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Abstract

Automatic Language [Dentification (LID) is the task of the automatic language recognition
from a spoken utterance. For instance, it can be used to select the language for any human-
to-machine or human-to-human communication system, when initially it is not known
which language should be used.

Language identification is performed using different types of information that can be ex-
tracted from a speech utterance. Most successful LID systems implement more than one
speech component by the joint modeling of several information types or by combination of
isolated components at various levels. Standard LID systems are based on the segmental
information and they consider the essential differences among languages either by modeling
distributions of spectral features directly (so-called acoustic LID systems), or by modeling
strong language-specific frequencies and dependencies among individual speech units in
an utterance (so-called phonotactic LID systems). According to the existing human LID
perceptual experiments, prosodic information as pitch, intonation, and especially rhythm
can be expected to be useful in automatic LID. However, LID systems based on prosody
are relatively rare and speech rhythm is still less explored prosodic component.

This thesis presents the research results on the investigation of speech rhythm with the
purpose to use it as the additional information type in order to improve the performance of
automatic LID systems. The main idea is to explore the duration of neighboring syllable-
like units as language discriminative feature. For an appropriate treatment of speech
rhythm the algorithm for the segmentation of speech into suited rhythmic units is proposed
and a language independent approach for rhythm modeling is developed. As the result, a
rhythm-based LID system does not require transliterated training data and can be easily
extended with new languages.

To explore the influence of rhythm features on the performance of LID systems utilizing
other information types, one phonotactic and two acoustic LID systems are suggested and
were implemented. These systems were taken as baseline. All proposed LID systems were
trained and tested on the SpeechDat II database, a corpus designed to train commercial
speech recognizers. Individual LID systems are firstly evaluated separately and then fused
together in different combinations. Adding rhythm to individual baseline systems improves
the identification abilities of the resulting system by more than 50 % relatively. This
corresponds to the relative reduction of more than 20 % for the detection scenario that
shows the reliability of the system decision. The performed experiments in general present
the common tendency: Every next system brings less improvement. Therefore adding
rhythm to the combination of three baseline systems can improve the performance of
the resulting system by almost 3% and 7% respectively for identification and detection
scenarios. This confirms that speech rhythm as defined in this thesis can be successfully
used for any LID system.
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Introduction

The automatic Language IDentification (LID) of spoken utterances attempts to automat-
ically identify the language or dialect that is spoken by a human speaker. With respect
to the current global need for multilingual human-computer interfaces [126], LID plays
an essential role in providing speech applications. During the past three decades, LID
has become a key technology in areas of spoken language processing such as multilin-
gual speech recognition/understanding systems, spoken dialog systems, human-to-human
communication systems, spoken document retrieval, and multimedia mining systems.

For example, telephone companies would like to quickly identify the language of foreign
callers and route their calls to operators who can speak the language. A multi-language
translation system dealing with more than two or three languages needs a language identi-
fication frontend that will route the speech to the appropriate translation system. And, of
course, governments around the world have long been interested in spoken LID for moni-
toring purposes. Additional information about important applications of LID systems can
be found in the following publications of Dai et al. [35], Ma et al. [76], Waibel et al. [142],
and Zue et al. [153].

LID systems may have varying levels of computational complexity and different require-
ments for the training data, depending on the approach and the information type used to
distinguish among languages.

There is a variety of cues that humans and machines use to discriminate one language from
another. On the segmental level, languages can be distinguished from each other by the

"1 and their acoustic realizations, i.e., “phones”. Each language

inventory of “phonemes
uses a subset of phonemes from the set of all possible speech sounds. Even though many

languages share a common subset of phonemes, the phoneme frequencies and acoustic re-

!The term “phoneme” is used as a mental representation of a phonological unit (or segment) in a
language (Fromkin et al. [44]).




Chapter 1. Introduction

alizations vary across languages. Thus, these variations can be used to differentiate among
languages. Languages also differ in their phonotactic constraints, i.e., rules governing the
allowed sequences of phonemes. This causes certain phoneme sequences to be more likely
in one language than in another. At the word level, languages are distinct in their vocab-
ularies and the rules by which words are formed. Furthermore, it is possible to distinguish
languages by syntactic and semantic rules which govern the concatenation of words into
sentence patterns. Using such features requires the existence of large vocabulary speech
recognizers, which are language and domain dependent. Moreover, one needs to consider
computational costs during training and testing, which can be critical for applications on
portable and hand-held devices.

Beside information that is derived from the segmental level, each language has prosodic
or supra-segmental® properties that allow to determine the meaning of an utterance. Such
properties are the modulation of pitch, the shortening and lengthening of segment and
syllable duration, and the variations of overall loudness. On the perceptual level, the vari-
ation of pitch provides some recognizable intonation and the speech timing, in accordance
with some underlying pattern, gives rhythmic properties to speech. In an ideal case, all of
the above described properties should be used for language identification. However, stan-
dard up-to-date LID systems mostly classify languages by the types of allowed phonemes
and phonemes’ combinations. Only very few systems use other approaches (e. g., prosodic
cues) to further improve their performance. It is shown in detail in Section 2.3.4 that LID
systems which use prosody as supplemental information to other components have great
potential, even if the extraction and modeling of prosodic cues are not straightforward
issues.

One of the basic and most promising prosodic cues is speech rhythm. This component is
still less explored than pitch or other prosodic information. Results of perception studies
on human language identification have shown that rhythm information carries a substantial
part of the language identity that may be sufficient for humans to identify some languages
(Section 2.1.3). However, using rhythm for automatic language identification is complicated
in terms of providing a theoretical definition of rhythm and its automatic processing.

This thesis presents the investigation of speech rhythm with respect to the LID task. The
main idea is to explore the duration of neighboring syllable-like units as language discrim-
inative feature. This definition of speech rhythm does not require additional language-
specific training data and therefore suits well for the automatic LID task. The proposed
language-independent algorithm for the segmentation of a speech utterance into rhythm
units and for rhythm modeling can extend any LID system with a rhythm component. The

2Supra-segmental properties are not confined to any one segment, but occur in some higher level of an
utterance.




performed evaluation experiments have shown that the speech rhythm, as defined in this
thesis, increases language identification accuracy of LID systems based on spectral and/or
phonotactic information.

This thesis is organized as follows:

Chapter 2 gives an overview of fundamental notions for the language identification problem.
Based on the results of humans’ capability to differentiate among languages, the language
identification task and corresponding general architecture of an automated LID system are
presented. The chapter also describes the previous work and approaches used in current
state-of-the-art LID systems according to the language discriminative information utilized
there. Existing trends in development of LID systems and in combination of results from
several different LID systems are introduced. Finally, the chapter considers a lack of
investigation of prosodic information for LID (in particular, rhythm) and presents the
goals of this thesis.

Chapter 3 covers the classification techniques that are used in this thesis for designing
different LID systems.

Chapter 4 addresses the problem of modeling rhythm for the LID task. The main theories
about rhythmic differences among languages and attempts to provide a general definition of
rhythm are reviewed. Based on the analysis of current rhythm measurements, a definition of
speech rhythm is proposed in the way it can be used for automated language identification.

Chapter 5 focuses on the architecture of the proposed LID systems that utilize different
language-specific information. The technique evaluating the LID systems’ performance
and the fusion methods used to combine the results of individual systems are described in
detail.

Chapter 6 contains the evaluation results. Performance of proposed LID systems as well
as their combinations are presented and analyzed.

Chapter 7 summarizes the results of the work described in this thesis and presents some
conclusions and directions for further investigations.







Fundamentals

This chapter starts with the fundamental notions about the language identification problem
and at the end argues the motivation for this thesis. Section 2.1 first gives an overview of
the basic concepts and linguistic requirements relevant for language identification from a
human point of view and for automatic LID systems. The existing experiments on human
language identification are summarized in order to show what perceptual cues are used
by humans to identify a language. Based on the results of these experiments, a general
architecture of an LID system is presented in Section 2.2.

In Section 2.3 current state-of-the-art LID approaches are discussed according to the dif-
ferent types of information they use to discriminate among languages. First, a formal
statistical framework for automated LID systems is presented. The following sections pro-
vide descriptions of automated LID systems based on spectral information, historically
called acoustic and phonotactic LID systems. The existing prosodic LID systems are re-
viewed in Section 2.3.4. The methods of combining the recognition results from different
LID systems are covered in Section 2.3.5. The current trends in language recognition
research are summarized in Section 2.3.6.

Finally, Section 2.4 describes the objective of this research and addresses the main goals.

2.1 Linguistic Preliminaries

2.1.1 Language Families

A language is defined as a system of symbols for encoding and decoding information. A
human language is a language primarily intended for communication among humans. The
exact number of human languages existing in the world is not known and is estimated to

5




Chapter 2. Fundamentals

be between 5000 and 10000, depending on the definition of the term “language”.

Based on historical origins, languages are usually classified into groups related by descent
from a common ancestor, so-called language families. There has been much debate about
the categorization of a particular language belonging to a family. Complete information
about languages and language families, as well as corresponding statistics over the number
of speakers, location, dialects, and linguistic affiliations can be found in the most recent
edition of the Ethnologue [70], a database describing all known living! languages, the last
edition of which was released in 2009. According to the Ethnologue, there are 21 major
language families such as Afro-Asiatic, Australasian, Indo-European, Niger-Congo, and
Sino-Tibetan. Below a condensed overview of the Indo-FEuropean language family is given
which is of particular interest for this thesis.

The Indo-European family includes most languages spoken in Europe and many languages
spoken in India and the Middle East. It is subdivided into Baltic, Celtic, Germanic,
Hellenic, Indo-Iranian, Italic, Romance, and Slavic branches. Each branch includes further
subcategories. For example, the Germanic family consists of North Germanic languages
(such as Danish, Icelandic, and Swedish) and West Germanic languages (such as Dutch,
English, and German), the Romance branch (Italian and Spanish), and the Slavic branch
(Eastern European languages, such as Czech, Polish, and Russian).

Languages, that are usually grouped under the same family, may have some similar prop-
erties. For example, Italian and Spanish share a large portion of their vocabulary and
many grammatical features since they are both Romance languages derived from a com-
mon ancestor (Latin). On the other hand, the English and German languages, though both
classified as Germanic languages, are very different in their grammatical characteristics.

Linguistic properties of any particular language carry more discriminative information and
therefore are taken into account for automatic language identification.

2.1.2 Linguistic Concepts

Differences among languages exist at all linguistic levels. This thesis is concentrated on
those linguistic characteristics of languages that are relevant for speech technology in gen-
eral and, more specifically, for the language identification task.

The sound structure of a language can be described in terms of its phonetic, phonological,
and prosodic properties:

LA language is called “living” if living native speakers of the language exist, i. e., those that acquire the
language during childhood.

6



2.1. Linguistic Preliminaries

1. Phonetics deals with the descriptive analysis of physical properties of all speech
sounds (phones), sound production, and sound perception without reference to lan-
guage. Speech sounds are usually described in terms of place and manner of ar-
ticulation. A widely known system for the phonetic transcription of sounds is the
International Phonetic Alphabet (IPA), created by the International Phonetic Asso-

ciation.?

IPA provides a unique symbol for every basic speech sound. The latest
version of TPA (revised in 2005) is presented in Appendix A. A practical use of IPA
is limited by the absence of a universal (or easy to use) ASCII representation. To
compensate this disadvantage, a machine-readable phonetic alphabet called SAMPA3
was developed. SAMPA, which is abbreviation for Speech Assessment Methods Pho-
netic Alphabet, basically consists of a mapping of symbols of the IPA onto ASCII
and is used throughout this thesis. An example of SAMPA for the German language

is displayed in Appendix B.

2. In contrast to phonetics, phonology analyzes how sounds function to encode mean-

ing within a given language or across languages. Phonology studies phonemes as the
smallest contrastive units in the sound system of a language. A phoneme is defined
as a minimal unit that distinguishes meanings of words, i.e., “pin” versus “bin”.
The inventory of phonemes across languages may vary in complexity from simple
systems consisting of eight consonants and five vowels (Hawaiian) to more complex
systems with 17 vowels, three diphthongs, and 22 consonants (German).
In addition to their phoneme inventories, languages can be distinguished by patterns
of phoneme combinations, so-called phonotactics. Phonotactic constraints deter-
mine the syllable structure of a language. Languages such as Dutch, English, and
German allow a fairly large number of consonants both at the beginning and at the
end of a syllable, leading to a large number of possible syllable structures. By con-
trast, the Maori language, spoken in New Zealand, only allows syllables consisting of
a vowel, two vowels, or a consonant plus a vowel. Other languages place constraints
on the type of consonants and vowels that can be combined - for example, Spanish
does not permit syllables beginning with “s” followed by consonant. Such a com-
bination often appears in German, e.g., the word “Spiel” which is pronounced as
/S pi: 1/ (transcribed using SAMPA for the German language, see Appendix B).

3. Prosody is in general defined by Bagshaw as “modulation of acoustic characteristics
of speech above the level of phonemic segments in order to convey linguistic and
paralinguistic information” [5, p.1]. Prosody may reflect various features of the
speaker or the utterance:

http://www.langsci.ucl.ac.uk/ipa/
3http://www.phon.ucl.ac.uk /home/sampa/
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e the emotional state of a speaker;

e the type of sentence: whether an utterance is a statement, a question, or a

command;
e the intent of the speaker: whether he is being ironic or sarcastic;
e the emphasis, the contrast, and the focus;

e other elements of language that may not be encoded by grammar or choice of
vocabulary.

In terms of acoustics, prosody consists of rhythm, intonation, and vocal stress in
speech, e. g., phenomena that stretch over more than one phonetic segment.

Intonation is defined as variation of pitch which corresponds to fundamental fre-
quency (Fp). Some languages, called tone languages, use the pitch contour to
distinguish the lexical meaning of a word. Different tone heights or contours (such
as high, low, rising, or falling) give a different meaning to the word. This can be
demonstrated by the following example from Mandarin Chinese (taken from [127]):

Word  Tone Gloss
ma high level mother
ma high rising ~ hemp
ma falling-rising horse
ma falling to scold

In addition to lexical differences, tone can also signal grammatical features as in
many African tone languages: In the Edo language, spoken in Nigeria, tone indicates
tense (such as past versus present) and aspect (completed versus ongoing action).

Other languages (most languages in the Indo-European family), by contrast, use pitch
contours to indicate the sentence type (e.g., question versus statement), phrase and
sentence boundaries, and are also used for contrastive emphasis.

According to Hirst, a researcher who compared the intonation systems of twenty
languages, “every language has intonation” [52]. Using intonation for discrimination
among languages is not a straightforward issue since “intonation is paradoxically at
the same time one of the most universal and one of the most language-specific features
of human language” [52, p.1]. Hirst’s work has shown that languages differ greatly
in functions of intonation but it is “extremely difficult to factor out the language-
specific prosodic characteristics of a language from the theoretical assumptions and
background of the author” [52, p.42]. During the past two decades, several attempts
to use intonation patterns for the automatic language identification task have been
made. The description of these approaches is presented in Section 2.3.4.
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Rhythm of speech, according to the definition proposed by Crystal, refers “to the
perceived regularities of PROMINENT UNITS in speech. These regularities (or rhyth-
micality) may be stated in terms of patterns of STRESSED v. unstressed SYLLABLES,
syllable LENGTH (long v. short) or PITCH (high v. low) — or some combination of
these variables” [33, p.400-401].

In terms of rhythm, different languages are broadly classified based on the so-called
isochrony theory (where isochrony is defined as the property of speech to organize
itself in portions of equal or equivalent durations):

e In stress-timed languages, like English and German, the intervals between
two stressed syllables are said to be near-equal. Syllables that occur in between
two stressed syllables are shortened to accommodate this property.

e In syllable-timed languages, such as French and Spanish, successive syllables
are said to be of near-equal duration.

e In mora-timed languages, exampled by Japanese, the duration of successive
morae are said to be near-equal. Mora “refers to a minimal unit of metrical
time or weight” [33, p.229] and consists of one short vowel and any preceding
onset consonants.

Despite its popularity among linguists, the isochrony theory, also called rhythm class
hypothesis and first introduced by Pike [103] and Abercrombie [1], is contradicted by
several experiments that were carried out in search of empirical proof of isochrony
properties of some languages. After Pike and Abercrombie, many researchers have
been looking for an explanation for different rhythmical properties of world languages.
Despite ongoing efforts, a well accepted definition of rhythm does not exist yet. Since
rhythm of speech is in the main scope for this thesis, a detailed overview of existing
rhythm theories is presented in Section 4.1.

2.1.3 Human Language Identification

Humans are able to recognize a language from extremely short audio samples, as long
as they have a certain degree of familiarity with the language. Since the performance of
human listeners on LID tasks is the target for an automatic LID system, a starting point
for designing an LID system is to explore what perceptual cues are used by humans to
identify a language.

Investigations on humans’ capability for LID can be conventionally divided into two parts:
those that use unmodified (real) speech and those which are performed with stimuli signals
that were modified in different ways according to the specific task.
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Various experiments on human language identification based on the unmodified speech
were reported by Muthusamy et al. [88]. Utterances of spontaneous speech with durations
from one to six seconds were recorded for ten languages: English, Farsi, French, German,
Japanese, Korean, Mandarin, Spanish, Tamil, and Vietnamese. Participants (ten native
speakers of English and at least two native speakers of the remaining languages) had to
identify the language after listening to the test samples. Several results, as summarized by
the following, were obtained:

o Identification results varied significantly across the languages. As expected, English
was identified with highest accuracy; French, German, and Spanish, languages that
the listeners were most often exposed to, achieved relatively high identification rates;
and accuracy in identifying Farsi, Korean, Tamil, and Vietnamese was very poor.

e A learning effect was detected: After every individual test sample, the correct answer
was given to the participants, and the accuracy at the end of experiment improved
in comparison with the results at the beginning.

e A positive correlation was observed between human accuracy and the duration of the
test signal as well as the participants’ general knowledge of foreign languages.

e As reported by participants, the following cues were taken into account: segmental
information (manner and place of articulation, presence of typical sounds, syllables,
and short words) and supra-segmental information (rhythm, intonation, tones).

Another study of human LID, reported by Nazzi [95], has demonstrated that French new-
borns are capable of discriminating among languages that belong to different rhythm classes
as proposed by traditional rhythm class hypothesis. Infants in Nazzi’s study could dis-
criminate among languages with different rhythmic classifications but were not able to
discriminate between two languages which belong to the same class. This indicates that
the rhythm of speech plays an important role in the perception of language and can be used
to discriminate groups of languages, but only if these groups are congruent with rhythmic
classes.

In a similar study on modified speech, Ramus and Mehler [112] focused on the importance
of various acoustic cues for discrimination of languages. The experiments were based on a
speech re-synthesis technique that allows one to preserve or degrade phonotactics, rhythm,
or intonation from natural utterances into different combinations. The original English
and Japanese speech utterances were segmented into phonemes that were then replaced by
French phonemes to exclude segmental cues. Four types of stimulus signals were created
differing in the information they contained:

10
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e broad phonotactics, rhythm, and intonation (all fricatives were replaced by /s/, stops
by /t/, liquids by /I/, nasals by /n/, and vowels by /a/);

e rhythm and intonation (all consonants are replaced by /s/, and vowels by /a/);

e rhythm only (the same as the previous one but with no variation in fundamental
frequency);

e intonation only (all segments are replaced by /a/).

Bilingual French adult test persons were told that the utterances are from acoustically
modified sentences of two real and exotic languages and were asked to discriminate be-
tween them after passing a training session. The average accuracy in the discrimination
experiments for the first three types of stimuli ranged between 65% and 68 %. In the
“Intonation only” condition, test persons behaved in a way that looked like guessing (with
recognition rate of 51 %). One of the main conclusions made by Ramus and Mehler from
this study was that rhythm is “an excellent and possibly the best prosodic cue for the
discrimination of languages that are said to differ in rhythm” [112].

Although more recent experiments, which will be discussed in Section 4.1, contradict the
rhythm class hypothesis, these findings have demonstrated rhythm as relevant parameter
for language discrimination.

In recent investigations, Navratil [92] showed the different importance of segmental and
prosodic information. The experiment was based on five languages (Chinese, English,
French, German, and Japanese) and consisted of three test sections:

e original signals without any modification;

e short segments of six seconds with shuffled syllables, so that the meaning of the
original sentence as well as its prosodic contour were destroyed leaving only acoustic-
phonotactic information;

e signals were filtered by an adaptive inverse Linear Predictive Coding (LPC) filter,
thus flattening the spectral shape and removing the vocal tract information so that
only prosodic information (Fj and amplitude) were audible.

The overall LID rates (96 % for full speech, 73.9% for syllables and 49.4 % for prosody)
indicate that segmental parameters are the most important cues and prosodic parameters
are the weakest cues when discriminating among languages. Nevertheless, the results
of human perception experiments show prosody as one of the language discriminating
components that should be investigated for automatic LID.

11
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The importance of prosody for the LID task has been confirmed by different performance
rates obtained by automatic LID systems which use prosodic features in combination
with other language characteristics, such as acoustic-phonetic and/or phonotactic infor-
mation [42, 49, 50, 73, 136, 149, 151]. Such systems, as well as other currently successful
LID approaches, are described in more detail in the next sections.

2.2 Automatic Language ldentification Task

Automatic language identification systems are based on the linguistic properties of lan-
guages extracted from input speech. Performance of such an LID system depends on the
amount and the reliability of discriminative information and how efficient it is incorporated
into the system.

Most language identification systems rely on the spectral information derived through
short-time spectral analysis of the speech signal, such as acoustic properties of sound
units (in literature usually referred as to acoustic-phonetics) and their sequences (referred
to as phonotactics). In addition to spectral information, some LID systems incorporate
prosodic information. A general architecture of an example LID system based on different
discriminating cues is shown in Figure 2.1.

Every type of information used for LID has not only advantages but disadvantages as well.
Spectral information, i.e., acoustic-phonetics and phonotactics, is easy to obtain and be-
comes a trade-off between computational complexity and performance. In the same time,
the performance of LID systems based on spectral information usually degrades due to
noise and unmatched acoustic condition. Prosodic properties are less affected by channel
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Figure 2.1: General architecture of an LID system utilizing different discriminative infor-
mation
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variation and noise [132] but are hard to extract reliably [55]. The prosody of an utterance
is influenced by the speaker-specific characteristics such as voice type, speaking rate, emo-
tional state, etc., by syntactic context of the utterance, e.g., statement, question, and so
on. To successfully exploit prosodic information, the language-dependent characteristics
should be separated from language-independent components.

In order to use different types of information for discriminating among languages, a trade-
off between accuracy and efficiency must be considered. Design of an LID system depends
on the concrete LID task, modeling methods, and the availability of a sufficient amount of
training data. Some systems require only digitized speech and the corresponding identities
of the languages being spoken. Other systems demand the existence of an orthographic
transliteration (i. e., signal-phoneme correspondences) for each training utterance.

