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ONSOZ

Bu projede genel olarak, konusulan dili (Tiirk¢e) anlamada, konusulan dilin biiriinsel/ezgisel
(prosodic) ve sozciiksel (lexical) 6zelliklerinin ortaya ¢ikarilmasi ve bu 6zelliklerin konusulan dilin
bilgisayarla otomatik olarak iglenmesinde kullanilmasi amaglanmistir. Bu daha 6zel olarak, otomatik
konusma tantyicisinin (Automatic Speech Recognizer) c¢ikisina iliskin ciimle boliitleme islevini
icermektedir.

Otomatik konugma tamima sistemlerinden ¢ikan yazili metnin O6zellikle noktalama (punctuation),
biiylik kiiciik harf farkliliklar1 ve vurgu, tonlama, perde, durak gibi konusmaya iliskin temel bazi
parametrelerden yoksun olmasi veya bu ozellikleri kaybetmis olmasi, 6zellikle anlamda farkliliklara
yol agmaktadir. Bu ¢iktinin zenginlestirilmesi (enrichment) bagka bir deyis ile bu 6zelliklerin tekrar
geriye kazandirilmasi, bu metinlerin hem insanlar tarafindan okunmasini ve dogru algilanmasini hem
de makineler tarafindan islenmesini kolaylastiracaktir. Bu projedeki amag, bu zenginlestirme ve geri
kazandirim igleminin dilin biiriinsel 6zelliklerinden yararlanarak yapilmasidir.

Projenin diger bir sonucu ise bigimbilgisel agiklastirma (morphological disambiguation) ve kelime
anlam agiklastirma (word sense disambugation) gibi diger amagclar i¢in kullanilabilecek kelime ve
anlambirim (morpheme) diizeyinde biiriinsel bir veritabaninin elde edilmesidir.

Bu projenin ¢atis1 altinda, ayn1 zamanda biiriinsel 6zelliklerin bi¢imbilgisel bilgi (morphological
information) ile etkilesimi de incelenmektedir.

Ciimle boliitlemenin rolii otomatik konusma tanima birimi tarafindan saglanan kelime akisindaki
climle smirlarini, daha ileri diizeyde béliitler bazinda ¢alisan uygulamalar igin belirlemektir. Bu, ¢esitli
ayirma, makine ¢evirimi, ve soru yanitlama gibi dil isleme islevleri i¢in olduk¢a yararhidir. Ciimle
boliitlemeyi iki durumlu smiflandirma islevi olarak formiile etmekteyiz. Ardarda gelen iki kelime
arasindaki her bir konumda sistem, konumun iki ciimle arasinda sinir olup olmadigina veya ayni
climleye iligkin iki komsu kelime olduguna karar vermektedir.

Yeni yontem, sozciiksel bilgiyi kullanmak i¢in Sakli Dil Modellerini biiriinsel, konugmaci degisim ve
sozdizimsel (syntactic) ozellikleri oldugu gibi sozciiksel ozelliklerle de entegre olan maksimum
entropi ve boosting siniflandiricilar ile birlestirmektedir. Boosting tabanli siniflandirici (kelimeleri ve
tiim biiriinsel 6zellikleri giris olarak kullanan) yalniz basina diger tiim siniflandirma yapilarindan daha
iyl performans sergilemektedir. Sakli dil modelleri ile birlestirildiginde ise gelistirim daha da iyi
olmaktadir.

107E182 Proje No’lu, Tiirkce Dil Isleme icin Biiriinsel Bilginin Cikarilmasi ve Kullanilmasi
(Extracting and Using Prosodic Information for Turkish Spoken Language Processing) adli bu proje,
Tiirkiye Bilimsel ve Teknolojik Arastirma Kurumu (TUBITAK), Arastirma Destek Programlari
Baskanligi (ARDEB), Elektrik, Elektronik ve Enformatik Arastirma Grubu (EEEAGQG) tarafindan, 3501
Ulusal Geng Arastirmact Kariyer Gelistirme Programi (Kariyer Programi) cergevesinde Kariyer
Projesi olarak desteklenmistir.
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OZET
Tiirkce Dil Isleme icin Biiriinsel Bilginin Cikarilmasi ve Kullanilmasi

Otomatik konusma tanima sistemlerinden ¢ikan yazili metnin 6zellikle noktalama, biiyiik kii¢iik harf
farkliliklar1 ve vurgu, tonlama, perde, durak gibi konusmaya iliskin temel bazi1 parametrelerden yoksun
olmasi veya bu oOzellikleri kaybetmis olmasi, 6zellikle anlamda farkliliklara yol agmaktadir. Bu
¢iktinin zenginlestirilmesi bagka bir deyis ile bu 0Ozelliklerin tekrar geriye kazandirilmasi, bu
metinlerin hem insanlar tarafindan okunmasii ve dogru algilanmasin1 hem de makineler tarafindan
islenmesini kolaylastiracaktir. Bu projedeki amag, bu zenginlestirme ve geri kazandirim isleminin
dilin biirlinsel 6zelliklerinden yararlanarak yapilmasidir.

Bu projede, Tiirk¢e dil isleme icin sozciiksel ozelliklere ilaveten biirlinsel bilginin ¢ikarilmasi ve
kullanilmas1 daha 6zel olarak ise Tiirk¢e konusma lizerinde climle béliitleme icin biiriinsel 6zelliklerin
kullanilmasi arastirilmaktadir. Projenin diger bir sonucu ise bicimbilgisel agiklastirma ve kelime
anlam agiklastirma gibi diger amaglar i¢in kullanilabilecek kelime ve anlambirim diizeyinde biiriinsel
bir veritabaninin elde edilmesidir.

Tiirk¢e sondan eklemeli veya bitisken bir dildir. Bu nedenle daha ileri analizlerden dnce kelimelerin
kok bicimleri ve soneklerinin bigimbilgisel olarak incelenmesi yararli olmaktadir. Bu projenin catisi
altinda, ayn1 zamanda biiriinsel 6zelliklerin bicimbilgisel bilgi ile etkilesimi de incelenmektedir.

Cimle boliitlemenin rolii otomatik konusma tanima birimi tarafindan saglanan kelime akisindaki
climle smirlarmi, daha ileri diizeyde boliitler bazinda ¢alisan uygulamalar i¢in belirlemektir. Bu, ¢esitli
ayirma, makine ¢evirimi, ve soru yanitlama gibi dil isleme islevleri i¢in olduk¢a yararhidir. Ciimle
boliitlemeyi iki durumlu siniflandirma islevi olarak formiile etmekteyiz. Ardarda gelen iki kelime
arasindaki her bir konumda sistem, konumun iki climle arasinda sinir olup olmadigina veya ayni
ciimleye iliskin iki komsu kelime olduguna karar vermektedir. Climle boéliitleme islemi, Sakli Dil
Modelleri (HELM) nin siif ayirict yontemler ile birlestirilmesiyle gerceklestirilmektedir. HELM
kelime dizilerini dikkate almakta ve karar agaclari gibi sinif ayirici yontemlerin ¢ikigi, duraksama
stireleri gibi biiriinsel 6zellikleri baz almaktadir. Yeni yontem, s6zciiksel bilgiyi kullanmak i¢in Sakli
Dil Modellerini biiriinsel, konusmaci degisim ve sozdizimsel Ozellikleri oldugu gibi sozciiksel
Ozelliklerle de entegre olan maksimum entropi ve boosting siniflandiricilar ile birlestirmektedir.
Boosting tabanli siniflandirici yalniz basina diger tiim siniflandirma yapilarindan daha iyi performans
sergilemektedir. Sakli dil modelleri ile birlestirildiginde ise gelistirim daha da iyi olmaktadir.

Anahtar Kelimeler: Biiriinsel Bilgi, Dil Isleme, Ciimle Béliitleme, Konu Béliitleme.



ABSTRACT
Extracting and Using Prosodic Information for Turkish Spoken Language Processing

The text which the output of the Automatic Speech Recognition (ASR) system lacks especially
punctuation, differences in the capitalization and the parameters related to the speaking such as stress,
tone, pitch, pause cause some differences in the meaning. Enrichment of this output or another words
to gain this features back to the output will provide either reading and understanding of the humans or
processing of the machines easily. The aim of this project is doing this enrichment and the process of
gaining back by using the prosodic features of the spoken language.

In this proposal, we would like to examine the extraction and use of prosodic information in addition
to lexical features for spoken language processing of Turkish. Specifically, we would like to research
the use of prosodic features for sentence segmentation of Turkish speech. Another outcome of the
project is to obtain a database of prosodic features at the word and morpheme level, which can be used
for other purposes such as morphological disambiguation or word sense disambiguation.

Turkish is an agglutinative language. Thus, the text should be analyzed morphologically in order to
determine the root forms and the suffixes of the words before further analysis. In the framework of this
project, we also would like to examine the interaction of prosodic features with morphological
information.

The role of sentence segmentation is to detect sentence boundaries in the stream of words provided by
the ASR module for further downstream processing. This is helpful for various language processing
tasks, such as parsing, machine translation and question answering. We formulate sentence
segmentation as a binary classification task. For each position between two consecutive words the
system must decide if the position marks a boundary between two sentences or if the two neighboring
words belong to the same sentence. The sentence segmentation process is established by combining
the Hidden Event Language Models (HELMs) with discriminative classification methods. The HELM
takes into account the sequence of words and the output discriminative classification methods such as
decision tree that is based on prosodic features such as pause durations. The new approach combines
the HELMs for exploiting lexical information, with maximum entropy and boosting classifiers that
tightly integrate lexical, as well as prosodic, speaker change and syntactic features. The boosting-
based classifier alone performs better than all the other classification schemes. When combined with a
hidden event language model the improvement is even more pronounced.

Keywords: Prosodic Information, Spoken Language Processing, Sentence Segmentation, Topic
Segmentation.



1. GIRIS

1.1. Projenin Tamitim1 ve Amaclari:

Bu projede genel olarak, anadilimiz Tiirk¢e’nin biiriinsel/ezgisel 6zelliklerinin (prosodic features)
analiz edilerek ¢ikarilmasi (feature extraction) ve bu o6zelliklerin daha ileri diizeyde dil isleme ve
uygulamalar1 konularinda arastirmalara temel teskil eden ciimle boliitlemesi alaninda kullanilmasi
amaglanmustir.

Konusma isaretlerinin otomatik konusma sistemleri tarafindan basit kelime dizilerine doniistiiriilmesi
sonucu konusma ile ilgili biiriinsel 6zellikler (zamanlama ve perde (pitch) yapilarina iliskin bilgiler,
ornegin; duraklar, vurgular, duygunun aksettirilmesi) kaybolmaktadir. Tiim bu 6zelliklerden yoksun
olan metnin gerek insanlar tarafindan okunmasi, gerekse makineler tarafindan islenmesi oldukca
zordur. Tiim bu dzelliklerin yeniden kazandirilmasi (enrichment), insanlarin okuduklar1 metni daha
dogal bir bicimde algilamasi ve makinelerin daha dogru bir bigimde islem yapmasini saglamaktadir.

Ozellikle konugma isaretleri incelendiginde, igerisinde varolan biiriinsel bilginin konusmanin dogal
akis1 sirasinda oldukga sik kullanildigi ve konusmayi tek diizelikten arindirarak zenginlestirdigi
goriilmektedir. Yine konusmanin dogal akisi sirasinda bu biiriinsel bilginin yada o6zelliklerin, bir
climlenin bitirilip yeni bir ciimleye baslandig1, yada bir konudan baska bir konuya gecildiginde de
kendisini gosterdigi goriilmektedir. Bu projenin en 6nemli amaglarindan biri, biiriinsel 6zelliklerin
yeniden kazandirilmasinin yanisira bu ozelliklerin yukarida belirtilen ciimle bdliitlemesi icin de
kullanilmasini saglamaktir.

Bu projenin en 6nemli 6zelliklerinden biri metin tabanli ¢alismalardan farkli olarak konusma isaretinin
bizatihi kendisinin kullanilmasi, bagka bir deyis ile konusma tabanli olmasidir. Bu nedenle ¢ok fazla
miktarda ve igerik olarak ¢ok c¢esitli alanlardan (domain) konugma verileri elde edilerek incelenmis ve
bu konusma verileri kullanilarak Tiirkge’nin biiriinsel 6zellikleri ¢ikarilmistir. Daha sonra Tiirkge nin
bu biiriinsel 6zellikleri, 6zellikle bilginin veri tabanlarindan otomatik olarak taranmasi, bilgi ¢ikarimi
(information extraction) bilginin geri kazanimi (information retrieval), metin Ozetleme (text
summarization) ve makine ile dilden dile ¢eviri (machine translation) gibi uygulamalarin temel adimi
olan climle boliitleme i¢in kullanilmaktadir.

Boylece gerek insanlarin yukarida belirtilen uygulamalar1 kendi baslarina yapabilmek i¢in gerekli olan
emek, zaman ve maliyetleri azaltmak, gerekse makineler tarafindan yapilacak daha ileri islemler ve
uygulamalar i¢in ¢ok daha az ve siniflandirilmis verileri kullanmalari miimkiin olabilecektir. Bilgi,
bilgiye erigim, bilginin kullanimi ve iletigim alanindaki hizli geligsim, 6zellikle iletisimden gelen dogasi
ve iletisim uygulamalari ile olan siki iligkisi itibari ile konusma teknolojilerine ve uygulamalarina
yonelik arastirmalarin hizla gelisimine yolagmaktadir. Bu alanlarda 6zellikle Ingilizce basta olmak
tizere farkli dillerde uygulamalarin gelistirilmesi, gerek yukarida belirtilen nedenlerden dolay1 bu
alanlarda yapilmasi1 gereken arastirmalarin bir gereksinim yada zorunluluk haline gelmesi, gerekse
uluslararast alanda yasanan rekabet ve séz sahibi olma nedenlerinden dolayr olduk¢a Onem
tasimaktadir. Ayrica, bu ve benzer uygulamalarin Tiirkge icin yapilmasi ise ayri bir 6nem
arzetmektedir.

Yukarida belirtildigi iizere bu proje genel kapsamu itibari ile, Tiirk¢e’nin kendine 6zgii biiriinsel
ozelliklerinin g¢ikarilmasi ve bu 6zelliklerin daha ileri dil isleme uygulamalarinda yapilmas1 gereken
ilk adim olan cilimle boliitleme uygulamalarinda kullanilmasini kapsamaktadir.



Projenin ilk agsamasinda Tiirk¢e’nin biirlinsel a¢idan yapilacak analizleri sonucu biiriinsel 6zelliklerin
¢ikarilmasiin yanisira Tilrkceye iligkin baska analizler (sozciiksel (lexical), s6zdizimsel (syntactic),
bicimbilgisel (morphological)) de yapilmis ve bulunan oOzellikler ile biirlinsel 6zelliklerin iliskisi
irdelenerek oOzellikle siniflandirma asamalarinda ciimle boliitleme uygulamalarinda performansin
arttirilmast  saglanmistir. Boylece oOzellikle Tiirkge icin gelistirilmis ve daha ileri dil isleme
uygulamalarinda kullanilabilecek bir altyap: hazirlanmis olmaktadir. Ayrica, pek ¢ok farkli kaynaktan
elde edilen veriler ile Tiirk¢e konusmaya iliskin veritabanlar olusturulacak, uygulanacak yontemlerin
gerektirdigi analizlerin yapilmasi sonucunda biiriinsel ve diger 6zellikleri ve bunlarin birbirleri ile
iligkilerini i¢eren veritabanlari olusturulmustur. Yontemlerin tiimiine iliskin cesitli basarim Slgiitleri
baz alinarak degerlendirmeler yapilmistir. Bdylece ozellikle Tiirk¢e konusma verileri i¢in ciimle
boliitleme uygulamalarina yonelik olarak bagarimda etken olan biiriinsel 6zelliklerin ortaya ¢ikarilmasi
saglanmigtir.

Bu projede uygulanacak yontemler, Tiirk¢e dil ailesinin igerisinde bulundugu ve yap1 olarak Tiirkge ile
bliyiik benzerlikler gosteren diger diller {izerinde yapilacak ¢aligmalara da referans olabilecektir.

1.2. Onceki Cahsmalar

Tiirk¢e’nin bicimbilgisel ve dilbilimsel yapisina iligkin belli basli ¢alismalar mevcut olmakla birlikte,
0zel olarak Tiirkge'nin biirlinsel oOzelliklerinin ¢ikarilmasi ve kullanilmasi konusunda yapilan
caligsmalar ise oldukc¢a smirlidir.

Tiirk¢e’nin bigimbilgisel yapisi ile ilgili olarak Tiirk¢e kelime yapilarinin iki tabanl bicimbilgisel
aciklanmasi, Tiirkce metinler icin derlem etiketleyicileri, Tiirk¢ce’de cilimlelerin ayrilmasinda
kullanilan yapilar gibi metin tabanli ¢alismalar gergeklestirilmistir (Oflazer ve digerleri, 1994; Oflazer
ve digerleri, 1995).

Tiirkge ile ilgili dilbilimsel olarak bazi biiriinsel 6zelliklerin incelendigi yayinlar bulunmaktadir (Sayl
ve digerleri, 2003; Oskay ve digerleri, 2001, Levi, 2002; Levi, 2001; Levi, 2005).

Literatiirde, 6zellikle diinya {izerinde birgok insanin konustugu ortak bir dil olmasi nedeniyle Ingilizce
ve yine say1 olarak ¢ok fazla insanin konustugu Arapca ve Cinge dillerinde ciimle boliitleme ve konu
boliitleme ile biiriinsel 6zelliklerin kullanildig1 bazi ¢calismalar mevcuttur.

Konugma akiginin (speech stream) kendisinin ele alindig1 climle boliitleme konusundaki ilk ¢aligmalar
konugma isaretinin kendisinde varolan ancak yaziya uyarlanamayan ozellikle vurgu, durak gibi
Ozelliklerin kullanilmasina yoneliktir. Hirschberg ve Grosz vurgu ve sdylem (discourse) yapisi
arasindaki iliski konusunda ¢alismis ve vurgu ozellikleri ile etiketlenen sdylem yapilar arasinda bir
bag oldugunu ortaya koymustur (Hirschberg ve digerleri, 1992).

Hirschberg ve Nakatani, sOylemin, metnin ve konusmanin birlikte kullanilmasi ile yapilan
boliitlemesinin sadece metin kullanilarak yapilan béliitlemeden daha iyi oldugunu gostermislerdir
(Hirschberg ve digerleri, 1996).

Ozellikle konusma isaretlerinde ciimle smirlarmin tespiti (ve benzer bigimde noktalama isaretleme)
otomatik konusma taniyicisi ¢ikiginin zenginlestirilmesi olarak ele alinmis ve bu konuda g¢alismalar
yapilmistir (Shriberg ve digerleri, 2000; Gotoh ve digerleri, 2000; Liu, Shriberg ve digerleri, 2005;
Roark ve digerleri, 2006).

Onceki yaklagimlarda bu islev i¢in hem text yada metin hem de biiriinsel &zelliklerin yararlanildigt
farkli siniflandiricilar (6rnegin, sakli Markov modelleri (HMM), maximum entropy gibi) kullanilarak
degerlendirmeler yapilmistir. Bu konuda yapilan diger bir proje ise Amerikan Savunma Bakanligi'na



bagl calisan Ileri Savunma Arastirmalari Projeleri Ajansi (DARPA-Defense Advanced Research
Projects Agency) EARS (Effective, Affordable, Reusable Speech-to-Text) programi igin
gelistirilmigtir. Bu projede, konugsmanin, otomatik bir bigimde iiretilen ciimle sinirlari, konugmacinin
konusmasina devam ederken durakladig1 ve bir sonraki kelime veya kalib1 diisiiniirken arada ¢ikardigi
“uhh, ah™ gibi sesleri ve doldurulmus kelimeler gibi yapisal bilgileri de igeren zengin bir bigimde
yaziya doniistlirilmesi konusunda 6zel ¢abalar harcanmustir.

Diger bir ¢alismada hem telefon konusma verileri iizerinde hem de radyo haber yayinlarma iliskin
konugma verileri {izerinde farkli modelleme yaklagimlar1 (saklt Markov modelleri, maximum entropy
ve conditional random fields) ve ¢esitli biiriinsel ve metinsel o6zellikler degerlendirilmistir (Liu,
Shriberg ve digerleri, 2005). Bir yeniden siralama (reranking) teknigi (Roark ve digerleri, 2006),
referans olarak kullandig1 (Liu, Shriberg ve digerleri, 2005) tarafindan verilen yontemden daha yiiksek
bir climle siur1 belirleme performansi gostermistir.

Ciimle boliitleme yontemleri telefon konugma verilerine uygulandiktan ve olumlu sonuglar alindiktan
sonra benzer yontemler bu defa igerisinde birgok kisinin yeraldig: toplanti konugma derlemleri igin de
uygulanmistir (Ang ve digerleri, 2005; Zimmermann ve digerleri, 2005).

Ciimle sinirlarinin bulundugu ve ¢ogunlukla metin tabanli benzer yaklasimlar sakli Markov
modellerinin  kullanilmas1 ile Cek¢e (Kolar ve digerleri, 2004) ye ve maximum entropy
siiflandiricilan kullanarak da Cince’ye uyarlanmiglardir (Zong ve digerleri, 2003; Liu ve digerleri,
2003).

Son zamanlarda yapilan calismalarda support vector machine, boosting ve maximum entropy
classifiers ile entropy tabanli siniflandiricilarin birlestirilmeleri ve bunlarin ¢ikislarinin da Sakli dil
modelleri ile biitiinlestirilmeleri ile Ingilizce, Arapca ve Cince icin oldukca belirgin gelistirimler
saglanmistir.

Konu boliitleme ile ilgili onceki ¢alismalar, genellikle sozciiksel 6zelliklerin kullaniminda
yogunlagsmistir. Buna 6rnek olarak kelime benzerliklerinin kullanildigi ¢aligmalar (Kozima, 1993),
ipucu kaliplarinin  kullanildig1 c¢alismalar (Passonneau, 1997), sozciiksel pencerelerin kosiniis
benzerliklerinin kullanildig1 caligmalar (Hearst, 1997) ve adaptif dil modellemenin kullanildig1
caligmalar (Beeferman ve digerleri, 1999) verilebilir.

Radyo haber yayinlarina iliskin konusma verilerinin konu boliitlemesi alaninda baska bir deyis ile
akustik Ozelliklerin kullanildig1 konu bdliitlemesi konusunda g¢aligmalar yapilmistir (Shriberg ve
digerleri, 2000; Tur ve digerleri, 2001).

Konusmanin konu initelerine otomatik olarak bdliitlenmesi igin hem biiriinsel hem de sozciiksel
ozelliklerin kullanildig1 olasiliksal bir model sunulmustur. Bu yaklasim, sakli Markov modelleri,
istatistiksel dil modellerini ve biiriin-tabanl karar aga¢ yapilarini birlestiren bir yaklagimdir. Sozciiksel
bilgi, konusma taniyicisindan, biirlinsel Ozellikler ise otomatik bir bicimde konusma dalga
bi¢cimlerinden elde edilmektedir. Bu calismanin sonucunda, biiriinsel modelin tek basina kelime
tabanli boliitlemeden {istlin oldugu ve hem biirlinsel hem de kelime tabanli bilgi kaynaklarmin
birlestirilmesi ile ¢ok daha iyi bir model olusturulabilecegi gosterilmistir (Tur ve digerleri, 2001).

Biiriinsel 6zelliklerin kelime bilgisi ile birlestirilerek bilgi ¢ikarimi (Hakkani-Tiir ve digerleri, 2005)
ve konu boliitlemesinde kullanildig1 ¢calismalar (Stolcke ve digerleri, 1999) da mevcuttur.

(Guz ve digerleri, 2007) Co-training ile biiriinsel ve sozciiksel bilgiyi kullanarak climle boliitleme
alaninda uygulamislardir.

10



Bu projede onerilen yontemler, Tiirkge konusma verilerine iliskin biiriinsel 6zelliklerin ortaya
¢ikarilmasimi ve climle boliitleme uygulamalarinda biiriinsel 6zelliklerin kullanilmasii saglamaya
doniiktiir. Bununla birlikte yapilan analizlerden elde edilen diger 6zellikler (bicimbilgisel, sozciiksel,
sozdizimsel vb.) ile bu o6zelliklerin biiriinsel 6zellikler ile iligskisi de incelenmistir. Ayrica Tiirkce
dilinin yapisindan kaynaklanan nedenlerden dolayi ozellikle karar aga¢ yapilari yerine boosting,
support vector machines, conditional random fields gibi farkli siniflandiricilar ile ¢alisilmustir.

Bu projede oOnerilen yontem ile Tiirkge konusma isaretlerinin pekcok yonden analiz edilmesi
saglanmig ve 6nemli bulgulara ulasilmistir.

Ozellikle metin tabanl yaklasimlardan farkli olarak Tiirkce konusma isaretlerinin (6rnegin radyo
haber yaymlarma iligkin konugma verilerinin) kendisinin kullanilmas1 ile, sorgulanabilen
uygulamalarin ve sistemlerin gelistirilmesi (konuyu Ozetleme veya belirli oOzelliklere gore
siniflandirma) ciimle boliitleme adimimin gergeklestirilmesi ile yapilmaktadir. Bu yapilirken diger
yontemlerden farkli olarak dilin biiriinsel 6zelliklerinin kullanilmasi saglanmaktadir.

Literatiirde 6zellikle climle ve konu boliitleme alaninda yapilan arastirmalarda ¢ogunlukla dile iliskin
sozciiksel bilginin kullanilmasina yonelik yontemlerin gelistirildigi goriilmektedir. Bu projede ise
climle boliitleme i¢in dncelikle biiriinsel bilginin ¢ikarilmasi ve kullanilmasi saglanmistir.

Ozellikle Tiirk¢e konusma isaretlerinin kullanilarak biiriinsel 6zelliklerin ¢ikarilmas1 ve bu 6zelliklerin
climle boliitleme gibi dil isleme alaninda pek ¢ok uygulamanin ilk adimina uygulanmis olmasi
projenin diger bir 6zgiin yoniinii olusturmaktadir.

Ayrica belirtilen Tiirk¢ce konusma veya audio isaretlerin oldukga basarili bir dilden bagimsiz otomatik
konugma taniyicisindan gecirilmesi, (SRI Decipher) Onerilen yontemin performansint ve
giivenilirligini arttiran bir 6zelliktir.

Bu islemler SRI Decipher konusma taniyicist iizerinde gerceklestirildigi gibi bagimsiz agik kaynak
kodlu yazilimlar (Hidden Markov Toolkit (HTK)) ilizerinde de gerceklestirildiginden gerek telif hakka,
gerekse daha sonradan yapilacak c¢alismalarda olusabilecek yazilim bagimliligt sézkonusu
olmamaktadir. Ayrica belirtilen agik kaynak kodlu yazilimlarin kullanilmasi, proje aragtirmacilari ve
baska arastirmacilar tarafindan daha sonradan sistem {izerinde yapilabilecek gelistirimler ve farkli ileri
uygulamalar (konu boliitleme vb. ) i¢cin de uygun ve ortak kullanima agik bir taban olusturmaktadir.

Bu projenin bir kisminda dzellikle Tiirkge‘nin bigimbilgisel yapisinin analizi konusunda daha 6nce
gerceklestirilen araglar da kullanilmaktadir.

Bu projede, Tiirkge’nin yapisindan kaynaklanan nedenler ile ilgili olarak biiyiik miktarlarda 6zellik
setleri ile calisilildigindan karar agac yapilart (decision trees) yerine boosting ve support vector
machine siiflandiricilar tercih edilmistir. Siiflandirma igleminde 6zellik olarak kelime n-gramlar da
kullanilmistir.

Ayrica farkli bir yaklasim olarak da ciimle boliitleme islemlerinde herbir ciimle veya konu smnir1 i¢in
sinir olma ve sinir olmama durumlarina goére ayri ayri siniflandirmanin yapilmasi ve bu yapilirken de
baglamsal (contextual) 6zelliklerin kullanilmasidir. Bu amacla boosting ve support vector machine
siiflandiricilar kullanilmagtir.

Tiirkce i¢in gerceklestirilen bu proje ile, biiriinsel 6zelliklerin ¢ikarilmasi ve kullanilmasi sonucu elde

edilen ciimle boliitleme yaklagimlarinin daha sonra tarafimizdan ve diger arastirmacilar tarafindan
yapilacak daha ileri dil isleme uygulamalari i¢in bir temel teskil etmesi amaglanmaktadir.
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2. GENEL BILGILER
2.1. Temel Tamimlamalar
2.1.1. Biiriin (prosody) ve biiriinsel (prosodic) 6zellikler

Biiriin genel olarak bir dilin vurgu, perde, tonlama, duraksama, vb. 6zelliklerini icerir. Bu ozellikler,
anlam fark:i yaratmaktan ¢ok, niyete veya isleve isaret eder. Soru sorulurken son hecelerin yiiksek bir
tonlamayla ifade edilmesi, keskin bir vurgunun kizginlik, yiiksek bir tininin kaygi ifade edebilmesi
buna birkag 6rnektir.

Konusma isaretlerinin otomatik konusma sistemleri tarafindan basit kelime dizilerine doniistiiriilmesi
sonucu konusma ile ilgili zamanlama ve perde yapilarina iliskin bilgiler veya 6zellikler kaybolur. Bu
yapilar (ve bu yapilara bagli kelimelerden bagimsiz diger 6zellikler) biiriin olarak adlandirilir. Tiim
dillerde biiriin, yapisal, anlamsal ve islevsel bilgiyi tasimaktadir. Biirlinsel 6zellikler veya ipuglar
(cues) dilin soylem yapisi ile iligkili olduklarindan o6zellikle gesitli bilgi ¢ikarilmasi (information
extraction) islevlerinde 6nemli bir rol oynamaktadir. Dilbiliminde, okuma ve aninda yapilan
monologlarin analizinde ve buna bagl islevlerde ciimleler ve paragraflar gibi bilgi birimlerinin
biiriinsel olarak isaretlenmedikleri gosterilmistir. Ingilizce’de ve ona benzer veya bagl dillerde
biiriinsel belirtegler olarak duraklar, perde araligindaki ve genligindeki degisim, genel perde egimi,
ezgi ve smir ton dagilimi ve konusma oranindaki degisim gibi &zellikler sayilabilir. Ornegin ciimle
veya paragraf sinirlari ile konu sinirlarinin her ikisi de bazi uzun duraklarin, tonda meydana gelen bir
diismenin ve perdenin yeniden diizenlenmesinin oldugu durumlarda isaretlenir. Bunlar sinir belirleme
veya igaretleme i¢in 6nemli gostergelerdir. Ayrica, biirlinsel Ozellikler dogasi geregi goreceli bir
bicimde kelimenin kimliginden etkilenmediginden, baska bir ifade ile kelimelerden bagimsiz
olduklarindan otomatik konusma sistemi ¢ikisini baz alan sozciiksel bilgi ¢ikarim ydntemlerinin
glirbiizliigiinii (robustness) gelistirmektedir.

2.1.2. Ciimle Boliitleme (Sentence Segmentation)

Asagida yeralan ornekte de goriilecegi lizere, insanlar tarafindan gergeklestirilen konusma sinyalinden
metine (text) ¢evirme iglemi-gevriyazi (transcription) sonunda elde edilen sonug ile otomatik konugma
sisteminin/konugma taniyicisinin (ASR-Automatic Speech Recognition system/speech recognizer)
girisinden uygulanan konusma sinyalinin metine doniistiiriilmesi sonucunda elde edilen ¢ikis arasinda
bazi farkliliklar olugmaktadir. Bilindigi iizere giiniimiizde kullanilmakta olan otomatik konusma
sistemlerinin ¢ikisindan elde edilen kelime dizileri bicimindeki metinler, noktalama isaretleri, biiyiik
kiiciik harf ayrimi, paragraf baslangict ve bitisi, konugmaci degisikligini gosterir belirtecler gibi
pekgok bilgiden eksik bir bi¢imde elde edilirler. Biitiin bu eksiklikler ayn1 zamanda climlelerin
boliitlenmemis oldugu gercegine de isaret eder.

Insan ¢evriyazimi (human transcription):

but uh i’m i i i think that you know i mean we always uh i mean i’ve i’ve had a a lot of good experiences
with uh with many many people especially where they’ve had uh extended family and i and an- i i kind of
see that that you know perhaps you know we may need to like get close to the family environment and and
get down to the values of you know i mean uh it’s money seems to be too big of an issue wi- with with with
with with what’s going on today

Otomatik Konusma Tanima sistemi ¢ikist (ASR output/machine transcription):

but um that that {uh i’m i i} i think that you know we {i mean} we always uh i mean i’ve i’ve had it there
{a} a lot of good experiences with the {uh} with many many people especially with have {where they’ve}
had extended family night and i and {an- i} i kind of see that that you know perhaps you know we may need
to like you’re {get} close to the family environment and in {and} get down to the values of you know i
mean no and {uh it’s} money seems to be too big of an issue we would {wi- with with with} with with
really was we would what’s going on today

12



Cogu zaman insanlar tarafindan el ile yapilan ¢evriyazilarin iglenmesinin ve okunmasinin dahi zor
olabilecegi durumlar diisiiniildiigiinde makineler tarafindan gergeklestirilen bu eksikligin éneminin
oldukga biiyiik oldugu gériilecektir. Ozellikle insanlar tarafindan konusma isaretlerinin aslina uygun
ve yukarida belirtilen tiim eksiklikleri karsilayacak bir bigimde metine ¢evrilmesi, emek yogun, dikkat
gerektiren ve oldukga pahali bir islevdir. Bu nedenle bu iglevlerin makineler tarafindan etkin bir
bicimde yapilmasina yonelik ¢alismalar hiz kazanmistir. Bu baglamda, 6zellikle ciimle boliitleme
konusu bu alanda yapilan pek ¢ok ileri arastirmaya (makine ile dilden dile ¢eviri, bilgi ¢ikarimi, konu
belirleme ve 6zetleme vb.) temel olusturmasi veya bu arastirmalarin ilk adimini olusturmasi agisindan
oldukc¢a d6nemli bir yere sahiptir.

