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DESCRIPTION
METHOD AND PROGRAM FOR DETECTING CHANGE-POINT OF TIME-SERIES DATA,
AND METHOD AND PROGRAM FOR PREDICTING PROBABILITY DENSITY
DISTRIBUTION OF FUTURE TIME-SERIES DATA VALUES

Technical Field
[0001]

The present invention relates to a method and a program for detecting a change-point of
time-series data, and a method and a program for predicting a probability density distribution of
future time-series data values.

Background Art
[0002]

Various forms of time-series data are used today in a variety of fields. For example,
fluctuations in foreign exchange are used in international finance and stock prices and the like
are used in securities trading as time-series data. In addition, the management or the like of yield
ratio trends is performed in, for example, semiconductor manufacturing and other manufacturing
industries.

[0003]

Such time-series data are generally used to detect a change-point in a trend and to take
action and counter-measures in accordance with the change. For example, in transactions in
yen/dollar currency exchange, there is a need to detect trends in price movements, in particular
the point at which a trend has a major change, to appropriately correct trade policies. With such
time-series data, the estimation of long-term trends is done using the moving average of past
time-series data. A familiar example is yen/dollar trading, where exchange charts display
moving averages over a 25-day period, a 13-week period, or the like. A technique for applying a
random walk focusing on the moving average is broadly used in analyzing long-term trends of
such time-series data.

[0004]

However, in currency trading and the like, there are some cases where sharp price
movements over the short term due to the occurrence of an event such as when there is a
concentration of buy orders or sell orders linked to price movements. In such a case, it is
difficult to detect such steep changes in trend with only a random walk that focuses merely on
the moving average of past data. In other words, a moving average being an average for plural

past data, it is therefore impossible, when there is less of the most recent data compared to the
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parent set, to perceive steep changes in trends, even when applying a random walk and even
though the most recent data shows a major fluctuation.
[0005]

To solve the problem described above, the present inventors have proposed the
Potentials of Unbalanced Complex Kinetics (PUCK) model for detecting steep changes in time-
series data (Non-patent Document 1). In the PUCK model, changes in time-series data in
finance or other fields can be represented by the following Equation (1) with three elements: the
true market value P(t) at a time (t) (the "noise-reduced price"), the observation error of the
market price fy(t) at the time (t) (the "observation noise"), and the observed market price Y(t) at
time (t) ("best-bid," "best-ask," "mid-quote data," and the like).

[Equation 1]
re)=P@O)+fle) 0
[0006]

A "tick" refers to an event where a trading market experiences a fluctuation in the price
of a good to be traded due to a contract being approved. Accordingly, a single-tick period
signifies the time interval between the timing of a contract at a certain point in time and the
timing of the preceding contract. The number of ticks signifies the number of contracts approved
within a certain time period, i.e., the number of events that occur resuiting in a fluctuation in the
price of the good to be traded. Below, "(t)" represents a point in time when counts by the
number of fticks, or represents real-time. The PUCK model deals in fluctuations of the true
market price P(t) after the reverse correlation of the displacement of the scale of the number of
ticks has been removed. A fluctuation in the true market price during a single tick can be
represented by the following Equation (2).

[Equation 2]}

P P)=—2L ()R ) ) e @

where the first term on the right-hand side of the Equation (2) represents the degree of
contribution of the potential acting on a fluctuation in the true market price during a single tick,
and fp(t) in the second term on the right-hand side of the Equation (2) represents a fluctuation
error causing the true market price at time (t) to fluctuate. Further, b(t) is a potential coefficient
at time (t), M is the number of most recent data needed to estimate the corepof the price

fluctuation, and Py(t) is a core price of the price fluctuation estimated using the number M of
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most recent true market prices. The potential coefficient b(t) at time(t) in the Equation (2) is
empirically known to have a dependency relative to the number M of most recent data, and
decreases in proportion to {1/(M-1)}. Accordingly, in the Equation (2), the potential coefficient
b(t) at time (t) is multiplied by {1/(M-1)}, to avoid the dependency of the potential coefficient

b(t) at time (t) on the number M of most recent data.

[0007]
The core price Pu(t) is represented by the following Equation (3).
[Equation 3]
1 M-
Py(t)=~- Z Ple=h) =+ (3)
M 35
[0008]

When the Equation (2) is considered to be a random walk in a field where a linear
central force that changes at each moment is working, the potential coefficient b(t) at time (%) is
perceived as a-secondary and higher-order potential coefficient, and a potential W(q, t) on the
degree of contribution of the potential represented by the first term on the right-hand side of the
Equation (2) can be expressed by the following Equation (4).

[Equation 4]

W(gq.t )mfl’f@qi (K >2) e (9

where i is the order of the potential.

The absolute value of the average rate of the price fluctuation is proportional to the
magnitude of the slope of the tangent of the potential function. The expected direction of the
price fluctuation is the direction down the slope. Thus, to understand where on the potential
function the current market price is, it is necessary to calculate the divergence of the core price
and the true market price and to understand where on the potential function the market price is.

Further, when the Equation (4) is used, the Equation (2) can be rewritten with the

following Equation (5).
[Equation 5]
d
fﬁ*ﬂ“P@:*gJﬂ%Olpﬁgl4fﬂ) e (5)
S

[0009]
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As described above, the degree of contribution of the potential W(q, t) in the Equations
(4) and (5) is determined by the value of the potential coefficient by(t) at time (t). For example,
when, at time (t), the potential coefficient bi(t) = 0 in each order at time (t), then P(t+1) - P(t) =
fp(t), and only the fluctuation error component contributes to the price difference. On the other
hand, as the absolute value of the potential coefficient bi(t) in each order at time (t) increases, the
contribution of the potential W(q, t) increases. As aresult, it is known that a diffusion that is
faster or slower than a coefficient of diffusion calculated by the random walk model can be
quantitatively estimated as a function of the potential coefficient bi(t) in each order at time (t)
(below, this is also referred to as an anomalous diffusion). In particular, when the secondary
potential coefficient bo(t) <-2, the fluctuation of the market price is known to have already
deviated and spread from the moving average of the past data.

[0010]

The PUCK model is in this manner capable of expressing a short-term anomalous
diffusion as described above by considering the secondary and higher-order potential term. It is
thereby possible to detect an anomalous diffusion, such detection being unattainable by past
techniques using only a random walk.

Citation List

Non Patent Literature

[0011]

[Non-patent Document 1] Misako Takayasu et. al., "Econophysics Approaches to Large-Scale
Business Data and Financial Crisis,” Springer Japan, June 2010, pp. 79-98.

[Non-patent Document 2] Kenta Yamada, Hideki Takayasu, Takatoshi Ito and Misako Takayasu,
"Solvable Stochastic Dealer Model for Financial Markets," Physical Review E,79, Issue 5,
051120 (2009).

[Non-patent Document 3] Kazuyuki Nakamura and Tomoyuki Higuchi, "Recent Advances and
Applications of Bayesian Theory [1I]: Sequential Bayesian Estimation and Data Assimilation,"
The Journal of the Institute of Electronics, Information, and Communication Engineers, Vol. 92,
No. 12, pp. 1062-1067 (2009).

Summary of Invention

Technical Problem

[0012]

However, the present inventors have found that the above-described technique for
using the PUCK model has the following problems. In today's financial markets and the like,

with the introduction of high-speed automated trading using computer systems and the like, there
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is a need to quickly and accurately detect time-series data fluctuation indicating pricing.
However, in an ordinary PUCK model, estimating the potential coefficient bi(t) in each order at
time (t) requires that data for about 1,000 ticks be used to plot the values {P(t+1) - P(t)} and
{P(t) - Pm(t)} of the Equation (2) and derive a slope in scatter plot thereof using the least-square
method or the like to calculate the potential coefficient b(t) at time (t) (hereinafter, a set of the
potential coefficients bs(t) (2<i<K) in the respective orders is simply referred to as the potential
coefficient bj(t) unless otherwise noted). For this reason, until time-series data for about 1,000 is
collected after data sampling has begun, there is not yet enough, in practical use, to be able to
track steep changes in trends without substituting past information.

[0013]

Also, on the model, although the value of the potential coefficient b(t) at time (t) should
not depend on the number M of most recent data, it is not possible to ignore the effect by which
the appropriate range of the number M of most recent data for satisfying the Equation (2)
changes from observation varies for each time period, and the estimation of the potential
coefficient b(t) at time (t) has a large error, which is problematic. In light of this, it is a critical
task to sequentially search for a number M of most recent data that is optimal for fitting the
PUCK model.

[0014]

Further, in order to estimate the optimal true price P(t) at time (t), it has been necessary
to use all the data from approximately each day to separately update the calculation for the
weight of the approximately optimal moving average of a few number of ticks.

[0015]

The present invention has been made in light of the aforementioned sitnation, and it is
an object of the present invention to provide a method and a program for detecting a change-
point of time-series data, and a method and a program for predicting a probability density
distribution of future time-series data values.

