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ABSTRACT

DYNAMIC SYSTEM MODELING AND STATE ESTIMATION FOR
SPEECH SIGNAL

Ozbek, 1. Yiicel
Ph.D., Department of Electrical and Electronics Eng.

Supervisor : Prof. Dr. Miibeccel Demirekler

April 2010, 128 pages

This thesis presents an all-inclusive framework on how the current formant track-
ing and audio (and/or visual)-to-articulatory inversion algorithms can be im-

proved. The possible improvements are summarized as follows:

The first part of the thesis investigates the problem of the formant frequency
estimation when the number of formants to be estimated fixed or variable re-

spectively.

The fixed number of formant tracking method is based on the assumption that
the number of formant frequencies is fixed along the speech utterance. The
proposed algorithm is based on the combination of a dynamic programming al-
gorithm and Kalman filtering/smoothing. In this method, the speech signal is
divided into voiced and unvoiced segments, and the formant candidates are as-
sociated via dynamic programming algorithm for each voiced and unvoiced part
separately. Individual adaptive Kalman filtering/smoothing is used to perform
the formant frequency estimation. The performance of the proposed algorithm

is compared with some algorithms given in the literature.
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The variable number of formant tracking method considers those formant fre-
quencies which are visible in the spectrogram. Therefore, the number of formant
frequencies are not fixed and they can change along the speech waveform. In
that case, it is also necessary to estimate the number of formants to track. For
this purpose, the proposed algorithm uses extra logic (formant track start/end
decision unit). The measurement update of each individual formant trajectories
is handled via Kalman filters. The performance of the proposed algorithm is

illustrated by some examples

The second part of this thesis is concerned with improving audiovisual to articu-
latory inversion performance. The related studies can be examined in two parts;
Gaussian mixture model (GMM) regression based inversion and Jump Markov

Linear System (JMLS) based inversion.

GMM regression based inversion method involves modeling audio (and /or vi-
sual) and articulatory data as a joint Gaussian mixture model. The conditional
expectation of this distribution gives the desired articulatory estimate. In this
method, we examine the usefulness of the combination of various acoustic fea-
tures and effectiveness of various types of fusion techniques in combination with
audiovisual features. Also, we propose dynamic smoothing methods to smooth
articulatory trajectories. The performance of the proposed algorithm is illus-

trated and compared with conventional algorithms.

JMLS inversion involves tying the acoustic (and/or visual) spaces and articula-
tory space via multiple state space representations. In this way, the articulatory
inversion problem is converted into the state estimation problem where the au-
diovisual data are considered as measurements and articulatory positions are
state variables. The proposed inversion method first learns the parameter set
of the state space model via an expectation maximization (EM) based algo-
rithm and the state estimation is handled via interactive multiple model (IMM)

filter /smoother.

Keywords: Formant Tracking, Audiovisual-to-Articulatory Inversion, Dynamic



System Modelling, State Estimation, Kalman Filtering
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oY/

KONUSMA ISARETI ICIN DINAMIK SISTEM MODELLEME VE DURUM
KESTIRIMI

Ozbek, 1. Yiicel
Doktora, Elektrik ve Elektronik Miihendisligi Boltimii

Tez Yoneticisi : Prof. Dr. Miibeccel Demirekler

Eyliil 2009, 128 sayfa

Bu tez ¢aligmasi formant frekanslarimin izlenmesi ve akustikden (ve/veya gor-
selden) artikiilatorlere evirme algoritmalarinin performanslarinin iyilegtirilmesi
icin kapsamli bir cerceve sunmaktadir. Olasi iyilegtirmeler 6zet olarak asagida

sunulmaktadir.

Bu tezin ilk boliimi sabit ve degisken sayidaki formant frekanslarinin kestirim-

lerinin nasil yapilmasi gerektigini arastirmaktadir.

Sabit sayidaki formant frekanslarinin izlenmesi, sabit sayida formant frekansinin
konugma siiresi boyunca var oldugu varsayimma dayanmaktadir. Onerilen yon-
tem dinamik programlama ve Kalman siizgeci/diizgiinlestiricisinin birlegtirilmesi
(birlikte kullanilmasi) ilkesine dayanmaktadir. Bu yontemde konusma igareti
otimlii veya otiimsiiz olarak boliitlendirilmekte ve her bir boliit i¢in formant
adaylar1 ile formant izleri, dinamik programlama yardimiyla eglestirilmektedir.
Eslestirme igleminden sonra her bir formant frekansinin kestirimi Kalman stizgeci
/diizgiinlestiricisi ile yapilmaktadir. Onerilen bu algoritmanin performansi lite-

ratiirde varolan diger algoritmalar ile karsilagtirilmigtir.
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Degisken sayidaki formant frekanslarinin izlenmesi esnasinda yalnizca spektro-
gramda goriilen formant frekanslar1 dikkate alinmaktadir. Bu nedenle izlen-
mesi gereken formant frekans sayisi zamanla degigebilmektedir. Bu durumda
izlenecek formant frekanslarinin sayisininda kestirilmesi gerekmektedir. Bu a-
magla Onerilen yontem bazi algoritmalar (formant baglatma/bitirme karar me-
kanizmasi gibi) kullanmaktadir. Herbir formant frekans izinin gelen dl¢timle
beslenmesi Kalman stizgeci ile yapilmaktadir. Bu yontemin bagarisi ¢egitli ornek-

lerle gosterilmistir.

Bu tezin ikinci boliimiinde akustikden (ve/veya gorselden) artikiilatorlere evirme
algoritmalarinin performanslari iyilestirilmistir. Bu konuda yapilan caligmalar
iki kategoride incelenmektedir: Gaussian karigim modellere (GKM) dayali evirme

ve dogrusal atlamali Markov sistemlere (DAMS) dayali evirme.

GKM yontemine dayal evirmede artikiilatorlerin hareketleri (pozisyonlari) ve
akustik (ve/veya gorsel) veriler ortak dagilimli Gaussian karigimi olarak model-
lenir. Bu dagilmin sarth ortalamasi, istenilen kestirim fonksiyonudur. Onerilen
bu yontemde, farkli akustik ozniteliklerin birlegtirilmesinin faydalar1 ve farkl
fiizyon yontemlerinin akustik ve gorsel verilerin birlegtirilmesindeki etkinlikleri
incelenmigtir. Ayrica kestirilen artikiilatorsel izlerin diizgiinlestirilmesi icin farkl
dinamik diizgiinlestirme yontemleri 6nerilmistir. Onerilen yontemlerin perfor-

mansi literatiirde var olan diger algoritmalar ile karsilagtirilmigtir.

DAMS yontemine dayali evirmede akustik uzay ile artikiilatorsel uzay1 birbirine
coklu sayida durum-uzay gosterimleri ile baglanmaktadir. Bu yontemle ar-
tikiillatorsel evirme problemi, Olgiimleri akustik (ve/veya gorsel) veriler olan,
durum vektortiniin ise artikiilatorlerin pozisyonlarindan olugan durum kestirimi
problemine doniistiiriilmektedir. Onerilen evirme yontemi éncelikle durum-uzay
modellerinin parametrelerini beklenti enbiiyiiltiilmesi (BE) yontemi ile 6grenir
ve durum etkilegimli coklu model (ECM) stizgeci/diizgiinlestirici yardimi ile kes-

tirilir.

Anahtar Kelimeler: Formant Izleme, Akustik ve Gorselden Artikiilatorlere Evrime,
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CHAPTER 1

INTRODUCTION

Speech processing is and will probably always be an important ingredient of
ever speeding artificial intelligence quest of mankind. A tremendous amount of
research effort has been devoted into specific sub-areas of speech processing in
the last several decades. Although being exhaustive about these sub-areas is

impossible, we can count them roughly as

Speech recognition;

Speaker recognition;

Text to speech synthesis;

Speech coding.

Speech processing itself can be seen as a sub-field of signal processing and hence
the so called transfer function (input-output) based methodologies have domi-
nated the field for a long time after Fant’s work [2]. On the other hand, in control
theory, which is a quite related field to signal processing, after the seminal work
of Kalman [3], the state space based methods have been the leading force behind
the studies. There have been many work applying such state space methods to
speech processing too. For example, state space models have been used in speech
enhancement [4, 5], speech coding [6, 7], speech recognition [8, 9, 10], formant

tracking [11, 12, 13] and articulatory inversion [14], etc.

This thesis is related to the (further) improvement of some speech processing
sub-blocks using the state space methodology which would in turn be expected

to lead to improved speech processing performance. The thesis can be divided



roughly into two parts:

e Improved formant frequency estimation using state space methodologies

e Improved acoustic(and/or visual) to articulatory inversion using state space
methodologies

In the first part of this thesis, we improve current formant frequency estima-
tion methods by using state space methodologies. The formant frequencies are
closely related to natural frequencies of vocal tract. The air path of speech pro-
duction mechanism (the vocal tract) is composed of various articulatory cavities
(oral, pharyngeal, nasal, sinus etc.). Each cavity has particular natural frequen-
cies at which the contained air naturally tends to vibrate. If the air inside the
vocal tract is vibrated at natural frequencies, the vibrations are reinforced and
the vocal tract resonates. That is, the vocal tract from glottis to lips acts as an
acoustic resonator during speech production [15, 16]. The resonance frequencies,
also known as formants, can be observed as the peaks of the magnitude spec-
trum of the speech signal. Since formants are a rich source of information about
uttered speech and the speaker, the reliable formant estimation is critical for a
wide range of applications, such as speech synthesis [15, 16, 17, 18, 19, 20], speech
recognition [21, 22|, voice conversion [23], vocal tract normalization [24, 25|, mea-
suring vocal tract length [26], accent classification [27] and speech enhancement

11].

The estimation of the formant frequencies is a difficult problem and must be
solved efficiently and effectively before a good performance speech processing
applications can be built. There is a numerous amount of research about for-
mant tracking in the literature and they can be broadly categorized into three.
The first category includes the filter bank based methods where the frequency
content of the speech signal is extracted via filter banks. In [28, 29], AM-
FM modulation model and inverse-filter control method are applied to formant
tracking by using fixed-center-frequency band-pass filters. Time-varying adap-
tive filter bank methods, [30, 31, 32, 33], are later introduced to overcome the
difficulties encountered in the extraction of the formant frequencies via fixed-

centered filter banks. Estimating the correct center frequencies of the filter



banks and suppressing the leakage signals from closely separated filters still re-
main as open problems of these methods. The spectrum representation based
methods, which relate the formants to the peaks of the spectrum, comprise the
second category. In this category of methods, the formant estimation is done
in two stages. In the first stage, formants (candidates) are estimated in frame-
base via peak-picking [34] or root-solving [35, 36, 37, 38, 39]. It is also possible
to represent the spectrum as a Gaussian mixture model (GMM) [40, 41] in
which the mixture components comprise the formant candidates. In the second
stage, some continuity and consistency constraints are imposed on the formant
candidates in order to find the actual formant frequencies. Different methods
including dynamic programming [36, 37, 38|, Hidden Markov Model (HMM)
[35, 42] or other function minimization techniques [39] are utilized for the con-
sistency check. The main difficulties of this category of methods are setting the
continuity constraints along the speech utterance and eliminating the spurious
peaks in the spectrum. The final category contains the techniques that cast the
problem into a state-space estimation framework. The formant frequencies are
modeled as time-varying hidden states of a dynamical system and the estimation
is done through the observations. It is possible to use the speech signal itself
as the observation [12, 43, 44]. If the dynamical system is non-linear, Extended
Kalman Filter (EKF) [12, 43] or EKF with interacting multiple models (IMM)
filter [44] can be used for state estimation. In [13], observations are chosen as
Mel frequency cepstral coefficients (MFCC) and the nonlinear relation between
the state and the observations are modeled by Multi-Layer Perceptron (MLP)
neural networks. In [45, 1, 46, 47, 48], the use of Linear predictive cepstral
coefficient (LPCC) is preferred instead of MFCC to reduce the degree of non-
linearity. In these works, nonlinear state estimation is done via particle filters
[48], or by linearizing the observation equation [1, 46, 47], or by using Kalman
filter /smoother with quantized observations [45]. There are also some studies
which are the combination of spectrum representation and dynamic system mod-
eling. As an example, in [49] a Kalman filtering technique is combined with an

HMM.



The proposed formant tracking methods in this thesis are based on linear pre-
dictive coding (LPC). For each frame, the roots of denominator of LPC filter
are considered as measurements (formant candidates) and the aim is to estimate
the format trajectories from these measurements. From this point of view, the
formant estimation problem using a state space framework is actually what is
called as “target tracking” problem [50, 51, 3] in control theory. Target tracking
is a mature area of research and the methodologies applied vary according to
whether the number of targets tracked is fixed or variable. In accordance with
this, we propose two methods for formant tracking, one for fixed and the other

for variable number of formants.

The fixed number of formant tracking method is based on the assumption that a
fixed number of formant frequencies exist in the speech utterance even if some of
the resonance frequencies are not visible in the spectrogram. We propose a sys-
tematic framework for tracking fixed number of formant frequencies [52, 53, 54]
. The difficulties involved in estimating the format frequencies change accord-
ing to whether the part of the speech utterance that is under consideration is
voiced or unvoiced. The spectrum of a voiced speech segment is accurately
represented by the LPC spectrum and therefore, the poles of the LPC filter
give relatively accurate formant candidate frequencies. On the other hand, the
spectrum of an unvoiced speech segment is (relatively) poorly represented by
the LPC spectrum and therefore, the formant candidate obtained from an un-
voiced speech segment will be noisy and relatively inaccurate. Considering all
these facts, in the proposed fixed number of format tracking method, the speech
signal is segmented into voiced and unvoiced parts. For each part, the data
association problem (which formant candidate belongs to which formant trajec-
tory (track)) is solved via a dynamic programming algorithm separately. After
the data association stage, the individual formant frequencies are tracked via
Kalman filtering/smoothing. The parameter set for the state-space model that

Kalman filter uses is changed according to the type of speech segment.

The variable number of formant tracking method proposed in this thesis consider
those formant frequencies which are visible in the spectrogram. Therefore, the

number of formant frequencies are not fixed and they can change from one



speech segment to another. For this purpose, we propose a formant tracker
(called Visible Vocal Tract Resonance (VVTR) tracker) [55] which is also based
on linear predictive coding (LPC). The only predefined parameter is the order
of the LPC filter (there is no need to define a pre-defined number of formants
to track). The algorithm has a formant track start/end decision unit and new
trajectories start if there are consistent measurements in the consecutive frames
and old trajectories end if no more consistent formant candidates are available. If
the suitable formant candidates are available, a Kalman filter tracks the formants

and forms trajectories (tracks).

The second part of this thesis is concerned with improving acoustic (and/or
visual) to articulatory inversion performance by using the state space method-
ologies. Articulatory inversion is involved in advanced text to speech systems as
a crucial block and by increasing its performance, one can increase the perfor-
mance of such systems considerably. The problem of the articulatory inversion
involves the estimation of the movements (position) of articulatory organs such
as, lip, jaw, tongue, etc. from given speech utterance and visual data. Electro-
magnetic Articulography (EMA) trajectories provide the movement of certain
articulators during a speech utterance. Similar to formant frequencies, the move-
ment of the articulators also shows slowly varying dynamic properties and the
estimation of these movements can provide useful information about the speech
production and this information can be used in a variety of speech processing

applications including speech recognition and synthesis.

The early studies in the literature about acoustic-to-articulatory inversion use
an analytical function between acoustic and articulatory space [56, 57, 58]. The
analytical formulation is based on solutions of the wave equations and boundary
conditions, which are highly nonlinear. Similar to these studies, the articula-
tory inversion process involves finding the mapping from acoustic to vocal tract
area [59, 60, 16, 61]. After the development of electromagnetic articulography
(EMA), the acoustic and articulatory data is recorded simultaneously [62, 63].
Therefore, the articulatory inversion process turns into finding the mapping
from acoustic (and/or visual) to articulatory positions. Recently, various meth-

ods have been proposed to find reliable estimates of the articulatory trajectories.



Some examples of different methods and features used in this area are: Neural
networks and mixture density networks in [64, 65, 66]; Gaussian mixture model
(GMM) regression in [67]; HMMs in [68]; Support vector machine (SVM) re-

gression in [69, 70] and a combination of acoustic and visual features in [71, 72].

In this thesis, articulatory inversion studies are mainly based on two parts:
Gaussian mixture model (GMM) regression based inversion and Jump Markov

Linear System (JMLS) based inversion.

GMM regression based inversion method involves the modeling audio (and /or
visual) and articulatory data as a joint Gaussian mixture model. The con-
ditional expectation of this distribution gives the desired articulatory estimate.
The parameter set of the joint distribution is estimated using FExpectation Maxi-
mization (EM) algorithm. In this method, we show that the formant trajectories
and their energies are useful for GMM regression based inversion method [73].
In addition to this, we show that different audio-visual fusion strategies also sig-
nificantly improve the performance of the articulatory inversion process. A very
important contribution here is the Kalman smoother based smoothing stage for
the output of the GMM inversion which improves post processing performance
significantly. This type of processing also enables the incorporation of auxiliary
information (phonetic transcription of the test data) into the smoothing process

boosting the performance of the articulatory inversion.

JMLS based inversion method involves the state space representation of the
complete inverse problem (and hence not only the smoothing part) which is
posed as a state estimation problem. In this method, audio features are consid-
ered as measurements (observable quantities), and the articulatory positions are
then represented by the state vector (the hidden quantity). The parameter set
of the JMLS is estimated using a training database. In the training stage, we
propose a learning algorithm, which is a generalization of the Hidden Markov
Model (HMM) based training given in [68] to estimate the unknown parameter
set. The estimation of the state and its smoothed version is handled via jump

Markov linear systems [74, 75].



1.1 Detailed Organization of The Thesis

Chapter 2 investigates the problem of formant frequency estimation when the
number of formants to estimate is fixed. Although, the number of formant
frequencies is known, the so called data association problem still exists and has
to be taken care of since there are multiple formant frequencies. In this chapter,
we propose a dynamic programming based approach to solve this problem and
individual adaptive Kalman filters are used to perform the formant frequency
estimation. The process noise terms of the individual Kalman filters are adjusted

according to the voiced and unvoiced parts of the speech waveforms.

Chapter 3 investigates the problem of formant frequency estimation when the
number of formants to estimate is variable. The case where the number of
formant frequencies involved is unknown is more challenging and necessitates
also the estimation of this number along with formant frequencies using extra
logic. We, in in this chapter, resort to the area of multi-target tracking and
apply a nearest neighbor methodology which is equipped with special target

initiation and deletion logic to the problem.

Chapter 4 deals with improving the current acoustic to articulatory inversion
systems by employing state space modeling and estimation. We use Kalman
smoothers in the smoothing phase of the current acoustic to articulatory inver-
sion algorithms. We show that, by using such dynamic smoothers, we are able
to not only get better performance but also incorporate auxiliary information
into the smoothing process more easily. Also the fusion of audio and visual in-
formation becomes more structured enabling the invention of modified versions

of the well-known fusion alternatives.

Chapter 5 presents an articulatory inversion method which is based on JMLSs.
In this chapter, we replace the whole acoustic to articulatory inversion system
(not only the smoothing phase) by a dynamic state estimator. However, in
order to be able to get sufficient modality in our system, we use the modeling

framework of jump Markov linear systems (JMLS).
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1.2 Contributions of The Thesis

Although some of the merits of this thesis have been mentioned above, we list

the major contributions of it below for the sake of clarity:

e Contributions in format tracking

— Combining dynamic programming algorithm with state space mod-
eling in the tracking of fixed-number of formant frequencies (Chap-

ter 2).

— The derivation of the state space representation of the concatenated
tube model for explaining the existence of variable number of for-
mants in the spectrogram with the controllability concept (Chap-
ter 3).

— A multi-target tracking based algorithm for tracking variable number

of formants (Chapter 3).
e Contributions in acoustic to articulatory inversion

— Examination of the effects of incorporating various types of acoustic
(and visual) features into the articulatory inversion process (Chap-

ter 4).

— Proposal of the formant frequencies as an effective feature for acoustic-

to-articulatory inversion.

— Unlike the currently used low-pass filter based smoothers, the pro-
posal of dynamic (model-based) smoothing in order to make use of
as much information from the GMM inversion (both the mean and

covariances) as possible (Chapter 4).