Konusma isaretlerinden, climle béliitlemesi baska bir ifade ile konugsmanin ciimlelere ayrilmasi,
standart otomatik konusma taniyicilarindan ¢ikan yada bu taniyicilar tarafindan iiretilen ve iizerinde
bir islem yapilmamis/islenmemis kelime akisinin (word stream) zenginlestirilmesi (enrichment)
amaciyla yapilan bir igslemdir. Ciimle bdliitleme, ciimle sinirlarmin 6nceden belirlenmis olmasini
gerektiren yada varoldugunu varsayan ¢oziimleme (parsing), makine ¢evirimi (machine translation),
bilgi ¢ikarimi (information extraction) gibi konusma isleme ile ilgili daha ileri isleme adimlarinda 6zel
bir 6neme sahiptir. Burada ad1 belirtilen tiim ileri isleme adimlar1 ve daha pek ¢ok uygulamada ciimle
boliitlemesi ilk yapilacak iglemdir.

Ciimle boliitlemesi i¢in farkli bilgi kaynaklari dikkate alinmaktadir. En 6nemli bilgi kaynaklari,
otomatik konusma tanima biriminden gelen kelimeler dizisi ve komsu kelimeler arasindaki duraksama
stireleridir.

Ciimle boliitleme problemi, verilen bir Ozellik seti iizerinden siifin sonsal olasilik (posterior
probability) degerinin kestirimine gdre herbir kelime siniriin bir siif etiketi (climle sinir1 olan veya
climle smir1 olmayan) ile iliskilendirildigi bir ikili siniflandirma problemi olarak ele aliabilir.

Ciimle boliitleme igin, sdzciiksel ve duraksal 6zelliklerin birlesimi yada sdzciiksel, duraksal veya diger
biiriinsel 6zellikler kullanilabilir. Siniflandirma i¢in, boosting, maximum entropy ve Vektdr destek
makineleri (SVM-support vector machine) siniflandiricilart gibi farkli siniflandiricilart kullanmak
miimkiindiir. Burada ayrica belirtmek gerekmektedir ki, ciimle bdliitlemesi konu boliitlemesi igin
gerekli olan ilk adimdir.

Yukarida deginildigi iizere, ciimle boliitlemesi “climle smir1” (s) ve “ciimle sirt degil” (n)
kararlarinin smif olarak atandig bir ikili sinir siniflandirma problemi olarak ele alinabilir. Verilen bir
kelime akis1 veya dizisi ({w;, .., wy}) icin amag, smirlar ({e, .., ey}, ee {s,n}) i¢in siniflarm
kestirimidir. Burada (s;,i=1,..,N), w; ve w,, arasindaki sinirdir. Genellikle bu, sonsal olasiligin
P(s; =k |o;), ke{s,n} kestirimi icin simiflandiricinin egitilmesi ile yapilir. Burada o,, ler s, kelime
sinir1 igin 6zellik gbzlemleridir (feature observations).

Ideal durumda, smiflandiricinin karari en yiiksek olasilik degerine P(s; = k | o;) sahip siniftir. Bununla
birlikte, ciimle boliitleme islevinde ciimle smiri igin olasilik P(s, = s | o;), bir esik degeri (threshold) ile

karsilagtirilir. Bu esik degerinin {izerindeki olasilik degerlerinde karar ciimle sinir1 oldugu yoniinde,
aksi durumda ise ciimle siir1 olmadigi yoniinde verilmektedir.

Daha sonradan da goriilecegi lizere, farkli siniflandiricilar ve farkli degerlendirme 6lgiitleri igin en iyi
(optimal) esik degeri farklidir.
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konugma . i .
i§ar§eti Otomatik Konusma k:lglmle W; smir Wit
Tanima Sistemi $ <—— (boundary)
(Automatic Speech >
(sp eetlzh Recognition-ASR (word
signal) System) stream) -
Zamajd
(time)

Sekil 1. Ciimle boliitleme blok semast

Ciimle Boliitleme
(Sentence Segmentation)

l

after a | powerful earthquake hit last | night (pause) at | eleven we bring you live coverage

“——>

200ms 200ms 200ms 200ms

Sekil 2. Herbir kelime sinir1 igin 6zellik (duraklar vb.) ¢ikarim bolgeleri

2.1.3. Ozellik Dizaym (Feature Design): Biiriinsel ve sozciiksel 6zellikler simflandiricinin ciimle
sinirlarini temsil etmek i¢in kullandig1 6zelliklerdir. Sozciiksel ozellikler ilgilenilen siniri izleyen
kelime ile iki dnceki kelimenin n-gram larindan olugmaktadir. Biiriinsel 6zellikler ilgilenilen kelime
sinirinda yeralan iki kelime arasindaki durak siireleri ile konusmacinin sesine iliskin pitch ve enerji ile
ilgili degisik Olciimleri icermektedir. Dizayn edilen bu oOzellikler Oyle hesaplanmaktadirlar ki
ilgilenilen kelime sinirindan o6nceki ve sonraki pitch ve enerji degerlerinin farkin1i veya
karsilagtirmasini yapacak bigimde deger alirlar. Olgiilen bu degerler ilgilenilen kelime smirindaki
kelime bazinda oldugu kadar ¢ergeve bazinda da hesaplanmaktadirlar. Bu 6lgiimler bu araliklardaki
minimum, maksimum ve ortalama degerleri kapsamaktadir. Bazi 6zellikler ayni zamanda
konusmaciya gore normalize de edilmektedir.

14



3. GEREC VE YONTEM _
3.1. Ciimle Béliitleme icin Onerilen Yéntem

Otomatik konugma tanima sisteminin ¢ikisi, herhangi bir uygun noktalama ve harflerin biiyiik kii¢iik
olarak ayrilmadigi, genellikle ham yada islenmemis olarak ifade edilebilecek kelime dizisinden
olugsmaktadir. Ciimle boliitlemenin bu noktadaki amaci text yada metindeki ciimle smirlarinin tespit
edilmesidir. Bu sinirlarin belirlenmesinin yarari, insanlar tarafindan okunabilirligin arttirilmasi oldugu
kadar makineler tarafindan da kabul edilebilir biiyiikliikk birimlerinde olan verilerin iglenebilmesini
saglamaktir. Diger bir yarari ise, dilden dile yapilan otomatik makine ¢evriminde yeniden siralama
islemini gelistirmesidir. Bu anlamda bakildiginda daha ileri diizeyde yapilacak tiim islemlerde ciimle
boliitleme isleminin ilk adim oldugu sdylenebilir.

Bu projede ciimle boliitleme problemini bir ikili sinir siniflandirma problemi olarak ele alinmistir. Bu
nedenle, verilen bir kelime dizisi W ve ona bagl 6zelliklerin kullanilmasi ile her bir kelime sinirmin
tiiri bulunmaya calisilmistir. Ciimle boliitleme durumunda sinir tiirleri climle sinir1 olma ve cilimle
sinir1 olmama big¢iminde olmak iizere iki tlirdiir. Bizim temel yaklasimimiz, herbir sinir i¢in ayr1 ayri
siniflandirmanin yapilmasi ve bu yapilirken de baglamsal (contextual) 6zelliklerin kullanilmasidir. Bu
amagla boosting ve support vector machine siiflandiricilar: kullanilmigtir.

Bir diger yaklasim, dizi siniflandirma yontemi olup sakli dil modellerini (HELMs-Hidden Event
Language Models) kullanmaktir. Bu nedenle, kelime dizisinin kelimeler (w;) ve smirlardan (e;)
olusan bir dizi (..., w,_,e,;, w;,e;, Wi,1,€;,1,-..) Olmast gerektigi anlasilmalidir. Sinir tiirleri, sakli
olaylardir (hidden events) ( £;) ve her bir sinir ile iligkili 6zellikler F; dir. Burada sinirlarin Sekil 3.
deki bigram durumunda oldugu gibi bir Markov modeli (yada sonlu durum makinesi (finite-state
machine)) tarafindan {iretildigi veya tanindig1 varsayilmaktadir. Bir durum kelimeleri iiretir ve herbir
sakli olay i¢in bir durumumuz olup bu durumda ikinci durum ciimle sinir1 olma ve climle siniri
olmama ya iligkindir. Gegis olasiliklart egitme datasinin sakli olay formatindaki kelimeye
doniistlriilmesi ile kestirilirler. Daha sonra verilen diger kelime dizisi i¢in enyliksek birlesik olasilik
(maximum joint probability) degerine sahip kelimeler ve sinir tiirlerininden sakli olay dizisi
bulunmaktadir.

n: sinir degil
kelime
. W[ e,- Wi+1 ei+1 vee —p

ST siir

Sekil 3. Bigram model

Ciimle boliitlemenin amact verilen bir kelime dizisi ve biiriinsel 6zellik dizisi i¢in enyiiksek olasiliga
sahip sinir tiirleri dizisini ( £ ) bulmaktir.

E =argmax P(E|F,W) (1)
E
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P(E,F,W)

- il Sk Sl 24404 2
arg}li’nax POEW) (2)
=argmax P(E,F,W) 3)
E

Yukaridaki denklemde argmax dikkate alindiginda farkli £ degerleri igin P(F | W) sabit olup, gbzard1
edilebilir.

=argmax P(E,W)P(F | E,W) 4)
E
Yukaridaki denklemde P(E,W) olasiliklart egitim metninin bir kelime olay dizisine w, e, w,, e,, ...
doniistliriilmesi ve n-gram dil modeli olasiliklarinin hesaplanmast ile belirlenebilr.

P(F|E,W), asagida aciklandign gibi Py =(E;|F,W;) olasilik degerlerini iireten ayirdedici
smiflandiricilar kullanilarak hesaplanabilmektedir.

By (E; | F, W) P(E | W)

P(F,| E;,W;) = 5

(F | EW) TR ®)
Bu denklemde P(F; |W;) farkli E dizileri i¢in sabit olup goézardi edilebilir.

P(F, |W,) = Sabit (6)

Yukaridaki ifadelerde belirtildigi gibi P(E; |W,) degerlerine P(E;) ile yaklasilabilmektedir. Bu

projede ayni zamanda bu yaklasimin elimine edilmesi de ele alinmistir. Bu nedenle, ayirdedici
siniflandirict ¢ikislarindaki sonsal olasilik degerleri normalize edilmis olabilirlige doniistiiriilebilir ve
Sekil 3 de gosterildigi gibi s ve n durumlari i¢in durum gegis olasiliklari olarak kullanilabilirler.

Bu formiilasyon (Tur ve digerleri, 2001) calismasi ile benzerlikler gostermekle birlikte adi gecen
calismada durum gecis olasiliklarinin  hesaplanmasinda karar aga¢ (decision trees) yapilar
kullanilmistir. Burada yapilan calismada ise biiyiik miktarlarda 6zellik setleri ile calisildigindan
ayirdedici boosting ve support vector machine siniflandiricilar kullanilmis ve diger faydalart yaninda
smiflandirma boyunca 6zellik olarak kelime n-gramlar da kullanilmstir.

Bu yaklagim biirlinsel 6zellikler gibi diger 6zellik setleri F ile kolayca birlestirebilmekte ve verilen
kelimeler ve 6zellikler i¢in enyiiksek olasilig1 veren olaylarin olasiliklar: kestirilebilmektedir.

Daha sonra verilen olaylar ve kelimeler i¢in oOzelliklerin olasiliklarina ihtiyag duyulacaktir
P(E; | F;,W;). Bu olasiliklar boosting veya benzeri siniflandiricilar tarafindan elde edilmislerdir.

Smiflandirma islemi boyunca, sozciiksel, biiriinsel ve sozdizimsel ozellikler ile bunlarin n-gram
Ozelliklerde kombinasyonlar1 kullanilmistir. Sozciiksel Ozellikler kelime n-gram lardir. Biiriinsel
ozellikler hecelerin siirelerini ve duraklari, perde ve enerji ile ilgili 6zellikleri icermektedir ve bunlarin
karsilagtirilmasinda ¢esitli yollar mevcuttur. Sekil 1 de gosterildigi gibi zaman ekseninde kayan bir
kelime dizisi ele alindiginda, bu dizi igerisinde sinirdan 6nceki ve sinirdan sonraki kelimeler igin, bu
iki kelime arasindaki durak, perde ve enerji ile ilgili degerler ve bunlar arasindaki karsilastirmalar
hesaplanabilir.
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3.2. Yonteme iliskin Temel Adimlar
Asagida projenin gerceklenmesinde izlenen temel adimlar siralanmaktadir.

1. Veri Toplama ve Etiketleme (Data Collection and Annotation): Projenin baslangic donemlerinde
Bogazigi Universitesi'nden Tiirkge yaym haberlerine iliskin verilerin elde edilmesi konusu
arastirilmig, bunun yanisira diger kaynaklardan veri kaydedilmesi veya toplanmasina iligkin ¢aligmalar
yapilmustir. Bu veriler yaziya uyarlanarak ciimle sinirlari dikkate alinarak etiketlenmislerdir.

2. Zorlamali Hizalamalar (Forced Alignments): Insan eforu ile yada elle yaziya gevrilmis kisimlarm
audio dosya ile hizalanmasi yada {istiiste getirilmesi SRI-International’in Decipher otomatik konusma
taniyicisi tarafindan yapilmigtir. Sesbirimlerin (phone) ve kelimelerin baglangi¢ ve bitis siireleri tanima
araglart tarafindan firetilmislerdir. Bu bilgiler biiriinsel bilginin ¢ikarilmasinda kullanilmigtir.
Tantyiciy1 zorlamali hizalama modunda calistirmak igin, Tiirkge igin bir sOyleyis (pronunciation)
sozliigiinden ve Tiirkce isitimsel (acoustic) model den yararlanilmistir.

3. Bigimbilgisel Analiz (Morphological Analysis): Kelimelerin bigimbilgisel analizini yapabilmek igin
Sayin Prof. Dr. Kemal Oflazer’in araglart1 kullanilmistir. Bu araglar ayni zamanda
bi¢cimbirim/anlambirim (morpheme) ve tonlamaya iligkin (inflectional) grup smirlarimi da
isaretleyebilmektedir. Bunlar o6zellikle bigimbirim tabanli 0&zelliklerin ¢ikarilmasinda yararl
olmuslardir. Tanmiyict ¢ikisindaki sesbirimlerin baglangic ve bitis zamanlarindan bigimbirimlerin
baslangi¢ ve bitis zamanlar1 hesaplanmistir. Bazi kelimeler belirsizlikten (ambiguity) dolay1 birden
fazla bigimbirimsel analize sahiptirler. Ornegin “bakan” kelimesi devlet kademesindeki “bakan”
anlami ile yorumlanabilecegi gibi bakmak fiilini gerceklestiren o6zne (bak+an) olarak da
yorumlanabilecektir. Ozelliklerin hesaplanmasi sirasinda belirsizligin korunmasina devam edilmis ve
tiim ¢ogul versiyonlar igin biirlinsel 6zellikler kestirilmistir. Bu ozelliklere iligkin veritabani, daha
sonra Ornegin; diger yararli bilgilerin de birlestirilebilecegi biiriinsel 6zelliklerin kullanilmasi ile
bicimbirimsel agiklastirma (morphological disambiguation) i¢in kullanilabilmektedir.

4. Sozciiksel Ozelliklerin Hesaplanmas1 (Computation of Lexical Features): Herbir sinir icin dzellik
olarak kelime unigram lar (kelime sinirindan 6nceki ve sonraki kelime) ve bigram lar (smnir
cevreleyen kelimeler) ¢ikarilmistir. Ayrica, kelimelerin bigimbirimsel analizi ile ilgili islevlerden diger
ozelliklerin ¢ikarilmasi saglanmistir. Ornegin, bir kelimenin nihai kategori bilgisi fiil ise bu bilgi
climle boliitlemesi i¢in yararli olabilmektedir.

5. Biiriinsel Ozelliklerin Hesaplanmas1 (Computation of Prosodic Features): Zorlanmis hizalamalar,
audio dosyalar, Algemy ve PRAAT yazilimi ile kelime ve bigimbirim tabanl perde (pitch) ve enerji
iligkili biiriinsel 6zelliklerin ¢ikarilmasi ger¢eklenmistir.

6. Boliitleme Yontemi (Segmentation Method): Boosting ve support vector machine siniflandirma
yontemleri Sakli Dil Modelleri (HELMs-Hidden Event Language Models) ile birlestirilmislerdir.

7. Degerlendirme Yontemleri (Evaluation Methods): Ciimle boliitleme islemi igin ii¢ degerlendirme
Olciitii kullanilmistir. Bunlar; Siniflandirma hata orani (classification error rate), NIST-SU hata orani
(NIST-SU error rate) ve F-Olgiim (F-Measure) degerlendirme o6lgiitleridir. Smiflandirma hata orani,
tiim smuirlar igerisinde hatali siniflandilmis sinirlarin yiizdesi olarak tanimlanabilir. NIST-SU hata
orani, hatali smiflandirilmis sinirlarin - ciimle  sinirlarmin toplam  sayisina  orami  olarak
tanimlanmaktadir. F-Olgiim ise siniflandiricilar tarafindan ciimle sinirt olarak varsayilmis olma
bilgisinin insanlar tarafindan etiketlenmis bilgiye olan dogruluk ve duyarlik (precision) 6Slgiilerinin
harmonik ortalamasidir.
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Ayrica, yontemin performansi, sans ve referans system performanslari ile de karsilastirilmistir. Climle
boliitleme igin sans performansi tim siirlar ¢cogunluk sinifi olarak igaretlendigindeki performanstir.
Referans sistemi, sadece sozciiksel ve bigimbirimsel analiz ile ilgili 6zellikleri kullanan bir ciimle
boliitleme sistemi olarak ele alinmustir.

3.3. Yontemin Gerceklenmesine iliskin Detaylar
3.3.1. Tiirkce Konusma Verilerinin Hazirlanmasi

Projenin ilk 6 aylik doneminde proje caligma takviminde planlandigi gibi Oncelikle proje icin
belirlenen teknik (donanim ve yazilim) altyapinin kurulmasi islemleri gerceklestirilmistir. Bu
baglamda oncelikle bilgisayar sisteminin satin alinmasi ve kurulmasi, yazilimlarin yiikklenmesi ve ilk
etapta yapilacak isler sirasi ile gozden gegirilmistir. Ayrica projede ¢alisacak burslu dgrencinin tespit
edilebilmesine yonelik ¢alismalar yapilmastir.

Caligma takviminde 6ngoriilen veri toplama (data collection) ve etiketleme (annotation) konusunda
Bogazici Universitesi, Miihendislik Fakiiltesi, Elektrik-Elektronik Miihendisligi Béliimii, BUSIM
Speech Processing Group' olanaklarindan yararlanilmis ve 6zellikle 6gretim tiyesi saymn Yrd. Dog. Dr.
Murat Saraglar ve arastirma ekibinde bulunan sayin Siddika Parlak dan destek alinmistir. S6z konusu
veriler Bogazici Universitesi’nde bulunan BUSIM Speech Processing Group tarafindan kaydedilen ve
belirli projelerde iizerinde ¢alisilmakta olunan, Amerika’nin Sesi (Voice of America) Tiirk¢e Yayin
Bolimii® tarafindan hazirlanan Tiirkge radyo yaymi haberlerine iliskin konusma verilerinden
olusmaktadir. Bu veriler belirli gilinlerde kaydedilmis herbiri 30 dakikalik ve wav formatinda
kaydedilmis ¢ok sayida konusma dosyasindan olugsmaktadir. S6zii edilen konusma verilerine iliskin
asagida detaylari ile verilen degisik formatlarda dosyalar hazirlanmistir.

a) Amerika’nin Sesi Tirk¢e Yayin Boliimii’niin giinlik sabah ve aksam saatlerinde yapmis oldugu
yayinlardan kaydedilen konusma verileri audio (wav) formatinda 32kHz 6rnekleme frekansinda ve
16bit linear PCM de 6rneklenmislerdir.

b) Audio verilerin STM (segment time marks) baska bir deyis ile herbir zaman araligina
(frame/segment) iligkin baglangi¢c ve bitis zamanlar1 ile ona karsi gelen yazili metni (transcription)
iceren versiyonudur. Bu formatta hazirlanmig dosyalar ayni zamanda kaydedilen dosyanin adini,
konusmaciya iliskin bilgileri (speaker-id, native-non native, male-female), konusma kaydiin arka
plan bilgisi vb. bilgileri de icermektedir. Ayrica bu dosyalar kisiler tarafindan miimkiin olabildigi
Olciide noktalama isaretlerine uygun olarak metne doniistiirilmiiglerdir. Referans transkripsiyon
dosyalari olarak da adlandirilirlar. Bu dosyalar otomatik konugma taniyicisina iligkin ¢ikis dosyasi ile
karsilastirilarak otomatik konusma sisteminin performansinin dl¢iilmesinde de kullanilmaktadir.

¢) Audio verilere iligkin kelime (word-level) ve phoneme (phone-level) tabanli CTM (conversation
time mark) dosyalar1 hazirlanmistir. Bu dosyalar dosyanin adi, kanal sayisi ve kelime tabanli ise her
bir kelimenin baslangi¢ siiresini, kelimenin baglangi¢ ve bitis siireleri arasindaki toplam siire ile
s6zkonusu kelimenin metin bilgisini, phone tabanli ise herbir kelimeyi olusturan phone larin baglangi¢
ve toplam siireleri ile s6zkonusu phone larin metin bilgisini icermektedir. Belirtilen bu verilere iliskin
dosyalarin elde edilmesinin yanisira, otomatik konugma sistemine iligkin ¢ikis (asr-output) verilerinin
elde edilebilmesi de saglanmustir.

1
http://www.busim.ee.boun.edu.tr/
http://www.voanews.com/turkish/
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Elde edilen belirli sayidaki konusma verisine iliskin dosyalar iizerinde ¢alisilarak bunlarin miimkiin
oldugunca birbirleri ile eslestirilmeleri ve bazi hatalarin giderilmesine g¢aligilmigtir. Bu sayede
birbirleri ile eslestirilmis 1) wav, 2) stm, 3) kelime tabanli ctm ve 4) phone tabanli ctm formatinda
hazirlanmig tiim dosyalar1 mevcut olan toplam 42 adet farkli kayita iliskin dosyalar elde edilmistir. Bu
dosyalardan wav dosyalarinin herbiri 30 dakikalik ve tek kanal olarak kayit edilmis haber igerikli
konugma kayitlarini igermekte olup, verilerin toplami 21 saatlik bir veriye kars1 gelmektedir. Bir perl
kodu ile Ozellikle stm dosyalarindaki ciimlelere iliskin kelimeler tek tek elde edilerek ctm
dosyalarindaki kelimeler ile hizalanmislardir. Tespit edilen hatalar Bogazi¢i Universitesi BUSIM
Speech Processing Group ile paylasilmis ve bazi dosyalarin yeniden elde edilmesi saglanmugtir.
Projeye iligkin tiim iglemler bu dosyalar {izerinde gergeklestirilmistir.

Oncelikle referans dosyalarin (stm) kullanilmasi ile herbir dosyada yeralan herbir kelime igin ilgili
kelimenin ciimle sinir1 olup olmadigini (sentence boundary/non-stence boundary) belirleyen bir perl
kodu yazilmistir. Bu islemde, stm dosyalarinda yeralan kelimelerin sonunda nokta gibi climle sonunu
belirten noktalama isaretlerinin bulunmamasi durumunda, kelime simniri, climle sinir1 olmadigini
gosteren n etiketi ile (n: non-sentence boundary), bulunmasi durumunda ise ciimle smir1 oldugunu
gosteren s (s: sentence boundary) etiketi ile etiketlenmislerdir.

Yapilan bu islemler sonucunda belirlenen 42 adet dosyada toplam 127,915 adet kelime oldugu tespit
edilmistir. Sozciiksel, bigimbilgisel ve biirlinsel 6zellik ¢ikarimi (feature extraction) islemlerinden
sonra, elde edilen dosyalarin biiyiik bir kismi training set, bir kismi development set bir kismi ise test
set olarak ayrilmaktadirlar. Ozellikle ciimle béliitleme sistemimizin performansi bu development ve
test set tizerinde 6l¢iilmektedir.

3.3.2. Tiirk¢e’nin Bicimbilgisel Analizi (Morphological Analysis) ve Bicimbilgisel Ozelliklerin
(Morphological Features) Cikarilmasi:

Tiirkce ciimle 6ge siralamasinin serbest olarak kullanilabildigi (free-constituent language) bir dildir.
Bununla birlikte climle 6gelerinin (part of speech) tipik sirasi 6zellikle haber tarzinda konusma
tiirlerinde 6zne-nesne-yiiklem (SOV-subject-object-verb) bigimindedir.

Tiirkce’de “Cocuk yemek yedi” ciimlesini ele aldigimizda Ingilizce’deki karsiligi “The child ate the
meal” olacaktir. Dogru bir bigimde yapilan bi¢imbilgisel analiz;

cocuk: Noun+A3sg+Pnon+Nom (the child)
yemek: Noun+ A3sg+Pnon+Nom (the meal)
yedi: Verb+Pos(+dH)+Past+A3sg (ate)

bigiminde olacaktir.

Tiirkce, ¢cekimsel (inflectional) ve tiiretsel (derivational) sondan eklemelerin (suffixation) yapilabildigi
bitisken bir bigimbilgisine (agglutinative morphology) sahiptir (Oflazer, 1994). Bir kdkten ¢ok sayida
yeni kelime formu tiiretilebilir (Hankamer, 1989). Asagida verilen 6rnekte oldugu gibi, herhangi bir
ylklem, isim veya sifatin sonuna sadece 3 adet bi¢imbirim (morpheme) in sondan eklenmesi ile yeni
kelime formlart tiiretilebilmektedir (Hakkani-Tiir ve digerleri, 2002).

Tiirk¢e’de bicimbilgisel bilgi genel olarak asagida verilen bi¢imde gosterilebilir.

Root +1G; + DB + 1G, + DB + ... + “DB + 1G,
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Bu gosterimde ((Oflazer, 1999) den uyarlanarak) ¢ekimsel gruplar (IG-Inflectional Groups) tiiretsel
siirlart gostermekte ve tiiretsel sinirlar (DB-Derivational Boundaries) DB ile isaretlenmektedirler.
Bir kelimenin kok ve tiiretsel elemanlar farkli IG ler ile temsil edilebilmektedir. Herbir 1G; uygun bir
cekimsel oOzellik dizisini gostermektedir. Bu c¢ekimsel o6zelliklerin bazilar1 asagidaki gibi
listelenebilirler.

+Adj: adjective (sifat)

+Noun: noun (isim)

+Verb: verb (yiiklem)

+A3sg: 3rd person singular agreement (3. tekil sahis uyumu)

+P1sg: 1st person singular possesive agreement (1.tekil sahis iyelik (miilkiyet) uyumu)
+Pnon: no possessive agreement (iyelik uyumu bulunmamasi)

+Nom: nominative case (yalin durum)

+Past: past tense (gegmis zaman)

+Fut: future tense (gelecek zaman)

+FutPart: future participle (gelecek zaman ortag1)

Bir 6rnek olarak “yapabilecegim” kelimesini analiz edelim. Yapabilecegim kelimesi;
(yap) + (abil) + (ecek) + (im)
biciminde bi¢imbirimlerine ayirilabilmektedir.

Bu kelimeye iliskin potansiyel 3 farkli bigimbilgisel analiz yapilabilir. Bunlar;

1) (yap) yap+Verb+Pos(+yAbil)"DB+Verb+Able(+yAcAk)+Fut(+yHm)+Alsg
[I will be able to do it]

2) (yap) yap+Verb+Pos(+yAbil)*"DB+Verb+Able(+yAcAk)"DB+Adj+FutPart(+Hm)+P1sg
[The (thing that) I will be able to do]

3) (yap)
yap+Verb+Pos(+yAbil)*DB+Verb+Able(+yAcAk)"DB+Noun+FutPart+A3sg(+Hm)+P1sg+
Nom
[The one I will be able to do]

Bu 6rnekte, kdk bir yiiklem olmakla birlikte herbir analizin en sonunda yeralan ¢ekimsel gruplar (IG)
strast ile yiiklem (Verb), sifat (Adj) ve isimdir (Noun).

Tiirkge’de yeralan kelimeler yapi itibari ile bigimbilgisel olarak ayrilabilecek olasi ¢ok sayida
birimlerden (ciimlenin 6geleri) (POS-Part of Speech Tags) olusabildiginden istatistiksel modeller i¢in
oldukega ilging bir problem ortaya koymaktadir. Bu 6zellik, Tiirk¢e’nin oldukga iiretken ve tiiretsel bir
bicimbilgisel yapiya sahip olmasindan ileri gelmektedir.

Yaptigimiz bigimbilgisel analizler Sayin Prof. Dr. Kemal Oflazer’in (Oflazer, 1994) gelistirmis oldugu
bigimbilgisel analiz yapabilen araclar kullanilarak gergeklestirilmistir. Dizayn ettigimiz bigimbilgisel
ozellikler (morphological features) ise bu analizlerden sonra dizayn edilmislerdir. Big¢imbilgisel
ozellikler dizayn edilirken, sdzkonusu araglarin herbir kelime i¢in verdigi olasi tiim bi¢imbilgisel
olarak ayrilmig kisimlar kullanilmigtir (Bkz. Yukarida verilen 6rnek).

Gelistirdigimiz en 6nemli bigimbilgisel 6zelliklerden bir tanesi, modellerimizi basitlestirmek igin

kullandigimiz ve herbir kelimenin en sonunda yeralan c¢ekimsel gruplardir (IG ler). Bu gruplar
climledeki enson kategoriyi isaret etmektedir.
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Kelime-ifade belirsizligini (word-sense ambiguity) ¢oziimlemeksizin herbir kelimeye iliskin en son
¢ekimsel grup ile birlikte bigimbilgisel olasi ciimle 6geleri de (POS-Part of Speech Tags) elde
edilmistir.

Ciimle 6gelerinin etiketlerinin (Part of Speech Tags) 6zellik degeri olarak, eger kelime birden fazla
ayristirllmig kisim (parse) iceriyorsa bilinmeyen (unknown) olarak isaretlenmektedir. Ayrica, bir
kelimenin herhangi bir bicimbilgisel ayrisiminin final kategorisine gore yiiklem olup olmadigini
denetleyen bir baska iki durumlu bigimbilgisel 6zellik (binary feature) daha c¢ikarilmistir. Boylece bu
sayede Tirkce’nin SOV (subject, object, verb) dogasinin avantajinin kullanilmasi 6ngoriilmektedir.
Bu o6zelliklerden bagka herbir kelimenin son ii¢ harfini igeren bir bagka bigimbilgisel 6zellik daha
cikarilmistir (pseudo morphological features). Ingilizce’deki “ed” son ekine benzer bicimde Tiirkce de
de belirli son ekler yiikklem kategorisine isaret edebilmektedir. Bu durum, 6zellikle climle boliitleme
isleminde, climle sinirlarinin belirlenmesinde 6nemli bir ipucu olarak yarar saglamaktadir.

Ozellikle yiiklem bilgisi Tiirkce’nin bigimbilgisel analizinin getirdigi dilbilimsel agidan en 6nemli
Ozelliktir. Her ne kadar Tiirkge, kelime sirasinin serbestge kullanilabildigi bir dil olsa da, en sik
kullanilan 6ge siralamast SOV bigiminde olmaktadir. Ozellikle radyo haber yayinlarmda ve
Tiirkge’nin formal kullaniminda 6ge siralamasinin daima SOV bi¢iminde oldugu goriilmektedir. Bu
nedenle, 6zellikle, bigimbilgisel analizlerden biri yiiklem formunda ise bu durum ciimle sonunu isaret
eden en Onemli belirteglerden biri olmaktadir. Dolayis1 ile bu ipucu yada 6zellik, climle sinirlarinin
belirlenmesi, baska bir ifade ile ciimle bdliitlemesi i¢in oldukga yararh bir bilgiyi tagimaktadir.

3.3.3. Tiirk¢e Konusma Verilerinin Sézciiksel Ozelliklerinin (Lexical features) Cikarilmasi

Word n-grams: Verilen bir kelime dizisinden maksimum » adet kelimeden olusan alt diziler yada
kelime kombinasyonlaridir. Ornegin “word 3-grams” word triagrams olarak adlandirilir ve tekli, ikili,
ticlii kelime gruplarini igerir. Kullandigimiz s6zciiksel 6zellikler herbir kelime sinir1 i¢in olusturulmus
6 adet kelime n-gram oOzellikleridir. Bunlardan 3 adet unigram, 2 adet bigram ve 1 adet trigram
olusturulmustur. n-gramlar ciimle sinir1 olup olmadigi ile ilgilenilen kelime (current word), bir sonraki
kelime (next word) ve bir dnceki kelime (previous word) nin yanyana getirilmis kombinasyonlar ile
olusturulmaktadir (Cuendet ve digerleri, 2007). Perl dilinde yazilan bir kod ile Tiirk¢ce konusma
verilerine iliskin tiim kelimelerin sézciiksel 6zellikleri asagida verilen formatta ¢ikarilmistir.

6 adet sozcliksel ozellik asagida verilmektedir.