Solution to Problem
[0016]

A first aspect of the present invention is a method for detecting a change-point in time-
series data, applying a particle filter method to a PUCK model for calculating a true market price
P(t) at a time (t) by the sum of a potential term and fluctuation error defined by the true market
price at a time (t-1) and a core price, which is the moving average of a number M (where M is a
positive integer) of true market prices until the time (t-1), comprising: a first step for obtaining a

probability density function for parameters of a later time than a group of particles having
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parameters representing the state of the PUCK model each having different values; a second step
for evaluating the degree of conformity of the true market price at the time (t) relative to the
market price observed at the time (t) for each of plural particles; and a third step for resampling
particles from the plural particles in accordance with the degree of conformity, wherein, in the
third step, a random number is generated, and the random number is compared with a first
predetermined value, wherein a probability density function comprising a probability density
distribution where the parameters representing the state of the PUCK model at the time (t) are
average values is generated as particles when the random number is greater than the first
predetermined value, and a probability density function comprising a uniform distribution is
generated as particles when the random number is less than the first predetermined value.
Thereby, it is possible to detect a change-point by calculating the potential coefficient, which
gives favorable trackability, and detecting changes in the potential coefficient, even when the
market price, which is the time-series data, experiences a steep change in the trend.

[0017]

A second aspect of the present invention is the method for detecting a change-point in
time-series data, wherein the probability density distribution where the parameters representing
the state of the PUCK model at the time (t) are average values is a normal distribution where the
parameters representing the state of the PUCK model at the time (t) are average values.
Thereby, it is possible to generate the probability density distribution precisely using the normal
distribution.

[0018]

A third aspect of the present invention is the method for detecting a change-point in
time-series data, wherein the true market price at the time (t+1) is calculated by adding the
potential term based on the PUCK model and a fluctuation error of the true market price at the
time (t). Thereby, it is possible to appropriately resample using the particle filter method.
[0019]

A fourth aspect of the present invention is the method for detecting a change-point in
time-series data, wherein, in the third step, a random number is generated for each of the
particles, and the random number is compared with the first predetermined value, where a
conditional probability density function for assuming M at the time (t) is generated as particles
when the random number is greater than the first predetermined value, and a probability density
function comprising a uniform distribution is generated as particles when the random number is

less than the first predetermined value. Thereby, it is possible to simultaneously apply the
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advancement of time not only to the potential coefficient but also to M, which indicates the
number of most recent time-series data, seen from the time (t).
[0020]

A fifth aspect of the present invention is the method for detecting a change-point in
time-series data, wherein the true market price at the time (t+1) is calculated by adding the
potential term and a fluctuation error of the true market price at the time (t). Thereby, it is
possible to precisely estimate the true market price at the time (t).

[0021]

A sixth aspect of the present invention is the method for detecting a change-point in
time-series data, wherein the market price observed at the time (t) is the sum of the true market
price at the time (t) and the observation error of the market price at the time (t). Thereby, it is
possible to precisely estimate the degree of conformity of the true market price at the time (t)
relative to the observed market price at the time (t).

[0022]

A seventh aspect of the present invention 1s the method for detecting a change-point in
time-series data, wherein the fluctuation error of the true market price at the time (t) and the
observation error of the market price at the time (t) are given by a probability density function in
accordance with a normal distribution or the like. Thereby, it is possible to precisely estimate
the true market price at the time (t) and the degree of conformity of the true market price at the
time (t) relative to the observed market price at the time (t).

[0023]

An eighth aspect of the present invention is a method for predicting a probability
density distribution of future time-series data values that calculates a true market price P(t) at the
time (t) at a time (t+N) by time advancement of the true market price P(t) at the time (t) based on
a potential coefficient of the potential term at the time (t) calculated by the method for detecting
a change-point in time-series data according to one of Claims 1 to 7, the value of M and a
fluctuation error of the true market price at the time (t). Thereby, it is possible to predict the
probability density distribution of future time-series data values using the PUCK model.

[0024]

A ninth aspect of the present invention is the method for predicting a probability
density distribution of future time-series data values, wherein when a total number of particles is
Np, a number specifying the particle is j (where j is an integer satisfying 1<j<Np), a potential
coefficient of the particle with the number j at the time (t) is b¥j(t) (where 1 is an integer of 2 or

more indicating an order of a potential), a fluctuation error of the true market price of the particle
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with the number j at the time (t) is 95(t), the true market price of the particle with the number j
at the time (t) is PG)(t), the true market price of the particle with the number j at the time (t+N) is
PY(t+N), a core price of the market price of the particle with the number j at the time (t) is
PG)M(t), and the value of M at the time (t) is M(t), the true market price PG}(H-N) of the particle

with the number j at the time (t+N) is represented by Expression:

[Equation 6]
_ Nl k| o) _ph) - ,
PO+ N)= PO()= 34 546 ()] 2 (M’Z)') ) ) B O
=0 |i=2 MY (1) -1

where K is an integer of 2 or more. Thereby, it is possible to precisely predict the probability
density distribution of future time-series data values using the PUCK model.
[0025]

A tenth aspect of the present invention is the method for predicting a probability
density distribution of future time-series data values, wherein a potential coefficient bP(t+1) of
the particle with the number j at a time (t+1) is calculated by advancement of time of the
potential coefficient b¥j(t) of the particle with the number j at the time (t). Thereby, it is possible
to precisely predict the probability density distribution of future time-series data values using the
PUCK model.

[0026]

An eleventh aspect of the present invention is a program for detecting a change-point in
time series data, in which a computer is used to execute the detection of a change-point in time-
series data in which a particle filter method is applied to a PUCK model for calculating a true
market price P(t) at a time (t) by the sum of a potential term and fluctuation error defined by the
true market price at a time (t-1) and a core price, which is the moving average of a number M
(where M is a positive integer) of true market prices until the time (t-1), wherein a computer is
used to execute a first processing for obtaining a probability density function of a parameter by
generating a group of particles having parameters representing the state of the PUCK model each
having different values, a second processing for evaluating the degree of conformity of the true
market price at the time (t) relative to the market price observed at time (t) for each of plural
particles in a degree of conformity evaluation unit, and a third processing for resampling
particles from the plural particles in accordance with the degree of conformity in a sampling unit,
wherein processing for regenerating a probability density function comprising a probability

density distribution where the parameter representing the state of the PUCK model at the time (t)
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is a mean value as particles is executed when the random number is greater than the first
predetermined value, and processing for generating particles in accordance with a uniform
distribution is executed when the random number is less than the first predetermined value are
executed. Thereby, it is possible to detect a change-point by calculating the potential coefficient,
which gives favorable trackability, and detecting changes in the potential coefficient, even when
the market price, which is the time-series data, experiences a steep change in the trend.

[0027]

A twelfth aspect of the present invention is the program for detecting a change-point in
time series data, wherein the probability density distribution where the parameters representing
the state of the PUCK model at the time (t) are average values is a normal distribution where the
parameters representing the state of the PUCK model at the time (t) are average values.
Thereby, it is possible to generate the probability density distribution precisely using the normal
distribution.

[0028]

A thirteenth aspect of the present invention is the program for detecting a change-point
in time-series data, wherein in the third step, not only are particles sampled more when having a
greater degree of conformity, but also feasible particles having a low degree of conformity are
also generated at a constant proportion. Thereby, it is possible to appropriately resample using
the particle filter method.

[0029]

A fourteenth aspect of the present invention is the program for detecting a change-point
in time-series data, wherein in the first step, processing for generating a random number,
processing for generating a conditional probability density function assuming a parameter of the
PUCK model at the time (t) as particles, and processing for generating a probability density
function comprising a uniform distribution as particles when the random number is less than the
third predetermined value are executed. Thereby, it is possible to simultaneously apply the
advancement of time not only to the potential coefficient but also to M, which indicates the
amount of most recent time-series data, seen from the time (t).

[0030]

A fifteenth aspect of the present invention is the program for detecting a change-point
in time-series data, wherein in the program for detecting the change-point in the time-series data,
the true market price at the time (t) is calculated by adding the potential term and the fluctuation

error of the true market price at the time (t). Thereby, it is possible to precisely estimate the
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degree of conformity of the true market price at the time (t) relative to the observed market price
at the time (t).
[0031]

An sixteenth aspect of the present invention is the program for detecting a change-point
in time-series data, wherein in the program for detecting the change-point in the time-series data,
the market price observed at the time (t) is the sum of the true market price at the time (t) and the
observation error of the market price at the time (t). Thereby, it is possible to precisely estimate
the degree of conformity of the true market price at the time (t) relative to the observed market
price at the time (t).

[0032]

A seventeenth aspect of the present invention is the program for detecting a change-
point in time-series data, wherein the fluctuation error of the true market price at the time (t) and
the observation error of the market price at the time (t) are given by a probability density
function in accordance with a normal distribution or the like. Thereby, it is possible to precisely
estimate the true market price at the time (t) and the degree of conformity of the true market
price at the time (t) relative to the observed market price at the time (t).

