒൃల࣌ࠁͰ͋ΓɼT = 131, 071ͱ
ͨ͠ɽࣜ (1)ɼ(2)ʹ͍ͭͯ 2ͭͷৼಈࢠ (i = 1, 2) Λ༻ҙ
͠ɼڞ௨ϊΠζ (ξ1(t) = ξ2(t)) ΛҹՃͨ͠ͱ͖ͷ 2ͭͷࣸ
૾͔Βͷग़ྗؒྻܥͷ૬ؔ܎਺Λௐ΂Δ࣮ݧΛͨͬߦɽͦ
ͷࡍɼ2ͭͷࣸ૾ͷύϥϝʔλ஋͸ಉҰͱͨ͠ɽ͞Βʹɼϊ
ΠζΛҹՃ͍ͯ͠ͳ͍ঢ়ଶͰͷ֤ࣸ૾ͷ࠷େ஋ͱ࠷খ஋Λ
ௐ΂ɼͦͷൣғͷҰ༷ཚ਺Λॳظ஋ͱͯ͠༩͑ͨɽt = 0͔
Β T ·Ͱ֤ࣸ૾Λ࣌ؒൃలͤ͞ɼt < 50, 000Λա౉ঢ়ଶͱ
ͯ͠ແ͠ࢹɼ50, 000 ≤ t ≤ T ͷൣғͰ૬ؔ܎਺ΛٻΊͨɽ

3 ݁Ռ
༗৭ϊΠζͷύϫʔεϖΫτϧͷύϥϝʔλ ν ΛมԽ͞
ͤͯɼ2ͭͷΧΦεࣸ૾ؒͷಉظ౓Λ૬ؔ܎਺ʹΑΓ͠ࢉܭ
ͨ (ਤ 1)ɽΧΦεχϡʔϩϯͷ৔߹ɼν = 0Ͱ࠷΋૬ؔ܎
਺͕͍͜ߴͱ͕෼͔Δɽ·ͨɼന৭ϊΠζ͕ҹՃ͞Εͨࡍ
(ν = 0) ΍͍͢͜ͱ΋෼͔ΔɽҰํɼαΠϯ͠ظ΋ಉ࠷ʹ
ϚοϓͰ͸ɼΑΓ௿प೾੒෼ͷଟ͍ϊΠζ (ν = 1) ΛҹՃ
͢Δ͜ͱͰ૬ؔ܎਺ͷ஋͕૿Ճͨ͠ɽ͜ͷ͜ͱ͔Βࣸ૾ͷ

༗͢ΔμΠφϛΫεʹԠͯ͡ಉ͠ظ΍͍͢༗৭ϊΠζͷछ
ྨ͕ҟͳΔ͜ͱ͕෼͔Δɽ

-0.1
 0

 0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8

-1 -0.5  0  0.5  1

C
or

re
la

tio
n 

C
oe

ff
ic

ie
nt

ν

Chaotic neuron
Sin map

ਤ 1. ༗৭ϊΠζͷύϥϝʔλ ν ʹର͢Δಉظ౓ (w = 0.05)ɽ

࣍ʹϊΠζʹΑΔඍখࠩޡͷ֦େ཰ɾॖখ཰ͷมԽΛௐ΂
ͨɽࣜ (1)ɼ(2)ʹ͓͚Δඍখࠩޡͷ֦େɾॖখ཰͸ɼҎԼ
ͷࣜ (3) ʹΑͬͯٻΊΔ͜ͱ͕Ͱ͖Δɽඍখ֦͕ࠩޡେ͢Δ
͔ॖখ͢Δ͔ʹ͍ͭͯ͸ɼࣜ (3)ͷ஋ͷਖ਼ෛͰ൑ผͰ͖Δɽ

log

∣∣∣∣
dF (xi(t))

dt

∣∣∣∣ , log

∣∣∣∣
dG(yi(t))

dt

∣∣∣∣ (3)

ਤ 2͸ɼ֤࣌ࠁʹ͓͍ͯࣜ (3)Λௐ΂ɼඍখ֦͕ࠩޡେ
(ॖখ) ׂͨ͠߹Λௐࠪͨ݁͠ՌΛ͍ࣔͯ͠Δɽ͍ࠇઢ͕ϊ
ΠζΛҹՃ͠ͳ͍৔߹ͷ৳ॖͷׂ߹Λද͍ͯ͠Δɽ͜ͷ݁
Ռ͔ΒɼϊΠζͷύϫʔεϖΫτϧߏ଄ʹґΒͣɼϊΠζҹ
ՃʹΑΓඍখ֦͕ࠩޡେ͢Δׂ߹͕ݮগ͍ͯ͠Δ͜ͱ͕Θ
͔Δɽ·ͨɼਤ 1ɼ2͔Βɼ֦͕ࠩޡେɾॖখ͢ΔྖҬͷׂ
߹ͱ૬ؔ܎਺͸֓ͶରԠ͍ͯ͠Δ͜ͱ͕෼͔Δɽ͜ΕΒͷ
݁ՌΑΓɼඍখࠩޡͷ֦େ͢Δׂ߹ͷݮগ͕ಉظ౓ʹد༩
͍ͯ͠Δ͜ͱ͕ࣔࠦ͞ΕΔɽ

ਤ 2. ඍখࠩޡͷ֦େ (੨͍ྖҬ) ͱॖখ (੺͍ྖҬ) ͷׂ߹ (w = 0.1)ɽ

4 ·ͱΊ
Λڹ౓ʹӨظ଄͕ಉߏ௨ϊΠζͷύϫʔεϖΫτϧͷڞ

΍͍͢ϊΠζ͕ҟͳΔ͜ͱ͠ظͱɼࣸ૾͝ͱʹಉ͜͢΅ٴ
Λ࣮ݧతʹ໌Β͔ʹͨ͠ɽ͜ΕΒͷ݁ՌΑΓɼࣸ૾ʹదͨ͠
ೖྗΛڞ௨ϊΠζͱ͢Δɼ͋Δ͍͸ɼϊΠζͷεϖΫτϧߏ
଄Λ༧Ίਪఆ͢Δ͜ͱͰϊΠζʹదͨࣸ͠૾Λಋೖ͢Δͳ
ͲʹΑΓɼޮ཰ͷΑ͍ಉظͷ࣮͕ݱՄೳͱͳΔ͜ͱ͕ࣔࠦ͞
ΕΔɽͳ͓ɼຊڀݚͷҰ෦͸ JSPSՊݚඅ (No.18K18125ɼ
15K12137, 16K16138, 15KT0112, 17K00348)ͷԉॿΛड͚
ΘΕͨɽߦͯ

ݙจߟࢀ
[1] J. Teramae, et al., PRL, 93, 204103, 2004.

[2] A. B Neiman, et al., PRL, 88, 138103, 2002.

[3] W. Kurebayashi, et al., EPL, 97, 50009, 2012.

[4] A. Ray, et al., Physica A, 392, 4837–4849, 2013.

Ikeguchi Laboratory 2018(p. 86 / 190)



ฃੑ/཈੍ੑχϡʔϩϯൺ཰͕ൃՐ཰ͱֶशʹ༩͑ΔޮՌڵ
Effects of excitatory/inhibitory neuron ratio on firing rates and learning
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1 ͸͡Ίʹ
χϡʔϥϧωοτϫʔΫͰ͸ɼ݁ ߹ͨ͠χϡʔϩϯؒͷൃՐλΠ

ϛϯάʹґଘ͢Δ Spike Timing Dependent Plasticity (STDP)
ֶशଇʹΑͬͯχϡʔϩϯؒͷ݁߹ڧ౓͕มԽ͢Δ [1]ɽ·ͨɼ
χϡʔϩϯʹ͸݁߹ઌͷχϡʔϩϯͷൃՐΛଅਐ͢Δڵฃੑχϡʔ
ϩϯͱൃՐΛ཈ѹ͢Δ཈੍ੑχϡʔϩϯͷ 2छྨ͕ଘ͢ࡏΔɽ཈
੍ੑχϡʔϩϯͷଘࡏʹΑΓ,ա౓ͳൃՐ΍ಉظͷ੍͕ޚՄೳʹ
ͳΔͱ͑ߟΒΕ͍ͯΔɽҰํɼੜཧֶ஌ݟΑΓେ೴ൽ࣭Ͱ͸ڵฃ
ੑχϡʔϩϯ͕໿ 80%ɼ཈੍ੑχϡʔϩϯ͕໿ 20%ͷׂ߹Ͱଘ
Δͱ͍ΘΕ͍ͯΔ͢ࡏ [2]ɽ͔͠͠, ͳͥ͜ͷΑ͏ͳൺ཰ͱͳΔ
ͷ͔ɼ·ͨ͜ͷൺ཰͕มԽͨ͠৔߹ɼ೴಺ͷਆ׆ܦಈʹͲͷΑ͏
ͳӨڹΛ༩͑Δͷ͔ʹ͍ͭͯ͸໌Β͔ʹͳ͍ͬͯͳ͍.
ͦ͜ͰຊߘͰ͸ɼڵฃੑχϡʔϩϯͷΈ͕ STDP ֶश͢Δ

χϡʔϥϧωοτϫʔΫͷ਺ཧϞσϧΛ༻͍ͯɼڵฃੑχϡʔϩ
ϯͱ཈੍ੑχϡʔϩϯͷൺ཰ΛมԽͤͨ͞৔߹ʹൃՐ཰͕ͲͷΑ
͏ʹมԽ͢Δ͔Λ·ͣ࢝Ίʹௐࠪ͢Δɽ࣍ʹ STDPֶशʹΑΔ
long-term depression (ҎԼɼLTD) ͱ཈੍ੑχϡʔϩϯʹΑΔ
௚઀తͳ཈ѹͱ͍͏ೋͭͷ؍఺͔ΒղੳΛ͏ߦɽ཈੍ੑχϡʔϩ
ϯൺ཰͕௿͍ঢ়گԼͰ͸ STDPֶशʹΑΔ LTDͷ཈ѹ͕େ͖
͘ɼ཈੍ੑχϡʔϩϯʹΑΔ཈ѹ͸খ͍͞ɽҰํɼ཈੍ੑχϡʔϩ
ϯൺ཰͕͍ߴঢ়گԼͰ͸ֶशʹΑΔ཈ѹ͕খ͘͞ɼ཈੍ੑχϡʔ
ϩϯʹΑΔ཈ѹ͸େ͖͍ɽ͜ΕΒΑΓɼχϡʔϥϧωοτϫʔΫ
શମͷద౓ͳൃՐ཰ΛอͭͨΊʹ͸ STDPֶशͷ LTDͷ཈ѹ
ͱ཈੍ੑχϡʔϩϯͷ௚઀తͳ཈ѹ͕͍ޓʹখ͍͜͞ͱ͕ඞཁͰ
͋Δͱ͑ߟΒΕΔ͔ΒͰ͋Δɽ
2 ৚݅ݧ࣮
ຊߘͰ͸ IzhikevichχϡʔϩϯϞσϧΛߏ੒ૉࢠͱ͢Δχϡʔ

ϥϧωοτϫʔΫΛ༻͍ͨ [3]ɽχϡʔϥϧωοτϫʔΫதͷ཈੍
ੑχϡʔϩϯൺ཰Λ rIN ͱ͢Δɽશχϡʔϩϯ਺ΛN(= 1, 000)
ͱ͢ΔͱɼN(1 − rIN)ݸͷڵฃੑχϡʔϩϯͱ NrIN ͷ཈੍ݸ
ੑχϡʔϩϯ͕ଘ͢ࡏΔɽ֤χϡʔϩϯ͸ 10%ͷ݁߹֬཰Ͱϥϯ
μϜʹબ୒ͨ͠ଞͷχϡʔϩϯͱ݁߹ͤͨ͞ɽ·ͨɼχϡʔϩϯ
i, j ؒͷ৴߸఻ୡʹ͸஗Ԇ͕൐͏ͱ͠ɼ֤݁߹ʹ͓͚Δ஗Ԇͷ஋
͸ 1[ms]͔Β 20[ms]ͷ஋ΛϥϯμϜʹׂΓ౰ͯͨɽͳ͓ɼ1[ms]
͝ͱʹϥϯμϜʹબΜͩ 1ͭͷχϡʔϩϯʹ 20[mA]ͷ֎෦ೖྗ
Λ༩͑ͨɽ্هͷχϡʔϥϧωοτϫʔΫʹ͓͍ͯɼڵฃੑγφ
ϓε͔Βͷ݁߹ڧ౓ wij ͷॳظ஋ wij = େ஋࠷,6 wij = ࠷.10
খ஋ wij = 0 ͱͨ͠ɽ·ͨɼ཈੍ੑγφϓε͔Βͷ݁߹ڧ౓Λ
wij = −5ͷҰఆ஋ͱͨ͠ɽ͜ͷͱ͖ɼrIN ΛมԽͤͨ͞ࡍͷֶ
शதͷχϡʔϩϯͷൃՐ΍ֶशͷৼ෣͍ʹ͍ͭͯௐࠪͨ͠ɽ

3 Ռ݁ݧ࣮
3.1 ฏൃۉՐ཰
ࠁ࣌ tʹ͓͚ΔฏൃۉՐ཰ λt Λ 1[s]ؒʹ͓͚Δ 1ͭͷχϡʔ

ϩϯͷฏൃۉՐ਺ͱ͠ɼࣜ (1)Ͱఆٛ͢Δɽ

λt[spikes/sec] =
1

M

M∑

j=1

⎧
⎨
⎩

St∑

s=S(t−1)+1

δ (s − sj(t))

⎫
⎬
⎭ (1)

ࣜ (1)ʹ͓͍ͯɼ M ͸ൃՐ཰ΛٻΊΔର৅ͷχϡʔϩϯ਺ɼ
j ͸χϡʔϩϯ൪߸ɼδ(x)͸σϧλؔ਺Ͱ͋Δɽ͜͜Ͱ͸ɼS =
1, 000[ms]ͷ࣌ؒ෯Λ༗͢Δ૭Λ͍ͯ͑ߟΔɽ͢ͳΘͪɼ࣌ࠁ t
ͷͱ͖ɼ૭ͷൣғ͸ S(t − 1) + 1 ≤ s ≤ StͰ͋Δɽ
े෼ʹֶश͕ऩଋͨ͠ 200[s] ؒ (801[s]∼ 1000[s]) ʹ͓͍ͯɼ

ฃੑχϡʔϩϯͷΈڵ (M = N(1 − rIN))ɼ཈੍ੑχϡʔϩϯͷ
Έ (M = NrIN)ɼશχϡʔϩϯ (M = N)ʹର͢Δ λt ͷฏۉ஋

λ̂ =
1

200

1000∑

t=801

λt Λͨ͠ࢉܭɽrIN ΛมԽͤͨ͞ͱ͖ͷ λ̂ͷมԽ
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ਤ 1. rIN ʹର͢Δ֤ൃՐ཰ͷฏۉ஋ λ̂

ڵ ฃ ੑ χϡʔ
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શχϡʔϩϯͷൃ
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෇ۙͰ΋ͬͱ΋ߴ
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Ε Α Γɼ཈ ੍ ੑ
χϡʔϩϯ͕গͳ
͍͜ͱ͕ඞͣ͠΋
ൃՐ཰ͷ্ঢʹ݁
ͼ͔ͭͳ͍͜ͱ͕
Θ͔Δɽ
3.2 ཈੍ੑχϡʔϩϯɼLTDʹΑΔ཈ѹͱൃՐ཰ͷؔ܎

STDPֶशΛ௨ͨ͠χϡʔϥϧωοτϫʔΫͷޮ཰తͳൃՐ
ʹରͯ͠ɼ཈੍ੑχϡʔϩϯͱ STDP ֶशʹ͓͚Δ LTD ͷ཈
ѹͷ௚઀తͳ཈ѹͷ 2 ͕ͭ༩͑ΔӨ͢ূݕ͍ͯͭʹڹΔɽ·ͣ
࢝Ίʹɼ཈੍ੑχϡʔϩϯͱ LTDʹΑΔ཈ѹࢦඪ EIN, ELTDΛ
ࣜ (2),(3)ʹΑΓఆٛ͢Δɽ

EIN =
T∑

t=1

nt

mt + nt
(2)

ELTD =
T∑

t=1

pt

pt + qt
(3)

͜͜Ͱɼnt͸࣌ࠁ t[s]ʹ͓͚Δ࣌ؒ૭ S(t−1)+1 ≤ s ≤ St[ms]
ͰͷڵฃੑχϡʔϩϯͷൃՐ਺ɼmt ͸཈੍ੑχϡʔϩϯͷൃՐ
਺Ͱ͋Δɽ·ͨɼpt ͸࣌ࠁ t[s] ʹ͓͚Δγφϓεલχϡʔϩϯ
ͱγφϓεޙχϡʔϩϯ͕ڵʹڞฃੑχϡʔϩϯͰ͋Δ৔߹ͷֶ
शൃੜճ਺ɼqt͸γφϓεલχϡʔϩϯ͕ڵฃੑχϡʔϩϯɼγ
φϓεޙχϡʔϩϯ͕཈੍ੑχϡʔϩϯͰ͋Δ৔߹ͷֶशൃੜճ
਺Ͱ͋ΔɽT (= 1, 000[s])͸ֶशద༻࣌ؒͰ͋Δɽ

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  0.2  0.4  0.6  0.8  1

Ef
fe

ct
s

rIN (Rate of Inhibitory Neurons)

EINELTD

ਤ 2. rINͷมԽʹΑΔ EINͱ ELTD ͷਪҠ

࣍ʹɼrINΛมԽ͞
ͷࡍͨͤ 2 ͭͷ཈ѹ
খͱͳΔ఺࠷ඪ͕ࢦ
͕ɼൃ Ր཰ͷฏۉ஋ λ̂
ͱରԠ͢Δ͔Λௐࠪ
ͨ͠.݁ՌΛਤ 2ʹࣔ
͢ɽೋͭͷࢦඪ͕ަࠩ
͍ͯ͠Δ఺෇ۙͷ rIN

͸ਤ 1 ͰฏൃۉՐ཰
େͱͳΔൺ཰ͱ࠷͕
ରԠ͍ͯ͠Δɽͭ·
Γɼχϡʔϩϯൺ཰͕
཈ѹͷόϥϯεΛ࢘ͬ
͓ͯΓɼશମͷൃՐ཰͕࠷΋͍ߴχϡʔϩϯൺ཰ʹ͓͍ͯ͸ɼ֤
཈ѹ͕૬ޓʹӨڹΛٴ΅͞ͳ͍ঢ়گͰ͋Δͱࣔࠦ͞ΕΔɽ

4 ·ͱΊ
ຊߘͰ͸ɼڵฃੑ/཈੍ੑχϡʔϩϯͷൺ཰ΛมԽͤͨ͞৔߹

ͷχϡʔϥϧωοτϫʔΫͷൃՐ཰ͱֶशޮ཰ͷؔੑ܎ʹ͍ͭͯ
ௐࠪͨ͠ɽωοτϫʔΫશମͷൃՐ཰͸ STDPֶशʹΑΔൃՐ
཈ѹͱ཈੍ੑχϡʔϩϯʹΑΔൃՐ཈ѹͷ૒ํ͕͜ىΓʹ͍͘
ͱ͖ʹ্ঢ͠ɼͦΕΒ͸ੜཧֶతʹࣔ͞Ε͍ͯΔڵฃੑχϡʔϩ
ϯ 80%ɼ཈੍ੑχϡʔϩϯ 20%෇ۙͰ͋Δ͜ͱ͕ࣔ͞Εͨɽͳ
͓ɼຊڀݚͷҰ෦͸ JSPSՊݚඅ (No. 18K18125ɼ16K16138,
15KT0112, 17K00348)ͷԉॿΛड͚ͯߦΘΕͨɽ
ݙจߟࢀ
[1] Bi G. Q. and Poo M. M., The Journal of Neuroscience, Vol. 18,

No. 8, pp. 10464–10472 ,1998.
[2] DeFelipe J.,et al., Prog. Neurobiol, Vol. 6, No. 39, pp. 563-

607, 1992.
[3] Izhikevich E. M., Neural Computation, Vol. 2, No. 18, pp. 245–

282, 2006.
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TRPM2νϟωϧ͕ΠϯεϦϯ෼ൻʹ༩͑ΔӨڹͷௐࠪ
Influence of TRPM2 channel on insulin secretion

ଠ࿕޺ɹݪּ 1, ౡాɹ༟ 2, ଠ࿠׮ɹݪ౻ 3, ஑ޱɹప 1,4

౦ژཧՊେֶେֶӃڀݚֶ޻ՊܦӦֶ޻ઐ߈ 1, ৘ใ෦໳ࢠՊ਺ཧిڀݚֶ޻େֶେֶӃཧۄ࡛ 2,
౦ژେֶߴࡍࠃ౳ڀݚॴχϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ 3, ౦ژཧՊେֶֶ޻෦৘ใֶ޻Պ 4

1 ͸͡Ίʹ
ΠϯεϦϯΛ෼ൻ͢Δᢄ β ๔ບ্ʹɼཅΠΦϯΛಁա͢Δࡉ

transient receptor potential melastatin2 (TRPM2) νϟωϧ
͕ଘ͢ࡏΔɽզʑ͸طʹɼᢄ β ͨ͠ݱ๔ͷບిҐͷԠ౴Λදࡉ
BertramΒͷϞσϧ [1]ʹTRPM2ిྲྀΛ௥Ճ͠ɼTRPM2νϟ
ωϧੑ׆Խʹ൐͍୯Ґ࣌ؒ͋ͨΓͷΠϯεϦϯ෼ൻྔ͕૿Ճ͢Δ
͜ͱΛࣔͨ͠ [2]ɽ͔͠͠ɼ਺஋࣮ݧͰ༻͍ͨ TRPM2νϟωϧ
ͷίϯμΫλϯε஋͕ੜཧֶతʹଥ౰Ͱ͸ͳ͘ɼ·ͨόʔετ 1
ͭ͋ͨΓͷ࣋ଓ͕࣌ؒ TRPM2νϟωϧੑ׆Խʹ൐͍ݮগ͢Δ
఺͕ੜཧֶ࣮ݧͷ݁Ռ [3]ʹҰக͠ͳ͔ͬͨɽ
ຊߘͰ͸ɼΑΓଟ਺ͷΠΦϯνϟωϧྀ͕͞ߟΕ͍ͯΔRizΒ

ͷϞσϧ [4]ʹTRPM2ిྲྀΛ௥Ճͨ͠ϞσϧΛఏҊ͠ɼTRPM2
νϟωϧੑ׆Խʹ൐͏ບిҐͷมԽΛௐࠪͨ͠ɽͦͷ݁Ռɼੜ
ཧֶతʹଥ౰ͳ TRPM2νϟωϧͷίϯμΫλϯε஋Λ༻͍ͯɼ
TRPM2 νϟωϧੑ׆Խʹ൐͏ΠϯεϦϯ෼ൻྔͷ૿ՃΛ֬ೝ
Ͱ͖ͨͷͰใ͢ࠂΔɽ

2 TRPM2νϟωϧͷఆࣜԽ
TRPM2 νϟωϧ͸ओʹ Ca2+ɼNa+ Λಁա͢ΔɽTRPM2

νϟωϧ͸୤෼دʹۃ༩͠ɼ·ͨ TRPM2νϟωϧੑ׆Խʹ൐
͍ɼ੩ࢭບిҐͷ্ঢͱΠϯεϦϯ෼ൻྔͷ૿Ճ͕ใ͞ࠂΕ͍ͯ
Δ [3], [5].
จݙ [3]Ͱ͸ɼTRPM2ిྲྀͱບిҐ͕ઢܗͳؔ܎ʹ͋Δ͜ͱ

͕ࣔ͞Ε͍ͯΔɽ͜ͷ͜ͱ͔Β TRPM2 ిྲྀ ITRPM2 Λࣜ (1)
ͷΑ͏ʹදͨ͠ݱɽ

ITRPM2 = gTRPM2(V − VTRPM2) (1)

͜͜ͰɼV ͸ᢄ β ,๔ͷບిҐɼgTRPM2ࡉ VTRPM2 ͸ͦΕͧΕ
TRPM2νϟωϧͷίϯμΫλϯεɼٯసిҐͰ͋Δɽ
จݙ [3]Ͱ͸ɼTRPM2ిྲྀͱບిҐͷ͔ؔ܎ΒTRPM2νϟ

ωϧͷίϯμΫλϯεͱٯసిҐΛਪఆ͍ͯ͠Δɽ͔͠͠ɼߦࢼ
ʹΑͬͯ͹Β͖͕ͭେ͖͘ɼίϯμΫλϯε΍ٯసిҐͷ஋ͷଥ
౰ੑ͸ෆਖ਼֬Ͱ͋Δɽͦ͜ͰຊߘͰ͸ɼఏҊϞσϧͰදͨ͠ݱ
TRPM2 ిྲྀͷίϯμΫλϯεͱٯసిҐΛมԽͤͨ͞ͱ͖ͷ
ບిҐͷ೾ܗΛௐࠪ͢Δ͜ͱͰɼੜཧֶ࣮ݧͷݱ࠶ՄೳੑΛௐࠪ
ͨ͠ɽͳ͓ఏҊϞσϧͰ͸όʔετ࣋ଓ࣌ؒͷԆ௕͸ΠϯεϦϯ
෼ൻྔͷ૿ՃΛද͢ɽ·ͨ TRPM2νϟωϧੑ׆Խ͸ TRPM2
νϟωϧͷίϯμΫλϯεΛ૿Ճͤ͞Δ͜ͱͰද͢ݱΔɽ

3 ບిҐͷԠ౴Λ͢ݱ࠶Δ਺ཧϞσϧ
ᢄ β ͨ͠ݱ๔ͷບిҐͷԠ౴Λදࡉ Riz ΒͷϞσϧ [4] ʹɼ

ࣜ (1) ʹࣔͨ͠ TRPM2 ిྲྀΛ௥Ճͨ͠ɽRiz ΒͷϞσϧ͸ɼ
খίϯμΫλϯε Ca2+ डੑײ K+ (small conductance Ca2+-
sensitive K+, SK) νϟωϧ, େίϯμΫλϯεCa2+ײडੑK+

(big conductance Ca2+-sensitive K+, BK) νϟωϧ, ஗Ԇ੔ྲྀ
ੑ K+ (delayed rectifier K+, Kv) νϟωϧɼATP डੑײ K+

(ATP-sensitive K+, KATP) νϟωϧ, Na+ νϟωϧ, 3छྨͷ
ిҐґଘੑ Ca2+ νϟωϧ: L ܕ Ca2+ (CaL) νϟωϧɼP/Q
ܕ Ca2+ (CaPQ) νϟωϧɼTܕ Ca2+ (CaT) νϟωϧɼϦʔ
ΫνϟωϧΛྀ͍ͯ͠ߟΔɽ
ບిҐ V ͷμΠφϛΫε͸ࣜ (2)Ͱද͞ΕΔɽ

Cm
dV

dt
= −(ISK + IBK + IKv + IKATP + INa

+ ICaL + ICaPQ + ICaT + Ileak + ITRPM2)

(2)

ࣜ (2)ʹ͓͍ͯɼCm ͸ບͷΩϟύγλϯεɼIX ͸νϟωϧి
ྲྀ (X͸νϟωϧ໊) Ͱ͋Δɽ௥Ճͨ͠TRPM2ిྲྀҎ֎ͷిྲྀɼ

ύϥϝʔλ͸ RizΒͷϞσϧ [4]ͱಉ͡Ͱ͋Δɽͨͩ͠ KATPɼ
CaLɼCaPQɼϦʔΫνϟωϧͷίϯμΫλϯε஋ΛͦΕͧΕ
0.13[nS]ɼ0.3[nS]ɼ0.25[nS]ɼ0.02[nS]ʹมͨ͠ߋɽ

4 ݁Ռ
TRPM2 νϟωϧͷίϯμΫλϯε gTRPM2 ͱٯసిҐ

VTRPM2 ΛมԽͤͨ͞ͱ͖ʹɼບిҐ͕όʔετΛࣔ͢ྖҬ (ਤ
1(a))ͱόʔετ࣋ଓ࣌ؒͷมԽ (ਤ 1(b))Λௐࠪͨ͠ɽόʔετ
͸࿈ଓൃՐΛࣔ͢׆ಈঢ়ଶͱ੩ࢭঢ়ଶΛަ܁ʹޓΓฦ͢ൃՐݱ৅
Ͱ͋Δɽ਺஋࣮ݧʹ͓͍ͯɼບిҐͷϐʔΫΛൃՐɼ0.005[mV]
ҎԼͷບిҐมԽ͕ 1 ඵҎ্ܧଓͨ͠ͱ͖ʹ੩ࢭঢ়ଶͱΈͳ͠
ͨɽਤ 1ͷԣ࣠ɼॎ͕࣠ͦΕͧΕ TRPM2νϟωϧͷίϯμΫ
λϯε gTRPM2 ͱٯసిҐ VTRPM2 Ͱ͋Δɽਤ 1(a)͸ບిҐͷ
Ԡ౴೾ܗͷछྨΛ͍ࣔͯ͠ΔɽບిҐ͕όʔετͨ͠ͱ͖ਫ৭ɼ
ৗʹৼಈͨ͠ͱ͖੨৭ɼൃՐ͕ 1ճͷΈͰ੩ࢭঢ়ଶʹ໭Δͱ͖ά
ϨʔɼൃՐ͕؍ଌ͞Εͳ͍ͱ͖ന৭ͱ͍ͯ͠Δɽਤ 1(b)͸όʔ
ετ࣋ଓ࣌ؒΛࣔ͠ɼόʔετ࣋ଓ͕࣌ؒ௕͘ͳΔ΄ͲΦϨϯδ
৭ʹۙͮ͘ɽന͍ྖҬ͸όʔετ͕؍ଌ͞Εͳ͔ͬͨྖҬͰ͋Δɽ
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ਤ 1. TRPM2 νϟωϧͷίϯμΫλϯε gTRPM2 ͱٯసిҐ VTRPM2 Λม
Խͤͨ͞ͱ͖ͷ (a) ບిҐ͕όʔετΛࣔ͢ྖҬͱ (b) όʔετ࣋ଓ࣌ؒͷมԽɽ

ਤ 1(a)ͰɼTRPM2νϟωϧͷίϯμΫλϯεΛ૿Ճͤͨ͞
ͱ͖ɼٯసిҐ͕ −50 ∼ −20[mV] ͷൣғͰόʔετ͕ҡ࣋͞
Ε͍ͯΔɽ͜Ε͸͜ͷൣғͰਖ਼ৗʹΠϯεϦϯ͕෼ൻ͞ΕΔ͜ͱ
Λද͢ɽ·ͨਤ 1(b)͔ΒɼTRPM2νϟωϧͷίϯμΫλϯε
Λ૿Ճͤͨ͞ͱ͖ɼٯసిҐ͕ −30 ∼ −20[mV] ͷൣғͰόʔ
ετ࣋ଓ͕࣌ؒԆ௕͍ͯ͠Δ͜ͱ͕Θ͔Δɽ͜Ε͸͜ͷൣғͰΠ
ϯεϦϯ෼ൻྔ͕૿Ճ͢Δ͜ͱΛද͢ɽจݙ [3]Ͱ͸ɼ6ճߦࢼ
ͨ͠ͱ͖ͷٯసిҐͷฏۉ͸ −19.2[mV]ͱͳ͓ͬͯΓɼ਺஋࣮
ͷ݁Ռ͕Ұݧͷ݁Ռͱ਺஋࣮ݧͰ΋͍ۙ஋ͱͳͬͨɽੜཧֶ࣮ݧ
கͨ͜͠ͱ͔ΒɼTRPM2 νϟωϧ͸ΠϯεϦϯ෼ൻྔΛ૿Ճ
ͤ͞Δ͑ߟΒΕΔɽ

5 ·ͱΊ

ຊߘͰ͸ɼᢄ β ͨ͠ݱ๔ͷບిҐͷԠ౴Λදࡉ RizΒͷϞσ
ϧʹ TRPM2ిྲྀΛ௥Ճͨ͠ϞσϧΛఏҊ͠ɼTRPM2νϟω
ϧੑ׆Խʹ൐͏ੜཧֶ࣮ݧͷݱ࠶ՄೳੑΛௐࠪͨ͠ɽͦͷ݁Ռɼ
ఏҊϞσϧͰ͸ɼTRPM2νϟωϧੑ׆Խʹ൐͍όʔετ࣋ଓ࣌
͕ؒԆ௕͢Δ͜ͱΛ֬ೝͨ͠ɽ͜ͷ͜ͱ͸TRPM2νϟωϧ͕Π
ϯεϦϯ෼ൻʹد༩͠ɼ౶೘ප࣏ྍʹ໾ཱͭՄೳੑΛࣔࠦ͢Δ΋
ͷͰ͋Δɽͳ͓ɼຊڀݚͷҰ෦͸ JSPS Պݚඅ (No.18K18125ɼ
16K16138, 15KT0112, 17K00348) ͷԉॿΛड͚ͯߦΘΕͨɽ

ݙจߟࢀ
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ΧΦεμΠφϛΫεʹΑΔٖࣅཚ਺ʹ
XORΛͨ͠ࢪ৔߹ͷੑೳධՁ

Performance Evaluation of Chaotic Pseudorandom Numbers with XOR Operations

ੜࢤؙۚ 1,ౡా༟ ଠ࿠׮ݪ౻,2 3, ஑ޱప 1,4

౦ژཧՊେֶɹֶ޻෦ɹܦӦֶ޻Պ 1, ৘ใֶ޻Պ 4, େֶେֶӃۄ࡛ ཧڀݚֶ޻Պ 2

౦ژେֶ ॴڀݚ౳ߴࡍࠃ χϡʔϩΠϯςϦδΣϯεߏػڀݚࡍࠃ 3

1 ͸͡Ίʹ
͋ΔنଇʹΑͬͯੜ੒͞Εͨ 2ͭͷ 2ਐٖࣅཚ਺ྻʹ

ରͯ͠ഉଞత࿦ཧ࿨ԋࢉ (ҎԼɼXORԋࢉ)Λ͢ࢪख๏
͸ɼ0ͱ 1ͷग़ݱස౓ͷภΓΛݮΒͨ͢Ίʹ༻͍ΒΕΔ
ॲཧํࣜͷҰͭͰ͋Δɽಛʹ෺ཧཚ਺ੜ੒ʹ͓͍ͯ͸ɼޙ
౷ܭతภΓΛݮΒͨ͢ΊʹɼXOR ԋ͕ࢉ༻͍ΒΕΔ͜
ͱ΋ଟ͍ [1]ɽຊڀݚͷ໨త͸ɼΧΦεྗֶ͔ܥΒੜ੒͠
ͨ 2ͭͷཚ਺ྻʹରͯ͠ XORԋࢉΛ͜͢ࢪͱʹΑΓޙ
ॲཧٖͨ͠ࣅཚ਺ͷੑೳධՁΛ͢Δ͜ͱͰɼXORԋࢉͷ
ޮՌΛௐࠪ͢Δ͜ͱͰ͋Δɽཚ਺ͷੑೳͷධՁʹ͸ɼถ
ہ঎຿লඪ४ٕज़ࠃ (NIST) ͕ެ։͍ͯ͠Δ NIST SP
800–22 [2] (ҎԼɼNISTݕఆ) Λ༻͍Δɽ

2 ਺஋࣮ݧ
ͱͯ͠༻͍ͨ੔਺ϩδεςΟοΫࣸ૾ثཚ਺ੜ੒ࣅٖ [3]

Λࣜ (1)ʹࣔ͢ɽ

Xt+1 = ⌊4Xt(10N − Xt)10−N⌋ (1)

ࣜ (1)Ͱ͸ɼN ͕਺஋ࢉܭਫ਼౓ɼt͸ࣸ૾ճ਺ɼX͸ঢ়ଶ
஋Λද͠ɼচؔ਺Λ༻͍ͯ੔਺ԽΛ͢ΔɽXt ≤ 0.5×10N

Ͱ͋Ε͹ 0ʹɼXt > 0.5×10N Ͱ͋Ε͹ 1ʹม͠׵ɼ2஋
ཚ਺ͱͨ͠ɽࣜ (1)Λ༻͍ͯੜ੒ͨ͠௕͞ 231 +105ͷΧ
Φεཚ਺ྻʹରͯ͠ 0 ≤ t ≤ 105ͷ෦෼Λա౉ঢ়ଶͱͯ͠
আ͖ɼ105 < t ≤ 230 + 105ͱ 230 + 105 < t ≤ 231 + 105

ʹੜ੒͞ΕͨΧΦεཚ਺ྻΛͦΕͧΕR1, R2ͱͨ͠ɽຊ
Ͱ͸ɼNߘ = 16ͱͯ͠ɼॳظ஋X0 Λ 48ύλʔϯ༻ҙ
ͨ͠ɽ֤X0͔ΒಘΒΕΔR1ͱR2ʹରͯ͠ XORԋࢉ
Λ͠ࢪɼ৽ͨͳٖࣅཚ਺ R1 ⊕ R2Λੜ੒ͨ͠ɽੜ੒ͨ͠
R1, R2, R1 ⊕ R2 ʹରͯ͠ɼNISTݕఆΛ༻͍ͯੑೳධ
ՁΛߦͳͬͨɽNISTݕఆ͸ 15ͷݕఆ߲໨͔Βߏ੒͞Ε
ΔɽNISTݕఆͰ͸ɼ·ͣɼݕఆର৅਺ྻΛ 1, 000෼ׂ
͠ɼ֤਺ྻ͕ϥϯμϜͰ͋Δ֬཰ p஋Λࢉग़͢Δɽࢉग़
ͨ͠ 1, ͷݸ000 p஋͕༗ҙਫ४ αΛ্ճΔൺ཰ P ͱҰ༷
ੑΛධՁ͢ΔɽຊߘͰ͸ɼ࣮ݧͰಘΒΕͨ p஋ͷൺ཰ P
ͱҰ༷ੑ (ਤ 1)Λݩʹٞ࿦͢Δɽ

3 ݁Ռ
ੜ੒ͨ͠ΧΦεཚ਺ʹ͍ͭͯɼNISTݕఆ߹߲֨໨਺

ͷස౓෼෍Λද 1ʹࣔ͢ɽද 1͔Βɼ48ύλʔϯͷX0

Ͱੜ੒ͨ͠R1, R2, R1 ⊕R2ͷNISTݕఆ߹߲֨໨਺͕
ͲͷΑ͏ʹ෼෍͢Δͷ͔ΛݟΔ͜ͱ͕Ͱ͖Δɽද 1ΑΓɼ
R1ͱR2͸࠷େͰ΋ 9߲໨ʹ߹֨͢Δ͜ͱ͕෼͔Δɽ͠
͔͠ɼR1 ⊕ R2͸࠷සͷݕఆ߲໨߹֨਺͸ 5߲໨Ͱ͋Δɽ
͜Ε͸ XORԋࢉʹΑΓɼٖࣅཚ਺ͷੑೳ͕௿Լͨ͜͠
ͱΛࣔ͢ɽ

ද 1. NISTݕఆ߲໨߹֨਺ͷස౓
NISTݕఆ߲໨߹֨਺ 5 6 7 8 9

R1 0 1 8 15 24
ཚ਺ࣅٖ R2 1 2 14 22 9
ͷछྨ R1 ⊕ R2 47 1 0 0 0

͜ ͜
Ͱɼ15ݸ
ͷ NIST
ఆ߲໨ݕ
ͷத͔Β
R1 ͱ R2

͕߹֨͠ɼR1 ⊕ R2 ͕ෆ߹֨ͱͳͬͨϒϩοΫ୯Ґͷස
౓ݕఆʹ஫໨͢ΔɽϒϩοΫ୯Ґͷස౓ݕఆ͸ɼ͋Δϒ

ϩοΫ௕ʹରͯ͠ɼ1ͷग़֬ݱ཰͕
1

2
ʹ͍͔ۙͲ͏͔Λ

ఆ߲໨ʹ͓͚Δݕఆ͢Δ߲໨Ͱ͋Δɽ͜ͷݕ p஋ͷ݁Ռ
Λਤ 1ʹࣔ͢ɽਤ 1͸ɼ48ݸͷX0 ͰಘΒΕٖͨࣅཚ਺
ͷݕఆ݁ՌͷฏۉͰ͋Δɽ·ͣɼਤ 1 (a) ͸ɼ֤ٖࣅཚ
਺ (R1, R2, R1 ⊕ R2)ͷ p஋͕༗ҙਫ४ αΛ্ճͬͨ
ൺ཰ P Λࣔ͢ɽਤ 1 (a) ΑΓɼXOR ԋࢉΛ͜͢ࢪͱͰ

z

 0.975
 0.98

 0.985
 0.99

 0.995
 1

R1 R2 R1 ⊕ R2
P

Type of pseudorandom numbers
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(b) R1
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(c) R2
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(d) R1 ⊕ R2

ਤ 1. ਺஋ࢉܭਫ਼౓N = 16ͱͨ͠ͱ͖ͷ֤ཚ਺ (R1, R2, R1⊕
R2)ʹର͢ΔϒϩοΫ୯Ґͷස౓ݕఆͰಘΒΕͨ p஋ɽ(a)͸ɼ
p஋ (> α)ͱͳΔൺ཰ Pɽ(b)∼(d)͸ɼp஋ͷ෼෍ɽ

p஋ > α ͱͳΔൺ཰ P ͕૿Ճ͍ͯ͠Δ͜ͱ͔Βɼٖࣅ
ཚ਺ྻதͷ 0ͱ 1ͷग़ݱස౓ͷภΓ͕ݮগͨ͠ͱ͑ߟΒ
ΕΔɽ
࣍ʹɼਤ 1 (b)∼(d)ͷɼԣ࣠͸ p஋ɼॎ࣠͸ස౓Λࣔ

͢ɽ͜͜ͰɼCi = [0.1 · (i − 1), 0.1i) (i = 1, 2, . . . , 10)
Ͱ͋ΔɽXORԋࢉલ (ਤ 1 (b)ɼ(c)) ͱޙ (ਤ 1 (d))Λ
ൺֱ͢Δͱɼ1, ͷݸ000 p஋ͷ෼෍͕ XORԋࢉΛ͢ࢪ
͜ͱͰಛఆͷ஋ʹภΔ͜ͱ͕෼͔ΔɽͦͷͨΊɼXORԋ
ΑΓɼp஋ʹࢉ (> α)ͷൺ཰ P ͕ XORԋࢉΛ͜͢ࢪͱ
Ͱ૿Ճͯ͠΋ɼp஋ͷҰ༷ੑ่͕Εͨ͜ͱͰɼݕఆͷ߹֨
ʹ͸ࢸΒͳ͔ͬͨɽ
4 ݁࿦
ຊߘͰ͸ɼ੔਺ϩδεςΟοΫࣸ૾ [3] Λٖࣅཚ਺ੜ

੒ثͱͯ͠ɼ਺஋ࢉܭਫ਼౓͕ 16 ܻͷΧΦεཚ਺Λੜ੒
͠ɼXORԋࢉͷೖྗͱͯ͠ɼ৽ͨͳٖࣅཚ਺Λੜ੒ͨ͠ɽ
NIST SP 800–22 [2]Λ༻͍ͯɼੜ੒ٖͨ͠ࣅཚ਺ͷੑೳ
ධՁΛͨ݁͠ՌɼXORԋࢉʹ͸ɼp஋ͷվળޮՌ͸͋Δ
͕ɼp஋ͷҰ༷ੑΛ่ٖ͠ࣅཚ਺ͷੑೳྼԽΛট͘ڪΕ͕
͋Δ͜ͱ͕෼͔ͬͨɽͳ͓ɼຊڀݚͷҰ෦͸ JSPS Պݚ
අ (No. 18K18125ɼ16K16138, 15KT0112, 17K00348)
ͷԉॿΛड͚ͯߦΘΕͨɽ
ݙจߟࢀ
[1] A. Uchida et al., Nature Photonics, Vol. 2, No. 12,

pp. 728–732, 2008.

[2] A. Rukhin et al., National Institute of Standards and
Technology, Special Publication 800–22, 2010.

[3] ੴా๜ত ଞ, ,ࠂใڀݚ৘ใ௨৴ֶձٕज़ࢠి Vol. 98,
No. 140, pp. 9–14, 1998 (CAS 98–16) .
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ղੳྻܥ࣌ܗॴରେҬϦΧϨϯεϓϩοτΛ༻͍ͨඇઢہ
Nonlinear time series analysis with local vs global Recurrence plot

খ઒ಙل 1ɼؙۚࢤੜ 1ɼࢁຊߛฏ 3ɼౡా༟ 4ɼ஑ޱప 1,2,3

౦ژཧՊେֶ ෦ֶ޻ Պֶ޻Ӧܦ 1ɼ৘ใֶ޻Պ 2ɼେֶӃڀݚֶ޻Պ ߈ઐֶ޻Ӧܦ 3

େֶେֶӃۄ࡛ ཧڀݚֶ޻Պ 4

1 ͸͡Ίʹ
ϦΧϨϯεϓϩοτ (ҎԼɼRP) [1]͸ɼඇઢܥֶྗܗ

ͷΞτϥΫλ্Ͱͷ࣌ؒॱংʹؔ͢Δ৘ใΛࣺͯͣʹঢ়
ଶ஋ͷੑؼ࠶Λ֮ࢹԽ͢Δख๏Ͱ͋ΔɽRPͷύλʔϯ
ΛఆྔԽ͢Δ͜ͱͰɼ࣌ൃྻܥలͷഎޙʹଘ͢ࡏΔඇઢ
ɼܾఆ࿦ੑɼࡍͷಛ௃Λଊ͑Δ͜ͱ͕Ͱ͖Δɽ࣮ܥֶྗܗ
पੑظɼඇఆৗੑͳͲͷղੳʹ༻͍ΒΕ͍ͯΔɽ͔͠͠ɼ
ͦͷύϥϝʔλઃఆʹ͍ͭͯ͸ݧܦతʹఆΊΒΕ͍ͯΔ
͜ͱ΋࣮ࣄͰ͋ΔɽͦͷҰྫ͕ɼ2఺ؒڑ཭ͷۙ๣ੑΛ
ఆΊΔࡍʹ༻͍Δᮢ஋Ͱ͋Δɽͦ͜ͰຊߘͰ͸ɼRPͱ
ಉํۙੑ޲๣ϓϩοτ (Iso-directional Neighbors plotɼ
ҎԼɼIDNP) [2]Λ༻͍ͯɼᮢ஋ΛมԽͤ͞Δ͜ͱͰඇ
ઢྻܥ࣌ܗͷಛ௃Λଊ͑Δख๏ΛఏҊ͠ɼͦͷੑೳΛධ
Ձͨ͠ͷͰใ͢ࠂΔɽ

2 ղੳख๏
2.1 ಉํੑ޲ϦΧϨϯεϓϩοτ

RP Ͱ͸ 2 ͭͷ࣌ࠁʹରԠ͢Δঢ়ଶؒͷڑ཭Λ༻͍
ͯ఺Λϓϩοτ͢Δ͔Λܾఆ͢Δ͕ɼಉํੑ޲ϦΧϨ
ϯεϓϩοτ (Iso-directional Reccurence plotɼҎԼɼ
IDRP) [2]Ͱ͸ɼ2ͭͷ࣌ࠁʹରԠ͢Δঢ়ଶͷيಓϕΫ
τϧࠩͷϊϧϜΛ༻͍ͯ఺Λϓϩοτ͢Δ͔Λܾఆ͢Δɽ
͋Δঢ়ଶ͔Β T ಓϕΫτيͷঢ়ଶ΁ͷϕΫτϧΛޙؒ࣌
ϧͱ͢ΔɽيಓϕΫτϧ͕ઃఆͨ͠ᮢ஋Ҏ಺Ͱಉํ޲ͷ
৔߹ʹ఺Λϓϩοτ͢Δɽ

2.2 ಉํۙੑ޲๣ϓϩοτ
IDNPͰ͸ɼϓϩοτ͞ΕΔ఺ͷू߹M ΛɼRPͰϓ

ϩοτ͞ΕΔ఺ͷू߹ N ͱ IDRPͰϓϩοτ͞ΕΔ఺
ͷू߹Oͷڞ௨ू߹ʹΑͬͯఆٛ͢Δɽ͢ͳΘͪɼ2఺
͕RPͰઃఆͨ͠ڑ཭Ҏ಺ͷۙ๣఺͔ͭ IDRPͰઃఆ͠
ͨϊϧϜҎ಺Ͱಉํ޲ͷيಓϕΫτϧΛ࣋ͭ఺Λϓϩο
τ͢ΔɽM ͷN ʹର͢Δੜ֬ى཰ΛR = |M |

|N | ͱఆٛ͢
Δɽ͜͜Ͱɼ|A|͸ू߹ Aͷཁૉ਺Ͱ͋Δɽܾఆ࿦తͳ
γεςϜͰ͸ɼ࣌ྻܥͷيಓͷۙ઀͢Δ෦෼͸ɼ࣍ͷ࣌
ىΒΕΔͨΊɼੜ͑ߟ΋ۙ઀͢Δ෦෼ʹਪҠ͢Δͱʹࠁ
֬཰ R͸֬཰࿦తͳ΋ͷΑΓ΋͘ߴͳΔͱ͑ߟΒΕΔɽ
ຊߘͰ͸ɼ͜ͷੜ֬ى཰RͱɼRPɼIDRPɼIDNP্ͷ
ܾఆ࿦ੑΛଌΔͨΊͷ౷ྔܭDET [1]ͷᮢ஋ θʹର͢Δ
มԽΛ༻͍ͯ࣌ྻܥͷಛ௃ΛධՁ͢Δɽ

3 ݁Ռ
ෳ਺ͷ࣌ྻܥʹ IDNPΛద༻͠ɼRPͱ IDRPʹ͓͍

ͯ఺Λϓϩοτ͢Δࡍͷᮢ஋ θΛมԽͤͨ͞৔߹ʹɼੜى
֬཰RͱࢦඪDET͕ͲͷΑ͏ͳಛੑΛ͔ࣔ͢Λௐࠪ͠
ͨɽର৅ͱͨ࣌͠ྻܥ͸ϩʔϨϯπํఔࣜɼϨεϥʔํ
ఔ͕ࣜΧΦεԠ౴Λࣔ͢৔߹ɼϨεϥʔํఔ͕ࣜ 1, 2, 4, 8
पظղΛͱΔ৔߹ɼϗϫΠτΨ΢εϊΠζɼϒϥ΢ϯӡ

ಈɼඇ੔਺ϒϥ΢ϯӡಈͰ͋ΔɽRP, IDRP, IDNPͷՄ
Λݶͷ্ࣈԽͷఴࢹ 20, 000ɼIDRPͰͷ࣌ؒൃల T Λ
3ͱͨ͠ɼର৅ͱ͢Δ͕࣌ྻܥ ͷ৔߹͸஗Ε࣌ؒݩ1࣍
1Ͱ ΜͩɽθࠐຒΊʹݩ3࣍ ΛมԽͤͨ͞৔߹ͷɼRPɼ
IDRPɼIDNP͔Βࢉग़͞Εͨ DETͱɼੜ֬ى཰ RΛ
ਤ 1ʹࣔ͢ɽਤ 1(a)Ͱ͸ඇ੔਺ϒϥ΢ϯӡಈͷҰ෦͕ܾ
ఆ࿦తͳ࣌ྻܥʹ͍ۙ݁ՌΛ͕ࣔ͢ɼ(b)(c)(d)Ͱ͸֬཰
࿦తͳ࣌ྻܥͱܾఆ࿦తͳ࣌ྻܥͰ໌֬ͳࠩҟ͕֬ೝ͞
Εͨɽ(a)(b)Ͱ͸ɼϩʔϨϯπͱϨεϥʔ͕ॏͳͬͯ͠
·͏͕ɼ(c)Ͱ͸ࠩҟ͕͋Δ͜ͱ͕֬ೝͰ͖Δɽ(d)Ͱ͸
R͕֤࣌ྻܥͰҟͳΔมಈΛࣔ͢͜ͱ͕֬ೝ͞Εͨɽ

周期解
周期解
周期解
周期解

カオス

(a)RP (b)IDRP

(c)IDNP (d)R

ਤ 1. RP, IDRP, IDNPͰͷ DETͱ RͷมԽ

4 ݁࿦
ຊߘͰ͸ɼछʑͷඇઢྻܥ࣌ܗσʔλΛର৅ʹɼRP,

IDRP, IDNP Ͱϓϩοτ͢Δࡍͷᮢ஋Λมͨͤ͞ߋ৔
߹ͷɼ౷ྔܭ DETٴͼ, RΛࢉग़ͨ͠ɽͦͷ݁Ռɼ࣌
͠ʹͷಛ௃ʹԠͯ͡ҟͳΔಛੑΛࣔ͢͜ͱΛ໌Β͔ྻܥ
ͨɽ͜ΕΑΓᮢ஋Λมಈͤ͞Δ͜ͱͰɼܾఆ࿦ੑΛଌΔ
ͨΊͷࢦඪͰ͋ΔDETͱRͷมಈ͔Βɼ࣌ྻܥͷಛ௃
Λଊ͑ΒΕΔՄೳੑ͕ࣔࠦ͞Εͨ.ͳ͓,ຊڀݚͷҰ෦͸
JSPSՊݚඅ (No. 15KT0112, 17K00348, 18K18125)ͷ
ԉॿΛड͚ͯߦΘΕͨ.

ݙจߟࢀ
[1] N. Marwan, et al., Physics Reports, Vol. 438, No. 5, pp.

237–329, 2007.

[2] ሟདྷढ़հ, ,ହ࢘ాࢁ ,޾Ұݪ߹ ࢽձ࿦จֶؾి C, 2002,
Vol. 122, No. 1, pp. 141–147, 2008.

[3] ஑ޱప, ,ହ࢘ాࢁ খࣨݩ੓, ΧΦε࣌ྻܥղੳͷૅجͱԠ
༻, ,ฤ޾Ұݪ߹ ,ਤॻۀ࢈ 2002.

Ikeguchi Laboratory 2018(p. 90 / 190)



ϚʔΫ෇఺աఔσʔλʹର͢Δܾఆ࿦ੑͷௐࠪख๏
A method of investigating determinism of marked point process data

ฏߛຊࢁ 1 ౡా༟ 2 ஑ޱప 1,3

౦ژཧՊେֶ େֶӃڀݚֶ޻Պ ߈ઐֶ޻Ӧܦ 1

େֶۄ࡛ େֶӃཧڀݚֶ޻Պ ਺ཧిࢠ৘ใ෦໳ 2

౦ژཧՊେֶ ෦ֶ޻ ৘ใֶ޻Պ 3

1 ཁ֓ڀݚ
ϚʔΫ෇఺աఔσʔλͱ͸ɼ཭ࢄతͳΠϕϯτྻܥʹԿ

Β͔ͷ৘ใ͕෇༩͞Εͨ఺աఔͰ͋Δɽ۩ମతʹ͸ɼ஍਒
Ͱߘ৔Ͱͷ஋ಈ͖ͳͲ͕͋Δɽຊࢢಈɼۚ༥׆ܦಈɼਆ׆
͸ɼ͜ΕΒͷϚʔΫ෇఺աఔσʔλʹର͠ɼ༧ଌݶքΛଌ
ఆ͢Δ৽ͨͳख๏ͱͯ͠ɼ੍໿෇͖ϥϯμϜγϟοϑϧα
ϩήʔτσʔλΛ༻͍ͨख๏ΛఏҊ͢Δɽ·ͨɼLorenzํ
ఔ͔ࣜΒಘΒΕܾͨఆ࿦ੑΛ༗͢ΔϚʔΫ෇఺աఔσʔλ
ʹରͯ͠ఏҊख๏Λద༻ͨ͠ɽఏҊख๏ʹΑͬͯਪఆ͞Ε
ͨ༧ଌݶքͱඇઢܥֶྗܗͷيಓෆ҆ఆੑΛఆྔԽ͢Δࢦ
ඪͱͯ͠஌ΒΕ͍ͯΔ࠷େϦΞϓϊϑࢦ਺ͱͷؒʹରԠؔ
Δɽ͢ࠂΔ͔ൺֱͨ݁͠ՌΛใ͕͋܎

2 ख๏
ຊߘͰ͸ɼ·ͣɼ༩͑ΒΕͨϚʔΫ෇఺աఔσʔλΛ

N ͷ࣌ؒ૭ʹ۠੾Δ͜ͱͰɼঢ়ଶۭؒͷཁૉΛఆٛ͠ݸ
ͨ [1]ɽ࣍ʹɼ͜ͷ࣌ؒ૭ؒͷڑ཭ΛMarked Spike Train
Metric [2]Λ༻͍ͯࢉग़͢Δɽࢉग़͞Εͨ࣌ؒ૭ʹର͠ɼ࣌
ؒతʹ࿈ଓͨ͠ॏෳ͠ͳ͍M ͷ࣌ؒ૭͔ΒͳΔάϧʔݸ
ϓΛ࡞੒͠ɼάϧʔϓ಺ͷ૭ʹରͯ͠ϥϯμϜγϟοϑϧ
αϩήʔτσʔλ๏ (RS) [3]Λద༻͢Δ͜ͱʹΑΓɼϩʔ
Χϧͳ࣌ؒ૬ؔΛഁյ͢ΔɽຊߘͰ͸ɼ͜ΕΛ੍໿෇ϥϯ
μϜγϟοϑϧαϩήʔτσʔλ๏ (CRS) ͱݺͿɽఏҊ
ख๏Λ༻͍ͯٻΊͨ࣌ؒ૭ iͱ j (i, j = 1, . . . , N)ͷڑ
཭Λୈ (i, j)੒෼ͱ͢Δڑ཭ྻߦΛ࡞੒͠ɼ͜ΕΛ 2஋Խ
ॲཧ͢Δ͜ͱͰ Recurrence plot (RP) [4]Λੜ੒͢Δɽ͜
ͷ RP ʹର͠ɼ౷ྔܭ DET [4]Λ͠ࢉܭɼܾఆ࿦ੑͷҰ
ͭͰ͋Δ࣌ؒ૬ؔͷ࣋ଓ౓ΛఆྔԽ͢Δɽ·ͨɼCRSʹ
ΑͬͯಘΒΕΔDETͷ஋Λάϧʔϓ಺ͷ࣌ؒ૭ͷݸ਺M
Λঃʑʹେ͖͘͠ͳ͕Βௐ΂͍͖ͯɼRSʹΑΓಘΒΕΔ
DETͷ஋ͱͷҧ͍͕ͳ͘ͳΔ࠷খͷM ͷ஋M∗ ΛٻΊ
Δɽ͜ͷM∗ ͱ࠷େϦΞϓϊϑࢦ਺ͱͷ஋ͷେখΛൺֱ
͢Δɽ

3 ཁ֓ݧ࣮
ຊߘͰ͸ɼܾఆ࿦తϚʔΫ෇఺աఔσʔλΛҎԼͷ

Lorenz ํఔࣜ [5]͔Βੜ੒͢Δɽ

ẋ = −σx + σy

ẏ = −xz + rx − y

ż = xy − bz

(1)

ࣜ (1) ʹ͓͍ͯɼσ, r, b ͸ύϥϝʔλͰ͋Δɽϧϯήɾ
Ϋολ๏Λ༻͍ͯಘΒΕΔ࣌ྻܥσʔλʹର͠ɼͦͷۃେ
஋Λநग़͢Δ͜ͱͰϚʔΫ෇఺աఔσʔλΛੜ੒ͨ͠ [6]ɽ
ͳ͓࣌ؒ૭ͷαΠζ͸ɼRPͷαΠζ͕े෼ʹେ͖͘ɼ಺
ΔΠϕϯτ਺͕֬อͰ͖ΔΑ͏ʹઃఆͨ͠ɽ༻͍ͨύ͢ࡏ
ϥϝʔλͱͦͷ࣌ͷ࠷େϦΞϓϊϑࢦ਺Λද 1ʹࣔ͢ɽͳ
͓ɼͲͪΒͷ৔߹΋ϧϯήɾΫολ๏ͷࠁΈ෯͸ 0.01ͱ
ͨ͠ɽ

ද 1 ύϥϝʔλ஋ͱɼ࠷େϦΞϓϊϑࢦ਺ [7, 8].