Unigram lar : {bir 6nceki (previous)}, {simdiki (current)}, {bir sonraki (next)}
Bigram lar : {simdiki, bir sonraki}, {bir dnceki, simdiki}

Trigram lar : {bir 6nceki, simdiki, bir sonraki}

Sozciiksel ozellikler agagida verilen formatta hazirlanmiglardir.

s, n : cimle sinir1, climle sinir1 degil (sentence : s, nonsentence boundary : n)

w : glincel yada ilgilenilen kelime (current word : wy)

wn : bir sonraki kelime (next word : w;.;)

wp : bir 6nceki kelime (previous word : w;.;)

wwn : guncel kelime ve bir sonraki kelime (current word and next word : w; , w;+;)

wwp : guncel kelime ve bir dnceki kelime (current word and previous word : w; , w;.;)

wpwwn :bir 6nceki kelime, gilincel kelime, birsonraki kelime (previous word, current word, next word:
Wis s Wiy Wits)

Burada w; ilgilenilen ciimle sinirindan 6nceki son kelimeyi isaret eder.
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Sozciiksel ozellikler (lexical features) (word n-grams)

S,n.

w: text.

wn: text.

wp: text.
wwn: text.
wwp:text.
wpwwn: text.

veya gercek formatta;

W,Wn,wp,wwn,wwp,wpwwn, boundary (s veya n).

Tiirkce konusma verileri icin olusturulmus sozciiksel (lexical) 6zelliklere bir 6rnek.
Ornek Ciimle: Buras1 Amerikanin sesi Tiirk¢e yaym béliimii Washington.
(burasl amerikanln sesi tUrkCe yayln bOIlUmU $washington.)

burasl,-,- burasl amerikanIn,amerikanIn,burasl amerikanln, - burasl, n.

amerikanln,burasl,burasl amerikanln sesi,sesi,amerikanln sesi, burasl amerikanln, n.
sesi,amerikanIn,amerikanin sesi tUrkCe,tUrkCe,sesi tUrkCe, amerikanln sesi, n.

tUrkCe,sesi,sesi tUrkCe yayIn,yayln,tUrkCe yaylIn, sesi tUrkCe, n.

yayIn,tUrkCe,tUrkCe yayIln bOlUmU,bOIUmU,yayIn bOlUmU, tUrkCe yayIn, n.
bOIUmMU,yayln,yayIn bOIlUmU $washington,$washington,bOlUmU $washington, yayIn bOIUmU, n.
$washington,bOlUmU,bOIUmU  $washington  bugUn,bugUn,$washington  bugUn, bOIUmU
$washington, s.

3.3.4. Tiirkce Konusma Verilerinin Biiriinsel Ozelliklerinin (Prosodic features) Cikarilmasi
Biiriin (prosody) genel olarak bir dilin vurgu, perde, tonlama, duraksama, vb. 6zelliklerini igerir. Bu
ozellikler, anlam farki yaratmaktan ¢ok, niyete veya isleve isaret eder. Soru sorulurken son hecelerin
yiiksek bir tonlamayla ifade edilmesi, keskin bir vurgunun kizginlik, yiiksek bir tinmnin kaygi ifade
edebilmesi buna birkag¢ ornektir.

Konusma isaretlerinin otomatik konusma sistemleri tarafindan basit kelime dizilerine doniistiiriilmesi
sonucu konusma ile ilgili zamanlama ve perde yapilarina iliskin bilgiler veya 6zellikler kaybolur. Bu
yapilar (ve bu yapilara bagli kelimelerden bagimsiz diger 6zellikler) biiriin olarak adlandirilir. Tiim
dillerde biiriin, yapisal, anlamsal ve islevsel bilgiyi tasimaktadir. Biiriinsel 6zellikler veya ipuglar1 dilin
sOylem yapisi ile iliskili olduklarindan &zellikle gesitli bilgi ¢ikarilmasi (information extraction)
islevlerinde onemli bir rol oynamaktadir. Dilbiliminde, okuma ve aninda yapilan monologlarin
analizinde ve buna bagli islevlerde climleler ve paragraflar gibi bilgi birimlerinin biiriinsel olarak
isaretlenmedikleri gosterilmistir. Ingilizce’de ve ona benzer veya bagli dillerde biiriinsel belirtecler
olarak duraklar, perde araligindaki ve genligindeki degisim, genel perde egimi, ezgi ve sinir ton
dagilimi ve konusma oranindaki degisim gibi 6zellikler sayilabilir. Ornegin ciimle veya paragraf
sinirlari ile konu simirlarinin her ikisi de bazi uzun duraklarin, tonda meydana gelen bir diismenin ve
perdenin yeniden diizenlenmesinin oldugu durumlarda isaretlenir. Bunlar sinir belirleme veya
isaretleme i¢in Onemli gostergelerdir. Ayrica, biiriinsel 6zellikler dogas1 geregi goreceli bir bigcimde
kelimenin kimliginden etkilenmediginden, bagka bir ifade ile kelimelerden bagimsiz olduklarindan
otomatik konusma sistemi ¢ikisin1 baz alan sodzciiksel bilgi ¢ikarim yodntemlerinin gilirbiizligiini
(robustness) gelistirmektedir. Biiriinsel 6zellikler ICSI+ nin ciimle boliitleme sisteminden transfer
edilmistir (Zimmermann ve digerleri, 2006).

Kullanilan biiriinsel 6zelliklerden bazilarina iliskin 6zet bilgiler asagida verilmistir.
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3.3.4.1. Algemy (SRI-International’in biiriinsel o6zellikleri hesaplama yazilimi) ve Temel
Biiriinsel Ozellikler
Biiriinsel 6zelliklerin tamami SRI-International tarafindan gelistirilen ve Algemy ad1 verilen Graphical
User Interface yapisindaki bir yazilim ile gerceklestirilmistir. Yazilima iliskin siniflandirilmis biiriinsel
ozellikler agagida verildigi gibidir.

* Durak Ozellikleri (pause features):

Araliktan 6nceki ve sonraki durak uzunluklar

= Siire Ozellikleri (duration features):

Araligin toplam siiresi

Araliktaki en yiiksek sesli harf (vowel) siiresi

= Pitch 6zellikleri:

Araliktaki bi¢imlendirilmis pitch in ortalama/enyiiksek/endiisiik degerleri

Araliktaki ilk/son pitch egimi. Egimin uzunlugu.

Araliktaki enyiiksek pozitif/negatif pitch egiminin degeri

= Enerji 6zellikleri (energy features)

Bigimlendirilmis enerjinin ilk/son egim degerleri

Araliktaki enyiiksek pozitif/negatif enerji egiminin degeri

£ Algemy: C:\Documents and Settings\lferrer. SPEECHWMy Documentsieclipse workspacelalgemylsnerfs.alg [BEE
fle Edit View Run Help

o @ L] ba -

D ~#Frames . ____| | [ plot

5w242938 29988|%|

Sw24293A 29996 it zoomouttorit[ ¢+

Sw/24 2938 29956 5[ T T T ? T T T T T T =

Sw24294R 29996 i

w24 2948 2 4 4 { { - { 5

£l I}

S/2. B i . il

22 s i @M 5 \ e % : w
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Sekil 4. Algemy Ana Menii
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Sekil 5. Bigimlendirilmis pitch (stylized pitch)

adt zoomautta it [ 4]« ][]

1.14 1.16 1.18 1.20 1.22 1.24 1.26 1.28 1.30 132

Sekil 6. Bigimlendirilmis enerji (stylized energy)

Ozelliklerin belirlenmesinde en basit yaklasim pitch ve enerji dagilimlarmin (pitch and energy
distributions) modellenmesidir. Ozellikler herbir frame i¢in, pitch in logaritmas1 log(pitch), enerjinin
logaritmas1 log(energy) ve sesli frame ler igin delta Ozellikleridir. Bu o&zellikler UBM-GMM
(Universal Bacground Model-Gaussian Mixture Models) ile modellenmektedir. Daha az basit olan bir
yaklagim da, pitch enerji ve isaret siirelerinin modellenmesidir. Bu yaklagimda pitch ve sayisal olarak
stireleri ile etiketlenmis pitch ve enerji izlerinin egimlerini agiklayan bir semboller dizisi yaratmaktir.
Bu ozellikler ayrik sakli Markov modelleri ile (DHMMs-Discrete Hidden Markov Models) ile
modellenmektedirler.
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Sekil 7. Pitch ve enerji izleri

Temel baz biiriinsel 6zellikler (Base prosodic features):

PAUSE DUR: Kelime smirindaki duragin siiresidir. Eger bu sinir dalga bicimleri arasindaki bir simur
ise, toplam durma siiresi, sinirdan 6nceki dalga bigiminde yeralan son kelimenin sonundan (ayni
konusmaciya iliskin konusmalar bazinda) sinirdan sonraki dalga bigiminde yeralan ilk kelimenin
baslangicina kadar olan siiredir. Eger dnceki (sonraki) dalga bigimi tiimiiyle sessiz bir dalga bi¢imi ise
o anki dalga bi¢imi i¢in ilk (son) durma siiresi oncekinin ilk g¢ercevesinden (bir sonrakinin son
cergevesine kadar) alinir.

PATTERN BOUNDARY: PATTERN_NEXT WORD ile birlestirilen PATTERN_WORD {in son “f”
veya “r” sinin PATTERN NEXT WORD iin ilk “f” veya “r” si arasindaki sinir. (PATTERN WORD:
Bu 6zellik; bir algalan egim, bir sessiz bdlge ve bir sinirdan dnceki kelimedeki yiikselen egimi temsil
eden “f”, “uv” ve “r” dizisi ile tanimlanir. Bu dizi min_frame_length den daha az ise stilize edilmis fO
dosyasindaki f ler, “r” ler veya “uv” ler atlanir. Daha uzun diziler sadece bir “f”, “r” ve “uv” ile temsil
edilir. Farkli egimli “f” veya “r”, dizileri “ff” veya “rr” ile temsil ettirilir.)

SLOPE_DIFF: Son non_zero (min_frame_length den uzun) kelime egimi ile bir sonraki kelimenin ilk
non zero (min_ frame length den wuzun) egimi arasindaki farktir. Eger min frame length
zamanlarindan daha ¢ok olusan non zero egime sahip olmayan kelimeler var ise bu ozellik “X”
degerine sahip olur.

PAU DUR PREV: Bir 6nceki sinira iligkin degerler olup, PAU_DUR agiklamasimin aynis1 gegerlidir.
rp: gergek durak (real pause)

f0 (fundamental frequency) temelli baz1 6zellikler (f0 derived features):

Onceki ve sonraki kelimelerin maksimum ve minimum degerlerinin oraninin logaritmasina iliskin
ozellikler:

FOK_WRD_DIFF _HIHI N=log(MAX PWLFIT FO0/MAX PWLFIT F0O NEXT)

FOK_WRD DIFF HILO N=log(MAX PWLFIT FO/MIN PWLFIT FO NEXT)

FOK_WRD DIFF LOLO N=log(MIN_PWLFIT FO/MIN PWLFIT FO NEXT)
FOK_WRD_DIFF_LOHI N=log(MIN_PWLFIT F0/MAX PWLFIT F0 NEXT)

FOK_WRD DIFF MNMN N=log(MEAN PWLFIT FO0/MEAN PWLFIT FO NEXT)

Bu ifadelerdeki MAX PWLFIT FO, MAX PWLFIT FO NEXT, MIN PWLFIT FO,
MIN_PWLFIT FO NEXT, MEAN PWLFIT FOve MEAN PWLFIT FO NEXT degerlerinin timii
fO (fundamental frequency) degerleridir.

Ug kelimelerdeki pitch degerlerinin oraninin logaritmasina iliskin bazi 6zellikler:

FOK_WRD DIFF BEGBEG=log(FIRST PWLFIT FO/FIRST PWLFIT FO NEXT)

FOK_ WRD DIFF ENDBEG=log(LAST PWLFIT FO/FIRST PWLFIT FO NEXT)
FOK_INWRD_DIFF=log(FIRST PWLFIT FO0/LAST PWLFIT FO0)

Bu ifadelerdeki FIRST PWLFIT FO, LAST PWLFIT FO, FIRST PWLFIT FO NEXT degerleri fO
(fundamental frequency) degerleridir.
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Egimdeki normalizasyonlara iliskin 6zellikler:

SLOPE DIFF N: SLOPE DIFF /SPKR FEAT SD SLOPE

LAST SLOPE N: LAST SLOPE/LAST PWLFIT FO

Bu ifadelerdeki SLOPE DIFF, LAST SLOPE ve LAST PWLFIT FO {0 6zellikleridir.
SPKR FEAT SD SLOPE ise konusmaci (speaker) temelli 6zelliklerden biridir.

Biiriinsel ézellikler (prosodic features) den bazilar1

s,n.
PAUSE DUR: continuous.

PATTERN BOUNDARY: X, f+f, f+r, r+f, r+r.
ENERGY PATTERN BOUNDARY: X, f+f, f+r, r+f, r+r.
SLOPE DIFF: continuous.

ENERGY_ SLOPE DIFF: continuous.
SLOPE_LAST: continuous.
ENERGY_SLOPE_LAST: continuous.
SLOPE_LAST N: continuous.
ENERGY_SLOPE LAST N: continuous.
WRD_FOK DIFF _HIHI N: continuous.
WRD_ENERGY_DIFF HIHI N: continuous.
WRD_FOK DIFF HILO N: continuous.
WRD_ENERGY DIFF HILO N: continuous.
WRD_ FOK DIFF LOLO N: continuous.
WRD_ENERGY DIFF LOLO N:continuous.
WRD_FOK DIFF LOHI N: continuous.

WRD ENERGY_ DIFF LOHI N: continuous.
FOK_WIN DIFF _HIHI N: continuous.
ENERGY_WIN_DIFF _HIHI N: continuous.
FOK_WIN_DIFF _HILO N: continuous.
ENERGY_WIN DIFF HILO N: continuous.
FOK_WIN_ DIFF LOLO_N: continuous.
ENERGY_ WIN DIFF LOLO N:continuous.
FOK_WIN DIFF LOHI N: continuous.
ENERGY_ WIN DIFF LOHI N: continuous.
WRD_FOK DIFF MNMN_N: continuous.
WRD_ENERGY DIFF MNMN N: continuous.
FOK WRD DIFF BEGBEG: continuous.
ENERGY_WRD_DIFF BEGBEG: continuous.
FOK_WRD DIFF_ENDBEG: continuous.
ENERGY_WRD_DIFF ENDBEG: continuous.
FOK_INWRD_DIFF:continuous.
ENERGY_INWRD DIFF: continuous.

PAU DUR PREV:continuous.

rp: continuous.
Veya gergek formatta;

PAUSE DUR,PATTERN BOUNDARY, ENERGY PATTERN BOUNDARY, SLOPE_DIFF,
ENERGY_SLOPE_DIFF, SLOPE_LAST, ENERGY_SLOPE_LAST, SLOPE_LAST N,
ENERGY SLOPE_LAST N, WRD_FOK_DIFF_HIHI N, WRD_ENERGY_DIFF_HIHI N,
WRD_FOK_DIFF_HILO N, WRD_ENERGY_DIFF_HILO N, WRD FOK_DIFF_LOLO N,
WRD_ENERGY_DIFF_LOLO N, WRD FOK_DIFF_LOHI_N, WRD_ENERGY_DIFF_LOHI N,
FOK_WIN_DIFF_HIHI N, ENERGY WIN_DIFF_HIHI N, FOK_WIN_DIFF_HILO N,
ENERGY WIN DIFF HILO N, FOK WIN DIFF LOLO N, ENERGY WIN DIFF LOLO N,
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FOK_WIN _DIFF_LOHI N, ENERGY_ WIN DIFF _LOHI N, WRD_FOK DIFF_MNMN N,
WRD_ENERGY_ DIFF_ MNMN N, FOK_ WRD DIFF _BEGBEG, ENERGY WRD_ DIFF BEGBEG,
FOK_WRD_DIFF_ENDBEG, ENERGY WRD DIFF_ENDBEG, FOK_ INWRD_DIFF,

ENERGY INWRD DIFF, PAU DUR PREV,....... , Ip, boundary (s veya n).

Biiriinsel (prosodic ) ve Sozciiksel (lexical) 6zellikler birarada

s,
PAUSE _DUR: continuous.
PATTERN_BOUNDARY: X, f+f, f+r, r+f, r+r.
ENERGY PATTERN BOUNDARY: X, f+f, ftr, r+f, r+r.
SLOPE DIFF: continuous.
ENERGY_SLOPE DIFF: continuous.

SLOPE LAST: continuous.

ENERGY SLOPE LAST: continuous.

SLOPE LAST N: continuous.
ENERGY_SLOPE LAST N: continuous.
WRD FOK DIFF _HIHI N: continuous.

WRD _ENERGY_DIFF HIHI N: continuous.
WRD_FOK DIFF _HILO_ N: continuous.
WRD_ENERGY_DIFF _HILO_ N: continuous.
WRD_FOK DIFF LOLO_N: continuous.
WRD_ENERGY DIFF LOLO N:continuous.
WRD_FOK DIFF LOHI N: continuous.
WRD_ENERGY DIFF LOHI N: continuous.
FOK WIN DIFF HIHI N: continuous.
ENERGY_ WIN DIFF HIHI N: continuous.
FOK_ WIN DIFF HILO N: continuous.
ENERGY_ WIN DIFF HILO N: continuous.
FOK_WIN DIFF LOLO N: continuous.
ENERGY_ WIN DIFF LOLO N:continuous.
FOK_WIN_DIFF _LOHI N: continuous.
ENERGY_WIN_DIFF LOHI N: continuous.
WRD_FOK DIFF MNMN_N: continuous.
WRD_ENERGY DIFF MNMN N: continuous.
FOK_WRD_ DIFF BEGBEG: continuous.
ENERGY WRD DIFF BEGBEG: continuous.
FOK_WRD DIFF ENDBEG: continuous.
ENERGY WRD DIFF ENDBEG: continuous.
FOK_INWRD_DIFF:continuous.

ENERGY _INWRD DIFF: continuous.

PAU _DUR_PREV:continuous.

rp: continuous.
w: text.

wn: text.

wp: text.
wwn: text.
wwp:text.
wpwwn: text.

Veya gergek formatta;
PAUSE DUR, PATTERN BOUNDARY, ENERGY PATTERN BOUNDARY,

SLOPE_DIFF,ENERGY_SLOPE_DIFF, SLOPE_LAST,ENERGY SLOPE_LAST, SLOPE_LAST N,
ENERGY SLOPE LAST N, WRD FOK DIFF HIHI N, WRD ENERGY DIFF HIHI N,
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WRD FOK DIFF_HILO N, WRD ENERGY DIFF HILO N, WRD FOK DIFF LOLO N,

WRD ENERGY DIFF LOLO N,

WRD FOK DIFF LOHI N, WRD ENERGY DIFF LOHI N,FOK WIN DIFF HIHI N,
ENERGY_ WIN DIFF HIHI N, FOK WIN DIFF HILO N, ENERGY_ WIN DIFF HILO N,

FOK_WIN DIFF LOLO N,

ENERGY_ WIN DIFF LOLO N, FOK WIN DIFF LOHI N, ENERGY_ WIN DIFF LOHI N,

WRD_ FOK DIFF_ MNMN N, WRD ENERGY_DIFF MNMN N, FOK_ WRD DIFF BEGBEQG,
ENERGY_ WRD DIFF BEGBEG, FOK_ WRD DIFF _ENDBEG, ENERGY_ WRD_ DIFF_ENDBEQG,
FOK_INWRD_DIFF, ENERGY_ INWRD DIFF, PAU DUR PREV, ....... , Ip, W, Wn, Wp, Wwn, Wwp, Wpwwn,
boundary (s veya n).

Tiirkce konusma verileri i¢in olusturulmus biiriinsel (prosodic) 6zelliklere bir 6rnek
Ornek Ciimle: Burasi Amerikanin sesi Tiirk¢e yayin boliimii Washington.
(burasl amerikanlIn sesi tUrkCe yayln bOlUmU $washington.)

Ozellik isimleri (prosodic.names dosyasi)

n,s.

ENERGY_DIFF_ENDBEG:continuous.
ENERGY_DIFF FIRSTNEXT KBASELN:continuous.

ENERGY_ DIFF LAST KBASELN:continuous.

ENERGY_ FIRSTNEXT SLOPE:continuous.

ENERGY_ FIRSTNEXT SLOPE_N:continuous.
ENERGY LAST SLOPE:continuous.

ENERGY LAST SLOPE N:continuous.

ENERGY LR FIRSTNEXT KBASELN:continuous.

ENERGY LR LAST KBASELN:continuous.

ENERGY PATTERN BOUNDARY: :text.

ENERGY PREVWIN20 NEXTWIN20 DIFF BEGBEG:continuous.
ENERGY_PREVWIN20 NEXTWIN20 DIFF MINNEXT KBASELN:continuous.
ENERGY_ PREVWIN20 NEXTWIN20 DIFF MIN KBASELN:continuous.
ENERGY_ PREVWIN20 NEXTWIN20 HIHI N:continuous.

ENERGY PREVWIN20 NEXTWIN20 HIHI NG:continuous.

ENERGY PREVWIN20 NEXTWIN20 HILO N:continuous.

ENERGY PREVWIN20 NEXTWIN20 HILO NG:continuous.

ENERGY PREVWIN20 NEXTWIN20 INWRD DIFF:continuous.
ENERGY PREVWIN20 NEXTWIN20 LOHI N:continuous.

ENERGY PREVWIN20 NEXTWIN20 LOHI NG:continuous.

ENERGY PREVWIN20 NEXTWIN20 LOLO N:continuous.

ENERGY PREVWIN20 NEXTWIN20 LOLO NG:continuous.

ENERGY PREVWIN20 NEXTWIN20 LR MINNEXT KBASELN:continuous.
ENERGY_ PREVWIN20 NEXTWIN20 LR MIN KBASELN:continuous.
ENERGY_ PREVWINS0 NEXTWINS0 DIFF BEGBEG:continuous.
ENERGY PREVWINS0 NEXTWINS0 DIFF MINNEXT KBASELN:continuous.
ENERGY_ PREVWINS50 NEXTWINS50 DIFF MIN KBASELN:continuous.
ENERGY PREVWINS0 NEXTWINS0 HIHI N:continuous.

ENERGY PREVWINS50 NEXTWINS0 HIHI NG:continuous.

ENERGY PREVWINS0 NEXTWINS0 HILO N:continuous.

ENERGY PREVWINS0 NEXTWINS0 HILO NG:continuous.

ENERGY PREVWINS50 NEXTWINS50 INWRD_ DIFF:continuous.
ENERGY PREVWINS50 NEXTWINS0 LOHI N:continuous.

ENERGY PREVWINS0 NEXTWINS50 LOHI NG:continuous.

ENERGY PREVWINS0 NEXTWINS0 LOLO_N:continuous.
ENERGY_PREVWINS0 NEXTWINS0 LOLO NG:continuous.

ENERGY_ PREVWINS0 NEXTWINS0 LR MINNEXT KBASELN:continuous.
ENERGY_ PREVWINS0 NEXTWINS0 LR MIN KBASELN:continuous.
ENERGY PREVWRDI1 NEXTWRDI DIFF BEGBEG:continuous.
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ENERGY PREVWRDI1 NEXTWRDI1 DIFF MINNEXT KBASELN:continuous.
ENERGY_ PREVWRD! NEXTWRDI1 DIFF MIN KBASELN:continuous.
ENERGY PREVWRDI1 NEXTWRD1 HIHI N:continuous.

ENERGY PREVWRDI1 NEXTWRDI1 HIHI NG:continuous.

ENERGY PREVWRDI1 NEXTWRDI1 HILO_ N:continuous.

ENERGY PREVWRDI1 NEXTWRD1 HILO NG:continuous.

ENERGY PREVWRDI NEXTWRDI1 INWRD DIFF:continuous.

ENERGY PREVWRDI1 NEXTWRDI1 LOHI N:continuous.

ENERGY PREVWRDI NEXTWRDI1 LOHI NG:continuous.

ENERGY PREVWRDI NEXTWRDI1 LOLO N:continuous.

ENERGY PREVWRDI NEXTWRDI LOLO NG:continuous.

ENERGY PREVWRDI1 NEXTWRDI1 LR MINNEXT KBASELN:continuous.
ENERGY_PREVWRD1 NEXTWRDI1 LR MIN KBASELN:continuous.
ENERGY_ PREVWRD2 NEXTWRD2 DIFF BEGBEG:continuous.
ENERGY_PREVWRD2 NEXTWRD2 DIFF MINNEXT KBASELN:continuous.
ENERGY PREVWRD2 NEXTWRD2 DIFF MIN KBASELN:continuous.
ENERGY PREVWRD2 NEXTWRD2 HIHI N:continuous.

ENERGY PREVWRD2 NEXTWRD2 HIHI NG:continuous.

ENERGY PREVWRD2 NEXTWRD2 HILO N:continuous.

ENERGY PREVWRD2 NEXTWRD2 HILO NG:continuous.

ENERGY PREVWRD2 NEXTWRD2 INWRD DIFF:continuous.

ENERGY PREVWRD2 NEXTWRD2 LOHI N:continuous.

ENERGY PREVWRD2 NEXTWRD2 LOHI NG:continuous.

ENERGY PREVWRD2 NEXTWRD2 LOLO_N:continuous.

ENERGY PREVWRD2 NEXTWRD2 LOLO_NG:continuous.

ENERGY PREVWRD2 NEXTWRD2 LR MINNEXT KBASELN:continuous.
ENERGY PREVWRD2 NEXTWRD2 LR MIN KBASELN:continuous.
ENERGY_SLOPE DIFF:continuous.

FOK DIFF_ENDBEG:continuous.

FOK DIFF FIRSTNEXT KBASELN:continuous.

FOK DIFF LAST KBASELN:continuous.

FOK_FIRSTNEXT SLOPE:continuous.

FOK_FIRSTNEXT SLOPE_N:continuous.

FOK_LAST_ SLOPE:continuous.

FOK _LAST SLOPE_N:continuous.

FOK LR FIRSTNEXT KBASELN:continuous.

FOK LR LAST KBASELN:continuous.

FOK_PATTERN_BOUNDARY :text.

FOK PREVWIN20 NEXTWIN20 DIFF BEGBEG:continuous.

FOK PREVWIN20 NEXTWIN20 DIFF MINNEXT KBASELN:continuous.
FOK PREVWIN20 NEXTWIN20 DIFF MIN KBASELN:continuous.

FOK PREVWIN20 NEXTWIN20 HIHI N:continuous.

FOK PREVWIN20 NEXTWIN20 HIHI NG:continuous.

FOK PREVWIN20 NEXTWIN20 HILO N:continuous.

FOK PREVWIN20 NEXTWIN20 HILO NG:continuous.

FOK PREVWIN20 NEXTWIN20 INWRD DIFF:continuous.
FOK_PREVWIN20 NEXTWIN20 LOHI N:continuous.

FOK_PREVWIN20 NEXTWIN20 LOHI NG:continuous.
FOK_PREVWIN20 NEXTWIN20 LOLO_N:continuous.

FOK PREVWIN20 NEXTWIN20 LOLO NG:continuous.

FOK PREVWIN20 NEXTWIN20 LR MINNEXT KBASELN:continuous.
FOK PREVWIN20 NEXTWIN20 LR MIN KBASELN:continuous.

FOK PREVWINS0 NEXTWINS0 DIFF BEGBEG:continuous.

FOK PREVWINS50 NEXTWINS50 DIFF MINNEXT KBASELN:continuous.
FOK PREVWINS50 NEXTWINS50 DIFF MIN KBASELN:continuous.

FOK PREVWINS50 NEXTWINS50 HIHI N:continuous.

FOK PREVWINS50 NEXTWINS50 HIHI NG:continuous.

FOK PREVWINS50 NEXTWINS50 HILO N:continuous.
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FOK PREVWIN50 NEXTWINS50 HILO NG:continuous.
FOK_PREVWINS50 NEXTWINS50 INWRD DIFF:continuous.
FOK_PREVWINS50 NEXTWINS50 LOHI N:continuous.

FOK PREVWINS0 NEXTWINS0 LOHI NG:continuous.

FOK PREVWINS50 NEXTWINS0 LOLO N:continuous.

FOK PREVWINS0 NEXTWINS50 LOLO NG:continuous.

FOK PREVWINS0 NEXTWIN50 LR MINNEXT KBASELN:continuous.
FOK PREVWINS0 NEXTWINS50 LR MIN KBASELN:continuous.

FOK PREVWRDI1 NEXTWRDI1 DIFF BEGBEG:continuous.

FOK PREVWRD1 NEXTWRDI1 DIFF MINNEXT KBASELN:continuous.
FOK PREVWRD1 NEXTWRDI1 DIFF MIN KBASELN:continuous.

FOK PREVWRD1 NEXTWRDI1 HIHI N:continuous.

FOK PREVWRD1 NEXTWRDI1 HIHI NG:continuous.

FOK PREVWRD1 NEXTWRD1 HILO N:continuous.

FOK PREVWRD1 NEXTWRDI1 HILO NG:continuous.

FOK PREVWRD1 NEXTWRDI INWRD DIFF:continuous.

FOK PREVWRDI1 NEXTWRDI LOHI N:continuous.

FOK PREVWRDI1 NEXTWRDI LOHI NG:continuous.

FOK PREVWRD1 NEXTWRD1 LOLO_N:continuous.

FOK PREVWRD1 NEXTWRD1 LOLO_NG:continuous.

FOK PREVWRD1 NEXTWRD1 LR MINNEXT KBASELN:continuous.
FOK PREVWRD1 NEXTWRD1 LR MIN KBASELN:continuous.

FOK PREVWRD2 NEXTWRD2 DIFF BEGBEG:continuous.
FOK_PREVWRD2 NEXTWRD2 DIFF MINNEXT KBASELN:continuous.
FOK_PREVWRD2 NEXTWRD2 DIFF MIN KBASELN:continuous.
FOK_PREVWRD2 NEXTWRD2 HIHI N:continuous.

FOK PREVWRD2 NEXTWRD2 HIHI NG:continuous.

FOK PREVWRD2 NEXTWRD2 HILO N:continuous.

FOK PREVWRD2 NEXTWRD2 HILO NG:continuous.

FOK PREVWRD2 NEXTWRD2 INWRD DIFF:continuous.

FOK PREVWRD2 NEXTWRD2 LOHI N:continuous.

FOK PREVWRD2 NEXTWRD2 LOHI NG:continuous.

FOK_ PREVWRD2 NEXTWRD2 LOLO_N:continuous.

FOK_ PREVWRD2 NEXTWRD2 LOLO_NG:continuous.

FOK PREVWRD2 NEXTWRD2 LR MINNEXT KBASELN:continuous.
FOK_ PREVWRD2 NEXTWRD2 LR MIN KBASELN:continuous.
FOK_SLOPE_DIFF:continuous.

PAU_DUR:continuous.

PAU DUR 2PREV:continuous.

PAU DUR NEXT:continuous.

PAU DUR PREV:continuous.

PREVWIN20 ENERGY NEXTWIN20 DIFF MEAN KBASELN:continuous.
PREVWIN20 ENERGY NEXTWIN20 DIFF MNMN_N:continuous.
PREVWIN20 ENERGY NEXTWIN20 DIFF MNMN_ NG:continuous.
PREVWIN20 ENERGY NEXTWIN20 LR MEAN KBASELN:continuous.
PREVWIN20 ENERGY NEXTWIN20 ZRANGE MEANNEXT KBASELN:continuous.
PREVWIN20 ENERGY NEXTWIN20 ZRANGE MEAN KBASELN:continuous.
PREVWIN20 FOK NEXTWIN20 DIFF MEAN KBASELN:continuous.
PREVWIN20 FOK NEXTWIN20 DIFF MNMN_N:continuous.

PREVWIN20 FOK NEXTWIN20 DIFF MNMN NG:continuous.
PREVWIN20 FOK NEXTWIN20 LR MEAN KBASELN:continuous.
PREVWIN20 FOK NEXTWIN20 ZRANGE MEANNEXT KBASELN:continuous.
PREVWIN20 FOK NEXTWIN20 ZRANGE MEAN KBASELN:continuous.
PREVWINS50 ENERGY NEXTWINS0 DIFF MEAN KBASELN:continuous.
PREVWINS50 ENERGY NEXTWINS0 DIFF MNMN_N:continuous.
PREVWINS50 ENERGY NEXTWINS50 DIFF MNMN_ NG:continuous.
PREVWINS50 ENERGY NEXTWINS0 LR MEAN KBASELN:continuous.
PREVWIN50 ENERGY NEXTWINS50 ZRANGE MEANNEXT KBASELN:continuous.
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PREVWIN50 ENERGY NEXTWINS50 ZRANGE MEAN KBASELN:continuous.
PREVWINS50 FOK NEXTWINS50 DIFF MEAN KBASELN:continuous.
PREVWINS50 FOK NEXTWINS50 DIFF MNMN N:continuous.

PREVWIN50 FOK NEXTWIN50 DIFF_ MNMN_NG:continuous.

PREVWINS0 FOK NEXTWINS0 LR MEAN KBASELN:continuous.
PREVWIN50 FOK NEXTWIN50 ZRANGE MEANNEXT KBASELN:continuous.
PREVWIN50 FOK NEXTWIN50 ZRANGE MEAN KBASELN:continuous.
PREVWRDI ENERGY NEXTWRDI DIFF MEAN KBASELN:continuous.
PREVWRDI _ENERGY NEXTWRDI DIFF MNMN N:continuous.

