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Kef�laio 1

Autìmata Sust mata Anagn¸rishc
Fwn c

H taqeÐa exèlixh thc teqnologÐac èqei dhmiourg sei meg�lec dunatìthtec ston èlegqo,

sthn apoj keush kai sth met�dosh twn plhrofori¸n. H epikoinwnÐa ìmwc metaxÔ anjr¸pou

kai mhqan c apaiteÐ k�poio mèsw an�jeshc twn entol¸n gia thn apokomid  twn plhrofori¸n.

Meg�lo epÐteugma ja  tan an h mhqan  mporèsei na apokt sei thn idiìthta katanìhshc thc

gl¸ssac twn anjr¸pwn, me skopì thn an�jesh twn entol¸n qwrÐc thn mesol�bhsh k�poiou

mèsou. O kl�doc thc Anagn¸rishc Fwn c (Speech Recognition) èqei k�nei arket� b mata gia

thn epÐteuxh tou stìqou autoÔ. Pragmatikèc efarmogèc èqoun  dh arqÐsei na emfanÐzontai

deÐqnontac thn spoudaiìthta wc kl�doc sthn uphresÐa tou anjr¸pou.

S' autì to kef�laio ja analÔsoume th dom  kai ton trìpo leitourgÐac, enìc autìma-

tou sust matoc anagn¸rishc fwn c. 'Ena genikì autìmato sÔsthma anagn¸rishc fwn c

apoteleÐtai apì tèssera kÔria tm mata : h epexergasÐa tou akoustikoÔ s matoc (Front-

End), to akoustikì montèlo (Acoustic Model), to glwssikì montèlo (Language Model)

kai h apokwdikopoÐhsh (Decoding). Sto Sq ma (1.1) faÐnete pwc sundu�zontai ta tèssera

aut� tm mata gia thn ulopoÐhsh enìc montèrnou autìmatou sust matoc anagn¸rishc fwn c.

To kef�laio organ¸netai wc akoloÔjwc: sto ed�fio (1.1) exhgoÔme pwc gÐnetai h epexe-

rgasÐa tou akoustikoÔ s matoc, sto ed�fio (1.2) anafèrontai oi lìgoi pou k�noun to akou-

stikì montèlo aparaÐthto sthn anagn¸rish thc fwn c, kaj¸c epÐshc kai ton orismì tou,

sto ed�fio (1.3) analÔetai to glwssikì montèlo kai sto ed�fio (1.4) h shmantikìthta thc

1



2 KEF�ALAIO 1. AUT�OMATA SUST�HMATA ANAGN�WRISHS FWN�HS

Sq ma 1.1: Autìmatoo SÔsthma Anagn¸rishc Fwn c

apokwdikopoÐhshc.

1.1 EpexergasÐa tou akoustikoÔ s matoc

Wc pr¸to kÔrio mèroc enìc sust matoc Anagn¸rishc Fwn c eÐnai h epexergasÐa tou

akoustikoÔ s matoc (Front-End). H diadikasÐa anagn¸rishc thc fwn c xekin� apo ta s mata

thc fwn c, pou èqoun uposteÐ deigmatolhyÐa. H deigmatolhyÐa pragmatopoieÐtai èqontac

ìlh thn aparaÐthth plhroforÐa tou s matoc thc fwn c se èna mikrì arijmì suntelest¸n,

sumbatì me ta stoqastik� montèla pou prìkeitai na thn qrhsimopoi soun. (automatic

speech recogniser - ASR).

Analutikìtera, to s ma thc fwn c eÐnai topik�-st�simo (quasi-stationary) s ma, ìmwc

gia mikr� qronik� diast mata mporeÐ na jewrhjeÐ wc st�simo. Gia ton lìgo autì kata thn

epexergasÐa to s ma diaireÐtai se diast mata (frames) kai apì k�je di�sthma ex�getai èna

exomalusmèno f�sma. Efarmìzontac se k�je di�sthma mia sun�rthsh epik�luyhc parajÔrou

me apìsbesh sta �kra (èqei epikrat sei Hamming window) mporoÔme na diathr soume ta

topik� qarakthristik� tou s matoc. Sun jwc ta qronik� diast mata eÐnai di�rkeiac 10msec,

en¸ to par�juro pou qrhsimopoieÐtai eÐnai sun jwc thc t�xewc twn 20msec me 25msec. Sto

sq ma (1.2) faÐnetai h diadikasÐa parajuropoÐhshc enìc s matoc fwn c.
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Sq ma 1.2: DeigmatolhyÐa akoustikoÔ s matoc efarmìzontac thn teqnik  thc epik�luyhc
parajÔrou.

Epeid  to s ma thc fwn c eÐnai st�simo se mikr� qronik� diast mata, qrhsimopoieÐtai

o braqèwc qrìnou metasqhmatismìc Fourier (Short Time Fourier Transform - STFT). O

braqèwc qrìnou metasqhmatismìc sundèei tic metablhtèc tou m kouc tou parajÔrou me

th suqnìthta. 'An jèsoume meg�lec timèc sto m koc tou parajÔrou ja up�rxei kal 

an�lush sto pedÐo thc suqnìthtac en¸ antÐjeta mikrèc timèc sto m kouc tou parajÔrou

dÐnoun qeirìterh an�lush sto pedÐo thc suqnìthtac, all� ètsi oi qronikèc metablhtèc

parakoloujoÔntai kalÔtera. To apotèlesma tou metasqhmatismoÔ, eis�getai se mia prokajo-

rismènh om�da fÐltrwn. H diadikasÐa suneqÐzetai logarijmÐzontac kai efarmìzontac antÐstro-

fo diakritì metasqhmatismì Fourier. To di�nusma qarakthristik¸n pou prokÔptei eÐnai

to cepstrum tou s matoc thc fwn c. H akoustik  plhroforÐa mporeÐ na apeikonisjeÐ me

mia akoloujÐa tètoiwn qarakthristik¸n dianusm�twn efarmìzontac kat�llhlo upologismì

exom�lunshc sta qarakthristik� twn fÐltrwn. Ta qarakthristik� aut� dianÔsmata onom�-

zontai akoustikèc parathr seic kai sumbolÐzontai me Y = y1, y2, ..., ym, ìpou m einai o

arijmìc twn parathr sewn. Sto sq ma (1.3) faÐnetai h diadikasÐa exagwg c twn akoustik¸n

parathr sewn.
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Sq ma 1.3: H diadikasÐa exagwg c twn akoustik¸n parathr sewn.

1.2 Akoustikì statistikì montèlo

To akoustikì statistikì montèlo qrhsimopoieÐtai gia na montelopoi sei to akoustikì

s ma. Ja prèpei na eÐnai se jèsh na qeiristeÐ thn metablhtìthta pou up�rqei sto s ma thc

fwn c. Oi shmantikìterec aitÐec stic opoÐec ofeÐletai h Ôparxh thc metablhtìthtac eÐnai:

• sunafeÐc ekfr�seic (context variability),

• metablhtìthta sto Ôfoc (style variability),

• metablhtìthta stouc omilhtèc (speakers variability), kai

• metablhtìthta tou perib�llontoc (environment variability).

'Olec oi parap�nw aitÐec eÐnai shmantikèc kai dhmiourgoÔn probl mata, pou to akoustikì

montèlo kaleÐtai na epilÔsei. To prìblhma twn sunaf¸n ekfr�sewn prokÔptei apì tic lèxeic

oi opoÐec eÐnai ìmoiec hqhtik�, all� èqoun diaforetik  shmasÐa èqontac k�poio diaforetikì
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shmeÐo èmfashc - stÐxhc h mÐa apì thn �llh. H metablhtìthta sto Ôfoc twn lèxewn ofeÐletai

sthn Ôparxh tou sunaisj matoc sthn fwn . H metablhtìthta stouc omilhtèc eÐnai profan c

lìgoc afoÔ h di�krish kai h diaforetikìthta thc fwn c an�mesa sta fÔla, all� kai lìgo thc

hlikÐac. Tèloc kai poio shmantikì, eÐnai h metablhtìthta tou perib�llontoc pou prosjètei

stoiqeÐa jorÔbou sto s ma thc fwn c.

O skopìc tou akoustikoÔ statistikoÔ montèlou eÐnai na parèqei th mèjodo upologismoÔ

thc katanom c pijanìthtac gia thn akoloujÐa twn dianusm�twn thc akoustik c parat rhshc,

dojèntoc miac lèxhc. Sthn pr�xh h epijumht  katanom  pijanìthtac kajorÐzetai me thn

summetoq  pl jouc peript¸sewn emf�nishc thc k�je lèxhc kai sugkentr¸nontac kat' exako-

loÔjhsh ta statistik� thc stoiqeÐa. Sthn perÐptwsh pou sqedi�zoume sÔsthma anagn¸rishc

fwn c me meg�lo lexikì, den eÐnai efiktì na to diathr soume se epÐpedo lèxewn. Tìte

eÐnai aparaÐthto na analÔsoume thc lèxeic se peperasmèna mikrìtera tm mata, se epÐpedo

fwnhm�twn. An ìmwc èqoume wc stìqo na sqedi�soume to sÔsthma anagn¸rishc gia k�poio

sugkekrimèno arijmì lèxewn, tìte mporoÔme na upologÐsoume thn katanom  thc pijanìthtac

se epÐpedo lèxewn.

Gia na orÐsoume to akoustikì statistikì montèlo, parist�noume to s ma fwn c kaj'

enìc montèlou, me mÐa akoloujÐa dianusm�twn me b�sh ta gnwrÐsmata (features) tou

Y = [yi, i = 1, ..., N ], ìpou yi eÐnai metablhtoÔ m kouc tuqaÐo di�nusma kai isqÔei

yi = [yki
, ..., yki+N−1].

Epiplèon, to statistikì akoustikì montèlo basÐzetai se akoloujÐa katast�sewn kai

katanomèc exìdou. H akoloujÐa katast�sewn eÐnai h kruf  par�metroc tou montèlou h

opoÐa montelopoieÐ thn qronik  metablhtìthta tou s matoc. Oi katanomèc exìdou ekfr�zoun

thn pijanìthta mÐa parat rhsh na èqei prokÔyei apì thn sugkekrimènh kat�stash.
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Orismìc 1.2.1 (AkoustikoÔ montèlou) Akoustikì montèlo gia akoloujÐa gnwrism�twn

Y eÐnai h tetr�da (Q,B, Π, δ), ìpou k�je ìroc orÐzetai xeqwrist� wc ex c [1]:

• Q eÐnai to peperasmèno kai diakritì sÔnolo katast�sewn tou akoustikoÔ montèlou me

akoloujÐa katast�sewn Q = [qi, i = 1, ..., n], ìpou k�je qi eÐnai tuqaÐa metablht 

paÐrnontac timèc apì to Q, sunep�gontac kat�tmhsh ìmoia me aut  twn parathr sewn

Y = [yi, i = 1, ..., n].

• B = {pyt|y1,...,yt−1,qt(·|·), qtεQ} eÐnai h sullog  twn metrik¸n twn pijanot twn, kai

upojètoume pwc h katanom  yt dedomènou twn qi, i = 1, ..., n exart�tai mìno apì thn

ek�stote kat�stash qt,

• Π eÐnai nteterministik    stoqastik  grammatik  h opoÐa perigr�fei to dunamikì twn

katast�sewn,

• δ eÐnai sun�rthsh apokwdikopoÐhshc, pou mac parèqei thn pijanìterh akoloujÐa kata-

st�sewn tou mhnÔmatoc, δ : Qn → M

1.3 Glwssikì montèlo

'Allo èna prìblhma thc anagn¸rishc fwn c eÐnai h epilog  tou swstoÔ glwssikoÔ mo-

ntèlou kai o bèltistoc upologismìc autoÔ. H gl¸ssa upìkeitai se kanìnec grammatik c,

sÔntaxhc kai shmasiologÐac. Gia na eÐnai mÐa fr�sh swst  prèpei na upakoÔei s' autoÔc touc

kanìnec gia na mporèsoume na ex�goume to nìhma thc fr�shc. To gegonìc pwc to m koc

thc k�je fr�shc proc anagn¸rish eÐnai �gnwsto ek twn protèrwn, periplèkei shmantik� thn

diadikasÐa. Up�rqoun dÔo kÔrioi mèjodoi montelopoÐhshc thc gl¸ssac:

• h glwssik  montelopoÐhsh kat� ton Chomsky [27], kai

• h stoqastik  glwssik  montelopoÐhsh.

H glwssik  montelopoÐhsh kat� ton Chomsky qrhsimopoieÐtai ston kajorismì epitre-

pt¸n akolouji¸n lèxewn, me apotèlesma na par�gei mìno thn Ðdia akoloujÐa lèxewn h
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opoÐa èqei prokajoristeÐ. Kat� thn stoqastik  glwssik  montelopoÐhsh mporoÔme na

upologÐsoume thn pijanìthta thc lèxh na up�rqei dojèntoc twn lèxewn thc prìtashc. 'Estw

mia akoloujÐa lèxewn W = {w1, ..., wn}. H pijanìthta:

P (w) =
n∏

i=1

P (wi|w1, ..., wn) (1.1)

O pio aplìc, apodotikìc kai eurèwc diadedomènoc trìpoc upologismoÔ tou glwssikoÔ

montèlou eÐnai h qr sh twn Markobian¸n grammatik¸n 3hc t�xhc (trigram). Kat� ton

opoÐo endiafe- rìmaste gia thc epìmenec dÔo lèxeic pou prohgoÔntai thc epijumht c.

P (w) =
n∏

i=1

P (wi|wi−1wi−2) (1.2)

1.4 ApokwdikopoÐhsh

H apokwdikopoÐhsh eÐnai to telikì st�dio sto sÔsthma thc anagn¸rishc thc fwn c. Sto

shmeÐo autì gÐnetai o sunduasmìc twn upologism¸n tou akoustikoÔ kai tou glwssikoÔ

montèlou. H apokwdikopoÐhsh eggu�tai thn eÔresh thc pijanìterhc anagnwrismènhc akolou-

jÐac. O rìloc thc apokwdikopoÐhshc eÐnai na qeirÐzetai tic prot�seic pou emfanÐzontai na

èqoun mikrèc pijanìthtec na apokleÐontai apì to upìloipo thc epexergasÐac. O sqediasmìc

apodotik¸n apokwdikopoiht¸n eÐnai o krisimìteroc par�gontac sth leitourgÐa enìc prakti-

koÔ sust matoc pou èqei stìqo thn taqÔthta kai thn akrÐbeia tou anagnwrist .

1.5 SÔnoyh

Sto kef�laio autì perigr�yame ta di�fora tm mata pou apartÐzoun èna sÔgqrono autìmato

sÔsthma Anagn¸rishc Fwn c, ¸ste h efarmog  touc na antapokrÐnetai apotelesmatik� se

meg�lo arijmì apì diaforetikoÔc qr stec kai gia meg�lo epitreptì lexilìgio. H epexergasÐa

tou akoustikoÔ s matoc eÐnai aparaÐthth gia thn exagwg  twn qarakthristik¸n tou s matoc

thc fwn c, se morf  dedomènwn gia epexergasÐa. To glwssikì montèlo na kajorÐzei to

epitreptì lexilìgio. To akoustikì montèlo prospajeÐ na entopÐsei ta pijan� legìmena kai

tèloc o apokwdikopoiht c na sundu�zei glwssikì montèlo kai akoustikì montèlo, dÐnontac
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to apotèlesma anagn¸rishc. To akoustikì montèlo eÐnai autì pou kajorÐzei se meg�lo

bajmì thn apìdosh, enìc sust matoc anagn¸rishc. Gia ton lìgo autì up�rqoun di�foroi

mèjodoi ulopoÐhshc tou akoustikoÔ montèlou, oi opoÐoi ja analujoÔn sto epìmeno kef�laio.