Ideally, the LID system should be highly accurate in identifying a language while also

e being computationally efficient,

being robust against speaker, channel, environment, and vocabulary variability,

e requiring a minimum of language-specific information for the development of the
system,

allowing a new language to be included without much effort.

2.3 State-of-the-art LID

2.3.1 Statistical LID Framework

State-of-the-art language identification systems rely heavily on pattern classification the-
ory [40, 119], one of the most challenging problems for machine learning.

Pattern classification aims to classify data (patterns) based on a-priori knowledge and a-
posteriori information extracted from the patterns. The patterns to be classified are usually
groups of measurements or observations that define points in an appropriate multidimen-
sional space. The main parts of a pattern classification system are a “feature extractor”
that computes numeric or symbolic information (features) from the input pattern and a
“classifier” that evaluates the presented evidence and makes a final decision based on the
extracted features.

Pattern classification systems work in two phases: training and recognition. During the
training phase, the system learns characteristics of the classes from the training patterns.

13
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For each class, the training patterns are analyzed and used to produce a model that is
intended to represent the class-specific characteristics. The models are then taken for the
second phase — recognition. During the recognition phase, the unknown test pattern
is compared to each model and a measure of similarity (distance) between test pattern
and reference model is computed. These distances (scores) are then used to choose which
reference model matches the input test pattern in the best way.

For the LID task, a pattern is presented by language-specific information that characterizes
a speech utterance and its classification label, i.e., language identity. The set of classes
corresponds to the set of n languages £ = {Ly,..., L,} to be identified from the speech
signal. A general architecture of an LID system based on the pattern classification is
presented in Figure 2.2.

The speech signal is represented by a sequence of vectors computed by the feature extrac-
tion component. Each individual feature vector represents relevant information from the
signal for a particular time frame. The extraction of reliable features is one of the most
important issues in all speech processing systems. In general, for a good recognizer the fea-
tures should be independent (i.e., not correlated with each other) and salient (i. e., useful
for subsequent acoustic matching). In the training mode, speech samples from a variety
of languages are used to create a set of language-specific models. In the recognition mode
(in this particular case — identification mode), the scores for all models are calculated and
the model with the the best score is hypothesized.

Before designing any system, it is desirable to develop a strong theoretical framework on
which the design can be based. State-of-the-art LID systems are based on the “formal
probability framework” proposed by Hazen [49] and also used for this thesis.

Let X = {¥1,...,Zr} be a sequence of T vectors which represents the spectral information

O—* Training

Train/Test Features Models

speech

signal Feature

o [
Extraction
v Hypothesized
language
O > Recognition

Figure 2.2: General LID system based on the pattern classification paradigm
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of a spoken utterance and let F = { ﬁ, cee f}} be a sequence of T" vectors which represents
prosodic information. Then P(L; | X', F) is the probability that an utterance described by
X and F was spoken in language L;.

The Maximum Likelihood (ML) approach to the problem is to choose the language which
is most likely given X and F. Viewed as maximization process, the ML decision rule can
be expressed as follows:

L* =argmax P(L; | X, F), i=1,...,n. (2.1)
Let C denote a set of all possible phoneme sequences that can represent a spoken utterance
where each sequence is of the form: C = {¢,...,cx}. The linguistic information can be

involved into the theoretical framework of the LID task by rewriting Equation 2.1 into the
following form:

L = argmaxZP(Li,C | X, F). (2.2)
tC

The probability in Equation 2.2 can be transformed into several components that are easier
to model. Using the definition of the conditional probability, Equation 2.2 is reworked as:

(2.3)

Since Equation 2.3 is the maximization process and P(X,F) does not depend on i, the
above equation can be converted into the following:

L* = argmax » P(L;,C, X, F). (2.4)
‘ C

In practical applications, a probability estimation for all possible phoneme sequences is not
tractable. The required computations can be significantly reduced by a calculation of a
single optimum phoneme hypothesis C*. If it is assumed that C* can be found independent
of the language, then the Equation 2.4 can be rewritten as

L* = argmax P(L;,C*, X, F). (2.5)

The expression P(L;,C*, X, F) represents the probability of the occurrence of several de-
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pendent events — L;,C*, X and F. Thus,

L* = argmax P(L)P(C" | L)P(X | C*, Ly, F)P(F | C*, L), (2.6)

(2

where P(L;) is the a-priori language probability and can be ignored
when only one database is used with the assumption that
all languages in the set £ are equally likely,
(speech databases used to test the LID systems usually
contain nearly equal amounts of data for each language);

P(C* | L;) is called phonotactic model and describes the frequencies of
phoneme co-occurrences;

P(X | C* L;,F) is called acoustic* model which is usually considered indepen-
dently from other components, i.e., as P(X | L;) that gives
pure acoustic probability;

P(F|C* L;) represents the prosodic model.

Formulated in this way, Equation 2.6 expresses the formal set up of the LID problem where
every component represents a distinct knowledge source used for language identification
and can be modeled independently.

This framework is nowadays commonly and successfully applied for designing LID systems.
The next sections give an overview of the approaches to automatic language identification
from the aspect of the type of information used.

2.3.2 Acoustic Systems

Purely acoustic LID aims at capturing the essential differences among languages by mod-
eling distributions of spectral features directly. This is typically done by extracting a
language-independent set of spectral features from segments of speech and using a statis-
tical classifier to identify the language-dependent patterns in such features.

The most preferred choice of spectral features is so-called Mel-Frequency Cepstral
Coefficients (MFCC). MFCC features are computed during frontend analysis of input
utterances using the following process: Segmented speech is transformed into frequency
domain based on a linear cosine transform of a log power spectrum on a nonlinear Mel
scale. The lowest 13 cepstral coefficients and their first and second derivations form the
cepstral feature vector. Additionally, noise reduction and channel normalization techniques

“In literature dealing with LID problems, a model that captures patterns of pronunciation contained
in spectral features is usually referred to as an acoustic model and corresponding LID systems are called
acoustic systems. This notation is also used throughout this thesis.
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can be applied. MFCC features are used mainly in this thesis and a detailed description
of their extraction is presented in Section 5.2.1.

The core modeling principle of most LID systems based on acoustic-phonetic information
is the same: A feature vector is assumed to be generated according to a probability density
function which is chosen depending on the specifics of the application.

The most preferred choice in many state-of-the-art acoustic LID systems are Gaussian
Mixture Models (GMM). Under the GMM assumption, the probability is modeled as
a weighted sum of multi-variate normal density (Gaussian) functions with parameters
estimated on the training data (explained in more detail in Section 3.1). The earliest
GMM LID system based on MFCC features and a maximum-likelihood decision rule was
proposed by Zissman and is described in [150]. GMM is computationally inexpensive, does
not require phonetically labeled training speech, and is well suited for text-independent
tasks, where there is no strong prior knowledge of the spoken text. On the other hand,
LID system based on GMM performs only static classification in the sense that the feature
vectors are assumed to be independent from each other and feature vector sequences are
not utilized.

To overcome this disadvantage and to capture language-discriminative information that
resides in the dynamic patterns of spectral features, other LID systems have used Hidden
Markov Models (HMM). The HMM is a finite set of states (a Markov chain of first
order), each of which is associated with a probability distribution (typically designed by
GMM). The state structure of HMM takes into consideration the sequential time behavior
of the modeled speech, while the observation probability functions capture temporal acous-
tic patterns (more information is given in Section 3.2). HMM-based language identification
was first proposed by House and Neuburg [56] who used symbol sequences derived from
known phonetic transcriptions of text for training and testing. Later experiments tried
to overcome the main problems of HMM-based LID systems: requiring of phonetic tran-
scriptions for training data and performing training on unlabeled data. The results, when
compared with static classifiers, were ambiguous: For example, Zissman [150] found that
HMM trained in this unsupervised order did not perform better than GMM while Naka-
gawa et al. [90] eventually obtained better performance for their HMM approach than for
their static system. Despite these uncertain results, the language identification commu-
nity has preferred to go in the direction of improving the performance of GMM-based LID
systems in order to meet rigid specifications in development costs.

During the last two decades, powerful algorithms for GMM structures have been proposed.

An attempt to incorporate temporal information from speech data was made by Torres-
Carrasquillo et al. [138] who proposed using the so-called Shifted Delta Cepstra (SDC)
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as spectral features for GMM systems. SDC features are created by stacking delta cepstra,
computed across multiple speech frames (the computation of SDC features is illustrated in
Section 3.1), and have become an essential part of the acoustic LID systems.

Furthermore, Torres-Carrasquillo and colleagues successfully combined SDC features with
high-order GMM [129] (2 048 densities versus the 512 used earlier). Increasing the number
of mixtures and the dimension of the feature vectors improves the performance of GMM-
based LID systems. In the same time, it is time consuming for both training and testing.
These costs can be however reduced by applying an adaptation technique from a large,
common for all languages, GMM called the Universal Background Model (UBM). The
UBM was proposed by Reynolds [114] for speaker verification and first applied by Wong
for LID [146]. Under this approach, a single background GMM is trained from the entire
training data and language-dependent models are adapted from the resulting UBM using
the language-specific portions of the data.

Further refinement of GMM was achieved by Matejka et al. [83] using discriminative train-
ing criteria called Maximum Mutual Information (MMI). Here, an initial set of models was
trained under the conventional maximum likelihood framework, which aims to maximize
the overall likelihood of training data given the transcriptions. Then these models were
discriminatively re-trained with the MMI objective function that maximizes the posterior
probability of correctly recognizing all training utterances. That there is a clear advan-
tage of the MMI over the standard maximum likelihood training framework was shown by
Burget [17].

In parallel to the improvements of the estimation of GMM parameters, additional methods
were proposed for increasing the quality of frontend processing. Since LID performance
can be highly affected by speaker and channel variability, several attempts were made in
order to reduce this source of influence:

e The RASTA (RelAtive SpecTrAl) filtering of cepstral trajectories, proposed for LID
by Zissman [151], is used to remove slowly varying, linear channel effects from raw
feature vectors.

e Vocal-Tract Length Normalization (VTLN) performs simple speaker adaptation as
it is used in speech recognition [31]. Nowadays, after Matejka et al. [83], VTLN is a
commonly used normalization technique for the LID task.

e Factor analysis techniques (Latent Factor Analysis (LFA) and Nuisance Attribute
Projection (NAP), proposed by Vair et al. in [139]) are used to remove undesired
variation coming from a low-dimensional source. Application examples in the model
and the feature domain can be found, e. g., in [27, 28, 29, 137].
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e Eigen-channel adaptation (in the feature domain) is used to compensate features in
channel mismatch. The technique was introduced by Kenny [64] for speaker recog-
nition and then adopted by Burget et al. [18] and used by the same authors for
LID [82]. Eigen-channel adaptation can also be used in the model domain [82]: For
each utterance both target language-specific GMM and UBM are adapted to channel
conditions of test conversation.

The approaches described above can be successfully combined as, for example, Burget
et al. did in [82]: Mean parameters of target language GMM are adapted from a UBM
using features first compensated using eigen-channel adaptation in the feature domain and
further re-estimated using MMI criterion.

GMM also have another application in performing language identification:

e GMM can be a part of a phonotactic LID system where they are used for tokenizing
the speech into a discrete sequences of indices that are then modeled by a phono-
tactic component. One such system has been presented by Torres-Carrasquillo et al.
in [138]. Phonotactic LID systems using GMM are described in the next section.

e GMM can be used as speech activity detectors by segmenting utterances into speech/
non-speech regions at the preprocessing step as was done by BenZeghiba [12]. Since
non-speech segments contain no language-specific information, Zissman [151] has
found it desirable to train and test LID systems only on active speech.

Another successful LID approach uses Support Vector Machines (SVM). The essence
of SVM lies in representing the class-separating boundaries in a high-dimensional space in
terms of few crucial points obtained from the training sample, termed support vectors. The
selection is carried out to attain a maximum-margin solution best separating the classes.
The transition from an original input space to the high-dimensional space is achieved by
applying a certain function called sequence kernel, or dynamic kernel.

A number of sequence kernels have been proposed by different authors. The kernels differ in
their feature expansion mechanism (basis function selection), feature transformations and
normalizations, and in other kernel-specific steps. Some approaches are shortly described
below:

e Campbell et al. [19] proposed a Generalized Linear Discriminant Sequence (GLDS)
kernel that was first successfully applied for speaker recognition and then similarly
implemented for the LID task [24]. The GLDS kernel performs feature expansion with
monomial bases, followed by averaging and variance normalization of the expanded
vectors.
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e The GMM super-vector kernel proposed by the same authors [21, 25] is based on
distance metrics between GMM models: First, a so-called super-vector that maps
a segment of a language to a high dimensional space is obtained by appending the
adapted mean value of all the Gaussians of a GMM in a single stream, after appro-
priate rescaling; then computed in such a way that supervectors are used as samples
for training linear SVM classifiers.

e Probabilistic Sequential Kernel (PSK) frontend, suggested by Lee et al. [68], performs
nonlinear mapping of SDC features. The PSK frontend is built upon a collection of
Gaussian densities that are trained to represent elementary speech sound units char-
acterizing a wide variety of languages. By means of this set of Gaussian densities,
the variable-length speech utterances are transformed into higher dimensional char-
acteristic vectors. An SVM then operates on these vectors to make classification
decisions.

Currently, most SVM-based LID systems adopt their ideas from GMM-based systems.
They can use MFCC and SDC features, channel and speaker-variability compensation

techniques. SVM-based LID systems show excellent classification accuracy comparable to
GMM and phonotactic LID systems described in the next section [27, 29, 82, 131, 137].

To summarize the overview of acoustic LID approaches, the following common tendencies
can be mentioned:

e the typical frontend consists of SDC and MFCC features;
e GMM and SVM are used for modeling with additional improvement techniques;

e new techniques are consistently proposed to reduce speaker and channel variability.

2.3.3 Phonotactic Systems

Phonotactic information is one of the most widely used sources in LID. It corresponds to
the constraints on the relative frequencies of sound units and their sequences in speech.
The phonotactic LID system is build on the property of each language to have specific
frequencies and dependencies between individual phones. Phonotactic LID systems are
mostly based on the so-called Phone Recognition followed by Language Modeling (PRLM)
architecture described in earliest LID publications from Zissman [150, 152], Hazen [49, 50],
and Yan [147]. One or several single-language phone recognizers serve as the frontend, and
the backend performs modeling of spoken language type. The number of recognizers is
limited only by the number of languages for which labeled training material is available.
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One of the advantages of the PRLM approach is the possibility to use a multilingual
recognizer as Hazen did in [50] as the frontend or recognizers that are trained on available
data from any language (even those not included in the identification task).

Phonotactic LID is still an active research area with two main problems:

1. The high accuracy of statistical models usually increases the complexity of models
in terms of the number of model parameters that have to be estimated. Furthermore
additional training data is required.

2. The quality of the PRLM system is influenced by the recognition accuracy of the
sound units from continuous speech.

Despite these shortcomings, phonotactic systems have high discrimination power, on the
one hand, and relative simple implementation and low system development costs on the
other.

In the following, the details of state-of-the-art phonotactic LID will be presented. They
differ from each other by the implementations of the decoding frontend and language
modeling backend.

The goal of the frontend in phonotactic LID systems is to represent the spoken utterances
as sequences of discrete “tokens” that have to cover the phones across languages in an ap-
propriate way. State-of-the-art tokenizers are based either on HMM with probability dis-
tributions modeled by GMM [8, 9, 45, 135], or on HMM/Artificial Neural Network (ANN)
hybrids [113, 117, 128]. One of the most popular recognizers is implemented by Brno Uni-
versity of Technology [128] which is based on HMM/ANN approach and is trained on the
data from the Hungarian language that has a large phoneme inventory. The tokenizer uses
ANN to estimate posterior probabilities of phones from Mel filter bank log energies using
split left and right contexts around current frame. The phonotactic LID subsystems based
on Brno’s recognizer are among the most successful ones [46, 82, 137]. Recently, powerful
phoneme recognizer was developed at the Technical University of Munich [144]. Proposed
in [144] system for continuous speech recognition uses phoneme predictions generated by a
bidirectional Long Short-Term Memory recurrent neural network that are observed by an
HMM, in addition to conventional speech features. This architecture has shown high word
accuracy for large-vocabulary continuous speech recognition in a challenging spontaneous
and noisy speech scenario that are especially important for the LID tasks.

The language modeling backend is often realized using so-called N-grams that model sub-
sequences of N items from a given sequence, where N = 1,2,.... The models are built by
collecting N-gram statistics (counts) and computing their conditional probabilities either
from phoneme strings generated by phoneme recognizers (as was done in first phonotactic
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systems [49, 85, 152]); or from the phoneme lattices that allow taking into account the
alternative phoneme recognition paths, giving useful information and improving the per-

formance [45]. Despite the fact that the complexity of N-gram models grows exponentially

with its order, current phonotactic LID systems use up to 4-grams [82].

Recently, some approaches that improve the quality of backend models of phonotactic LID

systems were implemented:

Discriminative MMI training was proposed for bigrams (N = 2) as it was done by
Kuo for speech recognition [65]: The bigram probabilities are iteratively re-estimated
using a gradient descent algorithm to optimize the MMI objective function [82].

Binary decision trees based on a single language independent tree and adapted to
individual data were proposed by Navratil [92, 93, 94] as another method for modeling
of language type in phonotactic systems [22, 82].

The high order N-grams (their usage was limited due to the great requirements
in training data) became possible with an adaptation scheme proposed for binary
decision trees and adopted to the trigrams (N = 3) based on lattice counts [46, 82].

In the case where the available training data is coming from different sources, the tech-
nique of multiple models was applied by different sites [46, 82, 137]: Instead of train-
ing one model per language, the data is clustered according to databases/dialects/etc.,
and several separate models are trained on these clusters.

An SVM classifier trained on the N-gram lattice counts coming from phoneme rec-
ognizer was used by Campbell et al. [23] and Matejka et al. [82]. In order to use
N-grams with higher order, Richardson [116] has modified this approach via an al-
ternative filter-wrapper feature selection method. These so-called keyword SVM
allowed the creation of a 4-gram SVM system that showed a significant improvement
in performance over the initial trigram system [137].

Another SVM approach, proposed by Campbell [20], is based on the so-called Term
Frequency Log-Likelihood Ratio (TFLLR) kernel. Here the frequencies of N-grams
computed within one sequence and normalized by the square root of corresponding
frequencies in the whole training set are appended in a single vector to obtain a
TFLLR kernel. A linear SVM model of a target language is trained by using the
vectors computed for each segment of the target language as positive examples and
the set of vectors of all the other language segments as negative examples [29].

Vector Space modeling (VSM) as a backend was proposed by Li et al. [71]: High-
dimensional feature vectors of phoneme N-gram probability attributes (known as
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bag-of-sounds vectors) are created for each of the phoneme sequence coming from
phoneme recognizers and then stacked to form a composite vector on which the SVM
is applied.

In general, comparing the approaches described above, the following conclusions can be
drawn:

e The phoneme recognizer from Brno University of Technology [128] is in the leading
position among existing frontends used for phonotactic LID;

e N-gram models and binary trees as backends have very similar performance, but the
trees are more efficient;

e SVM outperform standard N-grams;

e Multiple models per language are beneficial when training data represent different
dialects, groups of speakers, and/or databases.

2.3.4 Prosodic Systems

Along with acoustic and phonotactic LID systems, the prosodic information can be used to
discriminate languages. Despite the fact that infants (as Ramus has demonstrated in [112])
can use prosodic information to distinguish among languages, LID systems based solely
on prosody are relative rare. Most prosody-based LID systems capture the duration, the
pitch pattern, and the stress pattern in a language and are described below.

One of the first approaches utilizing only the prosodic information was proposed by Itahashi
et al. [58, 59] and used fundamental frequency (F0) contours of speech. In this system,
fundamental frequency and energy contours were extracted from the speech signal and
approximated via a piecewise-linear function. First, the FO contour was approximated by
a set of polygonal lines so that the mean square error between the lines and FO values
was minimized; the optimum boundaries of the lines were determined using a dynamic
programming procedure. The starting frequency, slope, and duration of each line were
calculated. Seventeen parameters, including mean values and standard deviations of the
above parameters, were used for the analysis. Then parameters derived from FO-patterns
were analyzed using principal component analysis. The system was then evaluated on
speech data from six languages. The resulting identification rates ranged between 70 and
100 %. However, test data for every language contains data from five speakers only.

Several important conclusions were drawn from the work of Thyme-Gobbel and Hutchins,
reported in [132]. The paper [132] presents probably the most thorough study of prosodic
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features for LID. The authors compared 220 prosodically motivated features that were
calculated from syllable segments represented as histograms and used for classification
with a likelihood ratio detector. The experiments involved a series of pair-wise language
classification tasks and showed the following:

e prosodic features can be useful in LID;

e fundamental frequency (Fp) generally seems to be more useful than amplitude infor-
mation;

e usefulness of individual features and their combinations varies strongly with specific
language pairs.

Comparable results were reported by Cummins [34] who pursued a more data-driven ap-
proach for the extraction of prosodic features to determine the usefulness of individual
features. The approach used Long Short-Term Memory model by applying differenced
log-FO and amplitude envelope information. It showed that automated selection of suit-
able prosodic features is feasible, but a purely prosodic set of features may lead to merely
moderate results if used as the only information source.

In addition to the small number of purely prosodic LID systems, many researchers use
certain prosodic features as a component in combination with other evidence, such as
spectral or phonotactic information. For example, Hazen has proposed an approach [49, 50]
where prosodic information was modeled assuming that fundamental frequency contours
are independent of the phone durations and the phonetic string:

e probability distributions were created to model the number of frames within a seg-
ment for each phonetic class of each language, and

e F0 and delta FO were measured for each language.

In most studies, the prosodic information is statically processed, and the frame or segment-
based likelihood score is simply accumulated over an utterance. The precise dynamics of
prosody is largely ignored. In contrast, Adami [2] proposed an approach that uses temporal
trajectories of the fundamental frequency and short-time energy to segment the speech
signal into a small set of discrete units. The segmented trajectories are then quantized
and labeled into a set of classes that describes the dynamics of fundamental frequency and
energy contours. Being an extension of the phonotactic approach, Adami’s approach takes
into account the inter-segmental dynamics.

Trying to consider the intra-segment dynamics, Obuchi introduced prosodic HMM [100]
for classifying the prosodic segments dynamically. Feature vectors are formed using the
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power, FO, and reliability of the FO estimate, computed for each frame. Since it is difficult
to obtain multi-language corpora with prosodic labels, a data-driven clustering technique
was used to create language-dependent prosodic HMM by unsupervised training.

A similar approach, described by Nagarajan [89], proposed creating phonetic HMM of
syllable-like units. Each utterance is segmented into syllable-like units using a group delay
function of minimum phase signal. Similar syllable segments are then grouped together
and syllable models are trained incrementally. The language-dependent syllable models are
used then to perform language identification based on accumulated acoustic log-likelihoods
in a framework similar to the parallel phoneme recognition approach.