— Effective incorporation of extra information such as phonetic tran-

scription (if any) into the smoothing framework (Chapter 4).

— A novel audio-visual fusion method (called as “modified fusion algo-
rithm”) that is shown to give superior performance than the conven-

tional methods (Chapter 4).



— A novel approach of using Jump Markov linear system model (JMLS)

for articulatory inversion is presented (Chapter 5).

— Effective and efficient JMLS training algorithms based on ML and
MAP criteria for JMLS is introduced (Chapter 5).

— An efficient smoothing algorithm for JMLS is introduced (Chapter 5).

Most of the material presented has been submitted to academic journals and
were already presented in peer-reviewed conferences. The following is a list of

the resulting publications:

e 1. Y. Ozbek and M. Hasegawa-Johnson and M. Demirekler, “Estimation
of Articulatory Trajectories Based on Gaussian Mixture Model (GMM)

with Audio-Visual Information Fusion and Dynamic Kalman Smoothing”
Submitted to IEEE Trans. Audio Speech Lang. Process.,

e I. Y. Ozbek and M. Hasegawa-Johnson and M. Demirekler, “On Improv-
ing Dynamic State Space Approaches to Articulatory Inversion with MAP
based Parameter Estimation” To be submitted to IEEE Trans. Audio
Speech Lang. Process.,

e Emre Ozkan and 1. Y. Ozbek and M. Demirekler, “Dynamic Speech
Spectrum Representation and Tracking Variable Number of Vocal Tract
Resonance Frequencies With Time-Varying Dirichlet Process Mixture Mod-
els” IEEE Trans. Audio Speech Lang. Process., vol.17, no.8, pp. 1518-
1532, Nov. 2009

e I. Y. Ozbek and M. Demirekler, “ML vs. MAP Parameter Estimation of
Linear Dynamic System for Acoustic-to-Articulatory Inversion: A Com-
parative Study” Submitted to in Proc. EUSIPCO, 2010

e I. Y. Ozbek and M. Demirekler, “Audiovisual Articulatorty Inversion
Based on Gaussian Mixture Model (GMM)” in in Proc. SIU, 2010

e I. Y. Ozbek and M. Hasegawa-Johnson and M. Demirekler, “Formant
Trajectories for Acoustic-to-Articulatory Inversion” in in Proc. Inter-
speech, 2009

e V. Mitra and 1. Y. Ozbek and H. Nam and X. Zhou and C. Espy-
Wilson, “From Acoustic to Vocal Tract Time Functions” in in Proc. ICASSP,
2009

e 1. Y. Ozbek and M. Demirekler, “Vocal Tract Resonances Tracking Based
on Voiced and Unvoiced Speech Classification Using Dynamic Program-
ming and Fixed Interval Kalman Smoother” in in Proc. ICASSP, 2008

e I. Y. Ozbek and M. Demirekler, “Tracking of vocal tract resonances
based on dynamic programming and Kalman filtering” in in Proc. SIU,
2008



e I. Y. Ozbek and M. Demirekler, “Tracking of Visible Vocal Tract Res-
onances (VVTR) Based on Kalman Filtering” in in Proc. Interspeech,
2006

e I. Y. Ozbek and M. Demirekler, “Tracking of Speech Formant Frequen-
cies” in in Proc. SIU, 2006
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CHAPTER 2

TRACKING FIXED NUMBER OF VOCAL TRACT
RESONANCE FREQUENCIES

2.1 Introduction

Vocal tract resonances (VITRs) contain very useful information about uttered
speech and speaker. They are used in many speech applications (i.e. speech
recognition, synthesis, accent classification etc). Hence, reliable estimation of
formants is important in order to improve performance of these applications.
Recently, numerous methods are proposed to track formants that use Kalman
filtering (KF) [1, 46, 55, 47], dynamic programming (DP) [36, 38, 37|, HMM
[42], GMM [76] or combination of them [49, 77]. In this work, we propose a new
Kalman filtering/smoothing and dynamic programming combination algorithm
to track and estimate formant frequencies accurately. Doing this combination,
we consider formant tracking process as a kind of multi-target tracking process.
In multi-target tracking applications, there are two important issues; data as-
sociation (that is, which measurement belongs to which target), and position
estimation. Using a similar idea, we consider formant candidates form LPC
analysis stage as measurements from targets that correspond to formant fre-
quencies. DP is considered as a data association stage, in which labeling of the
formant candidates are handled. Estimation of formant location is done in KF
stage. The proposed method is explained in Fig.2.2 in detail. From our point of
view, without using the KF stage, the tracker has lack of main estimation stage.
Fig.2.2 indicates that the formant tracking procedure applied to voiced and un-

voiced parts of the speech are not the same. Indeed this is one of the factors that
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improve the performance of the system. The reason for this differentiation is the
basic observation that for voiced regions formant candidates given by LPC is
much more reliable compared to the unvoiced regions. The direct implication of
this observation is the differentiation of parameters of trackers for two cases. For
the voiced speech, nominal formant frequencies (independent of phone) are used
as additional information in DP part with relatively low importance. Further-
more, the formant measurements (output of the DP stage) contain ‘low noise’
so the model generated for KF part has a small measurement noise covariance.
For the unvoiced speech, the line connecting formants (similar to [38, 76, 33])
of the proceeding and succeeding voiced regions are used as nominal formant
frequencies which are called ‘estimated nominal VTRs’. They are quite effective
in DP stage where LPC outputs are not reliable. KF parameters are selected
according to a re-examination of the voicing decision. The measurement covari-
ance parameter in KF is relatively high for unvoiced part due to less reliable

LPC outputs

2.2 Baseline And The Proposed Method

The baseline method is well-known formant tracking system based on dynamic
programming [36, 38, 37]. The general block diagram of the baseline system can
be seen in Fig.2.1. The sub-blocks of the baseline system are explained in Sec.
2.2.2 and Sec.2.2.3 The general scheme of proposed VTR estimation procedure

can be seen in Fig.2.2. The sub-blocks are explained as follows.

2.2.1 Unsupervised Speech Segmentation And Segment Based Clas-

sification: Voiced vs. Unvoiced

In this work, we use Level building dynamic programming (LBDP) algorithm
in order to segment speech signal into homogenous units. LBDP is first intro-
duced by Rabiner [78] as an algorithm to solve the connected word recognition
problem and it is used in automatic speech segmentation task with some mod-

ifications [79]. This method is suitable for fulfilling segmentation task without
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Figure 2.1: General scheme of baseline formant estimation procedure.

using training data. The algorithm only requires the number of segments for
a given utterance to be segmented. An LBDP-based method optimally locates
the segment boundaries by minimizing a distortion metric by using a dynamic
programming based method. The details of the method can be found in [79].
The number of segments, L is proportional to the duration of the speech utter-
ance, 7 (sec) . The number of segments can be chosen as L = 407. One of
the drawbacks of LBDP-based algorithm is its computational complexity. To
overcome this difficulty, it is necessary to use maximum and minimum dura-
tion of the segment units to prune the search space. In this work, the range of
the search space of each level is limited to 0.025-0.5 secs. After segmentation
phase, assuming that we obtained L speech segments S = {Sp, S1,...,S.}, in
classification stage, we should make a decision on whether the given segment
is voiced or unvoiced. For this purpose we use two energy measurements and
corresponding threshold values. First one is the average energy of the segment
in dB and corresponding threshold is denoted by 7. The second measurement
is the energy ratio of the low frequency band (100 - 900 Hz) and high frequency
band (3700 - 5000 Hz) in dB and its corresponding threshold is the Tpy. Us-

ing these two thresholds, voiced and unvoiced segments are determined by the
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Figure 2.2: General scheme of the proposed VTR estimation procedure.

following two sets A and B.

A = {S;| Average Energy of S; > T for all i}

B = {S|| Energy Ratio of Low to High Band of S; > T}y for all j}

The voiced segments are the set of V' = AN B and unvoiced segments are the

set of UV =S — (AN B). Fig.2.3 denotes an example for unsupervised speech

segmentation.
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Figure 2.3: The speech utterance segmented into voiced and unvoiced part. The
solid black lines show the voiced segment. The utterance is taken from VTR
database [1]

2.2.2 Vocal Tract Resonance Candidates Based on LPC

The aim of this work is to track four lower vocal tract resonance frequencies. For
this purpose, the sampling frequency of the speech signal is chosen as 10 KHz.
Voiced speech signals have a natural spectral tilt, with the lower frequencies
(below 1 kHz) having greater energy than the higher frequencies. The lower
frequencies have more energy because they contain the glottal waveform and the
radiation load from the lips. Therefore, it is desirable to remove this spectral tilt
by using a pre-emphasis filter in order to improve formant tracker’s performance.
A common method of pre-emphasis is to filter the speech signal using a high-
pass filter that attenuates the low frequencies and the energy in the speech signal
is re-distributed to be approximately equal in all frequency regions [80]. The

transfer function of the high-pass filter H,(z) used in this work is given as follows
H,(z) =1-0.97z""

There are several methods for formant candidate extraction such as peak picking
[34] and linear prediction (LP) model pole extraction [35, 36, 37, 38, 39], etc. In
this work we choose LP method to find formant candidates due to its simplicity
of the method. The LP model is a linear prediction model where it is assumed

that the signal s(k) is predictable from a limited number of its past p values
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[81]:

s(k) = ays(k — 1)+, ..., +a,s(k — p) + e(k)

s(k) = Z a;s(k — 1) + e(k) (2.3)

where, a; is the ith linear prediction coefficient , e(k) is the prediction error and

s(k) is the speech signal. In the z-domain, (2.3) can be written as follows
P
S(z) =Y apz7"S(z) + E(2) (2.4)

k=1

And forming Eq. (2.4) into transfer function form;

H(z)

&

S(z)
1

5
Alz)  1- S apz (25)

This filter is the well-known all pole filter [80]. The input of the filter is the
error function which can be interpreted as the unpredictable (innovation) part
of the signal which derives the all-pole system. In this work to extract the
formant candidates, first the speech signal is divided into overlapping frames of
length 40 ms via Hamming window. These segments have 6 ms overlap with
each other. For each frame the linear prediction coefficients are estimated by
autocorrelation method. The primary LP order is set to 12 so that there usually
will be six complex-pole pairs which introduce the resonances of the system.
The real valued poles are eliminated and the poles are then sorted regarding to

their frequencies. To find formant candidates, A(z) is written as;

= Z(l — 2z (1 —ciz™h (2.6)

where,

cr = |ex|e’* is the kth complex root of A(z)
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The formant candidate frequencies R, and bandwidths Bj are estimated as

follows
Wk
— 2.
B o T, (27)
In([c|)
B, = — 2.
k T, ( 8)

where, T is the corresponding sampling frequency.

2.2.3 Estimation of Vocal Tract Resonances

In this work, the estimation of the vocal tract resonances is handled by Kalman
smoothing. For each resonance frequency, we use one Kalman filter. The critical
point in this method is to choose correct measurement (resonance) candidate to
update Kalman filter. For this purpose it is necessary to associate the resonance
candidates with formant tracks. There are some methods in the literature to
solve this problem [46, 55]. In this work, we use dynamic programming (DP)

approach [36].

2.2.3.1 VTR Candidate Classification (Selection)

We use Viterbi-like dynamic programming algorithm to classify (select) res-
onance candidates for VIR estimation phase. The states of the Viterbi-like
algorithm correspond to all possible formant track/candidate associations. As
an example, if there are 4 tracks and 6 candidates, the number of states is
N, = (6_6—4!)!4! = 15. From the definition it is obvious that Ny may change for
each frame since the candidates change. In applying DP algorithm, we define
two types of costs: incremental local cost Dy and transitional cost Dp. Defini-
tion of them is similar to [36, 38, 37] and are given below. The local cost Dy(-)
is related to our knowledge about VTR without using any temporal context and

it is defined as

- |Rim — RY|

Dr(Sk=m) = Z(aﬁim I ) (2.9)

Here, Sy denotes the state at frame k. N is the number of VIR, S, is the
bandwidth of the ith resonance at mth state which is weighted by a that is

17



independent VTR index. R, is the ¢th VIR candidate at the mth state. R}
is the ith nominal VTR. The normalized mean distance between the candidate
and nominal VTR is weighted by 7; and I'. The transitional cost Dr(-) which
forces the resonance candidates to be continuous is defined as:

() — Rk — 1)\
o () + Ry (k 1>) (2.10

al R
Dr(Sk =m|Sk_1 =p) = Z%‘ (R
i=1

where R;,, (k) is the ¢th resonance candidate at the kth frame for the mth state.
Similarly, R;,(k — 1) is the ith resonance candidate at the (k — 1)th frame for
the mth state. ; is a weight, which is VTR dependent. Hence, the total cost

at kth frame for S, = m is
D(Sk = m) = DL(Sk = m) —+ mpin [DT(Sk = m|Sk_1 == p) + D(Sk_l = p)]
(2.11)

The backtracking procedure of DP gives the best resonance frequency that means
the VTR candidates are classified into VIR index and they are ready for final
VTR estimation phase. On the contrary to the baseline method, the I parameter

of DP is set for voiced and unvoiced parts differently.

2.2.3.2 VTR Estimation

Since the formant trajectories are physical quantities and that are slowly varying,
they can be modeled as the output of a dynamic system model. The dynamics
of the formants and their relation with observations can be approximated by the

linear Gaussian model

Th+1 — F.Tk+ka, (2.12)
Y = ka—i—vk(s), (2.13)

where

e 1;, € R? is the formant state vector defined as

iy fk
fi

Ty
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f is corresponding to the resonance frequency that is estimated and fy is
it’s time derivative. Its initial distribution is given as x; ~ N (z1;Z,%).

F € R*? and G € R?**! is the transition and gain matrix respectively

given as
T2
Pa 1 T aal| T
0 1 T

where, T is the time difference of consecutive frames which is constant.

wy is the Gaussian process noise defined as wy ~ N (wy; 0, Q).

e i € R!is the observation vector. It is the best formant candidate obtained
from output of the DP algorithm. It is considered to be a noisy observation

of state vector z;. H € R?*! observation matrix defined as;
Ha |1 0]

vy is the Gaussian observation noise defined as vy ~ N (vg; 0, R;).

Using above-defined model parameter, the smoothed state Iy can be estimated

by a Kalman Smoother in an optimal manner [75].

2.3 Experimental Results

In this section we show experimental results and compare the performance of
the proposed method with our baseline system, WaveSurfer [82] and Microsoft
research (MSR) [1] methods. MSR center introduces the VTR database [1]
that contains 516 sentences with hand labeled formant trajectories which is
also used in our experiments. Together with this database MSR also developed
some automatic tracking results. We compare our results with the one given in
[1]. VTR estimation errors (in Hz) are measured by averaging absolute VIR
differences between the estimated and hand labeled reference values over all

frames, which is defined as
1 o
Y § : F Tl —
Ei_ﬁcizl |fi—fi|,l—]_,273 (214)

19



where, F; is the estimation error of ith VTR, ﬁ and f! are the corresponding
estimated and the hand labeled reference VTR’s respectively and N, is the total
number of frames. The hand labeled database has 10 KHz sampling frequency.
For error calculation, the hand labeled data is up-sampled so that it has the
same sampling rate as the proposed system. For a more detailed examination,
we measure VTR estimation error for broad phonetic classes as well. Fig. 2.4
is an example for format trajectories for voiced parts of the utterance given in
Fig. 2.3. The estimated formant trajectories of this utterance can be seen in

Fig. 2.5.

Frequency (Hz)

i

Time (sec)

Figure 2.4: Formant (black line) and Nominal formant (magenta line) trajecto-
ries for voiced and unvoiced speech segments.

The comparison of the proposed and the baseline system is given Table 2.1.

The comparison of MSR and WaveSurfer is given in [1] (Although 538 sentences
are used in [1], we use 516 of them since only 516 sentences are publicly available)
and repeated here for over all evaluation of our method. The comparison of the
proposed method with WaveSurfer and MSR’s method [5] can be seen in Table
2.2, Table 2.3, Table 2.4, Table 2.5.
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Figure 2.5: Estimated Formant trajectories for speech utterance given in Fig.
2.4. The white lines are the corresponding hand labeled formant trajectories.

Table 2.1: The error produced by the proposed and baseline methods for broad
phonetic classes. (The unit of error is Hz)

Phonetic Class Proposed Baseline
El\E2\E3\E1\E2\E3
Vowels 53 | 73 | 98 56 | 74 | 108
Semivowels 65 | 8 | 139 || 71 | 105 | 176
Nasals 93 | 194 | 156 || 108 | 236 | 178
Fricatives 119 | 126 | 156 || 224 | 185 | 227
Affricative 144 | 150 | 167 || 243 | 197 | 186
Stops 120 | 135 | 168 || 208 | 216 | 249
AVERAGE 83 | 105 | 131 || 122 | 137 | 169

2.4 Discussion And Conclusions

The experimental results show that the proposed method is significantly bet-
ter than both the baseline system and WaveSufer. The method also has a
significantly better performance compared to MSR’s method [1] in vowel and
semi-vowel phonetic classes where VTRs are well-defined. This result can be
seen in Table 2.1, Table 2.2 and Table 2.4. On the other hand, it is comparable
to the MSR’s method for the remaining phonetic classes. The overall perfor-

mance (for fi, fo and f3) of the proposed method is slightly better than MSR’s
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Figure 2.6: Estimated formant trajectories for a full sentence. The white lines
are the corresponding to hand labeled formant trajectories.

Table 2.2: The error produced by the MSR and WaveSurfer methods for broad
phonetic classes. (The unit of error is Hz)

Phonetic Class MSR WaveSurfer
El\Eg\Eg\El\Eg\Eg
Vowels 64 | 105 | 125 | 70 | 94 | 154
Semivowels 83 122 | 154 || 89 | 126 | 222
Nasals 67 | 120 | 112 || 96 | 229 | 239
Fricatives 129 | 108 | 131 || 209 | 263 | 439
Affricative 141 | 129 | 149 || 292 | 407 | 390
Stops 130 | 113 | 119 || 168 | 210 | 286

method, which can be seen in Table 2.5. Examination of Table-1 shows that the
performance of the proposed method for nasal phonetic class is relatively low.
The reason for this is that the resonance candidates of the proposed method are
obtained using LPC analysis which chooses spectral peaks as VI'Rs. In hand
labeled database, however, spectral valleys are chosen as VI'Rs for some nasal

consonants as explained in [1].

22



Table 2.3: The error produced by the proposed method, MSR and WaveSurfer
for all phonetic classes. (Note: MSR and WaveSurfer s results are calculated

using Table-2.2)

Method f1 fg f3
Proposed 83 | 105 | 131
MSR 91 | 110 | 127
WaveSurfer || 120 | 163 | 245

Table 2.4: The error produced by the proposed method and MSR for vowels and

semivowels.

Method || Vowel || Semivowel
Proposed || 74.6 96
MSR 98 119.6

Table 2.5: The error produced by the proposed method, baseline, MSR and
WaveSurfer for overall average (f1, fa2, f3)

Proposed

Baseline

MSR

WaveSurfer

| Overall Average ||

106.3

|

164

[109.3 |

176

|
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CHAPTER 3

TRACKING VARIABLE NUMBER OF VOCAL
TRACT RESONANCE FREQUENCIES

3.1 Introduction

The two terms, vocal tract resonances (VTRs) and formant frequencies are some-
times used interchangeably in the literature. VTR frequencies are related to
physical system and defined as resonance frequencies of air path of articula-
tory system and they are independent of existence of air (excitation) in that
articulatory system. Previously (VTR) frequencies are called formant frequen-
cies and defined only for vowel-like sounds in the literature. However, scientists
from different areas such as phonetics [48, 83| considered formant frequencies as
spectral prominence and they used them as distinguishing features for some ob-
struent sounds such as plosives and fricatives. Therefore, nowadays, in general,
formants are considered as frequencies that occur due to vocal tract resonances
and are defined in acoustic domain with evidence of spectral prominence. Simi-
larly, tracking resonance frequencies in speech utterance is handled in different
perspective. Kopec [35] tracks formant frequencies only for vowel-like sounds
and also labels some regions that formant frequencies do not exist. Lee et al.
[38] tracks formant frequencies for speech utterances that contain unvoiced con-
sonants but tracking performance is evaluated only for vowel-like regions. Their
reason to track formant frequencies in unvoiced regions is to increase the track-
ing performance of vowel-like regions. Deng et al. [45, 84], extend formant
frequency tracking into unvoiced regions including unvoiced closure and call it

tracking VT'Rs. They consider formant and VTR as same for voiced regions and
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assume that in non-sonorant regions VIRs are hidden (unobservable) but they
should be tracked somehow to maintain the continuity of articulatory movement
which is independent of the existence of air (excitation). Our perspectives are

somehow different from previous studies:

e Since articulators change continuously, some resonance frequencies may
have continuous trajectories (including sonorant and obstruent region) ac-
cording to physical geometry of air path. However, some resonance fre-
quencies can completely disappear or newly appear, especially when phys-
ical geometry of air path changes abruptly as in the case of nasal and

plosive sounds.

e Number and frequency of a VVTR changes according to context and may
even change for the same phone. As an example resonance frequencies
of unvoiced closure (leakage formant) can occasionally be visible in the
spectrogram. Also an unexpected resonance frequency may appear in a

nasalized vowel.

e It is difficult to decide on the number of resonance frequencies that exists
in a speech utterance. The generally excepted procedure of tracking 5 or

3 formant frequencies seems to give some wrong indications about VTRs.