Kef�laio 2

Statistik� Akoustik� Montèla

JewroÔme pwc mÐa �gnwsth kumatomorf  s matoc fwn c parametropoieÐtai mèsw miac

diadikasÐac epexergasÐac braqèwc qrìnou, par�gontac mia akoloujÐa dianusm�twn, èstw

Y = y1, y2, ..., yn oi akoustikèc parathr seic. JewroÔme epÐshc ìti to s ma autì thc

fwn c emperièqei k�poio lexilìgio pou upìkeitai se kanìnec grammatik c, sÔntaxhc kai

shmasiologÐac. 'Estw W = w1, w2, ..., wn h akoloujÐa twn lèxewn. Gia na upologÐsoume thn

pio pijan  akoloujÐa lèxewn, gÐnetai sto tm ma tou glwssikoÔ montèlou, arkeÐ na ektimhjeÐ

h posìthta P (wi|wi−1wi−2...wi−n) gia tic wi lèxeic. O kl�doc thc anagn¸rishc fwn c

endiafèretai na sundu�sei ton parap�nw upologismì dojèntwn twn akoustik¸n parathr sewn

kai na epilèxei statistik� thn bèltisth akoloujÐa. To pio diadedomèno krit rio eÐnai tou

upologismoÔ thc Mègisthc Pijanof�neiac (Maximum Likelihood Estimation), to opoÐo ja

analujeÐ ektenèstera sto Kef�laio 3. H mègisth pijanìthta thc akoloujÐac twn lèxewn

dojèntoc twn parathr sewn eÐnai:

Ŵ = argŴ max P (W |O) (2.1)

H idèa tou krit riou autoÔ eÐnai pwc katorj¸noume mègisth pijanìthta, ìtan to montèlo

èqei thn Ðdia katanom  me aut n twn parathr sewn.

Efarmìzontac sth sunèqeia ton kanìna tou Bayes h exÐswsh paÐrnei thn morf ,

Ŵ = argŴ max P (W |O) = argφ max P (W )P (O|W )
P (O)

⇔

Ŵ = argŴ max P (W )P (O|W ) (2.2)

9
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Gia ton upologismì tou ìrou P (W ) qrhsimopoieÐtai to glwssikì montèlo, dÐnontac thn

a-priori pijanìthta thc akoloujÐac anex�rthta apo to s ma pou parathr jhke. O ìroc

P (O|W ) ektim�tai apì to akoustikì montèlo.

Sth sunèqeia tou kefalaÐou ja analujoÔn oi mèqri t¸ra mèjodoi ulopoÐhshc tou akou-

stikoÔ montèlou, sto ed�fio (2.1) perigr�fetai h mèjodoc thc akoustik c montelopoÐhshc

twn Kruf¸n Markobian¸n Montèlwn (HMM), sto ed�fio (2.2) ta Basismèna sthn Tmhmato-

poÐhsh Montèla (Segment - Based Models), tèloc sto ed�fio (2.2) thn mèjodo twn Gram-

mik¸n Dunamik¸n Montèlwn.

2.1 Kruf� Markobian� Montèla (HMM)

Ta HMM eÐnai wc s mera h pio fhmismènh kai apodotik  prosèggish sthn akoustik 

montelopoÐhsh, afoÔ montelopoioÔn arket� kal� ta s mata thc fwn c kai thn qronik�

metaballìmenh fÔsh thc. Ta montèla aut� epitrèpoun metab�seic mìno apì arister� proc

ta dexi� kai mìno gia mÐa   dÔo katast�seic, me apotèlesma na epib�lei periorismì, kat� thn

exagwg  twn akoustik¸n parathr sewn se frame-based parathr seic. EpÐshc to montèlo

den mporeÐ na epistrèyei se prohgoÔmenh kat�stash (blèpe Sqhm 2.1).

Ja prospaj soume na orÐsoume ta HMM sÔmfwna me ton genikìtero orismì tou akousti-

koÔ montèlou pou dìjhke sto 1o Kef�laio. 'Ena HMM eÐnai sunduasmìc dÔo stoqastik¸n

diadikasi¸n, miac kruf c alusÐdac Markov Q pou diathreÐ thn statistik  plhroforÐa thc

qronik c metablhtìthtac kai miac faner c Y h opoÐa perigr�fei thn fasmatik  metablhtì-

thta. Oi katanomèc exìdou B mporoÔn na eÐnai eÐte suneqeÐc eÐte diakritèc, kai exart¸ntai

apì thn kat�stashc pou briskìmaste thn dedomènh qronik  stigm . Stic katanomèc exìdou

upojètoume pwc ta parathr sima dianÔsmata eÐnai upo-sunj kh anex�rthta dedomènou thc

epikratoÔsac akoloujÐac. H grammatik  Π eÐnai eÐte stoqastik  eÐte nteterministik , perièqei

tic pijanìthtec met�bashc kai tic arqikèc pijanìthtec tou montèlou. TeleutaÐa par�metroc

gia na oloklhrwjeÐ o orismìc enìc HMM wc akoustikì montèlo eÐnai h sun�rthsh apokwdi-

kopoÐhshc δ. H sun�rthsh aut  poikÐlei, kai exart�tai apì to eÐdoc thc anagn¸rishc pou

endiaferìmaste na pragmatopoi soume.
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Sq ma 2.1: HMM 5 katastasewn.

Orismìc 2.1.1 (HMM montèlou) H prosarmog  tou KrufoÔ MarkobianoÔ montèlou wc

akoustikì montèlo pragmat¸netai me tic paramètrouc [1]:

• H epikratoÔsa akoloujÐa Q mporeÐ na eÐnai eÐte diakrit  eÐte suneq c,

• Oi parathr seic jewroÔntai upo-sunj kh anex�rthtec dojèntoc epikratoÔsac ako-

loujÐac B = {pyt|y1,...,yt−1,qt(·|·), qtεQ} = {pyt|qt(·|·), qtεQ}.

• H akoloujÐa katast�sewn montelopoieÐtai wc pr¸thc t�xhc alusÐda Markov, ètsi h

grammatik  Π perièqei tic pijanìthtec met�bashc kai tic pijanìthtec arqikopoÐhshc.

• h sun�rthsh apokwdikopoÐhshc δ, exart�tai apì thn idiaÐterh k�je for�, topologÐa

twn HMM.

Apì ton orismì tou HMM wc akoustikoÔ montèlou prokÔptoun k�poia meionekt mata sthn

akrÐbeia thc ulopoÐhs  touc. Pio sugkekrimèna autoÐ eÐnai:
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• den parèqoun ikanopoihtik  anapar�stash thc qronik c di�rjrwshc thc fwn c

• h pijanìthta met�bashc exart�tai mìno apì thn arq  kai ton proorismì, kai

• h upo-sunj kh anexarthsÐa twn parathr sewn

Analutikìtera kat� thn anapar�stash thc qronik c di�jrwshc, h pijanìthta thc kata-

st�sewc (state) elatt¸netai ekjetik� me ton qrìno. An doÔme to sq ma 2.1, h pijanìthta

apì t suneqìmenec parathr seic, gia mia apo tic katast�seic i eÐnai h pijanìthta na p�roume

thn Ðdia kat�stash i gia t forèc, majhmatik� ekfr�zetai:

di(t) = at
ii(1− aii) (2.3)

ìpou faÐnetai h ekjetik  el�ttwsh [16]. 'Opou aii pijanìthta met�bashc, dhlad  0 < aii ≤ 1.

Apì thn stigm  pou h akoloujÐa katast�sewn sta HMM'c eÐnai mia alusÐda Markov,

eÐnai pijanì na èqoume k�poia tm mata paratetamèna kai k�poia sumpiesmèna, k�ti pou eÐnai

anakìloujo m' aut� pou gnwrÐzoume gia to s ma thc fwn c. H upo-sunj kh anexarthsÐa eÐnai

�lloc ènac shmantikìc periorismìc, kat� ton opoÐo ta parathr sima diast mata exart¸ntai

mìno apì thn kat�stash pou ta dhmioÔrghse kai ìqi apì ta geitonik� parathr sima diast -

mata. H upìjesh aut  prosjètei duskolÐec ston apotelesmatikì qeirismì twn mh-st�simwn

diasthm�twn, ta opoÐa eÐnai èntona susqetismèna.

Ta meionekt mata aut� st�jhkan aform  gia th eis ghsh diaforetik¸n ulopoi sewn

me b�sh twn HMM. Autèc ìmwc den mpìresan na epilÔsoun ta meionekt mata aut�. Gia

thn epÐlush k�poiwn meionekthm�twn twn HMM, eis qjhke mia nèa mèjodoc akoustik c

montelopoÐhshc, ta basismèna sthn tmhmatopoÐhsh montèla (Segment-based models).

2.2 Basismèna sthn TmhmatopoÐhsh Montèla

'Ena akoustikì montèlo ja prèpei na mporeÐ na antimetwpÐsei uyhloÔ bajmoÔ fainìmena

kai na axiopoieÐ ta qarakthristik� pou ja ex�gontai apì megalÔtera par�jura epexergasÐac

tou s matoc thc fwn c. Ta Basismèna sthn TmhmatopoÐhsh Montèla (BTM) basÐzontai

sthn diaÐresh enìc s matoc thc fwn c se tm mata, qwrÐc na up�rqoun ken� metaxÔ twn
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Sq ma 2.2: Sqhmatik  perigraf  enìc Basismènou sthn TmhmatopoÐhsh Montèlou [7].

tmhm�twn. An èqoume s ma fwn c, me N arijmì diasthm�twn jewroÔme ìti apì to di�sthma

1 èwc to di�sthma p, me p− 1 > 0, eÐnai to l1 tm ma, apì p + 1 èwc r me r − p + 1 > 0 eÐnai

to l2 tm ma, klp. To m koc l twn tmhm�twn den epilègetai tuqaÐa all� kajorÐzetai apì mia

sullog  me stajerèc timèc m kouc tm matoc. 'Estw L h sullog  twn apodekt¸n mhk¸n pou

k�je for� eÐnai Ðso me to �jroisma ìlwn twn epimèrouc mhk¸n.

L = l1 + l2 + ... + lN (2.4)

Gia k�je m koc ja prèpei na orÐzoume epÐshc poÐa glwssik  mon�da montelopoieÐ kai me

b�sh autì gÐnetai h kat�tmhsh tou dianÔsmatoc twn parathr sewn Y . JewroÔme ìti èqoume

mia �gnwsth kumatomorf  s matoc fwn c thn opoÐa qwrÐzoume se akoloujÐa tmhm�twn, èstw

A = [a1, a2, ...an], ta m kh twn tmhm�twn èqoun di�rkeia pou kajorÐzetai apì to sÔnolo L.

H pijanìthta thc epikratoÔsac akoloujÐac mporeÐ na grafeÐ:

P (Q) = P (L, A) = P (L|A)P (A) =
n∏

i=1

p(li|ai)p(ai|a1, ..., ai−1) (2.5)

apì 'pou faÐnetai pwc h di�rkeia enìc tm matoc eÐnai upo-sunj kh anex�rthth dojèntoc h

akoloujÐa tou montèlou. Sta basismèna sthn tmhmatopoÐhsh montèla parathroÔme pwc den

up�rqei periorismìc sto tÔpo thc di�rkeiac twn katanom¸n, ìpwc sumbaÐnei sth perÐptwsh

twn HMM. Anakefalai¸nontac orÐzoume to BTM wc akoustikì montèlo.
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Orismìc 2.2.1 (Basismèna sthn TmhmatopoÐhsh Montèla) Ta basismèna sthn tmhmato-

poÐhsh montèla parametropoÐoun to akoustikì montèlo [1]:

• H epikratoÔsa akoloujÐa Q = (a, l)εA × L, ìpou A eÐnai to sÔnolo twn glwssik¸n

mon�dwn kai L h sullog  twn diarkei¸n twn tmhm�twn.

• H sullog  twn upologism¸n twn pijanot twn twn parathr sewn gia èna tm ma eÐnai

p = (Y (p + 1, r)|qi) ìpou p + 1 arq  tou tm matoc kai r to tèloc tou.

• H grammatik  èqei ton periorismì (2.4) kai ta stoqastik� sustatik� thc exÐswshc

(2.5).

• H sun�rthsh apokwdikopoÐhshc kajorÐzetai apì δ(Q) = δ′(A, L).

To gegonìc pwc ta Basismèna sthn TmhmatopoÐhsh Montèla qarakthrÐzontai apo tm -

mata pou h di�rkeia touc eÐnai prokajorismènh apì th sullog  L, anagk�zei thn akoloujÐa

twn parakolouj sewn na exomalÔnetai me thn qronik  di�rkeia touc, prin thn efarmog  tou

akoustikoÔ montèlou. Autì èqei wc apotèlesma na periplèkei thn diadikasÐa apokwdiko-

poihshc, afoÔ oi upoy fiec upojetikèc peript¸seic tmhmatopoÐhshc gia ton upologismì twn

pijanot twn eÐnai arketèc gia ìlec tic peript¸seic twn diaforetik¸n mhk¸n. To prìblhma

autì ¸jhse sthn eisagwg  twn Stoqastik¸n Tmhmatopoihmènwn Montèlwn.

Stoqastik� Tmhmatopoihmèna Montèla

Ta Stoqastik� Tmhmatopoihmèna Montèla diafèroun wc prìc ta Basismèna sthn Tmhma-

topoÐhsh Montèla mìno sto kajorismì thc di�rkeiac enìc tm matoc l, th jewroÔn wc tuqaÐa

metablht  pou akoloujeÐ Gaussian katanom . 'Estw èna tm ma parathr sewn di�rkeiac l,

y = {y1, ..., yl}, enìc montelou m. To montèlo m par�gei tm mata parathr sewn apì thn

exÐswsh:

p(y, l|m) = p(y|l,m)p(l|m) (2.6)

ìpou to akoustikì montèlo upologÐzei ton ìro p(y|l,m) en¸ to montèlo tmhmatopoÐhshc m

ton p(l|m).



2.2. BASISM�ENA STHN TMHMATOPO�IHSH MONT�ELA 15

Ta Basismèna sthn TmhmatopoÐhsh Montèla kai idiaÐtera ta Stoqastik� Tmhmatopoi-

hmèna Montèla prìteinan ton trìpo na qeiristoÔme th metablhtìthta thc di�rkeiac twn

montèlwn. SÔmfwna me thn èreuna ìmwc tou BasileÐou Digal�kh [1], den èlusan to prìblhma

twn exart sewn metaxÔ twn qarakthristik¸n suntelest¸n thc fwn c, pou up rqe kai

kat� thn ulopoÐhsh twn HMM. To prìblhma metatèjhke tìso sta eswterik� plaÐsia twn

tmhm�twn ìso sta sÔnora metaxÔ twn plaisÐwn twn tmhm�twn. H nèa prìtash  tan h

eisagwg  twn Grammik¸n Dunamik¸n Montèlwn sthn anagn¸rish thc fwn c.

Grammik� Dunamik� Montèla

Ta Grammik� Dunamik� Montèla, pou eÐnai kai to antikeÐmeno thc ergasÐac aut c, basÐzo-

ntai sta Basismèna sthn TmhmatopoÐhsh Montèla, èqoun dhlad  thn dunatìthta na diairoÔn

tic parathr seic se tm mata, tìso se stajer� m kh ìso kai se metaballìmena, orÐzontai

ìpwc kai ta Basismèna sthn TmhmatopoÐhsh Montèla, all� diaforopoioÔntai ston trìpo

ulopoÐhshc, èqontac to pleonèkthma na diathroÔn tic exart seic sta eswterik� plaÐsia enìc

tm matoc.

Ta Grammik� Dunamik� Montèla eisag�gane dÔo mejìdouc ulopoÐhshc:

• thc ametablhtìthtac thc troqi�c kai

• thc ametablhtìthtac thc susqètishc.

Kat� ton trìpo thc ametablhtìthtac thc troqi�c upojètoume pwc up�rqei monadik , stajer 

troqi� gia k�je basikì fwnhtikì tm ma (wc basikì fwnhtikì tm ma dhl¸noume to f¸nhma).

