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Description

Title of Invention: LATENT VARTABLE MODEL ESTIMATION APPARATUS,
AND METHOD

Technical Field

[0001]

The present invention relates to latent variable model
estimation apparatus and method for multivariate data having
seqguential dependence, and a latent variable model estimation
program, particularly to latent variable model estimation
apparatus and method for approximating a model posterior
probability to maximize a lower bound of the model posterior
probability, thereby estimating a latent variable model of
multivariate data having sequential dependence, and a latent
variable model estimation program.

Background Art
[0002]

There are various pileces of data having seguential
dependence. Examples of the data having the sequential
dependence include data having temporal dependence, a text
depending on a character sequence, and genetic data depending
on a base sequence.

[0003]

Pieces of data typified by sensor data acquired from an
automobile, a laboratory data history of a medical checkup, and
an electric demand history are multivariate data having the
"sequential dependence (in the example, temporal dependence)".
An analysis of the data is applied tomany industrially important
fields. For example, it is conceivable that a breakdown cause
of the automobile is analyzed to implement a quick repair by
analyzing sensor data acquired from the automobile. It is also
conceivable that an estimation of a risk of a disease and
prevention of the disease can be implemented by analyzing the
laboratory data history of the medical checkup. It is also

conceivable that the electric demand is predicted to prepare
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for excess or deficiency by analyzing the electric demand
history.
[0004]

Generally such pileces of data are modeled using a latent
variable model (for example, hidden Markov model) having the
sequential dependence. For example, in order to use the hidden
Markov model, it is necessary to decide a latent state number,
a kind of an observation probability distribution, and a
distributionparameter. Inthecasethatthe latent statenumber
and the kind of the observation probability distribution are
found, the parameter can be estimated using an expectation
maximization method (for example, see Non Patent Literature
(NPTL) 1).

{0005]

A problem that the latent state number or the kind of the
observation probability is found is generally called a "model
selection problem" or a "system identification problem", and
isanimportant problemtoconstructareliablemodel. Therefore,
various technologies are proposed.

[0006]

For example, NPTL 2 proposes a method for maximizing
variational free energy by a variational Bayesian method, as
a method for deciding the latent state number. For example,
NPTL 3 proposed a non-parametric Bayesian method, in which a
hierarchical Dirichlet process prior distribution is used, as
the method for deciding the latent state number.

[0007]

In NTPL 4, a complete marginal likelihood function is
approximated to amixedmodel that is of a representative example
of a latent variable model independently of the temporal
dependence, and its lower bound is maximized.

Citation List
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Summary of Invention

Technical Problem

[0009]

In the method disclosed in NPTL 2, unfortunately
approximation accuracy of a marginalized likelihood degrades
because it 1is assumed that the latent state and distribution
parameter are independent on a variational distribution when
the lower bound of the marginalized likelihood function is
maximized.

[0010]

Inthemethoddisclosed inNPTL 3, althoughanocoptimization
algorithm based on a Monte Carlo method is well known,
unfortunately a calculation amount becomes extremely large.
[0011]

Because of the extremely large calculation amount, it is
virtually difficult to decide the kind of the observation
probability by the methods disclosed in NPTL 2 and NPTL 3.
[0012]

The problem with the calculation amount will be described
by taking the case that the observationprobabilitydistribution
is a mixed polynomial curve as an example. The latent state

is omitted because the latent state has no influence on the
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following discussicn. In the case that an observation of a
certain latent state is a polynomial curve, it is necessary to
correctly select an order of the curve, such as a first-order
curve (straight line), a second-order curve, and a third-order
curve. In the above methods, it is necessary to calculate an
informaticonamountcriterionwithrespecttoallmodel candidates,
such as the case including three latent state numbers, two
straight lines, and two second-order curves and the case
including five latent state numbers, three third-order curves,
and two fourth-order curves. Assuming that the latent state
nurber is 10 and the maximum order of the curve is 10, there
are hundreds of thousands of model candidates. Assuming that
the latent state number is 20 and the maximum order of the curve
is 20, therearetensofbillions of model candidates. The number
of model candidates increases exponentially with increasing
complexity of the model to be searched. Accordingly, it is
virtually difficult to perform the calculation by the methods
disclosed in NPTL 2 and NPTL 3.

[0013]

The technology disclosed in NPTL 4 cannot be applied to
the latent variable model having the sequential dependence
because the independence isrequiredbetweenthe latent variables.
In the technology disclosed in NPTL 4, because the sequential
dependence between the latent variables is not considered, the
variational distribution of the latent variable is calculated
as an eqguation (15) of NPTL 4. However, the equation is not
suitable in the case that the sequential dependence exists
between the latent variables, and there is no guarantee that
the proper model is obtained. Additionally, unfortunately a
transition probability between the latent variables cannot be
calculated.

[0014]
Therefore, an object of the invention is to implement the

model selection at high speed even if the number of model
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candidates increases exponentially as the latent state number
andthe kindof the observationprobability increaseina learning
problem of the latent variable model having the sequential
dependence with respect to the multivariate data.

Solution to Problem

{0015]

A latent variable model estimation apparatus according
to the present invention includes: a variational probability
calculating unit that calculates a variational probability by
maximizing a reference value, the reference value being defined
as a lower bound of an approximation amount in which Laplace
approximation of a marginalized log likelihood function is
performed with respect to an estimator for a complete variable;
amodel estimationunit that estimates anoptimumlatent variable
model by estimating a kind and a parameter of an observation
probabilityineachlatentstate; andaconvergencedetermination
unit that determines whether a reference value, which is used
to calculate the variational probability by the variational
probability calculating unit, converges.