Another prosody-based LID system that uses information extracted from pitch contours
was introduced by Lin and Wang in [72]. This method utilizes the autocorrelation function
to detect vocalic segments and find pitch candidates. A Viterbi algorithm [107] is used
to find the most suitable contour path that later is approximated by a set of Legendre
polynomial coefficients and modeled by a Gaussian mixture model. The system was tested
on the pair-wise language identification task and further improved with a novel dynamic
model in ergodic topology in order to take advantage of the temporal information across
several pitch patterns [74].

Tong et al. [136], along with spectral and phonotactic features, have explored such prosodic
features as phoneme duration and pitch. For a given utterance, 11 dimensional pitch
features are extracted from each frame. GMM models for each target language are obtained
by adaptation from a universal background model (as described in Section 2.3.2 for spectral
GMM systems) that is trained on the feature vectors from all languages. The duration
component is also modeled by GMM. Duration statistics are obtained for each phoneme
resulting in a duration feature vector that has three elements representing the duration of
three states in a phoneme.

Mary and Yegnanarayana [80] hypothesized that prosody is linked to linguistic units such
as syllables and is manifested in terms of changes in such measurable parameters as fun-
damental frequency, duration and energy. The authors proposed segmenting continuous
speech into syllable-like units by automatically locating the vowel onset points (VOP) from
the Hilbert envelope of the Linear Predictive (LP) residual of the speech signal. The region
between two successive VOPs is considered as a syllable-like region, and parameters are
derived to represent duration, dynamics of Fj contour and energy variations corresponding
to each region. The direction of the Fy change, either rising or falling, is used to model
intonation characteristics. The syllabic rhythm is represented by the distance between suc-
cessive VOPs and by the duration of voiced region within each syllable-like region. Stress
is modeled using change in log energy corresponding to the voiced regions of a syllable,
along with the Fjy contour and duration features. In order to preserve temporal dynamics of
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prosodic parameters, the context of a syllable, i. e., characteristics of the preceding and the
succeeding syllable along with present one, is taken as input for a multilayer feedforward
neural network.

The investigations of speech rhythm for LID were started with hand-labeled data and fol-
lowed by automatic modeling of rhythm features from pseudo-syllabic segments utilizing a
GMDM-based classifier: So-called pseudo-syllables are derived from the most frequent sylla-
ble structure in the world, the Consonant-Vowel (CV) structure; rhythmic units matching
the CV-structure are extracted automatically using a vowel detection algorithm and then
learned using Gaussian Mixtures. The experiments were first performed by Farinas et al. on
read speech [41, 123] and then extended by their colleagues to spontaneous speech [124].
In more recent investigations, Rouas [121, 122, 125] modeled prosody dynamics by the
separation of long-term and short-term components of prosody. The long-term compo-
nent characterizes prosodic movements over several pseudo-syllables while the short-term
component represents prosodic movements inside a pseudo-syllable. Unfortunately, the
proposed approach, originally designed on read speech and showing promising results on
this data, achieved poor performance on spontaneous data.

Summarizing the results of the above described prosody-based systems one can conclude
that:

e most investigations are focused on the utilization of pitch information for the LID
task;

e prosodic cues are very useful in automatic LID in combination with spectral and
phonotactic information but still require further investigation.

2.3.5 Fusion of Different LID Systems

Most state-of-the-art language recognition systems usually consist of several individual
subsystems. A challenge is to find a combination (or fusion) technique that allows the final
system to efficiently use the complementary information of every subsystem. The main
goal is to benefit from all available cues in order to improve system performance.

Currently, several different fusion approaches have produced remarkable improvements
when compared to a single system. The basic idea behind these approaches involves ap-
plying weighting coefficients to the likelihood scores produced by individual LID systems.
One of the most straightforward fusion techniques of this type is linear score weighting
with the weights found as values with the highest performance on the development data
set. An example of such linear combination of LID systems can be found in publications
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from Wong and Sridharan [145] and Cernoky [30]. The scores in linear combination can
also be equally weighted as in the LID system from Campbell et al. [23].

Most language recognition systems use fusion that is performed using a Gaussian clas-
sification backend (as in Singer et al. [129], Torres-Carrasquillo et al. [138], Campbell et
al. [24]): The language-specific scores from all subsystems are processed through the GMM
and then converted to log-likelihood ratios for final evaluation. More recent investigations
can be found in [137].

Gutierrez et al. [48] calculated the performance confidence indexes derived from each LID
system and applied theory of evidence to perform the fusion process.

Obuchi and Sato [100] have combined the scores of primary systems using linear dis-
criminant analysis. The local identification results can also be fused using a Bayesian
framework. Under this framework, proposed by Lin and Wang [73], local decisions, the
associated false-alarm and miss probabilities are fused via a Bayesian formulation to make
the final decision. Fusion suggested by Tong et al. [136] was carried out by multiplying
the log-likelihood ratios from individual classifiers. Individual scores can also be combined
by means of a linear SVM backend to produce the final score as introduced by White et
al. [143] and later used by Castaldo et al. [29].

In contrast to the approaches described above, where the weighting coefficients are only
different for the varied subsystems, Yin et al. [148] introduced a language-dependent fusion
technique. With this technique varied weighting coefficients are applied to not only each
subsystem but also to each language. Furthermore, weighting coefficients are calculated
from the performance of all possible language pairs, which reflect the differences among
the languages.

A new fusion tool called FoCal was recently proposed by Brummer [16] and consists of a
collection of utilities that provides discriminative fusion with either

e a logistic regression objective which is stated in terms of a cost, which must be
minimized, or

e generative Gaussian backends.

FoCal will be used as a fusion mechanism for the combination of LID systems described in
this thesis and therefore will be presented in more detail in Section 5.6.

Regardless of the chosen fusion methods, the combination of LID systems which utilize
different models or features shows better final evaluation results than individual systems
and has become a standard strategy of the current state-of-the-art LID systems.
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2.3.6 Summary of Current LID Trends

Due to the steadily increasing interest in automatic LID, the intense research efforts have
resulted in significant progress over the last three decades. At the beginning, the field
of spoken language ID suffered from the lack of a common, public-domain multilingual
speech corpus that could be used to evaluate and compare different approaches. The first
multilingual database for LID research was created by the Center for Spoken Language
Understanding at the Oregon Graduate Institute (OGI)® and consisted of telephone speech
in 11 languages. The release of the OGI database published by Muthusamy in 1992 [87]
noticeably increased the volume of technical publications on LID and entailed first attempts
to compare different approaches for language identification [86, 151]. These papers not only
reported the current results on the research, development, and evaluation of LID systems
but also have shown the need for a standardized, multilanguage speech corpora available for
training and testing LID systems. Using such corpora under carefully controlled conditions
should allow the comparison of LID systems and therefore enhance the LID research.

The Language Recognition Evaluation (LRE) campaign was first performed by the National
Institute of Standards and Technology® (NIST) in 1996 and continued in 2003, 2005, 2007,
and 2009. The evaluation data mostly comes from the CallFriend corpora provided by the

7. The goal of the NIST language recognition evaluations is

Linguistic Data Consortium
to quantify performance of LID systems for conversational telephone speech using uniform
evaluation procedures. NIST provides a common base for comparison of LID systems on
a well-defined task: The participants are provided development and evaluation data and a
plan that regulates the conditions of the evaluation. The results are examined by NIST in

order to obtain a single-valued measure of the systems’ accuracy.

According to the results of the latest NIST evaluations, the most successful LID systems
consist of a combination of several spectral and phonotactic subsystems that use different
approaches:

1. LID systems based on phonotactic information use the standard PRLM approach
with one or multiple lattice decoders. The most popular one is the phoneme recog-
nizer from Brno University of Technology [128]. The phoneme sequences are modeled
then by trigrams (or up to 4-grams), support vector machines, or binary trees.

2. LID systems based on the pure spectral information that use Gaussian mixture mod-
els and support vector machines have achieved very high recognition accuracy and
have become as effective as phonotactic ones.

Shttp://cslu.cse.ogi.edu/
Shttp://www.nist.gov /speech /tests/lang
Thttp://www.ldc.upenn.edu
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It is generally believed that spectral and phonotactic features provide language cues com-
plementary to each other [129]. They are both easy to obtain, but phonotactic features,
which are more robust against effects such as speaker and channel, become a trade-off
between computational complexity and performance. In addition, phonotactic features
that cover higher level linguistic elements, such as syllables or words, carry more language
discriminative information than a phoneme. However, practical application of phonotactic
system is limited by the minimum duration of test utterances, which lies between five and
ten seconds, and therefore is highly dependent on the concrete LID task.

NIST LRE also discovered a lack of prosody-based LID systems. Though the importance
of prosodic information, such as duration and pitch, has long been acknowledged, hardly
any system among the best ones was based on prosodic features. Hence, the question of
whether prosody can be effectively used in LID systems is still open. A robust modeling
of prosodic features for the language identification task remains a considerable challenge.

2.4 Objective of the Research

As shown in Section 2.1.2, there are three major kinds of linguistic cues that can be used
by humans and machines to identify a language:

e acoustic properties of sound units (phonemes) and their frequencies of occurrence;
e phonotactic properties of phoneme sequences;

e prosodic properties such as rhythm and intonation.

Language recognition systems perform well in favorable acoustic conditions, but their
performance may degrade due to noise and unmatched acoustic environment. Prosodic
features, derived from pitch, energy, and duration are relatively less affected by channel
variations and noise [132]. Though LID systems based on spectral features outperform
the prosody-based systems, they can be combined to improve performance and gain the
needed robustness.

Meanwhile, speech rhythm is actually one of the most promising prosodic features to be
considered for LID since it may be sufficient for humans to perceptually identify some
languages. As it follows from the overview of existed prosody-based LID systems given
in Section 2.3.4, rhythm is currently the least explored information source for the LID
task. The reason is that using rhythm is not a straightforward issue, both in terms of its
theoretical definition and its automatic processing.
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Speech rhythm has been under investigation for a while, resulting in several rhythm-
oriented theories. These are given in Section 4.1. All these considerations emphasize
the potential use of an efficient rhythm model and the difficulty in its creation.

Therefore, in this thesis the speech rhythm is investigated with the idea of using it for dis-
criminating among languages. The definition of rhythm suitable for automatic processing
within a language identification system is proposed. The importance of speech rhythm for
discriminating among languages is investigated.

The basic goal of this thesis is to show how the performance of LID systems based on
spectral and/or phonotactic information can be improved by using speech rhythm. It can
be split into the following tasks:

e propose and implement LID systems based on spectral and phonotactic information
that will be used as the baseline systems;

e find a suited model for using rhythm: define basic rhythmic units and develop a
language independent approach for segmenting speech and modeling of rhythm;

e propose and implement an LID system based on rhythm;
e find a suitable method to merge individual LID systems;

e experimentally evaluate the performance of the different systems and their combina-
tions with the speech rhythm system;

e explore the impact of speech rhythm on LID tasks.
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This chapter presents in detail the methods that are used to model language-specific char-
acteristics and to classify the languages in the experiments described later in this thesis.
Gaussian Mixture Models and Hidden Markov Models are applied to model spectral prop-
erties of languages. To design LID systems based on phonotactic and rhythm information,
the N-gram models are used to model respectively sequences of phonemes and syllable-like
units. Finally, this chapter provides the description of artificial neural networks that serve
as additional post-classifiers for individual LID systems and as a fusion mechanism for
combining the results from several systems.

3.1 Gaussian Mixture Models

Recent research indicates that the most successful acoustic LID systems are based on
Gaussian Mixture Models (GMM) that classify languages using the spectral content of the
speech signal. A GMM is a probabilistic model for density estimation using a mixture
distribution and is defined as a weighted sum of multi-variate Gaussian densities:

M
p(@|A) = ZWM@% (3.1)
=1
where ¥ = xy,...,xp is an observation vector with dimensionality D,

A is a set of model parameters,

M is a number of mixture components,

w; (with ¢ =1,..., M) is a mixture weight constrained so that Zf‘il w; =1,
N; (%) with i = 1,..., M are the multi-variate Gaussian densities defined

by a mean D x 1 vector ji; and a D x D covariance matrix >; in the
following way:
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NA#) = s o5 — ) (5T - ) (3.2)

The complete GMM is then parametrized by the mean vectors, covariance matrices, and
mixture weights from all component densities. It is represented by the notation:

The GMM can have several different forms depending on the choice of covariance matrices.
The following possibilities could be used:

e one covariance matrix per Gaussian component;

e one covariance matrix for all Gaussian components in the mixture (grand covariance);

e or a single covariance matrix shared by all models in a set (global covariance).

The covariance matrix can also be full or diagonal. The diagonal covariance matrices are
widely used in speech processing systems due to the fact that diagonal covariance GMM are
computationally more efficient for training and sometimes outperform full matrix GMM.

The whole set of GMM parameters A has to be estimated during training so that it best
matches the distribution of training data. The most popular and well-established technique
available to determine the parameters of a GMM is the Maximum Likelihood Estimation
(MLE). The aim of an MLE is to find the model parameters which maximize the likelihood
of the GMM, given training data. For a sequence of T' training vectors X = 27, ..., 27,
the GMM likelihood can be found as

p(x | &) = [ pla | 0. (3.4)

t=1

where p(z; | A) is computed using Equation 3.1.  To compute the Maximum Likelihood
(ML) estimate, the iterative Expectation-Maximization (EM) algorithm is used. The basic
idea of the EM algorithm is to estimate a new model A, such that p(X | A) > p(X | A),
where A is an initial model. The new model then becomes the initial model for the next
iteration and the process is repeated until some convergence threshold is reached.

Each iteration of the EM algorithm consists of two processes:

1. In the expectation, or E-step, the expected value of the log-likelihood function is
calculated given the observed data and current estimate of the model parameters.
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2. The M-step computes the parameters which maximize the expected log-likelihood
found on the E-step. These parameters are then used to determine the distribution of
the latent variables in the next E-step until the algorithm has converged. Convergence
is assured since the algorithm is guaranteed to increase the likelihood at each iteration
where the following re-estimation formulas are used:

e Mixture weights:

T
1 R
Wi = T ZP(Z ‘ Ty, N); (3.5)
t=1
e Means: .
T Zt:]_ p(Z | xt7A)$t_ (3 6)
Ethl p@ | ft?‘/\)
e Variances: . ,
2 A
7 = Zt:TM?(Z | It_i )T .y (3.7)
> P(i | T, A)
The a-posteriori probability is given by
o w; N (T,
p(i | T, A) = —7 (7) —. (3.8)
> ket WiNe(Zt)

The critical factors in training a GMM are selecting the order M of the mixture and
initializing the model parameters prior to the EM algorithm. Using mixture models with
high number of components results in increasing of the system performance from one side
and in increasing its complexity from the other side. Different initial parameters can lead
to a convergence of the algorithm in different local maxima that may also have influence
on the recognition performance of the resulting models. The most often used methods
include:

e Initialization by randomly found parameters;

e Initialization of the GMM based on mean and variance of the feature distribution
from training data;

e Initialization of the GMM with different clustering algorithms, e. g., hierarchical EM-
clustering that is used in this thesis.

In most applications the best suitable approach is determined experimentally for a concrete
task.
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Current GMM-based LID systems utilize SDC features and show better performance than
those based on the standard MFCC [138, 83]. Since this approach was taken to repre-
sent the pure spectral LID systems in this thesis, in the following, the SDC features are
described.

SDC features

Using SDC features for the language identification is motivated by the idea of incorporating
additional temporal information about the speech signal into the feature vectors as it is
usually done in phonotactic approaches that naturally base their tokenization over multiple
frames. As Torres-Carrasquillo et al. have shown in [138], the performance of GMM-based
LID systems that use SDC features is comparable to the performance of the phonotactic
LID systems. And since GMM-based systems are computationally more efficient, they
have become one of the most popular approaches to language identification.

SDC features are obtained by stacking delta cepstra computed across multiple speech
frames. The SDC features are specified by a set of four parameters N, d, P, k (usually
denoted as N-d-P-k), where:

e N is the number of cepstral coefficients computed at each time frame,

d is the time advance and delay for the delta computation,

k is the number of blocks whose delta coeflicients are concatenated to form the final

feature vector, and

P is the time shift between consecutive blocks.

For each frame of data, MFCC are calculated based on N including cq (i. e., the coefficients
Co,C1,---,¢N—1). The components of the SDC vector at time ¢ are computed as follows:

Ac(t,i) =c(t+iP+d) —c(t +iP —d), (3.9)

where 1 = 0,...,k — 1. The computation of SDC features is illustrated in Figure 3.1.
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Ac(t,0) Ac(t,1) Ac(t, k-1)

Figure 3.1: Computation of an SDC feature vector for a given time t

3.2 Hidden Markov Models

A Hidden Markov Model (HMM) is a statistical model which outputs a sequence of symbols
or quantities. The HMM is a finite set of states, each state is associated with a (generally
multidimensional) probability distribution. Transitions among the states are defined by
a set of probabilities called transition probabilities. In a particular state, an outcome or
observation can be generated according to the associated probability distribution. Only the
emission, not the state, is visible to an external observer and therefore states are “hidden”
from the outside.

In order to define an HMM completely, the following elements are needed [107]:

e S, the number of states in a model;

e O={q,...,qs}, a set of states;

R, the number of observation symbols in the alphabet;

V=A{v.},r=1,..., R, a discrete set of possible symbol observations;

A ={as¢}, aset of state transition probabilities, where
ass = P(gs | gs), qs is a state at time ¢ + 1 and ¢, is a state at time ¢;

o B ={bs(r)}, a set of emission probability distributions, where
bs(r) = P(v, | ¢s);

o m = {7}, a set of initial state distributions, where w3 = P(g;) at time ¢t = 1;

e T’ the length of the observation sequence.

The emission and transition probabilities should satisfy the following stochastic constraints:
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¢,y >0, 1<ss<Sand Y5 =1 1<s5<S;

e b(r)>0,1<s< S, 1§7“§Rand2f:1bs(r):1, 1<s<8S.

Usually, continuous observations are used: Each observation v, is represented by the feature
vector x;. Instead of a set of discrete emission probabilities, a continuous probability density
function is used. For every state s, it is modeled by a GMM as introduced in Equation 3.1:

Ms
bo(Z) =Y we;- Ni(T | 5), (3.10)
=1

where 7 is a D-dimensional feature vector;
M, is the number of mixture components for state s;
ws,; is a mixture weight coefficient that satisfies the following:

o w,; >0,1<i<M,0<s<S5,

° Z?islws,izl,OSSSS;

To simplify the computation, the Equation 3.10 is approximated using the best mixture

component assumption:
bs(Z) ~ maxws,; - N;(Z]s). (3.11)

The Gauss probability density function N; for the mixture ¢ is represented by a mean vector
i1;, where all vector components are distributed equally and independently from each other
with one globally defined variance o:

R (€4 — f1s5.0)°
Ni(Z, fisi) = —— | [ exp (——“) , (3.12)

where Hsi = (,us,i,l, MHsi2y-- - ,,Us,i,D)-

With the notations introduced above, an HMM with continuous densities is described by

a parameter set A:
A= {ﬂ-sa Ag s'y Ws g, /_js,i}‘ (313)

Then, the probability given optimal path © of X in A is defined in the following way:

T-1

P(Xv © | A) = 7T91b91 (fl) : H a9t79t+1b0t+1 (ft-i-l)? (314)

t=1
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where O = {61,0,,...,0r} is an optimal path (with maximum probability);
0, is a state at time t according to ©.

The emission and transition probabilities always have to be multiplied. For the sake of
computation simplicity all probabilities are handled on logarithmic scale so that every
multiplication simplifies to an addition (which can be calculated faster). The negative
logarithmic counterpart for a probability is called score (or penalty). To make the com-
putation of emission probabilities easier, the logarithm is also multiplied by 20%. Thus,
the probability of the optimal path is calculated as so called negative log-likelihood score
(neglog-likelihood):

g(X,N) = —20%log P(X,0 | A). (3.15)

Using the definition of the probability from Equation 3.14, the neglog-likelihood score is
defined in the following way:

T-1 T—1
g(X,A) = —20%log g, + » (—20”logag,g,,,) + Y _(—20”log by, (Ty)). (3.16)
t=1 t=1

The expressions —202logmg, and —202logag, q,,, are called initialization and transition
penalties, respectively. The emission score is computed in the following way:

—202%log by(%) ~ —20? log <max csi - Ni(Z, ﬁ“)>

| { , 21g< 1 ﬁ ( <xd—us¢,d>2))}
=min{ —20°lo Csi=———F—p eXpl——5 5
v (U V 27T) d=1 20
Cs 4 D
= min {—202 log % + Z(ﬂﬁd - Ms7i,d)2}

(0 271') =

1
= min {—202 logcs i+ | & — fis; |2 +20°Dlog oV 27?} )

)

The expression 202D logoy/2m, which is a constant value, and the Gaussian weight
penalties —20?log cs; are usually pre-calculated. Therefore only the distances between
feature vectors and mean vectors must be computed.

In order to use such probabilistic models for the recognition process, it is necessary to
specify the parameters of the probability density functions so that the phonemes will
be identified correctly. These model specific parameters, typically mean vectors, can be
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defined using an initialization process followed by some training procedure.

The initialization and supervised training procedures require the transliterated and la-
beled speech training data as well as the phonetic lexicon for every language. Ortho-
graphic transliteration means that the signal-phoneme correspondences of the utterances
are known. Labeled data means that every sample speech file containing an utterance is
accompanied by a label file describing its segmentation on phoneme level (i.e. time infor-
mation).

The initialization starts from the definition of the model topology (the number of states,
allowable transitions). A phoneme is represented by a sequence of states. Every state
has a variable emission probability defined by a density function and constant transition
probabilities. Three-state left-to-right HMM are used to model normal phonemes and
one state is used to model silence. The first and the third state represent the transitions
to the neighboring phonemes and the middle state represent the center of a phoneme.
Figure 3.2 gives an example of this kind of model, which has a good capability of modeling
co-articulation effects.

Any phoneme sequence represented by a corresponding sequence of feature vectors is con-
structed by concatenating phoneme models. Starting from the left most state, the first
feature vector is inserted into the corresponding probability density function to calculate
the emission probability. Then, according to the possible transitions to the next state,
some new paths are opened. For every path, the state emission probability is multiplied
with the corresponding transition probability. In this way, a lattice of pronunciation possi-
bilities for the corresponding phoneme is generated. To produce pronunciation variations
of whole phoneme sequences it is possible to chain the states of phoneme models together.
A silence model precedes and follows each sequence.

Si

Figure 3.2: Structure of the phoneme model “a” and the silence model “si”
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The initialization of model parameters starts from initial state probabilities that are defined
as:

The estimation of transition probabilities a, ¢ is usually performed according to the sta-
tistical analysis of the training utterances. Thus, the a, ¢ are set to fixed values for all
models.

The main issue for the initialization process is the estimation of probability density func-
tions parameters - mixture weights c; ,, and mean vectors f[is,,. Normally the variance o
should be re-estimated too, but since in this thesis the Gauss probability density functions
use one globally defined variance, o is set to a constant value for all models. Every segment
of a phoneme has its own probability density function, for which a set of parameters must
be defined.

