{Description (Title of Invention) MULTIVARIATE DATA MIXTURE MODEL ESTIMATION DEVICE,
MIXTURE MODEL ESTIMATION METHODj; AND MIXTURE MODEL ESTIMATION
PROGRAM 5(Technical Field} {00011 The present invention relates to a multivariate data mixture

Scripiion . . . . . . .
model estimation élewce, a mixture model estimation method, and a mixture model estimation

program, and morg<antieuhitly) to a multivariate data mixture model estimation device, a mixture
model estimation method, and a mixture model estimation pro%ram for estimating the number, types,

and parameters\3 MbHER AR 1 ORke - B AARMou A EoT A A Infkale hidtel (hikfure

distributions) forrapsesentingidatousingraplunality. afonedels isvmpertapt svirdystrial applications.
There are various examples thereof such as a mixture normal distribution model and a mixture hidden
Markov model. FE@%5#édsuch a mixture model is 15industrially used for finding a dishonest

medicalbijh based Qr.an ehserved utlier (NenEatentlitsralure oL deiacting.pHeMrkfailure (Non
Patent Literature 2). In addition, other important application examples of mixture models include

customer behaVRsEEiETsE Py ISRAG BTG REHITYOds theTrEsa mpaam-tht Binti e icusdmers belong to
the same mode)) and;analysis;an.(pigs of Arliclssdstudy.on the. assimption fhakailicles,of the same

topic belong to the same model). 20{%‘)0031 Generally, in the case where the number of mixture
(mixture numbenxufarpidralityrefinodaistdnstitimng atimixtutemiods el seraadled convddnerits) and
the types of components are specified, well-known methods such as an EM algorithm (Non Patent
Literature 3) and a variational Bayesian method (Non Patent Literature 4) can be used to specify
parameters of digtsitigtions Anjodels). It is necessary to determine a mixture number and component

types for atimating such paramelers. 29 The issue, of shecifying. such madels.is generaly called
model selection issue™ or "system identification isste," an considered a8 n important issue for
constructing reliaflesmadelasithrigioreonanyieehrgaes selatip{ichthe isstieahavexbeemopiaposed.

{0004} For example, methods of selecting a model that has a maximum posterior probability are

known as metHoUSSPA A PhiiHY THE" B UPTHBARIE Yo bR HAEE MBTH IR PFEHBE For that

purpose 30are ) @smneiheed iasadiandheramauniialBayesiandnfarspatian, irrmethpgdaased on a
variational Bayesian method (for example, Non Patent Literature 4); 3) a method based on

nonparametric BEjAER R astfiatism asing A Bireh it praeedsigaredmprrddisapdtent titstture 5);
etc. {Citation L%lﬂﬂ% Bﬁ%ﬁl@é—%ﬁ?@h&lels include customer behavior clustering in marketing (study on

the assumption that similar customers belong to the same mode!l) and analysis on topics of articies
(study on the assumption that articles of the same topic belong to the same model),

20 {0003} Generally, in the case where the number of mixture (mixture number) of a plurality of models
constituting a mixture model (also called components} and the types of components are specitied,
well-known methods such as an EM algorithm (Non Patent Literature 3) and a variational Bayesian
method (Non Patent Literature 4) can be used to specify parameters of distributions (models). s
necessary to determine a misture number and component types for estimating such parameters.

25 The issue of specitying such models is generally called "model selection issue" or "system
identification issue,” and considered as an important issue for constructing reliablie models.
Therefore, many techniques relating to the issue have been proposed.

{0004} For example, methods of seleciing a model that has a maximum posterior probability are known as
methods for determining the number of models to be mixed. Methods proposed for that purpose

30 are: 1) a method based on the amount of Bayesian information; 2) a method based on a variational
Bayesian method {for example, Non Patent Literature 4); 3) a method based on nonparametric
Rayesian estimation using a Dirichlet process (for example, Non Patent Literature 5); etc.
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Systems 12, S.RSo(rY gk Dpia RO ORI YEBISS: RAEF PRedS(200), pp. 554-560. INPL 61
Ryohei Fujimakingateshi Merinaga Michinari MepmraasieniiAnkhang Jakayykh NakataeLinear Time

Model Selection for Mixture of Heterogeneous Components”, Proceedings of the 1st Asian Conference
on Machine Ledpaiagi22009Y20¢Stifmarrof! plied Ap(Trdcloiesl TersbieaY0oD8aecordin to the
method 1), modﬁgﬁgll@qtj%_isl_ggssible without establishing an assumption about an anterior
distribution of a model. However, in this case, a Fischer infoimation matrix of a mixture model
becomes nonredfifdr fandrilusacditeriaucan KtiBepbor i dllipidefitéd dina:BBpreper Mittliel @Emumber

cannot be selecled {0007, Aearding foufhe methars.2.30d b misiyre nmber i determined using
a Direchlet distribution and a Direchlet process as an anterior iIStribation for a mixture ratio. However,
in this case, it isRdifficiittoeselertoanroptimalnmixtuze-htumber as compared with general methods in

ity is selected. 30(0008} In addition

ﬁ%“% o‘é’t“re'ﬁg"?‘ﬂ 8% ‘f}%’%ﬁ’ase]i?ﬁé‘%aé mixed

which a model r g)l'!;[i in a high model posterior probabil
according to theﬁréne é%gé!s?" EI}%%?%? %%%titfa y{nlfr%%ggjsal‘f) imize types o

betause of the ameuaioffcaletdaticnstAssan examgle ok figuringdoutihenameertolcalsyiation,
selection of a mixture poléllnomial curve will now be explained. {0009} A polynomial curve includes first

to high-order tefis Sulh 2

gafthear term (first-order curve term), a second-order curve term, and a
third-order curvexeins; RherefeigmifaseptimabmodeMsseleict@dindua, Kenji Aoki and Takayuki

Nakata, "Linear Time Moedel Selection for Mixture of Heterogeneous Components"”, Proceedings of
the 1st Asian Conference on Machine Learning, 2009.

20 {Summary of Invention}
{Technical Problem}

{0006} According to the method 1), mode! selection is possible without establishing an assumption about an
anterior distribution of a model. However, in this case, a Fischer information matrix of a mixture
modei becomes nonregular, and thus criferia cannot be correctly defined and a proper mixture

25 number cannot be selected.

{0007} According to the methods 2} and 3), a mixture number is determined using a Direchiet distribution
and a Direchlet process as an anterior distribution for a mixture ratio. However, in this case, it is
difficult to select an optimal mixture number as compared with general methods in which a model
resulting in a high model posterior probability is selected.

30 {0008} Inaddition, according to the methods 1) to 3), it is practically impossible to optimize types of
models to be mixed because of the amount of calculation. As an exampie for figuring out the
amount of caleulation, selection of a mixture polynomial curve wiil now be explained.

{0009} A pelynomial curve includes first to high-order terms such as a linear term (first-order curve term), a

second-order curve term, and a third-order curve term.  Therefore, if an optimal model is selected



after searching a mixture number from | to Cmax and the order of a curve from first to according to the
above-described methods, it is necessary to calculate information criteria for all model candidates: one
line and two second-order curves (mixture nu = 3), three third-order curves and two fourth-order
curves (mixturé&ﬁﬂ?ﬁ rg(qrilggg)?ne T For éﬁﬁfﬁﬁg@ﬁéﬁf,&ﬁ% Bé)ﬁ%i:r[f)r%%cfrge ﬁ %,hfﬁemrrl%?ﬁber of model
candidates is aboutih@ e @RGhandddsGihed maoand Dmaxsar2 @, theumbemefimadelrcataditlates is
about ten billion and the complexjty of each model candidate to be searched increases exponentially.
{0010} In addit/Betio°H ‘%%eéi/%’l?ﬁgyﬁﬁfj B NG hiatHEd8 BAER A 81 bthat HEHEYdalEttion criteria
such as an Akaike:s indarmatien-criterionandieiessvaidatinhave heenpropased-However, any of
the 10methods does not make it possible to avoid combinations of types of components. 100111 Non

Patént Literatute & Bropades s Hemer Gfavinaiomd Qi ¥k getiblion intbaiition chiteiSA BT hidden

variable with agninifeismdesesirtioplangthiknonrs sayiuale bt iR RRyesiandniosmatianctterion to
efficiently search the number and types of models to be mixed. However, in this method, a Fischer

information mafif€sEacmtiFéNodel is nonregular due to the same reason as in 15the method 1), and
thus the,giterign.iisellis) MPLeARLALM QRlGALMdEL SRIRGHAR, SRR SHIALE 4000 AL AR-QRIERLOf the
present invention is to solve the problem and to provide a mixture model estimation device, a mixture
model estimatidn/rkidhs Hifandtnsiktaie mddelsestidatiorhprogremprierevtichvitly respe et tbethe model
sejgction issue,afmixtyre model. mode selection sanibe;sapidly done based on a proper criterion
regarding the number of mod‘g c%lng%alltées W%ic increase expgﬁen?%i% gsntﬁe 20number and types to
be mixethiitieEseP{8ulbilenttoeBrobierd {0818} At firstmgpeciraithepresefitimyientorprovides a

mixture model eg(tlimation dev% e including: a d?ta 'm)% llill_ll’lit for inpultti 1(_:Iltdat% of a mixture model to be
. hidden, variable with a mumimum. S3CTIplion ) OWn as equivajent to a eslan ptormation
estimated, an candidate values for a mixture num%@r, and types’an paramealyers Of compaonents
constituting thedidddne effatekthatarerenessasyddier @stivdat nghtheimixture waedahatithe data; a
processing unit which %ets the Tmixtu_re number from the canldidate values, calculates a variation
probability of 2 Hta&r VAFABHIE TSP PATOM VaHEBIE GRS IS AEFERATSP LS atG HOPikdlire model
of the data withheaspred 19, the sed mixtiEgonusbel ;andepialyestiriesdip Mixiassrdel by
optimizi\?ﬁlthe types and parameters of the components using the calculated variation probability of the

hidden vaNia51€ B84 RS BY AN P35Ot BERBART SHEIHIEF aSpsHaTaRPfsh SHRATSR the

components ofithe mixtuie-magel ismaximizasandia model astmation e LatnHtmiL which
outputs a model estimation result obtained by the processing unit. {0014} A second aspect of the