[0016)

Further, a latent variable model estimation method
according to the present invention includes: calculating a
variational probability by maximizing a reference value, the
referencevaluebeingdefinedasalower boundof anapproximation
amount in which Laplace approximation of a marginalized log
likelihood function is performed with respect to an estimator
for a complete variable; estimating an optimum latent variable
model by estimating a kind and a parameter of an observation
probability in each latent state; and determining whether a
reference value, which is used to calculate the variational
probability, converges.

[0017]
Furthermore, a latent variable model estimation program

according to the present invention causes a computer to execute:



(€21

10

15

20

25

30

avariational probabilitycalculationprocessingof calculating
a variational probability by maximizing a reference value, the
referencevaluebeingdefinedasalower boundof anapproximation
amount in which Laplace approximation of a marginalized log
likelihood function is performed with respect to an estimator
for a complete variable; a model estimation processing of
estimating an optimum latent variable model by estimating a kind
and a parameter of an observation probability in each latent
state; andaconvergencedeterminationprocessingof determining
whether a reference value, which is used to calculate the
variational probability in the variational probability
calculation processing, converges.

Advantageous Effect of Invention

[0018]

According to the invention, the model can be selected at
high speed even 1f the number of model candidates increases
exponentially as the numbers of latent states and kinds of the
observation probability increase.

Brief Description of Drawings

[0019]

[FIG. 1] FIG. 1 is a block diagram illustrating a latent
variable model estimation apparatus according to a first
exemplary embodiment of the invention;

[FIG. 2] FIG. 2 is a block diagram illustrating an example
of a latent variable variational probability calculation
processing unit 104;

[FIG. 3] FIG. 3 is a flowchart illustrating an example of
a processing procedure of the first exemplary embodiment of the
invention;

[FIG. 4] FIG. 4 is a flowchart illustrating an operation of
the latent variable variational probability calculation
processing unit 104;

[FIG. 5] FIG. 5 is a block diagram illustrating a latent

variable model estimation apparatus according to a second
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exemplary embodiment of the invention; and

[FIG. 6] FIG. 6 is a block diagram illustrating an outline
of a latent variablemodel estimationapparatus of the invention.
Description of Embodiment (s)

[0020]

Hereinafter, anexemplaryembodiment of the inventionwill
be described with reference to the drawings. In the following
description, for the sake of convenience, sometimes a notation
in amathematical formula differs from a notation in a sentence.
For example, a symbol "~" is described above the variable in
the mathematical formula, while the symbol "~" is described on
the right side in the sentence for the sake of convenience. The
difference between the notation in the mathematical formula and
the notation in the sentence falls within a range where those
skilled in the art can understand the difference.

[0021]

A latent variable model estimation apparatus of the
invention estimates a latent variable model having seguential
dependence. In the following description, the data having the
temporal dependence is taken as an example of the data having
the sequential dependence. However, the invention is not
limited to the data having the temporal dependence, but the
inventioncanbeappliedtoanypileceof datahavingthe sequential
dependence. For example, the invention may be applied to data
depending on a character sequence, data depending on a base
sequence, and data depending on another sequence.

[0022]

A hidden Markov model (see an equation (1)) that is of
a representative model of the latent variable model having the
sequential dependence will specifically be described below.
[0023]

[Formula 1]
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equation (1)
[0024]
It is assumed that a data stringx™ (n=1, ... ,N) depending

on time is input. At this point, it is assumed that each x°

is a multivariate data string (x* = x"1, ..., x¥"T, t =1, ...,
N) having a length Tn. Then a latent variable z"t = (z°tl, ...,
z"tK) is defined with respect to an observation variable x°t.
z"'tk = 1 means that x"t is data generated froma kth latent state,
and z"tk = 0 means otherwise. Zy.-." z"tk = 1 holds. A set of
xandziscalleda"completevariable”., xiscalledanincomplete
variable as its contrast. A simultaneous distribution of the
hidden Markov model related to the complete variable is defined
as P(x,z) in the equation (1). A variational distribution of
the hidden Markov model related to the latent variable is
expressed by a distribution g(z"tk) in the kth latent state z"tk
at a time t and a distribution g(z"t-1k, z"tj) that transitions
from a kth state to a jth state at a time t-1 to the time t.
[0025]

In the equation (1), K indicates a latent state number.
0 = (al, ..., ak, B1l, ..., BK, ¢1, ..., ¢K) indicates a model
parameter. Where ak indicates an initial probability in the
kth latent state, Pk indicates a transition probability from
the kth latent state, and ¢k indicates an observation parameter

with respect to the kth latent state. S1, ..., SKindicate kinds

of the observation probabilities corresponding to ¢k. For
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example, candidatesthatmaybe Sl toSKare {normaldistribution,
log~normal distribution, exponential distribution} in the case
of amultivariatedatagenerationprobability, andthe candidates
are {zero-order curve, first-order curve, second-order curve,
third-order curve} in the case of a multinomial curved output.
[0026]

Although a specific example is always described using the
hidden Markovmodel, the invention can alsobe appliedto similar
models of extended models (such as a hidden semi-Markov model
and a factorized hidden Markovmodel) of the hidden Markov model.
Similarly, although the distribution of a target variable X is
described in this specification, the invention can also be
applied to the case, such as regression and discriminant, in
which an observation distribution is a conditional model P(Y|X)
(Y is a random variable that is of the target).