The goal of the initialization process is to find an initial set of such parameters for every
segment. The required labeling is performed automatically using the recognition algorithm
called Forced Viterbi algorithm [108, 107] and a phonetic lexicon. From a large amount of
labeled training data, it is possible to derive large collections of prototype feature vectors
for every phoneme. With these phoneme specific prototype collections, the initialization
algorithm based on on-line-clustering [7] is able to estimate the parameter sets for every
segment.

Initialized in such a way, parameters can be updated further by Forced Viterbi Training on
the same labeled training data. The training procedure utilizes the Maximum Likelihood
(ML) method to find the parameters that make the observed data most likely. Formally, if
A, defined in Equation 3.13, presents the model parameters, the outcome of ML estimation
can be expressed as follows:

Ay = argmax P(X | A), (3.17)
A

where the objective function P(X | A) is the likelihood of the parameters A given the
training pattern X.

To find the maximum likelihood estimates of parameters A, the Forced Viterbi algorithm
is used. The algorithm uses the “best path” approach to determine the neglog-likelihood
of the model generating the observation sequence. The likelihood measure is based on the
assumption that an HMM generates the observation sequence X = {Z,..., %7} by using
the best of possible sequences of states © = {61,065, ...,0r} of the model A.

To describe the Viterbi algorithm the following notations are used:
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/

S, S state indices,

1<t<T frame index (time step),

5i(8) local score,

g(X,A) cumulative Viterbi score,

Ay = —20?log Q.5 transition penalty from state s to &,

I, = —20? log my, initialization penalty for state s,

By(Z}) = —202log b,(¥;) emission penalty,

() predecessor state index of state s at time step .

The complete state sequence determination procedure using the Viterbi algorithm can be
stated in the following steps:

1. Initialization for t=1and 1 < s < §

01(s) = IL; + By(74)

2. Recursion for 2 <¢t<T and 1 <s< S8

&(s) = 11;15215 {00-1(s) + As.o } + Bi(Z:)
Pi(s') = argmin {0;—1(s) + As ¢}
1<s<S

3. Termination

9(X,A) = min {6r(s)}

1<s<S

Or = argmin{dir(s)}

1<s<S
4. Path Backtracking (information for a path history)
9t2¢t+1(0t+1), t:T—17T—2,,1

Once the optimal path is known, each observation vector is assigned to the state on the op-
timal path that produces it by examining the backtracking information. The re-estimation
of the parameters is performed by taking an average value in the following way:

NT&Z‘

Csi = —7
Nry’

) 1 NZ“‘”’ B}

Hsi = Ty |:?:'t~s,i7 (318)
Nrs,i —1
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where Nr, is the number of observation vectors being assigned at state s,
Nrs; is the number of observation vectors being assigned to mixture ¢
of state s (&} ~ s,1).

The Forced Viterbi algorithm as a simplified version of the Expectation-Maximization
(EM) algorithm has been proven to increase the objective function with every iteration
until it converges [104].

3.3 N-gram Models

N-grams are probabilistic models that formalize the idea of word prediction (in the case of
the language identification problem — phoneme prediction). An N-gram model predicts
the next phoneme from previous N — 1 phonemes. Such statistical models of phoneme
sequences are called language models (LMs). In the case of an LID, computing the proba-
bility of the next phoneme will turn out to be closely related to computing the probability
of a sequence of words.

More formally, the language model P(C | L;) is used to incorporate the restrictions by
which the phonetic elements {ci, ..., cx} can be concatenated to form the whole sequence
C. Using the definition of conditional probability, the following decomposition is obtained:

K
Pler,...ex | L) = [ Plex | e, enmn, Lo). (3.19)

k=1

For continuous speech, these conditional probabilities are typically used in the following
way [61]:

1. The dependence of the conditional probability of observing an element ¢, at a position
k is modeled using restriction to its immediate (N — 1) predecessor elements.

2. The resulting model is referred to as N-gram model (N is the dimensionality of the
model).

In this thesis the so-called bigram (N = 2) and trigram (N = 3) models are used. In the
case of the bigram model, the probability for element ¢; depends on its predecessor ¢ _:

P(cer | c1y v yep1) = Pler | crr). (3.20)

According to this assumption, Equation 3.19 can be rewritten to represent a bigram lan-
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guage model:

K
P(cy,... e | L) = P(ey | Lo) [ [ Plex | ce—r, La). (3.21)
k=1

For a trigram model, the probability for element ¢; depends on two preceding elements
Cp—o and cp_1:
Pcg | ey yek—1) = Plck | ch—2, Cr—1). (3.22)

Then the corresponding probability for the whole sequence is defined as:

K

P(cy,... cx | L) = P(ey | L) [ [ Plex | coar oo, La). (3.23)
k=1

The N-gram language model for language L; is obtained by computing the statistics of a
large amount of phoneme sequences. The number of occurrences of every N-gram (sequence
of N phonemes) is computed. The result is a set of N-gram histograms, one per language,
under the assumption that they are different for every language. Then the probability for
every N-gram is computed:

e for bigram
Nr (Ckfla Ck)

Nr(er 1) (3.24)

P(Ck | Ck—l) =

e for trigram
Nr(ck—2,Cr—1,Cr)

P(Ck ‘ Ck—2, Ck,1> = (325)

NT<Ck727 Clcfl)

where  Nr(ck_1,c) is the number of observed bigrams ¢;_1¢y;
Nr(cg-1) is the number of observed elements c¢_1,
Nr(cg—g,Cr_1,cx) is the number of observed trigrams cg_ocg_1¢;

Nr(cg_g,cr—_1) is the number of observed bigrams c¢;_sck_.

The probabilities for the language models are estimated from a speech corpus during a
training phase. However, due to experimental conditions, there is always a problem of
availability of training data. Most of the possible events, in our case phoneme pairs and
triples, are never seen in training [115]. As a result, the probability estimated for each un-
seen event is zero and the phoneme sequence that contain these unseen events cannot pos-
sibly be hypothesized during the identification process. To overcome these shortcomings,
some sort of “smoothing” has to be applied to make sure that each probability estimate is
larger than zero [97]. The easiest ways of “smoothing” are initializing each histogram with

42




3.4. Artificial Neural Networks

an arbitrarily chosen minimum value and modeling of not observed bigrams (or trigrams)
with the help of unigram models [98].

The influence of using the language model on the performance of the LID system is very
much dependent upon the amount of available training material, upon the number of pho-
netic classes that represent the elements of C, and also upon how accurately C' represents
the underlying string of phonetic elements.

3.4 Artificial Neural Networks

An artificial neural network (ANN) is an information processing system and configured
for a specific application (such as pattern recognition or data classification) through an
automated learning process. An appropriately trained neural network can be thought of
as an “expert” in the category of information it has been given to analyze and can be very
useful for classification or identification type tasks on unfamiliar data.

An artificial neural network (or connectionist model) [14, 81, 118] is an interconnected
group of artificial neurons (simple, non-linear, computational elements) that uses a math-
ematical or computational model for information processing. The artificial neuron (also
called “node”) receives one or more inputs, sums these, and produces an output after
passing the sum through a (usually) non-linear function known as an activation or transfer
function. The general structure of the artificial neuron is presented in Figure 3.3. It consists
of the N inputs, labeled zq,xs, ..., 2y, which are summed with weights wy, ws, ..., wy,
thresholded, and then compressed to give the output y, defined as:

y=1 (Z WiTs — ¢> ) (3.26)

where ¢ is an internal threshold or offset and
f is an activation function.

To implement an ANN, one should define the network topology. The so-called feedforward
networks have an appropriate structure for classification tasks. A feedforward neural net-
work, which is one of the most common neural network types, is composed of a set of nodes
and connections. The nodes are arranged in layers. The connections are typically formed
by connecting each of the nodes in a given layer to all neurons in the next layer. In this
way, every node in a given layer is connected to every node in the next layer.

As the most popular structure for a neural network classifier, a so-called Multi-layer per-
ceptron (MLP) is used. It has three layers - an input layer, a hidden layer, and an output
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layer. The input layer does not perform any processing - it is simply where the data vector
is fed into the network. The input layer then feeds into the hidden layer. The hidden layer,
in turn, feeds into the output layer. The actual processing in the network occurs in the
nodes of the hidden and output layer. Such an MLP is presented in Figure 3.4.

To completely specify an ANN using SENN, the following decisions are required:
e choice of the activation functions for all layers;
e crror function for output layer;

e choice of the learning algorithm.

Input Hidden Output
layer layer layer

Figure 3.4: Three-layer perceptron
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The activation function f from Equation 3.26 can be of different types depending on the
particular task for which the ANN is designed. In particular, the logistic function is used
in this thesis:

1/(1+e®).

The error function presents an objective function for the maximum likelihood method that
is used to adjust the parameters of an ANN (its weights) so that the error between the
desired output and the actual output is reduced. In this thesis a square function is used.
The square function is the sum of the squared deviations of the corresponding output and
target values:

Z(outputi — target;)?.

i

The ANN has to be trained using a set of training data. In this mode, the actual output of
a neural network is compared to the desired (target) output to compute the value of some
predefined error-function. The error value is then fed back through the network. Using
this information, the learning algorithm adjusts the weights of each connection in order to
reduce the value of the error function by some small amount. Formally, beginning with
randomly chosen starting weight vector w®, the sequence of weight vectors is constructed
by determining a search vector d’ (a unit vector) and a step-length 1’ (a real number) at
each point w' and computing the next iteration according to

wt =w' + ' d (3.27)

The learning procedure tries to minimize the observed objective function for all processing
elements. This global error reduction is created over time by continuously modifying the
input weights until an acceptable network accuracy is reached. In this case it is possible
to say that the network has learned a certain target function.

The learning procedures usually differ in the choice of parameters d* and n* and use the
gradient of the error function to determine the search direction d’. The gradient of the
error function £ with weight vector w® of length L is defined as vector of partial deriva-
tives: VE = g—i, cee ;TEL> and points in the direction of steepest ascent of the error
function. In this thesis the so called on-line Back Propagation method is used. It takes
as search direction the approximation of the negative gradient of the error function. More

information about this learning technique can be found in [14, 81].
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The main focus of this chapter is to address the question of rhythm variation in different
languages. First, a number of previous studies is presented in order to find a promising
measure of speech rhythm suitable for automated processing. Since the existing theories
lead mostly to controversial results, Section 4.2 comes up with a new definition of rhythm.
According to the definition, two different algorithms for segmentation of speech utterances
into rhythmic units are proposed, resulting in several types of rhythmic features. Finally,
Section 4.4 provides a description of modeling techniques that are used to incorporate
rhythm features into language identification systems.

4.1 Rhythm Theories

4.1.1 Rhythm Perception

Speech is perceived as a sequence of events, and the expression “rhythm” is used to refer
to the way these events are distributed in time. Rhythm can be defined as a systematic
organization of prominent and less prominent speech units in time. Prominence of these
units is expressed by higher fundamental frequency, higher duration and /or higher intensity.

The perception of speech rhythm has been a subject of interest among linguists for decades.
This interest comes from the observation that languages have different types of rhythm. For
example, Lloyd James [60] has detected that the English language has a rhythm similar
to “Morse code”: It can be divided into more or less equal intervals of time, each of
which begins with a stressed syllable. In contrast, languages such as French have so-
called “machine-gun” rhythm: Individual syllables are perceived to be of nearly equal
duration and therefore occurring at regular time intervals. In addition, since French does
not have lexical word stress, there are no notable fluctuations of pitch or amplitude to
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lend prominence to individual syllables. Thus, according to MacCarthy [77], “continuous
French spoken fluently by native speakers conveys the general auditory impression that
syllables in each group ... are being uttered at a very regular rate.”

As it was shown in Section 2.1.3, human listeners are able to categorically perceive different
types of rhythm. The next sections give an overview of the studies in speech rhythm. The
aim of these studies is to find measurable regularities or properties of the speech signal
that can predict listeners’ classification of rhythm types.

4.1.2 Rhythm Class Hypothesis

The observations of the rhythmic organization of the world’s languages were summarized
by Pike [103] and Abercrombie [1]. They proposed so-called rhythm class hypotheses.
Pike [103] suggested that two types of speech rhythm exist: One is due to the recurrence
of stresses, while the other one is due to the recurrence of syllables, giving the terminol-
ogy “stress-timed” and “syllable-timed”. The languages with stress-timed rhythm show
patterns of equal duration between stressed (prominent) syllables, whereas syllable-timed
languages have syllables of equal duration.

Abercrombie [1] generalized this assumption and further claimed that all languages can
be classified into one of these rhythmic classes: syllable-timed languages (such as English,
and Russian) and stress-timed languages (such as Arabic, French, Telugu, and Yoroba).
Additionally, the hypothesis says that rhythmical structure is based on the isochrony of the
corresponding rhythmical units, that is, the isochrony of stresses for the former category
and the isochrony of syllables for the latter. The theory also claims that the two rhythm
categories are mutually exclusive and that every language is characterized by either one or
the other of these two types of rhythm.

According to Abercrombie, the rhythm of a language is related to the physiology of speech
production and can be defined as a combination of chest pulses and stress pulses. Based
on these notions, the rhythm classes are characterized as follows:

stress-timed languages:

e stress pulses are equally spaced — chest pulses are not;

e no isochrony between inter-stress intervals can be measured;

syllable-timed languages:

e chest pulses are equally spaced — stress pulses are not;

e no isochrony between syllable durations can be measured.
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Ladefoged [66] later proposed a third rhythmic class, called mora-timed, for languages
such as Japanese and Tamil, where rhythm is determined by units smaller than syllables,
known as morae. Traditionally, morae are sub-units of syllables consisting of one short
vowel and any preceding onset consonants. In mora-timed languages, successive morae
are said to be nearly equal in duration, which makes these languages more similar to
syllable-timed than to stress-timed ones [47].

4.1.3 Problems of the Isochrony Theory

Since the 1960s, phonetic researchers have been trying to find experimental evidence of
the isochrony theory proposed by Pike and Abercrombie. The experiments [15, 37, 120]
have shown that the classification of the languages on the basis of rhythm class hypothesis
into syllable-timed, stress-timed, and mora-timed is not easy: The measurements in the
speech signal have failed to confirm the existence of different types of isochronous intervals
in spoken language. In stress-timed languages, inter-stress intervals are far from equal, and
inter-stress intervals do not behave more regularly in stress-timed than in syllable-timed
languages. Additionally, Bolinger [15] showed that the duration of inter-stress intervals
depends on the specific types of syllables they contain as well as on the position of the
interval within the utterance. Inter-stress intervals in stress-timed languages do not seem

to have a constant duration.

Trying to find evidence that the languages classified as stress-timed exhibit any more
variability of syllable duration than the languages classified as syllable-timed, Roach [120]
has established an experimental test based on two claims made by Abercrombie [1, p.98]:

(i) “there is considerable variation in syllable length in a language spo-
ken with stress-timed rhythm whereas in a language spoken with a
syllable-timed rhythm the syllables tend to be equal in length”;

(ii) “in syllable-timed languages, stress pulses are unevenly spaced”.

For the test, examples from the six languages classified by Abercrombie were recorded:
French, Telugu, and Yoruba as syllable-timed representatives and Arabic, English, and
Russian as stress-timed. The languages were examined to see if it is possible to assign
languages to one of the two categories based on the above claims.

First, the standard deviation of syllable durations for all languages was measured. The
results did not support claim (i): Syllable variation is not significantly different for stress-
timed and syllable-timed languages. To verify claim (ii), the duration of inter-stress inter-
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vals (from the onset of each syllable which appeared to be stressed until the onset of the
next one within the same intonation unit) was measured. This duration was expressed as
a percentage of the duration of the whole intonation unit to compensate for any possible
effects of change of tempo. The results of this, contrary to what would be predicted by
the typological distinction, showed greater variability in the duration of the inter-stress
intervals for the so-called stress-timed languages (especially for English) than for the so-
called syllable-timed languages. There was, furthermore, no evidence that the duration
of inter-stress intervals was any less correlated with the number of syllables which they
contained for the stress-timed languages than for the syllable-timed languages.

Similar work was done by Dauer [37] on English (stress-timed) and Greek, Italian, and
Spanish (syllable-timed). Dauer found that inter-stress intervals were no more regular in
stress-timed language than in syllable-timed one and that the mean duration of inter-stress
intervals for all languages analyzed is proportional to the number of syllables in the interval.

Isochrony in mora-timed languages was investigated by Port and colleagues [105, 106].
They provided some preliminary support for the mora as a constant time unit. While
investigating segmental timing in Japanese, the authors have demonstrated that words
with an increasing number of morae increase in duration by nearly constant increments. By
stretching or compressing the duration of neighboring segments and adjacent morae it was
found that the duration of a word stays very close to a target duration that depends on the
number of morae in it. These, however, contradict the results of other researchers [10, 53]
that questioned the acoustic basis for mora-timing. Beckman [10] examined a preliminary
corpus of utterances used in the development of synthesis rules for Japanese but did not
reveal the tendency toward moraic isochrony. Hoequist [53] performed a comparative
study of duration characteristics in Spanish (syllable-timed) and Japanese (mora-timed)
that confirm the absence of a strict isochronous rhythm but yield evidence fitting a less
strict hypothesis of rhythm categories.

Despite the contradictory conclusions of these experiments, many linguists agree that the
principle of isochrony can underlie the rhythm of a language even if it is not demon-
strated experimentally from a phonetic point of view. Couper-Kuhlen [32] and Lehiste [69]
have tried to regard isochrony primarily as a perceptual phenomenon. The perception of
isochrony on either syllabic or stress level is dependent upon the human cognitive tendency
to impose rhythm, upon things occurring with some resemblance of regularity, such as a
clock ticking, the sound of footsteps, or the motion of wind-shield wipers. It was pointed
out that because differences in duration between stress or syllables are well below the
threshold of perception, humans still perceive the unit to be recurring isochronously even
though the principle cannot be proven quantitatively.

Other attempts were made by Beckman [11] and Laver [67] which retreated from “sub-
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jective” to “objective” isochrony. These researchers described the physical regularity of
isochrony as a tendency: True isochrony is assumed to be an underlying constraint, and
the surface realizations of isochronous units are perturbed by the phonetic, phonological
and grammatical characteristics of the language. A scalar model of speech rhythm, pro-
posed by Laver [67] with two (hypothetical) languages at the two extremes of the rhythm
scale, should be able to account better for the observable facts than the traditional di-
chotomous distinction. Such a model should make it possible to find the place of a given
language on the rhythm scale with reference to, for example, English or French.

4.1.4 Other Views of Speech Rhythm

A new proposal for rhythm classification was suggested by Dasher and Bolinger [36]. Ac-
cording to them, the impression of different types of rhythm is the result of the coexistence
of specific phonological phenomena such as variety of syllable types, the presence or ab-
sence of phonological vowel length distinction, and vowel reduction. Along this line of
research, Dauer [37], analyzing stress-timed and syllable-timed languages, has emphasized
a number of different distinctive properties among them:

e Syllable structure: Stress-timed languages have a greater variety of syllable types
than syllable-timed languages. As a result, they tend to have more complex syllables.
In addition, this feature is correlated with the fact that in stress-timed languages,
stress most often falls on the heaviest syllables, while in syllable-timed languages
stress and syllable weight tend to be independent.

e Vowel reduction: In stress-timed languages, unstressed syllables usually have a re-
duced vocalic system (sometimes reduced to just one vowel, schwa), and unstressed
vowels are consistently shorter, or even absent.

In Dauer’s view, the different properties mentioned above could be independent and cumu-
lative: All languages are more or less stress-based. The more typical stress-timed language
properties a language presents, the more it is stress-timed, and the less it is syllable-timed.
Dauer thus suggested a continuous unidimensional model of rhythm, with typical stress-
timed and syllable-timed languages at either end of the continuum.

In a more recent publication [38], Dauer defined rhythm as “the grouping of elements into
larger units”, where “elements that are grouped are syllables”. In this case there should
be an instrument that serves to mark off one group of syllables from another. Dauer
hypothesized that linguistic accent can be a basis of rhythmic grouping. However, since
“all languages have rhythmic grouping, but that not all necessarily have accent”, rhythm
is then defined as a total effect which involves a number of components, namely:
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e syllable and vowel duration;

e syllable structure and quantity as major factors responsible for length;
e intonation and tone as means of achieving pitch distinctions;

e vowel and consonant quality;

e function of linguistic accent.

In [38], a rating system was developed, according to which each component is broken down
into “features”, and each feature is assigned a plus or a minus value (or sometimes zero).
In this way, a relative rhythm “score” for a given language is obtained: The more pluses a
language has, when assessed in terms of the above components, the more likely it is that
the language has “strong stress” and that it is stress-timed.

Another view of speech rhythm that differs from Dauer’s continuous system was offered
by Nespor [96]. Nespor questions the dichotomy between syllable-times and stress-timed
languages by presenting languages that share phonological properties of both types. E. g.,
Polish has been classified as stress-timed but does not exhibit vowel reduction at normal
speech rates, and at the same time has a great variety of syllable types and high syllabic
complexity, like stress-timed languages. Catalan that has the same syllabic structure as
Spanish, and thus should be syllable-timed, also has vowel reduction like stress-timed
languages. For such languages, one would like to know whether they can be discriminated
from syllable-timed, stress-timed, both, or neither. The rhythm class hypothesis, in its
current formulation, would hold only if they clustered along with one or the other language

group.

The results of the discussion about rhythm classes at the beginning of the 1990s can be
summarized by following statements:

e “numerous experiments have shown that a language cannot be assigned to one or the
other category on the basis of instrumental measurements of inter-stress intervals or
syllable durations” [38];

e rhythm is a mere perceptual phenomenon.
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4.1.5 Recent Rhythm Measurements

Despite the failure of experimental attempts to demonstrate quantifiable isochrony in
stress-timed and syllable-timed languages, some experiments on the human language dis-
crimination (a review can be found in Section 2.1.3) brought the rhythm class hypothesis
back into discussion.

Recent studies [47, 111] have demonstrated that there are quantitative rhythmic differences
between stress- and syllable-timed languages. These studies have focused on the role of
vowel duration in the two types of languages. They hypothesized that since vowels are
primarily responsible for the length of a syllable, an increased variability in vowel length
would result in greater variability in syllable length, whereas a language with little variation
in vowel length would have little overall variation in syllable length.

The first study by Ramus et al. [111] presents instrumental measurements based on con-
sonant/vowel segmentation for eight languages (Catalan, Dutch, English, French, Italian,
Japanese, Polish, and Spanish). Using recordings of five sentences spoken by four speak-
ers for each language, sentences were segmented into “vocalic intervals” and “consonantal
intervals”, defined as portions of the speech signal containing sequences of only vowels or
only consonants. Then the following parameters, each taking one value per sentence, were
calculated:

e the sum of the durations of the vocalic intervals expressed as a percentage of the
total duration of the sentence — %V;

e the standard deviation of the consonantal intervals within each sentence — AC;

e the standard deviation of the vocalic intervals — AV.