O trìpoc thc ametablhtìthtac thc susqètishc upojètei pwc entìc twn tmhm�twn up�rqoun

perioqèc stic opoÐec h susqètish metaxÔ twn plaisÐwn eÐnai statik . SÔmfwna me thn ergasÐa

[2], h taxinìmhsh twn dÔo mejìdwn èdeixe parìmoia sumperifor� gia meg�lou m kouc basik�

fwnhtik� tm mata, ìmwc mikr  epÐdosh proèkuye kat� thn efarmog  thc ametablhtìthtac

thc troqi�c ìtan to m koc thc akoloujÐac twn parathr sewn  tan mikrìterh apì thn arqik 

upìjesh. To prìblhma apodìjhke sto gegonìc ìti h susqètish se perÐptwsh sÔntomou

tm matoc elatt¸netai kat� thn kanonikopoÐhsh thc di�rkeiac twn tmhm�twn. 'Etsi metaxÔ
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twn dÔo, uiojetoÔme thn mèjodo thc ametablhtìthtac thc susqètishc kai gia thn ulopoÐhsh

tou montèlou mac.

2.3 SÔnoyh

EÐdame sto Kef�laio autì tic di�forec mejìdouc prosèggishc tou akoustikoÔ montèlou,

parousi�zontac ta meionekt mata kai pleonekt mata, thc k�je mejìdou. Ta statistik�

montèla, sthn akoustik  montelopoÐhsh eÐnai to megalÔtero antikeÐmeno èreunac sthn Ana-

gn¸rish Fwn c. Ta HMM wc palaiìterh mèjodoc èqei analujeÐ ekten¸c, ìntac h pio

diadedomènh mèjodoc. Ta Basismèna sthn TmhmatopoÐhsh montèla kai idiaÐtera me th mèjodo

twn grammik¸n susthm�twn eÐnai kainoÔrgia prosèggish, ètsi tugq�nei megalÔterhc proso-

q c kai èreunac. Prin ìmwc doÔme thn efarmog  touc, jewreÐtai aparaÐthto na analÔsoume

thn jewrÐa pou perikleÐetai gÔrw ap' aut�. Sto epìmeno kef�laio ja dojeÐ h jewrÐa upì

èna genikìtero blèmma.



Kef�laio 3

Grammik� Dunamik� Montèla

To grammikì dunamikì montèlo eÐnai uposqìmenh mèjodoc ulopoÐhshc tou akoustikoÔ

montèlou. H jewrÐa gia na katal xoume sthn efarmog  tou, wc akoustikì montèlo eÐnai

ekten c, afoÔ sundu�zei jèmata melèthc diaforetik¸n episthmonik¸n pedÐwn, me pollèc èn-

noiec, mejìdouc kai algorÐjmouc. H prosp�jei� mac eÐnai na deÐxoume, ìso pio apla gÐnetai,

pwc sundu�zontai upì mia eniaÐa optik . Ja deÐxoume pwc apì to genikì grammikì sÔsthma

mèsw twn idiot twn tou mporeÐ na p�rei morf  ikan  gia thn efarmog  tou se dedomèna

fwn c kai sundu�zontac touc upologismoÔc tou, me mejìdouc pijanotik c sullogistik c

kai na ex�goume asfal  sumper�smata.

To kef�laio organ¸netai wc akoloÔjwc: sto ed�fio (3.1) perigr�fetai to grammikì

dunamikì sÔsthma, sto ed�fio (3.2) exhgeÐtai h ènnoia tou kontrìl gia to grammikì dunamikì

sÔsthma, sto ed�fio (3.3) analÔetai o trìpoc efarmog c tou grammikoÔ dunamikoÔ sust ma-

toc sthn montelopoÐhsh.

3.1 Grammikì dunamikì sÔsthma

To genikì grammikì dunamikì sÔsthma diakritoÔ qrìnou, state-space poll¸n metablht¸n,

me epiplèon eisìdouc jorÔbou se eÐsodo kai èxodo perigr�fetai apì tic exis¸seic (3.1) kai

(3.2), en¸ sqhmatik� faÐnetai sto Sqhm. 3.1:

xk+1 = Fxk + ωk ωk ∼ N(q, Q) (3.1)

yk = Hxk + υk υk ∼ N(r, R) (3.2)

17
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Sq ma 3.1: Montèlo paragìmeno apì grammikì dunamikì sÔsthma

Sto parap�nw sÔsthma me xk sumbolÐzetai to di�nusma kat�stashc (state), di�stashc

(n×1), to opoÐo eÐnai èmmesa parathr simo, me yk to di�nusma parat rhshc di�stashc (p×1)

pou mac parèqei thn �mesa parathr simh èxodo tou sust matoc. O pÐnakac F eÐnai o pÐnakac

met�bashc katast�sewn, di�stashc (n×n), kai o H eÐnai o pÐnakac parat rhshc, di�stashc

(p × p). Oi ìroi ωk kai υk eÐnai epiplèon asusqètistoi jìruboi me mèsouc q kai r kai me

sundiakÔmansh Q kai R antÐstoiqa, gia touc opoÐouc isqÔei:

E{wnw
T
k } =

{
Q an n = k
0 an n 6= k

kai

E{υnυ
T
k } =

{
R an n = k
0 an n 6= k

To di�nusma xk se state space sust mata kaleÐtai di�nusma kat�stashc, epeid  dÐnei

thn pl rh perigraf  gia thn kat�stash tou sust matoc thn qronik  stigm  k, kai se k�je

perÐptwsh kajorÐzei thn exèlixh tou sust matoc sto mèllon. Akìmh to di�nusma kat�stashc

èqei thn idiìthta na sullègei plhroforÐec gia thn arqikopoÐhsh tou sust matoc. 'Eqontac

wc gn¸sh tic sunj kec autèc se mia dedomènh qronik  stigm  mazÐ me ton prosdiorismì

twn mellontik¸n eisìdwn, eÐnai ìti qreiazìmaste ¸ste na mporèsoume na kajorÐsoume thn

mellontik  sumperifor� tou sust matoc. 'Otan k�poioc anafèretai se state space sust -

mata megèjouc q¸rou n, kajorÐzei ètsi to pedÐo tim¸n tou dianÔsmatoc kat�stashc (blèpe

Sq m. 3.2). Epomènwc k�poioc mporeÐ na fantasteÐ thn efarmog  tou grammikoÔ dunamikoÔ
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Sq ma 3.2: O i parathr seic yp susqetÐzontai me tic katast�seic xk mèsw miac sun�rthshc
metatrop c

sust matoc sthn perigraf  enìc fainomènou, parathr¸ntac mìno to apotèlesma tou, dhlad 

thn èxodo tou, montelopoi¸ntac thn sumperifor� tou dÐnontac kat�llhlec timèc sta domik�

tou stoiqeÐa. Ta domik� tou stoiqeÐa ta sumbolÐzoume me to sÔnolo metablht¸n

Θ = {F, H,Q, R, µ0, Σ0}

kai ta onom�zoume paramètrouc tou montèlou, ìpou µ0, Σ0 eÐnai h arqikopoÐhsh tou montèlou.

3.2 'Elegqoc, ParakoloÔjhsh, KanonikopoÐhsh

H state space perigraf  tou grammikoÔ dunamikoÔ sust matoc epikentr¸netai sthn sumpe-

rifor� tou sust matoc, dhlad  sthn exèlixh twn katast�sewn. Apì thn optik  tou kontrìl,

h dom  twn eisìdwn kai twn exìdwn eÐnai oloklhrwmènoc trìpoc perigraf c tou dunamikoÔ

sust matoc. H dom  thc eisìdou kajorÐzei ton bajmì pou mporeÐ na diaforopoihjeÐ h

sumperifor� tou sust matoc, en¸ h dom  thc exìdou emperièqei to eÐdoc thc plhroforÐac

ikanì gia ton èlegqo tou sust matoc. Ta dÔo aut� stoiqeÐa allhlepidr¸ntac dÐnoun th

b�sh gia thn epÐteuxh tou kontrìl tou sust matoc.
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'Elegqoc

Gia ton èlegqo tou sust matoc arkeÐ na parathr soume thn eÐsodo tou sust matoc. An

sthn exÐswsh (3.1) jèsoume thn prìsjeth eÐsodo oloklhrwmèna, dhlad  ìpou wk = Quk

prokÔptei.

xk+1 = Fxk + Quk (3.3)

me xk di�nusma kat�stashc, di�stashc (n × 1), o pÐnakac F eÐnai o pÐnakac katast�sewn

met�bashc, di�stashc (n×n) kai ìpou wk = Quk me pÐnaka katanom c Q, di�stashc (n×m)

kai uk eÐsodoc, di�stashc (m× 1).

Je¸rhma 3.2.1 'Ena diakritì sÔsthma eÐnai pl rwc elegqìmeno an kai mìno an o pÐnakac

elègqou M, di�stashc (n× nm)

M = [Q, FQ, ..., F n−1Q] (3.4)

èqei rank n [10].

Apì to je¸rhma prokÔptei pwc an èna sÔsthma eÐnai pl rwc elegqìmeno, mporoÔme na

d¸soume kat�llhlh eÐsodo me thn opoÐa apì mia kat�stash se aujaÐreth jèsh, ja metabeÐ

se mia �llh kat�stash epÐshc aujaÐrethc jèshc, met� apì peperasmèno arijmì bhm�twn.

Dhlad  jewroÔme tic katast�seic xa kai xb, se aujaÐretec jèseic a kai b antÐstoiqa, me

b − a = n > 0, me thn eisodo uk mhdèn to sÔsthma ja metabeÐ sthn kat�stash F nxa se n

b mata,   alli¸c me epijumht  eÐsodoc to sÔsthma ja metaferjeÐ apo thn arqik  kat�stash

xa sthn kat�stash xb − F nxa se n b mata.

ParakoloÔjhsh

Gia thn parakoloÔjhsh tou sust matoc arkeÐ na parathr soume thn èxodo tou sust -

matoc. Apì tic exis¸seic (3.1),(3.2) jewroÔme tic eisìdouc ωk kai υk na eÐnai Ðsoi me to

mhdèn. Tìte èqoume tic exis¸seic

xk+1 = Fxk (3.5)

yk = Hxk (3.6)



3.3. EKT�IMHSH PARAM�ETRWN 21

me xk sumbolÐzetai to di�nusma kat�stashc (state), di�stashc (n × 1), me yk to di�nu-

sma parat rhshc di�stashc (p × 1). O pÐnakac F eÐnai o pÐnakac katast�sewn met�bashc,

di�stashc (n× n),kai o H eÐnai o pÐnakac parathr sewn, di�stashc (p× p).

Je¸rhma 3.2.1 'Ena diakritì sÔsthma eÐnai pl rwc parathr simo an kai mìno an o

pÐnakac parakoloÔjhshc S, di�stashc (pn× n)

S = [H, HF, ..., HF n−1]T (3.7)

èqei rank n [10].

H ènnoia thc parakoloÔjhshc eÐnai polÔ shmantik  sthn optik  tou kontrìl. An h plhro-

forÐa thc exìdou eÐnai ellip c tìte ja èqoume ellip  plhrofìrhsh kai gia thn kat�stash

tou sust matoc, k�ti pou periorÐzei thn sqedÐash tou kontrìl.

KanonikopoÐhsh

O èlegqoc kai h parakoloÔjhsh mac parèqoun thn sqèsh metaxÔ thc eisìdou kai thc

exìdou ¸ste na gnwrÐzoume autì pou sumbaÐnei eswterik� tou sust matoc. Autì mporeÐ na

epiteuqjeÐ metatrèpontac to di�nusma kat�stashc me merikèc pijanèc morfèc pou lègontai

kanonikèc. Oi morfèc autèc metatrèpoun kai touc pÐnakec tou sust matoc, dÐnontac touc

sugkekrimènh morf . O lìgoc pou k�nei thn kanonikopoÐhsh aparaÐthth eÐnai epeid  ta

stoiqeÐa tou sust matoc upologÐzontai me megalÔterh eukolÐa.

3.3 EktÐmhsh Paramètrwn

Gia thn ektÐmhsh twn paramètrwn tou grammikoÔ dunamikoÔ montèlou, jewroÔme grammikì

dunamikì sÔsthma me Gaussian jorÔbouc wc eÐsìdo. To grammikì dunamikì montèlo peri-

gr�fetai apì tic exis¸seic:

xk+1 = Fxk + ωk ωk ∼ N(0, Q) (3.8)

yk = Hxk + υk υk ∼ N(0, R) (3.9)
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Gia thn kat�stash upojètoume ìti exelÐssetai san pr¸thc t�xhc alusÐda Markov, h èxodoc

einai apl  grammik , apotèlesma thc ek�stote kat�stashc. Kai stic dÔo efarmìzetai

prìsjetoc Gaussian jìruboc, ωk kai υk antÐstoiqa, me mhdenik  mèsh tim . Gia touc opoÐouc

isqÔei:

E{wnw
T
k } =

{
Q an n = k
0 an n 6= k

kai

E{υnυ
T
k } =

{
R an n = k
0 an n 6= k

Oi jìruboi eÐnai anex�rthtoi metaxÔ touc, epomènwc E[ωkυk] = 0, kai all�zoun tim 

se k�je qronik  stigm , all� gia thn perÐptws  mac touc jewroÔme stajeroÔc. H genik 

idèa tou grammikoÔ sust matoc wc basikì montèlo eÐnai pwc h akoloujÐa thc kat�stashc

ja prèpei na eÐnai ermhneÐa sthn poluplokìthta thc akoloujÐac exìdou kai ìti ja eÐnai pio

periektik  se plhroforÐa apì thn Ðdia thn èxodo.

UpologismoÐ

'Estw oti mac dÐnontai oi par�metroi tou montèlou twn exis¸sewn (3.8) kai (3.9), Θ =

{F, H,Q, R, µ0, Σ0}, me mia akoloujÐa dianusm�twn apì parathr seic Y = {y1, ..., yn}. H

basik  posìthta pou jèloume na upologÐsoume eÐnai h olik  pijanìthta thc akoloujÐac twn

parathr sewn me b�sh tic paramètrouc tou montèlou, thn pijan  akoloujÐa katast�sewn

xk = {x1, ..., xn}. H olik  pijanìthta upologÐzetai apì thn exÐswsh:

P ({y1, ..., yn}|Θ) =
∫

all{x1,...,xn}
P ({x1, ..., xn}, {y1, ..., yn}|Θ)d{x1, ..., xn} (3.10)

O upologismìc thc sunduasmènhc pijanìthtac gÐnetai mèsw thc exÐswshc.

P ({x1, ..., xn}, {y1, ..., yn}|Θ) = P (x0)
n−1∏
k=1

P (xk+1|xk)
n−1∏
k=1

P (yk|xk) (3.11)

'Opou x0 h arqikopoÐhsh tou sust matoc. Efarmìzontac ton kanìna tou Bayes upologÐ-

zoume thn upo-sunj kh katanom  thc pijanìthtac.