PREVWRDI1 ENERGY NEXTWRDI DIFF MNMN NG:continuous.
PREVWRDI1 ENERGY NEXTWRDI LR MEAN KBASELN:continuous.
PREVWRDI1 ENERGY NEXTWRDI1 ZRANGE MEANNEXT KBASELN:continuous.
PREVWRDI1 ENERGY NEXTWRD1 ZRANGE MEAN KBASELN:continuous.
PREVWRD1 FOK NEXTWRDI1 DIFF MEAN KBASELN:continuous.
PREVWRD1 FOK NEXTWRDI1 DIFF MNMN N:continuous.

PREVWRDI1 FOK NEXTWRDI DIFF_ MNMN _NG:continuous.

PREVWRDI1 FOK NEXTWRDI LR MEAN KBASELN:continuous.
PREVWRDI1 FOK NEXTWRDI ZRANGE MEANNEXT KBASELN:continuous.
PREVWRDI FOK NEXTWRDI1 ZRANGE MEAN KBASELN:continuous.
PREVWRD2 ENERGY NEXTWRD2 DIFF MEAN KBASELN:continuous.
PREVWRD2 ENERGY NEXTWRD2 DIFF MNMN N:continuous.

PREVWRD2 ENERGY NEXTWRD2 DIFF MNMN NG:continuous.
PREVWRD2 ENERGY NEXTWRD2 LR MEAN KBASELN:continuous.
PREVWRD2 ENERGY NEXTWRD2 ZRANGE MEANNEXT KBASELN:continuous.
PREVWRD2 ENERGY NEXTWRD2 ZRANGE MEAN_ KBASELN:continuous.
PREVWRD2 FOK NEXTWRD2 DIFF MEAN KBASELN:continuous.
PREVWRD2 FOK NEXTWRD2 DIFF MNMN N:continuous.

PREVWRD2 FOK NEXTWRD2 DIFF_ MNMN _NG:continuous.

PREVWRD2 FOK NEXTWRD2 LR MEAN KBASELN:continuous.
PREVWRD2 FOK NEXTWRD2 ZRANGE MEANNEXT KBASELN:continuous.
PREVWRD2 FOK NEXTWRD2 ZRANGE MEAN KBASELN:continuous.
TURN_CNT:continuous.

TURN_F:text.

TURN_TIME:continuous.

TURN_TIME N:continuous.

VOW_DUR N _LAST:continuous.

VOW_DUR N MAX:continuous.

VOW_DUR Z LAST:continuous.

VOW_DUR_Z MAX:continuous.

WRD_End:ignore.

WRD_ Start:ignore.

pause:continuous.

(':)rnek ciimleye iliskin hesaplanmis biiriinsel (prosodic) 6zellikler
Ornek Climle: Burasi Amerikanin sesi Tiirk¢e yaym bolimii Washington.
(burasl amerikanlIn sesi tUrkCe yayln bOlUmU $washington.)

burasl:

-0.00892,4293.74783,4204.35477,-381.34411,-0.08304,-461.02584, -0.09269, 1.63197, 1.62305, f+f,
0.03280, 1738.17708, 1399.83040, 0.06466, 0.00991, 0.44699, 0.01107, 0.04172, -0.47053, 0.00848,
-0.08820, 0.00947, 1.25353, 1.16533, 1.17330, 73.10857, 192.29744, 0.06466, 0.00991, 1.46702,
0.01610, -1.16438, -1.17756, 0.00659, 0.22479, 0.01071, 0.23350, 0.45830, -1.17330, 73.19507,
192.38394, 0.06466, 0.00992, 1.46702, 0.01611, -1.16438, -1.17756, 0.00660, 0.22479, 0.01072,
0.23387, 0.45867,?,7?,?,?,2,2,?,2,2,?2,2,?2,?2,?,79.68173, 0.01295, 55.78308, 60.57901, -4.79593,
-0.03028, -0.41836, -0.00256, 0.18857, 0.20152, f+£,-0.01901, 22.07138, 45.98395, 0.01295, 0.00979,
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0.11660, 0.01028, -0.03196, -0.02748, 0.00961, 0.07616, 0.01009, 0.08456, 0.16072, -0.01188,
20.20615, 45.98395, 0.01295, 0.00979, 0.12314, 0.01031, -0.02483, -0.02748, 0.00961, 0.08270,
0.01012, 0.07801, 0.16072, -0.01188, 20.29266, 46.07045, 0.01295, 0.00980, 0.12314, 0.01032,
-0.02483, -0.02748, 0.00962, 0.08270, 0.01013, 0.07838, 0.16108,?,?,?,7,2,2,2,2,2,2,7,7,2,7,
-4.37757, 0.0, ?, 0.0, ?, 2744.20810, -0.05197, 0.00959, 1.44288, 30.25072, 26.72609, 48.89759,
0.05698, 0.01000, 0.16915, 0.29469, 0.47621, 2520.02882, 0.04375, 0.00986, 1.40726, 22.09469,
24.54278, 49.48926, 0.06331, 0.01003, 0.17084, 0.28092, 0.48198, 2520.11532, 0.04498, 0.00987,
1.40763, 22.04873, 24.56432, 49.57576, 0.06329, 0.01003, 0.17120, 0.28208, 0.48322,?,?,7?,7,?, 72,
2,2,2,2,2,7?,0, false, 33.0, 0.02815, 0.58263, 1.09371, -0.54445, 0.15298, 1844, 1812,0.00, n.

amerikanln:

0.04588, 1722.98636, 1926.42154, -86.12283, -0.04728, -86.12283, -0.04514, 1.25028, 1.29616, f+f,
-0.40052, 978.33858, 623.21327, 0.10421, 0.01003, 0.52549, 0.01142, -0.44641, -0.59424, 0.00806,
-0.17296, 0.00918, 1.02235, 0.84939, 0.38595, 136.77133, 73.10857, 0.19224, 0.01028, 1.26813,
0.01493, 0.34006, -1.21012, 0.00632, -0.13422, 0.00918, 0.36773, 0.23350, 0.38169, 136.85783,
73.19507, 0.19224, 0.01028, 1.26813, 0.01494, 0.33580, -1.21012, 0.00633, -0.13422, 0.00919,
0.36809, 0.23387, -0.79161, 136.77133, 73.10857, 0.11076, 0.01003, 1.33280, 0.01519, -0.83749,
-1.35625, 0.00607, -0.13422, 0.00918, 0.36773, 0.23350, 0.0, 1.67734E-4, 29.21933, 29.27025,
-0.05091, -3.86300E-4, -0.05091, -3.86150E-4, 0.10883, 0.10900, f+f, 0.00267, 28.98007, 29.18375,
-0.04606, 0.00953, 0.00317, 0.00975, 0.00250, -0.04857, 0.00952, 6.71326E-4, 0.00974, 0.10796,
0.10864, 0.06637, 28.98007, 20.20615, 0.01763, 0.00981, 0.06688, 0.01004, 0.06621, -0.07919,
0.00938, -0.02995, 0.00960, 0.10796, 0.07801, 0.07973, 29.06657, 20.29266, 0.03099, 0.00988,
0.08023, 0.01011, 0.07956, -0.07919, 0.00939, -0.02995, 0.00960, 0.10833, 0.07838, 0.06785,
28.98007, 20.20615, 0.02031, 0.00982, 0.09319, 0.01016, 0.06768, -0.10282, 0.00928, -0.02995,
0.00960, 0.10796, 0.07801, 0.0, 0.0, ?, 0.0, 0.0, 2124.79121, 0.11220, 0.01007, 1.33633, 15.75414,
20.69353, 29.56564, -0.01928, 0.00965, 0.10989, 0.34642, 0.28794, 2221.31431, 0.21661, 0.01040,
1.35475, 12.74495, 21.63358, 28.18254, -0.02735, 0.00961, 0.10533, 0.35732, 0.27447, 2262.03507,
0.19721, 0.01035, 1.36264, 13.63630, 22.04873, 28.94012, -0.02137, 0.00964, 0.10791, 0.34678,
0.28208, 2363.33724, 0.15488, 0.01020, 1.38051, 15.81232, 23.01675, 34.38102, -0.02072, 0.00964,
0.12542, 0.40007, 0.33483, 0, false, 84.0, 0.07167, 0.58263, 0.73213, -0.54445, -0.54260, 1895, 1845,
0.00, n.

sesi:

-0.01563, 145.63447, 136.85783, -363.95993, ?, 140.71638, ?, 0.38373, 0.36809, f+f, 0.79075,
145.54797, 136.77133, 0.05777, 0.00990, 1.06026, 0.01405, 0.80639, -1.01812, 0.00682, -0.01563,
0.00967, 0.38336, 0.36773, 1.07153, 145.54797, 136.77133, -0.04191, 0.00962, 1.16448, 0.01447,
1.08717, -1.22203, 0.00643, -0.01563, 0.00967, 0.38336, 0.36773, 0.86655, 145.63447, 136.85783,
-0.14613, 0.00935, 1.06026, 0.01406, 0.88218, -1.22203, 0.00643, -0.01563, 0.00968, 0.38373,
0.36809, 1.24824, 145.54797, 73.10857, 0.04610, 0.00986, 1.25250, 0.01483, 1.26387, -1.35625,
0.00607, -0.14986, 0.00912, 0.38336, 0.23350, -223.24354, -0.02562, 43.21121, 34.85852, -2.01842,
?, -2.00331, ?, 0.15265, 0.12703, f+f, 0.00492, 35.05103, 34.77202, 0.00492, 0.00976, 0.02966,
0.00987, 0.03054, -0.02562, 0.00962, -8.80665E-4, 0.00973, 0.12754, 0.12666, -0.04113, 34.65797,
28.98007, -0.02363, 0.00963, 0.03090, 0.00987, -0.01551, -0.07287, 0.00941, -0.01833, 0.00965,
0.12630, 0.10796, -0.04381, 35.13753, 29.06657, -0.02363, 0.00964, 0.02966, 0.00988, -0.01819,
-0.07287, 0.00942, -0.01957, 0.00965, 0.12791, 0.10833, 0.03591, 20.87535, 20.20615, 0.00736,
0.00977, 0.10783, 0.01024, 0.06154, -0.10282, 0.00928, -0.00235, 0.00972, 0.08037, 0.07801,
-0.01511, 0.0, 0.0, 0.0, 0.0, 1460.88596, 0.17564, 0.01030, 1.18263, 9.16223, 14.22770, 39.78030,
0.00211, 0.00974, 0.14220, 0.38068, 0.38742, 1728.17472, -0.02279, 0.00967, 1.25117, 17.79173,
16.83084, 31.84453, -0.03389, 0.00958, 0.11731, 0.41649, 0.31013, 1398.98237, -0.10045, 0.00944,
1.16543, 17.44534, 13.63630, 35.57726, -0.02649, 0.00962, 0.12929, 0.43151, 0.34678, 1916.72749,
0.00488, 0.00975, 1.29374, 18.44706, 18.66718, 30.15501, -0.01113, 0.00968, 0.11182, 0.32726,
0.29368, 0, false, 118.0, 0.10068, 0.52254, 0.87856, -0.72084, -0.24598, 1929, 1896, 0.00, n.
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tUrkCe:

-8.34687E-4, 2619.31522, 2614.08890, -113.36779, -0.04847, -113.36779, -0.04623, 1.42375,
1.42292, f+£, 0.03023, 1422.84993, 1247.57637, 0.16637, 0.01021, 0.41782, 0.01101, 0.03106,
-0.30445, 0.00887, -0.05300, 0.00957, 1.17193, 1.11893, -0.34934, 439.88899, 136.77133, 0.16521,
0.01020, 0.86679, 0.01282, -0.34850, -1.05682, 0.00674, -0.35523, 0.00847, 0.72297, 0.36773,
-1.04002, 1422.93643, 145.63447, 0.16521, 0.01021, 0.41782, 0.01102, -1.03918, -1.04118, 0.00679,
-0.78857, 0.00733, 1.17230, 0.38373, -0.17347, 439.88899, 136.77133, 0.16521, 0.01020, 0.86679,
0.01282, -0.17263, -1.05682, 0.00674, -0.35523, 0.00847, 0.72297, 0.36773, 0.0, 0.00352, 38.19012,
39.33868, -1.14855, -0.00815, -1.14855, -0.00809, 0.13743, 0.14096, f+f, 0.04377, 20.87535,
39.25218, 0.04377, 0.00993, 0.10046, 0.01020, 0.04024, 0.00352, 0.00975, 0.06021, 0.01001,
0.08037, 0.14059, 0.01521, 10.34802, 35.05103, 0.04377, 0.00993, 0.13914, 0.01039, 0.01169,
-0.00952, 0.00969, 0.08584, 0.01014, 0.04170, 0.12754, 0.01521, 20.96185, 35.13753, 0.04377,
0.00994, 0.10046, 0.01021, 0.01169, -0.00952, 0.00970, 0.04717, 0.00996, 0.08074, 0.12791,
-0.02859, 10.34802, 28.98007, 0.01287, 0.00979, 0.13914, 0.01039, -0.03212, -0.06000, 0.00947,
0.06626, 0.01005, 0.04170, 0.10796, 0.0, 0.0, 0.0, 1.0, 0.0, 2883.13084, 0.15824, 0.01020, 1.46358,
19.19938, 28.07907, 46.14348, 0.05621, 0.00999, 0.16118, 0.27341, 0.44939, 1688.24421, -0.02834,
0.00965, 1.24159, 17.61818, 16.44196, 44.18359, 0.05574, 0.00999, 0.15542, 0.25799, 0.43030,
1789.76146, -0.04999, 0.00960, 1.26588, 19.69591, 17.44534, 44.27009, 0.04874, 0.00997, 0.15579,
0.27953, 0.43151, 1623.59385, -0.06182, 0.00955, 1.22562, 18.38428, 15.81232, 41.07901, 0.04134,
0.00992, 0.14615, 0.27291, 0.40007, 0, false, 164.0, 0.13993, 2.19641, 2.19641, 2.42360, 2.42360,
1975, 1930, 0.00, n.

yayln:

0.01214, 1666.67801, 1716.84195, -109.06880, -0.07255, -109.06880, -0.06336, 1.23667, 1.24882,
f+f, 0.01287, 439.88899, 1656.36165, 0.00159, 0.00974, 0.70158, 0.01223, 7.28331E-4, -0.18916,
0.00920, 0.51082, 0.01155, 0.72297, 1.23379, 0.30362, 439.88899, 1422.84993, 0.07910, 0.00996,
0.81696, 0.01264, 0.29147, -0.28888, 0.00892, 0.44896, 0.01133, 0.72297, 1.17193, 0.18707,
439.97549, 1422.93643, 0.00159, 0.00975, 0.70158, 0.01224, 0.17493, -0.25101, 0.00903, 0.44896,
0.01134, 0.72333, 1.17230, -0.85294, 378.13393, 145.54797, -0.04838, 0.00960, 0.91927, 0.01307,
-0.86508, -1.25477, 0.00639, -0.28712, 0.00869, 0.67049, 0.38336, 0.0, 0.01550, 29.66598, 34.47385,
-2.40393, -0.01817, 0.61418, 0.00448, 0.11030, 0.12581, r+f, -0.02313, 10.34802, 22.71790, 0.00981,
0.00978, 0.08374, 0.01013, -0.03864, -0.02883, 0.00960, 0.04510, 0.00995, 0.04170, 0.08680,
0.06768, 10.34802, 20.87535, -0.01172, 0.00968, 0.13592, 0.01038, 0.05218, -0.10897, 0.00925,
0.03867, 0.00992, 0.04170, 0.08037, 0.02712, 10.43452, 20.96185, -0.03090, 0.00960, 0.09536,
0.01020, 0.01161, -0.08759, 0.00935, 0.03867, 0.00993, 0.04206, 0.08074, 0.04234, 10.34802,
20.87535, -0.07385, 0.00942, 0.13914, 0.01039, 0.02683, -0.17432, 0.00898, 0.03867, 0.00992,
0.04170, 0.08037, -3.01811, 1.0, 0.0, 0.0, 0.0, 2043.89004, 0.09942, 0.01003, 1.32026, 15.62783,
19.90562, 28.55262, 0.02585, 0.00985, 0.10655, 0.20421, 0.27807, 2260.17545, 0.07884, 0.00997,
1.36195, 18.19149, 22.01205, 32.66616, -0.00135, 0.00973, 0.11996, 0.32225, 0.31813, 2020.65324,
0.06583, 0.00994, 1.31588, 16.78477, 19.69591, 28.67801, 0.00482, 0.00976, 0.10705, 0.26539,
0.27953, 1894.12601, -0.01869, 0.00968, 1.28885, 19.30240, 18.44706, 33.60325, -0.02276, 0.00963,
0.12295, 0.39869, 0.32726, 0, false, 202.0, 0.17235, 0.58263, 0.58263, -0.54445, -0.54445, 2013,
1976, 0.01, n.

bOIUmMU:

0.01483, 2437.08450, 2525.33646, -108.92568, -0.04113, 225.95986, 0.08195, 1.39366, 1.40849, r+f,
-0.33331, 1409.26790, 1076.17281, 0.01802, 0.00979, 0.25490, 0.01051, -0.34815, -0.34495,
0.00875, -0.10807, 0.00940, 1.16805, 1.05997, -0.14411, 378.13393, 439.88899, -0.21359, 0.00916,
0.75406, 0.01247, -0.15894, -0.91517, 0.00729, 0.05247, 0.00992, 0.67049, 0.72297, -0.15698,
378.22043, 439.97549, -0.21519, 0.00917, 0.75246, 0.01248, -0.17181, -0.91517, 0.00730, 0.05247,
0.00993, 0.67086, 0.72333, 0.03009, 255.72878, 439.88899, -0.21359, 0.00916, 0.88165, 0.01310,
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0.01525, -0.91517, 0.00729, 0.18007, 0.01042, 0.54289, 0.72297, -334.88555, -0.00544, 50.48123,
48.57425, 1.90698, 0.01245, 1.90698, 0.01261, 0.17378, 0.16834, r+r, -0.12445, 24.41739, 12.25500,
-0.02137, 0.00964, 0.07532, 0.01008, -0.11900, -0.14038, 0.00911, -0.04368, 0.00953, 0.09265,
0.04896, -0.08661, 24.41739, 10.34802, -0.02137, 0.00964, 0.07532, 0.01008, -0.08116, -0.14765,
0.00908, -0.05095, 0.00950, 0.09265, 0.04170, -0.06347, 24.50389, 10.43452, -0.08672, 0.00937,
0.07532, 0.01009, -0.05803, -0.21300, 0.00883, -0.05095, 0.00951, 0.09301, 0.04206, -0.03635,
6.70725, 10.34802, -0.08672, 0.00936, 0.14049, 0.01041, -0.03090, -0.21300, 0.00882, 0.01421,
0.00980, 0.02748, 0.04170, 0.0, 0.0, 0.0, 0.0, 1.0, 2035.65096, 0.00120, 0.00974, 1.31859, 19.76777,
19.82538, 30.37138, -0.03688, 0.00957, 0.11253, 0.41066, 0.29578, 1849.16986, -0.02247, 0.00967,
1.27896, 19.01891, 18.00923, 27.80274, -0.04009, 0.00955, 0.10406, 0.39368, 0.27077, 1721.99186,
-0.08005, 0.00951, 1.25004, 20.38485, 16.78477, 27.22792, -0.06886, 0.00943, 0.10222, 0.48284,
0.26539, 1887.67983, 0.01715, 0.00978, 1.28744, 17.63354, 18.38428, 28.02297, -0.06520, 0.00944,
0.10480, 0.47912, 0.27291, 0, false, 232.0, 0.19795, 0.53289, 0.86329, -0.84228, -0.31815, 2043,
2015, 0.00, n.

$washington:

0.09481, 1101.18423, 1394.89188, -162.86340, -0.13117, -162.86340, -0.11596, 1.06943, 1.16424,
f+f, -0.01634, 331.94392, 1056.62984, 0.15611, 0.01018, 0.93155, 0.01317, -0.11116, -0.34936,
0.00874, 0.42608, 0.01131, 0.62663, 1.05271, 0.16910, 247.22035, 378.13393, 0.16780, 0.01020,
1.10568, 0.01397, 0.07428, -0.79984, 0.00750, 0.13803, 0.01026, 0.53246, 0.67049, 0.32423,
255.81528, 378.22043, 0.16780, 0.01021, 1.09525, 0.01392, 0.22941, -0.79984, 0.00750, 0.12759,
0.01023, 0.54326, 0.67086, 0.16724, 247.22035, 378.13393, -0.08046, 0.00952, 1.10568, 0.01397,
0.07243, -1.04811, 0.00700, 0.13803, 0.01026, 0.53246, 0.67049, 0.0, 0.01608, 47.91119, 53.59053,
-5.67934, -0.03773, -5.67934, -0.03636, 0.16643, 0.18251, f+f, -0.01685, 6.70725, 42.09436, 0.08572,
0.01012, 0.22722, 0.01082, -0.03294, -0.01977, 0.00965, 0.12172, 0.01032, 0.02748, 0.14920,
-0.00839, 6.70725, 28.54181, 0.01403, 0.00979, 0.22722, 0.01082, -0.02448, -0.13414, 0.00915,
0.07903, 0.01011, 0.02748, 0.10652, 0.00735, 6.79375, 24.50389, 0.01403, 0.00980, 0.22722,
0.01083, -0.00873, -0.14801, 0.00910, 0.06517, 0.01005, 0.02784, 0.09301, -0.05612, 6.70725,
10.34802, 0.01403, 0.00979, 0.22722, 0.01082, -0.07221, -0.19896, 0.00887, 0.01421, 0.00980,
0.02748, 0.04170, 0.0, 0.0, 1.0, 6.0, 0.0, 2385.52552, 0.37067, 0.01093, 1.38440, 9.32109, 23.23284,
62.75154, 0.11259, 0.01025, 0.20713, 0.24318, 0.61114, 2107.50961, 0.26194, 0.01056, 1.33294,
10.77625, 20.52522, 54.39150, 0.01578, 0.00980, 0.18461, 0.47513, 0.52972, 2091.33319, 0.19823,
0.01036, 1.33010, 12.54774, 20.38485, 49.53611, 0.00189, 0.00975, 0.17109, 0.47637, 0.48284,
1981.95181, 0.08676, 0.01000, 1.30754, 15.62580, 19.30240, 40.93727, -0.01520, 0.00967, 0.14572,
0.44851, 0.39869, 0, false, 301.0, 0.25682, 0.98743, 0.98743, -0.02723, -0.02723, 2112, 2044, 0.00, s.

Bicimbilgisel, sozciiksel ve biiriinsel oOzelliklerin ¢ikarilmasindan sonra bu 6zelliklerin tim
kombinasyonlari (6rnegin; sozciiksel, biirtinsel, bigimbilgisel, sozciiksel+biiriinsel,
sOzciiksel+biiriinsel+bigimbilgisel vb.) Boostexter, Conditional Random Fields (CRF) gibi farkli
siiflandirict yapilar ile 6zellikle climle boliitleme alaninda kullanilmislardir. Her durumda kullanilan
sistemlerin performans degerlendirmeleri F-measure ve NIST olgiitleri ile degerlendirilmislerdir.
Ozellikle ciimle béliitleme amaci ile gelistirilmis bu 6zelliklerin farkli kombinasyonlari kullanilarak,
daha az etiketlenmis (ctimle boliitlemesi yapilmis) veri ile ¢ok biiyiik miktarlarda etiketlenmemis
(climle boliitlemesi yapilmamis) verinin yiiksek dogruluk oranlart ile etiketlenmesi (ciimle
boliitlemesi) hedeflenmistir.

Biirlinsel 6zelliklerin ¢ikarilmasinda Algemy disinda Praat gibi biiriinsel 6zellikleri hesaplamak igin
kullanilan agik kaynak kodlu bagka bir yazilim {izerinde de denemeler yapilmaistir.
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3.3.4.2. Praat ile Biiriinsel Ozelliklerin Cikarilmasi

Biiriinsel 6zellikleri ¢gikarmak amaci ile kullandigimiz SRI in Algemy yaziliminin yanisira agik kaynak
kodlu bir yazilim olan Praat (Boersma ve digerleri, 2009) ile de denemeler yapilmistir. Bu amagla
o0zellikle Purdue University de gerceklestirilen Prosodic Feature Extraction Tool (Huang ve digerleri,
2006) dan yararlanilmistir. Bu baglamda Algemy ile ¢ikarilan biiriinsel 6zelliklerin biiyiik bir kismi
Praat yazilimi ile elde edilmistir. Esasen bu yazilim SRI yazilimindan esinlenerek hazirlanmistir.

Praat ile biiriinsel 6zelliklerin ¢ikarilmasi i¢cin wav formatinda hazirlanmis bir audio veri ile bu veriye
iligkin kelime ve phone hizalarina gereksinim vardir.

Giris olarak audio veri ve zamanda hizalanmis kelime ve phone lar verildiginde yazilim 6ncelikle bazi
temel eleman setlerini (6rnegin; ham pitch, bigimlendirilmis pitch, sesli/sessiz (voiced/unvoiced)
boliitlemesi, duraklar, FO ve enerji ile iligkili bilesenler) ¢ikarmaktadir. Daha sonra siire istatistikleri
(6rnegin; durak siiresinin, phone siiresinin ve son uyak siiresinin ortalama ve varyans degerleri), FO a
iliskin istatistikler (6rnegin; logaritmik FO degerlerinin ortalama degeri ve varyansi) ve enerji ile
iligkili istatistikler hesaplanmaktadir.

Siire, FO ve enerji bilgisi ve istatistiklerin de yeralmas: ile her bir kelime smnir1 igin biiriinsel
ozelliklerin ¢ikarilmasi oldukga basit bir islem haline gelmektedir. Asagidaki cizelgede elde edilen
hangi temel elemanlarin hangi 6zelliklerin gikarilmasinda rol oynadiklari goriilmektedir. Ornegin;
kelime hizalamasi, siire, FO ve Enerji oOzelliklerinin tiimiiniin hesaplanmasinda kullanilirken,
sesli.sessiz boliitlemesi sadece FO 6zelliklerinin hesaplanmasinda kullanilmaktadir.

Tablo1: Biiriinsel Ozelliklerin (Siire, FO ve Enerji) Hesaplanmasinda Kullanilan Temel Elemanlar

Siire Ozellikleri | FO Ozellikleri | Enerji Ozellikleri
y v

Kelime

Phone

Sesli harf

Uyak

Sesli/Sessiz

Ham Pitch
Bi¢imlendirilmis Pitch
Pitch Egimi

Ham Enerji
Bi¢imlendirimis Enerji
Enerji Egimi

X | X | X|X|X|X]| X|<2|<|<2|<_
X | X | X[ |2 |2 |< | X|X| X

2|2 |2 | X | X|X|X]|X]|X]|X

Audio, Kelime ve Phone Hizalamasi

Wav formatindaki ses dosyasi ve zorlanmis hizalamalar (forced alignment) ile elde edilmis kelime ve
phone siire bilgileri Praat yazilimi ile okunmaktadir. Bunun igin Praat in TextGrid formati yardim ile
her bir dosya i¢in ayri bir katman (tier) kullanilmaktadir. Sessiz araliklar bos birakilmalidir. Ayrica
phone larin zamanlamalari kelime siirinin baglangi¢ ve bitisinde kelime zamanlamasi ile hizalanmis
olmalidir. Tiirkce i¢in bir Phone seti hazirlanmis ve bu phone seti kullanilmaistir.

Sesli phone seti: 11 (1), O1 (6), U1 (ii), a, e, 1, 0, u.

Sessiz phone seti: b, ¢, C1 (¢), d, f, g, G1 (§), h,j, k, I, m,n, p, 1,5, S1(5), t, Vv, y, Z

Ormnek olarak; “Sok iddia ABD Haitiyi isgal mi ediyor (Slok ida a b d haitiyi iS1gal mi ediyor)”
climlesi ele alinarak kelime_textgrid ve phone _textgrid dosyalari agsagidaki gibi olusturulmustur.
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Kelime_textgrid dosyast:

File type = "ooTextFile"
Object class = "TextGrid"
xmin = 0

xmax = 32
tiers? <exists>
size =1
item []:
item [1]:
class = "IntervalTier"
name = "nn
xmin =0
xmax = 32

intervals: size = 12
intervals [1]:

xmin = 0
xmax = 0.160362
text=""

intervals [2]:
xmin = 0.160362
xmax = (0.509192
text ="S1ok"
intervals [3]:
xmin = 0.509192
xmax = 0.967007
text = "ida"
intervals [4]:
xmin = 0.967007
xmax = 1.250423
text o nn
intervals [5]:
xmin = 1.250423
xmax = 1.416112
text="a"
intervals [6]:
xmin = 1.416112
xmax = 1.642845
text ="b"
intervals [7]:
xmin = 1.642845
xmax = 1.869578
text ="d"
intervals [8]:
xmin = 1.869578
xmax = 2.384086
text = "haitiyi"
intervals [9]:
xmin = 2.384086
xmax = 2.789589
text = "iS1gal"
intervals [10]:
xmin = 2.789589
xmax = 2.891225
text = "mi"
intervals [11]:
xmin = 2.891225
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xmax = 3.452346
text = "ediyor"

intervals [12]:
xmin = 3.452346
xmax = 32

text=""

Phone_textgrid dosyast:

File type = "ooTextFile"
Object class = "TextGrid"

xmin = 0
xmax = 32
tiers? <exists>
size =1
item []:
item [1]:
class = "IntervalTier"
name = "nn
xmin = 0
xmax = 32
intervals: size = 32
intervals [1]:
xmin = 0
xmax = 0.160362000000000
text o "nn
intervals [2]:
xmin = 0.160362000000000
xmax = 0.347072000000000
text="S1"
intervals [3]:
xmin = 0.347072000000000
xmax = 0.473646000000000
text ="o"
intervals [4]:
xmin = 0.473646000000000
xmax = 0.509192000000000
text = "k"
intervals [5]:
xmin = 0.509192000000000
xmax = 0.604040000000000
text ="1i"
intervals [6]:
xmin = 0.604040000000000
xmax = 0.717745000000000
text ="d"
intervals [7]:
xmin = 0.717745000000000
xmax = 0.967007000000000
text="a"
intervals [8]:
xmin = 0.967007000000000
xmax = 1.250423000000000
teXt = "nn
intervals [9]:
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xmin = 1.250423000000000
xmax = 1.416112000000000
text ="a"

intervals [10]:
xmin = 1.416112000000000
xmax = 1.642845000000000
text ="b"

intervals [11]:
xmin = 1.642845000000000
xmax = 1.869578000000000
text ="d"

intervals [12]:
xmin = 1.869578000000000
xmax = 1.934102000000000
text ="h"

intervals [13]:
xmin = 1.934102000000000
xmax = 2.016170000000000
text ="a"

intervals [14]:
xmin = 2.016170000000000
xmax = 2.135947000000000
text="1"

intervals [15]:
xmin = 2.135947000000000
xmax = 2.204923000000000
text ="t"

intervals [16]:
xmin = 2.204923000000000
xmax = 2.281805000000000
text ="1"

intervals [17]:
xmin = 2.281805000000000
xmax = 2.315587000000000
teXt — VlylV

intervals [18]:
xmin = 2.315587000000000
xmax = 2.384086000000000
text ="1i"

intervals [19]:
xmin = 2.384086000000000
xmax = 2.462294000000000
text ="1"

intervals [20]:
xmin = 2.462294000000000
xmax = 2.579585000000000
text="S1"

intervals [21]:
xmin = 2.579585000000000
xmax = 2.654601000000000
teXt = "gl’

intervals [22]:
xmin = 2.654601000000000
xmax = 2.750694000000000
text ="a"

intervals [23]:
xmin = 2.750694000000000
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xmax = 2.789589000000000
text="1"

intervals [24]:
xmin = 2.789589000000000
xmax = 2.863209000000000
text="m"

intervals [25]:
xmin = 2.863209000000000
xmax = 2.891225000000000
text="1"

intervals [26]:
xmin = 2.891225000000000
xmax = 3.013784000000000
text="e"

intervals [27]:
xmin = 3.013784000000000
xmax = 3.063679000000000
text ="d"

intervals [28]:
xmin = 3.063679000000000
xmax = 3.092354000000000
text="1"

intervals [29]:
xmin = 3.092354000000000
xmax = 3.115295000000000
teXt o "yH

intervals [30]:
xmin = 3.138487000000000
xmax = 3.220504000000000
text="o"

intervals [31]:
xmin = 3.220504000000000
xmax = 3.452346000000000
text ="r"

intervals [32]:
xmin = 3.452346000000000
xmax = 32
teXt —nn

1) Hesaplanan Biiriinsel Ozellik Listesi
A) Temel Ozellikler

Al) Base Ozellikler:

WAYV: Audio dosyanin dizini

SPK _ID: Gegerli dalgaformu i¢in konugmaciy1 tanimlayan etiket
SPK GEN: Konusmacinin cinsiyeti

A2) Siire Ozellikleri:

WORD: Sinirdan bir 6nceki kelime

WORD_ START: Smirdan dnce gelen kelimenin baslangi¢c zamani
WORD_END: Simirdan 6nce gelen kelimenin bitig zamant

FWORD: Sinirin ardindan gelen kelime

FWORD START: Sinirin ardindan gelen kelimenin baslangi¢c zamani
FWORD_ END: Smirin ardindan gelen kelimenin bitis zamani
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PAUSE START: Sinir etrafindaki duragin baslangi¢ zamani

PAUSE END: Sinir etrafindaki duragin bitis zamani1

PAUSE_DUR: Sinir etrafindaki duragin siiresi PAUSE DUR = PAUSE_END-PAUSE START.
WORD_ PHONES: kelime igerisindeki phone lar ve siireleri

phonel:siirel phone2:siire? ...

FLAG: Bu 6zellik sinirdan 6nceki kelimenin giivenilir bir phone siiresine sahip olup olmadigina isaret
eder.