Analyzing these parameters and their combinations for different languages, Ramus and
colleagues showed that the combination of %V and AC provides the best acoustic correlate
of rhythm classes. Therefore the theory can be used to separate the three rhythmic classes.
Figure 4.1 represents the findings of Ramus et al. in symbolical way.

According to the results presented in [111], AC and %V not only support the notion of
rhythm classes, but are also directly related to the syllabic structure of a language. Having
more syllable types in language means more variability in the number of consonants, more
variability in their overall duration in the syllable, and thus a higher AC. This in turn
implies a greater consonant/vowel ratio in average, i.e., a lower %V . This assumption
is supported by the placement of different languages on the (%V, AC) scales: English,
Dutch, and Polish are at one end of the scales and have more than 15 syllable types, and
Japanese is at the other end with 4 syllable types.
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stress-timed:

DU, EN, PO
A C Syllable-timed:
CA, FR, IT, SP

%V

mora-timed:
JA

v

Figure 4.1: Duration of vocalic intervals as percentage of total duration (%V') and stan-
dard deviation of consonant intervals (AC') for Catalan (CA), Dutch (DU), English (EN),
French (FR), Italian (IT), Japanese (JA), Polish (PO), and Spanish (SP) reproduced sym-
bolically from Ramus et al. [111]

Investigations of AV have shown that its value reflects the sum of several phonological
factors that influence the variability of vocalic intervals:

e vowel reduction (as in Catalan, Dutch, and English);
e contrastive vowel length (Dutch and Japanese);
e vowel lengthening in specific contexts (Italian);

e existence of certain vowels that are significantly longer as other (English and French).

Thus, AV provides some information about the phonology of languages. At the same time,
the AV scale shows no relation to the usual rhythm classes but suggests that Polish (but
not Catalan) in some aspects is very different from the other stress-timed languages. This
is consistent with finding of Nespor [96]. New experiments are needed to clarify whether
AV plays a role in rhythm perception.

The perceptual experiments that directly test the notion of rhythm classes, the simulations
predictions, and the question of intermediate languages were performed by Ramus et al.
later and presented in [110]. Human language discrimination between Catalan and Polish
and reference languages like English and Spanish was performed using a speech re-synthesis
technique [112] to ensure that only rhythmical cues are available to the subjects. The
results were compatible with the rhythm class hypothesis and Catalan was identified as
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syllable-timed. Polish, however, seems to be different from any other language studied and
thus constitutes a new rhythm class.

In a related study, Grabe and Low [47] tried to find the relationship between speech timing
and rhythmic classifications of languages that fell under the traditional categories of stress-
timed and syllable-timed. Departing from the search for isochrony, the authors measured
the durations of vowels and the duration of intervals between vowels (excluding pauses) in a
passage of speech. To estimate the amount of duration variability in a language, the authors
proposed a so-called “Pairwise Variability Index” (PVI) which does take the sequential
variability into consideration by averaging the duration difference between consecutive
vowel or consonant intervals. The raw Pairwise Variability Index (rPVI) was used for
consonantal intervals and is defined as:

rPVI =

Z_ |y, — dpq1]/(m — 1)] ; (4.1)

k=1
where m is the number of intervals and d}, is the duration of the k-th interval.

For vocalic intervals the rPVI was normalized to correct the changes in speaking rate. The
normalized PVI (nPVI) is calculated in the following way:

m—1

nPVI =100 x [Z

k=1

di — dp41
(di + diy1)/2

[ fn - 1)] | (12)

Calculated in this way, the pairwise variability index expresses the level of variability in suc-
cessive measurements. More intuitively, a sequence where neighboring measurements tend
to have a larger contrast in duration would have a larger PVI. A sequence of measurements
with low contrast in duration would have a lower PVI. Thus, the stress-timed languages
would exhibit high vocalic nPVI and high intervocalic rPVI values, and syllable-timed
languages would have low PVI values.

Grabe and Low used PVI to provide evidence for rhythmic classification of eighteen lan-
guages (one speaker per language) traditionally classified as stress-timed, syllable-timed,
mora-timed, mixed, or unclassified. It was determined that the duration variability of vow-
els is in fact quantitatively greater in a stress-timed language than in a syllable-timed one.
This can be explained by the compression and expansion of syllables in stress-timed lan-
guages that lead to the higher average difference in duration (in comparison with syllable-
timed languages).

The results obtained (presented in Figure 4.2) agree with the classification of Dutch, En-
glish, and German as stress-timed and French and Spanish as syllable-timed. Values for

55




Chapter 4. Speech Rhythm

stress-timed:
DU, EN

mora-timed:
JA

syllable-timed:
FR, SP

nPVI

A
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Figure 4.2: PVI profiles from prototypical languages Dutch (DU), English (EN), French
(FR), Japanese (JA), and Spanish (SP), reproduced symbolically from Grabe and Low [47]

Japanese, a mora-timed language, were similar to those from syllable-timed languages.
Previously unclassified languages (e.g., Greek, Mandarin, Romanian, Welsh) did not fit
into any of the three rhythm classes — their values overlapped with the margins of both the
stress- and syllable-timed group. In addition, the results illustrated a continuum within the
categories of stress-timed and syllable-timed languages. For example, French and Spanish
are on the low end of the pairwise variability index range for syllable-timed languages,
while Singapore English and Tamil are on the high end; thus French and Spanish may
be said to be more strongly syllable-timed than Singapore English and Tamil. However,
Grabe and Low’s results should be considered as preliminary. The conclusions made on
data from only one speaker per language have to be verified using more data from different
speakers.

Grabe and Low also tried to replicate the findings of Ramus et al. [112] on their data and
came to significantly different results that do not support the cluster hypothesis introduced
in [112]. In a later work, Ramus [109] suspected that, among other factors (e.g., speaker
typical influence), the not well controlled speech rate could be the reason for contradictory
results.

A number of proposals for rhythm metrics that tried either to verify the proposals of Ramus
et al. and Grabe and Low or to improve their measures have been published. The following
is a quick summary of some of these approaches:

e Extension of the PVI measure, that takes the consonant and vowel interval together,
thus capturing the varying complexity of consonantal and vowel groupings in se-
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quence, was suggested by Barry et al. [6].

e An attempt to use the coefficient of variation of vocalic and consonantal intervals
rather than the standard deviation in Ramus et al. measures was made by Dellwo
and Wagner [141].

e Applying the PVI on the level of the foot as well as on the level of the syllable has
been proposed by Asu and Nolan [4].

e Control/Compensation Index which gives a relative measure of the PVI to the num-
ber of segments composing each consonantal or vocalic interval was proposed by
Bertinetto and Bertini [13].

A series of experiments were designed in order to investigate the influence of speech rate
on the rhythm of different languages. They have shown that different rhythm measures
are to a great degree dependent on the overall speech rate of utterances:

e Barry et al. [6] have shown that AC' and AV measures decrease with an increase in
speech rate and nPVI does not normalize for speech rate;

e Dellwo and Wagner [39] came to a similar conclusion regarding the behaviour of AC
and found that %V is constant over all speech rates.

The usefulness of these various measures seems to be dependent on the task for which they
are employed. They give only a crude intuition into the way in which rhythmic structures
are realized in different languages. In [51], Hirst has shown that some of the rhythm
measures are more sensitive to the rhythm of the text than to the rhythm of the utterance
itself. The main conclusion of his work was the need for more detailed studies using large
corpora in order to develop more sophisticated models.

Such an attempt was made recently by Loukina et al. [75] who applied already published
rhythm measures to a large corpus of data to test whether they can reliably separate
languages. To avoid inconsistencies introduced by manual segmentation of data, a sim-
ple automatic segmentation into consonant-like and vowel-like regions was applied. The
authors tested different combinations of 15 rhythm measures building classifiers that are
based on single measures, on two or three measures, and multidimensional classifiers (up
to 15 rhythm measures). The following general conclusions were made:

e some rhythm measures perform better than others and their efficiency depends on
the languages they have to separate;
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e within-language variation of the rhythm measures is large and comparable to the
observed between-language variations;

e different published measures capture different aspects of rhythm;

e rhythm appears to be described sufficiently by two dimensions (significant improve-
ment from using more than two different rhythm measures has not been observed)
and results of different pairs of rhythm measures were comparable;

e investigation of the speech rate has shown that it cannot separate languages on its
own, but it is definitely one of the variables in the ‘rhythm equation’ and should be
included in any model of rhythm.

4.2 Proposal of Rhythm Definition

This thesis deals with rhythm and the modeling of rhythm from the point of its application
in a language identification task. As it appears from the previous section, a satisfying
definition of speech rhythm, as well as a perceptual evidence for rhythm class hypothesis,
has not yet been found.

Nevertheless, it is commonly agreed that rhythm is related to the duration of some speech
units. Most linguistic studies of speech rhythm support an assumption that a rhythmic
unit corresponds to the syllable combined with an optional stress pattern. The idea of
using a syllable as an appropriate rhythm unit has also been supported by Nooteboom in
a reiterative study [99] that has shown how rhythm of speech utterances can be imitated
by a sequence of identical nonsense syllables. At the same time, Dauer [38] has mentioned:
“Neither “syllable” nor “stress” have general phonetic definitions, which from the start
makes a purely phonetic definition of language rhythm impossible. All instrumental studies
as well as all phonological studies have had to decide in advance where the stresses (if any)
fall and what a syllable is in the language under investigation in order to proceed”.

Another question, which still has to be clearly identified, is related to the actual role of
the syllable: whether the important feature is the syllable itself (as a linguistic unit) or
its boundaries (as milestones for the segmentation process). This thesis follows the second
assumption.

In order to use speech rhythm for the language identification task, the following is proposed:

e to investigate syllables as the most intuitive rhythmical units,

e to model speech rhythm by the durations of two successive syllables.
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A theoretical confirmation of this idea can be found in a recently proposed method for
visualization of rhythmical structures in speech (Wagner, [140]). Wagner has shown that
rhythmic events can be described by two-dimensional scatter plots spanned by the duration
of successive syllables obtained by manual segmentation of speech. This method is able
to show the clear distinctions between stress-timed and syllable-timed languages while
pointing out inter- and intra-group timing differences at different prosodic levels.

Besides the problems related to the efficient definition of rhythm, there are unanswered
questions concerning an appropriate treatment of speech rhythm for language identifica-
tion. These can be articulated as follows:

e how to automatically segment speech into suited rhythmic units, and

e how to develop a language independent approach for rhythm modeling.

The segmentation of speech into syllables suited for a language independent approach
means an automatic extraction of syllables (in particular, boundary detection). The main
problem here is that syllable boundaries cannot be detected, because they are often found
between consonant clusters, where automatic segmentation is difficult. Furthermore, seg-
menting a speech signal into syllables is a language-specific task that requires a set of
syllables to be provided for each new language investigated.

To overcome this problem, a syllable is replaced by the so-called syllable-like unit that is
presented in the next section.

4.3 Extraction of Rhythm Features

In order to create a language independent algorithm for segmentation of speech into rhyth-
mic units, the notion of syllable (more precisely its duration) is substituted by an abstract
syllable-like event that can be defined in two different ways:

1. A syllable is replaced by a so-called “pseudo-syllable” and the duration of a pseudo-
syllable is taken to represent a rhythmical unit. The notion of a pseudo-syllable was
first introduced by Farinas et al. [41] and is explained in Section 4.3.1.

2. A syllable is specified as a time interval between two successive vowels found using
an algorithm for automatic vowel detection as described in Section 4.3.2.
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Figure 4.3: Consonant/Vowel segmentation of the German word “Aachen”

4.3.1 Pseudo-syllable Segmentation

The notion of pseudo-syllable proposed by Farinas et al. [41] was derived from the most
frequent syllable structure over the world’s languages, namely the C'V structure, where C'
denotes a consonant and V' denotes a vowel. The pseudo-syllable is defined as a pattern
C™V with n being an integer that can be zero. The segmentation into pseudo-syllables
using the German city name “Aachen” (presented graphically in Figure 4.3), as an example,
looks like the following:

(a: .xz.Qn) = V.CV.C = V.CV

According to [41], the rhythm unit that corresponds to a pseudo-syllable is defined as
a triple consisting of duration of consonantal part, the duration of vowel part, and the
number of consonantal segments.

Unlike [41] where the C™V structure of pseudo-syllable was used as a rhythm feature, in
this thesis the potential of the duration of the pseudo-syllable itself is explored as a feature
for LID and is defined as the total duration of its consonant and vowel parts.

Applying pseudo-syllables, the automatic language independent algorithm for rhythm fea-
ture extraction can be easily derived using a consonant-vowel segmentation mechanism.
This approach needs no language-specific knowledge concerning syllables. Segment bound-
aries are always at vowels, which can be detected more reliably.
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l Input utterance

Phoneme recognition

Phoneme sequence with
! corresponding durations

Consonant/vowel segmentation

Pseudo-syllables generation and
computing their durations

Sequence of pseudo-
v Syllable durations

Figure 4.4: Extraction of pseudo-syllable durations

For segmentation, a HMM-based phoneme recognizer which outputs not only the sequence
of recognized phonemes but also the timing of the state sequence given during the Viterbi
decoding process is used. More information about HMM based phoneme recognizers can
be found in Section 3.2. The temporal ending points of the vowels are determined by the
timing of the last state of each vowel. In order to have a language independent approach,
a multilingual HMM was created for a united set of phonemes from all languages in the
task.

The rhythm feature extraction procedure is performed in several steps (presented in Fig-
ure 4.4):

e The input signal is transformed into a sequence of phonemes with corresponding
phoneme durations using a language independent phoneme recognizer realized by a
multilingual HMM.

e The phoneme sequence is converted into a consonant-vowel sequence.

e According to the notion of the pseudo-syllable, the consonant-vowel sequence is
parsed into patterns matching the structure C™V. For the resulting sequence of
pseudo-syllables the corresponding durations ds are computed.
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4.3.2 Vowel Detection

The basic idea of this method is to measure the time elapsed between two successive vowels
and interpret it as the duration of the syllable-like unit.

Over the last several decades, plenty of effort has still been directed to the problem of
automatic detection of vowels, showing that it is still far away from being solved. Since
the vowel detection task itself is outside the scope of this thesis, the corresponding details
are omitted here. A survey of the existing techniques can be found in [57].

The vowel detection approach is also used as automatic rhythm extraction for a rhythm
LID system as proposed in this thesis and will be compared later with the algorithm based
on pseudo-syllables from the previous section.

Positions of vowels in an utterance for this thesis are found using a signal based method
where the short time energy is extracted from speech and energy peaks are used as detection
points. This method, which is a combination of the approaches published by Pfitzinger [102]
and Narayanan [91], was originally created by Hofer [54] for duration modeling in Mandarin
connected digit recognition [3]. As presented in Figure 4.5, the method utilizes the short
time energy in the following way:

Input utterance
A

FIR bandpass filter

\ 4

Log-Energy cross correlation

\ 4

Hamming window

\ 4

Peak picking with threshold

Sequence of vowel |abels

Figure 4.5: Vowel detection algorithm
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e The input signal is filtered using a Finite Impulse Response (FIR) bandpass filter in
the frequency range from 50 Hz to 2000 Hz.

e Cross correlation in the time domain is based on the idea presented in [91] and is
performed every 10 ms on frames with a duration of 50 ms :
For z(t),z(t + 1),...,x(t + K — 1) being a frame of the input speech with length
K = 50ms the new trajectory y(t) is computed as:

y(t) = log mi ( Z_ SU(HJ)'CE(HP))

e In order to suppress possible ripples that do not contain reliable information, a Ham-
ming window with a length of 50ms is convolved with the function to achieve the
necessary smoothing.

e Local maxima that correspond to vowels are found using a threshold based algorithm
as in [54]. The algorithm picks only those maxima where the difference in value to
the surrounding local minima surpasses a certain threshold: If y(¢) is the smoothed
energy function and a and b are local maxima, then the following conditions must
hold for some threshold T

y(a) — min (y(t) > T x [max(y(8)) — min(y(0))]

and

y(b) = min (y(1) > T x [max(y(t)) — min(y(t))]

The threshold is optimized on a development data and is set to 0.01, i.e., a peak
should have at least one percent of the possible maxima.

An example of the estimated energy function with found local maxima marked by circles
is presented in Figure 4.6. The intervals between successive local maxima are taken as
durations of corresponding syllable-like units.

4.3.3 Speech Rate

As was already mentioned in Section 4.1, some studies of speech rhythm [6, 39] have
detected an interaction between speech rate and language rhythm. Moreover, Dellwo [39]
has found that some languages (for example, English and German) tend to vary in rhythm
as a function of speech rate.
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Figure 4.6: Estimated energy function and the detected positions of vowels

To verify an influence of speech rate on the rhythm properties of a language, speech rate is
defined as a number of syllables (in this particular case — syllable-like units) per second.
Speech rate is used in two different ways:

e for normalization of durations of syllable-like units (in order to exclude the influence
of the pronouncing speed on rhythmic properties);

e as a self-sufficient rhythm feature.

Speech rate is computed according to the definition proposed by Pfizinger [101]. An ut-
terance is presented as a sequence of syllable-like events S = s1...5;...5), where s; is a
boundary of a syllable-like event j. The distances between subsequent segmentation marks
falling in a window of 410ms are accumulated and divided by their number, giving the
measure for speech rate between two points L and R:

Sip1—wr wRr—Sy .
Si+1—5 + Sp41—5Sr +r—I+1 (4 3)

Siy1 —wp +wr — Sy + Z::_l1+1<5i+1 — Si)’

raterpr =

where wy, and wg are the left and the right window boundaries, S; and .S, are the left and
the right syllable-like events covered only partly by the window and that is why have to
be partially weighted. To obtain smoothing speech rate, the Hanning window is applied
as was done in [101]:
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e Normalized to one in its total surface, the Hanning window is defined as
b
/(1—Cosx)dx—[x—smx] =b—a+sina — sinb; (4.4)

e then a weighting function for a syllable-like event that starts from a and ends at b is
defined as:

U
H(a,b) :1+%,oga,bgzm (4.5)

e all boundary values should be mapped to the range from 0 to 27 resulting in the
weighting function:

Wz, y) = Hr—— L op 47 UL (4.6)
WRr — Wy, WRr — Wy,

Introducing the weighting function W defined in Equation 4.6 into the definition given in
Equation 4.3, the smoothed speech rate is found as:

S, 1—w T
—Sl;;l SZLW(U}La Si1) + 5 Rl SS W(Sg,wr) + Zl 1 W(S;, Siv1)

(A7)
Sie1 — wp +wr — Sy + 30 (Sie1 — Si)

raterpr =

4.4 Modeling Rhythm

For the language identification task, a speech utterance is modeled as a sequence of syllable-
like units S = s185...5y. The syllable-like units are found by one of the previously
presented methods: either using the notion of pseudo-syllable or using vowel detection
method.

The following possibilities are tested:

1. Language rhythm is modeled via durations of successive syllable-like events.
Assigning to each syllable-like event s; its duration

dj = sj41 — Sj, (4.8)

the utterance is represented as a sequence of durations D = dy, ds, ..., dy;.

According to Equation 2.6, the most likely language with respect to prosodic infor-
mation can be found as follows:

L* = argmax P(D | L;). (4.9)
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For each language L; (i = 1,2,...,n), the likelihood P(D | L;), which measures how
likely it is that underlying model of language L; generates the data sample defined
by D, is calculated using Bigram approximation:

P(D | L;) = P(dy,da,...,dy | L)

M
= P(dy | L) [ [ P(d; | dj—r, - ., dar, L)
j=2
M
P(dy | L) [[ P(d; | djs, L) (4.10)
7j=2

Using the definition of conditional probability:

P(d;d; 1 | L)
P(d; | d;_1, L;) = = , (4.11)
’ ’ ( j—1 | LZ)
Equation 4.10 can be further transformed in the following way:
M
P( L;
P(D|Lz) dllL H d]?d] 1’ )
j= J 1 | L)
M
o, P(dj,dj—1 | L;
%P(d1|Li) Hg_z (JMJ 1‘ )
P(dy | Li) [Tj=3 P(dj-1)
M
o P(dj,d;—1 | L;
%H],Q (J Jl| ) (4.12)

[1;15 P(dj—y | Li)

During preliminary experiments it was found that the durations of syllable-like units
themselves do not contain language discrimination information. In this case the
denominator Hj‘i?) P(d;_y | L;) can be omitted, and the rhythm likelihood can be
defined using the joint probability of a duration pair for neighboring syllable-like

units, i.e.
M—1

P(D | L;) = H P(dj, dji1 | Li). (4.13)

j=1

Rhythm systems based on conditional and joint probabilities, as defined in Equa-
tions 4.10 and 4.13 respectively, were trained and evaluated. Although conditional
probabilities model the whole timing structure of the syllable-like sequence better,
it was discovered that the system based on the joint probabilities yields better re-
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sults. Therefore is was decided to use joint probabilities and to model rhythm via
the durations of two successive syllable-like units:

P(dj, dja | Li).

The segmentation into syllable-like events is performed with a language independent
analysis of the signal, which provides a single estimated sequence D for each utter-
ance. Thus the resulting probability score sg(D | L;) does not need to be normalized
when language-specific scores derived from the same utterance are compared.

To simplify the computation, the neglog-likelihood score sg(D | L;) is computed.
This allows approximating multiplication by summation:

sr(D | Li) = —log(P(D | L;))

M-1
= —log([] P(dj,dj11 | Ly)
=1

M-1

~ =Y log P(dj,djy | Li)) (4.14)

Jj=1

The language is classified with a pseudo maximum likelihood method:

~

L = argminsg(D | L;), (4.15)

L;

where sg(D | L;) is defined by Equation 4.14.

. Language rhythm is modeled via normalized durations of successive
syllable-like events.

For every syllable-like unit from the sequence S = s1s5... ), the corresponding
duration d; is computed according to Equation 4.8. The speech rate r; ;1 is estimated
as the mean value of speech rates for two neighboring events

i = (T —15)/2,

where 7,41 and r; are computed using Equation 4.7.
Then the durations are normalized as follows:

d?OTm = dj *Tj 541 (416)

Language-specific rhythm scores s (D" | L;) for the sequence
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Drorm = dyerm dyerm oo dy™™ of normalized durations of syllable-like events are
computed according to Equation 4.14, and a language is hypothesized as:

L = argmin s (D"™"™ | L;). (4.17)

L;

Language rhythm is modeled via speech rate.

Each syllable-like unit from sequence S = syss ... sy, is associated with speech rate
rji+1, computed as described above and giving a sequence R = r19,723,...,"p—1,Mm-
Then a simple probability model P(r; 41 | L;) for each language L; (i = 1,2,...,n)

is built. The language-specific score s%(R | L;) is computed as

M-1

SR | L) = = ) log P(rj s | Ly) (4.18)

j=1

and the recognized language is found according to the rule:

L = argmin s5%*(R | L;). (4.19)

L;
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This chapter describes the design of all LID systems presented in this thesis. First, a general
architecture of LID systems is presented based on the structure illustrated in Figure 2.2.
Then, the subsequent sections provide descriptions of different LID systems based on the
different types of information extracted from the speech signal. Section 5.5 introduces the
measures of the recognition performance used to compare LID systems. Finally, Section 5.6
presents the scheme for combination of the results from different systems.