[0033]

An eighteenth aspect of the present invention is a program for predicting a probability
density distribution of future time-series data values, wherein a true market price P(t) at the time
(t) at a time (t+N) is calculated by time advancement of the true market price P(t) at the time (t)
based on a potential coefficient of the potential term at the time (t) calculated by the program for
detecting a change-point in time-series data according to one of Claims 11 to 17, the value of M
and a fluctuation error of the true market price at the time (t). Thereby, it is possible to predict
the probability density distribution of future time-series data values using the PUCK model.
[0034]

An nineteenth aspect of the present invention is the program for predicting a
probability density distribution of future time-series data values, wherein when a total number of
particles is Np, a number specifying the particle is j (where j is an integer satisfying 1<j<Np), a
potential coefficient of the particle with the number j at the time (t) is bG)g(t) (where 1 is an integer
of 2 or more indicating an order of a potential), a fluctuation error of the true market price of the
particle with the number j at the time (t) is fVp(t), the true market price of the particle with the
number j at the time (t) is PG)(t), the true market price of the particle with the number j at the time
(t++N) is PY(t+N), a core price of the market price of the particle with the number j at the time (t)
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is PG)M(t), and the value of M at the time (t) is M(t), the true market price P(j)(t+N) of the particle
with the number j at the time (t+N) is represented by Expression:
[Equation 7]
. . i—1
PDs N) = PO()- S 5 1) () 22Ut m) =B e+ m)

)
. + Y plt
a0 | i MP @) -1 2

where K is an integer of 2 or more. Thereby, it is possible to precisely predict the probability
density distribution of future time-series data values using the PUCK model.
[0035]

A twentieth aspect of the present invention is the program for predicting a probability
density distribution of future time-series data values, wherein a potential coefficient bPi(t+1) of
the particle with the number j at a time (t+1) is calculated by advancement of time of the
potential coefficient bY4(t) of the particle with the number j at the time (t).

Advantageous Effects of Invention
[0036]

According to the present invention, it is possible to provide a method and a program for
detecting a change-point of time-series data, and a method and a program for predicting a
probability density distribution of future time-series data values that are capable of precisely
detecting steep changes in the time-series data.

Brief Description of Drawings
[0037]

FIG. 1 is a flow chart illustrating the sequence of a particle filter method used in a first
embodiment.

FIG. 2 is a graph illustrating a probability distribution given by Equation (24)
according to the first embodiment.

FIG. 3 is a graph illustrating a probability distribution given by Equation (25)
according to the first embodiment.

FIG. 4 is a flow chart illustrating a method for determining the potential coefficient b(t)
at time (t) in the first embodiment.

FIG. 5 is a flow chart illustrating a method for determining the number M(t) of most

recent data at time (t) in the first embodiment.
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FIG. 6 is a block diagram illustrating a schematic view of the configuration of a time-
series data change-point detection device 200 for executing a program for detecting a time-series
data change-point according to a second embodiment,

FIG. 7 is a flow chart illustrating a method for the advancement of time of a PUCK
model to which a particle filter method is applied according to the third embodiment.

FIG. 8 is a graph illustrating the progression of a probability density distribution when
calculating the probability density distribution of the market price at time (t+N) by a method for
predicting a probability density distribution of values of future time-series data according to the
third embodiment.

FIG. 9 is a graph illustrating a probability density distribution of values of the market
price at time (t+N) by a method for predicting a probability density distribution of values of
future time-series data according to the third embodiment.

FIG. 10 is a block diagram illustrating a schematic view of the configuration of a
prediction device 400 for predicting a probability density distribution of values of future time-
series data in which a program for predicting a probability density distribution of values of future
time-series data according to the fourth embodiment is executed,

FIG. 11 is a flow chart illustrating a method for the advancement of time of a PUCK
model to which a particle filter method is applied according to the fifth embodiment.

FIG. 12 is a graph iﬂustrating the progression of the market price for each particle as a
result of substituting the current market price into a mathematical model and advancing time by
each particle number j.

FIG. 13 is a block diagram illustrating a schematic view of the configuration of a
prediction device 600 for predicting a probability density distribution of values of future time-
series data in which a program for predicting a probability density distribution of values of future
time-series data according to the sixth embodiment is executed.

Description of Embodiments
[0038]

The following is a description of the embodiments of the present invention, with
reference to the accompanying drawings. In each of the drawings, same elements are denoted by
the same reference numerals, and a repeated description has been omitted when needed.

[0039]
First Embodiment
A description of the method for detecting a change-point of time-series data according

to a first embodiment of the present invention will now be provided. The method for detecting a
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change-point of time series data in this embodiment applies a so-called particle filter method
(Non-patent Document 3) to the above-described PUCK model. The application of the particle
filter method makes it possible to sequentially predict the values at time (t) of the potential
coefficient b(f) and the number M(t) of most recent data.

[0040]

An overview of the particle filter method will be described first. FIG. 1 is a flow chart
illustrating the sequence of the particle filter method used in the first embodiment. In the particle
filter method, which is one type of a sequential Monte Carlo method, a state vector x; is given by
the following Equation (6). Specifically, the state vector x, at time (t) is obtained by giving a
parameter 0 to a state vector x4 of one tick prior.

{Equation 8]
xtNQtClxr—l’ 9) vee (6)

n_n

Herein, "~" is an operation for generating a probability variable x,in accordance with a
probability density function Q (*) that is dependent on the time (t), where X.; and 0 are the
parameters.

[0041]

An observation vector y; is also given by the following Equation (7). Herein, R((*) is a

probability density function that is dependent on the time (t), where x.; and 0 are the parameters.

[Equation 9]
¥~ R(|x, 0) e (D

[0042]

In the particle filter method the probability density function of the state vector x; is
represented by the following Equation (8), as a conditional probability density function CPDF
determined by the observation vectors {yi, vz, ", 1}.

[Equation 10}
CPDF =p(x, |y, y2.-+. %) == (8)

[0043]

Herein, when there is an assumed number N (N is a positive integer) of particles (state
vectors) in the particle filter method, then the conditional probability density function (PDF) of
the N state vectors is represented by the following Equation (9).

[Equation 11]
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= % 5(x1 —xg;{)
Jj=l
PP (9)

Herein, x is a state vector at a time | estimated from an observation vector at a time k at
the j-th (1<j<N) particle.
[0044]

Conditional probability density function
(PDF) of N state vectors

In the particle filter method, first an initial value at t=0 is given for the conditional
probability density function (PDF) of the N particles (step S1 of FIG. 1). The initial value is
represented by the following Equation (10).

[Equation 12]

(Conditional probability density functienj: % 5()(0 ) )

(PDF) of N state vectors =1 010
N (10)
Then, at the start of the calculation using the particle filter method, the time (t) is set to
t=1.
[0045]

Next, the Equation (6) is used to generate, for the N particles, a probability density
function (PDF) of the predicted particles at time (t) on the basis of the probability density
function at time (t-1) (step S2 of FIG. 1). The state vector of the particle is represented by the
following Equation (11).

[Equation 13]

Xr(ljt)—l NQt('Wr—itt—i(j)e@) (i=j,.N) cee (1D

Herein, g(") is the probability density function defined by the Equation (9).
[0046]

A weight coefficient Wj (the following Equation (12)) of each particle is then
calculated by a likelithood Lj (the following Equation (13)). The likelihood Lj is obtained from
the Equation (7). In other words, herein, the degree of conformance between the observation
vector y; obtained from the actual time-series data and the state vector x, obtained by calculation
is evaluated (step S3 of FIG. 1). The degree of conformance can be evaluated by using a
likelihood.
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[Equation 14]
. L
wj=—7— e (12)
2L
J=1

[Equation 15]
Li=ply, 1<) o @3

[0047]

Thereafter, the particles are resampled in accordance with the weight coefficient of
each particle (step S4 of FIG. 1). Specifically, only a number, which is in accordance with the
weight coefficient, of each particle indicated by the Equation (11) is sampled, and the total
number N of particles is sampled. At this time, because the weight coefficient is smaller when
the degree of conformance is small, there is a high probability that those particles will not
remain. On the other hand, the weight coefficient is larger when the degree of conformance is
greater, and those particles are replicated and increased. The above is an overview of the particle
filter method.

[0048]

Next, the sequence above is performed repeatedly, with the time (t) advancing by one
at each step, until the final step (t = tenq) (steps S5 and S6 of FIG. 1). The sequential particle
filter method can thereby be applied in accordance with the advance of time.

[0049]

The following is a description of the sequence in which the particle filter method is
used for the PUCK model in this embodiment. This embodiment is characterized in dealing with
the PUCK model when generating the probability density function in step S2 of FIG. 1. The
description below is of a specific example at step S2. Below, a state vector is used to represent
the potential coefficient in each order at time (t) by b;(t), to represent the number of most recent
data by M(t), and the like. The potential coefficient bi(t) in each order at time (t-1) is represented
by the following Equation (14), and the number of most recent data M(t-1) is represented by the
following Equation (15), where 8}, and By are parameters for generating noise.

[Equation 16]
bi(t=1)~ 0y (1 b,(t-2), 6,) e (14)
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[Equation 17]
M(t=1)~ 0y (1M(t-2),6y) =+ (15

[0050]

By applying the Equation (15) to the previous Equation (3), the following Equation
(16) can be obtained.
[Equation 18]

1 M(-1)-1 .
PM(t—l):m E@P(r-wlw) (16)

[0051]
By applying the Equations (14) and (15) to the previous Equation (2), the following
Equation (17) can be obtained.

[Equation 19] _
E(B(e=1)(P=1)- Py (t=1)) "
Plt)=Plt-1)- : + fplt 17
(=P-1)- £ A ) an
[0052]
In such a case as well, similar to the previous Equation (1), the EQuation (18) holds
true.
[Equation 20]

Y(2)=P(r)+ fr(t) ee o (18)

[0053]

The observation error fp(t) of the true market price at the time (t) and the observation
error fy(t) of the market price at time (t) follow the normal distribution and the like, as in the
following Equation (19).

[Equation 21]

£~ No.0p2), O~ No,oy?) e (19)

Below, in general, the portion of N(*) may be not only the normal distribution but also
the probability distribution, which is further characterized by a higher-order moment or the like.
Further, fp(t) and f(t) may be different probability distributions.