present inventiGFPETo0ide Sadmseareomistie 06 Stivtati B Frlethslalitlaeinh GoRe ersiidly datatestitit unit,
inputting data gf &, mbdue sodel o be.sstimatadnand sandidaigvaluesdor &,4.mixrespumber, and

types and parameters of components constituting the mixture model that are necessary for estimating
thénixture modethst the ideratodausingg Bprsigessing unit to set the mixture number from the candidate
values, calculat?sgiyggj]ng;pog[e bility of a hidden variable for a random variable which is a target for
estimating the mixture model of the data, and optimally estimate the 5Smixture model by optimizing the
types anitOparafrigteaspofithislcomponantstigsipg ties caltxlatedoddriationatiprolaibil ity loflithe didden
variable o thaj, g Jqwer.ound,of g mocel pasterior.probabiity, senaraled far.cach.of the components
of the mixture model Is maximize ; and causing a model estimation result outpu anit {0 ou put a model
estimation resultraiztaine dyby: the processingconito{O0d b Aithird aspectefithé:plesantinvaation

pr%ides a mixgrrgstripnggxglg ﬁlsétlnrg}%ﬂroenngﬁoe%? trl?e f{?aEa;Og %{c?géggng unit which sets the mixture number from
the candidate values, calculates a variation probability of a hidden variable for a random variable
which is a target for estimating the mixture model of the data with respect to the set mixture number,
and optimally estimates the mixtura model by optimizing the types and parameters of the
components using the calculated variation probability of the hidden variable so that a lower bound of

30 a model posterior probability separated for each of the components of the mixture model is
maximized; and a mode! estimation result output unit which outputs a model estimation resuit
obtained by the processing umit.
{0014} A second aspect of the present invention provides a mixture model estimation methed including: by

using a data input unit, inputting data of a mixture model to be estimated, and candidate values for a



10computer as a mixture model estimation device including: a data input unit for inputting data of a
mixture model to be estimated, and candidate values for a mixture number, and types and parameters
of components constituting the mixture model that are necessary for. estimating the mixture model of
the data; a profBS&TRg T WA RSE 0 dR8 RIS TS EF ORI K s VA es! dsidtifates a
variation probakhititys 6 &>hisldenivanabledor asandome: variableswhichdsatargat fos-estinating the
15mixture model of the data with respect to the set mixture number, and optimally estimating the

mixture model BYFSHFARING ST L MY BT LrE PR Lo ALH A g Bk daautades
variation probahiityefthe hiddep.varable sedhatalawanheundef amedelpasieriarnprehability

separated for each of the components of the mixture model is maximized; and a model estimation

resdlt output uritIWHIGHBUHUB A HHBEEI LR A AESIBCB AN B RE ProsEsAgHaE.

20{Advantageays&Hechoftne INeNHaR-00LeL 5%998réjli&ge‘i%!;G@d%ﬁ&iég)é@{%}igfbr%%iﬁ%sDECt to
0

the model selection issue of mixture model, model selection can be rapidly done based on a proper
criterion regarditigrerd fuspepicharenepeaiidi HEts Wit HIAer baseapdhantrallyzsathedaumber and

types to be mixed, Ingrease, (BHG! RESCHRNON, ol Rrawings), 20011 Elg, 1/ laus igsirates a

block diagram for showing the Structure of a mixture model estimation device according to an
embodirtién bfAtterp resenel heamtiont ifFigtiel pA fidereniikistrated @ flowoharpigrshowirgroperations of

the mixture model estimation device illustrated in Fig. 1, {Description of Embodiments) 30{0018}
el Sinattor, a R e e L A e
model estimatiotxpregratyl witkkstidescribet:indiktail Gecdoding touembobimenty ef the presents
invention with reference to the drawings. 00191 rﬁembodiments of the resent invention propose a
device and mefh ST RSt T ARy ATk O re P SARs T eSS BY BOLOYSreiASH T B thput data
(observed valugs)iaf)0 2@ EMathinl]whith eghiation 1y deneiesanmixtdreimunbees Xdengies a random
variable that is the target of mixture model estimation for input data, 0 = (1]1, .=Pis%sc ...,) denotes

parameters of MGHLYE TESATHBRBMY 4 B PR Bl paE Bl tb i BRENE erimaiR the

paggmeters O dgRAER model of the data with respect to the set mixture number, and optimally estimating the
mixture model by optimizing the types and parameters of the components using the caiculated
variation probability of the hidden variable so that a lower bound of a mode! posterior probability
separated for each of the components of the mixture mode! is maximized; and a model estimation
result output unit which outputs a model estimation result obtained by the processing unit.

20 {Advantageous Effect of the Invention}

10016} According to the present invention, with respect to the model selection issue of mixture model,
mode! selection can be rapidly done based on a proper criterion regarding the number of mode!
candidates which increase exponentially as the number and types to be mixed increase.

{Brief Description of Drawings}

25 {0017} {Fig. 1} A figure illustrates a block diagram for showing the structure of a mixture mode! estimation
device according to an embodiment of the present invention.

{Fig. 2} A figure illustrates a flowchart for showing operations of the mixture model estimation
device iltustrated in Fig. 1.
{Description of Embodiments}

30 {0018} Hereinafter, a mixture model estimation device, a mixture model estimation method, and a mixture
model estimation program will be described in detail according to embodiments of the present
invention with reference to the drawings.

{0019} The embodiments of the present invention propose a device and method for estimating a mixture

model represented by P(X[0) of equation 1 for input data (observed values).



mixture ratios when the mixture number is 1 to C, and (p),SlI, ..., (pcs denote distribution parameters of
components Sl to Sc when the mixture number is Itg C). In addition, for example, component
candidates_that can be components 5, to Sc may be {normal distribution, logarithmic normal
dIStI’Ibutl%}lg %n 6>E]E)c}r]1entlal distribution} in the case of mixture distributions or may be {zeroth to
10third order curves} in the case of a mixture polynomial curve model. In addition, O is a function of a
mixture number C and component:types Si ,Sc. However, a description of the function is omitted for

conciseness. {OOZ?OE;%LF?; hid érclfgbgeo)ﬁ (Z,s ....2) will be defined for the random v, Lable X. Zc
=1 means that X i éﬁ%Ca d Ze = 0 means that X is data from othér than the
cth 15component. In addltlon,E,lrc—Zb 1. A pair of X and Z is called "a complete variable" (on the

contrary, X is called "an incomplete variable"). A joint distribution of the complete variable is defined by

P(X, ZIO) as shown.in.eauation:gs {0022l [IMathl: 2t R 49)LhEeRUX OGS NZ6(2) ST 1 20N the

following description, N observed values (data) of the random varlable X are denoted by xfi (n = 1,N),
and N values ollﬂﬂﬁ*él Rititatliry &viaptet ZatarbthiéTobsefvedt valué@xdéﬁﬁﬁeﬁpbgﬁmetérﬁ afmodelN). The

posterior prob . yalues ) L e expressed by B 0sshown
s AR Ao . R TR st Bleds Al

mixture ratios when the mixture number is 1 to C, and q)] g eien (pcsc denote distribution parameters
of components S; to S¢ when the mixture number is { to C).  In addition, for example, component
candidates that can be components §; to Sc may be {normal distribution, logarithmic normal
distribution, and exponential distribution} in the case of mixture distributions or may be {zeroth fo
10 third order curves} in the case of a mixture polynomial curve model. ~ In addition, 8 is a function of
a mixture number C and component types S, ..., S¢.  However, a description of the function is
omitted for conciseness.
{0021} Next, a hidden variable Z = (Z, ..., Z¢) will be defined for the random variable X. 7 =1 means
that X is data from the ¢™ component, and Z¢ = 0 means that X is data from other than the ¢
15 component. In addition, " Zc=1. A pair of X and Z is cailed "a complete variable" (on the
contrary, X is called "an incomplete variable”). A joint distribution of the complete variable is
defined by P(X, ZI) as shown in equation 2.
{0022} [Math. 2]
c

8) = > (mePu(X ;fﬁf”)) - (2)

=1

P(X.Z

20 In the following description, N observed values (data) of the random variable X are denoted by x, {n
=1, ..., N), and N values of the hidden variable Z for the observed values x, are denoied by Z, (n =
1, ..., N}. TFhe posterior probabilities of the values z, of the hidden variable Z are expressed by
P(ZuXn, 8) as shown in equation 3.

{0023} [Math. 3]
Plzp|xn, 8) ?rcPc(xn;géfc) (3)

Although a mixture model is deseribed in the embodiment, the present invention is not limited

thereto. For example, the present invention may easily be applied to similar models such as a



25 6 hidden Markov model derived by expanding a mixture model. Similarly, although distribution of a
target random variable X is described in the embodpnent, the present invention is not limited thereto.
For example, the present invention,ma)gJ be applied to_a conditional model POHX) (Y is a target

random variabl8) SHALE &t IE Feg e SSRER D AEIARE B ifkturd UIaLsiAtIsH the Gt Too24)

Referring to Figiteaeagigingitoian enmhodinenteftheprasentinrertionydata (inputidataintil.
expressed by a plurality of models constituting a mixture model are input to a mixture model estimation

device 110, antPEEMREURS FROGU BEHRESBH Jededctibiomiricad Rpkddre humnberdd types of
components foptag-inpHEdatadll apgewputsaimedakestimation resullddided Agdaixture model

estimation device 110 includes a data input device (data input unit) 101, a mixture number 10setting

unif102{04A%hiaferativr isitl1oBculiRddaeh srbralbnsi afika oo asiy e dELiansriumit 104, a hidden
variable variatigg, probahility; sterage Wil 105 Amadelaptimization.uait 106, anQrtimization

assessment unit 107, an optimal model selection unit 108, and a model estimation result output device
(model estimatigfimasuldaigputiupit) BO9iTe niistLsineinbdp settihy At ize2 thdritahizatiod unit

103, the hiddeq yarighic, yaation Rrohahii.caleuiatanynll 104 lo medsl oRtipizatipn, it 06, the
optimization asSessment’unit 10/, and the optimal model selection unit 108 are processing units of the
present inventiondskkrthaice donstiuttedufes exampie! yiaeddarpuper Yaiitéhtralnprogcessingunit (CPU),

a dbocessor’ adata %5%0%%555’}‘; deyice, siehapsrating aceoraing to contrgl of & program, The hardware
and software structares thereo mayabe any structures as long as functions thereof can be realized.
The data input deyidedied visiprewised do irgbutidatadbgant: witen tdata areninptit:tartiheodada input
device 101, parameters necessary for m7odel estin?ati%nls ch.as ty,Pes and é)ar%lr?eters of components
and candidate YAITEE18P FITPE HUHbEF AP BIZE MSTE RS TERY AL IHE &uts T Sarparartettrs
necessary for megleliestimaiian eambeinpiil; the-adatatinput device 1.01 may be constructed in any
structure. For example, the data input device 101 may be constructed using a device such as a

communi@ation Beica e eiBhegE faied, ndhs EHREIER srifd tixa A BEbketir'Unit 102 sets a
magel mixture pupabgr v seleectingfiom inpHtcaosidaiavalues diareinafiar. e selmixttignumber
will be denoted b%/ C. The initialization unit 103 performs an initialization process for estimation.