ύϥϝʔλ஋ ਺ࢦେϦΞϓϊϑ࠷
σ = 16.0, b = 4.0, r = 45.92 2.16
σ = 16.0, b = 4.0, r = 40.0 1.37
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ਤ 1 ੍໿෇ϥϯμϜγϟοϑϧαϩήʔτσʔλ๏Λ
Lorenz ํఔࣜʹద༻ͨ݁͠Ռ

4 ݁Ռ
CRSΛ Lorenz ํఔࣜʹద༻ͨ݁͠ՌΛਤ 1ʹࣔ͢ɽ྘

ઢ͕ CRSʹΑͬͯಘΒΕͨDETͷ஋Ͱ͋Γɼԫઢ͕ RS
ʹΑͬͯಘΒΕͨ DETͷ஋Ͱ͋Δɽ੺ઢ͕M∗ Λࣔ͢ɽ
ਤ 1(a)ͱਤ 1(b)Λൺֱ͢Δͱɼ࠷େϦΞϓϊϑࢦ਺͕େ
͖͍৔߹ (ਤ 1(a)) ͕ɼCRSʹΑͬͯಘΒΕͨ DETͷ஋
͕M ͷ஋ͷ૿Ճʹ͕ͨͬͯ͠ૣ͘ݮগ͢Δ͜ͱ͕Θ͔Δɽ
͜ͷ͜ͱ͔Βɼ࠷େϦΞϓϊϑࢦ਺͕େ͖͍΄ͲM∗ͷ஋
͕খ͘͞ͳΔ͜ͱ͕ࣔࠦ͞ΕΔɽ

5 ·ͱΊ
ຊߘͰ͸ɼLorenz ํఔ͔ࣜΒੜ੒ͨ͠ϚʔΫ෇఺աఔ

σʔλʹର͠ɼ੍໿෇ϥϯμϜγϟοϑϧαϩήʔτσʔ
λ๏Λద༻͠ɼطଘख๏ͷҰͭͰ͋Δ࠷େϦΞϓϊϑࢦ਺
ͷ஋ͱ CRSͱ RSʹΑΓಘΒΕΔ DETͷࠩͷؒʹରԠ
ɼࡍͨ͠༺Δ͔Λௐࠪͨ͠ɽ݁Ռ͔ΒɼCRSΛద͕͋܎ؔ
গ͢ݮ਺͕େ͖͍ํ͕ૣ͘DETͷ஋͕ࢦେϦΞϓϊϑ࠷
Δ͜ͱ͕Θ͔ͬͨɽຊڀݚΛਐΊΔʹ͋ͨΓɼछʑٞ͝࿦
͍͍ͨͩͨฏా঵ਓઌੜ (౦ژେֶ)ʹ͢ँײΔ. ͳ͓ɼຊ
ͷҰ෦͸ڀݚ JSPS Պݚඅ (No. 15KT0112, 17K00348ɼ
18K18125) ͷॿ੒Λड͚ͨ΋ͷͰ͋Δ.
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ॏ৞ϦΧϨϯεϓϩοτΛ༻͍ͨڞ௨ೖྗͷߏ࠶੒
RECONSTRUCTION OF A COMMON INPUT USING SUPERPOSED RECURRENCE PLOTS
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౦ژཧՊେֶେֶӃڀݚֶ޻ՊܦӦֶ޻ઐ߈ 1 ౦ژཧՊେֶֶ޻෦৘ใֶ޻Պ 2

1 ͸͡Ίʹ
௨ৗɼੜମγεςϜ͸ڞ௨ೖྗΛड͚͍ͯΔ͕ɼڞ௨ೖྗ

ͷ֤࣌ࠁͷৼ෯Λਖ਼֬ʹ஌Δ͜ͱ͸༰қͰ͸ͳ͍ɽҰํɼڞ௨
ೖྗΛड͚Δଟ਺ͷඇઢ͔ܥֶྗܗΒಘͨग़ྗ࣌ྻܥͷϦΧ
ϨϯεϓϩοτʢҎԼɼRPͱݺͿʣΛ༻͍ͯɼͳΊΒ͔ͳڞ
௨ೖྗΛߏ࠶੒͢Δख๏͕ఏҊ͞Ε͍ͯΔ [1, 2]ɽ͕ͩɼੜମ
γεςϜʹ͓͍ͯ͸ɼਆࡉܦ๔ͷൃՐλΠϛϯάͷΑ͏ʹɼग़
ྗ͕఺աఔσʔλͰ͋Δ৔߹͕͋Δɽ͜͏ͨ͠఺աఔσʔλʹ
ରͯ͠ɼ͜ΕΒͷख๏ [1, 2]͕Ͳͷఔ౓·Ͱڞ௨ೖྗΛߏ࠶੒
Ͱ͖Δ͔͸ݕ౼͞Ε͍ͯͳ͍ɽͦ͜ͰຊߘͰ͸ɼύϥϝʔλΛ
มԽͤ͞Δ͜ͱͰ෼͢ذΔਆࡉܦ๔ͷ਺ཧϞσϧʹڞ௨ೖྗ
Λ༩͑ɼग़ྗͱͯ͠ಘΒΕΔ࣌ؒ͋ͨΓͷൃՐ਺ͷ࣌ྻܥσʔ
λΛ༻͍ͯڞ௨ೖྗΛߏ࠶੒͢Δख๏ΛఏҊ͢Δɽͦͷ্Ͱɼ
ఏҊͨ͠ߏ࠶੒ख๏ͷੑೳΛධՁͨ݁͠Ռɼ͍ߴਫ਼౓Ͱڞ௨ೖ
Δɽ͢ࠂ੒͞ΕͨͷͰɼ͜ΕΛใߏ͕ྗ

2 ॏ৞ϦΧϨϯεϓϩοτʹΑΔڞ௨ೖྗͷߏ࠶੒
RP͸ɼݩ࣍ߴͷҐ૬ۭؒ಺ͷيಓͷ৘ใΛ֮ࢹԽ͢Δख๏

Ͱ͋ΔɽRP͸ɼ؍ଌ͔࣌ྻܥΒಘͨҐ૬ۭؒ಺ͷೋͭͷঢ়ଶ
͕ۙ๣ʹ͋Δͱ͖ɼͦΕΒͷঢ়ଶͷΠϯσοΫεʹରԠ͢Δ 2
੒͞ΕΔɽ۩ମతʹ͸ɼ࡞ඪʹ఺Λଧͭ͜ͱͰ࠲ฏ໘্ͷݩ࣍
RPʹର͢ΔྻߦRi j(ε),

Ri j(ε) = Θ(ε−∥xi− x j∥), i, j = 1, · · · , N (1)

ͱͯ͠ఆٛ͞ΕΔɽ͜͜Ͱɼiͱ j͸ɼҐ૬ۭؒ಺ͷঢ়ଶͷΠ
ϯσοΫεɼΘ(·)͸ Heavisideεςοϓؔ਺ɼε ͸ۙ๣Λ൑ఆ
͢Δᮢ஋ɼ∥ · ∥͸ϊϧϜͰ͋Δɽ
ೖྗΛ༗͢Δ͋Δྗֶ͔ܥΒͷग़ྗ࣌ྻܥͷ RP͸ಛఆͷ৚

݅ԼͰೖྗͷ RPʹྨ͢ࣅΔ͜ͱ͕஌ΒΕ͍ͯΔ [1]ɽಉ༷ʹɼ
ग़ྗ͕ਆࡉܦ๔ϞσϧͷൃՐλΠϛϯά (఺աఔσʔλ)͔Β
Εͨ࣌ؒ͋ͨΓͷൃՐ਺Ͱ͋Δ৔߹ʹ΋ɼग़ྗͷ͞ࢉܭ RP͸
ೖྗͷ RPʹྨ͢ࣅΔ͜ͱ΋ใ͞ࠂΕ͍ͯΔ [3]ɽҰํɼRPͷ
੒͢Δख๏ߏ࠶σʔλΛྻܥͰ͋Δ࣌ݩ੒࡞ [2]͸ɼ͜ͷೖग़
ྗͷ RPಉ࢜ͷରԠؔ܎Λར༻ͯ͠ɼҎԼͷखଓ͖Ͱڞ௨ೖྗ
Λߏ࠶੒͍ͯ͠Δɽ

1. ύϥϝʔλͷҟͳΔෳ਺ͷඇઢܥֶྗܗʹͳΊΒ͔ͳڞ
௨ೖྗΛ༩͑ɼྗֶܥͷ਺͚ͩग़ྗ͔࣌ྻܥΒ RPΛ࡞੒
͢Δɽ

2. ੒ͨ͠࡞ RPͷ࿨ू߹ΛͱΔɽ
3. ʹΔΑ͏࢒௨ೖྗʹରԠͨ͠มಈͷΈ͕ڞ RP ΛૈࢹԽ
͢Δɽ

4. RP্ͷ఺ͷશͯͷϖΞͰڑ཭Λࢉग़͢Δ͜ͱͰڞ௨ೖྗ
ͷ࣌ྻܥ৘ใΛ෮͢ݩΔɽ

5. ෮ྻܥ࣌ͨ͠ݩ৘ใʹଟ࣍ݩई౓ߏ੒๏Λద༻ͯ͠ڞ௨ೖ
ͷਪఆ஋ΛಘΔɽྻܥ࣌ྗ

ਆࡉܦ๔Ϟσϧ͔ΒಘΒΕͨ఺աఔσʔλ (ൃՐλΠϛϯά)
ʹద༻͢ΔຊఏҊख๏͸ɼઌߦͷߏ࠶੒ख๏ͱ͸࣍ͷ 2 ఺Ͱ
ҟͳΔɽୈҰʹɼखॱ 1 ʹ͓͍ͯɼҰఆͷ෯ͷ࣌ؒ૭Λઃఆ
͠ɼ࣌ؒ૭ΛҠಈͤ͞ͳ͕Β૭಺ͷൃՐ਺ΛΧ΢ϯτ͢Δ͜ͱ
Ͱ࡞੒ͨ͠ൃՐ਺࣌ྻܥσʔλΛग़ྗ࣌ྻܥͱ͢Δɽୈೋʹɼ
ఏҊख๏Ͱ͸खॱ 3ͷૈࢹԽ͸ߦΘͳ͍ɽ͜Ε͸ɼൃՐ਺࣌ܥ
ྻͷมಈʹਆࡉܦ๔ϞσϧͷμΠφϛΫε͕͞࢒Ε͓ͯΒͣɼ
݁Ռͱͯ͠ɼ͜ͷ࿨ू߹Λͱͬͨ RP(ॏ৞ RP) ʹ͸ڞ௨ೖྗ
ͷ৘ใͷΈ͕൓ө͞ΕΔ͔ΒͰ͋Δɽ

3 ৚݅ݧ࣮
௨ೖྗʹ͸ɼDuffingํఔࣜͷୈڞ 1ม਺Λ༻͍ͨ [3]ʢਤ

1 தͷ originalʣɽҰํɼ͜ͷڞ௨ೖྗΛड͚Δਆࡉܦ๔Ϟσ
ϧͱͯ͠ɼIzhiekvich ͷϞσϧ [4] Λ༻͍ͨɽ͜ͷϞσϧ͸ɼ
v̇ = 0.04v2 +v+140+ I͓Αͼ u̇ = a(bv−u)Ͱهड़͞Εɼv≥ 30
ͷ৚݅ͰൃՐ͠ɼv← c͔ͭ u← u+d ͱϦηοτ͞ΕΔɽ͜
͜Ͱ v͸ບిҐΛɼu͸ճ෮ม਺Λද͠ɼI ௨ೖྗͰ͋Δɽڞ͕
·ͨɼa ͔Β d ͸ύϥϝʔλͰ͋Δɽ͜ͷύϥϝʔλΛมԽ
ͤ͞Δ͜ͱͰ෼ͤ͞ذɼෳ਺ͷ؍ଌ࣌ྻܥΛ༻ҙͨ͠ɽ۩ମ
తʹ͸ɼRegular SpikingΛࣔ͢ύϥϝʔλʢa = 0.02, b = 0.2,
c = 65, d = 8ʣΛج४ʹ 0.018≤ a≤ 0.022ͱ 0.198≤ b≤ 0.202
ͷൣғͰ౳ִؒͰมԽͤͯ͞࡞੒ͨ͠ 80ຊͷൃՐεύΠΫྻ
Λ༻͍ͨɽಉ༷ʹɼChattering Spiking͓Αͼ Fast SpikingΛࣔ
͢ύϥϝʔλʹ͍ͭͯ΋ aͱ bΛ ±0.002ͷൣғͰ౳ִؒʹม
Խͤͨ͞ 80ຊͷൃՐεύΠΫྻΛ༻͍ͨɽ
࣍ʹɼൃՐ਺࣌ྻܥσʔλΛ࡞੒͢ΔͨΊͷ࣌ؒ૭ͷ෯Λ

500[ms]ɼαϯϓϦϯάִؒΛ 50[ms]ʹઃఆͨ͠ɽ·ͨɼ஗Ԇ
ΛݩΈ࣍ࠐ΁ͷຒΊܥඪ࠲ 5ʹઃఆ͠ɼ஗Ε࣌ؒ͸ 1ͱͨ͠ɽ
RPͷᮢ஋͸ɼଧͨΕΔ఺͕ΠϯσοΫεͷ૊Έ߹Θͤ૯਺ͷ
10%ʹͳΔΑ͏ʹઃఆͨ͠ɽͦͷ্Ͱɼ࿨ू߹ͰԿճҎ্ॏͳ
Ε͹఺Λ͔͢࢒ͷج४Ͱ͋Δॏ৞਺ pΛ 1,2,4,8ͱͨ͠ɽఏҊ
ख๏ͷධՁʹ͸ɼߏ࠶੒͞Εͨ࣌ྻܥͱڞ௨ೖྗ࣌ྻܥͷؒͷ
ฏۉೋ৐ࠩޡʢҎԼɼRMSE ͱݺͿʣΛ༻͍ͨɽ

4 ݁Ռͱ࡯ߟ
ਤ ͱྻܥ௨ೖྗͷ࣌ڞͷݩʹ1 Regular Spikingχϡʔϩϯ

Λ༻͍ͯߏ࠶੒͞Εͨڞ௨ೖྗ࣌ྻܥΛࣔ͢ɽਤ 1ͷͱ͓Γɼ
ॏ৞਺Λେ͖ͨ͘͠ํ͕ߏ࠶੒͞Εͨۂઢ͸ΑΓ׈Β͔Ͱ͋ͬ
ͨɽ͔͠͠ɼ͜ͷ৚݅ԼͰͷ RMSE ͸ 0.07−0.09Ͱ͋Γɼॏ
৞਺ͷӨڹ͸খ͔ͬͨ͞ɽ

 0
 0.2
 0.4
 0.6
 0.8

 1

 0  50  100  150  200  250

y(
i)

Time Index i

p=1
p=2
p=4
p=8

original

ਤ 1 Regular SpikingχϡʔϩϯͰߏ࠶੒͞Εͨ࣌ྻܥ
Chattering Spikingͷ৔߹ʹ͸ɼRegular Spikingͱ΄΅ಉ༷

ͷ݁Ռ͕ಘΒΕ͕ͨɼFast SpikingͰ͸ΑΓ͍ߴਫ਼౓͕ಘΒΕ
ͨʢRMSE = 0.03−0.04ʣɽऀޙ͸࣌ؒ͋ͨΓͷൃՐ਺͕ଟ͍ɽ
͜ͷͨΊڞ௨ೖྗͷมಈʹର͢Δײ౓͕͘ߴɼߏ࠶੒ͷਫ਼౓͕
վળ͞Εͨͱ͑ߟΒΕΔɽͳ͓ɼຒΊࠐΈ࣍ݩΛ 5ΑΓখ͍͞
஋ʹઃఆͨ͠৔߹ʹ͸ਫ਼౓͕௿Լͨ͠ʢRMSE = 0.10−0.52ʣɽ
͜ͷ݁Ռ͸ɼఏҊख๏ʹ༻͍Δ RPΛ࡞੒͢Δࡍʹ͸ɼे෼ʹ
Ήඞཁ͕͋Δ͜ͱΛ͍ࣔͯ͠ΔɽࠐຒΊʹݩ͍࣍ߴ

ँࣙ
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1 ͸͡Ίʹ
ແઢ௨৴ͷख๏ͱͯ͠, ෺ཧ૚ʹ͓͍ͯϢʔβؒͷൿಗੑΛ

֬อ͠ͳ͕Βූ߸ԽརಘΛ֫ಘͰ͖ΔΧΦε Multiple-Input
Multiple-Output (ҎԼ, C-MIMO) γεςϜ [1–3] ͕ఏҊ͞
Ε͍ͯΔ. จݙ [1–3] Ͱ͸, C-MIMO γεςϜ͕ੑߴೳͰ͋
Δ͜ͱ͕ใ͞ࠂΕ͍ͯΔ͕, Ϗοτ৘ใͷར༻͕ޮՌతͰͳ͍
৔߹͕ଘ͢ࡏΔ. ͦ͜ͰຊߘͰ͸, Ϗοτ৘ใͷར༻͕ޮՌత
ʹར༻Ͱ͖ΔΑ͏ C-MIMOγεςϜΛվྑͨ͠ख๏ΛఏҊ͢
Δ. ͞Βʹ, ఏҊͨ͠վྑ C-MIMOγεςϜʹ͍ͭͯޡΓ཰
ಛੑΛௐࠪͨ݁͠ՌΛใ͢ࠂΔ.

2 C-MIMOγεςϜ [1–3]

C-MIMO͸ΧΦεͷॳظ஋Λڞ௨ݤͱͨ͠҉߸γεςϜͰ
͋Δ. ૹ৴Ξϯςφ਺ΛNt, ड৴Ξϯςφ਺ΛNr, ૹ৴ϒϩο
Ϋ௕Λ B ͱͨ͠ͱ͖, C-MIMOγεςϜͰ͸, ૹ৴ϒϩοΫ
b (ࣜ (1))ͱڞ௨ݤ c0(0 < Re[c0] < 1, 0 < Im[c0] < 1)Λ༻
͍ͯΧΦεมௐΛ͏ߦ.

b = [b0, b1, · · · , bNtB−1], bm ∈ {0, 1} (1)

ਤ 1 ʹද 1 ͷ৚݅Ͱͨ͠ࢉܭ C-MIMO γεςϜ [3] ͷ Bit
Error Rate (BER) ΛഁઢͰࣔ͢. C-MIMO γεςϜ [3] Ͱ
͸, ΧΦεͷॳظ஋ͷੜ੒͢Δॲཧͱ, ΧΦεͷ൓෮ճ਺ΛϏο
τ৘ใʹԠͯ͡มԽ͍ͤͯ͞Δ (จݙ [3]ͷࣜ (2), (4)). ͦͷ
,ࡍ 1ͭͷ৴߸Λੜ੒͢ΔͨΊʹ bΛߏ੒͢ΔϏοτ৘ใͷ 4
ϏοτͷΈΛ༻͍͍ͯΔ. ͢ͳΘͪ, ݤ௨ڞ c0 Λ༻͍ͯੜ੒
͞ΕΔ 1ͭ໨ͷ৴߸ͷύλʔϯ਺͸ 24 = 16ύλʔϯͱͳΔ.
Ұํ, ૹ৴ϒϩοΫ bͷύλʔϯ਺͸ NtB = 8ΑΓ 28 ͱͳ
ΔͷͰ, Ϗοτ৘ใ͕ҟͳΔʹ΋ؔΘΒͣ, ಉ͡৴߸͕ੜ੒͞
Εͯ͠·͏৔߹͕͋Δ. ͜Ε͕৴߸ͷ൑ผΛࠔ೉ʹ͍ͯ͠Δͱ
.ΒΕΔ͑ߟ

3 վྑ๏ͱ਺஋࣮ݧ
͜ͷ໰୊Λղܾ͢ΔͨΊʹ, bͷશͯͷϏοτΛ༻͍ͯ 1ͭ

໨ͷ৴߸Λੜ੒͢ΔΑ͏ʹ C-MIMOγεςϜͷվྑΛߦͳͬ
ͨ. ۩ମతʹ͸ཁૉ৴߸ͷ࣮෦ͱڏ෦ͷΧΦεͷ൓෮ճ਺ (จ
ݙ [3]ͷࣜ (4)) Λࣜ (2),(3) ʹม͢ߋΔ. ΧΦεͷ൓෮͸࠷௿
Ͱ΋ nճ͏ߦɽ

n +

B−1∑

m=0

2mbm (2)

n +

2B−1∑

m=B

2m−Bbm (3)

ࣜ (2),(3)Ͱ͸ bͷશͯͷϏοτ৘ใΛ༻͍ΔͨΊ, ΧΦεͷ
ॳظ஋Λੜ੒͢Δॲཧ (จݙ [3] ͷࣜ (2)) ʹ͓͍ͯɼϏοτ
৘ใʹԠͯ͡ॲཧΛมԽͤ͞Δඞཁ͕ͳ͍. ͦͷͨΊ, ΧΦε

ͷॳظ஋ͱͯ͠ c0 ͷ஋ΛมԽͤͣ͞ʹ༻͍Δ. ·ͨ, 2ͭ໨Ҏ
߱ͷ৴߸ʹؔͯ͠΋ΧΦεͷॳظ஋Λੜ੒͢Δॲཧͱಉ༷ͷ
ཧ༝Ͱ, ΧΦεͷ൓෮ճ਺͸Ϗοτ৘ใʹԠͯ͡มԽͤͣ͞ʹ
ͲͪΒ΋ n ͱͨ͠. ද 1 ͷ৚݅Ͱվྑ C-MIMO γεςϜͷ
BERΛٻΊͨ. ݁ՌΛਤ 1ʹࣔ͢. ԬຊΒͷ C-MIMOγε
ςϜ [3]ͱൺֱ͢Δͱ, B = 2ͷ৔߹͸, BER͸͋·ΓมΘΒ
ͳ͍͕, B = 4ͷ৔߹͸, SNൺ͕ 10[dB]ΑΓେ͖͍ൣғͰվ
ྑγεςϜͷํ͕ BER͕௿͘ੑೳ͕ྑ͍͜ͱ͕Θ͔Δ. ͜Ε
͸, ࣜ (2),(3) ʹมߋʹΑΓ, ૹ৴ϒϩοΫ bͷύλʔϯ਺͕
૿Ճ͠, ൑ผ͠΍͍͢৴߸͕ੜ੒͞ΕͨͨΊͰ͋Δ.

ද 1. γϛϡϨʔγϣϯ৚݅

C-MIMO γεςϜ
MIMO ϒϩοΫ௕ B = 2, 4

Ξϯςφ਺ Nt = Nr = 2

ΧΦεࣸ૾ ϕϧψʔΠγϑτࣸ૾
ΧΦεͷ൓෮ճ਺ n = 100

ݤ௨ڞ ૹड৴ଆͰڞ༗

௨৴࿏
AWGN + γϯϘϧ i.i.d.

1 ύε ϨΠϦʔϑΣʔδϯά
෮ௐ ɹ࠷໬ྻܥਪఆ [1]
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Average SNR per receive antenna [dB]
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original,B=4
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ਤ 1. ΦϦδφϧͷ C-MIMO γεςϜ [3] ͱվྑ C-MIMO γες
Ϝͷ BER ͷൺֱ

4 ·ͱΊ
ຊߘͰ͸, จݙ [3] ͷ C-MIMO γεςϜΛվྑͨ͠ C-

MIMO γεςϜΛఏҊ͠, ਺஋࣮ݧʹΑΓͦͷੑೳධՁΛߦ
ͳͬͨ. ͦͷ݁Ռ, B = 4 ͷ৔߹ʹड৴ଆͰͷ൑ผੑೳ͕
.Γ཰ಛੑ͕վળͨ͠ޡ৴߸ͷੜ੒͕ՄೳʹͳΓ্ͨ͠޲ ͳ
͓, ຊڀݚͷҰ෦͸ JSPS Պݚඅ (No. 15KT0112, 17K00348ɼ
18K18125)ͷԉॿΛड͚ͯߦΘΕͨ.
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A computational and empirical study on

blink synchronization induced by performer’s inputs

(ԋऀ͔ΒͷೖྗʹΑͬͯੜ͡Δॠ໨ಉظʹؔ͢Δࢉܭ࿦తɾ࣮ূ࿦తڀݚ)

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.

Ikeguchi Laboratory 2018(p. 96 / 190)



修士論文要旨
主査: 池口 徹　 教授
副査: 赤倉 貴子 教授
副査: 立川 智章 講師

論文提出者 経営工学専攻　青木 舞優
論文題目 Effects of neural rhythmic activities give the neuronal avalanche phenomenon

　　　　 神経活動リズムが神経雪崩現象に与える影響

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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࿦จ୊໨ Colored-noise-induced Synchronization of One-dimensional Chaotic Maps

ɹɹɹɹ ༗৭ϊΠζʹΑΔҰ࣍ݩΧΦεࣸ૾ͷڞ௨ϊΠζಉݱظ৅

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 ν 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 ν 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.

Ikeguchi Laboratory 2018(p. 98 / 190)



ղੳྻܥ࣌ܗॴରେҬϦΧϨϯεϓϩοτΛ༻͍ͨඇઢہ

খ઒ಙل (஑ޱప तڭ )

1 ͸͡Ίʹ
ϦΧϨϯεϓϩοτ (ҎԼɼRP)[1]͸ɼඇઢܥֶྗܗͷΞτϥΫλ্Ͱͷ࣌ؒॱংʹؔ͢Δ

৘ใΛࣺͯͣʹঢ়ଶ஋ͷੑؼ࠶Λ֮ࢹԽ͢Δख๏Ͱ͋ΔɽRPͷύλʔϯΛఆྔԽ͢Δ͜ͱͰɼ
ɼRP͸ܾఆ࿦ࡍͷಛ௃Λଊ͑Δ͜ͱ͕Ͱ͖Δɽ࣮ܥֶྗܗΔඇઢ͢ࡏଘʹޙలͷഎൃྻܥ࣌
ੑɼपੑظɼඇఆৗੑͳͲͷղੳʹ༻͍ΒΕ͍ͯΔɽ͔͠͠ɼͦͷύϥϝʔλઃఆʹ͍ͭͯ͸
Δᮢ஋Ͱ͋Δɽ͍ͦ༺ʹࡍ཭ͷۙ๣ੑΛఆΊΔڑతʹఆΊΒΕ͍ͯΔɽͦͷҰྫ͕ɼ2఺ؒݧܦ
͜Ͱຊ࿦จͰ͸ɼRPͷఆྔతධՁࢦඪ͕ᮢ஋ͷมԽʹΑΓͲͷΑ͏ͳಛੑΛ͔ࣔ͢Λௐࠪ͢
Δɽͦͷࡍɼಉํੑ޲ϦΧϨϯεϓϩοτ (Iso-directional recurrence plotɼҎԼɼIDRP)[2]ͱ
ಉํۙੑ޲๣ϓϩοτ (Iso-directional neighbors plotɼҎԼɼIDNP)[2]΋༻͍ͯᮢ஋ΛมԽ͞
ͤΔ͜ͱͰඇઢྻܥ࣌ܗͷಛ௃Λଊ͑Δख๏ΛఏҊ͢Δɽ

2 ղੳख๏

2.1 ϦΧϨϯεϓϩοτ (RP)
RP͸ɼ2࣍ݩฏ໘্ͷ֨ࢠঢ়ͷ࠲ඪʹ͓͍ͯɼॎ࣠ɼԣ࣠ͱ΋ʹ࣌ؒ࣠ͱͯ͠ɼʮ2ͭͷରԠ

͢Δ࣌ࠁͷঢ়ଶؒͷڑ཭͕͚ۙΕ͹ରԠ͢Δ৔ॴʹ఺Λଧͪɼͦ͏Ͱͳ͚Ε͹఺Λଧͨͳ͍ʯ
ͱͯ͠ਤΛ࡞੒͢Δख๏Ͱ͋Δɽ࣌ྻܥσʔλx(t) = (x1(t), x2(t), ..., xn(t))ʹରͯ͠ 2఺ؒڑ
཭Λࣜ (1)Ͱఆٛ͢Δɽ

Di,j =∥ x(i) − x(j) ∥ (1)

·ͨɼ࡞ਤͷࡍɼDi,j͕ᮢ஋ rະຬͷ৔߹ʹୈ i, jըૉRi,jΛඳը͢Δɽ͢ͳΘͪɼRP͸ࣜ (2)
Ͱఆٛ͞ΕΔɽ

Ri,j =

{
1 (Di,j < r)

0 (otherwise)
(2)

͜ͷͱ͖ɼฏ໘ਤ্ͷ͢΂ͯͷ఺ʹରͯ͠ଧͨΕΔ఺ͷׂ߹͕ θͱͳΔΑ͏ʹᮢ஋Λઃఆ͢Δɽ

2.2 ಉํੑ޲ϦΧϨϯεϓϩοτ (IDRP)

x(i)
x(i + T )

x(j + T )

x(j)
x(i)0

Di,j

Di,j

DVi,j

ਤ 1: Di,jͱDVi,jɽx(i)′͸x(i+T )−x(i)

ͷ࢝఺͕ x(j)ͱͳΔΑ͏ʹฒߦҠಈ
ͨ͠৔߹ͷऴ఺Λ͍ࣔͯ͠Δɽ

RPͰ͸ʮ2ͭͷରԠ͢Δ࣌ࠁͷঢ়ଶؒͷڑ཭ʯΛ
༻͍ͯ఺Λϓϩοτ͢Δ͔Λܾఆ͢ΔɽIDRP͸ɼʮ2
ͭͷରԠ͢Δ࣌ࠁͷঢ়ଶͷيಓϕΫτϧࠩͷϊϧϜʯ
Λ༻͍ͯ఺Λϓϩοτ͢Δ͔Λܾఆ͢ΔɽIDRPͰ͸
ࣜ (1)ͷ୅ΘΓʹࣜ (3)Λ༻͍Δɽ

DVi,j =∥ (x(i+T )−x(i))−(x(j +T )−x(j))| ∥ (3)

͜͜Ͱ T ͸ IDRPͷϥάͰ͋Δɽఆٛͨ͠يಓϕΫ
τϧͷ͕ࠩɼઃఆͨ͠ᮢ஋Ҏ಺Ͱಉํ޲ͷ৔߹ʹ఺͕
ϓϩοτ͞ΕΔ (ਤ 1)ɽRPͱಉ༷ʹฏ໘ਤ্ͷ͢΂
ͯͷ఺ʹରͯ͠ଧͨΕΔ఺ͷׂ߹͕ θͱͳΔΑ͏ʹᮢ
஋Λઃఆ͢Δɽ

2.3 ಉํۙੑ޲๣ϓϩοτ (IDNP)
IDNPͰ͸ɼϓϩοτ͞ΕΔ఺ͷू߹M ͸ɼRPͰϓϩοτ͞ΕΔ఺ͷू߹N ͱ IDRPͰϓ

ϩοτ͞ΕΔ఺ͷू߹Oͷڞ௨ू߹ʹΑͬͯఆٛ͞ΕΔɽ

M = N ∩ O (4)
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ࣜ (4)͸ɼ2఺͕RPͰઃఆͨ͠ڑ཭Ҏ಺ͷۙ๣఺Ͱ͋Γɼ͔ͭ IDRPͰઃఆͨ͠ϊϧϜҎ಺Ͱ
ಉํ޲ͷيಓϕΫτϧΛ࣋ͭ఺Ͱ͋Δͱ͖ϓϩοτ͢Δͱ͍͏͜ͱΛҙຯ͢ΔɽIDRPͷᮢ஋
͸ɼIDRPͷ఺਺͕RPͷ఺਺ͱ౳͘͠ͳΔΑ͏ʹઃఆ͢Δɽ

2.4 ౷ྔܭDET, R
DETͱ͸ɼRPʹ͓͍ͯϓϩοτ͞ΕΔ఺ͷ૯਺ʹରͯ͠ɼRP্ʹग़͢ݱΔ͖܏ 45౓ͷࣼ

ΊઢΛߏ੒͢Δ఺ͷׂ߹͔Βٻ·ΔࢦඪͰ͋Δɽ1ลͷ௕͞ nͷRP্ͷ௕͞ lͷࣼΊઢΛߏ੒
͢Δ఺ͷू߹ P (l)͸ kΛࣼΊͷઢͷཁૉ਺ͱͯ͠ɼࣜ (5)ͰఆٛͰ͖Δɽ

P (l) =
n∑

i,j=1

(1 − Ri−1,j−1)(1 − Ri+l,j+l)
l−1∏

k=0

Ri+k,j+k (5)

Ұํɼ౷ྔܭDET͸ू߹ P (l)Λ༻͍ͯࣜ (6)ͱॻ͚Δɽ

DET =

n∑

l≥2

l|P (l)|

n∑

l≥1

l|P (l)|
(6)

͜͜Ͱɼ|A|͸ू߹Aͷཁૉͷ਺Λද͢ɽDET͸ۙ๣఺͕࣍ͷঢ়ଶͰ΋ۙ๣఺Ͱ͋Δ͔ΛଌΔ
Δɽ͕͋޲܏஋Λ͍ࣔ͢ߴʹ߹ఆ࿦తͰ͋Δ৔ܾ͕ྻܥඪͰ͋Γɼ࣌ࢦ
࣍ʹɼIDNPͰϓϩοτ͞ΕΔ఺ͷू߹MͱRPͰϓϩοτ͞ΕΔ఺ͷू߹NΛ༻͍ͯɼੜ

཰RΛࣜ֬ى (7)ʹΑΓఆٛ͢Δɽ

R =
|M|
|N| (7)

ܾఆ࿦తͳγεςϜͰ͸ɼ࣌ྻܥͷيಓͷۙ઀͢Δ෦෼͸ɼ࣍ͷ࣌ࠁʹ΋ۙ઀͢Δ෦෼ʹਪҠ
͢Δͱ͑ߟΒΕΔɽ͜ͷͨΊɼܾఆ࿦తͳγεςϜͷੜ֬ى཰R͸֬཰࿦తͳγεςϜͷͦΕ
ΑΓ΋͘ߴͳΔͱ͑ߟΒΕΔ [2]ɽ͜ͷͨΊɼੜ֬ى཰Rͱɼܾఆ࿦ੑΛଌΔ౷ྔܭDET[1]Λ
ͷಛ௃ΛධՁ͢Δɽྻܥ͍࣌ͯ༺

3 ݁Ռ
ෳ਺ͷ࣌ྻܥʹ IDNPΛద༻͠ɼRPͱ IDRPʹ͓͍ͯ఺Λϓϩοτ͢Δࡍͷᮢ஋ θΛมԽ

ͤͨ͞৔߹ʹɼੜ֬ى཰RͱࢦඪDET͕ͲͷΑ͏ͳಛੑΛ͔ࣔ͢Λௐࠪͨ͠ɽର৅ͱͨ࣌͠
͸ྻܥ (1)ϩʔϨϯπํఔࣜɼ(2)Ϩεϥʔํఔ͕ࣜΧΦεԠ౴Λࣔ͢৔߹ɼ(3)Ϩεϥʔํఔ
͕ࣜ 1, 2, 4, 8पظղͱͳΔ৔߹ɼ(4)ϗϫΠτΨ΢εϊΠζɼ(5)ϒϥ΢ϯӡಈɼ(6)ඇ੔਺ϒϥ
΢ϯӡಈͰ͋ΔɽRPɼIDRPɼIDNPͷ࡞੒ͷࡍͷσʔλ਺Λ 20, 000ɼIDRPͰͷ࣌ؒൃల T
Λ 3ͱͨ͠ɼର৅ͱ͢Δ͕࣌ྻܥ ͷ৔߹͸஗Ε࣌ؒݩ1࣍ 1Ͱ ΜͩɽࠐຒΊʹݩ3࣍
ϩʔϨϯπํఔࣜʹɼᮢ஋ θ = 0.1ͱͯ͠RPɼIDRPɼIDNPΛ݁ͨͬߦՌΛਤ 2ʹࣔ͢ɽಉ

༷ʹɼϗϫΠτΨ΢εϊΠζʹɼᮢ஋ θ = 0.1ͱͯ͠RPɼIDRPɼIDNPΛ݁ͨͬߦՌΛਤ 3ʹ
ࣔ͢ɽਤ 2ΛݟΔͱɼIDNPͰͷϓϩοτ఺͕ɼRPɼIDRPͱಉ༷ʹݱΕ͍ͯΔҰํͰɼਤ 3
Ͱ͸ɼIDNPͰͷϓϩοτ఺͸ɼRPɼIDRPͰͷϓϩοτ఺ΑΓ΋໌Β͔ʹগͳ͘ɼੜ֬ى཰
R͕௿͘ͳ͍ͬͯΔ͜ͱ͕Θ͔Δɽ
࣍ʹɼθΛมԽͤͨ͞৔߹ͷɼRPɼIDRPɼIDNP͔Βࢉग़͞ΕͨDETͱɼੜ֬ى཰RΛਤ

4ʹࣔ͢ɽਤ 4(a)Ͱ͸ɼϨεϥʔํఔࣜ 1ɼ2ɼ4पظղɼϨεϥʔํఔࣜ 8पظղɾΧΦεԠ౴
ͱϩʔϨϯπํఔࣜͷ 2ͭͷάϧʔϓ͕ͦΕͧΕ΄΅ಉ͡޲܏Λࣔ͠ɼඇ੔਺ϒϥ΢ϯӡಈͷ
Ұ෦͕ܾఆ࿦తͳ࣌ྻܥʹ͍ۙ݁ՌΛࣔ͢ɽਤ 4(b)Ͱ͸ɼϨεϥʔํఔࣜ 1ɼ2ɼ4पظղɼϨε
ϥʔํఔࣜ 8पظղɾΧΦεԠ౴ͱϩʔϨϯπํఔࣜͷ 2ͭͷάϧʔϓ͕ͦΕͧΕ΄΅ಉ͡Ԡ
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౴Λ͕ࣔ͢ɼඇ੔਺ϒϥ΢ϯӡಈͷԠ౴͸ਤ 4(a)ΑΓ΋͍ۙͮͨɽਤ 4(c)Ͱ͸ɼϨεϥʔ 1ɼ2
ɼ4पظղɼϨεϥʔ 8पظղɾΧΦεԠ౴͸ͦΕͧΕ΄΅ಉ͡Ԡ౴Λࣔ͢ɽ͔͠͠ɼਤ 4(c)ͷ
ϩʔϨϯπํఔࣜͷԠ౴͸ਤ 4(a)ɼ(b)ͷͦΕͱ͸ҟͳΔ݁Ռͱͳͬͨɽ
ਤ 4(d)ΑΓɼᮢ஋ΛมԽͤͨ͞ͱ͖ͷRͷৼ෣͍͸ɼϨεϥʔํఔࣜɼϩʔϨϯπํఔࣜɼ

ͼΨ΢εϊΠζɾඇ੔਺ϒϥ΢ϯӡಈͷٴ 3άϧʔϓʹ෼ྨ͞ΕΔ͜ͱ͕Θ͔Δɽ·ͨɼਤ 4(b)ɼ
(c)ɼ(d)ΑΓɼ֬཰࿦తͳ࣌ྻܥͱܾఆ࿦తͳ࣌ྻܥͱͰ͸ɼᮢ஋Λมಈͤͨ͞ࡍͷ౷ྔܭͷ
มԽͷಛ௃ʹ໌֬ͳࠩҟ͕ଘ͢ࡏΔɽ͞Βʹɼਤ 4(a)ɼ(b)Ͱ͸ɼ΄΅ಉ͡޲܏Λࣔ࣌͢ྻܥ
Ͱ͋ͬͯ΋ɼਤ 4(c)ɼ(d)ΛݟΔͱɼࠩҟ͕͋Δ͜ͱ͕֬ೝͰ͖Δɽ
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ਤ 2: θ = 0.1ʹ͓͚ΔϩʔϨϯπํఔࣜͷRPɼIDRPɼIDNPɽ
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ਤ 3: θ = 0.1ʹ͓͚ΔϗϫΠτΨ΢εϊΠζͷRPɼIDRPɼIDNPɽ

4 ݁࿦
ຊ࿦จͰ͸ɼछʑͷඇઢྻܥ࣌ܗΛର৅ʹͯ͠ɼRPɼIDRPɼIDNPͰϓϩοτ͢Δࡍͷᮢ

஋ΛมԽͤͨ͞৔߹ʹɼ౷ྔܭDETٴͼR͕ͲͷΑ͏ͳৼΔ෣͍Λ͔ࣔ͢Λࢉग़ͨ͠ɽͦͷ
݁ՌɼIDRPɼIDNPͰ͸ܾఆ࿦తͳγεςϜͱ֬཰࿦తͳγεςϜͱͷؒʹ͋ΔࠩΛ໌֬ʹࣔ
͢͜ͱ͕Ͱ͖Δɽ͜ΕΑΓᮢ஋Λมಈͤ͞Δ͜ͱͰɼܾఆ࿦ੑΛଌΔͨΊͷࢦඪͰ͋ΔDETͱ
Rͷมಈ͔Βɼ࣌ྻܥͷಛ௃Λଊ͑ΒΕΔՄೳੑ͕ࣔࠦ͞Εͨ.
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੔਺ϩδεςΟοΫࣸ૾ͷԠ౴ΑΓੜ੒ͨ͠ΧΦεཚ਺ྻͷ౷ܭతղੳ

ੜࢤؙۚ (஑ޱప तڭ )

1 ͸͡Ίʹ
ཚ਺ੜ੒͸༷ʑͳ෼໺Ͱ༻͍ΒΕΔॏཁͳٕज़Ͱ͋Δ [P2, P3]ɽͦͷͨΊ༷ʑͳੜ੒๏͕ݕ౼͞Ε͍ͯΔ [1, 2,

3, P1, P4, P5]ɽཚ਺ੜ੒ث͸ɼ෺ཧཚ਺ੜ੒ͱٖࣅཚ਺ੜ੒ʹେผ͞ΕΔɽ෺ཧཚ਺ੜ੒ͷҰྫͱͯ͠ɼϨʔβ
ΧΦεΛ༻͍ͨߴ଎෺ཧཚ਺ੜ੒ํ͕ࣜఏҊ͞Ε͍ͯΔ [1]ɽจݙ [1]Ͱ͸ɼೋͭͷΧΦεৼಈΛ༗͢Δ൒ಋମϨʔ
βΛ༻͍ͯɼ1Ϗοτ ADมث׵ʹΑΓɼσδλϧ৴߸ʹมͨ͠׵σʔλΛݩʹཚ਺Λੜ੒͍ͯ͠Δɽͦͷࡍɼಘ
ΒΕͨཚ਺ྻܥͷ౷ܭతภΓΛݮΒͨ͢Ίʹɼޙॲཧํࣜͱͯ͠ഉଞత࿦ཧ࿨ԋࢉΛ͠ࢪɼੑೳͷྑ͍ 2஋ཚ਺
Λੜ੒͍ͯ͠Δɽ
Ұํɼࡏݱ·Ͱ༷ʑͳٖࣅཚ਺ੜ੒ث΋ఏҊ͞Ε͍ͯΔɽ͜ΕΒͷதͰ΋ɼΧΦεμΠφϛΫεΛ༻͍ͨख๏͕

ಛʹॏཁͰ͋Δɽཚ਺ͷॏཁͳੑ࣭ͷҰͭʹ༧ଌෆՄೳੑ͕͋ΔɽΧΦεμΠφϛΫεͷ༗͢Δ௕ظ༧ଌෆೳੑ
Λ༻͍ٖͯࣅཚ਺Λੜ੒͢Δ͜ͱ͕Ͱ͖Δ͔ΒͰ͋Δɽྫ͑͹ɼจݙ [2]Ͱ͸ɼݻఆখ਺఺ԋࢉʹΑΓੜ੒ͨ͠Χ
Φεత͕࣌ྻܥɼٖࣅཚ਺ͱͯ͠ػೳ͢ΔͨΊʹඞཁͳϏοτ਺Λෆมີ౓΍ύϫʔεϖΫτϧͷ؍఺͔Βௐࠪ
͍ͯ͠Δɽจݙ [2]Ͱ͸ɼෆมີ౓ͷ݁Ռ͔ΒɼΧΦεతͰ͋Δͱ൑அͰ͖Δͷ͸Ϗοτ਺͕ 15ϏοτҎ্Ͱ͋
Δ͜ͱɼ·ͨɼύϫʔεϖΫτϧͷ݁Ռ͔Β͸ɼ৚݅ʹΑͬͯ͸গͳ͍Ϗοτ਺Ͱ΋Ψ΢εϊΠζͱݟͳͤΔͱ
͍͏͜ͱ͕ࣔ͞Ε͍ͯΔɽ·ͨɼจݙ [3]Ͱ͸ɼ੔਺ϩδεςΟοΫࣸ૾͕ੜ੒Ͱ͖Δฏۉతͳඇपظঢ়ଶͱࢉܭ
ਫ਼౓ͱͷۙࣅతͳؔ܎Λ༩͑ͨ͏͑ɼࢉܭਫ਼౓Λ 128Ϗοτͱͨ͠ϩδεςΟοΫࣸ૾Ͱੜ੒͞Εͨೋਐྻܥ͸ɼ
Ұ༷ੑΛ༗͢Δͱ͍ͯ͠Δɽ
ຊ࿦จͰ͸ɼϩδεςΟοΫࣸ૾ [4]͔Βੜ੒ٖͨ͠ࣅཚ਺ͷੑೳʹ͍ͭͯ౷ܭతͳݕ౼Λ͍ͯ͠Δɽ਺஋ࢉܭ

ுͨ͠੔਺ϩδεςΟοΫࣸ૾Λ༻͍Δ֦ʹࢉఆখ਺఺ԋݻΛ؇࿨͢ΔͨΊʹɼڹΑΔӨʹࠩޡ [2, 3]ɽͦͷࡍɼ
੔਺ϩδεςΟοΫࣸ૾ͷ਺஋ࢉܭਫ਼౓ΛมԽͤ͞Δ͜ͱͰɼੜ੒͞ΕΔٖࣅཚ਺ྻͷੑೳʹͲͷΑ͏ͳӨ͕ڹग़
ہ঎຿লඪ४ٕज़ࠃΔͷ͔Λௐࠪ͢Δɽ͜ͷͱ͖ɼཚ਺ྻͷੑೳධՁʹ͸ɼถ͢ݱ (NIST) ͕ެ։͍ͯ͠Δ NIST
Special Publication 800–22 [5] (ҎԼɼNISTݕఆ) Λ࢖༻ͨ͠ɽ

2 ϩδεςΟοΫࣸ૾
ΧΦεԠ౴Λࣔࠩ͢෼ํఔࣜɼϩδεςΟοΫࣸ૾Λࣜ (1)ʹࣔ͢ɽ

xt+1 = axt(1 − xt) (1)

a͸ύϥϝʔλɼxt͸࣌ࠁ tͰͷঢ়ଶ஋Λද͢ɽಛʹ a = 4ͷͱ͖ɼϩδεςΟοΫࣸ૾͸ແݶपظΛ΋ͭɽ͔͠
͠ɼ਺஋্ࢉܭͰ׬શͳແݶपظΛ͢ݱ࠶Δ͜ͱ͸Ͱ͖ͳ͍ɽͦΕ͸ɼࣸ૾Λ܁Γฦ͢͜ͱʹΑΓ਺஋ࠩޡࢉܭ
ղ΁ͱऩଋ͢Δ৔߹͕͋Δ͔ΒͰ͋ΔɽਤظΕɼप͞ࢉੵ͕ 1͸ɼࣜ (1)ʹ͓͍ͯ a = 4ͱ͠ɼϥϯμϜʹ༩͑Β
Εͨॳظ஋ x0 (0 < x0 < 1)͔Βࣜ (1)Λ܁Γฦͨ͠ͱ͖ʹɼԿճ໨ͷࣸ૾ޙʹԠ౴͕ऩଋ͢Δ͔Λଌఆͨ݁͠Ռ
Ͱ͋Δɽ50, 000ύλʔϯͷϥϯμϜͳॳظ஋Λ༻͍ɼ0 ≤ t < 230ͷൣғͰԠ౴͕ऩଋ͢Δࣸ૾ճ਺ͷස౓෼෍Λ
͍ࣔͯ͠Δɽ
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The number of iterations with which the satae of the map (Eq.(1)) converged.