In order to build a basis for our claim of varying number of formants, we investi-
gate the effects of abrupt changes of the vocal tract in the state space framework
in Sec. 3.2. The analysis shows that the number of formants appearing in the
spectrum may vary in time. Considering all these observations we introduce the
concept of tracking visible vocal tract resonance (VVTR) frequencies. VVTR
includes well-known formant frequencies defined for vowel-like sounds, extra for-
mants due to nasalization, leakage formant in obstruent regions etc, when they
exist. Therefore, our tracking method is different from previous studies in the

following ways:

e The number of visible resonance frequencies that we want to track depends

on the utterance and is not known a priori. It may change in time for a

25



given speech utterance. Therefore, the tracking algorithm should have the
capability of tracking different numbers of resonance frequencies along the

speech utterance.

e The tracking algorithm should have the capability of initiating new tra-

jectories and ending the already existing ones.

In this study we present a new strategy to track VVTR trajectories in a fully
automatic manner without using any phonemic information. In Sec. 3.3, we
will describe the tracking algorithm. Experimental results are given in Sec. 3.4

, and Sec. 3.5 is devoted to discussion and conclusions

3.2 Analysis of The Formants For Supra-Glottal Source Location

Formants, defined as the resonance frequencies of the vocal tract, are formed by
the shape of the vocal tract, therefore are affected by any changes in the shape.
In case of nasal sounds, almost an abrupt change occurs in the vocal tract that
affects the second and the third formants observed in the spectrum. For some
other phones, like fricatives and plosives, the location of the excitation changes
due to heavy constriction of the vocal tract. The location of the constriction
and the excitation are directly related. In this section, we analyze the effects of
supra-glottal source location together with vocal tract constriction on formants.
The analysis is based on concatenated tube model and the state space repre-
sentation of the standard LPC filter. Our aim is to show that the disappearing
formants correspond to uncontrollable modes of the given state space represen-
tation. The spectrogram in Fig. 3.1 is given as an example of varying number of
formants during a speech utterance. The concatenated tube model, although
oversimplified [15, 16] and ignores the effect of nasal cavity, is still widely used
because of its tractability as well as fairly accurate modeling capability for at
least some phones. A further advantage of the model is that it is based on vocal
tract areas which are physical quantities. The well known concatenated tube
model is shown in Fig. 3.2 In this figure p; represents the kth reflection coef-

ficient, and p; and p, represent the lips radiation and glottis parameters. The
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Figure 3.1: An example for the change in number of formants: The spectrogram
of the utterance menkuli hlamur.

well known relationships between the reflection coefficients and the vocal tract

areas are as follows.

 Agp — A

=———— for k=1,...,n 3.1
Agy1 + Ay (8.1)

Pk

An important property of this model is that it has no zeros. It is possible to
write the transfer function of this system directly via the reflection coefficients.
However, even for a second order system, the task is quite complicated [85].

Vocal tract resonances are usually defined as the resonance frequencies of the

(1+p,)2 %z

1+p, X 7 1+p, 140, _x, 2 T+p

ug(k) s(k)

|5}

'1:p3 1-Poy

Figure 3.2: Concatenated tube model with the excitation at the glottis

system given by the above model. These frequencies are related with the poles of
the transfer function of the system. In the literature, there exists some discussion
regarding the wvisible resonances and/or cancelations in the transfer function

by the introduction of zeros [86, 87, 46, 88]. Especially during the generation
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of plosives or fricatives, vocal tract is excited from a constriction that is in
the middle of the oral cavity and consequently, length of the vocal tract is
reduced. Such a reduction in the length causes the generation of only high
frequency resonances. In this part of the thesis, we will examine all these subjects
by considering the state space representation of the system given in Fig. 3.2.
The state space representation preserves the direct relationship between the
parameters of the model and the reflection coefficients. In our representation,
the state variables are chosen as the outputs of the adders on the forward path.
Starting from the lips, i.e., from the output of the system we write the state

equations as follows.

Tp(k+1) == ppp_12n(k) + (1 4 pp_1)xn_1(k) (3.2)
Tp-1(k +1) = = ppn—2(1 = po-1)2n(k) = pn—1pn—2@n-1(k) + (1 + pp—2)@n-2(k)
(3.3)
ralk 1) = pipy T = () = s [L01 = a1 (8)
— .= papra(k) + (1 + ppr) w1 (k) (3.4)
z1(k+1) = — pipg H(l = pi)Tn(k) = pp-1p1 H(l = pi)Tn-1(k)
- - 1+ py

— oo = Po1pn—2@2(k) + (14 poy)za (k) + u(k) (3.5)

2
Using the above defined states and assuming that the vocal tract is excited from

the glottis and the sound is produced at the lips, the state space model is written

as follows.
x(k+1) = Ax(k)+ Bu(k), (3.6)
s(k) = Cux(k). (3.7)
Where the matrices B and C are equal to
B = (4o o)T (3.8)
¢c = (0.0 (a+p). (3.9)

The remaining part of the representation is given in Appendix-A. The eigen-

values of the matrix A that are close to the unit circle can be considered as
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approximations of the formants. In this model, the place of the excitation is
modeled by the location of the nonzero element of the matrix B. Fig. 3.3 shows
the modification of the signal flow graph for supra-glotal source location. Such
a modification in the signal flow graph can be reflected to the state space rep-
resentation by means of the matrix B. If the constriction is at the mth tube,

corresponding B matrix will be as follows.
T
p=(0 . 0) 310

An important observation here is that, a change in the position of the exci-

u(k)

Figure 3.3: Concatenated tube model with the excitation at supra-glottis

tation introduces some zeros to the system. However, the poles are not af-
fected. Constrictions during articulation basically changes vocal tract areas
around the constriction region. Consider the case in which A,, = 0 for a certain

. . . A — A
m, and the corresponding reflection coefficients are p,, ; = 2"+ = —1 and

A'm +Am—1
_ Am+1 *Am

Pm = Ao An = 1. For this extreme case, the representation given above takes

the following form.

A 0 0
w(k+1) = H z(k) + amu(k), (3.11)
As Ago €1

s(k) = ( 0 e, )a:(k). (3.12)
The sub-matrices are given in Appendix A. An interesting observation here is
that Aj; block of A is not controllable (first m states are not excited by the

input) so the poles of this part can not affect the transfer function. Controlla-

bility is a concept that is borrowed from control theory that shows which modes
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(eigenvalues of the A matrix) are not excited by the input of the system. These
eigenvalues do not exist in the transfer function. The speech literature intro-
duces this concept as unobservable formants that actually exist but canceled
with zeros [1, 46, 45, 55]. Consider the case in which the constriction is quite
close to the lips, so that m = n — 2. Under this condition the controllable part

of the system becomes

I —ppn—21=po-1) \ [ —par —pi(l = pa-a)
22 — -

L+ pn— —P1Pn-1 L+ pp— —P1Pn-1
(3.13)

The eigenvalues of this matrix can be found as the roots of the equation A\? +
Pn-1(1 4+ p)XA + pp = 0. These roots can be plotted as a function of p,_; as
0 < pp—1 < 1 as shown in Fig. 3.4. The figure is plotted for p; = 0.6 and
Pn—1 > 0. The last reflection coefficient is clearly positive since it corresponds to
the area after restriction. Fig. 3.4 indicates that there is one resonance frequency
because of the second order model that we have used and its frequency is high
if p,_1 is high. Furthermore, bandwidth is determined by the value of p; which
may not be very small. This model fits quite well with the observations related

with the phone ‘s’.  The analysis done within this section is an attempt to

Py =0
roots: 0 + 0.775i|
10 -0.775i

Figure 3.4: The root locus of the equation \* + p,_1(1 + p))A + p; = 0, where
pi = 0.6 and p,,_; is varying between 0 and 1.

explain the phenomenon of appearance/disappearance of the formants in the

spectrum. We conclude that the number of formants in the spectrum varies in
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time. This variation can be important for fricatives and plosives.

3.3 VVTR Tracking Algorithm

Our proposed VVTR tracking algorithm is mainly based on multi-target track-
ing algorithms which are widely used in the tracking literature. Here we tailored
the existing methods to suit VVTR tracking in speech utterance. Our VVTR
tracking algorithm operates in four phases: speech analysis, track start/end de-
cisions, gating/association and tracking, as shown in Fig.3.5. In the analysis
phase, resonance candidates are obtained by finding the roots of the linear pre-
diction polynomial obtained from LPC analysis. In the track start/end decision
phase new trajectories start if there are consistent track candidates or old tra-
jectories end if no more consistent candidates are available. In the gating and
association phase, each trajectory is associated to a suitable resonance candi-
date if such a candidate exists in a sufficiently close neighborhood of it. Finally,
in the tracking phase, the tracks are generated by Kalman filtering. Following

sections explain each block in more detail.

Track
Initiation and Ending
Decision Unit

K

alman Filter

Speech Resogance Data
—_— Candidate ..
} Association
Generation

Kalman Filter

o

Gating and
Association Phase

Analysis Phase Tracking Phase

Figure 3.5: General VVTR tracking block diagram.

31



3.3.1 Speech Analysis Phase

Analysis phase generates candidates for resonance frequencies and their band-
widths by finding the roots of the linear prediction polynomial obtained from
LPC analysis. The computaion of resonance candidates and their bandwidth
is expalined in (2.7) and (2.8) in Ch.2. The sampling frequency can be chosen
according to the interest of highest resonance frequency band. Bandwidth of
the resonance frequencies are used as a threshold in the selection of resonance
candidates. That is the roots of the LPC polynomial with large bandwidths

may not be used as a resonance candidate.

3.3.2 Track Start/End Decision Phase

Track Start/End Decision phase provides the tracking algorithm with three deci-
sions about trajectories (tracks); start a new VVTR trajectory, confirm VVTR
trajectory and end an existing VVTR trajectory. The state diagram of this
phase is given in Fig.3.6. State 1 is for track initiation. Any point obtained as a
resonant frequency from the LPC analysis that is not in the gate of any existing
track is considered as a possible future track in State 1. At the following frame
the state of the candidate track will be changed either as 0 or 2. The change
in the state is done according to the resonant candidates of the next frame. If
there is a measurement, i.e. a candidate resonant frequency which is close to the
track candidate generated at State 1 (in the gate of the track considered) than
this track goes to state 2, otherwise it goes to state 0. States 0 and 2 are waiting
states and waiting times are design parameters. In State 2 Kalman filters are
initiated for the candidates. The trajectories which do not have measurements
in their gates go to State 0 where they wait a certain time for a measurement. If
they can not receive measurement in the gate of the trajectory, they go to State
-1 and are deleted. However in the case of consistent measurements they go to
State 2. The track candidates in State 2 go to State 100 and declared as tracks
if they receive consistent measurements for a certain number of times. State 100
is the tracking state and all trajectories are tracked by the tracking algorithm

if they take measurements. If they do not take any measurement in a certain
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time interval track is ended.

Initiate VVTR

Declare VVTR

Delete Initial VVTR

Figure 3.6: State flow diagram of the track decision phase (The solid lines de-
note trajectories that take consistent measurement and the dashed lines denote
trajectories that do not take consistent measurement).

3.3.3 Gating and Association Phase

Gating and association phase is mainly related to Track Start/End Decision
phase of the algorithm as well as the tracking phase. The gate of a trajectory
determines upper and lower limits for the candidate resonance frequencies. Tra-
jectories consider a measurement as consistent if it is in between these upper
and lower limits. The VVTR tracking algorithm use two types of gates: con-
stant and variable. The upper and lower frequency values of a constant gate are
constant. As an example, if we define constant gate value as 150 Hz and current
trajectory value is 500 Hz than the trajectory considers resonance candidates as
consistent, if they are in between 500 — 150 = 350H z and 500 + 150 = 650H z.
The constant gate is used for those trajectories whose states are at State 1, State
0 or State 2. The variable gate is used for the trajectories in State 100, i.e. after

VVTR is declared. The variable gate G changes by time and it is defined as:

G(k) = /75 (3.14)
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where, S, and v are measurement variance and a predefined threshold respec-

tively. The upper and lower limits L of gate are defined as follows.

L(l{?) = @k: + vV ’)/Sk (315)

In this expression . is the predicted measurement at time instant k, which is
obtained using prediction step of the Kalman filter. This expression indicates
that the gate value is changed according to the measurement covariance. As the
theory suggests, the gate value increases when gate contains no measuramet at
a certain time. If more than one candidate falls in the gate of any trajectory,
the nearest-neighbor procedure is applied to associate the candidate with the

trajectory.

3.3.4 Tracking Phase

In the tracking phase Kalman filter is used to track resonance frequencies. The
state-space representation of the dynamic system model is given as in Chapter 2

and is repeated here for convenience.

Tpr1 = Fzp+ Guy, (316)
Ye = Huxp + vi(s), (3.17)

where

o 1, € R? is the formant state vector defined as

N i
T = .
i

f is corresponding to the resonance frequency that is estimated and fy is

it’s time derivative. Its initial distribution is given as z; ~ N (z1;Z,X).

F € R?*2 and G € R?*! are the transition and gain matrix respectively

given as
T2
Fa 1 T sl T
0 1 T

where, T is the time difference of consecutive frames which is constant.

wy is white Gaussian process noise wy ~ N (wy; 0, Q).
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e 3. € R! is the observation vector. It is the best formant candidate ob-
tained from the output of the DP algorithm. It is considered to be a noisy

observation of state vector x,. H € R?*! observation matrix defined as;
H= [ 10 } .

vy is the Gaussian observation noise defined as vy ~ N (vg; 0, R).

Tracking algorithm uses standard Kalman filtering equations [51] where the
measurements are the associated frequencies obtained at the association phase.

First component of the filtered states give the related VVTR track.

3.4 Experimental Results

In this section, we will give spectrograms and VVTR frequency tracker outputs
of some utterances that are taken from Continuous Speech Turkish Database
[89]. Phonetic transcriptions (with SAMPA alphabet of Turkish [90]) of the
fragments are given in the corresponding figures. We use WaveSurfer speech
tool [82] to show results of VVTR tracker. We also use formant tracking results
of WaveSurfer for comparison purposes. The first spectrogram is for the Turkish
word fakat. The spectrogram of the fakat is given in Fig. 3.7. In this figure,
the indicated regions denote leakages of resonance frequencies that appear in
the closure before the plosives £ and ¢. The solid lines are results of proposed
VVTR tracker. It is clear that algorithm is successful in tracking and ending
leakage resonance frequency tracks as well as the normal resonance frequencies
of vowels. Fig. 3.8 shows spectrogram of a fragment O hantald:. This speech
utterance contains special phenomena about vowel nasalization which is on a
that appears before the nasal sound n. Since the proposed VVTR tracker is
capable of tracking different number of resonance frequencies it tracks extra res-
onance frequency due to nasalization as well the resonances of n as shown in
Fig. 3.8. Also, the leakage resonance frequencies in the closure part of d are
successfully tracked and these tracks are connected to resonance frequencies of
the next vowel 1(SAMPA representation of Turkish ‘1’). Note that tracking the

leakages generates the required continuity of the vocal tract resonances when
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Figure 3.7: VVTR tracking result of the word fakat with transcription (f-a-kcl-
k-a-tcl-t).

such continuity exists. On the other hand it is clear that whenever the vocal
tract shape change, this change causes an abrupt change in its resonance fre-
quency, tracks are ended and new ones are started as explained above. Fig.
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Figure 3.8: VVTR tracking result of the fragment O hantald: with transcription
(o0- 5-a-n-tcl-t-a-l-dcl-d-1).

3.9 shows VVTR tracker results of the statement sturicigillerden. This sound
also contains other special phenomena which is called wvelar pinch, that occurs
at velar consonant (k, g, N). At these phones two resonance frequencies merge
together. The encircled region in the figure shows that the VVTR algorithm

is also successful in detecting and tracking this phenomenon. In Fig. 3.10,
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Figure 3.9: VVTR tracking result of the word sturicugillerden with transcription
(s-y-r-y-dZcl-dZ-y-gcl-g-i-l-lI-e-r-dcl-d-e-n ).

the tracking results of the proposed VVTR tracker and WaveSurfer speech tool
are compared for the same fragment menkuli ihlamur. WaveSurfer has fixed
number of formants which is set to 5. A close examination of this utterance
shows that the first nasal m, shown as first encircled region in the figure, has
3 VVTR tracks however the number increases to 5 at the vowel region of e. It
can be seen that the VVTR tracks are again reduced to 3 corresponding to velar
pinch before N which denotes phonetic velar n as the second encircled region
indicates. The last marked region of in Fig. 3.10 shows the difference between
the WaveSurfer tracks and our tracker for the last a. Our tracking system gives

a much more satisfactory result for the 5th VVTR compared to WaveSurfer.

3.5 Discussion and Conclussions

In this study we have analyzed the vocal tract resonances and their visibility
in the spectrogram. In the literature it is usually assumed that the vocal tract
resonances are continuous due to the continuity of the movements of the artic-
ulators, however this continuity is not visible in the spectrogram of the speech.
In our analysis we observed that vocal tract resonances may not be continu-
ous especially at the nasals, but not restricted only to them, where vocal tract

changes structurally. Based on our observations of spectrograms of a large num-
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Figure 3.10: WaveSurfer and VVTR tracking result of fragment menkuli shlamur
(m-e-n-kcl-k-u-l-y- 1-5-I-a-m-u) in part-a, part-b respectively
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ber of sentences we proposed a tracking algorithm that can start, end and merge
tracks of vocal tract resonances. The tracking algorithm is based on Kalman
filtering and is inspired by multiple target tracking methods. Visibility of the
vocal tract resonances in the spectrogram is another issue of this study. In the
examples we showed that at some regions where vocal tract resonances exist
due to leakage, continuity of the tracks is maintained by the algorithm. The
experimental results are very promising and show that the approach given here
can be used in many speech applications such as speech synthesis, recognition,
segmentation etc. The VVTR frequencies can be considered as anchor formant
frequencies hence the result also can be used for classical formant frequency

tracking applications such as given by Xia et al.[37]
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CHAPTER 4

AUDIOVISUAL-TO-ARTICULATORY INVERSION
BASED ON GAUSSIAN MIXTURE MODEL
REGRESSION

4.1 Introduction

In his book The Acoustic Theory of Speech Production, Gunnar Fant published
a series of nomograms: plots of formant frequency as a function of articulatory
constriction location [2]. His nomograms captured the imagination of the scien-
tific world by depicting the relationship between articulation, X', and acoustics,
Z in the form of a mathematical function, Z = f(X). With Fant’s nomograms
in hand, the problems of speech technology seemed solvable: speech synthe-
sis seemed to be no harder than implementation of the function Z = f(X),
and speech recognition, no harder than implementation of the inverse function,
X = g(Z). Although the nomogram is no longer considered to be a summary
of all speech technologies, estimation of the function X = g(Z) (the so-called
articulatory inverse function) is still a goal of speech technology research, partly
because it is an interesting challenge, but also, in part, because recent results
continue to demonstrate that the accuracy of automatic speech-to-text tran-
scription using both acoustic and articulatory measurements is higher than the

accuracy of transcription using only acoustics [91, 92, 93, 94].