P ({x1, ..., xk}|{y1, ..., yk}, Θ) =
P ({x1, ..., xk}, {y1, ..., yk}|Θ)

P ({y1, ..., yk}|Θ)
(3.12)
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Sun jwc h katanom  thc pijanìthtac thc kat�stashc eÐnai qr simh gia k�poia sugkekrimènh

qronik  stigm , dhlad  sun jwc qrei�zetai o upologismìc twn pijanot twn

P (xk|{y1, ..., yn}). O upologismìc twn pijanot twn aut¸n, epitugq�netai me thn efarmog 

tou algìrijmou Emprìc - Pisw (Forward−Backward Algorithm)

Emprìc - Pisw Algìrijmoc

O algìrijmoc Emprìc - PÐsw eÐnai mÐa epanalhptik  mèjodoc gia ton upologismì thc

pijanìthtac na briskìmaste se mia sugkekrimènh kat�stash, se mia sugkekrimènh qronik 

stigm . To ìnoma tou algorÐjmou eÐnai antiproswpeutikì gia ton trìpo pou leitourgeÐ ston

upologismì twn pijanìthtwn P (xk|{y1, ..., yn}) . H genik  morf  tou algorÐjmou èqei wc

ex c:

An sumbolÐsoume thn sunduasmènh pijanìthta thc kat�stashc xk me thn akoloujÐa parath-

r sewn {y1, ..., yk} wc:

ak(xk) = P (xk, {y1, ..., yk}) (3.13)

O epanalhptikìc upologismìc gia to Emprìc b ma tou algorÐjmou èqei wc ex c:

ak(xk) =
∑
xk−1

P (xk, xk−1, {y1, ..., yk}) ⇔

ak(xk) =
∑
xk−1

P (xk−1, {y1...yk−1})P (xk|xk−1)P (yk|xk, {y1, ..., yk−1}) ⇔

ak(xk) =
[ ∑

xk−1

ak−1(xk−1)P (xk|xk−1)
]
P (yk|xk, {y1, ..., yk−1}) (3.14)

Sthn deÔterh exÐswsh qrhsimopoi jhke h tautìthta

P (xk|xk−1, {y1, ..., yk−1}) = P (xk|xk−1)

pou mporeÐ na exaqjeÐ apì thn idiìthta tou Markov thc mode akoloujÐa kai apo basik 

idiìthta thc upo-sunj khc anexarthsÐac tou akoustikoÔ montèlou, gia thn katanom  twn

pijanot twn twn parathr sewn, gia tic epìmenec kai tic prohgoÔmenec epikratoÔsec ako-

loujÐec (mode sequences) dojèntoc thc ek�stote kat�stashc.
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Kat� ton Ðdio trìpo an sumbolÐsoume:

bk(xk) = P ({yk+1, ..., yn}|xk, {y1, ..., yk}) (3.15)

O epanalhptikìc upologismìc gia to PÐsw b ma tou algorÐjmou èqei wc ex c:

bk(xk) =
∑
xk+1

P ({yk+1, ..., yn}|xk, {y1, ..., yk}) ⇔

bk(xk) =
∑
xk+1

P (yk+1|yk)P (yk+1|xk+1, {y1, ..., yk})P ({yk+2, ..., yk}|xk+1, {y1, ..., yk+1}) ⇔

bk(xk) =
∑
xk+1

P (yk+1|yk)P (yk+1|xk+1, {y1, ..., yk})bk+1(xk+1) (3.16)

ìpou kai ed¸ qrhsimopoi jhke h Ðdia tautìthta pou qrhsimopoi jhke sto Emprìc b ma

kat� ton Ðdio trìpo gia k + 1. Gia thn perÐptwsh twn tmhmatopoihmènwn, gia thn opoÐa

upojètoume h upo-sunj kh anexarthsÐa metaxÔ twn tmhm�twn dojèntoc thc epikratoÔsac

diadikasÐac (mode sequence), prokÔptei h sqèsh:

P (yk+1|xk+1, {y1, ..., yk}) = P (yk+1|xk+1) (3.17)

Apì thn parap�nw upìjesh oi exis¸seic (3.14) kai (3.16) paÐrnoun thn morf :

ak(xk) =
[ ∑

xk−1

ak−1(xk−1)P (xk|xk−1)
]
P (yk|xk) (3.18)

bk(xk) =
∑
xk+1

P (yk+1|yk)P (yk+1|xk+1)bk+1(xk+1) (3.19)

O upologismìc thc epijumht c pijanìthtac P (xk|{y1, ..., yn}) prokÔptei apo ton sunduasmì

twn bhm�twn kai eÐnai:

P (xk|{y1, ..., yn}) =
P (xk, {y1, ..., yn})

P ({y1, ..., yn)}
=

ak(xk)bk(xk)∑
xk

ak(xk)bk(xk)
(3.20)

EktÐmhsh Mègisthc Pijanof�neiac

H basik  idèa thc ektÐmhshc thc mègisthc pijanof�neiac eÐnai pwc o kalÔteroc upologi-

smìc prokÔptei apo ekeÐnon pou megistopoieÐ thn pijanof�neia, perilambanomènou twn pragma-

tik¸n parathr sewn. Efìson anaferìmaste se state space montèla ìpou h kat�stash
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eÐnai akribèsterh perigraf , twn parathr sewn, h mègisth pijanoof�neia prokÔptei ìtan to

montèlo akoloujeÐ katanom  parìmoia aut c twn parathr sewn. H ektÐmhsh thc mègisthc

pijanof�neiac èqei tic akìloujec idiìthtec, ìso perissìtera dedomèna ekpaÐdeushc èqoume

tìso kalÔtera sugklÐnei, tic perissìterec forèc eÐnai arket� apl  sthn ulopoÐhsh thc, all�

bebaÐwc den èqei p�nta analutik  lÔsh.

JewroÔme èna aplopoihmèno par�deigma tou upologismoÔ thc mègisthc pijanof�neiac,

ìpou jèloume na upologÐsoume thn mègisth pijanìthtac miac akoloujÐac n deigm�twn x1, ..., xn

dedomènwn twn paramètrwn θ. H upo-sunj kh katanom  pijanìthtac dÐnetai apì thn exÐswsh:

P ({x1...xn}|Θ) =
n∏

k=1

P (xk|θ) (3.21)

LogarijmÐzontac thn parap�nw sqèsh o par�gontac tou ginomènou metatrèpetai se ajroisti-

kì par�gonta, k�nontac ètsi touc upologismoÔc taqÔterouc. OrÐzontac thn logarijmik 

pijanìthta:

L(θ) = lnP (xk|θ) (3.22)

Tìte oi par�metroi tou montèlou prokÔptoun wc ex c:

θ̂ = argθmaxL(θ) (3.23)

Sto sq ma (3.3) faÐnetai o trìpoc upologismoÔ thc mègisthc pijanìthtac.

O periorismìc thc mejìdou eÐnai pwc sthn perÐptwsh pou ta dedomèna èqoun ken� se

endi�mesa qronik� shmeÐa (sparse data), ìpwc kai sthn perÐptws  mac, kai ìtan h akoloujÐa

thc kat�stashc den eÐnai �mesa parathr simh, h mèjodoc den mporeÐ na par�xei swstì

apotèlesma. Gia autèc tic peript¸seic qrhsimopoieÐtai o algìrijmoc anamon c megistopoÐhshc

(Expectation Maximization Algorithm - EM Algorithm).
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h

Sq ma 3.3: Sto ep�nw sq ma deÐqnoume thn katanom  pou akoloujoÔn merik� dedomèna
ekpaÐdeushc, sth mèsh faÐnetai o upologismìc me b�sh thn exÐswsh (3.21) kai to pìte
gÐnetai megistopoÐhsh thc posìthtac kai sthn trÐth o upologismìc me b�sh thn exÐswsh
(3.22).
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Algìrijmoc EM

O algìrijmoc EM antimetwpÐzei to prìblhma metatÐjontac ton upolo- gismì thc mègisthc

pijanìthtac. AntÐ na megistopoi soume thn olik  pijanof�neia, (exÐswsh 3.11), mporoÔme

na megistopoi soume thn parak�tw posìthta epanalhptik�.

Q(θk|θk−1) = E{P ({x1...xn}, {y1...yn}|Θ)|{y1...yn}, θk−1} (3.24)

H epan�lhyh pragmatopoieÐtai se dÔo b mata, pr¸ta gÐnetai to b ma thc anamon c (Expecta-

tion) ìpou upologÐzetai h posìthta (3.24), dojèntoc tou upologismoÔ twn paramètrwn thc

prohgoÔmenhc epan�lhyhc θk−1

Q(θk|θk−1) = E{P ({x1...xn}, {y1...yn}|Θ)|{y1...yn}} (3.25)

kai sto deÔtero b ma gÐnetai h megistopoÐhsh twn paramètrwn tou montèlou (Maximization)

apì to pr¸to b ma thc anamon c

Q(θk) = argθmaxQ(θk|θk−1) (3.26)

O algìrijmoc mac upìsqetai aÔxhsh thc mègisthc pijanìthtac se k�je epan�lhyh [1]. H

efarmog  tou EM algorÐjmou san diadikasÐa ekpaÐdeushc sthrÐzetai sthn idèa, o upologi-

smìc thc kruf c metablht c (kat�stashc) dojèntoc twn parathr sewn, mèsw thc diadika-

sÐac Emprìc - PÐsw, efarmìzetai stic up�rqousec paramètrouc tou montèlou. 'Eqontac

touc upologismoÔc thc diadikasÐac Emprìc - PÐsw, touc qrhsimopoioÔme gia thn ananèwsh

twn paramètrwn tou montèlou. H diadikasÐa suneqÐzei qrhsimopoi¸ntac touc ananewmènouc

paramètrouc epanektim¸ntac me b�sh autoÔc tic timèc thc kat�stashc. H epan�lhyh thc

diadikasÐac gÐnetai mèqric ìtou oi timèc twn paramètrwn sugklÐnoun. To krit rio sÔgklishc

eÐnai h Mègisth Pijanìthta na apokt sei tim  sqedìn stajer .

3.4 SÔnoyh

Sto kef�laio autì analÔjhke ìlh h jewrÐa pou qrhsimopoieÐtai gia thn efarmog  twn

grammik¸n susthm�twn sthn anagn¸rish fwn c. EpidÐwxh  tan na dojeÐ h jewrÐa, ìso to
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dunatìn, sth genikìterh morf  thc, perilamb�nontac tic genikèc idèec thc ek�stote ènnoiac.

Sto epìmeno kef�laio ja dojeÐ h akrib c efarmog  kai o pwc o sunduasmìc ton ennoi¸n

odhgeÐ sthn exagwg  asfal¸n sumperasm�twn.



Kef�laio 4

Grammik� Dunamik� Susthmata wc
Akoustikì Montèlo

Sto kef�laio autì ereunoÔme mÐa nèa dom  parametropoÐhshc tou grammikoÔ sust matoc

kai eis�goume ènan nèo trìpo upologismoÔ (estimation) twn grammik¸n dunamik¸n montèlwn

sthn Anagn¸rish Fwn c. H dom  parametropoÐhshc proteÐnetai Lennart Ljung [2], eÐnai

ìmwc h pr¸th for� pou qrhsimopoieÐtai gia thn dìmhsh grammik¸n dunamik¸n montèlwn

sthn Anagn¸rish Fwn c. Sthn epexergasÐa s matoc o upologismìc thc sundiakÔmanshc

eÐnai aparaÐthtoc se k�je perÐptwsh. O lìgoc autìc k�nei aparaÐthth thn qrhsimopoÐhsh thc

jewrÐac upologismoÔ twn pin�kwn sthn epexergasÐa s matoc. O nèoc trìpoc upologismoÔ

eÐnai h efarmog  element−wise gia ton upologismì twn paramètrwn twn grammik¸n duna-

mik¸n montèlwn. Kat� thn teqnik  aut  h ektÐmhsh gÐnetai stoiqeÐo-stoiqeÐo.

Sto kef�laio autì arqik� parousi�zoume thn kanonik  morf  tou grammikoÔ sust matoc

kai gia touc lìgouc pou epilèqjhke, ed�fio (4.1), sto ed�fio (4.2) parousi�zoume ton nèo

trìpo upologismoÔ twn paramètrwn twn grammik¸n dunamik¸n montèlwn, sto ed�fio (4.3)

exhgoÔme thn efarmog  twn parap�nw sthn diadikasÐa ekpaÐdeushc me teqnht� dedomèna kai

pragmatik� dedomèna fwn c, kai tèloc sto ed�fio (4.4) apotimoÔme th nèa mèjodoc.

4.1 Genikeumènh Kanonikopoihmènh Fìrma

PeriorismoÐ prohgoÔmenwn ulopoi sewn

Oi up�rqousec ulopoi seic twn grammik¸n dunamik¸n susthm�twn, eis gagan arketoÔc

29
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periorismoÔc stic paramètrouc tou sust matoc. Kat� thn eisagwg  touc [1] oi pÐnakec

sundiakÔmanshc twn jorÔbwn, tèjhkan diag¸nioi gia ton lìgo ìti anaparistoÔn pio exomalu-

mènec katanomèc, se sqèsh me to pl rh pÐnaka sundiakÔmanshc. O pÐnakac F kanonikopoieÐtai

sÔmfwna me aut  tou parart matoc G' en¸ o pÐnakac H jewreÐtai gnwstìc kai eÐnai Ðsoc me

ton monadiaÐo pÐnaka. 'Allec ulopoi seic eis gagan diaforetikoÔc periorismoÔc, qrhsimopoi-

¸ntac di�forec teqnikèc montelopoÐhshc. H factor analysis (FA) teqnik  jètei ton pÐnaka

F na eÐnai Ðsoc me to mhden, F = 0, kai periorÐzei thn summetablhtìthta tou jorÔbou thc

parat rhshc na eÐnai diag¸nioc [9]. EÐnai ìmwc gnwstì pwc an h summetablhtìthta tou

jorÔbou thc exÐswshc thc kat�stashc, eÐnai eÐte diag¸nioc eÐte monadiaÐoc, to gegonìc autì

den ephre�zei thn genikìthta. Akìmh h summetablhtìthta tou jorÔbou thc exÐswshc thc

parat rhshc omoÐwc jewr jhke diag¸nioc, me thn je¸rhsh aut  up�rqoun ap¸leiec sth

genikìthta, all� èqei to pleonèkthma ìti dÐnei ligìterouc eleÔjerouc paramètrouc. Gia ton

pÐnaka F o periorismìc na eÐnai jetikìc all� kai mikrìteroc thc mon�dac, 0 < |F | < 1

epeid  an eÐnai megalÔteroc thc mon�dac, h exèlixh thc kat�stash ja akoloujoÔse ekjetik 

aÔxhsh, sumperifor� pou dhmiourgeÐ probl mata se tm mata me lÐga diast mata [3].

Grammikì dunamikì sÔsthma qwrÐc periorismoÔc

'Estw grammikì dunamikì sÔsthma pou perigr�fetai apì tic exis¸seic (4.1) kai (4.2).

xk+1 = Fxk + B%k + ωk ωk ∼ N(0, Q) (4.1)

yk = Hxk + υk υk ∼ N(0, R) (4.2)

ìpou B eÐnai pÐnakac gem�toc paramètrouc, di�stashc (n× l), me n thn di�stash tou pÐnaka

F kai %k nteterministikì di�nusma, di�stashc (l × l).

Gia èna state space montèlo poll¸n metablhtwn o Lennart Ljung [2] (selÐda 119) sunist�

parametropoihmènh dom  gia ton pÐnaka tou sust matoc (system matrix) F , di�stashc n×n.
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Gia par�deigma me n=9 prokÔptei o pÐnakac.

F =



0 1 0 0 0 0
0 0 1 0 0 0
× × × × × ×
× × × × × ×
0 0 0 0 0 1
× × × × × ×



ìpou × sumbolÐzontai oi eleÔjeroi par�metroi tou pÐnaka tou sust matoc.

O pÐnakac F kajorÐzei tìso thn di�stash tou dianÔsmatoc kat�stashc, ìso kai thn

di�stash tou dianÔsmatoc twn parathr sewn, to Ðdio isqÔei kai antistrìfwc. 'Opwc eÐnai

profanèc apì to sÔsthma exis¸sewn tou grammikoÔ sust matoc (4.1) kai (4.2), h di�stash

tou dianÔsmatoc kat�stashc xk eÐnai n× 1. H di�stash tou dianÔsmatoc twn parathr sewn

yk eÐnai Ðsh me ton arijmì twn gramm¸n tou pÐnaka, pou ta stoiqeÐa touc eÐnai eleÔjeroi

par�metroi. 'Estw m o arijmìc aut¸n twn gramm¸n, gia to par�deigma mac m = 3. Oi

eleÔjeroi par�metroi mporoÔn na topojethjoÔn se tuqaÐa epilegmènec grammèc. 'Opwc ja

doÔme sthn sunèqeia, h jèsh touc ephre�zei mìno thn dom  tou pÐnaka twn parathr sewn

tou sust matoc H, h opoÐa kajorÐzetai me thn efarmog  algorÐjmou, pou epÐshc dìjhke

sto biblÐo tou Lennart Ljung. O pÐnakac F periorÐzetai mìno se tim  jetik .