ਤ 1: 50, 000ύλʔϯͷॳظ஋ͷ͏ͪɼ0 ≤ t < 230 ͷൣғͰࣸ૾
ͷԠ౴͕ऩଋͨ͠ͱ͖ͷࣸ૾ճ਺ͷස౓෼෍ɽ

ਤ 1ͷԣ࣠͸ࣸ૾͕ऩଋ͢Δճ਺ɼॎ࣠͸ऩଋ
ͨ͠ύλʔϯ਺Λද͢ɽਤ 1͔Βɼશ 50, 000௨Γ
ͷॳظ஋ͷ͏ͪɼ8, 355௨Γͷॳظ஋ͰԠ౴͕ऩ
ଋ͢Δ͜ͱΛ͍ࣔͯ͠ΔɽNISTݕఆͰ͸ݕఆ݁Ռ
ͷ৴པੑ͕े෼ͱ͞ΕΔͨΊʹ͸ɼݕఆର৅ͱͳ
Δཚ਺ͷཚ਺ྻ௕͕ɼ࠷௿Ͱ΋ 1GbitҎ্ɼ͢ͳ
Θͪɼ1, 000, 000, 000ϏοτҎ্Ͱͳ͚Ε͹ͳΒͳ
͍ͱ͍ͯ͠Δɽਤ 1ͷ݁Ռ͸ɼුಈখ਺఺ܕͷϩ
δεςΟοΫࣸ૾͔Β 1Gbitͷཚ਺Λੜ੒͢Δͱɼ
਺஋ࢉܭਫ਼౓ͷӨڹʹΑΓɼԠ౴͕ऩଋͯ͠͠·
͏֬཰͕ 8, 355/50, 000 = 16.7%ͱͳΔ͜ͱΛࣔ
͢΋ͷͰ͋Δɽͦ͜Ͱɼ਺஋ࠩޡࢉܭΛ؇࿨͢Δ
ͨΊʹɼ਺஋ࢉܭਫ਼౓ͷ্޲Λ͑ߟΔɽ

3 ੔਺ϩδεςΟοΫࣸ૾
ຊ࿦จͰ͸ɼݻఆখ਺఺ܕ΁ͱ֦ுͨ͠੔਺ϩδεςΟοΫࣸ૾Λٖࣅཚ਺ੜ੒ثͱͯ͠༻͍Δ [2, 3]ɽ੔਺ϩ

δεςΟοΫࣸ૾Λಋग़͢ΔͨΊʹɼ·ͣɼࣜ (1)ͷ྆ลΛ 10N ഒ͠ɼXt = 10N × xt ⇐⇒ xt = 10−N × Xt ͱ
͢Δͱࣜ (2)ͱͳΔɽ

Xt+1 = aXt(10N − Xt) × 10−N (2)

ࣜ (2)ʹ͍ͭͯ੔਺෦ͷΈΛѻ͏ͨΊɼΨ΢εه߸ ⌊ ⌋Λ༻͍Δͱɼ

Xt+1 = ⌊aXt(10N − Xt)10−N⌋ (3)

ΛಘΔɽࣜ (1)ಉ༷ɼa͸ύϥϝʔλͰ͋ΓɼXt (= 10N × xt)͸࣌ࠁ tͰͷঢ়ଶ஋Ͱ͋Δɽ͜͜ͰɼN ͸਺஋ܭ
ਫ਼౓Λද͢ɽࢉ
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4 ४උݧ࣮
ΧΦε͕༗͢Δੑ࣭ͷҰͭʹॳظ஋Ӷහґଘੑ͕͋Δɽॳظ஋ͷΘ͔ͣͳ͕ࠩ࣌ྻܥͷະདྷͷঢ়ଶ஋ʹେ͖͘

ӨڹΛٴ΅͢͜ͱ͔ΒɼΧΦε͸௕ؒظͷ༧ଌ͸ෆՄೳͱ͞Ε͍ͯΔɽॳظ஋ӶහґଘੑΛఆྔతʹද͢ࢦඪͱ
ͯ͠ɼϦΞϓϊϑࢦ਺͕͋ΔɽϦΞϓϊϑࢦ਺ͷఆٛΛࣜ (4)ʹࣔ͢ɽ

λ = lim
T→∞

1

T

T∑

t=1

ln |f ′(xt)| (4)

ࣜ (4)ͷఆٛΛɼϩδεςΟοΫࣸ૾ʹ౰ͯ͸ΊΔͱ (f(x) = ax(1 − x))ɼࣜ (5)ͷΑ͏ʹදͤΔɽ

λ = lim
T→∞

1

T

T∑

t=1

ln |a − 2axt| (5)

ϦΞϓϊϑࢦ਺ λ͕ਖ਼ͱͳΔͱ͖ɼΧΦεͱΈͳ͢͜ͱ͕Ͱ͖Δɽຊ࿦จͰ͸ɼཚ਺ੜ੒ʹ༻͍ΔύϥϝʔλΛ
ΔͨΊʹɼ−2͢౼ݕ ≤ a ≤ 4 [6]ͷൣғΛ∆a = 0.001ͱͯ͠ɼλ > 0ͱͳΔύϥϝʔλ஋Λநग़ͨ͠ɽநग़ͨ͠
λ > 0ͱͳΔ aΛ༻͍ͯཚ਺ͷੜ੒ͱݕఆΛߦͳͬͨɽཚ਺ͷݕఆʹ͸ NISTݕఆΛ࢖༻ͨ͠ɽ݁ՌΛਤ 2ʹࣔ
͢ɽਤ 2͸ɼԣ͕࣠ύϥϝʔλ aɼࠨͷॎ͕࣠ NISTݕఆ߹֨਺ (NISTݕఆ͸ 15छྨͷݕఆ߲໨Λ༗͢Δ)ɼӈ
ͷॎ͕࣠ϦΞϓϊϑࢦ਺ λΛද͢ɽ
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ਤ 2: ύϥϝʔλ a ʹର͢ΔϦΞϓϊϑࢦ਺ λ ͱੜ੒ͨ͠
ཚ਺ͷ NISTݕఆ߹֨਺ɽ

ਤ2ΑΓɼϦΞϓϊϑࢦ਺͕࠷େͱͳΔa = 4ͱa = −2
ͷͱ͖ɼNISTݕఆͷ߹֨਺͕ੑ͘ߴೳͷྑ͍ཚ਺͕ੜ੒
ग़དྷ͍ͯΔ͜ͱ͕෼͔Δɽͦ͜Ͱຊ࿦จͰ͸ɼa = 4ͱ
a = −2ʹয఺Λ౰ͯͯɼௐࠪΛߦͳͬͨɽ

5 ๏ํݧ࣮
5.1 ਺஋ࢉܭਫ਼౓ N (15 ≤ N ≤ 155) ͱ NISTݕఆ
߹֨਺ͷؔ܎ͷௐࠪ
੔਺ϩδεςΟοΫࣸ૾ (ࣜ (3)) ͷԠ౴͔Β߹ܭ 288

ύλʔϯͷཚ਺Λੜ੒ͨ͠ɽશύλʔϯʹ͓͍ͯɼॳظ
஋X0͸X0 = 0.0002 × 10Nɼ0 ≤ t ≤ 105Λա౉ঢ়ଶͱ
ͯ͠ল͖ɼཚ਺௕Λ 105 < t ≤ 230 + 105Ͱͷ 230ͱݻఆ
ͨ͠ɽ2஋ཚ਺ͱ͢ΔͨΊͷᮢ஋ θ ͸ θ = 0.5 × 10N ͱ
͠ɼXt ≤ θͰ͋Ε͹ 0ɼXt > θͰ͋Ε͹ 1ͱม͍ͯ͠׵Δɽͦͷࡍɼ਺஋ࢉܭਫ਼౓N Λ 15 ≤ N ≤ 155ͷൣғͰ
∆N = 1ͱͯ͠มԽͤ͞ɼٖࣅཚ਺ͱͯ͠ͷੑೳΛ NISTݕఆΛ༻͍ͯධՁͨ͠ɽ

5.2 ਺஋ࢉܭਫ਼౓N (156 ≤ N ≤ 1000) ͱNISTݕఆ߹֨਺ͷؔ܎ͷௐࠪ
ຊ߲Ͱ͸࣍ʹɼ 156 ≤ N ≤ 1000 ͱͨ͠৔߹ʹ͍ͭͯͷௐࠪΛߦͳͬͨɽͦͷࡍɼ੔਺ϩδεςΟοΫࣸ૾ͷ

ύϥϝʔλΛ a = ఆ߲໨ʹ߹֨͢Δׂ߹ͱ֤ݕఆ߹֨਺ͷස౓ɼશݕఆ͠ɼNISTݻʹ4 NISTݕఆ߲໨ຖͷ߹֨
ׂ߹Λௐࠪͨ͠ɽ

5.3 ੜ੒ͨ͠ཚ਺ͷੑೳධՁํ๏: NISTݕఆ
ੜ੒ͨ͠ཚ਺ͷੑೳΛɼNISTݕఆΛ༻͍ͯ౷ܭతʹධՁΛͨ͠ɽNISTݕఆͰ͸ݕఆର৅ͷཚ਺ྻ௕ʹԠͯ͡ɼ

ύϥϝʔλΛઃఆ͢Δ͜ͱ͕ਪ঑͞Ε͍ͯΔɽ͜Ε͸ɼཚ਺௕ʹԠͯ͡ద੾ͳݕఆ݁ՌΛಘΔͨΊʹඞཁͳॲཧ
Ͱ͋Δɽຊ࿦จͰ༻͍֤߲ͨ໨ͱύϥϝʔλ஋Λද 1ʹࣔ͢ɽ

ද 1: NISTݕఆͰ༻͍ͨύϥϝʔλ
߲໨ ύϥϝʔλ஋
༗ҙਫ४ α 0.01
ϒϩοΫ୯Ґͷස౓ݕఆ - ϒϩοΫͷ௕͞ 16384
ॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆɹ- ϒϩοΫͷ௕͞ 9
ॏͳΓͷ͋ΔςϯϓϨʔτద߹ݕఆɹ- ϒϩοΫͷ௕͞ 9
-ఆɹݕΤϯτϩϐʔࣅۙ ϒϩοΫͷ௕͞ 10
ఆݕྻܥ - ϒϩοΫͷ௕͞ 16
ઢܗෳࡶ౓ݕఆ - ϒϩοΫͷ௕͞ 500

ද 1ͷ༗ҙਫ४ αͱ͸ɼݕఆର৅ͱͳΔཚ਺ྻ͕ϥϯμϜͰ
ͳ͍৔߹ͷ֬཰Ͱ͋Δɽ·ͨɼϒϩοΫͷ௕͞ͱ͸ɼ֤ݕఆΛ
ͷ୯ҐϒϩοΫͷ௕͞Λද͢ɽࡍ͏ߦ

NISTݕఆ͸ɼ15छͷݕఆ߲໨Λ༗͍ͯ͠Δɽͦͷݕఆ಺༰
Λද 2ʹࣔ͢ɽද 2ͷςετεΠʔτ͸ɼถࠃ঎຿লඪ४ٕज़
ہ (NIST)͕ఏ͍ͯ͠ڙΔɽ

ද 2: NISTݕఆ߲໨ [7]

൪߸ ఆ߲໨ݕ ఆ಺༰ݕ
1 ස౓ݕఆ 2஋ཚ਺ (0ɼ1)ͷ͏ͪɼ1ͷग़֬ݱ཰͕ 1/2ʹ͍͔ۙͲ͏͔Λݕఆ
2 ϒϩοΫ୯Ґͷස౓ݕఆ ͋ΔϒϩοΫ௕ʹରͯ͠ɼ1ͷग़֬ݱ཰͕ 1/2ʹ͍͔ۙͲ͏͔Λݕఆ
3 ྦྷੵ࿨ݕఆ 2஋ཚ਺Λ (+1ɼ− 1)ʹม͠׵ɼͦͷྦྷੵ࿨Ͱఆٛ͞ΕΔϥϯμϜ΢ΥʔΫͷ 0͔Βͷ࠷େภҠΛݕఆ
4 ࿈ͷݕఆ ࿈ଓͨ͠ 1ͷ਺ (࿈)Λݕఆ
5 ϒϩοΫ୯Ґͷ࠷௕࿈ݕఆ ͋ΔϒϩοΫ௕ʹରͯ͠ɼ࠷௕ͷ࿈Λݕఆ
6 2஋ྻߦϥϯΫݕఆ ਺ྻશମͷ͍ޓʹૄͳྻߦͷϥϯΫΛݕఆ
7 ཭ࢄϑʔϦΤมݕ׵ఆ पੑظͷௐࠪͷͨΊɼ਺ྻͷ཭ࢄϑʔϦΤม׵ʹΑΔϐʔΫͷ͞ߴΛݕఆ
8 ॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆ ͋Β͔͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ) ͷग़ݱճ਺Λݕఆ (ॏͳΓͳ͠Ͱݕఆ)
9 ॏͳΓͷ͋ΔςϯϓϨʔτద߹ݕఆ ͋Β͔͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ) ͷग़ݱճ਺Λݕఆ (ॏͳΓ͋ΓͰݕఆ)
10 Ϛ΢ϥʔͷϢχόʔαϧ౷ݕܭఆ ਺ྻ಺ͰҰக͢ΔύλʔϯΛݕग़͠ɼѹॖ͢Δ͜ͱ͕Ͱ͖Δ͔Λݕఆ
11 ఆݕΤϯτϩϐʔࣅۙ ͋ΔϏοτ௕ͷग़ݱύλʔϯͷස౓Λݕఆ
12 ϥϯμϜภࠩݕఆ ɹྦྷੵ࿨ϥϯμϜ΢ΥʔΫͰK ճ๚ΕΔαΠΫϧ਺Λݕఆ
13 छʑͷϥϯμϜภࠩݕఆ ɹྦྷੵ࿨ϥϯμϜ΢ΥʔΫͰಛఆͷঢ়ଶΛ๚ΕΔճ਺ͷ߹ܭΛݕఆ
14 ఆݕྻܥ ɹ͋ΔϏοτ௕ͷ͢΂ͯͷॏෳϏοτύλʔϯͷग़ݱස౓Λݕఆ
15 ઢܗෳࡶ౓ݕఆ ɹཚ਺Λੜ੒͢ΔͨΊͷઢܗϑΟʔυόοΫγϑτϨδελͷ௕͞Λݕఆ

NISTݕఆͰ͸ɼ1GbitҎ্ͷཚ਺௕Λཁ͞ٻΕΔ͕ɼ1GbitશମΛݕఆ͢Δ༁Ͱ͸ͳ͘ɼ1Mbit ͷཚ਺Λ 1, 000
ఆ݁Ռʹରͯͦ͠ΕͧΕݕΔɽ͜ͷͱ͖ɼ֤͢ࢪఆ߲໨Λ࣮ݕ෼͚ͯɼશʹݸ 1, ͷݸ000 p஋͕ٻ·Δɽ͜ͷ 1, 000
ͷݸ p஋Λ༻͍ͨద߹౓ݕఆʹΑΓɼҰͭͷݕఆ߲໨ʹରͯ͠Ұͭͷ P ஋͕ࢉग़͢Δɽ͜ͷ P ஋͸ɼ1, ͷݸ000
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p஋ͷҰ༷ੑΛධՁ͢Δɽಉ࣌ʹɼ1, ͷݸ000 p஋ͷ͏ͪɼͲͷఔ౓ͷ p஋͕༗ҙਫ४ αʹରͯ͠ɼp஋ > αͱͳ
Δൺ཰΋ධՁ͢Δɽຊ࿦จͰ͸ɼ֤ݕఆ߲໨ʹ͍ͭͯ 1, ͷݸ000 p஋ͷҰ༷ੑͱൺ཰ڞʹ߹֨ͨ͠৔߹ͷΈɼͦ
ͷݕఆ߲໨ʹ߹֨ͨ͠ͱ͢Δɽ

6 Ռ݁ݧ࣮
6.1 ਺஋ࢉܭਫ਼౓N (15 ≤ N ≤ 155) ͱNISTݕఆ߹֨਺ͷؔ܎ͷௐࠪ
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ਤ 3: ύϥϝʔλ a = 4ͱ a = −2ͷ৔߹ʹ͍ͭͯɼ਺஋
ਫ਼౓Nࢉܭ ΛมԽͤͯ͞ੜ੒ٖͨ͠ࣅཚ਺ͷ NIST
ఆ߹֨਺ɽݕ

·ͣɼ਺஋ࢉܭਫ਼౓ͱ NISTݕఆ߹֨਺ͷؔ܎ʹ͍ͭͯ
ௐࠪͨ͠ (5.1߲)ɽਤ 3ʹɼԣ࣠ʹ਺஋ࢉܭਫ਼౓N (15 ≤
N ≤ 155)ɼॎ࣠ʹ NISTݕఆ߹֨਺Λͱ࣮ͬͨ݁ݧՌΛ
ࣔ͢ɽਤ 3Ͱ͸ɼa = 4ͱ a = −2ͲͪΒ΋ɼ਺஋ࢉܭਫ਼
౓͕૿Ճ͢Δ΄ͲɼNISTݕఆ߹֨਺΋૿Ճ͢Δ͜ͱ͕Θ
͔Δɽ·ͨɼཚ਺ͷੑೳ͕҆ఆ͢Δ਺஋ࢉܭਫ਼౓ͷ໨҆ͱ
ͯ͠͸N ≥ 20Ͱ͋Δ͜ͱ΋෼͔Δɽ͞Βʹɼ਺஋ࢉܭਫ਼
౓Λ૿Ճͤͯ͞΋ɼNISTݕఆʹશͯ߹͍֨ͯ͠ͳ͍৔߹
͕͋Δɽ

6.2 ਺஋ࢉܭਫ਼౓ N (156 ≤ N ≤ 1000) ͱNISTݕఆ
߹֨਺ͷؔ܎ͷௐࠪ

6.1ͷ݁ՌΛड͚ͯɼ਺஋ࢉܭਫ਼౓Λ͞Βʹ্ঢͤͨ͞
156 ≤ N ≤ 1000ͷൣғͰ a = 4ͱͯ͠ௐࠪΛߦͳͬͨ
(5.2߲)ɽͦͷ݁ՌΛਤ 4ʹࣔ͢ɽਤ 4ΑΓɼN = 445ͷ
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ਤ 4: ύϥϝʔλ a = 4 ͷ৔߹ʹ͍ͭͯɼ਺஋ࢉܭਫ਼౓ N Λ
มԽͤͯ͞ੜ੒ٖͨ͠ࣅཚ਺ͷ NISTݕఆ߹֨਺ (156 ≤
N ≤ 1000)ɽ
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ਤ 5: ύϥϝʔλ a = 4ͷ৔߹ɼ਺஋ࢉܭਫ਼౓N ΛมԽͤͯ͞
ੜ੒ٖͨ͠ࣅཚ਺ͷ NISTݕఆ߹֨਺ͷ෼෍ (20 ≤ N ≤
1000)ɽ

ͱ͖ NISTݕఆ߹֨਺͕ 12·ͰԼ͕͍ͬͯΔ͜ͱ͕෼͔Δɽਤ 4͸ɼ਺஋ࢉܭਫ਼౓ͷ্͚ͩ޲Ͱ͸ɼੜ੒͞ΕΔ
ք͕͋Δ͜ͱΛࣔࠦ͢Δ΋ͷͰ͋Δɽݶ͸ʹ্޲ཚ਺ͷੑೳࣅٖ
࣍ʹɼa = 4ɼ20 ≤ N ≤ 1000Ͱੜ੒ͨ͠ܭ 981ύλʔϯͷཚ਺ʹ͍ͭͯɼNISTݕఆ߹֨਺ͷස౓෼෍Λਤ

5ʹࣔ͢ɽਤ 5͸ɼԣ͕࣠ NISTݕఆ߹֨਺Λද͓ͯ͠Γɼॎ͕࣠ͦͷස౓Λද͍ͯ͠Δɽਤ 5Ͱ͸ɼNISTݕఆ
߹֨਺͕ 15ͷύλʔϯ਺͸ɼશ 981ύλʔϯத 665ύλʔϯͰ͋Γɼ໿ 67.79%͕ NISTݕఆͷݕఆ߲໨શͯʹ
߹֨ͨ͜͠ͱʹͳΔɽಉ༷ͷ߹֨਺ͷ෼෍Λ 20 ≤ N ≤ ௐࠪͨ͠ͱ͜Ζɼશͯͬߜʹ155 136ύλʔϯத 88ύ
λʔϯͱ໿ 64.71%ͷׂ߹Ͱશݕఆ߲໨ʹ߹͍֨ͯͨ͠ɽ͜͜Ͱɼ20 ≤ N ≤ 100ɼ20 ≤ N ≤ 200ɼ20 ≤ N ≤ 300
ɼ· · ·ɼ20 ≤ N ≤ 1000ͱͨ͠৔߹ʹ͍ͭͯɼNISTݕఆ߲໨શ ఆʹ߹ׂ֨ͨ͠߹Λਤݕ15 6ʹࣔ͢ɽਤ 6͸ɼԣ࣠
ఆ߲໨શݕਫ਼౓Nɼॎ͕࣠NISTࢉܭେ਺஋࠷ͷؒ۠ͨ͠ܭू͕ 15߲໨ʹ߹ׂ֨ͨ͠߹Λࣔ͢ɽਤ 6ΑΓɼ֤ूܭ
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ਤ 6: ఆ߲໨શݕΔ۠ؒΛมԽͤͨ͞ͱ͖ͷɼNIST͢ܭू 15
ఆʹ߹֨͢Δׂ߹ɽݕ

 0.75

 0.8

 0.85

 0.9

 0.95

 1

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

R
at

io
 o

f p
as

se
d 

nu
m

be
r

NIST test items

ਤ 7: ύϥϝʔλ a = 4ͷ৔߹ʹ͍ͭͯɼ਺஋ࢉܭਫ਼౓N Λม
Խͤͯ͞ੜ੒ͨ͠ཚ਺ͷ NISTݕఆͷ֤ݕఆ߲໨߹֨਺
ͷ෼෍ (20 ≤ N ≤ 1000)ɽ
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۠ؒͰಘΒΕͨNISTݕఆ߲໨શͯʹ߹֨͢Δׂ߹ʹେ͖ͳมԽ͸ͳ͘ɼҰఆͷ஋෇ۙʹཹ·Δ͜ͱ͕෼͔Δɽਤ
6Ͱ͸ɼ20 ≤ N ≤ 100Ͱूׂͨ͠ܭ߹ͱɼ20 ≤ N ≤ 1000Ͱूׂͨ͠ܭ߹Ͱࠩ͸໿ 0.02%Ͱ͋ͬͨɽ·ͨɼ࠷େ
஋Λͱͬͨͷ͸ɼू͕ؒ۠ܭ 20 ≤ N ≤ 300ͷͱ͖Ͱ 0.6797Ͱ͋ͬͨɽٯʹɼ࠷খ஋Λͱͬͨͷ͸ɼ20 ≤ N ≤ 500
ͷ۠ؒͷͱ͖Ͱ͋ͬͨɽͦͷࠩ͸ɼ0.002ఔ౓Ͱ͋Δ͕ɼ͍ߴ਺஋ࢉܭਫ਼౓Λ࣋ͪͳ͕Β΋ɼ͘ߴͳ͍਺஋ࢉܭਫ਼
౓Ͱੜ੒ͨ͠ཚ਺ͷੑೳʹྼΔ৔߹͕͋Δ͜ͱ΋֬ೝͰ͖ͨɽ͜ΕΒͷ݁Ռ͸ɼࠓճͷ࣮ํݧ๏Ͱ࡞੒ٖͨ͠ࣅ
ཚ਺ʹؔͯ͠͸ɼ਺஋ࢉܭਫ਼౓ N ͕ 20 ≤ N ≤ 300Ͱे෼ʹੑೳΛൃ͢شΔ͜ͱΛࣔࠦ͢Δ΋ͷͰ͋Δɽ͜ΕΒ
ͷ݁Ռ͔Β΋ɼཚ਺ͷੑೳͷ্޲ʹ͸਺஋ࢉܭਫ਼౓Ҏ֎ͷӨڹΛ͑ߟΔඞཁ͕͋Δ͜ͱ͕෼͔Δɽ
Ҏ্ͷ݁ՌΛड͚ͯɼNISTݕఆ߲໨ͷͲͷ߲໨ʹෆ߹֨ʹͳΓ΍͍͢ͷ͔Λௐࠪͨ͠ɽਤ 7ʹɼԣ࣠Λ NIST

ਫ਼౓Λࢉܭఆ߲໨ɼॎ࣠ʹ߹֨ͨ͠ཚ਺ͷׂ߹ͱͯ͠ɼ਺஋ݕఆͷ֤ݕ 20 ≤ N ≤ 1000Ͱੜ੒ͨ͠ 981ύλʔϯ
ͷཚ਺ʹ͍ͭͯͷੑೳௐࠪ݁ՌΛࣔ͢ɽԣ࣠ͷ൪߸͸ɼද 2ͷݕఆ߲໨൪߸ʹରԠ͍ͯ͠Δɽਤ 7ΑΓɼ8൪ͷॏ
ͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆҎ֎ͷݕఆ߲໨ʹ͸ 95%ͷཚ਺͕߹͍֨ͯ͠Δ͜ͱ͕Θ͔Δɽ8൪ͷݕఆʹ߹
֨ͨ͠ཚ਺ͷׂ߹͸໿ 77%Ͱ͋ΔɽॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆ͸ɼੜ੒ͨ͠ཚ਺தʹग़͢ݱΔɼ͋Β͔
͡Ί༻ҙ͞ΕͨϏοτྻ (ςϯϓϨʔτ) ͷճ਺͕Ұ༷Ͱ͋Δ͔Λௐࠪ͢ΔݕఆͰ͋Δɽࠓճઃఆͨ͠ 8൪ͷݕఆ
ʹ༻͍ΔςϯϓϨʔτ (9Ϗοτ) ͷ૯਺͸ 148छͰ͋Δɽ9Ϗοτͱ͢Δཧ༝͸ɼද 1Ͱࣔͨ͠Α͏ʹɼ୯Ґϒ
ϩοΫͷ௕͞Λ 9ͱͨͨ͠ΊͰ͋ΔɽॏͳΓͷͳ͍ςϯϓϨʔτద߹ݕఆʹෆ߹֨ͱͳΔཧ༝͸ɼ͜ΕΒͷςϯ
ϓϨʔτͷग़ݱճ਺ͷ෼෍ʹภΓ͕͋ΔͨΊͰ͋Δɽ͜Ε͸਺஋ࢉܭਫ਼౓ͷ໰୊Ͱ͸ͳ͘ɼཚ਺ੜ੒ݯͰ͋Δϩ
δεςΟοΫࣸ૾ͷ࣌ྻܥͷಛ௃ʹΑΔͱ͑ߟΒΕΔɽ

7 ݁࿦
ຊ࿦จͰ͸ɼ௕ظ༧ଌ͕ෆՄೳͱ͞ΕΔΧΦεμΠφϛΫεΛ༗͢ΔϩδεςΟοΫࣸ૾Λཚ਺ੜ੒ݯͱ͢Δ͜

ͱͰɼੑೳ͕ྑ͍ཚ਺͕ੜ੒Ͱ͖Δ͔Λௐࠪͨ͠ɽ਺஋ࠩޡࢉܭΛ؇࿨͢ΔͨΊʹɼϩδεςΟοΫࣸ૾Λ੔਺ϩ
δεςΟοΫࣸ૾ (ࣜ (3)) ΁ͱ֦ுͨ͠ [P1, P4, P5]ɽ·ͣॳΊʹɼੜ੒͞ΕΔཚ਺ͷੑೳ͕͍ߴͱظ଴͞ΕΔύ
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カオスサーチを用いた Prize Collecting Steiner Tree Problemの解法
金子信生 (池口徹教授 )

1 はじめに
ガスのパイプラインや水道，電力網などを新設する場合，設置にかかるコストを抑え，主要地点を連結したいという

要求が生じる．これらの要求は，Prize Collecting Steiner Tree Problem [1] (以下，PCSTP)を解くことによって解決する
ことができる．しかし，PCSTPは NP困難な組み合わせ最適化問題であり，現実的な時間で最適解を求めることは難し
い．そのため，短い時間で優れた近似解を得られる手法の開発が求められる．PCSTP同様，NP困難な問題として巡回
セールスマン問題 (以下，TSP)がある．文献 [2]より，カオスニューラルネットワーク (以下，CNN)を用いることで，
TSPの効率的な解探索が行えることが報告されている．また，タブーサーチを用いて PCSTPを効果的に解くことができ
ることも報告されている．そこで本論文では，CNNを用いて PCSTPを効果的に解く手法を提案し，その性能をタブー
サーチと比較することで調査した．数値実験の結果から，カオスサーチを用いることで広範囲の解空間を探索すること
が可能となり，タブーサーチよりも高い解探索性能と安定性をを示すことがわかった．

2 PCSTP

PCSTPは価値を持つ prizeノード，価値を持たない中継ノード，重みを持つエッジからなるグラフが与えられた際，式
(1)の目的関数を最小化する部分木を求める問題である．全ての prizeノードを部分木に含む必要はないが，prizeノー
ドを部分木に含まない場合は，そのノードが持つ価値を得ることができなかったことになるので prize分の罰則を目的
関数に与える．一方，中継ノードは部分木に含まずとも罰則を受けない．

min　　 ∑
e∈ET

ce + ∑
v/∈VT

pi (1)

ここでVG, VT は G,T に含まれるノード集合，EG,ET は G,T に含まれるエッジ集合である．すなわち，PCSTPは，木
T に含まれるエッジコストと木 T に含まれないノードのペナルティの和を最小にする問題である．

3 提案法
3.1 近傍操作 [3]
ある解に対して，小さな修正を加え異なる解 (近傍解)を生成する操作を近傍操作という．本論文では近傍操作とし

てノードの挿入と削除を行い，最小全域木を再構築する．この操作はノード iの状態が反転するように行われる．すな
わち i /∈ VT ならば iを解 Tに追加し，i ∈ VT とする．一方 i ∈ VTならば iを削除し，i /∈ VTとする．このとき，VT で再構
築する最小全域木が分裂した場合は，実行不可能解となる．また PCSTPでは，近傍操作が目的関数値に与える影響を
考慮し，pi > 0のノードには特別な操作を行う．i /∈ VT ならば iから解までの最短経路上にあるノードすべてをVT に追
加する．一方 i ∈ VT かつ iの次数が 1ならば iを削除し，i /∈ VT とする．そのあと削除によって次数が 1になったペナ
ルティが 0のノードを再帰的に削除する．ノード iの次数が 2以上のとき，実行不可能解となる．操作例を図 1に示す．
図 1(a)は，入力グラフであり，ノード 1, 3, 7, 9のペナルティは 10である．図 1(b)は，入力グラフから生成された木
である．図 1(b)にノード 3を追加した木が，図 1(c)であり，図 1(c)からノード 9を削除した木が，図 1(d)である．
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図 1: ペナルティが 0でないノードに対する挿入・削除の例

3.2 CNN[2]
人間の脳の情報処理は，外部から刺激を受けたニューロンが発火し，別のニューロンへ情報を伝達することで行なわ

れている．この処理を数理モデルで再現したものを，ニューロンモデルという．このニューロンモデルからなるニュー
ラルネットワークのニューロン iの出力は，式 (2)で表される．

xi = f{ξ +η −θ} (2)

ここで，ξ は外部入力，η は他のニューロンからの入力，θ は閾値， f (·)はステップ関数である．
そして，このモデルに式 (3)で表される不応性を加え，出力関数を式 (4)で与えられる滑らかで連続なシグモイド関
数に変更したものをカオスニューロンモデルという．不応性は，発火したニューロンが一時的に再発火しづらくなる効
果である．

ζi(t +1) = kζi(t)−αxi(t)+R (3)

f (y) =
1

1+ exp(− y
ε )

(4)

ε は，シグモイド関数の尖鋭度である．また，このカオスニューロンモデルを N個のニューロン間で相互結合させた
ものが CNNである．提案法では，ニューロン iが PCSTPのノード iに対応するように CNNを構築し，xi(t +1) ≥ 0.5
のとき,ノード iについて 3.1節の近傍操作を行う．この CNNを用いた探索法がカオスサーチである．時刻 t+1におけ
る，ニューロン iのダイナミクスは，式 (5) ∼式 (8)で表現できる．

ξi(t +1) = β∆i(t) (5)

ηi(t +1) = −W
N

∑
l=1,l ̸=i

xl(t)+W (6)

ζi(t +1) = kζi(t)−αxi(t)+R (7)

xi(t +1) = f {ξi(t +1)+ηi(t +1)+ζi(t +1)} (8)

ξi(t +1)は外部入力を表し，目的関数値を減少させていく効果がある．β は外部入力の調整パラメータ，∆i(t)はノー
ド iに 3.1節の近傍操作を行ったとき減少する目的関数値である．ηi(t +1)は他のニューロンからの入力を表し，ニュー
ロンの発火を抑制する効果がある．W は結合荷重である．ζi(t +1)は不応性効果を表し，発火したニューロンの再発火
を抑制する効果がある．kは不応性の減衰定数，α は不応性の調整パラメータ，Rは不応性のバイアスである．xi(t +1)

は，ニューロン iの出力を表し，内部状態を式 (4)のシグモイド関数に通すことで得られる．
また，式 (9)は，式 (7)のようにかけるので，パラメータを α = ∞, k = 1.0とすることで，タブーサーチとなる．パラ

メータ sはタブー期間に相当する．d は現在時刻との差を表す．

ζi(t +1) = −α
s

∑
d=0

kdxi(t −d) (9)
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4 実験結果
DIMACS challengeのベンチマーク問題 [4]から，K100.1，K100.2，．．．，K100.10の 10個の問題を使用し，タブーサー

チと提案法の性能比較を行うため，適切なパラメータの探索を行った．それぞれの問題の性能は，タブーサーチはタ
ブー期間である s，提案法はW と Rを固定したため，ξ の調整パラメータ β と ζ の減衰定数 kに依存する．
タブーサーチのタブー期間 sは，各問題で sを 12から 29まで変化させ，それぞれ 10回探索した結果の平均がもっ
とも低くなった sを採用した．
，カオスサーチに使用するパラメータは β = 0.0006,k = 0.95とした．
決定したパラメータを用い 10,000イタレーション経過したとき一回の探索の終了とし，計算を行った．評価指標は，
一回の探索から式 (10)を用いて算出される誤差率である．初期解は，すべての接続可能な prizeノード (pi > 0)を,最
短経路で接続させ生成した．初期解による誤差率のばらつきを防ぐため，それぞれの問題を 10回探索して得られた平
均誤差率と最大値，最小値を求め，性能評価を行った．

誤差率=
最良の目的関数値−最適値

最適値 ×100 [%] (10)

表 1: 10個のベンチマーク問題について，タブーサーチとカオスサーチそれぞれで解いたときの性能
タブーサーチ カオスサーチ

ベンチマーク問題 タブー期間 最小値 平均値 最大値 最小値 平均値 最大値
K100.1 20 0 0.379 0.757 0 0.252 1.262
K100.2 13 0 2.51 6.545 0 0.489 0.945
K100.3 28 1.903 28.984 62.248 0 0.39 3.898
K100.4 13 0 0 0 0 0 0
K100.5 12 4.164 4.512 5.899 0 0 0
K100.6 13 0 0.348 1.742 0 0 0
K100.7 26 0 1.414 3.112 0 0.376 1.257
K100.8 16 0 0.998 4.315 0 0 0
K100.9 13 0 0 0 0 0.254 1.268
K100.10 13 2.794 3.371 5.677 2.794 2.794 2.794
平均 0.886 4.252 9.030 0.279 0.456 1.142

各ベンチマーク問題をタブーサーチとカオスサーチそれぞれで解いた結果を表 1に示す．タブーサーチとカオスサー
チを比較して，性能が上回った場合を太字とした．表 1において，良い結果が得られた方を太字で示す．タブーサーチ
では，問題 K100.3，K100.5，K100.10で最小誤差率 0で求めることができなかった．また問題 K100.3，K100.7の最大
誤差率は極端に高い値となっていたことから局所解からの脱出が出来なかったことが分かる．一方，カオスサーチでは
K100.10を除く問題で最小誤差率が 0となっていた．最大誤差率についても極端に大きな値は見られない．この結果か
らカオスサーチは，タブーサーチと比較して優れた解探索性能と局所解の脱出能力があることが考えられる．また，そ
れぞれの平均誤差率を比較すると，問題 K100.9以外の問題でカオスサーチが同等以上の性能を示していた．このこと
から，異なる問題についてもカオスサーチは有効であることがわかる．
性能の違いの理由を調査するため，それぞれの解探索の様子を比較した．解の推移のプロットを横軸をイタレーショ

ン，縦軸を誤差率として図 (2)に示す．ただし，カオスサーチは 1イタレーションで解の遷移を複数回行うため，イタ
レーション終了時の解の誤差率をプロットした．

Ikeguchi Laboratory 2018(p. 109 / 190)



 0

 20

 40

 60

 80

 100

 120

 140

 160

 0  200  400  600  800  1000  1200  1400  1600  1800

E
rr

e
r 

ra
te

Iteration

best answer
current answer

(a) タブーサーチ

 0

 20

 40

 60

 80

 100

 120

 140

 160

 180

 0  200  400  600  800  1000  1200  1400  1600  1800

E
rr

e
r 

ra
te

Iteration

current answer
best answer

(b) カオスサーチ

図 2: K100.7を探索したときの解の遷移

タブーサーチの探索では，150イタレーションから 500イタレーション，600イタレーションから 900イタレーショ
ンの間で同様の波形を繰り返している．これは局所解に陥り，脱出が出来なくなったことを意味している．また解のば
らつきも小さい．一方，カオスサーチの探索では同様の波形を繰り返す箇所は観察できない．解のばらつきも大きく広
範囲で解空間の探索を行えていることがわかる．

5 まとめ
本論文では，カオスサーチを用いた PCSTPの解法を提案した．その結果，カオスサーチはタブーサーチと比較して

広範囲の解空間を探索することができるため，局所解に陥りづらく，安定した探索を行えることがわかった．
今後の課題として，問題に適したパラメータを設定する手法の確立が求められる．そして，よりノード数が多い問題

や異なる特徴を持った問題に対しても調査を行う必要がある．また，既存の手法の探索法をカオスサーチに変更したと
きの性能についても調査を行い，カオスサーチの性能を発揮できる手法の開発も重要である．
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ෳࡶωοτϫʔΫߏ଄্ͰͷҼՌؔ܎ͷਪఆʹؔ͢Δڀݚ

ᖒా࿨໻ (஑ޱప तڭ )
1 ͸͡Ίʹ
༷ʑͳࣄ৅ؒͷҼՌؔ܎Λ໌Β͔ʹ͢Δ͜ͱ͸ֶ޻ʹ͓͍ͯ΋ॏཁͳ՝୊Ͱ͋ΔɽҼՌؔ܎ͷਪఆର৅ʹ͸༷ʑ
ͳछྨ͕͋Δ͕ɼຊ࿦จͰ͸࣌ྻܥ৴߸ؒͷҼՌؔ܎ [1,2]Λର৅ͱ͢Δɽ࣌ྻܥ৴߸ؒͷҼՌؔ܎Λਪఆ͢Δख
๏ͱͯ͘͠޿༻͍ΒΕ͖ͯͨख๏ͷҰͭʹGranger Causality [1]͕͋ΔɽҰํɼܾఆ࿦త͔ͭඇઢܗͳ࣌ྻܥ
৴߸ؒͷҼՌؔ܎ΛΑΓ͍ߴਫ਼౓ͰਪఆͰ͖Δख๏ͱͯ͠Convergent Cross Mapping [2]͕ SugiharaΒʹΑΓ
ఏҊ͞Ε͍ͯΔ [2,3]ɽConvergent Cross Mapping͸࣌ྻܥ৴߸ͷ௕͕͞୹͍৔߹Ͱ΋༗ޮͱͳΔ͜ͱͳͲ͕จ
ݙ [3]Ͱ͸ࣔ͞Ε͍ͯΔɽ͔͠͠ɼෳࡶͳωοτϫʔΫߏ଄Ͱ݁߹ͨ͠ૉ͔ࢠΒ૑ग़͞ΕΔ࣌ྻܥ৴߸ؒͷҼՌ
ಈΛϩδεςΟοΫࣸ૾ͱͯ͠ɼωοτڍͷࢠͷਪఆʹؔ͢Δௐࠪ΋ॏཁͰ͋Δɽͦ͜Ͱຊ࿦จͰ͸ɼ֤ૉ܎ؔ
ϫʔΫߏ଄ʹෳࡶωοτϫʔΫͷ਺ཧϞσϧΛ༻͍Δ͜ͱͰωοτϫʔΫߏ଄͕ҼՌੑʹ༩͑ΔӨڹΛௐࠪ͢Δɽ
۩ମతʹ͸ɼͭࢬͳ͗ม͑֬཰ΛมԽͤͨ͞৔߹ͷεϞʔϧϫʔϧυωοτϫʔΫͷϞσϧ (Watts-StrogatzϞ
σϧ)ʹର͠ɼConvergent Cross MappingΛ༻͍ͨࡍͷҼՌؔ܎ͷਪఆਫ਼౓͕ͲͷΑ͏ʹมԽ͢Δ͔ௐࠪͯ͠
͍Δɽ͞Βʹɼ࣍਺ͷࠩҟ΍ωοτϫʔΫͷίϛϡχςΟߏ଄ͷ༗ແʹΑΔҼՌؔ܎ͷਪఆਫ਼౓ͷࠩʹ͍ͭͯ΋
ͷਪఆਫ਼౓܎ଇతͳωοτϫʔΫʹ͓͍ͯ΋ϥϯμϜͳωοτϫʔΫʹ͓͍ͯ΋ҼՌؔنɽͦͷ݁Ռɼͨ͠౼ݕ
ʹ͸͕ࠩݱΕͳ͔͕ͬͨɼίϛϡχςΟߏ଄ͷ༗ແʹΑΔҼՌؔ܎ͷਪఆਫ਼౓ʹ͸͕ࠩݱΕΔ͜ͱ͕Θ͔ͬͨɽ
2 Convergent Cross Mapping(CCM) [2][3]

৴߸ͷ௕͕͞ྻܥ͸ɼ࣮࣌ࣄ৴߸ͷ৘ใ͕஝ੵ͞Ε͍ͯΔɽ͜ͷྻܥҼͷ࣌ݪ৴߸ʹ͸ͦͷྻܥଌ͞Εͨ࣌؍
௕͘ͳΔ΄ͲݦஶͱͳΔɽ࣮ࡍɼ͜ͷΑ͏ͳํ͑ߟ͸ຊ࿦จͰ༻͍ΔConvergent Cross Mapping (CCM)Λؚ
ΉछʑͷҼՌੑਪఆ๏ͷڞ௨ͷํ͑ߟͰ͋ΔɽຊઅͰ͸ɼྗֶܥཧ࿦ʹͮ͘جҼՌੑਪఆ๏Ͱ͋ΔCCMʹ͍ͭ
ͯड़΂Δɽ
·ͣɼXt, Ytͷ 2ม਺͔ΒͳΔྗֶܥΛ͑ߟΔɽXt͕ݪҼɼYt͕݁Ռͱ͢Δɽt͸࣌ࠁͰ͋ΔɽຊདྷCCMͰ
͸ɼଟ࣍ݩͷ࣌ྻܥ৴߸શͯʹରͯ͠ҼՌؔ܎ͷਪఆΛ͕͏ߦɼ͜͜Ͱ͸؆୯ͷͨΊ ͱ͢Δɽݩ2࣍
͜ͷ 2ͭͷ࣌ྻܥ৴߸ʹCCMΛద༻͢Δʹ͋ͨͬͯɼݩͷ࣌ྻܥXt, Yt͔Β࣌ؒ஗Ε࠲ඪܥʹΑΔΞτϥΫ
λͷߏ࠶੒Λ͏ߦ [4]ɽ͜ΕʹΑΓɼ֤࣌ྻܥ৴߸ؒͷҼՌੑΛຒΊࠐΈۭؒ಺ͷڑ཭ͱͯ͠ଊ͑Δ͜ͱ͕Ͱ͖
Δɽ࣌ྻܥ৴߸Xt ͔ΒΞτϥΫλͷߏ࠶੒Λ͢Δࡍɼ࣌ؒ஗ΕΛ τ ͱͯ͠ɼ࣌ؒ஗ΕϕΫτϧ x(t)Λ࡞੒͢
Δɽ࣌ؒ஗ΕϕΫτϧ x(t)͸ࣜ (1)ͷΑ͏ʹͳΔɽͨͩ͠ɼm͸ຒΊࠐΈ࣍ݩͰ͋Δɽ

x(t) = (Xt, Xt+τ , Xt+2τ , · · · , Xt+(m−1)τ ) (1)
ಉ༷ʹͯ͠ y(t)͸ࣜ (2)ͷΑ͏ʹͳΔɽ

y(t) = (Yt, Yt+τ , Yt+2τ , · · · , Yt+(m−1)τ ) (2)
࣍ʹɼݩͷ࣌ྻܥ৴߸Xt, YtΛ༧ଌ͢ΔͨΊʹɼ্هͷ࣌ؒ஗ΕϕΫτϧ x(t)ɼy(t)Λ༻͍Δɽx(t)Λ༻͍
ͯ YtΛ༧ଌɼy(t)Λ༻͍ͯXtΛ༧ଌ͢ΔͨΊɼCross Mappingͱݺ͹Ε͍ͯΔ [2][3]ɽ͜͜Ͱɼ༧ଌ࣌ྻܥ৴
߸ΛͦΕͧΕɼX̂t, Ŷtͱ͢ΔͱɼŶt͸ࣜ (3)ʹΑΓද͢͜ͱ͕Ͱ͖Δɽ

Ŷt =
m+1∑

i=1

w
(x,i)
t Y i

t (3)

ͨͩ͠ɼw
(x,i)
t ͸X ʹؔ͢ΔຒΊࠐΈۭؒ಺Ͱɼ࣌ؒ஗ΕϕΫτϧ x(t)ʹ i൪໨ʹڑ཭͕͔ۙͬͨ࣌ؒ஗Ε

ϕΫτϧ͔Βࢉग़ͨ͠ॏΈͷ͜ͱͰ͋Δɽ۩ମతʹ͸ɼw
(x,i)
t ͸ࣜ (4)Ͱද͞ΕΔɽ

w
(x,i)
t =

ui
t

m+1∑

j=1

uj
t

(4)

·ͨɼY i
t ͸ w

(x,i)
t ʹ࣌ؒతʹରԠ͢Δ YtͰ͋Δɽͨͩ͠ɼui

t͸ࣜ (5)Ͱද͞ΕΔɽ

ui
t = exp

−d[x(t), xi(t)]

d[x(t), x1(t)]
(5)

ͨͩ͠ɼd[x(t), x(s)]͸ x(t)ͱ x(s)ؒͷϢʔΫϦουڑ཭Ͱ͋Δɽxi(t)͸ɼຒΊࠐΈۭؒ಺Ͱ x(t)ʹ i൪
໨ʹ͍ۙ࣌ؒ஗ΕϕΫτϧͰ͋Δɽ্هͷࣜ (3)∼(5)Λ·ͱΊΔͱࣜ (6)ͷΑ͏ʹͳΔɽ

Ŷt =
m+1∑

i=1

exp{−d[x(t), xi(t)]/d[x(t), x1(t)]}
m+1∑

j=1

exp{−d[x(t), xj(t)]/d[x(t), x1(t)]}
Y i

t (6)

ࣜ (6)Λ༻͍ͯશͯͷ tʹରͯ͠ ŶtΛ͢ࢉܭΔɽ࣮ࡍͷ࣌ྻܥ৴߸ Ytͱࣜ (6)ͰٻΊͨ Ŷtؒͷ૬ؔ܎਺ ρX→Y

ʹΑͬͯ Cross Mappingͷਖ਼֬ੑΛධՁ͢Δɽ·ͨɼX̂t ʹؔͯ͠΋ಉ༷ͷࢉܭΛ͍ߦɼ૬ؔ܎਺ ρY →X ʹΑ
ΓධՁ͢ΔɽࠓɼXt͕ݪҼͰɼYt͕݁ՌͰ͋ΔͱԾఆ͢Δɽ͜ͷͱ͖ɼx(t)͔Β༧ଌͨ͠ Ŷtͱ Ytؒͷ૬ؔ܎
਺ ρX→Y ͸௿͍஋ͱͳΔɽҰํɼy(t)͔Β༧ଌͨ͠ X̂tͱXtؒͷ૬ؔ܎਺ ρY →X ͸͍ߴ஋ͱͳΔɽͳͥͳΒ͹ɼ
޲ͷ༗ແͱํ܎৴߸ͷ৘ใ͸ؚ·Ε͍ͯͳ͍ͨΊͰ͋Δɽ͜ΕʹΑΓҼՌؔྻܥ৴߸ʹ͸݁Ռͷ࣌ྻܥҼͷ࣌ݪ
Λਪఆ͢Δɽ
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3 ݁߹ϩδεςΟοΫࣸ૾ [5][6]
ຊ࿦จͰ͸ɼ݁߹ϩδεςΟοΫࣸ૾ (ࣜ (7))Λର৅ͱͯ͠ղੳΛ͏ߦɽ

zi(t + 1) = (1 − ϵ)f(zi(t)) +
ϵ

K

N∑

j=1

ai,jf(zj(t)) (7)

ࣜ (7)ʹ͓͍ͯ zi(t)͸௖఺ iͷ࣌ࠁ tͰͷঢ়ଶ஋Λද͢ɽ·ͨɼf(z)͸ϩδεςΟοΫࣸ૾ f(z) = αz(1 − z)
Ͱ͋Γɼα͸ϩδεςΟοΫࣸ૾ͷൟ৩཰Λද͢ύϥϝʔλͰ͋Δɽϵ͸֤௖఺ؒͷ݁߹ڧ౓Ͱ͋Δɽຊ࿦จͰ
͸ɼ؆୯ͷͨΊK = 1ͷ৔߹ʹ͍ͭͯݕ౼͍ͯ͠ΔɽN ͸ωοτϫʔΫͷશ௖఺਺Ͱɼai,j ͸ωοτϫʔΫͷ
ྡ઀ྻߦͷୈ (i, j)੒෼Λද͢ɽ

4 ͼϥϯμϜͳωοτϫʔΫʹର͢ΔҼՌਪఆਫ਼౓ͷൺֱٴଇతن
Watts-StrogatzϞσϧ [7]ͱ͸࣮ݱͷωοτϫʔΫʹݟΒΕΔεϞʔϧϫʔϧυੑΛ͢ݱ࠶ΔωοτϫʔΫϞ
σϧͰ͋ΔɽεϞʔϧϫʔϧυੑͱ͸ωοτϫʔΫͷฏۉΫϥελ܎਺͸େ͖͘ɼฏۉ௖఺ؒڑ཭͸খ͍͞ͱ͍
͏ੑ࣭Ͱ͋Δɽ
·ͣɼWSϞσϧͰ࡞੒ͨ͠ωοτϫʔΫͷྡ઀ྻߦΛ༻͍ͯɼࣜ (7)ͷ݁߹ϩδεςΟοΫࣸ૾ͷ֤௖఺͔
Βੜ੒ͨ࣌͠ྻܥ৴߸ʹରͯ͠ɼCCMʹΑΔҼՌਪఆΛͨͬߦɽ
4.1 ৚݅ݧ࣮
ࣜ (7)Ͱͷ֤ύϥϝʔλ͸ɼα = 3.75ɼϵ = 0.01ɼN = 20ͱͨ͠ɽ·ͨɼCCMΛద༻͢Δࡍͷ֤ύϥϝʔλ
͸ຒΊࠐΈ࣍ݩm = 2ɼ࣌ؒ஗Ε τ = 1ͱͨ͠ɽWSϞσϧͷฏ࣍ۉ਺͸ k = 4ͱ͠ɼͭࢬͳ͗ม͑֬཰ p͸
0.0 ≤ p ≤ 1.0ͷൣғͰɼ0.05ࠁΈͱͯ͠ωοτϫʔΫΛ࡞੒ͨ͠ɽ࣍ʹɼ֤͗ܨࢬม͑֬཰ pʹରͯ͠ɼWSϞ
σϧʹैͬͨωοτϫʔΫΛ ৴߸ʹରͯ͠ྻܥੜ੒ͨ͠ɽੜ੒ͨ͠ωοτϫʔΫͷ֤௖఺͔ΒಘΒΕΔ࣌ݸ20
CCMΛద༻ͯ͠༧ଌਫ਼౓Λͨ͠ࢉܭɽ͞ΒʹɼಘΒΕͨ༧ଌਫ਼౓ʹରͯ͠େ௡ͷೋ஋Խॲཧ [8]Λద༻͠ɼᮢ
஋ΛఆΊͯ݁߹ਪఆΛ 20ճ͍ߦɼ݁߹ਪఆਫ਼౓ͷฏۉΛͨ͠ࢉܭɽͦͷࡍ༻͍ͨ༧ଌਫ਼౓͸࣌ྻܥ৴߸ͷ௕͞
͕ 4000ͷ৔߹ʹ CCMΛద༻ͯ͠ಘΒΕͨ༧ଌਫ਼౓Ͱ͋Δɽ
4.2 ݁Ռ
ͳ͗ม͑֬཰ͭࢬ p = 0.0ɼ0.35ɼ1.0ͷ৔߹ͷ݁ՌΛਤ 1ʹࣔ͢ɽਤ ߦ͸ର৅ͱͨ͠ωοτϫʔΫͷྡ઀ྻࠨ1
ྻɼதྻ͸݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ৴߸ͷ௕͞Λ 100ͱͨ͠৔߹ʹCCMʹΑΓಘΒΕͨ૬ؔ܎਺ྻߦɼ
ӈྻ͸݁߹ϩδεςΟοΫࣸ૾ͷ࣌ྻܥ৴߸ͷ௕͞Λ 4,000ͱͨ͠৔߹ͷ૬ؔ܎਺ྻߦͰ͋Δɽ·ͨɼਤ 1ͷ૬
͍ࣜͨ༺ʹΔԣ࣠͸༧ଌ͚͓ʹྻߦ਺܎ؔ (7)ͷ࣌ྻܥ৴߸ zi(t)ͷΠϯσοΫεΛɼॎ࣠͸༧ଌͨ࣌͠ྻܥͷ
ΠϯσοΫεΛද͍ͯ͠Δɽ͞Βʹɼͭࢬͳ͗ม͑֬཰ pͱ 5ճฏۉΛͱͬͨ݁߹ਪఆਫ਼౓ͷؔ܎Λਤ 2ʹࣔ͢ɽ

ྡ઀ྻߦ ௕ྻܥ࣌ 100 ௕ྻܥ࣌ 4,000

p=0

p=0.35

p=1.0

ਤ 1: WSϞσϧͷͭࢬͳ͗ม͑֬཰Λ p = 0.0, 0.35, 1.0ͱͨ͠৔߹ͷ݁Ռ
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ਤ 2: WSϞσϧͷͭࢬͳ͗ม͑֬཰ pͱ݁߹ਪఆਫ਼౓ͷؔ܎

ਤ 1 ΛݟΔͱɼ࣌ྻܥ৴߸ͷ௕͞Λ 100 ͱͨ͠
৔߹ɼਖ਼֬ʹ༧ଌͰ͖ͳ͍͜ͱ͕Θ͔ΔɽҰํɼਤ
1(d),(h),(l)ͷ݁Ռ͔Βɼͭࢬͳ͗ม͑֬཰ΛมԽ͞
ͤͨͱ͖ɼنଇతͳωοτϫʔΫͰ΋ϥϯμϜωοτ
ϫʔΫͰ΋࣮ࡍʹ݁߹͍ͯ͠Δ௖఺ؒʹͯCCMΛ༻
਺͸܎Εͨ૬ؔ͞ࢉܭ͍ͯ 0.3ఔ౓ͱͳ͍ͬͯΔɽ͞
Βʹɼ݁߹͍ͯ͠ͳ͍௖఺ؒͷ૬ؔ܎਺͸΄΅ 0ʹऩ
ଋͨ͠ɽ͜ΕΒͷ݁Ռ͔Βɼ݁߹ਪఆ͕ਖ਼͑͘͠ߦΔ
͜ͱ͕ظ଴͞ΕΔɽ࣮ࡍɼେ௡ͷೋ஋Խॲཧ [8]Ͱఆ
Ίͨᮢ஋Λ༻͍ͯ݁߹ਪఆΛ݁ͨͬߦՌͰ͋Δਤ 2Λ
ଇతͰ΋ϥϯμϜͰ΋ن଄͕ߏΔͱɼωοτϫʔΫݟ
݁߹ਪఆਫ਼౓͸ 0.95ఔ౓ͷ஋Ͱ͋ΓɼCCMͱେ௡
ͷೋ஋ԽॲཧΛ༻͍ͨҼՌؔ܎ͷਪఆਫ਼౓͸ɼωοτ
ϫʔΫߏ଄ʹґଘ͠ͳ͍ͱ͍͏͜ͱ͕Θ͔Δɽ

5 ࣍਺ͱฏۉ༧ଌਫ਼౓ͷؔ܎ʹ͍ͭͯ
CCM͸͋Δ࣌ྻܥ৴߸͕༗͢Δ৘ใʹ͖ͮجɼଞͷ࣌ྻܥ৴߸ͷมԽΛ༧ଌ͢Δख๏Ͱ͋ΔɽͦͷͨΊɼશ
௖఺ؒͷ݁߹ڧ౓͕Ұ༷ͳͱ͖ɼ࣍਺͕͍ߴ௖఺͕ଞͷ೚ҙͷ௖఺͔Βड͚औΔ৘ใྔ͸૬ରతʹ௿Լ͠ɼͦͷ
݁Ռɼ͜ΕΒͷ௖఺ؒͷ࣌ྻܥ৴߸ͷ༧ଌਫ਼౓͸Լ͕Δͱ͑ߟΒΕΔɽͦ͜Ͱɼ࣍਺ͱCCMʹΑΔ࣌ྻܥ৴߸
ͷ༧ଌਫ਼౓ͷؔ܎ʹ͍ͭͯௐࠪͨ͠ɽͦͷࡍɼຒΊࠐΈ࣍ݩͷมԽ͕ਫ਼౓ʹ༩͑ΔӨڹʹ͍ͭͯ΋ௐࠪͨ͠ɽ
৴߸ͷ௕͞Λྻܥ࣌ͯؔ͠ʹ௚઀݁߹͍ͯ͠Δ௖఺ؒʹࡍ࣮ 4,000ͱͨ͠৔߹ʹ Cross Mappingͯ͠ಘΒΕ
Δ૬ؔ܎਺ͷฏۉ஋ ρ̄Λฏۉ༧ଌਫ਼౓ͱͨ͠ɽ۩ମతʹ͸ɼρ̄Λࣜ (8)Ͱఆٛ͢Δɽ

ρ̄ =

N∑

i=1

N∑

j=1

ai,j

1

T

T∑

t=1

(ẑj,i(t) − ¯̂zj,i)(zj(t) − z̄j)

√√√√ 1

T

T∑

t=1

(ẑj,i(t) − ¯̂zj,i)2

√√√√ 1

T

T∑

t=1

(zj(t) − z̄j)2

kN
(i ̸= j) (8)

͜͜Ͱɼẑi,j(t)͸ zj ͔Β CCMʹΑΓ༧ଌͨ͠ ziͷ࣌ࠁ tʹ͓͚Δ஋ɼT ͸ CCMΛద༻͢Δࡍɼ༧ଌʹ༻
৴߸ͷ௕͞Ͱ͋Δɽ·ͨɼz̄iɼ¯̂zi͸ྻܥ͍࣌ͨ ziɼẑiͷฏۉ஋Ͱ͋Δɽ

5.1 ৚݅ݧ࣮
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ਤ 3: ຒΊࠐΈ࣍ݩmΛมԽͤͨ͞ͱ͖ͷ࣍਺ kͱฏۉ༧ଌ
ਫ਼౓ ρ̄ͷؔ܎

ࣜ (7) ͷ݁߹ϩδεςΟοΫࣸ૾ͷύϥϝʔλ͸ɼ
α = 3.75ɼϵ = 0.05ɼN = 20ͱͨ͠ɽ·ͨɼCCM
Λద༻͢ΔࡍɼຒΊࠐΈ࣍ݩmΛ 2 ≤ m ≤ 5ɼ஗Ε
࣌ؒ τ = 1ͱͨ͠ɽ·ͨɼWSϞσϧͷฏ࣍ۉ਺͸
k = 4ͱ͠ɼWSϞσϧͷͭࢬͳ͗ม͑֬཰ p = 0.95
ͷͱ͖ʹؔͯ࣍͠਺ͱฏۉ༧ଌਫ਼౓ʹ͍ͭͯௐࠪͨ͠ɽ
ม͑֬཰Λ͗ܨࢬ p = 0.95ͱͨ͠ཧ༝͸ɼ֤௖఺ͷ
࣍਺ʹ͹Β͖͕ͭ͋Γɼ࣍਺ͱ༧ଌਫ਼౓ͷؔ܎ʹؔ͠
ͯͷௐࠪΛ্͏ߦͰ࣍਺ͷҧ͍ʹΑͬͯൺֱͰ͖Δͨ
ΊͰ͋Δɽ
5.2 ݁Ռ
ຒΊࠐΈ࣍ݩΛ 2 ≤ m ≤ 5ͷൣғͰมԽͤͨ͞ͱ
͖ͷ࣍਺ͱ࣌ྻܥ৴߸ͷฏۉ༧ଌਫ਼౓ͷؔ܎Λਤ 3ʹ
ࣔ͢ɽਤ 3ΑΓɼ࣍਺͕͍ߴ௖఺ʹؔͯ͠ͷ࣌ྻܥ৴
߸ͷ༧ଌਫ਼౓͸௿Լ͢Δ͜ͱ͕෼͔Δɽ·ͨɼຒΊࠐΈ࣍ݩmͷ্ঢʹ൐͍༧ଌਫ਼౓͕Լ͕Δ͜ͱ΋෼͔Δɽ͜
Ε͸ɼCCMʹΑΔ༧ଌͷࡍʹ༻͍Δۙ๣఺਺Λm + 1Ͱݻఆ͍ͯ͠ΔͨΊɼຒΊࠐΈ࣍ݩmͷ্ঢʹ൐͍༧
ଌͷࡍʹ༻͍Δۙ๣఺਺΋૿Ճ͠ɼͦͷ݁Ռɼ༧ଌਫ਼౓ͷ௿ԼΛটۙ͘๣఺ͷ৘ใΛ༻͍ͯ͠·ͬͨͨΊͩͱߟ
͑ΒΕΔɽ
6 ίϛϡχςΟߏ଄͕ҼՌਪఆਫ਼౓ʹ༩͑ΔӨڹʹ͍ͭͯ
ຊઅͰ͸ɼωοτϫʔΫͷίϛϡχςΟߏ଄ͷ༗ແ͕ҼՌؔ܎ͷਪఆਫ਼౓ʹ͍ͭͯ༩͑ΔӨݕ͍ͯͭʹڹ౼͢
ΔɽͦͷͨΊʹɼίϛϡχςΟΛ࣋ͭωοτϫʔΫͱίϛϡχςΟΛ࣋ͨͳ͍ϥϯμϜͳωοτϫʔΫʹରͯ͠
CCMʹΑΔҼՌਪఆਫ਼౓Λൺֱͨ͠ɽ
6.1 ৚݅ݧ࣮
·ͣɼ11௖఺ͷ׬શάϥϑΛ ࢬ੒͢Δɽ࣍ʹɼҰํͷωοτϫʔΫͷ௖఺͕༗͢Δ࡞2ͭ 1ຊͣͭΛଞํͷ
ωοτϫʔΫʹͭͳ͗ม͑ͨ 22௖఺Ͱ 2ͭͷίϛϡχςΟΛ࣋ͭωοτϫʔΫΛ࡞੒ͨ͠ɽ͜ͷͱ͖શ௖఺ͷ
࣍਺͸ 10Ͱ͋Δɽ·ͨɼ௖఺਺ 22ɼฏ࣍ۉ਺ 10ͷϨΪϡϥʔωοτϫʔΫΛ֤௖఺ͷ࣍਺͕ 10͔ΒมԽ͠ͳ
͍Α͏ʹϥϯμϚΠζͨ͠ωοτϫʔΫΛίϛϡχςΟߏ଄Λ༗͞ͳ͍ωοτϫʔΫͱͨ͠ɽ݁߹ϩδεςΟο
Ϋࣸ૾ͷύϥϝʔλ͸ɼϵ = 0.007, α = 3.75ͱͨ͠ɽ·ͨɼCCMͷύϥϝʔλ͸ຒΊࠐΈ࣍ݩm = 2ɼ஗Ε࣌
ؒ τ = 1ͱͨ͠ɽ
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6.2 ݁Ռ
ਤ 4͸ɼίϛϡχςΟߏ଄Λ࣋ͭωοτϫʔΫ (ਤ 4(a))ɼίϛϡχςΟߏ଄Λ࣋ͨͳ͍ϥϯμϜͳωοτϫʔ
Ϋ (ਤ 4(b)) ʹؔͯ͠ CCMΛద༻ͯ͠ಘΒΕͨ૬ؔ܎਺ྻߦͰ͋Δɽͨͩ͠ɼCCMΛద༻͢Δࡍͷ࣌ྻܥ৴
߸ͷ௕͞͸ 4,000ͱ͍ͯ͠Δɽਤ 4ͷԣ࣠͸ CCMͷࡍʹ༧ଌʹ༻͍ͨࣜ (7)ͷ࣌ྻܥ৴߸ zi(t)ͷΠϯσοΫ
εΛɼॎ࣠͸༧ଌ࣌ྻܥ৴߸ͷΠϯσοΫεΛද͢ɽ·ͨɼCCMΛద༻ͯ͠ಘΒΕͨ༧ଌਫ਼౓ʹର͠ɼେ௡ͷ
ೋ஋ԽॲཧΛద༻ͯ݁͠߹ਪఆਫ਼౓Λࢉग़ͨ͠ɽ֤ωοτϫʔΫͷ݁߹ਪఆਫ਼౓Λਤ 5ʹࣔ͢ɽ