[0054]
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A standard deviation op of the observation error fp(t) of the true market price at time (t)
can be represented by the following Equation (20), using a state vector.

[Equation 22]
op~0pllop,1.0p) o0 (20)

[0055]
A standard deviation oy of the observation error fy(t) of the market price at time (t) can
be represented by the following Equation (21), using a state vector.

{Equation 23]
O'Y,t"‘QY('{O"Y,r-b@Y) e (2D

[0056]

Using the Equations (20} and (21), the Equation (19) can be substituted with the
following Equation (22).
[Equation 24]

0~No,op 2) )~ Mooy ) @2

[0057]

Then, consideration is given to the advancement of time of the model described above.
Below, a variable A(t) is given by the mean value A(t), the normal distribution of the diffusion
dispersion 6,” or the like. Specifically, the variable A(t) can be expressed by the following
Equation (23).
[Equation 25]

A()~NA-1),02) - @)

[0058]

The variable A(t) is determined by the observation values {y(1), -+, y(t-1)} prior to
time (t). When the A(t) at this time is denoted by Ays.1, the Equation (23) can be substituted with
the Equation (24).

[Equation 26}

2
Ay~ N (At~1[t~1 »T 4 ) e (24)
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FIG. 2 is a graph illustrating a probability distribution given by the Equation (24). As
illustrated in FIG. 2, Ay.1 serves as the normal distribution or the like of the mean value Ay.ij
and the standard deviation o4, within a range from Apg, 10 Amax.

[0059]

However, the Ay illustrated in Equation (24) and FIG. 2 has two problems. One lies
in that, for example, actual financial markets and the like have steep changes in market prices,
but the above-described model based on the random walk is unable to keep track of such steep
changes. Also, actual systems have limitations to the range of values that parameters can take.
Accordingly, in this embodiment, the variable A(t) is represented by the following Equation
(25), as a mixed distribution of a cut normal distribution or the like and a uniform value
distribution.

[Equation 27]
A(t)~ (1= Ay eruneN(A(e -1).0 % 4

min >

Amax )+ AmutU(Amin g Axnax )

voo (25)
{(1-Amu)truncN(A(t-1), 64% Amin, Amax)} of the Equation (25) is a normalized cut

normal distribution or the like of the mean value A(t-1), the dispersion 6,°, and the interval
{Amins Amax). truncN can be extended to one in which a general distribution characterized by the
average and/or standard deviation or the like is cut by an upper limit and a lower limit. Ay isa
coefficient that is newly introduced by the Equation (25) in order to support steep changes in
market prices or other sudden events. Specifically, A(t) is represented by a form in which the
two components of the normal distribution or the like and the uniform distribution U (Amin, Amax)
are mixed. The mixture rate of the uniform distribution U (A s, Amax) 18 determined by the
value of Ay

[0060]

FIG. 3 is a graph illustrating the probability distribution given by the Equation (25). As
illustrated in FIG. 3, Ay.1 is expressed as a distribution in which the normal distribution or the
like of the mean value Ay.jy.1, the standard deviation 6 and a constant value Ay are mixed,
within the range from Apin t0 Ajpax.

[0061]

Subsequently, a description will be provided for a specific example for applying the
Equation (25) to each parameter of the PUCK model. The processing for applying the Equation
(25) to each parameter of the PUCK model is performed in the step S1 described above. FIG. 4

is a flow chart illustrating a method for determining the potential coefficient b(t) at time (t) in the
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first embodiment. First, a description will be provided for the potential coefficient b(t) at time
(t). Herein, the Equation (25) can be substituted with the Equation (26).
[Equation 28]

b; (t ) -~ (1 _bi, mut )N (bz' (f - 1)>0'b2 )'*“ bz', mutV (bi, min ’bi, max) e (26)
[0062]

Using the Equation (26) and applying the particle filter method makes it possible to
estimate the potential coefficient bi(t) in each order at time (t). Herein, it is necessary to
determine the mixture ratio of the normal distribution or the like and the uniform distribution in
the potential coefficient bi(t) in each order at time (t). Herein, a random number u is generated
for such a purpose (step S11 of FIG. 4). The random number u is any real number satisfying 0 <
u < 1. bmy in the Equation (25) is a coefficient illustrating the proportion at which a sudden
event occurs in the advancement of time of the potential coefficient b(t) in each order at time (t).
In this embodiment the mixture ratio of the normal distribution or the like and the uniform
distribution is determined by comparing bj my and the random number u (step S12 of FIG. 4).
bimut 18 compared with the random number u, which is generated randomly, and so in the end, the
mixture ratio converges on (1-bi mue):bi mut.

[0063]

That 1s, when u > b; ny;, the potential coefficient b(t) at time (t) is established from only
the normal distribution or the like (step S13 of FIG. 4). Accordingly, the potential coefficient
bi(t) in each order at time (t) in such a case is represented by the following Equation (27).
[Equation 29]

bY) |~ truncN (b(j) o*bz,b

i, -1 i, t-1lt-1 > i, min >

Bima) 0t QD)

[0064]

On the other hand, when u < b; ny, the potential coefficient bi(t) in each order at time (t)
is established from only the uniform distribution (step S14 of FIG. 4). Accordingly, the potential
coefficient by(t) in each order at time (t) in such a case is represented by the following Equation
(28).

[Equation 30]

pUl | ~Ulp

i, tli~1

e s (28)

, min 9bz', max)

[0065]
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In this embodiment, as described above, a uniform distribution is introduced in order to
give consideration to a sudden event in which there is a steep change to the time-series data. In
other words, in case of no uniform distribution, particles with a lower degree of conformity are
culled and eliminated each time the particles advance a generation. When a sudden event occurs
in such a state, particles that conform to the sudden event will have already been eliminated, and
the sudden event cannot be tracked. However, in this embodiment, the introduction of a uniform
distribution taking into account a sudden event makes it possible to prevent the elimination of
particles with a low degree of conformity. It is thereby possible to retain particles with a high
degree of conformity to the sudden event, and to increase the ability to track the sudden event
compared to an ordinary particle filter method. In this manner, the introduction of the uniform
distribution makes it possible to achieve a specific effect that cannot be achieved when an
ordinary normal distribution or Lorentz distribution is used.

[0066]

Next, a description will be provided for the number M(t) of most recent data. Similar
to the potential coefficient b(t) at time (t), a uniform distribution is also introduced to the number
M(t) of most recent data, in order to given consideration to a sudden event. In this embodiment,
the number M(t) of most recent data is represented as a mixed distribution of a uniform
distribution and a probability density function at time (t-1). The number M(t) of most recent data
is processed in the step S1 described above. FIG. 5 is a flow chart illustrating a method for
determining the number M(t) of most recent data at time (t) in the first embodiment. In such a

case, the number M(t) of most recent data is represented by the Equation (29).

[Equation31]
M(t)w (1"Mmut)G(M(t)tM(thl)ao“MaMmax aMmin)+MmutU(MminaMmax)
cre (29)
[0067]

Herein, similar to the case of the potential coefficient b(t) at time (t), a random number
u is generated (step S21 of FIG. 5) and the random number u is compared with My, (step S22 of
FIG. 5), whereby the mixture ratio of the uniform distribution and the probability density
function at time (t-1) is determined.
[0068]

That is, when u > My, the number M(t) of most recent data is established from only
the probability density function at time (t-1) (step S23 of FIG. 5). Accordingly, the number M(t)

of most recent data in such a case is represented by the following Equation (30).
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[Equation 32]
MX(IQI (t) ~ G( ‘Mt(iglt—l o Mmax:Mmz'n)
1(]{ 1 (t) o (M mmaM max) v (30) where U(Muin,

Minax) 18 @ umform probability density function such that the lower limit is an integer value My;n,
and the upper limit is an integer value Mupmay.
[0069]

On the other hand, when u < My, the number M(t) of most recent data is established
only from the uniform distribution (step S24 of FIG. 5). Accordingly, the number M(t) of most
recent data is represented by the Equation (31).

[0070]

The following illustrates a specific example of the expected probability density
function G(*). When My, < M(t-1) < Mpax, the probability density function G(-) is represented
by the following Equation (31).

[Equation 33]
GM (=) + 1| Mt =1),7, M s M ) =
G(M(l o 1) l M(t - 1)sr9MminﬂMmax): 1-2r
GM@E—-1) =1 M@ =1),r, My, My )= 7 oo (31)

min>

where 0 <r<1.

In the boundary conditions, the probability density function G(*) is represented by the

following Equation (32).
[Equation 34]
G( max -1 ’ Mmaxor Mmzn 9Mmax)

G(Mmax l Mmax> r M M

min> max)
GM,,. +1|M, ;. r.M, . .M

min» max)
G(Mmm1M rMmmﬂMmax)zl_r vt (32)

=]-r

min>

For M(t-1) outside the range given above, the probability density function G(-) is
represented by the following Equation (33).

[Equation 35]
G( Mt =D, r, M, max)zo e (33)
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[0071]

The standard deviation op(t) of the fluctuation error fp(t) of the Equation (22) (the
standard deviation oy(t) of the observation error fy(t) also has a similar sequence to the below) is
given by the following equation.