Initialization ma§berpéioniray Bydihir REmcu R} ERAFAPIS YRS of bemBERERIS IR Betandomly
set for each 30gompARRNY aRd.aaearding 9:dhesel Lypes pRREAMEIENS @heach cempenentmay be

randomly set and the variation probability of a hidden variable may be randomly set. {0029} The
hidden variabl@wsgiatie dprebablliperiiitativnuni 104 Calcursresithe Varkridrap ebbislingsft a hidden

variable. The paramelesslavs, saleulRtee b e niplisatian N 03 or s moge! optimization unit

106, and the hidden variable variation probability calculation unit 104 uses the 7 calculated values.
{0080} A0vasiativn pretaiiiityvg(ZPbisrhiddartvanableds dakdlated by:sohimgtantoptimization problem
expressed by edg\lfjig‘g?& flparameters necessary for model estimation such as types and parameters of components
and candidate values for mixture number are also input.  As long as the data 111 and parameters
necessary for model estimation can be input, the data input device 1071 may be constructed in any
structure.  For example, the data input device 101 may be constructed using a device such as a
25 communication device, a storage device, and a computer,
{0027} THe mixture number setting unit 102 sets a model mixture number by selecting from input candidate
values. Hereinafter, the set mixture number will be denoted by C.
{0028} The initialization unit 103 performs an initialization process for estimation. Initialization may be
' performed by any method. For .example, types of components may be randomly set for each
30 component, and according to the set types, parameters of each component may be randomly set and
the variation probability of a hidden variable may be randomly set.
{0029} The hidden variable variation probability calculation unit 104 calculates the variation probability of

a hidden variable. The parameters # are calculated by the initialization unit 103 or the model

optimization unit 106, and the hidden variable variation probability calculation unit 104 uses the



{0031} [Math. 4] 5Z~ N =..., ZN denotes a hidden variable of data, and a superscript (t) is used to
denote a value obtained through calculations after t-4terations. In addition, a model is defined as H =
(81, ..., Sc). G to1 b? Btlmlzed denotes the lower bound of a Bayesian posterior probability calculated
by equatlons IR addition al §& hidden variable variation probability storage unit 105 stores Q(t_q =
10q(u, qLﬁ)a}awhmhamaos@t@mudngyamb@e\ﬂamaam prakahilities caleipategdyithe-presieus iteration.
{0032} [Math. 5] G(HZO g(ZN 4-%2N)): g(zN){10g p(xx. zivo) C - 1 10 N 2g FN znc v-4-(zne)
-(10g(q(zne)) B HL PY)eaEIS2 Hog q(ZN) 2En=1 q(Inc) The hidden variable variation probability
storage (it 1206 stqres hidden variable variation 15probabilities calculated by the hidden variable
variation probability calculation unit 104 for respective data (tfeil) mentioned in the previous paragraph
is updated to Qw). As long as the hidden variable variation probability storage.usit 105 is a storage
device such as a gfemogysC e of sioring EJ envaighie Vagigritn praba }‘I s calculateq for
respective data, the hiddens(&fialple” Vg kition ‘probability storage unit 105 m ve any structure For
example, the hidden variable 20variation probability storage unit 105 may be provided in or outside a
computer. ZAN=7,, ..., Zy denotes a hidden variable of data, and a superscript (1) is used to denote a value
obtained through calculations after t iterations. In addition, a model is defined as H = (84, ..., S¢).
G to be optimized denotes the lower bound of a Bayesian posterior probability caleutated by
equation 5. In addition, the hidden variable variation probability storage unit 105 stores Q. =

10 {q“ qm, ees q“"”} which is a set of hidden variable variation probabilities calculated by the
pravious iteration.

{0032} [Math. 5]

G(H,8,9(Z"),q(Z")) = Zq(Z""){mg Px¥, 78y - S Lig N
N
¢ g, N z\ Frne = ZN—] E]—{Z‘nC) N }
—{ 1o Gl L}y + = =2 —logglZ 5
\; £ g(gq( » anl = ) —loga(z¥) b (3)

The hidden variable variation probability storage unit 105 stores hidden variable variation

15 probabilities calculated by the hidden variable variation probability calculation unit 104 for
respective data (Q“" mentioned in the previous paragraph is updated to Q).  As fong asthe
hidden variable variation probability storage unit 105 is a storage device such as a memory capable
of storing hidden variable variation probabilities calculated for respective data, the hidden variable
variation probability storage unit 105 may have any structure. For example, the hidden variable

20 variation probability storage unit 105 may be provided in or outside a computer.

10033} The model optimization unit 106 reads the hidden variable variation probabilities Q" stored in the

hidden variable variation probability storage unit 105 and calculates an optimal modei H® and
parameters 6" after t iterations by using equation 6.

(0034} [Math. 6]

HA ;j(zN)gQ(t}

H® oW ‘“a;rgrnax{ max (G(H,Q,q(zj{zN),ﬁ{ZN)))} {6)

25

Axn important point of the above-described processing is that since an optimization function can be



{0033} The model optimization unit 106 reads the hidden variable variation probabilities Qw stored in
the hidden variable variation probability storage unitgl05 and calculates an optimal model H'land

panees i) s Lealons Dy s caunton 054 a9 sepreiacegine o

components, Si ¢ and parametercols

optimized withauh sensidering cprabinationsuoldypesial tbaempenents{withoutsensideringwhich

types of Sl to Scare designated). Therefore, when the tgpes of components are optimized, optimization
3

can be performSdWHELT CSHBRTaRoHAP SxpibSrSIs 80035 P FHE Bt AtiBReA SE EXEMBRHERT 107

determines whepherthe dpwvarbonshof a-mpdel pastarianprababilitysalgiated using equation 7
converges. {0036} [Math. 7] - max G(H(4T1) p0- (zZN)EQ-1) -1T q((-1) (z(v), -(@N)) (7)  [Ifitis
detérmin8tPthat thandwa 9B drasrthe Mdde PpeLtaks MBrBISARTILY Ho 8L RO EOREFHROSEGpT ocesses of

the hidden varighie yanatienreabahlity ealguationypit 104 to the optimization assessment unit 107
are repeated. {0037} In this way, processes of the hidden variable variation probability calculation unit

104 to the%93ptirdiZ&ltidh assessment unit 107 are repeated to optimize a model and parameters, and
thus an appropriate model can be selected which maximizes the lower bound of the model posterior

15probability. Mongtgnous mﬂr}g@@gqof(tﬁ@)!gwenl})oundmhe m@demggteﬁg;t:prq@aqulwby)the
repeating proces&édi®¥xplained by equation 8. ©  a#Meat b o

If it is determined that the lower bound of the model posterior probability does not converge,
10 processes of the hidden variable variation probability calculation unit 104 to the optimization
assessment unit 107 are repeated.

{10037} In this way, processes of the hidden variable variation probability calculation unit 104 to the
optimization assessment unit 107 are repeated to optimize a mode] and parameters, and thus an
appropriate model can be selected which maximizes the lower bound of the model posterior

15 probability.  Monotonous increase of the lower bound of the model posterior probability by the
repeating processes is explained by equation 8.
{0038} [Math. 8]

= e {1-1} Ny =l
é(zzgfl}aexgmG(HM’ﬁ%)’q(:}(ZN}’Q(ZN)) = q{Zr—E})aéxQ{asG(H(t 1}’9}; 3 ’q(t}(z\!‘)’q‘f‘zx}}

-~ g gt () ZNy i mN
_q_(er‘ilggu_”G(H By e (L7),q(Z ))

s i G, 72)
The types of components and parameters are optimized through the processes performed from the

20 hidden variable variation probability calculation unit 104 to the optimization assessment unit 107 by
using the mixture number C set by the mixture number setting unit 102,

{0039} If the maximized lower bound of the mode! posterior probability value (the first member of equation

7) is greater than the currently-set lower bound of the model posterior probability, the optimal model
selection unit 108 sets the model as an optimized model.  If an optimal mixture number is

25 calculated after the lower bound of a model posterior probability (and types of components and
parameters) is calculated for all the candidate values for mixture number, the procedure goes to the
madel estimation result output device 109, and if there is a mixture number candidate with which

optimization is not yet performed, the procedure goes back to the mixture number setting unit 102.