ਤ 4: (a)ίϛϡχςΟߏ଄͕͋ΔωοτϫʔΫͱ (b)ίϛϡ
χςΟߏ଄͕ͳ͍ϥϯμϜωοτϫʔΫʹରͯ͠CCMΛద
༻ͨ݁͠Ռ
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ਤ 5: 22௖఺Ͱ 2ͭͷίϛϡχςΟΛ࣋ͭωοτϫʔΫͱ
ίϛϡχςΟΛ࣋ͨͳ͍ωοτϫʔΫΛ༻͍ͨCCMʹΑΔ
ҼՌؔ܎ͷਪఆਫ਼౓

ਤ 4(a)ΛݟΔͱɼ૬ؔ܎਺͔ྻߦΒίϛϡχςΟߏ଄Λ༗͢Δ͜ͱ͕Θ͔Δ͕ɼ૬ؔ܎਺ͷ஋͸ 0.1લޙͷ௿
͍஋ͱͳ͍ͬͯΔɽ·ͨɼਤ 5͔ΒίϛϡχςΟߏ଄ͷ͋ΔωοτϫʔΫͷํ͕ɼϥϯμϜͳωοτϫʔΫΑΓ
΋ҼՌؔ܎ͷਪఆਫ਼౓͕͘ߴͳΔͱ͍͏͜ͱ͕Θ͔Δɽ͜Ε͸ɼϥϯμϜͰίϛϡχςΟߏ଄Λ༗͞ͳ͍ωοτ
ϫʔΫͷํ͕֤௖఺ͷ࣋ͭ৘ใ͕ΑΓෳࡶʹӨ͠ڹ߹͍ɼ֤࣌ྻܥ৴߸ͷ৘ใ͕֦͞ࢄΕΔͨΊͩͱ͑ߟΒΕΔɽ
͢ͳΘͪɼίϛϡχςΟߏ଄Λ༗͢ΔωοτϫʔΫͰ͸֤࣌ྻܥ৴߸ͷ৘ใ֦͕ࢄίϛϡχςΟ಺ͰߦΘΕΔͨ
Ίʹɼ݁߹ਪఆ͕͠΍͍͢ͱ͑ߟΒΕΔɽ
7 ݁࿦
ຊ࿦จͰ͸ɼWSϞσϧͷ֤௖఺ͷڍಈΛϩδεςΟοΫࣸ૾ͱͨ͠ࡍʹಘΒΕΔଟ࣍ྻܥ࣌ݩ৴߸Λର৅ͱ
ͯ͠CCMΛద༻͠ɼҼՌؔ܎ͷਪఆΛͨͬߦɽWSϞσϧͷͭࢬͳ͗ม͑֬཰ΛมԽͤͯ͞ɼωοτϫʔΫߏ
଄Λنଇత͔ΒϥϯμϜ΁ͱมԽ࣮ͤͯ͞ݧΛ͕ͨͬߦɼωοτϫʔΫߏ଄ͷҧ͍͸ҼՌؔ܎ͷਪఆਫ਼౓ʹ͸Ө
଄Λ༗ߏ଄Λ༗͢ΔωοτϫʔΫ͸ίϛϡχςΟߏΛ༩͑ͳ͍ͱ͍͏͜ͱ͕ࣔ͞Εͨɽ͔͠͠ɼίϛϡχςΟڹ
͞ͳ͍ϥϯμϜωοτϫʔΫΑΓ΋ҼՌؔ܎ͷਪఆ͕͍ߦ΍͍͢͜ͱ΋ࣔ͞Εͨɽ·ͨɼ࣍਺͕͍ߴ௖఺ʹؔ͢
Δ࣌ྻܥͷฏۉ༧ଌਫ਼౓͸ɼ࣍਺͕௿͍௖఺ͷฏۉ༧ଌਫ਼౓ΑΓ΋௿͍ͱ͍͏݁Ռ͕ಘΒΕͨɽ͞ΒʹɼຒΊࠐ
Έ࣍ݩΛ૿΍͢ͱ࣌ྻܥͷ༧ଌਫ਼౓͕Լ͕Δͱ͍͏݁Ռ΋ಘΒΕͨɽࠓճ͸ɼ௖఺਺͕ 20ఔ౓ͷωοτϫʔΫ
Λର৅ͱ͕ͨ͠ɼ௖఺਺Λ૿΍ͨ͠৔߹ʹͲͷΑ͏ͳ݁Ռ͕ಘΒΕΔ͔͸ޙࠓͷ՝୊Ͱ͋Δɽ
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ᮢ஋͕มಈ͢Δ IzhikevichχϡʔϩϯͷඇઢܗμΠφϛΫεʹؔ͢Δڀݚ

ඈ઒ྰࡊ (஑ޱప तڭ )

1 ͸͡Ίʹ

೴಺ʹ͸ɼχϡʔϩϯͱݺ͹ΕΔਆࡉܦ๔͕ 1, 000ԯݸҎ্ଘ͍ͯ͠ࡏΔɽ͜ΕΒͷχϡʔϩϯ͸͍ޓʹ
݁߹͠ɼిؾ৴߸ʹΑΓ৘ใͷූ߸Խɼ఻ୡΛ͏ߦɽ֎෦͔Βᮢ஋Λ௒͑ΔΑ͏ͳిؾ৴߸ͷೖྗ͕͋Δͱɼ
ບిҐ͕ܹٸʹ্ঢ͢Δɽ͜ΕΛൃՐͱ͍͏ɽ·ͨ 1౓ൃՐͨ͠௚ޙ͸֎෦ೖྗΛ༩͑ͯ΋ൃՐ͠ͳ͍୹͍࣌
͕ؒ͋ΓɼͦΕΛෆԠظͱ͍͏ɽిؾ৴߸ͷ৘ใ఻ୡͷػೳΛղੳ͢ΔͨΊʹ͸ɼഔମͰ͋Δχϡʔϩϯͷڍ
ಈͷௐ͕ࠪඞཁෆՄܽͰ͋ΔɽχϡʔϩϯͷڍಈΛղ໌͢Δख๏ͷҰͭʹɼ਺ཧϞσϧʹΑΔບిҐͷԠ౴
ͷ͕͋ݱ࠶Δɽ਺ཧϞσϧͷ̍ͭͰ͋Δ IzhikevichχϡʔϩϯϞσϧ [1]͸༷ʑͳൃՐݱ৅Λݱ࠶Ͱ͖Δɽ͠
͔͠ɼ͜ͷϞσϧ͸࣮ݱͷχϡʔϩϯͰ͸ෆԠ͕ؒ࣌ظมԽ͢Δ͜ͱΛྀ͍ͯ͠ߟͳ͍ɽͦ͜ͰບిҐͷᮢ
஋Λมಈͤ͞ɼບిҐͷԠ౴Λ֬ೝ͠ɼ·࣮ͨݱͷχϡʔϩϯ͕ࣔ͢ΧΦεੑΛ༗͢Δ͔ௐࠪΛߦͳͬͨɽ

2 ख๏

2.1 IzhikevichχϡʔϩϯϞσϧ [1]

IzhikevichχϡʔϩϯϞσϧ͸ࣜ (1), (2)Ͱද͞ΕΔɽ{
v̇ = 0.04v2 + 5v + 140− u + I(t)

u̇ = a(bv − u)
(1)

if v ≥ θ[mV], then

{
v ← c

u← u + d
(2)

͜͜Ͱ v͸ບిҐɼu͸ճ෮ม਺ɼI ͸ύϥϝʔλ֎෦ೖྗɼθ͸ᮢ஋Λද͠ɼจݙ [1]Ͱ͸ θ = 30ͱͳͬ
͍ͯΔɽa, b, c, d͸ύϥϝʔλͰ͋ΔɽບిҐ v͕ᮢ஋ θΛ௒͑ͨͱ͖ v, uΛɼͦΕͧΕ c, u + dʹϦηοτ
͢Δ͜ͱͰൃՐΛ͍ͯ͠ݱ࠶Δɽ͜ͷϞσϧͰ͸ɼࣜதͷύϥϝʔλΛม͢ߋΔ͜ͱʹΑͬͯɼ࣮ݱͷχϡʔ
ϩϯ͕ࣔ͢छʑͷൃՐݱ৅Λ͢ݱ࠶Δ͜ͱ͕Ͱ͖Δ [2]ɽ

2.2 ᮢ஋ θͷมಈํ๏
ຊ࿦จͰ͸ɼᮢ஋ΛൃՐ͢Δ౓ʹ্ঢͤ͞ɼҎ߱ࢦ਺ؔ਺తʹݮਰ͢ΔΑ͏ʹࣜ (2)Ͱࣔͨࣜ͠ᮢ஋ θΛ
มಈͤͨ͞ [3]ɽᮢ஋ θͷఆٛΛࣜ (3)ʹࣔ͢ɽ

θ̇ =
−θ + θ0

τ
(3)

ͨͩ͠ θ0͸ᮢ஋ͷॳظ஋ɼτ ͸࣌ఆ਺Ͱ͋Δɽ·ͨൃՐ͢Δ౓ʹɼᮢ஋͸͋ΔҰఆͷ஋Λ૿Ճͤ͞ɼύϥ
ϝʔλ c͸͋ΔҰఆͷ஋ݮগͤͨ͞ɽ

3 ௐࠪ݁Ռ

ࣜ (3)Ͱࣔ͢Ԡ౴ͱɼθ0 = 30Ͱᮢ஋Λมಈͤ͞ͳ͍Ұൠతͳ IzhikevichχϡʔϩϯϞσϧʹ͓͍ͯͷԠ౴
ͷൺֱΛߦͳͬͨɽIzhikevichχϡʔϩϯϞσϧ͸ύϥϝʔλ a, b, c, d, IΛదٓઃఆ͢Δ͜ͱʹΑΓχϡʔϩ
ϯͷ୅දతͳൃՐݱ৅Λ͢ݱ࠶Δ͜ͱ͕Ͱ͖Δɽࠓճ͸ɼڵฃੑͷχϡʔϩϯʹଟ͘ݟΒΕΔൃՐಛੑͰ͋
ΔRegular-SpikingɼIntrisically-Burstingɼ཈੍ੑͷχϡʔϩϯʹଟ͘ݟΒΕΔൃՐಛੑͰ͋Δ Fast-Spiking

Λ༻͍ͨɽ֤ൃՐύλʔϯΛ͢ݱ࠶Δ୅දతͳύϥϝʔλ஋͸จݙ [1]ΛҾ༻ͨ͠ɽ

3.1 ບిҐ࣌ྻܥͰͷൺֱ
ද 1Ͱࣔͨ͠ύϥϝʔλͰͷບిҐ࣌ྻܥΛਤ 1ͱͯࣔ͢͠ɽ·ͨᮢ஋ θͱύϥϝʔλ cΛมಈͤͨ͞ࡍ
ͷບిҐ࣌ྻܥΛਤ 2ͱͯࣔ͢͠ɽਤ 1ɼਤ 2ʹ͓͍֤ͯਤͷࠠ৭ͷઢ͕ບిҐɼ੺৭͕ᮢ஋Ͱ͋Δɽ
ਤ 1ͱൺ΂ͯɼਤ 2ͷ࣌ྻܥ͸ൃՐִ͕͕ؒ޿Γᮢ஋͕ൃ͍ͯ͠ࢄΔ͕ɼจݙ [1]ͷൃՐύλʔϯͱྨ͠ࣅ
ͨൃՐύλʔϯ͕͞ݱ࠶Ε͍ͯΔɽ
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ද 1: ֤ൃՐύλʔϯΛ͢ݱ࠶Δύϥϝʔλ஋
ൃՐύλʔϯ a b c d I

Regular-Spiking 0.02 0.2 -65 8 10

Fast-Spiking 0.1 0.2 -65 2 10

Intrisically-Bursting 0.02 0.2 -55 4 10
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(a) Regular-Spiking
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(c) Intrinsically-Bursting

ਤ 1: ᮢ஋͕มಈ͠ͳ͍ IzhikevichχϡʔϩϯϞσϧʹ͓͚Δɼ֤ൃՐύλʔϯͷບిҐ࣌ྻܥ

3.2 ൃՐִؒͷώετάϥϜʹΑΔൺֱ
ਤ 1ɼਤ 2ͷບిҐʹରͯ͠ͷൃՐִؒΛௐࠪͨ͠ɽᮢ஋Λมಈͤ͞ͳ͍ͱ͖ͷൃՐִؒͷώετάϥϜΛ
ਤ 3ɼมಈͤͨ͞৔߹Λਤ 4ʹࣔ͢ɽॎ࣠͸ൃՐׂ߹ɼԣ࣠͸ൃՐִؒ (Inter Spike Interval, ISI)[ms]Λࣔ͠
͍ͯΔɽ
ਤ 3ΑΓᮢ஋͕มಈ͠ͳ͍৔߹͸ͲͷൃՐִؒ΋ಉ͡ճ਺ग़ͯ͠ݱԠ౴͕ҰఆͰ͋Δ͜ͱ͕Θ͔ΔɽҰํɼ
ਤ 4ΑΓɼᮢ஋͕มಈ͢Δ৔߹͸ෳ਺ͷൃՐִؒΛࣔ͢͜ͱ͕෼͔ΔɽൃՐִؒΛม͑ͨ͜ͱʹΑΓɼෆԠ
มԽ͢Δ͜ͱΛ֬ೝͰ͖ͨɽ͕ؒ࣌ظ

3.3 ບిҐ࣌ྻܥͰͷൺֱ
࣍ʹɼ֤ൃՐݱ৅ʹରͯ͠ ISI͕ͲͷΑ͏ʹස౓Ͱग़͢ݱΔͷ͔֬ೝ͢ΔͨΊɼISIͷଟ༷ੑʹண໨ͨ͠ղ
ੳΛ͏ߦɽա౉ঢ়ଶΛա͔͗ͯΒग़ͨ͠ݱ ISIͷछྨ਺Λ IkɼISIͷ૯਺Λ nͱͯ͠ɼISIͷଟ༷౓ࢦ਺RiΛ

Ri =
Ik

n
(4)

ͱఆٛ͢ΔɽISIͷछྨ਺͕ଟ͍ͱ͖ʹRi͸ 1ʹۙͮ͘ɽͭ·Γଟ༷ੑͷ͍ߴෳࡶͳൃՐύλʔϯͷ৔߹ɼRi

͸͍ߴ஋ͱͳΔɽύϥϝʔλ d = 2ɼI = 10ͱݻఆ͠ɼaɼbɼcΛมԽͤͨ͞ଟ༷౓ࢦ਺ͷ෼ذਤΛਤ 5ʹࣔ͢ɽ
ਤ 5(a)͸ c = −65ɼ0.02 ≤ a ≤ 0.035ɼ0.1 ≤ b ≤ 0.8ͱͨ݁͠ՌͰ͋Δɽਤ 5(b)͸ b = 0.2ɼ0.02 ≤ a ≤ 0.035

ɼ− 60 ≤ c ≤ −40ͱͨ݁͠ՌͰ͋Δɽਤ 5(c)͸ a = 0.02ɼ0.1 ≤ b ≤ 0.8ɼ− 60 ≤ c ≤ −40ͱͨ݁͠ՌͰ͋Δɽ
Έ෯ͱͯ͠ࠁ aΛ 0.0001ɼbΛ 0.01ɼcΛ 0.25ͣͭมԽ͍ͤͯ͞Δɽ
ਤ 5(a)Ͱ͸ɼRi ͷ࠷େ஋͸ a = 0.02ɼb = 0.11ɼc = −65ɼd = 2ɼI = 10ͷͱ͖ Ri = 0.94Ͱ͋ͬͨɽਤ

5(b)Ͱ͸ɼRiͷ࠷େ஋͸ a = 0.02ɼb = 0.2ɼc = −42.5ɼd = 2ɼI = 10ͷͱ͖ Ri = 0.201195Ͱ͋ͬͨɽਤ
5(c)Ͱ͸ɼRiͷ࠷େ஋͸ a = 0.02ɼb = 0.11ɼc = −50.75ɼd = 2.0ɼI = 10ͷͱ͖Ri = 0.950495Ͱ͋ͬͨɽ

3.4 ਺ࢦΓΛண໨ͨ͠ϦΞϓϊϑ͕޿ಓؒͷي [4]

3.3અʹͯɼଟ༷౓ࢦ਺͕࠷΋͔ͨͬߴύϥϝʔλʹରͯ͠ΧΦεੑΛ༗͍ͯ͠Δ͔ௐࠪΛߦͳͬͨɽΧΦ
εྗֶܥ͸ɼ͔ۇʹҟͳΔ 2ͭͷॳظ஋Λ༩͑ΔͱɼͦΕͧΕͷղيಓ͸ҟͳΔڍಈΛࣔ͢ॳظ஋Ӷහґଘ
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ੑΛ༗͍ͯ͠Δɽॳظ஋ӶහґଘੑΛఆྔԽ͢ΔͨΊͷࢦඪͱͯ͠ɼϦΞϓϊϑࢦ਺͕͋Δɽ࣌ࠁ tͰͷҟ
ͳΔ 2ͭͷॳظ஋ʹΑΔղيಓͷࠩΛɼD(t)ͱͯࣜ͠ (5)ʹࣔ͢ɽ

D(t) = D(0)λt (5)

͜͜Ͱ͸ λ͕ϦΞϓϊϑࢦ਺Λ͍ࣔͯ͠Δɽλͷ஋͕ਖ਼Ͱ͋Δ࣌ɼࣜ (5)͔ΒɼҟͳΔॳظ஋Λ༩͑ͨ࣌ͷղ
Δɽࣜ͑ݴ਺ؔ਺తʹ৳ͼ͍ͯͨ͘ΊɼͦͷԠ౴͸ΧΦεతͰ͋ΔͱࢦΓ͕͕޿ಓͷي (5)ͷର਺ΛͱΔͱ
ࣜ (6)ͷΑ͏ʹද͢͜ͱ͕Ͱ͖Δɽ

log D(t) = λt + log D(0) (6)

ຊ࿦จ͸ɼيಓؒڑ཭ͷฏۉD(t)͔Βɼ͖܏ λ͕ਖ਼ͷ஋Ͱ͋Δ͔Λਪఆ͢Δɽ·ͨղيಓͷࠩD(t)ͷٻΊ
Δखॱ͸ҎԼͷ௨ΓͰ͋Δɽ͋Δ࣌ࠁ tʹ͓͚Δ 2ͭͷղ (v1(t)ɼv2(t))ɼ(u1(t)ɼu2(t))ɼ(θ1(t)ɼθ2(t))ͷڑ཭Λ
D(t)ͱ͢Δͱࣜ (7)ͱද͢͜ͱ͕Ͱ͖Δɽ

D(t) =
√

(v1(t)− v2(t))2 + (u1(t)− u2(t))2 + (θ1(t)− θ2(t))2 (7)

ਤ 6ʹ্ʹࣔͨ͠ύϥϝʔλͷᮢ஋͕มಈ͢Δͱ͖ͷ log D(t)ͷ࣌ྻܥΛࣔ͢ɽࠠ৭ͷઢ͕ೋͭͷيಓؒͷ
Λࣔͨ͠ɽ͖܏ΒΕΔ৔߹ʹ֬ೝ͢Δ͜ͱ͕Ͱ͖Δਖ਼ͷݟɼ੺৭͕ΧΦεੑ͕ܗ೾ྻܥ཭D(t)ͷ࣌ڑ
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ਤ 6: 3.3અͰٻΊͨύϥϝʔλʹ͓͚ΔɼҟͳΔॳظ஋Λ༩͑ͨࡍͷىಈؒͷڑ཭D(t)ͷมԽΛยର਺άϥ
ϑͰදࣔͨ݁͠Ռ

ਤ 6Λͯݟ௚ઢͷ͖܏Λ֬ೝ͢Δ͜ͱ͕Ͱ͖ͨɽᮢ஋ θΛ࣌ؒมԽͤͨ͞ IzhikevichχϡʔϩϯϞσϧ͸
ॳظ஋ӶහґଘੑΛ࣋ͭͱ͑ߟΒΕΔɽ

4 ·ͱΊ

ຊ࿦จͰ͸ IzhikevichχϡʔϩϯϞσϧʹ͓͍ͯɼࣜ (3)Λ༻͍ͯᮢ஋ θΛ࣌ؒมԽͤ͞Δ͜ͱʹΑΓҰ
ఆͰ͋ΔෆԠظΛ࣌ؒมԽͤ͞ɼISIͷଟ༷ੑΛௐࠪͨ͠ɽͦͯ͠ ISIͷଟ༷ੑ͕͍ߴύϥϝʔλʹରͯ͠Χ
ΦεੑΛௐࠪͨ͠ɽϦΞϓϊϑࢦ਺ΛٻΊͨ݁ՌɼISIͷଟ༷ੑ͕͍ߴύϥϝʔλͰບిҐ͕ΧΦεੑΛࣔ͠
ͨɽ࣮ݱͷχϡʔϩϯͰ͸࣌ؒมԽ͢ΔෆԠظ΍ΧΦεੑΛ͕࣋ͭɼͦͷϝΧχζϜ͸Α͘Θ͔͍ͬͯͳ͍ɽ
ຊ͔ڀݚΒɼບిҐͷ͞ߴʹԠ࣌ؒ͡มԽ͢Δ͜ͱ͕ࣔࠦ͞Ε͍ͯΔɽ
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ڹฃੑχϡʔϩϯؒͷ݁߹෼෍͕εύΠΫλΠϛϯάͷ૬ؔʹ༩͑ΔӨڵ

౻ా঵ଠ࿕ (஑ޱప तڭ )

1 എܠ

ਓؒͷ೴͸ɼ֮ࢹɼௌ֮ɼຯ֮ɼ৮֮ɼᄿ֮ͳͲͷ֎෦ͷܹࢗΛड͚ɼ೴಺ͷਆࡉܦ๔χϡʔϩϯؒͷిؾ৴߸ͷ఻ൖ

ʹΑͬͯ׆ಈ͠ɼੜ͖͍ͯΔؒɼ೴͸ৗʹ׆ಈ͍ͯ͠Δɽ·ͨɼਓ͕ؒ৸͍ͯΔؒ΋೴͸׆ಈ͠ଓ͚ΔΑ͏ʹɼχϡʔ

ϩϯ͸֎෦͔Βͷ͕ܹࢗͳͯ͘΋࣋ଓతʹిؾ৴߸ͷ఻ൖΛ͍ͯͬߦΔɽ͜ͷ಺෦ߏ଄ͷΈͰ࣋ଓతʹൃՐ͢Δ͜ͱΛ

ࣗൃൃՐ׆ಈͱ͍͏ɽେ೴ൽ࣭ͷਆࡉܦ๔͸͜ͷΑ͏ʹࣗൃൃՐ׆ಈΛ͍ͯͬߦΔ [1]ɽ·ͨɼେ೴ൽ࣭ͷڵฃੑχϡʔ

ϩϯؒͷॏΈ෼෍͸ Strong Sparse Weak Dence(ҎԼɼSSWD)Ͱ͋Δ͜ͱ͕෼͔͍ͬͯΔɽSSWDͱ͸ɼ͍݁ڧ߹͕

গͳ͘ɼऑ͍݁߹͕ଟ͍ঢ়ଶΛҙຯ͢Δɽจݙ [2]Ͱ͸ࣗൃൃՐ׆ಈԼͰɼεύΠΫͷೖग़ྗʹ૬͕ؔ͋Δ֬཰ڞ໐ݱ

৅Λ͍ࣔͯ͠Δɽ֬཰ڞ໐ݱ৅ͱ͸ɼᮢ஋ະຬͷಛఆͷೖྗʹରͯ͋͠Δ֬཰ͷԼͰೖྗ৴߸ͷ൓Ԡ͕ߴ·Δݱ৅Ͱ͋

ΔɽࣉલΒ͸ SSWDͱͯ͠ର਺ਖ਼ن෼෍ʹै͏χϡʔϥϧωοτϫʔΫΛ༻͍ͯɼൃՐ཰ຖͷ૬ޓ૬ؔ܎਺Λௐࠪ͠ɼ

֬཰ڞ໐ݱ৅Λͨ͠ݱ࠶ [2]ɽͦͷ݁Ռɼ݁߹ڧ౓ͷେ͖͍γφϓεؒʹ͓͍ͯɼεύΠΫλΠϛϯάͷ૬ޓ૬ؔ܎਺

͕େ͖͘ͳΔͱ͍͏ݱ৅͕ൃ͞ݟΕͨɽݘଋΒ͸ SSWDͱͯ͠ΨϯϚ෼෍Λ࢖༻͠ɼεύΠΫλΠϛϯάͷ૬ؔʹͭ

͍ͯௐࠪͨ͠ [3]ɽ͔͠͠ɼ֬཰ڞ໐ݱ৅Λ͢ݱ࠶Δ͜ͱ͸Ͱ͖ͳ͔ͬͨɽ·ͨɼੜཧֶ࣮ݧͷ݁ՌΛର਺ਖ਼ن෼෍Ͱ

Ͱ͖ͳ͔ͬͨͷ͔ʹ͍ͭͯ͸໌Β͔ʹͳ͍ͬͯͳ͍ɽݱ࠶Ͱ͖ͨʹ΋ؔΘΒͣɼͳͥΨϯϚ෼෍Ͱݱ࠶

2 ໨త

֬཰ڞ໐ݱ৅Λ͢ݱ࠶ΔͨΊʹॏཁͳ SSWDͷ෼෍Λௐࠪ͢ΔɽઌڀݚߦͰ͸ɼSSWDͷ෼෍ʹର਺ਖ਼ن෼෍ɼΨ

ϯϚ෼෍Λ༻͍ͯγϛϡϨʔγϣϯΛͨͬߦɽSSWDͷ෼෍͕ର਺ਖ਼ن෼෍ͷ৔߹ɼ֬཰ڞ໐ݱ৅͕֬ೝͰ͖ɼΨϯ

Ϛ෼෍Λ༻͍ͨ৔߹ɼ֬཰ڞ໐ݱ৅͕֬ೝͰ͖ͳ͔ͬͨɽຊڀݚͰ͸ɼڵฃੑχϡʔϩϯؒͷγφϓεॏΈ෼෍தͷڧ

͍ॏΈʹର਺ਖ਼ن෼෍ɼͦΕҎ֎ʹΨϯϚ෼෍Λ༻͍ͯγϛϡϨʔγϣϯΛ݁ͨͬߦՌΛใ͢ࠂΔɽ·ͨͳͥɼSSWD

ͷ෼෍ʹΨϯϚ෼෍Λ༻͍ͨࡍɼ֬཰ڞ໐ݱ৅Λ֬ೝͰ͖ͳ͔͔ͬͨΛௐࠪͨ͠ɽ֬཰ڞ໐ݱ৅Λݱ࠶Ͱ͖͍ͯͳ͍ཧ

༝͸ SSWDͷ෼෍ʹΨϯϚ෼෍Λద༻ͤͨ͞ࡍɼฏۉບిҐ͕͍ߴͱ͖ͷ૬ޓ૬ؔ܎਺͕͍ߴ஋Λͱ͍ͬͯΔͨΊͰ

͋Δɽͦ͜Ͱɼࢲ͸ಉλΠϛϯάͰൃՐ͢Δχϡʔϩϯͷ਺Λ֬ೝͨ͠ɽͦͷࡍɼ྆ऀͷωοτϫʔΫશମͷฏൃۉՐ

཰͕ಉ͡ʹͳΔύϥϝʔλΛ༻͍ͨɽͳͥͳΒɼൃՐ཰্͕͕Δͱ૬ޓ૬ؔ܎਺͕ࣗવͱ্͕ͬͯ͠·͍ɼൺֱʹͳΒ

ͳ͍ͨΊͰ͋ΔɽຊڀݚͰ͸ɼSSWD෼෍ͱ૬ޓ૬ؔ܎਺ͷؔ܎ʹ͍ͭͯௐࠪͨ݁͠ՌΛใ͢ࠂΔɽ

3 ਺ཧϞσϧ

จݙ [2]Ͱ͸ɼχϡʔϥϧωοτϫʔΫΛߏங͢Δ਺ཧϞσϧͱͯ͠ɼLeakyੵ෼ൃՐϞσϧΛ༻͍͍ͯΔɽ·ͨɼจ

ݙ [2]Ͱ͸ɼLeakyੵ෼ൃՐϞσϧʹڵฃੑɼ཈੍ੑγφϓεͷίϯμΫλϯε gE , gI ͷμΠφϛΫεΛྀͨ͠ߟϞσ

ϧΛఏҊ͍ͯ͠Δ (ࣜ (1))ɽࣜ (2), ฃੑɼ཈੍ੑγφϓεͷίϯμΫλϯεͰ͋Δڵʹ(3) gE , gI ͷμΠφϛΫεΛࣔ

͢ɽt͸࣌ࠁɼv ͸ບిҐͰ͋Δɽτ ͸ບిҐ࣌ఆ਺Ͱ͋ΓɼڵฃੑχϡʔϩϯͰ τ = 20[ms]ɼ཈੍ੑχϡʔϩϯͰ͸

τ = 10[ms]Ͱ͋ΔɽVL ͸ LeakyిҐͷٯసిҐɼVE ͸ڵฃੑγφϓεྲྀిޙͷٯసిҐɼVI ͸཈੍ੑγφϓεిޙ

ྲྀͷٯసిҐͰ͋ΓɼͦΕͧΕ VL =ʵ 70[mV]ɼVE = 0[mV]ɼVI =ʵ 80[mV]Ͱ͋Δɽᮢ஋͸ʵ 50[mV]ɼϦηοτ

஋͸ʵ 60[mV]ͱͨ͠ɽδ(t)͸σϧλؔ਺ɼGE,j ͸ j ൪໨ͷχϡʔϩϯʹ݁߹͍ͯ͠ΔڵฃੑγφϓεͷॏΈɼGI,j

͸ j൪໨ͷχϡʔϩϯʹ݁߹͍ͯ͠Δ཈੍ੑγφϓεͷॏΈ, dj ͸χϡʔϩϯ j͔Βͷ఻ୡ஗ԆͰ͋Δɽsj ͸χϡʔϩ

ϯ j ͔ΒͷεύΠΫλΠϛϯάͰ͋Δɽݮਰ࣌ఆ਺ τs ͸ 2[ms]Ͱ͋Δɽ

dvi

dt
= −1

τ
(vi − VL) − gEi(vi − VE) − gIi(vi − VI) (1)

dgEi

dt
= −gEi

τs
+

∑

j

GEi,j

∑

sj

δ(t − sj − dj) (2)

dgIi

dt
= −gIi

τs
+

∑

j

GIi,j

∑

sj

δ(t − sj − dj) (3)
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4 ৚݅ݧ࣮

จݙ [2]ͷύϥϝʔλઃఆ͸ද 1ͷ௨ΓͰ͋ΔɽຊڀݚͰ͸ɼ1,000ݸͷڵฃੑχϡʔϩϯͱ ͷ཈੍ੑχϡʔݸ200

ϩϯΛ༻͍ͯχϡʔϥϧωοτϫʔΫΛߏஙͨ͠ɽॳظঢ়ଶ͔Β 100[ms]ͷؒɼ͢΂ͯͷχϡʔϩϯʹ֎෦ೖྗΛ༩͑

ͨɽ֎෦ೖྗʹ͸ϙΞιϯաఔʹै͏εύΠΫྻΛ༻͍ͨɽ֤χϡʔϩϯ͸จݙ [2]ͱಉ༷ʹද 1தͷ݁߹֬཰Ͱɼଞ

ͷχϡʔϩϯͱ݁߹͢ΔɽڵฃੑؒͷγφϓεॏΈ͸ SSWDͱͳΔ෼෍ʹมԽͤ͞ɼͦΕҎ֎ͷγφϓεॏΈ͸ද 1

ͷ௨ΓҰఆ஋ͱͨ͠ɽ஗Ԇ͸ 0 ∼ 2[ms]ͷؒͷ੔਺ΛϥϯμϜʹબΜͩɽγϛϡϨʔγϣϯ࣌ؒ͸ 20,000[ms]ͱͨ͠ɽ

·ͨɼSSWDͱͯ͠ର਺ਖ਼ن෼෍ɼΨϯϚ෼෍Λ༻͍ͨɽ

ද 1: χϡʔϩϯؒͷ݁߹֬཰ͱύϥϝʔλઃఆ
ͷχϡʔϩϯͷछྨݩ߹݁ ݁߹ઌͷχϡʔϩϯͷछྨ ݁߹֬཰ γφϓεͷॏΈ
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ΨϯϚ෼෍ͷ֬཰ີ౓ؔ਺Λࣜ (4)ʹࣔ͢ɽk = 0.066, θ = 15Ͱ͋Δɽର਺ਖ਼ن෼෍ͷ֬཰ີ౓ؔ਺Λࣜ (5)ʹࣔ͢ɽ

σ = 1.25, µ = 3(log(0.2)) + 3σ2 ͱ͢Δɽ
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5 Ռ݁ݧ࣮

5.1 ϥελʔϓϩοτ

ਤ 1(a)ɼਤ 1(b)͸ͦΕͧΕɼڵฃੑχϡʔϩϯؒͷॏΈ෼෍Λର਺ਖ਼ن෼෍ɼΨϯϚ෼෍ͱͨ͠ͱ͖ͷϥελʔϓ

ϩοτͰ͋Δɽԣ࣠͸࣌ࠁɼॎ࣠͸χϡʔϩϯ൪߸ (0-999͸ڵฃੑχϡʔϩϯɼ1000-1999͸཈੍ੑχϡʔϩϯ)Λද

͢ɽਤ 1(a)ͷڵฃੑͷฏൃۉՐ཰͸ɼ໿ 0.915[Hz]ɼਤ 1(b)ͷڵฃੑͷฏൃۉՐ཰͸໿ 0.999[Hz]Ͱ͋Δɽࠓճͷγϛϡ

ϨʔγϣϯͰ͸ɼಉఔ౓ͷฏൃۉՐ཰ͱͳΔύϥϝʔλͰɼ݁߹ڧ౓ͷ෼෍Λม͑ɼ૬ޓ૬ؔ܎਺Λൺֱ͢ΔɽΑͬͯɼ

ࣜ (4)ͷύϥϝʔλ kɼθΛௐ੔͠ɼಉఔ౓ͷൃՐ཰ͰൺֱΛ͏ߦɽ
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(b) SSWD ͱͯ͠ΨϯϚ෼෍Λద༻

ਤ 1: ϥελʔϓϩοτ
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SSWDͷ෼෍ʹ 9.0[mV]Ҏ্ʹର਺ਖ਼ن෼෍ɼͦͷଞʹΨϯϚ෼෍Λద༻ͨ͠৔߹ɼSSWDͷ෼෍ʹΨϯϚ෼෍Ͳ

ͪΒͷ৔߹Ͱ΋ࣗൃൃՐΛ͢Δ͜ͱ͕Θ͔Δ. ͨͩ͠ɼΨϯϚ෼෍ͷ৔߹Ͱ͸ɼڵฃੑχϡʔϩϯ͕࣌ؒํ޲ʹ࿈ଓ͠

ͯൃՐ͠΍͍͕͋͢޲܏Δ.

5.2 ૬ޓ૬ؔ܎਺

૬ޓ૬ؔ܎਺Λࣜ (6)ʹࣔ͢ɽ૬ޓ૬ؔؔ਺ͱ͸̎ͭͷ࣌ྻܥ೾͕ܗͲͷఔ౓૬ޓґଘ͍ͯ͠Δ͔ɼ΋͘͠͸ྨ͠ࣅ

͍ͯΔ͔Λࣔ͢΋ͷͰ͋Δɽࣜ (6)Λۙ͢ࣅΔͱҎԼͷΑ͏ʹมܗͰ͖Δɽ

cc = −
∑T

t=1(xin(t)− < xin(t) >)(xout(t)− < xout(t) >)√∑T
t=1(xin(t)− < xin(t) >)2
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t=1(xout(t)− < xout(t) >)2
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=
Pr(xinxout)T − T 2rinrout√

rinT − (rinT )2
√

routT − (routT )2
(7)

= Pr(xout|xin)

√
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(8)

xin(t)͸ɼ࣌ࠁ tʹ͓͚ΔೖྗεύΠΫͰɼεύΠΫ͕དྷͨͱ͖Λ 1ɼདྷͳ͍ͱ͖Λ 0ͱ͢Δɽxout(t)͸ɼ࣌ࠁ tʹ͓

͚Δग़ྗεύΠΫͰɼεύΠΫΛग़͢ͱ͖Λ 1ɼग़͞ͳ͍ͱ͖Λ 0ͱ͢Δɽ·ͨ< xin >ɼ< xout >͸ͦΕͧΕ xinɼxout

ͷ࣌ࠁ T ·ͰͷฏۉͰ͋Δɽrin, rout͸ͦΕͧΕೖग़ྗͷεύΠΫྻͷൃՐ཰Ͱ͋ΔɽT ͸ rinT << 1, routT << 1Λຬ

ͨ͢୹͍࣌ؒ۠ؒͰ͋ΔɽPr(xin|xout) = rin͸ɼೖྗεύΠΫ͕དྷͨͱ͖ग़ྗεύΠΫΛग़ͨ͠৚݅෇͖֬཰Ͱ͋Δ.

ਤ 2(a)ɼਤ 2(b)ʹฏۉບిҐͱ૬ޓ૬ؔ܎਺ͷؔ܎Λ·ͱΊͨɽ݁߹ڧ౓ͷ͞ڧ͸੺>྘>੨ͷॱ൪Ͱ͋Δɽਤͷ

ॎ࣠͸૬ޓ૬ؔ܎਺ɼԣ࣠͸ฏۉບిҐͰ͋ΔɽฏۉບిҐ͕͚ߴΕ͹ɼχϡʔϩϯ͸ൃՐ͠΍͘͢ͳΔɽ
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VL5270 [mV], VE50 [mV], VI5280 [mV], respectively. The excit-
atory and inhibitory synaptic conductances gE and gI [ms21] normal-
ized by the membrane capacitance obey

dgX

dt
~{
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ts
z
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! "

, X~E,I ð2Þ

where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].

The values of Gi for excitatory-to-excitatory connections are dis-
tributed such that the amplitude of EPSPs x measured from the
resting potential obey a lognormal distribution

p xð Þ~
exp { log x{mð Þ2

#
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$ %
ffiffiffiffiffi
2p
p

sx
ð3Þ

on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].
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on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
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We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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(d) ͷݧ਺ͷ਺஋࣮܎૬ؔޓલΒͷൃՐ཰ͱ૬ࣉ
݁Ռ

ਤ 2: ൃՐ཰ͱ૬ޓ૬ؔ܎਺ͷؔ܎

ਤ 2(c)͸จݙ [2]ͰɼࣉલΒ͕ͨͬߦੜཧֶ࣮ݧͷ݁ՌͰ͋Δɽਤ 2(d)͸จݙ [2]ͰࣉલΒ͕ͨͬߦ਺஋γϛϡϨʔ

γϣϯͷ݁ՌͰ͋Δɽਤ 2(a)ͷର਺ਖ਼ن෼෍ͷ৔߹Ͱ͸ɼҰ൪େ͖͍ॏΈͷ૬ޓ૬ؔ܎਺͸ܗࢁʹͳ͍ͬͯΔͷʹର͠
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ͯɼਤ 2(b)ͷΨϯϚ෼෍ͷ৔߹Ͱ͸ɼҰ൪େ͖͍ॏΈͷ૬ޓ૬ؔ܎਺͸ܗࢁͷܗʹͳ͍ͬͯͳ͍ɽਤ 2(a)ͷ৔߹ɼҰ

൪͍ڧॏΈʹ͓͍ͯಛఆͷฏۉບిҐͰ૬ޓ૬ؔ܎਺͕͘ߴͳ͓ͬͯΓɼ֬཰ڞ໐ݱ৅͕ൃੜ͍ͯ͠Δ͕ɼਤ 2(b)Ͱ

͸֬཰ڞ໐ݱ৅͸ੜ͍ͯ͡ͳ͍͜ͱ͕Θ͔ΔɽݪҼ͸ SSWDͷ෼෍ʹΨϯϚ෼෍Λద༻ͤͨ͞ࡍɼฏۉບిҐ͕͍ߴ

৔߹ͷ૬ޓ૬ؔ܎਺্͕ঢ͢Δ͔ΒͰ͋Δɽෳ਺ͷχϡʔϩϯ͔Βͷೖྗ͕ಉ࣌ʹ݁߹ઌͷχϡʔϩϯΛൃՐͤ͞Δͨ

ΊɼൃՐ͠΍͘͢ɼ૬ޓ૬ؔ܎਺͕͍ߴ஋ΛͱΔͱ͑ߟΒΕΔɽ

5.3 ಉλΠϛϯάͰൃՐ͢Δχϡʔϩϯ਺

ฃੑχϡʔϩϯͷൃՐλΠϛϯά͕ಉ͔͡Λ֬ೝ͢ΔͨΊʹɼಉλΠϛϯάͰൃՐ͢Δχϡʔϩϯ਺Λൺֱ͢Δɽڵ

ಉλΠϛϯάͰൃՐ͢Δχϡʔϩϯ਺ͱ͸ɼಉ࣌ࠁʹͲΕ΄Ͳͷ਺ͷχϡʔϩϯ͕ൃՐ͍ͯ͠Δ͔ͱ͍͏͜ͱͰ͋Δɽ

ԣ࣠͸͋Δಉ࣌ࠁʹൃՐͨ͠ڵฃੑχϡʔϩϯͷ਺ɼॎ࣠Λස౓ʹͨ͠ɽ݁ՌΛਤ 3(a)ɼਤ 3(b)ʹࣔ͢ɽਤ 3(a)ɼਤ

3(b)͔ΒɼSSWDͷ෼෍ʹΨϯϚ෼෍Λద༻ͨ͠ํ͕ɼಉ࣌ࠁʹൃՐ͢Δχϡʔϩϯͷ਺͕ଟ͍͜ͱΛ֬ೝͨ͠ɽ
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ਤ 3: ಉ࣌ࠁʹൃՐͨ͠ڵฃੑχϡʔϩϯͷ਺ͷ෼෍

6 ·ͱΊ

ਤ 2(a)ɼਤ 2(b)ΑΓൃՐ཰͕ 1 ∼ 2[Hz]෇ۙͰ૬ޓ૬ؔ܎਺͕͘ߴͳ͍ͬͯΔ֬཰ڞ໐ݱ৅Λ֬ೝͨ͠ɽ͜Ε͸ɼڵ

ฃੑχϡʔϩϯؒͷڧ߹͍݁ڧ౓ʹର਺ਖ਼ن෼෍Λద༻ͨ͜͠ͱʹΑΔมԽͰ͋Δɽͦͯ͠ɼڵฃੑχϡʔϩϯؒͷͦ

ͷଞͷ݁߹ڧ౓͸ΨϯϚ෼෍ʹैΘͤͨ৔߹Ͱ΋֬཰ڞ໐ݱ৅Λ͢Δ͜ͱΛࣔͨ͠ɽSSWD෼෍ʹΨϯϚ෼෍ΛैΘͤ

ͨ৔߹ɼੜཧֶ࣮ݧͷ͔ߦ͘·͏͕ݱ࠶ͳ͔ͬͨɽͳͥͳΒൃՐ཰͕͍ߴ 6[Hz]෇ۙͰɼ૬ޓ૬ؔ܎਺͕͍ͨߴΊͰ͋

ΔɽݪҼ͸ൃՐͷಉظʹ͋Δɽਤ 3(b)ΑΓɼSSWDʹΨϯϚ෼෍Λద༻͢ΔͱχϡʔϩϯͷൃՐλΠϛϯά͕ಉ͠ظ

͍ͯΔ͜ͱ͕Θ͔ͬͨɽχϡʔϩϯͷൃՐλΠϛϯά͕ಉ͍ͯ͠ظΔͨΊɼ݁߹ઌͷχϡʔϩϯ΋ൃՐ͠΍͘͢ͳΓɼ

ೖग़ྗͷൃՐλΠϛϯάͷ૬͕ؔ͘ߴͳΔ͜ͱΛࣔͨ͠ɽࣗൃൃՐ׆ಈԼʹ͓͍ͯɼ֬཰ڞ໐ݱ৅Λ͢ݱ࠶ΔͨΊʹ͸ɼ

.෼෍ʹै͏͜ͱ͕ॏཁͰ͋Δ͜ͱ͕෼͔ͬͨن౓͕ର਺ਖ਼ڧ߹͍݁ڧฃੑχϡʔϩϯؒͷڵ ΂ݺ౓ͱڧ߹͍݁ڧͨ·

Δͷ͸ɼڵฃੑχϡʔϩϯؒͷॏΈͷதͰ΋ 9.0[mV]Ҏ্Ͱ͋Δͱ͍͏͜ͱΛ໌Β͔ʹͨ͠ɽ
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ڀݚฃੑ/཈੍ੑχϡʔϩϯൺ཰͕ൃՐ཰ͱֶशʹ༩͑ΔޮՌʹؔ͢Δڵ

ೆ෩ٶ (஑ޱప तڭ )

1 ͸͡Ίʹ
ώτͷ೴಺ʹ͸໿ 1000ԯݸҎ্ͷχϡʔϩϯ͕ଘ͢ࡏΔɽχϡʔϩϯ͸৴߸Λड͚औΓɼൃՐ͢Δ͜ͱ

Ͱ݁߹͢Δଞͷχϡʔϩϯʹ৴߸ΛૹΔɽχϡʔϩϯ͕݁߹͠߹͏͜ͱͰχϡʔϥϧωοτϫʔΫΛߏங͠ɼ
૬ޓʹൃՐ͢Δ͜ͱͰ৘ใ఻ୡ͕ߦͳΘΕػ࣍ߴೳ͕࣮͞ݱΕ͍ͯΔɽͦͷࡍɼχϡʔϥϧωοτϫʔΫͰ
͸ɼ݁߹ͨ͠χϡʔϩϯؒͷൃՐλΠϛϯάʹґଘ͢Δ Spike Timing Dependent Plasticity (STDP) ֶशଇ
ʹΑͬͯχϡʔϩϯؒͷ݁߹ڧ౓͕มԽ͠ɼ͜ΕʹΑΓ༷ʑͳ৘ใॲཧʹదԠͨ͠χϡʔϥϧωοτϫʔΫ
ͷߏ଄͕ੜ੒͞Ε͍ͯΔ [1]ɽ
χϡʔϩϯʹ͸݁߹ઌͷχϡʔϩϯͷൃՐΛଅਐ͢ΔڵฃੑχϡʔϩϯͱൃՐΛ཈ѹ͢Δ཈੍ੑχϡʔϩ

ϯͷ 2छྨ͕ଘ͢ࡏΔɽ཈੍ੑχϡʔϩϯͷଘࡏʹΑΓ,ա౓ͳൃՐ΍ಉظͷ੍͕ޚՄೳʹͳΔͱ͑ߟΒΕͯ
͍ΔɽҰํɼੜཧֶ஌ݟΑΓେ೴ൽ࣭Ͱ͸ڵฃੑχϡʔϩϯ͕໿ 80%ɼ཈੍ੑχϡʔϩϯ͕໿ 20%ͷׂ߹Ͱ
ଘ͢ࡏΔͱ͍ΘΕ͍ͯΔ [2]ɽ·ͨɼμ΢ϯ঱ͳͲͷൃୡোऀױ֐ͷ೴಺Ͱ͸ 2ͭͷχϡʔϩϯൺ཰ʹҟৗ͕
ੜ͓ͯ͡Γɼͦͷ݁Ռɼ஌తো֐΍ӡಈো֐ͳͲΛҾ͖͢͜ىͱ΋͍ΘΕ͍ͯΔ [3]ɽ͔͠͠, ͳͥ͜ͷΑ͏
ͳൺ཰ͱͳΔͷ͔ɼ·ͨ͜ͷൺ཰͕มԽͨ͠৔߹ɼ೴಺ͷਆ׆ܦಈʹͲͷΑ͏ͳӨڹΛ༩͑Δͷ͔ʹ͍ͭͯ
͸໌Β͔ʹͳ͍ͬͯͳ͍.ͦ͜Ͱɼຊ࿦จͰ͸ɼχϡʔϥϧωοτϫʔΫͱ STDPֶशͷ਺ཧϞσϧΛ༻͍ͨ
਺஋࣮ݧʹΑΓੜཧֶ࣮ݧͰ͸࣮ࠔݱ೉ͳ৚݅ԼͰͷௐࠪΛߦͳ͏͜ͱͰɼ্ड़ͷ՝୊Λղܾ͢Δ͜ͱΛ໨
తͱ͢Δɽຊ࿦จͷ਱ߦʹΑΓɼൃୡোऀױ֐ͷ࣏ྍ΍ิॿʹ໾ཱͭͱ΋͑ߟΒΕΔɽ
۩ମతʹ͸ɼχϡʔϥϧωοτϫʔΫͷ਺ཧϞσϧΛ͓͍ͯڵฃੑ/཈੍ੑχϡʔϩϯͷൺ཰ΛมԽͤͨ͞

ɼൃՐ΍ʹࡍ STDPֶशߏػʹͲͷΑ͏ͳӨ͕ڹੜ͍ͯ͡Δͷ͔Λௐࠪͨ͠ɽͦͷ݁Ռɼχϡʔϥϧωοτ
ϫʔΫશମͷޮՌతͳֶशʹ͸ɼSTDPֶशʹΑΔൃՐ཈ѹͱ཈੍ੑχϡʔϩϯʹΑΔൃՐ཈ѹͷ 2ͭͷό
ϥϯε͕ॏཁͰ͋Δ͜ͱΛ໌Β͔ʹͨ͠ɽ

2 ਺ཧϞσϧ
2.1 IzhikevichχϡʔϩϯϞσϧ [4]
χϡʔϥϧωοτϫʔΫΛߏங͢Δχϡʔϩϯͷ਺ཧϞσϧͱͯ͠ IzhikevichχϡʔϩϯϞσϧΛ༻͍ͨɽ

IzhikevichχϡʔϩϯϞσϧ͸ ࣜ (1)ʹࣔ͢ೋม਺ͷৗඍ෼ํఔࣜʹΑΓఆٛ͞ΕΔɽ
{

v̇i(t) = 0.04vi(t)
2 + 5vi(t) + 140− ui(t) + Ii(t)

u̇i(t) = a(bvi(t)− ui(t))
(1)

if vi(t) ≥ 30[mV]ɼvi(t)← cɼui(t)← ui(t) + d

͜͜Ͱɼt͸࣌ࠁɼvi(t)͸࣌ࠁ tʹ͓͚Δχϡʔϩϯ iͷບిҐɼui(t)͸࣌ࠁ tʹ͓͚Δχϡʔϩϯ iͷບి
Ґͷճ෮ม਺ɼIi(t)͸࣌ࠁ tʹ͓͚Δχϡʔϩϯ i΁ͷೖྗిྲྀͰ͋Γɼaɼbɼcɼd͸ύϥϝʔλͰ͋Δɽ
·ͨɼຊ࣮ݧͰ͸ Ii(t)Λ

Ii(t) = Iex +
∑

j∈Si

wijH(vj(t− δij)− 30) (2)

ͱͨ͠ɽࣜ (2)ʹ͓͍ͯɼIex͸֎෦ೖྗిྲྀɼSi͸χϡʔϩϯ iʹγφϓε݁߹͢Δχϡʔϩϯͷू߹ɼδij

͸χϡʔϩϯ j͔Βχϡʔϩϯ i΁ͷ఻ୡ஗ԆͰ͋Δɽ·ͨɼH(x)͸εςοϓؔ਺ (x < 0ͷͱ͖H(x) = 0ɼ
x ≥ 0ͱ͖H(x) = 1)Ͱ͋Δɽvj(t− δij) ≥ 30ͷͱ͖ɼ͢ͳΘͪχϡʔϩϯ iʹ݁߹͢Δχϡʔϩϯ j͕ൃ
Ր͢Δͱ͖ɼγφϓεͷ݁߹ڧ౓ wij ͷେ͖͞ͷిྲྀ͕χϡʔϩϯ iʹೖྗ͞ΕΔɽ

2.2 STDPֶशଇ [1]
χϡʔϥϧωοτϫʔΫʹ͓͚Δֶशͱ͸ɼχϡʔϩϯؒͷ݁߹ڧ౓͕มԽ͢Δ͜ͱͰ͋Δɽχϡʔϥϧ

ωοτϫʔΫ͸ֶशΛ͢Δ͜ͱͰɼ৘ใ఻ୡʹॏཁͳχϡʔϩϯؒͷ݁߹ڧ౓Λ૿͠ڧɼͦ͏Ͱͳ͍χϡʔ
ϩϯؒͷ݁߹ڧ౓Λݮਰͤ͞ΔɽSTDPֶशଇͰ͸ɼγφϓε݁߹ڧ౓ͷมԽྔ͸χϡʔϩϯͷൃՐλΠϛ
ϯάʹґଘ͢Δɽ৘ใ͕ೖྗ͞ΕΔଆͷχϡʔϩϯΛγφϓεޙχϡʔϩϯ iɼ৘ใΛग़ྗ͢Δଆͷχϡʔϩ
ϯΛγφϓεલχϡʔϩϯ jͱ͢Δͱɼχϡʔϩϯ iɼj͸ j → iͷॱʹ݁߹Λ͍ͯ͠Δɽ΋͠ɼj → iͷॱ
ʹχϡʔϩϯ͕ൃՐͨ͠৔߹ɼγφϓε݁߹ڧ౓ wij ͸ڧΊΒΕΔɽ͜ΕΛ long-term potentiation (ҎԼɼ
LTP) ͱ͍͏ɽٯʹɼi → j ͷॱʹൃՐͨ͠৔߹ɼγφϓε݁߹ڧ౓ wij ͸ऑΊΒΕΔɽ͜ΕΛ long-term
depression (ҎԼɼLTD) ͱ͍͏ɽ͜ͷΑ͏ʹεύΠΫͷൃՐͷλΠϛϯάʹґଘͯ͠ɼγφϓε͕૿͢ݮΔ
ੑ࣭ΛεύΠΫλΠϛϯάґଘՄ઼ੑͱݺͿɽ·ͨɼ͜ͷੑ࣭ʹैֶͬͨशଇΛ STDPֶशଇͱݺͿɽ͜͜
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Ͱ S = 1, 000[ms]ͷ࣌ؒ෯Λ༗͢Δ૭Λ͑ߟΔɽ࣌ࠁ t[sec]ͷͱ͖ɼ૭ͷൣғ͸ S(t− 1) + 1 ≤ s ≤ StͰ͋
ΔɽSTDPֶशଇͷ਺ཧϞσϧ͸ࣜ (3)Ͱද͞ΕΔ [5]ɽ

∆wij =

⎧
⎨
⎩

A+ exp(−si − sj − δij
τ ) (si − sj − δij > 0)

−A− exp(
si − sj − δij

τ ) (si − sj − δij < 0)
(3)

ࣜ (3)ʹ͓͍ͯɼsiɼsj ͸ͦΕͧΕγφϓεޙχϡʔϩϯ iͷൃՐ࣌ࠁɼγφϓεલχϡʔϩϯ jͷൃՐ࣌ࠁ
Ͱ͋Δɽδij ͸χϡʔϩϯ j͔Βχϡʔϩϯ i΁ͷ఻ୡ஗Ԇ [ms]Ͱ͋ΔɽA+ɼA−͸ͦΕͧΕ LTPɼLTDͷ
େ஋ɼτ࠷ ͸ LTPͱ LTDͷݮਰ࣌ఆ਺Ͱ͋Δɽͳ͓ɼsi = sj + δij ͷ৔߹ɼγφϓε݁߹ڧ౓͸มԽ͠ͳ
͍ɽ·ͨɼֶशΛ͢Δγφϓεͷ݁߹ڧ౓͸ࣜ (4)Ͱߋ৽͞ΕΔɽ

wij(t) = wij(t− 1) +
St∑

si=S(t−1)+1

∆wij (4)