[Equation 36]
op(t) ~ (1= 0 pyy JruncN (G p(t=1),yp750 Pmin,C Pmax )“{“ O Pt (0’ PminC Pmax)
coe (34)

Herein, Gpmu is a numerical value between 0 and 1, and 6pmin and 6pmax represent the
upper and lower limits, respectively, of the range that 6,(t) can take. yp2 is a numerical value for
representing diffusion.

[Equation 37]
oy () ~ (1= Oy )t’"unCN(O"Y (t-1D, yYZQUYmin,O-Ymax )"*” O-YmuzU(O-Ymin,O'Y max)
eoe (35)

Herein, oymy is a numerical value between 0 and 1, and Gymin and Gy represent the
upper and lower limits, respectively, of the range that oy(t) can take. yy” is a numerical value for
representing diffusion.

[0072]

As has been described above, according to the method for detecting a change-point in
time-series data according to this embodiment, when the time-series data are in a stable trend,
and the trend can be appropriately tracked by increasing the particles indicating parameters with
a high degree of conformity to the stable trend (the potential coefficient b, the number M of most
recent data, the standard deviations op and ovy).

[0073]

Furthermore, according to the method for detecting a change-point in time-series data
according to this embodiment, a trend can still be tracked even when there is a steep change, i.e.,
a sudden event deviating from the stable trend. That is, in the case of an ordinary particle filter
method, when a stable trend persists, there is an increase only in the particles conforming to the
stable trend, and particles that do not conform to the stable trend but rather to a sudden event are
culled and eliminated.

[0074]
However, in the method for detecting a change-point in time-series data according to

this embodiment, at the calculation of the probability density function for the parameters at the
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most recent time, a uniform distribution is assigned at a constant proportion to each of the
parameters, as illustrated in the Equations (28) and (30). A uniform distribution is thereby
assigned at a constant proportion even to particles that are eliminated due to having a poor
degree of conformity to the stable trend, when the probability density function is generated in
step S2 of FIG. 1. Particles that conform not to the stable trend but rather to a sudden event can
thereby remain even as the sequential computation by the particle filter method proceeds. Then,
when a sudden event occurs at a certain point in time, there is an increase in the particles having
a higher degree of conformity to the sudden event among the particles that remain, whereby it is
possible to appropriately track a dynamic event such as a sudden event.

[0075]

Then, the sequential calculation of the potential coefficient bi(t) and the number M(t) of
most recent data makes it possible to detect the state of changes in the time-series data. The
changes in the time-series data are stable when a secondary potential coefficient by(t) has a
positive value and the other b(t) is in the vicinity of 0. However, when there is an increase in the
degree of conformity of particles where the secondary potential coefficient by(t) takes a negative
value as a result of the sequential analysis, the changes in the time-series data are then in an
unstable state. In other words, monitoring the changes in the value of the secondary potential
coefficient by(t) makes it possible to detect the boundary points of whether the changes in the
time-series data is stable or unstable. Further, it is predicted that the sharp downward trend is
likely to occur when a third-order potential coefficient bs(t) has a positive value and the sharp
upward trend is likely to occur when bs(t) has a negative value.

[0076]

In addition, although the particle filter method expresses the potential coefficient bi(t)
and the number M(t) of most recent data as plural particles, the particles having a high degree of
conformity vary in accordance with the advancement of time, and therefore the values of the
potential coefficient bi(t) and the number M(t) of most recent data having a high degree of
conformity also vary. Because the number of most recent data having a high degree of
conformity is variable, available data can be used to calculate the number M of most recent data
having a high degree of conformity even when, for example, there is a small number of
accumulated time-series data. In other words, although the ordinary PUCK model requires a
certain number of data (on the order of 1,000 points), this method can be used with a smaller
number of data. Furthermore, there is no need to calculate data noise-removal processing for the
optimal moving average or the like, as was indispensable in the existing technique. Therefore,

compared to the existing technique of the PUCK model for estimating the parameters, there is an
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advantage in that the PUCK model can be applied even at a stage where there is less data
accumulated.
[0077]

Moreover, referencing the value of the potential coefficient bi(t) and the degree of
conformity, i.e., the number of particles makes it possible to analyze the fluctuating environment
of the time-series data. Specifically, taking the example of yen/dollar trading, when there is a
tendency for particles where the secondary potential coefficient ba(t) takes a positive value to
have a high degree of conformity, the change in pricing is stable, and compared to the random
walk, the pricing is more prone to be pulled back in the reverse direction in a short time scale. In
such a case, the market is more likely to experience an inversion in the upward or downward
pricing trend, and, as a result, less likely to experience a major pricing fluctuation. On the other
hand, in a case in which there is a tendency for the particles where the secondary potential
coefficient ba(t) takes a negative value to have a high degree of conformity, the change in pricing
is unstable, and compared to the random walk, the pricing change is more likely to persistently
occur in the same direction in a short time scale, and there is more likely to be an amplification
of the upward or downward trend. In such a case, a trader having a strategy for tracking the
trend can be expected to be numerically dominant in the market (Non-patent Document 2).

Thus, applying this method to time-series data such as prices in a financial market like currency
exchange makes it possible to quantitatively evaluate the characteristics of the collective
behavior of traders in the market.

[0078]

The above-described effect of being able to quantitatively evaluate the characteristics
of the collective behavior of traders in the market is an effect specific to the method for detecting
a change-point in time-series data according to this embodiment. In the method for detecting a
change-point in time-series data according to this embodiment, the potential coefficient by(t) at
time (t) and the number M of most recent data, which have plural different values, can each be
expressed as particles having different degrees of conformity. It is thereby possible to perform
plural simultaneous evaluations for the potential coefficient by(t) at time (t) and the number M(t)
of most recent data, which have different values, presuming that, there being a high degree of
conformity at time (t), the changes in time-series data are subject to a dominant effect. It is
thereby possible to simultaneously evaluate the behavioral aspects (the potential coefficient bi(t)
at time (1)) and the number of data (number M(t) of most recent data) considered for reference in
order to determine the behavior of traders having different behavioral characteristics. By

contrast, in the ordinary PUCK model to which the above-described particle filter method has
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not been applied, it is only possible to hypothesize the number M of most recent data and to
calculate the potential coefficient b;(t) at time (t) for the hypothesized number M of most recent
data. Therefore, in principle, it is not possible to simultaneously evaluate the potential
coefficient b;(t) and the number M(t) of most recent data needed in order to estimate the core. In
other words, it is not possible to estimate the probability density function and the like of the
potential coefficient bi(t) at time (t), the number M(t) of most recent data, and other parameters
of the PUCK model. Specifically, plural simultaneous evaluations of the potential coefficient
bi(t) at time (t) and the number M of most recent data using the PUCK model can be achieved for
the first time by the use of the method for detecting a change-point in time series data according
to this embodiment,

[0079]

The method for detecting a change-point in time-series data according to this
embodiment can also be provided as a program in which the algorithms for expressing the steps
S1 to S6 described above are recited. Executing such a program in a computer or other form of
hardware allows for a similar effect as is obtained by the method for detecting a change-point in
time-series data according to this embodiment, such as the detection of a change-point in time-
series data as described above. For example, it is possible to execute the program, sequentially
display the potential coefficients b;(t) at times (t) or the like on a display device, and observe in
real-time the changes over time in the potential coefficient.

[0080]
Second Embodiment

The following is a description of the program for detecting a change-point in time-
series data according to the second embodiment. FIG. 6 is a block diagram illustrating a
schematic of the configuration of a time-series data change-point detection device 200, in which
the program for detecting a change-point in time-series data according to the second embodiment
is executed. The time-series data change-point detection device 200 is a device that executes a
program in which the algorithms expressing the steps S1 to S6 of the method for detecting a
change-point in time-series data according to the first embodiment has been recited. As
illustrated in FIG. 6, the time-series data change-point detection device 200 includes a memory
unit 1, a computation unit 2, a display unit 3, and a bus 4.

[0081]

The memory unit 1 is constituted of a hard disk, DRAM, SRAM, flash memory, or

other memory device, and stores past time-series data, information on the initial values set in

step S1 of FIG. 1, and a program 20 that recites the algorithms for expressing the steps S1 to S6
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of the method for detecting a change-point in time-series data according to the first embodiment.
The past time-series data, information on the initial values set in step S1 of FIG. 1, and the
program 20 stored in the memory unit can be appropriately overwritten from outside. As for the
time-series data, new data elements can be sequentially added in accordance with the
advancement of time.

[0082]

A computation unit 2 reads in, from the memory unit 1 via the bus 4, time-series data,
the information on the initial values set in step S1 of FIG. 1, and the program 20. The
computation unit 2 executes the read-in program 20 and performs a time-series data change-point
detection operation. The program 20 includes an initial setting unit 21, a PDF generation unit
22, a degree of conformity evaluation unit 23, a resampling unit 24, and a count unit 25.

[0083]

Specifically, the initial setting unit 21 performs processing corresponding to step S1 of
FIG. 1. That is, first an initial value at t=0 indicated by Equation (10) is given for the conditional
probability density function (PDF) of a number N of particles. Then, the time (t) is set to t=1 to
start the computation with the particle filter method.

[0084]

The PDF generation unit 22 performs processing corresponding to the step S2 of FIG.
1. That is, the Equation (6) is used to generate a probability density function (PDF) of the
predicted particles at time (t) on the basis of the probability density function (PDF) at time (t-1)
for the N number of particles (Equation (11)).