[{0027] PFirst Exemplary Embodiment

FIG. 1 is a block diagram illustrating a latent variable
model estimation apparatus according to a first exemplary
embodiment of the invention. A latentvariablemodel estimation
apparatus 100 includes a data input device 101, a latent state
number settingunit 102, an initialization processing unit 103,
a latent variable variational probability calculation
processing unit 104, a model optimization processing unit 105,
anoptimalitydeterminationprocessingunit 106, anoptimummodel
selection processing unit 107 and a model estimation result
output device 108. Inputdatalllisinputtothelatentvariable
model estimation apparatus 100, and the latent state number and
the kind of the observation probability are optimized with
respect to the input data 111 and output as a model estimation
result 112.

(00287

FIG. 2 is a block diagram illustrating an example of the

latent variable variational probability calculation processing

unit 104. The latent variable variational probability
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calculation processing unit 104 includes a forward probability
calculation processing unit 1041, a normalization constant
storageunit 1042, abackwardprobabilitycalculationprocessing
unit 1043, and a forward/backward probability totaling
processingunit 1044. The input datalll andanestimationmodel
1045 estimated by the model optimization processing unit 105
are input to the latent variable variational probability
calculation processing unit 104, and the latent variable
variational probabilitycalculationprocessingunit 104 outputs
a latent variable variational probability 1046 and a forward
probability normalization constant 1047.

[0029]

The input device 101 is an input interface device to which
the input data 111 is input. Parameters, such as the kind of
the observation probability and a candidate value of the latent
state number, which are necessary to estimate the model, are
also simultaneously input to the input device 101 in inputting
the input data 111.

[0030]

The latent state number settingunit 102 selects the latent
state number of the model from the input candidate values of
the latent state numbers, and sets the latent state number.
Hereinafter K indicates the set latent state number.

[0031]

The initialization processing unit 103 performs
initialization processing for the purpose of estimation. The
initialization can be performed by any method. Examples of the
initialization includes a method for randomly setting the kind
of the observation probability in each latent state and randomly
setting the parameter of each observation probability according
tothe set kind and amethod for randomly settinga latent variable
variational probability.

[0032]
The latent variable variational probability calculation

10
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processing unit 104 calculates the latent variable variational
probability. At this point, because the parameter 0 is
calculatedbythe initializationprocessingunit 103 or themodel
optimization processing unit 106, the latent variable
variational probability calculation processing unit 104 uses
the calculated value of the parameter 8. The latent variable
variational probability calculation processing unit 104
calculates the variational probability by maximizing the
followingoptimizationreferenceA. Theoptimizationreference
A is defined as a lower bound of an approximation amount in which
Laplace approximation of amarginalized log likelihood function
isperformedwith respect toanestimator {(for example, a maximum
likelihood estimator or a maximum a posteriori estimator) for
the complete variable. The lower bound can be derived using
optimalityof theestimatorwith respect tothe complete variable
and concavity of a logarithmic function.

[0033]

The procedure will be described by taking a hidden Markov
model as an example. First the lower bound of the marginalized
log likelihood function 1s discussed. The lower bound is
expressed by the following equation (2).
r0034]

[Formula 2]

v 2N M
;ng(me)Z;q(zN)log(P( )

equation (2}

[0035]
In the equation (2), an equal sign holds by maximizing
a variational probakility g(zN). The following equation (3)

is obtained as an approximation equation of the marginalized

11



log likelihood function such that the Laplace approximation is
performed to a marginalized likelihood of the complete variable
of a numerator using the maximum likelihood estimator for the
complete variable.

5 [0036]

[Formula 3]

7 (2,8, Zq ) (1og (", =V16)

= K 1 N,Tn—1
- logN =y Prlog( Dz
k=1 'ﬂ,t:l
7 N,T,
_ Z x Jog( Z ) — log q(zN)>.
n,t=1

equation (3}

[0037]
Where a superscript bar indicates the maximum likelihood

10 estimator for the complete variable. D indicates a dimension
of a subscript parameter *.

[0038]
The lower bound of the equation (3) i1s calculated by an

equation (4) using a property in which the maximum likelihood
15 estimator maximizes the log likelihood function with respect

to the equation (3) and the fact that logarithmic function is

a concave function.

[0039]

[Formula 4]

12
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—logq(zN)] + Z log Af — —25 log N — Z( 5” X
n,t=1 k=1
N,T,—1 Dy N, T
(o8l 3 d(e4e)) = 1) + “2=(108( 3, 4(z44)) = 1)),
n,t n,t
At xp . Z(Z?j:’,f:_mnlwl @(z;k)) 2(2:«\.’,’&”}_ lf(zi;,))
5t = if t < T,
L e f — Dy, ) if ¢+ =
A ‘"’Xp( T ayy) LTI

equation (4}

{0040}

Variational distributions g(z"tk) and g(z"t-1k, z"tj) of
the latent variable are calculated by maximizing the equation
(i) {i-1)

(4) with respect to g. However, g and

is fixed to g~ = g
6 = 0% when a superscript (i) indicates an (i)th repetition
in a repetitive calculation of the latent variable variational
probability calculation processing unit 104, the model
optimization processing unit 105, and the optimality

determination processing unit 106.