O kÔrioc periorismìc sthn parametropoÐhsh tou sust matoc eÐnai ston pÐnaka parat rh-

shc H tou sust matoc. H di�stash tou kajorÐzetai apì tic diast�seic twn dianusm�twn

kat�stashc kai parat rhshc. 'An xk kai yk, èqoun n × 1 kai m × 1 diast�seic antÐstoiqa,

tìte o pÐnakac parat rhshc ja èqei di�stash m × n. Gia to par�deigm�, ìpou n = 9 kai

m = 3, o pÐnakac ja èqei di�stash 3× 9.

H =

 1 0 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0


Oi jèseic twn mon�dwn entìc tou pÐnaka den eÐnai tuqaÐa epilegmènec, prokÔptoun apì

tic jèseic twn gramm¸n me eleÔjerouc paramètrouc, tou pÐnaka tou sust matoc F . K�je

gramm  epitrèpetai na èqei èna mìno stoiqeÐo thc Ðso me thn mon�da. Gia ton entopismì ton

kat�llhlwn jèsewn h diadikasÐa eÐnai h ex c:
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JewroÔme èna pÐnaka F , di�stashc n×n, me m arijmì gramm¸n eleujèrwn paramètrwn.

Gia thn pr¸th gramm  ri tou pÐnaka F me eleÔjerouc paramètrouc, jètoume row1 = i, gia

thn deÔterh gramm  ri tou pÐnaka F me eleÔjerouc paramètrouc jètoume row2 = i, omoÐwc

gia tic upìloipec grammèc. Tìte o pÐnakac H, sth gramm  j, ja èqei mon�da sthn st lh

c = rowj−1 + 1, me row0 = 0. H upìjesh gia to r0 dhl¸nei pwc sthn pr¸th gramm  mon�da

ja èqei p�ntote h pr¸th st lh.

Sto par�deigma o F èqei eleÔjerouc paramètrouc stic grammèc r3, r5, r9. Jètoume row1 =

3, row2 = 5 kai row3 = 9. O pÐnakac H èqei �ssouc stic jèseic,

j = 1 ⇒ c = row1−1 + 1 = row0 + 1 = 1 → H(j, c) = H(1, 1) = 1

j = 2 ⇒ c = row2−1 + 1 = row1 + 1 = 4 → H(j, c) = H(2, 4) = 1

j = 3 ⇒ c = row3−1 + 1 = row2 + 1 = 6 → H(j, c) = H(3, 6) = 1

O pÐnakac B jewreÐtai prìsjeto sustatikì gia ton èlegqo tou sust matoc. H morf  kai

ta stoiqeÐa tou eÐnai eleÔjera ston kajorismì touc. H eisagwg  enìc tètoiou pÐnaka dÐnei

meg�lec dunatìthtec, afoÔ epitrèpei thn eisagwg  prìsjetwn fainomènwn sto parakolou-

joÔmeno sÔsthma.

B =



× ×
× ×
× ×
× ×
× ×
× ×
× ×
× ×
× ×


Tèloc oi sundiakum�nseic twn jorÔbwn mporoÔn na eÐnai pl rhc, all� periorÐzontai

wc jetikoÐ kai summetrikoÐ. Gia thn kanonikopoihmènh parametropoÐhsh aut , o Lennart

Ljung [2] (selÐda 121) apodeiknÔetai ìti eÐnai pl rwc tautopoihmènh (global identifiability),

proupìjesh aparaÐthth sthn montelopoÐhsh.
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4.2 Sunolik  eikìna upologismoÔ

Sto kef�laio 3 analÔjhke h jewrhtik  b�sh twn ennoi¸n, pou qrhsimopoioÔntai gia ton

upologismì twn paramètrwn, me stìqo thn protupopoÐhsh. AfoÔ kajorÐsame to dunamikì

montèlo sto prohgoÔmeno ed�fio, me thn nèa kanonikopoihmènh dom , mporoÔme na analÔsou-

me thn diadikasÐa upologismoÔ twn grammik¸n dunamik¸n montèlwn, wc pragmatik  efarmog 

me k�je leptomèreia, dÐnontac tìso teqnht� dedomèna ìso me dedomèna fwn c. H diadikasÐa

pou analÔetai kurÐwc akoloujeÐ thn ergasÐa tou BasÐlh Digal�kh [1].

Jewr¸ntac to sÔsthma twn exis¸sewn (4.1) kai (4.2) diakrÐnoume dÔo peript¸seic ulo-

poÐhshc, an�loga me thn tim  tou pÐnaka B. H pr¸th eÐnai na ton jewr soume mhdenikì

pÐnaka kai thn �llh m  - mhdenikì. Sthn ergasÐa aut , efarmìsthke mìno h perÐptwsh gia B

mhdenikì pÐnaka, se pragmatik� dedomèna fwn c. Oi epiplèon upologismoÐ sthn perÐptwsh

mh-mhdenikoÔ B up�rqoun sto Par�rthma D.

Mhdenikìc PÐnakac B

An jewr soume mhdenikì B prokÔptei to grammikì sÔsthma twn exis¸sewn:

xk+1 = Fxk + ωk ωk ∼ N(0, Q) (4.3)

yk = Hxk + υk υk ∼ N(0, R) (4.4)

O upologismìc thc Megisthc Pijanìthtac (Maximun Likelihood) gia touc paramètrouc

θ tou sust matoc, dojèntoc to di�nusma twn parathr sewn Y = [y1, ..., yN ] kai me di�nusma

kat�stashc X = [x1, ..., xN ], me b�sh tic exis¸seic (B-1) kai (B-2) eÐnai:

P (xk|xk−1, θ) =
1√

(2π)a|Q|
exp

{
− 1

2
(xk − Fxk−1)

T Q−1(xk − Fxk−1)

}
(4.5)

P (yk|xk, θ) =
1√

(2π)a|R|
exp

{
− 1

2
(yk −Hxk)

T R−1(yk −Hxk)

}
(4.6)

antÐstoiqa, ìpou a h di�stash twn pin�kwn Q kai R.

O upologismìc thc sunduasmènhc pijanìthtac gia ta dianÔsmata Y kai X gÐnetai mèsw
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thc exÐswshc, ìpwc eÐdame kai sto kef�laio 3 (sel. ???).

P (X, Y |θ) = P (x0)
N−1∏
k=1

P (xk+1|xk, θ)
N∏

k=1

P (yk|xk, θ) (4.7)

ìpou P (x0) eÐnai h arqikopoÐhsh, gia thn opoÐa ja anaferjoÔme sthn sunèqeia gia ton trìpo

upologismoÔ thc.

Antikajist¸ntac tic exis¸seic (4.5) kai (4.6) sthn (4.7), kai logarijmÐzontac.

L(X,Y, θ) = −
N∑

k=1

{
log |Q|+ (xk − Fxk−1)

T Q−1(xk − Fxk−1)
}

−
N∑

k=0

{
log |R|+ (yk −Hxk)

T R−1(yk −Hxk)
}

+ constant (4.8)

Gia ton upologismì twn paramètrwn tou montèlou mèqri t¸ra sthn Anagn¸rish Fwn c

pragmatopoioÔntan megistopoi¸ntac thn exÐswsh thc Mègisthc Pijanìthtac gia k�je par�-

metro tou montèlou diadoqik�. Mia nèa prosèggish eÐnai h qrhsimopoÐhsh thc element - wise

teqnik c upologismoÔ twn pin�kwn [13]. 'Etsi o upologismìc twn paramètrwn tou montèlou

pragmatopoieÐtai megistopoi¸ntac k�je stoiqeÐo twn paramètrwn tou montèlou xeqwrist�.

H exagwg  ton exis¸sewn proèkuyan apì thn prosp�jeia tou QrÐstou Kìniarh.

F̂ij =

M∑
c=1

{
(cof(P̂ic))(S

(4)
cj )

}
(cof(P̂ii))(S

(3)
jj )

−

M∑
c=1,c 6=i

{
(cof(P̂ic))(F̂cj)(S

(3)
jj )

}
(cof(P̂ii))(S

(3)
jj )

−

M∑
c=1

{
(cof(P̂ic))

M∑
r=1,r 6=j

{
(F̂cr)(S

(3)
rj )

}}
(cof(P̂ii))(S

(3)
jj )

(4.9)

P̂ij = (S
(2)
ij )−

M∑
r=1

(F̂ir)(S
(4)
jr )−

M∑
r=1

(F̂jr)(S
(4)
ir )

+
M∑

c=1

M∑
r=1

(F̂ic)(F̂jr)(S
(3)
cr ) (4.10)
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Gia thn sundiakÔmansh tou jorÔbou twn parathr sewn, R, ektim�te wc ex c.

R̂ = S(5) − S(6)(S(1))−1(S(6))T (4.11)

H efarmog  tou EM algìrijmou, ìpwc twn analÔsame kai sto kef�laio 3, pragmatopoieÐtai

se dÔo st�dia, èna thc megistopoÐhshc kai èna thc anamon c. Kat� to st�dio thc megistopoÐhshc

o upologismìc twn statistik¸n S(1), S(2), S(3), S(4), S(5) kai S(6) gÐnetai wc ex c:

S(1) =
1

N + 1

N∑
k=0

xkx
T
k (4.12)

S(2) =
1

N

N∑
k=1

xkx
T
k (4.13)

S(3) =
1

N

N∑
k=1

xk−1x
T
k−1 (4.14)

S(4) =
1

N

N∑
k=1

xkx
T
k−1 (4.15)

S(5) =
1

N + 1

N∑
k=0

yky
T
k (4.16)

S(6) =
1

N + 1

N∑
k=0

ykx
T
k . (4.17)

Apì tic exis¸seic twn statistik¸n kat� to st�dio thc megistopoÐhshc faÐnetai pwc eÐnai

aparaÐthtoc o upologismìc thc anamenìmenhc tim c twn posot twn ykx
T
k , yky

T
k , xkx

T
k−1, xkx

T
k

(st�dio anamon c). Apì thn stigm  pou eÐsodoi tou sust matoc eÐnai Gaussian tìte kai

h kat�stash eÐnai Gaussian, ètsi h upo-sunj kh katanom  thc kat�stashc dojèntoc twn

parathr sewn kajorismènou diast matoc, eÐnai:

P (xk|Y ) ∼ N(x̂k|N , Σk|N)

'Etsi ta statistik�, gia to st�dio thc anamon c, dÐnontai apì tic exis¸seic:

Eθ(p){ykx
T
k |Y} = ykx̂k|N (4.18)

Eθ(p){yky
T
k |Y} = yky

T
k (4.19)
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Eθ(p){xkx
T
k−1|Y} = Σk,k−1|N + x̂k|N x̂T

k−1|N (4.20)

Eθ(p){xkx
T
k |Y} = Σk|N + x̂k|N x̂T

k|N . (4.21)

Oi posìthtec x̂k|N , x̂k−1|N , Σk|N kai Σk,k−1|N prokÔptoun apì thn efarmog  tou algo-

rÐjmou Emprìc - PÐsw (Forward - Backward Algorithm). Gia to emprìc b ma qrhsimopoieÐtai

o epanalhptikìc upologismìc tou fÐltrou Kalman (Par�rthma B). Oi epijumhtèc posìthtec

prokÔptoun apì to PÐsw b ma, gia to opoÐo qrhsimopoieÐtai o Rauch-Tung-Striebel exomalu-

nt c. Oi exis¸seic upologismoÔ f�inontai parak�tw. Oi epiplèon cross covariance posìthtec,

apodeiknÔontai sthn ergasÐa tou BasÐlh Digal�kh [1].

Emprìc Epanalhptikèc exis¸seic

x̂k|k = x̂k|k−1 + Kkek (4.22)

x̂k+1|k = Fx̂k|k (4.23)

ek = yk −Hx̂k|k−1 (4.24)

Kk = Σk|k−1H
T Σ−1

ek
(4.25)

Σek
= HΣk|k−1H

T + R (4.26)

Σk|k = Σk|k−1 −KkΣek
KT

k (4.27)

Σk,k−1|k = (I −KkH)FΣk−1|k−1 (4.28)

Σk+1|k = FΣk|kF
T + P (4.29)

PÐsw Epanalhptikèc exis¸seic

x̂k−1|N = x̂k−1|k−1 + Ak[x̂k|N − x̂k|k−1] (4.30)

Σk−1|N = Σk−1|k−1 + Ak[Σk|N − Σk|k−1]A
T
k (4.31)

Ak = Σk−1|k−1F
T Σ−1

k|k−1 (4.32)

Σk,k−1|N = Σk,k−1|k + [Σk|N − Σk|k]Σ
−1
k|kΣk,k−1|k
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4.3 Ekpaideutik  DiadikasÐa

H efarmog  tou grammikoÔ dunamikoÔ montèlou sthn akoustik  montelopoÐhsh, gÐnetai

ekpaideÔontac tm mata fwn c, pou perièqoun sugkekrimènh metablhtìthta. Gia na to petÔ-

qoume autì, jewroÔme ta tm mata thc fwn c proc montelopoÐhsh, tm mata metablhtoÔ

m kouc diasthm�twn. Jètontac tm mata metablhtoÔ m kouc diasthm�twn anaparÐstantai

kalÔtera ta qarakthristik� tou tm matoc thc fwn c. An�mesa sta diast mata upojètoume

ìti h susqètish paramènei amet�blhth.

K�je tm ma fwn c pou epilègetai gia montelopoÐhsh, tou apodÐdoume apì èna set paramè-

trwn sust matoc.

θ = {F, H,Q, R, Σ0} (4.33)

ìpou Σ0 h arqik  summetablhtìthta gia to ek�stote tm ma fwn c.

H diadikasÐa ekpaÐdeushc faÐnetai sto parak�tw sq ma.

Sq ma 4.1: Ekpaideutik  diadikasÐa
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O upologismìc thc arqik c summetablhtìthtac kai thc arqik c mèshc tim c dÐnetai apo

thn exÐswsh:

Σ̂0 =
1

N

N∑
k=1

E{x0x
T
0 |Y } (4.34)

x̂0 =
1

N

N∑
k=1

E{x0|Y } (4.35)

ìpou N to pl joc emfanÐsewn wc arqik� tm mata.

H arqikopoÐhsh tou pÐnaka kat�stashc F gÐnetai qrhsimopoi¸ntac thn èxodo tou sust -

matoc, dhlad  thn akoloujÐa Y = [y1, y2, ..., yN ]. JewroÔme thn exÐswsh thc katast�sewc

kai jètoume ìpou kat�stash x thn parat rhsh y, qwrÐc na sumperilamb�noume ton jìrubo,

ètsi èqoume:

yk+1 = Fyk (4.36)

Kat' antistoiqÐa me thn diadikasÐa upologismoÔ, efarmìzontac ton algìrijmo Anamon c

MegistopoÐhshc eÔkola brÐskoume:

F =

(
1

N

N∑
k=1

E{yky
T
k−1|Y }

)(
1

N

N∑
k=1

E{yk−1y
T
k−1|Y }

)−1

(4.37)

ìpou N to pl joc twn diasthm�twn pou an koun sto ek�stote montèlo.

Kat� thn ekpaÐdeush uiojet same thn paradoq , h tim  tou pÐnaka R na kajorÐzetai apì

thn pr¸th mìlic epan�lhyh tou algorÐjmou MegistopoÐhshc Anamon c, ènac �lloc trìpoc

eÐnai na pollaplasi�soume me mÐa mikr  stajer�. O lìgoc gia ton opoÐo ègine h paradoq 

aut  eÐnai epeid  parathr jhke to fainìmeno thc uper-ekpaÐdeushc (over-train). H uper-

ekpaÐdeush epidroÔse stic timèc tou pÐnaka kat� ton upologismì, dÐnontac polÔ mikrèc timèc.

Autì eÐqe san apotèlesma na mhn diathroÔntai ta topik� qarakthristik�.