5.1 General Architecture

LID systems presented in this thesis are designed for the language identification of a spoken
utterance from a given set of languages. This means that during testing a system is able to
identify a language that was contained in the training set. Thus, using the system for the
set of languages of interest requires the existence of available training material (depending
on the approach transliterated or not) for every language from the set.

Every LID system operates in two phases: training and recognition. During the training
phase, the language-specific models are created for all languages in the task according to
the particular approach. During the recognition phase, the following is performed:

1. The system receives as input the speech waveform which consists of sample data
taken at a rate of 8 kHz.

2. The digitized acoustic signal is converted into a compact representation (sequence of
feature vectors) that captures the particular characteristics of the speech signal.

3. The sequence of feature vectors proceeds through all language-specific models. This
produces probabilities that show how likely the models giving the input utterance
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presented by these features are.

4. The system decision is made either according to the maximum likelihood rule or by
using an ANN classifier.

Using the maximum likelihood rule as defined in Section 2.3.1 means that a language
with maximum likelihood produced by language-specific models is taken as the LID result
(answer of the LID system). When the models produce scores (neglog-likelihoods), the
language with minimum score is taken as the identification result.

The likelihoods are created by independently trained models that result in a loss of their
discriminative power. This disadvantage is overcome by using an ANN optimized to ap-
proximate the probability distribution over output classes conditioned on the input (i.e.,
a-posteriori probabilities). This approach was already proven to be well-suited for language
identification in previous work [8, 9, 133, 134].

An ANN classifier is implemented as three layer perceptron with ten hidden nodes. The
number of input and output nodes is the number of considered languages. The ANN is
trained on the z-normalized scores (or probabilities) produced by processing the training
material through all models and uses sigmoid function for activation and Backpropagation
as a learning algorithm. The output node that corresponds to the spoken language is
a binary value (one or zero). By iterating the learning procedure, the ANN learns the
relations between the scores. During classification, the ANN takes normalized language
scores (or probabilities) as input and aims to produce a-posteriori probabilities for every
language. The language with maximum probability is hypothesized.

5.2 Spectral LID Systems

5.2.1 Extraction of MFCC

Language-specific information for spectral LID systems is presented with MFCC features
(first introduced in Section 2.3.2). MFCC features are based on a short-time spectral
analysis of the speech signal and are extracted as follows:

1. The speech signal is segmented into successive time sections called frames in an over-
lapping manner (acoustic properties of the speech signal are assumed to be constant
throughout one frame). The length of a frame is 20 ms with a frame shift every 10
ms.
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2. After pre-emphasis, which is done using a first-order high pass filter with the coef-
ficient 0.95, every frame is multiplied with a Hamming window function to fade out
the signal values in direction to the frame margins.

3. Using Fast Fourier Transformation (FFT), the data is translated to the spectral
scale and the frame power spectrum that provides intensity values for the discrete
frequencies of the speech signal is calculated.

4. The power spectrum is filtered with a band pass to extract the specific frequency
range (frequencies below 250 Hz and above 3400 Hz are ignored).

5. The filtered FFT output is passed through a set of triangular filters that are arranged
in Mel-frequency spacing which is related to the human ear. The logarithm is applied
to the filter output energies.

6. Channel compensation then eliminates the influence of acoustic transfer properties
of varying input channels.

7. The final feature vector is formed using different components:

e logarithmic filter energies,
e filtered total logarithmic frame energy,

e first derivations to time calculated as differences to one of the previous frames,
and

e second derivations calculated as differences between first derivations.

The first and second derivations are used in order to include information about how
the acoustic parameters change with time.

8. A time series of the baseline feature vectors is aligned to a super-vector and is then
linearly transformed using a transformation based on Linear Discriminant Analysis
(LDA). On the one hand, the LDA based transformation reduces the correlation be-
tween feature components. This is crucial for the applied Gaussian density modeling
using no covariance matrices. On the other hand, the LDA transformation rotates
the feature space in such a way that the lower feature vector components contain a
maximum on discriminant information. Therefore, the resulting feature vector can
be reduced in size without major loss of discriminant information.

The feature vectors processed in this way separate the phonetic segments of the input
speech and are used further for modeling or recognition according to the particular LID
system’s design.
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5.2.2 GMDM-based System

The LID system based on GMM is used in this thesis as an example of pure spectral
approach to the language identification problem. Following Matejka et al. [83], the 56-
dimensional feature vectors are taken to present a speech utterance in this thesis: seven
MFCC coefficients (including ¢, coefficient) are stacked with the set of SDC features com-
puted by applying a 7-1-3-7 SDC scheme.

Under the GMM framework, language-specific models are realized as the 2 048-order GMM.
The complete GMM-based LID system consists of a feature extraction preprocessor, a
GMM for every target language, and a backend classifier.

The architecture of the system is presented in Figure 5.1:

A test utterance is transformed into a sequence of MFCC feature vectors (first seven
coefficients are taken for further processing).

SDC features are calculated as described in Section 3.1.

56-dimensional feature vectors are formed to represent the test utterance.

Each GMM presented by a set of parameters \; receives a sequence of feature vectors

Language
probabilities
GMM
for language 1
Sample -
data =g
MFCCs feature| | SDC feature . . g *2 .
extraction calculation [ . . =5 . >
2 3] Language
32 decision
s (with ANN)
L, GMM
for language M
Language scores

MAX

l Language
decision (no ANN)

Figure 5.1: Example of GMM-based LID system for M languages
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X ={zy,..., 27} and produces the likelihood:

garm (X | A;) = log p(X | i) Zlogp | M), (5.1)

where p(x; | ;) is computed as in Equation 3.1.

e The system decision is made either by taking a maximum of the log-likelihood lan-
guage scores or by using an artificial neural network. The ANN takes language scores
as an input and produces the a-posteriori probabilities for every language. The lan-
guage with maximum probability is hypothesized as the answer of the system.

5.2.3 HMM-based System

The proposed HMM LID system is based on the evaluation of likelihood scores provided by
language-specific phoneme recognizers. The phoneme recognizers are realized as three-state
monophone HMM with fixed transition penalties. Every HMM uses a set of 2048 Gaus-
sian densities with diagonal covariance matrices and only one global variance parameter. In
order to incorporate phonotactic constraints into the system, phoneme recognizers use in-
tegrated language-specific bigram models during the Viterbi decoding process. As a result,
phoneme recognizers produce the joint spectral-phonotactic likelihoods that correspond to
the most likely phoneme sequences that are optimal with respect to the combination of
both spectral and phonotactics information.

The HMM-based LID system functions in the following way:

A test utterance is transformed into a sequence of MFCC feature vectors.

e Each phoneme recognizer achieves MFCC features computed from the test utterance
as input.

e Viterbi decoding is performed once for each recognizer.

e For each frame x;, each phoneme recognizer L; delivers a likelihood score
—log P(z | Qi, L;), where @; denotes the HMM state of the optimal path found by
the Viterbi search. For the sequence of frames X = x4, ...,z , the spectral language
score is defined as

g (X | L) ZlogP x| Qr, Ly)). (5.2)

t=1
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e Language-specific scores are normalized. Due to the fact that the denominator in
Equation 2.3 was removed (as shown in Section 2.3.1), the score produced by the
phoneme recognizer has to be normalized to compensate it. Since the score is the
logarithmic counterpart of the probability, the logarithmic value of P(&X’) should be
subtracted from the score: The value of P(X), defined as the sum of several weighted
density functions, is approximated by the maximum component. Then using ‘neglog’
transformation, the component with minimum score is subtracted from the total
score produced by the phoneme recognizer. This common normalization technique is
described in detail in [62, 63]. Finally, the score is normalized with respect to time
(i.e., is divided by the number of frames).

e The system decision is then made either by taking a minimum of the normalized
language scores, or by using the respectively trained ANN as it was done for the
GMM-based system (described in Section 5.2.2).

The architecture of the proposed LID system is presented in Figure 5.2.
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Figure 5.2: Example of HMM-based LID system for M languages
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5.3 Phonotactic LID system

The phonotactic LID system is implemented using parallel Phone Recognition followed by
the Language Modeling (PRLM) approach already discussed in Section 2.3.3. In these
systems, several language dependent phone recognizers are used in parallel to tokenize
the input utterances. The phone sequences produced by the recognizer are analyzed by
applying a statistical language model for each language in the set. Since language models
are estimated from the output of the language dependent phone recognizers, the labeled
training data does not need to be available for the languages to be identified. The number
of recognizers may vary according to the number of languages for which labeled training
material is available.

For the PRLM LID system presented in this thesis, the language-specific HMM trained for
the spectral LID system (described in Section 5.2.3) are used to tokenize the input utter-
ances. The language dependent scores produced by phoneme recognizers are ignored and
only corresponding phoneme sequences are used for further processing through language
models that are implemented as N-grams with N = 3 (trigrams).

The phonotactic LID system operates in the following way:

e MFCC features are computed from a test utterance as was done for the HMM-based
LID system.

e The features are passed through all phoneme recognizers in parallel, producing one
phoneme sequence per recognizer.

e For every phoneme sequence C' = ¢y, ..., cx and every trigram language model that
corresponds to language L;, the negative log-likelihood score is computed as

K
gprin(C | Li) = = log P(ck | ks, ch1, L), (5.3)

k=1
e The scores are normalized by the number of phonemes in the sequences.

e The decision of the system can be produced using one of the following possibilities:

1. The pseudo maximum-likelihood decision rule is to hypothesize a language with
the minimum score value.

2. The pseudo maximume-likelihood decision rule is to hypothesize a language with
the minimal transformed score. According to the proposed simple score trans-
formation, the resulting language score is computed as a sum over the scores
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for the corresponding language models coming from every phoneme recognizer.
This score transformation (as will be shown experimentally) can improve the

system performance by more than two times the performance with a simple

minimum decision rule.

3. The scores are transformed into probabilities using a respectively trained ANN
as it was done for the other systems presented in this thesis.

A block diagram of the proposed parallel PRLM system is presented in Figure 5.3.
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Figure 5.3: Parallel PRLM block diagram for a LID system with N phoneme recognizers
and an M languages task
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5.4 Rhythm LID system

Depending on the method used for the segmentation of speech into rhythm units, the
rhythm LID system can work in various operating modes. As it was proposed in Sec-
tion 4.3, the segmentation of the speech utterances into sequences of syllable-like units can
be performed:

e cither by segmentation into so-called pseudo-syllables as displayed in Figure 4.4, or

e by detecting the vowels that are used as milestones for computing syllable-like units
using the algorithm illustrated in Figure 4.5.

Accumulating the above possibilities, extraction of the rhythm features is expanded to the
scheme presented in Figure 5.4.
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data
Pseudo-syllable Vowel
segmentation detection

1

Sequence Sequence

of speech rates Speech rate Calculation of | of durations
calculation syllable-like units}—— »
durations
Normalization
Sequence

of normalized durations

Figure 5.4: Extraction of different rhythm features
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Then the following can be used as rhythm features:

1. durations of syllable-like units;
2. durations of syllable-like units normalized by speech rate;

3. speech rates.
The LID system works in the following way:

1. A test utterance is presented as a sequence of syllable-like units.
2. Rhythm features are computed according to Figure 5.4.

3. Language-specific rhythm scores for all types of rhythm features are computed as
described in Section 4.4.

4. The system makes a decision either with the pseudo maximum likelihood rule or with
the help of the appropriate trained ANN as described in the previous sections.

The general architecture of the rhythm LID system is presented in Figure 5.5.
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Figure 5.5: Example of a rhythm LID system for M languages. Rhythm models depend on
the type of rhythm features they use
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5.5 LID System Evaluation

This section focuses on the problem in the evaluation of different LID systems. The system
performance is estimated by running the system on a large set of test data whose correct
outputs are known. Since the work is performed with the NIST Language Recognition
Evaluation in mind, two different application scenarios are investigated: Identification and
Detection.

5.5.1 Identification Scenario

In the identification scenario, a set of possible languages L1, ..., Ly is considered to each
utterance. The set can either contain the explicitly specified language classes (so-called
closed-set task), or include an additional class that denotes the none-of-the-above, or the
out-of-set language hypothesis (open-set task). This thesis is concentrated on the closed-set
task.

The recognition question for the identification scenario is: Which of the N classes does
the input utterance belong to?

The LID system delivers one language out of the set of possible languages as the classifi-
cation result. This result is either correct or incorrect.

The most widely used measure is the so-called error rate (ER) defined as the ratio of
classification errors and the number of tested utterances:

E R . N T'Erorrs

NTUtterances

(5.4)

To compare the performance of the LID systems with different settings, the relative reduc-
tion of ER will be used. For two error rates ER1 and ER2 (ER2 is smaller than ER1), the
relative reduction of error rate is defined as

ER2
100% — —— - 100%. (5.5)

For this case, one can say that there is an improvement of the system performance with
relative reduction of the ER computed in such a way.
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5.5.2 Detection Scenario

Detection of a target class can include both closed-set and open-set identification problems.
In the detection scenario, a so-called confidence measure is assigned to all classification
results. A confidence measure is used to indicate the likelihood that the classification is
correct.

The detection scenario is considered for all LID systems presented in this thesis. First, the
confidence measures are calculated in one of the following ways:

1. If the system’s decision is based on the minimum of the language scores produced
by corresponding models, then the confidence measure of the result is equal to the
exponential function applied to the negative score.

2. If the system’s decision is based on the maximum of the language probabilities pro-
duced by an ANN, then the confidence measure of the result is the corresponding
output of the ANN.

The confidence measure is compared to a certain threshold. If it is below this threshold,
rejection takes place. If it is above the threshold, acceptance takes place. For every utter-
ance, N classification systems are applied (/N being the number of considered languages).
Each system is based on a single language L;, ¢ € {1,...,n} with the following recogni-
tion question: Does the input utterance belong to class L;? There are four possible cases
for each of the N classification systems:

e Correct acceptance occurs when the spoken language of the utterance is identical to
the considered language L; of the system and no rejection takes place;

e Correct rejection occurs when the spoken language of the utterance is different from
the considered language L; of the system and rejection takes place;

e False rejection (or miss) occurs when the spoken language of the utterance is identical
to the considered language L; of the system but rejection takes place;

e False acceptance occurs when the spoken language of the utterance is different from
the considered language L; of the system but no rejection takes place.

It is obvious that the LID system performance depends on how accurately the languages
are identified. The values of false acceptance and false rejection give additionally a measure
of system performance. In speech applications, Martin et al. [78] have found it useful to

80




5.5. LID System Evaluation

100

80

60

40

false rejection rate [%0]

20 f

0 20 40 60 80 100
false acceptence rate [%]

Figure 5.6: Examples of DET curves

evaluate the system performance on detection tasks as a trade-off between these two error
types. This characteristic is called Detection Error Trade-off (DET).

An examination of the DET can help to determine the reliability of the system scoring
mechanism. The DET reveals how the system performance is affected by the introduction
of a rejection region (so-called threshold). The DET is calculated by setting a threshold on
the system’s top-choice score and rejecting all utterances which fall below that threshold.
The threshold is varied from 0% to 100 % rejection to examine the system’s accuracy.

These results are presented graphically using DET curves. The DET curve is a plot of false
acceptance rate (as percentage) versus false rejection rate (also as percentage) and thus
gives equal emphasis to both types of errors. Figure 5.6 illustrates the examples of the DET
curves that present the system with worst, ideal, and normal detection characteristics. The
more closed the curve to the point [0, 0], the better characteristics of the system.

The DET curve also provides various operating points that allow for the evaluation of the
system’s performance. The most important point is the so-called equal error rate (EER)
of a particular test. The EER is the point at which the false acceptance rate is equal to
the false rejection rate. The EER can be found as a point where the DET curve intersects
with the “false rejection rate = false acceptance rate” line. Consequently, the smaller the
EER, the higher the accuracy of a system. The EER indicates the point where the cost of
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each type of error is equal and therefore is an important characteristic of the LID system.

To evaluate the performance of different LID systems developed in this thesis, along with
the ER and EER, the so-called cost function is used. The cost function was proposed by
NIST 2007 LRE! to evaluate the performance of the detection LID system characterized
by its miss and false alarm probabilities. To define the cost function, the following is
computed for each test:

e Miss Probability for each target language - Pyiss(L7),

e False alarm probability for each target/non-target language pair - Prpa(L7, Ly).

These probabilities are combined into a single number according to an application-motivated
cost model:

C(LTa LN) = CMiss : PTarget : PMiss(LT) + CFA : (1 - PTarget) : PFA<LT> LN))

where the parameters (s and Cry represent the relative costs of a miss and a false
alarm respectively and Prgrge: is the a-priori probability of the target language. As used
in NIST 2007 LRE:

CMiss = CFA =1 and PTarget = 0.5.

The average cost for the whole system with a closed-set task is computed as follows:

1 CMiss : PTarget : PMiss(LT)
Cavg = N_L ’ %T: + LZ CFA : PNonfTarget : PFA(LTa LN) (56)
N

where Nj, is the number of languages in the closed-set test;
PNon—Target = (1 - PTarget)/(NL - 1)

Defined in this way, Cq,, represents the expected cost of making a detection decision and
is used in this thesis to compare the performance of different LID systems.

Thttp://www.itLnist.gov/iad /mig/tests/lre/2007 /LRE07EvalPlan-v8b.pdf
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5.6 Fused LID System

For a language identification system that consists of several individual subsystems, a chal-
lenge is to find a combination (or fusion) technique that allows the final system to efficiently
use the complementary information of every subsystem in order to improve the perfor-
mance. This section describes two different approaches to the fusion problem: namely,
using a neural network as combination technique and using the recently introduced FoCal
Multi-Class [16] Toolkit.

5.6.1 ANN Fusion

In the case of ANN fusion, the resulting language scores coming from different LID systems
are used as inputs for an ANN as presented in Figure 5.7.

The ANN is implemented in the same way as it was done for post-classification of the results
of individual LID systems. The only difference is the number of input nodes which is equal
to the number of LID systems to be combined multiplied by the amount of languages to
be identified. The ANN receives the complete set of normalized language scores from the
LID systems and extracts the corresponding a-posteriori probabilities for every language
in the task. The language with the maximum a-posteriori probability is hypothesized as
the identification result.
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Figure 5.7: ANN fusion of M different LID systems
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5.6.2 FoCal Fusion

In the recent 2007 NIST LRE?, the FoCal Multi-Class [16] designed by Briimmer was pre-
sented as a free, open-source MATLAB Toolkit for evaluation, calibration, fusion of, and
decision-making with, multi-class statistical pattern recognition scores. FoCal was success-
fully approved® on the language recognizers of seven different research teams participating
in NIST 2007 LRE and, because of this, was used as an alternative fusion mechanism for
the combination of proposed LID systems.

The FoCal tool proposes a discriminative fusion of different LID systems whose results
should be presented in log-likelihood form. In the following, the basic principles of FoCal
are explained in more detail.

Let there be N classes with Hy, Hs, ..., Hy class hypotheses, K input recognizers and 7T’
trials, where, for every trial t:

e 1, is the input speech segment;
e ¢(t) €1,2,..., N denotes the true class;

%
e [ (x;) is the log-likelihood vector of scores produced by the kth evaluee-recognizer
for every trail ¢.

Then the fusion transformation is performed to obtain the resulting log-likelihood vector:
- o
I () = Zak le (2¢) + ﬁ7
k=1

where oy, is a positive scalar and F is an N-vector.

The fusion parameters A = (aq, ag, ..., ak, F) are constant for all trials of an evaluation
and can be found using an objective cost function called multi-class Cy,.:

. !
A = argmax Cy,

()}, is calculated for the fused 7() over a supervised training databases as:

T
1
Clir = _T;wt log, P,

http://www.itLnist.gov/iad /mig/tests/lre/2007 /index.html
3http://www.fit.vutbr.cz/research /groups/speech /servite/2009/20070226 NBrummer.pdf
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where P] is the posterior probability for the true class of trial ¢, as calculated from the
given log-likelihoods and the flat prior, P(H;) = Ppa = +

exp(logr) (20))
525y exp(ly (@)

and where w; is a weighting factor to normalize the class proportions in the evaluation

Pl = P(Hy| T (21)) =

trials:

~ Pria Q= Nr.of trials of class H;
Qey. 7 T

If there are an equal number of trials of each class, then w; = 1.

Wy

In order to use FoCal to combine individual LID systems proposed for this thesis, all
recognition scores are transformed as required to the log-likelihood vector. The fusion
transformation of the log-likelihood vectors is performed as described above, applying
fusion parameters estimated over training data.
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Experiments and Results

This chapter provides the results of all experiments performed in the scope of this thesis.
All proposed LID systems are implemented in the spirit of the NIST evaluation paradigm
(explained in more details in Section 2.3). However, to test the systems an own evaluation
data set is used. This set includes languages from the widely used SpeechDat database
family [130] designed to train commercial speech recognizers as introduced in the next sec-
tion. The choice of the SpeechDat databases for this thesis is motivated by the availability
of great amount of training and evaluation data for every language provided and existence
of transliterations for all utterances that were necessary for some investigations described
later in this chapter.

The performance of all LID systems is first presented separately and then used together
in different combination to demonstrate how different types of information contained in a
speech signal influence the results. In order to show that the proposed LID systems are on
the level with other state-of-the-art systems, data from the NIST 2005 Language Recog-
nition Evaluation! was used to compare the performance of some LID systems designed
for this thesis with analogous ones reported by other researchers. These results will be
presented in Section 6.7.

6.1 Evaluation Data

For testing and evaluating the LID systems described in this thesis, the SpeechDat [130]
corpus was used. SpeechDat is a series of speech data collection projects funded by the Eu-
ropean Union. The aim of SpeechDat is to establish speech databases for the development
of voice operated teleservices and speech interfaces. Due to its design, the databases are
very well suited to investigate LID systems. The SpeechDat family covers a wide range of

http://www.itl.nist.gov/iad/mig/tests/1re/2005/
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’ Set’s characteristic \ Training set \ Development set | Test set

Mean utt. length (sec) 7.04 6.88 6.90
Data amount (hours) 823.14 26.44 7.98

Table 6.1: Amounts of speech data used in this thesis

languages and is continuously extending (for example LILA project). It allows evaluating
LID approaches for various language sets and studying language-specific properties.

The main objective of SpeechDat was to produce speech databases with a large coverage
of languages and applications.

The main features of these databases can be described as follows:

e coverage of different applications (application-oriented words, phonetically rich sen-
tences, spontaneous utterances);

e coverage of speaking styles (commands, carefully pronounced words and spontaneous
speech);

e coverage of environmental influences (mobile and fixed telephone networks);

e suitability to develop, train, and test speech processing systems.