{0038} [Math. 8] max G q(zN)EQ(t3 0StrT (21(t) (zN),4(zN)) >max G(H(t1),OH 4(214)EQ(t) >maxG
Hy-i),49(11-1) .q(t)(zN),6,-(zN)) 4(2 w)EQ(1-1) >maxG(H(t-1), O(iti-1) ,q(t-1)(zN),q(zN)) (8) The
types of ents and parameters are optimized through the processes performed from the
Omcded S abIE VRO B SBABTe RICUTATEH Crit A e SpUTAI A b oA P 107 by
using the mixtwaimiunbextisaty-he jnixtuen peiaee asetting sait. 102 {039 M the-maximized lower
bound of the model posterior probability value (the first member of equation 7) is greater than the

currently-set loWel BEEHE BT ThEUeT PRISIEFBP T SBABAS? tRUbptinAF FulLFEaRMIgRsthit 108 sets
the model as apugptinaizad: Mogs! nil ampptimalmidyranmmber iskcaleuiaied afterthedewegs bound

of a model posterior probability (and types of components and parameters) is calculated for all the
candidate valué& Btk EareHERITERE RSPt RElre YoEEG R thdeet e dtiagoirrEsuttdatput device
109, and if therg,ig;@dmnixture number candidate with which optimization is not yet performed, the
procedure goes back to the mixture number setting unit 102. 9 {0040} The model estimation result
output deVitl ToFsipinEa moesiéshdtivmniasamidp stieatas tespifirddiglikep&ineiber, types
of componentsmgg,qigg{gtmee‘;ﬁl@jdﬁge}gng as the model estimation result output device 109 can output
the model estimation result 112, the model estimation result output device 109 may have any
structuré 0@t exmmple, iHesriodebdstithationtésidt dlitpbitriVide 5109 may be constructed using a

deyipe sghasa communiceiomdevice, as(9rage device. and e computer, J904 L Referring to Fig. 2.
operations of the mixture mo el estimation device 110 are bhie yexpfame& accor mg% he
embodiment. {084R}afeirstpalata hikins inpbttGthpestata input device 101 (Step S100). 10{0043} Next,

the miXt%&Q }EJ %ggr tgee 1:3{91%1%2[9(:}1} gl%tsi%ge%ﬁaigeos%?%@e%%ﬂ!éﬁ%ﬁ%a@%@?g sgrf;gog ;;;no léllt)i]ities for
estimation with respect to the designated mixture number (Step S102)
{0045} Next, the hidden variable variation probability calculation unit 104 calculates hidden variabie

15 variation probabilities and stores the calculated variation probabitities in the hidden variable
variation probability storage unit 105 (Step S103).

{6046} Next, the model opiimization unit 106 estimates types and parameters of respective components
(Step S104).
{0047} Next, the optimization assessment unit 107 determines whether the lower bound of a model posterior

20 probability converges (Steps S105 and 5106).

{0048} If it is determined that Jower bound of the model posterior probability does not converge (Step S106:
NO), Steps S103 0 8106 are repeated at the hidden variable variation probability caleulation unit
104, the model optimization unit 106, and the optimization assessment unit 107.

10049} If it is determined that the lower bound of the model posterior probability converges (Step $106:

25 YES), the optimal model selection unit 108 compares the lower bound of the model posterior
probability of a currently-set optimal model (mixture number, types, and parameters) with the lower
bound of the mode! posterior probabiiity of a model obtained through calculations until Step 106,
and sets one of the modeis having a larger lower bound as an optimal model (Step S107).

{0050} Next, it is determined whether there remains a non-estimated mixture number candidate {S108).

30 {0051} If there remains a non-estimated mixture number candidate (Step S108: YES), the procedures at
Steps S101 to S108 are repeated at the mixture number setting unit 102, the initialization unit 103,
the hidden variable variation probability calculation unit 104, the model optimization unit 104, the
optimization assessment unit 107, and the optimal moedel selection unit 108,

{0052} If there does not remain a non-estimated mixture number candidate (Step 108: NO), the model



candidate values for mixture number (Step S101). {0044} Next, the initialization unit 103 initializes
parameters and hidden variable variation probabilitjgs for estimation with respect to the designated
mixture number (Step S102) {0045} Next, the hidden variable variation probability calculation unit 104
calculates hidd‘égﬂ’%WHB‘T%”?LS%HHQFSHTJ}8%8‘511}{7%%’%??81%%@‘ﬂlféeé%ﬁ [t S PaRSA BBk bilities in
the hidden varighlg yagation probability storage unit 105 (Step S10)). {0046} Next, the model
optimization unit 106 estimates types and parameters of respective components (Step 5104).

{0047} NEXE thEgistisi 24 ton essdes Bt it 1d 7 Sier A BeshTBtHertRe B WeR Bsiia tf a model

posteno 20proRahility, cONMEraes (SigRsa L0 andia 00k IA48hILitis.determined dhat iowgy, bound of
the model posterior probability does not converge (Step S106: NO), Steps S103 to S106 are repeated

at the hidden vakéBieyaeiationproabiiigetateatinnom it Ogpaediodes reptivaiationanlkits 106, and

ihe optimization assassSALAL 40T (R4S ILILIR delewmined foakdhalonerbound of she mode

posterior probability converges (Step S106: 25YES), the optimal model selection unit 108 compares

the lower boungropthentmodelpostérior probatglityf a currently-set optimal model (mixture number,
types, aﬂﬂ) rz—iquhetersr% wi p the Iqwq{ bou(mi o{ the model_pasterior probability of a model obtained
routh e g S e R e o s o
optimal model (&iely $10BIs{DODOpextriteisod etermhinatkwhethesthedel reniainssavhionisstinated
mii%ure number candida@teé 108?.b30£0 ?1 Iftthere. remains a non-estimated mixture number
candidate (Steref%of(ej?f:1 £ ), the 1|5r(e)rcen ures at f§tr(§|loj)§se 19716 s108 are repeated at the mixture

number @etingHsAiind M2, thedpidaliziaticR tnitutOdedbedicaem variable vMadation:piahadijity-ealculation
unit 104, the model optimization unit 106, the optimization assessment unit 107, and the optimal model
selection unit 1?5'§.a?@b%aé‘}”ffet’ﬁ@lr@ea31?§eﬁ%‘f‘?b]?ﬁé?ﬁ°§i%]ﬁ-‘?§ﬁ?ﬁﬁ?ed mixture number candidate (Step
108: NO), the mgdehglo@stimation result output device 109 outputs a model estimation result 112,

and the procedure ends (Step S109). {0053} Therefore, according to the embodiment, all the number,
types, aHt) faratisterssrivdaidasibedifptey Barrpdemtrasiihated by maximizing the lower

bopnd of a modgkRosteriarAiababilit GThakis. e Jaweshound.ahamadek Restetigrprobability
separated for respective components is optimized by repeating optimization processes so as to

optimize the typ@dearidiqyarahtete oBPesH SehehaP diP e wethitiey IOFHHE COMpOIefits 00541 In this
way, with respegt to the-madelselectian issyg:at mixivre. medeh modslsglection can be rapidly done

based on a proper criterion regarding the number of model candidates which increase
{0057} For exampie, in the case of a three-dimensional normal distribution, dimension-independent

{dependent) eight combinations can be derived, and normal distributions independent of each other
20 {positions of non-diagonal non-zero elements of a covariance matrix) can be derived as component
candidates.
For example, if distribution estimation is performed on input data about check values (weights,
blood pressures, blood sugar values, etc) of medical examinations conducted on people having
different ages, genders, and life habits, dependence of the check values on ages, genders, and life
25 habits can be automaticaily modeled. In addition to the modeling of such dependence, check item
groups having different dependent refationships can extracted (clustering} by inspecting posterior
probability values of a hidden variable to find cut matching between data and their origin
components.
{0058} In addition, the mixture mode] estimation device of the embodiment can be used for any
30 multidimensional distributions as well as multidimensional normal distributions.
{Example 2}
{0059} (Various mixture distributions)
1f the mixture model estimation device of the embodiment is used, a mixture number and types of

component distributions can be cptimized for a plurality of different mixture distributions.



10exponentially as the number and types to be mixed increase. {0055} Hereinafter, models to which
the mixture model estimation device of the embodiment is applicable, and application examples
thereof W'g 5@ §pecificalrl described, {Example [#{ 056} (Mixture distributions having different
indepentience charEetRIishdls AT RO SRS ERTe S L B Gt B I RIS dfment is used, a

mixture number.gadhindependanes of eaeh componaniican-de kapith ept mizedfon a piuality of
mixture distributions of multidimensional data that have different independence characteristics. {0057}

For example, if {8 EARLPaREHre el 4t EHERSA A FmAdiariBa s dihension-independent

(dependeib) £ight camhinaimosicAN Be-daivadisapdinarmal distrilutions independentaf.gach other
20(positions of non-diagonal non-zero elements of a covariance matrix) can be derived as component
candidates. Fof &%X5riple it et sor eStHraiByis parorh{&y srmmiup Bt weelirchiss values

(weights, blood,grassurasdplead.sharivaluesxaialaivmnedical examinations canducted gp people

having different ages, genders, and life habits, dependence of the check values on ages, genders, and
life 25habits cag e kryteedegicatly o dsedianmiddideon tHsthekmdddling ofdilrchrtepamdence, check

item groups haggglgbgjfggqﬁggng%@E@c}g&y@ﬁg?nships can extracted (clustering) by inspecting posterior
probability values of a hidden variable to find out matching between data and their origin components.

{0058} I0ae”itibhh dieh thixtureanlodéibestinrationrdevivelof theserib odirmentcaticheandeddarany

30{@ultidimensional qistfibut(iions a vgell as mlﬂlt(i?,imensi%nal normal distri léti .s.é}Exa le 2} {0059}
: ) i Iy [y Gefer T ; A 1 1
(Vhvious mixturh e BUIGRS) RS msion moddl Selmmaton BBV ST RG ErBidmant tsed, a
mixture numbessanettypes dftdomponent distributions can be optimized for a plurality of different

mixture ﬁ'g&ﬁ)f%ﬁlx ||]r é%% gl}esFt%ga%g?ep!g, in / f‘lsee case of distrinti?nd(%andi _qtt(las each including a
normal distriButioh” & 16gAHHmiIc Horial dis r‘i%u o and s EXBoHBTHP HAEIIBHC A Riktdre
distribution in vdiseiiheswiprber anchparsimeiers aldisimaitionsargapinizescaniealoulated.
{0061} For exag?spt)lji%hg&?Igg?glagrgetgp?}ﬁgdr?ct)|Zc‘)nr;at[y££sskofe%gtr£&gggsyv|II be explamed. Generally, in a risk
15 {Example 3}
10064} (Mixture distributions of different stochastic regression functions)
If the mixture mode! estimation device of the embodiment is used, a regression function refating to
a mixture number and types of components can be rapidly optimized for mixture distributions of
different stochastic regression functions.
20 {0065} For example, a regression-curve mixture model having a polynomial curve (or a curved surface in
the case of multidimensional data) will now be explained. In this case, a polynomial curve having
terms of different orders may be selected as a candidate of each component.  If the mixture model
estimation device of the present invention is used, a mixture number and orders of a polynomial
curve of each component can be optimized.
256 {0066} The mixture model estimation device of the embediment is not limited to applications to a
polynomial curve, but can be applied to a mixture model having any regression functions of a
plurality of types.
{Example 4}
{0067} (Mixture distributions of ditferent stochastic discriminant functions)
30 If the mixture model estimation device of the embodiment is used, a classifier function relating to a
mixture number angd each component can be optimized for mixture distributions of different
discriminant functions.