[0041]

Bisaportiontowhichanunderline is added in the equation
(4). B can be referred to by an equation (8) described later.
[0042]

13
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The elements included in the latent variable variational
probability calculation processing unit 104 will be described
with reference to FIG. 2. The input data 111 and the estimation
model are input tothe forwardprobabilitycalculationprocessing
unit 1041. The forwardprobabilitycalculationprocessingunit
1041 calculates the probability of z"t as a forward probability
in the case that observations (x"1, ..., x"'t) are obtained from
a time 1 to the time t., At this point, the forward probability
iscalculatedinconsideration of model complexity (for example,
a term related to 0tk in the equation (4)), which is calculated
using the optimization reference A. The forward probability
calculationprocessingunit 1041 storesancrmalizationconstant,
which sets a sum of latent states of the probability of z"t to
1, in the normalization constant storage unit 1042.

[0043]

Similarly, the backward probability calculation
processing unit 1043 calculates the probability of x"t as a
backward probability in the case that observations (x"t+1, ...,
x"T) are obtained froma time t+1 to a time T. The normalization
constant, which is obtained at the same time as the calculation
of the forward probability, 1s read from the normalization
constant storage unit 1042 in calculating the backward
probability. At this point, the backward probability 1is
calculatedinconsiderationof themodel complexity (forexample,
the term related to 8tk in the equation (4)), which is calculated
using the optimization reference A.

[0044]

Finally the forward/backward probability totaling
processing unit 1044 calculates the variational distribution
from the forward probability and the backward probability. For
example, the forward/backward probability totaling processing
unit 1044 calculates qg(z"tk) as the probability of z"tk in
obtaining x"1, ..., x"T. The forward/backward probability

totaling processing unit 1044 calculates g(z"tk) as a product

14



of the forward probability and the backward probability using
the following equation (5).
[0045]

[Formula 5]
g (2,) = f%)bt(@)

equation (5)

[004¢6]
The forward/backward probability totaling processing
unit 1044 calculates q(z"t-17, z°tk) as a product of a probability
of z"t-19 in the case that x"1, ..., x"t-1 are obtained, a
10 probability of transition from the latent state j to the latent
state k, a probability of observing xnt in the latent state k,
and a probability of x"t in the case that (x"t+1, ..., X"T) are
obtained. Specifically, the forward/backward probability
totaling processing unit 1044 calculates g(z"t-17j, z"tk) using
15 the following equation {6) (see an equation (7) for adefinition
of g~ of the left side of the equation (6)).
[0047]
[Formula 6]
— — — 1
t— 1(1) zt Iq_«)(t 1)) (¢ Dbifk)

(1,)( nj ?‘an) Cg(z) f

equation (6)

20 [0048]

The procedurewill be describedby taking the hidden Markov
model as an example. The forward probability and the backward
probability are calculated using the following equation (7).
[0049]

25 [Formula 7]
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equation (7)

[0050]

Wheref‘nk(afirstequationoftheequation(7))expresses
forwardprobability,andb%ﬂ<(asecondequathm&oftheequation
(7)) expresses the backward probability. More specifically,
both the forward probability and the backward probability are
described as recurrence equation in the eguation (7). The
forward probability can sequentially be calculated fromt = 1,
and the backward probability can sequentially becalculated from
t = T. The normalization constant is calculated by £*n. The
backward probability calculation processing unit 1043 may
calculate the backward probability using the normalization
constant, which is calculated by the forward probability
calculation processing unit 1041 to calculate the forward
probability.

[0051)

A third eqguation of the eguation (5) includes
multiplication related to 8. This means that the model
complexity calculated using the optimization reference A is
considered.

[0052]

The model cptimization processing unit 105 optimizes the

16
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model (parameter 6 and its kind S) with respect to the equation
(4). Specifically, the model maximizing G in the equation (4)
is calculated while g and g~ are fixed to the wvariational
distribution.(q(“) of the latent variable, which is calculated
by the latent variable variational probability calculation
processing unit 104. An important point of the processing is
that, in G defined by the equation (4), because an optimization
function can be resolved in each component, S1 to SK and the
parameters ¢; to ¢x can separately be optimized without
considering a combination (which one of S1 to SK is assigned)
of the kinds of components. Therefore, in optimizing the kind
of the component, the optimization can be performed while a
combinatorial explosion is avoided.

[0053]

The optimality determination processing unit 106
determineswhether theoptimizationreferenceAcalculatedusing
the equation (4) converges. When the optimization reference
A does not converge, the pieces of processing from the latent
variable variational probability calculation processing unit
104 to the optimality determination processing unit 106 are
repeated. In calculating the optimization reference A
calculated using the equation (4), the calculation of Zzn g(zn)
log g{zn) requires a calculation amount of an exponential time
because the latent state is not independent. However, the
calculationcanefficientlybeperformedusingthenormalization
constant stored in thenormalizationconstant storageunit 1042.
For example, the hidden Markov model is calculated using the
following equation (8).

[0054]

[Formula 8]

17



10

15

20

25

N T,
D2 g+ B
n=1t=1

equation (8)

[0055]

B indicated in the equation (8) is the portion to which
the underline is added in the equation (4).