In particular, for all experiments, the following seven databases from the fixed telephone
network of SpeechDat II project were used: Dutch (NL), English (EN), German (DE),
French (FR), Italian (IT), Polish (PL), and Spanish (ES).

The data for each language was divided into several subsets using utterances from speakers
defined in SpeechDat II for training, for development, and for testing so that they do not
overlap and do not contain utterances with common wordings as it was done in [26]. The
amounts of data per language average to 30 hours of speech for training and 3.5 hours for
development and fusion. For each language, about 600 test utterances were used. Every
utterance is about 6-7.5 seconds long, which corresponds to about 12-20 syllable-like
units. All sets contain only phonetically rich sentences. Table 6.1 contains the summary
information on the amount of data taken.
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6.2 GMM-based system

For the GMM-based LID system, the GMM were trained under the ML framework using
SDC features as described in Section 5.2.2 for all seven languages (DE, EN, ES, FR, IT,
NL, and PL) using the training data. For each input speech utterance, the GMM produces
scores which have log-likelihood nature: Most positive score favors the corresponding lan-
guage. To explore the ability of neural networks to classify the languages, an ANN for the
corresponding setup was created. To train the ANN, the LID experiment was performed
for the development set of data. The resulting language scores were used as the input for
training procedure to adjust the weights of the ANN.

The LID decision is made either directly by taking the language with maximum score or
by processing the scores through the respectively trained ANN and taking the maximum
of output probabilities. Error rates for each language separately for both cases are shown
in Table 6.2. Despite the fact that the ANN has negative influence on English and Dutch
languages, the language-specific error rates throughout the whole language set are more
well-balanced.

To compare the GMM systems without and with ANN for different application scenar-
ios, the following performance measures for the whole language set were calculated and
are summarized in Table 6.3: mean error rates, equal error rates, and system’s costs.
Unfortunately, only a small improvement in mean ER is achieved while using ANN for
identification scenario. The detection abilities of the GMM system are presented by EERs
and cost measures C,,, computed as described in Section 5.5. The last column in Table 6.3
shows that EER for the system with ANN is significantly (at level 0.001)? better than the

2More information about statistical significance can be found in [43]

Language - ER in %
without ANN \ with ANN
DE 16.78 15.77
EN 20.31 18.24
ES 9.53 10.43
FR 13.07 10.40
IT 22.67 22.48
NL 13.37 15.34
PL 23.03 18.34

Table 6.2: Performance of the GMM LID system for the SpeechDat II database with dif-
ferent post-classifiers: language-specific error rates by identification scenario
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results without ANN. The improvements of mean ER and C,,, are not significant.

| Performance measure [%] | without ANN | with ANN |

significance

Mean ER 16.97 15.86 not significant
EER 10.79 7.90 significant at 0.001
Cavg 9.90 9.25 not significant

Table 6.3: Comparison of different performance measures for the GMM LID system trained
and tested on the SpeechDat II database. The last column shows the results of the signifi-

cance test while comparing the performance of the system without and with ANN
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6.3 HMM-based system

For the HMM-based system described in Section 5.2.3, the language-specific HMM and
corresponding bigram models were trained for all languages. The system decision was
made based on the minimum of language-specific scores (neglog-likelihoods) produced by
phoneme recognizers (without an ANN) for the whole test set. Additionally, an ANN
was trained as it was done for the GMM LID system. The ANN was used to classify the
languages based on the normalized scores produced by phoneme recognizers.

The results for both experiments (without and with the ANN) are shown in Tables 6.4
and 6.5 and in Figure 6.2. The positive influence of the ANN is demonstrated for all
types of performance measures: mean ER, EER, and C,,, are reduced respectively by
23 %, 86 %, and 23%. All performance measures for the HMM system with ANN are
significantly better than the results without ANN.

Language ER in %
without ANN \ with ANN
DE 7.89 6.71
EN 15.49 7.57
ES 10.79 7.37
FR 4.00 4.00
IT 16.27 11.88
NL 5.62 6.23
PL 8.03 8.57

Table 6.4: Performance of the HMM LID system for the SpeechDat II database with dif-
ferent post-classifiers: language-specific error rates by identification scenario

| Performance measure [%] | without ANN [ with ANN | significance \
Mean ER 9.73 7.48 significant at 0.001
EER 26.2 3.56 significant at 0.001
Cavg 5.67 4.36 significant at 0.005

Table 6.5: Comparison of different performance measures for the HMM LID system trained
and tested on the SpeechDat II database. The last column shows the results of the signifi-
cance test while comparing the performance of the system without and with ANN
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Figure 6.2: DET curves for the HMM-based LID system trained and tested on the Speech-
Dat II database

6.4 Phonotactic system

The phonotactic LID subsystem is realized using seven language-specific HMM (one for
every language in the task) for phoneme recognition and 49 (7x7) language-dependent
trigrams for backend language modeling. HMM (with integrated 0-gram language models)
and trigram models are created using the training data set. The system decision can be
made in different ways:

e based on the minimum over all 49 language-specific scores produced by backend
trigrams (later marked as overall Min);

e based on the minimum over language-specific scores transformed as described in
Section 5.3 and producing seven scores (one for each target language) out of 49
initial scores; this case will be denoted as transf. Min;

e based on the maximum of language-specific probabilities produced by the ANN,
trained specially for this task using development data (ANN Maz).

Table 6.6 presents resulting ER for separate test lists and for all three possibilities. Differ-
ent performance measures over the whole languages set are presented in Table 6.7. Relative
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Language ER in %
overall Min | transf. Min | ANN Max
DE 32.89 11.07 13.09
EN 45.61 25.47 10.84
ES 17.99 5.22 7.19
FR 28.80 6.67 8.00
IT 44.06 28.34 13.89
NL 41.79 10.94 8.66
PL 22.36 5.49 4.69

Table 6.6: Performance of the phonotactic LID system for the SpeechDat II database with
different post-classifiers: language-specific error rates by identification scenario

| Performance measure [%] | overall Min | transf. Min | ANN Max | significance ‘
Mean ER 33.36 13.31 9.48 significant at 0.001
EER 52.45 67.67 5.92 significant at 0.001
Cavg 7.63 7.7 5.53 significant at 0.001

Table 6.7: Comparison of different performance measures for the phonotactic LID system
trained and tested on the SpeechDat II database. The last column shows the results of the
significance test while comparing the performance of the system with overall Min and ANN
Max

reduction of the mean ER after applying a simple score transformation is 60 %. As ex-
pected, the system with the ANN-classifier outperforms these results, i. e., it provides about
70 % relative reduction. The system with the ANN classifier also gives significantly better
results for detection scenario (additionally shown in Figure 6.3).
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Figure 6.3: DET curves for the phonotactic LID system trained and tested on the Speech-
Dat II database

6.5 Rhythm system

6.5.1 Using pseudo-syllables

For the rhythm LID system based on the pseudo-syllable extraction, a multilingual HMM
was estimated from the training data available for all languages together. The corre-
sponding phoneme set consists of combined phonemes from all languages in the task. All
phonemes are labeled to differentiate vowels and consonants. The resulting phoneme set
presented in SAMPA notation is found in Table 6.8.

Multilingual HMM produces a sequence of phonemes that are then mapped into vowel and
consonant classes according to Table 6.8. The phoneme sequence is segmented into the
pseudo-syllables and their durations are computed using the phoneme durations produced
by the HMM as described in Section 5.4. For the resulting sequence of durations, three
types of rhythm features are computed.

The rhythm models were created by computing the histogram statistics for every pair
of pseudo-syllables durations provided by training data. The probability distributions of
duration are given for discrete values, which are determined by the numbers of frames
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Table 6.8: Multilingual phoneme set

regarded. The discrete distribution values building a histogram are not smoothed. For
unseen durations, a fixed floor value is used. In the same way the models for speech rate
features and durations of pseudo-syllables normalized by speech rate are created.

The rhythm scores for all languages are calculated and the language with minimal score
is hypothesized. Like all LID systems presented in this thesis, the rhythm system also has
a post-processing ANN as an additional, optional classifier. The ANN is trained on the
rhythm scores from development data and works as described in the previous sections.

The rhythm systems with and without a post-processing ANN were evaluated for different
rhythm features as described in Section 4.4:

e durations of pseudo-syllables (corresponding complete results as it was done for other
LID systems are presented in Appendix C in Tables C.1 and C.2 and in Figure C.1);

e normalized durations of pseudo-syllables (Tables C.3 and C.4 and Figure C.2);

e speech rates computed using durations of pseudo-syllables (Tables C.5 and C.6 and
Figure C.3).
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Different performance measures for all rhythm LID systems based on pseudo-syllable seg-
mentation are summarized in Table 6.9. Again the results show that the ANN has a
positive impact relative to the rhythm system behavior. The ER and EER are decreased
each by 6.6 % relatively for the system based on the durations of pseudo-syllables, by 5.6 %
for the system based on the normalized durations, and by 8 % for the system based on the
speech rate. All improvements from using ANN as additional classifier are significant in
order to be used further.

Direct comparison of the results from Table 6.9 shows that the best performance has the
rhythm system based on the non-normalized durations of pseudo-syllables. Introducing
speech rate as a feature into the rhythm LID system does not lead to the expected im-
provement. Possible reasons could be that either the chosen languages do not vary much in
speech rate or the method for modeling speech rate is not appropriate for the LID purpose.

To verify the first assumption, the speech rate statistics for different languages is plotted
in Figure 6.4. The distributions of speech rate for different languages are similar which
can explain poor recognition ability of corresponding rhythm systems.

The second hypothesis is checked in the next section, where speech is segmented into the
rhythm units using a vowel detection algorithm.

| Performance measure [%] | without ANN | with ANN | significance |

’ Using durations of pseudo-syllables ‘

Mean ER 72.09 67.33 significant at 0.001
EER 49.29 34.82 significant at 0.001
Cavg 42.06 39.28 significant at 0.010

Using normalized durations

Mean ER 79.89 75.36 significant at 0.001
EER 49.83 39.23 significant at 0.001
Cavg 46.61 43.96 significant at 0.010

Using speech rates ‘

Mean ER 80.39 73.91 significant at 0.001
EER 49.48 38.92 significant at 0.001
Cavg 46.89 43.11 significant at 0.001

Table 6.9: Comparison of different performance measures for the rhythm LID systems based
on pseudo-syllable segmentation: trained and tested on the SpeechDat Il database. The last
column shows the results of the significance test while comparing the performance of the
system without and with ANN
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Figure 6.4: Distribution of the speech rate computed using pseudo-syllables for different
languages

6.5.2 Using vowel detection

For this version of the rhythm LID system, the durations of syllable-like units are computed
as the intervals between two successive vowels using the algorithm proposed in Section 4.3.2.
The systems based on the durations of syllable-like units, on the normalized durations, and
on the speech rate are trained and tested in the same way as the corresponding systems
from the previous section. The evaluation results according to the identification scenario
are presented in Appendix C in Tables C.7, C.9, and C.11. The corresponding performance
measures for all systems are shown respectively in Tables C.8, C.10, C.12 and Figures C.4,
C.5, and C.6. Different performance measures are summarized in Table 6.10 and can be
compared directly.

Along with the positive impact of the ANN on the systems performance, one can see that
results of all rhythm systems based on the vowel detection are even slightly worse than
those based on the pseudo-syllable segmentation. The relative difference is about 4 %
for the systems using duration of syllable-like units, 1.4 % for systems using normalized
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| Performance measure [%] | without ANN | with ANN | significance |

’ Using durations of intervals between vowels ‘

Mean ER 76.05 70.29 significant at 0.001
EER 49.62 37.21 significant at 0.002
Cavg 44.36 41.00 significant at 0.010

Using normalized durations ‘

Mean ER 85.52 76.45 significant at 0.001
EER 49.93 42.23 significant at 0.001
Cavg 49.89 44.59 significant at 0.010

Using speech rates ‘

Mean ER 80.90 79.99 not significant
EER 49.89 47.19 significant at 0.001
Cavg 47.19 44 .91 significant at 0.050

Table 6.10: Comparison of different performance measures for the rhythm LID systems
based on vowel detection: trained and tested on the SpeechDat Il database. The last column
shows the results of the significance test while comparing the performance of the system

without and with ANN

durations, and 8.6 % for systems based on the speech rate.

The distributions of speech rates illustrated in Figure 6.5 again do not show significant
differences among the languages.

According to the comparison of all possible rhythm LID systems presented above, the
system based on the non-normalized durations of pseudo-syllables performed the best and
will be further investigated.
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Figure 6.5: Distribution of the speech rate computed using vowel detection for different
languages

6.5.3 “Cheating” Experiment

The quality of the rhythm LID systems based on the durations of pseudo-syllables highly
depends on the correctness of the extraction of pseudo-syllables. The correctness of pseudo-
syllables’ extraction is, in turn, limited by the accuracy degree of the consonant-vowel
segmentation algorithm. In this particular case (for rhythm LID system based on the
pseudo-syllables) consonant-vowel segmentation depends on the quality of phoneme recog-
nition. To exclude the influence of the multilingual phoneme recognizer to the recognition
ability of rhythm models, a cheating experiment is performed using a forced Viterbi al-
gorithm for the same data but with orthographical transcriptions that give the actual
durations of phonemes.

To illustrate the differences in rhythm models, the corresponding distributions on the three
dimensional space are plotted. The x-axis presents the duration of a pseudo-syllable ¢ in
frames, the y-axis presents the duration of subsequent pseudo-syllable ¢ + 1, and the z-axis
presents the probability for that pair. As an example of such plots, Figure 6.6 presents the
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distribution for the German language evaluated with a multilingual phoneme recognizer.

Here the curves on the x-y surface show the contours for the different probability values and
graphically present the German rhythm model. The curves corresponding to the rhythm
model obtained by cheating is displayed in Figure 6.7.

The differences between the two plots presented in Figures 6.6 and 6.7 can be explained by
the relatively low phoneme recognition rate of the multilingual HMM, which is in the range
of 22% only. Additionally, the accuracy of segmenting speech during acoustic processing
can have negative influence on the phoneme recognition performance.

In order to show the influence of phoneme recognition quality on the system’s performance,
the recognition test is made using cheating data. In this case cheating data means that
the consonant-vowel segmentation of the utterance is known and corresponding durations
are computed using the Viterbi algorithm. The results are presented in Tables 6.11, 6.12,
and in Figure 6.8.

Language ER in %
without ANN | with ANN
DE 70.64 70.47
EN 67.64 50.60
ES 22.66 30.22
FR 78.40 77.33
IT 74.41 62.16
NL 41.79 41.79
PL 47.79 29.32

Table 6.11: Performance of the rhythm LID system for the cheating experiment using
the SpeechDat II database with different post-classifiers: language-specific error rates by
identification scenario

| Performance measure [%] | without ANN | with ANN | significance |
Mean ER 57.62 51.70 significant at 0.001
EER 46.26 24.27 significant at 0.001
Cavg 33.61 30.16 significant at 0.001

Table 6.12: Comparison of different performance measures for the rhythm LID system for
the cheating experiment: trained and tested on the SpeechDat II database. The last column
shows the results of the significance test while comparing the performance of the system
without and with ANN
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Figure 6.8: DET curves for the rhythm LID system for the cheating experiment: trained
and tested on the SpeechDat 11 database

Comparing Table 6.12 with the corresponding results from the first part of Table 6.9, one
can see that due to the phoneme recognition mistakes, the rhythm system loses relatively
about 30 % for EER and 23 % in ER and in system’s cost. This difference also means that

the performance of the rhythm system can potentially be improved by using a phoneme
recognizer close to “ideal”.

Comparing the rhythm results in contrast with other systems, one can see that the discrim-
inating abilities of rhythm as well as all prosody-based LID systems are not high enough
to be used separately. The rhythm can be effective in combination with spectral and/or
phonotactic systems as will be shown in the next section.
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6.6 Combination of individual LID systems

The combination of different LID systems presented in this thesis can be performed using
one of the following techniques:

1. Using an ANN trained as discussed in Section 5.6.1.
To train the ANN, recognition tests are performed on the development data for the
systems, which have to be combined. The resulting language-specific scores together
with their true identities are used to estimate corresponding ANN parameters.

2. Using the FoCal tool [16] described in more detail in Section 5.6.2.
The FoCal tool requires as input the scores that have log-likelihood nature, i.e.,
the most positive score favors the corresponding language. For fusion, the results
produced by ANN are taken. In order to suit the FoCal input format, the probabilities
of belonging to the particular language (i.e., values from 0 to 1) produced by ANN
are first logarithmized. Then the training of fusion parameters is performed on a
supervised development set of such logarithmic scores.

In order to choose one of these methods, they are compared on the example of combination
of two systems: spectral system based on the GMM (referred to as GMM) and phonotactic
system (referred to as PRLM). Table 6.13 presents combination results for GMM and
PRLM systems.

Fusion with FoCal gives over 50 % better results than the fusion with ANN and therefore
is used to perform the combination of different systems in this thesis.

Table 6.14 displays the results for all possible combinations of the LID systems (including
the rhythm system from the cheating experiment in order to see the best possible im-
provement). The table presents the ER as a system performance measure for identification
scenario and costs (Cgyg) as the quality of detection abilities of the system. Last columns

\ System | Error Rate (%) |
GMM 16.97
PRLM 13.31

| Fused by ANN | 8.60 |

’ Fused by FoCal \ 4.13 ‘

Table 6.13: Comparison of ANN and FoCal fusion: trained and tested on the SpeechDat I1
database
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System ER (%) | Cavg (%) Rel%tll%ve lm\pmvencl'jit -

rhythm 67.33 39.28

rhythm (cheat) 51.70 30.16 23 23
HMM 7.48 4.36

HMM+rhythm 3.44 3.35 o4 23
HMM+rhythm(cheat) 2.71 2.73 64 37
GMM 15.86 9.25

GMM-+rhythm 6.91 6.86 o6 26
GMM+rhythm(cheat) 5.86 5.85 63 37
PRLM 9.48 5.53

PRLM+rhythm 3.65 6.67 61 -17
PRLM+rhythm(cheat) 3.44 5.73 64 -3.5
GMM+PRLM 4.73 4.6

GMM+PRLM+rhythm 4.50 4.47 4.9 2.8
GMM+PRLM+rhythm(cheat) 3.95 3.95 16 14
HMM+PRLM 2.92 2.81

HMM+PRLM+rhythm 2.77 2.75 5.1 2.1
HMM+PRLM+rhythm(cheat) 2.30 2.31 21 17.8
HMM+GMM+pPRLM 247 2.45
HMM+GMM+PRLM+rhythm 2.40 2.28 2.8 6.9
HMM+GMM+PRLM+rhythm(cheat) 2.34 2.25 5.3 8.2

Table 6.14: Fusion of individual LID systems for the SpeechDat II database

of the table show relative improvements in comparison with the baseline for both ER and

Cavg-

The fist two lines show the comparison of the rhythm systems: first — with multilingual
HMM as phoneme recognizer, and second — for the cheating models. Here the increasing
of the phoneme recognition quality could lead to significant (at level 0.001) improvement
of the system performance of up to 23 % relatively for both identification and detection
scenarios.

The rest of the table is divided into several groups; each has one line demonstrating the
results for the baseline system (HMM, GMM, PRLM, combination of GMM and PRLM,
combination of HMM and PRLM, and combination of HMM, GMM, and PRLM) and two
lines for the results of its combination with both rhythm systems.
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One can see that the combination of individual baseline systems with rhythm decreases
the ERs by more than 50 % relatively. Further improving of phoneme recognition for the
rhythm system can gain additionally about 10%. The detection abilities (additionally
shown as DET curves in Appendix D in Figures D.1, D.2; and D.3) of these system can
be increased by more than 20 % using rhythm systems and by more than 30 % using the
cheated rhythm information. The improvement from using rhythm is significant (at the
level 0.001) for all performance measures. The only exception is Cy,, for combination of
the phonotactic and rhythm systems which has a slightly increase in the overall cost. This
is explained by relatively high false alarm error rate that has direct influence on the EER
and systems cost.

The fusion results in general have a common tendency: Every next system leads to less
improvement. Therefore adding rhythm to the combination of three baseline systems can
improve the performance of the resulting system by almost 3% for ER and 7% for the
systems cost. Even the cheating gives only additional 2.5 % and 1.3 %, relatively which is
not significant. The corresponding DET plots are presented in Appendix D in Figure D.4.

Table 6.14 clearly shows that the rhythm as investigated in this thesis can be successfully
used in combination with different baseline systems in order to increase their language
recognition abilities.

6.7 State-of-the-art Test

In order to check, if the LID systems proposed in this thesis, are on the level of state-of-
the-art systems, an experiment is performed using the data from the NIST 2005 Language
Recognition Evaluation. This data mostly comes from CallFriend corpora provided by
the Linguistic Data Consortium® and from data collected by Oregon Health and Science
University (Beaverton, Oregon). The evaluation data consists of speech from the following
languages and dialects: English (American and Indian), Hindi, Japanese, Korean, Man-
darin (Mainland and Taiwan), Spanish (Mexican), and Tamil. The corpus consists of a
series of speech segments containing approximately three seconds, 10 seconds, and 30 sec-
onds of conversational telephone speech for a total of 44.2 hours. For the current thesis,
only utterances with the length of 30 seconds are used.

NIST data is widely used to measure the performance of different LID systems and therefore
it is the most appropriate for the comparison of different LID systems. The organizers of
the NIST Language Recognition Evaluations usually publish the results of several systems
that have the best performance. The summary of the results for the year 2005 can be

3http://www.ldc.upenn.edu

105




Chapter 6. Experiments and Results

found in [79]. Published results correspond to the complex LID systems, i.e., combination
of several individual subsystems which utilize different sources of information. This does
not allow to compare the individual LID systems directly.

One of the participants of the NIST 2005 Language Recognition Evaluation, the Brno
University of Technology, published their results of all used in the LRE subsystems sepa-
rately [83]. According to [79], the LID system from Brno is among the best LID systems.
It takes into account the scores from four components, namely, one GMM system and
three phonotactic systems based on different phoneme recognizers. Moreover, the paper
presents the results for other GMM systems. One of these systems is trained under the
ML framework (2048 components) with SDC features and RASTA filtering and carries an
analogy to the GMM system presented in this thesis. This makes the direct comparison
possible.

For comparison purpose a GMM system was trained and evaluated in compliance of the
NIST 2005 LRE requirements. Table 6.15 presents the costs for both systems before and
after using the FoCal tool. Here the value of the Brno cost function after FoCal is taken
from the results published in [83]. The costs as the result of pure GMM scores comes from
the personal communications with the developers of Brno’s system?®. The performance of
the pure GMM system is almost the same. The difference in the results after FoCal may
be caused by using additional training data for Brno system, i.e., OGI multilanguage and
OGI 22 languages corpora [84].