The science of articulatory inversion has become far more precise than ever
before, since the development of electromagnetic articulography (EMA) made

it relatively easy to record simultaneous articulatory and acoustic measure-
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ments [62], and especially since the publication of a relatively large single-talker
EMA database as part of the MOCHA database [63]. Using EMA data, re-
cent studies have demonstrated acoustic-to-articulatory inversion using hidden
Markov models (HMMs) [68], neural networks [64, 65], and Gaussian mixture
models (GMM) [67], using a wide variety of acoustic feature vectors [66]. The
publication of visual features for the female speaker of the MOCHA database [95]
has allowed experiments to test audiovisual-to-articulatory inversion [72]. This
part of the thesis develops an articulatory inverse function based on GMM, us-
ing audio, video, and audiovisual input features. The first of the goals of this
study is to simply extend previous research, by performing experimental tests
of a wider variety of acoustic features and audiovisual fusion strategies than in
previous work. In particular, we propose to step back to the days of Gunnar
Fant, as it were, by including explicit formant frequency and formant energy

estimates in the acoustic feature vector for purposes of articulatory inversion.

Although it demonstrated the potential utility of articulatory inversion, the
nomogram also demonstrated that articulatory inversion is, strictly speaking, an
ill-posed problem: the function Z = f(X) is non-monotonic, therefore it has no
inverse. Schroeder [56] and Mermelstein [57] demonstrated that there is a one-to-
one map between the shape of a tube, on one hand, and the set of pole and zero
frequencies of its driving point impedance, on the other; since the formant fre-
quencies carry information only about the poles of the driving-point impedance,
they concluded, the problem of acoustic-to-articulatory inversion is underspeci-
fied by a factor of two. They proposed two potential solutions to the problem:
(1) measure both the poles and zeros of the driving-point impedance, e.g., using
external stimulation, or (2) halve the degrees of freedom of the problem, by as-
suming any particular distribution of losses within the vocal tract. Wakita [58]
demonstrated a special case of the latter solution: he demonstrated that if all
losses are at the lips, then the vocal tract shape is provided by the reflection-
line implementation of linear predictive coding (LPC). Atal, Chang, Mathews
and Tukey [59] proposed a third solution: dynamic programming. They pro-
posed that the formant frequency vector at each time step should be inverted

in one-to-many fashion, to find a list of matching articulatory vectors; dynamic
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programming is then used to find the most likely temporal sequence of artic-
ulations matching the observed acoustics. Recent papers have replaced Atal’s

dynamic programming algorithm with an HMM [68] or low-pass filter [67, 64].

The second goal of this study is to demonstrate a better smoother for GMM-
based articulatory inversion. In particular, we demonstrate that Kalman smooth-
ing dramatically improves articulatory inversion. Furthermore, because the
Kalman smoother is based on a Bayesian-normalized generative model for the ob-
served articulatory and acoustic data, we demonstrate that the Kalman smoother
can be easily adapted to make use of any available auxiliary information, e.g.,
of a phonetic transcription, in order to further reduce the error rate of the ar-

ticulatory inverse.

Finally the third main goal of our work is to give the details of efficient and
effective information fusion procedures that can be applied to combine acoustic
and visual information. Although the description given above summarizes the
highlights of our work, we would like to give below a list of major contributions

of this chapter:

e Incorporation of various type of acoustic (and visual) features into the

articulatory inversion process is shown to be effective.

e In contrast to the currently used (low-pass filter based post-processing)
smoothers, we propose dynamic (model-based) smoothing in order to make
use of as much information from the GMM inversion (both the means
and covariances) as possible. We also present a way to include the extra
information such as phonetic transcription (if any) into the smoothing

framework effectively.

e In addition to the so-called early and late fusion types utilized in the lit-
erature, we propose a novel audio-visual fusion methodology (with we call

“modified fusion algorithm”) that is shown to give superior performance.

The rest of the chapter is structured as follows. We start in Sec. 4.2 by describing
the set of audio and video features considered and emphasize the advantage of

using various combinations of audio features in articulatory inversion. Sec. 4.3,
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for the sake of completeness, describes GMM-based articulatory inversion, more
or less exactly as it was described in [67]. The dynamic smoothing process based
on global and multi Kalman smoothers that we propose is detailed in Sec. 4.4.
Sec. 4.5 describes three different candidate methods for audiovisual fusion. The
extensive experimental results that we performed are given in Sec. 4.6 while

Sec. 4.6.3 lists and describes the results. Conclusions are drawn in Sec. 4.7.

4.2 Acoustic and Visual Features

Early studies of articulatory inversion (e.g. [57, 58]) often focused on the relative
utility of different types of acoustic features; Qin and Carreira-Perpin, among
others, have compared different acoustic feature sets in a modern probabilistic
paradigm [66]. Video features have also been demonstrated to be useful for artic-
ulatory inversion [72]. This part of the thesis examines the extraction of different

types of acoustic and visual features for GMM based articulatory inversion.

4.2.1 Audio Features

The papers of Fant [2], Mermelstein [57] and others suggest that good estimates
of the formant frequencies may go a long way toward accurate articulatory inver-
sion. Recent studies have approximated the formant frequencies using informa-
tion from linear predictive coding (LPC), including the line spectral frequencies
(LSFs). Qin and Carreira-Perpin [66], in particular, suggested that acoustic
features related to the formants (LPC and LSF) are more useful for articulatory
inversion than features not related to the formants. One of the goals of this work
is to demonstrate that better formant estimates produce better articulatory es-
timates. This study will compare several of the same acoustic feature sets that
were tested in [66], including mel-frequency cepstral coefficients MFCC, LPC,
LSF. This study will also test two additional feature sets: a vector of formant
related features (frequencies and energies) and log area ratios (LAR) of the

vocal-tract tube model.
MFCCs have often been reported to give optimal results in acoustic-to-articulatory
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inversion experiments [67]. In this study, 13 MFCCs are generated from 29 tri-
angular band-pass filters, uniformly spaced on a Mel-frequency scale between 0
Hz and 8000 Hz. M = [My,. .., M3] denotes the 13-dimensional MFCC feature
vector; DM = [M, M, Maa] denotes a combination of the MFCCs and their

velocity Ma, and acceleration Maa components.

The LPC coefficients are adequate for articulatory inversion during vowels and
glides, if the vocal tract is assumed to be a lossless tube with a lossy termi-
nation [58]; even under more realistic assumptions, the LPCs are a useful de-
scription of the vowel spectrum [66]. LPCs are estimated by the autocorrelation
method and the order of the LPC filter is chosen to be 18. L = [Ly,..., L]
denotes an 18-dimensional LPC feature vector; DL = [L, La, Laa| denotes the

combination of LPCs and their velocity La and acceleration Laa components.

Log area ratio (LAR) coefficients are derived from LPC. In LAR analysis, the
vocal tract is modeled by cascading uniform tubes (Wakita’s model [58]). It is
assumed that the first tube (the glottis) is closed (area = 0), and the last tube
(just past the lips) has infinite area. The LAR coefficients are formed by the
log area ratio of cross-section areas of consecutive tubes. Let g; be the ith LAR

coefficient; it is calculated as

G
Ai =lo =

& Git1 1+ p;
where G; and G, are the ith and (i+1)th cross-sectional area respectively, and
p; is the corresponding partial correlation coefficient derived from the Levinson-
Durbin recursion. LAR features are denoted A = [Aj,..., As5]; DA is the

combined feature set, including velocity and acceleration.

The LSFs are the poles and zeros of the driving point impedance of Wakita’s
vocal tract model [96]. The LSFs are widely used in speech coding, because
of their high intra-vector and inter-vector predictability [97]. LSF coefficients
tend to cluster around spectral peaks, especially around formant frequencies,
and are therefore closely related to articulation [98]. LSF features are denoted
S = [S1,...,518], and DS is the combined feature set, including velocity and

acceleration.
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Figure 4.1: The spectrogram of the utterance ‘Those thieves stole thirty jewels’
from fsew(0-Mocha-TIMIT database. Estimated formant trajectories are super-
imposed.

Formant frequencies are another type of acoustic features extracted from LPC
features. Formants are the resonant frequencies of the vocal tract and they
change according to movement of the articulators [99]. Therefore, this chapter
considers the formant frequencies as effective acoustic features to be utilized for
articulatory inversion. During vowels and glides, formant frequencies may be
estimated by the poles of an autoregressive spectral estimator, though temporal
smoothing improves the estimate. During obstruent consonants, formant fre-
quencies must be interpolated using some type of dynamic programming model.
In this study we use the formant tracker described in Chapter 2. The output
of the formant tracking algorithm for one of the sentences from the MOCHA

database is shown in Fig. 4.1.

The energy associated with each formant frequency is also extracted, using the
algorithm described in [73]. First, a magnitude spectrum is computed for each
frame. Second, for each formant, Gaussian windows are generated in the spec-

trum domain. The mean and variance of each Gaussian are related to the
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Figure 4.2: Magnitude spectrum and Gaussian windows for 155’th frame of
Fig.4.1 Corresponding four formant frequencies are F=[586, 1457, 2628, 3803]
Hz.

associated formant frequency and bandwidth respectively. The bandwidths of
the first four formants are assumed to be fixed at the values of BW= [90, 110,
170, 220] Hz. The means of the Gaussian windows vary in time, tracking the
estimated formant frequencies. Third, the energy level associated with the ith
formant, E;, is computed by multiplying the magnitude spectrum | X (f)| by the

ith Gaussian window, W;(f), and summing over all frequencies:

F./2

E=m [ S wnIx() (4.1)
£=0

Fig. 4.2 shows the magnitude spectrum and corresponding Gaussian windows

for the 155’th frame of the spectrogram given in Fig. 4.1.

In this study, FE = [F,...,Fy, Ey, ..., E4] denotes an 8-dimensional vector
containing the frequencies and energies of the first four formants. DFE =
[FE, FEA, FEAA] denotes the combination of FE and their velocity F'Ea, and

acceleration F'Eaa components.
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4.2.2 Visual Features

In addition to acoustic features, visual features are also useful in articulatory
inversion. Lips, jaw, teeth, and some part of tongue are visible articulators
and visual information from these articulators can be extracted from a camera.
Active Appearance Models (AAMs) are used to extract the visual features from
the speaker face [72]. The visual features used in this chapter are AAM-based
and consist of 12 shape and 27 texture features. We obtained these features from
[95]. In this study, V' = [V4,..., V39| denotes the 39-dimensional visual feature
vector, and DV = [V, Va, Vaa] denotes the combination of visual features and

their velocity Va, and acceleration Vaa components.

4.3 Gaussian Mixture Model Based Articulatory Inversion

One of the well known acoustic to articulatory mapping methods is nonlinear
regression based on GMMs [67]. The basic idea of the method is as follows.
Let Z, X denote vectors from acoustic (and/or visual) and articulatory spaces.

Articulatory inversion methods look for an inverse mapping g(-) defined as:
X =g(2)

to estimate articulatory vectors from given acoustic and visual data. The map-
ping between the articulatory and the acoustic (and/or visual) spaces is quite
nonlinear and analytically unknown. Therefore, it is not a trivial problem to
estimate an inverse mapping directly. In a probabilistic framework, the inverse
mapping function g(-) can be approximated if enough data pairs (Z; , X;) are

available. Let g(-) be an estimate of the true inverse mapping g(-) defined as:
X £g(2)
In the minimum mean square error (MMSE) sense, the optimal approximate

mapping gyyse(-) can be estimated by minimizing the error variance J(g(Z2)).

8umsp(Z) = argmin J (§(Z2)) (4.2)

g()

where



Taking the derivatives of J(g(Z)) with respect to g§(Z) and equating to zero,

the approximate mapping can be found as;
Eumse = Bumse(z) = B(X|Z = 2) (4.3)

In other words, the best thing that we can do in the MMSE sense is to repre-
sent the inverse mapping g(-) with the conditional expectation of articulatory
data given audiovisual data. In order to find a mathematically tractable ap-
proximate mapping we need further assumptions. If it is assumed that X', Z
are jointly distributed according to a Gaussian mixture model (GMM), then the

joint distribution can be written as

frxz(z,2) Zm (z,2; 1, %) (4.4)

where C is the number of mixture components and 7; are the mixture weights,
which satisfy Zle 7; = 1. The p’ and ¥¢ denote the mean and the covariance

of the GMM components and are defined as

ia | Mx s A Yhx Yz
- . 9 - . .
T ¥ X

Hz Yox Yiz

The conditional distribution fx|z(x|2) can be calculated from joint distribution

!

fr.z(z, z) using the Bayesian rule

frz(x,2)

frz(z,2)de

The resulting conditional distribution is again a GMM, given as

friz(zlz) £ T

Friz(7]2) Zﬁ% N (@5 ptly 2, Sl 2) (4.5)

where 3'(z) £ P(c = i|Z) is the posterior probability of the ith mixture com-
ponent, where ¢ € (1,...,K) is the mixture indicator. The parameter /ﬂ;,(| ~ and
E"Xl ~ are the conditional mean of and covariance of X given mixture indicator

¢ = 1 and observation Z, which are defined as
ngz = py +Shz(E2) (2 — pk) (4.6)
§Y|Z: f'vx_ 2¥Z< : ) 12
Bz(z) . WZN(va'LZZ’ZZZ,'Z)
K iy
> i TN (25 15, X )

48



Under these assumptions, the MMSE articulatory estimate z and corresponding

error covariance X can be found as follows.

>

E

T

—~

X|Z =2)

3'(z) [Hiv + 2z (B%2) Nz - Mzz)} (4.7)

Il
‘M?‘

1

)

»Ea Cov(X|Z = z2)
= 5() [Blz + (lyz — Dz — 2)'] (4.8)

The parameter set of the GMM, © = {m;, u*, X}~ |, may be estimated using the

expectation maximization (EM) algorithm, as described in [100].

4.4 Dynamic Smoothing of Articulatory Trajectories

Although the movements of the physical articulatory organs are slowly varying
and quite smooth, the output of the various articulatory inversion methods given
in the literature are not smooth enough to obtain good performance. Therefore,
it is necessary to use further smoothing techniques to improve their estimates.
For this purpose time derivative features like velocity and acceleration compo-
nents are used in [68], and it is observed that these auxiliary features improve the
smoothness of the articulatory trajectories. However, the trajectories obtained
by this method are not sufficiently smooth. Zero-phase low-pass filters (FIR or
ITR) can also be used to smooth output of the articulatory estimators [64, 67, 69].
Zero-phase filtering can be performed by first filtering forward in time, then fil-
tering backward (in time) using the same filter. For each articulator, the cut-off
frequencies of the low-pass filters are optimized by trial and error. Although
being simple and fairly effective, this type of methodology cannot use the sta-
tistical output quantities like GMM calculated covariances. Furthermore, the
inclusion of extra information such as phoneme boundaries into the smoothing
process is quite difficult if not impossible. In order to address these drawbacks,
this section of the thesis proposes a general statistical smoothing method which
is based on Kalman smoothing, and which could, in principle, be applied to any

articulatory inversion method given in the literature such as HMM ([72, 68]),
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SVM ([101, 70]), or TMDN [65].

Since the articulatory trajectories are physical quantities and their motion is

slowly varying, they can be modeled as the output of a dynamic system model.

The dynamics of the articulators and their relation with the observed GMM ar-

ticulatory estimates, gypse(2), can be approximated by a linear Gauss-Markov

model, for which the optimal Kalman smoother can be formulated. The Kalman

smoother can be written as a Bayesian-normalized generative model, therefore

it is relatively straightforward to integrate auxiliary information that will help

to improve its inference power; as an example, this study demonstrates the use

of a phonetic transcription as auxiliary information to improve the performance

of the articulatory inversion.
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Figure 4.3: The general block diagram of the smoothed GMM inversion (both

training and testing phases) proposed in this chapter.
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4.4.1 Smoothing Problem Formulation

In this subsection, we will denote the output of the first stage articulatory inver-
sion algorithm as y, and the corresponding true articulatory state as z,. The
trajectories of the variables are shown by subscripts like 2.5y = {1,...,zx}.
We assume that the dynamics of x,, and the relationship between z, and vy,
are governed by nonlinear relations that can be approximated by the following

piece-wise linear Gaussian dynamic system [102].

Trp1 =F1(8kp1) Tk + Fo(Se1)Tr-1 + 9(Skr1) + Mr(Skr1), (4.9)
Yr =T + d(sr) + vr(sk), (4.10)
where s, € {1,...,S8} is the regime variable representing the model index and

S is the total number of regimes. Each regime is a homogeneous unit (like,
phoneme) and characterized by an s;-dependent parameter set ©,,. The second-
order Markov dynamic system model of (4.9) and (4.10) can be converted into a
first order model by defining the augmented state vector x; which is composed
of the current and the previous articulatory state vectors, i.e., xx = [2f, 2] ;] g

Then, the first order model is given by
X1 =F (Sky1)Xe + u(Spy1) + wi(Ski1), (4.11)
yr =Hxp + d(Sk) + Uk(sk), (4.12)

where

e x; € R?"= denotes the augmented state vector related to articulatory data

and n, is the dimension of articulatory state vector z.

e y, € R" denotes the observation vector related to the output of GMM

estimator with dimension of n,.

e the augmented initial state xy has the regime-dependent distribution
N (xg;%(s),%(s)). X(s) and X(s) are the initial mean and covariance of

the state respectively.

o ['(s) € R?™=*2" ig the regime-dependent state transition matrix given as
Fi(s) Fy(s
e | BB |

Inzxnz Oannm

o1



e u(s) € R?" is the regime-dependent bias vector given as
U(S) £ [gT<S)701><nI]T;
o wi(s) = L (s), 01xp,|T where

Me(8) ~ N (n(8); 00, 50n,, @(8)) and Q(s) € R™*"= is the covariance matrix

of process noise.
e H € R¥*2ns ig the observation matrix defined as H £ [I,,, xn,, On,xn.]-
e d(s) € R™ is the regime-dependent measurement bias;

o vp(s) ~ N(v(8); 0pyxn,, R(s)) is the regime-dependent Gaussian observa-
tion noise. R(s) € R™*" is the covariance matrix of the observation

noise.

I, xn, and 0, xn, are the identity and zero matrices with dimension n, X n,.
The vector 01y,, is the zero vector with dimension n,. The regime dependent

parameter set of the model can be defined as
O = {Xs, Xs, F(s5),u(s),d(s),Q(s), R(s)} .

In this work, it is assumed that the regime variables are known for each time
instant n and they are going to specifically model the extra information such
as phonetic transcription in the articulatory inversion. In such a scenario, the

MMSE estimate Zjy of the true articulatory state, which is defined as

i"k\N = E[$k|y1;N, 31:N]>

is given by a Kalman smoother if the parameter set of the state space represen-
tation is known. Therefore, the process of smoothing articulatory trajectories

involves two separate tasks: learning the parameter set, and inferring the state.

4.4.2 Learning the Parameter Set

The parameter set
O, = {Xs, s, F(5),u(s),d(s),Q(s), R(s)} for regime s is to be estimated using
a training data set. We consider here the following type of database: Our main

database is composed of
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e M acoustic trajectories shown as zllj]/\‘,j 2 {2 Nd}ﬁi 1, where N is the length

of the dth trajectory.
e M corresponding true articulatory trajectories shown as IH\V/; 2 {24 Ny Sd=1>

. . . . . A
e M corresponding regime trajectories shown as syiyt = {sf.y 142

Note that the availability of the regime variables does not cause a loss of gener-
ality because the case where the regime variables are not available is equivalent

to the case that S = 1 and s? = 1 for all n and d.