3 ৚݅ݧ࣮
χϡʔϥϧωοτϫʔΫதͷ཈੍ੑχϡʔϩϯൺ཰Λ rINͱ͢Δɽશχϡʔϩϯ਺ΛN(= 1, 000)ͱ͢Δ

ͱɼN(1− rIN)ݸͷڵฃੑχϡʔϩϯͱNrINݸͷ཈੍ੑχϡʔϩϯ͕ଘ͢ࡏΔɽ֤χϡʔϩϯ͸ 10%ͷ݁
߹֬཰ͰϥϯμϜʹબ୒ͨ͠ଞͷχϡʔϩϯͱ݁߹ͤͨ͞ɽ·ͨɼχϡʔϩϯ i, jؒͷ৴߸఻ୡʹ͸஗Ԇ͕൐
͏ͱ͠ɼ֤݁߹ʹ͓͚Δ஗Ԇͷ஋͸ 1[ms]͔Β 20[ms]ͷ஋ΛϥϯμϜʹׂΓ౰ͯͨɽͳ͓ɼ1[ms]͝ͱʹϥ
ϯμϜʹબΜͩ 1ͭͷχϡʔϩϯʹ 20[mA]ͷ֎෦ೖྗΛ༩͑ͨɽ্هͷχϡʔϥϧωοτϫʔΫʹ͓͍ͯɼ
౓wijڧ߹ฃੑγφϓε͔Βͷ݁ڵ ͷॳظ஋wij = େ஋wij࠷,6 = খ஋wij࠷.10 = 0ͱͨ͠ɽ·ͨɼ཈੍ੑ
γφϓε͔Βͷ݁߹ڧ౓Λwij = −5ͱͨ͠ɽ͜ͷͱ͖ɼrINΛมԽͤͨ͞ࡍͷֶशதͷχϡʔϩϯͷൃՐ΍
ֶशͷৼ෣͍ʹ͍ͭͯௐࠪͨ͠ɽ

4 Ռ݁ݧ࣮
4.1 LTP, LTDͷൃੜճ਺
શχϡʔϩϯ਺N ͷχϡʔϥϧωοτϫʔΫʹ͓͍ͯɼχϡʔϩϯ i͕ൃՐͨ͠ͱ͖ʹɼ݁߹͢Δશͯͷ

૊ʹରͯࣜ͠ (3)ΑΓٻΊΔɽ͜͜Ͱ S = 1, 000[ms]ͷ࣌ؒ෯Λ༗͢Δ૭Λ͑ߟΔɽ࣌ࠁ t[sec]ͷͱ͖ɼ૭ͷ
ൣғ͸ S(t− 1) + 1 ≤ si, sj ≤ StͰ͋Δɽ͜ͷͱ͖ɼ͜ͷ૭ʹؚ·ΕΔ 1[s]ؒ͋ͨΓͷ LTPͷൃੜճ਺ Pt,
LTDͷൃੜճ਺DtΛɼࣜ (5),(6)ΑΓఆٛ͢Δɽ

Pt[Times/sec] =
St∑

si=S(t−1)+1

ΘLTP
ij (5)

Dt[Times/sec] =

St∑

si=S(t−1)+1

ΘLTD
ij (6)

ͨͩ͠ɼ ΘLTP
ij =

{
1 (if ∆wij > 0)

0 (otherwise)

ΘLTD
ij =

{
1 (if ∆wij < 0)

0 (otherwise)

ਤ 1. rIN ʹର͢Δ LTPɼLTDൃੜճ਺ͷ
ฏۉ஋ P̂ , D̂ͷਪҠ

े෼ʹֶश͕ऩଋͨ͠ 200[s]ؒ (801[s]∼ 1, 000[s])ʹ͓͍ͯɼPt

ͷฏۉ஋ P̂ =
1

200

1000∑

t=801

xtɼDtͷฏۉ஋ D̂ =
1

200

1000∑

t=801

DtΛࢉग़

ͨ͠ɽrINΛมԽͤͨ͞ͱ͖ͷ P̂ , D̂ͷมԽΛਤ 1ʹࣔ͢ɽ
LTPɼLTDͷൃੜճ਺͸ rIN = 0.25લޙͰ࠷େ஋ΛͱΔɼࢁͳ

ΓͳਪҠͰ͋Δ͜ͱ͕Θ͔ΔɽrIN = 0͔Β rIN = 0.25ʹ͔͚ͯ
Ճ͍͕ͯ͘͠ɼͦΕҎ߱͸૿ʹܹٸ rINͷ૿Ճͱͱ΋ʹΏΔ΍͔
গ͍ͯ͘͠ɽݮʹ
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4.2 ฏൃۉՐ཰
ࠁ࣌ tʹ͓͚ΔฏൃۉՐ཰ λtΛ 1[s]ؒʹ͓͚Δ 1ͭͷχϡʔϩϯͷฏൃۉՐ਺ͱ͠ɼࣜ (7)Ͱఆٛ͢Δɽ

λt[spikes/sec] =
1

M

M∑

j=1

⎧
⎨
⎩

St∑

s=S(t−1)+1

δ (s− sj(t))

⎫
⎬
⎭ (7)

ࣜ (7)ʹ͓͍ͯɼ M ͸ൃՐ཰ΛٻΊΔର৅ͷχϡʔϩϯ਺ɼj ͸χϡʔϩϯ൪߸ɼδ(x)͸σϧλؔ਺Ͱ͋
Δɽ͜͜Ͱ͸ɼS = 1, 000[ms]ͷ࣌ؒ෯Λ༗͢Δ૭Λ͍ͯ͑ߟΔɽ͢ͳΘͪɼ࣌ࠁ tͷͱ͖ɼ૭ͷൣғ͸
S(t− 1) + 1 ≤ s ≤ StͰ͋Δɽ

rIN = 0, 0.2, 0.4, 0.6, 0.8, 1ͷͱ͖ɼֶशதͷશχϡʔϩϯͷฏൃۉՐ཰ λtͷ࣌ؒมԽΛਤ 2ʹࣔ͢ɽ
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ਤ 2. શχϡʔϩϯͷฏൃۉՐ཰ͷ࣌ؒਪҠ
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ਤ 3. rIN ʹର͢Δ֤ൃՐ཰ͷฏۉ஋ λ̂

rIN = 0, 0.2Ͱ͸ଞͱൺֱͯ͠શମతͳൃՐͷ։࢝
͕஗͘ɼ཈੍ੑχϡʔϩϯ͕૿͑Δ͜ͱͰૣ͘ൃՐ͠
΍͘͢ͳΔɽ͔͠͠ɼ཈੍ੑχϡʔϩϯ͕ଟ͍͜ͱͰ
શମతͳൃՐ཰͕௿͘ͳ͍ͬͯΔɽ·ͨɼֶश͕ਐΉ
ʹͭΕͯɼൃՐ཰͸ͦΕͧΕऩଋ͍ͯ͠Δɽͦ͜Ͱ,े
෼ʹֶश͕ऩଋͨ͠ 200[s]ؒ (801[s]∼ 1, 000[s])ʹ͓
͍ͯɼڵฃੑχϡʔϩϯͷΈ (M = N(1 − rIN))ɼ཈
੍ੑχϡʔϩϯͷΈ (M = NrIN)ɼͦͯ͠શχϡʔ

ϩϯ (M = N)ʹର͢Δ λtͷฏۉ஋ λ̂ =
1

200

1000∑

t=801

λt

Λͨ͠ࢉܭɽrIN ΛมԽͤͨ͞ͱ͖ͷ λ̂ͷมԽΛਤ 3
ʹࣔ͢ɽڵฃੑχϡʔϩϯͷൃՐ཰͸ rIN = 0.2෇ۙɼ
શχϡʔϩϯͷൃՐ཰͸ rIN = 0.25෇ۙͰ΋ͬͱ΋
஋Λऔ͍ͬͯΔ͜ͱ͕Θ͔Δɽ͜ΕΑΓɼ཈੍ੑ͍ߴ
χϡʔϩϯ͕গͳ͍͜ͱ͕ඞͣ͠΋ൃՐ཰ͷ্ঢʹ݁
ͼ͔ͭͳ͍͜ͱ͕Θ͔Δɽ

4.3 χϡʔϩϯൺ཰ͱฏൃۉՐ཰ͷؔੑ܎
લઅͰɼLTPɼLTDͷൃੜճ਺͸ฏൃۉՐ཰ʹґଘ͢Δ͜ͱΛ֬ೝͨ͠ɽ͜͜Ͱɼද ΛԾੑ܎ؔࣔ͢ʹ1

ఆ͢ΔɽχϡʔϥϧωοτϫʔΫ্ͷ཈੍ੑχϡʔϩϯൺ཰͕௿͍ঢ়گԼͰ͸ STDPֶशʹΑΔ LTDͷ཈
ѹ͕େ͖͘ɼ཈੍ੑχϡʔϩϯʹΑΔ཈ѹ͸খ͍͞ɽҰํɼ཈੍ੑχϡʔϩϯൺ཰͕͍ߴঢ়گԼͰ͸ֶशʹ
ΑΔ཈ѹ͕খ͘͞ɼ཈੍ੑχϡʔϩϯʹΑΔ཈ѹ͸େ͖͍ɽ͜ΕΒΑΓɼχϡʔϥϧωοτϫʔΫશମͷద
౓ͳൃՐ཰ΛอͭͨΊʹ͸ STDPֶशͷ LTDͷ཈ѹͱ཈੍ੑχϡʔϩϯͷ௚઀తͳ཈ѹ͕͍ޓʹখ͍͜͞
ͱ͕ඞཁͰ͋Δͱ͑ߟΒΕΔɽຊઅͰ͸ɼSTDPֶशʹΑΔ LTDͱ཈੍ੑχϡʔϩϯʹΑΔ௚઀తͳ཈ѹͱ
͍͏ೋͭͷ؍఺͔ΒղੳΛ͏ߦɽ

ද 1. ཈੍ੑχϡʔϩϯൺ཰ͱ཈ѹͷؔੑ܎

཈੍ੑχϡʔϩϯͷଘࡏൺ཰ ௿ɹ←→ ߴ
཈੍ੑχϡʔϩϯʹΑΔ཈ѹ খɹ←→ େ
STDPֶश (LTD)ʹΑΔ཈ѹ େɹ←→ খ
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཈੍ੑχϡʔϩϯͱ LTDʹΑΔ཈ѹࢦඪEINɼELTDΛࣜ (8),(9)ʹΑΓఆٛ͢Δɽ

EIN =
T∑

t=1

nt

mt + nt
(8)

ELTD =
T∑

t=1

pt

pt + qt
(9)

͜͜Ͱɼnt͸࣌ࠁ t[s]ʹ͓͚Δ࣌ؒ૭ S(t− 1) + 1 ≤ s ≤ St[ms]ͰͷڵฃੑχϡʔϩϯͷൃՐ਺ɼmt͸཈੍
ੑχϡʔϩϯͷൃՐ਺Ͱ͋Δɽ·ͨɼpt͸࣌ࠁ t[s]ʹ͓͚Δγφϓεલχϡʔϩϯͱγφϓεޙχϡʔϩϯ͕
ฃੑχϡʔϩϯɼγφϓڵฃੑχϡʔϩϯͰ͋Δ৔߹ͷֶशൃੜճ਺ɼqt͸γφϓεલχϡʔϩϯ͕ڵʹڞ
εޙχϡʔϩϯ͕཈੍ੑχϡʔϩϯͰ͋Δ৔߹ͷֶशൃੜճ਺Ͱ͋ΔɽT (= 1000[s])͸ֶशద༻࣌ؒͰ͋Δɽ
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ਤ 4. rINͷมԽʹΑΔ EINͱ ELTD ͷਪҠ

࣍ʹɼrINΛมԽͤͨ͞ࡍͷ 2ͭͷ཈ѹࢦ
ඪ͕࠷খͱͳΔ఺͕ɼൃՐ཰ͷฏۉ஋ λ̂ ͱ
ରԠ͢Δ͔Λௐࠪͨ͠ɽ݁ՌΛਤ 4ʹࣔ͢ɽ
ೋͭͷࢦඪ͕ަ͍ࠩͯ͠Δ఺෇ۙͷ rIN͸ਤ
3ͰฏൃۉՐ཰͕࠷େͱͳΔൺ཰ͱରԠͯ͠
͍Δɽͭ·Γɼχϡʔϩϯൺ཰͕཈ѹͷόϥ
ϯεΛ͓࢘ͬͯΓɼશମͷൃՐ཰͕࠷΋͍ߴ
χϡʔϩϯൺ཰ʹ͓͍ͯ͸ɼ֤཈ѹ͕૬ޓʹ
ӨڹΛٴ΅͞ͳ͍ঢ়گͰ͋Δͱࣔࠦ͞ΕΔɽ

5 ·ͱΊ
ຊ࿦จͰ͸ɼ਺ཧϞσϧΛ༻͍ͯڵฃੑ/

཈੍ੑχϡʔϩϯͷൺ཰ΛมԽͤͨ͞৔߹ͷ
χϡʔϥϧωοτϫʔΫͷൃՐ཰ͱֶशޮ཰
ͷؔੑ܎ʹ͍ͭͯௐࠪͨ͠ɽ
ֶशͷൃੜճ਺΍มԽྔ͸χϡʔϥϧωο

τϫʔΫશମͷൃՐ཰ʹґଘ͍ͯ͠Δ͜ͱ͕
Θ͔ͬͨɽൃՐ཰͸ STDPֶशʹΑΔൃՐ཈
ѹͱ཈੍ੑχϡʔϩϯʹΑΔൃՐ཈ѹͷ૒ํ͕͜ىΓʹ͍͘ͱ͖ʹ্ঢ͠ɼͦΕΒ͸ੜཧֶతʹࣔ͞Ε͍ͯ
Δڵฃੑχϡʔϩϯ 80%ɼ཈੍ੑχϡʔϩϯ 20%෇ۙͰ͋Δ͜ͱ͕ࣔ͞Εͨɽ
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数理モデルを用いたTwitter上での情報伝播に関する研究
山元航平 (池口徹 教授 )

1 はじめに
近年，Twitterをはじめとするソーシャルメディアの発達により，誰もが簡単に情報を発信できるように

なった．Twitterの利用目的は多様化しており，個人の意見の発信だけでなく企業の広報活動にも利用され
ている．そのため，発信した情報をどの程度広めることができたのかを調査することは非常に重要な課題と
なっている．Twitterでのフォロー，被フォロー関係を頂点と枝から構成されるネットワークとして捉える
と，情報がネットワーク上で伝播する様子を確認することができる．以前より，感染症や噂が伝播するダイ
ナミクスに関する研究は複雑ネットワーク理論を用いて盛んに行われてきた．例えば，Kermackらは感染症
の流行を数理モデルを用いて表現し，マクロな感染プロセスについての常微分方程式系を構築した [1]．一方，
Borge-Holthoeferらは噂の広まりをエージェントベースのモデルで表現し，ネットワーク内で噂が伝播して
いく様子を再現した [2]．しかし，従来のモデルではTwitter上での情報伝播に適用できていないという問題
点がある．そこで，本論文では Borge-Holthoeferらのモデルを改変し，Twitter上での情報伝播を考慮した
モデルを提案した．さらに，改変したモデルを用いて情報拡散シミュレーションを行い，ネットワーク内で
情報が伝播する過程について調査した．

2 情報拡散モデル
2.1 従来モデル
文献 [2]では，噂の拡散モデルについて議論が行われている．各頂点を 3つの状態に分類するマルチエー

ジェントモデルである．Sは「まだ噂を知らない状態」，Iは「噂を知って他人に伝えている状態」，Rは「噂
を知っているが興味を失って他人に伝えるのを止めた状態」を表す．各頂点の状態遷移を図 1に示す．

図 1: 各頂点の状態遷移

I の頂点は，隣接頂点の中からランダムに k人を選択する．時刻 tにおいて選ばれた k人に，I の頂点は情
報を送信する．情報送信相手の頂点の状態が Sであった場合，時刻 t + 1で情報受信頂点は確率によって Iま
たは Rのどちらかの状態に遷移する．Sから I に状態遷移する確率は λpであり，SからRに状態遷移する
確率は λ(1 − p)である．一方，情報送信相手の頂点の状態が I または Rであった場合，t + 1で情報送信頂
点は確率 αで I からRに状態遷移する．一度，Rに遷移した頂点が再び情報拡散を行うことはない．
2.2 Twitter上での情報伝播を考慮した情報拡散モデル

Borge-Holthoeferの数理モデル [2]を参考に，Twitter上での情報伝播を考慮した SINR拡散モデルを提案
する．SINR拡散モデルではTwitterにおけるリツイートを情報拡散とみなした．噂の拡散とTwitterのリツ
イートによる情報拡散の仕組みは異なる点がある．表 1に両者の違いを示す．

表 1: 噂の拡散と Twitterのリツイートによる情報拡散の仕組みの違い
噂の拡散 Twitterのリツイートによる情報拡散

情報伝達対象 接触した人から順に伝える フォロワ全員に同時に伝える
情報伝達回数 同じ人に何度も伝えることがある リツイートは基本的に一度のみ

以上の点を踏まえ，SINR拡散モデルを作成した．まず，従来モデル [2]では情報送信相手を隣接頂点の中
からランダムに k人選んでいたが，SINR拡散モデルでは隣接頂点のすべてに情報を送信するようにした．次
に，I から Rの変化を確率 αで決定していたものを，SINR拡散モデルでは時刻 tで I であった頂点を時刻
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t + 1で必ず IからRに状態遷移するようにした．さらに，情報拡散を行った頂点とそれ以外の頂点を分類す
るため，新たな状態N を定義した．各頂点が遷移する 4つの状態を，Sは「まだツイートを知らない状態」，
Iは「ツイートを知って他人に向けてリツイートしている状態」，N は「ツイートを知っているが他人に向け
てリツイートしなかった状態」，Rは「ツイートを知って他人に向けてリツイートし終わった状態」で表す．
SINR拡散モデルの状態遷移を図 2に示す．

図 2: 各頂点の状態遷移

3 使用したTwitterネットワークデータの特徴
情報拡散シミュレーションには，頂点数 465,017点，枝数 834,797本のTwitterネットワークデータ [3]を

用いた．ネットワークは有向グラフであり，頂点 iが頂点 j をフォローしている場合に iから j の向きに枝
が生じる．データは Twitter APIにより各頂点のフォロー情報を抽出することでサンプリングされている．
Twitter APIを用いて Twitter社が公開している情報にアクセスすると，任意のユーザについてのフォロワ
情報やツイート情報など，さまざまなデータを取得することが可能である．図 3にネットワーク内の 2頂点
間の枝の有無を示す．横軸の頂点 iが縦軸の頂点 jをフォローしている場合に点をプロットしている．使用し
た Twitterネットワークデータの特徴として，各頂点の入次数は必ず 1以上であるが，出次数は必ずしも 1
以上とは限らないことが挙げられる．ネットワークの出次数分布を図 4，入次数分布を図 5に示す．ここで，
情報が伝播する方向はネットワークの枝の矢印とは逆の j から iであることに注意する．情報が伝播する方
向と対応する入次数分布は，べき指数 2.59の直線に近似される．すなわち，入次数分布はべき則に従ってお
り，入次数ネットワークはスケールフリー性を有していることが示唆される．航空網や人間関係など多くの
ネットワークはスケールフリー性を持っており，スケールフリーネットワークでは病気や情報が伝播しやす
いことが知られている [4]．

図 3: ネットワーク内に存在する枝
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図 4: 出次数分布
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図 5: 入次数分布

4 情報拡散シミュレーション
4.1 情報拡散シミュレーションの条件
ネットワーク内のある 1つの頂点を I とし，それ以外の頂点を Sとしたものを初期状態とする．I の頂点

が Sの頂点に情報を伝達することで情報伝播が進んでいく．開始時に状態 I である唯一の頂点を情報発信源
の頂点 sp(1 ≤sp≤ 465, 017, sp ∈ N)とする．また，発信した情報の価値を r(0 ≤ r ≤ 1, r ∈ R)と定義する．
各頂点は関心度Mi(0 ≤ Mi ≤ 1, Mi ∈ R)を持ち，情報が到達したとき，Mi > rの場合 S から I に遷移し，
Mi ≤ rの場合 SからN に遷移する．各頂点 iの関心度Miは [0, 1]の一様乱数により与えた．また，情報拡
散の収束を I の頂点数が 0になったときとして，その時刻を tendと定義する．一方，ネットワーク内の全頂
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点のうち，情報が到達した頂点の割合を示す，情報到達割合H(t)は式 (1)で表される．

H(t) =
I(t) + N(t) + R(t)

n
(1)

t(∈ N)は時刻，nは総頂点数，I(t), N(t), R(t)はそれぞれ時刻 tでの状態 I, N, Rの頂点数である．
4.2 情報発信源の頂点 spの違いによる情報到達割合H(t)の差異
まず，情報発信源の頂点の違いによる情報到達割合の差異について調査した．図 6に時刻 tにおける各状態

の頂点数の変化を示す．情報の価値 r = 0.6とし，結果は任意の 1回の試行によるものである．図 6(a)は次数
の大きい頂点 (次数 199)を情報発信源としたとき，図 6(b)は次数の小さい頂点 (次数 1)を情報発信源とし情
報が拡散したとき，図 6(c)は次数の小さい頂点を情報発信源とし情報が拡散しなかったときの結果を示す．
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図 6: 各状態の頂点数の時間変化

図 7に情報到達割合の時間変化を示す．図 7(a)は次数の大きい頂点を情報発信源としたとき，図 7(b)は次
数の小さい頂点を情報発信源としたときの結果である．100回の試行すべてのH(t)をプロットした．
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図 7: 情報到達割合の時間変化

表 2では，情報発信源の頂点の次数の大小による拡散の過程の違いを示す．図 6，図 7より，情報拡散は，
次数の大きい頂点を発信源とし情報が拡散するとき，次数の小さい頂点を発信源とし情報が拡散するとき，次
数の小さい頂点を発信源とし情報が拡散しないときに分類できるため，3つに場合分けして比較した．各項
目はそれぞれの回数によるH(t)の平均であり，min, maxはH(21)の最小値と最大値を示す．

表 2: 情報発信源の頂点の次数の大小による拡散の違い
回数 H(1) H(2) H(3) H(4) H(5) H(6) H(7)

spの次数大，拡散 100回 0.000002 0.000430 0.000888 0.001701 0.002571 0.003069 0.003250

spの次数小，拡散 14回 0.000002 0.000004 0.000009 0.000013 0.000017 0.000040 0.000092

spの次数小，拡散せず 86回 0.000002 0.000004 0.000006 0.000008 0.000008 0.000008 0.000008

H(8) H(9) H(10) H(21) min max tend

spの次数大，拡散 0.003308 0.003326 0.003332 0.003334 0.003148 0.003490 11.01

spの次数小，拡散 0.000312 0.000691 0.001360 0.002852 0.002688 0.003049 18.71

spの次数小，拡散せず 0.000009 0.000009 0.000009 0.000009 0.000004 0.000049 3.16
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図 6(a)と図 6(b)，図 7(a)と図 7(b)を比較すると，情報拡散が始まれば，最終的にはH(tend)は 0.003程
度まで到達可能であり，情報拡散収束時の情報到達割合は発信源の次数の大小によらないことがわかる．図
6(b)，図 6(c)，図 7(b)，表 2を見ると，t = 9までの情報到達割合が，最終的な情報到達割合に大きな影響
を与えることがわかる．H(9)が 0.0005以上の場合には最終的に情報は拡散し H(tend)は 0.03程度になり，
H(9)が 0.0005以下の場合には最終的に情報は拡散せず H(tend)は 0.000009程度になっている．以上から，
発信源の次数が小さくても，早い時刻である程度情報を拡散することができれば，最終的には発信源の次数
が大きい場合と同程度の頂点に情報を伝達することが可能であると結論できる．
4.3 情報の価値 rの変化による情報到達割合H(t)の変動
次に，情報の価値が与える情報到達割合への影響について調査した．図 8に情報の価値 rを 0.1刻みで変化

させたときの情報到達割合の時間変化を示す．エラーバーの上限と下限は 100回試行した際の最大値と最小
値である．また，情報拡散収束時刻の分布を図 9に示す．
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図 9: 100回試行した際の tendの分布

発信する情報の価値が高いほど情報到達割合は高い (図 8)．図 8,図 9より，発信する情報の価値 r = 0.0, 0.1
のときH(t)は 0.0005程度であり情報は拡散せず t = 5程度で収束していることがわかる．また，発信する
情報の価値 rが 0.7以上のときはH(t)は 0.004程度まで情報が拡散したのちに t = 10程度で収束している．
一方で，発信した情報の価値 r = 0.2, 0.3, 0.4のときは t = 16から 20で情報拡散が収束する場合もあること
がわかる．試行によっては情報拡散収束に時間がかかるため，パラメータ rがこれらの値をとるとき，ネッ
トワーク内で話題が比較的持続しやすいといえる．

5 まとめ
本研究では Twitter上の情報伝播を考慮した数理モデルを作成し，情報拡散シミュレーションを行うこと

で，ネットワーク内における情報到達割合について調査した．その結果，情報を発信した後，初期の時刻に
おける情報到達割合が，最終的な情報到達割合に大きな影響を与え，たとえ次数の小さな頂点が情報発信源
であったとしても，次数の大きな頂点が情報発信源であったときと同程度に情報を拡散させることは可能で
あるということがわかった．また，ネットワーク内で話題を持続させるためには，徐々に情報が広まってい
くことが重要であり，必ずしも情報の価値が高い必要はないということが示唆された．
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ϦΧϨϯεϓϩοτؒͷڑ཭Λ༻͍ͨେن໛஍਒ʹ͓͚Δલஹݱ৅ͷݕग़

ੴ࡚Ұً (஑ޱప तڭ )

1 ͸͡Ίʹ
೔ຊͰ͸ຖ೔େখʹؔΘΒͣ஍਒͕ൃੜ͍ͯ͠Δɽ͜Ε·Ͱʹ೔ຊͰൃੜͨ͠୅දతͳେن໛஍਒ʹ͸

1923೥ 9݄ 1೔ʹϚάχνϡʔυ 8.3Λ؍ଌͨؔ͠౦େ਒ࡂɼ1995೥ 1݄ 17೔ʹϚάχνϡʔυ 7.3Λ؍
ଌͨ͠ࡕਆɾ୶࿏େ਒ࡂɼ2011೥ 3݄ 11೔ʹϚάχνϡʔυ 9.0Λ؍ଌͨ͠౦೔ຊେ਒ࡂͳͲ͕͋Δɽ͜
ΕΒͷେن໛஍਒͸ͲΕ΋ 40,000 ਓΛ௒͑Δ٘ਜ਼ऀΛग़͢ਂࠁͳඃ֐Λ΋ͨΒͨ͠ɽ஍਒ͷൃੜΛ༧ଌ͢
Δ͜ͱ͕Ͱ͖Ε͹ɼ஍਒ʹରͯ͠උ͑Δ͜ͱ͕Ͱ͖ɼඃ֐Λ࠷খݶʹ཈͑Δ͜ͱ͕Ͱ͖ΔɽͦͷΑ͏ͳഎܠ
͔Βɼࠓ೔Ͱ͸େن໛஍਒ʹΑΔඃ֐ΛݮΒͨ͢Ίʹ஍਒͕ൃੜ͢Δ৔ॴ΍೔࣌Λ༧ଌ͢Δࡏݱ͕ڀݚ੝Μ
ΘΕ͍ͯΔɽͦͷதʹɼGPSߦʹ Ӵ੕͔Βిجࢠ४఺΁ૹ৴͞ΕΔి೾Λ༻͍ͯಘΒΕΔి཭૚ͷిີࢠ
౓ (Total Electron ContentɼҎԼɼTEC)ͷมԽྔΛݟΔ͜ͱʹΑΓɼి཭૚ͱ஍਒ͷؔੑ܎Λղੳͨ͠
΋ͷ͕͋Δ [1][2]ɽTECͱ͸ి཭૚ʹଘ͢ࡏΔͷిࢠͷີ౓ͷ͜ͱͰ͋ΔɽੑߴೳGPSड৴ػͰ 2प೾ଌ
ҐσʔλΛ؍ଌ͠ɼͦͷ 2प೾ଌҐσʔλͷҐ૬ࠩΛ͢ࢉܭΔ͜ͱͰGPS೾͕ి཭૚Λ఻ൖͨ͠఻ൖ࿏ͷ
TECΛٻΊΔ͜ͱ͕Ͱ͖Δɽ͜ΕΒͷڀݚ [1][2]Ͱ͸஍਒ൃੜޙʹTECʹมԽ͕͋ͬͨ͜ͱ͕ࢦఠ͞Εͯ
͍Δɽ͔͠͠ɼ஍਒ൃੜલʹ஍਒ͷ༧ஹͱ͑ݴΔΑ͏ͳ TECͷมԽ͕͔͋ͬͨͲ͏͔͸໌֬ʹࣔ͞Ε͍ͯ
ͳ͍ɽͦ͜Ͱຊ࿦จͰ͸ɼେن໛஍਒ൃੜલͷ TECʹରͯ͠ඇઢྻܥ࣌ܗղੳ๏ͱෳࡶωοτϫʔΫղੳ
๏Λ༻͍Δ͜ͱʹΑͬͯɼ஍਒͕ൃੜ͢Δ༧ஹΛଊ͑Δ΂͘ௐࠪΛͨͬߦɽ

2 ղੳํ๏
GNSS (Global Navigation Satellite Sysyem/શٿଌҐӴ੕γεςϜ) ͔Βి೾Λड৴͢Δ৽͍͠ج४

఺ͱͯ͠ઃஔ͞Ε͍ͯΔͷ͕ిجࢠ४఺Ͱ͋ΔɽGNSS ͱ͸ถࠃͷ GPSɼ೔ຊͷ४ఱ௖Ӵ੕ɼϩγΞͷ
GLONASSɼԤभ࿈߹ͷGalileo౳ͷӴ੕ଌҐγεςϜͷ૯শͰ͋Δɽిجࢠ४఺͸શࠃʹ໿ 20kmִؒͰ
໿ 1,300ϲॴઃஔ͞Ε͓ͯΓɼిجࢠ४఺ͷ஍ཧతͳ৘ใΛ·ͱΊ͍ͯΔͷ͸ࠃ౔஍ཧӃ [3]Ͱ͋Δɽిجࢠ
४఺Ͱ͸ 1೔ʹ 1൪͔Β 32൪Ӵ੕ͱ௨৴͍ͯ͠Δɽࠓճ͸ࠃ౔஍ཧӃͰఏ͞ڙΕ͍ͯΔిجࢠ४఺؍ଌσʔ
λΛݩʹղੳΛͨͬߦɽ·ͣ࢝ΊʹɼTECσʔλͷมಈΛநग़͢ΔɽTECσʔλͷมಈ͸ TECͷ࣌ྻܥ
σʔλ͔ΒҠಈฏۉΛࠩ͠Ҿ͘͜ͱʹΑΓநग़Ͱ͖ΔɽͦͷࡍɼҠಈฏۉͷ෯Λ 15෼ͱͯͨ͠͠ࢉܭɽ࣍
ʹɼ্هͷํ๏ͰಘΒΕͨ TECσʔλͷมಈʹରͯ͠ɼඇઢྻܥ࣌ܗղੳख๏ͷҰͭͰ͋ΔϦΧϨϯεϓ
ϩοτ (ҎԼɼRP)Λ࡞੒͢Δɽ͜͜ͰಘΒΕͨ RPͷσʔλΛྡ઀ྻߦͱͯ͠ݟΔ͜ͱʹΑͬͯɼ֤ RP
ؒͷάϥϑڑ཭Λܭଌ͢Δɽࠓճ͸ɼจݙ [4]ͰఏҊ͞Ε͍ͯΔωοτϫʔΫؒڑ཭Λ༻͍֤ͯ RPؒͷڑ
཭Λܭଌͨ͠ɽ͜͜Ͱܭଌͨ͠ڑ཭σʔλΛ༻͍ͯଟ࣍ݩई౓ߏ੒๏Λ͍ߦɼ஍਒ͷ͋Δ೔ͱͳ͍೔ͷҧ͍
΍஍਒ͷ༧ஹʹ͍ͭͯௐࠪͨ͠ɽ

2.1 ϦΧϨϯεϓϩοτ
RPͱ͸ɼΞτϥΫλ্ͷ֤఺ؒͷ૬ؔؔ܎Λ֮ࢹԽ͢Δ΋ͷͰ͋Γɼ࣌ྻܥσʔλͷपੑظɾඇपੑظɼ

ఆৗੑɾඇఆৗੑͳͲͷσʔλߏ଄Λ Δ΋ͷͰ͋Δɽͦͷ݁Ռɼσʔλ͢ݱը૾ʹΑͬͯఆੑతʹදݩ2࣍
ͷΞτϥΫλߏ଄ͱ࣌ؒൃల৘ใ͕ Խ͞ΕΔɽ֮ࢹը૾ͱͯ͠ݩ2࣍

RPΛ࡞੒͢Δʹ͸ɼҰลͷ௕͕͞ΞτϥΫλ্ͷ఺ͷ૯਺N ͱͳΔΑ͏ͳ ܥը૾Λ༻ҙ͢Δɽ࣌ݩ2࣍
ྻσʔλ x(t) = (x1(t), x2(t), . . . , xk(t), . . . , xn(t)) ∈ Rn ʹରͯ͠ 2఺ؒڑ཭Λࣜ (1)ʹΑΓఆٛ͢Δɽ

Di,j =

√√√√
n∑

k=1

(xk(i) − xk(j))2 (1)

ճ͸TECͷมಈσʔλʹରͯ͠ࠓ 2఺ؒڑ཭Λ͠ࢉܭɼRPΛ࡞੒ͨ͠ɽ۩ମతʹ͸ࣜ (2)Ͱఆٛ͞ΕΔɽ

Ri,j =

{
1 (Di,j) < θ)
0 (otherwise)

(2)

ͨͩ͠ɼθ͸ᮢ஋Ͱ͋Δɽ·ͨɼDi,j = Dj,i Ͱ͋ΔͷͰɼDi,j ͷ૯਺͸ɼS = nC2 ͱͳΔɽͦ͜ͰɼS ݸ
ͷڑ཭Di,j Λঢॱʹฒͼସ͑ɼ(S ʷ p)൪໨ʹ͋Δ Di,j Λᮢ஋ θͱઃఆͨ͠ɽͳ͓ɼຊ࿦จͰ͸ p = 0.1ͱ
ͨ͠ɽ·ͨࠓճ͸ TECมಈσʔλΛ஗Ԇ࠲ඪܥʹ஗Ε࣌ؒ τ = 1ɼ࣍ݩm = 10ͰຒΊࠐΜͰ RPΛ࡞੒
ͨ͠ɽ

2.2 ωοτϫʔΫؒڑ཭
จݙ [4]Ͱ͸ωοτϫʔΫؒͷڑ཭ΛఏҊ͍ͯ͠Δɽ͜ͷωοτϫʔΫؒڑ཭͸ϥϓϥγΞϯྻߦΛ༻͍ͯ

ෳࡶωοτϫʔΫؒͷߏ଄ͷҧ͍ΛޮՌతʹఆྔԽͰ͖ΔࢦඪͰ͋Δɽ͜ͷωοτϫʔΫؒڑ཭Λ༻͍Δͱ
଄తಛߏωοτϫʔΫͷ͕ྻߦͷωοτϫʔΫΛద੾ʹ෼ྨ͢Δ͜ͱ΋Ͱ͖Δɽ͜Ε͸ɼϥϓϥγΞϯࡍ࣮
ੑɾྗֶతಛੑʹؔ͢Δॏཁͳ৘ใΛؚΜͰ͍ΔͨΊͰ͋Δɽ·ͨɼ͜ͷωοτϫʔΫؒڑ཭͸ωοτϫʔ
Ϋͷ௖఺਺͕ҟͳΔ৔߹Ͱ΋ڑ཭Λࢉग़͢Δ͜ͱ͕Ͱ͖Δɽ͜͜Ͱ͸RPΛωοτϫʔΫͷྡ઀ྻߦͱͯ͠
ղੳΛͨͬߦɽ
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2.3 ଟ࣍ݩई౓ߏ੒๏
཭σʔλΛڑ ੒๏ߏई౓ݩ഑ஔ͢Δํ๏ͱͯ͠ଟ࣍ʹݩ2࣍ [7]͕͋Δɽଟ࣍ݩई౓ߏ੒๏͸ର৅ؒͷྨ

ई౓๏ʹ͸͍͔ͭ͘ͷΞݩ଄Λඳ͖ग़͢͜ͱ͕Ͱ͖Δɽଟ࣍ߏԽ͢Δख๏ͰɼσʔλʹજΉۭ֮ؒࢹ౓Λࣅ
ϧΰϦζϜ͕ଘ͢ࡏΔ͕ɼࠓճ࢖༻ͨ͠ͷ͸ݹయతଟ࣍ݩई౓๏ (Classical multi-dimansional scalingɼҎ
ԼɼCMDS)Ͱ͋Δɽ͜͜Ͱ͸TECมಈͷRPؒͷωοτϫʔΫؒڑ཭Λڑ཭σʔλͱͯ͠ղੳΛͨͬߦɽ

3 ղੳ݁Ռɾ࡯ߟ
ຊষͰ͸ 2011೥ 3݄ 11೔ʹൃੜͨ͠౦೔ຊେ਒ࡂΛղੳର৅ͱͨ͠ɽ·ͨɼ Ε͞ڙ౔஍ཧӃ͔Βఏࠃ

͍ͯΔTECσʔλͷ࣌ؒ͸ڠఆੈք࣌ (ҎԼɼUT)ͰѻΘΕ͍ͯΔɽUT͸ (೔ຊඪ४࣌ (JST)−9)࣌ؒͱ
ͳ͍ͬͯΔɽ౦೔ຊେ਒ࡂ͸ 2011೥ 3݄ 11೔ 14࣌ 46෼ 18ඵ (JST)ɼٶ৓ݝԴࣛ൒ౡͷ౦ೆ౦ԭ 130km
Λ਒ݯͱ͢Δ஍਒Ͱ͋Δɽ஍਒ͷن໛Λද͢Ϛάχνϡʔυ͸ 9.0Ͱɼ೔ຊपลʹ͓͚Δ؍ଌ্࢙࠷େͷ஍
਒Ͱ͋ΔɽUTʹ͓͚Δ஍਒ൃੜ࣌ࠁ͸ 5࣌ 46෼ 18ඵͰ͋Δɽ஍਒ൃੜ೔ɼ͓Αͼ஍਒ൃੜ 7೔લ͔Βͷ
TECͷมԽΛௐࠪͨ͠ɽຊߘͰ͸஍਒ൃੜ೔ͱͦͷ 7೔લͷ݁ՌΛใ͢ࠂΔɽ·ͣɼਤ 1ʹ 2011೥ 3݄ 11
೔ʹ 2 ൪Ӵ੕Ͱ؍ଌ͞Εͨ TEC σʔλɼTEC σʔλͷҠಈฏۉɼTEC ͷมಈΛࣔ͢ɽॎ͕࣠ TEC ͷ஋
[TECU]ɼԣ͕࣠UT[hour]Ͱ͋ΔɽTECͷมಈΛࢉग़͢ΔલॲཧΛՄࢹԽ͢Δͱਤ 1ͷΑ͏ʹͳΔɽ
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ਤ 1: 2011 ೥ 3 ݄ 11 ೔ʹ 2 ൪Ӵ੕Ͱ؍ଌ͞Εͨ TEC σʔλɼTEC σʔλͷҠಈฏۉɼTEC ͷมಈɽ

3.1 ౦೔ຊେ਒ࡂ
ਤ 2ʹ 2011೥ 3݄ 4೔ͱ 2011೥ 3݄ 11೔ʹ؍ଌ͞ΕͨશӴ੕ͷTECͷมಈΛࣔ͢ɽԣ͕࣠UT[hour]ɼ

Λ͍ࣔͯ͠Δɽࠁ৭ͷॎઢ͸஍਒͕ൃੜͨ࣌͠ࠇ
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ਤ 2: 2011 ೥ 3 ݄ 4 ೔ (ࠨ) ͱ 2011 ೥ 3 ݄ 11 ೔ (ӈ) ͷ TEC ͷมಈɽ

஍਒͕ൃੜ͍ͯ͠ͳ͍ 2011೥ 3݄ 4೔͸ 1೔Λ௨ͯ͠ TECͷมಈ͕গͳ͍͜ͱ͕Θ͔Δɽ஍਒͕ൃੜ
ͨ͠ 2011೥ 3݄ 11೔͸஍਒ൃੜͷ໿ 4࣌ؒલͱ஍਒ൃੜ௚ޙʹTECͷมಈ͕ඇৗʹେ͖͘ͳ͍ͬͯΔ͜
ͱ͕Θ͔Δɽ
࣍ʹਤ 3 ∼ 5ʹTECͷมಈͷ࣌ྻܥͱͦͷRPΛࣔ͢ɽࠇ৭ͷॎઢ͸஍਒͕ൃੜͨ࣌͠ࠁΛ͍ࣔͯ͠Δɽ

ਤ 3͸ຊ਒ 1िؒલͷ TECͷมಈͷ࣌ྻܥͱ RPͰ͋Δɽ஍਒͕͍͖ͯىͳ͍ͱ͖͸ TECͷมಈ͕খ͍
͜ͱ͕Θ͔Δɽਤ 4ɼ5͸஍਒͕ൃੜͨ͠೔ͷTECͷมಈͷ࣌ྻܥͱRPͰ͋Δɽຊ਒લޙͰTECͷมಈ
͕େ͖͍͜ͱ͕Θ͔Δɽ͜ͷ஍਒ൃੜલͷେ͖ͳมಈ͸஍਒ͷલஹݱ৅Λଊ͑ΒΕ͍ͯΔͷͰ͸ͳ͍͔ͱߟ
͑ΒΕΔɽ
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ਤ 3: 2011 ೥ 3 ݄ 4 ೔ͷ TEC ͷมಈͷ࣌ྻܥͱ RP (14, 21, 22 ൪Ӵ੕)
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ਤ 4: 2011 ೥ 3 ݄ 11 ೔ͷຊ਒લޙͷ TEC ͷมಈͷ࣌ྻܥͱ RP (5, 9, 15 ൪Ӵ੕)
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ਤ 5: 2011 ೥ 3 ݄ 11 ೔ͷຊ਒લޙͷ TEC ͷมಈͷ࣌ྻܥͱ RP (21, 26, 27 ൪Ӵ੕)

TECͷมಈ͕ҟͳΔ෦෼͕ 2఺ؒڑ཭Di,j ͕େ͖͍෦෼ͱͳΔͷͰɼ఺͕ଧͨΕ͍ͯΔ਺͕গͳ͍ͬͯ
Δɽ஍਒͕ൃੜ͍ͯ͠ͳ͍࣌ؒଳͱɼ஍਒ൃੜલޙͷ࣌ؒଳͰ͸ TECมಈͷύλʔϯ͕ҧ͏͜ͱ͕ RPͷ
ը૾ΑΓࣔࠦ͞ΕΔɽ
ਤ 6ʹ͸ 2011೥ 3݄ 4೔ͱ 2011೥ 3݄ 11೔ͷ֤Ӵ੕ؒͷશͯͷ૊Έ߹ΘͤͷωοτϫʔΫؒڑ཭Λܭ

͸Ӵ੕൪߸Λද͍ͯ͠ΔɽࣈՌΛࣔ͢ɽ਺݁ͨ͠ࢉ
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ਤ 6: 2011 ೥ 3 ݄ 4 ೔ (ࠨ) ͱ 2011 ೥ 3 ݄ 11 ೔ (ӈ) ͷ֤Ӵ੕ؒͷ TEC มಈͷ RP ͷωοτϫʔΫؒڑ཭ɽ

2011೥ 3݄ 4೔͸࠷େ஋ 0.206ɼ ฏۉ஋ 0.168ɼ2011೥ 3݄ 11೔͸࠷େ஋ 0.208ɼฏۉ஋ 0.162ͱ͍͏
݁Ռʹͳͬͨɽ࠷େ஋ɼฏۉ஋ʹେ͖ͳࠩ͸ͳ͘ɼ݁Ռͱͯ͠ωοτϫʔΫؒڑ཭ͷ஋ʹ͸େ͖ͳࠩ͸ݱΕ
ͳ͔ͬͨɽ
ਤ 7ʹ͸TECมಈͷRPͷωοτϫʔΫؒڑ཭Λ༻͍ͯCMDSΛ݁ͨͬߦՌΛࣔ͢ɽB͕஍਒ͷલஹΛ

ଊ͑ͨ΋ͷɼA͕஍਒ޙͷมಈΛଊ͑ͨ΋ͷɼX͕஍਒ͷલ܎ؔʹޙͳ͍΋ͷͱͳ͍ͬͯΔɽ
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ਤ 7: 2011 ೥ 3 ݄ 4 ೔ (ࠨ) ͱ 2011 ೥ 3 ݄ 11 ೔ (ӈ) ͷ֤Ӵ੕ؒͷ TEC มಈͷ RP ͷωοτϫʔΫؒڑ཭Λ༻͍ͨ CMDS
ͷ݁Ռɽ

ਤ 7ΛΈΔͱɼຊ਒ 1िؒલͷ 2011೥ 3݄ 4೔Ͱ͸શମతʹதԝʹू·͍ͬͯΔ͜ͱ͕Θ͔ΔɽҰํɼ஍
਒͕ൃੜͨ͠ 2011೥ 3݄ 11೔Ͱ͸BɼAɼX͕៉ྷʹ෼͔ΕΔ͜ͱ͸ͳ͔͕ͬͨɼશମΛݟΔͱX͕தԝ
෇ۙʹूΓɼBɼA͕֎ΕͨҐஔʹ͋Δ͜ͱ͕Θ͔Δɽ͔͠͠ɼ஍਒͕ൃੜͨ͠೔ͱൃੜ͠ͳ͔ͬͨ೔Ͱ͸
େ͖ͳࠩ͸ݟΒΕͳ͔ͬͨɽ

4 ·ͱΊ
ຊ࿦จͰ͸ɼి཭૚ͷిີࢠ౓ͷ࣌ྻܥσʔλʹରͯ͠ඇઢྻܥ࣌ܗղੳ๏ͱෳࡶωοτϫʔΫղੳ๏Λ

Ͱ͸஍਒ͷ༧ஹΛ͸͖ͬΓͱଊ͑Δ͜ͱ͸Ͱ͖ͳڀݚճͷࠓ஍਒ൃੜͷ༧ஹΛௐࠪͨ͠ɽ݁Ռͱͯ͠ɼ͍ߦ
͔ͬͨɽTECมಈͷ࣌ྻܥ΍RPͰ͸஍਒͕ൃੜͨ͠೔ͱൃੜ͠ͳ͔ͬͨ೔ɼ஍਒ൃੜલޙͱ஍਒͕ൃੜ͠
͍ͯͳ͍࣌ؒଳͰ͸େ͖ͳ͕ࠩݟΒΕͨɽ͔͠͠ɼωοτϫʔΫؒڑ཭΍ଟ࣍ݩई౓ߏ੒๏Λ͏ߦͱͦͷࠩ
͕͋·ΓݟΒΕͳ͘ͳͬͯ͠·ͬͨɽ͜Ε͸ɼTECͷมಈͷ࣌ྻܥʹଘ͢ࡏΔಛ௃͕ڑ཭σʔλʹมͨ͠׵
ͱ͕͜͏ߦͷ՝୊ͱͯ͠͸ɼΑΓଟ͘ͷ஍਒ʹରͯ͠ղੳΛޙࠓΒΕΔɽ͑ߟΘΕͯ͠·ͬͨ͜ͱ͕ࣦʹࡍ
४఺ͷσʔλΛௐࠪ͢Δ͜ͱ΋ඞཁͰ͋ΔɽجࢠΒΕΔɽ·ͨɼ༷ʑͳి͛ڍ
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構築法での使用頻度が高い枝を優先する局所探索法
木澤舞 (池口徹 教授 )

1 はじめに
巡回セールスマン問題 (traveling salesman problem、以下 TSP)などのNP 困難な組合せ最適化問題に対して

現実的な時間で最適解を求めることは難しい．そのため，短い時間で優れた近似解を発見する手法の開発が求め
られている．組合せ最適化問題に対する近似解法の一つに発見的解法がある．発見的解法は精度の保証はないが，
一般的には精度の保証がある手法よりも良い性能を示すことが知られている．発見的解法には解を高速に生成す
ることができる構築法や，時間はかかるが良い解を得ることができる局所探索法などがある．従来では，構築法
により初期解を生成した後，局所探索法で改善するという方法が採用されることが多い．この意味では，構築法
と局所探索法は独立して適用されている．しかし，例えば TSPに対する効果的な構築法の一つである最近傍法で
複数の巡回路を生成すると，最近傍法でよく使用される枝は最適巡回路に含まれる枝である確率が高いことが分
かる．即ち，最近傍法でよく使用される枝を巡回路に含むように局所探索を行うことでより良い解を得ることが
できると期待できる．そこで本論文では，構築法により得られた解の情報を使って局所探索法を行うことにより，
両者の長所を生かした高速で精度の高い解法を開発することを目的とする．具体的には，TSPに対する効果的な
局所探索法の一つである 2-opt法実行時に，最近傍法でよく使用された枝ほど巡回路に含みやすくする手法を提案
する．数値実験の結果，提案法は従来法よりも良い解を得ることに成功した．

2 TSPと構築法
2.1 TSP
都市の集合と都市間の距離が与えられたとき，全ての都市をちょうど一回ずつ訪問する巡回路のなかで巡回路

長が最短のものを求める問題が TSPである．TSPの目的関数を式 (1)で表す．式 (1)において，N は問題の都市
数，d(a, b)は都市 aと都市 bの間の距離，t(i)は i番目に訪問する都市，T = {t(1), t(2), ..., t(N)}は都市の巡回
順ベクトルである．

min
T

{
N−1∑

i=1

d(t(i), t(i + 1)) + d(t(N), t(1))} (1)

2.2 TSPに対する構築法
TSPに対する効率的な構築法として最近傍法と最近追加法がある [1]．本章では，最適巡回路が既知であるベン

チマーク問題 [2]を用いて，これらの構築法により生成した巡回路と最適巡回路がどの程度枝を共有しているかを
調査した．なお，問題名の数字の部分は問題の都市数を表す．
最近傍法 [1]は，まだ訪れていない都市の中で，現在の都市から最も近い都市を繋げることを繰り返して巡回路

を構築する手法である．最初に訪問する都市 t(1)に選ぶ都市によって得られる巡回路が変化する．そのため，最
近傍法で得られる巡回路はN 通り存在する．アルゴリズムは以下の通りである．

1. 任意の都市を選び，t(1)とする

2. j = 2, ..., N に対して操作 3.を繰り返す

3. 既に選択した t(1), ..., t(j − 1)以外の都市の中から，t(j − 1)との距離が最も短いものを選び，t(j)とする

4. t(N)と t(1)を繋ぎ，巡回路 t(1)→ t(2)→...→ t(N)→ t(1) を構成する
最近追加法 [1]は部分巡回路 T にまだ含まれていない都市の中で最も T に近い都市を T に追加することを繰り

返して巡回路を構築する手法である．最初に選ぶ都市によって得られる巡回路が変化する．アルゴリズムは以下
の通りである．

1. 任意の都市を選び，1つの都市からなる部分巡回路 T をつくる

2. 部分巡回路 T が全ての都市を含むまで以下の操作 3.∼ 5.を繰り返す

3. d(i, j)を最小にする都市 i(∈ T )と都市 j(/∈ T )の組合せを求める

4. 都市 iに隣接している 2都市のうち 1つを都市 k(∈ T )とする

5. 枝 (i, k)を枝 (i, j)と枝 (j, k)で置き換えることにより，部分巡回路 T に都市 j を追加する
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3 構築法で生成した巡回路に含まれる枝と最適巡回路に含まれる枝の比較
まず始めに，N 都市 TSPに対して，構築法を用いて最初に訪問する都市 t(1)を変えたN 個の巡回路を生成す

る．NC2 個存在する全ての枝が，この N 個の巡回路に何回使用されているかを集計した．すなわち， 構築法で
生成されたN 個の巡回路のうち，都市 iと都市 j の 2都市を繋ぐ枝 (i, j)を含む巡回路の数を枝 (i, j)の使用頻度
K(i, j)と定義する．また，使用率 P (i, j) = K(i, j)/N と定義する．例えば，N = 6のとき，全部で 6個の巡回路
が生成される．ある枝 (i, j)がそのうち 3個の巡回路で使用されていたとき，この枝 (i, j)の使用頻度K(i, j) = 3

であり，使用率 P (i, j) = 3/6 = 50%である．使用頻度ごとに，構築法で生成された巡回路に使用された枝数とそ
のうち最適巡回路を構成する枝数をまとめた結果を図 1に示す．図 1は TSPLIBの eil101を用いた結果である．
図 1の横軸は使用頻度，縦軸は枝数であり，usedは構築法で生成したN 個の巡回路に使用された枝数，optimalは
usedに含まれる枝のうち最適巡回路を構成する枝数を示す．図 1から，構築法での使用頻度が高い枝 (80 ∼ 101)

ほど，最適解を構成する枝である確率が高いということが分かる．また，最近傍法の結果と最近追加法の結果を
比較すると，最近傍法のほうが使用頻度が高い枝の数が多い．
次に，最近傍法と最近追加法での使用率 100%(使用頻度がN)の枝のうち最適解を構成する枝数を表 1に示す．

どの問題でも最近傍法での使用率が 100%の枝のうち約 90%が最適解を構成する枝であるという結果になった．
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図 1: 構築法 ((a)最近傍法と (b)最近追加法)での枝の使用頻度の分布と，最適解を構成する枝の数 (eil101)

表 1: 最近傍法，最近追加法での使用率 100%の枝のうち最適解を構成する枝数

最近傍法 最近追加法
問題 使用率 100%の枝数 最適解を構成する枝数 使用率 100%の枝数 最適解を構成する枝数
st70 23 21 (91.3%) 9 7 (77.8%)

eil101 29 26 (89.7%) 8 6 (75.0%)
a280 37 33 (89.2%) 17 17 (100.0%)

pr1002 298 268 (89.9%) 121 111 (91.7%)

図 2は最適解を構成する枝の最近傍法と最近追加法での使用頻度を色で示した図である．構築法での使用頻度
が高い枝ほど濃い色でプロットした．図 2から，最近傍法は最近追加法よりも，最適解を構成する枝を多く使用
していることがわかる．
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(f) 最近追加法 (pr1002)

図 2: 最適解を構成する枝の構築法 (最近傍法，最近追加法)での使用頻度

4 TSPに対する局所探索法
4.1 2-opt法

2-opt法は，現在の巡回路から 2つの枝を削除し，別の 2つの枝を追加することによって新しい巡回路を生成す
る手法である．枝を繋ぎ替えることで巡回路長が短縮されるときはその繋ぎ替えを採用し，短縮されないときは
元の巡回順のままにする．この処理を巡回路中の全ての枝の組合せに適用しても改善できなくなるまで繰り返す．

4.2 提案法
最近傍法で頻繁に巡回路として使用される枝は最適巡回路に含まれる枝である確率が高いということが分かっ

ている．そのため，本論文では最近傍法で得られた各枝の使用率を利用して 2-opt法により解の改善を行う手法を
提案する．まず，最近傍法を用いて最初に訪問する都市 t(1)を変えたN 個の巡回路を生成し，各枝の巡回路を構
成する枝としての使用頻度を集計する．次に，追加する枝が削除される枝よりも最近傍法での使用率が高い場合の
み枝の繋ぎ替えを行うという制約をつけて 2-opt法を行う．最も使用率の高い枝を優先して巡回路に含めるため，
追加する 2本の枝と削除される 2本の枝のそれぞれの使用率の最大値を用いて比較する．制約下で改善できる箇
所がなくなったとき，制約のない 2-opt法に移行する．提案法の疑似コードを Algorithm1に示す．

Algorithm 1 最近傍法での使用率の高い枝を優先する 2-opt法
1: for i = 1 . . . N − 2 do
2: for j = i + 2 . . . N do
3: if max(P (t(i), t(i + 1)), P (t(j), t(j + 1))) ≤ max(P (t(i), t(j)), P (t(i + 1), t(j + 1))) then
4: if d(t(i), t(i + 1)) + d(t(j), t(j + 1)) > d(t(i), t(j)) + d(t(i + 1), t(j + 1)) then
5: for k = 0 . . . j−i

2 − 1 do
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 数値実験
提案法の性能を数値実験で評価した．性能の比較には従来法 (2-opt法)を使用した．従来法では初期解を任意の

都市を始点とした最近傍法で生成し，巡回路が改善できなくなるまで 2-opt法を繰り返した．一方，提案法では，
まず各都市を始点としたN 個の巡回路を生成し，各枝が巡回路に含まれる頻度を計算した．次に，巡回路が改善
できなくなるまで制約付きの 2-opt法 (Algorithm1)を繰り返した．都市数 3,000以下の問題はそれぞれN 回，そ
れ以外の問題は 20回試行している．従来法と提案法で [2][3]のベンチマーク問題を解いた際の誤差率と計算時間
を表 2に示す．表 2において，従来法と提案法を比較して低い誤差率を太字で示した．また，計算時間は最近傍法
での解の構築に必要な時間と，局所探索に必要な時間を分けて表記した．最近傍法の計算時間は従来法では 1回の
構築，提案法ではN 通りの解の構築に必要な時間を示す．局所探索の計算時間は平均値である．提案法では従来
法と比較して誤差率の平均が 0.1% ∼ 0.3%ほど低くなっており，最小値と最大値も殆どの問題で改善されている．

表 2: 誤差率と計算時間

誤差率 [%] 計算時間 [s]
問題名 手法 最小値 最大値 平均値 最近傍法 局所探索
st70

従来 2.40 15.90 7.30 0.0001 0.0016
提案 1.80 15.90 7.10 0.0037 0.0034

eil101
従来 3.00 11.80 6.80 0.0001 0.0019
提案 2.10 11.60 6.70 0.0086 0.0050

a280
従来 3.70 14.00 7.80 0.0003 0.0075
提案 2.40 13.00 7.60 0.0724 0.0194

pr1002
従来 4.90 11.60 8.10 0.0028 0.1144
提案 5.20 11.50 8.00 2.7989 0.2913

nrw1379
従来 5.80 9.89 8.04 0.0060 0.1332
提案 5.65 9.63 7.83 8.3445 0.4222

ley2323
従来 6.86 11.40 9.10 0.0202 0.4077
提案 6.41 11.12 8.80 47.1287 0.7885

dbj2924
従来 6.85 10.47 8.59 0.0265 0.6616
提案 6.57 10.26 8.17 77.6923 1.4229

ca4663
従来 8.29 10.95 9.52 0.0753 2.5424
提案 8.35 10.38 9.26 351.2240 6.2458

ja9847
従来 8.82 10.43 9.39 0.3031 11.9705
提案 8.45 10.17 9.30 2984.8781 32.5771

gr9882
従来 8.68 10.50 9.50 0.3003 12.1483
提案 8.61 10.05 9.29 2967.3503 31.7108

6 まとめ
最近傍法における使用頻度の高い枝を優先して 2-opt法を行うことで，従来法よりも計算時間は増加するが，誤

差率が低減されることを確認した．これは，最近傍法で生成される巡回路と最適巡回路が多くの枝を共有してい
ることが理由であると考えられる．この結果から，最近傍法における各枝の使用頻度のデータは局所探索法にお
いて有効であると考えられる．

参考文献
[1] 山本芳嗣, 久保幹雄, 巡回セールスマン問題への招待, 朝倉書店, 1997.