LAST VOWEL: Bir sinirdan 6nceki son sesli harf

LAST VOWEL START: Bir smirdan 6nceki son sesli harfin baslangi¢ zamani

LAST VOWEL END: Bir smirdan 6nceki son sesli harfin bitis zamani

LAST VOWEL DUR: Bir smirdan 6nceki son sesli harfin siiresi

LAST RHYME_ START: Bir sinirdan dnceki son uyagin (kafiye) baslangi¢ zamani

LAST RHYME_END: Bir sinirdan 6nceki son uyagin (kafiye) bitis zamani

phone siiresi — ortalama phone siiresi

NORM LAST RHYME DUR = . : -
- - - Zkehmedekl herphonei¢in - nhone siiresinin standart sapmasi

PHONES IN LAST RHYME: Son uyaktaki toplam phone sayist

A3) FO Oczellikleri

Temel FO 6zellikleri asagida verildigi gibidir.

MIN_FO0: Bir sinirdan 6nceki kelime i¢in minimum ham FO degeri

MAX_ FO0: Bir sinirdan 6nceki kelime i¢in maksimum ham FO degeri

MEAN_FO0: Bir sinirdan 6nceki kelime i¢in ortalama ham FO degeri

FO ile ilgili olarak kullandigimiz daha detayli 6zelliklere burada deginilmeyecektir.

A4) Enerji Ozellikleri

Temel enerji iligkili 6zellikler asagida verilmektedir.
MIN ENERGY

MAX ENERGY

MEAN_ENERGY

MIN_ENERGY_ NEXT

MAX ENERGY_ NEXT
MEAN_ENERGY_ NEXT
MIN_ENERGY_ WIN

MAX ENERGY WIN
MEAN_ENERGY_ WIN
MIN_ENERGY NEXT_ WIN

MAX ENERGY NEXT WIN
MEAN_ENERGY NEXT WIN
MIN_STYLFIT ENERGY

MAX STYLFIT ENERGY
MEAN_STYLFIT ENERGY

FIRST STYLFIT ENERGY

LAST STYLFIT ENERGY

MIN STYLFIT ENERGY NEXT
MAX STYLFIT ENERGY NEXT
MEAN_STYLFIT ENERGY_NEXT
FIRST STYLFIT ENERGY NEXT
LAST STYLFIT ENERGY NEXT
MIN_STYLFIT ENERGY_ WIN
MAX_STYLFIT ENERGY WIN
MEAN_STYLFIT ENERGY_ WIN
FIRST _STYLFIT ENERGY_WIN
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LAST STYLFIT ENERGY WIN
MIN_STYLFIT ENERGY NEXT WIN
MAX_STYLFIT ENERGY NEXT WIN
MEAN_STYLFIT ENERGY NEXT WIN

FIRST STYLFIT ENERGY NEXT WIN

LAST STYLFIT ENERGY NEXT WIN

ENERGY PATTERN WORD

ENERGY PATTERN WORD CALLAPSED
ENERGY PATTERN SLOPE

ENERGY PATTERN WORD NEXT

ENERGY PATTERN WORD CALLAPSED NEXT
ENERGY PATTERN SLOPE NEXT

ENERGY PATTERN WORD WIN

ENERGY PATTERN WORD CALLAPSED WIN
ENERGY PATTERN SLOPE_WIN

ENERGY PATTERN WORD NEXT WIN
ENERGY PATTERN WORD CALLAPSED NEXT WIN
ENERGY PATTERN SLOPE NEXT WIN
ENERGY PATTERN BOUNDARY

ENERGY_ SLOPE_DIFF

B) Tiiretilmis Ozellikler
Tiiretilmis 6zellikler, yukarida verilen temel 6zelliklerin ve istatistiklerin kullanilmasi ile elde edilen
ozelliklerdir.

B1) Normalize Edilmis Kelime Siireleri
WORD DUR

WORD AV _DUR
NORM_WORD DUR

B2) Normalize Edilmis Durak
PAU DUR N

B3) Normalize Edilmis Sesli Harf Siiresi
LAST VOWEL DUR Z

LAST VOWEL DUR N

LAST VOWEL DUR ZSP

LAST VOWEL DUR_NSP

B4) Normalize Edilmis Uyak Siiresi
LAST RHYME DUR_PH

LAST RHYME DUR PH ND

LAST RHYME DUR_PH NR

LAST RHYME NORM DUR _PH
LAST RHYME NORM DUR PH ND
LAST RHYME NORM DUR PH NR
LAST RHYME DUR_WHOLE ND
LAST RHYME WHOLE DUR NR
LAST RHYME WHOLE DUR Z

B5) Tiiretilmis FO Ozellikleri
Konusmacinin FO karakteristiklerine iliskin tiiretilmis 6zelliklerdir.
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B6) Tiiretilmis Enerji Ozellikleri
ENERGY_ WORD DIFF HIHI N
ENERGY_WORD_ DIFF HILO N
ENERGY WORD DIFF LOLO N
ENERGY WORD DIFF LOHI N
ENERGY _WORD DIFF MNMN N
ENERGY WORD DIFF HIHI NG
ENERGY_ WORD DIFF HILO NG
ENERGY WORD DIFF LOLO NG
ENERGY_WORD_DIFF _LOHI NG
ENERGY WORD DIFF MNMN NG
ENERGY WIN DIFF HIHI N
ENERGY_ WIN DIFF _HILO N
ENERGY WIN DIFF LOLO N
ENERGY_ WIN DIFF LOHI N
ENERGY_ WIN DIFF MNMN NG
ENERGY WIN DIFF HIHI NG
ENERGY_ WIN DIFF HILO NG
ENERGY_ WIN DIFF LOLO NG
ENERGY_ WIN DIFF_LOHI NG
ENERGY WIN DIFF MNMN NG
ENERGY DIFF LAST KBASELN
ENERGY DIFF_ MEAN KBASELN
ENERGY DIFF WINMIN KBASELN
ENERGY LR LAST KBASELN
ENERGY LR MEAN KBASELN
ENERGY LR WINMIN KBASELN
ENERGY ZRANGE MEAN KBASELN
ENERGY ZRANGE MEAN KTOPLN
ENERGY_ ZRANGE MEANNEXT KBASELN
ENERGY ZRANGE MEANNEXT KTOPLN
ENERGY DIFF MEANNEXT KTOPLN
ENERGY_ DIFF_ MAXNEXT KTOPLN
ENERGY DIFF WINMAXNEXT KTOPLN
ENERGY LR MEANNEXT KTOPLN
ENERGY LR MAXNEXT KTOPLN
ENERGY LR WINMAXNEXT KTOPLN
ENERGY MAXK MODE N
ENERGY MAXK NEXT MODE N
ENERGY MAXK MODE Z
ENERGY MAXK NEXT MODE Z
ENERGY WORD DIFF BEGBEG
ENERGY WORD DIFF ENDBEG
ENERGY INWRD DIFF
ENERGY LAST SLOPE

ENERGY_ SLOPE DIFF N
ENERGY_ LAST SLOPE N

B7) Ortalama Phone Siiresi
AVG_PHONE DUR Z
MAX PHONE DUR Z
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AVG_PHONE DUR N
MAX_PHONE DUR N

B8) Konusmaciva Ozel Normalizasyon
AVG PHONE DUR ZSP

MAX PHONE DUR ZSP
AVG_PHONE DUR NSP

MAX PHONE DUR NSP

Praat ile Cikarilan Biiriinsel Ozelliklerin Tiimii
WORDS$

WAVS

SPKR_ID$

GENS$

WORD_START
WORD_END

FWORDS$
FWORD_START
FWORD_END

PAUSE START
PAUSE_END

PAUSE DUR

WORD PHONESS$

FLAGS

LAST VOWELS$

LAST VOWEL_START
LAST VOWEL _END
LAST VOWEL DUR
LAST RHYME START
LAST RHYME_END
LAST RHYME DUR
NORM LAST RHYME DUR
PHONES IN LAST RHYME
MIN_FO
MIN_STYLFIT F0O
MAX_F0
MAX_STYLFIT FO
MEAN_F0
MEAN_STYLFIT FO
FIRST _STYLFIT_FO
LAST STYLFIT FO
PATTERN_WORDS$
PATTERN_ WORD COLLAPSEDS$
PATTERN SLOPES

NO PREVIOUS SSF

NO PREVIOUS VF

NO FRAMES LS WE
NO_SUCCESSOR_SSF
NO_SUCCESSOR_VF
NO_FRAMES WS_FS
MIN_FO WIN
MIN_STYLFIT _FO_WIN
MAX FO WIN
MAX_STYLFIT FO WIN
MEAN_F0 WIN
MEAN_STYLFIT FO WIN
FIRST STYLFIT FO WIN
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LAST STYLFIT _FO_WIN
PATTERN_WORD_WIN$
PATTERN_WORD_COLLAPSED WIN$
PATTERN SLOPE_WIN$
NO_PREVIOUS_SSF_WIN
NO_PREVIOUS_VF_WIN
NO_FRAMES LS WE_WIN
NO_SUCCESSOR_SSF_WIN
NO_SUCCESSOR_VF WIN
NO_FRAMES _WS_FS_WIN
MIN_F0 NEXT
MIN_STYLFIT _FO NEXT
MAX_FO NEXT
MAX_STYLFIT FO NEXT
MEAN_F0 NEXT
MEAN_STYLFIT FO NEXT

FIRST STYLFIT FO NEXT

LAST STYLFIT FO NEXT
PATTERN_WORD NEXT$
PATTERN_WORD_COLLAPSED NEXTS$
PATTERN_SLOPE NEXT$
NO_PREVIOUS_SSF_NEXT
NO_PREVIOUS_VF_NEXT
NO_FRAMES LS WE NEXT
NO_SUCCESSOR_SSF_NEXT
NO_SUCCESSOR_VF_NEXT
NO_FRAMES WS_FS NEXT
MIN_F0 NEXT WIN
MIN_STYLFIT FO NEXT WIN
MAX_FO NEXT WIN
MAX_STYLFIT FO NEXT WIN
MEAN_F0 NEXT WIN
MEAN_STYLFIT FO NEXT WIN
FIRST STYLFIT FO NEXT WIN
LAST STYLFIT _FO NEXT WIN
PATTERN_WORD NEXT WIN$
PATTERN_WORD_COLLAPSED NEXT WINS
PATTERN_SLOPE_NEXT WIN$
NO_PREVIOUS_SSF NEXT WIN
NO_PREVIOUS_VF NEXT WIN
NO_FRAMES LS WE NEXT WIN
NO_SUCCESSOR_SSF NEXT WIN
NO_SUCCESSOR_VF_NEXT WIN
NO_FRAMES_WS_FS NEXT WIN
PATTERN_BOUNDARYS$
SLOPE_DIFF

MIN_ENERGY

MIN_STYLFIT _ENERGY
MAX_ENERGY

MAX_STYLFIT ENERGY
MEAN_ENERGY

MEAN_STYLFIT ENERGY

FIRST STYLFIT _ENERGY

LAST STYLFIT ENERGY
ENERGY PATTERN _WORDS$
ENERGY PATTERN_WORD_COLLAPSED$
ENERGY PATTERN_SLOPE$
MIN_ENERGY_ WIN
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MIN_STYLFIT ENERGY_ WIN
MAX_ENERGY WIN

MAX_STYLFIT ENERGY WIN
MEAN_ENERGY WIN
MEAN_STYLFIT ENERGY WIN

FIRST STYLFIT ENERGY WIN

LAST STYLFIT ENERGY_ WIN
ENERGY PATTERN_WORD_WIN$
ENERGY PATTERN WORD_COLLAPSED WIN$
ENERGY PATTERN SLOPE_WIN$
MIN_ENERGY_NEXT

MIN_STYLFIT ENERGY NEXT
MAX_ENERGY NEXT

MAX_STYLFIT ENERGY NEXT
MEAN_ENERGY NEXT
MEAN_STYLFIT ENERGY NEXT
FIRST STYLFIT ENERGY NEXT
LAST STYLFIT ENERGY NEXT
ENERGY PATTERN_WORD NEXT$
ENERGY PATTERN WORD_COLLAPSED NEXTS$
ENERGY PATTERN SLOPE NEXT$
MIN_ENERGY NEXT WIN
MIN_STYLFIT ENERGY NEXT WIN
MAX_ENERGY NEXT WIN
MAX_STYLFIT ENERGY NEXT WIN
MEAN_ENERGY NEXT WIN
MEAN_STYLFIT ENERGY NEXT WIN
FIRST STYLFIT ENERGY NEXT WIN
LAST STYLFIT ENERGY NEXT WIN
ENERGY PATTERN WORD NEXT WINS$
ENERGY PATTERN WORD_COLLAPSED NEXT WIN$
ENERGY PATTERN SLOPE NEXT WIN$
ENERGY PATTERN BOUNDARYS$
ENERGY_SLOPE_DIFF

WORD_DUR

WORD_AV_DUR

NORM_WORD DUR

PAUSE DUR N

LAST VOWEL DUR Z

LAST VOWEL DUR N

LAST VOWEL _DUR_ZSP

LAST VOWEL_DUR_NSP

LAST RHYME DUR_PH

LAST RHYME DUR_PH_ND

LAST RHYME DUR_PH_NR

LAST RHYME _NORM_DUR_PH

LAST RHYME NORM_DUR_PH_ND
LAST RHYME NORM_DUR_PH_NR
LAST RHYME_DUR_WHOLE_ND
LAST RHYME_DUR_WHOLE NR
LAST RHYME_DUR_WHOLE_Z
FOK_WORD_DIFF_HIHI N

FOK_WORD DIFF_HILO N

FOK_WORD DIFF_LOLO N
FOK_WORD DIFF_LOHI N
FOK_WORD_DIFF_MNMN_N
FOK_WORD_DIFF_HIHI NG
FOK_WORD DIFF_HILO NG
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FOK_WORD _DIFF_LOLO NG
FOK_WORD DIFF_LOHI NG
FOK_WORD DIFF_MNMN_NG
FOK_WIN_DIFF_HIHI N

FOK_WIN DIFF_HILO N
FOK_WIN DIFF LOLO N
FOK_WIN_DIFF_LOHI N
FOK_WIN_DIFF_ MNMN_N
FOK_WIN_DIFF_HIHI NG
FOK_WIN_DIFF_HILO NG
FOK_WIN_DIFF_LOLO_NG
FOK_WIN_DIFF_LOHI NG
FOK_WIN_DIFF_ MNMN_NG
FOK_DIFF_LAST KBASELN
FOK_DIFF_MEAN_KBASELN
FOK_DIFF_WINMIN _KBASELN
FOK_LR_LAST KBASELN
FOK_LR_MEAN_KBASELN
FOK_LR_WINMIN_KBASELN
FOK_ZRANGE_MEAN_KBASELN
FOK_ZRANGE_MEAN_KTOPLN
FOK_ZRANGE_MEANNEXT KBASELN
FOK_ZRANGE_MEANNEXT KTOPLN
FOK_DIFF_MEANNEXT KTOPLN
FOK_DIFF_MAXNEXT KTOPLN
FOK_DIFF_WINMAXNEXT KTOPLN
FOK_LR_MEANNEXT KTOPLN
FOK_LR_MAXNEXT KTOPLN
FOK_LR_WINMAXNEXT KTOPLN
FOK_MAXK_MODE N
FOK_MAXK_NEXT MODE_N
FOK_MAXK_MODE Z
FOK_MAXK_NEXT MODE_Z
FOK_WORD DIFF_BEGBEG
FOK_WORD _DIFF_ENDBEG
FOK_INWORD_DIFF
SLOPE_DIFF N

LAST SLOPE

LAST SLOPE N

FIRST SLOPE NEXT

ENERGY WORD_DIFF HIHI N
ENERGY WORD DIFF_HILO N
ENERGY WORD DIFF LOLO N
ENERGY WORD DIFF_LOHI N
ENERGY WORD DIFF_MNMN_N
ENERGY WORD_DIFF_HIHI NG
ENERGY_WORD_DIFF_HILO NG
ENERGY_WORD_DIFF_LOLO NG
ENERGY_WORD_DIFF_LOHI NG
ENERGY WORD _DIFF MNMN NG
ENERGY_ WIN DIFF_HIHI N
ENERGY_ WIN DIFF HILO N
ENERGY WIN DIFF LOLO N
ENERGY_ WIN DIFF LOHI N
ENERGY WIN DIFF_ MNMN_N
ENERGY_ WIN_DIFF_HIHI NG
ENERGY_WIN_DIFF_HILO NG
ENERGY_WIN DIFF_LOLO_NG
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ENERGY_ WIN DIFF_LOHI NG
ENERGY_ WIN DIFF_ MNMN_NG
ENERGY DIFF_LAST KBASELN
ENERGY DIFF_MEAN KBASELN
ENERGY DIFF_WINMIN KBASELN
ENERGY LR LAST KBASELN
ENERGY LR_MEAN KBASELN
ENERGY LR_WINMIN KBASELN
ENERGY ZRANGE_MEAN KBASELN
ENERGY ZRANGE_MEAN KTOPLN
ENERGY ZRANGE_MEANNEXT KBASELN
ENERGY ZRANGE_MEANNEXT KTOPLN
ENERGY_DIFF_MEANNEXT KTOPLN
ENERGY_DIFF_MAXNEXT KTOPLN
ENERGY DIFF_WINMAXNEXT KTOPLN
ENERGY LR_MEANNEXT KTOPLN
ENERGY LR_MAXNEXT KTOPLN
ENERGY LR_WINMAXNEXT KTOPLN
ENERGY MAXK_MODE N

ENERGY MAXK_NEXT MODE N
ENERGY MAXK_MODE Z

ENERGY MAXK_NEXT MODE_Z
ENERGY WORD DIFF BEGBEG
ENERGY_WORD_DIFF_ENDBEG
ENERGY_INWORD_DIFF
ENERGY_SLOPE_DIFF N
ENERGY LAST SLOPE
ENERGY LAST SLOPE N
ENERGY FIRST SLOPE NEXT
AVG_PHONE _DUR Z
MAX_PHONE_DUR_Z
AVG_PHONE_DUR N
MAX_PHONE_DUR_N
AVG_PHONE_DUR_ZSP
MAX_PHONE_DUR_ZSP
AVG_PHONE_DUR_NSP
MAX_PHONE_DUR_NSP
AVG_VOWEL DUR_Z
MAX_VOWEL DUR Z
AVG_VOWEL DUR N
MAX_VOWEL DUR N
AVG_VOWEL_DUR_ZSP
MAX_VOWEL_DUR_ZSP
AVG_VOWEL_DUR_NSP
MAX_VOWEL_DUR_NSP

Slok:

../demo/data/demo_H.wav, H, male, 16, 51, ida, 51, 97, 51, 51, 0, S1:19_o0:13 k:4, SUSP, ?,?,?,2,?,2,7,?, 7,
139.02508062164566, 139.02508062164566, 234.83447797558082, 233.0840175423176, 186.9536691565916,
185.8123559345546, 211.67439947397284, 233.0840175423176, Uf, UUT, U, -603.3102437040556, 5, 3, 0, 5,
4, 19, 139.02508062164566, 139.02508062164566, 234.83447797558082,  233.0840175423176,
186.9536691565916, 185.8123559345546, 211.67439947397284, 233.0840175423176, Uf, UUf, U,
-603.3102437040556, 5, 3, 0, 5, 4, 4, 80.67289597938922, 82.32080734983464, 236.2832594821913,
234.63801635039877, 110.95535441478432, 119.45182143158313, 233.8610169463582, 82.32080734983464,
fUfU, fUfU, -305.06865000265634, U, -205.19367383521234, U, 16, 17, 5, 18, 20, 0, 100.19550636412536,

101.49730061769934, 236.2832594821913, 234.63801635039877, 129.96878863224688,
138.11027394597048, 233.8610169463582, 101.49730061769934, f, f, -305.06865000265634, 18, ?, ?, ?, 2, ?,
ff, -298.2415937013992, 41.4744506482582, 41.820994579845305, 62.582385553585134,
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61.83891425207503, 50.2595575404426, 50.02837611086514, 42.796935462096926, 45.6739374744422, frrff,
fif, -30.498152570363366, 136.83339157860632, 10.533070401230678, -44.58313111365682,
-33.6806918456533, -143.87432693793534, 42.42955097334462, 42.42955097334462, 62.582385553585134,
61.83891425207503, 52.91587141200776, 52.79343318665166, 49.680539218769944, 45.6739374744422, ff,
f, -44.58313111365682, -433.6806918456533, -143.87432693793534, 38.26992889395384,
38.33808017371905, 61.708175598025164, 61.70817559802514, 51.767148308090526, 51.67018371474762,
48.91832397553978,  38.33808017371905,  rffrf, rfif, 304.161234477898, -16.54053909241583,
-192.66495040034152, -39.08628577150598, 320.6246164221373, -115.3129708436157, 46.45482700980172,
48.445112345576675, 60.06328896928366, 58.65148347883252, 53.12676840515796, 53.090663089980715,
48.91832397553978,  48.445112345576675,  rff, rf,  304.161234477898,  -16.54053909241583,
-192.66495040034152, -39.08628577150598, fr, -448.03556141583334, 35, -3, -11.666666666666666, 0, ?, ?,
2,7,7, 7,2, 2, 2,2, 2, 7 7 -0.006644991741483921, 1.0407750799446247, 0.5240304540466085,

-0.5233896176395001, 0.4418242032900518, 0.009731690969036843, 0.01204274008271854,
0.010901194354192336,  0.008809212348661836,  0.010643619481815704,  -0.006644991741483921,
0.8313667756503376, 0.3146221497523214, -0.5233896176395001, 0.2966848728085111,

0.009731690969036843,  0.011496888956828863,  0.010407085109044966,  0.008809212348661836,
0.010330147208469885, 130.4520560909072, 83.1803944831442, 36.39311917023525, 0.8202495795321478,

0.5935879260841637, 0.30350495363413166, 0.8104726179526904, 0.18952738204730957,
0.16388520439742194, 0.8361147956025781, -85.81210147123768, 29.374093447577962,
29.374093447577962, -0.5413834577658334, 0.13374739071368635, 0.13374739071368635,
0.5325675070803668, 0.5392124988218508, 0.9377332452068012, 0.9528747156230797,
-0.09967775172383447, -0.003328015349992718, -0.09634973637384171, -1.9496991412989717,
-603.3102437040556, -2.5883810055510197, -305.06865000265634, 0.0021164189785320923,
0.4780891841048592, 0.0869548134672369, -0.3890179516590903, -0.03229053116707268,
0.030995965310442204, 0.03504188969087243, 0.03171882548470798, 0.0280565809402701,

0.03072647537445595, 0.052919978216041254, 0.24410139388462632, -0.13258637647301919,
-0.32376779214160406, -0.005614264927477919, 0.03138271754122069, 0.03292888384770804,
0.029921535307199813, 0.028516578189784966, 0.030936271291648276, 13.395110769247552,

17.749549405670493, 10.150724268149972, 0.3471163439370504, 0.43817887134717287,
0.27343358107628796, 0.5498821121281353, 0.45011788787186463, 0.6007454108123551,
0.3992545891876449, -12.8874696956416, -2.8494778123641495, -5.906169931556775,
-0.22267777804569977, -0.045142248104544085, -0.09594580734205337, 0.36243927898215234,
0.3603228600036202, 0.5824399634117822, 0.5783896720166231, -0.13368555104433266,
-0.06862421046021257, -0.0650613405841201, -2.4125327140221824, -143.87432693793534,

-3.1500311751848242, 304.161234477898,?,?,2,2,2,7,2,2,2,2,2,2,2,2,2, 7.

ida:

../demo/data/demo_H.wav, H, male, 51, 97, a, 125, 142, 97, 125, 28, i:9 d:11 _a:25,0,?,?,?2,2,?,?,?2, 2,7,
80.67289597938922 82.32080734983464 236.2832594821913, 234.63801635039877, 110.95535441478432,
119.45182143158313, 233.8610169463582, 82.32080734983464 fUfU, fUfU, -305.06865000265634, U,
-205.19367383521234, U, 16, 17, 5, 18, 20, 0, 80.67289597938922, 82.32080734983464, 99.95838476292244,
111.04792168676437, 86.56867462526922, 96.68436451829949, 111.04792168676437, 82.32080734983464,
fu, fU, -205.19367383521234, U, ?, ?, ?, 14, 15, 0, 103.96671706036422, 109.15546284590134,

120.06342587530992, 120.06342587530992, 109.31326064755098, 114.60944436060562,
120.06342587530992, 109.15546284590134, f, £, -72.71975352939056, 16, 16, 0, ?, 7, ?, 103.45658413403169,
106.24667270472571, 120.06342587530992, 120.06342587530992, 108.61487112802209,
113.15504929001781, 120.06342587530992, 106.24667270472571, f, £, -72.71975352939056, 19, 20, 0, ?, ?, ?,
ff, -132.47392030582176, 38.26992889395384, 38.33808017371905, 61.708175598025164,
61.70817559802514, 51.767148308090526, 51.67018371474762, 48.91832397553978,

38.33808017371905, rffrf, rfif, 304.161234477898, -16.54053909241583, -192.66495040034152,
-39.08628577150598, 320.6246164221373, -115.3129708436157, 38.26992889395384, 38.33808017371905,
61.378019967350816, 60.47817057569326, 49.49098476195482, 49.40812537470615, 60.47817057569326,
38.33808017371905, f, f, -115.3129708436157, 53.1109816337451, 52.277401148366955,
60.18830180780424, 59.39943676272692, 58.694816045571045, 57.8594886876932, 52.277401148366955,
55.608300373609524, 1, r, 14.617160408337508, 50.63601847935072, 49.92159578993343,
60.18830180780424, 59.39943676272692, 57.639001397129555, 56.852434570493024, 52.277401148366955,
49.92159578993343, rf, rf, 14.617160408337508, -177.70951823987795, fr, -129.9301312519532, 46,
35.14285714285714, 1.3089430894308944, 0.028975508796136598, 2, ?, 2, 2, 2, 2, 2, 2, 2, 7, 2, 2, 2,

48



0.6700238185103393,
0.041382909732373636,
0.008975557381223577,
-0.25513959265955977,
0.009835853204843401,
-20.311154101575767,
0.15176372279411185,
0.11670324467944404,
-85.20049702751089,
0.5392124988218508,
0.6667068421188481,
-205.19367383521234,
0.16585225049888871,
0.03126929629077778,
0.03011634363288526,
-0.43784108156714935,
0.02888847528848471,
19.391357009552976,
0.17203216732907411,
0.20750954747739184,
-0.10954121342971196,
0.32219117644444234,
-0.31012051462743845
-3.0077920000455145,
1.2576068376068374,

1.2576068376068374, 1.6666666666666667, ?,

a

103.96671706036422,
109.31326064755098,

114.60944436060562,

0.7652708398993883,
0.01110704244344693,
0.009828592768087237,
-0.3773962531757692,
0.009210743256735054,
16.819859980172723,
-0.22052550041247687,

0.883296755320556,

-0.5827663674982072,

-0.13081131968848858,

-0.3773962531757692,
-2.4926100756423706,
-0.31012051462743845,
0.0322786903183036,
0.017997738781345436,
-0.14034415180091303,
0.02765895423052331,
6.059253468524403,
0.6007454108123551,
-6.698164722696092,
-0.0832739316637219,
0.5783896720166231,
0.24370838706818887,
14.617160408337508,
1.6666666666666667,

109.15546284590134,

120.06342587530992,

-0.28214923178672036,
0.011332476889074499,
-0.07805831705728554,
-0.15730729705108615,
0.008975557381223577,
-20.311154101575767,
0.16388520439742194,
-90.65447854221519,
-0.5362764277966529,
0.9528747156230797,
1.0441030952946173,
-72.71975352939056,
-0.43784108156714935,
0.02855180397515074,
0.19182879249999277,
0.031116576570247228,

0.029903977120976578,

0.17203216732907411,
0.3992545891876449,
-5.158216647662371,
-0.0832739316637219,
0.506864803520499,
-0.6996335094294047,
0.551262238721947,
0.551262238721947,

2,2,2,2,2,2,?

Gog fg by g 0y Iy ba

120.06342587530992,

-0.3773962531757692,
0.009157730071454751,
0.04419834345892385,
0.009584705856263039,
0.009419423556533524,
-0.22052550041247687,
0.8361147956025781,
-85.20049702751089,
-0.5362764277966529,
-0.16348892836059797,
-0.8660237006490935,
0.03813168355917774,
-0.11313656461598778,
0.02765895423052331,
-0.2640100278485021,
0.03249979900974809,
6.059253468524403,
0.4704694025142455,
0.7924904525226082,
-5.158216647662371,
0.3603228600036202,
-0.0664121275592495,
-115.3129708436157,
1.2982269672237463,
1.2982269672237463,

./demo/data/demo_H.wav, H, male, 125, 142, b, 142, 164, 142, 142, 0, a:17, 0, ?, ?, 2, 2, 2, 2, 2, 2, 72,

120.06342587530992,

109.15546284590134, f, f

-72.71975352939056, 16, 16, 0, 2, ?, ?, 103.96671706036422, 109.15546284590134, 120.06342587530992,

120.06342587530992,

109.15546284590134, Uf, Uf, U,

104.7922776341379,

109.31326064755098,

121.76366067910342,

-72.71975352939056, 16,

114.60944436060562,
16, 0, 2, 2,
121.76366067910342,

120.06342587530992,

7, 103.45658413403169,

111.36403692763508,

111.95724900388727, 108.42826531060743, 106.73396092711226, f{Uf, fUf, -72.71975352939056, U,
-115.6130750153166, 13, 14, 1, 5, 6, 0, 103.45658413403169, 104.7922776341379, 121.76366067910342,
121.76366067910342, 111.88864504429267, 112.47338485963157, 108.42826531060743,
109.0462224274186, fUf, fUf, -72.71975352939056, U, -115.6130750153166, 12, 12, 0, 5, 6, 0, ff, O,
53.1109816337451, 52.277401148366955, 60.18830180780424, 59.39943676272692, 58.694816045571045,
57.8594886876932, 52.277401148366955, 55.608300373609524, r, r, 14.617160408337508,
37.407402480764375, 35.416107651411544, 60.18830180780424, 59.39943676272692, 55.04910736590773,
54.21485120127927,  35.416107651411544,  55.608300373609524, 1, 1,  506.90207435453294,
14.617160408337508, 46.13045940081604, 46.13045940081604, 61.98893067685692, 61.83821369703302,
55.92191235835698,  55.59386899915398,  53.712732179050825,  47.27686074975728,  frrft,  fif,
-177.70951823987795, 385.83291180117175, 52.517204977804276, -77.62991447936763,
-351.5357269632099, 46.13045940081604, 46.13045940081604, 61.98893067685692, 61.83821369703302,
56.67219307920548,  56.27199016114622,  53.712732179050825,  54.7762895916391,  firf,  fif,
-177.70951823987795, 385.83291180117175, 52.517204977804276, -77.62991447936763, tf,
192.32667864821545, 17, 15, 1.1333333333333333,0,7,7,7,2,2,2,2,2,2,2,7,7,72,-0.014061806261395266,

0.13604006963537318, 0.04079304824632444, -0.10930882765044422, 0.023413119303965838,
0.009715021646681492, 0.01002848880425557, 0.009828994303962418, 0.009521762878927824,
0.009791904705122709, -0.014061806261395266, 0.13604006963537318, 0.04079304824632444,
-0.10930882765044422, 0.018813597778859995, 0.009715021646681492, 0.01002848880425557,
0.009828994303962418, 0.009521762878927824, 0.009782368228527122, 6.5235013944909355,
11.977482909195217, 6.5235013944909355, 0.061623731374243436, 0.11038081306173814,
0.061623731374243436, 0.11670324467944404, 0.883296755320556, 0.09086143751517198,

0.909138562484828, -93.30667389893354, -83.50026222371739, -83.50026222371739, -0.606179486802173,
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-0.5222146215352578, -0.5222146215352578,
-0.16348892836059797, -0.14692259970674623,
0.09524702138904899, 0, -72.71975352939056,

-0.13081131968848858, -0.11674951342709325,
0.10193134699615772, 0.006684325607108722,
-0.6662035195806153, -72.71975352939056,

-0.040236773764902256, 0.25281128786478624, 0.1250907209250753, -0.16795734070461324,
0.03994453707169263, 0.030677834360301994, 0.03302421102105738, 0.03199150365159186,
0.029718501051690153, 0.03128803988977304, -0.040236773764902256, 0.25281128786478624,
-0.2643067212981792, -0.5573547829278678, -0.03724202257093449, 0.030677834360301994,
0.03302421102105738, 0.028842961346539277, 0.026793663294045703, 0.030693781526587364,
23.329473668414877, 25.580661982498555, 3.1372809462168973, 0.5439209820909867,
0.5836059671302334, 0.09275523973325796, 0.7924904525226082, 0.20750954747739184,
0.7223014177961814, 0.27769858220381854, -8.96378441123531, -2.719439713356273,
-2.719439713356273, -0.1494857505014046, -0.04303715789881963, -0.04303715789881963,
0.32219117644444234, 0.3624279502093447, 0.506864803520499, 0.5824182601742882,
-0.027085894442846082, 0.03468240569162828, -0.061768300134474256, 1.0356195891053528,
14.617160408337508, 0.26285932693735936, -177.70951823987795, 0.25964539344474924,
0.25964539344474924, 1.1333333333333333, 1.1333333333333333, 0.25964539344474924,

0.25964539344474924, 1.1333333333333333, 1.1333333333333333,7,2,2,7,2,2,2, 2.