The main database described above is processed to obtain the secondary database

to train the model described in the previous subsection as follows.

e An acoustic to articulatory GMM is trained using the EM algorithm on

the main database.
e All M acoustic trajectories zllj{\‘,/fl are input to the trained GMM model

and the corresponding estimated articulatory trajectories shown as y%]/\\,/i £

{yf:Nd}Qil are obtained.

e All regime trajectories are partitioned into fragments of constant regime,
i.e., each regime trajectory s ~, is divided into sub-regime trajectories

{s¢, ;3" such that when s¢, ; are concatenated, s{., is obtained and
nlnl’J= : Nd

s Me

all elements of s:llj' ; are equal.

s:Me

o All M estimated articulatory trajectories y%j% and true articulatory tra-

jectories x%j\\f; are partitioned according to their corresponding regime tra-

jectories. Without loss of generality, all the partitioned sub-sequences are

re-indexed and grouped according to the regime variables to obtain M es-

timated articulatory trajectories y%%s 2yl Nd}cfl\ij and true articulatory

trajectories xi% £ {x‘f:Nd}Qisl for each s =1,...,S.
e The augmented states X%?\VZ = {x¢n, 215 are formed from xHV/; For the

sake of simplicity, we call the combination of xéjf\\,’; and y%]/\g as D;.

The database operations described above are illustrated schematically in the

training part of Fig. 4.3 which shows both training and testing parts of the
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GMM inversion and smoothing operations used in this work. Notice that the
dashed blocks and lines in the figure represent the operations concerning the
auxiliary information of phonetic transcriptions and in the case of unavailability

of such information, they should be omitted.

Suppose now that the training data set Dy is given for the sth regime. The
unknown parameter set O, can be estimated by maximizing the logarithm of

the likelihood £(©j) of the training data set Dy, i.e.,

O, = arg max L(Oy) (4.13)

where, £(0,) £ In p(xé%, y;% ©;). Under the assumption of Markov dynam-

ics, the joint likelihood can be written as

MS
L(6,) =) Inp(x§n, v5,|0:) (4.14)
d=1
Ms Ms Nd
= Inp(x50.) + > > Inp(xilxi_,0,)
d=1 d=1 k=3
Ms Ng
+) 0> Inpyilxi, ©.) (4.15)
d=1 k=2
where
X2’@s ~ N(XSS}_((S)a E(S))7 (4'16)

Xk|Xk717®s ~ N(Xk;F<S)Xk71 +U(S),Q<3)),
Yklxe, ©s ~ N (ye;xp +d(s), R(s)).

Taking derivatives of (4.14) for each unknown parameter, and setting the deriva-
tives equal to zero, estimation formulas for parameter set O, can be seen in

Algorithm-4.4.1.

4.4.3 Inference (State Estimation)

After the parameter learning stage, the smoothed state Xy can be estimated
by a Kalman smoother. For this purpose, first a Kalman filter estimates the
whole filtered state Xy, in the forward direction, and then in the backward
direction, the Kalman smoother estimates the smoothed state X;x. The Kalman

smoothing algorithm can be seen in Algorithm-4.4.2.
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Algorithm 4.4.1 (Maximum Likelihood Parameter Estimation)

Define the following summations:
Ms Nd

Ms Nd M.s Nd
5z 2 d z A d = A
Xe = D Xp = Xp_15 Ye = Yk -
d=1 k=2

d=1 k=3 d=1 k=3

The estimated parameters for regime s are given as

d=1 k=3
) =g e~ PO
. 1 )
(s) é\isl(Nd 1) e — X]
A 1 Ms Ng . ) A
(s) = e Ny 1) ;kz:g[xk — F(s)xj_y —a(s)]
x [xi = F(s)xi_; —a(s)]"
. 1 Ms Ng . . .
(s) = yi(Nd_l);;[yk—Xk—d(s)]
x [y — xi — d(s)]"
x(s) :/\ils ixg
T
%(s) =M. > x5 — x(s)][x5 — x(s)]"

25
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Algorithm 4.4.2 (Kalman Smoother)

e Fork=1,.,N (X1 =X and 31y = X) (Forward Pass)

— Prediction:
Sirie =FSepF" + Qpia (4.24)
— Filtering:
Yk+1ppe =HXpra, + d (4.25)
Siv1 =HSy 1 H' + Ry (4.26)
K1 =SeppH' S (4.27)
K1kt =K1k T K1 (Urt1 — Jr1je) (4.28)
Sttt =Skr1je — Skt H " Spt H Sk (4.29)
e FEnd For
e fork=N—1,...,1 (Backward Pass)
— Smoothing:
Ly, =S H S (4.30)
Kpv =Xk + Li(Reg1 v — Xppaje) (4.31)
i =Sk + Le(Spry — Seeap) Ly (4.32)
e Fnd For

Remark 4.4.3 When there is extra information like regime variables (phonetic
transcriptions in our case) the measurement covariance estimate R calculated
in (4.20) is an appropriate quantity to use for Ry above. However, when this
extra information is absent, Ry becomes too coarse in general. In this case, the
covariance (4.8) provided by the GMM based inversion method is more suitable

to be used as Ry,.
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4.5 Acoustic and Visual Information Fusion

The fusion of the audio and visual features improves the performance of the ar-
ticulatory inversion. The fusion of audio and visual information is examined in
[72] with an HMM based audiovisual inversion method and in [71] with a linear
and nonlinear (Artificial Neural Network (ANN) based) audiovisual inversion.
This part of the thesis examines the audiovisual information fusion for GMM
based inversion. The fusion of audio and visual features is performed in three
ways: Early, late, and modified-late fusion. The early-fusion and late-fusion
strategies are modeled after the methods of [72]. The modified-late fusion strat-
egy is a type of late fusion algorithm based on observability characteristics of

articulatory state components.

4.5.1 Early Fusion

In early fusion (feature or centralized fusion), the audio features (MFCC, LPC,...)
and visual features are augmented to form a large feature vector, and the GMM
regression based inversion method is conducted using these combined features.
Mathematically speaking, the acoustic measurement vector z in (4.7) is replaced
by z. defined as

=] (4.33)

Zv

where z, and z, are vectors of audio and visual features respectively. The early-

fusion MMSE articulatory estimate z. is given as:

Ze £ B[X|Z. = 2]
2: ) [t + Sz, (55 2) " (2 — piz,)] (4.34)

Y. £ Cov(X|Z, = z.)
K . .
Z X|Z + (tyz, — Te) (B z, — )] (4.35)

In this work, the early-fusion method is also used to examine various combina-

tions of acoustic-only feature vectors (MFCC, LPC, LAR, ...).
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4.5.2 Late Fusion

Late fusion (distributed fusion) combines separate estimation results which are
based on audio and visual measurements. In this method, there are two different
GMNDMs, one for audio and the other for visual data. For each time frame, their
estimates are averaged with matrix weights to obtain the fused estimate. Matrix
weights are generated from the local estimate covariances. A summary of the

fusion algorithm is as follows.

Let 2, = E[X|Z,] and #, £ E[X|Z,] be the estimated articulatory data us-
ing audio and visual measurement respectively, and ¥, = Cov(X|Z,) and
¥, = Cov(X|Z,) be their corresponding covariance matrices. The audio based

quantities are calculated as

K

To = Z 0'(za) [ + Bz, (B5,2,) (2 — pi5,)] (4.36)
z;l | | | |

Sa= Y 0'(za) [Tz, + (Wz, — )iz, — )] (4.37)
=1

The visual based estimate and its covariance are calculated similarly. The late

fusion estimate z; can be calculated for each time frame as
T = WoZe + Wyiy. (4.38)

The weighting matrices W, and W, are calculated by minimizing the error co-
variance of ;. Considering the fact that each estimate z, and Z, uses a different
feature set, it can be assumed that estimation errors correponding to these es-
timates are independent. In that case, for the unbiased estimation, the weights

W, and W, are found as follows

Wa - 2v(za + Ev)_la
Wy =2.(Za +Z,)7

Hence, the late fusion estimate z; and its covariance ¥; can be written as

T = Lo(Za + 20) 20 + La(Ba + 3y) ", (4.39)
Y= 2a(Bg 4+ 2,) 1T, (4.40)
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The smoothing of the output of late fusion can be handled via Kalman smoother
using ; and Y; as an observation vector and measurement covariance as ex-
plained in Sec. 4.4. It is possible to combine the late fusion and the smoothing
process into a single Kalman smoother that uses a state space model which has

the same state equation as (4.11) and a modified observation equation given as

Yr =HaXy, + da(s) + vi(s), (4.41)
yr =Huxp + du(s) + vi(s), (4.42)

where y® and y" are the observation vectors which represent the output estimates
T, and Z, of the Audio-GMM and Visual-GMM respectively. Considering in-
dependent audio and visual measurements again, the combination of the obser-

vation equations (4.41) and (4.42) yields the following augmented measurement

model.
Yp = Hixy, + q(s) + vi(s) (4.43)
where
. Yg H, d,(s
Yy ﬁ i ; Hl é ) Q(S) é ( ) ) (4 44)
Yk Hv dv(5>
()2 | R(s) £ (1.45)
v (s)
é

The measurement matrices H, and H, are given as H, = H, Ly xng s Onyseny )

The audio and visual GMM covariances >, and X, are used for the measurement
covariances R, and R, respectively. The Kalman Smoother can be run for the
augmented model above to find the smoothed late fusion results. This combined

scenario is depicted in Fig. 4.4.

4.5.3 Modified Late Fusion

The modified version of the late fusion algorithm we propose here is based on
the fact that the observability degree of the articulatory state components is

changed according to their position. The movement of the apparent articulator
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Audio-GMM

Kalman
Smoother

Visual-GMM

Figure 4.4: Combined late fusion and smoothing process as a single smoother.

such as, lips (upper, lower lip) and jaw (lower incisor) can be captured by the
camera quite accurately. On the other hand, the movement of the tongue (tip,
body, dorsum) are partly captured by camera and the movement of the velar
articulator can not be captured by camera directly. Therefore it is possible to
use this prior information in the fusion of the audio and the visual estimates.
We here choose to modify the observation equations (4.41) and (4.42) of the
late fusion process in order to incorporate these additional information into the
combined fusion and smoothing process. The late fusion algorithm uses the
observation matrices H, = H, 2 [I,,xn,,On,xn,]. In the modified late fusion

method, these observation matrices are generalized as follows.
Hé”é[CaO] H;"é[cvo}. (4.46)

The acoustic C, and visual C, observation matrices are chosen diagonal by
adjusting each diagonal element to represent the observability degree of the
corresponding state component. This is done by selecting the diagonal elements
in the interval [0,1] where 1 corresponds to a fully observable state and 0 a
completely unobservable state. In the experimental studies we used the values
0.9, 0.6, and 0.1 for “highly observable”, “moderately observable” and “poorly

observable” components of the states.
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4.6 Experimental Studies

4.6.1 Experiments

In this work, we use the MOCHA database [103]. The acoustic data and EMA
trajectories of one female talker (fsew0) are used; these data include 460 sen-
tences. Audio and visual features were computed using a 36 ms window with
18 ms shift. The summary of audiovisual feature types used in this chapter
are given in Table 4.1. The articulatory data are EMA trajectories, which are
the X and Y coordinates of the lower incisor, upper lip, lower lip, tongue tip,
tongue body, tongue dorsum and velum. EMA trajectories are normalized by
the methods suggested in [64] and down-sampled to match the 18 ms shift rate.
All the model parameters of the GMM, HMM and Kalman smoother models
are tested using 10-fold cross-validation. For each fold, nine tenths of the data
(414 sentences) are used for training and one tenth (46 sentences) for testing.
Cross-validation performance measures (RMS error and correlation coefficient)
are computed as the average of all ten folds. The segmentation and labeling
process is handled via HMM based on force alignment mode. In this work,
three-sate, left-to-right HMM models are used for each phoneme. Total 46 mod-
els are trained for MOCHA database, 44 for the phonemes and 2 for breath and
silence. The experiments can be classified into three classes according to the

feature vectors that they use.

e Experiments that each use only one feature vector are given in Table 4.1

e Experiments that each use a combination of two or three different type
of acoustic features are given in Table 4.1. Note that 2 x 2 or 3 x 3
combination of all features is a huge number. Hence, some combinations
that are believed to be good are selected and only their results are given.
The selected combination and their performance are shown in Table 4.2

as well as Fig. 4.7 and Fig. 4.8

e Experiments that fuse the acoustic and visual features. This set of exper-

iments examines the performance of the various fusion types (e.g., early,
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late and the modified late fusion) of acoustic and visual estimation results.

Another classification of the experiments is based on the post processing method
that they use. The aim of the post processing is to smooth the estimated
articulatory trajectories. In the literature, the smoothing is obtained either
using time-derivatives features or passing the output of the estimation through
a low-pass filter. In this work, we have applied two different Kalman smoothers,
which is one of the novel parts of the work, and compare their performance
with the performance of an optimized low-pass filter (LPF) as well as using time
derivative features. LPF is Butterworth IIR filter of second order . Filter is first
acted on the input, i.e., the estimated articulatory data forward and then the
output of this process is applied to the same filter in reverse in order to satisfy
the zero phase property. The cut-off frequency of each articulator is optimized
over the training database as described in [64, 67]. The two Kalman smoothers
either use a model generated by the global data (i.e., all phoneme are contributed
to generate global model) or phoneme based data (i.e., only the data that belong
to a certain phonetic class is used to obtain a model). In the first case only one
model is generated and we call it Global Kalman smoother while in the second
model there are 46 models and we call them Phoneme (Phone) based Kalman
smoother. In phoneme based Kalman smoother, it is assumed that the phonetic
transcription of test data is available and the test data can be segmented and

labeled via HMM forced alignment.

4.6.2 Performance and Significance Test Measures

The performance of the algorithms is measured using three performance mea-
sures, namely, RMS error, normalized RMS error and correlation coefficient, all

of which are described in [64, 72].

e RMS error:

Elvrs (zh —23)2, i=1,...,n, (4.47)

>
N =
[M] =

i
I
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Table 4.1: Audio-visual feature types used in this study.

Four formant frequencies and their energy levels
FE — [FlaFQaF37F47E1aE27E37E4}
Mel-frequency cepstral coefficients (M FCC')
M = [My, ..., M)

Linear Predictive Coding coefficients (LPC)
L: [Ll,...,ng]

Log Area Ratio coefficients (LAR)

R: [Rl,...,ng]

Line Spectral Frequencies coefficients (LSF')
S: [Sla'-'7518]

Visual Active Appearance coefficients (Visual)
V=[Vi,..., Vil

Combination of X and its time derivatives;
velocity and acceleration components

DX DX:[X,XA,XAA]

(X can be any feature type)

FE

where 2% and 7% are true and estimated position, respectively, of the ith
articulator in the kth frame. Z and n, are the total number of frames in

the database and the total number of articulators respectively.

Normalized RMS error:

Nrms = —o2 =1, ,n, (4.48)
oF)

where 0, is the standard deviation of ith articulator x*.

Correlation coefficient:
Sy (o — T) (3, — 31)
Z' . . I N <
VL (- w2 YL () - )2

for i = 1,...,n, where ' and 2’ are the average position of true and

(4.49)

(N
px,fc -

estimated ith articulator respectively.

Significance Test: The following significance test is performed to compare
two articulatory inversion methods (i.e., By and Bs). According to com-
parison it is determined which one of the methods outperforms the other

in terms of pre-defined performance measures (i.e., RMS error). For this
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purpose two hypotheses are used: Hy and H;. The null hypothesis H,
states that the performance of method Bj is not better than that of B,.
The test hypothesis H; states that the performance of method Bj is better
than Bs.

Hy:e=JP2— JB <0
Hy:e=J%—-Jh >0 (4.50)

where, JP! is the performance measure using the method B; and J?2
is performance measure obtained from the method B, we reject the null

hypothesis if
e
Z = o > to(Oé) (451)
VK

where, € = & SM e, 05 = \/ﬁ S M (e; — €)? and to(e) is the threshold
based on the upper tail of the normal density with significance level «
(for a = 0.01, to = 2.33). In order to validate the assumption of inde-
pendent trials, each sentence is treated as a trial, rather than each frame;
thus e; is the average performance for the 7th sentence and M is the total
number of sentences. If the performance measure is chosen to be corre-
lation coefficient, a similar significance test can be performed with some

modification.

4.6.3 Experimental Results

4.6.3.1 Experimental Results for Single Feature Set

The experimental results given in this section are for the articulatory inversion

using only the acoustic data and only visual data. The comparison of acoustic

features (MFCC, LPC, LAR, Visual, etc.) and different smoothing methods

can be seen in Fig. 4.5 and Fig. 4.6. The first observation from these figures

is that the MFCC feature vector gives better results than any other feature
vector. This result is similar to those reported in [72] and [104]. The LSF and

FE are the second and third best features. The second observation from these
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figures is that using dynamic features reduces RMS error about 2 - 6 % and
improves the correlation coefficient about 3 - 8 % for different feature sets. The
global Kalman and Low-pass smoothing method reduces RMS error about 5
- 10 % and improves the correlation about 8 - 21 %. It is also observed that
global Kalman smoother gives slightly better performance compared to low-pass
smoother. Moreover, phone based Kalman smoother (if an auxiliary phonetic
transcription is available) reduces the RMS error about 16 - 19 % and improves
correlation about 19 - 27 %. The best result for RMS error from DM is 1.428
mm and 1.39 mm and the best result for correlation coefficient is about 0.807

and 0.823 according the availability of the phonetic transcription.
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Figure 4.5: RMS errors of using the different audio-visual features and differ-
ent smoothers (a), and the corresponding percentage RMS error reductions (b)
compared to the standard case shown by Feature in the figure legends in (a).

It is interesting to observe that LSF and LAR perform better than LPC, although
they are derived deterministically from LPC and therefore carry identical infor-
mation. From the performance of the features we can say that LSF expresses the
autoregressive spectral information in a way that is more useful for articulatory
inference than LPC or LAR. FE contains four formants, derived from LPC, and

formant energies derived from LPC and the power spectrum; although the for-
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Figure 4.6: Correlation coefficients for use of different audio-visual features and
smoothers (a), and the corresponding percentage correlation improvements com-
pared to the standard case (b) (Standard case is shown by Feature in the figure
legends in (a)).

mant energies are correlated with LPC, they may contain additional information
not provided by the LPC vector. Therefore the better performance of FE may
be caused by the inclusion of energy in the feature vector, the re-coding of LPC

information into a more useful form, or some combinations of these two factors.

It is also interesting to observe from Fig. 4.5 that the performance is highly im-
proved by applying smoothing. The improvement is especially significant when
phoneme based Kalman smoother is used for visual data. It seems perhaps that
the articulators not directly measured by the camera are estimated in an almost
open-loop fashion, based almost entirely on their dynamic behavior. We can say
that the resultant system is state observable: unmeasured articulator positions
are also estimated with some accuracy, so much so that visual performance is
better than LPC. When we analyze the correlation coefficient given in Fig. 4.6
we observe parallel results to RMS error, i.e., when correlation is high, RMS

error is low.
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4.6.3.2 Experimental Results for Combined Acoustic Features

The experimental results given in this section are for the articulatory inversion
using some combinations of the various acoustic features. By a combination
we mean the concatenation of the feature vectors, i.e., “early fusion”. The
combination pattern and performance results can be seen in Table 4.2, Fig. 4.7
and Fig. 4.8. In Table 4.2, RMS error given in each cell of the table corresponds
to the performance obtained by combining the features in its corresponding row
and column heading without using phonetic transcription. As an example the
RMS error for combination of DM and DFE gives 1.395 mm error which can
be seen on top of the last column. The best result for each row is highlighted.
The first observation from this table is that the combination of formant-related
features with almost any other feature vector gives better results than any other
feature combination. The second observation is that the best combination is the

combination of DM and DFE with the corresponding RMS error of 1.395 mm.

Table 4.2: RMS Errors for Combination of Various Acoustic Features.

Features M FE S A L DFE
DM - 1.415 | 1.397 | 1.415 | 1.422 | 1.395
DFE 1.418 - 1.423 | 1.439 | 1.447 -
DS 1.425 | 1.447 - 1.454 | 1.471 | 1.419
DA 1.452 | 1.474 | 1.467 - 1.507 | 1.446
DL 1.478 | 1.51 | 1.498 | 1.514 - 1.471
DM+S - 1.398 - 1.42 | 1.433 -
DS+M - 1.416 - 1.433 | 1.441 -

The RMS error and correlation coefficient for highlighted future combinations
given in Table 4.2 can be seen in Fig. 4.7 and Fig. 4.8 in detail. In these
figures, performance of DM alone can also be seen for comparison purposes.
DM is selected for comparison since it is the best single feature vector. The
first observation from these figures is that using the low-pass filter for combined
acoustic features reduces RMS error about 9.7 - 11.4 % and improves correlation

coefficient about 9 - 11.3%. Similarly, Global Kalman smoother reduces the RMS
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error about 11 - 13% and improves correlation coefficient about 9.7 - 12.3%.