[0056]

The pieces of processing from the latent variable
variational probability calculation processing unit 104 to the
optimality determination processing unit 106 are repeated to
update the variational distribution and the model, which allows
the proper model to be selected. The monotonous increase of
the optimization reference A is guaranteed by the repetition.
f0057]

When the optimization reference A converges, the model
corresponding to larger one of the optimization reference A,
which is calculated by the loop processing from the latent
variable variational probability calculation processing unit
104 to the optimality determination processing unit 106, and
the optimization reference A, which is calculated by the
preceding loop processing, is set to the optimum model with
respect to the latent state number K set by the latent state
number setting unit 102. When the model optimization is
completed for all the candidate values, the processing transfers
to the model estimation result output device 108. When the
candidate to which the optimization is not performed yet exists,
the processing transitions to the latent state number setting
unit 102.

[0058]
The model estimation result output device 108 outputs the

optimum latent state number, the kind, the parameter, and the
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variational distribution of the observation probability as the
model estimation result output 112.
[0059]

For example, the latent state number setting unit 102,
the initialization processing unit 103, the latent variable
variational probability calculation processing unit 104 (the
forward probability calculation processing unit 1041, the
normalization constant storage unit 1042, the backward
probability calculation processing unit 1043, and the
forward/backward probability totaling processing unit 1044),
the model optimization processing unit 105, the optimality
determination processing unit 106, the optimum model selection
processing unit 107, and the model estimation result output
device 108 are implemented by a CPU of a computer that operates
according to a latent variable model estimation program. The
CPU reads the latent variable model estimation program from the
computer-readable recording medium in which a latent variable
model estimationprogramis recorded, andthe CPUhas just provide
the operation of the above elements according to the latent
variable model estimation program.

r0060]

Alternatively, the latent state number setting unit 102,
the initialization processing unit 103, the latent variable
variational probability calculation processing unit 104, the
model optimization processing unit 105, the optimality
determination processing unit 106, the optimum model selection
processing unit 107, and the model estimation result output
device 108 may separately be implemented by hardware. The
forward probability calculation processing unit 1041, the
normalization constant storage unit 1042, the backward
probability calculation processing unit 1043, and the
forward/backward probability totaling processing unit 1044 may
separately be implemented by hardware in the latent variable

variational probability calculation processing unit 104.

19



10

15

20

25

30

[0061]

FIG. 3 is a flowchart illustrating an example of a
processing procedure of the first exemplary embodiment of the
invention. The input data 111 is input through the data input
device 101 (Step S100).

[0062]

The latent state number setting unit 102 selects and sets
the candidate value of the latent state number, to which the
optimization is not performed yet, in the input candidate values
of the latent state numbers (Step S101).

[0063]

The initialization processing unit 103 performs the
initialization processing of the parameter and the latent
variable variational probability to the set latent state number
for the purpose of the estimation (Step S5102).

[0064]

The latent variable variational probability calculation
processing unit 104 calculates the variational probability of
the latent variable (Step S103).

[0065]

The model optimization processing unit 105 estimates the
kind and the parameter of the observation probability in each
latent state (Step S104). It can be said that the processing
is the optimization of the model in each latent state.
[0066]

The optimality determination processing unit 106
determines whether the optimization reference A converges (for
example, S105). The optimality determination processing unit
106 calculates a difference between the optimization reference
A, which is obtained in the current loop processing in Steps
S103 to 8105, and the optimization reference A, which is obtained
in the preceding loop processing in Steps S103 to 8105. When
an absolute value of the difference is less than or equal to

a predetermined threshold, the determination that the
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optimization reference A converges may be made. When the
absolute value of the difference is greater than the threshold,
the determination that the optimization reference A does not
converge may be made. The difference between the optimization
referencesAiscalculatedbytheabsolutevaluebywayof example.
Alternatively, a method for determining the convergence by a
relative difference may be adopted.

[0067]

When it is determined that the optimization reference A
does not converge in Step S105, the pieces of processing in Steps
S103 to $105 are repeated.

[0068]

When it is determined that the optimization reference A
converges in Step 5105, the optimum model selection processing
unit 107 compares the optimization reference A of the model (the
latent state number, the kind of the observation probability,
and the parameter), which is optimized in the current loop
processing in Steps S103 to S105, to the optimization reference
Aof themodel, whichisoptimizedinthepreceding loopprocessing
in Steps 3103 to 5105, and the optimummodel selection processing
unit 107 sets the model corresponding to the larger optimization
reference A to the optimum model (Step S5106).

(00691

The latent statenumber settingunit 102 determines whether
the candidate of the latent state number that is not estimated
remains (Step S107). When the candidate of the latent state
number remains, the pieces of processing in Steps S$102 to 8107
are repeated. Ontheotherhand, whenthe candidateof the latent
state number does not remain, the model estimation result output
device 108 outputs the model estimation result (Step $108), and
the processing is ended.

[0070]
FIG. 4 is a filowchart illustrating an operation (in other

words, aprocessingprocedure in Step S103) of the latent variable
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variational probability calculation processing unit 104 of the
first exemplary embodiment.
[0071]

The forward probability calculation processing unit 1041
calculates a forward probability £f**) nk for a tth time of nth
data (Step S111). At this point, the forward probability
calculation processing unit 1041 also calculates the
normalization constant, and stores the normalization constant
in the normalization constant storage unit 1042 (Step S112).
[0072]

Then the forward probability calculation processing unit
1041 checks whether the calculation of the forward probability
is completed for all the times t (Step S113). When the
calculation of the forward probability is not completed, the
pieces of processing in Steps S111 and S112 are repeated. When
the calculation of the forward probability is completed, the
flow goes to the processing in Step S114.