'Ena �llo jèma  tan autì thc arqikopoÐhshc. To prìblhma thc diat rhshc twn exar-

t sewn an�mesa sta montèla (inter-segmental) dÐnei th dunatìthta dÔo ulopoi sewn,

1. k�je montèlo arqikopoieÐtai k�je for� pou emfanÐzetai, apì ton upologismì thc

exÐswshc (4.34), kai
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Sq ma 4.2: Sto par�deigma, h epexergasÐa gÐnetai qrhsimopoi¸ntac thn arqikopoÐhsh tou
montèlou pou perigr�foume.

2. na qrhsimopoi soume wc arqikopoÐhsh, twn teleutaÐo upologismì, tou prohgoÔmenou

montèlou.

K�je montèlo eÐnai anex�rthto twn perieqomènwn tou (context-indepentent). H epexer-

gasÐa enìc montèlou pou apoteleÐtai apì tèssera tm mata, o trìpoc epexergasÐac tou gÐnetai

ìpwc faÐnetai sto (4.2).

ProetoimasÐa dedomènwn

H fwnhtik  b�sh pou qrhsimopoi jhke kat� thn ekpaÐdeush kai thn anagn¸rish, ìpwc

ja doÔme sto epìmeno kef�laio, eÐnai h AURORA 2. H aitÐa pou dialèxame thn AURORA2

 tan gia ta di�fora epÐpeda pragmatikoÔ jorÔbou pou prosfèrei (20db, 15db, 10db, 5db,

0db, -5db). H b�sh aut  èqei wc lexilìgio ta noÔmera (one, two, three, four, five, six, seven,

eight, nine, zero, oh), ètsi h montelopoÐhsh ègine se epÐpedo lèxewn. Gia thn exagwg  twn

Mel frequency cespstal coefficients (MFC) kai gia ta time-alignment qrhsimopoi jhke to

HTK.

K�je lèxh qwrÐsthke se tm mata, dÔo tm mata an� f¸nhma.
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Sq ma 4.3: H Mègisth pijanìthta gia dedomèna ekpaÐdeushc met� apì 20 epanal yeic tou
algorÐjmou MegistopoÐhshc Anamon c

one two three four five six seven eight nine oh zero
6 4 6 6 6 4 8 4 6 2 6

K�je tm ma parametropoi jhke me set paramètrwn, pou kajorÐsthke sthn exÐswsh (4.33).

Ta dedomèna ekpaÐdeushc thc AURORA2 pou qrhsimopoi same eÐnai oi 8400 prot�seic, me

pollaplèc lèxeic, qwrÐc jìrubo. H sunolik  Mègisth Pijanìthta met� apì 20 epanal yeic

tou algorÐjmou MegistopoÐhshc Anamon c, ìpwc faÐnetai sthn grafik  par�stash (4.3), h

tim  thc faÐnete na stajeropoieÐtai met� apì mìno 12 epanal yeic.

4.4 SÔnoyh

SunoyÐzontac, me mia nèa parametropoÐhsh kai ènac nèoc trìpoc upologismoÔ twn para-

mètrwn tou sust matoc, diathr jhkan ta pleonekt mata thc efarmog c twn grammik¸n

dunamik¸n montèlwn. H efarmog  tou Anamon  MegistopoÐhsh algìrijmou diat rhse thn

idiìthta sÔgklishc, gia ta qronik� metaballìmena tm mata diathr jhkan oi exart seic
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metaxÔ twn diasthm�twn touc. O stìqoc ìmwc, k�je nèac efarmog c eÐnai h axiolìghsh

thc . Sto epìmeno kef�laio ja doÔme pwc gÐnetai h axiolìghsh, kai ja sugkrÐnoume th

mèjodo twn grammik¸n montèlwn, me thn mèjodo twn HMM.
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Kef�laio 5

Taxinìmhsh

'Ena sÔsthma anagn¸rishc fwn c prèpei na axiologhjeÐ wc proc thn apìdos  tou. 'Enac

trìpoc eÐnai h taxinìmhsh. Efarmìsame thn mèjodo aut  me dÔo trìpouc, mÐa gia k�je

xeqwrist  glwssik  mon�da, kai mÐa sthn opoÐa up�rqoun pollèc glwssikèc mon�dec sthn

seir�. Gia na axiolog soume to montèlo mac to jèsame antimètwpo sthn pio diadedomènh

mèjodo anagn¸rishc, aut  twn HMM, qrhsimopoi¸ntac thc Ðdiec sunj kec kai dedomèna.

To kef�laio organ¸netai wc akoloÔjwc, sto ed�fio (5.1) analÔoume ta dedomèna pou

qrhsimopoi jhkan, sto ed�fio (5.2) dÐnetai o trìpoc taxinìmhshc kat� lèxh, kai sto (5.3) ta

apotelèsmata thc. Sto ed�fio (5.4) analÔoume thn diadikasÐa thc taxinìmhshc kat� prìtash

kai sto (5.5) ta apotelèsmata thc.

5.1 PretoimasÐa Dedomènwn

'Ena komm�ti apì ta dedomèna elègqou thc AURORA 2 qrhsimopoi jhkan gia thn apotÐ-

mhsh tou montèlou. Qrhsimopoi jhke apì to set A to komm�ti tou autokinhtodrìmou (o

teqnhtìc prosjetikìc jìruboc sta dedomèna fwn c eÐqe ta qarakthristik� pragmatikoÔ

autokinhto- drìmou). Gia thn exagwg  twn Mel frequency cespstal coefficients (MFCC) kai

gia ta time-alignment qrhsimopoi jhke to HTK.

Ta time-alignment qrei�sthkan mia epiprìsjeth diadikasÐa se sqèsh me aut� thc ekpaÐ-

deushc. Epeid  kat� thn apotÐmhsh den prèpei na gnwrÐzoume poÐa eÐnai prìtash, perimènoume

apì to sÔsthma na mac d¸sei thn prìtash upologÐzontac ìlouc touc pijanoÔc sunduasmoÔc
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twn montèlwn kai na epilèxei thn pio pijan . Ta time-alignments qrei�sthkan na exaqjoÔn

kalÔptontac ìlouc autoÔc touc pijanoÔc sundiasmoÔc. H anantistoiqÐa tou perieqomènou

ìmwc metaxÔ twn montèlwn dhmioÔrghse probl mata sthn apotÐmhsh tou sust matoc. To

opoÐo parak�mfhke jewr¸ntac ta sÔnora twn pragmatik¸n time-alignments.

5.2 Taxinìmhsh kat� lèxh

H diadikasÐa thc taxinìmhshc kat� lèxh basÐzetai sthn pijanof�neia, gia ton upologismì

thc pijanof�neiac qrhsimopoioÔme thn sqèsh (5.1). 'Etsi an jewr soume èna to grammikì

sÔsthma, to Ðdio pou qrhsimopoi same sthn diadikasÐa ekpaÐdeushc, par�gei thn akoloujÐa

parathr sewn Y = [y1, y2, ..., yN ], gnwrÐzontac touc paramètrouc tou sust matoc θ, brÐ-

skontac ton mègisto upologismì thc Mègisthc Pijanìthtac thc exÐswshc (5.1), ta montèla

mporoÔn na taxinomhjoÔn.

L(Y, θ) =
N∑

k=0

{
log |Σek

(θ)|+ eT
k (θ)Σ−1

ek
(θ)eT

k (θ)
}

+ constant

ìpou ek(θ) kai Σek
(θ) eÐnai to sf�lma prìbleyhc kai th summetablhtìthta tou, pou mporoÔn

na upologistoÔn apì to fÐltro Kalman, dec Par�rthma B.

5.3 Apotelèsmata Taxinìmhshc kat� lèxh

Ta apotelèsmata thc taxinìmhshc tou grammikoÔ dunamikoÔ montèlou, ja ta sugkrinoume

me ta apotelèsmata twn HMM pou proèkuyan apo to HTK. (LDS - linear dynamic models).

AURORA 2/ HMM LDS
Subway mfc+E mfc+E
clean 97.88% 98.47%

SNR20 93.24% 94.25%
SNR15 84.64% 88.35%
SNR10 60.13% 77.68%
SNR5 40.44% 64.72%
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5.4 Taxinìmhsh kat� prìtash

Gia thn taxinìmhsh kat� prìtash, qrei�zetai na broÔme poia eÐnai, h pio pijan  akoloujÐa

glwssik¸n mon�dwn. H diafor� sthn ulopoÐhsh, se sqèsh me aut  thc taxinìmhshc kat�

lèxhc, eÐnai pwc lamb�noume upìyh thn pijanof�neia miac lèxhc afoÔ gnwrÐzoume thn pijano-

f�neia prohgoÔmenh thc. Pijanof�neia thc prohgoÔmenhc eÐnai ìloi oi pijanoÐ sunduasmoÐ

twn montèlwn. O upologismìc thc posìthtac Φ esti�zetai sto prìblhma thc anaz thshc

(search problem).

To krit rio eÐnai h eÔresh thc pio pijan c akoloujÐac, autì to prìblhma mporeÐ na

lujeÐ qrhsimopoi¸ntac to di�gramma Trellis, afoÔ mac endiafèrei mìno to monop�ti me thn

megalÔterh pijanìthta. Sto sq ma (5.1) faÐnetai to di�gramma Trellis. O upologismì

Sq ma 5.1: Di�gramma Trellis

twn pijanot twn gia k�je kìmbo sto di�gramma, ègine qrhsimopoi¸ntac thn mèjodo pou

efarmìsthke kai kat� thn taxinìmhsh, me thn diafor� ìti se epìmeno qronik� kìmbo, oi

pijanìthtec prokÔptoun prosjètontac ìlec tic pijanìthtec twn prohgoÔmenwn kìmbwn.

Telik�, thn teleutaÐa qronik  jèsh kìmbwn, epilègetai h mègisth pijanìthta kai k�nontac

back-tracking mac parèqei thn pio pijan  akoloujÐa. H diadikasÐa aut  eÐnai gnwst  kai wc

Viterbi decoding.

Lìgw tou gegonìtoc qrhsimopoÐhshc fwnhtik c b�shc se epÐpedo lèxhc, brèjhke pwc
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den eÐnai aparaÐthtoc o upologismìc ìlwn twn metab�sewn sto di�gramma. Parathr jhke

pwc ìtan metabaÐnoume apì prohgoÔmenouc kìmbouc se ènan epìmeno, eÐqame metabol  thc

pijanìthtac mìno gia ta 8-9 diast mata. Me b�sh aut  thn parat rhsh jewr same diadikasÐa

pruning, jewr¸ntac pwc ta 3 montèla me thn megalÔterh pijanìthta sto pr¸to touc tm ma,

eÐnai aut� pou ja d¸soun telik� thn megalÔterh pijanìthta. Apì seir� peiram�twn f�nhke

h anagn¸rish na mhn ephre�zetai apì thn beltistopoÐhsh aut .

5.5 Apotelèsmata Taxinìmhshc kat� prìtash

Ta apotelèsmata thc taxinìmhshc tou grammikoÔ dunamikoÔ montèlou, ja ta sugkrÐnoume

me ta apotelèsmata twn HMM pou proèkuyan apo to HTK. (LDS - linear dynamic models).

Accuracy
AURORA 2/ HMM LDS

Subway mfcc,E +δ + δδ mfcc,E +δ+δδ
clean 97.19% 97.57% 97.53% 97.61%

SNR20 90.91% 95.71% 93.23% 95.12%
SNR15 80.09% 91.76% 87.91% 91.13%
SNR10 57.68% 81.93% 76.29% 82.69%
SNR5 36.01% 64.24% 54.87% 63.56%

5.6 SÔnoyh

Sto kef�laio autì eÐdame pwc gÐnetai h apotÐmhsh, thc mejìdou twn grammikoÔ dunamik¸n

susthm�twn. FaÐnetai pwc h taxinìmhsh kat� lèxh dÐnei kalÔtera apotelèsmata se sqèsh me

thn taxinìmhsh kat� prìtash. Sthn pragmatikìthta ìmwc, h taxinìmhsh kat� prìtash eÐnai

aut  pou dÐnei thn eikìna, gia pragmatikèc sunj kec anagn¸rishc. EpÐshc to kef�laio autì

apèdeixe thn spoudaiìthta twn grammik¸n dunamik¸n montèlwn sthn anagn¸rish fwn c. Ta

apotelèsmata deÐqnoun pwc mÐa pr¸th prosèggish, se mia nèa mèjodo efarmog c touc, èqei

apotelèsmata se epÐpeda jorÔbou polÔ kalÔtera apì aut� twn HMM.



Kef�laio 6

Sumper�smata kai Mellontik 
ErgasÐa

6.1 ApotÐmhsh thc ergasÐac

Sthn ergasÐa aut  eÐdame thn efarmog  twn grammik¸n dunamik¸n montèlwn sthn Anagn¸-

rish Fwn c. KajorÐsame tic idiìthtec pou apaitoÔntai na èqei èna grammikì montèlo gia

thn efarmog  tou wc akoustikì montèlo. ProteÐname mÐa nèa genikìterh parametropoÐhsh

diathr¸ntac tic aparaÐthtec autèc idiìthtec. DeÐxame thn mèjodo ekpaÐdeushc kai ton

trìpo apotÐmhshc twn grammik¸n montèlwn wc akoustikì montèlo. Egine fanerì pwc to

pleonèkthma diat rhshc twn exart sewn, entìc twn tmhm�twn, parèqei beltistopoÐhsh sta

di�fora epÐpeda jorÔbou se sqèsh me thn paradoq  thc upo-sunj khc anexarthsÐac thc

mejìdou twn HMM, diathr¸ntac par�llhla sunaf  apìdosh sta kajar� dedomèna. 'Omwc

h adunamÐa diat rhshc twn exart sewn an�mesa sta tm mata den oloklhr¸nei thn ulopoÐhsh.

6.2 Prot�seic gia Mellontik  ErgasÐa

H lÔsh tou probl matoc thc diat rhshc twn exart sewn an�mesa sta tm mata eÐnai

to kuriìtero antikeÐmeno gia peraitèrw èreuna. H diadikasÐa anagn¸rishc eÐnai poll 

arg  gia pijan  pragmatik  efarmog , kat�llhloi mèjodoi gia taqÔterh epexergasÐa eÐnai

anagkaÐoi. H eisagwg  tou prìsjetou kontrìl upìsqetai akìma kalÔterh prooptik  sthn

anagn¸rish se perib�llon jorÔbou. Tèloc h dìmhsh twn paramètrwn tou sust matoc
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dÐnei thn dunatìthta metaboll c tou dianÔsmatoc kat�stashc se sqèsh me to di�nusma

parat rhshc gegonìc endiafèron.



Par�rthma Aþ

Statistik 

Prin analujeÐ kai exaqjeÐ to fÐltro Kalman eÐnai aparaÐthto na epanalhfjoÔn oi basikèc

idèec tou bèltistou upologismoÔ. Gia aplopoÐhsh jewreÐtai h parat rhsh dÐnetai apo thn

exÐswsh:

yk = xk + vk

ìpou xk h �gnwsth - kruf  metablht  kai vk prosjetikìc jìruboc. OrÐzoume wc x̂k

ton metagenèsterh ektÐmhsh gia thn metablht  xk dojèntoc twn parathr sewn y1, ..., yk.

Gia na ektimhjeÐ h posìthta x̂k me bèltisto trìpo, eÐnai anagkaÐa mia sun�rthsh pou na

perigr�fei to mègejoc tou l�jouc thc ektÐmhshc. H sun�rthsh ja prèpei na ikanopoieÐ dÔo

proupojèseic:

1. h sun�rthsh na eÐnai jetik    mhdèn kai

2. na eÐnai sun�rthsh aÔxhshc tou sf�lmatoc ektÐmhshc x̃k, to opoÐo isoÔtai

x̃k = xk − x̂k (A-1)

Oi dÔo autèc proupojèseic ikanopoioÔntai apì mèso - tetragwnikì sf�lma (mean− square

error) pou perigr�fetai apì thn exÐswsh:

Jk = E{(xk − x̂k)
2} = E{x̃2

k}
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ìpou E einai h telest c thc anamon c (expectation).