{0068} For example, an explanation will be given of a failure diagnosis for identifying the types of failures

of an automobile using sensor values obtained from automobile data.  Since sensors to notice are



5distribution, a plurality of event groups having low risks (for example, office procedure misses which
are modeled as a logarithmic normal distribution) are mixed with a low-frequency event group having
high risks (for example, miss orders of stocks which are modeled as a normal distribution having a

high mean valuEJe™ I sbiES P REHL TN ThErE R EH Ity Sgipes sPHekEhulivARsts), the present

invention can haaused tehdithautomaticallyand properly determine the types, number, and parameters
of distributions and thus estimate a risk distribution. The mixture model estimation device of the

embodirféht is hBEIRTRG R pHdatisndts rtidaiarudmeritors s atheash a HsHndtaktribution, a

logarithmic norma); distrbiation.-2ngaR exRonantiakdistinution.but.can Q@oﬁﬁ@ﬁﬁ% BRAMLIRES of
distributions. {Example 3} (Mixture distributions of different stochastic regression functions) If the

mixture model estithktizRdevitEsdPtheEppBairaArrcssede detegiaedion function relating to a mixture
number and typ%g)gﬁnggrgponents can be rapidly optimized for mixture distributions of different
stochastic regression functions. For example, a regression-curve mixture model having a polynomial
curve (ofCQ7&uriksurfdeatintitve dasdlof Malicimeddimyalkifa)y il npwbebaiptaimed. In this case, a
polynomial curve: having, (ema ot dfigientarders Mavpeselecied as.a randidaie ofigach Gomponent
If the mixture model estimation device of t e present invention Is usé&, a mixture number and orders of
a polynomial curye:offeaghigormpotien cepdeseptisniaed. obhaimikiure hidddeMastimatids teuige of the

en’ikaodlment IS %?éé%@%te% to al}gg)all c%tllqns to a polynomial curve, but can be applied to a mixture model

having any regression fu fiohs of & Efl’urality of types. {Example 41 (Mixture distributions of different
stochastjeodigchminanipfenetionshdfcthesmixiure mpadehestimatiandayicenaithe.emboediment is used, a
classifier function relating to a mixture number and each companent can be optimized for mixture
distributions of W& Eht APEERMn PR I HEHR S BRI HH SRRASHSHARPIEGivalE ot a failure
diagnosis for idgadifyng-tbe ivpasolfalures.efan Autemekilesusing:sRnser Makies oblainad from
automobile data. Since sensors to notice are 12 determined according to failures, automobiles,

running conditidHgiedensor values for which a classifier function is used are changed. {0069} If the

mixgire medel estiation devies ofithesmbodine vhis useduplithpuabivarious dataare involved, a

classifier function using a plurality of sensor values can be automatically estimated (for Sexample,
sensor values fEf4EHMRPBIfERIEaNERE didE dHTpe ¢ etsivinedsy. CEXdmP e By {ooro(Rmkiifss

distributions of hiddensMarkay.madel having difterent quiput Rrebabiliies) tihe mixlurg model

estimation device of the embodiment is used, a hidden state number and the types of output
probabilities, ardipaiiamietersBanber sptivizdiddor a hidden Markov model having

{0073} The mixture model estimation device may be provided in the form of hardware, software, or a
20 combination thereof. In this case, the structure of hardware or software is not Hmited to a particular
structure but can be any form as long as the above-described functions can be provided.
{0074} The above-described embodiments and Examples are partially or entirely expressed in the following
Supplementary Notes. However, the present invention is not limited thereto.
{0075} (Supplementary Note 1) A mixture model estimation device includes: a data input unit that inputs
25 data of a mixture model to be estimated, and candidate vaiues for a mixture number, and types and
parameters of components constituting the mixture model that are necessary for estimating the
mixture model of the data; a processing unit that sets the mixture number from the candidate values,
calculates a variation probability of a hidden variable for a random variable which is a target for
estimating the mixture mode] of the data with respect to the set mixture number, and optimally
30 estimating the mixture mode! by optimizing the types and components of the components using the
calculated variation probability of the hidden variable so that a lower bound of a mode} pésterior
probability separated for each of the components of the mixture model is maximized; and a model
estimation result output unit which outputs a model estimation result obtained by the processing unit.

{0076} {Supplementary Note 2) In the mixture model estimation device of Supplementary Note 1, the



10different output probabilities. {0071} For example, even in the case of different distributions the
output probabilities of which are in normal distributig#, logarithmic distribution, and exponential
distribution due to hidden states, a hidden Markov model in which the number and parameters of

distributions ar8 S5tz &Y CAH B BHIUIEEC RETE672) P ERARITES SRABAGhCE SAITATDS BF Atdden states
and output probakilitieshisibapostantiin pEIeE FSCRYRHIGN Y aitRsInRasH igthe pdasslifferentl the
environments result in different output probabilities due to different noise conditions. However,
according to th&"&HBEdEHOEhRNE IR BYRIEstimation is possible under such conditions. {0073} The

mixture poedel gstimation.device INayHoe, RiVIdRAdN: Hh i afiha/tWaFR SOfWalSL QTR 2, if the
20combination thereof In this case, the structure of hardware or software is not limited to a particular

strutture but cAHBEARY RSP H8MAHGHES the apveradddriicanirtiossieatitse Prévideropenya} The
above-describeg gmbedients agd Fxamples.areRatialy.Ql.entrely @eﬁe{asg?gg;iggh@fqélowmg
0. {00,

Supplementary Notes. However, the present invention is not limited theret 75} (Su}gﬁieméntary
Note 1)A mixture fivoddlestinfatitsritdeviesine dushardateasmpabenit thaCinplis 25data Ok mixture

model to be esipaiag-andANMIER'S VaeadRt & MIRUIRNUTREG AN MRS andRaamElers of

components constituting the mixture model that are necessary for estimating the mixture model of the
data; a processindeUnitthatséty theamixture number from the candidate values, calculates a variation

prqhability of a hidden variable for. a random variable which is a target for estimating the mixture model
of tBe data with 1#&%%&?% i é%%t%ﬁlxﬁf?g%ﬁﬁrﬁ régrb?ﬁlvsod% |(r)rt%ﬂ§7 e %?mat%t ’t%‘g‘r%ié fﬁ"ﬂrlgEl model by
optimizing the tyjpesandecompdiahisiol the compenentsatising thecatcutated uamhation peohability of
the hidden variable so Ihai a lower bound of a model posterior probability separated for each of the
components of the Mixtuté’ model is maximized; and a model estimation result output unit which

outputs a modelfstimationsesut ohtained by dhelproaassing unit.{0076N{SHpplementayNote 2) In
the mixture model estimation device of Supplementa%iNote 1, the 13 processing unit obtains the

mixture number St RRArE I dteradstmats YLl Siatig the 1dWe? BEHE SrPRY B aEFBosterior

prabability and thedpasandznacapmeterspifhe somponents for all the candidate values for the
mixture number. {0077} (Supplementary Note 3) In the mixture model estimation device of

Supplementary Wit&4 187 2ofeinBSRbITHHserigemstat by of trdikisasimaiiibie veeehoted by

X, the types of the:cOMPANRINR A HEAISH YRin + wBGe 20d Fhe Parametersofthe.companents are
denoted by 0 =7Ic, (p151,

Q(‘)’: {q{o), q(}}, ee q(t)} {a superscript (t) means a value calculated after t iterations) denotes the
variation probability of the hidden variable, H = (5, ..., S¢) denotes the mixture model, and G
20 denotes the lower bound of the model posterior probability; the processing unit calculates the lower
bound of the mode! posterior probability by equation 3; the processing unit calculates an optimal
mixture model HY and parameters 8 of components of the optimai mixture modei after t iterations
by using the variation probability of the hidden variable and equation 6; the processing unit
determines whether the lower bound of the model posterior probability converges by using equation
25 7; if the processing unit determines that the lower bound of the model posterior probability does not
converge, the processing unit repeats processes of equation 4 to equation 7, and if the processing
unit determines that the lower bound converges, the processing unit compares a lower bound of a
model posterior probability of a currently-set optimal mixture mode! with the lower bound of the
model posterior probability obtained through calculation, and sets the lager value as the, wherein
30 the processing unit repeats the processes of equation 4 to equation 7 for all the candidate values for
the mixture number so as to estimate the mixture model optimally.
{0078} (Supplementary Note 4) In the mixture model estimation device of any one of Supplementary Notes
1 to 3, the mixture model includes a piurality of mixture distributions having different independence

characteristics.