[0073]

The backward probability calculationprocessingunit 1043
calculates a backward probability b**'nk for the tth time of
the nth data (Step $114). Then the backward probability
calculation processingunit 1043 checks whether the calculation
of the backward probability is completed for all the times t
{(Step S115). When the calculation of the backward probability
is not completed, the processing in Step S114 is repeated. When
the calculation of the backward probability is completed, the
flow goes to the processing in Step S116.

[0074]

The forward/backward probability totaling processing
unit 1044 calculates the variational distributionby performing
processingoftotalingthe forwardprobabilitiesandthebackward
probabilities for all the times of the nth data (Step S116).
[0075]

The forward/backward probability totaling processing
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unit 1044 checks whether the variational distribution
calculation processing is completed for all the pieces of data
related to n (Step S117). When the variational distribution
calculationprocessingisnotcompleted, thepiecesofprocessing
from Step S111 are repeated. When the variational distribution
calculation processing is completed, the processing is ended.
[0076]

Even if the number of model candidates increases
exponentially as the numbers of latent states and kinds of the
observation probability increase, the model can be selected at
high speed by the operation (Particularly, the operation of the
latent variable variational probability calculationprocessing
unit 104) of the invention.

[0077]

As described above, the technology disclosed in NPTL 4
cannot be applied to the latent variable model having the
sequential dependence because the independence is reguired
betweenthe latentvariables. Ontheotherhand, intheinvention,
the latent variable model of the multivariate data having the
sequential dependence can be estimated.

[0078] Second Exemplary Embodiment

FIG. 5 is a block diagram illustrating a latent variable
model estimation apparatus according to a second exemplary
embodiment of the invention. Comparingwiththe latent variable
model estimationapparatus 100 (see FIG. 1) of the first exemplary
embodiment, the latent variable model estimation apparatus 200
of the secondexemplary embodiment includes not the optimummodel
selectionprocessingunit 107 but a latent state number selection
processing unit 201.

[0079]

The data input device 101, the latent state number setting
unit 102, the initialization processing unit 103, the latent
variable variational probability calculation processing unit

104, the model optimization processing unit 105, the optimality
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output device 108 are the same as those in the first exemplary
embodiment.

[0080]

The latent variable model estimation apparatus 100 of the
first exemplary embodiment performs the model optimization to
the candidate of the latent state number, and selects the model
maximizing the optimization reference A. On the other hand,
in the latent variable model estimation apparatus 200 of the
second exemplary embodiment, the latent state number selection
processing unit 201 removes the decreased latent state from the
model after the processing of the latent variable variational
probability calculation processing unit 104.

[0081]

Specifically, the latent state number selection
processingunit 201 removes the latent state satisfyingthe state
of the following equation (9) with respect to g(z"tk), which
is calculated by the latent variable variational probability
calculation processing unit 104.

(00821

[Formula 9]

N, Ty
1) (.t
E : q( )(znk) <e
n,t=1
equation (9)
[0083]

¢ indicated on the right side of the equation (9) is a
threshold that is input at the same time as the input data 111.
That is, the latent state number selection processing unit 201
removes the latent statethatislessthanoregqualtothe threshold
€.

[0084]
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The latent state is correctly removed using the equation
(9) for the following reascon. When the forward probability of
the equation (7) is observed, the forward probability decreases
for the small latent state (that is, the latent state
corresponding to the small dtk). In the backward probability,
the small latent state does not contribute to the previous state
too much. Accordingly, in the variational distribution
calculated from the forward probability and the backward
probability, the probabilityof thesmall latent state decreases
gradually through the repetitive optimization (because the
latent state tends to decrease easily in the next update step
as the latent state decreases in the previous update step).
According to the above configuration, unlike the latent variable
model estimation apparatus 100, it is not necessary to optimize
the plural candidates of the latent state numbers, but
advantageously the latent state number, the kind and the
parameter of the observation probability, and the variational
distribution can simultaneously be estimated to suppress
calculation cost.

[0085]

Inthe secondexemplaryembodiment, forexample, the latent
state number setting unit 102, the initialization processing
unit 103, the latent variable variational probability
calculation processing unit 104, the latent state number
selectionprocessingunit 201, themodel optimizationprocessing
unit 105, the optimality determination processingunit 106, and
the model estimation result output device 108 are implemented
by the CPU of the computer that operates according to the latent
variable model estimation program. The CPU reads the latent
variable model estimation program from the computer-readable
recording medium in which a latent variable model estimation
program is recorded, and CPU has just provide the operation of
the above elements according to the latent variable model

estimation program. Each element of the second exemplary
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embodiment may separately be implemented by hardware.
Example 1
[008¢6]

An application example of the first exemplary embodiment
of the invention will be described by taking a running mode
analysis on sensor data of the automobile as an example. In
the following example, a one-dimensional example is described
for the sake of convenience. However, the invention can also
be applied to a multiple dimension.