b:
../demo/data/demo_H.wav, H, male, 142, 164, d, 164, 187, 164, 164, 0, b:23, SUSP, ?, ?,?, 2,2, 2,2, 2, 7,
103.45658413403169, 104.7922776341379, 121.76366067910342, 121.76366067910342,
111.36403692763508, 111.95724900388727, 108.42826531060743, 106.73396092711226, fUf, f{Uf,
-72.71975352939056, U, -115.6130750153166, 13, 14, 1, 5, 6, 0, 103.45658413403169, 104.7922776341379,

121.76366067910342, 121.76366067910342, 112.20306296982986, 112.70833980892972,
106.24667270472571, 106.73396092711226, Uf, Uf, U, -115.6130750153166, 13, 14, 1, 3, 3, O,
137.40824334782533, 140.45337965159138, 156.95922713599148, 142.1922792106645,
145.79546547246838, 141.32282943112793, 140.45337965159138, 142.1922792106645, Ur, Ur, U,

10.868122244207084, 16, 17, 1, 16, 17, 5, 137.40824334782533, 140.45337965159138, 156.95922713599148,
141.97491676578036, 145.95792770598186, 141.21414820868588, 140.45337965159138,
141.97491676578036, Ur, Ur, U, 10.868122244207084, 14, 15, 0, ?, ?, ?, fr, -126.48119725952368,
46.13045940081604, 46.13045940081604, 61.98893067685692, 61.83821369703302, 55.92191235835698,
55.59386899915398,  53.712732179050825, 47.27686074975728, frrff, frf, -177.70951823987795,
385.83291180117175, 52.517204977804276, -77.62991447936763, -351.5357269632099, 46.13045940081604,
46.13045940081604, 61.98893067685692, 61.83821369703302, 56.51557639226279, 56.223319834930955,
48.02602759537473,  47.27686074975728, rrff, rf, 385.83291180117175,  52.517204977804276,
-77.62991447936763, -351.5357269632099, 46.17024996173063, 46.83300796170157, 63.35117582894084,
63.35117582894084, 56.147710883425205, 55.932187743078245, 47.165897552743345,
48.855184634273286, frrff, frf, -10.402799720055652, 392.9566129532366, 123.23613289799019,
-48.76572863364754, -177.73413378303292, 46.17024996173063, 46.83300796170157, 63.35117582894084,
63.35117582894084, 57.08793423318845, 56.75026758757076, 47.165897552743345, 54.54267691533034,
frirff, frf, -10.402799720055652, 392.9566129532366, 123.23613289799019, -48.76572863364754,
-177.73413378303292, ff, -341.13292724315426, 22, -1, -22, 0, ?, 7, 2, 2, 2, 2, 2,2, 2, 2,2, 2, 2,

-0.15509826223989004, -0.14279365791226636, -0.292895533809035, -0.3052001381366586,
-0.2329297506345617, 0.009438701046372993, 0.00946218788219145, 0.009166421969923212,
0.00914366927778364, 0.009285152703115463, -0.1535684411320785, -0.14279365791226636,
-0.292895533809035, -0.30367031702884706, -0.22547410143061364, 0.009441614795916849,
0.00946218788219145, 0.009166421969923212, 0.009146491950316272, 0.009299756300073004,
4.101999475701859, 9.325287552476865, 2.160316182727499, 0.039189992547017105,
0.08696769375777225, 0.02083068312791907, 0.09086143751517198, 0.909138562484828,
0.3769865394030801, 0.62301346059692, -63.94109347169288, -63.0716436921563, -63.289006137040445,
-0.37324973616761137, -0.36711635929536757, -0.3686461804031792, -0.11674951342709325,
0.038348748812796825, -0.14692259970674623, 0.05212473645113002, -0.2587868111698194,
-0.2745362243899368, 0.01574941322011743, -0.8268473844538816, -115.6130750153166,
-1.0831892118598296, 10.868122244207084, -0.024171949451014228, 0.2779332653349916,
-0.015114796294696899, -0.31722001108070275, -0.0060670984268617, 0.03079955813258639,
0.03321850877503219, 0.030858327220804158, 0.028611243495249575, 0.030933352483498648,
-0.024171949451014228, 0.2779332653349916, -0.015114796294696899, -0.31722001108070275,
-0.009328757033511773, 0.03079955813258639, 0.03321850877503219, 0.030858327220804158,
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0.028611243495249575, 0.030908500637452672, 14.998034044562637, 23.315042293959337,

13.85163269562139, 0.38160947857326877, 0.5436614300585407, 0.3570619610314372,
0.7223014177961814, 0.27769858220381854, 0.7327825529072608, 0.2672174470927392,
-8.625465667311047, -1.2064775814484534, -1.2064775814484534, -0.14341865207454288,
-0.01886520844780536, -0.01886520844780536, 0.3624279502093447, 0.3865998996603589,
0.5824182601742882, 0.6292899183583306, 0.12997894973783225, 0.0023498519117425595,
0.12762909782608975, -1.836895143330858, -351.5357269632099, -7.4356825175837145,

-10.402799720055652,?,7,7,2,2,2,2,2,2,2,2,2,2,2,2, 2.

d:
../demo/data/demo_H.wav, H, male, 164, 187, haitiyi, 187, 238, 187, 187, 0, d:23, 0, ?, 2,2, ?, 2,2, 2, 7, 2,
137.40824334782533, 140.45337965159138, 156.95922713599148, 142.1922792106645,
145.79546547246838, 141.32282943112793, 140.45337965159138, 142.1922792106645, Ur, Ur, U,
10.868122244207084, 16, 17, 1, 16, 17, 5, 137.40824334782533, 140.45337965159138, 156.95922713599148,
142.1922792106645, 145.79546547246838, 141.32282943112793, 140.45337965159138, 142.1922792106645,
Ur, Ur, U, 10.868122244207084, 16, 17, 1, 16, 17, 3, 102.60401297201705, 114.24074853016559,
133.50271367105245, 122.98310375874283, 122.31099675327592, 117.9982640610027,
114.24074853016559, 122.98310375874283, UrUr, UrUr, U, 30.64417548926255, U, 47.00849771463626, 15,
16, 0, 15, 17, 6, 102.60401297201705, 114.24074853016559, 130.050626269715, 117.9180495888771,
118.66298349385823, 116.07939905952132, 114.24074853016559, 117.9180495888771, Ur, Ur, U,
30.64417548926255, 13, 14, 0, 2, ?, 2, 11, -19.776053245055465, 46.17024996173063, 46.83300796170157,
63.35117582894084, 63.35117582894084, 56.147710883425205, 55.932187743078245, 47.165897552743345,
48.855184634273286, frrff, frf, -10.402799720055652, 392.9566129532366, 123.23613289799019,
-48.76572863364754, -177.73413378303292, 46.523950178790024, 46.83300796170157, 63.35117582894084,
63.35117582894084, 57.60927035084922, 57.33385933055437, 46.83300796170157, 48.855184634273286,
reff,  rf,  392.9566129532366, 123.23613289799019, -48.76572863364754, -177.73413378303292,
42.81166150341454, 42.81166150341447, 59.29415513835917, 59.255216994428636, 53.479218299939454,
53.1898980687364, 46.95935387392093, 52.87557270267665, rrffrfrf, rfrfrf, 276.08733949325415,
50.48200964258106, -94.01172946283309, -267.8811699921035, 142.7814041513301, -47.27252866326244,
79.1920102089292, -9.812220519148559, 43.16769235321622, 43.16769235321623, 59.29415513835917,
59.255216994428636, 54.06253539726378, 53.77911098181633, 46.95935387392093, 56.246841651617984,
rrf, rf, 276.08733949325415, 50.48200964258106, -94.01172946283309, fr, -453.82147327628707, 23, 13,
1.7692307692307692, 0, ?, 2, 2, 2, 2,2, 2, 2,2, 2, 2, 2, ?, 0.14513324248994894, 0.21887216978178387,

0.2065675654541601, 0.1328286381623251, 0.1803769307291842, 0.010037422859739624,
0.01019362815211654, 0.010168325751257035, 0.01001250818824057, 0.010111952898590116,
0.18719033242867064, 0.21887216978178387, 0.2065675654541601, 0.17488572810104702,
0.19677241212772625, 0.010125923004574496, 0.01019362815211654, 0.010168325751257035,
0.010100788659951475, 0.010146824746657911, 39.560317759254104, 38.690867979717524,

37.82141820018097, 0.3260308212645778, 0.319897444392334, 0.313726216936954, 0.3769865394030801,
0.62301346059692, 0.14972239049399097, 0.8502776095060091, -87.26565884181811, -82.28081914407798,

-87.34587331394371, -0.5536266668967954, -0.5122496017853164, -0.5543066917240383,
0.038348748812796825, -0.10678449367715216, 0.05212473645113002, -0.1350408909057629,
0.2065675654541601, 0.21887216978178387, -0.012304604327623649, -0.12928228270122233,
10.868122244207084, 0.07643257639963316, 30.64417548926255, 0.0668396407526865,
0.39188293692164256, 0.08977772213563678, -0.23526557403331927, 0.0502715314128721,
0.03148735342692737, 0.03421167318231807, 0.03172040094056965, 0.029194464413853056,
0.03137197446607108, 0.0668396407526865, 0.3836011141630248, 0.08149589937701883,
-0.23526557403331927, 0.06400624241608445, 0.03148735342692737, 0.03413642004454953,
0.03165062768834275, 0.029194464413853056, 0.03147767001103188, 16.57635792907864,
23.6533610378836, 14.554181256506922, 0.4144490113005481, 0.5497285284854024, 0.3721767573261341,
0.7327825529072608, 0.2672174470927392, 0.647826253244097, 0.3521737467559029,
-11.367755341652895, -5.302436415960656, -5.302436415960656, -0.19369018348741515,
-0.08570484920049187, -0.08570484920049187, 0.3865998996603589, 0.3197602589076723,
0.6292899183583306, 0.5023968663920694, 0.0043887056280221305, 0.039578090267043925,
-0.03518938463902185, -2.443688057137543, -177.73413378303292, -3.6379789599310492,

276.08733949325415, 1.091089451179962, 1.091089451179962, 1.7692307692307692, 1.7692307692307692,
1.091089451179962, 1.091089451179962, 1.7692307692307692, 1.7692307692307692,?,?,7,7,7,7,7, 7.
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haitiyi:

../demo/data/demo_H.wav, H, male, 187, 238, iSlgal, 238, 279, 238, 238, 0, h:6_a:8 i:12 t:7 i:8 y:3 i:7,

SUSP, ?7, 2, 2, 2, 7,
122.98310375874283,
122.98310375874283,
115.26155865691203,
124.77731906082002,

2, 7, 9
EE

119.45746643014509,

i) L)

122.31099675327592,

115.9318291015474,

102.60401297201705,

115.9318291015474,

117.9982640610027,

133.50271367105245,

114.24074853016559,

122.98310375874283,

133.50271367105245,
114.24074853016559,

UrUr, UrUr, U, 30.64417548926255, U, 47.00849771463626, 15, 16, 0, 15, 17, 6,

122.98310375874283,
Ur, Ur, U,

47.00849771463626, 15, 16, 0, 15, 16, 3, 105.13639370098308, 105.13639370098309, 141.24486016359108,

137.08401570013385,

121.00879543049238, Uf, UUf, U, -133.96016891367884,

105.13639370098309,
109.56154640274593,

113.98669910450877,

130.57667537268827,

113.98669910450877,

125.39299447233178,
13,
113.98669910450877,

105.13639370098309, U, UU, U, ?, 3,

14, 0, 2, 3, 6,

113.98669910450877,
105.13639370098308,
109.78966640378928,
11, 2, 3, 6, tf,

180.9686666283151, 42.81166150341454, 42.81166150341447, 59.29415513835917, 59.255216994428636,
53.479218299939454, 53.1898980687364, 46.95935387392093, 52.87557270267665, rrffrfrf, rfrfrf,
276.08733949325415, 50.48200964258106, -94.01172946283309, -267.8811699921035, 142.7814041513301,
-47.27252866326244, 79.1920102089292, -9.812220519148559, 45.86794551903271, 45.86794551903271,
58.56988626152594, 57.89422271136563, 56.29951440493003, 55.59963970746619, 45.86794551903271,
52.87557270267665, tf, tf, 79.1920102089292, -9.812220519148559, 44.93154639605038,
44.93154639605039, 63.669415043819626, 63.59762778432595, 55.50952759973103, 55.506644815639845,
48.90355954936352, 60.54380041217281, rfrffrrf, rfifrf, 167.11649863566396, -82.31865560749611,
96.10840417132866, -268.9177572754566, -14.39235722668729, 339.83125888393045, 106.33211381678089,
-31.8107017932619, 44.93154639605038, 44.93154639605039, 58.68162780865706, 58.38632352197177,
52.74049645974597,  52.465243349942284,  48.90355954936352,  52.649411366762045, rfr, rft,
167.11649863566396,  -82.31865560749611,  96.10840417132866, fr, -176.9287191548125, 51,
33.42857142857143, 1.5256410256410255, 0, 2, 2, 2, 2,2, 2,2, 2,2, 2, 2, 7, 2, -0.10854701302932311,

0.15678848329007905, 0.08304955599824414, -0.18228594032115808, -0.060782848176371015,
0.009528613196298465, 0.010071715005678659, 0.009917377888047745, 0.00938259847140728,
0.009620973129749329, 0.07596521105585496, 0.15678848329007905, 0.09774384336420354,
0.01692057112997943, 0.08647391959808029, 0.009899836857495034, 0.010071715005678659,
0.0099481333389472, 0.009778364165055963, 0.009922956322350608, 20.351142307332424,
15.366302609592296, 13.299867650136989, 0.1808975787746289, 0.13952051366314988,
0.12185293884875335, 0.14972239049399097, 0.8502776095060091, 0.22177334135523905,
0.7782266586447609, -79.87092843048903, -68.17990720268696, -91.27722379831204,
-0.4928438187204245, -0.4037025887559933, -0.5882148128411716, -0.10678449367715216,
0.0017625193521711281, -0.1350408909057629, 0.002352098003124769, 0.00222628376402015,
0.07596521105585496, -0.07373892729183497, 1.1830491164840853, 47.00849771463626,
0.38223541509290004, -133.96016891367884, -0.07072234398396691, 0.2767136862924887,
-0.04832960987646725,  -0.39576564015292287,  -0.042634247602703484,  0.030452440310536087,
0.033232962074092404, 0.030586578349270862, 0.02802747312767618, 0.03065121419460159,
-0.00846407700014684, 0.2534774587551312, 0.020626378012683508, -0.24131515774259465,
0.058025802225664794, 0.030915587207845117, 0.03304378120155673, 0.031147992801528895,
0.029141897591297223, 0.031433993286398246, 20.596745997482003, 20.91107136354175,
13.589118813838063, 0.49352997324563447, 0.49945699707253016, 0.35135502307964817,
0.647826253244097, 0.3521737467559029, 0.7195992073251887, 0.2804007926748113,
-9.051008594749447, -0.9600256260633415, -6.1713298884175245, -0.15105593588471167,
-0.014982505216525001, -0.10047699973770251, 0.3197602589076723, 0.3904826028916393,
0.5023968663920694, 0.6369250148144682, -0.04056776990015851, 0.07809128231197181,
-0.1186590522121302, -0.952706346929594, -9.812220519148559, -0.18557190055081613,

167.11649863566396, ?,7,7,?,?,?,2,2,2,2,2,2,2,2,7, 2.

iS1gal:

../demo/data/demo_H.wav, H, male, 238, 279, mi, 279, 289, 279, 279, 0, i:8 S1:12_g:8 a:10_1:4, SUSP, ?, ?, ?,
2,2, 2,27, 2,27, 105.13639370098308, 105.13639370098309, 141.24486016359108, 137.08401570013385,
130.57667537268827, 125.39299447233178, 113.98669910450877, 121.00879543049238, Uf, UUf, U,
-133.96016891367884, 13, 14, 0, ?, 3, 6, 128.62636831239635, 121.00879543049238, 141.24486016359108,
137.08401570013385, 135.37367744243417, 129.04640556531314, 137.08401570013385,
121.00879543049238, Uf, Uf, U, -133.96016891367884, 13, 14, 0, 2, ?, ?, 107.53403058198809,
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106.27317684998772, 134.0852790798437, 119.6691937413556, 119.86207746499721, 112.97118529567166,
119.6691937413556, 106.27317684998772, f, £, -133.96016891367884, ?, ?, 2, ?, ?, 7, 94.90565500106408,
94.21676164775661, 134.0852790798437, 119.6691937413556, 111.25164810808022, 106.9429776945561,
119.6691937413556, 94.21676164775661, {1, £, -133.96016891367884, ?, ?,?, 2,2, ?, ff, 0, 44.93154639605038,
44.93154639605039, 63.669415043819626, 63.59762778432595, 55.50952759973103, 55.506644815639845,
48.90355954936352, 60.54380041217281, rfrffrrf, rfrfrf, 167.11649863566396, -82.31865560749611,
96.10840417132866, -268.9177572754566, -14.39235722668729, 339.83125888393045, 106.33211381678089,
-31.8107017932619, 48.4725705367772, 49.320399857903176, 63.669415043819626, 63.59762778432595,
58.2785587397161,  58.548046281337385,  49.78095528915718,  60.54380041217281,  frrf,  fif,
-14.39235722668729, 339.83125888393045, 106.33211381678089, -31.8107017932619, 57.09361452846416,
57.15065888755821, 57.75083821022652, 60.204486259711345, 57.45161164321204, 58.67757257363477,
60.204486259711345, 57.15065888755821, f, f, -31.8107017932619, 50.475045013294476,
52.200130614975734, 57.75083821022652, 60.204486259711345, 56.39664100494748, 57.00091934278746,
60.204486259711345, 52.200130614975734, f, f, -31.8107017932619, ff, 0, 41, 19.142857142857142,
2.1417910447761193, 0, 2, 2, 2, 2, 2, 2, 2,2, 2, 2, 2, 2, ?, 0.13586277393783877, 0.2545810720755778,
-0.01075442424382446, -0.12947272238156332, 0.10431997237484497, 0.010020222303463515,
0.010275168819784943,  0.009721096075017468,  0.009479897159202139,  0.009958577477084273,
0.13586277393783877, 0.37499588858467603, 0.2502651298970451, 0.011132015250207858,
0.18787629906991288, 0.010020222303463515, 0.01054736238818157, 0.010280000253610578,

0.009766222495233571, 0.010135348565751481, 18.37683397908198, 22.761033020921374,
18.37683397908198, 0.16471383311632104, 0.20030336183952083, 0.16471383311632104,
0.22177334135523905, 0.7782266586447609, 0.10074077994851739, 0.8992592200514826,
-92.29273760714915, -85.59472916146521, -85.59472916146521, -0.5971637910952694,
-0.5395653626938322, -0.5395653626938322, 0.0017625193521711281, -0.13410025458566782,

0.002352098003124769,  -0.16733015022149908,  -0.048649450147339374,  0.011132015250207858,
-0.05978146539754724, 0, -133.96016891367884,  -1.1070283646499544,  -133.96016891367884,

0.05482929853719376, 0.1068852513963737, -0.24055077888008186, -0.292606731739262,
-0.05555484524131759, 0.03139458450528049, 0.031798538995045894, 0.029138031950025473,
0.0287678753578948, 0.030557401204858264, 0.05482929853719376, 0.1974911735738034,

-0.056747211405822756, -0.1994090864424325, 0.026780324581442302, 0.03139458450528049,
0.0325270027200132, 0.030535561190730916, 0.029472474438252693, 0.03118526498098727,
28.26497370697816, 23.2278181104452, 17.04157315270853, 0.6289555815306921, 0.5420912446752336,

0.423926290363794, 0.7195992073251887, 0.2804007926748113, 0.8178347406968098,
0.1821652593031902, -5.880080836754523, -4.3531671506779475, -4.3531671506779475,
-0.09550109064339406, -0.06981180375371876, -0.06981180375371876, 0.3904826028916393,
0.3356533043544456, 0.6369250148144682, 0.5318052855379222, -0.20789668587256402,

0.005620204724465512,  -0.21351689059702944, 0,  -31.8107017932619,  -0.5254163362177394,
-31.8107017932619,7,2,2,2,2,2,2,2,2,2,2,2,7,7,7, 7.

mi:

../demo/data/demo_H.wav, H, male, 279, 289, ediyor, 289, 345, 289, 289, 0, m:7 i:3, SUSP, ?,?2,?,?,2,7,?, 7,
2, 107.53403058198809, 106.27317684998772, 134.0852790798437, 119.6691937413556,
119.86207746499721, 112.97118529567166, 119.6691937413556, 106.27317684998772, f, f,
-133.96016891367884, 2, 2, 2, 2, ?, 2, 107.53403058198809, 106.27317684998772, 141.24486016359108,
131.7256089435867, 127.64606713188216, 118.99939289678721, 131.7256089435867, 106.27317684998772,
f, f, -133.96016891367884, ?, 2, 2, 2, 2, ?, 80.97272635803911, 80.97272635803904, 297.20360068448406,
297.20360068448406, 121.4656435876833, 126.86463992871265, 104.93357516085092, 282.8988166990916,
fUfUfU, fUfUfU, -133.96016891367884, U, -232.21777616429745, U, -357.61959963481155, U, 4, 6, 5,
12, 13, 0, 88.36990607989475, 90.19795658034624, 118.12757054432663, 118.12757054432663,
98.35002557956196, 102.24736856190509, 104.93357516085092, 108.83885949775473, fUf, f{Uf,
-133.96016891367884, U, -232.21777616429745, 4, 4, 0, 12, 13, 0, ff, 0, 57.09361452846416,
57.15065888755821, 57.75083821022652, 60.204486259711345, 57.45161164321204, 58.67757257363477,
60.204486259711345, 57.15065888755821, f, f, -31.8107017932619, 57.09361452846416,
57.15065888755821, 63.669415043819626, 63.25831363186449, 59.379380823056614, 60.20448625971135,
63.25831363186449, 57.15065888755821, f, f, -31.8107017932619, 39.23704879152999,
39.237048791529986, 57.28791887195099, 56.811344735096746, 47.53616768440364, 47.42664678645171,
56.811344735096746, 42.73950833246955, ffrfrfr, frfrfr, -31.8107017932619, -120.71855650088668,
245.23566967035882, -61.245597611576585, 192.58927682514636, -182.44890257300247,
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111.45513709639782, 45.64535041185501, 45.76180760159511, 57.28791887195099, 56.811344735096746,
52.2349979090338,  52.43688856286459,  56.811344735096746,  52.956062656523144,  ffr, ft,
-31.8107017932619, -120.71855650088668, 245.23566967035882, ff, 0, 10, 6.142857142857143,
1.627906976744186, 0, ?, ?, 2, 2, 2, 2,2, 2,2, 2, 2, 27, 7, 0.9096862109155243, 0.390618830869778,

0.2719005327320392, -1.0284045090532632, -0.11598790191621311, 0.008187015590309946,
0.010609715947802217,  0.010346468679801742,  0.007983880134296835,  0.009510205059602104,
0.10895589212562319, 0.37871426643249234, 0.16400614658316298, -0.1057522277237061,
0.15172333213498496, 0.009966032433570172, 0.010563192954073177, 0.010098506838909654,
0.009527616046092972, 0.010063025697446994, 3.641215398577316, 10.339223844261255,
3.641215398577316, 0.0348635197283742, 0.09598338946467586, 0.0348635197283742,
0.10074077994851739, 0.8992592200514826, 0.2361123974891082, 0.7638876025108918,
-78.39928297410816, 91.93967778166325, -87.13635235849418, -0.48117588917905635,
0.370120848221692, -0.552531433107865, -0.13410025458566782, 0.7755859563298565,
-0.16733015022149908, 1.5624858294446355, 0.13140368475805547, 0.01268538662031643,
0.11871829813773888, 0,  -133.96016891367884,  -1.2605266247265132,  -133.96016891367884,
0.05801083508949457, 0.4281254494421527, 0.37606949658297273, 0.005954882230314354,
0.2128733460009334, 0.0314249357669935, 0.03459442565239852, 0.03415495346264417,
0.031025727366392315, 0.03268892646746825, 0.10749052275485586, 0.32377671171555633,
0.22224107119101502, 0.005954882230314354, 0.1381365482681694, 0.031804387220481796,
0.033603508427109546, 0.03278080108213365, 0.031025727366392315, 0.03206084313766426,
24.871832182363562, 26.398745868440123, 24.871832182363562, 0.5712794239470464,
0.5976460899165512, 0.5712794239470464, 0.8178347406968098, 0.1821652593031902,
0.4692803805913838, 0.5307196194086162, -17.13100662393758, -7.746308675292546,
-7.746308675292546, -0.3083744366443274, -0.12782263884321327, -0.12782263884321327,
0.3356533043544456, 0.277642469264951, 0.5318052855379222, 0.42668555626137633,
0.05801083508949457, 0.005954882230314354,  0.05205595285918019, 0, -31.8107017932619,

-0.5566112869468096, -31.8107017932619,7?,7,7,2,72,2,2,2,2,2,2,2,2,2,2, 2.

ediyor:

../demo/data/demo_H.wav, H, male, 289, 345, ?, 7, ?, 345, 3200, 2855, e:12_d:5 i:3 y:2 0:8 r:23, SUSP, ?,?, ?,
2,7, 72,7, 72,7, 80.97272635803911, 80.97272635803904, 297.20360068448406, 297.20360068448406,
121.4656435876833, 126.86463992871265, 104.93357516085092, 282.8988166990916, fUfUfU, fUfUfU,
-133.96016891367884, U, -232.21777616429745, U, -357.61959963481155, U, 4, 6, 5, 12, 13, 0,
282.8988166990916, 282.8988166990916, 297.20360068448406, 297.20360068448406, 290.58143920425647,
290.05120869178785, 297.20360068448406, 282.8988166990916, UfU, UfU, U, -357.61959963481155, U, 4,
6,5 4,6,9 2,2 2L,
39.23704879152999, 39.237048791529986, 57.28791887195099, 56.811344735096746, 47.53616768440364,
47.42664678645171, 56.811344735096746, 42.73950833246955, ffrfrfr, frfrfr, -31.8107017932619,
-120.71855650088668, 245.23566967035882, -61.245597611576585, 192.58927682514636,
-182.44890257300247, 111.45513709639782, 39.23704879152999, 39.237048791529986, 47.45419126940294,
47.454191269402905, 42.30696791849623, 42.44079283467879, 42.5034806641474, 42.73950833246955, frft,
frfr, -61.245597611576585, 192.58927682514636, -182.44890257300247, 111.45513709639782, 2, 7,2, 7,7, 2,
2,00 0, ,2,2,2,2, 2,7, 2, 2, 56, 16.142857142857142, 3.4690265486725664,
2.9544670576060708, 2, 2, 2,2, 2,2, 2, 2%, 2, 2% 2, % 2, % 2, 2% 2,2 2,20, 2, 2,2, 2,2,2,2,2,2,2, 2,9, 2,
180.26685524768118, 24.232678477302244, 180.26685524768118, 1.013939896198607,
0.21197129138088897, 1.013939896198607, 0.2361123974891082, 0.7638876025108918, ?, 2, ?, 7,2, 2,7, 7,
0.7755859563298565, ?, 1.5624858294446355, ?, 7, ?, -0.9917617630905493, ?, -357.61959963481155,
-1.2641254700446398, ?, 2, 2, 2, 2, 2, 2, 2,2, 2,2, 2,2, 2, 2,7, 2, 2,7, 2, 2, 10.460681627274901,
15.147820081257066, 6.95822208633534, 0.28071225082060264, 0.3847727439156179,
0.1952099273640739, 0.4692803805913838, 0.5307196194086162, 7,7, ?,?,?,?, 7,7, 0.277642469264951, ?,
0.42668555626137633, 7, 7, ?, 0.2846122908961293, ?, 111.45513709639782, 2.607777708376782,?,7?,?,7, 7,
2,2,0,0,2,2,2,2,2,2°2,7.

3.3.5. Ciimle Boliitlemesi i¢cin Uretken (Generative) ve Ayirdedici (Discriminative) Yontemler
Yukarida da belirtildigi iizere, projenin amaci sadece belirtilen ozelliklerin ¢ikarilmasi ile sinirlt
olmayip, ¢ikarilan &zelliklerin 6zellikle ciimle bdliitlemesi i¢in kullanilmalaridir. Bu amagla ciimle
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boliitleme islevi icin standart siniflandiricilar disinda asagida detaylar ile verilmekte olan iiretken
(generative) ve ayirdedici (discriminative) yontemler de kullanilmugtir.

Literatiirde climle boliitleme igin Ozellikle sozciiksel bilginin yada soézciiksel 6zelliklerin
iistiinliiklerinin kullanildig: istatistiksel modelleri baz alan ¢6ziimler gelistirilmistir. Bununla birlikte,
Tiirk¢e genis bir kelime iiretme yetenegine sahip iiretken bir bigimbilgisel yapiya haiz oldugundan bu
cOziimler yetersiz kalabilmektedir. Bu caligma, bir yonii ile de kelimelerden ve bu kelimelerin
bi¢imbilgisel analizlerinden yeni bir bigcimbilgisel 6zellik seti olusturmaktadir. Bigimbilgisel bilgiyi
islemek i¢in daha 6nce Ingilizce ve benzeri dillere uygulanan HELM (Hidden Event Language Model)
modelleme metodu ve fHELM (factored Hidden Event Language Model) modelleme metodu da
kullanilmistir.  En nihayetinde Tiirkge ciimle boliitleme islevi igin, sozciiksel, biiriinsel ve
bicimbilgisel bilgilerin kullanildigi Boosting, CRF gibi ayirdedici siniflandirma teknikleri fHELM ile
birlestirilmigtir.

Daha énceki ¢alismalar ile Ingilizce (ve benzeri diller) igin konusma tanima, dgelere ayirma, kelime
anlam agiklastirma gibi uygulamalar icin istatistiksel dil modelleme teknikleri kullanilarak pekg¢ok
yararli sonuglara ulasilmistir. Ancak, 6zellikle Tiirkge, Cekge, Macarca gibi eklemeli veya ¢ekimli bir
bigcimbilgisel yap1 ile, goreceli olarak serbest 6ge sirasina sahip dillerde istatistiksel yaklagimlar
tizerinde kapsamli bir bi¢imde c¢alisilmamistir. Bu gibi dillerde daha zengin bir bi¢imbilgisel yap1
mevcut oldugundan verilen bir veri bilylikligii i¢in kelime hazne genisligi diger dillere gore daha
biiyiiktlir. (Waibel ve digerleri, 2000; Hakkani-Tiir ve digerleri, 2000) Bu durum veri seyrekligine
neden olmaktadir. Ayrica kelime odakli istatistiksel modeller bigimbilgisel olarak ¢éziimlenmis bilgiyi
de gorememektedir. Genellikle bu iki problemin birlesmesinin sonucu olarak dil isleme performansi
diismektedir.

Benzer bir bicimde, makine dgrenme alaninda, ayirdedici simiflandirma tekniklerinde kaydedilen tiim
geligsmelere ragmen, ayirdedici dizi sniflandirmasi hala ¢éziilmesi gereken bir sorundur.

Arastirmacilar 6zellikle maximum entropy Markov modelleri (McCallum ve digerleri, 2000) veya
CRF (Lafferty ve digerleri, 2001; Altun, 2005; Kuo ve digerleri, 2006) gibi c¢esitli yontemler
onermisglerdir. Bununla birlikte bu teknikler siirekli degerli 6zellikleri etkili bir bicimde islemede ¢ok
yeterli degildirler. Diger taraftan {iretken dizi modellemesi i¢in saklt Markov modelleri (HMMs) bu
alanda hakimiyetini siirdiirmekle birlikte sadece bir durum derecesi kullanilmaktadir. Ornegin;
otomatik konusma tanimada genel olarak kelime dizileri dil modeli i¢in modellenmektedirler
(Manning ve digerleri, 1999). Grafiksel modellerdeki gelismeler ile FLM (factored language models)
modelleri herbir 6mek i¢in bir O6zellik yiginimi isleyebilmektedirler. Bu projede Tiirk¢e icin
bicimbilgisel bilgiyi yada oOzellikleri kullanan istatistiksel smiflandirma modelleri ile ciimle
boliitlemesinin gerceklestirilmesi iizerinde de durulmustur. Bu proje ile asagida belirtilen ve 3
boliimden olusan bir katki sunulmustur.
1) HELM modelleri fHELM modellerine genisletilmis ve bu iki model siniflandirma modelleriile
birlestirilmislerdir.
2) Kelimelerden ve bu kelimelerin bi¢imbilgisel analizlerinden yeni bir bi¢cimbilgisel 6zellik seti
olusturulmustur.
3) Daha 6nce baska diller ile yaptigimiz ¢alismalardan yararlanarak Tiirkce icin biiriinsel bilgi
nin ¢ikarilmasi gergeklestirilmistir.
(Tur, 2000) Tirkge cilimle boliitlemede bigimbilgisel ozelliklerin kullanildigr ilk ¢aligmadir.
Gergeklestirdigimiz proje ile bu galisma (Tur, 2000) biiriinsel 6zelliklerin kullanilmasi ve daha
gelismis siniflandirma modelleri ile genisletilmis olmaktadir.

Yontemde tiretken modeller (6rnegin; hidden event modeling) baz alinmig ve biri kelimeleri digeri ise

kelimelerin bi¢cimbilgisel analizini kullanan iki ayr1 dil modeli olarak egitilmislerdir. Daha sonra herbir
modelden elde edilen agirliklandirilmis olasilik kombinasyonlar1 hesaplanmustir.
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(Guz ve digerleri, 2010) Sozliiksel, biiriinsel, bi¢imbilgisel ve pseudo-bicimbilgisel ozellikleri
kullanan ayirdedici ve iiretken modelleri birlestirerek ciimle boliitleme alaninda kullanmiglardir.