..., yen (al. ....m are mixture ratios when the mixture numberis 1 to C, and (NS, ..., ([0 are parameters
of distributions of components Si to Sc when the migture number is Ito C), the mixture model is
expressgd by eguation 1, 10if the hidden variable for the random variable Xis denoted by Z = (Z1, ...,
Zc), a jo}ﬂ?’féﬁ/étﬁ BSPBF RSN oI tB DA EBHE AL T oS BailOr e TRk AR G A SBRE AR R Hid den

variable Z is defined:hyequatiand; N dataNalugs, ofthesander yariahlenX are denoted by x" (n =1,
..., N), and N values of the hidden variable Z for the values x, are denoted by 2," (n = 1,N), a posterior
probabili§P St tHe PBRIIERAria BId AN BiXBrE saig! 5 Btiarion e WREYSTRF te wrdeasdiy N
calculates the variatign prahabilie afhihabidden.varahighy SovingAnRRiimization: prohlem,expressed
by equation 4 where ZN = Z1, ..., ZN denotes the hidden variable, Q(1)= Icr, q(N, crl (a superscript (t)
medns aVdiue Eareliateamters Tidratiprsytae Mo sHangdetadioirprobabilineoP the dradan Vaitable, H =
(Si,Sc) denotes the mixtyze.madel A0f S 20denaiesine lawes;haund of the medsl pasterior
probability; the processing unit calculates the lower bound of the model posterior probability by
equation 5; thefingiessing unit calculates an optimal mixture model I1-11n and parameters 010 of
compon f the optimal mixt del after t iterations by.using the variation probability of the
riden v e L B Xe¥he o
posterior probabitit temierge sy Usingiequiationd 85t uifdineprdédssingrvoitndeta tmimgsititatthe lower
bound of the m&geltg%g[a rﬁ%r Erobability does not converge, the processing unit repeats processes of
equation 4 to equ%‘fl N7, and if the processing unit determines that the lower bound converges, the
processingsanithempasesa lonern hovrd-ohadiesehpasterdonpiobabiityyakacu igniy-set optimal
mixture model with the lower bound of the model posterior probability obtained through calculation,

and sets the lafBFVEREAS AL STHE RIS BReFIBREdsMY GATTRPSAISTAS HriskEseibredithtion 4 to

equation 7 for alhtheseadidatesvalespiardbesnixtisg Hembersmasioasinmatethe mixturasmedel
optimally. {0078} (Supplementary Note 4) In the mixture model estimation device of any one of

Supplementary R BHSEE i delpfdinflettre B8 & PReTIRE ARSI BEBeTEsEBUliBns having
difigrent independenee.shalagieristicsa ldid0 B2k RURplemeRtan Nate,n) ihie Nbdkemade!

estimation device of any one of Supplementary Notes Ito 3, the mixture model includes a plurality of
various mixturésdi ROPRUTRYOBHE (SupsIBAiehrhie Nibtesy netime mnixtisracrisdekstimrikbbydevice
of any one of SHRRIGHERIANLY %ﬁgﬂgéte@%:f@ﬂ@@%ﬁ)m%%éﬁ%l%g%ﬁéﬁ&%‘dr\%ﬂ§5‘ﬂtﬁ%ﬁ%@§i@f@'fferen_t
stochastic regression functions. {0081} (Supplementary Note 7) In the mixture model estimation device
of any one of StphileimerrialiNotbs 1 to'8, thadwikeuredppeiédrinchueleshhaupresdibtribttionstef different

stochastic discriminant functions {0082} (Supplementary Note 8) In the mixture model estimation
device of any one]gof %Lﬁp%%erenénntarf} N%t%sslto é the mixture odr(gﬁ%c%&g%l?ﬁliﬁfztﬂ}(r?teoafgﬁi%ﬁ{%ns of a
hidéen Markovenipdeltvalirgtidiffére resd0duipet prohabititeesnd0083} (Supplementary Note 9)A mixture

model ﬁb@ﬁ“%‘%ﬁdﬁg‘gg{? ﬂ%‘?ﬁ?g P%h%%?%é‘&%@‘iteé‘é‘é}aé@ﬁ YR, %g&%ﬁ%%&“%@‘&? ihodel to be
estimated, and'c Idate values for a mixture number, an ypes and parameters of components
constituting theprmixdting modelthah:ars neeassary fothe stinnating dhiepritiilyerymadel.of ghie data; causing
a processing unit to set the mixture number from the
bound of the model posterior probability and the types and parameters of the components for all the
candidate values for the mbxture number.
25 {0085} (Supplementary Note 11) In the mixture model estimation method of Supplementary Note 10 or 11,
if the mixture number is denoted by C, the random variable is denoted by X, the types of the
components are denoted by Sy, ..., S¢, and the parameters of the components are denoted by 6 = (my,
e, T, (;)1“,.. . (pcsc} {m1, ..., Bic are mixture ratios when the mixture number is 1 1o C, and (pf'},
oc"C are parameters of distributions of components Sy to S when the mixture nember is 1 to C), the
30 mixture medel is expressed by equation 1,
if the hidden variable for the random variable X is denoted by Z = (Z,, ..., Z¢), a joint distribution
of a complete variable that is a pair of the random variable X and the hidden variable X is defined

by equation 2,

if N data values of the random variable X are deneted by X, (n=1, ..., N), and N values of the



15 candidate values, calculate a variation probability of a hidden variable for a random variable which
is a target for estimating the mixture model of the dafa, and optimally estimate the mixture model by
optimizing the types and parameters of the components using the calculated variation probability of the
nidden variable SOTRAPH /el BATA B miSUUTBELLEron Brobabiity-SaBEFAR PR bhhe
components of thejeidussidnodelis-maximizegioand causing a model estimation result output unit to
20output a model estimation result obtained by the processing unit. {0084; (Supplementary Note 10) In
the mixture modélESHHaRERMBHhIY 61 SRS EmERElsr Riske gl e Brokideding idhit Botairiegre mixture

number of the mixfre.MedeleRtinal Y saleHatingthedowerhound ot the mrdel RRSIRHAE,
probability and th§ tyrg)ésgi}nd parameters of the components for all the candidate values for the

mixture nuMber25{0085) (SupplerieHpsrFTROi TR (e pixiHeoh sl dexratoiprresied of
Supplementary Mol Q. Qbbb theiiiiie puIbst isdenoted by G the randamariahleis denoted

by X, the types of the components are denoted by Si, ..., Sc, and the parameters of the components
are denoted by Geao(PahgpTreb¢pis bf the poSChqyiatior, prebabdifiifteipeoratios whieklthitmitkture number is
I'to C, and’ modgy(%gs%g% ﬁ%%ﬁ%ﬁé%rﬁ‘y%%ﬁéﬁk%y%%n?o@gs%%mLPn%nc%Tf‘ct\%a%%%’ C{i%t%]\]lg I%ng%lr}g rrgr(}lcfégre

number is Ito C), the 30mixture model is expressed by equation 1, n variable for t
random variablé#X isddenotedrb§ Zoc(Zbibe)sajdinblistrbutiomneof @l dorpletearariablethatlis a pair of
the random variable.X an t‘? hi d(ﬁ variable X is defined by equation 2, if N data values of the
o variable S GRROILA Y R0 T ST T e S
values X, are demotectinsdid (f esNieBppasteriaviprohabilityeaithe hiddequasiable B-igrexqpimgsed by
equation 3, wherein the processing unit calculates the variation probability of the hidden variable by

solving an optinfZASEPRSHIEA BXSrEe ey By BT EA0H PPHHErE 2P L ARFHEN 1R e Hifdden
variable, 5Q(t) 4a@ingA)aieskia supsscHpi(uncansaMalle, calculated.afient ilerationsheenotes

the variation probability of the hidden variable, H = (S1, ..., Se) denotes the mixture model, and G

denotes the lowERBBUAEBPIBIAIIEISSHLEE REICPTIABTI G TRE S CSEE Ry Ut taRdsiReLetite model

pogierior probabilifahy:earationaihe praeessing L pitEalcHalr AR ORIRRIMPNWE IHQdel-1W and
parameters Ow of components of the optimal mixture model after t iterations by using the 10variation

probability of th&"RbdeiaR VRiraBleBidhe GUAHTS G e Pro e BSrj aipit e teihiines W ethestieTower
bound of the moggl RASteriorRIAPARIliL: GRNVRIRES DYKSIIELAUALND fxibihe RIQFESRING KAt

determines that the lower bound of the model posterior probability does not converge, the processing
unit repeats proeessssiofidguatiety4 to equation 7, and if the processing unit determines that the lower

bound copyerags, ING. BIASESSINHYNLSOMAAES AlPWer hound. af a Jpade) posterigr Taprapability of a

currently-set optimal mixture model with the lower bound of the model posterior
20 Notes 9 to 11, the mixture model includes a plurality of mixture distzibutions having different

independence characteristics.

{0087} (Supplementary Note 13) In the mixture model estimation method of any one of Supplementary
Notes 9 to 11, the mixture model includes a plurality of varicus mixture distributions.

{0088} (Supplementary Note 14) In the mixture modei estimation method of any one of Supplementary

25 Notes 9 to 11, the mixﬂlre mode! includes mixture distributions of different stochastic regression
functions.

{0089} (Supplementary Note 15) In the mixture model estimation method of any one of Supplementary
Notes 9 to 11, the mixture model includes mixture distributions of different stochastic diseriminant
functions.

30 {0090} (Supplementary Note 16} In the mixture mode! estimation method of any one of Suppiementary
Notes 9 to 11, the mixture mode! inciudes mixture distributions of a hidden Markov model having
different output probabilities.

{0091} (Supplementary Note 17) A mixture model estimation program operates a computer as a mixture

model estimation device including: a data input unit that inputs data of a mixture model to be



probability obtained after the current iteration, wherein the processing unit repeats the processes of
equation 4 to equation 7 for all the candidate valuegfor the mixture number so as to estimate the
mixture model optimally. {0086} (Supplementary Note 12) In the mixture model estimation method of

any one of SupPlEPAEAtar) PoRGIES B P12 HE HIHAUFE IEHEP e Y A MGty BERiREre
distributions hayipgidifferentindeprendence sharactenstics: {08 HuUSHpRIementan Noge:13) In the

mixture model estimation method of any one of Su'tpplementar_y Notes 9 to 11, the mixture model
includes a plur&lit§eofREardisehipd e Hrtib B RS o gB)cratifpfermeriaa/cNaE 14 #ithe mixture
model estimation,method of AY.QREBl-HRREMENARN NS 1At L dhe iy . madglincludes

mixture distributions of different stochastic regression functions. {0089} (Supplementary Note 15) In
the ixture motlefldstihatden wibtsowoiahy shaistSupphemarntarjindies Ot hethesiwixaaeimodel

ncludes mixurg, SRS o Aerenk siasbasts iscrinan, ungians, AAGA90) Spplsmentary

Note 16) In the mixture model estimation method of any one of Supplementary Notes 9 to 11, the
mixture model indhadellmistindedisthilutions bbahiddenddarkosrimodéehdvinepdiffet énteatitplit

probabilities. {0,[969010/ ngso%%leorﬂ%ntar Note d1<:Z}SA mixtur& ggggel %s}imation

N pro Tlam Od?er t%sa
e mixture m maxmlm ed; a mto el estimatic Fle ouH) am that, .
computer as a mixture model estimation device including: a data input unit that inputs data of a mixture

model to be leestimatedsanid:eandidaieobalives Forta prixduteenumber, and types and parameters of

compon g(;nstit tin%qthe ix#] odel that are necessary for esti{rgati the mixture model of the
ol o pACAC TR SRS UH IR Cre ROt o the et VAN S GRS Bvariation

probability of adpigldemvariablenter s rndomvariable whichiis @tatget fenegtimatingdhe pidyre 5
model of the data with respect to the set mixture number, and optimally estimates the mixture model

by optimizing tRE TS d RES SHPA ATt B K RBpUREREATSHG thE EaRanatedsVaraltidh probability of

the hidden varighlase thakadewerbaund.af@model posterior probability separated for each of the
components of the mixture model is maximized; and a model estimation result output unit that outputs

a modell@&timdfiBrPIeRimeabTaiRéd By e protaasintr Hive P oToT (STHPISHEH AN Noté 28)8in the
mixgure model gstimation. Rragram L auUPRleMent NAte bl @@emw@ma@%pmﬂ of the

mixture model is optimally obtained by calculating the lower bound of the model posterior probability
and the types andiparainsteipordie Somponantstio pattbiertahidikaereatissfofameediixurémumber.