[0085]

The degree of conformity evaluation unit 23 performs processing corresponding to step
S3 of FIG. 1. That is, the weighting coefficient Wi (Equation (12)) of each particle is calculated
using a likelihood Li (Equation (13)). The likelihood Li is obtained from the Equation (7). In
other words, the degree of conformity between the observation vector y; obtained from actual
time-series data and the state vector x; obtained from the calculation is evaluated.

[0086]

The resampling unit 24 performs processing corresponding to step S4 of FIG. 1. That
is, the particles are resampled in accordance with the weighting coefficient of each particle.
Specifically, only a number, which is in accordance with the weight coefficient, of each particle
indicated by the Equation (11) is sampled, and the total number N of particles is sampled. At
this time, because the weight coefficient is smaller when the degree of conformance is small,

there is a high probability that those particles will not remain. On the other hand, the weight
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coefficient is larger when the degree of conformance is greater, and those particles replicate and
increase.
[0087]

The computation unit 2 outputs, via the bus 4 to the display unit 3, information on the
weighting coefficient obtained by the resampling unit 24 (that is, the number of particles) and the
potential coefficient bi(t) and the number M(t) of most recent data at time (t) represented by each
particle.

[0088]

The count unit 25 performs processing corresponding to steps S5 and S6 of FIG. 1.
That is, there is a determination of whether the time of the most recent processing is the final
step (t = tenq) (the processing in Step S5 of FIG. 1). Then, when the time of the most recent
processing is not the final step (t = tepq), the time (t) advances by one step and is brought back to
the initial setting unit 21. Loop processing can thereby be implemented using the initial setting
unit 21, the PDF generation unit 22, the degree of conformity evaluation unit 23, the resampling
unit 24, and the count unit 25. On the other hand, when the time of the most recent processing is
the final step (t = tena), the processing is terminated, and a processing completion report is
outputted to the display unit 3 via the bus 4.

[0089]

The display unit 3 displays the weighting coefficient outputted from the computation
unit 2 (that is, the number of particles), information on the potential coefficient b(t) and the
number M(t) of most recent data at time (t) represented by each particle, and the processing
completion report, on a liquid crystal display screen for example, in a visible state. At such a
time, the potential coefficients b(t) at time (t) and the like are sequentially displayed on the
display device, and it is possible to observe in real-time the changes over time in the potential
coefficient.

[0090]
Third Embodiment

A description of a method for predicting a probability density distribution of values of
future time-series data according to a third embodiment of the present invention will now be
provided. As described in the method for detecting a change-point of time-series data according
to the first embodiment, with use of the PUCK model and the particle filter method, the potential
coefficient at time (t) can be obtained. Further, with the advancement of time of the PUCK
model, values of the future market price can be obtained as a probability density distribution.
[0091]
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The market price (t+1) of the j-th particle at time (t+1) can be represented by the
following Equation (36) using the Equation (1).
[Equation 38§}
. , 1
) DY
PY(t)- R

MWD (1) -1

PO +1)= PO()= 5 1600 () £ £Op(1)
i=2

P (36)

[0092]

FIG. 7 is a flow chart illustrating a method for the advancement of time of the PUCK
model to which the particle filter method is applied according to the third embodiment. First,
parameters (b9%1), M9t), {95(t) of the particle at time (t) calculated by the method for detecting
a change-point of time-series data according to the first embodiment are prepared (step S31).
[6093]

Next, the true market price P(t) at time (t) calculated by the method for detecting a
change-point of time-series data according to the first embodiment is prepared (step S32).
[0094]

Using the prepared parameters and the true market price PU(t) at time (1), the Equation
(36) is calculated.

[0095]

Then, it is determined whether the time (t) of the most recent processing reaches t=t+N
(step S34). When the time of the most recent processing is not the final step (t=t+N), the time (t)
advances by one step (step S35) and the calculation of the Equation (36) is performed again. On
the other hand, when the time of the most recent processing is the final step (t=t+N), the
processing is terminated.

[0096]

It is thereby possible to advance time to time (t+N) in the Equation (36) using the
parameters and the true market price at time (t). With a parameter set (the potential coefficient
b(t), the number of data MU(t) needed to estimate the core of the price fluctuation, and a
fluctuation error fp(t)) of the PUCK model of the j-th particle at time (t) estimated using the
particle filter method, the predicted market price at time (t+N) when time advances to time (t+N)
in the Equation (36) is represented by the following Equation (37).

[Equation 39]



10

15

20

25

30

29

. ) N-1| K .
PO+ N)=PD()- 31 3 160, (1)
n=01i=2

P(j)(t+n)—Pﬁ(4j)(t+n
M(j)(t)“l

)JH + FDp(e)

cer (37)

[0097]

As described above, by applying the Equation (37) to each particle, it is possible to
obtain the probability density distribution of the market price PU}(t+N) at time (t+N). FIG.8isa
graph illustrating the progression of a probability density distribution when calculating the
probability density distribution of the market price at time (t+N) by a method for predicting a
probability density distribution of values of future time-series data according to the third
embodiment. In FIG. 8, the exchange rate from US Dollar to Japanese Yen is used as an
example where N=100.

FIG. 8 shows the first quartile deviation QD1, the center value V¢ and the third quartile
deviation QD3 for the probability density distribution from time (t) to time (t+N), where K=3
(that is, when the second-order and third-order potential acts) in the Equation (37). In FIG. 8, the
calculation is made where N=100.

[0098]

FIG. 9 is a graph illustrating a probability density distribution of values of the market
price at time (t+N) by a method for predicting a probability density distribution of values of
future time-series data according to the third embodiment. In FIG. 9, as in FIG. 8, the exchange

rate from US Dollar to Japanese Yen is used as an example where N=100. As illustrated in FIG.

‘9, the probability density distribution at time (t+N) is a distribution having a wide spread on the

price increase side (the part on the right side of the peak of the distribution curve), thus having a
distorted distribution. Accordingly, in the example of FIG. 9, it is understood that the upward
trend is stronger for the market price at time (t+N).

[0099]

As described above, in the method for predicting the probability density distribution of
values of future time-series data according to this embodiment, it is possible to reflect the
influence of a nonlinear behavior of a price fluctuation by introduction of the third- and higher-
order potential. It is thus possible to generate the left-right asymmetrical distorted probability
density distribution as illustrated in FIG. 9 in the prediction of the future market price. This is
the effect that can be achieved first by this embodiment, which cannot be achieved by the
technique of using a left-right symmetrical distribution such as a normal distribution used in

general risk evaluations. It is therefore possible to suitably predict the left-right asymmetrical
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distorted probability density distribution that occurs in the real financial markets and provide the
method for predicting the probability density distribution of more practical values of time-series
data.

[0100]

As described above, in the method for predicting the probability density distribution of
values of future time-series data according to this embodiment, it is possible to obtain the
probability density distribution of values of the future market price on the basis of the parameter
set of the PUCK model at time (t) estimated using the particle filter method. Further, because
the third- and higher-order potential can be introduced when k>3 in the Equation (37), prediction
including a nonlinear behavior of a market price fluctuation can be made. 1t is thus possible to
predict the market price that more accurately reflects the real market conditions.

[0101]

By applying the method for predicting the probability density distribution of values of
future time-series data according to this embodiment to price prediction for currency and stock
exchange and the like, it is possible to estimate the risk of price fluctuations on currency and
stock exchange with higher accuracy than before. The method can be thereby used in design and
development of financial products such as options where the risk is estimated more appropriately
compared to the prior art methods.

[0102]
Fourth Embodiment

A description of the program for predicting a probability density distribution of values
of future time-series data according to a fourth embodiment of the present invention will now be
provided. FIG. 10 is a block diagram illustrating a schematic view of the configuration of a
prediction device 400 for predicting the probability density distribution of values of future time-
series data, in which the program for predicting the probability density distribution of values of
future time-series data according to the fourth embodiment is executed. The prediction device
400 for predicting the probability density distribution of values of future time-series data is a
device that executes a program in which the algorithms representing the steps S31 to S35 of the
method for predicting the probability density distribution of values of future time-series data
according to the third embodiment are described. As illustrated in FIG. 10, the prediction device
400 for predicting the probability density distribution of values of future time-series data
includes a memory unit 1, a computation unit 2a, a display unit 3 and a bus 4. The memory unit
1, the display unit 3 and the bus 4 are the same as those of the second embodiment and thus not

redundantly described.
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[0103]

The computation unit 2a reads in, from the memory unit 1 via the bus 4, the parameters
and time-series data calculated by the program 20, and the program 40. The computation unit 2
executes the read-in program 40 and performs prediction of the probability density distribution
of values of future time-series data. The program 40 includes a parameter reading unit 41, a data
reading unit 42, a calculating unit 43 and a count unit 44.

[0104]

Specifically, the parameter reading unit 41 reads in the parameters ®9(), MG)(t),
f95(1)) of the j-th particle at time (t) calculated by the program 20. In other words, the parameter
reading unit 41 performs processing corresponding to the step S31 of FIG. 7. Note that the
parameters of the particle at time (t) calculated by the program 20 is stored in the memory unit 1,
for example, and read by the parameter reading unit 41 according to need.

[0105]

The data reading unit 42 reads in the true market price PG)(t) at time (t) calculated by
the program 20. In other words, the data reading unit 42 performs processing corresponding to
the step S32 of FIG. 7. Note that the true market price PG)(’E) at time (t) calculated by the
program 20 is stored in the memory unit 1, for example, and read by the data reading unit 42
according to need.