1.65.>. | 16l —P— Low-pass
\\ ©-  Global Kalman
1621 N = —O— Phone Based Kalman
B, .7 15 g
159 -] w-T

i
~
T

1.56| — @ - Combined Feature

g
c
o
o
E 153 —>— C. Feature+Low-pass §
- @ C. Feature+Global Kalman e 13}
L% 1.5 —O— C. Feature+Phone Based Kalman u’e]
0 n
Z 147 21
1.44 ° 2
(o] Rt
14 o -0 &
o
1.38 10
1l35 1 1 1 1 1 1 1 1 1
FESTEL L FEST L L LS
X X X
& g I &S S F g ¢ &S
Combined Feature Type Combined Feature Type
(-a-) (=b-)

Figure 4.7: RMS errors of using combination of different acoustic features and
different smoothers (a), and the corresponding percentage RMS error reduc-
tions compared to the standard case (b) (Standard case is shown by Combined
Features in the figure legends in (a)).

Finally, if the phonetic transcription is available, the phone based Kalman
smoother reduces RMS error about 13.5 - 16% and improve correlation coeffi-
cient about 12 - 15.5%. Moreover, it can also be seen from these figures that, the
best combination of acoustic features is the combination of MFCC and formant-
related features (M D + DFE). For this acoustic feature combination the RMS
error and correlation coefficients for global Kalman smoother are 1.395 mm and
0.816 respectively. In case of phone based Kalman smoother, RMS error and
correlation coefficients are 1.362 mm and 0.83 respectively. Observing the results
of single features we have concluded that LPC contains irrelevant information
and the features LSF and LAR are better than LPC although they are directly
obtained from LPC. In Kalman filter terminology this can be explained as using
measurement with less measurement error or higher SNR. On the other hand,
MFCC had better performance than all the others the new experiments show

that using MFCC and formant related features together improves the perfor-
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Figure 4.8: Correlation coefficients for use of different acoustic features and
smoothers (a), and the corresponding percentage correlation improvements com-
pared to the standard case (b) (Standard case is shown by Combined Features
in the figure legends in (a)).

mance. That means MFCC and Formants carry complementary information

about the position of the articulators.

In this set of experiment, we also conducted two types of statistical signifi-
cance tests. The first type of significance test examines whether or not artic-
ulatory inversion using combined future set DM + DFE (MFCC and formant
related acoustic features) significantly outperforms articulatory inversion using

only MFCC (DM) features.

Fig. 4.9 provides details regarding the utility of formant related acoustic features
in inversion and shows the significance test of the results. From this figure, it
is proven that RMS error reduction using formant related features in addition
to MFCC features is significant at the a = 0.01 level of significance for each

articulator.

The second type of significance test is performed to show whether or not articu-

latory inversion using global Kalman smoother significantly outperforms articu-
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Figure 4.9: Normalized RMS errors (in blue lines and left axis) and correspond-
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DM+DFE with respect to DM (a). The corresponding significance test results
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latory inversion using only low-pass smoothing. It can be seen in Fig. 4.10 that
using global Kalman smoother instead of low-pass smoother gives statistically

significant correlation improvements for each articulator.
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Figure 4.11: RMS errors (in blue lines and left axis) and corresponding percent-
age RMS error reductions (in red lines and right axis) of DM+DFE with respect
to DM for each broad phonetic class (a). Correlation coefficients (in blue lines
and left axis) and corresponding percentage correlation improvements (in red
lines and right axis) of DM with respect to DM+DFE for each broad phonetic
class (b).

Another interesting point is to analyze both types of improvement (augment-
ing feature vector DM by DFE and using Kalman smoother instead of LPF)
for each broad phonetic class. Fig. 4.11 denotes the distribution of RMS error
reduction and correlation improvement for each broad phonetic class using for-
mant related acoustic features and MFCC together. From this figures, it can be
seen that formant related acoustic features are especially useful when the sounds
are vowel and nasal. As an example, RMS error reduction for vowel sound is
about 3% and correlation improvement for nasal sound is about 2%. Simi-
lar experiment conducted to examine the distribution of RMS error reduction
and correlation improvement for each broad phonetic class using global Kalman
smoother instead of low-pass smoother. Fig. 4.12 shows that global Kalman
smoother is especially useful for stop, fricative and approximant sounds. As an

example, RMS error reduction and correlation improvement are about 2.8% and
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2% for stop sounds, respectively.

4.6.3.3 Experimental Results for Audiovisual Fusion

The results for the early fusion inversion can be seen in Fig. 4.13. This figure
shows that the combination of the visual features with MFCC and formant
related (FE) audio features gives better results than other combinations. The
graphs also demonstrate the effectiveness of the filtering especially when a good
model, i.e., phone based is used in smoothing. The results for different fusion
types can be seen in Fig. 4.14 for three sets of articulators ; Lips & jaw, tongue
and velar. A detailed examination of this figure illustrurates that inversion using
only audio features, on average, gives better performance for tongue related and
velar articulators, while inversion using only the visual gives better performance
for lips and jaw (lower incisor). Therefore, the modified late fusion method uses
the following C, and C, matrices (in equation (4.46)) which basically adjust

the observability degrees of the state components and improve the inversion
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Figure 4.13: RMS errors for the different audio-visual features and smoothers
(a), and the corresponding correlation coefficients (b) for the articulatory inver-
sion with early fusion.

performance of the late fusion method.
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The overall results for different fusion types can be seen in Fig. 4.15 and
Fig. 4.16. These figures demonstrate that the modified late fusion is the best
fusion type for GMM based audiovisual-articulatory inversion. Furthermore, the
error reduction curve shows that for the modified late fusion scenario the differ-
ence between the global Kalman and phone based Kalman is reduced.  Fig.4.17
illustrates the advantages of using audio-visual information fusion compared to
using only audio features. It is also shown in this figure that visual information
especially improves the inversion performance of incisor and lip related articu-
lators. Fig.4.18 illustrates an example for the estimated and true y-coordinates
of articulatory trajectories for lower lip and velar. The utterance are taken form
MOCHA database. The audiovisual information fusion with auxiliary informa-
tion (phonetic transcription) gives better result from others. The summary of
experimental results for proposed articulatory inversion method is can be seen

in Table 4.3.
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Figure 4.14: Normalized RMS error with different sets of articulators for the
various fusion types.
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Figure 4.15: RMS errors for the various fusion types (blue lines and left axis).
The corresponding percentage RMS error reductions of the phone based Kalman
smoother compared to the global Kalman smoother are shown in red lines and
right axis.

4.7 Conclusion

This chapter of the thesis demonstrates the utility of vocal-tract-related acoustic

features, and of selective audiovisual fusion, for the purpose of audiovisual-to-
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Figure 4.16: Correlation coefficients for the various fusion types (blue lines and
left axis). The corresponding percentage correlation improvements of the global
Kalman smoother compared to the phone based Kalman smoother are shown in
red lines and right axis.
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Figure 4.17: Normalized RMS error for each articulator in detail. Abbreviations
related to the names of the articulators are explained in Fig. 4.9

articulatory inversion. As reported by other authors, MFCC are the best single
feature set for articulatory inversion, but the performance of the MFCC-based

inversion algorithm can be improved by appending a vector of line spectral
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Figure 4.18: Estimated and true (measured) articulatory trajectories of y-
coordinates for lower lip and velar for an example taken from MOCHA database.
For this utterance, RMS errors are [1.54, 0.76, 0.77, 0.65] mm for lower lip and
[0.18, 0.41, 0.17, 0.14] mm for velar ( “RMS errors” in the brackets are ordered
in the same order as the figure legends).

frequencies, or even better, a vector of formant frequencies and energies. As
reported by other authors, early integration of audio and video features is better
than audio-only inversion. We also find that audiovisual fusion is especially

useful for articulators that are usually visible (the lips and jaw). Moreover it
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Table 4.3: Best experimental results for articulatory inversion.

Transcription Inversion Feature # Mix. | RMSE | Corr.
(mm) | Coef.

Visual-only DV 8 1.7 0.668

Unavailable Audio-only DM+DFE 154 1.395 | 0.816
Audiovisual | DV & DM+DFE | 84154 | 1.227 | 0.868

Visual-only DV 8 1.474 | 0.788

Available Audio-only DM+DFE 154 1.362 | 0.831
Audiovisual | DV & DM+DFE | 84154 | 1.199 | 0.876

is possible to obtain fairly good inversion results by using video features only
for position estimation of the visible articulators (lips and jaw) and acoustic
features for position estimation of the tongue and velum without applying any

fusion techniques.

This chapter has also demonstrated a probabilistic smoothing method, based on
the Kalman smoother, for the purpose of computing a smoothed articulatory
inverse. The Kalman smoother outperforms a simple low-pass smoother by
a relatively small margin even without auxiliary information, but the Kalman
filter’s key advantage is that it can incorporate auxiliary information in a natural
way. Given information about the phoneme transcription, for example, the

Kalman smoother is able to reduce RMS error of every inversion technique.

By using formant frequencies and energies in acoustic-to-articulatory inversion,
Table 4.3 and Fig. 4.7 demonstrate a RMS error of 1.395 mm and correlation
coefficient of 0.816 without using any phonemic information; to our knowledge,
the best result reported in the literature for this task is 1.45mm and 0.79 [67].
By using audiovisual modified fusion, Table 4.3 and Fig. 4.15 reports an RMS
error of 1.227 mm; to our knowledge, the best result reported in the literature
for this task is 1.38 mm [72]. By providing a phonetic transcription as auxiliary
information to the Kalman smoother, the RMS error is further reduced to only
1.199 mm, with a correlation coefficient of 0.876; to our knowledge, these are

the best results reported in the literature for this task.
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CHAPTER 5

ACOUSTIC-TO-ARTICULATORY INVERSION
BASED ON JUMP MARKOV LINEAR SYSTEMS

5.1 Introduction

Articulation movement of the lips, tongue, jaw, soft palate, and larynx is initi-
ated by the neural activation of muscle fibers. Muscle activation is well modeled
as an active stress directed parallel to the muscle fibers [105, 106, 107]. Constant
stress generates constant acceleration, limited only by the damping and stiffness
of the muscles themselves, therefore movement of the articulators is well mod-
eled, except during collision, as a second-order linear system [108]. Empirical
measurements have demonstrated that planned movements are even smoother
than would be predicted by the physical constraints of the muscle [109], increas-

ing the utility of a linear dynamic model.

Unfortunately, the transform from articulatory state to acoustic spectrum is
irreducibly nonlinear [110]. Given knowledge of both the poles and zeros of the
vocal tract impedance, it is possible to specify the shape of the vocal tract [57,
56]; with knowledge of only the poles (the formant frequencies), the articulatory-
to-acoustic transform is irreducibly many-to-one. Fortunately, the articulators
move smoothly, with few sudden changes, therefore it is possible to use the
smoothness of articulatory dynamics as a constraint to select among the many
different articulatory configurations that, in theory, match any given acoustic

spectrum [59, 111].
Several recent approaches have modeled the dynamics of articulation and acous-

78



tics using the formalism of a nonlinear dynamic system. Let z, € R™ be an
acoustic observation at time k (e.g., a vector of Mel-frequency cepstral coeffi-
cients [104]), and let 2 € R™ be a vector of articulatory state variables (at
minimum, in order to model a second-order dynamic system, x; must specify
the positions and velocities of the articulators). The joint dynamics of these two

variables may be described by

LTe+1 — f(l'k75k,wk), (51)

2z = h(xg, Sk, vr), (5.2)

where f(-) is a deterministic nonlinear function representing the articulatory dy-
namics, h(-) is a deterministic nonlinear function representing the articulatory-
to-acoustic transform, wy and v, are random disturbances, and many models
represent conscious control of the articulators by the use of a discrete-valued
modal state variable s € {1,...,r}. Thus, for example, Deng and Ma [84, 10|
and Frankel et al. [112] both proposed to model f(-) by a linear second-order

dynamic system, while h(-) is learned by a multilayer perceptron.

In this work, the nonlinear dynamic model in (5.1) and (5.2) is simplified by
assuming that f(-) and h(-) are each piece-wise affine functions of their inputs:
given the modal-state variable s, the dynamics and the articulatory-to-acoustic
transform are both assumed to be linear. The resulting model has been called
a Jump-Markov Linear System (JMLS), because it exhibits linear first-order
Markov dynamics whose process and observation dynamics occasionally “jump”
from one parameter set to another. Exact inference of x; given observations
of z; is computationally intractable, but many papers have shown the utility
of approximate inference algorithms including the interacting multiple models
(IMM) algorithm [113, 114] and particle filters [115, 116, 117, 118, 119]. The
goal of this chapter is to demonstrate acoustic-to-articulatory inversion using
the interacting multiple models algorithm (IMM) applied to a piece-wise-affine
(JMLS) representation of articulatory and acoustic dynamics. Sec. 5.2 describes
the model, learning algorithm, and inference algorithm; Sec. 5.3 describes ex-

perimental methods and results and our conclusion can be found in Sec. 5.4
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5.2 Description of Proposed Method

Assume that the nonlinear functions f(-) and h(-) given in (5.1) and (5.2) are
approximated via piece-wise affine functions given the modal-state variable s;.
That means the dynamics and the articulatory-to-acoustic transform are both
assumed to be linear. The resulting model, called a jump-Markov linear system

(JMLS), can be formulated as follows.

Ty = F(sg)rr + u(sk) + wi(sk), (5.3)
2k = H(Sk)l’k + d(Sk) + Uk<8k), (54)
The JMLS includes three essential random variables: a discrete modal-state

variable s, a continuous articulatory-state vector zy, and a continuous acoustic

observation vector z,. The stochastic dynamics of these variables are specified

as

P(s; =1) = my

P(sps1 =Jjlsg =1) = my

plrylsy =1) = N(x;7,%)
plaglsy =i, 25-1) = N(wg; Fiog_y + wi, Q;)
pelsy = d,21) = N(z; Hivg + di, Ry)
where

e s, € S ={1,...,r} is the modal-state variable. Its dynamics are gov-

erned by a transition probability matrix II = [m;;] and by an initial-value

probability mass function 7y = [mq,]

e 1, € R" is the articulatory state vector. Its distribution at the start of
each sequence, conditioned on mode variable s; = i, is Gaussian with mean
vector Z; and covariance matrix ¥;. It evolves dynamically, with mode-
dependent transition matrix F; € R™*" mode-dependent bias vector u; €

R"™ and with mode-dependent Gaussian process noise wy ~ N (wy; 0, @Q;).

e 2, € R™ is the acoustic observation vector. It is generated from the

articulatory state by a mode-dependent measurement matrix H; € R™= %"=
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with mode-dependent measurement bias d; € R™ and mode-dependent

Gaussian observation noise vy, ~ N (vy; 0, R;).
e The parameter set of the model can be defined as

© = {II, 7o, T14, X1,i, Fi, wi, Qi Hy, di, R},

Assume that we have a training database D = {X, Z} that links acoustic obser-
vations Z and articulatory state, X. The problem of the acoustic-to-articulatory
inversion involves two separate tasks, that we may call “learning” and “infer-

ence:”

e LEARNING: The estimation of the model parameters, ©, given the train-
ing data set D and prior distribution p(©). We examine both maximum
likelihood (ML) and a maximum a posteriori learning (MAP) criterion,
therefore

OML — arg mgxp(Z,X|@)
OMAY = argmax p(Z, X|©)p(©)

e INFERENCE: The estimation of the articulatory state x; given acoustic

data z1., = {z1,..., 2, } and estimated parameter set © is found via MMSE

estimate of the states as follows
Ik\T - E[xk’|Z1:T]

where E[-] is the expectation operator. If 7 = k, the estimation is called
filtering; if 7 = N (where N is the length of the observation sequence),

the estimation is called fixed-interval smoothing.

The following two sections explore, in detail, the problems of learning © from

measured X, 7, and of inferring X from measured Z.

5.2.1 Learning of The Model Parameters

In order to learn the model parameter vector ©, suppose that training database

D contains L training sequences: acoustic observations Z = {z}. Nl}lel and artic-
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ulatory observations, X = {z!. Nl}lel, and suppose that the each of [th sequence
contains N; vector pairs, that is 4.y = {},... 2}y } and 20,y = {=],..., 2}, }-
That means, acoustic observation sequences Z and continuous-valued articula-
tory state trajectories X are known (observable), but the underlying modal-state

L
sequences S = {st, Nz} ,_, are unknown (unobservable).

5.2.1.1 Maximum Likelihood (ML) Based Learning

In the maximum likelihood learning criterion, the parameter set © is estimated
based on training data set D = {X, Z}. That is, we do not use any informative

prior distribution for the parameter set © .

~

oML — argméxxp(Z,X|@) (5.5)

Since the modal-state sequences S are unknown, there is no closed-form solu-
tion for this problem, therefore an iterative solution is required. The expectation
maximization (EM) algorithm is known to converge more rapidly to a ML solu-
tion, in circumstances where it is applicable, than most other iterative learning
methods [120]. Starting from an initial guess of the model parameters O
the EM algorithm re-estimates model parameters ©®) in such a way that the
expected log-likelihood E [In p(X, Z, S|©®)|©(~V]  and therefore the likelihood
p(X, Z|0W), are guaranteed to be non-decreasing [121]. In each iteration, the
EM algorithm involves two steps. In the first step, the expected value of the
complete-data log-likelihood (auxiliary function, Q(O#+1) ©®) is calculated,
with expectation computed over the distribution of the hidden variables S. In
second step, the auxiliary function is maximized for each unknown parameter.

Considering the conditional independence assumptions given in Fig. 5.1, the

complete-data log-likelihood can be defined as
Inp(X, 2,510) = Sy n { [ P(s}) T, Plslsty)] (5.6)
platst) T, plataty, 5] [T p(tlad, sb)] }

In (5.6), the only random variable is the modal state sequence S. The expected

log likelihood is therefore

QO“,00) = B {Inp(X, 2,5/0)[X, 2,0 |
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where ©® is the known parameter set at iterative step ¢ and it will be used
to evaluate the expectation operator. O+ is the new parameter set to be
maximized in the maximization step to increase (). For the remainder of this

section, these parameter sets are abbreviated as © and ©, respectively.

Figure 5.1: Dynamic Bayesian network representation of the jump Markov linear

system in training mode.

Since random variable S is discrete-valued, the expectation can be written as a

summation over all possible length-/N; modal-state sequences. That is,

Q(©,0)= > Inp(X,Z 5|0)P(S|X,Z,06)
SesN

and S™ is the set of all possible sets of length-N; mode sequences. Taking the
logarithm of each term in (5.6) reduces @ to a set of independent summations,
each of which depends on the posterior probabilities of the mode variables in
only one or two frames. The summation can be abbreviated using Levinson’s

notation [122]:
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yielding a relatively compact and easily differentiable form for Q:

L T 17/-
@,@ ZZ|: ln To; — 712(2)d2i(1‘l1,$i)

|
MZ
;Y?N
[\3/—\
o
O
=
T
i
8
R‘
,_.
+
£
L

where || is the matrix determinant, and dxg(z,7) = (x—2)"X (2 —Z) +1In |273

is the normalized Mahalanobis distance.

The expectation maximization algorithm seeks, at each iteration, to maximize
Q(\, @) subject to stochastic normalization constraints for the vector my and
for each row of the matrix II. Constrained optimization is performed by finding

the saddle point of a Lagrangian function,

~ ~ o

Q:(0,0) =Q(0,0) + AT | ep, 41 — H €n, (5.9)

where e, is a length-n, vector of ones, and A € R"%=*! is a vector of Lagrange

multipliers chosen to satisfy the constraints.