Gia thn exagwg  thc bèltisthc ektÐmhshc thc posìthtac x̂k, ja sumperil�boume dÔo jewr mata

apì thn jewrÐa thc statistik c [5],[11].

Je¸rhma Aþ.0.1 'An oi stoqastikèc diadikasÐec yk kai xk eÐnai sunduasmènec (jointly)

Gaussian tìte h bèltisth ektÐmhsh tou x̂k h opoÐa elaqistopoieÐ to mèso - tetragwnikì

sf�lma Jk eÐnai h upo - sunj kh mèsh ektÐmhsh:

x̂k = E{xk|y1, ..., yk}. (A-2)

Je¸rhma Aþ.0.1 'Estw oi stoqastikèc diadikasÐec yk kai xk èqoun mhdenikì mèso E{xk} =

E{yk} = 0 gia k�je k. 'An:

• oi diadikasÐec yk kai xk eÐnai sunduasmènec (jointly) Gaussian, 

• h bèltisth ektÐmhsh x̂k eÐnai grammik  sun�rthsh twn parathr sewn kai h sun�rthsh

Jk eÐnai tou mèsou-tetragwnikoÔ sf�lmatoc.

Tìte h bèltisth ektÐmhsh tou x̂k dojèntoc twn parathr sewn y1, ..., yk, eÐnai h orjog¸nia

probol  tou xk sto q¸ro Ôparxhc twn parathr sewn.

Ta jewr mata aut� ja bohj soun sthn exagwg  twn exis¸sewn tou fÐltrou Kalman

Par�rthma B.



Par�rthma Bþ

FÐltro KALMAN

To Kalman fÐltro eÐnai o bèltistoc epanalhptikìc algìrijmoc sthn epexergasÐa twn

dedomènwn. H axÐa tou ofeÐletai sthn prosarmostikìthta tou gia ìlec thc plhroforÐec

pou mporoÔn na proèrqontai apì mh akribèc metr seic. UpologÐzei tic ek�stote metablhtèc

pou endiafèroun qrhsimopoi¸ntac thn gn¸sh pou èqoume gia to sÔsthma, thn statistik 

perigraf  twn jorÔbwn tou sust matoc kai tic diajèsimec plhroforÐec gia tic arqikèc

sunj kec twn metablht¸n pou jèloume. AfoÔ eÐnai epanalhptikìc den qrei�zetai ìlec tic

prohgoÔmenec plhroforÐec na diathroÔntai all� mìno aut  pou upologÐzetai thn ek�stote

stigm . Sthn ousÐa den eÐnai fÐltro me thn ènnoia ìti perièqei hlektronik� mèrh ¸ste

prosarmìzetai sthn èxodo enoc sust matoc, all� ènac algìrijmoc pou ulopoieÐtai program-

matistik�, autì upodhl¸nei pwc domik� ent�ssetai kurÐwc se diakritoÔ qrìnou metr seic,

apì autèc tou suneqèc qrìnou.

Gia na kajoristeÐ o trìpo ektÐmhshc thc kat�stashc sth jèsh k dojèntoc twn prohgou-

mènwn, x̂k|k, dhlad  to grammikì el�qisto tetragwnikì upologismì thc x dojèntoc thc

akoloujÐac parathr sewn {y1, ..., yn}. OrÐzoume thn exÐswsh thc kainotomÐac wc:

εk = yk − ŷk|k−1 (B-1)

ìpou ŷk|k−1 eÐnai o grammik� el�qistoc tetragwnikìc upologismìc thc parat rhshc yk do-

jèntoc thc akoloujÐac twn parathr sewn {y1, ..., yn−1}. H posìthta thc exÐswshc eÐnai

asusqètisth me ìlec tic prohgoÔmenec parathr seic, epeid  h yk den mac dÐnei oloklhrwmènh

thn nèa plhroforÐa apì thn stigm  pou h �llh posìthta eÐnai  dh kajorismènh pl rwc.

51



52 PAR�ARTHMA Bþ. F�ILTRO KALMAN

x̂k|k = l.l.s.e. of x given {y1, ..., yk}

x̂k|k = l.l.s.e. of x given {ε1, ..., εk}

afoÔ ta εk einai asusqètista metaxÔ touc

x̂k|k =
k∑

i=1

E{xεT
i }(E{εiε

T
i })−1εi (B-2)

x̂k|k = x̂k|k−1 + E{xεT
k }(E{εkε

T
k })−1εk (B-3)

H exÐswsh (B-2) eÐnai h b�sh twn exis¸sewn tou Kalman fÐltrou. Ac p�roume pr¸ta o

mèroc thc parat rhshc:

yk = Hxk + vk υk ∼ N(0, C) (B-4)

H kainotomÐa einai

εk = yk − ŷk|k−1 = yk + Hx̂k|k−1 = Hx̃k|k−1 + vk (B-5)

ìpou x̃k|k−1 = xk − x̂k|k−1 to sf�lma prìbleyhc, apì thn B-3 mporoÔme na upologÐsoume

thn sundiakÔmansh thc kainotomÐac, ton deÔtero ìro tou ginomènou thc exÐswshc (B-3).

E{εkε
T
k } = E{Hx̃k|k−1 + vk}{Hx̃T

k|k−1 + vk} ⇔

E{εkε
T
k } = HE{x̃k|k−1x̃

T
k|k−1}HT + E{vkv

T
k }+ HE{x̃k|k−1v

T
k }+

+ E{vkx̃
T
k|k−1}HT

ìmwc x̃k|k−1 kai vk eÐnai asusqètistec posìthtec �ra oi dÔo teleutaÐoi ìroi eÐnai mhdèn, kai

h sundiakÔmansh tou sf�lmatoc prìbleyhc eÐnai Σk|k−1 = x̃k|k−1x̃
T
k|k−1, èqoume:

Rk = E{εkε
T
k } = HΣk|k−1H

T + C (B-6)

Gia dèuterh posìthta tou ginomènou thc exÐswshc (B-3) èqoume:

E{xkε
T
k } = E{xkx̃

T
k|k−1 + HT + vT

k } ⇔

E{xkε
T
k } = E{xkx̃

T
k|k−1H

T} ⇔

E{xkε
T
k } = E

{
{x̃k|k−1 + x̂k|k−1}x̃T

k|k−1

}
H ′
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epeid  ìmwc x̃k|k−1 kai x̂k|k−1 eÐnai orjog¸nia, prokÔptei h exÐswsh (B-7).

E{xkε
T
k } = Σk|k−1H

T (B-7)

H posìthta E{xεT
k }(E{εkε

T
k })−1 lègetai to kèrdoc Kalman kai isoÔtai:

Kk = Σk|k−1H
T R−1

k (B-8)

antikajist¸ntac tic exis¸seic (B-7) kai (B-6) sthn exÐswsh (B-3) brÐskoume thn epanalhptik 

fìrmoula upologismoÔ gia thn akoloujÐa katast�sewn.

x̂k|k = x̂k|k−1 + Kk(yk −Hx̂k|k−1) (B-9)

MporoÔme epÐshc na ekfr�soume kai thn sundiakÔmansh Σk|k wc sunèpeia thc prohgoÔmenhc

Σk|k−1.

Σk|k = E{x̃k|kx̃k|k} ⇔

Σk|k = E{x̃k|k−1x̃
T
k|k−1}+ KkE{εkε

T
k }KT

k −KkE{εkx̃
T
k|k−1} − E{x̃k|k−1ε

T
k }KT

k

'Etsi prokÔptei h exÐswsh:

Σk|k = Σk|k−1 −KkRkK
T
k (B-10)

Apì tic exis¸seic (B-9) kai (B-8) èqoume ton epanalhptikì upologismì thc kat�stashc kai

thc metablhtìtht�c thc sth qronik  stigm  k, me b�sh tic timèc tic prohgoÔmenhc akrib¸c

qronik c stigm c k − 1.

Gia na upologÐsoume thn prìbleyh gia thn epìmenh qronik  stigm  qrhsimopoioÔme thn

exÐswsh upologismoÔ thc kat�stashc:

x̂k+1 = Fx̂k + wk wk ∼ N(0, Q) (B-11)

eÐnai eukolo na doÔme pwc x̂k+1|k = Fx̂k|k + wk|k

kai apo th stigm  pou o jìruboc einai asusqètistoc me opoiad pote allh tim  sto qrìno,

wk|k = 0 prokÔptei:

x̂k+1|k = Fx̂k|k (B-12)

Apì thn exÐswsh (B-10) kai thn (B-11) mporoÔme na ektim soume thn apriìri ektÐmhsh

l�jouc me ènan akìmh trìpo:
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x̃k+1|k = xk+1|k − x̂k+1|k ⇔

x̃k+1|k = Fxk|k − Fx̂k|k ⇔

x̃k+1|k = F (xk|k − x̂k|k)

Telik� prokÔptei:

x̃k+1|k = Fx̃k|k (B-13)

'Etsi h exÐswsh prìbleyhc thc sundiakÔmanshc gia thn epìmenh qronik  stigm  prokÔptei:

Σk+1|k = FE{x̃k|kx̃
T
k|k}F T + E{wkw

T
k }

dhladh,

Σk+1|k = FΣk|kF
T + Q (B-14)

SunoyÐzontac oi exis¸seic tou Kalman fÐltrou.

x̂k|k = x̂k|k−1 + Kkek

x̂k+1|k = Fx̂k|k

ek = yk −Hx̂k|k−1

Kk = Σk|k−1H
T Σ−1

ek

Σek
= HΣk|k−1H

T + R

Σk|k = Σk|k−1 −KkΣek
KT

k

Σk+1|k = FΣk|kF
T + P

PÐnakac Bþ.1: Exis¸seic filtrarÐsmatoc



Par�rthma Gþ

Kanonik  Fìrma

SÔsthma pou perigr�fetai apì thc exis¸seic:

xk+1 = Fxk + ωk ωk ∼ N(0, Q) (B-1)

yk = Hxk + υk υk ∼ N(0, R) (B-2)

ParametropoÐhsh twn pin�kwn F kai H, me Q kai R diag¸niouc.

F =



0 1 0 . . . 0 0 0
0 0 1 . . . 0 0 0
. .
. .
. .
0 0 0 . . . 0 0 1
× × × × × × × × ×



H =
[

1 0 0 0 0 0 0 0 0
]
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Par�rthma Dþ

Prìsjeto kontrìl B

An èqoume ton par�gonta Buk o upologismìc thc mègisthc pijanìthtac eÐnai:

J(X,Y, θ) = −L(X,Y, θ) =
N∑

k=1

{
log |P |

+(xk − Fxk−1 −Buk−1)
T P−1(xk − Fxk−1 −Buk−1)

}

+
N∑

k=0

{
log |R|+ (yk −Hxk)

T R−1(yk −Hxk)
}

+ const. (B-1)

Efarmìzontac element− wise teqnik  gia ton upologismì ton paramètrwn prokÔptei:

F̂ i,j =

M∑
c=1

{
(cof(P̂ i,c))(Γc,j

4 )
}

(cof(P̂ i,i))(Γj,j
3 )

−

M∑
c=1

{
(cof(P̂ i,c))

T∑
q=1

{
(B̂c,q)(Γq,j

8 )
}}

(cof(P̂ i,i))(Γj,j
3 )

−

M∑
c=1,c 6=i

{
(cof(P̂ i,c))(F̂ c,j)(Γj,j

3 )
}

(cof(P̂ i,i))(Γj,j
3 )

−

M∑
c=1

{
(cof(P̂ i,c))

M∑
r=1,r 6=j

{
(F̂ c,r)(Γr,j

3 )
}}

(cof(P̂ i,i))(Γj,j
3 )

(B-2)

B̂i,j =

M∑
c=1

{
(cof(P̂ i,c))(Γc,j

10 )
}

(cof(P̂ i,i))(Γj,j
9 )
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−

M∑
c=1

{
(cof(P̂ i,c))

M∑
s=1

{
(F̂ c,s)(Γs,j

7 )
}}

(cof(P̂ i,i))(Γj,j
9 )

−

M∑
c=1,c 6=i

{
(cof(P̂ i,c))(B̂c,j)(Γj,j

9 )
}

(cof(P̂ i,i))(Γj,j
9 )

−

M∑
c=1

{
(cof(P̂ i,c))

T∑
q=1,q 6=j

{
(B̂c,q)(Γq,j

9 )
}}

(cof(P̂ i,i))(Γj,j
9 )

(B-3)

P̂ i,j = (Γi,j
2 )−

M∑
r=1

(F̂ i,r)(Γj,r
4 )−

M∑
r=1

(F̂ j,r)(Γi,r
4 )

+
M∑

c=1

M∑
r=1

(F̂ i,c)(F̂ j,r)(Γc,r
3 )−

T∑
q=1

(B̂i,q)(Γj,q
10 )

+
T∑

q=1

M∑
r=1

(B̂i,q)(F̂ j,r)(Γq,r
8 )−

T∑
q=1

(B̂j,q)(Γi,q
10)

+
M∑

r=1

T∑
q=1

(F̂ i,r)(B̂j,q)(Γr,q
7 ) +

T∑
q=1

T∑
p=1

(B̂i,q)(B̂j,p)(Γq,p
9 ) (B-4)

R̂ = Γ5 − Γ6Γ
−1
1 ΓT

6 (B-5)

Qreiazìmaste kai k�poia prìsjeta statistik�.

Γ7 =
1

N

N∑
k=1

xk−1u
T
k−1 (B-6)

Γ8 =
1

N

N∑
k=1

uk−1x
T
k−1 (B-7)

Γ9 =
1

N

N∑
k=1

uk−1u
T
k−1 (B-8)

Γ10 =
1

N

N∑
k=1

xku
T
k−1 (B-9)

Ta statistik� gia ton upologismì touc gia k�poia epan�lhyh p qrei�zontai touc upologismoÔc:

Eθ(p){xk−1u
T
k−1|Y} = x̂k−1|NuT

k−1 (B-10)
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Eθ(p){uk−1x
T
k−1|Y} = uk−1x̂

T
k−1|N (B-11)

Eθ(p){uk−1u
T
k−1|Y} = uk−1u

T
k−1 (B-12)

Eθ(p){xku
T
k−1|Y} = x̂k|NuT

k−1. (B-13)

H Emprìc - PÐsw diadikasÐa eÐnai h Ðdia me thn mình diafor� ston upologismì tou x̂k+1|k = J

ìpou J = [F B]. H exagwg  ton exis¸sewn proèkuyan apì thn prosp�jeia tou Qristou

Kìniarh.
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EISAGWGH

H taqeÐa exèlixh thc teqnologÐac èqei dhmiourg sei meg�lec dunatìthtec

ston èlegqo, sthn apoj keush kai sth met�dosh twn plhrofori¸n. H epikoi-

nwnÐa ìmwc metaxÔ anjr¸pou kai mhqan c apaiteÐ k�poio mèsw an�jeshc twn

entol¸n gia thn apokomid  twn plhrofori¸n. Meg�lo epÐteugma ja  tan an

h mhqan  mporèsei na apokt sei thn idiìthta katanìhshc thc gl¸ssac twn

anjr¸pwn, me skopì thn an�jesh twn entol¸n qwrÐc thn mesol�bhsh k�poiou

mèsou. O kl�doc thc Anagn¸rishc Fwn c (Speech Recognition) èqei k�nei

arket� b mata gia thn epÐteuxh tou stìqou autoÔ. Pragmatikèc efarmogèc

èqoun  dh arqÐsei na emfanÐzontai deÐqnontac thn spoudaiìthta wc kl�doc

sthn uphresÐa tou anjr¸pou.

Meg�lo antikeÐmeno èreunac ston kl�do thc Anagn¸rishc Fwn c eÐnai h

akoustik  montelopoÐhsh. H akoustik  montelopoÐhsh prospajeÐ na qeiristeÐ

to prìblhma thc metablhtìthtac pou up�rqei sto s ma thc fwn c. Gia thn

akoustik  montelopoÐhsh up�rqoun di�foroi mèjodoi ulopoÐhshc, ìpwc ta

Kruf� Markobian� montèla, ta neurwnik� dÐktua kai ta grammik� dunamik�

montèla. H ergasÐa aut  asqoleÐtai me to prìblhma autì, qrhsimopoi¸ntac

thn mèjodo twn grammik¸n dunamik¸n montèlwn.