[0106]

The calculating unit 43 performs processing corresponding to the step S33 of FIG. 7.
Specifically, the calculating unit 43 calculates the market price after one tick from the set time
using the Equation (36).

[0107]

The count unit 44 performs processing corresponding to the steps S34 and S35 of FIG.
7. Specifically, the count unit 44 determines whether the time of the most recent processing is
the final step (t=t+N) (the processing in the step $S34 of FIG. 7). When the time of the most
recent processing is not the final step (t=t+N), the time (t) advances by one step, and the
processing returns to the calculating unit 43. The calculation of the Equation (36) is thereby
repeated and, when it reaches the time (t+N), the same calculation as represented by the Equation
(37) can be obtained. On the other hand, when the time of the most recent processing is the final
step (t=t-+N), the processing is terminated, and the probability density distribution of the market
price at time (t+N) is output to the display unit 3 based on the calculation result.

[0108]
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The display unit 3 displays the probability density distribution of the market price at
time (t+N) output from the computation unit 2, on a liquid crystal display screen for example, in
a visible state. At such a time, the probability density function of the market price from time (t)
to time (t+N) may be sequentially displayed on the display device.

[0109]

As described above, according to this embodiment, the predication program and the
prediction device for predicting the probability density distribution of values of future time-
series data according to the fourth embodiment can be implemented in a specific manner.

[0110]
Fifth Embodiment

A description of another method for predicting a probability density distribution of
values of future time-series data according to a fifth embodiment of the present invention will
now be provided. In the third embodiment, it is described that values of the future market price
can be obtained as the probability density distribution by the advancement of time of the PUCK
model. Specifically, the advancement of time is performed using the potential coefficient b(t) at
time (t), which is the starting point of the time advancement. Note that, in this embodiment, the
order i of the potential and the number j of the particle are not illustrated.

[0111]

In the third embodiment, the future is predicted on the assumption that the value of the
potential coefficient b(t) at time (t) is the same during the period of the future time (t+1) to
(t+N). Accordingly, in the third embodiment, it is only possible to predict the changes over time
of short-term price fluctuations. On the other hand, if an equation for the time advancement of
the potential coefficient b(t) can be obtained as described in this embodiment, the changes of the
potential coefficient b(t) from the future time (t+1) to (t-+N) can be predicted. This enables the
obtainment of the more accurate price distribution at future time (t+N). It is therefore important
to estimate an equation for the time advancement of the potential coefficient b(t) when predicting
the changes over time of long-term price fluctuations. For example, the relationship of the
potential coefficient b(t+1) at time (t+1) with the potential coefficient b(t) at time (t) is defined
by the following Equation (38).

[Equation 40]

ble+1)=b(0) =~ Gb) iy + ) o0 G9)
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where the function G(b) in the first term (partial differential term) on the right hand side is a
function that describes the time advancement of the potential coefficient to time (t), and fi(t) is a
noise term.
[0112]

When the first term (partial differential term) on the right hand side excluding the

"z

symbol "-" is a potential A acting on the changes over time of the potential coefficient, the
Equation (38) can be transformed into the Equation (39).

[Equation 41]

b(t+1)—b(t)=—Ab(t)+ £, (t) e (39)

[0113]

From the Equation (39), the potential coefficient b(t+1) at time (t+1) is represented by
the following Equation (40).
[Equation 42]

bt +1)=(1—)b(t)+ f,(t) cee (40)

As represented in the Equation (40), the coefficient (1-A) acts on and the noise term
fp(t) is added to the potential coefficient b(t+1) at time (t+1).
[0114]

Prediction of the market price distribution in the case where the secondary potential is
acting, for example, is described using the potential coefficient represented by the Equation (40).
Fluctuations of the true market price during one tick when the secondary potential is acting can
be represented by the following Equation (41) based on the Equations (2), (4) and (5).
[Equation 43]

P(wn—-P(z):{ ) (P(r)»PMa»}fP(r) e

(M-1)

[0115]

FIG. 11 is a flow chart illustrating a method for the advancement of time of a PUCK
model to which the particle filter method is applied according to the fifth embodiment. In FIG.
11, compared to FIG. 7, the step S33 is replaced by the step S52. Further, the step S51 is added
between the steps S32 and S35 and the step S52.

[0116]
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In the step S51, the potential coefficient b(t+1) is calculated using the Equation (40).
Next, in the step S52, the Equation (41) is calculated using the prepared parameters and the true
market price P@('E) at time (t). The other steps are the same as those of FIG. 7 and not
redundantly described.

[0117]

FIG. 12 is a graph illustrating the progression of the market price for each particle as a
result of substituting the current market price into a mathematical model and advancing time by
each particle number j. In this example, the distribution of the market price up until 1450 ticks
from the present is predicted where the starting price is 100. As illustrated in FIG. 12, according
to this embodiment, changes of the potential coefficient in the future can be also predicted by the
time advancement of the potential coefficient, and it is thereby possible to accurately predict the
long-term trend of the market price.

[0118]

Because prediction of the long-term trend is given as the price market distribution, it is
possible to estimate the risk of price fluctuations at a certain point in the future. Therefore,
according to this embodiment, it is possible to estimate the risk of price fluctuations on currency
and stock exchange with higher accuracy than the third embodiment. The method can be thereby
used in design and development of financial products such as options where the risk is estimated
more appropriately. Further, it is possible to improve an index of risk management such as
Value at Risk used by many financial institutions to measure the risk of their assets.

[0119]

Note that the advancement of time of the potential coefficient described in this
embodiment is given by way of illustration only. Accordingly, the advancement of time of the
potential coefficient is not limited to the example represented by the Equation (40).

[0120]
Sixth Embodiment

A description of the program for predicting a probability density distribution of values
of future time-series data according to a sixth embodiment of the present invention will now be
provided. FIG. 13 is a block diagram illustrating a schematic view of the configuration of a
prediction device 600 for predicting a probability density distribution of values of future time-
series data in which a program for predicting a probability density distribution of values of future
time-series data according to the sixth embodiment is executed. The prediction device 600 for
predicting the probability density distribution of values of future time-series data is a device that

executes a program in which the algorithms representing the steps S31, S32, S51, S52, S34 and
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S35 of the method for predicting the probability density distribution of values of future time-
series data according to the fifth embodiment are described. The prediction device 600 for
predicting the probability density distribution of values of future time-series data is a modified
example of the prediction device 400 for predicting the probability density distribution of values
of future time-series data. As illustrated in FIG. 13, the prediction device 600 for predicting the
probability density distﬁbution of values of future time-series data has a configuration in which
the program 40 of FIG. 10 is replaced by the program 60.

[0121]

The program 60 has a configuration in which the calculating unit 43 of the program 40
is replaced by a calculating unit 62, and further a potential calculating unit 61 is added. The
potential calculating unit 61 performs processing corresponding to the step S51 in FIG. 11.
Specifically, it calculates the potential coefficient using the Equation (40). The calculating unit
62 performs processing corresponding to the step S52 in FIG. 10. Specifically, it calculates the
market price after one tick from the set time using the Equation (41). The other configuration of
the prediction device 600 for predicting the probability density distribution of values of future
time-series data is the same as that of the prediction device 400 for predicting the probability
density distribution of values of future time-series data and not redundantly described.

[0122]

As described above, according to this embodiment, the predication program and the
prediction device for predicting the probability density distribution of values of future time-
series data according to the fifth embodiment can be implemented in a specific manner.

[0123]

The present invention is not to be limited to the above embodiments, and can be
variously modified within a scope that does not depart from the gist thereof. For example, the
present invention can be applied to time-series data involving the fluctuations arising from
devices in the process of manufacturing semiconductors, whereby it is possible to measure in
real-time whether the treatment process is proceeding stably, and to rapidly detect abnormalities
when for any reason instability occurs. In such a case, for example, the market prices can be
substituted with the management and measurement data outputted by a device, and a similar
analysis can be performed.

[0124]

In the embodiment described above, as illustrated in the Equation (4), the potential

coefficient b(t) at time (t) is described as a coefficient of a secondary and higher-order potential

W(q, t). For example, actual financial markets or the like are known to have even more sudden
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changes in trends that cannot be expressed by a secondary potential. Therefore, the potential
U(q, t) at time (t) is not limited to being secondary, but rather can be introduced in the form of a
function including a higher-order potential term, and the coefficient of the higher-order potential
term can be estimated to follow the sudden changes in trends. In particular, the introduction of a
tertiary potential makes it possible to track a boom or collapse in a financial market more rapidly
than with a secondary potential. It is also possible to further analyze the directionality of such a
boom (that is, upward trend) or collapse (that is, downward trend).

[0125]

Also, estimating a simultaneous potential distribution or the like of b(t) and M(t) at
time (t) using the secondary potential model makes it possible to estimate a different dealer
strategy for plural time scales (a multi-scale PUCK model). Further, estimating a third- and
higher-order potential coefficient allows for the visualization of strategies for dealers following
trends and of collective behavior causing one-sided fluctuations in pricing (the prospect of a
multi-scale PUCK model including a higher-order potential).

[0126]

This application is based upon and claims the benefit of priority from Japanese patent
application No. 2011-196512 filed on September 8, 2011 and Japanese patent application No.
2012-50819 filed on March 7, 2012, the disclosure of which is incorporated herein in its entirety
by reference.