Literatiirde ciimle veya diyalog edim etiketleme (dialog act segmentation) bir siir siniflandirma
problemi olarak ele alinmistir. Amag verilen bir 6zellik dizisi X=X, ...X, i¢in en olas1 sinir etiket

dizisinin Y =Y, ... Y, bulunmasidir.

arg max P<Y|X) 7
Y
Bunu gergeklestirmek i¢in liretken, ayirdedici veya hibrid modeller kullaniimistir. Asagida bu
yaklagimlar 6zetlenmektedir.

3.3.5.1. fHELM (Factored Hidden Event Language Models)

Burada HELM modelleri ile FLM modellerin kullanilmas1 onerilmistir. Asagida dncelikle HELM daha
sonra da FLM anlatilmakta ve bu modellerin nasil birlestirildikleri agiklanmaktadir.

1) HELM (Hidden Event Language Models)

Ciimle bdliitleme icin en yaygin kullanilan iiretken model HELM modelidir (Stolcke ve digerleri,
1996). HELM modeli esasen dnceleri deletion (DEL) ve repetition (REP) gibi konusma akigindaki
bozukluklan tasarlamada kullanilmaktaydi. Bu bozukluklar1 gidermek igin kullanilan yaklasim extra
meta token lar olarak diigiiniilmeleriydi. Hesaplamalar1 kolaylastirmak icin iki kelime arasina hayali
bir no disfluency (NODF) token 1 koyulmaktadir. Bu durumlar sinirdan 6nce gelen kelimenin bir akig
bozuklugunun parcasi olmadigr durumlardir. Asagidaki omek, akis bozukluguna sahip bir dizinin
kavramsal olarak gosterimidir.

...she NODF got REP got NODF real NODF lucky...

Ciimle boliitleme i¢in ciimle sinirlart basit bir bigimde sakli olaylar (hidden events) olarak ele alinmis
ve kelime dizisi farazi climle sinir1 token lari (ciimle sinirt igin S, diger durum igin N) ile arttirtlmgtir.
Bu durumda 6rnek asagidaki bigimde olmaktadir.

... she N got N real N lucky S however N there N were N...

Ciimle boliitleme i¢in kavramsal model Sekil 8 de gdsterilmektedir.

Sekil 8. Ciimle Boliitleme i¢gin HELM in kavramsal gosterimi

Bu modelde 1 durum sinir token larindan S veya N in her biri i¢in ayrilmis, kalan diger durumlar ise
kelime {iretimi i¢in kullanilmigtir. En olast smir token dizisi basit bir bi¢imde sadece sozciiksel
ozelliklerin kullanilmas ile Viterbi ¢dziimlemesi yardimu ile elde edilmektedir. Ornegin X ve Y nin
strast ile tiim kelimeleri (X, = (,)) ve smir token larmi gosterdigi durumda P(X,Y)nin modellenmesi

i¢in dil modeli

arg max P(Y|X) = arg max P(X, Y) ®)
Y Y
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2) FLM (Factored Language Models)

FLM bir dizi 6zellik setini modellemede kullanilan ve bilinen dil modelleme yontemlerini genisleten
modellerdir. Bir baska ifade ile amag, 6zellik setlerinin bir alt kiimesini (factors) kullanarak olasiliksal
dil modelleri inga etmektir. Daha formal olarak, FLM, bir kelime dizisi W,,...,W, yerine Ozellik seti

dizisinin X,,...,X, olasiligin1 kestirmeyi amagclar. Burada W, kelimesi i¢cin M, bir bi¢imbilgisel
ozellik olmak iizere, X, = (W,,M,) oldugu varsayilmistir. Ornek bir FLM Sekil 9 da gosterilmektedir.

Simdiki (ilgilenilen kelime) sadece onceki 2 kelimeye degil ayni1 zamanda simdiki ve Onceki
bicimbilgisel analizlere de dayanmaktadir.

P(Wt|Wt—l’Wt—27Mt7Mt—l) (9)

Sekil 9. Oklarin olasiliklarin kestirimi igin kullanilan faktorleri, W ve M nin sirasi ile kelime ve
bigimbilgisel faktorleri gosterdigi FLM grafigi i¢in bir drnek.

(D ©
El&

Daha diisiik dereceli n-gram yaklasimlar yapildiginda dahi olas1 gizli n-gram dizileri oldugunda, FLM
ler igin 6nemli olabilecek bir durum da, boyle olasiliklarin giivenilir bir bigcimde kestirilebilmesi i¢in
geri ¢ekmenin (back off) nasil olacagidir. Bu problemin iistesinden gelebilmek icin yeni
genellestirilmis paralel geri ¢ekme teknigi Onerilmistir (Bilmes ve digerleri, 2003). Temel olarak,
sistem, geri ¢ekme yollarii gosteren bir geri ¢ekme grafigi olarak verilmistir. Grafikteki yollar
manual olarak secilebilmektedirler. Literatiirde, optimal geri ¢cekme grafiginin secilmesi i¢in genetik
algoritmalar 6ne siiriilmiistiir (Duh ve digerleri, 2004). Onemli bir nokta, bir ¢ok geri cekme grafiginin
Onerilebilecegi ve sistemin onlari paralel igleyebilmesidir.

En uzak kelimenin 6rnek bir geri ¢ekme diisiimii, W, kelimeleri ve M, bicimbilgisel analizleri
kullanan bir FLM ler i¢in asagidaki bicimde tanimlanabilir.

PML(Yt|Ct)= lf N(Ct:Yt)>T

A 1
C,)xPyolY, | C, otherwise (10)

P(Y, |ct)={a(

Burada C, =W, ,M,,Y, | ,W, .M, orjinal icerik, C, =W, M, Y, M, , geri cekilen icerik, P,
standart enyiiksek olasilik kestirimi (maximum likelihood estimation) (smoothing yapilarak) N()

meydana gelme sayist olup, «ise sonucun hala bir olasilik dagilimi oldugunu saglamak igin
kullanilmgtir,

3) HELM lerden fHELM lere

fHELM ler, HELM ve FLM lerin basit bir uzantisidir. fHELM ler, FLM lerin ¢oklu 6zellik dizisi
modelleme yetenegi ile HELM lerin siniflandirma giiciinii birlestirmektedir. Sekil 10, kullandigimiz
fHELM topolojisini gostermektedir. Sinir durumlari potansiyel hibrid modelleri insa etmek icin hala
mevcut olup, siir karari asagidaki ifade ile verilmektedir.
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P(Y, |7, MY, W M) (11)

Bu ifadede Y, smir karari olan S veya N i gostermektedir (M, bigimbilgisel analizi ile 7,
kelimesinden sonra).

Sekil 10. Oklarin olasiliklarin kestirimi i¢in kullanilan faktorleri, W ve M ve Y nin sirasi ile kelime,
big¢imbilgisel faktdrler ve kelime sinirlarini gosterdigi HELM igin olusturulmus bir FLM 6rnegi.

Bir fHELM insa etmek i¢in bir sonraki adim, istenen n-gram igin istatistiklerin giivenilir olmadig1
durumda olas1 geri ¢ekme yollarini belirten bir geri ¢ekme grafiginin yaratilmasidir. Bu ¢aligmada
sadece dogrusal geri ¢ekme grafigi (diisme ve bir faktdrii o zamanda unutma) ve en uzak 6zellikten
baslayarak biitlinliyle baglantili geri ¢ekme grafigi denenmistir. Deneylerde kullanilan geri ¢ekme,
trigram dil modelinde (M,_,) en uzak bigimbilgisel analizi diisirmekte ve daha sonra en uzak

kelimeyi (W,_, ) disiirmektedir. Bu islem boyle devam etmektedir. Daha sonra, en olasi durum dizisini

(6rnegin kelimeleri ve bigimbilgisel analiz gibi diger 6zelliklerini veren) bulmak i¢in standart Viterbi
cOziimlemesi kullanilabilir. Bu, herbir 6rnek pozisyonu ic¢in ¢oklu ozellikler kullanildigi zaman
iiretken bir siniflandirici insa etmek i¢in mitkemmel bir yonteme yolagar. Dahasi, siradan HELM lere
benzer bir bigimde, performansi daha da arttirmak i¢in diger siniflandiricilardan (tercihen ayirdedici
siniflandiricilar) elde edilen sonsal olasiliklar1 birlestirmek de miimkiin olabilmektedir. Ornegin;
sozciiksel ve bicimbilgisel bilgiyi isleten bir fHELM, sadece biiriinsel bilgiyi isleyen bir siniflandirici
ile birlestirilebilir.

Deneylerimizde Viterbi ¢oziimlemesi ve geleneksel ve Kneser-Ney yumusatmasi (Kneser ve digerleri,
1993) ile degistirilmis fHELM lerin insa edilmesinde SRILM tolkit (Stolcke, 2002) kullanilmustir.

3.3.5.2. Ayirdedici Simiflandirma Modelleri

HELM lerin bir zayifligi, kelime ve bi¢imbilgisel analizleri gibi sadece ayrik 6zellikleri igermesidir.
Bu engelin ortadan kaldirilmas: igin, literatiirde ¢esitli smiflandirma metodlar1 kullanilmigtir. Onde
gelen caligmalardan birinde, performansi arttirmak igin, aynm1 zamanda biirlinsel O6zelliklerin de
eklenmesi ile boliitleme modellerinde karar agaglari kullanilmistir (Shriberg ve digerleri, 2000).
Ayirdedici smiflandirma algoritmalarindaki gelismeler ile birlikte arastirmacilar CRF (conditional
random fields) leri (Liu, Stolcke ve digerleri, 2005), boosting i (Cuendet ve digerleri, 2006) ve
boosting ile maximum entropy siniflandirma algoritmalarint (Zimmermann ve digerleri, 2006)
kullanmay1 denemislerdir.

Sistemimiz, bagimsiz veya birlikte kullanilabilen iki siniflandirici tarafindan saglanan smira yonelik
sonsal olasiliklara P( Y,|X, ) dayanmaktadir.

1) Boosting
Ilk bilesen, agirliklandirilmis karar kiitiikleri (bir diizeyli karar agaclari=s1g karar agaglari) tizerinden
sonsal olasilik kestirimlerini {ireten bir Adaboost siniflandiricisidir (Schapire ve digerleri, 2000).
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-1
P(Y, |Xt)=[l+exp(—2mz WS, (X,)J] (12)
i=1
Burada s;() tek bir dzellikten fazla karar kiitiigii (ayrik bir 6zelligin veya siirekli bir dzelligin esik
degerine iliskin pozisyonun varliginda), w,; karar kiitiigiine verilen agirlik, ve m karar kiitiiklerinin

sayisidir. Adaboost en iyi karar kiitiigi se¢imi {izerinden iterasyonla egitilmekte ve genel
smiflandiricinin - hata  yaptigt  yerde Omekleri yeniden agirliklandirmaktadir. Deneylerin
gerceklestirmelerinde icsiboost (http://code.google.com//p/icsiboost) kullanilmistir. Deneylerimizin
tiimiinde boosting 1000 iterasyon ile ¢aligtirilmistir.

2) CRF (Conditional Random Fields)

Sistemimizin ikinci bileseni (Lafferty ve digerleri, 2001) tarafindan 6nerilen CRF leri kullanmaktadir.
Verilen bir gézlem dizisi (X =X,,...,X,,) i¢in sinir olay dizisinin (Y =Y, ...Y, ) olasihgmi kestirmek
icin zincir CRF ler kullanilmigtir.

7(X)= Zexp(iiﬂ,-s,-(n_l,n,xt )] (13)

t=1 i=1

olmak tizere

P(Y|X)=

1
ZX)

exp[iﬁﬂ,-s,-(Y,l,Y,,x,)] (14)

t=1 i=1

Burada s,(-) 6rneklere ve Y, ye yakin 6zel siir grubuna bagl olan karar fonksiyonlarmi, 4, egitme
verisi {izerinde kestirilen s, lerin agirliklarin1 ve Z(X) ise bir normalizasyon faktoriidiir.

Burada not edilmelidir ki, CRF ler sinir karar dizilerinin olasiliklarinm1 vermektedir. Forward-Backward
algoritmasi sinir diizeyinde sonsal olasiliklar kestirmek icin kullanilabilmektedir.

Deneylerimizde CRF++ toolkit (http://crfpp.sourceforge.net) kullanilmistir. CRF toolkit’i simdiki ve
onceki sinira iliskin ikili karar fonksiyonlarii gozoniine almaktadir. X den ¢ikarilan 6zellikler sinir
komgulugundan olusmaktadir ve CRF++ siirekli tipteki Ozellikleri isleyemediginden ve
nicelendirilmeye gereksinim duydugundan (Bu durum sadece CRF++ toolkit i¢in gegerli olup CRF
lerin geneli i¢in bir engel degildir) Adaboost ile kullanilan 6zelliklere uymaktadir. Farkli tipte
nicelendirmeleri denedikten sonra, Adaboost tarafindan 6grenilen karar kiitiiklerinden gelen esikleri
kullanmanin performansi biraz arttirdigi goézlenmistir. Bu durum biiylik olasilikla karar kiitiik
esiklerinin negatif ve pozitif sniflarin boliinmesinde zaten optimize edilmis olmalarindan
kaynaklanmaktadir. Bu nicelendirme (Friedman ve digerleri, 2007) tarafindan Onerilen metoda
benzerlikler gdstermektedir.

3.3.5.3. Hibrid Uretken ve Ayirdedici Modelleme

Belirtmek durumunda oldugumuz 6nemli gézlemlerden biri de sirali olmayan ayirdedici siniflandirict
algoritmalarinin genellikle boliitleme gorevi icin kritik olan igerigi dikkate almamalaridir. Her ne
kadar ilave bir 6zellik olarak igerik ekleme veya basit bir bicimde zaten dogasi geregi icerigi dikkate
alan CRF leri kullanmak miimkiin olsa da, bu yaklasimlar durak siireleri ve pitch araligi gibi gergek
degerli 6zellikler s6z konusu oldugunda suboptimal dir. Onceki ¢alismalarin bircogu bu sorunu basit
bir bigimde 6zellik uzayini hem manual hem de otomatik olarak muhafaza etmek ile ¢ozmiistiir (Kuo
ve digerleri, 20006).
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Bir alternatif de (Shriberg ve digerleri, 2000) tarafindan 6nerilen bir hibrid siniflandirma yaklagiminin
kullanilmasidir. Temel diisiince, boosting veya CRF gibi diger siniflandiricilardan elde edilen P,

sonsal olasiliklarint kullanmaktir. Bu olasiliklar basit bir bicimde asagida verilen Bayes kurali ile
durum g6zlem olasiliklarina doniistiiriilmektedirler.

P.(Y,1X,)

arg max —

Y, P(Yt)

HMM’e Viterbi algoritmasinin uygulanmasi, olasilig1r en yiiksek (en olasi) boliitlemeyi verecektir.
Durum gecis olasiliklar ile gézlem olasiliklarinin dinamik araliklarini idare edebilmek igin literatiirde
genellikle yapildig: gibi bir agirliklandirma islemi uygulanmustir.

=argmaxPC(X, |Yt) (15)
Y,

t

argmax P, (X, | Y,)* x P(Y,)° (16)
Y

t

Bu ifadede P(Y,) fHELM tarafindan kestirilmekte olup, & ve A3 held-out-set kullanilarak optimize
edilmektedirler.

4. BULGULAR

4.1. Veri Setleri

Bicimbilgisel, biiriinsel ve sozciiksel ozelliklerin ¢ikarildigi Tiirkge konusma verileri Bogazici
Universitesi BUSIM Laboratuvar1 (http://www.busim.ee.boun.edu.tr) tarafindan Amerika’nin Sesi
Tiirkge Yaym Bolimii’niin (http://voanews.com/turkish) giinliikk sabah ve aksam saatlerinde yapmis
oldugu yayinlardan kaydedilen herbiri 30 dakika olan (42 adet) toplam 21 saatlik haber yayinim
igermektedir. Tiirk¢e konusma verileri, audio (wav) formatinda 32kHz 6rnekleme frekansinda ve 16bit
linear PCM de oOrneklenmiglerdir. 42 adet olan konugma verileri toplamda 127915 adet kelime
icermektedir. Belirtilen 42 dosyanin bigimbilgisel, biirlinsel ve sozciiksel 6zelliklerinin ¢ikarilmas,
climle boliitleme isleminde siiflandiricilarin veri seti ilizerinden egitilmesi (training set), gelistirme
seti (development set/held-out set) {izerinden bazi parametrelerin ayarlanmasi ve bir test seti (test set)
tizerinde de test edilerek performans degerlendirilmelerinin yapilabilmesi i¢in 3 boliime ayrilmasi
gerekmistir.

Bu baglamda, yukarida sozii edilen 42 adet veri dosyasi, asagida verilen boliimlere ayrilmigtir,

1) 22 adet veri dosyasinda toplam 97330 kelimeden olusan egitim seti (training set)
2) 5 adet veri dosyasinda toplam 14897 adet kelimeden olusan gelistirme seti (development set)
3) 5 adet veri dosyasinda toplam 15688 adet kelimeden olusan test seti (test set)

Egitim setinin kelime haznesi biiyiikligli 19328 olup gelistirme setinde yeralan kelime haznesindeki
%33.5 ve test set te yeralan kelime haznesindeki %35.8 oraninda kelime egitim setinde
bulunmamaktadir.

Boylece, toplamda egitim ve gelistirme setlerinde 128,005 adet kelime bulunmaktadir. Bu kelimelerin
%6.76 oranindaki kismi bigimbilgisel analiz edici tarafindan analiz edilmemistir. Bunun nedeni bu
orandaki verinin igerisinde 6zel isimlerin, yabanci kisi isimlerinin, sehir adlarinin ve verideki yazim
hatalarinin yeralmasidir. Geriye kalan kelimeler ortalama kelime basina 1.95 adet ayrimsallagsmaya
sahip olmuslardir. Bu analiz edilme orani, sadece en son ¢ekimsel grup (en son I1G) dikkate alindiginda
kelime basina 1.83 e diigmektedir. Ayni oran en son ¢ekimsel grup un 6gesi (son IG nin 6gesi) dikkate
alindiginda 1.30 a diismektedir. Tablo 2 de bu oranlarin yanisira kelime-ifade belirsizligi olmama
yiizdeleri de gosterilmektedir.
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Tablo 2: Farkli Diizeylerdeki Bigimbilgisel Ozelliklerin Kelime-ifade Belirsizlik Istatistikleri: Herbir
kelime i¢in bigimbilgisel analiz edici tarafindan kelime basina ortalama ayrimsallagtirilma sayilar1 ve
tek bir ayrimsallastirilmaya sahip kelimelerin (kelime-ifade belirsizligi olmayan kelimeler) oranlari

Bigimbilgisel Ozellik Ortalama ayrigtirma Kelime-ifade
(parse)/ Kelime belirsizliginin olmama
(unambiguity) yilizdesi

Tiim bicimbilgisel analiz 1.95 37.0
Son ¢ekimsel grup (IG) 1.83 39.5
Son IG nin dgesi (POS) 1.30 62.9

4.2. Degerlendirme Olciitleri (Evaluation Methods)

Performans degerlendirmesi i¢in Otomatik konusma taniyicisinin ¢iktisi olan zorla hizalama (forced
alignment) tlizerinde F measure ve NIST hata Slgiitleri kullanilmigtir (Arisoy ve digerleri, 2009). NIST
hata 6l¢iitli, hatali bir bicimde siniflandirilmis kelime sinirlarinin sayisinin referans ciimle sinirlarinin
sayisina orani olarak tanimlanmaktadir (Liu ve digerleri, 2006).

+
NIST = Jutlp (17)
t,+ L
Burada f,, f, ve ¢, sirasi ile yanlis negatif, yanlis pozitif ve dogru pozitif olarak adlandirilir.

F-measure (kesinlik) precision ve yakalama orani (recall) nin harmonik ortalamasidir.

2X precisionXrecall

(18)

F —measure =

precision + recall

t
ve recall = olarak tanimlanmaktadir.

t,+fp t,+fy

Burada precision =

4.3. Sozciiksel ve Bicimbilgisel Ozellikler ile Yapilan Deneyler

Tim simiflandirma metodlar1 i¢in sadece sozciiksel bilgiyi kullanan baseline ile tiim sonuglar
kargilagtirilmigtir. Tablo 3 ve 4, Boosting, CRF ve sozciiksel, bicimbilgisel ve pseudo-bigimbilgisel
(kelimelerin son {i¢ harfi) 6zellikleri kullanan HELM, fHELM sonuglarini gostermektedir. Sadece
sozciiksel ozelliklerin kullanildigi durumda HELM diger metodlara gore iistiinliik saglamaktadir.
Bunun bir nedeni, Tiirkge nin ¢ekimli dogasindan dolayr ¢ok sayida sozciiksel 6zelligin ortaya
cikmasidir.

Ozellik setlerine bigimbilgisel ve pseudo-bi¢imbilgisel 6zellikler eklendiginde tiim siniflandiricilarda
belirgin bir gelistirim gézlenmistir.

flging olan bir baska gozlemimizde, hem bicimbilgisel hem de pseudo-bigimbilgisel dzelliklerin
kullanilmasi ile elde edilen Boosting performansinin bu 6zelliklerden sadece birinin kullanilmasi ile
elde edilen Boosting performansina gore diismesidir. CRF kararl bir bicimde Boosting den biraz daha
iyl sonucglar vermistir. Sadece sozciiksel oOzellikler kullanildiginda HELM ile karsilastirildiginda
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fHELM in hata oranmin goreceli olarak %26 oraninda azaldig1 belirlenmistir. Bu durum tiretken dizi
simiflandirmasi i¢in fHELM in etkinligini gostermistir. Dahasi, goreceli olarak NIST hata oranmi
azalimlar1 bi¢imbilgisel 6zellikler ile Boosting (%44) ve CRF (%50) de dahi daha fazladir. Bu
sonuglar Tablo 3 ve 4 de gosterilmektedir.

Tablo 3: Sozciiksel (L), Bigimbilgisel (M) ve/veya Pseudo-Bigimbilgisel (PM) Ozelliklerin Boosting,
CRF ve HELM/fHELM ile Kullanilmasi ile Elde Edilen F-Measure Sonuclari

F
Smiflandirier = LM L+PM L+M+PM
Boosting 0749 | 0.884 0.853 0.869
CRF 0756 | 0.887 0.864 0.891
HELM 0.782 3 ; :
fHELM : 0.865 0.862 ;

Tablo 4: Sozciiksel (L), Bigimbilgisel (M) ve/veya Pseudo-Bigimbilgisel (PM) Ozelliklerin Boosting,
CRF ve HELM/fHELM ile Kullanilmasi ile Elde Edilen NIST Hata Olgiitii Sonugclari

Siiflandirica NIST

L L+M L+PM L+M+PM
Boosting %44.0 | %24.7 %30.0 %26.5
CRF %43.3 | %24.0 %26.0 %21.7
HELM %36.7 - - -
fHELM - %25.9 %27.1 -

Cesitli miktarlarda egitim verisi oldugunda bigimbilgisel bilginin etkisini gérebilmek amaci ile HELM
ve fHELM i¢in 6grenme egrileri de ¢izilmistir. Sekil 11 de gosterildigi tizere HELM ve fHELM
arasindaki F-measure farki, beklendigi ilizere daha az egitim verisi kullanildiginda artmaktadir.
Omegin; tiim ozellik seti yerine sadece 10,000 adet ornek kullanildiginda F-measure ikiye
katlanmaktadir.
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Tablo 5 sozciiksel ve bigimbilgisel 6zelliklerin her ikisi de kullanildiginda ayirdedici ve iiretken dizi
siniflandirma metodlarinin kombinasyonlari ile elde edilen sonuglar1 géstermektedir. Performans asagi
yukart sadece ayirdedici siniflandiricilarin kullanilmasi ile elde edilen performans ile aynidir. Bunun
olasi1 bir nedeni HELM den gelen bilginin zaten katilmis olmasidir.

Tablo 5: Sozciiksel (L) ve Bigimbilgisel (M) Ozellikleri Kullanan Boosting ve CRF in fHELM ile
Birlestirilmesi ile Elde Edilen F-Measure ve NIST Hata Oranlari

Simiflandirici F NIST
Boosting(L+M) + fHELM(L+M) 0.879 | %23.8
CRF(L+M) + fHELM(L+M) 0.890 | %21.5

4.4. Biiriinsel Ozellikler ile Yapilan Deneyler

Biiriinsel ozelliklerin ciimle boliitlemesi icin istatistiksel olarak baglantisiz bir bilgi saglamasi
beklendiginden, oncelikle sadece biiriinsel bilgiyi kullanan Boosting ve CRF siiflandiricilarin
performanslarinin  etkinligi  Olglilmiistiir. Performanslarin sadece sozciiksel ve bigimbilgisel
Ozelliklerin kullanilmas: ile elde edilen performanslara benzerlik gosterdigi tespit edilmistir. Bu
durum, esasen Ingilizce igin tasarlanmis biiriinsel o6zelliklerin yararlarini ve kullamsliligin
gOstermistir.

Biiriinsel bilginin sozciiksel bilgi ile birlestirilebilmesi igin 2 farkli yaklasim uygulanmustir. ilk
yaklasimda, sadece Dbiirlinsel oOzellikleri kullanarak egitilen smiflandirici, fHELM ile
birlestirilmektedir. Tablo 6 da elde edilen sonuglar gosterilmektedir. Burada su durum not edilmelidir
ki, birlestirme isleminden 6nce Boosting ve fHELM karsilastirilabilir performanslara sahiptirler (NIST
hata oranlart siras1 ile %27.2 ve %25.9). Hibrid model, NIST hata oranim goreceli olarak %39
oraninda diisiirmektedir (%25.9 dan %15.8 e). Elde edilen bu sonuglar gostermistir ki, 2 farkli set
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tarafindan saglanan bilgi tamamlayici niteliktedir. Bu biraz da 6zellikle haber verilerinde, bu verilerin
dogas1 geregi, gazetecilerin yada konugmacinin ciimle sinirlarint 6zellikle biiriin ile vurgulamasindan
yada isaretlemesinden kaynaklanmaktadir. Ikinci yaklasim, biiriinsel 6zelliklerin sdzciiksel ve
bicimbilgisel bilgi ile birlikte Boosting ve CRF siniflandiricilarda kullanilmasidir. Tablo 7 ve 8§ elde
edilen sonuglar1 gostermektedir. Goriildiigii iizere her iki siniflandirici i¢in de performans belirgin bir
bicimde gelistirilmistir. Bu yaklasim, ek olarak pseudo-bi¢imbilgisel 6zelliklerin de eklenmesi ile,
onceki yaklasima oranla daha iyi bir performans sergilemistir.

Tablo 6: Sadece Biiriinsel (P) Ozellikleri Kullanan Boosting ile Sézciiksel (L) ve Bigimbilgisel (M)
Bilgiyi Kullanan fHELM in Birlestirilmesi ile Elde Edilen F-Measure ve NIST Hata Oranlart

Siniflandirica F NIST
CRF(P) 0.874 | %24.7
Boosting(P) 0.862 | %27.2
Boosting(P) + fHELM(L+M) | 0.919 | %15.8

Tablo 7: Sozciiksel (L), Biiriinsel (P), Bicimbilgisel (M) ve/veya Pseudo-Bigimbilgisel (PM)
Ozellikleri Kullanan Boosting ve CRF ile Elde Edilen F-Measure Sonuglar

Siniflandirici F

L+P L+M+P | L+PM+P | L+M+PM+P
Boosting 0.894 0.922 0918 0.927
CRF 0.895 0.921 0916 0.923

Tablo 8: Sozciiksel (L), Biiriinsel (P), Bigimbilgisel (M) ve/veya Pseudo-Bicimbilgisel (PM)
Ozellikleri Kullanan Boosting ve CRF ile Elde Edilen NIST Hata Oranlar

Simiflandirici NIST

L+P L+M+P | L+PM+P | L+M+PM+P
Boosting %20.4 | %16.5 %15.8 %14.7
CRF %:20.2 %14.6 %16.9 %15.3

Deneylerimizin final setinde, tiim 6zellik setini kullanan Boosting ve CRF siniflandiricilar ile fHELM
birlestirilmigtir. Tablo 9 elde edilen sonuglar1 gostermektedir. Sonuglardan da goriilecegi lizere
Boosting i1 iceren hibrid model gelistirim yapmazken CRF i iceren bir miktar gelistirim
gerceklestirmistir.

Tablo 9: fHELM in Sozciiksel (L), Biiriinsel (P), Bigimbilgisel (M) ve/veya Pseudo-Bi¢imbilgisel
(PM) Ozellikleri Kullanan Boosting ve CRF ile Birlestirilmesi ile Elde Edilen F-Measure ve NIST
Hata Oranlar1

Smiflandirica F NIST
Boosting(L+P+M+PM) + fHELM(L+M) | 0.925 | %14.8
CRF(L+P+M+PM) + fHELM(L+M) 0.926 | %14.9

5. TARTISMA VE SONUC
Bu projede Tiirkce konusma verileri i¢in Biirlinsel bilginin (6zellikler) ¢ikarilmasi ve ¢ikarilan
biirlinsel bilginin 6zellikle Tiirkce ciimle boliitleme alaninda kullanilmasi gergeklestirilmistir.

Ayrica, birlinsel bilginin SRILM ve Praat ile ¢ikarilmasinin yanisira Tiirkge ic¢in sozciiksel,
bicimbilgisel ve pseudo-bigimbilgisel (kelimelerin son ii¢ harfi) 6zellikler de ¢ikarilmigtir.

Cikarilan biiriinsel &zellikler kelime bazinda olup genellikle ingilizce icin tasarlanmus 6zelliklerden
olusmaktadir. Biiriinsel dzellikler ayrica hece diizeyinde de modellenerek gelistirilmislerdir. Ornegin
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climlenin son kelimesindeki bi¢imbilgisel belirsizlik, anlambirim diizeyindeki biiriinsel 6zelliklerin
kullanilmasi ile ortadan kaldirilmistir. Bigimbilgisel belirsizlik esasen fHELM igin bir problem
olusturmaktadir. Gelecekteki ¢alismalarimiz bigimbilgisel agiklagtirmanin etkilerinin arastirilmasini da
kapsayacaktir.

Ayrica bir¢ok dil isleme uygulamasinin temeli olan ciimle boliitleme islevi igin Boosting CRF gibi
ayirdedici farkli siniflandirici yapilari ile HELM ve fHELM gibi {iretken dil modellerini birlestiren
hibrid yaklasimlar denenmistir. Baska bir deyis ile Tiirk¢e ciimle boliitleme i¢in sdzciiksel, biiriinsel
ve bicimbilgisel dzellikleri kullanan, iiretken, ayirdedici ve hibrid smiflandirma yontemleri ortaya
konmustur.

Bu projenin elde edilen en 6nemli sonuglarindan biri sozciiksel, bi¢imbilgisel ve biirlinsel bilginin
kullanildig1 ayirdedici siniflandirma yaklagimlariin Tiirk¢e ciimle boliitleme alaninda en iyi sonuglari
verdiginin anlasilmasidir. CRF smiflandiricilar sadece biiriinsel ve sdzciiksel bilgi ile iyi sonuglar
verirken, Boosting bi¢imbilgisel bilgiden daha c¢ok yararlanmaktadir. Bu durum biiyiik olasilikla
boosting in bilinmeyen 6zellik degerlerini isleme yeteneginden kaynaklanmaktadir.

Deneylerimizde her ne kadar ayirdedici modeller tek baslarina en iyi sonuglari vermis olsalar da
tiretken modeller ciimle bdliitleme igin potansiyel kullanima sahiptirler. Boosting ve CRF modelleri
HELM lerde yeralmasi zor olan bir¢ok biiriinsel 6zellige erisebilmektedirler. Genellikle, sadece az
miktarda bir konusma verisinin mevcut oldugu bir durumda, gazete gibi yazili text kaynaklarinda
belirgin bir ¢oklukta text verisi mevcuttur. Her iki veri kaynagindan yararlanmak icin, Ingilizce dilinde
climle boliitlemesi igin egitilen modellerden kazandigimiz deneyim gdstermektedir ki, genel olarak
boosting ve CRF modeller konusma verisinden, HELM ler ise text verisinden egitilmektedirler. Bu iki
model bir HELM de test siiresince birlestirilmektedirler. Bu islem Ingilizce igin en iyi sonucu
vermektedir. Bu ¢alismada 6zellikle Tirkge climle boliitleme alaninda 6nemli sonuglar elde edilmistir.

Daha sonra yapilacak calismalardan bir digeri de, Praat ile elde edilen biiriinsel 6zelliklerin yine Praat
ile dizayn edilecek yeni biiriinsel 6zellikler ile birlestirilerek Tiirkge climle bdliitleme performansinin
daha da gelistirilmesini saglamaktir. Ayrica bu ¢alismada 6zellik ¢gikarimi igin kullanilan ASR forced
alignment verileri yerine manual olarak isaretlenmis veriler iizerinde de ayni deneyler tekrar
edilecektir. Farkli bir ¢alisma olarak, sozciiksel, biirlinsel, bi¢imbilgisel ve pseudo-bigimbilgisel
Ozellikleri isleyen ayirdedici simiflandiricilar ile co-training yaklagimlari birlestirilerek ciimle
boliitleme performanslari da incelenecektir.

Yeni biiriinsel 6zelliklerin tasarlanmasi ve 6zellikle ciimle boliitleme alaninda kullanilmasi konusunda,
bu projede gorev almis olan bursiyer yiiksek lisans 0grencisinin tez ¢aligmalarina baglanmistir. Tez,
ozelliklerin tiimiinii kullanmak yerine, varolan 6zellikler icerisinden climle bdliitleme i¢in en uygun
ozelliklerin secilmesi (feature selection) yontemlerini de igerecektir.