Sthn ergasÐa aut  proteÐnetai mia nèa parametropoÐhsh twn domik¸n stoi-

qeÐwn tou dunamikoÔ montèlou, kai ènac nèoc trìpoc upologismoÔ touc. Oi

nèec autèc prot�seic èdwsan kal� apotelèsmata, me apotèlesma th dhmiourgÐa

ergasÐac gia th summetoq  sto 32o diejnèc sunèdrio akoustik c epexergasÐac,

epexergasÐac fwn c kai epexergasÐac s matoc thc upo thn aigÐda thc IEEE.

Tèloc, h ergasÐa perièqei ta akìlouja. Sto 1o Kef�laio analÔoume

apì ti apoteleÐtai èna sÔgqrono autìmato sÔsthma anagn¸rishc thc fwn c.

Sto 2o Kef�laio parousi�zoume tic mejìdouc ulopoÐhshc tou akoustikoÔ

montèlou, sto 3o Kef�laio analÔetai to grammikì dunamikì sÔsthma kai



oi di�forec ènnoiec pou ja qrhsimopoi soume kat� thn efarmog  tou wc

akoustikì montèlo. Sto 4o Kef�laio h efarmog  twn grammik¸n dunamik¸n

montèlwn kai h diadikasÐa ekpaÐdeushc, sto 5o Kef�laio gÐnetai h apotÐmhsh

twn montèlwn me thn mèjodo thc taxinìmhshc. Tèloc sto 6o Kef�laio dÐnontai

ta sumper�smat� mac apì thn ergasÐa kai ton prot�seic gia mellontik  ergasÐa.
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ABSTRACT

Although Hidden Markov Models (HMMs) provide a rela-
tively efficient modeling framework for speech recognition,
they suffer from several shortcomings which set upper bounds
in the performance that can be achieved. Alternatively, linear
dynamic models (LDM) can be used to model speech seg-
ments. Several implementations of LDM have been proposed
in the literature. However, all had a restricted structure to
satisfy identifiability constraints. In this paper, we relax all
these constraints and use a general, canonical form for a lin-
ear state-space system that guarantees identifiability for arbi-
trary state and observation vector dimensions. For this sys-
tem, we present a novel, element-wise Maximum Likelihood
(ML) estimation method. Classification experiments on the
AURORA2 speech database show performance gains com-
pared to HMMs, particularly on highly noisy conditions.

Index Terms— Speech Recognition, Modeling, Identifi-
cation

1. INTRODUCTION

Hidden Markov Models (HMMs) dominate in today’s speech
recognition engines. This is primarily attributed to their abil-
ity to efficiently model the time varying statistical characteris-
tics of the speech signal through a set of discrete states. How-
ever, they still posses many modelling inadequacies that de-
rive from the numerous assumptions that are made to simplify
the speech recognition problem. For instance, dynamic infor-
mation in HMMs is included through the time-derivatives in
the observation vector under the false frame-independence as-
sumption and the spatial correlation of the observation vector
is ignored when diagonal covariance matrices are considered.

This work is motivated from our belief that these assump-
tions set upper limits in the progress that can be made when
using HMMs in speech recognition. In an effort to improve
robustness, particularly under noisy conditions, we examine
new modeling schemes that can explicitly model time and

This work was partially supported by the EU-IST FP6 research project
HIWIRE.

spatial correlations such as the linear dynamical models (LDM).
LDMs were first proposed to be used for speech recognition
in [1]. They characterize complete speech segments such as
words, phonemes or sub-phoneme units with a linear state
evolution process and a linear observation process. Thus, they
can be seen as a variation of segment-based modeling which,
in turn, can be considered as a generalization of the HMMs
with a continuous state-space instead of a discrete one[2].

There are several variations of the LDMs that can be found
in the literature. In [1] LDMs were used to obtain a smoothed
realization of a Gauss-Markov model. In [3] and [4] several
statistical modeling techniques such as factor analysis (FA)
and principle component analysis (PCA) are presented as spe-
cial cases of a general LDM. Other variations are also dis-
cussed in [5]. In all cases, several modeling constraints were
applied in an effort to obtain good system convergence, sta-
bility and identifiability. However, these constraints alter the
properties of the model, and diminish the benefits of the gen-
eral system architecture.

In this paper, we introduce a generalized linear dynamic
system in an identifiable canonical form. The system is a mul-
tivariate state-space linear dynamic model which follows the
identifiable form that was proposed by Ljung [6]. We begin
by introducing the linear system and its parametric structure.
We describe our novel element-wise estimation method based
on the Expectation-Maximization (EM) algorithm. Finally,
we present classification results on the AURORA2 speech
database.

2. THE LINEAR DYNAMIC SYSTEM

The LDM is described from the following pair of equations

xk+1 = Fxk + wk (1)
yk = Hxk + vk (2)

where the state xk at time k is a (n × 1) vector, the obser-
vation yk is (m × 1) and wk, vk are uncorrelated, zero-mean
Gaussian vectors with covariances

E{wkwT
l } = Pδkl (3)

E{vkvT
l } = Rδkl (4)



In the above equation δkl denotes the Kronecker delta and
T denotes the transpose of a matrix. The initial state x0 is
Gaussian with known mean and covariance µ0, Σ0. Equation
(1) describes the state dynamics, while (2) shows a prediction
of the observation based on the state estimation.

The parametric structure of our multivariate state-space
model has the following identifiable canonical form for the
case in which xk is a 5× 1 vector and the observation vector
yk is a 3× 1 vector.

F =




0 1 0 0 0
× × × × ×
× × × × ×
0 0 0 0 1
× × × × ×




(5)

H =




1 0 0 0 0
0 0 1 0 0
0 0 0 1 0


 (6)

The number of rows with×’ s in F represents the free pa-
rameters of the matrix and equals the size of the output vector
m. The ones in matrix H are equal to the number of the rows
in F that are filled with free parameters, and their position is
related to the location of these rows in F .

To construct the form of the state transition matrix F we
follow the process described in [6]. First, we set its ele-
ments along the superdiagonal equal to one and the remain-
ing elements are zeroed. Then, we choose arbitrarily the m
row numbers ri to be filled with free parameters, where i =
1, ..., m. There is only one constraint, that rm = n, where m
denotes the dimension of the observation and n the dimension
of the state vector. In addition, we set r0 = 0.

The observation matrix H is then constructed as follows.
First, we define H to be m × n in size and filled with zeros.
Then we set each row i = 1, ..., m of the H matrix to have a
one in column ci = ri−1 + 1. For instance, for the example
shown in (5) and (6) we get:
r1 = 2 ⇒ c1 = r1−1 + 1 = r0 + 1 = 1
r2 = 3 ⇒ c2 = r2−1 + 1 = r1 + 1 = 3
r3 = 5 ⇒ c3 = r3−1 + 1 = r2 + 1 = 4.
Hence, the observation matrix H will have ones in columns
1, 3 and 4 for its rows 1, 2 and 3, respectively.

Ljung [6] proves that the above canonical form is identi-
fiable if and only if it is also controllable. Furthermore, this
canonical form does not impose any loss of generality in the
LDM, that is, any state-space system described by equations
1 and 2 can be transformed to have the structure of equations
5 and 6.

3. ELEMENT-WISE ESTIMATION WITH EM

The matrices of the LDM presented in section 2 contain, by-
construction, free parameters at very specific positions. An
estimation algorithm for linear state-space systems that is based

on the Expectation-Maximization (EM) algorithm was intro-
duced in [1]. This algorithm assumed that all matrices θ =
F,H, P,R are filled with free parameters. In our case, how-
ever, the free parameters of the system are located in spe-
cific position, hence the estimation must be performed in an
element-wise fashion. Given the observations Y = [y0 . . . yN ]
and the state vectors X = [x0 . . . xN ], the ML estimates of θ
are obtained by minimizing the quantity:

L(X,Y, θ) =

−
N∑

k=1

{
log |P |+ (xk − Fxk−1)T P−1(xk − Fxk−1)

}

−
N∑

k=0

{
log |R|+ (yk −Hxk)T R−1(yk −Hxk)

}

It can be shown that the estimates of the system’s param-
eters are given by:

F̂ij =

M∑
c=1

{
(cof(P̂ic))(S

(4)
cj )

}

(cof(P̂ii))(S
(3)
jj )

−

M∑

c=1,c 6=i

{
(cof(P̂ic))(F̂cj)(S

(3)
jj )

}

(cof(P̂ii))(S
(3)
jj )

−

M∑
c=1

{
(cof(P̂ic))

M∑

r=1,r 6=j

{
(F̂cr)(S

(3)
rj )

}}

(cof(P̂ii))(S
(3)
jj )

(7)

P̂ij = (S(2)
ij )−

M∑
r=1

(F̂ir)(S
(4)
jr )−

M∑
r=1

(F̂jr)(S
(4)
ir )

+
M∑

c=1

M∑
r=1

(F̂ic)(F̂jr)(S(3)
cr ) (8)

R̂ = S(5) − S(6)(S(1))−1(S(6))T (9)

where cof(P̂ic) is the cofactor of the element P̂ic of the co-
variance P̂ . Index i denotes the i − th row of a matrix, and
j denotes the j − th column. The sufficient statistics that in-



volved in the previous equations are given by[1]

S(1) =
1

N + 1

N∑

k=0

xkxT
k (10)

S(2) =
1
N

N∑

k=1

xkxT
k (11)

S(3) =
1
N

N∑

k=1

xk−1x
T
k−1 (12)

S(4) =
1
N

N∑

k=1

xkxT
k−1 (13)

S(5) =
1

N + 1

N∑

k=0

ykyT
k (14)

S(6) =
1

N + 1

N∑

k=0

ykxT
k . (15)

The statistics shown above require the following quantities at
each iteration p:

Eθ(p){ykxT
k |Y} = ykx̂k|N (16)

Eθ(p){ykyT
k |Y} = ykyT

k (17)
Eθ(p){xkxT

k−1|Y} = Σk,k−1|N + x̂k|N x̂T
k−1|N (18)

Eθ(p){xkxT
k |Y} = Σk|N + x̂k|N x̂T

k|N . (19)

Equations (7) through (9) form the Maximization step of the
EM algorithm. For the Expectation step of the EM algo-
rithm we need to compute the required statistics, and we use
the fixed interval smoothing form of the Kalman filter (RTS
smoother) [7]. It consists of a backward pass that follows the
standard Kalman filter forward recursions [8]. In addition, we
compute also the cross-covariances proposed by Digalakis [1]
in both the forward and the backward pass.

4. APPLICATION TO SPEECH RECOGNITION

A straightforward way to model speech units using LDMs
is to train separate segment-specific models, each one cor-
responding to a sub-word or sub-phoneme unit. The corre-
lation between consecutive frames within the same segment
is modelled with the same set of parameters. Furthermore,
the inter-segment correlation is also captured since the initial
state estimate of a segment derives from the last state esti-
mate of the previous segment. The process is also illustrated
in Figure 1 for a 4 segment example.

During classification, each model segment is classified
based on the log-likelihood computed by:

L(Y, θ) = −
N∑

k=0

{
log |Σek

(θ)|+ eT
k (θ)Σ−1

ek
(θ)eT

k (θ)
}

+ C

Fig. 1. Example of an LDM with 4 segments.

where eT
k (θ), Σek

(θ) is the prediction error and its covariance
obtained from the Kalman filter equations and C is a constant.

5. EXPERIMENTS

We have performed a series of word-classification experiments
in order to validate our LDM system for speech recognition
and evaluate the estimation algorithm. In specific, we used
the AURORA2 speech database[9], which is a connected digit
corpus based on TIDIGITS, downsampled to 8KHz and with
several types of noise artificially added at several SNRs. The
front-end uses a total of 13 Mel-warped cepstral coefficients
plus energy. In some experiments we also augmented the ob-
servation vector with the first (δ) and second order derivatives
(δδ).

We used 11 word-models corresponding to the words in
the AURORA2 corpus (digits 1 to 9, zero and oh). Each word-
model has a number of time-invariant regions (segments) rang-
ing from 2 to 8, depending on the phonetic transcription of
each word. Table 1 shows the number of regions for each
word-model that we considered.

one two three four five six
6 4 6 6 6 4
seven eight nine oh zero

8 4 6 2 6

Table 1. Number of regions for each word-model

The first issue in implementing the dynamical system is
the dimensionality of the state-space. Based on the general
canonical forms of the LDM that we examine, the size of the
state-vector can be equal or larger than the size of the obser-
vation vector. When the state and observation vectors are at
equal size, the observation matrix becomes the identity matrix
and the observation vector is just a noisy version of the state
vector. Even in this case, our scheme relaxes the constraints



of other approaches (i.e. in [1]).
Another important issue is the initialization of system pa-

rameters. The noise covariance matrices are initialized ran-
domly, while the initial state-transition matrices, and the co-
variance of the initial state x0 are directly estimated from the
observations.

As far as the classification is concerned, at this moment
we do not perform any search over all possible segmenta-
tions, but we keep the true word-boundaries produced by an
HMM fixed. We do search, however, over all possible word
histories given the segmentation. To speed-up the classifica-
tion process we apply a suboptimum search and pruning al-
gorithm which keeps the 11 most probable word-histories for
each word in the sentence.

For our experiments, we used a clean training set con-
sisting of 104 gender-balanced speakers and 8444 sentences.
The evaluation was done on a separate test set defined as the
AURORA2-A test set, with subway additive noise at several
SNRs, which consisted of 1000 sentences from the training
speakers. Table 2 summarizes the classification performance
of the LDM for several SNR values. As can be seen, append-
ing the derivatives in the MFCCs results in performance gains
which increase as the noise level rises.

AURORA 2/ LDM
Subway Mfcc,energy +δ+δδ

clean 97.53% 97.61%
SNR20 93.23% 95.12%
SNR15 87.91% 91.13%
SNR10 76.29% 82.69%
SNR5 54.87% 63.56%

Table 2. Word-classification performance of the LDM system

AURORA 2/ HMM
Subway Mfcc,energy +δ +δδ

clean 97.19% 97.57%
SNR20 90.91% 95.71%
SNR15 80.09% 91.76%
SNR10 57.68% 81.93%
SNR5 36.01% 64.24%

Table 3. Performance of an HMM system

To compare the performance of our system to HMMs,
we also performed a set of classification experiments using
the standard HTK configuration. Each word was modelled
as a 16-state continuous density HMM with a mixture of 3
Gaussian components associate in each state. The front-end
configuration and the word-boundaries were the same as with
the LDM. The recognition accuracy of the HMM is shown
in Table 3. Without derivatives, the LDM outperforms sig-

nificantly the HMM, especially as the SNR level decreases.
When derivatives are used for both models, their performance
is similar.

6. CONCLUSIONS

In this paper, we presented the application of linear dynamic
models with general, canonical forms for their parameters
in speech recognition and we showed a novel and efficient
element-wise Maximum Likelihood estimation. We evaluated
our scheme with a series of classification experiments on the
AURORA2 speech database. Since we have now introduced a
methodology to use general identifiable forms of state-space
systems in speech recognition, we plan to investigate in the
future several combinations of state and observation vector
dimensions.
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EuqaristÐec

Pr¸ta ap' ìla euqarist¸ touc goneÐc mou

Akìmh ja  jela na euqarist sw ton k. BasÐlh Digalakh gia thc gn¸seic pou

mou prìsfere, to BasÐlh Diakolouk� gia tic atèleiwtec ¸rec suz thshc kai

thn ter�stia bo jeia pou mou èdwse, kai tèloc ton QrÐsto Kìniarh gia thn

sunergasÐa pou eÐqame, apotèlesma thc opoÐac eÐnai aut  h diplwmatik .
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