[2] TSPLIB, http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/ (最終閲覧日: 2018年 5月 3日)

[3] Traveling Salesman Problem, http://www.math.uwaterloo.ca/tsp/index.html (最終閲覧日: 2018 年 12 月
11日)
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Visibility GraphΛ༻͍ͨߴ଎ࣜגऔҾσʔλͷղੳʹؔ͢Δڀݚ

໺ହ஍ߴ (஑ޱప तڭ )

1 ͸͡Ίʹ
଎ʹചങ͢ΔऔҾͷ͜ͱͰ͋ߴΔ͜ͱͰ͢ߦͰ্࣮ػࢉܭऔҾͱ͸ΞϧΰϦζϜΛࣜג଎ߴ

Δɽ͜ΕʹΑΓگࢢࣜגΛࣗಈతʹ൑அ͠ϛϦඵ୯ҐͷऔҾ͕Մೳʹͳͬͨɽ͜ΕʹΑΓߴ଎
৔͸ϒࢢࣜג੒͞ΕΔΑ͏ʹͳͬͨɽ࡞ղ૾౓Λ༗͢Δσʔλ͕ؒ࣌ߴऔҾ͕੝ΜʹͳΓࣜג
ϥ΢ϯӡಈʹै͏ͱ͞ΕɼͦͷτϨϯυ෼ੳ͕גՁ༧ଌʹ͓͍ͯॏཁͰ͋ΔɽτϨϯυͷ͞ڧ
Λࣔ͢ϋʔετࢦ਺ͷਪఆ͸̧/̨ղੳͳͲͷख๏͕༻͍ΒΕΔ͕ϚʔΫ෇͖఺աఔσʔλͰ
ʹରͯ͠͸༻͍Δ͜ͱ͕Ͱ͖ͳ͍ɽVisibility Graph(ҎԼɼVG)[1]͸ϚʔΫ෇͖఺աఔσʔλ
ରͯ͠΋ղੳ͕Ͱ͖ΔɽຊߘͰ͸ 2017೥ 3݄ 10೔ͷ౦ূҰ෦্৔ۀاͷגՁࢦ਺஋ʹର࣌͠
σʔλΛྻܥ 30෼ִؒʹ෼ׂ͠VGΛ༻͍ͯϋʔετࢦ਺ͷਪఆΛ͏ߦɽͦͷ݁Ռɼ࣌ؒΑΓ
ϋʔετࢦ਺͕มԽ͢Δ͜ͱ͕Θ͔ͬͨɽϋʔετࢦ਺ͷมԽ͕Կʹґଘ͢Δ͔Λௐࠪ͢Δͨ
Ίʹɼαϩήʔτσʔλ๏Λ༻͍ͯղੳΛ͏ߦɽ

2 ղੳର৅ͱ͢Δσʔλ
೔ຊશମͷࢢࣜג৔ʹ͓͚ΔגՁͷมಈΛද͢ࢦඪͷҰ͕ͭTOPIX(ਤ3(a))Ͱ͋Δ [3]ɽTOPIX

ͱ͸౦ূҰ෦্৔ۀاͷશۀا (σʔλऔಘ࣌఺Ͱ 2002ࣾ)ΛؚΊͯࢉग़͞ΕͨࢦඪͰ͋Δɽͦ
ͷதͰ΋ TOPIX Core30(ਤ 1(c)), TOPIX 500(ਤ 1(b))͸౦ূҰ෦্৔ۀاͷ಺࣌Ձ૯ֹɼྲྀ
ಈੑ͕͍ߴ 500ࣾͱ 30ࣾΛϐοΫΞοϓͨ͠ࢦඪͰ͋Δɽຊ࿦จͰ༻͍Δߴ଎ࣜגऔҾσʔλ
͸औҾ͕ߦΘΕͨλΠϛϯάΛ఺աఔɼॏΈΛTOPIX஋ͱͨ͠ϚʔΫ෇͖఺աఔσʔλͰ͋
Δɽຊ࿦จͰ͸ 2017೥ 3݄ 10೔ͷ 1[ms]ΦʔμʔͷTOPIXͷมಈσʔλΛ༻͍ͨɽ
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3 Visibility Graph

ਤ 2: VGͷΞϧΰϦζϜ

VG͸࣌ྻܥσʔλΛωοτϫʔΫʹม͢׵Δख๏Ͱɼม
ঝ͍ͯ͠ܧσʔλͷಛ௃ΛྻܥΕͨωοτϫʔΫ͸࣌͞׵
ΔɽVG͸࣌ྻܥσʔλΛ๮άϥϑʹͯͨ͑͠ߟͱ͖ɼ֤
๮ͷ௖্͔Βଞͷ௖্͕ࢹೝͰ͖Δ৔߹ʹͦͷ 2௖఺ؒʹ
ΛுΔࢬ (ਤ 2).͜ͷૢ࡞Λશͯͷ௖্ͷ૊Έ߹Θͤʹର͠
ܥங͢ΔɽVGͷ௖఺͸࣌ߏͱͰωοτϫʔΫΛ͜͏ߦͯ
ྻͷ֤σʔλʹରԠ͠೚ҙͷ 2σʔλ ta, tbͱͦͷதؒσʔ
λ tc͕ࣜ (1)Λຬͨ͢৔߹ʹ 2σʔλؒʹࢬΛுΔɽ

yc < yb + (ya − yb)
tb − tc
tb − ta

(1)

VG͸֤஋ɼ࣌ؒΛఆ਺ഒͯ͠΋ωοτϫʔΫߏ଄͕ม
ΘΒͣྡΓ߹͏σʔλؒʹඞ͕ͣࢬுΒΕΔͨΊཱݽ఺Λ
࣋ͨͳ͍ɽVG͸ແ޲άϥϑͰ͋ΓϑϥΫλϧੑΛ࣋ͭ࣌ྻܥͰ͸εέʔϧϑϦʔωοτϫʔ
ΫʹͳΔɽVGͷ࣍਺෼෍ͷ͔͖܏Β࣌ྻܥͷτϨϯυΛࣔ͢ϋʔετࢦ਺HΛਪఆ͢Δ͜ͱ
͕Ͱ͖Δ [2]ɽVGͷ࣍਺෼෍Λ log-logϓϩοτͨ͠৔߹ͷ෼෍ͷ͖܏ γͱϋʔετࢦ਺H͸
γ(H) = 3.1 − 2Hͷ͕ؔ͋܎ΔɽVGͷ log-logϓϩοτͷ͖܏ γͷਪఆʹ͸ࣜ (2)Λ༻͍Δ [4]ɽ
ࣜ (2)ͷ kmin͸΂͖৐ଇΛอ࣋͢Δ࠷খͷ࣍਺Ͱ͋ΓຊߘͰ͸ kmin = 10ͱͨ͠ɽ

γ = 1 + n
[ n∑

i=1

ln
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kmin

]−1

(2)

4 ղੳख๏
1೔ͷ౦݊ূژऔҾॴͷࣜגऔҾ͸ 9͔࣌Β࢝·Γ 15࣌ʹऴΘΔɽ11࣌൒͔Β 12࣌൒ͷ 1࣌
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త૬͕ؔϋʔετࢦ਺H ʹӨ͢ڹΔ͔Λௐ΂ΔͨΊɼࠓճ͸ 10ύλʔϯͷ RSαϩʔήʔτ
σʔλΛ࡞੒ͦ͠ΕͧΕʹରͯ͠ϋʔετࢦ਺HΛਪఆ͠ɼݩσʔλͱൺֱͨ͠ɽ
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5 ݁Ռ
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ਤ 4: औҾσʔλͷ࣌਺෼෍ɼऔҾ։͔࢝Βࣜג଎ߴ 30෼ؒ

30෼ִؒͰ෼ׂͨ͠ݩσʔλʹର࣍͠਺෼෍ͷ͔͖܏Βϋʔετࢦ਺HΛٻΊͨɽ݁ՌΛਤ
5ʹࣔ͢ɽTOPIXcore30 ͷϋʔετࢦ਺H͸࣌ؒมԽ͍ͯ͠Δ͜ͱ͕Θ͔Δɽ30෼ִؒͰ෼
σʔλ͔ΒऔҾִ࣌ؒؒͷRSαϩʔήʔτσʔλΛݩׂͨ͠ ੒͠෼෍Λௐࠪͨ͠࡞ݸ10 (ਤ
5). औҾִ࣌ؒؒͷRSαϩʔήʔτσʔλͷϋʔετࢦ਺Hͷ෼෍ʹɼޙޕ 9͔࣌Βͷ 30෼ɼ
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6 ·ͱΊ
ຊ࿦จͰ͸ 2017೥ 3݄ 10೔ͷ౦ূҰ෦্৔ۀاͷגՁࢦ਺஋ʹର࣌͠ྻܥσʔλΛ 30෼ؒ

ִʹ෼ׂͨ͠σʔλʹର͠औҾִ࣌ؒؒͷRSαϩʔήʔτσʔλΛ࡞੒ͨ͠ɽ࡞੒ͨ͠σʔ
λͱݩσʔλʹର͠VGΛ༻͍ͯϋʔετࢦ਺ͷਪఆΛͨͬߦͱ͜ΖݩσʔλͱRSαϩʔήʔ
τσʔλͰ͸ϋʔετࢦ਺H͕ҟͳΔ͕࣌ؒݱΕऔҾִ࣌ؒؒͷ࣌ؒత૬͕ؔϋʔετࢦ਺H
ʹӨ͍ͯ͠ڹΔ͜ͱ͕ࣔࠦ͞Εͨɽ
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■ Output of neuron
　Neurons fired when its output is larger than 0.5

■ Regulation of the firing rate
　If no neuron fired, neurons are positive biased at the next iteration

■ Refractory effect
　Escapes from local minima

■ Gain effect
   Decreases the objective function value

❶ The Steiner Tree Problem in Graphs

❷ Local Search [1]

❹ Numerical Experiments

❸ The Chaotic Neural Network [2-4]

References
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⇣i(t + 1) = �↵
t�1X

d=1

kdxi(t � d) + ✓

⇠i(t + 1) = �(C(t) � Ci(t))

⌘i(t + 1) = �W

|V |X

l=1

xl(t) + W

xi(t + 1) = f{⇠i(t + 1) + ⇣i(t + 1) + ⌘i(t + 1)}

�

C(t)

Ci(t)

: Scaling parameter
: The cost of the solution at time t
: The cost of the neighborhood solution corresponds to the i th neuron at time t

W : Connection weight of each neuron

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

■ Conditions

■ Results

Name
Target AFR 2.0 ± [%]

0.001 0.1 2.0

c01 1.98 1.97 1.97

c02 1.82 1.79 1.37

c03 1.92 1.94 1.55

c04 1.98 1.97 1.34

c05 2.06 2.06 2.49

c06 1.80 1.80 1.31

c07 1.77 1.80 1.24

c08 1.91 1.91 2.11

c09 2.29 2.28 2.63

c10 2.68 2.68 2.99

c11 2.02 2.01 2.25

c12 1.98 2.01 1.94

c13 2.57 2.57 3.00

c14 3.22 3.23 3.39

c15 4.83 4.84 4.84

c16 3.79 3.81 3.86

c17 4.12 4.12 4.15

c18 6.70 6.71 6.69

c19 6.84 6.86 6.78
c20 7.27 7.28 7.00

Average 3.18 3.18 3.15

Actual AFR [%]

■ Purpose

The chaotic search shows good performance
where the average firing rate (AFR) is 10 ~ 20%
ex) the traveling salesman problems [2]
      the quadratic assignment problems [5]
Is this valid for the Steiner tree problem in graphs?

□ c01

□ c20
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Searching processes (target AFR is 2.0±0.001%)

Solving the Steiner Tree Problem in Graphs 
by the Chaotic Neural Network Using Vertex Based Neighborhood

↵

k

✓

: Scaling parameter
: Decay factor
: Output of the i th neuron at time t
: positive bias

xi(t)

・Used a benchmark problem set C in Steinlib [6]
・Used the method in [7] to construct an initial solution
・Parameters of the chaotic search were set to
・α = 1, k = 0.9, θ = 0.1, W = 0.1, ε = 0.01
・β was tuned automatically to keep the target AFR

・FR =  the number of fired neurons
・FR =  the number of feasible solutions
・Upper limit of the iterations was 1,000
・We obtained solutions 50 times per instance

・FR = [%]

VS

ES

: Vertex set of S

: Edge set of S
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C(t)

Ci(t)

�(T + 1) =

8
><
>:

�(T ) + 0.5 (if A. AFR < T. AFR)

�(T ) � 0.5 (if A. AFR > T. AFR)

�(T ) (otherwise)
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Effect of network structures on causality estimation 
 between coupled nonlinear oscillators 
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Convergent cross mapping (CCM) [1]1

2

3

4

5

6

7

Watts-Strogatz model (WS model) [2]

Coupled logistic map [3]

Chaotic neural network [4]

Experiment procedure

Results

Conclusion

References
[1] G. Sugihara, et al., Science, Vol. 338, No. 6106, pp. 496–500, 2012.
[2] D. J. Watts and S. H. Strogatz, Nature, Vol. 393, No. 6884, p. 440–442, 1998.
[3] S. Jalan and A. Singh, Europhysics Letters, Vol. 113, No.3, pp. 30002, 2016.
[4] K. Aihara, et al., Physics letters A, Vol. 144, No. 6–7, pp.333—340, 1990.
[5] N. Otsu, IEEE transactions on systems, man, and cybernetics, Vol. 9, No. 1, pp.62—66, 1979

① Overview

② Prediction algorithm(In-sample)

・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

X Y
Prediction

Prediction

X Y
Prediction

Prediction

X Y
Prediction

Prediction

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

t

Xt

0 321 954 6 7 8

̂Yt

t0 321 954 6 7 8

Yt

t0 321 954 6 7 8

: Prediction target

(i)Embedding

x(t) = (Xt, Xt+⌧ , Xt+2⌧ , · · · , Xt+(m�1)⌧ )

(ii)Find neighboring points  
in embedded spaceXt+ 1

Xt

x(4)
x(7)

x(8)

x(2)

d[ x(2), x(7) ]

d[ x(2), x(8) ]

d[ x(2), x(4) ]

(Example : m = 2,τ = 1 ) 

wi
2 =

exp{�d[x(2),x(i)]
d[x(2),x(8)] }

P
j2{4,7,8} exp{�d[x(2),x(j)]

d[x(2),x(8)] }

Ŷ2 =
X

j2{4,7,8}
wi

2Yi

(iii) Calculate weights

(iv) Prediction
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used for prediction
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used for prediction
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(v) Generate predicted time series

(vi) Calculate correlation coefficient

xi(t + 1) = (1 − ε)f(xi(t)) + ε
ki

N

∑
j= 1

aij f(xj(t))

yi(t + 1) = kiyi(t) − αi f(yi(t)) + ai +
N

∑
j= 1

wij f(yj(t))

rewiring edges  
with probability  
from extended  

one-dimensional lattice 
 to random network

rewiring  
probability

p

p = 0 p = 10 < p < 1

・Parameters
xi(t) :

ε :
f(z) :

ki :
N :
aij :

Coupling strength between the vertices

Logistic map f(z) = az(1 − z)

Value at vertex   at timei t

Degree of the vertex i
Number of vertices of the network

th  component of the adjacency matrix(i, j)

yi(t) : Value at vertex   at timei t
ki :
αi :

f(w) :
ai :
N :

wij : Coupling strength between vertex    and vertexi j
Number of vertices of the network

f(w) = 1
1 + exp(− w/ε)Sigmoid function

Logistic map 
or 

Chaos neuron

Adjacency matrix

Network Time series

CCM

prediction accuracy  
matrix

estimation  
adjacency matrix

Frequency distribution of  
prediction accuracy

Threshold

Binarization method  
of Otsu [5] 

0 1

prediction accuracy
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a = 4.0
ε = 0.1

・Conditions

N = 20

ki = 0.8
αi = 1.0
ai = 0.2
ε = 0.04

wij = 0.2

・Conditions

N = 20

Refractory time decay constant

Coefficient for refractory terms

Bias

CCM parameter : m = 2,τ = 1(                                             )

 0

 0.2
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 0.6
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 0  0.2  0.4  0.6  0.8  1

p = 0 p = 0.05 p = 0.1

p = 0.15 p = 0.2 p = 0.25

p = 0.3 p = 0.35 p = 0.4

p = 0.45 p = 0.5 p = 0.55

p = 0.6 p = 0.65 p = 0.7

p = 0.75 p = 0.8 p = 0.85

p = 0.9 p = 0.95 p = 1

p = 0 p = 0.05 p = 0.1

p = 0.15 p = 0.2 p = 0.25

p = 0.3 p = 0.35 p = 0.4

p = 0.45 p = 0.5 p = 0.55

p = 0.6 p = 0.65 p = 0.7

p = 0.75 p = 0.8 p = 0.85

p = 0.9 p = 0.95 p = 1

・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 
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Effect of Excitatory/Inhibitory Neuron Ratio  
on STDP Learning Mechanism

Nanfu Miya, Yutaka Shimada, Kantaro Fujiwara, Tohru Ikeguchi  
Tokyo University of Science,  Saitama University,  The University of Tokyo
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1. Why do neurons fire? 2. Excitatory/Inhibitory Neuron

3. Synaptic Strength

4. Numerical Experiment[3]
5. Results

References

6. Conclusion

The 
magnitude 
of the input 
signal

Types of  
input 
neurons

Excitatory Neuron
Inhibitory Neuron

Excitatory Inhibitory
Positive NegativeSignal

Firing Promotion Suppression
Ratio 

(physiological 
experiment[1])

80% 20%
Inhibitory neurons play a crucial role in controlling  
excessive firings and synchronization in neural networks.

Input Signal

LTP (Firing Promotion)

LTD (Firing Suppression)

Neurons have individual synaptic strengths.  
They change with the state of the firing.

A+ exp(��tij
⌧

)

A+

�A�

O

Variability of Synaptic Strength 

A� exp(
�tij
⌧

)

�tij

A+, A�
�

�tij : spike timing between neuron    and

: time constants of
: maximum value of LTP, LTD 

A+, A�

STDP Learning[2]

i j

i j
Synapse between neurons
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Membrane 
Potential
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�tij
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�tij�tij > 0

Change the inhibitory neuron ratio     　　   rIN

 : Excitatory Neurons 
: Inhibitory Neurons
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The STDP learning rule only for excitatory neurons
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[1] DeFelipe J. and Farinas I.,  Progress in neurobiology, Vol. 6, No. 39, pp. 563-607, 1992.  
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The whole neural 
network were 
activated when both 
suppressions were 
hardly to occur.

Two suppressions depend on neuron ratio
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◎

論文“Detecting Causality in Complex Ecosystems”[1]の紹介
東京理科大学 池口研究室 B4 澤田 和弥

1

2

参考文献

6

はじめに

Takensの埋め込み定理[3]によるアトラクタの再構成[4]

3

4

Convergent Cross Mapping(CCM)[1][5]

Two Coupled Logistic Maps[6]にCCMを適用した結果[1]

5

7

疑似相関[1]

実データにCCMを適用した結果[1]

まとめ

Two Coupled Logistic Maps

再構成

・ xの時系列

(⌧ = 4)

・元のアトラクタ

・再構成したアトラクタ

x(t) = (Xt, Xt�⌧ , Xt�2⌧ , · · · , Xt�(E�1)⌧ )

・時間遅れベクトル

1� Cross Mappingの概要

2� Cross Mappingの手法

3�

・重み

wti
=

8
>>><
>>>:

uti

E+1X

j=1

utj

(d[x(t), x(ti)] 6= 0)

1 (d[x(t), x(ti)] = 0)

uti
= exp

�d[x(t), x(ti)]

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

ただし, 

？

？

X̂(t)

Ŷ (t)

t

t

Ŷt =

E+1X

i=1

wtiYti

・推測

すべての時間に対して計算し,  
実際の時系列との相関係数を比較

Cross Mappingにより得られる結果と解釈

Cross Mappingに用いる 
時系列長を変化させる

A B

正の相関係数

無相関
Cross Mapping

A B

正の相関係数

Cross Mapping

Cross Mapping

正の相関係数
結果から原因の推測

原因から結果の推測

Granger causality[2]

�2
�
(Y |U)

 
< �2

�
(Y |U � X)

 

決定論的な力学系に対して因果推定が上手くいかない場合もある

決定論的な性質を持つ力学系に対して因果関係を特定できないか？

X ! Y

時系列長が増えるにつれて 
相関係数の値が上昇・収束 因果関係あり

Convergence

Takensの埋め込み定理
次元のコンパクトな多様体d MとC2級写像

f : M ! M, g : M ! R1が与えられたとき
m > 2dであれば, 次の写像 V : M ! Rmは
生成的に埋め込みである.

例: Lorenz方程式

V (x) = (g(x), g(f(x)), g(f2(x)), ..., g(fm�1(x)))

適切な埋め込み次元, 遅れ時間で再構成された 
アトラクタはすべての変数を用いて描かれた 

アトラクタと同等の情報を保持

時系列間の似通った挙動を図形的に 
捉えることができる

(
X(t + 1) = X(t)[rx � rxX(t) � �x,yY (t)]

Y (t + 1) = Y (t)[ry � ryY (t) � �y,xX(t)]
が�x,y, �y,x X, Y の因果関係を決める結合変数

Cross Mapping

相互相関が0.5程度 因果関係あり？

Cross Mapping 相関係数が 
上昇・収束しない

因果関係なし

正しく因果推定できた

収束

正確な予測

8

追試

・捕食者と獲物間の因果推定

・マイワシ, カタクチイワシ, 水面温度の 
因果推定

マイワシとカタクチイワシには 
因果関係が存在せず,  

どちらも水温に影響を受けている

両方向の因果関係有り

Paramecium $ Didinium

Anchovy
%

SST
&

Sardine

CCMによって決定論的な力学系に支配されるようなシステムの因果推定が行える. 
疑似相関の場合にも因果関係が存在しないことを正しく推定できている. 

また, 収束が有意であるかを判断すべくサロゲートデータによる検定を行う必要がある. 
さらに, CCMだけでは因果関係の有無と向きしかわからないため,  

強さを定量的に測る指標を考える必要がある.

論文[1]の結果(    C, D)と一致

  [1]Sugihara George, May Robert, Ye Hao, Hsieh Chih-hao, Deyle Ethan, Fogarty Michael and Munch Stephan, “Detecting causality in complex ecosystems,” Science, Vol. 338, No. 6106, pp. 496--500, 2012.

[5]中山 新一朗, 阿部 真人, 岡村 寛, “Convergent cross mappingの紹介:生態学における時系列間の因果関係推定法”, 日本生態学会誌, Vol.65, No.3, pp.241--253, 2015.

[2]Granger Clive WJ, “Investigating causal relations by econometric models and cross-spectral methods,” Econometrica: Journal of the Econometric Society, pp.424--438, 1969.
[3]Takens Floris, “Detecting strange attractors in turbulence,” Dynamical systems and turbulence, Warwick 1980, pp.366--381, 1981.
[4]池口 徹, 山田 泰司, 小室 元政 (2000) 『カオス時系列解析の基礎と応用』 産業図書.

[6]Lloyd Alun L, “The coupled logistic map: a simple model for the effects of spatial heterogeneity on population dynamics,” Journal of Theoretical Biology, Vol.173, No.3, pp.217--230, 1995.
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論文 “Abnormal brain synchrony in Down Syndrome” [1] の紹介
　東京理科大学工学部経営工学科 池口研究室 B4 宮 南風

参考文献
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ダウン症患者(以下DS)15名, 健常者(以下Control)14名のアニメ 
映像視聴中の脳内画像イメージから脳内活性の時系列データを取得
❶  機能的な領域[3]ごと,あるいは物理的なエリア(ROI)ごとの 
     相関分析 
❷  物理的なエリア(ROI)を1つの点として，相関を持つものに枝  
     を与えるネットワーク分析 
❸  視聴中の被験者間の時系列による相関分析

実験内容

実験結果
❶(a) 機能的領域の相関

はじめに ❷ネットワーク分析 ❸被験者間相関

7266個のエリア(ROI)を 
ノードとしたネットワーク 
のクラスタ係数 

 DS : 0.636±0.024     
Control : 0.543±0.019

考察

神経病理学におけるダウン症候群研究  
⇨  Ts65Dnマウスモデル    
     脳内の回路の特異性 
本研究のデータがマウスモデルでの仮説と一致している可能性

fMRI(ヒト) Ts65Dnマウスモデル
長距離接続の正の相関が弱い NMDA受容体の活性化の低下
全距離において接続の 
負の相関の弱い LTP障害

短距離接続の増加 興奮性/抑制性シナプスの比率

単純化された 
 ネットワーク構造

GABAAアンタゴニストに 
 よって促進された 

 LTP海馬CA3の超結合性

まとめ
• ダウン症患者には通常と異なる脳内のネットワーク構成・ 
接続をしている 

• マウスでの研究結果を支持していくためにも異なるアプローチ 
でこの結果を示す必要性 

　　・・・＞  数理モデル

• ダウン症候群(Down Syndrome) [2] 

• fMRI  (functional Magnetic Resonance Imaging)  

　　⇨ fMRIにおけるダウン症候群患者の特徴とは? • •

通常は2本 
(染色体異常)

酸素化ヘモグロビン 
VS 

脱酸素化ヘモグロビン 
(磁性) 

5mm
× 7266個

❶(b) 物理的な座標ごと 
        (ROI)の相関

異常な同期 
(相関がある)

相関の違い  ⇨ ネットワーク構成の違い

←通常の脳構造

機能的領域の相関 : 小 
クラスタ係数：低

ダウン症候群の脳構造→

機能的領域の相関 : 大 
クラスタ係数：高
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電位依存性Ca2+チャネルの不活性を追加したBertramモデル
東京理科大学 池口研究室 M1 笠原宏太朗

IKATP

IKCa

ICaV

IKV

IKATP

IKCa

ICaV

IKV

IKATP

IKCa

ICaV

IKV

IKATP

IKCa

ICaV

IKV

1 静止状態 2 脱分極 (膜電位上昇)

3 バースト (インスリン分泌) 4 再分極 (膜電位下降)

1. 膵β細胞

膵臓ランゲルハンス島に存在する
インスリンを分泌し，血糖値を下げる

インスリン分泌

膵β細胞

Ca2+

細胞内Ca2+が増加するとインスリンが分泌される
細胞内イオン濃度はチャネルの開閉によって変化
ATP感受性K+チャネル (KATP)

電位依存性Ca2+チャネル (CaV)

Ca2+ Ca2+

電位依存性K+チャネル (KV)

Ca2+依存性K+チャネル (CaV)

…ATP濃度が高くなると閉じる

…Ca2+濃度が高くなると，外向きにK+を透過する

…膜電位が上昇すると，外向きにK+を透過する

…膜電位が上昇すると，内向きにCa2+を透過する

細胞内イオン濃度の変化は，膜電位を変化させる

h�(V ) =
1

1 + e(10+V )/10

�h(V ) =
40

e(V +75)/65 + e�(75+V )/20
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目的: Bertramモデル [1] は，電位依存性Ca2+チャネルの不活性を考慮していない. 
 不活性を数理モデルに加え，生理学的により妥当なモデルをつくる．
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3. 結果
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バーストの振幅が縮んでいくことを再現

4. まとめ 5. 参考文献
電位依存性Ca2+チャネルの不活性を数理モデルに追加
電位依存性Ca2+電流のバーストの振幅が縮んでいくことを再現

生理学的により妥当な数理モデルを作成した

[1] R. Bertram, et al., “Calcium and glycolysis mediate multiple bursting modes  
 in pancreatic islets,” Biophysical Journal, 87(5), pp. 3074-3087, 2004. 

[2] J. Keizer and G. Magnus, “ATP-sensitive potassium channel and  
bursting in the pancreatic beta cell,” Biophysical Journal, 56(2), pp. 229-242, 1989
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カオスMIMOシステムの性能の解析
東京理科大学 池口研究室 山崎凌

Nonlinear Problem Workshop 2018/06/16

カオスMIMOシステム[1]
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ロジスティック写像を用いた場合

セキュリティ性の評価

参考文献

1E-04

1E-03

1E-02

-2 -1  0  1  2  3  4
-0.5

 0

 0.5

 1

 1.5

Bl
oc

k 
er

ro
r r

at
e

Ly
ap

un
ov

 e
xp

on
en

t

a

1E-04

1E-03

1E-02

 3.5  3.6  3.7  3.8  3.9  4
 0

 0.2

 0.4

 0.6

 0.8

 1

Bl
oc

k 
er

ro
r r

at
e

Ly
ap

un
ov

 e
xp

on
en

t

a

1E-04

1E-03

1E-02

-2 -1.9 -1.8 -1.7 -1.6 -1.5
 0

 0.2

 0.4

 0.6

 0.8

 1

Bl
oc

k 
er

ro
r r

at
e

Ly
ap

un
ov

 e
xp

on
en

t

a

ロジスティック写像の分岐図とリアプノフ指数と 
Block Error Rate（SN比 10dB）
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1. ロジスティック写像[2]のパラメータを変化させた場合

パラメータ　の値によりBlock Error Rate が低い
2. ロジスティック写像の時系列

強い周期性が 
影響している

3. Random Shuffle (RS) サロゲートデータ[3]の比較

カオスの時系列
x0, x1, x2, x3, · · · , x19

x19, x2, x1, x0, · · · , x3

時系列をランダムにシャッフル

RSサロゲートデータ

時間的相関が 
影響している

a = 4 a = 3.57

a = �2 a = �1.57

4. 状態値の頻度分布に関する調査
の頻度分布|xt � xt+1|

a = 4 a = 3.57

a = �2 a = �1.57

性能が良いパラメータでは, 0付近に値が分布しない

5. 要素信号の値に関する調査
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Re[cki] + 1/2

初期値の生成
・ビット情報が1のとき

・ビット情報が0のとき

要素信号　  の値の頻度分布と 
ビット情報が1の場合と0の場合の要素信号　  の値の差

差が大きいとき 
多く分布する

性能が良い
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応答が離れ始める回数l Bit Error Rate受信側の共通鍵に微小な差  を与えたときの通信路容量⇢ ベルヌーイシフト写像の時系列
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Fig. 10. Equivalent channel capacity for relay node with similar key.

this is only an information theoretical condition, and none of the tolerability for attack is considered.

From the perspective of attack tolerability, the proportional computational security is obtained for

the quantization bit on the initial value. In addition to that, the computational and information

theoretical security can be raised by keeping the configuration of chaos in (2) to (5) and (7) to (9)

secret.

Consequently, it was confirmed that the proposed scheme obtained the channel coding gain and

physical layer security compared to MIMO-MLD and also achieved an enhanced coding gain for the

conventional phase-shift C-MIMO. By utilizing the initial value sensitivity of a nonlinear nature, the

chaos configurations in C-MIMO can be treated as key information only the target transmitter and

receiver share, and the security will be increased. This property can be recognized as a concept of

‘identification modulation,’ where the modulation becomes a kind of personal ID and the physical

layer security is ensured.

4.5 Conclusions
In this paper, we proposed an enhanced chaos MIMO transmission scheme with an improved channel

coding gain and physical layer security. The improved MSED is obtained by the use of Gaussian

modulation and adaptive chaos processing, resulting in BLER performance improvement. In addition,

the higher-rate modulations of two and four bits/symbol were considered. In the receiver, the improved

BLER is obtained by the MLSE including the chaos iteration number Ite and by the check of the

transmission symbol generation rule, in a trade-off with the increase in computational complexity.

Then, the BLER performances were evaluated by computer simulations. The BLER of the proposed

scheme is the best compared to the conventional MIMO-MLD and the conventional C-MIMO. In

addition, security was evaluated, and its robustness was confirmed. From the initial key sensibility,

the concept of ‘identification modulation’ using C-MIMO was introduced. In future studies, the

application of a complexity reduction scheme, especially for the MLSE decoder, will be considered

because the computational complexity exponentially increases in both the transmitter and the receiver

when q = 4.
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今後の方針
・カオスの初期値の生成方法の提案
・ロジスティック写像を用いた場合のセキュリティ性の評価 [1] E. Okamoto and Y. Inaba, Nonlinear Theory and Its Applications, IEICE, Vol. 5, No. 2, pp. 140--156, 2014.
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LOTO6に対する非線形時系列解析

目的 宝くじの抽選結果に，時系列解析手法を適用し 
ランダム性を有するかを調査をする．

データ LOTO6の過去の抽選結果    を 
時系列データとする．

1から43の数字 (            ) の中から， 
異なる6つの数字を選び， 
抽選数字と一致した数によって賞金が支払われる宝くじ．

LOTO6とは

[1]

ද 1

ճ߸਺ நબ਺ࣈ (ln,s < ln,s+1)

1 l1,1 l1,2 l1,3 l1,4 l1,5 l1,6

...
...

...
...

...
...

...

n ln,1 ln,2 ln,3 ln,4 ln,5 ln,6

...
...

...
...

...
...

...

N lN,1 lN,2 lN,3 lN,4 lN,5 lN,6

1

ln,s � N
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LOTO6の抽選結果はランダム性を示唆する結果を得た！

参考文献
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      http://www.takarakujinet.co.jp/loto6/index2.html, 最終閲覧日 平成30年6月15日.
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[3] 池口徹, 山田泰司, 小室元政, カオス時系列解析の基礎と応用, 合原一幸編, 産業図書, 2002.

ランダムシャッフル (RS) サロゲートデータ

元の時系列データをランダムに入れ替え，時間的な相関を壊したデータ．
50種類のRSサロゲートデータを作成し，元のデータに対するPEの差を比較する．

[3]

東京理科大学 池口研究室 B4 金丸志生
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結果

解析手法
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列毎にランダム性が存在するかを調査するために，   列目を1つの 
時系列データ (      ) として考え，順列エントロピー   を算出する．[2]

s
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＊順列エントロピー
時系列データにおいて     - 順列の確率分布から得られる 
規格化された情報エントロピーの総和．

d
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<latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="mRE0XJEagkE9Sc4vfQ5paHBjNKA="></latexit><latexit sha1_base64="F5LsWnJYR6l1O28Xe0VY43UmYto="></latexit><latexit sha1_base64="F5LsWnJYR6l1O28Xe0VY43UmYto="></latexit><latexit sha1_base64="arq6/mUVRAV5dx7S2wj6HzShM6I="></latexit><latexit sha1_base64="ShnENYzSh8Le+cJe92u5ANACdh0="></latexit><latexit sha1_base64="ShnENYzSh8Le+cJe92u5ANACdh0="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit><latexit sha1_base64="cbSng7WEdVlvOISdfkulpAvELKI="></latexit>

֬཰෼෍ : P = (p1, . . . , pj , . . . , pK)
<latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit><latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit><latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit><latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit><latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit><latexit sha1_base64="SRZuG3WkYC4EAo5beCzN9M339+Y="></latexit>

S = �
K�

j=1

(pj) ln pj (཭ࢄσʔλͷ৘ใΤϯτϩϐʔ)

<latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit><latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit><latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit><latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit><latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit><latexit sha1_base64="yRxCTudDXCnAWYkssMVbJnIlELk="></latexit>

SMAX = ln(K) (P ͕ pj = 1/K ͷ౳֬཰Λ࣋ͭͱ͖࠷େ஋ΛಘΔɽ)
<latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit><latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit><latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit><latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit><latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit><latexit sha1_base64="oxrWDdlEvYhXEcyEXj0y0A2hS4Y="></latexit>

PE = S/SMAX (ॱྻΤϯτϩϐʔɼ஋Ҭ͸ɼ0 � PE � 1)
<latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit><latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit><latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit><latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit><latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit><latexit sha1_base64="I8A4858GeP2tGfbjj65amkPfWvg="></latexit>

0に近ければ，規則的なデータ． 
1に近ければ，ランダムなデータ．

順列エントロピーの求め方 (d=3)
① d!個のタイプがある． ② 時系列データXXから各々の個数aajを検索．Ls

<latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit><latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit><latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit><latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit><latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit><latexit sha1_base64="KchMUp/dsC/DYhQSDDe6tvScd+A="></latexit>

aj
<latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit><latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit><latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit><latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit><latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit><latexit sha1_base64="cJ56Q1tI7ackdhvvOQJFzrkNPjQ="></latexit>
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検索012 201 102

210 120 021
࿈ͳΔ 3఺ (xi�1, xi, xi+1)͕

xi�1 < xi < xi+1Ͱ͋Ε͹ɼ

� = 012ͱ͢Δɽ
<latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit><latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit><latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit><latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit><latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit><latexit sha1_base64="aq6uXH2n2lZuCnDOJ0+tNfrn+gM="></latexit>

ex. {10,4,1,5,9,6,3,2,12,13,7}

③ 確率分布を得る．
タイプ 存在確率
012 2/9
021 1/9
102 2/9
120 1/9
201 0/9
210 3/9

④ 順列エントロピーを算出する．

順列の総数は，N � d + 1
<latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit><latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit><latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit><latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit><latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit><latexit sha1_base64="iILD9oaJK1thd9r8LfSzcx0QqB0="></latexit>

S = � (2/9) ln(2/9) � 2

� (1/9) ln(1/9) � 2

� (3/9) ln(3/9)
<latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit><latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit><latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit><latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit><latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit><latexit sha1_base64="JLeZ2EeVbW7Fr9iOMW3ExnekjkM="></latexit>

SMAX = ln(6)
<latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit><latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit><latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit><latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit><latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit><latexit sha1_base64="YD0Ig33URGLYDQvJOT3DlchbKzg="></latexit>

PE = S/SMAX

� 0.849977
<latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit><latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit><latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit><latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit><latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit><latexit sha1_base64="e+/N7yeATtFAWGtadzYhZ8gyYLc="></latexit>
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有色ノイズを用いたカオス写像の共通ノイズ同期現象の検討
東京理科大学 池口研究室 修士2年 栗田いずみ 2018/7/14勉強会@葛飾

1. 共通ノイズ同期現象

4. まとめ

3. 数値計算

2. 有色ノイズ
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共通の入力が与えられた， 
複数の自律振動子のリズムが確率的に同期[1]

(例) 2つの振動子の状態値の差分の時系列 
(サインマップにピンクノイズを印加)

神経細胞，概日リズムなど多数確認 [2] 
種々のノイズで同期 (ホワイト・有色など) [3,4] 
環境データを用いたセンサ同期など応用案 [5]
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微小誤差の拡大 (縮小) 率

ノイズの微小差の有無により，同期しやすいνが変化

参考文献

i 番目の振動子ごとに加法性のノイズを印加
xi(t + 1) = G(xi(t)) + wξi(t)

|G′(xi(t))| > 1 (|G′(xi(t))| < 1)

有色ノイズのパラメータに対する同期度 (相関係数)．エラーバーは20回平均の ±1SD．

写像とパラメータ
G(xi(t)) = bBM(ρxi(t)) G(xi(t)) = kxi(t) − α

1 + 2tT(−xi(t)/ϵ)
+ aG(xi(t)) = 2tT

[
−

(
xi(t) − 0.5

ω

)2
]

G(xi(t)) = axi(t)(1 − xi(t))

ρ = 3.15 a = 4.0 ω = 0.3 k = 0.8, α = 1.0, a = 0.15, ϵ = 0.02

リターンマップ (青色の部分が縮小領域)

w = 0.1 として，            で時間発展させ，             を過渡状態とみなした．t = [1, 217] t < 50, 000
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ノイズの微小差の平均

微小差が存在する場合，マップごとに同期しやすいノイズが異なる 
状況に適したノイズを印加することで効率よく同期する可能性が示唆

実際には共通ノイズが完全に同一ではない状況があるはず ノイズ i ，ノイズ j を非同一に

相
関
係
数

①同一ノイズの方が相関低い  ②微小誤差の有無で同期領域が変化

微小差のあるノイズを印加した場合の同期度と対応   →   微小誤差の縮小が同期に寄与？

相
関
係
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・従来手法　
　遅延座標系への埋め込み

導入

(1) 高次元のダイナミクスを説明できる
(2) 計算コストが低い
(3) 短期的な予測精度がより高い

時系列データ

⌧ ⌧

yt

yt+⌧

yt+2⌧

xt 時間

引用文献
[2] N. Marwan et al., “Recurrence plots for the analysis of complex systems,” Physics Reports, Vol. 438, pp. 237-329, 2007.   

・提案手法[1]
　無限次元の遅延座標系への埋め込み

for     from     to

S 2 Rn⇥n

{si 2 R|i = 1, 2, . . . , n}時系列を　　　　　　　　　　　　として
目標：距離行列　　　　　  を計算する

end for

i (n � 1)

S(i, 1) :=
�s

1 � �
+ |si � s1|

S(1, i) := S(i, 1)

提案手法のアルゴリズム

1

for      from     to 2 (n � 1)j

s := max(s) � min(s)

S(i, j) := �S(i � 1, j � 1) + |si � sj |
S(j, i) := S(i, j)

end for

S

S(i, 1) :=
�s

1 � �
+ |si � s1|

S(i, j) := �S(i � 1, j � 1) + |si � sj |

[1] Y. Hirata, and K. Aihara. "Dimensionless embedding for nonlinear time series analysis,” Physical Review E Vol. 96, No. 3, 032219, 2017.

・距離行列を用いた因果関係の推定
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Ref[1], Figure 7 追試結果
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Z

x Y

Z

結合されたロジスティック写像の因果関係を推定する

z(t + 1) = 3.82z(t)(1 � (z(t))

z(t + 1) = 3.82z(t)(1 � (z(t))

x(t + 1) = (1 � ⌘yx � ⌘zx)(3.8x(t)(1 � (x(t)))

+⌘yx(3.81y(t)(1 � y(t)))

+⌘zx(3.82z(t)(1 � z(t)))

y(t + 1) = (1 � ⌘xy � ⌘zy)(3.81y(t)(1 � y(t)))

+⌘xy(3.8x(t)(1 � x(t)))

+⌘zy(3.82z(t)(1 � z(t)))

y(t + 1) = (1 � ⌘zy)(3.81y(t)(1 � y(t)))

+⌘zy(3.82z(t)(1 � z(t)))

x(t + 1) = (1 � ⌘zx)(3.8x(t)(1 � x(t)))

+⌘zx(3.82z(t)(1 � z(t)))

x(t + 1) = (1 � ⌘yx)(3.8x(t)(1 � x(t)))

+⌘yx(3.81y(t)(1 � y(t)))

y(t + 1) = (1 � ⌘xy)(3.81y(t)(1 � y(t)))

+⌘xy(3.8x(t)(1 � x(t)))

yt

yt+⌧

yt+2⌧

i

jj + 1j + 2

埋め込み次元
m = 3

埋め込み次元の決定手法

の場合

(b) Rössler方程式
リカレンスプロットの例[2]
(a) 一様ノイズ・相互情報量の極小値

R(i, j) =

(
1 : Di,j = kvi � vjk < ✏

0 : (otherwise)

検証

論文"Dimensionless embedding for nonlinear time series analysis”の紹介 
東京理科大学　池口研究室　博士後期課程3年　　野村亮太

応用

・誤り近傍法

・実データを用いた結合の方向性検定

気温

日射照度

降水量

風速

Ref[1], Figure11 Ref[1], Figure12

データの一部（７日間）

(1) 高い精度の予測（例：気温→降水量，日照→降水量）
(2) 共通の原因による見かけの因果関係を排除できる
(3)ゼロが続くデータにも適用できる

【提案手法の特徴】

x Y

Z

右目左目

輝度 
（画面の明るさ）

 0  50  100 150 200 250 300 350 400 450 500 550 600
Time [sec]

 0
 1
 2
 3
 4
 5
 6
 7 -2

-1.5

-1

-0.5

 0輝度→輝度
瞳孔右→瞳孔右
瞳孔左→瞳孔左
輝度→瞳孔右
輝度→瞳孔左
瞳孔右→瞳孔左
瞳孔左→瞳孔右

・瞳孔サイズデータに適用
r = 0.90
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■ ポイント
・カオスニューラルネットワークの何が解探索性能に影響を与えるのか？
・カオスを生み出す不応性効果とカオスを生み出さない不応性効果で解探索性能を比較
・タブー探索法，指数減衰タブー探索法，カオス探索法のベンチマーク問題に対する解探索性能は同程度

[1] E. Uchoa and R. F. Werneck, ACM J. of Experimental Algorithms, vol. 17, no.2, article 2.2, 2012.

[2] M. Hasegawa, T. Ikeguchi and K. Aihara, Neural Networks, vol. 15, pp. 271-283, 2002.

[5] T. Koch, A. Martin and S. Voss, in Steiner trees in industry, Springer US, pp. 285-325, 2001.

[6] H. Takahashi and A. Matsuyama, Math. Japonica, vol. 26, no. 6, pp. 572-577, 1980.

参考文献
[3] M. Fujita, T. Kimura and T. Ikeguchi, in Proceedings of the MIC2017, pp. 834-836, 2017.

[4] M. Fujita, T. Kimura and T. Ikeguchi, in Proceedings of the NOLTA2017, pp.712-715, 2017.

異なる不応性効果を持つニューラルネットワークによる解探索性能の比較
東京理科大学　池口研究室　D2　藤田実沙

■ グラフ的シュタイナー木問題 ■ 局所探索法 [1]

■ ニューラルネットワーク [2, 3, 4]

■ 数値実験

・頂点数 - 必須点数個のニューロンを用意
・各ニューロンは各シュタイナー点に対応
・イタレーションごとに全ニューロンの状態を更新

□ 利得効果
目的関数値が改善されるほどニューロンが発火しやすくなる

□ 不応性効果
一度発火したニューロンはしばらくの間発火しにくくなる

□ 実験条件

□ 実験結果

○ タブーサーチの不応性効果

○ 指数減衰タブーサーチの不応性効果

○ カオスサーチの不応性効果

⇠i(t) = �(Ci(t) � C(t))

: 頂点

: 必須点
: 枝

V

E

K

T = (VT , ET )G = (V, E)

・木構造である

K ⇢ VT

VT ✓ V, ET ✓ E・
・

�

Ci(t)

C(t)

: 調整パラメータ
: 時刻　での現在解のコスト
: 時刻　で頂点　に対応する近傍解のコスト

t

it

s : 不応性の継続期間

↵

kr

✓

: 調整パラメータ
: 不応性の減衰パラメータ

: バイアス
xi(t � d) : 時刻　　　でのニューロン　の出力t � d i

⇣i(t) = �↵

sX

d=1

kd
rxi(t � d) + ✓

-1.5

-1

-0.5

 0

 0.5

 0  10  20  30  40  50

ζ(
t)

t

tabu
exponential tabu

chaotic

β α kr θ W ε s

タブー探索法 1.0 1.0 1.0 0.01 0.01 0.00 5

指数減衰タブー探索法 1.0 1.0 0.98 0.01 0.01 0.00 5

カオス探索法 7.0 1.0 0.98 0.01 0.01 0.01 t-1

コスト: 11

コスト: 10

コスト: 10

部分グラフを抽出 その最小全域木を構築

削除

追加

目的関数

min
X

e2E

c(e)z(e)

z(e) =

(
1 (e 2 ET )

0 (otherwise)

c(e) : 枝　の重みe

z(e) : 枝　の決定変数e

決定変数

α kr s

タブー探索法 ∞ 1.0 -

指数減衰タブー探索法 > 0 > 0 -

カオス探索法 > 0 > 0 t-1

・SteinLib [5] のベンチマーク問題を使用

・各必須点を始点として初期解 [6] を構築
・各小問について必須点数回ぶん計算する

P4E: Complete with euclidian weights
P6E: Sparse with euclidian weights

B: Sparse with random weights
I080: Sparse with incidence weights

|V| |E| |K|

B 50 ~ 100 63 ~ 200 9 ~ 50

I080 80 120 ~ 3160 6 ~ 20

P4E 100 4950 5 ~ 50

P6E 100 180 5 ~ 50

2 VT

/� VT
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東京理科大学大学院 池口研究室 M1 山本紘平
取引タイミングと株価指数値が株価変動の決定論性に与える影響

90年代後半から，オンラインでの金融商品取引が活発になり，取引データを高時間解像度
で記録することが可能となった．このデータに対し，非線形ダイナミクスの観点から時系
列の性質を調査する研究が行われている[1,2,3]． 
平田ら[4]は為替市場にも，決定論的特徴があることが示している．

1．研究背景と目的
・先行研究 ・研究目的

日本の株式市場においても，高時間解像度データを用いて解析を
行った場合，決定論的特徴が見られたが，株価指数値の変動と取
引情報が決定論性に与える影響を調査した．

参考文献
[1]  S. Ghashghaie, W. Breymann, J. Peinke, P. Talkner and Y. Dodge. Turbulent cascades in foreign exchange markets. Nature, Vol. 381, No. 6585, pp. 767, 1996.

[4]  Y. Hirata and K. Aihara. Timing matters in foreign exchange markets. Physica A: Statistical Mechanics and its Applications, Vol. 391, No. 3, pp. 760–766, 2012. 
[5]  S. Suzuki, Y. Hirata, and K. Aihara. Definition of distance for marked point process data and its application to recurrence plot-based analysis of exchange tick data of
      foreign currencies. International Journal of Bifurcation and Chaos, Vol. 20, No. 11, pp. 3699–3708, 2010. [2]  T. Lux and M. Marchesi. Scaling and criticality in a stochastic multi-agent model of a financial market. Nature, Vol. 397, No. 6719, p. 498, 1999. 

[3]  Ch. Renner, J. Peinke, and R. Friedrich. Evidence of markov properties of high frequency exchange rate data. Physica A: Statistical Mechanics and its Applications, 
       Vol. 298, No. 3, pp. 499 – 520, 2001. 

[6]  N. Marwan, MC. Romano, M. Thiel, and J. Kurths. Recurrence plots for the analysis of complex systems. Physics reports, Vol. 438, No. 5, pp. 237–329, 2007.
[7]  池口徹, 山田泰司, 小室元政. カオス時系列解析の基礎と応用. 合原一幸. 産業図書. 2002.
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例：図から実際にDETを計算

時系列の性質を可視化する手法 
本研究では，各時間窓間の相関関係を
可視化する．

P (1) = 8 P (2) = 4 P (4) = 2

lmin = 2 DET =
16

24
= 0.75

DET 大きい
DET 小さい

決定論性高い
決定論性低い

・DETによる決定論性の検定

帰無仮説に従うランダムシャッフルサロゲートデータを多数作成し， 
オリジナルデータとのDETの値の有意差を見る

窓

窓

窓

窓

の例

の例
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5．解析結果

2．データセット

・指数値 (TOPIX Core 30) の計算方法

日本の株式市場において，市場の変動を表す指数値であるTOPIXの変動を
1[ms]オーダで記録したデータ (観測日 2017/03/10)．
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系列が一致するまでにかかったコストの合計を系列間の距離と定義する．

3．マーク付き点過程間の類似度

時間方向への 
移動コスト

マーク方向への 
移動コスト

イベントの 
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6．まとめ

いずれの場合も，高いDETの値が算出された

• 取引タイミング，株価指数値のどちらの変動にも決定論
性を示す情報があった． 
• マーク付き Spike Train Metric を用いる際は， 
• 適切なパラメータを探索する必要がある．

�ɿج४஋ʢTOPIXͷ৔߹͸ 2.34807 � 1013ʣ
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�t = 0.1, �S = 1.771

ྔܭ౷ૅج ਺஋ࢦ Inter Event Interval (IEI)

σʔλ਺ 502749 502748
খ஋࠷ 1565.26 1[ms]
େ஋࠷ 1574.90 1311[ms]
ฏۉ஋ 1570.68 35[ms]
෼ࢄ 4.36 2849
ඪ४ภࠩ 2.09 53
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カオス乱数の性能に与える数値計算精度の影響 

③NIST検定[2]
番号 検定項目 検定内容

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

2 ブロック単位の頻度検定 あるブロック長に対して，1の出現確率が1/2に近いかどうかを検定

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

4 連の検定 連続した1の数（連）を検定

5 ブロック単位の最長連検定 あるブロック長に対して，最長の連を検定

6 2値行列ランク検定 数列全体の互いに疎な行列のランクを検定

7 離散フーリエ変換検定 周期性の調査のため，数列の離散フーリエ変換によるピークの高さを検定

8 重なりのないテンプレート適合度
検定

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

9 重なりのあるテンプレート適合度
検定

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

10 マウラーのユニバーサル統計検定 数列内で一致するパターンを検出し，圧縮することができるかを検定

11 近似エントロピー検定 あるビット長の出現パターンの頻度を検定

12 ランダム偏差検定 累積和ランダムウォークでK回訪れるサイクル数を検定

13 種々のランダム偏差検定 累積和ランダムウォークで特定の状態を訪れる回数の合計を検定

14 系列検定 あるビット長の全ての重複ビットパターンの出現頻度を検定

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

参考文献
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⑤実験条件

数値計算精度 15 ≤ N ≤ 155 (ΔN = 1)

検定に用いる乱数長 230 ( = 1,073,741,824)
過渡状態 0 ≤ t′� ≤ 100,000
閾値 θ = 10N × 0.5

分岐パラメータ a = 4 or − 2
初期値 X0 = 10N × 0.2

①カオス乱数
長期予測が不可能とされる 
カオスダイナミクスの応答
を元に生成した乱数 1110111101000101…
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②整数ロジスティック写像[1]

N 数値計算精度 bxc     を超えない最大の整数x

ロジスティック写像 (式(1)) を拡張して式(2)へ

(1)xt+ 1 = axt(1 − xt) × 10N ( Xt = 10N × xt )

(2)Xt+ 1 = ⌊aXt(10N − Xt)10−N⌋
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④パラメータの検討
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のときは性能が良い

 (カオス) となるリアプノフ指数 λ > 0
NIST検定合格数とリアプノフ指数 λ

aパラメータ で生成した乱数列の

リアプノフ指数 λ = lim
T→∞

1
T

T

∑
t= 1

ln |a − 2axt |

傾きの絶対値 
1より大きいと正 
1より小さいと負

傾きの絶対値の平均 
正であればカオス 
負であれば安定

⑥結果
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精度が高くても性能が下がる理由の解明が課題

で安定した性能を得るN ≥20数値計算精度

・数値計算精度を更に上げての調査 
・初期値による違いの調査 
・どの検定に不合格になりやすいかの調査
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a = 4

a = − 2

共に 
重なりのないテンプレート適合度検定に合格しにくい

a = 4, a = − 2

乱数列内に148種のゼロイチの 
乱数出現パターンに偏りが存在 

8番目の検定に不合格となる

T 離散時間

A-08

テンプレートパターンの例
000000001 000001001 001101111
001000101 001111101 000010101
000011111 001111111 など全148種
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　: 頂点iとjが属するコミュニティ間の最大枝数

1.目的

論文“Missing and spurious interactions and the reconstruction of complex networks”の紹介
東京理科大学　池口研究室　研究生　毛福佳

２.信頼性

3.ネットワークの再構築

4.追試結果

頂点の形(▲■●)で
コミニュティ分割

参考文献 
[1] Roger Guimeràa and Marta Sales-Pardo, Missing and spurious interactions and the reconstruction of complex networks, Proc. Natl. Acad. Sci. USA, Vol.106, No. 52, pp. 22073‒22078, 2009 
[2] Aaron Clauset, Cristopher Moore and M. E. J. Newman, Hierarchical structure and the prediction of missing links in networks, Nature, Vol. 453, No. 01, pp. 98‒101, 2008

実際のネットワーク

コミニュティ分割

ネットワークの信頼性 ネットワークの再構築

従来の手法[2]より，提案した手法の 
方が実際のネットワークと一致する．

観測したネットワークより，再構築した 
ネットワークの方の各指標の誤差率が小さい．

ネットワークのすべての
枝の信頼性を計算する．

信頼性が高い順に枝を一つ追加し，
信頼性が低い順に枝を一つ削除する．

信頼性が高くなる場合
変更を受け入れる．

信頼性が低くなる場合変
更を拒否する．

枝の信頼性を計算

枝を追加／削除

全体の信頼性が 
変更前より高い？

変更を受け入れる 変更を拒否する
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頂点それぞれを一つのコミュニティとする

ランダムに頂点を選択し、ランダムに
別のコミュニティに移動させる

移動前後の分配関数の変更量ΔH(P)
を計算する

ΔH(P)<0?
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NY
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CNT>10   ？4
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Y ΔH(P)： 
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: 分配関数

　: 頂点iとjが属するコミュニティ間の枝数

: 分配関数の和

ネットワークの枝(i, j)の信頼性
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信頼性を計算 
する手法は？

一致？

遺伝子発見解析 医療品の開発

観察
信頼性を評価す
る必要がある！

・ ・

観測したネットワーク

元のネットワークを再現できる？

観測ネットワークを崩したネットワーク
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電位依存性Ca2+電流とTRPM2電流が膵β細胞の膜電位に与える影響

膵β細胞

TRPM2チャネル

インスリンを分泌し，血糖量を一定範囲内に保つ
膜電位がバーストしている間にインスリンが分泌される

TRPM2チャネル活性に伴う反応 [1]

(b) 静止膜電位の上昇
(a) TRPM2チャネルのコンダクタンスが増加

b-cells (Fig. 1C and Supplementary Fig. 1). When the
subtracted currents sensitive to ex-4 were plotted
against the membrane voltage for the current-voltage
(I-V) relationship, the reversal potential was 219.2 mV,
and it was shifted to 24.4 mV (Fig. 1D) by omitting
external Ca2+. Thus, the ex-4–sensitive channel is perme-
able to Na+, K+, and Ca2+. The reversal potentials were
consistent with NSCC reversal potentials in previous
reports, in which GLP-1 elicited the NSCC current with
reversal potentials ranging from 220 to 0 mV (2,13). The
slope conductances in normal and Ca2+-free HKRB solu-
tions were 82.3 and 25.2 pA/pF, respectively. These
results indicate that the ex-4–sensitive current is in part
Ca2+ permeable (Fig. 1D). Ex-4 increased the current in
a concentration-dependent manner; the effect started at
0.01 nmol/L, peaked at 0.1–1 nmol/L, and declined at
$10 nmol/L (Fig. 2).