[0087]

The time series, such as a "running mode"”, can be resolved
into different properties with respect to multidimensional
time-series data acquired from sensors placed in the automobile
with the latent variable model estimation apparatus of the first
exemplary embodiment. In the case of a fault diagnosis or
detection of an abnormal behavior from the sensor data, the
behavior of the sensor largely depends on the running mode.
Therefore, it is necessary to resolve into mode and to analyze,
and it is important toautomatize theresclutionandtheanalysis.
[0088]

For example, assuming that X is an engine rotation speed
and Y is a speed, the hidden Markov model of the multinomial
regression output is considered. At this point, the model to
be estimated is the latent state number, the regression order
(Sk) for the latent state, the regression parameter (¢k), the
initial probability (ak), the transition probability (Bk), and
the variational distribution (q).

[0089]

K=1to 10 are input as the candidate values of the latent
state numbers to the latent variable model estimation apparatus
100 together with the time-series data of the engine rotation
speed and the speed. The latent state number setting unit 102
sequentially sets the latent state number fromK=1 to 10. The

initialization processing unit 103 randomly sets the regression
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order and other parameters to the K latent states in the
initializationprocessing. Themodel isestimatedbythe latent
variable variational probability calculation processing unit
104 to the optimality determination processing unit 106. The
different running states, such as the zero-order polynomial of
X to Y corresponding to the state (constant acceleration) in
which the engine rotation speed is kept constant while the speed
increases, the first-order polynomial of X to Y corresponding
to the state (during deceleration) in which both the engine
rotation speed and the speed decrease, and the second-order
polynomial of X to Y corresponding to the state (sudden
acceleration) in which the engine rotation speed increases
suddenly while the speed increases gradually, are automatically
separated as the regression model having different orders and
coefficientsthroughtheprocessing. Additionally, becausethe
optimum model selection processing unit 107 automatically
selects the best latent state number, for example, the number
of drive characteristics (modes) depending on a driver can
automatically be detected and separated into the proper number
of running modes.

Example 2

[0090]

An application example of the second exemplary embodiment
of the invention will be described below by taking a disease
pattern analysis from a medical care log (receipt data) as an
example. For example, a patient suffering from myocardial
infarction frequently develops lifestyle diseases, such as
high-blood pressure and diabetes, in advance. The lifestyle
disease recurs frequently even if the lifestyle disease is
curable once. Measures to reduce a risk of the disease can be
studiedbyanalyzingthe diseasepattern, andthediseasepattern
analysis can also be used in a lifestyle modification program.
[0091]

In this example, amultidimensional logical-value vector
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time series in which plural logical values are arrayed is used
asthe inputdata, andeachof the logical values indicateswhether
a person has a high-blood pressure (1 indicates that the person
has the high-blood pressure, and 0 indicates that the person
does not have the high-blood pressure). A multidimensional
Bernoulli-observation hidden Markov model is used as the model
to be estimated.

[0092]

Kmax that is of the latent state number and the selection
thresholdegare input togetherwith the inputdata. Thecandidate
value in the latent state is set to Kmax, and a
Bernoulli-distributionparameter is randomly initialized. The
model isestimatedbythe latentvariablevariationalprobability
calculation processingunit 104 to the optimality determination
processing unit 106. Through the processing, the disease
pattern can be separated into a pattern in which the high-blood
pressure and the diabetes coexist, a pattern {(on medication)
inwhichcuringandrecrudescenceof hyperlipidemiaare repeated,
andapatterninwhichthelifestylediseasesarehardlydeveloped,
the latent state corresponding to the uncharacteristic pattern
decreases and 1s removed by the latent state number selection
processingunit 201, andonlythe typical patterncanbeextracted
as the final estimation result.

[0093]

FIG. 6 is a block diagram illustrating an outline of the
latent variable model estimation apparatus of the invention.
The latent variable model estimation apparatus of the invention
includes a variational probability calculatingunit 71, a model
estimation unit 72, and a convergence determination unit 73.
[0094]

The variational probability calculating unit 71 (for
example, the latent variable variational probability
calculation processing unit 104) calculates the variational

probability by maximizing the reference value (for example, the
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optimization reference A), which is defined as the lower bound
of the approximation amount to which the Laplace approximation
of the marginalized log likelihood function is performed with
respect to the estimator for the complete variable.

[0095]

The model estimation unit 72 (for example, the model
optimization processing unit 105) estimates the optimum latent
variable model by estimating the kind and the parameter of the
observation probability in each latent state.

[C096]

The convergence determination unit 73 (for example, the
optimization determination processing unit 106) determines
whether the reference value, which is used to calculate the
variational probability by the variational probability
calculating unit 71, converges.

[0097]

The variational probability calculating unit 71
calculates the variational probability, the model estimation
unit 72 estimates the optimum latent variable model, and the
convergence determination unit 73 determines whether the
reference value converges, namely, the loop processing is
repeated. An optimum model selection unit (for example, the
optimum model selection processing unit 107) that selects the
latentvariablemodel correspondingtothe largerreferencevalue
as the optimum latent variable model when the reference value
converges, the current reference value is compared to the
reference value in the preceding loop processing, may be
included.

[0098]

The variational probability calculating unit 71
calculates the variational probability, the model estimation
unit 72 estimates the optimum latent variable model, and the
convergence determination unit 73 determines whether the

reference value converges, namely, the loop processing is
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repeated. A latent state removingunit (for example, the latent
state number selection processing unit 201) that removes the
latent state satisfying a predetermined condition according to
the calculation result of the variational probability
calculating unit may be included.