Bu proje ile birlikte 6zellikle, SRI-International, Speech Technology and Research Laboratory ve
International Computer Science Institute (ICSI), Speech Group ile daha 6nce baslatilmig arastirma
isbirliginin siirdiiriilmesi ve gelistirilmesi saglanmustir.

Ayrica, Sozii edilen enstitiiler ile yapilan ve siiregelen aragtirmalarimiz ¢ergevesinde proje
kapsamunda bir yayin da ¢ikarilmistir (Guz, U., Favre, B., Hakkani-Tir, D., Tur, G., “Generative and
Discriminative Methods using Morphological Information for Sentence Segmentation of Turkish”,
Special Issue on Processing Morphologically Rich Languages, IEEE Transactions on Audio, Speech
and Language Processing, Volume 17, Issue 5, pp. 895-903, July 2009).
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Generative and Discriminative Methods Using
Morphological Information for Sentence
Segmentation of Turkish
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Abstract—This paper presents novel methods for generative, dis-
criminative, and hybrid sequence classification for segmentation of
Turkish word sequences into sentences. In the literature, this task
is generally solved using statistical models that take advantage of
lexical information among others. However, Turkish has a produc-
tive morphology that generates a very large vocabulary, making
the task much harder. In this paper, we introduce a new set of
morphological features, extracted from words and their morpho-
logical analyses. We also extend the established method of hidden
event language modeling (HELM) to factored hidden event lan-
guage modeling (fHELM) to handle morphological information.
In order to capture non-lexical information, we extract a set of
prosodic features, which are mainly motivated from our previous
work for other languages. We then employ discriminative classifi-
cation techniques, boosting and conditional random fields (CRFs),
combined with fHELM, for the task of Turkish sentence segmen-
tation.

Index Terms—Prosodic and lexical information, sentence seg-
mentation, Turkish morphology.

1. INTRODUCTION

ANY useful results have been obtained by applying
M statistical language modeling techniques to English
(and similar languages)—in speech recognition, parsing, word
sense disambiguation, part-of-speech (POS) tagging, etc. How-
ever, languages that display a substantially different behavior
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than English, like Turkish, Czech, Hungarian (in that, they
have agglutinative or inflective morphology and relatively free
constituent order) have not been studied extensively using
statistical approaches. In these languages, due to their richer
morphology, the vocabulary size for a given corpus size is
much larger than other languages [1], [2]. While this causes
a data sparseness problem, the statistical models that look at
only words are also blind to the information encoded in the
morphology. Usually, the combined effect of these problems is
a reduction in language processing performance.

Similarly, in spite of all the advances in discriminative
classification techniques in the machine learning community,
discriminative sequence classification is still a challenge. Re-
searchers have proposed various techniques such as maximum
entropy Markov models [3] or conditional random fields [4],
[5]. However these techniques are typically not very successful
in efficiently handling continuous valued features hence it
is a common practice to discretize such features [6]. On the
other hand, for generative sequence modeling, hidden Markov
models (HMMs) still dominate the field; however usually only
one level of states is employed. For example, for automatic
speech recognition (ASR), typically word sequences are mod-
eled for the language model [7]. With the advances in graphical
models, factored language models (FLMs) handling bundles of
features for each sample have been proposed [8]. FLMs have
been successfully used for ASR of inflectional languages such
as Arabic [9].

In this paper, we address the problem of exploiting morpho-
logical information in statistical classification models for sen-
tence segmentation of Turkish speech. Our contributions are
threefold: First, we extend the hidden event language models
to factored hidden event language models and combine them
with classification models. Second, we introduce a new set of
morphological features, extracted from words and their morpho-
logical analyses. Third, we extract a set of prosodic features,
which are mainly motivated from our previous work for other
languages, for the task of Turkish sentence segmentation.

In the next section, we briefly summarize the related work
on sentence segmentation of speech. Then, we present our
approach, mainly the generative, discriminative, and hybrid
modeling techniques, and we describe the feature sets for
segmenting Turkish speech into sentences. Finally, we provide
experimental results showing the effectiveness of the proposed
techniques for this morphologically rich language.

1558-7916/$25.00 © 2009 IEEE
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II. SENTENCE SEGMENTATION

Sentence segmentation for speech aims at finding sentential
unit boundaries in a stream of words, output by a speech recog-
nizer. It is a preliminary step for many speech processing appli-
cations, such as parsing, machine translation and information
extraction, which generally assume the presence of punctua-
tion. One typically leverages the word sequence generated by
a speech recognizer and prosodic cues such as pitch, energy and
pause duration in order to segment the audio in sentences.

Previous work on sentence segmentation has considered this
task as a word boundary classification problem, by determining
whether or not two consecutive words are separated by a
sentence boundary. The features used are mainly limited to
words neighboring the boundary [10]-[12], with the exception
of [13], who included a reranking phase using sentence-level
features. [14] showed that for segmentation of speech into
sentences, prosodic and lexical cues provide complementary
information. [15] evaluated different modeling approaches
(HMM, maximum entropy, and conditional random fields) and
various prosodic and textual features, in both conversational
telephone speech and broadcast news speech.

There is also related work for sentence boundary detection
in languages other than English, for example, in Czech [16]
where an HMM approach was used, and in Chinese [17], [18]
where a maximum entropy classifier was used with mostly
textual features. [12] used lexical and prosodic features with
several classifiers, including maximum entropy and boosting
for English and Mandarin. [19] investigated the use of the same
set of prosodic features and feature selection for English, Man-
darin, and Arabic. [20] used syntactic dependency structure
and support vector machines for sentence boundary detection
in Japanese. [21] is the first work that used morphological
features for sentence segmentation of Turkish; our work, in a
way, extends that work to also include prosodic features and
more sophisticated classification models. That study relied only
on generative models, i.e., hidden event modeling, and trained
two separate language models, one using words, the other using
morphological analyses of the words, and then computed the
weighted combination of the posteriors obtained from each
model.

Sentence segmentation has also been studied according
to various other aspects. [22] showed the benefits of
speaker-adapted models and [23] focused on domain adap-
tation. Sentence segmentation can be optimized to improve
downstream tasks, such as speech translation [24], [25] or infor-
mation extraction [26]. For instance, [24] has shown about 10%
relative BLEU score improvements for machine translation
(MT), when using a sentence segmentation optimized for MT,
in comparison to fixed length sentences. [26] has shown similar
results for information extraction, and that a 4% relative gain
on entity and relation extraction can be obtained by optimizing
punctuation for these tasks.

III. APPROACH

In the literature, typically sentence or dialog act segmentation
is treated as a boundary classification problem where the goal is

Fig. 1. Conceptual hidden event language model for sentence segmentation.

finding the most likely boundary tag sequence, ¥ = Y;...Y,
given the features, X = X ... X}

argmax P(Y|X). (1)
v

To this end, generative, discriminative, or hybrid models have
been used. Below we summarize these approaches and explain
how we extend them to handle the speech input of morpholog-
ical languages.

A. Factored Hidden Event Language Models

We propose using factored language models with hidden
event language models. Below, first we describe the Hidden
Event Language Model (HELM) and the FLM and then de-
scribe how we combine them.

1) Hidden Event Language Models: The most popular gen-
erative model for sentence segmentation is the hidden event lan-
guage model, as introduced by [27]. The HELM was originally
designed for speech disfluencies, such as deletion (DEL) and
repetition (REP). The approach was to treat such events as extra
meta-tokens. To ease the computation, an imaginary “no disflu-
ency” (NODF) token is inserted between two words, in cases
the word preceding the boundary is not part of a disfluency. The
following example is a conceptual representation of a sequence
with disfluencies:

... she NODF got REP got NODF real NODF lucky . . .

For sentence segmentation, sentence boundaries are simply
treated as hidden events, and the word sequence is augmented
with fictitious sentence boundary tokens (S for sentence
boundary, N for else). So an example would be as follows:

... she N got N real N lucky S however N there N were
N...

Note that this is different from using an HMM as is typi-
cally done in similar tagging tasks, such as POS tagging [28]
or named entity extraction [29]. For sentence segmentation, the
conceptual model is depicted in Fig. 1. In this model, one state
is reserved for each of the boundary tokens, S and IV, and the
rest of the states are for generating words. It has been shown that
the HELM outperforms the conventional HMM approach, since
it allows an explicit point to emit the boundary token, hence can
incorporate nonlexical information via combination with other
models as presented in the next subsection [14].

The most probable boundary token sequence is obtained
simply by Viterbi decoding using only lexical features, i.e., the
language model, to model P(X,Y), where X’ and Y represent
all the words (X; = (W;)) and boundary tokens, respectively,

argmax P(Y|X) = argmax P(X,Y) 2)
v v
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Fig. 2. Example factored language model seen as a directed graphical model
over words W and morphological factors M. The arrows indicate the factors
used for estimating the probabilities.

2) Factored Language Models: Factored language models
aim to model a sequence of feature sets, extending the conven-
tional language modeling. In other words, the goal is building
probabilistic language models using the subsets of feature sets
(or factors).

Factored language models have been successfully used for
ASR [9] of inflectional languages, by defining factors or feature
sets consisting of surface forms, stems, morphological analyses,
etc., of the words.

More formally, the factored language model aims to estimate
the probability of a feature set sequence, A7, . . . , X, instead of a
word sequence W1, ..., W,,. Here we consider X; = (W, M;)
where M, is a morphological feature for word W;. An example
factored language model can be seen in Fig. 2. The current word
relies on not only the previous two words but also the current and
previous morphological analyses. We provide example feature
sets for Turkish in Section IV-C. More formally, it models

P(Wt|Wt717Wt727Mt7Mt71)- (3)

Even with lower-order n-gram approximations, since it may
be possible to have unseen n-gram sequences, one important
issue with FLMs is how to back off to reliably estimate such
probabilities. A new generalized parallel back-off technique was
proposed to tackle this problem [8]. Basically, the system is
given a back-off graph, which denotes the paths for back-off.
Paths in this graph can be chosen manually. In the literature,
with complex factors, methods based on genetic algorithms have
been proposed to choose the optimal back-off graph [30]. The
important point is that many back-off paths can be proposed and
the system can process them in parallel.

An example back-off dropping the most distant word is de-
fined as follows for factored language models using words W,
and morphological analyses M,

Prrr(Yi|Cy), it N(Cy, V) > 1

PYi|Ct) = {oz(Ctg ><|P]3>O(Yt|é’t), other(wise. )

“)
where Cy = Wy, My, Yy 1, W;_1, My is the original context,
C’t = Wy, My, Yy_1, M;_1 is the backed off context, Py, is the
standard maximum-likelihood estimate (with smoothing), N (-)
is the number of occurrences, and « is used to ensure that the
result is still a probability distribution.

3) From HELM to fHELM: The factored hidden event lan-
guage models are straightforward extensions of hidden event
language models and factored language models. They combine
the strength of factored language models for multifeature se-
quence modeling with the classification power of hidden event

Fig. 3. Eexample factored language model created for a hidden event language
model seen as a directed graphical model over word boundaries Y, words W,
and morphological factors M. The arrows indicate the factors used for esti-
mating the probabilities.

language models. Fig. 3 presents the factored hidden event lan-
guage model topology employed in this paper. The boundary
states still exist to potentially build hybrid models (as explained
below) and the boundary decision is made according to the fol-
lowing formula:

P(Y;|Wt7Mt71/t—17Wt—17Mt—l) (5)

where Y; indicates the boundary decision, S or IV after the word
W, with a morphological analysis of M;.

The next step for building an fHELM is creating a back-off
graph indicating the possible back-off paths in case the statistics
for the desired n-gram are not reliable. In this study, we tried
only linear graph back-off (i.e., dropping and forgetting about
one factor at a time) and fully connected graph back-off (i.e.,
backing off to all possible subsets) starting from the most distant
feature. The back-off used in the experiments drop the most dis-
tant morphological analyses in a trigram language model M;_»
and then the most distant words W;_», and so on. Then standard
Viterbi decoding may be employed to find the most probable
state sequence, i.e., the boundary decisions given the words and
their other features, such as morphological analysis. This results
in an elegant method for building a generative classifier when
multiple features are used for each sample position. Further-
more, similar to regular HELMs, it is possible to combine the
posterior probabilities obtained from other classifiers (prefer-
ably discriminative) to improve the performance even more. For
example fHELM may exploit the lexical and morphological in-
formation and then may be combined with a classifier that uses
only prosodic features.

In our experiments, the SRILM [31] toolkit is used for Viterbi
decoding and for building the conventional and factored hidden
event language models with modified Kneser—Ney smoothing
[32].

B. Discriminative Classification Models

One weakness of the hidden event language models is that
one can incorporate only streams of discrete features such as
words or morphological analyses. To overcome this obstacle,
various classification methods have been used in the literature.
In a pioneering study, decision trees were used to build segmen-
tation models to improve the performance also by using addi-
tional prosodic features [14]. With the advances in discrimi-
native classification algorithms, researchers tried using condi-
tional random fields (CRFs) [33] and boosting [34], and hybrid
approaches using boosting and maximum entropy classification
algorithms [12].
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Our system relies on boundary-wise posterior probabilities
P(Y:|X;) provided by two classifiers that can be used indepen-
dently or jointly.

1) Boosting: The first component is an Adaboost [35]
classifier that generates posterior probability estimations out of
weighted decision stumps (one-level decision trees)

m 1
1+ exp <—2mz szZ(Xt)>] (6)

i=1

P(Yt|Xt> =

where s;(+) is a decision stump (presence of a discrete feature
or position relative to a threshold of a continuous feature) over
a single feature, w; is the weight given to that decision stump,
and m is the number of decision stumps. Adaboost is trained
by iterating over the selection of the best decision stump and
reweighing of examples where the overall classifier makes mis-
takes. The implementation used in our experiments is icsiboost.!
In all our experiments, we used boosting with 1000 iterations.
2) Conditional Random Fields: The second component of
our system uses CRFs as proposed by [4]. We use chain CRFs to
estimate the probability of a sequence of boundary events (Y =

Y7 ...Y,) given a sequence of observations (X = Xy, ..., Xp).
P(Y|%) = Z(lX) exp (;éAs(Ylyz«)) )
where
Z(X) = ZGXP (ii)\isi(yt—hYuXt)) . (®
v t=1 i=1

Here, s;(-) are decision functions that depend on the exam-
ples and a clique of boundaries close to Y, A; is the weight of s;
estimated on training data, and 7 (X') is a normalization factor.
Note that CRFs give the probability of the sequence of boundary
decisions. The forward—backward algorithm can be used to get
boundary-level posterior probability estimates.

For our experiments, we use the CRF++ toolkit,2 which
allows binary decision functions dependent on the current
boundary and the previous boundary. Features extracted from
X originate from a neighborhood of the boundary and match
the features used with Adaboost, though CRF++ does not
handle continuous features.3 and requires them to be quan-
tized. After experimenting with different types of quantization,
we observed that using thresholds from the decision stumps
learned by Adaboost leads to slightly improved performance,
probably due to the fact that the thresholds of decision stumps
are already optimized on dividing positive and negative classes
and the stumps embed the interaction between features (as in
Adaboost training, classifiers are chosen in order to correct
errors from previous iterations), thus this method is expected to
be better than other quantization schemes. This is similar to the
quantization method suggested by [36].

Thttp://code.google.com/p/icsiboost.
2http://crfpp.sourceforge.net/.

3This is true for just the CRF++ toolkit, and not a drawback of CRFs in gen-
eral.

C. Hybrid Generative and Discriminative Modeling

One important observation is that nonsequential discrimina-
tive classification algorithms typically ignore the context, which
is critical for the segmentation task. While one may add context
as an additional feature, or simply use CRFs, which inherently
consider context, these approaches are suboptimal when dealing
with real valued features, such as pause duration or pitch range.
Most of the previous studies simply tackled this problem by bin-
ning the feature space either manually or automatically [6].

An alternative would be using a hybrid classification ap-
proach as suggested by [14]. The main idea would use the
posterior probabilities P. obtained from the other classifiers,
such as boosting or CRF, by simply converting them to state
observation likelihoods by dividing to their priors following the
well-known Bayes rule:

arg;tnax % = arg}gmx P.(X:|Yy).

Applying Viterbi algorithm to the HMM will then returns the
most likely segmentation. In order to handle dynamic ranges
of state transition probabilities and observation likelihoods, we
apply a weighting scheme as is usually done in the literature

&)

arg max P.(X;|V;)® x P(V;)? (10)
Y:

where P(Y;) is estimated by the fHELM, « and 3 are optimized

using a held-out set.

IV. FEATURES

In the classification models, three types of features—Ilexical,
prosodic, and morphological—are used.

A. Lexical Features

The lexical features used in this work consist of six word
n-gram features for each word boundary that were also used
in our previous work for English [37]: three unigrams, two bi-
grams, and a trigram. Naming the word preceding the word
boundary of interest as the current word, and the preceding and
following words as the previous and next word respectively, the
six lexical features are as follows:

e unigrams: {previous}, {current}, {next};

* bigrams: {current, next}, {previous, current};

e trigram: {previous, current, next}.

B. Prosodic Features

The prosodic features are also transferred from the ICSI+ sen-
tence segmentation system [12]. We use about 200 prosodic fea-
tures, defined for and extracted from the regions around each
inter-word boundary. The features include the pause duration
at the boundary, normalized phone durations of the word pre-
ceding the boundary, and a variety of speaker-normalized pitch
features and energy features preceding, following, and across
the boundary. These features are an extension of similar features
described in [14]. The extraction region around the boundary fo-
cuses on either the single words or brief time windows around
the boundary. Measures include the maximum, the minimum,
or the average value in this range. Pitch features are normalized
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by speaker, using the method to estimate a speaker’s baseline
pitch values described in [14].

C. Morphological Features

Turkish is also a free-constituent-order language, in which
constituents at certain phrase levels can change order rather
freely according to the discourse context or text flow. How-
ever, the typical order of the constituents, especially for the news
genre, is subject-object-verb (SOV).

Let us consider a simple complete sentence “cocuk yemek
vedi” in Turkish, which means “the child ate the meal” in Eng-
lish. The correct morphological analyses are as follows:

cocuk: Noun+A3sg+Pnon+Nom (the child);
yemek: Noun+A3 sg+Pnon+Nom (the meal);
yedi: Verb+Pos (+dH) +Past+A3gg (ate).

Turkish has an agglutinative morphology with productive
inflectional and derivational suffixations [38]. The number of
word forms one can derive from a Turkish root form may be
in the millions [39]. For example, [40] shows that one can
obtain thousands of new word forms from any noun, a verb,
and an adjective root form by suffixing only three morphemes.
Morphological information in Turkish can be represented in
general form as given as follows:

root +IG{ +" DB+ 1Gy +" DB+ ...+ DB+ IG,,.

In this representation (adapted from [41]), the inflectional
groups (IGs) denote the derivational boundaries and are marked
with “ DB.” The root and derivational elements of a word are
represented by different IGs. Each IG; denotes the relevant
sequence of inflectional features. Some of these inflectional
features can be listed as follows:

+Adj: adjective, +Noun: noun, +Verb: verb, +A3sg:
3rd person singular agreement, +P1sg: 1st person singular
possessive agreement, +Pnon: no possessive agreement,
+Nom: nominative case, +Pos: positive polarity, +Past:
past tense, +Fut: future tense, +FutPart: future par-
ticiple.

consider the Turkish word
“vapabilecegim,” which consists of the morphemes
“(yap) + (abil) + (ecek) + (im)” which roughly corre-
sponds to “(do) + (able to)+ (will)+(I)” in English.
It has three potential morphological analyses:
* (yap)yap+Verb+Pos (+yAbil) DB
+Verb+Able (+yAcAk) +Fut (+yHm) +Alsg
(I’11 be able to do it);
* (yap)yap+Verb+Pos (+yAbil)” DB
+Verb+Able (+yAcAk) DB +Adj+Fut-
Part (+Hm) +P1lsg
(The (thing that) I’ll be able to do);
e (yap)yap+Verb+Pos (+yAbil)” DB
+Verb+Able (+yAcAk) DB
+Noun+FutPart+A3sg (+Hm) +P1lsg+Nom
(The one I'll be able to do).
In this example, the root is a verb but the final IGs have three
readings, that are verb, adjective, and noun, respectively.

As an example, let us

Turkish presents an interesting problem for statistical models
since the potential POS tag set size (that is, the number of pos-
sible morphological parses) is very large because of the pro-
ductive derivational morphology. Following previous work [2],
[42], our approach handles this by breaking up the morphosyn-
tactic tags into inflectional groups, each of which contains the
inflectional features for each (intermediate) derived form. To
simplify our models further, we only extract morphological fea-
tures from the final inflectional group of every word, which
marks its final category in a sentence.

The morphological features used in this work are obtained
using a morphological analyzer for Turkish [38], which outputs
all possible morphological parses for all the words. We include
the final inflectional group of every word as well as its POS tag,
without resolving the ambiguity. For factored HELM, we arbi-
trarily chose one parse since fHELMs cannot handle multiple
parses.* With CRF and boosting we used all the possible parses
as features. Boosting also exploited parse subsequences as ad-
ditional features. For the POS tag, we mark the value of the fea-
ture as unknown when the word has multiple parses. We also
include a single binary feature that checks if any of the possible
morphological parses of a word is a Verb according to its final
category. We hope, with this, to take advantage of the SOV na-
ture of Turkish. To compare this approach, we also performed
experiments with pseudo-morphological features, using the last
three letters of each word. Like the “ed” suffix in English, in
Turkish certain suffixes may indicate Verb categories.

The Verb information is linguistically the most important fea-
ture from the morphological analysis of Turkish. Even though
the Turkish is a free word order language, the most frequent
order is SOV. Especially in newswire and broadcast news, the
order is almost always SOV. Therefore, if one of the morpholog-
ical analyses is a verb form, this is a strong signal for a sentence
end. However, due to morphological ambiguity, words that do
not play the role of a verb can be assigned a verb analysis, as
they may be verbs in other contexts. Prosodic features are ex-
pected to be useful in these cases.

V. EXPERIMENTS AND RESULTS

A. Data Sets

In our experiments, we use the Voice of America (VOA)
Turkish Section’ part of the Turkish broadcast news (BN)
speech corpus collected at the Bogazici University BUSIM
Laboratory.6 The VOA part of the corpus contains approx-
imately 21 hours of single-channel Turkish broadcast news
speech data recorded at a 16 bit, 32-KHz sampling rate. For
sentence segmentation experiments, 42 Turkish broadcast news
programs (30 minutes each) are used. These 42 files are split
into a training set (22 files, 97330 words), a development
set (five files, 14 897 words), and a test set (five files, 15688
words). The development set is used to optimize the parame-
ters, such as probability thresholds and combination weights «

4The performance is expected to be better when a good morphological dis-
ambiguator is used. We repeated experiments by randomly choosing a parse for
each word, and the results did not change significantly.

Shttp://www.voanews.com/turkish/.

Shttp://www.busim.ee.boun.edu.tr/.
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TABLE I
AMBIGUITY STATISTICS FOR DIFFERENT LEVELS OF MORPHOLOGICAL
FEATURES: AVERAGE NUMBER OF PARSES PER WORD FOR EVERY WORD
THAT WAS PARSED BY THE MORPHOLOGICAL ANALYZER AND PERCENTAGE
OF WORDS THAT HAVE A SINGLE PARSE (L.E., UNAMBIGUOUS WORDS)

Morphological Feature | Avg. Parse/Word | % of Unamb

Full Morph. Analysis 1.95 37.0
Last IG 1.83 39.5
POS of Last IG 1.30 62.9

and 3. The vocabulary size of the training set is 19 328 words,
and 33.5% of the words in the development set vocabulary and
35.8% of the test set vocabulary are not observed in the training
data (these correspond to 14.8% and 17.3% of the development
and test set words, respectively).

There are in total 128 005 words in the training, test, and de-
velopment sets. 6.76% of these are not parsed by the morpholog-
ical analyzer, mainly because of foreign person and city names
and typos in the data. The remaining words that are parsed have
on average 1.95 parse. This drops down to on average 1.83
analyses per word if only the last inflectional group of each word
is considered, and to 1.30 if only the POS tag category of the last
IG is considered. Table I lists the average number of parses per
word as well as the percentage of words that have a single parse
in the overall data set with these different conditions.

B. Evaluation Methods

For performance evaluation, we report NIST error rate and
F-measure on forced alignment output of an automatic speech
recognizer [43]. The NIST error rate is the number of misclas-
sified word boundaries divided by the number of reference sen-
tence boundaries

fat 1y

NIST =
tp + fan

(1)

where f,, fp, and ¢, are false negative, false positive, and true
positive, respectively. F-measure is the harmonic mean of pre-
cision and recall:

2 X precision X recall

F — measure = (12)

precision+recall
where precision = ¢,/t, + f, and recall = ¢,/t, + f.. The
NIST error rate is explained in detail with examples in [44].

C. Experiments With Lexical and Morphological Features

We compare our results with a baseline of using only lexical
features for all classification methods. Tables II and III present
results with boosting, CRF, and HELM/fHELM using lexical,
morphological and/or pseudo-morphological features. In the
case of only lexical features, HELM outperforms other methods
probably because of the large number of lexical features they
must tackle due to the agglutinative nature of Turkish.

When we add morphological and pseudo-morphological (last
three letters of words) to the feature sets, we observe significant
improvements in the performance with all classifiers. This is in-
tuitive because of the morphological characteristics and SOV

TABLE II
F-MEASURE WITH BOOSTING, CRF, AND HELM/fHELM USING LEXICAL (L),
MORPHOLOGICAL (M), AND/OR PSEUDO-MORPHOLOGICAL (PM) FEATURES

Classifier F
L L+M | L+PM | L+M+PM
Boosting | 0.749 | 0.884 | 0.853 0.869
CRF 0.756 | 0.887 | 0.864 0.891
HELM 0.782 - - -
fHELM - 0.865 | 0.862 -
TABLE III

NIST ERROR RATES WITH BOOSTING, CRF, AND HELM/
fHELM USING LEXICAL (L), MORPHOLOGICAL (M), AND/OR
PSEUDO-MORPHOLOGICAL (PM) FEATURES

Classifier NIST

L L+M L+PM | L+M+PM
Boosting | 44.0(%) | 24.7(%) | 30.0(%) | 26.5(%)
CRF 43.3(%) | 24.0(%) | 26.0(%) | 21.7(%)
HELM 36.7(%) - - -
fHELM - 25.9(%) | 27.1(%) -

sentence order of Turkish. One interesting observation is that
with boosting the performance degrades when both morpholog-
ical and pseudo-morphological features are employed instead
of only one of them. CRF consistently performs a little better
than boosting. The error rate of fHELM is reduced by 26% rel-
ative compared to HELM when only lexical features are used.
This shows the effectiveness of factored hidden event language
models for generative sequence classification. Furthermore, the
relative NIST error rate reductions are even more with boosting
(44%) and CRF (50%) with morphological features. These re-
sults are shown in Tables II and III.

In order to see the effect of morphological information when
various amounts of training data is available, we also provide
learning curves for HELM and fHELM. As Fig. 4 shows, the
F-measure difference between the HELM and fHELM is larger
when less training data is used, as expected. For example, the
difference in F-Measure is doubled when only 10 000 examples
are used instead of the whole set.

Table IV presents results with the combination of discrimina-
tive and generative sequence classification methods when both
lexical and morphological features are used. The performance
is more or less the same as using only the discriminative classi-
fiers, suggesting that they probably already incorporate the in-
formation coming from hidden event language models.

D. Experiments With Prosodic Features

Since we expect the prosody to provide orthogonal informa-
tion for sentence segmentation, we first check the effectiveness
of using only prosodic features with boosting and CRF. The per-
formance happens to be very similar to what we have got using
the models trained with only lexical and morphological infor-
mation. This shows the utility of the prosodic features that were
originally designed for English.
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Fig. 4. F-measure learning curves for HELM and fHELM with various training
data set sizes.

TABLE IV
F-MEASURE AND NIST ERROR RATES WHEN COMBINING BOOSTING AND CRF
WiITH fHELM WITH LEXICAL (L) AND MORPHOLOGICAL (M) FEATURES

Classifier F NIST

Boosting(L+M) + fHELM(L+M) | 0.879 | 23.8%

CRF(L+M) + fHELM(L+M) 0.890 | 21.5%
TABLE V

F-MEASURE AND NIST ERROR RATES WHEN USING ONLY PROSODIC (P)
INFORMATION WITH BOOSTING AND COMBINING WITH fHELM USING
LEXICAL (L) AND MORPHOLOGICAL (M) INFORMATION

Classifier F NIST
CRF(P) 0.874 | 24.7%
Boosting(P) 0.862 | 27.2%
Boosting(P) + fHELM(L+M) | 0.919 | 15.8%

In order to combine prosodic information with lexical
and morphological information, we experiment with two
approaches. In the first approach, we combine the classifier
trained with only prosodic features with factored HELMs as
presented in Section III-C. Table V presents these results. Note
that, before combination, boosting and fHELMs have com-
parable performance (NIST error rates of 27.2% and 25.9%).
The hybrid model reduces the NIST error rate by 39% relative
(from 25.9% to 15.8%). This demonstrates that the information
provided by two different sets are complementary. This is
in part due to the nature of the data, i.e., broadcast news, in
which the reporters and anchor people explicitly mark sentence
boundaries with prosody.

As the second approach, we exploit the prosodic features
along with lexical and morphological information with boosting
and CRF. Table VI and VII present these results. As seen, for
both classifiers, performance improves significantly. This ap-
proach happens to provide slightly better results than the pre-
vious one when also pseudo-morphological features are used.

TABIE VI
F-MEASURE WITH BOOSTING AND CRF USING LEXICAL (L), PROSODIC (P),
MORPHOLOGICAL (M), AND/OR PSEUDO-MORPHOLOGICAL (PM) FEATURES

Classifier F
L+P | L+M+P | L+PM+P | L+M+PM+P
Boosting | 0.894 | 0.922 0918 0.927
CRF 0.895 | 0.921 0.916 0.923
TABLE VII

NIST ERROR RATES WITH BOOSTING AND CRF USING
LEXICAL (L), PROSODIC (P), MORPHOLOGICAL (M), AND/OR
PSEUDO-MORPHOLOGICAL (PM) FEATURES

Classifier NIST
L+P L+M+P | L+PM+P | L+M+PM+P
Boosting | 20.4(%) | 16.5(%) | 15.8(%) 14.7(%)
CRF 20.2(%) | 14.6(%) | 16.9(%) 15.3(%)
TABLE VIII

F-MEASURE AND NIST ERROR RATES WHEN COMBINING fHELM WITH
BOOSTING AND CRF USING LEXICAL (L), MORPHOLOGICAL (M+PM),
AND PROSODIC (P) INFORMATION

Classifier F NIST
Boosting(L+P+M+PM) + fHELM(L+M) | 0.925 | 14.8%
CRF(L+P+M+PM) + fHELM(L+M) 0.926 | 14.9%

As the final set of experiments, we have tried combining
fHELM with boosting and CRF using all the features. Table VIII
presents these results. With this final combination, the per-
formance of the hybrid model including boosting does not
improve. The performance of the one with CRF improves,
however only slightly.

VI. DISCUSSIONS

Discriminative classification approaches provide the best re-
sults for Turkish sentence segmentation using lexical, morpho-
logical, and prosodic features. While CRF results in better per-
formance with prosodic and lexical features only, boosting ben-
efits more from the morphological features. This is probably due
to the ability of boosting to handle unknown feature values. For
example, one of the morphological features is set to unknown
in case the word is morphologically ambiguous. This requires
further investigation, but a prior morphological disambiguation
step may provide benefits.

Even though in our experiments, the discriminative models
alone result in the best performance, the generative models have
potential uses for sentence segmentation. The boosting and CRF
models have access to several prosodic features, which are diffi-
cult to include in HELMs. However, usually, while there is only
little speech data available, there is significantly more data from
the written text sources, such as newspapers. In order to benefit
from both data sources, our practice for training models for sen-
tence segmentation in English has mainly been training boosting
and CRF models from the speech data and the HELMs from the
textual data (usually on the order of hundreds of millions), and
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combine the two in HELMs during the test time, resulting in the
best performance for English, as shown in [45], where for ex-
ample boosting performance with all features is improved from
an F-measure of 68.9% to 70.6% when combining boosting with
a HELM trained from textual data of millions of words.

In this paper, we have used the same data for training all
models, and investigating the use of more data for fHELMs is
part of our future work, in addition to experimenting with real
ASR output. In order to study this effect, we have done a simple
experiment combining the Boosting model trained with all fea-
tures, using 1% of the data, with fHELM. In this case, NIST
error rate of the system decreases from 29.6% (Boosting only,
with all features) to 28.5% (Boosting with all features combined
with fHELM), encouraging the use of generative methods in
combination with discriminative approaches. When 10% of the
data is used, the NIST error rate decreases from 18.8% to 18.4%.

VII. CONCLUSION

We have presented generative, discriminative, and hy-
brid classification methods using lexical, morphological, and
prosodic information for Turkish sentence segmentation. We
have shown significant improvements over a lexical baseline.

The prosodic features are mainly transferred from English
and model only word-level phenomena. They can also be im-
proved by modeling at subword level. For example, the morpho-
logical ambiguity for the sentence final words may be resolved
using morpheme-level prosodic features.

Morphological ambiguity is a problem for factored hidden
event modeling. Our future work also includes checking the ef-
fect of morphological disambiguation for this task.

Note that fHELMs can be used for similar language pro-
cessing tasks requiring sequence classification such as comma
prediction, POS tagging, and named entity extraction and can
easily be combined with state-of-the-art discriminative models.
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