The local posteriors, 7% (i) and & (i, ), can be computed using the Baum-

Welch algorithm. In Levinson’s notation,

v (1) B (4)

ly- _

KX SO (.10
Lo o, (1705 (24, 21.) Bk ()

) = - .11
Galid) = S (s (2 ) LG (511

where

ap(i) = p(Xiy, 214, sk =ilO) (5.12)
Beli) = p(XékH):NaZék+1):N’f’3§m5§€:i>é) (5.13)

bi(zh,z) = N(zl; Fjah_y +uj, Q)N (zh; Hyzly + dj, Ry)  (5.14)
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The “expectation” step of the EM algorithm computes the posterior proba-
bilities &L ,(i,) and 7% (i), using the formulae in (5.10) through (5.14). The
“maximization” step then finds a parameter set © that maximizes QA(@,@)

subject to constraints. Resulting re-estimation formulae are given in Table 5.1.

5.2.1.2 Maximum a Posteriori (M AP) Based Learning

Maximum likelihood estimation of a JMLS tends to over-fit the training data,
leading to degraded test-set performance. In order to improve generalizability
of the learned parameters, we propose a regularized learning algorithm based
on MAP (maximum a posteriori) learning. Specifically, we propose to impose
a prior distribution p(u;, F;, @;) that encourages the regression matrix, Fj, to
take values slightly smaller (therefore slightly more generalizable [123]) than its
maximum-likelihood values. In the maximum a posteriori learning criterion, the
parameter set O is estimated based on training data set D = {X, Z} and prior

distribution p(©), therefore
OMAP — arg mgxp(Z,X|@)p(@) (5.15)

Since again the modal-state sequences S are unknown, there is no closed-form
solution for this problem, therefore an iterative solution is required. The EM
algorithm for ML solution can be easily adopted for MAP solution [124] . The
E-step of the EM algorithm for MAP estimation is same as ML solution. In the
M-Step a new auxiliary function R(©, é) is maximized at each iteration instead
of the maximization Q, (O, é) in the ML solution procedures. The new auxiliary

function R(©,0) is defined as follows [124];
R(©,0) = Q(0,0) +1np(©) (5.16)

The first function of the RHS of (5.16) is the conventional auxiliary function in
the EM algorithm, as given in (5.9). The second part of the RHS of (5.16) is the
prior distribution for the model parameter set © which can be defined as follows.
In this work the model parameter set is divided into two subsets © = {©1, 05},
where ©y = {II, o, T14, X14, Hi, d;, Ri}i_, and © = {F;,Q;}/_,. In here, for

simplicity, the augmented parameter F; = [u;, Fj] is used instead of separate
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model parameters F; and u;. Under the prior independence assumption, the

joint prior density can be written as follows:

p(©) = p(©1)p(O2) (5.17)

In this work prior density p(©;) is assumed to be a noninformative uniform

prior, i.e, p(©1) = constant. Under this assumption, (5.16) reduces to:

R(©,0) = Qx(0,0) + In ] [ »(F:, Q1) (5.18)

=1

The joint prior distribution for p(F;, @;) can be written as

p(Fi, Qi) = p(Fi|Qi)p(Q:) (5.19)

The prior distribution p(F;|Q;) is a zero-mean matrix normal distribution [125,

126] defined as

p(Fi|Qi) ~ N(Fz‘§ 0, Qs, Qz)

ng+1

ne 1
o [T T exp <—§ tr Q;lFiTQi_lFi) (5.20)

where, €); and @); are two corresponding covariances.

The prior distribution p(Q;) is the ith inverse Wishart distribution [125, 126]

defined as follows

p(Q:) ~ W Qi Uy, vy)

1, Yvitnz+1
o |Q; -

1
2 exp (—étr Q;lqg) (5.21)

where v; and ¥; are the degrees of the freedom and scale matrix for the inverse
Wishart distribution. Combining (5.20) and (5.21), and defining ¢; = v;+2n,+2,
the joint prior density p(F;, @;) in (5.18) can be written as

p(Fi7 Qi)

oc|QZ-_1

ng
2

1
Q7 '[? exp (—5 tr (O 'F7 Q7 'Fi + Q;l\lfz-)) (5.22)

Combining, (5.9), (5.22) and (5.18) the new auxiliary function R(©,©) can be
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written as follows

T
A~ 7T0

R(0,0)=Q(0,0) + A [ e, 1 — en
11

T

+1nH 19712 |Q;7 2 exp (—5 tr (Q;'F; Q;'F; + Qil\lli)) (5.23)
i=1

The parameter set 0, = {;, ¥;, a;,v;} is the unknown hyperparameter set,

whose assessment is explained in Sec.5.3.2.

To summarize, similar to ML case, the “expectation” step of the EM algorithm
computes the posterior probabilities & (i, j) and 7% (i), using the formulae in
(5.10) through (5.14). The “maximization” step then finds a parameter set O
that maximizes R(©, ©) given (5.23). Resulting re-estimation formulas are given

in Table 5.2.

5.2.2 Estimation of The Articulatory Trajectories

After learning the parameter set of the model, we are given, one at a time,
test sequences of the form 2.y = {z1,...,2n5}. The goal of inference is to
estimate the posterior probability distributions of the modal state sequence

s1.y = {s1,..., sy} and the articulatory state sequence x1.xy = {x1,...,2n}.

5.2.2.1 Filtering

In filtering, the aim is to estimate the posterior distribution of the articulatory
state given acoustic observations, p(zx|z1.), and in particular, to compute the
MMSE state estimate

Ty = Elwg|21]

The exact posterior distribution, given the model, is specified by

p(x1:k|21:k;)= Z p($1:k|81:k,Zl:k)p(81:k|21:k) (5.24)

$1:kES1:k
where S is the set of all length-£ sequences drawn from the alphabet S, and the

distribution p(z1.x|$1., 21.4) is a Gaussian distribution of dimension kn,, with
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Table 5.1: EM Re-estimation formulae for the jump Markov linear system

Modal-State Parameters

1 L
oi = 7 Z%(Z)

PO Zl IZk 1 k(Z J)
K Zl 1Zk 1 ’Vk()

Averages

Zl IZk 2%( )fEk 1
Zl 12;: 2%()

fc:Zl 1Zk 2%()
' Zz IZk 2%()

5 Zz 1Zk 1%( )Z
B Elle 1’Yk()

Articulatory State Process Parameters

2 Zlel (i)
Y ERH0
S = Zl V) () = z) (2 — 7)"
>y ()
<Zz 1Zk o (1) (), — Z5) (), — Z) )X
(Zl 1Zk o V(@) (2 — 7)) (@ gc — zP) >_
i; = 75 — Bl

A

Qi Zl 1Zk 2%( )( F% 1 ﬁ)(%—pﬂifl—ui)T
> Yot Tk (0)

Observation Parameters
Ay = (S5 X0 ) (o — 2)(a) — 797 x
A
(Zho )~ 7)ok~ )7

R = Zl 1Zk RAOIC: ﬁxfk Czi)(zllg_[:[izk_di)T
Zl 1Zk 1%()
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Table 5.2: MAP based EM Re-estimation formulae for the jump Markov linear
system.(Since the estimation formulae of the rest of the parameters are same as
given in Table 5.1, we do not repeat them in here.)

L N; N,
Fi= > wlaxi ) x O wlix, ixp +97H)
=1 k=2 =1 k=2

0O, = Zlel fgviz V(@) (w}, — Fixi—ﬁ(fﬂi - Fixi;_ﬂT +FQFT + 0,
l S ST () + i+ 2np +2

covariance dependent on the mode-dependent transition matrices F'(sy). (5.24)
is a mixture Gaussian PDF with r* mixture components. Because the state
vectors are correlated with one another, the marginal distribution at each instant
in time, p(ry|214), is also a mixture Gaussian distribution with r* Gaussian
components [127]. Exact inference is impossible for k larger than two or three,
therefore approximate solutions are needed. In this work we use the interactive
multiple model (IMM) algorithm, which approximates p(xy|z1.,) using a mixture

Gaussian distribution with only r components [51]:

p(zrl218) ~ Zp(xk|5k = J, 216)p(sk = jlz1x) (5.25)
=1

The posterior probability density consists of two parts. The first part, p(xg|sy =
J,21:k), is modeled by a Gaussian PDF whose mean and variance depend on
the mode and the observations. The second part, p(sy = j|z1.), is the mode

posterior probability mass function.

In the IMM algorithm, these two posterior functions are calculated recursively.
The recursion is based on two phases: update and prediction. In the up-
date phase, prior probability density functions p(zg|sy = J, z1.-1) and p(sy =
Jlz1k—1) at time instant & are updated using the current observation zj in order
to produce p(zg|sky = Jj, z1.1) and p(sk = j|z1.). In the prediction phase, using

these posterior density functions, prior density functions p(zxi1|Skr1 = 7, 21:8)
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and p(sgy1 = j|z1.6) are computed. Algorithms for the update and prediction

steps are now described.

Suppose that the prior probability distributions are known for frame k. As
specified previously, the mode-dependent distribution of z; is assumed to be

Gaussian, therefore

p(mkfsk =7 Z1:k71) = N<xk;i.i|k_17 Ei\k_l) (5-26)
psk = jlziw—) = ,uf;‘k_l (5.27)

Indeed, (5.26) and (5.27) are true for k = 1: ,ulﬂo = Toi, i{m = 7;, and Z{"O =3,

Induction continues as follows.

1. Update: Given (5.26) and (5.27), the update step computes p(zg|z1.x) and
,ui‘ » = P(sk = j|z1k) exactly, without further approximation. Indeed, given
knowledge of the mode variable s, = j, the articulatory state distribution

is updated using a standard Kalman update:
p(xrlsk = J, z1:.) < p(2klsk = J, i) p(rlsk = J, 21:6-1)
where
p(zlsk = J,xx) = N (2w Hjzp + dj, R;)
p(zk|sk = J, 210-1) = N(xk;ii|k_l, Efc‘k_l)
and therefore

p(@rlse = J, z16) = N (g3 ‘i‘iz\k’ Ziuc) (5.28)

Similarly, the update equations for the mode posterior are computed ex-

actly as:

i = p(sk = jlz1k)
p(sk = jlzre—1)p(2k|sk = J, 21:6-1)
p(zr]21:0-1)
lui\k—lAi
Z;=1 Mi|k—1Ai:
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where

A?c = p(zkysk = j? Zl:kfl)

1 = D(sk = jlz1a-1)

Combining these two update equations (5.28),(5.29), the overall state

(5.25) is estimated given as

planlae) ~ 3 N (o, ) 520)
=1
~ N (@pt15 Trjr Sg) (5.30)

where
'
2 _ J oA
Trlk = § ::“k\kmmk
Jj=1

Sk = Y Hi, (%k + (B — Eape) (B, — i’k\k)T>
j=1

. Prediction: The prediction step computes posterior distributions of sy
and x,1 by marginalizing over the possible values of s; and x;. Prediction
of sxy1 may be exactly computed, but the exact posterior of xy,; is a mix-
ture Gaussian with r times as many mixture components as the posterior
of x; if this iteration is repeated N times, the result is a posterior distri-
bution with 7" mixture components [127]. Many approximate inference
algorithms exist; this work uses the approximation called the interacting
multiple model (IMM) hypothesis, according to which the posterior of x4,
is approximated by a mixture Gaussian with only r mixture components.

Thus the mode posterior is exactly computed as:

Mfﬁuk = p(Sk+1 = Jlzk)
T
i
= Z?Tz'jukwc
i=1
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The articulatory state posterior is exactly computed as:

P(Ths1|Sk1 = 7, 21:k)

r

= /p($k+1’$ka Sk+1 =) Zﬂzkp(ﬂﬁk\sk =4, 21)dTk (5.31)

=1

= /N(xk—i—l; Fj!Bk + Uy, QJ) Z u;j'k./\/({[k», i‘ak’ Zilk)dl'k (532)
/N Tri1; Fjag + uj, Q)N (:rk,:i“%k, k‘k)dzk (5.33)
:N(xk+1;ik+1|k7 Ek‘:-i-l\k) (5.34)

where

ij . .
:uk|k - p(sk - Z‘SkJrl =1 Zl:k)
%
Tig k|

J
1|k
T
AOJ _ ilj ~g
Thle = Zﬂk\kxk\k

07 ilj NURYSY ~0j \T
e = E Pk <Zk|k+ Bhgre — Tyle) (T — )

In the critical IMM approximation in (5.33), > ;_, uk|k/\f(xk, xklk, Zk|k) is
approximated by N (zy; i%kv Esz) The summary of IMM filtering algo-

rithm can be seen in Algorithm-5.2.1 and Algorithm 5.2.2
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Algorithm 5.2.1 (Interacting Multiple Model (IMM) algorithm)

e Forj=A{1,...,r} (Initialization)
- ,Uj1|o = T i']1|0 = 71, EJ1|0 =X

e End For

e Fork={1,...,N}i,j={1,...,r}

— Elementary Filter Update
o Sh M| = KalmanUpdate (i, %, .20 HY, &, R)

— Mode Probability update

— Main Estimation
(&1, Saj] = Collapse (i:i'k, Zilk, uiw)

— Mode probability prediction
M
Miﬂ\k = Z Wijﬂ?dk
i=1

— Mixing Probability

7
ili Tk
Hrle = 75
Het1)k

— Mizing Estimate
~ 07 07 ~q i ilg
[ackfk, Ekfk] = Collapse (kaw Ekw,uklfk)
— FElementary Filter Prediction

~J J _ Pt 07 0j o0 d (I
[xk+1|k:’2k+1|k] = KalmanPrediction (xk|k72k|k7F ,u?, Q)

e Fnd For
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Algorithm 5.2.2 (Kalman Filtering and Collapse)

e Kalman Update
[fk‘k, ki, Ak} = KalmanUpdate (ﬁk‘k,l, Ylk—1, 2, H, d, R)
Zhk—1 = HIpp— +d
Sy = HSH'+R
Ky, = Sy H'S!
2k = 2k — Zkk-1
Tk = Xpp—1 + K2y

Yk = Dfk—1— Ek\kleTsk_lHZkUcfl

1 |
A = [278gk|% exp (—Engkizk)

e Kalman Prediction

[i:k+1|k, Zk+llk} = KalmanPrediction (i‘k\m Yo, F Q)

Ty = Flgpt+u

Seap = FYOgpFT +Q

e (Collapse
[ik‘k, Zklk} = Collapse (:i“i‘k, Ziw,u{c‘k) ,i={1,...,r}

T
- _ Y
LTklk = E:Mmkxklk
Jj=1

Sk = D Mg (Equ + (T — Buw) (T3, — i“kw)T)
j=1
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5.2.2.2 Smoothing

In the literature, [128, 129] use generalized pseudo-Bayesian of order two (GPB2)
algorithm to calculate the smoothed state for JMLS. An IMM smoother is also
described in [74]. It is based on two filter approach. In two filter approach,
a smoothing algorithm is required to describe backward state dynamics which
introduces computationall inefficiency in the estimation procedure. In this sec-
tion of the thesis, we introduce a smoothing algorithm for JMLS which is based
on the IMM approach. The proposed algorithm is based on RTS smoothing
[130] method which does not need backward state dynamics. Therefore, the
proposed algorithm is computationally much more efficient than the smoothing
algorithm given in the literature [128, 129, 74]. In smoothing, the aim is to es-
timate posterior distribution of the state p(zx|21.ny) given observation sequence
z1.v = {z1,...,2n}. Following Interactive Multiple-Models (IMM) estimation

procedure, the posterior distribution p(zg|z1.y) can be written as;

T

p(ar|zin) = Zp(l’kfsk =i, z1.8) P (s, = i|21.v) (5.35)
i=1
Now our aim is to find smoothed-elemental estimate p(xy|sy = i, 21.y) and

smoothed-mode probability P(s; = i|z1.y) in a recursive manner

e Smoothed mode probability recursion

MZ\N 2 P(sp = ilz1w) (5.36)

M-

P(sk = i|sk+1 = 7, 21.8) P(Sk+1 = jl21.n)
1

.
Il

P(sg =i|sk+1 = J, 216) P(Sk+1 = Jlz1n)

Q

1

<
I

ilj g
Forel P18

M-

1

<.
Il
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e Smoothed-elemental estimate recursion

p(xk|sk =1, 21.8) = /d$k+1 Zp(ﬂﬁk, Tht1, Skr1 = J|Sk = 4, 21.v)  (5.37)

j=1

:/dmk+1zl1 X Iy x I3

7j=1

= 213/d$k+112 x Iy

j=1

where,

I £ p(xg|Tpir, S = J, Sk = 4, 21.8)
Iy & p(Tps1|Skr1 = 7, 8k = 4, 21.80)

I3 2 P(sp41 = jlsk =i, 21.v)
if we examine each term separately

I3 £ P(sp41 = jlsk =i, z1.v)

_ P(sp =ilsp1 = J, 21.80) P(Sk1 = Jl21nv)

P(sy =1|z1.n)

_ P(sp = i|sk+1 = J, 21:6) P(Sk41 = Jlz1:n)

P(Sk = Z"ZLN)
Ty
- M;cfk'u?c—&-HN

= i
My n

A gl

Hit1|n

The term [ dzy1l5 x I; can be approximated as
/d:zck+1]2 x [ ~ N(mk;ﬁzm EﬁjN)

where

Sif i T Y
Tin = T+ Ly (v — T

ZzN = ?e|k + L?<Zi+1|1v - Zg}uk)(L?)T

Sij B i j
Ty, = Fray, +u

ij
Ek-ﬁ-l\k

ij A i G\ T g
Ly = k\k(F) Zk+1|k

& PSP + @
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The proof of this approximation can be seen Appendix B.1. Therefore,

the density p(xg|sy = i,21.n) can be written as follows.
p(zk|sk =1, z1.n) ZIU’Z:‘—Z&-I\N (215 2 > T ) (5.46)

The mixture of Gaussian given in the (5.46) is represented as a single

Gaussian as
. Jjli ~ij ij
p(zxlsy =1, 21:n) E :Mk+1|1v xk,ka, Ek|N)
~ LA i
~ N (z; TEIN> Zk|N)'
where

AfL]
kuN - Zuk—i-uN TgIN
. y . y CN\T
i A A A )
KN = E :Mk+1|N k\N + (%\N - ka) (%N - xk\N)

Therefore, the over all estimate p(zx|z1.y) in (5.35) can be calculated as

follows.
p(zrlzin) = Zp Ti|sk = i, 21:8) P(sk = i|21:n)
R ZNZ\NN@;’?; ﬁqNa EQ\N)
i=1
~ N(Ik; fk\Ny Zk\N)
where

S _ [ A1
TN = E Hi NTr|N
i=1

YgN = ZM;QN [EZW + (£Z|N - iklN) (iz\N - jjklN)T}
=1

The summary of the IMM smoothing algorithm can be seen in Algorithm-5.2.3.
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Algorithm 5.2.3 (IMM Smoother algorithm)

e Foreachk={N—1,...,1},i,5={1,...,r}

— Smoothed Mode Probability recursion

,

i ilj g

Hp N = § :/“Lk|kluk+1|N
Jj=1

— Smoothed Mizing Probability recursion

i
Iuj|i - “k\k/‘iﬂu\/

E+1|N — i
i N
— Elemental smoother

nij ij _ i i ad J J a3 ()
[$k|N’Ek\N} = KalmanSmoother <xk|k,Eklk,xk+1|N,Zk+1|N,F ,u?, Q) )

— Combination of Elemental Smoothed Estimation

jle

[iZIN’ E};‘N} = Collapse (i;j'N, Z?\N’llLkJrl\N)

The overall Smoothed Estimate

[ikw, EHN} = Collapse (£Z|N, ZZlN, ,uilN)

e End for

Kalman Smoother function is defined as

[fk|N7Ek\N] = KalmanSmoother (£k|kaEk\k7fﬁk+l\N72k+l\NaF7Ua Q)

Try1fk = Fiy, +u
Sep = PSS FT +Q
Ly = SyFTE,
Ten = ZTip + Le(Trpyn — Thgajr)

SN = Sk + Li(Seryny — Skaue) Ly
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5.3 Experimental Methods and Results

5.3.1 Experimental Methods

In this work, we use the MOCHA database [103]. The acoustic data and EMA
trajectories of one female talker (fsew0) that include 460 sentences are used. Au-
dio features (Mel-frequency cepstral coefficients (MFCC)) were computed using
a 36 ms window with 18 ms shift. The articulatory data are EMA trajecto-
ries, which are the X and Y coordinates of the lower incisor, upper lip, lower
lip, tongue tip, tongue body, tongue dorsum and velum. EMA trajectories are
normalized by the methods suggested in [64] and down-sampled to match the
18 ms shift rate. All the model parameters of JMLS are tested using 10-fold
cross-validation. For each fold, nine tenths of the data (414 sentences) are used
for training and one tenth (46 sentences) are used for testing. Cross-validation
performance measures (RMS error and correlation coefficient) are computed as

the average of all ten folds.