{0093} (SupplemeptagyiNote, 39) I the mixture meodel.esimation RIgdram:ef Sypplemaniary Note 17
or 18, 15if the mixture number is denoted by C, the random variable is denoted by X, the types of the
(pcsc are parameters of distributions of components S; to S when the mixture number is 1 to C), the

mixture model is expressed by equation 1,

20 if the hidden variable for the random variable X is denoted by Z = (Z4, ..., Z¢), a joint distribution
of a complete variable that is a pair of the random variable X and the hidden variabie X is defined
by equation 2,
if N data values of the random variable X are denoted by X, (n= 1, ..., N), and N values of the
hidden variable 7 for the values X, are denoted by 7, (n = 1, ..., N), a posterior probability of the

25 hidden variable Z is expressed by equation 3,
wherein the processing unit calculates the variation probability of the hidden variable by solving an
optimization problem expressed by equation 4 where 7, = 7, ..., Zy denoles the hidden variable,
Q¥ =1q", q¥, ..., ¢} (a superscript (t) means a value calculated after t iterations) denotes the
variation probability of the hidden variable, H = (5, ..., 5¢) denotes the mixture model, and G

30 | denotes the lower bound of the model posterior probability; the processing unit calculates the
model posterior probability by equation 5; the processing unit calculates an optimal mixture modei
H" and parameters 8% of components of the optimal mixture model after t iterations by using the
variation probability of the hidden variable and eguation 6; the processing unit determines whether

the lower bound of the model posterior probability converges by using equation 7; if the processing



components are denoted by SI, ..., Sc., and the parameters of the components are denoted by 0 = (RI
si ,RC,PI, ..., (pcso, ) (tt, ..., 7TEc are mixture ratios when the mixture number is Ito C, and p'..... ccs
are parameters of distributions of components S| to Sc when the mixture number is Ito C), the mixture

model is expresSBHYEEETSH e o Re HEaL TerdprsietrePaRgBros AR dihoted by Z =
(21, ..., Ze), a jopsdistributiospef:asamplete varabla thaldsaainrfithe pademvatiahleXqend the

hidden variable X is defined by equation 2, if N data values of the random variable X are denoted by X"
(n = 1,N), and NAA R L f R MdaRoa IS P Fo1h B SRIBER® BV EEh sy by ods  2ortaiyr a

posterior probabilify.efithera2hiddan variable 4,8 SXRIGES RGN EQWRLINN A1 w%rﬁmh&om%fssing

unit calculates the variation probability of the hidden variable by solving an optimization problem
expPessed by edtfdtibiy rers Zes theZNTaiisteithesidichorpiablias O eqtpchearsupesséript (t)

means a value Galgyiatedalientiortians) deneiss iexadaon Arababiliy, o s udden yariable. H =

(Si, ..., Sc) denotes the mixture model, and G 30denotes the lower bound of the model posterior
probability; the provessindgeLmitaleulates the model posterior probability by equation 5; the processing

unit calc, I@g optimal mixture.model 1.1") and parameters 0(1) of componepts of the optimal
mixture {;ﬁodésl %@ t Illtlg%{'oﬁ(g %?/Oglsl}r%éet]ﬂlé{tvgﬁrfg f%negtrzo a{aﬁ))lﬁi%/ %%8‘%}%% en %%?gﬁﬁ%mgrﬁt equation 6;
the processing it déteriiiresnivhetherdhéntbwer Hounthos thexmedeltposteronprgliailiin converges

by.using equation 7; ig the glrocessinc% 17 unit determines that the lower bound of the model posterior
5. md%)en ence chara ﬁrlstl . . . . .
probability does not converge, the processing unit repeats processes of equation 4 to equation 7, and

if the prooessingupitdetermivesthat thedbwer hewnecanver ges-4he RIRcassInguYPikeampares a
lower bound of a model posterior probability of a currently-set gptimal mixture model with the lower

bound of the mod&! poSteridPEprowasifty ditkilfed RHEr the darranmrdstioht ReoRsin the processing

unit repeaisghespracasses,of aguatiomd toeauation Lfenalkthesandidalevalies ot thgmixture
number so as to estimate the mixture model optimally. {0094} (Supplementary Note 20) In the mixture

model estimatiofprogran iRy e sfd dispiesheRiary Nrstkutiomf ddfetrr Hashisies reesioncludes a
plyeality of mixiyreidistributions having different 10independence characteristics.

{0097} (Supplementary Note 23) In the mixture mode! estimation program of any one of Supplementary
Notes 17 to 19, the mixture model includes mixture distributions of different stochastic discriminant
functions.

{0098} (Supplementary Note 24) In the mixture model estimation program of any one of Supplementary

20 Notes 17 1o 19, the mixture model includes mixture distributions of a hidden Markov model having
different output probabilities.

{0099} While the present invention has been described with reference to the embodiments and Examples
thereof, the present invention is not limited to the embodiments and Examples. 1t will be
understood by those of ordinary skill in the art that the structure and details of the present invention

25 may be variously changed within the scope of the present invention.
{0100} The present application claims priority to Japanese Pafent Application No.: 2011-060732, filed on
March 18, 2011, which is hereby incorporated by reference in is entirety.
{Industrial Applicability}
{0101} As described above, the present invention can be used as a multivariate data mixture model
30 estimation device, a mixture model estimation method, or a mixture modei estimation program.
For example, the present invention can be used as a device, a method, or a program for estimating a
mixture model for a plurality of mixture distributions having different independence characteristics,
a plurality of various mixture distributions, mixture distributions of different types of stochastic

regression functions, mixture distributions of different types of stochastic discriminant functions, a



{0095} (Supplementary Note 21) In the mixture model estimation program of any one of
Supplementary Notes 17 to 19, the mixture model ichludes a plurality of various mixture distributions.
{0096} (Supplementary Note 22) In the mixture model estimation program of any one of
Supplementary #otadtkey Reddhavinadiifa sHowEMHERMeE isixtifre distributions of different stochastic
regression 15fuWg@g@&&@ﬁ%ﬁ@ypplementary Note 23) In the mixture model estimation program of
any one of Supplementary Notes 17 to 19, the mixture model includes mixture distributions of different
stochastié@scritiindpefnnetistise {do98PrSupplementary Note 24) In the mixture model estimation
program of any epe qf Supplementary. Iggrg}l[otes 17 to 19, the mixture model includes mixture
distributions of a hidden Markov model having different output probabilities. {0099} While the present
invention has beéd destribedbwithitreference to the embodiments and Examples thereof, the present

invention is not I.'ralgte% gethe erg]bodiments %nd s. It will be understood by those of

xa
ordinary skill in the art t at t %asteh‘j?:?&trlgnapr{% 81%%511?0 %‘%émf)rﬁéﬁlgent invention 25may be variously
changed within thg stajdenofathibipressivhipventitn. s{OkeOynTlihe present application claims priority to
Japanese Patento,g\pplicda[ltliont.NQ.: 2011-060732, filed on March 18, 2011, which is hereby incorporated
by reference in its entirety. HAGERA Abplicability} {01011 As described above, the present invention
can be used as apmulipvatiaitflaiasrxkd@imodel 30estimation device, a mixture model estimation
method, or a mixture model estimation program. For example, the present invention can be used as a
detite, a metholf or PHFELPEF FEE4ARIE NG a mixture model for a plurality of mixture distributions
having different ipdeperdenes sharrairisties .8 RiLrabitv efHaKRUS MiXtkis.Histributions, mixture
distributions of different types of stochastic regression functions, mixture distributions of different types

of stochastic distHiRERE IRt AXIRRLPE Kivieen Markov model having different output probabilities,
etc. 11 input data

112 model estimation result



{Reference Sings List} {0102} 101 data input device (date input unit) 102 mixture number setting unit
5103 initialization unit 104 hidden variable variation1 grobability calculation unit 105 hidden variable
variation probability storage unit 106 model optimization unit 107 optimization assessment unit
10108 optimal mbd&FSelection unit 109 model estimation result output device model estimation result

output unit) 110;mixtire Medelestimation.deviceildnpibdata. 112 model estimation result 19
{Claims} {Claim 1}A mixture model estimation device comprising: a data input unit that inputs data of a

mixture model to be Qstﬁﬁé@ei?‘ﬁr_\’ﬂit@ﬁfdmatfed@@l9‘&%@%‘&@]@ ﬁeﬁiﬁﬁﬁfﬁnﬁl%@%ﬁm’ﬁaﬁmeters
of components constituting, the mixireMmadel that arenecessan. fop salimaling e mixite model of

the data; a processing unit that sets the mixture number from the candidate values, calculates a
variation probability of arhididrmivarizdshesfaor arastidorny ik ableuwehickcdsatitarget for estimating the
mixture model of the data with respect to the set r;t(‘ﬁ&géure number,.and aptimally estimates the mixture

.. ' seis the number egcalc S
model by optimizing the &pes an parameters of the 1500mponents using the ca1cullate<§ variation

probability of the hiddenvaériabledotitiat & oiveebouniabiofoa amodehpesteioripriobabilitgtseparated for

each of the components of the mdjxtur.e mode e(lgs%%ntf‘;}}?)]((iirnizedl;1 and a model estimation gesultdoutput unit
y

Hmatin e maxt Jarle} atg with respect to the set mixture number, an
that outputs a model estimatior result obtaine € processing unit.

optimally estimates the mixture model by optimizing the types and parameters of the

10 components using the calculated variation probability of the hidden variable so that a
lower bound of a mode! posterior probability separated for each of the components of the
mixture model is maximized; and
a model estimation result output unit that outpurs a model estimation result obtained by
the processing unit.