Potentiation of First-Phase Insulin Secretion and
Cytosolic Ca2+ Caused by Increasing NSCC Current via
cAMP/EPAC/NSCC Pathway by Ex-4
Next, we confirmed that incretin hormone could increase
first-phase insulin secretion and [Ca2+]i response to glu-
cose. Insulin secretion measured during 15-min (Fig. 3A-1)
or 5-min (Supplementary Fig. 2) static incubation with
16.6 mmol/L glucose was increased by addition of ex-4.
Increase in [Ca2+]i is a primary context prior to initiation
of insulin secretion. An increase in glucose concentration
from 2.8 to 5.6 mmol/L induced first-phase increases in
[Ca2+]i, and a subsequent increase in glucose to 8.3 mmol/L
induced further increases in [Ca2+]i in an oscillatory pat-
tern. The [Ca2+]i oscillation declined with time during
20 min of exposure to 8.3 mmol/L glucose under control
conditions, while it was maintained or even enhanced in the
presence of GLP-1 (Fig. 3A-2). GLP-1 significantly increased

Figure 1—Depolarization of the membrane potential in association with increased background current induced by ex-4. A: The membrane
potential of a b-cell isolated from rat islets was recorded at 2.8 mmol/L glucose. The membrane was depolarized upon superfusion with
10210 mol/L ex-4 in a reversible manner. B: Comparison of resting membrane potentials in the absence and presence of 10210 mol/L ex-4.
Glucose concentration was 2.8 mmol/L. Membrane potentials in the absence and presence of ex-4 were264.2 6 1.3 mV and258.46 2.1
mV, respectively. *P < 0.01, n = 9. C: Perforated whole-cell clamp experiment performed in the absence (control) and presence of 10210

mol/L ex-4 showed that ex-4 increased inward currents (see subtracted currents that were current components increased by ex-4). D:
Mean current levels during test pulses of subtracted current traces were measured and plotted against corresponding voltage. The I-V
relationship showed a slope conductance of 82.3 pA/pF (95% CI 67.3–97.3) and a reversal potential of 219.2 mV (225.2 to 211.0, n = 6
[closed circles]) in the control; in the absence of Ca2+, the slope conductance was 25.2 pA/pF (12.0–38.4) and the reversal potential was
24.4 mV (222.5 to 48.5, n = 6 [open circles]). Lines were drawn by using linear regression fit to the data points. Data are expressed as
mean 6 SEM. Tolbutamide at 100 mmol/L was superfused in the experiments shown in C and D to inhibit KATP channels.
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(b) 活性前後の静止膜電位の時系列
膵β細胞上に存在し，Na+，Ca2+を透過する

細胞内Ca2+濃度のダイナミクス

Cm
dV

dt
= �(IKV + ICaV + IKCa + IKATP + ITRPM2) (1)

IKV = gKVn(V � VK) (2)

ICaV = gCaVm�(V � VCa) (3)

IKCa = gKCa
Ca2

KD
2 + Ca2

�
V � VK

�
(4)

IKATP = gKATPO�(V � VK) (5)

ITRPM2 = gTRPM2(V � VTRPM2) (6)

膜電位Vのダイナミクス 追加!

b-cells (Fig. 1C and Supplementary Fig. 1). When the
subtracted currents sensitive to ex-4 were plotted
against the membrane voltage for the current-voltage
(I-V) relationship, the reversal potential was 219.2 mV,
and it was shifted to 24.4 mV (Fig. 1D) by omitting
external Ca2+. Thus, the ex-4–sensitive channel is perme-
able to Na+, K+, and Ca2+. The reversal potentials were
consistent with NSCC reversal potentials in previous
reports, in which GLP-1 elicited the NSCC current with
reversal potentials ranging from 220 to 0 mV (2,13). The
slope conductances in normal and Ca2+-free HKRB solu-
tions were 82.3 and 25.2 pA/pF, respectively. These
results indicate that the ex-4–sensitive current is in part
Ca2+ permeable (Fig. 1D). Ex-4 increased the current in
a concentration-dependent manner; the effect started at
0.01 nmol/L, peaked at 0.1–1 nmol/L, and declined at
$10 nmol/L (Fig. 2).

Potentiation of First-Phase Insulin Secretion and
Cytosolic Ca2+ Caused by Increasing NSCC Current via
cAMP/EPAC/NSCC Pathway by Ex-4
Next, we confirmed that incretin hormone could increase
first-phase insulin secretion and [Ca2+]i response to glu-
cose. Insulin secretion measured during 15-min (Fig. 3A-1)
or 5-min (Supplementary Fig. 2) static incubation with
16.6 mmol/L glucose was increased by addition of ex-4.
Increase in [Ca2+]i is a primary context prior to initiation
of insulin secretion. An increase in glucose concentration
from 2.8 to 5.6 mmol/L induced first-phase increases in
[Ca2+]i, and a subsequent increase in glucose to 8.3 mmol/L
induced further increases in [Ca2+]i in an oscillatory pat-
tern. The [Ca2+]i oscillation declined with time during
20 min of exposure to 8.3 mmol/L glucose under control
conditions, while it was maintained or even enhanced in the
presence of GLP-1 (Fig. 3A-2). GLP-1 significantly increased

Figure 1—Depolarization of the membrane potential in association with increased background current induced by ex-4. A: The membrane
potential of a b-cell isolated from rat islets was recorded at 2.8 mmol/L glucose. The membrane was depolarized upon superfusion with
10210 mol/L ex-4 in a reversible manner. B: Comparison of resting membrane potentials in the absence and presence of 10210 mol/L ex-4.
Glucose concentration was 2.8 mmol/L. Membrane potentials in the absence and presence of ex-4 were264.2 6 1.3 mV and258.46 2.1
mV, respectively. *P < 0.01, n = 9. C: Perforated whole-cell clamp experiment performed in the absence (control) and presence of 10210

mol/L ex-4 showed that ex-4 increased inward currents (see subtracted currents that were current components increased by ex-4). D:
Mean current levels during test pulses of subtracted current traces were measured and plotted against corresponding voltage. The I-V
relationship showed a slope conductance of 82.3 pA/pF (95% CI 67.3–97.3) and a reversal potential of 219.2 mV (225.2 to 211.0, n = 6
[closed circles]) in the control; in the absence of Ca2+, the slope conductance was 25.2 pA/pF (12.0–38.4) and the reversal potential was
24.4 mV (222.5 to 48.5, n = 6 [open circles]). Lines were drawn by using linear regression fit to the data points. Data are expressed as
mean 6 SEM. Tolbutamide at 100 mmol/L was superfused in the experiments shown in C and D to inhibit KATP channels.
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活性なし

活性あり

(7)dCa

dt
= fcyt(��1ICaV � �2ITRPM2 � kPMCACa + Jer)

流出するCa2+流入するCa2+

TRPM2電流により

ITRPM2

IKATP

IKCa

ICaV

IKV

膵β細胞の模式図

(a) TRPM2チャネルのコンダクタンスの変化

参考文献4. まとめ

2. モデル [2]

1. 膵β細胞とTRPM2チャネル

バースト持続時間が分泌時間，バースト振幅が分泌量に対応する

TRPM2チャネルがインスリン分泌を制御？

細胞内Ca2+濃度とインスリン分泌には強い関連がある

電位依存性Ca2+電流とTRPM2電流が膜電位に与える影響を調査

η1, η2: ICaV, ITRPM2を流速に変換するパラメータ

3. 結果
電流によるCa2+流入量を変化させ，膜電位の波形を調査
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ICaVによるCa2+流入量を増加

I T
RP

M
2に
よ
る

Ca
2+
流
入
量
を
増
加

Ca2+流入量のバランスが重要で，TRPM2チャネルでインスリン分泌を制御可能

・バーストが出る領域が拡大 
・インスリン分泌量が減少してしまうことも

電流によるCa2+流入量を変化させて，膜電位の形状を調査
M. Yosida, et al., “Involvement of cAMP/EPAC/TRPM2 activation  
in glucose-and incretin-induced insulin secretion,”  
Diabetes, 63(10), pp. 3394-3403, 2014.

[1]

R. Bertram, et al., “Calcium and glycolysis mediate multiple bursting modes  
in pancreatic islets,” Biophysical Journal, 87(5), pp. 3074-3087, 2004. 

[2]
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ランダム性を考慮したカオスMIMOシステムの検討
東京理科大学 池口研究室 山崎凌

Nonlinear Problem Workshop Summer Camp 2018

カオスMIMOシステム[1][2]
ガウス 

シンボル化
SB

送信 
ブロック

アンテナ
データ

初期値 
の生成

カオス 
(ベルヌーイシフト)

xl

x0
共通鍵 初期値

要素信号

要素信号

c0

bw

ck+1

ck+1

アンテナ

復調部
Im

Re

受信信号

Hsb0

Hsb1

Hsb2

Hsb3

複素平面上に 
受信されるであろう信号を推定

一番距離が近いものに復調

参考文献今後の方針
[1] E. Okamoto and Y. Inaba, Nonlinear Theory and Its Applications, IEICE, Vol. 5, No. 2, pp. 140--156, 2014.

送信信号のランダム性
sbw,n = [sn,1, sn,2, · · · , sn,2B ]T

送信信号ベクトル

sn,1

sn,2

sn,3

sn,4

点が重なっている

01111101
01101100

ビット系列1

ビット系列2

初期値 
の生成

カオス 
(ベルヌーイシフト)

xl

x0
共通鍵 初期値

要素信号

c0

ck+1

反復回数を変化変換方法を変化

送信信号ベクトルのRSサロゲートデータ

カオス進行数可変手法[1]

1，2，5，6ビット目しか使わない

btr

bz

sn,k

s�n,k

：送信ビット列
：比較するビット列
：　  から生成された信号btr

：　  から生成された信号bz

sb1,100

sb1,101

sb1,102 sb3,102

sb3,101

sb3,100 · · ·
· · ·
· · ·

sb22B ,100
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100回

101回

102回

b22Bb3b2b1b0

sb0,102

sb0,101

sb0,100 sb2,100

sb2,101

sb2,102

信号間の距離を最大化する反復回数　を選ぶn
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反復回数の範囲　 を増やすと 
信号パターンがバラける

の場合 の場合
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M = 2 の場合

M = 2M = 1

M

sbw,n = [sn,1, sn,2, sn,3, · · · , sn,2B ]

sbw,n = [sn,3, sn,2, sn,2B , · · · , sn,1]

RSサロゲートデータ[3]

信号の要素の順番をランダムに

M = 0 M = 1 M = 2

B
w

n

：ブロック長
：ブロック番号
：カオスの反復回数

どれも12[dB]で有意差あり

ビット情報をより多く用いるように変調方式を改良する． [3] 池口徹, 山田泰司, 小室元政, “カオス時系列解析の基礎と応用,” 合原一幸編, 産業図書, 2002.
[2] 岡本英二, IEICE Fundamentals Review, vol. 9, no. 4, pp. 350-363, 2016.

n = arg max
100�i�100+M

�
min

btr �=bz

2B�

k=0

|si,k+1 � s�i,k+1|2
�

M ：反復回数の範囲
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v :膜電位I :入力

xs

[mV]

閾値

I

v

1.ニューロンとは 2.Izhikevichニューロンモデル[1]

v ← c, u← u + d

�
v̇ = 0.04v2 + 5v + 140 � u + I(t)

u̇ = a(bv � u)

-90
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-30
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t[ms]

v
[m

s]

-90

-60

-30
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 500  550  600  650  700
t[ms]

v
[m

s]

Regular Spiking[1] Fast Spiking[1]

v : 膜電位
u : 回復変数

パラメータa, b, c, d :

外部入力
A :

<latexit sha1_base64="wkk2AuIo2eWf/8Ki60iN2qxraKo="></latexit><latexit sha1_base64="wkk2AuIo2eWf/8Ki60iN2qxraKo="></latexit><latexit sha1_base64="wkk2AuIo2eWf/8Ki60iN2qxraKo="></latexit><latexit sha1_base64="wkk2AuIo2eWf/8Ki60iN2qxraKo="></latexit>

閾値
I(t) :

<latexit sha1_base64="Gj3VEGNPG2lpNSVPNH6Mnm5SuM0="></latexit><latexit sha1_base64="Gj3VEGNPG2lpNSVPNH6Mnm5SuM0="></latexit><latexit sha1_base64="Gj3VEGNPG2lpNSVPNH6Mnm5SuM0="></latexit><latexit sha1_base64="Gj3VEGNPG2lpNSVPNH6Mnm5SuM0="></latexit>

if v � A
<latexit sha1_base64="g/JeVxHRf/SC4vQgVdiintqCvp8="></latexit><latexit sha1_base64="g/JeVxHRf/SC4vQgVdiintqCvp8="></latexit><latexit sha1_base64="g/JeVxHRf/SC4vQgVdiintqCvp8="></latexit><latexit sha1_base64="nxSgPnsbxlmkbm24J6pOFobt5Ww="></latexit>

人間にはゆらぎがある[2]ので，閾値が一定であることは生理学的に妥当ではない． 
Izhikevichニューロンモデルにおいて，閾値を生理学的妥当性のある変動方法を提案．

3.目的

生理学的妥当性があるというには不十分な結果になった． 
理由は追試結果のように発火間隔を時間が経つごとに 
伸ばしていくことができなかったためであると考える． 
今後改良していき，妥当性を追求していく．

7.まとめ・課題

[5]  S. Shinomoto, K. Shima and J. Tanji, “Neural Computation,” vol. 15, no. 12, pp.2823-2842, 2003.

[7] hadlen, Michael N and Newsome, William T, “The variable discharge of cortical neurons: implications for 
connectivity, computation, and information coding,” vol.18, no.10, pp.3870-3896, 1998.

[3] Benda, Jan and Maler, Leonard and Longtin, Andr, “ Linear versus nonlinear signal transmission  
neuron models with adaptation currents or dynamic thresholds,” vol.104, no.5, pp.2806-2820, 

2010.

[1]E.M.Izhikevich, “IEEE Transactions on neural networks ,” vol.15, no.5, pp.1063-1070, 2004. 
[2]Azouz R, Gray CM “Dynamic spike threshold reveals a mechanism for synaptic coincidence         
detection in cortical neurons , “ Proc.Natl.Acad.Sci.USA, vol.97, no.14, pp.8110‒8115, 2000.

[6]R. M. Davies. G. L. Gerstein and S. N. Baker, “Journal of Neurophysiology, “ vol. 96, no. 2, pp.906-918, 2006.

[4] William R Softky and Christof Koch., ”The highly irregular firing of cortical cells is inconsistent with 
temporal integration of random epsps.” Journal of Neuroscience, vol. 13, no. 1, pp. 334‒350, 1993.   

8.参考文献

閾値が時間変化するIzhikevichニューロンモデルの応答の調査
東京理科大学　池口研究室　学部４年　飛川玲菜
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5.実行結果

-60
-40
-20

 0
 20
 40
 60
 80

 0  20  40  60  80  100 120 140 160 180 200 220 240 260 280 300

v[
m

V]

t[ms]

-80
-60
-40
-20

 0
 20
 40

 0  50  100 150 200 250 300

v[
m

V]

t[ms]

-80
-60
-40
-20

 0
 20
 40

 0  50  100 150 200 250 300

v[
m

V]

t[ms]

変動なし 変動あり

Regular-  
Spiking

Chattering

発火

4.閾値変更方法[3]

A :
<latexit sha1_base64="MjRF2xu66Ofoius5tUsarzpDfyI="></latexit><latexit sha1_base64="MjRF2xu66Ofoius5tUsarzpDfyI="></latexit><latexit sha1_base64="MjRF2xu66Ofoius5tUsarzpDfyI="></latexit><latexit sha1_base64="MjRF2xu66Ofoius5tUsarzpDfyI="></latexit>

Vth :
<latexit sha1_base64="iGXrfyTqkYOWGP4NV/lF+r0wXGc="></latexit><latexit sha1_base64="iGXrfyTqkYOWGP4NV/lF+r0wXGc="></latexit><latexit sha1_base64="iGXrfyTqkYOWGP4NV/lF+r0wXGc="></latexit><latexit sha1_base64="iGXrfyTqkYOWGP4NV/lF+r0wXGc="></latexit>

閾値
閾値初期値
時定数

スパイクするたびにA
<latexit sha1_base64="4Rp8bCxxpZGJIkas74cUsvotfEA="></latexit><latexit sha1_base64="4Rp8bCxxpZGJIkas74cUsvotfEA="></latexit><latexit sha1_base64="4Rp8bCxxpZGJIkas74cUsvotfEA="></latexit><latexit sha1_base64="4Rp8bCxxpZGJIkas74cUsvotfEA="></latexit> を7ずつ増加．
積分発火の追試結果[3]

dA

dt
=

�A + Vth

�A
<latexit sha1_base64="bFWWsADCcKLuu03/tBtf9v5Loac="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="bs8QlLljyYde7WbNFuyzJJm+ZMk="></latexit><latexit sha1_base64="Bm8LPKF2G5JSvQji9RjSXYhD04U="></latexit><latexit sha1_base64="Bm8LPKF2G5JSvQji9RjSXYhD04U="></latexit><latexit sha1_base64="Csf6LdFy1FVrC9otdgY6dQAbwgI="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="Ugnrf8eEgBojhEE7eqhn5IYaGSE="></latexit><latexit sha1_base64="bFWWsADCcKLuu03/tBtf9v5Loac="></latexit>

�A :
<latexit sha1_base64="s6Jml/QF+dkdcSemjxvHcvcOHqo="></latexit><latexit sha1_base64="rfJ1jp/2sJK5b8EoYCWUH+m/Zd4="></latexit><latexit sha1_base64="rfJ1jp/2sJK5b8EoYCWUH+m/Zd4="></latexit><latexit sha1_base64="s6Jml/QF+dkdcSemjxvHcvcOHqo="></latexit>

6.生理学的妥当性の考察
ISI(発火間隔)について， 
不規則性を表す統計量で調査．
・ CV ：変動係数 [4]

・ LV：Local Variation [5]

・ IR ：Irregurality [6]

CV =

�
(T � T )2

T
<latexit sha1_base64="0K+yzsRguIpzkiolySaUjde/De4="></latexit><latexit sha1_base64="8zA4A5apDRb04yAfOksy+IGEE00="></latexit><latexit sha1_base64="8zA4A5apDRb04yAfOksy+IGEE00="></latexit><latexit sha1_base64="xUFaVLayIlWbo75Fl/ke+Kjcqxk="></latexit>

0.1352 0.0390 1.5190
0.0159 0.0001 0.9438
0.0405 0.0041 1.2653

統計量

CV

IR
LV

Regular-Spiking Fast-Spiking Chattering波形

人間には揺らぎがある[2]  
→不規則性がある [7] 

LV =
3

n � 1

n�1�

i=1

(Ti � Ti+1)
2

(Ti + Ti+1)2
<latexit sha1_base64="tLinDGgjyRpL++DdzErgVE0v2h8="></latexit><latexit sha1_base64="Y8SMpKMEH8zI2oAbAoIuz8W9eEk="></latexit><latexit sha1_base64="Y8SMpKMEH8zI2oAbAoIuz8W9eEk="></latexit><latexit sha1_base64="MyuCqySmpcpgiFmrEAk8/IU0ZEI="></latexit>

T
<latexit sha1_base64="mhkzrhpSVurGbdojmuyu1Aeq4w4="></latexit><latexit sha1_base64="f61W1lIIJ7SCchmqNTP3vc3tlH8="></latexit><latexit sha1_base64="f61W1lIIJ7SCchmqNTP3vc3tlH8="></latexit><latexit sha1_base64="y3yBHYGeb69H3T1OduLCPd2y0aU="></latexit>

: 発火間隔の平均
T

<latexit sha1_base64="nCLUvH3krbXLs7nqYciqu/buLRY="></latexit><latexit sha1_base64="nCLUvH3krbXLs7nqYciqu/buLRY="></latexit><latexit sha1_base64="nCLUvH3krbXLs7nqYciqu/buLRY="></latexit><latexit sha1_base64="nCLUvH3krbXLs7nqYciqu/buLRY="></latexit>

: 発火間隔

Ti
<latexit sha1_base64="BNz+0+qhgpF4IVJPVOytl3GaSJQ="></latexit><latexit sha1_base64="BNz+0+qhgpF4IVJPVOytl3GaSJQ="></latexit><latexit sha1_base64="BNz+0+qhgpF4IVJPVOytl3GaSJQ="></latexit><latexit sha1_base64="BNz+0+qhgpF4IVJPVOytl3GaSJQ="></latexit>

: i番目の発火間隔

IR =
1

n � 1

n�1�

i=1

����log
Ti

Ti+1

����
<latexit sha1_base64="WK5SPvjhEFHx+sNlFwpn6tWVNhQ="></latexit><latexit sha1_base64="DOk6mEKYjmOVtrGmVuD+s0OLNeQ="></latexit><latexit sha1_base64="DOk6mEKYjmOVtrGmVuD+s0OLNeQ="></latexit><latexit sha1_base64="nV0Hm6ivgIRhMI9eeteTz3woaAU="></latexit>
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Waylandテストによる時系列データの決定論性解析
東京理科大学 池口研究室 学部4年 小川徳紀

1.はじめに

KaplanとGlassの方法

2.アルゴリズム

4.各パラメータについて変化させた場合

3.追試結果

5.まとめと今後の研究 参考文献

・ベクトルの分散から決定論性が評価できる 

・パラメータ次第では評価に問題がある 

・分散と埋め込み次元から元データの次元が推定できる？

➡難しい！

Waylandの方法 ➡簡単！

・使用したデータ

エノン写像

平均を求める

分散を求める

v(tk) = x(tk + �t) � x(tk)

etrans =
1

k + 1

kX

i=0

||v(ti) � hvi||2
||hvi||2 hvi =

1

k + 1

kX

i=0

v(ti)

時系列データを埋め込み

近傍点の時間発展に注目

ベクトルの分散を求めることを繰り返し

E

L

k

�t

N =

=

=
=

=

元データ数
埋め込み次元
遅れ時間
近傍点数
時間幅 でのロジスティック写像での例

E = 2, L = 1,�t = 1, k = 2
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エノン写像に観測ノイズを加える
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Waylandテストを行う ローレンツ方程式と作成した 
サロゲートデータについて行う

x
(t

)

エノン写像⇨実線　　ホワイトノイズ⇨破線
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1 k = 4

L = 2

その中央値の平均で決定論性を評価！

x(j) = (s(j), s(j + L), ...s(j + (E � 1)L))

(j = 1, ..., N � (E � 1)L)

決定論的なら
etrans ⇡ 0

作成したFTサロゲートデータ

[1]Wayland Richard, Bromley David, Pickett Douglas and Passamante Anthony,  
``Recognizing determinism in a time series,'' Phys.~Rev.~Lett., 70, pp.~580--582, 1993. 
[2]Kaplan, Daniel T. and Glass, Leon, ”Direct test for determinism in a time series”, 
 Phys. Rev. Lett., 68, 4, pp.~427̶430,1992. 
[3]Daniel T. Kaplan and Leon Glass, 
"Coarse-grained embeddings of time series: random walks, Gaussian random processes, and deterministic chaos”, 
 Physica D: Nonlinear Phenomena, 64, pp.431‒454, 1993

8
><
>:

dx
dt = �px + py
dy
dt = �xz + rx � y
dz
dt = xy � bz

自己相関　  保存される 
位相情報　  ランダム化
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visibility graphを用いた時系列データのネットワーク変換
東京理科大学　池口研究室　B4　高野 泰地

visibility graph
2�+.���
/0������
%,�������

 �$� yc < yb + (ya � yb)
tb � tc
tb � ta


*����

�12

��
���

ya

yc

yb

��	

ya yc

yb

��	 ����

ta tbtc ta tbtc

�12

��
���

a

3
�	

bc a

3
����

bc

3
�	

�12

��
���

次数分布 ネットワーク構造
ランダムな時系列 指数関数的 ランダムネットワーク

フラクタル性を持つ時系列 ベキ則 スケールフリーネットワーク
-��	�+. ベキ則ではない 群を持つ
����+. 多峰性 スケールフリーではない

a, b �
1
(�

y

t

y

t

y

t

dx

dt
= �y � z

dy

dt
= x + ay

dy

dt
= b � cz + xz

dx

dt
= Pr(y � x)

dy

dt
= rx � y � xz

dy

dt
= �bz + xy

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  200  400  600  800  1000

R
(t)

t

-40

-20

 0

 20

 0  200  400  600  800  1000

B(
t)

t

 0

 10

 20

 30

 40

 0  200  400  600  800  1000

a(
n)

-n
/2

t

a(1) = a(2) = 1

a(n) = a(a(n � 1)) + a(n � a(n � 1))

conway系列

一次元ランダムウォーク

一様乱数

余弦波

ローレンツ方程式

レスラー方程式

決定論的なフラクタル

確率論的なフラクタル

確率的にランダム

周期的な時系列

カオス時系列

カオス時系列

[0, 1]

a, b

cy
t：時刻
：データ

：任意の点
：a, b 間の点

まとめ
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[1] Lucas Lacasa, Bartolo Luque, Fernando Ballesteros, Jordi Luque, and Juan 
Carlos Nuno, “From time 
series to complex networks: The visibility graph,” PNAS,Vol. 105, No. 13, pp. 
4972-4975,2008.

[2] Chaoming Song, Shlomo Havlin, Hernán A. Makse, “Origins of fractality in the 
growth of complex networks,” Nature Physics, vol. 2, pp. 275‒281,2006.
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次数が大きいほど相関係数が下がる

ネットワーク構造の違いが因果関係の推定精度に与える影響について
東京理科大学 池口研究室 B4 澤田 和弥

1

2

参考文献

はじめに

3

4

Convergent Cross Mapping(CCM)[1][2]

5

x(t) = (Xt, Xt�⌧ , Xt�2⌧ , · · · , Xt�(E�1)⌧ )

(i) 時間遅れベクトル

1� Cross Mappingの概要

2� Cross Mappingのアルゴリズム

(ii) 重み付け

wti
=

8
>>><
>>>:

uti

E+1X

j=1

utj

(d[x(t), x(ti)] 6= 0)

1 (d[x(t), x(ti)] = 0)

uti
= exp

�d[x(t), x(ti)]

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

ただし, 

Ŷt =

E+1X

i=1

wtiYti

(iii) 類推
すべての時間に対して計算し,  
実際の時系列との相関係数を比較

正の相関係数

無相関

正の相関係数

Cross Mapping

正の相関係数

  [1]Sugihara George, May Robert, Ye Hao, Hsieh Chih-hao, Deyle Ethan, Fogarty Michael and Munch Stephan, “Detecting causality in complex ecosystems,” Science, Vol. 338, No. 6106, pp. 496--500, 2012.

[2]中山 新一朗, 阿部 真人, 岡村 寛, “Convergent cross mappingの紹介:生態学における時系列間の因果関係推定法”, 日本生態学会誌, Vol.65, No.3, pp.241--253, 2015.

[4] Jalan, Sarika and Singh, Aradhana, Cluster synchronization in multiplex networks, EPL, Vol. 113, No. 3, pp.30002, 2016.

結合ロジスティック写像とWSモデル

まとめ

結果

ネットワーク 隣接行列
相関係数行列

時系列長 100 時系列長 4000
枝つなぎ 
変え確率

＊結果となる時系列データには、原因となる時系列データの情報が蓄積されている

＊時系列長(サンプル数)が増えれば増えるほど情報量が増える

p=0.00

p=0.35

X(t + 1) = f(X(t))

Y (t + 1) = f(Y (t), X(t))

p=1.00

＊推定精度

xi(t + 1) = (1 � ✏)f(xi(t)) + ✏

NX

j=1

Ai,jf(xj(t))

xi(t) :

f(x) : ↵x(1 � x)

N :

Ai,j :✏ :

(ロジスティック写像)

頂点　の時刻　での状態値

頂点間の結合強度

全頂点数

ネットワークの隣接行列の　　　成分

i t

(i, j)

今回用いた値

＊WSモデル[3]

初期値 : x0(0) = 0.1 x19(0) = 0.67から まで0.03刻み

・拡張1次元格子　　　  から枝を確率　　　　　でランダムに繋ぎかえていく　　　　(p = 0) 0  p  1

類推精度が上がる

の影響を受けているX
X Y

XX YY

・枝が張っている頂点間は両方向に結合

＊時系列(p = 0)

直接結合する頂点間に関して十分な時系列長4000を用いて 
Cross Mappingした際に得られる相関係数の平均値

 0

 0.1
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 0.3

 0.4

 0.5

 0  0.2  0.4  0.6  0.8  1

ρ

p

推定精度は枝つなぎ変え確率を変化させても変わらない

・p=0.95

隣接行列と時系列長4000のときの 
相関係数行列の赤くなっている部分は一致している

決定論的かつ非線形な力学系に関しての因果関係を検出・推定する方法として 
Convergent Cross Mapping(CCM)という手法が提案されている[1]

今回は，複雑な結合をするネットワークに関してCCMを適用した

・結合ロジスティック写像を用いたWSモデルに関してCCMを適用
・ネットワーク構造が異なっても因果関係の推定精度には影響がない

・さらに大規模なネットワークについて調査を続ける
・相関係数の値が有意であるのか統計的な検定が必要

[3] Watts, Duncan J and Strogatz, Steven H, “Collective dynamics of ‘small-world’networks” , nature, Vol.393, No.6684, pp.440, 1998.
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＊結合ロジスティック写像[4]

[3]p = 0 p = 1

・クラスタ係数と平均頂点間距離

↵ = 3.75, ✏ = 0.05

頂点数： N = 20
k = 4平均次数：
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正しく推定できている

＊次数と相関係数の関係
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＊時系列

＊時系列　　　

次数

相
関
係
数

今後の方針

・次数が高い頂点ほど相関係数が低くなる

6

E = 2 ⌧ = �1埋め込み次元： 時間遅れ：

相
関
係
数

時系列長

から　の類推XY

から　の類推X Y

相
関
係
数

時系列長

から　の類推XY

から　の類推X Y

Cross Mapping

Cross Mapping

Cross Mapping

1 2 3 75 84 6 9

Y (t)

X(t)

X(t) ! Y (t)・

この値を類推したい

x(5)

x(1)

埋め込み(2次元)

近傍点を探す

埋め込み空間内で距離が近い順に 
重みを大きくする

挙動が似通っている時刻に対応する 
値に大きな重みがかかる

1 2 3 75 84 6 9

Ŷ (t)

t
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Xt

Xt+⌧

(i)

(ii)

(iii)

無相関

X YCross Mapping

Cross Mapping
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相
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係
数

時系列長

から　の類推XY

から　の類推X Y

(iv) 評価
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TSPにおける構築法より得られる巡回路と 
最適巡回路を構成する枝の比較
東京理科大学　池口研究室B4　木澤舞

TSP(traveling salesman problem)

構築法
最近傍法(nearest neighbor algorithm)  [1]

全ての都市をちょうど一回ずつ訪問し最後に最初の都市に 
戻ってくる巡回路のなかで最短のものを求める

最近追加法(nearest addition algorithm)  [1]

構築法による枝の採用回数
最近追加法最近傍法

参考文献
[2] TSPLIB, http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/ (最終閲覧日:2018 年 5 月 3 日)

[1] 山本芳嗣,久保幹雄,巡回セールスマン問題への招待,朝倉書店,1997.

まとめ・今後の課題
最近傍法での採用率の高い枝ほど最適解に含まれていることが多い傾向にある 
→ 最近傍法で選ばれた回数の多い枝を優先して解の探索を行う
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st70 [2]

eil101 [2]

a280 [2]

pr1002 [2]

最適解を構成する枝のうち構築法で採用された枝の割合

問題 構築法 採用率
100% 80%以上 60%以上 40%以上 20%以上 1回以上

st70
最近傍法 30.0% 50.0% 54.3% 62.9% 74.3% 90.0%
最近追加法 10.0% 20.0% 22.9% 27.1% 35.7% 75.7%

eil101
最近傍法 25.7% 66.3% 66.3% 73.3% 77.2% 97.0%
最近追加法 5.9% 18.8% 24.8% 31.7% 36.6% 85.1%

a280
最近傍法 11.8% 66.8% 72.5% 82.5% 85.0% 98.6%
最近追加法 6.0% 23.9% 29.6% 33.2% 35.0% 90.7%

pr1002
最近傍法 26.7% 60.5% 66.8% 73.8% 77.4% 93.7%
最近追加法 11.1% 24.0% 24.5% 25.2% 26.5% 78.2%
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70回採用された枝の数：23 
そのうち最適解に含まれる枝の数：21 (91.3%)

70回採用された枝の数：9 
そのうち最適解に含まれる枝の数：7 (77.8%)

101回採用された枝の数：29 
そのうち最適解に含まれる枝の数：26 (89.7%) 

101回採用された枝の数：8 
そのうち最適解に含まれる枝の数：6 (75.0%)

280回採用された枝の数：37 
そのうち最適解に含まれる枝の数：33 (89.2%)

280回採用された枝の数：17 
そのうち最適解に含まれる枝の数：17 (100.0%)

1002回採用された枝の数：298 
そのうち最適解に含まれる枝の数：268 (89.9%)

1002回採用された枝の数：121 
そのうち最適解に含まれる枝の数：111 (91.7%)

100回採用された枝の数：8 
そのうち最適解に含まれる枝の数：7 (87.5%)

100回採用された枝の数：7 
そのうち最適解に含まれる枝の数：4 (57.1%)

69回採用された枝の数：5 
そのうち最適解に含まれる枝の数：4 (80.0%)

69回採用された枝の数：3 
そのうち最適解に含まれる枝の数：3 (100.0%)

279回採用された枝の数：64 
そのうち最適解に含まれる枝の数：61 (95.3%)

279回採用された枝の数：6 
そのうち最適解に含まれる枝の数：4 (66.7%)

1001回採用された枝の数：109 
そのうち最適解に含まれる枝の数：97 (89.0%)

1001回採用された枝の数：59 
そのうち最適解に含まれる枝の数：12 (20.3%)
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        で         をとる価値を          とする. 
         が一番高いaを次の行動として採用する.

論文 “On the Security and Performance of  
Proof of Work Blockchain” の紹介

2018年8月26日 非線形ワークショップ 夏合宿 東京理科大学 池口研 B4 小林航平
1.論文の概要

2.マルコフ決定過程(MDP)

マイナー(ブロックの生成をする人たち)は最長鎖に 
新ブロックを作成し即時公開する,それ以外は破棄する

1step

1step

攻撃者マイナーは非公開ブロックを生成公開済みチェーン
よりも長くなったとき公開

他のマイナーは最長鎖を採用するので 
元の公開済みブロックは破棄される.

1step2step

S1 : (1, 0)

A1 : Wait

PS1,A1
: ↵

R2 : (�cost, 0)

S3 : (2, 1)

A3 : Override

PS3,A3
: ↵

R4 : (3 � cost, 0)

マイニングの固定費用
全マイナー中,攻撃者の計算力割合

行動

M =< S, A, P, R >

遷移確率

報酬状態
[1]においては

S : Si = (la, lh)

A : Ai = {adopt, wait, override, match, exit}
P = P (Si+1|Si, Ai)

R : {Ri+1 = (ra, rh)|r = Si ⇥ Ai ⇥ Si+1}

(攻撃チェーン長,通常チェーン長)

攻撃者の行動

行動が実行される確率

利益 (攻撃者,通常者)

3.結果

4.まとめ

参考文献

Selfish Miningで得る報酬 
(2重支払い報酬+マイニング報酬)

<通常のマイニング報酬

攻撃者は青いチェーンでの支払いをなかったことにして 
赤いチェーンで支払いができてしまう(二重支払い)

問題点

ra rh

をMDPの報酬Rとするrrel =

X

i

rai

X

i

(rai
+ rhi

)

通常マイニングとSelfish Miningの報酬の相対値        を大きくするrrel

r r
e
l

r
r
e
l

Gervais, Arthur and Karame, Ghassan O. and Wu ̈st, Karl and Glykantzis, Vasileios and Ritzdorf, Hubert and Capkun, Srdjan, ”On the Security and 
Performance of Proof of Work Blockchains,” Proceedings of the 2016 ACM SIGSAC Conference on Computer and Communications Security, pp.3-16, 2016.

[1]

ブロックチェーンの各構成パラメータが　　   に影響するか調査するra/rh

図1 攻撃者の計算力と生成されたがチェーンに含まれなかった
ブロックの割合　 の関係

rs

図2  ネットワークから分断された計算力    と攻撃者の計算力の関係!

!

マイナーによって生成されたがチェーンに含まれなかった  
ブロックの割合

観察する設計パラメータ

rs

eclipse attackという攻撃によって攻撃者チェーンで 
マイニングさせられる通常マイナーの計算力

・設計パラメータによる攻撃の採算性変化
・ブロックチェーンにおけるマイニング収益

が再現された

Selfish Miningでの具体例

攻撃者の行動はブロックチェーン状態によって変化

マルコフ決定過程(MDP)で攻撃者の行動決定をする

仮想の攻撃者を設定し，最大攻撃報酬となる状況を再現したい

方針

通常のブロック生成(マイニング)

Selfish Mining ブロックチェーンに対する攻撃手法

解決策 

論文の目的

攻撃者の行動の決め方

攻撃者の目標

S = s A = a

Q(s, a)

Q(s, a)

a

Q(si, ai) =
X

si+1

X

ai+1

P (si+1|si, ai){r(si, ai, si+1) + � max
ai+1

Q(si+1, ai+1)}

R

:

:

adopt,wait,override,match,exit

overridewait

costcost
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P2Pネットワークにおいて攻撃者　 の 
意図的なネットワーク分断に巻き込まれた 
mining power   の割合

調整数の総当たり計算

論文 “On the Security and Performance of  
Proof of Work Blockchain” の紹介

2018年8月26日 非線形ワークショップ 夏合宿 東京理科大学 池口研 B4 小林航平

2.ブロックチェーン

1.ハッシュ関数

取引記録1

ハッシュ値0

調整数1

0000abcd

取引記録3

ハッシュ値2

調整数3

0000lkjh

取引記録2

ハッシュ値1

調整数2

0000zxcv

先頭に0が規定数(下図は4)並ぶハッシュ値を持つ 
ブロックのみチェーンに繋がるルール

3.プルーフオブワーク(PoW)

4.ポスタで使用するパラメータの解説

計算困難
H(x)Apple xvfa6h
計算容易一方向関数

1234ab
1234ac H(x)

jf4gk8
bo9ssc 全く異なる

一対一対応

付録

H(x) H(x)H(x)

取引記録を変更すると以降のハッシュ値が全て変わる
古い記録ほど改ざんが難しい

P2Pネットワーク

1次発信ノード 受信済みノード

A

ブロックチェーンは中央にサーバーを持たない 
P2Pネットワークでデータを管理

ブロックに書き込む情報とチェーンを一意にするには?

取引記録3

ハッシュ値2

調整数3

0000lkjh

H(x)

調整数4

取引記録4
ハッシュ値3

0000xxxx

H(x)

最後のブロック これから作るブロック

目的のハッシュ値を出力する調整数を総当たりで探索する 
この探索をマイニング，参加者をマイナーと言う

PoW (仕事の証明)

取引内容が正しいかはブロックチェーンを遡ればわかる

A→B : 1BTC送金 
A残高 2BTC→1BTC 
B残高 0BTC→1BTC

A→C : 2BTC送金 
B→C : 1BTC送金 
A残高 1BTC→-1BTC × 
B残高 1BTC→0BTC 

不正を働く人が少数派である仮定では

正しい処理で得る 
収益期待値

不正で得られる 
収益期待値

PoWのフローチャート

ハッシュ値は16進数なので

B
A

H(x)16個の数字のうちどれか 0

例. 全体の       の計算力(mining power)を持つマイナーは 
        回はブロックの発行に成功する

他のマイナーに比べて多く計算力を持っているほど 
早く正解の調整数にたどり着ける

<

B

それぞれ異なる取引を受信

異なるチェーンになってしまう

調整数が発見されたが51%の承認が得られず 
破棄されたブロックの割合 
無駄になった計算力といえる 40%

stale block rate

eclipsed mining power

20%

 

P2P  

 

51%

 

 

+ 

 

NO

NO

YES

YES

NO

YES

正しい記録者には報酬を与える記録操作に負荷をかける

30%

3/10

H(x)   個の数字のうちどれか 00…00xxxx16n

n個
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論文”GNSS ionospheric seismology: Recent 
observation evidences and characteristics” の紹介

東京理科大学 池口研究室 学部4年 石崎 一輝
1.電離層とTECデータ

参考文献

2.TECの算出方法

4.まとめ
電離層の解析により，
地震の発生源範囲や規模を推定したい

3.強い地震に対する電離層異常

[2] 日置幸介, 菅原守, 大関優, 岡崎郁也, 測地学会誌, Volume 56, pp.125-134, 2010  

[1] Jin, Shuanggen, Occhipinti, Giovanni and Jin, Rui, Earth-Science Reviews, Volume 147, pp.54-64, 2015  

高清水

震央

・TEC(Total Electron Content) 
→電離層の全電子数

電離層

地球

TEC
受信機

GPS衛星

・東日本大震災(2011/03/11)

時間により3つのピークが見える． 
電離層の影響は余震や津波にも関連． 

TECの乱れは0 - 500kmを離れると急激に減少．

本震前に 
TECの乱れ

強い地震の 
前兆？？

2周波のデータを計算することで， 
TECデータが求められる．

GPS f1(1.56Hz), f2(1.2Hz) 
の2周波

現状報告

石崎一輝

2018年 9月 10日

1 電離層と TEC

1.1 TECの算出方法
1.1.1 搬送波位相

Li
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) − λ(bi
1,j + N i

1,j) + ϵi
L,1,j

Li
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) − λ(bi
2,j + N i

2,j) + ϵi
L,2,j

1.1.2 擬似距離

P i
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) + di
1 + d1,j + ϵi

P,1,j

P i
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) + di
2 + d2,j + ϵi

P,2,j

1.1.3 STEC

STEC =
f2
1 f2

2

40.28(f2
1 − f2

2 )
(L1 − L2 + λ1(N1 + b1) − λ2(N2 + b2) + ϵL)

=
f2
1 f2

2

40.28(f2
1 − f2

2 )
(P1 − P2 − (d1 − d2) + ϵP )

1.1.4 VTEC

V TEC = STEC ∗ cos(arcsin(
Rsinz

R + H
))

1

現状報告

石崎一輝

2018年 9月 10日

1 電離層と TEC

1.1 TECの算出方法
1.1.1 搬送波位相

Li
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) − λ(bi
1,j + N i

1,j) + ϵi
L,1,j

Li
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) − λ(bi
2,j + N i

2,j) + ϵi
L,2,j

1.1.2 擬似距離

P i
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) + di
1 + d1,j + ϵi

P,1,j

P i
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) + di
2 + d2,j + ϵi

P,2,j

1.1.3 STEC

STEC =
f2
1 f2

2

40.28(f2
1 − f2

2 )
(L1 − L2 + λ1(N1 + b1) − λ2(N2 + b2) + ϵL)

=
f2
1 f2

2

40.28(f2
1 − f2

2 )
(P1 − P2 − (d1 − d2) + ϵP )

1.1.4 VTEC

V TEC = STEC ∗ cos(arcsin(
Rsinz

R + H
))

1

TECデータ 各パラメータ

震源域を除き，日本海上にはTECの乱れが発生している． 
TECの乱れはUTC 6:00~8:00にかけてほぼ2時間続いた

後，TECは本震前の状態に回復する．

1 2 3

4 5 6

[1]

[1]
[1]

・汶川地震(2008/5/12)

本震後に 
TECの大幅な乱れを 
見ることができる

[1]
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情報発信源の違いがネットワーク全体の情報到達範囲に与える影響の調査
東京理科大学　池口研究室　学部4年　山元　航平

従 
来

研究背景
現 
在

[1]W. O. Kermack, and A. G. McKendrick, “Contributions to the mathematical theory of epidemics. II.

―The problem of endemicity,” Proc. R. Soc. Lond. A, vol. 138, no. 834, pp. 55–83, 1932. 
[2]A. L. Barabsi, and R. Albert, “Emergence of scaling in random networks,”

 Proc. R. Soc. Lond. A, vol. 286, no. 5439, pp. 509–512, 1999. 

参考文献
・情報到達度の時間的変化
・ネットワーク構造による情報拡散の違い
・作成したSIMR拡散モデルの評価
今後にむけて

結果
SIMR拡散モデルのパラメータ→sp：情報発信源の頂点番号，r：拡散率

拡散率が大 拡散率が小

次数の大きな頂点に情報が到達→一気に拡散
発信源によらずほぼ全域に到達 発信源の次数が小さいと 

拡散するときとしないときがある

発信源の次数が大 発信源の次数が小

発信源の頂点の次数が小さく， 
拡散率が小さいとき， 

情報拡散の可否は大きく変動
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拡散率　を 
変化させる 
(100回平均)

(sp = 844, r = 0.0 � 1.0)

任意の１回の 
試行に着目

(sp = 0, r = 0.2)

(sp = 844, r = 0.2)

(sp = 0, 844, r = 0.6) (sp = 0, 844, r = 0.2)

拡散収束時の 
H100回分を 
全てプロット

頂点番号sp=0の次数：135(最大次数) 
    sp=844の次数：3(最小次数)

r

情報到達率

m = 3

l = 3

N = 1000

最終頂点数

初期完全グラフ

追加頂点の枝数

のBAモデル[2]

シミュレーション
N ：総頂点数

各状態の頂点数
I, M, R：

H =

�
I +

�
M +

�
R

N
使用ネットワーク
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SIR拡散モデル[1]

S I R
� �

個人間の相互作用を考慮できない 
→複雑ネットワークに応用 � �：隔離率：感染率

{ dI

dt
= �SI � �I

dR

dt
= �I

dS

dt
= ��SI

差分方程式で表現したSIR拡散モデル

r1 � r 1

S I R

感染症が到達しても感染しなければSに戻る 
情報拡散に応用することを考えると 

情報が到達したが広めなかった人にも情報は到達している

一度RになるとRのまま

Sは隣接頂点に I があれば 
 で I に，    でSに1 � rr

I は一通り隣接頂点を 
チェックしたらRへ

SIMR拡散モデル

拡散したとき
t = 0 t = 2

t = 3 t = 4

t = 1t = 0

t = 1

知らない 
広める 
広めない 
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情報を{
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自発発火活動下でわかっていること 

数理モデル

先行研究と生理学実験との比較

参考文献
[1] 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.  
[2] 犬束龍之介,“ニューラルネットワークにおける自発発火活動の解析,” 東京理科大学工学部経営工学科 卒業研究論文, 2017.  
[3] 合原一幸,神崎亮平,“理工学系からの脳科学入門,” 東京大学出版,2008.  

dgE

dt
= �gE

⌧s
+

X

j

GE,j

X

sj

�(t � sj � dj) (1)

dgI

dt
= �gI

⌧s
+
X

j

GI,j

X

sj

�(t � sj � dj) (1)

VL5270 [mV], VE50 [mV], VI5280 [mV], respectively. The excit-
atory and inhibitory synaptic conductances gE and gI [ms21] normal-
ized by the membrane capacitance obey

dgX

dt
~{

gX

ts
z
X

j

GX,j

X

sj

d t{sj{dj
! "

, X~E,I ð2Þ

where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].

The values of Gi for excitatory-to-excitatory connections are dis-
tributed such that the amplitude of EPSPs x measured from the
resting potential obey a lognormal distribution

p xð Þ~
exp { log x{mð Þ2

#
2s2

$ %
ffiffiffiffiffi
2p
p

sx
ð3Þ

on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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生理学実験より 
ニューロン間の結合強度が高いほど 
スパイクの入出力の相互相関係数が高い

生理学実験の結果[1]

dv

dt
= �1

⌧
(v � VL) � gE(v � VE) � gI(v � VI)

論文 “Optimal spike-based communication in excitable networks  
　　　　　with strong-sparse and weak-dense links”の紹介

東京理科大学 池口研究室 B4 藤田 祥太朗

自発発火活動とは

閾値を超える発火活動が見られない閾値を変える発火活動が見れる

持続的な外部入力がなくとも初期状態から一定時間与えられた 
外部入力のみで電気スパイクが飛び交い発火する現象

p = 0.1

p = 0.1

p = 0.5

p = 0.51.05

7.56

E
E

E

(strong-sparse and weak-dense)
strong-sparse
weak-dense

強い結合の密度が薄く
弱い結合がの密度が濃い

生理学実験[1]より，興奮性ニューロン間の重みの分布が
SSWDであることがわかっている

シミュレーションの結果[1]
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atory and inhibitory synaptic conductances gE and gI [ms21] normal-
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where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].

The values of Gi for excitatory-to-excitatory connections are dis-
tributed such that the amplitude of EPSPs x measured from the
resting potential obey a lognormal distribution
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on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external

EPSP  (mV)
100.1

0.0

0 20
1.0

0.001

EPSP
(mV)

Pr
ob

ab
ilit

y 
de

ns
ity

 : 
p

p

a b

c d

-70
0.0

0.25

0.5

-55 -40
Mean membrane potential (mV)

C
ro

ss
 c

or
re

la
tio

n

-60 -50 -40
0.0

0.2

0.4

Mean membrane potential (mV)

C
ro

ss
 c

or
re

la
tio

n

C
ro

ss
 c

or
re

la
tio

n

Mean membrane potential (mV)

0.0
-70 -50

0.1

0.2

0.3

Firing rate (Hz)
0.0 1.0 2.0 3.0

C.C.

e

Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].
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on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].

The values of Gi for excitatory-to-excitatory connections are dis-
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on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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where d(t) is the delta function, Gj, dj, sj are the weight, delay and
spike timing of synaptic input from the j-th neuron, respectively.
The decay constant ts is 2 [ms] and synaptic delays are chosen
randomly between d021 to d011 [ms], where d0 5 2 for excit-
atory-to-excitatory connections and d0 5 1 for other connection
types. The values are determined from the stability of spontaneous

activity (Methods). Spike threshold is Vthr5 250 [mV] and v is reset
to Vr 5 260 mV after spiking. The refractory period is 1 [ms].
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on each neuron (Fig. 1a), where the values s51.0 and m-s2 5 log(0.2)
well replicate the experimentally observed long-tailed distributions
of EPSP amplitudes33,34. We declined any unrealistic value of Gi that
gives an amplitude larger than 20 [mV] by drawing a new value
from the distribution. The resultant amplitude of strongest EPSP
was about 10 [mV] on each neuron. For simplicity, excitatory-
to-inhibitory, inhibitory-to-excitatory and inhibitory-to-inhibitory
synapses have uniform values of Gi50.018, 0.002 and 0.0025,
respectively. Excitatory-to-excitatory synaptic transmissions fail at
an EPSP amplitude-dependent rate of pE 5 a/(a1EPSP), where
a50.1 [mV]34.

We first demonstrate numerically that the long-tailed distribution
of EPSP amplitudes achieves aperiodic stochastic resonance for spike
sequence on a single neuron receiving random synaptic inputs
(Fig. 1b). Stochastic resonance refers to a phenomenon wherein a
specific level of noise enhances the response of a nonlinear system to
a weak periodic or aperiodic stimulus35–37, and has been observed in
many physical and biological systems38–45. We vary the average mem-
brane potential of the neuron by changing the rate of presynaptic
spikes at a portion of the weakest excitatory synapses (EPSP ampli-
tudes , 3 mV). Interestingly, the cross-correlation coefficients
(C.C.) between output spikes and inputs to the strongest synapses
are maximized at a subthreshold membrane potential value about 10
[mV] above the resting potential and 10 [mV] below firing threshold
(Fig. 1c). At more hyperpolarized levels of the average membrane
potential, even an extremely strong EPSP (,10 mV) cannot evoke a
postsynaptic spike, and the fidelity of spike transmission is reduced.
On the contrary at more depolarized average membrane potentials,
the neuron can fire without strong inputs, also degrading the fidelity.

We can express the C.C.s in terms of the conditional probability of
spiking by strong-sparse input, which we can analytically obtain
from the stochastic differential equations for weak-dense synapses
(Methods). The analytic results well explain the optimal neuronal
response obtained numerically (Fig. 1c). The phenomena can be
regarded as stochastic resonance for aperiodic spike inputs36,37. We
find that the stochastic enhancement of spike transmission is much
weaker in a neuron (Fig. 1c, dashed curve) having Gaussian-distrib-
uted EPSP amplitude, which give the same mean and variance of
synaptic conductances as the lognormal distribution but no tails of
strong synapses (Supplementary Methods). The results prove the
advantage of long-tailed distributions of EPSP amplitude.

We confirmed the above model’s prediction by performing
dynamic clamp recordings from cortical neurons (n514). To mimic
synaptic bombardment with long-tailed distributed EPSP ampli-
tudes, we injected the synaptic current given in equation (2) by using
the same values of excitatory and inhibitory conductances as used in
Fig. 1c (Supplementary Methods). The rate of random synaptic
inputs was varied in a low-frequency regime. The physiological result
also demonstrated the maximization of the fidelity of synaptic trans-
mission (Fig. 1d, e).

Now, we ask whether the above stochastic resonance is achievable
by the noise generated internally by SSWD recurrent neural net-
works. To see this, we conduct numerical simulations of equations
(1) and (2) for a network model of 10000 excitatory and 2000
inhibitory neurons that are randomly connected with coupling
probabilities of excitatory and inhibitory connections being 0.1 and
0.5, respectively. Since the network has a trivial stable state in which
all neurons are in the resting potentials, we briefly apply external
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Figure 1 | Maximizing the fidelity of spike transmission with long-tailed
sparse connectivity. (a) Each excitatory neuron has a lognormal amplitude
distribution of EPSPs. The resultant mean and variance of the model are
0.89 [mV] and 1.12 [mV2], respectively, whereas those shown in a previous
experiment [1] were 0.77 [mV] and 0.92 [mV2]. Inset is a normal plot of the
same distribution. (b) Schematic illustration of the neuron model with
strong-sparse and weak-dense synaptic inputs. Colors (red, green and blue)
indicate inputs to the top three strongest weights. (c) C.C.s between the
output spike train and input spike trains at the 1st (red), 2nd (green) and
3rd (blue) strongest synapses on a neuron are plotted against the mean
membrane potential and the corresponding input firing rate at each synapse.
The dashed line and shaded area show the mean and SD of the membrane
potential distribution of excitatory neurons shown in Fig. 2f for the SSWD
network. Vertical bars represent SEM over different realizations of random
input. The dashed line indicates an analytical curve for the strongest synapse
of the long-tailed distribution, while the dot-dashed line is the C.C.s for the
strongest synapse when EPSP amplitudes obey Gaussian distribution. (d)
Similar C.C.s obtained by dynamic clamp recordings from a cortical neuron.
The color code and vertical bars are the same as in C. (e) The trial-averaged
C.C.s for the strongest synapses on n514 neurons.
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生理学実験の結果[1] シミュレーションの結果[1]-80
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[2] 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. 
[3] DIMACS challenge, http://dimacs11.zib.de/downloads.html (最終閲覧日: 2018 年 05 月 2 日).