Industrial Applicability
[0127]

The present invention is applicable to analysis or prediction of fluctuations over time in
the market price in exchange markets and stock markets, or analysis or prediction of fluctuations
over time in other time-series data such as management or measurement data.

Reference Signs List

[0128]

1 STORAGE UNIT

2 COMPUTATION UNIT

3 DISPLAY UNIT

4 BUS

20, 40, 60 PROGRAM

21 INITIAL SETTING UNIT
22 PDF GENERATION UNIT

23 DEGREE OF CONFORMITY EVALUATION UNI
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24 RESAMPLING UNIT

25 COUNT UNIT

41 PARAMETER READING UNIT

42 DATA READING UNIT

43,62 CALCULATING UNIT

44 COUNT UNIT

61 POTENTIAL CALCULATING UNIT

200 TIME-SERIES DATA CHANGE-POINT DETECTION DEVICE

400, 600 PREDICTION DEVICE FOR PREDICTING PROBABILITY DENSITY
DISTRIBUTION OF VALUES OF FUTURE TIME-SERIES DATA

S1-86, S11-S14, S21-S24, S41-545, S51, S52 STEP
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CLAIMS

1. A method for detecting a change-point in time-series data, applying a particle filter
method to a PUCK model for calculating a true market price P(t) at a time (t) by the sum of a
potential term and fluctuation error defined by the true market price at a time (t-1) and a core
price, which is the moving average of a number M (where M is a positive integer) of true market
prices until the time (t-1), comprising:

a first step for obtaining a probability density function for parameters of a later time
than a group of particles having parameters representing the state of the PUCK model each
having different values;

a second step for evaluating the degree of conformity of the true market price at the
time (t) relative to the market price observed at the time (t) for each of a plurality of particles;
and

a third step for resampling particles from the plurality of particles in accordance with
the degree of conformity,

wherein:

in the third step,

a random number is generated, and

the random number is compared with a first predetermined value, wherein

a probability density function comprising a probability density distribution where the
parameters representing the state of the PUCK model at the time (1) are average values is
generated as particles when the random number is greater than the first predetermined value, and

a probability density function comprising a uniform distribution is generated as

particles when the random number is less than the first predetermined value.

2. The method for detecting a change-point in time-series data according to Claim 1,
wherein:

the probability density distribution where the parameters representing the state of the
PUCK model at the time (t) are average values is a normal distribution where the parameters

representing the state of the PUCK model at the time (t) are average values.

3. The method for detecting a change-point in time-series data according to Claim 1 or

2, wherein:
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in the first step, the PUCK model parameters of a later time than the group of particles

having parameters representing the state of the PUCK model are updated.

4. The method for detecting a change-point in time-series data according to any one of
Claims 1 to 3, wherein:

in the third step,

arandom number is generated for each of the particles, and

the random number is compared with the first predetermined value, where

a conditional probability density function for assuming M at the time (t) is generated as
particles when the random number is greater than the first predetermined value, and

a probability density function comprising a uniform distribution is generated as

particles when the random number is less than the first predetermined value.

5. The method for detecting a change-point in time-series data according to any one of
Claims 1 to 4, wherein:
the true market price at the time (t+1) is calculated by adding the potential term and a

fluctuation error of the true market price at the time (t).

6. The method for detecting a change-point in time-series data according to any of
Claims 1 to 5, wherein:
the market price observed at the time (t) is the sum of the true market price at the time

(t) and the observation error of the market price at the time (t).

7. The method for detecting a change-point in time-series data according to Claim 5 or
6, wherein:

the fluctuation error of the true market price at the time (t) and the observation error of
the market price at the time (t) are given by a probability density function in accordance with a

normal distribution.

8. A method for predicting a probability density distribution of future time-series data
values, comprising:

calculating a true market price P(t) at the time (t) at a time (t+N) by time advancement
of the true market price P(t) at the time (t) based on a potential coefficient of the potential term at

the time (t) calculated by the method for detecting a change-point in time-series data according
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to one of Claims 1 to 7, the value of M and a fluctuation error of the true market price at the time

(®).

9. The method for predicting a probability density distribution of future time-series data
values according to Claim 8, wherein

when a total number of particles is Np,

a number specifying the particle is j (where j is an integer satisfying 1<j<Np),

a potential coefficient of the particle with the number j at the time (t) is b¥i(t) (where i
is an integer of 2 or more indicating an order of a potential),

a fluctuation error of the true market price of the particle with the number j at the time
() is £7p(1),

the true market price of the particle with the number j at the time (t) is PY(t),

the true market price of the particle with the number j at the time (t+N) is PO)(HN),

a core price of the market price of the particle with the number j at the time (1) is
PYy(t), and

the value of M at the time (t) is M(t),

the true market price PY(t+N) of the particle with the number j at the time (t+N) is

represented by Expression:

. . N-1| K X P(]) (t + n)_P(J) (t + l’l) = R
(/) = PN pl) M )
PO N)=PP0)- 313 m( e - £O2(0)

where K is an integer of 2 or more.

10. The method for predicting a probability density distribution of future time-series
data values according to Claim 9, wherein

a potential coefficient b¥(t+1) of the particle with the number j at a time (t+1) is
calculated by advancement of time of the potential coefficient bY(t) of the particle with the

number j at the time (t).

11. A program for detecting a change-point in time series data, in which a computer is
used to execute the detection of a change-point in time-series data in which a particle filter
method is applied to a PUCK model for calculating a true market price P(t) at a time (t) by the

sum of a potential term and fluctuation error defined by the true market price at a time (t-1) and a
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core price, which is the moving average of a number M (where M is a positive integer) of true
market prices until the time (t-1), wherein:

a computer is used to execute

a first processing for obtaining a probability density function of a parameter by
generating a group of particles having parameters representing the state of the PUCK model each
having different values,

a second processing for evaluating the degree of conformity of the true market price at
the time (1) relative to the market price observed at time (t) for each of a plurality of particles in a
degree of conformity evaluation unit, and

a third processing for resampling particles from the plurality of particles in accordance
with the degree of conformity in a resampling unit,

wherein

processing for regenerating a probability density function comprising a probability
density distribution where the parameter representing the state of the PUCK model at the time (t)
is a mean value as particles is executed when the random number is greater than the first
predetermined value, and

processing for generating particles in accordance with a uniform distribution is
executed when the random number is less than the first predetermined value

are executed.

12. The program for detecting a change-point in time series data according to Claim 11,
wherein:

the probability density distribution where the parameters representing the state of the
PUCK model at the time (t) are average values is a normal distribution where the parameters

representing the state of the PUCK model at the time (t) are average values.

13. The program for detecting a change-point in time-series data according to Claim 11
or 12, wherein:

in the third step,

not only are particles sampled more when having a greater degree of conformity, but
also feasible particles having a low degree of conformity are also generated at a constant

proportion.
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14. The program for detecting a change-point in time-series data according to any one
of Claims 11 to 13, wherein:

in the first step,

processing for generating a random number,

processing for generating a conditional probability density function assuming a
parameter of the PUCK model at the time (t) as particles, and

processing for generating a probability density function comprising a uniform
distribution as particles when the random number is less than the first predetermined value

are executed.

15. The program for detecting a change-point in time-series data according to any one
of Claims 11 to 14, wherein:
the true market price at the time (t) is calculated by adding the potential term and the

fluctuation error of the true market price at the time (t).

16. The method for detecting a change-point in time-series data according to any one of
Claims 11 to 15, wherein:
the market price observed at the time (t) is the sum of the true market price at the time

(t) and the observation error of the market price at the time (t).

17. The program for detecting a change-point in time-series data according to Claim 15
or 16, wherein:

the fluctuation error of the true market price at the time (t) and the observation error of
the market price at the time (t) are given by a probability density function in accordance with a

normal distribution.

18. A program for predicting a probability density distribution of future time-series
data values, wherein:

a true market price P(t) at the time (t) at a time (t+N) is calculated by time advancement
of the true market price P(t) at the time (t) based on a potential coefficient of the potential term at
the time (t) calculated by the program for detecting a change-point in time-series data according
to one of Claims 11 to 17, the value of M and a fluctuation error of the true market price at the

time (t).
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19. The program for predicting a probability density distribution of future time-series
data values according to Claim 18, wherein

when a total number of particles is Np,

a number specifying the particle is j (where j is an integer satisfying 1<j<Np),

a potential coefficient of the particle with the number j at the time (t) is bG)i(t) (where 1
is an integer of 2 or more indicating an order of a potential),

a fluctuation error of the true market price of the particle with the number j at the time
(t) is fp(1),

the true market price of the particle with the number j at the time (t) is PG)(t),

the frue market price of the particle with the number j at the time (t+N) is PO(t+N),

a core price of the market price of the particle with the number j at the time (t) is
PO(t), and

the value of M at the time (t) is M(t),

the true market price PY(t+N) of the particle with the number j at the time (t+N) is

represented by Expression:

. ok [ (PO pDe e
() ~ p) ) )
PO+ N)=PP0)= 343 18 i(t){ YT +f(0)

where K is an integer of 2 or more.

20. The program for predicting a probability density distribution of future time-series
data values according to Claim 19, wherein

a potential coefficient b¥y(t+1) of the particle with the number j at a time (t+1) is
calculated by advancement of time of the potential coefficient bi(t) of the particle with the

number j at the time (t).