As the results show, the GMM-system presented here is on the level of similar state-of-
the-art LID systems.

| System | Cavg (%) | Cavg (%) after calibration |
GMM to compare 17.46 14.91
Brno GMM 16.21 11.60

Table 6.15: Performance on the NIST 2005 task

4The author would like to thank Marcel Kockmann for providing the results of pure GMM system
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Conclusions

This thesis provides research results on the investigation of the language identification
problem using different types of information extracted from the speech signal. In particular,
this thesis is concentrated on the exploration of the speech rhythm for LID.

The main challenge of using speech rhythm for the LID task is the absence of the general
definition of the rhythm and the algorithm for incorporation of the rhythm information
into the LID system. Various studies on the language rhythm provide controversial results
and are not suitable for automatic speech processing. Therefore, in this thesis the new
definition of speech rhythm is proposed. A syllable-like unit is taken as appropriate rhythm
entity and the durations of such units are explored as language discriminative features. Two
different language-independent algorithms are suggested for the segmentation of the speech
utterance into syllable-like units. The first one is based on the notion of pseudo-syllable
and the second one defines the syllable-like unit as a distance between two successive vowels
found by an automatic language-independent vowel detection.

Then various possibilities are proposed to model rhythm of a speech utterance: by the
durations of two successive syllable-like units, by the durations of two successive syllable-
like units normalized in order to take into account the speech rate, and the speech rate itself.
For every possible rhythm feature the corresponding rhythm LID system was created.

It is well known that LID systems based on prosodic information exclusively do not have
sufficient discriminative power and should be used in addition to a system based on the
segmental information. To investigate this statement, the following baseline LID systems
are suggested and implemented: two system utilizing spectral information (based on HMM
with MFCC features and based on GMM with SDC features) and one phonotactic system
designed as phoneme recognition followed by language modeling (PRLM). In order to be
able to get advantages of using several discrimination features, an appropriate algorithm
for fusion of different LID systems should be found. From the two proposed methods
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(one is based on an ANN and another one on the FoCal tool), the FoCal tool is taken for
combination experiments since it has produced results 50 % better in comparison with the
ANN.

This thesis is performed in the spirit of the NIST evaluation paradigm but it uses its own
evaluation data set based on the languages of the widely used SpeechDat database family.
Due to their design, these databases are very well suited to investigate LID systems, to
allow for the evaluation of LID approaches for various language sets, and to study language-
specific properties. All LID systems were evaluated on a set consisting of seven languages:
Dutch, English, German, French, Italian, Polish, and Spanish. About 30 hours of speech
were used to train models for each language and about 600 utterances from each language
with length of 6-7.5 seconds were tested.

All proposed LID systems were first evaluated separately and then fused together to mea-
sure the influence of different features types on the performance of the resulting system.
The HMM-based system has shown the best performance of 4.36 % (against other baseline
systems: 9.25% for the GMM system and 5.53 % for the PRLM system). This can be
explained by the fact that the HMM system uses bigram language models as integral parts
of the phoneme recognizers and that is why it produces the score which is optimal with
respect to the combination of both spectral and phonotactics information.

Comparison of the rhythm systems with different proposed features allows the following
conclusions to be drawn:

e the notion of pseudo-syllable along with the corresponding algorithm for segmenta-
tion of a speech utterance into the sequence of syllable-like events is more suitable
for the modeling of rhythmic units;

e despite the existing relation of language rhythm and speech rate, the normalization of
rhythmic units by speech rate does not provide the expected improvement in system’s
performance (results of the rhythm system based on the normalized durations are
about 10 % worse);

e since the distributions of speech rates for different languages are not considerably
different, the speech rate itself should not be used as discriminative feature for LID.

Based on the conclusions given above, the system based on the duration of successive
pseudo-syllable is taken as the resulting rhythm system. Since the performance of this de-
sign depends on the quality of segmentation into pseudo-syllables (that in this particular
case means on the quality of phoneme recognition), an experiment with known orthograph-
ical transcriptions for test data is performed. The results of this cheating experiment have
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shown that the performance of rhythm LID can potentially be improved by about 20 %
relatively. Therefore, in the future it seems to be reasonable to improve the accuracy of
pseudo-syllable segmentation by increasing the quality of the phoneme recognizer.

Results on the combination of the rhythm system with different baseline systems have
shown that speech rhythm can be successfully integrated into the LID task. Adding rhythm
to each of the baseline systems improves the performance of the resulting system by more
then 50 % relatively. Fusing of rhythm with two baseline systems provides from 16 % to 21 %
of relative improvement. The combination of all baseline systems with rhythm improves
the performance by about 5% resulting in error rate of 2.34%. Despite the significant
improvement of rhythm results achieved by using best possible phoneme segmentation, the
combination with the cheated rhythm system provides a decrease of error rate of about
10 % additionally in case of the two-system fusion and only 1.3 % in case of the four-system
fusion.

In order to show that proposed LID systems are on level of other state-of-the-art LID ap-
proaches, additional evaluation tests were performed. GMM-based LID system was trained
and tested on data from the NIST LRE 2005. The resulting performance is comparable
with the results of an analogous system that was among the best participants of NIST
LRE 2005.

As the result of the investigation of speech rhythm, this thesis comes with the formal
definition of speech rhythm suitable for using it as an additional source of information for
the LID task. The experimental results show that the speech rhythm modeled by a pair
of durations of syllable-like units can be successfully used for LID.

At the same time, there are some potentials to improve the achieved results, which should
be further explored. First of all, there is a possibility for the increase of the accuracy
of the phoneme recognition that has direct influence on the performance of the rhythm
system presented in this thesis. Another potential improvement can be realized by another
modeling of the probabilities for the pair of durations. This can be achieved either by
applying a Gaussian Mixture Model or by using some continuous function for the approxi-
mation. Instead of combing the recognition results of different systems, a common feature
vector that contains baseline and rhythm components can be used to represent the speech
utterance.
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The International Phonetic Alphabet

THE INTERNATIONAL PHONETIC ALPHABET (revised to 2005)

CONSONANTS (PULMONIC) © 2005 IPA
Bilabial |Labiodental Dental | Alveolar Postalveolar| Retroflex | Palatal Velar Uvular | Pharyngeal =~ Glottal

Plosive pb t d tdcjikggqea ?

Nasal m II] n Il Jl I] N

Trill B T R

Tap or Flap A\ r T

rae G B f v OOdsz [3 sz ¢jxyyxys h§ heEA

Lateral ’ i’ B

fricative

Approximant v I 1 ] W

Lateral

ap;[:g;imam 1 l & L

‘Where symbols appear in pairs, the one to the right represents a voiced consonant. Shaded areas denote articulations judged impossible.

CONSONANTS (NON-PULMONIC) VOWELS
. - Fi \l Back
Clicks Voiced implosives Ejectives | Front Centra ac
B Close
O  sitabial B sitaia Examples: Le y 1 A\ L Uweu
9
| Dental d oenatitveolsr P siaia 'y \ O
s )
! (Posjalveolar j-‘ Palatal t Dental/alveolar Close-mid & ‘D 9 %\9 Y o0
9
=i= Palatoalveolar g Velar kK’ vew El
P R \
” Alveolarlateral | G Uwular S™  Alveolar fricative Open-mid e 3*\ €] Aed
\
& e
OTHER SYMBOLS \
Open Ae(E deD
M Voiceless labial-velar fricative C Z Alveolo-palatal fricatives Where symbols appear in pairs, the one
l to the right represents a rounded vowel.
‘W' Voiced labial-velar approximant Voiced alveolar lateral flap
q Voiced labial-palatal approximant fj Simull:meousJ‘ and X SUPRASEGMENTALS
H  voiceless epiglottal fricative ! Primary stress
< Affricates and double articulations
Voiced epiglotal frcative can b represented by (wo symbols EI\) ts 1 Secondary stress |
2 ) joined by a tic bar if necessary. ~ founo'tifon
Epiglottal plosive T Ton er
N . A v e’
DIACRITICS  Diacritics may be placed above a symbol with a descender, e.g. I Half-long
v o

Extrashort €
Voiceless n d Breathy voiced b a Dental t d
°© o0 s - = | Minor (foot) group
. Voiced § g Creaky voiced b a Apical t d " M
~ = = = ajor (intonation) grou
M et AN s € d w td oo g
Aspirated Linguolabial Laminal .
= e s = . Syllable break Ji.aekt
More rounded Q) Labialized tvd Nasalized c -
2 2 < e < 0 n —  Linking (absence of a break)
. Lessrounded  Q ) paaalizea td Nasal release d
1 1 TONES AND WORD ACCENTS
,  Advanced l} Velarized ty dY Lateral release d LEVEL CONTOUR
S T M %z Extra X -
_ Retracted c Pharyngealized [ d Noaudible release Cor T pign Cor A Rising
Z ~
- = High Fallin
Centralied € Velarized or pharyngealized 1 9 7 e 9 \ o ;g
) i
x = e Hwmi € 1 i
Mid-centralized € Raised c (] = voiced alveolar fricative) N < o
4 by
e  row e A rising
Syllabic n Lowered (] (E’ = voiced bilabial approximant) s | Pm 3 Rising-
L . = c low c falling
. Nomsyllabic €& Advanced Tongue Root € 4 pownsiep 7 Globalsise
Rhoticity > a Retracted Tongue Root @ T Upsep N\ Global fall

Reproduction from the official IPA web-site:
http://www.langsci.ucl.ac.uk /ipa/IPA _chart_(C)2005.pdf
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Plosives:
Symbol Example Transcription
p Pein paln
b Bein baln
t Teich talC
d Deich dalC
k Kunst kUnst
g Gunst gUnst
Affricates:
Symbol Example Transcription
pf Pfahl pfa:l
ts Zahl tsa:l
tS deutsch dOYtS
dZ (often replaced by tS) Dschungel ?dZUN=I !
Fricatives:
Symbol Example Transcription
f fast fast
v was vas
S Tasse 7 tas@
Z Hase "ha:zQ
S waschen ”vaS=n
Z Genie Ze’ni:
C sicher 77z1C6
j Jahr ja6
X Buch bu:x
h Hand hant

17 denotes primary stress

German SAMPA
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Appendix B. German SAMPA

Sonorants:

Symbol Example Transcription
m mein maln
n nein naln
N Ding dIN
1 Leim lalm
R Reim Ralm

Checked (short) vowels:

Symbol Example Transcription
1 Sitz zIts
E Gesetz g@” zEts
a Satz zats
O Trotz trOts
U Schutz SUts
Y hiibsch hYpS
9 plotzlich " pl9tslIC

Free (long) vowels and diphthongs:

Symbol Example Transcription
i Lied li:t
e: Beet be:t
E: spt SpE:t
a: Tat ta:t
o: rot ro:t
u: Blut blu:t
y: stify Zy:s
2: blod bl2:t
al Eis als
aU Haus haUs
004 Kreuz krOYts

Unstressed ”schwa” vowel:

Symbol Example Transcription

@ bitte "blt@
6 (as allophone before r besser "bEs6

in combination with vowel)
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Experimental Results for Different Rhythm
LID Systems

Rhythm LID system based on the durations of pseudo-syllables

Language ER in %
without ANN \ with ANN
DE 75.67 63.42
EN 65.23 59.90
ES 42.99 45.32
FR 76.53 90.67
IT 74.04 77.70
NL 89.21 66.57
PL 80.99 67.74

Table C.1: Performance of the rhythm LID system using durations of pseudo-syllables as
features for the SpeechDat II database with different post-classifiers: language-specific error
rates by identification scenario

| Performance measure [%] | without ANN | with ANN | significance \
Mean ER 72.09 67.33 significant at 0.001
EER 49.29 34.82 significant at 0.001
Cavg 42.06 39.28 significant at 0.010

Table C.2: Comparison of different performance measures for the rhythm LID system using
durations of pseudo-syllables as features: trained and tested on the SpeechDat II database.
The last column shows the results of the significance test while comparing the performance
of the system without and with ANN
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Appendix C. Experimental Results for Different Rhythm LID Systems

60

1
no ANN
with ANN
ERR

@)

40

Miss probability (in %)

20 |

10

i i
10 20 40 60
False Alarm probability (in %)

Figure C.1: DET curves for the rhythm LID system using durations of pseudo-syllables as
features: trained and tested on the SpeechDat Il database

Rhythm LID system based on the normalized durations of pseudo-syllables

Language ER in %
without ANN \ with ANN
DE 94.30 62.58
EN 63.51 73.15
ES 63.85 77.16
FR 75.47 94.67
IT 89.95 74.04
NL 82.37 67.63
PL 89.83 78.31

Table C.3: Performance of the rhythm LID system using normalized durations of pseudo-
syllables as features for the SpeechDat Il database with different post-classifiers: language-
specific error rates by identification scenario
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| Performance measure [%] | without ANN | with ANN | significance

Mean ER 79.89 75.36 significant at 0.001
EER 49.83 39.23 significant at 0.001
Cavg 46.61 43.96 significant at 0.010

Table C.4: Comparison of different performance measures for the rhythm LID system using
normalized durations of pseudo-syllables as features: trained and tested on the SpeechDat I1
database. The last column shows the results of the significance test while comparing the
performance of the system without and with ANN

60

]
no ANN
with ANN
O ERR
40 o)
g
E
2
=
<
Qo
o
[=3
[2]
i)
=
20
10 1 1
10 20 40 60

False Alarm probability (in %)

Figure C.2: DET curves for the rhythm LID system using normalized durations of pseudo-
syllables as features: trained and tested on the SpeechDat II database
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Appendix C. Experimental Results for Different Rhythm LID Systems

Rhythm LID system based on the speech rates computed using durations of pseudo-

syllables
Language ER in %
without ANN \ with ANN
DE 95.47 62.08
EN 83.65 75.73
ES 52.52 50.18
FR 75.20 91.20
IT 97.26 91.77
NL 95.29 92.86
PL 63.32 53.55

Table C.5: Performance of the rhythm LID system utilizing speech rates computed using
durations of pseudo-syllables for the SpeechDat II database with different post-classifiers:
language-specific error rates by identification scenario

| Performance measure [%] | without ANN | with ANN | significance
Mean ER 80.39 73.91 significant at 0.001
EER 49.48 38.92 significant at 0.001
Cavg 46.89 43.11 significant at 0.001

Table C.6: Comparison of different performance measures for the rhythm LID system
utilizing speech rates computed using durations of pseudo-syllables: trained and tested on
the SpeechDat II database. The last column shows the results of the significance test while
comparing the performance of the system without and with ANN
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Figure C.3: DET curves for the rhythm LID system utilizing speech rates computed using

durations of pseudo-syllables: trained and tested on the SpeechDat II database

Rhythm LID system based on durations computed as the intervals between vowels

Language ER in %
without ANN \ with ANN
DE 88.93 60.40
EN 62.99 58.86
ES 50.00 57.37
FR 78.40 84.27
IT 80.26 86.47
NL 89.06 81.61
PL 82.73 63.05

Table C.7: Performance of the rhythm LID system using a pair of intervals between vowels
as rhythm feature for the SpeechDat II database with different post-classifiers: language-
specific error rates by identification scenario
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Appendix C. Experimental Results for Different Rhythm LID Systems

| Performance measure [%] | without ANN | with ANN | significance

Mean ER

76.05

70.29

significant at 0.001

EER

49.62

37.21

significant at 0.001

Cav g

44.36

41.00

significant at 0.002

Table C.8: Performance of the rhythm LID system using a pair of intervals between vowels
as rhythm feature: trained and tested on the SpeechDat II database. The last column shows
the results of the significance test while comparing the performance of the system without

and with ANN
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Miss probability (in %)

20
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]

no ANN
with ANN
O ERR
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i
20

i
40

False Alarm probability (in %)

60

Figure C.4: DET curves for the rhythm LID system using a pair of intervals between vowels
as rhythm feature: trained and tested on the SpeechDat II database
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Rhythm LID system based on normalized durations computed as the intervals be-
tween vowels

Language - ER in %.
without ANN \ with ANN
DE 92.62 59.23
EN 79.86 63.68
ES 91.01 99.82
FR 91.47 99.99
IT 88.85 78.24
NL 63.53 74.32
PL 91.30 59.84

Table C.9: Performance of the rhythm LID system using normalized durations between suc-
cessive vowels as rhythm feature for the SpeechDat II database with different post-classifiers:
language-specific error rates by identification scenario

’ Performance measure [%] ‘ without ANN ‘ with ANN ‘ significance ‘
Mean ER 85.52 76.45 significant at 0.001
EER 49.93 42.23 significant at 0.001
Cavg 49.89 44.59 significant at 0.001

Table C.10: Performance of the rhythm LID system using normalized durations between
successive vowels as rhythm feature: trained and tested on the SpeechDat II database. The
last column shows the results of the significance test while comparing the performance of
the system without and with ANN
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Appendix C. Experimental Results for Different Rhythm LID Systems
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Figure C.5: DET curves for the rhythm LID system using normalized durations between
successive vowels as rhythm feature: trained and tested on the SpeechDat Il database

Rhythm LID system based on the speech rate computed as the intervals between
vowels

Language - ER in %.

without ANN | with ANN

DE 73.99 89.93

EN 92.77 32.87

ES 70.14 59.35

FR 81.33 93.6

IT 62.16 95.43

NL 89.82 98.94

PL 96.12 68.81
| Mean ER | 8090 [ 79.99 |
| EERin% | 4989 | 4719 |

Table C.11: Performance of the rhythm LID system based on the speech rate (computed
using syllable-like units defined as intervals between vowels as feature) for the SpeechDat I1
database with different post-classifiers: language-specific error rates by identification sce-
nario
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| Performance measure [%] | without ANN | with ANN | significance
Mean ER 80.90 79.99 not significant
EER 49.23 41.52 significant at 0.001
Cavg 47.19 44.91 significant at 0.050

Table C.12: Performance of the rhythm LID system based on the speech rate (computed
using syllable-like units defined as intervals between vowels as feature): trained and tested

on the SpeechDat II database.

while comparing the performance of the system without and with ANN

90
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60 [

Miss probability (in %)

40
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o

no ANN
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ERR
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20 40
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1
80

90

The last column shows the results of the significance test

Figure C.6: DET curves for the rhythm LID system based on speech rate (computed using
syllable-like units defined as intervals between vowels as feature: trained and tested on the

SpeechDat II database)
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DET Curves for Combination of Different
LID Systems

Miss probability (in %)

]
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HMM

ERR

HMM+Rhythm
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False Alarm probability (in %)

Figure D.1: DET curves for combination of HMM and rhythm LID systems: trained and

tested on the SpeechDat II database
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Appendix D. DET Curves for Combination of Different LID Systems

T T |
GMM
GMM+Rhythm
GMM+Rhythm(cheat)
\ O ERR

10

Miss probability (in %)

l 1 1 1
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Figure D.2: DET curves for combination of GMM and rhythm LID systems: trained and
tested on the SpeechDat II database
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Figure D.3: DET curves for combination of PRLM and rhythm LID systems: trained and
tested on the SpeechDat Il database
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Figure D.4: DET curves for combination of HMM, GMM, PRLM, and rhythm LID sys-
tems: trained and tested on the SpeechDat II database
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acoustic-phonetics, 12
ANN (Artificial Neural Network), 21, 43
automatic language identification, 1, 12

bag-of-sounds vector, 23
bigram, 22, 41
binary decision tree, 22

CallFriend corpora, 28, 105
classifier, 13
closed-set task, 79

DET, 81
detection, 80
diagonal covariance matrix, 32

EER, 81
eigen-channel adaptation, 18
EM (Expectation-Maximization) algorithm, 32

feature, 13
feedforward network, 43
fundamental frequency (Fp), 8

GLDS (Generalized Linear Discriminant Sequence)
kernel, 19

global covariance, 32

GMM (Gaussian Mixture Model), 17, 31

grand covariance, 32

HMM (Hidden Markov Model), 17, 35
human language, 5
human language identification, 9

identification, 79

Indo-European language family, 6
intonation, 2, 8

IPA (International Phonetic Alphabet), 7
isochrony, 9, 48

language, 5

language family, 6

LFA (Latent Factor Analysis), 18

linguistic characteristics of language, 6

living language, 6

log-likelihood, 32

LP (Linear Predictive) residual, 26

LPC (Linear Predictive Coding), 11

LPCC (Linear Predictive Cepstral Coefficients), 20

Index

LRE (Language Recognition Evaluation), 28

MFCC (Mel-Frequency Cepstral Coefficients, 70

MFCC (Mel-Frequency Cepstral Coefficients), 16
ML (Maximum Likelihood), 15, 32, 39

MLE (Maximum Likelihood Estimation), 32, 39

MLP (Multi-Layer Perceptron), 43

MMI (Maximum Mutual Information), 18

mora, 9, 49

mora-timed language, 9, 49

N-gram, 22, 41

NAP (Nuisance Attribute Projection), 18
neglog-likelihood score, 37

NIST (National Institute of Standards and Technol-

ogy), 28

OGI (Oregon Graduate Institute) database, 28
open-set task, 79

pattern classification, 13

phone, 1, 7

phoneme, 1, 7

phonetics, 7

phonology, 7

phonotactic constraint, 2

phonotactics, 7, 12

pitch, 2, 8

PRLM (Phone Recognition followed by Language
Modeling), 20

PRLM (Phone Recognition followed by the Language
Modeling), 75

prosody, 2, 7

pseudo-syllable, 26, 59, 60

PSK (Probabilistic Sequential Kernel), 20

RASTA (RelAtive SpecTrAl) filtering, 18
recognition, 14, 69

rhythm, 2, 9, 47

rhythm class hypothesis, 9, 48

SAMPA (Speech Assessment Methods Phonetic Al-
phabet), 7

score, 14, 37

SDC (Shifted Delta Cepstra) features, 17, 34

segment, 1

segmental information, 1, 2, 10

spectral information, 12
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Index

stress-timed language, 9, 48
supra-segmental information, 2, 10
SVM (Support Vector Machines), 19
syllable-timed language, 9, 48

text-independent task, 17

TFLLR (Term Frequency Log-Likelihood Ratio), 22
tone, 8

tone language, 8

training, 13, 69

transliteration, 13

trigram, 22, 41

UBM (Universal Background Model), 18

Viterbi algorithm, 39

VOP (Vowel Onset Point), 26

VSM (Vector Space modeling), 23

VTLN (Vocal-Tract Length Normalization), 18
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Notations

Transition probability

State transition matrix

Transition penalty from state s to s’
State emission probability

State emission matrix

Emission penalty

Set of all possible phoneme sequences
Phoneme sequence

Consonant

Sequence of the durations of syllable-like events
Duration of syllable-like event j
Sequence of feature vectors representing prosodic information
Fundamental frequency

Score

Set of languages to be identified
Probability

Set of model parameters

Mixture mean vector

Number of languages to be identified
Set of initial state distributions

State of an HMM

Set of HMM states

Number of observation symbols

Speech rate on the interval that corresponds to syllable-like event j

Sequence of syllable-like events

Boundary of syllable-like event j

State index

Number of states in an HMM

Global variance

Covariance matrix

Length of observation sequence

Set of observations

Vowel

Weight

Observation vector with dimensionality D
Sequence of feature vectors representing spectral information
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