参考文献

4.結果[2] 5.まとめ
Perturb タブーサーチ+ 誤差率ほぼなし

問題名 ノード数 枝数 計算時間(秒) 誤差率
P400．3 400 1,175 40.78 0
P400．4 400 1,144 10.33 0
P400．7 400 1,442 1.71 0
a2000.2 2,000 16,062 1,794.66 0.00168
a4000.3 4,000 32,0256 177.81 0.00156

・プログラムを完成させ，追試を行う． 
・カオスニューラルネットワークを用いて駆動する．

今後の方針

1. Prize Collecting Steiner Tree Problem [1]
効率的な木の設計 電線網・パイプラインなどの 

敷設計画に応用目的関数

min
X

e2E

Ce +
X

v/2V

Pv
: 木に含まれる枝集合 
: 木に含まれるノード集合 
: 枝  のコスト 
: ノード  のprize

27+0 8+3 9+13

※全てのprizeノードを木に含む必要はない

目的関数値

木に含まれる枝コストの合計

木に含まれない 
prizeノードのprizeの合計

E

V
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v
Ce

Pv
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解答例1 解答例2入力グラフ
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I + +

I
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2. 提案手法[2]

分類条件 アルゴリズムの種類
　かつ knowledge guided iterated tabu search
　かつ enhanced iterated tabu search

simple iterated local search

入力グラフをノード数     ，枝コストの偏差   で分類し，異なる探索アルゴリズムを用いる．

|V | < 5, 000

|V | < 5, 000

|V | � 5, 000

� � 0.05

� < 0.05

|V | �

� =
1

|E|
X

e2E

|Ce � Ce|
Ce

枝コストの偏差 Ce : 入力グラフの平均枝コスト

knowledge guided  
iterated tabu search 

3. アルゴリズムの各処理

全てのprizeノードをランダムに結合させて初期解を生成

・近傍操作を繰り返し得られる近傍解群のうち，タブーに該当しない 
   もっとも良い解に遷移する． 
・遷移は必ずしも目的関数を改善しない． 
・遷移前の状態に戻る操作をタブーとして，一定期間禁止する． 
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初期解例2初期解例1

3-1．初期解生成 3-3．Perturb

3-4．タブーサーチ

挿入操作をしたとき

3 5 lin 5 3 +
|V | � |VT |

5

削除操作をしたとき

論文中の禁止期間

3 5 lout 5 3 +
|VT |
5

入力グラフ
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: 追加の禁止期間

: 削除の禁止期間
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・中継ノードの操作例

・prizeノードの操作例

入力グラフ

削除

暫定解 追加後 削除後

暫定解 追加後 削除後入力グラフ

追加

追加 削除

Zi + 1

I + 1

採用ノードを全て含む木を生成

挿入を許可する確率 削除を許可する確率

Zi + 1

I + 1

各prizeノードの採用率

1 � Zi

I

ランダムに選択したノード  の状態を確率で反転i

                    　　(   が    の倍数のとき）I 10Strongly Perturb

(   が    の倍数でないとき）I 10Weakly Perturb

(Knowledge)を基に近傍操作を行い，近傍解を生成Zi

i

   : イタレーション 
   :   番目のノードの採用回数 
   （Knowledge) 

I
Zi

Zi
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論文 “Cognitive relevance of the community structure of the human brain functional  
coactivation network [1]”の追試

東京理科大学工学部経営工学科  池口研究室　学部4年  宮 南風
1．背景
最終目標 : ダウン症患者の数理モデリング 先行研究の論文[2]がfMRI信号の相関より生成されたネットワークを調査したもの． 

fMRIは神経細胞そのものの動きを見ているわけではない． 
論文では結果のみ記載でデータが公開されていない． 
公開されているfMRIデータを用いてネットワークを生成し， 
数理モデル化に向けた調査を行う．

論文[1]：fMRIとPETの2種類の脳画像データの相関から得たネットワーク解析

神経細胞のつながりが 
特異的であることを示唆
機能的領域間の相関 : 低 

ネットワーク全体のクラスタ性 : 高 

2．ネットワーク作成手順
fMRI / PET の時系列信号

領域間の相関行列

ネットワーク

P = �2 log L < 0.01
枝の生成条件

を満たすとき領域間に枝を張る

L =
B(k; n, p)B(m � k; N � n, p)

B(k; n, p1)B(m � k; N � n, p0)

=
pk(1 � p)n�kpm�k(1 � p)N�n�m+k

pk
1(1 � p1)n�kpm�k

0 (1 � p0)N�n�m+k

�
�
�

p = m/N
p1 = k/n
p0 = (m � k)/(N � n)

m : 領域 Xの活性化数
N : 活性化した領域の総数
n : 領域 Yの活性化数
k : 領域 X,Yの両活性化数

脳画像内の1領域を 
1頂点として，時系列信号の 

相関から枝を生成

3.5mm

× 638個

3．追試結果

図1 : 次数分布 (Connectivity : fMRI, Coactivation : PET)

追試結果論文結果

図2 : 物理的距離の頻度分布 (Connectivity : fMRI, Coactivation : PET)

追試結果論文結果

⇨ 次数が高いノードが一部存在 ⇨ 物理的に距離が離れた領域間も枝が存在

[1]  Crossley, Nicolas A., et al. “Cognitive relevance of the community structure of the human brain functional coactivation network.” 
      Proceedings of the National Academy of Sciences, No. 110, Vol. 28, pp.11583‒11588, 2013. 
[2]   Jeffrey S. Anderson, et al., “Abnormal brain synchrony in Down syndrome,” NeuroImage: Clinical, Vol. 2, pp.703‒715, 2013. 
[3]   Brain Connectivity Toolbox : https://sites.google.com/site/bctnet/datasets   (最終閲覧日 : 2018/08/19)

参考文献

5．今後の課題

4．ネットワーク指標の追加調査

図3 : 可視化したネットワーク (左 : fMRI, 右 : PET)

コミュニティ構造：ノード間に貼られているエッジの密度が高いノードの集まり 
リッチクラブ構造：コミュニティの中に次数が高いノードが点在

⇨ 他のネットワーク指標から特徴を得る

図4 :各頂点のクラスタ係数の頻度分布 (左 : fMRI, 右 : PET)

❶ クラスタ係数 隣の点同士が繋がっている割合

⇨ コミュニティ内のノードでは密なつながりを持っている

図5 :各頂点間距離の頻度分布 (左 : fMRI, 右 : PET)
⇨ どの頂点にも数ステップで到達可能(スモールワールド性)

❷ 頂点間最短距離

❸ 近接中心性 他頂点間まで平均的にどれぐらい近いか

⇨ リッチクラブノードと一般的なノードの2極化

❺ k-shell中心性 次数情報を考慮したときの影響力の高さ

図6 : 近接中心性の頻度分布 (左 : fMRI, 右 : PET)

❹ 媒介中心性 他頂点間の最短路に含まれる度合い

図7 : 媒介中心性の頻度分布 (左 : fMRI, 右 : PET)

図8 : k-shell中心性の頻度分布 (左 : fMRI, 右 : PET)

脳画像データの相関関係から脳内の連携ネットワークを作成． 
得られた脳内ネットワークからは先行研究でいわれている複雑な 
構造を有していた 
今後は神経細胞を同様の特徴をもつネットワーク上でつなげることで 
脳内の神経ネットワークをモデル化すること. 
また，学習則などから同様の構造の再現を目指す．
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生後　日以降の神経雪崩10

�1.5

� 振動
(30 � 100[Hz])

� 振動
(15 � 30[Hz])

✓振動
(4 � 15[Hz])

生後8日目 生後13日目

�1.5

�Wij

東京理科大学　池口研究室　修士2年　青木舞優 
　1.神経雪崩現象[1]

神経活動リズムが神経雪崩現象の統計量に与える影響

５.参考文献
[1] J. M. Beggs, and D. Plenz, “Neuronal avalanches in neocortical circuits,” The Journal of Neuroscience 23.35 (2003): 11167-11177. 
[2] Hennequin, Guillaume, Wulfram Gerstner and Jean-Pascal Pfister，“STDP in adaptive neurons gives close-to-optimal information transmission,” frontiers in 
computational neuroscience 4 (2010). 
[3] E. D. Gireesh and D. Plenz, “Neuronal avalanches organize as nested theta and beta/gamma oscillations during development of cortical layer 2/3,” PNAS, 105 
(2008): 7576-7581.

4.結果

3.神経活動リズム[3]2.STDP学習則[2]
�Wij =

�
A+ 2tT(� tj�ti

� ) (ti < tj)

�A� 2tT(� ti�tj

� ) (ti > tj)

生後8日目を想定 生後13日目を想定

�2.0

大脳皮質の自発的活動に，多様な神経活動パターンの伝播が繰り返し行われる神経同期現象のこと．

パワースペクトル パワースペクトル

ラスタープロット

神経雪崩現象の統計量
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：ニューロン　からニューロン　 
　への結合強度の変化量
：学習している結合強度の初期値
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・どのような非線形性が解探索に有効なのか？
・区分線形，区分非線形な応答をするニューラルネットワークで解探索性能を比較
・区分非線形な応答をするニューラルネットワークのほうが平均誤差率が低い解を探索した

[1] E. Uchoa and R. F. Werneck, ACM J. of Experimental Algorithms, vol. 17, no.2, article 2.2, 2012.

[2] M. Hasegawa, T. Ikeguchi and K. Aihara, Neural Networks, vol. 15, pp. 271-283, 2002.

[5] T. Koch, A. Martin and S. Voss, in Steiner trees in industry, Springer US, pp. 285-325, 2001.

[6] H. Takahashi and A. Matsuyama, Math. Japonica, vol. 26, no. 6, pp. 572-577, 1980.

参考文献
[3] M. Fujita, T. Kimura and T. Ikeguchi, in Proceedings of the MIC2017, pp. 834-836, 2017.

[4] M. Fujita, T. Kimura and T. Ikeguchi, in Proceedings of the NOLTA2017, pp.712-715, 2017.

異なる非線形性を有するニューラルネットワークによる 
グラフ的シュタイナー木問題に対する解探索性能の比較

東京理科大学　池口研究室　D2　藤田実沙

❶ グラフ的シュタイナー木問題

❹ 数値実験
□ 実験条件

□ 実験結果

: 頂点

: 必須点
: 枝

V

E

K

T = (VT , ET )G = (V, E)

・木構造である

K ⇢ VT

VT ✓ V, ET ✓ E・
・

目的関数

min
X

e2E

c(e)z(e)

z(e) =

(
1 (e 2 ET )

0 (otherwise)

c(e) : 枝　の重みe

z(e) : 枝　の決定変数e

決定変数

❸ ニューラルネットワーク [2, 3, 4]
□ 利得効果
目的関数値が改善されるほどニューロンが発火しやすくなる

□ 不応性効果
一度発火したニューロンはしばらくの間発火しにくくなる

�

Ci(t)

C(t)

: 調整パラメータ
: 時刻　での現在解のコスト
: 時刻　で頂点　に対応する近傍解のコスト

t

it

s : 不応性の継続期間

↵

kr

✓

: 調整パラメータ
: 不応性の減衰パラメータ

: バイアス
xi(t � d) : 時刻　　　でのニューロン　の出力t � d i

α kr s θ

区分線形 ∞ 1.0 > 0 0

区分非線形 > 0 > 0 > 0 0

・SteinLib [5] のベンチマーク問題を使用

・シュタイナー木の根は任意の必須点

・各小問について必須点数回ぶん計算

P4E: Complete with euclidian weights
P4Z: Complete with random weights

B: Sparse with random weights
I080: Sparse with incidence weights

|V| |E| |K|

B 50 ~ 100 63 ~ 200 9 ~ 50

I080 80 120 ~ 3160 6 ~ 20

P4E 100 ~ 200 19900 5 ~ 100

P4Z 100 4950 5 ~ 50

❷ 局所探索法 [1]

コスト: 11

コスト: 10

コスト: 10

部分グラフを抽出 その最小全域木を構築

削除

追加

2 VT

/� VT
<latexit sha1_base64="kTBz1MH1hpeHQZY/lx5/TZH9Im8="></latexit><latexit sha1_base64="1mXys9qwrcnZF319bR4dR8oZugA="></latexit><latexit sha1_base64="1mXys9qwrcnZF319bR4dR8oZugA="></latexit><latexit sha1_base64="PXPWYd/+FyxoLLaNaKhSSJWgxkw="></latexit>

ポイント

⇠i(t) = �(Ci(t) � C(t))

⇣i(t) = �↵

sX

d=1

kd
rxi(t � d) + ✓

□ 発火率調整
前イタレーションでどのニューロンも発火しなかったら，発火を促進する

⌘i(t) = �W

|V |X

l=i

xl(t) + W

W : 結合荷重

□ 出力
xi(t + 1) = f{⇠i(t) + ⇣i(t) + ⌘i(t)} f(y) =

1

1 + e�y/✏，

・現在解から生成可能な全ての近傍解を生成する → 1イタレーション

・イタレーションごとに必須点以外の全ての頂点をランダム順に走査

・最適解からの誤差率を評価

区分線形 区分非線形

最良値 平均値 最悪値 標準偏差 最良値 平均値 最悪値 標準偏差

B 0.00 0.17 0.32 0.08 0.00 0.16 0.17 0.04

I080 0.13 0.78 1.95 0.67 0.13 0.64 1.47 0.46

P4E 0.00 0.00 0.00 0.00

P4Z 0.00 0.44 1.09 0.40 0.00 0.16 0.58 0.17
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カオス乱数の性能に与える数値計算精度の影響 

③NIST検定[2]
番号 検定項目 検定内容

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

2 ブロック単位の頻度検定 あるブロック長に対して，1の出現確率が1/2に近いかどうかを検定

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

4 連の検定 連続した1の数（連）を検定

5 ブロック単位の最長連検定 あるブロック長に対して，最長の連を検定

6 2値行列ランク検定 数列全体の互いに疎な行列のランクを検定

7 離散フーリエ変換検定 周期性の調査のため，数列の離散フーリエ変換によるピークの高さを検定

8 重なりのないテンプレート適合検定 あらかじめ用意されたビット列（テンプレート）の出現回数を検定 
（重なりなし）

9 重なりのあるテンプレート適合検定 あらかじめ用意されたビット列（テンプレート）の出現回数を検定 
（重なりあり）

10 マウラーのユニバーサル統計検定 数列内で一致するパターンを検出し，圧縮することができるかを検定

11 近似エントロピー検定 あるビット長の出現パターンの頻度を検定

12 ランダム偏差検定 累積和ランダムウォークでK回訪れるサイクル数を検定

13 種々のランダム偏差検定 累積和ランダムウォークで特定の状態を訪れる回数の合計を検定

14 系列検定 あるビット長の全ての重複ビットパターンの出現頻度を検定

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

参考文献
[2] A.Rukhin, J.Soto, J.Nechvatal, M.Smid, E.Barker,S.Leigh, M.Levenson, M.Vangel, D.Banks, A. Heckert,J.Dray, S.Vo, “A statistical Test Suite for Random and Pseudorandom Number Generators for Cryptographic Applications,’’  
     National Institute of Standards and Technology, Special Publication 800-22, 2010.

[1] 石田邦昭, 常田明夫, 井上高宏. “有限ビット演算によるカオス的系列の性質”, 電子情報通信学会技術研究報告. CAS, 回路とシステム 98.140 (1998): 9-14.

東京理科大学 池口研究室 B4 金丸 志生

①カオス乱数
長期予測が不可能とされる 
カオスダイナミクスの応答
を元に生成した乱数 1110111101000101…
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②整数ロジスティック写像[1]

N 数値計算精度 bxc     を超えない最大の整数x

ロジスティック写像 (式(1)) を拡張して式(2)へ

(1)xt+ 1 = axt(1 − xt) × 10N ( Xt = 10N × xt )

(2)Xt+ 1 = ⌊aXt(10N − Xt)10−N⌋

No.13

④実験条件 数値計算精度 15 ≤ N ≤ 1000 (ΔN = 1)分岐パラメータ a = 4 初期値 X0 = 10N × 0.2
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⑥まとめ

・数値計算精度が20以上で乱数の性能が安定する．
・数値計算精度を向上のみで，乱数の性能向上には限界がある．
・生成するビットパターンに偏りがある． 
➡ 乱数生成源のダイナミクスの特徴の影響と考えられる．

数値計算精度は乱数の性能に影響を与える一つの要因

高い数値計算精度を持ってしても， 
3項目に不合格となる．

数値計算精度毎のNIST検定合格数

NIST検定合格数の分布と各検定項目の合格数の割合

全NIST検定に合格する比率の遷移
8番の検定に不合格となる割合が高い．
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NIST certification item

数値計算精度を向上しても， 
15検定に合格する割合に差はない．

が全NIST検定項目に合格．665
981 ≒ 67.79 %
計981パターンの乱数のうち，

20 ≤ N ≤ 1000数値計算精度が で生成した

で安定した性能を得る．N ≥ 20数値計算精度

数値計算精度が高くても不合格となる． 
更に数値計算精度を向上させると， 
乱数の性能改善は可能か調査する．
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：データ

：任意の点
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まとめ

Pr = 10

b = 28

r =
8
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b = 0.2

c = 5
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[1] Lucas Lacasa, Bartolo Luque, Fernando Ballesteros, Jordi Luque, and Juan 
Carlos Nuno, “From time 
series to complex networks: The visibility graph,” PNAS,Vol. 105, No. 13, pp. 
4972-4975,2008.
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A = 4　　　　のロジスティックマップ
をランダムシャッフルした時系列

オリジナルとランダムシャフルから作成したのネッ
トワークの各ノードの次数の平均の比較
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クマップ 指数関数的

レスラー方程式 多峰性

ローレンツ方程式 多峰性

極大を抽出した値ローレンツ方程式 指数関数的

ロジステックマップのパラメータを-2から4まで変化
させた結果リアプノフ指数と同じくパラメータ1から
線対称な値が平均，標準偏差ともに現れた． 

ランダムシャッフルした場合に比べオリジナルの値は
平均，標準偏差ともに低い値になる 
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次数が大きいほど 
推定精度が下がる

ネットワーク構造の違いが因果関係の推定精度に与える影響について
東京理科大学 池口研究室 B4 澤田 和弥

1

2

参考文献

はじめに

3

4

Convergent Cross Mapping(CCM)[1][2]

5

x(t) = (Xt, Xt�⌧ , Xt�2⌧ , · · · , Xt�(E�1)⌧ )

(i) 時間遅れベクトル

1� Cross Mappingの概要

2� Cross Mappingのアルゴリズム

(ii) 重み付け

wti
=

8
>>><
>>>:

uti

E+1X

j=1

utj

(d[x(t), x(ti)] 6= 0)

1 (d[x(t), x(ti)] = 0)

uti
= exp

�d[x(t), x(ti)]

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

ただし, 

Ŷt =

E+1X

i=1

wtiYti

(iii) 類推
すべての時間に対して計算し,  
実際の時系列との相関係数を比較

正の相関係数

無相関

正の相関係数

Cross Mapping

正の相関係数

  [1]Sugihara George, May Robert, Ye Hao, Hsieh Chih-hao, Deyle Ethan, Fogarty Michael and Munch Stephan, “Detecting causality in complex ecosystems,” Science, Vol. 338, No. 6106, pp. 496--500, 2012.

[2]中山 新一朗, 阿部 真人, 岡村 寛, “Convergent cross mappingの紹介:生態学における時系列間の因果関係推定法”, 日本生態学会誌, Vol.65, No.3, pp.241--253, 2015.

[4] Sarika Jalan and Aradhana Singh, Cluster synchronization in multiplex networks, EPL, Vol. 113, No. 3, pp.30002, 2016.

結合ロジスティック写像とWSモデル

まとめ

結果

ネットワーク 隣接行列
相関係数行列

時系列長 100 時系列長 4000
枝つなぎ 
変え確率

＊結果となる時系列データには、原因となる時系列データの情報が蓄積されている

＊時系列長(サンプル数)が増えれば増えるほど情報量が増える

p=0.00

p=0.35

X(t + 1) = f(X(t))

Y (t + 1) = f(Y (t), X(t))

p=1.00

＊推定精度

xi(t + 1) = (1 � ✏)f(xi(t)) + ✏

NX

j=1

Ai,jf(xj(t))

xi(t) :

f(x) : ↵x(1 � x)

N :

Ai,j :✏ :

(ロジスティック写像)

頂点　の時刻　での状態値

頂点間の結合強度

全頂点数

ネットワークの隣接行列の　　　成分

i t

(i, j)

今回用いた値

＊WSモデル[3]

初期値 : x0(0) = 0.1 x19(0) = 0.67から まで0.03刻み

・拡張1次元格子　　　  から枝を確率　　　　　でランダムに繋ぎかえていく　　　　(p = 0) 0  p  1

類推精度が上がる

の影響を受けているX
X Y

XX YY

・枝が張っている頂点間は両方向に結合

直接結合する頂点間に関して十分な時系列長4000を用いて 
Cross Mappingした際に得られる相関係数の平均値

推定精度は枝つなぎ変え確率を 
変化させても変わらない

・p=0.95

隣接行列と時系列長4000のときの 
相関係数行列の赤くなっている部分は一致している

決定論的かつ非線形な力学系に関しての因果関係を検出・推定する方法として 
Convergent Cross Mapping(CCM)という手法が提案されている[1]

今回は，複雑な結合をするネットワークに関してCCMを適用した

・結合ロジスティック写像を用いたWSモデルに関してCCMを適用
・ネットワーク構造が異なっても因果関係の推定精度には影響がない

[3] Duncan J Watts and Steven H Strogatz, “Collective dynamics of ‘small-world’networks” , nature, Vol.393, No.6684, pp.440, 1998.

＊結合ロジスティック写像[4]

[3]p = 0 p = 1

・クラスタ係数と平均頂点間距離

↵ = 3.75, ✏ = 0.05

頂点数： N = 20
k = 4平均次数：
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p)
/C
(0
),
 L
(p
)/
L(
0)

p

L(p)/L(0)
C(p)/C(0)

正しく推定できている

・埋め込み次元を変化させたときの次数と相関係数の関係

今後の方針

・次数が高い頂点ほど相関係数が低くなる

6

E = 2 ⌧ = �1埋め込み次元： 時間遅れ：

相
関
係
数

時系列長

から　の類推XY

から　の類推X Y

相
関
係
数

時系列長

から　の類推XY

から　の類推X Y

Cross Mapping

Cross Mapping

Cross Mapping

1 2 3 75 84 6 9

Y (t)

X(t)

X(t) ! Y (t)・

この値を類推したい

x(5)

x(1)

埋め込み(2次元)

近傍点を探す

埋め込み空間内で距離が近い順に 
重みを大きくする

挙動が似通っている時刻に対応する 
値に大きな重みがかかる

1 2 3 75 84 6 9

Ŷ (t)

t

t
t

Xt

Xt+⌧

(i)

(ii)

(iii)

無相関

X YCross Mapping

Cross Mapping

無相関

相
関
係
数

時系列長

から　の類推XY

から　の類推X Y

(iv) 評価
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・WSモデルの枝つなぎ変え確率と推定精度の関係
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community random

ρ

・コミュニティ構造の有無による推定精度の差

コミュニティ構造の有無は 
推定精度には影響を与えない

・コミュニティ構造の有無は因果関係の推定精度には影響を与えない

・実データにCCMを適用するにあたって，ノイズの影響も調査する
・相関係数の上昇が有意であるのか統計的な検定が必要

・他の因果性解析手法についても調査し，比較する
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TECの変動と大規模地震の関係性の調査
東京理科大学 池口研究室 B4 石崎一輝

TEC(Total Electron Content) 
→ 電離層の電子密度

3.TECの変動

論文”GNSS ionospheric seismology: Recent 
observation evidences and characteristics” の紹介

東京理科大学 池口研究室 学部4年 石崎 一輝
1.電離層とTECデータ

参考文献

2.TECの算出方法

4.まとめ
電離層の解析により，
地震の発生源範囲や規模を推定したい

3.強い地震に対する電離層異常

[2] 日置幸介, 菅原守, 大関優, 岡崎郁也, 測地学会誌, Volume 56, pp.125-134, 2010  

[1] Jin, Shuanggen, Occhipinti, Giovanni and Jin, Rui, Earth-Science Reviews, Volume 147, pp.54-64, 2015  

高清水

震央

・TEC(Total Electron Content) 
→電離層の全電子数

電離層

地球

TEC
受信機

GPS衛星

・東日本大震災(2011/03/11)

時間により3つのピークが見える． 
電離層の影響は余震や津波にも関連． 

TECの乱れは0 - 500kmを離れると急激に減少 [1]

本震前に 
TECの乱れ [1]

強い地震の 
前兆？？

2周波のデータを計算することで， 
TECデータが求められる．

GPS f1(1.56Hz), f2(1.2Hz) 
の2周波

現状報告

石崎一輝

2018年 9月 10日

1 電離層と TEC

1.1 TECの算出方法
1.1.1 搬送波位相

Li
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) − λ(bi
1,j + N i

1,j) + ϵi
L,1,j

Li
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) − λ(bi
2,j + N i

2,j) + ϵi
L,2,j

1.1.2 擬似距離

P i
1,j = ρi

0,j − di
ion,1,j + di

trop,j + c(τ i − τi) + di
1 + d1,j + ϵi

P,1,j

P i
2,j = ρi

0,j − di
ion,2,j + di

trop,j + c(τ i − τi) + di
2 + d2,j + ϵi

P,2,j

1.1.3 STEC

STEC =
f2
1 f2

2

40.28(f2
1 − f2

2 )
(L1 − L2 + λ1(N1 + b1) − λ2(N2 + b2) + ϵL)
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TECの大幅な乱れを 
見ることができる [1]
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通常日
2018/10/08

北海道胆振東部地震
2018/09/05

M 6.7

東日本大震災
2011/03/11

M 9.0 

地震の前後に 
大きな変動

大きな変動は 
見られない

一つの衛星でだけ 
大きな変動が 
見られた

参考文献TECの変動，分散などの情報と 
地震やマグニチュードとの 
関係性を発見したい

[1] J.Shuanggen, O.Giovanni and J.Rui, GNSS ionospheric seismology: Recent observation evidences andcharacteristics, 
 Earth-Science Reviews, Vol. 147, pp. 54‒64, 2015
[2] 日置幸介，菅原守，大関優，岡崎郁也，GNSS-TEC 法でみる地震と火山噴火, 測地学会誌，Vol. 56, pp. 125‒134, 2010

[3] Heki, K. and J.-S. Ping, Directivity and apparent velocity of the coseismic ionospheric disturbancesobserved with a dense GPS array,  
Earth and Planetary Science Letters, Vol. 236, pp. 845‒855, 
[4] 国土交通省　国土地理院　電子基準点データ提供サービス 
http://terras.gsi.go.jp/

論文”GNSS ionospheric seismology: Recent 
observation evidences and characteristics” の紹介

東京理科大学 池口研究室 学部4年 石崎 一輝
1.電離層とTECデータ

参考文献

2.TECの算出方法

4.まとめ
電離層の解析により，
地震の発生源範囲や規模を推定したい

3.強い地震に対する電離層異常

[2] 日置幸介, 菅原守, 大関優, 岡崎郁也, 測地学会誌, Volume 56, pp.125-134, 2010  

[1] Jin, Shuanggen, Occhipinti, Giovanni and Jin, Rui, Earth-Science Reviews, Volume 147, pp.54-64, 2015  

高清水

震央

・TEC(Total Electron Content) 
→電離層の全電子数

電離層

地球

TEC
受信機

GPS衛星

・東日本大震災(2011/03/11)

時間により3つのピークが見える． 
電離層の影響は余震や津波にも関連． 

TECの乱れは0 - 500kmを離れると急激に減少 [1]

本震前に 
TECの乱れ [1]

強い地震の 
前兆？？

2周波のデータを計算することで， 
TECデータが求められる．

GPS f1(1.56Hz), f2(1.2Hz) 
の2周波
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・汶川地震(2008/5/12)

本震後に 
TECの大幅な乱れを 
見ることができる [1]

1. 電離層とTECデータ
電離層は地震，火山， 
太陽などの自然現象や 
ミサイルなどの人為的事
象によって影響を受ける

2. TECの算出方法
TEC =

f2
1 f2

2

40.28(f2
1 � f2

2 )
(L1 � L2 + �1N1 � �2N2 + ✏)

L

�

N

✏

搬送波位相[m]

搬送波位相における固定バイアス

搬送波波長[m]

GPS衛星及び受信機における観測誤差[m]
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時系列

Ikeguchi Laboratory 2018(p. 178 / 190)



“Mathematical modeling of heterogeneous electrophysiological responses  
in human β-cells” の追試

東京理科大学 池口研究室 M1 笠原宏太朗

ISK = gSK
([Ca2+ ]mem)5.2

KSK
5.2 + ([Ca2+ ]mem)5.2 (V − VK)

IBK = gBKmBK(−ICaL − ICaPQ − ICaT + 20)(V − VK)

IKv = gKvmKv(V − VK)

IKATP = gKATP
1

1 + [ATP] (V − VK)

Cm
dV
dt

= − (ISK + IBK + IKv + IHERG + IKATP + ICaL + ICaPQ + ICaT + INa + IGABAR + Ileak)

ICaL = gCaLmCaL,∞(V)hCaL(V − VCa)
ICaPQ = gCaPQmCaPQ,∞(V)(V − VCa)

ICaT = gCaTmCaT,∞(V)hCaT(V − VCa)

INa = gNamNa,∞(V)hNa(V − VNa)

Ileak = gleak(V − Vleak)

電流 透過イオン 依存性
ISK K+ Ca2+

IBK K+ Ca2+, 電位
IKv, IHERG K+ 電位

IKATP K+ ATP
ICaL, ICaPQ, ICaT Ca2+ 電位

INa Na+ 電位
IGABAR Cl- なし

K+

Ca2+

Na+

リーク

膵β細胞の膜電位Vのダイナミクス

K+電流 Ca2+電流

Na+電流，GABAA受容体仲介電流，リーク

膵β細胞膜を透過するイオン

mx, hx: 電位依存性チャネルの活性変数, 不活性変数

[1] M. Riz, et al.,  
      “Mathematical modeling of heterogeneous electrophysiological responses  
      in human β-cells,” PLoS computational biology, 10(1), e1003389, 2014. 

IGABAR = gGABAR(V − VCl)
IHERG = gHERGmHERGhHERG(V − VK)

Cl-

阻害するチャネル 膜電位の時系列 チャネルの役割

なし (通常のバースト)
  Ca2+の流入→膜電位の上昇 

K+の流出→膜電位の下降

CaLチャネル 
(L型電位依存性Ca2+チャネル)

バーストの生成 
(インスリン分泌を制御)

CaPQチャネル 
(L型電位依存性Ca2+チャネル)

発火数の抑制、振幅の増大 
(インスリン分泌量を調節)

KATPチャネル 
(ATP感受性K+チャネル)

バーストの生成 
(インスリン分泌を制御)

SKチャネル 
(smallコンダクタンスCa2+感受性K+チャネル)

発火数の抑制、振幅の増大 
(インスリン分泌量を調節)

BKチャネル 
(bigコンダクタンスCa2+感受性K+チャネル)

発火数の抑制、振幅の減少 
(インスリン分泌量を調節)

Na+チャネル 振幅の増大 
(インスリン分泌量を調節)
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1. Rizモデル [1]

4. 参考文献3. まとめ
・多くのチャネルを考慮したRizモデルを紹介
・CaL、KATPチャネルがインスリン分泌を制御

2. 追試結果

・その他のチャネルはインスリン分泌量を調節
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5.まとめ

東京理科大学工学部経営工学科  池口研究室　B4  宮 南風
STDP学習の適用条件を変化させた際の調査

1.研究背景
• 現在，ヒトの脳の構造や仕組みの研究は行われているが，詳しく明らかになっていない 
• ヒトは思考や記憶を学習(learning)をすることで，最適化して(成長して)いく 
• ヒトの学習はニューロン間の情報伝達の時間と頻度に依存することが報告されている[1]

2.STDP学習則

�wij =

�
A+ exp(� ti � tj

� ) (ti � tj > 0)

�A� exp(
ti � tj

� ) (ti � tj < 0)

よく使う枝は増強，使わない枝は減退させる
ニューロン　,    間の結合強度　   を情報伝達(発火)間隔から増強/減退を行うi j wij

�wij

�
A+, A�

ti, tj

: 結合強度の変化量 
: 結合強度の最大変化量(グラフ切片) 
: 減衰時定数 
:       番目のニューロン発火時刻i, j

A+ exp(� ti � tj
�

)

�A� exp(
ti � tj

�
)

o

ti � tj

�wij

A+

�A�

=発火時刻差

=変化量[1][2]

シナプス前ニューロン

シナプス後ニューロン
伝達の方向

4.結果 興奮性:抑制性=2:3
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学習時間 結合強度の頻度分布
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興奮性:抑制性=4:1
抽出されたネットワーク学習後ネットワーク 抽出されたネットワーク学習後ネットワーク

[1] Bi G. Q. and Poo M. M., “Synaptic modifications in cultured hippocampal neurons; dependence on spike timing, synaptic strength, and postsynaptic cell type,”  
   The Journal of Neuroscience, No.8, Vol.18, pp.10464‒10472, 1998. 
[2]  Izhikevich E. M. “Polychronization:computation with spikes.” Neural computation No. 18, Vol.2, pp.245‒282, 2006. 
[3]  加藤秀行, 池口徹. “STDP 学習により形成されるニューラルネットワークの複雑構造解析.” 電子情報通信 学会論文誌 A, No.92, Vol.2, pp.94‒104, 2009.

参考文献

興奮性/抑制性の比率を変化させることで結合強度の頻度分布の偏りに大きな違いが見られ，これらは発火率に影響を受けているようだった 
抽出されたネットワークの次数分布やクラスタ係数値は比率や学習時間の変化で違いが見られた 
枝を除去する基準などに現状平等性がないので，見直す必要がある

情報伝達に有効に使用された枝のみのネットワークを抽出する3.実験条件
STDP 
学習則

ニューロン1個あたり100個と  
偏りなくランダム結合した 
ネットワーク(1000個)

結合強度が変化
(枝の重み)

ニューロン1個あたり100個と  
ランダム結合した学習後の 
ネットワーク(1000個)

強い結合強度を 
持つ枝のみ抽出[3]

抽出されたネットワーク 
（学習後）
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興奮性*/抑制性**ニューロンの存在比 
学習(結合強度を変化させる)時間 を変化させて学習

 *興奮性ニューロン : 情報伝達を行う　 
**抑制性ニューロン : 過度な情報伝達を制御 

生理学的に 
興奮性:抑制性 = 4:1  
が妥当とされる

wij/wmax > W
wij/wmax � W

W = 0.8

: 枝を残す 
: 枝を削除

wmax : 結合強度の最大値
(閾値)

縦軸　　 ,横軸　  縦軸 　　,横軸　  p(k) k p(k) k
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最近傍法での採用率の高い枝を選択する改良2-opt法
東京理科大学　池口研究室B4　木澤舞

TSP(traveling salesman problem)
全ての都市をちょうど一回ずつ訪問し最後に最初の都市に 
戻ってくる巡回路のなかで最短のものを求める

最近傍法での採用率の高い枝ほど 
最適解に含まれていることが多い

最適解を構成する枝のうち構築法で採用された枝の割合

問題 構築法 採用率
100% 80%以上 60%以上 40%以上 20%以上 1回以上

st70
最近傍法 30.0% 50.0% 54.3% 62.9% 74.3% 90.0%

最近追加法 10.0% 20.0% 22.9% 27.1% 35.7% 75.7%

eil101
最近傍法 25.7% 66.3% 66.3% 73.3% 77.2% 97.0%

最近追加法 5.9% 18.8% 24.8% 31.7% 36.6% 85.1%

a280
最近傍法 11.8% 66.8% 72.5% 82.5% 85.0% 98.6%

最近追加法 6.0% 23.9% 29.6% 33.2% 35.0% 90.7%

pr1002
最近傍法 26.7% 60.5% 66.8% 73.8% 77.4% 93.7%

最近追加法 11.1% 24.0% 24.5% 25.2% 26.5% 78.2%

eil101 [2]

問題 2-opt法 誤差率 計算時間(s)
最小値 最大値 平均値 最近傍法 枝の集計 2-opt

st70
通常 2.4% 15.9% 7.3% 0.11
改良 1.8% 15.9% 7.1% 0.09 0.25 0.24

eil101
通常 3.0% 11.8% 6.8% 0.20
改良 2.1% 11.6% 6.7% 0.14 0.46 0.51

a280
通常 3.7% 14.0% 7.8% 2.09
改良 2.4% 13.0% 7.6% 1.11 5.75 5.42

pr1002
通常 4.9% 11.6% 8.1% 114.65
改良 5.2% 11.5% 8.0% 25.54 236.11 291.91

最近追加法 [1]

最近傍法 [1]
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101回採用された枝の数：29 
そのうち最適解に含まれる枝の数：26 (89.7%) 

100回採用された枝の数：8 
そのうち最適解に含まれる枝の数：7 (87.5%)
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101回採用された枝の数：8 
そのうち最適解に含まれる枝の数：6 (75.0%)

100回採用された枝の数：7 
そのうち最適解に含まれる枝の数：4 (57.1%)

 0

 10

 20

 30

 40

 50

 60

 70

 80

 0  10  20  30  40  50  60  70  80

 0

 10

 20

 30

 40

 50

 60

 70

 80

 0  10  20  30  40  50  60  70  80
 0

 20

 40

 60

 80

 100

 0

 10

 20

 30

 40

 50

 60

 70

 80

 0  10  20  30  40  50  60  70  80
 0

 20

 40

 60

 80

 100

2-opt法
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[2] TSPLIB, http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/ (最終閲覧日:2018 年 5 月 3 日)

[1] 山本芳嗣,久保幹雄,巡回セールスマン問題への招待,朝倉書店,1997.

まとめ・今後の課題
誤差率の平均値が0.1%～0.2%ほど改善された 
今後はより誤差率を低くしていきたい

都市数分の解を構築し 
各枝の採用回数を集計 

得られた枝が最適解を構成 
する枝であるかを調査

2 つの枝を選択しルートを 
入れ替えることで解を改善

改良2-opt法
組み替え前の枝　組み替え後に取る枝組み替え前の枝と組み替え後に取る枝の最近傍法での採用率を比較

組み替え前の枝のほうが採用率が高いとき、組み替えを行わない

採用回数
都市数　

採用率　

AjAi

Ai+1Aj+1

Ai+1Ai

AjAj+1

Ai

AjAj+1

Aj

Ai+1Aj+1

最適解を構成する枝のうち構築法で採用された枝の

採用率100%の枝の数 最適解に含まれる枝の数

23 21 (91.3%)

9 7 (77.8%)

29 26 (89.7%)

8 6 (75.0%)

37 33 (89.2%)

17 17 (100.0%)

298 268 (89.9%)

121 111 (91.7%)

採用率100%の枝のうち最適解に含まれる枝の数　　　　　　　　

i j 

j+1 i+1

i

i+1j+1 

j 

i

i+1j+1 

j 

i j 

j+1 i+1

i

i+1j+1 

j i j 

j+1 i+1

最近傍法で選ばれた回数の 
多い枝を優先して解の探索を行う
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例：図から実際にDETを計算

時系列の性質を可視化する手法 
本研究では，各時間窓間の相関関係を
可視化する．

P (1) = 8 P (2) = 4 P (4) = 2

lmin = 2 DET =
16

24
= 0.75

DET 大きい
DET 小さい

決定論性高い
決定論性低い

窓

窓

窓

窓

の例

の例

3．Recurrence plot と決定論性の指標DET [2]

Ri,j =

�
1 (D(i, j) < �)

0 (otherwise)

池口研究室 修士1年 山本紘平
制約付きランダムシャッフルサロゲートデータを用いたマーク付き点過程データの解析法について

1．報告内容
　マーク付き点過程データに対し，決定論性がどの程度持続するのかを調
査するため，制約付きランダムシャッフルサロゲートデータを用いた手法
を提案する．また，提案手法をLorenz方程式，Rössler方程式から生成し
たマーク付き点過程データに対し適用した結果を報告する．

dx
dt

= − σx + σy

dx
dt

= − xz + rx − y

dz
dt

= xy − bz

・Lorenz方程式 ・Rössler方程式
dx
dt

= − y + z

dx
dt

= x + ay

dz
dt

= b + xz − cz
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系列が一致するまでにかかったコストの合計を系列間の距離と定義する．

2．マーク付き点過程間の類似度

時間方向への 
移動コスト

マーク方向への 
移動コスト

イベントの 
挿入/削除コスト

D(i, j) = min

� �

(m,n)�C

�
�t|ti(m) � tj(n)| + �S |Si(m) � Sj(n)|
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[1]・マーク付きSpike Train Metric

挿入/削除コスト 
3
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4．結果

Lorenz
r = 45.92,σ = 16.0,b = 4.0

λ1 = 2.16
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Roessler
a = 0.15,b = 0.20,c = 10.0

λ1 = 0.13
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Roessler
a = 0.20,b = 0.20,c = 5.7
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各方程式に対するパラメータ
設定と最大リアプノフ指数 リターンマップ 時系列信号 Recurrence plot 制約付きランダムシャッフル 

サロゲートデータ 最大リアプノフ指数との関係

5．まとめ

[1]  S. Suzuki, Y. Hirata, and K. Aihara. Definition of distance for marked point process data and its application to recurrence plot-based analysis of exchange tick data of
      foreign currencies. International Journal of Bifurcation and Chaos, Vol. 20, No. 11, pp. 3699–3708, 2010. 
[2]  N. Marwan, MC. Romano, M. Thiel, and J. Kurths. Recurrence plots for the analysis of complex systems. Physics reports, Vol. 438, No. 5, pp. 237–329, 2007.

[3]  池口徹, 山田泰司, 小室元政. カオス時系列解析の基礎と応用. 合原一幸. 産業図書. 2002.

・時系列信号を時間窓に分割し，時間窓間の距離をMSTMを用いて計算した．作成した距離行列をRPにて2値化し，制約付きランダムシャッフルサロゲートデータを生成
した．これからDETを計算し，リアプノフ指数と比較を行なった結果，DETの減少速度と対応があることが示唆された． 
・分割する時間窓長，RPの濃度に強く影響を受けるため，対応を追加調査する．

[4] M.Sano, and Y.Sawada. Measurement od the Lyapnov Spectrum from a Chaotic Time Series. Physical review letters. Vol. 55, No. 10, pp. 1082—1085, 1985.
[5] A.Wolf,  B.Swift, H.L.Swinney, and J.A.Vastano.Determining Lyapunov Exponent from a Time Series. Physics D. Vol. 16, No. 3, pp. 286—317, 1985.
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カオスMIMOシステムにおける信号パターン数の定量的な評価
東京理科大学 池口研究室  山崎凌 非線形ワークショップ 2018/12/15

研究背景
送信信号QPSK
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01

規則的にビット 
を割り当てる

秘匿性がない

研究目的
b

a

ランダムに配置することで 
秘匿性を付加

カオスMIMOシステム[1,2]
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b

a

信号時系列でビットを判別

カオスMIMOシステム[1,2] 
の変調部の数値解析

改良手法の提案

s = a + jb
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従来カオスMIMOシステムのコンスタレーション
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改良カオスMIMOシステムのコンスタレーション

信号点が重なってしまっている 信号点がばらけて配置している
信号のパターン数は 28 = 256

0100101101001011

信号の生成に4ビットのみ用いる

　　　　パターンしか 
生成されない

24 = 16

信号の生成に全てのビット用いる

      パターン 
全て異なる信号

256

信号のパターン数は 28 = 256

信号パターン数の 
解析を行う

信号パターン数の定量的評価
頻 
度

距 離

分布間の面積の総和

A =

� �

0

|Ps(z) � Pr(z)|dz,

Ps(z) � Pr(z)

Ps(z) � Pr(z): C-MIMOシステムの信号の 
累積確率密度関数

: 乱数から生成した信号の 
　累積確率密度関数

提案法の方が乱数に近い

従来法 改良法

A = 0.0188174 A = 0.0020653
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分布の形が異なっている
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まとめ 参考文献
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[2]  E. Okamoto and N. Horiike, IEICE Communications Express, Vol. 5, No. 10, pp. 371--377, 2016.

C-MIMOシステムの信号間の距離から 
信号パターン数を評価できた
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XORによる後処理がカオス乱数の性能に与える影響 

NIST検定[2]
番号 検定項目 検定内容

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

2 ブロック単位の頻度検定 あるブロック長に対して，1の出現確率が1/2に近いかどうかを検定

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

4 連の検定 連続した1の数（連）を検定

5 ブロック単位の最長連検定 あるブロック長に対して，最長の連を検定

6 2値行列ランク検定 数列全体の互いに疎な行列のランクを検定

7 離散フーリエ変換検定 周期性の調査のため，数列の離散フーリエ変換によるピークの高さを検定

8 重なりのないテンプレート適合検定 あらかじめ用意されたビット列（テンプレート）の出現回数を検定 
（重なりなし）

9 重なりのあるテンプレート適合検定 あらかじめ用意されたビット列（テンプレート）の出現回数を検定 
（重なりあり）

10 マウラーのユニバーサル統計検定 数列内で一致するパターンを検出し，圧縮することができるかを検定

11 近似エントロピー検定 あるビット長の出現パターンの頻度を検定

12 ランダム偏差検定 累積和ランダムウォークでK回訪れるサイクル数を検定

13 種々のランダム偏差検定 累積和ランダムウォークで特定の状態を訪れる回数の合計を検定

14 系列検定 あるビット長の全ての重複ビットパターンの出現頻度を検定

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

[2] A.Rukhin, J.Soto, J.Nechvatal, M.Smid, E.Barker,S.Leigh, M.Levenson, M.Vangel, D.Banks, A. Heckert,J.Dray, S.Vo, “A statistical Test Suite for Random and Pseudorandom Number Generators for Cryptographic Applications,’’  
     National Institute of Standards and Technology, Special Publication 800-22, 2010.

[1] 石田邦昭, 常田明夫, 井上高宏. “有限ビット演算によるカオス的系列の性質”, 電子情報通信学会技術研究報告. CAS, 回路とシステム 98.140 (1998): 9-14.
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カオス乱数
長期予測が不可能とされる 
カオスダイナミクスの応答
を元に生成した乱数 1110111101000101…
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X(
t)

t

θ

整数ロジスティック写像[1]

N 数値計算精度 bxc     を超えない最大の整数x

ロジスティック写像 (式(1)) を拡張して式(2)へ

(1)xt+ 1 = 4xt(1 − xt) × 10N ( Xt = 10N × xt )

(2)Xt+ 1 = ⌊4Xt(10N − Xt)10−N⌋

No.

目的 カオス乱数同士にXORを施すと 
乱数の性能は向上するかを調査する
1 1 0 1 0 0 1 1 1 1

0 1 0 0 1 0 0 1 1 0

1 0 0 1 1 0 1 0 0 1

⊕

←

乱数1
乱数2

乱数3

結果
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N = 16 N = 17 N = 18 N = 19 N = 20

実験
過渡状態 乱数1 乱数2

0 ≤t ≤100,000 100,000 < t ≤230 + 100,000 230 + 100,000 < t ≤231 + 100,000
数値計算精度 16 ≤N ≤20 (ΔN = 1)
初期値 0.01 × 10N ≤X0 ≤0.49 × 10N (ΔX0 = 0.01 × 10N, X0 ≠ 0.25 × 10N)

t 時間

NIST検定に必要な乱数長の2倍の乱数を作成

乱数1と乱数2，それらにXOR処理を施して生成した乱数3を 
NIST検定で性能評価． 計 720 ( = 5 × 48 × 3) パターン

考察
XORによる乱数性能向上の効果は薄い．

のとき，XORによって合格数が著しく低下する．N = 16
性能の良い乱数同士のXORは，効果が見られない．
片方の乱数の性能が良ければXORによる性能向上は見られる．
頻度検定に不合格となる乱数同士でのXORは性能向上なし．

P(i)
0 : 乱数1の0が出る確率

P( j)
0 : 乱数2の0が出る確率

SXOR = − 2(1 − P(i)
0 − P( j)

0 ) + 1 − 4P(i)
0 P( j)

0
       は，0と1の出現確率が1/2に 
近いほど，0付近をとる．
SXOR

二つの乱数列の0が出る 
出現確率の偏りを表す．
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■ 出力 
　 出力が0.5以上のとき発火とする

■ 発火率調整 
　 前イタレーションでどのニューロン　も発火しなかったら発火を促進する

■ 不応性効果 
　 一度発火したニューロン　はしばらくの間発火しにくくなる

■ 利得効果 
　 目的関数値が改善されるほどニューロン　が発火しやすくなる

❶ シュタイナー木問題

❷ 局所探索法 [1]

❹ 数値実験

❸ カオスニューラルネットワーク [2-4]

参考文献
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⇣i(t + 1) = �↵
t�1X

d=1

kdxi(t � d) + ✓

⇠i(t + 1) = �(C(t) � Ci(t))

⌘i(t + 1) = �W

|V |X

l=1

xl(t) + W

xi(t + 1) = f{⇠i(t + 1) + ⇣i(t + 1) + ⌘i(t + 1)}

�

C(t)

Ci(t)

：利得効果の調整パラメータ
：時刻　での現在解の重み
：時刻　での近傍解の重み

t

t

↵

k

✓

xi(y)

：不応性効果の調整パラメータ
：減衰パラメータ
：時刻　でのニューロン　の出力
：バイアス

t i

W ：結合荷重

：ニューロンの活性化関数 (シグモイド関数)f

■ 実験条件
・Steinlib [7] のベンチマーク問題C (20小問)を使用 
・シュタイナー木の根は必須点からランダムに選択 
・初期解はShortest path heuristic [8] で構築 
・カオスサーチのパラメータは 
　 
・発火率は 
　発火したニューロン数 / 実行可能解に対応したニューロン数 
・目標発火率になるように小問ごとに　を調整 
・目標発火率との許容誤差率を0.001，0.01，0.1，1，2%に設定 
・イタレーション数上限は1,000回 
・小問ごとに50回計算し，平均値を比較

■ 実験結果

小問名 0.001 0.1 2.0
c01 1.98 1.97 1.97
c02 1.82 1.79 1.37
c03 1.92 1.94 1.55
c04 1.98 1.97 1.34
c05 2.06 2.06 2.49
c06 1.80 1.80 1.31
c07 1.77 1.80 1.24
c08 1.91 1.91 2.11
c09 2.29 2.28 2.63
c10 2.68 2.68 2.99
c11 2.02 2.01 2.25
c12 1.98 2.01 1.94
c13 2.57 2.57 3.00
c14 3.22 3.23 3.39
c15 4.83 4.84 4.84
c16 3.79 3.81 3.86
c17 4.12 4.12 4.15
c18 6.70 6.71 6.69
c19 6.84 6.86 6.78
c20 7.27 7.28 7.00
平均値 3.18 3.18 3.15

目標発火率2.0%のときの実際発火率

■ 実験目的
カオスサーチは平均発火率が10~20%のときに性能向上 
例：巡回セールスマン問題 [2]， 
　　二次割当問題 [5]， 
　　配送計画問題 [6] など 
→シュタイナー木問題でも同様の傾向があるか？

□ c01

□ c20

[1] E. Uchoa and R. F. Werneck, ACM J. of Experimental Algorithms, vol. 17, no.2, article 2.2, 2012. 
[2] M. Hasegawa, T. Ikeguchi and K. Aihara, Neural Networks, vol. 15, pp. 271-283, 2002. 
[3] M. Fujita, T. Kimura and T. Ikeguchi, in Proc. of MIC2017, pp. 834-836, 2017. 
[4] M. Fujita, T. Kimura and T. Ikeguchi, in Proc. of NOLTA2017, pp.712-715, 2017. 
[5] M. Hasegawa, T. Ikeguchi, K. Aihara and K. Itoh, Euro. J. of Oper. Res., vol. 139, no. 3, pp. 543-556, 2002. 
[6] 星野聖, 木村貴幸, 池口徹, 電子情報通信学会論文誌A, vol. 90, no. 5, pp. 431-441, 2007. 
[7] T. Koch, A. Martin and S. Voss, in Steiner trees in industry, Springer US, pp. 285-325, 2001. 
[8] H. Takahashi and A. Matsuyama, Math. Japonica, vol. 26, no. 6, pp. 572-577, 1980.

カオスダイナミクスを用いたシュタイナー木問題の解法について
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目的

グラフ距離を用いた実ネットワークの解析
東京理科大学　池口研究室　M0　毛福佳

ラプラシアン行列

ネットワークの解析結果

生物ネットワーク

実ネットワーク間の距離 楽曲間の距離

ネットワーク間の距離がネットワークを適切に評価できる場合， 
 　　　 のとき距離が一番小さい

実ネットワーク[2][3][4][5][6][7][8][9][10]は生物学および技術
ネットワークとソーシャルネットワークに分類されている．

ソーシャルネットワーク 技術ネットワーク

距離によって分類する

ネットワーク間
の距離[1]

距離を計算し 
ネットワーク 
を分類する

技術
生物

ソーシャル

ネットワーク間の距離

多次元尺度法

L = D − A

H = I − 1
n

11T

K = VΛVT

X = sqrt(Λ)VT

d(Gi, Gj) ≡ 1
Mij − 1

Mij

∑
r= 2

d′�(ρ(i)
r , ρ( j)

r ) d′�(ρ(i)
r , ρ( j)

r ) = ∫
∞

−∞
|ϱ(i)

r (y) − ϱ( j)
r (y) |dy

今後の課題

WSモデル間の距離

p = p0

無向グラフのみだけではなく， 
有向グラフへも対応させる．

：ネットワークの次数行列 
：ネットワークの隣接行列

D
A

K = − 1
2 HYH

　ネットワーク　　  のラプシアン 
　行列の固有ベクトルの累積分布Mij

Gi Gj

d′�(ρ(i)
r , ρ( j)

r )

： ネットワーク   ，i j

：    と   頂点数が小さい方の頂点数Gi Gj

:  固有ベクトルの累積分布の距離 山手線の各駅同士の直線距離

多次元尺度法を適用した結果 実際の山手線の駅分布

分類できる？ 結果

ϱ(i)
r (y) Gi

r

Gj

　ネットワーク　　  のラプシアン 
　行列の固有ベクトルのインデクス

Gi Gj

ϱ( j)
r (y)：

：

固有ベクトルの累積分布の距離の例固有ベクトルの累積分布の例

Ld(Gi, Gj)

同じ種類の音楽が適切に分類されている．

ネットワーク構造の時間的変化を 
検出し，構造の推移を予測する．

対象間の類似度を視覚化することで 
データに潜む空間構造を描き出す．

ラプラシアン行列を求める例

①中心化行列を計算する

③行列  の固有値分解を行う

②距離行列  からカーネル行列  を計算するY K

K

④出力の座標行列  を求めるX

■ラプラシアン行列の計算方法
■ネットワーク間の距離の計算方法 ■固有ベクトルの累積分布の距離の計算方法

■多次元尺度法の目的

■多次元尺度法の適用方法

■ネットワーク間の距離の拡張

■ネットワーク間の距離の応用

参考文献

-0.06

-0.04

-0.02

 0

 0.02

 0.04

 0.06

 0.08

-0.06 -0.04 -0.02  0  0.02  0.04  0.06  0.08  0.1  0.12

    moonlight 

    riverFlowsInYou 
    cannon 

    fancyFlowerNecromancy 

    summer 

    loveCirculation 

    toAlice 

    jingleBells 

    twinkleTwinkleLittleStar 

    theButterflyLovers 

    jasmineFlower 

classic
anime

nursery
folk

-0.15

-0.1

-0.05

 0

 0.05

 0.1

 0.15

 0.2

-0.2 -0.15 -0.1 -0.05  0  0.05  0.1  0.15  0.2

  LesMis

  Metabolic

  PGP

  Word  Dolphin

  Email

  Karate

  Neural   Powergrid

  Yeast

  1-Dim.lattice

  WS(p=0.05)

  WS(p=1) 
  BA

biological-technology
social

artificial

イルカのネットワーク 空手クラブの人間関係 小説の登場人物の関係図

Ikeguchi Laboratory 2018(p. 186 / 190)



受賞，その他

Ikeguchi Laboratory 2018(p. 187 / 190)



池口 徹教授，電子情報通信学会よりフェローの称号贈呈

Ikeguchi Laboratory 2018(p. 188 / 190)



藤田実沙(D2)，電子情報通信学会より学術奨励賞受賞

Ikeguchi Laboratory 2018(p. 189 / 190)



栗田いずみ(M2)，電子情報通信学会より学術奨励賞受賞

Ikeguchi Laboratory 2018(p. 190 / 190)