[0099]

Themodel estimationunit 72 may estimate the hidden Markov
model as the latent variable model.
[0100]

This application claims priority to Provisional U.S.
Patent Application No. 61/653855 filed on May. 31, 2012, and
the entire disclosure thereof is hereby incorporated herein by
reference.

[0101]

Although the present invention has been described with
reference to the exemplary embodiments hereinabove, the present
invention is not limited thereto. A variety of changes, which
can be understood by those skilled in the art, may be made in
the configuration and details of the present invention within
the scope thereof.

Industrial Applicability
[0102]

The invention is suitably applied to the latent variable
model estimation apparatus for themultivariate data having the
sequential dependence.

Reference Signs List

[0103]

101 data input device

102 latent state number setting unit

103 initialization processing unit

104 latent variable variational probability calculation
processing unit

105 model optimization processing unit

106 optimality determination processing unit

30



107 optimum model selection processing unit
108 model estimation result output device

201 latent state number selection processing unit
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Claims

1. A latent variable model estimation apparatus comprising:
a variational probability calculating unit that
calculates a variational probability by maximizing a reference
value, the reference value being defined as a lower bound of
an approximation amount in which Laplace approximation of a
marginalized log likelihood function is performed with respect

to an estimator for a complete variable;

a model estimation unit that estimates an optimum latent
variable model by estimating a kind and a parameter of an
observation probability in each latent state; and

a convergence determination unit that determines whether
a reference value, which 1s used to calculate the variational
probability by the variational probability calculating unit,

converges.

2. The latent variable model estimation apparatus according
to claim 1, further comprising an optimum model selection unit
that selects a latent variable model as the optimum latent

variable model, the latent variable model corresponding to the
larger reference value when the reference value converges in
repeating loop processing in which the variational probability
calculating unit calculates the variational probability, the
model estimationunitestimatestheoptimumlatent variablemodel,
and the convergence determination unit determines whether the
reference value converges, and when the reference value in the
current loop processing is compared to the reference value in

the preceding loop processing.

3. The latent variable model estimation apparatus according
toclaiml, further comprising a latent state removing unit that
removes the latent state satisfying a predetermined condition

accordingtoacalculationresult of the variational probability

32



10

15

20

25

30

calculating unit in repeating loop processing in which the
variational probability calculating unit calculates the
variational probability, the model estimation unit estimates
the optimum latent variable model, and the convergence
determination unit determines whether the reference value

converges.

4, The latent variable model estimation apparatus according
to any one of claims 1 to 3, wherein the model estimation unit

estimates a hidden Markov model as a latent variable model.

5. A latent variable model estimation method comprising:

calculating a variational probability by maximizing a
reference value, the reference value being defined as a lower
bound of an approximation amount in which Laplace approximation
of a marginalized log likelihood function is performed with
respect to an estimator for a complete variable;

estimating an optimum latent variable model by estimating
a kind and a parameter of an observation probability in each
iatent state; and

determining whether a reference value, which is used to

calculate the variational probability, converges.

6. The latent variable model estimation method according to
claim 5, further comprising selecting a latent variable model
as the optimum latent variable model, the latent variable model
corresponding to the larger reference value when the reference
value converges in repeating loop processing in which the

variational probability is calculated, the optimum latent

variable model is estimated, and whether the reference value
converges is determined, and when the reference value in the
current loop processing is compared to the reference value in

the preceding loop processing.
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7. The latent variable model estimation method according to
claim 5, further comprising removing the latent state satisfying
a predetermined condition according to a calculation result of
thevariationalprobabilityinrepeatingloopprocessinginwhich
the variational probability is calculated, the optimum latent
variable model is estimated, and whether the reference wvalue

converges 1s determined.

8. The latent variable model estimation method according to
anyoneof claims 5to7, whereinahiddenMarkovmodel isestimated

as a latent variable model.

9. A latent variable model estimation program causing a
computer to execute:

a variational probability calculation processing of
calculating avariational probability bymaximizing a reference
value, the reference value being defined as a lower bound of
an approximation amount in which Laplace approximation of a
marginalized log likelihood function is performed with respect
to an estimator for a complete variable;

a model estimation processing of estimating an optimum
latent variable model by estimating a kind and a parameter of
an observation probability in each latent state; and

a convergence determination processing of determining
whether a reference value, which is used to calculate the
variational probability in the variational probability

calculation processing, converges.

10. The latent variable model estimation program according
to claim 9, wherein the latent variable model estimation program
causes thecomputer toexecuteoptimummodel selectionprocessing
of selecting a latent variable model as the optimum latent

variable model, the latent variable model corresponding to the

larger reference value when the reference value converges in
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repeating loop processing of the variational probability

calculation processing, the model estimation processing, and
the convergence determinationprocessing, andwhenthe reference
value in the current loopprocessing is compared to the reference

value in the preceding loop processing.

11. The latent variable model estimation program according
toclaim 9, wherein the latent variable model estimation program
causes the computer to execute latent state removing processing
of removingthe latent statesatisfyingapredeterminedcondition
according toacalculationresult of the variational probability
calculation processing in repeating loop processing of the
variational probability calculation processing, the model
estimation processing, and the convergence determination

processing.

12. The latent variable model estimation program according
to any one of claims 9 to 11, wherein the latent variable model
estimation program causes the computer to estimate a hidden
Markovmodel as the latent variable model in the model estimation

processing.
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