5.3.2 Hyperparameter Assessment

The parameters of the prior distributions are called hyperparameters, and must
be specified a priori in order to solve articulatory inversion problem. As ex-
plained in Sec.5.2.1.2 the hyperparameter set of the proposed model is 8, =
{Q, ¥;, a;,v;}. In this work, we choose the following parameters for the ith

joint prior distribution

L N;
OGl=a Z Z%lc(i)xiflngl (5.47)
=1 k=2
1

)

where, xi' is the augmented articulatory state trajectories defined as x,! £

(1, (2})7] " n this way, prior distribution becomes an invariant prior distribution

[125]. The number of degrees of freedom of the inverse Wishart distribution v;
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is also fixed to the expected number of transitions from state 7, that is,

vi= > ) (5.49)

Therefore, we have only one unknown hyperparameter namely {«;}. «; is fixed
to the same value « for all models and it is estimated via trial and error. In this

work, we test the values a = {0.1,0.3,0.5}.

5.3.3 Performance Measures

The performance of the algorithms is measured using three performance mea-
sures, namely, RMS error, normalized RMS error and correlation coefficient, all

of which are described in Chapter 4.6.2.

5.3.4 Experimental Results

Experimental results of the proposed methods are given in this sub-section. The
comparison of the learning methods based on ML and MAP criteria for JMLS
in terms of RMS error and correlation coefficient can be seen in Fig.5.2. Exam-
ination of the figure shows that the MAP based learning method significantly
improves the performance of the articulatory inversion. The performance of
the MAP based algorithm is tested for various « values and it is observed that
a = 0.3 gives the best performance. The RMS error and the correlation coeffi-
cient between the true (measured) and the estimated articulatory trajectories for
filtering mode are about 2.22 mm and 0.59 respectively for ML learning method
while the corresponding results for MAP (a = 0.3) based learning are about
1.67 mm and 0.72 respectively. That means Filtering RMS error of MAP based
learning algorithm is less than about 24.3% (from 2.22 mm to 1.67 mm) com-
pared to ML and it improves the correlation coefficients about 22% (from 0.59
to 0.72). When we consider inferences based on smoothed estimates, the RMS
error and correlation coefficient for ML based learning method are about 1.88
mm and 0.69, corresponding results for MAP (a = 0.3) based learning method
are 1.58 mm and 0.76. That means MAP based learning algorithm reduces
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RMS error about 16% (from 1.88 mm to 1.58 mm) and improve the correlation

coefficients about 10% (from 0.69 to 0.76) in smoothing.

(-a-) (=b-)

= 0O = Filtering
o —QO— Smoothing

RMS Error (mm)
Correlation Coefficient

’ = O - Filtering
o —QO— Smoothing
0.58 1
ML MAP MAP MAP ML MAP MAP MAP
(0=0.1) (0=0.3) (a=0.5) (0=0.1) (a=0.3) (0=0.5)
Learning Method Learning Method

Figure 5.2: Two modal state case: RMS error (a) and correlation coefficient (b)
between the true (measured) and the estimated articulatory trajectories for ML
and MAP (with various « values) and the corresponding filtered and smoothed

estimation results.

The second observation from Fig.5.2 is that, as expected, smoothing highly im-
proves the performance compared to filtering. A similar result is reported in
(67, 73] for articulatory inversion based on GMM and in [64] for articulatory
inversion based on (TMDN). In our work smoothing reduces the RMSE from
2.22 mm to 1.88mm (a 15.7% relative improvement) and increases the correla-
tion coefficient from 0.59 to 0.69 (a 17% relative improvement) when ML based
learning is used. Similarly, smoothing inference for the MAP (o = 0.3) based
learning method reduces RMSE about 6% (from 1.68 mm to 1.58 mm) and
improves correlation coefficient about 5.6% (from 0.72 to 0.76). The relatively
small improvement in the MAP case shows that the prior densities used in MAP

are sufficiently adequate to model the uncertainties of the system.

The RMS error and correlation coefficient for increasing number of JMLS modal-
states can be seen in Fig.5.3. In this figure the global LDS performance is also

given for comparison. Global LDS use only one model (that is, sy € S = {1}) for
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Figure 5.3: The MAP (o = 0.3) based Learning: RMS error (a) and correla-
tion coefficient (b) between the true (measured) and the estimated articulatory
trajectories for increasing number of JMLS modal states and a global linear

dynamic system. Both filtered and smoothed estimation results are given

all phonemes. The best result of RMSE and correlation coefficient for the global
LDS are about 1.85 mm and 0.64 respectively. We compare our results with
[131]. The approach and the experimental setup given in the referred work are
similar to our work. RMSE and correlation coefficients reported in that study
are about 2.15 mm and 0.59 respectively for global LDS. The outperformance
of our study is due to the use of MAP based algorithm. This figure shows also
the effect of increasing the number of modal states for each phoneme. ‘1-state’
in this figure corresponds to one model for each phone, ‘2-state’ corresponds
to two models etc. Note that in Global LDS there is only one model for all
phones. Increasing the number of modal states for each phoneme from one to
two improves the performance of the JMLS based articulatory inversion, but the
performance decreases slightly for three modal-states possibly due to insufficient

training data.

Fig.5.4 provides more details regarding the utility of MAP based learning method

in articulatory inversion. The abscissa distinguishes different articulators. As
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Figure 5.4: Normalized RMS errors for each articulator for ML, and MAP («a =
0.3) (a) and corresponding percentage normalized RMS error reductions of MAP
(v = 0.3) with respect to ML (b). The abbreviations li, ulll, tt,tb, td and v
denote lower incisor, upper lip, lower lip, tongue tip, tongue body,tongue dorsum

and velum, respectively. The suffixes x and y of the articulator abbreviations

show the corresponding X and Y coordinates respectively.

an example, normalized RMS error for X axis of lower lip (llx) reduced from
1.04 to 0.82 (a 21% relative error reduction). Figure indicates that for all of
the articulators there is a reduction in the estimation error. It can be said
that the improvement is relatively small for the ones that are estimated by
ML better. In general, this figure denotes that MAP based learning algorithm
reduces normalized RMS about (11-22%). We presented an example of estimated
and true trajectories to give an idea of how ML and MAP are performing.

Fig.5.5 illustrates the estimated (based on ML and MAP (a = 0.3)) and true

x-coordinates of articulators for tongue tip and lower incisor. The utterances
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are taken form MOCHA database.

3 T T T T T
True l}‘

21 = = =ML , o0 ’, ".‘ ]
MAP (a=0.3) )

Tongue Tip X-Axis Position (mm)

Time (sec)
(-a-)
3 T T T
True
2 = = =ML .
————— MAP (0=0.3) -

Lower Incisor X—Axis Position (mm)

Time (sec)

(=b-)

Figure 5.5: Estimated and true (measured) articulatory trajectories of x-

coordinate for tongue tip (a) and lower incisor (b) for ML and MAP learning

method. Data is taken from MOCHA database.

5.4 Conclusions

In this chapter of the thesis we have proposed a systematic framework for ac-
curate estimation of articulatory trajectories from acoustic data based on jump
Markov linear system (JMLS). JMLS can be considered as a generalized ver-
sion of Hidden Markov model (HMM). Unlike the HMM, in which only discrete
states are considered, JMLS models both discrete and continuous states simul-
taneously. That is, continuous articulatory trajectories are considered as the
continuous hidden states of the JMLS, and discrete regimes (phonemes and sub-

phoneme segments) are considered as the discrete modal states of the JMLS.
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In that way, the acoustic to articulatory problem is converted into a state es-
timation problem for JMLS. In this study we first introduce a novel learning
algorithm based on ML and MAP criteria that generates the model parameters
of all linear systems used. This procedure can be considered as a generalization
of Hidden Markov model (HMM) training. State estimation is done both online,
by applying filtering methods, and off line, by applying smoothing methods. The
IMM algorithm which is barrowed from tracking literature is used for filtering.
This algorithm is adapted to articulatory inversion. Use of IMM in articulatory
inversion problem is new. In addition to the filtering we present an efficient
smoothing algorithm for the JMLS in Bayesian perspective. Smoothing algo-
rithm that is used here is a novel one. In some applications (none of them are
speech applications) GBP2 type of algorithms are modified to solve smoothing
problem [128, 129]. The approach given here is different than GPB2. it is based
on IMM inference method and is much more efficient from computational point

of view.

Experiments have been conducted in the MOCHA database to test the perfor-
mance of the proposed algorithms and the results are summarized in the previous
section. Here, as a final conclusion we compare our work with two recent studies

existing in the literature and the method that we have proposed in Chapter 4.

First we compare our results with [131] which uses HMM based switching linear
dynamic system. The reason of selection of this paper is the similarity between
two works. [131] also uses state space representation. There is one model for
each phone and [131] assumes that phone boundaries are known. We do not
use this restricting assumption; however we use a more sophisticated model
as JMLS. Best RMSE and correlation coefficient results in [131] are 1.78 mm
and 0.7. The inversion based on HMM is given in [72] and their RMSE and
correlation coefficient results are about 1.64 mm and 0.725 (using only audio
data) respectively. According to experimental results given in Sec.5.3, our best
results is obtained using a MAP based learning algorithm with smoothing state
estimate. The RMS error and correlation coefficient between the true (measured)

and estimated articulatory trajectories are about 1.58 mm and 0.76 respectively.
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In Chapter 4 of this theses a quite satisfactory inversion system, GMM regres-
sion, is proposed. The performance of GMM regression can be summarized as
the RMS error 1.395 mm and correlation coefficient 0.81. As numbers indicate
performance of GMM regression is better compared to JMLS formulation. In
spite of these results we think that JMLS is much more flexible and open to
improvements. The linear dynamic systems used in JMLS formulation can be
improved in lots of different ways that correspond to better representation of
the movements of the articulators. Even nonlinear state models are possible.

Further improvements by model improvement are a future work.
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CHAPTER 6

CONCLUSION

This thesis presents the research done on the estimation of the underlying slowly-
varying continuous dynamic structure of speech signal. While speech signal is
considered as a rapidly changing and quasi-periodic random signal, speech pro-
duction mechanism is governed by vocal organs (such as, lip, jaw, tongue, etc.,)
having highly constrained, quite continuous and relatively slow dynamic move-
ments. During speech utterance, mainly two types of continuous structures
change simultaneously in speech production mechanism. These are formant fre-
quencies and positions of the articulators. Indeed, these quantities are quite
related to each other. Movement of the articulators and formation of reso-
nance frequencies according to the sound to be produced are main parts of the
speech production mechanism and hence, they carry useful information about
the speech signal, as well as the speaker. We propose novel methods for the
estimation of these continuous quantities of the underlying speech signal. The

main contributions of the thesis can be summarized as follows.

6.1 Contributions to Formant tracking

Formant tracking is studied in Chapter 2 and Chapter 3. Chapter 2 of the
thesis is about tracking of fixed number of formants that are assumed to be
continuous along an utterance. Since this is a well studied subject in the liter-
ature, our aim is to contribute to the performance. For this purpose one of the
well-known methods of the literature, i.e., the one that uses dynamic program-

ming (DP) [36, 37, 38] approach is selected. To achieve the desirable increase
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in the performance formant tracking problem is divided into two sub-problems:
the data association (which formant candidate belongs to which formant tra-
jectory) and the state estimation. Data association problem is handled via DP
method and the state estimation is done by Kalman filtering/smoothing. The
experimental results show that the combination of DP and Kalman smoothing
gives better performance compared to formant tracking using only DP algo-
rithm. The proposed method is also compared to other methods given in the
literature. It is shown that the proposed algorithm is significantly better than
other algorithms in voiced like speech regions, where formant frequencies can
be easily seen in speech spectrogram and its performance is comparable in un-
voiced speech regions. During this study it is observed that continuity of the
formants is not a reality but a commonly accepted idealization of the behavior of
formants. This is also a reason for the relative degradation in the performance
when formants of an unvoiced region are tracked. In Chapter 3 variable number
of formant tracking idea is introduced. There are few studies in the literature
that assume irregularities in the formant trajectories including changes in their
number. We verified this observation partially by using a state space model
for the acoustic tube. A modification is done on the model by changing the
excitation point of the tube according to the constriction point for obstruent
sounds like, s,p,t,k. Based on the observations and theoretical justification on
changing number of formants we have developed an algorithm to track unknown
and changing number of formants with a novel approach, which is inspired from
multi-target tracking literature. In that way, formant frequencies are tracked
in a flexible manner without pre-defined formant number or the assumption of
continuity of formants along a given utterance. As a summary the following are

the contributions of formant tracking part.

e The improvement of the performance of dynamic programming based track-
ing algorithm. This improvement is achieved by Kalman filtering/smoothing

of the output of DP.

e The development of the state space representation of concatenated tube
model and use it to explain the possibility of variable number of formants

in speech signal. We believe that state space model can be used in vari-
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ous speech applications including articulatory speech synthesis and voice

conversion, etc.

e A novel algorithm for tracking variable number of formant frequencies.

6.2 Contributions in acoustic to articulatory inversion

Acoustic to articulatory inversion problem can be considered as one of the basic
problems of speech so can be dated back to a several decades. However after
the introduction of the UW-XRMB [132] and MOCHA [103] databases, which
contain the positions of articulators as well as speech signal, there is a consid-
erable increase in the related research. Our aim in this thesis is to improve the
already existing methods as well as introducing some novel approaches to the
subject. Several variations of '"GMM regression’ method are developed to im-
prove its performance. These studies are the subject of Chapter 4. Firstly the
MFCC coefficients that are used as the input of the GMM regression method are
enriched by augmenting them with formant frequencies as well as their energies
and visual shape and texture features. These additional features are selected
after an exhaustive search among other possibilities like LPC, LSF coefficients,
etc. It is observed that the use of augmented features improves the performance
of articulatory inversion. Besides enriching the input of the inversion block,
its output is also changed by smoothing it by Kalman smoother. The proposed
smoother has the capability of learning its own parameter set from training data
and incorporating extra information such as phonetic transcription if it is avail-
able. The smoother algorithm developed in this study is one of the contributions
of the thesis. The experimental results show that the proposed smoother sig-
nificantly improves the performance of the articulatory inversion based on the
GMM regression. Furthermore the proposed smoothing algorithm is a general
smoothing algorithm can be used in a large group of inversion algorithms such
as HMM [72, 68], SVM [101], or TMDN [65]. Feature vector augmentation can
be considered as early fusion of acoustic and visual features. Late fusion, de-
fined here as the fusion of inversion results, is also investigated in Chapter 4.

The dynamic fusion algorithm (known as ’distributed fusion’ in target tracking
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in multi-sensors applications) is adapted to combine audio and visual estimates
for articulatory inversion. Comparison of the early and late fusions gives the
somewhat surprising result in the favor of late fusion. We believe that this is
due to the insufficiency of the training data. To the best of our knowledge, the
best performance that we have obtained about the articulatory inversion when
compared with the existing work in the literature using any method and the
same database is superior to all. A novel approach for inversion problem is in-
troduced in Chapter 5. In this approach we model the articulatory data as the
state of a Jump Markov Linear System (JMLS). The estimation of the states
of JMLS gives us time variation of the positions of the articulators. State es-
timation requires measurements to estimate the state. The measurements used
here are the acoustic features. This approach requires the estimation of the pa-
rameters of the JMLS. In the parameter estimation stage we use two different
approaches, ML and MAP, which are generalization of Hidden Markov Model
(HMM) training. The state estimation is performed via the interactive multi-
ple model (IMM) algorithm. An IMM smoother is proposed to estimate the
state. Since the approach used here is completely new to articulatory inversion
literature, use of IMM is also new. Furthermore even in the tracking literature
although IMM smoothers are used, the one that we developed here is somewhat
different than the existing ones. In the experiments section, the two training
algorithms ML and MAP are compared with each other and the outperformance
of MAP is observed. This is not surprising since the training data is not suf-
ficient for ML to converge. One other reason may be the incapability of the
state and observation model used to track articulatory movements. The overall
performance of this new approach is better than the performances of the many
systems given in the literature; however it is slightly worse than our system that
is using improved acoustic and visual features together described in Chapter 4.

As a summary the following are the contributions of articulatory inversion part.
e The performance of articulatory inversion based on Gaussian Mixture
Model (GMM) regression is improved by

— improving the feature vectors,

— applying smoothing to its output
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— dynamic fusing the outputs of a visual inverter and an acoustic one.

e A new approach of using Jump Markov linear system model (JMLS) for

articulatory inversion is introduced.

— The novel learning algorithms based on ML and MAP criterion for
JMLS is presented.

— An efficient smoothing algorithm for JMLS is introduced.
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APPENDIX A

ACOUSTIC TUBE MODEL

A.1 Acoustic Tube Model Based State Space Representation of LPC

Filter
x1(k+1) —p1pg  —p1pg(1—p1) .. —pno1pg [ (1=pi)  —pipg 1721 (1—pi)
xo(k + 1) (1+p1) —p2p1 coe =pnap 1725 (0=pi)  —pupr [1725 (1—pi)
= 0 (14p2)
Tp_1(k+1) 0 0 —pn—1pn—2 —p1pn—2(1=pn—1)
xn(k+1) 0 0 0 (1+pn-1) ~p1pn—1
1 (k) e
xo(k) 0
X : + 0 u(k) (A.1)
zn_1(k)
(k) 0
1 (k)
2 (k)
s(k)z(() 0 ... 0 1+pl) 5 (A.2)
zn_1(k)
T (K)
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A.2 Sub-matrices in the Acoustic Tube Model Based State Space

Representation of LPC Filter for supra-glotal excitation

—pipg  —p2pg(L—p1) .. pg [T (L= pi) —2p, [T (1 — pi)
(L4 p1) —p1p2 oS0 =) —2p [15(1 = pi)
Ay = 0 : :
0 0 Pr—2 —2pm—2
0 0 o 0 1
(A.3)
—pmt1 —pmi2(l=pmi1) ... pr—1 1T (1=ps) —o i (1=pi)
(I4pmi1)  —Pmt1pm42 o =pn1pmit [ (1=pi)  —pipmin [T (1—pi)
A22 =
0 0 .. —Pr—2Pn—1 —p1pn—2(1—pn_1)
0 0 .. 14+pn_1 —p1pn—1
(A.4)
0 ... 0 2
T
App=| t . 10 61=<10...0) 62:<0...01>
0 ...00/)
(A.5)
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APPENDIX B

IMM SMOOTHER

B.1 Proof of Equation-(5.43)

_ P(Ts1|Th, Skp1 = 7)p(xk| sk = 14, 21:5)
[ duexp(zps|ar, sk = J)p(er|se = 4, z1x)

The Gaussian densities p(xgi1|Tk, Sk+1 = J) and p(zk|sk = i, z1.%) can be written

I

(B.1)

as
P(@ri1|Trs Skr1 = J) ~ N, Fjag, @), p(alsk = 4, z14) ~ Nz, %ma iiuc)
After Computing (B.1), I, can be found as

Iy = N (g, L a0 + 67, G (B.2)
where,

Ly & Sy (5

S NP ij o ai i A s iy
k;+1|k) ) Ck_xk|k_LkFJxk|k7 Gk_zk\k LkFJZk\k

I3 is approximated as follows
I3 £ p(Tpsalsirr = J, sk = 4, 21.8) & p(Ts1|See1 = J, 21v) (B.3)
Suppose that p(xgi1|Skr1 = J, z1.v) is known and given as
P(Trt1 |1 = J, 21:8) ~ N (@py1; QAU?;+1|N» i?;+1|N) (B.4)

then, the integration given in the (5.38) can be approximated by using (B.2)
and (B.4)

/dl’kJrl[Q X [3 ~ /dl’k+1N($k, sz.’ll'kJrl + Czj, Gg)N(karl, i’iJrllN, 21+1|N)
= N(zh1; 885 S ) (B.5)

The definition of 9?;23‘ ~ and f}z ~ are given in the (5.44) and (5.45) respectively.
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