15 {Claim 2} The mixture model estimation device according to claim 1, wherein the processing unit
obtains the mixture number of the mixture model optimally by calculating the lower bound
of the mode! posterior probability and the types and parameters of the components for all
the candidate values for the mixture number.

{Claim 3} The mixture model estimation device according to claim 1 or 2, wherein if the mixture

20 number is denoted by C, the random variable is denoted by X, the types of the components
are denoted by Sy, ..., S¢, and the parameters of the companents are denoted by 8 = (n;, ..

"9

e, (pls}, q)csc) (ny, ..., Aic are mixture ratios when the mixture number is 1 to C, and

(;)15', e (pcsc are parameters of distributions of components 8, to S¢ when the mixture

numberis 1 to C),

25 the mixture model is expressed by equation 1:
[Math. 1]
e
4 — . Sr.,
P(X16) = § woLe( X5 ¢2°) (1)
e=1

if the hidden variabie for the random variable X is denoted by Z = (Z;, ..., Z¢), a joint
distribution of a complete variable that is a pair of the random variable X and the hidden
30 variable Z is defined by equation 2:

[Math. 2}



15{Claim 2} The mixture model estimation device according to claim 1, wherein the processing unit
obtains the mixture number of the mixture model optimally by calculating the lower bound of the model
posterior probability and the types and parameters of the components for all the candidate values for
the mixture number. {Claim 3} The_tfixture model estim tipn device according to claim 1 or 2,
wherein if the mixture 20nufbsf idénote yéﬁtﬁ%ﬁ(%dg&ﬁc\} riable is denoted by X, the types ¢}
the components are denoted by S[,Sc, and Ifi¢ parameters of the components are denoted by 0 = sc, ,
mc, (NS],(Pcare mixture ratios when the mixture number is 1 to C, and tp1Sl, ..., (vs are parameters of

distributions of compongr{g.pj \'%Qlégé’%’ﬁl%rﬁaﬂagnwsﬁ%ﬁ qumber is.dyd )n 25?”‘9 %%%%%?' IS
expressed by equation 1: [Math. [] 21 { = &g maxmax (G(1/, 8, q(t)( ) 4(z") 1,8 (6) the

processing unit determlmﬁsmwmeaaﬂa@@/\f@rtb@wwntm trode] posteriot probabiliyseomverges by
using equation 7: [Math, 7] e GA1(Q (0, SN AFNMAGHLD.0-D-1)(7. 1v).deN))

5 [Math. 3]
Plzp|tn, 8) X T Po(p; (ﬁ)f“) (3)

wherein the processing unit caleulates the variation probability of the hidden variable by
solving an optimization problem expressed by equation 4:

fMath. 4]

4O = arg max{ max (G‘(Hftl), 6D g(zM, g(zN))) } 4)

g ZMY | g ZMyet-1)
10
where Z' = 7, ..., Zy denotes the hidden variable, Q% = {q(O), q, ..., ¢V} (a superseript

() means a value caleulated after t iterations) denotes the variation probability of the
hidden variable, H = (5S4, ..., S¢) denotes the mixture model, and G denotes the lower
bound of the model posterior probability,

15 the processing unit calculates the lower bound of the model posterior probability by
equation 5: |

Math. 5]

O —
1log;N

C N N _ N o ow
-3 ; c (bg(Z (Zne)) + Lon=1 Z""j{, %;ml)Q(ch)) ~logg{zN )} (3)
=1 n=1 n=1 ne

£

the processing unit calculates an optimal mixture model HY and parameters 8 of
20 componenis of the optimal mixture model after t iterations by using the variation

probability of the hidden variable by equation 6:

[Math. 6]



4(z1V)EA42(,) (7) 5 if the processing unit determines that the lower bound of the model posterior
probability does not converge, the processing unit repeats processes of equation 4 to equation 7, and
if the processing unit determines that the lower bound converges, the processing unit compares a
lower bound of a model posterior probability offa currently-set optimal 10mixture modey with the lower

bound of the model posterigftprotiabilifyobtaited thraugh caichlasions'’ aid sgtsthe lager value as {iag

optimal mixture model, wherein the procesihg @i#it' iegeats the processes of equat to equation 7
for all the candidate values for the mixture number so as to estimate the mixture model optimally.

{Claim 4} The mixture mode) estimaiandavise.Aearding 12.A0%.008 Shelaigls Lo g, wherein the

15mixture model comprises a plurality of mixture distributions having different independence
characteristics. {Claim Skdtheilmixterermodelestimation device according to any one of claims 1 to 3,
wherein the mixture moa(il gomprises a plurality of various mixture distributions.  {Claim 6} The
mixture model estimation device according to any one of claims 1 to 1 wherein the 20mixture model
comprises mixture distributions of different stochastic regression functions. {Claim 7} The mixture

model estimation device a%@gﬂmé? dihy Ond b hinte Tt 3, wite in, i&lfuﬁg“rﬁoﬂte—llﬁ@fﬁbrié%g})
mixture distributions of différént stochastic discriminant functions. 5{Claim 8} The mixture model (1)

estigation device according to any one of claims 1 to 3, wherein the mixture model comprises mixture
distributions of a hidden Markov model having different output probabilities. ECIaim 9} A mixture model

estimation method compi§iRgeessing unit deteriingrdhal the lonist PormE AhBaMAY et @i model to
be estimated, and candigate3Qualues, far ambduranures 3heHues And:parametars pf Gamponents

constituting the 22 mixture model that are necessary for estimating the mixture model of the data;
if the processing unit determines that the lower bound converges, the processing unit
compares a lower bound of a model posterior probability of a currently-set optimal

10 mixture model with the lower bound of the model posterior probability obtained through
calculations,, and sets the lager value as the optimal mixture model,
wherein the processing unit repeats the processes of equation 4 to équaﬁon 7 for all the
candidate values for the mixture number so as to estimate the mixture model optimally.

{Claim 4} The mixture model estimation device according to any one of claims 1 to 3, wherein the

15 mixture mode] comprises a plurality of mixture distributions having different
independence characteristics.

{Claim 5} The mixture model estimation device according to any one of claims 1 1o 3, wherein the
mixture model comprises a plurality of various mixture distributions.

{Claim 6} The mixture model estimation device according to any one of claims 1 to 3, wherein the |

20 mixture model comprises mixture distributions of different stochastic regression
functions.

{Claim 7} The mixture model estimation device according to any one of claims 1 to 3, wherein the
mixture model comprises mixture distributions of different stochastic discriminant
functions,

25 {Claim 8} The mixture model estimation device according to any one of claims 1 to 3, wherein the
mixture mode] comprises mixture distributions of a hidden Markov model having
different output probabilities.

{Claim 9} A mixture model estimation method comprising:
by using an input unit, inputting data of a mixture model to be estimated, and candidate

30 values for a mixture number, and types and parameters of components constituting the



causing a processing unit to set the mixture number from the candidate values, calculate a variation
probability of a hidden variable for a random variable which is a target for estimating the mixture model
of the data, and optimally estimate the mixture modél by 5optimizing the types and parameters of the
components using the calsulataddvitiationnpreisabifityestfrhenitd enyar alkslsy thradageiower bound of a
model posterior probabily.sepayaled for,eaeh.ofha.componenis.ohine midure modelis maximized:
and causing a model estimat on result g’utput unit to output a model estimation result bbtained by the
processing unit. 10{Claimark@pAprotixtilie niedéldes tianabie op rogndem foiriaiie ratirigisacomplater as a

mixture model estimation device gom “S'%Séd%po'ﬂ%u& unit that I%Hts data of a mixture rgé?(gel to be

. . estimating the nmuxture afa, angd optintaily estimate the mixturg mo
estlmated, and candidatée vaglu or a mixture numbper, é.nddtyppes a%dsparameters OF compoynents

constituting the mixture spodelithatare-necessany oy @stimatipgrthe mixiune tnodekof ifiaidata; 15a
processing unit that sets the mixture number from the candidate values, calculates a variation

probability of a hidden VAAZHE Yot A FARHEH FARADIE Wit 15 2 e4PGE! FoP SELRTEERY A& M re model

of the data with respect {gihe-sai-mixtuienaushsh-andraptimally:-estinatestheimixtige model by
optimizing the types and parameters of the components using the calculated variation probability of the
hidden variable so that §2808WEIPBY THUBH S AT d e PREtETOR Srabhpift Eesaration WE%@H’Wthe
components of the mixtyrepngdelsisasimized; and a model estimation result output unit that outputs

a model estimation result obtained by the processing unit.
{Claim 10} A mixture mode! estimation program for operating a computer as a mixture model

estimation device comprising:

an input unit that inputs data of a mixture model to be estimated, and candidate values for
a mixture number, and types and parameters of components constituting the mixture
model that are necessary for estimating the mixture model of the data;

15 a processing unit that sets the mixture number from the candidate vatues, calculates
variation probability of a hidden variable for a random variable which is a target for
estimating the mixture model of the data with respect to the set mixture number, and
optimally estimates the mixture model by optimizing the types and parameters of the
components using the calculated variation probability of the hidden variable so that a

20 lower bound of a mode! posterior probability separated for each of the compenents of the
mixture model is maximized; and
a model estimation result output unit that outputs a model estimation result obtained by

the processing unit.



